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Abstract

In this papemwe addresshe problemof post-processingo-

sition constraineglans,outputby mary of the recenteffi-

cient metric temporalplannersto improve their execution
flexibility. Specifically given a position constrainecplan,
we considerthe problemof generatinga partially ordered
(aka“order constrained”)plan that usesthe sameactions.
Although variationsof this “partialization” problemhave

beenaddressedh classicalplanning,the metric and tem-
poral consideration®ring in significantcomplications We
develop a generalCSPencodingfor partializing position-
constrainedemporalplans,thatcanbe optimizedunderan
objective function dealingwith a variety of temporalflex-

ibility criteria, suchas makespan. We then presentsome
greedyvalue orderingstratgies that are designedto effi-

ciently generatesolutionswith good makespanvaluesfor

theseencodings.We demonstratehe effectivenessof our
greedy partializationapproachin the context of a recent
metric temporalplannerthat produces.c. plans. We also
briefly discussand evaluatean extensionof our partializa-
tion approachor temporalplanswith resourceconstraints.

1 Intr oduction

Of late, therehasbeensignificantinterestin synthesizingand
managingplansfor metrictemporaldomains.Plansfor metric
temporaldomainscanbeclassifiedbroadlyinto two cateyories—
"position constrained’(p.c.) and “order constrained”(o.c.).
Theformerspecifythe exactly starttime for eachof theactions
in the plan, while the latter only specifythe relative orderings
betweerthe actions. The two typesof plansoffer complemen-
tary tradeofs vis a vis searchandexecution. Specifically con-
strainingthe positionsgives completestateinformation about
the partial plan,makingit easierto controlthe search Not sur
prisingly, several of the more effective methodsfor plan syn-
thesisin metrictemporaldomainssearchfor andgeneratep.c.
plans(c.f. TLPlan1], Sap&3], TGP[18]).

At thesametime, from anexecutionpoint of view, o.c. plans
aremoreadvantageoushanp.c. plans—they provide betterex-
ecutionflexibility bothin termsof makespanandin terms of
“schedulingflexibility” (which measurethe possibleaxecution
tracessupportedytheplan[20;15]). They arealsomoreeffec-
tive in interfacingthe plannerto othermodulessuchassched-
tjlers(]c.f. [19;11]), andin supportingeplanningandplanreuse
21;9].

A solutionto the dilemmapresentedy thesecomplemen-
tary tradeofs is to searchin the spaceof p.c. plans,but post-
procesgheresultingp.c. planinto ano.c. plan. Althoughsuch
post-processingpproachehave beenconsideredn classical

planning([10; 21; 2]), the problemis considerablymore com-
plex in thecaseof metrictemporalplanning. Thecomplications
includetheneedto handlethemoreexpressve actionrepresen-
tationandtheneedto handlea varietyof objectve functionsfor
partialization(in the caseof classicaplanning,wejustconsider
theleastnumberof orderings)

Our contritutioniin this paperis to first developa Constraint
Satishction Optimization Problem(CSOP)encodingfor con-
vertingap.c. planin metric/temporatiomainsnto ano.c. plan.
This generaframenork allows usto specifya variety of objec-
tive functionsto choosebetweerthe potentialpartializationsof
thep.c. plan. We thendevelopagreedyalgorithmfor partializa-
tion, which canbe seenasspecificvariablesandvalueordering
stratgjiesoverthe CSOPencoding We will demonstratéheef-
fectivenesf thesepartializationalgorithmin the context of a
recentmetric/temporaplannercalledSap43]. Ourresultsshav
thatthetemporalflexibility measuressuchasthe makespanpf
theplansproducedy Sapacanbesignificantlyimprovedwhile
retainingSapas efficiency advantages.

The paperis organizedasfollows. In Section2, we discuss
thebackgroundn actionrepresentatiothatwe assumeor the
temporalplanning problem and the definitionsrelatedto the
partializationproblem.Then,in Section3 we discusgshe CSOP
encodingfor the partializationproblem. Section4 focuseson
how the CSOPencodingcanbe solved. In Section4, we also
provide agreedyvariableandvalueorderingstrateiesfor solv-
ing theencoding.Theempiricalresultsfor this greedyordering
stratgyy areprovidedin Section5. In Section6, we shov how
the partializationencodingcan be extendedto handletempo-
ral planningproblemswith continuouschanges Section7 dis-
cussesherelatedwork andSection8 present®ur conclusions.

2 Preliminaries

2.1 Action representation

The representatiomf actionsthat we assuman this paperis
similar to thatusedon [1], and[3]. Here,we shall review the
temporalaspectof the representationpostponingthe discus-
sionof resourceconsumptioraspect¢o Section6. Eachaction
A hasadurationD 4, startingtime st 4, andanendtime et 4 =
sta + D 4. Theprecondition®f anactionmayeitherbeinstan-
taneour durative andtheir effectsmayoccuratary time point
duringtheirexecution.Action A hasprecondition® € Pre(A)
thatmayberequiredto betruefor duration[st”, et”;] suchthat
sta < stfy < eth < ets. Figurel shows graphicallythe
action A = load(p,t,1) (load(package, truck,location)). In
this action, preconditionp; = at(p,l) only needsto be true
at the startingpoint of A (st!y = et!y = st4), precondition
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Figurel: Action Example

Load(p,t,!)

p2 = at(t,l) needsto be true throughoutthe durationof A
(st?e = sta,et’y = eta)). Weneedaperiodoftimed < D4 to
achievetheeffecte; = —At(p, 1), whichindicateshatthepack-
ageis notontheground(sty = st4 < ety < et4), andneed
thewholeactiondurationto achiere the effecte; = In(p, t) or
having thepackagensidethetruck (st = sta < et} = eta).
For eacheffecte of action A thatoccursatet, thereis adura-
tion [st4, et4] : sta < st4§ < ety < et in whichwe donot
allow arny procesghatleadsto theeventthatcauses-e to occur
Notethatunlike preconditionsaneffect e canbothbe positive
(add)or negative (delete).

An importantissuein corvertingap.c. planinto ano.c. plan
is to ensurehatactionsthatarenotorderedwith respecto each
otherarefreeof ary interferenceln generalfwo actionsA and
A’ interfereif 3p: —-p € E(A) A (p € P(A") JE(A"). Unlike
classicaplanning thetemporalconcurreng betweend and A’
dependn the exacttemporalconstraintgvaluesof st?, et? in
A andA’). Thus,thetemporakelationsbetweertwo interfering
actionsA and A’ dependon the exactpropositionp thatrelates
themandit is possibleto have morethanoneinterferencere-
lation betweentwo actions,eachoneenforcingdifferentsetof
temporalconstraints Therefore we usethe notation®? 4. to

denotea specificinterferenceelationbetweenAd, A’ asit holds
if -p € E(A) andp € P(A")|J E(A"). Eachinterferenceela-
tion ®? 4 constrainghetemporalordersbetweend and A’ -
specificallywith the constraint(et ;¥ < stty,) Vv (eth, < st 7).
In ourexamplein Figurel, if any actionA’ thatusesthepropo-
sition At(p, 1) of having the effect of causingAt(p, ), then 4’
is interferencauponp with action A = load(p, t,1).

2.2 Problem Definition

Positionand Order constrainedplans: A positionconstained
plan (p.c.) is a plan whee the executiontime of eact actionis
fixedto a specifictime point. An order constained(o.c.) plan
is a plan wher only the relative orderingsbetweerthe actions
are specified.

Therearetwo typesof positionconstraineglans:serial and
parallel. In aserialpositionconstrainegblan,noconcurreng is
allowed. In a parallelpositionconstrainedglan, actionsareal-
lowedto executeconcurently Examplesof theserialp.c. plans
arethe onesreturnedby classicalplannerssuchas GRT [17],
MIPS[5] andtheirtemporalcousins Theparallelp.c. plansare
the onesreturnedby Graphplan-baseglannersandtheir tem-
poral cousinssuchasSap43], TGH 18], TP47]. Examplesof
plannerghatoutputorderconstrainedo.c.) plansareZend 16],
HSTH14], IxTexT[11].

Figure 2 shows a valid p.c. parallelplan consistingof four
actions Ay, As, As, A4 with their startingtime pointsfixedto
T1,T5,T3,T, andano.c planconsistingof the samesetof ac-
tionsandachieving the samegoals.For eachaction,theshaded
regionsshav the durationsgn which eachpreconditioror effect
shouldhold during eachaction’s executiontime. The darker
onesrepresenthe effect and the lighters represenfprecondi-
tions. For example,action A; hasa precondition) andeffect
R; action A3 hasno preconditionsandtwo effects—R andS.

It shouldbe easyto seethato.c. plansprovide moreexecu-
tion flexibility thanp.c. plans. In particular ano.c. plancan
be “dispatched”for executionin any way consistentwith the
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Figure2: Examplesf p.c. ando.c. plans

relative orderingamongthe actions. In otherwords, for each
valid o.c. plan P,., theremay be multiple valid p.c. plansthat
satisfytheorderingsn P,., whichcanbeseerasdifferentways
of dispatchingheo.c. plan.

A measuref thetemporalquality of aplanis its “makespar.
The makespanof a planis the minimum time neededo exe-
cuteaplan. For ap.c. plan,the makespans the durationfrom
the earlieststartingtime until the latestendingtime amongall
actions. In the caseof serialp.c. plans,it is easyto seethat
the makespanwill be greaterthanor equalto the sumof the
durationsof all the actionsin the plan. For the o.c. plan, the
malkespanis the minimum makespanof ary of the p.c. plans
that are consistenwith it. Givenano.c. plan P,., thereis a
polynomialtime algorithmbasedon topologicalsortof the or-
deringsin P,., which outputsa p.c. plan P,. whereall the
actionsareassignedkarliestpossiblestarttime point according
to the orderingin P,.. The makespanof thatp.c. plan P, is
thenusedasthe makesparof the original o.c. plan P,..

While generatinga p.c. plan consistentwith an o.c. plan
is easyenough,in this paper we areinterestedn the reverse
problem—thabf generatingano.c. plangivenap.c. plan. Thus,
for a given p.c. plan P,., we want to find the optimal o.c.
planaccordingo somecriterionof temporal/&ecutionflexibil-
ity suchassmallestmakesparor smallesnumberof orderings.
In thenext sectionwe shallprovideageneralCSPencodingor
this “partializationproblem? Finding optimal solutionfor this
encodingturns out to be NP-hardeven for classicalplanning
(i.e., non-duratve actions)2]. Consequentlywe shalldevelop
valueorderingstratgjiesthatareableto find areasonablsolu-
tion for theencodingn polynomialtime.

3 Formulating a CSOPencodingfor the
partialization problem

Supposehat P,., containinga setof actions.A, andtheir start-
ing times st’’, is avalid p.c. planfor sometemporalplanning
problemP. Let P, be a partializationof P, for the problem
P. P,. mustthensatisfythefollowing conditions:

1. P,. containghesameactionsA asP..

2. P,. is executable.This requiresthat the preconditionsof
all actionsare satisfied,andno pair of interferingactions
areallowedto executeconcurrently

3. P, isavalid planfor P. Thisrequireghat P, satisfiesall
thetop level goals(includingdeadlinegoals)of P.

4. (Optional)Theorderingson P, aresuchthat P, is alegal
dispatch{execution)of P,..

5. (Optional) The setof orderingsin P, is minimal (i.e., no
orderingis redundant)

Giventhat P,. is an order constrainedplan, ensuringgoal
andpreconditiorsatishctioninvolvesensuringhat(a) thereis a
causakupportfor theconditionandthat(b) thecondition,once
supported,s not violated by any possiblyinterveningaction.
Thefourth constrainensureshat P, isin somesenseanorder
genealization of P,. [10]. This is not strictly neededif our



interestis only to improve temporalflexibility.! Finally, the
fifth constraintabove is optionalin the sensehatary objectve
functiondefinedin termsof the orderingsarnyway ensureghat
P,. containsno redundanbrderings.

In thefollowing, we will developa CSPencodingfor finding
P,. that capturesthe constraintsabove. This involves speci-
fying the variables,their domains,andthe inter-variablecon-
straints.

Variables: Theencodingwill consistof both continuougtem-
poral) and discretevariables. The continuousvariablesrepre-
sentthetemporalaspect®f actionsin theplan,andthediscrete
variablegepresenthelogical causaktructureandorderingse-
tweentheactionsin the plan. Specifically for the setof actions
in thep.c. plan P, andtwo additionalactions4; andA, repre-
sentingtheinitial andfinal dummyactions? the setof variables
areasfollows:

Temporal variables: For eachaction 4, the encodinghasone
variablest 4 to representhe time point at which we canstart
executing A. The domainfor this variableis Dom(st4) =

[0, 4+00).

Discretevariables: Thereareseveraldifferenttypesof discrete
variablegepresentinghecausaktructureandqualitatve order

ingsbetweeractions:

e Causaleffect: We needvariablesto specify the causal
links relationshipbetweenactions. Specifically for each
factp € P(A) anda setof actions{By, Bs.....B,} such
thatp € E(B;), we setup one variable: S% where
Dom(Sf,) = {B]_,Ban}

e Supportivelyrelated: Two actionsA and A’ are support-
ively relatedif 3p € (E(A) N P(4"). For eachsuchpair,
we introduceonevariable O 4, : Dom(Q% 4) = {=<
,L} (Abefore, A, or no-oder betweend & A'). In our

examplein Figure?2, someorderingvariablesare:Q§1A2,
O%ya,0 O
AzAs AzAy

o Destructivelyrelated (interference)Two actions A and
A’ are destructvely relatedif they interfere with each
other For eachsuchpair, usingthe samenotationintro-
ducedat the end of Section2.1, we introduceone vari-
able®" 1, Dom(®" 1)) = {<,>} (A before, A', or
A after, A'). For theplanin Figure2, the orderingvari-

ablesare: @’ ,; and®7%, 4, 2

Following arethe necessargonstraintdo representherela-
tionsbetweerdifferentvariables:

1. If B supportgheconditionp for A, thenthereshouldbea
supportve orderingbetweenB and A w.r.t. p:
Sp =B = O%A =<

2. Causallink protections:If B supportsp to A, thenevery
other action A’ that hasan effect —p mustbe prevented
from comingbetweenB and A:

S =B=VA, -peE(A): (®%p =<V (®"%,=>)

3. Constraintsto prevent non-minimalorderings(optional):
If B doesnot supportp to A, thenthereis no needfor a

1In theterminologyof [2], thepresencef fourth constrainensures
that P, is ade-orderingof P,., while in its absence?,. caneitherbe
ade-orderingor are-ordering.

2 A; hasno preconditionsand haseffectsthat addthe factsin the
initial state. A, hasno effect andhaspreconditionsepresentinghe
goals.

3Sometimes,we will use the notation A <, A’ to represent

vy — P —
o =<and®”’ ,, =<.

supportve orderingbetweenB and A w.r.t. p:
Sh # B = Opa =1L

4. Thereare constraintsbetweenorderingvariablesand ac-
tion start time variables(as per the discussionin Sec-
tion 2.1). Specifically we wantto enforcethatif A <, A’
thenet?, < st,. However, becauseve only maintainone
continuousvariablesst 4 in the encodingfor eachaction,
theconstraintsareasfollow:

Olar == sta+ (eth — sta) < star + (sthy, — star).
Par =< sta+ (et,” —sta) < star + (eth, — star).
Par == star + (eth, — star) < sta+ (st P — sta).

Noticethatall values(st), —st ), (et —st 1) areconstants
for all actionsA andpropositiongp.

5. Deadlinesand other temporal constraints: Thesemodel
ary deadlinglypeconstraintsn termsof thetemporalari-
ables.For example,if all thegoalsneedto beachieredbe-
foretimet,, thenwe needto adda constraint:st 4, < t,.
Othertemporalconstraintssuchasthosethat specifythat
certainactionsshouldbeexecutedbefore/aftecertaintime
points, can also be handledby adding similar temporal
constraintdo theencoding.

6. Constraintso make the orderingson P,. consistentwith
P, (optional): Let T'4 be the fixed startingtime point of
actionA in theoriginal p.cplanP,.. To guarante¢hat Py
is consistentwith the setof orderingsin the resultingo.c
plan P,., we adda constrainto ensurghatthevalueT, is
alwayspresenin thelive domainof thetemporalvariable
styg.

Giventhe presencef bothdiscreteandtemporalvariablesn
this encoding,the bestway to handleit is to view it asa lev-
eledCSPencodingwherein the satisficingassignmentso the
discretevariablesactivatea setof temporalconstraintdetween
the temporalvariables. Thesetemporalconstraintsalongwith
the deadlineand order consisteng constraintsarerepresented
asatemporalconstraintnetwork [4]. Solving the network in-
volvesmakingthe domainsandinter-variableintervals consis-
tentacrossall temporalconstraint§20]. The consistentempo-
ral network thenrepresentshe o.c. plan. Actionsin the plan
canbe executedin ary way consistentwith the temporalnet-
work (thusproviding executionflexibility).

Objective Function: Eachsatisficingassignmenfor the en-

codingabovewill correspondo apossiblepartializationof P,

i.e., ano.c. planthatcontainsall the actionsof P,.. How-

ever, someof theseassignmentgo.c. plans)may have better
execution propertiesthan the others. We can handlethis by

specifyingan objective function to be optimized,andtreating
theencodingasa ConstraintSatisactionOptimization(CSOP)
encoding. The only requirementon the objectve function is

thatit be specifiablein termsof thevariablesof the encodings.
Objective functionssuchas makespanminimizationandorder
minimizationreadily satisfythis requirement.

4 Solvingthe partialization encoding

As mentionedabove, the encoding,oncesetup,canbe solved
by a coupledframawork (suchasthe oneusedin LPSAT [22])

wherein a discreteCSP solver is usedto handlethe discrete
variablesandatemporalCSPsol\eris usedto handlethetem-
poralvariables.Every assignmento the discretevariableswill

activate a set of constraintsbetweenthe temporal variables,
which, in conjunctionwith the constraintof type 4 and5 can



be solved by the temporalCSPsolver. All the temporalcon-
straintsare “simple” [4] and canthus be handledin termsof
a simpletemporalnetwork. Optimizationcanbe doneusinga
branchandboundschemeon top of this.

Notwithstandingheforegoingdiscussionsolvingthe CSOP
encodingwill beNP-hardproblem(this followsfrom [2]). Con-
sequentlywe focuson developingvariableandvalue ordering
stratgjiesfor the encodingwhich canensurethatthe very first
satisficingsolutionfound will have a high quality in termsof
the objective function. Clearly, thesestratgieswill dependon
the specificobjective function. In the following, we will de-
velop stratgyiesthat are suitedto objective functionsbasedon
minimizing themakespan.

4.1 Greedyvalue ordering strategiesfor solvingthe
encoding
In this sectionwe discussavalueorderingstratgy thatfindsan
assignmento the CSOPencodingsuchthatthe corresponding
o.cplan P, is biasedo have areasonablgoodmakespanThe
stratgly dependsheavily on the positionsof all the actionsin
the original p.c. plan. Thus,it works basedon the factthatthe
alignmentof actionsin the original p.c. plan guaranteeshat
causalityand preservingconstraintsare satisfied. Specifically
all CSPvariablesareassignedialuesasfollows:
Supporting Variables: For eachvariableS% representinghe
actionthatis usedto supportpreconditionp of action 4, we
chooseaction A’ suchthat:

1. p € E(A") andet?, < st} in thep.c.plan Pp,.

2. Thereis noactionB s.t: =p € E(B) andet, < et} <
sth in Pye.

3. Thereis nootheractionC thatalsosatisfieswo conditions
aboveandet?, < et .

Interfer enceordering variables: For eachvariable®?, ,,, we
assigrvalue:

1. @54 ==if eth < sth, in Py..

2. @Y == if eth, < sthy in Pp.

Other ordering variables: For all theorderingvariablesO?, 4,
that are not enforcedto have value < by the assignmentso
supportingvariablesS?, ,,, we assigrvaluesQ%, ,, =L.

This strateyy is backtrack-freedueto the factthatthe origi-
nal p.c. planis correct. Thus, all preconditionsof all actions
aresatisfiedandfor all supportingvariableswe canalwaysfind
anaction A’ that satisfiesthe threeconstraintdisted above to
supporta preconditionp of action A. More over, one of the
temporalconstraintdhatleadto the assignmenof interference
ordering variables@®?, ,, will alwaysbe satisfiedbecausehe
p.c. planis consistenandno pair of actionsthathave interfer
encerelationsoverlapeachother Finally, this strateyy ensures
that the orderingson P, are consistentwith the original P..
Therefore the searchis backtrack-freeand no constraintis vi-
olatedbecauséhereis onelegal dispatchof thefinal o.c. plan
P,., whichis the startingp.c. plan P,.. Moreover, because¢he
p.cplan P,. is oneamongmultiple p.c plansthatareconsistent
with the o.cplan P,., the makesparof P,. is guaranteedo be
equalor betterthan P,..

Complexity: It is alsoeasyto seethatthe compleity of the
greedyalgorithmis O(S % A + I 4+ O) whereS is the number
of supportingrelations,A is the numberof actionsin the plan,
I is thenumberof interferenceelationsandO is the numberof

orderingvariablesInturnS < Ax P, I < A% andO < P x A?

whereP is the numberof preconditionof anaction. Thus,the
compleity of thealgorithmis O (P x A?).
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5 Empirical resultsfor Temporal Planning

We haveimplementedhevariableandvalueorderingdiscussed
in thelastsection(Sectiond.1) andtestedt with the Sapaplan-
ner. Sapais a forward statespaceplannerthat outputsparallel
p.c. plans. Theresultsreportedin [3] shov thatwhile Sapais
quite efficient, it often generateplanswith inferior makespan
values.Ouraimis to seehow muchof animprovementour par
tialization algorithmprovidesfor the plansproducedby Sapa.
Thetestsuiteis the80 randomtemporallogisticsprovidedwith
TP4planner In this planningdomaintrucksmove packagebe-
tweenlocationsinsidea city andairplaneamove thembetween
cities. Figure3 and 4 showv thecomparisorresultsfor only the
20largestproblemsjn termsof numberof citiesandpackages,
among80 of thatsuite.In Figure3, trucksareallowedto move
packagedetweerdifferentlocationsin differentcities,while in
theFigure4, trucksarenotallowedto do so.

The graphsshav the comparisonbetweenfour different
malkespanvalues: (1) the optimal makespan(as returnedby
TGP[18]); (2) the makesparof the plan returnedby Sapa;(3)
the makespanof the o.c. resultingfrom the greedyalgorithm
for partializationdiscussedn the lastsection;and(4) thetotal
durationof all actions,which would be the makesparvaluere-
turnedby severalserialtemporalplannerssuchasGRT [17], or
MIPS[5] if they producethe samesolutionasSapa.Noticethat
the makespanvalueof zeo for the optimalmakesparindicates
thatthe problemis not solvableby TGP

For the first test which allows driving betweencities ac-
tion, comparedto the optimal makespan,on the average,the
malkespanof the serialp.c. plans(i.e, cumulative action du-
ration) is about4.34 times larger, the makespanof the plans
outputby Sapais about3.23 timeslarger and the Sapaplans
after postprocessingare about2.61timeslonger (over the set
of 75 solvableproblems; TGP failedto solve the other5). For
thesecondest,withoutthedriving inter-city actions.Thecom-
parisonresultswith regardto optimal solutionsare: 2.39times
longerfor serialplans,1.75timeslongerfor the plansoutputby



Sapa,and 1.31timeslongerafter partialization. Theseresults
areaveragedverthesetof 69 out of the 80 problemshatwere
solvableby TGP*

Thus, the partialization algorithm improves the makespan
valuesof the plansoutput by Sapaby an averageof 20% in
the first setand 25% in the secondset. Notice also that the
sametechniquecanbe usedby GRT [17] or MIPS [5] andin
this casetheimprovementwould be 40%and45%respectiely
for thetwo problemsets.

The partializationand topological sort times are extremely
short. Specifically they arelessthan0.1 seconddor all prob-
lemswith the numberof actionsrangingfrom 16 to 37. Thus,
usingour partializationalgorithmasa post-processingtagees-
sentiallypreseresthesignificantefficiency advantage®f plan-
nerssuchas Sapa,GRT andMIPS, that searchin the spaceof
p.c. plans,while improving the temporalflexibility of the plans
generatedby thoseplanners.

Finally, it shouldbe notedthat partializationimproves not
only makesparbut alsoothertemporalfflexibility measurestor
example,the “schedulingflexibility” of a plan definedin [15],
which measureshe numberof actionsthatdo not have any or-
deringrelationsamongthem.,is significantlyhigherfor the par
tialized plans,comparecevento the parallelp.c. plansgener
atedby TGP In fact, our partializationroutine canbe applied
to the plansproduceddy TGPto improve their schedulinglex-
ibility .

6 Temporal planning with continuouschanges

An advantageof settingup an encodingfor the partialization
problemis thatthe encodingcanbegeneralizedo handleother
typesof constrainton the plan. In fact, we have extendedthe
encodingto handletemporalproblemsin the presencef met-
ric/resourceeonsumptionln this sectionwe briefly summarize
theextension,andpresensomepreliminaryempiricalresults.
Extending the Representation: Let V;” be a valueof a metric
resourcer at a time point ¢, we assumehat an action A that
usesr hasfollowing constraints:

1. Resourceduration: Like propositions,A usesr for a pe-
riod betweertwo time pointsst’ andet’; s.t:
stg < st’y <et’y <ety.

2. Resoure preconditions: At time point st”;, theremay
be some constraintson the value of r (suchas the ac-

tion should have enoughresourcesto be executetable).

We assumethat the constraintsare in the form of com-
parisonsuchas: V] ¢ K, where K is a constant,and
o € {<,>,<,>,=}. To simplify the discussion for
the restof this section,we will only discussthe casefor
o = >. Theothercasesrevery similar.

3. Resource effects: Actions may increase/decreasan
amountU’; of r duringthe periodfrom st to et’y.

Extending the encoding: To be able to outputthe o.c plan
that is resource-consistentyhich meansthat all resourcere-
latedconstraintd/;;. > K aresatisfiedoy the setof orderings

in theo.cplan,we needto introducea new setof variablesand
constraintgo ourgeneralCSOPencodingdiscussedh previous
sectionsThedetailsareasfollows:

Variables: For eachpair of actions A and A’ that use the
sameresourcer, we introduceone variable (', ,, to repre-
sentthe resource-enforcedrdering betweenthem (similar to

“While TGPcouldnotsolve severalproblemsn thistestsuite,Sapa
is ableto solve all 80 of them.
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theway (O 4, representshe preconditionenforcedorderings;
seeSection3). If A and A’ can not use the sameresource
at the sarmetime, then Dom((®’ 1) = {<,>}, otherwise
Dom(QAA’) = {'<7>'7J-}' . i
Constraints: Therearetwo additionaltypesof constraints:

1. Constraints representing the relations between the
resource-relatedrderingsandactionstarttime variables:
Olar ==& sta+ (et —sta) < st + (sthy — star)
Ol ==& star + (et — star) < sta+ (sth —sta)
Notice that the values(st’y — st4) and (et’; — st4) are
constantgor a givenaction A thatusesresourcer.

2. Constraintsto guaranteehe resourceconsisteng for all
actions: Specifically for a given action A that usesre-
sourcer and hasa resourceconstraintVy. > K, let

{4, A,,......A,} beasetof actionsthatalsouser and
Init, bethevalueof r attheinitial state. We setup one
constrainthatinvolvesall variables(’; , asfollows:

D

A L, AU <0

Init, + Y Ui, +
A;<rA

Uy, > K

(whereA; <, Aisshorthandor O, ==). Thecon-

straint above ensuresthat regardlessof how the actions
A; that have no ordering relation with A (QZ\,-A =1)

are alignedtemporallywith A, the orderingsbetweenA

and other actionsguaranteghat A hasenoughresource
(Vi > K) to execute.

Greedyvalue ordering: Besidethe default variableandvalue
orderingusedby ary solver thatwe chooseto solve our CSOP
encodingwe canalsousethevalueorderingsimilarto thestrat-
egy usedto assigrvaluesto the causabndorderingvariablesn
Section4.1. Specifically the variables(®’, ,, canbe assigned
valueshasedntheirfixedstartingtimesin theoriginal p.cplan
P, asfollows:

o Ol ==if et’y < st’y, in Pye.
o Ol =+ if et’y, < st7 in P.
e (O 4 =L otherwise.

Due to the factthatthe original p.c plan P, is correct,it is
easyto seethatthe valueorderingdiscusse@bove will leadto
abacktrack-freesearctoverthesetof resource-relatedrdering
variableqgdo notcauseany temporalor resourceénconsisteny).
Preliminary Empirical Evaluation: We implementedthis
valueorderingstratgyy andtestedt with a setof logisticsprob-
lemsin which differenttrucks and airplanesconsumefuel at
differentrateswhile moving packages.They alsoneedto re-
fuel whenthey do not have enoughfuel in their tank to finish



thetrip. We testedwith 10 problemsandtheresultsareshavn
in Figure5. Currently thereis no plannerthat canhandlere-
sourcesaandoutputoptimal makespan.Therefore we compare
only thetotal duration the makesparof parallelplansoutputby
Sapaandthe makesparvaluesafter partialization. Theresults
shaw thaton averagethebacktrack-freeralueorderingstrateyy
improvesthe makesparvalueby 22%.

7 RelatedWork

The complementantradeofs provided by the p.c. and o.c.
planshave beenrecognizedn classicalplanning. One of the
earliestefforts to attemptto improve the temporalflexibility of
plans was the work by Fade and Regnier [6] who discussed
an approachfor removing redundanorderingsfrom the plans
generatecby STRIPSsystem. Later work by Mooney [13]
and Kambhampatand Kedar[10]characterizedhis partializa-
tion processasone of explanation-basedrdergeneralization.
Backstrom[2] cateyorized approachedor partializationinto
“de-ordering” approachesnd “re-ordering” approaches.The
ordergeneralizatioralgorithmsfall underthe de-orderingcate-
gory. Hewasalsothefirst to pointoutthe NP-hardnessf max-
imal partialization,andto characterizehe previous algorithms
asgreedyapproaches.

Thework presentedn this papercanbe seenasa principled
generalizatiorof the partializationapproaches metrictempo-
ral planning. Our novel contributionsinclude: (1) providing a
CSPencodingfor the partializationproblemand(2) character
izing the greedyalgorithmsfor partializationas specificvalue
orderingstratgieson this encoding.In termsof theformer, our
partializationencodingis generalin thatit encompasselsoth
de-orderingand re-orderingpartializations—basedn whether
or not we include the optional constraintsto make the order
ingson P, consistentvith P,.. In termsof thelatter, thework
in [21] and[10] canbe seenasproviding a greedyvalueorder
ing strat@yy overthe partializationencodingfor classicaplans.
However, unlike the stratgyieswe presentedh Sectionst.1and
6, theirvalueorderingstratgiesarenot sensitve to any specific
optimizationmetric.

It is interestingto notethatour encodingfor partializationis
closelyrelatedto the so-called‘causalencodings’{8]. Unlike
casualencodingswhich needto considersupportinga precon-
dition or goal with every possibleactionin the actionlibrary,
the partializationencodingsonly needto considerthe actions
thatarepresenin P,.. In this sensethey aresimilar to theen-
codingsfor replanningandplan reusedescribedn [12]. Also,
unlike causalencodings,the encodingsfor partializationde-
mand optimizing ratherthan satisficingsolutions. Finally, in
contrastto our encodinggfor partializationwhich specifically
handlemetric temporalplans,causalencodingsn [8] arelim-
ited to classicadomains.

8 Conclusion

In this papemwe addressethe problemof post-processingosi-
tion constrainednetrictemporalplansto improve their execu-
tion flexibility . We developeda generalCSPencodingfor par
tializing position-constrainetemporalplans,that can be opti-
mizedunderanobjectivefunctiondealingwith avarietyof tem-
poralflexibility criteria, suchasmakespan.We thenpresented
greedyvalueorderingstratgjiesthataredesignedo efficiently
generatesolutionswith goodmakesparnvaluesfor theseencod-
ings. We evaluatedheeffectivenes®f our greedypartialization
approachn the contet of arecentmetrictemporalplannerthat

produces.c. plans.Ourresultsdemonstrat¢hatthepartializa-
tion approachs ableto provide between25-40%improvement
in themakespanwith extremelylittle overhead We alsobriefly

discussedhn extensionof our partializationapproachfor tem-
poral planswith resourceconstraintsanddemonstrate@mpir

ically thatpartializationcanleadto up to 22% improvementof

themakespan Currently we arefocusingon developinggreedy
valueorderingstratgjiesthataresensitve to othertypesof tem-
poralflexibility measurebesidesnakespan.
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