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Abstract. Today, mostof thedatain businessapplicationsis storedin relationaldatabases.
Relationaldatabasesystemsareso popular, becausethey offer solutionsto many problems
arounddatastorage,suchasefficiency, effectiveness,usability, securityandmulti-usersup-
port. To benefitfrom theseadvantagesin SupportVectorMachine(SVM) learning,we will
developanSVM implementationthatcanberun insidea relationaldatabasesystem.Evenif
this kind of implementationobviouslycannotbeasefficientasastandaloneimplementation,
it will be favorablein situations,whererequirementsotherthanefficiency for learningplay
animportantrole.
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1 Intr oduction

Thereexist many efficient implementationsof Vapnik’s SupportVectorMachine[8] (seefor
examplehttp://www.kernel-machines.org/ for a list of available SupportVector
software).Sowhy wouldanotherSVM implementationbeof interest?In thispaperweaim for
an implementation,that is moreadaptedto theneedsof theuserin real-world applicationsof
knowledgediscovery.

Today, mostof thedatain businessapplicationsis storedin relationaldata-basesor in dataware-
housesbuilt on top of relationaldatabases.Relationaldatabasesarebuilt upona well-defined
theoreticalmodelof how datacanbestoredandretrievedandcandealwith mostquestionsthat
revolve arounddatain real-world settings,suchasefficiency andeffectivenessof storageand
queries,securityof thedata,usabilityandhandlingof metadata.

Ontheotherhand,availableSupportVectorsoftwareis eitherimplementedasastandalonetool
in a programminglanguagelikeC, or aspartof a numericalsoftwaresuchasMatlab.

Of course,it wouldbeeasyto export therelevantdatafrom thedatabase,run theSVM software
andloadtheresultsbackinto thedatabase,but thisapproachsuffersfrom variousdrawbacks:

Usability: Learningalgorithmsin generalcannotbeappliedindependently. Dependingon the
problem,preprocessingstepshaveto betakento cleanandtransformthedata,thatcanbe



ascomplex asthefinal learningtaskitself [6],[2]. Thesamepreprocessingstepshave to
betakenin orderto applytheresultto new examples.

In [4], Kietz et. al. describethat 50 - 80% of the efforts in real-world applicationof
knowledgediscoveryarespentonfindinganappropriatepre-processingof thedata.They
presenta meta-databasedframework to there-useof KDD-applicationsthat is centered
onkeepingasmuchdataanddataoperationsin thedatabaseaspossible.

Efficiency for learning: While a standaloneSVM applicationcan be expectedto be much
moreefficientthananSVM asadatabaseapplication,thetimethatis necessaryto transfer
thedatafrom thedatabaseto theapplicationcannotbeneglected.Slow network connec-
tionscanhaveaseriousimpacton theoverall runtime.

Efficiency for prediction: Theevaluationof thefinal decisionfunctionis relatively easy. Call-
ing anexternalapplicationto evaluateeverynew examplewouldbeextremelyineffective.

Security: Commercialdatabasemanagementsystemoffer finegrainedpossibilitiesto control,
which usercanaccessor modify which data.If the datais exportedfrom the database,
expensiveadditionalmeasureshave to betakento guaranteethis level of security.

In this paper, we approachthis problemby implementingan SVM that can be run entirely
insidea databaseserver. We do this by makinguseof Java StoredProceduresasthe coreof
the programandthe useof simpleSQL statementsto computeintermediateresultswhenever
possible.

2 Support Vector Machines

Theprinciplesof SupportVectorMachinesandof statisticallearningtheory[8] arewell known,
sowe give only a shortintroductionto thepartsthatareimportantin thecontext of this paper.
In particular, we will only discussSupportVectorMachinesfor classification.See[8] and[1]
for amoredetailedintroductionon SVMsand[7] for anintroductionon SVMsfor regression.

SupportVectorMachinestry to find afunction
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Theresultingdecisionfunctionis givenby
���!���_	a` 4)0/�1 �J)�BI)7�*)K�6�b�

. It canbeshown thatthe
SVM solutiondependsonly on it’ ssupportvectorsc �*)d'3BI)fe	[Zhg

.

SupportVector Machinesalso allow the useof non-lineardecisionfunctionsvia the useof
kernel function, which replacethe inner product

�*)iL�� H
by an inner product in somehigh

dimensionalfeaturespacej ���*).�,� H �k	 lm�!�*)!�nL9lm�!� H �
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2.1 SVM Implementations

In practicalimplementationsof SupportVectorMachinesit turnsout thatsolvingthequadratic
optimizationproblem(2)-(4) with standardalgorithmsis not efficient enough,becausethese
algorithmsoftenrequirethat thequadraticmatrix j 	o� j �!�*)p�,� H �,�q1.r%)5s H r%4

hasto becomputed
beforehandandstoredin mainmemory. Threetricks canspeedup thecalculationof theSVM
solutiondramatically.

Working set decomposition: To improve theefficiency of theSVM calculation,Osunaet. al.
[5] suggestto split the probleminto a sequenceof simplerproblemsby fixing mostvariables
andoptimizing only on the rest,the so-calledworking set.This procedureis iterateduntil all
variablessatisfytheoptimality conditionsof theglobalproblem.Theseoptimality conditions,
theKuhn-Tucker conditionsof thequadraticoptimizationproblem(2)-(4),areessentiallycon-
ditionson thegradientof thetargetfunction

A ��B��
andon its Lagrangianmultipliers.Joachims

[3] proposesanefficientandeffectivemethodfor selectingthisworkingset.

Shrinking: Joachimsalsoproposestwootherimprovementsto theoptimizationproblem.Usu-
ally mostvariables

B
lie at their boundaries

Z
or

=
andtendto staytherefrom very early on

in theoptimizationprocess.This is thecasebecauseusuallytheroughlocationof thedecision
boundaryis foundvery earlywhile mosttime is spentto find its exact location.Therefore,ex-
amplesthat lie far away from thedecisionboundarycanbespottedeasily. This is exploitedby
theideaof shrinkingtheoptimizationproblem:Variablesthatareoptimalat

Z
or

=
for acertain

numberof iterationsarefixedat thatpositionandnot re-examinedin any furtheriteration.

Kernel caching: The third trick to improve SVM efficiency involves the cachingof kernel
functions.Both the selectionof the working set and the checkof the optimality conditions
requirethe computationof the gradient t of

A ��B��
. In fact, the computationof the gradient

is the mostexpensive part of the SVM. The i-th componentof the gradientitself is given byt )O	�` 4H /�1 B H j ��� H �,�*)!�(E : . Thevaluesu )O	[` 4H /�1 B H j �!� H �,�*)��
canbecomputedonceandbe

updatedby uMv) 	 u )h�[��B vH EwB H � j ���*).�,� H �
wheneveravariablechangesfrom

B H
to

B vH .
Therefore,wheneveravariableis updated,thekernelrow j )7x

is neededto incrementallyupdate
the gradient.As mostly only a certainsubsetof all variablesgetsinto the working setat all,
cachingthesekernelrowscansignificantlyimproveperformance.
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3 An SVM Implementation for Relational Databases

We will now show how anSVM canimplementedon top of a relationaldatabase1, thatmeets
thefollowing conditions:

1. It runsentirely insidethedatabase,suchthatguaranteesabouttheconsistency aswell as
thesecurityof thedatacanbegiven.

2. It doesuseaslittle mainmemoryasneededfor anefficient implementation.In particular,
it doesnotduplicatethecompleteexamplesetin its memoryspace.

3. It usesstandardinterfacesto accessthedatabase,sothatit is databaseindependent.

4. Theevaluationof thedecisionfunctionon new examplesis aseasyaspossible.

5. It is asefficientaspossible.

Thefirst goal is achievedby theuseof Java StoredProcedures.Java StoredProceduresallow
to run Java programsinsidethedatabaseserver, thatcandirectly accessthedatabasetables.To
achieve thethird goal,theJDBCstandardis usedto sendsimpleSQLqueriesto thedatabase.

In this section,we make the following assumptionon the databaseschema:The examples�!�*)+�d�-)K�y)0/�1.23232 4
arestoredin a singletablewherethe

#
componentsof the vectors

�*)
arestored

in thecolumnsatt 1... att d. Theindex z is storedin a columnindex.

3.1 A SimpleApproach

From the discussionin section2 it is clear, that the only accessto the examples’x-values
is via the kernel function j . So, as the most simple approachone could use any given
SVM implementationandreplacethe call of the function j �!�*).�,� H �

by the call of a functionj ��U-{}|%# ��U�~W� #%|�X�|%� | u {%� z � �dU-{}|�# ��U-~J� #%|�X�|%��| u {%�5���"� .
Unfortunately, this approachdoesnot work very well. The reasonfor this is, that any access
to the databaseis far moreexpensive thana simplememoryaccess.To make the codemore
efficient,weneedto reducethenumberandsizeof databasequeriesasmuchaspossible.

3.2 DatabaseKernel Calculation

Thereis amoreefficientwayto accesstheexamples:As wedoneedonly thevalueof j ���*).�,� H �
,

thereis noneedto readbothx andy from thedatabase,if wecanreadj �!�*)p�,� H �
directly. Then,

insteadof
< #

number, only onenumberhasto bereadfrom thedatabase.

Thiscanbeeasilyaccomplishedin SQL.For example,for thelinearkernel j ���*).�,� H �
	��*)�L � H
,

thefollowing SQLstatementgivesthevalueof j :

select
X.att_1 * Y.att_1 +...+ X.att_d * Y.att_d
from EXAMPLES
where X.index = <i> and Y.index = <j>

1In theimplementationof this work, anOracle8.1.6databasewasused.
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Similarly, a radialbasiskernelfunction j ���*)+�,� H �n	����h�^�yE���'7' �*)IEw� H '5' 8 �
canbeexpressedas

thefollowing SQLquery:

select
exp(-<gamma>*(pow(X.att_1-Y.att_1,2) +...

+ pow(X.att_d-Y.att_d,2)))
from EXAMPLES
where X.index = <i> and Y.index = <j>

Here<gamma>, <i> and<j> standfor theactualvaluesof
�
, z and

�
. Notethatfor thisquery

to beefficient, thereneedsto beadatabaseindex on thecolumnindex.

Most popularkernel functions,e.g.polynomial,neuralnetwork or anova kernels,dependon
eithertheinnerproductor theeuclidiandistanceof theexamplevectors,thereforeit is possible
to givecorrespondingSQLqueriesfor thesekernelfunctionsaswell.

To demonstratetheeffectof this optimizations,wegivetheruntimeof this versionon two data
sets,onelinearclassificationtaskPAT andonelinearregressiontaskREG. Detailedinformation
on thesedatasetsandhow theruntimewasmeasuredfollows in section(4).

Dataset Old Version New Version

PAT 23.81s 13.94s
REG 1156.26s 676.64s

Comparingtheseresultswith wecansee,thatthenew versionis about� Z�� faster.

3.3 Kernel Rows

Theexperimentin the lastsectionshows, that thereis still needfor improvement.The reason
for the inefficiency of the lastapproachis thata lot of time in thedatabaseis spentanalyzing
the queryand looking up the datatables.Oncethe tablesare found, calculatingthe result is
relatively easy. Thismeans,thatavery limiting factorfor performanceis thenumberof callsto
thedatabaseandnot somuchnot thesizeof thedataitself.

In section(2) we have seenthat the kernelvaluesarenot accessedrandomly, but in termsof
kernelrows.Sowe canoptimizethedatabaseaccess,if we selectthewholekernelrow in one
query:

select
<KERNEL_SELECT>,
Y.index
from EXAMPLES X,

EXAMPLES Y
where X.index = <i>

Herethe term<KERNEL SELECT> standsfor the SQL term that constructsthe kernelvalue
from the attributes,e.g. X.att 1 * Y.att 1 +...+ X.att d * Y.att d. We also
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needto get the index of Y to make a kernelrow of the resultset,asthe orderthe resultsare
returnedin is notdefined.

Fromthefollowing tablewe cansee,that this optimizationreducestheruntimeby about :W� �
to � � � .

Dataset Old Version New Version

PAT 13.94s 11.96s
REG 676.64s 426.66s

3.4 Shrinking

Shrinkinghasabig effectonruntime,becauseinformationonshrinkedexamplesdoesnotneed
to be updatedin further iterations.This means,the only kernel information neededin later
iterationsis thatof thesub-matrixof non-shrinkedexamples.To getonly thesekernelentries,
thequeryto selectakernelrow canbeadapted.

What we needto do is to adjustthefrom EXAMPLES Y part of the kernelSQL statement,
suchthatonly non-shrinkedexamplesareconsidered.Therearetwo waysto do this: We could
eitheraddacolumnshrinked to theexamplestableanddo thequery

select
<KERNEL_SELECT>,
Y.index
from EXAMPLES X,

EXAMPLES Y
where X.index = <i>

and Y.shrinked = ’false’

(onceagain,<KERNEL SELECT> standsfor oneof the select-statementsdefinedin section
(3.2))or we cancreatea tablefree examples thatcontainonly theindicesof non-shrinked
examples.Thenthekernelquerybecomes:

select
<KERNEL_SELECT>,
Y.index
from EXAMPLES X,

EXAMPLES Y
where X.index = <i>

and Y.index in (select index from free_examples)

The advantageof the first alternative is that the querycanbe doneby a simplescanover the
examplestable with little extra costandwithout addingnew tables.On the other hand,this
alternative requiresthat the userhas the privilegesto modify the examplestable. This is a
seriousdrawbackin any situations,wheredatasecurityis anissue.Thesecondalternativedoes
notsuffer from thisdrawback.
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3.5 The DecisionFunction

To beusefulfor applicationin real-world databases,wedoneedalsoanefficientwayto evaluate
theSVM decisionfunction

���!���	�` )5�}�J� �J)�BI) j ���*)+�,�������
on new examples.In this section

wewill show, thatthis canbesimply donewith pureSQLstatements.

3.5.1 Linear Kernel: With the linear kernel we can make useof the linearity and write��������	 ` )5�}�J� ���-)7BI)K�*)^L����f����	�� ` )7���J� �J)�BI)7�*)���L�������	�����L������
. So we only needto

calculatethevector
�

andtheconstant
�

afterlearningandcanwrite

select <w_1> * X.att_1 + ... + <w_d> * X.att_d + <b> as f
from X in TOPREDICT

to getthef-valuesfrom theexamplesin tableTOPREDICT.

3.5.2 General Kernels: In generalkernels,we needthesupportvectorsandtheir
B

-values
to predict a new example. We assumethat we still have the training examples in table
EXAMPLES and we have a tableMODEL that containsthe values

�J)�BI)
and the index of the

correspondingvector(to simplify thecalculation,
�J)KBI)

is storedinsteadof
BI)

alone).

Thenwecancalculatè
)7���-� �-)KB() j �!�*).�"���

usingthekernelselect-statementandtheSQLsum
keywordas:

select sum(z.alpha * <KERNEL_SELECT>)
from MODEL Z, EXAMPLES X, EXAMPLES_TO_PREDICT Y
where X.index = Z.index
and Y.index = <i>

Thevalueof
�

canbestoredin thesametableasthe
B

’s by usingtheindex valuenull. Then
thewholedecisionfunctionis calculatedby:

select alpha +
(select sum(z.alpha * <KERNEL_SELECT>)
from MODEL Z, EXAMPLES X, EXAMPLES_TO_PREDICT Y
where X.index = Z.index
and Y.index = <i>
) as f

from test_model
where alpha in (select alpha from test_model where key is null);

4 Experiments

We usedtwo implementationsof theSVM to comparetheefficiency of thedatabaseversionof
theSVM to aC++ standaloneversion.Both SVMs usedthesamealgorithmandparameters.

Thedatabaseexperimentsweremadeon a SunEnterprise250 thatwasequippedwith a dou-
ble UltraSparcII 400MHzprocessorand1664MB of mainmemory, runninganOracle8.1.6
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database.TheC++ experimentweremadeon a SunUltra with a UltraSparcIIi 440MHz pro-
cessorand256 MB of main memory. As the kernelcachewaskept at a sizeof 40 MB in all
experiments,thedifferentmemoryequipmentshouldnot influencetheresults.

Threedatasetswereusedin thecomparison.Thefirst datasetPAT consistedof asimpleartificial
classificationtask with 100 examplesanda linear target function. The seconddataset REG

is an artificial regressionproblemwith 2000examplesanda linear target function.The third
dataset,CYC is a real-world datasetof 157 examples.The taskis to classify the stateof the
germanbusinesscycle(upswingor downswing)from severaleconomicvariables.A radialbasis
kernelwith parameter

��	 : wasusedin theexperiments.Thedatasetsaresummarizedin the
following table

Name Size Dimension #SVs

Pat 100 27 47
Reg 2000 27 56
Cyc 157 13 157

To get clearerresults,5-fold cross-validationwasdoneon eachof the datasetsandthe CPU
timeof eachlearningrunwasrecorded.In eachlearningrun,theresultingdecisionfunctionsof
bothimplementationswereequalup to sensiblysmallnumericalerrors.

In the caseof the standaloneversion,also the time neededto createthe input files from the
databasetableswas recorded.The following tableshows the time neededto accessthe data
from thedatabasefor thestandaloneC++ -Version,theCPUtimeof thestandaloneversionand
the total time for the standaloneversion.This is comparedto 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 19.40
Reg 6.06s 3.48s 9.54s 364.72s 38.23
Cyc 0.24s 0.13s 0.37s 16.46s 44.48

Theexperimentsshow, thatthedatabaseversionis slowerthanthestandaloneversionbyafactor
of 20 to 45. If this differenceis acceptablehasto be evaluatedwith respectto the individual
application’s requirements.

5 Discussionand Further Research

In thispaperwemadetheassumptionthatthedatais givenin adatabasetablein attribute-value
form. While this may be the most prominentway of representingexamples,thereare other
representations,thathave interestingproperties.

5.1 SparseData Format

For datathatis sparse,i.e. many attributesarezero(e.g.text data),theattribute-valueformatis
notoptimalbecausetoomuchspaceis loststoringzeros.Also, in SVM kernelcalculationmuch
time is spentin unnecessarynumericaloperations,becauseattributeswhereboth (in the case
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of kernelsbasedon theeuclidiandistance)or evenone(for kernelsbasedon theinnerproduct)
valueis zero,donot amendto thevalueof thekernelfunctionon therespectiveexamples.

ThereforeSVM software,e.g.  �¡T¢�£ )¥¤"¦q§ [3], often storesexamplesin a format whereonly
the non-zerovaluesof the examplesvectortogetherwith their attributenumberarestored.In
relationaldatabases,this formatcouldbe usedin form of a tablethat consistsof thecolumns
example id, attribute id andattribute value.

Following theearlierdiscussion,to show thatSVMswith themostcommonlyusedkernelfunc-
tionscanbeefficiently trainedon datain this representation,it sufficesto show that the inner
productandtheeuclidiandistanceof two examplescanbecalculatedin this representation.

For theinnerproductissufficesto sumupall theproductsof attributevalueswheretheexamples
have thegivenids andtheattributeindicesareequal.In SQL:

select sum(x.attribute_value * y.attribute_value)
from EXAMPLES x, EXAMPLES y
where x.example_id = <i>

and y.example_id = <j>
and x.attribute_id = y.attribute_id;

To calculatethesquaredeuclidiandistance,first thesquareddistanceof all attributesthatexists
in boththevectors

�*)
and

� H
canbecalculatedin a similar way to thatof the innerproduct.In

fact,only theselect-partof thestatementhasto beadapted.Thenthesquareddistanceof all
attributesthatexist in vector

�*)
but not in vector

� H
to thevector

Z
canbecalculatedby

select sum(x.attribute_value * x.attribute_value)
from sparse x
where x.example_id = <i>

and not exists (
select attribute_id
from sparse
where attribute_id = x.attribute_id and example_id = <j>
)

Thenthe resultsof the threequeryof attributesin
�*)

and
� H

,
�*)

without
� H

and
� H

without
�*)

canbeaddedup to give thefinal result.

5.2 Joins

In relationaldatabases,datais typically not storedin one but in multiple relations.For ex-
ample,a clinical informationsystemmay storeminutely recordedvital signsof its intensive
carepatientstogetherwith demographicdatalike age,sex or heightthatdo not changeduring
a patientsstayor even informationaboutdrug ingredientsthat areinvariantover all patients.
In attribute-value representation,for examplethe patientsagewould have to be storedover
andover againfor all time-pointswherea vital sign was recorded.In a relationaldatabase,
this informationwouldbetypically storedin threetablesvital signs, demographic and
drug ingredients.
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As theSVM cannotdealwith multi-relationaldata,thedifferenttableswouldhaveto bejoined
togetherfor theSVM to accessthem,e.g.like

select *
from vital_signs, demographic
where vital_signs.patient_id = demographic.patient_id

In theworstcase,thejoin of two tablesof size
�

and ¨ canhavethesize
��L ¨ , wheneveryrow

of thefirst tablecanbejoinedwith every row of thesecondtable.Of course,onewould like to
avoid having to storethis dataasanintermediatestep.

Fortunatelythereis atrick in thecaseof SupportVectorMachines.Theimportantobservationis,
thattheinnerproductof two ¨ �©�

-dimensionalpoints
�!��ª«�,��¬��

and
�!��ª6�d��¬i�

canbecalculated
asthesumof an ¨ - andan

�
-dimensionalinnerproduct:

����ª«�,��¬���L��!��ª6�d��¬f��	���ª«LV��ª��n��¬�L¥��¬
.

A similar observation holds for the euclidiandistance:
'5'0�!��ª&�,��¬���E�����ª«�d��¬i�}'7' 8 	 '7' ��ªE��ª®'7' 8 ��'7' ��¬¯E¯��¬m'7' 8

.

This mean,insteadof a kernelmatrix of size
� ¨ L��®� 8

it sufficesto computetwo matrixesof
size ¨ 8 and

� 8
of the innerproductsor theeuclidiandistances,respectively, andcalculatethe

kernelvaluesfrom them.In thecaseof kernelcaching,this trick allows for a far moreefficient
organizationof thecacheastwo independentcaches.

5.3 Discussion

This paperproposedan implementationof a SupportVector Machineon top of a relational
database.Even as this implementationobviously cannotbe as efficient as a standaloneim-
plementationwith direct accessto the data,considerationssuchas datasecurity, platform-
independenceandusabilityin adatabase-centeredenvironmentsuggestthatthis is asignificant
improvementfor SVM applicationsin real-world domains.

Carefulanalysisandoptimizationhasshown, thattheoptimalusageof databasestructurescan
significantlyimproveperformance.
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