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Abstract
The kernel function plays a central role in
kernel methods. Existing methods typically
fix the functional form of the kernel in advance and then only adapt the associated kernel parameters based on empirical data. In
this paper, we consider the problem of adapting the kernel so that it becomesmoresimilar
to the so-called ideal kernel. Weformulate
this as a distance metric learning problem
that searches for a suitable linear transform
(fcature weighting) in the kernel-induced feature space. This formulation is applicable
even whenthe training set can only provide
examplesof similar and dissimilar pairs, but
not explicit class label information. Computationally, this leads to a local-optima-free
quadratic programming problem, with the
numberof variables independent of the number of features. Performance of this method
is evaluated on classification and clustering
tasks on both toy and real-world data sets.

1. Introduction
In recent years, there has been a lot of interest on using
kernels in various aspects of machinelearning, such as
classification, regression, clustering, ranking and principal componentanalysis (Cristianini &Shawe-Taylor,
2000; Sch61kopf & Smola, 2002; Vapnik, 1998). The
basic idea of kernel methods is to mapthe data from
an input space to a feature space Y via some map
~, and then apply a linear procedure there. It is now
well-knownthat the computations do not involve ~ explicitly, but dependonly on the inner product defined
in ~-, whichin turn can be obtained efficiently from a
suitable kernel function (the "kernel trick~*).

choice can lead to significantly impaired performance.
Typically, the practitioner has to select the kernel before learning starts, with commonchoices being the
polynomial kernel and radial basis function (RBF)kernel. The associated kernel parameters (such as the
order in polynomial kernel, or the width in RBFkernel) can then be determined by optimizing a quality
functional of the kernel (Ong et al., 2003). Examples
of quality functionals include kernel target alignment
(Cristianini et al., 2002b), generalization error bounds
(Chapcllc ct al., 2002; Vapnik, 1998), Bayesian probabilities (Sollich, 2002)and cross-validation error.
Instead of adapting only the kernel parameters, a recent dcvclopment is on adapting also the form of the
kernel itself. As all information on the feature space
is encoded in the kernel matrix (also called the Gram
matrix), one can bypass the learning of the kernel function by just learning the kernel matrix instead, using
techniques such as semi-definite programming(Lanckriet et al., 2002) or alignment maximization(Cristianiniet al., 2002b). However,these usually work better
in transduction problems. For the induction setting,
a novel approach that selects the kernel function directly is by using the superkernel (Ong ctal., 2003),
which is a linear combinationof kernels in a reproducing kernel Hilbert space on the space of kernels itself.
A related approach is to obtain this kernel combination by boosting (Crammeret al., 2003). An earlier
kernel adaptation work based on information geometry
has also been proposed in (Amari & Wu, 1999).
Onthe other hand, as a kernel defines an inner product (and, consequently, a distance metric) in the feature space 9r, the kernel design problem can also be
regarded as the problem of finding a good distance
metric or a set of good feature weights in 5r, In
the past decades, a large number of feature weighting methods have been proposed (Wettschereck et al.,
1997). However, standard feature weighting methods
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operate in the input space and the number of parameters (weights) increases with the numberof features.
Hence, they cannot be easily kernelized, as the dimensionality of ~" is usually very large (sometimes even
infinite). Note that some feature weighting methods
have recently been proposed specifically for support
vector machines (SVMs)(e.g., (Grandvalet & Canu,
2003)). However,they again can only select features
in the input space, but not in the feature space.
Another limitation of existing kernel design methods
and most feature weighting methods is that they are
designed for classification problems, and thus assume
the availability of class label information in the training set. However, this is sometimes difficult to obtain and we may only knowthat certain pairs of patterns are similar (or dissimilar). Recently, (Xinget al.,
2003) proposed a distancc metric learning methodthat
utilizes such similarity information using convex programming.Experimentally, this leads to significantly
improved clustering performance. However,it involves
an iterative procedure with projection and eigen decomposition, and becomes very computationally expensive whenthe numberof featurcs is large.
Moreinformally, the kernel can be regarded as a function defining the pairwise similarity betweenpatterns.
For perfect classification (clustering), two patterns
should be considered "similar" if and only if they belong to the same class (cluster). The resultant kernel
constructed from such an "oracle" is called the ideal
kernel (Cristianini et al., 2002b). This, of course, implics perfect knowledge of the problem and such an
"oracle" does not exist in practice.

adaptation method. Experimental results on both toy
and real-world data sets are presented in Section 4,
and the last section gives someconcluding remarks.
2.

Ideal

Kernel

and Alignment

Consider a two-class classification problemwith training set {(xl,yl), .... (xn, y,~)), where E ]~Pand
y E {-1,+1}. The kernel function defines an inner
product or, more generally, a pairwise similarity measure, in thc feature space. In the ideal case where the
class label y(x) for any pattern x can be obtained from
an "oracle", two patterns xi, xj should be considered
"similar" if and only if they belong to the sameclass.
Thus, the optimal kernel, or the so-called ideal kernel,
K* is given by (Cristianini et al., 2002b)1:

.
K~j = K*(xi, xj) ={ 01 y(xi)
y(x,) #= y(xj).
y(xj),

Of course, this requires perfect knowledgeof the problem and such an "oracle" does not exist in practice.
Anotherextreme in kernel design is to avoid the use of
domainknowledgecompletely. However,this will lead
to the trivial kernel and is impossible to learn (Cristianini et al., 2002b). Hence, some prior knowledge
or constraint is always needed in designing the kernel. A commonlyused constraint is that the desired
kernel is a weighted combination of somebase kernels
(Cristianini et al., 2002a;Lanckriet et al., 2002).

While obtaining thc idcal kernel function is infcasible,
in a classification problem, one can at least define the
ideal kernel matrix on the training patterns based on
the providcd label information. As the idcal kernel is
optimal, we can idealize a given kernel by makingit
more similar to thc ideal kernel matrix. The crucial
qucstion, however,is on howto generalize this to pattcrns outside the training set. In this paper, we constrain the kernel adaptation by a linear transform on
~, which can also be regarded as learning the feature
weights or distance metric in Y. Wcthen show that
this can be further extended from classification problems to situations whcre only similarity information
is available. Computationally, we obtain a quadratic
programming problcm, as is commonlyencountered in
the kernel literature.

To assess the quality of a kernel, we will focus on
one particular quality functional called the alignment
(Cristianini et al., 2002b). The (empirical) alignment
of a kernel kl with a kernel k2 w.r.t. to the sample is
(gl,g2)
defined as: A(kl , k2)
where K~
~~,

The rest of this paper is organizedas follows. Section 2
gives a short review on the ideal kernel and alignment
as detailed in (Cristianini et al., 2002a; Cristianini
et al., 2002b). Section 3 describes the proposed kernel

2The Frobenius product between two matrices M=
[mij] and N = [nlj] isgiven by (M,N) = ~ij mijnij.
3Anempirical estimate is concentratedif the probability that it deviates from its meancan be boundedas an
exponentiallydecayingfunction of that deviation.

is the kernel matrix for the sampleusing kernel ki, and
(-,-) is the Frobenius product2. WhenK2 is the ideal
kernel, this (kernel target) alignment can be used
measure the similarity between the kernel and target.
3,
Moreover,the estimate of alignment is concentrated
meaning that if we obtain a high alignment on the
training set, we can also expect a high alignment on
the test set. Finally, high alignment also implies good
generalization performanceof the resulting classifier.
1In (Cristianini et al., 2002b), K~j = -1 if y(xi)

y(x~).
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3.
3.1.

Adapting

the

The Idealized

Kernel

3.2.

Kernel

Recall that the ideal kcrncl can only bc defined on the
training patterns in practice, and so consequently is
the idealized kernel in (2). An important question
then on howto generalize this for unseen patterns. In
this Scction, wefirst address tile linear kernel (and the
feature space is thus identical to the input space), and
the nonlinear case will be postponed to Section 3.3.

In this Scction, we consider idealizing a given kernel K
such that it becomesmore similar to the ideal kernel
K’. A simple way is to modify K to
7 ¯
(2)
k=.~’+~K
,
where 7 _> 0 is a parameter to bc determined (Scction 3.2.3). For a two-class problem, this mcans
Kij = { Kq
Kij + ~ y~Yi =~kyj,
yj.
As both K and K" are valid kernels, so is the idealized
kernel If. Onrestricting the value of 7 to 2,/( reduces
to thc kernel proposed in (Zhanget al., 2002).
As we would expect,/( will have a higher alignment.
Proposition 1 Assuming that 7 > O, then the alignment of the idealized kernel f( will be greater than that

_

of the original kernel K if q’ > n’~ +n’_’ wheren+, n_
are the numbers of positive and negative examples in
the training set respectively.
Proof. The alignments for K and/( are A(K, K’)
<K.K’)
and
(k,K’)
respectively.
Now,
<K*,K’)
= n~++
n_,2(f{,IC’)
= (g
7K,’~*K*) =(K,K*)
+~(n2+
+n~_)
and(f(,K)
(K,K)7(K,K*) +~(n~_ +hi). Using th
e fa
that (K,K) > O, IA(K, K’)I < 1 and the assumption
that 7 > 0, result then follows after somesimplification.
[]
Remark.As 7 > 0, so as long as (K,K’) >_ (i .e., K
is aligned in the "right" direction), then the idealized
kernel will have an increascd alignment.
Extending to C > 2 classes is straightforward. Analogous to (1), the ideal kernel matrix K" will be block
diagonal (after somerow/columnpermutations) of the
form:
’’"
11~n, 0
0
ll~n2 ...

K*~--...

0

¯ ’"

".

0

O

0
:

’

lllnc
where ni is the number of patterns belonging to the
ith class, and 11~, is a ni x ni matrix with all ones.
Obviously, both K" and/( are again valid kernels, and
/-f will have a higher alignment if 7 KK"
> -~. In
~i=1
i
general, we mayassign different weights to different
classes (as whentile classes are highly unbalanced),
and similar properties on f( still apply.

Formulation

as Distance

Metric Learning

First, assume that the original inner product for any
twopatterns xi, xj in input space I~p is defined as sij =
Kq = x~Mxj, where My×
p is a positive semi-definite
matrix. The corresponding squared distance is then
~j = (xi - xj)’M(xi - xj). Onchanging K to fir,
squared distancc will be changed to
Yi = Yj,

R.

(3)

Now,consider incorporating input feature weights as
in (Wettschereck ctal., 1997), and modify the inner
product to
sij

= xliAA’xj.

(4)

Here, Apxp= [al,...
,ap] wherc thc ai’s are a set
of "useful" dircctions in the input space. The corresponding distance metric becomes:

= (x, - xs)’AA’(x,
-

(5)

Note that as AA’is positivc semi-definite, o~ is always
a valid distance metric.
Wenowsearch for an A such that the distance metric
(5) obtained from feature weighting approximates the
desired (3) obtained from the idealized kernel:

<

Y’=YJ’

(6)

In other words, patterns in different classes will be
pulled apart (by an amount at lcast equal to 7) under the modified distance metric, while those in the
same class mayget closer together. This is again in
line with the traditional wisdomof reducing intra-class
variability and increasing inter-class variability.
The above formulation can be easily extended to the
case whereonly similarity information is available. Denote the sets containing similar and dissimilar pairs by
S and 7) respectively. (6) can then be modificd

-

< 0 (x, xi) eS.
_> (x,.xj)e 7).

This setting will bc our mainfocus in the sequel.

(7)
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3.2.1.

PRIMAL AND DUAL

In general, we maynot be able to perfectly enforce (7)
for all pairs in Z) and ,5’. Hence, as for SVMs,slack
variables will be introduced in the optimization problem below. Moreover, recall that A performs a projection onto a set of useful features. This set should
ideally be small, meaningthat a small rank for A (or
AA’, as rank(AA’) = rank(A)) will be desirable.
sume that the eigen decomposition of AA’is UX~U’.
Then, rank(AA’) = rank(E) = IlX~l]0. However,
direct minimization of the zero normis difficult and
hence we will approximate it by the Euclidean norm
]]2~l]2 -IIAA’I]2. The above discussion thus leads to
the following primal problema, which is similar to that
of the u-SVM(Sch61kopfet al., 2000):
minA,,r,~,,

Setting the derivatives w.r.t, the primal variables to
zero, we obtain (on assumingthat A is non-singularS),
AA’

(x,,xi)6z)

. =
=

a~

=-

~
N~ -- ~h~ (X,,Xs) 6 ~).

(13)

+ ~ a,~(xi-xs)’M(x,-xj)

~ a~ ,

(x~,x~)6D

1

(x,, x~)e S, (S)
(x. x~)e
(9)

1

-~

~

%~,((x~
x~
)’(x~
-=
x,
))

~

%~,~,((,,,
- xs)’(,,~
~,
))~

(x.x.O,(x~,x,)eS
(x~,x~),(x~,xt)e~

+ ~ ~ ~,~.((x, - x~)’(x~ - x,))~,

> 0,
7 >w 0.

(x~,x~)e8
(x~,x~)~P

Here, Ns and Nv are the numbers of pairs in S and
D respectively, and Cs,Cz),v are non-negative adjustable parameters.
To solve this constrained optimization problem, we use
the standard methodof Lagrange multipliers. The Lagrangian function is

(14)
subject to

1 ~ ~,~>~,
and

{

(xl,x~)

(x~,x~)~

-- ~ a~j ((xi -- xj)’(M - AA’)(xi
(x~,xi)

+&~)
- ~ a,j
((xi-xj)’(AA’-M)(xi-xj)
(x~,x~)6D
(10)

4Notethat dii =dii==0 and hence(7) is alwayssatisfied
when i = j (with {i~ = 0). Thus, in the optimization
problem,we only needto consider those ~ij’s with i ~ j.

(1~)

C~(x~,x~)
e:D

_c_~_(x~,xs) 63,
0 -< a~
<
~ (xi, x~)eZ).
~
N~

,= Ca

-’7 + ~ij) - ~ ~ij~,./ - #7.
i>j

(12)

~ a~j(xi-x~)’M(x,-xj)
(x~,x~)
68

-~

(1

,

Substitute into (10), the dual problem becomesmaximizing (w.r.t. the air %)

subject to

1

~ ~,~-~
(x~,x#)
6~)

(xi,x~)£Z~

d,~ > d~ - ¢,j,

- ~ ai~(xi-x~)(xi-x~)’
(x~,x~)

+ ~ a,~(X,-- X~)(X~
-- Xj)’,(11)

~IIAA’Ig
+ Cs~ ~,~
Ns (xl,x~)6s
+c~ -.~+~

=

(16)

This is a standard quadratic programming(QP) problem with Ns+Nz)variables (which is independent of p,
the dimensionality of x). Being a QPproblem, it thus
does not suffer from the problem of local optimum.
Recently, (Xing et al., 2003) also proposed a distance
metric learning method based on similarity information by using a full (or diagonal) distance metric matrix. However, this leads to a convex programming
problem with p= (or p) variables when a full (diagonal) matrix is used, and involves an iterative procedure comprising projection and eigen decomposition.
It is thus more costly, especially whenp is high.
~Thisis alwaysthe case in the experiments. Geometrically, this meansthat the neighborhoodat any point will
not extendto infinity.
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Finally, using (11) and the ali’S obtained from the
dual, we can compute the modified inner product from
(4) and the corresponding distance metric from (5).
3.2.2.

"SUPPORT

VECTORS"

AND "ERROR

PAIRS"

In general, the Lagrangianmultipliers in a constrained
optimization problem measure the rates of change in
the objective function, consequent upon changes in the
correspondingconstraints. Hence, aij reflects howdifficult it is for the modificd distance metric d to satisfy the requirements in (7). By studying the KarushKuhn-Tucker(KKT)conditions of the primal problem,
wc obtain the following proposition:
Proposition 2 For (xi, xi) 6 D,
O<aij<
=9’ c--p-

>~ ~,~=0, ~’

%-G

-<7 aij

= ~,

>_0 aq = O,
c~
<_0 aq = Ns"

ProoL The KKTconditions of the primal are:
= 0, (xi,xd)

6S,(17)

%(~-d,~-~+Os)
= o, (x,,xs) eT),(18)
v~¢~j = o,
~ = o.

(19)
(20)

When(xi,xj) 6 7), thcrc are three possible cases.
First, 0 < aij < -~v" (18) gives

d,~- ~,5- ~,+¢,~=0,

(21)

while (13) leads to r/ij > 0, whichin turn gives ~ij =
on using (19). Putting this back into (21), we obtain
d~j - ~j = 7. For the second case, consider aij = 0.
Again, from (13), we have r/ij > 0 and thus ~ij =
Substituting back into the constraint in (9), we obtain
v_
di72 - ~j > 7. For the last case, consider aid = eNv"
Again, aij > 0 leads to (21). Moreover, from (13),
~ij = 0 which means ¢ij may be nonzero (from (19)).

Thus - <%

Now,consider (xi,xj) 6 S. When0 < aij < ~g~-%,(17)
gives

d,~- ~.
u + ~:ij = O,

VALUE OF 9’

Consider taking a pair (xi,xj) 6 7) such that
~ij < g_v_
No" Using Proposition 2, 7 can then be obtained as 7 = ~j - ~j (which is also intuitive from
(7)). In the implementation, we obtain an average
value of 7 over all (xi, xj) pairs that satisfy the above
criteria.

=0 0<%<~,

aq(4j-~q+~ij)

Remark. In other words, when the Lagrange multipliers are nonzero but less than the upper bound, the
constraints in (7) will be exactly met. Whenthe Lagrange multipliers are zero, the constraints in (7) will
be met with a larger "margin" and the corresponding pairs will not appear in the final solution in (11)
(i.e., they are not "support vectors"). Finally, when
the Lagrange multipliers are at the upper bound, the
constraints in (7) maybe violated ("error") and
corresponding scij’s maybe nonzero. The situation is
thus analogous to that of SVM.
3.2.3.

whereas for (xi,xj) 6 S,
di~ - di~

~j - ~j = 0. For the second case, consider aij = 0.
Again, from (13), we have ~/ij > 0 and thus (ij =
Substituting back into the constraint in (8), we obtain
~
2
dij
- ~j
> O. For the last case, consider aij = N~s-s.
Again, a O. > 0 leads to (22). Moreover, from (13),
~/ij = 0 which means (ij may be nonzero (from (19)).
Thus ~j - ~ 0 <0.
[]

(22)

while (13) leads to 71ij > 0, whichin turn gives (ij -on using (19). Putting this back into (22), we obtain

3.2.4.

INTERPRETATION

OF

U

Analogousto v-SVM(Schglkopf et al., 2000), we have:
Proposition 3 v is a lower bound on the fraction of
support vectors in 7). Moreover, if 7 > O, then v is
also an upper bound on the fraction of error pairs in
7).
Proof. From (15), (16), we

Recall that there are Nz) aij’S in 7) and all support
vectors have aq > 0. Hence, v is a lower bound on
the fraction of support vectors in 7). Moreover, as
7 > 0, then # = 0 from (20), and (12) yields
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The inequality holds as the second summationincludes
only a subset of the nonzero aij’s- Recall that for the
7;::~smoT:Dpp:i~::d t:: :::f;ab~i::df~e~rroH;:~rCs
in D.

[]

with those of the original kernels (linear kernel and
RBFkernel) and, wherever possible s, those of (Xing
et al., 2003) with a full distance metric matrix. To
reduce statistical variability, results here are basedon
averages over 50 randomrepetitions.

3.2.5. HEURISTIC FOR COMPUTATIONAL
SPEEDUP

TaMe1. Datasets used in the experiments.
data set
dim class # patterns
toy
11
1
50
2
50
colon
2000
1
22
2
40
lymphoma 4026
1
61
2
35
soybean 35
1
10
2
10
3
10
4
17
wine
12
1
59
2
71
3
48

Recall that our QP problem has Ns + N79 variables.
Whensimilarity information is abundant, Ns+N79can
be of O(n2) for a data set with n patterns, and hence
computationally expensive for large data sets. In this
paper, we use a simple heuristic inspired from locally
linear embedding (Roweis & Saul, 2000). The basic
idea is that for each pattern x, its local neighborhood
will be the most influential. Hence, we only select the
mclosest (x, xj) pairs in S and 79 such that each
these xj’s is also within a radius of R from x8. Thus,
Ns + No will at most be of O(n).
3.3. Kernel Version
The previous results can be easily kernelized by replacing all the x by ~o(x), where~o is the feature map
corresponding to the original kernel K. The idealized
kernel/£ is then given by:
K(xa,Xb)

= --

o~ij(gai-gaj)(gib- gj
(Xl,Xj)ES

+ E aij(Kai
(xi,x~)E79

- Kaj)(Kib

- Kjb).

and the distance mctric is:

~
g~(x~,xb)

= - ~ ~(g.~-K~j-Kb~+gbj)
(xl,x~)~S
+

4.1.

With Similarity

Information

Only

The experimental setup is similar to that in (Xing
et al., 2003). S is generated as a random subset of
all pairs of patterns that belong to the same class.
Its size is chosen such that the number of resulting
connected components is roughly 70%of the size of
the original data set. The learned distance metric is
then used for both classification (using the 1-nearest
neighbor classifier) and clustering (using the k-means
clustering algorithmg).

2.
~,j (Ks, - KaO
- Kb,+ Kb~) As can be seen from Tables 2 and 3, the learned met-

(xi,xDeT~

4. Experiments
In this Section, we perform expcriments on one toy
data set and four real-world data sets (Table 1)7. The
toy data has one relevant feature, for which the first
class is normally distributed as N(3, 1) and the second
class as N(-3, 1), and ten other irrelevant features,
each of them is distributed as N(0, 25).
Experimentsin Section 4.1 assumeonly the availability
of similarity information, while Section 4.2 uses a standard classification setting. Our results are compared
~In the experiments, mis set to 5 and R is set to the
medianof distances for all pairs in S and D.
~soybean and wine are from the UCImachine learning repository, while colon and lymphorna are from
http://www.kyb.tuebingen
.m pg.de/bs/people/weston/10.

ric leads to better classification and clustering results.
Figure 1 showsthe kernel matrices for the toy data on a
SAs mentionedin Section 3.2.1, the numberof parameters in (Xing et al., 2003)scales quadratically with the
numberof features. Hence, we cannot apply this method
on the colon and lymphoma
data sets, nor for adapting the
RBFkernel (which induces an infinitely-dimensional feature space).
9Here,k is set to the numberof classes in each data set.
Moreover,clustering accuracy is defined as (Xinget al.,
2003):
accuracy=~ l{l{cl

0.SJn}(n 1{~i ~j}}
-- 1)

where 1{.} is the indicator function, n is the numberof
patterns in the data set, ci is the true cluster label for
pattern xl, and di is the correspondinglabel returned by
the clustering algorithm.
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Table2. Classification errors with kernel adaptation using
similarity information.
data
set
toy
colon
lymphoma
soybean
wine

kernel
linear
rbf
linear
rbf
linear
rbf
linear
rbf
linear
rbf

Euclidean
metric
28.25%
27.75%
28.75%
27.83%
14.17%
11.00%
2.82%
1.76%
28.03%
27.36%

learned
Xing
metric
ctal.
9.83%
9.83%
16.50%
17.08%
22.67%
8.50%
9.94%
0.11%
0.71%
0.94%
12.00% 13.00%
26.28%
-

typical run of the clustering expcrimcnt. The original
kernel matrix corresponding to the Euclidean metric
(Figure l(a)) is very noisy, due to the presence of
relevant features. In contrast, those obtained from the
learned metrics exhibit clear block structures, though
the one produced by (Xing et al., 2003) still has some
undesirable lines (Figure l(c)).
Table 3. Clustering errors with kernel adaptation using
similarity information.
data
set
toy

kernel

linear
rbf
colon
linear
rbf
lymphoma linear
rbf
soybean
linear
rbf
linear
wine
rbf

4.2.

Euclidean
metric
44.67%
49.84%
22.85%
17.77%
20.50%
20.50%
16.37%
15.55%
28.13%
27.96%

Xing
learned
metric
et al.
0.00%
1.89%
0.00%
17.72%
14.87%
11.14%
15.08%
0.00% 0.00%
0.00%
22.37% 26.54%
26.88%

With Class Label Information

In this Section, we employ a standard classification
setting. A subset of patterns (60 for toy, 50 for colon,
60 for lymphoma, and about two-third of the whole
data set for soybean and wine) are randomly selected
to form the training set, while the remaining patterns
are used for testing. The sets S and D are constructed
by defining two patterns as similar if they belong to
the same class, and dissimilar othcrwise.

(a) Before.

(b) After.

Figure I. Kernelmatriceson the toy data (with linear kernel).

Table 4 showsthe classification results and the changes
in aiignmcnts. Again, our method compares favorably
with the original kerncl and (Xing ct al., 2003). Morcover, the alignments on both the training and test sets
typically improvc after adaptation.
5. Conclusion
In this paper, we propose a kernel idealization scheme
that aims at adapting a given kernel to be moresimilar
to the ideal kerncl. Bccausein practice the ideal kcrncl
can only bc defined on the training patterns, this cannot be achieved in a straightforward manner. However,
by noting that a kernel effectively defines a distance
metric on the corresponding feature space, we formulate this idealization task as a distance metric learning problemthat looks for a suitable linear transform
(feature weighting) in the feature space. Moreover,
this formulation only requires a training set with examplesof similar and dissimilar pairs, but not explicit
class label information. Computationally, it leads to
a local-optima-free quadratic programmingproblem,
with the number of variables is independent of the
number of features. Experiments on toy and realworld data sets demonstrate that our proposed method
yields improvedperformanceon both classification and
clustering tasks, with the presence of either similarity
or class label information.
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data
set
toy
colon
lymphoma
soybean
wine

TaMe4, Classification errors with kernel adaptation using class label information.
Xing
train align train align test align
kernel Euclidean learned
metric
metric
et al.
(before)
(after)
(before)
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0.60
0.61
linear
2.82%
0.12%
0.59%
0.70
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