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Abstract. Data classification is one of the core technologies in the field of pattern
recognition and machine learning, which is of great theoretical significance and
application value. With the increasing improvement of data acquisition, storage,
transmission means and the amount of data, how to extract the essential attribute
data from massive data, data accurate classification has become an important
research topic. Inverse n' n order gravitational field is essentially a generalization
of the n order in the physics, which can effectively describe the interaction
between all the particles in the gravitational field. This paper proposes a new
inverse n™ power gravitation (I-n-PG) based clustering method is proposed for
data classification. Some randomly generated data samples as well as some well-
known classification data sets are used for the verification of the proposed I-n-
PG classifier. The experiments show that our proposed I-n-PG classifier performs
very well on both of these two test sets.

Keywords: Data classification - Inverse n™ power gravitation - Clustering
algorithm

1 Introduction

1.1 Background

With the rapid development of data acquisition, storage and transmission technology,
the number of digital data storage is growing, which provides a wealth of information
for the production and life of human. But at the same time, with the sharp increase in
the amount of data, the human has not in limited time interested data were analyzed one
by one, which gives the mankind put forward a new challenge, how to automatically
achieve massive data classification by computer?

Data classification is one of the core technologies in pattern recognition and machine
learning. It has been widely used in many aspects of people’s production and life. The
goal of data classification is to automatically extract the model from the known data set,
and then judge the classification of unknown data. In recent years, researchers have
carried out extensive research in data classification, put forward the classification
method of large amounts of data, including decision tree classification method, Bayes
method, classification method, classification based on neural network based
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classification method, subspace learning and manifold learning based on kernel learning
classification method and so on. However, these methods still cannot fully reveal the
mass data concentration the relationship between the data, so how to effectively describe
the correlation between the data structure and has strong discriminative ability of the
classifier, one of the problems to be solved is still facing researchers.

The inverse n™ [1-3] is a generalized n order generalized field in physics, which can
effectively describe the interaction of all the particles in the gravitational field. In the
gravitational field, each particle is subjected to the gravitational force of the other parti-
cles and is maintained in a state of dynamic equilibrium. Once a new particle to enter
or exit the gravitational field, the dynamic balance of the original state will be broken,
all the particles in the gravitational field will be in accordance with their respective force
movement adjustment, finally realize the new dynamic balance. If each data set as an
inverse n" particle in gravitational field, and give it a certain quality in accordance with
certain rules, then the data can be mapped to an inverse n™ gravitational field, the clas-
sification of the data will be transformed into the original particle in the field of inverse
n™ gravity classification problem. The interaction between particles in the field through
the research of inverse n order to construct particle classification model, will be more
effective to describe the intrinsic attributes of the original data, realizes the automatic
classification of massive data accurately.

2 Related Works

As the core problem in the field of pattern recognition and machine learning, data
classification has been studied in recent decades. Through continuous exploration and
research, researchers have made many important achievements in the research of data
classification.

The basic principle of decision tree classification is to use the information gain search
data set with the maximum amount of information in the field of information, and then
set up a decision tree node [4—8]. Then a branch of the tree is established according to
the different values of the attribute field, and the next node and the corresponding branch
of each branch are continued to build the tree. Finally, each path in the decision tree
corresponds to a rule, and the whole decision tree corresponds to a set of expression
rules. For example, Murth gives a general procedure for constructing decision trees
based on a given data set [5]. Zheng [7] presents a multi variable decision tree algorithm,
which improves the classification accuracy of decision trees by constructing new binary
features. Brazdil and Gama [8] fusion decision tree and linear discriminant model are
used to construct multi variable decision tree. In this model, the new feature is obtained
by the linear combination of the previous features.

The basic principle Bayes classification is to use probability to describe the data samples
of the category of uncertainty, in the case of a priori probability and conditional probability
is known, based on the Bayes theorem to predict the type of test samples [9—11]. In the
literature, the existing Bayes classification methods can be divided into Naive Bayes clas-
sifiers [9] and Bayesian Networks [10, 11] two categories. Naive Bayes classifiers assume
that each feature in a given feature is independent from each other. This assumption limits
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the scope of application of Naive Bayes classifiers, but its expression is simple and can
effectively deal with the classification problem of independent (or approximately inde-
pendent) features of some features. However, in many cases, the characteristics of the
feature sets are often not independent, but have a strong correlation, the relationship between
these features cannot be trained through the simple Bayes classifier. Bayes network is a
graphical network based on probabilistic reasoning, which allows the definition of class
conditional independence between subsets of variables, so it can effectively deal with the
problem of data classification in feature correlation.

Artificial neural network classification [12—-15]: artificial neural network is mathe-
matical model that simulate neural network behavior characteristics and process distrib-
uted parallel information, has a wide range of applications in the pattern classification.
Lain and Lee [15] analyses the use of artificial neural network to construct text classifier
and dimensionality reduction method. Kon and Plaskota [13] studythe necessary
minimum number of neurons in the feedforward neural network for a given task.
Siddique and Tokhi [14] use genetic algorithm to train the weights of artificial neural
network.

The classification based on spatial learning and manifold learning: In linear discrim-
inant analysis (LDA) [31], the original high dimensional samples are projected into the
low dimensional subspace, while ensuring the original sample with the maximum and
minimum distance between class distance in low dimensional subspace. Dick et al.
proposed a supervised locally linear embedding algorithm based on the original local
linear embedding algorithm [27, 28], which can maintain the local topological relations
of the original data in the low dimensional data. Tenenbaum et al. propose a manifold
learning method (Isomap [29]) based on geodesic distance based on MDS (Scaling
Multidimensional). Belkin and Niyogi proposed Laplacian Eigenmaps [30], whose basic
idea is to use an undirected weighted graph to describe a manifold, and the low dimen-
sional expression of the original sample is embedded in the graph. He et al. propose the
Linearization of the method in the literature [30], and the Laplacian face [37] is proposed.
The method is to keep the neighbor relationship between samples before and after
dimensionality reduction. Yan et al. [38] proposed a unified framework for graph
embedding based on the sample neighbor relationship, and an interval Fisher analysis
method (MFA) was proposed

Kernel based classification [39, 40, 17-26]: the basic idea is to map the samples from
low dimensional space to high dimensional feature space by kernel function. The linear
non separable data samples in the input space can be linearly separable in the feature
space with higher dimension. For example, Vapnik [25] proposed is to establish a
learning kernel method based on statistical theory and support vector machine (Support
Vector Machine, SVM), its basic principle is to find a optimal classification requirements
of the hyperplane, the hyperplane in ensuring the precision of classification at the same
time, the maximum over both sides of the plane interval. In theory, the support vector
machine is able to achieve the optimal classification of linear separable data. Tipping
[41] put forward the relevance vector machine (Relevance Vector Machine, RVM), its
basic principle is the point of decision theory to remove irrelevant structure in active
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correlation based on priori parameters, to obtain the sparse model. How to select a suit-
able kernel function based on the kernel function classification method is not suitable
for a given data set.

Classification based on sparse representation: a face recognition method based on
sparse representation is proposed by [34]. This method assumes that the face image can
be represented as a linear combination of a small number of samples in the training data
set. Based on the same assumption, the paper proposed a method of facial image resto-
ration and recognition based on sparse representation [35]. Using the sparsity of wavelet
coefficients, a new method of wavelet denoising based on sparse representation is
proposed in the paper, which is based on the [36]. Although the sparse representations
in many classification applications show excellent performance, however, recently,
there are some references [31-33] further discuss the role of sparse representation plays
in the image classification problem of face recognition.

3 The New Gravitation Based Clustering Algorithm

A new data clustering approach based on inverse nth power gravitation for large scale
data classification is present in this section. Before the discussion of the new algorithm,
we firstly discuss some knowledge about the universal gravitation.

The traditional law of gravitation was proposed by Newton in 1687, with the equation
shown below in Eq. 1, where F is the force, G is the gravitational constant (G = 6.67 * 10
—11), m1 and m2 are the masses of the object interacting, r is the distance between the
centers of the masses.

m; X m,

F=Gx (1)

r2

This gravitation is everywhere, and gravitation also shows effect on space-time such

as distortion generated by the mass of an object in general relativity. A figure of this
distortion is shown below in Fig. 1.

Fig. 1. Space-time distortion affected by gravitation
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Gravitation not only can make distortion over space-time, but also can be utilized
for data clustering. Samples in each training set can be considered as particles, and if
each particle is assigned a mass value, then we can form a new attraction equation. We
make an extension of the traditional equation of gravitation shown in Eq. 1 to a new one,
shown in Eq. 2

mCxm(x)
F(xl,’xj) = —n-i—l(xi —xj),n >2

2

=%

X; and X; are two D-dimensional samples/particles in the training set with the
mass values m(X;) and m(X;). We denote the equation as the inverse n™® power grav-
itation (I-n-PG) for data classification. The mass values of Xj and X; incorporate the
gravitational constant G, so there is no G in Eq. 2.

For the training set S,S = {X1 D CYUTN XN} C RP, there are N samples in it. As to each
sample X of set S in the gravitation field, the attraction force can be calculated by Eq. 3.

FS.x0=m® Y Lﬁw(xi - x) 3)

xeS ”X[—-X
Accordingly, modulo of F(S, x) can be calculated according to Eq. 4.
m(x;)
F, (8,0 = [FS, 0l = m@)l| Y W(xi =l @

x,eS ”xi—-x

The flowchart of the new proposed I-n-PG large scale data classification algorithm
can be illustrated as follows (Fig. 2):
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Fig. 2. The flowchart of the I-n-PG model
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For the assignment of particle mass value of X, a kernel learning based approach is
proposed. There are mainly two approaches, one is based on single kernel, and the other
is on multi-kernel. In the single kernel approach, samples are projected into high dimen-
sional space by kernel function, the mass value of a certain particle X; in inverse n™
gravitation field can be calculated by the neighborhood distance of the particle in the
kernel space. The nearer the distance toward other samples in the same class is, the
heavier the particle mass is. Training samples and proper kernel function are used for
the parameters adaption, and then we can calculate the mass value of particles. In the
multi-kernel approach, it is an enhancement of the single kernel approaching, and it is
used for tackling the cases that the training samples are in large scales, and usually are
heterogeneous, that the single kernel approach cannot tackle. The multi-kernel model
are constructed as follows in Eq. 5.

K=Y aKk )

M
Where, a; > 0, 2 a; = 1, K denotes the i" kernel function, M is the number of

i—1
kernels. Then Mass value of particles are calculated by the neighborhood distance in the
multi-kernel space. Figure 3 gives the illustration of the calculation of mass value of

certain particle in multi-kernel space.

Training set

Kernel Space Kernel Space Kernel Space
K, K, Ks

Multi-Kernel
model

Ave-neighbor
Restriction

Mass of
particles

Fig. 3. The Mass value calculation in multi-kernel space
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For the steady state calculation in the gravitational field, if a particle in the field has
a relative small attraction force, it is considered as in a steady state, and when 90% of
the particles in the training set are in steady state, we supposed this case a steady state
of the particles. The new I-n-PG classifier can be illustrated as follows in Fig. 4.

Training
Set

1-3-PG 1-4-PG L] L L] 1-n-PG

Tmportance
Evaluation

[ I ! |

1-3-PG 1-4-PG L o L4 1-n-PG

[-n-PG
Classifier
for large
scale Data

Fig. 4. The new I-N-PG classifier for large scale data

4 Experiment Result Analysis

Randomly generated data set as well as a well-known classification data set, the IRIS
data are used here for the verification of the proposed inverse nth gravitation based
classifier. Several well-known clustering approaches such as INN, SVM SGF network
are also used for the comparison here. For the randomly generated data of 2dimension
samples, figures are given for the classification of different data samples.

Figure 5 gives the classification results by the I-n-PG classifier in a 2-D data set. The
classification process begins the mass values initialization of samples in the nth gravi-
tation field, and then the calculation of steady state are done over all these samples. Then,
the I-n-PG classifier are constructed based single kernel approach or multi-kernel
approach. Finally, samples are classified by the I-n-PG classifier. In Fig. 5.
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(a) Randomly generated sparse samples (b) Randomly samples with 4 clusters.

(c) Randomly generated data samples  (d) Randomly generated data samples
Fig. 5. Illustration of randomly generated data set under I-n-PG classifier

(a) samples are randomly generated in a square space without evident clusters.
Samples in Fig. 5(b) can be easily seen that there are four clusters. Figure 5(c) gives
samples with two evident clusters while other samples are in sparse and randomly loca-
tions. Figure 5(d) shows some lines cluster cases. Table 1 gives the comparison between
the proposed I-n-PG classifier and some well-known classifiers, INN, SVM and SGF
network under IRIS data sets. We can see form the table that the classic 1NN classifier
achieves 94.2% success, classic SVM achieves 97.4% success, SGF network secure same
performance as SVM classifier, and the proposed I-n-PG classifier outperforms all these
contrasted ones.

Table 1. Comparison of best result for IRIS data set

I-n-PG INN SVM SGF network
98.5% 94.2% 97.4% 97.4%

5 Conclusion

In this paper, new inverse n™ power gravitation (I-n-PG) based clustering method is
proposed for data classification. Some randomly generated data samples as well as some
well-known classification data sets are used for the verification of the proposed I-n-PG
classifier. The experiments show that our proposed I-n-PG classifier performs very well
on both of these two test sets. A future work is to reduce the time cost during the
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classification process as the calculation of n™ distance and the adaptive parameter for
the steady state consumes lots of time.
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