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Abstract
Domainre-engineeringhroughmacro-actiongi.e. macros)
provides one potentialavenuefor researchinto learningfor
planning. However, most existing work learnsmacrosthat
arereusableplan fragmentsand so obserable from planner
behaiours online or plan characteristicef ine. Also, there
arelearningmethodsthat learn macrosfrom domainanaly-
sis. Neverthelessmostof thesemethodsexplore restricted
macrospacesndexploit speci ¢ featuresof plannersor do-
mains.But, thelearningexamples gspeciallythatareusedto
acquireprevious experiencesmight not cover mary aspects
of the systemor might not alwaysre ect thatbetterchoices
have beenmadeduring the search. Moreover, ary speci c
propertiesarenotlik ely to becommonwith mary plannersor
domains.This paperpresent@anof ine evolutionarymethod
that learnsmacrosfor arbitrary plannersand domains. Our
methodexploresa wider macrospaceandlearnsmacrosthat
aresomeha notobsenablefrom the examples.Our method
alsorepresenta generalisednacrolearningframework asit
doesnot discover or utilise ary speci ¢ structuralproperties
of plannersor domains.

Intr oduction
Planninghasachieved signi cant progressin recentyears
from planningcompetitions Thefocusof planningresearch,
however, lies mostly on developing planningtechnologies
while theimpactof problemformulationonits solutionpro-
cessremainsoverlooked. Re-engineering domainby util-
ising knowledge acquiredfor a plannerpavesthe way for
furtherresearchn this direction. Macro-actionsywhenrep-
resentedasadditionalactions,areonerelatively corvenient
way by which to corvey suchknowledgeand achiere do-
main enhancementsWithin currentlimits of the Planning
DomainDe nition Languageg(PDDL), ary knowledgecan
be corveyed only by additionalactionsandpracticallyonly
in STRIPSandFLUENTS subsetof the PDDL.

A macio-action or macio, is a groupof actionsselected
for applicationat onetime like a singleaction. So, oneap-
plication of a macroleadsto planningof several stepsat a
time. Macroscouldrepresenplanfragmentghatarefound
with enormoussearcheffort or arefrequentlyused.Macros
could capturelocal searchto nd bettersuccessonodeses-
pecially when the immediatesearchneighbourhoods not
good. Macroscould affect neighbourhoodevaluationand
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thustake the searchin a differentdirection. Consequently
a goal could be reached quickly and problemsthat are un-
solvablé could becomesolvable Whenmacrosareadded
into adomainasadditionalactions,no plannemaodi cation
is neededalso,thereadability of a problemis notaffected.
But they causemore preprocessingime and incur an ex-
tra overheadfor the plannersaddingmore branchesn the
searchtree.However, thelatterproblemis minimiseddueto
the useof atechniquecalled helpful action pruning (Hoff-
mann& Nebel2001)by mary recentplanners.
Motivations. Most existing work learnsmacrosfrom do-
mainanalysisor reusablelanfragmentgseethesectionde-
scribingrelatedwork). Only macrosthatencapsulatstatic
domainpropertiescanbe learntfrom domainanalysis.The
reusableplan fragmentscan be capturedfrom online plan-
nerbehaioursor of ine plancharacteristicsAlthoughour
otherwork in (Newton etal. 2007)shaved variousmacros
thatimprove performanceould belearntsuccessfullffrom
plans using no speci ¢ structuralknowvledge, most exist-
ing work somehav exploits particulardomainor planner
properties. However, during search the plannersoften get
overwhelmedby the numerousgroundedactionsavailable
ateachnode. In thesesituations they adoptpruningstrate-
giesthat help them selectnext stepsvery quickly. While
making suchcursorymoves,the chanceof not considering
all potentiallygoodoptionsremainshigh. Suchhastydeci-
sionsthusdo not alwaysre ect the betterchoicesavailable.
Furthermorethe exampleproblems,usedfor macroacqui-
sition, might not cover mary aspectof the systemaswhat
problemsmale a good collectionis not easily addressed.
Neverthelessmostof the existing methodsexplore macro
spaceshatare,in effect, restricted.Thereforethemainmo-
tivation for this work is to explore the macrosthatarenor
mally notconsideredndsonotobsenable.An evolutionary
algorithmwith its rich operatorcollectionandsearchdirec-
tion could help muchin this regard. Anothermotivation of
this work is to maintainthe generalityaboutplannersand
domainghatour aforementioneavork obtained.Thisis be-
causeary speci c propertiesare not likely to be common
with awider rangeof plannersor domains.

1By solvability we mean,using the original domain, whether
theplannercansolve the problemwithin givenresourcege.g. time,
memory etc.)limits. Whetherthegoalof aproblemcanbeattained
in agivencontet is discussedinderthetermreadability.



Contribution. This paperpresentsan of ine evolutionary
macrolearningmethodthat works with arbitrary planners
anddomains. Given a planner a domain,anda numberof
exampleproblems our methodlearnsandsuggesténdivid-
ualmacroghatareto beincludedpermanentlyn thedomain
as additionalactions. The main highlight however is this
methodcanlearnmacroghatarenotobsenrablefrom exam-
ples;thereasongould be they arenot normally considered
and/orthe examplesdo not cover the aspects. This work
successfullyshavs that suchmacrosare alsousefulandin
mary casesaresuggestedyasedn ourevaluation,overthe
obsenable macros. Another highlight is this method,un-
like existing work, doesnot exploit ary speci ¢ structural
propertiesof plannersor domains.The desirableaspectof
our methodare dueto the useof an evolutionaryapproach
asour learningtechniqueand plansas the sourceof con-
stituentactions. On one hand,plansinvariably re ect suc-
cessfulchoicesof actionsby the plannerandso bearinher
ently the characteristicef the planneror the domainespe-
cially thatled to the solution. Evolutionaryalgorithms,on
theotherhand,areautomatidearningmethodghatnotonly
cancaptureobsenrablefeaturesof a systemusingno explic-
itly speci ¢ knowledgeaboutit, but alsocanevolve other
inherentfeatures We have achiered corvincing resultswith
severalplannersanddomains.

Overview. For the sale of corvenience,macrosare rep-
resentecboth as sequencesf parameterisedand so gen-
eralised)constituenfctionsandasresultantactionsbuilt up
by regressiorof theactionsin thesequencediVhile building
macrosfrom scratchor lifting from plans,or evolving from
other macros, plans of smaller problemg, called seeding
problems are usedasthe sourceof constituentactions. A
rich collectionof geneticoperatorss usedio exploreawider
macrospacewnhichincludesobsenablemacrosaswell. The
evaluationof macrosis doneagainstotherlarger but solv-
able problems,called ranking problems Theseproblems
are,however, nottoo large becausehey areattemptedo be
solvedfor every macro.Also, they arenottoo smallbecause
time gains cannotbe measuredroperly for smallerprob-
lems.The tness functionis basen aweightedaverageof
thetime gainswhile solving the ranking problemswith the
macroaugmentecdiomainand the original domain. After
the learningis accomplishedyet anothersetof moredif -
cult problems(which might include unsohable instances),
calledtestingproblems areusedto demonstratehe perfor
manceof theselectedndividual macros.

The rest of the paperis organisedas follows: the next
threesectionsgliscussvolutionaryalgorithms relatedwork,
and an evolutionary approachof learningmacros,the last
two sectiongliscussour experimentsandconclusion.

Evolutionary Algorithms

An evolutionaryalgorithmkeepsa populationof goodindi-
viduals,generates new populationfrom thecurrentoneus-
ing agivensetof geneticoperatorslt thenreplacesnferior
currentindividuals by superiornew individuals (if ary) to
getabettercurrentpopulationwhichis again usedto repeat

2By problemsizeor dif culty level we mean thetime required
by thegivenplannerto solve theproblemwith theoriginaldomain.

the procesauntil theterminationconditionis met. In a par
ticular problemcontet, anindividual is takenfor a solution
(macroin our case);which meansevolutionary algorithms
areanoptimisationbasedmulti-point searchon the solution
space Moreover, nenly generatedndividualsareotherpos-
sible solutionsin the neighbourhoodf the currently kept
solutionsandarichercollectionof geneticoperatorexplore
morepossiblesolutions. The requirement®f an evolution-
ary algorithmare a suitableencodingof the individuals, a
methodto seedtheinitial population,de nitions of the ge-
neticoperatorgo generateew individualsfrom the current
population,anda methodto evaluateindividualsacrosshe
populations.Notethat, by satisfyingsuchrequirementsthe
speci ¢ knowledge,we give, is actuallygenericin planning
andby noway speci ¢ to aplanneror adomain.

Evolutionaryalgorithmshave producedoromisingresults
in learningcontrol knowledgefor domainsand somesuc-
cessin generatingplans. EvoCK (Aler, Borrajo, & Isasi
2001) evolved heuristicsgeneratecoy HAMLET (Borrajo
& Velos01997)for PRODIGY4.0 (Velosoetal. 1995)and
outperformedoth of them. L2Plan(Levine & Humphrgs
2003) evolved control knowledge or policies that outper
formed hand-codedolicies. Spector using evolutionary
algorithms, managedo achiese plansfor small problems
having a rangeof initial and goal states(Spector1994).
SINERGY (Muslea1998) could only solve problemswith
speci ¢ initial and goal states. GenPlan(Westerbey &
Levine 2000)shavedthatevolutionaryalgorithmscangen-
erateplans;but it is someavhatinferior thanthe state-of-the-
art planners. Recently we have usedan evolutionary ap-
proachsuccessfullyto learnmacrosfrom plansfor arbitrary
plannersanddomains(Newton et al. 2007). Evolutionary
algorithmshave alsobeenusedto optimiseplansin (West-
erbeg & Levine 2001).

Related Work
Macros are not very new in planningresearch. STRIPS
(Fikes,Hart,& Nilsson1972)generatemacrosrom unique
subsequencesf wholly parameteriseglans. REFLECTS
(Dawsoné& Siklossyl977)macrosarebasedn causalinks
betweenactionsin the domain. MORRIS (Minton 1985)
learnsmacrosfrom planfragmentghatarefrequentlyused
or achiere interactinggoals. Macro ProblemSolver (MPS)
(Korf 1985)learnsacompletesetof macroghattotally elim-
inatesthe searchbut only for a particulargoalin x edsize
problemsof domainsthat exhibit operatordecomposabil-
ity. MACLEARN (lba 1989)learnsmacrosfrom actionse-
guenceghatleadthe searchto reacha peakfrom another
peakin its heuristicpro le. It thenusesanautomatedtatic
Iter basedon domainknowledge and a manualdynamic
Iter basedon usage®of macrosin plans. MARVIN (Coles
& Smith 2007) learnsmacrosfrom the plan of a reduced
versionof the given problemafter eliminating symmetries
andalsofrom the actionsequencethat help the searches-
capeplateausin its heuristicpro le. Macro-FF(Boteaet
al. 2005)learnsmacrosby usingcomponentevel abstrac-
tion basedon static factsof a domainand also by partial-
orderlifting from plansbasedn ananalysisof causalinks.
It thenevaluatesthe macrosby solving otherproblemsand
countingthe numberof statesexplored. A very preliminary



stageof this work is reportedin (Newton, Levine, & Fox
2005). Also, a similar approach(Newton et al. 2007)is
presentedater that learnsmacrosoccurringin plansonly
for arbitrary plannersand domains. However, this work is
differentfrom ary of the above in exploring the spaceof
non-obserablemacrosandshaving thatsuchmacroscould
be suggestedver obsenableones.

An Evolutionary Macro Learning Method
Ourlearningmethodis describedn Figurel whereindivid-
ualsaretakenasmacros.Its implementatiorissuesnclude
representationgenerationand evaluationof macrosalong
with validationandpruningtechniquego reduceary effort
wastage. Becauseof spaceconstraintswe describethem
very brie y. For further details,we refer the readerto our
otherwork reportedin (Newton et al. 2007). Thesetwo
implementationsonly differ in geneticoperatorsusedand
pruningstratgiesadopted.This work hasarich collection
of operator&ndusespruningstratgjiesasfew aspossibleto
facilitateexplorationof awidermacrospaceln contrastthe
otherwork hasa restrictedoperatorsetand more stringent
pruningrulesto explore macrosoccurringin plansonly.

1. Initialise the populationandevaluateeachindividual to assigna numericalating.
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 individual failed.

3. Suggesthebestindividualsasthe outputof the algorithm.
Figurel: An evolutionarylearningmethod

Macro Representation.Macrosarerepresentetdothasse-
guencef parameterisedand so generalisedonstituent
actionsandasresultantactionscomposedip by regressior
of actionsin thesequencesGeneticoperatorareappliedon
theoperandnacrossequencandfrom theoutputsequence,
the resultantmacros actionis built. Had PDDL supported
macros,the actioncompositionwould not be requiredand
plannerscould easilyexecutea macrosequence.

Macro Generation. Macrosaregeneratedy usingthe ge-
netic operatorddescribedn Figure2. The operandactions
comefrom plansof the seedingproblemsand the macros
from the currentpopulation.All operandsre,however, se-
lectedrandomly To seedtheinitial macropopulation,only
lift andconstructoperatorsareused.Note,a subsebf these
operatorsthatincludeslift, extend,deleteonly atends,and
split, exploresmacrosobserablefrom plansandthusocca-
sionallydrivestowardscorvergence.

Macro Evaluation. For eachmacro,anaugmentediomain
is producedaddingit asanadditionalactionto the original
domain.For all therankingproblemstheplanneris thenrun

3Action compositionby regressioris a binary, associatie, and
non-commutatie operatioronactionswherethelatteractionspre-
conditionand effect are subjectto the former action’s effect, and
bothactions'parameterareuni ed. Regressiornis practicallyfea-
siblein STRIPSandFLUENTSonly.

? Lift: anactionsequencés randomlylifted asit appearsn aplan.
? Construct anactionsequencés built from scratchby picking
individual actionsup randomly
Extend anactionappearingmmediatenext/prior to a macrois
appendedattherespectre end.
Insert an action is insertedat a randomposition (including
ends)of amacro.
Delete anactionis deletedfrom a randomposition(including
ends)of amacro.
Alter: anactionreplace®nerandomactionof a macro.
Split a macrois split at one randomposition and either one
givestheoutputmacro.
Merge: two macrosequenceareconcatenatetbgetherto pro-
duceoneoutputmacro.
Crossaer. arandompre x of onemacrois concatenatedith a
randomsufx of anothemacro.

Figure2: Descriptionof the geneticoperators

both with the original domainand the augmentediomain
undersimilar resourcdimits. Theutility function,shavn in
Figure 3 is thenusedto give a numericalratingto the aug-
menteddomain(andso the macro)againstthe original do-
main. For agoodmacro,in qualitatve terms,mostproblems
(re ect by C) shouldbe solved taking lesstime (re ected
by S) in mostcaseqre ected by P) with its augmentedio-
main. A badmacro,in contrastwould causean overhead
thatleadsto longersolutiontimesor even failuresin solv-
ing problemswithin given resourcelimits. Good macros,
however, maynot have high usage becausdessfrequentbut
tricky macroscould save enormoussearchtime. The utility
functionis mainly basedon S which is a weightedaverage
of time gainsgiving largerproblemanoreweight. Theother
factorsareto counterbalancary misleadinglyhigh value.

Macro Pruning. A numberof stratgies are adoptedin
Step2(a)i of the learningmethodin Figure 1; theseprune
generatednacrosbeforeevaluation. Action sequencethat
have subsequenceproducing null effects are not mini-
mal. Action sequencediffering only by parameterisation
or equvalentin partial order are consideredas samese-
guence.Maximum sequencéength and maximumparam-
etercountare x edby givenbounds.Early detectionof in-
ferior macrosduring evaluationin Step2(a)ii in Figure 1
saveslearningtime neededtherwiseto solve theremaining
problems. Failure to solve a problemusingthe augmented
domainwithin certainlimits whereast is solvableusingthe
originaldomainimpliesthemacrois causingnuchoverhead
andresourcgtime, memory etc.) scarcityto theplanner

Otherstringentstratgieslik e causallinks or commorpa-
rametes betweenconstituentactionsare not adoptedal-
thoughthey ensurecohesvenesf constituentactionsand
alsooversedrrelevantactionsarenot partof amacro. This
is becauseour interestis to learn ary macrosthat help
speeduphe search.A macromight have somehelpful auto
correlationsbetweenits constituentactions. Even a macro
notusablein ary plansmight be helpful in the search.
Macro Validation. Pruning strateies help detectinvalid
macrosduring their generationand also during their eval-
uation. Furthermore plansproducedwith the augmented
domainsarevalidatedasneededo detectmacroghatsome-
how causenvalid plansto be produceddy the planner



u= Cc s P C= p. c=n
= Llifc=0 S=w J_; skwk + w® o sdw
= 1 if invalid plansproduced | P = {_; px=n
Where,
n: Numberof rankingproblemsto besolved.
m: Numberof timesarankingproblemis to be solved. For adeterministicplanner
m = 1. A stochastigplannerproducedifferentplansin differentrunstaking
differenttimes. Thereforelarger m, preferably 5, givesa time distribution
t(sample-count , mean , dispersion = =) for suchplanners.
te ( k; «k; k): Time distribution for problemk while solving with the original
domain. Note, eachproblemis solved m timeswith the original domaini.e.,
= m. Moreover, ¢y > 0. Whenm = 1, ¢ = landso ¢ = 0. If
= 0, ary termsinvolving ¢ areomitted.

domain. Note, 0 2 m. Whentheproblemis notsohed (i.e, o = 0),
=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,

- n - - n 2 _ n 2
= k=1 k — mn, - k=1 kyand = k=1 k-

k
k

2 2; 9; 2): Timedistributionfor problemk while solvingwith theaugmented
o
0
K

ck = E: k. Probabilitythatproblemk is solvedusingtheaugmentediomain.

sk = k=( k + @): Thenormalisedgain/lossin meanwhile solving problemk
with theaugmentediomain.Note,sy = 1, %,andofor ﬂ =0, k,andl .

sﬁ = w=(k + If): Thenormalisedjain/lossin dispersiorwhile solvingproblem-
k with theaugmentedlomain.If m = 1, SE is de ned to be 0 andomittedas

= 2= 0.Note,s) = 1,%,and0for { = 0, «,andl .

I =

W k= : Weightof gain/lossn meangiving moreemphasi®nlargerproblems
WE = 1=n: Weightof gain/lossin dispersiorgiving equalemphasisnall problems
w = = ( + ): Theoverallweightof gain/lossin mean.

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

px = 1 for gain, O for loss, % otherwise. The Students-testat 5% signi cance
level onty andtﬁ determines gain or aloss. Alternatively, sign( « E) is
usedwhenm = 1 and/ort-testcannotbe usedbecause s arezero.

Figure3: A utility functionfor macroevaluation

Experiments

To demonstratesuccesdor arbitrary planners,we choose
several planners- FF, VHPOR SGPLAN, and FastDown-
ward (FD). The plannershave different basic characteris-
tics and are currentstate-of-the-arbnesin their respectre
tracks. The domainschosenare somenenv domainswrit-
tenbasedn benchmarkdomainsusedin planningresearch
(seeFigure 4) althoughwe have someresultsdirectly on
existing domainslike Blocks, Satellite,and Ferry This is
becauseplannerscould be over- tted with the benchmark
domainsandwe wantedto investicatehow they performon
newver domainswith or without macros. Anotherreasonis
most candidatebenchmark domainsare smallerand sim-
pler(e.g. transportatiomomains)ortoolarge(e.g. Settlers).
Neverthelessthe new domainsposesufcient challengeto
thestate-of-the-anpplannersaasseerfrom Figure6 and7. As
notedbefore theproblemausedto demonstratperformance
of thesuggestednacrosarethetestingproblems.For asug-
gestednacro thetestingproblemsaresolvedusingboththe
original domainandthe augmentediomain.

Results. Figure5 describeghe typical setupof our exper
iments. The parameteraluesin mostcasesare chosenin-
tuitively. Becauseof spaceconstraintsfFigure6 shavs the
plantimesof someof the macrosgraphicallyfor quick un-
derstanding.However, Figure 7 summariseperformances
of the suggestednacrosfor all plannerdomainpairs. Note,

Blodksdomainhasanarmthatpicksanddropsblocksto build stacksonatable.
Satellitedomaindealswith anumberof satelliteshatcantake imagesof targetsin
variousmodesandtransmitdatato thebase PSatelliteandNSatelliteareits propo-
sitionalandnumericalversions.The numericalversionhasadditionalconstraints
on buffer capacity

Railwaydomain(10 actions)is areducedversionof the Settlersdomain.Only the
railway constructiorparthasbeentakenwith relevantstructuresadded PRailvay
andNRailway representgts propositionaendnumericalmodelsrespectiely.
Reliefwork(12 actions)is a transportatiordomainbasedon disastermanagement
scenariosn ood affectedareas. Victims are to be attendedby a patrol boat.
Dependingn avictim's need arelief packis delivered,or a pickupboatis called
to take him/herto a shelter or an amhulanceboatis calledto take the victim to
a hospital. PReliefwork and NReliefwork are respectrely the propositionaland
numericalversions.

NColeCale domain(10actions)}combinedwo problems-pouringand lling jugs
of certainvolumesto measurery volumeandputting x edweightson andoff on
ascalebothadditively andsubtractvely to measurery weight.

Figure4: Domainsusedin this work

all the macrospresentechere(in rst ve charts)arenon-
obsenableandarebetter(asour learningmethodsuggests)
than the bestobsenable macros. For the time being, we
put emphasison the prospectof exploring non-obserable
macrosand do not shav their performancecomparison
acpinstobserableones;however, the lastchartin Figure6
shavs suchresultsin PSatellitedomainfor planne’vVHPOPR

Numberof randomproblems:Seedings, Ranking20, Testing50
Macrosizelimits: Maximumparameterd2, Maximumsequencéength16
Operatorselectionprobability: around10%for eachoperator
Samplecountfor a stochastiglannerto representhedistribution: 5

NN Y N N

Evaluationphasepruning: amacrois prunedout if morethan50% problemsor
runsareunsatisctory

Numberof epochs200Populationsize:2  numberof actions
Satishctoryreplacemenlevel: atleastl in every 50 consecutie epochs
Generatiorattempts maximum999999for every new macro

Limits: memory1 gigabyte time (secs)-seedingl0, ranking20, testing1800

NN Y N N

Computers'con guration: Pentium4, Linux, CPU3ghz,RAM 2gb
Figure5: Experimentaketup

Analysis. For a comprehensie analysisof this work, the
qualitative achieementsare presentedas hypotheseswith
properjusti cation madeby theresults.

Hypothesisl Our utility functionis qualitativelyconsistent
acrossgivenproblemsdomainsandplanness.

Justi cation: As mentionedearliet the exactutility values
assignedo the macrosarerelative to the rankingproblems
and the plannerused. Therefore,it is necessaryo shov
the qualitatve consisteng of our utility function. For this,
we computedutility valuesof the suggesteanacrosagainst
the testing problems. For most macrosin most domains,
thesevaluesare positively correlatedwith the valuesas-
signedagainstrankingproblemsduringevaluation.Further
more,mary of the suggesteanacros(seeFigure7) achieve
signi cant improvementwith thetestingproblems. [

Hypothesis2 Wthout exploiting any speci ¢ knowledg
aboutplannes or domainspur methodcaneffectivelylearn
maciosthat are not observablédromplans.
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Figure6: Time performancef somesuggestednacros

S%problemsaresolvedonly with theaugmentediomainands%only with theoriginal domain.
T% problemstake lesstime with theaugmentedlomainandt% with the original domain.
L% problemshave lessplanlengthwith theaugmentedlomainand|% with theoriginaldomain.

(P%, p%)is (mean dispersionpf plantime (T ) performancd T orig Taug )=T orig
(Q%, q%) is (mean dispersionpf planlength(L ) quality (L orig L aug )=L orig
[ domain-plannemaco [ +S-s | +T-t [ P p [ +L-I [ Q q |

NCokeCale-FF-1 +28-0 +72-0 82 1 +62-10 4 0
NCokeCale-FF-2 +28-0 +72-0 82 1 +60-12 3 0
NCokeCale-SGPlan-1 +36-4 +28-10 -1 41 +12-26 -6 2
NCokeCale-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 00
NReliefWork-SGPlan-2 | +10-0 +80-0 88 0 +0-20 00
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
PRail\ay-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
PRail\ay-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
PReliefork-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
PReliefork-SGPlan-1 | +20-0 +54-8 44 5 +0-12 0 0
PReliefW\ork-SGPlan-2 | +36-0 +62-0 75 2 +0-60 0 O
PRelief\ork-VHPOP-1 | +16-0 +24-0 92 2 +0-2 0 0
PRelief\ork-VHPOP-2 | +12-0 +24-0 91 2 +0-2 0 0
VHPOR FD doesnot support-LUENTS; VHPOPcannotsolve ary PRailway problem

Figure7: Summarise@xperimentaresults

Justi cation: Our method usesa rich collection of ge-
neticoperatorgo exploreawider macrospacethatincludes
both obserableandnon-obserable macros.lts implemen-
tation doesnot useary planneror domainspeci ¢ knowl-

edgearywherein macrorepresentatiorgenerationyalida-
tion, andevaluation.Figure7 shaws that, for mostplanner

domain pairs, using our non-obserable macros,not only
canproblemsbe solved muchfasterbut alsomary unsolv-
able problemscanbe solved. Figure8 shavs how observ-
able macrosare transformedinto non-obserable macros;

thenon-obserablemacro(the middleonein the gure) was
not obsered from the examplesusedalthoughit could be
foundin plansof otherproblems. [

Hypothesis3 Non-observablenacios,as suggestedby our
method could helpimprove plannes' performance®n do-
mainssigni cantly and in many casesthey are suggested
overor betterthanobservableones.

Justi cation: This is the main result of this paperasiit
shavs non-obserable macrosareworth exploring. Results
presentin Figure 7 shavs suchmacrosin mostcaseshelp
plannersrun fasteron domains. As mentionedearlier all
thesemacrosare suggesteaver obsenable macros;asan
example thelastchartin Figure8 shavs performanceom-
parisonof the evolved-bestindthe obsered-besmacrosn
PSatellitefor VHPOR [

Hypothesis4 Thele exist catalytic macios that are not us-
ablein plansbut still helpspeedugsearch.

Justi cation: Thisis a very interestingresultfrom our ex-
periments. Catalytic macros,accordingto our obsenation
so far, have unsatis ablepreconditionsand incoherentac-
tion sequences.Although they cannotbe usedin plans,
they somehwv helpspeedugearch Ourinvestigationshovs
this is not necessarilydueto improvementsin the heuristic
values. Heuristicfunctionsnormally involve relaxed prob-
lem formulations which areinconsistentvith respecto the
givenformulations. We remarkcatalyticmacros,beingin-
consistenthemseles,aresomehav helpful in the heuristic
evaluations.In consequencesuccessonodeselectionis af-
fected;the searchis takenin a differentdirection; andthe
goalis found quickly. Figure8 shawvsthe rst actionin the
catalyticmacromalkesit non-usablén ary plans;however,
FF still runsfasterfevencomparedo theothermacrosn the
gure) usingthis macroin Blocks. Thereexist examplesfor
otherplannersanddomainsaswell. L]



(drop ?b5)

(unstack?b5?b0)  (unstack?b5?b0)  (unstack?b57?7b0)

(stack?b5?b2) (stack?b5?b2) (stack?b5?b2)

(pick ?b0) (pick ?b0) (pick ?b0)
(stack?b0?b5) (stack?b07?b5)

Figure8: Evolution of macrosin Blocksfor FF: obserable
to non-obserableto catalyticnon-obserable

Otherobsenationsandcommentsaboutour experiments
areasfollows:

1. Our non-obserable macroshave mixed effect on plan
length(see+L/-l in Figure7).

2. In essencethiswork is to shav thatsuchanevolutionary
approachworks successfully;its performances, there-
fore, not measuredn termsof its learningtime. How-
ever, Figure9 depictdearningeffort requiredfor planners
on domainsin this work. To speedup the learningpro-
cess,theintuitively chosenparameterge.g. population-
size, epoch-count,operatofprobabilities, replacement-
level, etc.) areto betuned.

3. Compositionof actionsis not, in essencea hardrequire-
mentof this work; hadPDDL supportednacrosamacro
couldbeexecutedor constructednline easily

T: traininghours,N: #macrosevaluated R: ratio of #generatedb #evaluated

T/N/R FF SGPLAN FD VHPOP
NCokeCale 77/1380/2 100/ 1460/ 3

NRailway 232/ 2560/ 2 209/ 3620/ 3

NReliefwork 66/3624/ 7 83/4272/10

PRailvay 233/ 2840/ 3 140/ 4000/ 8 90/ 4000/ 6

PRailvay 238/ 2208/ 6 121/3312/8 129/2160/ 3 142/ 1656/ 5

Figure9: Learningeffort: trainingtime, macrosevaluated,
andtheratio of macrogyeneratedo evaluated

Conclusion

This paperpresentsan of ine evolutionary macrolearning
method that works with arbitrary plannersand domains.
Most existing work, exploiting speci ¢ featuresof planners
or domains,learnsmacrosthat are obsenable from exam-
plesor from domainanalysis.But, the examplesmight not
cover mary aspectof the system,or might not alwaysre-
ect thatbetterchoiceshave beenmadeduring the search.
Macros learnt from domainsare mainly coherentlycon-
nectedor abstractiorbased;alsothey cannotcaptureprop-
ertiesof a plannerin use.Neverthelessmostof thesemeth-
ods explore restrictedmacrospaces.Our method,in con-
trast, exploresa wider macrospaceand learnsmacrosthat
aresomehav not obsenablefrom the examples.Moreover,
the learningmethoddoesnot discover or utilise ary spe-
ci ¢ structuralpropertiesof plannersor domains.We have
achieved a corvincing, and in mary casesdramatic, im-
provementwith a numberof plannersandseveral domains.
In summary this papersuccessfullydemonstrateshat the
non-obserablemacrosgventhecatalyticones helpachiere
signi cant improvementin a planners performanceso,ary
intuitive restrictionson the macrospaceasimposedby ex-
isting methods could be loosingmuch potentialof macros
in planning. As we consideronly individual macrosfor the
time being,we hopeto extendour approactio learninga set
of macroseitherincrementallyor usinga geneticapproach
on macro-setsin thelattercase the challenges to explore
bothmacrospaceandmacro-sespaceogether

Acknowledgement

This researchs supportedoy the CommonwealtiScholar
shipCommissiorin the UnitedKingdom.

References

Aler, R.; Borrajo,D.; andlsasi,P. 2001. Learningto solve prob-
lemsefciently by meansof geneticprogramming.Evolutionary
Computatiorf(4):387-420.

Borrajo, D., and Veloso,M. 1997. Lazy incrementallearning
of control knowledgefor ef ciently obtainingquality plans. Al
Review 11(1-5):371-405.

Botea,A.; Enzenbeger, M.; Miiller, M.; andSchaefer, J. 2005.
Macro-FF: Improving Al planning with automaticallylearned
macro-operators. Journal of Articial Intelligence Reseath
24:581-621.

Coles,A., and Smith, A. 2007. MARVIN: A heuristicsearch
plannerwith online macro-actioriearning. Journal of Arti cial
IntelligenceResearh 28:119-156.

Dawson, C., andSikloéssy L. 1977. Therole of preprocessing
in problemsolving systems.In Proceeding®f the International
Joint Confeenceon Arti cial Intelligence 465—471.

Fikes,R.; Hart,P; andNilsson,N. 1972.Learningandexecuting
generalizedobotplans.Arti cial Intelligence3(4):251-288.

Hoffmann, J., and Nebel, B. 2001. The FF planningsystem:
Fastplangeneratiorthroughheuristicsearch Journal of Arti cial
IntelligenceResearh 14:253-302.

Iba, G. A. 1989. A heuristicapproacto the discovery of macro-
operatorsMachine Learning3:285-317.

Korf, R. E. 1985.Macro-operatorsA weakmethodfor learning.
Arti cial Intelligence26:35—77.

Levine, J., and Humphregs, D. 2003. Learningaction strate-
giesfor planningdomainsusinggeneticprogramming.In Appli-
cationsof EvolutionaryComputing EvoWrkshops2003volume
2611,684—695.

Minton, S. 1985. Selectvely generalisingplansfor problem-
solving. In Proceeding®f the InternationalJoint Confeenceon
Arti cial Intelligence

Muslea,l. 1998.A generapurposeAl planningsystembasedn
the geneticprogrammingparadigm.In Proceeding®f the World
AutomationCongess

Newton,M. A. H.; Levine,J.;Fox, M.; andLong,D. 2007.Learn-
ing macro-actiongor arbitraryplanneranddomains.In Proceed-
ingsof the InternationalConfeenceon AutomatedPlanningand
Sdeduling

Newton, M. A. H.; Levine, J.; andFox, M. 2005. Genetically
evolved macro-actioinsn Al planning. In 24th Workshopof the
UK Planningand SdedulingSpecialinterestGroup (PLANSIG)

SpectorL. 1994.GeneticprogrammingandAl planningsystem.
In Proceedingf the Twelfth National Confeenceon Arti cial
Intelligence AAAI-94 1329-1334.

Veloso, M.; Carbonell,J.; Perez,A.; Borrajo, D.; Fink, E.;
and Blythe, J. 1995. Integrating planningand learning: The
PRODIGY architecture.Journal of Experimentaland Theoeti-
cal Arti cial Intelligence7:81-120.

Westerbeay, C. H., andLevine, J. 2000. GenPlan Combining
geneticprogrammingandplanning. In 19thWorkshopof the UK
Planningand SdedulingSpecialinterestGroup (PLANSIG)
Westerbey, C. H., andLevine, J. 2001. Optimisingplansusing
geneticprogramming.In 6th EuropeanConfeenceon Planning



