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Abstract

It is well-known thatplanningis hardbut it is less
well-known how to approachthe hard parts of a
probleminstanceeffectively. Using staticdomain
analysistechniqueswe can identify and abstract
certain combinatorialsub-problemsfrom a plan-
ning instance,and deploy specialisedechnology
to solve thesesub-problemsn a way that is in-

tegratedwith the broaderplanningactuvities. We
have developeda hybrid planningsystem(STAN4)

which brings togetheralternatve planning strate-
giesandspecialised@lgorithmsandselectdbetween
them accordingto the structureof the planning
domain. STAN4 participatedsuccessfullyin the
AIPS-2000 planning competition. We describe
how sub-problemabstractionis done,with partic-
ular referenceto route-planningabstraction,and
presentsome of the competitiondatato demon-
stratethe potentialpower of the hybrid approach.

1 Introduction

The knowledge-sparseor domain-independentplanning
communityis oftencriticisedfor its obsessionvith toy prob-
lems and the inability of its technologyto scaleto address
realisticproblems.Planneraisingweakheuristicswhich at-
temptto guide searchusing generalprinciplesand without
recourseto domainknowledge,cannotcompete,in a given
domain,againsta plannertailoredto performwell in thatdo-
main.

On the otherhand,tailoring a plannerto a particulardo-
mainrequiresconsiderableffort onthe partof a domainex-
pert. This effort is generallynot reusablebecause different
domainrequiresawholenew bodyof expertiseto becaptured
andit is not clearwhat (if any) generalprinciplescanbe ex-
tractedfrom ary singlesucheffort to facilitatethe next. The
philosophyunderlyingour work on domainanalysisis that
knowledge-sparsplanningcanonly be proposedasrealistic
generalplanningtechnologyif it is supplementethy sophis-
ticateddomainanalysescapableboth of assistinga userin
the developmentof correctdomaindescriptionsandof iden-
tifying structurein a planningdomainthatcanbe effectively
exploitedto combatsearch.
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In this paperwe describea way of decomposinglanning
problemgo identify instance®f NP-hardsub-problemssuch
as Travelling Salesmanthat are most effectively solved by
purpose-hilt technology Knowledge-sparsegeneral plan-
ningis unintelligentbecaus& useshesamemethodgo solve
all problemswhetherthey genuinelyrequireplanningor are
in factinstance®f well-known problemsthatarethemseles
thetopic of substantie researchA morepowerful approach
is to allow suchsub-problemso beabstracte@ut of theplan-
ning problemand solved using specialisedechnology The
differentproblem-solvingstratgies mustthenbe integrated
sothatthey cancooperatén the solutionof the original prob-
lem.

We have beenexperimentingwith usingthe automaticdo-
main analysistechniquesof TIM [Fox and Long, 1999 to
recogniseandisolatecertaincombinatoriakub-problemsand
to proposeaway in which their solution,by specialisedlgo-
rithms, might be integratedwith a knowledge-sparsplanner

Thework describedn this papethasbeensuccessfullym-
plementedn version4 of the STAN system(STAN4) andhas
provedvery promising. STAN4 competedn the AIPS-2000
planningcompetitionwhereit excelledin problemsinvolv-
ing route-planningsub-problems&ndcertainresourcealloca-
tion problemsinvolving a restrictedform of resource. The
datasetsfrom the competitionarediscussedn Section7. In
STAN4, TIM selectsbetweena forward andbackward plan-
ning strateyy dependingon characteristideaturesof the do-
main. The forward planningcomponentFORPLAN, is in-
tegratedwith simplified specialistsolversfor certainsimple
route-planningandresourceallocationsub-problemsln Sec-
tion 3 we describehe component®f the hybrid architecture
of STAN4 andexplaintheintegrationof thesecomponents.

2 Recognising Generic Behaviours

TIM canidentify a collection of generictypeswithin a do-
main. Generictypes[Long andFox, 2004 arecollectionsof
types, characterisedby specifickinds of behaiours, exam-
plesof whichappeain mary differentplanningdomains.For
example, domainsoften feature transportationbehaiours
sincethey ofteninvolve the movementof self-propelledob-
jects betweenlocations. TIM can identify mobile objects,
even when they occur implicitly, the operationsby which
they move and the mapsof connectedocationson which
they move. The analysisautomaticallydeterminesvhether
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the mapsarestatic (for example,roadnetworks) or dynamic
(for example,corridorswith lockabledoors). The recogni-
tion of transportatiorfeatureswithin a domainsuggestghe
likelihoodof route-planningsub-problemsrisingin problem
instances.

TIM alsorecognisegertainkinds of resouceswhich re-
strict the useof particularactionsin a domain. Finite renev-
ableresourceswhich canbeconsumedndreleasedn units,
areencodedn STRIPSusingdiscretestatechangeo model
the stagef their consumptiorandreleasgfor example,in
the Freecelldomain). STAN4 recognisedand exploited this
genericbehaiour in the Freecelldomainin the AIPS-2000
competition(seeFigure5) but we arenot, yet, exploiting such
resourcesn arobustway.

TIM takes asinput a standard,unannotatedSTRIPSor
ADL descriptionof a domainand problem. Integration of
specialisedtechnologywith the searchstratgy of a plan-
neris moststraightforvardto achiese in a heuristicforward-
search-baseglanner so we have implementeda forward
planner FORPLAN, using a simple best-firstsearchstrat-
egy. It usesa heuristicevaluationfunction, basedon solv-
ing the relaxed planning problem, similar to the approach
takenby HSP[Bonetetal., 1997 andHoffmann’s FF [Hoff-
mann,200d. Like FF, FORPLAN usesa relaxed versionof
GraphPlanto computethe relaxed plan estimate. The dif-
ferencebetweenFORPLAN and FF is that the relaxed plan
is constructedor the abstactedplanningproblem— thatis,
thepartof the planningproblemthatremainsvhenoperators
andpreconditiongelatingto theidentifiedsub-problenhave
beenremoved. This givesus only part of the heuristicesti-
mate. The heuristicestimates thenimproved by estimating
the costof solving the removed sub-problem.This two-part
processcan resultin much betterestimateshan thosepro-
ducedby otherforward-search-basegalanners. FORPLAN
doesnot, at present.exploit any generalheuristics(suchas
Hoffmann’s helpfulactiong to inform its distanceestimates.
Sincetherepertoireof sub-problemshatTIM canrecognize
is currentlyverylimited, FORPLANhasonly beenintegrated
with sub-sohersfor certainforms of routeplanninganddis-
creteresourceénandling.Withoutanappropriatesub-solherto
exploit, FORPLAN easily becomedost in the searchspace
andthereforeis ineffective asa generablannerat present.

3 TheHybrid Planner Architecture

Becausd-ORPLAN is not yet effective asa generalplanner
we cannotrely on it for solving problemsthat do not have
routeplanningor resourcénandlingsub-problemsQurinten-
tion, in the developmentof STAN4, hasbeento demonstrate
an effective meansof abstractingsub-problemdrom plan-
ning instancesandof integratingspecial-purpossub-sohers
within a generalplanningframework. In orderto be ableto
reportresultsfor problemsthatdo not have the sub-problems
currentlyin TIM’ srepertoireveretainedSTAN version3 asa
defaultplanningstrateyy to usein domainsotfeaturingthese
sub-problemsThe presencef STAN3 meanghatTIM fails
safewhenit fails to identify a key sub-problem.At the mo-
mentthis happenguite often becauseave are working with
somesimplifying assumptiongjescribedn section6, but we
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Figurel: Thearchitectureof the STAN4 hybrid system.

are graduallyincreasingthe rangeof sub-problemghat can
behandled.

TIM operatesasaninterfaceto STAN4, selectingbetween
its componentsaccordingto the structureof the domain. A
high-level view of STAN4 is presentedh Figurel.

In this paperwe describethe processedy which route-
planningsub-problemspnceidentified by analysisof a do-
main description,are abstractedand their solution, by spe-
cialised algorithms, integrated with FORPLAN. The pro-
cessedy which resource-allocatiosub-problemsare han-
dledaresimilar, but we do not describeéhemin detailhere.

TIM first analysesthe domain and problem instanceto
identify whethermobile objectsare presentin the domain,
andif sowhetheradecomposablansportatiorsub-problem
canbe found. A transportatiorsub-problemis decompos-
ableif the form of mobility presentin the domainis con-
strainedin certainpredefinedways (discussedn section4.
TIM identifiesthe mobile objectsandthe locatednesgred-
icates(alsoreferredto asthe atrels) they use (for example:
at, inroom by, etc). The locatednesgredicateis important
for identifying actionsthat rely on, or bring about,changes
in the locationsof mobile objects. If anappropriatdorm of
mobile is found TIM invokes FORPLAN togetherwith the
route-planningub-soher.

Thedatapresentedh Section7 shavsthe performanceb-
tainedin the AIPS-2000planningcompetitionondomaingn-
volving route planningandresourcenandlingsub-problems.
Thesedomainswere: Logistics andthe STRIPSversionof
the elevatordomain(route-planningandFreecell(resource-
allocation).

4 Sub-problem Recognition

Having foundthattherearemobileobjectsin thedomainTIM
determinesvhetherthe problemof planningtheir movement
betweerlocationscanbe safelydelggatedto a sub-systemif
theshortestlistanceo betravelledby anobjectmoving from
onelocationto anothercanbe ascertainedby looking at the
mapthatthe objectmoveson, thenpath-planningor thatob-
jectcanbedevolvedto ashortespathalgorithm.If not(if the
objectcantemporarilyvacatethe mapen-routebetweerntwo
points) thena shortestpath algorithm cannotbe guaranteed
to find the bestpath. The ability to vacatethe mapsuggests
thatthe mobile objectis ableto usetwo or moremaps,each
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Figure2: TheResultof AmalgamatingTwo Maps.

by exploiting a different“move” operator By enteringa sec-
ondmapandmoving betweerits locations theobjectmaybe
ableto reappeaon its first map at a locationdifferentfrom
theoneit left, andthis flying behaiour might give accesgo
shorterpathsthanarevisible on the first mapalone. To en-
ablethe problemof movementplanningto be delegatedto a
sub-solerit is necessario equipthesub-soherwith themap
thatthemobile cantraverse.

In the casewhereseveralmapscanbe usedit is necessary
to amalgamatéhe mapsandto labeltheedgeswith themove-
mentactionsthat the mobile usesto traversethem, andthe
locatednesgpredicatethat the mobile useswith eachaction.
The bulldozer domain (this can be found in the PDDL re-
leasd McDermott,1994) is anexampleof adomainin which
anamalgamatedhapis requiredto enableroute-planningo
be delegated. The bulldozer usestwo maps— the map of
roads,whichit traversesy driving, andthe mapof bridges,
which it traversesby crossing Both mapsgive accesgo the
samesetof locations.

A simple exampleariseswhena mobile canboth fly and
drive betweenlocationsin the samecollection. Figure 2
shaws a situationin which the shortestroute betweens and
e (assuminghatall edgeshave the samecost)is to fly from
a to ¢ anddrive from ¢ to e — a routethatis available only
in the amalgamatedhap. To complicatematters,if thereare
additionalactionsthat mustbe performedto enablecertain
edgesto be traversed(for example,in orderto fly the wings
mustbe boltedon) thenthe shortespathin theamalgamated
mapmightbeto drive from a to b, from b to ¢ andthenfrom
¢ to e, despitethe factthat this path containsmore edgesin
theamalgamatedap.

To perform the amalgamatiorof n mapsG; = (V, E;)
for i = 1...n, we constructa single graphstructureG =
(V,Ui—1 . Ei). We label the edgesin G eachwith the
“move” actionthat canbe usedto traverseit andthe locat-
ednesgredicaterelevant to that movementaction. This al-
lows route plansto be constructedusingthe appropriateac-
tionsandpredicateshby a dedicatedub-soler. Themeansdy
which routeplansareconstructediredescribedn section5.

If the objectmustalwaysre-entetthefirst mapat thesame
location asthe oneit left whenit enteredthe secondmap,
then the shortestpath betweentwo pointsis guaranteedo
be visible on the first map. This restrictedform of flying,
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which we call hovering doesnot requirethe amalgamation
of differentmaps. This caseis not distinguishedfrom the
casein which a singlemap of locationsis traversedusinga
single“move” operator

A problem ariseswhen the map (or amalgamatednap)
thata mobile objecttraverseds dynamic— thatis, ableto be
changedy theactionsof the planningagent.The grid world
presentsuchanexample,becausaen routesbecomeavail-
ableastherobot obtainskeys to opendoorsin the grid. The
routeplanningsub-parof grid planningproblemsareclosely
integratedwith the key-collectinggoalsof the robot, so not
sufficiently decomposabléo be deleggated. STAN4 doesnot
attemptto abstractthe route planning problemfor this do-
main.

5 Sub-problem Abstraction

To achieve the abstractiorof route-planningonceTIM has
identifiedanappropriatenobiletype, STAN4 associatewith
eachmobile objecta datastructurewhich recordsthe current
locationof the object. It alsoidentifieseachoperatoy other
thanthemoveoperatiorof themobileitself, thepreconditions
of which requirea mobile of this typeto be locatedat a par
ticular locationin orderfor the actionto be executed.Once
found,thesepreconditionsareremovedfrom the operatorsn
whichthey appearbut eachoperatoiis thenequippedvith an
additionaldatavalueidentifying wherethemobilemustbein
orderto satisfythe abstractegrecondition. In otherwords,
the preconditionis transformedirom a standardproposition
into aspecialisedepresentatiowith equivalentmeaningput
allowing specialisedreatment. This specialisedepresenta-
tion (which we call amobile-tag) providesthemeansf com-
municationbetweerthe planneranda specialisegub-solher.
The way the tag is usedis describedn section6. Figure3
shaws theresultof abstractinghe atrel from the load oper
ationin the Logisticsdomain.

All move operationsfor the mobilesare then eliminated
from thedomainaltogetherThis resultsin anabstracteder
sionof thedomaincontainingthe component®f the original
planningproblemthat the plannerwill be requiredto solve.
The problemis solvedby the plannerin this abstractedorm.

6 Integration

IntegrationbetweenFORPLAN andthe route planningsub-
solver is requiredin threeplaces:in determininga heuristic
estimateof distancebetweenthe currentstateandthe goal
state;in constructinga routeto be followedin moving a mo-
bile betweentwo locationsin the plan; in generatinga plan
formatfor reportingthe routesto betraversedby the mobiles
in the plan. We explain eachof thesestagesn turn.
FORPLAN solvesthe abstractegroblemusing a heuris-
tic estimateof the valueof a statebasedon the lengthof the
relaxedplanbetweerthatstateandthegoal. The heuristices-
timateis calculatedby first constructinga relaxed plan with
the abstractedperatorsandcalculatingits length,andthen
addingto it anestimatdor thelengthsof therouteshatwould
haveto betraversedby any mobilesit uses.For thelengthsof
theseroutesto be estimatedt is necessaryor the abstracted
relaxed planto recordthe commitmentst makeson mobile
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Original action schema Modified action schema

(:action load-truck
:parameters (?obj ?truck ?loc)

(:action load-truck
:parameters (?obj ?truck ?loc)

(location ?loc) (at ?truck ?loc) »
(at ?0bj ?loc))
-effect

(and (in ?0bj ?truck)
(not (at ?obj ?loc)))

:precondition :precondition
(and (package ?0bj) (truck ?truck) (and (package ?obj) (truck ?truck)
(location ?loc)

-effect

Link to mobile
tracker attached
to action.

(at 20bj ?loc) ()

(and (in ?0bj ?truck)
(not (at ?obj ?loc)))

Mobile tag
Mobile object ?truck: Destination
Records current location| obligation for|
of 2truck. 2truck.

Figure3: The Sub-problemAbstractionProcess

objectsto visit locationsat which abstractedctionswill be
performed. For example,in Logistics, the abstractedlan
consistgust of load andunloadactions,but their successful
executioncommitsmobile objects(trucks and planes)to be
in place. The abstractegblanthereforemaintainsanarray of
commitmentsf mobilesto visit certainlocations,associated
with the layersof the relaxed plan graph,andthe sub-soher
estimateshelengthsof theroutesthatavailablemobilesmust
traversein orderto meetthesecommitments.

The costof traversingthe routesthat a plan entailsis too
expensve to computewith accurag. The arraysof commit-
mentsshav whichlocationseachmobileis requiredto visit to
satisfytherequirement®f the plan,with someorderingcon-
straintsimplied by the layeringof therelaxedplangraphand
indicatingthedependencieletweertheactiitiesthemobile
will beinvolvedin at eachlocation(loadingmustbe carried
out beforeunloadingandsoon). To calculatea shortespath
that visits all theselocationsandrespectgheseorderingsis
avariationon a Travelling Salesmarproblem,with multiple
travellersandadditionalconstraintsThis problemis hardand
cannotbesolvedrepeatedlyaspartof the heuristicevaluation
of a state.Instead we producean estimateof the costby as-
sumingthateachmobile canvisit eachlocationin turn from
the closestof the locationsit has previously visited in the
plan, respectingorderingconstrainton the visits. Although
thisis anunsophisticatedpproacho tacklingthe Travelling
Salesmarproblem,its integrationwith the planningprocess
is a proof of concept,demonstratinghe possibility of inte-
gratingmore specialisedechnology Despiteits lack of so-
phisticationit givesa betterestimateof the costof a statethan
apurerelaxedplanestimatesincerelaxed planestimatese-
glectthefactthatamobilecannotbein two placesatthesame
time (therelaxedplanignoresdeleteconditionsandit is these
which expressthe factthata mobile cannotbe at two places
atonce).

Integration betweenthe plannerand the route-planneiis
requiredagainwhenactionsare selectedfor additionto the
plan. Oncean actionis selectedt is checled to determine
whetherit containsanabstractedocatednesprecondition.If
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so0,a pathis proposedo move the mobile from its currentlo-
cationto therequireddestinationrecordedwithin the mobile
tagassociatedavith action).We usethe shortespathbetween
the currentlocationof the mobile (which is alwaysknown in
a forward search)and the requiredlocationrecordedin the
mobiletag. At presenthis pathis precomputedy TIM us-
ing Floyd’s shortestpathsalgorithm [Floyd, 1964, on the
(possiblyamalgamatedinap inferred from the initial state.
This approachworkswell for staticmaps,wherethe shortest
pathsremainfixed, andin situationsin which the movement
consumeso additionalresources. If the mobile doesuse
resourcesiuring its movement,it might be thatthe shortest
pathis notthebest,but insteadalongerpathwhich consumes
fewerresourcess to bepreferred.

Finally, it is necessarto integratethe efforts of the planner
andtheroute-planneto produceoutputin theform of aplan
sequenceOncearoutehasbeenplannedbetweerthe appro-
priatelocations STAN4 generatemstantiationof theneces-
sarymove operatorgo producea plan sequenceorrespond-
ing to standardormatfor STRIPSplans. Below we present
someof the preliminaryresultsobtainedusingdomainsfrom
the STRIPSsubsebf the AIPS2000competitiondataset. In
this collection of domains,Logistics and the MICONIC-10
lift domainboth containa path-planningsub-problemwhich
TIM was ableto identify and extract. Even usingjust our
simplepath-planningstrateyy we wereableto obtaina signif-
icant performanceadvantagefrom exploiting path-planning
abstraction.

7 Experimental Results

The datasetspresentederewerecompiledby FahiemBac-
chus during the AIPS-2000competition, held in Brecken-
ridge, Colorado.In thegraphsthethick line plotstheresults
of STAN4. Graphsshaving time performancerelog-scaled.
Thegraphsshav how STAN4 performedon problemsrom
the STRIPSdatasetinvolving either route-planningor re-
sourceallocation. The plannersusedfor comparisonare
FF [Hoffmann, 2004, HSP-2 [Bonet and Geffner, 1997,
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TALplanner[DohertyandKvarnstrom;1999, SHOP[Nauet
al., 1999 and, occasionally GRT [Refanidisand Vlahavas,
1999. The problemsusedwere Logistics, Freecellandthe
STRIPSversionof the Miconic-10 elevator domain. Only
the Logistics and Freecelldatais shovn, becauseof space
restrictions.

The competitioncompriseda fully-automatedtrack and
a hand-codedrack in which plannerswere allowed to use
hand-tailoreddomain knowledge. In the resultspresented
here,STAN4, FF, GRT and HSP-2are all fully-automated,
whilst TALplannerandSHOPusehand-codedontrolknowl-
edge.

STAN4 participatedin the fully-automatedtrack on the
STRIPSproblems. All plannersableto handlethe STRIPS
versionof PDDL competedn the STRIPSproblemsjnclud-
ing plannersin the hand-codedrack. However, despitethe
adwantageof beingsuppliedwith hand-codeaontrolknowl-
edgetheseplannerglid notconsistentlyout-performthefully
automatecplanners.For example,STAN4 andFF wereboth
fasterthan TALplannerand SHOPon thefirst Logisticsdata
set(notshavn) andproducedatleastashigh quality plans.

FromFigure4 it canbeobsenedthatSTAN4 took slightly
longerthanFF onthelargerLogisticsproblemsput produced
slightly betterquality plansthanany otherplannerincluding
thosein thehand-codedrack. As wasemphasisedarlier, the
improvemenin planquality over FF derivesfrom thefactthat
STAN4 usesa moreinformative heuristicthanFFE STAN4 is
using route-abstractiorn this domainandachievzesa small
but consistentmprovementn planquality asaresult.

The Freecelldomain, Figure 5, wasintroducedspecially
for the competitionandis a STRIPSformalisationof a soli-
taire card gamereleasedunder Windows. Freecellhas a
resource-allocatiosub-problempecauséehe free cellsarea
restricted renavableandcritical resource.To estimatehow
farastateis from thegoalit is necessaryo take into account
the costof ensuringthat sufficient free cells are madeavail-
ableto meetthe requirement®f the abstractedelaxedplan.
Our purpose-hilt technologyfor calculatingthis costensures
thatthe consumptiorof resourcesloesnot exceedavailabil-
ity of thoseresources. If a plan entails over-consumption
thenthe costof sufficient releaseactionsto redresshe bal-
anceis addedin to the estimateof its value. We have not
yet succeededn obtaininga robust way of accuratelyesti-
matingthesecosts,andthe performanceof STAN4 is some-
whatinconsistenascanbe seenfrom the graph.Despitebe-
ing fastestin all of the problemsthatit could solve, STAN4
missedseveral problemsandwasunableto solve ary of the
largerinstances.lts plan quality wasgenerallygood, except
for someanomalouslyong plans.Morework is neededo ad-
equatelyestimatehe costof distributing resourceegfficiently
throughoutaplan.

The propositionaklevatordomainusedin the competition
revealsoneof theweaknessesf thenearesheighboutheuris-
tic, demonstatinghat it is not a good generalpurposeap-
proachfor route-planning.In this domainSTAN4 produces
slightly poorerquality plansat the the top end, than either
FF or GRT (datanot shavn). This is becausehe nearest
neighbourheuristicfavours visiting all of the pick-up loca-
tions beforeary of the drop-of locations(the simplestway
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of respectinghe orderingconstraintsn the plan). In fact,a
subtlerapproachwould be to allow the drop-off locationsto
beinter-mingledwith the pick-upones providedthata drop-
off locationis only selectechext whenthe necessarypeople
areon board. The nearest-neighboureuristictendsto work
lesswell whenever thereare mary objectsto be transported
(andmary locationsto be visited), andfew carriers,aswell
asadditionalconstraintgderivedfrom theneedto collectob-
jectsbeforedeliveringthem)asin the elevatordomain. The
heuristicresultsin greateraccuray in Logisticsbecaus¢here
are (typically) few packagego be transportedby ary one
carriet However, the nearest-neighbouneuristicwas only
ever intendedto demonstratehat it is possibleto integrate
purpose-bilt machineryinto the heuristicestimateallowing
theincurredcostof solvinganabstractegroblemto betaken
into accountin measuringthe goodnesof a state. We are
currentlyinvestigatingnoresophisticatedpecial-purposal-
gorithms.

The datapresentechere shavs that FORPLAN canrival
the bestavailable planningtechnologyin domainsfeaturing
thesub-problemshatcanbeidentifiedby TIM. Thefactthat
FORPLAN hasno generalsearchcontrol mechanismsand
obtainsits performanceén thesedomainsentirelyby exploita-
tion of appropriatesub-solers,givesa clearindicationof the
potentialvalue of automaticsub-problemabstractiorwithin
a forward planningframework. Although FORPLAN s far
from effective asa generalplanner the exploitation of sub-
problemabstractionmalkes a rangeof hard problemsman-
ageableandthe generatedolutionsefficient.

8 Further Work

Althoughthesefoundationshave producedoromisingresults
the framework we have usedto achieve integrationis some-
what unsophisticatecand inflexible. TIM currently only
recognisesertainspecificformsof mobileandveryrestricted
formsof resourceAs TIM fails safewhenappropriatédorms
are not recognisedhis doesnot affect the completenessf
STAN4. It doesmeanthat STAN4 is often unableto exploit
domainstructuresffectively andwe areworkingonextending
its repertoire.

STAN4 canonly integratewith onespecialisecgub-soler,
evenwhentherearetwo or morecombinatoriakub-problems
in a domain. At presentSTAN4 emphasisesoute-planning
abstractiorbecausave have mademostprogressn solving
route-planningsub-problemseffectively. An importantde-
velopmentis to enableintegrationwith more than one sub-
solver. Thiswill involve finding a way to communicatecon-
straintsbetweermultiple sub-solhersandtheplanner

Our “specialisedtechnology”is currentlyvery simplistic.
An importantrefinementis to enableproperintegrationbe-
tweenthe plannerandthe bestavailabletechnologyfor solv-
ing combinatorialsub-problemsvherethesearise. Our han-
dling of resourcesn STAN4 is very restricted We arework-
ing on the recognitionof makespansubproblemswhich are
instance®f Multi-processoiSchedulingandtheir treatment
usingapproximatioralgorithmsfor scheduling.
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9 Conclusions

We have experimented,using STAN4, with the design of
a hybrid planning systemin which the choice of problem-
solving stratgy is madeautomaticallyfollowing staticanal-
ysis of the domain. Our currentgoals are to improve the
integration betweenFORPLAN andthe specialisedsolvers,
allowing a more sophisticategrofile of sub-problemgo be
managedandto explore what advantagesmight be gained
from integratingotherplanningstrateiesinto the hybrid.

The key ideaunderlyingour hybrid approachs thatplan-
ning is not appropriateechnologyfor solving all problems,
andthat resortingto genericsearch,or switchingbetweena
numberof timed stratgies,is not aneffective way to address
suchproblems.Insteadwe areinterestedn building upacol-
lectionof purpose-hilt stratgiesfor combattingsomeof the
most commonly occurringcombinatorialsub-problemsand
making theseavailable, togetherwith techniquesor recog-
nisingwheretheseproblemsarisein planningdomains.The
decisionabouthow to approactagivenplanningproblemcan
thenbe madeautomaticallyin a principledway, by deciding
how to view the problemand deploying the most effective
technologyto solweiit.
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