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Abstract. Today mostof the datain businessapplicationsis storedin relationaldatabase
systemsor in datawarehousesuilt on top of relationaldatabaseystemsOften, for more
datais availablethancanbe processedy standardearningalgorithmsin reasonabléime.
This paperpresentsan extensionto kernelalgorithmsthat makes useof the more compact
relationalrepresentationf datainsteadof the usualattribute-valuerepresentatiotto signifi-
cantly speedup thekernelcalculation.
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1 Intr oduction

Today mostof the datain businessapplicationss storedin relationaldatabaseystemsor in
datawarehousebuilt ontop of relationaldatabassystemsRelationaldatabasearebuilt upon
awell-definedtheoreticaimodelof how datacanbestoredandretrievedandcandealwith most
guestionghatrevolve arounddatain real-world settings suchasefficiency andeffectivenesof
storageandqueries securityof the data,usabilityandhandlingof metadata.

Cheapstoragespaceandtheefficiency of moderndatabassystemsn storingandqueryingdata
have led to the creationof very large databaseghatcontainthe completebusinessnformation
of large companiesThetaskof knowledgediscoveryin databasess to find hiddenknowledge
in this data,thatmay be helpful to betterunderstanéndoptimizethe companieusinesses.

As thetaskof knowledgediscovery requiresto processxtremelylarge amountof data,mary
usefulmachinelearningalgorithmscannotbe applied,becausehey weredevelopedfor much
smallerdatasetsand do not scalewell enoughto dealwith gigabytesof data.Often, in this
casesamplingis usedin the hopeto generatea subsetof the data,that is small enoughto
be processedby the learningalgorithmbut still reflectsthe original datacloseenoughto give
acceptableesults.

To increasethe performanceandflexibility of datamining applicationsyesearchs currently
doneto move asmuchof the datamining work into the databasé¢o avoid costly transportof



databetweendatabaseenersandapplicationmachinesThis targetsespeciallyat the stepof
datapreprocessingo cleanandtransformthe data. This stepcanbe ascomplec asthe final
learningtaskitself [8, 2]. Evenworse,the samepreprocessingtepshave to betakenin orderto
applytheresultto new examples.

In [4], Kietz et. al. describethat50 - 80% of the effortsin real-world applicationof knowledge
discovery arespenton finding anappropriatepre-processingf the data. They presenta meta-
databasedframenork to the re-useof KDD-applicationsthatis centeredon keepingasmuch
dataanddataoperationsn thedatabasaspossible.

1.1 Learning and Representation

The relationaldatamodel specifiesthat datais keptin relations.A relationis a setof tuples
whereeachattribute valuein the tuple is a memberof a fixed domain.In practice,relations
arestoredin databas¢ableswhereeachtablerow definesatupleof therelationandeachtable
columndefinesanattributeof therelation,wheretheattributedomainis givenby afixedcolumn
type.ldeally, eachrelationstandsor a certainreal-world conceptthatcannotbe split up into

meaningfulsub-concepts.g.abankcustomergivenby name addresandcustomenumber),
a bankingaccout(given by customemumber accountnumberandcreditlimit) or anaccount
transactior(givenby two accountnumbersandanamountof mongy).

Thetrick with multirelationaldatais, thatthe tablesdo not have to be taken on their own, but
canbecombinedo querythedatain very complex ways.Therelationalalgebravhichdescribes
thesemantic®f databasgueries-implementedn thestandaradjuerylanguagesQL —is based
onthreemainoperatorsselectionprojectionandjoin. A selectionselectguplesfrom arelation
with respecto differentcriteria. Projectionselectsattributesout of arelation.A join combines
the dataof two differentrelationsbasedon the equality of somespecifiedattributes. While
selectionandprojectiondecreasethe sizeof thedata,a join of two tablesof sizen andm can
produceatableof sizen - m.

Sowhy is thata problemfor datamining?With the notableexceptionof Inductive Logic Pro-
gramming[6], mostlearningalgorithmscannotdealwith multirelationaldatabut arebasedon
attribute-value representatiof the data. To generatehis representationall the information
thatis necessaryor learninghasto be compiledinto a singlerelation,which meansbuilding
up a complex querywith possiblymary joins. Think of combiningthe personalandaccount
informationof a bankcostumerwith every of his transactiongo build up a datasetto detect
fraud.By thistranformationthe conciseandusuallyvery naturalmultirelationalrepresentation
is bloatedto a large,redundansingle-relationatepresentationlhatis, the sizeof the datathe
learnerhasto handleis very muchincreased.

In this paper an algorithmic solutionis presentedhatallows for certaintypesof learningal-

gorithms— learningalgorithmsbasedon kernelfunctions— to make useof the multi-relational
structurebehindtheattribute-valuerepresentatioto increasehe efficiency of thetraining. The
discussionis restrictedto the caseof joining two or more tables.The extensionto the case
of constructinganattribute-valuerepresentationsingalsoselectionandprojectionis straight-
forward.

The next chapterwill give anintroductionto SupportVector Machines(SVMs) asthe most
prominentrepresentavie of the classof kernelmachinesEspecially the problemof efficiently



solvingthe SVM problemwill bediscussedChapter3 will introducetheideaof kernelevalu-
ationon joineddataandChapter4 will give experimentakesults.

2 Kernel Machines

2.1 Support Vector Machines

The principles of SupportVector Machinesand of statisticallearningtheory [12] are well

known, so we give only a shortintroductionto the partsthat areimportantin the context of

this paper In particulay we will only discussSupportVector Machinesfor classification See
[12] and[1] for a moredetailedintroductionon SVMs and[11] for anintroductionon SVMs
for regression.

SupportVectorMachinedry to find afunction f (xz) = wz + b thatminimizesthe expectedRisk

Mﬂz//imfmmmwmwu> 1)

of the learnerby minimizing the regularizedrisk Rreg[f], which is the weightedsum of the
empiricalrisk Remg f] with respecto thedata(z;, y;)i-1... andacompleity term||w| 2

Rreglf] = 31wl + CRempif].

This optimizationproblemcanbe efficiently solvedin its dualformulation

1 n n
W(a) = —3 Z Z QO Yy, T - T (2)
i=1 j=1
+ Z o; — min (3)
i=1
w.r.t. Zaiyi =0 (4)
i=1

Theresultingdecisionfunctionis givenby f(z) = Y 7 | yioz;x + b. It canbe shavn thatthe
SVM solutiondepend®nly onits supportvectors{z;|«; # 0}.

2.2 Kernels

SupportVector Machinesalso allow the use of non-lineardecisionfunctionsvia the use of
kernel function, which replacethe inner productz; - z; by an inner productin somehigh
dimensionalfeaturespaceK (z;,z;) = ®(z;) - ®(x;). Thenthe decisionfunction becomes

f($) = 2?21 yiaiK(xia -73) + b.
Popularkernelfunctionsaretheradialbasiskernel

Ky (z,y) = exp(=|lz — y[*),
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the polynomialkernel
Kd(xa y) = ($ *Y + 1)d

or theneuralnetkernel
Ka,b(xa y) = tank(a "TxY+ b)

Actually, almostevery kernelfunction, thatis practicallyused,is a functionof eitherthelinear
productof theeuclidiandistanceof two examples K (z, y) = f(zxy) or K(z,y) = f(||lx—yl]).

2.3 SVM Implementations

In practicalimplementation®f SupportVectorMachinest turnsoutthatsolvingthe quadratic
optimizationproblem(2)-(5) with standardalgorithmsis not efficient enough,becausehese
algorithmsoftenrequirethatthe quadraticmatrix K = (K (z;, x;))1<i,j<» hasto becomputed
beforehandandstoredin mainmemory Threetricks canspeedup the calculationof the SVM
solutiondramatically

Working setdecomposition: To improve the efficiengy of the SVM calculation,Osunaet. al.
[7] suggesto split the probleminto a sequencef simplerproblemsby fixing mostvariables
andoptimizing only on the rest, the so-calledworking set. This procedures iterateduntil all
variablessatisfythe optimality conditionsof the global problem.Theseoptimality conditions,
the Kuhn-Tucker conditionsof the quadraticoptimizationproblem(2)-(5), areessentiallycon-
ditionson the gradientof thetargetfunction («)) andonits Lagrangiarmultipliers.Joachims
[3] proposesn efficient andeffective methodfor selectingthis working set.

Shrinking: Joachimslsoproposeswo otherimprovementgo theoptimizationproblem.Usu-
ally mostvariablesa lie at their boundaries) or C' andtendto staytherefrom very early on
in the optimizationprocessThis is the casebecauseisuallythe roughlocationof the decision
boundaryis foundvery earlywhile mosttime is spentto find its exactlocation. Therefore gx-
amplesthatlie far awvay from the decisionboundarycanbe spottedeasily Thisis exploited by
theideaof shrinkingthe optimizationproblem:Variableghatareoptimalat0 or C for acertain
numberof iterationsarefixedat thatpositionandnotre-ecaminedin ary furtheriteration.

Kernel caching: The third trick to improve SVM efficiengy involvesthe cachingof kernel

functions. Both the selectionof the working set and the checkof the optimality conditions

requirethe computationof the gradientV of W («). Thei-th componenbf the gradientitself

is givenby V; = 3% | ;K (z;,2;) — 1. Thevaluess; = 37| o; K (z;, 7;) canbe computed

onceandbeupdatedy s; = s; + (o — ;) K (4, 7;) whenever avariablechangegrom o; to
!

Therefore wheneer variables is updatedthe kernelrow K;. = (K(z;, x1), - - ., K(z4,2,)) 1S
neededo incrementallyupdatehegradient As mostlyonly acertainsubsebf all variablegyets
into the working setat all, cachingthesekernelrows cansignificantlyimprove performance.
Usuallyaleast-recently-usecachestratayy is usedfor this.

For optimizationof SupportVectorMachinestheimportantobsenationis thatcalculatingthe
kernelfunctionis the mostexpensve partof training SupportVectorMachines.



x1| x2| x3| x4| x5
0.1]-0.3| 0.2| 0.3]-05
-04| 0.2| 0.1| 0.7| 0.6
0.1|-0.3| 0.2 0.7| 0.6
-0.2| 09|-0.5| 0.3|-05
-04| 0.2| 0.1|-0.8| 01
-11-0.2| 09|-0.5| 0.7| 0.6
-11-0.2| 09|-05|-0.8| 0.1

Figurel ExampleDataSet.

N

X1 | x2'| x3 x1” | x2”
0.1|-0.3| 0.2 0.3] -0.5
-04| 0.2 0.1 0.7| 0.6
-0.2| 0.9 -05 -0.8| 0.1

Figure2 JoinSubset®f the ExampleDataSet.

2.4 Kernel Machines

Thetrick of replacingthe linear productby a kernelfunctionto increasehe hypothesispace
of alearningalgorithmto amuchgreaterclassof non-linearfunctionshasbeenappliedto other
learningthan SupportVectorMachinesaswell, for exampleto Principal ComponentAnalysis
[10] or KernelFisherDiscriminantAnalysis[5]

For thesealgorithms,the sameperformanceargumentsfor the evaluationof kernelfunction
applyasfor SVMs.

3 Efficient Kernel Evalutation on Joined Data

As alreadysaid,the compilationof multirelationaldatainto a singlerelationis bloatingup the
concisemultirelationalrepresentatioconsiderablyWhenjoining two tables,in theworstcase
every row of thefirst tableis joined with every row of the secondable.This meansthe same
pieceof informationof arow in theoriginal tableis usedoverandoveragainin thefinal, single
table.But whatif we couldmake useof the original datainsteadof thelargefinal data?

The important obsenation is, that the inner product of two n + m-dimensionalpoints
(™) 2N and(y™), (M) canbecalculatedasthe sumof ann- andanm-dimensionalnner
product:(z™), 2(M) . (yM) 4N} = g (M) . 9(M) 4 (V) . 4(N) A similar obserationholdsfor
the euclidiandistance]|(z™), 2(M) — (y®) y(M))[|2 = ||z(M) — y(M)||2 4 ||z — (V|2

This meansjnsteadof a kernelmatrix of size (n - m)? it suficesto computetwo matrixesof
sizen? andm? of the inner productsor the euclidiandistancesf the vectorsz™) andz(™),
respectrely, andcalculatethe kernelvaluesfrom them.In the caseof kernelcaching this trick
allows for afar moreefficient organizationof the kernelcacheastwo independentaches.

Seefor examplethe datasetgivenin Figurel. It consistsof sevenfive-dimensionaéxamples,
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y | rowl | row2
1 1 1
1 2 2
-1 1 2
1 3 1
1 2 3
-1 3 2
-1 3 3

Figure3 JoinInformationof the ExampleDataSet.

soto holdits entirekernelmatrix, sevzenkernelrows have to be cachedBut actually this data
setcanbe viewed asa join of two tables,wherethe first table contributesthe attributes {x1,
X2, x3} andthe secondtablescontritutesthe attributes{x4, x5}. Thesetablesare shovn in
Figure 2. To hold the respectre kernelmatrixesof both tables,a total of only six rows hasto
be cached.To reconstructhe datasetfrom Figure 1, we alsoneedthe informationof Figure
3 of how to combinethe two individual tables.Altogether the storageof the completetable
requiresto store42 valuesfor the dataplus 7 kernelrows of dimension7, while the storageof
thedecomposegbin requirego storeonly 36 valuesfor thedataand6 kernelrows of dimension
3 and2, respectiely.

To computeakernelrow K;. = (K (z;, x1), - - ., K(z;, ,)), we first computethe rows of inner
products(z{™ « 2™ ™ w20y and (@M« 2{M, .. 2™« 2N (or squarecbuclidian
distancesasthe casemightbe)in the subspacegivenby the attributesin A and N. Therows
correspondingo examplei in this subspacearecachedo avoid their re-computationasmary
of the original examplesmay have the sameprojectionin oneof the subspacege. g. think of
the banktransactiorexample,wherethe examplesbelongingto onecustomercanbe projected

to the samecustomeiinformationM, but differenttransactionnformationN).

Thefinal kernelrow canthenbecalculatedrom this kernelrows, by eachaddingup two entries

from this rows andeventuallyapplyinga kernel-specifidunction f to thesevalues(seesection

2.2).All thatneeddo beknown to combinethe singlekernelrowsto thejoinedkernelrow are

themappingghatmapanindex ; of anexamplein thejoin tableto theindexesof its components
in eachof the componentables(asshavn in Figure3). This mappingcanbe easilycomputed
giventhequerythatwould be usedto generatehejoin data.Actually, themappingis generated
by the samequery justthatnotall the databut only the correspondingndex valuesareused.

3.1 CacheStrategies

Assumingthe learningalgorithmmay only usesomemaximalamountof cachememory there
aredifferentstratgieshow the memorycanbe split up betweerthedifferentkernelcaches.

Theeasiestachestratay is to split up the availablecachememoryevenly betweerthe caches.
A morecleverway would be alsopossibleto split up the cachememorydependingn the size
of thedatafrom eachkernel.Thiswould ensureghateachof thesub-kernelscancachethesame
fraction of rows. Assumingthat the kernelrows that needto be cachedaredistributedevenly
overthekernelrows of eachof thesub-kernels thiswould beanoptimalcachestrateyy, asthere
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Testno. 1 2 3 4 5
CachekB) | 512| 1024| 2048| 3072 | 4096

Testno. 6 7 8 9
CachegkB) | 5120| 6144 | 7168 | 8192

Figure4 CacheSizein kB in thetests.

would beanequalprobability of acachemissin every kernel.

Onecould alsodistribute the overall available cachememoryamongthe sub-lernelsdynami-
cally. Whenerer a new kernelrow hasbeencomputedanthereis not enoughspacedeft in the
cache the least-recently-usedacherow of all sub-lkernelcachess moved out of the cache.
This would be usefulin the casewhereonly a very limited numberof kernelrows from one
sub-lernelis ever usedwhile much morekernelrows from the other sub-lernelsare needed.
Actually, this situationhasaninterestingink to featureselectionfor SVMs: The moreimpor-
tantthefeaturesf onesub-lernelare,thelesskernelrows of this kernelwill beneededn later
iterations,becausenostof the valuesof this featureshat make an examplelie far away from
thedecisionboundarycanberecognizeceasilyvery earlyin the optimizationprocess.

As the computationof the overall kernelrow from the rows of the sub-kernelsis not trivial, it
may be a goodideato usea two-level cachingapproachAll availablememorythatis notused
to cacherows of the sub-lernelscanbe usedto cacheadditionalrows of the overall kernel.
Especiallyfor high dimensionaldata,the performancegain by not needingto recomputethe
cacherows will exceedthe overheadf having to maintaintwo cachestructuresy far.

4 Experiments

For the experimentsanartificial datasetwasgeneratedhatconsistef 1000examplesdravn
from the cartesiarproductof two tablesof 100 exampleswith dimension1000each.The ex-
ampleswhereclassifiedwith alineardecisionfunctionwith 1% of noiseandcorrespondingly
alinearkernelwasused.The SVM implementatiormySVM [9] wasusedin the experiments.

Thehigh dimensionalityof the examplesvaschoserto make the calculationof theinnerprod-
uct betweentwo examplescostly, suchthat cachemisseswill have a highimpacton runtime.
However, theresultsarevalid regardlessof the dimensionof the examples pecauséhe size of
thekernelmatrix — andthereforethe cachingprocess- is independenbf the dimensionof the
examples.In termsof runtime,the only influenceof the examplesdimensionis a linearfactor
whentheinnerproductis calculated.

In the final SVM solution,380out of the 1000examplesendedup assupportvectors.n afirst
experiment,a standardSVM wascomparedo a SVM usingcachingof the sub-lernelswith a
fixed,evenly split cachesize.Theoverall cachesizewasvariedbetweer8 MB and0.5MB (see
thetablein Figure4). A quick calculationshavs, thatcachingthecompletekernelmatrixonthe
level of thejoineddatawould need7.6 MB of cacheandcachingall kernelrows corresponding
to supportvectorswould need2.9 MB of cache.

In Figure5, the averageruntime of two SVM implementationss comparedThe line labeled
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Figure5 Comparisorof theaverageruntimeof thelocal andthe global cachingapproach.

"global cache”showns the runtimeof ausualSVM implementationthatcachedhe kernelrows
over all attributes.We see,that for small cachesizes,the runtime increasesiramatically(for

512kB of cache8618s,almost2.5 hours).For large enoughcachesizes(4 MB or more),the
runtime staysconstantat about114s.In the later case the cachewaslarge enoughto contain
the whole kernel matrix, suchthat no kernelvalueshadto be re-computedThe line labeled
"local cache”shaws the performanceof a SVM that usesan own cacheof the inner products
for the attributesin eachpart of the join. Here,the runtime staysconstantat about118sfor

all testedcachesizes.This meansgventhe smallercachesizeswerestill large enoughto hold

the completesub-matrixes.In this case the runtimeis dramaticallyreducedcomparedo the
"global cache”’SVM!

In the experimentsthe "local cache”SVM wasslightly slower thanthe "global cache”with

full cache(118scomparedo 114s).This smalldifferenceis not the resultof a statisticalerror
but wasto be expected.gettinga kernelrow in the”local cache”SVM involvescombiningthe
kernelrows returnedfrom the subcachesto a singlerow, which meansoneadditionfor each
examplein the training set.In the "global cache”SVM, the row hasonly to be readfrom the
cachewhich canbedonein constantime.

Butwhatif we combinedothcachingstratgiesNVe saw thatthecachesizesfor afull subcache
arevery small,comparedo the completekernelcache This meansfor all but very smalltotal
cachesizes,thereis still enoughspaceto cachesomeof the kernelrows on the global level.
Figure6 comparesheruntimeof bothapproacheddere,theruntimewith the combinedcache
approactwasaboutonehalf to onethird of theruntimeof thelocal approachdependingnthe
total sizeof thecache.

5 Conclusion

In this paper a cachingalgorithmfor kernelmachinesvas presentedthat makesuseof rela-
tional structuresn the data.This allows for a muchmoreefficient and compactcalculationof
thekernelvaluescomparedo theusualattribute-valuerepresentationil he cachealgorithmwas
testedfor SVMs, but canbe usedfor otherkernelalgorithmsaswell.
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