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Abstract. Today mostof the datain businessapplicationds storedin relationaldatabases.
Relationaldatabaseystemsare so popular becausehey offer solutionsto mary problems
arounddatastorage suchasefficiency, effectivenessusability, securityand multi-usersup-
port. To benefitfrom theseadvantagesn SupportVectorMachine(SVM) learning,we will
developanSVM implementatiorthatcanberuninsidearelationaldatabassystem Evenif
this kind of implementatiorobviously cannotbe asefficient asa standalonémplementation,
it will befavorablein situationswhererequirement®therthanefficiency for learningplay
animportantrole.
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1 Intr oduction

Thereexist mary efficient implementation®f Vapnik's SupportVector Machine[8] (seefor
exampleht t p: / / ww. ker nel - machi nes. or g/ for alist of available SupportVector
software).Sowhy would anothelSVM implementatiorbe of interest?n this paperwe aim for
animplementationthatis moreadaptedo the needsof the userin real-world applicationsof
knowledgediscovery.

Today mostof thedatain businessapplicationss storedn relationaldata-basesr in dataware-
houseduilt on top of relationaldatabasesRRelationaldatabasearebuilt upona well-defined
theoreticamodelof how datacanbe storedandretrievedandcandealwith mostquestionghat
revolve arounddatain real-world settings,suchasefficiency and effectivenesf storageand
gueries securityof the data,usabilityandhandlingof metadata.

Ontheotherhand,availableSupportVectorsoftwareis eitherimplementedisa standaloné¢ool
in aprogrammindanguagdik e C, or aspartof a numericalsoftwaresuchasMatlah

Of coursejt would be easyto exporttherelevantdatafrom the databaseunthe SVM software
andloadtheresultsbackinto the databasehut this approachsuffersfrom variousdravbacks:

Usability: Learningalgorithmsin generalcannotbe appliedindependentlyDependingon the
problem preprocessingtepshave to betakento cleanandtransformthedata thatcanbe



ascomple asthefinal learningtaskitself [6],[2]. The samepreprocessingtepshave to
betakenin orderto applytheresultto new examples.

In [4], Kietz et. al. describethat 50 - 80% of the efforts in real-world applicationof
knowledgediscovery arespentonfindinganappropriatgre-processingf thedata.They
presenta meta-datdasedramenvork to the re-useof KDD-applicationsthatis centered
on keepingasmuchdataanddataoperationsn the databasaspossible.

Efficiency for learning: While a standaloneéSVM applicationcan be expectedto be much
moreefficientthananSVM asadatabasapplicationthetimethatis necessaryo transfer
the datafrom the databaseo the applicationcannotbe neglected.Slow network connec-
tionscanhave a seriousmpacton the overall runtime.

Efficiency for prediction: Theevaluationof thefinal decisionfunctionis relatvely easyCall-
ing anexternalapplicationto evaluateevery new examplewould beextremelyineffective.

Security: Commerciadatabasenanagementystenoffer fine grainedpossibilitiesto control,
which usercanaccessr modify which data.lf the datais exportedfrom the database,
expensve additionalmeasurediave to betakento guaranteehis level of security

In this paper we approachthis problemby implementingan SVM that can be run entirely
inside a databasesener. We do this by makinguseof Jara StoredProceduressthe core of
the programandthe useof simple SQL statement$o computeintermediateresultswheneer
possible.

2 Support Vector Machines

Theprinciplesof SupportVectorMachinesandof statisticallearningtheory[8] arewell known,
sowe give only a shortintroductionto the partsthatareimportantin the context of this paper
In particular we will only discussSupportVectorMachinesfor classificationSee[8] and[1]
for amoredetailedintroductionon SVMs and[7] for anintroductionon SVMs for regression.

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

Rif| = [ [ L 5)aple)ip() (1)

by minimizing the regularizedrisk Rreg[f], which is the weightedsum of the empiricalrisk
Rempl f] with respecto thedata(z;, y;)i=1.., andacompleity term [|w||?

Rreglf] = 5wl + C Remg/].

This optimizationproblemcanbe efficiently solvedin its dualformulation
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Theresultingdecisionfunctionis givenby f(z) = Y., yio;z;x + b. It canbe shavn thatthe
SVM solutiondepend®nly onit’s supportvectors{z;|«; # 0}.

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(@) =0 vios K (i, ) + .
2.1 SVM Implementations

In practicalimplementation®f SupportVectorMachinest turnsoutthatsolvingthe quadratic
optimizationproblem(2)-(4) 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 set decomposition:  To improve the efficiengy of the SVM calculation,Osunaet. al.
[5] 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)-(4), areessentiallycon-
ditionson the gradientof thetargetfunction W («) 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 casebecauseaisuallytheroughlocationof the decision
boundaryis foundvery earlywhile mosttime is spentto find its exactlocation. Therefore gx-
amplesthatlie far away 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 («). In fact, the computationof the gradient
is the mostexpensve part of the SVM. Thei-th componenof the gradientitself is given by
V=31, a;K(zj,z;) — 1. Thevaluess; = 37, ;K (z;, 7;) canbecomputedbnceandbe
updateddy s; = s; + (o — a;) K (z;, 7;) whenever avariablechangesrom o; to o
Thereforewheneeravariableis updatedthekernelrow K;. is neededo incrementallyupdate
the gradient.As mostly only a certainsubsetof all variablesgetsinto the working setat all,
cachingthesekernelrows cansignificantlyimprove performance.



3 An SVM Implementation for Relational Databases

We will now shov how an SVM canimplementecbn top of a relationaldatabask that meets
thefollowing conditions:

1. It runsentirelyinsidethe databasesuchthatguaranteeaboutthe consisteng aswell as
the securityof thedatacanbegiven.

2. It doesuseaslittle mainmemoryasneededor anefficientimplementationin particular
it doesnot duplicatethe completeexamplesetin its memoryspace.

3. It usesstandardnterfacesto accesshe databasesothatit is databaséndependent.
4. Theevaluationof thedecisionfunctionon new exampless aseasyaspossible.

5. It is asefficientaspossible.

Thefirst goalis achiezed by the useof Java StoredProcedureslava StoredProceduresllow
to run Java programsdnsidethe databasesener, thatcandirectly accesshe databas¢ables.To
achieve thethird goal,the JDBC standards usedto sendsimpleSQL queriesto the database.

In this section,we make the following assumptionon the databaseschema:The examples
(xi,vi)i=1..n arestoredin a singletablewherethe d component®f the vectorsz; arestored
inthecolumnsatt 1. .. att _d.Theindex is storedin acolumni ndex.

3.1 A Simple Approach

From the discussionin section?2 it is clear that the only accesso the examples’x-values
is via the kernel function K. So, as the most simple approachone could use ary given
SVM implementatiorand replacethe call of the function K (z;, z;) by the call of a function
K (read_from_database(i), read_from_database(3)).

Unfortunately this approachdoesnot work very well. The reasonfor this is, thatarny access
to the databases far more expensve thana simple memoryaccessTo make the codemore
efficient, we needto reducethe numberandsizeof databasgueriesasmuchaspossible.

3.2 DatabaseKernel Calculation

Thereis amoreefficientwayto accessheexamplesAs we doneedonly thevalueof K (z;, z;),
thereis no needto readbothx andy from the databasef we canreadK (x;, z;) directly. Then,
insteadof 2d number only onenumberhasto bereadfrom the database.

This canbeeasilyaccomplishedh SQL. For example for thelinearkernel K (z;, ;) = z; - z;,
thefollowing SQL statemengivesthevalueof K

sel ect

X.att 1 * Y.att_ 1 +...+ X att_d * Y. att_d
f rom EXAMPLES

where X index = <i> and Y.index = <j>

LIn theimplementatiorof this work, anOracle8.1.6databasevasused.
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Similarly, a radial basiskernelfunction K (z;, z;) = exp(—v||z; — z;||?) canbe expressedas
thefollowing SQL query:

sel ect

exp(-<gama>*(pow( X. att_1-Y.att_1,2) +...
+ pow( X. att_d-Y.att _d, 2)))

f rom EXAMPLES

where X.index = <i> and Y.index = <j>

Here<gamma>, <i > and<j > standfor theactualvaluesof -, < and;. Notethatfor this query
to beefficient, thereneedgo be a databasendex on the columnindex.

Most popularkernelfunctions,e.g. polynomial, neuralnetwork or anova kernels,dependon
eithertheinnerproductor the euclidiandistanceof the examplevectors thereforet is possible
to give correspondingQL queriesfor thesekernelfunctionsaswell.

To demonstratéhe effect of this optimizationswe give the runtimeof this versionon two data
setsonelinearclassificatiortaskPAT andonelinearregressiortaskREG. Detailedinformation
onthesedatasetandhow theruntimewasmeasuredollows in section(4).

Dataset\ Old Version\ New Version

PaT 23.81s 1394s
REG 1156.26s 67664s

Comparingtheseresultswith we cansee thatthe new versionis about40% faster

3.3 Kernel Rows

The experimentin the last sectionshows, thatthereis still needfor improvement.The reason
for the inefficiencgy of the lastapproachs thata lot of time in the databases spentanalyzing
the queryandlooking up the datatables.Oncethe tablesare found, calculatingthe resultis
relatively easy This meansthataverylimiting factorfor performances the numberof callsto
thedatabas@ndnot somuchnotthesizeof the dataitself.

In section(2) we have seenthat the kernelvaluesare not accessedandomly but in termsof
kernelrows. Sowe canoptimizethe databas@ccessif we selectthewhole kernelrow in one

query:

sel ect

<KERNEL _SELECT>,

Y. i ndex

from EXAMPLES X,
EXAMPLES Y

where X index = <i>

Herethe term <KERNEL _SELECT> standsfor the SQL term that constructghe kernelvalue
from the attributes,e.g. X. att 1 * Y. att 1 +. ..+ X att_d * Y.att_d. We also



needto getthe index of Y to make a kernelrow of the resultset,asthe orderthe resultsare
returnedn is notdefined.

Fromthe following tablewe cansee thatthis optimizationreduceghe runtimeby about15%
to 35%.

Dataset| Old Version| New Version

PaT 13.94s 1196s
REG 676.64s 42666s

3.4 Shrinking

Shrinkinghasa big effecton runtime,becausénformationon shrinkedexamplesdoesnotneed
to be updatedin further iterations.This means,the only kernelinformation neededin later
iterationsis thatof the sub-matrixof non-shrinled examples.To getonly thesekernelentries,
thequeryto selecta kernelrow canbe adapted.

Whatwe needto do is to adjustthef r om EXAMPLES Y partof the kernel SQL statement,
suchthatonly non-shrinled examplesareconsideredTherearetwo waysto do this: We could
eitheradda columnshr i nked to theexamplegableanddo thequery

sel ect
<KERNEL _SELECT>,
Y. i ndex
from EXAMPLES X,
EXAMPLES Y
where X index = <i>
and Y.shrinked = 'fal se

(onceagain,<KERNEL _SELECT> standsfor one of the select-statementdefinedin section
(3.2))or we cancreateatablef r ee_exanpl es thatcontainonly theindicesof non-shrinlked
examples.Thenthekernelquerybecomes:

sel ect
<KERNEL _SEL ECT>,
Y. i ndex
from EXAMPLES X,
EXAMPLES Y
where X index = <i>
and Y.index in (select index fromfree_exanples)

The advantageof the first alternatve is that the query canbe doneby a simple scanover the
examplestable with little extra costand without addingnew tables.On the other hand,this
alternatve requiresthat the userhasthe privilegesto modify the examplestable. This is a
seriousdravbackin ary situationswheredatasecurityis anissue.The secondalternatve does
not suffer from this drawvback.



3.5 The DecisionFunction

To beusefulfor applicationin real-world databasesye do needalsoanefficientwayto evaluate
the SVM decisionfunction f(z) = >, ¢ vici K (z;, ) + b on new examples.n this section
we will shaw, thatthis canbe simply donewith pureSQL statements.

3.5.1 Linear Kernel: With the linear kernel we can make use of the linearity and write
f(@) = Y icovWicizi - ) +b = (3 ,cqy vicizi) - + b =: w - x + b. Sowe only needto
calculatethevectorw andthe constant afterlearningandcanwrite

select <w 1> * X att 1 + ... + <wd>* X att_d + <b> as f
from X in TOPREDI CT

to getthef-valuesfrom theexamplesn table TOPREDI CT.

3.5.2 GeneralKernels: In generakernelswe needthe supportvectorsandtheir a-values
to predict a new example. We assumethat we still have the training examplesin table
EXAMPLES and we have a table MODEL that containsthe valuesy;a; andthe index of the
correspondingector(to simplify the calculationy;«; is storedinsteadof o; alone).

Thenwe cancalculate) , ., vio; K (75, z) usingthekernelselect-statemerindthe SQL sum
keyword as:

sel ect sun{(z.al pha * <KERNEL_ SELECT>)

from MODEL Z, EXAMPLES X, EXAMPLES TO PREDI CT Y
where X index = Z.index

and Y.index = <i>

Thevalueof b canbe storedin the sametableasthe o’s by usingtheindex valuenul | . Then
thewholedecisionfunctionis calculatedoy:

sel ect al pha +

(sel ect sum(z. al pha * <KERNEL SELECT>)

from MODEL Z, EXAMPLES X, EXAMPLES TO PREDI CT Y

where X index = Z. index

and Y.index = <i>

) as f
fromtest node
where al pha in (select alpha fromtest _nodel where key is null);

4 Experiments

We usedtwo implementation®f the SVM to compareheefficiency of the databaseersionof
the SVM to a C++ standaloneersion.Both SVMs usedthe samealgorithmandparameters.

The databasexperimentsvere madeon a SunEnterprise250 that wasequippedwith a dou-
ble UltraSparcll 400MHz processoand1664MB of main memory runningan Oracle8.1.6
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databaseThe C++ experimentweremadeon a SunUlItra with a UltraSparclli 440 MHz pro-
cessorand256 MB of main memory As the kernelcachewaskeptat a sizeof 40 MB in all
experimentsthe differentmemoryequipmenshouldnotinfluencetheresults.

Threedatasetsvereusedn thecomparisonThefirst datasetPAT consistedf asimpleartificial

classificationtask with 100 examplesand a linear target function. The seconddataset REG

is an artificial regressionproblemwith 2000 examplesanda linear target function. The third

dataset,Cyc is areal-world datasebf 157 examples.The taskis to classify the stateof the
germarbusines<ycle (upswingor downswing)from severaleconomicvariablesA radialbasis
kernelwith parametery = 1 wasusedin the experimentsThe datasetsaresummarizedn the
following table

Name| Size | Dimension| #SVs

Pat| 100 | 27 a7
Reg | 2000 | 27 56
Cyc | 157 | 13 157

To getclearerresults,5-fold cross-alidationwasdoneon eachof the datasetsandthe CPU
time of eachlearningrunwasrecordedIn eachlearningrun, theresultingdecisionfunctionsof
bothimplementationsvereequalup to sensiblysmallnumericalerrors.

In the caseof the standaloneversion,alsothe time neededo createthe input files from the
databaseableswas recorded.The following table shows the time neededto accesghe data
from thedatabaséor the standaloné&++ -Version,the CPUtime of the standaloneersionand
the total time for the standalonerersion.This is comparedo the CPU time of the database
version:

Name| Db Access| C++SVM | C++ Total | Db SVM | Factor

Pat| 0.29s 0.16s 0.45s 8.73s | 1940
Rey | 6.06s 348s 9.54s 36472s | 3823
Cyc| 0.24s 0.13s 0.37s 16.46s | 4448

Theexperimentshaw, thatthedatabasegersionis slowerthanthestandalon@ersionby afactor
of 20 to 45. If this differenceis acceptabldasto be evaluatedwith respecto the individual
applications requirements.

5 Discussionand Further Reseach

In this papemwe madetheassumptiorthatthedatais givenin adatabaséablein attribute-value
form. While this may be the most prominentway of representingexamples,there are other
representationshathave interestingproperties.

5.1 SparseData Format

For datathatis sparsei.e. mary attributesarezero(e.g.text data) the attribute-valueformatis
notoptimalbecauseéoo muchspaces loststoringzeros Also, in SVM kernelcalculationmuch
time is spentin unnecessarpumericaloperationspecausattributeswhereboth (in the case
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of kernelsbasedn the euclidiandistance)r evenone(for kernelsbasedon theinnerproduct)
valueis zero,do notamendo thevalueof thekernelfunctionon therespectre examples.

ThereforeSVM software, e.g. SV M'ht [3], often storesexamplesin a format whereonly
the non-zerovaluesof the examplesvectortogethermwith their attribute numberare stored.In
relationaldatabaseghis format could be usedin form of a tablethat consistsof the columns
exanpl e d,attribute. dandattri bute_val ue.

Following theearlierdiscussionto shav thatSVMs with themostcommonlyusedkernelfunc-
tions canbe efficiently trainedon datain this representationt sufficesto shawv thatthe inner
productandthe euclidiandistanceof two examplescanbe calculatedn this representation.

For theinnerproductis sufficesto sumupall theproductof attributevaluesvheretheexamples
have thegivenids andtheattributeindicesareequal.In SQL:

sel ect sun(x.attribute value * y.attribute_val ue)
from EXAMPLES x, EXAMPLES vy
where x.exanple id = <i>

and y.exanple_ id = <>

and x.attribute id = y.attribute_id;

To calculatethe squareceuclidiandistancefirst the squaredlistanceof all attributesthatexists
in boththe vectorsz; andz; canbe calculatedn asimilar way to thatof theinnerproduct.In
fact,only thesel ect -partof the statemenhasto be adaptedThenthe squarediistanceof all
attributesthatexist in vectorz; but notin vectorz; to thevector( canbe calculatedoy

select sum(x.attribute value * x.attribute_val ue)
from sparse x
where x.exanple id = <i>
and not exists (
select attribute_id
from sparse
where attribute_id = x.attribute_id and exanple_id = <>

)

Thentheresultsof the threequeryof attributesin z; andz;, z; without z; andz; without z;
canbeaddedupto give thefinal result.

5.2 Joins

In relationaldatabasesjatais typically not storedin one but in multiple relations.For ex-
ample,a clinical information systemmay store minutely recordedvital signsof its intensive
carepatientstogethemwith demographiaatalik e age,sex or heightthatdo not changeduring
a patientsstay or even informationaboutdrug ingredientsthat are invariantover all patients.
In attribute-value representationfor examplethe patientsage would have to be storedover
andover againfor all time-pointswherea vital sign wasrecorded.In a relationaldatabase,
thisinformationwould betypically storedin threetablesvi t al _si gns, denogr aphi ¢ and
drug. ngredi ents.



As the SVM cannotdealwith multi-relationaldata,the differenttableswould have to bejoined
togetherfor the SVM to accesshem,e.g.like

select *
from vital _signs, denographic
where vital _signs.patient_id = denographic.patient_id

In theworstcasethejoin of two tablesof sizem andn canhavethesizem - n, wheneveryrow
of thefirst tablecanbejoinedwith every row of the secondable.Of course onewouldlike to
avoid having to storethis dataasanintermediatestep.

Fortunatelythereis atrick in thecaseof SupportvVectorMachinesTheimportantobsenationis,
thattheinnerproductof two n+m-dimensionapoints(z s, zx) and(yas, yn) canbecalculated
asthesumof ann- andanm-dimensionalnnerproduct:(x s, zn)-(Yar, Yn) = Tar-Ysr+Tn-Yn -
A similar obsenation holds for the euclidiandistance:||(zar, zn) — (yar, yn)||? = ||za —
yul* + llzn —ynl %

This mean,insteadof a kernelmatrix of size (n - m)? it sufficesto computetwo matrixes of
sizen? andm? of theinner productsor the euclidiandistancesrespectiely, andcalculatethe
kernelvaluesfrom them.In the caseof kernelcachingthis trick allows for afar moreefficient
organizationof the cacheastwo independentaches.

5.3 Discussion

This paperproposedan implementationof a SupportVector Machineon top of a relational
databaseEven as this implementationobviously cannotbe as efficient as a standalonem-
plementationwith direct accesgo the data, considerationsuch as data security platform-
independencandusabilityin adatabase-centeregvironmentsuggesthatthisis a significant
improvementfor SVM applicationsn real-world domains.

Carefulanalysisandoptimizationhasshown, thatthe optimal usageof databasetructuresan
significantlyimprove performance.
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