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Abstract

We considerthe taskof tuning hyperparametersin SVM modelsbasedon min-
imizing a smoothperformancevalidationfunction, e.g.,smoothedk-fold cross-
validationerror, usingnon-linearoptimizationtechniques.Thekey computation
in this approachis that of the gradientof the validationfunction with respectto
hyperparameters.We show thatfor large-scaleproblemsinvolving a wide choice
of kernel-basedmodelsandvalidationfunctions,thiscomputationcanbeveryef-
�ciently done;oftenwithin just a fractionof the training time. Empirical results
show thatanear-optimalsetof hyperparameterscanbeidenti�ed by ourapproach
with very few trainingroundsandgradientcomputations.

.

1 Intr oduction

ConsiderthegeneralSVM classi�er modelin which, givenn trainingexamplesf (x i ; yi )gn
i =1 , the

primalproblemconsistsof solvingthefollowing problem:

min
(w ;b)

1
2

kwk2 + C
nX

i =1

l (oi ; yi ) (1)

wherel denotesalossfunctionover labelsyi 2 f +1 ; � 1g andtheoutputsoi onthetrainingset.The
machine'soutputo for any examplex is givenaso = w � � (x) � b =

P n
j =1 � j yj k(x; x i ) � bwhere

the � i arethedualvariables,b is the thresholdparameterand,asusual,computationsinvolving �
arehandledusingthekernelfunction: k(x; z) = � (x) � � (z). For example,theGaussiankernelis
givenby

k(x; z) = exp(� 
 kx � zk2) (2)
TheregularizationparameterC andkernelparameterssuchas
 comprisethevectorh of hyperpa-
rametersin themodel. h is usuallychosenby optimizinga validationmeasure(suchasthek-fold
crossvalidationerror) on a grid of values(e.g. a uniform grid in the (log C; log 
 ) space).Such
a grid searchis usuallyexpensive. Particularly, whenn is large, this searchis so time-consuming
thatoneusuallyresortsto eitherdefaulthyperparametervaluesor crudesearchstrategies.Theprob-
lem becomesmoreacutewhentherearemorethantwo hyperparameters.For example,for feature
weighting/selectionpurposesonemaywish to usethefollowing ARD-Gaussiankernel:

k(x; z) = exp(�
X

t


 t kx t � zt k2) (3)

where
 t = weightonthet th feature.In suchcases,agrid basedsearchis ruledout. In Figure1 (see
section5) we show contourplotsof performanceof anSVM on thelogC � log 
 planefor a real-
world binaryclassi�cationproblem.Theseplotsshow thatlearningperformancebehaves“nicely” as



a functionof hyperparameters.Intuitively, asC and
 arevariedoneexpectstheSVM to smoothly
transitionfrom providing under�tting solutionsto over�tting solutions.Giventhatthisphenomenon
seemsto occurroutinelyon real-world learningtasks,averyappealingandprincipledalternative to
grid searchis to consideradifferentiableversionof theperformancevalidationfunctionandinvoke
non-lineargradient-basedoptimizationtechniquesfor adaptinghyperparameters.Suchanapproach
requiresthecomputationof thegradientof thevalidationfunctionwith respectto h.

Chapelleetal. (2002)giveanumberof possibilitiesfor suchanapproach.Oneof theirmostpromis-
ing methodsis to usea differentiableversionof theleave-one-out(LOO) error. A majordisadvan-
tageof this methodis that it requiresthe expensive computationandstorageof the inverseof a
kernelsub-matrixcorrespondingto the supportvectors. It is worth noting that,even if, on some
largescaleproblems,thesupportvectorsetis of a manageablesizeat theoptimalhyperparameters,
the correspondingsetcanbe large whenthe hyperparametervector is away from the optimal; on
many problems,sucha far-off region in the hyperparameterspaceis usually traversedduring the
adaptationprocess!

Wehighlight thecontributionsof thispaper.
(1) We considerdifferentiableversionsof validation-set-basedobjective functionsfor modelselec-
tion (suchask-fold error)andgive anef�cient methodfor computingthegradientof this function
with respectto h. Our methoddoesnot requirethe computationof the inverseof a large kernel
sub-matrix. Instead,it only needsa single linear systemof equationsto be solved, which canbe
doneeitherby decompositionor conjugate-gradienttechniques.In essence,thecostof computing
thegradientwith respectto h is aboutthesame,andusuallymuchlesserthanthecostof solving(1)
for agivenh.
(2) Ourmethodis applicableto awiderangeof validationobjective functionsandSVM modelsthat
may involve many hyperparameters.For example,a varietyof lossfunctionscanbeusedtogether
with multiclassclassi�cation,regression,structuredoutputor semi-supervisedSVM algorithms.
(3) Large-scaleempirical resultsshow that with BFGSoptimization,just trying about10-20hy-
perparameterpoints leadsto the determinationof optimal hyperparameters.Moreover, even as
comparedto a �ne grid search,the gradientprocedureprovidesa morepreciseplacementof hy-
perparametersleadingto bettergeneralizationperformance.Thebene�t in termsof ef�ciency over
thegrid approachis evidentevenwith just two hyperparameters.Wealsoshow theusefulnessof our
methodfor tuningmorethantwo hyperparameterswhenoptimizingvalidationfunctionssuchasthe
F measureandweightederrorrate.This is particularlyusefulfor imbalancedproblems.

This paperis organizedasfollows: In section2, we discussthe generalclassof SVM modelsto
which our methodcanbeapplied.In section3, we describeour framework andprovide thedetails
of thegradientcomputationfor generalvalidationfunctions.In section4,wediscusshow to develop
differentiableversionsof several commonperformancevalidationfunctions. Empirical resultsare
presentedin section5. Weconcludethispaperin section6. Dueto spacelimitations,severaldetails
have beenomittedbut canbefoundin thetechnicalreport(Keerthietal. (2006)).

2 SVM Classi�cation Models

In thissection,wediscusstheassumptionsrequiredfor ourmethodto beapplicable.ConsiderSVM
classi�cation modelsof the form in (1). We assumethat the kernel functionk is a continuously
differentiablefunction of h. ThreecommonlyusedSVM loss functionsare: (1) hinge loss; (2)
squaredhingeloss;and(3) squaredloss. In eachof thesecases,thesolutionof (1) is obtainedby
computingthe vector � that solvesa dual problem. The solutionusually leadsto a linear system
relating� andb:

P
�

�
b

�
= q (4)

whereP andq are,in general,functionsof h. We make thefollowing assumption:Locally around
h (at which we are interestedin calculating the gradientof the validation function to be de�ned
soon)P andq are continuouslydifferentiablefunctionsof h. We write down P andq for thehinge
lossfunctionanddiscussthevalidity of theabove assumption.Detailsfor otherlossfunctionsare
similar.



Hinge loss. l (oi ; yi ) = maxf 0; 1 � yi oi g. After the solutionof (1), the training set indicesget
partitionedinto threesets:I 0 = f i : � i = 0g, I c = f i : � i = Cg andI u = f i : 0 < � i < Cg. Let
� 0, � c, � u , yc, yu , ec, eu , 
 uc , 
 uu etcbeappropriatelyde�ned vectorsandmatrices.Then(4) is
givenby

� 0 = 0; � c = Cec;
�


 uu � yu

� yT
u 0

� �
� u
b

�
=

�
eu � 
 uc � c

yT
c � c

�
(5)

If the partitionsI 0, I c and I u do not changelocally arounda given h then assumption2 holds.
Generically, thishappensfor almostall h.

The modi�ed Huber loss function can also be used,thoughthe derivation of (4) for it is more
complex than for the threeloss functionsmentionedabove. Recently, weightedhinge loss with
asymmetricmargins(Grandvaletetal., 2005)hasbeenexploredfor treatingimbalancedproblems.

WeightedHinge loss. l (oi ; yi ) = Ci maxf 0; m i � yi oi g. whereCi = C+ , mi = m+ if yi = 1
andCi = C� , mi = m� if yi = � 1. BecauseC+ andC� arepresent,thehyperparameterC in (1)
canbeomitted.TheSVM modelwith weightedhingelosshasfour extrahyperparameters,C+ , C� ,
m+ andm� , apartfrom thekernelhyperparameters.Ourmethodsin thispaperallow thepossibility
of ef�ciently tuningall theseparameterstogetherwith kernelparameters.

The methoddescribedin this paperis not specialto classi�cation modelsonly. It extendsto a
wideclassof kernelmethodsfor whichtheoptimalityconditionsfor minimizingatrainingobjective
function canbe expressedasa linear system(4) in a continuouslydifferentiablemanner1. These
includemany modelsfor multiclassclassi�cation,regression,structuredoutputandsemi-supervised
learning(seeKeerthietal. (2006)).

3 The gradient of a validation function

Supposethatfor thepurposeof hyperparametertuning,we aregivena validationschemeinvolving
a smallnumberof (trainingset,validationset)partitions,suchas: (1) usinga singlevalidationset,
(2) k-fold crossvalidation,or (3) averagingover k randomlychosen(training set,validationset)
partitions.Our methodappliesto any of thesethreeschemes.To keepnotationssimple,we explain
theideasonly for scheme(1) andexpandontheotherschemestowardstheendof thissection.Note
thatthroughoutthehyperparameteroptimizationprocess,thetraining-validationsplitsare�x ed.

Let f ~x l ; ~yl g~n
l =1 denotethevalidationset.Let ~K l i = k(~x l ; x i ) involving akernelcalculationbetween

anelementof a validationsetwith anelementof the trainingset. Theoutputon the l th validation
exampleis ~ol =

P
i � i yi ~K l i � bwhich, for convenience,wewill rewrite as

~ol =  T
l � (6)

where� is a vectorcontaining� andb, and l is a vectorcontainingyi ~K l i , i = 1; : : : ; n and� 1 as
thelastelement(correspondingto b). Let ussupposethatthemodelselectionproblemis formulated
asanon-linearoptimizationproblem:

h? = argmin
h

f (~o1; : : : ; ~o~n ) (7)

wheref is adifferentiablevalidationfunctionof theoutputs~ol which implicitly dependonh. In the
next section,wewill outlinetheconstructionof suchfunctionsfor criterialikeerrorrate,F measure
etc. We now discussthe computationof r h f . Let � denotea genericparameterin h andlet us
representpartial derivative of somequantity, sayv, with respectto � as _v. Beforewriting down
expressionsfor _f , let usdiscusshow to get _� . Differentiating(4) with respectto � gives

P _� + _P� = _q ) _� = P � 1( _q � _P� ) (8)

Now let uswrite down _f .

_f =
~nX

l =1

(@f =@~ol ) _~ol (9)

1Infact,themainideaseasilyextendwhentheoptimalityconditionsform anon-linearsystemin (� ; b) (e.g.,
in KernelLogisticRegression).



where_~ol is obtainedby differentiating(6):

_~ol =  T
l

_� + _ T
l � (10)

Thecomputationof _� in (8) is themostexpensive step,mainly becauseit requiresP � 1. Notethat,
for hingeloss,P � 1 canbecomputedin a somewhatcheaperway: only a matrix of thedimension
of I u needsto be inverted. Even then, in large scaleproblemsthe dimensionof the matrix to be
invertedcanbecomeso large that even storing it may be a problem;even when large storageis
possible,the inversecanbe very expensive. Most times,the effective rank of P is muchsmaller
thanits dimension.Thus,insteadof computingP � 1 in (8), wecaninsteadsolve

P _� = ( _q � _P� ) (11)

for _� approximatelyusingdecompositionmethodsor iterativemethodssuchasconjugate-gradients.
This canimprove ef�ciency aswell astake careof memoryissuesby storingP only partially and
computingtheremainingpartsof P asandwhenneeded.Sincetheright-hand-sidevector( _q� _P� )
in (11) changesfor eachdifferent� with respectto which we aredifferentiating,we needto solve
(11) for eachelementof h. If thenumberof elementsof h is notsmall(say, wewantto use(3) with
theMNIST datasetwhich hasmorethan700 features)then,evenwith (11), thecomputationscan
still remainveryexpensive.

We now give a simpletrick that shows that if the gradientcalculationsarere-organized,thenob-
taining thesolutionof just a singlelinear systemsuf�ces for computingthe full gradientof f with
respectto all elementsof h. Let usdenotethecoef�cient of _~ol in theexpressionfor _f in (9) by � l ,
i.e.,

� l = @f =@~ol (12)

Using(10)andpluggingtheexpressionfor _� from (8) into (9) gives

_f =
X

l

� l _~ol =
X

l

� l ( T
l P � 1( _q � _P� ) + _ T

l � ) = dT ( _q � _P� ) + (
X

l

� l
_ l )T � (13)

whered is thesolutionof
PT d = (

X

l

� l  l ) (14)

Thebeautyof thereorganizationin (13) is thatd is thesamefor all variables� in h aboutwhich the
differentiationis beingdone.Thus(14) needsto besolvedonly once.In concurrentwork (Seeger,
2006)hasusedasimilar ideafor kernellogistic regression.

As a word of caution,note that P may not be symmetric. See,e.g., the P arising from (5) for
the hinge loss case. Also, the partscorrespondingto zero componentsshouldbe omitted from
calculationsandthe specialstructureof P shouldbe utilized,e.g.,for hingelosswhencomputing
_P� the partsof _P correspondingto � 0 (see(5)) canbe ignored. The linear systemin the above

equationcanbeef�ciently solvedusingconjugategradienttechniques.

Thesequenceof stepsfor thecomputationof the full gradientof f with respectto h is asfollows.
First compute� l from (12). For variouschoicesof validationfunction,we outlinethis computation
in the next section. Thensolve (14) for d. Then,for each� use(13) to get all the derivativesof
f . The computationof _P� hasto be performedfor eachhyperparameterseparately. In problems
with many hyperparameters,this is themostexpensive partof thegradientcomputation.Notethat
in somecases,e.g.,� = C, _P� is immediatelyobtained.For � = 
 or 
 t , whenusing(2,3), one
cancachepairwisedistancecomputationswhile computingthekernelmatrix. We have found(see
section5) thatthecostof computingthegradientof f with respectto h to beusuallymuchlessthan
thecostof solving(1) andthenobtainingf .

We canalsoemploy the above ideasin a validationschemewhereoneusesk training-validation
splits (e.gin k-fold cross-validation). In this case,for eachpartitiononeobtainsthe linearsystem
(4), correspondingvalidation outputs(6) and the linear systemin (14). The gradientis simply
computedby summingover thek partitions,i.e., _f =

P k
j =1

_f (k ) where _f (k ) is givenby (13) using
thequantitiesP; q; d etcassociatedwith thek th partition.

The modelselectionproblem(7) may now be solved using,e.g.,Quasi-Newton methodssuchas
BFGSwhich only requirefunction valueandgradientat a hyperparametersetting. In particular,



reachingthe minimizer of f too closely is not important. In our implementationswe terminate
optimizationiterationswhenthefollowing looseterminationcriterionis met: jf (hk+1 ) � f (hk )j �
10� 3jf (hk )j, wherehk+1 andhk areconsecutive iteratesin theoptimizationprocess.

A generalconcernwith descentmethodsis the presenceof local minima. In section5, we make
someencouragingempiricalobservationsin this regard,e.g.,local minimaproblemsdid not occur
for theC; 
 tuningtask;for severalothertasks,startingpointsthatwork surprisinglywell couldbe
easilyobtained.

4 Smoothvalidation functions

We considervalidation functionsthat aregeneralfunctionsof the confusionmatrix, of the form
f (tp; f p) wheretp is thenumberof truepositivesandf p is thenumberof falsepositives.Let u(z)
denotetheunit stepfunctionwhich is 0 whenz < 0 and1 otherwise.Denote~u l = u(~yl ~ol ), which
evaluatesto 1 if the l th exampleis correctlyclassi�ed and0 otherwise. Then, tp and f p canbe
written astp =

P
l : ~y l =+1 ~ul , f p =

P
l : ~y l = � 1(1 � ~ul ). Let ~n+ and~n� bethenumberof validation

examplesin thepositiveandnegativeclasses.Themostcommonlyusedvalidationfunctionis error
rate.

Err or rate (er) is simply thepercentageof incorrectpredictions,i.e.,er = (~n+ � tp + f p)=~n.

For classi�cationproblemswith imbalancedclassesit is usualto considereitherweightederror rate
or a functionof precisionandrecall suchastheF measure.

WeightedErr or rate (wer) is givenby wer = (~n+ � tp + � f p)=(~n+ + � ~n� ), where� is theratio
of thecostof misclassi�cationsof thenegative classto thatof thepositiveclass.

F measure (F ) is theharmonicmeanof precisionandrecall: F = 2tp=(~n+ + tp + f p)

Alternatively, onemaywant to maximizeprecisionundera recallconstraint,or maximizethearea
undertheROC Curveor maximizetheprecision-recall breakevenpoint. SeeKeerthiet al. (2006)
for adiscussiononhow to treatthesecases.

It is commonpracticeto evaluatemeasureslike precision,recall andF measurewhile varying the
thresholdon the real-valuedclassi�er output, i.e., at any given threshold� 0, tp and f p can be
rede�nedin termsof thefollowing,

~ul = u (~yl (~ol � � 0)) (15)

For imbalancedproblemsonemaywish to maximizea scoresuchastheF measureover all values
of � 0. In suchcases,it is appropriateto incorporate� 0 asanadditionalhyperparameterthatneeds
to be tuned. Suchbias-shiftingis particularly also useful as a compensationmechanismfor the
mismatchbetweentraining objective function andvalidationfunction; often oneusesan SVM as
theunderlyingclassi�er eventhoughit is not explicitly trainedto minimizethevalidationfunction
thatthepractitionertruly caresabout.In section5, wemake someempiricalobservationsrelatedto
thispoint.

Thevalidationfunctionsdiscussedabovearebasedondiscretecounts.In orderto usegradient-based
methodssmoothfunctionsof h areneeded.To developsmoothversionsof validationfunctions,we
de�ne ~sl , which is asigmoidalapproximationto ~ul (15)of thefollowing form:

~sl = 1=[1 + exp(� � 1 ~yl (~ol � � 0)) ] (16)

where� 1 > 0 is a sigmoidalscalefactor. In general, � 0; � 1 maybefunctionsof thevalidationout-
puts.(As discussedabove,onemayalternatively wish to treat� 0 asanadditionalhyperparameter.)
Thescalefactor� 1 in�uenceshow closely~sl approximatesthestepfunction ~ul andhencecontrols
the degreeof smoothnessin building the sigmoidalapproximation.As the hyperparameterspace
is probed,themagnitudeof theoutputscanvary quitea bit. � 1 takesthescaleof theoutputsinto
account.Below wediscussvariousmethodsto set� 0; � 1.

We build a differentiableversionof sucha function by simply replacing~ul by ~sl . Thus,we have
f = f (~s1 : : : ~s~n ). Thevalueof � l (12) is givenby:

� l =
@f
@~sl

@~sl

@~ol
+

 
X

r

@f
@~sr

@~sr

@� 0

!
@� 0

@~ol
+

 
X

r

@f
@~sr

@~sr

@� 1

!
@� 1

@~ol
(17)
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Figure1: Performancecontoursfor IJCNNwith 2000trainingpoints.Thesequenceof pointsgen-
eratedby Gradareshown by � (bestis in red).Thepoint chosenby Grid is shown by � in red.

wherethe partial derivatives of ~sl with respectto ~ol ; � 0; � 1 canbe easilyderived from (16) and
(@f =@~sl ) = (@f =@tp)(@tp=@~sl ) + (@f =@f p)(@f p=@~sl ).

We now discussthreemethodsto computethe sigmoidalparameters� 0; � 1. For eachof these
methodsthe partial derivativesof � 0; � 1 with respectto ~ol canbe obtained(Keerthiet al. (2006))
andusedfor computing(17).

Dir ect Method. Here, we simply set, � 0 = 0, � 1 = t=� , where� denotesstandarddeviation
of the outputsf ~ol g andt is a constantwhich is heuristicallyset to some�x ed value in order to
well-approximatethestepfunction. In our implementationweuset = 10.

Hyperparameter BiasMethod. Here,we treat� 0 asahyperparameterandset� 1 asabove.

Minimization Method. In this method,we obtain � 0; � 1 by performingsigmoidal�tting based
on unconstrainedminimizationof somesmoothcriterion N , i.e., (� 0; � 1) = argminR 2 N . A
naturalchoiceof N is basedonPlatt'smethod(Platt(1999))where~sl is interpretedastheposterior
probability that the classof l th validationexampleis ~yl , andwe take N to be the Negative-Log-
Likelihood: N = Nnl l = �

P
l log(~sl ). Sigmoidal�tting basedon Nnl l hasalsobeenpreviously

proposedin Chapelleetal. (2002).Theprobabilisticerror rate: per =
P

l (1 � ~sl )=~n andf = Nnl l
aresuitablevalidationfunctionswhichgowell with thechoiceN = Nnl l .

5 Empirical Results

Wedemonstratetheeffectivenessof ourmethodonseveralbinaryclassi�cationproblems.TheSVM
modelwith hingelosswasused.SVM trainingwasdoneusingtheSMO algorithm.Five fold cross
validationwasusedto form thevalidationfunctions.Fourdatasetswereused:Adult, IJCNN, Vehicle
andSplice. The �rst threeweretaken from http://www.csie.ntu.edu.tw/˜cjlin/libsvmtools/datasets/
andSplicewastakenfrom http://ida.�r st.fraunhofer.de/˜raetsch/. Thenumberof examples/features
in thesedatasetsare: Adult: 32561/123;IJCNN: 141691/22;Vehicle: 98528/100;and Splice:
3175/60. For eachdataset,training setsof different sizeswere chosenin a class-wisestrati�ed
fashion;theremainingexamplesformedthetestset.

The Gaussiankernel(2) andthe ARD-Gaussiankernel(3) wereused. For (C; 
 ) tuning with the
GaussianKernel,wealsotried thepopularGrid overa15� 15grid of values. For C; 
 tuningwith
thegradientmethod,thestartingpointC = 
 = 1 wasused.

Comparison of validation functions. Figure 1 shows the contoursof the smoothedvalidation
error rateandthe actualtesterror ratefor the IJCNN datasetwith 2000training exampleson the
(log C; log 
 ) plane.Grid andGrad respectively denotethegrid andthegradientmethodsapplied
to the(C; 
 ) tuningtask.Weusedf = er smoothedwith thedirectmethodfor Grad. It canbeseen
thatthecontoursarequitesimilar. Wealsogeneratedcorrespondingcontours(omitted)for f = per
andf = Nnl l (seeendof section4) andfoundthat thevalidationer with thedirectmethodbetter
representsthetesterrorrate.Figure1 alsoshowsthatthegradientmethodveryquickly plungesinto
thehigh-performanceregion in the(C; 
 ) space.

Comparison of Grid and Grad methods. For varioustrainingsetsizesof IJCNN, in Table1, we
comparethespeedandgeneralizationperformanceof Grid andGrad, ClearlyGrad is muchmore



ef�cient thanGrid. Thegoodspeedimprovementis seenevenat small trainingsetsizes.Although
theef�ciency of Grid canbeimprovedin certainways(say, by performinga crudesearchfollowed
by a re�ned search,by avoiding unnecessaryexplorationof dif�cult regions in the hyperparame-
ter spaceetc) Grad determinesthe optimal hyperparametersmoreprecisely. Table2 compares
Grid andGrad on Adult andVehicledatasetsfor varioustrainingsizes.Thoughthegeneralization
performanceof thetwo methodsareclose,Grid is muchslower.

Table1: Comparisonof Grid, Grad & Grad-ARDon IJCNN& Splice. nf= numberof hyperparam-
etervectorstried. (For Grid, nf= 225.)cpu= cputime in minutes.erate=% testerrorrate.

Grid Grad Grad-ARD
n trg cpu erate nf cpu erate nf cpu erate

IJCNN
2000 10.03 2.95 11 4.58 2.87 28 5.63 2.65
4000 38.77 2.42 12 11.40 2.42 13 8.40 2.14
8000 218.92 1.76 14 68.58 1.77 17 38.58 1.50

16000 1130.37 1.24 12 127.03 1.26 20 154.03 1.08
32000 5331.15 0.91 9 382.20 0.91 7 269.16 0.82

Splice
2000 11.42 9.19 13 7.57 8.17 37 35.04 3.49

Table2: Comparisonof Grad & Grid methodson Adult & Vehicle. De�nitions of nf, cpu& erate
areasin Table1. For Vehicleandntrg =16000,Grid wasdiscontinuedafter5 daysof computation.

Adult Vehicle
Grad Grid Grad Grid

n trg nf cpu erate cpu erate nf cpu erate cpu erate
2000 9 3.62 16.21 8.66 16.14 7 2.50 13.58 15.25 13.84
4000 16 15.98 15.64 37.53 15.95 5 8.60 13.29 135.28 13.30
8000 10 52.17 15.69 306.25 15.59 9 83.10 12.84 1458.12 12.82

16000 6 256.40 15.40 3667.90 15.37 6 360.88 12.58 – –

Feature Weighting Experiments. To studytheeffectivenessof our gradient-basedapproachwhen
many hyperparametersarepresent,we usethe ARD-Gaussiankernel in (3) and tuneC together
with all the 
 t 's. As before,we usedf = er smoothedwith the direct method. The solutionfor
Gaussiankernelwasseededasthestartingpoint for theoptimization.Resultsarereportedin Table
1 as Grad-ARDwherecpu denotesthe extra time for this optimization. We seethat Grad-ARD
achievessigni�cant improvementsin generalizationperformanceover Grad without increasingthe
computationalcostby mucheventhougha largenumberof hyperparametersarebeingtuned.

Maximizing F-measure by thr esholdadjustment. In section4 we mentionedaboutthe possi-
ble valueof thresholdadjustmentwhenthe validation/testfunction of interestis a quantitythat is
differentfrom error rate. We now illustratethis by taking theAdult dataset,with F measure. The
sizeof the trainingsetis 2000. Gaussiankernel(2) wasused.We implementedtwo methods:(1)
we set� 0 = 0 andtunedonly C and
 ; (2) we tunedthe threehyperparametersC, 
 and� 0. We
ranthemethodson tendifferentrandomtrainingset/testsetsplits. Without � 0, themean(standard
deviation) of F measurevalueson 5-fold crossvalidationandon thetestsetwere:0.6385(0.0062)
and0.6363(0.0081). With � 0, the correspondingvaluesimproved: 0.6635(0.0095)and0.6641
(0.0044).Clearly, theuseof � 0 yieldsaverysigni�cant improvementon theF-measure.Theability
to easilyincludethethresholdasanextrahyperparameteris averyusefuladvantagefor ourmethod.

Optimizing weighted error rate in imbalanced problems. In imbalancedproblemswherethe
proportionof examplesin the positive classis small, one usually minimizesweightederror rate
wer (seesection4) with a small value of � . One can think of four possiblemethodsin which,
apartfrom thekernelparameter
 andthreshold� 0 (we usedtheHyperparameterbiasmethodfor
smoothening),we include other parametersby consideringsub-casesof the weightedhinge loss
model(seesection2) – (1) UsualSVM:Setm+ = m� = 1, C+ = C, C� = C andtuneC. (2)
Setm+ = m� = 1, C+ = C, C� = � C andtuneC. (3) Setm+ = m� = 1 andtuneC+ and
C� treatingthemasindependentparameters.(4) Usethefull WeightedHinge lossmodelandtune



C+ , C� , m+ andm� . To comparetheperformanceof thesemethodswe took theIJCNNdataset,
randomlychoosing2000trainingexamplesandkeepingtheremainingexamplesasthetestset.Ten
suchrandomsplits weretried. We take � = 0:01. The top half of Table3 reportsweightederror
ratesassociatedwith validationandtest.Theweightedhingelossmodelperformsbest.

Table3: Mean(standarddeviation)of weighted(� = 0:01) errorratevalueson theIJCNNdataset.

C+ = C, C� = C C+ = C, C� = � C C+ , C� tuned Full WeightedHinge
With � 0

Validation 0.0571(0.0183) 0.0419(0.0060) 0.0490(0.0104) 0.0357(0.0063)
Test 0.0638(0.0160) 0.0549(0.0098) 0.0571(0.0136) 0.0461(0.0078)

Without � 0

Validation 0.1953(0.0557) 0.1051(0.0164) 0.1008(0.0607) 0.0364(0.0061)
Test 0.1861(0.0540) 0.0897(0.0154) 0.0969(0.0502) 0.0469(0.0076)

Thepresenceof thethresholdparameter� 0 is importantfor the�rst threemethods.Thebottomhalf
of Table3 givestheperformancestatisticsof themethodswhenthresholdis not tuned.Interestingly,
for the weightedhingelossmethod,tuning of thresholdhaslittle effect. Grandvalet et al. (2005)
alsomake theobservationthatthismethodappropriatelysetsthethresholdon its own.

Cost Break-up. In thegradient-basedsolutionprocess,eachstepof theoptimizationrequiresthe
evaluationof f andr h f . In doingthis, therearethreestepsthat take up thebulk of thecomputa-
tional cost: (1) trainingusingtheSMO algorithm;(2) thesolutionof thelinearsystemin (14); and
(3) theremainingcomputationsassociatedwith thegradient,of whichthecomputationof _P� in (13)
is themajorpart. We studiedthe relative break-upof thecostsfor the IJCNNdataset(trainingset
sizesrangingfrom 2000to 32000),for solutionby Grad andGrad-ARDmethods.On anaverage,
thecostof solutionby SMO forms85 to 95%of the total computationaltime. Thus,thegradient
computationis very cheap.We alsofoundthat the _P� costof Grad-ARDdoesn't becomelarge in
spiteof thefactthat23 hyperparametersaretunedthere.This is mainly dueto theef�cient reusage
of termsin theARD-Gaussiancalculationsthatwementionedin section4.

6 Conclusion

Themaincontribution of this paperis a fastmethodof computingthegradientof a validationfunc-
tion with respectto hyperparametersfor arangeof SVM models;togetherwith anonlinearoptimiza-
tion techniqueit canbeusedto ef�ciently determinetheoptimalvaluesof many hyperparameters.
Evenin modelswith just two hyperparametersour approachis fasterandoffersa moreprecisehy-
perparameterplacementthan the Grid approach.Our approachis particularlyof greatvalue for
large scaleproblems.The ability to tunemany hyperparameterseasilyshouldbe usedwith care.
On a text classi�cation probleminvolving many thousandsof featureswe placedan independent
featureweightfor eachfeatureandoptimizedall theseweights(togetherwith C) only to �nd severe
over�tting takingplace.So,for agivenproblemit is importantto choosethesetof hyperparameters
carefully, in accordancewith therichnessof thetrainingset.
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