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Abstract

We have createda frameawork that provides a
way to representa wide range of scheduling
andassignmenproblemsacrossmary domains.
We have also createdan optimizing scheduler
that can, without modification, solve ary prob-
lem representedsingthis framework. Thethree
component®f a problemrepresentatiomare the
metadatathedata,andtheschedulingsemantics.
The schedulemperformsthe optimization using
anorderbasedjeneticalgorithmto feeddifferent
task orderingsto a greedyschedule/assignment
builder. The schedulerobeys the hard and soft
constraintspecifiedn theschedulingsemantics.
We have appliedthis reconfigurablescheduleto
avarietyof schedulingandassignmenproblems
including the job shop, traveling salesmanye-
hicle routing, and generalizedassignmenprob-
lems. Theresultsdemonstratéhatthe optimizer
can provide not only easyreconfigurabilitybut
alsocompetitive performance.

1 Intr oduction

Optimizing schedulerdave traditionally targeteda single
problemor narrown classof problems. Changinga sched-
uler to handlea new problemor domainhasrequiredre-
designingthe schedulerandrewriting portionsof its soft-
ware. This introducesan expensethat makes optimized
schedulingimpractical for most applicationsthat could
benefitfrom it. Only applicationswith large amountsof
money tied to the quality of the schedulesanjustify the
costsof developingcustomsoftwareandalgorithms.

Ourwork aimsto changethis. We provide a simpleyet ef-
fectiveway for auserto configureouroptimizingscheduler
for a particularproblem/domain.Configuringour sched-
uler doesnot requirerecodingor detailedknowledge of

how the schedulemworks. This can potentially make op-
timized schedulingsufficiently inexpensve to be practical
for afar greaterangeof problemsthanit is currently

Other researchersiave recognizedthe benefitsof a uni-
fied or reconfigurableapproacho scheduling.[Smithand
Becker, 1997 createsa unified schedulingontology, but
this ontology is not well suitedto simple representation
of a problemandis not in a form easily usedby an opti-
mizing scheduler[Davis andFox, 1994 and[Mcllhagga,
1997 bothmake initial attemptsat areconfigurablesched-
uler, but they fall shortin termsof the generalityandflex-
ibility required. Thework on AMPL [Foureret al., 1993
doesemphasizeasyreconfigurability It is similar to our
approachin its useof algebraicexpressiongo definethe
problemaswell asits separatiorof the problemspecifi-
cation from the solver. It is differentfrom our approach
becausét is targetedat mathematicaprogrammingappli-
cationsandnot well suitedto mary symbolically oriented
schedulingproblems.

The two key innovationsthat have allowed us to createa

truly reconfigurableoptimizing schedulerarein the prob-

lem representationThefirst is letting the userdefinethe

metadatai.e. theformatsfor all the datasentto the sched-
uler. Hence,for ary problemthe usercan definea data
representatiorthat is naturalfor that problem. The sec-

ondinnovationis allowing the userto specifythe schedul-
ing semanticausing formulas. This allows the scheduler
to computeproblem-specifignformation suchaswhether
aresourceanperformataskor how muchtime aresource
takesto performatask.

Our schedulerusesan approachthat was introducedby
[Whitley et al., 1989 andrefinedby [Syswerda1991]. An
orderbasedgeneticalgorithm generatesask orderingsto
feedto a greedyschedulebuilder. Whatis novel aboutour
scheduleis theway thatit cansolve any schedulingorob-
lem representedising our problemrepresentatiorirame-
work. Hence thescheduleis truly reconfigurable.

In theremainderof the paper we startwith anoverview of



Constraint Return Defined Vari- | Default | Description
Type ables Value
Optimization | number 0 Numericalmeasureof quality of the currentfull sched-
Criterion ule
Optimization | multiple | N/A minimize | Mustbeeitherminimize or maximize
Direction choice
Delta Crite- | number | task,resource | O Incrementakontribution to optimizationcriterionintro-
rion ducedby having resourceperformtask
BestTime datetime | task,resource | starttime | Optimaltime for thetaskto begin
Capability boolean | task,resource | true Whethermresourcehastherequiredskills to performtask
TaskDuration | number | task,resource | O How mary secondst takesresourceo performtask
Setup Dura- | number | task,previous, | O How mary secondst takesresourceo prepareto per
tion resource form taskif it lastperformedprevious
WrapupDura- | number | task, next, re- | O How mary secondst takesresourceto cleanup after
tion source doingtaskif it will beperformingnext
Prerequisites | list  of | task empty Namesof all the tasksthat must be scheduledbefore
strings list schedulingask
Task Unavail- | list of in- | task,resource,| empty All intervalsof time whentaskcannotbe scheduledla-
ability tenals prerequisites | list bellandlabel2fieldsignored)
ResourceUn- | listof in- | resource empty All intervals of time whenresources busy (labelland
availability tenals list label2canbeusedfor text andcolor)
CapacityCon- | list  of | task 0 How muchtaskcontributestowardsfilling eachtype of
tribution numbers capacity
Capacity list of | resource 0 How muchcapacityof eachtypethatresourcehas
Threshold numbers
Multitasking | multiple | N/A none Ability of resourceso performmorethanonetaskat a
choice time (none,ungroupedpr grouped)
Groupable boolean | taskl,task2 false Whethettasklandtask2canbeplacedn thesamegroup

Tablel: List of thevariousconstraintghatcanbe specified

the problemrepresentatioframenork. We thendescribe
how our schedulerutilizes the informationin a problem
representationn orderto find an optimized schedulefor
that problem. We concludewith someresultson the per
formanceof thescheduler

2 The Problem RepresentationFramework

A problemrepresentationonsistof threecomponentsthe
metadatathe data,andthe schedulingsemanticsWe now
provide anabbreviateddiscussiorof whateachof thesein-
volves. More detailson the problemrepresentatioframe-
work areavailablein [Montana,2001].

Metadata - Our schedulingsystemprovidesa smallnum-
berof atomicdatatypes(string,numberbooleandatetime,
andlist) andpredefineccompositedatatypes(interval, xy-

coord,latlong,andmatrix). Theuserbuilds nev composite
datatypes(alsocalledobject types) from theseatomicand
predefinedtypes. The datatype for a field canitself be
anotheruserdefinedobject,andhencethe usercanpoten-
tially build complec objects.Theusermustspecifyasingle

objecttypefor tasksanda singleobjecttypefor resources.

Data - Most of the dataareinstance®f objecttypesspec-
ified by the metadata.Theremustbe sometaskinstances
to scheduleandsomeresourcenstancego whichto assign
thesetasks. Therecanalsobe otherdata,suchasbusiness
rulesor distancematrices not associatedvith a particular
task or resourcebut usedas part of the schedulinglogic.
Two piecesof datathatarenotobjectinstancesrethestart
and endtimes of the “schedulingwindow”, which define
the earliestand latesttime that an assignmentan occur
Other non-objectdatais that specifyingwhich set of as-
signmentgrom a previously producedscheduleshouldre-
mainfrozenin the currentschedulerun. (This conceptof
freezingis importantfor dynamicrescheduling.)

SchedulingSemantics- We have defineda setof general
constraintsthat define what constitutesa legal and opti-
mized schedule. For most of theseconstraints,the user
specifiesa formulathattells how to computethe value of
the constraintin a given context. For example, the Task
Durationconstrainttells how mary secondst takesa par
ticularresourceo performa particulartask.If thisvalueis



obtainedby dividing thedistancedfield of thetaskobjectby
the speedfield of the resourceobject,thenthe formulato
specifyfor this constraints task.distancéresource.speed.
A descriptionof the mini-languagefor specifyingformu-
lasin givenin [Montana,2001]; theexamplesin Section3
should provide an idea of how theseformulaswork and
whatthey canexpress.

Tablel lists all the differentconstraintfor which the user
canspecifya formula. If the userdoesnot specifya for-
mula, the default valueis used. The contet in which the
constrainis evaluateds givenby thevalueof thevariables
that are defined. While somevariables(tasks,resources,
starttime andendtime)aredefinedfor all constraintssome
variables(e.g.,taskandresourcepredefinedonly for cer
tain constraints.The descriptiongrovided arebrief; Sec-
tion 4 providesabetterunderstandingf someof thesecon-
straintsby describinghow they areactuallyused.

3 Examplesof Problem Specifications

We now describefour examplesof problemspecifications.
Thesewell-known problemsfrom the operationgesearch
literaturearethe problemswe usedfor theexperimentse-
scribedin Section5. (The OR-Library[Beaslg, 1994 is a
goodsourceof suchclassicproblems.)We have specified
andsolved problemsmuch more algorithmically complex
thanthosegiven here,but thesehighly idealizedproblems
provide agoodintroductionto how to specifya problem.

3.1 Traveling SalesmanProblem (TSP)

Thereis asalesmamvho needdo startatagivencity, travel
to a setof othercities visiting eachcity once,andthenre-
turn to the startingcity. Thedistancefrom ary city to ary
othercity is provided. Theobjectiveis to minimizethetotal
distanceraveled.

The task object, city, and resourceobject, salesman, are
definedto have thefields:

e city - id (string)andindex (number)

e salesmant id (string)

Thereis onesalesmarwith arbitraryid; N cities with in-
dex =i andid = “City i” for i = 1,..., N; andan NxN
matrix nameddistances that containsall the intercity dis-
tances.For the schedulingsemanticsthe constraintswith
non-defultvaluesareshavn in Table2.

3.2 VehicleRouting Problemwith Time Windows

This problemis describedn [Solomon,1987. Thereare
M vehiclesandN customergrom whomto pick up cago.
Eachvehicle hasa limited capacityfor cago, and each
pieceof camgo contritutesa differentamounttowardsthis
capacity Thereis a certainwindow of time in which each

Constraint | Formula

Optimization| maxover (resources;r”, complete(r))

Criterion - starttime

Setup Dura- | matentry(distancestask.inde, if (has-

tion value(previous),previous.inde, 1))

Prerequisites if (task.id= “City 1", mapover (tasks,
“t2", if (t2.id I= “City 17, t2.id)))

Table2: Constraintdor Traveling SalesmarProblem

Constraint Formula

Optimization | sumaoer (resources,’r”, preptime
Criterion (nN) + sumover (tasks,"t”, if (has-

value(resourcefo(t)), 0, 1000))

Delta Crite- | preptime (resource)- previousdelta
rion (resource)

TaskDuration | extra.servicetime

Setup Dura- | dist (task.location, if (haswalue
tion (previous), previous.location, ex-

tra.depotlocation))
WrapupDura- | if (haswalue (next), O,

dist

tion (task.locationgxtra.depotlocation))

Task Unavail- | list (interval (starttime, starttime +

ability task.earliest), interval (starttime +
task.latest+ extra.servicetime,end-
time))

CapacityCon- | list (task.load)

tributions

Capacity list (resource.capacity)

Thresholds

Table3: Constraintdor VehicleRoutingProblem

pickup mustbeinitiated, andthe pickupsrequirea certain
non-zeratime. Eachvehiclethatis utilized startsata cen-
tral depot, makes a circuit of all its customersandthen
returnsto the depot. The objective is to minimize thetotal
distancetraveledby thevehicles.

The problem-specifiobjectsare:

e customer- id (string),load (number) earliesttnumber),
latest(number),andlocation(xycoord)

e vehicle- id (string) andcapacity(number)

e extradata - servicetime (humber) and depotlocation
(xycoord)

The single object of type extradatais namedextra. For

the schedulingsemanticsthe constraintswith non-defult

valuesareshavnin Table3.

3.3 GeneralizedAssignmentProblem (GAP)

This problemis describein [Osman,1995. ThereareN
jobsto beassignedo M agents.Therearedefinedassign-
mentcosts,one associatedvith eachpairing of a job and



Table4: Constraintdor GeneralizedAssignmenfroblem

anagent. Eachagenthasa definedcapacity andeachjob
contributesa definedamounttowardsthe capacityof each
agent,with this amountdependingon the agent. The ob-
jectiveis to maximizethetotal costs.

The problem-specifiobjectsare:

e job - id (string),index (number) costs(list of numbers),
andloads(list of numbers)

e agent- id (string),index (humber),andcapacity(num-
ber)

Thecostsfield of eachjob containsonecostfor eachagent,

which canbe accessedrom thelist usingtheindex of the

agent.The sameappliesto the loadsfield of eachjob. For

the schedulingsemanticsthe constraintswith non-defult

valuesareshownn in Table4.

3.4 Job-ShopSchedulingProblem (JSSP)

This problem was originally proposedby [Muth and
Thompson,1963. Thereare M machinesand N manu-
facturingjobsto becompleted Eachjob hasM stepswith

eachstepcorrespondingo a different specifiedmachine.
Thereis a specifiedorderin which the stepsfor a certain
job mustbe performedwith onestepnot ableto startuntil

the previous stephasended. The objectie is to minimize
theendtime of thelaststepcompleted.

The problem-specifiobjectsare:

e step- id (string), duration(number),machine(string),
andpreceedingstefstring)

e machine- id (string)

For the schedulingsemantics,the constraintswith non-

defaultvaluesareshavn in Table5.

4 The ReconfigurableScheduler

We have createda schedulethat is capableof finding an
optimized solution for arny schedulingproblem specified
usingthe framework describedabove. A “greedy”,i.e. lo-

Constraint Formula Constraint Formula

Optimization | sumaover(tasks,t”, entry(t.costsre- Optimization | maxover (resources,r’, complete

Criterion sourcefor(t).index)) Criterion (n) - starttime

Optimization | maximize Capability task.machine resource.id

Direction TaskDuration | task.duration

Delta Crite- | entry(task.coststesource.ince) Prerequisites | if (task.preceedingstef= “", list

rion (preceedingstep))

CapacityCon- | task.loads Task Unavail- | mapover (prerequisites;t”, interval

tributions ability (starttime taskendtime(t)))

Capacity loop (length (resources),"i”, if (i

Thresholds = resource.inde resource.capacity Table5: Constraintdor Job-shogBchedulingProblem
100000))

Greedy initialization;
CGenetic | oop:
Det erm ne new task ordering;
Task (greedy) | oop:
Fi nd next task to schedul e;
Resource (greedy) | oop:
Fi nd next capabl e resource;
Tinme (greedy) | oop:
Search to find best interval
for resource to performtask;
end Time | oop;
Check whether this
resource/interval
end Resource | oop;
Assign task to best resource
during best interval;
end Task | oop;
Eval uate fitness of schedul e;
end Cenetic | oop;

best so far;

Figurel: Controlflow of thescheduler

cally optimal, schedulebuilder takesa particularordering
of tasksandassignghemoneat atime to the bestresource
for thattask. A geneticalgorithmgenerateslifferenttask
orderinggto feedthegreedyschedulduilder, searchindor
anoptimalordering.The overall controlflow of the sched-
uleris showvnin Figurel.

4.1 The GeneticAlgorithm

Thegeneticalgorithmis afairly standardrderbasecbne.
We numbereachtask from 1 to N, whereN is the num-
ber of tasks,and a chromosomes somepermutationof
thenumbersl throughN. Thecrosseeroperatomwe useis
position-basedrosswer, whichis describedn [Syswerda,
1991]. The mutationoperatoris a variationon Syswerdas
orderbasedmutationexceptthat,insteadof selectingonly
two positionswhoseorderto exchange,our mutationse-
lectsbetween? andN positionswhoseorderis randomly
generatedvhile the otherpositionsremainthe same.The



populationis initialized by choosingandomorderings.

Thereplacemenschemas steady-stateatherthangenera-
tional,i.e. asinglechild enterghepopulationandtheworst

individual leaves the populationin a single "generational
cycle”. Duplicateindividualsarenot allowedin the popu-

lation. The parentselectionprobabilitiesareexponentially
distributed. The parameteparent-scalars definedasthe

ratio of the probabilitiesof selectingtheit” bestindividual

andof selectinghe (i — 1)** bestindividual.

Thereare four conditionsunderwhich the geneticalgo-
rithm canterminate. First, it will stopif the elapsedwall

time of its currentrun exceedsa parametermax-time).
Secondijt will terminateif thetotal numberof evaluations
(i.e., individuals generated)exceedsa parameter(max-
evals). Third, it will stopif thebestscorehasnotimproved
for a consecutie numberof evaluationsexceedinga pa-
rametermax-top-dog-age)Fourth, it will terminateif the
numberof duplicateindividuals generatedexceedsa pa-
rameter(max-duplicates).

Evaluationof an individual is done by first feeding the
ordering of the tasksto the greedyschedulebuilder and
letting it build a schedule. The formula given by the
OptimizationCriterion constraintis then executedon this
schedule The numberreturnedby theformulais the chro-
mosomesfitness.

4.2 The GreedyScheduleBuilder

The algorithm of the greedy schedulebuilder, although
simplein concept,is complicatedby the needto consider
somary differentfactors. For the specialcaseof the job-
shopschedulingproblem,our greedyscheduleiis equiva-
lent to the active schedulegeneratioralgorithm presented
in [GifflerandThompson1960. However, to handleprob-
lemsotherthanthejob-shopproblem,ourgreedyscheduler
mustconsidera variety of otherfactorsincluding:

e resourceselection- Many schedulingproblemsallow
a choicebetweendifferentqualifiedresourcedor each
task.

o time selection For mary schedulingoroblemdfinishing
ataskearlieris notalwaysbetter suchasis the casewith
just-in-timescheduling.

e multitasking - Some scheduling problems allow re-
sourcego performmorethanonetasksimultaneously

As shavnin Figurel therearedifferentcomponentsf the

greedyschedulébuilder. We now discusseachof these.

Initialization - There are certainresultsthat the greedy
schedulebuilder needsbut thatdo not vary basedon what
assignmentsare made. For the sale of efficiency, these
arecomputedncebeforethegeneticalgorithmevenstarts.
Theseresultsinclude:

o Lists of capableresources- For eachtask, it createsa
list of all thoseresourceshathave theskills/capabilities
to performthat task. It determinesvhethera resource
hasthe requiredskills by executingthe Capability for-
mula with the task variablesetto the taskandthe re-
source variablesetto theresource.

e Resource unavailable times - For eachresource,it
computesa setof nonoverlappingintervals of time for
which that resourcds not availableto be assignedo a
taskdueto othercommitmentge.g.,time off or mainte-
nance).To dothis, it executegshe ResourcéJnavailable
Timesformula with the resource variablesetappropri-
ately to obtaina preliminary setof intervals. It addsto
thislist theintervalsthatrepresenthe constrainthatre-
sourcesshouldnot be scheduledeforethe startor after
theendof the schedulingvindow of thewindow. Then,
it resolhestheseinto a setof nonoverlappingintervals.

e Capacity contributions - For eachtask,it computeghe
task’s contribution towardseachof the capacitiedy ex-
ecutingthe CapacityContributionsformulawith thetask
variablesetappropriately The it* elementof thelist is
the contribution to thei** capacity

e Capacity thresholds- For eachresourcejt computes
theresources thresholdfor eachof the capacitieausing
the CapacityThresholdformula.

e Prerequisites- For eachtask, it computesthe set of
othertasksthat mustbe scheduledrior to this taskre-
gardlesof the orderingof tasksprovidedby thegenetic
algorithm. The Prerequisite$ormula providesa list of
tasknameswhich areusedto look up thetaskobjects.

Task Loop - Thegreedyscheduléuilder assignnetask
atatime. It attemptsto adhereasmuchaspossibleto the
orderin thechromosomehut it will notscheduleataskbe-
fore its prerequisitediave beenscheduled.So, eachtime
throughthe loop it picks the task earliestin the chromo-
somethathasnot yet beenscheduledut all of whosepre-
requisitetaskshave beenscheduled. After executingthe
resourcdoop in orderto find the bestresourceandtime, it
assignghetaskto thatresourceat thattime. If thereis no
resourcethatis capableandavailableto performthe task,
thenthetaskis markedasunassigned.

Theassignmenprocessnvolvesthefollowing steps First,
the taskmustbe insertedinto the resources schedule. If
theMultitaskingselections groupedandtheresourcdoop
hasspecifieda particulargroupfor the task,thenthe task
is placedin this group. Otherwiseanew scheduleentryis
madefor this taskandresourcewith setupstarttime, task
starttime, taskendtime, andwrapupendtime asspecified
from theresourcdoop. (Thetime interval associatedavith
a taskassignments divided into three consecutre inter-
vals: the setupintenval whenthe resourcds preparingto
performthe task, the taskinterval whenthe resourceper
formsthetask,andthewrapupinterval whenthe resource



cleansup. Thefour timesrepresentheboundarie®f these
threeintervals.) Thewrapupendtime of the previoustask
in the resources scheduleand the setupstarttime of the
next taskare alsoupdatedf necessanasspecifiedby the
resourcdoop. If thereis groupedmultitasking,thena new

entryis alsoa new group.

Next, the capacitiesareupdated If the Multitaskingselec-
tion is none,the capacitiesare single aggreyatessummed
over time, andthe capacitiesusedby the resourceare up-
datedby addingthe capacitycontributionsfrom the task.
Otherwise,the capacitiesare time histories,and they are
updatedaccordingly

Resource Loop - To find the bestresourceandinterval of
time to which to assigna giventask,the greedyschedule
builder examineseachresourceonthetaskslist of capable
resourceskFor agivenresourceijt startsby computing,us-
ing the BestTime formula, theidealtime for the taskstart
time. Thisis a soft constrainthattells thetime loop where
to startits searchlt alsocomputeswo hardconstrainton
time, thetaskdurationandthetaskunavailabletimes,using
the correspondindormulas. It thenusesthe time loop to
searchforwardfrom the besttime for the nearestegal task
starttime, whereatimeis legal if
o theresourcds availablefor the entireinterval between
thecorrespondingetupstarttime andwrapupendtime,
andthetaskis availablebetweerthe taskstarttime and
thecorrespondingaskendtime
o the setupstarttime for the taskis not earlierthanthe
wrapup end time from the previous task for that re-
sourceandthe wrapupendtime of thetaskis not later
thanthe setupstarttime of the next task
o noneof theaggreyatecapacitycontributionsexceedheir
correspondingapacitythresholds

Alternatively, if thereis groupedmultitasking,thena task

starttime is legal if it is the taskstarttime for an existing

groupsuchthat

e itstaskdurationis nolongerthanthetaskdurationof the
group

o the aggreate capacitycontributions of the group after
addingthetaskdo not exceedary capacitythresholds

e executingthe Groupabldormulafor thistaskandatask
alreadyin the groupreturnstrue

If the forward searchyields a legal time, thenit makes
a temporaryassignmenbf the taskto the resourceat the
specifiedime, andevaluateghe DeltaCriterionformulato
obtaina fastmeasureof how goodthatassignmentvould
be. If the forward searchyields no time or a time which
is not the besttime, thenit repeatsthe processthis time
searchindbackwardfrom the besttime for the closestegal
starttime. If neithertheforwardor backwardsearctyields
a time, thenthe task cannotbe assignedo this resource.
If the forward andbackward searchbothyield times,then

it picksthe onewith the bestdeltacriterion. Theresource
(andtime) with the bestdelta criterion is selectedfor as-
signment.

Time Loop - Whenperformingthesearctor thelegaltask
starttime closestto the besttime, thereare a few items
aboutwhich to be careful. First, the setupandwraupdu-
rationsdependrespectiely on the previous and next task
in the resources schedule.Hence,they canonly be com-
putedin the contet of a proposedposition of the taskin

the resources schedule. Additionally, the previous task’s
wrapuptime andnext task’s setuptime (if thesetasksex-

ist) arepotentiallyalteredby the placementf thenew task
andmustthereforebe recomputedAll thesequantitiesare
storedalongwith the taskstarttime to allow the taskloop
to make theassignmentA secondtemto be carefulabout
is thatthis is theinnermostioop andhenceis executedthe
mostfrequently Thereforejt needgo be particularlyeffi-

cient.

5 Experimental Results

The datafor which we have executedour experimentsare
instancesof the problemsgivenin Section3. Theseare
commonlystudiedproblemsthat we usebecausehey al-
low comparisonwith other algorithms. We cannothope
to matchthe performanceof the bestalgorithmsdeveloped
for theseproblemsfor two reasons.First, we do not tune
our algorithmto ary particularproblemandthereforewill
generallynot achieve optimal performancédor a particular
problem. Second the formulasare not compileddirectly
into machinecodebut ratherareinterpretedandhencethey
executelessefficiently thancompiledcode. However, the
benefitof ourapproachs thewide rangeof problemst can
handleandtheeasewith whichit canhandlenew problems,
soweonly needo provereasonablygood,notoptimal,per
formance.

For eachexperimentwe have selecteda particulardataset
and a particularset of geneticalgorithm parametersand
we have madeten geneticschedulerruns. Table 6 sum-
marizesheresultsof theseexperimentsNotethatfor each
experiment,Table6 tellsthekey geneticalgorithmparame-
ters:populationsize,parent-scalaandeithermax-evalsor
max-top-dog-agédependingon which actually causedall
theterminations) Thetablealsogivesthefollowing results
from theexperiments:

e BestKnown Score- the scoreof eithertheprovably best
solutionor the bestsolutionfound by arny algorithmto
date(usedasareference)

¢ BestScore- the scoreof the bestsolutionfrom all ten
runs

¢ MedianScore- the medianof the scoresf thetensolu-
tionsfoundby thetenruns

e AverageScore- themeanof thescorefrom thetenruns



e AverageNumberof Evaluations theaveragenumberof
individualsevaluatedin a run beforethe run terminated
(becausdhe geneticalgorithmis steady-statethis is a
bettermeasurghanthe numberof generations)

e AverageTime PerRun - the averageamountof time it
requireda runto executeto completion

e Time PerEvaluation- the averagenumberof millisec-
ondsrequiredto performa singleevaluation

All the runsweremadeon a 200 MHz UltraSparcproces-

sor.

For the traveling salesmarproblem,we have so far used
a single instance,bays29,which is a 29-city symmetric
problemavailable at the TSPLIB web site. The first two

rowsin Table6 correspondo two setsof runsfor this data
with differentgeneticalgorithm parametersThefirst row

hasa largerpopulation,proportionatelflower fithesspres-
surefrom parent-scalaand a larger max-top-dog-age.lt

doeswell at finding nearly optimal solution. The second
row runs fasterbut doesnot do aswell. This illustrates
the tradeof betweensearchtime and quality of solution.
(A third factorin the tradeof is computationapower and
its cost,particularlywith aninherentlyparallelizablealgo-
rithm suchasageneticalgorithm.) Thisis arelatively small
traveling salesmarproblem, and while we could practi-
cally do significantlybiggerproblems this algorithmcan-
not competewith specially designedalgorithmssuch as
[Lin andKernighan1974.

For the job-shopschedulingproblem,we have sofar used
only the Muth-Thompsor6x6 data[Muth and Thompson,
1963, referredto asft06 at the OR-Library web site. It
contains36 tasksand6 resourcesDespitethefactthatthis
is largerthanthetraveling salesmaiproblem thescheduler
clearly hasan easiertime with the job-shopproblem. The
time per evaluationis roughly the sameeven thoughthe
job-shopproblemhasmoreresourcedecaus¢hejob-shop
problemhasonly onecapableesourcepertask,andthatis
abettermeasuref the computatiorrequired.Thejobshop
problemrequireslessevaluationsto find the optimal solu-
tion becausedhe searchspaceis in practicesmaller This
is becausehe constraintsin the job-shop problem, par
ticularly the prerequisitegonstraintmake it sothatmary
differentchromosomeslecodeto the sameschedule.One
lessonis that one cannotpredictthe searchtime required
purelybasednthe numberof tasksandresources.

The generalizedassignmentproblemis so far the only
problemfor which we have experimentedwith multiple
instances. From the OR-Library web site, we have used
c515-1(5 resourcesnd15 tasks),c530-1(5 resourcesind
30 tasks),and ¢c1030-1(10 resourcesand 30 tasks). This
hasallowed a very preliminary examinationof the scaling
propertiesof our algorithm. We would expectthetime per
evaluationto beroughly proportionalto the productof the

numberof tasksandthe numberof capableresourcegper
task(whichin thiscases thenumberof resources)andthis
is the casefor this data. We would alsoexpectanincrease
in the numberof evaluationsrequiredwith anincreasdn
thenumberof tasksdueto thelargersearctspaceandthis
is alsoborneout by the data. Overall, theseproblemsare
solved quickly becausehe greedyalgorithmdoesmostof
thework. Oneinterestingresultis thatwhile thealgorithm
cangetcloseto the optimal solutionfor c530-1quickly, it
requiresalong searcho find the bestsolution.

The next logical stepfor the experimentatiomprocesss to
perform the sameexperimentsfor larger searchproblem
suchasthe Muth-Thompson10x10 job-shopproblemor
the Solomonvehiclerouting problems.

6 Conclusionsand Future Work

We have developeda powerful framework for represent-
ing schedulingproblems,and we have built a reconfig-
urable schedulerthat can find an optimized solution for
ary problemspecifiedin this framework. The optimiza-
tion performanceof this scheduleris good, even though
the generalityof our approachdoesmeanthat, for certain
problemswe cannotacheve the performancea scheduler
designedspecificallyfor that problem. The major benefit
of reconfigurabilityis that it makes developmentof opti-
mizedschedulingor awide rangeof problemssimpleand
inexpensve. Thereis a vastarrayof schedulingproblems
that are currently solved using manualor non-optimized
scheduling,and for mostof theseproblemsmaking opti-
mizedschedulingpracticalrequiresa simpleandinexpen-
sive solutionratherthanthe bestpossibleperformance.

Further enhancingthe easeof use of our reconfigurable
scheduleis aweb-basedystemwe have built to allow the
userto interactwith theschedulerThedetailsof thisinter-
facearebeyondthescopeof thispaperbutin generaterms
thebrowserbasednterfaceallows theuserto fully specify
aproblem(metadatagata,andschedulingsemantics)start
anew schedulerunandcheckonits progressandgraphi-
cally view the schedulesUsingdisplayconstraintsimilar
to the schedulingconstraintdescribedn Section2 allows
the userto selectthe colorsandtext to displaywith each
assignment.

Also beyondthe scopeof this paperbut illustratingthe ad-
vantage®f reconfigurabilitywe haveintegratedourrecon-
figurablescheduleinto the samemultiagentinfrastructure
asdescribedn [Montanaet al., 2004. This hasallowedus
to build multiagentsocietiegshathave includedmultiplein-
teractingreconfigurableschedulingagentsaswell asother
typesof agents.

Thereare two directionsin which to extend our work on
thereconfigurableschedulerFirst, aswe expandthe prob-



Problem Pop Parent| Max Max Best | Best | Median Avg Avg Avg Msecs
Name Size | Scalar| Evals | Top Known| Score | Score | Score | Num Time | Per
Dog Score Evals | (M:S) | Eval
TSP-bays29 | 5000 | 0.998 | N/A 20000 | 2020 | 2028 | 2028 | 2042 | 134,429 13:25 | 5.99
TSP-bays29 | 1000 | 0.99 | N/A 4000 | 2020 | 2058 | 2204 | 2191 | 26,680 | 2:41 | 6.02
JSSP-mt06 | 1000 | 0.99 | 5000 | N/A 55 55 55 55 5000 | 0:54 | 10.9
GAP-c515-1 | 500 0.98 | 2500 | N/A 336 336 336 336 2500 | 0:09 | 3.48
GAP-c1030-1 1000 | 0.99 | 8000 | N/A 709 709 709 708.8 | 8000 1:31 | 114
GAP-c530-1 | 1000 | 0.99 | 5000 | N/A 656 655 653 653.3 | 5000 | 0:39 | 7.88
GAP-c530-1 | 20000 | 0.9995/ 100000 N/A 656 656 656 655.3 | 100000( 14:10 | 8.50

Table6: Summaryof experimentakesults

lem representationye needto extend the schedulerca-
pabilitiesto match. Currently the problemrepresentation
frameawvork doesnot allow certainconceptssuchasreset-
table capacitiege.qg.,the ability to emptya load) or mul-
tiple resourcepertask. Whenwe put theseinto the prob-
lem representationthe schedulerlgorithmneedsto han-
dle them. Secondwe shouldmalke the schedulesmarter
abouthandlingspecialcases.If the schedulercould rec-
ognizespecialcasesthenit could apply special-purpose,
higherperformancelgorithmsfor thesecasesThiswould
improvethe performancef the schedulewithout sacrific-
ing its generality
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