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Abstract

The recent years have witnessed a surge of interests in
semi-supervised learning methods. A common strat-
egy for these algorithms is to require that the pre-
dicted data labels should be sufficiently smooth with
respect to the intrinsic data manifold. In this paper,
we argue that rather than penalizing the label smooth-
ness, we can directly punish the discriminality of the
classification function to achieve a more powerful pre-
dictor, and we derive two specific algorithms: Semi-
Supervised Discriminative Regularization (SSDR) and
Semi-parametric Discriminative Semi-supervised Clas-
sification (SDSC). Finally many experimental results
are presented to show the effectiveness of our method.

Introduction

In many practical pattern classification and data mining
problems, the aquisition of sufficient labeled data is often
expensive and/or time consuming. However, in many cases,
large numbers of unlabeled data are far easier to obtain. For
example, in text classification, one may have an easy access
to a large database of documents (e.g. by crawling the web),
but only a small part of them are classified by hand.

Consequently, semi-supervised learning methods, which
aim to learn from both labeled and unlabeled data points,
are proposed (Chapelle et al., 2006). Many semi-supervised
learning algorithms have been proposed in the last decades,
for example, the generative model based methods (Shahsha-
hani & Landgrebe, 1994; Miller & Uyar, 1997; Nigam et
al, 2000), co-training (Blum & Mitchell, 1998), transduc-
tive SVM (TSVM) (Joachims, 1999), and the approaches
based on statistical physics theories (Getz, et al, 2005;
Wang et al, 2007).

One basic assumption behind semi-supervised learning is
the cluster assumption (Chapelle et al., 2006), which states
that two points are likely to have the same class label if there
is a path connecting them passing through the regions of
high density only. Zhou et al. (Zhou et al, 2004) further
explored the geometric intuition behind this assumption: (1)
nearby points are likely to have the same label; (2) points on
the same structure (such as a cluster or a submanifold) are
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likely to have the same label. Therefore, the learned classifi-
cation function should be sufficiently smooth with to respect
the intrinsic data manifold. Belkin et al. (Belkin et al., 2006)
further proposed an elegant framework for semi-supervised
learning, called manifold regularization, which learns a spe-
cific classification function by minimizing a cost composed
of two terms, one is the structure loss and the other is a
smoothness measure estimated from both labeled and un-
labeled data. In such a way, the learned function would be
sufficiently smooth while simultaneously hold a good gen-
eralization ability.

However, as the final goal of classification is to discrim-
inate the data points from different classes, it is reason-
able that the predicted labels vary smoothly with respect to
the intrinsic geometric structure within the same class, but
there should definitely be some discontinuities on the deci-
sion boundaries, i.e., on the boundaries where the different
classes are connected. Moreover, it would be more encour-
aged if the predicted labels of the data in different classes
are more distinct.

Based on the above considerations, in this paper, we
propose a novel strategy for semi-supervised classification,
which does not require the classification function to be
smooth, but to be discriminative. We first construct an unsu-
pervised discriminative kernel based on discriminant anal-
ysis (Fukunaga, 1990), and then use it to derive two spe-
cific algorithms, Semi-Supervised Discriminative Regular-
ization (SSDR) and Semi-parametric Discriminative Semi-
supervised Classification (SDSC) to realize our strategy. Fi-
nally the experimental results on several benchmark data
sets are presented to show the effectiveness of our methods.

The rest of this paper is organized as follows. In section
2 we will derive an unsupervised discriminative kernel. The
main procedure of the SSDR and SDSC algorithms will be
introduced in detail in section 3 and section 4. The experi-
mental results will be presented in section 5, followed by the
conclusions in section 6.

A Discriminative Kernel

Given a set of data objects X = {x1,X2, -+ , X, } wWithx; €
RP, the goal of discriminant analysis (Fukunaga, 1990) is
to learn a projection matrix P € R”*? with d < D, such
that after projection the data set have a high within class sim-
ilarity and between-class dissimilarity. Without the loss of



generality, we assume the data set has been centralized, i.e.,
ZZ. x; = 0, then we can define the within-class, between-
class and total scatter matrix as

Sy = Z Z (x; — m.)(x; — m.)" = XL, X%(1)
c X;ET,
S, = chmp = XL, X" )
S, = inx? + ML, = XX + ), 3)
i=1
where m, = ni > x,ex, Xi is the mean vector of the c-th

class ., and the additional regularization term in S; is used
to improve the reliability of the estimation of S; (Friedman,
1989). We can derive that the matrices

L, = I-GG'G)"'GT=1- 4)
L, = G(GTG)'GT =FF” (5)
where G € R"*¢ is a dummy class indicator matrix with

its (4, j)-th entry

1, ifx; €m;
C;(ij:{o7 f o

FFT

(6)

otherwise

and F = G(GTG)~!/2 is the scaled partition matrix. Then
a common criterion for learning an optimal subspace for
discriminating the data from multiple classes is (Fukunaga,
1990) maximizing
J =tr((PTS,P)"(PTS,P))
which aims to maximize the between-class dissimilarity and
within-class similarity simultaneously in the learned sub-
space. It can be easily verified that S; = S,, + S, then J
can be rewritten in an equivalent from of(Fukunaga, 1990)
J =tr(P"S,P) ' (PTS,P)) (7
From the representor theorem (Scholkopf & Smola, 2002),
the transformation matrix can be expressed as P = XH
with some coefficient matrix H € R"*4, then
J =tr(PTS,P)"1(PTS,P))
= tr(HTXT(XXT + \L,)XH) "~
= tr((HT(K? + \K)H) '(H'KL,KH))
= tr(HY(K? + \K)H) {(H'KFF'KH))
Viewing J as a function of H, we can easily derive that
the maximization of J(H) is just a quotient trace opti-

mization problem, whose optimal solution is obtained as
H* = [vi,va, - ,Vg], where v; is the eigenvector of
the matrix (K2 + AK)TKFFT K corresponding to its i-th
largest eigenvalue (Fukunaga, 1990), where (-)* denotes the
pseudo inverse of a matrix. Bringing H* back to [, we can
obtain that (Fukunaga, 1990)
J(H") tr((K? + \K)"KFF'K)
tr(FTK(K? + \K)"KF)

; <FT (In - <1n N §K)1> F) ®
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Since t7(FTF) is a constant according to its definition, the
maximization of J with respect to F is equivalent to mini-

mize .
- 1 -
J =tr (FT (In + XK> F)

Therefore, the value of j ~encodes the discriminality of the
labeling F, the smaller J is, the more discriminative F
would be. Clearly, since K is a kernel, then

1 —1
D=(I,+-K
( U)

is also a kernel, and we call it discriminative kernel through-
out the paper. We can see that in fact D is just the inverse of
aregularized kernel.

9)

(10)

Discriminative Regularization for
Semi-supervised Learning

Belkin et al. (Belkin et al., 2006) proposed an elegant frame-
work for semi-supervised learning called Manifold Regular-
ization (MR), which aims to solve for a classification func-
tion f by minimizing

l
j ZC Yi, f
=1

where ¢(+, -) is some loss function (e.g. hinge loss or square
loss), || f||# measures the complexity of f in the Reproduc-
ing Kernel Hilbert Space H, and || f ||z measures the smooth-
ness of f with respect to the intrinsic data manifold.

The penalization of the smoothness of f with respect
to the data manifold is common in graph based semi-
supervised learning methods. It is motivated by some in-
tuitive assumptions of the data labels (Zhou et al, 2004): (1)
nearby points tend to have the same label; (2) points on the
same structure tend to have the same label. It might be rea-
sonable for the data labels varying smoothly within the same
class, however, there might be some label discontinuities be-
tween the data from different classes. Moreover, as the final

)+l f I3 + 2l f 117 (11)

! (HTXTXLbXTXH)) goal of classification is just to discriminate the data from dif-

ferent classes, it would be more encouraged if the predicted
labels of the data in different classes are more distinct.

Based on the above considerations, we propose to directly
penalize the discriminality of the classification function in-
stead of its smoothness in semi-supervised learning. More
concretely, we can define some discriminative regularizer
|| /|l and then solve for the optimal f by minimizing

l
=D ey fx) +nllfIF + el flp - (12)

i=1
Let’s first consider the two-class problem, then y; €
{+1,—1}for1 <i <Il. Weuse f = [f, o, , fn]” tO

denote the predicted label vector of X using f, then accord-

by

IfI3 = £'Df (13)



By applying the point cloud norm introduced in (Sindhwani
et al., 2005), we can define a new Reproducing Kernel

Hilbert Space (RKHS) H with its induced inner product

—1
k(x,%;) = k(xi, %) + kL <I+ EDK) Dk, (14)

94!

where k(-, -) is some conventional kernel function defined in
an RKHS with its corresponding kernel matrix K, which is

positive semi-definite. ky, = [k(xi, %), - , k(xi,%x,)]T.
Then Eq.(12) can be rewritten as
1
n=>_cly f(x:)) +nlflZ (15)

=1

Then from the representation theorem (Scholkopf & Smola,
2002), f can be expanded by

fi = Kioy (16)
where K; € R'*/ is defined on the labeled set with its (i, )-
th entry computed as in Eq.(14), o;; € R'*1 is the expansion
coefficient vector. Bringing Eq.(16) back into Eq.(15), and

adopting the square loss, we can derive the following loss
function

1 . .

n = 7llye = Kieu|* + naf Kiey (17
where y; = [y1, 2, ,u]7. By setting 5—3 = 0, we can
get that

= (Ki +mil) 'y (18)
For a new testing point x, we can predict its label by
l ~
Zk (x, %)y (i (19)

where «;(¢) represents the i-th element of cx.

For multi-class problems, we can apply the same trick in
(Zhou et al, 2004), i.e., define F € R™*C to be a class in-
dicator matrix such that the label of x; can be determined as
yi = argmax;<cFj;. Thatis, the label of x; is determined
a row vector r;, which corresponds to the ¢-th row of F, and
its final label is equal to the column index of the largest ele-
ment of r;. Then the predicted label vector of a new testing
point x can be determined by

ry = 1251"

where ky = [k(x1,%),---,k(x;,x)]T, T € R*C is the
expansion coefficient matrix calculated by

(20)

I'=(K;+nI)7Y; (21)
where Y; € R is the initial label indicator matrix with its
(i,7)-thentry Y;(4, j) = 1 if x; belongs to class j, otherwise
Y;(i,7) = 0. Finally the label of x can be determined by
arg max; rx (7).
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Semi-supervised Classification without
Discriminative Regularization: A
Semi-parametric Approach

In the last section, we just followed the standard proce-
dure of the manifold regularization approach and derived a
discriminative regularization approach for semi-supervised
learning. In this section, we will derive a novel discrimina-
tive semi-supervised classification approach using the semi-
parametric regression technique, which include the discrim-
inative information into the expression of the classifica-
tion function, rather than penalize it as a regularization
term. First let’s briefly review some basic concepts in semi-
parametric regression.

Semi-parametric Regression
The standard definition of semi-parametric regression is

Definition 1 (Semi-parametric Regression). Semi-
parametric regression refers to the regression models in
which the predictor contains both parametric and non-
parametric components.

For example, suppose we want to construct a predictor f
from n input-output pairs {(x1,41), - , (Xn, yYn)} by

fr= afgmfinzﬁ(yi,f(xi)) (22)

i=1

where L(-,-) is some loss function. Then for parametric
regression, f(x) can be written as an explicit function of
x which is dependent on some parameters w (e.g., linear
regression); for non-parametric regression, f(x) cannot be
estimated via an explicit parametric function, i.e., it can only
be estimated from the data (e.g., k-nearest neighbor classi-
fier); for semi-parametric regression, f can be decomposed
into two parts as
f=f+h

where f is a non-parametric predictor which can be esti-
mated from the data set, h € span{i,} is a parametric esti-
mator, with {1,,} a family of parametric functions.

The semi-parametric model can be useful in many cases
(Scholkopf & Smola, 2002), for example, if one has some
additional knowledge that the major properties of the data
set are described by a small set of independent basis func-
tions {1 (), ¥2(-), -+, ¥m(-)}, or one may want to correct
the data from some (e.g. linear) trends. From another point
of view, the semi-parametric way can also make the model
more understandable without sacrificing the accuracy (the
non-parametric component usually makes the model accu-
rate since it is estimated from the data, while the paramet-
ric component can make the model more easily understood
since it can be written in an explicit form).

Since label prediction is in fact a special regression prob-
lem with discrete targets, we can also construct a semi-
parametric model for semi-supervised classification. More
concretely, the semi-parametric model is composed of two
parts: one part (the non-parametric part) is learned from the
labeled data by standard kernel techniques, the other part



(the parametric part) is learned from both labeled and un-
labeled data to incorporate the geometrical discriminative
information contained in the data set. In other words, in
the case when there is no sufficient labeled data, then the
non-parametric regression based on purely the labeled data
points may not be accurate, therefore we apply a parametric
estimator to “correct” the original predictor to make it more
accurate.

Before we go into the details of our Semi-parametric
Discriminative Semi-supervised Classification (SDSC) algo-
rithm, first let’s see a preliminary theorem (Scholkopf &
Smola, 2002).

Theorem 1 (Semi-parametric Representor Theorem).
Suppose we are given a nonempty set X, a positive def-
inite real-valued kernel k on X X X, a training set
(%1,91), (X2,92), - + (X0, 1) € X x R, astrictly monoton-
ically increasing real-valued function Q2 on [0, o], an arbi-
trary cost function c : (X x R?)! — R|J{oc}, and a class
of functions

f:{feRX

f)= Z%‘k‘(',zi)v I fllx < OO}

where v; € R,z; € X, and || - || is the norm in the Repro-
ducing Kernel Hilbert Space (RKHS) H, associated with k,
i.e, foranyz; € X,v; € R

HZT; Yik(- zi)|| = Z:,:l vivik(zi,2;),

a set of m real-valued functions {1, };1, on X, with the
property that the | x m matrix (Y, (X;))qp has rank m. Then
any f = f+h, with f € Fandh € span{ip}, minimizing
the regularized risk

2

c((x1, g, f(x0)s s (e, F ) + Q1)

admits a representation of the form

1 m
FO = aik(xi, ) + Y wtn() (23)
=1 p=1

with ai, v, € Rforallp =1,2,--- ;m.

In theorem 1, the parametric functions {¢,};* can be
any functions, e.g., in standard SVM, m = 1 and ¢ (x) =
1 (Scholkopf & Smola, 2002). Therefore, in the semi-
parametric setting, the function I minimizing the following
structural loss

l

=1

J = (24)

would have the form of Eq.(23). Note that in the above
loss, the parametric functions {1/, };* ; do not contribute to
the regularization term || f||2. (Scholkopf & Smola, 2002)

pointed out that this needs not to be a major concern when
m is sufficiently small than .
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Incorporating the Discriminative Information

Now the only problem remained is how to fit semi-
parametric regression into the semi-supervised setting, i.e.,
how to incorporate the discriminative information contained
in the data set into the learning process. A natural choice
would be to construct some proper parametric functions
which carry those geometrical information.

More concretely, in our SDSC algorithm, we use only one
parametric function, i.e., m = 1, which is learned from both
labeled and unlabeled data based on the discriminative ker-
nel D. Mathematically, we just adopt C' eigenvectors of D
corresponding to its smallest C' eigenvalues (since according
to Eq.(9), these eigenvectors carry the discriminative infor-
mation contained in the data set).

Returning to the expression of D in Eq.(10), we may
easily find that it is just the inverse of a regular kernel K.
Therefore there is a direct relationship between the eigen-
values of K and D, i.e., if p is the eigenvalue of K, then
1/(1 + p/X) would be the eigenvalue of D, and their cor-
responding eigenvectors are exactly the same. Hence the
eigenvectors corresponding to the smallest C' eigenvalues of
D are just the eigenvectors corresponding to the largest C'
eigenvalues of K. In this sense, the extraction of the dis-
criminative information using D is equivalent to performing
kernel PCA (Scholkopf & Smola, 2002) using the kernel K,
i.e., for an arbitrary point x, we can compute its correspond-
ing discriminative information by

U(x) =k VAT (25)

where ky, = [k(x,x1), -, k(x,%x,)]T € R™™ V =
[vi,---,ve] are the eigenvectors corresponding to the
largest C eigenvalues of K, and A is a diagonal matrix with
the smallest C eigenvalues of D on its diagonal line. Clearly,
¥(x) is an 1 x C vector, which can be viewed as the soft pre-
dicted label vector by purely using the discriminative kernel.

Next, we just set ¢)(x) as the parametric part of f(x), then
the complete form of f(x) can be written as

f(x) =KL + yi)(x) (26)

where ki = [k(x,x1), -+, k(x,x)]T € R, and T €
R are the expansion coefficients. We can see that f(x)
is in fact a vector function, its output is a C' x 1 predicted
vector.

A Concrete Algorithm

Therefore the only thing left is how to determine the opti-
mal T and /3 in Eq.(26). Combining Eq.(26) and Eq.(24)
together, and adopting the square loss, we can rewrite the
structural loss as

l
T = Y lyT — (kE.T +vu(x))|? + 6tr(TTK,T)
1=1

= ||V, - KT — ¥ 4 6tr(TTK,T) 27)
where y; € RE*! is the label vector of x;, such that y;(j) =
1 is x; is labeled as class j, and y;(j) = 0 otherwise, Y; =

[ylv"' 7yl]T € RlXC, v = [wT(Xl)v"' aq/}T(Xl)]T S



R*C K, € R*! is the kernel matrix constructed on the
labeled set. Then

g—‘lz = 2 (KK, ++K¥ - K'Y, +5K'T) (28)
%—‘7 = 2(¥"KT+97e - 9TY))  (29)

Y
By setting g—% = 0 and %—‘Z = 0, we can get the optimal

I" and v. However, one can easily discover that the resul-
tant linear equation system is over-determined, and the final
solution may not exist. In this case, we can apply some ap-
proximate algorithms, such as the least squares, to solve it
(Golub & Loan, 1983). Another approach to avoid this prob-
lem is that we adopt different scaling factors for different
classes, i.e.,

F(x) = kiR T +9(x)Y (30)
where XY = diag(y1,72, -+ ,7c) € RE*C is a diagonal
matrix with the scaling factors on its diagonal line. In this
way, the number of variables we will solve is increased so
that the resultant linear equation system could be efficiently

solved by
—1
Y e K Yetpe
r. = [o1- %% K - 2e¥e )y,
( el l) < (ww)y
_ "Z’ijcfd’zjKlFC
- ¢T,

where I'; represents the c-th column of I', 4, denotes the
c-th column of ¥, y.. is the c-th column of Y.

Experiments

In this section, we present a set of experiments to show the
effectiveness of our method. First let’s describe the basic
information of the data sets.

The Data Sets

12 datasets, including 2 artificial datasets and 10 real
datasets, are used in our experiments to evaluate the perfor-
mances of the methods. Table 1 summarizes the character-
istics of the datasets.

e Toy Data Sets: g241c & g241n. Each data set contains
two classes with 350 points in each class, and the data sets
are generated in a way of violating the cluster assumptions
or misleading class structures. For details one can refer to
(Chapelle et al., 2006).

e Image Data Sets: USPS, COIL& Digitl. The first
two data sets are generated from the famous USPS' and
COIL? databases, such that the resultant image data did
not appear to be manifolds explicitly. The digir I data set
was generated by transforming the image of digit 1, and
the image data appears a manifold structure strongly. For
the detailed generation information of the three data sets
one can refer to (Chapelle et al., 2006).

"http://www.kernel-machines.org/data.html.
“http://www 1.cs.columbia.edu/CAVE/software/softlib/coil-
20.php
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Table 1: Descriptions of the datasets

Datasets Sizes | Classes | Dimensions
g241c 1500 2 241
g241n 1500 2 241
USPS 1500 2 241
COIL 1500 6 241
digitl 1500 2 241
cornell 827 7 4134
texas 814 7 4029
wisconsin 1166 i 4189
washington | 1210 7 4165
BCI 400 2 117
diabetes 768 2 8
ionosphere | 351 2 34

o Text Data Sets: Cornell, Texas, Wisconsin & Washing-
ton. All these four data sets are selected from the famous
WebKB database 3, and the web pages are classified into
seven categories.

e Other Data Sets: BCI, Diabetes & Ionosphere. The
BCI data set is provided in (Lal et al, 2004), which orig-
inates from research toward the development of a brain
computer interface (BCI). The Diabetes and Ionosphere
data sets are downloaded from the UCI repository*, which
are usually used as the benchmark data sets for semi-
supervised learning algorithms.

Methods & Parameter Settings

Besides our methods, we also implement some other com-
peting methods for experimental comparison. For all the
methods, their hyperparameters were set by 5-fold cross val-
idation from some grids introduced in the following.

e Local Learning Regularization (LLReg). The imple-
mentation of this algorithm is the same as in (Wu &
Scholkopf, 2007), in which we also adopt the mutual
neighborhood with its size search from {5,10,50}. The
regularization parameter of the local classifier is searched
from {473,472 471 1,41 42 43}, and the tradeoff pa-
rameter between the loss and local regularization term is
also searched from {473,472 471 1,41 42 43},

e Laplacian Regularized Least Squares (LapRLS). The im-
plementation of the algorithm is the same as in (Belkin
et al., 2006), in which the variance of the Gaussian sim-
ilarity is also set by the method in (Zhu et al, 2003),
and the extrinsic and intrinsic regularization parameters
are searched from {473,472 471 1,41 42 43}, For the
RKHS, the linear kernel is adopted.

e Learning with Local and Global Consistency (LLGC).
The implementation of the algorithm is the same as in
(Zhou et al, 2004), in which the variance of the Gaus-
sian kernel is also determined by the method in (Zhu et al,
2003), and the regularization parameter is searched from
{473,472 471 1,41 4% 43},

*http://www.cs.cmu.edu/WebKB/.

*http://www.ics.uci.edu/mlearn/MLRepository.html.



Table 2: Experimental results with 10% of the data points randomly labeled
GRF LLGC LLReg LapRLS SSDR SDSC

g24lic 56.34 +2.1665 77.13 £ 2.5871 65.31 £2.1220 80.44 4+ 1.0746 80.37 4 0.2103 83.41 +£0.4378
g241n 55.06 & 1.9519  49.75 +0.2570 73.25+0.2466 76.89 4+ 1.1350 77424+ 1.2114 79.36 +£0.7433
USPS 94.87 £1.7490 96.19 £ 0.7588  95.79 £ 0.6804 88.80 4 1.0087 97.36 4+ 1.3317 98.70 + 0.9436
COIL 91.23 £1.8321 92.04 +£1.9170 &86.86+2.2190 73.35+1.8921 95.42 +1.2188 89.20 &+ 1.7734
digitl 96.95 + 0.9601  95.49 + 0.5638 97.64 £ 0.6636 92.79 4+ 1.0960 98.49 4+ 1.5673 99.13 +1.3210
cornell 71.43 £0.8564 76.30 & 2.5865 79.46 £1.6336 80.59 £1.6665 81.32 + 0.7568 78.23 £ 1.4576
texas 70.03 £0.8371  75.93 +£3.6708 79.44 +1.7638 78.15+ 1.5667 80.87 +1.0219 T7.46 £+ 1.2347
wisconsin 74.65 £ 0.4979 80.57 £1.9062 83.62+1.5191 84.21 +0.9656 84.58 +0.7994 77.84 + 0.5386
washington | 78.26 £ 0.4053 80.23 £1.3997 86.37 £1.5516 86.58 £1.4985 88.24 4+ 0.7458 76.97 +1.1932
BCI 50.49 +1.9392 53.07 +2.9037 51.56 £ 2.8277 61.84 £ 2.8177 60.44 £+ 2.1089 62.01 + 2.2847
diabetes 70.69 +2.6321 67.15+1.9766 68.38 £2.1772 64.954+1.1024 72.37 +1.4545 72.20 + 1.5321
ionosphere | 70.21 £2.2778 67.31 £2.6155 68.15£2.3018 65.17 £ 0.6628 82.05 £+ 0.7996 86.73 +1.8210

e Gaussian Random Fields (GRF). The implementation of
the algorithm is the same as in (Zhu et al, 2003).

For our Semi-Supervised Discriminative Regulariza-
tion (SSDR) and Semi-parametric Discriminative Semi-
supervised Classification (SDSC) algorithms, the Gaussian
kernel is adopted as the original kernel K, whose vari-
ance is set by the method in (Zhu et al, 2003). The
regularization parameter A for constructing the discrimi-
native kernel K, and the regularization parameters vy, 7o
in SSDR, 6 in SDSC, are all searched from the grid
{473,472 471 1,41 42 43},

Experimental Results

In our experiments, we randomly label 10% of the points for
each data set, and report the mean classification accuracies
and standard deviations of 50 independent runs in table 2,
from which we can also see the superiority of our discrimi-
native algorithms.

Conclusion

In this paper, we propose a novel strategy for semi-
supervised classification, in which we directly penalize
the discriminality of the classification function instead
of punishing its smoothness as in traditional methods.
Guided by such idea, we propose two specific algo-
rithms, semi-supervised discriminative regularization and
semi-parametric discriminative semi-supervised classifica-
tion, and finally the experimental results on several bench-
mark data sets are presented to show their effectiveness.
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