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Abstract. The Support Vector Machine (SVM) has emerged in recent yasra popular
approach to the classification of data. One problem thasfdue user of an SVM is how to
choose a kernel and the specific parameters for that kerpelicdations of an SVM therefore
require a search for the optimum settings for a particulablem. This paper proposes a
classification technique, which we call the Genetic Kern&WlSGK SVM), that uses Genetic
Programming to evolve a kernel for a SVM classifier. Resultimitial experiments with the
proposed technique are presented. These results are aanpidin those of a standard SVM
classifier using the Polynomial, RBF and Sigmoid kernel wihous parameter settings.
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1. Introduction

The SVM is a powerful machine learning tool that is capablespfesenting
non-linear relationships and producing models that géiseravell to unseen
data. SVMs initially came into prominence in the area of hamitten charac-
ter recognition (Boser et al., 1992a) and are now being egpd many other
areas, e.g. text categorisation (Hearst, 1998; Joachia®8)land computer
vision (Osuna et al., 1997). An advantage that SVMs have thewidely-
used Artificial Neural Network (ANN) is that they typicallyod’t possess the
same potential for instability as ANNs do with the effectsldferent random
starting weights (Bleckmann and Meiler, 2003).

Despite this, using an SVM requires a certain amount of meelelction.
According to Cristianiniet al. (1998), “One of the most important design
choices for SVMs is the kernel-parameter, which implicdgfines the struc-
ture of the high dimensional feature space where a maximajimayper-
plane will be found. Too rich a feature space would causeytsies to overfit
the data, and conversely the system might not be capablepafaieng the
data if the kernels are too poor.” However, before this stagesached in
the use of SVMs, the actual kernel must be chosen and, as pleei@ental
results of this paper show, different kernels may exhibgtlyadifferent per-
formance. This paper describes a technique which attero@beviate this
selection problem by using genetic programming (GP) toweval suitable
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kernel for a particular problem domain. We call our techeidibe Genetic
Kernel SVM (GK SVM).

Section 2 outlines the theory behind SVM classifiers with diqaar
emphasis on kernel functions. Section 3 gives a very briefuogw of genetic
programming. Section 4 describes the proposed techniguled@volution of
SVM kernels. Experimental results are presented in Seéti@ome related
research is described in Section 6. Finally, Section 7 ptegke conclusions.

2. Support Vector Machine Classification

The problem of classification can be represented as foll@Gigen a set of
input-output pairsZ = {(x1,v1), (x2,%2),- .., (xe,y¢)}, construct a clas-
sifier function f that maps the input vectots € X onto labelsy € Y. In
binary classification the set of labels is simply= {—1,1}. The goal is to
find a classifierf € F which will correctly classify new examplese, y),

i.e. f(x) = y for examples(x, y), which were generated under the same
probability distribution as the data (Scholkopf, 1998)nd&iy classification

is frequently performed by finding a hyperplane that separtiie data, e.g.
Linear Discriminant Analysis (LDA) (Hastie et al., 2001 hére are two main
issues with using a separating hyperplane:

1. The problem of learning this hyperplane is an ill-posee lbecause there
is not a unique solution and many solutions may not generalisll to
the unseen examples.

2. The data might not be linearly separable.

SVMs tackle the first problem by finding the hyperplane thatises the
maximum margin of separation between the classes (Cristiand Shawe-
Taylor, 2000). A representation of the hyperplane solutised to classify a
new sample; is:

f(x) = (w,z;) + b oy
where(w, x;) is the dot-product of the weight vectarand the input sample,
andb is a bias value. The value of each elementwotan be viewed as a
measure of the relative importance of each of the sampléwatis for the
classification of a sample. It has been shown that the opthypérplane
can be uniquely constructed by solving the following caaisted quadratic
optimisation problem (Boser et al., 1992b):

Minimise (w,w) +C %, & (2a)
i yil{w, i) +b) >1—&,i=1,....0
wmmuo{&zai:anz (2b)
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This optimisation problem minimises the norm of the vectomhich
increases th#atnesg(or reduces the complexity) of the resulting model and
thereby improves its generalisation ability. Witlard-margin optimisation
the goal is simply to find the minimurfw, w) such that the hyperplangx)
successfully separates dlsamples of the training data. The slack variables
&; are introduced to allow for finding a hyperplane that missifess some
of the samplesgpft-marginoptimisation) as many datasets are not linearly
separable. The complexity constant> 0 determines the trade-off between
the flatness and the amount by which misclassified sampleslarated. A
higher value ofC’ means that more importance is attached to minimising the
slack variables than to minimisingv, w). Rather than solving this problem
in its primal form of (2a) and (2b), it can be more easily sdlve its dual
formulation (Cristianini and Shawe-Taylor, 2000):

Maximise W («a) = Zle oy — %2573':1 005y Y (T, T5) (3a)

subjecttoC' > a; > 0,3%_ auiyi = 0 (3b)

Instead of findingv andb the goal now is find the vecter and bias value
b, where eachy; represents the relative importance of a training sample
in the classification of a new sample. To classify a new santipéequantity
f(x) is calculated as:

flz) = Zaz‘yi<$>$z‘> +0 (4)

whereb is chosen so thay; f(z) = 1 for anyi with C > «; > 0. Then, a
new samplex is classed as negative f{z;) is less than zero and positive if
f(xs) is greater than or equal to zero. Samplefor which the corresponding
«; are non-zero are known asipport vectorssince they lie closest to the
separating hyperplane. Samples that are not support gdwwe no influence
on the decision function. In (3k) places an upper bound (known as the box
constraint) on the value that eaeh can take. This limits the influence of
outliers, which would otherwise have larggvalues (Cristianini and Shawe-
Taylor, 2000).

Training an SVM entails solving the quadratic programmimgbem of
(3a) and (3b). There are many standard techniques that beudpplied to
SVMs, including the Newton method, conjugate gradient ancdhagd-dual
interior-point methods (Cristianini and Shawe-TaylorD@Q) For the experi-
ments reported here the SVM implementation uses the Sagltiimisa-
tion Optimisation (SMO) algorithm of Platt (1999).
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2.1. KERNEL FUNCTIONS

One key aspect of the SVM model is that the data enters theeabressions
(3a and 4) only in the form of the dot product of pairs. Thide#o the res-
olution of the second problem mentioned above, namely thabw-linearly
separable data. The basic idea with SVMs is to map the tgidata into

a higher dimensional feature space via some mapping and construct a
separating hyperplane with maximum margin there. Thigdgia non-linear
decision boundary in the original input space. By use of adefunction,
K(z,z) = (¢(x), ¢(z)), itis possible to compute the separating hyperplane
without explicitly carrying out the mapping into featureasp (Scholkopf,
2000). Typical choice for kernels are:

Linear Kernel:K (z, z) = (x, 2)

Polynomial Kernel:K (z, z) = ({z, z))?

— RBFKermel:K (z,z) = emp(M)

202

Sigmoid Kernel:K (x, z) = tanh(y x (x,z) — 6)

Each kernel corresponds to some feature space and beca@espliui
mapping to this feature space occurs, optimal linear séparaan be found
efficiently in feature spaces with millions of dimensionsigRell and Norvig,
2003). Note that the Linear Kernel is equivalent to a Polyiabridernel of
degree one and corresponds to the original input space témative to using
one of the pre-defined kernels is to derive a custom kernehtlag be suited
to a particular problem, e.g. the string kernel used for téxs$sification by
Lodhi et al. (2002). To ensure that a kernel function actually corredpdn
some feature space it must be symmetric, kéx, z) = (¢(z),¢(2)) =
(¢(2),p(x)) = K(z,z). Typically, kernels are also required to satisfy Mer-
cer's theorem, which states that the mathix= (K (x;, x;));';—; must be
positive semi-definite, i.e. it has no non-negative eigkms(Cristianini and
Shawe-Taylor, 2000). This condition ensures that the solwf (3a) and (3b)
produces a global optimum. However, good results have belgeved with
non-Mercer kernels, and convergence is expected when th@ &lybrithm
is used, despite no guarantee of optimality when non-Mekeenels are
used (Bahlmann et al., 2002). Furthermore, despite its wsee the Sigmoid
kernel matrix is not positive semi-definite for certain \edwf the parameters
~ and@ (Lin and Lin, 2003).
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3. Genetic Programming

A GP is an application of the genetic algorithm (GA) approactderive
mathematical equations, logical rules or program funstiaatomatically
(Koza, 1992). Rather than representing the solution to bl@no as a string
of parameters, as in a conventional GA, a GP usually uses atimecture, the
leaves of which represent input variables or numerical teonts. Their values
are passed to nodes, which perform some numerical or progpanation be-
fore passing on the result further towards the root of the ffae GP typically
starts off with a random population of individuals, eachaatiog a function
or expression. This population is evolved by selectingdpéttdividuals for
recombination and using their offspring to create a new [adjmn (genera-
tion). Mutation is employed to encourage discovery of nesinviduals. This
process is continued until some stopping criteria is mgt,lmogeneity of
the population.

4. Genetic Evolution of Kernels

The approach presented here combines the two techniquésdws 8nd GP,
using the GP to evolve a kernel for a SVM. The goal is to elin@rthe need
for testing various kernels and their parameter settinggh Wiis approach
it might also be possible to discover new kernels that aréqodarly useful
for the type of data under analysis. An overivew of the pregoSK SVM is
shown in Figure 1.

The main steps in the building of a GK SVM are:

1. Create a random population of kernel functions, reptegeas trees —
we call thes&kernel trees

2. Evaluate the fitness of each individual by building an S\eht the
kernel tree and test it on the training data

. Select the fitter kernel trees as parents for recombimatio
. Perform random mutation on the newly created offspring
. Replace the old population with the offspring

. Repeat Steps 2 to 5 until the population has converged

N oo o b~ W

. Build final SVM using the fittest kernel tree found

TheGrowmethod (Banzhaf et al., 1998) is used to initialise the paipah
of trees, each tree being grown until no more leaves couldkpareled (i.e.
all leaves are terminals) or until a preset initial maximueptth (2 for the
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Figure 1. The Genetic Kernel SVM

experiments reported here) is reached. Rank-based selécgémployed with
a crossover probability of 0.9. Mutation with probability20s carried out
on offspring by randomly replacing a sub-tree with a newlpegated (via
Grow method) tree. To prevent the proliferation of massree tstructures,
pruning is carried out on trees after crossover and mutati@intaining a
maximum depth of 12. In the experiments reported here, fipellations are
evolved in parallel and the best individual over all popiolas is selected after
all populations have converged. This reduces the liketihafathe procedure
converging on a poor solution.

4.1. TERMINAL & FUNCTION SET

In the construction of kernel trees the approach adoptedavase the entire
sample vector as input. An example of a kernel tree is showrigare 2

(Section 5). Since a kernel function only operates on twomasithe result-
ing terminal set comprises only two vector elememtandz. The evaluation
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of a kernel on a pair of samples is:
K(z,z) = (treeEval(zx, ), treeEval(z, )) (5)

The kernel is first evaluated on the two sampteand z. These samples
are swapped and the kernel is evaluated again. The dot-grofithese two
evaluations is returned as the kernel output. This curngptcach produces
symmetric kernels, but does not guarantee that they obegavigitheorem.
Ensuring that such a condition is met would add considertile to kernel
fithess evaluation and, as stated earlier, using a non-¥&erael does not
preclude finding a good solution.

The use of vector inputs requires corresponding vectorabper to be
used as functions in the kernel tree. The design employesitwseversions of
the +, — and x mathematical functionsscalar andvector Scalar functions
return a single scalar value regardless of the operands, &g.z % »
calculates the dot-product of the two vectors. For the tvingobperators—+
and-—) the operation is performed on each pair of elements anch#gmnitude
of the resulting vector is returned as the output. Vectoctions return a
vector provided at least one of the inputs is a vector. Fovdwtor versions
of addition and subtraction (e.g. +'*“! z) the operation is performed on
each pair of elements as with the scalar function, but indhse the resulting
vector is returned as the output. No multiplication operdkat returns a
vector is used. If two inputs to a vector function are scadarqould happen in
the random generation of a kernel tree) then it behaves ax#iar operator.
If only one input is scalar then that input is treated as aoreat the same
length as the other vector operand with each element se¢ teaiime original
scalar value.

4.2. HTNESSFUNCTION

Another key element to this approach (and to any evolutiorzgproach)
is the choice of fitness function. An obvious choice for thee#s estimate
is the classification error on the training set, but there daager that this
estimate might produce SVM kernel tree models that are dteifio the

training data. One alternative is to base the fitness on a-sa&lation test
(e.g. leave-one-out cross-validation) in order to give #elbeestimation of
a kernel tree’s ability to produce a model that generalisef§ 1@ unseen
data. However, this would obviously increase computati@fi@rt greatly.

Therefore, our solution (after experimenting with a numtifealternatives) is
to use a tiebreaker to limit overfitting. The fitness functised is:

fitness(tree) = Error, with tiebreaker:fitness = Z ai* R?  (6)

This firstly differentiates between kernel trees based eir thaining er-
ror. For kernel trees of equal training error, a second ewao is used as
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a tiebreaker. This is based on the sum of the support vectoesd_ «;
(a; = 0 for non-support vectors). The rationale behind this fitresdgnate is
based on the following definition of the geometric margin df/perplane;y
(Cristianini and Shawe-Taylor, 2000):

_1
T=(> )2 (7)
1ESV

Therefore, the smaller the sum of thg's, the bigger the margin and the
smaller the chance of overfitting to the training data. Theefs function
also incorporates a penalty correspondingRtothe radius of the smallest
hypersphere, centred at the origin, that encloses thartgaaata in feature
space.R is computed as (Cristianini and Shawe-Taylor, 2000):

R= g?gz(K(wia ;) (8)
where/ is the number of samples in the training dataset. This fitheggion

therefore favours a kernel tree that produces a SVM with gelamargin
relative to the radius of its feature space.

5. Experimental Results

Table | shows the performance of the GK SVM classifier congpari¢h three
commonly used SVM kernels, Polynomial, RBF and Sigmoid, owaber
of datasets. (These are the only datasets with which the Gl B&5 been
evaluated to date.) The first four datasets contain the Rapectra for 24
sample mixtures, made up of different combinations of tHevieng four
solvents: Acetone, Cyclohexanol, Acetonitrile and Tokiesee Hennessst
al. (2005) for a description of the dataset. The classificatimk tonsidered
here is to identify the presence or absence of one of thesergslin a
mixture. For each solvent, the dataset was divided intoiaitiga set of 14
samples and a validation set of 10. The validation set in eash contained
5 positive and 5 negative samples. The final two datasets;0ngn Breast
Cancer Prognosis (WBCP) and Glass2, are readily availabia the UCI
machine learning database repository (Blake and Merz, )199& results
for WBCP dataset show the average classification accurasdzn a 3-fold
cross validation test on the whole dataset. Experimenth®Gtass2 dataset
use a training set of 108 instances and a validation set aigi&nces.

For all SVM classifiers the complexity parametér, was set to 1. An
initial population of 100 randomly generated kernel treeswsed for the
WBCP and Glass2 datasets and a population of 30 was used dangia
model for the Raman spectra datasets. The behaviour of thee&@teh dif-
fered for each dataset. For the spectral datasets, thénspsiokly converged
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Table I. Percentage classification accuracy of GK SVM comghén that of Polynomial,
RBF and Sigmoid Kernel SVM on six datasets

Classifier Dataset
Polynomial Acetone  Cyclo- Aceto- Toluene WBCP Glass2
Kernel - Degreed hexanol nitrile

1 100.00 100.00 100.00 90.00 78.00 62.00

2 90.00 90.00 100.00 90.00 77.00 70.91

3 50.00 90.00 100.00 60.00 86.00 78.18

4 50.00 50.00 50.00 50.00 87.00 74.55

5 50.00 50.00 50.00 50.00 84.00 76.36

RBF Kernel - o

0.0001 50.00 50.00 50.00 50.00 78.00 58.18
0.001 50.00 90.00 50.00 50.00 78.00 58.18
0.01 60.00 80.00 50.00 60.00 78.00 59.64

0.1 50.00 50.00 50.00 50.00 78.00 63.64

1 50.00 50.00 50.00 50.00 81.00 70.91

10 50.00 50.00 50.00 50.00 94.44 83.64

100 50.00 50.00 50.00 50.00 94.44 81.82

Sigmoid Kernel 90.00 90.00 100.00 90.00 75.76 70.91

GK SVM 100.00 100.00  100.00 80.00 93.43 87.27

to the simple solution after an average of only 5 generatiamgereas the
WBCP and Glass2 datasets required an average of 17 and 3fatens
respectively. (As stated earlier, five populations arewablin parallel and
the best individual chosen.)

The results clearly demonstrate both the large variatioacguracy be-
tween the Polynomial, RBF and Sigmoid kernels as well as Hreaton
between the performance of models using the same kernel ibutdifer-
ent parameter settings: degrédor the Polynomial kernely for the RBF
kernel,y and@ for the Sigmoid kernel. For the Polynomial and RBF kernel,
the accuracy for different settings is shown. As there are parameters to
set for the Sigmoid kernel, only the best accuracy, overatlminations of
parameters tested, for each dataset is shown. The actussvafy and 6
used to get this accuracy on each dataset is shown in Table II.

The RBF kernel performs poorly on the spectral datasetsHan but-
performs the Polynomial kernel on the Wisconsin Breast €aRtognosis
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Figure 2. Example of a Kernel found on the Wisconsin Breast Cancerd@ata

and Glass2 datasets. The Sigmoid kernel performs muclr biedie the RBF
kernel on the spectral datasets, and slightly worse thaRahgnomial kernel
on these datasets. However, on the WBCP and Glass2 datagetgorms

much worse than the other kernels. For the first three speatitasets, the
GK SVM achieves 100% accuracy, each time finding the samelsilimgar

kernel as the best kernel tree:

K(‘Tﬂz) = (a:,z> )

For the Toluene dataset, the GK SVM manages to find a kernagbéhfit-
ness (according to the fitness function detailed in Sectightdan the linear
kernel, but which happens to perform worse on the test datase drawback
with the use of these spectral datasets is that the small @uaitsamples is
not very suitable for a complex search procedure such asngad SVM. A
small training dataset increases the danger of an evoargdechnique, such
as GP, finding a model that fits the training set well but penfpoorly on
the test data.

On the Wisconsin Breast Cancer Prognosis dataset, the GKg&vidrms
better than the best Polynomial kernél £ 4). The best kernel tree found
during the final fold of the 3-fold cross-validation test lo®n in Figure 2.
This tree represents the following kernel function:

K(JZ, z) — <(Jj __scal (l‘ __scal Z)), (Z __scal (Z __scal l‘))> (10)

The performance of the GK SVM on this dataset demonstra@stential
to find new non-linear kernels for the classification of dithe GK SVM
does, however, perform marginally worse than the RBF kerndhis dataset.
This may be due to the fact that the kernel trees are consttructing only
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Table Il. Best Parameter Settings for the Sigmoid Kernel

Dataset Ranges tested Best Best Parameter Settings
¥ (7] Accuracy (v, 0)
Acetone 1-10 0-1000 90 (3,500), (5,400),( 6,700)
Cyclohexanol 1-10 0-1000 90 (1,100), (2,200), (3,300), (3,400),

(5,600, (6,600-900), (7,700)
Acetonitrile  1-10  0-1000 100 (7,200),(8,300),(8,400),(9,400),(1@)60

Toluene  1-10 0-1000 90 (1,800),(3,900),(4,400),(6,1000)
WBCP 0-1  1-10 75.76  (0.4,0)
Glass2 01 110 7091  (0.9,6)

3 basic mathematical operators and therefore cannot fintbcsoto com-

pete with the exponential function of the RBF kernel. Destitis apparent
disadvantage, the GK SVM clearly outperforms all kernelstloa Glass2
dataset.

Table Il details the settings forandé of the Sigmoid kernel that resulted
in the best accuracy for the SVM on each dataset. For examjitle,y=5
andf#=400, an accuracy of 90% was achieved in classifying the dheetest
dataset. Note that these results show the best accuracyagesige of set-
tings for (y,0). The range for each parameter was divided into ten panrstio
including the starting and end value, i.e. 110 differentpaere tested on
the spectral datasets. A different range of values was medjuo find the
best accuracy on the WBCP and Glass2 datasets. This highfigither the
problem of finding the best setting for a kernel, especialiemwthere is more
than one parameter involved.

Overall, these results show the ability of the GK SVM to autically
find kernel functions that perform competitively in comgan with the widely
used Polynomial, RBF and Sigmoid kernels, but without neggia manual
parameter search to achieve optimum performance.

6. Related Research

6.1. SVM MODEL SELECTION

Research on the tuning of kernel parameters or model sahdstof particular
relevance to the work presented here, which is attemptiagitomate kernel
selection. A common approach is to use a grid-search of tteers, e.g.
complexity parametef’ and width of RBF kernely (Hsu et al., 2003). In this
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case, pairs of({,0) are tried and the one with best cross-validation accumacy i
picked. A similar algorithm for the selection of SVM paramstis presented
in Staelin (2002). That algorithm starts with a very coarsd govering the
whole search space and iteratively refines both grid résolind search
boundaries, keeping the number of samples at each iteratighly constant.

It is based on a search method from the design of experimBx@&] field.
Those techniques still require selection of a suitable éeim addition to
knowledge of a suitable starting range for the kernel pataraéeing opti-
mised. The same can be said for the model selection techpigqy®sed in
Cristianini et al. (1998), in which an on-line gradient ascent method is used
to find the optimab for an RBF kernel.

6.2. APPLICATION OFEVOLUTIONARY TECHNIQUES WITH SVM
CLASSIFIERS

Some research has been carried out on the use of evolutiapprgaches in
tandem with SVMs. Frohliclet al. (2003) use GAs for feature selection and
train SVMs on the reduced data. The novelty of this approadh its use of

a fitness function based on the calculation of the theotdbicands on the
generalisation error of the SVM. This approach was foundctoese better
results than when a fitness function based on cross-validatiror was used.
A RBF kernel was used in all reported experiments.

An example of GPs and SVMs is found in Eadsl. (2002), which reports
on the use of SVMs for identification of lightning types basedtime series
data. However, in this case the GP was used to extract a seanfrés for
each time series sample in the dataset. This derived datasethen used
as the training data for building the SVM which mapped eaéltuie set or
vector onto a lightning category. A GA was then used to eval\eromo-
some of multiple GP trees (each tree was used to generatelemerg of
the feature vector) and the fitness of a single chromosomebasexd on the
cross validation error of an SVM using the set of featuresdoeled. With
this approach the SVM kernel (along wi#h) still had to be selected, in this
case the RBF kernel was used.

Some more recent work has been carried out in the use of an-evol
tionary strategy (ES) for SVM model selection. ES is an elohary ap-
proach which is generally applied to real-valued repregents of optimisa-
tion problems, and which tends to emphasise mutation oessorer (Whit-
ley, 2001). Runarsson & Sigurdsson (2004) use an ES to eanlhvaptimal
value for C andr for an RBF kernel of an SVM. Four different criteria are
used for evaluating a particular set of parameters. Two eddfcriteria are
based on the kernel radius ahda; measures (discussed in section 4.2).
The fourth criterion used is simply the count of support gestused in the
SVM model, with a lower count indicating a better model. Thestoverall

Howl eyMadden_Paper 16. t ex; 24/ 02/2005; 14:39; p.12



performance appears to be obtained using the followingiatiah

¢
f@) = (B + )Y o (1)

where f(z) is the fithess function used to evaluate a particular SVM ker-
nel. This paper also reports the usage of ES and SVM to gJassifitaset of
chromosomes, which are represented by variable-lengtigstrin this case,
an RBF kernel is used with the Euclidean distance replacethéystring
edit (or Levenshtein) distance (another example of a cugemmel). The ES
is used to evolve a set of costs for each of the symbols useddtrie a
chromosome, where the costs are required to calculate skende between
two chromosome strings. They found that minisiming the neimif sup-
port vectors resulted in overfitting to the training data andclude that this
criterion is not suitable when dealing with small trainireiss

Another example of the use of ES methods to tune an RBF kesmekt
sented in Friedrichs & Igel (2004), which involves the adapiof not only
the scaling, but also the orientation of the kernel. Thraeropation methods
are reported in this work:

1. Theo of the RBF kernel is adapted
2. Independent scalings of the components of the input vectoadapted
3. Both the scaling and the rotation of the input vector igpaeid

The fitness of a kernel variation was based on its error on araptest set.
The performance of this ES approach was compared with a S\&uwhs

tuned using a grid search. Better results were achievedhwith the scaled
kernel and the scaled and rotated kernel. However, it muspted that the
results of the grid search were used as initial values foEtB@pproach, i.e.
used to initialiser.

Again, the focus in these last two examples of researchsrett@a is on the
tuning of parameters for an RBF kernel. This appears to bentyst popular
kernel (particularly when model selection is considerdui, as the results
presented in Section 5 show, does not always achieve thepbdetmance.
The goal of our research is to devise a method that overcdmseproblem,
and produces the best kernel for a given dataset.

7. Conclusions
This paper has proposed a novel approach to tackle the probfikernel

selection for SVM classifiers. The proposed GK SVM uses a Gidbve a
suitable kernel for a particular problem. The initial expesntal results show
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that the GK SVM is capable of matching or beating the bestoperdnce
of the standard SVM kernels on the majority of the datasetiede These
experiments also demonstrate the potential for this tecienio discover new
kernels for a particular problem domain. Future work willdive testing the
GK SVM on more datasets and possibly finding more kernels tapeoe its
performance with. The effect of restricting the GP searcMé&vcer kernels
will be investigated. In order to help the GK SVM find bettelugions, further
experimentation is required with increasing the range otfions available
for construction of kernel trees, e.g. to include the exptiakor tanh func-
tion. In addition, future work will investigate alternagiiitness evaluations
for the ranking of kernels, e.g. including the support vectunt in the fitness
estimate.
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