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Abstract — In this paper, we propose an improved Directed Acy-
clic Graph Support Vector Machine (DAGSVM) for multi-class
classification. Compared with the traditional DAGSVM, the
improved version has advantages that the structure of the di-
rected acyclic graph is not chosen random and fixed, and it can
be adaptive to be optimal according to the incoming testing sam-
ples, thus it has a good generalization performance. From ex-
periments on six datasets, we can see that the proposed im-
proved version of DAGSVM is better than the traditional one
with respect to the accuracy rate.
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1 Introduction

Multi-class classification is always an important
problem in pattern recognition, and there are vari-
ous of methods for achieving it. Among these meth-
ods, Support Vector Machine (SVM) is one of the
most popular one. As proposed by Ref.[1], support
vector machine is a new generation learning system
based on statistical learning theory, and it has good
generalization performance compared with the tra-
ditional neural network.

However, traditional SVM only aims to solve
the two-class classification problem. And recently
there are lots of its modifications to be applied to
solve the multi-class classification problem. The rep-
resentative ones are 1 —v—r" and 1 —v — 1% ap-
proaches; however, the drawbacks for these two
methods are: D there are no generalization bound-
aries; @ both of them will introduce some undivided
regions; @ the computational time is long thus they
are not efficient. In order to solve these problems,
in Ref.[3], J.Platt et al. proposed a Directed Acy-
clic Graph(DAG) scheme. In this method, the num-
ber of two-class trained SVMs is the same as 1 —v—1

* Received: 2011-06-15
Corresponding author: Miao YU (elmy@Iboro. ac. uk)

version but the decision process is carried out ac-
cording to a tree-like structure compared with the 1
—v—1 SVM, so the decision time is shorter. And in
Ref.[3], J. Platt et al. have given out proof of the
generalization boundary for DAGSVM, so its gener-
alization performance can be guaranteed.

As proposed by Ref.[3], the DDAG is equiva-
lent to operating on a list. For each iteration of the
decision process, one class is eliminated from the
list. However, we notice that the choice of the class
order in the list is arbitrary. For different class or-
der the generalization performance is definitely dif-
ferent, a random choice can not guarantee a good
generalization performance. In order to solve this
problem, we propose an adaptively structured
DAGSVM. This new version of DAGSVM structure
is no longer fixed, instead, it is determined by the
separation levels of different classes, which are
evaluated by distance between centers of two classes
in the feature space, and adapts according to the in-
coming test samples. The structure of this paper is
shown as follows: Section 2 briefly introduces the
fundamentals of two classes SVM and DAGSVM, in
section 3, the new version of DAGSVM is proposed
and section 4 gives the comparisons for the tradi-
tional DAGSVM and the new version of DAGSVM
on six different datasets.

2 Support vector machine and DAG-
SVM for multi-class classification

2.1 Fundamentals of two-class SVM

For a labeled dataset, {x;,y; |, i=1-1, y, €
{=1,1}, x, €R’, the aim of SVM is to find a hyper
plane which separates the two classes while keeping
the “margin” between these two classes maximum,
that is, to solve the following problem as shown in

Eq. (1).
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min| 5 w12+ €2 e ],
sit. y(wex, —b)=1-6,6=0. (1)

In Eq. (1), the term & means slack variable
which is introduced to cope with noises in the train-
ing dataset, and this form of SVM is known as “soft
margin” SVM'".

Eq. (1) is the primal form of SVM, in order to
solve it, an equivalent dual problem is introduced.
By introducing Lagrange multipliers and using the
Karush-Kuhn-Tucker conditions, the original prob-
lem is converted to

n 1
L(a) = 20‘:‘ - fzaiajyfyj-fi * T
i=1 i,j

s.t. a =0, Za,y, =0. (2)
i=1
Solution for the original problem is
N
w = ey, (3)

i=1
and the decision function for a two-class SVM is rep-
resented as

f(l) = Eaiyixi cx+b. (4)

Normally, the oriéinal data is mapped into high
dimension feature space: x; ~ @(x;). And in
Eq.(2) and Eq. (4), we can use @(x;) + @(x;) to
replace x; - x;. With the concept of kernel function
is introduced, we use a kernel function k (x;, x;) to
represent @(x;) + @(x;). The most commonly used
kernel function is RBF kernel which is defined as

k(x;,x;) = exp(— 7 |2 —x; [17). (5)

The advantage of RBF kernel is that it can map
the original data into an infinite dimensional feature
space, which can increase the two classes’ separabil-
ity. We use RBF kernel throughout this paper.

2.2 DAGSVM

The DAGSVM, proposed by Ref. [3], is a new
version of multi-class SVM algorithm. Compared
with the traditional 1 =v—1and 1 —v—a, it is effi-
cient and has a good generalization performance.
For DAGSVM in a N-class classification problem,
(N—1) * N/2 two-class SVMs are trained, which is
equivalent to 1 — v —1 SVM; however, it has a fast-
er decision process than 1 —v — 1 version, because it
only needs to be judged by (N —1) two-class SVMs
instead of (N-1) * N/2 for decision process. Fig. 1
shows the decision process for a four-class classifica-
tion problem.

And the decision process for one node (here we
take the root node as an example) is shown in Fig.2.

The DAGSVM has a tree-like structure. And
for an incoming test sample, the decision process
just follows the structure and a decision is made
when one leaf node is reached.

Fig.1 The decision process for the DAGSVM (this figure is cited
from Ref.[3])
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Fig.2 A diagram of the input space of a four-class problem (A —
v =1 SVM can only exclude one class from consideration (this fig-
ure is cited from Ref.[3]))

From Fig. 1, an important fact we can observe
is that the decision process for DAGSVM is just like
operating on a list, where each node eliminates one
class from the list. The list is initialized with a list of
all classes. A test point is evaluated against the deci-
sion node that corresponds to the first and last ele-
ments of the list. If the node prefers one of the two
classes, the other class is eliminated from the list,
and the DDAG proceeds to test the first and last ele-
ments of the new list. The DDAG terminates when
only one class remains in the list.

3 An improved version of DAGSVM

However, one disadvantage of DAGSVM is
that, due to order of the class number in the list is
random, a high generalization performance can not
be guaranteed. In order to solve this problem, we
propose a method which can determine the order au-
tomatically according to the incoming test sample.

It is straightforward that the two classes with
highest separation level should be put as first and
last element of the list (corresponding to the node of
the DAGSVM structure). To measure the separation
level, we use the distance between two classes
(DBTC). The calculation of DBTC in the kernel
space is defined in Eq. (6).
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DBTC = || mi — m} I

(m§ — m$) (m§ — m%)

LSS k() +

LL/@(I“,I“ (6)

nyn, i=1 j=
where k(x,y) represents the RBF kernel function,
and m% and m% are means of two classes in the fea-
ture space defined as

mi = fZgo(x“), (7)

mb = 72(?(17: . (8)

n, =

Although it seems that the DBTC value only
considers inter-distance while ignoring the within-
class data distribution; however, by a simple modifi-
cation, we can find that under the RBF kernel as-
sumption, Eq.(9) is obtained.

n

2 1

ny

DBTC= (2 - Dk, ,as,))
iy ==
7Il H]
*(1*% ‘Zk(‘rl,i’xl,;)>
My =1 j=1
1 712 712
—(1——2 k(xz,;,xz,j))
My 7=1 5=1
_d(C,Cy)  d(C,,C))
nyn, n?
d(C,,C
_y’ (9)
n,

while d(C,,C,) is calculated as
d<ci’cj) EZ H @(1)-@@) ”7 (10)
2€C; xG(

So, we can find out that the DBTC value both
considers the inter-class distance and the within class
distribution from Eq. (9). And as proposed in
Ref.[4], the DBTC measure is just equivalent to
Fisher Criteria for the RBF kernel case so that it
could be used for measuring the two classes’ separa-
tion.

After finding out the most separable pair of
classes, firstly, we feed the test sample into the two-
class SVM constructed by these two classes, and one
class will be eliminated after decision. Next, we
find out the class which is most separable with the
remaining class and use the samples from this class
and the remaining class to build up a two-class SVM,
and make a second decision. The process is repeated
until only one class is left. It should be noted that ,
initially, the separation level between any pair of
classes should be computed beforehand.

The procedure is summarized as follows:

1) Computerize the DBTC distances between
any pair of classes.

2) Choose the pairs with the largest DBTC val-
ue and put them as first and last elements in the list.

3) For the incoming test sample, use the con-
structed two-class SVM to make a decision, while
one class is eliminated and the other remains. We
find out the most separable class (except for the
eliminated classes) with the remaining class and
build up another two-class SVM.

4) Repeat step 3 until one class is left.

In this way, the structure of the DAGSVM is
adjusted adaptively according to the incoming test
sample. It guarantees that for every iteration, the
two classes used to build up the two-class SVM are
always the most separable to guarantee good gener-
alization performance.

4 Experimental results

In the experimental part, we use six datasets
(iris, wine, glass, vowel, vehicle,! segment) from

UCI™'. The details of the dataset we use are shown
in Tab. 1.
Tab.1 The properties of the datasets
No. No. of
Datasets tr':)ini::fg te(;th?; NO.' of No. of
samples samples attributes classes
Iris 96 54 4 3
Wine 107 71 13 3
Glass 128 86 9 6
Vowel 528 462 10 11
Vehicle 470 376 18
Segment 1310 1 000 18

For the ith attribute of sample x, it is normali-
zed into [ — 1, 1] by the following Eq. (11).

@ =2 L (11)
max — nun

While min and max are the minimum and max-
imum value for the ith attribute obtained from the
training dataset, in this way the classification will
not be affected by some dominant attributes.

For a SVM, the parameters should be tuned in
order to achieve a good performance. For parameter
tuning, instead of the time consuming cross valida-
tion, we use a method proposed in Ref.[6] to tune
the parameters (C and 7) for RBF kernel SVM. It
is described as the two following steps:

1) For each kernel parameter 7, we calculate
the DBTC value for two classes and choose optimal
7 which maximizes the DBTC.

2) For each C, we train the classifier and
choose the optimal C which maximizes the n-fold
validation accuracy. In our experiment, we choose
n to be 10.
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After tuning each two-class SVM at the optimal
parameter set, we train every pair of two-class SVM
and compare performance of the traditional DAGS-
VM with the improved version proposed in this pa-
per. For the traditional version, the order of the
class sequence in the list is chosen randomly for
twenty times. And the maximum accuracy, mini-
mum accuracy and average accuracy are presented.
The results are shown in Tab.2.

From the experimental results of the six data-
sets, we can see that accuracy obtained by our meth-
od is equal to or higher than the maximum accuracy
of the traditional DAGSVM among twenty times’
random choice in the order of the class list, thus
proving that our method achieves a better generali-
zation performance than the traditional DAGSVM.

Tab.2 Experimental results of six datasets

Accuracy
Accuracy of traditional DAGSVM  of the

(20 times, the order of the list is  proposed
Datasets  chosen randomly each time) (%) method
(%)
max min Ave.

Iris 92.39 92.39 92.59 92.59
Wine 95.77 95.77 95.77 95.77
Glass 66.28 63.95 65.93 66.28
Vowel 61.47 61.26 61.46 62.99

Vehicle 77.39 77.13 77.21 77.39
Segment 97 96.8% 96.81 97

5 Conclusions

In this paper, we propose an improved version
of DAGSVM. Compared with the traditional ver-
sion which chooses the order randomly, this im-
proved one can determine the order adaptively ac-
cording to the incoming test sample and obtain a
better generalization performance. It inherits ad-
vantage of the traditional DAGSVM that the compu-
tational time is faster than the 1-v—1land 1 -v—a
while achieving a higher accuracy rate than the tra-
ditional DAGSVM.
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