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Abstract. Theuseof subsamplindor scalingup the performanceof learningalgorithmshasbecome
fairly popularin the recentliterature.In this paper we investigatethe useof performancesstimates
obtainedon a subsamplef the datafor the taskof recommendindhe bestlearningalgorithm(s)for
theproblem.In particular we examinethe useof subsamplingstimatessfeaturedor meta-learning,
therebygeneralizingorevious work on landmarkingandon directalgorithmrecommendatiomia sub-
sampling.Themaingoalof thepaperis to investigateheinfluenceof variousparametechoicesonthe
meta-learningerformancein particularthesizeof trainingandtestsetsandthenumberof subsamples.

1 Intr oduction

With the availability of awide rangeof differentclassificatioralgorithms strategyiesfor selectinghe most
adequatealgorithmfor a particulardatamining problembecomemoreimportant.Many characteristicef
boththelearningalgorithmandthe modelclassmayinfluencethe decisionof which algorithmsto selector
which algorithmsto try first. Most importantarethe accurag andthe understandabilitypf the modeland
theamountof computingresourcege.g.,run-time)requiredto find it.

The predominantpproacltfor algorithmrecommendatiofs to estimatehe accurayg of the candidate
algorithmsonthe problemandselectthe onethatappearso be mostaccuratg23]. However, thisapproach
is not alwaysfeasible.On the onehand,the numberof availablealgorithmsmay betoo largeto try every
oneof them,while onthe otherhandthe sizeof thedatabasenay preventafull evaluationof analgorithm
ontheentiredataset.

Thefirst problem—toomary algorithmsto try eachoneof them—maybe tackledvia meta-learning:
the candidatealgorithmsareevaluatedonceon a fixed setof benchmarldatasetgsay e.g.,datasetsvithin
the UCI repository),eachof whichis characterizedby a fixednumberof data characterizationattributes.
This informationis thenusedto learna modelthat relatesthe measuredharacteristicef eachdataseto
the performanceof the algorithmson the datasetThis modelcanthenbe usedto predictthe performance
of thealgorithmson new, unseerdatabasesyithout having to try ary of thealgorithmsonthenew dataset.

The secondproblem—thedatabasés too large to evaluateall (or some)algorithms—isusually ad-
dressediia subsamplingi.e., theideaof usingonly partof the availabledatafor training. However, while
it hasbeenfrequentlyappliedto scalingup datamining algorithms[21], its suitabilility for algorithm
recommendatiohasnot foundmuchattentionin the literature[19].

In this paperwe analyzethecombinatiorof subsamplingndlandmarkingn ameta-learningcenario.
In particular we will generalizaheideaof landmarking2, 20] to the useof relative landmarksandland-
marksbasedon subsamplef27, 11]. We will empirically evaluatethis ideaof subsample-basectlative
landmarkson threedifferentmeta-learningasks(singlealgorithmrecommendatiorsubsetselectionand
ranking)on a meta-databasgerivedfrom evaluating10 machinelearningalgorithmson 45 datasetsrom
the UCI repository We will alsolook at thethe effect of varyingthethreemain parametersf subsample-
basedrelative landmarks namelythe size of the training set, the size of the testset,andthe numberof
samplingrepetitions.

2 Meta-Learning and Algorithm Recommendation

Meta-learninghasrecentlygainedconsiderablepopularility in the literatureas a techniquefor learning
how to efficiently usemultiple algorithmsfor improving thelearningperformancen a problem.Two lines



of researchcan be distiguished:meta-classificatiorand algorithm recommendatianMeta-classification
schemearealgorithmsthat usethe predictionsof one or more baselevel algorithmsasthe input of ad-
ditional layersof learningthat aim at improving the predictionsof the baseclassifiers Membersof this
family are stacking[30], cascadind12], arbitersand combinerg[7], and grading[25]. Suchtechniques
will notbeaddresseth this paper

Algorithm recommendatioiis the problemof learningto recommendan appropriateset of learning
algorithmsthatshouldbetried on one’s predictionproblem.Typically, this type of meta-learningnvolves
the stepsof data characterization in which datasetare characterizedby measureshataim at capturing
importantpropertiesof a datase{cf. section4), andthe meta-learningphaseproper in which a modelis
built thatrelatesthesecharacteristic$o the performanceof learningalgorithmson thesetasks.Oneof the
earliestapplicationsof this line of researchwasin the STATLOG project[5, 17]. Currently at leasttwo
Europearprojectsareconcernedvith this type of meta-learningthe MININGM ARTS projectinvestigates
theideaof storinggeneralizedlatamining (in particularpre-processinggpisodesn a casebasefor later
re-useon new problemsandthe METAL projectinvestigateshe possibility of meta-learnindgor ranking
theavailablealgorithmsin a datamining tool accordingto their expectedutility for a giventask.

Dependingon whethertheuseris willing to experimentwith differentoptions,we candiscriminatethe
following algorithmrecommendatioscenarios:

— Selection:selectasinglealgorithmto betried onthe problem
— SubsetSelection:selecta setof algorithmsthatareexpectedo performwell onthe problem
— Ranking: determingheorderin which the candidatealgorithmsshouldbetried (mostpromisingfirst)

Olviously, algorithmselectionis aspeciakaseof ranking,namelythecasewvherewe areonly interested
in thetop-ranledalgorithm(s) However, it is usefulto considerthis asa specialcaseasit might be solved
betterwith morespecifictechniques.

In bothcaseswe needo evaluatedifferentalgorithmsaccordingo somequality criterion.In this paper
we will besimply concernedvith accurag, i.e., we estimatethe predictve accurayg of eachcandidatevia
10-fold cross-walidation.In otherworks, we have also consideredo tradeoff accurag andtime into a
singlemeasurg26].

3 Subsampling

Subsampling—tha&leaof trainingthealgorithmon only partof thesamplespace—isommonlyusedf the
sizeof the databas@reventsthe applicationof the algorithmto the entire sample Differentsubsampling
stratgieshave beendescribedn theliteratureto achieve goodperformancey usingonly a smallamount
of data.The crucial parameteis the size of the subsamplehat hasto be dravn in orderto guaranteea
satishctory performanceat a reasonable¢ime. Approachedo tackle this problemrangefrom statistical
estmiatedor appropriatssubsamplesizes[15, 29, 24, 9], over attemptgo modelthe shapeof thelearning
curve[13, 22, to active learningandwindowing techniqueghat give the learningalgorithmitself control
overthesubsamplingprocesgs, 10].

However, the main focus of previous works on this topic hasbeenon evaluatingthe performanceof
singlealgorithmson a subsampleThe useof subsamplingor algorithmrecommendatiomasonly been
addressedecently Petrak[19] performeda systematicstudyof this approachin the supervisedlassifica-
tion setting.Evenwith simple subsamplingstratayies,positive resultswereobtainedon the taskof single
algorithmselection.The learningcurves presentedn that work indicatethat althoughlarge samplesare
oftenrequiredfor reasonabl@erformanceestimatespne cansometimebtaina clearpicture of therel-
ative performanceof the algorithmson a muchsmallersamplesize. This is illustratedin Figurel, taken
from [19], which shavs how theabsolutevaluesof the errorestimatedor the differentlearningalgorithms
changeconsiderablywith training setsize,while the orderor thealgorithmsremainsfairly constant.

In thefollowing, we will generalizehis approactby combiningtheuseof subsamplingvith landmark-
ing, anideafrom meta-learningwhichis describedn moredetailin thefollowing section.



krkopt - csthol: errors

————————

o SD‘DD 10;00 lSéOD 20&;00 25000 30000
err c50boost —+— err c50tree --- % err ltree —-m— err micnb - ---
err c50rules ---x--- ert lindiscr & err micibl --o--- eIt ripper 4 -
Fig. 1. Samplelearningcurves shaving holdouterror estimatedor 10 differentalgorithmsfor increasingraining set
sizeandaconstantl0%testsetonthe UCI datasekrkopt. Theseparategiecesof the curve give the estimateobtained

by 10-timescrosswalidationonthefull dataset.

4 Data Characterization and Landmarking

As meta-learnings concernedwith the learningof mappingsfrom machinelearningtasksto machine
learningtools, the problemis often formulatedas a learningtaskwherethe objectsare datasetsand the
classvaluesare candidatealgorithmsto be usedon thesedatasetsThefirst problemthathasto be solved
in sucha framework is the definition of a setof descriptorghatcanbe usedto describea datasetn away
thatcanbeusedby the meta-learnefThis stepis calleddatacharacterization

Typically, datasetsrecharacterizethy measureghatcanbecomputedirectly from a datasetranging
from simple things suchasthe numberof (symbolic and numeric) attributes, classesand instancesto
statisticalcorrelationmeasuresand information-theoreticentropy measuresThe currentversionof the
METAL DataCharacterizatiorfool DCT [16] computesabout50 basemeasurementfor eachdatasets,
anda variablenumberof additionalmeasurementfor eachattribute or eachpair of attributes.While the
former are quite straight-fornardto use,the variablenumberof the perattribute measuregorcesoneto
usesummarymeasuresor thelatter. Alternative approachegry to capturethe distribution of thesevalues
by computinghistogramg14] or the useof moreexpressve learningalgorithmg[28].

Recently it was proposedhatthe useof learningalgorithmsmay provide valuableadditionalinfor-
mationfor this partof the meta-learningoroblem.Landmarkingis onesuchproposal2, 20], which tries
to characterizea dataseby the performancemeasure®f simplelearningalgorithms.Otherproposaldo-
cuson using propertiesof the conceptghat arelearnedwith certainalgorithms[1] or eventhe concepts
themseles[3].

Landmarkingtries to modelthe practitionerwho familiarizesherselfwith a new problemby first try-
ing a few fastandfamiliar learningalgorithms.Consequentlythe basicideaof landmarkingis to model
the performancenf complex andcomputationallyexpensve algorithmsusing performanceneasuregrom
simpleandcomputationallyfastalgorithmsthelandmarlers. Suchanapproachs basedntheassumption
thatdifferentlearningalgorithmshave differentregionsof expertisein the dataspaceandthattheregions
of expertisefor complex algorithmscanbe describedy identifying regionsof expertiseof simpleralgo-
rithms.For example anintuitiverule,suchas“If adecisionstumpperformswell onyourdata,try growing
a decisiontree’; could be learnedfrom a meta-dataseah which several datasethave beenannotatedvith
landmarlers,oneof thembeinga decisionstumpalgorithm.

In [20], two importantcriteriafor choosingappropriatdandmarlerswereproposed:

Efficiency: A goodlandmarlershouldbefairly cheapto computelf expensve computationgrerequired
to obtainthe landmark thesemight be betterinvestedfor directly testingthe candidatealgorithmson
the datasef It makes senseto useone-level decisionstumpsaslandmarlersfor predictingwhether
oneshoulduseC50boost, but notthe otherway around.

% This, of course holdsfor all datacharacterisatiotechniquesFor example,onestatisticaltestoriginally proposed
for DCT hada compleity of O(n?). Thisturnedoutto betoo expensve andwasremavedfrom consideration[20]
suggesto limit thecompleity of landmarlersto O(n log(n)).



Bias Diversity: A goodsetof landmarlersshouldconsistof landmarlerswith diversebiases!f two land-
markershave very similar performancemeasuresn all datasets,it would probablysufiice to include
only oneof them.

Basedon thesecriteria, typical choicesof landmarlerswere simple, computationallyefficient algo-
rithmswith a high bias.For example,[2] choseone-level decisionstumps(with the best,the worst,anda
randomnode), the Naive Bayesclassifier two versionsof nearesheighbouralgorithms(oneof themoper
atingonly on asubsebf theavailablefeatures)alineardiscriminantclassifier andthe default predictor

5 Subsample-basedrelative Landmarks

Note that the basicrequirementgor landmarlers,namelyto be efficient and diverse,canalsobe metin

a differentway, namelywith subsamplingandmarlers: insteadof resortingto computationallysimple
algorithms,onecouldalsoselectcomputationallycomplex algorithms but evaluatetheir performancenly

on a subsetof the available data.In fact, we could include evaluationsof the samealgorithmswhose
performancewe want to predict,on smaller subsetsof the data.Clearly, evaluatingthe algorithmson
subset®f the availabledatais cheapethanafull evaluationof thealgorithmon the entiredatasetsothat
the meta-learningapproachmay still save costscomparedo the latter approachin additionto the above
criteriafor landmarlers,we believe thatthis approacthasanothelinterestingproperty:

Similarity of Regionsof Expertise: It is not unreasonabléo expectthat the region of expertiseof an
algorithmon the collectionof “full” datasetscorrespondsairly well to theregion of expertiseon the
collectionof subsamplesf thesedatabases.

This expectationis basedon the resultsin [19], wherethe extentto which the orderof fastsubsampling
estimate®f classifierperformanceorrespondo thetrue orderof their performancavasinvestigated.

Although we will only focuson accurag-basedandmarlersin this paper the use of sample-based
landmarksis not restrictedto this task. For instancethe time to obtainthe landmarkcanalsobe usedto
predictthetime to run the algorithmon the full setof dataandthe sameappliesto the compleity of the
model.

Note,however, thatconventionallandmarlersonly capturewhetherthe performancef thelandmarler
is relatively high or relatively low (comparedo the performancef the sameandmarler onthe otherdata
sets) but not whetherthe algorithmperformswell in comparisorto the otheralgorithmsor in comparison
to the samealgorithmon a differenttraining setsize(sucha comparisorcould, e.g.,be usefulin gettinga
local estimatefor the steepnesef thelearningcurve).

Hence we proposethe useof relativelandmarking which providesthe meta-learnenot with the ab-
soluteperformancemeasuresf the landmarlers,but with relationsthat capturethe landmarlers’ perfor-
mancerelative to eachother In thesimplestcase suchrelationscould beinequalitiesbetweereachpair of
landmarlers,but morecomplicatedrelations Jik e inequalitiesnvolving significanttestsor rankingsof the
landmarlersarepossible(cf. Section6.1).

6 Experimental Results

Thereis avarietyof optionsfor characterizinghedata(theinputvariables)for determiningheoptimalal-
gorithm(theclassvariable) for choosingheapplicationscenariqalgorithmrecommendatiors. ranking)
andfor choosingthe meta-learninglgorithm.In this work, our mainfocusis on the additionaldegreesof
freedomthatwe have by beingableto chooséhetrainingandtestsetsizesandthe numberof subsampling
repetitionswhich form the basisof our sample-basettlative landmarkingtechnique.

6.1 Experimental Setup

First, we hadto pick our pool of baselearnersandbenchmarkproblems Within the METAL -project,we
collecteddetailedresultsof 10 classificationalgorithmson a large set of datasetsmost of them from
the UCI repository[4]. ThelearningalgorithmsareC50 (treesrulesandboosted)Ltree, Ripper, alinear



discriminantclassifiertheinstance-basel@arnerandthe Naive Bayedearnerfrom MLC++, andthe multi-
layerperceptrorandtheradialbasisfunctionfrom Clementine. For this study we selectedi5 classification
problemswith 10000r moreexamples.

For simplicity, we decidedto usepredictive accurag asthequality criterion,i.e., we considetthe most
accuratelgorithmasthebest.We evaluatedsinglealgorithmrecommendatiofpredictthebestalgorithm),
subsetrecommendatiorfpredict a suitablesubset),and ranking (sort the algorithmsaccordingto their
suitability). Singlealgorithmrecommendatiowasimplementedandevaluatedasa corventional10-class
classificatiorproblem.In caseof multiple bestalgorithms,we broke tiesin favor of thefastestalgorithm.
Subsetrecommendationvas implementedby learninga separatanodelfor eachof the algorithmsthat
predictswhetherthe algorithmis amongthe bestalgorithmsor not. Herewe defined‘best” asno different
thanthe mostaccuratealgorithmat a 5% significancdevel (McNemartest). This scenariovasevaluated
by reportingthe averageaccurag onthe 10 learningproblems?

In bothrecommendatioscenariogve tried several classificatioralgorithmsat the meta-level, but will
only reporton theresultof C50 becausét is well-known andin generaperformswell. Finally, algorithm
rankingwas addressedvith aninstance-basedankingtechnique[26] combinedwith the averageranks
ranking method[6]. For a new example,this algorithm computesa neighborhoof the & mostsimilar
problemsdeterminesherankof eachcandidatealgorithmon eachdatasetn this neighborhoodandcom-
putesafinal rankingof the algorithmsbasecdn the averagerankin the neighborhoodroundthe example.
ThiswasevaluatedusingSpearmarsrankcorrelationof the predicted-ankingwith thetrueranking,yield-
ing 1 if therankingsperfectlymatch,-1 if oneis the inverseof the other andO if they areunrelatedFor
detailsof the evaluationmethodologywe referto [26]. Again, we have resultsfor several settingsof the
sizeof the neighborhoodbput will focuson sizek = 5 here.This valuerepresentspproximatelyl0% of
thetotal numberof datasetswhich obtainedgoodresultsin earlierwork [26].

The main goalfor the presentstudy however, wasto look at variousparametesettingsfor obtaining
subsamplestimatesFollowing [19], we usesubsamplingtratgiesthatrandomlyselectatrainingsample
of afixedsize(100,200,or 500examples)andtestthelearnedheoriesonadifferentsubsebf theavailable
data(100examples 5%, or 10% of the data).The motivationfor thesechoicesds thatthe (usuallycritical)
training effort is reducedto constantime compleity, while testingtime is reducedby a constantfactor
(samplingitself is comparablyfastwith lineartime compleity for sequentiahccesdiles). In addition,we
alsovariedthe numberof sampleaisedfor the estimation(one,five, teniterations).

Basedon the obtainedaccurag estimategor subsamplesf varioussizes,we usedthe following five
derivedlandmarlers:

Absolute (LM): The1l0 original accuray estimates.

Ranks (RK): Like with corventionallandmarking,thereis one attribute correspondingo eachland-
marker. However, this attribute doesnot encodethe accurag estimateobtainedfor the landmarler,
but its performanceank amongits competitorgi.e., a numberfrom > 1, wherel meanst wasbest,
2 meandt was2nd-bestgtc.).In the caseof ties, all tied valuesreceve the samevalue(the bestrank,
i.e.,thelowestnumber).Theranksareusedascontinuoudeaturesandnot assymbolicvalues.

Simple Pairwise (SP): This stratgy enableghe learnerat the meta-level to make useof pairwisecom-
parisonsbetweenthe accuracieof the landmarlers. For eachpairs of landmarlers, theserelations
returned+1 if thefirst valuewaslarger, —1 if the secondvaluewaslarger, and0 for equalvalues.

Confidencelnter val-basedPairwise (CP): This expandsthe pairwise comparisondy taking the 95%
confidencentervalsof the errorestimatesnto accoun{18].

Ratios (RT): Here,we encodethe pairwiseaccuraciesatiosfor all pairsof landmarlers.Thisrepresenta-
tion maybe seenasa generalizatiorof the previousone,wherethe symbolic,binary attribute with the
values—1,0, +1 is representedsa continuougange We useratiosinsteadof differencedecauseve
wantedto have differenceselative to the orderof magnitudeof the error, insteadof absolutevalues®

4 Notethatin thissettingit mayhapperthattheemptysubsets predictedif all of the10classifiersredictthattheiral-
gorithmis notapplicable We alsotried a differentsettingwherewe predicta fixeddefaultalgorithm,C50boost(the
mostaccuratealgorithmon average)in suchcaseswhich is probablymorerealisticfor practicalapplicationsput
theresultswerequalitatively the same.

® Thefactthatthe resultingvaluerangeis (0, co) is assymetri@roundl, the valueof equalperformanceshouldnot
malke a differenceto algorithmslike C4.5 or Ripper, which treatcontinuousattributesby dynamicallydiscretizing
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Fig. 2. Varying samplingparametersThe left columnshov the resultsfor varying the training set size (100, 200,
and 500 examples) the middle columnthe resultsof varying the testsetsize (100, 5%, 10%), andthe right column
the resultsof varyingthe numberof subsamplingepetitions(1, 5, and10). The threedifferentrows shav the differ-
entalgorithmrecommendatiosettings:recommending single algorithm,recommending subsetandrankingthe
algorithms.

For comparisonyve alsouseda setof 25 General, Statistical and Inf ormation-theoretic (GSI) mea-
suresfor datacharacterizationWe chosethe samesubsetof featuresusedin [26]. We alsocomparethe
resultsto thedir ectrecommendation(DR) strateyy, which simply predictsthatthe algorithmwhich per
formsbeston the subsampleavill alsoperformbeston the entiredataset.Notethatrelative sample-based
landmarksallow to encodehis classifierin the form of a simplerule with onecondition(namelythe pair
wiserelationof the subsampléandmarks)This meanghata metalearnerthat usesa relative encodingof
subsampléandmarksshouldbe ableto fall backon this default classfierand,ideally, be ableto improve
uponit by learninga morecomplex theory

6.2 Effectsof Sampling Parameters

We first look atthe effectsthatdifferentsamplingparametersiave onthe metalearnindask.Startingfrom
a single holdout estimatebasedon a training setwith 500 casesand a test setof 10% of the data,we
individually variedthetrainingsetsize(100,200,and500cases)thetestsetsize (100 cases5% and10%
of thedata),andthe numberof holdoutrepetitions(1, 5, and10). Theresultsareshavn in Figure?2.

The resultsshov that overall, metalearningaccurag tendsto increasewith the size of the training
setandtestsetusedfor the landmarler. Larger training setsfor the subsampldearningtaskgive better
recommendationesultsbecauseéhey presumablygive theorieshatarecloserto thefinal theory Similarly,
larger testsetsalso give betterrecommendatiomesults,presumablybecausehey estimatethe quality of
thetheorieslearnedfrom the subsamplenoreaccurately The effectis lesspronouncedor the numberof

them,andwhich we will useasmeta-algorithmslt might, howvever, male a differenceif nhumericalalgorithmsare
used(e.g.,linearregression).



Table 1. Resultsof directrecommendatiorstatisticaldatacharacterizationandsample-basecklative landmarksfor
predictinga singlealgorithm (accurag), a subsetf algorithms(averageaccurag on 10 problems),andfor ranking
(Spearmarsrankcorrelation) for training setsizes500andtestsetsizes10%.

single | subset| ranking
DR 37.78%| 78.44%| 0.570
GSlI 37.78%| 74.22%| 0.495
LM 31.11%] 78.00%| 0.562
RK 35.56%] 78.00%| 0.571
RT 40.00%| 74.67%| 0.597
SP 53.55%] 75.33%| 0.584
CP 28.89%| 74.67%| 0.516
default| 42.22%| 77.78%| 0.529

repetitions.This again,is not surprising,asanincreasen the numberof repetitionsshouldonly reduce
the variancein the landmarkvalues,but not changetheir expectedvalues.Thus, while the order of the
landmarkvalueson the subsampléecomesnore stablewith anincreasingnumberof repetitions(which
may make learningmorereliable),it doesnot necessarilycontainmoreinformationaboutthe tarmget, i.e.,
therankingof thealgorithmsonthefull dataset.

Figure 2 suggestghat ranking is more stableacrossdifferent landmarlers than the other two ap-
proachesThis differencecould be explainedby the higherbiasof the k-NN algorithmusedin the former
whencomparedo the decisiontreesusedin theformer. Therefore rankingresultsarelessaffectedby us-
ing the varioustypesof landmarlers,giventhatthey arereally differentrepresentationsf the samebasic
information. Thevalidity of this hypothesigeamaingo beinvestigated.

6.3 Comparison of Strategies

Herewe comparethe resultsof the variousstratgiesfor algorithmrecommendatiorie comparedirect
recommendatioasedon subsamplegsneta-learningusing GSI/DCT measuresandmeta-learningising
five differentkinds of sample-basettlative landmarksfor subsamplesize 500 andusing10% of the data
astestsets.This settingis the mostreliable setting(in the sensethatit usesthe largesttraining andtest
setsandits estimateconsequenthhave the lowestbiasandvariance)amongthe subsamplingstrategies
we investigatedfor single,notiteratedsamples).

Tablel shovstheresults.We candraw severalconclusiondrom them:For one,sample-basetklative
landmarkscanoutperformdirectalgorithmrecommendatiorandarealmostnever worse.The exceptionis
thecasewherewe try to learnwhetheranalgorithmis applicableor not. In spiteof thepositive results the
gainsobtainedwith meta-learningveresmallerthanwe expectedbeforehandFigure 3 providesa simple
explanationfor this. The direct samplingobtainsbetterresultsfor smallerdatasetsTheseare datasets
wherethe training sampleis largerin the sensethat the 500 casesusedrepresent larger proportion of
the data.Therefore the modelsobtainedwith the sampletendto be more similar to the true modelsand,
thus, provide goodestimatesf their accurag. On the otherhand,the meta-learningapproachasa clear
adwantageon thelargerdatasets.

Neverthelessjt seemgo be the casethat meta-learningcan make useof the additionalinformation
thatis providedby sample-baselhndmarksijn particularfor the caseof directrecommendatiorSecondly
sample-basedelative landmarksseemto be a viable alternatve to statisticaland information-theoretic
datacharacterizationechniquesin somecasesthey producemuchbetterresults.Finally, it seemgo be
thecasehatdifferentfeaturesetsaregoodfor differentmeta-learningasks.While thereseemgo besome
correspondencketweerthe singleselectiontaskandthe rankingtask, the resultson the subsetselection
taskare completelyreversed.Here,direct selectionis the bestperformer while ratios (RT) and pairwise
comparisongCP),which producethe bestresultson the othertasks,areat the bottomend.

7 Conclusions

In this paperwe have presentedast subsamplingandmarlersin various contets of metalearningWe
have shovn thatthe choiceof thetraining setandtestsetsizeof the landmarler influenceghe quality of
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rankingapproaches.

themetalearningask.Metalearningusingsubsampling-basddndmarlersarecompetitve with traditional
metalearningiproachesghatusestatisticalandinformation—theoreticlatabaseneasurementsndcanout-
performthe traditional methodof usingsubsamplesor direct selectionof the bestalgorithm. Similarily,
subsample-basddndmarlerscanbe usedsuccessfullyfor rankingrecommendationgspeciallyfor large
datasetsTheseresultswere obtainedwith a very simple strateyy of picking constant-sizesubsetf the
datafor the landmarlers.Futurework will investigatehow to adaptthe size of the training setsusedfor
thelandmarlersbetterto the complexity andsizeof the databaseyhile still guaranteeingompetitvetime
requirements.
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