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Abstract

Frequent subgraph mining is an important issue to be solved in many practical fields. Due to the computational intensiveness, the
mining of the atlas and the large capacity of the results, the existing solutions can not meet the time requirements, and its efficiency is
currently the main challenge. The frequent subgraph mining tool cmFSM for parallel acceleration was originally proposed. cnFSM
performs parallel optimization on three levels: fine-grained OpenMP parallelization on a single node, multi-node multi-process
parallelization and CPU-MIC collaborative parallelization. cmFSM is twice as fast as the best CPU-based algorithm on a single node
and provides scalability in a multi-node approach. In the future, we will continue to improve the scalability of multiple solutions.
The results show that even with only a few parallel computing resources, cmFSM is significantly better than the most advanced

algorithms available. This fully demonstrates the effectiveness of the proposed tool in the field of bioinformatics.
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1-6: same with old algorithml 1-6;

7: for edge e in S'do

8: initialize I-edge graph g with e;

9: One_edge_growth(GS,8,g,children);

10: len<—size(children);

11: while len # 0 do

12: #pragma omp parallel

13: #pragma omp parallel for

14: for graph c in children

15: One_edge_growth(GS,S,c tchildren);

16: Ichildren<—lchildrenUtchildren;

17: clear(tchildren);

18: end for

19: #pragma omp critical

20: cchildren<—cchildrenUlchildren;

21: #end parallel

22: swap(children,cchildren);

23: clear(cchildren);

24: len<—size(children);

25: end while

26-29: same with old algorithm 10-13;

30: end for
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