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Abstract

Representative information retrieval is widely used in public opinion management,
mobile commerce and knowledge management. In the era of big data, the value of
representative information extraction is particularly prominent. In order to further
explore the application value of representative information extraction, this paper proposes
a representative information retrieval method based on PageRank algorithm and
MapReduce model (PM-Rep), research on effect of the representative coefficient A to the
extraction scale and the coverage and redundancy of the results, comparative analysis of
the advantages and disadvantages of the similar methods. In the parameter experiment,
as the 1 increases, the scale of the extraction results increases, the coverage degree and
the redundancy degree also increases. In the effect experiment, PM-Rep s coverage is
significantly better than Top-k, Heuristic and Random, and the redundancy of PM-Rep is
the least. In the efficiency experiment, PM-Rep takes the least time in the four methods,
embodies the advantages of PM-Rep method for massive data.

Keywords: representative information, big data, PageRank algorithm, MapReduce
model, coverage, redundancy

1. Introduction

With the rapid development of social networking and mobile intelligent terminal,
everyone is producers, disseminators and users of information. Since information
acquisition costs decreased, which showing the explosive growth trend. According to a
report by CISCO shows that in 2014 the global Internet has produced a new 4.1ZB data,
the amount of data in 2020 will reach 40ZB. One form of abundance is accompanied by
another form of scarcity. The massive data easily lead to information overload, and make
the managers and decision makers of the organization drowning in the data sea. The
organization's data mainly includes internal data and external data. Internal data such as
database data, CRM data and ERP data, can help organizations plan their daily operations,
optimize the organizational structure. External data such as social network data, online
reviews and Web search data, can help organizations understand the external environment.
Organization management and decision-making can not be separated from the data, but in
the face of massive amounts of data it will still be helpless. Managers and decision
makers can not view the data, but also want to try to grasp more information. Extracting
the sub data sets from the original data set to follow a certain constraint is called
information extraction, and users can read the results of the extraction to obtain the
required information [1]. If the extracted sub data set can reflect most of the original data,
and the redundancy is small enough, the process is called representative information
extraction. The core of representative information extraction is to reflect the most content
with the least effort, and can help managers and decision makers to get rid of the problem
of massive data, master the most content of the original data.
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There are a lot of methods to extract information from home and abroad, in which the
Top-k method and the information clustering method are more classic. The Top-k method
requires the user to set the weights of different attributes, and the system according to the
weight returned to meet the requirements of the first K results. The result of Top-k
extraction is different from the user's own preference and has a high degree of redundancy,
which can't guarantee content coverage of the original information [2]. The information
clustering method divides the original data into different categories according to the
similarity degree, and requires that the similarity among the classes is as large as possible,
and the difference between the classes is as large as possible. This method is mainly found
potential similar patterns from a data set and focused on the organization of information,
cannot effectively reflect the content of the original information [3]. Information
extraction is widely used in the field of remote sensing information, text information and
web information. There is little research on representative information extraction, and
some scholars have used it to extract the product reviews. Lappas and Gunopulos extract
the representative commodity review set from the original commodity review data, with
the smallest comment set covering all the original comment set [4]. Tsaparas also
considers that the extracted representative comments should contain all the positive and
negative evaluation of the attributes [5].

The PM-Rep method combining the thought of PageRank algorithm and MapReduce
model. PageRank algorithm in all kinds of algorithms of the application is more extensive,
mainly used in the journal influence, Web information search and user recommendation
[6-8], in this paper, PageRank is applied to the representation information extraction,
which improves the coverage degree of representative information, and reduces the
redundancy of representative information. The MapReduce model is designed with
divide-conquer method, which is a simple but powerful parallel and distributed computing
architecture [9], MapReduce reduces the time of representative information extraction,
and improves the ability of the method to deal with large data.

2. Concept and Problem Definition

2.1 Representative Information

Representative information is a collection of small information which can reflect the
vast majority of the original data set. Representative information not only requests to
reflect the vast majority of the original information, but also the content of representative
information collection itself as small as possible. The original data set D and
representative data set R to meet such a relationship: R cover the content of D, and the
similarity degree to R and D is greatest; the information redundancy of R is minimum,
that is, the similarity between the information in R is small enough. Representative
information extraction process can be described as follows:

Finding R
([Rc D
s.t.J max (data_ cov erage(R,D) )// Maximum coverage of D

[min (data_redu ndancy(R))  // Minimum redundancy  of R

)
2.2 Representative Coefficient and Representative Set

Let D be the set of original data, D ={d,,d,,., d,}, n is the number of data.
Representative coefficient refers to the extent of the two data can be represented each
other in D. Whether d, represent d; is determined by the size of the similarity between
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them and the size of representative coefficient 2 . The similarity betweend; and d ;record
sim (d,,d ;). The data object d is mapped into a feature vector as follows:

V (d) = (feature ,,w,; feature ,,w,;..; feature ,w, ) 2

Calculate the similarity ofd, andd ; as follows:

z w,(d)xw, (d))

sim (d;,d ) =cos 0 = El

\/(z wy(d))XS wi(d)))

®)

Ifsim (d,,d,)> 2, thend, can represent d
to
4, record rep ,(d,,d;)=1; Ifsim (d,,d,)< 2, thend, can not represent d; when

when representative coefficient is equal

]

representative coefficient is equal to 1 , record rep ,(d,,d ;) = 0. The representative set

is a collection of data represented by the original data set in the case of a given
representative coefficient. In the case of a given representative coefficient, all data sets
that can be represented by a data d in original data set D are called representative set.

given representative coefficient 2 and data object d, , representative set record
D/ ={d,|sim(d,,d,)>2,d, e D}.

2.3 Problem Definition

Assuming the original data setis D, D ={d,,d,..., d } representative coefficient is
2 , representative data sets is R , R={d,.d,-d,} .Then searching for
representative data sets R from the original data set b, R meet the following
conditions:

min | R |

(D/UD/,U..D, =D/ Coverageonstraint

k-1 k

s.t. S (Y sim (d,.d,) (4)

\ i=1  j=i+l

min(
| IR [x( R|-1)

)/ Redundanctonstrai

3. Related Work

3.1 PageRank Algorithm

(1) The basic idea of PageRank algorithm

PageRank algorithm is the link analysis algorithm proposed by Google founder Larry
Paige and Sergei Brin, and has gradually become a widely used computational model for
the search engine and the academic community. PageRank is a method of Google to
identify the importance of web pages, is also the only standard for Google to measure the
quality of a web site. In the PageRank algorithm, the link to the page as a vote. A page’s
votes is determined by the right of other pages link to it, and a hyperlink is equivalent to a

Copyright © 2016 SERSC 27



International Journal of Database Theory and Application
Vol.9, No.3 (2016)

vote.
(2) The steps of PageRank algorithm
PageRank algorithm take the Webpage links as a directed graph G , G = (V ,E), Vv

represents a collection of nodes v,, v,, ..., v, inthegraph. E represents a collection

of directed edge. The specific steps of the algorithm are as follows:
1. Give an initial weight for each node, that is PageRank value, PageRank values of

node v, isrepresented asP (i) .

2. Assuming that node v, to v, hasadirected edge (v,, v,),thenthe node v, cast
a vote to the node v, .

3. The number of edges from a node v, is represented by c (i) . The vote that node
v, casttothenode v, is P(i)/C (i) [10].

Assume that all nodes are pointing to v_, then the node’s PageRank is:
P(2) P(@) P(n)

bt

P(1)= +
C(2) c(@3) C(n) (5)

3.2. MapReduce Model

(1) The basic idea of MapReduce

MapReduce is a programming model proposed by Google , the main idea is "divide
-conque”, First part, after the whole [11]. The essence of MapReduce model can be
summarized as a system to segment large data sets into small chunks. MapReduce model
is simple, and many of the problems in reality can be transformed to MapReduce model
for processing. Hadoop-MapReduce is a most widely-used model, which is a popular
open source and runs on the Hadoop file system (HDFS)—a distributed storage system.

(2) The process flow of MapReduce

MapReduce is composed by function Map and function Reduce. The function Map
parallel processing each bit of data sets, function Reduce collect the results. Function Map
constructs the input data into a pair of key and value, <key, value>, and sort by key. The
function Reduce merge the <key, value> with same key[12]. In HDFS, a large file is split
into a number of large and small pieces of fixed size, and the distribution between the
computer. MapReduce is a framework that can operate directly on these files, and its
implementation process is shown in Figure 1.

T] remote read
split 0 / __\.E output
split 1 @ file O
split 2 [T
split 3 ,—’*'"—' | | |
split 4 read @ output

local write 7] et

\

Input Map Temporary Reduce Qutput

. File
File Phase Phase File |

Figure 1. The Flow Chart of Mapreduce Programming Model
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4. PM-Rep Algorithm

4.1 PM-Rep Algorithm Based on PageRank

(1) The Step of PM-Rep

Paper propose a heuristic method based on the PageRank algorithm to find the
representative information set. With the basic idea of PageRank, the data d in D vote
to the corresponding representative set in each round. Finally, the data’s representative set
has highest number of votes, then put the data into representative data set R . The steps
of the representative information extraction based on PageRank are as follows:

Stepl: Calculate the representative set. Calculate the similarity matrix M according

to the original data set D , D ={d,,d,,.--d, } . According to the representative

coefficient 4 get the representative matrix M . : if the similarity be equal or greater than
A in M , then the similarity value is obtained as an integer 1; if the similarity less than
2 in M , then the similarity value is obtained as an integer 0. Finally, all the

representative set D, are obtained according to the representative matrix ™ | .
Step2: Calculate the votes of representative set. The initial PageRank for d in D is
1, if d, in D/, then rep ,(d,,d;)=1, d, has the qualification to vote for D”.

Calculate the number of d, in the representative set, record n,, then the number of

. . . 1
votes cast by d, for its representative set is vote | = —. Finally, calculate the vote of
n.
]

representative set D f in each round, the formula is as follows:
vote , = > vote ijx rep ,(d;,d,)= > rep (d,,d)/n, 5)
d i€ D d j€ D
Step3: Optimized redundancy. According to the votes of each representative set, to find
the representative set who’s votes in [« -max( vote |), max( vote )] , if d meet the
following conditions, put it into representative data set R .

[ vote | € [« - max( vote ']) max( vote i].)]

1
i X i d., d
SRR TR A ®

Step4: Remove the d, and the data d, can represent from D, a new data set

D and a representative set D/ are obtained. Repeat 2, 3 steps until no more data is

needed to joinR .

(2)The example of PM-Rep

The similarity matrix m is obtained by similarity calculation form a raw data set , as
follows:
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d, d, d, d, dy d, d, d,
d, 1.00 0.91 0.22 0.88 0.31 0.34 0.89 0.26
d, 091 100 0.26 0.88 0.93 0.29 0.92 0.34
d, 022 026 1.00 031 0.89 0.45 0.3 0.47
M=d, 08 0.8 0.3 1.00 0.25 0.23 0.95 0.29
d, 03L 093 0.8 025 1.00 0.90 0.19 0.94
d, 0.3¢4 0.26 0.45 0.23 0.90 1.00 0.37 0.47
d, 0.89 0.92 0.33 0.9 0.19 0.37 1.00 0.3
dg 0.26 0.34 0.47 0.29 0.94 0.47 0.35 1.00
representative coefficient 2 =0.8 , After 0, 1 standardization, the
representative matrix M , as follows:
d, d, d, d, d, dy d, d
d, 100 1.00 0.00 1.00 0.00 0.00 1.00 0.00
d, 1.00 1.00 0.00 1.00 1.00 0.00 1.00 0.00
d, 0.00 0.00 1.00 0.00 1.00 0.00 0.00 0.00
M, = d4 1.00 1.00 0.00 1.00 0.00 0.00 1.00 0.00
d, 0.00 100 1.00 0.00 1.00 1.00 0.00 1.00
d, 0.00 0.00 0.00 0.00 1.00 1.00 0.00 0.00
d, 1.00 1.00 0.00 1.00 0.00 0.00 1.00 0.00
d 0.00 0.00 0.00 0.00 1.00 0.00 0.00 1.00

©

Table 1. Representative Set

Representative set(1 ) Data object

D, {d1, d, dy4, d7}
D, {d1, d, dj, ds,d7}
D' {ds, ds}

D, {d1, d, dg, d7}
Ds' {dy, d3, ds, ds, dg}
Ds {ds, d}

D, {d1, d, dy4, d7}
Ds' {ds, dg}

According to the representative matrixM , , get the representative set as shown in Table
1

Firstly calculate the number of data in each representative set. For example, the number

of d

1

. . . L1
in representative set is 4, recordn, = 4, then every vote of d; is—. Secondly
4

calculate the total vote of each representative set. For example, the vote of D/

1 1 1

vote  — i+ —+-—+—+-—=1.9. Calculate the number of votes from the p’ to
nZ

5

Ny Ny Ng Ny

D, :0.95, 1.15, 0.7, 0.95, 1.9, 0.7, 0.95 and 0.7. Because the votes of D/ is the biggest,

put d, into R . Remove d,, d,, d,, d,, d, from D, get new data set

D ={d,.d,.d;} repeat the above steps until D = ¢ . Finally, get the final representative
dataset R =1ds.d,} or {ds.d,} orlds.d,}
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4.2 The Pseudo Code of PM-Rep Algorithm

Input: Data Object Sets D ={d,,d,,---d }, Specified Threshold 2,a < [0.1]

Output: Representative Data Sets R
Setup ()

R = ¢ ;//Statement of representative data sets

M [][ 1= Compute _ Similarity (D) ;//Calculate the similarity between data
M ,[1[]= Compute _ Represent (M );//Calculate the representation matrix
While D = ¢ dof

avgsim =1 ;//The initial redundancy is defined as 1

D"[]= Compute_Re present se ts(M ,);// Calculate representative set

Vote []= Compute _vote _value (M ,,D,) ;//Calculate the votes

Max _ vote _value = Find _ max( vote ) ;//Find the maximum number of votes
For d, in D {

if(vote [i]e [a x Max _ vote _ value ,Max _ vote _ value ]){

if(  Compute _avg _sim (d,,R) < avgsim )i /[Redundancy
optimization
avgsim-Computeavg_simd,, R);
d, =d;;}}}
R=R+d, ;
D=D-D"[d]; }
Output(R),
End;

4.3 Combine the MapReduce Model

In the second step of the PM-Rep algorithm paper introduce the MapReduce Model to
greatly improve the ability and efficiency of dealing with massive data. Paper use the
Table 1 to illustrate the process of calculating the representative information.

(1) Pre-processing phase

According to the characteristics of MapReduce, construct the pair of <key, value>. Let

the representative data d, for the Key , and the Value is made up of the data which is
represent- -ed by d,. For example, in representative setD;, the data which can be
represented by d, is d,, d,, d, and d,.So d, iskey,valueis(d,, d,, d,, d,).
Table 1 to Table 2 after the pre-processing as follows.

Table 2. Output Format for Preprocessing Phase

Input Key Value
Mapl d, (dy, dp, dg, d7)
Map2 d, (dy, dy, ds, ds, d)
Map3 ds (ds, ds)
Map4 ds (dy, dp, dg, d7)
Map5 ds (dz, d3, ds, ds, ds)
Map6 ds (ds, de)
Map7 d; (dy, da, 4, dy)
Map8 ds (ds,ds)
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(2) Map phase

In Table 2, 8 Map is required to complete the following. The Map process needs to
load the driver and initialize, leading to the need to consume a lot of resources, so
reducing the number of calls can reduce system resource consumption. A large number of
complex data calculation is on the Map, Reduce is only done a simple data statistics,
which can improve the efficiency of the system. Each pair Key-Value is processed on the
Map, calculate the number of each representative set, recordn , then the PageRank value

1
of the data node is — . For example<d, —d, d, d, d,>, after the Map process, several
n
new Key-Value are obtained:<d, —1/4>, <d, —1/4>, <d, —1/4 >and <d, —1/4>. All

the processing results are shown in Table 3.

Table 3. Output Format for Map Phase

Input Output

Map2 d,—~1/5; d,—~1/5; d,—~1/5; ds—1/5; d,—~1/5
Map3 ds—1/2; ds—1/2

Map4 d,—1/4; d,—~1/4; d,—1/4; d;—1/4

Map5 d,—>1/5; d3—1/5; ds—1/5; dg—1/5; dg—~1/5
Map6 ds—1/2; dg—>1/2

Map8 ds—1/2; dg—1/2

(3) Reduce phase
Reduce receives all Map output <key, value>, calculate the sum of Value with the

same Key. For example, calculate the vote of the representative setD. , the vote as
follows:
11 1 1 1
votg=—+—+—+—+—=1.9 (7)
5 2 5 2 2

5. Experiment Results and Analysis

5.1 Experiment Environment

Build a Hadoop cluster with 15 servers in the Linux environment, the Hadoop platform
version number is 2.2. A server as the master node and the remaining 14 servers as slave
node, each node’s processor use the Intel's core i5 with 4GB of memory. The operating
system is Ubuntul2.04, the JDK version is JDK Sun 1.7. We use 30 UCI standard test
data set, and mark Uy, U,... Usy Then we have carried on the parameter experiment, the
effect experiment and the efficiency experiment.

In order to facilitate the measurement of the degree of coverage and redundancy,
IR : ,
cov erage :m, redundancy =szR(l—1/Zd,eR5|m (d,d )/|R].

5.2 Experiment Results and Analysis

(1) Parameter experiment
In order to research the effect of the representative coefficient A on the scale, the
coverage, the redundancy and the approximate degree of the optimal solution, we have
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carried out experiments on different values of A, and the results are shown in Figure 1 and
Figure 2. From the graph, we can see that when A<0.5, it has no effect on the size of the
result, the coverage and the redundancy. When A >= 0.5, on the size of the result, the
coverage and the redundancy increase with the increase of A.

30

Representative information scale

0.1 0.2 03 04 05 06 07 08 09
A

Figure 2. The Scale of the Extraction Results Under Different A

0.9

—=—Coverage | AT -
0.8} | =—=-= Redundancy P4 b
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Figure 3. Coverage and Redundancy Under Different A

(2) Effect experiment

In order to observe the effect of PM-Rep method in extracting representative
information, this paper makes a contrast experiment. Under the same data set and
parameter A, the representative information is extracted by Top-k, Heuristic, Random and
PM-Rep, and the results are as shown in Figure 4 to Figure 6. In the four method, the
PM-Rep’s average coverage is the largest, which means that PM-Rep can cover the
original data well. In addition PM-Rep’s average redundancy is the smallest and
significantly better than the Top-k and random method, mean less than heuristic, which
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means that PM-Rep in line with the intention of representative information extraction.

—HB— PM-Rep
—=—Top-k

—+&— Heuristic
—+— Random

—H&— Heuristic
—%— PM-Rep
—&— Top-k

—+— Random

u1g -
U7 14g

" 14
U1s

Figure 5. The Redundancy of the Representative Data Set
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CTopk
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[Heuristic |

§

Average Coverage

Average Redundancy

Figure 6. Average Coverage and Redundancy
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(3) Efficiency experiment

In order to verify the ability of PM-Rep to handle large data, the execution time of four
methods in different data sizes is recorded, as shown in Figure 7. PM-Rep algorithm has
less running time than Top-k, Heuristic and Random, and it shows it’s obvious
advantages.

2000

—4— PM-Rep X

1800 - — Top-k b
16001 —B— Heuristic :
—+— Random

1400 4

1200 - b

1000 B

800 b

Running time (S)

600 b

400 b

200+ b

U 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80 90 100

Data scale {10°)

Figure 7. Running Time on Different Scale Data

6. Conclusion

This paper propose a new PM-Rep algorithm based on PageRank algorithm and
MapReduce model for representative information retrieval, then experiment and test
this algorithm in the Hadoop cluster environment. Experiments show that compared
with the other three methods, the PM-Rep algorithm has the maximum coverage and
minimum redundancy of the original data when dealing with massive data.In combination
with the MapReduce model of distributed processing characteristics, PM-Rep have
stronger data processing capacity than the Top-k, heuristic and random method.
MapReduce model help PM-Rep reduce execution time and improve the efficiency. In the
era of explosive growth of data, PM-Rep algorithm integrate distributed computing power,
and improve the efficiency of information extraction in big data. PM-Rep provides a
strong support for the further research on the efficient implementation of representative
information extraction, and has good research value and application prospect.
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