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Abstract

Although it was proven by Vapnik that SVM is capable of
finding optimal solutions, the full success can be achieved
only if the adaptive process parametersgnd kernel func-
tions parameters) are set to proper values. Manual parame-
ters tuning is sometimes tricky. We propose a new way of
automatic selection of the parameters. The criterion used
to estimate” and kernel parameters aims in optimal accu-
racy on unseen data and simultaneously in small number of
SVM's kernels. The results achieved show that it is possi-
ble to reduce the user interaction to just starting the iegrn
procedure and obtain simple and accurate SVM models.
Keywords: support vector machines, cross-
validation learning, machine learning, neural networks.

1 Introduction

Support Vector Machines[1, 2, 3] (SVMs) are getting more
and more popular. One of the reasons is the guarantee of
optimal margin, they offer. In fact the method very often
yields high accuracy and efficiency. The idea is applica-
ble to both data classification and function approximation
tasks. The statement of the SVM optimization for classifi-
cation problems may be the following:
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wheren is the number of vectors;; is the i'th data vector
andy; is it’s class label1 or —1 —the binary classification).
The dual problem definition is:

1
min 504TQ04 +ela (4)
with constraints:
0<a;<C, i=1,....n (5)
y a=0 (6)

wheree is the vector ofis, C (a positive value) defines the
upper bound omy; factors, andy is a matrix defined by:

Qij = yiy;i K(xi,%;). (7

The K function is called a kernel and{(x;,x;) =
P(xi) T p(x;)-

Mostly used kernels are: gaussian, linear, sigmoidal
and polynomial. With the exception of the linear kernel
all the others have some parameters of free choice. The
gaussian kernel free parameter is the bias

K(x,y) = exp(=b|[x — y||?). ®)
The sigmoidal kernel has alsobgparameter which in this
case plays the role of the slope:

K(x,y) = tanh(bx "y + ). (9)

The main problem with the original definition of
SVM was that it's learning procedure (the quadratic pro-
gramming (QP)) converged very slowly. Recent years have
brought a few novel methods of acceleration of the QP pro-
cedure for SVM learning. Among the ones deserving the
most attention are the methods proposed by Osuna et. al.
[4], Joachims [5], Saunder et. al. [6], Platt [7, 8] and Chang
et. al. [9]. Platt's Sequential Minimal Optimization (SMO)
algorithm for the QP problems is very fast and provides an
analytical solution. Further improvements to the QP proce-
dure were made by Keerthi et. al. [10].

The SMO algorithm augmented by the ideas pre-
sented in [10] yields very fast and accurate solution of SVM

learning problem. We have used such a version of SVM in
our research.

1.1 Thegoal

Despite the recent progress, theparameter of Eq. 1 and
the kernel's free parameters must be set manually by means
of testing and experience, which can be tiresome. This
is why we got interested in metalevel of SVM learning
which would be able to automatically determine nearly op-
timal values of theC' and kernel's parameters - the ones
leading to as high final accuracy (predicted, not the accu-
racy on the training set) as possible.

The goal of this paper is to show that it is possible
to construct an algorithm for automatic selection of the pa-
rameters. The Meta-SVM learning procedure reduces the
user task to just starting the process.



2 TheMeta-SVM algorithm

Adaptive systems in their learning processes adjust their
parameters to build a model for given data set. Adjusting
parameters of the learning process is a meta-level learning
hence the namileta-SVM learning

In our algorithm searching for the most interesting
SVM parameters is done by means of a cross-validation
for learning performed inside the training set. The inner
cross-validation algorithm looks for accurate and re&yiv
small models. We are interested in relatively small models
(not just the most accurate), because they are faster in final
decision making and because it is known that smaller mod-
els (if only they represent the knowledge of given data set)
have usually better accuracy [11, 12, 13] on unseen data
(the empirical confirmation, that it is true also in the case
of SVM models can be found in section 3).

Cross-validation for learning. The main loop of the al-
gorithm performs a cross-validation (CV) as a learning
technique. To run a-fold CV the data set is divided into
equal (if possible) parts;, i = 1,...,p. In each iteration
of the CV the SVM algorithm is used with different config-
urations (different values of th€ and kernel parameters)
to learn the classification of the st = Uk=1....p, ki Sk
The resulting model is validated wity.

To check different settings @f (Eq. 1) andbias (Eq.

8) we spread a grid over them, which explores the region
[Crnins Crmaz] X [biaSmin, biasmaz], With stepsCe, and
biasstep respectively. Observation of the variability of the
results, while theC andbias are being changed, clearly
shows that the nature of the parameters is rather exponen-
tial than linear. Concluding, it is better &,,;n, Crmaz,
biasmin andbias,,q, represent the powers afinstead of
linear values. Our tests let us state, that the most appro-
priate grid ofC andbias is [-5, 5] x [—10, 3] with stepl.

It covers the most interesting regions@fandbias, what

was observed on all the tested benchmarks. An assumption
is that the data set is normalized.

Let [C1,...,Cn], [biasi,...,biasy,] be Cs and
biases which define the above grid. In each iteration of
the cross-validation (for learning), for ea€h andbias;
an independent SVM model is constructed. Thth it-
eration stores the accuracies on the validation parts of the
cross-validation in the matrixcct [, j], the numbers of
support vectors composing the machineSiw®[i, j] and
the numbers of bounded support vectorg$iv *[i, j].

The matrices4cc§k let us find the pairi, j) (in fact
the C; andbias;) for which the predicted accuracy is the
highest:

,q) = argmax Y Acck [i, 7] 10
(p.q) ngk: 5.0, J] (10)

The above model selection criterion may be extended
by adding a term which puts some constraints on the num-

bers of support vectors and bounded support vectors:

ACC(];AN [Za .7] -

(p,q) = arg max >
* (11)

a - SVE[i, j]+ B-bSVF[i, 4]
|Sk| ’

where|S;| is the number of vectors i§;. If « = 0 and

8 = 0 the two criteria are equivalent. In practice the sensi-
ble values forx andg are small real numbers (for example
a = 0.15and3 = 0.05).

The criterion of Eq. 11 facilitates reduction of the
number of support vectors which means that it simplifies
the structure of the final SVM model. It can be seen in
section 3 that the aim of model simplification may be ob-
tained without the cost of worse classification results whe
compared to the results of the criterion defined by Eq.
10). Moreover the criterion calculation does not enlarge
the computational complexity of the method.

To reduce the computational cost of the cross-
validation i.e. the total number of SVMs which must be
trained, it is possible to split the whole algorithm into two
phases. In the first phase the grid size may be4 (4C's
x 4biases). In the second one two grids of the same size
may be composed with the middles in the best (according
to Eg. 11) two pairs. Usually it will be enough to perform
the second stage with the grids of size 3. The modified
search technique requird8 (or even34) SVM models to
be built while the search over tHe-5, 5] x [—10, 3] grid
with stepl needsl54 models. Results obtained with these
two schemes should be very similar.

3 Reaults

The results presented in table 1 were computed for the clas-
sification benchmarks from the UCI repository [14]. Data
sets vary in the numbers of vectors from around hundred
up to several thousands. The numbers of vectors, features
and classes are placed in table 1. The precise descriptions
of the sets may be obtained from [14].

Before each data set was used in the computations it
was normalized with 5% rejection ratio which means that
each feature was scaled in such a way that all it's values
but 5% of extreme minimal and maximal ones, fell into the
[—1, 1] interval.

In most of the cases the results come from 10-fold
cross-validation tests. Each cross-validation was repeat
ten times and average values of accuracy and standard de-
viation calculated and put into the table 1. We did not per-
form CV tests for the data sets which had their own test set.
In such cases also the training and testing were repeated 10
times and the averaged results are presented.

In the case of more than two class problems, basing
on the experience of [15], we decided to us®-against-
rest method (one SVM model per class). The estimation



| Dataset | Correctness (%) |
| | TES std [TRS std |

#SV | | Dataset | Correctness (%) | #SV |
| | | TES std [TRS std | |

APPENDICITIS (2/106/7 HEPATITIS (2/155/19
(0.15,0.05) | 86.69 0.09 | 89.69 0.009| 32 (0.15,0.05) | 8273 0.072| 94  0.031 | 66
(0,0) | 86.26 0.09 | 90.89 0.15 | 46 (0,0) | 80.8 0.087| 94.54 0.033 | 73
— | 8771 0.082 | 88.88 0.009| 35 —| 7938 66 |9 001 |97
AUSTRALIAN CREDIT (2/690/1) [ONOSPHERE (2/200+151/3}
(0.15,0.05) | 84.97 0.039 | 89.8 0.016 211 | | (0.15,0.05) | 98 0O 99 0 73
(0,0) | 85.68 0.04 | 86.49 0.017| 383 (0,00 98 0 99 0 125
— | 8534 0.04 |89.79 0.005 260 -l o0 95 0 100
DIABETES (2/768/9 KR-VSKP (2/3196/3%
(0.15,0.05) | 767 0.046 | 79.2  0.014| 367 | | (0.15,0.05) | 99.65 0.003| 99.93 0.0006| 302
(0,0) | 77.15 0.044 | 78.7  0.009| 394 (0,0) | 9953 0.046| 99.95 0.0004| 517
—| 766 0.045 | 79.6 0.006| 387 —|96.76 0.008| 97.1 0.001 | 697
DNA (3/2000+1180/6p SONAR (2/208/6Q
(0.15,0.05) | 9423 0.0019| 99.41 0.003| 1268 | (0.15,0.05) | 87.02 0.073| 99.78 0.005 | 104
(0,0) | 9427 0.0038| 99.84 0.001| 2379 (0,0) | 87.04 0.074| 99.8 0.004 | 125
— | 6458 1e-16 | 1 0 5803 - | 7812 0.088| 83.92 0.015 | 151
FLAG (8/193/29 WISCONSIN BREAST (2/699/9
(0.15,0.05) | 422 0.098 | 71.2  0.074| 405 | | (0.15,0.05) | 9654 0.004| 97.45 0.003 | 59
(0,0) | 416 011 | 77.7 0.063| 513 (0,0) | 96.68 0.004| 97.17 0.006 | 110
—|328 0.098 | 742 0.018| 867 —|96.81 0.019| 97.29 0.0021] 76
GLASS (6/214/9 VOTES (2/435/1§
(0.15,0.05) | 652 0.09 | 87.34 0.036| 293 | | (0.15,0.05) | 94.25 0.034| 97.54 0.009 | 89
(0,0) | 6426 0.09 | 87.55 0.038 424 (0,0) | 945 0.03 | 96.9 0.008 | 105
— | 5630 0.056 | 63.4 0.02 | 394 —| 906 0.045|99.2 0.002 | 245
HEART (2/303/13 VOWEL (6/871/3
(0.15,0.05) | 8254 0.07 | 86.48 0.009| 118 | | (0.15,0.05) | 853 0.036| 90.1  0.009 | 579
(0,0) | 825 0.073 | 85.7 0.018| 142 (0,0) | 850 0.034| 90.4 0.01 | 969
— | 80.86 0.076 | 89.2  0.005| 146 —| 725 0.042| 73.1 0.007 | 1158

Table 1. Results comparison for meta-SVM learning. On thletiside of the database name the “(C/V/F)” values informuabo
the numer of classes (C), the number of vectors (V) and thebeuwf features (F) respectively. The top row for each daaba
presents the results of Meta-SVM learning with= 0.15, 5 = 0.05, the middle one witle = 0, 5 = 0 (see Eq. 11), and the
last row presents the results obtained with the base SVMilegialgorithm withC' = 1 andbias = 0.1.



of theC and kernel parameters was done independently for
each of the submodels.

Each benchmark was started with the same configura-
tion. No parameters of SVM learning were manually tuned.

For each benchmark from table 1 the average accu-
racy is presented for the testing set (TES column) and for
the training set (TRS column). Thed columns present
the standard deviations of accuracies for testing and-train
ing sets respectively. The last column shows the average
number of support vectors.

For each data set there is a table presenting the re-
sults of three ways of SVM learning (each in a separate
row). The top row presents the results of Meta-SVM learn-
ing with « = 0.15,8 = 0.05 and the middle one with
a = 0,8 = 0 (see Eq. 11). The bottom row presents
the results obtained with the base SVM learning algorithm
with the C' = 1 andbias = 0.1 (bias from Eq. 8). Such
values ofC' andbias are not accidental — they are selected
as the setting which yields good results in average for most
of the benchmarks.

The search grid described in section 2 had the same
parameters for all the data sets: € [—5, 5] with stepl
andbias € [—10, 3] with stepl. Each Meta-SVM learning
was based on 3-fold inner cross-validation.

As it can be seen some results are better for const
C = 1 andbias = 0.1 than for Meta-SVM. The reason
is, thatC = 1 andbias = 0.1 are really good in average
and it happens that these values are very close to optimal,
while finding them with the presented estimation algorithm
(especially for small data sets) is not simple. Sometimes it
is possible to find values of the parameters which perform
well in cross-validation test, however it must be pointed
out, that one should not use the whole data to find the best
parameters and then run tests with the chosen parameters,
because in such case the parameters selection exploits the
information contained within the test data (which should be
unseen). For example our estimation algorithm run on the
whole appendicitis data set givésandbias which then
in CV test are 88.82% accurate. Of course, the results, we
present in the table are not obtained this way.

Figures 1 and 2 present densities for two benchmark
databases: wisconsin breast cancer (fig. 1) and glass (fig.
2). For each database there are four density plots. The first
presents the density for the Meta-SVM criterion (Eq. 11),
the second presents the predicted accuracy, and 3-rd and 4-
th show the densities of the numbers of support vectors and
bounded support vectors respectively. The red square rep-
resents the optimal values of thes, C' and thelog, bias.

4 Conclusions

It is known that SVM is an optimal margin classifier,
however the setting of the learning process parameters
plays crucial role in SVM construction, especially if we
are interested not only in high accuracy but also in small
complexity of the final SVM model. Both goals can be
reached when the criterion presented here controls the

bias (log2)

bias (log2)

bias (log2)

bias (log2)

Mix of accuracy, #SV and #bSV

3 / T E 0.932
J _— 0.91
2 % O 0.888
1 = 0 0.866
o4/ ] W 0.844
i 00.822
4 —1 O o8
PEId W0.778
m0.756
-3 i E 0.734
I 0.712
4 L W 069
534 —4— M 0.668
PE INS) B N M 0.646
B os0s
74 A S - .
s~¥ N e | |wm ooss
- N\ ~ 00558
9 X K— e <~ | ®o536
10 \1\ W 0.514
; ¥
5 4 3 2 4 0 1 2 4 5
C (log2)
Accuracy
3 - [@o.9s8
23 W\) 00942
Oo.926
1 —— O o.91
0 “— — W 0.894
A Dos7s
O 0.862
-2 W 0.845
3 - E 0.829
0.813
4 LJ 0797
54— M 0.781
N Wo.765
W 0.749
@0.733
<— [@o0717
M 0.701
0o0.685
M 0.668
2 4 M 0.652
Number of support vectors
3 ——— 31065
PE - | 1O 293
] [J281.95
PE B e E 267.6
e N —= 253.25
|8
2] N —— | [m 2102
11U/ [ —— [ 195.85
-3 — = 1815
AN e (B
—51—\ I 138.45
0N\ B 1241
E [ 109.75
,7;77\ i O 954
N N L W 81.05
7 O 667
9 = W 5235
10 NS =38
-4 2 0 2 4
C (log2)
Number of bounded support vectors
3 T 7 7 0304
2,4 . A 0 288
) | D272
A7 \ i
A7 1] \ 204
0% /[ AR A 0208
I\ i
SE BN . B176
0160
-4 - B 144
5 B128
6 N |12
B 9%
7 TN ] |@ e
-8 < N O 64
9 AN B 48
0 32
-10 — B 16
-4 0 2 4 B 0
C (log2)

Figure 1. Densities of Meta-SVM criterion, accuracy, num-
ber of support vectors and number of bounded support vec-
tors for wisconsin breast cancer benchmark.
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Figure 2. Densities of Meta-SVM criterion, accuracy, num-
ber of support vectors and number of bounded support vec-
tors for glass benchmark.

cross-validation based parameters selection. The advan-
tages of such scheme of automated model selection are con-
firmed by the results of several benchmarks. The method
usually enlarges the test accuracy (improves the genaraliz
tion abilities) of the final model (except accidental lucks a
presented in section 3). The structure of the final SVM is
significantly smaller which reduces the computation costs
(typical SVMs have more complex structure than RBF net-
works trained on the same data).

We do not compare the results with any other kind of
systems, because the goal of this paper is not to prove that
SVM is the best method for all data sets, or that it is able
to win all the competitions. The aim is to show an efficient
method which automatically selects the SVM learning pa-
rameters and finds simple and accurate SVM models for
given data set without user interaction.
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