
Dir ecting a Portf olio with Learning �

Mark Robertsand AdeleE. Howe
ComputerScienceDept.,ColoradoStateUniversity

Fort Collins,Colorado80523
mroberts,howe@cs.colostate.edu
http://www.cs.colostate.edu/meps

Abstract

Algorithm portfolios are one approach designed to harness
algorithm bias to increase robustness across a range of prob-
lems. We conjecture that learning based on the previous per-
formance of a suite of planning systems can direct a portfolio
strategy at each of three stages: selecting which planners to
run; ranking the order to run the selected planners; and allo-
cating computational time to them. Our specific focus in this
paper is to examine ways to inform portfolio strategy by ex-
ploiting learned performance models. We cull the planners to
the non-dominated subset and rank them based on the mod-
els. Allocation is especially challenging for hard problems
because the run-time distributions typically exhibit heavy-
tails and high variance, both of which lower confidence for
run-time prediction. We examine a round robin allocation
strategy based on the run-time distributions of the planners.
Our results show that the portfolio can solve more problems
than any single planner and that it is faster than the average
successful planner.

Intr oduction
Understandingpreviousperformanceis oftena key to gain-
ing insight into algorithmdesignfor hardproblemssuchas
MAX-3SAT or classicalplanning.Algorithmstypically ex-
ploit problem-speci�cstructurefor suchproblemsthrough
a well-foundedor ad-hocintuition aboutwhatwill or won't
work. Forexample,Tabu searchis (in part)designedto over-
comeplateausin a searchspace. Meta-searchtechniques
that perform localizedor elitist restartsimplicitly leverage
the proximity of local and global minima ('big valleys').
But, it is well known that a problem-speci�capproachcan
leadto analgorithmthatdoeswell on oneproblembut fails
on otherproblemswith a markedly differentstructure.No
free lunch proofs help us understandthis observation, at
leastfor thediscretecase(Wolpert& Macready1997).

Portfolios are one way to transcendalgorithm bias and
maintainrobustnessacrossa rangeof problems(Huberman,
Lukose,& Hogg1997;Gomes& Selman1997).A sequen-
tial portfolio controlsthe run time of a suiteof algorithms
with a strategy that selects which algorithmsto run, ranks
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them,andallocates computationaltime to them. An ideal
strategy maximizessuccessand minimizestotal computa-
tion, sothestrategy mustbeaccurateandfast.

Our generaloutline for constructinga portfolio strategy
basedon learningfrom previous performanceis: 1) Con-
struct models to predict success using featuresextracted
from the domain,probleminstance,andstatespacetopol-
ogy. 2) Use thesemodelsto rank them. 3) Allocate time
basedon the run-timeperformanceof the algorithmson a
trainingset.

We followedthis strategy to constructa portfolio of plan-
ning systems. The InternationalPlanning Competitions
(IPCs)encourageavarietyof plannersthataremostlymade
publicly available. Although someplannersexcel in the
competition, no single planner can solve all benchmark
problems.This arguesfor a portfolio approach.In this pa-
per, we examineeachstageof theportfolio strategy by ad-
dressingtwo key questions:
1. The57 featureswe includedfor modelinghavecomputa-

tional costsvaryingby at leastfour ordersof magnitude.
Canwe selectfeaturesthatminimizetotal computational
costbut still maintainoverallmodelaccuracy?

2. We notethattherun-timedistributions(RTDs) for classi-
cal plannersareheavy tailed. In spiteof this, canwe use
theRTDsto relateportfolio quitting timewith con�dence
of success?

Thesequestionsfocuson waysto improve the learningac-
curacy andto betterleveragethelearnedmodels;we empir-
ically assessthemin the sectionsthat follow. A long-term
goal of this work is to usetheseanalysesto drive deeper
insight into the behavior of planningsystems.So we also
presentsomeresultsthataren't directlyusedin theportfolio
but providea foundationfor thisgoal.

RelatedWork
Portfolio learning was originally called the algorithm se-
lection problem(Rice 1976). Most portfolio strategiesuse
modelsof run-timethat arestaticallyconstructed(off-line)
prior to usein the portfolio, but somemodelsaredynam-
ically constructed(on-line) as the portfolio learnsa good
strategy. Thesemodelsare constructedwith one or more
featuresthathighlightdomainknowledge,probleminstance
characteristics,or structuralpropertiesof the searchspace.



Somefeaturesaremorecostly to computethanothersbe-
causethey constructspecializeddatastructuresor they di-
rectly probethesearchspace.Finally, thereis a difference
amongallocationstrategies.Someportfoliosselectthebest
algorithm in a winner-take-all approach,while othersdy-
namicallyreallocatecomputationalresourcesbasedonsolu-
tion quality measurements.Early portfolio-like approaches
suchas(Gratch& Chien1996)and(Minton 1996)learned
moreeffectiveapplicationof existing searchcontrolheuris-
tics.

Two portfolios in the literature incorporatean on-line
strategy. An early formulation useda measureof the ex-
pectedgainto selectamongthreecommitmentstrategiesin
searchfor partial plans(Fink 1998). More recently, Beck
andFreuderexamineda “low-knowledge” approachto al-
gorithm selectionthat usesthreesimple�rst-order features
of solution quality to reallocatethe remainingtime of the
portfolio (2004).

Most portfolios useoff-line analysisto relatefeaturesto
runtime. One of the �rst formulationsusedthe run-time
distribution of a Las Vegasalgorithmto calculatethe best
ratio for allocatingtime two two independentinstancesof
thatalgorithm(Huberman,Lukose,& Hogg1997). Gomes
and Selman(1997) explicitly computedthe value of mul-
tiple restartsof a stochasticalgorithm for the Quasigroup
CompletionProblem. Baptistaand Silva (2000) followed
observationsfrom (Gomes& Selman1997),but studiedse-
lectionamongdifferent randomizedalgorithmsto solve un-
satisfiable instancesof SAT. TheBusmeta-planner(Howeet
al. 1999)usedlinearregressionmodelsof computationtime
andsuccessto rank a setof classicalplanners;it allocated
run-timeusinga roundrobinscheme.

Lagoudakis,LittmanandParrexaminedarecursiveMDP
formulationto selectamongthreealgorithmsfor thecanon-
ical sortingproblem(2000). LagoudakisandLittman ex-
pandedthis work to selectan optimal policy of branch-
ing rulesin searchfor SAT (Lagoudakis& Littman 2001).
Horvitz et al. (2001)aswell asGuo andHsu (2004)both
usedinductive learningovera Bayesiannetwork of thefea-
turespaceto guidealgorithmselection.

Leyton-Brown et al. examine algorithm selection for
CombinatorialAuctions(2003a,2003b)and�nd that linear
regressionof the log time variablepredictedruntimequite
well; they alsocappedrunsthattooklongerthanamaximum
time. Nudelmanet al. extendthis work by creatingmodels
that predict runtime for uniform random3-SAT problems
and assemblinga SAT solver, SATzilla, for the 2003 and
2004SAT competitions(2004).

GuerriandMilano (2004)extendworkof (Leyton-Brown,
Nudelman,& Shoham2002)to selectbetweenIntegerPro-
grammingor ConstraintProgrammingfor the Bid Evalua-
tion Problem.Gebruersetal. (2004)extendthiswork to use
modelfreelearningbut it is unclearhow theresultscompare
to theirearlierwork. Gebruersetal.alsoexaminecasebased
learningasappliedto theSocialGolferProblem(2005).

Choosingappropriatefeaturesis a key issuefor algo-
rithm selection; it is preferableto identify linear or, at
worst, polynomial featuresfor a problem. Most of the
above strategiesmodelsimplefeaturesof thespeci�c prob-

Planner Authors[Date]
AltAlt-1.0 Nguyen,Kambhampati,Nigenda[2002]
BlkBox-4.2 Kautz,Selman[1999]
CPT-1.0 Vidal, Geffner [2004]
FF-2.3 Hoffmann[2001]
HSP-2.0 Bonet,Geffner [2001]
IPP-4.1 Koehler, Nebel[1997]
LPG-1.1 Gerevini, Serina[2002]
LPG-1.2 Gerevini, Saetti,Serina[2003]
LPG-TD-1.0 Gerevini, Saetti,Serina[2005]
Metric-FF-02 Hoffman,[2003]
MIPS-3 Edelkamp[2003]
Optop-1.6.19 McDermott,[2005]
Prodigy Velosoet al. [1995]
SystemR Lin [2001]
SAPA-2 Do, Kambhampati[2003]
Satplan04 Kautz,Selman[1999]
SGP-1.0h Weld,Anderson,Smith[1998]
SGPlan-04 Chen,Hsu,Wah[2004]
SimPlan-2.0 Sapena,Onaindia[2002]
SNLP-1.0 McAllester, Rosenblitt[1991]
STAN-4 Long,Fox [1999]
UCPOP-4.1 Penberthy, Weld [1992]
VHPOP-2.2 Younes,Simmons[2003]

Table1: Theplannersused,their authorsanddatesof their
publications.

lem instanceor the generalproblemfamily; thesefeatures
are often selectedfor their known (or suspected)correla-
tion with searchcost.Some,suchas(Gebruerset al. 2005;
?), usewrapperfunctionsto selectsubsetsof relevant fea-
tures. Onedynamicstrategy incorporated�rst andsecond
order runtimefeaturesto measuresolutionprogress(Beck
& Freuder2004).(Nudelmanet al. 2004)usedsearchprob-
ing to generatesearchspacefeatures.Thiswork, alongwith
(Leyton-Brown, Nudelman,& Shoham2002) also exam-
inesusingmoresophisticatedcombinationsof featuresfor
regression.

Experiment Design
We study23 classicalplanners,denotedin Table1, which
are composedof IPC competitorsplus non-IPC planners
to diversify the set of approachesrepresented. None of
theseplannerswas intendedfor usein a portfolio, though
ProdigyandBLACKBOX-4.2 areportfolio-like in their ap-
proach.

Classicalplannerswork in a varietyof searchparadigms
that obscure straightforward measurementof solution
progress. Many of the planners,thoughnot all, sacri�ce
completeness.Also, someplannerscanrun for an exceed-
ingly long timewithoutproducingasolutionor proving one
doesn't exist. Basedontheseobservations,weconstructtwo
classi�cationmodels:success andtime. Successpredictsa
binaryvariablewhile timepredictscomputationtimeneeded
for a givenplannerto completea givenproblem.Together,
theseoff-line modelswill form partof theportfolio strategy.



Statistics Characteristics Description
num operators
num predicates
min,mu,max params-pred arity for predicates
min,mu,max prec-oper predicates in precond.
min,mu,max post-oper predicates in effects
min,mu,max neg-post-oper negations in effects
num,ratio neg-post-oper actions over negative effects
req adl req. ADL
req cond-effects req. conditional effects
req derived-pred req. derived predicates
req disjunctive-prec req. disjunctive precond.
req domain-axioms req. domain axioms
req equality req. equality
req exist-prec req. existential precond.
req fluents req. fluents
req quant-pred req. quantified precond.
req safety-const req. safety constraints
req strips req. strips
req typing req. typing
req univ-prec req. universal precond.
num goals # of goals
num objects # of objects
num inits # of inits
min,mu,max tail-actions operators unifying to goals
num toggles pairs of clobbering actions
num invariant-pred disunified predicates
num,mu-p minima #,mean %
num,mu-
p,mu-
dia,mu-sz

benches #, mean %, diameter, size

num,mu-
p,mu-
dia,mu-sz

contours #, mean %, diameter, size

num,mu-
p,mu-
dia,mu-sz

solutions #, mean %, diameter, size

num plains-to-min plateaus leading to minima
num plains-to-ben plateaus leading to benches
mu-
dia,mu-sz

lm mean diameter/size of local
min

mu-p bench-exits % of bench exits
mu-med benches maximal edit distance

Table2: Thefeatureset: �rst two columnsform thenames
weusein thepaper;lastcolumnbrie�y describesthefeature.

The modelsare trained using observed plannerperfor-
manceon benchmarkproblems. We run all plannerson
3959STRIPSPDDL problemsfrom 77domains.Theprob-
lemsaretaken from Hoffmann's dataset(Hoffmann2004),
the UCPOPStrict benchmark,IPC sets(IPC1, IPC2, IPC3
EasyTypedandIPC4 Strict Typed)and37 otherproblems
from two domains(Sodorand Stek) that have beenmade
publicly available.Following typical timeandmemorycon-
straintsfrom the community, eachplanneris allowed 30
minutesand768Meg on 22 identicallycon�guredPentium
4 3.4Ghzcomputers.A planneris consideredto have failed
if it reaches30 minutes.No plannersolvesall theproblems
in theset;theplannerthatsolvesthemostproblemsachieves
73:9%success.

Type Min � Median Max
Domain& Instance 0 0.00028 0 .035
Interaction 0 5.203 0 5052
Hoffmann(1839) 0 2.187 0 1650

Table3: Computationcosts(in seconds)for featuresby type.

We use57 features(Table 2) that are automaticallyex-
tractedfrom problemanddomainde�nitions. Thesetstarts
with featuresfrom (Howeet al. 1999)and(Hoffmann2001)
andaddsothers. As shown in Table2, we divide the fea-
turesinto four categoriesof increasingknowledgeandcom-
putationalcost:domainspeci�c, instancespeci�c, actionin-
teractionandHoffmann's statespacetopology1 (Hoffmann
2001). In the table, 'mu' refersto the meanvalue; the re-
quired(' req') featuresare taken from PDDL requirements
annotationsfrom thedomain�les. We usetherequirements
asde�ned in theoriginalPDDL speci�cation(Ghallabet al.
1998).In practice,notall domainscorrectlyspecifytheirre-
quirements(Howe et al. 1999).However, enoughdo that it
mayprovideusefulinformationsincesomeplannerscannot
solveproblemswith certainrequirements(suchasADL).

WeusetheWEKA dataminingpackage(Witten& Frank
2005)to build themodels.We tried severaldifferentmod-
els from WEKA; to begin with, we focusedour work on
two simplemodelsthatworkedwell: OneRandJ48.OneR
selectsthe single featurethat yields the highestprediction
value on the training set. It provides two important de-
tails for us: �rst, it provides a very simple evaluationof
themostimportantfeaturefor thedata.This will beuseful
in later analysisof which featuresdistinguishplannerper-
formance. Second,it givesus a baselineagainstwhich to
judgemoresophisticatedmachinelearningtechniques.J48
is a simpledecisiontreebasedon Quinlan's C4.5;decision
treeswere usedfor prediction in (Gebruerset al. 2005;
Guo & Hsu 2004; Guerri & Milano 2004; Horvitz et al.
2001). By default, we use10-fold crossvalidationto train
andtestthemodels.

Feature Selection
Our �rst questionrelatesto identifying a subsetof features
that is cheapto compute. As shown in Table 3, the four
typesof featuresvary considerablyin their costto compute
overall problems.We computedtimesfor Domain/Instance
andInteractionfeaturesoverall problems,whichmeantthat
someof theInteractiontimeswerelongerthan30 minutes.
Calculatingthe topologicalfeaturesinvolvesanalyzingthe
full planninggraphinducedby the h+ heuristic,so we in-
cludeonly thesubsetof 1839problemsfor which this anal-
ysis is possible. We call the domainand instancefeatures
the'f ast' features.

Restrictingthe modelsto only fast featuressigni�cantly
extendsthe numberof problemsthat canbe modeled,but
alsoreducestheaccuracy. To assesstheimpactonaccuracy,
we computedtwo setsof J48models:onefor the full fea-
turesetusingthesubsetof 1839problemsaccessibleto all

1We thank Jörg Hoffmann for supplying the code.



FeatureSet
Problems/ Full Fast Fast-req
Metric � Sd � Sd � Sd
Subset

succ 96.63 3.42 96.03 4.08 95.85 4.08
time 96.16 5.80 95.97 6.17 95.98 6.14

All
succ – – 95.56 1.85 95.47 1.85
time – – 94.30 3.07 94.30 3.12

Table4: Comparingaverageaccuracy (% correct)for mod-
els with all features(Full), all fast features(Fast),andfast
without thelanguagerequirements(Fast-req).

req-typing = t
| req-adl = t: nil (1169.0/6.0)
| req-adl = nil
| | num-objects <= 29
| | num-objects > 29: nil (614.0/7.0)
req-typing = nil
| mu-prec-oper <= 6
| | num-inits <= 185
| | num-inits > 185: nil (25.0)
| mu-prec-oper > 6
| | min-params-pred <= 0: nil (202.0)
| | min-params-pred > 0

Figure1: The�rst threelevelsof thedecisiontreefor CPT-
1.0.This treehad103nodeswith 52 leaves.

featuresandanotherfor thefastfeaturesonly usingall prob-
lems.Table4 comparestheaccuracy resultsfor themodels
generatedfor the two metricsgiven the computablesubset
for trainingwhenusingeitherthefull featuresetor only the
fastfeatures.Thelasttwo linesin thetablealsoshow accu-
racy of thefaston thefull problemset.

Table 4 shows only minor degradationin performance
whenonly the fast featuresareused: slightly lower mean
andhigherstandarddeviation. A pairedsampleT-testcom-
paringclassi�cationaccuraciesfor Full andFastontheSub-
set is insigni�cant (p = 0:16) for time,but highly signi�cant
for success(p < :001) with anaveragedifferenceof 0.6%.
Thus,it doesnotappearthattheexpensive featuresarenec-
essaryto modeltimeandmarginally informativefor success.
A pairedsampleT-test betweenFast and Fast-reqfor all
plannermodelswasinsigni�cant for bothmetrics(p = 0:09
for successandp = 0:40 for time). Thus,theevidencesug-
geststhataddingthe languagerequirementsalsolackssig-
ni�cant impactonpredictionaccuracy.

Thedecisiontreesusingthe'req' featuresarequalitatively
differenteventhoughaccuracy didnotsigni�cantly increase.
Nine of the plannermodelsusea requirementas the root
feature(5 werereq-typing, 2 werereq-strips and
2 werereq-adl). In general,it seemedto be that lan-
guagefeaturesdistinguishedproblemsthatwerefurther re-
�ned by the otherfeatures.Figure1 shows an exampleof
this trendfor the�rst threelevelsfor CPT-1.0. Thefeatures
req-typing andreq-adl distinguishproblemsin the

�rst andsecondlayer, but thenotherfastfeaturesshow up
lower in thetree.Thelackof statisticallysigni�cant change
in accuracy with thestronguseof thesefeaturessuggestthat
thethey maybestronglycorrelatedwith otherfeatures.The
resultingdecisiontreesappearto have strongerexplanatory
power for our next stageof analyzingthetreesto betterun-
derstandwhatfeaturesdistinguishplannerperformance.

Quitting Time
Oursecondkey questionis whethertheamountof timeallo-
catedto eachplannercanbepredictedwith suf�cient accu-
racy to supportthe portfolio. We proposeusingthe RTDs
to arrive at a more informed allocation strategy that will
make gooduseof extra time whenjusti�ed. Table5 (left)
shows the log distributionsof time-to-successfor the non-
dominatedplanners.It is clearthatwe do indeedseeheavy
tails in mostof theplannerRTDs. 84.5%of theruns�nish
in lessthanonesecondwhile only 0.24%�nish in greater
than1000seconds.Failurestake muchlonger;73.9%take
lessthanasecondand10.7%takelongerthan1000seconds.
Over all runs,77.8%�nish in undera secondand6.9%�n-
ish in over1000seconds.

A simple and intuitive approachto using thesedatafor
allocationis to predict time with decisiontreessimilar the
successmodels.Usinglog-sizedbins,J48classi�esall prob-
lems(regardlessof success)acrossall plannerswith anav-
erageaccuracy of 94.3%(sdof 3.07).Thoughthesepredic-
tionshavehigh accuracy, thelargerbinsarenot informative
enoughto predictexactrun-timein theportfolio.

The predictionsmay also be uselessfor reasonsrelated
to using classi�cation. Recentwork from Leyton-Brown
et al. points out that regressiontechniquesare preferable
to classi�ers becausethey penalizelarge misclassi�cation
morethansmall ones(accordingto thestrengthof thedis-
tancemetricusedfor regression)andbecausethey don't rely
on arbitrary binning boundaries(2002). But previous re-
searchshowed simpleregressionmodelswerenot particu-
larly well suitedto predictingrun-timefor automatedplan-
ners(Howe et al. 1999). They usedweightedregression
over � ve standarddomainandproblemfeatures.Thosere-
gressionmodelsfailed to adequatelyexplain variancefor
runtime;theaverageR2 valuefor thesix plannerswas0.42
andvaluesrangedfrom 0.19to 0.76. We alsolookedat the
extentto whichtheclassi�erwasoff by onebin or morethan
onebin. 3% of theclassi�cationswereoff by onebin, 1%
by two bins,0.6% by threebins,and0.7effectof largemis-
classi�cationhaslessof animpactthanthearti�cial binning
boundaries.

Other issuesappearto make regressionlessappropriate
for our application.It isn't readily clearwhich features(or
weightingof featurecombinations)correlatewell with run-
time; a scatter-plot of thedatadid not revealdiscerniblere-
lationships.Regressionoversinglefeaturesdoesnotappear
justi�ed becauseof strongdeviationsfrom thenormalityand
varianceassumptions.(Nudelmanet al. 2004)proposetwo
potentiallyvaluableapproachesof usingafeaturespacethat
is the pairwiseproductof the original featuresand using
logistic models(we were alreadyconsideringexponential



Time-to-success Time Percentiles
1 10 102 103 104 TOTAL 0.8 0.85 0.9 0.95 0.96 0.97 0.98 0.99

SGPlan-04 2839 52 9 24 2 2926 0.0 0.1 0.2 0.4 0.5 1.0 3.0 15.3
IPP-4.1 2211 42 41 38 1 2333 0.0 0.0 0.1 1.3 4.2 18.6 50.2 173.7
LPG-TD-1.0 1858 144 111 46 4 2163 0.3 0.8 4.3 32.3 46.7 73.8 142.6 442.9
Satplan04 1064 129 66 62 7 1328 1.0 2.8 10.7 113.5 179.5 283.9 358.9 556.0
FF-2.3 2709 100 46 27 4 2886 0.0 0.1 0.3 1.9 3.9 6.6 27.0 104.7
Prodigy 876 68 28 13 1 986 0.7 0.7 1.2 7.0 11.3 24.7 48.4 203.8
UCPOP-4.1 730 156 109 99 15 1109 10.2 31.8 106.3 328.2 426.1 581.4 822.5 1187.3
BlkBox-4.2 1187 27 104 11 2 1331 0.0 0.1 12.0 13.9 15.8 23.8 41.9 90.1
Metric-FF-02 2598 145 53 18 2 2816 0.0 0.1 0.4 2.5 3.8 6.4 18.9 61.7
ALL 27878 2139 2176 711 80 32984 0.5 1.2 6.6 22.4 35.6 65.5 143.4 378.4

Table5: Time-to-success(left side)acrossthenon-dominatedplanners;theplannersareorderedaccordingto selectionby the
Greedy-Set-Cover. Theright sideshowsthepercentilesfor theplanners.

modeling). We plan to examinethis approachfor a better
predictionof run time.

A simpleobservationleadsto a remarkablysuccessfulal-
locationstrategy thatdoesnot useeitherof theabove anal-
ysesor models. As shown in Table 5 (right), all but one
achieve the80thpercentileat 10 seconds.At 100seconds,
one plannereachachieves the 89th, 94th, and 97th per-
centiles,� vereachthe98thpercentile,andthreeachievethe
99thpercentile.At 200seconds,six have reachedthe99th
percentile;eachincreaseof 100secondsraisesthepercentile
for all plannersrun. It follows thatwecanuseasteppedap-
proachfor allocatingtime andavoid any costof calculating
anoptimalrun time for eachplanner. Eachplannerstartsat
a point of highercon�dencethanthemedian,andgradually
reacheshighercon�dencefor eachadditionalround.

The Portf olio
Our portfolio strategy usesof�ine analysesto model suc-
cesswith decisiontreeclassi�ersandto selecta reasonable
cut-off for run-time. In contrastto recentresearchthatuses
more sophisticatedregressionor Bayesiantechniques,we
�nd that this approachguidesthe portfolio to solve more
problemsthanany singleplannerwhile at thesametimebe-
ing signi�cantly fasterthantheaverageplannertime.

As mentioned, we pruned the planners to a non-
dominatedsubsetbasedon successfulperformancesoasto
eliminatetheportfolio wastingtimeona subsumedplanner.
It is easyto seethis is a setcoveringproblem. We imple-
mentedGreedy-Set-Cover from (Cormenet al. 2003)and
foundthatat least14plannerscouldberemoved.

The portfolio begins with the setof plannersundercon-
siderationandranksthemaccordingto thesuccessmodels.
Ideally, wewouldobtainfrom thesuccessmodelanestimate
of P(solutionfoundjproblem,planner). Sincethe decision
treesdonotprovidethisdirectly, weestimateit usingcounts
from thepredictedleaf nodeof thetree.For example,if the
plannersuccessmodelreturnsaleafnodeindicatingsuccess,
we take theratio of successesto thenumberof instancesat
that leaf. In effect, we aremeasuringthecon�denceof the
leaf nodeover its trainingexamples.An obviousdrawback
to this approachis that the leavesareactuallypoorestima-
torsdueto pruning.Thoughit workswell in thisapplication,

it is admittedlyaratheradhocway to estimatetheprobabil-
ity; wedoplanto incorporatemoresophisticatedprobability
estimationtechniquesin futurework. We ranktheplanners
in decreasingprobability of successthenincreasingproba-
bility of failure.Thisensuresthattheportfolio triestheplan-
nermostlikely to succeed�rst andtheplannermostlikely
to fail last.

As in (Howeet al. 1999),theportfolio allocatestime in a
seriesof roundrobinstages.The�rst stagetriesthe�rst � ve
plannersfor tensecondseach;wechosethe�rst � vebecause
it is half of theplanners.Thesecondstagestartsat thetopof
therankingandrunsall plannersup to 100seconds.Every
stagethereafteradds100seconds.Theportfolio stopswhen
1) a plannersucceeds,2) no plannersare alive to run, or
3) max-timeis exceeded,wheremax-timeis thesamemax
run-time(30 minutes)of any individualplanner.

Portfolio Performance
Our long-termgoal in examiningtheportfolio performance
is to understandwhy the portfolio selectedone algorithm
over anotherfor a particularproblem;that is, what features
andperformanceindicatorsdistinguishplannerperformance
for particularproblems.In this paper, however, we startby
examiningthe raw numberof problemssolvesby theport-
folio andits robustnesson unseenproblemsascomparedto
thebestandaverageplannerperformance.Werandomlyse-
lected90%(3565)of theproblemsfor trainingtheportfolio
models;theremaining10%(394)of theproblemsareused
for testingtheportfolio. Of this 394problems,371(94.2%)
weresolvedby at leastoneplanner. Thebestsingleplanner,
SGPlan-04solved291(73.9%)of theseproblems.

Toexaminetheimpactof usingtheculledset,wecompare
theperformanceof theportfolio usingall planners(A port)
againsttheportfolio usingthenon-dominated(unique)plan-
ners (Uport). In terms of robustness,A port solved 307
(77.9%)problemswhile Uport solved325(82.5%).Accord-
ing to a pairedsamplet-test,bothportfoliosperformsignif-
icantly fasterthantheaverageplannerrun time (by about6
seconds);theaverageplannerrun-timeis themeantime-to-
successfor all plannersthat solved that problem. A com-
parisonof the RTDs for Uport andthe averageplannerfor
problemsthat the portfolio solved is shown Figure2. The
averageruntimeof A port washigherby abouthalf asecond



thanUport, but this differencewasnot signi�cant (p = :41)
accordingto a pairedt-test of the 300 problemsthat both
portfoliossolved. Themeanratio of successfulplannersin-
cludedin Uport was0.70(sdof 0.18). Thoughit is dif�cult
to saywith certaintywithout moretesting,thereis a trend
for Uport to bemuchmorerobust.

Portfolio (1 run) Avg. Planner
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Figure2: Comparisonof the portfolio (left) to the average
plannerperformance(right) for the 325 problemsthat the
portfolio solved.

Closing

We posedtwo questionsat the outsetwith the aim of im-
proving portfolio robustness.We foundthat:
1. We canusethesubsetof 'f ast' featuresonly without sig-

ni�cantly impactingclassi�cation accuracy for time and
signi�cantly, but only marginally (by 0.6% on average),
impactingaccuracy for success.Using 'req' featuresdid
not signi�cantly changethe predictionaccuracy, though
it did qualitatively changethemodelsin a way that may
proveusefulfor otherexplanations.

2. Therun-timedistributionsshow heavy-tails,asexpected.
Usinglog-sizedbinsprovidesthehighestaccuracy; deci-
siontreesachieve94.3%averagepredictionaccuracy. In-
steadof relying onpredictionfor allocation,theportfolio
allocatestime in a steppedroundrobinstrategy.

Incorporatinglearningfrom prior experienceinto aportfolio
yieldedsomepromisingresults.Theportfolio solved82.5%
problemssolved out of a possiblebestof 94.2%; this was
alsomorethanthebestsingleplanner, whichsolved73.9%.
The time to solutionwas lower by 6 secondsover the av-
erageplanner;this gapmaywidenaswe incorporatelarger
problemsinto theresearch.We presentsomefollow-up di-
rectionsfor this research.

Planner Selection: The setcoveringalgorithmreturned
one possibleminimum set of plannersfor the portfolio.
But thealgorithmdisregardsthequality of individual plan-
nersbeyondraw countsof thenumberof problemssolved.
Onemight expectthat the plannersof a particularstrategy
(POCL,SAT, etc.)subsumeotherplannersof asimilarstrat-
egy or that newer plannerssubsumeolder variants,but we
found counter-examplesof both of theseexpectations.We
hopeto furtherexplorewhichplannerssubsumeoneanother
to arriveat cluesfor explainingplannerbehavior.

Problem Set: Someof our resultssuggesta �oor effect
in the problemset; a singleplannersolved almost80% of
the problems. One way to overcomethe �oor effect is to
generatemorechallengingproblems;the two previous In-
ternationalPlanningCompetitionsprovidedsuchtools.The
planningcompetitionat ICAPSthisyearwill likely produce
newer problemsthatwe canuseto distinguishplannerper-
formance.Wealsohopeto extendtheproblemsetto include
therecenttemporalandprobabilisticextensionsto PDDL.

Solution Variety: An addedbene�t of usinga suiteof
algorithmsis that the plannersmay producedifferentsolu-
tions. Currently, we stopprocessingoncethe �rst solution
is achieved.A recentfocusin theplanningcommunityis to
produceplansthatoptimizemetricsotherthanplan length.
The specialcaseof multi-objective optimization suggests
a returninga setof Pareto-optimalsolutions. Someof the
plannersin theset(suchasSAPA-2) areableto returnmul-
tiple solutionsandcanwork with multi-objectivemetrics.

Con�dence Bounds on Quitting: The stagedround
robin strategy incrementallyincreasesthe con�dence that
theplannerwill not solve theproblem;if a plannerachieves
the99thpercentile,thenwe canbe99%surethat theplan-
ner would not have solved the problemin the time it was
run. The portfolio couldstatethepercentilesof eachalgo-
rithm asanempiricalcon�denceboundover its trainingex-
amples.Alternatively this methodprovidesa hardlimit for
quitting in the absenceof a time limit. For example, the
portfolio could be instructedto run eachalgorithmup to a
speci�c percentile. In advance,the portfolio can estimate
therun time for thepercentile.

Predicting Runtime: As mentionedin thebody, weplan
to examinethe useof moresophisticatedlearningfor pre-
dicting run-time.

Ranking: We intend to explore other optionsfor rank-
ing. Onemethodwould beto incorporatetherankingstrat-
egy from (Howe et al. 1999)wheretheplannersareranked
accordingto P (success|problem,Aj )

T (Aj |problem) , whereT(Aj jproblem)
is theexpectedtime (at a speci�c percentile)of algorithmj
giventheproblem.Thisratiominimizestheexpectedcostof
trying n algorithmsuntil oneworks(Simon& Kadan1975).
Using this ratio alsosolvesthe issueof which valueto use
from timepredictionsin thelog scalesincethedenominator
simplymovesthedecimalby thesizeof thebin.

We have informedeachstageof theportfolio strategy us-
ing learning prior performanceof thealgorithmson a large
collection of problems. The trendsin our resultsindicate
that we have identi�ed somekey interactionswithin each
stageof portfolio construction.But the larger tasknow lies



in explaining the resultsthat we see. Thereare two direc-
tions along which we intend to pursuesuchexplanations.
First, we hopeto examinemorecloselythe interactionsbe-
tween the portfolio stagesto determinewhich stagesare
critical to a successfulportfolio. Understandingthe criti-
cal componentsof a portfolio helpusre�ne thedistinctions
betweenthe algorithms. Second,we hopeto link depen-
denciesbetweenthe modelslearnedand the systemsthey
model to highlight speci�c searchbehaviors. One simple
way to do this is to testspeci�c hypothesesaboutplanner
behavior with respectto the learnedmodelsusingspecially
generatedproblems.Ultimately, we hopeto provide better
explanationsof the algorithmbehavior with an eye toward
betteralgorithmdesign.
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