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Abstract

This paper presentsWizard, a generalisedramevork for
learningmacro-actionsn planning. Wizard suggestsnacro-
actionsthat canbe provided as additionalactionsfor future
planning. It enhances domainfor a plannerthroughcom-
prehensie macrosuggestionsWizard learnsmacro-actions
for arbitrary plannersor domainswithout exploiting their
structuralproperties.It not only capturesnacro-actionghat
areobsenablefrom examples put alsoevolvesothermacro-
actionsthat arenot obsenable. It learnsmacro-actionghat
capturevarioussystemaspects. It exploreshoth individual
macro-actiongndtheir combinations.

Intr oduction

Planninghasachieved signi cant progressin recentyears
from planningcompetitions Thefocusof planningresearch,
however, lies mostly on developing planningtechnologies
while theimpactof problemformulationonits solutionpro-
cessremainsoverlooked. Re-engineering domainby util-
ising knowledge acquiredfor a plannerpavesthe way for
furtherresearchn this direction. Macro-actionswhenrep-
resentechsadditionalactions,areonerelatively corvenient
way by which to corvey suchknowledgeand achieve do-
main enhancementsWithin currentlimits of the Planning
DomainDe nition LanguagePDDL), ary knowledgecan
be corveyed only by additionalactionsandpracticallyonly
in STRIPSandFLUENTS subset®f the PDDL.

A macio-action or macio, is a groupof actionsselected
for applicationat onetime like a single action. One ap-
plication of a macroleadsto planningof several stepsat a
time. Macroscouldrepresenplanfragmentghatarefound
with enormoussearcheffort or arefrequentlyused.Macros
could capturelocal searchto nd bettersuccessonodeses-
pecially when the immediatesearchneighbourhoods not
good. Consequentlya goal could be readed quickly and
problemshatareunsolvablecouldbecomesolvablé. When
macrosare addedinto a domainas additional actions,no
plannermodi cation is needed;also, the readability of a
problemis not affected. But they causemore preprocess-
ing time andincur anextra overheador theplannersadding
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1By solvability we mean,using the original domain, whether
theplannercansolve the problemwithin givenresourcee.g. time,
memory etc.)limits. Whetherthegoalof aproblemcanbeattained
in agivencontet is discussedinderthetermreadability.

morebranchesn the searchiree. Furthermoremacros of-
tenleadto increaseglanlength.

This paperpresentsVizard,acompehensivéramavork?
(seeFigurel) for learningmacrosn planning.Givenaplan-
ner, a domain,anda numberof exampleproblems Wizard
suggestsnacrosthat canbe provided as additionalactions
for future planning. The framewvork usesevolutionaryand
example-basedearning approachegor macro generation;
for their evaluation,it usesexperientialandrewardingmeth-
ods.Wizardlearnsmacrodor arbitraryplannersrdomains.
Plannerscould have deterministicor stochasticoutput but
theirinternalarchitecturesouldbearbitrary Althoughsyn-
tactically restrictedto STRIPSand FLUENTS, Wizard is
not limited by ary assumptiorof particularstructuresbe-
ing presenin the domain. Wizard exploresbothindividual
macros,called chunksandtheir combinationg(i.e. collec-
tions of macros),called bunches (henceforthboth referred
to asmacros). Note, a bunch's performancemay not be a
simpleaccumulatiorof the memberchunks'performances.
Wizard not only capturesmacrosthat are obserable from
examples,but also evolves macrosthat are not obsenable.
The macroevaluationis basedon an weightedaverageof
time gainsachiezed while solving problemswith the origi-
nal domainandthe macroaugmentealomains. The prob-
lems usedin evaluationare moredif cult ® thanthoseused
in capturingmacros;however, all of themaresolvablewith
theoriginaldomain.
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The restof the paper in separatesections discussese-
lated work, evolutionary algorithms, motivations, imple-

mentationexperiment.andconclusionin the order

2Part of this framevork appearsn (Newton etal. 2007)
By problemsizeor dif culty level we mean thetime required
by thegivenplannerto solve the problemwith theoriginaldomain.



Related Work

Macros are not very new in planningresearch. STRIPS
(Fikes,Hart,& Nilsson1972)generatemacrosrom unique
subsequencesf wholly parameteriseglans. REFLECT'S
(Dawson& Siklossy1977)macrosarebasecdn causalinks
betweenactionsin the domain. MORRIS (Minton 1985)
learnsmacrosfrom planfragmentghatarefrequentlyused
or achieve interactinggoals. Macro ProblemSolver (MPS)
(Korf 1985) learnsa completeset of macrosthat totally
eliminatesthe searchbut only for a particulargoalin x ed
size problemson domainsexhibiting opemator decompos-
ability. MACLEARN (lba 1989)learnsmacrosfrom action
sequencethatleadthe searchto reacha peakfrom another
peakin its heuristicpro le. It thenusesanautomatedstatic
Iter basedon domainknowledge and a manualdynamic
Iter basedon usagef macrosin plans. It nally addsa
smallnumberof macrosto the domainlik e regular actions.
MARVIN (Coles& Smith 2004) learnsmacrosfrom the
plan of a reducedversionof the given problematfter elim-
inating symmetriesandalsofrom the actionsequencethat
helpthesearchescapelateausn its heuristicpro le. It fur-
ther adoptslibrary managemenstratgiesto keepnumber
of macrosnanageableMacro-FF(Boteaetal. 2005)learns
macrosby usingcomponentevel abstractiorbasecn static
factsof adomainandalsoby partial-ordetifting from plans
basedon an analysisof causallinks. It thenevaluatesthe
macrosby solving other problemsand countingthe states
explored. It alsokeepsa small numberof macros.Macro-
FF's recentextensionexploits its FF style searchto dynam-
ically build iterative macrosi.e. chainsof thebestmacros.

Evolutionary Algorithms

An evolutionary algorithm keepsa populationof good in-
dividualsand generates nen populationfrom the current
oneusinga given setof geneticoperators.It thenreplaces
inferior currentindividuals by superiornew individuals (if
ary) to geta bettercurrentpopulation,which is again used
to repeatthe procesauntil the terminationconditionis met.
In a particularproblemcontet, an individual is taken for
a solution(chunkor bunchin our case);which meansavo-
lutionary algorithmsare an optimisationbasedmulti-point
searctonthesolutionspace Moreover, nenly generatedh-
dividualsareotherpossiblesolutionsin the neighbourhood
of the currentlykeptsolutionsanda richer collectionof ge-
neticoperatorsxploresmorepossiblesolutions.

Evolutionaryalgorithmshave producedoromisingresults
in learningcontrol knovledgefor domainsand somesuc-
cessin generatingplans. EvoCK (Aler, Borrajo, & Isasi
2001) evolved heuristicsgeneratecoy HAMLET (Borrajo
& Veloso1997)for PRODIGY4.0 (Velosoetal. 1995)and
outperformedoth of them. L2Plan(Levine & Humphrgs
2003) evolved control knowledge or policies that outper
formed hand-codedoolicies. Spectoy using evolutionary
algorithms, managedo achieve plansfor small problems
having a rangeof initial and goal states(Spector1994).
SINERGY (Muslea1998) could only solve problemswith
speci ¢ initial and goal states. GenPlan(Westerbey &
Levine 2000) shaved that geneticalgorithmscan generate
plans; but it is somavhat inferior than the state-of-the-art
planners.

Moti vations

Conceptual A systemachievesbetterperformancevhenit
is assistedvith given knowledge. Suchknowledgeshould
beacquiredrom simplersituations manipulatedor further
evolution, reinforcedin complex but manageablsituations,
and appliedin yet more complex and even unmanageable
situations.The learningmethodshouldbe genericover the
systemdor which it learns,over the knowledgeit acquires
for them, and over the way it corveys knowledge. For ar
ti cial systemsexcessve knowledgebecome®verheadso
volume of deliveredknowledgeshouldbe optimised. Our
interestlies with planningsystemsaswe take planningas
self thinking beforeacting. For variousreasonsgdescribed
in Introduction, we choosemacrosas knowledge corvey-
ors. Modelling adomainandoptimisingit for a plannerare
dif cult. Our motivation is to enhancea domainthrough
comprehensie macrosuggestions.

Technical Most existing methods(see RelatedWork) ex-
ploit speci ¢ planneror domaincharacteristicsor arelim-
ited to capturingmacro-actionghat are obserable in ex-
amplesonly, or learnindividual macrosonly. Any specic
propertiesarenot likely to be commonwith mary planners
or domains. The examples,especiallythat are usedto ac-
quire previous experiencesmight not cover mary aspects
of the systemaswhat problemsmake a good collectionis
not easilyaddressedAlso, the examplesmight not always
re ect thatbetterchoiceshave beenmadeduringthe search
as plannersoften make hastymovesto avoid overwhelm-
ing groundedactions. Furthermorekeepingarbitrarynum-
ber of bestmacrosin the collection can not be desirable
becauseandividual bestmacrosmay not collaboratewith
eachother Wizard's example-basedearningcapturesob-
senable macros,the evolutionary approachexploresother
non-obserable macros,the experientialand rewarding ap-
proachesvaluatethem.Wizard generatesnacrosusingac-
tionsfrom plansof smallerproblemsgvaluategshemagainst
other larger but solvable problems,and demonstrateper
formanceof the suggestedanacrosagainstyet larger prob-
lems that might include unsohable instances. The use of
plansto represenexampless becauselansre ect success-
ful choicesmadeduringsearchandprovide auni ed source
of knowledge bearingthe systems structureinherently

Implementation
Chunksarerepresentetioth assequencesf parameterised
(andsogeneralisedfonstituentctionsandasresultantac-
tions composedup by regressiort of the actionsin the se-
guencespunchesare simplecombinationgi.e. collections
or sets). The geneticoperatorson chunksoperateon se-
guences&ndtheoperatoron bunchesaresetoperatorsThe
constituentactionsof a chunkcomefrom exampleplansal-
ways. However, the operatoraredesignedrom clearmoti-
vationsof exploring wider spacesf chunksand bunches;
chunk operatorscontain both types — generatingobserv-

4Action compositionby regressioris a binary, associatie, and
non-commutatie operatioronactionswherethelatteractionspre-
conditionand effect are subjectto the former action's effect, and
bothactions'parameterareuni ed. Regressionis practicallyfea-
siblein STRIPSandFLEUNTSonly



ableonesandnon-obserable ones. Note that, by de ning
thesethespeci ¢ knovledge,we give, is actuallygenericin
planningand by no way speci ¢ to a planneror a domain.
Macro evaluationis basedon time gain becausesxplored
stateor macrousagedo not necessariljtranslateinto time
efciency. For a goodmacro(chunkor bunch),in qualita-
tive terms,mostproblemsshouldbe solvedtaking lesstime
in mostcaseswhenaddedto the domain. A badmacro,in
contrast,causesan overheadthat leadsto longer solution
timesor evenfailuresin solving problemswithin givenre-
sourcelimits. A good macro,however, may not have high
usage becausedherecould be a lessfrequenttricky macro
thatsavesenormousearchime. Furthermoregoodmacros
neednot beintuitively natural. Planscontainingmacrosare
validatedasneededVariouspruningtechniquesbut not ex-
cessve, areusedto save effort wastage Bunchesarelearnt
from the chunkslearntalreadyor evenincrementally Al-
ternatively, acombinedorocedurexploresbothchunksand
bunchessimultaneouslyfocusingmore on chunksinitially
andthenshifting focusgraduallyon bunches.

Experiments
Figure 2 shows performance®f somemacrosfor Planner
LPG on Domain Blocks. The learningtime showvn gives
anideaandcanbeimprovedby tuningdifferentparameters
whicharecurrentlychoserintuitively. We have otherresults
for anumberof plannerson severaldomains;furtherexper
imentsare undervay. The plannersare the currentstate-
of-the-artonesfrom differentbasearchitecturede.g. FF,
LPG, VHPOR SATPLAN, SGPLAN, etc.). The domains
arebenchmark ones(propositionaland numerical)usedin
planningresearch(e.g. blocks, gripper satellite,ferry, re-
ducedsettlers,reducedrovers, etc.) and also somenewly
createddomains. The analysisof the resultsis basedon
how signi cantly the learntmacrosimprove planners'per
formanceson domainsandhow effectively differentlychar
acterisedmacrosare learnt. The characterisationgre on
whethermacrosare chunksor bunchesobsenable or non-
obsenable, reagent(i.e. applicable)or catalytic(i.e. not-
applicablebut help speedupsearch),domainspeci c (i.e.
plannerindependentpr plannerspeci ¢, plateauescaping,
obtaininginteractingsubgoalsjmproving plan length (e.g.
seeexamplesn Figure?2), etcetera.
Conclusion

This papempresent®Vizard,acomprehensie frameavork for
learning macro-actionsn planning. The frameavork uses
evolutionaryandexample-basetearningapproaches gen-
eratemacro-actionsfor their evaluation, it usesexperien-
tial andrewardingmethods Wizard suggestsnacro-actions
that canbe addedto the domainpermanentlyasadditional
actions. Wizard optimisesa domainfor a plannerby sug-
gestingmacro-actions. The achiesementsof Wizard over
existing work are manifold. It readily works with arbitrary
plannersor domainswithout exploiting any explicitly spe-
ci ¢ knowledgeaboutthem.lIt learnshothindividualmacro-
actionsand their combinations. It exploresmacro-actions
thatare obserable from examplesandalsothatarenot. It
canlearnvarioustypesof macro-actionghat cover differ-
entsystemaspectsFuturework includesexperimentingon
moredomains speedingip learningby tuning differentpa-
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? S%problemsaresolvedonly with theaugmentedlomainands%only with the original domain.
? T% problemstake lesstime with theaugmentedlomainandt% with the original domain.
? L% problemshave lessplanlengthwith theaugmentedlomainand|% with the original domain.
? (P%,p%)is (meandispersionpf plantime (T ) performance T orig Taug )=T orig
? (Q%,q%)is (mean dispersionpf planlength(L ) quality (L orig L aug )=L orig

[ macos [ #+S-s [ +Tt T P p [ +-1 [ Q q ]
Bunchof2chunks | +10-0 | +100-0 | 64 1 [ +100-0 | 53 1
Chunk-Evwlved +10-0 +98-0 60 1 +96-0 30 1
Chunk-Obsered +10-0 +90-0 47 2 +88-0 21 1

Total LearningTime: 62 mins

Figure2: Macro-Actions:Planner LPG, Domain- Blocks
rametersandlearningmacro-actiongrom simpledomains
to applyon complex domains.
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