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Abstract: Convolution operation is an indispensable part of modern convolutional neural networks, and it is also the
most time-consuming. In order to solve the performance problem of convolution operators, fast convolution algorithms in-
cluding FFT (Fast Fourier Transform) and Winograd have been proposed. Winograd convolution is used to improve the in-
ference performance of small convolution kernels and is currently the mainstream implementation method in convolutional
neural networks. However, the implementation of Winograd convolution in many highly optimized deep neural network li-
braries and deep learning compilers is relatively inefficient. Due to the complex data dependence of the four stages of Wino-
grad convolution, it is very challenging to optimize it for GPU. In this paper, the performance of the Winograd convolution
operator is optimized for modern GPU architecture. This paper proposes the equivalent transformation of the Winograd calcu-
lation stage and its non-synchronization implementation using Tensor Core, and further proposes a partial kernel fusion meth-
od utilizing different GPU memory hierarchies, i.e. PKF (Partial Kernel Fusion). Based on TVM (Tensor Virtual Machine)
and a code reconstructor named PKF-Reconstructor (Partial Kernel Fusion Reconstructor), a high-performance Winograd
convolution is implemented. The evaluation of the convolution operators from real-world convolutional neural networks
shows that the proposed algorithm achieves a performance improvement of 7.58~13.69 times compared with cuDNN.

Key words: Winograd convolution; low precision; partial kernel fusion; accelerating convolution; GPU memory hi-
erarchy; Tensor Core
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143 08 o Heme s 2R R i e fe e . (B 5 BGEMM-TC
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LLC ' |
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JTLAZS SCS% T ITrans+BGEMM FY Rl & 56 0% .l T ix
Tl SR WS ALl & 7 3045 kernel , PRI AR SR il 365 W
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AL NAF G — ) S BL T #52 a] LLC & B 7 7] 37
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4.3 FITFTERE
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FOR 7,0 — ntiles/TB,,
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I AE LAY A
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FOR h=0—Hy,
11 WS R warp (1R 5 | 4k
FOR warp_id=0— W,
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FEA BRI, LR SM NS, I8 0 Neye 8 N < Ney
it , LLC £ 2 tH Ny > SM 2L i Y Noy > Ny B, LLC
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