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“Hype or Hallelujah?” is the provocative title used by Bennett & Campbell
(2000) in an overview of Support Vector Machines (SVM). SVMs are currently
a hot topic in the machine learning community, creating a similar enthusiasm at
the moment as Artificial Neural Networks used to do before. Far from being a
panacea, SVMs yet represent a powerful technique for general (nonlinear) classi-
fication, regression and outlier detection with an intuitive model representation.

The package e1071 offers an interface to the award-winning1 C++-
implementation by Chih-Chung Chang and Chih-Jen Lin, libsvm (current ver-
sion: 2.6), featuring:

• C- and ν-classification

• one-class-classification (novelty detection)

• ϵ- and ν-regression

and includes:

• linear, polynomial, radial basis function, and sigmoidal kernels

• formula interface

• k-fold cross validation

For further implementation details on libsvm, see Chang & Lin (2001).

Basic concept

SVMs were developed by Cortes & Vapnik (1995) for binary classification. Their
approach may be roughly sketched as follows:

Class separation: basically, we are looking for the optimal separating hyper-
plane between the two classes by maximizing the margin between the
classes’ closest points (see Figure 1)—the points lying on the boundaries
are called support vectors, and the middle of the margin is our optimal
separating hyperplane;

∗A smaller version of this article appeared in R-News, Vol.1/3, 9.2001
1The library won the IJCNN 2001 Challenge by solving two of three problems: the Gen-

eralization Ability Challenge (GAC) and the Text Decoding Challenge (TDC). For more
information, see: https://www.csie.ntu.edu.tw/~cjlin/papers/ijcnn.ps.gz.
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Overlapping classes: data points on the “wrong” side of the discriminant mar-
gin are weighted down to reduce their influence (“soft margin”);

Nonlinearity: when we cannot find a linear separator, data points are pro-
jected into an (usually) higher-dimensional space where the data points
effectively become linearly separable (this projection is realised via kernel

techniques);

Problem solution: the whole task can be formulated as a quadratic optimiza-
tion problem which can be solved by known techniques.

A program able to perform all these tasks is called a Support Vector Machine.



https://doi.org/10.24432/C5WW2P










kernel formula parameters

linear u>v (none)
polynomial (γu>v + c0)

d γ, d, c0
radial basis fct. exp{−γ|u − v|2} γ
sigmoid tanh{γu>v + c0} γ, c0

Conclusion

We hope that svm provides an easy-to-use interface to the world of SVMs, which
nowadays have become a popular technique in flexible modelling. There are
some drawbacks, though: SVMs scale rather badly with the data size due to
the quadratic optimization algorithm and the kernel transformation. Further-
more, the correct choice of kernel parameters is crucial for obtaining good re-
sults, which practically means that an extensive search must be conducted on
the parameter space before results can be trusted, and this often complicates
the task (the authors of libsvm currently conduct some work on methods of
efficient automatic parameter selection). Finally, the current implementation
is optimized for the radial basis function kernel only, which clearly might be
suboptimal for your data.
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