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Survey of Graph Sparsification Algorithms for Complex Networks
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(Institute of Information Science and Technology,Ningbo University,Ningbo,Zhejiang 315211, China)
Abstract With the increasing of data scale,traditional graph algorithms confront the challenge of excessive complexity.
The idea of graph sparse was introduced into algorithm,and analytical algorithm was realized efficiently on the sparse
graph while preserving the original property with certain accuracy precision. Graph sparsity algorithm is a sampling
method which preserves the original vertexes and sparses the edges. In this paper,the latest progresses of graph sparse
algorithm were reviewed from four aspects, such as sparse spanning algorithm, edge connectivity sparse, clustering
sparse and influence propagation sparse. The advantages and disadvantages of the graph sparse algorithms and the
adaptability were summarized in different edge metrics. In addition,dynamic graph streaming sparse methods were ana-

lyzed. Finally,several important problems were outlined and future research directions in the field of sparse complex

network were prospected.
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Fig. 3 Spectral sparsity of complete graphs
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Table 4 Comparison of three common sparse algorithms in

dynamic graph streaming
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