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Abstract. Today mostof thedatain businessapplicationss storedin relationaldatabaseystemr in dataware-
houseduilt ontop of relationaldatabassystemsOften,for moredatais availablethancanbeprocessethy standard
learningalgorithmsin reasonabléime. This paperpresentsn extensionto kernelalgorithmsthatmakesuseof the
more compactrelationalrepresentatiorof datainsteadof the usualattribute-\alue representatiorio significantly

speedup thekernelcalculation.
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1 Intr oduction

Today most of the datain businessapplicationsis
storedin relationaldatabaseystemr in dataware-
houseduilt ontop of relationaldatabassystemsRe-
lational databaseare built upona well-definedtheo-
retical modelof how datacanbe storedandretrieved
andcandealwith mostquestionghatrevolve around
datain real-world settings,suchasefficiency andef-
fectivenes®of storageandqueries securityof thedata,
usabilityandhandlingof metadata.

Cheapstoragespaceand the efficiency of modern
databasesystemsin storing and querying data have
led to the creationof very large databaseghat con-
tain the completebusinessnformation of large com-
panies.Thetaskof knowledgediscoveryin databases
is to find hiddenknowledgein this data,that may be
helpful to betterunderstanc&ndoptimizethe compa-
niesbusinesses.

Asthetaskof knowledgediscoveryrequiredo process
extremelylargeamountf data,mary usefulmachine
learningalgorithmscannotbe applied, becausehey
weredevelopedfor muchsmallerdatasetsanddo not
scalewell enoughto dealwith gigabytesof data.Of-
ten, in this casesamplingis usedin the hopeto gen-
eratea subsetof the data,thatis small enoughto be
processedy the learningalgorithm but still reflects
the original datacloseenoughto give acceptablee-
sults.

To increasethe performanceand flexibility of data
mining applications,researchis currently done to
move as much of the data mining work into the
databaseto avoid costly transportof data between

databaseseners and applicationmachines.This tar-
gets especiallyat the step of data preprocessingo
cleanandtransformthedata.This stepcanbeascom-
plex asthefinal learningtaskitself [8, 2]. Evenworse,
thesamepreprocessingtepshave to betakenin order
to applytheresultto new examples.

In [4], Kietz et.al. describahat50 - 80%of theefforts
in real-world applicationof knowledgediscovery are
spenton finding an appropriatepre-processingf the
data.They presentmeta-datdasedramenork to the
re-useof KDD-applicationsthatis centeredon keep-
ing asmuchdataanddataoperationgn the database
aspossible.

1.1 Learning and Representation

The relationaldatamodel specifiesthat datais kept
in relations.A relationis a setof tupleswhereeach
attribute valuein the tupleis a memberof afixed do-
main. In practice,relationsare storedin databasda-
bles,whereeachtablerow definesa tuple of therela-
tion andeachtable columndefinesanattribute of the
relation,wheretheattributedomainis givenby afixed
columntype.ldeally, eachrelationstand<for acertain
real-world conceptthatcannotbe split up into mean-
ingful sub-conceptse.g. a bank customer(given by
name,addressand customemumber),a bankingac-
cout(givenby customemumberaccounnumberand
creditlimit) or an accounttransaction(given by two
accountnumbersandanamountof money).

The trick with multirelationaldatais, that the tables
do not have to betakenon their own, but canbecom-
binedto query the datain very complex ways. The



relational algebrawhich describesthe semanticsof
databaseueries- implementedn the standardjuery
languageSQL — is basedon threemain operatorsse-
lection, projectionandjoin. A selectionselectduples
from a relationwith respecto differentcriteria. Pro-
jectionselectsttributesout of arelation.A join com-
binesthe dataof two differentrelationsbasedon the
equality of somespecifiedattributes.While selection
andprojectiondecreasethe sizeof the data,a join of
two tablesof sizen andm canproduceatableof size
n-m.

Sowhy is thataproblemfor datamining?With theno-
table exceptionof Inductive Logic Programming6],
mostlearningalgorithmscannotdeal with multirela-
tional databut are basedon attribute-valuerepresen-
tation of the data.To generatehis representatiorall
theinformationthatis necessarfor learninghasto be
compiledinto a singlerelation,which meansbuilding
up a complex querywith possiblymary joins. Think
of combiningthe personabndaccountnformationof
abankcostumemvith every of histransactionso build
up a datasetto detectfraud. By this tranformation,
the conciseand usually very natural multirelational
representatiotis bloatedto a large, redundansingle-
relationalrepresentationThat s, the size of the data
thelearnerhasto handleis very muchincreased.

In this paper analgorithmicsolutionis presentedhat
allowsfor certaintypesof learningalgorithms-learn-
ing algorithmsbasednkernelfunctions—-to make use
of the multi-relationalstructurebehindthe attribute-
value representatiorto increasethe efficiency of the
training. The discussionis restrictedto the caseof

joining two or moretables.The extensionto the case
of constructinganattribute-valuerepresentationsing
alsoselectionandprojectionis straight-forvard.

The next chaptemwill give anintroductionto Support
VectorMachines(SVMs) asthe mostprominentrep-
resentatie of the classof kernelmachinesEspecially
the problemof efficiently solving the SVM problem
will be discussedChapter3 will introducethe idea
of kernelevaluationon joined dataandChapter4 will
give experimentakesults.

2 Kernel Machines
2.1 Support Vector Machines

Theprinciplesof SupportVectorMachinesandof sta-
tisticallearningtheory[12] arewell known, sowe give
only a shortintroductionto the partsthat are impor-
tantin the context of this paper In particular we will
only discussSupportVector Machinesfor classifica-
tion. Seg[12] and[1] for amoredetailedintroduction
on SVMs and[11] for anintroductionon SVMs for

regression.

SupportVectorMachinegry to find afunction f(z) =
wz + b thatminimizesthe expectedrisk

MH=//LmﬂmMHWMHm 1)

of the learner by minimizing the regularized risk
Rreg[f], which is the weightedsum of the empirical
risk Remplf] with respectto the data(z;, y;)i=1...n
andacompleity term ||w||?

Rreglf) = 5lull® + CRem).

This optimizationproblemcanbe efficiently solvedin
its dualformulation
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W(a) = —3 Z Zaiajyiyja:i -z; (2)
i=1 j=1
n
+ Z a; — min 3)
i=1
w.r.t Z a;y; =0 4)
i=1

The resultingdecisionfunction is given by f(z) =
>, yiaiz;z+b. It canbeshavn thatthe SVM solu-
tion depend®nly onits supportvectors{z;|a; # 0}.

2.2 Kernels

SupportVector Machinesalso allow the use of non-
linear decisionfunctionsvia the use of kernel func-

tion, which replacetheinner productz; - z; by anin-

ner productin somehigh dimensionalfeaturespace
K(z;,2;) = ®(z;) - ®(x;). Thenthe decisionfunc-

tion becomes (z) = Y1 | yio; K (z;,7) + b.

Popularkernelfunctionsarethe radialbasiskernel
Ky (2,y) = exp(—7llz —y|*),
thepolynomialkernel
Ky(z,y) = (z+y +1)7
or theneuralnetkernel

Kop(z,y) =tanha -z xy + b).

Actually, almostevery kernelfunction, thatis practi-
cally used,is a function of eitherthe linear product
of the euclidiandistanceof two examples K (z,y) =

flxxy)orK(z,y) = f(l|lz —yl]).



2.3 SVM Implementations

In practicalimplementationsof SupportVector Ma-
chinesit turns out that solving the quadratic opti-
mization problem (2)-(5) with standardalgorithms
is not efficient enough, becausethese algorithms
often require that the quadratic matrix K =
(K(zs,2;))1<i,j<n hasto be computedbeforehand
and storedin main memory Threetricks can speed
up the calculationof the SVM solutiondramatically

Working set decomposition: To improve the effi-
cieng of the SVM calculation,Osunaet. al. [7] sug-
gestto split the probleminto a sequencef simpler
problemaoy fixing mostvariablesandoptimizingonly
on therest,the so-calledworking set. This procedure
is iterateduntil all variablessatisfythe optimality con-
ditionsof theglobalproblem.Theseoptimality condi-
tions,the Kuhn-Tuckerconditionsof thequadraticop-
timization problem(2)-(5), are essentiallyconditions
onthegradientof thetamgetfunctionW (a) andonits
Lagrangianmultipliers. Joachimg3] proposesan ef-
ficientandeffective methodfor selectingthis working
set.

Shrinking: Joachimsalso proposestwo other im-
provementgo theoptimizationproblem.Usuallymost
variablesa lie at their boundaried) or C andtendto
staytherefrom very early on in the optimizationpro-
cess.Thisis the casebecausaisuallytheroughloca-
tion of thedecisionboundanyis foundvery earlywhile
mosttime s spentto find its exactlocation.Therefore,
exampleghatlie faraway from thedecisionboundary
canbe spottedeasily This is exploited by the ideaof
shrinkingthe optimizationproblem:Variableshatare
optimal at 0 or C' for a certainnumberof iterations
arefixed at that positionand not re-examinedin ary
furtheriteration.

Kernelcaching: Thethird trick to improve SVM ef-
ficiengy involvesthecachingof kernelfunctions.Both
the selectionof the working setandthe checkof the
optimality conditionsrequirethe computationof the
gradientV of W(«). Thei-th componenbf the gra-
dientitselfis givenby V; = 377, a; K (z;,2;) — 1.
Thevaluess; = >~ a;K(z;, ;) canbecomputed
onceandbeupdatedy s; = s; + (o — ;) K (i, 7;5)
wheneveravariablechangesrom a; to o;.
Therefore whenever variables is updatedthe kernel
row K;. = (K(z;,z1),-..,K(z;,z,)) is neededo
incrementallyupdatethe gradient.As mostly only a
certainsubsetof all variablesgetsinto the working
setat all, cachingthesekernelrows cansignificantly
improve performance.Usually a least-recently-used
cachestrateyy is usedfor this.

For optimizationof SupportVectorMachinestheim-
portantobsenationis thatcalculatingthe kernelfunc-
tionis themostexpensve partof trainingSupportvec-
tor Machines.

2.4 Kernel Machines

The trick of replacingthe linear productby a kernel
function to increasethe hypothesisspaceof a learn-
ing algorithmto a much greaterclassof non-linear
functionshasbeenappliedto otherlearningthanSup-
portVectorMachinesaswell, for exampleto Principal
ComponentAnalysis[10] or Kernel FisherDiscrimi-
nantAnalysis[5]

For these algorithms, the same performanceargu-
mentsfor the evaluationof kernel function apply as
for SVMs.

3 Efficient Kernel Evalutation on Joined
Data

As already said, the compilation of multirelational
data into a single relation is bloating up the con-
cisemultirelationalrepresentationonsiderablyWhen
joining two tables,in the worst caseevery row of the
first tableis joinedwith everyrow of thesecondable.
This meansthe samepieceof information of a row
in the original tableis usedover andover againin the
final, singletable.But whatif we could make useof
theoriginal datainsteadof the largefinal data?

The importantobsenation is, that the inner product
of two n + m-dimensionalpoints (z(*), 2(N)) and
(y™) y(N)) canbe calculatedas the sum of an n-

and an m-dimensionalinner product: (z(*), (V) .

(OD (MY = g0 Ly 4 (V) L (V) A

similar obsenation holds for the euclidiandistance:
[|(z*), 2N)) — (y D), y(N)[|2 = ||z —y (M| |2 4

[|lztN) =y M2,

This meansijnsteadof akernelmatrix of size(n - m)?

it sufficesto computetwo matrixesof sizen? andm?

of theinner productsor the euclidiandistance®f the
vectorsz™) andz(™), respectiely, andcalculatethe
kernelvaluesfrom them.In thecaseof kernelcaching,
thistrick allowsfor afarmoreefficientorganizatiorof

thekernelcacheastwo independentaches.

Seefor examplethe datasetgivenin Figurel. It con-
sistsof seven five-dimensionakxamples,so to hold
its entire kernelmatrix, seven kernelrows have to be
cached.But actually this dataset can be viewed as
ajoin of two tables,wherethe first table contributes
the attributes{x1, x2, x3} andthe secondtablescon-
tributestheattributes{x4, x5}. Thesetablesareshavn
in Figure2. To hold the respectie kernelmatrixesof
bothtables,a total of only six rows hasto be cached.



y| x1| x2| x3| x4| x5
1| 01]-03] 02| 03]|-05
1/-04] 02| 01| 07| 0.6
-1 01|-03| 02| 07| 0.6
1/-02| 09|-05| 03]-05
1/-04| 02| 01|-08]| 0.1
-1]-02| 09|-05| 07| 0.6
-1]-02| 09|-05|-08| 0.1
Figurel ExampleDataSet.
X1 | x2' | x3 x1" | x2"
0.1|-03| 0.2 0.3] -0.5
-04| 02| 0.1 0.7| 0.6
-0.2| 09| -05 -0.8| 0.1

Figure2 JoinSubsetof the ExampleDataSet.

Toreconstructhedatasetfrom Figurel, we alsoneed
theinformationof Figure3 of how to combinethetwo
individual tables.Altogether the storageof the com-
pletetablerequiresto store42 valuesfor the dataplus
7 kernelrows of dimension7, while the storageof the
decomposegbin requiresto storeonly 36 valuesfor
the dataand 6 kernelrows of dimension3 and 2, re-
spectvely.

To compute a kernel row K, =
(K(zs,21),--.,K(x;,2,)), we first compute the
rows of innerproducts(ng) *ng), e ,a:z(M) *x%M))
and(ng) *ng), cees :z:z(.N) *x%N)) (or squareceuclid-
ian distancesasthe casemight be) in the subspaces
givenby the attributesin M and N. The rows corre-
spondingto examples in this subspacesre cached
to avoid their re-computationasmary of the original
examplesmay have the sameprojectionin oneof the
subspacege.g. think of thebanktransactiorexample,
where the examplesbelongingto one customercan
be projectedo the samecustomeiinformationM, but
differenttransactiorinformationN).

Thefinal kernelrow canthenbe calculatedrom this

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.

kernelrows, by eachaddingup two entriesfrom this
rows and eventually applying a kernel-specifidunc-
tion f to thesevalues(seesection2.2). All thatneeds
to be known to combinethe singlekernelrows to the
joined kernelrow are the mappingsthat map an in-
dex 7 of an examplein the join tableto the indexes
of its components$n eachof the componentables(as
shawn in Figure3). This mappingcanbe easilycom-
putedgiventhe querythatwould be usedto generate
the join data.Actually, the mappingis generatedy
the samequery just thatnot all the databut only the
correspondingndex valuesareused.

3.1 CacheStrategies

Assumingthe learningalgorithmmay only usesome
maximalamountof cachememory therearedifferent
stratgieshow thememorycanbesplit up betweerthe
differentkernelcaches.

The easiesttachestrat@y is to split up the available
cachememory evenly betweenthe caches. A more
cleverwaywould bealsopossibleto split upthecache
memorydependingon the size of the datafrom each
kernel.This would ensureghateachof the sub-lernels
can cachethe samefraction of rows. Assumingthat
the kernelrows thatneedto be cachedaredistributed
evenly overthekernelrows of eachof thesub-lernels,
thiswould beanoptimalcachestrateyy, astherewould
beanequalprobabilityof acachemissin everykernel.

One could also distribute the overall available cache
memoryamongthe sub-lkernelsdynamically When-
ever anew kernelrow hasbeencomputedanthereis
not enoughspacdeft in the cache the least-recently-
usedcacherow of all sub-kernelcacheds movedout
of the cache.This would be usefulin the casewhere
only a very limited numberof kernelrows from one
sub-lernelis ever usedwhile muchmorekernelrows
from the other sub-kernelsare neededActually, this
situationhasaninterestingdink to featureselectiorfor
SVMs: The more importantthe featuresof one sub-
kernelare,the lesskernelrows of this kernelwill be
neededn lateriterations,becausenostof the values
of thisfeatureghatmake anexamplelie farawayfrom
the decisionboundarycanbe recognizedeasily very
earlyin the optimizationprocess.

As the computationof the overall kernel row from
the rows of the sub-kernelsis not trivial, it may be
a goodideato usea two-level cachingapproachAll
available memorythat is not usedto cacherows of
the sub-lernelscanbe usedto cacheadditionalrows
of the overall kernel.Especiallyfor high dimensional
data,the performancegain by not needingto recom-
putethe cacherows will exceedthe overheadof hav-
ing to maintaintwo cachestructuresy far.



Testno. 1 2 3 4 5
Cache(kB) 512 | 1024 | 2048 | 3072 | 4096
Testno. 6 7 8 9
CachekB) | 5120 | 6144 | 7168 | 8192

Figure4 CacheSizein kB in thetests.

4 Experiments

For the experimentsan artificial datasetwas gener

atedthat consistedf 1000 examplesdravn from the
cartesiarproductof two tablesof 100 exampleswith

dimension1000each.The exampleswhereclassified
with a linear decisionfunction with 1% of noiseand
correspondinglya linear kernelwasused.The SVM

implementatiormySVM [9] was usedin the experi-

ments.

The high dimensionalityof the exampleswas chosen
to make the calculationof the inner productbetween
two examplescostly, suchthatcachemisseswill have

a high impact on runtime. However, the resultsare
valid regardlesof the dimensionof theexamplespe-

causethesizeof the kernelmatrix — andthereforethe

cachingprocess- is independenof the dimensionof

the examples.In termsof runtime,the only influence
of the examplesdimensionis a linearfactorwhenthe

innerproductis calculated.

In the final SVM solution, 380 out of the 1000 ex-
amplesendedup assupportvectors.In a first experi-
ment,a standardSVM wascomparedo a SVM using
cachingof the sub-lkernelswith a fixed, evenly split
cachesize.Theoverall cachesizewasvariedbetween
8 MB and0.5MB (seethetablein Figure4). A quick
calculationshows, that cachingthe completekernel
matrix on the level of the joined datawould need7.6
MB of cacheandcachingall kernelrows correspond-
ing to supportvectorswould need2.9 MB of cache.

In Figure 5, the averageruntime of two SVM im-
plementationds compared.The line labeled”global
cache’shawvs theruntimeof ausualSVM implemen-
tation, that cacheghe kernelrows over all attributes.
We see, that for small cachesizes,the runtime in-
creasegdramatically (for 512kB of cache8618s,al-
most2.5 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 kernel values
hadto bere-computedTheline labeled’local cache”
shaws the performanceof a SVM that usesan own
cacheof the inner productsfor the attributesin each
part of the join. Here, the runtime staysconstantat
about118sfor all testedcachesizes.Thismeansgeven

9000

T T
local cache —+—
global cache —--x---

8000 [
7000 |
6000

5000

time (5)

4000 -
3000
2000

1000

0

1 2 3 4 5 6 7 8 9
test no.

Figure5 Comparisorof the averageruntime of the
local andthe globalcachingapproach.

thesmallercachesizeswerestill largeenoughto hold
the completesub-matrixes.In this casetheruntimeis
dramaticallyreducedcomparedo the "global cache”
SVM!

In the experiments,the "local cache” SVM was
slightly slowerthanthe”global cache™with full cache
(118scomparedo 114s).This small differenceis not
theresultof a statisticalerror but wasto be expected:
getting a kernel row in the "local cache” SVM in-

volves combiningthe kernelrows returnedfrom the
subcachednto a single row, which meansone addi-
tion for eachexamplein thetrainingset.In the”global

cache”SVM, the row hasonly to be readfrom the
cachewhich canbedonein constantime.

But whatif we combinedboth cachingstrategies?We
sav thatthe cachesizesfor a full subcacherevery
small, comparedto the completekernel cache.This
meansfor all but very small total cachesizes,there
is still enoughspaceto cachesomeof thekernelrows
on the globallevel. Figure6 compareghe runtime of
bothapproachedere theruntimewith thecombined
cacheapproachwasaboutonehalf to onethird of the
runtimeof the local approachdependingon the total
sizeof thecache.

5 Conclusion

In this paper a cachingalgorithmfor kernelmachines
waspresentedthat makesuseof relationalstructures
in the data.This allows for amuchmoreefficientand
compactcalculationof the kernelvaluescomparedo

the usualattribute-valuerepresentatioril he cacheal-

gorithm was testedfor SVMs, but can be usedfor

otherkernelalgorithmsaswell.
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Figure6 Comparisorof the averageruntime of the
local andthe combinedglobal andlocal cachingap-
proach.
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