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Abstract

This paper presents a method to speed up support vec-
tor classification, especially important when data is high-
dimensional. Unlike previous approaches which focus on
less support vectors, we partition the data space into lo-
cal regions, and perform approximation by linear functions.
The experimental results on 31 datasets show that the per-
formance degrades marginally, while the speedup is signif-
icant, up to three orders of magnitude.

1. Introduction

The support vector method [10] requires the evaluation
of a function f(x), x € R?, in the classification phase

f(x) = Zaikz(w,si) +b €))
i=1

where s; € RY, o; # 0, n is the number of support vec-
tors, b € R is the bias, and k(x, s;) is a kernel function.
When k(x, s;) is a linear kernel, k(x, s;) = s! x, (1) can
be collapsed into a linear function. In other cases, n ker-
nel evaluations have to be carried out where the complexity
for each evaluation is typically O(d). Hence, for non-linear
SVM the computation of (1) is significant when n or d are
large. In this paper, we aim to derive a method to compute
a nearly identical approximation of (1) fast.

Without loss of generality, we consider the popular
Gaussian kernel

i112

llz—s;

k(x,s;))=e = (2)

where o denotes the scale. For this kernel, the fast Gauss
transform [4] can be used to speed up the evaluation of (1).
However, it is limited to low-dimensional cases, d < 4. A

recent improvement works for d < 30 only [11]. Here we
aim to tackle problems in high dimensions.

The method in [6] employs a data structure called ball-
tree that organized test data in a way that bounds on (1) can
be computed for a large number of test points, and hence
SVM classification can be determined without full evalua-
tion of (1). Nevertheless, the speedup is moderate, about
two to five folds in most cases. Furthermore, this method
does not allow instant, online classification as computa-
tional gain is achieved by processing a large set of data all
at once.

The reduced set method [1, 8] represents a class of tech-
niques that approximate (1) by another function g(x) with
m < n support vectors

g(x) = Bik(z.t;) +c 3)
=1

where (3;, t; and ¢ are output of the approximation algo-
rithms [5].

We take another approach to approximate (1) by multiple
functions. The main issue is to split the data space into local
regions so that the region containing a new test point can be
located efficiently in run-time. For this purpose, we use a
data structure called metric tree [7] which has been shown
to work well for the nearest neighbor search problem.

In the next section, we will describe the approximation
by the combination of metric tree partitioning and local Tay-
lor approximation. In section 3 we summarize the classifi-
cation using the approximated model. Then in section 4, the
experiments are presented. Finally, the discussion in section
5 concludes the paper.
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2. Approximation by space partitioning
2.1. Metric tree partitioning

A set of points @) with size |@Q| is used to partition the
data space. In the experiment we will use the training set as
Q. Nevertheless, unlabeled data can be used.

Metric-tree is a binary tree that organizes data points in a
hierarchical manner. The root node represents every points
in Q. Starting from () a metric tree is constructed recur-
sively by performing node splitting until the node contains
only one data point.

Let ) C @ denote the point set covered by a particular
node of the tree being constructed, |@Q| > 1. To split Q into
two disjoint subsets Q. and Q.r, we find two points u* and
v* having the largest distance within Q

(u*,v") = arg max ||lu — v|| 4
u,veQR

and subsequently the hyperplane hq(x) orthogonal to
(u* — v*) passing through the midpoint (u* + v*)/2 is
used as the decision boundary (see Figure 1). Simple alge-
bra gives us the formulae for i (x)

hg(x) = (u* — v) Tz + %(’U*T’U* —uTu*) Q)
and thus,

0l = f{alecQhgl@) <0} ©

Qr = {zlreQ hg(x)>0} @)

An alternative approach is to project all points in () onto
(u* —v*) and then use the median point instead of the mid-
point ensure a tree of depth O(log |Q|). Nevertheless, the
former approach is more efficient, and in practice, also pro-
duces trees of depth O(log |Q)|).

The number of distance computations is O(|Q|?). When
|Q| is large, one can resort to a linear-time heuristic as in

[7].
2.2. Local Taylor approximation

At each leaf node in the tree Q = {z(}, we perform a
first order Taylor approximation of (1), resulting in a linear
classifier. Specifically,

f(@o) + (x — x0)" f (w0) (8)
f(@o) @ + { f(@o) — xf f'(z0)} (9

where for the Gaussian kernel (2) we have

%

h{mo} ($)

2 n
F'(wo) = =5 D> aik(wo, i) (xo — 1) (10)
i=1

Thus, at each left node there is a linear classifier as (5) in
inner nodes.
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hg(z) = (u* —v*) Tz + § (0" Tv* —uwTur)
Figure 1. During metric tree construction, the
pair of points with maximal distance is se-
lected to guide the splitting of the current
node.

3. Classification by the approximated model

The classification is straightforward. Given a new test
point x, we traverse the metric tree to reach a leaf node, and
then apply the final classification.

Procedure to approximate (1):

// starting from the root
RQ=Q

// traversing the tree
while |Q| > 1 do

if hg(x) <0
Q=0Q.l
else
Q=Q.r
end if
end while

// now we are at a leaf node
return h g ()

In the worse case, the number of dot products equals the
maximum depth of the tree.

4. Experiments
4.1. A 2D example

First we create a 2D dataset to demonstrate the working
of the algorithm. There are 512 data points in [—1, 1] in
total. In this case we use least squares SVM (LS-SVM)
[9] to produce a decision boundary as depicted in Figure
2(a). In this case, all data points are support vectors, that is
n = 512.
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Figure 2. (a) A 2D artificial dataset and result by LS-SVM, effectively using all 512 data points as sup-
port vectors. (b) Result of the proposed method using a tree with maximum depth 14. (c) Partitions

of the data space with the metric tree at depth 6.

Figure 2(b) shows the decision boundary produced by
the proposed algorithm, and Figure 2(c) shows the data
space as partitioned by the metric tree at level 6. It can be
seen that the decision boundary of LS-SVM is well approx-
imated by multiple linear boundaries. The advantage is that
it requires, in the worse case, 14 dot products to classify a
new example with the approximated boundary as opposed
to 512 kernel evaluations required by LS-SVM (14 is the
maximal tree depth).

4.2. On real-life data

We performed experiment with 30 two-class datasets
(scaled) from [2] and a pedestrian dataset from [3]. The
latter serves as an example for problem in high dimension
where d = 3780. For all datasets, we train SVM models by
LIBSVM 2.8 [2] using the default parameter settings.

Table 1 summarizes the datasets, and compares standard
SVM learning and the proposed algorithm. The difference
in accuracy is marginal in most cases, while the speedup is
from one to three orders of magnitude. (Timing is done on
a Pentium 4 CPU 2.40GHz).

4.3. Comparison with reduced set methods

Here we compare the new algorithm with the result in
[5]. Specifically, the dataset number 8 (ijcnnl) and 14 (ala)
were used in [5] to evaluate four different reduced set meth-
ods. We refer the reader to [5] for details of these methods.

We repeat the experiment using the software provided by
the authors. Table 2 contrasts the result of the four reduced
set methods and ours using training parameters in [5]. (Note
that the results differ from the ones in Table 1 as we used the
default setting there). Again, one observes that our method
approximates the standard SVM well. It is more accurate
than all four reduced set methods for the ijccnl dataset and
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equal for the ala dataset. Furthermore, the new algorithm
produces classifiers which are 70 and 80 times faster than
the reduced set methods on the two datasets.

5. Discussion

We have presented a method to speed up the support vec-
tor classification by data space partitioning and local ap-
proximation. The experimental results in table 1 on over
30 well-known datasets indicate that the proposed method
produces classifiers that perform classification from 40 to
over 3000 times faster than standard SVM at the expense
of a marginal loss in accuracy. This improvement is a gain
of a factor 70 and 80 over alternative approaches on two
large datasets in speedup, while offers more accurate SVM
approximation.
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Table 1. Comparison on 31 different datasets. The average tree depth, accuracy (%) and computation

time (in seconds) are for the whole test set. (*absolute accuracy difference)

(3]

(6]

(7]

(8]

Standard SVM Reduced SVM The proposed method speed

para. in [5] accuracy test avg. test | accuracy gain

Dataset | #SVs acc. #SVs Ml M2 M3 M4 time | depth acc. time | contrast factor
ala 642 84.2 160 84.1 842 837 842 1221 | 1272 842 0.15 | comparable 80
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Table 2. Comparison between the reduced set methods in [5] and our method.
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