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Abstract Twin-hypersphere support vector machine
(THSVM) for binary pattern recognition aims at generating
two hyperspheres in the feature space such that each hy-
persphere contains as many as possible samples in one
class and is as far as possible from the other one. THSVM
has a fast learning speed since it solves two small sized
support vector machine (SVM)-type quadratic program-
ming problems (QPPs). However, it only simply considers
the prior class-based structural information in the optimi-
zation problems. In this paper, a structural information-
based THSVM (STHSVM) classifier for binary classifica-
tion is presented. This proposed STHSVM focuses on the
cluster-based structural information of the corresponding
class in each optimization problem, which is vital for
designing a good classifier in different real-world prob-
lems. In addition, it also leads to a fast learning speed since
this STHSVM solves a series of smaller-sized QPPs com-
pared with THSVM. Experimental results demonstrate that
STHSVM is superior in generalization performance to
other classifiers.
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1 Introduction

Support vector machine (SVM) [1-3] finds the maximal
margin between two classes [4] by solving a quadratic
programming problem (QPP) in the dual space based on
the structural risk minimization principle. Within a few
years after its introduction SVM not only has a serious of
improvements [5, 6], but also has already outperformed
most other systems in a wide variety of applications [7-9].
However, classical SVM not only has the large computa-
tional cost, but also usually pays more attention to the
separation between classes than the prior structural infor-
mation within classes. In fact, for different real-world
problems, different classes may have different underlying
data structures.

Recently, a class of nonparallel hyperplane classifiers
have been developed. For instance, TWSVM [10] aims at
generating a pair of nonparallel planes such that each plane
is as close as possible to the corresponding class and is at
least one far from the other class. To this end, it solves a
pair of smaller-sized QPPs, instead of a large one in SVM,
making the learning speed of TWSVM be approximately
four times faster than that of SVM in theory [10]. Some
extensions to TWSVM include the least squares TWSVM
(LSTWSVM) [11], nonparallel-plane proximal classifier
(NPPC) [12], v-TWSVM [13], twin parametric-margin
SVM (TPMSVM) [14], projection twin support vector
machine (PTSVM) [15], nonparallel hyperplane SVM
(NHSVM) [16], twin support vector regression (TSVR)
[17], and twin parametric insensitive support vector
regression (TPISVR) [18].

Different from TWSVM which seeks a hyperplane for
each class using a SVM-type formulation, Peng and Xu
[19] proposed a twin-hypersphere support vector machine
(THSVM) classifier for binary classification, which aims at

@ Springer


http://dx.doi.org/10.1007/s13042-014-0323-4
http://crossmark.crossref.org/dialog/?doi=10.1007/s13042-014-0323-4&amp;domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1007/s13042-014-0323-4&amp;domain=pdf

296

Int. J. Mach. Learn. & Cyber. (2017) 8:295-308

generating two hyperspheres in the feature space such that
each hypersphere contains as many as possible samples in
one class and is as far as possible from the other one. The
THSVM not only has a faster learning speed than classical
SVM since it solves two smaller sized QPPs instead of a
large QPP as in classical SVM, but also successfully avoids
the shortcomings in TWSVM [19], such as the matrix
inversion problem. In this paper, we mainly focus on this
THSVM.

As the relation between the structural information of
data and SVM, it is desirable that an SVM classifier be
adaptable to the discriminant boundaries to fit the struc-
tures in the data, especially for increasing the generaliza-
tion capacities of the classifier. Fortunately, some
algorithms have been developed to focus more attention on
the structural information than SVM recently. They pro-
vide a novel view in which to design a classifier, that is, a
classifier should be sensitive to the structure of data dis-
tribution [20]. These algorithms can be mainly divided into
two kinds of approaches. The first one is manifold
assumption-based, which assumes that the data actually lie
on a sub-manifold in the input space. A typical model is
Laplacian SVM (LapSVM) [21, 22]. LapSVM constructs a
Laplacian graph for each class on top of the local neigh-
borhood of each point to form the corresponding Laplacian
(matrix) to reflect the manifold structure of individual-class
data. They are then embedded into the traditional frame-
work of SVM as additional manifold regularization terms.
The second approach is cluster assumption-based [23],
which assumes that the data contains clusters. For instance,
structured large margin machine (SLMM) [20], ellipsoidal
kernel machine (EKM) [24], minimax probability machine
(MPM) [25], and maxi-min margin machine (M*) [26].
However, the computational cost of these approaches is
larger than classical SVM. More recently, Xue et al. [27]
proposed a structural regularized SVM (SRSVM). This
SRSVM embeds a cluster granularity into the regulariza-
tion term to capture the data structure, Peng et al. [28]
proposed a structural regularized PTSVM (SRPTSVM) for
data classification in the spirit of this SRSVM.

THSVM only considers the relationship between two
classes, i.e., it finds two hyperspheres to respectively cover
the classes of points. In other words, it embeds the class
granularity-based structural information [27] into the
optimization problems, but not the covariance matrices of
two classes. However, this structural information is too
rough for real-world problems, which makes THSVM can
not find the reasonable projection for each class, then
reduce the generalization performance. To overcome this
shortcoming, we present an improvement version for
THSVM in this paper, called the structural-information-
based THSVM (STHSVM) classifier. This STHSVM
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respectively embeds the data structures of two classes into
the optimization problems based on the cluster granularity
[27]. That is, in the pair of optimization problems of
STHSVM, it considers the cluster-based structural-infor-
mation constraints for each class, i.e., it introduces a series
of hyperspheres but not a single hypersphere to respec-
tively cover the corresponding class of points. Further, for
each point in the opposite class, this STHSVM wishes it be
as far as possible from the centers of all hypersphres under
the given probability values. This STHSVM only needs to
solve a series of much smaller sized QPPs compared with
THSVM, indicating it has a much faster learning speed
than THSVM for solving their QPPs. The experiment
results show that this STHSVM obtains the better gener-
alization than THSVM and the other classifiers.

The rest of this paper is organized as follows: Sect. 2
briefly introduces the structural granularities of data and
THSVM. Section 3 presents the proposed STHSVM.
Experimental results both on the toy and real-world prob-
lems are given in Sect. 4. Some conclusions and possible
further work are drawn in Sect. 5.

2 Background

In this paper, the training samples are denoted by a set
D = {(x;,y:)}\_,, where x; € X C R"™ and y; € {+1,—1},
i=1,..., 1 For simplicity, we use Z . to denote the sets of
index i such as y; = =+, k = 1,2, use the set Z to denote all
point indices, i.e., Z =2, UZ_, and use the matrices
CeRrR™! C, e R and C_ € R™" to represent all
training points, and points belonging to classes =1,
respectively, where /L = |Z4|.

2.1 Structural granularity

Let Sy,...,S; be a partition of D according to some rela-
tion measure, where the partition characterizes the whole
data in the form of some structures such as cluster, and
S1U...US,=D.Here S;,i =1,...,tis called structural
granularity [27]. In general, four granularity layers can be
differentiated:

Global granularity The granularity refers to the dataset
D. With this granularity, the whole data are characterized
or enclosed by a single ellipsoid with center u and
covariance matrix X obtained by minimizing its volume
[24]:

min In|X|
wx

s.t. ||(x,-—u)_]2_l(xi—,u)||§1,Vi, (1)
2>0.
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The corresponding classifier, such as EKM [24], aims to
utilize such global data structure, or more precisely, global
data scatter in its design.

Class granularity The granularities are the class parti-
tioned data subsets. Single ellipsoid can be used to describe
an individual class to form the so called class structure. The
covariance matrices of two classes are defined as

Ze= - il

1 —ne]'= CutugiCl, 2)
ez,

where Ji = \/le (I - ieeTzl, fy =17, xi are the
means of two classes, e is the vector of ones with appro-
priate dimensions, and [ is the identity matrix with
appropriate dimension. For example, PTSVM [15],
respectively embeds the class granularities into the two
optimization problems.

Cluster granularity The granularities are the data sub-
sets within each class. The data structures within each class
are depicted by a certain amount ellipsoids that are
obtained by some clustering techniques. The corresponding
covariance matrix in cluster i is: 2¢, = Cc,-fc,-Jgi Cg_ , where

C; is the index set of cluster i and J¢, = ﬁ (I - ‘éjeeT>.

For example, SLMM [20] considers the cluster assumption
about the data.

Point granularity The granularities are the neighbor-
hoods ne(x;) of each point x;, which are described by
overlapped local ellipsoids surrounding the data in each
class, whose covariance matrix can be viewed as a kind of
local generalized covariance

T
Zi = Zjene(x,) s,-j(x[ — xj)(xi — )Cj) s
sij = exp(—y|lx — x|[*), 7 > 0. One of the most successful

classifier under this granularity is LapSVM [21], which is
successfully applied into semi-supervised problems.

where

2.2 Twin-hypersphere support vector machine

For binary pattern recognition, the THSVM uses a pair of
hyperspheres, one for each class, to describe the samples in
two classes, and classifies points according to which hy-
persphere a given point is relatively closest to. To this end,
it obtains two optimization problems, and each one has an
SVM-type formulation. Specifically, the THSVM is
obtained by solving the following pair of optimization
problems:

min R ——ZH(p (x;) — 4| +y+ZC
JET™ i€t
||fP(Xi)—C+|| §Ri+§i7
RiZO7 éiZOa i EI+7

min R* ——ZHQ) X; —c+|| —|— Z«f

€Tt JEL™
o) —c-|[ <& +¢,
RZ, 201 51207] 61'77

(4)

where y, > 0 and v > 0 are pre-specified penalty factors,
and ¢4 € ‘H and R, are the centers and radiuses of the
hyperspheres, respectively.

Clearly, the first term of (3) or (4) minimizes the squares
radius of the hypersphere to keep the hypersphere as
compact as possible. The second term in the objective
function of (3) or (4) maximizes the sum of squared dis-
tances from the center of hypersphere to the points of the
opposite class, which leads to keep the center of this hy-
persphere far from the samples of the opposite class. The
constraints require that the samples of the corresponding
class be covered by this hypersphere. Otherwise, a set of
error variables is used to measure the errors wherever these
points are not covered by this hypersphere. The last term of
(3) or (4) minimizes the sum of error variables, thus
attempting to minimize misclassification due to points
belonging to the opposite class.

Introducing the Lagrangian functions for the problems
(3) and (4) and considering the Karush—Kuhn-Tucker
(KKT) necessary and sufficient optimality conditions, we
obtain their dual problems

max Z o {2v+ Zk xj,x;) +

1_uw%m}

i€l T jeI-
Z o, % Xi, ,xiz) (5)
l’[.l’gEZ¢
s.t. Zoc,- =1,0<o; < )l)—+, iel,.
€T, +

max Z%Vv Zk Xi, X;) +

-V )k(xj:xj)}

JeT_ €Ty
Z o, o,k le’sz) (6)
J1€T-
sty =1, 0<ﬁ< . jeT_,
JjeT -

where «;’s are the nonnegative Lagrangian multipliers, and
k(u,v) is a kernel function: k(u,v) = u’v for the linear
o(u)”
as the Gauss kernel k(u,v) = exp{—al|u — v||*}, o > 0.
After solving (5) and (6), we will obtain the two hy-

case, and k(u,v) = ¢(v) for the nonlinear case, such

perspheres ||¢(x) — c+||* <R%, where the ¢ and R val-
ues are computed by the KKT necessary and sufficient
optimality conditions, which are:
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L O )] )

i€l II JET+
S llox) — el (8)
&=z |

i€l
T iEIi}.

Then, a new test sample x is assigned to the class 4 or
, depending on which of the two hyperspheres it lies
relatively closest to, i.e.:

fc+2 x) —c_|]?
@%n7w<é_n}. o)

3 Structural information-based
support vector machine

where the index sets 7', = {i‘0<oci<

fx) = argrg’in{w

twin-hypersphere

Following the line of the cluster granularity model, the
structural information-based twin-hypersphere support
vector machine (STHSVM) classifier has two steps: clus-
tering and learning. STHSVM first adopts some clustering
techniques to capture the data distribution within classes,
then respectively embeds the minimization of the com-
pactness between the estimated clusters into the objective
functions. In the following subsections, we will discuss
these steps concretely.

3.1 Clustering

In this step, many clustering methods, such as k-means
[29], nearest neighbor clustering [30], and fuzzy clustering
[31], can be employed. The aim of clustering is to inves-
tigate the underlying data distribution within classes in
SRPTSVM. After clustering, the structural information is
introduced into the optimization problem by the covariance
matrices of the clusters. So the clusters should be compact
and spherical for the computation. Following this objec-
tive, we consider the following Wards linkage clustering
(WLC) technique [32]. Here we only show the linear case,
while this clustering method can also be applicable in the
kernel space.

Concretely, if C; and C, are two clusters, also are the
index sets of the points in the two clusters, then their Wards
linkage W(C;,C,) can be calculated as

Cil - 1Cal - e, — e, I
W(Cr,Co) (Cil - €l - llre, = keall”. (10)
IC1| + |Ca|
where ue and uc_ are the means of the two clusters,
respectively.

Initially, each sample is a cluster in the clustering
algorithm. The Wards linkage of two samples x; and x; is

defined as W (x;, x;) = ||x; — x;||*/2. During clustering, the
two clusters with the smallest Wards linkage value are
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merged. When two clusters C; and C; are being merged to a
new cluster ', the linkage W(C',C) of C' and other cluster

C can be conveniently derived from W(C,,C), W(Cs,C),
and W(C,,C,) by
w(c,0)
_ (& +ICHW(C1,C) + (ICa] + [CNW(C2,C) = [CIW(C1,Ca)
N |Ci] +1Ca| + IC] '
(11)

To simply determine the cluster number, this WLC uses
kernels to measure the similarity between clusters. Salva-
dor and Chan [33] provided a method to automatically
determine the number of clusters that selects the number
corresponding to the knee point, i.e., the point of maximum
curvature, on the curve.

3.2 STHSVM classifier

Without loss of generality, we denote the clusters in two
classes as Py,...,P., and N,...,N,,, respectively. To
find the hyperspheres for each class, which show the
compactness within classes, i.e., the clusters that cover the
different structural information in different classes, the
STHSVM classifier optimizes the following two optimi-
zation problems:

min Zh YR2

s.t. [|o(x:) —c+ﬁs|| §R+’S—|—éi, if i € Py,

ZZMIM C+v||+/+zfz

eI s= z€I+

§>0,R% >0,i€Ty, s=1,..0c, (12)
(&)

minz Rz’ —_ZZPU‘H(/’ X)) —c_, || + Z@
=1 "= +ieT, =1 T JET-

st |lo(y) —c P <R+, ifjeN,,
éj207R27,t20aj€z-77 t=1,...,¢, (13)

where y,,v., k=1,2 are penalty factors given by users,
Liy=|Py|, s=1,...,c; and I_,=|N,|, t=1,...,c, denote
the sizes of the clusters Py and Ny, I, =3 o' L,

:2211—71, c—,R_,,
t=1,...,c,, are the centers and radiuses of clusters P, and
N, respectively. In addition, Pjs» s=1,...,c1, jEL_ are
the probabilities of x; belonging to clusters Py, and p;;,
t=1,...,cp, i€, are the probabilities of x; belonging to
clusters A/,. In this work, we define them as

()

)
it (Il = nll)

cy, Ry, s=1,...,ci and

Pis = i€y,

and
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<1k = )

)
5ol — vl

Pjs = j6I77

(15)

where (i) =exp(—tu?), >0, p, , s=1,...,c; and
Uy B= 1,...,c, are the means of clusters P, and N/,
respectively. We have Y .2, p;, =1 for all i € 7, and
>l pjs =1 for all j € Z_. Obviously, for any point x;,
i € T, we have a larger value p;, if x;, i € 7 is nearer to
cluster ¢ than the other clusters in Class —.

First of all, we consider the illustrations of the opti-
mization problems (12) and (13) before optimizing them.
First, the constraints require that the samples in a cluster
of the corresponding class be covered by one hypersphere.
Otherwise, a set of error variables {;,i € T, } or {{;,j €
Z_} is used to measure the errors wherever these points
are not covered by this hypersphere. Compared with the
corresponding term of THSVM, this term makes
STHSVM pay more attention to the cluster granularity-
based structure information, which are more reasonable
for real-world problems. Clearly, for many real-world
problems, it is not suitable to use one hypersphere to only
cover the points in one class. The last term of the
objective function of (12) or (13) minimizes the sum of
error variables, thus attempting to minimize misclassifi-
cation due to points belonging to the opposite class.
Second, the first term in the objective function of (12) or
(13) minimizes the squares radiuses of the hyperspheres.
Hence, minimizing them tends to keep these hyperspheres
as compact as possible, i.e., makes these hyperspheres be
as small as possible. Note that this term gives the dif-
ferent weights for these hyperspheres according to the
sizes of clusters. This definition for weights is reasonable
since the clusters with larger sizes should have larger
influence than those with smaller sizes. Last, the second
term in the objective function of (12) or (13) maximizes
the sum of squared distances from the centers of hyper-
spheres to the points of the opposite class, which leads to
keep the centers of this hyperspheres far from the samples
of the opposite class. However, by considering the cluster
granularity-based structure information, this term intro-
duces the different weights p;; or p;;. In fact, if one point
in Class — is nearer to a cluster of Class +, we will hope
it is as far as possible from the corresponding hyperp-
here’s center of this cluster than the other centers. In this
STHSVM, we use (14) or (15) to depict this end, which
can describe the above design.

We now consider to optimize the primal optimization
problems (12) and (13). The corresponding Lagrangian
function of the problem (12) is

'C(CJr,SvR%L,y éia O‘i»ﬁh}“ )
cy I g
:Z; R, ZZPHH‘P xj) C+vS||2
s=1 T T JjEL_ s=
‘1 16
OICED MRS Srrd e
161'4r €T, s=1
S a(llot) — el R~ &),
s=1 iePy

where 4,>0, s=1,...,
Lagrangian multipliers.
function () with respect to ¢, 5, R

c1, 0,220, ;,>0,i €7, are the

Differentiating the Lagrangian
H, and ¢&;, i € T, yields
the following Karush—-Kuhn-Tucker (KKT) necessary and
sufficient optimality conditions:

oL v
== 25> pislens— o)

ac+’5 _

JjeT_
+ ZZO&(CH —¢(x)) =0
=
1
:>C+,S = (17)
Zze‘P % — / jez_ Pis
(Z“z o (x;) Zp]A(P Xj )
i€P, —jeT_
§ = 17 ,Cl1,y
oL l+5 +,5
5 — 7 T o )”s—():> at§_7
w1 S )
§ = 17' ,Cl1,y
oL vy, Y+
S B =0=0<y< 7., (19
aé l+ % ﬁz & l+ tely ( )
2 .
o) — cos|| <RE,+ &, i€Ps, (20)
2 2
o xi) —cyl|T—RZ — [>:0, ; >0,
(llotx) sl P~ &2, —¢ o
i€7)s, SZI,...,CI,
Bi‘fi :Oa éizoa ﬁizoa i€I+, (22)
ARY =0, R, >0, A >0. (23)

Note that R% |
problem (12) if the suitable parameters v, and y, are
given. Then, we have Zieﬂ o = II*T, s=1,...,¢cq,

according to the KKT conditions (18) and (23), and

C+.,x1+_x—(§ aip xl § pjv¢xj)a
jez_ Pjs \ieP, ~jer-

> (0 will hold in the optimality result of

Iy I
s = 1,...,C1.
(24)
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Substituting (18), (19) and (24) into (16), we obtain the
dual optimization problem of (12) as following:

(&} 1
max —g e E E o, oty k(X Xy )

s=1 |7, 7 T 2ujez_ Pis iieP, ireP,

72'%—2%21 p]v -xl7-xj

I, I 2ujer_Pjsiep, jeI-

— Z ocik(xi, x,-)]

i€P;
-+ constant
s.t. Za,:ﬁ 0<u <y ,iePs, s=1,...¢,
L’
i€Ps
(25)

where the constant term does not influence the solution of
this optimization problem. Hence we can omit this term in
the optimization process.

This optimization problem can be broken down into a
series of small-sized optimization problems by multiplying

Ly vy

the objective functions by (,+ -

s=1,...,¢1:

Z Z o, dizk(xil 7xi2)

0| EP; i €P;

_Za’ [Z 21v+p15 xlvxj)

icPy JET

I, 26
(L__ ij> xzaxz ‘| ( )
l+ JET

Ly s
s.t. E o = 3,

i€Py
i€ Py,

0<og < it a2
L
s = 1,...,C].

Next, notice that ||¢(x;) — C+,s’|2: Ry, ifO<oy<i-jie
P according to the KKT conditions (19)—(23). Thus, we
compute the square radiuses R+s, s=1,...,c; by the
followmg formula:

> o)

2
C+.,XH )
| Jr5|t€IRP

Sil,...,Cl, (27)

,S

where the index sets Iﬁ“s = {i
s=1,...,¢ '

Similarly, we obtain the ¢, simplified dual of problems
(13) as following:

O<o< '*, i€ Ps},

@ Springer

min Z Z %y o‘jzk(levsz)

jIENerENI
_Zd][z p,,k(x],x,)
JEN, icT,
Lo v 28
+ <l—t—l—Zpi,,)k(xj,xj)] (28)
- +ieT,
s.t. Zocj:;t, 0<ocj_y—,
JEN -
jEJ\/,, t:1,...,027

where «;, j € 7_ are the nonnegative Lagrangian multi-

pliers, and the centers c_,, t =1,...,¢; are
(St S
I z:teLr Dit \jen, ez,
t=1,...,¢.
(29)
Also, the square radiuses R? st=1,...,c are
2
,‘[ TR | ZH(’D xj C*,t|| s t:17...,C2, (30)
II ng

where the index sets II:I, t=1,...,c; are

Zth:{j’O<“j<}l)_aj€Nz}, t=1,...,c.

Once the elements (c+,S,RiJ), s=1,...,¢; and
(c,,,,sz_’t), t=1,...,c, are calculated by (24), (27), (29)

and (30), a series of hyperspheres

o) — o P<R2,, s=1,....c1,

[|lo(x) = co ,|y <R*, t=1,...,0 (31)
are obtained. A new test sample x is assigned to the class +

or —, depending on which of these hyperspheres given by
(31) it lies relatively closest to, i.e.,

. lot) e
f@mT%ﬁ%L_Eﬁj_}
L (32)
min |:qu
C2

c,tllz]}.

i oo
ITRf,t

In summary, our STHSVM algorithm for pattern recogni-
tion is listed as follows:
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Table 1 Attributes of the toy XOR and Hex datasets
Set Class Distribution Prob. Mean Covariance
XOR Class I Gauss distr. I 0.5 [2.5;2.5] [1.5,0;0,1.5]
Gauss distr. I, 0.5 [~2.5;-2.5] [1.0,0;0,1.0]
Class I Gauss distr. I 0.5 [-2.5;2.5] [1.5,0;0, 1.5]
Gauss distr. 11, 0.5 [2.5;-2.5] [1.0,0;0, 1.0]
Hex Class I Gauss distr. I; 0.3 To[3;0]" Ty[1,0;0,0.25|]TT
Gauss distr. I, 03 7»[3;0] T»[1,0;0,0.25]TT
Gauss distr. I3 03 T4[3;0] T4[1,0;0,0.25]TT
Class 11 Gauss distr. II; 0.3 T,[3;0] T [I,O;O,O.ZS]TIT
Gauss distr. II, 03 T5[3;0] T3[1,0;0,0.25|]T7
Gauss distr. 11 03 Ts[3; 0] T5[1,0;0,0.25]77

* Ty = [cos(kn/3), — sin(kn/3); sin(kn/3), cos(kn/3)], k =0, ...,5

Algorithm 1 The STHSVM algorithm

1. Set the parameters v, 7., and kernel function;

2. Determine the clusters Py, ..., P., for Class + and the
clusters Ay,...,N,, for Class — according to some
clustering technique;

3. Optimize the optimization problems (26) and (28) by
some optimization technique;

4. Compute (c; R (), s=1,...,ciand (c_,,R> ), 1 =
1,...,c2 by (24), (27), (29) and (30);

5. Predict the label for a new point x by (32).

4 Experiments

In this section, we run a series of experiments systemati-
cally on both toy and real-world classification problems to
evaluate the proposed STHSVM algorithm. First, we
present two synthetic datasets, i.e., the XOR and Hex
datasets, to intuitively compare STHSVM with THSVM.
On real-world problems, several datasets in the UCI data-
base are used to evaluate the classification accuracies
derived from STHSVM in comparison to some other
algorithms, including the TWSVM [10], TPMSVM [14],
SRSVM [27], SRPTSVM [28], and THSVM [19]. Remark
that the regularization terms are introduced in the
TPMSVM, which is helpful to the generalization perfor-
mance. Here only Gaussian kernel is employed for non-
linear problems. For these classifiers, the kernel widths and
the regularization parameters are selected from the set
{272,...,2!°} by cross-validation. While the v/c values in
TPMSVM are selected from the set {0.05,0.1,...,0.95}.
All methods are implemented in MATLAB' on Windows
XP running on a PC.

! Available at: http://www.mathworks.com.

4.1 Toy datasets

In this part we compare our method with THSVM on the
2-D XOR and Hex problems, in which the points are ran-
domly generated under Gaussian distributions in each
class. Table 1 describes the corresponding attributes of the
XOR and Hex problems. It can be easily seen that, for the
two problems, the two classes are composed of some
clusters and these clusters have totally different distribu-
tions. Thus, in these cases, the structural information within
the classes may be more important than the discriminative
information between the classes. For each cluster of the
two problems, we randomly generate 100 training points
and 500 test points, respectively.

For the XOR and Hex problems, we use the linear and
kernel STHSVM and kernel THSVM classifiers to find the
decision bounds. Remark that the linear THSVM can not
successfully obtain the suitable separating bound for this
problem, Figs. 1 and 2 show the one-run training results
obtained by the linear and kernel STHSVM and kernel
THSVM on these two problems. Due to the formal neglect
of the structural information within the classes, kernel
THSVM cannot differentiate the different data occurrence
trends, i.e., the clusters in each class. Then, the derived
hyperspheres for two classes only as possibly as cover the
points in the corresponding classes. Specifically, it can be
found from Figs. 1a and 2a that the obtained hyperspheres
cover the same area, i.e., they can not successfully depict
the data, since the structural information under cluster
granularity is ignored. Different to the THSVM classifier,
STHSVM embeds the structure information within the
classes into the optimization problems. Then, STHSVM
should get more reasonable discriminant boundaries than
THSVM which basically accord with the data occurrence
trend, and thus has the best classification performance than
the other classifiers in theory. Figures 1b, ¢ and 2b, c
confirm this conclusion, in which the results show that it
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(a) Kernel THSVM

(b) Linear STHSVM

6 . . .

Fig. 1 Training results of kernel THSVM (a), linear STHSVM (b),
and kernel STHSVM (c) on the XOR problem. The two classes of
points are marked by “x” and “+”, the decision bounds of these

obtains a better separating bound than THSVM. To further
explain the conclusion, we make ten independent runs on
the XOR and Hex problems and compare with the results of
the two classifiers, listed in Table 2. It can be found that
our linear and kernel STHSVM obtains the better perfor-
mance than the kernel THSVM classifier.

To further explain the performance of the proposed
STHSVM classifier, in Figs. 3 and 4, we depict the two-
dimensional scatter plots for kernel THSVM and linear/
nonlinear STHSVM on the XOR and Hex problem with
100 + 100 and 150 + 150 test points, respectively. The
plots are obtained by plotting test points with coordinates

@ Springer

classifiers are marked by solid curves in black, and the hyperspheres
of these classifiers marked by solid curves in blue and red,
respectively

(di,d>). Here, d', and d' are the relative ‘distances’ of a
test point x; to the centers of the positive and negative
hyperspheres for the THSVM, i.e., d', = [|@(x;) — c+||/R+
for the THSVM. While &', and d’ are the minimum rela-
tive ‘distances’ of a test point x; to the centers of the
positive and negative hyperspheres for the STHSVM, i.e.,
diL = ming [\/EHQD()Q) - c+.,S||/\/E;R+,s] and di =
min, [v/I_||@(x;) — c_||//I-R-,] for the STHSVM. In
short, the point x; is assigned to class +1 if the value of di
is less than d'_ and vice versa. In Figs. 3 and 4, each point is
marked as “o” if its class label is +1 and “[1” otherwise.
Obviously, the two-dimensional projections for test points
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(a) Kernel THSVM
6

(b) Linear STHSVM
6 ;

(c) Kernel STHSVM
6

-4

-6
-6 -4 -2
Fig. 2 Training results of kernel THSVM (a), linear STHSVM (b),

and kernel STHSVM (c¢) on the Hex problem. The two classes of
points are marked by “x” and “+”, the decision bounds of these

Table 2 Results of linear/kernel STHSVM and kernel THSVM on
XOR and Hex datasets

Dataset Kernel THSVM  Linear STHSVM  Kernel STHSVM
XOR 96.15 £+ 0.72 97.76 + 0.64 97.80 £ 0.50
Hex 96.05 + 0.85 97.17 £+ 0.70 97.20 + 0.68

indicate how well the classification criterion is able to
discriminate between the two classes. It can be seen that for
the kernel THSVM, most points are covered by the

classifiers are marked by solid curves in black, and the hyperspheres
of these classifiers marked by solid curves in blue and red,
respectively

corresponding hyperspheres and are far from the opposite
hyperspheres, i.e., the corresponding d',’s or d'’s are not
larger than one. This indicates the hyperspheres in the
THSVM can effectively depict the data characteristic of
classes. However, for the linear and kernel STHSVM, it not
only can be found that most points are covered by the
corresponding hyperspheres and are far from the opposite
hyperspheres, but also is more robust than the THSVM. In
fact, this is because the STHSVM embeds the structure
information within the classes into the optimization
problems.
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(a) Kernel THSVM

(b) Linear STHSVM
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Fig. 3 Two-dimensional projections for test points from the XOR dataset with the kernel THSVM (a), linear STHSVM (b), and kernel STHSVM

(©

4.2 Benchmark datasets

In this section, we compare with the performance of
TWSVM, TPMSVM, SRSVM, SRPTSVM, THSVM, and
STHSVM on the 13 benchmark datasets [34] in that order:
Banana (B), Breast Cancer (BC), Diabetes (D), Flare (F),
German (G), Heart (H), Image (I), Ringnorm (R), Splice
(S), Thyroid (Th), Titanic (T), Twonorm (Tw), and Wave-
form (W). In particular, we use in each problem the train-
test splits given in that reference (100 for each dataset
except for Image and Splice, where only 20 splits are given).

In Table 3, we report the training time of one-run and the
average test accuracies of linear TWSVM, TPMSVM,

@ Springer

SRSVM, SRPTSVM, THSVM, and STHSVM on these
benchmark datasets. For the linear SRPTSVM classifier, we
adopt the recursive strategy to find the best prediction perfor-
mance. Table 4 lists the training time of one-run and the
average test accuracies of nonlinear TWSVM, TPMSVM,
SRSVM, SRPTSVM, THSVM, and STHSVM with Gaussian
kernels. From these results, we can find that STHSVM obtains
the best learning results than THSVM and other classifiers for
most datasets. In fact, this is because STHSVM embeds the
structural information of each class under cluster granularity
into its two optimization problems, which is more helpful to
further improve the learning performance. In addition, it can be
found that compared with the other methods, SRSVM and
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(a) Kernel THSVM

(b) 5 ‘ Li|:1ear STHSVM ‘

w

N

Fig. 4 Two-dimensional projections for test points from the Hex dataset with the kernel THSVM (a), linear STHSVM (b), and kernel STHSVM

(c)

SRPTSVM obtain better generalization performance than
TWSVM and TPMSVM for many datasets. This is also
because the two methods successfully embed the data struc-
tural information into their optimization problems. However,
the results in Tables 3 and 4 show that our method outperforms
SRSVM and SRPTSVM for many datasets. A possible reason
is that it uses a more reasonable strategy to depict the data
structure than the latter. In order to find out whether STHSVM
is significantly better than the other algorithms, we perform the
t test on the classification results to calculate the statistical
significance of STHSVM. The null hypothesis Hy demon-
strates that there is no significant difference between the mean
numbers of patterns correctly classified by STHSVM and the

other algorithms. If the hypothesis H; of each dataset is
rejected at the 5 % significance level, i.e., the ¢ test value is
more than 1.734, the corresponding results in Tables 3 and
4 is denoted “*”. Consequently, as shown in Tables 3 and
4, it can be clearly found that STHSVM possesses signifi-
cantly superior classification performance compared with
the other classifiers on the most datasets. This just accords
with our conclusions. As for the learning time of these
methods, remark that it need find the cluster-based struc-
tural information through some clustering technique, which
leads to some extra learning time compared with THSVM.
However, it can be seen that, for most datasets, the pro-
posed STHSVM with different kernels has a comparable
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Table 3 Prediction accuracies and learning time (in s) of linear TWSVM, TPMSVM, SRPTSVM, SRSVM, THSVM, and STHSVM on

benchmark datasets

Set TWSVM TPMSVM SRPTSVM SRSVM THSVM STHSVM
Acc. (%) Acc. Acc. Acc. Acc. Acc.
Size Time (s) Time Time Time Time Time
B 55.78 £ 5.84** 61.90 + 2.54 62.23 + 4.68 58.63 £ 2.97* 60.15 + 3.90* 63.40 £ 2.57
400/4,900 x 2 0.204 0.970 0.912 3.784 0.457 0.414/0.301°
BC 71.43 £ 4.80* 71.50 £ 4.10% 72.78 £ 4.76* 71.28 £ 4.35% 72.12 £ 3.64* 74.10 £ 3.12
200/77 x 9 0.092 0.074 0.204 0.422 0.076 0.105/0.052
D 76.68 £ 2.05 75.03 £ 2.40% 77.03 £ 2.41 76.24 £+ 2.33* 76.21 £ 2.54* 78.13 £ 2.60
468/300 x 8 0.203 1.317 1.136 3.780 1.035 1.037/0.769
F 66.80 £ 1.60* 67.25 £ 1.54 67.50 £ 3.04 67.16 + 1.85 67.49 + 2.87 67.78 £ 2.12
666/400 x 9 0.511 2.779 3.120 5.320 0.903 0.578/0.355
G 75.73 £ 1.90 73.32 £+ 2.82% 73.26 £ 3.85% 73.19 £ 3.10% 73.25 £ 3.01* 75.61 £ 3.43
700/300 x 20 0.970 2.612 1.636 5.367 1.115 1.022/0.803
H 84.30 + 3.13 83.90 + 3.18* 85.25 + 3.21 83.76 + 3.52* 83.01 + 2.70* 85.16 + 3.22
170/100 x 13 0.026 0.192 0.292 0.310 0.205 0.212/0.188
I 79.08 £+ 2.24 79.45 £+ 2.06 78.91 £ 1.30 79.02 £+ 1.98 78.75 £ 1.97 79.17 £ 2.30
1300/1,010 x 18 5.307 14.274 28.431 156.253 6.032 5.175/3.016
R 75.50 £ 0.72* 76.38 £+ 0.62* 76.67 £ 0.56 76.45 £+ 0.70 76.52 £+ 0.76 77.12 £ 0.71
400/7,000 x 20 0.391 0.935 2.934 4.490 0.652 0.647/0.408
S 83.45 + 0.84* 83.72 + 0.98* 84.62 + 1.05 84.15 + 1.68 83.92 + 1.16 84.48 + 1.49
1,000/2,175 x 60 2.708 7.221 20.631 17.245 4.287 3.152/2.076
Th 82.80 + 3.18* 89.13 + 3.88 92.27 £ 3.72% 89.38 + 3.90 89.40 &+ 3.70 90.32 + 3.52
140/75 x 5 0.021 0.143 1.024 0.433 0.073 0.078/0.060
T 77.60 £ 0.37* 77.64 £ 0.42% 78.42 £+ 0.37 78.59 £ 0.65 77.84 £ 0.61 78.82 £+ 0.54
150/2,051 x 3 0.017 0.138 0.426 0.692 0.089 0.105/0.0921
Tw 97.21 £ 0.24 97.66 + 0.08 97.68 £ 0.15 97.68 + 0.22 97.56 + 0.23 97.72 £ 0.25
400/7,000 x 20 0.081 0.939 6.821 5.076 0.242 0.272/0.214
w 82.72 £+ 0.81* 87.73 £ 0.37* 87.95 + 0.41 88.05 + 0.89 87.70 + 0.41* 88.78 + 0.68
400/4,600 x 21 0.077 1.478 3.621 4.873 1.128 1.050/0.982

a ¢

" The time for clustering in STHSVM

speed with THSVM. In fact, this is because this proposed
STHSVM only needs to optimize a series of smaller-sized
optimization problems compared with THSVM, which
leads it to have a much faster speed than THSVM. Tables 3
and 4 also confirm this conclusion. In fact, the time for
clustering in this STHSVM is listed in tables indicates this
method is much efficient. In summary, these simulation
results show that our STHSVM not only obtains a better
generalization performance than these related methods, but
also has a fast learning speed.

5 Conclusions

The twin-hypersphere support vector machine (THSVM)
[19] for binary classification seeks two hypersphres by
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*'The difference between STHSVM and this algorithm is significant at 5 % significance level, i.e., t value > 1.734

solving two SVM-type problems, one for each class, to
make the points in each class are covered as many as
possibly by one hyperphere. Then, it classifies a new point
according to which hypersphere is relatively closest to.
However, it only considers the global structure information
of each class, which leads to hardly extend to real-world
problems.

In this paper, under the structural granularity [27],
which characterizes a series of data structures involved in
the various classifier design ideas, we have introduced an
improved THSVM named the structural information-
based THSVM (STHSVM) classifier. In each optimization
problem of STHSVM, a data structural-information
derived from the cluster granularity [27] is absorbed into
the learning process. Further, STHSVM introduces a
different probability sum of projected center for each
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Table 4 Prediction accuracies Set TWSVM TPMSVM SRPTSVM SRSVM THSVM STHSVM
and learning time of nonlinear Ace. (%) Acc. Acc. Acc. Acc. Acc.
TWSVM, TPMSVM, Time (s) Time Time Time Time Time
SRPTSVM, SRSVM, THSVM,
and STHSVM on benchmark B 88524+ 0.92% 88.61 +0.59% 89.92+ 042 8872 +£0.92 88.60 £+ 0.60* 90.14 & 0.58
datasets 0.271 0.116 1.365 4236 0312 0.327/0.231
BC 7271 +426% 74154381 74524317 7463 +421 74254258 7450 +2.74
0.126 0.023 0.557 0.429 0.048 0.056/0.040
D 7578 +£2.60% 7637 +£223 7682+ 176 7682+ 1.94 7574 £ 196* 76.75 + 2.35
0.577 0.130 1.071 5.481 0.521 0.435/0.311
F 6528 + 1.96* 67.85% + 1.93* 69.12 + 1.84 69.95 +2.01 67.80 & 1.46* 69.84 + 1.52
5.134 4340 6.582 11.097 4535 4.125/2.906
G 7598 +£1.93* 7682 +£272 7721 £2.10 77.35+235 75.00 £227*% 77.32 +£2.29
1.457 0.200 7.452 18.863 1.645 1.615/1.412
H 8340 +3.31% 8432+ 3.11*% 8646 £ 351 84.65 + 3.52% 8427 + 325% 86.52 + 3.49
0.037 0.013 0.274 0.269 0.049 0.056/0.044
I 95294 077% 9690+ 096 9724 £042 9753 +£0.72  96.16 & 0.60* 97.74 + 0.62
17.850 11.604 37315 289.215 18.745 15.363/7.903
R 9842+ 0.16 9824 +045 9847 £1.16 9846+ 122 9843 £025 98.47 + 0.50
0.578 0.232 1.426 5.434 0.973 1.015/0.902
S 87.80 & 0.66* 88.74 + 1.28% 88.69 + 1.42* 8991 & 0.52 88.72 + 1.12* 89.96 & 0.95
8.252 6.323 9.315 156.241 8.160 7.256/3.120
Th 95524210 9485 +215% 9582 +221 9540+275 9556+211 96.12 +2.02
0.023 0.011 0.124 0311 0.075 0.095/0.086
T 77.16 £ 045% 7770 £ 151  77.86 £129 7816 +1.04 7736+ 136 7821 + 1.32
0.034 0.009 0.112 0.296 0.104 0.115/0.090
Tw 9742 +0.18 96.74 £ 0.79* 97.62 £0.50 97.10 £ 0.52 97.21 £ 0.43  97.60 + 0.59
# The difference between 1.041 0.219 4.642 5.142 1.110 1.072/0.795
STHSVM and this algorithm is W 89.42 + 0.97% 90.83 £0.48  91.15+ 055 91.01 £0.72 89.80 & 0.64* 91.16 + 0.82
significant at 5 % significance 0.252 0.248 2.730 6.374 0.959 0.874/0.697
level, i.e., t value > 1.734
point to depict the cluster granularity-based structural  References

information. The experiments have confirmed that this
STHSVM successfully embeds into the cluster granular-
ity-based structural information and obtains the good
performance. The idea in this method can be easily
extended to some other TWSVM classifiers. There still
exists some future work. For example, we only apply our
method into the middle-scale classification problems since
it has a large cost to cluster large-scale datasets. In
addition, another problem is to discuss the relationship
between the performance and the cluster number. Also,
the parameter-selection problem is an important further
problem.
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