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Departmentof Statistics

University of Washington
Seattle,WA 98195-4322

mmp@stat. washington. edu

Abstract

This paper presentsa family of methodsfor data
translationin featurespace,to be usedin con-
junctionwith kernel machines.The translations
are performed using only kernel evaluations in
input space.We usethemethodsto improve the
numerical propertiesof kernelmachines.Exper-
imentswith synthetic andreal datademonstrate
the effectivenesof datacentering andhighlight
otherinterestingaspectsof translationin feature
space.

1 Intr oduction

Support vectormachines(SVMs for short)classifydataby
mapping it into a high (possibly infinite) dimensional fea-
ture spaceandconstructing amaximum margin hyperplane
to separatetheclassesin thatspace.Operationsin thefea-
ture spaceare rendered independent of its dimensionby
what is commonly callednow the “kernel trick”, the use
of an efficiently computablekernel function for thescalar
product in feature space.

The SVM classifieris learnedfrom databy meansof the
Gram matrix

�
consistingof thepairwisescalarproducts

of thedatapointsin featurespace.If, in thefeature space,
theorigin is farawayfrom theconvex hull of thedata,then
theelementsof

�
have about thesamevalueand,asa re-

sult, the matrix
�

is ill-conditioned. Figure1 illustrates
sucha situation,showing that the performance of the re-
sultingclassifierdegrades.

Thepresentwork setsout to correctthis problem,by shift-
ing the datasuchthat the origin is locatedin the convex
hull of the data. While this is almosttrivial for a linear
classifier, it is not so for non-linear SVMs wherethe data
aremapped non-linearlyinto ahigh-dimensionalspacethat
is not explicitly represented. Thus,thechallengeis to per-
formtheshift andto computetheresultingSVM usingonly
“allowed” operations,that is applying thekernelto points
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Figure1: OriginalSVM classifier(dottedline) andclassifierob-
tainedaftertranslatingtheorigin in featurespaceby � 500units
(full line). The two classesarerepresentedby “ � ” and“ � ” re-
spectively. Thekernelusedis theRBFkernel.

in theinput space.

This paperpresents kerneltricks thatallow oneto perform
a large varietyof origin translationsin thefeaturespaceof
a non-linear kernelmachine. In its simplestversion, this
methodof datacenteringin featurespacehasbeenin use
for a long time (seee.g [4]). Herewe show that onecan
formulatedatacentering in theform of criterionto beopti-
mizedby a translationin featurespace,andthatthis trans-
lationcanbeperformedentirelyby “allowed” kernel oper-
ations.

Therehasbeenprevious work on adapting kernels to the
data,notablythatof [1, 5, 6]. Thecurrent ideadiffers from
theabovein thatit doesnotaffectthegeometry of theprob-
lem,it only affectsits translationinto anumerical task.

An origin placedfar away from the datais not the only
causeof numerical problems in SVMs. Another com-
mon problem is the inappropriatechoiceof kernel width
(typical for RBF kernels) which can result into overfit-
ting/underfitting [8]. A relatedproblem known as “ridge
effect” occurs in stringkernels[13]: thedataarealmostor-



thogonal to eachother in featurespace.This canleadto
bothnumericalproblemsandoverfitting. While a transla-
tion of thedatamayalleviate thenumerical problems,the
geometry of the classifiercannot be influencedby origin
shift in featurespace.Thereforewewill notdealwith these
problemsin thecurrent paper.

We start with a short introduction to support vector ma-
chines,thenwe introducea simplemethod of datacenter-
ing in section3 andexplain how to perform classification
with shiftedsupport vectorsin section4. Next we present
a general method of shifting in feature spacein order to
optimizesomegiven centering criterion. Experimentsare
presentedin section6 andthediscussionin section7 con-
cludesthepaper.

2 Support Vector Machines

We startby briefly introducing theSVM; for moredetails
thereader is invited to consult[8]. In a classificationtask,
we aregiven a setof � data points ����
	�� ���
�������� ������ , ele-
mentsof an input space �� . Eachdatapoint ���� is labeled
by � ��� ����� � . The task is to usethe dataandlabelsto
construct a classifier, i.e. to find a function  thatpredicts
thelabel � of anew point �� .

Input spaceand featurespace. We call thespaceof the
original datathe input space. Thedataaremappedinto a
space

�
calledthefeature space by a function !�#" !%$&��('*),+.-0/�121 ��3� �� (1)

We assumethatthedatais linearly separable in
�

, mean-
ing thata hyperplanethatseparatesthe two classesexists.
Thefeature spaceis a Hilbert spacewhosedimension 4 is
commonly muchlarger than � the number of datapoints
andit canbe infinity (e.g in the RBF kernel [8]). The in-
putspaceneednotbeaHilbert space,it canbeany set.The
trick thatmakesSVMswork is neverto explicitly represent
points in feature spaceor ! itself. The SVM only makes
useof scalarproductsof pointsin feature space,which are
computedby thefunction� $&��5� �67'98;: !%$����'&� !%$&�6<'>=?"@:A���B6C= (2)

called the kernel associatedwith ! . It is assumedthat� $����� �6.' canbecomputedefficiently for any pairof inputs.
To berepresenta scalarproduct,a symmetrickernel

�
is

subjectto theMercercondition [8], namelythat it induces
a positivedefiniteintegral operatoron �� .

Finding the optimal hyperplane. Theseparating hyper-
planeis describedby theequation:?DE�B�F=HGJIK"HL , withD a vector in feature spaceand I a realnumber. Theopti-
mal hyperplane is found by solvinganoptimization prob-

lem in thevariables M �N�
O
" � �QPR������� � .ST/�UVXW $YM '[Z�� \�� M �
]^L_/�`ba �c �2d5	 M � � �e"fL (3)

with

W $YM 'g" �c �2d5	 M ��h �P
�c �id5	

�cj d5	 M � M j � � � j :A���B�N� j = (4)

Theoptimal hyperplaneis thenobtainedfrom M � byDk" �c �2d5	 M � � � � � (5)

Il" � �(h �cj d5	 M j � j :^���B�N� j =m�%),+.-nZN+.SCopO%Z�� \ M �Rq"rL (6)

Note that although the optimization problem involves the
dataimagesin featurespace,thedatapointsenter W only
via the pairwisescalarproducts :s�5�B�N� j =t" � $�����N� �� j '
which canbecomputedusingthekernel function. This is
the celebrated“kernel trick” of support vector machines.
Thematrix � "vu � $&����N� �� j 'xw �zy j d5	{y}|}|}| � (7)

is calledtheGram matrix1. Throughout therestof thepa-
per, we assumethat a function SVM-SOLVER is given.
Thefunction SVM-SOLVER takesasinput a Grammatrix�

anda setof labels � returns theparameters I�� M � �~O~"� ������� � of anSVM.

Classifying with SVMs. When a new point �� is pre-
sentedfor classification,its labelis computedby

� "  �$&���'l"�ZB�2��`9� c � M � � � � $&���� �����'�G^IB� (8)

Notethatthefunction  usesonlykernelcomputationssoit
canbecomputedexplicitly. If thekernel

�
is a non-linear

function in eachargument,thentheresultingclassifier is
a non-linearclassifier.

SVM extensions For thesakeof simplicity, wehavepre-
sentedhereonly the most basicversion of SVM. Many
otherversionexist thatbuild uponthebasics,somemeant
todealwith thecaseof nonlinearlyseparable data(C-SVM
[3], � -SVM [11]), othersadaptedfor classficationfrom
positive examplesonly [9], andothersmeantto dealwith
morethantwo classes[10]. All SVM versions cited here
havein commontheuseof theGrammatrixastheonly ve-
hicleby whichthedataentertheSVM training.Therefore,
themethodsfor datatranslationwepresent hereshouldap-
ply to themaswell.

1We shallusethesamenotation � for both theGrammatrix
andthekernel;thedistinctionwill beevident from thecontext.



3 A simple centering method

As shown in section1, if in feature spacethe origin lies
faraway from thedata,thenthematrix

�
will havealmost

equalelements andwill beill-conditioned.

How canwe establishif, in the high-dimensional feature
space,the origin lies “between” the classesor far-away
from them? Oneway is to look at

� $&��%�N� �� j ' whendata
points O���� belong to different classes.If this scalarprod-
uct is negative, it meansthat the points areseenfrom the
origin under anobtuseangle,in otherwords theorigin lies
approximatelybetweenthetwo points. If wedenoteby

�^�
the kernel representingthe scalarproduct with the origin
shiftedin ���� $&��%� �67'g8�:A���B6C= ���"@:^�Th � �B6mh � = (9)

thenwe candefinetheoptimalpositionof theorigin to be
thelocation � thatminimizes� $z� 'g" c��� d5	 c�Q� d���	 ��� $�����B� �� j ' (10)

Using:A���B6C= � "@:����Q6T=_h�:A��� � =Hh_:^6�� � =rG@: � � � =
(11)

andletting �%��$,� � ' denote thenumberof datapointswithG �.$ h � ' labels,wecanrewrite
� $z� ' asaquadraticcriterion

in � whose(unique)minimum is at

� " �P � � c� � d5	 � � G �P � � c� � d���	 � � (12)

Thustheoptimal � according to (10) is positionedhalfway
betweenthecentersof gravity of thetwo classesin feature
space.Thekernel

� �
for thispositionof theoriginmaynot

becomputablein closedform; nevertheless,we canobtain
theGrammatrix

���
necessaryto solvetheSVM optimiza-

tion problem usingonly callsto theoriginal kernel
�

. This
is a consequenceof the fact that � is a linearcombination
of datapointsin featurespace.Denote�<�3"�� $ P ��� ' �(	 � � � " �$ P � � ' �(	 � � � "@h � (13)

and�s"vu ��	��������R�7w¡  , ¢ "£u �¤����� ��w . Thenthe“centered”
Grammatrix is givenby�¥� 8vu �¥� $&����B� �� j '�w¦� j " � h ¢   � h � ¢ G ¢   � ¢ (14)

Having obtained
� �

, a call to SVM-SOLVER $ � � � � ' will
output theparameters I�� M � �
O
" � ������� � of anSVM.

Theoptimal � obtainedby thecentering asin (12)maynot
belong to the datamanifold in feature space,hence it is
generally not representableby a point �� in input space.In

thenext sectionweshow thatthis factdoesnotprecludeus
usclassifyingnew datapointswith thecenteredkernel.

The criterion (10) and its solution can be generalized to
problemsthat involve morethantwo classes.The details
arepresentedin thelongerversionof thepaper[7] 2.

Both thecriterion(10)andits multiclassextensionguaran-
teethattheorigin is containedwithin theconvex hull of the
dataaftertheshift. They areverysimilar to the“standard”
datacenteringmethod(e.g[4]) which movestheorigin at
thecenterof gravity of thedata. In termsof the ��� coeffi-
cientsabove,movig theorigin to thecenterof gravity of all
thedataamounts to setting���5" 	� .

4 SVM classificationwith centereddata

We explain now how to perform classificationwith cen-
tered data. Denote by I�� M � the output of SVM-
SOLVER $ �¥� � � ' . According to equation(8), classifying
a new datapoint �� is doneby

 � $����'g"fZB�i�.` � c � M � � � ��� $&��5� �����'�G^I � (15)

Here,of course,we don’t have
� � $���5� �� � ' in closedform.

This apparent obstaclecanbe overcomeby using(3) and
(11) to obtain(see[7] for details)

 � $����'9"�ZB�i�.`l� c � M � � � � $&��5� �� � '�h c � M � � � : � �N� � =?GJIB�
(16)

Denoteby§ � "@: � �N� � = ),+�-0O�" � �������&� � � § "@u § 	 § 
 ����� § � w  
(17)

By (12, 13) thevalues
§ � are§ � ";: �cj d5	 � j � j �B� � =¨"

�cj d%	 � j � $&�� j � �� � ' (18)

Hence,ashift in theoriginamountsto aconstantcorrection
termin theclassifier, having thevalue© I^" �c �2d5	

�cj d%	 M � � �¦� j � $�����B� �� j ' (19)

Notethatthisquantityis in generalnon-zerofor ���5" ��ª�� ,
i.e in thecaseof the “standard” centering method.More-
over, if the origin is initially far away from the data,the
valueof

© I canbequitelarge.

Equation (16) hasa geometric interpretation illustratedin
figure2. This resultis a directconsequenceof thefactthat
the optimal hyperplane usedby the SVM to classify the

2Foundat www.sta t.washington .edu/mmp
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Figure 2: The geometryof origin shift and its effect on ® .¯±°J²R°t³�°
arerespectively the old origin, new origin anda data

point;
³7´,°7²�´

aretheprojectionof
³�°7²

onthenormal µ to thesep-
aratinghyperplane(this directionis invariantto translation).The
classificationthreshold® is the distancebetweenthe origin (old
or new) to thehyperplane,andthechange¶t® dueto thechange
in origin equals

¯>² ´
the projectionof

¯>²
on µ . The correction¶t® accounts for the fact that the origin wasshiftedduring train-

ing while thenew dataareclassifiedwith theoriginal, unshifted,
kernel � .

new pointsis invariant to translations in feature space. In
otherwords,after shifting the origin we obtain the same
classifieraswe would from theoriginal kernelwith better
numeric stability. The SVM classificationwith centered
datacanthenbesummarizedasfollows:

1. Preprocessing:

(a) ComputetheGrammatrix � usingdefinition(7)
(b) ComputethecenteredGrammatrix �~· by (9)
(c) Computethescalarproductş�¹ using(18)

2. Training: Call SVM-SOLVER º,�»· °�¼.½ . This outputs® °�¾ ¹ °�¿(ÀAÁ�°{Â�Â�ÂxÃ .

3. Postprocessing:®FÄ�®�Å�¶t®
4. Classification: Classifyany new datapointsjust asfor an

unmodified SVM classifier, i.e using ® °E¾ ¹ °»¿±ÀÆÁ�°�Â�Â{ÂxÃ
andthesupportvectorsaccordingto (8).

In conclusion, centeringin featurespaceonly addsextra
work in the SVM training phase,beingessentiallytrans-
parent in theclassificationphase.

5 A generalcentering method

We have shown how to perform an origin shift that opti-
mizesthecriterion(10). Now weproceed to generalizethis
methodto optimizing any criterion

� $ � � ' thatis afunction
of theGrammatrixonly. Examplesof suchcriteriaareÇ Minimizing the sumof the cosinesbetweenall pairs

of examplesin different classesc��� d%	 c�Q� d���	 È +.Z5É $ ���N�B� j ' (20)

Sincethecosinebetweentwo pointsin feature space
is a valid kernel (which placesall the datapoints on

theunit sphere),this criterion is equivalentto simple
centering in a different feature space.Note however
thattherelationshipbetweenthetwo featurespacesis
notstraightforward.Ç Maximizing thekernel alignment of [6] definedasÊ $ ��� 'g" �   � � ��nË �¥� Ë Ì (21)

with Ë �¥� Ë Ì beingtheFrobeniusnormof
�l�

.Ç Another apparentlyusefulcriterionis maximizing the
“unnormalized” alignment�   � � (22)

At a closerinspectionhowever, it can be seenthat,
unless� � " � � " �5ª P this criterionhasamaximum
for �£Í Î in any directionsowedonotrecommend
its usage.

Let thecentering criterionbeST/�U� � $ ��� ' (23)

Weassumethat
�

is asuitablysmoothfunctionof elements
theGrammatrix, andin particular that its gradient is well
defined. We show how to optimize

�
by gradient ascent.

For this purpose,we first needto compute thegradient of�
with respectto � .ÏC�.� $ ��� '9" �c �2d5	

�cj d%	 Ð �Ð � � $&�� � � �� j '
ÏC����� $�����B� �� j ' (24)

Fromequation (11)Ï � � � $��� � � �� j 'l"vh�� � hl� j G^P � (25)

Thegradient is avectorin featurespaceand, by combining
the two above formulae,oneeasilyseesthat the gradient
is a linearcombinationof � andthedatavectors. Takinga
stepin thedirection

Ï � �
with stepsize Ñ means�£Ò � G Ñ ÏC�7� (26)

ThestepÓ � " Ñ ÏC�.� is itself a linearcombinationof � and
thedatavectors,henceÓ � "Ô�7Õ � G c � � � � � (27)

with� Õ "Öh �c �id5	 �R�×�Æ�R�»"Øh~P Ñ �cj d5	 Ð �Ð ��� $&����N� �� j ' ��),+.-
O�" � ������� �(28)
All thecoefficients � above canbeeasilycomputedusing
only kernelevaluations. At eachstepof the iteration, we
update: the Grammatrix

�e�
, the scalarproducts

§ �»"�:



� �N���»=m�EO»" � ������� � andthe squarelengthof � , § Õ "�:� � � = asfollows:Ù ³ ¹ °x³�Ú�Û ·&ÜRÝxÞ À Ù ³ ¹ °�³�Ú~Û · Å Ù ³ ¹ °xß · Û Å Ù ³�Ú�°xß · Û��à Ù ß · °x²EÛ � Ù ß · °xß · Û (29)Ù ß · °×³ ¹ ÛvÀvá�â Ù ³ ¹ °x²EÛ � c ¹iã á ¹ ã Ù ³ ¹ °x³ ¹ ã Û (30)Ù ß · °x²»ÛvÀvá�â Ù ²R°x²EÛ � c ¹ á ¹ Ù ²R°x³ ¹ Û (31)Ù ß · °×ß · ÛvÀ c ¹äã Ú ã á ¹ ã á Ú ã Ù ³ ¹ ã °�³ Ú ã Û ��à c ¹iã á ¹ ã Ù ³ ¹ ã °x²EÛ� áæåâ Ù ²R°x²EÛ (32)Ù ² � ß · °x² � ß · Û�À Ù ²æ°�²»Û ��à Ù ²R°xß · Û � Ù ß · °xß · ÛÙ ² � ß · °×³ ¹ ÛçÀ Ù ²R°x³ ¹ Û � Ù ß · °x³ ¹ Û (33)

With thepreviousnotationfor � and ¢ we cansummarize
thegradient ascentalgorithmasfollows

1. Initialize �J· À � , ¸ Àéè , ¸ â Àgè .
2. Compute

á ¹ for
¿(Àgè�°�Â{Â�ÂxÃ

by (28)

3. Update� · , ¸ and ¸ â by (29-33)

4. Go to step2 until convergence

From the computationalpoint of view, eachgradient step
requiresorder � 
 computations: order � 
 derivative eval-
uationsin step2 andorder � 
 updateoperationsin step3.
This is of thesameorderof growth with onewholeevalua-
tion of theGrammatrixandaffectsonly thetrainingphase
of theSVM classification.

For largedatasets,evaluating thewhole
�

matrix is pro-
hibitiveandstate-of-the-artSVM implementationsevaluate
only a subsetof rows of

�
. In thatcase,thecentering al-

gorithmspresentedherewould beprohibitive aswell. We
caneasilyfix this problemby usingonly a subsampleof
the datafor centering, in a way similar to [12, 14]. For
the simplecentering method, we would samplee.g. ��ê¡ª P
datapoints from eachclassand represent � as the arith-
meticmeanof thesubsample. This would still ensurethat
the new positionof the origin falls insidethe convex hull
of thedata,but theextraamount of computationperrow of���

will beof order ��ê 
 .
Wecanalsousesamplingto reducethecomputationalcom-
plexity of the general centeringmethod. In this casethe
solutionis to redefinetheoptimality criterion

�
to involve

only asubmatrix of
���

, depending onasubsetof �nê :m: �
points.While thesolutionmaynotwork for any criterion, it
is a reasonableapproximation in thecaseof e.goptimizing
thekernelalignment[12].

6 Experiments

6.1 Shifting and recentering in featurespace

In theexperimentswe usedtheSVMLIB [2] sourcecode,
modifiedin orderto accepta user-definedGrammatrix.

Thefirst setof experimentsis performedon artificial data
and aims to show that (1) drasticorigin shifts in feature
spaceharmtheperformance of anSVM classifierand(2),
thatthesimplecenteringalgorithm is ableto restoretheef-
fectsof the shift. We generateddatanormally distributed
around two concentric circlesasin figure1 andcomputed
its Gram matrix

�
. Then we shifted the data in a ran-

domdirectionin featurespaceby apredetermineddistanceË ��Ë andcomputedthe“shifted” Grammatrix
�gë

. We then
centeredthe shifteddataby the simplecenteringmethod
describedin section3 andcomputedthe“centered” Gram
matrix

�íì
. Finally we trainedan SVM usingeachof the

threeGrammatricesandevaluatedit on testdatafrom the
samedistribution.

Theexperimentwasrepeated10 timeswith differentsam-
plesandshift directionsfor every valueof Ë �(Ë . We usedthe
degree2 polynomialkernel

� $&��5� �6<'0" $N� G ��   �6<' 
 andthe
RBF kernel

� $���5� �6.'0"�î �5ï�ðV �
ðñ�ò,óBôQõ�ó . Thetraining(test)set
sizewas300 (200) in all cases.The resultsareshown in
figure3.

Thesecondsetof experimentswassimilar to thefirst, ex-
ceptthatnow we usedrealdatasetsfrom theUCI reposi-
tory. Thedatasetsizesaregivenin table1. Theshift length
was1000 for all datasets.For eachdataset,theexperiment
wasrun10timeswith differentrandomly sampledtraining
sets.Theresultsareshown in figure4.

Fromthe two experimentswe seefirst thata large shift is
detrimental to classificationperformance. The recentered
andoriginal classifiersarealmostidenticalfor all theartifi-
cial dataexperimentsandfor all but oneof therealdatasets
(wdbc). This shows that recentering hasindeed a restora-
tiveeffectondataplacedfarawayfromtheorigin in feature
space.Thefigures alsoshow theeffect on shifting andre-
centering onkernelalignment: thealignment of theshifted
kernelis practically0 for theartificial dataanddrastically
reduced for the real data. Recenteringbrings alignment
backto nearor above the original values. Thenumber of
support vectors,anindirectindicatorof generalization per-
formance,growswith thesizeof theshift in thepolynomial
kernelandfor all but thelargestshift in theRBFkernel, but
drops elsewhere.Thedrop is very likely anartefactof the
SVM-SOLVER softwarefor extremelyill-posedproblems
(notethata shift of size1000is extremely largein thecase
of theRBF kernel).

In thethird setof experiments,we comparedthecentering
methoddescribedin section3 with shiftingtheorigin in the
centerof weight of the data. To maximizethe difference
betweenthe two methods, in theseexperimentsthe num-
berof examplesin oneclasswas20 timeslarger thanthe
number of examples in the otherclass. Testingwasdone
on datageneratedfrom the samedistribution asthe train-
ing data.Theexperimentalsetupmimickedtheonefor the
first experiment.
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Figure3: SVM classificationwith original (dottedline), shifted(full line) andrecentered(dashedline) datafor differentvaluesof the
shift length ö ² ö . Theoriginal dataaregeneratedfrom thedistribution shown in figure1 (two concentric circles).Thesedataareshifted
in a randomdirectionby anamount ö ² ö in featurespaceto obtaintheshifteddata.Theshifteddataarethenrecenteredasin section3 to
obtaintherecentereddata.Thefiguresdepictthetesterror, kernelalignmentandnumberof supportvectorsfor theresultingSVMs, in
thecaseof thepolynomial degree2 kernel(left) andof theRBFkernel(right). Resultsareaveragedover 10 randomlysampledtraining
setsof size300.Theoriginal andcenteredSVMsareidenticalin all cases.Thealignmentof theshiftedkernel is practically0.

digi01 digi02 digi26 wdbc glass
0

0.1

0.2

0.3

0.4

0.5

te
st

 e
rr

or

digi01 digi02 digi26 wdbc glass
0

0.2

0.4

0.6

0.8

1

al
ig

nm
en

t

digi01 digi02 digi26 wdbc glass
−50

0

50

100

150

200

250

su
pp

or
t v

ec
to

rs

a b c

Figure4: Shiftingandrecenteringon realdatasets:(a) testerror, (b) alignment,(c) number support vectors.Circlesrepresentoriginal
data,triangles– shifteddata,squares– recentereddata.Thedatasetsaredescribedin table1. Eachexperiment wasrepeated10 times
with randomdirectionshifts. Theshift lenght ö ² ö was1000andthekernelwastheRBF kernelin all cases.Note that theoriginal and
centeredresultsaresuperimposedin a, c.
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Figure5: Alignment of the Grammatricesvs shift value for 4
kernels:original (dotted),shifted(full), recenteredby thecenter
of weightmethod(dash-dot)andrecenteredby thesimplemethod
of section3.

For bothcenteringmethods,therecenteredandtheoriginal
classifierareessentiallythe samefor the whole range of
shifts. (The detailedresultsarein [7]). Thereforewe can
safelyconcludethatthereisnopractical differencebetween
thetwo centering methods.

An interestingaspectis revealedby thealignment plots in
figure 5. Unlike figure 3 the alignment is maximum for
the shifted data,while centering drasticallyreduces it. A
quickanalysisrevealsthecauseof this behavior: for a suf-
ficiently large origin shift in feature space,thevalueof the
alignment tendstoÊ $ ��� '^h Í $,� � h � � ' 
 ª�� 
 (34)

In ourcase,� � is 20timeslarger than � � whichyieldsthe
value

Ê $ �¥ë '0"¨Lb� ÷7P , in perfect agreementwith theexperi-
ments.Thisstrongly cautionsusthatoptimizingthekernel
alignment maynotalwaysproducethebestclassifier.

6.2 Centering real data

In this setof experiments,we appliedthesimplecentering
algorithm to real data. We computed the Grammatrices
before andafter centering, denoted by

�
and

� �
respec-

tively), trainedanSVM for eachof them,andevaluatedits
performanceonanindependenttestdataset.Thedatasets,
trainingandtestsetsizes,kernel typesandparametersare
givenin table1. TheSVM parameterswerechosensoasto
producereasonablebut not necessarilyoptimal classifica-
tion resultson theoriginal data.This wasdonebefore the
centeringexperiments,with onerandomtraining/validation
split of theoriginal data.

The resultsaresummarized in figure6. Eachpoint in the
figure representsthe averageof 10 randomtraining/test
splits. The testerror plot shows that,asexpected,center-
ing hasnoeffect in mostcasesbut it improvesperformance
occasionally (here,in onecase:thewdbc datawith poly-
nomial kernel). In noneof the experimentsdid datacen-
teringhurtperformance. In mostcaseswhereperformance
wasn’t improved,theSVM classifiersfrom thecenterdand

0 0.05 0.1 0.15 0.2 0.25 0.3 0.35
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

original error

ce
nt

er
ed

 e
rr

or

0 0.2 0.4 0.6 0.8
0

0.2

0.4

0.6

0.8

original alignment

ce
nt

er
ed

 a
lig

nm
en

t

a b

Figure6: SVM classificationof original versuscentereddatain
12 experimentswith 10 datasets:(a) testerror, (b) kernel align-
ment. Eachdatapoint is the averageof 10 randomtraining/test
splits.Thedatasetsaredescribedin table1.

original datawerevirtually identical.

Thekernel alignment is slightly reduced in 2 of the12 ex-
periments anddramatically increasedin 8 others. Again,
wenoticethatimproving thealignment persedoesnotnec-
essarilyguaranteeanimprovementin theclassificationper-
formance.

7 Discussion

Thispaperhaspresentedafamily of methodsfor datashift-
ing andcentering in featurespace. They canbe usedin
conjunctionwith any kernelmachine that incorporatesthe
informationfrom thedatain a Grammatrix. Datacenter-
ing in featurespacedoesnot, in theory, affect the result-
ing classifier. We have shown that in practice,it canhave
a beneficeffect when the Grammatrix is ill conditioned
dueto a poorpositionof theorigin w.r.t thedatain feature
space.We have found no instanceswheredatacentering
hurt theclassificationperformance.

Whenusedfor datacentering, translationin feature space
requiresextra work only in thetrainingstageof theSVM.
Theextra computationsareof theorder � 
 , but canbere-
ducedby standardsamplingschemes.

Therehave beenmany previous studieson kerneladapta-
tion [6, 1, 5]. Our centering methods differ from the pre-
viousasthey do not attemptto obtaina moreappropriate
kernelandthey do not changethe geometry of the prob-
lem. Theaimof datacentering is merelytohandtheSVM-
SOLVER a problem instancewith betternumerical proper-
ties.

Additionally, we have shown that the “standard”center-
ing methodpresentin the literaturerequires a correction
termfor I . Theexperimetnshave alsoillustratedinterest-
ing aspectsof the(lackof) relationshipbetweenthekernel
alignment and classificationperformance in practice. In
particular, translationin featurespacecangreatly change
thealignmentwith no effect on theclassifierperfromance.



Table1: Thedatasetsusedin theexperiments.
Name Description # inputs # train # test SVM parameters
cmc Contraceptivedata,UCI repository(class1 vsall others) 9 400 523 RBF ø å À?Á�è­è�°�ù�ÀAÁ{è�è­è
glass Glassdata,UCI repository(class2 vs all others) 9 130 84 poly2, RBF ø å À à °%ù�ÀAÁ{è­è�è
wdbc Wisconsingbreastcancerdata,UCI repository 30 312 257 poly2, RBF ø å ÀAÁ{è�è­è�°
ù�ÀAÁ{è­è�è
digiab Handwrittendigits from the USPS(digit a vs digit b

wherea,b úTû è�°{Á­° à °×ü�ý ) 64 200 400 RBF ø å À?Á�è­è�è�°�ù�ÀAÁ�è­è­è
Wethereforeexperimentedwith factoring out theeffectsof
origin translationby first centering thedataandthenmaxi-
mizing thealignment.Theresultsarein thefull paper.

Here, the resultsof the theoretical investigationinto data
translationin feature spacehave beenusedsolely for data
centering. We envisagehowever a moreinterestingrealm
of applications:shiftingthedatain orderto obtainnew ker-
nels,parametrizedby theshift. Obtaininga new kernel by
origin shifts is possiblewith compositekernel,suchasthe
onesusedin theclassificationof stringdata(seee.g[13]).
If oneshifts theelement kernelsbeforecomposition, then
theoperation amountsto morethana translationat thelev-
erl of thecomposite kernel andit does affect theproblem
geometry. Preliminary experimentsin this directionareal-
readyunderway.
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[9] B. Scḧolkopf, J. Platt, J. Shawe-Taylor, A. J. Smola,and
R. C. Williamson. Estimating the support of a high-
dimensional distribution.TechnicalReport99-87,Microsoft
Research,1999. To appearin Neural Computation, 2001.
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