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Convolutional neural network acceleration system based on FPGA

LI Xiaoyan', ZHANG Xin', YAN Xiaobing', REN Deliang' . LI Yanging®, FU Changjuan’
(1. College of Telecommunications and Information Engineering, Hebei University, Baoding 071002,
China; 2. Baoding Yonghong Foundry Machinery Factory, Baoding 072150, China)

Abstract: In this paper, the convolutional neural network is deployed on the Field Programmable Gate
Array (FPGA). As a background, a convolutional neural network is proposed to accelerate hardware. The
paper analyzes the structural characteristics of convolutional neural networks, stores, reads, and moves
data in a stream-style manner, Next, the convolution unit in each layer of the convolutional neural network
is expanded to speed up the multiplication and addition operations. Based on the (FPGA) unique parallel
structure, pipeline processing method can effectively improve the efficiency of the operation. From object
classification results for the ciafr-10 dataset, at 800MHz operating frequency and without loss of accuracy,
FPGA compared to General purpose processor can achieve 4 times speed up, Convolutional neural network
through parallel process and multi-stage pipeline process can accelerate forward propagation of convolu-
tional neural networks, being suitable for the demand of practical engineering tasks.
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WA 48 R 2 CNN Bk B0 — B & el S i CPU 8 GPU |, 78 CNN W 2% 45 4 oy, B 4 )22
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1.1 E2kigit

F G5 SRR AR A 25 6 0 7 =X 6 A B bR BSR4 T 4325, B 1 3R0R RG0SR S5 4. R 50 1 e A
PC i linux REGE T, 35 246 FUM 28 ) 25 HE Z8 L 9 L E 47 22 Uk 0 I 25 Fn R A 45 310 6 35 19 AR 1 R O
I HAR B Sl R RS 7E FPGA i #4584 B 28 I 46 B 1 5 4K PC i 48 B4 AR A/ A i A
A FPGA FEAT N A A AERE - & S Bxt F A BAG 00 v AR 43 28 9 552 300 0 24 5%
1.2 SRHEZEMEBEMZITESHT

T BE L Ml A AR A b S AR SO SR FH B CNIN B 25 R 2 il 1 A4 i A2 input 1 M HH 2 out-
put,2 EEBUZLIKL 1AM % Softmax 1AL, & B2 22 (6] 38 o #4076 oR 502 f5 32 1 20 00 35005 oR B0
ReL U, BERIZERG AN 2 JT7R . EAS SCSE 50 v, FH 30 0 MG B8 12 02 cifar-10. 08 3 RO SE R 32 X032 1%
F i, Hob kernel fRRB B HRR KN R 5X5 185 BUZ X FRAFE BE AT 5 B AE , num output KRB
U R B stride Rom B BUEAE B R CEB I DL BARP 4 25k sl 2.

Input:3@32 x 32 convl:32@ x 28  conv2:32@24 x 24 Fe :10@1 x 1
Softmax:10@1 x 1
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B2 cifar-10 B3 E B M ERB 451

Fig.2 cifar-10 image classification -model structure

B1 REBEKEY

Fig.1 Overall structure of the system

Input: 32X32X3, batch_size:100
Convolutionl :
num_output:32

kernel _size: 5X5X3 stride: 1
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RelLU 1: relul

Convolution 2

num_output: 32

kernel size: 5X5X32, stride: 1

RelLU 2: relu2

Softmax:output:10 vector

(classification result)

e FRBAh ACE REBEH w = BRI E X BDEREN w 2B,

Deconvl:w = 32X (5X5X3+1) , (+1 for bias);

2)conv2:w = 32X (5X5X32+1) ,(+1 for bias);

3)Fc:w = 10X (24X24X32+1) , (+1 for bias).
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SRR A7t 25 (B 202 830 kBB, ik 41 2 BC7E A 1 HL [T 5 A A7 A 72 N A7 D L Jl ik DMA 32 3G A7 45 FRER A
1.3 BEHTEEER

FPGA FZAMIRE %21 inference, 3 it 73 B L iR BRI L Je SEA 7 5K, WT LAAE Y CNN B3k b 78 171
0] {4 B J2 5 2 22 (B2 U AT 0, B — 2 D A5 R A N — 2 A B e 2 A KA R
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Fig. 3 CNN on hardware
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Fig. 4 PIPELINE First-grade stream
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Fig. 5 Feature map zero-fill operation
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TN AUE 5 S S50 3 5 55 2 300 2 1E caglego BRI FPGA JF & M b FA7 8 B 0 R A8 v . 78
M B L R ) T B xilink B 5 IEZEH#EH 9 SDSOC. SDSOC 14 Vivado&.SDSOC T.H., Vivado %
HEAT PL 3 03, SDSOC % k4T PS #8743 iy %3t

Kl 6 FntE PC il 25 58 BUs M A 2R . 7T LU B0 18 R & — 3K cat, PC 3RZ5 R cat MTTHRAS 21
WEFRAE Hy 0.535 5. 7F cat.truck.deer frog.horse iX 5 Z&45 5 i ir oy L 49 g5 A, s 11 1 S 28 g T 25 2L

K 7 FRAE FPGA JF &M Bl 45 %, FPGA JF & Ml i 5k Hbs ER, E B 2 Rt =
HDMI 75 , [ i) 32 25 3 7R 7 USRI 22 1 ik o] DLFE BI040 S 1 45 SR 2 E 1 1.

zynq@ubuntu: S ./test_net.sh
Prediction for examples/images/images/cat. jpg
«S35h =T cat"
D.4167 - "truck"
.0261 - "deer"
.0089 - "frog"
.0065 - "horse"

zynq@ubuntu: f S I
6 PCHMXER B 7 FPGA it s R
Fig. 6 Test results on PC Fig. 7 Test results on FPGA

3.2 HERFEEWIE

VAT L8 i AR FPGA BT & T H 9% B A9 42 Xilinx 23 & 89 SDSoc 4, FPGA 5 A i F (1) 2
Xilinx A # 1) ZYNQ7020, FPGA B4 4% % 100 MHz 354 3% 1943 913 1 080 P, 7E 525 3% 1] zoom
PRIEICRE RS 40 i 22 32 X 32. 551 7E SDSoc T H 4R J5 24 % FPGA I RE /R 9 IR FE I 0L, an e 1 Fios.

R1 FPGAEHERERBR

Tab. 1 FPGA Hardware resource consumption

BT i A% B/ A4 GEUR S/ BEIRAE R/ 0
DSP 45 220 20.45
BRAM 72 140 51.43
LUT 20 555 53 200 38.64
FF 19 600 106 400 18.42

LR RN LT FPGA 3R o BRAM (9] H 238 5 5 02 50 0 22 47 - A) DL N 2% 2 80 I SR 25 1)
FEHCS AL 2 R ] X 265 2 0 — A F B R a0 SR e B b TR 2 R 4%, DSP N A% 3 i i) [
B it 2 Bl 2 3

TELI I ZYNQ RAVEY I i & A — DA% B ARM, W% & Cortex-A9. [6] B fin Jr %8 & ARM+
FPGA M3 5 #4 8 2, X B8 52 86 & 76 PC i 56 iU AY. PC i &b 3L 4% 2 Intel core-i5 R 31,4 1%, F M
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Tab.2 cifar-10 Object classification time comparison

¥ SN B2 AWRTN BT[] /s
ARM Cortex-A9 10 000 5.60
Intel core- i5 10 000 0.15
FPGA-7020 10 000 0.27

FARSRFEN L AE 100 MHz B OCT o i T Xilinx 2w S AR 3 1Y 2zyng-7020 .85 7 L AT LLis 2] PC i b B
B — K-, 2zyng-7020 35 e AT LARE SR E] 800 MHz, M BE UL RF $2 71 8 fiF 2247, vT LA SE B AL B AR 4 £i%
Yy e
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XF L IFAT SR BN & 1 A N A RCHE T I AR B A T TR AT T 0 AR AR AR 1 A B Al SR S8 Rt n]
PASE B2 A0 B TR R A cifar-10 $0da i b AEAS 2R AR A D0 0 R 28 S5 A E AT T8R0T, 544 T3t
WIE R T 2 B AR5 . FPGA 7E 100 M B (45 B0 T X% 5K 32 > 32 A9 5 B 3R 0] i a) ik 1) 1
0. 27 s, AJ LASEEE 4~5 Wi/s BUS T BUF A ROCR  JG 22 TAE R DIZE IR TE 5 . F 4 m i) FPGA |, #8H
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