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Abstract

Many complex domainsandeven larger problemsin simple
domainsremainchallengingin spite of the recentprogress
in planning. Besidesdeveloping and improving planning
technologies,re-engineeringa domainby utilising acquired
knowledgeopensup a potentialavenuefor further research.
Moreover, macro-actions,whenaddedto thedomainasaddi-
tional actions,provide a promisingmeansby which to con-
vey suchknowledge. A macro-action,or macroin short, is
a groupof actionsselectedfor applicationasa singlechoice.
Most existing work on macrosexploits propertiesexplicitly
speci�c to theplannersor thedomains.However, suchprop-
ertiesare not likely to be commonwith arbitrary planners
or domains. Therefore,a macrolearningmethodthat does
not exploit any structuralknowledgeaboutplannersor do-
mainsexplicitly is of immenseinterest.This paperpresents
anof�ine macrolearningmethodthatworkswith arbitrarily
chosenplannersanddomains.Givenaplanner, adomain,and
a numberof exampleproblems,the learningmethodgener-
atesmacrosfrom plansof someof thegivenproblemsunder
theguidanceof ageneticalgorithm.It representsmacroslike
regularactions,evaluatesthemindividually by solvingthere-
maininggivenproblems,andsuggestsindividualmacrosthat
are to be addedto the domainpermanently. Geneticalgo-
rithmsareautomaticlearningmethodsthatcancaptureinher-
ent featuresof a systemusingno explicit knowledgeabout
it. Our methodthusdoesnot strive to discover or utilise any
structuralpropertiesspeci�c to aplanneror adomain.

Intr oduction
Planninghasachieved signi�cant progressin recentyears
from planningcompetitions.However, thefocusof planning
researchremainsmostlyondevelopingandimproving plan-
ning technologies.Diverseplanningarchitecturesarebeing
put forward; structuralknowledgeaboutsearchalgorithms
or probleminstancesarebeing incorporatedinto planners;
evenothertechnologies(e.g. Satis�ability, ModelChecking
etc.) arebeingtranslatedinto planning. But the impactof
problemformulationon its solutionprocessremainsover-
looked. Re-engineeringa domainby utilising knowledge
acquiredfor a plannerpaves the way for further research
in this direction. Macro-actions,whenrepresentedasaddi-
tional actions,areonerelatively convenientway to achieve
suchdomainenhancement.
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A macro-action, or macro in short,is a groupof actions
selectedfor applicationat one time like a single action.
Macros could representhigh level tasks comprising low
level details. From a broaderperspective, macrosare like
subroutinesor procedures in the programmingparadigm.
However, macrosarea promisingmeansby which signi�-
cantknowledgecouldbeconveyed.Combiningseveralsteps
in thestatespace,macrosprovide extendedvisibility of the
searchspaceto theplanner. Carefullychosenmacroscould
help �nd nodesthat arebetterthanthe currentnodesespe-
cially when the goodnessof the immediatesearchneigh-
bourhoodcannotbemeasuredappropriately. Thus,macros
couldcapturelocal searchin thetroublesomeregionsof the
searchspaceandencapsulatesigni�cant experienceof the
planner. Consequently, a goalcouldbereachedquickly and
problemsthatareunsolvable1 couldbecomesolvable.

Contrib ution
Mostexistingmacrolearningmethodsaremorefocusedand
specialisedto exploiting particularplanneror domainprop-
erties. For example,Macro ProblemSolver (MPS) (Korf
1985)learnsmacrosfor aparticulargoalin domainsthatex-
hibit operatordecomposability;MARVIN (Coles& Smith
2004) learnsmacrosthat help a forward chainingheuristic
basedplannerescapeplateausin its heuristic pro�le (for
other examples,seethe sectiondiscussingrelatedwork).
However, suchpropertiesarenot likely to becommonwith
a wider rangeof plannersor domains.Therefore,a macro
learningmethodthatdoesnot exploit any explicitly speci�c
structuralknowledgeaboutplannersor domainsremainsun-
explored. This paperpresentsanof�ine methodthat learns
macrosgeneticallyfrom plansfor arbitrarily chosenplan-
nersand domains. The macrosare generatedfrom plans
of smallerproblems2 andevaluatedagainstotherlarger but
solvableproblems.This is to show thatmacroslearntfrom
smallerproblemscanreliablybeappliedin largerproblems.
The generalityaspectsof our method,however, aredueto
theuseof a geneticalgorithmasour learningtechniqueand

1By solvability we mean,using the original domain,whether
theplannercansolve theproblemwithin givenresource(e.g. time,
memory, etc.) limits. Whetherthegoalof aproblemcanbeattained
in agivencontext is discussedunderthetermreachability.

2By problemsizeor dif�culty level we mean,thetime required
by thegivenplannerto solvetheproblemwith theoriginaldomain.



plansasthemacrogenerationsource.On onehand,genetic
algorithmsareautomaticlearningmethodsthatcancapture
inherentfeaturesof a system(e.g. what is goodor badof
it) usingno explicit knowledgeaboutit. Plans,on theother
hand,invariablyre�ect successfulchoicesof actionsby the
plannerto crosstheproblemstatespaces.Also, planscould
inherentlybearthecharacteristicsof theplanneror thedo-
main,especiallythat led to thesolutions.Our methodthus
doesnotdiscoveror utiliseany knowledgeexplicitly speci�c
to aplanneror adomain.

Given a planner, a domain, and a numberof example
problems,ourmethodlearnsmacrosfrom plansunderguid-
ancefrom a geneticalgorithm. It thensuggestsindividual
macrosthat areto be addedpermanentlyto the domainas
additionalactions.For thesake of convenience,macrosare
representedbothassequencesof constituentactionsandas
resultantactionsbuilt up by regressionof theactionsin the
sequences.Macrosare lifted randomlyfrom plansof the
smallerexampleproblemsto seedthe population. To ex-
ploreonly themacrosoccurringin plans,geneticoperators
arerestrictedto extendinga macroby the precedingor the
succeedingactionin theplan,shrinkingamacroby deletion
of anactionfrom eitherend,splitting a macrointo two, and
lifting a macrofrom plans.Therankingmethodis basedon
a weightedaverageof the time differenceswhile solving a
differentsetof moredif�cult but solvableproblems(there-
mainingexamples)with themacroaugmenteddomainsand
theoriginal domain.After thelearningis accomplished,yet
anothersetof moredif�cult problems(whichmight include
unsolvable instances)are usedto demonstratethe perfor-
manceof theselectedindividual macros.We have achieved
convincing resultswith severalplannersanddomains.

Therestof thepaperis organisedasfollows: thenext two
sectionsdiscussthemotivationsbehindthisworkandrelated
work, followed by anothersectionthat describesa genetic
approachof learningmacrosfrom plans;the fourth section
onward presentsour experimentalresultsandanalyses;the
lastsectiondiscussesourconclusionandfuturework.

Moti vations
Conceptuallya systemachievesbetterperformanceif it can
exploit its previousexperiences.Our highestlevel objective
is to learnexperiencesof asystemin certaincontextsandto
provide themsomehow to thesystem.Also, theknowledge
acquiredfrom simplersituationsshouldreliably beapplica-
ble to morecomplex situations.Moreover, wewould like to
achieve generalityof our learningmethodover thesystems
for which it learns,over theknowledgeit acquiresfor them,
andover thewayknowledgeis conveyed.
Learning fr om ExamplesFromthelearningperspective, it
is very importantthat knowledgebeacquiredfrom simpler
situations,reinforcedin complex but manageablesituations,
and appliedin yet more complex and even unmanageable
situations.Thesuccessof the�rst two activities dependson
the achievementof performanceand manageabilityin the
lastactivity. Macrosare,therefore,generatedfrom plansof
smallerproblemsandevaluatedagainstotherlargerbut solv-
ableproblems.To demonstratetheperformanceof thesug-

gestedmacros,yet larger problemsareused,which might
includeunsolvableinstances.
Learning in Planning From previous research,it hasbe-
comeobviousthatplanningin any realisticdomainrequires
much knowledge. Systemsthat exploit particulardomain
or planneraspectshave demonstratedsuccess.But they are
conditionalin thesensethat they work only if certainprop-
ertieshold for the planneror the domain. Our motivation
is to developa methodthatworksunconditionallymeaning
irrespectiveof any particularcharacteristicsexhibitedby the
planneror thedomain.
MacrosasKnowledgeConveyors Theknowledgeacquired
from a particularcontext canbe incorporatedinto theplan-
neror encodedinto thedomain.The�rst approachtakenby
mostexistingwork needsextensionof theplanner. Thesec-
ondapproachhowever doesnot needthat, if macro-actions
areusedandrepresentedlike normalactions.Whenmacros
areaddedinto adomainasadditionalactions,thereachabil-
ity of a problemis not affected. But they causemorepre-
processingtimeandincuranextraoverheadfor theplanners
addingmorebranchesin thesearchtree.However, thelatter
problemis minimiseddueto the useof a techniquecalled
helpfulactionpruning(Hoffmann& Nebel2001)by many
recentplanners.Within syntacticalandsemanticallimits of
thePlanningDomainDe�nition Language(PDDL), knowl-
edgemodelledasobligations(i.e. control rules)is not sup-
portedandany knowledgecanbe conveyed only by addi-
tional choices(i.e. actions). Macro-actionsin the form of
normal actionsare thus convenientto achieve domainen-
hancement.
Macros fr om Plans Plansinvariably re�ect the successful
choicesof actionsto crosstheproblemstatespaceandthus
couldbearthecharacteristicsof theplanner, thedomainor
theprobleminherently. For example,unexplainablerandom
actionsequencesin theplanscouldindicateconfusedstates
of the plannerwhile it is trying to escapetroublesomere-
gions;a repeatingsubsequenceof actionscouldindicatethe
presenceof structuralrepetitionsin the domainor in the
problem. Planscould, therefore,be usedas a potentially
usefulsourcefor macrogeneration.An appropriatesearch
tool couldanalyseplansto producemacrosthatcapturethe
choicesof theplanneron theproblemlandscapesor encode
any usefuldomainstructures.Our work, therefore,explores
only themacrosthatoccurin plans.

Learning MacrosGenetically
Although the macro spaceis restrictedwhen macrosare
learntonly from plans,an exhaustive approachis not good
becausemacroscomprisingany numberof actionsareto be
considered.This work takesguidancefrom a geneticalgo-
rithm while searchingthemacrospace.

A geneticalgorithmkeepsa populationof goodindivid-
uals,generatesa new populationfrom thecurrentoneusing
a given set of geneticoperators. It then replacesinferior
currentindividualsby superiornew individuals (if any) to
get a bettercurrentpopulation,which is again usedto re-
peattheprocessuntil theterminationconditionis met. In a
particularproblemcontext, an individual is taken for a so-



lution (macroin our case);which meansgeneticalgorithms
areanoptimisationbasedmulti-point searchon thesolution
space.Moreover, newly generatedindividualsareotherpos-
sible solutionsin the neighbourhoodof the currently kept
solutionsanda richer collectionof operatorsexplore more
possiblesolutions.Therequirementsof a geneticalgorithm
area suitableencodingof theindividuals,a methodto seed
theinitial population,de�nitions of thegeneticoperatorsto
generatenew individualsfrom thecurrentpopulation,anda
methodto evaluateindividualsacrossthepopulations.Note
that, by satisfyingsuchrequirements,the speci�c knowl-
edge,wegive, is actuallygenericin planningandby noway
speci�c to aplanneror adomain.
Genetic Algorithms in Planning Geneticalgorithmshave
producedpromisingresultsin learningcontrol knowledge
for domainsandsomesuccessin generatingplans.EvoCK
(Aler, Borrajo, & Isasi2001)evolved heuristicsgenerated
by HAMLET (Borrajo & Veloso1997) for PRODIGY4.0
(Velosoetal. 1995)andoutperformedbothof them.L2Plan
(Levine & Humphreys 2003) evolved control knowledge
or policiesthat outperformedhand-codedpolicies. Earlier,
Spectormanagedto achieve plansfor a rangeof initial and
goalstates(Spector1994),but theproblemswereverysmall
in size. SINERGY (Muslea1998)could only solve prob-
lemswith speci�c initial andgoalstates.Later, GenPlanin
(Westerberg & Levine2000)showedthatgeneticalgorithms
cangenerateplans,but it is somewhat inferior to the state-
of-the-artplanners.Geneticalgorithmshave alsobeenused
to optimiseplans(Westerberg & Levine2001).

RelatedWork
Macrosarenot very new in planningresearch.Therefore,it
is usefulto compareourapproachwith otherpreviouswork.

STRIPS (Fikes, Hart, & Nilsson 1972) producesits
macrosfrom all unique subsequencesof wholly parame-
terisedplans. The numberof macrosthus grows quickly.
Our method,in contrast,learnsandsuggeststhe bestindi-
vidualmacrosfor any givenplanner-domainpair.

REFLECT(Dawson& Siklóssy1977)generatesmacros
in a preprocessingstageby analysingpossiblecausallinks
betweenactionsin adomain.Thisapproachlargelydepends
on domaincharacteristicsand ignoreshow macroswould
impacton planners.Also, this approachdoesnot consider
macrosthathave concurrentactionsor thathelpaparticular
plannersyntactically. Ourworkdoesnotconsidersuchstrin-
gentrestrictionsandour macrosaretestedwith theplanner
duringtheir evaluation.

MORRIS (Minton 1985)performsan exhaustive search
on plansto learnmacrosfor STRIPSfrom plan fragments
that are frequentlyusedor achieve interactive goals. Our
method,in contrast,usesgeneticallyguidedsearchon the
plan fragmentsand doesnot assumeany structurebeing
presentin thedomain.

MacroProblemSolver (MPS)(Korf 1985)learnsa com-
pletesetof macrosthattotally eliminatesthesearchbut only
for a particulargoal in �x edsizeproblemson domainsthat
exhibit operatordecomposability. MPSneedsadifferentset
of macroswhen the probleminstancesscaleor goalsare

different. Unlike our method,MPS thereforerelieson the
presenceof speci�c characteristicsin the domainsandthe
problems.

MACLEARN (Iba 1989) learnsmacrosfrom action se-
quencesthat lead the searchto reacha peakfrom another
peakin its heuristicpro�le. It thenusesanautomatedstatic
�lter basedondomainknowledgeandamanualdynamic�l-
ter basedon usageof macrosin plans. Unlike our method,
thisapproachthereforedependsonparticularcharacteristics
of thesearchalgorithmandthedomain. However, like our
method,MACLEARN compilesmacrosinto regularactions
andaddstheminto thedomain.

MARVIN (Coles& Smith 2004)generatesmacrosfrom
the plan of a reducedversion of the given problem after
eliminatingsymmetries.MARVIN alsolearnsmacrosfrom
action sequencesthat lead its FF style searchto success-
fully escapeplateaus(whichis aplannercharacteristic).Our
method,in contrast,is not awareof any suchpropertiesbe
presentin a planner. In particular, we canlearnmacrosthat
eliminatesuchplateausfrom FF's searchspace.

Macro-FF(Boteaetal. 2005),anextensionof FFto incor-
poratemacros,usesa componentlevel abstractionbasedon
staticfactsof a domainto learnmacros.It alsolifts partial-
ordermacrosfrom plansbasedonananalysisof causallinks
betweensuccesive actions. However, our work doesnot
exploit any speci�c domaincharacteristics,or a stringent
constraintlike causallinks betweenconstituentactions.Al-
thoughbothmethodsevaluatemacrosby solvingproblems,
Macro-FFconsidersimprovementin the numberof states
exploredwhereasour methodusestime gains. This is be-
causeimprovementin statesexploreddoesnot necessarily
translatesinto timeef�ciency asevaluationor explorationof
eachstatemight takemoretimewhenmacrosareused.

Moreover, macros that achieve heuristically identi�ed
subgoals(Herńadv̈olgyi 2001), show about44% improve-
ment in the Rubik's Cubedomain. Another approachof
learningmacrosautomaticallyby discoveringabstractionhi-
erarchiesandexploiting domaininvariants(Armano,Cher-
chi, & Vargiu 2005) causeda slightly negative impact on
the performance.However, both of thesemethodsexploit
domaincharacteristics.

A Macro Learning Method
Our learning method is describedin Figure 1. This is
basedon a geneticapproachwith individuals being taken
asmacros.Its implementationissuesincluderepresentation,
generation,andevaluationof macrosalongwith validation
andpruningtechniquesto reducepossiblewastedeffort.
1. Initialise thepopulationandevaluateeachindividual to assignanumericalrating.

2. Repeatthefollowing stepsfor agivennumberof epochs.

(a) Repeatthefollowing stepsfor anumberequalto thepopulationsize.
i. Generateanindividual usingrandomlyselectedoperatorsandoperands,and

exit if anew individual is not foundin a reasonablenumberof attempts.
ii. Evaluatethegeneratedindividualandassignanumericalrating.

(b) Replaceinferior current individuals by superiornew individuals and exit if
replacementis not satisfactory.

(c) Exit if generationof anew individual failed.

3. Suggestthebestindividualsastheoutputof thealgorithm.

Figure1: A learningmethodusingageneticapproach



Macro Representation

Geneticalgorithmsrequireindividuals to be encodedin a
compositeform whereasthis work requiresmacrosto be
addedas additionalactionsto the domains. Macros are,
therefore,represented(seeFigure2) both assequencesof
constituentactionsandasresultantactionshaving parame-
ters,preconditions,andeffects.Giventhesequenceof con-
stituentactions,the resultantactionof a macrois built us-
ing compositionof actionsby regression. Geneticoperators
areappliedon the operandmacro's sequenceandfrom the
outputsequence,the resultantmacro's actionis built. Had
PDDL supportedmacrossyntactically, the actioncomposi-
tion wouldnotberequiredandplannerscouldeasilyexecute
amacrosequence.

;;;(:macro
(:actionmove-pick-move

:parameters(?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))))

;;; (:sequence(move?ra?rb)(pick?b?rb?g)(move ?rb?ra)))

Figure2: Representationof amacro

Composition of Actions by Regression: This is a bi-
nary, non-commutative andassociative operationon actions
wherethe latteraction's preconditionandeffect aresubject
to the former action's effect, andboth actions' parameters
areuni�ed (seeFigure3). Not every compositionproduces
avalid actionbecausetheresultantpreconditionmighthave
contradictions,theresultanteffectmightbeinconsistent,and
theparametersmight facetypecon�icts while beinguni�ed.
Thiswork considerscompositionof actionsonly in STRIPS
andFLUENTSsubsetsof thePDDL.

-Action1Precondition Effect -Action2Precondition Effect

-Macro-ActionPrecondition Effect

(((((((((
����9

modi�cation

���9X XXz
XXbothwaymodi�cation

Param1 Param2 M.Param
?x - ball ?y - room ?y - place?z- robby ?x - ball ?y - room?z- robby
?x - room?y - ball ?y - place?z- robby typecon�ict for ?y

Precond1 Effect1 Precond2 Effect2 M.Precond M.Effect
not (p . . . ) (p . . . ) (p . . . ) 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, appearingin
thelatteraction's precondition,might besatis�edor contra-
dictedanda functionvaluemight bechangedby theformer
action's effect (seeFigure3). Therefore,the resultantpre-
conditionwill beaconjunctof theformeraction'sprecondi-
tion andthelatteraction's modi�ed precondition.
Effect under Composition: The resultanteffect will be a
union of the latter action's modi�ed effect and the former
action's sub-effects which are not further modi�ed by the
latteraction's effect (seeFigure3).
Parameters under Composition: Parametersof both the
actionsare�rst uni�ed andthenunion-edtogether. Param-
eteruni�cations canbedoneby typeor by name.The �rst
optionneedsknowledgeaboutthemultiplicity of any static

or dynamicrelationshipsbetweenobjects;which meansdo-
main andplannercharacteristicsareto be discovered. The
secondoption (seeFigure 3) is suitable for this work if
constituentactionsare lifted from planswheremultiplic-
ity issuehasalreadybeenhandled. In this case,problem
objectsare then replacedby genericvariablesbut domain
constantsareleft unchanged;which meansactionsarecon-
sideredgroundedpartially with constants.Variableshaving
commonnamesarethenuni�ed replacinggeneralisedtypes
by specialisedones;distinctvariableshowever remainunaf-
fected.

ExampleProblems
Theexampleproblems,our methodrequires,areto besup-
pliedasinput. Alternatively, aproblemgeneratorcanbepro-
vided,whichis usedto generatethenecessaryproblemsran-
domly. A setof smallerproblemscalledseedingproblems
aresolved and the plansareusedas the macrogeneration
source.Anothersetof larger but solvableproblemscalled
rankingproblemsareusedfor macroevaluation. Note, in
order for the time gain to be measurablesigni�cantly and
preciselyon a given computer, the ranking problemscan-
not bevery small. For this work, the rankingproblemsare
solvablein 10secsasshown in Figure7.

Although,for thetime being,we userandomlygenerated
problems,it is worth mentioningherethat the selectionof
problemsnormallyaffectsthesuitability of a macroin cov-
eringawiderrangeof problems.Carefullychosenexamples
shouldcover asmany aspectsof thesystemaspossible.

Macro Generation
Generationof macrosrequiresgeneticoperatorsto be de-
�ned. One motivation of this work is to generatemacros
from plans.Besides,ourobservationssuggestsubsequences
of a goodsequencearealsogoodwhile sequencescontain-
ing badsubsequencesarealso bad. Geneticoperatorsare
thereforerestrictedto extendingamacroby theprecedingor
thesucceedingactionin theplan,shrinkingamacroby dele-
tion of anactionfrom eitherend,andsplitting a macroat a
randompoint (seeFigure4). Lifting of randomsequences
from plansis usedasyet anotheroperatorwhich facilitates
diversityof themacrospaceexploration.To seedtheinitial
population,sequencesof actionsarerandomlylifted (using
thelift operator)from plansof theseedingproblems.

Plan . . . (a . . . )(b . . . )(c . . . )(d . . . )(e . . . )(f . . . )(g . . . ) . . . (j . . . )(k . . . )(l . . . )(m . . . ) . . .
Macro (b . . . )(c . . . )(d . . . )(e . . . )(f . . . )
Extend (a . . . )(b . . . )(c . . . )(d . . . )(e . . . )(f . . . ) (b . . . )(c . . . )(d . . . )(e . . . )(f . . . )(g . . . )
Shrink (c . . . )(d . . . )(e . . . )(f . . . ) (b . . . )(c . . . )(d . . . )(e . . . )
Split (b . . . )(c . . . )(d . . . ) (e . . . )(f . . . ) (b . . . )(c . . . ) (d . . . )(e . . . )(f . . . )
Lift (j . . . )(k . . . )(l . . . )

Figure4: Geneticoperators

Macro Evaluation
To evaluateindividual macros,a numberof differentprob-
lemscalledrankingproblemsareused.Theseproblemsare
larger thantheseedingproblems,but not too largebecause
they areattemptedto be solved for every macro. For each
macro,an augmenteddomainis producedaddingit as an
additionalaction to the original domain. For all the rank-
ing problems,theplanneris thenrun bothwith theoriginal



domainandthe augmenteddomainundersimilar resource
limits. Althoughadeterministicplannertakesthesametime
andreturnsthesameplanevery time a problemis solved,a
stochasticplannertakesvarying timesandreturnsdifferent
plans.Assumingtheunderlyingtimedistributionsto benor-
mal for a stochasticplanner, a problemis thereforesolveda
numberof timesanda randomvariablehaving parameters
(sample-count� , mean� , dispersion� = � =

p
� ) is used

to representthe time distribution. Basedon relevant �tness
criteria, the augmenteddomain(andso the macro)is then
givenanumericalratingagainsttheoriginaldomain.
Fitness Criteria For a good macro, in qualitative terms,
most problemsshouldbe solved taking less time in most
caseswith its augmenteddomain. A bad macro, in con-
trast,causesanoverheadthat leadsto longersolutiontimes
or even failuresin solving problemswithin given resource
limits. A goodmacro,however, may not have high usage
becausetherecouldbeaninfrequentlyusedbut tricky macro
thatsavesenormoussearchtime. Furthermore,goodmacros
neednotbeintuitively natural.For agivenmacro,we there-
fore requirethreequantitative measures.
Cover (C) measuresthe portion of the ranking problemssolved

usingits augmenteddomain.Note,all problemsaresolvable.
Score(S) measurestheweightedmeantime gain/lossover all the

rankingproblemscomparedto whenthey aresolved usingthe
original domain. Any gain/lossfor a largerproblemgetsmore
weightasour interestis to applymacrosin largerproblems.

Point(P ) measuresthe portion of the ranking problemssolved
with theaugmenteddomaintakinglessor equaltime compared
to whenthey aresolvedusingtheoriginaldomain.

Utility ValueRe�ectingall thethree�tness factorstogether,
the formulaeshown in Figure 5 gives a numericalrating
(alsocalled�tnessvalue) to a macro.Amongthethreefac-
tors, scoreis moreeffective in the rankingof goodmacros
while theothertwo areto counterbalanceany misleadingly
high utility value. The individual factorsarecalculatedin
slightly differentwaysfor deterministicandstochasticplan-
ners. However, Figure5 shows a uni�ed formulaconsider-
ing (only for convenienceof description)deterministicplan-
nersas a specialcaseof stochasticplanners. Notice that,
mostcalculatedvaluesarenormalisedin [0,1]. The notion
usedin computationof sk ands0

k will be clear from their
valuesat certainpoints(e.g., sk = 1, 1

2 , and0 for � 0
k = 0,

� k , and1 respectively). Moreover, its non-linearcharacter-
istic is suitablefor autility function.Note,theutility values
assignedto themacrosarenot absolutein any sense,rather
relative to therankingproblemsandtheplannerused.

Macro Validation
Macros having unsatis�ablepreconditionsor inconsistent
effectsaredetectedwhenever possiblein Step2(a)i of the
learningmethodin Figure 1. Unsatis�ablepreconditions,
however, cannotbe detectedcompletelyat this stage(note
that, satis�ability is alsoa researchproblem). Besides,in-
consistenteffectssometimesariseduring the runtimeof a
planner. Thereasonis mostlythemishandlingof parameter
binding andobject inequalityby someplannersespecially
whenmorethanoneparametershave compatibletypes.For

U = C � S � P C = � n
k =1 ck =n

= � 1
2 if C = 0 S = w� n

k =1 sk wk + w 0� n
k =1 s0

k w 0
k

= � 1 if invalid plansproduced P = � n
k =1 pk =n

Where,

n : Numberof rankingproblemsto besolved.

m : Numberof timesa rankingproblemis to besolved. For a deterministicplanner,
m = 1.

t k ( � k ; � k ; � k ) : Time distribution for problem-k while solving with the original
domain. Note, eachproblemis solved m times with the original domain i.e.,
� k = m . Moreover, � k > 0. Whenm = 1, � k = 1 andso � k = 0. If
� k = 0, any termsinvolving � k areomitted.

t 0
k ( � 0

k ; � 0
k ; � 0

k ) : Timedistributionfor problem-k while solvingwith theaugmented
domain. Note,0 � � 0

k � m . Whentheproblemis not solved (i.e., � 0
k = 0),

� 0
k = 1 . Whenm = 1, � 0

k = 0 or 1 andso� 0
k = 0.

t ( � ; �; � ) = � n
k =1 t k : Total time distribution for all the rankingproblemswhile

solvingwith theoriginal domain. This is a sumof randomvariables.Therefore,
� = � n

k =1 � k = mn , � = � n
k =1 � k , and� 2 = � n

k =1 � 2
k .

ck = � 0
k =� k : Probabilitythatproblem-k is solvedusingtheaugmenteddomain.

sk = � k =( � k + � 0
k ) : Thenormalisedgain/lossin meanwhile solvingproblem-k

with theaugmenteddomain.

s0
k = � k =( � k + � 0

k ) : Thenormalisedgain/lossin dispersionwhilesolvingproblem-
k with the augmenteddomain. if m = 1, s0

k is de�ned to be 0 andomittedas
� k = � 0

k = 0.

wk = � k =� : Weightof gain/lossin meanwith moreemphasison largerproblems

w 0
k = 1=n : Weightof gain/lossin dispersionwith equalemphasisonall problems

w = �= ( � + � ) : Theoverallweightof gain/lossin mean.

w 0 = � =( � + � ) : Theoverallweightof gain/lossin dispersion.

pk = 1 for gain, 0 for loss, 1
2 otherwise.The Student's t-testat 5% signi�cance

level on t k andt 0
k determinesa gain or a loss.Alternatively, sign ( � k � � 0

k ) is
usedwhenm = 1 and/ort-testcannotbeusedbecause� sarezero.

Figure5: A utility functionfor macroevaluation

example, if both ?x and ?y are boundwith the sameob-
ject in (p ?x) and(not (p ?y)) , the instantiatedef-
fect becomesinconsistentand causesinvalid plans to be
generated.Appropriatenot-equalitiesare,therefore,added
to thepreconditionwhenever parametershaving compatible
typesrepresentdifferentobjects. Moreover, in many unfa-
miliar cases,plannersproduceinvalid plansdueto someun-
known reasons(probablybugs). Plansproducedwith the
augmenteddomainsare,therefore,validatedfor suchplan-
nersin Step2(a)ii.

Macro Pruning
Pruningtechniques,several comesfrom existing work, are
usedto reduceany effort wastedotherwiseto explorepoten-
tially inferior macros.
Pruning during generation: The following strategiesare
adoptedin Step2(a)i of thelearningmethodin Figure1:
1. Sequencesof actionsthat have subsequencesproducing

null effectsarenotminimal.
2. The more the parameters,the more the unnecessaryin-

stantiatedoperators.This affects the plannerswhich do
operatorinstantiationin theirpreprocessingsteps.

3. Longeractionsequencesaremorespeci�c to certainob-
jectivesandarelesslikely to beusefulfor a wider range
of problems.

4. Similarsequencesof actionsdifferingonly by parameter-
isationareconsideredcopiesof asinglesequence.



5. Sequencesof actionsequivalentin partial orderarecon-
sideredcopiesof asinglesequence.

6. Actions in a macroshouldhave parametersin common
(by name). This ensurescohesivenessof the constituent
actionsand also overseesthat irrelevant actionsare not
partof a macro. A morestringentstrategy thatconsecu-
tive actionsin a macromusthave a causallink between
themhasbeenconsideredbut �nally notused.This is be-
causetherecouldbeanautocorrelationbetweenactions
suchthat executionof themtogethersomehow helpsthe
plannersolve problemsfaster. Theautocorrelationcould
be inherentin the planner's architectureor implementa-
tion, or couldbein thedomainmodelaswell.

Pruning during evaluation: Failureto solve a problemus-
ing theaugmenteddomainwithin certainlimits whereasit is
solvableusingtheoriginaldomainimpliesthemacrocauses
muchoverheadandresource(time, memory, etc.) scarcity
to the planner. Early detectionof suchinferior macrosin
Step2(a)ii in Figure1 saveslearningtimeneededotherwise
to solve theremainingproblems.

Experiments

To demonstratethatthis learningmethodworksfor arbitrary
planners,we choosea numberof planners(seeFigure 6)
from different tracks(i.e. planningstyles),but only those
holdingthebasiccharacteristicsof thetracks.Moreover, to
show theeffectivenessof our macrosagainstplanningtech-
nologies,mostof theplannerschosenarethecurrentstate-
of-the-artonesin their respective tracks. Similarly, thedo-
mainschosen(seeFigure6) arebenchmarkdomainsusedin
planningresearch.The problemsusedto demonstrateper-
formanceof the suggestedmacrosarecalled testingprob-
lems. Thesearelargerthantherankingproblemsandmight
include unsolvable instances.For a suggestedmacro, the
testingproblemsaresolvedusingboth theoriginal domain
andtheaugmenteddomain.

� FD (FastDownward)is a heuristicbasedprogressionplannerthatusesa multi-valuedencoding
andahierarchicalproblemdecompositiontechniqueto computeits heuristicfunction.

� FF (FastForward) is a forwardchainingheuristicbasedstatespaceplannerthatusesa relaxed
graphplanalgorithmasits heuristic.

� LPG (Local Searchfor PlanningGraphs)is a stochasticplannerthat usesa heuristicbased
ef�cient local searchonactiongraphsrepresentingpartialplans.

� SatPlantransformsaplanningprobleminto SAT-instances,solvesthemusingSAT-solvers,and
thesolutionsaretransformedbackto giveaplan.

� SGPlanpartitionsa largeplanningprobleminto subproblems,solvesthemby someotherplan-
ner, andtheplansarecombinedto produceaglobalsolution.

� VHPOP (VersatileHeuristicPartial OrderPlanner)is a partial ordercausallink plannerthat
usesvarious�aw selectionstrategiesasits heuristic.

� Blocksworld domainhasa robotarmthatpicksanddropsblocksto build stacksona table.

� Ferry domainrequiresa numberof carsto be transportedbetweenportsby a ferry. The ferry
cancarryonly onecarata time.

� Gripper domainhasa robotwith two grippersto carryballsbetweentwo rooms.

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

� NFerry is a numericversionof theFerrydomaindescribedabove with additionalnumericcon-
straintson fuel thatis consumedby theferry while sailing.

� NSatellite is anumericversionof theSatellitedomaindescribedabovewith additionalnumeric
constraintsonbuffer capacity.

Figure6: Plannersanddomainsusedin thiswork

Results

Figure7 describesthetypical setupof our experiment.The
parametervaluesin mostcasesarechosenintuitively. Fig-
ure8 summarisestheperformanceof thesuggestedmacros
for the planners. Moreover, Figure 9 optionally gives a
graphicalillustrationof plantimesfor someof themacros.

? Numberof randomproblems:Seeding5, Ranking20,Testing50

? Macrosizelimits: Maximumparameters8, Maximumsequencelength8

? Operatorselectionprobability:Extend25%,Shrink25%,Split 25%,Lift 25%

? Samplecountfor astochasticplannerto representthedistribution: 5

? Evaluationphasepruning:a macrois prunedout if morethan50%problemsor
runsareunsatisfactory

? Numberof epochs:200Populationsize:2 � numberof actions

? Satisfactoryreplacementlevel: at least1 in every25consecutive epochs

? Generationattempts:maximum999999for everynew macro

? Resourcelimit: memory1 gigabyte,time - ranking10secs,testing1800secs

Figure7: Experimentalsetup

� S%problemsaresolvedonly with theaugmenteddomainands%only with theoriginaldomain.

� T% problemstake lesstimewith theaugmenteddomainandt% with theoriginaldomain.

� L% problemshavelessplanlengthwith theaugmenteddomainandl% with theoriginaldomain.

� (P%,p%) is (mean,dispersion)of plantime (T ) performance( T Orig � TAug ) =T Orig

� (Q%,q%) is (mean,dispersion)of planlength(L ) quality ( L Orig � L Aug ) =L Orig

domain-planner-macro +S-s +T -t P � p +L -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 � 0
Ferry-LPG-1 +0 -0 +92-0 92 � 0 +0 -92 -18 � 0
Ferry-LPG-2 +0 -0 +92-0 90 � 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� 0 +0 -32 -26 � 2
Ferry-VHPOP-2 +62-0 +32-0 100� 0 +0 -4 -1 � 1
Ferry-SGPlan No goodmacrocouldbelearnt

Gripper-FD-1 +54-0 +46-0 88 � 1 +0 -46 0 � 0
Gripper-FD-2 +54-0 +46-0 87 � 1 +0 -46 0 � 0
Gripper-FF-1 +0 -0 +100-0 97 � 0 +0 -100 -31 � 0
Gripper-FF-2 +0 -0 +100-0 97 � 0 +0 -100 -31 � 0
Gripper-LPG-1 +0 -0 +100-0 92 � 0 +0 -100 -23 � 0
Gripper-LPG-2 +0 -0 +100-0 90 � 0 +0 -100 -21 � 0
Gripper-SatPlan-1 +20-0 +78-2 77 � 4 +0 -80 -47 � 1
Gripper-VHPOP-1 +36-0 +64-0 85 � 4 +0 -36 -17 � 3
Gripper-VHPOP-2 +34-0 +64-0 99 � 0 +0 -34 -11 � 2
Gripper-SGPlan 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,SatPlan,SGPlan 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 problemcouldbesolvedby theplanner
NFerry-FD,SatPlan,VHPOP FLUENTSnotsupportedby theplanners

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-SGPlan-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,SatPlan,VHPOP FLUENTSnotsupportedby theplanners

Figure8: Summarisedexperimentalresults
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Figure9: Timeperformanceof somesuggestedmacrosagainstoriginaldomains

Analysis
For a comprehensive analysisof this work, the qualitative
achievementsarepresentedashypotheseswith properjusti-
�cation madeby theresults.

Hypothesis1 Our utility functionis qualitativelyconsistent
acrossgivenproblems,domainsandplanners.

Justi�cation: As mentionedearlier, theexactutility values
assignedto themacrosarerelative to theexampleproblems
and the plannerused. Therefore,it is necessaryto show
the qualitative consistency of our utility function. For this,
we computedutility valuesof thesuggestedmacrosagainst
the testingproblems. For most macrosin most domains,
thesevaluesare found to be consistentandpositively cor-
relatedwith the valuesassignedagainst ranking problems
during evaluation. Furthermore,the suggestedmacros,in
many cases,(seeFigure8) achieve signi�cant improvement
with thetestingproblems.This impliesmacroslearntby our
methodfrom thesmallerproblemsareequallyusefulfor the
largerproblems.

Hypothesis2 Our methodcanlearn macrosfromplansef-
fectivelywithoutexploitinganyknowledgeexplicitly speci�c
to planners,domains,problems,or plans.

Justi�cation: Our methoddoesnot discover or utilise any
explicitly speci�c propertiesfrom either of planners,do-
mains,problemsor plans. Moreover, it only exploresthe
macrosthat occur in plans. Figure 8 shows that, we can
learnusefulmacrosfor mostplanner-domainpairs.

Hypothesis3 Macroslearntbyour methodcanleadto sig-
ni�cant improvementof planners' performanceondomains.

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

shows (seeFigure8), usingour macrosnot only canprob-
lemsbe solved muchfasterwith differentplannerson dif-
ferentdomainsbut alsomany unsolvableproblemscanbe
solved.

Hypothesis4 Themacroslearntbyour methodcancapture
variousfeaturesof domainsandplanners.

Justi�cation: In somedomains,the bestmacroslearntfor
differentplannersarefoundto beoverlapping.Thissuggests
such macrosmight be domainspeci�c or in other words
plannerindependent.Besides,using our macros,FF sud-
denly �nds its searchspacemuch more friendly (i.e. rel-
atively less plateaus)and LPG doesnot requireso many
restartsin its search. Also, in the problemsthat are not
easytopartition,SGPlansolvesthemfasterwith ourmacros.
However, the oppositehappenswith easily decomposable
problemsas seenwith Blocks and NFerry domains. We
do not know as yet how other plannersget help from our
macros. Nevertheless,our methodthus learnsmacrosthat
capturevariouscharacteristicsof domainsandplanners.

Otherobservationsandcommentsaboutour experiments
areasfollows:

1. Our macrosoften lead to longerplansasobserved with
mostdomainsandplanners.

2. The evaluationof a macro takes much more time than
the generationof a new macroeven thoughmany prun-
ing techniquesare used in both phases. To speedup
the learning process,the intuitively chosenparameters
(e.g. population-size,epoch-count,replacement-level,
operator-probabilities,etc.) areto betuned.However, in
essence,this work is to show thatsucha generalisedap-
proachworkssuccessfully;its performanceis, therefore,
not measuredin termsof its learningtime (seeFigure10
for abrief illustration).



Time(Hours) fd ff lpg satplan sgplan vhpop

blocks 14.5 19.5 58.7 3.1 9.1 0.5

ferry 17.2 15.4 32.2 1.0 19.1 0.3

gripper 4.1 3.1 21.2 1.1 3.0 0.7

satellite 31.2 24.3 152.4 0.8 13.7 1.2

nferry 23.0 35.6

nsatellite 38.4 30.0 27.0

Figure10: Macrolearningtime for plannersondomains

3. Our work could be extendedto temporaldomainshad
PDDL beenclosedundercompositionwith durative ac-
tions or did it supportdiscreteeffects at any time over
thedurationof a durative-action.Nevertheless,composi-
tion of actionsis not, in essence,a hard requirementof
this work; hadPDDL supportedmacros,theactionsof a
macrocouldbeexecutedeasily.

Conclusion

This paperpresentsan automatedmacro learningmethod
that requiresno structuralknowledgeaboutthedomainsor
theplanners.Despiterecentsigni�cant progressin planning,
many complex domainsandlarger problemsin simpledo-
mainsremainchallenging.However, the focusof planning
researchremainsmostlyondevelopingandimproving plan-
ning technologies.Also, theimpactof problemformulation
on its solution processremainsoverlooked. Macrospro-
videapromisingavenuein planningresearchto achievefur-
ther improvementthroughdomainenhancement.Macros,
when addedto the domain like normal actions,can con-
vey signi�cant knowledgeto the planner. Experiencesof
the planneron the problemlandscapecan be encodedas
macroswhile re-engineeringa domain.Most existing work
on macrossomehow needknowledgespeci�c to the plan-
neror thedomain. A macrolearningmethodthatdoesnot
needsuchknowledgeis, therefore,important. Our method
learnsmacroseffectively from plansfor arbitrarily chosen
plannersanddomainsusingageneticalgorithm.Genetical-
gorithmsareautomaticlearningmethodsthat candiscover
inherentcharacteristicsof asystemusingnoexplicit knowl-
edgeaboutit. We have achieveda convincing,andin many
casesdramatic,improvementwith anumberof plannersand
several domains.Also, we have demonstratedsuccessfully
by our resultsthatmacroslearntfrom smallerproblemscan
reliably beappliedin largerproblems.Furtherexperiments
to learnmacrosfor morecomplex domainsareunderway.
As we consideronly individual macrosfor the time being,
we hopeto extendour approachto learninga setof macros
eitherincrementallyor usinga geneticapproachon macro-
sets.In thelattercase,thechallengeis to explorebothmacro
spaceandmacro-setspacetogether. It would be useful to
�nd whatproblemsaresuitablefor learningaswe useran-
domly generatedproblemsfor the time-being. However,
this is a commonissuefor any suchmachinelearningap-
proaches.Although onemotivation behindthis work is to
capturea planner's experienceson a domainlandscape,we
arealsomotivatedby thedesireto investigatehow evolution
(a geneticalgorithmwith richer collectionof operators)of
suchknowledgefurtherimprovesits performance.
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