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Abstract

We describea real manufcturingproblemthatlies between
job shopschedulingandtemporabplanning.Thesettingis on-
line in thesensedhatnew jobsarrive asynchronous|yerhaps
several per second while plansfor previous jobs are being
executed.We formalizethe problemasa variantof STRIPS
extendedwith actiondurationsandresourcesWe presenta
hybrid algorithmfor this problemthat combinestechniques
from partial-orderschedulingand state-spacglanning. No
domain-speci csearchcontrol is used. Our currentimple-
mentationsuccessfullycontrolstwo prototypeplantsandour
technologyis anticipatedo enableanew line of products By
integratingplanningandschedulingwe enablehigh produc-
tivity evenfor comple plants.

Intr oduction

Thereis currently greatinterestin extendingplanningand
schedulingtechniquego handlemore of the compleities
found in real industrial applications. For example, PDDL
(Fox andLong, 2003)hasbeenextendedto handlecontinu-
ousquantitiesanddurative actions.Thereareadditionaldi-
mensiongo planningcompleity besidesxpressvity, how-
ever. In this paper we describea manufcturingproblem
domainthatemphasizesn-line continualproblemsolving.
The domainsemanticsare more complex thatin job shop
schedulingbut simplerin mary waysthan PDDL2.1. A
probleminstancespeci esa manufcturingplantconsisting
of several machinesand a seriesof jobs to be completed,
each of which might require several actionson different
machines.As in classicalschedulingresourceconstraints
are essentiabecausdhe machinesn the plant often can-
not perform multiple actionsat once. But action selection
and sequencingare also requiredbecause given job can
usuallybe achievedusingseveraldifferentsequencesf ac-
tions. Moreover, in our settingthe setof jobs is only re-
vealedincrementallyovertime, unlikein classicatemporal
planningwherethe entire probleminstanceis available at
once. And in contrastto muchwork on continualplanning
(desJardinsDurfee, Ortiz, and Wolverton,1999),we must
producea completeplan for eachjob beforeits execution
canbegin.
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After discussinghis problemdomainin moredetail, we
will presenbur currentsolution: anon-line temporalplan-
nerthatcombinesonstraint-baseschedulingvith heuristic
state-spacelanning. Jobsare optimally plannedon anin-
dividual basis,in orderof arrival, without reconsideringhe
plansselectedor previousjobs. To mitigatethe restrictive-
nessof this greedyschemeyve represenactiontimesusing
temporalconstraintsinsteadof absolutetimes. By main-
tainingtemporal e xibility aslong aspossible we canshift
plansfor olderjobslaterin time to make room for starting
anew job earlierif thatimprovesoverall plantthroughput.
Although this basicarchitectureis speci cally adaptedto
our on-line setting, the plannerusesno domain-dependent
searctcontrolknowledge.We presensomeempiricalmea-
surementslemonstratinghat signi cant plantscanbe con-
trolled by the plannerwhile meetingour real-timerequire-
ments.Our integratedon-lineapproactallows usto achieve
high throughputevenfor complex plants.

A Simple Manufacturing Domain

Thedomainis basednarealmanufcturingprocesgontrol
problemencounteredby oneof our industrial clients. The
applicationis reminiscenbf "‘masscustomization,in which
mass-produceg@roductsare closely tailored and personal-
izedto individual customersneeds. It alsosharescharac-
teristicswith documeniprinting, althoughon a muchlarger
scale. It involves planningand schedulinga seriesof job
requestswvhich arrive asynchronouslpver time. The plant
runsathigh speedwith severaljob requestsrriving persec-
ond, possiblyfor mary hours. Eachjob requestcompletely
describesheattributesof adesirednal product.Theremay
be several different sequencesf actionsthat can be used
to producea givenjob. The planningsystemmustdecide
how to manufictureall of the desiredproductsas quickly
aspossible. In otherwords, it mustdeterminea plan and
scheduldor eachjob suchthatthe endtime of the planthat
nishes lastis minimized. This is an on-line taskbecause
the setof jobs grows astime passes.In fact, becauset is
thereal-world wall clock endtime thatwe wantto minimize
andbecaus¢hejob cannotstartuntil it is plannedthe speed
of the planneritself affectsthe value of a plan! However,
the plantis oftenat full capacity andthusthe plannerusu-
ally needonly plan at the rateat which jobs arecompleted,
which againmay be several per second. While challeng-
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Figure2: A schematiavziew of a manufcturingplant.

ing, the domainis alsoforgiving: feasibleschedulesanbe
found quickly, sub-optimalplansare acceptableand plan
executionis relatively reliable. Figure1 indicatesthe rela-
tionshipbetweertheplanningsystemandtheplant. We will
discusgheplanningsystemitself in detailbelow.

Thetypical plantsin our applicationcanbe schematically
representedsa network of transportdinking multiple ma-
chineg(Figure?). A typical plantmighthave anywherefrom
a few to a few hundredmachinesand transports. Un n-
ishedblocksof raw materialcanenterthe plantfrom multi-
ple sourcesandcompletedobs canexit at multiple destina-
tions. Transportdake aknown time to corvey jobsbetween
machines.Eachmachinehasa limited numberof discrete
actionsit can perform, eachof which hasa known dura-
tion andtransformsts input in a known deterministicway.
Thesedurationsmay vary over threeordersof magnitude.
For simplicity, we currentlyonly consideractionsthat ma-
nipulatesingleblocksof materialatatime. Actionsmaynot
split a blockinto two piecesfor usein differentjobsor join
multiple blocks from differentpathsin the plant together
Thismeanghata singlejob mustbe producedrom asingle
unit of material,therebycon ating jobs with materialand
allowing plansto bealinearsequencef actions.In our do-
main, adjacentactionsmust meetin time; materialcannot
be left lingering inside a machineafter an actionhascom-
pletedbut mustimmediatelybegin beingtransportedo its
next location.

Most manufcturingactionsrequirethe use of physical

5 ; i job1
! ! 1 job2
| job5 | job4 i
iob7 i ! ! j0b3 '
. job job 6 | | = : g
job | | ! i =
descriptions i | i g
I (=1
not yet i being i planned, | sentto
planned  planned unsent Plant

Figure3: Stagesn thelife of ajob in the planningsystem.

plantresourcesso planningfor laterjobs musttake into ac-

countthe resourcecommitmentsn plansalreadyreleased
for production. Typically thereare mary feasibleplansfor

ary given job request;the problemis to quickly nd one

that nishes soon. The optimal plan for a job dependsot

only on the job request,but also on the resourcecommit-

mentspresentn previously-plannedobs. Any legal series
of actionscanalwaysbe easily scheduledy pushingit far

into thefuture,whentheentireplanthasbecomecompletely
idle, but of coursethisis notdesirable.

Additional Complications

In our application,the plannercommunicate®n-line with
thephysicalplant, controlling productionandrespondingo
executionfailures (right side of Figure 1).! After a com-
pletedplanis transferredo the lower-level plant controller
software, the plannercannotmodify it. Thereis thussome
bene t in releasingplansto the plant only whentheir start
times approach. Figure 3 shaws the differentstagesa job
passeghroughin our system.In the gure, time adwances

LIn fact,the plantmayalsorejectplansoutrightwithoutexecut-
ing them.We ignorethis complicationin our presentation.
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CutOn2(?block)

initial:  Location(Job-23Some-Source)
Uncut(Job-23)
Color(Job-23Raw)
. Aligned(Job-23)
goal: Location(Job-23Some-Destination)
HasShape(Job-28ylinderType-2)
Polished(Job-23)
Clean(Job-23)
Color(Job-23Blue)
background: CanCutShape(Machine-€ylinderType-2)
batch: 5

Figure4: A samplgob speci cation,includingbackground
literals.

downward so plansstartingearlierarehigherin the gure.
Notethatjobs3 and4 have beenplannedout notyetreleased
from the planmanageto the plant.

Jobsaregroupednto batchesA batchis anorderedsetof
jobs,all of whichmusteventuallyarrive atthe samedestina-
tion in the sameorderin which they weresubmitted sothat
they may be immediatelypacled and deliveredto the end
customerMultiple batchesnaybein productionsimultane-
ously, althoughbecausgobs from differentbatchesarenot
allowedto interlease at a single destinationthe numberof
concurrenbatchess limited by the numberof destinations.

Occasionallya machineor transportwill breakdown, in
effect changingthe planningdomainby removing the re-
lated actions. The plant is also intentionally recon gured
periodically This meanghatprecomputing limited setof
canonicaplansandlimiting on-linecomputatiorto schedul-
ing only is not desirable For alarge plantof 200machines,
thereareinfeasiblymary possiblebrokencon gurationsto
consider Dependingonthe capabilitiesof themachinesthe
numberof possiblejob requestamay also make plan pre-
computationinfeasible.Furthermoregventhe bestprecom-
putedplanfor a givenjob maybe suboptimaliventhe cur-
rentresourcecommitmentsn the plant.

To summarize, our domain is nite-state, fully-
obsenable, and speci es classicalgoals of achiezement.
However, planningis on-line with additionalgoalsarriving
asynchronouslyActionshave real-valueddurationsanduse
resources.Plansfor new goalsmustrespectresourceallo-
cationsof previousplans. Executionfailurescanoccur, but
arerareenougtthat,atleastin ourcurrentsolution,wedon't
explicitly planaheador them.

Modeling the Domain

This manuficturingdomaincan be modeledby a straight-
forward temporalextensionof STRIPS.As in PDDL, we
distinguishbetweentwo typesof input to the planner Be-
fore planningbegins, a domaindescriptionscontaininglit-

eralandactiontemplatess provided(top of Figurel). Then
the problem descriptionsarrive on-line, containinginitial

andgoalstateswhicharesetsof literalsdescribinghestart-
ing anddesiredcon gurations(left of Figurel). A simple
examplejob speci cationis givenin Figure4. In this exam-

preconditions: Location(?blockMachine-2-Input)
Uncut(?block)
Aligned(?block)
CanCutShape(Machine-2shape)
Location(?blockMachine-2-Output)
. Location(?blockMachine-2-Input)
HasShape(?block,?shape)
. Uncut(?block)
. Aligned(?block)

duration: 13.2secs
allocations: M-2-Cutterat ?start+ 5.9for 3.7 secs

effects:

Figure5: A simpleactionspeci cation.

ple,Some-Source andSome-Destination arevirtual
locationswhereall sourcesr destinationsreplaced.In ad-
dition to job-dependenliterals, sometimest is convenient
to specify actionsusing preconditionsthat refer to literals
that are independendf the particulargoals being sought.
This “backgroundknowledge' aboutthe domainis supplied
separatelyn the job speci cation,althoughit couldalsobe
compiledinto the actionspeci cations.In our example,the
possibleshapeghat a machinecancut arespeci edin this
way.

The movementof materialby transportsandthetransfor
mationof materialby machineactionscanbedirectly trans-
latedfrom the plantmodelinto traditionallogical precondi-
tions and effectsthat testand modify attributesof the ma-
terial. A simple exampleis givenin Figure5. Our action
representatiors similar to the durative actionsin PDDL2.1
with actionshaving speci ed real-valueddurationbounds.
Although the exampleshaws a constantduration,one may
also specify upper and lower boundsand let the planner
choosdhedesireddurationof theaction.(Thisis helpfulfor
modelingcontrollable-speedransports.) The intendedse-
manticsis thatthe logical effectsbecometrue exactly when
the action's durationhaselapsed.The notableextensionof
our representationver PDDL2.1is the explicit representa-
tions of resources. Actions can specify the exclusive use
of unit-capacityresourcedor time intervals speci ed rela-
tive to the action's startor endtimes. For example,the Cu-
tOn2actionin Figure5 speci esexclusive useof the M-2-
Cutterfrom 5.9 secondsfterthe startof theactionuntil 3.7
seconddater Machineswith severalindependentesources
or with actionsthat have shortallocationdurationsrelative
to the overall actiondurationcanwork on multiple jobs si-
multaneouslyso locationsandresourceallocationsare not
equialent. In PDDL, arbitrary predicatescan be madeto
hold atthe start,end,or over the durationof anaction. This
expressvity is notneededn ourdomain.

To summarizetherearetwo inputsto the planner:

A domainis a setof actions,eachof which is a 4-tuple
a = hPre Eff; dur; Alloci, where Pre and Eff are sets
of literals representinghe action's preconditionsand ef-
fects;duris pairHower, uppei of scalargepresentinghe
upperandlower boundson actionduration;andAlloc is a
setof tripletstres offset duri indicatingthatactiona uses
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Figure6: Outline of the hybrid planner

resourcaesduringaninterval [s, + offsets, + offset+
dur] wheres, is thestartingtime of a.

A problemdescriptionfor a particularjob is a 4-tuple of
hbatd; Initial ; Goal, Badkground , wherebatch is abatch
id andlnitial, Goal, andBadkgroundaresetsof literals.

Givena domaindescription(top of Figure1) anda low-
level delay constant geiay Capturingthe lateng of the plant
controllersoftware theplannerthenaccepts streanof jobs
arriving asynchronouslhover time (left side of Figure 1).
This streamcorrespondso the standarchotion of a PDDL
probleminstance. For eachjob, the plannermust eventu-
ally returna plan: a sequencef actionslabeledwith start
times (in absolutewall clock time) that will transformthe
initial stateinto the goalstate.Any allocationsmadeon the
sameresourceby multiple actionsmustnot overlapin time.
Happily, plansfor individualjobsareindependengxceptfor
theseinteractionghroughresourcesAdditional constraints
ontheplannerincludel) plansfor jobswith thesamebatch
id must nish atthe samedestination?2) plansfor jobswith
the samebatchid must nish in thesameorderin whichthe
jobs were submitted,3) the rst actionin eachplan must
not begin soonerthantqeiay SECONdsAfterit is issuedoy the
planner and4) subsequerdictionsmustbegin at timesthat
obey the durationconstraintsspeci ed for the previous ac-
tion (thusit is assumedhatthe previousactionendsjust as
thenext actionstarts).

A Hybrid Planner

We have implementedour own temporalplannerusing an
architecturehatis adaptedo thison-linedomain.Theover-

all objective is to minimize the endtime of the known jobs.
We approximatethis by optimally planningonly onejob at
atime insteadof reconsideringll unsentplans.As we will

seebelaw, the large numberof potentialplansfor a given
job andthecloseinteractionbetweerplansandtheir sched-
ulesmeanghatit is muchbetterto processchedulingcon-

straintsduringthe planningprocessandallow themto focus
planningon actionsthatcanbe executedsoon. The planner
usesstate-spaceegressiorto planeachjob, but maintainsas
muchtemporal e xibility aspossiblein theplansby usinga
simpletemporalconstraintnetwork (STN) (Dechter Meiri,
andPearl,1991). This network representafeasibleinterval
for eachtime pointin eachplan. Time pointsarerestricted
to occurat speci ¢ singletimesonly whenthe postedcon-
straintsdemandt. Becauseheplannemaintainghepartial
ordersbetweendifferentactionsin plansfor differentjobs
throughthe STN while conductinghebackwardstate-space
searchijt canbeseerasahybrid betweerstate-spaceearch
andpartial-ordemlanning. A sketchof the planneris given
in Figure6. Theouterloop correspond$o the planmanager
in Figurel.

After planninganew job, theouterloop checkghequeue
of plannedjobs to seeif any of thembegin soon(step2).
It is imperatie to recheckthis queueon a periodicbhasis,so
“soon'is de nedto bebeforesomeconstanamountafterthe
currenttime andwe assumehatthetime to planthenext job
will besmallerthanthis constant.Thevalueof this constant
dependon the domainandis currently selectednanually
If this assumptionis violated,we caninterruptplanningthe
next job andstartover later As plansarereleasedndexe-
cute,resourcecontentionwill only decreasesothetime to
planthenew job shoulddecreasaswell. It isimportantthat
new temporalconstraintsare addedby the outerloop only
betweerthe planningof individual jobs, aspropagatiorcan
affect feasiblejob endtimesandthuscould invalidatepre-
viously computedsearcmodeevaluationsif planningwere
undervay.

Dueto detailsof theplantcontrollersoftware, theplanner
mustreleasejobs to the plant in the sameorderin which
they weresubmitted.This meanghatjobs submittedbefore
ary imminentjob mustbe releasedalong with it (step3).
Only at this stageare the allowable intervals of the job's
time pointsforcibly reducedo speci c absoluteimes(step
4). Sensiblyenough,we askthat eachpoint occurexactly
atthe earliestpossibletime. Becausdhe temporalnetwork
usesa completealgorithm (a variationon Cernwoni, Cesta,
andOddi, 1994)to maintainthe allowablewindow for each
time point, we are guaranteedhat the propagationcaused
by this temporalclamping processwill not introduceary
inconsistencies.

Planning Individual Jobs

Whenplanningindividual jobs,theregressedtaterepresen-
tation containsthe (possiblypartially-speci ed)stateof the
job. The startandendof eachactionandeachresourceal-
locationarerepresentedby timepointsin the temporalnet-
work. Temporalconstraintsareusedto representhe order
anddurationsof actionsandto resole resourcecontention.
Action schematarekeptin lifted form—variablescanap-
pearin statesout mustbeboundin the nal plan.A* search
is usedto nd theoptimalplanfor thejob, in the context of
all previousjobs. We will discussthe staterepresentation,
regressiorsemanticsbranchingrule, andobjective function
in turn.



State Representation Becausethe plan must be fea-
sible in the context of previous plans, the state con-
tains information both about the current job and pre-
vious plans. More speci cally, the stateis a 4-tuple
HLiterals, Bindings Tdb Rsicd in which

Literals describesheregressedogical stateof the current
job.

Bindings arethevariablebindingsfor all the variablesoc-
curringin literals associatedvith arny plannediob. Thus,
in Figure 3, the variablebindingsare usedto groundall
lifted actionsin the plansfor jobs 1-4 andactionsin the
partialplanfor job 5.

Tdb is thetemporaldatabaseepresente@sa simpletem-
poral network (STN) containingall known time points
andthe currentconstraintsbetweenthem. Examplesof
time pointsinclude the start/endtimes of actionsor re-
sourceallocations. As soonasa plan for a givenjob is
sentto the plant (jobs 1 and 2 in Figure 3), time points
associateavith thatplanin the Tdbarenolongerallowed
to oat but areclampedattheirlowerbounds.

Rsrcs is the setof currentresourceallocations. Eachre-
sourceallocationis of theform hres tp, ; tp,i with resis a
particularresourceandtp, ; tp, aretwo time pointsin the
Tdbrepresentinghe durationresis allocatedto someac-
tion. Notethattherearemultiple resourcesn thedomain
andeachresourceanhave multiple (non-overlappingye-
sourceallocations.

RegressionSemantics Thelogical goalstateof ajob can
consisiof bothpositive andnegativeliterals. Eachregressed
logical statein our planneris a 3-tupleL = h_¢;L¢;Lyi
wherelL, L¢, andL, arethe disjoint setsof literals that
aretrue, false,andunknawn (or “don't care'), respectiely
(Le, Baral,Zhang,andTran,2004).Thedistinctionbetween
falseand unknawn literals is importantin our domainbe-
causetheremay be ne-grained restrictionson the accept-
ablevaluesfor unspeci edattributesof thejob. If Pre* (a)
andPre (a) arethe setsof positive and negative precon-
ditionsand Add(a) andDel(a) arethe setsof positive and
negative effectsof actiona, thentheregressiorrulesusedto
determineactionapplicability (step10 for Figure6) andto
updatethe stateliterals (stepll) are

Applicability Action a is applicableto the literal setL if
1) noneof its effectsareinconsistenwith L and?2) ary
preconditionsnot modi ed by the effects gf a are con-
sistentwith L. More formally, 1) (ch(a) Ly =)0
(Del(a) -[Lt = ;),and2) (Pre* (a) Lg Del(a)) »
(Pre (a) L: Adda)).

In mary planningsettings,anadditionalcriterion for ap-
plicability canbeaddedwithoutdestrying compigteness:
at leastone effect of a mustmatchL ((Add(a) L 6
;) _ (Del(a) L; 6 ;)). Thisis not necessarilyalid
in our settingbecauseddinga “no-op' actiona maygive
moretime for an existing resourceallocationto run out,
enablingotheractionsto be usedwhich might leadto a
shortermlan.

Update Theregressiorof L = h_¢;L¢;Li overanappli-

cableactiona is derived by undoingthe effectsof a and
unioningtheresultwith a's preconditionsFor agivenlit-
erall modi ed by aneffectof a, its statuswill beunknown
in theregressedstateunleastit is alsospeci ed by a cor
respondingreconditiorof a (e.g.,: | is apreepnditionof
a). More formally, 1) Ly 5 (L+ n Add(a)) Pre" (a);
2) Lg = (LSn Del(a)) Pre (A)\;; and3) L, =
(Ly (Adda) Del(a))) n(Pre* (a) Pre (a))

GiventhatjL ¢ j is usuallymuchlargerthanjL ,j in our do-
main, we explicitly storeL; andL, in our currentimple-
mentatiorandassumehatall otherliteralsbelongto L ¢ .

Although it is not usually the casein our domain, we
shouldnote that if the goal statewere always fully spec-
ied (with no unknawn literals) and every action's effects
had correspondingpreconditions all stateswould be fully
speci ed. One could thensimplify the logical staterepre-
sentationto L = H_¢; L i andsimplify theregressiorrules
to

Applicability Action a is applicabldff all its effectsmatch
inL: Adda) L:andDel(a) L.

Update Regressing hL¢;L+i throggh a gives Ly n
Adda)) Del(A); (Lt nDel(a)) Adda)i

Branching rule While the rst stepin creatingregressed
stateds to branchovertheactionsapplicablen L, eachcan-
didateactiona canin fact resultin multiple child nodes
due to resourcecontention. Some schedulingalgorithms
usecomplex reasoningover disjunctive constraintgo avoid
prematurebranchingon orderingdecisionsthat might well
be resohed by propagationBaptisteand Pape,1995). We
take a differentapproachjnsistingthat ary potentialover
lapsin allocationsfor the sameresourcebe resohedimme-
diately Temporalconstraintsare postedto orderary poten-
tially overlappingallocationgstepl4in Figure6) andthese
changegropagatdo the actiontimes. Becauseactiondu-
rationsarerelatively rigid in typical plants,this aggressie
commitmentanpropagateo causechangesn thepotential
endtimesof aplan,immediatelyhelpingto guidethesearch
processBecausenultiple orderingsmay be possible there
maybe mary resultingchild searchnodes.

For example,in Figure3, assumeéhata is thecurrentcan-
didateactionwhensearchingor a planfor job 5 andthata
usesresourcer for a duration[s;e]. We alsoassumehat
thereare n actionsin the plansfor jobs 1-4 that also use
r, implying n existing non-overlappingresourceallocations
[s1;€1]::::[sn; en] andcorrespondingime pointsin thetem-
poral database Whentrying to allocater for a, one obvi-
ousandconsistenthoiceis putting it afterall otherprevi-
ousallocationsby addingthe temporalconstrainte, < s.
However, there can also be gapsbetweenthe existing al-
locations[s;; €], allowing us to post constraintssuch as
e < s < e < sj41. Eachsuchpossibleallocationfor r
generatea distinctchild nodein the searchspace Because
actiona canuseseveral differentresources, the number
of brancheds potentially quite large. However, immedi-
ately resolvingary potentialoverlapsin allocationsfor the
sameresourceavoidstheintroductionof disjunctionsin the
temporalnetwork, maintainingthe tractability of temporal
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constrainfpropagation.

The plannerhas mary attributes of a state-basegblan-
ner: it maintainsa totally speci ed logical stateand uses
regressionto branchon applicableactions. However, it
also brancheson partial ordersintroducedto resolhe re-
sourcecontentiorbetweeractionsn plansfor differentjobs.
Thereforepur plannercanbe seerasa combinationof both
state-spaceegressionand partial-orderplanning. This hy-

brid behaior is also re ected in the plan representation.

While the planfor asinglejob is atotal-orderedequencef
actions therearepartial ordershetweeractionsthatbelong
to plansof differentjobs. Dueto thesepartialorderingsthe
startingtimesof all actionsin the plansthatbelongto jobs
notyet sentto the plant(jobs 3-5in Figure3) arenot x ed
but merelyconstrainedy thelowerandupperboundsn the
temporaldatabase.

The actionsin a planfor a singlejob are sequentiabnd
alut eachotherin time. Figure7 illustratessomeof therel-
evanttime points. In this gure, planningstart time refers
to the real-world clock time at which the planningprocess
started,earliest-start-time= currentwall time + predicted
planningtimeis the estimatedime at whichwe will nd a
planfor the currentjob andthusis the earliesttime thatary
actioncanbe scheduledo begin. A planis constrainedo
endafterthosefor previousjobsin the samebatch(te in the
gure), butis notnecessarilgonstrainedo startafteror be-
fore plansfor previousjobs. The starttime of anaction(t,,
for example)is constrainedstep12 in Figure 6) to occur
beforethe endtime (ts), accordingto the action's duration,
andafterthetime we arepredictedto be doneplanningthis
job (t2).

TheremainingcomponenBindingsof theregressedtate
is updatedwith the variablebindingsnecessaryor the in-
stantiationof a to matchwith theregressedogical statel .

At every branchin the planners searchspacewe either
modify the logical statedifferently or introduce different
temporalconstraintsn orderto resohe resourcecontention.
Becausezachbranchresultsin adifferentirrevocablechoice
thatis re ectedin the nal plan,thestateateachnodein the
planners searchtreeis unigue. Therefore we do not need
to considerthe problemof duplicatingsearcheffort dueto
reachingthe samestateby two differentsearchpaths.

Obijective function Our overall objective function is to
minimize the earliestpossibleendtime of the planfor the
currentjob. Becausat is constrainedo endafterthe com-

pletiontime of all the otherjobsin the samebatch,the ob-
jectivefunctionis essentiallyminimizing theendtime of the
batchof jobsinvolving the currentjob. To supportthis ob-
jectivefunction,theprimarycriterionevaluatingthepromise
of apartialplan(step8in Figure6) is theestimateof theear

liest possibleendtime of the partial plan's bestcompletion.

To improve our estimatesof this quantity we compute
a simplelower boundon the additionalmakesparrequired
to completethe currentplan. We usea schemesimilar to
theh? heuristicof HaslumandGeffner (2001) by building
thebi-level temporalplanninggraphSmithandWeld (1999)
without mutex andresourcecontentionconstraintghatesti-
matesthefastestvay to achieve thelogical statel. . Starting
fromtheinitial state(andbackgroundnowledge) we apply
all applicableactions Jabelingeachresultingliteral thatwas
not previously known with the endtime of the actionused
to produceit. The new literals may help enablenew ac-
tions,which arethenapplied,possiblyproducingyetfurther
new literals. This processcontinuesuntil eitherall literals
inL = H_¢;L¢i have beenproducedor no new literalscan
be made. Our lower boundis thenthe maximumover the
timestakento producethe individual literal in L (in nity if
aliteral cannotbe produced).

This heuristicvalueis indicatedin Figure7 by estimated
remainingmalespan It is insertedbeforethe rst action
in thecurrentplan(t;) andaftertheearliestplan's starttime
(t2). By addingtheconstraint, < ts, theinsertionmaythus
changethe endtime of the plan. It may alsointroducean
inconsistengin thetemporaldatabasean whichcasewecan
safelyabandorthe plan. Giventhatthe currentplan should
endaftertheendtime of all previousjobsin thesamebatch
(ts < t7), our objectie functionis to minimize t; without
causingary inconsisteng in the temporaldatabase.Any
remainingties betweensearchnodesafter consideringend
timet; arebrokenin favor of nodeshaving smallerpredicted
makesparvalues(t; t3). In casetherearestill ties, they
arebrokenin favor of the nodethathasthe larger currently
realizedmakespan(t; t4). Thisis analogougo the usual
practiceof breakingtieson f (n) in A* searchin favor of
largerg(n), andencouragefurtherextensionof plansnearer
toagoal. Becaus@ur heuristicis admissibletheplanfound
is optimalaccordingto our objective function.

A planis considerecdompleteif its literalsunify with the
desiredinitial state(step9 in Figure6). After the optimal
planfor ajob is found, the variablebindingsandtemporal
databaseisedfor the planarepassedackto the outerloop
in Figure6 andbecomethe basisfor planningthe next job.
Becausdeasiblewindows are maintainedaroundthe time
pointsin a planuntil the planis releasedo the plant, sub-
sequenplansareallowedto make earlierallocationson the
sameresourcesand pushactionsin earlier planslater. If
suchan orderingleadsto an earlierendtime for the newer
goal,it will beselectedThis providesaway for acomplec
job thatis submittedaftera simplejob to startits execution
in the plantearlier Out of orderstartsare allowed aslong
asall jobsin eachbatch nish in thecorrectorder This can
oftenprovide importantproductiity gains.



Additional Features

Our implementatiorelaborateon the basicalgorithm pre-

sentedabove in certainways. It includesfull supportfor

unboundvariableswhich aretoleratedduring planningbut

are unacceptablen a completeplan. In this sense,it

is a lifted plannerlike SNLP (McAllester and Rosenblitt,
1991). This capability is used,for example,in ensuring
thatsubsequenjbbsin the samebatchendat the samedes-
tination. The destinationactionseachhave an effect like

Dest(D1) All jobs in the samebatchinclude in their

goal the atom Dest(?batch23dest) where the vari-

able ?batch23dest  is sharedamongall the jobs. This

variablewill be boundby the rst job to be planned,and
will constrainthe subsequenjobs. The job speci cation
is elaboratedy including non-codesignationonstrainton

?batch23dest  that preventit from codesignatingwith

variablesrepresentinglestinationof othercurrentbatches.
(The planneris noti ed afterthelastjob in a batch,allow-

ing it to freethe batchs destinatiorfor useby a new batch.
We assumehatthejob sourcedoesnot submitmoreactive

batcheghanthe planthasdestinations.)

Our planneralsochecksfor messagegom the plantcon-
troller duringthe searctprocessThesecanbeof two types:
domainmodelupdatesor executionfailures. In eithercase,
the currentsearchs aborted.This allows usto assumehat
theplanningdomainremainsconstanturingtheplanningof
individual jobs. Domainupdatesare straightforvard modi-

cations of the setof possibleactions. Currently we make

several assumptiongo simplify the handlingof execution
failures.We assumehatthe transportgemainreliable, that

the job continueson its plannedcourse,andthat a diverter
is presentat eachdestinatiorthat,whencommandedby the

planner candivertthefaulty job for disposal.The planners

jobis thusreducedo divertingthebotchedob andany sub-
sequenfobs in the samebatchthat have alreadybeenre-

leasedto the plant. The divertedjobs are then replanned
from scratch.

In additionto unit-capacityresourceconstraintsyve have
found that someactionsrequirestateconstraintsjn which
two allocationsfor the sameresourcemay overlaponly if
they bothrequesthattheresourcébein the samestate.

Experiencein Practice

In collaboratiorwith ourindustrialclient, we have deployed
the plannerto controltwo physicalprototypeplants. These
deploymentshave beensuccessfulandour client currently
anticipatesdevelopmentof a new line of productsspanning
multiple marketsthat crucially dependson this technology
(Precompileglansareunacceptablandhighplantthrough-
putis essential.)rhe planneris writtenin Objectve Caml,a
dialectof ML, andcommunicatesvith thejob submitterand
theplantcontrollerusingASCII text over soclets.To givea
sensef the performancef ourimplementationye present
simulationresultson a variety of plants.Figure8 shavs the
time takento plan eachjob in alarge batch(in secondsn
a2.4GhzP4). The plantmodelusedin this exampleyields
adomainwith 19 actionschemataPlansfor individual jobs
typically usethreeto ve actions.Two versionsareshown,

IDPC —
AC-3 ———

Planning Time (in seconds)

Job Number

Figure8: Simplearc consisteng is fasterthanincremental
directedpathconsisteny.

differing in the algorithmsthey useto managehetemporal
constraints.One usesan incrementaldirectedpath consis-
teng (IDPC) algorithm (Chleq, 1995), which may change
thevalueson edgesn the constraintgraphaswell asintro-
ducenew edgesut requiresonly lineartimeto nd themin-
imumandmaximuminterval betweerary two time pointsin
thedatabaseThe otherusesarcconsisteng (Cenoni etal.,
1994)andmaintainsfor eachpoint its minimum and maxi-
mumtime fromty, thereferencdime point. Onecannoteas-
ily obtainthe exactrelationsbetweenarbitrarytime points,
butthisis rarelyneededluringplanning.New arcsarenever
addedto the network during propagatiorandexisting ones
arenotmodi ed, which meanghatcopying the network for
a new searchnodedoesnot entail copying all the arcs. As
the gure atteststhisresultsin dramatictime savings. Plan-
ningtimein thefasteimplementatiorwasneverlongerthan
50 milliseconds. In this domain,the plannerquickly out-
pacedhe plant—theplanfor job 4 wasreleasedo the plant
justbeforeplanningbeganon job 100. Notethatthis means
the plannercould considerinterleaving actionsin the new
planwith the actionsin 96 previous plans.All of theirtime
pointsand actionsmustbe maintainedin the STN andthe
plan managerand then consultedduring the planningof a
new job. However, thesegjobsall belongto the samebatch,
sothe constrainton endtime ordering,combinedwith goal
regressionguickly eliminatesmostinterleavings.

We also evaluatedthe contribution of the lower bound
computationsn guiding the search. Figure 9 shaws plan-
ning time in a slightly more complex plant, with 16 ma-
chinesand transports,yielding a domainwith 73 action
schemata.Plansheretypically involve ve to ten actions.
Thelower boundclearlyimprovesplanningtime. Although



without bound ——
with bound —--

0.12

0.09

0.06

Planning Time (in seconds)

0.03

0.0-

Job Number

Figure9: Heuristicguidancehelpsevenfor asmallplant.

the differencebetweernD.06and0.11secondsnay seemir-
relevantin most planningresearchwe shouldemphasize
thatin our settingit may determinehe systems feasibility!

Finally, we presentin Figure 10 preliminary measure-
mentsof planningtime usinga large simulatedplantmodel
with 104 machinesand transports, totaling 728 action
schemataPlansheretypically involve over 30 actions.This
testusedsimplejob requestssothe lower boundestimates
wereoftenvery accuratePlanningtime risesquickly above
the 0.2 secondgerjob which we take asour goal, but does
not explode. We believe thatwith the extensionsdiscussed
belon andfurtherimplementatiortuning,we shouldbeable
to handledomainsof this sizereliably.

Relationsto Previous Work

There has beenmuch interestin the last 15 yearsin the
integration of planningand schedulingtechniques.HSTS
(Muscettola,1994)andIxTeT (GhallabandLaruelle,1994)
are examplesof systemshat not only selectandorderthe
actionsnecessarto reachagoal,but alsospecifyprecisesx-
ecutiontimesfor theactions.However, thesesystemsareof-
tendemonstratedn complex domainssuchasspacecrafor
mobile robot controlwhich canbe dif cult to simulateand
thus make awkward benchmarks. Most populartemporal
planningbenchmarlkdomainsare off-line in the sensethat
the planners speeddoesnot affect solutionquality. There
remainsa needfor a simpleyetrealisticbenchmarldomain
that combineselementsof planningand scheduling,espe-
cially in anon-linesetting.

Fromherz Sarasvat, and Bobrow (1999)discusson-line
constraint-basedchedulingmethodsfor controlling physi-
calmachinesalthoughthey useprecomputeglansandtheir
formalizationcannotmodelsystemssuchasourswith pos-
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Figure 10: Runningtimesincreaseput do not necessarily
explodefor large plants.

siblecyclesin the plantgraphandhenceanin nite number
of potentialplans(seeFigure?2).

Our domain formalization lies between partial-order
schedulingand temporal PDDL. Becausethe optimal ac-
tions neededo ful ll ary givenjob requestmay vary de-
pendingon the otherjobsin the plant, the sequencef ac-
tionsis not predeterminednd classicalschedulingformu-
lationssuchasjob-shopschedulingor resource-constrained
projectschedulingare not expressie enough.This domain
clearlysubsumegb-shopand o w-shopschedulingprece-
denceconstraintscan be encodedy uniquepreconditions
andeffects.Openshopschedulingjn which onecanchoose
theorderof apredeterminedetof actionsfor eachjob, does
not capturethe notion of alternatve sequencesf actions
and is thus alsotoo limited. The positive planningtheo-
ries of Palaciosand Geffner (2002) allow actionsto have
real-valueddurationsandto allocateresourceshut they can-
not deleteatoms. This meangthatthey cannotcaptureeven
simple transformationdike movementthat are fundamen-
tal in our domain. In fact, optimal plansin our domain
may eveninvolve executingthe sameactionmultiple times,
somethingthat is always unnecessaryn a purely positive
domain. However, the numericeffectsandfull durative ac-
tion generalityof PDDL2.1 are not necessary Becauseof
theon-line natureof thetaskandtheunambiguousbjective
function, thereis an additionaltrade-of in this domainbe-
tweenplanningtime andexecutiontime thatis absenfrom
muchprior work in planningandscheduling.

Although we presentour systemas a temporalplanner
it ts easilyinto the tradition of constraint-basedchedul-
ing (Smith and Cheng,1993). The main differenceis that
actions'time pointsandresourceallocationsare addedin-



crementallyratherthanall being presentat the startof the
searchprocess.The centralprocesf identifying temporal
con icts, postingconstraintgo resohe them,and comput-
ing boundsto guide the searchremainsthe same. In our
approachwe attemptto maintaina con ict-free schedule
ratherthanallowing contentiorto accumulat@ndthencare-
fully choosingwhich con icts to resole rst.

Our currentplannerusesa hybrid state-spacandpartial-
order searchframavork. While maintainingpartial order
ingsbetweeractionsseemsecessario mitigateourjob-at-
a-timegreedystrateyy, the planningfor individualjobsneed
not necessarilyake the form of state-spaceegression.We
have consideredforwardsearchstratgy, suchasemployed
by mary state-of-the-aplannersuchasFF (Hoffmannand
Nebel,2001). Initial investigationand preliminary empiri-
cal comparisonshavedthatwhile a progressiorplanneris
easierto implementandis also easierto extendto handle
additionaldomaincomplexities, the performanceof the re-
gressionplanner(usingthe sameheuristic)is signi cantly
betterin mary problems.This seemgo beduemainlyto the
temporalconstrainenforcingthata givenjob shouldendaf-
ter the endtime of all the previous jobsin the samebatch.
This constraintnteractswell with searchingbackwardfrom
the goal,immediatelyconstraininghe endtime of the plan.
Togetherwith the constraintthat actionsmustakut in time,
mary possibleorderingsfor resolvingresourcecontention
areimmediatelyruledout. For example thecurrentjob can-
not be transportedo its destinatiorbeforethe previousjob
in the samebatch. In addition,someorderingsmayimme-
diately pushthe endtime of the plan even later, furtherin-
forming the nodeevaluationfunction.

Whenplanningin theforwarddirection,the plannerben-
e ts slightly from avoidinglogical statesvhich areunreach-
ablefrom theinitial state.However, without a similar tem-
poral constraintfor the rst actionin the plan,few resource
allocationorderingscan be prunedand the branchingdue
to resourcecontentionincreasesn direct proportionto the
numberof plansfor previous jobs maintainedin the plan
manager Furthermore,the end time of the plan rarely
changesuntil far into the planning processesmaking the
heuristiclessuseful. In short, for the rst job, the perfor
manceof forward or backward plannersare similar, while
asthe numberof plansmanagedby the plan managetin-
creasesthe backward plannerseemso performbetter We
arealreadyinvestigatingscenariosn ourapplicationdomain
wherethereis no constrainton the end time of a job and
wheretheobjective functionis notto minimizetheendtime.
In thesecaseswe believe forward searchmay prove more
usefulthanregression.

In our currenton-line setting, even thoughwe plan for
multiple jobsbelongingto differentbatcheswe build plans
for a singlejob atthetime. Evenif thereare several sub-
mittedjobswaiting to be plannedthis strateyy is reasonable
giventhatjobsarrivedin sequencend, until the arrival of
the last job, we do not know how mary jobs arein each
batchandwhenwill the plannerreceve the individual job
speci cations.Our basicapproactof coordinatingseparate
state-spacasearchewia temporalconstraintsmay well be
suitablefor other on-line planningdomains. By planning

for individual jobsandmanagingnultiple plansatthe same
time, our strat@y is similar in spirit to plannersthat parti-
tion goalsinto subgoalsandlater mege plansfor individual
goals(WahandChen,2003;KoehlerandHoffmann,2000).
In our framework, eventhougheachjob is plannediocally,
the plan manageralongwith the global temporaldatabase
ensureghatthereare no temporalor resourcenconsisten-
ciesat ary stepof the search. It would be interestingto
seeif the samestratgy could be usedto solve partitionable
STRIPSplanningproblemseffectively.

PossibleExtensions

While the results we have presentedindicate that our
“optimal-perjob’ stratgyy seemsefcient enough,further
work is neededo assesshe drop in quality that would be
experiencedy amoregreedystratgy, suchasalwaysplac-
ing the currentjob's resourceallocationsafter thoseof ary
previousjob. Similarly, duringa lull in job submissionsit
mightbebene cialto planmultiple jobstogetherbacktrack-
ing throughthe possibleplansof the rst in orderto nd
an overall fasterplan for the pair together Jobsthat have
beenplannedout whoseplanshave not beenreleasedo the
plantrepresenbpportunitiesfor reconsideratiorn light of
thenewerjobssubmittedmorerecently

The most pressingextensionconcernghe heuristic: we
would like to take somemutex relationsinto accountin
our heuristicusingsomethingsimilar to theH 2 function of
HaslumandGeffner (2001)or thetemporalplanninggraph
of SmithandWeld (1999). Our initial experimentalresults
in this directionarequite encouraging.

Initial investigationsith agroundedversionof our plan-
nerhave alsobeenpromising,takingabouthalf thetime per
searchnodeasthe currentlifted scheme.If our planneris
still too slow for large con gurations, we are planningto
investigatenon-optimalplanningfor individual jobs.

Our handling of execution failures currently makes a
numberof strongassumptionsand we would like to in-
vestigateon-linereplanningof jobsthathave alreadybegun
execution.Our implementatioralsocurrentlydeletesnfor-
mationon completedobs from the temporaldatabasenly
when the machineis idle—this mustbe x ed beforetrue
productiondeployment.

Another direction is to investigatea different objective
entirely: wearandtear Under this objective, one would
like the differentmachinesn the plantto be usedthe same
amountoverthelong term. However, becausenachinesare
often cycled down whenidle for along periodandcycling
themup introducesweat onewould lik e recently-usedana-
chinesto be selectedagainsoonin the shortterm.

Conclusions

We describeda real-world manufcturingdomainthat re-
quiresa novel on-line integrationof planningand schedul-
ing and we formalized it using a temporal extension of
STRIPSthatfalls betweerpartial-ordeischedulingandtem-
poralPDDL. We presented hybrid plannerthatusesstate-
spaceregressionon a perjob basis,while usinga tempo-
ral constraininetwork to maintain e xibility andresohere-



sourceconstraintacrosgobs. No domain-dependesearch
controlheuristicsarenecessaryo controla plantof 16 ma-
chinesin realtime, althoughfurtherwork will be necessary
to scaleto our ultimate goal of hundredsof machineswith
ten or morejobs per second.Our work providesan exam-
ple of how Al planningandschedulingcan nd real-world
applicationnot just in exotic domainssuchasspacecrafor
mobile robot control, but also for commondown-to-earth
problemssuchasmanufcturingprocessontrol.
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