
Figure 4b. By this decomposition, the whole grid is divided into multiple i-directional blocks. With data stride, blocks with the

same color are sent to the same CPE. Data access in each CPE is continuous, which is the most effective cache utilization.
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Figure 4. The decomposition translation between CUDA on NVIDIA GPU and Athread on Sunway processor. (a) Three dimensions of a 3D

block decomposition for the CUDA kernel. (b) An integrated "JK decomposition" of a 3D block data decomposition for the Athread kernel.

To automatically translate GPU decomposition to Sunway-integrated "JK decomposition", we develop an adaptive decomposition

method in swCUDA. In the original CUDA thread hierarchy, there is a limit to the number of threads per block, which may185

contain up to 1024 threads. Here, we break through this limit by directly assigning i-dimensional data to thread blocks as one-

dimensional blocks and decomposing the grid into j and k-dimensional blocks, automatically according to different parallel

scales. Each CPE is assigned with continuous blocks for load balance. Each block occupies continuous i-directional data for

access and calculation. Based on this translation, the original CUDA parallel algorithm can be inherited in Sunway kernels and

achieves the most optimal performance.190

3.1.2 Memory Accessing Optimization

In the previous swCUDA, we designed a general memory optimization strategy. It provides a flexible memory type interface,

which is automatically distributed according to the variable memory size. However, the variable memory size of LICOM3 is

changed in different parallel scales. Meanwhile, many stencil kernel computations require access to data from its surrounding

grids with three dimensions in LICOM3, which means discrete memory access is a general characteristic. In Sunway CPE,195

slave L1 cache direct access is suitable for continuous data access, and discrete memory access should be leveraged by

DMA transfer. Selecting appropriate memory usage is essential to promote kernel performance. Hence, we redesign our

high-level directive to explicitly illustrate the data memory usage and localization of data indexing for specific data arrays

by the format paraV arAttr(type,varname,size, inout,memUsage,glbInx), as shown in Figure 3b. Each data array has

a detailed attribute. The inout attribute indicates whether the array is read-only or modified within the kernel. memUsage is200

used to describe if it uses cache or DMA transfer. glbInx is required to combine with dataPattern for usage, which represents
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