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Abstract
This paperdescribesWizard, a generalisedmacro-learning
methodthatparticipatedin theLearningTrackof the6th In-
ternationalPlanningCompetition.Givenaplanner, adomain,
and a few exampleproblems,Wizard suggestsmacrosthat
might help the plannersolve future problemsin the domain
faster. This implementationcompilesmacrosinto regularac-
tionsin theSTRIPSandFLUENTSsubsetsof thePDDL.

Intr oduction
Wizard is an automatedmethodthat suggestsmacrosfor
a given planner-domainpair. Using a few exampleprob-
lems,it learnsmacrosthatmight help theplannersolve fu-
ture problemsin the domainfaster. The followings arethe
featuresof theimplementationreportedin thispaper.
� Wizard dealsonly with acquisitionof macros;for their

representationandexploitation during planning,it relies
on thesupportavailable. CurrentlyPDDL doesnot sup-
port macros,nor do plannersreasonaboutthem. Wizard
thereforecompilesmacrosinto actionsandaddstheminto
thedomain.However, compilationof macrosinto regular
actionsis possibleonly with thepropositionalandnumer-
ical constructsof PDDL.

� Wizard doesnot explicitly discover or exploit any spe-
ci�c planneror domainproperties.It workswith arbitrary
plannersanddomains,wherearbitrarinessis in thechar-
acteristicsborneor exhibited.Note,mostexistingmacro-
learningmethodsrely on speci�c characteristics;for ex-
ample, MARVIN (Coles and Smith 2007) dependson
plateausin its heuristicpro�le andsymmetriesin domains
while Macro-FF(Boteaet al. 2005)assumescomponent
level abstractionsin domainsandcertaincausallinks in
plans. Nevertheless,Wizard is suitablewhenimproving
performanceis theobjective but any speci�c characteris-
ticsarenotknown or areof noconcern.

� Wizard learnsindividual macrosby exploring the entire
macrospace(restrictedby given limits on macro-length
andparameter-count).Thus,it learnsany typesof macros.
This meansWizardcanlearnmacrosthatarenot observ-
ablefrom the given examples,that arenot learntby any
existing methods,andthat have actionorderingsnot ex-
ploredby theplanner. Note,mostexistingmacro-learning
methodstriggertheirmacro-generationproceduresatcer-
tainspeci�c eventsandlearnonly macrosthatareobserv-
ablefrom givenexamples.

� Wizardexploresthemacro-setspace(restrictedby a set-
size limit) to learn collectionsof macrosthat maximise
theperformanceby interactingamongthemselves.A col-
lection of only individually top performingmacrosmay
not collaboratewell amongthemselves. Also, macrosin
a top performingmacro-setmay not be individually top
performing. Note, unlike Wizard, mostexisting macro-
learningmethodsdo not take theseinto accountandsug-
gestonly arbitrarily chosenvery small (e.g. 2) numbers
of topperformingmacros.

� Wizard adoptsan evolutionary method to explore the
macroandmacro-setspaces.It generatesmacrosusing
actionslifted from generalisedplans of small example
problems. To evaluatethem, it employs a sophisticated
procedurethatsolvesotherlargeexampleproblemswith
andwithoutmacrosandthenmeasurestheweightedtime
gains. For macro-setgeneration,Wizard learnsindivid-
ualmacros�rst andthenusesthemasconstituentmacros;
the macro-setevaluationprocedurehowever remainsthe
sameasis usedin macroevaluation.

� Wizarddoesnot learnmacrosthatcompriseany looping-
structures(e.g. executemove actionwhile certaincondi-
tion holds). It hasno mechanismto infer loopsfrom an
actionsequence.Thusany repetitionof actionsremains
only asastaticaction-sequence.To thebestof ourknowl-
edge,no macro-learningmethodin the literaturelearns
looping-structures.No PDDL-basednon-learningplan-
nerreasonsaboutthemeither.
This paperfrom now on describesWizard's designand

implementation.It alsodiscusseswhereto expectWizardto
besuccessfulandwhereto not.

Search Algorithm
Figure 1 shows Wizard's macro and/or macro-setexplo-
rationmethod,which is basedonanevolutionaryalgorithm.
Evolutionaryalgorithmsrepeatedly(for anumberof epochs)
generatenew individuals(macrosor macro-setsin thiscase)
from currentindividualsby usinggeneticoperators;only the
bestindividuals (evaluatedby �tness values)however sur-
vive throughsuccessive epochs.Geneticoperatorsprovide
searchdiversity by exploring other possibleindividuals in
the neighbourhoodof the currentindividualswhile evalua-
tion methodsprovide converging searchguidanceby keep-
ing only thebestindividuals;maintainingabalancebetween
themis thereforecrucially important.



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: Wizard's evolutionarysearchalgorithmtakingin-
dividualseitherasmacrosor asmacro-sets.

Wizardexploresthemacro-space�rst andthenusingthe
learnt macros,it builds the macro-setspace. The macro-
spaceis restrictedby limits on action-countandparameter-
count.Similarly, themacro-setspaceis restrictedby a limit
on theset-size.Both thesearchspacesstill remainhugeas
macroshaving any numbersof actionsandmacro-setshav-
ing any numbersof macrosareto beexplored. This means
any bruteforceor systematicbut exhaustivesearchmethods
arenot very suitable.Wizardthereforeadoptsanevolution-
aryapproachto obtainamotivatingsearchguidance.

Macro Generation
Wizard representsmacrosboth as generalisedaction se-
quencesand as resultantactionshaving parameters,pre-
conditionsandeffects(seeFigure2). While the actionse-
quencesareusedfor macrogeneration,theresultantactions,
when addedto the domains,facilitate macro exploitation
during planning(note, non-learningplannerssupportonly
actions). Geneticoperatorsproducenew actionsequences
from operandmacros' constituentactions. The new se-
quencesarethencompiledinto resultantactionsby thewell-
known regression-basedactioncomposition1.

Wizard �rst solvesa numberof small2 seedingproblems
by the planner. It thengeneralisesthe plans(seeFigure2)
replacingobjectsin theproblems(e.g.bs)by variableshav-
ing identical names(e.g. ?bs); however, the constantsin
thedomain(e.g. in , out , left , andright ) remainun-
changedasthey normally have designatedspeci�c rolesin
thedomaindynamics(not in Figure2 strictly). Wizardthen
usesthegeneralisedactionsin building macros.Thishasan
advantagethatmacrosoccurringin plansserveasabaseline
andthentrying theirneighbourhoodsmakestherandomness
of thesearchprocesssomewhatguided.Further, parameters
in actionslifted from generalisedplanscan be easily uni-
�ed by matchingtheir names.Furthermore,many domain
speci�c issuesarenormally found resolved in plans. Note,
domainactionsif useddirectly (without any speci�c analy-
sis)asconstituentactionsdonot facilitatethese.

1Action compositionby regressionis a binary, associative,and
non-commutativeoperationonactionswherethelatteraction'spre-
conditionandeffect aresubjectto the former action's effect, and
bothactions'parametersareuni�ed appropriately. For furtherde-
tails,pleasesee(Newtonetal. 2007)

2By 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.

Figure 3 shows the geneticoperatorsusedby Wizard
in generatingmacros. The operatorsmay not be mini-
mal in any senseandmainly includevariousplausiblelo-
cal searchneighbourhoodfunctions. For eachmacro, the
proposedoperatorsensureexploration of a large number
of its neighbourhoods.Furthermotivationsareasfollows.
Good/badindividualsnormallyremainin clusters.Discard-
ing/adding/alteringagood/badcomponentexploresotherin-
dividuals in the samecluster of an individual. Combin-
ing good/badcomponentsof two individuals �nds a third
good/badindividual. Constructingindividualsfrom scratch
ensuresdiversityof theexploration.

Eachletterrepresentsanactionwith its parameters;macrosareactionsequences

Plans ABCDEFGHKj LMNPQ j RSTUVWj Plansof seedingprobs

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

Extend BCDEFGj CDEFGHj B precedes;H succeedsCDEFGin aplan

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

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 Concattwo macroseitherway

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

Construct DGMT j NVF j Accumulateactionsrandomlyto form amacro

Figure3: Geneticoperatorsfor macromanipulation.
The operatorsare selectedrandomly following a user-

speci�ed probability distribution. The operandmacrosare
selectedrandomlyfrom thecurrentpopulation.Theoperand
actions are selectedfrom the constituentactions of the
macrosin the currentpopulationor lifted from the gener-
alisedplansof theseedingproblems.To initialise themacro
population,only lift andconstructoperatorsareused.

Macro Evaluation
Theevaluationmethodproducesan augmenteddomainfor
eachmacroby addingits resultantaction into the original
domain. It thensolvesa numberof rankingproblemswith
the plannerusingboth the original domainandthe macro-
augmenteddomainunderthesameresource(e.g. time and
memory)limits. The rankingproblemsarelarger thanthe
seedingproblems;they arenotsosmallastimegainscannot
bemeasuredproperlyfor smallerproblems;they arealsonot
solargeasanattemptis madeto solvethemfor everymacro.
Theevaluationmethodthenusesthe�tness functionshown
in Figure4 to give anumericalratingto themacro.

The �tness function involvesthreemeasuresCover (C),
Score(S), and Point (P). Cover measuresthe portion of
ranking problemssolved when the macro is used; note,



F = 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 : #rankingproblemsto besolvedusingtheoriginalandtheaugmenteddomain.

m : #timesa rankingproblemis to besolved.For adeterministicplanner, m = 1.

t k ( � k ; � k ; � k ) : Time distribution for problem-k while solving with the original
domain. Note, � 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 ) : Normalisedgain/lossin meanwhile solvingproblem-k with

theaugmenteddomaincomparedto while solvingwith theoriginaldomain.

s0
k = � k =( � k + � 0

k ) : Normalisedgain/lossin dispersionwhile solving problem-k
with theaugmenteddomain.if m = 1, s0

k = 0 as� k = � 0
k = 0.

wk = � k =� : Weightof gain/lossin meanwith moreemphasisonthelargerprobs.

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

w = �= ( � + � ) : Overallweightof gain/lossin mean,w.r.t. total time t .

w 0 = � =( � + � ) : Overallweightof gain/lossin dispersion,w.r.t. total time t .

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.

Figure4: A �tness functionfor macroevaluation.

all ranking problemsare solvable3. Scoremeasuresthe
weightedmeantime gain/lossover all therankingproblems
comparedto whenthey aresolvedusingtheoriginaldomain.
Any gain/lossfor a largerproblemgetsmoreweight. Point
measuresthe portion of the rankingproblemssolved with
theaugmenteddomaintakinglessor equaltimecomparedto
whenthey aresolvedusingtheoriginaldomain.Note,in the
�tness function,Scoreplaysthemainrole while Cover and
Pointmostlycounterbalanceany misleadinglyhighvalue.

Althoughadeterministicplannertakesthesametimeand
returnsthe sameplan every time a problem is solved, a
stochasticplannertakesvarying timesandreturnsdifferent
plans.For astochasticplanner, aproblemis thereforesolved
anumberof timesanda randomvariablehaving parameters
(sample-count� , mean� , dispersion� = � =

p
� ) is usedto

representthetime distribution. Noticethat,mostcalculated
valuesarenormalisedin [0,1]. The notion usedin compu-
tationof sk ands0

k will beclearfrom their valuesat certain
points(e.g., sk = 1, 1

2 , and0 for � 0
k = 0, � k , and1 respec-

tively). Moreover, its non-linearcharacteristicis suitablefor
a utility function. Note, the utility valuesassignedto the
macrosarenotabsolutein any sense;they areratherrelative
to therankingproblemsandtheplannerused.

Pruning and Validation
During macrogeneration,Wizardadoptsa numberof prun-
ing strategiesto discardseeminglyinferior macros.To en-

3By solvability we mean,using the original domain,whether
theplannercansolve theproblemwithin givenresource(e.g. time,
memory, etc.) limits. Whetherthegoalof aproblemcanbeattained
in agivencontext is discussedunderthetermreachability.

sure irrelevant actionsare not part of a macro, it checks
for sharedparameters(if arity is non-zero)betweencon-
stituentactions.It doesnotenforcecausallinks betweenac-
tionsbecausethey overrulepossibleconcurrenciesandauto-
correlationswithin a macro. Wizard prunesout incoherent
macrosthat have oppositeliterals in their resultantprecon-
ditions andeffects;macrosthat have othermutually exclu-
sive literals are however not prunedout. To avoid repeti-
tions,Wizardchecksfor duplicateandequivalentmacros(a
few equivalentmacrosareshown in Figure5); it thuseval-
uatesonly new macros.Wizardalsodetectsinferior macros
during their evaluation. Bad macroscausefailure to solv-
ing a problemwithin given resourcelimits. Wizard vali-
datesplansproducedwith macros(asneeded).The reason
is certainmacrossometimescauseplannersto producein-
valid plans(probablydueto bugs).

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: Equivalentmacrosin theGripperdomain.

Macro Space
Referto Figure6. Coherentmacroshaveconstituentactions
suchthat they canbesuccessfullyappliedin orderby satis-
fying their preconditionsaccordingly. Althoughmacrosare
collectionsof actions,not all actioncollectionsproduceco-
herentmacros. The macrospacethereforeincludesother
macrosthatareincoherent. Observablemacrosarea subset
of coherentmacros.Observablemacrosarecoherentbut are
foundin or observedfrom a givenmacrogenerationsource.
Themacrogenerationsourcefor Wizardis agivencollection
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

Figure6: Entiremacrospace(M ) asconsideredby Wizard.
Figure 7 shows three plans of a single problem in the

Gripperdomain.Thereareotherpossibleplanswith differ-
ent actionsequencesandusingdifferentgrippers. Consid-
ering possiblepartial orderingsof the actionsin the plans,
CoherentMacroC1 is observablefrom PlanA, but not from
PlanB andtheconverseholdsfor CoherentMacroC2. In-
coherentMacro I however cannotbeobserved in any plans
possible.In general,certainactionsequencesareobservable
only in (or not observableat all from) certainplansof the
sameproblemor theotherproblemsin thedomain.

Deterministicplanners(e.g. FF) producethe sameplan
every time a problemis solved; the plansthusexhibit only
certainpatterns(e.g.FFproducesplanshaving thesequence
shown in PlanA in Figure7). Randomisedplanners(e.g.
LPG) producedifferentplansin differentrunsfor thesame



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
Figure7: Observableandnon-observablemacros.

problem. Therefore,a numberof sampleplans(for each
problem)could capturedifferent possiblepatterns. How-
ever, the questionis how many sampleplanscan capture
all possiblepatterns.Thesamequestionarisesfor anytime
planners(e.g. LPG again) that producea plan quickly and
continueto producebetterquality plans successively. In
general,a thoroughplanner/domainspeci�c analysisis re-
quired to ensurethat a given example collection encom-
passesall possiblepatterns.Thus, for a given randombut
�nite collectionof plans,it is mostlikely thatcertainaction
sequences(i.e. macros)remainnon-observable.

Most existing macro-learningmethodsexploreonly a re-
strictedpart of the macrospace(the observablemacrosin
Figure6); they do not considermacrolearningasa prob-
lem of searchingover all the macros.Notice that only the
operatorsextend, split, delete, andlift in Figure3 aresuf�-
cientto exploreobservablemacros(i.e. macrosthatoccurin
plans).Many recentplannersselectsuccessoractionshastily
withoutconsideringevenreasonablybetterchoices,letalone
every possibleoption available. Most learning methods
useexampleproblemsthat do not necessarilycapturevar-
ious choicespossible. Searchingnon-observable coherent
macrosprovidesoneway to testtheunexploredchoices.

Interestingly, non-observableincoherentmacros(seeFig-
ure 6) can also be useful during search. An incoherent
macromight be applicablein the relaxed plan spaceand
yield a more useful heuristicdistanceestimatethan could
beachievedwithout it. Moregenerally, anincoherentmacro
mightoffer searchguidancedespitebeinginexecutable(like
theseconddropactionof theincoherentmacroin Figure7).
Note, plannersassumecoherentdomaintheoryanddo not
checkcorrectnessof anactionmodel.Also note,macrosare
for automatedplanners,not for humans.Therefore,adding
incoherentmacrosto thedomaindoesnotdestroy theclarity
of thedomainto thehumansaslongasthey donotcausein-
valid plansto beproduced.Wizard's motivationis to speed
upplanning,evenif themacrosit learnsto achieve thatgoal
arenot intuitively naturalor areactuallyinexecutable.

Macro-SetLearning
Themacro-learningprocessasdescribedsofar is run �rst to
exploreindividual macros.Theindividual macrosthathave
certainminimum �tness level are then usedin macro-set

learning;which meansno new macrois generatedfurther.
The macro-setlearningprocessusesthe geneticoperators
shown in Figure8 to producemacro-sets.Noticethattheop-
eratorsaremostlydifferentsetoperators;they producevari-
ousneighbourhoodsetsof agivenset;othermotivationsare
the sameaswork behindthe geneticoperatorson macros.
To generatemacro-sets,geneticoperatorsareselectedran-
domly following givenprobabilitydistributions.Note,only
gatheroperatoris usedto initialisethemacro-setpopulation.
Also note, the operandmacro-setsalways comefrom the
currentpopulationwhile operandmacrosrandomlycome
from the suppliedmacrosor from the constituentmacros
of the macro-setsin the currentpopulation. To evaluatea
macro-set.anaugmenteddomainis producedby addingto
the original domainthe resultantactionsof all the macros
in the macro-set;the rest of the procedureis the sameas
describedfor macroevaluation.

? eachletterrepresentsamacro;eachstringrepresentsaset
Macro-Sets NPQj QRSTj Operandsfor theoperators
Add MNPQj MQRSTj Add M to amacro-set
Drop NP j RSTj DropQ from amacro-set
Change NPWj QRWT j Replaceamacroby W
Conjoin NPQRSTj Unionof thetwo macro-sets
Disjoin RT j QSj Split QRSTinto two macro-sets
Exchange NST j PQRj Exchangemacrosbetween2 sets
Gather UVW j XYZ j Accumulatemacrosrandomly
Top JKL j Individually topperformingmacros
Figure8: Geneticoperatorsfor macro-setmanipulations.

Requirementsand Limitations
1. Theseedingproblemsmustbesolvedby theplanner. For

propertime gain measurementsandto keepthe training
timewithin limits, therankingproblemsshouldbesolved
by theplannerwithin reasonabletimes(e.g.0.5–10secs).

2. Wizardworksonly with STRIPSandFLUENTSdomains
only; this is becausemacrosare compiled for current
planners. The actionsmust also be generalisedfor all
problemsin thedomain;which meanscompiledSTRIPS
versionsof ADL actionsarenotsuitable.

3. Macros normally provide additional choicesand have
more parametersthan actions(and so hugenumbersof
groundedactions).Macrosthathave muchmoreparame-
tersthanactionsthereforeturnout to beuseless.

4. Fromlearningperspective, trainingandtestingproblems
must have commoncharacteristics;this is to facilitate
bothgeneralisationandexploitationof knowledge.
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