NONLINEAR DISCRIMINANT ANALYSIS
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THE GENERALIZED SINGULAR VALUE DECOMPOSITION*
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Abstract. Linear Discriminant Analysis (LDA) has been widely used for linear dimension reduction. However,
LDA has some limitations that one of the scatter matrices isrequired to be nonsingular and the nonlinearly clustered
structureis not easily captured. In order to overcome the problems caused by the singularity of the scatter matrices, a
generalization of LDA based on the generalized singular value decomposition (GSV D) has been developed recently.
In this paper, we propose a nonlinear discriminant analysis based on the kernel method and the generalized singular
value decomposition. The GSVD is applied to solve the generalized eigenvalue problem which is formulated in the
feature space defined by anonlinear mapping through kernel functions. Our GSVD-based kernel discriminant anal-
ysisistheoretically compared with other kernel-based nonlinear discriminant analysis algorithms. The experimental
results show that our method is an effective nonlinear dimension reduction method.
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1. Introduction. In Linear Discriminant Analysis (LDA), a linear transformation is
found which maximizes the between-class scatter and minimizes the within-class scatter [7,
9]. Although LDA is conceptually simple and has been used in many application areas, it has
some limitations: it requires at least one of the scatter matrices to be nonsingular and it can
not easily capture a nonlinearly clustered structure.

One common situation where all of the scatter matrices are singular is when the number
of data points is smaller than the dimension of the data space, and this situation is often
referred to as an undersampled problem. Numerous methods have been proposed to overcome
thisdifficulty [8, 4, 19]. Recently, amethod called LDA/GSVD has been proposed, whichisa
generalization of LDA based on the generalized singular value decomposition (GSVD) [10].
It overcomes the problem caused by the singularity of the scatter matrices in undersampled
problems by applying the GSVD to solve a generalized eigenval ue problem.

In order to make LDA applicable to nonlinearly structured data, kernel-based methods
have been applied. The main ideaof kernel-based methodsisto map theinput datato afeature
space by a nonlinear mapping where inner products in the feature space can be computed by
a kernel function without knowing the nonlinear mapping explicitly. Kernel Principal Com-
ponent Analysis (Kernel PCA) [18], Kernel Fisher Discriminant Analysis (KFD) [12] and
nonlinear Discriminant Analysis[1, 16, 2] are nonlinear extensions of the well known PCA,
Fisher Discriminant Analysis, Linear Discriminant Analysis based on the kernel method, re-
spectively. However, PCA or Kernel PCA may not be appropriate as a dimension reduction
method for clustered data, since the purpose of these methods is an optimal lower dimen-
sional representation rather than discrimination. KFD [12] and the method proposed in [2]
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have been devel oped to handle the data that consists of two classes only. In Generalized Dis-
criminant Analysis (GDA) [1], centering in the feature space is performed by shifting each
vector by the global average, and then the kernel matrix is computed. Although this kernel
matrix is assumed to be nonsingular, centering in the feature space makes the kernel matrix
singular, even when the kernel function is symmetric positive definite. This makes the theo-
retical development of GDA [1] break down. In addition, when the input space is mapped to
a feature space through a kernel function, the dimension of the feature space often becomes
much larger than that of the original data space, and as a result, the scatter matrices become
singular.

Towards a genera nonlinear discriminant analysis, we propose a kernel-based nonlin-
ear extension of LDA using the GSVD. We also show the relationships of our GSV D-based
kernel discriminant analysis with other kernel-based nonlinear discriminant analysis algo-
rithms. After reviewing the linear dimension reduction method LDA/GSVD in Section 2, we
present the new Kernel Discriminant Analysis, KDA/GSVD, in Section 3. The relationships
of KDA/GSVD with other kernel-based methods are discussed in Section 4. Experimental
results are given in Section 5 and we conclude with discussions.

2. Linear Discriminant Analysis. Throughout the paper, a data set of n datavectorsin
an m-dimensional spaceis denoted as

A= [ala"' 7an] = [Ala"' >A7'] € R™x™ (21)

where the datais clustered to r classes and each block A; € R™*™: hasn; data vectors. Let
N; (1 < i < r) bethe set of column indices that belong to the classi. The between-class
scatter matrix Sy, and the within-class scatter matrix S, are defined as

Sy = an(cz —¢)(¢i—¢)f and S, = Z Z (a; —ci)(aj — ci)t (2.2
i=1 i=1jEN;
where
c-—iza- and —lznj ; (2.3)
e j e= - ' a; .
JEN; Jj=1

arethe centroid of the classi and the global centroid, respectively. The separability of classes
in a data set can be measured by using the traces of these scatter matrices.

The goal of Linear Discriminant Analysis (LDA) isto find atransformation matrix G €
R™x*! for someinteger [ with I < m that defines alinear transformation

G':ae R - y=GTac R™!

and preserves the cluster structure by maximizing the between-class scatter and minimizing
the within-class scatter. In the transformed space by GT, the between-class scatter matrix Sy,
and the within-class scatter matrix S,, become

S, =GTS,G and S, =GTS,G,

respectively. A commonly used criterion in LDA for finding an optimal clustered structure
preserving transformation G7 is

max trace((GT S, G) 1 (GT S, @)). (2.4)
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Itiswell known [9] that this criterion is satisfied when | = » — 1 where r isthe number of the
classesin the data, and the columns of G € R™*("—1) are the eigenvectors corresponding to
ther — 1 largest eigenvalues for the eigenvalue problem

S1Syr = Ax. (2.5)

However, asin many applications such as information retrieval [11] and face recognition [4],
when the number of data items is smaller than the dimension of data space, S,, becomes
singular. Recently, a method which applies the GSVD to solve the generalized eigenvalue
problem

Spx = ASyx (2.6)
has been developed [10].
The method in [10] utilizes representations of the scatter matrices as
S, = HyH and S, = H,HE (2.7)
where
Hy, = [y/ni(c1 —¢),-+ ,/ne (e, — )] € R™*7,
H, =[A; —cie], -, A, —cef] € R™" and e; =[1,---,1]7 € R™*1,

By applying the GSVD to the pair (', HT), we have

UTHI,TX:[\EL\O/] and VTHgX:[E%\O/], t:rank([géb (2.8)
t m—t t m—t v

where U and V are orthogonal and X is nonsingular, 7'y, + T3, = I, and ©T'%;, and
»Ty,, are diagona matrices with nonincreasing and nondecreasing diagonal components
respectively. Then the simultaneous diagonaizations of S, and .S,, can be obtained as

'Y, 0 DILD I 0}

0 0 0 0 (29)

XTSX = [ } X785, X = [

Let us denote the diagonal elementsof 1'%, and XT3, asn; and ¢;, i.e.

ngb = dl@(nlv tT 7nt)7 m Z ot Z Nt and
Zgzw:dI@(Ch 7Ct)7 Cl SSCt

and X = [zy,- - ,z,]. From Egs. in (2.9), the column vectors z; of X satisfy
CiSpri = niSwxi, 1 < i< t. (2.10)
Fort+1<i<m
xZTbei =0 and xiTwai =0

and they do not convey discriminative information among classes. Hence an optimal dimen-
sion reducing transformation G can be obtained from the first » — 1 columns! of X as

G = [1‘1) tre 7377‘—1]-
The algorithm for LDA/GSVD can be found in [10, 14].
IWhen I = rank(S}), =7 Spa; = 0 and 2T Syax; = 1fori + 1 < i < t. Hence one can consider taking only

thefirst I columnsfrom X . However, in practice the rank of S, is one less than the number of classes, that is, r — 1
in most of real data sets.
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3. Nonlinear Discriminant Analysis based on Kernel Functions and the GSVD. In
this section, we present a nonlinear extension of LDA based on kernel functions and the
GSVD. The main idea of the kernel method is that without knowing the nonlinear feature
mapping or the mapped feature space explicitly, we can work on the feature space through
kernel functions, as long as the problem formulation depends only on the inner products be-
tween data points. Thisis based on the fact that for any kernel function « satisfying Mercer's
condition [5], there exists amapping ¢ such that

< ®(a), ®(b) > = £(a,b) (3.1

where <, > isan inner product in the feature space transformed by ® [17, 3]. For afinite
dataset {a1,--- ,a,}, akerne function x satisfying Mercer’s condition can be rephrased as
the kernel matrix K = [k(a;, aj)]1<i,j<n beiNg positive semi-definite [5]. The polynomial
kernel

Kz, y) = (m(z-y) +72)%d >0andy, 2 € R (3.2
and the Gaussian kernel
k(z,y) = exp(—|lz —y[|*/0),0 € R (3.3)

are two of the most widely used kernel functions. The feature map ® can be either linear or
nonlinear depending on kernel functions used. If theinner product kernel function «(z,y) =
x -y isused, the feature map is an identity map. In the kernel methods neither the feature map
nor the feature space needs to be formed explicitly due to the relation (3.1) once the kernel
function « isknown.

We apply the kernel method to perform LDA in the feature space instead of the original
input space. Given akernel function «, let ® be a mapping satisfying (3.1) and define F C
RY to be the feature space from the mapping ®. Asin (2.7), scatter matrices S, and S,, in
the feature space F can be expressed as

Sy =HyHE and S, = H,HT (3.4)
where
Hy = [Vr(@ =), /(6 — &) € RV, (3.5

Hey = [@(Al) — 616{,--- ,@(AT) _ 67-631] € RNXn,

1 1<
Ci = — [0 .”':_ ®(a; and ;= l,"',lT RniXI-
‘ nZ]IV (o), 8= 3 0e) and e =117 €

The notations ®(A;) are used to denote ®([a;,--- ,ar]) = [®(a;), -+, ®(ax)]. Then the
LDA in F finds a transformation matrix

g = [9017 T 7907‘71] S RNX(T_I)

where the columns of G are the generalized eigenvectors corresponding to the » — 1 largest
eigenvalues of

Spp = ASwp- (3.6)

Now we show how to solve the problem (3.6) without knowing the explicit representation
of the mapping ¢ and the feature space F, therefore without forming S, and S, explicitly.
Note that any vector ¢ € RV *! can be represented as

Y =p1+ P2
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where p; € span{®(A)} and p, € span{®(A)}+, and Sy = 0 and S,,p2 = 0 for any
@2 € span{®(A)}+. Therefore, for any vector ¢ satisfying (3.6),

Spp1 = Sp(p1 + v2) = ASy (@1 + p2) = ASwip1.

Hence we can restrict the solution space for (3.6) to span{®(A)}. One may refer to [13] for
an aternative explanation.

Let ¢ be represented as alinear combination of ®(a;),i =1,--- ,n,
p= Zaﬁb(ai) and a=[ag, - ,a,]". (3.7)
i=1

The following theorem gives a formula by which S, can be expressed through the kernel
function.
THEOREM 3.1. Let

1 e
Ky = [bl] ](1§i§n,1§j§r) ’ bij = \/@ <_ Z ’i(aiaas) - ﬁ Z’i(aiaas)> . (38

7’L] sEN; s=1
Then
HE o = K a. (3.9)
Proof. From (3.5) and (3.7),

Hy ¢ (3.10)

i \/77/_1(&1 - &)T n
= (Z aiq)(ai))

i \/n_r(&r _ E)T =1

i \/”_l(nL1 ZseNl (I)(GS) - %22;1 ‘I)(GS))T (o5}
= [ @(al)a y (I:'(an) ]

L VG Ysen, Blas) — 5 205 2(as))” an,
=Kfa. O (3.11)

Similarly to Theorem 3.1, we can obtain

Heop = Ko (3.12)
where
Ko = [wij]qcicnigicn - (3.13)
wij = K(ai,a;) — L > k(ai, as) when a; belongsto the class .
n
sEN;

THEOREM 3.2. The generalized eigenvalue problem

Spp = ASyp
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K-[x(, al)’. i, an)]

Sp=138,p
KK, a=AK, K a

FiG. 3.1. The problem formulations of LDA in the original data space and the feature space defined by a
nonlinear mapping ¢ through a kernel function, < ®(a;), ®(a;) > = x(a;, a;). Inthe kernel matrix K, (-, a;)
denotes a column vector [x(a1, a;), -« -, k(an,a;)]T.

isequivalent to

KoK a = MK KL (3.14)
wherep = > @;®(a;) anda = [ag, - -+, )"
Proof. From (3.9) and (3.12),
Spp = ASwp & YTHHL o = MW HLH o (3.15)

e BTKKIa=MTKuKTa
& KKfa=MuKZa

forany ¢ = 37" | Bi®(a;) and B = [By,- -+, Bn]”. O
Note that KX} and K,,KL can be viewed as the between-class scatter matrix and
within-class scatter matrix of the kernel matrix

K = [r(ai,a;) |(1<i<n,1<j<n)

when each column in K is considered as a data point in the n-dimensiona space. It can be
observed by comparing the structures of K and /., with those of #;, and #,, in (3.5). Figure
3.1lillustrates the corresponding relations in the origina data space and the feature space.

Note that K, and KC,, KL are both singular and the classical LDA can not be applied.
Now we apply the GSVD to the pair (KT, KZ) in order to solve (3.14), and asin (2.9) we
have

r’T, 0

0 0 (3.16)

XTI KL X = [

] XTI TX = [ Tulw 0 ]

0 0

where the columns of X solves(3.14). Let G be the matrix obtained by thefirst » — 1 columns
of X as

@11 o Q1p—1
g = [a(l), “ee ’a(ril)] =
Qn1 Qnr—1

Defining

@¢:Zaji‘1>(aj), ].Sig’l‘*l,
j=1
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Algorithm 1 KDA/GSVD

Given a data matrix A = [ay,--- ,a,] € R™*™ with r classes and a kernel function &, it
computes the » — 1 dimensiona representation of any input vector z € R™ by applying
the GSVD in the feature space defined by the feature mapping ® such that x(a;,a;) =<
®(a;), (aj) >.

1. Compute Kp, € R™*" and IC,, € R™*™ according to Egs. (3.8) and (3.13).

2. Apply the GSVD to the pair (KT, KT) :

U'Kix =, 0 and V'KLx=[r, 0.

3. Assignthefirstr — 1 columnsof X to G :
4. For any input vector z € R™*!, adimension reduced representation is computed as
k(ay, 2)
GT . c RIr—1x1

k(an, 2)

by Theorem 3.2, ¢; satisfies
Sppi = AiSwpi

and [p1, -+, pr—1] givesalinear transformation by the LDA in the feature space. Hence, for
any input vector z € R™*1, the dimension reduced representation of z is given by

[(plv o 7(:07‘*1]Tq>(z)
n n H(al,z)
= Zajl‘l’(aj)T‘I)(Z)"" ,Zajr—l‘l’(aj)T‘P(z) =g"

K(an, 2)
This method, called KDA/GSVD, is summarized in Algorithm 1.

4. Comparison of Kernel-based Nonlinear Discriminant Analysis Algorithms. In
Section 3, we showed that KDA/GSV D finds the solution by solving

KoKl a = MCuK T (4.1)

using the GSVD. In this section, we compare our GSVD-based approach with two other
methods, the regularization based method [8] and the one based on the minimum squared
error function [6, 7], and derive the relationships of KDA/GSVD with other kernel-based
nonlinear discriminant analysis algorithms.

4.1. A Relationship to Kernel Fisher Discriminant Analysis (KFD). Mikaet al. [12]
developed anonlinear extension of Fisher Discriminant Analysis, Kernel Fisher Discriminant
Analysis (KFD), using the regularization and kernel methods. KFD is amethod for finding a
dimension reducing transformation specifically when the data set has only two classes. In a
two-class problem, the between-class scatter matrix Sy, is expressed as

ninz .

Sy = - (61 — E2)(¢1 — )7,
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whereé;, 1 = 1, 2, denote the class centroids. Hence the KFD criterion, maximization of
pT' (&1 — ) (e — 52)T<P, 42)
eTSwp

is equivalent to maximization of

TSy B ' KoK o
©TSup  aTK,KIa

A 4.3
where p = 3" | @;®(a;), @ = [y, -+, a,]". Setting the derivative of (4.3) with respect
to e as 0 gives the eigenvalue problem

KoK o = MK a. (4.4)

The KFD in[12] solvesthe problem (4.2), that is, the eigenval ue problem (4.4) by the regular-
ization method where apositive diagonal matrix d I isadded to K, XL to makeit nonsingular.
However, regularization parameter should be determined experimentally and this procedure
can be expensive. The performances by the regularization method and KDA/GSVD are com-
pared in our experiments.

4.2. Using the Minimum Squared Error Function. The Minimum Squared Error
(MSE) formulation in atwo-class problem (i.e., r = 2) seeksalinear discriminant function
g(2) = wo +w’z
where
b if i e N
N\ — T . _ 1, 1
g(al) = Wo +'LU a; = { bQ, If Z c ]\72 (45)

and b; isthe prespecified number for each class. For the dataset A givenin (2.1), the problem
(4.5) can be reformulated as a problem of minimizing the squared error

2
Y1 2

1 af
. . Wo . — Wo |
1 ay

7 |8

(4.6)
2

wherey; = by if i € Ny andy; = b if i € No. Note that the matrix P isn x (m + 1) and
the linear system involved in (4.6) is underdetermined when n < m + 1 and overdetermined
whenn > m + 1. In either case, the solution which minimizes the squared error (4.6) can be
computed using the pseudoinverse P* of P as

w,
[ w“ ] = Pty. (4.7)

When b; = n/ny and by = —n/nq, the MSE solution is related with Fisher Discriminant
Analysis (FDA) [6, 7]. The vector w in (4.7) is same as the solution of FDA except for a
scaling factor and

wy = —w" ¢

where c isthe global centroid defined in (2.3). For anew dataitem, it is assigned to the class
1if

wlz +wy =wl (z—¢) >0, (4.8)
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otherwise it is assigned to the class 2.

Now (4.6) can be extended to the squared error function in the feature space by amapping
® through a kernel function «. By subtituting a; with ®(a;) and w with 377, a;®(a;) as
in (3.7), we obtain

2
1 &(a1,a1) -+ k(a1,an) Y1

w;
: : [ o ] | |l =IPo-ylz @9
1 &(ap,a1) -+ k(an,an) Yn ||,
where a = [aq, -+, a,]T. Thematrix P in (4.9) isn x (n + 1) and therefore P = y isan

underdetermined linear system. Choosing the solution § = Py, adataitem z is assigned to
theclass1if

[1 k(z,a1) - K(zan) ] [ “(;0 } >0 (4.10)

While the MSE solution in (4.6) isrelated to Fisher Discriminant Analysis (FDA) when
the within-class scatter matrix is nonsingular [6, 7], it can be shown that the MSE solutionin
(4.6) isrelated to LDA/GSVD in the case of the singular scatter matrix. The relation between
the MSE solution of (4.6) and LDA/GSVD for two-class problems and the corresponding
relation between the kernel M SE solution of (4.9) and KDA/GSVD are presented in the Ap-
pendix.

4.3. Generalized Discriminant Analysis (GDA). In Generalized Discriminant Analy-
sis(GDA) [1], centering of the datain the feature space is performed by shifting each feature
vector by the global centroid

1
i=— ; ®(a;)
and then the kernel matrix is computed. This kernel matrix
K =[kijlicij<n Where ki = (®(a;) — &) (®(a;) - &)
is assumed to be nonsingular. However, K isalways singular since
(®(a1) —&)T
K= [@(al)—é, - @(an)—é]
(®(an) — )T
and
rank([ ®(a1) — &+, ®(an) —¢ ]) <n—1.

This makes the theoretical development in [1] break down. In numerical experiments, K may
only be detected as being very ill-conditioned since K is symmetric positive semidefinite and
zero eigenvalues may appear to be extremely small positive numbers due to rounding errors.

In solving the generalized eigenvalue problem (4.1), the GSVD is applied to K} and KL
instead of C, T and KC,, KL, hence the productsin K, KT and K, T do not need to be com-
puted explicitly. Moreover, the GSVD does not require any parameter optimization such asa
regularization parameter. When the regularization method is used for the problem (4.1), the
inverse of the matrix C,, CZ +d I should be computed in addition to the eigenval ue decompo-
sition or singular value decomposition which is aso required in the GSVD approach or MSE
solution. In the next section, experimental comparisons of the performances of KDA/GSVD
and other kernel based methods are presented.
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TABLES.1
The description of datasets.

dataset Musk  Isolet Car Mfeature
no. of classes 2 26 4 10
dim 166 617 6 649

no. of data 6599 7797 1728 2000

5. Experimental Results. We demonstrate that our proposed method KDA/GSVD is
an effective nonlinear extension of LDA by comparing the performances of KDA/GSVD
and other kernel-based nonlinear discriminant analysis algorithms as well as kernel-based
Principal Component Analysis (Kernel PCA) [18].

For thefirst experiment, data sets were collected from UCI machine learning repository?.
The detailed description of data setsis shown in Table 5.1. After randomly splitting the data
to the training and test sets of equal size, cross-validation is used with the training set in order
to determine the optimal value for ¢ in Gaussian kernel function

a2
k(z,y) = exp <—M> . (5.1)

202

In cross-validation, first, the average of pairwise distances in the training data is computed.
Then based on the average distance avg,, an optimal value C'in

o=0C" avgy (5.2

which gives the highest prediction accuracy is searched. In our experiments, we found that
[0.2,1.0] isareasonable range for C.

For the generalized eigenvalue problem (4.1), the regularization method is applied for
the comparison with KDA/GSVD. A regularization parameter d (d > 0) is used to make the
matrix X, L nonsingular and then the eigenval ue problem

(KWwKE +dI) " oK o = A

issolved. In our experiments, while the regularization parameter d was set as 1, the optimal
value ¢ in the Gaussian kernel function was searched by cross-validation. In Kernel PCA,
the reduced dimension was one less than the number of classes as in other methods. After
dimension reduction, k-nearest neighbor (k-NN) classifiers were used for the k-values of 1,
15, 29.

Figure 5.1 compares the performances of KDA/GSVD, KFD and Kernel PCA for the
Musk data which has two classes. The top figuresin Figure 5.1 show the prediction accura-
ciesby 10 cross-validation in the training set of the Musk data, where the z-axis corresponds
to the values C' in (5.2) which ranged from 0.1 to 1.5 with an interval 0.1. In the second row
in Figure 5.1, the prediction accuraciesfor the various C valuesin the test data are also shown
for the comparison with those obtained by cross-validation. Table 5.2 showsthe resultsin the
test sets using the parameters chosen by cross-validation. It also shows the prediction accu-
racies obtained by the LDA in the original data space. The experimental results demonstrate
that the GSV D-based nonlinear discriminant analysis, KDA/GSVD, obtained the competent
prediction accuracies over the compared methods, while it does not require any additional
parameter optimization as in the regularization method and it can naturally handle the multi-
class problems.

2http://www.ics.uci .edu/~mlearn/M L Repository.htm
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FiG. 5.1. The Prediction accuracies in the Musk data. The top figures were obtained by the cross-validation
with the training data and the bottom figures show the prediction accuraciesin the test data. The z-axis corresponds
tothevaluesC' ino = C - avgy Where avgy denotes the average of pairwise distances in the training dataset.

TABLE 5.2
The prediction accuracies (%) in the multi-class problems
Dataset k-NN LDA KDA/GSVD  Regularization  Kernel PCA
k=1 91.0 99.2 97.3 817
Musk 15 93.5 99.2 97.4 85.9
29 93.7 99.2 97.4 86.2
1 94.1 97.0 95.8 84.0
Isolet 15 94.1 97.0 96.1 85.7
29 93.9 97.0 96.2 85.0
1 87.5 94.2 95.7 64.9
Car 15 88.8 94.2 95.1 71.3
29 87.2 94.2 94.8 72.8
1 98.2 984 93.6 87.5
Mfeature 15 97.9 98.4 94.4 85.6
29 97.8 98.4 94.5 82.8

In the next experiment, the purpose is to evaluate the performance of KDA/GSVD for an
undersampled problem. The data set was constructed by randomly selecting 500 documents
from each of five categories from the MEDLINE data set. The documents were preprocessed
with stemming, stop-list and rare term removal and encoded using the term frequency and
inverse document frequency [11], resulting in atotal of 22095 terms. Equally splitting doc-
uments in each category into training and test data sets, each of them has 1250 documents.
Support Vector Machine (SVM) classifiersas well as k-nearest neighbors and centroid-based
classification method were applied both in the original data space and in the reduced dimen-
sional space. Since the SVM classifier is for binary class problem and our data set has 5
classes, we used a DAG scheme for multi-class classification [15]. Table 5.3 shows the pre-
diction accuracies. After both linear and nonlinear SVMs were applied in the origina data
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TABLE 5.3
Prediction accuracy (%) on MEDLINE data.

k-NN Centroid-
dimension 30 45 60 based SVM
Origina data  22095x 1250 835 840 838 84.8 89.5
KDA/GSVD 4 x1250 894 894 894 89.4 89.7

space, the best accuracy was obtained with alinear soft margin SVM. On the other hand, we
obtained acompetitiveresult by alinear SVM in the dimension reduced space by KDA/GSVD
using the Gaussian kernel. Since the dimension was reduced dramatically from 22095 down
to 4 and it was trained with only a linear classifier in the reduced dimension, the training
process was much faster than in the full dimension. Even with £-NN and centroid-based clas-
sification methods, prediction resultsthat were as good aswith SVM were obtained. The high
prediction accuracies by k-NN or centroid-based classifiersin the reduced dimensional space
by KDA/GSVD show that the difficulty of applying abinary classifier as SVM to multi-class
problem can be overcome effectively.

6. Discussion. We haveintroduced KDA/GSV D whichisanonlinear extension of LDA
based on kernel functions and the generalized singular value decomposition. One advantage
of KDA/GSVD isthat it can be applied regardless of singularity of the scatter matrices both
in the origina space and in the feature space by a nonlinear mapping. It is aso shown that
in two-class problem KDA/GSVD is related to the kernel version of the MSE solution. The
comparison with other methods in solving the generalized eigenval ue problem demonstrates
that KDA/GSVD is an effective dimension reduction method for multi-class problems.
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Appendix. In this appendix, a relationship between the MSE solution of (4.6) and the
LDA/GSVD solution for two-class problems is first presented. It is an extension of the rela-
tion between the MSE and FDA [7, 6] to the case of the singular scatter matrices. From the
relation between the M SE solution of (4.6) and the LDA/GSVD, the relationship between the
kernel MSE solution of (4.9) and the KDA/GSVD solution is also derived.

The problem (4.6) can be solved by the normal equations

wo | _ 1 --- 1 nllen1 (6.1)
w ay -+ Gn — n% €n,y ’
wheree,,, isthen; x 1 column vector with only 1's asits components. From (6.1), we obtain

{ nwo + (Elgjgn ajT)w =0 ©2)
(X1<j<n @)wo + (Xi<jcn ajal )w = D ieNy W e DN, G- .
Thefirst equationin (6.2) gives

wo = —c’w

and by substituting it in the second equation and using the alternative expressions® of .S, and
Sw

Sy = Z niciciT—nccT and S, = Z ajajT— Z niciciT, (6.3)

1<i<2 1<j<n 1<i<2
we obtain
(Sp + Sw)w = n(cy — c2). (6.4)
On the other hand, sincerank(.S,) = 1 in the two-class case we have
m>ne=-=nm=0 in (Spz;=mnSuwz;

by LDA/GSVD. Sincem + Cl =1and ’Ihwal = Clexl,

nin2

Mm(Sy + Sw)z1 = (m + (1)Spz1 = Spa1 = (c1 —c2)(e1 —c2) ¥y (6.5)

3Infact, S, can also be represented as S, = “L™2 (c; — ca)(e1 — c2)” whichwill be used in Eq. (6.5) later.
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Denoting

7’L2

p="m (6.6)

n1n2(01 - 02)TI1 ’

Eg. (6.5) becomes
(Sp + Sw)pz1 = n(cy — c2). (6.7)
Hence from Egs. (6.4) and (6.7), we have
Syw = (Sp + Sw)w = (Sp + Sw)pz1 = SepT1, (6.8)

where

n

Sy = Z(aj —c)(a; — c)T =Sy + Sy,

i=1

isthe total scatter matrix.
L et the symmetric eigenvalue decomposition (EVD) of S; be

¥ 0 Yy;r
— T _ 1 1
Sp =Y Ny _[\_Yl_,\yij{o OHYQT]

S

where s = rank(S;), Y isorthogonal and X, isadiagonal matrix with nonincreasing positive
diagonal elements. Then from (6.8),

Vi Viw=v%1Y pz; and Y w =Y/ pz.

ProPOSITION 6.1. For any = € null(S,) N null(S,,), all data items are transformed to
one point by the transformation =T .
Proof. For any = € null(S) N null(S,,), T Syx = 2T S,z = 0. Hence

0 =2l Syx = (zT Hy)(HE ) = |27 Hy||* = Zni|xTCi —zT¢)* and  (6.9)
i=1

0=2T8,z = |eTa; —aTci|* wherea; belongsto the classi. (6.10)
j=1
Egs. (6.9) and (6.10) give
tTe;=aTc fori=1,---,r
J}'Ta]':xTCi fOra“J'nNZ andi:l,...’r’

and these imply that all dataitems are transformed to one point by z%'. O
Since

span{Y>} = null(S;) C null(Sy) N null(Sy,),
by Proposition 6.1, Y, (2 — ¢) = 0, and we obtain

whz +wy = w''(z —c) =w MY + Y2V ) (2 —¢)
=w' Y[ (2 —¢) = pay V1Y] (2 —¢)
= pzi (Y[" + Y25 )(z — ¢) = pai (z — ¢). (6.11)
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Eq. (6.11) gives the relation between the M SE solution and the solution of LDA/GSVD for
two-class problem, which holds regardless of the singularity of the scatter matrices.

Now it should be straightforward to derive the corresponding relation between the kernel
M SE solution and KDA/GSVD in two-class case. The formulation (4.9) for the kernel MSE
solution is obtained by substituting the origina data [a,-- - , a,] in (4.6) with the kernel
matrix K = [k(a;,a;)]a<i<n,1<j<n) Where each column of the kernel matrix K can be
considered as a dataitem. On the other hand, asillustrated in Figure 3.1, KDA/GSVD solves
the generalized eigenvalue problem

KoK a = AC,KLa.

oKL and K, KT are the scatter matrices of the kernel matrix K when each column of the
kernel matrix K isconsidered as adataitem. Hence the relation between the kernel M SE and
KDA/GSVD corresponding to (6.11) can be derived by substituting the origina data a; with
[k(ai,a1),- -, k(ai,a,)]? inthe proof of the relation between the MSE and LDA/GSVD.



