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Abstract
Domainre-engineeringthroughmacro-actions(i.e. macros)
providesonepotentialavenuefor researchinto learningfor
planning. However, most existing work learnsmacrosthat
arereusableplan fragmentsandso observablefrom planner
behavioursonlineor plancharacteristicsof�ine. Also, there
are learningmethodsthat learnmacrosfrom domainanaly-
sis. Nevertheless,mostof thesemethodsexplore restricted
macrospacesandexploit speci�c featuresof plannersor do-
mains.But, thelearningexamples,especiallythatareusedto
acquirepreviousexperiences,might not cover many aspects
of thesystem,or might not alwaysre�ect thatbetterchoices
have beenmadeduring the search. Moreover, any speci�c
propertiesarenot likely to becommonwith many plannersor
domains.This paperpresentsanof�ine evolutionarymethod
that learnsmacrosfor arbitraryplannersanddomains. Our
methodexploresa wider macrospaceandlearnsmacrosthat
aresomehow notobservablefrom theexamples.Ourmethod
alsorepresentsa generalisedmacrolearningframework asit
doesnot discover or utilise any speci�c structuralproperties
of plannersor domains.

Intr oduction
Planninghasachieved signi�cant progressin recentyears
fromplanningcompetitions.Thefocusof planningresearch,
however, lies mostly on developing planningtechnologies
while theimpactof problemformulationon its solutionpro-
cessremainsoverlooked. Re-engineeringa domainby util-
ising knowledgeacquiredfor a plannerpaves the way for
furtherresearchin this direction.Macro-actions,whenrep-
resentedasadditionalactions,areonerelatively convenient
way by which to convey suchknowledgeandachieve do-
main enhancements.Within currentlimits of the Planning
DomainDe�nition Language(PDDL), any knowledgecan
beconveyedonly by additionalactionsandpracticallyonly
in STRIPSandFLUENTSsubsetsof thePDDL.

A macro-action, or macro, is a groupof actionsselected
for applicationat onetime like a singleaction. So,oneap-
plication of a macroleadsto planningof several stepsat a
time. Macroscouldrepresentplanfragmentsthatarefound
with enormoussearcheffort or arefrequentlyused.Macros
couldcapturelocal searchto �nd bettersuccessornodeses-
pecially when the immediatesearchneighbourhoodis not
good. Macroscould affect neighbourhoodevaluationand
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thustake the searchin a differentdirection. Consequently,
a goal could be reachedquickly andproblemsthat areun-
solvable1 could becomesolvable. Whenmacrosareadded
into adomainasadditionalactions,noplannermodi�cation
is needed;also,thereachability of aproblemis notaffected.
But they causemore preprocessingtime and incur an ex-
tra overheadfor the plannersaddingmorebranchesin the
searchtree.However, thelatterproblemis minimiseddueto
the useof a techniquecalledhelpful action pruning (Hoff-
mann& Nebel2001)by many recentplanners.
Moti vations. Most existing work learnsmacrosfrom do-
mainanalysisor reusableplanfragments(seethesectionde-
scribingrelatedwork). Only macrosthatencapsulatestatic
domainpropertiescanbelearntfrom domainanalysis.The
reusableplan fragmentscanbe capturedfrom online plan-
nerbehavioursor of�ine plancharacteristics.Althoughour
otherwork in (Newton et al. 2007)showedvariousmacros
thatimprove performancecouldbelearntsuccessfullyfrom
plans using no speci�c structuralknowledge, most exist-
ing work somehow exploits particular domain or planner
properties.However, during search,the plannersoften get
overwhelmedby the numerousgroundedactionsavailable
at eachnode.In thesesituations,they adoptpruningstrate-
gies that help them selectnext stepsvery quickly. While
makingsuchcursorymoves,the chanceof not considering
all potentiallygoodoptionsremainshigh. Suchhastydeci-
sionsthusdo not alwaysre�ect thebetterchoicesavailable.
Furthermore,theexampleproblems,usedfor macroacqui-
sition, might not cover many aspectsof thesystemaswhat
problemsmake a good collection is not easily addressed.
Nevertheless,mostof the existing methodsexplore macro
spacesthatare,in effect,restricted.Therefore,themainmo-
tivation for this work is to explore themacrosthatarenor-
mallynotconsideredandsonotobservable.An evolutionary
algorithmwith its rich operatorcollectionandsearchdirec-
tion couldhelpmuchin this regard. Anothermotivationof
this work is to maintainthe generalityaboutplannersand
domainsthatouraforementionedwork obtained.This is be-
causeany speci�c propertiesarenot likely to be common
with awider rangeof plannersor domains.

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



Contrib ution. This paperpresentsan of�ine evolutionary
macrolearningmethodthat works with arbitrary planners
anddomains.Given a planner, a domain,anda numberof
exampleproblems,our methodlearnsandsuggestsindivid-
ualmacrosthataretobeincludedpermanentlyin thedomain
as additionalactions. The main highlight however is this
methodcanlearnmacrosthatarenotobservablefrom exam-
ples;thereasonscouldbethey arenot normallyconsidered
and/orthe examplesdo not cover the aspects.This work
successfullyshows that suchmacrosarealsousefulandin
many cases,aresuggested,basedonourevaluation,over the
observable macros. Another highlight is this method,un-
like existing work, doesnot exploit any speci�c structural
propertiesof plannersor domains.Thedesirableaspectsof
our methodaredueto the useof an evolutionaryapproach
as our learningtechniqueand plansas the sourceof con-
stituentactions. On onehand,plansinvariably re�ect suc-
cessfulchoicesof actionsby theplannerandsobearinher-
ently thecharacteristicsof the planneror the domainespe-
cially that led to the solution. Evolutionaryalgorithms,on
theotherhand,areautomaticlearningmethodsthatnotonly
cancaptureobservablefeaturesof asystemusingnoexplic-
itly speci�c knowledgeaboutit, but alsocanevolve other
inherentfeatures.Wehaveachievedconvincing resultswith
severalplannersanddomains.
Overview. For the sake of convenience,macrosare rep-
resentedboth as sequencesof parameterised(and so gen-
eralised)constituentactionsandasresultantactionsbuilt up
by regressionof theactionsin thesequences.While building
macrosfrom scratch,or lifting from plans,or evolving from
other macros,plans of smaller problems2, called seeding
problems, areusedasthe sourceof constituentactions. A
rich collectionof geneticoperatorsis usedto exploreawider
macrospacewhich includesobservablemacrosaswell. The
evaluationof macrosis doneagainstotherlarger but solv-
able problems,called ranking problems. Theseproblems
are,however, not too largebecausethey areattemptedto be
solvedfor everymacro.Also, they arenot toosmallbecause
time gains cannotbe measuredproperly for smallerprob-
lems.The�tness functionis basedonaweightedaverageof
the time gainswhile solving the rankingproblemswith the
macroaugmenteddomainand the original domain. After
the learningis accomplished,yet anothersetof moredif�-
cult problems(which might includeunsolvable instances),
calledtestingproblems, areusedto demonstratetheperfor-
manceof theselectedindividualmacros.

The rest of the paperis organisedas follows: the next
threesectionsdiscussevolutionaryalgorithms,relatedwork,
and an evolutionary approachof learningmacros,the last
two sectionsdiscussourexperimentsandconclusion.

Evolutionary Algorithms
An evolutionaryalgorithmkeepsa populationof goodindi-
viduals,generatesanew populationfrom thecurrentoneus-
ing a givensetof geneticoperators.It thenreplacesinferior
currentindividualsby superiornew individuals (if any) to
getabettercurrentpopulation,which is againusedto repeat

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

theprocessuntil the terminationconditionis met. In a par-
ticularproblemcontext, anindividual is takenfor asolution
(macroin our case);which meansevolutionaryalgorithms
areanoptimisationbasedmulti-point searchon thesolution
space.Moreover, newly generatedindividualsareotherpos-
sible solutionsin the neighbourhoodof the currently kept
solutionsandarichercollectionof geneticoperatorsexplore
morepossiblesolutions.Therequirementsof anevolution-
ary algorithmarea suitableencodingof the individuals,a
methodto seedthe initial population,de�nitions of thege-
neticoperatorsto generatenew individualsfrom thecurrent
population,anda methodto evaluateindividualsacrossthe
populations.Notethat,by satisfyingsuchrequirements,the
speci�c knowledge,we give, is actuallygenericin planning
andby nowayspeci�c to aplanneror adomain.

Evolutionaryalgorithmshaveproducedpromisingresults
in learningcontrol knowledgefor domainsandsomesuc-
cessin generatingplans. EvoCK (Aler, Borrajo, & Isasi
2001) evolved heuristicsgeneratedby HAMLET (Borrajo
& Veloso1997)for PRODIGY4.0 (Velosoet al. 1995)and
outperformedbothof them. L2Plan(Levine & Humphreys
2003) evolved control knowledge or policies that outper-
formed hand-codedpolicies. Spector, using evolutionary
algorithms,managedto achieve plans for small problems
having a rangeof initial and goal states(Spector1994).
SINERGY (Muslea1998)could only solve problemswith
speci�c initial and goal states. GenPlan(Westerberg &
Levine 2000)showedthatevolutionaryalgorithmscangen-
erateplans;but it is somewhatinferior thanthestate-of-the-
art planners. Recently, we have usedan evolutionary ap-
proachsuccessfullyto learnmacrosfrom plansfor arbitrary
plannersanddomains(Newton et al. 2007). Evolutionary
algorithmshave alsobeenusedto optimiseplansin (West-
erberg & Levine2001).

RelatedWork
Macros are not very new in planning research. STRIPS
(Fikes,Hart,& Nilsson1972)generatesmacrosfrom unique
subsequencesof wholly parameterisedplans. REFLECT's
(Dawson& Siklóssy1977)macrosarebasedoncausallinks
betweenactionsin the domain. MORRIS (Minton 1985)
learnsmacrosfrom plan fragmentsthatarefrequentlyused
or achieve interactinggoals.MacroProblemSolver (MPS)
(Korf 1985)learnsacompletesetof macrosthattotallyelim-
inatesthesearchbut only for a particulargoal in �x edsize
problemsof domainsthat exhibit operatordecomposabil-
ity. MACLEARN (Iba 1989)learnsmacrosfrom actionse-
quencesthat lead the searchto reacha peakfrom another
peakin its heuristicpro�le. It thenusesanautomatedstatic
�lter basedon domainknowledgeand a manualdynamic
�lter basedon usagesof macrosin plans.MARVIN (Coles
& Smith 2007) learnsmacrosfrom the plan of a reduced
versionof the given problemafter eliminatingsymmetries
andalsofrom theactionsequencesthathelp thesearches-
capeplateausin its heuristicpro�le. Macro-FF(Boteaet
al. 2005)learnsmacrosby usingcomponentlevel abstrac-
tion basedon static factsof a domainandalsoby partial-
orderlifting from plansbasedonananalysisof causallinks.
It thenevaluatesthemacrosby solvingotherproblemsand
countingthenumberof statesexplored.A very preliminary



stageof this work is reportedin (Newton, Levine, & Fox
2005). Also, a similar approach(Newton et al. 2007) is
presentedlater that learnsmacrosoccurringin plansonly
for arbitraryplannersanddomains.However, this work is
different from any of the above in exploring the spaceof
non-observablemacrosandshowing thatsuchmacroscould
besuggestedover observableones.

An Evolutionary Macro Learning Method
Our learningmethodis describedin Figure1 whereindivid-
ualsaretakenasmacros.Its implementationissuesinclude
representation,generation,andevaluationof macrosalong
with validationandpruningtechniquesto reduceany effort
wastage. Becauseof spaceconstraints,we describethem
very brie�y . For further details,we refer the readerto our
other work reportedin (Newton et al. 2007). Thesetwo
implementationsonly differ in geneticoperatorsusedand
pruningstrategiesadopted.This work hasa rich collection
of operatorsandusespruningstrategiesasfew aspossibleto
facilitateexplorationof awidermacrospace.In contrast,the
otherwork hasa restrictedoperatorsetandmorestringent
pruningrulesto exploremacrosoccurringin plansonly.

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: An evolutionarylearningmethod
Macro Representation.Macrosarerepresentedbothasse-
quencesof parameterised(and so generalised)constituent
actionsandasresultantactionscomposedupby regression3

of actionsin thesequences.Geneticoperatorsareappliedon
theoperandmacro'ssequenceandfrom theoutputsequence,
the resultantmacro's actionis built. Had PDDL supported
macros,the actioncompositionwould not be requiredand
plannerscouldeasilyexecuteamacrosequence.
Macro Generation. Macrosaregeneratedby usingthege-
netic operatorsdescribedin Figure2. The operandactions
comefrom plansof the seedingproblemsand the macros
from thecurrentpopulation.All operandsare,however, se-
lectedrandomly. To seedtheinitial macropopulation,only
lift andconstructoperatorsareused.Note,a subsetof these
operators,that includeslift, extend,deleteonly at ends,and
split, exploresmacrosobservablefrom plansandthusocca-
sionallydrivestowardsconvergence.
Macro Evaluation. For eachmacro,anaugmenteddomain
is producedaddingit asanadditionalactionto theoriginal
domain.For all therankingproblems,theplanneris thenrun

3Action compositionby regressionis a binary, associative,and
non-commutativeoperationonactionswherethelatteraction'spre-
conditionandeffect aresubjectto the former action's effect, and
bothactions'parametersareuni�ed. Regressionis practicallyfea-
siblein STRIPSandFLUENTSonly.

? Lift: anactionsequenceis randomlylifted asit appearsin aplan.
? Construct: an actionsequenceis built from scratchby picking

individualactionsup randomly.
� Extend: anactionappearingimmediatenext/prior to a macrois

appendedat therespectiveend.
� Insert: an action is insertedat a randomposition (including

ends)of amacro.
� Delete: anactionis deletedfrom a randomposition(including

ends)of amacro.
� Alter: anactionreplacesonerandomactionof amacro.
� Split: a macrois split at one randomposition and either one

givestheoutputmacro.
� Merge: two macrosequencesareconcatenatedtogetherto pro-

duceoneoutputmacro.
� Crossover: a randompre�x of onemacrois concatenatedwith a

randomsuf�x of anothermacro.

Figure2: Descriptionof thegeneticoperators
both with the original domainand the augmenteddomain
undersimilar resourcelimits. Theutility function,shown in
Figure3 is thenusedto give a numericalrating to theaug-
menteddomain(andso the macro)againstthe original do-
main.For agoodmacro,in qualitative terms,mostproblems
(re�ect by C) shouldbe solved taking lesstime (re�ected
by S) in mostcases(re�ectedby P) with its augmenteddo-
main. A badmacro,in contrast,would causean overhead
that leadsto longersolutiontimesor even failuresin solv-
ing problemswithin given resourcelimits. Good macros,
however, maynothavehighusagebecauselessfrequentbut
tricky macroscouldsave enormoussearchtime. Theutility
function is mainly basedon S which is a weightedaverage
of timegainsgiving largerproblemsmoreweight.Theother
factorsareto counterbalanceany misleadinglyhighvalue.
Macro Pruning. A numberof strategies are adoptedin
Step2(a)i of the learningmethodin Figure1; theseprune
generatedmacrosbeforeevaluation. Action sequencesthat
have subsequencesproducing null effects are not mini-
mal. Action sequences,differing only by parameterisation
or equivalent in partial order, are consideredas samese-
quence.Maximum sequencelengthandmaximumparam-
etercountare�x edby givenbounds.Early detectionof in-
ferior macrosduring evaluationin Step2(a)ii in Figure 1
saveslearningtimeneededotherwiseto solve theremaining
problems.Failure to solve a problemusingthe augmented
domainwithin certainlimits whereasit is solvableusingthe
originaldomainimpliesthemacrois causingmuchoverhead
andresource(time,memory, etc.)scarcityto theplanner.

Otherstringentstrategieslikecausallinksor commonpa-
rameters betweenconstituentactionsare not adoptedal-
thoughthey ensurecohesivenessof constituentactionsand
alsooverseeirrelevantactionsarenot partof a macro.This
is becauseour interest is to learn any macrosthat help
speedupthesearch.A macromight have somehelpful auto
correlationsbetweenits constituentactions. Even a macro
notusablein any plansmightbehelpful in thesearch.
Macro Validation. Pruningstrategies help detectinvalid
macrosduring their generationand also during their eval-
uation. Furthermore,plansproducedwith the augmented
domainsarevalidatedasneededto detectmacrosthatsome-
how causeinvalid plansto beproducedby theplanner.



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. A stochasticplannerproducesdifferentplansin different runs taking
different times. Therefore,larger m , preferably� 5, givesa time distribution
t (sample-count� , mean� , dispersion� = � =

p
� ) for suchplanners.

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.Note,sk = 1, 1
2 , and0 for � 0

k = 0, � k , and1 .

s0
k = � k =( � k + � 0

k ) : Thenormalisedgain/lossin dispersionwhilesolvingproblem-
k with theaugmenteddomain. If m = 1, s0

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

k = 0. Note,s0
k = 1, 1

2 , and0 for � 0
k = 0, � k , and1 .

wk = � k =� : Weightof gain/lossin meangiving moreemphasisonlargerproblems

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

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

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

pk = 1 for gain, 0 for loss, 1
2 otherwise. The Studentst-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.

Figure3: A utility functionfor macroevaluation

Experiments
To demonstratesuccessfor arbitrary planners,we choose
several planners– FF, VHPOP, SGPLAN,andFastDown-
ward (FD). The plannershave different basiccharacteris-
tics andarecurrentstate-of-the-artonesin their respective
tracks. The domainschosenare somenew domainswrit-
tenbasedonbenchmarkdomainsusedin planningresearch
(seeFigure 4) althoughwe have someresultsdirectly on
existing domainslike Blocks, Satellite,andFerry. This is
becauseplannerscould be over-�tted with the benchmark
domainsandwe wantedto investigatehow they performon
newer domainswith or without macros.Anotherreasonis
most candidatebenchmark domainsare smallerand sim-
pler(e.g. transportationdomains)or too large(e.g. Settlers).
Nevertheless,thenew domainsposesuf�cient challengeto
thestate-of-the-artplannersasseenfrom Figure6 and7. As
notedbefore,theproblemsusedto demonstrateperformance
of thesuggestedmacrosarethetestingproblems.For asug-
gestedmacro,thetestingproblemsaresolvedusingboththe
originaldomainandtheaugmenteddomain.
Results. Figure5 describesthe typical setupof our exper-
iments. The parametervaluesin mostcasesarechosenin-
tuitively. Becauseof spaceconstraints,Figure6 shows the
plan timesof someof themacrosgraphicallyfor quick un-
derstanding.However, Figure7 summarisesperformances
of thesuggestedmacrosfor all planner-domainpairs.Note,

� Blocksdomainhasanarmthatpicksanddropsblocksto build stacksona table.

� Satellitedomaindealswith anumberof satellitesthatcantake imagesof targetsin
variousmodesandtransmitdatato thebase.PSatelliteandNSatelliteareits propo-
sitionalandnumericalversions.Thenumericalversionhasadditionalconstraints
onbuffer capacity.

� Railwaydomain(10actions)is a reducedversionof theSettlersdomain.Only the
railway constructionparthasbeentakenwith relevantstructuresadded.PRailway
andNRailway representsits propositionalandnumericalmodelsrespectively.

� Reliefwork(12 actions)is a transportationdomainbasedon disastermanagement
scenariosin �ood affectedareas. Victims are to be attendedby a patrol boat.
Dependingonavictim's need,a relief packis delivered,or apickupboatis called
to take him/herto a shelter, or an ambulanceboat is calledto take the victim to
a hospital. PReliefwork andNReliefwork arerespectively the propositionaland
numericalversions.

� NCokeCakedomain(10actions)combinestwo problems– pouringand�lling jugs
of certainvolumesto measureany volumeandputting�x edweightsonandoff on
ascalebothadditively andsubtractively to measureany weight.

Figure4: Domainsusedin thiswork

all the macrospresentedhere(in �rst � ve charts)arenon-
observableandarebetter(asour learningmethodsuggests)
than the bestobservable macros. For the time being, we
put emphasison the prospectof exploring non-observable
macrosand do not show their performancecomparison
againstobservableones;however, the lastchartin Figure6
showssuchresultsin PSatellitedomainfor plannerVHPOP.

? Numberof randomproblems:Seeding5, Ranking20,Testing50

? Macrosizelimits: Maximumparameters12,Maximumsequencelength16

? Operatorselectionprobability: around10%for eachoperator

? Samplecountfor astochasticplannerto representthedistribution: 5

? Evaluationphasepruning:a macrois prunedout if morethan50%problemsor
runsareunsatisfactory

? Numberof epochs:200Populationsize:2 � numberof actions

? Satisfactoryreplacementlevel: at least1 in every50consecutive epochs

? Generationattempts:maximum999999for everynew macro

? Limits: memory1 gigabyte,time (secs)-seeding10,ranking20, testing1800

? Computers'con�guration: Pentium4, Linux, CPU3ghz,RAM 2gb

Figure5: Experimentalsetup

Analysis. For a comprehensive analysisof this work, the
qualitative achievementsare presentedas hypotheseswith
properjusti�cation madeby theresults.

Hypothesis1 Our utility functionis qualitativelyconsistent
acrossgivenproblems,domainsandplanners.

Justi�cation: As mentionedearlier, theexactutility values
assignedto themacrosarerelative to therankingproblems
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 positively correlatedwith the valuesas-
signedagainstrankingproblemsduringevaluation.Further-
more,many of thesuggestedmacros(seeFigure7) achieve
signi�cant improvementwith thetestingproblems.

Hypothesis2 Without exploiting any speci�c knowledge
aboutplannersor domains,our methodcaneffectivelylearn
macrosthatarenotobservablefromplans.
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Figure6: Timeperformanceof somesuggestedmacros
� 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

NCokeCake-FF-1 +28-0 +72-0 82 � 1 +62-10 4 � 0
NCokeCake-FF-2 +28-0 +72-0 82 � 1 +60-12 3 � 0
NCokeCake-SGPlan-1 +36-4 +28-10 -1 � 41 +12-26 -6 � 2
NCokeCake-SGPlan-2 +44-4 +32-6 55 � 17 +0 -38 -26 � 2

NRailway-FF-1 +24-0 +36-12 58 � 7 +2 -34 -12 � 2
NRailway-FF-2 +20-2 +36-10 51 � 8 +0 -34 -14 � 2
NRailway-SGPlan-1 +16-0 +60-14 1 � 34 +2 -62 -18 � 2
NRailway-SGPlan-2 +16-0 +60-16 1 � 34 +2 -62 -16 � 2

NReliefWork-FF-1 +30-0 +70-0 99 � 0 +16-44 -1 � 0
NReliefWork-FF-2 +30-0 +70-0 99 � 0 +42-6 2 � 0
NReliefWork-SGPlan-1 +10-0 +80-0 88� 1 +0-20 0� 0
NReliefWork-SGPlan-2 +10-0 +80-0 88� 0 +0-20 0� 0

PRailWay-FD-1 +50-0 +20-2 41 � 18 +18-2 13 � 3
PRailWay-FD-2 +54-0 +20-2 52 � 8 +16-6 7 � 3
PRailWay-FF-1 +14-4 +22-4 10 � 23 +0 -18 -5 � 1
PRailWay-FF-2 +12-0 +26-4 21 � 8 +0 -12 -10 � 3
PRailWay-SGPlan-1 +14-0 +50-12 34 � 7 +24-34 0 � 0
PRailWay-SGPlan-2 +14-0 +56-6 41 � 7 +2 -60 -4 � 0

PReliefWork-FD-1 +0 -0 +80-20 7 � 3 +20-36 0 � 0
PReliefWork-FD-2 +0 -0 +88-12 10 � 2 +16-42 0 � 0
PReliefWork-FF-1 +0 -0 +100-0 89 � 0 +0 -100 -3 � 0
PReliefWork-FF-2 +0 -0 +100-0 89 � 0 +2 -54 0 � 0
PReliefWork-SGPlan-1 +20-0 +54-8 44 � 5 +0-12 0 � 0
PReliefWork-SGPlan-2 +36-0 +62-0 75 � 2 +0-60 0 � 0
PReliefWork-VHPOP-1 +16-0 +24-0 92 � 2 +0 -2 0 � 0
PReliefWork-VHPOP-2 +12-0 +24-0 91 � 2 +0 -2 0 � 0
VHPOP, FD doesnotsupportFLUENTS;VHPOPcannotsolveany PRailwayproblem

Figure7: Summarisedexperimentalresults

Justi�cation: Our methodusesa rich collection of ge-
neticoperatorsto exploreawidermacrospacethatincludes
bothobservableandnon-observablemacros.Its implemen-
tation doesnot useany planneror domainspeci�c knowl-
edgeanywherein macrorepresentation,generation,valida-
tion, andevaluation.Figure7 shows that,for mostplanner-
domainpairs, using our non-observable macros,not only
canproblemsbesolved muchfasterbut alsomany unsolv-
ableproblemscanbe solved. Figure8 shows how observ-
able macrosare transformedinto non-observable macros;

thenon-observablemacro(themiddleonein the�gure) was
not observed from the examplesusedalthoughit could be
foundin plansof otherproblems.

Hypothesis3 Non-observablemacros,assuggestedby our
method,couldhelp improveplanners' performanceson do-
mainssigni�cantly and in manycasesthey are suggested
overor betterthanobservableones.

Justi�cation: This is the main result of this paperas it
shows non-observablemacrosareworth exploring. Results
presentin Figure7 shows suchmacrosin mostcaseshelp
plannersrun fasteron domains. As mentionedearlier all
thesemacrosaresuggestedover observablemacros;asan
example,thelastchartin Figure8 showsperformancecom-
parisonof theevolved-bestandtheobserved-bestmacrosin
PSatellitefor VHPOP.

Hypothesis4 There exist catalyticmacros that are not us-
ablein plansbut still helpspeedupsearch.

Justi�cation: This is a very interestingresultfrom our ex-
periments.Catalyticmacros,accordingto our observation
so far, have unsatis�ablepreconditionsand incoherentac-
tion sequences.Although they cannotbe usedin plans,
they somehow helpspeedupsearch.Ourinvestigationshows
this is not necessarilydueto improvementsin theheuristic
values. Heuristicfunctionsnormally involve relaxed prob-
lem formulations,whichareinconsistentwith respectto the
given formulations.We remarkcatalyticmacros,beingin-
consistentthemselves,aresomehow helpful in theheuristic
evaluations.In consequence,successornodeselectionis af-
fected;the searchis taken in a differentdirection; andthe
goal is foundquickly. Figure8 shows the�rst actionin the
catalyticmacromakesit non-usablein any plans;however,
FFstill runsfaster(evencomparedto theothermacrosin the
�gure) usingthismacroin Blocks.Thereexist examplesfor
otherplannersanddomainsaswell.



(drop?b5)
(unstack?b5?b0) (unstack?b5?b0) (unstack?b5?b0)
(stack?b5?b2) (stack?b5?b2) (stack?b5?b2)
(pick ?b0) (pick ?b0) (pick ?b0)

(stack?b0?b5) (stack?b0?b5)

Figure8: Evolution of macrosin Blocksfor FF: observable
to non-observableto catalyticnon-observable

Otherobservationsandcommentsaboutour experiments
areasfollows:
1. Our non-observable macroshave mixed effect on plan

length(see+L/-l in Figure7).
2. In essence,thiswork is to show thatsuchanevolutionary

approachworks successfully;its performanceis, there-
fore, not measuredin termsof its learningtime. How-
ever, Figure9 depictslearningeffort requiredfor planners
on domainsin this work. To speedup the learningpro-
cess,the intuitively chosenparameters(e.g. population-
size, epoch-count,operator-probabilities, replacement-
level, etc.)areto betuned.

3. Compositionof actionsis not, in essence,a hardrequire-
mentof this work; hadPDDL supportedmacros,amacro
couldbeexecutedor constructedonlineeasily.
T: traininghours,N: #macrosevaluated,R: ratioof #generatedto #evaluated
T / N / R FF SGPLAN FD VHPOP
NCokeCake 77 / 1380/ 2 100/ 1460/ 3
NRailway 232/ 2560/ 2 209/ 3620/ 3
NReliefwork 66 / 3624/ 7 83 / 4272/ 10
PRailway 233/ 2840/ 3 140/ 4000/ 8 90 / 4000/ 6
PRailway 238/ 2208/ 6 121/ 3312/ 8 129/ 2160/ 3 142/ 1656/ 5

Figure9: Learningeffort: training time, macrosevaluated,
andtheratioof macrosgeneratedto evaluated

Conclusion
This paperpresentsan of�ine evolutionarymacrolearning
method that works with arbitrary plannersand domains.
Most existing work, exploiting speci�c featuresof planners
or domains,learnsmacrosthat areobservable from exam-
plesor from domainanalysis.But, theexamplesmight not
cover many aspectsof the system,or might not alwaysre-
�ect that betterchoiceshave beenmadeduring the search.
Macros learnt from domainsare mainly coherentlycon-
nectedor abstractionbased;alsothey cannotcaptureprop-
ertiesof a plannerin use.Nevertheless,mostof thesemeth-
odsexplore restrictedmacrospaces.Our method,in con-
trast,exploresa wider macrospaceandlearnsmacrosthat
aresomehow not observablefrom theexamples.Moreover,
the learningmethoddoesnot discover or utilise any spe-
ci�c structuralpropertiesof plannersor domains.We have
achieved a convincing, and in many casesdramatic, im-
provementwith a numberof plannersandseveraldomains.
In summary, this papersuccessfullydemonstratesthat the
non-observablemacros,eventhecatalyticones,helpachieve
signi�cant improvementin aplanner'sperformance;so,any
intuitive restrictionson themacrospace,asimposedby ex-
isting methods,could be loosingmuchpotentialof macros
in planning.As we consideronly individual macrosfor the
timebeing,wehopeto extendourapproachto learningaset
of macroseitherincrementallyor usinga geneticapproach
on macro-sets.In thelattercase,thechallengeis to explore
bothmacrospaceandmacro-setspacetogether.
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