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Abstract

The least squares support vector machine (LS-SVM) has
shown to exhibit excellent classification performance in
many applications. In this paper, we propose an incremental
and decremental LS-SVM based on updating and downdat-
ing the QR decomposition. It can efficiently compute the up-
dated solution when data points are appended or removed.
The experiment results illustrated that the proposed incre-
mental algorithm efficiently produces the same solutions as
those obtained by LS-SVM which recomputes the solution
all over even for small changes in the data. For drug de-
sign, the results of each biochemistry laboratory test on a
new compound can be iteratively included in the training
set. This procedure can further improve precision in order
to select the next best predicted organic compound. Instead
of retraining entire data points, it is much efficient to up-
date solution by incremental LS-SVM.

1. Introduction

There have been several approaches to build incremental
learning machines, which can effectively compute an up-
dated decision function when data points are appended. For
many applications where expensive updating of transactions
is frequently required, it is desirable to develop incremen-
tal and decremental machine learning algorithms, which can
effectively compute updated decision function when data
points are deleted or appended. Recently, incremental and
decremental support vector machine has been introduced
based on decay coefficients [3]. The least squares support
vector machine (LS-SVM) [2] has shown to exhibit excel-
lent classification performance in many applications. In this
paper, an incremental and decremental least squares sup-
port vector machine (LS-SVM) is designed by updating and
downdating the QR decomposition.

2. Incremental and Decremental LS-SVM

For the training data (ai, yi) with yi ∈ {−1,+1} for
1 ≤ i ≤ m, the discriminant function in the feature space
is f(x) = φ(x)T w + b, where φ(·) is a mapping func-
tion, i.e. φ(·) : S ⊂ R

n → F ⊂ R
n′

, that maps the input
data to a vector in the feature space. For this binary clas-
sification problem, the following linear system can be built
as
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where K ∈ R
m×m is a kernel matrix, C is a regulariza-

tion parameter, ui ∈ R
i×1 is a column vector with 1’s as

its elements, and mj is the number of data points that be-
long to class j. It can be easily shown that this formulation
is equivalent to LS-SVM. The solution of the linear sys-
tem can be found by computing the QR decomposition of
the matrix K̂ ∈ R

(m+1)×(m+1):

K̂ =
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where Q ∈ R
(m+1)×(m+1) is an orthogonal matrix and

R ∈ R
(m+1)×(m+1) is an upper triangular matrix. Then,

the solution of the linear system can be directly computed
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Now, LS-SVM of Eqn. (1) can be achieved by the QR de-
composition. When data points are appended or removed,
the updated solution x∗ can be efficiently obtained by up-
dating and downdating the QR decomposition since the
computational complexity of updating and downdating the
QR decomposition is O(m2) [1]. The updated solution x∗

can be computed by

R∗x∗ = (Q∗)T

[
0
y∗

]
, (4)

where y∗ is the updated y vector and the matrices Q∗ and
R∗ are obtained by updating and downdating the QR de-
composition.

3. Results and Discussion

Four data sets, i.e. thyroid, diabetes, hearts,
and titanic, were used. The data sets include 100
training and test splits, which are available from
http://ida.first.gmd.de/˜raetsch/data/benchmarks.htm.
Model selection is performed on the first five train-
ing splits and generalization is then measured by the mean
error rate over the 100 test splits. The radial basis func-
tion (RBF) kernel, k(aT

i ,aj) = exp(−γ‖ai − aj‖2),
was used. For testing incremental classifiers, after train-
ing 75% of data points by LS-SVM, the remaining 25%
data points were inserted one by one using incremen-
tal LS-SVM. The feasibility of incremental and decre-
mental LS-SVM was confirmed by the observation that
they generated the same solution vectors for 100 train-
ing/test splits for each data set. For drug design, the
results of each biochemistry laboratory test on a new com-
pound can be iteratively included in the training set. This
procedure can further improve precision in order to se-
lect the next best predicted organic compound. Instead
of retraining entire data points, it is much efficient to up-
date solution by incremental LS-SVM.

The fifth data set was a data set used in the 2001 KDD
cup data mining competition, which can be obtained from
http://www.cs.wisc.edu/˜dpage/kddcup2001. It consists of
1909 compounds tested for their ability to bind to a tar-
get site on thrombin, a key receptor in blood clotting. Of
these compounds, 42 are active (bind well) and the others
are inactive. Each compound is described by a single fea-
ture vector comprised of a class value (A for active, I for in-
active) and 139,351 binary features, which describe three-
dimensional properties of the molecule. In order to show
the performance of the decremental LS-SVM, the com-
puting times of leave-one-out cross validation (LOOCV)
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Figure 1. Computing times of leave-one-out
cross validation (LOOCV) for different num-
ber of data points. The solid line presents
computing time of ordinary LOOCV and the
dashed line presents that of LOOCV using
decremental LS-SVM.

for various numbers of data points were observed by LS-
SVM and decremental LS-SVM. Figure 1 shows that the
LOOCV based on decremental LS-SVM is much more ef-
ficient. The Pentium III 600MHz computer was used to ob-
tain the computing time for LOOCV algorithms which were
implemented by MATLAB.

4. Conclusion

In this paper, an incremental and decremental LS-SVM
is designed by updating and downdating the QR decompo-
sition. It can efficiently compute the updated solution when
data points are appended or removed.
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