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Abstract

This paper presenta family of methalsfor data
translationin featurespace,to be usedin con-
junctionwith kerrel machines.Thetranslations
are perfomed using only kerrel evaluatiors in
input space.We usethe methodsto improve the
numeical propeties of kernelmachires. Exper
imentswith syntheaic andreal datademorstrate
the effectivenes of datacenterig and highlight
otherinterestingaspect®f translationin feature
space.

1 Intr oduction

Suppat vectormachnes(SVMs for short)classifydataby

mappng it into a high (possibly infinite) dimensioml fea-

ture spaceandconstruting amaximun maigin hyperplare

to separateéhe classesn thatspace.Operaionsin thefea-
ture spaceare rendeed indepelent of its dimensionby

whatis comnonly called now the “kerneltrick”, the use
of an efficiently computablekernel function for the scalar
productin featue space.

The SVM classifieris learnedfrom databy meansof the
Gram matrix K consistingof the pairwisescalarprodicts
of the datapointsin featurespace.lf, in thefeatue space,
theorigin is faraway from thecorvex hull of thedata,then
the elementof K have abou the samevalueand,asare-

sult, the matrix K is ill-conditioned. Figure 1 illustrates
sucha situation,shaving that the performarce of the re-

sultingclassifierdegrades.

Thepresentvork setsoutto correctthis prodem, by shift-
ing the datasuchthat the origin is locatedin the corvex
hull of the data. While this is almosttrivial for a linear
classifier it is not so for noniinear SVMs wherethe data
aremappel nonlinearlyinto ahigh-dimersionalspacehat
is notexplicitly represeted. Thus,the challergeis to per
formtheshiftandto computetheresultingSVM usingonly
“allowed” opegtions,thatis applying the kernelto points

edu

Figurel: Original SVM classifier(dottedline) andclassifierob-
tainedaftertranslatingthe origin in featurespaceby ~ 500 units
(full line). Thetwo classesarerepresentedby “+” and“x” re-
spectvely. Thekernelusedis the RBF kernel.

in theinput space.

This papemresets kerneltricks thatallow oneto perform
alarge variety of origin translationsn the featurespaceof

a nonlinear kernelmachne. In its simplestversion this
methodof datacenteringin featurespacehasbeenin use
for along time (seee.g[4]). Herewe showv thatonecan
formulatedatacenteing in theform of criterionto beopti-

mizedby atranslationin featurespaceandthatthis trans-
lation canbe performedentirely by “allowed’ kerrel oper

ations.

Therehasbeenprevious work on adaptimy kernds to the
data,notablythatof [1, 5, 6]. Thecurren ideadiffers from
theabovein thatit doesnotaffectthegeomety of theprob
lem, it only affectsits translatiorinto a numercal task.

An origin placedfar away from the datais not the only
causeof nunerical problemsin SVMs. Another com-
mon prodem is the inappr@riate choice of kerrel width
(typical for RBF kerrels) which can resultinto overfit-
ting/urderfitting [8]. A relatedprodem known as“ridge
effect” occusin stringkernelg[13]: thedataarealmostor-



thogmal to eachotherin featurespace. This canleadto
both nunerical problemsandoverfitting. While a transla-
tion of the datamay alleviate the numeical prodems,the
geonetry of the classifiercanna be influerced by origin
shiftin featurespace Therefae wewill notdealwith these
prodemsin thecurren paper

We start with a shortintroduction to suppot vector ma-

chinesthenwe introducea simplemetha of datacenter

ing in section3 andexplain how to perfam classification
with shiftedsuppat vectorsin section4. Next we present
a generb methal of shifting in featue spacein orde to

optimize somegiven centerimg criterion. Expefmentsare
presentedn section6 andthe discussiorin section7 con-

cludesthe paper

2 Support Vector Machines

We startby briefly introdwcing the SVM; for moredetails
thereade is invited to consult[8]. In a classificationtask,
we aregiven a setof n data points {Z1,Za,...%,}, ele-
mentsof aninput space X'. Eachdatapoirt z; is labeled
by y; € {£1}. Thetaskis to usethe dataandlabelsto
construet a classifieri.e. to find a function f thatpredicts
thelabely of anew pointz.

Input spaceand feature space. We call the spaceof the
original datathe input space. The dataaremappednto a
spaceX calledthefeature space by afunction ¢

r = ¢(&) forallie X (1)

We assumehatthe datais linearly separable in X', mean
ing thata hyperplanethat separatethe two classesxists.
Thefeatue spaces a Hilbert spacewhosedimensio d is
commaly muchlarger thann the numter of datapoints
andit canbe infinity (e.gin the RBF kerrel [8]). Thein-
putspaceneednotbeaHilbert spaceit canbeary set. The
trick thatmakesSVMswork is neverto explicitly repesent
pointsin featue spaceor ¢ itself. The SVM only makes
useof scalarproductsof pointsin featue spacewhich are
computedby thefunction

K(z,2) =< ¢(@),4(2) >=<z,2> 2

called the kernel associatedvith ¢. It is assumedhat
K (%, Z) canbecompuedefficiently for any pair of inputs.
To berepresenta scalarproduct, a symmetrickerrel K is
subjectto the Mercercordition [8], namelythatit induces
apositive definiteintegral opeatoron X'

Finding the optimal hyperplane. Theseparatig hype-
planeis descrited by theequation< w, z > +b = 0, with
w avecta in featue spaceandb arealnurber The opti-
mal hyperplare is found by solvingan optimizatian prob

lemin thevariabdesa;, i = 1,2,...n.

max V(a) s.t. a; >0 and Zaiyi =0 @3
i=1

with

n n n
1
V(i) = E ai—§ E E oYy < zi, x5 > (4)
i=1

i=1 j=1

Theoptimd hyperplanes thenobtainedrom a; by
w = Z QYiT; ®)
i=1

n
b= y; —Z o;y; < x;,x; >, for some ¢ s.t a; # 0(6)
i=1

Note that althowgh the optimization prodem involvesthe
dataimagesin featurespace the datapointsenter) only
via the pairwisescalarproducts < z;,z; >= K(%;,%;)
which canbe compued usingthe kerne function Thisis
the celebrated’kerneltrick” of supprt vecta machnes.
Thematrix

K = [K(#,8)); 1. @)

is calledthe Gram matrix'. Throughaut therestof the pa-
per, we assumethat a function SVM-SOLVER is given
Thefundion SVM-SOLVER takesasinputa Grammatrix
K andasetof labelsy returrs the parametes b, a;, ¢ =
1,...n ofanSVM.

Classifying with SVMs. When a new poirnt z is pre-
sentedor classificationits labelis computedby

y = f(&) = sign lzai?ﬁK(i’,ﬁi)+b (8)

K3

Notethatthefundion f usesonly kernelcompuationssoit
canbe comptedexplicitly. If thekernel K is anontlinear
function in eachamgument,thentheresultingclassifierf is
anonlinearclassifier

SVM extensions For thesale of simplicity, we have pre-
sentedhere only the most basicversin of SVM. Many

otherversion exist thatbuild uponthe basics,somemeant
to dealwith thecaseof nonlinearly separale data(C-SVM

[3], »-SVM [11]), othersadaptedfor classficationfrom

positive exanplesonly [9], andothersmeantto dealwith

morethantwo classeq10]. All SVM versims cited here
havein comnontheuseof the Grammatrixastheonly ve-
hicle by whichthedataenterthe SVM training. Therebre,
themethalsfor datatranslatiorwe presehhereshouldap-
ply to themaswell.

We shall usethe samenotationK for both the Grammatrix
andthekernel;thedistinctionwill be evident from the context.



3 A simple centering method

As shawn in sectionl, if in featue spacethe origin lies
faraway from the data,thenthe matrix K will have almost
equalelemens andwill beill-conditioned.

How canwe establishif, in the high-dimensimal featue

space,the origin lies “between” the classesor far-avay
from them? Oneway is to look at K (%;, ;) whendata
pointsi, j belorg to different classes.If this scalarprod

uctis negative, it meansgthatthe points are seenfrom the
origin uncer anobtuseangle,in otherwords the origin lies

apprximatelybetweerthetwo points. If wedendeby K,

the kerné representingthe scalarproduct with the origin

shiftedin a

I A
K, (%,2) =<zyz>=<z—a,z—a> (9

thenwe candefinethe optimal positionof the origin to be
thelocationa thatminimizes

= > > K(@,3)

yi=ly;j=—1

(10

Using

<zyz2>,=<z,2>—-—<z,0a>—<2z,a>+<a,a>

(11)
andlettingn™(n~) dende the nurber of datapointswith
+1(—1) labelswe canrewrite J(a) asaquadaticcriterion
in a whose(unigue) minimum is at

a:2n+z ,+—Zm,

yi=1 yi=—1

(12)

Thustheoptimala accordng to (10) is positiored halfway
betweerthe centerof gravity of thetwo classesn featue
spaceThekerne K, for this positionof theorigin maynot
be compuablein closedform; neverthelesswe canobtain
theGrammatrix K, necessaryo solvethe SVM optimiza-
tion problem usingonly callsto theoriginal kernel K. This
is a consegenceof the factthata is a linearcomhbnation
of datapointsin featurespace Denote

_ [ enh)
o { 2n)"

andy = [y ... W)L T=[7...
Grammatrixis givenby

yi=1

yi=—1 (139

7]. Thenthe“centered

K, = [Kq(3:,%;))ij = K-TTK-KT+ITKT (14

Having obtainedK,, a call to SVM-SOLVER(K,, y) will
outpu theparaméersbh, «;, i = 1,...n of anSVM.

Theoptimala obtainedby the centeing asin (12) maynot
belory to the datamanifdd in featue space,herceit is
geneally notrepresentabldy a pointa in input space.In

thenext sectionwe shav thatthis factdoesnot preclueus
usclassifyingnew datapointswith thecenteredkernel.

The criterion (10) andits solution can be genealized to
prodemsthatinvolve morethantwo classes.The details
arepresentedh thelonger versionof the paper7] 2.

Boththecriterion (10) andits multiclassextensionguaran
teethattheorigin is contairedwithin the convex hull of the
dataafterthe shift. They arevery similarto the“standard
datacenteringmethod(e.g[4]) which movesthe origin at
the centerof gravity of thedata. In termsof the~y; coefi-
cientsabove, movig the origin to thecenterof gravity of all
thedataamouns to settingy; = X

4 SVM classificationwith centereddata

We explain nov how to perfam classificationwith cen-
tered data. Denote by b, «; the outpu of SVM-
SOLVER(K,, y). According to equation(8), classifying
anew datapoint Z is doneby

fa(%) = sign [Z aiyiKa(%,%) +b| (19

Here,of course we don't have K ,(Z, Z;) in closedform.
This appaent obstaclecanbe overcomeby using (3) and
(11) to obtain(se€]7] for details)

fa(E) = sign lz aiyiK(&,%) — ) ciyi < a,2; > +b

i

(16)
Denoteby
hi =<a,z; > fori=1,...,n, h=[hy hy ...hy]"
(17)
By (12 13)thevaluesh; are
h; —<Z'VJ$J;$1>— Z'YJ (%5, %) (19

Henceashiftin theoriginamounsto acorstantcorrectio
termin theclassifier having thevalue

= Z Z iy K (

i=1 j=1

%, %5) (19

Notethatthis quantityis in gereralnonzerofor y; = 1/n,
i.e in the caseof the “standad” centeing method. More-
over, if the origin is initially far away from the data,the
valueof Ab canbequitelarge

Equatia (16) hasa geometic interprdationillustratedin

figure2. Thisresultis adirectconsegenceof thefactthat
the optimal hyperplare usedby the SVM to classify the

2Foundatwww.sta t.washington  .edu/mmp




separating hyperplane

Figure 2: The geometryof origin shift and its effect on b.

O, a, z, arerespectiely the old origin, new origin and a data
point;z’, o’ aretheprojectionof z, a onthenormalw to thesep-
aratinghyperplangthis directionis invariantto translation).The
classificationthresholdb is the distancebetweenthe origin (old

or new) to the hyperplaneandthe changeAb dueto the chang
in origin equas Oa’ the projectionof Oa onw. The correction
Ab accourts for the factthatthe origin wasshiftedduring train-
ing while the new dataare classifiedwith the original, unshifted,
kernel K.

new pointsis invariant to trandations in feature space. In

otherwords, after shifting the origin we obtainthe same
classifieraswe would from the original kernelwith better
numeic stability The SVM classificationwith centerd

datacanthenbe summaizedasfollows:

1. Preprocessing:

(@) Computethe Grammatrix K usingdefinition(7)
(b) Computethe centeredcrammatrix K, by (9)
(c) Computethescalarmproductsh; using(18)

2. Training: Call SVM-SOLVER(K,, ¥).
b, aj, 1=1,...n.

This outputs

3. Postprocessingb <+ b— Ab

4. Classification: Classifyary new datapointsjust asfor an
unmodfied SVM classifier i.e usingb, a;, i = 1,...n
andthe supportvectorsaccordingto (8).

In conclwsion, centeringin featurespaceonly addsextra
work in the SVM training phase being essentiallytrans-
parert in the classificatiorphase.

5 A generalcentering method

We have shavn how to perform an origin shift that opti-
mizesthecriterion(10). Now we proceel to genealizethis
methodto optimizing ary criterionJ (K ,) thatis afunction
of the Grammatrix only. Exampesof suchcriteriaare

e Minimizing the sumof the cosineshetweenall pairs
of examgesin differert classes

Z Z cos L(x;, x;)

yi=ly;j=—1

(20

Sincethe cosinebetweenwo pointsin featue space
is a valid kerrel (which placesall the datapoirts on

the unit sphere)this criterionis equvalentto simple
centerimy in a differen featue space. Note however
thattherelationshipbetweerthetwo featurespacess
not straightfoward.

e Maximizing thekernel alignment of [6] definedas

y K,y

AK,) = nlKalr

(21)

with | K,|r beingthe Frobeniusnormof K ,.

o Anothe appaently usefulcriterionis maximizirg the
“unnormalized alignmern
y' Ky (22)
At a closerinspectionhowever, it canbe seenthat,
unlessn™ = n~ = n/2 this criterionhasa maximun
fora — oo inary directionsowe donotrecomnend
its usage.

Letthecentemng criterionbe
max J(K,) (23

Weassumehat.J is asuitablysmoothfunctionof elements
the Grammatrix, andin particula thatits gradentis well
defined We shav how to optimize J by gradiern ascent.

For this purpose,we first needto compute the gradien of
J with respecto a.

VaKo(Zi, %) (24)

i=1 j= o(&i, T;)
Fromequaion (11)
VaKa(i'i, i‘j) = —x; —x; + 2a (25)

Thegradien is avectorin featurespaceand by combning
the two above formulae,one easily seesthat the gradent
is alinearcombnationof a andthe datavectas. Takinga

stepin thedirectionV ,J with stepsizen means
a — a+nV,J (26

Thestepd, = nV,J isitself alinearcombnationof a and
thedatavectorshence

00 = VOCH'Z%'HH

(3

(27)

with
oJ

Yo==) Vi, Vi=-20) g7, fori=1,...
i; i Vi ;aKa(m,.,xj)

(29
All the coeficients+y above canbe easilycomputedusing
only kernelevaluations. At eachstepof the iteration we
updde: the Grammatrix K ,, the scalarprodiucts h; =<

n



a,z; >, 1 = 1,...n andthe squareengthof a, hy =<
a, a > asfollows:

< Ty &7 >0 —< &gy 00 >—< Tj,0q >
+2 < da,a >+< 84,0, >

<Tiy Tj>até, =

< bg,ri > = ’yo<wi,a>+2'y¢:<mi,wy>
i/

<dg,a> = fyo<a,a>+2’yi<a,xi>
i

< 0g,00 > =

itj! it

+’y§ <a,a>

<a+dg,a+d,>=<a,a>+2<a,d, >+ <4
(33)

<a+ba,1> = <a,r; >+ <dg,x; >

With the previous notationfor 7 andI” we cansummaize
thegradien ascentlgorithmasfollows

1. Initialize K, = K, h = 0, ho = 0.
2. Computey; fori =0,...n by (28)
3. UpdateK,, h andho by (29-33)

4. Goto step2 until corvegene

From the compuational point of view, eachgradent step
requilesorder n? compuations: ordern? derivative eval-

uationsin step2 andorde n? upcate opeationsin step3.

Thisis of thesameorderof gronth with onewholeevalua-

tion of the Grammatrix andaffectsonly thetrainingphase
of the SVM classification.

For large datasets,evaluating the whole K matrix is pro-
hibitive andstate-of-theart SVM implementationsevaluate
only a subsef rows of K. In thatcase the centerimg al-
gorithms presentedherewould be prohibitive aswell. We
caneasilyfix this problemby usingonly a subsampleof
the datafor centering in a way similar to [12, 14]. For
the simple centeing method we would samplee.g. n'/2
datapoints from eachclassand represena asthe arith-
metic meanof the subsamie. This would still ensurethat
the new positionof the origin falls inside the corvex hull
of thedata but the extraamoun of compuationperrow of
K, will beof ordern’2.

We canalsousesamplingto redicethecompuationalcom-
plexity of the geneal centeringmethod In this casethe
solutionis to redefinethe optimdity criterionJ to involve
only asubmatix of K ,, depenthgonasubsebfn’ << n
points.While thesolutionmaynotwork for ary criterion, it
is areasoableappioximatian in the caseof e.goptimizing
thekernelalignment[12].

6 Experiments

6.1 Shifting and recengring in feature space

In the experimentswe usedthe SVMLIB [2] sourcecock,
modifiedin orderto accept userdefinred Grammatrix.

Thefirst setof experimentsis performedon artificial data
and aimsto show that (1) drasticorigin shiftsin featue
spaceharmthe performane of an SVM classifierand(2),

29)thatthesimplecenteringalgdithm is ableto restoretheef-

fectsof the shift. We generatediatanormally distributed

(So)arourd two concentic circlesasin figure 1 andcompted

its Gram matrix K. Thenwe shifted the datain a ran-

(31)domdirectionin featurespaceby a preceterminedlistance

|a| andcomputedthe “shifted” Grammatrix K ;. We then

Z Yiryjr < Tiry Ty > +2 Z%, < zy,a > centeredhe shifted databy the simple centeringmethal

describedn section3 andcomputedthe “centered Gram

(32)Matrix K. Finally we trainedan SVM usingeachof the
th(gegGram matricesandevalugedit ontestdatafrom the

Jdamedistribution.

The expeimentwasrepeated. 0 timeswith differentsam-
plesandshift directinsfor every valueof |a|. We usedthe
degree2 polynomialkernel K (%, 2) = (1 + #7 2)? andthe
RBFkernelK (z, 7) = e~ (&=%%/" Thetraining (test)set
sizewas 300 (200) in all cases.The resultsareshovn in
figure3.

The secondsetof experimentswassimilar to thefirst, ex-

ceptthatnow we usedreal datasetsfrom the UCI reposi-
tory. Thedatasetsizesaregivenin tablel. Theshiftlength
was1000 for all datasets.For eachdataset,theexperiment
wasrun 10timeswith differentrancdomly sampledraining

sets.Theresultsareshavn in figure4.

Fromthe two expetimentswe seefirst thata large shift is

detrimenal to classificationperfamance Therecenterd

andoriginal classifiersarealmostidenticalfor all theartifi-

cial dataexperimentsandfor all but oneof therealdatasets
(wdbc). This shaws thatrecenteing hasindeal a restora-
tive effectondataplacedfarawayfromtheoriginin featue

space.Thefigures alsoshaw the effect on shifting andre-

centerirg onkernelalignment: thealignmen of the shifted
kernelis practicallyO for the artificial dataanddrastically
redu@d for the real data. Recenteringorings alignment

backto nearor abore the original values. The numter of

suppet vectorsanindirectindicatorof generalizéon per

formance growswith thesizeof theshiftin thepolynomial

kernelandfor all butthelargestshiftin theRBF kerrel, but

drops elsavhere. Thedrop is very likely anartefactof the

SVM-SoLVER softwarefor extremelyill-posedprodems
(notethata shift of size1000is extremely largein the case
of theRBF kerrel).

In the third setof experiments,we comparedthe centeriry
methoddescriledin section3 with shiftingtheoriginin the
centerof weight of the data. To maximizethe difference
betweenthe two method, in theseexperimentsthe num
ber of exanplesin oneclasswas20 timeslarge thanthe
numter of examges in the otherclass. Testingwasdore
on datageneatedfrom the samedistribution asthe train-
ing data. Theexpeiimentalsetupmimickedtheonefor the
first experiment.
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For bothcenteringnethals, therecentere@gndtheoriginal
classifierare essentiallythe samefor the whole range of
shifts. (The detailedresultsarein [7]). Therebrewe can
safelyconcluethatthereis nopradical differencebetween
thetwo centeing method.

An interestingaspecis revealedby the alignmen plotsin
figure 5. Unlike figure 3 the alignmen is maximum for
the shifted data,while centerimy drasticallyreduces it. A
quick analsisrevealsthe causeof this betavior: for a suf-
ficiently large origin shift in featue spacethevalueof the
alignment tendsto

A(K.) — (0" —n7)?/n? (34
In ourcasen™ is 20timeslargerthann ™~ whichyieldsthe
valueA(K,) = 0.82, in perfect agreenentwith theexpeii-
ments.This strondy cautionsusthatoptimizingthekernel
alignment may notalwaysprodicethe bestclassifier

6.2 Centeringred data

In this setof experimentswe appliedthe simplecenterimy
algorithm to real data. We compued the Gram matrices
before andafter centerig, dendged by K and K , respec-
tively), trainedan SVM for eachof them,andevaluatedits
perfamanceon anindepewlenttestdataset. Thedatasets,
trainingandtestsetsizes kerrel typesandparanetersare
givenin tablel. TheSVM paraneterswerechosersoasto
producereasonabléut not necessarilyoptimal classifica-
tion resultson the original data. This wasdonebefae the
centerimg experiments,with onerancmtraining/validation
split of theoriginal data.

Theresultsaresummaizedin figure 6. Eachpoirt in the
figure representsthe averageof 10 randomtraining/test
splits. Thetesterra plot shavs that, asexpected, center

ing hasnoeffectin mostcasesutit improvesperfomance
occasioally (here,in onecase:the wdbc datawith poly-

nomial kerrel). In noneof the expetimentsdid datacen-
teringhurt performane. In mostcaseswhereperfomance
wasnt improved,the SVM classifierdrom thecenterdand

o 02 06 08

o 02 o4
original error original alignment

a b

Figure6: SVM classificationof original versuscenterectatain

12 experimentswith 10 datasets:(a) testerror, (b) kernd align-

ment. Eachdatapoint is the averageof 10 randomtraining/test
splits. Thedatasetsaredescribedn table1.

original datawerevirtually identical.

Thekerné alignmen is slightly reducel in 2 of the 12 ex-
perimerts and dramatically increasedn 8 othes. Again,
we noticethatimproving thealignment persedoes notnec-
essarilyguarameeanimprovenentin theclassificatiorper
formance.

7 Discussion

Thispapethaspresentedfamily of methalsfor datashift-
ing and centerimg in featurespace. They canbe usedin
conjunctionwith any kernelmachne thatincorporatesthe
informationfrom the datain a Grammatrix Datacenter
ing in featurespacedoesnot, in theory affect the result-
ing classifier We have shavn thatin practice,it canhave
a beneficeffect whenthe Gram matrix is ill condtioned
dueto a poorpositionof the origin w.r.t the datain featue
space. We have found no instancesvheredatacenteringy
hurttheclassificatiorperfamance.

Whenusedfor datacentering translationin featue space
requiesextrawork only in the training stageof the SVM.
The extra computationsareof the order n2, but canbere-
ducedby standardsamplingschemes.

Therehave beenmary previous studieson kerneladapa-
tion [6, 1, 5]. Our centerig method differ from the pre-
vious asthey do not attemptto obtaina moreappopriate
kernelandthey do not changethe geomety of the prob

lem. Theaim of datacenteriry is merelyto handthe SV M -

SOLVER a prodem instancewith betternumerial prope-

ties.

Additionally, we have shavn that the “standard” center
ing methodpresentin the literaturerequiles a correctimn
termfor b. The experimetnshave alsoillustratedinterest-
ing aspect®f the (lack of) relatiorshipbetweerthekernel
alignment and classificationperformarce in practice. In
particula, translationin featurespacecangredly chang
thealignmentwith no effect on the classifierperfomane.



Tablel: Thedatasetsusedin the experiments.

Name Description #inputs #train #test SVM parameters

cmc Contraceptie data,UCI repository(classl vs all others) 9 400 523 RBFo” =100, C = 1000

glass  Glassdata,UCI repository(class2 vs all others) 9 130 84 poly2, RBFo? =2, C = 1000
wdbc  Wisconsingbreasttancerdata,UCI repository 30 312 257 poly2, RBF ¢ = 1000, C = 1000
digiab Handwrittendigits from the USPS(digit a vs digit b 64 200 400 RBFo? = 1000, C = 1000

whereab € {0,1,2,6})

We therefae experimentedwith factorirg outthe effectsof
origin translatiorby first centering the dataandthenmaxi-
mizingthealignment. Theresultsarein thefull paper

Here, the resultsof the theordical investigationinto data
translationin featue spacehave beenusedsolelyfor data
centering. We ervisagehowever a moreinterestingrealm
of applicatios: shiftingthedatain orderto obtainnew ker-

nels,paranetrizedby the shift. Obtaininga new kerrel by
origin shiftsis possiblewith compaite kernel,suchasthe
onesusedin the classificationof stringdata(seee.g[13)]).

If oneshiftsthe elemen kernelsbeforecomposition, then
theoperati®n amouwntsto morethanatranslatioratthelev-

erl of the compasite kerrel andit does affect the prodem
geonetry. Preliminay expeaimentsin this directionareal-

readyunderway.
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