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[ Abstract] Domestic deep-learning accelerators have developed rapidly in recent years. Hardware resources have
been changing continuously, and a series of tensor core instructions have been introduced. Therefore, manually
adapting and optimizing the convolution operator in the accelerator is a considerable challenge for developers. To
this end, this study proposes a convolution.code generator for a domestic accelerator to simplify the adaptation and
optimization process of the convolution operator. The generator provides configuration parameters as an external
interface, and users only need to configure these parameters to generate specific convolution operators. The
generator itself consists of a three-layer architecture: the instruction layer encapsulates the underlying instructions
and categorizes them according to the hardware architecture; the component layer organizes the corresponding
instructions according to the preset hardware architecture information and provides highly abstract and reusable
functional components from the perspective of thread blocks and thread bundles; and the operator construction
layer splices the functional components according to an implicit convolution algorithm and generates a convolution
operator. To ensure the computing performance of the convolution operator, the generator is optimized from two
aspects: using the vectorization and thread partitioning algorithms to optimize the global memory access
performance and using the transposition algorithm to transform the thread structure of the multiply-accumulate
instruction to optimize the write-back performance. The test results show that the optimization algorithm of the
generator can significantly improve the operator performance; under two hardware versions, the convolution
operator performance of the NHWC storage layout reaches 95% and 90% of the official operator performance. The
generator provides a new solution for adaptation and optimization of the convolution operators of domestic
accelerators.
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Fig.2 Hardware structure of a domestic accelerator processor
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Fig.3 Examples of convolution computation
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Table 2 Convolution problem parameters

N 128

C 512
H 28
w 28

K 256
Hy, 1
Wi, 1
Hp.g 0
W 0
H g 2
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