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The learning ability and generalizing performance of the support vector machine (SVM)
mainly relies on the reasonable selection of super-parameters. When the scale of the
training sample set is large and the parameter space is huge, the existing popular super-
parameter selection methods are impractical due to high computational complexity. In this
paper, a novel super-parameter selection method for SVM with a Gaussian kernel is
proposed, which can be divided into the following two stages. The first one is choosing
the kernel parameter to ensure a sufficiently large number of potential support vectors
retained in the training sample set. The second one is screening out outliers from the
training sample set by assigning a special value to the penalty factor, and training out
the optimal penalty factor from the remained training sample set without outliers. The
whole process of super-parameter selection only needs two train-validate cycles.
Therefore, the computational complexity of our method is low. The comparative experi-
mental results concerning 8 benchmark datasets show that our method possesses high
classification accuracy and desirable training time.
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1. Introduction SVM, not only affecting the classification accuracy, but also

resulting in excessively long training time and even the

Support vector machine (SVM) is a kernel learning
method established by Vapnik on the basis of statistical
learning theory [1]. SVM can well resolve the small-sam-
ple, nonlinear and high-dimensional problem. As its train-
ing is a problem of convex quadratic programming, it can
be ensured that the extremal solution found is just the glo-
bal optimal solution. With excellent learning ability and
generalizing performance, SVM is widely applied in such
fields as pattern recognition [2], regressive modeling [3],
and signal processing [4]. However, to a great extent, the
performance of SVM depends on the reasonable selection
of super-parameters in practice. Improper super-
parameters will cause the underfitting or overfitting of
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failure of obtaining the optimization model in limited
steps |5]. Therefore, selecting proper super-parameters is
an urgent problem to be resolved in the application of
SVM.

The conventional super-parameter selection methods
include empirical selection, grid search, gradient descent,
and so on.

(1) The empirical selection method: this method
requires for relevant background knowledge of
issues under study, and it is extremely difficult to
obtain proper super-parameters in practice.

(2) The grid search method: this method ignores the
analysis on the influence of super-parameters on
the generalization performance of SVM, causing
the waste in terms of most computation on the
training of valueless super-parameter area.
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(3) The gradient descent method: by taking into account
the relationship between super-parameters and
generalization performance, the gradient descent
method can greatly reduce the computational com-
plexity, but the initial point for optimization has a
major influence on the super-parameters finally
selected. Therefore, this method easily falls into the
local optimum situation.

(4) Other methods: In recent years, with the inspiration
of intelligent optimization methods, such as genetic
algorithm (GA) and particle swarm optimization
(PSO), succeeding in such areas as process control,
economic forecasting and engineering optimization,
some scholars have successively studied how to
optimally select the super-parameters of SVM by
applying intelligent optimization methods [6,7].
However, the optimizing performance of GA and
PSO also depends on the reasonable selection of
their several running parameters to a great extent.
Furthermore, these methods are also observed with
such problems as high computational complexity
and difficulty in selecting super-parameters for
large-scale dataset. Keerthi et al. [8] proposed a
selection method of two-step linear search for
super-parameters. The simulation result indicates
that its accuracy is close to that of the grid search
method, but its computational complexity is obvi-
ously reduced. Varewyck and Martens [9] define
the kernel parameter by establishing the Gauss dis-
tribution model on the one hand; on the other hand,
they select a relatively ideal initial value for the pen-
alty factor by analyzing the distribution properties
on different datasets, and then determining the
optimal penalty factor by using the gradient search
method.

Except for empirical selection, all the aforementioned
super-parameter selection methods view the selection of
super-parameters as an optimization problem. In another
word, they all need to design proper evaluation indexes
for super-parameter performance to appraise the selected
super-parameters. The earliest relevant research was
based on the principle of structural risk minimization. This
principle grounds the theory of SVM. It states that the clas-
sification error is bounded by the sum of the training error
and a supplementary confidence term written as a function
of the Vapnik-Chervonenkis (VC) dimension [1]. However,
in the actual situation, it is extremely difficult to estimate
the exact VC dimension and thus the upper bound of clas-
sification error has no strict close association with con-
straints. The common evaluation index for super-
parameter performance is the mean error obtained
through K-fold cross-validation (KF-CV) on the training
sample set [10]. The KF-CV requires one or more train-val-
idate cycles to be performed. Each such cycle consists of
one or more trials in which a SVM is trained on a training
sample set, and evaluated on a validation set. If K is 5, the
5F-CV means that 5 trials per train-validate cycle are
required. This method is observed with the potential risk
of high computational complexity, non-rigorous index,
introduction of new variables and easy falling into local

optimum. The relevant approximation methods substitut-
ing KF-CV include the Xi-alpha error bound and the gener-
alized approximate cross-validation measure. Duan et al.
[11] pointed out that the computational complexity of
such evaluation indexes for super-parameter performance
is greatly lowered, but the obtained generalization perfor-
mance of SVM is not superior to the result of 5F-CV.

The computational complexities of the foregoing super-
parameter selection methods are relative high. Therefore,
for the large-scale training sample set or huge parameter
space, they are impractical. In addition, although the cur-
rently popular methods based on the optimization theory
can obtain super-parameters with desirable generalization
performance, when the spatial distribution of samples is
observed with outliers, optimizing strategies often lead to
the failure of super-parameter optimization process to
converge quickly due to the disturbance of outliers. On
the basis of analyzing the relationship between outliers
in training sample set and generalization performance of
SVM, we transform the super-parameter selection for
SVM into the outlier-resisting. Upon analyzing, outliers
can be detected by assigning a special value to the penalty
factor. To resist the influence of outliers on generalization
performance of SVM, outliers are excluded from the train-
ing sample set, and then the remaining training sample set
is used to obtain the optimal penalty factor. In the whole
super-parameter selection process, only two train-validate
cycles are required to obtain proper parameters, without
the huge redundant computation using the optimization-
based methods.

2. Description of SVM

SVM maximizes the classification margin by construct-
ing an optimal decision hyperplane. For the issue with
supervised classification, set the training sample set
Q={(x;, y)|x; € R}, yie {-1,1}, i€ 1,2, - I, where, x; rep-
resents the training sample in a k-dimensional feature
space and y; represents positive or negative class label cor-
responding to x;. The decision hyperplane is defined by:
wx+b =0, (1)

where w represents weight vector and b represents bias.
Therefore,

yi(wx; +b) > 1. (2)
The decision function is:
f(x) = sgn(wx; + b), 3)
where sgn(-) is the following sign function:
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The problem of obtaining optimal hyperplane can be
transformed into the following primal quadratic program-
ming problem [1]:
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