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Abstract  With the popularity of social networks, the demand for its frequent subgraph mining
becomes more intense. With the arrival of the era of big data, social networks have been expanding
and frequent subgraph mining becomes increasingly difficult. In fact, it does not require to mine
frequent subgraphs exactly in application, so sampling methods are adopted to improve the efficiency
of mining frequent subgraphs under certain accuracy. Most existing sampling algorithms are not fit for
frequent subgraph mining because they use vertex transfer or compute the topology of the original
graph first which will take a lot of time. In this paper, we propose a new sampling algorithm named
DIMSARI (distributed Monte Carlo sampling algorithm based on random jump and graph induction)
based on frequent edge, and it runs on a distributed framework named Spark. This algorithm is
created on the basis of the Monte Carlo algorithm meanwhile adding random jump. The results are
added by subgraph induction step to promote the accuracy of the algorithm and prove that the
algorithm is unbiased. The experiments show that the accuracy of frequent subgraph mining using
DIMSARI algorithm has been greatly improved and at the same time the proposed algorithm only
spends a little more time than other algorithms. The apex of sampling at different sampling rates after

subgraphs has maintained a lower normalized mean square error,
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Fig. 1 The example of frequent subgraph
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Table 1 The Description of Dataset
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Vert Ed
Vertex ertex Edge 8¢
Datasets Numl Label Numb Label Types
umber Number umber Number
DBLP 317080 7 1049 866 17 Power Law
Amazon 334863 5 925872 10 Sparse
LiveJournal 3997962 50 34681189 5 Power Law

YouTube 1134890 25 2987624 5 Sparse
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Table 2 Experiment Parameter Setting
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Datasets . Parallelism .
Support Executors Cores Size
DBLP 2500 11 4 44 20000
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