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Letter to the editor
Experimentally optimal n in support vector regression
for different noise models and parameter settings
In our Neural Networks paper Chalimourda, Schölkopf,
and Smola (2004) we presented results on the optimal
choice of the parameter n in regression support vector
machines (SVMs). In Section 5 we extended our experiments discussing the optimal choice of the other SVM
parameters, C and the skernel of the Gaussian kernel. For the
parameter C we found that it shows significant effect on the
risk only when changed by orders of magnitude. We
suggested that CZymax$l is a good starting value, where l is
the number and ymax the maximum output value of the
training data.
With respect to our suggestion for C, we argued in
 3sy j;
Section 7.1 that the prescriptions CZ maxðjyC
 3sy jÞ, where y and sy are the mean and the standard
jyK
deviation of the output values of the training data and CZ
ymax given by Cherkassky and Ma (2002, 2004) and Mattera
and Hakin (1999), respectively, are too low. Unfortunately,
we overlooked the fact that the other authors use a different
scaling in the objective function optimized by the SVM. We
optimized the functional
l
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We would like to apologize for overlooking the different
scaling used putting the results of Cherkassky and Ma
(2002, 2004) and Mattera and Hakin (1999) in an
unfavorable light.
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(1)

see Eq. (4), Section 2 in Chalimourda et al. (2004). In the
above equation the sum of the slack variables that stands for
the empirical risk is weighted by C/l. In Cherkassky and Ma
(2002, 2004) and Mattera and Hakin (1999) the empirical
risk is weighted only by C, see for example Eq. (10) in
Cherkassky and Ma (2004). The different scaling is the
reason why the factor l appears in our suggested C value
while it does not in Cherkassky and Ma (2002, 2004) and
Mattera and Hakin (1999). In fact, all prescriptions of C
work well depending on the scaling of the empirical risk one
uses.
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Spemannstrabe 38, Tübingen D-72076, Germany
E-mail address: bernhard.schoelkopf@tuebingen.mpg.de
Alex J. Smola2
Australian National University,
Canberra ACT 0200, Australia
E-mail address: alex.smola@anu.edu.au

*Corresponding author. Tel.: C49 6104 941784.
Tel.: C49 7071 601 551; fax: C49 7071 601 552.
2
Tel.: C61 2 6125 8652; fax: C61 2 6125 8651.
1

0893-6080/$ - see front matter q 2004 Elsevier Ltd. All rights reserved.
doi:10.1016/j.neunet.2004.11.001

