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Abstract

Many complex domainsandeven larger problemsin simple
domainsremainchallengingin spite of the recentprogress
in planning. Besidesdeveloping and improving planning
technologiesre-engineeringa domainby utilising acquired
knowledgeopensup a potentialavenuefor furtherresearch.
Moreover, macro-actionsywhenaddedo thedomainasaddi-
tional actions,provide a promisingmeansby which to con-
vey suchknowledge. A macro-actionor macroin short,is
agroupof actionsselectedor applicationasa singlechoice.
Most existing work on macrosexploits propertiesexplicitly
speci ¢ to the plannersor thedomains.However, suchprop-
ertiesare not likely to be commonwith arbitrary planners
or domains. Therefore,a macrolearningmethodthat does
not exploit ary structuralknowledge aboutplannersor do-
mainsexplicitly is of immensenterest. This paperpresents
anofine macrolearningmethodthatworks with arbitrarily
choserplannersanddomains. Givenaplanneradomain,and
a numberof exampleproblems the learningmethodgener
atesmacrosfrom plansof someof the given problemsunder
theguidanceof ageneticalgorithm. It representsnacrodike
regularactions gvaluategshemindividually by solvingthere-
maininggivenproblemsandsuggestindividual macroshat
areto be addedto the domainpermanently Geneticalgo-
rithmsareautomatidearningmethodghatcancapturenher
ent featuresof a systemusing no explicit knowledgeabout
it. Our methodthusdoesnot strive to discover or utilise ary
structuralpropertiesspeci ¢ to aplanneror adomain.

Intr oduction

Planninghasachieved signi cant progressin recentyears
from planningcompetitions However, thefocusof planning
researchlremainamostly on developingandimproving plan-
ning technologiesDiverseplanningarchitecturesarebeing
put forward; structuralknowledgeaboutsearchalgorithms
or probleminstancesare beingincorporatednto planners;
evenothertechnologiege.g. Satis ability, Model Checking
etc.) arebeingtranslatednto planning. But the impactof
problemformulation on its solution processemainsover-
looked. Re-engineeringa domainby utilising knowledge
acquiredfor a plannerpaves the way for further research
in this direction. Macro-actionswhenrepresenteasaddi-
tional actions,areonerelatively corvenientway to achiese
suchdomainenhancement.
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A macio-action or macio in short,is a group of actions
selectedfor applicationat one time like a single action.
Macros could representhigh level tasks comprising low
level details. From a broaderperspectie, macrosare like
suboutinesor proceduesin the programming paradigm
However, macrosare a promisingmeansby which signi -
cantknowledgecouldbeconveyed. Combiningseveralsteps
in the statespace macrosprovide extendedvisibility of the
searchspaceo the planner Carefully chosermacroscould
help nd nodesthatarebetterthanthe currentnodesespe-
cially when the goodnessf the immediatesearchneigh-
bourhoodcannotbe measuredppropriately Thus, macros
could capturelocal searchn thetroublesomeegionsof the
searchspaceand encapsulateigni cant experienceof the
planner Consequentlya goal could bereadedquickly and
problemsthatareunsolvablé couldbecomesolvable

Contrib ution

Mostexisting macrolearningmethodsaremorefocusedand
specialisedo exploiting particularplanneror domainprop-
erties. For example, Macro ProblemSolver (MPS) (Korf
1985)learnsmacrodfor aparticulargoalin domainghatex-
hibit operatordecomposabilityMARVIN (Coles& Smith
2004)learnsmacrosthat help a forward chainingheuristic
basedplannerescapeplateausin its heuristic pro le (for
other examples, seethe sectiondiscussingrelatedwork).
However, suchpropertiesarenot likely to be commonwith
a wider rangeof plannersor domains. Therefore,a macro
learningmethodthatdoesnot exploit any explicitly specic
structuraknowledgeaboutplannersor domaingemainsun-
explored. This paperpresentsanof ine methodthatlearns
macrosgeneticallyfrom plansfor arbitrarily chosenplan-
nersand domains. The macrosare generatedrom plans
of smallerproblemg andevaluatedagainstotherlarger but
solvable problems.This is to shav that macroslearntfrom
smallerproblemscanreliably beappliedin largerproblems.
The generalityaspectof our method,however, aredueto
theuseof ageneticalgorithmasour learningtechniqueand

!By solvability we mean,using the original domain, whether
theplannercansolve the problemwithin givenresourcege.g. time,
memory etc.)limits. Whethetthegoalof aproblemcanbeattained
in agivencontet is discussedinderthetermreadability.

2By problemsizeor dif culty level we mean thetime required
by thegivenplannerto solve the problemwith theoriginaldomain.



plansasthe macrogeneratiorsource.On onehand,genetic
algorithmsare automatidearningmethodghat cancapture
inherentfeaturesof a system(e.g. whatis goodor bad of

it) usingno explicit knowledgeaboutit. Plans,onthe other
hand,invariablyre ect successfuthoicesof actionsby the
plannerto crossthe problemstatespacesAlso, planscould
inherentlybearthe characteristicef the planneror the do-

main, especiallythatled to the solutions. Our methodthus
doesnotdiscoveror utilise any knowledgeexplicitly speci ¢

to aplanneror adomain.

Given a planner a domain, and a numberof example
problemspur methodearnsmacrosrom plansunderguid-
ancefrom a geneticalgorithm. It thensuggestsndividual
macrosthat areto be addedpermanentiyto the domainas
additionalactions.For the sale of corveniencemacrosare
representetoth assequencesf constituentactionsandas
resultantactionsbuilt up by regressiorof the actionsin the
sequences.Macrosare lifted randomlyfrom plansof the
smallerexample problemsto seedthe population. To ex-
plore only the macrosoccurringin plans,geneticoperators
arerestrictedto extendinga macroby the precedingor the
succeedin@ctionin theplan,shrinkinga macroby deletion
of anactionfrom eitherend,splitting a macrointo two, and
lifting amacrofrom plans.Therankingmethodis basedn
a weightedaverageof the time differenceswhile solvinga
differentsetof moredif cult but solvableproblems(there-
mainingexampleswith the macroaugmentedlomainsand
theoriginal domain.After thelearningis accomplishedyet
anothersetof moredif cult problems(which mightinclude
unsohable instances)are usedto demonstratehe perfor
manceof the selectedndividual macros.We have achieved
corvincing resultswith severalplannersanddomains.

Therestof the paperis organisedasfollows: thenext two
sectiongliscusghemotivationsbehindthiswork andrelated
work, followed by anothersectionthat describesa genetic
approachof learningmacrosfrom plans;the fourth section
onward presentur experimentalresultsandanalysesthe
lastsectiondiscussesur conclusiorandfuture work.

Motivations

Conceptuallya systemachievesbetterperformancef it can

exploit its previous experiencesOur highestlevel objective

is to learnexperience®f a systemin certaincontexts andto

provide themsomehav to the system.Also, the knowledge
acquiredfrom simplersituationsshouldreliably be applica-
ble to morecomple situations.Moreover, we would like to

achieve generalityof our learningmethodover the systems
for whichit learns,overtheknowledgeit acquiresor them,
andovertheway knowledgeis corveyed.

Learning from ExamplesFromthelearningperspectie, it
is very importantthat knowledgebe acquiredfrom simpler
situationsyeinforcedin complex but manageablsituations,
and appliedin yet more comple« and even unmanageable
situations.The succes®f the rst two actiities depend®n
the achi&zementof performanceand manageabilityin the
lastactivity. Macrosare,therefore generatedrom plansof
smallerproblemsandevaluatecagainstotherlargerbut solv-
ableproblems.To demonstrat¢he performancef the sug-

gestedmacros,yet larger problemsare used,which might
includeunsohableinstances.

Learning in Planning From previous researchjt hasbe-
comeobviousthatplanningin ary realisticdomainrequires
much knowledge. Systemsthat exploit particulardomain
or planneraspectdave demonstrateduccessBut they are
conditionalin the sensahatthey work only if certainprop-
ertieshold for the planneror the domain. Our motivation
is to develop a methodthatworks unconditionallymeaning
irrespectve of ary particularcharacteristicexhibitedby the
planneror thedomain.

MacrosasKnowledgeConveyors Theknowledgeacquired
from a particularcontext canbe incorporatednto the plan-
neror encodednto thedomain.The rst approactiakenby
mostexisting work needsextensionof the planner The sec-
ond approachthowever doesnot needthat, if macro-actions
areusedandrepresentetlk e normalactions.Whenmacros
areaddednto adomainasadditionalactions thereadabil-
ity of a problemis not affected. But they causemore pre-
processingime andincur anextra overheador theplanners
addingmorebranchesn thesearchtree. However, thelatter
problemis minimiseddueto the useof a techniquecalled
helpfulaction pruning (Hoffmann& Nebel2001) by mary
recentplanners.Within syntacticalandsemanticalimits of
the PlanningDomainDe nition LanguaggPDDL), knowl-
edgemodelledasobligations(i.e. controlrules)is not sup-
portedand ary knowledgecan be corveyed only by addi-
tional choices(i.e. actions). Macro-actionsn the form of
normal actionsare thus corvenientto achiee domainen-
hancement.

Macros from Plans Plansinvariably re ect the successful
choicesof actionsto crossthe problemstatespaceandthus
could bearthe characteristicef the planner the domainor
theprobleminherently For example,unexplainablerandom
actionsequence# the planscouldindicateconfusedstates
of the plannerwhile it is trying to escaperoublesomere-
gions;arepeatingsubsequencef actionscouldindicatethe
presenceof structuralrepetitionsin the domainor in the
problem. Planscould, therefore,be usedas a potentially
usefulsourcefor macrogeneration.An appropriatesearch
tool couldanalyseplansto producemacrosthat capturethe
choicesof the planneron the problemlandscapesr encode
ary usefuldomainstructuresOurwork, therefore gxplores
only themacrosthatoccurin plans.

Learning Macros Genetically

Although the macro spaceis restrictedwhen macrosare
learntonly from plans,an exhaustve approachs not good
becausenacroscomprisingary numberof actionsareto be
considered.This work takesguidancefrom a geneticalgo-
rithm while searchinghe macrospace.

A geneticalgorithmkeepsa populationof goodindivid-
uals,generates new populationfrom the currentoneusing
a given setof geneticoperators. It then replacesinferior
currentindividuals by superiornew individuals (if ary) to
get a bettercurrentpopulation,which is again usedto re-
peatthe procesauntil the terminationconditionis met. In a
particularproblemcontet, anindividual is taken for a so-



lution (macroin our case)which meansggeneticalgorithms
areanoptimisationbasednulti-point searclon the solution
space Moreover, nevly generatedndividualsareotherpos-
sible solutionsin the neighbourhoodf the currently kept
solutionsanda richer collection of operatorsexplore more
possiblesolutions.The requirement®f a geneticalgorithm
area suitableencodingof the individuals,a methodto seed
theinitial population,de nitions of the geneticoperatordo

generateew individualsfrom the currentpopulation,anda
methodto evaluateindividualsacrosshe populations Note
that, by satisfying such requirementsthe speci ¢ knowl-

edgewe give, is actuallygenericin planningandby noway
speci c to aplanneror adomain.

Genetic Algorithms in Planning Geneticalgorithmshave
producedpromisingresultsin learning control knowledge
for domainsandsomesuccess$n generatingplans. EvoCK
(Aler, Borrajo, & Isasi2001) evolved heuristicsgenerated
by HAMLET (Borrajo & Veloso1997) for PRODIGY4.0
(Velosoetal. 1995)andoutperformedothof them.L2Plan
(Levine & Humphrers 2003) evolved control knowledge
or policiesthat outperformechand-codedolicies. Earlier,
Spectomanagedo achieve plansfor a rangeof initial and
goalstategSpector1 994),but the problemswerevery small
in size. SINERGY (Muslea1998) could only solve prob-
lemswith speci c initial andgoalstates.Later, GenPlanin
(Westerbeg & Levine 2000)shavedthatgeneticalgorithms
cangenerateplans,but it is someavhatinferior to the state-
of-the-artplanners.Geneticalgorithmshave alsobeenused
to optimiseplans(Westerbay & Levine 2001).

RelatedWork

Macrosarenot very new in planningresearchThereforejt
is usefulto compareour approactwith otherpreviouswork.

STRIPS (Fikes, Hart, & Nilsson 1972) producesits
macrosfrom all unique subsequencesf wholly parame-
terisedplans. The numberof macrosthus grows quickly.
Our method,in contrastlearnsand suggestshe bestindi-
vidual macrodfor ary given plannerdomainpair.

REFLECT (Dawson& Siklossy1977)generatesnacros
in a preprocessingtageby analysingpossiblecausallinks
betweeractionsin adomain.ThisapproacHargely depends
on domaincharacteristicand ignoreshow macroswould
impacton planners.Also, this approachdoesnot consider
macrosthathave concurrentactionsor thathelpaparticular
plannersyntactically Ourwork doesnotconsideisuchstrin-
gentrestrictionsandour macrosaretestedwith the planner
duringtheir evaluation.

MORRIS (Minton 1985) performsan exhaustve search
on plansto learnmacrosfor STRIPSfrom plan fragments
that are frequentlyusedor achiese interactive goals. Our
method,in contrast,usesgeneticallyguidedsearchon the
plan fragmentsand doesnot assumeary structurebeing
presenin thedomain.

Macro ProblemSolver (MPS) (Korf 1985)learnsa com-
pletesetof macroghattotally eliminateshesearctbut only
for a particulargoalin x edsizeproblemson domainsthat
exhibit operatordecomposabilityMPS needsa differentset
of macroswhen the probleminstancesscaleor goalsare

different. Unlike our method,MPS thereforerelieson the
presencedf speci ¢ characteristicsn the domainsandthe
problems.

MACLEARN (lba 1989) learnsmacrosfrom action se-
guenceghat lead the searchto reacha peakfrom another
peakin its heuristicpro le. It thenusesanautomatedtatic
Iter basedbndomainknowledgeanda manualdynamic I-
ter basedon usageof macrosin plans. Unlike our method,
thisapproachhereforedepend®n particularcharacteristics
of the searchalgorithmandthe domain. However, like our
method MACLEARN compilesmacrosnto regularactions
andaddstheminto thedomain.

MARVIN (Coles& Smith 2004)generatesnacrosfrom
the plan of a reducedversion of the given problem after
eliminatingsymmetriesMARVIN alsolearnsmacrosfrom
action sequenceshat lead its FF style searchto success-
fully escap@lateaugwhichis aplannercharacteristic)Our
method,in contrast,is not aware of ary suchpropertiesbe
presenin aplanner In particular we canlearnmacrosthat
eliminatesuchplateaudrom FF's searchspace.

Macro-FF(Boteaetal. 2005),anextensionof FFtoincor
poratemacrosusesa componentevel abstractiorbasedon
staticfactsof a domainto learnmacros.It alsolifts partial-
ordermacrosrom planshasedn ananalysisof causalinks
betweensuccesie actions. However, our work doesnot
exploit any speci ¢ domain characteristicspr a stringent
constraintike causalinks betweerconstituentactions.Al-
thoughboth methodsevaluatemacrosby solving problems,
Macro-FF considersimprovementin the numberof states
exploredwhereasour methodusestime gains. This is be-
causeimprovementin statesexplored doesnot necessarily
translatesnto time ef ciency asevaluationor explorationof
eachstatemight take moretime whenmacrosareused.

Moreover, macrosthat achieve heuristically identi ed
subgoals(Herradwlgyi 2001), shav about44% improve-
mentin the Rubik's Cube domain. Another approachof
learningmacrosautomaticallyby discoveringabstractiorhi-
erarchiesand exploiting domaininvariants(Armano, Cher
chi, & Vamiu 2005) causeda slightly negative impacton
the performance.However, both of thesemethodsexploit
domaincharacteristics.

A Macro Learning Method

Our learning methodis describedin Figure 1. This is
basedon a geneticapproachwith individuals being taken
asmacros.lts implementatiorissuesncluderepresentation,
generationandevaluationof macrosalongwith validation
andpruningtechniguego reducepossiblewastedeffort.
1. Initialise the populationandevaluateeachindividual to assignanumericalrating.
2. Repeathefollowing stepsfor agivennumberof epochs.
(a) Repeathefollowing stepsfor anumberequalto the populationsize.
i. Generatenindividual usingrandomlyselecteperatorsindoperandsand

exit if anew individualis notfoundin areasonabl@umberof attempts.
ii. Evaluatethegeneratedndividual andassignanumericalrating.

(b) Replaceinferior currentindividuals by superiornew individuals and exit if
replacemenis not satisactory
(c) Exitif generatiorof anew individual failed.

3. Suggesthebestindividualsasthe outputof thealgorithm.

Figurel: A learningmethodusinga geneticapproach



Macro Representation

Geneticalgorithmsrequireindividuals to be encodedn a

compositeform whereasthis work requiresmacrosto be

addedas additional actionsto the domains. Macros are,

therefore, representedseeFigure 2) both as sequencesf

constituentactionsand asresultantactionshaving parame-
ters,preconditionsandeffects. Giventhe sequencef con-

stituentactions,the resultantaction of a macrois built us-

ing compositiorof actionsby regression Geneticoperators
are appliedon the operandmacros sequencendfrom the

outputsequencethe resultantmacros actionis built. Had

PDDL supportedmacrossyntactically the actioncomposi-
tion would notberequiredandplannersouldeasilyexecute
amacrosequence.

;(macro
(:actionmove-pick-moe
:parameterg?ra?rb- room?b- ball ?g- gripper)
:precondition(and(not (= ?ra?rb))(at-robby?ra)(at?b ?rb)(free?g))
:effect (and(carry ?b ?g)(not(at ?b ?rb))(not(free ?g))))
(:sequencémove ?ra?rb)(pick?b ?rb?g)(mae ?rb?ra)))

Figure2: Representationf amacro

Composition of Actions by Regression: This is a bi-
nary, non-commutatie andassociatie operationon actions
wherethelatter action's preconditionandeffect aresubject
to the former action’s effect, and both actions' parameters
areuni ed (seeFigure3). Not every compositionproduces
avalid actionbecauseheresultanipreconditionmight have
contradictionstheresultaneffectmightbeinconsistentand
theparametersightfacetypecon icts while beinguni ed.
Thiswork considercompositiorof actionsonly in STRIPS
andFLUENTS subsetof the PDDL.

Precondition _ Actionl Effect - Precondition _ Action2 Effect
w 9
9@ ( ( ( ( Xxnothwa modi cation
PreLondition(( n‘adi ation Macro-Action Y XX Effect
Param1 Param?2 M.Param

?x- ball ?y - room
?X- room?y - ball

?y - place?z- robby
?y - place?z- robby

?x- ball ?y - room?z- robby
typecon ict for ?y

Precondl Effectl Precond?2 Effect2 M.Precond M.Effect
not(p...) Pp...) ®...) not(p...) true null
(p...) not(p...) (p...) not(p...) false invalid
not(p...) P...) not(p...) P...) false invalid
P...) not(p...) not(p...) P...) true null
(r...) 1 (r...)—=1 (r...) 2 (r...)—=2 1 (r...) 3 (r...)—=3

Figure3: A compositionof actionsby regression

Precondition under Composition: A literal, appearingn

thelatteraction's preconditionmight be satis ed or contra-
dictedandafunctionvaluemight be changecy the former
action's effect (seeFigure 3). Therefore the resultantpre-
conditionwill beaconjunctof theformeraction's precondi-
tion andthelatteraction's modi ed precondition.

Effect under Composition: The resultanteffect will be a
union of the latter action's modi ed effect andthe former
action’s sub-efects which are not further modi ed by the
latteraction’s effect (seeFigure3).

Parameters under Composition: Parameterf both the
actionsare rst uni ed andthenunion-edtogether Param-
eteruni cations canbe doneby type or by name. The rst

option needsknowledgeaboutthe multiplicity of ary static

or dynamicrelationshipsetweerobjects;which meangdo-
main and plannercharacteristicareto be discovered. The
secondoption (see Figure 3) is suitablefor this work if
constituentactionsare lifted from planswhere multiplic-
ity issuehasalreadybeenhandled. In this case,problem
objectsare thenreplacedby genericvariablesbut domain
constantareleft unchangedyhich meansactionsarecon-
sideredgroundedpartially with constantsVariableshaving
commonnamesarethenuni ed replacinggeneralisedypes
by specialisednes;distinctvariableshowever remainunaf-
fected.

Example Problems

The exampleproblems,our methodrequiresareto be sup-
pliedasinput. Alternatively, aproblemgeneratocanbepro-
vided,whichis usedto generatéhenecessarproblemsan-
domly. A setof smallerproblemscalled seedingproblems
are solved andthe plansare usedas the macrogeneration
source. Anothersetof larger but solvable problemscalled
ranking problemsare usedfor macroevaluation. Note, in
order for the time gain to be measurablesigni cantly and
preciselyon a given computey the ranking problemscan-
not be very small. For this work, the rankingproblemsare
solvablein 10secsasshavnin Figure?.

Although, for thetime being,we userandomlygenerated
problemsiit is worth mentioningherethat the selectionof
problemsnormally affectsthe suitability of amacroin cov-
eringawiderrangeof problems.Carefullychoserexamples
shouldcover asmary aspect®f the systemaspossible.

Macro Generation

Generationof macrosrequiresgeneticoperatorsto be de-
ned. One motivation of this work is to generatemacros
from plans.Besidespur obsenationssuggessubsequences
of agoodsequencarealsogoodwhile sequencesontain-
ing bad subsequenceare alsobad. Geneticoperatorsare

thereforerestrictedo extendingamacroby theprecedingr
thesucceedingctionin theplan,shrinkingamacroby dele-
tion of anactionfrom eitherend,andsplitting a macroat a
randompoint (seeFigure4). Lifting of randomsequences
from plansis usedasyet anotheroperatorwhich facilitates
diversity of the macrospaceexploration. To seedtheinitial
population,sequencesf actionsarerandomlylifted (using
thelift operator)from plansof the seedingoroblems.

Plan @ )b ). )d. e ) @) G )KL )T )M
Macro (b...))c...))d...))e...)(f...)

Extend | (a...)(b...)(c...)d...)(e...)f...) (b..)(c...)d..)e..)f..)ag...)
Shrink (c..)d..)e..)f...) (b..)(c..)d...)e...)
Split (b..)c..)d..) [ (e..)F...) (b..)c...) [ d.)e.)f..)
Lift G..)K..00..)

Figure4: Geneticoperators

Macro Evaluation

To evaluateindividual macros,a numberof differentprob-
lemscalledrankingproblemsareused.Theseproblemsare
largerthanthe seedingproblems but not too large because
they areattemptedo be solved for every macro. For each
macro, an augmenteddomainis producedaddingit asan
additionalactionto the original domain. For all the rank-
ing problems the planneris thenrun bothwith the original



domainandthe augmentedilomainundersimilar resource
limits. Althoughadeterministiqgplannertakesthesametime
andreturnsthe sameplan every time a problemis solved,a
stodhasticplannertakesvarying timesandreturnsdifferent
plans.Assumingtheunderlyingtime distributionsto benor-
mal for a stochastigplannera problemis thereforesolveda
numberof timesanda randomvariable ha/ingbparameters
(sample-count , mean , dispersion = = ) is used
to representhe time distribution. Basedon relevant tness
criteria, the augmentediomain (and so the macro)is then
givenanumericalratingagainstthe original domain.

Fitness Criteria For a good macro, in qualitatve terms,
most problemsshould be solved taking lesstime in most
caseswith its augmentecddomain. A bad macro,in con-
trast,causesnoverheadhatleadsto longersolutiontimes
or even failuresin solving problemswithin given resource
limits. A good macro,however, may not have high usage
becaus¢herecouldbeaninfrequentlyusedbut tricky macro
thatsavesenormousearcttime. Furthermoregoodmacros
neednotbeintuitively natural.For a givenmacro,we there-
fore requirethreequantitatve measures.
Cover (C) measuregshe portion of the ranking problemssolved
usingits augmentedlomain.Note, all problemsaresolvable.
Score(S) measuresheweightedmeantime gain/lossover all the
ranking problemscomparedo whenthey are solved usingthe
original domain. Any gain/lossfor a larger problemgetsmore
weightasour interestis to applymacrosin largerproblems.

Point(P) measureghe portion of the ranking problemssolved
with theaugmentediomaintakinglessor equaltime compared
to whenthey aresolvedusingthe original domain.

Utility Value Re ectingall thethree tnessfactorstogether
the formulae shavn in Figure 5 gives a numericalrating
(alsocalled tnessvalug to a macro. Amongthethreefac-
tors, scoreis more effective in the ranking of goodmacros
while the othertwo areto counterbalancary misleadingly
high utility value. The individual factorsare calculatedin
slightly differentwaysfor deterministicandstochastiglan-
ners. However, Figure5 shavs a uni ed formulaconsider
ing (only for corvenienceof descriptiondeterministiglan-
nersas a specialcaseof stochasticplanners. Notice that,
mostcalculatedvaluesare normalisedn [0,1]. The notion
usedin computationof s and sf(’ will be clearfrom their
valuesat certainpoints(e.g., sk = 1, % andofor 2 = 0,
k., andl respectrely). Moreover, its non-linearcharacter
istic is suitablefor a utility function. Note,the utility values
assignedo the macrosarenot absolutein ary senserather
relative to therankingproblemsandthe plannerused.

Macro Validation

Macros having unsatis able preconditionsor inconsistent
effects are detectedwhenaer possiblein Step2(a)i of the
learningmethodin Figure 1. Unsatis able preconditions,
however, cannotbe detectedcompletelyat this stage(note
that, satis ability is alsoa researctproblem). Besides,jn-
consistenteffects sometimesarise during the runtime of a
planner Thereasons mostlythe mishandlingof parameter
binding and objectinequality by someplannersespecially
whenmorethanoneparameterfiave compatibletypes.For

u= Cc s P C= . c=n
= lifc=0 S=w [ skwk + w® o sdw
= 1 if invalid plansproduced | P = {_; px=n
Where,
n: Numberof rankingproblemsto be solved.
m: Numberof timesarankingproblemis to be solved. For a deterministicplanner
m= 1.
t ( k5 «k; k): Time distribution for problemk while solving with the original
domain. Note, eachproblemis solved m timeswith the original domaini.e.,
= m. Moreover, ¢ > 0. Whenm = 1, ¢ = landso ¢ = 0. If
= 0, ary termsinvolving  areomitted.
domain. Note, 0 2 m. Whentheproblemis notsolwed(i.e, = 0),
=1 .Whenm = 1, ? = Oorlandso = 0.
t( ;; )= R tk: Totaltime distribution for all the ranking problemswhile
solvingwith the original domain. This is a sumof randomvariables. Therefore,

- n - — n 2 _ n 2
S k= k= Mn,o= gy eand T=opg g

k
k

t2( 2; 9 2): Timedistributionfor problemk while solvingwith theaugmented
o
0
P

Ck = E: k. Probabilitythatproblemk is solvedusingtheaugmentediomain.

sk = k=( k + ) Thenormalisedgain/lossin meanwhile solving problemk
with theaugmentediomain.

sg = x=( x + E): Thenormalisedjain/lossin dispersiorwhile solvingproblem-

k with theaugmentediomain.if m = 1, SE is de ned to be 0 andomittedas

- 0 _
= =

k= : Weightof gain/lossin meanwith moreemphasi®n largerproblems

I =

W
WE = 1=n: Weightof gain/lossin dispersiorwith equalemphasi®n all problems
w = = ( + ): Theoverallweightof gain/lossin mean.

w®= =( + ): Theoverallweightof gain/lossin dispersion.

px = 1 for gain, O for Ioss,% otherwise. The Students t-testat 5% signi cance
level onty andtg determines gain or aloss. Alternatively, sign( « E) is
usedwhenm = 1 and/ort-testcannotbe usedbecause s arezero.

Figure5: A utility functionfor macroevaluation

example, if both ?x and ?y are boundwith the sameob-
jectin (p ?x) and(not (p ?y)) ,theinstantiatedef-
fect becomesinconsistentand causesinvalid plansto be
generated Appropriatenot-equalitiesare, therefore,added
to thepreconditionwheneer parameterbaving compatible
typesrepresentlifferentobjects. Moreover, in mary unfa-
miliar casesplannergroduceinvalid plansdueto someun-
known reasongprobablybugs). Plansproducedwith the
augmentediomainsare, therefore validatedfor suchplan-
nersin Step2(a)ii.

Macro Pruning

Pruningtechniquesseveral comesfrom existing work, are
usedto reduceary effort wastedotherwiseto explore poten-
tially inferior macros.

Pruning during generation: The following strat@iesare
adoptedn Step2(a)i of thelearningmethodin Figurel:

1. Sequencesf actionsthat have subsequencegroducing
null effectsarenotminimal.

2. The more the parametersthe more the unnecessaryn-
stantiatedoperators. This affects the plannerswhich do
operatolinstantiationin their preprocessingteps.

3. Longeractionsequencearemorespeci ¢ to certainob-
jectivesandarelesslikely to be usefulfor a wider range
of problems.

4. Similar sequencesf actionsdiffering only by parameter
isationareconsideredopiesof a singlesequence.



5. Sequencesf actionsequialentin partial orderare con-
sideredcopiesof a singlesequence.

6. Actionsin a macroshouldhave parametersn common
(by name). This ensuresohesvenessof the constituent
actionsand also overseeghat irrelevant actionsare not
partof a macro. A morestringentstrategy that consecu-
tive actionsin a macromusthave a causallink between
themhasbeenconsideredut nally notused.Thisis be-
causetherecould be an autocorrelationbetweenactions
suchthat executionof themtogethersomehev helpsthe
plannersolve problemsfaster The autocorrelationcould
be inherentin the planners architectureor implementa-
tion, or couldbein thedomainmodelaswell.

Pruning during evaluation: Failureto solve a problemus-
ing theaugmentediomainwithin certainlimits whereast is
solvableusingtheoriginal domainimpliesthemacrocauses
muchoverheadandresource(time, memory etc.) scarcity
to the planner Early detectionof suchinferior macrosin
Step2(a)ii in Figurel saveslearningtime neededtherwise
to solve theremainingproblems.

Experiments

To demonstratéhatthis learningmethodworksfor arbitrary
planners,we choosea numberof planners(seeFigure 6)

from differenttracks(i.e. planningstyles),but only those
holdingthe basiccharacteristicef the tracks. Moreover, to

shaw the effectivenesof our macrosagainstplanningtech-
nologies,mostof the plannerschosenarethe currentstate-
of-the-artonesin their respectie tracks. Similarly, the do-
mainschoser(seeFigure6) arebenchmarkdomainsusedn

planningresearch.The problemsusedto demonstrateer

formanceof the suggestednacrosare called testing prob-
lems Thesearelargerthanthe rankingproblemsandmight
include unsohable instances. For a suggestednacro, the
testingproblemsare solved using both the original domain
andtheaugmentediomain.

FD (FastDownward)is a heuristichasedorogressiorplannerthatusesa multi-valuedencoding
anda hierarchicalproblemdecompositioiechniqueto computeits heuristicfunction.

FF (FastForward)is a forward chainingheuristichasedstatespaceplannerthatusesa relaxed
graphplanalgorithmasits heuristic.

LPG (Local Searchfor PlanningGraphs)is a stochasticplannerthat usesa heuristicbased
efcient local searcton actiongraphsrepresentingartialplans.

SatPlantransformsa planningprobleminto SAT-instancessolvesthemusingSAT-solvers,and
thesolutionsaretransformedackto give aplan.

SGPlanpartitionsa large planningprobleminto subproblemssolvesthemby someotherplan-
ner, andthe plansarecombinedo producea globalsolution.

VHPOP (VersatileHeuristic Partial Order Planner)is a partial order causallink plannerthat
usesvarious aw selectionstrategiesasits heuristic.

Blocksworld domainhasarobotarmthatpicksanddropsblocksto build stacksonatable.

Ferry domainrequiresa numberof carsto be transportedetweenportsby aferry. Theferry
cancarryonly onecaratatime.

Gripper domainhasarobotwith two grippersto carryballsbetweertwo rooms.

Satellite domaindealswith a numberof satellitesthat can take imagesof tamgetsin various
modesandtransmitdatato thebase.

NFerry is anumericversionof the Ferrydomaindescribecabove with additionalnumericcon-
straintson fuel thatis consumedy theferry while sailing.

NSatellite is anumericversionof the Satellitedomaindescribedabove with additionalnumeric
constrainton buffer capacity

Figure6: Plannersanddomainsusedin this work

Results

Figure7 describeghetypical setupof our experiment.The
parameteraluesin mostcasesarechosenintuitively. Fig-
ure 8 summariseshe performancef the suggesteanacros
for the planners. Moreover, Figure 9 optionally gives a
graphicalillustrationof plantimesfor someof the macros.

Numberof randomproblems:Seedings, Ranking20, Testing50
Macrosizelimits: Maximumparameter8, Maximumsequencéength8
Operatorselectionprobability: Extend25%, Shrink25%, Split 25%, Lift 25%
Samplecountfor a stochastiplannerto representhedistribution: 5

R N I SR IRV

Evaluationphasepruning: a macrois prunedoutif morethan50% problemsor
runsareunsatisactory

Numberof epochs200Populatiorsize:2  numberof actions
Satishctoryreplacemenievel: atleastl in every 25 consecutie epochs
Generatiorattemptsmaximum999999for every nev macro

ECEEEN NN

Resourcdimit: memoryl gigabyte time - ranking10 secstesting1800secs

Figure7: Experimentaketup

S%problemsaresolvedonly with theaugmentediomainands%only with theoriginal domain.
T% problemstake lesstime with theaugmentedlomainandt% with the original domain.

L% problemshave lessplanlengthwith theaugmentedlomainand|% with theoriginaldomain.
(P%,p%)is (mean dispersion)pf plantime (T ) performance T orig Taug )=Torig
(Q%, %) is (meandispersionpf planlength(L ) quality (L orig L aug )=L orig

[ domain-plannemaco [ +S-s | +T-t [ P p [ +L- [ Q q |
Blocks-FF-1 +36-0 +60-4 65 19 +58-4 20 2
Blocks-FF-2 +26-4 +40-16 18 14 +20-36 -4 2
Blocks-LPG-1 +0-0 +94-0 58 2 +92-0 28 2
Blocks-LPG-2 +0-0 +74-0 41 3 +80-0 19 1
Blocks-SGPlan-1 +6-0 +72-12 | -19 76 | +38-34 -2 2
Blocks-SGPlan-2 +8-0 +42-48 -60 28 +12-74 -18 2
Blocks-VHPOP-1 +54-0 +26-2 79 9 +0-2 -2 2
Blocks-FD,SatPlan No goodmacrocouldbelearnt
Ferry-FD-1 +0-0 +100-0 93 0 +96-4 9 0
Ferry-FF-1 +0-0 +100-0 92 0 +0-100 30 0
Ferry-FF-2 +0-0 +100-0 92 0 +0-100 -30 O
Ferry-LPG-1 +0-0 +92-0 92 0 +0-92 -18 0
Ferry-LPG-2 +0-0 +92-0 9 0 +0-92 -19 0
Ferry-SatPlan-1 +10-0 +88-2 94 2 +0-90 -64 5
Ferry-SatPlan-2 +6-4 +74-12 -2 36 +0-86 54 1
Ferry-VHPOP-1 +68-0 +32-0 100 O +0-32 -26 2
Ferry-VHPOP-2 +62-0 +32-0 100 O +0-4 101
Ferry-SGPlan No goodmacrocouldbelearnt
GripperFD-1 +54-0 +46-0 88 1 +0-46 0 O
GripperFD-2 +54-0 +46-0 87 1 +0-46 0 O
GripperFF-1 +0-0 +100-0 97 0 +0-100 31 0
GripperFF-2 +0-0 +100-0 97 0 +0-100 31 0
GripperLPG-1 +0-0 +100-0 92 0 +0-100 | -23 O
GripperLPG-2 +0-0 +100-0 90 0 +0-100 | -21 O
GripperSatPlan-1 +20-0 +78-2 77 4 +0-80 -47 1
GripperVHPOP-1 +36-0 +64-0 85 4 +0-36 -17 3
GripperVHPOP-2 +34-0 +64-0 99 0 +0-34 11 2
GripperSGPlan No goodmacrocouldbelearnt
Satellite-FF-1 +0-0 +100-0 96 0 +0-100 | -43 1
Satellite-FF-2 +0-0 +100-0 94 0 +0-100 -43 1
Satellite-VHPOP-1 +12-0 +22-6 51 21 +0-28 -13 2
Satellite-VHPOP-2 +14-0 +24-6 47 21 +0-42 21 2
Satellite-FD LPG, SatPlanSGPlan No goodmacrocouldbelearnt
NFerry-FF-1 +32-0 +62-6 66 6 +0-68 -85 3
NFerry-FF-2 +12-42 +22-4 50 9 +0-26 -87 4
NFerry-SGPlan-1 +4-0 +46-36 33 8 +14-68 8 1
NFerry-SGPlan-2 +18-0 +44-38 33 10 +0-82 -36 2
NFerry-LPG No problemcouldbe solvedby the planner
NFerry-FD,SatPlanVHPOP | FLUENTSnotsupportedy the planners
NSatellite-FF-1 +58-0 +42-0 98 0 +0-42 -10 1
NSatellite-FF-2 +58-0 +42-0 97 0 +4-38 9 1
NSatellite-LPG-1 +64-0 +38-0 48 3 +0-18 -11 1
NSatellite-LPG-2 +64-0 +38-0 48 3 +2-16 -10 1
NSatellite-SGPIlan-1 +0-0 +100-0 39 1 +0-100 [ -29 1
NSatellite-SGPlan-2 +0-0 +100-0 28 0 +0-100 | -28 1
NSatellite-FD SatPlanyHPOP FLUENTSnotsupportedy the planners

Figure8: Summarisedxperimentakesults
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Figure9: Time performancef somesuggestednacrosagainstoriginal domains

Analysis
For a comprehense analysisof this work, the qualitative

achiezementsarepresented@dshypothesesvith properjusti-
cation madeby theresults.

Hypothesis1 Our utility functionis qualitativelyconsistent
acrossgivenproblemsdomainsandplanness.

Justi cation: As mentionedearliet the exactutility values
assignedo the macrosarerelative to the exampleproblems
and the plannerused. Therefore,it is necessaryo shav
the qualitatve consisteng of our utility function. For this,
we computedutility valuesof the suggesteanacrosagainst
the testing problems. For most macrosin most domains,
thesevaluesare found to be consistentand positively cor
relatedwith the valuesassignedagainst ranking problems
during evaluation. Furthermore the suggestednacros,in
mary cases(seeFigure8) achie/e signi cant improvement
with thetestingproblems.Thisimpliesmacrodearntby our
methodfrom the smallerproblemsareequallyusefulfor the
largerproblems. [

Hypothesis2 Our methodcanlearn maciosfrom plansef-
fectivelywithoutexploitinganyknowledg explicitly speci ¢
to plannes, domains problemspr plans.

Justi cation: Our methoddoesnot discover or utilise ary
explicitly speci c propertiesfrom either of planners,do-
mains, problemsor plans. Moreover, it only exploresthe
macrosthat occurin plans. Figure 8 shaws that, we can
learnusefulmacrosfor mostplannerdomainpairs. [

Hypothesis3 Macroslearntby our methodcanleadto sig-
ni cant improvemenof plannes' performanceon domains.

Justi cation: In spite of muchwork on macros,it is not
known whetherone macro learning techniquecan effec-
tively beusedfor arbitraryplannersanddomains.Thiswork

shaws (seeFigure 8), usingour macrosnot only canprob-
lemsbe solved muchfasterwith differentplannerson dif-
ferentdomainsbut also mary unsohable problemscanbe
solved. L]

Hypothesis4 Themacioslearntbyour methodcancaptue
variousfeatuesof domainsandplannes.

Justi cation: In somedomainsthe bestmacroslearntfor
differentplannersarefoundto beoverlapping.Thissuggests
suchmacrosmight be domain speci ¢ or in other words
plannerindependent.Besides,using our macros,FF sud-
denly nds its searchspacemuchmore friendly (i.e. rel-
atively less plateaus)and LPG doesnot require so mary
restartsin its search. Also, in the problemsthat are not
easyto partition, SGPlarsolvesthemfastemwith ourmacros.
However, the oppositehappenswith easily decomposable
problemsas seenwith Blocks and NFerry domains. We
do not know asyet how other plannersget help from our
macros. Neverthelesspur methodthuslearnsmacrosthat
capturevariouscharacteristicef domainsandplanners. =

Otherobsenationsandcommentsaboutour experiments
areasfollows:

1. Our macrosoften leadto longerplansas obsered with
mostdomainsandplanners.

2. The evaluationof a macrotakes much more time than
the generatiorof a new macroeven thoughmary prun-
ing techniquesare usedin both phases. To speedup
the learning process,the intuitively chosenparameters
(e.g. population-size,epoch-count,replacement-eel,
operatotprobabilities,etc.) areto be tuned. However, in
essencethis work is to shav that sucha generalisedp-
proachworks successfullyjts performancses, therefore,
not measuredn termsof its learningtime (seeFigure10
for abriefillustration).



Time(Hours) fd ff Ipg satplan | sgplan | vhpop
blocks 145 | 195 | 58.7 3.1 9.1 0.5
ferry 17.2 | 154 | 32.2 1.0 19.1 0.3
gripper 4.1 3.1 21.2 11 3.0 0.7
satellite 31.2 | 243 | 1524 0.8 13.7 1.2
nferry 23.0 35.6

nsatellite 38.4 | 30.0 27.0

Figure10: Macrolearningtime for plannerson domains

3. Our work could be extendedto temporaldomainshad
PDDL beenclosedundercompositionwith durative ac-
tions or did it supportdiscreteeffects at ary time over
the durationof a durative-action.Neverthelesscomposi-
tion of actionsis not, in essencea hard requiremenif
this work; had PDDL supportednacros the actionsof a
macrocouldbe executedeasily

Conclusion

This paperpresentsan automatedmacro learning method
thatrequiresno structuralknowledgeaboutthe domainsor
theplannersDespiterecentsigni cant progressn planning,
mary complex domainsand larger problemsin simple do-
mainsremainchallenging.However, the focusof planning
researchiemainsmostlyon developingandimproving plan-
ning technologiesAlso, theimpactof problemformulation
on its solution processremainsoverlooked. Macros pro-
vide apromisingavenuein planningresearchio achieve fur-
ther improvementthroughdomainenhancementMacros,
when addedto the domainlike normal actions, can con-
vey signi cant knowledgeto the planner Experiencesf
the planneron the problemlandscapecan be encodedas
macroswhile re-engineering domain. Most existing work
on macrossomeha needknowledgespeci ¢ to the plan-
neror the domain. A macrolearningmethodthat doesnot
needsuchknowledgeis, therefore,important. Our method
learnsmacroseffectively from plansfor arbitrarily chosen
plannersanddomainsusinga geneticalgorithm.Genetical-
gorithmsare automaticlearningmethodsthat candiscover
inherentcharacteristicef a systemusingno explicit knowl-
edgeaboutit. We have achiezeda corvincing, andin mary
casegdramaticjmprovementwith anumberof plannersand
several domains. Also, we have demonstrateduccessfully
by our resultsthatmacrodearntfrom smallerproblemscan
reliably be appliedin larger problems.Furtherexperiments
to learn macrosfor more complex domainsare undervay.
As we consideronly individual macrosfor the time being,
we hopeto extendour approactto learninga setof macros
eitherincrementallyor usinga geneticapproacton macro-
sets.In thelattercasethechallenges to explorebothmacro
spaceand macro-sespacetogether It would be usefulto
nd whatproblemsare suitablefor learningaswe useran-
domly generatedoroblemsfor the time-being. However,
this is a commonissuefor ary suchmachinelearningap-
proaches.Although one motivation behindthis work is to
capturea planners experiencen a domainlandscapewe
arealsomotivatedby thedesireto investigatehow evolution
(a geneticalgorithmwith richer collectionof operators)of
suchknowledgefurtherimprovesits performance.

Acknowledgement

This researchs supportedoy the CommonwealttScholar
shipCommissiorin the UnitedKingdom.

References

Aler, R.; Borrajo,D.; andlsasi,P. 2001. Learningto solve prob-
lemsefciently by meansof geneticprogramming.Evolutionary
Computatiorf(4):387—420.

Armano, G.; Cherchi,G.; andVamiu, E. 2005. A systemfor
generatingnacro-operator§om staticdomainanalysis.In Pro-
ceeding(453)Arti cial Intelligenceand Applications

Borrajo, D., and Veloso,M. 1997. Lazy incrementalearning
of control knowledgefor ef ciently obtainingquality plans. Al
Review 11(1-5):371-405.

Botea,A.; Enzenbager, M.; Miiller, M.; andSchaefer, J. 2005.
Macro-FF: Improving Al planning with automaticallylearned
macro-operators. Journal of Articial Intelligence Reseath
24:581-621.

Coles,A., andSmith,A. 2004. MARVIN: Macro-actionfrom
reducedversionsof theinstance.ln IPC4 Booklet ICAPS.

Dawson, C., andSiklossy L. 1977. Therole of preprocessing
in problemsolving systems.In Proceeding®f the International
Joint Confeenceon Arti cial Intelligence 465-471.

Fikes,R.E.;Hart,P. E.;andNilsson,N. J.1972.Learningandex-
ecutinggeneralizedobotplans. Arti cial Intelligence3(4):251—
288.

Herradwlgyi, I. 2001. Searchingor macrooperatorswith auto-
matically generatedheuristics. In Proceedingf the 14th Bien-
nial Confeenceof the CanadianSocietyon ComputationaStud-
iesof Intelligence:Advancesn Arti cial Intelligence 194—-203.

Hoffmann, J., and Nebel, B. 2001. The FF planningsystem:
Fastplangeneratiorihroughheuristicsearch Journal of Arti cial
IntelligenceReseach 14:253-302.

Iba,G. A. 1989. A heuristicapproactto thediscovery of macro-
operatorsMachine Learning3:285-317.

Korf, R. E. 1985.Macro-operatorsA weakmethodfor learning.
Arti cial Intelligence26:35—77.

Levine, J., and Humphrgs, D. 2003. Learningaction strate-
giesfor planningdomainsusinggeneticprogramming.ln Appli-
cationsof EvolutionaryComputing EvoWrkshops2003volume
2611,684-695.

Minton, S. 1985. Selectvely generalisingplansfor problem-
solving. In Proceeding®f the InternationalJoint Confeenceon
Arti cial Intelligence

Muslea,l. 1998.A generapurposeAl planningsystembasedn
the geneticprogrammingparadigm.In Proceedingof the World
AutomationCongess

SpectorL. 1994.GeneticprogrammingandAl planningsystem.
In Proceedingsf the Twelfth National Confeenceon Arti cial
Intelligence AAAI-94 1329-1334.

Veloso, M.; Carbonell, J.; Perez,A.; Borrajo, D.; Fink, E.;
and Blythe, J. 1995. Integrating planningand learning: The
PRODIGY architecture.Journal of Experimentaland Theoeti-
cal Arti cial Intelligence7:81-120.

Westerbeay, C. H., andLevine, J. 2000. GenPlan Combining
geneticprogrammingandplanning. In 19thWorkshopof the UK
Planningand ShedulingSpecialinterestGroup (PLANSIG)

Westerbay, C. H., andLevine, J. 2001. Optimisingplansusing
geneticprogramming.ln 6th EuropeanConfeenceon Planning



