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Abstract. Theuseof subsamplingfor scalingup theperformanceof learningalgorithmshasbecome
fairly popularin the recentliterature.In this paper, we investigatethe useof performanceestimates
obtainedon a subsampleof the datafor the taskof recommendingthebestlearningalgorithm(s)for
theproblem.In particular, we examinetheuseof subsamplingestimatesasfeaturesfor meta-learning,
therebygeneralizingpreviouswork on landmarkingandon directalgorithmrecommendationvia sub-
sampling.Themaingoalof thepaperis to investigatetheinfluenceof variousparameterchoicesonthe
meta-learningperformance,in particularthesizeof trainingandtestsetsandthenumberof subsamples.

1 Intr oduction

With theavailability of awide rangeof differentclassificationalgorithms,strategiesfor selectingthemost
adequatealgorithmfor a particulardatamining problembecomemoreimportant.Many characteristicsof
boththelearningalgorithmandthemodelclassmayinfluencethedecisionof whichalgorithmsto selector
which algorithmsto try first. Most importantaretheaccuracy andtheunderstandabilityof themodeland
theamountof computingresources(e.g.,run-time)requiredto find it.

Thepredominantapproachfor algorithmrecommendationis to estimatetheaccuracy of thecandidate
algorithmsontheproblemandselecttheonethatappearsto bemostaccurate[23]. However, thisapproach
is not alwaysfeasible.On theonehand,thenumberof availablealgorithmsmaybetoo largeto try every
oneof them,while on theotherhandthesizeof thedatabasemaypreventa full evaluationof analgorithm
on theentiredataset.

Thefirst problem—toomany algorithmsto try eachoneof them—maybe tackledvia meta-learning:
thecandidatealgorithmsareevaluatedonceon afixedsetof benchmarkdatasets(say, e.g.,datasetswithin
theUCI repository),eachof which is characterizedby a fixednumberof datacharacterizationattributes.
This informationis thenusedto learna modelthat relatesthemeasuredcharacteristicsof eachdatasetto
theperformanceof thealgorithmson thedataset.This modelcanthenbeusedto predicttheperformance
of thealgorithmsonnew, unseendatabases,withouthaving to try any of thealgorithmsonthenew dataset.

The secondproblem—thedatabaseis too large to evaluateall (or some)algorithms—isusuallyad-
dressedvia subsampling,i.e., theideaof usingonly partof theavailabledatafor training.However, while
it hasbeenfrequentlyappliedto scalingup datamining algorithms[21], its suitabilility for algorithm
recommendationhasnot foundmuchattentionin theliterature[19].

In thispaper, weanalyzethecombinationof subsamplingandlandmarkingin ameta-learningscenario.
In particular, we will generalizetheideaof landmarking[2, 20] to theuseof relative landmarksandland-
marksbasedon subsamples[27, 11]. We will empirically evaluatethis ideaof subsample-basedrelative
landmarkson threedifferentmeta-learningtasks(singlealgorithmrecommendation,subsetselectionand
ranking)on a meta-databasederivedfrom evaluating10 machinelearningalgorithmson 45 datasetsfrom
theUCI repository. We will alsolook at thetheeffect of varyingthethreemainparametersof subsample-
basedrelative landmarks,namelythe sizeof the training set,the sizeof the testset,andthe numberof
samplingrepetitions.

2 Meta-Learning and Algorithm Recommendation

Meta-learninghasrecentlygainedconsiderablepopularility in the literatureasa techniquefor learning
how to efficiently usemultiplealgorithmsfor improving thelearningperformanceonaproblem.Two lines



of researchcan be distiguished:meta-classificationand algorithm recommendation. Meta-classification
schemesarealgorithmsthat usethe predictionsof oneor morebaselevel algorithmsasthe input of ad-
ditional layersof learningthat aim at improving the predictionsof the baseclassifiers.Membersof this
family arestacking[30], cascading[12], arbitersandcombiners[7], andgrading[25]. Suchtechniques
will not beaddressedin this paper.

Algorithm recommendationis the problemof learningto recommendan appropriatesetof learning
algorithmsthatshouldbetried on one’spredictionproblem.Typically, this typeof meta-learninginvolves
the stepsof datacharacterization, in which datasetsarecharacterizedby measuresthat aim at capturing
importantpropertiesof a dataset(cf. section4), andthemeta-learningphaseproper, in which a modelis
built thatrelatesthesecharacteristicsto theperformanceof learningalgorithmson thesetasks.Oneof the
earliestapplicationsof this line of researchwasin the STATLOG project [5, 17]. Currently, at leasttwo
Europeanprojectsareconcernedwith this typeof meta-learning:theM ININGMARTS projectinvestigates
the ideaof storinggeneralizeddatamining (in particularpre-processing)episodesin a casebasefor later
re-useon new problems,andthe METAL projectinvestigatesthepossibilityof meta-learningfor ranking
theavailablealgorithmsin a datamining tool accordingto their expectedutility for agiventask.

Dependingonwhethertheuseris willing to experimentwith differentoptions,wecandiscriminatethe
following algorithmrecommendationscenarios:

– Selection:selectasinglealgorithmto betriedon theproblem
– SubsetSelection:selectasetof algorithmsthatareexpectedto performwell on theproblem
– Ranking: determinetheorderin which thecandidatealgorithmsshouldbetried(mostpromisingfirst)

Obviously,algorithmselectionisaspecialcaseof ranking,namelythecasewhereweareonly interested
in thetop-rankedalgorithm(s).However, it is usefulto considerthis asa specialcaseasit might besolved
betterwith morespecifictechniques.

In bothcases,weneedto evaluatedifferentalgorithmsaccordingto somequalitycriterion.In thispaper,
we will besimply concernedwith accuracy, i.e.,weestimatethepredictiveaccuracy of eachcandidatevia
10-fold cross-validation.In otherworks, we have also consideredto tradeoff accuracy and time into a
singlemeasure[26].

3 Subsampling

Subsampling—theideaof trainingthealgorithmononly partof thesamplespace—iscommonlyusedif the
sizeof thedatabasepreventstheapplicationof thealgorithmto theentiresample.Differentsubsampling
strategieshavebeendescribedin theliteratureto achievegoodperformanceby usingonly a smallamount
of data.The crucial parameteris the sizeof the subsamplethat hasto be drawn in order to guaranteea
satisfactory performanceat a reasonabletime. Approachesto tackle this problemrangefrom statistical
estmiatesfor appropriatesubsamplesizes[15, 29, 24, 9], overattemptsto modeltheshapeof thelearning
curve [13, 22], to active learningandwindowing techniquesthatgive thelearningalgorithmitself control
over thesubsamplingprocess[8, 10].

However, the main focusof previous works on this topic hasbeenon evaluatingthe performanceof
singlealgorithmson a subsample.The useof subsamplingfor algorithmrecommendationhasonly been
addressedrecently. Petrak[19] performeda systematicstudyof this approachin thesupervisedclassifica-
tion setting.Evenwith simplesubsamplingstrategies,positive resultswereobtainedon thetaskof single
algorithmselection.The learningcurvespresentedin that work indicatethat althoughlarge samplesare
oftenrequiredfor reasonableperformanceestimates,onecansometimesobtaina clearpictureof the rel-
ative performanceof thealgorithmson a muchsmallersamplesize.This is illustratedin Figure1, taken
from [19], whichshowshow theabsolutevaluesof theerrorestimatesfor thedifferentlearningalgorithms
changeconsiderablywith trainingsetsize,while theorderor thealgorithmsremainsfairly constant.

In thefollowing,wewill generalizethisapproachby combiningtheuseof subsamplingwith landmark-
ing, anideafrom meta-learning,which is describedin moredetail in thefollowing section.
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Fig.1. Samplelearningcurvesshowing holdouterrorestimatesfor 10 differentalgorithmsfor increasingtrainingset
sizeandaconstant10%testsetontheUCI datasetkrkopt.Theseparatedpiecesof thecurvegive theestimateobtained
by 10-timescrossvalidationon thefull dataset.

4 Data Characterization and Landmarking

As meta-learningis concernedwith the learningof mappingsfrom machinelearningtasksto machine
learningtools, the problemis often formulatedasa learningtaskwherethe objectsaredatasetsandthe
classvaluesarecandidatealgorithmsto beusedon thesedatasets.Thefirst problemthathasto besolved
in sucha framework is thedefinitionof a setof descriptorsthatcanbeusedto describea datasetin a way
thatcanbeusedby themeta-learner. Thisstepis calleddatacharacterization.

Typically, datasetsarecharacterizedby measuresthatcanbecomputeddirectly from adataset,ranging
from simple thingssuchas the numberof (symbolicandnumeric)attributes,classes,and instances,to
statisticalcorrelationmeasuresand information-theoreticentropy measures.The currentversionof the
METAL DataCharacterizationTool DCT [16] computesabout50 basemeasurementsfor eachdatasets,
anda variablenumberof additionalmeasurementsfor eachattributeor eachpair of attributes.While the
former arequite straight-forward to use,the variablenumberof the per-attribute measuresforcesoneto
usesummarymeasuresfor thelatter. Alternative approachestry to capturethedistribution of thesevalues
by computinghistograms[14] or theuseof moreexpressivelearningalgorithms[28].

Recently, it wasproposedthat the useof learningalgorithmsmay provide valuableadditionalinfor-
mationfor this partof themeta-learningproblem.Landmarkingis onesuchproposal[2, 20], which tries
to characterizea datasetby theperformancemeasuresof simplelearningalgorithms.Otherproposalsfo-
cuson usingpropertiesof the conceptsthat arelearnedwith certainalgorithms[1] or even the concepts
themselves[3].

Landmarkingtries to modelthepractitionerwho familiarizesherselfwith a new problemby first try-
ing a few fastandfamiliar learningalgorithms.Consequently, the basicideaof landmarkingis to model
theperformanceof complex andcomputationallyexpensivealgorithmsusingperformancemeasuresfrom
simpleandcomputationallyfastalgorithms,thelandmarkers. Suchanapproachis basedontheassumption
thatdifferentlearningalgorithmshavedifferentregionsof expertisein thedataspace,andthat theregions
of expertisefor complex algorithmscanbedescribedby identifying regionsof expertiseof simpleralgo-
rithms.For example,anintuitiverule,suchas“If adecisionstumpperformswell onyourdata,try growing
a decisiontree”, couldbelearnedfrom a meta-datasetin which severaldatasetshave beenannotatedwith
landmarkers,oneof thembeingadecisionstumpalgorithm.

In [20], two importantcriteriafor choosingappropriatelandmarkerswereproposed:

Efficiency: A goodlandmarkershouldbefairly cheapto compute.If expensivecomputationsarerequired
to obtainthelandmark,thesemight bebetterinvestedfor directly testingthecandidatealgorithmson
the dataset.3 It makessenseto useone-level decisionstumpsaslandmarkersfor predictingwhether
oneshoulduseC50boost, but not theotherwayaround.

3 This, of course,holdsfor all datacharacterisationtechniques.For example,onestatisticaltestoriginally proposed
for DCT hadacomplexity of
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BiasDiversity: A goodsetof landmarkersshouldconsistof landmarkerswith diversebiases.If two land-
markershave very similar performancemeasureson all datasets,it would probablysuffice to include
only oneof them.

Basedon thesecriteria, typical choicesof landmarkersweresimple,computationallyefficient algo-
rithmswith a high bias.For example,[2] choseone-level decisionstumps(with thebest,theworst,anda
randomnode),theNaïveBayesclassifier, two versionsof nearestneighbouralgorithms(oneof themoper-
atingonly on a subsetof theavailablefeatures),a lineardiscriminantclassifier, andthedefault predictor.

5 Subsample-basedRelativeLandmarks

Note that the basicrequirementsfor landmarkers,namelyto be efficient anddiverse,canalsobe met in
a different way, namelywith subsamplinglandmarkers: insteadof resortingto computationallysimple
algorithms,onecouldalsoselectcomputationallycomplex algorithms,but evaluatetheirperformanceonly
on a subsetof the available data.In fact, we could include evaluationsof the samealgorithmswhose
performancewe want to predict, on smallersubsetsof the data.Clearly, evaluatingthe algorithmson
subsetsof theavailabledatais cheaperthana full evaluationof thealgorithmon theentiredataset,sothat
themeta-learningapproachmaystill save costscomparedto the latterapproach.In additionto theabove
criteriafor landmarkers,we believe thatthisapproachhasanotherinterestingproperty:

Similarity of Regionsof Expertise: It is not unreasonableto expect that the region of expertiseof an
algorithmon thecollectionof “full” datasetscorrespondsfairly well to theregion of expertiseon the
collectionof subsamplesof thesedatabases.

This expectationis basedon the resultsin [19], wherethe extent to which the orderof fastsubsampling
estimatesof classifierperformancecorrespondto thetrueorderof their performancewasinvestigated.

Although we will only focuson accuracy-basedlandmarkers in this paper, the useof sample-based
landmarksis not restrictedto this task.For instance,the time to obtainthe landmarkcanalsobe usedto
predictthe time to run thealgorithmon thefull setof dataandthesameappliesto thecomplexity of the
model.

Note,however, thatconventionallandmarkersonly capturewhethertheperformanceof thelandmarker
is relatively highor relatively low (comparedto theperformanceof thesamelandmarkeron theotherdata
sets),but not whetherthealgorithmperformswell in comparisonto theotheralgorithmsor in comparison
to thesamealgorithmon a differenttrainingsetsize(sucha comparisoncould,e.g.,beusefulin gettinga
localestimatefor thesteepnessof thelearningcurve).

Hence,we proposetheuseof relativelandmarking, which providesthemeta-learnernot with theab-
soluteperformancemeasuresof the landmarkers,but with relationsthat capturethe landmarkers’ perfor-
mancerelativeto eachother. In thesimplestcase,suchrelationscouldbeinequalitiesbetweeneachpairof
landmarkers,but morecomplicatedrelations,like inequalitiesinvolving significanttestsor rankingsof the
landmarkersarepossible(cf. Section6.1).

6 Experimental Results

Thereis avarietyof optionsfor characterizingthedata(theinputvariables),for determiningtheoptimalal-
gorithm(theclassvariable),for choosingtheapplicationscenario(algorithmrecommendationvs.ranking)
andfor choosingthemeta-learningalgorithm.In this work, our mainfocusis on theadditionaldegreesof
freedomthatwehaveby beingableto choosethetrainingandtestsetsizesandthenumberof subsampling
repetitions,which form thebasisof oursample-basedrelative 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 datasets,most of them from
theUCI repository[4]. ThelearningalgorithmsareC50 (trees,rulesandboosted),Ltree, Ripper, a linear



discriminantclassifier, theinstance-basedlearnerandtheNaiveBayeslearnerfrom MLC++, andthemulti-
layerperceptronandtheradialbasisfunctionfromClementine. For thisstudy, weselected45classification
problemswith 1000or moreexamples.

For simplicity, wedecidedto usepredictiveaccuracy asthequalitycriterion,i.e.,weconsiderthemost
accuratealgorithmasthebest.Weevaluatedsinglealgorithmrecommendation(predictthebestalgorithm),
subsetrecommendation(predict a suitablesubset),and ranking (sort the algorithmsaccordingto their
suitability). Singlealgorithmrecommendationwasimplementedandevaluatedasa conventional10-class
classificationproblem.In caseof multiple bestalgorithms,we broke ties in favor of thefastestalgorithm.
Subsetrecommendationwas implementedby learninga separatemodel for eachof the algorithmsthat
predictswhetherthealgorithmis amongthebestalgorithmsor not.Herewe defined“best” asno different
thanthemostaccuratealgorithmat a 5% significancelevel (McNemartest).This scenariowasevaluated
by reportingtheaverageaccuracy on the10 learningproblems.4

In bothrecommendationscenarioswe tried severalclassificationalgorithmsat themeta-level, but will
only reporton theresultof C50 becauseit is well-known andin generalperformswell. Finally, algorithm
rankingwasaddressedwith an instance-basedrankingtechnique[26] combinedwith the averageranks
rankingmethod[6]. For a new example,this algorithmcomputesa neighborhoodof the � mostsimilar
problems,determinestherankof eachcandidatealgorithmoneachdatasetin thisneighborhood,andcom-
putesafinal rankingof thealgorithmsbasedon theaveragerankin theneighborhoodaroundtheexample.
ThiswasevaluatedusingSpearman’srankcorrelationof thepredictedrankingwith thetrueranking,yield-
ing 1 if therankingsperfectlymatch,-1 if oneis the inverseof theother, and0 if they areunrelated.For
detailsof the evaluationmethodologywe refer to [26]. Again, we have resultsfor severalsettingsof the
sizeof theneighborhood,but will focuson size ����� here.This valuerepresentsapproximately10%of
thetotal numberof datasets,which obtainedgoodresultsin earlierwork [26].

Themaingoal for thepresentstudy, however, wasto look at variousparametersettingsfor obtaining
subsampleestimates.Following [19], weusesubsamplingstrategiesthatrandomlyselecta trainingsample
of afixedsize(100,200,or 500examples),andtestthelearnedtheoriesonadifferentsubsetof theavailable
data(100examples,5%,or 10%of thedata).Themotivationfor thesechoicesis thatthe(usuallycritical)
training effort is reducedto constanttime complexity, while testingtime is reducedby a constantfactor
(samplingitself is comparablyfastwith lineartime complexity for sequentialaccessfiles). In addition,we
alsovariedthenumberof samplesusedfor theestimation(one,five, teniterations).

Basedon theobtainedaccuracy estimatesfor subsamplesof varioussizes,we usedthefollowing five
derivedlandmarkers:

Absolute (LM): The ��� originalaccuracy estimates.
Ranks (RK): Like with conventional landmarking,there is one attribute correspondingto eachland-

marker. However, this attribute doesnot encodethe accuracy estimateobtainedfor the landmarker,
but its performancerankamongits competitors(i.e., a numberfrom ��� , where1 meansit wasbest,
2 meansit was2nd-best,etc.).In thecaseof ties,all tied valuesreceive thesamevalue(thebestrank,
i.e., thelowestnumber).Theranksareusedascontinuousfeaturesandnot assymbolicvalues.

SimplePairwise (SP): This strategy enablesthe learnerat the meta-level to make useof pairwisecom-
parisonsbetweenthe accuraciesof the landmarkers.For eachpairs of landmarkers,theserelations
returned� � if thefirst valuewaslarger, !"� if thesecondvaluewaslarger, and � for equalvalues.

ConfidenceInter val-basedPairwise (CP): This expandsthe pairwisecomparisonsby taking the 95%
confidenceintervalsof theerrorestimatesinto account[18].

Ratios (RT): Here,weencodethepairwiseaccuraciesratiosfor all pairsof landmarkers.This representa-
tion maybeseenasageneralizationof thepreviousone,wherethesymbolic,binaryattributewith the
values!"�$#%�&#'� � is representedasacontinuousrange.We useratiosinsteadof differencesbecausewe
wantedto havedifferencesrelative to theorderof magnitudeof theerror, insteadof absolutevalues.5

4 Notethatin thissettingit mayhappenthattheemptysubsetis predicted,if all of the10classifierspredictthattheiral-
gorithmis notapplicable.Wealsotriedadifferentsettingwherewepredictafixeddefaultalgorithm,C50boost(the
mostaccuratealgorithmon average)in suchcases,which is probablymorerealisticfor practicalapplications,but
theresultswerequalitatively thesame.

5 Thefactthattheresultingvaluerangeis
�)(+*-,.�

is assymetricaround1, thevalueof equalperformance,shouldnot
make a differenceto algorithmslike C4.5 or Ripper, which treatcontinuousattributesby dynamicallydiscretizing
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Fig.2. Varying samplingparameters.The left column show the resultsfor varying the training set size (100, 200,
and500 examples),the middle columnthe resultsof varying the testsetsize(100,5%, 10%),andthe right column
theresultsof varying thenumberof subsamplingrepetitions(1, 5, and10). The threedifferentrows show thediffer-
ent algorithmrecommendationsettings:recommendinga singlealgorithm,recommendinga subset,andrankingthe
algorithms.

For comparison,wealsouseda setof 25 General,Statistical and Inf ormation-theoretic (GSI) mea-
suresfor datacharacterization.We chosethe samesubsetof featuresusedin [26]. We alsocomparethe
resultsto thedir ect recommendation(DR) strategy, which simply predictsthatthealgorithmwhich per-
formsbeston thesubsamplewill alsoperformbeston theentiredataset.Notethat relative sample-based
landmarksallow to encodethis classifierin theform of a simplerule with onecondition(namelythepair-
wiserelationof thesubsamplelandmarks).This meansthata metalearnerthatusesa relativeencodingof
subsamplelandmarksshouldbeableto fall backon this default classfier, and,ideally, beableto improve
uponit by learninga morecomplex theory.

6.2 Effectsof SamplingParameters

We first look at theeffectsthatdifferentsamplingparametershaveon themetalearningtask.Startingfrom
a single holdout estimatebasedon a training set with 500 casesand a test set of 10% of the data,we
individually variedthetrainingsetsize(100,200,and500cases),thetestsetsize(100cases,5%and10%
of thedata),andthenumberof holdoutrepetitions(1, 5, and10).Theresultsareshown in Figure2.

The resultsshow that overall, metalearningaccuracy tendsto increasewith the size of the training
setandtestsetusedfor the landmarker. Larger training setsfor the subsamplelearningtaskgive better
recommendationresultsbecausethey presumablygivetheoriesthatarecloserto thefinal theory. Similarly,
larger testsetsalsogive betterrecommendationresults,presumablybecausethey estimatethe quality of
thetheorieslearnedfrom thesubsamplemoreaccurately. Theeffect is lesspronouncedfor thenumberof

them,andwhich we will useasmeta-algorithms.It might, however, make a differenceif numericalalgorithmsare
used(e.g.,linearregression).



Table 1. Resultsof direct recommendation,statisticaldatacharacterization,andsample-basedrelative landmarksfor
predictinga singlealgorithm(accuracy), a subsetof algorithms(averageaccuracy on 10 problems),andfor ranking
(Spearman’s rankcorrelation),for trainingsetsizes500andtestsetsizes10%.

single subset ranking
DR 37.78% 78.44% 0.570
GSI 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,asan increasein the numberof repetitionsshouldonly reduce
the variancein the landmarkvalues,but not changetheir expectedvalues.Thus,while the orderof the
landmarkvalueson thesubsamplebecomesmorestablewith an increasingnumberof repetitions(which
maymake learningmorereliable),it doesnot necessarilycontainmoreinformationaboutthe target, i.e.,
therankingof thealgorithmson thefull dataset.

Figure 2 suggeststhat ranking is more stableacrossdifferent landmarkers than the other two ap-
proaches.This differencecouldbeexplainedby thehigherbiasof thek-NN algorithmusedin theformer
whencomparedto thedecisiontreesusedin theformer. Therefore,rankingresultsarelessaffectedby us-
ing thevarioustypesof landmarkers,giventhat they arereally differentrepresentationsof thesamebasic
information.Thevalidity of thishypothesisreamainsto beinvestigated.

6.3 Comparisonof Strategies

Herewe comparethe resultsof the variousstrategiesfor algorithmrecommendation.We comparedirect
recommendationbasedon subsamples,meta-learningusingGSI/DCTmeasures,andmeta-learningusing
five differentkindsof sample-basedrelative landmarksfor subsamplesize500andusing10%of thedata
astestsets.This settingis the mostreliablesetting(in the sensethat it usesthe largesttraining andtest
setsandits estimatesconsequentlyhave the lowestbiasandvariance)amongthe subsamplingstrategies
we investigated(for single,not iteratedsamples).

Table1 shows theresults.We candraw severalconclusionsfrom them:For one,sample-basedrelative
landmarkscanoutperformdirectalgorithmrecommendation,andarealmostneverworse.Theexceptionis
thecasewherewe try to learnwhetheranalgorithmis applicableor not. In spiteof thepositiveresults,the
gainsobtainedwith meta-learningweresmallerthanwe expectedbeforehand.Figure3 providesa simple
explanationfor this. The direct samplingobtainsbetterresultsfor smallerdatasets.Theseare datasets
wherethe training sampleis larger in the sensethat the 500 casesusedrepresenta larger proportionof
thedata.Therefore,themodelsobtainedwith thesampletendto bemoresimilar to the truemodelsand,
thus,provide goodestimatesof their accuracy. On the otherhand,the meta-learningapproachasa clear
advantageon thelargerdatasets.

Nevertheless,it seemsto be the casethat meta-learningcanmake useof the additionalinformation
thatis providedby sample-basedlandmarks,in particularfor thecaseof directrecommendation.Secondly,
sample-basedrelative landmarksseemto be a viable alternative to statisticaland information-theoretic
datacharacterizationtechniques.In somecases,they producemuchbetterresults.Finally, it seemsto be
thecasethatdifferentfeaturesetsaregoodfor differentmeta-learningtasks.While thereseemsto besome
correspondencebetweenthesingleselectiontaskandtherankingtask,the resultson thesubsetselection
taskarecompletelyreversed.Here,direct selectionis the bestperformer, while ratios(RT) andpairwise
comparisons(CP),whichproducethebestresultson theothertasks,areat thebottomend.

7 Conclusions

In this paperwe have presentedfast subsamplinglandmarkers in variouscontexts of metalearning.We
have shown that thechoiceof thetrainingsetandtestsetsizeof the landmarker influencesthequality of



Fig.3. Effectof thedatasetsizeon thedifferencebetweenthecorrelationobtainedby themeta-learningandthedirect
rankingapproaches.

themetalearningtask.Metalearningusingsubsampling-basedlandmarkersarecompetitivewith traditional
metalearningaproachesthatusestatisticalandinformation–theoreticdatabasemeasurementsandcanout-
performthe traditionalmethodof usingsubsamplesfor direct selectionof the bestalgorithm.Similarily,
subsample-basedlandmarkerscanbeusedsuccessfullyfor rankingrecommendations,especiallyfor large
datasets.Theseresultswereobtainedwith a very simplestrategy of picking constant-sizesubsetsof the
datafor the landmarkers.Futurework will investigatehow to adaptthe sizeof the training setsusedfor
thelandmarkersbetterto thecomplexity andsizeof thedatabase,while still guaranteeingcompetitivetime
requirements.
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