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Abstract

Classical kernel-based classifiers use only a single kernel, but thesgd applications have empha-
sized the need to consider a combination of kernels - also known as a miatipk - in order to boost the
classification accuracy. Our purpose is to automatically discover the matival expression of a multiple
kernel by evolutionary means. In order to achieve this purpose wmpeoa hybrid model that combines a
Genetic Programming (GP) algorithm and a kernel-based Supportr\idatthine (SVM) classifier. Each
GP chromosome is a tree encoding the mathematical expression of a mkeétipé. The multiple kernel
which is evolved in this manner is compared to human-designed kernelsily several real-world data
sets. Numerical experiments show that the SVM embedding the evolvitglmiernel performs better
than the standard kernels for the considered classification problems.
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1 Introduction

Various classification techniques have been used in ordeetect the labels correctly associated to some
items. Kernel-based techniques (such as Support Vectohima¢SVM) [1]) are an example of such inten-
sively explored classifiers. These methods represent tiaebgameans of a kernel function, which defines
similarities between pairs of data [2]. One reason for treesss of kernel-based methods is that the kernel
function takes relationships that are implicit in the datd enakes them explicit, the result being that the de-
tection of patterns takes place more easily. Thus, eactekimction extracts a specific type of information
from a given data set, thereby providing a partial desaniptir view of the data.

In general, the kernel-based classifiers only use a singieekéwhich is chosen from among some
classical kernels and which may not always be suitable fercthssification problem), but the real-world
applications and the recent developments of various kene&hods have emphasized the need to consider a
combination of kernels or, more exactly, a multiple kerméK{ [3, 4]. This combination could be a linear



one (asin [3, 4, 5, 6]) or a more complex combination. Foransg, if we have three classical kerndis,,

K, and K3, a multiple kernel could bé(; + K, * K5 or exp(K; + K3) x Ky. A multiple kernel could
improve the performance of the SVM algorithm (or other kétveesed methods) because it is flexible and
reflects the fact that the learning problem often involvedtipie, heterogeneous data.

Moreover, the optimal design of the kernel function and efthlues of a small number of parameters is
known in literature asnodel selectiofb]. This task is usually performed by training a number afsslifiers
with different permutations from a range of kernel funci@nd parameters and by subsequently retaining
the configuration generating the optimal performance omdependent set of validation patterns [3, 5].
There are also two evolutionary approaches [7, 8] that camdrgtioned, both of which are based on GP.
They evolve the expression of a single kernel used by the S\gdrithm: the input vectors are used as
terminals and some mathematical operators (scalar andri@ftompose the function set.

Instead of repeating the classification task with diffed@rhels and parameter configurations, we pro-
pose an evolutionary approach in which the problem itsalfdchoose the best combination of kernels or
the multiple kernel expression that best represents aliefrtformation available for a given learning task.
Roughly speaking, the problem finds the multiple kernel eggion corresponding to a classification task
without any outside help, in other words, by itself.

In order to achieve this goal, we combine the Genetic Progriaign (GP) [9] and the SVM algorithms
[1, 2, 10, 11] within a two-level hybrid model. This GP-basmgaproach yields a general methodology for
combining many kernels, each GP chromosome encoding apteukiernel. The evolved multiple kernel
(eMK) is then embedded into a standard SVM algorithm whiaksisd for solving a particular classification
problem. The eMKs are compared to several well-known hudesigned kernel functions. The proposed
method is able to deal with thousands of examples while coimgppihundreds of kernels within reasonable
time.

This research is rooted in the need to answer several imparteestions concerning the expression of
a multiple kernel. The most important questiomisether it is possible to learn the MK function by using
some training annotated datnd, in the case of a positive answ&hich are the symbols (or the kernels)
that have to be used within a MK for a given classification peail? We had better let the evolution find the
answer for us.

The paper is organized as follows: Section 2 outlines thertheehind SVM classifiers giving a par-
ticular emphasis to kernel functions. An overview of theatetl work in the field of finding the optimal
expression for the kernel function is made in Section 3. i8ect describes the proposed technique for
evolving multiple kernels. This is followed by Section 5 whehe results of the experiments are presented.
Finally, Section 6 concludes our paper.

2 Support Vector Machine

SVMs can solve binary or multiple-class problems. SVMs haniginally been proposed for solving the
binary classification problems [1, 12]. Consequently, theoepts within SVMs will be explained on binary-
labelled data. However, our model can be used for solvinglpros with any number of classes.

Suppose the training data has the following folbh= (z;, yi)i:fl’ where everyr; € R¢ represents an
input vector and eachy, y; € {—1,1}, an output (or a label). We are interested in finding a fumcfidhat
takes the set of inputs and provides the output = f(x). The aim is to find the functiorf using just the
set of observation®. This function can be viewed as a decision frontier (a hylae® (v, b)) that separates
the input data into two regions:

f(z) =(w,z) +0,



wherew = ). o;z;. The problem is an optimization one: finding the solutidrthat satisfies the inequality
y; X f(x;) > 1. The vectorse; with «; > 0 are called support vectors.

Because not all input data-points are linearly separable,dossible to use a kernel function. Kernel
methods work by embedding data items into a vector spacalled a feature space, and by searching linear
relations in such a space [3]. This embedding is implicigfimed by specifying an inner product for the
feature space via a positive semi definite kernel functidn;, z) = (®(x), ®(z)), where®(x) and®(z) are
the embeddings of data itemsandz.

Note that if all that is required in order to find those linegliations are inner products, we do not need
to have an explicit representation of the mappingMoreover, we do not even need to know the nature of
the feature space. The only requirement is to be able to @&eathe kernel function, which is often much
easier than explicitly computing the coordinates of thenfwiEvaluating the kernel on all the pairs of data
items yields a symmetric, positive semi definite mafkiXxknown as the kernel matrix or Gram matrix [13],
which can be regarded as a matrix of generalized similasitywhat concerns the measures) among the data
points.

By using kernels, the solutions could be expressed like famedfinction:

f(@) = (w, ®(x)) + b,

for some weight vectow. The kernel can be exploited whenever the weight vector eaexpressed as a
linear combination of the training points, = 22:1 a; ®(z;), implying thatf can be expressed as:

1
flx) = Zaik(xi,x) +b.

The kernel formalism allows different kernels to be comidinBasic algebra operations such as addition,
multiplication and exponentiation preserve the key pripefor a kernel (the positive semi-definiteness and
the symmetry) and thus allow a simple, but powerful algelbtemels to exist [2, 14].

For instance, given a set of kerngl&;, K>, ..., K,,}, we can form the linear combination

m
K=> w*K,
=1
where the weights; are constrained to be non-negative to assure semi-defsida].
Or, even better, we can consider complex combinations oigter
K+ Ky % K3

or
cx Ko+ K3 * exp(Ky),

wherec is a constant. In this paper we focus on this kind of kernellmioation (or a multiple kernel) and
we try to discover its expression.

3 Reated work

Evolutionary techniques have been used in the past for impbther complex structures.: the expression of
crossover operator applied in genetic algorithms for fiimcoptimization [15], a hon-generational EA [16]
or a generational EA [17] are only few examples.



Regarding the SVM kernel expression, several methods [B8bhave been proposed for optimizing
the parameters of the kernel functions, but, to our knowdedaly two attempts [7] and [8, 19] deal with
the shape of a single kernel embedded into a SVM algorithnihdee approaches, the authors have tried
to find an optimal kernel function using genetic programmtiechnique. There are several and important
differences between their approaches:

D1 function set the model from [8] used only few binary operatots (-, x), while that from [7] extended
the function set by adding:

e several unary scalar operations (suclkgs sin, cos, log),

e some norm functions (EN, SP, GN - that transform Rfespace intd? space and create the link
between the GP tree part reserved®drspace and the GP tree part reservedi@pace) and

e several element-wise operatioms, &, ®).

Moreover, the model proposed in [8] has used the same fums&bfor both type of operations (scalar
and vectorial). The model developed in [7] has used two idiffefunction sets (one for scalar operations
and one for vectorial operations).

D2 terminal set- in the model from [8] the terminals can be either vectorthegi scalar values. In the
approach from [7] the terminals are only vectors. Moreother,authors have used in [8] a trick: their
model decides the type of operators (scalar or vector) barsdiue type of arguments (if both arguments
are scalar then the function is scalar and if least one ofddsam vector, then the vectorial meaning for
the operator is used). The other model (from [7]) decidestthe of operands based on the type of
functions. Starting with the initialization stage and éoning with the crossover and mutation steps,
the set of functions contains both scalar and vector operatbich is used for generating/obtaining
valid kernel expressions (unlike the other approach wezectitrectness of the kernel is imposed after
the construction stage).

D3 Mercer conditions the positivity and the symmetry of evolved kernels from fir¢ verified when a
kernel is evaluated (the expressions that do not satisfseticenstraints are penalized). Unlike this
approach, [8] firstly has evaluated the kernel encoded ir&aree on two samplesandz. These
samples are swapped and the kernel is evaluated again. Tipeadiuct of these two evaluations is
returned as the kernel output. In this manner, he obtainedrstric kernels, but does not guarantee that
they obey Mercer’s theorem. Moreover, the dot-product ajpem increases the kernel complexity.

The approach presented in this paper also uses GP for egdteimels. But, the trees encoding ker-
nels are more complex this time since they can contain, iin s@ves, other standard kernels whose good
performance was already proven.

Regarding a multiple kernel, only three attempts for findimg weights of a combined kernel for SVM
algorithm were found in the literature. Recently, two nevpra@aches [3, 4] have considered the conic
combinations of kernel matrices for the SVM and have showed the optimization of the coefficients
of such a combination reduces to a convex optimization prabknown as a quadratically constrained
quadratic program. The authors have shown how the kernebxcah be learnt from data via semi-definite
programming [3] and via semi-infinite linear programming. [4The other attempt [20] is an improved
approach of [3]. It has proposed a novel dual formulatiomefquadratically-constrained quadratic problem
as a second-order cone-programming problem.



Both approaches are matrix-based techniques becausethircéses, the algorithms learn the kernel
matrix (or the Gram matrix) associated to the multiple keriee model selection can be viewing in terms
of Gram matrices rather than kernel functions.

The paper [21] describes an approach to optimizing kernelrpaters for some standard kernels, and
then combining those kernels through addition and/or plidation to yield a multiple kernel.

Another approach [22] uses genetic algorithms (GAs) [2BEfmlving the weights of a linear combi-
nation of kernels. The model proposed in [22] can be consilan evolutionary alternative to the above
approaches. Each GA chromosome encodes the weights ofrefidldiial kernel (see Table 1) involved into
the linear combined kernel. Each weight is a real value frgparicular range. An uniform arithmetical
crossover [24] and a Gaussian mutation [25, 26] have beahhys@.8 and, respectively, 0.1 probabilities.

4 Proposed model

The model for evolving the mathematical expression of aiplelikernel is described in this section. Our
hybrid approach combines a GP algorithm and an SVM algoritlitach GP chromosome encodes the
expression of a multiple kernel used by the SVM algorithme Ghality of a GP chromosome is given by
the classification accuracy obtained through running thel8igorithm (which involves the multiple kernel
encoded in the current GP tree) in order to solve a parti@ldessification problem.

GP
!
Selection

v

Crossover

v
Mutation RN
T d{% Space
Mapping

Evaluation | using the
“TAcc Rate \ Evolved Multiple
l Kernel

Figure 1: Sketch of the hybrid approach

4.1 TheGP representation of a multiple kernel

In our model, the GP chromosome is a tree encoding the matluainexpression of a multiple kernel. The
GP individual representation is based on the kernel algefréiore complex kernels (or multiple kernels)



can be obtained from simple kernels by transforming or cainpithe latter ones according to specific rules
(which regard the positiveness and the symmetry of the Gratnixrj13]).

A simple way of combining more kernels is very similar to thethod used for evolving mathematical
expressions (as in the case of regression problem): thelkeptay the part of regression variables while
regression operations are replaced with those performiebe kernels. Despite the fact that any mathe-
matical operator can be used in the regression problem,ricase we must restrict the functions involved
in the MK expression. Why? Because not all the operationopadd between kernels provide another
valid kernel. Only several mathematical functions presghe key properties of the kernel functions (the
positiveness and the symmetry of the Gram matrix), suaddgion multiplicationandexponentiatiorj2].

In kernel algebra theory th@werfunction is also specified, but this operation (with a ndtergonent) can
be obtained as a repeated multiplication. Therefore, thetion set will contain only these three operations
allowed to be performed between kerneiss = {+, x,exp}.

The terminal set contains several classical kernels (ssitihear kernel, polynomial kernel, radial basis
function (RBF) kernel) and some ephemeral random consfaht§’s = KT'S U {c1, ca, ... cm }, Where
KTS represents the terminal set of classical kernels. Notezahatnel-GP tree must contain at least one
kernel in its leaves (the number of kernel terminals invdliean MK must be greater than or equal to 1),
otherwise the obtained expression is only a mathematieglamd not a kernel function.

The proposed model uses a particular type of GP tree: iteseawntain either a kernel or a constant.
Some additional information must be added to the kernelele®f the tree. More exactly, a kernel is a
function with two argumentsi(andz) that represent the input instances; the kernel has to nese thputs
into another space and it should be a larger one. Theretoedeaves that contain a kernel will have two
other little-leaves associated to them. The latter onegspond to the input vectors.

An example of a GP chromosome is depicted in Figure 2. We haed BS = {+, x,exp} and
TS = {Ki, K5, Ks,c1,¢a,...cn} for this chromosome, but only two functiong @nd x), two kernels
(K, andK3) and two constants:{ andcs) are actually involved in the MK expression.

Figure 2: Example of a chromosome - the nodes representedlidycecles contain the GP tree symbols
(functions, kernels or constants) and the nodes repraséytelashed circles contain the input vectors (
andz) for a kernel. This chromosome encodes the following midtkernel expression(Ks(x, z) + ¢1) X

c1 X Koz, 2) x (K3(x,2) X Ka(x,2) + c2).



4.2 Genetic operations

Initialization We use thgrow method27] which is a recursive procedure for initializing a GPiindual.
The root of each GP tree can be a function fréifi. If a node contains a function, then its children will be
initialized either with another function or with a termir(@ kernel or a constant). The initialization process
is stopped at the maximal level of the tree where we put a teximFor obtaining a valid MK, at least one
GP tree leaf has to contain a kernel (otherwise, we only nlatagimple mathematical expression).

Crossover Just like mutation, crossover is performed in a structuesgrving way for ensuring the syntac-
tical validity of the offspring. The proposed model uses a-ontting point crossover, but with a restriction:
the cutting-point must be chosen in such a way that the offgprill contain at least one kernel in its leaves.

| B B K |

Offspring 1 Offspring 2

Figure 3: Example of a crossover - the parent chromosomeslerihe combined kernel6K s (x, z) 4 ¢1) x
Ky(z,2) X (K3(x,2) X K1(z,2) + ) and(Ka(x, z) + ¢2) X ¢1 X Ka(z, 2) X (K3(x,2) X Ko(x,2) +¢1)
and the offspring kernels aréKs(xz, z) + ¢1) x (Ks(x, z) x Ka(z,2) +¢1) X (K3(x, 2) x Ki(x, 2) 4 ¢2)
and(Ky(z, z) + ¢2) X ¢1 X Ka(z,2) x Ka(z, 2)

Mutation A cutting point is randomly chosen: the subtree belonginth&i point is deleted and a new
subtree is grown there using the same random growth prdeaissas used to generate the initial population.
Note that the growth process is limited by a maximal heiglivad for the GP trees and, like in Koza’s
implementation [9], new constants may be generated by thation operator at any point in a run.



Parent Offspring

Figure 4: Example of a mutation. Mutating the chromosdifig(z, z) + ¢1) x Ka(z,2) x (K3(z,2) X
Ki(z, z) + ¢2) we obtained the combined kerndXs(x, z) + Ka(x, 2)) X ¢3 X Kao(x,2) x (K3(x,z) %
Ki(z,2) + c2)

Note that the initialization, recombination and mutatigeators always generate valid kernels.

4.3 Fitnessassignment

Before presenting the details about the chromosome ei@hyate must provide information about the data
sets. Each data set is randomly divided into two subsetainfirg” and “testing” sets, data set partitions
that correspond to the learning and testing steps of the Sigbtithm. The SVM algorithm (embedding a
standard kernel in general and embedding the eMK in our nzaa) uses the first two thirds of a data set
for learning the model and the last third of each data seeftirtg purposes.

The quality of a GP chromosome is given by the accuracy rager(timber of correctly classified items
over the total number of items) computed by the SVM (that asdeernel the eMK encoded into the current
GP individual) on the test data set.

For evaluating the quality of an eMK, we also have to look #ttkernel is a valid one (with other words
if the eMK satisfies the Mercer conditions [13]). It is pogsito use an evaluation method that penalizes the
“invalid” eMKs, but we do not need it because the initialipatprocess and the genetic operators guarantee
the correctness (from a kernel’s point of view) of a GP chreamoe.

4.4 TheAlgorithms

The algorithms used for evolving the multiple kernel arecdibgd in this section. We deal with a hybrid
technique structured on two levels: a macro level and a nhéwel.

The macro level algorithm is a standard GP [9, 27] used folvawp the mathematical expression of a
multiple kernel. We use a steady-state evolutionary ma2igl 29] as underlying mechanism for our GP
implementation. The GP algorithm starts by creating a randopulation of individuals. Each individual
is a tree that encodes the expression associated to a ruiipiel. The following steps are repeated until a
given number of generations are reached: two parents aetsdlusing a standard selection procedure; the
parents are recombined (using one-cutting point crosyaverder to obtain an offspring; the offspring
is considered for the mutation which is performed by repla@ sub-tree with another sub-tree generated



using the same procedure as in the initialization stageoftispring O replaces the worst individud in
the current population i© is better thari?’.

The micro level algorithm is an SVM algorithm. It is takenrfn@ibsvm [30] and it uses the 1-norm soft-
margin approach [2, 31]. Original implementation of the S¥Mgorithm fromlibsvm [30] allows the use of
several well-known kernels (see Table 1). In our experisiemé used a modified version of this algorithm
which is based on our evolved multiple kernel. In order to pate the quality of each GP individual, we run
the SVM algorithm embedding the evolved multiple kernel velaccuracy rate computed by the classifier
will represent the fitness of the GP tree.

Table 1: The expression of several classical kernels

Kernel name Kernel expression

Linear Krin (x,2) =x%*2z

Polynomial Kpoi (z,2) = (y*x* 2z + coef)?
Radial basis function  Kgrpr(x,z) = exp(—y * |x — 2|?)
Sigmoid Kgig (z,7) = tanh(y %z * z + coef)

5 Experiments

We have performed several computational experiments: farpgince analysis of our hybrid approach, a
performance comparison between the eMKs and some othezlgkghuman-designed) and a testing of the
eMKs generalization ability.

In our experiments we have used several data sets taken frachive Learning Repository UCI [32].
All data sets contain information about real-world probéem

e P, — classification of radar returns from the ionosphere,
e P, —breast cancer classification,

e P3; —heart disease diagnosis,

e P, andP; — classifications of personal income.

For the GP algorithm we have used a simple steady-state f2&e29] and a population of 50 individ-
uals that are evolved during 50 generations. The maximahde&pa GP tree has been limited to 10 levels.
For chromosome selection, we have used the binary tourrtamemhanism and the crossover and mutation
operations have been performed with 0.8 and respectivdyrobabilities.

The general paramete€’] of the SVM algorithm has been set to 1 in all the experime@s. what
concerns the other SVM parameters (or better said, theichdiVkernel parameters), we have used different
values, corresponding to different terminal sets involvedur experiments.

5.1 Evolvingthe MK function

A multiple kernel is evolved in this experiment. In oder twke this kind of kernel we use two different
terminal set types: a terminal set that contains only ségtaiadard kernel&7'S and a mixed terminal set
that contains standard kernels and constahisS = KT'S U {c1,ca,...cm}-



We have to note several things about the value of constants, . . . ¢,,,. Mercer conditions [13] impose
that these constants must be positive. [3] suggest®thgrange for all the constants. Therefore, we use
the interval from O to 1 for all the constants j = 1, m.

Different types ofT S are used in the numerical experiments:

e aT'S with different standard kernels
KTSy ={Krin, Kpot, Krpr, Ksig};

in our experiments we use for the standard kernels (see Talke following parametersy = 0.9,
coef =1, degree = 3;

e a TS that contains the same kernel (but with different paramsgteve select the well-known RBF
kernel:
=10 =1 =0.1 =0.01
KTS; = {KI’Y%BF’K:%BF’K}%BF 7K}§BF b

The difference between these kernels is determined by tlie wd they parameter (10, 1, 0.1 and
0.01, respectively - these values are commonly used iratites [5]);

e aT'S with different standard kernels and constants

]V[TSl = KTSl U {017027...,Cm};

e aT'S that contains the same kernel (but with different pararmsg¢tand constants

MTSQ = KTSQ U {61762, N ,Cm,}.

During different runs, we have obtained various expressionthe multiple kernel function, all of which
have about the same complexity. For instance, in four paaicuns (with differenf’S compositions) we
have obtained the following MKs for the probleRj:

KTS;q: eMK =Kgrpr + Krin + Krpr

KTSy:  eMK =K} + Kjipe

MTS;: eMK =Kprpr X Krin + 087 X Kgrpr + Krin
MTSy:  eMK = K}pp' x (Kjhpe +0.82)

Figure 5 depicts the evolution of the quality for the besivittlal from the population along with the
number of generations (for all the problems). We can obstiatethere are only small improvements in the
chromosomes quality (or in the accuracy rate).

after the first 15 GP generations for most of the problemss &kpect is very important and it proves
that the GP model can find an efficient MK in only a few generetio

The performance of eMKs based on variduSs is presented in Table 2: the first four rows contain the
accuracy rates (for each problem) computed by the SVM algarinvolving the best eMK. This eMK is the
best MK obtained at the end of the evolutionary process (#s¢ 8P chromosome from the last generation).
In Table 2 we also present the performance of three cladsizakls for the test problems (the last three
rows).
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Figure 5: Fitness (Accuracy RateAec) evolution for the best multiple kernel for all the test pierhs (P,
P, Ps, Py, P5) along with the number of generations. We have tested diftef S compositionsK 751,
KTS,5, MTS, andMTSQ
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Table 2: The accuracy rate of various kernels. The first fowsrpresent the accuracy rates computed by
the SVM algorithm embedding the best eMK obtained for eashgmoblem (in this case the training stage
is performed on the first two thirds of a data set and the tagesis performed on the last third of each data
set). The results are averaged over 10 runs. The last thweeaantain the performance of the classical
kernels for each test problem.
Py Py Ps P, P
KTS KTS; 86.11 98.03 86.39 83.73 88.31
Train and test on KTS; 83.33 97.81 86.39 84.22 88.99
the same problem MTS MTS; 8056 98.03 86.39 83.73 88.13
MTS; 83.33 97.81 85.21 84.30 88.48
Krin 75.00 96.49 75.74 78.41 86.33
Standard Kernels Kgrpr 77.78 97.15 7751 75.69 85.38
Kgiy, 50.00 87.72 82.25 75.19 76.10

The values from Table 2 indicate that the eMKs always perfbetier than the classical individual
kernels. Taking into account differefitS compositions, we can observe that the eMKs based only on
kernels perform better than the mixed eMKs in all the cassame exception (problen®?, where the eMK
based onMT'S; performs better than the eMK based &i7'S;). If we considered the homogeneity of
theT'S (with other words, if thel'S contains different kernel types or the same kernel, but difierent
parameters), we can see that the eMKs embedding differeagderized RBF kernels perform better than
the eMKs that embed different kernels types in 6 cases (ol®pf

5.2 Assessing the performance of the eMK function

This experiment serves our purpose of assessing the penfiaerof the evolved multiple kernel. A SVM
algorithm is used for this purpose and it has the same steiahd parameters as the one used in the previous
experiment (the micro level algorithm), the only differertmeing the employed kernel. We used one of the
evolved multiple kernels obtained in Section 5.1 on one efdata sets. This kernel function is embedded
into the SVM algorithm, which is run against the other promde These tests are repeated for all The
constructions. The accuracy rates obtained for each prodfel for eacl”'S composition are then compared
with those computed by a similar SVM algorithm, with the sggaeameters, which uses:

o the classical kernels one by one,

o the simple kernel evolved by using the GP-based model from {i7] (this kernel will be denoted by
ekK),

¢ the linear combined kernel evolved by using the model frodj (this kernel will be denoted bgCK).

The results of this experiment are presented in Table 3.
Table 3 shows that the eMKs trained on the first problem hawragood generalization ability:

o the eMKs perform better than the classical individual kérive 19 cases out of 20,
¢ the eMKs perform better than the evolved individual keei€in all cases,

o the eMKs perform better than the evolved combined kerneKje 13 cases out of 20.

12



Table 3: The accuracy rate of various kernels: evolved kertiee first four rows and the last two rows)
or standard kernels (the rest of rows). The first four rowgaiarthe accuracy rates computed by the SVM
algorithm, which uses the best eMK obtained for the first [@wbP; (in this case the training stage is
performed on thé’; data set and the test stage is executed on the other problEhes)esults are averaged
over 10 runs. The last three rows contain the performandeeoéiassical kernels for each test problem.
Py Py Ps P, B
KTS; 86.11 97.60 85.80 83.65 88.56
KTS; 83.33 97.60 83.43 83.73 87.88
MTS; 80.56 97.15 84.02 83.65 88.31
MTS, 83.33 97.81 83.43 83.31 84.95
Krin 75.00 96.49 75.74 78.41 86.33
Standard Kernels Kgrpr 77.78 97.15 7751 75.69 85.38
Kgiy, 50.00 87.72 82.25 75.19 76.10
Other evolved eK 77.78 69.96 54.44 76.14 76.01
kernels eCK 80.55 97.58 85.21 83.42 85.72

Train onP; and KTS
test against the
other problems  MTS

If we perform the same analysis as in the previous experimenbbserve that:

¢ the eMKs based only on kernels perform better than the eMisedan a mixed’S in 9 cases (out
of 10),

o the homogeneous eMKs determine a higher accuracy ratelibamthomogeneous eMKs only in 4
cases (out of 10).

Note that because the SVM algorithm does not work with rangalaes, it suffices to perform only a
single run for the hybrid model. We do not need to average éisé dccuracy rates obtained in more runs.

In order to emphasize the improvements obtained by usingM &gorithm which involved a multiple
kernel we have computed the average performaR¢éniprovement for each multiple kernel type as a mean
of the all percent differenced for all problems over the number of problem.is the percent difference
between the accuracy rate computed by the SVM algorithmavittultiple kernel Accy, k) and:

o the accuracy rate computed by an algorithm with a simpledtd&¥) - human-designed or evolved
- for thei*" problem,

e the accuracy rate computed by an algorithm with a evolveshlitombined kernek( K) for thei*"

problem.
51', - ACC?\'{K 7 ACC?{ ai = 17 57 (1)
Accl,
whereK could beKrin, Krpr, Ksig, eK oreCK,
5
A= Li? o )

The values of the performance improvement are given in Tahbled they show that:
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e Wwe obtained better evolved MKs in all cases,

o the best average improvement (over all problems) is obddyea SVM algorithm which involves a
multiple kernel based on th&T'S; (this evolved MK is better than all the simple kernels ana éls
is better than the evolved linear combined kernel).

Table 4. The average performance improvements
for the multiple kernels

Z KLin KRBF KSig eK eCK
KTS, 7.70% 7.22% 23.08% 26.84% 2.24%
KTS;, 6.20% 5.76% 21.24% 25.10% 0.85%
MTS; 5.60% 5.18% 20.26% 24.56% 0.29%
MTSs, 5.46% 5.00% 20.41% 24.27% 0.11%

In order to determine whether the differences between thi@npeance of theeM K's and that of the
standard kernels, evolved simple kera#l and, respectively, evolved linear combined kera€lK are
statistically significant, we use tatest with a 0.05 level of significance. This analysis regate values

obtained on the second experiment.

Table 5: The values for thE-test (along with to the confidence interval)

Krin Krpr

K

sig

eK

eCK

KTS,
KTS,
MTS,
MTSs

0.36 (0.03,3.47) 0.37(0.03,3.61) 0.14 (0.01,1.36) 0.31308.06) 0.70 (0.07, 6.72)
0.45 (0.04, 4.36) 0.47 (0.04,4.54) 0.17 (0.01,1.71) 0.404(8.85) 0.88 (0.09, 8.45)
0.50 (0.53, 4.84) 0.52 (0.54,5.04) 0.19 (0.02, 1.90) 0.4@4(04.27) 0.97 (0.10, 9.38)
0.48 (0.05, 4.66) 0.50 (0.53,4.84) 0.19 (0.01, 1.83) 0.48404.12) 0.94 (0.09, 9.04)

Table 6: The values for thietest (along with to the confidence interval)

Krin Krpr

Ksig

eK

eCK

KTS; 1.25(-5.39,17.29) 1.20 (-5.51, 16.79) 2.03 (-3.57, 31.352 (5.48, 29.46) 0.48 (-6.96,10.65)
KTS, 0.98(-6.76, 16.36) 0.93 (-6.89, 15.87) 1.84 (-4.74, 30.82)9 (4.15, 28.49) 0.17 (-8.52, 9.92)
MTS; 0.87(-7.34,16.03) 0.82(-7.48, 15.55) 1.76 (-5.21, 30.38)5 (3.59, 28.15) 0.05 (-9.20, 9.69)
MTS, 0.84(-7.47,15.81) 0.79 (-7.60, 15.33) 1.74 (-5.37, 30.8(4 (3.46, 27.93) 0.01 (-9.29, 9.43)

The values of th&-test and-test are given in Tables 5 and 6 and they show that:

¢ the variances of each paired samples are equal in 18 caseb2iut in these 18 cases, the values of
theF-test are in the confidence interval - see Table 5,

¢ the true differences in means are equal to 0 in 16 cases o0t-dBRing into account the values of the
t-test - see Table 6. Therefore, this means that the perfaresasf the eMKs are significant better than
those of the simple kernels (human-designed or evolvedjaset of the evolved combined kernel.
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6 Conclusion and further work

A hybrid technigue for evolving multiple kernel functionasibeen proposed in this paper. The model has
been used for evolving the mathematical expression of pielkernel for the SVM algorithm which solves
a binary classification problem.

We have performed several numerical experiments in ordeotopare our evolved multiple kernel
to other kernels (human designed). Numerical experimeate Bhown that the evolved multiple kernels
perform better than the standard (linear, RBF and sigmad)es.

However, taking into account the No Free Lunch theoremsédaréh [33] and Optimization [34] we can-
not make any assumption about the generalization abilithe&volved kernel functions. Further numerical
experiments are required in order to assess the power oftivee expressions.

Further work will be focused on:

e evolving, at the same time, both components of a multipladddunction: the expression (the kernel
shape) and the parameters of the individual kernels (ieebiato the multiple kernel),

e evolving better kernel functions,

e using multiple data sets for the training stage. This cap helto evolve more robust kernels, but in
this case the operation is more time-consuming.
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