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Abstract
We presenta new structuredevelopedto analyze
reachabilitywithin the plan space.The maingoal
is to proposea new heuristicestimatorto guidethe
searchin partial orderplanners. It could be used
to evaluateestablishersof open-conditionsaswell
asresolventsfor threatsor resourcecontention.Al-
gorithmsaredetailedto expandthis structureand
updateit alongthesearch.

1 Intr oduction
Several recentworkshave contributedto bring backto light
partial-orderalgorithms. First a numberof existing archi-
tecturesfor integratingplanningwith executionillustrateone
reasonwhy partial-orderplannersremainattractiveoverstate
spaceandCSP-or SAT- basedplanners: they provide plans
which offer a higher degree of execution flexibility . The
moststriking exampleis of courseNASA’s RAX [Johnson
etal., 2000]. It hasalsobeenshown thatthepessimismabout
the scalabilityof partial-orderplannerscould be challenged
([NguyenandKambhampati,2001], [YounesandSimmons,
2002]). However, eventhoughsomeimportantimprovements
have beenachieved, we are still lacking a solid domain-
independentheuristicestimatorwhichwouldguidethesearch
within planspace.

Themostimpressive resultsto dateareexhibitedby plan-
nersmakinguseof solid searchcontrol information which
arederivedfrom the structureproposedin [Blum andFurst,
1995] : theplanninggraph.Theplanninggraphis anapprox-
imation of the part of the statespacewhich canbe reached
from a given initial situation. It is built in polynomialtime.
It hasbeenusedin differentsuccessfulfashions.First, it has
beenproposedasthe basisto build plansthroughits encod-
ing in a CSPor SAT problem([Koehleret al., 1997], [Kautz
and Selman,1999]). It has also beenusedas a basisto
build informed estimatorsto evaluatethe distancebetween
a nodereachedduringthesearchanda goal([Hoffmannand
Nebel,2001]). Last it hasbeenusedasa new searchspace
in [Gerevini andSerina,2002] wheretheauthorsexposeal-
gorithmsto explore a spacewhosenodesare subgraphsof
the planninggraph. Therehasbeensomeattemptsto ben-
efit from the strengthof the planninggraphin a plan space
search.But transposingsuccessfulapproachesin statespace
is notstraightforwardandraisessomedifficulties.

Let usdetailthePlanSpaceexplorationprocesssoasto ex-
plain this laststatement.Nodesof thePlanSpacearepartial
planswhich cancontainflaws : openconditions(conditions
with nosupportingactions)or threats(twomutuallyexclusive
propositionswhich could possiblyinterferewith eachother
or causeresourcecontentions).Moves in this searchspace
consistin flaw repairs. In order to completethe searchfor
a solution,partial plansarerefinedby the additionof resol-
vents,eitherestablishersfor openconditions(causallink with
anactionalreadyin the plan or a new action)or constraints
(orderingor binding/separation)for threats. Thuschoosing
how to progressin thesearchimplies rankingvery different
operators,eachonerepairingoneflaw. As statedin [Weld,
1994], thischoiceis usuallydecomposedinto two steps: first
a flaw is chosenandtheneighborhoodof thecurrentnodeis
definedby theresolventsof thechosenflaw, thena resolvent
is chosen.

Elaboratingefficient heuristicsto take thesedecisionsis
complicatedby the partial order on actionsthat prevent us
from determiningthe context in which actionswill actually
beapplied. Somehow, sinceit is not obvious to associatea
partialplanto a ”currentstate”,it is difficult to estimatehow
far it is from asolution.A goodreview of theheuristicsused
to choosewhichflaw to focuson canbefoundin [Pollacket
al., 1997]. But it turnsout thatmostof thesecontrolstrate-
giesareproblem-dependent.To achieve betterperformance,
VHPOP([YounesandSimmons,2002]) periodicallyswitch
from onestrategy to anotheralongthe search.Even if this
versatility might pay out, it is not really satisfyingsinceit
needsadditionalcontrol for instanceto decidehow oftenthe
controlstrategy shouldbechanged.

In [Nguyenand Kambhampati,2001], the authorsfocus
on the selectionof a resolvent for a given open-condition.
They proposea novel heuristicestimatorrelying on the use
of a planninggraphto rankpartialplans.Their planner, Re-
POP, usesonly groundactionsanddoesnot handleresource.
Thustheonly threat’s resolventsto beconsideredareorder-
ing constraints.Insteadof branchingon eitherdemotionor
promotion,RePOPusesadisjunctiverepresentationof order-
ings during plan refinement.Onceall the flaws aresolved,
theremainingdisjunctiveconstraintsaresplit into thesearch
space. The efficiency of the POPalgorithm is reportedto
be dramaticallyimproved. However this systemhassome
limits. One is the useof disjunctive constraints: extend-
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Figure1: thePS-PGfor a problemof thedomainZeno

ing RePOPto handlelifted actionsor resourceswould intro-
ducesomethreatswith morethantwo alternative resolvents.
Keepingsuchdisjunctionswouldsignificantlycomplicatethe
constraintspropagation.Furthermorechoosingwhich open-
condition (or flaw) to focus on is still an openissuesince
RePOPrelieson thesameclassicheuristicsasVHPOP.

Our work has been motivated by this lack of a well
groundedanduniform searchcontrolstrategy in planspace.
In the following sectionsof this paper, we first proposea
structurethatenablesusto catchapartof thePlanSpacethat
is relevantto a givenproblem.We highlight someproperties
of this structure,mainly thatit canreflecttheeffectsof com-
mitmentmadealongplanrefinements.Finally weproposeto
usethisstructureto obtaincontrolinformationrankingestab-
lishersaswell asthreatresolvents.

2 The Plan SpacePlanning Graph :
Definitions and Properties

In this section,wefirst review thebasisof partial-orderplan-
ningalgorithms.Thenweexposemethodsto build a disjunc-
tivestructurerepresentinga partof thePlanSpace.We name
it the”PlanSpacePlanningGraph”(PS-PG).

In this paperwewill only considerthecontext of classical
planningproblems. The initial stateof the world

�
, the list

of goalsG andthesetof deterministicactionschemas� are
given. Eachaction schema����� hasa preconditionlist
andaneffect list, denotedrespectively ���
	����� and ���������� .
Findinga planconsistsin building anorderedsetof actions
(instantiationsof actionschema)whichwill achievethegoals�

whenexecutedfrom
�
.

Background on POP Algorithm - The Partial Order
Planningalgorithmsearchesthesolutionplaninto thepartial
plan space.A partial plan canbe consideredasa conjunc-
tion of constraintsthat definesa set of ”candidatesplans”.
Thesearchprocesswill reducethis setof candidatesuntil it
discardsevery inconsistentplan, the remainingplansbeing
solutionsfor theproblem.

More formally a partial plan is defined as a 6-tuple����������� ��!"����#��$"!%� where � is a set of potentially un-
groundedactions,� a setof orderingconstraintsover � , � a
setof constraintsover thevariablesfiguring in elementsof �

and ! is a setof causallinks 1 (i.e.orientedarcsbetweenac-
tions labeledby a propositionwhich figurecommitmentfor
an action to establishonepreconditionof an otheraction).
Thedescriptionof a partialplanis completedby two setsof
flaws : ��# , a setof openconditions,and $"! , a setof unsafe
links (threats).A partialplanstandsfor a family of plans.It
is consideredto be a valid solutionif all of theseplansare
consistent.This implies that thesets��# and $"! areempty.
An openconditiondesignatesa non-explainedprecondition
of oneof the actionsin � . A threatappearswhenanaction�'& establishesa precondition( of anaction ��) while a third
action �+* might causethe cancellationof this precondition,
i.e ,.-0/1�2(3� is an effect of �+* and �+* might occurbetween� &
and � ) withoutviolatingany constraintin � .

The algorithmstartsits searchfrom a partial plan which
containsonly two actions465 and 467 . 465 hasonly effects:
it establishesthe initial state. 4 7 hasonly preconditions:it
initializestheopenconditionswith thedesiredfinal state.

Stepbystep,thePOPalgorithmis goingto try to resolveall
theflawsof thepartialplan.A stepconsistsin selectingaflaw
andchoosingaresolvent.An openconditioncanbeexplained
eitherby insertinga new actionwhoseeffectsunify with this
openconditionor by establishinga new causallink with an
actionalreadyin theplan. To resolve a threat,it is necessary
to over-constraintheactionssoasto ensurenon-overlapping
betweenthethreateningactionandthethreatenedlink. Thisis
achievedby postingtemporal(promotion/demotion)or atem-
poral(inequalities)constraints.

If thesearchreachesa nodewhich containsoneflaw with
no possibleresolvent,it hasgoneinto a dead-endbranch: it
hasto backtrackononeof its previouschoices.
The selectionof the flaw and the choice of a resolvent
involve goodheuristicsto guidethe search.As seenabove,
theheuristicestimatorsusedin thiscontext shouldbeableto
rankvariousresolvents: interncausallinks, causallinks with
new tasks, ordering constraintsand binding or separation
constraints.In orderto build suchanestimator, weproposea
new wayto computereachabilitywithin PlanSpace.

1Sinceweconsiderungroundedactions,causallinks involveuni-
fying parametersof actionsandopen-conditions.If 8:9<;>=?A@ is a
causallink, wewill denoteB�CD8FE thesubstitutionthatmapsthevari-
ablesin b to thevariablesin a.



The Plan SpacePlanning Graph - This structureis in-
tendedto catchthe part of the plan spacethat might be ex-
ploredby the POPalgorithm. Like a partial plan, it canbe
consideredasasetof actionsandconstraintsdefiningafamily
of potentialplans.But insteadof committingto oneresolvent
for eachflaw, theideais to keepdisjunctions.Therelaxation
hereconsistsin neglectingthreatsandfocusingonopencon-
ditionsandtheir establishers.We definetheelementsof the
structureandhow it is expanded.The expansionprocedure
stronglysuggestsa successionof open-conditionslayersand
establisherslayers.Theresultingstructurecanbeconsidered
asanextensionof theAction Graph,describedin [Smithand
Peot,1993], to dealwith lifted actions.
Definition - ThePlan SpacePlanningGraph(PS-PG)is an
orientedgraphwith two kind of nodes: propositionandac-
tion nodes.It canbe formally expressedasa 7-tuple( G , � ,���
	 , H�! , IJ! , � ,� ). G and � arerespectively proposition
andactionnodes. ���
	 areedgesfrom G to � : if �>�K�
then G containsnodescorrespondingto thepreconditionsof� and ���
	 containsedgesfrom thesenodesto � . HL! andIM!
completethesetof edges: they aresetsof causallinks from
actionsto propositions( HL! standsfor externlink andIJ! for
internlink). We alsodenote!ONOIM!QP�HL! . � and � areset
of orderingconstraintsandconstraintsover variables;these
constraintsareinducedby thecausallinks in ! .

ThePS-PGis initializedwith thetwo actions4 5 and 4 7 .
It is thenexpandedaccordingto theprocedure”Expansion”.

Expansion:R�S T�U�V ���
	��W467X�0�ZY[	]\ T�U�V_^`aS
while (

T�UcbN ^ )daS
for every -
e in

T�Uf3S ��gh/�	1�
,.��ij/ V supportingtask(-
e )kaS
for every � in ��gh/�	]�
,.��il/maS

insert(� )naS Y[	1\ T�UoV Y[	]\ T�U Pp���
	�����qaS
endforraS

endforR1saS
for every -
e in

T�UR�R�S � ,'/�	1�
,.��ij/ V intern establishers(-
e )R1`aS
for every � in

� ,'/�	1�
,.��ij/R1daS
insert(� )RFf3S

endforR1kaS
endforR1maS
Add constraintsfrom thenew causallinksR1naS T�U�V Yt	1\ T�U ��Yt	1\ T�U�Vu^R1qaS

endwhile

Noteson the ”Expansion” procedure - The function sup-
porting task returnsthe list of all the possibleextern estab-
lishersof thegivenopen-condition-
e , i.e. new actionswhich
have oneeffect thatcanbeunifiedwith -
e . Insertinganex-
tern establisherconsistsin the following : binding the vari-
ablesinvolved in the actionandin the open-condition(new
constraintsin � ), addingthe action in � , its preconditions
in G andthecorrespondingedgesin ���
	 , thena causallink
with theopen-conditionis addedin H�! .

intern establisher(oc)returnsthelist of all thepossiblein-
ternestablishersof -
e , i.e. all theactionsalreadyin � whose
oneof the effectscould be unified with oc. Decidingif an

elementof � could be an intern establisherof oc involves
checkingweitherthiscausallink wouldbeconsistentwith �
and � . Insertinganinternestablisherssimply entailsadding
acausallink in IM! .

On Line 16, theconstraintswe areconcernedwith areor-
deringsandbindingsfrom the new establishments: an ac-
tion shouldbeorderedafter the establishersof its precondi-
tions and the domainsof its parametersalso dependon its
establishers.Sincethereis nocommitmentto a particulares-
tablisher, theseconstraintsaredisjunctive. Given an action�v�[� andoneof its precondition(t��G , thefollowing con-
straintshold :w �yx{zl�y�}|�~ z �F�l~ z �[��ij/1��(3�����[� where��ij/1��(��JN��
~����p�l~%��(��p! �w�� g��Q�6�����2(3���X-
�[�g3����P z �y�X-
�t�y� z �0��� z �[��ij/1�yg����

where ��il/1�g3�JNo���'���'~����}�+��N����y~���(3�0�yg��l�
A last remarkshouldbemadeon the stopconditionused

on line 2. This is not a realisticstopconditionfor the sim-
ple reasonthat in mostcasesa partialplancanalwaysbeex-
tendedby puttingactionsinto it (loops)whichentailmoreand
moreopenconditionsto be established.Instead,the expan-
sionshouldbestoppedwhentherearereasonto believe the
PS-PGcontainsa solutionplan. We will proposean actual
stopconditionin thefollowing sections.

Figure 1 providesan exampleof a PS-PGdevelopedfor
a problemin the domainZeno. Thereare4 actionsin the
domain(Fly, Refuel,Board,Debark). Solid (resp. dashed)
linesstandfor extern (resp. intern) causallinks. Bold lines
representthe links that arepart of the actualsolutionof the
problem.

Beforemoving on to usingthePlanSpacePlanningGraph
asthe basisfor a heuristicestimator, let us stateoneof its
importantproperties.
Property - All the partial plans that the POP algorithm
could explore are containedin the Plan SpacePlanning
Graph.

More precisely, if theExpansionprocedure passesthrough
the main loop N times,thenany partial plan that might be
refinedby the POP algorithm to resolveN open-conditions
(andanynumberof flaws)is containedin thePS-PG.

Intuitively, thispropertyis ensuredby thetwo stepswithin
the main loop of ”Expansion”. First all new tasksarecom-
putedandinsertedin thePS-PG.It is only after this that in-
terncausallinks arecomputed.Thustasksthathave justbeen
addedto establishanopen-conditionmight alsobereusedto
establishotheropen-conditionsasside-effects. This way we
makesurethatall combinationsof resolventsareconsidered.

3 Estimating distancewithin Plan Space
As saidabove, thePS-PGcanbeconsideredasa setof con-
straintsthat definesa setof candidateplans. It is possible
to evaluatea lower boundof the length of a solution plan
throughthe PS-PG.Adding constraints,like committing to
oneestablishersor enforcingan orderbetweentwo actions,
will reducethesetof candidatesandthuspotentiallychange
(increase)thelowerboundof thelengthof solutionplan.This
changecanbeusedasanestimatorto rankresolventsin func-



tion of their likelinessto bring thepartialplancloserto a so-
lution� plan.

In this sectionwe will first presentheuristicfunctionsto
estimatea lowerboundof thelengthof a solutionplanusing
the PS-PG.We will thenpresenta methodto enforcein the
PS-PGeither a commitmentto an establisheror ordering
constraintsor even binding/separationconstraints.We will
then disposeof all the necessarytool to build a heuristic
searchcontrolfor a POPalgorithm.

Lower bound of the length of a solution plan - Thesefunc-
tionscomputea lowerboundof thelengthof a solutionplan.
The lengthof a partialplan � is measuredasthenumberof
refinementthatshouldbeappliedto theinitial partialplanto
reach� . It is astrict lowerboundsinceresolventsfor threats
arenot takeninto account.Theformulaspresentedbelow are
inducedby the interpretationof the PS-PGasan AND/OR
structure: all theopen-conditionsin a partialplanshouldbe
establishedto reacha solutionandeachopen-conditioncan
beestablishedin differentways.

In the following equations, � denotesa partial plan,T�U ���� the set of open-conditionsin � , ( a proposition,��ij/1��(�� the setof possibleestablishersof ( which appearin
the PS-PG(i.e. ��ij/1��(�� = �����[� / �t��([�[! � ), � a task
andfinally

T�U ���� is thesetof open-conditions� would in-
troducein theplan.

(1) eF-
il/1�����N ��+�����¡ �¢�£ e0-
il/1�2(3�
(2) eF-
ij/1��(��¤N ¥§¦�¨© � ©Zª¬«   �
£ eF-
il/1���� if ��ij/1��(�� bN ^ �

 otherwise
(3) eF-
ij/1�y���¤N RJ® ��+�����¡  © £ eF-
ij/1��(��

It shouldbenotedthat thesefunctionstakepositive inter-
actionsinto account.An actionis usedonly onceasanextern
causallink (seeProcedureExpansion). If it is usedto support
otheropen-conditionsasside-effects,it is throughan intern
causallink. Sinceinterncausallink do not entail any open-
condition,the costof establishingthe preconditionswill be
countedonly once,even if it is usedto establishedseveral
propositions.

Last thesefunctionsprovide a criterionto stoptheexpan-
sion of the PS-PG: as long asthe costof the initial partial
planis infinite, thePOPalgorithmwill have to refinethepar-
tial plan with establisherswhich arenot in the PS-PG.So a
strategy consistsin expandingthePS-PGsoasto reacha fi-
nite costandthenconsiderfurtherexpansionif it is required
by thesearch.
Enforcing choicesin the PS-PG- Theprocedure”Expan-
sion” proposedin the previous sectioncatchesa part of the
PlanSpaceaccordingto the”constraints”definedby theini-
tial situationand the goals. Now we considermethodsto
modify thePS-PGaccordinglyto additionalconstraints: we
areinterestedin determiningwhatwouldbetheconsequences
of committingto a specificflaw resolventwith respectto the
reachablepartof thesearchspace.

Committing to an establisherfor an opencondition will
discardall thealternativeestablishers: it involvesdiscarding

thepreconditionsthey entailedandof courseit preventsthem
from beingfurtherusedin interncausallinks. Committingto
anorderingor separationconstraintto solve a threatwill af-
fectsomeestablisherswhichwill nolongerbeconsistentwith
either � or � . Theprocedure”Enforce” is presentedbelow
to show how thesechangesarepropagatedwithin thePS-PG
in caseof commitmentto anestablisher. Theprocedurefor a
constraint(threat’sresolvent)is basicallythesame.

Enforce(EstablisherE)R+S ����(§NK�`'S
addconstraint��X|>i1� where ��(§�¯i1���[���
	d'S
addbindingconstraintsbetween� and (f�S �X°yi]eF���
±�	1±���ij/ V 	]il/���~l²y°i]³3	]�
i��2(3��´µ�k'S �X°yi]eF���
±�	1± T�UoV 	],'/���°D²y	]± -
e
��X°yi]eF���
±�	1±���ij/��m'S
Remove DiscardedEstfrom thePS-PG.n'S¶T�UoV ���
	+�D467X�q'S \·³�°D²	�� T�UcbN ^ �r'S

for every -
e in
T�UR1s'S ��ij/�i V 	]ij/���~j²y°y³�	]�
i��-
eF�R�R+S

if -
e �[�X°yi]eF���
±�	1± T�U thenR1`'S �X°i]eF���
±�	]± T�U¸V 	],'/���°D²y	]± -
e
�y��il/�i]�R1d'S
Remove Estsfrom thePSPGRFf�S

elseR1k'S
for every � in ��ij/�iR1m'S

if ,.- ²y-
,'¹a	1� (3-
i]i1°~l²y	+�y��� thenR1n'S �X°yi]eF���
±�	1± T�U¸V �X°i]eF���
±�	]± T�UR1q'S Pp	],'/���°D²	1± -
e
����R1r'S
Remove E from thePS-PG`�s'S

else`aR+S Y[	1\ T�UoV Y[	]\ T�U P�	1,'/���°W²y	]± -
eº�y���`�`'S
endif`�d'S

endfor`
f�S
endif`�k'S

endfor`�m'S T�UoV Y[	]\ T�U �lY[	1\ T�U�V_^`�n'S
endwhile

Removing an extern causallink �»�¼( from the PS-PG
consistsin removing �»�½( from HL! , removing � from �
and for every precondition( of � removing ( from G and
removing ([�¾� from ���
	 . Removing aninterncausallink
simplyconsistsin removing it from IJ! .

On line 16, checkingif a causallink is no longerpossible
consistsin checkingif the involvedactionhasnot beendis-
cardedfrom the PS-PGand if it is still consistentwith the
currentconstraints(orderingandbinding/separation).

On line 8, this stop condition is sufficient : contraryto
what is done in ”Expansion”, herewe are not computing
new establishersbut retrieving whatis alreadyin thePS-PG.
Thus,sincetheexpansionof thePS-PGhasfinished,we are
sureto stop.
Search control - We arenow readyto explain how to use
the PS-PGto guide the searchprocessin a POPalgorithm.
The basicidea is that at eachstepof the searchresolvents
will be rankedaccordingto the lower boundof the length
of a solutioncomputedvia the PS-PGoncethey have been
enforced.ThePS-PGwill beincrementallyupdatedalongthe
searchby actuallyenforcingeachresolventwhich is chosen
to beaddedto the currentpartial plan. The procedurePOP



below givesa naive sketchof algorithmto illustratesucha
search¿ control.

POP(
�
,
�

)R�S � V initial partialplan�¬�]465+��4"7����0�1465�À>467���� ^ �l���
	+�D4"7¤�0� ^ �`aSÂÁ ²y��\·i V ���
	+�D467X�daS
ExpandthePS-PGf3S
while (

Á ²y��\·i bN ^ )kaS Ã 	]i1-]²Ä�	],'/�i V eF-
��(�Å�/�	 �
	]i1-]²Ä�	],'/1� Á ²y��\ i1�maS
if (
Ã 	1i]-]²yÄ+	1,'/�i�N ^ ) thenBacktrack.naS

for every
Ã

in
Ã 	1i]-]²yÄ+	1,'/�iqaS

Evaluatethecostof
Ã

in thePS-PGraS
/* i.e. temporaryenforce

Ã
andcomputeeF-
ij/JÆ%�R1s'S

endforR�R+S
choose

Ã
with minimalcostR1`'S

add
Ã

in � andupdate
Á ²y��\ iR1d'S

if � is inconsistentthenBacktrack.RFf�S
enforce

Ã
in thePS-PGR1k'S

endwhile

This simple setting enablesus to highlight one of the
strengthof this heuristicestimator: it evaluatesin a uni-
form way all kinds of resolvents. Thus it could be usedin
amuchmoreexpressive context, for instancein systemshan-
dling time and numericresourcessuchas IxTeT ([Ghallab
andLaruelle, 1994]) or HSTS ([Muscettola,1994]). What
wouldthenberequiredaremodulestoanalyzeflawsandelab-
oratetheir resolvents.For instancesuchmethodsasthoseex-
posedin [Laborie,2001] couldbe usedto build an efficient
ResourceContentionDetectionmodulethatwould elaborate
setsof constraintsto resolve thesenew threats. Thesecon-
straintscouldthenbeevaluatedthroughthePS-PG.

Beyondthecontrolschemaexposedabove,wecouldelab-
oratea morecomplex algorithm. First we couldmix it with
classicalPOPsettings,suchasa two-level choice: first se-
lect a flaw andthena resolvent. But the PS-PGitself could
beusedmoreactively. For instance,it couldbeusedto com-
pute the resolventsfor open-conditionsat eachstepof the
search.Furthermoreinsteadof insertingestablishersoneat
a time, deterministicbranchesof the PS-PG(i.e part of the
graphwith noalternatives)couldbeinsertedaltogether.

4 Conclusion
We have presenteda structureto encodethepartof thePlan
Spacewhich might be explored by a POPalgorithm for a
givenproblem,namelythePlanSpacePlanningGraph. We
proposeto useit asa basisfrom which to computeheuristic
informationandto build a searchcontrolstrategy.

We arecurrentlyworking on theeffective implementation
andexperimentationof thesearchcontrolproposedin section
3. Wehave implementedthePS-PGwithin theIxTeTsystem.
Althoughvery preliminar, theresultswe obtainindicatethat
the heuristicturnsout to be muchmoreefficient thanfixed
strategy suchasLIFO, Z-LIFO or LCFR. However expand-
ing thePS-PGremainsexpensive andhardlybearscompari-
sonwith thesystemswhichtookpartin thethird International
PlanningCompetition.We arecontinuingto work on theim-
plementationso as to checkwhetherthe extendedtemporal
context might be responsiblefor theseresultsand find out
how to makethis approachcomputationallyeffective.
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