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Abstract. Recently Support Vector Machines (SVM) has been successfully ap-
plied to solve classification problems. However. the major disadvantage of SVM
is slow training for classification problems with large data sets. Hence reducing
the original data to contain only the support vectors is a useful goal for speeding
-up the training process. This reduction of training data should not affect the accu-
racy of SVM classifier. This paper presents a novel and efficient data reduction al-
gorithm for SVM classifiers which can be used in order to reduce the data points
when the input data is very large. In this algorithm. a first stage uses SVM classi-
fication on a small data set in order to gets a sketch of classes distribution and Ja-
bels the support vectors as a data set with label +1 and the other points as a data
set with label -1. The algorithm train the small data again with the new labels and
obtains the new classification hyperplane. From new classification hyperplane we
classify the original input data set and obtain the mos important data points, these
data points are used as training data for a posterior SVM classification. The effec-
tiveness of the approach proposed is supported by experimental results.

1 Introduction

In recent years Support Vector Machines (SVM) has been successfully applied
10 solve classification problems. Support Vector Machines are based on the idea
finding a optimal classification hyperplane that divide the classes. When the data
points are not lincarly separable the SVM maps data points to a high dimensional
feature space where a separating hyper-plane can be found. This mapping implicitly
transforms the input space into another high dimensional feature space by the kernel
trick. However, to find the classification hyperplane is computationally very expen-
sive. the major disadvantage of SVM is its slow training for classification problems
with Jarge data sets. because the quadratic form is completely dense and the memory
requirements grow with the square of the number of data points. so the training
complexity of SVM is highly dependent on the size of a data set [6]. Hence reducing
the original data to contain only the support vectors 1s a useful goal for speeding up
the training process. This reduction of training data should not affect the accuracy of
SVM classifier. Many researchers have tried to find possible methods to apply SVM
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classification for large data sets. Generally. these methods can be divided into two
types; Modify SVM classifier so that it could deal with large data sets within an ac-
ceptable time, and Reduce a large data set 10 smaller one so that a normal SVM
could be applied. Chunking is the first decomposition method used, a standard pro-
jected conjugate gradient (PCG) chunking algorithm can scale somewhere between
linear and cubic in the training set [4][8]. Dong et al introduced a parallel optimiza-
tion step where block diagonal matrices are used to approximate the original kernel
matrix so that SVM classification can be split into hundreds of subproblems [7].

On other hand, clustering is an effective tool to reduce data set size. For exam-

ples. hierarchical clustering [1][17], Minimal enclosing ball cluslering' [3] and paral-
lel clustering [12]. Clustering based methods can reduce the computations burden of
SVM. but they are very complex for large data set, because in some cases to obtain
the optimal number of clusters can involve more computational cost tha_n clustering
jtself [16]. Random selection is to select data in such way that the learning is maxi-
mized by the data. Sampling speeds up a classifier by randomly removing training
points. Balacazar et al. [2] have used random sampling succ.essfu_lly to train SVM in
many applications. Sampling has led to an accurate classification in their experi-
ments with several data sets. However, has been showed that random sampling
could over-simplify the training data set and lose the benefit of _SVM, especially
when the probability distribution of training and testing data were different.

This paper presents a novel data reduction algorithm for SVM classifiers, which
can be used in order 1o reduce the data points when the input data is very large. Ac-
cording 1o the architecture of SVM, the training data that are near the boundaries are
the most important data points. Since, the training time of SVM becomes huge when
we work with Jarge data sets, the training time can be reduced if the data that are far
from the hyperplane are deleted. The proposed algorithm can delete unnecesary data
from original training data and speed up the training time. In the algorithm, a first
stage uses SVM classification on a small data set in order to gets a sketch of classes
distribution, the algorithm labels the support vectors as a data set with label +1, this
data points are the most important data in the data set and the other points as a data
set with label -1, this data points are the data that are far from the hyperplane and
constitute a unnecessary data set. The algorithm train the small data again with the
new labels and obtains the new classification hyperplane. From new classification
hyperplane we classify the original input data set and obtain the mos important data
points, these data points are used as training data for a posterior SVM classification.
Furthermore, this method can be applied to artificial vision for object classification,
were the objects are appearance-based modeled. Appearance-Based modeling pro-
jects the images to a hiperdimentional space; such modeling demands expensive
computational costs. Here we show an object classification example. The experi-
mental results show that the accuracy obtained by proposed approach is very similar
10 the classic SVM methods, while the training time is significantly shorter than
other SVM implementations. The rest of the paper is organized as following: Sec-
tion 11 reviews SVM classification. Section III focuses on explaining the proposed
data reduced algorithm. Section IV shows experimental results on artificial and real

data sets. Conclusion is given in Section V.
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2 Support Vector Machines
Considering binary classification. we assume that a training set X is given as:

XY (%55 ¥5)s00(%,,,Y,)
(¢))
ie. X ={x;,¥;}i,, where x, € R and y, € (+1,-1). Training SVM yields to
find the optimal hyperplane,

¥, = sign|a” p(x,)+ ]
(2)

which is obtained by sole a quadratic programming problem as follows

min,, J(w) = 3w7w+cz
] : i=l 3)
subject : y, [a) o(x;)+ b]Z 1-¢

where &, are slack variables 1o tolerate mis-classifications £ >0,
i=1,....,n, ¢>0.(3)is equivalent to the following quadratic programming prob-

lem which is a dual problem with the Lagrangian multipliers a; >0,

" -
max J(w)=-1 a,y,.aijK<x,.-xj>+Za,
i i,j=1 i=1

subject : Z a,y,=0,C2a,20,i=1,2,...,n

i=1

@

T ]
where C >0, ¢, = [a,,az,...,a"] ,a;20,i=12,...,n . are coefficients

corresponding 10 X;,X; with nonzero @; is called Support Vector (SV). The func-

tion K is called the Mercel kernel, which must satisfy the Mercer condition [14].
The resulting optimal decision function is defined as

Yi = sign[z aiyiK(xi9xj ) bj

i=1

®)

where X = [x,,xz,...,x,] is the input data, @, and y, are Lagrange multipli-
ers. A new object X can be classified using (5). The vector X, is shown only in the

way of inner product. There is a Lagrangian multiplier @ for each training point.
When the maximum margin of the hyperplane is found, only the closed points to the
hyperplane satisfy & > 0. These points are called support vectors SV, the other
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points satisfv @ = 0. so the solution vector is sparse. Where b is determined by
Kuhn-Tucker conditions:

L=00= iai,\’,w(x,)
i=1
i =0, > 2y, =0
3 -;a.). )
#=0,a,-c20
a,{y,[w’:p(x,.)+b]—l+§,}=0

Sequential minimal optimization (SMO) breaks the large QP problem into a se-
ries of smallest possible QP problems [13]. The small QP problems can be solved
analytically. which avoids using a time-consuming numerical QP optimization as an
inner loop.' The memory required by SMO is linear in the training set size, which al-
lows SMO 1o handle very large training sets [13]. A requirement in (3) is

n
Za,.)‘ =0. it is enforced throughout the iterations and implies that the smallest
i

i=1
number of multipliers can be optimized at each step is two. At cach step SMO

" chooses two elements &; and a; 10 jointly optimize, it finds the optimal values for

these two parameters while all others are fixed. The choice of the two points is de-
termined by a heuristic algorithm, the optimization of the two multipliers is per-
formed analytically. Experimentally the performance of SMO is very good, despite
needing more iterations to converge. Each iteration uses few operations such that the
algorithm exhibits an overall speedup. Besides convergence time, SMO has other
important features. such as, it does not need to store the kernel matrix in memory,
and it is fairly easy to implement [13].

3 Data reduction algorithm

To find the classification hyperplane is computationally very expensive, because
the SVM need solve the problem of quadratic programming (QP) to find a separa-
tion hyper-plane which implicates a matrix of density NxN , where the N is the
number of points in the data set. Since QP's routines have quadratic complexity the
SVM need huge quantities of computational time and memory for very large data
sets, because the training complexity of SVM is highly dependent on the size of a
data set. According to [17] to train SVM on a data set of size one million records
would take vears.

On the other hand. in the test phase SVM only determine the class of each data
point from the weights determined at the training phase. and the complexity of this
task is lineal and dependent on the support vectors obtained in the training phase.
So. we can reduce the original input data set using the advantages of testing phase.
Is clear that by the sparse property of SVM. the data which are not support vectors
will not contribute the optimal hyperplane. The input data sets which are far away
from the decision hyperplane should be eliminated, meanwhile the data sets which
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are possibly support vectors should be used. According 10 above analysis. we make
a modification on the training data set in order 10 reduce the original data set. In
general, our approach consists of three steps which are shown in Figure 1: 1) A first
stage of SVM classification on a small data set, 2) A new labeling of classes and to
obtain the classification hyperplane of this new distribution 3) Data recovery. in this
test phase SVM determine the class of each data point from the weights determined
at the previous training phase (new distribution) from which obtain the reduced data
set.

Small Dota Set

SVM classificavon

Deasion function
between SV's and
other data points

Tesung on large dala set

Fig. 1. Algorithm scheme.

New labeling with SV

and non-SV

3.1 A First Stage of SVM on a Small Data Set

In this paper, we use a special random selection algorithm to select a small per-
centage of data from original large data set. this algorithm has been used in [10]. We

assume that (X,Y) be the training patterns set. where X = {x,,x2 ,...,xn} is the
input data set, X; can be represented by a vector of p dimension, i.e.,
X; = (X,») seees X )T. Y= {y,,yz,...,yn} is the label set, label y, € {—l,l}.
Our objective s to select a sample set C = (c),¢,....,¢,), | <<n from X . After

random selection, we denote the data set of selected samples as C . We may divide
C into two subsets, one contains positive Jabels. and the other contains negative la-

bels, i.e.,
C' ={UC, |y =+1]
C ={UC |y=-1 ™

Fig. 2 a) shows the original data, where the red circles represent negative labels
data. and the blue squares represents positive labels data. After random selection. the

selected sample data are shown in Fig. 2 b). Then. C~ consists of those data which
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are represented by red circles in Fig. 2 b). and C~ consists of those data which are
represented by blue squares in 2 b). Only these selected data will be used as training
data in the first stage SVM classification. Afier selecting data we use a first stage of
SVM classification on the small data set in order to gets a sketch of classes distribu-
tion. we use SVM classification with SMO algorithm to get the decision hyperplane

> e K (x,x) + by
kel (8)

where V] is the index set of the support vectors in the first stage. Here, the train-

ing data set is Gk Uc“ which has been obtained by random selection. Fig. 2 b)
and c) illustrate the training data set and the support vectors obtained in the first
stage SVM classification, respectively.

[ \» 0 ¢
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Fig. 2. First stage of SVM and the new labeling (a) Small data set (b) SVM classification (c)
New labeling.

3.2 New Labeling

In the previous step, we have obtained a classification hyperplane, these data
points are not representative enough. However, the hyperplane obtained from them
gives us a reference on data distribution. From the previous step, we obtain the sup-
port vectors and non support vectors and we classify the support vectors as a data set
with label +1, this data points are the most important data in the data set and the
other points as a data set with Jabel -1, this data points are the data that are far from
the hyperplane and constitute a unnecessary data set. In order to obtain all the data
points that are near from classification hyperplane from the original data set, the al-
gorithm obtain a new decision hyperplane from new distribution which is given by

(xg]3),a])’(xaz3ya2)""’(xan’ynn) (9)

ie. X = {xa,.,yai}:':] where x,, € R“and y,, € (+1,—1). where all data points
with label ), € (+1)represent the support vectors obtained in the previous step

and all data points with label ¥, € (—1)represent the non support vectors. With

the purpose to find a linear separating hyperplane classifier as in Equation (2) we
solve the QP problem. which provides the support vectors two classes. Using these
SV we get a decision function which separates the positive samples (all data points
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that are near from support vectors) from the negative samples (all data points that
are far from support vectors). The weight vector and the threshold are

z 1

T 5

W= E a,: ¥, X, and b= 5 (w X+ xan), respectively, where 7 is the num-

i=1
T .

ber of support vectors, W' is the transpose of W . and Xg, and X, are support

vectors in the new distribution of the positive and the negative classes respectively.
Finally the decision function of the new distribution is given by

Zyaka;Z.k‘K(Xak X, )+ b;z

keV,,

10)

(b) (c)
Fig. 3. Recovery of important data and final SVM classification (a) Testing on the original
data set (b) Recovery of important data (c) Final SVM classification.

3.3 Data Recovery

Notre that, we can obtain data points that are near support vectors from the origi-
nal data set. In the first stage SVM classification, the training data set is only a small
percentage of the original data. The obtained decision hyperplane cannot be precise
enough, in spite of this it gives us a reference on which data can be eliminated.
Some useful data has not been selected during the random selection stage. So, a
natural idea is 10 recover those data which are located between two support vectors
with different label, and using the recovered data to make the classification again. In
order 10 tune the first classification hyperplane obtained and improve the classifica-
tion accuracy. the algorithm obtains all data points that are near support vectors from
Equation (10). The Fig. 3 a), b) and c) show the steps which the algorithm recovers
the most important data points, the recovered data set is given by

ypi U (Cl € Va2)

where ), represent all positive data points obtained by Equation (10) and

% : ;i T
C. €V, represent the support vectors with positive label.
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4  Experimental results

In this Section we present the result obtained on 3 different test sets: A simple
case of data set. the IICNN data set and the Columbia object image library data set.
The proposed algorithm reduce the input data set into a small data set which is com-
posed by the most important data points. With the purpose of emphasize the utility
or our approach we compared the total training time obtained with our approach
with other fastr SVM implementations as simple SVM [15] and LIBSVM [5] based

in SMO. all data sets are available at [5].

Example 1 First, let consider a simple case of classification. With the purpose of
clarify and emphasize the basic idea of our approach, let’s consider a very simple
case of classification and sectioning. We generated a set of 1,000.000 data at ran-
dom, specified range and radio of aleatory generation as in [17]. Figure 4 shows the
input data set with 4000 data (see a)). After the first SVM classification, a set of
support vector is obtained 4 b). The Fig 4 c) shows the new labeling, the blue data
points represents the support vectors obtained in the previous step. the Fig. 4 d)
shows the support vectors obtained from the new labeling of classes and Fig. 4 ¢)
the data points recovered from the original data set, finally the Fig. 4 ) shows the

reduced data set.

Fig. 4. Input data set and reduced data set.

The comparison results are shown in Table 3, where the notations are explained
as follows: “#” is the data size; “1” is the training time of the whole classification
which includes all the steps above mentioned; “Acc” is the accuracy: RDS is the re-
duced data set.
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Table 1. Comparison of our approach with other SVM implementations.

GDNL Data Set

Our approach | LIBSVM Simple SVM
# RDS t Acc 1 Acc t Acc
50.000 3532 59.6 100 2543 100 107.9 100
100.000 5814 105 100 8824 100 257.1 100
500.000 13026 496 100 - - 685.6 100
1.000.000 17475 1029 100 - - - -

In this case, the input data set has two classes as shown in Fig. 4 We use sizes of
training data 1,000,000, 500.000, 100,000 and 50,000 in our experiments. We gen-
erated of separated form 50.000 testing data set, Table 1. show the results of our ex-
periments using rbf kernel in all SVM implementations. Is clear that the proposed
algorithm reduce the input data set into a small data set which is composed by the
most important data points and minimize the risk of delete important data points.
With the purpose of emphasize the utility of our approach we compared the total
training time obtained with our approach with other SVM implementations. For
50.000 data, the proposed algorithm reduce the input data into a set with 17475 data
points. The reduction of the input data points reduce considerably the training time
while classification accuracy is almost the same due 10 algorithms nature.

Example 2 In this example we consider a set of 3700 images that contains 19
object classes, Columbia object image library (COIL), where each image is 128x128
pixel size. Appearance-Based modeling projects all the images to a 128°=16384-

dimention space, in other words, each image is represented as a 16384-element col-
umn vector.

Table 2. Comparison of our approach with other SVM implementation.
COIL Data Set

Our appro- | LIBSVM | Simple SVM SMO
ach
# RDS 1 Acc |t Acc |t Acc |t Acc
3700 58 32 98.0 31 982 |78 97.8 | 137 98.1

Example 3 JJCNN 2001 The data set is available at [5]. The data set contains
49,990 training data points and 91,701 testing data points, each record has 22 attrib-
utes. The sizes of the training data we used are 1.000, 5.000, 12,500, 25.000, 37.500
and 49,990.

The comparison results are shown in table 3. where the notations are explained
as follows: “#” is the data size; “t” is the training time of the whole classification
which includes all the steps above mentioned; “Acc™ is the accuracy; RDS is the re-
duced data set.
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Table 3. Comparison of our approach with other SVM implementation.

1JCNN Data Set
Our appro- LIBSVM | Simple SVM SMO
ach
# RDS t Acc t Acc |t Acc t Acc
12500 1975 105 97.0 |48 982|183 97.1 | 2979
97.1
25000 3767 | 244 944 177 98.6 | 3823 97.2 | 6822
91.5
37500 7059 397 979 [394 98.8 | 10872 97.7 | - o
49990 12923 | 428 98.5 | 731 98.8 | 20491 98.2 | - 2

4 Conclusion

In this paper we present a novel and efficient data reduction algorithm for SVM
classifiers which can be used in order to reduce the data points when the input data
is very large. The major advantage of this algorithm is that it reduce the input data
considerably, it benefits the training time for large data sets, one fast firts stage of
SVM is introduced to reduce training data. A step of new labeling overcomes the
drawback that only part of the original data near the support vectors are trained. Ex-
periments done with several synthetic and real world data sets, show the proposed
algorithm has great advantage when the input data set are very large.
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