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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

Understandingprevious performances oftenakey to gain-
ing insightinto algorithmdesignfor hardproblemssuchas
MAX-3SAT or classicalplanning.Algorithmstypically ex-
ploit problem-speci cstructurefor suchproblemsthrough
awell-foundedor ad-hocintuition aboutwhatwill or won't
work. For example,Taku searchs (in part)designedo over
comeplateausin a searchspace. Meta-searchechniques
that performlocalizedor elitist restartsimplicitly leverage
the proximity of local and global minima (‘big valleys").
But, it is well known thata problem-speci capproachcan
leadto analgorithmthatdoeswell on oneproblembut fails
on other problemswith a markedly differentstructure.No
free lunch proofs help us understandhis obsenation, at
leastfor the discretecase(Wolpert& Macreadyl1997).
Portfolios are one way to transcendalgorithm bias and
maintainrobustnesscrossarangeof problems(Huberman,
Lukose,& Hogg1997;Gomes& Selmanl997).A sequen-
tial portfolio controlsthe run time of a suite of algorithms
with a stratgy that selects which algorithmsto run, ranks
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them, and allocates computationatime to them. An ideal
stratgly maximizessuccessand minimizestotal computa-
tion, sothe strategy mustbeaccuratendfast.

Our generaloutline for constructinga portfolio strategy
basedon learningfrom previous performancds: 1) Con-
struct modelsto predict success using featuresextracted
from the domain, probleminstance and statespacetopol-
ogy. 2) Usethesemodelsto rank them. 3) Allocate time
basedon the run-time performanceof the algorithmson a
trainingset.

We followedthis strateyy to constructa portfolio of plan-
ning systems. The International Planning Competitions
(IPCs)encourage variety of plannerghataremostlymade
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 the portfolio strateyy by ad-
dressingwo key questions:

1. The57featureswe includedfor modelinghave computa-
tional costsvarying by at leastfour ordersof magnitude.
Canwe selectfeaturesghat minimize total computational
costbut still maintainoverallmodelaccurag?

2. We notethattherun-timedistributions(RTDs) for classi-
cal plannersareheavy tailed. In spiteof this, canwe use
the RTDs to relateportfolio quitting time with con dence
of success?

Thesequestiongocus on waysto improve the learningac-
curag andto betterleveragethelearnedmodels;we empir
ically assesshemin the sectionsthat follow. A long-term
goal of this work is to usetheseanalysego drive deeper
insightinto the behaior of planningsystems.So we also
presensomeresultsthatarent directly usedin the portfolio
but provide afoundationfor this goal.

Related Work

Portfolio learning was originally called the algorithm se-
lection problem(Rice 1976). Most portfolio stratgiesuse
modelsof run-timethat are statically constructedoff-line)

prior to usein the portfolio, but somemodelsare dynam-
ically constructedon-line) as the portfolio learnsa good
stratggy. Thesemodelsare constructedvith one or more
featureghathighlightdomainknowledge probleminstance
characteristicsor structuralpropertiesof the searchspace.



Somefeaturesare more costly to computethan othersbe-
causethey constructspecializeddatastructuresor they di-
rectly probethe searchspace.Finally, thereis a difference
amongallocationstratgyies. Someportfolios selectthe best
algorithmin a winnertake-all approachwhile othersdy-
namicallyreallocatecomputationafesourcedasedn solu-
tion quality measurementskarly portfolio-like approaches
suchas(Gratch& Chien1996)and(Minton 1996)learned
moreeffective applicationof existing searchcontrolheuris-
tics.

Two portfolios in the literature incorporatean on-line
stratgy. An early formulation useda measureof the ex-
pectedgainto selectamongthreecommitmentstrat@iesin
searchfor partial plans(Fink 1998). More recently Beck
and Freuderexamineda “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 independentnstancesf
thatalgorithm(HubermanLukose,& Hogg1997). Gomes
and Selman(1997) explicitly computedthe value of mul-
tiple restartsof a stochasticalgorithm for the Quasigroup
CompletionProblem. Baptistaand Silva (2000) followed
obsenationsfrom (Gomes& Selmanl1997),but studiedse-
lectionamongdifferent randomizedalgorithmsto solve un-
satisfiable instance®f SAT. TheBusmeta-plannetHowe et
al. 1999)usedinearregressiormodelsof computatiortime
andsuccesgo rank a setof classicalplanners;it allocated
run-timeusingaroundrobinscheme.

Lagoudakis|.ittmanandParr examinedarecursive MDP
formulationto selectamongthreealgorithmsfor the canon-
ical sortingproblem(2000). Lagoudakisand Littman ex-
pandedthis work to selectan optimal policy of branch-
ing rulesin searchfor SAT (Lagoudakis& Littman 2001).
Horvitz et al. (2001) aswell as Guo and Hsu (2004) both
usedinductive learningover a Bayesiametwork of thefea-
ture spaceto guidealgorithmselection.

Leyton-Brovn et al. examine algorithm selection for
CombinatorialAuctions (2003a,2003band nd thatlinear
regressionof the log time variablepredictedruntime quite
well; they alsocappedunsthattooklongerthanamaximum
time. Nudelmanet al. extendthis work by creatingmodels
that predict runtime for uniform random3-SAT problems
and assemblinga SAT solver, SATzilla, for the 2003 and
2004 SAT competitiong2004).

GuerriandMilano (2004)extendwork of (Leyton-Brown,
Nudelman& Shoham2002)to selectbetweennteger Pro-
grammingor ConstraintProgrammingor the Bid Evalua-
tion Problem.Gebruerstal. (2004)extendthis work to use
modelfreelearningbut it is unclearow theresultscompare
totheirearlierwork. Gebruergtal. alsoexaminecasebased
learningasappliedto the SocialGolfer Problem(2005).

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

Planner Authors[Date]

AltAlt-1.0 Nguyen,KambhampatNigenda[2002]
BlkBox-4.2 Kautz,Selman1999]
CPT1.0 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 Edelkampg2003]

Optop-1.6.19| McDermott,[2005]

Prodigy Velosoetal. [1995]
SystemR Lin [2001]

SARA-2 Do, Kambhampatj2003]
Satplan04 Kautz,Selman1999]
SGP-1.0h Weld, Anderson,Smith[1998]
SGPlan-04 | Chen,Hsu,Wah[2004]
SimPlan-2.0 | SapenaDnaindia[2002]
SNLP-1.0 McAllester, Rosenblitf1991]
STAN-4 Long, Fox [1999]
UCPOP-4.1 | PenberthyWeld[1992]
VHPOP-2.2 | YounesSimmong2003]

Tablel: Theplannersused,their authorsanddatesof their
publications.

lem instanceor the generalproblemfamily; thesefeatures
are often selectedfor their known (or suspectedyorrela-
tion with searchcost. Some,suchas(Gebruerse al. 2005;
?), usewrapperfunctionsto selectsubsetof relevantfea-
tures. Onedynamicstratgy incorporatedrst andsecond
orderruntime featuresto measuresolution progresgBeck
& Freuder2004).(Nudelmarer al. 2004)usedsearchprob-
ing to generatesearchspaceeatures Thiswork, alongwith

(Leyton-Brown, Nudelman,& Shoham2002) also exam-
inesusing more sophisticatedcombinationsof featuresfor

regression.

Experiment Design

We study 23 classicalplanners,denotedin Table 1, which
are composedof IPC competitorsplus non-IPC planners
to diversify the set of approachesepresented. None of
theseplannerswas intendedfor usein a portfolio, though
ProdigyandBLACKBOX-4.2 areportfolio-like in their ap-
proach.

Classicalplannerswork in a variety of searchparadigms
that obscure straightforvard measurementof solution
progress. Many of the planners,thoughnot all, sacri ce
completenessAlso, someplannerscanrun for an exceed-
ingly long time without producinga solutionor proving one
doesnt exist. Basedontheseobsenations we constructwo
classi cationmodels:success andtime. Succespredictsa
binaryvariablewhile time predictscomputatiortime needed
for a givenplannerto completea given problem. Together
theseoff-line modelswill form partof theportfolio strateyy.



min,mu,max

neg-post-oper

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

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
num

tail-actions
toggles

operators unifying to goals
pairs of clobbering actions

num invariant-pred disunified predicates
num,mu-p minima #,mean %

num,mu- benches #, mean %, diameter, size
p,mu-

dia,mu-sz

num,mu- contours #, mean %, diameter, size
p.mu-

dia,mu-sz

num,mu- solutions #, mean %, diameter, size
p,mu-

dia,mu-sz

num plains-to-min plateaus leading to minima
num plains-to-ben plateaus leading to benches
mu- Im mean diameter/size of local
dia,mu-sz min

mu-p bench-exits % of bench exits

mu-med benches maximal edit distance

Table2: Thefeatureset: rst two columnsform the names
weusein thepaper;jastcolumnbrie y describeshefeature.

The modelsare trained using obsened planner perfor
manceon benchmarkproblems. We run all plannerson
3959STRIPSPDDL problemsrom 77 domains.The prob-
lemsaretaken from Hoffmann's datase{Hoffmann2004),
the UCPOPStrict benchmark]PC sets(IPC1, IPC2,IPC3
EasyTypedandIPC4 Strict Typed)and 37 otherproblems
from two domains(Sodorand Stek) that have beenmade
publicly available.Following typical time andmemorycon-
straintsfrom the community eachplanneris allowed 30
minutesand768 Meg on 22 identically con gured Pentium
4 3.4GhzcomputersA planneris consideredo have failed
if it reaches80 minutes.No plannersolvesall the problems
in theset;theplannerthatsolvesthemostproblemsachieves
73:9% success.

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

Table3: Computatiorcostg(in secondsjor featuresy type.

We use57 features(Table 2) that are automaticallyex-
tractedfrom problemanddomainde nitions. The setstarts
with featuredrom (Howeer al. 1999)and(Hoffmann2001)
andaddsothers. As showvn in Table 2, we divide the fea-
turesinto four categoriesof increasingknowledgeandcom-
putationalcost:domainspeci ¢, instancespeci ¢, actionin-
teractionand Hoffmann's statespacetopology* (Hoffmann
2001). In thetable,'mu’ refersto the meanvalue;the re-
quired (‘'req") featuresare taken from PDDL requirements
annotationgrom thedomain les. We usetherequirements
asde nedin theoriginal PDDL speci cation(Ghallabet al.
1998).1n practice notall domainscorrectlyspecifytheirre-
quirementyHowe et al. 1999). However, enoughdo thatit
may provide usefulinformationsincesomeplannerscannot
solve problemswith certainrequirementgsuchasADL).

We usethe WEKA datamining packaggWitten & Frank
2005)to build the models. We tried several differentmod-
els from WEKA, to begin with, we focusedour work on
two simplemodelsthatworkedwell: OneRandJ48.0neR
selectsthe single featurethat yields the highestprediction
value on the training set. It providestwo important de-
tails for us: rst, it providesa very simple evaluation of
the mostimportantfeaturefor the data. This will be useful
in later analysisof which featuresdistinguishplannerper
formance. Second,it givesus a baselineagainstwhich to
judgemoresophisticatednachinelearningtechniques.J48
is a simpledecisiontreebasedon Quinlan's C4.5; decision
treeswere usedfor predictionin (Gebruerser 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 subsebf features
thatis cheapto compute. As shavn in Table 3, the four
typesof featuresvary considerablyin their costto compute
overall problems We computedimesfor Domain/Instance
andInteractionfeaturesoverall problemswhich meantthat
someof the Interactiontimeswerelongerthan30 minutes.
Calculatingthe topologicalfeaturesinvolvesanalyzingthe
full planninggraphinducedby the h™ heuristic,so we in-
cludeonly the subsebf 1839problemsfor which this anal-
ysisis possible. We call the domainandinstancefeatures
the'f ast' features.

Restrictingthe modelsto only fastfeaturessigni cantly
extendsthe numberof problemsthat can be modeled,but
alsoreducegheaccurag. To assessheimpactonaccurag,
we computedwo setsof J48 models: onefor the full fea-
ture setusingthe subsebf 1839 problemsaccessiblédo all

"We thank Jorg 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 - — | 9556 1.85| 95.47 1.85
time - — 19430 3.07| 94.30 3.12

Table4: Comparingaverageaccurag (% correct)for mod-
elswith all featureg(Full), all fastfeatures(Fast), andfast
withoutthelanguageequirementgFast-req).

reg-typing = t

| reg-adl t: nil (1169.0/6.0)

| reg-adl nil

| | num-objects <= 29

| | num-objects > 29: nil (614.0/7.0)
reg-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

Figurel: The rst threelevelsof thedecisiontreefor CPF
1.0. Thistreehad103nodeswith 52 leaves.

featuresandanotheffor thefastfeaturesonly usingall prob-

lems. Table4 compareshe accuray resultsfor the models
generatedor the two metricsgiven the computablesubset
for trainingwhenusingeitherthefull featuresetor only the

fastfeaturesThelasttwo linesin thetablealsoshow accu-
ragy of thefastonthefull problemset.

Table 4 shawvs only minor degradationin performance
when only the fastfeaturesare used: slightly lower mean
andhigherstandardieviation. A pairedsampleT-testcom-
paringclassi cationaccuracie$or Full andFastontheSub-
set isinsigni cant (p = 0:16) for time, but highly signi cant
for succesgp < :001) with anaveragedifferenceof 0.6%.
Thus,it doesnotappeathatthe expensve featuresarenec-

essaryto modeltime andmauiginally informativefor success.

A paired sampleT-test betweenFast and Fast-reqfor all
plannemodelswasinsigni cant for bothmetrics(p = 0:09
for succesandp = 0:40for time). Thus,the evidencesug-
geststhataddingthe languagerequirementslsolacks sig-
ni cant impacton predictionaccuragy.
Thedecisiortreesusingthe'req' featuresarequalitatively
differenteventhoughaccurag did notsigni cantly increase.
Nine of the plannermodelsusea requirementas the root
feature(5 werereq-typing, 2 werereg-strips and
2 werereg-adl). In general,it seemedo be that lan-
guagefeatureddistinguishedproblemsthat werefurther re-
ned by the otherfeatures.Figure 1 shovs an exampleof
this trendfor the rst threelevelsfor CPT-1.0. Thefeatures
reg-typing andreg-ad1l distinguishproblemsin the

rst andsecondayer, but thenotherfastfeaturesshav up

lowerin thetree. Thelack of statisticallysigni cant change
in accuray with the stronguseof thesefeaturesuggesthat

thethey maybestronglycorrelatedvith otherfeaturesThe

resultingdecisiontreesappeaito have strongerexplanatory
power for our next stageof analyzingthetreesto betterun-

derstandvhatfeaturedistinguishplannerperformance.

Quitting Time

Oursecondkey questions whethertheamountof time allo-
catedto eachplannercanbe predictedwith sufcient accu-
ragy to supportthe portfolio. We proposeusingthe RTDs
to arrive at a more informed allocation strateyy that will
make gooduseof extra time whenjusti ed. Table5 (left)
shaws the log distributions of time-to-succes$or the non-
dominatedblanners.lt is clearthatwe do indeedseeheary
tails in mostof the plannerRTDs. 84.5%o0f the runs nish
in lessthanone secondwhile only 0.24% nish in greater
than1000seconds Failurestake muchlonger;73.9%take
lessthana secondand10.7%take longerthan1000seconds.
Over all runs,77.8% nish in undera secondand6.9% n-
ishin over 1000seconds.

A simple and intuitive approachto usingthesedatafor
allocationis to predicttime with decisiontreessimilar the
successodels.Usinglog-sizedbins,J48classi esall prob-
lems(regardlessof successpcrossall plannerswith an av-
erageaccurag of 94.3%(sd of 3.07). Thoughthesepredic-
tionshave high accurag, thelargerbinsarenotinformative
enoughto predictexactrun-timein the portfolio.

The predictionsmay also be uselesgor reasongelated
to using classi cation. Recentwork from Leyton-Brown
et al. points out that regressiontechniquesare preferable
to classi ers becausehey penalizelarge misclassi cation
morethansmall ones(accordingto the strengthof the dis-
tancemetricusedfor regressionpndbecausé¢hey don't rely
on arbitrary binning boundarieg2002). But previous re-
searchshoved simple regressionmodelswere not particu-
larly well suitedto predictingrun-timefor automateclan-
ners(Howe er al. 1999). They usedweightedregression
over ve standarddomainandproblemfeatures.Thosere-
gressionmodelsfailed to adequatelyexplain variancefor
runtime;the averageR? valuefor the six plannersvas0.42
andvaluesrangedfrom 0.19to 0.76. We alsolooked at the
extentto whichtheclassi erwasoff by onebin or morethan
onebin. 3% of the classi cationswereoff by onebin, 1%
by two bins,0.6 % by threebins,and0.7efect of large mis-
classi cationhaslessof animpactthanthearti cial binning
boundaries.

Otherissuesappearto make regressionlessappropriate
for our application. It isn't readily clearwhich featureqor
weightingof featurecombinationsorrelatewell with run-
time; a scattesplot of the datadid not revealdiscerniblere-
lationships.Regressiorover singlefeaturesdoesnot appear
justi ed becausef strongdeviationsfrom thenormalityand
varianceassumptions(Nudelmaret al. 2004)proposetwo
potentiallyvaluableapproachesf usingafeaturespacethat
is the pairwise productof the original featuresand using
logistic models(we were alreadyconsideringexponential



Time-to-success Time Percentiles

1 10 10® 10° 10* TOTAL| 0.8 085 0.9 095 096 097 098 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 | 00 0.0 0.1 1.3 42 186 502 1737
LPG-TD-1.0 1858 144 111 46 4 2163 | 03 08 43 323 467 738 1426 4429
Satplan04 1064 129 66 62 7 1328 | 1.0 28 107 1135 179.5 2839 3589  556.0
FF-2.3 2709 100 46 27 4 2886 | 0.0 0.1 0.3 1.9 3.9 6.6 270 1047
Prodigy 876 68 28 13 1 986 | 0.7 0.7 1.2 7.0 113 247 484  203.8
UCPOP-4.1 730 156 109 99 15 1109 | 102 31.8 1063 3282 426.1 5814 8225 1187.3
BlkBox-4.2 1187 27 104 11 2 1331 00 01 120 139 158 23.8 419 90.1
Metric-FF-02 | 2598 145 53 18 2 2816 | 0.0 0.1 0.4 2.5 3.8 64 189 61.7
ALL 27878 2139 2176 711 80 32984 | 0.5 1.2 66 224 356 655 1434 37384

Table5: Time-to-succesfleft side)acrosshe non-dominategblannersthe plannersareorderedaccordingto selectionby the
Greedy-Set-Ceer. Theright sideshavs the percentiledor the planners.

modeling). We plan to examinethis approachfor a better
predictionof runtime.

A simpleobsenationleadsto aremarkablysuccessfual-
locationstrateyy thatdoesnot useeitherof the above anal-
ysesor models. As shawvn in Table 5 (right), all but one
achieve the 80th percentileat 10 seconds At 100 seconds,
one plannereachachieves the 89th, 94th, and 97th per
centiles, vereachthe98thpercentileandthreeachieve the
99th percentile. At 200 secondssix have reachedhe 99th
percentilepachincreasef 100secondsaiseshepercentile
for all plannergun. It followsthatwe canusea steppedap-
proachfor allocatingtime andavoid ary costof calculating
anoptimalruntime for eachplanner Eachplannerstartsat
apointof highercon dencethanthe median,andgradually
reachesighercon dencefor eachadditionalround.

The Portfolio

Our portfolio stratgy usesof ine analyseso model suc-
cesswith decisiontreeclassi ersandto selectareasonable
cut-off for run-time. In contrasto recentresearchhatuses
more sophisticatedegressionor Bayesiantechniqueswe
nd that this approachguidesthe portfolio to solve more
problemghanary singleplannemwhile atthesametime be-
ing signi cantly fasterthanthe averageplannertime.

As mentioned, we pruned the plannersto a non-
dominatedsubsetbasedon successfuperformanceso asto
eliminatethe portfolio wastingtime on a subsumeghlanner
It is easyto seethis is a setcovering problem. We imple-
mentedGreedy-Set-Ceer from (Cormener al. 2003)and
foundthatatleast14 plannerscouldberemoved.

The portfolio begins with the setof plannersundercon-
siderationandranksthemaccordingto the successnodels.
Ideally, we would obtainfrom thesuccessnodelanestimate
of P (solutionfoundproblem,plannej. Sincethe decision
treesdonot provide this directly, we estimatat usingcounts
from the predictedeaf nodeof thetree. For example,if the
plannersuccessnodelreturnsaleafnodeindicatingsuccess,
we take theratio of successet the numberof instancesat
thatleaf. In effect, we aremeasuringhe con denceof the
leaf nodeover its training examples.An obvious dravback
to this approachs thatthe leavesare actually poor estima-
torsdueto pruning. Thoughit workswell in thisapplication,

it is admittedlyaratheradhocway to estimatethe probabil-
ity; we doplanto incorporatenoresophisticategbrobability
estimationtechniquesn future work. We rankthe planners
in decreasingprobability of successhenincreasingproba-
bility of failure. Thisensureshattheportfolio triestheplan-

nermostlikely to succeedrst andthe plannermostlikely

to fail last.

Asin (Howe et al. 1999),theportfolio allocategimein a
serief roundrobinstagesThe rst stagetriesthe rst  ve
plannerdor tensecondeachwe chosethe rst vebecause
it is half of theplannersThesecondstagestartsatthetop of
therankingandrunsall plannersup to 100 seconds Every
stagethereaftelmadds100secondsTheportfolio stopswhen
1) a plannersucceeds?) no plannersare alive to run, or
3) max-timeis exceededwheremax-timeis the samemax
run-time (30 minutes)of ary individual planner

Portfolio Performance

Ourlong-termgoalin examiningthe portfolio performance
is to understandvhy the portfolio selectedone algorithm
over anotherfor a particularproblem;thatis, whatfeatures
andperformancéndicatorsdistinguishplannemperformance
for particularproblems.In this paper however, we startby
examiningthe raw numberof problemssolvesby the port-
folio andits robustnes®n unseemroblemsascomparedo
thebestandaverageplannermperformanceWe randomlyse-
lected90% (3565)of the problemsfor trainingthe portfolio
models;the remaining10% (394) of the problemsareused
for testingthe portfolio. Of this 394 problems 371 (94.2%)
weresolvedby atleastoneplanner Thebestsingleplanner
SGPlan-040lved 291 (73.9%)of theseproblems.

To examinetheimpactof usingtheculledset,we compare
the performancedf the portfolio usingall planners(A ,,,+)
againstheportfolio usingthenon-dominatequnique)plan-
ners (Uport). In terms of robustness,A .+ solved 307
(77.9%)problemswhile Uy, solved325(82.5%).Accord-
ing to a pairedsamplet-test,both portfolios performsignif-
icantly fasterthanthe averageplannerrun time (by about6
seconds)the averageplannerrun-timeis the meantime-to-
succesdor all plannersthat solved that problem. A com-
parisonof the RTDs for U,,,; andthe averageplannerfor
problemsthat the portfolio solved is shovn Figure2. The
averageruntime of A ...« washigherby abouthalf asecond



thanU,,,, but this differencewasnot signi cant (p = :41)
accordingto a pairedt-testof the 300 problemsthat both
portfolios solved. Themeanratio of successfuplanneran-
cludedin U,,,: was0.70(sd of 0.18). Thoughit is dif cult

to saywith certaintywithout moretesting,thereis a trend
for Uy, to bemuchmorerobust.

Time (seconds)

[} B8
T T
Portfolio (1 run) Avg. Planner

Figure2: Comparisorof 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 robustnessWe foundthat:

1. We canusethe subsebf 'f ast' featuresonly without sig-
ni cantly impactingclassi cationaccurag for time and
signi cantly, but only mamginally (by 0.6% on average),
impactingaccuray for successUsing 'req' featuresdid
not signi cantly changethe predictionaccurag, though
it did qualitatively changethe modelsin a way that may
prove usefulfor otherexplanations.

2. Therun-timedistributionsshov heavy-tails, asexpected.
Usinglog-sizedbins providesthe highestaccurag; deci-
siontreesachieve 94.3%averagepredictionaccurag. In-
steadof relying on predictionfor allocation,the portfolio
allocatedime in a steppedoundrobin strateyy.

Incorporatindearningfrom prior experiencento a portfolio
yieldedsomepromisingresults.The portfolio solved82.5%
problemssolved out of a possiblebestof 94.2%; this was
alsomorethanthebestsingleplannerwhich solved 73.9%.
The time to solutionwas lower by 6 secondover the av-
erageplanner;this gapmaywidenaswe incorporatdarger
problemsinto the research We presentsomefollow-up di-
rectionsfor this research.

Planner Selection:; The setcoveringalgorithmreturned
one possibleminimum set of plannersfor the portfolio.
But the algorithmdisregardsthe quality of individual plan-
nersbeyond raw countsof the numberof problemssolved.
Onemight expectthat the plannersof a particularstratgy
(POCL,SAT, etc.) subsumetherplannerof asimilar strat-
egy or that newer plannerssubsumeolder variants,but we
found counterexamplesof both of theseexpectations.We
hopeto furtherexplorewhich plannerssubsumeneanother
to arrive at cluesfor explaining plannerbehaior.

Problem Set: Someof our resultssuggest oor effect
in the problemset; a single plannersolved almost80% of
the problems. Oneway to overcomethe oor effectis to
generatemore challengingproblems;the two previous In-
ternationalPlanningCompetitiongrovidedsuchtools. The
planningcompetitionat ICAPSthisyearwill likely produce
newer problemsthatwe canuseto distinguishplannerper
formance We alsohopeto extendtheproblemsetto include
therecenttemporalandprobabilisticextensiongo PDDL.

Solution Variety: An addedbenet of usinga suite of
algorithmsis that the plannersmay producedifferentsolu-
tions. Currently we stopprocessingncethe rst solution
is achiezed. A recentfocusin the planningcommunityis to
produceplansthat optimize metricsotherthanplan length.
The specialcaseof multi-objective optimization suggests
areturninga setof Pareto-optimalsolutions. Someof the
plannerdn theset(suchasSAPA-2) areableto returnmul-
tiple solutionsandcanwork with multi-objective metrics.

Con dence Bounds on Quitting: The stagedround
robin stratgy incrementallyincreaseghe con dence that
theplannemwill notsolvetheproblem;if a plannerachieres
the 99th percentile thenwe canbe 99% surethatthe plan-
ner would not have solved the problemin the time it was
run. The portfolio could statethe percentilesof eachalgo-
rithm asanempiricalcon denceboundover its training ex-
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 ¢ percentile. In advance,the portfolio can estimate
theruntime for thepercentile.

Predicting Runtime: As mentionedn thebody, we plan
to examinethe useof more sophisticatedearningfor pre-
dicting run-time.

Ranking: We intendto explore otheroptionsfor rank-
ing. Onemethodwould beto incorporatethe rankingstrat-
egy from (Howe er al. 1999)wherethe plannersareranked

accordingto £ “?fjﬁlﬁf;%ﬁg‘él” whereT (A ;jproblem)
is the expectedtime (ata speci ¢ percentile)of algorithmj
giventheproblem.Thisratiominimizestheexpectedcostof
trying n algorithmsuntil oneworks (Simon& Kadanl1975).
Using this ratio alsosolvesthe issueof which valueto use
from time predictionsn thelog scalesincethe denominator
simply movesthe decimalby thesizeof thebin.

We have informedeachstageof the portfolio strateyy us-
ing learning prior performanceof the algorithmson a large
collection of problems. The trendsin our resultsindicate
that we have identi ed somekey interactionswithin each
stageof portfolio construction.But the largertasknow lies




in explaining the resultsthat we see. Therearetwo direc-

tions along which we intend to pursuesuchexplanations.

First, we hopeto examinemorecloselythe interactionse-
tween the portfolio stagesto determinewhich stagesare
critical to a successfuportfolio. Understandinghe criti-

cal component®f a portfolio helpusre ne thedistinctions
betweenthe algorithms. Second,we hopeto link depen-
denciesbetweenthe modelslearnedand the systemsthey

model to highlight speci ¢ searchbehaiors. One simple
way to do this is to testspeci ¢ hypothesesaboutplanner
behaior with respecto the learnedmodelsusingspecially
generategroblems. Ultimately, we hopeto provide better
explanationsof the algorithmbehavior with an eye toward
betteralgorithmdesign.
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