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Abstract. In this paperwe proposeandstudyanew on-linealgorithmfor learn-
ing a SVM basedon RadialBasisFunctionKernel:Local Incrementalearning
of SVM or LISVM. Our methodexploits the “locality” of RBF kernelsto up-

datecurrentmachineby only consideringa subsetof supportcandidatesn the

neighbourhooaf the input. The determinatiorof this subsetis conditionedby

the computationof the variation of the error estimate Implementatioris based
onthe SMO one,introducedanddevelopedby Platt[13]. We studythe behaiour

of the algorithmduring learningwhen using different generalizatiorerror esti-

mates.Experimenton threedatasets(batchproblemstransformednto on-line

ones)have beenconductedcandanalyzed.

1 Introduction

Theemegenceof smartportablesystemsandthedaily growth of databasesntheWeb
hasrevivedthe old problemof incrementakndon-linelearning.Meanwhile,advances
in statisticallearninghave placedSupportVectorMachines(SVM) asoneof the most
powerful family of learnerg(see[6, 16]). Their specificitylies on threecharacteristics:
SVM maximizesasoftmaigin criterion,themajorparametersf SVM (supportvectors)
aretakenfrom thetrainingsampleandnonlinear SVM arebasecdn the useof kernels
to dealwith high dimensionafeaturespacewithout directly working in it.

However, few works tacklethe issueof incrementalearningof SVM. Oneof the
mainreasonsies onthenatureof theoptimizationproblemposedoy SVM learning Al-
thoughthereexist somevery recentworksthatproposewvaysto updateSVM eachtime
new dataareavailable[4, 11,15], they generallyimply to re-learnthe whole machine.

Thework presentedherestartsfrom anothemotivation: sincethe principalparam-
etersof SVM arethetraining pointsthemseles,andasfar asa local kernelsuchasa
gaussiarkernelis used,it is possibleto focuslearningonly on a neighbourhooaf the
new dataand updatethe weightsof concernedraining data.In this paper we briefly
presenthe key ideaof SVM andthenintroduceincrementalearningproblem.State
of the art is shortly presentedand discussedThen, we presentthe local incremental
algorithmor LISVM anddiscussthe modelselectionmethodto determinethe size of
the neighbourhoodo be usedat eachstep.Numericalsimulationson IDA benchmark
dataset$14] arepresentedndanalyzed.



2 Support Vector Machines

GivenatrainingsetS = {(x;, y;) }¢_,, supportvectorlearning[6] triesto find ahyper

planewith minimal norm that separateshe datamappednto a featue space? via a

nonlineamap® : R" — ¥, wheren denoteshedimensiorof vectorsx;. To construct
sucha hyperplanepnemustsolve the following quadratigproblem(3]:
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with kernelfunction k& definedask(x,x') = &(x) - #(x'). Solutionof this problem
providesw = Ele a,;y:9(x;), arealvalueb with the help of optimality conditions
andthedecisionrule: f(x) = sgn(w - #(x) + b).

Themostefficientpracticalalgorithmgo achieve theresolutionof thelatterproblem
implementa stratgyy of iterative subsetselection[9, 12,13] whereonly the pointsin
thosesubsetsnay seetheir correspondindagrangemultiplier changeThis procesof
optimizing the global quadraticproblemonly on a subsebf the whole setof variables
is a key point of our algorihtmsincewe usesuchan optimizationschemeon subsets
definedasneighbourhoodsf new incomingdata.

3 Incremental Learning and SVM

In incrementalearning thetrainingdatasets notfully availableatthebeginningof the
learningprocesssin batchlearning.Datacanarrive atary time andthehypothesisas
to beupdatedf necessaryo captureheclassconceptln thefollowing, we supposéhat
dataaredrawn from afixed but unknawn distribution. We view this taskasa first step
towardslearningdrifting conceptse.g.learningto classifydatathataredravn from a
distribution thatchangeovertime.

More formally, the problemconsiderecheremay be statedasfollows. Let H bea
hypothesisfamily (suchasthe gaussairkernel-based®&VM family). Let F' be a fixed
but unknown distribution over (x,y) pairs,x € X andy € {—1,1}. We supposehat
attime ¢, atraining patternis randomlysampledrom F'. Let usdefineS; the current
obseredsampleattimet. Thegoalof incrementabn-linelearningis to find andupdate
an hypothesish! € H usingavailable examplesin orderto minimize generalization
error.

The Kernel-Adatroralgorithm[8] is a very fastapproacho approximatehe solu-
tion of the supportvectorlearningand canbe seenasa component-wis®ptimization
algorithm.It hasbeensuccesfullytestedcby theirauthordo dynamicallyadapthekernel
parameter®f the machine doingmodelselectionin the learningstage Nevertheless,
the only dravbackof this work is thatit shouldnot be straightforvardto extendthis
work to dealwith drifting concepts.

Another approachproposedn [15], consistsin learningnew databy discarding
all pastexamplesexceptsupportvectors.The proposedramenork thusrelieson the



propertythatsupportvectorssummarizevell thedataandhasbeentestedagainssome
standardearningmachinedatasets$o evaluatesomegoodnesgriteriasuchasstability,
improvemen&ndrecoverability.

Finally, a very recentwork [4] proposesa way to incrementallysolve the global
optimizationproblemin orderto find the exactsolution.Its reversibleaspectllows to
do“decremental’'unlearningandto efficiently computdeave-one-ouestimations.

4 Local Incremental Learning of a Support Vector Machine

We first considerSVM asa voting machinethat combineghe outputsof experts,each
of whichis associateavith asupportvectorin theinputspaceWhenusingRBF kernel
or ary kernelthatis baseduponthe notionof neighbourhoodtheinfluenceof a support
vectorconcernonly alimited areawith a high degree.Then,in the frameawork of on-
line learning,whenanew exampleis availableit shouldnotbenecessarjo re-consider
all the currentexpertsbut only thosewhich are concerneddy the localizationof the
input.In someextent,theproposedlgorithmis linkedwith work of BottouandVapnik
[1] aboutlocallearningalgorithm.

4.1 Algorithm

We sketch the updating procedureto build A¢ from A*~! when the incoming data
(xt,y¢) is to be learned,S;_1 beingthe set of instancedearnedso far, and S; =
Se—1 U {(x¢, y)}:

. Initialize lagrangianmultiplier s to zeo

My ft=1(x:) > 1 (pointis well classifiedthenterminate(take h*~! asnew hypothesig:?)

. Build aworkingsubsebdf size2 with z; andits neaestexamplein inputspace

. Learn a candidatehypothesisg by optimizingthe quadiatic problemon examplesin the

workingsubset

5. If thegenealizationerror estimatiorof g is above a giventhresholdd, increasetheworking
subseby addingthenext closestpointto z; notyetin thecurrentsubsetindreturnto step4

6. hlissettog
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We stopconstructinggrowing neighbourhoodgseeFig. 1) aroundthe new dataas
soonasthe generalizatiorerror estimationfalls undera giventhresholds. A compro-
miseis thusperformedbetweercompleity in time andthe valueof the generalization
errorestimateaswe consideithatthis estimatas minimalwhenall dataarere-learned.
Thekey point of our algorithmthuslies on finding the size of the neighbourhoode.g.
thenumberK of neighbourgo be consideredandthuson finding a well suitedgener
alizationerrorestimatewhatwe will focusonin the next section.

To increasecomputationabpeedandimplementour ideaof locality, we only con-
sider asshavn in Fig. 1, asmallbandaroundthedecisionsurfacein which pointsmay
beinsterestingo re-considerThis bandis defineduponareale: pointsof classy; for
whichy, f(x;) < 1 andpointsof class—y; for whichy; f(x;) < 1 + ¢ arein theband.
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Fig. 1. Left threeneighbourhoodsroundthe new dataandthe interestingsmall bandof points
aroundthedecisionsurfaceparameterizetly . Right new decisionsurfaceandexampleof point
whosestatuschanged

4.2 Model Selection and the Neighbourhood Deter minaton

The local algorithmrequiresto choosethe valueof K or the neighbourhoodize.We
have several choicesto do that. A first simple solutionis to fix K a priori beforethe
beginningof thelearningprocessHoweverthebestK attimet is obviously notthebest
oneattimet + t'. Soit maybedifficult to choosea single K suitablefor all points.A
secondmoreinterestingsolutionis thereforeto determindt automaticallythroughthe
minimizationof a costcriterion. Theideais to apply someprocesof modelselection
uponthedifferenthypothesisht thatcanbe built.

The way we chooseto selectmodelsconsistsin comparingthemaccordingto an
estimateof their generalizatiorerror. Oneway to do thatis to evaluatethe estimation
erroron atestsetandthuskeepingK asthe onefor which Er.; is theleast.In real
problemsijt is howevernotrealisticto be providedwith atestsetduringtheincremental
learningprocessSothissolutioncannotbeconsidereégsagoodanswerto ourproblem.

Elsavhere,thereexist someanalyticalexpressionof Leave-One-Outestimatesof
SVMs generalizatiorerrorsuchasthoserecalledin [5]. However, in orderto usethese
estimatespnehasto ensurethatthe margin optimizationproblemhasbeensolved ex-
actly. Thesameholdsfor Joachimsta—estimatorg10, 11]. Thisrestrictionpreventsus
from usingtheseestimatesswe only do a partiallocal optimization.

To circumvent the problem,we proposeto usethe boundon generalizatiorpro-
vided by aresultof CristianiniandShave-Taylor[7] for thresholdedinearreal-valued
functions.While the boundit givesis large, it allows to “qualitatively” comparethe
behaioursof functionsof the samefamily. Thetheoremstatesasfollows:

Theorem 1. Considetthresholdingeal-valuedinear functionsC with unitweightvec-
tors on an inner productspaceX andfixy € IR™. Theris a constantc, sud that for
anyprobability distribution D on X x {—1, 1} with supportin a ball of radiusR around
theorigin, with probability 1 — 5 over £ randomexamplesS, anyhypothesisf € £ has
error no more than

e=errp(f) <B= ¢ <R2 -;2”5”2

2 1
7 log” £ + log 77) 3

whee & = £(v,h,S) = (&,&,...,&) is the mamgin sladk vectorwith respecto f
and~ definedas¢; = max(0,v — y; f(x;)).



We noticethatoncethe kernelparametew is fixed, this theorem directly applied
in thefeaturespace?, definedby thekernelk,,, providesanestimateof generalization
error for the machineswe work on. This estimateis expressedn termsof a marmgin
value~, thenormof the slackmaigin vectorg andtheradiusof the ball containingthe
data.

In orderto usethis theorem,we considerthe featurespaceof dimensiond(K)
definedby theGaussiarkernelwith afixedvaluefor o. In thisspacewe considerC with
unitweightvectors At stept, differentfunctionshl, canbelearntwith k = 1, ..., Kppax.
For eachk, we getafunction f{ by normalizingtheweightvectorof kf. f} belongsto
£ andwhenthresholdegrovidesthe sameoutputsthanhl, does Thetheoremcanthen
beappliedto f = fi anddataof S;. It ensureshat:

GSB(C(’Y,[:),Rf,gf,’Y,t). (4)

Hence for eachk = 1...K ., We canusethisboundasatesterrorestimate.
However, asRy is theradiusof theball containingtheexamplesn thefeaturespace
[17], it only depend®nthechoserkernelandnotonk. Onthecontrary &, definedas:
&, = maz(0,v — yi ff.(x:)) is theuniquequantitywhich differsamongfunctions f.
Slackvector¢t arethussufiicientto comparefy, functions,justifying our choiceto use
it asamodelselectiorcriterion.Looking atthebound we canseethatavalueof v must
bechosenin orderto dothat,we take atime-varyingvaluedefinedas~y; = 1/||w;_1]|.

5 Experimental Results

Experimentsvereconductedn threedifferentbinary classificatiorproblems:Banana
[14], Ringnorm[2] and Diabetes Datasetare availableat wwwfirst.gmd.de/aetsdy/.

For eachproblem,we testedLISVM for differentvaluesof the thresholdd. The main
pointswe wantto assesaretheclassificatioraccurag our algorithmis ableto achieve,

theappropriatenessf theproposedriterionto selecthe“best” neighbourhoodndthe
relevanceof thelocal approach.

We simulatedon-lineincrementalearningby providing the classifierwith oneex-
ampleat a time, taken from a given training set. After eachpresentationthe current
hypothesids updatedand evaluatedon a validationsetof sizetwo thirds the size of
thecorrespondingestingset.Only the“besttest” algorithmusesheremainingthird of
this latter setto performneighbourhoodelection. An otherincrementalearningpro-
cesscalled“rebatch”is alsoevaluatedit consistdn realizinga classicalSVM learning
procedureoverthewholedatasetvhenanew instancds available.Experimentsarerun
on 10 samplesn orderto computemeansandstandardieviations.Quantitiesof inter-
estareplottedon Fig. 2 andFig. 3. Table1 reportsthe resultsat the endof thetraining
process.

We led experimentsfor the samerangeof § valuesin orderto shav thatit is not
difficult to fix a thresholdthat implies correctgeneralizatiorperformanceHowever,
we mustbe awarethaté reflectsour expectationof the error performedby the current
hypothesisHence smallerthresholds shouldbe preferredwhenthe dataareassumed
to be easilyseparabl€e.g. Ringnorn) while biggervaluesshouldbe fixed whendata
aresupposedo be harderto discriminate.This remarkcanbe confirmedby the obser
vationof BananaandDiabetesresults.While the chosernvaluesof § leadto equivalent
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Fig. 2. Evolution of themachineparameteror the Bananaproblemduringon-linelearningwith

apotentialband(seeFig. 1) definedby e = 0.5

Table 1. ResultsonthethreedatasetsThe potentialbandused(seeFig. 1) is definedby e = 0.5.
ClassicalSVM parameterarein thetop-left cell of eachtable

BananaC = 100, o = 1] validationerror| Nb of Svs w? I€(1, h, S)|*/L
Batch/Rebatch 0.107 £0.004 | 91.24+9.8 | 877+ 166 | 0.281 £ 0.036
Besttest 0.112 £0.013 | 52.7 £ 21.5 | 732 +232 |0.801 + 0.809
LISVM § = 0.001 0.113 + 0.008 | 84.1 + 18.8 | 1220 4+ 291 | 0.328 £+ 0.073
LISVM § = 0.01 0.113 £ 0.005 | 89.9 +£9.4 | 1270 £ 244 | 0.309 + 0.049
LISVM § = 0.1 0.111 £0.006 | 92.1 £7.9 | 1110 £ 220 | 0.305 £ 0.04
RingnormC = 1e9, o = 10| validationerror | Nb of Svs w? €1, R, S)|I?/€
Batch/Rebatch 0.0263 4 0.004 | 80.4 +8.5 | 3290 £+ 701 | 4.5e-6 + 4.5e-6
LISVM § = 0.001 0.0272 +0.006 | 80.4 + 8.5 | 3560 £ 809 | 0.007 £ 0.002
LISVM § = 0.01 0.0324 £ 0.008 | 65.9+4 | 2180 £ 559 | 0.046 +0.012
LISVM § = 0.1 0.0628 +0.013 | 49.7 + 5.8 | 1140 £ 500 | 0.155 £ 0.035
DiabeteC' = 10, o = 20| validationerror| Nb of Svs w? IE(L, A, S)|?/£
Batch/Rebatch 0.228 £0.022 | 2754+ 7.1 | 382+ 30.2 | 0.694 £+ 0.017
LISVM § = 0.001 0.226 £0.023 | 197 £ 27.9 | 362 = 70.2 | 0.646 £ 0.025
LISVM § = 0.01 0.229 +£0.021 | 227+ 36 | 3824+ 71.8| 0.652 + 0.031
LISVM § = 0.1 0.223 £0.023 | 226 £+ 39.2 | 386 + 66.4 | 0.652 £ 0.028
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Fig. 3. Evolution of validationerrorfor Ringnorm(left) andDiabeteg(right)

(or bigger) compleity thanthe batchalgorithmfor equivalentvalidationerror, other
experimentswith § = 0.5 shav thatLISVM obtainsa lower complexity (55 SVsand
||lw]||> = 677 for Banana 179 SVsand||w||?> = 927 for Diabete$ but with a degraded
performanceon the validationset(ratesof 0.16 and0.24respectiely). For Ringnorm

this obsenationcanalsobe madein the choserrangeof values[0.001;0.01; 0.1]. Re-
laxing thevalueof § leadsto alower complexity atthecostof ahighervalidationerror.

Theseexperimentonfirmthattherelevantrangeof § correpondso abalanceébetween
alow validationerroranda smallnumberof neighboursieededo reachthethresholdat

eachstep.CPUtime measureprovide meango directly evaluatesd for which the local

approactsoundsattractve. In the Ringnormtaskfor instanceCPUtime s of 12.3 sfor

alarge neighbourhoodé = 0.001) while it is reducedo 4.0 sand1.9 s for respectie

smalleréd valuesof 0.01 and0.1 andlower complexity.

Several curvesreflectingthe behaviour of the algorithm during time were dravn
for the Bananaproblem.Samecurveswere measuredor the other problemsbut are
omitted for sale of space.The validation errorscurves shav the corvergenceof the
algorithm.This behaviour is confirmedon the Fig. 2(c) whereall theincrementahlgo-
rithms exhibit a stabilizingvaluefor ||¢||?/¢. For LISVM and“rebatch”algorithm,the
numberof supportvectordinearly increasevith thenumberof new obsenedinstances.
This is not anissue,consideringhatthe squarechorm of the weightvectorincreases
very muchslower, suggestinghatif the numberof traininginstancesadbeenbigger,
a stabilizationshouldhave beenobsened. At last, let us considerthe behaiour of the
“besttest” algorithmto LISVM on the Bananaproblem.This algorithmperformsthe
SVM selectionby choosinghe sizeof the neighbourhoodhatminimizesthetesterror
andthusis very demandingn termsof CPUtime. Neverthelessit is remarkableo no-
tice thatit reacheshe samevalidationperformancevith twice lesssupportvectorsand
arestrictedhormof theweightvector illustratingthe relevanceof thelocal approach.

6 Conclusion

In this paper we proposea new incrementallearning algorithm designedfor RBF
kernel-base@&VM. It exploits thelocality of RBF by re-learningonly weightsof train-
ing datathatlie in theneighbourhooaf thenew data.Our schemeof modelselectioris



basednacriterionderivedfrom aboundanerrorgeneralizatiorirom [7] andallowsto
determinearelevantneighbourhoodizeat eachlearningstep.Experimentatesultson
threedatasetsshaw very promisingresultsandopenthe doorto realapplicationsThe
reductionin termsof CPU time provided by the local approachshouldbe especially

im

portantin caseof availability of numeroudraininginstances.
Next furtherworks concerntestson large scaleincrementalearningtaskslik e text

categorization.The possibility of the § parameteto be adaptve will alsobe studied.
Moreover, LISVM will be extendedto the context of drifting conceptdy the useof a
temporalwindow.
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