%46 K % 124 AfE Tk K F P IR CA KA TR Vol. 46 No. 12
2023 % 12 A  JOURNAL OF HEFEI UNIVERSITY OF TECHNOLOGY (NATURAL SCIENCE)  Dec, 2023

DOI: 10. 3969/j. issn. 1003-5060. 2023. 12. 011

3 F Winograd 58 1 1Y = 800 22 N 28 0 3 4 Se
FPGA SZH

E)P0R, K &, FpelH, X

CRRETAME R SR T2 8 AL 230601)

W OZE N TSR E M2 (convolutional neural networks, CNN) [R#E W 1: F2 , SC 2 K ] Winograd 5.1, £
FIIA ] AL 1145 (field programmable gate array, FPGA) $#&iH—FP i CNN s #s . Ak Winograd B k4%
B RO L 95 80755 AL BREA T (digital signal processing. DSP) 37 5 2% Fic [A1 R L SCEE 38 70 AR UD 31 J7 12
FE5I I DSP S A 22 Hh D RE s WRRAR A A o 3R BT ACRRAIE 181 ) 52 B0 B8l s 52 i Y
SMEEEACE. . TR g e XCKUO60 Az | BB AR R R4 DSP iz 5808 43 i3k 2. 358 X 10" OPs
FIL. 15 X 10" OPs, Z55RFHIZCHR LM A A RERTH CNN MBS S RITRCR

KR B LM 4% (CNN) ; Winograd 535 B Pl G B2 115 (FPGAD s Ab B BTT 5 A TH044

FE 4% S TP183; TN791 XHEkFRERS: A NEHS:1003-5060(2023)12-1659-07

Design of high-efficiency convolutional neural network accelerator and
implementation of FPGA based on Winograd algorithm

WANG Shuaishuai, CHEN Qiang, GUO Jianbo, XIAO Hao
(School of Microelectronics, Hefei University of Technology, Hefei 230601, China)

Abstract; In order to improve the inference speed of convolutional neural networks(CNN), this paper
utilizes Winograd algorithm to design high-efficiency CNN accelerator based on field programmable
gate array(FPGA). In an effort to solve the mismatch problem between the bit width of data after
Winograd transpose and the bit width of the digital signal processing(DSP) blocks, a multiplicative
partial product cut method is proposed to make full use of DSP to realize the single-cycle multi-output
function. In order to reduce the on-chip memory occupancy rate, a data stream with reusable input
feature map is designed to complete data interaction between on-chip and off-chip. The designed
accelerator is deployed to the XCKUO060 board, whose throughput and computing efficiency of each
DSP reach 2. 358 X 10" OPs and 1. 15 X 10° OPs, respectively. Experimental results show that the
proposed acceleration method effectively improves the efficiency of CNN accelerator computing unit.
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