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Abstract

SupportVectorMachines(SVMs) have become
a popular learning algorithm, in particular for
large, high-dimensionalclassificationproblems.
SVMs have beenshown to give most accurate
classificationresultsin a varietyof applications.
Several methodshave beenproposedto obtain
not only a classification,but alsoan estimateof
the SVMs confidencein the correctnessof the
predictedlabel. In this paper, severalalgorithms
are comparedwhich scale the SVM decision
function to obtainanestimateof theconditional
classprobability. A new simpleandfastmethod
is derivedfrom theoreticalargumentsandempir-
ically comparedto theexistingapproaches.

1 Intr oduction

Support Vector Machines(SVMs) have becomea pop-
ular learning algorithm, in particular for large, high-
dimensionalclassificationproblems. SVMs have been
shown to givemostaccurateclassificationresultsin avari-
etyof applications.Severalmethodshavebeenproposedto
obtainnot only a classification,but alsoanestimateof the
SVMs confidencein thecorrectnessof thepredictedlabel.

Usually, the performanceof a classifieris measuredin
terms of accuracy or some other performancemeasure
basedon the comparisonof the classifiersprediction

�� of
thetrueclass� . But in somecases,this doesnot give suf-
ficient information. For examplein credit card fraud de-
tection,onehasusuallymuchmorenegative thanpositive
examples,suchthattheoptimalclassifiermaybeto thede-
fault negative classifier. But then,still onewould like to
find out which transactionsaremostprobablyfraudulent,
evenif this probabilityis small. In othersituationse.g. in-
formationretrieval, onecouldbemoreinterestedin a rank-
ing of theexampleswith respectto their interestingnessin-
steadof asimpleyes/no-decision.Third, onemaybeinter-
estedto integratea classifierinto a biggersystem,for ex-
amplea multi-classifierlearner. To combineandcompare
theSVM prognosiswith thatof otherlearners,onewould
like a comparable,well-definedconfidenceestimate.The
bestmethodto achieveaconfidenceestimatethatallowsto
ranktheexamplesandgiveswell-defined,interpretableval-
ues,is to estimatetheconditionalclassprobability ��� ��� �	� .
Obviously, this is a morecomplex problemthanfinding a
classification
��
� ����������������� , as it is possibleto get a
classificationfunctionby comparing

���� ��� �	� to thethresh-
old ���  , but not viceversa.

For numerical classifiers,i. e. classifiersof the type
��
� �	�"!$#&%('*) �(+,� �	�
� with a numericaldecisionfunction + ,
oneusually tries to estimationthe conditionalclassprob-
ability from the decisionfunction

���� ��� �	�-! ���� ��� +,� ���.� .
Thisreducestheprobabilityestimationfromamulti-variate
to a one-dimensionalproblem, where one has to find a
scaling function / such that

����10 !2�*� �	�3! /4�5+,� ���.� .
The idea behind this approachis that the classification
��
� �	� of examplesthat lie closeto the decisionboundary�&�,� +,� �	�6! � � can easilychangewhen the examplesare
randomlyperturbedby a small amount.This is very hard
for exampleswith very high or very low +,� �	� (this argu-
ment requiressomesort of continuity or differentiability
constraintson the function + ). Hence,theprobability that
theclassifieris correctshouldbehigherfor largerabsolute
valuesof + . As wasnotedby Platt [10], this alsomeans
there is a strongprior for selectinga monotonicscaling
function / .

Therestof thepaperis organizedasfollows: In thenext
section,we will shortly presentthe SupportVector Ma-
chineandKernelLogisticRegressionalgorithm,asfarasit
is necessaryfor this paper. In Section3, existing methods
for probabilisticscalingof SVM outputswill bediscussed
anda new, simplescalingmethodwill be presented.The
effectivenessof this methodwill be empirically evaluated
in Section4.

2 Algorithms
2.1 Support Vector Machines
SupportVectorMachinesareaclassificationmethodbased
on StatisticalLearningTheory[12]. The goal is to find a
function +,� ���7!98;:��7<;= thatminimizestheexpectedRisk>�? +A@ !CBDBFE � �	� +,� ���.�HG ��� ��� �	�.G ��� �	�
of the learnerby minimizing the regularizedrisk

>
reg
? +A@ ,

which is the weightedsumof the empirical risk with re-
spectto thedata � �	I.�
��I5�.IKJMLONPNPN Q andacomplexity term �K� 8R�S� T>

reg
? +A@ ! �U �K� 8R�S� T <WV�X I �Y�Z�[��I +,� �AI\��� ] (1)

where � ^�� ]_!a`�bdc � ^e� � � � Thisoptimizationproblemcan
beefficiently solvedin its dualformulation� �U QXI1f g
JhLji I i g � I � g � I :k� g < QX IKJhLhi Ihl `�mSn (2)
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2.2 The Kernel Trick
The inner product �	I,:��eg in Equation2 canbe replaced
by a kernel function wW� �AI
�.�jgx� which correspondsto an
innerproductin somespace,calledfeaturespace.That is,
thereexistsa mapping y tAz l|{ suchthat wW� �r�
�A}~��!y�� ���k: y�� �A}�� . This allows the constructionof non-linear
classifiersby anessentiallylinearalgorithm.

Theresultingdecisionfunctionis givenby+,� �	��! 8�: y�� ���h<�=! QX ISJhL � I i I w�� � I �
�	�r<�= �
The actualSVM classificationis given by #�%('�) �5+,� �	�.� . It
canbe shown that the SVM solutiondependsonly on its
supportvectorsSV = ��� I � i I��! � � . See[12; 2] for a more
detailedintroductionon SVMs.

2.3 Kernel Logistic Regression
KernelLogisticRegression[13;5; 14;11] is thekernelized
version of the well-known logistic regressiontechnique.
Theoptimizationproblemis similarto theSVM problemin
Equation1 exceptthatanexponentiallossfunctionis used
insteadof theL1 loss:�U �S� 8v�K� T <�V�X I ' � �Z��I � 8�:k�	I���=��.� l `�mSn
where ' � ^���! �1� ' � �k<W�&���

As for the SVM, the problemcanbe solved in its dual
formulation[6]:�U X I1f g�i I i g w�� � I �.� g �r<�V�X I ' � ^ I � l `�mSn �

In contrastto the SVM, KernelLogistic Regressiondi-
rectlymodelstheconditionalclassprobability, i. e. ���10 !�*� �	� canbeestimatedvia��� ��� ����! ��k<W���	�x�S�r�.�����(� �

The drawback of KLR is that typically all i I are
nonzero,asall examplesplay a role in estimatingthecon-
ditionalclassprobability, whereasin theSVM only asmall
numberof supportvectorsareneededto classifytheexam-
ples. Hence,KLR is computationallymuchmoreexpen-
sive thantheSVM.

3 Probabilistic Scalingof Support Vector
Machines

OnecaneasilyseethattheSVM decisionfunction +,� �	��!83: y�� �	�,<3= givesthefeaturespacedistanceof thetrans-
formedexample y�� ��� to thehyperplanedefinedby � 8���=�� .
Assumingthat ���10 !���� ��� is continuousin � , it seems
reasonablethat exampleslying closer to the hyperplane
havea largerprobabilityof beingmisclassifiedthanexam-
pleslying far away (theclosertheexampleis to thehyper-
plane,thesmallerchangeshaveto beto produceadifferent
classification).Hence,it seemsuitableto modelthecondi-
tionalclassprobability ��� ��� ��� asafunctionof thevalueof
the SVM decisionfunction, i. e.

����10 !���� ����! /4�5+,� ���.�
with anappropriatescalingfunction / .

Thereareseveralad-hocscalingfunctions,e.g. thesoft-
maxscaler / softmax�5� ��! ��k<_��� T
� �
which monotonouslymaps the decision functions value� ! +,� ��� to the interval

? � �&� @ . The scalerassumesthat
for thedecisionfunction is of the type #&%('*) �5� � andhence
for � ! � theclassifiersclassdecisionis smallestsuchthat� is mappedto the conditionalclassprobability �j�P . This
allowsto view / softmax�5� � asaprobability. However, this
mappingis not very well founded,asthescaledvaluesare
not justifiedfrom thedata.

To justify the interpretation
����50 !D�*� �	��! /4�(+,� �	�
� , it

is betterto usedatato calibratethescaling.Onecanusea
subsetof thedatawhich hasnot beenusedfor training(or
useacross-validation-likeapproach)andoptimizethescal-
ing function / to minimizetheerrorbetweenthepredicted
classprobability /4�5+,� ���.� andtheempiricalclassprobabil-
ity definedby theclassvalues� in thenew data.Thereare
two error measureswhich areusuallyused,cross-entropy
andmeansquarederror. Cross-entropy is definedbyV >�� !�X I ��I �1� ' �1� I1�r< � �Z�[��I\� �5� ' � �Z� � I5�
(where � I ! /4�5+,� � I �.� ), which is theKullback-Leiblerdis-
tancebetweenthepredictedandtheempiricalclassproba-
bility. For comparisonof differentdatasetsit is betterto di-
videthecross-entropy by thenumberof examplesandwork
with themeancross-entropy mCRE.Themeansquareder-
ror is definedby� � � ! �) X I � � I �¢¡ I � T �
It is anappropriateerrormeasurebecausefor abinaryran-
domvariable0 �[� � ���£� , theexpectedvalueof �10 �¤¡	� T is
minimizedby ¡¥! ���10 !¦�x� . Hence,thetaskof estimat-
ing the conditionalclassprobabilitybecomesa regression
task.Theopenquestionis, whattypesof scalingfunctions
shouldbefitted to thedata.

Motivatedby anempiricalanalysis,Platt [10] usesscal-
ing functionsof theform/A§ f � �5� �4! ��k<_��� § � ] �
with ¨¥© � to obtaina monotonicallyincreasingfunction.
The parameters̈ and = arefound by minimizationof the
cross-entropy errorovera testset � �AI
�.��I5� with � Ih! +,� �	I(� .
For anefficient implementation,see[8].

Garczarek[4] proposesa methodwhich scalesclassifi-
cationvaluesby /4�1� �7!aª � L« Lqf ¬�L ª « LOf ¬eL �1� �
where ª « f ¬ is the Betadistribution function with param-
eters i and ­ . The parametersi ��� ­ ��� i U and ­ U arese-
lectedsuchthatovera testset � � I �
� I �

1. theaveragevalueof /4�(+,� ���.� for eachclassis identical
to theclassificationperformanceof theclassifier+ in
this classand

2. themeansquareerror � �v� /4�(+,� �	�
�.�.T is minimized.

Originally, the algorithmis designedfor multiclassprob-
lemsandcomputesan individual scalerfor eachpredicted
class. For binary problems,it is betterto modify this ap-
proachsuchthatonly onescaleris generated.This avoids
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Figure1: One-dimensionalcomparisonof SVM andKLR
predictions. Negatives examplesare drawn from N(0,1)
(dotsaty=-1),positiveexamplesfrom N(2,1)(dotsaty=1).
Both methodsfind the classborderat x=1, but the SVM
predictionis essentiallyconstantfor y outside[-1,1]. KLR
correctlyestimateshigherconfidencesfor pointsnearerto
classcenters.

discontinuitiesin
����50 ! ��� ��� whenthepredictionchanges

from oneclassto theother.
Binning hasalsobeenappliedto this problem[3]. The

decisionvaluesare discretizedinto several bins and one
canestimatethetheconditionalclassprobabilityby count-
ing the classdistribution in the single bins. Other, more
complicatedapproachesalso exists, seee. g. [7] or [12],
Ch. 11.11.

3.1 Theoretical Limitations
BartlettandTewari [1] show thatthereis atradeoff between
sparsenessof a classifierandtheability to estimatecondi-
tional probabilities.Their resultsays,in short,that if one
is ableto estimate���10 !®�*� �	� on someinterval, sparse-
nessis lost in that region. Hence,the questionarisesin
how far the decisionfunction of the SVM, which gener-
ally producessparseclassifiers,canapproximatethe true
conditionaldensityor theestimateof thenon-sparseKLR,
respectively.

Theproblemcanbeseenin Equation1. To obtainamax-
imally accurateclassifier, theSVM contains�Y���v��I +,� �AI\��� ]
in its objective function, i. e. the classifieris punishedif� I +,� � I �6¯°� (it becomesa supportvector). In this case,
this forcesan orderingon the values ��I +,� �AI\� where the
valueis the higher, the moresimilar theexampleis to the
restof the examplesin its classin featurespace.Conse-
quently, anestimationof ��� ��IO� �	I(� canbeconstructedfrom��I +,� �AI\� . Whentheexampleis classifiedcorrectlywith suf-
ficientmargin, i. e. ��I +,� �AI\�²±³� , thisexamplegeneratesno
lossandhencenospecificorderis enforcedontheseexam-
ples.For theSVM, all theexamplesontheright sideof the
margin have the sameprobability ��� ��� �	� . This behavior
canbeseenin Figure1.

Whatcanbesaidaboutthesupportvectors?In thepre-
vious sectionwe alreadysaw that minimizing the mean
squarederrorbetweentheestimationfunction /4�5+,� �	�.� and� givesa properestimateof ��� ��� �	� , as for a fixed � the
MSE is minimized for /4�5+,� ���.�´! ���10 !µ��� ��� . How-
ever, the error criterion in the SVM is the absoluteer-
ror, not the squarederror, and one can show that for a
fixed � the absoluteerror is minimized at /4�5+,� �	�.��!¶�
if f ���10 !·��� ����± �j�P and /4�(+,� ���.��! � otherwise.What

comesto therescueis that +,� �	� is not determinedfor each� independently, but for all � together. Hence,if not over-
fitting occurs,at leasta valueof +,� �	�¤! � is an indicator
of ���10 !µ��� ���-! �j�P and it seemsplausiblethat +,� �	�
containssomeusefulinformationabout��� ��� �	� .
3.2 A SimpleEstimation Method
Fromthepreviousdiscussionwe know thatdecisionfunc-
tion valuewith � +,� �	�&�e±³� areunreliablefor estimatingthe
conditionalclassprobability. Valueswith � +,� �	��� u � di-
rectly optimize the orderof the exampleswith respectto��� ��� �	� . Hence,thequestionarisesif it is possibleto esti-
mate���50 ! ��� ��� by thefollowing trivial procedure

/j¸ L �(+,� �	�
�7!º¹» ¼ ¡A] if f +,� �	�Z±³�LT � �k< +,� ���.� if f +,� �	�Z� ? �����&� @¡ � if f +,� �	�²¯C���
where¡ ] is thefractionof positive exampleswith +,� ���Z±� and ¡ � is thefractionof positive exampleswith +,� �	��¯��� . For +,� �	�v� ? ������� @ , the SVM function is simply lin-
early scaledto

? � �&� @ . Similarly, one can define /�½r½ by
clipping +,� �	� at ¡ � and¡A] insteadof � and � .

The advantageof this methodcomparedto the existing
approachesis that it requiresalmostwork when training
or applyingtheclassifier, exceptcountingtheprobabilities¡A] and ¡ � andstill givesreasonable,empirically founded
probabilityestimates.

4 Experiments
The experimentswereconductedon 11 datasets,includ-
ing 7 datasetsfrom theUCI Repository[9] (covtype,dia-
betes,digits, digits, ionosphere,liver, mushroom,promot-
ers)and4 otherreal-world datasets:abusinesscycleanal-
ysisproblem(business),ananalysisof a directmailing ap-
plication (directmailing),a dataset from a life insurance
company (insurance)andintensivecarepatientmonitoring
data(medicine).Prior to learning,nominalattributeswere
binarisedandtheattributeswerescaledto expectancy 0 and
variance1. Multi-class-problemswereconvertedto two-
classproblemsby arbitrarily selectingtwo of the classes
(covtype and digits) or combiningsmallerclassesinto a
singleclass(business,medicine).For thecovtypedataset,
a �x¾ samplewasdrawn. Thefollowing tablesumsup the
descriptionof thedatasets:

Name Size Dimension
covtype 4951 48
diabetes 768 8
digits 776 64
ionosphere 351 34
liver 345 6
mushroom 8124 126
promoters 106 228
business 157 13
directmailing 5626 81
insurance 10000 135
medicine 6610 18

Experimentsweremadewith SupportVectorMachines
andKernelLogistic Regressionwith bothlinearandradial
basiskernel. The parametersof the algorithmswere se-
lectedin a prior stepto optimizeaccuracy. The following
algorithmswerecomparedin theexperiments:

KLR: KernelLogisticRegression,usedasthebaseline.



SVM-Platt: SVM usingPlatt’s scaling.

SVM-Beta: SVM usingGarczarek’sbetascaling.

SVM-Beta-2: SVM usingbinarybetascaling.

SVM-Bin: SVM andbinning.

SVM-Softmax: SVM andsoftmaxscaling.

SVM-01: SVM andoutput +,� ��� clippedbetween0 and1.

SVM-PP: SVM andoutput +,� ��� clippedbetween���10 !��� +,� �	�²¯C����� and ���10 !$��� +,� �	�²±C��� .
All reportedresultswere10-fold cross-validated. For the
linearSVM andKLR, thefollowing resultswereobtained:

Method MSE mCRE
KLR 0.1000 0.0332
SVM-Platt 0.0912 0.0291
SVM-Beta 0.5966 ¿
SVM-Beta-2 0.0915 0.0301
SVM-Bin (10 bins) 0.1201 0.0384
SVM-Bin (50 bins) 0.1301 0.0415
SVM-Softmax 0.0975 0.0343
SVM-01 0.0970 0.0317
SVM-PP 0.0933 0.0296

With respectto the meansquarederror, we get the fol-
lowing ranking: SVM-Platt ¯ SVM-Beta-2 ¯ SVM-PP¯ SVM-01 ¯ SVM-Softmax ¯ KLR ¯ SVM-Bin-10 ¯
SVM-Bin-50 ¯�¯ SVM-Beta. Sorting by mean cross-
entropy, SVM-Beta-2andSVM-PPchangeplaces,aswell
asSVM-SoftmaxandBin-10.

TheRBF kernelgavethefollowing results:

Method MSE mCRE
KLR 0.0748 0.0242
SVM-Platt 0.0770 0.0250
SVM-Beta 0.6009 ¿
SVM-Beta-2 0.0819 0.0278
SVM-Bin (10 bins) 0.0939 0.0305
SVM-Bin (50 bins) 0.1106 0.0356
SVM-Softmax 0.0946 0.0327
SVM-01 0.0916 0.0307
SVM-PP 0.0904 0.0289

Thisgivesthefollowingrankingfor MSE:KLR ¯ SVM-
Platt ¯ SVM-Beta-2 ¯ SVM-PP ¯ SVM-01 ¯ SVM-Bin-
10 ¯ SVM-Softmax ¯ SVM-Bin-50 ¯�¯ SVM-Beta.

A closeinspectionrevealsthat theseresultsdo not give
the full picture,asthe error measuresreachvery different
valuesfor theindividualdatasets.E. g. , theMSEfor Ker-
nel Logistic Regressionwith radialbasiskernelrunsfrom� � �	À (mushroom)to �j� �&Áj� (liver). To allow for a better
comparison,the methodswere ranked accordingto their
performancefor eachdataset. The following tablegives
theaveragerankof eachof themethodsfor the linearker-
nel:

avg. rankfrom
Method MSE mCRE
KLR 3.18 3.09
SVM-Platt 3.18 3.45
SVM-Beta 9.00 9.00
SVM-Beta-2 3.27 3.45
SVM-Bin (10 bins) 5.18 5.55
SVM-Bin (50 bins) 6.55 6.45
SVM-Softmax 5.18 5.36
SVM-01 4.91 5.09
SVM-PP 3.45 3.55

Thecorrespondingtablefor theradialbasiskernel:

avg. rankfrom
Method MSE mCRE
KLR 1.82 1.55
SVM-Platt 2.82 2.64
SVM-Beta 9.00 9.00
SVM-Beta-2 4.27 4.27
SVM-Bin (10 bins) 4.82 4.36
SVM-Bin (50 bins) 6.73 6.73
SVM-Softmax 5.73 5.91
SVM-01 5.36 5.64
SVM-PP 3.64 4.73

To validatethesignificanceof theresults,a pairedt-test
( i ! ��� �* ) wasrunoverthecross-validationruns.Thefol-
lowing tableshowsthecomparisonof thecross-entropy for
the linearkernelof thebestfive of thescalingalgorithms.
Eachrow of thetableshows how oftenthehypothesisthat
theestimationin thatrow is betterthantheestimationin the
correspondingcolumnwasrejected.E. g. , the6 in thelast
row andfirst columnshows that the hypothesisthat soft-
max scalingis betterthanKLR was rejectedfor 6 of the
datasets. The contraryhypothesiswasrejectedon 2 data
sets(first row, lastcolumn).

KLR Platt Beta2 PP Bin10 Soft
KLR 0 2 2 2 2 2
Platt 4 0 0 1 1 0
Beta2 4 3 0 2 1 0
PP 6 4 3 0 2 0
Bin10 7 6 6 5 0 3
Soft 6 8 8 6 4 0

Thesearetheresultsfor cross-entropy andtheradialba-
siskernel:

KLR Platt Beta2 PP Bin10 Soft
KLR 0 0 0 0 0 0
Platt 6 0 0 1 0 0
Beta2 7 6 0 4 1 0
PP 7 5 4 0 2 0
Bin10 8 3 3 3 0 2
Soft 9 9 7 9 6 0

Thecorrespondingtablesfor MSEshow similar results.
Summingup,we seethatÂ KernelLogisticRegressiongivethebestestimationof

theconditionalclassprobability(with someoutliersin
thelinearcase).Â The bestscalingfor the SVM is obtainedby Platt’s
methodandbinaryBetaScaling.Â The trivial PP-scalingperforms comparableto the
muchmorecomplicatedtechniques.Â MulticlassBetascalinggivesby far theworst results
(which wasexpectedfrom thenon-continuicityof its
methodof scalingeachpredictedclasson its own).

5 Summary
Theexperimentsin this papershowedthata trivial method
of estimatingtheconditionalclassprobability ��� ��� ��� from
the output of a SVM classifierperformscomparablyto
muchmorecomplicatedestimationtechniques.
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