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Abstract. SupportVectorMachines(SVMs) have becomea populartool for learningwith
large amountsof high dimensionaldata.However, it may sometimese preferableto learn
incrementallyfrom previousSVM results ascomputinga SVM is very costlyin termsof time
andmemoryconsumptioror becauseéhe SVM maybeusedin anonlinelearningsetting.In
this paperan approactor incrementalearningwith SupportVectorMachinesis presented,
thatimprovesexisting approachesEmpirical evidenceis givento prove that this approach
can effectively deal with changesn the target conceptthat are resultsof the incremental
learningsetting.
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1 Intr oduction

The ability to incrementallylearnfrom batchesof datais an importantfeaturethat makesa
learningalgorithmmoreapplicableo real-world problemsincrementalearningmaybeusedo
keepmemoryandtime consumptiorof thelearningalgorithmata manageablével or because
oneneedgo make predictionsatatime whenthewholedatais notyetavailable(onlinesetting).

Themostimportantquestionof incrementalearningis, whetherthetargetconcepimaychange
betweerthelearningstepsor is assumedo be constantThefirst cases calledconcepdrift, the
secondcasds trueincrementalearning.Thepracticaldifferencebetweerbothkindsof learning
is, thatin the conceptdrift setting,old examplesmay be misleading,asthey are examplesof
anold tagetconceptthatmay be quite differentfrom the concepineis trying to learn.In the
caseof true incrementalearning,all examplescontainthe sameinformationaboutthe target
concept(more specific: one cannotjudge the information of an examplefrom its age).As a
consequencegne canjudgethe performanceof anincrementalearningalgorithm simply by
comparingits resultsto the resultsof the learningalgorithmtrainedan all datasimultaneously
asthegold standardThis papemwill dealwith incrementalearning.

* A shortversionof this paperhasappearedh the Proceedingsf theICDM 2001,SanJose CA, USA



SupportVectorMachinegSVMs) have beensuccessfullyusedfor learningwith largeandhigh

dimensionaldatasets.This is becausef the factthatthe generalizatiompropertyof an SVM

doesnotdependonall thetrainingdatabut only a subsethereof,the so-calledSupportVectors
[Vapnik,1998. Unfortunately the training of SupportVector Machinesitself canvery time
consuminggespeciallywhendealingwith noisydata.

As the numberof SupportVectorstypically is very small comparedo the numberof training
examples,SVMs promiseto be an effective tool for incrementalearningby compressinghe
dataof the previous batcheso their SupportVectors.This approachto incrementallearning
with SupportVectorMachineshasbeeninvestigatedn [Syedetal., 1999 whereit hasbeen
shown that incrementallytrained SupportVector Machinescomparevery well to their non-
incrementallytrainedequvalent.

The problemof drifting conceptsin incrementalSupportVector Machinelearninghasbeen
addresseth [Syedetal., 19994 whereit hasbeenexperimentallyvalidatedthat SVMs handle
drifting conceptswell with respectto the criteria of stability of the resultduring the learning
steps,improvementof the predictionaccurag during the progressof the training and recov-
erability from errorsresultingof the drifting concepts Anotherapproachto the handling of
drifting conceptshasbeenpursuedn [Klink enbeg andJoachims2000],wherea performance
estimator[Joachims2000] hasbeenusedto detectwhethera drift in the underlyingconcept
did occur at which point the old datawasbeingdiscardedandtraining took placeonly on the
new data.

This paperdealswith the settingof incrementalearning,i.e. the datais presentedo the algo-
rithm in severalbatchessuchthatthe algorithmshouldproducea preliminaryresultaftereach
trainingstepandis notallowedto directly useall thedatain thelasttrainingstep,to keepdown

time and spaceconsumptionNeverthelesswe will keepan eye on the ideaof conceptdrift,

becausen real-life problemstheremay occura changen thetargetconceptbetweerdifferent
batchesof data,which is simply an artifact of the way the datais presentedo the learning
algorithm.

When,for example,thelearningexamplesarebeinggeneratedby a controlledexperimentthe
experimentermay find it favorableto follow a testplan which changeghe processparame-
terssuccessiely. If theseexamplesare usedfor incrementalearning,earlierbatchescontain
examplesfrom very differentregionsof the parametespacethanlater batchesOnemay also
obsenre changesn thetraining datawhich have no correspondenct® controllableparameters
of the experiment,e.qg.if in applicationsin engineeringhe quality of a machinedeteriorates
overthe courseof its life-cycle or if in medicalapplicationghe algorithmlearnson the dataof
onepatientatatime. In all theseexamples,oneis interestedn a resultwhich is optimalwith
respecto all data(all parameterg pointsin time / patients),.e. althoughthereareobsenable
andsignificantchangesn the datafrom batchto batch,no conceptrift occurs.

Of courseall theseproblemscouldbe effectively solved by randomlysamplingthe data,but in
practicea mainreasonto useincrementalearningin thefirst placeis, thatonedoesnot have
control over the way the examplesare generatedr cannotwait until all examplesareready
The questionin this paperwill be,how muchthe learningalgorithmwill beinfluencedby this
effect, whichwe will call pseudo-conceptrift.

Section2 will presenta brief introductionto SupportVectorMachinesandthetheirimportant
propertiesfor this paper Section3 will discussthe dravbacksof the existing approachto in-
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crementaSVM learninganddevelopanimprovedincrementalearningalgorithm.In section4
the new algorithmwill be experimentallyevaluated A summaryandoutlookin section5 will
concludethediscussion.

2 Support Vector Machines

SupportVectorMachineg SVMs) arebasednthework of Vladimir Vapnikin statisticalearn-
ing theory[Vapnik,199§. Statisticallearningtheorydealswith the questionhow afunction f
from aclassof functions(f,)aca canbefound,thatminimizesthe expectedrisk

RIf] = / / L(y, f(x))dP(y|z)dP(z) 1)

with respecto alossfunction L, whenthe distributionsof theexamplesP (x) andtheir classi-
ficationsP(y|z) areunknonvn andhave to be estimatedrom finitely mary examples(z;, y;);cr-

The SVM algorithmsolvesthis problemby minimizing the regularizedrisk Rreg[f], whichis
the weightedsum of the empiricalrisk Remp f] with respectto the data (z;, ;)i=1..» anda
compleity term||w||?

Rreg|f] = Remplf] + Al[w][*.

In their basicformulation,SVMs find a linear decisionfunctiony = f(z) = signw - = + b)
thatbothminimizesthe predictionerroronthetrainingsetandpromiseshebestgeneralization
performanceGiven the examples(zy, y1), . - ., (zn, y) this is doneby solving the following
optimizationproblem:

U, 6€) = S+ g @
—  min =
subjectto
yi(wlz; +0) < 1-§&,i=1,...,n (3)
& > 0,i=1,....n 4)

The hyperplanevectorw hasarepresentatioin termsof the training examples(z;, v;);c; and
their lagrangiarmultipliers (o)<, thatarecalculatedduringthe optimizationprocess:

w = Za,yzxz
i€l
Exampleswith non-zerolagrangianmultiplier are called SupportVectors.A key propertyof
SupportVectorMachinesis, thattraininga SVM on the SupportVectorsalonegivesthe same
resultastrainingon the completeaxampleset.

TheoptimalconstantC for thelearningproblemat handis usuallydeterminedy somemodel
selectiontechniqueg.g.cross-alidation.

In equation(2), theempiricalrisk of the SVM solutionis measureavith respecto alinearloss
function.It isimportantto noticethatthetheoryof the SupportVectoralgorithmis notrestricted
to the caseof linearlossfunctions,but canbeextendedo broaderclasse®f lossfunctions(e.g.
see[Smolaetal., 1998]).



3 IncrementallLearning with Support Vector Machines

In principle, all working set methods to train SVMs, especially shrinking, (see
[Osunaetal., 1997, [Joachims1999) canbe consideredasincrementalearningalgorithms,
asonly a small part of the examplesis actually usedfor optimizationin eachstep.But this
approacheare not usefulto true incrementalearning,asnoneof the examplesarediscarded
during training andthereforewill have to be reconsideredn eachworking setselectionstep.
Thereforenoimprovementin termsof spaceandtime consumptiorcanbe expectedhere.

3.1 Existing Approaches

Theapproacho incrementalearningwith SVMs presentedn [Syedetal., 19994 is this: For

eachnew batchof dataa SupportVectorMachineis trainedon the newv dataandthe Support
Vectorsfrom the previous learningstep.In the following this approactwill be calledthe SV-

incrementaklgorithm.

The reasoningoehindthis is asfollows: The resultingdecisionfunction of an SVM depends
only on its SupportVectors,i.e. training an SVM on the SupportVectorsaloneresultsin the

samedecisionfunctionastraining on the whole dataset.Becausef this, onecanexpectto get

anincrementalesultthatis equalto the non-incrementatesult,if thelasttrainingsetcontains
all exampleghatareSupportVectorsin thenon-incrementatase.

But how to decidewhetheranexampleswill endup asanSupportVectorin thenon-incremental
casewithoutactuallytrainingonall data?af abatchof datais agoodsamplej.e. if thestatistical
propertiesof that batchand the whole datasetdo not differ very much, one can expectthe
resultingdecisionfunction to be roughly similar to the final decisionfunction. Therefore,a
SupportVectorin thefinal setis likely to bea SupportVectorin previousiterationstoo.

The problemwith this approachs the assumptiorthatthe batchof datawill beanappropriate
sampleof thedata.While thismaybelik ely if thedatais collectedbeforehandndpresentedo
the SVM in randomlydravn batchesthereis no way to tell if thisis the caseif the examples
aregenerateanlineduringthetraining.

Thetheoreticalproblembehindthis is, thatthe SupportVectorsare a sufficient descriptionof
the decisionboundarybetweerthe examples put not of the examplesthemseles.As thereare
typically only very few SupportVectors,their influenceon the decisionfunctionin the next
incrementalearningstepmay bevery smallif the new datais distributeddifferently.

Seefor examplethe 200 examplesin figure 1 andimaginethe datais presentedo the SVM in
two batchessuchthatthefirst batchcontainsall theexampleswith x < 0. TraininganSVM on
thefirst batchof datawill leadto relatively few SupportVectors(18 for C' = 1000). Now train
anSVM with the SupportVectorsof thefirst batchandtherestof theexamplesFigure2 showvs
theresultingdecisionfunction,togethemwith the decisionfunctionlearnedon all data.

It is obviousthat SVM resultslargely ignoresthe old SupportVectorsandalmostcorresponds
to the decisionfunctionthatwould have beenlearnedon the secondbatchof examplesalone.
Usually this is a desiredpropertyof the SVM algorithm, becauset meansthatthe SVM is
robustagainsiutliersin thedata- only in this casethe outliersarethe old SupportvVectorsone
would wish to take into accountor the new decisionfunction.
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Figurel Exampledataset(Plusses= positve examples,crossess negative examples)with
SVM decisionfunction (C=1000).
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Figure2 Secondbatchof dataincludingold SVs (= stars),resultingdecisionfunction and
desiredoverall decisionfunction.
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Figure3 Comparisorof theresultsof the SV-incrementahblgorithmandthe SV-L-incremental
algorithmon theexampleproblem.

3.2 A NewlIncrementalLearning Algorithm

As statedabove, the SV-incrementahblgorithmsuffersfrom the problem,thatthe Supportvec-
torsdo not describeghewhole setof databut only the decisionfunctioninducedby it. To make
up for this problemin the incrementalearningalgorithm,oneneedsto make an error on the
old SupportVectors(which representhe old learningset) more costly thanan erroron a new
example.

Fortunately this caneasilybe accomplishedh the SupportVectoralgorithm.Let (z;, y;)ics be
the old SupportVectorsand(z;, y;):c; bethenen examples Thenreplacedefinition (2) by

W(w,£,€) = S(w"w) +C (Z@- ¥ LZ@-) .

il 1€S

This modificationof the SVM problemcan be viewed astraining the SVM with respecto a
new lossfunction.

A naturalchoicefor L is to let L bethe numberof examplesin the previous batchdivided by
thenumberof SupportVectors.
#examples

#SVs
This comesfrom the ideato approximatethe averageerror of an arbitrary decisionfunction
over all examplesby the averageerror over just the SupportVectors.In otherwords: Every
SupportVectorstandgor a constanfractionof all examples.This algorithmwill becalledthe
SV-L-incrementaklgorithm.

L =

Figure3 shavstheresultof the SV-L-incrementaklgorithmon the exampleproblemof thelast
sectionlt is obviousthatits resultlies muchcloserto the overall resultthanthe SV-incremental
algorithm.
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Figure4 Two examplesetA andB with equalP(y|z) but differentP(z).

3.3 Interpretability of Support Vectors

The resultsso far give interestinginsight into the question,how SupportVectorscan be in-

terpretedlt is oftenargued,thatthe SupportVectorsprovide a sufficient representationf the
examplesfor the given classificationtask, becausdraining an SVM on the SupportVectors
givesthe samedecisionfunction astraining on the whole dataset. But of course,this only

meansthat the SupportVectorsare a sufficient representatiomf the decisionfunctionon the
exampleshottheexamplegshemseles.

Theimportantdifferences, thatin termsof the StatisticalLearningPrincipleasformalizedin
equationl, the SupportVectorsprovide an estimateof P(y|x), but not of P(z). In figure 4,
bothsetA andB have the sameP(y|z), but differentP(z). If the SupportVectorsareusedto
representheentiredataset,like in theincrementalearningalgorithm,this hasto betakeninto
account.

4 Experiments

To compareboth algorithms,someexperimentspoth on artificial dataandon real-world data
setsweremade.A versionof mySVM [Riping,200(d, thatwasmodifiedto handlelossfunc-
tionsdefinedperexample wasused'.

4.1 Artificial Data

To comparethe performanceof the SV-incrementalandthe SV-L-incrementalalgorithm, two
experimentswith artificial datasetsweremade . Theperformancef bothalgorithmswerecom-
paredto that of non-incrementalearningin the settingswith and without conceptchanges.
As the principle practicability of incrementalearningwith SVMs hasalreadybe enshovn in
[Syedetal., 19991, the experimentsherewererestrictedto the caseof incrementalearningin
two steps.

Eachtraining set consistedof three subsetsegachof which had a size of 100 examples(50
positive and50 negative). The first two subsetsvereusedto incrementallytrain the SVM and
thethird subsewasusedasa testsetto determinethe accurag of theresultingclassifiers All

The modifiedversionof mySVM is availablefrom the authoron request



theresultsprintedarethe averagesf 10-fold cross-alidation.

In the casewithout conceptchangesall the positive exampleswere dravn randomlyfrom a
two-dimensionahormaldistribution with center(1, 1) andvariancel. The negative examples
weredravn from asimilarnormaldistributionwith center(—1, —1). Thefollowing tableshows
theaccurag of thetrainingwith differentvaluesof C'.

C | non-inc.| SV-inc. | SV-L-inc.
1le-06| 0.893 0.896 | 0.895
1le-05| 0.916 0.787 | 0.796
1le-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 datawas created.This time the first
training set consistedof positive examplesdravn randomlyfrom a two-dimensionahormal
distributionwith center(1, 1) andnegative examplesnormallydistributedwith center(—1, —1).
The secondraining sethadpositive examplescenteredat (1, —1) andnegative examplescen-
teredat (—1, 1). Thevariancewasl in all casesThetestsetconsistedf 50 variablesirom the
distribution of thefirst training setandanother50 variablesrom the distribution of the second
training set,suchthatthe distribution of the variablesin the testsetandthe distribution in the
union of thefirst andsecondraining setwereidentical. The next tableshavs the accurag of
theresultingclassifierswith differentvaluesof C.

C | non-inc.| SV-inc. | SV-L-inc.
1le-06| 0.835 0.555 | 0.812
1le-05| 0.823 0.636 | 0.749
le-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 seenthe SV-incrementalandthe SV-L-incrementalalgorithmperformcomparable
in the absenceof a conceptchange whereasn the settingwith conceptchangeghe SV-L-
incrementabklgorithmperformsbetterthanthe original S\V-incrementaklgorithm.

4.2 Real-World Data

4.2.1 Data Set To checkthe performanceon real-world datasets,several datasetsfrom
the UCI Repositoryof MachinelearningDatabasefMurphy andAha, 1994 wereused Before
the training, nominalvariableshave beenbinarizedandthe attributeshave beenscaledto ex-
pectang 0 andvariancel. All resultshave beenobtainedby 10-fold cross-@lidation,i.e. or
eachtestset,a classifierhasbeentrainedincrementallyon the 9 otherbatchesf dataandthe
performancef thefinal classifieron thetestsethasbeenrecorded.

For eachdataset,theoptimalkernelfunctionhasbeendeterminedor thenon-incrementatase
by 10-fold cross-alidationon the completedataset.In all experimentsthevalueC = 1 has
beenused.Thefollowing tableshavs thesedatasetsandthe kernelfunctionthatwereusedin
theexperiments.

Name | Dim. | Examples| Kernel
australian 38 690 RBF, v = 0.0005
diabetes 8 768 RBF, v = 0.01
german 24 1000 RBF v = 0.0005
heart 20 270 RBF v = 0.0005
ionosphere 34 351 RBF, v = 0.1
liver-disorders| 6 345 RBF v=0.1
monks-1 15 556 RBF v=0.1
monks-2 15 601 RBEy=1
monks-3 15 554 RBF, v = 0.001
mushrooms | 112 | 8124 linear
promotorgene| 228 | 106 linear

sonar 60 208 RBE v =0.01

4.2.2 Comparisonof the SV-incrementaland SV-L-incr emental Algorithm  Thefollow-
ing table compareghe Accurag of the classifiertrainedon all available data(non-inc.),the
SV-incrementahlgorithmandthe SV-L-incrementaklgorithm.



Dataset | non-inc.| SV-inc. | SV-L-inc.

australian 8521 85.50 | 85.50
diabetes 7094 70.80 | 70.42
german 7490 75.80 | 76.70
heart 7703 75.92 | 79.62
ionosphere 9402 94.02 | 94.88
liver-disorders | 6961 69.92 | 71.05
monks1 10000 | 10000 | 100.00
monks2 8503 85.03 | 85.03
monks3 96.38 96.38 | 96.38
mushroom 10000 | 10000 | 100.00
promotergenes| 9363 93.63 | 93.63
sonar 8559 85.59 | 86.07

4.2.3 ChoiceofL Insection3.2,theconstant. in the SV-L-incrementaklgorithmhasbeen
heuristicallydeterminedas
#examples

#SVs
To checkthe influencethatthis valuehason the learningresults,someothertestswere made
wherehalf, doubleandfive timesthis valuewasused.The next tableshaws, thatin mostcases
thevalue

L=

I #examples
#SVs
shavs evenbetterresults.

Dataset | Lx05| L | Lx2 | Lx5

australian 74.63| 8550| 86.66| 85.36
diabetes 66.64| 7042 | 70.55| 69.64
german 73.70| 7670| 77.50| 76.40
heart 55.55| 7962 | 83.33| 84.07
ionosphere 9459 | 9488| 95.45| 94.87
liver-disorders | 68.74| 7105| 70.78| 69.93
monks1 100.00| 10000 | 10000 | 100.00
monks2 65.72| 8503| 85.03| 85.03
monks3 62.46| 9638| 96.38| 96.38
mushroom 100.00| 10000 | 10000 | 100.00
promotergenes| 93.63| 9363 | 93.63| 93.63
sonar 83.16| 8607 | 85.07| 88.88

4.2.4 Experiments with Pseudo-ConcepDrift Sofar, in all experimentsin this section,
theexampleswveredistributedto thebatchegsandomly Thisis quitefortunatefor anincremental
algorithm,asthe chanceof a pseudo-concedrift occurringin thedatais small. Now we want
to seewhathappensif the examplesaredistributedinto the batchesn anorderedway.

To do that, the exampleshave beensortedwith respectto their first attribute value andwere
presentedo theincrementahklgorithmin thatorder As aresultof thelastexperimentthevalue
of L hasbeendoubled.
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Dataset | non-inc.| SV-inc. | SV-L-inc.

australian 8521 85.65 | 86.37
diabetes 7094 71.09 | 70.69
german 7490 75.89 | 77.89
heart 7703 69.25 | 83.33
ionosphere 9402 94.58 | 95.15
liverdisorders | 6961 70.48 | 70.75
monks1 10000 | 10000 | 100.00
monks2 8503 84.02 | 84.02
monks3 96.38 96.38 | 96.38
mushroom 10000 | 10000 | 100.00
promotergenes| 9363 93.45| 90.72
sonar 8559 80.85 | 84.21

5 Summary and Futur e Work

In this paperanew algorithmfor incrementalearningwith SupportvVectorMachineswaspre-
sentedThe methodwasespeciallydesignedo dealwith problemsthatarisewhenthetraining
data containschangingconceptseither real onesor onesthat are artifacts arising from the
specificorderof the examples.It was experimentallyshavn that the performanceof the new
algorithmis comparabléo anexisting approachn thecaseof learningwithoutconcepthanges
andperformssignificantlybetterin the caseof changingconceptsn thetrainingdata.

An interestingquestionfor future work is to find out, if the trick of individually assigninga
weight to the examplescanalso be appliedto the problemof learningin situationswith real
concepdrift. Insteadof increasingheweightsfor old SupportVectors,onecouldalsodecrease
theweightof the old examplesto make the SVM moresensitve to changesn never examples.

It alsoremaingo beinvestigatedywhetherthis algorithmalsoworksfor regressiorSVMs.
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