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Figure 1 Discrete point coefficient distribution
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Performance Optimization of GCR in GRAPES Based on
CPU+GPU Heterogeneous Parallel

HUANG Donggiang, HUANG Jianqiang, JIA Jinfang, WU Li, LIU Lingbin, WANG Xiaoying

(Department of Computer Technology and Application, Qinghai University, Xining 810016, China)

Abstract. In order to improve the computational efficiency of the GRAPES ( global/regional assimilation and
prediction system) numerical weather prediction model, and to improve the performance of the dynamic frame-
work, In order to solve the problem that the GCR algorithm was time-consuming in GRAPES mode, a CPU+
GPU heterogeneous parallel preprocessing GCR algorithm was implemented. Firstly, incomplete LU decompo-
sition was used to preprocess the coefficient matrix to reduce the number of iterations. On this basis, fine-
grained parallelism of OpenMP and coarse-grained parallelism of MPI were implemented. OpenMP parallelism
was mainly used to improve the performance of the program by using compiler guidance to the loop body with-
out data dependence in the way of loop unrolling. MPI parallelism was used to divide the data into various
processes and improve the scalability of parallel programs by non-blocking communication and optimizing the
amount of communication data. MPI was responsible for process communication and iterative control between
nodes, while CUDA was responsible for processing computation-intensive tasks. The time-consuming matrix
calculation part of GCR was transferred to GPU for processing, and memory optimization and data transmission
optimization were adopted to reduce the data transmission overhead between CPU and GPU. The experimental
results showed that the parallel acceleration ratio of OpenMP was 2. 24 times that of the serial program, the
parallel acceleration ratio of MPI was 3. 32 times that of the serial program, and the parallel acceleration ratio
of MPI+CUDA was 4. 69 times that of the serial program. The performance optimization of the generalized con-
jugate redundancy algorithm on the heterogeneous platform was realized, and the computational efficiency of
the program was improved.
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