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Abstract. A piecewise smooth model is proposed and called HSSSVM-CM for short in the hidden
space. Mapping the training data to the hidden space with a hidden function, HSSSVM-CM dividesthe
original datainto several subclasses by C means; derives the smooth differentiable unconstrained model
by utilizing the entropy function to approximate the plus function of the slack vector, and introduces
linking rules to combine classification results of various subclasses. Simulations on benchmark data
demonstrate that HSSSVM-CM maintains good classification accuracies, reducesthetraining time and
hardly varies with kernel parameters.

Introduction

Support vector machine (SVM)[1] is developed as an prominent method for the small-sample data and
has gained wide attention. However, the kernel must satisfy the rigorous Mercer condition; only the
symmetric and positive definite function can be used as the kernel which of course rejects some usable
functions, such as the compact support kernel function.

Hidden space support vector machine (HSSV M) extends the set of usable kernels[2], which only
requires the hidden function to be symmetry. Researches on HSSVM include constructing sparse or
ensemble algorithms [3-4], applying it new area[5]. However, HSSVM needs to solve a constrained
program and requires long training time for large scale data.

Smooth support vector machine (SSVM) has mathematical properties such as strong convexity and
infinitely often differentiability, which attracts many scholars to research from various aspects [6-8].
But they can not get rid of the restriction on kernel function to be positive definite.

Inspired by the advantages of HSSVM and smoothing techniques [9-10], this paper presents a new
smooth model called HSSSVM-CM in hidden space with C Means clustering. Firstly, the training data
are mapped into the hidden space and then partitioned into several subclasses by CM. Secondly; a
smooth support vector machine model is derived by replacing the plus function with the entropy
function of the slack vector. Finaly, linking rules are proposed to combine classification results of al
the subclasses.

Introduction of Hidden Space

Let T=(X,Y)={(x,y)},, withX ={x}_(xT R") is the independently and identical distributed
dataandY ={y}_(y 1 {1- 1) isthelabel.Define avectorj (x) made up of areal valued function set
J ) =10 100 (%), L] 4 (X)]

(1)
The hidden spaceZ is defined as

Z={z|z=[j ,(,j ,(,L,j 4OI", xT X} @)
Take the symmetric function k(x,y) =k(y,x) as a special kind of hidden function, the kernel
mapping becomes
k
X® z=[K(x, X), K(%,, X), L k(X X)] ©)
Accordingly, the hidden space can be expressed as follows based on any symmetric kernel with
dimensionl
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Z ={z]| z=[k(%, X),K(%, X), L, k(x, )", xI X} (4)
Lemma 1 The distance betweenxand y in the hidden space is computed as follows

d, (% ¥) =l x- y||H=Jé_1 [k(x,X)- K(x WIT ©)

Proof: The transformed formulation of x and y are z(x) =[k(x, X),Kk(X,,X),L-,k(x,X)] and
z(y) =[K(x, ¥), k(X%,, ¥),L-,k(X,Y)] » wherek(x, y) isthe symmetric hidden function.

The sguare of the distance between themis

di(xy) =lx- vl =

1203 - z(y) I=

{Tk04 %)= KO, Y1+ TK0G, X) - KOG, Y)IP H 4K (%, X) - K%, Y)Y = (6)

a [k(x,x) - k(x, )2

t=1
Thus, we complete the proof.

The commonly used kernel functions includes positive SVM kernel, such as the Polynomia kernel,
Gaussian radial basis kernel and Sigmoid kernel function, as well as the compact support kernel
function.

k(x,y) =[(x"y)+1% gl N (7)
k(x,y) =exp(- [|x- yIF /s ?) (8)
k(x,y) =tanh(p 3"y + p,), p, p,1 R (9)

icos(pllx- y[F),

I xr PP (10)
k(X, y) =i - I [- ~' A

: pllx- yl[T [ > 2]

}0, other

Smooth Support Vector Machine

Letx = (X,,X,,L_,X,) be the dack, and 0<C1 R'be the penaty parameter that makes compromise
between the margin and the misclassified error. The training of smooth support vector machine (SSVM)
equals the following program

min%(WTw+ b)+CY X}

st. y,(W'x +b) 3 1- x, (12)
X, 2 0,i =1, %,

In equation (11), wi R" isthe weight andbl R'is the bias of the separating hyper plane

g(X) =w'x+b=0 (12)
Denote by A=[x,, X,, L, X ] the matrix form of the training data, and use the entropy function
P (X)=x+b *In[1+exp(- bX)] (13)

to approximate the plus function of the slack vector

X =max[e- D(Aw+be),0]=[e- D(Aw+be)],
whereeis a column vector of ones, D isthe diagonal matrix with ones or negative ones along the
diagonal corresponding to the label of x. . The training of SSVM equals follows

min%(WTW+b2)+c||pb[e- D(Aw+be)] | (14)
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and Newton algorithm is proposed to figure out the optimal solution. For more detail, refer to [8].

Implementation of HSSSVM-CM

HSSSVM-CM firstly maps the training data T = (X,Y) into the hidden spaceT,, =(Z,Y), employs
CM to divide Z intoc disconnected regions{Z.}", , derives smooth modelsin each divided space, and
finally uses linking rules to predict label of test data.

HSSSVM-CM consisits of three steps, mapping to the hidden space, smooth support vector machne
training, and linking rules. The principle of HSSSVM-CM isillustrated in Figure 1.

!
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Figure 1 Classification principle of HSSSVM-CM
C Means Clustering

C Means clustering is used to partion al the training data into several disconnected regions. Denote
by {Z}., thec (2Ec£l) fuzzy subclasses, that represent Z °s natural substructure satisfying

Z=JZ ad z 1 Z =f (i j).Thetraining of CM equals the following

=1

. _9c o 2
mnPU,Z)=a ._a X1 X u; d; (15

st. &, =1"j=12L,n

Here, P(U,Z)is the cost function, Z =(v,,Vv,,L,Vv,) is a vector of cluster centers, or called the
prototype;U = (u; )., isthe membership matrix, where u; =0 indicates that samplex; doesn’t belong
to the cluster centerv;, whileu; =1lindicates that samplex; belongs to the cluster centerv;; d; is the

Euclidean distance betweenv, and x; .

d; =d(i, ) =yllx - v, IF (16)

For the selected clustering centers, CM arranges the training data to its nearest cluster, then
computes the center of the new cluster, and repeat the iteration until the objective function achievesits
minimum.

Linking rule

For the resulted cdecision functions, one for each subclass, how to make reasonable use of themis
an important procedure to predict the label of any test data.

Step O Initialization. Input the test datax and the obtained the hyper plane of each subclass.

Step 1 Judgment. Use the following rule to judge the label

y=al,(99(x) (17)
i=1
whereg, (i) is the decision function g(x) = sign(w' x+b) and | 2, (X)isthe indicative function.
iL z(3)1 z
I (X) =] (18)

10,z Z
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The footnote of Z is computed with
i =arg(mind,) (19)
where

dj =l x- v, IIH=\/§_1 (k062 - kO, v;)I* (20)

and then classify the test datax to thei -th fuzzy group Z, and adopt the decision function.
Complexity analysis

For thel training data, SYM, SSVM, HSSVM and SDWNSVM adll train on the whole data; they
have space complexity of O(1?) . HSSSVM-CM dividesthetraining datainto ¢ regions, computesthe

solution on each individual subclass and combinestheir results. Suppose the number of samplesis IE in

each subclass, HSSSVM-CM has a tota space complexity of O(é). Since O(é) <<0O(1?) .

HSSSVM-CM has much lower space complexity than the aforementioned algorithms. It is expected
that HSSSVM-CM has low training time and is more sutiable for large scale data.

Experiments and comparisons

Effectiveness of MSSVM-CMis demonstrated on UCI datasets. All the experiments are carried out on
aPC with P4 CPU, 3.06 GHz, 1GB Memory with pure MATALAB Language.

Performances variances with the kernel width Breast Cancer is composed of 458 “benign” and
241 “mdignant” examples with nine attributes. Set C =1for al agorithms, HSSSVM-CM is
compared with SVM, SSVM and HSSVM with Gaussian kernel. Fifty percent are randomly selected
asthe training set, leaving the others as the testing set. Performances areillustrated in table 1.

Table 1 Accuracies with kernd width

Kern width | SvM | ssym | 1SSV HSSSVMEC
s=001 | %70 | %59 | ozm6 | ez26%
s=02 | 9% | 5 Taiom | 037w
s=05 | %% | B0 lazome | 963
s=08 | %X | N o030 | 9637%
s=1 | N5 U0 | a7 | o306

Based on the above table, we draw the following conclusions.

HSSSVM-CM hasthe highest accuraciesthat isinsensitive to kernel width, while SYM, SSVM and
HSSVM have obvious variances with kernel width.

Performances on moder ate scale data Banana data consists of 400 training and 4900 testing data,
two attributes for each sample. HSSSVM-CM is compared with SSVM, HSSVM and SHSSVM,
wherethe parametersareset C =1, s =0.5and p=0.1, “CS” and “RBF” are respectively the short for
“compact support kernel function”and “Gaussian radial basis kernel function”, the accuracy is the
averaged value of the accuracies on the training and testing set, the blank means that it cannot be
computed. The performances are illustrated in table 2.

884



Table 2 Comparisons with various algorithms

Algorithm Ker. | Accuracies | Time | lteration

RBF | 89.67% 259 | 3.1
SSVM cs |\ R

RBF | 88.82% 14'66 \
HSSVM

cs |o07106 | 018 |y

S
RBF | 89.81% 293s |32
SHSSVM CS |90.92% 3.01s |31
HSSSVM-C RBF | 92.18% 121s |19
M CS |93.33% 1.16s | 2.0

The following conclusions are directly drawn from three aspects based on data in the above table.
(1) HSSSVM-CM heas the highest accuracies, possesses the lowest training time under positive
definite kernel and the symmetric kernel, and hasthe least iteration among the three smooth algorithms,
SSVM, SHSSVM and HSSSVM-CM.
(2) HSSSVM-CM has higher training accuracies, lower time and identical iteration with RBF kernel
than CS kernel.
We aso carry out the experient on Iris data. The results are illustrated in table 3, where the best
results are emphasied in bold.

Table3 Comparisons with various algorithms

Algorithm Ker. | Accuracies | Time | Iteration
RBF | 96.67% 0.46s | 2.9
SSVM cs |\ K
RBF | 95.47% 2.62s |\
HSSVM CS | 95.55% 2.67s |\
0,
SHSSVM RBF | 96.81% 0.46s | 3.2

CS | 97.13% 0.46s | 2.9
HSSSVM-C RBF | 99.73% 0.21s | 1.1
M CS | 99.96% 0.17s | 1.3

It should be noted that the blank ““\” meansthat it cannot be computed, since SSVM and HSSVM
cannot use the non-positive definite kernel. It is obvious to see that, HSSSVM-CM has the highest
accuracies, lowest trainig time and least iterations among the four algorithms.

Conclusions

HSSSVM-CM broadens the usable kernel functions, has short training time, high accuracies and good
robustness. Future work includes producing new piecewise technique to partition the samples,
exploiting new linking rules to combine results of subclasses or finding efficient ways to set optimal
value of parameters.
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