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Abstract. One of the main drawbacks of Support Vector Machines (SVM) is
their high computational cost for large data sets. We propose the use of the Leader
algorithm as a preprocessing procedure for SVM with large data sets, so that
the obtained leaders are used as the training set for the SVM. The result is an
algorithm where the Leader algorithm allows to construct a sample of the data set
whose granularity level and computational cost are controlled by the threshold
parameter. Despite its apparent simplicity, the proposed model obtains similar
accuracies to standard LIBSVM with fewer number of support vectors and less
execution times.

1 Introduction

Support Vector Machines (SVM) have been highly successful in several machine learn-
ing problems [25,19]. However, one of the main drawbacks of SVM is their computa-
tional complexity, leading to long training times for large data sets.

The optimization problem related to SVM is typically formulated as a quadratic
programming problem. Given N training examples, standard quadratic programming
solvers take O(N3) training time and O(N2) space to obtain a solution. Several ap-
proaches have been proposed for SVM to reduce time and space complexities. Chunk-
ing and decomposition methods [26,15] optimize the SVM with respect to subsets of the
data. The Sequential Minimal Optimization algorithm [17] obtains the analytical solu-
tion of the subproblem with only two examples, and then heuristically choices the best
pairs of parameters to optimize in a sequential process. Other incremental algorithms
have also been described [4,7,9]. Another family of algorithms modify the objective
function to apply efficient algorithms [6,13] or transform the problem to an equivalent
one [23]. In general, these methods suffer from slow convergence when the number of
support vectors is large [14].

A different approach aims to reduce the number of support vectors either directly
or by reducing the size of the training set while keeping all the necessary information
for the construction of a good model. Likelihood-based squashing is used in [16] to
remove examples that contribute in a similar way to the likelihood of the SVM pa-
rameters. Active learning methods for SVM [18,22] try to sequentially add examples
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near the boundaries. Several sampling techniques are also based in similar idea [10,1].
The model proposed in [20] proposes a preprocessing algorithm that tries to select the
examples near the decision boundaries by looking at the classes of their neighbors.

A third class of algorithms are based on clustering. The algorithm proposed in this
paper also takes this approach. The intrinsic nature of SVM, which is a function only on
the support vectors, makes clustering algorithms suitable for preprocessing and obtain
a representative sample of the data set. By changing the parameters of the clustering al-
gorithm, the number and shapes of the clusters change, leading to different granularity
levels for the training set. In [27], the centroids of a hierarchical clustering tree are re-
cursively selected to train a SVM at every step, where the examples near the boundaries
are declustered. The k-means clustering algorithm is used in [21] to select the examples
near the cluster boundaries as the input data for a SVM. A similar approach is taken
in [3,28] where, starting from a clustering algorithm, the clusters are split or shrinked
depending on a SVM trained with the centroids of the clusters. In [11] the learning
problem of SVM is redefined assuming that the clusters have a Gaussian distribution in
the feature space, and using a probability product kernel.

In this work we propose to use the Leader algorithm [8] as a preprocessing procedure
for large data sets. The obtained leaders are used as the training set for SVM. In order
to maintain the coherency between distances and inner products, the distance within the
Leader algorithm is computed with the kernel function, which is equivalent to run the
Leader algorithm in the feature space induced by the kernel. The proposed algorithm
consists of two decoupled phases, allowing to control the execution times.

The advantages of using the Leader algorithm are threefold. First, it is a very fast
clustering algorithm, compared to most common clustering algorithms such as k-means
or hierarchical clustering methods. Second, all the areas of the input space with any
example in the data set are represented by, at least, one leader. Finally, the leaders are
always a subset of the original data set. Despite its apparent simplicity, the proposed
model gives good experimental results on large data sets, obtaining similar accuracies
to standard LIBSVM with fewer number of support vectors and less execution times.

2 Support Vector Machines

SVMs for classification can be described as follows [25]: the input vectors are mapped
into a (usually high-dimensional) inner product space through some non-linear map-
ping φ, chosen a priori. In this space (the feature space), a maximal margin hyperplane
is constructed. By using a (positive definite) kernel function K(u, v) the mapping be-
cames implicit, since the inner product defining the hyperplane can be evaluated as
〈φ(u), φ(v)〉 = K(u, v) for every two vectors u, v ∈ R

D.
When the data set is not separable by a hyperplane (neither in the input space nor

in the feature space), some tolerance to noise is allowed. Using Lagrangian and Kuhn-
Tucker theory, the maximal margin hyperplane for a binary classification problem given
by a data set X is a linear combination of simple functions depending on the data:

f(x) = b +
N∑

i=1

yiαiK(xi, x) (1)
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where the vector (αi)N
i=1 is the (1-norm soft margin) solution of the following con-

strained optimization problem in the dual space:

Maximizeα

∑N
i=1 αi − 1

2

∑N
i,j=1 yiαiyjαjK(xi, xj)

subject to
∑N

i=1 yiαi = 0 (bias constraint)
0 � αi � C i = 1...N.

(2)

for a certain constant C. The parameter C allows to control the trade-off between the
margin and the errors in the data set. By setting C = ∞, the hard margin hyperplane
is obtained. The points xi with αi > 0 (active constraints) are named support vectors.
The most usual kernel functions K(u, v) are polynomial, Gaussian-like or sigmoidal
functions. It is worth noting that the kernel function depends on a certain parameter γ.

3 The Leader Algorithm as a Preprocessing Procedure for SMVs

3.1 The Leader Algorithm

Clustering algorithms divide data into groups (clusters) that are meaningful, useful,
or both. Among the many clustering algorithms, the Leader algorithm [8] is one of
the fastest ones, and it has been used in many successful applications (see [24], for
example).

The Leader algorithm works with a distance or similarity measure and a predeter-
mined threshold T . It constructs a partition of the data into clusters, assigning an exam-
ple for each cluster (the leader), such that every example in a cluster is within a distance
(or similarity) T of the leading example. The algorithm makes a single pass through the
data set. For every example, it looks for the first cluster whose leader is close enough
(or similar enough) to the current example with respect to the specified measure and
threshold T . If such matching leader is found, then the current example is assigned to
that cluster. Otherwise, the algorithm will add a new cluster whose leader is the current
example. Several variations of the Leader algorithm have been described elsewhere (see
[2], for example).

3.2 The Proposed Approach

To fix notation, consider the classification task given by a data set X = {(xi, yi)}N
i=1,

where each example xi ∈ R
D, yi ∈ {−1, +1}. Let us define X+ and X− as the subsets

of positive and negative examples, respectively.
The main idea of the proposed approach is to use the Leader algorithm as a prepro-

cessing procedure to select a subset of the data (the leaders) for the subsequent training
of the SVM. In order to lose as little information as possible (namely, possible support
vectors), the Leader algorithm is applied independently to every class. In this way, ex-
amples of different classes (near the decision boundaries, for example) will always be
represented by different leaders. Once the leaders of every class have been obtained,
they are joined in a single data set that will be the input training set of a standard SVM
algorithm. The proposed algorithm is summarized in Figure 1. We will call this scheme
Leader + SVM. Extension to multiple-class problems is straightforward.
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Given a data set X, a threshold T , a kernel function K and learning parameters for the SVM,

Phase 1: Computing the leaders
L+ = LeaderAlgorithmKernel(X+, T, K)
L− = LeaderAlgorithmKernel(X−, T, K)
Y = L+ ∪ L−

Phase 2: Training the SVM
Model = TrainSVM(Y, K, learning parameters)

The function LeaderAlgorithmKernel(Z, T, K) runs the Leader algorithm on the data set Z

with threshold T and distance D(x, y) =
√

K(x, x) − 2K(x, y) + K(y, y)

Fig. 1. Algorithm proposed for the Leader + SVM scheme

Note that, in order to maintain the coherency between distances within the Leader
algorithm and inner products within the training of the SVM, the distance within the
Leader algorithm is computed with the kernel function. This is equivalent to run the
Leader algorithm in the feature space induced by the kernel K .

Different from other approaches (see [27,3,28], for example), the proposed algorithm
consists of two decoupled phases. Therefore, the execution times can be roughly con-
trolled by looking at the number of leaders obtained by the Leader algorithm (which,
in turn, is controlled by the threshold T ). The accuracy of the trained SVM will also
depend on the leaders obtained in the first phase.

The advantages of using the Leader algorithm are threefold. First, it is a very fast
algorithm, compared to most common clustering algorithms such as k-means or hier-
archical clustering methods. Second, all the areas of the input space with any example
in the data set are represented by, at least, one leader. This is a very important property
when combined with SVM, since if there exist areas of the input space not covered
by the clusters (represented by their centroids, for example), several potential support
vectors could be lost. Finally, the leaders are always a subset of the original data set, so
that there is no need to work with data subsets in the feature space as if they were an
only point (the centroid of a cluster), as in [27,3,28].

In summary, the Leader algorithm allows to construct a sample of the data set whose
granularity level and computational cost are controlled by the threshold T . Therefore, it
is a suitable preprocessing procedure for SVM with large data sets. A similar approach
has been presented in [12], with several important differences. First, the work in [12]
is mostly focused on the comparison with other sub-sampling techniques. Second, the
threshold T is fixed during the process, so that the computational cost is not controlled.
Finally, it is only tested on small data sets (less than 1, 000 examples).

4 Experiments

We performed several experiments on benchmark data sets in order to validate the pro-
posed model. For comparison, we also run a standard LIBSVM implementation [5].
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Table 1. Description of the benchmark data sets, kernel and learning parameters. Column ’Fre-
quencies’ indicates the frequencies of the examples of every class in the training set.

Data Set # Variables # Ex.Train # Ex.Test Frequencies γ C

KDDCUP-99 127 4,898,431 311,029 0.801 / 0.199 0.1 10,000
Forest Cover 54 522,910 58,102 0.512 / 0.488 0.0001 10,000
Extended USPS 676 266,079 75,383 0.543 / 0.457 0.0078 10

4.1 Data Sets

Several benchmark data sets were used for the experiments: KDDCUP-99, Forest Cover
and Extended USPS. These data sets are available at http://www.cse.ust.hk/

˜ivor/cvm.html. A brief description of these data sets is provided in Table 1.

4.2 Experimental Setting

Data Preprocessing. No preprocessing was applied to the data.

Kernel and kernel parameter. We used the Gaussian kernel K(x, y) = e−γ‖x−y‖2
. In

the Leader algorithm, the Gaussian function was normalized dividing by the number of
input variables. The values of the γ parameter used for every data set are those of [14],
and can be found in Table 1.

Threshold of the Leader algorithm. Different values of the threshold T were tested,
ranging from 0.002 to 1.0.

Learning parameters. The values of the C parameter used for every data set are those
of [14], and can be found in Table 1. The rest of parameters were used with their default
values.

Software. For LIBSVM, we used the C++ implementation available at http://www.
cse.ust.hk/˜ivor/cvm.html. For the Leader algorithm, we used our own C
implementation. Previous to every run, the examples in the data set were randomly
shuffled.

Hardware. All the executions were run on an Intel Xeon CPU X3220 at 2.40GHz.

4.3 Results

Figure 2 shows the comparative results between Leader + LIBSVM and standard LIB-
SVM (i.e., trained with the whole training set) on the benchmark data sets studied as
a function of the threshold value. Blue lines correspond to Leader + LIBSVM and red
ones correspond to standard LIBSVM. We only show the results for the threshold values
whose total execution time of Leader + LIBSVM (summing up the training times for the
Leader algorithm and LIBSVM) was less than the training time of standard LIBSVM.
Obviously, for threshold values near zero the computational cost of the Leader + LIB-
SVM scheme is larger than that of standard LIBSVM, since the leaders selected by the
Leader algorithm are the whole data set. Table 2 shows a comparison between the best
results obtained by the Leader + LIBSVM scheme and those of standard LIBSVM.

http://www.cse.ust.hk/~ivor/cvm.html
http://www.cse.ust.hk/~ivor/cvm.html
http://www.cse.ust.hk/~ivor/cvm.html
http://www.cse.ust.hk/~ivor/cvm.html
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KDDCUP-99 Forest Cover Extended USPS

Fig. 2. Comparison between Leader + LIBSVM (blue) and standard LIBSVM (red) on the
KDDCUP-99 (left), Forest Cover (middle) and Extended USPS (right) data sets. Top row: number
of support vectors. Middle row: test accuracies. Bottom row: execution times

The first thing to note from Figure 2 is that, except for the accuracies in the KDDCUP-
99 data set, the number of support vectors, the accuracies and the execution times in-
crease as far a the threshold T decreases. This is as expected. More interestingly, the
Leader + LIBSVM scheme is able to obtain similar accuracies to standard LIBSVM with
fewer number of support vectors and less execution times. This is particularly remark-
able for the Extended USPS and KDDCUP-99 data sets (see Table 2).

Note that the behavior on the Forest Cover and Extended USPS data sets is extremely
regular. The non-increasing behavior in the accuracies of the KDDCUP-99 data set in
Figure 2 is probably due to the highly unbalanced classes (see Table 1), that may need
different granularity levels for the Leader algorithm. Anyway, very good accuracies can
be obtained with very low execution times (see Table 2)

For the KDDCUP-99 and Extended USPS data sets, most of the execution time of
the Leader + LIBSVM scheme was spent in computing the leaders. For the Forest Cover
data set, in contrast, the LIBSVM software took most of the time. This can be explained
by looking at the number of support vectors of the obtained models, which is highly
correlated with the number of leaders (see top row in Figure 2 and Table 2): when the
number of examples is large and the number of leaders is small, LIBSVM may be faster
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Table 2. Comparison between standard LIBSVM and the best results of the Leader + LIBSVM
scheme. Columns ’Thr’, ’# Leads’, ’# SVs’, ’Test’ and ’Time’ indicate the threshold, number of
leaders, number of support vectors, test accuracy and execution times (in seconds), respectively.

Standard LIBSVM Leader + LIBSVM
Data Set # SVs Test Time Thr # Leads # SVs Test Time
KDDCUP-99 1,624 94.20% 4,476.8 0.01 7,187 531 94.26% 1,431.1

0.1 53 48 93.34% 6.2
Forest Cover 105,541 98.23% 74,135.9 0.1 176,102 88,916 97.75% 28,055.9
Extended USPS 2,468 99.53% 1,419.7 0.06 1,605 410 99.21% 139.5

than the Leader algorithm. Therefore, it is better to test high values of the threshold T
first, since the number of leaders may be large for low values of T .

5 Conclusions and Future Work

This paper experimentally shows that, for large data sets, selecting a subset of the train-
ing set with the Leader algorithm may lead to an important decrease in the training and
test times of SVM, without affecting the accuracies.

It could be worth modifying the Leader algorithm so that there were more leaders in
the expected boundaries (for example, by comparing the distance to the current leader
with the leaders of the other classes). If an example is suspected to be near a boundary,
the threshold can be decreased. Similarly, a different threshold T can be used for every
class, specially for data sets with highly unbalanced classes.

References
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