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In kernel etho s, all the infor ation about the training
ata is containe in the ra atrix If this atrix has large iagonal
alues, hich arises for any ty es of kernels, then kernel etho s omnot
erfor el e ro osean testse eral etho sfor ealing ith this
roble by re ucing the yna ic range of the atrix hile reser ing

the ositi e e niteness of the essian of the ua ratic rogra ing
roble that one has to sol e hen training a Su ort ector Machine

S pport ector achines S and related kernel methods can be considered
an appro imate implementation of the str ct ral risk minimization principle
s ested b apnik o this end, the minimize an ob ecti e f nction

containin a trade off bet een t o oals, that of minimizin the trainin error,
and that of minimizin are larizationterm nS s, the latter is a f nction of
the mar in of separation bet een the t o classes in a binar pattern reco nition
problem  his mar in is meas red in a so called feat re space hich is a
ilbert space into hich the trainin patterns are mapped b means of a map

ere, theinp t domain can be an arbitrar nonempt set he art of desi nin
an S for a task at hand consist of selectin a feat re space ith the propert
that dot prod cts bet een mapped inp t points, , can be comp ted
in terms of a so called



hich can be e al ated e cientl S ch a kernel necessaril belon s to the class

of e Ber etal ,ie, it satis es

, 1
for all he kernel can be tho ht of as a nonlinear
similarit meas re that corresponds to the dot prod ct in the associated feat re
space sin , ecan carr o tall al orithmsin that can be cast in terms

of dot prod cts, e amplesbein S sand C forano er ie ,see Scholkopf
and Smola

o train a h perplane classi er in the feat re space,
s n

here is e panded in terms of the points

1

the S pattern reco nition al orithm minimizes the adratic form

s b ect to the constraints
ie,
and

for all ere,

1 1

are the trainin e amples, and

is the ram matri
Note that the re larizer e alsthes aredlen th of the ei ht ector
in ne can sho that is in ersel proportional to the mar in of

e are consi ering the ero training error case on ero training errors are incor o-
rate as suggeste by ortesan a nik f also sunaan irosi



separation bet een the t o classes, hence minimizin it amo nts to ma imizin
the mar in Sometimes, a modi cation of this approach is considered, here the
re larizer

1

is sed instead of Whilst this is no lon er the s ared len th of a ei ht

ector in the feat re space , it is instr cti e to re interpret it as the s ared
len th in a different feat re space, namel in
o this end, e consider the feat re map

sometimes called the s da, Scholkopf and Smola,
n this case, the S optimization problem consists in minimizin
2

s b ect to
for all , here 1 n ie of ,ho e er,
the constraints are e 1 alent to 1 ,ie to , hile
the re larizer 2e als

herefore, sin the re larizer and the ori inal kernel essentiall cor
responds to sin a standard S ith the empirical kernel map his S
operates in an  dimensional feat re space ith the standard S re larizer,
ie,thes ared ei htof the ei ht ector in the feat re space We can th s
train a classi er sin the re larizer simpl b sin an S ith the
kernel
and th s, b de nition of , sin the ram matri

here denotes the ram matri of the ori inal kernel he last e ation
sho s that hen emplo in the empirical kernel map, it is not necessar to se
a positi e de nite kernel he reason is that no matter hat is, the ram
matri isal a s positi e de nite, hichiss cient for an S
he remainder of the paper is str ct red asfollo s n Section , eintrod ce
the problem of lar e dia onals, follo ed b o r proposed method to handle
it Section Section presents e periments, and Section s mmarizes o r
concl sions

isregar ing the ositi ity constraints
ere, asin , e allo for a non ero null s ace in our usage of the conce t of
ositi e e niteness



n important feat re of kernel methods is that the inp t domain  does not
ha eto be a ector space heinp tsmi ht st as ell be discrete ob ectss ch
as strin s oreo er, the map mi ht comp te rather comple feat res of the
inp ts E amples thereof are pol nomial kernels Boser et al , , here
comp tes all prod cts of a i en order of entries of the inp ts in this case,
the inp ts are ectors , and strin kernels Watkins, a ssler, Lodhi
et al, , hich, for instance, can comp te the n mber of common s bstrin s
not necessaril conti o s of a certain len th of t o strin s in

time ere, e ass me that and aret o nite strin s o er a

nite alphabet or the strin kernel of order , a basis for the feat re space
consists of the set of all strin s of len th |, n this case, maps a strin

into a ector hose entries indicate hether the respecti e strin of len th
occ rsasas bstrin in B constr ction, these ill be rather sparse ectors
a lar e n mber of s bstrin s do not occ rin a i en strin herefore,
the dot prod ct of t o ectors ill takea al e hichis m ch smaller
than the dot prod ct of a ector ith itself his can also be nderstood as
follo s an strin shares s bstrin s ith itself, b t relati el fe s bstrin s

ith another strin ~ herefore, it illt picall be the case that e arefaced ith

B this e mean that, i en some trainin inp ts
eha e

for

n this case, the associated ram matri ill ha e lar e dia onal elements
Let s ne t consider an innoc o s application hich is rather pop lar ith
S s hand ritten di it reco nition We s ppose that the data are hand ritten

characters represented b ima esin here, is the n mber of pi els ,
and that onl a small fraction of the ima esisink ie fe entriestakethe al e

n that case, e t picall ha e for , and th s the
pol nomial kernel  hich is hat most commonl is sed for S hand ritten

di it reco nition

satis es alread for moderatel lar e it has lar e
dia onals

Note that as in the case of the strin kernel, one can also nderstand this
phenomenon in terms of the sparsit of the ectors in the feat re space t is

he iagonal ter s are necessarily nonnegati e for ositi e e nite kernels,
hence no o ulus on the left han si e
In the achine learning literature, the roble isso eti es referre to as
0 e er, the latter ter is use in linear algebra for atrices here the
absolute alue of each iagonal ele ent is greater than the su  of the absolute alues
of the other ele entsinitsro orcolu n  eal iagonally o inant atrices ith
ositi e iagonal ele ents are ositi e e nite



kno n that the pol nomial kernel of order effecti el maps the data into a
feat re space hose dimensions are spanned b all prod cts of pi els Clearl ,
if some of the pi els take the al ezerotobe in ith,then ane enlar erfraction
of all possible prod cts of pi els ass min ill be zero  herefore, the
sparsit of the ectors ill increase ith
n practice, it has been obser ed that S s donot ork ell in this sit a
tion Empiricall , the ork m ch better if the ima es are scaled s ch that the
indi id alpi el al esarein ,ie,that the back ro nd al eis n this
case, the data ectors are less sparse and th s f rther from bein ortho onal
ndeed, lar e dia onals correspond to appro imate ortho onalit of an t o
different patterns mapped into the feat re space o see this, ass me that
and note that d e to ,

COS

n some cases, an S trained sin a kernel ith lar e dia onals ill
the data Let s consider a simple to e ample, sin as data matri
and as label ector, respecti el

he ram matri for these data sin the linear kernel is

standard S nds the sol tion s n ith

t can be seen from the coe cients of the ei ht ector that this sol tion has
b t memorized the data all the entries hich arelar er than in absol te al e

correspond to dimensions hich are nonzero onl for of the trainin points
Weth send p ithalook ptable sol tion for a linear classi er, on the
other hand, o ld beto st choose the rstfeat re,e s n ,

ith



he basic idea that e are proposin is er simple indeed We o Id like to

se a nonlinear transformation to red ce the size of the dia onal elements, or,
more enerall , to red ce the d namic ran e of the ram matri entries he
onl di c 1t isthatif esimpl do this, e ha eno aranteethat eend p

ith a ram matri that is still positi e de nite o ens re that itis, ecan se
methods of f nctional calc 1 s for matrices n the e periments e ill mainl

se a simple special case of the belo Ne ertheless, let s introd ce the eneral
case, since e think it pro ides a sef 1 perspecti e on kernel methods, and on
the transformations that can be done on ram matrices

Let be a s mmetric matri ith ei en al es in , and

a contin o s f nction on nctional calc 1 s pro idesa ni e

s mmetric matri , denoted b , ith ei en al esin t

can be comp ted ia a a lor series e pansion in , or sin the ei en al e

decomposition of f ith  dia onal and nitar , then
, here is the dia onal matri  ith

he con enient propert of this proced re is that e can treat f nctions of
s mmetric matrices st like f nctions on  in partic lar, e ha e, for
and real contin o s f nctions de ned on ,

’

n technical terms, the al ebra enerated b is isomorphic to the set of
contin o s f nctions on
or o r problems, f nctional calc 1 s can be applied in the follo in a

We start off ith a positi e de nite matri ith lar e dia onals We then
red ce its d namic ran e b element ise application of a nonlinear f nction,
s ch as lo or s n ith his ill

lead to a matri  hich ma no lon er be positi e de nite o e er, it is still

s mmetric, and hence e can appl f nctional calc 1 s s a conse ence of

, e stneedtoappl af nction hich maps to his

ill ens re that all ei en al es of are nonne ati e, hence ill be

positi e de nite ne can se these obser ations to desi n the follo in scheme
or positi e de nite ,

comp te the positi e de nite matri

red ce the d namic ran e of the entries of b appl in an element ise
transformation ,leadin to a s mmetric matri

comp te the positi e de nite matri and seit in s bse ent
processin  he entries of ill be the effecti e kernel,  hich in this case
isnolon er i enin anal tic form

2

elo enotes the s ectru of



Note that in this proced re, if is the identit , then e ha e

E perimentall , this scheme orksrather ell o e er,it hasonedo nside
since e no lon er ha e the kernel f nction in anal tic form, o r onl means
of e al atin it is to incl de all test inp ts not the test labels, tho h into

the matri n other ords, sho Id be the ram matri comp ted from
the obser ations 1 here 1 denote the test inp ts
We th s need to kno the test inp ts alread d rin trainin his settin is
sometimes referred to as apnik,

f e skip the step of takin the s are root of , e can alle iate this
problem n that case, the onl application of f nctional calc | s left is a rather
tri ial one, that of comp tin the s are of he s bmatri of 2

hich in this case o ld ha e to be sed for trainin then e als the ram
matri hen sin the empirical kernel map

1

or the p rposes of comp tin dot prod cts, ho e er, this can appro imatel
be replaced b the empirical kernel map in terms of the trainin e amples onl ,
ie,b he sti cation for this is that for lar e , L
here is ass med to be the distrib tion of the
inp ts herefore, eha e L L 1
to ether, the proced re then boils do n to simpl trainin an S sin the
empirical kernel map in terms of the trainin e amples and the transformed

kernel f nction hisis hat e ill sein the e periments belo !

We rst constr cted a set of arti cial e periments hich prod ce kernels e
hibitin lar e dia onals he e periments are as follo s a strin classi cation
problem, a microarra cancer detection problem s pplemented ith e tra nois
feat res and a to problem hose labels depend pon hidden ariables the is
ible ariables are nonlinear combinations of those hidden ariables

We considered the follo in classi cation problem o)
classes of strin s are enerated ith e al probabilit b t o different arko
models Both classes of strin s consist of letters from the same alphabet of
letters, and strin s from both classes are al a s of len th Strin s from
the ne ati e class are enerated b a model here transitions from an letter to
an other letter are e all likel Strin s from the positi e class are enerated
b a model here transitions from one letter to itself so the ne t letter is the
same as the last ha e probabilit , and all other transitions ha e probabilit

or both classes the startin letter of an strin ise all likel to be an

1 or further ex eri ental etails, cf eston an Schélko f



letter of the alphabet he task then is to predict hich class a i en strin
belon s to o map these strin s into a feat re space, e sed the strin kernel

described abo e, comp tin a dot prod ct prod ct in a feat re space consistin
of all s bse ences of len th  n the present application, the s bse ences are
ei hted b an e ponentiall deca in factor of their f 1l len th in the te t,
hence emphasizin those occ rrences hich are close to conti o0 s  method
of comp tin this kernel e cientl sin a d namic pro rammin techni e is

described b Lodhi et al or o r problem e chose the parameters
and
We enerated s ch strin s and sed the strin s bse ence kernel ith
1 We split the data into  for trainin and  for testin in
separate trials We meas red the s ccess of a method b calc latin the mean
classi cation loss on the test sets i re sho sfo r strin s from the dataset
and the comp ted kernel matri for these strin s'?> Note that the dia onal
entries are m ch lar er than the off dia onals beca se a lon strin has a lar e
n mber of s bse ences that are shared ith no other strin s in the dataset
apart from itself o e er, information rele ant to the classi cation of the strin s
is contained in the matri his can be seen b comp tin the mean kernel
al e bet een t o e amples of the positi e class hich is e al to
, hereas the mean kernel al e bet eent oe amples of opposite classes
is Iltho hthen mbersare er small, this capt res that the
positi e class ha e more in common ith each other than ith random strin s
the are more likel to ha e repeated letters

|=

string class

b nshrtktfhhaahhh e
aba ahnaa iiiittt e
s olnc ni crioog - e
rea hcoigealg s gs - e

our strings an their kernel atrix using the string subse uence kernel ith

ote that the iagonal entries are wuch larger than the o - iagonals because

a long string has a large nu ber of subse uences that are share  ith no other strings
in the ataset a art fro itself

f the ori inal kernel is denoted as a dot prod ct ,
then e emplo the kernel here to sol e the
dia onal dominance problem We ill refer to this kernel as a one

s this kernel ma, no lon er be positi e de nite e se the method described in

1 e note that intro ucing nonlinearities using an kernel ith res ect to the is-

tances generate by the subse uence kernel cani ro eresults on this roble , but
eli it ourex eri entstoones erfor e in the linear s ace of features generate
by the subse uence kernel
! ote, the atrix asrescale by i i ing by the largest entry



esults of using the string subse uence kernel on a string classi cation rob-
le to ro here aining ro ssho the results of using the sub olyno ial kernel
to eal ith the large iagonal

kernel etho classi cation loss
original

Section , emplo in the empirical kernel map to embed o r distance meas re
into a feat re space es lts of sin o r method to sol e the problem of lar e

dia onalsis i enin able he method pro ides, ith the optim m choice of
the free parameter, a red ction from a loss of ith the ori inal kernel
to ithp Itho h edonot pro ide methods for choosin this

free parameter, it is strai ht for ard to appl con entional techni es of model
selection s ch as cross alidation to achie e this oal
We also performed some f rther e periments hich e ill brie disc ss
o check that the res 1t is a feat re of kernel al orithms, and not somethin
pec liartoS s, e also applied the same kernels to another al orithm, kernel
nearest nei hbor sin the ori inal kernel matri  ields a loss of
hereas the s bpol nomial method a ain impro es the res lts, sin
ields and the optim m choice ields inall ,
e tried some alternati e proposals for red cin the lar e dia onal effect We
tried sin ernel C to e tract feat res as a pre processin to trainin an
S he int ition behind sin this is that feat res contrib tin to the lar e
dia onal effect ma ha e lo ariance and o Id th s be remo ed b C
C did impro e performance a little, b t did not pro ide res lts as ood as
the s bpol nomial method he best res It asfo nd b e tractin feat res
from the kernel matri of e amples ieldin a loss of

We ne t considered the microarra
classi cation problem of lon et al see also on et al for a
treatment of this problem ith S s n this problem one m st distin ish
bet een cancero s and normal tiss e in a colon cancer problem i en the e
pression of enes meas red b microarra technolo n this problem one does
not enco nter lar e dia onals, ho e er e a mented the ori inal dataset ith
e tra nois feat res to sim late s ch a problem he ori inal data has e



amples positi e, ne ati e and feat res ene e pression le els of
the tiss es samples We added a f rther feat res to the dataset, s ch
that for each e ample a randoml chosen of these feat res are chosen to be
nonzero takin arandom al ebet een and and the rest aree al to zero
his creates a kernel matri  ith lar e dia onals n i re e sho the rst
entries of the kernel matri of a linear kernel before and after addin the
nois feat res
he problem is a ain an arti cial one demonstratin the problem of lar e
dia onals, ho e er this time the feat re space is rather more e plicit rather than
the implicit one ind ced b strin kernels n this problem e can clearl see
the lar e dia onal problem is reall a special kind of feat re selection problem
s s ch, feat re selection al orithms sho 1d be able to help impro e eneralize
abilit , nfort natel most feat re selection al orithms ork on e plicit feat res
rather than implicit ones ind ced b kernels
erformance of methods as meas red sin fold cross alidation, hich
as repeated  times e to the nbalanced nat re of the n mber of positi e
and ne ati e e amples in this data set e meas red the error rates sin a bal
anced loss f nction ith the propert that chancele elisalossof ,re ardless
of the ratio of positi e to ne ati e e amples n this problem ith the added
noise an S sin the ori inal kernel does not perform better than chance
he res lts of sin the ori inal kernel and the s bpol nomial method are i en
in able he s bpol nomial kernel leads to a lar e impro ement o er sin
the ori inal kernel ts performance is close to that of an S on the ori inal
data itho t the added noise, hich in this case is

We then constr cted an arti cial problem here

the labels can be predicted b a linear r le based pon some hidden ariables
o e er,the isible ariables are a nonlinear combination of the hidden ariables
combined ith noise he p rpose is to sho that the s bpol nomial kernel is
not onl  sef 1in the case of matrices ith lar e dia onals it can also impro e

res lts in the case here a r le alread o er ts he data are enerated
as follo s here are hidden ariables each class is enerated b
a  dimensional normal distrib tion ith ariance 2 , and mean
We then add  more nois feat res for each e ample,
each enerated ith Let s denote the dimensional ector obtained
he rst entries of the kernel atrix of a linear kernel on the colon cancer
roble before an after a ing | s arse, noisy features he a e

features are esigne to create a kernel atrix ith a large iagonal



esults of using a linear kernel on a colon cancer classi cation roble ith
a e noise to ro here ainingro ssho the results of using the sub olyno ial
kernel to eal ith the large iagonal

kernel etho balance loss
original
sgn

this as for e ample as he isible ariables are then constr cted b
takin all monomials of de ree to of tiskno n that dot prod ctsbet een
s ch ectors can be comp ted sin pol nomial kernels Boser et al , ,th s
the dot prod ct bet eent o isible ariables is

We compared the s bpol nomial method to a linear kernel sin balanced
fold cross alidation, repeated  times heres ltsaresho nin able ain,
the s bpol nomial kernel i es impro ed res lts

ne interpretation of these res Its is that if e kno that the isible ari
ables are pol nomials of some hidden ariables, then it makes sense to se a
s bpol nomial transformation to obtain a ram matri closer to the one e
co Id comp teif e ere i en the hidden ariables n effect, the s bpol no
mial kernel can appro imatel e tract the hidden ariables

n the thrombin dataset the problem is to pre
dict hether a i endr binds to a tar et site on thrombin, a ke receptor in

blood clottin his dataset as sed in the no led e isco er and
ata inin C p competition and as pro ided b ont harmace
ticals
n the trainin set there are e amples representin different possible
molec les dr s, of hich bind ence the data is rather nbalanced in
this respect Each e ample has a ed len th ector of , binar feat res
ariables in hich describe three dimensional properties of the molec le

n important characteristic of the data is that er fe of the feat re entries are
nonzero of the trainin matri , see Weston et al , for



esults of using a linear kernel on the hi en ariable roble to ro
he re aining ro s sho the results of using the sub olyno ial kernel to eal ith
the large iagonal

kernel etho classi cation loss
original
sgn

f rther statistical anal sis of the dataset h s, man of the feat res some hat
resemble the nois feat res that e added on to the colon cancer dataset to

create a lar e dia onal in Section ndeed, constr ctin a kernel matri of
the trainin data sin a linear kernel ields a matri ith a mean dia onal
element of and a mean off dia onal element of We

compared the s bpol nomial method to the ori inal kernel sin  fold balanced
cross alidation ens rin an e al n mber of positi e e amples ere in each
fold heres lts are i enin able nce a ain the s bpol nomial method
pro ides impro ed eneralization t sho 1d be noted that feat re selection and
transd ction methods ha e also been sho n to impro e res lIts, abo e that of a
linear kernel on this problem Weston et al ,

esults of using a linear kernel on the thro bin bin ing roble to ro
he re aining ro s sho the results of using the sub olyno ial kernel to eal ith
the large iagonal

kernel etho balance loss
original |




esults of using a linear kernel on the y ho aclassi cation roble to
ro he re aining ro s sho the results of using the sub olyno ial kernel to eal
ith the large iagonal

kernel etho balance loss
original
sgn

We ne t looked at the problem of identif in lar e

B Cell L mphoma b  ene e pression pro lin lizadeh et al , n this
problem the enee pression of samples is meas red ith microarra sto i e
feat res Si t one of the samples are in classes LCL , L or CLL

mali nant and arelabelled other ise s all normal Itho h the data
does not ind ce a kernel matri ith a er lar e dia onal it is possible that the
lar e n mber of feat resind ce o er ttin e en in a linear kernel 0 e amine if
o r method o 1d still help in this sit ation e applied the same techni es as
before, this time sin balanced  fold cross alidation, repeated  times, and
meas rin error rates sin the balanced loss he res lts are i enin able
he impro ement i enb thes bpol nomial kernel s  ests that o er ttin in
linear kernels hen the n mber of feat resislar e ma beo ercomeb appl in
special feat re maps tsho ld be noted that e plicit feat re selection methods
ha e also been sho n to impro e res lts on this problem, see e Weston et al

We then foc ssed on the problem of classif in
protein domains into s perfamilies in the Str ct ral Classi cation of roteins

SC database ersion rzin et al , We follo ed the same prob
lem settin as Liao and Noble se ences ere selected sin the stral
database astral stanford ed cite , remo in similar se ences sin anE al e
threshold of 2 his proced re res lted in distinct se ences, ro ped

into families and s perfamilies or each famil , the protein domains ithin
the famil are considered positi e test e amples, and the protein domains o t
side the famil b t ithin the same s perfamil are taken as positi e trainin
e amples he data set ields families containin at least famil mem
bers positi e trainin e amples Ne ati e e amples are taken from o tside of
the positi e se ences fold, and are randoml split into train and test sets in



the same ratio as the positi e e amples etails abo t the ario s families are
listed in Liao and Noble, , and the complete data set is a ailable at
cs col mbiaed compbio s m pair ise he e periments are characterized b
small positi e trainin and test sets and lar e ne ati e sets Note that this
e perimental set p is similar to that sed b Jaakkola et al , e cept the
positi e trainin sets do not incl de additional protein se ences e tracted from
alar e, nlabeled database, hich amo ntsto akind of transd ction apnik,
al orithm '3
nS re ires edlen th ectors roteins, of co rse, are ariable len th

se ences of amino acids and hence cannot be directl sed in an S osol e
this task e sed a se ence kernel, called the spectr m kernel, hich maps
strin s into a space of feat res hich correspond to e er possible mer se

ence of letters ith at most mismatches, ei hted b prior probabilities
Leslie et al n this e periment e chose and his kernel
is then normalized so that each ector has len th in the feat re space ie,

n as mmetric soft mar in is implemented b addin to the dia onal of the
kernel matri a al e , here is the fraction of trainin set se ences
that ha e the same label as the ¢ rrent se ence see Cortes and apnik
Bro net al for details  or comparison, the same S parameters are

sed to train an S sin the isher kernel Jaakkola and a ssler
Jaakkola et al , see also s da et al , another possible kernel
choice he isher kernel is ¢ rrentl considered one of the most po erf 1 ho
molo  detection methods his method combines a enerati e, pro le hidden

arko model and ses it to enerate a kernel for trainin an S

protein s ector representation ind ced b the kernel is its radient ith re

spect to the pro le hidden arko model, the parameters of hich are fo nd b
e pectation ma imization

or each method, the o tp t of the S is a discriminant score that is sed
to rank the members of the test set Each of the abo e methods prod ces as
o tp tarankin ofthe test setse ences omeas rethe alit of thisrankin |,

e se t o different scores recei er operatin characteristic C scores and
the median rate of false positi es he C score is the normalized
area nder a ¢ r e that plots tr e positi es as a f nction of false positi es for

ar in classi cation thresholds perfect classi er that p ts all the positi es
at the top of the ranked list ill recei e an C score of , and for these
data, a random classi er ill recei e an C score er close to he median
score is the fraction of ne ati e test se ences that score as hi h or better

e belie e that it is this trans uction ste  hich ay be res omsible for uch of
the success of using the etho s escribe by aakkola et al o e er,
to ake a fair co arison of kernel etho s e o0 not inclu e this ste  hich
coul  otentially be inclu e in any of the etho s Stu ying the i ortance of
trans uction re ains a sub ect of further research



esults of using the s ectru kernel ith ontheS P ataset
to ro he re ainingro s a art fro the last one sho the results of using the
sub olyno ial kernel to eal ith the large iagonal he last ro , for co arison,
sho s the erfor ance of an S M using the isher kernel

kernel etho P
original
S M- IS
than the median scorin positi e se ence scores ere sed b Jaakkola
in e al atin the isher S method he res lts of sin the spectr m
kernel, the s bpol nomial kernel applied to the spectr m kernel and the sher
kernel are i en in able he mean C and scores are s perior for

the s bpol nomial kernel We also sho a famil b famil comparison of the
s bpol nomial spectr m kernel ith the normal spectr m kernel and the isher
kernel in i re he coordinates of each point in the plot are the C scores
for one SC famil he s bpol nomial kernel ses the parameter
Itho h the s bpol nomial method does not impro e performance on e er
sin le famil o er the other t o methods, there are onl a small n mber of cases
here there is a loss in performance

Note that e plicit feat re selection cannot readil be sed in this problem,
nless it is possible to inte rate the feat re selection method into the constr ¢
tion of the spectr m kernel, as the feat res are ne er e plicitel represented
h s e do not kno of another method that can pro ide the impro ements
described here Note tho h that the impro ements are not as lar e as reported
in the other e periments for e ample, the to strin kernel e periment of Sec
tion We belie e this is beca se this application does not s ffer from the
lar e dia onal problem as m ch as the other problems E en itho t sin the
s bpol nomial method, the spectr m kernel is alread s perior to the isher
kernel method inall , note that hile these res lts are rather ood, the do
not represent the record res Its on this dataset in Liao and Noble, ,
different kernel Smith Waterman pair ise scores ! is sho n to pro ide f rther
impro ements mean , mean C t is also possible to choose
other parameters of the spectr m kernel to impro eitsres lts t re ork il
contin e to in esti ate these kernels

1 heS ith- ater an scoretechni ue is closely relate to thee irical kernel a ,
here the non- ositi e e nite e ecti e kernel istheS ith- ater an algorith
lus - alueco utation
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a ily-by-fa ily co arison of the sub olyno ial s ectru kernel ith the

nor als ectru kernel left , an the isher kernel right he coor inates of each

oint in the lot are the scores for one S P fa ily hes ectru kernel uses

an , an the sub olyno ial kernel uses Points abo e the iago-

nal in icate roble s here the sub olyno ial kernel erfor s better than the other
etho s

tisadi c It problem to constr ct sef 1similarit meas res for non ectorial
data t pes Not onl do the similarit meas res ha e to be positi e de nite
to be seable in an S or, more enerall , conditionall positi e de nite,
see e  Scholkopf and Smola ,b t,as e ha ee plained in the present
paper, the sho 1d also lead to ram matrices hose dia onal al es are not
oerl lar e tcanbedi c lttosatisf both needs sim ltaneo sl , a prominent
e ample bein the m ch celebrated b t so far not toom ch sed strin kernel
o0 e er, the problem is not limited to sophisticated kernels t is common to all
sit ations here the data are represented as sparse ectors and then processed
sin an al orithm hich is based on dot prod cts
We ha e pro ided a method to deal ith this problem he method s pside
is that it t rns kernels s ch as strin kernels into kernels that ork er ell
on real orld problems ts main do nside so far is that the precise role and
the choice of the f nction e appl to red ce the d namic ran e has et to be
nderstood

We o 1d like to thank li ier Chapelle and ndre Elisseeff
for er helpf 1disc ssions We moreo er thank Chris Watkins for dra in o r
attention to the problem of lar e dia onals
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