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Abstract

In thispaperweaddresstheproblemof post-processingpo-
sition constrainedplans,outputby many of therecenteffi-
cient metric temporalplanners,to improve their execution
flexibility . Specifically, given a positionconstrainedplan,
we considerthe problemof generatinga partially ordered
(aka“order constrained”)plan that usesthe sameactions.
Although variationsof this “partialization” problemhave
beenaddressedin classicalplanning,the metric and tem-
poralconsiderationsbring in significantcomplications.We
develop a generalCSPencodingfor partializingposition-
constrainedtemporalplans,thatcanbeoptimizedunderan
objective function dealingwith a variety of temporalflex-
ibility criteria, suchas makespan. We then presentsome
greedyvalue orderingstrategies that aredesignedto effi-
ciently generatesolutionswith goodmakespanvaluesfor
theseencodings.We demonstratethe effectivenessof our
greedypartializationapproachin the context of a recent
metric temporalplannerthatproducesp.c. plans. We also
briefly discussandevaluateanextensionof our partializa-
tion approachfor temporalplanswith resourceconstraints.

1 Intr oduction
Of late, therehasbeensignificantinterestin synthesizingand
managingplansfor metric temporaldomains.Plansfor metric
temporaldomainscanbeclassifiedbroadlyinto two categories–
”position constrained”(p.c.) and “order constrained”(o.c.).
Theformerspecifytheexactlystarttimefor eachof theactions
in the plan,while the latter only specifythe relative orderings
betweentheactions.Thetwo typesof plansoffer complemen-
tary tradeoffs vis a vis searchandexecution.Specifically, con-
strainingthe positionsgivescompletestateinformationabout
thepartialplan,makingit easierto control thesearch.Not sur-
prisingly, several of the moreeffective methodsfor plan syn-
thesisin metric temporaldomainssearchfor andgeneratep.c.
plans(c.f. TLPlan[1], Sapa[3], TGP[18]).

At thesametime,from anexecutionpointof view, o.c. plans
aremoreadvantageousthanp.c. plans–they provide betterex-
ecutionflexibility both in termsof makespanand in termsof
“schedulingflexibility” (whichmeasuresthepossibleexecution
tracessupportedby theplan[20;15]). They arealsomoreeffec-
tive in interfacingtheplannerto othermodulessuchassched-
ulers(c.f. [19;11]), andin supportingreplanningandplanreuse
[21; 9].

A solution to the dilemmapresentedby thesecomplemen-
tary tradeoffs is to searchin the spaceof p.c. plans,but post-
processtheresultingp.c. planinto ano.c. plan. Althoughsuch
post-processingapproacheshave beenconsideredin classical

planning([10; 21; 2]), the problemis considerablymorecom-
plex in thecaseof metrictemporalplanning.Thecomplications
includetheneedto handlethemoreexpressiveactionrepresen-
tationandtheneedto handleavarietyof objectivefunctionsfor
partialization(in thecaseof classicalplanning,wejustconsider
theleastnumberof orderings)

Our contribution in this paperis to first developa Constraint
SatisfactionOptimizationProblem(CSOP)encodingfor con-
vertingap.c.planin metric/temporaldomainsinto ano.c.plan.
This generalframework allowsusto specifya varietyof objec-
tive functionsto choosebetweenthepotentialpartializationsof
thep.c.plan.Wethendevelopagreedyalgorithmfor partializa-
tion, whichcanbeseenasspecificvariablesandvalueordering
strategiesovertheCSOPencoding.Wewill demonstratetheef-
fectivenessof thesepartializationalgorithmin thecontext of a
recentmetric/temporalplannercalledSapa[3]. Ourresultsshow
thatthetemporalflexibility measures,suchasthemakespan,of
theplansproducedby Sapacanbesignificantlyimprovedwhile
retainingSapa’sefficiency advantages.

Thepaperis organizedasfollows. In Section2, we discuss
thebackgroundon actionrepresentationthatwe assumefor the
temporalplanningproblemand the definitions relatedto the
partializationproblem.Then,in Section3 wediscusstheCSOP
encodingfor the partializationproblem. Section4 focuseson
how the CSOPencodingcanbe solved. In Section4, we also
provideagreedyvariableandvalueorderingstrategiesfor solv-
ing theencoding.Theempiricalresultsfor thisgreedyordering
strategy areprovidedin Section5. In Section6, we show how
the partializationencodingcan be extendedto handletempo-
ral planningproblemswith continuouschanges.Section7 dis-
cussestherelatedwork andSection8 presentsourconclusions.

2 Preliminaries

2.1 Action representation
The representationof actionsthat we assumein this paperis
similar to that usedon [1], and[3]. Here,we shall review the
temporalaspectsof the representation,postponingthe discus-
sionof resourceconsumptionaspectsto Section6. Eachaction
A hasa duration ��� , startingtime ����� , andanendtime 	�����
��� �
� � � . Thepreconditionsof anactionmayeitherbeinstan-
taneousor durativeandtheireffectsmayoccuratany timepoint
duringtheirexecution.Action A haspreconditions��������	������
thatmayberequiredto betruefor duration � ����� � � 	!��� �#" suchthat��� �%$ ����� � $ 	���� � $ 	!� � . Figure 1 shows graphically the
action �&
('�)�*�+,�-� � � � '�� ( '�)�*�+,�-�.*�/102*435	 � �6�879/10 � ':)�/;*<�6=6)8>?� ). In
this action, precondition�A@�
B*<�;�-� � ':� only needsto be true
at the startingpoint of � ( �����!C� 
%	!���!C� 
D�1��� ), precondition
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Figure1: Action Example

E.FHGJI<K;LMKONQP:R needsto be true throughoutthe durationof S
( T K�U1VW G T K W NQX�K�U1VW GYX�K W R ). Weneedaperiodof time Z\[^] W to
achievetheeffect X`_aGcb S K;L-E#NdP�R , whichindicatesthatthepack-
ageis not on theground( T KfefgW G T K W [ X�KfedgW [ X!K W ), andneed
thewholeactiondurationto achievetheeffect X8FhGci4jkLlE?NdKfR or
having thepackageinsidethetruck( T Kfe VW G T K W [ X!Kfe VW GYX!K W ).
For eacheffect X of action S thatoccursat X!K eW , thereis a dura-
tion m T K eW NdX!K eW#n o T K WYp T K eW p X!K eW p X�K W in which we do not
allow any processthatleadsto theeventthatcausesbqX to occur.
Notethatunlike preconditions,aneffect X canbothbepositive
(add)or negative(delete).

An importantissuein convertinga p.c. planinto ano.c. plan
is to ensurethatactionsthatarenotorderedwith respectto each
otherarefreeof any interference.In general,two actionsS andShr interfereif s E o b,Eut�vwL S RyxzL-Eut�{\L S�r R.|}vwL Shr R . Unlike
classicalplanning,thetemporalconcurrency betweenS and Shr
dependson theexacttemporalconstraints(valuesof T K U NdX!K U inS and S�r ). Thus,thetemporalrelationsbetweentwo interfering
actionsS and S�r dependon theexactpropositionE thatrelates
themandit is possibleto have morethanoneinterferencere-
lation betweentwo actions,eachoneenforcingdifferentsetof
temporalconstraints.Therefore,we usethenotation ~ U W�� WA� to
denoteaspecificinterferencerelationbetweenS N Shr asit holds
if b,E�t�vwL S R andE�t�{\L S�r R | vwL Shr R . Eachinterferencerela-
tion ~ U W�� W � constrainsthetemporalordersbetweenS and Shr -
specificallywith theconstraintL�X!Kf�4UW [HT K�U W � Ry��L:X�K�U W � [HT Kf�4UW R .
In ourexamplein Figure1, if any action S r thatusesthepropo-
sition S K;L-E#NdP�R of having theeffect of causingS K;L-E?NQP:R , then Shr
is interferenceuponE with action S GYP���I Z LlE?NdKONdP:R .
2.2 ProblemDefinition
PositionandOrder constrainedplans: A positionconstrained
plan (p.c.) is a plan where theexecutiontimeof each action is
fixedto a specifictimepoint. An order constrained(o.c.) plan
is a plan where only therelativeorderingsbetweentheactions
arespecified.

Therearetwo typesof positionconstrainedplans:serial and
parallel. In aserialpositionconstrainedplan,noconcurrency is
allowed. In a parallelpositionconstrainedplan,actionsareal-
lowedto executeconcurently. Examplesof theserialp.c. plans
are the onesreturnedby classicalplannerssuchasGRT [17],
MIPS[5] andtheir temporalcousins.Theparallelp.c.plansare
the onesreturnedby Graphplan-basedplannersandtheir tem-
poralcousinssuchasSapa[3], TGP[18], TP4[7]. Examplesof
plannersthatoutputorderconstrained(o.c.)plansareZeno[16],
HSTS[14], IxTexT[11].

Figure2 shows a valid p.c. parallelplan consistingof four
actions S _�N S F�N S�� N S�� with their startingtime pointsfixed to� _8N � F`N � � N � � andano.c planconsistingof thesamesetof ac-
tionsandachieving thesamegoals.For eachaction,theshaded
regionsshow thedurationsin whicheachpreconditionor effect
shouldhold during eachaction’s executiontime. The darker
onesrepresentthe effect and the lighters representprecondi-
tions. For example,action S _ hasa precondition� andeffect�

; action S�� hasno preconditionsandtwo effects b � and � .
It shouldbeeasyto seethato.c. plansprovide moreexecu-

tion flexibility thanp.c. plans. In particular, an o.c. plan can
be “dispatched”for executionin any way consistentwith the
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Figure2: Examplesof p.c. ando.c. plans

relative orderingamongthe actions. In otherwords, for each
valid o.c. plan {��Q� , theremaybemultiple valid p.c. plansthat
satisfytheorderingsin {��Q� , whichcanbeseenasdifferentways
of dispatchingtheo.c.plan.

A measureof thetemporalqualityof aplanis its “makespan.”
The makespanof a plan is the minimum time neededto exe-
cutea plan. For a p.c. plan,themakespanis thedurationfrom
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
makespanis the minimum makespanof any of the p.c. plans
that areconsistentwith it. Given an o.c. plan { �Q� , thereis a
polynomialtime algorithmbasedon topologicalsortof theor-
deringsin { �d� , which outputsa p.c. plan { U � whereall the
actionsareassignedearliestpossiblestarttime point according
to the orderingin {��Q� . The makespanof that p.c. plan { U � is
thenusedasthemakespanof theoriginalo.c.plan {q�d� .

While generatinga p.c. plan consistentwith an o.c. plan
is easyenough,in this paper, we are interestedin the reverse
problem–thatof generatingano.c. plangivenap.c.plan.Thus,
for a given p.c. plan { U � , we want to find the optimal o.c.
planaccordingto somecriterionof temporal/executionflexibil-
ity suchassmallestmakespanor smallestnumberof orderings.
In thenext section,weshallprovideageneralCSPencodingfor
this “partializationproblem.” Findingoptimalsolutionfor this
encodingturns out to be NP-hardeven for classicalplanning
(i.e., non-durativeactions)[2]. Consequently, we shalldevelop
valueorderingstrategiesthatareableto find a reasonablesolu-
tion for theencodingin polynomialtime.

3 Formulating a CSOPencodingfor the
partialization problem

Supposethat { U � , containinga setof actions� , andtheir start-
ing times T K U �W , is a valid p.c. plan for sometemporalplanning
problem � . Let {q�d� be a partializationof { U � for theproblem� . { �d� mustthensatisfythefollowing conditions:

1. {q�d� containsthesameactions� as { U � .
2. { �d� is executable.This requiresthat the preconditionsof

all actionsaresatisfied,andno pair of interferingactions
areallowedto executeconcurrently.

3. { �d� is avalid planfor � . Thisrequiresthat { �Q� satisfiesall
thetop level goals(includingdeadlinegoals)of � .

4. (Optional)Theorderingson { �Q� aresuchthat { U � is alegal
dispatch(execution)of {q�d� .

5. (Optional)Thesetof orderingsin {q�d� is minimal (i.e., no
orderingis redundant)

Given that {q�d� is an order constrainedplan, ensuringgoal
andpreconditionsatisfactioninvolvesensuringthat(a)thereis a
causalsupportfor theconditionandthat(b) thecondition,once
supported,is not violatedby any possiblyinterveningaction.
Thefourthconstraintensuresthat {��Q� is in somesenseanorder
generalization of { U � [10]. This is not strictly neededif our



interestis only to improve temporalflexibility .1 Finally, the
fifth constraint� above is optionalin thesensethatany objective
functiondefinedin termsof theorderingsanyway ensuresthat�q�d�

containsno redundantorderings.
In thefollowing, wewill developaCSPencodingfor finding�q�d�

that capturesthe constraintsabove. This involvesspeci-
fying the variables,their domains,and the inter-variablecon-
straints.
Variables: Theencodingwill consistof bothcontinuous(tem-
poral) anddiscretevariables. The continuousvariablesrepre-
sentthetemporalaspectsof actionsin theplan,andthediscrete
variablesrepresentthelogicalcausalstructureandorderingsbe-
tweentheactionsin theplan.Specifically, for thesetof actions
in thep.c.plan

�y� �
andtwo additionalactions�h� and �h� repre-

sentingtheinitial andfinal dummyactions,2 thesetof variables
areasfollows:
Temporal variables: For eachaction � , theencodinghasone
variable �1��� to representthe time point at which we canstart
executing � . The domain for this variable is ���8 z¡��1� �k¢�£¤ ¥2¦¨§ª© ¢ .
Discretevariables: Thereareseveraldifferenttypesof discrete
variablesrepresentingthecausalstructureandqualitativeorder-
ingsbetweenactions:« Causal effect: We needvariablesto specify the causal

links relationshipbetweenactions. Specifically, for each
fact ¬®­ � ¡�� ¢ anda setof actions ¯!°ª± ¦ °³²`´µ´µ´¶´µ´ °³·,¸ such
that ¬¹­¹ºw¡:°�� ¢ , we set up one variable: » �� where�w�8 �¡:» �� ¢¼£ ¯!° ± ¦ ° ² ´¶´µ´µ´ ° · ¸ .« Supportivelyrelated: Two actions � and ��½ aresupport-
ively relatedif ¾8¬�­®¡�ºw¡:� ¢À¿ � ¡:�h½ ¢ . For eachsuchpair,
we introduceonevariable Á � �A�AÂªÃ �w�8 �¡�Á � �A�AÂ ¢Ä£ ¯�Å¦OÆ ¸ (A Ç;È8É9�8Ê�È � A’ , or no-order between� & �h½ ). In our
examplein Figure2, someorderingvariablesare: ÁÌË�?Íf�AÎ ,ÁÌË�AÏf�AÎ , ÁÌÐ�AÏQ�9Ñ .« Destructively related (interference):Two actions � and��½ are destructively related if they interfere with each
other. For eachsuchpair, usingthe samenotationintro-
ducedat the end of Section2.1, we introduceone vari-
able Ò � �A� Â : ���8 z¡ÓÒ � �A� Â ¢ª£ ¯<Å ¦1Ô ¸ ( �ÕÇ;È8É9�8Ê�È � �h½ , or�HÖ5É,��È!Ê � ��½ ). For theplanin Figure2, theorderingvari-
ablesare: Ò Ë� Í �A× and Ò Ë� Î � Ï .3

Following arethenecessaryconstraintsto representtherela-
tionsbetweendifferentvariables:

1. If ° supportsthecondition¬ for � , thenthereshouldbea
supportiveorderingbetween° and � w.r.t. ¬ :» �� £ °ÙØÚÁ � Û � £ Å

2. Causallink protections:If ° supports¬ to � , thenevery
other action � ½ that hasan effect Ü,¬ must be prevented
from comingbetween° and � :Ý.Þß�à}á®âäã2å¼æèçAé5ê�ë�ìªíMå¼æ¶îðï�í Ò Þ ß Âµñ à�ò¼î2óôí Ò Þ ß Â ß à�õ¼î

3. Constraintsto prevent non-minimalorderings(optional):
If ° doesnot support¬ to � , thenthereis no needfor a

1In theterminologyof [2], thepresenceof fourthconstraintensures
that ö,÷�ø is a de-orderingof ö Þ ø , while in its absenceö.÷fø caneitherbe
a de-orderingor a re-ordering.

2 å¼ù hasno preconditionsandhaseffects that addthe factsin the
initial state. åûú hasno effect andhaspreconditionsrepresentingthe
goals.

3Sometimes,we will use the notation åüò Þ å æ to representý Þ ßÀß Â à�ò and Ò Þ ß2ß Â à�ò .

supportiveorderingbetween° and � w.r.t. ¬ :» ��ÿþ£ °ÙØÚÁ � Û � £ Æ .

4. Thereareconstraintsbetweenorderingvariablesandac-
tion start time variables(as per the discussionin Sec-
tion 2.1). Specifically, we wantto enforcethatif � Å � � ½
then È!� � � � ��� � � Â . However, becausewe only maintainone
continuousvariable ����� in the encodingfor eachaction,
theconstraintsareasfollow:ý Þ ß2ß Â à�ò������ ß	� í�
�� Þ ß�
 ��� ß î������ ß Â � í���� Þ ß Â 
 ��� ß Â î .Ò Þ ß2ß Â à�ò������ ß � í�
���� Þß 
 ��� ß î������ ß Â � í�
�� Þ ß Â 
 ��� ß Â î .Ò Þ ß2ß Â à�õ������ ß Â � í�
�� Þ ß Â 
 ��� ß Â î������ ß � í������ Þß�
 ��� ß î .
Noticethatall values¡:��� � ��� ����� ¢ , ¡:È!� � ��� �1��� ¢ areconstants
for all actions� andpropositions¬ .

5. Deadlinesand other temporalconstraints:Thesemodel
any deadlinetypeconstraintsin termsof thetemporalvari-
ables.For example,if all thegoalsneedto beachievedbe-
fore time � � , thenwe needto adda constraint:��� ����� � � .
Othertemporalconstraints,suchasthosethatspecifythat
certainactionsshouldbeexecutedbefore/aftercertaintime
points, can also be handledby adding similar temporal
constraintsto theencoding.

6. Constraintsto make the orderingson
� �Q�

consistentwith�y� �
(optional): Let  A� be the fixedstartingtime point of

action � in theoriginalp.cplan
�A� �

. To guaranteethat
�A� �

is consistentwith the setof orderingsin the resultingo.c
plan

���Q�
, weaddaconstraintto ensurethatthevalue  � is

alwayspresentin thelive domainof thetemporalvariable��� � .

Giventhepresenceof bothdiscreteandtemporalvariablesin
this encoding,the bestway to handleit is to view it asa lev-
eledCSPencodingwherein the satisficingassignmentsto the
discretevariablesactivateasetof temporalconstraintsbetween
thetemporalvariables.Thesetemporalconstraints,alongwith
the deadlineandorderconsistency constraintsarerepresented
asa temporalconstraintnetwork [4]. Solving the network in-
volvesmakingthedomainsandinter-variableintervalsconsis-
tentacrossall temporalconstraints[20]. Theconsistenttempo-
ral network thenrepresentsthe o.c. plan. Actions in the plan
canbe executedin any way consistentwith the temporalnet-
work (thusproviding executionflexibility).
Objective Function: Eachsatisficingassignmentfor the en-
codingabovewill correspondto apossiblepartializationof

�A� �
,

i.e., an o.c. plan that containsall the actionsof
� � �

. How-
ever, someof theseassignments(o.c. plans)may have better
executionpropertiesthan the others. We can handlethis by
specifyingan objective function to be optimized,andtreating
theencodingasa ConstraintSatisfactionOptimization(CSOP)
encoding. The only requirementon the objective function is
that it bespecifiablein termsof thevariablesof theencodings.
Objective functionssuchasmakespanminimizationandorder
minimizationreadilysatisfythis requirement.

4 Solving the partialization encoding
As mentionedabove, the encoding,oncesetup,canbe solved
by a coupledframework (suchastheoneusedin LPSAT [22])
wherein a discreteCSPsolver is usedto handlethe discrete
variables,anda temporalCSPsolver is usedto handlethetem-
poralvariables.Every assignmentto thediscretevariableswill
activate a set of constraintsbetweenthe temporalvariables,
which, in conjunctionwith the constraintsof type 4 and5 can



be solved by the temporalCSPsolver. All the temporalcon-
straints! are “simple” [4] andcan thus be handledin termsof
a simpletemporalnetwork. Optimizationcanbe doneusinga
branchandboundschemeon top of this.

Notwithstandingtheforegoingdiscussion,solvingtheCSOP
encodingwill beNP-hardproblem(thisfollowsfrom [2]). Con-
sequently, we focuson developingvariableandvalueordering
strategiesfor theencoding,which canensurethat thevery first
satisficingsolution found will have a high quality in termsof
theobjective function. Clearly, thesestrategieswill dependon
the specificobjective function. In the following, we will de-
velopstrategiesthat aresuitedto objective functionsbasedon
minimizing themakespan.

4.1 Greedyvalue ordering strategiesfor solving the
encoding

In thissection,wediscussavalueorderingstrategy thatfindsan
assignmentto theCSOPencodingsuchthat thecorresponding
o.cplan "�#�$ is biasedto haveareasonablygoodmakespan.The
strategy dependsheavily on the positionsof all the actionsin
theoriginal p.c. plan. Thus,it worksbasedon thefact that the
alignmentof actionsin the original p.c. plan guaranteesthat
causalityandpreservingconstraintsaresatisfied.Specifically,
all CSPvariablesareassignedvaluesasfollows:
Supporting Variables: For eachvariable %�&' representingthe
action that is usedto supportprecondition( of action ) , we
chooseaction )+* suchthat:

1. (-,/.10�)2*43 and 5768& ':9�;=< 68& ' in thep.c. plan " & $ .
2. Thereis no action > s.t: ?@(A,A.10B>C3 and 5768& ' 9 ; 576EDF&G ;
< 68& ' in " & $ .

3. Thereis nootheraction H thatalsosatisfiestwo conditions
aboveand 5I68& J ; 5I68& ' 9 .

Interfer enceordering variables: For eachvariableK & ':' 9 , we
assignvalue:

1. K & ':':9MLCN if 576 & ' ;=< 6 & ' 9 in " & $ .
2. K & ':':9MLCO if 5768& ' 9P;=< 68& ' in " & $ .

Other ordering variables: For all theorderingvariablesQ�&':' 9
that are not enforcedto have value N by the assignmentsto
supportingvariables%P&':' 9 , we assignvaluesQ�&':' 9 LSR .

This strategy is backtrack-freedueto the fact that the origi-
nal p.c. plan is correct. Thus,all preconditionsof all actions
aresatisfiedandfor all supportingvariableswecanalwaysfind
an action )2* that satisfiesthe threeconstraintslisted above to
supporta precondition( of action ) . More over, one of the
temporalconstraintsthatleadto theassignmentof interference
ordering variables K & ':':9 will alwaysbe satisfiedbecausethe
p.c. plan is consistentandno pair of actionsthathave interfer-
encerelationsoverlapeachother. Finally, this strategy ensures
that the orderingson "T#�$ areconsistentwith the original " & $ .Therefore,thesearchis backtrack-freeandno constraintis vi-
olatedbecausethereis onelegal dispatchof thefinal o.c. plan" #U$ , which is thestartingp.c. plan " & $ . Moreover, becausethe
p.cplan " & $ is oneamongmultiplep.cplansthatareconsistent
with theo.c plan "T#U$ , themakespanof "�#�$ is guaranteedto be
equalor betterthan " & $ .Complexity: It is alsoeasyto seethat the complexity of the
greedyalgorithmis V	08%XWY)[Z]\^Z_VS3 where % is thenumber
of supportingrelations,) is thenumberof actionsin theplan,\ is thenumberof interferencerelationsand V is thenumberof
orderingvariables.In turn %a`_)bWP" , \�`_)2c and Vd`_"eWP)2c
whereP is thenumberof preconditionsof anaction.Thus,the
complexity of thealgorithmis V	0�"fW�)2c73 .
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Figure3: TemporalLogisticswith drive inter-city actions.
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Figure4: TemporalLogisticswithoutdrive inter-city actions.

5 Empirical resultsfor Temporal Planning
Wehaveimplementedthevariableandvalueorderingdiscussed
in thelastsection(Section4.1)andtestedit with theSapaplan-
ner. Sapais a forwardstatespaceplannerthatoutputsparallel
p.c. plans. The resultsreportedin [3] show thatwhile Sapais
quite efficient, it often generatesplanswith inferior makespan
values.Ouraimis to seehow muchof animprovementourpar-
tialization algorithmprovidesfor the plansproducedby Sapa.
Thetestsuiteis the80randomtemporallogisticsprovidedwith
TP4planner. In thisplanningdomaintrucksmovepackagesbe-
tweenlocationsinsidea city andairplanesmove thembetween
cities.Figure3 and 4 show thecomparisonresultsfor only the
20 largestproblems,in termsof numberof citiesandpackages,
among80 of thatsuite.In Figure3, trucksareallowedto move
packagesbetweendifferentlocationsin differentcities,while in
theFigure4, trucksarenotallowedto do so.

The graphsshow the comparisonbetweenfour different
makespanvalues: (1) the optimal makespan(as returnedby
TGP[18]); (2) themakespanof theplan returnedby Sapa;(3)
the makespanof the o.c. resultingfrom the greedyalgorithm
for partializationdiscussedin the lastsection;and(4) thetotal
durationof all actions,which would bethemakespanvaluere-
turnedby severalserialtemporalplannerssuchasGRT [17], or
MIPS[5] if they producethesamesolutionasSapa.Noticethat
themakespanvalueof zero for theoptimalmakespanindicates
thattheproblemis not solvableby TGP.

For the first test which allows driving betweencities ac-
tion, comparedto the optimal makespan,on the average,the
makespanof the serial p.c. plans(i.e, cumulative action du-
ration) is about4.34 times larger, the makespanof the plans
outputby Sapais about3.23 times larger and the Sapaplans
after postprocessingareabout2.61 timeslonger(over the set
of 75 solvableproblems;TGPfailed to solve theother5). For
thesecondtest,without thedriving inter-city actions.Thecom-
parisonresultswith regardto optimalsolutionsare: 2.39times
longerfor serialplans,1.75timeslongerfor theplansoutputby



Sapa,and1.31 timeslongerafter partialization. Theseresults
areavj eragedoverthesetof 69outof the80problemsthatwere
solvableby TGP.4

Thus, the partializationalgorithm improves the makespan
valuesof the plansoutput by Sapaby an averageof 20% in
the first set and 25% in the secondset. Notice also that the
sametechniquecanbe usedby GRT [17] or MIPS [5] andin
thiscase,theimprovementwouldbe40%and45%respectively
for thetwo problemsets.

The partializationand topologicalsort times are extremely
short. Specifically, they arelessthan0.1 secondsfor all prob-
lemswith thenumberof actionsrangingfrom 16 to 37. Thus,
usingourpartializationalgorithmasapost-processingstagees-
sentiallypreservesthesignificantefficiency advantagesof plan-
nerssuchasSapa,GRT andMIPS, that searchin the spaceof
p.c. plans,while improving thetemporalflexibility of theplans
generatedby thoseplanners.

Finally, it shouldbe notedthat partializationimprovesnot
only makespanbut alsoothertemporalflexibility measures.For
example,the “schedulingflexibility” of a plandefinedin [15],
which measuresthenumberof actionsthatdo not have any or-
deringrelationsamongthem,is significantlyhigherfor thepar-
tialized plans,comparedeven to the parallelp.c. plansgener-
atedby TGP. In fact, our partializationroutinecanbe applied
to theplansproducedby TGPto improvetheir schedulingflex-
ibility .

6 Temporal planning with continuouschanges
An advantageof settingup an encodingfor the partialization
problemis thattheencodingcanbegeneralizedto handleother
typesof constraintson theplan. In fact,we have extendedthe
encodingto handletemporalproblemsin the presenceof met-
ric/resourceconsumption.In thissection,webriefly summarize
theextension,andpresentsomepreliminaryempiricalresults.
Extending the Representation:Let kmln bea valueof a metric
resourceo at a time point p , we assumethat an action q that
useso hasfollowing constraints:

1. Resourceduration: Like propositions,q useso for a pe-
riod betweentwo time points rIp ls and t7p ls s.t:rIp svu rIp�ls u tIp�ls u t7p s .

2. Resource preconditions: At time point rIp�ls , theremay
be someconstraintson the value of o (such as the ac-
tion should have enoughresourcesto be executetable).
We assumethat the constraintsare in the form of com-
parisonsuch as: k lnxwzy , where y is a constant,andw|{ }�~S���S� u ���S����� . To simplify the discussion,for
the restof this section,we will only discussthe caseforwC��� . Theothercasesareverysimilar.

3. Resource effects: Actions may increase/decreasean
amount�^ls of o duringtheperiodfrom r�p�ls to t7p�ls .

Extending the encoding: To be able to output the o.c plan
that is resource-consistent,which meansthat all resourcere-
latedconstraintskml� n��� �fy aresatisfiedby thesetof orderings
in theo.cplan,we needto introducea new setof variablesand
constraintsto ourgeneralCSOPencodingdiscussedin previous
sections.Thedetailsareasfollows:
Variables: For eachpair of actions q and q+� that use the
sameresourceo , we introduceone variable � ls:s:� to repre-
sentthe resource-enforcedorderingbetweenthem (similar to

4While TGPcouldnotsolveseveralproblemsin thistestsuite,Sapa
is ableto solve all 80 of them.
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Figure5: Resultsfor temporalproblemswith resources

theway �als:s � representsthepreconditionenforcedorderings;
seeSection3). If q and q2� can not use the sameresource
at the sametime, then �1����� � ls:s ��� ��}��S���^� , otherwise
�1����� � ls:s:��� ��}��S���S����� .
Constraints: Therearetwo additionaltypesof constraints:

1. Constraints representing the relations between the
resource-relatedorderingsandactionstarttimevariables:
������ �¡ 2¢�£�¤�¥ ��¦A§�¨ ¥ ��	© ¤�¥ ��ªT« ¤�¥ � � ¦v§ ¤�¥ �� � © ¤�¥ � � ª
� ���� �¡ 2¬�£�¤�¥ � � ¦v§�¨ ¥ �� � © ¤�¥ � � ª�« ¤�¥ �C¦v§ ¤�¥ �� © ¤�¥ ��ª
Notice that the values �8r�p�ls_­xrIp s � and ��t7p�ls_­frIp s � are
constantsfor a givenaction q thatusesresourceo .

2. Constraintsto guaranteethe resourceconsistency for all
actions: Specifically, for a given action q that usesre-
source o and has a resourceconstraint k l� n��� �®y , let
} q°¯ � q+± ��²³²´²³²´²³² q+µ � be a setof actionsthat alsouse o and¶�·:¸ p l be the valueof o at the initial state.We setup one
constraintthatinvolvesall variables� ls:¹�s asfollows:

¶�·:¸ p l»º
¼
s ¹¾½ � s �

ls ¹ º
¼

s ¹B¿ � s�À Á �� ¹�ÂÄÃ
� ls ¹ �[y

(where q2Å � l q is shorthandfor � ls ¹ s �C� ). Thecon-
straint above ensuresthat regardlessof how the actionsq2Å that have no ordering relation with q ( � ls ¹ s �S� )
are alignedtemporallywith q , the orderingsbetweenq
and other actionsguaranteethat q hasenoughresource
( kml� n��� �_y ) to execute.

Greedyvalue ordering: Besidethedefault variableandvalue
orderingusedby any solver thatwe chooseto solve our CSOP
encoding,wecanalsousethevalueorderingsimilarto thestrat-
egy usedto assignvaluesto thecausalandorderingvariablesin
Section4.1. Specifically, the variables� ls:s:� canbe assigned
valuesbasedontheirfixedstartingtimesin theoriginalp.cplanÆ�Ç�È

asfollows:É � ls:s � �C� if t7p�ls ~ r�p�ls � in
Æ:ÇIÈ

.É � ls:s:� �C� if t7p�ls � ~ rIp�ls in
Æ ÇIÈ

.É � ls:s � �S� otherwise.

Due to the fact that the original p.c plan
Æ ÇIÈ

is correct,it is
easyto seethat thevalueorderingdiscussedabovewill leadto
abacktrack-freesearchoverthesetof resource-relatedordering
variables(donotcauseany temporalor resourceinconsistency).
Preliminary Empirical Evaluation: We implementedthis
valueorderingstrategy andtestedit with asetof logisticsprob-
lems in which different trucks and airplanesconsumefuel at
different rateswhile moving packages.They alsoneedto re-
fuel whenthey do not have enoughfuel in their tank to finish



the trip. We testedwith 10 problemsandtheresultsareshown
in FigureÊ 5. Currently, thereis no plannerthat canhandlere-
sourcesandoutputoptimalmakespan.Therefore,we compare
only thetotalduration,themakespanof parallelplansoutputby
Sapa,andthemakespanvaluesafterpartialization.Theresults
show thatonaverage,thebacktrack-freevalueorderingstrategy
improvesthemakespanvalueby 22%.

7 RelatedWork
The complementarytradeoffs provided by the p.c. and o.c.
planshave beenrecognizedin classicalplanning. Oneof the
earliestefforts to attemptto improve thetemporalflexibility of
planswas the work by Fadeand Regnier [6] who discussed
an approachfor removing redundantorderingsfrom the plans
generatedby STRIPSsystem. Later work by Mooney [13]
andKambhampatiandKedar[10]characterizedthis partializa-
tion processasoneof explanation-basedordergeneralization.
Backstrom[2] categorized approachesfor partialization into
“de-ordering”approachesand “re-ordering” approaches.The
ordergeneralizationalgorithmsfall underthede-orderingcate-
gory. Hewasalsothefirst to pointout theNP-hardnessof max-
imal partialization,andto characterizethepreviousalgorithms
asgreedyapproaches.

Thework presentedin this papercanbeseenasa principled
generalizationof thepartializationapproachesto metrictempo-
ral planning. Our novel contributionsinclude: (1) providing a
CSPencodingfor thepartializationproblemand(2) character-
izing the greedyalgorithmsfor partializationasspecificvalue
orderingstrategieson thisencoding.In termsof theformer, our
partializationencodingis generalin that it encompassesboth
de-orderingand re-orderingpartializations–basedon whether
or not we include the optional constraintsto make the order-
ingson Ë�Ì�Í consistentwith Ë:ÎIÍ . In termsof thelatter, thework
in [21] and[10] canbeseenasproviding a greedyvalueorder-
ing strategy over thepartializationencodingfor classicalplans.
However, unlike thestrategieswepresentedin Sections4.1and
6, theirvalueorderingstrategiesarenotsensitiveto any specific
optimizationmetric.

It is interestingto notethatour encodingfor partializationis
closelyrelatedto the so-called“causalencodings”[8]. Unlike
casualencodings,which needto considersupportinga precon-
dition or goal with every possibleaction in the action library,
the partializationencodingsonly needto considerthe actions
thatarepresentin Ë:ÎIÍ . In this sense,they aresimilar to theen-
codingsfor replanningandplanreusedescribedin [12]. Also,
unlike causalencodings,the encodingsfor partializationde-
mandoptimizing ratherthan satisficingsolutions. Finally, in
contrastto our encodingsfor partializationwhich specifically
handlemetric temporalplans,causalencodingsin [8] arelim-
ited to classicaldomains.

8 Conclusion
In thispaperweaddressedtheproblemof post-processingposi-
tion constrainedmetric temporalplansto improve their execu-
tion flexibility . We developeda generalCSPencodingfor par-
tializing position-constrainedtemporalplans,that canbe opti-
mizedunderanobjectivefunctiondealingwith avarietyof tem-
poralflexibility criteria,suchasmakespan.We thenpresented
greedyvalueorderingstrategiesthataredesignedto efficiently
generatesolutionswith goodmakespanvaluesfor theseencod-
ings.Weevaluatedtheeffectivenessof ourgreedypartialization
approachin thecontext of a recentmetrictemporalplannerthat

producesp.c.plans.Our resultsdemonstratethatthepartializa-
tion approachis ableto providebetween25-40%improvement
in themakespan,with extremelylittle overhead.Wealsobriefly
discussedan extensionof our partializationapproachfor tem-
poralplanswith resourceconstraints,anddemonstratedempir-
ically thatpartializationcanleadto up to 22%improvementof
themakespan.Currently, wearefocusingondevelopinggreedy
valueorderingstrategiesthataresensitiveto othertypesof tem-
poralflexibility measuresbesidesmakespan.
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