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Abstract

It is well-known thatplanningis hardbut it is less
well-known how to approachthe hard partsof a
probleminstanceeffectively. Using staticdomain
analysistechniqueswe can identify and abstract
certain combinatorialsub-problemsfrom a plan-
ning instance,and deploy specialisedtechnology
to solve thesesub-problemsin a way that is in-
tegratedwith the broaderplanningactivities. We
havedevelopedahybridplanningsystem(STAN4)
which brings togetheralternative planningstrate-
giesandspecialisedalgorithmsandselectsbetween
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
presentsomeof the competitiondata to demon-
stratethepotentialpowerof thehybrid approach.

1 Introduction
The knowledge-sparse,or domain-independent,planning
communityis oftencriticisedfor its obsessionwith toy prob-
lems and the inability of its technologyto scaleto address
realisticproblems.Plannersusingweakheuristics,which at-
tempt to guide searchusing generalprinciplesand without
recourseto domainknowledge,cannotcompete,in a given
domain,againstaplannertailoredto performwell in thatdo-
main.

On the otherhand,tailoring a plannerto a particulardo-
mainrequiresconsiderableeffort on thepartof a domainex-
pert. This effort is generallynot reusablebecausea different
domainrequiresawholenew bodyof expertiseto becaptured
andit is not clearwhat (if any) generalprinciplescanbeex-
tractedfrom any singlesucheffort to facilitatethenext. The
philosophyunderlyingour work on domainanalysisis that
knowledge-sparseplanningcanonly beproposedasrealistic
generalplanningtechnologyif it is supplementedby sophis-
ticateddomainanalysescapableboth of assistinga userin
thedevelopmentof correctdomaindescriptionsandof iden-
tifying structurein a planningdomainthatcanbeeffectively
exploitedto combatsearch.

In this paperwe describea way of decomposingplanning
problemsto identify instancesof NP-hardsub-problems,such
asTravelling Salesman,that aremosteffectively solved by
purpose-built technology. Knowledge-sparse,general,plan-
ningis unintelligentbecauseit usesthesamemethodstosolve
all problems,whetherthey genuinelyrequireplanningor are
in factinstancesof well-known problemsthatarethemselves
thetopic of substantive research.A morepowerful approach
is to allow suchsub-problemsto beabstractedoutof theplan-
ning problemandsolved usingspecialisedtechnology. The
differentproblem-solvingstrategiesmust thenbe integrated
sothatthey cancooperatein thesolutionof theoriginalprob-
lem.

We have beenexperimentingwith usingtheautomaticdo-
main analysistechniquesof TIM [Fox and Long, 1998] to
recogniseandisolatecertaincombinatorialsub-problemsand
to proposeaway in which theirsolution,by specialisedalgo-
rithms,mightbeintegratedwith aknowledge-sparseplanner.

Thework describedin thispaperhasbeensuccessfullyim-
plementedin version4 of theSTAN system(STAN4) andhas
provedvery promising.STAN4 competedin theAIPS-2000
planningcompetitionwhereit excelled in problemsinvolv-
ing route-planningsub-problemsandcertainresourcealloca-
tion problemsinvolving a restrictedform of resource.The
datasetsfrom thecompetitionarediscussedin Section7. In
STAN4, TIM selectsbetweena forwardandbackwardplan-
ning strategy dependingon characteristicfeaturesof thedo-
main. The forward planningcomponent,FORPLAN, is in-
tegratedwith simplified specialistsolversfor certainsimple
route-planningandresourceallocationsub-problems.In Sec-
tion 3 we describethecomponentsof thehybrid architecture
of STAN4 andexplain theintegrationof thesecomponents.

2 Recognising Generic Behaviours
TIM can identify a collectionof generic typeswithin a do-
main. Generictypes[Long andFox, 2000] arecollectionsof
types,characterisedby specifickinds of behaviours, exam-
plesof whichappearin many differentplanningdomains.For
example, domainsoften feature transportationbehaviours
sincethey often involve the movementof self-propelledob-
jects betweenlocations. TIM can identify mobile objects,
even when they occur implicitly, the operationsby which
they move and the mapsof connectedlocationson which
they move. The analysisautomaticallydetermineswhether
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themapsarestatic(for example,roadnetworks)or dynamic
(for example,corridorswith lockabledoors). The recogni-
tion of transportationfeatureswithin a domainsuggeststhe
likelihoodof route-planningsub-problemsarisingin problem
instances.

TIM alsorecognisescertainkinds of resourceswhich re-
strict theuseof particularactionsin a domain.Finite renew-
ableresources,whichcanbeconsumedandreleasedin units,
areencodedin STRIPSusingdiscretestatechangesto model
the stagesof their consumptionandrelease(for example,in
the Freecelldomain). STAN4 recognisedandexploited this
genericbehaviour in the Freecelldomainin the AIPS-2000
competition(seeFigure5) but wearenot,yet,exploitingsuch
resourcesin a robustway.

TIM takes as input a standard,unannotated,STRIPSor
ADL descriptionof a domainand problem. Integration of
specialisedtechnologywith the searchstrategy of a plan-
neris moststraightforwardto achieve in a heuristicforward-
search-basedplanner, 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’sFF [Hoff-
mann,2000]. Like FF, FORPLANusesa relaxedversionof
GraphPlanto computethe relaxed plan estimate. The dif-
ferencebetweenFORPLAN andFF is that the relaxed plan
is constructedfor the abstractedplanningproblem– that is,
thepartof theplanningproblemthatremainswhenoperators
andpreconditionsrelatingto theidentifiedsub-problemhave
beenremoved. This givesus only part of the heuristicesti-
mate.Theheuristicestimateis thenimprovedby estimating
the costof solving the removedsub-problem.This two-part
processcan result in much betterestimatesthan thosepro-
ducedby other forward-search-basedplanners. FORPLAN
doesnot, at present,exploit any generalheuristics(suchas
Hoffmann’shelpfulactions) to inform its distanceestimates.
Sincetherepertoireof sub-problemsthatTIM canrecognize
is currentlyverylimited,FORPLANhasonly beenintegrated
with sub-solversfor certainformsof routeplanninganddis-
creteresourcehandling.Withoutanappropriatesub-solverto
exploit, FORPLAN easilybecomeslost in the searchspace
andthereforeis ineffectiveasa generalplannerat present.

3 The Hybrid Planner Architecture

BecauseFORPLANis not yet effective asa generalplanner
we cannotrely on it for solving problemsthat do not have
routeplanningor resourcehandlingsub-problems.Ourinten-
tion, in thedevelopmentof STAN4, hasbeento demonstrate
an effective meansof abstractingsub-problemsfrom plan-
ning instancesandof integratingspecial-purposesub-solvers
within a generalplanningframework. In orderto be ableto
reportresultsfor problemsthatdo nothavethesub-problems
currentlyin TIM’ srepertoireweretainedSTAN version3 asa
defaultplanningstrategy to usein domainsnotfeaturingthese
sub-problems.Thepresenceof STAN3 meansthatTIM fails
safewhenit fails to identify a key sub-problem.At themo-
mentthis happensquite often becausewe areworking with
somesimplifying assumptions,describedin section6, but we

TIM

STAN3

STAN4

Path-planning
          orOther domain

characteristics Resource
management

FORPLAN

Path-planner

Resource Manager

Figure1: Thearchitectureof theSTAN4 hybridsystem.

aregraduallyincreasingthe rangeof sub-problemsthat can
behandled.

TIM operatesasaninterfaceto STAN4, selectingbetween
its componentsaccordingto the structureof the domain. A
high-level view of STAN4 is presentedin Figure1.

In this paperwe describethe processesby which route-
planningsub-problems,onceidentifiedby analysisof a do-
main description,are abstractedand their solution, by spe-
cialised algorithms, integrated with FORPLAN. The pro-
cessesby which resource-allocationsub-problemsare han-
dledaresimilar, but wedo not describethemin detailhere.

TIM first analysesthe domain and problem instanceto
identify whethermobile objectsare presentin the domain,
andif sowhetheradecomposabletransportationsub-problem
can be found. A transportationsub-problemis decompos-
able if the form of mobility presentin the domain is con-
strainedin certainpredefinedways (discussedin section4.
TIM identifiesthe mobile objectsandthe locatednesspred-
icates(alsoreferredto asthe atrels) they use(for example:
at, inroom, by, etc). The locatednesspredicateis important
for identifying actionsthat rely on, or bring about,changes
in the locationsof mobileobjects.If anappropriateform of
mobile is found TIM invokesFORPLAN togetherwith the
route-planningsub-solver.

Thedatapresentedin Section7 showstheperformanceob-
tainedin theAIPS-2000planningcompetitionondomainsin-
volving routeplanningandresourcehandlingsub-problems.
Thesedomainswere: Logisticsand the STRIPSversionof
theelevatordomain(route-planning)andFreecell(resource-
allocation).

4 Sub-problem Recognition
Having foundthattherearemobileobjectsin thedomainTIM
determineswhethertheproblemof planningtheir movement
betweenlocationscanbesafelydelegatedto a sub-system.If
theshortestdistanceto betravelledby anobjectmoving from
onelocationto anothercanbe ascertainedby looking at the
mapthattheobjectmoveson,thenpath-planningfor thatob-
jectcanbedevolvedto ashortestpathalgorithm.If not(if the
objectcantemporarilyvacatethemapen-routebetweentwo
points) thena shortestpathalgorithmcannotbe guaranteed
to find the bestpath. The ability to vacatethe mapsuggests
that themobileobjectis ableto usetwo or moremaps,each
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Figure2: TheResultof AmalgamatingTwo Maps.

by exploiting a different“move” operator. By enteringa sec-
ondmapandmoving betweenits locations,theobjectmaybe
ableto reappearon its first mapat a locationdifferentfrom
theoneit left, andthis flying behaviour might give accessto
shorterpathsthanarevisible on the first mapalone. To en-
abletheproblemof movementplanningto bedelegatedto a
sub-solverit is necessaryto equipthesub-solverwith themap
thatthemobilecantraverse.

In thecasewhereseveralmapscanbeusedit is necessary
to amalgamatethemapsandto labeltheedgeswith themove-
mentactionsthat the mobile usesto traversethem,and the
locatednesspredicatethat the mobile useswith eachaction.
The bulldozer domain(this can be found in the PDDL re-
lease[McDermott,1998]) is anexampleof adomainin which
anamalgamatedmapis requiredto enableroute-planningto
be delegated. The bulldozer usestwo maps– the map of
roads,which it traversesby driving, andthemapof bridges,
which it traversesby crossing. Both mapsgive accessto the
samesetof locations.

A simpleexampleariseswhena mobile canboth fly and
drive betweenlocations in the samecollection. Figure 2
shows a situationin which the shortestroutebetween� and� (assumingthatall edgeshave thesamecost)is to fly from� to � anddrive from � to � – a routethat is availableonly
in theamalgamatedmap. To complicatematters,if thereare
additionalactionsthat mustbe performedto enablecertain
edgesto be traversed(for example,in orderto fly the wings
mustbeboltedon) thentheshortestpathin theamalgamated
mapmight beto drive from � to

�
, from

�
to � andthenfrom

� to � , despitethe fact that this pathcontainsmoreedgesin
theamalgamatedmap.

To perform the amalgamationof � maps ���	��

���������
for ������������� , we constructa singlegraphstructure���

������ �! #"%$&$&$ ' � � � . We label the edgesin � eachwith the
“move” action that canbe usedto traverseit and the locat-
ednesspredicaterelevant to that movementaction. This al-
lows routeplansto beconstructed,usingtheappropriateac-
tionsandpredicates,by adedicatedsub-solver. Themeansby
which routeplansareconstructedaredescribedin section5.

If theobjectmustalwaysre-enterthefirst mapat thesame
location as the one it left when it enteredthe secondmap,
then the shortestpath betweentwo points is guaranteedto
be visible on the first map. This restrictedform of flying,

which we call hovering, doesnot requirethe amalgamation
of different maps. This caseis not distinguishedfrom the
casein which a singlemapof locationsis traversedusinga
single“move” operator.

A problem ariseswhen the map (or amalgamatedmap)
thata mobileobjecttraversesis dynamic– that is, ableto be
changedby theactionsof theplanningagent.Thegrid world
presentssuchanexample,becausenew routesbecomeavail-
ableastherobotobtainskeys to opendoorsin thegrid. The
routeplanningsub-partof grid planningproblemsareclosely
integratedwith the key-collectinggoalsof the robot, so not
sufficiently decomposableto be delegated.STAN4 doesnot
attemptto abstractthe route planningproblemfor this do-
main.

5 Sub-problem Abstraction
To achieve the abstractionof route-planning,onceTIM has
identifiedanappropriatemobiletype,STAN4 associateswith
eachmobileobjecta datastructurewhich recordsthecurrent
locationof the object. It alsoidentifieseachoperator, other
thanthemoveoperationof themobileitself, thepreconditions
of which requirea mobileof this type to be locatedat a par-
ticular locationin orderfor the actionto be executed.Once
found,thesepreconditionsareremovedfrom theoperatorsin
whichthey appear, but eachoperatoris thenequippedwith an
additionaldatavalueidentifyingwherethemobilemustbein
orderto satisfythe abstractedprecondition.In otherwords,
the preconditionis transformedfrom a standardproposition
into aspecialisedrepresentationwith equivalentmeaning,but
allowing specialisedtreatment.This specialisedrepresenta-
tion (whichwecall amobile-tag) providesthemeansof com-
municationbetweentheplanneranda specialisedsub-solver.
The way the tag is usedis describedin section6. Figure3
shows theresultof abstractingthe �)(+*,�,- from the -/.0�21 oper-
ationin theLogisticsdomain.

All move operationsfor the mobilesare then eliminated
from thedomainaltogether. This resultsin anabstractedver-
sionof thedomaincontainingthecomponentsof theoriginal
planningproblemthat the plannerwill be requiredto solve.
Theproblemis solvedby theplannerin this abstractedform.

6 Integration
IntegrationbetweenFORPLAN andthe routeplanningsub-
solver is requiredin threeplaces:in determininga heuristic
estimateof distancebetweenthe currentstateand the goal
state;in constructinga routeto befollowedin moving a mo-
bile betweentwo locationsin the plan; in generatinga plan
formatfor reportingtheroutesto betraversedby themobiles
in theplan.We explaineachof thesestagesin turn.

FORPLAN solvesthe abstractedproblemusinga heuris-
tic estimateof thevalueof a statebasedon the lengthof the
relaxedplanbetweenthatstateandthegoal.Theheuristices-
timateis calculatedby first constructinga relaxedplanwith
the abstractedoperators,andcalculatingits length,andthen
addingto it anestimatefor thelengthsof theroutesthatwould
haveto betraversedby any mobilesit uses.For thelengthsof
theseroutesto beestimatedit is necessaryfor theabstracted
relaxed plan to recordthe commitmentsit makeson mobile
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(:action load-truck

:precondition 
:parameters (?obj ?truck ?loc)

(and (package ?obj) (truck ?truck)
(location ?loc) (at ?truck ?loc) 
(at ?obj ?loc))

:effect
(and (in ?obj ?truck)

(not (at ?obj ?loc)))

Mobile object ?truck:
Records current location
of ?truck.

Destination
obligation for
?truck.

Mobile tag

Original action schema Modified action schema

(:action load-truck

:precondition 
:parameters (?obj ?truck ?loc)

(and (package ?obj) (truck ?truck)

(at ?obj ?loc))
:effect

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

(location ?loc) 
Link to mobile
tracker attached
to action.

Figure3: TheSub-problemAbstractionProcess

objectsto visit locationsat which abstractedactionswill be
performed. For example, in Logistics, the abstractedplan
consistsjust of load andunloadactions,but their successful
executioncommitsmobile objects(trucksandplanes)to be
in place.Theabstractedplanthereforemaintainsanarrayof
commitmentsof mobilesto visit certainlocations,associated
with the layersof the relaxedplangraph,andthesub-solver
estimatesthelengthsof theroutesthatavailablemobilesmust
traversein orderto meetthesecommitments.

The costof traversingthe routesthat a plan entailsis too
expensive to computewith accuracy. Thearraysof commit-
mentsshow whichlocationseachmobileis requiredto visit to
satisfytherequirementsof theplan,with someorderingcon-
straintsimpliedby thelayeringof therelaxedplangraphand
indicatingthedependenciesbetweentheactivities themobile
will be involvedin at eachlocation(loadingmustbecarried
out beforeunloadingandsoon). To calculatea shortestpath
that visits all theselocationsandrespectstheseorderingsis
a variationon a Travelling Salesmanproblem,with multiple
travellersandadditionalconstraints.Thisproblemis hardand
cannotbesolvedrepeatedlyaspartof theheuristicevaluation
of a state.Instead,we produceanestimateof thecostby as-
sumingthateachmobilecanvisit eachlocationin turn from
the closestof the locationsit haspreviously visited in the
plan,respectingorderingconstraintson thevisits. Although
this is anunsophisticatedapproachto tacklingtheTravelling
Salesmanproblem,its integrationwith the planningprocess
is a proof of concept,demonstratingthe possibility of inte-
gratingmorespecialisedtechnology. Despiteits lack of so-
phisticationit givesabetterestimateof thecostof astatethan
apurerelaxedplanestimate,sincerelaxedplanestimatesne-
glectthefactthatamobilecannotbein two placesatthesame
time(therelaxedplanignoresdeleteconditionsandit is these
which expressthe fact thata mobilecannotbeat two places
at once).

Integration betweenthe plannerand the route-planneris
requiredagainwhenactionsareselectedfor additionto the
plan. Oncean action is selectedit is checked to determine
whetherit containsanabstractedlocatednessprecondition.If

so,apathis proposedto movethemobilefrom its currentlo-
cationto therequireddestination(recordedwithin themobile
tagassociatedwith action).Weusetheshortestpathbetween
thecurrentlocationof themobile(which is alwaysknown in
a forward search)and the requiredlocation recordedin the
mobile tag. At presentthis pathis precomputedby TIM us-
ing Floyd’s shortestpathsalgorithm [Floyd, 1962], on the
(possiblyamalgamated)map inferred from the initial state.
This approachworkswell for staticmaps,wheretheshortest
pathsremainfixed,andin situationsin which themovement
consumesno additional resources. If the mobile doesuse
resourcesduring its movement,it might be that the shortest
pathis not thebest,but insteadalongerpathwhichconsumes
fewer resourcesis to bepreferred.

Finally, it is necessaryto integratetheeffortsof theplanner
andtheroute-plannerto produceoutputin theform of a plan
sequence.Oncea routehasbeenplannedbetweentheappro-
priatelocations,STAN4 generatesinstantiationsof theneces-
sarymove operatorsto producea plansequencecorrespond-
ing to standardformat for STRIPSplans.Below we present
someof thepreliminaryresultsobtainedusingdomainsfrom
theSTRIPSsubsetof theAIPS2000competitiondataset. In
this collectionof domains,Logisticsand the MICONIC-10
lift domainbothcontaina path-planningsub-problemwhich
TIM was able to identify and extract. Even using just our
simplepath-planningstrategy wewereableto obtainasignif-
icant performanceadvantagefrom exploiting path-planning
abstraction.

7 Experimental Results

Thedatasetspresentedherewerecompiledby FahiemBac-
chus during the AIPS-2000competition,held in Brecken-
ridge,Colorado.In thegraphs,thethick line plotstheresults
of STAN4. Graphsshowing timeperformancearelog-scaled.

Thegraphsshow how STAN4 performedonproblemsfrom
the STRIPSdataset involving either route-planningor re-
sourceallocation. The plannersused for comparisonare
FF [Hoffmann, 2000], HSP-2 [Bonet and Geffner, 1997],
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TALplanner[DohertyandKvarnstrom,1999], SHOP[Nauet
al., 19993 ] and,occasionally, GRT [RefanidisandVlahavas,
1999]. The problemsusedwereLogistics,Freecellandthe
STRIPSversionof the Miconic-10 elevator domain. Only
the Logistics and Freecelldatais shown, becauseof space
restrictions.

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

STAN4 participatedin the fully-automatedtrack on the
STRIPSproblems.All plannersableto handlethe STRIPS
versionof PDDL competedin theSTRIPSproblems,includ-
ing plannersin the hand-codedtrack. However, despitethe
advantageof beingsuppliedwith hand-codedcontrolknowl-
edge,theseplannersdidnotconsistentlyout-performthefully
automatedplanners.For example,STAN4 andFF wereboth
fasterthanTALplannerandSHOPon thefirst Logisticsdata
set(notshown) andproducedat leastashigh qualityplans.

FromFigure4 it canbeobservedthatSTAN4 tookslightly
longerthanFFonthelargerLogisticsproblems,but produced
slightly betterquality plansthanany otherplanner, including
thosein thehand-codedtrack.As wasemphasisedearlier, the
improvementin planqualityoverFFderivesfrom thefactthat
STAN4 usesa moreinformativeheuristicthanFF. STAN4 is
using route-abstractionin this domainandachievesa small
but consistentimprovementin planquality asa result.

The Freecelldomain,Figure 5, was introducedspecially
for thecompetitionandis a STRIPSformalisationof a soli-
taire card gamereleasedunder Windows. Freecellhas a
resource-allocationsub-problem,becausethefreecellsarea
restricted,renewableandcritical resource.To estimatehow
fara stateis from thegoalit is necessaryto take into account
the costof ensuringthat sufficient free cellsaremadeavail-
ableto meettherequirementsof theabstractedrelaxedplan.
Ourpurpose-built technologyfor calculatingthiscostensures
that theconsumptionof resourcesdoesnot exceedavailabil-
ity of thoseresources. If a plan entailsover-consumption
thenthe costof sufficient releaseactionsto redressthe bal-
anceis addedin to the estimateof its value. We have not
yet succeededin obtaininga robust way of accuratelyesti-
matingthesecosts,andtheperformanceof STAN4 is some-
whatinconsistentascanbeseenfrom thegraph.Despitebe-
ing fastestin all of the problemsthat it couldsolve, STAN4
missedseveral problemsandwasunableto solve any of the
larger instances.Its planquality wasgenerallygood,except
for someanomalouslylongplans.Morework is neededto ad-
equatelyestimatethecostof distributingresourcesefficiently
throughouta plan.

Thepropositionalelevatordomainusedin thecompetition
revealsoneof theweaknessesof thenearestneighbourheuris-
tic, demonstatingthat 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 shown). This is becausethe nearest
neighbourheuristicfavoursvisiting all of the pick-up loca-
tions beforeany of the drop-off locations(the simplestway
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of respectingthe orderingconstraintsin the plan). In fact,a
subtler8 approachwould be to allow thedrop-off locationsto
beinter-mingledwith thepick-upones,providedthatadrop-
off locationis only selectednext whenthe necessarypeople
areon board.Thenearest-neighbourheuristictendsto work
lesswell whenever therearemany objectsto be transported
(andmany locationsto be visited),andfew carriers,aswell
asadditionalconstraints(derivedfrom theneedto collectob-
jectsbeforedeliveringthem)asin theelevatordomain. The
heuristicresultsin greateraccuracy in Logisticsbecausethere
are (typically) few packagesto be transportedby any one
carrier. However, the nearest-neighbourheuristicwas only
ever intendedto demonstratethat it is possibleto integrate
purpose-built machineryinto theheuristicestimate,allowing
theincurredcostof solvinganabstractedproblemto betaken
into accountin measuringthe goodnessof a state. We are
currentlyinvestigatingmoresophisticatedspecial-purposeal-
gorithms.

The datapresentedhereshows that FORPLAN can rival
the bestavailableplanningtechnologyin domainsfeaturing
thesub-problemsthatcanbeidentifiedby TIM. Thefactthat
FORPLAN hasno generalsearchcontrol mechanisms,and
obtainsits performancein thesedomainsentirelyby exploita-
tion of appropriatesub-solvers,givesaclearindicationof the
potentialvalueof automaticsub-problemabstractionwithin
a forward planningframework. Although FORPLAN is far
from effective asa generalplanner, the exploitation of sub-
problemabstractionmakes a rangeof hard problemsman-
ageableandthegeneratedsolutionsefficient.

8 Further Work

Althoughthesefoundationshaveproducedpromisingresults
the framework we have usedto achieve integrationis some-
what unsophisticatedand inflexible. TIM currently only
recognisescertainspecificformsof mobileandveryrestricted
formsof resource.As TIM fails safewhenappropriateforms
are not recognisedthis doesnot affect the completenessof
STAN4. It doesmeanthatSTAN4 is oftenunableto exploit
domainstructureeffectivelyandweareworkingonextending
its repertoire.

STAN4 canonly integratewith onespecialisedsub-solver,
evenwhentherearetwo or morecombinatorialsub-problems
in a domain. At presentSTAN4 emphasisesroute-planning
abstractionbecausewe have mademostprogressin solving
route-planningsub-problemseffectively. An importantde-
velopmentis to enableintegrationwith more thanonesub-
solver. This will involve finding a way to communicatecon-
straintsbetweenmultiple sub-solversandtheplanner.

Our “specialisedtechnology”is currentlyvery simplistic.
An importantrefinementis to enableproperintegrationbe-
tweentheplannerandthebestavailabletechnologyfor solv-
ing combinatorialsub-problemswherethesearise.Our han-
dling of resourcesin STAN4 is very restricted.We arework-
ing on the recognitionof makespansubproblems,which are
instancesof Multi-processorScheduling,andtheir treatment
usingapproximationalgorithmsfor scheduling.

9 Conclusions
We have experimented,using STAN4, with the designof
a hybrid planningsystemin which the choiceof problem-
solvingstrategy is madeautomaticallyfollowing staticanal-
ysis of the domain. Our currentgoalsare to improve the
integrationbetweenFORPLAN andthe specialisedsolvers,
allowing a moresophisticatedprofile of sub-problemsto be
managed,and to explore what advantagesmight be gained
from integratingotherplanningstrategiesinto thehybrid.

Thekey ideaunderlyingour hybrid approachis thatplan-
ning is not appropriatetechnologyfor solving all problems,
andthat resortingto genericsearch,or switchingbetweena
numberof timedstrategies,is not aneffectiveway to address
suchproblems.Insteadweareinterestedin building upacol-
lectionof purpose-built strategiesfor combattingsomeof the
most commonlyoccurringcombinatorialsub-problemsand
making theseavailable, togetherwith techniquesfor recog-
nisingwheretheseproblemsarisein planningdomains.The
decisionabouthow to approachagivenplanningproblemcan
thenbemadeautomatically, in a principledway, by deciding
how to view the problemand deploying the most effective
technologyto solve it.
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