%46 8 12 W D2 M- N 1 M = A < Vol. 46 No. 12
94 12 H COMPUTER SCIENCE Dec. 2019

Wi B E S ERIEEENLERLNE X

FRLO  Btdk  KRE=
(IINA¥ERER¥EETE2E 2 M 730000)

W E AERBAANRBZAFEAEGLLZATHEAHG  MAGERARAKILERNL T F L@t EtER L,
AREMTAXERENRFIE, AASETRAAGARER RN A GRS TREET L LML A
AL AL MG PHRMNARN LML EZHREHARELFEAMEL, B IR S B R F TR & #1477 55,
PR TRESADEN L E . e A TEERERGAAEMNFE A THREEFB ORI LN F ok A TREMNE AW
AN ESE, EXILEAFRTASARGEAME BEIEMMEAFANTE , Z25E T ERIRPEEEEE
BUHRKLETELCERRIROER . RBET AT HhEGESTEBIAGREILFAGARLEN LR, ZEAEARL
PR —AFTEEARETR EMLEFLELAALGTEMEAT—RFT L. BEXZRENETEHEIZT L RERERK
FHHEEZS, FRIAGTHRAR, AFFARERE S TABIRBTRE, BXIEMESTHEBZ . FREGE
AREMEAGTREAEL X —I B FEEHBEE, RE.ABAME R G K, -4 S4B 4E B AR TR & F 49 48
YT R A AT BRI SRR, AREH BRI EE A AT S MR B, KRG 12 A kmeans f ki 4T
RERBIAGRENADLEHH, ATRIEZ ST FOBRE.EIONERRNLEKBEE AR REALLGA T LM% L
5%, FRERASIER, TR ERBGAME FRICGE &R 2 694 H 254, A M A 2k 2 A8 B A ) 4R 3% 42 IR 48
KR ARERN GBI ENEE TS AALEHN

FEESES TP311 XEKFRIRED A DOI 10.11896/jsjkx. 190700051
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Abstract Complex networks are abstracted from various complex systems. The overall function is reflected in the inter-
action among nodes,and community structure is one of the most significant structural properties presented in many net-
works. Generally, the community corresponds to the functional modules of the system. Therefore,extracting these com-
munities of the network helps us to explore the internal rules,and it has important theoretical research significance and
practical value for community detection of complex networks. As a result, it is paid attention widely by many resear-
chers,and many community-detection algorithms are proposed, such as the algorithms based on modularity optimiza-
tion, label propagation,and random walk. In the process of signal propagation,as the propagation distance increases,the
signal quantity will decay slowly. On the basis of the full study of these algorithms,by simulating the process of random
walk,a community detection algorithm with random walk based on the signal propagation mechanism with bias was pro-
posed. The algorithm selects a node from the network as the signal source,chooses the neighbor node randomly as the
next hop node, transmits the attenuated semaphore to the node,and iteratively selects the next hop node and transmits
the signal randomly. Considering the attenuation of the signal.an attenuation factor is attached to each edge to constrain
the signal propagation process. Through the propagation of the analog signal,each process of the network is repeated as
a signal source to obtain a propagation matrix. Then,the self-loop is added for each vertex. By considering the similarity
matrix with new attributes between the adjacency matrix and the similarity among vertices,attributes for each vertex are
constructed based on the new attribute matrix and propagation matrix. Finally,k-means algorithm is used for clustering
to obtain high-quality community structure. In the end,k-means algorithm is used for clustering to obtain high-quality
community structure with the minimum cost. In order to verify the performance of this method, this paper conducted ex-

periments on 10 actual network data sets and artificial synthetic networks of different sizes. The experimental results
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fully prove that this algorithm can extract high-quality community structure from the network, thus effectively provi-

ding a basis for community detection field.
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1. Initialize the network,record the number of nodes and define N;
2. Define function:Biase_Random_Walker;
3. for (node:nodes) do
4. signal_source<node;

signal_index<-node of index;

S
6. signal<—1; # initial a unit signal

2019 4

7.for j € range(T) do
8. signal_index=nodes. index(signal_source) ;

# get the index of signal_source
9. next _node <= randomly choose node from neighbors; #

choice one neighbor of the signal souce

10. next_node_index<-next_node; # get the index of the neighbor
11. signal_next_node_index+ =signal_signal_index—
12. signal_source<—next_node;
13. end
14.  end

15. return signal;

16. Record the value of signal returned for every time,after T itera-
tions, matrix N is formed;

17. return N.
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1. For the N matrix obtained by algorithm 1,new properties are con-
structed to form a new matrix;
. num=G. number_of_nodes() ;
. A<adj_matrix(G) ;
. I=np. eye(num) ;

. B‘*A‘Q—l;

2
3
4
5
6. C<-num * num matrix;
7. for i:range(num) do
8 for j:range(num) do
9 SIM~<—calculate the simliarity matrix using equation (2);
10. ClLi.j]=BLli.j]+SIM;
11. end
12.  end
13. Y=N-+C;
14. return Y.
3.3 #A k-means B EE NS BRELNHEAEN
BT Ja A R T S 4 A ) 5% v Y R R M R X
BRGS0 TR AR T AF A9 MK AR . B T k-means 3L R
PRRT B 25 5y 92 B RE A8 0 45 190 2% K] 73 14 4 DAL 465 A% 0 3 A
[t RSPB 8 % F fi] k-means %41 H b7 8%, Bk B0
HIE 3 PR,
Bk 3 FIM k-means 57153 o0 15 B e A4 M 454
Input: %% G=(V.E) 4[4 Y. 578 5 %
Output: 2% g &AL A1 4544 C_list
1. kmeans=KMeans(n_clusters,random_state). fit(Y);
2. label<-kmeans. labels;
3. Define an empty dictionary:cluster.and process the label;
4. for i:range(label) do
5 cluster[ nodes[i]]=labell[i];
6. end
7.C list < @
8. for v € nodes do
9 if cluster[ v] not in C_dict then

10. C_dict[ cluster[ v]]=[v];

11.  else
12. C_dict[ cluster[v]]+=[v];
13.  end

14. Convert C_list to a list and print it out,and get the final communi-
ty structure;
15. return C_list.
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XEE IR AR B R ISR DL R S X LA R

Zachary %5 T AR SRR 28000 2 0 Bl o T3l R R 34
A A 2 AR LR . I 4 T A T AR SR AR SR R
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Table 1 Information of real network datasets
W 4 4 R nHk/ A FHE A E
Karate ¥ % 78 4.59 2
RiskMap ¥ % 83 3.95 6
Dolphins ¥ % 159 5.13 4
Santafe ¥ # 197 3.34 6
Football K % 613 10.67 12
Polbooks ¥ % 441 8.4 3
Lesmis W % 253 6.57 —
Jazz P % 2742 27.7 —
Yeastl K % 7182 6.08 —
PGP I % 24316 4.55 —
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Fig. 1 Experimental results of RSPB algorithm on Karate club

network
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Fig. 2 Experimental results of RSPB algorithm on Dolphins network
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Fig. 3 Experimental results of RSPB algorithm on Risk map network

# 2 RSPBAIEIN HL4S
Table 2 Comparison results of RSPB algorithm

Network Index Walktrap FastQ LPA IsoFdp Attractor PPC RSPB
K Q 0.3532 0.3807 0.3529 0.3715 0.3715 0.4107 0.3715
at
arate NMI 0.5042 0.6925 0.6103 1 0.9241 0.5930 1
Q 0.6240 0.6248 0.5931 0.5186 0.5726 0.6302 0.6337
RiskMap
NMI 0.9085 0.8547 0.8797 0.7142 0.7781 0.8342 0.9453
Q 0.4888 0.4915 0.4555 0.5049 0.4431 0.5126 0.5203
Dolphins
NMI 0.6324 0.7328 0.7142 0.744 4 0.6987 0.8729 0.9495
Suntat Q 0.7329 0.7489 0.6358 0.6684 0.6938 0.7454 0.7340
h t
antate NMI 0.8180 0.8674 0.7428 0.8250 0.8354 0.8830 0.9310
Q 0.6029 0.5497 0.5879 0.5989 0.6004 0.5997 0.601
Football
NMI 0.9543 0.7514 0.9404 0.9823 0.9165 0.9308 1
Q 0.5070 0.5020 0.4855 0.5179 0.5006 0.5150 0.5266
Polbooks
NMI 0.5427 0.5308 0.5308 0.4849 0.4782 0.5476 0.5695
Lesmis Q 0.5192 0.4994 0.5098 0.5099 0.4782 0.5212 0.5350
Jazz Q 0.4384 0.4389 0.3770 0.4354 0.2738 0.4300 0.4414
YeastL Q 0.5185 0.5637 0.3757 - 0.5107 0.5653 0.5556
PGP Q 0.7894 0.8543 0.7673 0.7256 0.7681 0.8712 0.7967
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Fig. 4 Experimental results of RSPB algorithm on Santafe network
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Fig.5 Experimental results of RSPB algorithm on Football network
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Fig. 6 Experimental results of RSPB algorithm on Polbooks network
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Fig. 7 Comparison of results of different community detection

algorithms on LFR networks with N=1000 nodes
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Fig. 8 Comparison of results of different community detection

algorithms on LFR networks with N=5000 nodes
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