
 

  

 
Abstract 

A support vector machine constructs an optimal hyperplane from a 
small set of samples near the boundary.  This makes it sensitive to 
these specific samples and tends to result in machines either too 
complex with poor generalization ability or too imprecise with 
high training error, depending on the kernel parameters.  In this 
paper, we present an improved version of the method, called edit-
ing support vector machine or ESVM, which removes some sam-
ples near the boundary from the training set.  Experiments show 
that for cases that the two classes are overlapped, ESVM can get 
better generalizing ability, and ESVM is also more robust with 
noises.  

I. INTRODUCTION 

The support vector machine or SVM paradigm, which was 
developed from the theory of structural risk minimization 
and was first introduced by Vapnik and his colleagues, is a 
new pattern recognition technique that aims at better gener-
alizing ability with limited training samples [1].  Using the 
data near the boundary regions between the two classes, 
SVM constructs an optimal separating hyperplane with 
maximum margin between the two classes.  This can be 
formulated as in the follow way [2]: 
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SVM can be generated to nonlinear cases by mapping the 
input vectors into a high dimensional space, using a proper 
kernel function.  As to nonseparable cases, a special penalty 
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ξ , which measures the amount of violation to the 

constraints, is introduced in the objective function, where C 
is a constant controlling the penalty on the misclassified sam-
ples. 

Because of its many merits, SVM has been applied to a 
variety of problems.  However, it also leaves much in de-
bate.  As noted in [1] and [3], the support vectors or SVs, 
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which are those closest to the optimal hyperplane, play a 
crucial role in constructing the decision function.  When the 
two classes overlap, the samples in the overlapped region are 
always nearest to the separating hyperplane, so they are 
given serious consideration during training.  If the parame-
ters of the kernels and the C value are not properly chosen, 
these samples may either cause the decision boundary to be 
too complicated with poor generalizing ability, or lead to a 
result that has high training error rate.  Moreover, if there 
exists some noises in this region, their effects would be over-
stated. 

To overcome this problem, an intuitive idea is to eliminate 
those samples in the overlapped area.  Following this con-
sideration, we proposed an improved version of SVM called 
Editing Support Vector Machines or ESVM.  Its basic 
scheme is similar to that of editing nearest neighbor methods 
in statistical pattern recognition, which randomly divides the 
training set into subsets, using one subset to edit the other 
one and then get the final decision boundary using the re-
mained samples (details can be found in several textbooks on 
pattern recognition, such as [4]).  Here we do not perform 
the partition phase, but apply editing on the training set di-
rectly.  This procedure eliminates the samples in the over-
lapped region so that a clearer boundary between the two 
classes can be obtained, with better generalization ability.  
Experiments show that the proposed new method is quite 
promising, especially for overlapped cases and for training 
sets corrupted with noises and outliers.  

II. THE ESVM SCHEME 
Conceptually, our purpose is to remove the questionable 

samples in the overlapped region, or to be except, get rid of 
those incorrectly classified samples, for the existence of 
these error samples can only cause bad effect on get-ting the 
decision function.  Figure 1 illustrates the idea in 
one-dimensional case.  There is an overlap in the distribu-
tions of the two classes.  The effect of our editing procedure 
is to remove those training samples in the overlapped region 
as illustrated by the dark areas in the distributions. 
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Figure 1.  The basic idea of ESVM 

 
However, it is hard to specify which sample would be 

misclassified before the correct decision function is found.  
According to the setting of the problem, all we have for the 
task is the training samples.  So we need to train a prelimi-
nary machine using the samples first, and then use this 
trained machine as a criteria for judging which sample 
should be removed. 

Consider the training set 
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The dual optimization problem of SVM is: maximize the 
quadratic objective function 
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where K(xj, xj) is the kernel function, and iα  are the La-
grange multipliers corresponding to each training samples, 
and C is the penalty constant. 

Solving this optimization problem according to the 
original training set, we obtain an optimal hyperplane 
that separates the two classes with some nonseparable 
samples.  We call this hyperplane the original hyper-
plane.  And the decision function would be:  
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From the derivation of the SVM algorithm, we know that 
the absolute function values for the SVs are 1 or -1, and 
those for the other correctly classified samples are either 
larger than 1 or less than -1.  The samples that lie on the 
wrong side of the hyperplane can be easily identified ac-
cording to its output value.  We can remove these samples 
from the training set and use the remained set to train the 

SVM again.  The effect of this procedure can be seen in the 
example of Figure 2. 

Removing only these nonseparable samples can modify 
the decision hyperplane, but the effect is not notable, since 
the new SVs always remain the same as the original ones.  
To get better improvement, we introduce a gate value g , 
which is a predetermined threshold.  If we assign the value 
of g to be slightly greater than 1, and remove all those sam-
ples whose absolute function values are less than g, as well 
as those misclassified samples, a new training set will be 
obtained in which there is an isolated area or "clear zone" 
between the two classes.  Training SVM with this edited 
new training set will result in a smoother separating hyper-
plane, which we call edited hyperplane.  

This edited hyperplane may be less accurate since the 
samples nearest to the optimal decision boundary are ex-
cluded, including all the previous support vectors.  How-
ever, it can still reflect the major structure of the two classes, 
ignoring some less important details. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2.  The SVM decision hyperplanes with the non-
separable samples in the training set (upper) and without 
these nonseparable samples (lower). 
 
 

If it is necessary, we can get some omitted details back by 
taking one further step.  Using the edited hyperplane to 
edit the original training set, and this time removing only 
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the misclassified samples, we then obtain a new version 
of edited training set.  With this training set, SVM can 
get a better decision boundary that is free from the bad 
effect of the error samples and yet contains rich detailed 
information. 

We call the above scheme as Editing SVM or ESVM.  
Different implementations can be designed according to 
different situations. 

III. EXPERIMENT EXAMPLES 

We generated some artificial data to test the proposed 
ESVM scheme.  In these experiments, the distribution of 
each class is mixture Gaussian, and the kernel in SVM is 
radial basis function (RBF).  In all the experiments, and in 
the different phases of our ESVM procedure, we adopted the 
same width parameter for the RBF kernel, and the same pen-
alty constant C, so that the results can be comparable.  

In order to compare the performance of the original SVM 
and ESVM, we randomly divide the samples into two sets 
(of the same size), one for training, and one for testing. 

Figure 3 and figure 4 are two examples of our experiments.  
From these experiments, we can see that because of the exis-
tence of those misclassified samples, the results of standard 
SVM tend to be too sinuous, or one can say that the resulted 
machines are too complex to have good generalizing ability.  
On the other hand, the decision boundaries obtained by 
ESVM is much smoother (implying better generalizing abil-
ity) and yet the crucial classification information is well rep-
resented. 

IV. CONCLUSIONS AND FURTHER DISCUSSION 
Although the scheme of ESVM still deserves further 

theoretical study, we observed from experiments that it is 
promising.  By removing those questionable samples, the 
machine tends to be simpler and thus have better generaliz-
ing ability.  In statistical learning theory, an important result 
is that the upper bound of the expected risk contains two 
parts, one is the empirical risk, and the other is the so-called 
confidence interval, which is decided by the VC dimension 
of the learning machines and the size of the training set [1].  
Here from our study, we tend to believe that the confidence 
interval could also be affected by the distribution style of the 
training data.  If this can be proven theoretically, then the 
work of ESVM is to edit the training set so that it will have a 
distribution that is favorable for better generalizing ability. 

On the other hand, by applying the editing procedure, the 
machine take some non-support vectors into account, so that 
it tends to be less sensitive to some specific samples (such as 
the outliers studied in [3]).  In this sense, ESVM is more 
robust with noises. 

ESVM may also have some contribution to the choice of 
kernel and its parameters, which is very essential for SVM.  

If the kernel is not suitable, or the parameters of the kernel is 
not suitable, the result may become too complicated and 
have less generalizing ability, as seen in the examples pre-
sented in the previous section.  However, this problem does 
not exist for ESVM (or at least not as severe as in the stan-
dard SVM case).  ESVM can construct a relatively simple 
decision hyperplane using samples distributed in a rather 
complex manner.  This shows that the performance of 
ESVM does not heavily depend on the choice of kernel pa-
rameters.  In fact, in our experiments, we tried very small 
width parameter for the RBF kernel (for which standard 
SVM will result in rather poor result) and still get quite good 
results. 

The computation labor of ESVM should also be consid-
ered.  Getting the original hyperplane using standard SVM 
is time-consuming, especially when the overlapped area is 
large.  However, the edited hyperplane is much easier to get, 
since there is already a clear zone between the two classes of 
samples.  And in the final phase, we can use the edited hy-
perplane as a good initial value for the algorithm, which can 
save much computing.  So the bottleneck lies still in the 
preliminary training phase.  It may be a good idea to use 
some other classification method but not SVM to get the 
preliminary hyperplane.  The feasibility of this idea is still 
to be studied. 
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Figure 3.  Experiment of ESVM. The decision boundaries 
obtained by standard SVM (top), edited hyperplane (middle) 
and by ESVM (bottom).  (RBF width σ =0.3, C=10000,  
g=1.1) 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.  Experiment of ESVM.  Top: hyperplane ob-
tained by SVM, test error 0.268; Middle: the edited hyper-
plane, test error 0.171; Bottom: hyperplane obtained by 
ESVM, test error 0.167.  (RBF width σ =0.3, C=10000, 
and g=1.01) 
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