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Scaling Up Support Vector Machines Using Nearest
Neighbor Condensation

Fabrizio Angiulli and Annabella Astorino

Abstract—In this brief, we describe the FCNN-SVM classifier, which
combines the support vector machine (SVM) approach and the fast
nearest neighbor condensation classification rule (FCNN) in order to make
SVMs practical on large collections of data. As a main contribution, it
is experimentally shown that, on very large and multidimensional data
sets, the FCNN-SVM is one or two orders of magnitude faster than SVM,
and that the number of support vectors (SVs) is more than halved with
respect to SVM. Thus, a drastic reduction of both training and testing
time is achieved by using the FCNN-SVM. This result is obtained at the
expense of a little loss of accuracy. The FCNN-SVM is proposed as a viable
alternative to the standard SVM in applications where a fast response time
is a fundamental requirement.

Index Terms—Classification, large data sets, training-set condensation,
nearest neighbor rule, support vector machines (SVMs).

1. INTRODUCTION

The objective of pattern classification is to find a rule, based on ex-
ternal observation, to assign an object to exactly one among several
classes. Many algorithms have been indeed devised for automatically
distinguishing among different samples on the basis of their patterns.
A well-known supervised classification technique is the support vector
machine (SVM) algorithm (see [5], [15], [16], and [18]). For many
applications, the SVM method, alone or in combination with other
methods, yields superior performance with respect to other machine
learning options. In general, SVMs work very well in practice, have
a small number of tunable parameters in comparison with neural net-
works, and tend towards global solutions.

Training an SVM is equivalent to solving a convex quadratic pro-
gramming (QP) problem characterized by a dense, positive—semidefi-
nite matrix with a number of rows equal to the number of training data
points. Thus, it is a real challenge to deal with practical applications
where the data set is made up of thousands of points. In fact, just com-
puting the matrix for the QP problem is expensive and one may not
be able to store it. Moreover, the computing time for solving the QP
problem is O(N?), where N denotes the number of training examples,
while the space complexity is O(N?); these may become prohibitive
on large training sets. More in general, applying SVMs on large training
sets requires a drastic increase of memory, training time, and prediction
time. Indeed, prediction time is proportional to the number of support
vectors (SVs), which still increases with the number of data points.

Many algorithms and implementation techniques have been devel-
oped for efficiently training SVMs for massive data sets. Among them
we mention decomposition techniques and data reduction techniques.
Decomposition techniques speed up the SVM training by dividing the
original QP problem into smaller pieces, thereby reducing the size of
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each QP problem. They are among the first proposals to speedup SVMs.
Well-known decomposition techniques are the “chunking” algorithm
[3], Osuna’s decomposition algorithm [13], and the sequential minimal
optimization (SMO) [14]. A potential disadvantage of these techniques
is that they may need a long training time because they usually require
to execute many passages over the data set to reach a reasonable level
of convergence. These techniques are at present natively supported by
standard SVM tools, as LIBSVM [4].

Different data reduction techniques have been proposed for making
the training data of manageable size. The principal idea of this ap-
proach is that a subsampling of the training set may speed up a classi-
fier. This can be achieved by randomly removing training points or by
selecting some significant samples and ignoring others that can be ab-
sorbed, or represented, by those selected. Among the data reduction ap-
proaches for SVM proposed in the literature there are the reduced sup-
port vector machine (RSVM) [11] and its related variants [8], [10], the
cross-training algorithm [2], and the clustering-based SVM (CB-SVM)
algorithm [20].

In this brief, we introduce a data reduction method for SVMs, called
FCNN-SVM, with the goal of making them scalable to very large data
sets. The FCNN-SVM couples the SVM algorithm with the fast nearest
neighbor condensation algorithm [1]. Differently from other methods,
the FCNN-SVM is based on selection criteria which are guided by the
decision boundary rather than by sampling and clustering like tech-
niques, and it can be applied to any kind of data and kernel function.

As a main contribution, it will be experimentally shown that the
FCNN-SVM scales well on large and high-dimensional data sets and
that it is one or two orders of magnitude faster than the SVM. More-
over, the FCNN-SVM noticeably reduces the size of the model, since,
in most cases, the number of SVs is more than halved with respect to
the SVM. Thus, a drastic reduction of both training and testing times
is achieved by using the FCNN-SVM. As far as test accuracy is con-
cerned, the FCNN-SVM exhibits a little loss of accuracy.

The rest of this work is organized as follows. Section II introduces
the FCNN-SVM classifier. Section III experimentally compares the
FCNN-SVM and the standard SVM. Finally, Section IV summarizes
contributions and concludes the brief.

II. THE FCNN-SVM RULE

The FCNN-SVM combines two well-known classification rules,
namely, the SVM and the nearest neighbor condensation. As for the
definition of SVM and for the nearest neighbor condensation rule the
reader is referred to [5], [15], [16], and [18], and to [1], [6], [7], [9],
[17], and [19], respectively.

The strong point of SVMs is that they permit to build a classifier
which maximizes generalization performances. Nevertheless, their
training is costly. The SVs are critical points near the boundary
between the two classes, which determine an optimal separating
hyperplane. It must be noted that removal of training points that
are not SVs has no effect on the hyperplane selection. If one could
approximate the right SVs before the training process, then both
computing time and memory usage of the SVM would be reduced,
and an optimal separating hyperplane could be found by training the
SVM on a relatively smaller number of selected points.

From the point of view of the generalization properties, the nearest
neighbor rule is not as good as SVM. Nonetheless, a training set which
is a consistent subset for the nearest neighbor rule can be found quite
efficiently by using the FCNN algorithm [1]. The FCNN method selects
a subset of the overall data set having the robust property of correctly
classifying the rest of the data set and being mostly composed by points
close to the decision boundary. Hence, using the FCNN to reduce the
amount of data on which the SVM has to be trained is expected to
provide a method with a profitable tradeoff between execution time
and prediction accuracy.
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Fig. 1. Example of the FCNN-SVM training.

Given a training set T, the FCNN-SVM classifier is built in two
steps.

1) Compute a training set consistent subset S of 7" for the nearest

neighbor rule through the FCNN algorithm.

2) Train an SVM on the consistent subset .S.

After selecting a subset of training points having the property of ap-
proximating the decision boundary (step 1), a separating hyperplane
can be obtained by training an SVM on this subset (step 2).

Fig. 1 shows an example of FCNN-SVM training on a 2-D data
set consisting of 121 points in the plane. Fig. 1(a) reports the original
training set, composed by two well-separated classes. In Fig. 1(b),
the SVs (circled points) are highlighted together with the decision
boundary of an SVM trained with parameter C' = 500 and using a
radial basis function (RBF) kernel with v = 1. Say SVM™! is the
above defined classifier (using 26 SVs). Fig. 1(c) shows the FCNN
subset (circled points) and the decision boundary of the FCNN rule
trained on the original data set. The FCNN subset is composed of 31
points. Note that these points are very close to the decision boundary
and most of them coincide with the SVs of the SVM™"' classifier. Fi-
nally, Fig. 1(d) shows the SVs (the 24 circled points) and the decision
boundary of the SVM trained on the FCNN subset with parameter
C = 500 and using an RBF kernel with v = 1 that are the SVs and
the decision boundary of the FCNN-SVM rule.

Note that while the decision boundary of the FCNN classifier is
rather crisp, the decision boundary of the FCNN-SVM classifier is
smooth and more accurate. The decision boundary of the FCNN-SVM
classifier is practically identical to the decision boundary of the SVM
classifier, but it has been obtained at a reduced computational cost,
since the training has been accomplished on just the 31 points returned
by the FCNN algorithm instead of the 121 points of the overall input
training set. Moreover, the number of SVs of the FCNN-SVM classi-
fier is slightly smaller than the number of SV of the standard SVM.

There are different variants of the basic FCNN algorithm. In the
following, we make use of the FCNN2 variant (see [1]), which is the
fastest one. As far as the temporal cost of the FCNN-SVM method is
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TABLE I
EXPERIMENTS ON SMALL DATA SETS
BUPA Liver Cleveland Pima
Kernel Par. C SVM FCNN-SVM SVM FCNN-SVM SVM FCNN-SVM
Acc. SVs Acc. SVs Acc. SVs Acc. SVs Acc. SVs Acc. SVs
0.1 | 67.7 | 2409 | 62.8 | 151.6 845 | 1102 | 84.5 73.5 772 | 4345 | 745 | 298.0
Linear 1 72.4 205.4 72.4 139.3 85.5 92.8 84.1 61.8 76.7 372.8 76.0 270.4
100 72.7 192.7 73.3 134.1 84.5 91.0 82.1 56.9 76.4 359.8 76.4 263.1
0.1 583 | 256.0 | 554 | 153.8 72.1 1522 [ 721 81.5 65.1 | 483.0 | 65.1 | 2982
0.01 1 583 | 2563 | 554 | 153.9 859 | 1434 | 724 81.2 66.4 | 483.8 [ 651 | 2989
’ 100 [ 71.9 | 199.1 | 69.2 | 137.6 84.5 99.6 83.2 65.4 772 | 367.5 | 76.7 | 265.6
0.1 583 | 256.5 | 554 | 1538 724 | 1549 | 724 | 82.79 652 | 4842 | 651 | 298.7
RBF 0.1 1 71.0 | 229.7 | 67.5 | 149.9 842 | 123.1 | 825 80.8 773 | 4123 | 762 | 290.0
100 [ 724 | 1782 | 70.1 | 130.4 80.1 107.3 | 71.1 70.2 76.6 | 347.5 | 759 | 259.8
0.1 69.8 | 2534 | 569 | 154.6 72.1 | 2313 | 72.1 87.6 75.1 | 4753 | 66.7 | 300.6
1 1 712 | 1981 | 71.8 | 1424 76.2 | 231.0 | 73.8 | 87.69 75.6 | 387.6 | 76.4 | 282.0
100 | 66.6 | 167.8 | 64.2 | 130.0 782 | 2255 | 76.5 87.4 712 | 347.6 | 68.1 | 263.5
0.1 583 | 256.6 | 58.3 | 153.0 72.1 | 155.7 | 72.1 82.5 65.1 | 484.9 | 65.1 | 299.5
2 1 67.4 245.0 62.4 153.1 79.1 153.3 71.7 82.6 71.7 462.9 70.5 299.5
Poly 100 [ 709 [ 1769 | 69.8 [ 131.1 73.7 | 102.6 | 71.1 65.8 76.7 | 349.2 | 755 | 258.0
0.1 583 | 2574 | 583 | 153.0 72.1 | 158.6 | 72.1 84.1 65.1 | 485.1 | 65.1 | 300.3
3 1 61.8 | 2572 | 583 | 153.2 78.7 | 158.6 | 72.1 84.1 69.1 | 4853 | 65.1 | 300.6
100 | 72.7 | 1884 | 69.2 | 137.6 754 | 111.2 | 67.1 75.1 774 | 366.6 | 71.5 | 267.7
Tonosphere Letter Image
Kernel Par. C SVM FCNN-SVM SVM FCNN-SVM SVM FCNN-SVM
Acc. SVs Acc. | SVs Acc. SVs Acc. SVs Acc. SVs Acc. SVs
0.1 874 | 1229 | 36.6 | 44.7 99.1 713.2 95.9 85.6 96.0 277.8 94.7 | 139.0
Linear 1 87.7 88.8 723 | 41.8 99.1 507.2 97.3 83.4 96.3 244.7 95.0 | 117.2
100 | 86.6 62.0 76.6 | 32.3 99.1 460.7 98.4 75.6 96.1 210.6 94.7 | 109.5
0.1 643 | 2279 | 357 | 44.8 959 | 13655 | 959 84.6 533 | 17935 | 143 | 205.2
0.01 1 894 | 169.8 | 35.7 | 45.1 99.1 1158.8 | 95.9 84.2 86.7 | 1336.6 | 19.0 | 203.4
) 100 | 93.1 66.4 843 | 37.7 99.3 445.8 98.8 84.1 94.6 444.5 92.5 | 178.8
0.1 934 12234 ] 357 | 432 99.1 1128.4 | 95.9 924 86.7 | 13929 | 15.6 | 207.5
RBF 0.1 1 93.7 | 1094 | 643 | 432 99.3 560.4 95.9 87.5 92.5 783.7 457 | 204.3
100 | 94.3 66.3 81.4 | 342 99.8 241.6 99.3 86.6 96.7 305.7 95.0 | 161.6
0.1 643 | 240.7 | 357 | 623 99.4 692.7 959 | 1254 92.1 | 10214 | 16.0 | 208.3
1 1 92.0 | 211.8 | 61.7 | 623 99.7 385.5 99.2 | 126.2 95.6 560.8 74.8 | 202.3
100 | 93.1 | 2082 | 70.0 | 62.3 99.9 241.4 99.7 | 108.1 96.9 406.7 91.2 | 181.0
0.01 [ 043 | 2281 | 35.7 | 488 959 | 1365.6 | 959 86.4 96.4 192.9 94.0 | 121.9
9 1 89.1 | 213.1 | 357 | 493 99.2 872.2 95.9 86.1 96.5 1824 92.0 | 116.8
Poly 100 | 91.1 83.2 89.1 [ 47.0 99.5 334.3 99.3 86.8 96.0 174.7 91.6 | 112.1
0.0T | 643 | 227.8 | 357 | 53.1 959 [ 1366.7 | 95.9 78.3 95.0 187.1 923 | 122.8
3 1 64.6 | 2283 | 357 | 54.0 98.9 | 1161.6 | 959 85.9 95.4 184.3 933 | 1213
100 | 914 | 1263 | 79.4 | 56.0 99.5 377.0 95.9 87.3 96.1 183.8 929 | 1253
TABLE 11 III. EXPERIMENTAL RESULTS
FURTHER EXPERIMENTS ON SMALL DATA SETS In this section, several experiments involving the FCNN-SVM are
Data sot Kemel  Kemal O SVM FCNN-SVM described. The performance of the FCNN-SVM rule? has been com-
Type Param. Acc. SVs | Acc. SVs pared with that of LIBSVM [4].
BUPA Liver | Linear - 10 | 73.3 | 194.3 | 72.7 [ 134.7 Experiments are organized as follows. We present first the experi-
Cleveland Linear - 0.7 | 85.9 94.2 | 85.2 62.2 . R
Pima Linear _ 70 | 77.6 | 360.4 | 77.1 | 260.4 ments on small data sets, in order to compare data reduction and clas-
Tonosphere RBF 0.08 9 95.1 75.6 | 92.0 45.7 sification accuracy (Section III-A). Of course, the advantages in terms
Letter RBF 1 10 99.9 252.8 99.7 113.5 :
Image REF o1 100 | 967 | 3060 | 950 | 1620 of temporal cost of the FCNN-SVM rule can b? appreciated only wheTn
Average 381 [ 2139 | 870 | 1298 very large data sets have to be processed, which are accounted for in

concerned, let NV be the number of examples in the input training set
T, and let n be the size of the training set consistent subset S, then the
FCNN algorithm has cost O(/Nn.).! Since the cost of the SVM is cubic
in the size of the input training set, the temporal cost of the FCNN-SVM
is O(Nn+n?), which is at most quadratic in the input training set size
and cubic in the consistent subset size. The value n depends on the
characteristics of the data set, but usually it holds that n < N, with n
corresponding to a few percent of the whole data set size N [1].

I'The spatial cost of the FCNN algorithm is also O(Nn).

Section III-B. Finally, in Section III-C, we consider some families of
synthetical data sets in order to point out both advantageous and critical
scenarios for the FCNN-SVM method.

A. Small Data Sets

We applied both FCNN-SVM and SVM on some test problems
drawn from the classification literature that are BUPA Liver, Cleveland
Heart, Pima Indians, Ionosphere, Letter Recognition, and Image
Segmentation, all from the University of California at Irvine (UCI)
Machine Learning Repository [12].

2The Euclidean distance was employed by the FCNN as distance measure.
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Fig. 2. Experiments on the DARPA 1998 data set.
To make the choice of the free parameters, we considered the fol- DARPA 1998 is obtained from the Defense Advanced Research
lowing combinations of values on a finite grid: Projects Agency 1998 intrusion detection evaluation data* and it
is composed of 458301 real vectors each having 23 features, one
Penalty C 0.1110100 . . . . .
Kernel T Li RBF Pol of which stating whether the vector is associated with a network
erne e inear 0 . . .
REF M 0.01011 y attack. Forest Cover> consists of 581012 instances each having 54
-parameter . . . - .
P attributes. Instances are partitioned into seven classes. Checkerboard
Poly-parameter 23 is a synthetically generated data set composed of 1 000 000 points into

the unit square. A 4 x 4 checkerboard partitions the points into two
classes associated with white and black cells of the board.

For each data set, we extracted six random samples of increasing size
to form six training sets. Among the remaining objects, we also picked
a random sample to form the associated test set.

In particular, on the DARPA 1998 and Forest Cover data sets we con-
sidered the same grid of parameters used for the small data sets (Figs. 2
and 3 report some of these experiments; the missing ones showed a very
similar behavior). Since the SVM was very slow on these two data sets,
it was not executed on the largest samples. On the Checkerboard, we
considered only one single combination, which is the RBF kernel with
~ = 100 and C set to 500, since by using these parameters, the SVM

Classification accuracy (Acc.), measured through tenfold cross valida-
tion, and number of SVs are reported in Table I (values for C' = 10 are
not reported in the table due to space limitations). It can be observed
that the optimal parameters for the SVM may in general be different
from the optimal ones for the FCNN-SVM.

Moreover, for each data set, we have considered a thinner grid of pa-
rameter values in the intervals where the SVM method showed a regu-
larly near-optimal behavior in terms of testing classification accuracy
and number of SVs; Table II shows the results of these experiments.

As far as the classification accuracy is concerned, the FCNN-SVM
exhibits a loss of accuracy with respect to the SVM, and this can be
explained as a consequence of the great reduction of number of SVs. ] 5 ;
Table I shows that the FCNN-SVM is more sensitive to the selection perfprms remarkably well in terms of .clasmﬁcatlon accuracy.
of parameters, since its classification accuracy presents a greater vari- Fig. 2 shows the results of the experiments on the DARPA 1998 data
ability with respect to that of the SVM. However, if we select the op- set. The first row of the figure reports the execution times. As an ex-

timal values of accuracy, either the accuracies of the two methods are ample, when the linear kernel with C' = 10 was used on half of the
comparable or the FCNN-SVM presents a small loss. data set, the FCNN-SVM terminated in about 17 s, while the SVM

employed about 7500 s (a difference of more than two orders of mag-

B. Scaling Analysis on Very Large Data Sets nitude). Likewise, for all the other kernels, the difference of execution
In this section, the scaling analysis of the FCNN-SVM and of the time remained of about the same order. The second row reports the SVs.
SVM on three very large data sets,3 that are DARPA 1998, Forest We observe that the reduction achieved by the FCNN-SVM is notice-
Cover, and Checkerboard, is accomplished. able. In almost all cases the number of SVs of the FCNN-SVM is less

Ihttn: : : -
3Experiments were performed on an Intel Core 2 Duo (single core) 1.83-GHz- http://www.1l.mit.edu/IST/ideval/index.html
based machine with 1 GB of main memory and the Windows operating system. Shttp://kdd.ics.uci.edu/databases/covertype/covertype.html

Authorized licensed use limited to: UNIVERSITA DELLA CALABRIA. Downloaded on February 21,2010 at 15:48:42 EST from IEEE Xplore. Restrictions apply.



IEEE TRANSACTIONS ON NEURAL NETWORKS, VOL. 21, NO. 2, FEBRUARY 2010

355

o Forest, Ilnearker_nrel (-~ SVM; '~ FCNN-SVM) o I_Forest, RBF kemel, y=0.1 (--' SVM; '~ FCNN-SVM) o Forest, RBF kemel, y=1 (-~ SVM; '~ FCNN-SVM) Fogest, polynomial kemel,degree=2 (——' SVM; ' FCNN-SVM)
i T T : R et : : 10 ; .
10°
_ 10 5 _10' 10
2 g P 8 g
I A /;s @2, o,
g 10 2 s g g
= = 3| = 3| E
= g 10 g 10 2 q0°
S | g ., g S
510 H 3 H
8 8 * 8 g
e 10 ~—C=0.1 10 107
——C=1
—-C=10
10" 10 - C-100 10" 10'
0 20 40 60 80 100 0 40 60 80 100 40 60 80 100 40 60 80 100
Training set percentage Training set percentage Training set percentage Training set percentage
Forest, linear kemel (-~ SVM; '’ FCNN-SVM) Forest, RBF kemel, y=0.1 ('-—' SVM; '~' FCNN-SVM) Forest, RBF kemel, y=1 ('-=' SVM; "' FCNN-SVM) Forest, polynomial kemel, degree=2 (-~ SVM; '~ FCNN-SVM)
9 4 0
1% 10 12210 12210 — «10*
—+—C=0. 14, =
b =
10 ¥ —+-C=10 12 o S : 010
/P —e-C=100
10 g
g g8 4
] ] 3 8
> 2§ >
S ©
& é g6
s S g
@ @D 4 @
4|
2 2)
0 40 60 80 100 "0 40 60 100 40 60 100 0 40 60 80 100
Training set percentage Training set percentage Training set percentage Training set percentage
Forest, linear kemel (——' SVM; "' FCNN-SVM) o Forest, RBF kemel, y=0.1 ('-=' SVM; '~' FCNN-SVM) ” Forest, 33Fkamel.y=1 ('==' SVM; '=' FCNN-SVM) Forest, fal kemel, degree=2 (- SVM; ' FCNN-SVM)
b ] 1 —~-C=0.1
—=C=1
80 —-C=10
80 -e-C=100
£ R 75
= >
i ]
g g 7
65|
R - —e-C=100 | —-C=100
8o 20 40 60 80 100 0 20 40 60 80 100 ) 2 40 60 80 100 0 20 40 60 80 100
Training set percentage Training set percentage Training set percentage Training set percentage
Fig. 3. Experiments on the Forest Cover data set.
4 Checkerboard data set ® Checkerboard data set = Checkerboard data set
10 o 6000 &, 100
o) 5 ~FCNN-SVM e -
Q| e L 4 [} e "" O
2, e > v-SVM e © 99.8
2 LT + =
g 107 . g 4000 2 506
= / (o © :
c J > c
o 3 g S 994
2 0l — 2 .
5 10 © 2000 ®
O o Q
2 ~FCNN-SVM| 8 £ 99.2 ~FCNN-SVM
w2 -+-SVM E 2 9 -~v-SVM
0 50 100 < 100 © 0 50 100

Training set percentage

Fig. 4. Experiments on the Checkerboard data set.

than half that of the SVM; e.g., by using a polynomial kernel of degree
2 and C' = 0.1, the number of SVs of the FCNN-SVM is about 20%
of that of the SVM. The third row shows the classification accuracy.
It is clear that for small values of the parameter C', the FCNN-SVM
presents a perceptible loss of accuracy, which, in any case, is within
2%. Interestingly, for greater values of C' (e.g., C' = 100) the accura-
cies of FCNN-SVM and SVM are comparable.

Fig. 3 shows the results of the experiments on the Forest Cover data
set. For this data set, considerations similar to those drawn for the
DARPA 1998 data set hold. For example, as for the execution time,
by using the linear kernel with C' = 100 on the 30% sample, the
FCNN-SVM terminated in about 2700 s, while the SVM required about
111000 s.

Fig. 4 shows the results of the experiments on the Checkerboard data
set.

While the SVM required about 1350 s, the FCNN-SVM terminated
after about 24 s. The FCNN-SVM in this case is about 60 times faster
than the SVM. Interestingly, on the largest sample, the FCNN-SVM
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computed 3012 SVs, while the SVM computed 5474 SVs (55%),
without any loss in test accuracy. Indeed, the FCNN-SVM reached the
100% accuracy, while the SVM stabilized on the 99.95% accuracy.

It is interesting to point out that, as far as the execution time and the
number of SVs are concerned, as the data set size increases, the perfor-
mances of the FCNN-SVM improve with respect to those of the SVM.
Consider the SVM relative execution time (also called speedup of the
FCNN-SVM) that is the ratio tsvm/tronn—svm between the execu-
tion time ¢tsvy of the SVM and the execution time trenN_svM of the
FCNN-SVM. We note that, in all the experiments, this ratio increases
with the data set size. As an example, the following table reports some
SVM relative execution times:

1% | 5% | 10% | 30% | 50% | 90%
DARPA 6.91 | 43.18|35.79| 70.51 | 137.66| —
Forest 2.37| 7.68|15.48]41.31 - -
Checkerboard||2.14 — 120.39]29.26 | 35.57 | 56.65

Restrictions apply.
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Fig. 5. Experiments on synthetic data sets.

For DARPA 1998 and Forest Cover, the parameters considered in the
table above are the linear kernel and C' equals 100. From this table, we
expect that the larger the data set, the greater the SVM relative execu-
tion time. We point out that the above behavior is common to all the
other combinations of parameters. Moreover, the FCNN-SVM relative
number of SVs% decreases with the data set size. As an example, the
following table reports the FCNN-SVM relative number of SVs on the
same combination of the parameters above considered:

1% 5% | 10% | 30% | 50% [ 90%
DARPA 59% | 52% | 44% | 40% | 37% | —
Forest 60% | 45% | 39% | 30% | — -
Checkerboard A% | — 63% | 59% | 57% | 55%

Also in this case, the above behavior is common to all the other com-
binations of parameters.
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C. Syntethic Data Sets

Experiments presented in this section are designed to model both
advantageous and critical scenarios for the FCNN-SVM method. We
considered two families, called SynthLin and SynthClust, of synthet-
ically generated data sets. The two families differentiate for the data
class distribution, while the data sets within the same family differen-
tiate for the dimensionality of the feature space.

The structure of the data set is intentionally simple in order to make
immediately intelligible the behavior of the methods. The data sets
of the SynthLin family are composed of 10000 points uniformly dis-
tributed in the hypercube [0, 1]?, where d is the dimensionality of the
feature space (d € [2,100]). The points are partitioned into two classes
by means of a random generated separating hyperplane (classes are al-
most balanced). Moreover, the labels of 100 randomly selected points
(1% of the data set) are flipped in order to simulate the presence of
noise. Thus, the classes of these data sets are almost linearly separable,
but the points in the data sets “fill”’ the whole space. The data sets of the
SynthClust family are composed of 100 000 points distributed in four
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well-separated Gaussian clusters in the hypercube [0, 1]*. The clusters
are partitioned into two classes in a way that makes them not linearly
separable.

Fig. 5 shows the experimental results on the two aforementioned
families. As for the SynthLin data sets, we used the linear kernel and
set the parameter C' to 10, since this value guaranteed accuracy close
to 99%. As for the SynthClust data sets (second row of the figure), we
used an RBF kernel with v = 10 and set C' to 10, since these values
guaranteed accuracy close to 100%.

The SynthLin data set (first column of Fig. 5) represents a scenario
for which the SVM is very appropriate, since classes are almost lin-
early separable. As for the FCNN-SVM, it must be said that on this
kind of data, it does not provide appreciable advantages. Indeed, since
the points are uniformly distributed in the unit hypercube and since the
class boundary is represented by a hyperplane, as the dimensionality
of the space increases, the number of points of one class “facing” the
opposite class increases (note the total number of points is held fixed
with the dimensionality). Since these are the points contributing to form
the FCNN subset, the size of this subset increases as well. As a conse-
quence, the execution time of the FCNN-SVM is comparable to that of
the SVM. Moreover, the FCNN-SVM slightly reduces the number of
SVs.

The SynthClust data set (second column of Fig. 5) represents a
common scenario in real-life data, where multidimensional objects
are clustered in homogeneous subpopulations. It represents a scenario
in which using the FCNN-SVM is very profitable. In fact, it can be
observed that in this case the SVM relative execution time worsens as
the dimensionality increases, and that the number of SVs selected by
the SVM is far greater than that selected by the FCNN-SVM. This can
be explained, since the FCNN-SVM works only on the reduced subset
selected by the FCNN.

Summarizing, experiments presented in this section serve the
purpose of discussing two prototypical scenarios in which using
the FCNN-SVM either does not pay much or is very profitable. In
general, we can say that the FCNN-SVM does not exhibit large time
improvements over the SVM when the number of points contributing
to form the FCNN decision boundary is comparable to the size of the
training set. This situation could happen, but it is not the standard. In
fact, multidimensional real-life data sets are often clustered or even
present low intrinsic dimensionality.

Finally, the above experiments show also the scalability behavior
of the method with respect to the data dimensionality (while those
reported in the preceding section concern scalability with respect to
the data set size). Clearly, the absolute execution time should increase
with the dimensionality, due to the major cost to compute the dis-
tance function. Nonetheless, this does not mean that the speedup of
the FCNN-SVM has to worsen. As a matter of fact, for one of the two
families shown above (SynthClust), the speedup is increasing.
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IV. CONCLUSION

In this brief, we introduced the FCNN-SVM classifier, which greatly
reduces the training time and the number of SVs with only a little loss
of accuracy with respect to the standard SVM.
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