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Research and Implementation of Data Synchronization
Technology Based on SQL Server CE '
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(College of Information Science and Technology, Nanjing University of
Aeronautics & Astronautics, Nanjing 210016, China)

Abstract: The research of embedded mobile database for application is becoming a field hot point because of the popularity of PDA mobile
product in application field. Some kinds of database based on Windows CE are compared at the beginning of this paper. The two kinds of
commonly used data synchronization technology based on SQL Server CE 2. 0 version: remote data access (RDA)and Replication are
mainly researched in the paper. By analyzing and combining peculiarity of the two, the solution of data synchronization between mobile

devices and center database and the implementation method based on EVC + + 4.0 tool are presented.
Key words: embedded mobile database; SQL server CE; remote data access; replication
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Abstract

It is well known that the generalization capability is one of the most important criterions to develop and evaluate a classifier for a given
pattern classification problem. The localized generalization error model (Rgps) recently proposed by Ng et al. [Localized generalization error
and its application to RBFNN training, in: Proceedings of the International Conference on Machine Learning and Cybernetics, China, 2005;
Image classification with the use of radial basis function neural networks and the minimization of the localized generalization error, Pattern
Recognition 40(1) (2007) 4-18] provides a more intuitive look at the generalization error. Although Rgjs gives a brand-new method to promote
the generalization performance, it is in nature equivalent to another type of regularization. In this paper, we first prove the essential relationship
between Rgps and regularization, and demonstrate that the stochastic sensitivity measure in Rgps exactly corresponds to a regularizing term.
Then, we develop a new generalization error bound from the regularization viewpoint, which is inspired by the proved relationship between
Rgs)s and regularization. Moreover, we derive a new regularization method, called as locality regularization (LR). from the bound. Different
from the existing regularization methods which artificially and externally append the regularizing term in order to smooth the solution, LR
is naturally and internally deduced from the defined expected risk functional and calculated by employing locality information. Through
combining with spectral graph theory, LR introduces the local structure information of the samples into the regularizing term and further
improves the generalization capability. In contrast with Rgps, which is relatively sensitive to the different sampling of the samples, LR uses the
discrete k-neighborhood rather than the common continuous Q-neighborhood in Rgjs to differentiate the relative position of different training
samples automatically and avoid the complex computation of Q for various classifiers. Furthermore, LR uses the regularization parameter to
control the trade-off between the training accuracy and the classifier stability. Experimental results oniartificial and real world problems show
that LR yields better generalization capability than both Rgps and some traditional regularization methods.
© 2007 Elsevier Ltd. All rights reserved.

Keywords: Localized generalization error model; Stochastic sensitivity measure; Locality regularization. (LR); Classifier Learning; Pattern classification

o

1. Introduction

A classifier design method is usually an algorithm that de-
velops a classifier f to approximate an unknown input—output
mapping function F from finitely available data, i.e., training
samples. Once such a classifier ‘has been elaborately designed,
it can be used to predict the class labels corresponding to un-
seen samples. Hence, the goal of developing a good classifier

* Corresponding author. Tel.: +86 25 84896481x12106;
fax: +8625 84498069.
E-mail addresses: xuehui@nuaa.edu.cn (H. Xue), s.chen@nuaa.edu.cn
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is to ensure the high prediction accuracy, i.e., generalization
capability, for future unseen data [1].

Specifically, for a given pattern classification prob-
lem, the training samples, i.e., 'a set of input—output pairs
T = {(xi, yi)}}_,» are gen}‘erated1 according to a fixed but un-
known probability distribution P (x), where y; is the class label
of the input x;. The classifier f can be developed by minimizing
the empirical risk"}on the training samples

1 n, ' § v
Remp = ~ _lem — e ¢
-1 ; ;
The quality of f produced ‘by a specific design method is mea-
sured by the discrepancy between the true output produced by
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the mapping function F and the estimated value produced by f
for unseen samples. The expected value of the discrepancy is
‘_deﬁned as the generalization error [2]

" R =/_ (Fx) — £(0))2 dP@), @
INT |

where IT denotes the entire input space.

Many techniques have been proposed to improve generaliza-
tion capability for the classifier design. Regularization method
'was presented originally by Tikhonov [3,4] for solving ill-posed

problem. The basic idea of regularization is to stabilize and
smooth the solution by means of some auxiliary nonnegative
-functional that embeds prior information about the solution [5].
The quantity to be minimized in regularization method is the
Tikhonov functional, including both the empirical risk func-
tional and the regularizing term, which are connected with a
regularization parameter. Through optimizing the parameter, a
satisfactory balance can be achieved between the training ac-
curacy (bias) and the classifier complexity (variance) to gain
good generalization capability [6]. An alternative method to
promote generalization performance is cross validation (CV).
In CV, the training dataset is randomly split into k disjoint sub-
sets. A classifier is trained for k times on stochastic k — 1 sub-
sets and a subset is left out as the validation set to be used for
estimating the generalization error at the same time [7]. Finally,
the classifier with the lowest average estimated risk is cho-
sen. However, CV is heuristic and cannot guarantee the clas-
sifier to have good generalization performance in every case
[7-9]. Moreover, the computational cost of CV grows linearly
with the number of samples and often becomes intolerable for
practical application [9]. In addition, early stopping is another
widely used technique to improve the generalization capability
because it is simple to understand and implement. Just as CV,
it splits the training data into a'training set and a validation
set, and stops training as soon as some stopping criterions be-
ing achieved in the validation set.[10,11]. However, the method
is also heuristic in nature and it is easy 'to prematurely stop
at the local minimum. How tolchoose a proper stopping crite-
rion is a key issue in the technique. Furthermore, as an alter-
native major approach, Vapnik—Chervonenkis (VC) theory [1]
provides analytical generalization bounds that can be used for
estimating generalization error by defining a new measure of
- complexity, called as the VC+-dimension, which coincides with
the number of parameters for linear classifier: [9]. However,
VC-theory cannot be rigorously applied to nonlinear classifiers,
such as neural networks, where ithe VC-dimension cannot be
accurately estimated and the:empirical risk cannot be reliably
minimized [8,9]. SRR RE R
i Different from the above state+of-the-art methods, the local-
ized generalization error model'(Rsp) recently proposed by
Ng et al. [2,12] provides anew look at the generalization error,
although it has not received sufficient attention yet. Rgps is
illuminated by the classifiersisuch as. support vector machine
(SVM) [13], radial basis function neural network (RBFNN)
[5] and multilayer perceptron! neural network (MLPNN) [5],
which are really local learning machines and consider the
(120 S B i
el g
1 il ek

unseen samples close to the; training samples more important
[2]. Hence, in Rs, the generalization error for unseen samples
is bounded within a Q-neighborhood of the training samples us-
ing stochastic sensitivity measure [14-16], i.e., the expectation
of the squared output perturbation. And the Q-neighborhood
is designed to be the regular shape, such as a hyper-square, a
sphere or a rectangle. Accordingly, a model selection method
based on Rgsy has been presented to train RBFNN [2]. For a
given threshold, the method selects the optimal classifier by
maximizing the value of Q, assuming that the mean square error
(MSE) of all samples within the union of all Q-neighborhoods,
including the training and testing samples, is smaller than the
threshold [2]. The fesultinngBFNN has better testing accu-
racy, fewer hidden neurons _ahd less training time than the ones
trained respectively using multiple folds CV and sequential
learning. In addition, Rsa can also be generalized to feature
selection [17], active learning [18], multiple classifier systems
[19], image classification [12], and so on.

Although Rsps seems to provide a brand-new method to pro-
mote the generalization performance, in this paper, we will
first prove the important relationship between Rgspy and reg-
ularization, i.e., it is in nature another type of regularization,
and demonstrate that the stochastic sensitivity measure in Rgsys
exactly ‘corresponds to a regularizing term. Moreover, Rspy
controls the generalization error for unseen samples through
maximizing the Q-neighborhoods of training samples, which
requires the Q-neighborhoods share'common shape. However,
in practice, Rspy can guarantee neither unseen samples always
residing within the limited union of O-neighborhoods, nor thus
the comparable ‘generalization performance for these samples.
In order to tackle the above problem, we further develop a
new generalization lerror bound;from the regularization view-
point, which is inspired by-the :proved relationship between
Rg)s and regularization. Moreover, we derive a new regular-
ization method, called as localityiregularization (LR), from the
bound. Instead of optimizing .Q, LR seeks for the classifier
function f(x) which minimizes:a guasi-Tikhonov functional
directly on the basis of selecting a"proper regularization pa-
rameter, just as.in traditional regularization [5]. However, dif-
ferent from the existing regularization methods [5,6] which
artificially and externally append the regularizing term in or-
der to smooth the solution;: LR i§ naturally and internally de-
duced from the defined expécted risk functional following Rgy.
Furthermore, LR cé.lculateS' the rfegularizing term by employ-
ing locally variable.lk-neighborhood rather than the common
continuous Q-neighborhood iin ‘Rgj;y such that it cannot only
differentiate the relative position: ofidifferent training samples
automatically and avoid the complex computation of Q for vari-
ous classifiers, but also further improve the generalization capa-
bility. Therefore, LR, on one hand, has the common advantage
of traditional regularization method:that can achieve a trade-off
between the traininlg accuraty and the classifier stability [6],
which leads to the resulting:¢lassifier more stable than Rgys in
terms of the different samplingi of the samples. On the other
hand, thanks to the:introduction of the local structure infor-
mation of the samples into the regularizing term through com-
bining with spectral: graph theory [20], LR yields more likely
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better generalization performance than traditional regulariza-
tion method. ;

The rest of this paper is organized as follows. Section 2
briefly reviews the basic theory of Rgps. In Section 3, we
prove the relationship between Rgp and regularization, and
give the corresponding deduction. The new generalization er-
- ror bound and the corresponding regularization method LR are
~ proposed in Section 4. Section 5 shows some experimental re-
== sults to demonstrate the better generalization performance of
our method. Some conclusions are given in Section 6.

2. The localized generalization error model (Rgsas)

Let Sg’) denotes the Q-neighborhood of a training sample
x® . And §3 is defined as §3) = {x = x® + Ax} that fulfils
O0<|Ax;|<Q,Vi=1,..., N, where N denotes the number of
features of the training sample and Ax = (Axy, ..., Axy) [17].
Then Sg denotes the union of all § &) called as Q-Union.

Rspy is defined as the generalization error for the un-
seen samples, i.e., expected risk, within the Q-Union. With
probabilityl — », we have

Rsm(Q) = fs (f(x) — F(x)*p(x) dx
Q

AL |
<= b‘él /S o (f(f)—.F(x)) YL

SV Remp+y Es(Ayp)H+AP+e = R5(Q).  (3)

Following [2], the notations in Eq. (3) are explained as follows:

() Remp = 1/n3"5_ l(err(l’))2 is the usuval empirical risk,

. where err(b) = f(x®) — F(x(b))

) Es((Ay)»)=1/nY"%_, fsg) (Ay)? p(x) dx is the stochastic
sensitivity measure, where Ay = f(x) — f(x®) is the
output perturbation which measures the output difference
between the training sample x») € T and unseen sample
in its Q-neighborhood x'='x® + Ax e Sg’).

(3) A= (max(F(x)) '—'min(F(x))), &= B./Inn(—2n), where
B =max((f(x) — F(x))?). Both A and ¢ are constants for
a given training dataset and a pre-selected upper bound of
the classifier output values.

For RBFNN, with probabilityl — #, we have

* ~
Ry =~

M M

1 0.2 4

§Q2§ Uj+7Q4_N§ (it Remp+v A
J=l1 j=1

+é&, : “4)
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where v; = <pJ(Z,_|(crx' + (,ux‘ — uj,-)z)/v‘?), g = (pj/vj,
detailed in Ref. [2].

Therefore, for a glven threshold p, ie., R, = p, the
value Q can be computed by solving the following quadratic

equation [2]:

T .4
SN LY 2.0
= =
~3(/P =~ /Remp = VA = 0. ®)

There are maximum four solutions for Eq. (5) and the smallest
real solution will be used as final result [2,17].

In a word, for the trained classifier whose concrete func-
tional form is known, one could compute the maximum value
of O and the value indicates the coverage of the unseen sam-
ples whose generalization error in MSE is less than p [2,16].
So if two classifiers yield the same Rg,,(Q) with different Q
values respectively, the one that yields the larger QO has better
generalization performance.

3. The relationship between Rg,; and regularization

In this section, we reveal that the Ry is actually another type
of regularization'method-and the stochastic sensitivity measure
corresponds to a-generalized regularizing term.

We assume that the unknown learning classifier function
f(x) belongs to a specified reproducing kernel Hilbert space
(RKHS) H [21,22]. Let us denote the reproducing kernel of a
functional Hilbert space H by K (x,x’). We will employ the
following kernel model:

f@ = wmK@, 0, ©)

where {a;}7_, aré par ameters to be estimated from the training

examples. - S
: T

Theorem 1. If f(x) belongs to'H,'then the stochastic sensitivity

measure in RSM is equzvalent to a generalized regularizing

term, i.e.,
i PEe

Eg((An)®) =cllallz, @

g L | '
Sl bt s 1

where a« = [ay, ..., %,]T, K is a symmetric and positive
semi-definite matrix depending: on the training samples
x; (i=1,...,n), and c is a constant.
. 4 fs 174
Proof. We apply Eq. (6) in the stochastic sensitivity measure.
Note that, here we also define that the shape of Q-neighborhood
is a hyper-square just as.in Ref. [2] for convenience. Then
1 ¢ R o i 4
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