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Abstract

Empirical investigationsin the areaof Al
planning have beenfocusedon a compara-
tively small setof benchmarktasks. Trying
to designlarger scaleexperimentsfor well-
foundedempiricalreasoningn thatareaone
encountersa number of severe problems.
While someof theseproblemsare inherent
to thefield, othershave plainly beenignored.
In our own work, we have madesomefirst
stepstowardsaddressingheseproblems.

The field of domainindependenplanningis con-
cernedwith developing problem solving techniques
thataregeneralin thesensdhatthey can—ideally—be
usedfor ary applicationonewantsto dealwith. Many
approachebave beenproposedor modelingplanning
problems,.e., for formal planningframeworks [Fikes
andNilsson,1971;Pednault1989, aswell asfor gen-
eralproblemsolvingstratgjieswithin suchframewnorks
[Penberthyand Weld, 1992; Blum and Furst, 1997;
BonetandGeffner, 2001].

For the evaluationof new planningstrateies most
publicationsin the areareferto a small setof bench-
mark planningtasksand make claimson the basisof
roughly comparingoerformancen thosetasks.While
performanceesultson afew examplescangive agen-
eral impressionof the usefulnessf an approach,a
more thorough empirical evaluation is certainly de-
sirable. When we tried to to designand interpret
large scaleexperiments[Hoffmannand Nebel, 2001,
Hoffmann, 2001], we encounterec numberof prob-
lemswhich roughlyfall into the following threecate-
gories.

1. Which planningdomainsshouldonechoose?

2. Which examplesshouldone choosewithin a do-
main?

3. Whatis an adequatdormal way of interpreting
the experimentadata?
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As for problem1, it is inherentin the field, and
theredoesnot seemto be much one cando aboutit.
Onecould,of coursefry to generatgrobleminstances
completelyrandomlywithout ary referenceto an ap-
plicationdomain,similar to whathasbeendonein the
areaof SAT algorithms[Mitchell etal., 1994. How-
ever, wedonotknow of ary methodfor generatingan-
dom planninginstances.Furthermoregvenif sucha
methodwere known, it would be completelyunclear
whetherthe generatednstancesvould be representa-
tive of the ervisionedapplication.

For thesereasonspneusuallystartswith someplan-
ning domainssuch as blodk staking, logistics etc.
However, it is not possibleto obtaina setof domains
representatie for all applicationsone could think of.
Soonehasto choosesomedomainsarbitrarily. In our
experimentswe settledfor a collectionof 20 domains
that are justified in the sensethat they are (amongst)
the mostfrequentlyuseddomainswithin the planning
community

As for problem2, thisis subdvidedinto threeissues
which all have beenhardly addressedh the planning
literature. Firstly, for almostall benchmarkdomains
thereis no definition specifying which planningin-
stancedelongto thatdomain. Secondlyfor mostdo-
mainstherearesomeexampleinstancepublicly avail-
able,but rarely ever hassomeongublishedsomething
abouthow randominstanceganbeor shouldbegener
ated.Thirdly, for almostall domainsthereis no notion
of whichinstancesreinteresting.

We have dealtwith thefirst pointby abstractingrom
the examplesthat are publicly available, largely fol-
lowing (yetunpublishedyvork doneby Malte Helmert.
Basedon that,we have dealtwith the secondpoint by
choosingandimplementingfor all our 20 domainsthe
intuitively mostobvious randomizatiorstrategyy. That
said, it is clearthat we have not (yet) dealtwith the
third pointatall. We have madeourrandomgenerators
publicly available alongwith descriptionsof the ran-
domizatiorstratgies.! This providesatleastastarting

The descriptionsand the source code of all gen-
erators are available via http://wwwinformatik.uni-
freiburg.de/ofmann/f-domains.html



pointinto moreextensve empiricalevaluation.

The problemin interpretingthe experimentaldata
stemsfrom the following two facts. Firstly, thereare
instancesvithin adomainof varyingsizeandwhatone
wantsto know is the scalingbehaior of anapproach.
Secondlyin a lot of domainsthereare by definition
only afew instancegsometimegust oneinstanceper
sizevalue.

Given performanceesultsfor two plannersA and
B on a setof exampleswe have experimentedvith a
variety of formal waysto judge whetherB performs
significantly betterthan A. The parametricstatistical
proceduresve tried wereinadequatelueto theformer
pointmentionedabove. Givenadomainwith instances
of varyingsize,theresimplyis no averagesizeor aver-
ageruntime.

Trying regressionanalysisfailed due to the above
secondpoint, there are only few instancesper size
value—remembethatin somedomains thereis only
a singleinstanceper size. Evenwith mary instances,
a numberof assumptiongboutthe planningmethod
would be necessaryconcerningthe methods asymp-
totic runtimebehaior in that specificdomain. We fi-
nally settledfor a simple non-parametrit¢est, known
asthetwo-tailedsign test[Siegel andN. J. Castellan,
1984. The testis doneby countingthe numberof
timesthatB performsbetterthanA anddecidingabout
statistical significancevia the probability of the ob-
senedoutcomein a binomialdistribution with p = %
[HoffmannandNebel,2001]. While this approachis
not entirely satisfying,it providesatleastsomeformal
way of measuringperformanceén planning.

In summarywe believe thata morethoroughtreat-
mentof empiricalinvestigationwould do goodto the
planningcommunity We have madeefforts to provide
startingpointsin thatdirection.
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