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Abstract

This paperdescribeswizard a generalisednacro-learning
methodthat participatedn the LearningTrack of the 6th In-
ternationaPlanningCompetition.Givenaplanneradomain,
and a few exampleproblems,Wizard suggestsnacrosthat
might help the plannersolve future problemsin the domain
faster Thisimplementatiorcompilesmacrosinto regularac-
tionsin the STRIPSandFLUENTS subset®f the PDDL.

Intr oduction

Wizard is an automatedmethodthat suggestamacrosfor
a given plannerdomainpair. Using a few example prob-
lems, it learnsmacrosthat might help the plannersolve fu-
ture problemsin the domainfaster The followings arethe
featuresof theimplementatiorreportedn this paper

Wizard dealsonly with acquisitionof macros;for their
representatiomnd exploitation during planning, it relies
on the supportavailable. CurrentlyPDDL doesnot sup-
port macros,nor do plannerseasomaboutthem. Wizard
thereforecompilesmacrosnto actionsandaddstheminto
thedomain.However, compilationof macrosinto regular
actionsis possibleonly with the propositionabndnumetr
ical constructof PDDL.

Wizard doesnot explicitly discover or exploit ary spe-
ci ¢ planneror domainpropertiesit workswith arbitrary
plannersanddomainswherearbitrarinesss in the char
acteristicdhorneor exhibited. Note, mostexisting macro-
learningmethodsrely on speci ¢ characteristicsfor ex-
ample, MARVIN (Coles and Smith 2007) dependson
plateausn its heuristicpro le andsymmetriesn domains
while Macro-FF(Boteaet al. 2005)assumegsomponent
level abstractionsn domainsand certaincausallinks in
plans. NeverthelessWizard is suitablewhenimproving
performancas the objective but ary speci ¢ characteris-
ticsarenotknown or areof no concern.

Wizard learnsindividual macrosby exploring the entire
macrospace(restrictedby given limits on macro-length
andparametercount). Thus,it learnsary typesof macros.
This meansWizard canlearnmacrosthatarenot observ-
ablefrom the given examples,that are not learntby ary
existing methods,andthat have actionorderingsnot ex-
ploredby the planner Note,mostexisting macro-learning
methodsriggertheirmacro-generatioproceduresit cer
tainspeci ¢ eventsandlearnonly macroghatareobserv-
ablefrom givenexamples.

Wizard exploresthe macro-sespace(restrictedby a set-
size limit) to learn collectionsof macrosthat maximise
theperformancédy interactingamongthemseles. A col-
lection of only individually top performingmacrosmay
not collaboratewell amongthemseles. Also, macrosin
a top performingmacro-seimay not be individually top
performing. Note, unlike Wizard, most existing macro-
learningmethodsdo not take theseinto accountandsug-
gestonly arbitrarily chosernvery small (e.g. 2) numbers
of top performingmacros.
Wizard adoptsan evolutionary methodto explore the
macroand macro-setspaces.|t generatesnacrosusing
actionslifted from generalisedplans of small example
problems. To evaluatethem, it employs a sophisticated
procedurehat solvesotherlarge exampleproblemswith
andwithout macrosandthenmeasureshe weightedtime
gains. For macro-seggeneration Wizard learnsindivid-
ualmacrosrst andthenuseshemasconstituentnacros;
the macro-seevaluationprocedurenowever remainsthe
sameasis usedin macroevaluation.
Wizarddoesnotlearnmacrosthatcompriseary looping-
structurege.g. executemove actionwhile certaincondi-
tion holds). It hasno mechanisnto infer loopsfrom an
actionsequence.Thusary repetitionof actionsremains
only asastaticaction-sequencdo thebestof our knowl-
edge,no macro-learningnethodin the literature learns
looping-structures.No PDDL-basednon-learningplan-
nerreasongboutthemeither
This paperfrom now on describesWizards designand
implementationlt alsodiscussesvhereto expectWizardto
be successfuandwhereto not.

Search Algorithm

Figure 1 shovs Wizard's macro and/or macro-setexplo-
rationmethodwhichis basedn anevolutionaryalgorithm.
Evolutionaryalgorithmsrepeatedlyfor anumberof epochs)
generateew individuals(macrosor macro-setin this case)
from currentindividualsby usinggeneticoperatorspnly the
bestindividuals (evaluatedby tness values)however sur
vive throughsuccessie epochs.Geneticoperatorgprovide
searchdiversity by exploring other possibleindividualsin
the neighbourhooaf the currentindividualswhile evalua-
tion methodsprovide cornverging searchguidanceby keep-
ing only thebestindividuals;maintainingabalancebetween
themis thereforecrucially important.



1. Initialise the populationandevaluateeachindividual to assigna numericalrating.
2. Repeathefollowing stepsfor agivennumberof epochs.

(a) Repeathefollowing stepsfor anumberequalto the populationsize.
i. Generatanindividual usingrandomlyselectedperatorsandoperandsand

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

(b) Replaceinferior currentindividuals by superiornew individuals and exit if
replacemenis not satishctory
(c) Exitif generatiorof anew individualfailed.

3. Suggesthebestindividualsasthe outputof thealgorithm.

Figurel: Wizard's evolutionarysearchalgorithmtakingin-
dividualseitherasmacrosor asmacro-sets.

Wizard exploresthe macro-spacest andthenusingthe
learnt macros,it builds the macro-setspace. The macro-
spacds restrictedby limits on action-countandparameter
count. Similarly, the macro-sespacds restrictedby a limit
on the set-size.Both the searchspacesstill remainhugeas
macroshaving ary numbersof actionsandmacro-sethav-
ing any numbersof macrosareto be explored. This means
ary bruteforce or systematidut exhaustve searchmethods
arenotvery suitable.Wizardthereforeadoptsan evolution-
ary approacho obtaina motivatingsearclguidance.

Macro Generation

Wizard representsanacrosboth as generalisedaction se-
guencesand as resultantactions having parameterspre-
conditionsand effects (seeFigure 2). While the actionse-
guencesreusedfor macrogenerationtheresultantactions,
when addedto the domains,facilitate macro exploitation
during planning (note, non-learningplannerssupportonly
actions). Geneticoperatorgproducenew actionsequences
from operandmacros' constituentactions. The new se-
guencesrethencompiledinto resultantactionsby thewell-
known regression-basedctioncomposition.

Wizard rst solvesa numberof smalf seedingproblems
by the planner It thengenealisesthe plans(seeFigure 2)
replacingobjectsin the problemge.g.bs) by variableshav-
ing identicalnames(e.g. ?bs); however, the constantdn
thedomain(e.g. in , out , left , andright ) remainun-
changedasthey normally have designatedspeci c rolesin
thedomaindynamicg(notin Figure2 strictly). Wizardthen
usesthegeneralisedctionsin building macros.This hasan
adwantagehatmacrosoccurringin plansserne asabaseline
andthentrying their neighbourhoodmakestherandomness
of thesearctprocessomevhatguided.Further parameters
in actionslifted from generaliselanscan be easily uni-
ed by matchingtheir names. Furthermoremary domain
speci ¢ issuesarenormally found resolhedin plans. Note,
domainactionsif useddirectly (withoutary speci c analy-
sis)asconstituentactionsdo not facilitatethese.

*Action compositionby regressioris a binary, associatie, and
non-commutatie operatioronactionswherethelatteractionspre-
conditionand effect are subjectto the former action’s effect, and
both actions'parametersireuni ed appropriately For furtherde-
tails, pleasesee(Newton etal. 2007)

2By problemsizeor dif culty level we mean thetime required
by thegivenplannerto solve theproblemwith theoriginaldomain.
Given a planner a particular10 blocks problemcould be solved
morequickly (soeasierhana particular7 blocksproblem

Actual Plan GeneralisedPlan Macro& ResultantAction
(pick bITeftn) (pick ?bIleftin) (pick ?b3left out)
(pick b2rightin) (pick ?b2rightin) (move outin)
(movein out) (movein out) (drop?b3left in)
(dropblleft out) (drop?b1lleft out)
(dropb2right out) (drop?b2right out) actionpick-move-drop
(pick b3left out) (pick ?b3 left out) parametefb3
(move outin) (move out in) precondand...)

(dropb3left in) (drop ?b3 left in) effect(and...)
Figure2: PlangeneralisatiomndMacro construction.

Figure 3 shows the genetic operatorsused by Wizard
in generatingmacros. The operatorsmay not be mini-
mal in ary senseand mainly include variousplausiblelo-
cal searchneighbourhoodunctions. For eachmacro, the
proposedoperatorsensureexploration of a large number
of its neighbourhoodsFurthermotivationsare asfollows.
Good/badndividualsnormally remainin clusters.Discard-
ing/adding/alteringegood/bactcomponenexploresotherin-
dividuals in the samecluster of an individual. Combin-
ing good/badcomponentf two individuals nds a third
good/badndividual. Constructingndividualsfrom scratch
ensuregliversity of the exploration.

Eachletterrepresentanactionwith its parametersmacrosareactionsequences

Plans ABCDEFGHK | LMNPQj RSTUVW]j Plansof seedingprobs
Macros CDEFG(appearsn 1stplan)j KQTV (random;anoperand)
Extend BCDEFGj CDEFGHj B precedesH succeed€DEFGin aplan
Shrink CDEFj DEFGj Discardoneactionfrom eitherendof CDEFG
Split CDEj FGj CDj EFGj Split CDEFGatarandomposition

Lift MNP j STUV| Lift randomlybut asappearsxactlyin aplan
Annex PCDEFG] CDEFGPj Add P beforeor afterCDEFG

Inject CWDEFGj CDWEFGj CDEWFGj CDEFWG;j InsertW
Delete CEFGj CDFGj CDEG]j Deleteamiddleactionfrom CDEFG
Alter VDEFG|j CDVFG j CDEFV|j Replaceanactionin CDEFGby V
Concat CDEFGKQTVj KQTVCDEFG] Concattwo macroseitherway
Crosseer | CDETVj KQFGj Onemacros pre x plusanothemacros sufx
Construct | DGMT j NVF j Accumulateactionsrandomlyto form amacro

Figure3: Geneticoperatordor macromanipulation.

The operatorsare selectedrandomly following a user
speci ed probability distribution. The operandmacrosare
selectedandomlyfrom thecurrentpopulation.Theoperand
actions are selectedfrom the constituentactions of the
macrosin the currentpopulationor lifted from the gener
alisedplansof theseedingproblems.To initialise the macro
population,only lift andconstructoperatorsareused.

Macro Evaluation

The evaluationmethodproducesan augmentedaiomainfor
eachmacroby addingits resultantactioninto the original
domain. It thensolvesa numberof ranking problemswith
the plannerusing both the original domainandthe macro-
augmentediomainunderthe sameresourcge.g. time and
memory)limits. The ranking problemsarelarger thanthe
seedingproblemsthey arenotsosmallastime gainscannot
bemeasuregroperlyfor smallerproblemsthey arealsonot
solargeasanattemptis madeto solve themfor every macro.
Theevaluationmethodthenusesthe tness functionshovn
in Figure4 to give anumericalratingto the macro.

The tness function involvesthreemeasure€over (C),
Score(S), and Point (P). Cover measureghe portion of
ranking problemssolved when the macro is used; note,



F=C s P C= p. c=n
= Llifc=0 S=w J_; skwk + w® o sdw
= 1 if invalid plansproduced P= {. Pk=n
Where,
n: #rankingproblemsto be solvedusingthe original andthe augmentedlomain.
m: #timesarankingproblemis to be solved. For adeterministigplannerm = 1.
t ( k; «k; k): Time distribution for problemk while solving with the original
domain.Note, x = m. Moreover, ¢ > 0. Whenm = 1, ¢ = 1andso
k = 0.1f = 0, ary termsinvolving  areomitted.
2 2 2 2): Timedistributionfor problemk while solvingwith theaugmented
domain. Note, 0 2 m. Whenthe problemis notsohed(i.e, ¢ = 0),
9=1.Whenm =1, ? = Oorlandso { = 0.
t(;; )= = tk: Totaltime distribution for all the ranking problemswhile
solving with the original domain. This is a sumof randomvariables. Therefore,

= P xk=mn, = P, and?= P 2
ck = E: k. Probabilitythatproblemk is solvedusingtheaugmentediomain.

sk = k=( k + E): Normalisedgain/lossin meanwhile solvingproblemk with
theaugmentedlomaincomparedo while solvingwith the originaldomain.

st = k=( «x + ): Normalisedgain/lossin dispersionwhile solving problemk
with theaugmentediomain.if m = 1,s) = 0Oas y = { = 0.

Wk = k= : Weightof gain/lossin meanwith moreemphasi®nthelargerprobs.

w, = 1=n: Weightof gain/lossin dispersiorwith equalemphasi®nall probs.

w = = ( + ): Overallweightof gain/lossin meanw.r.t. totaltimet.

w®= =( + ): Overallweightof gain/lossin dispersiony.r.t. totaltimet.

px = 1 for gain, O for Ioss,% otherwise. The Students t-testat 5% signi cance
level onty andty determinesa gain or aloss. Alternatively, sign ( « 9 is
usedwhenm = 1 and/ort-testcannotbeusedbecause s arezero.

Figure4: A tness functionfor macroevaluation.

all ranking problemsare solvablé. Score measureshe
weightedmeantime gain/lossover all therankingproblems
comparedo whenthey aresolvedusingtheoriginaldomain.
Any gain/lossfor a larger problemgetsmoreweight. Point
measureghe portion of the ranking problemssolved with
theaugmentedomaintakinglessor equaltime comparedo
whenthey aresolvedusingtheoriginaldomain.Note, in the
tness function, Scoreplaysthe mainrole while Cover and
Pointmostly counterbalancary misleadinglyhigh value.

Althougha deterministigplannertakesthe sametime and
returnsthe sameplan every time a problemis solved, a
stodhasticplannertakesvarying timesandreturnsdifferent
plans.For astochasti@lanneraproblemis thereforesolved
anumberof timesandarandomvariableha/igg parameters
(sample-count, mean , dispersion = = )isusedto
representhetime distribution. Notice that, mostcalculated
valuesarenormalisedn [0,1]. The notionusedin compu-
tation of sy ands‘k) will beclearfrom their valuesat certain
points(e.g., sk = 1, %,andOfor E: 0, k,andl respec-
tively). Moreover, its non-linearcharacteristiés suitablefor
a utility function. Note, the utility valuesassignedo the
macrosarenotabsolutdn ary sensethey areratherrelative
to therankingproblemsandthe plannerused.

Pruning and Validation

During macrogenerationWizard adoptsa numberof prun-
ing stratgiesto discardseeminglyinferior macros. To en-

3By solvability we mean,using the original domain,whether
theplannercansolve the problemwithin givenresourcee.g. time,
memory etc.)limits. Whetherthegoalof aproblemcanbeattained
in agivencontet is discussedinderthetermreadability.

sureirrelevant actionsare not part of a macro, it checks
for sharedparameterqif arity is non-zero)betweencon-

stituentactions.It doesnotenforcecausalinks betweerac-

tionsbecaus¢hey overrulepossibleconcurrencieandauto-
correlationswithin a macro. Wizard prunesout incoherent
macrosthat have oppositeliterals in their resultantprecon-
ditions and effects; macrosthat have othermutually exclu-

sive literals are however not prunedout. To avoid repeti-
tions, Wizard checksfor duplicateandequivalentmacros(a

few equivalentmacrosareshawvn in Figure5); it thuseval-

uatesonly new macros.Wizard alsodetectdnferior macros
during their evaluation. Bad macroscausefailure to solv-

ing a problemwithin given resourcelimits. Wizard vali-

datesplansproducedwith macros(asneeded).The reason
is certainmacrossometimesauseplannersto producein-

valid plans(probablydueto bugs).

SameResultantAction
(pick ?b1left in)
(movein out)

(move outin)

(pick ?b2rightin)

SamePartial Order
(pick ?blleft in)
(pick ?b2rightin)
(movein out)

DifferentParameterisation
(pick ?b3left in)
(movein out)
(drop?b3left out)

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

Figure5: Equivalentmacrosin the Gripperdomain.

Macro Space
Referto Figure6. Coheentmacroshave constituensctions
suchthatthey canbe successfullyappliedin orderby satis-
fying their preconditionsaccordingly Although macrosare
collectionsof actions,not all actioncollectionsproduceco-
herentmacros. The macrospacethereforeincludesother
macrosthatareincoheent Observablenacrosarea subset
of coheentmacros.Observablanacrosarecoherenbut are
foundin or obsenedfrom agivenmacrogeneratiorsource.
Themacrogeneratiorsourcefor Wizardis agivencollection
of plansproducedby the givenplanner.

(pick ?b2rightin)
(pick ?blleft in)
(movein out)

(pick ?blleft in)
(pick ?b2rightin)

N CoherenMacrosC IncoherenMacrosl

\
ObsenableMacrosO | Non-obserable
O C

Non-obserable
IncoherenMacros
O[ N=M

IfC=M
= / =
N Nel N C=0[Nc I =N,

I CoherenMacros

e

\

Figure6: EntiremacrospacgM ) asconsideredy Wizard

Figure 7 shows three plansof a single problemin the
Gripperdomain. Thereareotherpossibleplanswith differ-
entactionsequenceandusing differentgrippers. Consid-
ering possiblepartial orderingsof the actionsin the plans,
CoherenMacroCLlis obsenablefrom PlanA, but notfrom
PlanB andthe corverseholdsfor CoherentMacro C2. In-
coherentMacro| however cannotbe obseredin ary plans
possible.In generalcertainactionsequenceareobsenable
only in (or not obsenableat all from) certainplansof the
sameproblemor the otherproblemsn thedomain.

Deterministicplanners(e.g. FF) producethe sameplan
every time a problemis solved; the plansthusexhibit only
certainpatternge.g. FF produceglanshaving thesequence
shavn in PlanA in Figure 7). Randomisedlanners(e.g.
LPG) producedifferentplansin differentrunsfor the same



PlanA PlanB PlanC
(pick ?bl left in) (pick ?blleft in) (pick ?b1lleft in)
(pick ?b2 right in) (movein out) (movein out)
(move in out) (drop?b1lleft out) (drop?b1lleft out)
(drop?b1lleft out) (pick ?b3left out) (move outin)
(drop?b2right out) (move out in) (pick ?b2rightin)
(pick ?b3left out) (drop ?b3 left in) (movein out)
(move outin) (pick ?b2rightin) (drop ?b2right out)
(drop?b3left in) (move in out) (pick ?b3left out)
(drop?b2right out) (move outin)

(drop?b3left in)

CoherenMacroC1

CoherenMacroC2

IncoherenMacrol

Obsenable in Plan A

Obsenable in Plan B

(pick ?blleft in) (move outin) (drop?bleftin)

(pick ?b2rightin) (drop?b3left in) (movein out)

(movein out) (movein out) (drop?bright out)
(move outin)

i B andC Notin PlanA andC Not obserableatall |
Figure7: Obsenableandnon-obserablemacros.
problem. Therefore,a numberof sampleplans (for each
problem) could capturedifferent possiblepatterns. How-
ever, the questionis how mary sampleplanscan capture
all possiblepatterns.The samequestionarisesfor anytime
planners(e.g. LPG again) that producea plan quickly and
continueto producebetter quality plans successiely. In
general,a thorough planner/domairspeci c analysisis re-
quired to ensurethat a given example collection encom-
passesll possiblepatterns. Thus, for a given randombut
nite collectionof plans,it is mostlikely thatcertainaction
sequencef.e. macrosyemainnon-obserable.

Most existing macro-learningnethodsexplore only are-
strictedpart of the macrospace(the obsenable macrosin
Figure 6); they do not considermacrolearningasa prob-
lem of searchingover all the macros. Notice thatonly the
operatorsextend split, delete andlift in Figure3 aresuf-
cientto exploreobsenablemacrog(i.e. macroghatoccurin
plans).Many recentplannersselectsuccessaoactionshastily
withoutconsideringevenreasonablypetterchoices)etalone
every possibleoption available. Most learning methods
useexample problemsthat do not necessarilycapturevar-
ious choicespossible. Searchingnon-obserable coherent
macrosprovidesoneway to testthe unexploredchoices.

Interestinglynon-obserableincoherentmacroyseeFig-
ure 6) can also be useful during search. An incoherent
macro might be applicablein the relaxed plan spaceand
yield a more useful heuristic distanceestimatethan could
beachiezedwithoutit. More generallyanincoherenmacro
might offer searchguidancedespitebeinginexecutablglike
theseconddropactionof theincoherentnacroin Figure7).
Note, plannersassumecoherentdomaintheory and do not
checkcorrectnessf anactionmodel. Also note,macrosare
for automatedlannersnot for humans.Therefore adding
incoherenmacrogo thedomaindoesnotdestrg theclarity
of thedomainto the humansaslong asthey do notcausen-
valid plansto be produced.Wizards motivationis to speed
up planning,evenif themacrost learnsto achieve thatgoal
arenotintuitively naturalor areactuallyinexecutable.

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

learning; which meansno nev macrois generatedurther
The macro-setfearning processusesthe geneticoperators
shavnin Figure8 to producemacro-setsNoticethattheop-
eratorsaremostly differentsetoperatorsthey producevari-
ousneighbourhoodetsof a givenset;othermotivationsare
the sameaswork behindthe geneticoperatorson macros.
To generatanmacro-setsgeneticoperatorsare selectedan-
domly following given probability distributions. Note, only
gatheroperatoiis usedto initialisethemacro-sepopulation.
Also note, the operandmacro-setsalways come from the
current populationwhile operandmacrosrandomly come
from the suppliedmacrosor from the constituentmacros
of the macro-setsn the currentpopulation. To evaluatea
macro-set.an augmentealomainis producedy addingto
the original domainthe resultantactionsof all the macros
in the macro-set;the restof the procedureis the sameas
describedor macroevaluation.

? eachletterrepresents macro;eachstringrepresenta set
Macro-Sets| NPQj QRST]j Operanddor theoperators |

Add MNPQj MQRSTj Add M to amacro-set
Drop NPj RSTj Drop Q from amacro-set
Change NPW | QRWT j Replacea macroby W
Conjoin NPQRST] Union of thetwo macro-sets
Disjoin RT j QSj Split QRSTinto two macro-sets
Exchange | NSTj PQR]j Exchangenacrosbetweer? sets
Gather UVW ] XYZ j Accumulatemacrosrandomly

Top JKL j Individually top performingmacros
Figure8: Geneticoperatordor macro-setmanipulations.

Requirementsand Limitations
1. Theseedingproblemsmustbe solved by the planner For
propertime gain measurementandto keepthe training
time within limits, therankingproblemsshouldbe solved
by the plannemwithin reasonabléimes(e.g.0.5-10secs).

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

3. Macros normally provide additional choicesand have

more parameterghan actions(and so huge numbersof
groundedactions).Macrosthathave muchmoreparame-
tersthanactionsthereforeturn outto be useless.

4. Fromlearningperspectie, training andtestingproblems

must have common characteristicsithis is to facilitate
bothgeneralisatiomndexploitation of knowledge.
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