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Abstract

Data aggregation from various web sources is very significant for web data analysis domain. In ad-
dition, the recognition of coherence micro cluster is one of the most interesting issues in the field of
data aggregation. Until now, many algorithms have been proposed to work on this issue. However, the
deficiency of these solutions is that they cannot recognize the micro-cluster data stream accurately. A
semantic-based coherent micro-cluster recognition algorithm for hybrid web data stream is proposed.
Firstly, an objective function is proposed to recognize the coherence micro-cluster and then the coher-
ence micro-cluster recognition algorithm for hybrid web data stream based on semantic is raised. Fi-
nally, the effectiveness and efficiency evaluation of the algorithm with extensive experiments is verified
on real music data sets from Baidu inc. and Migu inc. The experimental results show that the pro-
posed algorithm has better recall rate than the non-semantic micro cluster recognition algorithm and

single source data flow micro cluster recognition algorithm.

Key words: hybrid web data stream, coherence micro-clustering, entity unified, object coher-

ence, semantic computing

0 Introduction

Subject data aggregation is of great significance in
the information processing domain. It requires continu-
ous acquisition of the same type and subject data from
different websites according to the specific objective.
Nevertheless, the coherence search is still a difficult
problem in the heterogeneous field towards the web in-
formation aggregation''” due to such complex factors as
multi-source , miscibility and heterogeneity.

In this study, a novel method is proposed for rec-
ognizing the micro-cluster coherence from multi-source
heterogeneous data. Firstly, taking web sematic into
consideration, a coherence micro-cluster recognition al-
gorithm is proposed for hybrid web data stream, named
as semantic based coherence micro-cluster recognition
(SCMR). Therefore, SCMR algorithm makes full use of
the soft subspace and data block partition technologies.
In addition, practical applications show that our algo-
rithm is effective for resolving the high dimensional data
sparseness problem and is efficient for improving the co-
herence micro-cluster recognition.

1 Preliminaries

To formalize the proposed coherence micro-cluster
recognition algorithm for multi-source heterogeneous web
data, some formal definitions are put forward as follows.
Definition 1 Data stream model

The continuous obtained data from the same data

Each data

point X! is a data object that includes D dimensions( Da-

source X! ---X* are called data stream'*’.

ta Object, abbreviation DO ), expressed as X =
DO,+++DO;
Definition 2 Homogeneous data flow model

The data stream model of different data sources has
data with the same dimensions, and the data specifica-
tion is identical or similar. Assume stream data X, Y,
and&represents homogeneous relation, i.e. X, 3Y,
if (Spec (Xi)eSpee (Yi)) N (Dim(X) = Dim(Y))
l>XeY. Spec() represents data attribute specification
definition, Xi and Yi represent the i" dimension of X, ¥
and Dim( ) represents the total number of data dimen-
sions of the target data stream.
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Definition 3 Heterogeneous data flow model

Such a model refers to the data stream model of
different data sources that has data with different dimen-
sions, or data specifications are not the same and do not
maich. Assume stream data X, Y, & represents hetero-
geneous relation, that is; 33X, 3Y, if(Spec(Xi) ®
Spec(Yi)) U (Dim(X) # Dim(Y)) X ® Y. Here
Spec () represents data attribute specification defini-
tion, X, and Y, represent the i" dimension of X and Y;
Dim () represents the total number of data dimensions of
the target data stream.
Definition 4 Compatible data flow model

Given heterogeneous data streams X, Y, namely X
® Y, profile Prof (X) of data stream X and the profile of
Y have homogeneous relation Prof(X)&Prof(Y), that
is; X, 3Y, if(Prof(X)=Prof(Y)) N (A®Y) X
@ Y. Here Prof () represents the data stream profile
from the part of the dimension.
Definition 5 Time sliding window

When the data is continuously provided by the da-
ta source, the time sequence data stream is formed ac-
cording to the order of arrival. Time data stream is the
time sequence data stream, abbreviated as TDS. The
storage pool of the cached data is called a sliding win-
dow, abbreviated as sW. The t time sequence of the
sliding window is called sW,(TDS) = < X!---X" RW,
RD,RE > ,RW is the size of the sliding window, also
called the upper limit of the size of the data object in
the window, RD is the arrival time of window data, RE
is the failure time of window data.
Definition 6 Single data stream micro-cluster

Assume that the current data stream is formed into
micro-cluster set meS (sW) through the coherence mi-
cro-cluster recognition in time sliding window sW.
Namely meS(sW) = < MCF!---MCF:, ,n,RD ,RE >.
MCF! ---MCF: are called a series of micro clusters in a
sliding window sW, n(n < RW) is the actual size of
the data objects in the window, arrival time and failure
time of current stream data are (RD,RE).

Definition 7 Hybrid web data stream micro-
cluster

Because of the existence of multiple parallel data
streams, it is an assumption that there are 8 different
sliding windows: sW,---sW, at time . In general, dif-
ferent single data stream sliding windows sW,---sW, be-
long to heterogeneous data stream models, expressed as
sW, @ sW,--+ & sWj. Testing whether there is coher-
ence micro-cluster between sW,---sW, based on the fol-
lowing rules

(1) If similar data stream profile exists among
sW---sW,, there may be coherence micro-cluster

among sW,---sW,, i.e.,
VsWsWy, sW, @ sW,-- @ sWy — 3 Prof(sW,---
sWg) , sW, @ sw,-- @SWB;

(2) If a similar data stream profile does not exist
among sW,---sW,, there is no coherence micro-cluster
among sW,---sW,, i.e.,

VsWosWy, sW, @ sW,- @ sWg —1 3 Prof(sW, -+
sWg), sW, @ sW,-- D sW, = false.

IfsW, @ sW,--- @ sW,, after getting Prof(sW,---
sWy) , it is possible to obtain window micro-cluster set
through the coherence micro-cluster recognition among
similar data stream profiles Prof(sW,---sW) , namely
meS(sW,-+sWg). There will be WC (w,---w,) = <
MCF' ---MCF®, m ,RD ,RE >. A series of micro clus-
ters MCF'---MCF?® are obtained from data streams in
w,++-w, through the coherence micro-cluster recogni-
tion, MCF'---MCF* are called a series of micro clus-
ters between sliding windows sW,-+-sW;,m(m < RW x
B) is the actual size of the data objects in windows
sW---sW,, arrival time and failure time of current
stream data are (RD,RE).

2 Related work

Coherence micro-cluster recognition is the basic
work of data duplication eliminating**!. Related re-
searches about data stream clustering are divided into
two types: batch clustering algorithm and streaming
clustering algorithm'”*’. Reviewing the core essence of
existing researches, the goal of clustering is data divid-
ing rather than coherence search. Actually, coherence
search on heterogeneous relational data sources mainly
focus on conditions where data source is relatively clear
and data structure is static. Therefore, the core objec-
tive of the two researches is different from the direct
objective of this paper. Heterogeneous Web data
stream batching does not realize the clustering of the
data, but achieves the coherence micro-cluster recogni-
tion of data stream. The algorithm of clustering and the
coherence micro-cluster recognition algorithm are dif-
ferent because of their different targets. Current studies
have some limitations concerning methods and theo-
ries, and lack the suitable technologies for coherence
micro-cluster recognition on heterogeneous data'”'"’.
Concentrating on coherence micro-cluster recognition
this paper argues that three aspects need to be im-
proved for the coherence search on heterogeneous data.

(1) Transformation from single data stream to hy-
brid Web data stream

Most existing coherence micro-clustering algo-
rithms are used for single source, mostly deterministic
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11,12 .
121 However, since these algo-

and continuous data
rithms only consider the distance between data objects
while the heterogeneous data object, properties and
other factors are ignored, they cannot be directly ap-
plied to the polymerization of heterogeneous Web data
information. There are still stringent challenges in ap-
plying existing researches of heterogeneity elimination
to multi-source heterogeneous Web data in the field.

(2) Transformation from cluster partition to coher-
ence micro-cluster recognition

Existing clustering algorithms focus on data parti-
tion causing deviation from current research of coher-

B4 The cluster parti-

ence micro-cluster recognition
tion will be carried out by data clustering algorithm and
the latter will be carried out by data screening mecha-
nism in order to filter out coherence micro-clusters. If
the existing algorithms are used to deal with heteroge-
neous attribute data, non-continuous attributes have to
be given up which will reduce original data information
and cannot guarantee the accuracy of the clustering re-
sult.

(3) Transformation from data computing to seman-
tic computing

Most of the existing coherence micro-cluster rec-
ognition algorithms can only process with the continu-
ous data attribute and numeric attribute. They are lim-
ited in dealing with continuous data attribute and some
of them are limited in dealing with data with tag attrib-
utes. The continuous attribute means the attribute with
continuous values, such as length, weight; the tag at-
tribute means the attribute valued for the limited state ,
such as color and occupation. Multi-source, heteroge-
neous and attribute mixed problems propose new re-
quirements to the design and improvement of coherence
micro-cluster recognition[ 4]

In summary, it is of great significance to design
coherence micro-cluster recognition algorithm dealing
with multi-source and hybrid Web data. Multi-source
hybrid Web data check is an important means to ensure
the quality of aggregated data. In multi-source hetero-
geneous Web data, finding the similarity between the
heterogeneous data is the essence of coherence micro-
cluster recognition problem on the basis of filtering.

3 Objective function formulation

Practice shows that there are high dimension and
data sparse problems in the recognition process of
multi-source heterogeneous Web data micro clusters.
Analysis shows that the dimension number of the Web
data objects description is often up to dozens or even

more ; numbers of attribute data object properties from
different sources are varied and not completed and data
sparse phenomenon is serious. One of the solutions of
these problems is the soft subspace coherence micro-
cluster recognition method, considering the influence of
8120 T this work, the

core of soft subspace coherence micro-cluster recogni-

attributes of each micro cluster

tion method dynamically selects the most important at-
tribute , reducing redundant or secondary attributes and
effectively improving the robustness, adaptability and
efficiency.

The entropy that was first proposed in the Shannon
information theory has been widely used in engineering
technology , social economic and other fields. The bas-
ic idea of attribute entropy weight is to determine the
attribute weight according to the range of the index va-
riance. Based on the fuzzy entropy, the subspace co-
herence micro cluster recognition algorithm is more
suitable for the processing of the current heterogeneous
data. This algorithm can not only accurately deal with
the different high dimensional data flow, but also effec-
tively recognize the multiple data window using seman-
tic strategy. To the multi-source heterogeneous data,
the effect of micro cluster recognition based on SCMR
is shown in Fig. 1.

MCF-+ 4~ MCF3
K e EX . o ® . . ®
* . s ° . . . .. ®
MCF1 e, MCF2 ° S : ° ® e *
o, el . ° * .
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Fig.1 Schematic diagram of the coherence micro-cluster

recognition of multi-source heterogeneous data

Specifically, timing ¢ of sequential data flow slide
(TDS) window, named as sWt (TDS) , which contains
a data set X = {x,,x,,"",xy|] C R" of N samples and
D dimensions. Among them, x;, means the value of the
j sample and the k" dimension. MCF'---MCF", is a set
of micro-cluster of the slide window. Using coherence
micro-cluster recognition can get micro-cluster center V
= {v,,1 <i < C}. v, means the value of the k" di-
mension of the i micro-cluster center. The whole data
set belongs to degree matrix U = {u;l 1 <i<C,]1 <
j < Ni{.

fuzzy membership degree of the i" micro-cluster center.

The u; means the j sample x; belongs to the

In order to better find micro-cluster’ s spatial structure
characteristics, each micro cluster dimension is given

a feature weighting coefficient w, , which means the
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importance of the k" dimensional feature to the i" micro
cluster center v,.

(1) The objective function ( FWCF) of the mi-
cro-clusters recognition in the continuous attribute
space of the traditional fuzzy is weighted :

N C D
FWCF(X) = Z z w; Z w; (2 = vy)°
. s Uy R .
s.t.0=suy; < I,Euﬁ =10<sw, = l,Zwik =1
= =1
()

In Eq. (1), the iterative method of fuzzy consen-
sus degree u; and weight coefficient w; refers to the fol-
lowing Eqs(5) and (6). However, in Eq. (1), the
function of FWCF does not completely consider the un-
certainty effect caused by the uncertainty of micro clus-
ter. In order to consider the uncertain factors, the en-
tropy weighted index is introduced.

(2) The objective function (FWCF) of the recog-
nition of the continuous attribute space of the coherence
micro-cluster with entropy weight

The information entropy is introduced into the data
stream of coherence micro-cluster recognition method,
and the entropy means the uncertainty of the k™ attrib-

ute to the i" micro-cluster. By introducing entropy
C D

2 w; X Inw;, the objective
ey i
function can be shown as

weight index ¢ = -

c D

v »
EWCF(X) = z Zu”( Zwij(xjk —v,)" - ZM;U- Xlnwt])
= = = =
c

D
s.t0=<su; <1, Zuu =1,0sw, =1, ;wm =1
(2)

The definition and metric calculation rules of algo-
rithm EWCF fuzzy membership degree u;;, the measure
method of characteristic weighting factor w;; are accord-
ing to the calculation rule in Eqs(5) and (6). Be-
cause the web object attribute data type varies, data on
the code, storage format, attributes and other aspects
are different. Eq. (2) can only calculate continuous,
numeric data. To extend support discrete data into def-
inition 8, calculation rules of label data are defined as
Eq. (3).

(3) The objective function ( EWSCF) of the co-
herence micro cluster recognition of label attribute
space

The objective function EWSCF is obtained by in-
troducing semantic similarity measure strategy into the
spatial clustering of the feature of non-continuous data:

D

NoC D
EWCF(X) = z ZUU( 2‘wijSemanticSim(a(j,vl)2 - szy Xl“u'gj)
t k=1 k=1

j=1 =

C D
st O<u; <1,Yu; =1,0<w, =1, Yw, =1
' i=1 i=1

(3)
(4) The semantic density function of micro clus-

ters
Assume the Web data stream in the sliding win-
dow of the unit time obtains MCF"---MCF* micro-clus-
ters by means of the recognition coherence micro-clus-
ter. For micro-cluster MCF', assume its micro-cluster
center is v;, and «; is the arbitrary ontology example of

MCF'. Then the semantic density of micro-cluster

MCF" is defined as
{M,: = 2 e e SemanticSim (x;, v,)/ || MCF" ||

st 1<j< |MCF'|,1<i<¢
(4)
| MCF' | means the object scale of micro-cluster
MCF'. u; means the j* sample belongs to the i" micro-
cluster’ s v, fuzzy membership degree. The center of the
set of micro-cluster MCF'---MCF®is V = {v,,1 <i <
¢i. m(m < RW x B) is the total data object size of
the window ), ---w,. Ontology object instance in data
stream x; belonging to the i" micro-cluster” s fuzzy mem-
bership degree can be expressed as
{uij = SemanticSim(x;,v;)/( 2 vﬁEMCF[mMCFleemami(rSim(x/- ,0,))
stl<js<ml<i<d l<i<d
(5)
The weighted coefficient of the k" dimension im-
portance characteristic to the i micro-cluster center
can be expressed as

w, = 2xje“wmmpmpmEijemantlc&m (x;,0,)/
Z xJEAMCFL_SemantlcSlm( x;,0;)
st 1<k< |MCF'|,1<i<¢,1<k<D

(6)

Further normalization of w,, is performed. Now,
D

O<wy, =1, DYw, =1
k=1

The recognition of the ith MCF' micro-cluster cen-
ter v, uses existing micro-cluster MCF" to recognize some
entity A, whose semantic similarity is greater than the
other micro-cluster MCF' critical value of the specified
density radius. Measure strategy of micro-cluster v; can
be expressed as

v, = A,V € MCF' SemanticSim (%,A) =1
{s. L1 <k< |MCF ||, <i<d¢,ris the micro cluster radius

(7)
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4 Algorithm description

The coherence micro-cluster recognition process
for Web-oriented multi-source heterogeneous data
stream is complicated even though the algorithm SCMR
still needs to meet the following requirements;

(1) Semantic: It is able to dynamically recog-
nize and construct the structures of different sources,
construct ontology conceptual model, evolve ontology
conceptual model, and construct ontology instances dy-
namically.

(2) Compatibility: It will support a combination
of heterogeneous ontology instances of the data model to
recognize coherence micro-cluster recognition analysis
to compute the semantic similarity between the models
of heterogeneous ontology instances.

(3) Capacity: Because of infinite and continu-
ous data, the limited memory and storage space for co-
herence micro-cluster recognition, it’ s impossible to
store vast amounts of data, so the data need to be sim-
plified or to be discarded selectively.

(4) Efficiency: The time to process each record
should be as little as possible, which is able to keep up
with the rate of data stream. On the condition of meet-
ing the requirements for coherence micro-cluster recog-
nition, it is better to scan data sets only once.

(5) Stages: It includes online coherence micro-
cluster recognition and offline coherence micro-cluster
recognition. The online coherence micro-cluster recog-
nition algorithm does the micro-cluster recognition for
data in sliding window and outputs the candidate mi-
cro-cluster sequence ; The offline micro-cluster recogni-
tion algorithm does the micro-cluster recognition be-
tween the output of online algorithm and the data in da-
tabase, and then outputs the coherence micro-cluster
sequence.

Based on this, the process of coherence micro-
cluster recognition for hybrid Web data stream is divid-
ed into three stages:; semantic isomorphism, data block
division, and coherence micro-cluster recognition. In
the stage of semantic isomorphism, ontology concept
model and instance for Web data stream need to be
constructed. In addition, the mapping is created be-
tween the multi-source heterogeneous data stream on-
tology concept model and the standard ontology model
automatically. In the stage of data block division, im-
portance and uncertainties of entropy weight of data
segmentation and division based on the properties need
to be confirmed. In the stage of coherence micro-clus-

ter recognition, a sliding window technique is used to
achieve coherence micro-cluster recognition for hybrid
Web data stream object. It is considered that the
process of coherence micro-cluster recognition for com-
posite satisfy the features of semantics, compatibility,
capacity, efficiency and stage.

4.1 Semantic isomorphism

Web data stream is multi-source, hybrid, hetero-
geneous and massive, which is also presented as struc-
tured data, semi-structured data and non-structural da-
ta. That means, to construct Web entity dynamically,
converting heterogeneous data to isomorphic data is re-
quired. In the polymerization process of multi-source
heterogeneous data stream, three major changes need
to be achieved, which are presented as follows:

(1) Converting a mixed mode to a unified model ;
using XML schema for structured data, semi-structured
and non-structural data to make mode unity, which is
benefit for the open and standardization of data struc-
ture, including but not limited to XML, TXT, CSV,
Web Service, CGI, JSON, RDMS and other hybrid
structure of the data stream.

(2) Converting non-semantic data to semantic da-
ta: constructing local-ontology dynamically. For differ-
ent XML schema, firstly, determine whether there is a
local-ontology. If it doesn’ t exist, it will be construc-
ted as a temporary local-ontology according to structure
information dynamically, and construct ontology in-
stance according to structure information and temporary
local-ontology; otherwise construct ontology instance
directly in accordance with the existing local-ontology.

(3) Converting heterogeneous semantic data to
isomorphic semantic data; First, according to field
characteristics, construct a common standard ontology
in the field; then achieve isomorphism which means lo-
cal ontology semantic ontology map common standards
ontology.

Fig.2 describes the transformation process of the
XML, TEXT, CSV, Web Service, CGI, JSON,
RDMS and other hybrid structure of the data stream.

4.2 Data block division

According to compatible composite data stream
window sW, @ sW, D sWj, common data stream profile
Prof(sW,LsW,) is first obtained, then data are pro-
cessed using the above semantic isomorphism to obtain
semantic space ontology instance data sets DataSet

(E).
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Fig.2 The process of semantic isomorphism for multi-source heterogeneous data stream

The core principle of data block division is to con-
sider the uncertainty of property features to the coher-

197 and then the uncer-

ence micro-clusters recognition
tainty is ordered by the property entropy weight index,
make data set DataSet( E) for data block hierarchical
division and do coherence micro-clusters recognition for

the underlying data blocks again. The entropy weight
c

index ¢(prop;) = - z w; X In(w;) of property fea-
=

tures prop, is used to calculate the overall uncertainties
of property features prop; in the history of coherence mi-
cro-clusters recognition. According to the results of co-
herence micro-clusters recognition, the actual impact
to properties is analyzed and property entropy weight
index ¢ (prop;) is updated. In practice, the higher en-
tropy weight index 9 (prop,) of property features prop,
is more conducive to divide the data block, and the
higher data discrimination. After finishing making data
block division according to property features which has
higher entropy weight index ¢ (prop,) , there is a possi-
bility of the presence of micro-clusters among the inter-
nal data of the same data block, there is no possibility
of micro clusters among different data blocks. After de-
termining the set of data blocks, micro-cluster recogni-
tion in each data block iteratively is done. It is as-
sumed that ontology instance data set DataSet (E) in
accordance with property features which has higher en-
tropy weight index ¢ (prop,) :

DataSet(E) = <{(dataBlock,, dataBlock,,--
dataBlock,). s is the total size of the data-block sets.

4.3 Coherence micro-cluster recognition
This paper puts forward the coherence micro-clus-

ter recognition algorithm for hybrid semantic Web data
stream, EWSCF for short.

Algorithm SCMR

Input; Ontology instance dataset DataSet(E) , the
number of micro-cluster ¢, the size of the sliding win-
dow S, and the max iterative times M of EWSCF algo-
rithm.

Output; Ultimate micro-cluster center V = {v,,1
< i < ¢! and micro-cluster character weighting coeffi-
cient matrix W = {w, | 1 <i<¢@,l <k<D]}. Initial-
ize ; For ¢ historical micro-cluster centers v; (0) initiali-
zes to null set, corresponding center weighted coeffi-
cient p;(0) is set as 0, and data sub-block index is set
ast = 1.

Iterate ;

(1) successively obtain a data block dataBlock,, (
1 <m<3S) from dataset DataSet( E), and read the
data sample therein;

When ¢t = 1, initialize the attributive character
weighting coefficient w, (0), l < i< C,1 <k <D,
and randomly select ¢ initial micro-cluster center
v;,(0), 1 <1 < ¢ from the data block dataBlock, ;

Whent > 1, utilize the center and weighting coef-
ficient, coming from a prior data subset coherence mi-
cro-cluster recognition, to initialize the micro-cluster
center and micro-cluster character weighting coeffi-
cient, calculation rules see Eq. (5) and Eq. (6).

(2) For data sample and ¢ historical micro-cluster
center v;(¢ = 1) in the data block dataBlock,( 1 <m
< S ), weighting EWSCF algorithm for coherence mi-
cro-cluster recognition would be used. .

(a) Set iterator index iteratorlndex = 1.

(1) Use Eq. (5) to calculate the fuzzy member-
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ship u; of the data sample and historical micro-cluster
center to each micro-cluster center;

(ii) Use Eq.(6) to calculate the character
weighting coefficient w,, (¢) of each data cluster;

(iii) Use Eq. (7) to calculate ¢ new micro-clus-
ter center v ; ().

(b) iteratorindex = iteratorIndex + 1.

(c¢) Coherence step (a) and step (b), until the
iterator index iteratorIndex reaches maximum M or
meets the stop condition of weighting EWSCF algo-
rithm.

(3) Proceed the on-line processing of micro-clus-
ter

(a) Create micro-cluster; when ¢t moment arrives
there’ s a new sample data x. According to the algo-
rithm of Eq. (3), search for the micro-cluster which is
similar to semantics of the sample data x in the existing
ones. If there’ s no similar semantic micro-cluster,
then regard the sample data as initial data, and create
a micro-cluster MCF.

(b) Update micro-cluster; when ¢ moment ar-
rives, there’ s a new sample data x. According to the
algorithm of Eq. (3), search for the micro-cluster
which is similar to semantics of the sample data x in the
existing ones. If there’ s more than one similar seman-
tic micro-clusters, then according to the similarity se-
quence of x to the micro-cluster center v,(t), update
micro-cluster MCF until its semantic similarity achieves
maximum.

(c) Combine micro-cluster: when ¢ moment ar-
rives, according to the algorithm of Eq. (3), in the
existing micro-cluster, there’ re more than two micro-
clusters whose semantic similarity exceed a critical val-
ue, then combine the similar micro-clusters into the
group micro-cluster MCF.

(d) Delete micro-cluster; as time goes on, heter-
ogeneous model in the data stream is changing. When
a micro-cluster has no new data put in for a long time,
that micro-cluster MCF needs to be normalization pro-
cessed, then it’ s called solidifying.

(4) For each micro-cluster, use Eq. (4) to cal-
culate its semantic density.

(5)t =t +1.

Until the data stream’ s terminal or the whole
dataset is handled.

(6) According to the semantic density, sequence
the micro-cluster and denoted by MCF'---MCF®.

Through above-mentioned iterative coherence mi-
cro-cluster recognition, screening for a micro-cluster

sequence MCF'---MCF? from hybrid Web data stream.

4.4 Algorithm complexity analysis

The coherence micro-cluster recognition algorithm
computing complexity analysis is as follows;

D Dimension of the data sample character space;

S Size of the data entity scale arriving at sliding
window at each moment;

¢: Number of the data cluster included in the
whole data stream sample set;

s: Number of data block that the SCMR algorithm
needs to visit.

For new arrived data sub-block, the needed com-
puting complexity of grand design to calculate fuzzy

membership u;, micro-cluster center v, and character

i
weighting coefficient w,, of S new arriving data sample
and ¢ weighted micro-cluster center, using the SCMR
algorithm, is O( (S +¢) x ¢ x D). Because the maxi-
mum iterative times of the weighting EWSCF algorithm
is M, the computing complexity of single data sub-
block to clustering partition is O((S + ) X P x D x
M). Tt is supposed that coherence micro-cluster recog-
nition algorithm for hybrid web data stream based on
semantic needs to traverse s data sub-block, the ulti-
mate computing complexity of EWSCF algorithm is O (s
X (S+¢) xd xD xM). And the computing com-
plexity of EWSCF algorithm doing semantic coherence
micro-cluster recognition to the whole dataset or data
stream is O(s x S X dp x D x M).

5 Experiments and results

This study, based on the Web music data aggre-
gation and user unified access technology, has carried
on the preliminary data accumulation. So far, Migu
music 4. 76 million data and Baidu music 8 million da-
ta are obtained. This paper adopts the way of Web
search to access to volume Web music data continual-
ly. In order to ensure the quality of data after aggrega-
tion, SCMR algorithm mentioned in Section 5.3 is
used to do the coherence micro-cluster recognition. To
test the feasibility and innovation of the SCMR algo-
rithm, many metrics, including semantic density within
coherence micro-cluster, micro-cluster recall rate, al-
gorithm performance etc. are verified and compared
with the BloomFilter algorithm and the Streamlib algo-
rithm. In the experiment, the data are obtained from
different time intervals and different sliding windows.
Several times comparisons are executed to ensure the
credibility and effectiveness of the algorithm. In this ex-
periment, RW is the width of the sliding window, also
was the upper limit value of the data object scale in the
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window. Suppose RW = 50000, there are 6 different
Web music data stream and the dimension of the data
stream structure is different, there existing semantic
heterogeneity. RD is the arriving time of the window
data, RE is the cut-off time of the window data,
T,-T,, € {(RD,RW)|. And TA = RW - RD is
called a Web music data stream collection cycle, here
set TA =10h. In the 10 times of coherence micro-clus-
ter recognition, its results show the diverse micro-clus-

ter sequence MCF'---MCF®.

5.1 Comparison in recall and clustering purity
The clustering purity of coherence micro-cluster is
defined as:

{Pur = ,‘:Z_’d)( 2AJEMCﬂSemanlicSim(xj, v,)/ | MCF' || ) /¢
5.

L1<j< |MCF|,1<i<¢

(8)
As shown in Fig.3 and Fig.4, by comparing the

three algorithms ’ capability of recognizing coherence

micro-cluster the SCMR algorithm has the capability of
processing heterogeneous semantic data with hybrid
structure and could improve the recall capability by
using entropy characteristics. Besides, comparing to

BloomFilter algorithm and Streamlib algorithm, SCMR
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Fig.4 Comparison of clustering purity of micro-cluster

Streamlib

algorithm has a higher mean of coherence micro-clus-
ters recall. After calculating the cluster purity of those
three algorithms based on Eq. 8 separately, mean-
while, micro-cluster has the highest cluster purity with

SCMR algorithm.

5.2 Performance comparison of SCMR algorithm,
bloom filter algorithm and streamlib algo-
rithm

First, under 10 consecutive sliding window
thresholds (each sliding window contains 50000 heter-
ogeneous metadata ) , the average recognition time for
coherence micro-cluster by three algorithms is com-
pared, as shown in Fig. 5. From this figure, it is found
that the time efficiency of SCMR algorithm and non-se-
mantic streamlib algorithm are roughly the same, both
of them are significantly higher than BloomFilter algo-
rithm. This result demonstrates that SCMR is able to
increase the capability of processing heterogeneous se-

mantic data stream and the efficiency of recognizing mi-

cro-cluster by using the data block partitioning strategy

based on entropy index simultaneously.
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Fig.5 Comparison of recognition time for micro

cluster in sliding window
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Fig.6 Comparison of memory usage when recognizing

micro cluster in sliding window

Second, the memory usage of different algorithms
is compared. For each algorithm, it samples the mem-
ory resource consumption by processing 50000 hetero-
geneous metadata under 10 consecutive sliding window
thresholds. As shown in Fig. 6, the memory usage of
SCMR algorithm and non-semantic Streamlib algorithm
are also roughly the same, which verifies the former
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conclusion.
6 Conclusion

The coherence micro-cluster recognition for hybrid
Web data stream based on semantic is still in an initial
phase of the study. In order to solve the problem of co-
herence micro-cluster recognition with multi-source
heterogeneous hybrid Web data stream, the process is
divided into three phases, which are semantic isomor-
phic phase, data block division phase and online co-
herence micro-cluster recognition phase. Based on the
mechanisms of fuzzy weight and entropy weight, a new
optimization object function SCMR is proposed for co-
herence micro-cluster recognition with entropy charac-
teristics, and by using SCMR, a coherence micro-clus-
ter recognition algorithm is proposed for hybrid Web
data stream based on semantic. The experimental re-
sults show that the proposed algorithm has better recall
rate than the non-semantic micro cluster recognition al-
gorithm and single source data flow micro cluster recog-

nition algorithm.
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