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Abstract
Macrosprovide onepotentialavenuefor researchinto learn-
ing for planning. Most existing macro-learningmethodsac-
quire only macrosthat are observable from given example
plans. This meansthey cannotlearn other macrosthat are
not observable from their training examples. A randomly
selectedcollectionof examplesmight not encompassmany
useful macros. However, a macrolibrary shouldcontaina
comprehensive collectionof macros.In this work, we learn
macrosthat are not observable from given exampleplans.
Further, we show the importanceof viewing macro-learning
as a searchproblem. With a view to building a macro-
library, we particularlyinvestigatethepotentialof exploring
thewholemacrospaceandthusgive interestinginsights.

Intr oduction
Macrosprovideonepotentialavenuefor knowledgeassisted
planning. Macros arecollectionsof actionsappliedat one
time like singleactions. They thereforeallow planningof
severalstepsata time. Macrosrepresentreusableplanfrag-
ments(Fikes,Hart, andNilsson1972),particularlythatare
frequently used(Minton 1985) or causally linked (Botea
et al. 2005)or solve dif�cult subproblems(Minton 1985).
Macroscaptureaction sequencesthat help avoid trouble-
someregions(e.g. valleys) on the searchspace(Iba 1989)
or recoverfrom problematicsituations(e.g.plateaus)during
search(ColesandSmith2007a).

Macros encapsulatecertain domain propertieslike ab-
stractions(Boteaet al. 2005;Armano,Cherchi,andVargiu
2005) and also certain problem structureslike symmetry
(ColesandSmith 2007a). Further, macroscaptureplanner
behaviours as they compriseactionsselectedbetweendis-
tinct choicepoints(McCluskey 1987).Macrosalsocapture
local searchto �nd bettersuccessornodes(e.g. in Rubik's
Cube)especiallywhentheimmediatesearchneighbourhood
is not good (Korf 1985). Macros, during planning, pro-
vide additionalsearchneighbourhoodsand thus transform
the searchspace.The modi�ed searchspacemight appear
moreaccessibleto theplannercomparedto whenno macro
is used. As a result,a goal might be reachedquickly and
problemsthatareunsolvable1 mightbecomesolvable.

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

Onekey questionto be answeredwhile selectinga few
macrosfor future reuse(as in (Botea,Müller, andSchaef-
fer 2007))or building a macro-library(similar to theonein
(ColesandSmith 2007b))for a given domain-plannerpair
is what macrosare to be acquired. Most existing macro-
learning methodsgeneratemacrosexploiting speci�c do-
main properties(e.g. symmetry),problemstructures(e.g.
abstractcomponents),plannerbehaviours (e.g. plateaus),
or plan characteristics(e.g. causallinks). Even a recent
method(Newtonetal. 2007)whichdoesnotexploit any spe-
ci�c characteristicslearnsonly macrosthat occurin plans.
Nevertheless,mostexistingmacro-learningmethodsexplore
onlymacrosthatareobservablefrom theirgivenmacrogen-
erationsource2. Therefore,likeany example-basedlearning
approaches,they cannot(or do not) learna largenumberof
macrosthatarenot observablefrom thegivenmacrogener-
ationsource.A macromightnotbeobservablefrom agiven
examplecollectionbecausetheexamplesmight not contain
themacro.Also, thereasonmight bethattheplannernever
exploresthemacro's actionsequence;in which case,no ex-
ampleplanwill containthesequence.

In this work, we considerexploring macrosthat arenot
observablefrom givenexampleplans.They areexploredin
addition to the observablemacrosthat are learntby exist-
ing macro-learningmethods.For this, we extendthe work
in (Newton et al. 2007)consideringits skeletonasa frame-
work. Theframework providesa generalisedmechanismto
learningmacrosfor a given domain-plannerpair. It gen-
eratesmacrosby using a geneticapproachand evaluates
themby solvingproblemsandmeasuringsolutiontimes.To
make the macrosavailable to the planner, the macrosare
compiledinto regularactions;therefore,themechanismcur-
rently worksonly with thepropositional(STRIPS)andnu-
merical(FLUENTS)constructsof PDDL. In this work, we
introducea thoughtfullydesignedrich collectionof genetic
operators.Thus,weprovideanew formulationof themacro
spaceandshow the importanceof viewing macro-learning
asa searchproblem. First time in the macroliterature,we
investigatethepotentialof exploringnon-observablemacros
andthusgive interestinginsightsinto themacrospace.

2Macro generation source generallymeansexampleplansor
problems,thedomain,or theplanner;however, thispaperconsiders
only givenexampleplans(producedby the given planner)as its
speci�c macrogenerationsource.



Addressinga researchproblemrequiresboth an appro-
priateproblemformulation(i.e. macrospacefor this work
or feature/characteristicspacefor learningin general)anda
suitablesolution mechanism(i.e. learningmethod). The
researchquestionasked in this paperrelatesto the prob-
lem formulation. For thesolutionmechanism,any suitable
methodcouldbeused;in this work, we usethe framework
becauseit is convenientfor the logical extensionsrequired
to investigatetheresearchquestion.Nevertheless,thesearch
spaceformulationis signi�cant for macro-learningasnoex-
isting methodlearnnon-observablemacros.Further, learn-
ing non-observablemacrosgreatlyfacilitatesconstructionof
acomprehensive macro-libraryfor futurereuse.

In essence,we addressa key limitation of mostexample-
based(macro)learningmethods.A collectionof example
solutions(i.e plans)normally do not capturemany impor-
tant system(i.e planner/domain)features. Our effort is to
learn knowledge (i.e. macros)that could be learnt from
otherexamplesolutions(which arenot given). While ex-
istingmacro-learningmethodscapturewhat(in termsof ac-
tion sequencesi.e. macros)the plannersdo (as they pro-
duceplans),we strive to learnwhatelsetheplannerscould
do. Plannersnormally make quick decisionsduring search
anddo not explore many potentialchoices.Our investiga-
tion pavesthe way to examinethe unexploredchoicesand
provide the plannerwith otherpotentiallygoodchoices,if
available. From learningperspective, we thusmake a very
signi�cant contribution; to thebestof ourknowledge,which
is alsonovel in themacroliterature.

In the restof thepaper, we describeour motivationsand
review the framework. We furtheranalysethemacrospace
andpresentourexplorationapproach;Lastly, weprovideour
experimentalresultsandpresentourconclusions.

Moti vations
From onephilosophicalperspective, learningfor a system
is capturingits behaviours. This meansobservingwhat the
systemdoesin differentsituationsandlatersuggestingit to
do thesamein futuresimilar situations.However, learning
shouldnot becon�ned only within this. A learningmethod
shouldtry to infer and/orderive whatelsethesystemcould
do in thesimilarsituations.This is to helpthesystemobtain
comprehensive behaviours. Thehighestlevel motivationof
this work is to learnwhatelsea systemcoulddo (not what
it currentlydoes)for its betterment.

Conceptually, learningfrom examplesis restrictedby the
givenexamplesusedduringtraining.A normallearnercould
captureonly the behaviours con�ned within the examples.
Note,evenahugenumberof examplesmightnotsuf�ciently
cover the characteristicspaceof a given system.Also, the
selectionof appropriateexamplesis very dif�cult and re-
quiresdetaileddomainspeci�c analyses.Fromlearningper-
spective, it is thereforevery important that an intelligent
learnerlearnsknowledgethatgoesbeyondgivenexamples.

Technically, our �nal target is to build a comprehensive
macro-library. Differentmacrosin thelibrary will normally
have their use in solving different subproblems. We are
thereforeinterestedin learningall potentiallygoodindivid-
ual macros;from a pool of suchmacros,we thenintendto
selecta few macrosasa combination.While doing so,we

askthequestion“Are thenon-observablemacrosworth ex-
ploring?”. This helpsusunderstandwhetherexisting meth-
ods(in the long historyof macroliterature)lack something
in termsof themacrosthey couldlearn.

Framework Preliminaries
Theframework is basedonanevolutionaryalgorithm.Evo-
lutionaryalgorithmsrepeatedly(oftenfor agivennumberof
epochs)generatenew individuals(macrosin thiscase)from
currentindividuals by using given geneticoperators;only
the bestindividuals(evaluatedby �tness values),however,
survive throughsuccessiveepochs.Evolutionaryalgorithms
conductanoptimisationbasedmulti-point searchon theso-
lution space.Geneticoperatorsprovide searchdiversityby
exploringotherpossiblesolutions(individuals)in theneigh-
bourhoodof thecurrentsolutionswhile evaluationmethods
provideconvergingsearchguidancebykeepingonly thebest
solutions.Maintaininga balancebetweenthemis therefore
crucially important. Evolutionaryalgorithmshave promis-
ing resultsin learningcontrolknowledgefor planning(Aler,
Borrajo,andIsasi2001)andhavelittle successin generating
plans(Westerberg andLevine2000).

Figure 1 roughly presentsthe architectureusedby the
framework. At the core, it hasa macrogenerator and a
macroevaluator. The generatorlifts macrosfrom gener-
alisedplansof the seedingproblems(by the observer) and
thenevolvesthem(by theevolver). Theevaluatorcompares
thegeneratedmacrosby solving the rankingproblems(i.e.
by experiencingdirectly) and then ranking thembasedon
the time performanceobtainedwhile using them (i.e. by
rewardingandpenalising).Only the bestmacrosform the
currentmacropopulationtake part in the next iterationof
themacrogenerationandevaluationprocesses.

RankingProbs Planner Domain SeedingProbs

MacroEnhancedDomain

Collector

GeneralisedPlans

Evolver Generator Observer

Newly GeneratedMacros

Rewarding Evaluator Experiencing

CurrentBestMacros

Figure1: Themacrospaceexplorationmethod
Macro Generation
The collector subprocessin Figure 1 solves a numberof
small3 seedingproblemsby theplanner. It thengeneralises
theplans(seethegeneralisedplanin Figure2) replacingob-
jectsin theproblem(e.g. bs) by variableshaving identical
names(e.g.?bs);however, theconstantsin thedomain(e.g.
in , out , etc.) remainunchangedas they normally have
designatedroles in the domaindynamics(not in Figure 2
though).Thegenerator thenusesanumberof geneticoper-
ators to generateactionsequenceswhich arethencompiled
into resultantactionshaving parameters,preconditionsand
effects(seeFigure2).

3By problemsizeor dif�culty level we mean,thetime required
by thegivenplannerto solvetheproblemwith theoriginaldomain.
Given a planner, a particular10 blocksproblemcould be solved
morequickly (soeasier)thanaparticular7 blocksproblem



ActualPlan GeneralisedPlan Macro& ResultantAction
(pick b1 left in)
(pick b2 right in)
(move in out)
(dropb1 left out)
(dropb2 right out)
(pick b3 left out)
(moveout in)
(dropb3 left in)

(pick ?b1left in)
(pick ?b2right in)
(move in out)
(drop?b1left out)
(drop?b2right out)
(pick ?b3 left out)
(move out in)
(drop ?b3 left in)

(pick ?b3left out)
(moveout in)
(drop?b3left in)

actionpick-move-drop
parameter?b3
precond(and. . . )
effect (and. . . )

Figure2: Plangeneralisationandmacroconstruction.
The genetic operatorsused by the implementationin

(Newton et al. 2007)areshown in Figure3. Theseoper-
atorsgenerateonly macrosthatoccurin theplans(produced
by theplanner)of thegivenseedingproblems. The lift op-
eratorextractsa randomsequencefrom plansandtheother
operatorsproduceits subsequencesand/orsupersequences
thatalsooccurin thesameplans.

Eachletterrepresentsanactionandits parameters;macrosareactionsequences

Plans ABCDEFGHKj LMNPQ j Plansof seedingproblems

Macros CDEFGj appearsin the1stplan;anoperandfor theoperators

Extend BCDEFGj CDEFGHj B precedes;H succeedsCDEFGin 1stplan

Shrink CDEFj DEFGj Discardoneactionfrom eitherendof CDEFG

Split CDE j FG j CD j EFGj Split CDEFGata randomposition

Lift MNP j STUV j Lift randomlybut asappearsexactly in aplan

Figure3: Geneticoperatorsusedin (Newtonetal. 2007).
Theframework representsmacrosbothasgeneralisedac-

tion sequencesandasresultantactions(seeFigure2). While
theactionsequencesareusedfor macrogeneration,the re-
sultantactions,whenaddedto thedomains,facilitatemacro
exploitationduringplanning(non-learningplannerssupport
only actions).Randomlyselectedgeneticoperatorsproduce
new actionsequencesfrom macros'constituentactions.The
new sequencesare thencompiledinto resultantactionsby
thewell-known regression-basedactioncomposition4.
Macro Evaluation
Theevaluationmethodproducesan augmenteddomainfor
eachmacroby addingits resultantaction into the original
domain. It thensolvesa numberof rankingproblemswith
the plannerusingboth the original domainandthe macro-
augmenteddomainundersimilar resource(e.g. time and
memory)limits. The rankingproblemsarelarger thanthe
seedingproblems;they arenot sosmallbecausetime gains
cannotbemeasuredproperlyfor smallerproblems;they are
alsonot so largebecauseanattemptis madeto solve them
for every macro.Theevaluationmethodthenusesa �tness
function F = C � S � P to give a numericalrating to the
macro. The �tness function involvesthreemeasuresCover
(C), Score(S), andPoint (P). Cover measurestheportion
of rankingproblemssolvedwhenthemacrois used;note,all
rankingproblemsaresolvable.Scoremeasuresanweighted
meantimegain/lossoverall therankingproblemscompared
to when they are solved using the original domain. Any
gain/lossfor a largerproblemgetsmoreweight.Pointmea-
suresthe portion of the ranking problemssolved with the

4Action compositionby regressionis a binary, associative,and
non-commutativeoperationonactionswherethelatteraction'spre-
conditionandeffect aresubjectto the former action's effect, and
bothactions'parametersareuni�ed appropriately. For furtherde-
tails,pleaseseetheframework.

augmenteddomaintaking lessor equaltime comparedto
whenthey aresolvedusingtheoriginaldomain.Note,in the
�tness function,Scoreplaysthemainrole while Cover and
Point mostly counterbalanceany misleadinglyhigh value.
For furtherdetails,pleaseseetheframework.
Validation and Pruning
During macrocompilation,theframework adoptsa number
of pruningstrategiesto discardseeminglyinferior macros.
It alsodetectsincoherentmacrosbecausenot all actionse-
quencesproducevalid resultantactions. It further detects
inferior macrosduring their evaluation. Bad macroscause
failure to solving a problemwithin given resourcelimits.
The framework alsovalidatesplansproducedwith macros
(asneeded).Thereasonis certainmacrossometimescause
plannersto produceinvalid plans(probablydueto bugs).

Macro SpaceExploration
This section�rst analysesthe whole macrospace. Then
it brie�y describesour macro-explorationmethodfocusing
mostlyon theadaptationof theframework.
Macro Space
Referto Figure4. Coherentmacroshaveconstituentactions
suchthatthey canbesuccessfullyappliedin orderbysatisfy-
ing their preconditionsaccordingly;thismeansa formerac-
tion in a macrodoesnot destroy any preconditionof a latter
action(seeMacroC1andC2in Figure6). Althoughmacros
arecollectionsof actions,not all actioncollectionsproduce
coherentmacros.Themacrospacethereforeincludesother
macrosthat are incoherent; for example,the seconddrop
actionin MacroI in Figure6 is inexecutablebecauseof the
�rst drop action.Observablemacrosarea subsetof coher-
entmacrosbut arefoundin agivenmacrogenerationsource.
Themacrogenerationsourcefor thiswork is agivencollec-
tion of plansproducedby thegivenplanner.

IncoherentMacrosI

Non-observable
IncoherentMacros

N I

I [ C = M
I = N I

CoherentMacrosC

Non-observable
CoherentMacros

N C

C = O [ N C

ObservableMacrosO

O � C
O [ N = M

N = N C [ N I

Figure4: Themacrospace(M) for Gripper-FF
A macrois observableif it can be directly observed in

a generalisedplan or is equivalent to anotherobservable
macro.Note,possibleconcurrenciesaretaken into account
while lookingfor amatchbetweenagivenmacroandagen-
eralisedplan segment;for example,Macro C2 in Figure6
is observable from Plan B becausethe drop and the pick
actionsareconcurrentlyexecutable.

DifferentParameterisation SamePartialOrder SameResultantAction

(pick ?b3left in)
(move in out)
(drop?b3left out)

(pick ?b4left in)
(move in out)
(drop?b4left out)

(pick ?b1left in)
(pick ?b2right in)
(move in out)

(pick ?b2right in)
(pick ?b1left in)
(move in out)

(pick ?b1left in)
(move in out)
(move out in)
(pick ?b2right in)

(pick ?b1left in)
(pick ?b2right in)

Figure5: Differentequivalentmacrosfor Gripper-FF
Two macrosareequivalentwhenthey have thesameac-

tion sequencebut have different parameternamesand the



parametersare uni�able (seeFigure 5 Column 1). Two
macrosareequivalentalsowhenthey haveactionsequences
thatareequivalentin partialorder(seeFigure5 Column2);
this can be checked by enforcinga canonicaltotal order-
ing of the constituentactionsin the macros. Further, two
macrosareequivalentwhenthey have equivalent resultant
preconditionsandeffectsandthe longeroneof themhasa
subsequenceproducingnoeffect (seeFigure5 Column3).

Figure 6 shows three plans of a single problem in the
Gripper domain. Thereare other possibleplanswith dif-
ferentactionsequencesandusingdifferentgrippers. Con-
sideringpossiblepartialorderingof theactionsin theplans,
CoherentMacroC1 is observableonly from PlanA but not
from Plan B or C. A similar assertionholds for Coherent
MacroC2. IncoherentMacroI however cannotbeobserved
in any plans. In general,certainactionsequencesareob-
servableonly in (or notobservableatall from) certainplans
of thesameproblemor theotherproblemsin thedomain.

PlanA PlanB PlanC

(pick ?b1 left in)
(pick ?b2 right in)
(move in out)
(drop?b1left out)
(drop?b2right out)
(pick ?b3left out)
(moveout in)
(drop?b3left in)

(pick ?b1left in)
(move in out)
(drop?b1left out)
(pick ?b3left out)
(move out in)
(drop ?b3 left in)
(pick ?b2right in)
(move in out)
(drop?b2right out)

(pick ?b1left in)
(move in out)
(drop?b1left out)
(moveout in)
(pick ?b2right in)
(move in out)
(drop?b2right out)
(pick ?b3left out)
(moveout in)
(drop?b3left in)

CoherentMacroC1 CoherentMacroC2 IncoherentMacroI

(pick ?b1left in)
(pick ?b2right in)
(move in out)

Observable in Plan A
Not in PlanB andC

(moveout in)
(drop?b3left in)
(move in out)

Observable in Plan B
Not in PlanA andC

(drop?bleft in)
(move in out)
(drop?bright out)
(moveout in)

Not observableatall
Figure6: Observableandnon-observablemacros.

Deterministicplanners(e.g. FF) producethe sameplan
every time a problemis solved; the plansthusexhibit only
certainpatternsi.e. repetitionof certainaction-sequences.
For example,FF producesplanshaving thepatternsshown
in PlanA in Figure6; thepatternhereis whenever possible,
carry two ballsat a time. Randomisedplanners(e.g. LPG)
producedifferentplansin differentrunsfor thesameprob-
lem. Therefore,a numberof sampleplans(for eachprob-
lem)couldcapturedifferentpossiblepatterns.However, the
questionis how many sampleplanscan captureall possi-
blepatterns.Thesamequestionarisesfor anytimeplanners
(e.g. LPG again) that producea plan quickly andcontinue
to producebetterquality planssuccessively. In general,a
thoroughplanner/domainspeci�c analysisis requiredto en-
surethata givenexamplecollectionencompassesall possi-
ble patterns.Thus,for a given randombut �nite collection
of plans,it is mostlikely thatcertainactionsequences(i.e.
macros)remainnon-observable.It shouldbenotedherethat
non-observablemacroswill not be found in domains(e.g.
Ferry)wherethereeffectively exists only onepossiblepat-
tern(e.g.embark-sail-unload) for eachsubproblem.
Search Space
Most existing macro-learningmethodsexplore only a re-
strictedpart of the macrospace(the observablemacrosin

Figure4). In this work, we aremotivatedby the desireto
explore the whole macrospaceas it is plausiblethat non-
observablemacros,besidesobservableones,mayalsohave
interestingpotential. Many recentplannersselectsucces-
soractionshastilywithout consideringevenreasonablybet-
ter choices,let aloneevery possibleoptionavailable.Many
learningmethodsuseexampleproblemsthat do not neces-
sarily cover variouspossiblesolutionstructures.Searching
non-observable coherentmacrosexamine the unexplored
choicesand�nds otherpossiblesolutions.

Interestingly, non-observableincoherentmacros(seeFig-
ure 4) can also be useful during search;this is however
not surprisingas incoherentrelaxed problemsin the form
of heuristicshave beenproved to be very useful. Incoher-
ent macroscould similarly be helpful for plannersthat use
relaxed-plan-basedheuristics. An incoherentmacromight
be applicablein the relaxed plan spaceand yield a more
useful heuristic distanceestimatethan could be achieved
without it. More generally, an incoherentmacromight of-
fer searchguidancedespitebeinginexecutable(like thesec-
onddrop actionof theincoherentmacroin Figure6). Note,
plannersassumecoherentdomaintheoryanddo not check
correctnessof an actionmodel. Also note,macrosarefor
automatedplanners,not for humans.Therefore,addingin-
coherentmacrosto the domaindoesnot destroy the clarity
of the domainto the humansas long asthey do not cause
invalid plansto beproduced.Themotivationof this work is
to speedup planning,evenif themacrosit learnsto achieve
thatgoalarenot intuitively naturalor actuallyinexecutable.

We theoreticallyexplore the entire macro space. The
macrospaceis exponentialasmacroshaving any numbers
of actionsare to be explored. However, for practicalrea-
sons,certainmaximumlimits are imposedparticularly on
thenumberof constituentactionsin themacrosandthenum-
ber of uni�ed parametersthey have. The macrospacestill
remainshugeandin theorderof N L , whereN is thenumber
of domainactionsandL is thenumberof actionsin amacro.
Any bruteforceor systematicbut exhaustivesearchmethods
are thereforenot suitablefor the macrospaceexploration;
evenMacro-FF's macro-learningmethodis not suitablefor
thatasit hasnosearchguidance.Wethereforeadopttheevo-
lutionarymacrolearningmethodof theframework to utilise
its searchguidance;we thenextend the methodfurther to
obtaintheresearchgoals.
Extensionsto the Framework
As noted before, we reformulatethe searchspaceof the
framework; which meanswe make changesonly to the
macro generationmethod but use the macro evaluation
methodcompletelyunchanged.

Besidesusing the restrictedgenetic operatorsin Fig-
ure 3, we introducea numberof otheroperators(seeFig-
ure 7) that include various plausible local searchopera-
tors. For eachmacro, the proposedoperatorsensureex-
plorationof a largenumberof its neighbourhoods.Further
motivationsbehindthe operatorselectionsare as follows.
Good/badsolutions(macroshere)normally remainin clus-
ters. Discarding/adding/alteringa good/badcomponentex-
ploresothersolutionsin thesameclusterof a macro.Com-
bining good/badcomponentsof two solutions�nds a third



good/badsolution.Constructinga solutionfrom scratchen-
suresdiversityof theexploration.Note,theoperator-setmay
not beminimal in any sense.Furthernote,effectivenessof
any operatoris not tested.Themainconcernis how thenon-
observablemacrosperform;operatorsaredesignedsuchthat
non-observablemacrosaregenerated.

Eachletterrepresentsanactionandits parameters;macrosareactionsequences

Plans ABCDEFGHKj LMNPQ j RSTUVWj Plansof seedingprobs

Macros CDEFG(appearsin 1stplan)j KQTV (random;anoperand)

Annex PCDEFGj CDEFGPj Add P beforeor afterCDEFG

Inject CWDEFGj CDWEFGj CDEWFGj CDEFWGj InsertW

Delete CEFGj CDFGj CDEGj Deleteamiddleactionfrom CDEFG

Alter VDEFGj CDVFG j CDEFV j Replaceanactionin CDEFGby V

Concat CDEFGKQTVj KQTVCDEFGj Concat.two macroseitherway

Crossover CDETV j KQFGj Onemacro's pre�x plusanothermacro's suf�x

Assemble DGMT j NVF j Accumulateactionsrandomlyto form amacro

Figure7: Geneticoperatorsfor evolutionof macros.
To initialise the macropopulation,we uselift and con-

structoperators.Theoperandmacrosareselectedrandomly
from the currentpopulation. Several of the operators(e.g.
annex, inject, alter, andassemble) usedin thiswork, but not
in the otherimplementationof the framework, alsorequire
operandactions.Theoperandactionsareselectedfrom the
constituentactionsof the macrosin the currentpopulation
or arelifted from thegeneralisedplansof theseedingprob-
lems. Both optionshave certainmerits and implications.
Conceptually, constituentactionsfromthemacrosin thecur-
rentpopulationaregood. This is becausethecurrentpopu-
lation always keepsgood macros(as explored so far) and
so their componentswill normally be good. Technically,
theseactionswill havecertainparametersin commonamong
them.Suchoperandactionsthushelpobtainsearchconver-
gence(seeFigure8). On theotherhand,actionslifted from
generalisedplansarerandomandhelpobtainsearchdiver-
sity (seeFigure8). We thereforeconsidertwo versionsfor
eachgeneticoperatorthatrequiresoperandactions.

CurrentPopulation ConvergingEffect DivergingEffect
Macro1
(pick ?b1left in)
(pick ?b2right in)
(move in out)

Macro2
(move in out)
(drop?b1left out)
(drop?b2right out)

Macroshaveshared
parameters.

Annex 1st Drop actionof
Macro 2 to Macro 1. The
outputmacroconvergesas
it capturesfurther of the
same subproblemadding
nonew parameters.

(pick ?b1left in)
(pick ?b2right in)
(move in out)
(drop?b1left out)

Annex a randomlychosen
Pick action to Macro 2.
Theoutputmacrodiverges
from capturinga subprob-
lem and also addsa new
parameter.

(move in out)
(drop?b1left out)
(drop?b2right out)
(pick ?b3left out)

Figure8: Effectof operandactionselections.
The pruning rules usedin this work include limits on

a macro's parametercount and constituentaction count.
To ensureirrelevant actionsare not part of a macro, we
checkfor sharedparameters(if arity is non-zero),notcausal
links, betweenits constituentactions.Note, this work is to
learnany macrosthat help speedup the search.Enforcing
causallinks overrulesany possibleconcurrenciesandauto-
correlationswithin amacro.Nevertheless,weprunemacros
thathaveoppositeliteralsin theirresultantpreconditionsand
effects; macrosthat have other mutually exclusive literals

arenotprunedout. To avoid repetitions,wecheckduplicate
andequivalentmacros;we thusevaluateonly new macros.

Oncethe whole macrospaceis selectedfor exploration,
anobviousquestionis why we useactionslifted from gen-
eralisedplansbut not actionsfrom the domain. The main
reasonis we use macrosthat occur in plans as a base-
line or (seeds)andthenwe try their neighbourhoods;thus
the randomnessof the searchprocessis somewhat guided.
The other reasonis the conveniencein parameteruni�ca-
tion. Theuseof domainactionshasthedisadvantagethatno
knowledgeis availableabouthow to unify parameterswhile
composingconstituentactions. On the otherhand,actions
lifted from generalisedplanscanbeeasilyuni�ed by match-
ing their names.More generally, many domainspeci�c is-
suesarenormallyfoundresolvedin plans.Theevolutionary
algorithm is to capturethoseaspects�rst and then evolve
themto producesameor betterquality aspects.Theuseof
domainactionsdirectly doesnot facilitatethat; thelearning
processbecomesmorerandom.

Experiments
To demonstratesuccessfor arbitrary planners,we choose
severalcurrentstate-of-the-artplanners– FF, LPG,VHPOP,
SGPlan,SatPlan,and Fast Downward (FD); theseplan-
ners have different basearchitectures. However, the do-
mains chosen(describedbelow) include several new and
modi�ed benchmarkdomains(available from the website
http://personal.cis.strath.ac.uk/� newton/planning.html).
1. Gripper domain(3 actions)hasa robot with 2 grippers

(constants)to carryballsbetween2 rooms(constants).
2. NumMeasurementdomain(10 actions)involvespouring

and �lling jugs of certainvolumesto measureany vol-
umeandputting�x edweightson andoff on a scaleboth
additively andsubtractively to measureany weight.

3. PropExplorer domain(12 actions)is a modi�ed Rovers
domainhaving only one rover. It hascertainduplicate
structureseliminatedandnew structuresadded.

4. NumReliefworkdomain(12 actions)is basedon a �ood
victim supportingscenario.A patrolboat,a pickupboat,
andanambulancerespectively deliversrelief packsto the
victims,andtakesthemto theshelteror to thehospital.

Unfortunately, we could not effectively use the bench-
markdomainsfrom theInternationalPlanningCompetition
(IPC) non-learningtrack. The reasonsaredescribedin as
muchdetailaspossiblebelow:
1. Becausemacrosare compiled into regular actions, the

framework canbeusedonly for STRIPSandFLUENTS
domains.This excludesdomainswhich have no proposi-
tionalor numericalversion(e.g.UMTranslog).

2. The actionsmustbe generalisedfor all problemsin the
domain.WecannotuseIPC4and5 domains(e.g.Airport,
Promela,PSR,TPP, andOpenStack)becauseof this. In
thesedomains,actionsareFF-compiledproblem-speci�c
groundedversionsof theirADL counterparts.

3. More than5–6parameterspracticallyproducehugenum-
bersof groundedactions. Therefore,macrosthat have
toomany parametersnormallyturnout to beuseless.Be-
causeof this, we cannotusedomainslike ZenoTravel,
Pipesworld, andTPP. Notice that theextra parametersin



thesedomainsare only due to the dif�culty with mod-
elling discretesequencesby logicalpredicates.

4. Theframework requiresanumberof seedingplusranking
problemsthatmustbesolvableby theplannerwithin rea-
sonabletimes(0.5–10secs).No effective learningis pos-
sible without suf�cient previous experience.We cannot
usetheRoversandSettlersdomainsdirectly asproblems
in thesedomainsaretoohardfor theplanners.

5. For effective learning, the training problemsmust have
uniformcharacteristics.In theDepotdomain,smallprob-
lems are of transportationtype but medium-sizedprob-
lemsareof blocks-world type;suf�ciently largeproblems
exhibit bothtypesof characteristicbut arenotsolvableby
theplannerswithin reasonabletime limits.

6. No learningis possiblefor a problemwhich hasnot been
experiencedbefore.In Settlersdomains,problemsdo not
include all possiblesubgoals;this meansno learningis
possiblefor a subproblemthatit is not foundin thetrain-
ing examples.Note,in this work, we evolve unseensolu-
tions,not solutionsof unseenproblems.

7. CurrentPDDL-actionbasedcompiledmacroscannotcap-
ture any looping-structures.We thereforecannoteffec-
tively usedomainslike FreeCell,Tower of Hanoi, TSP,
SlidingTiles, andSokoban. Alternative encodingsin the
newly introducedOBJECT-FLUENTSof PDDL will fa-
cilitate learningof macrosin someof thesedomains(e.g.
FreeCellandTowerof Hanoi).

8. For successfullearning of the non-observable macros,
the domainsshouldeffectively have signi�cantly differ-
entchoicesavailablefor eachsubgoal;presumably, many
of the choiceswould normally remainunexplored. Be-
causeof this, we cannotusedomainslike Satellite(only
sequenceis TurnTo-TakeImage),Ferry and a few other
transportationdomains.
Note,Macro-FF(Boteaetal. 2005)andMARVIN (Coles

and Smith 2007a) can use a few of thesedomainsbe-
causethey arestand-aloneplannersandhave theirown non-
standardmacrorepresentations.As discussed,mostIPCdo-
mainsarenot suitablefor this work. This raisesan impor-
tant concernwhetherIPC benchmarkdomainsplus prob-
lems are adequatelysuitablefor every researchrelatedto
planning.Nevertheless,we createnew and/ormodi�ed do-
mains(availableonlineasnotedbefore)to conductthe ex-
perimentssuccessfully. Furthermore,the domainsusedin
theexperimentsposesuf�cient challengeto thestate-of-the-
art planners(seeFigure9).

After the training, we use a set of testing problems
to demonstrateperformanceof the suggestedunobserved
macros. The testingproblemsare larger than the ranking
problemsandmayincludeunsolvableinstances.
Results
Experimentswererun on several identicalcomputerseach
having aPentium4 DualCoreprocessor, 3GHzclockspeed,
512KB cachememory, and2GB physical memory. There
were5 seeding,20ranking,and50testingproblemsfor each
planner-domainpair. Theseedingandtherankingproblems
were randomlygeneratedbut were solvable in 10 and 20
secsrespectively using 1GB memory. To solve eachtest-
ing problem(alsorandomlygenerated),themaximumtime

limit was1800secswhile thememorylimits wasthesame
1GB. For randomisedplanners(e.g. LPG), eachproblem
wassolved 5 times to obtaina distribution. The limits on
maximumaction-countandparameter-countwere8 and6
respectively. Note, the macrospaceis still hugewith do-
mainswith about10 actions;a largerspacecouldof course
beexploredwith moresearcheffort. Nevertheless,themax-
imum numberof training epochswas 75 while the popu-
lation sizewastwice the numberof actionsin the domain.
Eachgeneticoperatorwasselectedwith equalprobability.
Themaximumattemptsallowedfor eachnew macrogener-
ationwas999,999.A macrowasprunedout duringevalua-
tion if morethan50%problemswerenotsolved.Thelearn-
ing processwasterminatedif at least1 replacementwasnot
madein every15epochs.Note,mostparametervalueswere
hand-craftedandwerechosenintuitively; this is becausethe
emphasisis not on improving learningef�ciency ratheron
showing thepotentialof non-observablemacros.
� 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 .

� K denotestheK th bestmacrolearntin therandomrun reportedfor thedomain-plannerpair.

domain-planner-macro-K +S-s +T -t P � p +L -l Q � q
Measurement-FF-Evolved-0 +0-0 +98-2 86� 2 +6-94 -17� 1
Measurement-FF-Evolved-1 +0-0 +100-0 85� 2 +0-100 -35� 2
Measurement-FF-Observed +0-0 +96-4 69� 3 +6-94 -15� 1
Measurement-SGPlan-Evolved-0 +36-0 +52-4 64� 12 +8-50 -14� 1
Measurement-SGPlan-Evolved-1 +38-2 +52-0 73� 6 +12-44 -9� 2
Measurement-SGPlan-Observed +30-0 +40-14 -93� 89 +12-46 -10� 3
NReliefwork-FF-Catalytic +44-0 +56-0 99� 0 +0-54 -4� 0
NReliefwork-FF-Catalytic +44-0 +56-0 99� 0 +0-56 -3� 0
NReliefwork-FF-Observed +44-0 +56-0 99� 0 +0-56 -4� 0
NReliefwork-SGPlan-Evolved-0 +8-0 +92-0 84� 1 +0-92 -4� 0
NReliefwork-SGPlan-Evolved-1 +8-0 +92-0 83� 1 +0-92 -4� 0
NReliefwork-SGPlan-Observed +8-0 +92-0 79� 1 +0-0 -0� 0
Gripper-FD-Evolved +0-0 +100-0 83� 1 +0-100 -46� 0
Gripper-FD-Observed +0 0 +100-0 85� 1 0-100 -30� 0
Gripper-FF-Evolved-0 +62-0 +38-0 92� 0 +0-38 -39� 0
Gripper-FF-Evolved-1 +62-0 +38-0 92� 0 +0-38 -39� 0
Gripper-FF-Observed +2-0 +38-0 78� 2 +0-38 -19� 0
Gripper-LPG-Evolved +0-0 +100-0 12� 0 +0-100 -57� 0
Gripper-LPG-Observed +0-0 +100-0 56� 0 +0-100 -22� 0
Gripper-SatPlan-Evolved-0 +20-0 +68-6 53� 5 +0-78 -32� 2
Gripper-SatPlan-Evolved-1 +20-0 +68-8 52� 6 +0-78 -31� 1
Gripper-SatPlan-Observed +16-2 +42-26 -57� 54 +0-50 -9� 1
Gripper-SGPlan-Catalytic-0 +0-0 +100-0 62� 0 +100-0 22� 0
Gripper-SGPlan-Catalytic-1 +0-0 +100-0 62� 0 +100-0 22� 0
Gripper-SGPlan-Observed +0-0 +100-0 67� 0 +0-100 -2� 0
Gripper-VHPOP-Evolved-0 +30-0 +64-2 90� 4 +0-64 -22� 1
Gripper-VHPOP-Evolved-1 +30-0 +64-6 91� 3 +0-64 -28� 2
Gripper-VHPOP-Observed +24-0 +62-4 81� 5 +0-30 -8� 1
PExplorer-FD-Evolved-0 +74-0 +26-0 70� 3 +12-12 0� 1
PExplorer-FD-Evolved-1 +74-0 +26-0 71� 3 +20-6 1� 1
PExplorer-FD-Observed +74-0 +26-0 76� 2 +24-0 6� 1
PExplorer-FF-Evolved-0 +18-0 +82-0 72� 1 +8-74 -4� 0
PExplorer-FF-Evolved-1 +16-0 +82-0 73� 1 +30-52 -1� 0
PExplorer-FF-Observed +16-0 +82-0 73� 1 +82-0 9� 0
PExplorer-LPG-Evolved-0 +24-0 +52-0 66� 1 +0-42 -4� 0
PExplorer-LPG-Evolved-1 +20-2 +52-0 67� 1 +0-52 -12� 0
PExplorer-LPG-Observed +4-0 +52-0 70� 0 +0-52 -12� 0
PExplorer-SGPlan-Evolved-0 +0-0 +100-0 54� 1 +0-100 -11� 0
PExplorer-SGPlan-Evolved-1 +0-0 +100-0 53� 0 +0-100 -20� 0
PExplorer-SGPlan-Observed +0-0 +100-0 52� 0 +98-2 2� 0
VHPOP,FD,SatPlandonotsupportFLUENTS;VHPOP, SatPlandonotsolvePExplorerprobs

Figure9: Resultsfor unobservedi.e. evolvedmacros

Figure9 and10 presentresultsandsamplechartsrespec-
tively for thebestperformingunobserved(i.e. evolved)and
observed macros. The resultspresentedfor eachdomain-
plannerpair arecollectedfrom two runs– oneto learnob-
servablemacrosonly andtheotherto learnbothobservable
andnon-observablemacrosbut with theobjectiveof consid-
eringonly thebestnon-observablemacros.
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Figure10: Sampleunobserved(i.e. evolved)macros;monotonicallyincreasinglinesarefor originaldomains

Analysis
The qualitative achievementsare presentedas hypotheses
with properjusti�cations madeby theresults.
Hypothesis1 Non-observablemacros learnt in this work
improveplanners' performancesondomainssigni�cantly.
Justi�cation: As describedbefore,a diversecollectionof
geneticoperatorsusedin thiswork exploresbothobservable
andnon-observablemacros.Resultspresentedin Figure9
show usingunobservedmacros,not only canproblems(see
+T) be solved much faster(seeP) with different planners
on different domains,but also many unsolvable problems
canbe solved (see+S). For 6 out of 14 presenteddomain-
plannerpairs,theunobservedmacrosclearlyoutperformthe
observedmacros.In other3–4cases,theperformancesare
at thesamelevel. In theremaining4–5caseswheretheob-
served macrosperformbetterthanthe unobserved macros,
the plannerswereeitherLPG or FD. LPG is a randomised
planner;soeachproblemis solved5 timesto obtainadistri-
bution. Observability checkingis alsoperformedagainstall
sampleplans;clearly, the spaceof non-observablemacros
becomessmallerhere. FD is a plannerthatexploits hierar-
chical problemdecompositiontechniquesduring planning.
Macrosalsorepresentonekind of abstraction.Becauseof
this, �nding usefulmacrosfor FD is somewhat moredif�-
cult thanthatfor theotherplanners.

Nevertheless,experimentalresultsand the above analy-
sis justi�es thehypothesis.Note,theobjective of this work
is not to claim that the non-observablemacrosarealways
betterthantheobservablemacros.Thebestobservableand
non-observablemacrosmayhave theirusein solvingdiffer-
entsubproblems;therefore,their comparisonmight become
irrelevant.Our �nal objective is to learnamacro-set(not in-
dividual macros)consideringpossibleinteractionsbetween
the selectedmacros. However, at this stage,we are inter-
estedin learningall reasonablygood macrosto construct

a comprehensive macro-library. Different macrosin the
macrolibrary may capturedifferentcharacteristicfeatures.
Theresultsshow bothobservedandunobservedmacrosonly
to give notionsabouthow their performancesrelateto each
other;performanceat thesamelevel areconsideredsatisfac-
tory for theresearchobjective. As a �nal note,we canlearn
non-observablemacrosthatnoexistingmethodslearn.

Hypothesis2 There exist incoherent macros that, despite
beinginexecutable, helpspeedupsearch (catalyticmacros).

Justi�cation: This is a very interestingresultfrom theex-
periments.Catalyticmacrosareobservedto have unsatis�-
ablepreconditionsandincoherentactionsequences.Despite
suchmacrosareinapplicablein actualplans,they arevalid
in relaxed plans. They thereforeaffect relaxed plan based
searchnodeevaluationandthuscausechangesin planners'
searchbehaviours. Coherentmacroscouldhave similar ef-
fect; however, catalyticmacrosareof interestherebecause
they are incoherent. Performanceof catalytic macrosfor
NReliefwork-FFandGripper-SGPlanareshown in Figure9.
There exist examplesfor other plannersand domainsas
well; thoughusefulto certainextents,they however did not
appearin thetopsuggestedlists.

An investigationwith FF in theGripperdomainsuggests
in many casestheeffectof theincoherentmacro(i.e. thecat-
alytic macrohere)in Figure6 is somewhatcontraryto what
normally is expectedfrom macros(seeFigure 11). With
macros,somepreviously unpromisingsearchnodesshould
normally becomepromising as macros, countedas sin-
gle regular actions,reduceheuristicvaluesof somesearch
nodes.Note,accordingto FF's heuristic,the�rst successor
nodethathasa strictly lessheuristicvaluethanthecurrent
nodeis consideredpromising;the searchcontrol �o w thus
goesthroughthepromisingnode.Catalyticmacroshave the
sametype of effect, too. However, more interestinglyin



many casesthey alsomake the previously promisingnode
unpromisingandthusintroduceplateaus;thesearchcontrol
thusgoesto the�rst successorin thenext level of thesearch
tree startingat the currentnode. The searchbehaviour is
thereforecompletelychangedandasa consequencegreater
solution speedis achieved. So knowing that the catalytic
macromight producelongerrelaxed plans,the questionat
this point is why FF choosesthe catalytic macro instead
of regular actionswhile computingits relaxed plans. As-
sumptionsthat this couldbedueto someactionsorderings
(e.g. physicalorderingin thedomainandlexicographicor-
deringof theaction-identi�ers)donothold; theexactreason
is thereforenot known. Any in-depthstudywasnot possi-
ble for otherplannersas,unlike FF's, their detailsarenot
convenientlyaccessible.

8
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8

8 7
affected

wasunpromising
now promising
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unexplored

8
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waspromising

now unpromising
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Figure11: How macrosaffectFF's searchcontrol.

After FF, its relaxed plan basedheuristichasbeenused
in variouswaysin many state-of-the-artplannerswhich in-
cludeVHPOP, FD, LPG, SGPlan;note,theseplannersalso
won therecentinternationalplanningcompetitions.There-
fore,catalyticmacrosalthoughseemusefulonly for afamily
of relaxedplanbasedplannersmight have a signi�cant im-
pactoncurrentplanningresearch.

Training Effort
In essence,this work is to demonstratepotentialof thenon-
observablemacros.Its performanceis, therefore,not mea-
suredin termsof thetrainingeffort spent.Note,IPC6Learn-
ing Trackallows morethanoneweekfor training; thecon-
cernis how planningis improvedwhenthelearntknowledge
is exploited, no matterhow long the training processruns.
Nevertheless,Figure12 depictsthe training effort required
for plannerson domainsto learnthebestmacros.To speed
up the learningprocess,the intuitively chosenparameters
(e.g. population-size,epoch-count,operator-probabilities,
replacement-level, etc.)areto betuned.

� Thebestmacrowasfoundin K th epochspendingtotalT t trainingandT r rankingtime(hours).

� To �nd thebestmacro,totalG new macrosweregeneratedin A attemptsup to theK th epoch.

� AmongtheG new macros,E werefully evaluatedwithoutbeingprunedduringevaluation.

� While totalE macroswerefully evaluated,R of themin total replacedtheir inferior parents.
domain-planner K T t T r R E G A
Measurement-FF 73 10.6 10.4 106 720 888 224664
Measurement-SGPlan 65 4.5 4.4 117 654 792 136224
Gripper-FD 44 13.7 13.6 28 144 270 28280
Gripper-FF 8 2.9 2.9 19 19 54 2322
Gripper-LPG 53 55.7 55.6 29 202 324 104292
Gripper-SatPlan 16 0.2 0.2 18 86 102 7344
Gripper-SGPlan 16 2.5 2.5 27 42 102 10506
Gripper-VHPOP 12 0.5 0.5 20 78 78 3978
PExplorer-FD 20 16.9 16.9 106 475 504 21168
PExplorer-FF 56 75.5 75.5 143 993 1368 221616
PExplorer-LPG 22 118.6 118.6 114 337 24288 221616
PExplorer-SGPlan 14 15.5 15.4 94 277 360 10440
NReliefwork-FF 37 16.8 16.7 106 871 912 338352
NReliefwork-SGPlan 21 8.9 8.8 102 412 528 47520

Figure12: Trainingeffort spentto learnthebestmacros

Conclusion
In this work, we learnmacrosthatarenot observablefrom
given exampleplans. Suchmacrosinclude thosethat are
notexploredby any existingcharacteristic-orientedmethods
andthathaveactionsequencesnotexploredby theplanners.
We also addressa key limitation of most example-based
macrolearningmethods.A collectionof exampleplansnor-
mally do not capturemany importantplanner/domainchar-
acteristics;also,an appropriateexamplecollection is very
dif�cult to obtain. Our resultspave the way to investigate
macrosthatarecurrentlynot learntandthusopenuptheop-
portunityto provide theplannerwith otherpotentiallygood
choices,if available.Overall, in this work, we convincingly
show the importanceof viewing macro-learningasa more
generalsearchproblem.

In future, we would like to extendour methodto learn-
ing macrosthat improve a combinationof plan-time,plan-
length, and plan-metric. Further, we would extend our
macro-learningmethodto the temporalactionsandactions
with sequentiallooping. For these,we have to considerex-
tensionsof thelanguageandimplementingsupportingplan-
ners;currently, temporalactionsarenot closedundercom-
positionandsequentialloopsarenotsupportedby PDDL.
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