A /[N VA

http://www.c-s-a.org.cn

2016 4 254 % 9 W

ETHEREMRRE B X R

SN
CRERE AR BT LRGHERER, S8 230027)

fifi B WAL (LPA) L — PP DU A Ak DRI, AT A U SRR 0 5 B, (A A K BB
P, RUETERZE. A T3 M AR SR ARE M, SR T Bl e (bR AL 3k SR (LPAMP). 255157 A

BB, H B B DU SR AR D KA, AT Y RO

5 W BRI AL R b, AT ROAR B AL AR, S

SRR, PSR 7RSSR BALYE, W5 TARGEYE, JFELEEm T HERRR. L

RBEIR: AR, ADORIL BUREE, Drdks i

-

¥

Community Detection for Label Propagation with Madularity Optimization

LI Lei, NI Lin
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Abstract: Label Propagation A_lgoritﬁm (LPA) is a fast and efficient community detection algorithm and this algorithm

does not need to know the prior information such as the number of communities. However, this algorithm has a large

number of randomness, which leads to unstable results. In order to improve the stability of label propagation algorithm, we

propose an improved label propagation algorithm (LPAMP). The algorithm is divided into two phases. In the first phase,

vertices are clustered roughly by optimizing the modularity greedily; in the second phase, the labels propagate through the

network based on the result of the first phase. Experimental results show that the proposed algorithm not only reduces the

randomness of the label propagation algorithm, but also improves the stability and increases the accuracy.
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