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2R LTS Top-1 H1 Top-5 FHRG LK 2 0. 4% HI
0.14% ,VGG M &b aiJ5 Top-1 A1 Top-5 ¥ &
194 0.63% F10. 53% , 5 HoAth il 7 5505 1) 6 B 45
JXFHENZE 2 ik, Naveen 25 A2 1 Wei 25 A2
R 8-16 52 5, Zhang %5 N SR 16 iz 21,
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Top-1 Top-5 Top-1 Top-5
VNS 0.40% 0.14% 0.63% 0.53%
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SCHk([23 ] <2% <2% <2% <2%
SCHRk[24] 1.9% 0.87% — —
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BPHRGT IR IITE 1% ~2% fidio Wi SCR B
8-16 (A E sl T 7 S AE BB AR _FRE S 5 2%
Jl/NE 0.63%

FHEE I K25 HLS THA AL HOAR
PEATRIZEINGE, 2% 3 o T OULRT IS i Sk I R is
At ) FTgE R 5 . DSP ) B i B A Ak i3 in
7.2 8% HAR IR A B I, (B A R e e it
AREAE BE IR R, R s S R T T 295. 7 4%
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R LRI JZ RIS
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BRAM 85.47% 90. 84% 90. 84%
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FF 23.10% 32.13% 32.07%

BEXF AlexNet [ 4 25 44, W FH A= SC 9 £ Ak Bic &
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R B TR B A7 1. 93 ms AR SC g R 1A A9 1153 B
] %73, 44 ms, /& TIAN-X f#) 1. 78 {35, {H 7 TIAN-X

AR E TR SRR 0. 511 1, A SCRHR I T 7 Th ke
X7 0.078 J, HatBReRGA S T GPU 1y 7.2 £%, JF
FL FPGA ML 5 T GPU, Zhang %5 A fiff
FHLS T H 2 7 3 FOF PR %A 2 8] i 5 s L =
KAEMIGIR s 5 EHE, AR SCHE LR - #E 17 8-
16 7 A E Ak, IR A T 5 T K42 [ AR
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TR TR H T UAE R, HA R RR RO AR SO
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B -t [a] Ay 18. 37 ms, R RERGA S T GPU 1)
3.89 fi%, SCHK[ 23 1R FHIRZ K 3l B 51 1) /5538 £ CNN
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GREIRE NAEVT 0] FNER IS B sh b 47 1 5 12 43 B Al
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i RTL $2 1 T — MR KL £ FPGA 284y,
MARSCE & TR EAAC R KL AL, P25 T
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HHEY6 &It 13 HIRE RS TRE (ms)  ZHFE(W)  BIEEWDIFEC))
Caffe GPU TITAN-X C+ + 32 fETF A, 1.93 165 0.511
CHR[20]  Virtex-7 VX485T HLS 32 fLIF 21.61 (5 CONV layers) 18.61 >0.402
SCHik[22] Stratix-V GSD8 OpenCL 8-16 {37 5 15, 20. 1 >19.1 >0.384
k[ 11] Virtex-7 VC709 RTL 16 fii5E 5 2.56 30.2 0.077
AL ZCU102 ZU9EG HLS 8-16 {o & 15, 3.44 22.8 0.078
#5 VGG MZEInEFMIERELLE
HHEY6 it K FIREIIZ T E] (ms)  THFE(W)  GIREIINFE(])
Caffe GPU TITAN-X C+ + 32 i TF S 6.60 247 1.630
SCHR[ 23] Arria 10 GT 1150 OpenCL  8-16 i i i, 26.85 — —
SCHK[25] Arria-10 GX 1150 RTL 8-16 {3 & A5, 47.97 — —
k[ 24] Virtex-7 VX690T RTL 16 17 & & 151.80 — —
¥NS'q ZCU102 ZU9EG HLS 8-16 i 3 1, 18.37 22.8 0.419
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Optimization method of FPGA convolutional neural network accelerator

based on improved dynamic configuration

Chen Peng” , Chen Qingqing ™ , Wang Haixia" , Zhang Yilong™ , Liu Yipeng® , Liang Ronghua”
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Abstract
Convolutional neural network (CNN) has been widely employed for various computer vision tasks. GPU-based
convolutional neural network accelerators often have problems of high-power consumption, large size and high cost.
Aiming at the above problems, this paper proposes an optimization method of field programmable gate array ( FP-
GA) convolutional neural network accelerator based on improved dynamic configuration. High-level synthesis tools
are used to achieve performance optimization with limited hardware resources and the 8-16 bit dynamic fixed-point,
and utilizes the pipeline structure-based inter-layer module multiplexing under resource constraints, which improves
the computational efficiency and shortens the development cycle. This method is used to build and implement the
AlexNet network and VGG network on the ZCU102 platform. With 0. 63% accuracy loss, the accelerator perform-
ance is improved from 46. 3 fps and 37. 2 fps to 290. 7 fps and 54. 4 fps respectively, and the calculation energy ef-
ficiency reaches 1. 78 times and 3. 89 times compared to TITAN-X respectively. The experimental data fully demon-
strates that the FPGA convolution accelerator developed by the high-level synthesis tool adopts the improved dynam-
ic configuration optimization method, which not only satisfies the requirements of real-time calculation, but also
solves the power consumption and volume problem, and verifies the effectiveness of the proposed method.
Key words: convolution neural network (CNN) , field programmable gate array ( FPGA ), module multiple-

xing, pipeline, dynamic fixed
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