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Lightweight Network Hardware Acceleration Design for Edge Computing
YU Yunjun' ,ZHANG Pengfei' ,GONG Hancheng” and CHEN Min*

1 School of Information Engineering, Nanchang University, Nanchang 330000, China
2 Jiangxi Jiangtou Digital Economy Research Institute, Nanchang 330000, China

Abstract With the increase of edge device data and the continuous application of neural networks, the rise of edge computing has
shared the pressure on big data technologies with cloud computing as the core. Field programmable gate arrays (FPGAs) have
shown excellent properties in edge computing and building neural network accelerators due to their flexible architecture and low
power consumption. But traditional FPGA solutions based on traditional convolution algorithms are often limited by the number
of on-chip computing units. In this paper.Zynq is used as a hardware acceleration platform.to quantize parameters at a fixed
point,and array partitioning is used to improve pipeline running speed. The Winograd fast convolution algorithm is used to im-
prove the traditional convolution,and the multiplication operation in the convolution operation is converted into an addition opera-
tion, which reduces the computational complexity of the model. The computational performance of the designed accelerator is
greatly improved. Experiments show that XC7Z035 can achieve 43. 5GOP/s performance under 150 MHz clock,and the energy ef-
ficiency is 129 times of Xeon(R) Silver 4214R and 159 timesof dual-core ARM. The proposedsolution is limited in resources and
power consumption. It can provide high performance and is suitable for the landing application of lightweight neural networks at

the edge of the network.

Keywords Edge computing, Hardware acceleration, Lightweight convolutional neural networks, Winograd.FPGA
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4.2 BERBITM

L i AL )E R R FE RS AN 3K 2 Bral. B RS S
RTRTE B AN, R E RN WHFE DSP 9 IR AE R Al 7% U5
AR EZERE ., BRAM %R 3 2 T 52 30 %+ 580 8088 /9
ZAE I AXT B2 H: 0B A2, UL B R S A B0

% 2 FPGA WRIFHES
Table 2 FPGA resource consumption
Resource Avaliable Utilization Utilization/ %
DSPs 900 649 72.11
BRAMs 500 81 16.2
LUTs 172X10° 70.7X103 41. 14
FFs 344103 54.8x10° 15. 94
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4.3 lMgEXTEE

R HE— 25 VP AN I 0 T S M R A AR R S T AR
9 CNN i #8 475 H

e 3 Hra, B 45 A SCHk bR TN AR RS B B R
FA XA B RS BEAB  TRA 25 S PR AR SO T A
W CRA DSP T A 805 J1) R AL MR . Scik (25 1804
BL T8RN & B R 32 B A 58 R WA, R AR PR REBCAR . SOk
(26083 T —ANAEIE R 3X3 Ml 7 X7 M4 (H X 52
N4 % e A 10238 43 (0 R VTS 8 G 1 BRI 17 31 5 Y 4
Fh AR T 5B IR R T % I LA RE A 18. 8GOPS, HH
M TAERT B A SCHR 9 T RAE A DSP iy 1 55 4% 4 i
AT R O T AL %, 25 LTIR A SCR A I %
B R b Y8 20 T A FRGE B b B S vk A SRR B T IR AR Y
FANGR Ci

3 OMKETIEE

Table 3 Comparison of related works

X #k[25] X wk[26] X [27] AKX T E
Device SX240t ZC706 XC72045 XC7Z7035
Frequency/ 120 200 150 150
MHz
Precision 32 bit fixed  32bit fixed 16 bit fixed 16 bit fixed
Performance/
GOPS 16.0 18.8 23.18 43.5
GOPS/DSP 0.015 0.023 0.026 0.067

mk 4 firdl, 5 CPU F & #H Ik, ZynqZ7035 11 fig 3 &
Xeon(R) Silver 4214R £ 129 1% .2 ARM BEZLAY 159 fi5 £
fi. il AIDA64 Lol #1474 Xeon(R) Silver 4214R #Y
W H IR 57TW 247, 48 &AL B0 TR v AR R, TS
FER T AR . S EREAIE T . ARM RIAFAH R, )
FERAR M BT AR AR B, AR IHE ] ARMA+
FPGA )5 H JIE S 58, e AX T I RERY [l R A 84 Jd 7 4
TR 22 X 28 1 3 5 1 1

#4 5 CPU W IIAERAEREXS L

Table 4 Comparison with CPU power consumption and performance

Xeon(R) Silver

1214R ARM_A9 XC7Z2035
frequency/ MHz 2400. 00 666.67 150. 00
Power/W 57.00 1. 80 4.56
PerformanceGOP/s 4.20 0.11 43.5

GERE  RBRYCE S MRS T E 2%
it IR S DA R PR . A SCLL LeNet5 45 B0 2 ) 46 4
BB, BT T ST — T 1] 1 2% 3 S B e R 4 T 4
SR SR 48R, AR 454E Winograd R &R L XS5
A G AE T 2 FE BN T S Y ()RR AR T R 4 T 4
TS B IR 0 I A SR S T FPGA 1 L~ DSP 9 5
J1. TR M FEFE RGN T . ZyngZ7035 B3R T 43.5
GOP/s BITERE . RERL & Xeon(R) Silver 4214R 4 129 1%, &
WA% ARM 19 159 £, 530 4F 3 A OC U STk 4 L, A4 ST 4
0 T7 SR AE BT IR A B RE AZ B A 1 LR AT LU LB i i PR fE .
Ivi) BT 32 Jom 0 e LA 8 1 g P A ) M A T Sy 0 4% 300 o 1
FEGEURAS AN % e G bR 2 ) 4% 04 95 B R A T — A ok
HE,

B RETREMTHRAMAL 45 DSP i 5 R F

AT S A SR R IR R Z R AT OL T
X LUT SR A AR FE 5. T — 25 % 08 A 200RL JE B9 JEE 1
B G5 B A AR 28 0 245 2% J2 B 1 2 S L DAL R P I K R 2
¥ 3843 R b b B R A ] I 4 ooy 7 ik AR R TSP R L i %
RS O A e 7 5

2 % X W
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