2021 44 A

%4 H, T ¥ W Vol.49 No. 4

ACTA ELECTRONICA SINICA Apr. 2021

BT ZYNQ 1 A H ) 2 A 22 X 455 T 3k

AL, BE-A,wm 0L A5

(1 BRI T S LT AR B, FJE VIR /K S 1500805 2. P LR SR TLA 232wl R TLIE ZK % 150000 )

W OE: HXERMAMS B IIAAE R m TR KR AE CPU FI GPU L it 5B fAAE 1T B R ThFERR
i F) R, DBt 2 B RE AP & TS R ARIIAE A Bt BT T — T ZYNQ 19 A i e R FUIR S AR 1Y vl
FrE L I R e RS RIS E R, KR T — MG B s ARG SE Ui &, ot T —Frgdi
TENAE R AYRRIAHRS J5 5. LA VGG16 4 Ry, F ] ZYNQ X R GEHEA 7 Il , 7235 P RE ik 3] 62. 00GPOS YA %A
73,4351/ GPU #1 CPU [y 2. 58 £ 6. 88 £, 3L MAC | IR {53k 98. 20% , i&E it Roofline BAY B (. T 25 191155
e 2. OW , BERL LL oM 31. 00GOPS/W , 2 GPU {9 112. 77 {%#1 CPU {4 334. 41 5.

K§ER:  FPGA; HFMZRMYS; Roofline AL B FAIH

hESES: TN4T XRRFRIRE: A XEHS:  0372-2112 (2021)04-0729-07

FF# URL: hitp://www. ejournal. org. cn DOI. 10.12263/DZXB. 20200409

Reconfigurable Convolutional Network Accelerator Based on ZYNQ

LIU Jie' ,GE Yi-fan' , TIAN Ming” ,MA Li-giang'
(1. College of Electrical and Electronic Engineering ,Harbin University of Science and Technology ,Harbin , Heilongjiang 150080 , China ;
2. Heilongjiang Branch of China Telecom ,Harbin , Heilongjiang 150000, China )

Abstract.

limitation of delay and power consumption when the algorithm is calculated on the CPU and GPU in the convolutional neural

Aiming at the problems of high complexity of convolution operation,large amount of calculation and the

network , from the perspective of increasing the calculation rate and reducing power consumption of existing hardware plat-
forms,a reconfigurable neural network acceleration system with high throughput and low power consumption based on
ZYNQ is presented. In order to make full use of computing resources,a convolution operation loop optimization circuit is ex-
plored; in order to reduce the bandwidth access,a special arrangement of the data in memory is designed. Taking the VGG16
network as an example,using ZYNQ to accelerate the system,62. 00 GPOS effective computing power was reached, which
was 2. 58 times and 6. 88 times that of the GPU and CPU respectively. Its MAC utilization rate was as high as 98.20% ,
which was close to the theoretical value of the Roofline model. The computing power consumption of the accelerator was
2.0W ,and the energy efficiency ratio was 31. 00GOPS/W ,which was 112. 77 times that of the GPU and 334. 41 times that
of the CPU.

Key words: FPGA ;convolutional neural network ; Roofline model ; hardware acceleration
1 2|z AETHET 6. GPU A & K i T3 PR T Al g A7l 52
A

BRI R 2% (CNN) J2 piy AT 28 R 45 377 i i o
(g —FPORBE 22 S 254, B 832 B T LA L 14
RPN S AL TR B ARIE R S R b VR
A HESEHI A WTR A, CNN R R AR A5 BOR B, 2 B0H
Iy EN YN N L EY (b€ R N (IP S E
Y AR SE Y CPU RER-F- 5 5% 0] GPU FPGA 45k

Wik H 4:2020-04-29 s & 1] H ] :2020-07-14 s 5T AL Gt - F0 BE
B TUH « E K B AP 54 (No. 5177090001 )

TEXT R T AR S sk A 2 s Ty A A AR R
P, sk GPU TIRE K, A A B s . Mt Z T,
FPGA R i BVER , 538 T A Y

H I, CNN Jin 2% 19 15 1 7 2 35 20 ko il 4k Fn
H AL B, 5 il £k 77 15 AR 4 45 1 1) D) 28 B Y Ko H b
AR A oRr BE A T 58, i U S B A v A
RESO s E Bk B4R T R B O L T TR



730 mo T

2% B 2021 4F

[Fi Py Do 24 A5 TR i s e P O 28 A58 TR ) PRk e
FURRAR PRI AN W 53T, B 346 75 i R B 3t 39 2 A~ [
R R R. SCERE T TEEXT FPGA it A% i 1t , 1] F R
A7 U BRAM, {H{#4% FPGA |- BRAM B
A AN, 8 B DR AR 9%, [R] I o R ) A %
T SCHRE8 T AT X FPGA T3 4 ik MR LAY Py 778 2 A
DU R, X CNN B RRZ it 17 AR I 454, (23R
AR, HAT W KR o o 8 I AR E
MBS T FPGA BRI AT PERE. A SCRHE CNN 5
BT ARS GRER T — Ml R T & Bl 516 36
DAL BRAS A, 7870 FUHT T REFF 5 1 s S0 IR, PRI
TG [FIE B M T — A S8 R 78 A P R R R HE
5175 2, AR 1A SE U Tl 4

2 EAREE

2.1 CNN EA&/FE
B R N 45 AE ST S HLALAE L N T8 R 25 1F 95 40
IR Z B T MR M e 1 M — Rl Y W
>J Bk, CNN A B4~ 32 2B B« I ko B A HE 2 (o A
IR BB B TR 2 AT N R R AR A )G B I
CNN, - HANFE SEIHF B0 T AT HE R, PR AR S Hp
RIEHEIL I B, CNN HEWT B Be iy H 1902 1 i A B
AT IEA 43 2EHEWT. QP 1 PR, Bt 22 M4 UL,
FER USRI E AR — 2. B— 2N E— 2ok
FRAEE, 3 2 5 2 Py A o U A — AL I R AE
PO B Z AL 2 RO 2 TR R A SR B
EEREHT A2
A FEIEE

HEAEE

LBR)RE & W) & WiEkE

2.2 KBREY CNN 4347

IEAESRAE CNN W) 45 5 38 Hh AR Ot 42 1) 452 70 40 5%
AlexNet \ZFNet [ VGG %, H A ,2012 4F 1) AlexNet A7
JZHCH 8 2 ALK /N R 250M 52014 4R ) VGG FE AL
Bk 16 2, BT K /N K SO0M. T A5 75 RILASE (i) 348 K 31
S YRR T 4 T R A X B AR Y L A
YR ATt 11 B2 SR Al B 2 R A AR 3R 17 Ak
Al 2 0 B R S A

F 1 AEE 2 16 )2 VGGI6 A7 i 1] 5 25 (] T
IYRSE, WA ET Y, CONV I FON J2 J2 9 4 1% i 45
fiE. CONV 2438 B8 19 19. 3% (HF5 % 99. 5% )it
B FCON 2T 2 0. 4% M8 & 2 80. 6% 14K
P, X IR SR T A AT 99. 9% AT R )L B, T
P E AL A FPGA | 9% 4~ CNN #E 45
B, B R BR A FPGA [ 3155 i 1 F0HT 58 20%.
i+ POOL #1 ReLU JZ2 i) f] Bk i LA foff JHL 8] 5 i ik
BAR SOKE - EHE AT s CONV Al FCN 2171

F1 VCC16 RIS

25 CONV POOL ReLU FCN
LB ops (107) 3059.6 0.6 1.4 12.3
PITHL ops (99.5%) | (0%) | (0%) | (0.4%)

L OMB) 113 0 0 471.6

o (19.3%) | (0%) | (0%) | (80.6%)
gl BT AR EL | 93.6% 0% 0% 3.7%
BIRTTER I | 48.7% 0.0% 0.0% 51.2%

TR FEHEE

AR

1 CNNFRBURFIE /2 f

2.3 Roofline {E{H{&EEY
LA & b 02 5 ) 52 D R 325
i) s — 2 A7 B B 5 T) (5T & SRR H] P BE ¢ B
(PE B TERER) s —RAERF & 1 T8 (THEE & 53
VLA H] PN RE 52 J8C A P A7 AC 48 ) . Roofline 45275 v ff ]
TR R AT A 4 AT, TR I b A W 32 AR A [
e A R SRR, B AT R R
I, AR A Roofline BERITEAL BT 5231 0 25 1) P BE.
W& 2 s, Roofline #5270 rpr | R4l 3R R 11538 B

H T 3R, 3. 5i oh FLOP/Byte; YA R x5 07, H P 3R
7~ LR FLOP/ s 5 o Fe 447 & IG5 )58 3=
AN B B B T8 3 1, RN TR RS B R R/
N /B B2 1, K Roofline 45881 Rl 43 H 195 N 351X
SR < T R DX SRR R 9 X e

3 ARXINE=FAYIZT

3.1 HREZHERENIET
CNN g 2T R S Bs B, NI BUZ 1



o4 M bl

AN T ZYNQ [ 0] AL 3 U 22 I 2% i A 731

P
A FLOP/s

#H
3 i
i € i
T
P Bytels R
I
Lu=1/p FLOP/Byte

[#12 Rooflinef&i 4|
B U TS B 2 o s S BT A% . S T 4 R B
SGRUR AR SR G B4 R T UG 240 7 il % 46 B as 3 it
frpite , ARy b AR an sl 3 Jir .

for(k=0;k<ceil(CHout/'K);k=k+1){ ——» Loop-1
for(p=0;p<ceil((HoutsWout)/'K):p=p+1) f—PLoop-Z
for(c=0;c<ceil(CHin/'K);c=c+1){ ——» Loop-3
for(r=0;r<ky;r=r+1){
for(s=0;s<kx;s=s+1){
for(pp=0;pp<"K:;pp=pp+1){——> Loop-5
for(kk=0;kk<"K;kk=kk+1){
for(cc=0;cc<"K;ce=cct++) {
sum[pp][kk]+=x[heSy-Pad_up+r][weSx-Pad_lefi+s][ce'K-+ccowt[r][s][ce K+cc][ke K-+kk];
Foor
for(pp=0;pp<"K:pp=pp+1) {i————> Loop-7
for(kk=0;kk<"K:;kk=kk+1){——> Loop-8
out[h][w][ke'K+kk]=sum[pp][kk];
D S N S S N

K3 BRI

Loop-1 #7122/~ 1 i 41 ) 76 #7425, Loop-2 IR
Kyt 30 10 2 9 97 508 5, Loop-3 271 i AT 18 21 14 77
WS BT IZ =AW S B 00776k -5 50 7Y
TFEL S AN RER AT L TR v % e il

Loop4 F/R BRI Bz B, 8 $i i TAERLR, %
PEFRRITIAR L ™ SE LA J7 5, WAL 4 P, 25 6l
i BR A, SR FH I 7K £ 05 0 in i [ 97 1Y AR A5 nT 4
i 100%.

}—> Loop-4

}—> Loop-6

16 clocks
&b
A 3 TS A S S .
bl 3 6 [ 6 [ 6 [ 6 | 6 [ 6 [ 6 .

I A 5 RAMOO DI /A FIRAMOL [ 3 |24
[ i 5 RAMTT (ST g fiEFIRAMIO 6 I3 Ha g 21

4 Loop-4f FFR =K

Loop-5 g 2547 Ia 58, Q&L 5 Jr7m AL O1 Kdfe 4%
EIERIC, 20— PR S 80T 55 R 4
RO1 B R Bk i, B b e m s R 16, 71
B A R O A AN, B 16 HARME B AT, 2T

UAEPR A 3l )5 P 25 8T 5 4 A EE 3. Loop-6 i MAC iz
BB 18 TR BT B AR AE B A 3, L A R B
& 16 x 16 (AR FE  RRIEECHE 2 16 x 1 IR RE , 58 BOZ R
PR35 5 32 256 Yk MAC 3555 Loop-7 F T B A
WAL E AR, th T A BB £, WOR A ik
REEAT Z 4805 19 R 0. Loop-8 iz ik RN 5 45

Z g A B ZH S8 B Loop-8 1 HE B 45 48 AT R FH 34K
L R .

iz | 4 | 4 e m
4 7z y: bk ok | 4 p2s
W HE | AE | AF _ EREN R s
“ lo1]o2]03 AR R H
01 {0203 16
16x16 16x16 16%16

€5 Loop-SHitsiid fm A

AR SO A R iz S B AR S, 13 BAE R Loop-5 HR
ANAb PR EA T ( Processing Engine, PE ) {19 i 14 %% I 45 4,
WE 6 e, & v afe fin i B 1 Oy S B LA 32 5 1 A A
TR, BRI T 28 8dE , s s 5 8dE S
i 3 ( Bias ) AR 05 i e & 45 . B PE AT 16
ASAATEI Y MAC 2544, 54> MAC 45k 16 DN,
filt—A> PE B 256 A>Sfe i , PRt AR SCisea i fi Ak B
% Loop-5 iz PE HiB{ZE#E , —UCRIAT 58 )i 256 IR i
B4
3.2 WEMFELSTEHESE T

CNN s B3 1 AR 2 AR 5 R AE 36 220m, A%
SCHR S — TR TR ARR AR B0 TE N AE 0 R R HE S O
2 ANE T P, B D 2 0 A B8 R T R = 4 Y 5
I, B AL 16 A =4E80E , A = 4E 8 T 2L 16 A4
WA — A H BB S AR AE A A v oA [ B
E IR HES 5 X G FR. AE B B Y HE 3 J7 X
AR T B T A 00 FHdk WO W - (WS
A RS TN At A , Z 5 RS 01 -k -+ 08 ¥
P09 FHe - 17 P F IR RO, B R HED 58 K
55 K ZHAE .

W 8 iR K —dH = 4R R 2 24 3k,
BAASF U@ E BN 16, 73 B S FEAE B 1 BRI )
HiAT 07 HATHES. FE B R v, AN [A] 1) 45 )23 v Y
R TE A AT BETCHE B 16 BB, I I 7R HES) i 38 %0 5
T HECAR R 16 A B AR 0.

3.3 tiLEERAIEIT

HT AR SRR IBE T AR 3 P % A — e T oA )
i, PRt A H B 0 SRR A B AN [R) A AN ] O 2
k.



732 FE, ¥ 5 ke 2021 4
,/"]___________”‘_“:::“_,“_“.____]
S| T RIS TR 1 |
MAC_1 I Feature_1 -I— I
| Weight —3 I
MAC 2 | |
\
MAC 3 | \ |
| I Featulre_2 — + \\ |
MAC_4 | Weight I
MAC._5 | 23/ /\% |
I / |
I Feature 3 — / Bias I
' | Weight / I
yj— 7 |
Y1 Weight |
PE el ettt fpelentop et ity ittt |
e HAAPERYRELF R IRLE M IE
HNBLEAH 2
D
11 11 i W1 00
00 701 /02 14 00 /01 /02 14
02 02 W15 00
01 | 02 | s /17 00 | 01 |02 | /s 17 WO 01
— W1 01
g | 03] 04|05 | Ag 03 | 04 | 05 | Ae 03 | 04|05 | 44
06 | 07 | 08 06 | 07 | 08 06 | 07 | 08 W15 01
W0 w1 w15 W(;OS
ﬁﬁﬁ> W1 08
W15 08
11 11 11 W1 09
00 01 /02 14 00 /01 /02 00 701 /02 14
02 02 s 02 W15 09
g 100 01| 02| A 177 00 | 01| 02 | s 41T 00 | 01 |02 | /s K17 e
K
gp | 930405 A 03| 04| 05| /g 03 | 04| 05 | /g W1 17
06 | 07 | 08 06 | 07 | 08 06 | 07 | 08 E k- w1'5." T
W(16K+1) W(I6K+2) W(16K+16)
<17 R AE AT HEA 7=
ShEpAEhESS |
1R bt 00 }/ 1
01 00 f o1 | o203
02 04 |05 | 06 | 07 00 | 01 | 02|03
16 03 5 S
)5tk 08|09 | 10| 11 RGE 08 | 09|10 | 11
00,01 /02 /03 3 2 16178 ]
S r\ ij 2|21 (2223
‘ﬁi;& 00 | 01 | 02 | 03 07 27, ﬁf?ﬁ -
- Co| o405 |os |07 | A 30 ! iz ]’5]9 ?ﬂl,'ﬂ{jiitl?é—]
FAU
08 [ 09 | 10 | 11 17 -
alalulsl T FIF AR AR 0 1 |22 7.
S — .
et 4 KWEZERSH

I8 ARIE B e AT R A 7 X

ARTCR e Ak, Je Gk b AR i 353 07 5
9 JT 7 B ) AR AR 1) 1 2 a0 H BB B IS AEA
—HREAFAR R, 5 T ATRHE RS I = 5 B B R]
PR N RS DI S € Sy b YN 2 g A )

4.1 REHLIGIME

A SC TR B 28 ) 45 A5 Ry VGG16MT % M 4%
BLAY R HERAE RO 29 0 30GOPS s i I % H A #5144 Xil-
inx PFAk M ZCU104; CPU X} B8 41 R FH 9 4% /K Core i9-
9900K Zh¥E#% | F=45i K 3. 60GHz, 4b PR 8 % & K 8 4% 16



o4 M bl

AN T ZYNQ [ 0] AL 3 U 22 I 2% i A 733

2P, A P 16GB 1) DDR4 NAF, Windows10 #:1F £
%5 ;GPU X B4R ] Nvidia GTX 1080Ti ,i5 H-, #il A5 3584
4~ CUDA #%l>, 0o Jii 5% 1708 MHz, it A7 11GB | AT,
Linux #2/E R 405 4 A BRIy ImageNet $idi 46
TORUER PR RIs AT, 72 ZCUL04 JF et EXF ATt
PEFT T 210MHz (5256, i 2 14 B U5 A AR 3% 2 B
7, T A DSP IR AT LSRR 1A 16bit B RE midfeisk.
#2 MBROZRNAE

e FF LUT DSP48 BRAM
YRR EEL | 460800 230400 1726 312KB
i F % 317645 160032 530 280KB
i % 68.9% 69.5% 30.7% 89.7%

M2 WIE i, DSPAS BEEAH TR B, A2 -
A B 2 1 DSP48 BF U i & B £ 1 BRAM, i
BRAM (i R 2 15 2 89. 7% , LA A 1T 30. 7%
ft) DSP48.

AT Vivado 2018. 2 X35 il Ze & S 8L th
TP LAY B 1) PR 16bit 1R R O] DL A2
ARG A B U U, AR SO I 2R i
32bit (17 A ECERT 16bit 1R mORR PR Ik A J2 P 2% 1Y)
TS R R TZH L.

4.2 EREITME

AR YA FH ImageNet %04 48 i) 20 5K &1 F, op
HEA ZCU104 (GPU CPU HH5F- &, X 4 5K 19 18] 7 1
A6 LR AL BERS ] VGG16 [ 45 43 )2 1 is 5
I () Flia 53 B S AN ] ~F- 65 0 T3 D AR A7 0, o4
oAU E 10 & 11 5% 3 .

M 10 AT 1, VGG16 MZ8 iz i as b i ] —
K RBP4 R 2908 0. 25, 1R 43 il & GPU &5

CPU 11 5. 16 15 \13. 76 % , =2 B4k X I 1) 34 7 25 43 31
B4.3x107 1.0%x107% 4.9 x 10 7%, PEHAA S 111

g AR AE ZCU104 | 4k BRI (8] 5 NAgE.

MIET 11 AT A B 4 i 12 2 A ds S ] o
HEIRRY 99. 11% ;W Ak)Z iz 5 32 B2 2 M is 5 siin ik
B% IEAE A DSP s, HOl AL = i ia 5 055
JZHEEBOR R B B 2 i 5
HHEE A BRZ B0, s B[] 5045 46 BUZE A Y, L
CONVI10 5 FC1, H: 3= 2 it PR B 1 1 il S I DR S 17
SRR S PR ).

®3 TRTEFAHNFRE

B ZCU104 GPU CPU
UL/ W 14.3 57.2 61.6
W T%E/ W 16.3 144. 6 158.8
SR IRE/W 2.0 87.4 97.2

&S [E)/s

S

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
B ) %S
=ZCU104 ®™GPU =CPU

10 kP i b B i)

40.000 2000
35.000 1800
1600
30.000
1400
25.000 1200
«
£20.000 1000
15.000 800 g
600
10.000 X
400
5.000 l T
0.000 BL.
S VS‘A\:’ASV SIS SLL
S ceeoeeese *0¢*~0~«*<
$c°<° EELEEEL °S§<°,§§§<°

m iz B ] mizH R

F11 2R R s

A 3 A B diE BT AT, O g S B D R
2W ik GPU 5 CPU & & i AURE sl ik 4.
VGG16 W28 16 {3 i s 8s 5 i 15,56, itz
TR &8 BERN A AR 10 15, 5/0. 25 =62GOPS BERL LE
4 62/2 =31GOPS/W. FAH R A4 HEXT CPU FI GPU 43
PrAg B2 4 i B
*4 TFaESEdL

25| ZCU104 GPU CPU

Bk R A s 0.25 1.29 3.44

AR5 )1/ GOPS 62. 00 24.03 9.01

SPRIIRE/ W 2.0 87. 4 97.2
RES L/ GOPS/W 31. 0000 0.2749 0. 0927

M4 AIFE M 5 A 305 7102 GPU 1) 2,58
1%,CPU 11 6.88 fi%; g &k Lk /& GPU #9 112.77 £%, CPU 1)
334. 41 £ G A GRS A B R i TR BRI 2.
4.3 Roofline = 43#7

W 12 Fros, B e 3 26 38 7 sk 45 78 Roofline
BRSNS R R W (B 5 T, AL A 28 7 Tkt e 1) e
H5 7, BEAR AR R TR 58 B, LR 3R 75 N 2% 19 A7 A
ARV IR T A ANIE 12 a] DUE Y ACA 265 11,12,
13 JZAEFREAE 25 B (AR, LR PR 2 R R ) 45 7R
YIE G 15 55 — S /N, AN REfE MAC 235
Wik BAREE | I2ERUZ M3 22 WG ER
I, EATRSRE I Roofline #5751 [y HEIS R 5 L Ath ) 2% )2 1
1T Roofline SR (1) BLIS(H, £ i 19 MAC R H #6538
98. 12% , A G i H i 1 RE AN IR



734 B F % iR 2021 4
10" 1 6. 88 £%, H: MAC F| FH & 535 98. 20% , i@ it Roofline
x
10 BEAVER 0 . I & 1 3T S S AE R 2. OW, BERL L
O
o © 0 ° 31.00GOPS/W ,J& GPU ) 112. 77 £ #1 CPU ) 334. 41
Co ® 7
. LR A5 R, A SCHE Ay CNN s i 45 1 T T
Lot - A B T4 ARG STBCHRRY He A SO 9
= 5, ~ . N \ N,
= T5 FAEG PR AN AL Z BR A 1 00 T mT A3 Hb 5 vy iy 1
4 1 > . N R
RTINS A U000 78 P 302 O 2 4 4 0 3
CONV2-10 N o 2
2 S FCI13 l a0, H AT B W ) U (EL T
. | | | | B% ik
0 100 200 300 400 500
FLOP/Byte [1] HE K M, ZHANG X Y,REN S Q, et al. Deep residual
K12 RooflineRIFAG learning for image recognition [ A ]. Proceedings of the
RS HEIIELLEK IEEE Conference on Computer Vision and Pattern Recogni-
- Sk ik i i . tion[ C]. Los Alamitos,USA :IEEE,2016. 7'70 -778. .
RN (18] [19] [20] [21] [2] SZEGEDY C,LIU W,JIA Y Q,et al. Going deeper with
convolutions[ A ]. Proceedings of the IEEE Conference on
W 7C706 XC77020 | Kintex-7 | Arria 10 ZCU104 . . .
Computer Vision and Pattern Recognition[ C]. Los Alami-
DSP . _
' o0 205 - %5 30 tos, USA . IEEE,2015.1 9.
Ldjtee [3] NURVITADHI E, VENKATESH G, SIM J, et al. Can FP-
Bk B 8-16Fix 16Fix 16Fix 16Fix 16Fix GAs beat GPUs in accelerating next-generation deep neural
kW , 2 61 ; y 20 networks[ A ]. Proceedings of the ACM/SIGDA Interna-
ot tional Symposium on Field Programmable Gate Arrays
[] =
/GO:;‘ 58.3 17.78 20.49 166. 67 62.00 [C].New York,USA;ACM,2017.5 - 14.
(4] IR, LA, £38, 5. 53R T ] SoC-FPGA [ JT- AL
fEskH , - p , 3100 FHEL[ ], o T4, 2018 ,46(4) :992 — 1004
/GOPS/W YU Le, LI Ren-wei, WANG Yao, et al. Open source pro-
e ] . . . . . cessors for SOC-FPGA ; A survey[ J]. Acta Electronica Sin-
/Gopsypsp | & 431077 |8 1107772107715, 8107711 710 ica,2018,46(4) :992 — 1004. (in Chinese)

b B i s 70 = X T 1B S N3 T = G = = e N
AR CNN ISR 2817 %] b, i 4% A Sc ik v
PPk A R 2 8 B R R A DX, B A By 25 5, A
AR SO 3% 5 (A DSP R A 8005 1) Sl PEA
PERE. XFELSCHR[ 18 ~21 ], N3R5 Hal LI Y, A S0k
TS i RERL L &, T AR = T 82.8%
44.4% 62.5% 101.7%. fi T3k 21 ] 5 i DSP i ffi
FH TS 2 T A S, WO ik AR S, (R AR5
PR TAS.

25 ERTIR AR SCHE Y 5 SR AE TR A I AR A2 PR Y
100 T o] DABRAIE T & 1 15 e
5 B4

15y 2A

AR OB g 550 R AR e BE AL L Y A B
B T — P LT ZYNQ (14T 5 AL i 22 9 25 ik R
0 BCRE A 4 B3 [ i, DA T 4 BRUZ F B A rR
St M AR Tl 9 U T o R R AR 5 P RE L 2k B
62. 00GPOS A RLE 1,53 52 GPU F1 CPU f4) 2. 58 1%

[5] ZHANG J L, LI J. Improving the performance of Open CL-
based FPGA accelerator for convolutional neural network
[ A]. Proceedings of the ACM/SIGDA International Sym-
posium on Field Programmable Gate Arrays [ C]. New
York,USA:ACM,2017.25 -34.

[6] MA Y F,Cao Y, VRUDHULA S, et al. Optimizing loop
operation and dataflow in FPGA acceleration of deep conv-
olutional neural networks [ A ]. Proceedings of the ACM/
SIGDA International Symposium on Field Programmable
Gate Arrays[ C]. New York,USA:ACM,2017.45 - 54.

[7] ZHOU Y ,JIANG J. An FPGA-based accelerator implemen-
tation for deep convolutional neural networks[ A ]. Proceed-
ings of the 4th International Conference on Computer Sci-
ence and Network Technology [ C ]. Harbin, China; IEEE,
2015. 829 - 832.

[8] ZHANG C,LI P,SUN G, et al. Optimizing FPGA-based accel-
erator design for deep convolutional neural networks[ A ]. Pro-
ceedings of the 2015 ACM/SIGDA International Symposium
on Field Programmable Gate Arrays [ C]. Monterey, USA
ACM,2015. 161 —170.



Yo

£

4 H bl

AN T ZYNQ [ 0] AL 3 U 22 I 2% i A

735

[9]

[10]

[12]

[14]

[15]

E&

KOEPLINGER D,PRABHAKAR R,ZHANG Y Q,et al.
Automatic generation of efficient accelerators for reconfigu-
rable hardware [ A ]. Proceedings of the 43rd ACM/IEEE
Annual International Symposium on Computer Architecture
[C]. Los Alamitos, USA:IEEE,2016. 115 - 127.
MA Y F,CAO Y, VRUDHULA S, et al. An automatic
RTL compiler for high-throughput FPGA implementation
of diverse deep convolutional neural networks[ A ]. Pro-
ceedings of the 27th International Conference on Field
Programmable Logic and Applications [ C ]. Los Alami-
tos, USA:IEEE,2017.1 - 8.
GUAN Y J,LIANG H,XU N Y, et al. FP-DNN:an auto-
mated framework for mapping deep neural networks onto
FPGAs with RTL-HLS hybrid templates| A ]. Proceedings
of the 25th IEEE Annual International Symposium on
Field Programmable Custom Computing Machines [ C].
Los Alamitos, USA :IEEE,2017. 152 — 159.
VENIERIS S I, BOUGANIS C S. FPGA Conv Net: a
framework for mapping convolutional neural networks on
FPGAs[ A]. Proceedings of the 24th IEEE Annual Inter-
national Symposium on Field Programmable Custom
Computing Machines [ C]. Los Alamitos, USA: IEEE,
2016.40 —47.
MA 'Y F,CAO Y. Optimizing the convolution operation to
accelerate deep neural networks on FPGA[ A ]. Proceed-
ings of the IEEE Transactions on Very Large Scale Inte-
gration ( VLSI) Systems[ C]. Los Alamitos,USA:IEEE,
2018. 1354 - 1367.
ZHANG C,PENG L,SUN G Y. Optimizing FPGA-based
accelerator design for deep convolutional neural networks
[ A]. Proceedings of the 2015 ACM/SIGDA International
Symposium on Field Programmable Gate Arrays [ C ].
Monterey , USA:ACM,2015. 161 - 170.
ZHANG J L,LI J. Unleashing the power of soft logic for
convolutional neural network acceleration via product
quantization[ A ]. Proceedings of the 2019 ACM/SIGDA
International Symposium on Field Programmable Gate Ar-
rays[ C]. CA,USA:ACM,2019. 120 - 120.

(k]

XA L, 1980 4R H A SBIRTTFESRIA
JRN. 2002 4F 2005 4 Fl1 2013 4F 43 5 76 15 R 1€
P TR W IR Tl K 2% A IR U B T K 2
RT A TR A T2 . B
IREFE TR AF R 5 le F TR 2 B il 32, &2
FLNF FPGA W IR B 2 2 ik Ak

E-mail ; liujie@ hrbust. edu. ¢n

[16]

[17]

[18]

[19]

[20]

LU L Q,LIANG Y,HUANG R, et al. Speedy :an acceler-
ator for sparse convolutional neural networks on FPGAs
[ A]. Proceedings of the 2019 ACM/SIGDA International
Symposium on Field Programmable Gate Arrays [ C].
CA,USA:ACM,2019. 187 - 187.

ZHANG C,PRASANNA V. Frequency domain accelera-
tion of convolutional neural networks on CPU-FPGA
shared memory system [ A ]. Proceedings of the ACM/
SIGDA International Symposium on Field Programmable
Gate Arrays[ C]. New York,USA;ACM,2017.35 -44.
Tk, sk EE 5, E AT, — Al C B CNN iR i &5 )
FPGA 52 B Jy ik [ J]. W F 2% 4k, 2019,47 (7). 1525
- 1531.

JIAN Qiang, ZHANG Pei-yong, WANG Xue-jie. An FP-
GA implementation method of configurable CNN co-ac-
celerator[ J]. Acta Electronica Sinica,2019,47(7) :1512
—1531. (in Chinese)

T R M. —Fh LT FPGA 1946 FUM 2 90 2% Jin i 25
BT S9B[T ] 2 B2k ( A RBLERR) , 2018, 57
(02) :236 —242.

ZHANG B,LAI J M. Design and Implementation of a FP-
GA-based accelerator for convolutional neural networks
[J]. Journal of Fudan University ( Natural Science ),
2018,57(02) :236 —242. (in Chinese)

F# YA, EOE 55 BT PR R Pk 50 4 B
20 2% g vk [T ] T 5 1E B 4, 2019, 41
(11).2578 —2584.

WANG W, ZHOU K L, WANG Y C, et al. Design of
convolutional neural networks accelerator based on fast
filter algorithm[ J]. Journal of Electronics & Information
Technology,2019,41(11) ;2578 —2584. (in Chinese)

Wi AR08 , WA 3, s, S5 TR ) 46 ARUR 8 19 0% i gk A
=LA FPGA B skt i [T]. iHE L Bt
HE 24,2018 ,30(11) ;189 —198.

LU W N,HU Y, YE J, et al. Throughput-oriented auto-
matic design of FPGA accelerator for convolutional neural
networks[ J . Journal of Computer-Aided Design & Com-
puter Graphics,2018,30(11) :189 —198. (in Chinese)

B 35,1997 FHAE, IR 1
JRPER T2 RS LT AR A B L BT 5
Az, EEFETT 1) R IE S > R A Bt .



