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Abstract

We describea realmanufacturingproblemthat lies between
job shopschedulingandtemporalplanning.Thesettingis on-
line in thesensethatnew jobsarriveasynchronously, perhaps
several per second,while plansfor previous jobs arebeing
executed.We formalizetheproblemasa variantof STRIPS
extendedwith actiondurationsandresources.We presenta
hybrid algorithmfor this problemthat combinestechniques
from partial-orderschedulingandstate-spaceplanning. No
domain-speci�csearchcontrol is used. Our currentimple-
mentationsuccessfullycontrolstwo prototypeplantsandour
technologyis anticipatedto enableanew line of products.By
integratingplanningandscheduling,we enablehigh produc-
tivity evenfor complex plants.

Intr oduction
Thereis currentlygreatinterestin extendingplanningand
schedulingtechniquesto handlemore of the complexities
found in real industrial applications. For example,PDDL
(Fox andLong,2003)hasbeenextendedto handlecontinu-
ousquantitiesanddurativeactions.Thereareadditionaldi-
mensionsto planningcomplexity besidesexpressivity, how-
ever. In this paper, we describea manufacturingproblem
domainthatemphasizeson-linecontinualproblemsolving.
The domainsemanticsaremore complex that in job shop
schedulingbut simpler in many ways than PDDL2.1. A
probleminstancespeci�esa manufacturingplantconsisting
of several machinesanda seriesof jobs to be completed,
eachof which might require several actionson different
machines.As in classicalscheduling,resourceconstraints
are essentialbecausethe machinesin the plant often can-
not performmultiple actionsat once. But actionselection
and sequencingare also requiredbecausea given job can
usuallybeachievedusingseveraldifferentsequencesof ac-
tions. Moreover, in our settingthe set of jobs is only re-
vealedincrementallyover time,unlike in classicaltemporal
planningwherethe entire probleminstanceis available at
once. And in contrastto muchwork on continualplanning
(desJardins,Durfee,Ortiz, andWolverton,1999),we must
producea completeplan for eachjob beforeits execution
canbegin.
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After discussingthis problemdomainin moredetail,we
will presentour currentsolution: anon-line temporalplan-
nerthatcombinesconstraint-basedschedulingwith heuristic
state-spaceplanning. Jobsareoptimally plannedon an in-
dividual basis,in orderof arrival, without reconsideringthe
plansselectedfor previousjobs. To mitigatetherestrictive-
nessof this greedyscheme,we representactiontimesusing
temporalconstraintsinsteadof absolutetimes. By main-
tainingtemporal�e xibility aslong aspossible,we canshift
plansfor older jobs later in time to make roomfor starting
a new job earlierif that improvesoverall plant throughput.
Although this basicarchitectureis speci�cally adaptedto
our on-line setting,the plannerusesno domain-dependent
searchcontrolknowledge.We presentsomeempiricalmea-
surementsdemonstratingthatsigni�cant plantscanbecon-
trolled by the plannerwhile meetingour real-timerequire-
ments.Our integratedon-lineapproachallowsusto achieve
high throughputevenfor complex plants.

A Simple Manufacturing Domain
Thedomainis basedonarealmanufacturingprocesscontrol
problemencounteredby oneof our industrialclients. The
applicationis reminiscentof `masscustomization,' in which
mass-producedproductsareclosely tailoredandpersonal-
ized to individual customers'needs.It alsosharescharac-
teristicswith documentprinting,althoughon a muchlarger
scale. It involvesplanningandschedulinga seriesof job
requestswhich arrive asynchronouslyover time. The plant
runsathighspeed,with severaljob requestsarrivingpersec-
ond,possiblyfor many hours.Eachjob requestcompletely
describestheattributesof adesired�nal product.Theremay
be several different sequencesof actionsthat can be used
to producea given job. The planningsystemmustdecide
how to manufactureall of the desiredproductsasquickly
aspossible. In other words, it mustdeterminea plan and
schedulefor eachjob suchthattheendtime of theplanthat
�nishes last is minimized. This is an on-line taskbecause
the setof jobs grows astime passes.In fact, becauseit is
thereal-world wall clockendtimethatwewantto minimize
andbecausethejob cannotstartuntil it is planned,thespeed
of the planneritself affects the valueof a plan! However,
theplant is oftenat full capacity, andthustheplannerusu-
ally needonly planat therateat which jobsarecompleted,
which againmay be several per second. While challeng-
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Figure1: Thesystemarchitecture,with theplanningsystemindicatedby thedashedbox.
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Figure2: A schematicview of a manufacturingplant.

ing, thedomainis alsoforgiving: feasibleschedulescanbe
found quickly, sub-optimalplansare acceptable,and plan
executionis relatively reliable. Figure1 indicatesthe rela-
tionshipbetweentheplanningsystemandtheplant.Wewill
discusstheplanningsystemitself in detailbelow.

Thetypicalplantsin ourapplicationcanbeschematically
representedasa network of transportslinking multiple ma-
chines(Figure2). A typicalplantmighthaveanywherefrom
a few to a few hundredmachinesand transports. Un�n-
ishedblocksof raw materialcanentertheplantfrom multi-
ple sourcesandcompletedjobscanexit at multiple destina-
tions.Transportstakea known time to convey jobsbetween
machines.Eachmachinehasa limited numberof discrete
actionsit can perform, eachof which hasa known dura-
tion andtransformsits input in a known deterministicway.
Thesedurationsmay vary over threeordersof magnitude.
For simplicity, we currentlyonly consideractionsthatma-
nipulatesingleblocksof materialatatime. Actionsmaynot
split a block into two piecesfor usein differentjobsor join
multiple blocks from differentpathsin the plant together.
Thismeansthatasinglejob mustbeproducedfrom asingle
unit of material,therebycon�ating jobs with materialand
allowing plansto bea linearsequenceof actions.In our do-
main, adjacentactionsmustmeetin time; materialcannot
be left lingering insidea machineafter an actionhascom-
pletedbut must immediatelybegin beingtransportedto its
next location.

Most manufacturingactionsrequirethe useof physical
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Figure3: Stagesin thelife of a job in theplanningsystem.

plantresources,soplanningfor laterjobsmusttake into ac-
count the resourcecommitmentsin plansalreadyreleased
for production.Typically therearemany feasibleplansfor
any given job request;the problemis to quickly �nd one
that �nishes soon. The optimal plan for a job dependsnot
only on the job request,but also on the resourcecommit-
mentspresentin previously-plannedjobs. Any legal series
of actionscanalwaysbeeasilyscheduledby pushingit far
into thefuture,whentheentireplanthasbecomecompletely
idle, but of coursethis is notdesirable.

Additional Complications
In our application,the plannercommunicateson-line with
thephysicalplant,controllingproductionandrespondingto
executionfailures(right side of Figure 1).1 After a com-
pletedplan is transferredto the lower-level plantcontroller
software,theplannercannotmodify it. Thereis thussome
bene�t in releasingplansto the plant only whentheir start
timesapproach.Figure3 shows the differentstagesa job
passesthroughin our system.In the �gure, time advances

1In fact,theplantmayalsorejectplansoutrightwithoutexecut-
ing them.Weignorethis complicationin our presentation.



Job-23
initial: Location(Job-23,Some-Source)

Uncut(Job-23)
Color(Job-23,Raw)
: Aligned(Job-23)

goal: Location(Job-23,Some-Destination)
HasShape(Job-23,Cylinder-Type-2)
Polished(Job-23)
Clean(Job-23)
Color(Job-23,Blue)

background: CanCutShape(Machine-2,Cylinder-Type-2)
batch: 5

Figure4: A samplejob speci�cation,includingbackground
literals.

downwardso plansstartingearlierarehigherin the �gure.
Notethatjobs3 and4 havebeenplannedbut notyetreleased
from theplanmanagerto theplant.

Jobsaregroupedinto batches.A batchis anorderedsetof
jobs,all of whichmusteventuallyarriveat thesamedestina-
tion in thesameorderin which they weresubmitted,sothat
they may be immediatelypacked anddeliveredto the end
customer. Multiple batchesmaybein productionsimultane-
ously, althoughbecausejobs from differentbatchesarenot
allowed to interleave at a singledestination,thenumberof
concurrentbatchesis limited by thenumberof destinations.

Occasionallya machineor transportwill breakdown, in
effect changingthe planningdomainby removing the re-
lated actions. The plant is also intentionally recon�gured
periodically. This meansthatprecomputinga limited setof
canonicalplansandlimiting on-linecomputationto schedul-
ing only is not desirable.For a largeplantof 200machines,
thereareinfeasiblymany possiblebrokencon�gurationsto
consider. Dependingonthecapabilitiesof themachines,the
numberof possiblejob requestsmay also make plan pre-
computationinfeasible.Furthermore,eventhebestprecom-
putedplanfor a givenjob maybesuboptimalgiventhecur-
rentresourcecommitmentsin theplant.

To summarize, our domain is �nite-state, fully-
observable, and speci�es classicalgoals of achievement.
However, planningis on-linewith additionalgoalsarriving
asynchronously. Actionshavereal-valueddurationsanduse
resources.Plansfor new goalsmustrespectresourceallo-
cationsof previousplans.Executionfailurescanoccur, but
arerareenoughthat,at leastin ourcurrentsolution,wedon't
explicitly planaheadfor them.

Modeling the Domain
This manufacturingdomaincanbe modeledby a straight-
forward temporalextensionof STRIPS.As in PDDL, we
distinguishbetweentwo typesof input to the planner. Be-
fore planningbegins,a domaindescriptionscontaininglit-
eralandactiontemplatesis provided(topof Figure1). Then
the problem descriptionsarrive on-line, containinginitial
andgoalstates,whicharesetsof literalsdescribingthestart-
ing anddesiredcon�gurations(left of Figure1). A simple
examplejob speci�cationis givenin Figure4. In thisexam-

CutOn2(?block)
preconditions: Location(?block,Machine-2-Input)

Uncut(?block)
Aligned(?block)
CanCutShape(Machine-2,?shape)

effects: Location(?block,Machine-2-Output)
: Location(?block,Machine-2-Input)
HasShape(?block,?shape)
: Uncut(?block)
: Aligned(?block)

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

Figure5: A simpleactionspeci�cation.

ple,Some-Source andSome-Destination arevirtual
locationswhereall sourcesor destinationsareplaced.In ad-
dition to job-dependentliterals, sometimesit is convenient
to specifyactionsusingpreconditionsthat refer to literals
that are independentof the particulargoalsbeing sought.
This `backgroundknowledge'aboutthedomainis supplied
separatelyin thejob speci�cation,althoughit couldalsobe
compiledinto theactionspeci�cations.In our example,the
possibleshapesthata machinecancut arespeci�ed in this
way.

Themovementof materialby transportsandthetransfor-
mationof materialby machineactionscanbedirectly trans-
latedfrom theplantmodelinto traditionallogical precondi-
tions andeffectsthat testandmodify attributesof the ma-
terial. A simpleexampleis given in Figure5. Our action
representationis similar to thedurativeactionsin PDDL2.1
with actionshaving speci�ed real-valueddurationbounds.
Although the exampleshows a constantduration,onemay
also specify upper and lower boundsand let the planner
choosethedesireddurationof theaction.(This is helpfulfor
modelingcontrollable-speedtransports.)The intendedse-
manticsis thatthelogical effectsbecometrueexactlywhen
theaction's durationhaselapsed.Thenotableextensionof
our representationover PDDL2.1is theexplicit representa-
tions of resources.Actions can specify the exclusive use
of unit-capacityresourcesfor time intervals speci�ed rela-
tive to theaction's startor endtimes. For example,theCu-
tOn2actionin Figure5 speci�esexclusive useof theM-2-
Cutterfrom 5.9secondsafterthestartof theactionuntil 3.7
secondslater. Machineswith several independentresources
or with actionsthat have shortallocationdurationsrelative
to theoverall actiondurationcanwork on multiple jobssi-
multaneously, so locationsandresourceallocationsarenot
equivalent. In PDDL, arbitrarypredicatescanbe madeto
holdat thestart,end,or over thedurationof anaction.This
expressivity is notneededin our domain.

To summarize,therearetwo inputsto theplanner:

� A domainis a setof actions,eachof which is a 4-tuple
a = hPre; Eff; dur; Alloci , where Pre and Eff are sets
of literals representingtheaction's preconditionsandef-
fects;dur ispairhlower; upperi of scalarsrepresentingthe
upperandlowerboundsonactionduration;andAlloc is a
setof tripletshres; offset; duri indicatingthatactiona uses



OnlinePlanner
1. planthenext job
2. if anunsentplanstartssoon,then
3. foreachplan,from theoldestthroughtheimminentone
4. clampits time pointsto theearliestpossibletimes
5. releasetheplanto theplant

PlanJob
6. searchqueue f �nal stateg
7. loop:
8. dequeuethemostpromisingnode
9. if it is theinitial state,thenreturn
10. foreachapplicableoperator
11. undoits effects
12. addtemporalconstraints
13. foreachpotentialresourcecon�ict
14. generateall orderingsof thecon�icting actions
15 enqueueany feasiblechild nodes

Figure6: Outlineof thehybridplanner.

resourceresduringaninterval [sa + offset; sa + offset+
dur] wheresa is thestartingtimeof a.

� A problemdescriptionfor a particularjob is a 4-tupleof
hbatch; Initial ; Goal; Backgroundi , wherebatch is abatch
id andInitial , Goal, andBackgroundaresetsof literals.

Givena domaindescription(top of Figure1) anda low-
level delayconstanttdelay capturingthe latency of theplant
controllersoftware,theplannerthenacceptsastreamof jobs
arriving asynchronouslyover time (left side of Figure 1).
This streamcorrespondsto the standardnotion of a PDDL
probleminstance. For eachjob, the plannermust eventu-
ally returna plan: a sequenceof actionslabeledwith start
times(in absolutewall clock time) that will transformthe
initial stateinto thegoalstate.Any allocationsmadeon the
sameresourceby multiple actionsmustnot overlapin time.
Happily, plansfor individualjobsareindependentexceptfor
theseinteractionsthroughresources.Additional constraints
on theplannerinclude1) plansfor jobswith thesamebatch
id must�nish at thesamedestination,2) plansfor jobswith
thesamebatchid must�nish in thesameorderin which the
jobs were submitted,3) the �rst action in eachplan must
not begin soonerthantdelay secondsafter it is issuedby the
planner, and4) subsequentactionsmustbegin at timesthat
obey thedurationconstraintsspeci�ed for the previousac-
tion (thusit is assumedthatthepreviousactionendsjust as
thenext actionstarts).

A Hybrid Planner
We have implementedour own temporalplannerusingan
architecturethatis adaptedto thison-linedomain.Theover-
all objective is to minimizetheendtime of theknown jobs.
We approximatethis by optimally planningonly onejob at
a time insteadof reconsideringall unsentplans.As we will
seebelow, the large numberof potentialplansfor a given
job andthecloseinteractionbetweenplansandtheir sched-
ulesmeansthat it is muchbetterto processschedulingcon-

straintsduringtheplanningprocessandallow themto focus
planningon actionsthatcanbeexecutedsoon.Theplanner
usesstate-spaceregressionto planeachjob,but maintainsas
muchtemporal�e xibility aspossiblein theplansby usinga
simpletemporalconstraintnetwork (STN) (Dechter, Meiri,
andPearl,1991).Thisnetwork representsa feasibleinterval
for eachtime point in eachplan. Time pointsarerestricted
to occurat speci�c singletimesonly whenthepostedcon-
straintsdemandit. Becausetheplannermaintainsthepartial
ordersbetweendifferentactionsin plansfor different jobs
throughtheSTNwhile conductingthebackwardstate-space
search,it canbeseenasahybridbetweenstate-spacesearch
andpartial-orderplanning.A sketchof theplanneris given
in Figure6. Theouterloopcorrespondsto theplanmanager
in Figure1.

After planninganew job, theouterloopchecksthequeue
of plannedjobs to seeif any of thembegin soon(step2).
It is imperative to recheckthis queueon a periodicbasis,so
`soon'is de�nedto bebeforesomeconstantamountafterthe
currenttimeandweassumethatthetimeto planthenext job
will besmallerthanthisconstant.Thevalueof thisconstant
dependson the domainandis currentlyselectedmanually.
If this assumptionis violated,we caninterruptplanningthe
next job andstartover later. As plansarereleasedandexe-
cute,resourcecontentionwill only decrease,so the time to
planthenew job shoulddecreaseaswell. It is importantthat
new temporalconstraintsareaddedby the outer loop only
betweentheplanningof individual jobs,aspropagationcan
affect feasiblejob endtimesandthuscould invalidatepre-
viously computedsearchnodeevaluationsif planningwere
underway.

Dueto detailsof theplantcontrollersoftware,theplanner
must releasejobs to the plant in the sameorder in which
they weresubmitted.Thismeansthatjobssubmittedbefore
any imminent job must be releasedalong with it (step3).
Only at this stageare the allowable intervals of the job's
time pointsforcibly reducedto speci�c absolutetimes(step
4). Sensiblyenough,we askthat eachpoint occurexactly
at theearliestpossibletime. Becausethetemporalnetwork
usesa completealgorithm(a variationon Cervoni, Cesta,
andOddi,1994)to maintaintheallowablewindow for each
time point, we areguaranteedthat the propagationcaused
by this temporalclampingprocesswill not introduceany
inconsistencies.

Planning Indi vidual Jobs

Whenplanningindividual jobs,theregressedstaterepresen-
tationcontainsthe(possiblypartially-speci�ed)stateof the
job. Thestartandendof eachactionandeachresourceal-
locationarerepresentedby timepointsin the temporalnet-
work. Temporalconstraintsareusedto representtheorder
anddurationsof actionsandto resolve resourcecontention.
Action schemataarekept in lifted form—variablescanap-
pearin statesbut mustbeboundin the�nal plan.A* search
is usedto �nd theoptimalplanfor thejob, in thecontext of
all previous jobs. We will discussthe staterepresentation,
regressionsemantics,branchingrule,andobjectivefunction
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 state is a 4-tuple
hLiterals; Bindings; Tdb; Rsrcsi in which

Literals describestheregressedlogical stateof thecurrent
job.

Bindings arethevariablebindingsfor all thevariablesoc-
curring in literalsassociatedwith any plannedjob. Thus,
in Figure3, the variablebindingsareusedto groundall
lifted actionsin theplansfor jobs1–4andactionsin the
partialplanfor job 5.

Tdb is the temporaldatabaserepresentedasa simpletem-
poral network (STN) containingall known time points
and the currentconstraintsbetweenthem. Examplesof
time points include the start/endtimes of actionsor re-
sourceallocations. As soonasa plan for a given job is
sentto the plant (jobs 1 and2 in Figure3), time points
associatedwith thatplanin theTdbareno longerallowed
to �oat but areclampedat their lowerbounds.

Rsrcs is the set of currentresourceallocations. Eachre-
sourceallocationis of theform hres; tp1; tp2 i with resis a
particularresourceandtp1; tp2 aretwo time pointsin the
Tdbrepresentingthedurationresis allocatedto someac-
tion. Notethattherearemultiple resourcesin thedomain
andeachresourcecanhavemultiple(non-overlapping)re-
sourceallocations.

RegressionSemantics Thelogical goalstateof a job can
consistof bothpositiveandnegativeliterals. Eachregressed
logical statein our planneris a 3-tupleL = hL t ; L f ; L u i
whereL t , L f , and L u are the disjoint setsof literals that
aretrue, false,andunknown (or `don't care'), respectively
(Le, Baral,Zhang,andTran,2004).Thedistinctionbetween
falseandunknown literals is importantin our domainbe-
causetheremay be �ne-grained restrictionson the accept-
ablevaluesfor unspeci�edattributesof the job. If Pre+ (a)
and Pre� (a) are the setsof positive and negative precon-
ditions andAdd(a) andDel(a) arethe setsof positive and
negativeeffectsof actiona, thentheregressionrulesusedto
determineactionapplicability (step10 for Figure6) andto
updatethestateliterals(step11) are

Applicability Action a is applicableto the literal setL if
1) noneof its effectsare inconsistentwith L and2) any
preconditionsnot modi�ed by the effects of a are con-
sistentwith L . More formally, 1) (Add(a)

T
L f = ; ) ^

(Del(a)
T

L t = ; ), and2) (Pre+ (a)
T

L f � Del(a)) ^
(Pre� (a)

T
L t � Add(a)) .

In many planningsettings,anadditionalcriterion for ap-
plicability canbeaddedwithoutdestroyingcompleteness:
at leastoneeffect of a mustmatchL ((Add(a)

T
L t 6=

; ) _ (Del(a)
T

L f 6= ; )). This is not necessarilyvalid
in oursettingbecauseaddinga `no-op' actiona maygive
moretime for an existing resourceallocationto run out,
enablingotheractionsto be usedwhich might leadto a
shorterplan.

Update Theregressionof L = hL t ; L f ; L u i over anappli-

cableactiona is derivedby undoingtheeffectsof a and
unioningtheresultwith a'spreconditions.For agivenlit-
erall modi�ed byaneffectof a, its statuswill beunknown
in theregressedstateunleastit is alsospeci�edby a cor-
respondingpreconditionof a (e.g.,: l is apreconditionof
a). More formally, 1) L t = (L t n Add(a))

S
Pre+ (a);

2) L f = (L f n Del(a))
S

Pre� (A); and 3) L u =
(L u

S
(Add(a)

S
Del(a))) n (Pre+ (a)

S
Pre� (a))

Giventhat jL f j is usuallymuchlarger thanjL u j in our do-
main, we explicitly storeL t andL u in our currentimple-
mentationandassumethatall otherliteralsbelongto L f .

Although it is not usually the casein our domain, we
shouldnote that if the goal statewere always fully spec-
i�ed (with no unknown literals) andevery action's effects
hadcorrespondingpreconditions,all stateswould be fully
speci�ed. Onecould thensimplify the logical staterepre-
sentationto L = hL t ; L f i andsimplify theregressionrules
to

Applicability Action a is applicableif f all its effectsmatch
in L : Add(a) � L t andDel(a) � L f .

Update Regressing hL t ; L f i through a gives h(L t n
Add(a))

S
Del(A); (L f n Del(a))

S
Add(a)i

Branching rule While the �rst stepin creatingregressed
statesis to branchovertheactionsapplicablein L , eachcan-
didateaction a can in fact result in multiple child nodes
due to resourcecontention. Someschedulingalgorithms
usecomplex reasoningover disjunctiveconstraintsto avoid
prematurebranchingon orderingdecisionsthat might well
be resolvedby propagation(BaptisteandPape,1995). We
take a differentapproach,insistingthat any potentialover-
lapsin allocationsfor thesameresourceberesolvedimme-
diately. Temporalconstraintsarepostedto orderany poten-
tially overlappingallocations(step14 in Figure6) andthese
changespropagateto the actiontimes. Becauseactiondu-
rationsarerelatively rigid in typical plants,this aggressive
commitmentcanpropagateto causechangesin thepotential
endtimesof aplan,immediatelyhelpingto guidethesearch
process.Becausemultiple orderingsmaybepossible,there
maybemany resultingchild searchnodes.

For example,in Figure3, assumethata is thecurrentcan-
didateactionwhensearchingfor a planfor job 5 andthata
usesresourcer for a duration[s;e]. We alsoassumethat
thereare n actionsin the plansfor jobs 1–4 that also use
r , implying n existingnon-overlappingresourceallocations
[s1; e1]::::[sn ; en ] andcorrespondingtimepointsin thetem-
poral database.Whentrying to allocater for a, oneobvi-
ousandconsistentchoiceis putting it after all otherprevi-
ousallocationsby addingthe temporalconstrainten < s.
However, therecan also be gapsbetweenthe existing al-
locations[si ; ei ], allowing us to post constraintssuch as
ei < s < e < si +1 . Eachsuchpossibleallocationfor r
generatesa distinctchild nodein thesearchspace.Because
actiona canuseseveral different resourcesr , the number
of branchesis potentially quite large. However, immedi-
ately resolvingany potentialoverlapsin allocationsfor the
sameresourceavoidstheintroductionof disjunctionsin the
temporalnetwork, maintainingthe tractability of temporal



timet1 t2 t3 t4 t5 t6 t7

end time of
current plan

end time of
prev. job
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remaining
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planning

time

earliest
start time

planning
start time

Figure7: Importanttime pointsfor constructingandevalu-
atingaplan.

constraintpropagation.
The plannerhas many attributesof a state-basedplan-

ner: it maintainsa totally speci�ed logical stateand uses
regressionto branchon applicableactions. However, it
also brancheson partial orders introducedto resolve re-
sourcecontentionbetweenactionsin plansfor differentjobs.
Therefore,ourplannercanbeseenasacombinationof both
state-spaceregressionandpartial-orderplanning. This hy-
brid behavior is also re�ected in the plan representation.
While theplanfor asinglejob is a total-orderedsequenceof
actions,therearepartialordersbetweenactionsthatbelong
to plansof differentjobs.Dueto thesepartialorderings,the
startingtimesof all actionsin theplansthatbelongto jobs
not yet sentto theplant(jobs3–5in Figure3) arenot �x ed
but merelyconstrainedby thelowerandupperboundsin the
temporaldatabase.

The actionsin a plan for a single job aresequentialand
abut eachotherin time. Figure7 illustratessomeof therel-
evant time points. In this �gure, planningstart time refers
to the real-world clock time at which the planningprocess
started,earliest-start-time= current wall time + predicted
planningtime is theestimatedtime at which we will �nd a
planfor thecurrentjob andthusis theearliesttime thatany
actioncanbe scheduledto begin. A plan is constrainedto
endafterthosefor previousjobsin thesamebatch(t6 in the
�gure), but is notnecessarilyconstrainedto startafteror be-
fore plansfor previousjobs. Thestarttime of anaction(t4,
for example)is constrained(step12 in Figure6) to occur
beforetheendtime (t5), accordingto theaction's duration,
andafterthetime we arepredictedto bedoneplanningthis
job (t2).

TheremainingcomponentBindingsof theregressedstate
is updatedwith the variablebindingsnecessaryfor the in-
stantiationof a to matchwith theregressedlogical stateL .

At every branchin the planner's searchspace,we either
modify the logical statedifferently or introducedifferent
temporalconstraintsin orderto resolveresourcecontention.
Becauseeachbranchresultsin adifferentirrevocablechoice
thatis re�ectedin the�nal plan,thestateateachnodein the
planner's searchtreeis unique. Therefore,we do not need
to considerthe problemof duplicatingsearcheffort dueto
reachingthesamestateby two differentsearchpaths.

Objective function Our overall objective function is to
minimize the earliestpossibleendtime of the plan for the
currentjob. Becauseit is constrainedto endafter thecom-

pletion time of all theotherjobs in thesamebatch,theob-
jectivefunctionis essentiallyminimizingtheendtimeof the
batchof jobs involving thecurrentjob. To supportthis ob-
jectivefunction,theprimarycriterionevaluatingthepromise
of apartialplan(step8 in Figure6) is theestimateof theear-
liestpossibleendtime of thepartialplan'sbestcompletion.

To improve our estimatesof this quantity, we compute
a simplelower boundon the additionalmakespanrequired
to completethe currentplan. We usea schemesimilar to
theh1

T heuristicof HaslumandGeffner (2001)by building
thebi-level temporalplanninggraphSmithandWeld(1999)
withoutmutex andresourcecontentionconstraintsthatesti-
matesthefastestway to achievethelogical stateL . Starting
from theinitial state(andbackgroundknowledge),weapply
all applicableactions,labelingeachresultingliteral thatwas
not previously known with the endtime of the actionused
to produceit. The new literals may help enablenew ac-
tions,whicharethenapplied,possiblyproducingyet further
new literals. This processcontinuesuntil eitherall literals
in L = hL t ; L f i have beenproducedor no new literalscan
be made. Our lower boundis thenthe maximumover the
timestakento producethe individual literal in L (in�nity if
a literal cannotbeproduced).

This heuristicvalueis indicatedin Figure7 by estimated
remainingmakespan. It is insertedbeforethe �rst action
in thecurrentplan(t4) andaftertheearliestplan'sstarttime
(t2). By addingtheconstraintt2 < t3, theinsertionmaythus
changethe endtime of the plan. It may also introducean
inconsistency in thetemporaldatabase,in whichcasewecan
safelyabandontheplan. Giventhat thecurrentplanshould
endaftertheendtime of all previousjobsin thesamebatch
(t6 < t7), our objective function is to minimize t7 without
causingany inconsistency in the temporaldatabase.Any
remainingties betweensearchnodesafter consideringend
timet7 arebrokenin favorof nodeshavingsmallerpredicted
makespanvalues(t7 � t3). In casetherearestill ties, they
arebrokenin favor of thenodethathasthe largercurrently
realizedmakespan(t7 � t4). This is analogousto theusual
practiceof breakingties on f (n) in A* searchin favor of
largerg(n), andencouragesfurtherextensionof plansnearer
to agoal.Becauseourheuristicis admissible,theplanfound
is optimalaccordingto ourobjective function.

A planis consideredcompleteif its literalsunify with the
desiredinitial state(step9 in Figure6). After the optimal
plan for a job is found, the variablebindingsandtemporal
databaseusedfor theplanarepassedbackto theouterloop
in Figure6 andbecomethebasisfor planningthenext job.
Becausefeasiblewindows aremaintainedaroundthe time
pointsin a plan until the plan is releasedto the plant, sub-
sequentplansareallowedto make earlierallocationson the
sameresourcesand pushactionsin earlier plans later. If
suchan orderingleadsto an earlierendtime for thenewer
goal,it will beselected.This providesa way for a complex
job that is submittedaftera simplejob to startits execution
in the plant earlier. Out of orderstartsareallowed aslong
asall jobsin eachbatch�nish in thecorrectorder. This can
oftenprovide importantproductivity gains.



Additional Features
Our implementationelaborateson the basicalgorithmpre-
sentedabove in certainways. It includesfull supportfor
unboundvariables,which aretoleratedduringplanningbut
are unacceptablein a completeplan. In this sense,it
is a lifted plannerlike SNLP (McAllester and Rosenblitt,
1991). This capability is used, for example, in ensuring
thatsubsequentjobsin thesamebatchendat thesamedes-
tination. The destinationactionseachhave an effect like
Dest(D1) . All jobs in the samebatch include 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 subsequentjobs. The job speci�cation
is elaboratedby includingnon-codesignationconstraintson
?batch23dest that prevent it from codesignatingwith
variablesrepresentingdestinationsof othercurrentbatches.
(The planneris noti�ed after the last job in a batch,allow-
ing it to freethebatch's destinationfor useby a new batch.
We assumethat the job sourcedoesnot submitmoreactive
batchesthantheplanthasdestinations.)

Ourplanneralsochecksfor messagesfrom theplantcon-
troller duringthesearchprocess.Thesecanbeof two types:
domainmodelupdatesor executionfailures.In eithercase,
thecurrentsearchis aborted.This allows usto assumethat
theplanningdomainremainsconstantduringtheplanningof
individual jobs. Domainupdatesarestraightforwardmodi-
�cations of thesetof possibleactions.Currently, we make
several assumptionsto simplify the handlingof execution
failures.We assumethatthetransportsremainreliable,that
the job continueson its plannedcourse,andthat a diverter
is presentat eachdestinationthat,whencommandedby the
planner, candivert thefaulty job for disposal.Theplanner's
job is thusreducedto divertingthebotchedjob andany sub-
sequentjobs in the samebatchthat have alreadybeenre-
leasedto the plant. The divertedjobs are then replanned
from scratch.

In additionto unit-capacityresourceconstraints,we have
found that someactionsrequirestateconstraints,in which
two allocationsfor the sameresourcemay overlaponly if
they bothrequestthattheresourcebein thesamestate.

Experiencein Practice
In collaborationwith our industrialclient,wehavedeployed
theplannerto control two physicalprototypeplants.These
deploymentshave beensuccessful,andour client currently
anticipatesdevelopmentof a new line of productsspanning
multiple marketsthatcrucially dependson this technology.
(Precompiledplansareunacceptableandhighplantthrough-
put is essential.)Theplanneris written in ObjectiveCaml,a
dialectof ML, andcommunicateswith thejob submitterand
theplantcontrollerusingASCII text oversockets.To givea
senseof theperformanceof our implementation,wepresent
simulationresultsona varietyof plants.Figure8 shows the
time taken to plan eachjob in a large batch(in secondson
a 2.4GhzP4). Theplantmodelusedin this exampleyields
adomainwith 19actionschemata.Plansfor individual jobs
typically usethreeto � ve actions.Two versionsareshown,
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Figure8: Simplearc consistency is fasterthanincremental
directedpathconsistency.

differing in thealgorithmsthey useto managethetemporal
constraints.Oneusesan incrementaldirectedpathconsis-
tency (IDPC) algorithm(Chleq,1995),which may change
thevalueson edgesin theconstraintgraphaswell asintro-
ducenew edgesbut requiresonly lineartimeto �nd themin-
imumandmaximumintervalbetweenany two timepointsin
thedatabase.Theotherusesarcconsistency (Cervoni et al.,
1994)andmaintainsfor eachpoint its minimumandmaxi-
mumtimefrom t0, thereferencetimepoint. Onecannoteas-
ily obtaintheexact relationsbetweenarbitrarytime points,
but thisis rarelyneededduringplanning.New arcsarenever
addedto thenetwork duringpropagationandexisting ones
arenotmodi�ed, whichmeansthatcopying thenetwork for
a new searchnodedoesnot entail copying all thearcs. As
the�gure attests,this resultsin dramatictimesavings.Plan-
ningtimein thefasterimplementationwasneverlongerthan
50 milliseconds. In this domain,the plannerquickly out-
pacedtheplant—theplanfor job 4 wasreleasedto theplant
just beforeplanningbeganon job 100.Notethatthis means
the plannercould considerinterleaving actionsin the new
planwith theactionsin 96 previousplans.All of their time
pointsandactionsmustbe maintainedin the STN andthe
plan managerand thenconsultedduring the planningof a
new job. However, thesejobsall belongto thesamebatch,
sotheconstrainton endtime ordering,combinedwith goal
regression,quickly eliminatesmostinterleavings.

We also evaluatedthe contribution of the lower bound
computationsin guiding the search.Figure9 shows plan-
ning time in a slightly more complex plant, with 16 ma-
chinesand transports,yielding a domain with 73 action
schemata.Plansheretypically involve � ve to ten actions.
Thelower boundclearly improvesplanningtime. Although
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Figure9: Heuristicguidancehelpsevenfor asmallplant.

thedifferencebetween0.06and0.11secondsmayseemir-
relevant in most planning research,we shouldemphasize
thatin oursettingit maydeterminethesystem's feasibility!

Finally, we presentin Figure 10 preliminary measure-
mentsof planningtime usinga largesimulatedplantmodel
with 104 machinesand transports, totaling 728 action
schemata.Plansheretypically involveover30actions.This
testusedsimplejob requests,so the lower boundestimates
wereoftenveryaccurate.Planningtime risesquickly above
the0.2secondsper job which we take asour goal,but does
not explode. We believe thatwith theextensionsdiscussed
below andfurtherimplementationtuning,weshouldbeable
to handledomainsof this sizereliably.

Relationsto Previous Work
There has beenmuch interestin the last 15 yearsin the
integrationof planningand schedulingtechniques.HSTS
(Muscettola,1994)andIxTeT(GhallabandLaruelle,1994)
areexamplesof systemsthat not only selectandorder the
actionsnecessaryto reachagoal,but alsospecifypreciseex-
ecutiontimesfor theactions.However, thesesystemsareof-
tendemonstratedoncomplex domainssuchasspacecraftor
mobile robotcontrolwhich canbedif�cult to simulateand
thus make awkward benchmarks.Most popular temporal
planningbenchmarkdomainsareoff-line in the sensethat
the planner's speeddoesnot affect solutionquality. There
remainsa needfor a simpleyet realisticbenchmarkdomain
that combineselementsof planningandscheduling,espe-
cially in anon-linesetting.

Fromherz,Saraswat, andBobrow (1999)discusson-line
constraint-basedschedulingmethodsfor controlling physi-
calmachines,althoughthey useprecomputedplansandtheir
formalizationcannotmodelsystemssuchasourswith pos-
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Figure10: Runningtimes increase,but do not necessarily
explodefor largeplants.

siblecyclesin theplantgraphandhenceanin�nite number
of potentialplans(seeFigure2).

Our domain formalization lies between partial-order
schedulingand temporalPDDL. Becausethe optimal ac-
tions neededto ful�ll any given job requestmay vary de-
pendingon the other jobs in the plant, the sequenceof ac-
tions is not predeterminedandclassicalschedulingformu-
lationssuchasjob-shopschedulingor resource-constrained
projectschedulingarenot expressive enough.This domain
clearlysubsumesjob-shopand�o w-shopscheduling:prece-
denceconstraintscanbe encodedby uniquepreconditions
andeffects.Openshopscheduling,in whichonecanchoose
theorderof apredeterminedsetof actionsfor eachjob, does
not capturethe notion of alternative sequencesof actions
and is thus also too limited. The positive planningtheo-
ries of Palaciosand Geffner (2002) allow actionsto have
real-valueddurationsandto allocateresources,but they can-
not deleteatoms.This meansthat they cannotcaptureeven
simple transformationslike movementthat are fundamen-
tal in our domain. In fact, optimal plans in our domain
mayeveninvolveexecutingthesameactionmultiple times,
somethingthat is always unnecessaryin a purely positive
domain.However, thenumericeffectsandfull durative ac-
tion generalityof PDDL2.1 arenot necessary. Becauseof
theon-linenatureof thetaskandtheunambiguousobjective
function, thereis an additionaltrade-off in this domainbe-
tweenplanningtime andexecutiontime that is absentfrom
muchprior work in planningandscheduling.

Although we presentour systemas a temporalplanner,
it �ts easily into the tradition of constraint-basedschedul-
ing (Smith andCheng,1993). The main differenceis that
actions' time pointsandresourceallocationsareaddedin-



crementallyratherthanall beingpresentat the startof the
searchprocess.Thecentralprocessof identifying temporal
con�icts, postingconstraintsto resolve them,andcomput-
ing boundsto guide the searchremainsthe same. In our
approach,we attemptto maintaina con�ict-free schedule
ratherthanallowing contentionto accumulateandthencare-
fully choosingwhichcon�icts to resolve �rst.

Our currentplannerusesa hybrid state-spaceandpartial-
ordersearchframework. While maintainingpartial order-
ingsbetweenactionsseemsnecessaryto mitigateourjob-at-
a-timegreedystrategy, theplanningfor individual jobsneed
not necessarilytake the form of state-spaceregression.We
haveconsideredaforwardsearchstrategy, suchasemployed
by many state-of-the-artplannerssuchasFF(Hoffmannand
Nebel,2001). Initial investigationandpreliminaryempiri-
cal comparisonsshowedthatwhile a progressionplanneris
easierto implementand is also easierto extend to handle
additionaldomaincomplexities, theperformanceof the re-
gressionplanner(usingthe sameheuristic)is signi�cantly
betterin many problems.Thisseemsto beduemainly to the
temporalconstraintenforcingthatagivenjob shouldendaf-
ter the endtime of all the previous jobs in the samebatch.
Thisconstraintinteractswell with searchingbackwardfrom
thegoal,immediatelyconstrainingtheendtime of theplan.
Togetherwith theconstraintthatactionsmustabut in time,
many possibleorderingsfor resolvingresourcecontention
areimmediatelyruledout. For example,thecurrentjob can-
not be transportedto its destinationbeforethepreviousjob
in thesamebatch. In addition,someorderingsmay imme-
diately pushtheendtime of theplan even later, further in-
forming thenodeevaluationfunction.

Whenplanningin theforwarddirection,theplannerben-
e�ts slightly from avoidinglogicalstateswhichareunreach-
ablefrom the initial state.However, without a similar tem-
poralconstraintfor the�rst actionin theplan,few resource
allocationorderingscan be prunedand the branchingdue
to resourcecontentionincreasesin direct proportionto the
numberof plansfor previous jobs maintainedin the plan
manager. Furthermore,the end time of the plan rarely
changesuntil far into the planningprocesses,making the
heuristiclessuseful. In short, for the �rst job, the perfor-
manceof forward or backward plannersaresimilar, while
as the numberof plansmanagedby the plan managerin-
creases,thebackwardplannerseemsto performbetter. We
arealreadyinvestigatingscenariosin ourapplicationdomain
wherethereis no constrainton the end time of a job and
wheretheobjectivefunctionis notto minimizetheendtime.
In thesecases,we believe forward searchmay prove more
usefulthanregression.

In our currenton-line setting,even thoughwe plan for
multiple jobsbelongingto differentbatches,we build plans
for a single job at the time. Even if thereareseveral sub-
mittedjobswaitingto beplanned,thisstrategy is reasonable
given that jobs arrived in sequenceand,until the arrival of
the last job, we do not know how many jobs are in each
batchandwhenwill the plannerreceive the individual job
speci�cations.Our basicapproachof coordinatingseparate
state-spacesearchesvia temporalconstraintsmay well be
suitablefor other on-line planningdomains. By planning

for individual jobsandmanagingmultiple plansat thesame
time, our strategy is similar in spirit to plannersthat parti-
tion goalsinto subgoalsandlatermergeplansfor individual
goals(WahandChen,2003;KoehlerandHoffmann,2000).
In our framework, eventhougheachjob is plannedlocally,
the plan manageralongwith the global temporaldatabase
ensuresthat thereareno temporalor resourceinconsisten-
cies at any stepof the search. It would be interestingto
seeif thesamestrategy couldbeusedto solve partitionable
STRIPSplanningproblemseffectively.

PossibleExtensions
While the results we have presentedindicate that our
`optimal-per-job' strategy seemsef�cient enough,further
work is neededto assessthe drop in quality that would be
experiencedby amoregreedystrategy, suchasalwaysplac-
ing thecurrentjob's resourceallocationsafter thoseof any
previous job. Similarly, during a lull in job submissions,it
mightbebene�cial to planmultiplejobstogether, backtrack-
ing throughthe possibleplansof the �rst in order to �nd
an overall fasterplan for the pair together. Jobsthat have
beenplannedbut whoseplanshave not beenreleasedto the
plant representopportunitiesfor reconsiderationin light of
thenewer jobssubmittedmorerecently.

The mostpressingextensionconcernsthe heuristic: we
would like to take somemutex relations into accountin
our heuristicusingsomethingsimilar to theH 2

T functionof
HaslumandGeffner (2001)or thetemporalplanninggraph
of SmithandWeld (1999). Our initial experimentalresults
in this directionarequiteencouraging.

Initial investigationswith agroundedversionof ourplan-
nerhavealsobeenpromising,takingabouthalf thetimeper
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 strong assumptions,and we would like to in-
vestigateon-linereplanningof jobsthathave alreadybegun
execution.Our implementationalsocurrentlydeletesinfor-
mationon completedjobs from the temporaldatabaseonly
when the machineis idle—this must be �x ed beforetrue
productiondeployment.

Another direction is to investigatea different objective
entirely: wear and tear. Under this objective, one would
like thedifferentmachinesin theplant to beusedthesame
amountover thelong term. However, becausemachinesare
oftencycleddown whenidle for a long periodandcycling
themup introduceswear, onewould like recently-usedma-
chinesto beselectedagainsoonin theshortterm.

Conclusions
We describeda real-world manufacturingdomainthat re-
quiresa novel on-line integrationof planningandschedul-
ing and we formalized it using a temporal extensionof
STRIPSthatfallsbetweenpartial-orderschedulingandtem-
poralPDDL. We presenteda hybrid plannerthatusesstate-
spaceregressionon a per-job basis,while using a tempo-
ral constraintnetwork to maintain�e xibility andresolve re-



sourceconstraintsacrossjobs.No domain-dependentsearch
controlheuristicsarenecessaryto controla plantof 16 ma-
chinesin real time,althoughfurtherwork will benecessary
to scaleto our ultimategoal of hundredsof machineswith
ten or morejobs per second.Our work providesan exam-
ple of how AI planningandschedulingcan�nd real-world
applicationnot just in exotic domainssuchasspacecraftor
mobile robot control, but also for commondown-to-earth
problemssuchasmanufacturingprocesscontrol.

Acknowledgments
The membersof the EmbeddedReasoningArea at PARC
providedhelpful commentsandsuggestions.Our industrial
collaboratorsnot only provideddomainexpertisebut were
invaluablein helpingus to simplify andframethe applica-
tion in a usefulway.

References
Baptiste,Philippe,andClaudeLe Pape.1995. A theoret-

ical andexperimentalcomparisonof constraintpropaga-
tion techniquesfor disjunctivescheduling.In Proceedings
of IJCAI-95, 600–606.

Cervoni, Roberto,AmedeoCesta,andAngelo Oddi. 1994.
Managingdynamictemporalconstraintnetworks.In Pro-
ceedingsof AIPS-94, 13–18.

Chleq, Nicolas. 1995. Ef�cient algorithmsfor networks
of quantitative temporalconstraints. In Proceedingsof
Constraints-95, 40–45.

Dechter, Rina,Itay Meiri, andJudeaPearl.1991. Temporal
constraintnetworks. Arti�cial Intelligence49:61–95.

desJardins,Marie E., EdmundH. Durfee,CharlesL. Ortiz,
Jr., andMichaelJ.Wolverton.1999.A survey of research
in distributed,continualplanning.AI Magazine20(4):13–
22.

Fox, Maria, andDerekLong. 2003. PDDL2.1: An exten-
sionto PDDL for expressingtemporalplanningdomains.
Journalof Arti�cial IntelligenceResearch 20:61–124.

Fromherz,Markus P.J., Vijay A. Saraswat, and Daniel G.
Bobrow. 1999. Model-basedcomputing: Developing
�e xible machinecontrol software. Arti�cial Intelligence
114(1–2):157–202.
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