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Abstract. SupportVectorMachines(SVMs) have becomea populartool for learningwith
large amountsof high dimensionaldata.However, it may sometimesbe preferableto learn
incrementallyfrom previousSVM results,ascomputingaSVM is verycostlyin termsof time
andmemoryconsumptionor becausetheSVM maybeusedin anonlinelearningsetting.In
this paperanapproachfor incrementallearningwith SupportVectorMachinesis presented,
that improvesexisting approaches.Empirical evidenceis given to prove that this approach
can effectively deal with changesin the target conceptthat are resultsof the incremental
learningsetting.
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1 Intr oduction

The ability to incrementallylearn from batchesof datais an importantfeaturethat makesa
learningalgorithmmoreapplicableto real-world problems.Incrementallearningmaybeusedto
keepmemoryandtimeconsumptionof thelearningalgorithmatamanageablelevel or because
oneneedsto makepredictionsatatimewhenthewholedatais notyetavailable(onlinesetting).

Themostimportantquestionof incrementallearningis, whetherthetargetconceptmaychange
betweenthelearningstepsor is assumedto beconstant.Thefirst caseis calledconceptdrift, the
secondcaseis trueincrementallearning.Thepracticaldifferencebetweenbothkindsof learning
is, that in the conceptdrift setting,old examplesmay be misleading,asthey areexamplesof
anold targetconcept,thatmaybequitedifferentfrom theconceptoneis trying to learn.In the
caseof true incrementallearning,all examplescontainthe sameinformationaboutthe target
concept(morespecific:onecannotjudgethe informationof an examplefrom its age).As a
consequence,onecanjudgethe performanceof an incrementallearningalgorithmsimply by
comparingits resultsto theresultsof thelearningalgorithmtrainedanall datasimultaneously
asthegoldstandard.Thispaperwill dealwith incrementallearning.�
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SupportVectorMachines(SVMs)havebeensuccessfullyusedfor learningwith largeandhigh
dimensionaldatasets.This is becauseof the fact that the generalizationpropertyof an SVM
doesnotdependonall thetrainingdatabut only asubsetthereof,theso-calledSupportVectors
[Vapnik,1998]. Unfortunately, the training of SupportVector Machinesitself can very time
consuming,especiallywhendealingwith noisydata.

As thenumberof SupportVectorstypically is very small comparedto thenumberof training
examples,SVMs promiseto be an effective tool for incrementallearningby compressingthe
dataof the previous batchesto their SupportVectors.This approachto incrementallearning
with SupportVectorMachineshasbeeninvestigatedin [Syedet al., 1999b] whereit hasbeen
shown that incrementallytrainedSupportVector Machinescomparevery well to their non-
incrementallytrainedequivalent.

The problemof drifting conceptsin incrementalSupportVector Machinelearninghasbeen
addressedin [Syedet al., 1999a] whereit hasbeenexperimentallyvalidatedthatSVMs handle
drifting conceptswell with respectto the criteria of stability of the resultduring the learning
steps,improvementof the predictionaccuracy during the progressof the training andrecov-
erability from errorsresultingof the drifting concepts.Another approachto the handlingof
drifting conceptshasbeenpursuedin [Klink enberg andJoachims,2000],whereaperformance
estimator[Joachims,2000] hasbeenusedto detectwhethera drift in the underlyingconcept
did occur, at which point theold datawasbeingdiscardedandtrainingtook placeonly on the
new data.

This paperdealswith thesettingof incrementallearning,i.e. thedatais presentedto thealgo-
rithm in severalbatches,suchthatthealgorithmshouldproducea preliminaryresultaftereach
trainingstepandis notallowedto directlyuseall thedatain thelasttrainingstep,to keepdown
time andspaceconsumption.Nevertheless,we will keepan eye on the ideaof conceptdrift,
becausein real-life problemstheremayoccura changein thetargetconceptbetweendifferent
batchesof data,which is simply an artifact of the way the datais presentedto the learning
algorithm.

When,for example,thelearningexamplesarebeinggeneratedby a controlledexperiment,the
experimentermay find it favorableto follow a test plan which changesthe processparame-
terssuccessively. If theseexamplesareusedfor incrementallearning,earlierbatchescontain
examplesfrom very differentregionsof theparameterspacethanlaterbatches.Onemayalso
observe changesin thetrainingdatawhich have no correspondenceto controllableparameters
of the experiment,e.g. if in applicationsin engineeringthe quality of a machinedeteriorates
over thecourseof its life-cycle or if in medicalapplicationsthealgorithmlearnson thedataof
onepatientat a time. In all theseexamples,oneis interestedin a resultwhich is optimalwith
respectto all data(all parameters/ pointsin time / patients),i.e. althoughthereareobservable
andsignificantchangesin thedatafrom batchto batch,noconceptdrift occurs.

Of course,all theseproblemscouldbeeffectively solvedby randomlysamplingthedata,but in
practicea main reasonto useincrementallearningin thefirst placeis, thatonedoesnot have
control over the way the examplesaregeneratedor cannotwait until all examplesareready.
Thequestionin this paperwill be,how muchthelearningalgorithmwill beinfluencedby this
effect,whichwe will call pseudo-conceptdrift.

Section2 will presenta brief introductionto SupportVectorMachinesandthetheir important
propertiesfor this paper. Section3 will discussthe drawbacksof the existing approachto in-
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crementalSVM learninganddevelopanimprovedincrementallearningalgorithm.In section4
thenew algorithmwill beexperimentallyevaluated.A summaryandoutlook in section5 will
concludethediscussion.

2 Support Vector Machines

SupportVectorMachines(SVMs)arebasedonthework of Vladimir Vapnikin statisticallearn-
ing theory[Vapnik,1998]. Statisticallearningtheorydealswith thequestion,how a function
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thatbothminimizesthepredictionerroron thetrainingsetandpromisesthebestgeneralization
performance.Given the examples ���F1G�H�;1 	 � >I>I> �����(5J�*�+5 	 this is doneby solving the following
optimizationproblem: K ��7L�HMN� M � 	 � OP ��7RQS7 	T:=U 5V '0/NW M�' (2)X Y8Z6[
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Thehyperplanevector 7 hasa representationin termsof the trainingexamples���('��*�.' 	 ' �-, and
their lagrangianmultipliers �`gh' 	 ' �-, , thatarecalculatedduringtheoptimizationprocess:7 � V ' �I, gh'%�.'6�(' >
Exampleswith non-zerolagrangianmultiplier arecalledSupportVectors.A key propertyof
SupportVectorMachinesis, that traininga SVM on theSupportVectorsalonegivesthesame
resultastrainingon thecompleteexampleset.

Theoptimalconstant
U

for thelearningproblemat handis usuallydeterminedby somemodel
selectiontechnique,e.g.cross-validation.

In equation(2), theempiricalrisk of theSVM solutionis measuredwith respectto a linearloss
function.It is importantto noticethatthetheoryof theSupportVectoralgorithmis notrestricted
to thecaseof linearlossfunctions,but canbeextendedto broaderclassesof lossfunctions(e.g.
see[Smolaet al., 1998]).
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3 Incr ementalLearning with Support Vector Machines

In principle, all working set methods to train SVMs, especially shrinking, (see
[Osunaetal., 1997], [Joachims,1999]) canbe consideredasincrementallearningalgorithms,
asonly a small part of the examplesis actuallyusedfor optimizationin eachstep.But this
approachesarenot usefulto true incrementallearning,asnoneof the examplesarediscarded
during training andthereforewill have to be reconsideredin eachworking setselectionstep.
Therefore,no improvementin termsof spaceandtimeconsumptioncanbeexpectedhere.

3.1 Existing Approaches

Theapproachto incrementallearningwith SVMs presentedin [Syedet al., 1999b] is this: For
eachnew batchof dataa SupportVectorMachineis trainedon thenew dataandthe Support
Vectorsfrom theprevious learningstep.In the following this approachwill be calledtheSV-
incrementalalgorithm.

The reasoningbehindthis is asfollows: The resultingdecisionfunction of an SVM depends
only on its SupportVectors,i.e. training an SVM on the SupportVectorsaloneresultsin the
samedecisionfunctionastrainingon thewholedataset.Becauseof this,onecanexpectto get
anincrementalresultthatis equalto thenon-incrementalresult,if thelast trainingsetcontains
all examplesthatareSupportVectorsin thenon-incrementalcase.

But how to decidewhetheranexampleswill endupasanSupportVectorin thenon-incremental
casewithoutactuallytrainingonall data?If abatchof datais agoodsample,i.e. if thestatistical
propertiesof that batchand the whole dataset do not differ very much,onecan expect the
resultingdecisionfunction to be roughly similar to the final decisionfunction. Therefore,a
SupportVectorin thefinal setis likely to beaSupportVectorin previousiterationstoo.

Theproblemwith this approachis theassumptionthatthebatchof datawill beanappropriate
sampleof thedata.While thismaybelikely if thedatais collectedbeforehandandpresentedto
theSVM in randomlydrawn batches,thereis no way to tell if this is thecaseif theexamples
aregeneratedonlineduringthetraining.

The theoreticalproblembehindthis is, that theSupportVectorsarea sufficient descriptionof
thedecisionboundarybetweentheexamples,but not of theexamplesthemselves.As thereare
typically only very few SupportVectors,their influenceon the decisionfunction in the next
incrementallearningstepmaybeverysmall if thenew datais distributeddifferently.

Seefor examplethe200examplesin figure1 andimaginethedatais presentedto theSVM in
two batches,suchthatthefirst batchcontainsall theexampleswith �jike . TraininganSVM on
thefirst batchof datawill leadto relatively few SupportVectors(18 for

Ul� O emee ). Now train
anSVM with theSupportVectorsof thefirst batchandtherestof theexamples.Figure2 shows
theresultingdecisionfunction,togetherwith thedecisionfunctionlearnedon all data.

It is obviousthatSVM resultslargely ignorestheold SupportVectorsandalmostcorresponds
to thedecisionfunction thatwould have beenlearnedon thesecondbatchof examplesalone.
Usually this is a desiredpropertyof the SVM algorithm,becauseit meansthat the SVM is
robustagainstoutliersin thedata- only in thiscasetheoutliersaretheold SupportVectorsone
wouldwish to take into accountfor thenew decisionfunction.
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Figure1 Exampledataset(Plusses= positive examples,crosses= negative examples)with
SVM decisionfunction(C=1000).

0

0.2

0.4

0.6

0.8

1

-1 -0.5 0 0.5 1

overall result
SV-incremental

Figure2 Secondbatchof dataincluding old SVs (= stars),resultingdecisionfunction and
desiredoveralldecisionfunction.
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Figure3 Comparisonof theresultsof theSV-incrementalalgorithmandtheSV-L-incremental
algorithmon theexampleproblem.

3.2 A NewIncr ementalLearning Algorithm

As statedabove, theSV-incrementalalgorithmsuffersfrom theproblem,thattheSupportVec-
torsdo notdescribethewholesetof databut only thedecisionfunctioninducedby it. To make
up for this problemin the incrementallearningalgorithm,oneneedsto make an error on the
old SupportVectors(which representtheold learningset)morecostly thananerroron a new
example.

Fortunately, this caneasilybeaccomplishedin theSupportVectoralgorithm.Let �%�('��*�+' 	 ' �on be
theold SupportVectorsand ���('��H�+' 	 ' �-, bethenew examples.Thenreplacedefinition(2) byK ��7L�HMN� M � 	p� OP ��7qQ�7 	T:=U?r V ' �-, M�' :=� V ' �In M�'ts >
This modificationof the SVM problemcanbe viewed astraining the SVM with respectto a
new lossfunction.

A naturalchoicefor
�

is to let
�

bethenumberof examplesin thepreviousbatchdividedby
thenumberof SupportVectors. �u� #examples

#SVs
This comesfrom the ideato approximatethe averageerror of an arbitrarydecisionfunction
over all examplesby the averageerror over just the SupportVectors.In otherwords:Every
SupportVectorstandsfor a constantfractionof all examples.This algorithmwill becalledthe
SV-L-incrementalalgorithm.

Figure3 showstheresultof theSV-L-incrementalalgorithmontheexampleproblemof thelast
section.It is obviousthatits resultliesmuchcloserto theoverall resultthantheSV-incremental
algorithm.
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3.3 Inter pretability of Support Vectors

The resultsso far give interestinginsight into the question,how SupportVectorscan be in-
terpreted.It is oftenargued,that theSupportVectorsprovide a sufficient representationof the
examplesfor the given classificationtask,becausetraining an SVM on the SupportVectors
gives the samedecisionfunction as training on the whole dataset.But of course,this only
meansthat the SupportVectorsarea sufficient representationof the decisionfunctionon the
examples,not theexamplesthemselves.

Theimportantdifferenceis, that in termsof theStatisticalLearningPrincipleasformalizedin
equation1, the SupportVectorsprovide an estimateof

" ���&# � 	
, but not of

" ��� 	
. In figure 4,

bothsetA andB have thesame
" ���$# � 	

, but different
" �%� 	

. If theSupportVectorsareusedto
representtheentiredataset,like in theincrementallearningalgorithm,thishasto betakeninto
account.

4 Experiments

To comparebothalgorithms,someexperiments,bothon artificial dataandon real-world data
setsweremade.A versionof mySVM [Rüping,2000], thatwasmodifiedto handlelossfunc-
tionsdefinedperexample,wasused1.

4.1 Artificial Data

To comparethe performanceof the SV-incrementalandthe SV-L-incrementalalgorithm,two
experimentswith artificial datasetsweremade.Theperformanceof bothalgorithmswerecom-
paredto that of non-incrementallearningin the settingswith and without conceptchanges.
As theprinciplepracticabilityof incrementallearningwith SVMs hasalreadybeenshown in
[Syedet al., 1999b], theexperimentsherewererestrictedto thecaseof incrementallearningin
two steps.

Eachtraining set consistedof threesubsets,eachof which had a size of 100 examples(50
positive and50 negative).Thefirst two subsetswereusedto incrementallytrain theSVM and
thethird subsetwasusedasa testsetto determinetheaccuracy of theresultingclassifiers.All

1Themodifiedversionof mySVM is availablefrom theauthoron request
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theresultsprintedaretheaveragesof 10-foldcross-validation.

In the casewithout conceptchanges,all the positive examplesweredrawn randomlyfrom a
two-dimensionalnormaldistribution with center � O � O 	 andvarianceO . Thenegative examples
weredrawn from asimilarnormaldistributionwith center� _LO � _LO 	 . Thefollowing tableshows
theaccuracy of thetrainingwith differentvaluesof

U
.

C non-inc. SV-inc. SV-L-inc.

1e-06 0.893 0.896 0.895
1e-05 0.916 0.787 0.796
1e-04 0.919 0.799 0.839
0.001 0.926 0.928 0.878
0.01 0.919 0.799 0.795
0.1 0.926 0.927 0.805
1 0.916 0.882 0.916
10 0.925 0.921 0.923
100 0.938 0.932 0.937
1000 0.921 0.896 0.923
1e04 0.920 0.881 0.904
1e05 0.922 0.878 0.874
1e06 0.909 0.892 0.783

To simulatea conceptchangein the data,anothersetof datawascreated.This time the first
training set consistedof positive examplesdrawn randomlyfrom a two-dimensionalnormal
distributionwith center� O � O 	 andnegativeexamplesnormallydistributedwith center� _LO � _LO 	 .
Thesecondtrainingsethadpositive examplescenteredat � O � _vO 	 andnegative examplescen-
teredat � _vO � O 	 . Thevariancewas O in all cases.Thetestsetconsistedof 50variablesfrom the
distributionof thefirst trainingsetandanother50 variablesfrom thedistributionof thesecond
trainingset,suchthat thedistribution of thevariablesin thetestsetandthedistribution in the
unionof thefirst andsecondtrainingsetwereidentical.Thenext tableshows theaccuracy of
theresultingclassifierswith differentvaluesof

U
.

C non-inc. SV-inc. SV-L-inc.

1e-06 0.835 0.555 0.812
1e-05 0.823 0.636 0.749
1e-04 0.852 0.599 0.812
0.001 0.835 0.553 0.784
0.01 0.854 0.562 0.844
0.1 0.835 0.684 0.814
1 0.836 0.758 0.837
10 0.834 0.755 0.819
100 0.845 0.743 0.759
1000 0.844 0.689 0.734
1e04 0.834 0.689 0.788
1e05 0.834 0.678 0.746
1e06 0.847 0.620 0.684
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As canbe seen,theSV-incrementalandtheSV-L-incrementalalgorithmperformcomparable
in the absenceof a conceptchange,whereasin the settingwith conceptchangesthe SV-L-
incrementalalgorithmperformsbetterthantheoriginalSV-incrementalalgorithm.

4.2 Real-World Data

4.2.1 Data Set To checkthe performanceon real-world datasets,several datasetsfrom
theUCI Repositoryof MachinelearningDatabases[Murphy andAha,1994] wereused.Before
the training,nominalvariableshave beenbinarizedandthe attributeshave beenscaledto ex-
pectancy 0 andvariance1. All resultshave beenobtainedby 10-fold cross-validation,i.e. or
eachtestset,a classifierhasbeentrainedincrementallyon the9 otherbatchesof dataandthe
performanceof thefinal classifieron thetestsethasbeenrecorded.

For eachdataset,theoptimalkernelfunctionhasbeendeterminedfor thenon-incrementalcase
by 10-fold cross-validationon thecompletedataset.In all experiments,thevalue

U�� O has
beenused.Thefollowing tableshows thesedatasetsandthekernelfunctionthatwereusedin
theexperiments.

Name Dim. Examples Kernel

australian 38 690 RBF, w � e > ememeyx
diabetes 8 768 RBF, w � e > e O
german 24 1000 RBF, w � e > ememeyx
heart 20 270 RBF, w � e > ememeyx
ionosphere 34 351 RBF, w � e > O
liver-disorders 6 345 RBF, w � e > O
monks-1 15 556 RBF, w � e > O
monks-2 15 601 RBF, w � O
monks-3 15 554 RBF, w � e > eme O
mushrooms 112 8124 linear
promotor-gene 228 106 linear
sonar 60 208 RBF, w � e > e O

4.2.2 Comparisonof the SV-incrementaland SV-L-incr ementalAlgorithm Thefollow-
ing tablecomparesthe Accuracy of the classifiertrainedon all availabledata(non-inc.),the
SV-incrementalalgorithmandtheSV-L-incrementalalgorithm.
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Dataset non-inc. SV-inc. SV-L-inc.

australian 85.21 85.50 85.50
diabetes 70.94 70.80 70.42
german 74.90 75.80 76.70
heart 77.03 75.92 79.62
ionosphere 94.02 94.02 94.88
liver-disorders 69.61 69.92 71.05
monks1 100.00 100.00 100.00
monks2 85.03 85.03 85.03
monks3 96.38 96.38 96.38
mushroom 100.00 100.00 100.00
promoter-genes 93.63 93.63 93.63
sonar 85.59 85.59 86.07

4.2.3 Choiceof L In section3.2,theconstant
�

in theSV-L-incrementalalgorithmhasbeen
heuristicallydeterminedas �u� #examples

#SVs
>

To checkthe influencethat this valuehason the learningresults,someothertestsweremade
wherehalf, doubleandfive timesthis valuewasused.Thenext tableshows, thatin mostcases
thevalue �u� P #examples

#SVs
showsevenbetterresults.

Dataset
� � e > x � � � P � � x

australian 74.63 85.50 86.66 85.36
diabetes 66.64 70.42 70.55 69.64
german 73.70 76.70 77.50 76.40
heart 55.55 79.62 83.33 84.07
ionosphere 94.59 94.88 95.45 94.87
liver-disorders 68.74 71.05 70.78 69.93
monks1 100.00 100.00 100.00 100.00
monks2 65.72 85.03 85.03 85.03
monks3 62.46 96.38 96.38 96.38
mushroom 100.00 100.00 100.00 100.00
promoter-genes 93.63 93.63 93.63 93.63
sonar 83.16 86.07 85.07 88.88

4.2.4 Experiments with Pseudo-ConceptDrift So far, in all experimentsin this section,
theexamplesweredistributedto thebatchesrandomly. Thisis quitefortunatefor anincremental
algorithm,asthechanceof a pseudo-conceptdrift occurringin thedatais small.Now we want
to seewhathappens,if theexamplesaredistributedinto thebatchesin anorderedway.

To do that, the exampleshave beensortedwith respectto their first attribute valueandwere
presentedto theincrementalalgorithmin thatorder. As aresultof thelastexperiment,thevalue
of L hasbeendoubled.
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Dataset non-inc. SV-inc. SV-L-inc.

australian 85.21 85.65 86.37
diabetes 70.94 71.09 70.69
german 74.90 75.89 77.89
heart 77.03 69.25 83.33
ionosphere 94.02 94.58 95.15
liver-disorders 69.61 70.48 70.75
monks1 100.00 100.00 100.00
monks2 85.03 84.02 84.02
monks3 96.38 96.38 96.38
mushroom 100.00 100.00 100.00
promoter-genes 93.63 93.45 90.72
sonar 85.59 80.85 84.21

5 Summary and Futur eWork

In this paper, anew algorithmfor incrementallearningwith SupportVectorMachineswaspre-
sented.Themethodwasespeciallydesignedto dealwith problemsthatarisewhenthetraining
datacontainschangingconcepts,either real onesor onesthat are artifactsarising from the
specificorderof the examples.It wasexperimentallyshown that the performanceof the new
algorithmis comparableto anexistingapproachin thecaseof learningwithoutconceptchanges
andperformssignificantlybetterin thecaseof changingconceptsin thetrainingdata.

An interestingquestionfor future work is to find out, if the trick of individually assigninga
weight to the examplescanalsobe appliedto the problemof learningin situationswith real
conceptdrift. Insteadof increasingtheweightsfor old SupportVectors,onecouldalsodecrease
theweightof theold examplesto make theSVM moresensitiveto changesin newerexamples.

It alsoremainsto beinvestigated,whetherthis algorithmalsoworksfor regressionSVMs.
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