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Dataflow on FPGAs
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Abstract  Convolutional Neural Network (CNN) has remarkable application effect in object
detection, semantic segmentation and image classification in recent years. In order to meet the
requirements of high precision, CNN models with deep layers need to be constructed. Due to the
large number of parameters of the CNN and its intensive computational demands, it is a great
challenge to the deployment of CNN applications with low latency requirements on edge devices
which are resource-limited. Although GPU can be used to complete theoretical verification of
accelerated computation of CNN model. Due to the limitation of GPU customization cost and
power consumption, it cannot be applied in the actual low-power system. In contrast, as a low

power consumption and high performance system, FPGA has the characteristics of high performance
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computing capability and reconfigurability, which are suitable for customized computing of CNNs.
The method to solve the acceleration problem is to use the customized computing technology with
FPGA reconfigurability. We can use the composable accelerator to deal with various CNN
application scenarios and adjust the accelerator structure to suit the application to ensure power
consumption efficiency. The bottleneck of the existing CNN accelerator on FPGA lies in the poor
adaptation of CNN algorithm, which leads to the problems of large computing gap, the waste of
latency and low utilization of computing resources. In this paper, we reorganize the dataflow
structure to adapt to CNN parallel operation. According to the limited FPGA resources, the matrix
multiplication, convolution calculation, pooling calculation and other units were customized from
the bottom up to top, and the Ultra accelerator (UltraAcc) is proposed. An evaluation model is
designed for hyperparameter tuning. From the bottom unit to the computing layer unit and then
to the whole computing chain, storage resources, computing resources and latency are evaluated.
With the precision result of CNN training, the whole application system is balanced and optimized
from both software and hardware. The UltraAcc can achieve an average throughput of 126. 72 GOPs
on the Ultra96v2, 5. 47 times higher than the first place method in IEEE/ACM DAC-SDC’19 on
the same platform. The UltraAcc was used to participate in the DAC-SDC’20. And we won the
first prize with accuracy of IoU 0. 65, speed of FPS 212. 73 and energy consumption of 1. 64k]J.
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LA B A TE R RRAE L TE B L RRAE B R AR
R 4300 R 2.4 4.

B — 20 i AR A KR A 2L e SWU D
H T Y A [E]. O X RS OL R kernel 2,
B R A AE 2 AT 2 ). BT AT AT 2 TN IT
AR 75 LT RE kernel X8 18 50 < R AE B 98
JE 1 7 ().

55 00 R BRI A G A DXL AR i B B RT
kernel MU IR U575 2 0 E0 40 I 750 3 i

O =00 WO A XU Y A XN T A s
JICE 58 HE AR A5 K 808 B0HE ) 92 A7 DX ) 2 i
BRE LB A ST ZAF NI — 1T 2 & AR
G ZR S T2 AT B AT A AR OB . PRI 2 K
s BB B ARG XA — AT R AT

2P U b U e P OBy = T (R = NI (R A& T
H AN 6 BT 7 He A5 FR T BRI D0 A7 T B 1 4K
FVERE R T B K. X IS ERAE 0 A B R s A T
245y LAIA 3 i ROR IR 1) H Y.

[a0]bo[c0]do]
(o]0 [e0fholy &
o]0 [ko[10]

6 SWU == HERT J5 FriE £ X Lt

BN O E R

(kernel=2)

BEAh A5 CNN AR d i 2080 AUELAR R OC & 18] 7
JE7R T A FIAAE A B 48 X AUE HEAT S HES A 2 e
Ho IC.OC KK 73 5 32 7 SUE B4 4 A4~ 48 15 119
REST . B HE SR A A 5 VR B AR P B RO o A K s [
— T 0 PR RS 2R AT 37 B DF 4. R kel LA S )
— B AR E . T SE B SWU A B B B i
(14 B 30 AL 1 2% DG I+ 22E T 5 BT BV 19 T

7 RE A PR A R e

X5 ¥ AR RO A A b 25 18] B8 A D A7
A0 WP S8 L AR O AE 21 I )L R 122
A8 BT [R) B Dy 3% AT LLAT 2800k e 55 R A
Y S P ERF ] ] B AR A0 4 AR b AL 2R R B i, — A

ST 95 7 2 batch X V HSKﬂJ XV WsKHJ »

ICK K* YR SR B #E SWU o 4 U2 B 5 5048
HEAT AT AR S5 5 ) 22 00 O 4 77 3% A B O, 2
JE PR BOIE B H G2 op X, R I R B AT batch X
TH X IWXIC YR
3.3.2  EMEFEE T BT

HR A DL b 3 A1 A8 B o o) DA I =2 P 7
A AR OB K L T S #EATACE R LUR
3 0D i) 5 53 PR G R 5K T SR T T ) T A
28 0] I TR v B TR AR BT O Tk

(D) &8 AT

F 0] LIAR IR AN T HE S B 10 58 DF AN B
18k SIMD. MVU R4 SIMD Hi 3% 3 iz &40 (Multi-
plication and Addition Computations, MACs) 9 i}
SEGEUR. I R R AL B 5 B A S 0 BB B A
e hnis A DAL e v L SE B R 8 BT R B 1E
[Fi] — Bsf 220 B X — A A 0% 58 LS SIMD A~ [n]
KA 1) 3 4 A

(stmted ) (R h
LA —
—
V1 SIMD,
: — : i Bo..
= E— b
—— : <L
: MACs(SIMDA)

dnis

—or-

HIT LR
N L J
1 s R

K8 i MVU HG

(2) kT8 AT

A EL 5 O P IR A R AXT L
M7 30 i BB AE W] LUK AU 08 3% 43 31 2 A4St
gk, MVU $E47 22 58 38 (1 1352 BUOSCHE . o] DL7E [F)
— B[ #E4T SIMD X PE ¥z 5446, Hob i F i3l
AR BN IEATEE . id o PE. MVU #i2 4l SIMD X
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Bl

1R 2023 4

AL
=B

PE 13§ MACs HHRE B, — 5 il 38 B E0h PE 19
AL 50 1) . 55— T TG kA 1 O TR ABUE R AT
{37 SE YR A% - 45 B B TEA(E ) . 25 A 9 R
FRREE A 4 A - 3R A SIMD X PE (A H 840 5K 2
HI L AU A 7 R b G2 A7 I AT LI A7 52 BUARfiE
0 55 A(EL K R s B A

Jr HEAFIX
A,

’ g
MﬁCS(PEXI;SéMD ™)
=8O Q>
—$2 o1 —w oy

ﬁ%“ﬁ%%

rr-to
Ko skt MVU BT

—> a0 al — b0

blw

3.3.3  HAMIR)Z oo it

B 10 s T oL 58 18 48 B 5T 9 4 B0 A b B
Bt 007 98 /N 7 3 R P i AR 2 4 1 o 1]
SOCHE T L B R /1N » T 245 S R8O8R O v A a1
A ) > BT A D E S LA BRIE ) A X
AR 32 BT A R ) 45 R R

A A O BT X I — G /K BT e K AL 19
JEARAE B &<k A Bl v e Y d R AE 4T 5 5k
PSR I 53 T,

BE oo S B RUs MG ERUEN T k5
PR i PG 4 /0N 14 TR 7 9 0 7 10 T 1 1)
SRS P A VAR S ON T

KA Ui TR R BT R S R X R T AT 3R A
EE T B2 M4 B2 Sk a5 A s =
FARAE o — AN B U A T D A R T R 1 %
B 4 LA N A5 B — A O R A B0 T B A
PR — R dia Ui

s
s

cl —» do

el —» {0

flj

{32 58

L 2Xwidth,,=>8 Xwidth,, L>eo el [0 11 /g0 gl [hO hl —>

—> a0 al b0 bl c0O cl dO le

L

gl —» h0 hl —

K10 798 R % BT

3.3.4

— G K BT SO TR B 1 0 28 R 4%
HR R R SEE AT R 00 A 4 B b AL | ik 1T
AR B — PRUK R ICHER IS H R T4 Ay .
Ii] FH 9 7K G2 A7 647 7 42 ASE ISR oT N Rt K Bk
LA A I 3.

— G G K T

F3 —FHimAKETRWAKLLE
— WKL WKL
ST — 8 AE B4 AE— 7 T A — bR o 5 TR
B IR ARk
AR MR 2 HE— 6 B R A — b AL A% O
A b S | o T 1 B R DAY B4

KXK £HM
2X2 BRit L
i B
T DXL AU MO R A 1 Al 38 B 5
FHAT » A 2 1 G BUR BUR A /0 1 ) NI G
SR EIK S (1 T [ R B VR S A D (T A
AL T VA BE > SN 5 9 T R
K BT RE S R 2 R 2% P AT L
AL BT ) — B K B0 L ROIE R B TT A 58 1 R
SOl TR R L DUBCHE T 2 ob X R AT HS K. A7 58 4 B A

I8 T W19 BRI AL 98 R/ L T {8 )2 ) 0 4z
3.4 FEER

PEARAS B2 X A A BT 14 I S 353 R A
BRIRIEAT VAL, PEAG X R TR B EE R oT, AR
m] F A FE SDWC,SWU, MVU, conv3 X 3.convl X1,
pool \net 55 . VAL A Y JZ WA IRFFE | T3 BT IR A Y
PR = A T3 TR 3 A% R AT AL 2 A, AR R W] L
2 T 2% A BT 3 )L B R T A (R R AT B LAk
R LLIA BT 19 R0 B A A4 28 22 8] 06 R 119 H .
3.4. 1 HURLEEPEAL 5 PRAL 48 bR

N Ulera fil i e 0 5 38 #8128 B 808 i FPGA
WA RGN Z kI 11 FR 59 = A0 B e & PEAG
Al w2 R ER A AL R AR s A e k. b i
A VP UL R A TR T 5T 1 T E N A S A ER
TN & FPGA T R IF & TH, LS R4
OFHIE

R AN BR TR 2 0 0 AR G AR AN [ T Y
DEA < T 3 48 Al D10 e D58 12 2 A 7 0030 O 2 21
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_El R

L

AR B AL ST ) \

|
| mRkmacLoin |
] T \

e

{:Hi} FPGARN £ %;

B 11 MR 7 % 8] FPGA N R G0 B8
07 3 E T BT R B 5 52 IR A AR PR AR R
TR 25 R NTE 2 1 B LR IURAE 2 IR TR 2 T
T 4 8 5 A DR 0 T A B 2 HE A R W R A
FH 58 BB A 2. AR L8R (4 TR & T g g
FGEARAR T B B L T A AR TR N R AT
O5 ST PR N T BRI A AL B R DL gE
FPGA | LB &R 52 2.
AR VRN i 2 LR DA 0 A S s AT
B S AR W R A R A O TR E 8 4T e AE
& F B TER TR bR 0 R IR AT R A 5 1 YR U
AT fits B2 5 0F IO 114 2 o FHOF- 5 1 B 5 8 22 56 PR 1T
il 45 SRR 0 M7 B T B AL 178 R 12 % U B A
BT SE Latency, #7878 FPGA #r  E i1y
PFEHIT o I RS A, L3 (D), Cycles ARF A A

BTE S AT L £ ft % FPGA a@ama‘z%m,%
B 2755 B B WIAE FPGA |38 47 755 2 fkg i ]

Latency, =Cycles, X % (1)

KT A BT UR X B H 2% 8 BRAM (% {f F 1%
Ol FELLUT 3240 264 t T 5 B /N1 Z B AN
i1 BRAM [ f£ 4 25 4 ) FPGA T B 9 A [a] 1 AS
). PO 52 R B B O R PP Ak B 1 A7 A 1 4% 5 T
5 TR A G G 2R X LS 48 Shen % AW X Virtex-
7 FPGA BRAM-18Kb i#F47 #EA 1) 43471 77 6 K & 1t
Hoh B A 58, 25 (M 80D 18 4E B(width  depth)
DA AE HL 52 iy A 26 2 B2 A7 B0 1 7 9 R 3
FE At 1 2 [F) $5CE

2 FE N R MVU 5348 f DSP 5z
BT DSP 82575 5y BCh 3X 2 R FH A6 e A, PR Ok
FE g HO 2 [ DS P I i H Ay IR A

FEAE. T DSP # AR T 20d % I FPGA T/ 1A
[F) A /] s AT 25 20 09 5807 A [ ot PR s Ak 1 10
T2 B R DO T 6 47 5E e 5 DSP
il FIE 00 A9 Bl 55 5C &R LA DSP — i fE IF 1718 &
AL BTV IR A DO R WA (2).
DSP=D(width.,, » PEXSIMD) (2)

3.4.2  JRJZHICITAL

W 7K B 5 45 B2 0 (Stream Data Width Con-
verter, SDWC) ] 3F i % 54 Ui (19 12 98 » LA 3 N A (7]
TSR, SDWC i 47 i SE PP an =X (3) L (4)
Horp elem,,, 37 Fif e 85080 0O A0 AR R 300 18
A IS A2 5 iy L 536 R0 R B 45 0 0000 A B0 DDA O
_batch X IWX TH X ICX width,,,.,

elem[n/mz - width (3)
g IN
Cyclesspwe =
elemy,,, » width;y >width gy
width,y 4
elem X————, width,y <width,,,
Input 'LUZdth ouT ’ IN —= ouT

SWU 1 = HE ) Kicdla B AREICH A0 44  DE e 3
BT, SWU AR T fig nT LLRI4: 0 AN By BE AT 38
A S PPAR 4 5912 in B B 28 28 A7 X RN Z8 A7 X 4
TBUES % 2 HE S 50 ) A R . B B — i 2k A
i+ B 8 T AT B DU A B A X — IR B B
B N2 5 RS K RL K B # 8h o
K. BAE K E KN R KX IW X ICX width,,, bits,
FEUM B — 17 BN A7 X B R A TW 5 4% 17
DX I R A7 i HE AR AR 4 4 B T G2 IR

e g e K

s o o8| K sz

B AT R e G A DX P R THBUHE - A B B s
Bt Ay i E 12.

THATHdf n#k

|
<
A AR A A - Y
KATH sk
) TH— K+ 1500 5 !
NN s [ | #ek s
B 12 S=14§8TF SWU iz 175 &

BB LN, — A IWXITH X IC 1L
K 75 B 9 47 batch X TH R 47 8048 I 28 F1 batch X

A

7]




1148 it "

¥ e 2023 4F

VHS?KHJ YRR T A P AT AR BN (5) ~ (D)

Horp Cyelesi 3275 INECER 5 75 2800 $ A1 J4 100 %
Cycles,a, 2275 AP 1Y T 221 #4014

Cyclesy =batch X THX IW (5)
Cycles, g, =

bazch,xVHS_KﬂJ X LIWS_KHJ X K* (6)

Cyclesswy =Cyclesi T Cycles, ., 7

XFF R bas el i S O, SWU R G2 47 K
ATHHE 3 BL B BBCHE X R 1 S — 3 T8 ) BCHE L i DAL
G5 1C X width,,, » W (8).

Memoryswu putiee = BUIC X width ., » KX (IW)) (8)

FRES I MVU 24038 oo, hF IR 1T
TR, I DA 2 1 9047 . MVU = 2858 iU
PE Y S R T ) | B NN AR N o |
W%K batch X IC X K* X OC X (OW X OH) , %4 3
MVU ¥ 347 4b ¥, 47 SIMD ., PE W /> 4 1 1 9F
frmi. MVU 358 2 %5 8 BT 5 09 S5 40 28 11 5
(RS DOERE 1 p i T 281 SWU 50X 4L
I T 1) B 46 ik B T BSCH R RO MIVU W] DO T 4
OB BV K P02 06 20 5 i A 38 38 1 106 35
T8I0 BCE I @ IEHC SIMD , 22 J5 ¥4 4 H i 18
1 BR 5% B R OT O B0 PE, g 47 IR AT e it A
MVU vl K 31 09 47t 5% U560 55 220 2 A7 80 ace
Flil i A7 store s AU BCHE i B8 A7, BIVIBCE A
—NELERN L LA (O ~AD.

Memoryyy yore =B <SIMD Xwidth ., s K* X Ic )

SIMD
(9
Memoryyyy . =B(32,PE) (10)

Memo VYWEIGHT onchip

K* X ICXOCX width .,
width

A USRS R (1) X A T 2
gty A% T Repkia B, 0 E MVU 4 =Ff
R, Hod g N PE WYX 1.

ICXK* _,OC
(12)

B(width, ) (an

Cyclesyyy =batch X

k1. MVUiTHA.
i A : Stream{ap_int{width,., X SIMD)) IN
ap_int{width .y, X SIMDYWEIGHT

TICXKXK oc]
EPH[ SIMD " PE

i Stream(ap_int(32X PE)) OUT

//IN T34 AR, WEIGH T AU EAL

//OUT 5¢ Rt Ak i Hh 8008 U

1. ap_int{width.., X SIMD) temp<0;

2. ap_int(32) accLPE];// BINFLHELAH
3. FOR b=0—>batch DO{

4 FOR 0w=0—->0OW DO {

5 FOR 0h=0—>0OH DO {

6. FOR i=0—ICXK* DO {

7. temp<IN; //ZBEHE

8 acc<=0; //BUEL acc

9. B EIFATIE IR R IF SIMD A>3 5
10. FOR 0=0—0C DO {

11. W IATIE I B PE A8 ;
12. FAH WEIGHT Fl temp 58 I ;
13. FIH ace BINEEAR ;)

14, OUT=<acc;//MiH 4558

Pool_cal J& A6 i #0358 0. B T R AE 2K
P A B AN P K A BRI AR [0 R, 580 I 2 2% i
IC 4EJE W IF47E unroll_factor BIA]. Pool_cal 1
SRR AL T A A IR AT R A G DL 2). Pool _call
AT DL Tt Ak 53 A A (%) 916 A 15 e O 3 TE 4K
K unroll _ factor, AT 34T W ia 5. ] DA
) i HE 2 2 (13).

Cyeles, .o =batch X OWX OH X K? % —1C

unroll_factor’
unroll_ factor <<IC (13)

&£ 2. Pool_cal WifbitH.

i : Stream{ap_int{width,,, X IC)) IN

i . Stream{ap_int{width,,, X IC)) OUT

//IN T A BB 3 - OUT 58 it Ak By Hi 0

1. ap_int{width, ., X 1C)
/) B R A

result<—0;

2. FOR b=0-—>batch DO {

3. FOR iw=0—->0W DO {

4. FOR ih=0—-0OH DO {

5. FOR k=0—K* DO {

6. ap_int{width,., X1C) temp<IN;

/ /B R

7. FOR ic=0—IC DO {

8. B IFATIEHETIT unroll_factor 4~3@ 18

9. FIH result fl temp 5E R ILBGEH ;)

10.  OUT<—result;/ /% th &5 5

11. result <03/ /3§25 GATE R ) )
3.4.3  — G K B IT Al

AR b — T P B R — SR KM R K
53 39 e 1 22 AN TR T2 o0 B A TR 2 B0 AT LA
B G AE”  AE 0 5 2 LA 5 R (] ) B A
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B ATk T B 38 AT DA ) B BRAT S R 3 7K B
JC 1A B AEE ] 1 2 T RS 2 B T o K B AE ] A
B e B — 2. R K BR R oT R E X
FEPEAL A (1) ~(18).

Cyclespmsxs =max(Cyclesswy » Cyclesspwe s Cyclesypy)

14)
Cyclespmrx1 = max(Cyclesspwe » Cyclesyp) (15)
Cyclespe = max(Cyclesspwe » Cyclesyy; ) (16)
Cyclesps =max(Cyclesswy s Cycles o) (17)
Cycles,, =max(Cycles; e s Cycles s s+ s Cyclesiyyem) s
layer& {conv3X3,convl X1, pool} (18)
WELPEAG AR A AT DL AR JUA
(D) AT SHCE PR KB X 0 1 3155 A7
BIRTT E I £
(2) FEWAKEERY T 5 Bof 2 J] H01 g DA (A BTG oRE
(3) JRIZHICH MVU B ik i) 4E J8 39 6% K Y
B0, I HA AT 2800 DLl i 53 Bt 58 Ak o
K. SWU H il # 5 MVU 3% . 7647 fiff 95 IR
RS e A R
(D) JEZ Hoo A vi R IR E B B4, Wiy
AL 58 8 FR A 22 48 B R SN L AT LA B e A
SRR TS L)
(&) —gpk oo & R i T8 Rkt 5
B s PR s v I A S S B e, — O T T LAGE
T R Xof IS JZ BT Y IR AT S 5 — T ik e] LA
TEBE T L #2828 F 1 47 B8 e 8] 9 5 1k
wit.
BT PP Ak A5 R A S B A [B) AT O 00 1
o3 6L TN A 1Y IEAT 2 RO %S A5 R
TG HY I S ) B8O A — B
3.4.4 by
B 7 Ultra Jin s g /9 83128 ) A5
BEXS BT 1)K [ AU A Sy o DI04 it DR T S8 48 R T
AL AR R HAR S 4R — B 2 RO B A TE T A B
PR FVF IS B0 3K BB A7 i 4E e /M k. p Ak R 7Y
LG DU TRy AL R S 6] A RS AE L AR R R IR
5 R PEAG R BT DL b A — 2 450 T
AR 4 PNER
(DMVU t PE FI SIMD J& 3= 32 91 #6 5 ¢
PR
(2) B A BEHR Y T 5357 58 FIASE 2 2 B0 A7 fidh %
LN ER S A
(3) AN L K B 7T 4 I SiE by 6 I d5 1C AY 5~ 20T
PE.

o5 AL SR T - R 9 S 8 PE
SIMD o m [ n o8 m W n BEER. 18 R RH
BEALI% R k.

~ (0<PE<IC
HRZM: 0<SIMD<K X KX IC
IC|PE
(KX KXIC)|SIMD
WHAKI S0
>iC,<C
H 7 B 8¢ : min(max (L))
3.5 Z|AE
X — 7 AR PR AR DA il Ak P 2 1) 2 A 1k B PE AL

R0 5 2 A I 8 1 ) R AR R B A B
fE GPU X} CNN BEATAIR be A Ak 0 25 5 70 A
By, 8T HLS THSH T Utra . H
rh B 0 25 A Rl i Vivado T 58 LY.
ATy FE LIS HE I SE R IR R WA R
CNN HER I X2 H R UltraAce BEHHA# I CNN
AR B2 TR B Bt AR B A RS i CNIN KRS
JEE I G B, AR SCOR AR TREAL 4R g LSFQYH Uy
2, 3Z 07 LA CNIN K B2 285K FIS J2 B8 174 5% 5 FR 61
R 7€ AR N Y B AR T 2R
3.5.1 Ultranet fji#l 7 &

£ X% DAC-SDCIX —#& 8, A 3C it 1 PR fE Ultra-
96v2 B R PERERY Ultranet #ff 28 (9 45 JE47 H A5 A
55 Fa AL B RSE 23 391 Ol 320 X160, 224 i 2R
fli 8, Ultranet # 5 &, 56 4 0 DLIE N ok & 11 5 B
3. Ultranet BI85 M S 8000 8 3k 4, 80 817
WS4 A 8 ns.

3% 4 Ultranet-Ultra jin % 8 77 58

- SEE) 1 o
M= (IN,J({)JT,K) - %bi/ Tﬁ? PE - SIMD ufg/”ps
Conv0 3,16,3 0.22 0.022 16 3 2.77
Pool0 0. 39
Convl 16,32,3 2.30 0. 059 8 16 2.77
Pooll 0. 10
Conv2 32,64,3 9.21 0. 059 8 16 2.77
Pool2 0.02
Conv3 64,64,3 18.43 0. 029 4 16 2.77
Pool3 0.01
Conv4 64,64,3 18. 43 0. 007 2 8 2.77
Convb 64,64,3 18. 43 0. 007 2 8 2.77
Conv6 64,64,3 18.43 0. 007 2 8 2.77
Conv7 64,64,3 18. 43 0.007 2 8 2.77
Conv8 64,36,1 2. 30 0. 001 2 8 0.17
Total 106. 18 0.198 — — 2.77
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Bl

1R 2023 4

AL
=B

ST IR DR AL 25 1 22, FBN SIE ConvO
i) SDWC. 7] LAE 3 Y 1ile & 7 228 i 4% 1)
AT AE f R 25— DR B g SDWC Hot.
SDWC iz 47 i 4 5¢ 42 /2 13 OREAIE (&1 85080 A4l 24 =X
SDWC ZE4b FE 4 76 3% i s v iy R BRIy 2. 77
ms. Y HME & T AR — 24k, AT Ui #] Ultranet
WEZS TN N
3.5.2 VGG16Beta N %

Ultranet 3450 1 B0, 2 #AE AT LU E 78
Ultra96v2 ti Rk Fizt7. JAMRSCGEA] 224 X224 HEA
RAF ) ImageNet VGG16 [/ 45, H A P57 5 80K
SRk R AL

YRR R A SO VGGL6 R fE Rk g,
B3N JE ) M 48 1AL FR O VGG16Beta, 4 5 7 i Bl
W 4% i fb 2 A bit. B 5 — 2 & R 17 1 ek
VGG16Beta LA K ILPIE T G404 5, W s 17 3 55
& J5 HH Sns.

% 5 VGGI16Beta-Ultra filiE S H R

5 SR s i
MR\ ourao m aac PE SO Sl
Conv0_0  3.64,3 0.86 0.17 1 9 77.07
Conv0O_1  64,64,3 18.43  3.70 1 64  231.21
Pool0 0.51
Convl_0  64,128,3 36.86 1.85 1 32 231.21
Convl_1 128,128,3 73.73  3.70 1 64  231.21
Pooll 0.13
Conv2_0 128,256,3 147.46 1.85 1 32  231.21
Conv2_1 256,256,3  294.92  3.70 1 64  231.21
Conv2_2 256,256,3 294.92 3.70 1 64  231.21
Pool2 0.03
Conv3_0 256,256,3  294.91  0.92 1 16 231.21
Conv3_l 256,256,3  294.91  0.92 1 16 231.21
Conv3_2 256,256,3  294.91 0.92 1 16 231.21
Pool3 0.01
Conv3_0 256,256,3  294.91  0.23 1 4 23121
Conv3_l 256,256,3 294.91 0.23 1 4 23121
Conv3_2 256,256,3  294.91 0.23 1 4 231.21
Pool4 0. 002
. . _ ARM &
FC 12544,1000 12544  0.012 LTJJ?D
Total 15180. 62 22.13 231. 21

VGG16Beta EHZ . i E A5 8] 288
I K R TA) 45 R A7l SR R SN il A XA A AU
Bl B BAE ConvO_1 N, SIMD g B & 15
HOR 2 E A WA R L A REIE U A TR B It
IKEER . P AL 25 1) 2 v AT B AL T
3.5.3 LeNet i 5%

A SC3E ] MNIST-LeNet 28R 6 25 #E 47 /il 4 2%

IR B 2 5k PEAY . MNIST-LeNet 8 & %/,
AT DL 3 W 9K & 3 B A . MNIST-LeNet-4bit {1
JE MBS E B 2 6 s BLE 8 17 3 58 4 5 1Y
6 ns. MNIST-LeNet £ 42 5 AR R ~F ok 32 X32
58 R B A BOE AR 3 padding.

% 6 MNIST-LeNet-4bit-Ultra jin i 28 fic &

; BEE) R i £

M= (IN,EJT,KS/ %bi/ 11/1712? PE SIMD uff@{/”#s
Conv0 1.3.,5 0. 038 76 800 2 2 154. 2
Pool0 9.4
Convl 3.3,2 0. 45 921600 2 2 154. 2
Pooll 7.2
FC1 300,48 7.2 14400 1 1 86.7
FC2 48,10 0.24 480 1 1 2.9
Total 7.928 1013280 154. 2

A3 BT VRS Y 25 1 O 58, FR B HT#E ConvO
i) SDWC. W] LI 2| Y A B & 77 28 0 28 1
IBATHEIE e R 25— AN R BB SDWC g,
SDWC iz 47 I 4 5¢ 4> 2 132 BORRAIE (&1 B0 H . A4l 2 =X
SDWC A PRE I 76 % I H 2% b iy EFREP Ry 154. 2
ps. YHT N & T SRR — P Ak, AT Ui B MNIST-
LeNet 0 285 KR B IR AL,

4 £ Iy

AT LA £ X Ulera ik 28 3547 9032
X B2 RS E Y R g AR DL FE DAC-
SDC w47 T 5 ik, ok $F # Ultra Jinn o 5 14 %
AE P01 LA B S B 17 0 B (L. 0 A 6T T £k A5 78 g
15 Bt PO 32 e O SR AE SRR A
RE.
4.1 XWiIFE
(D B 50 PR BE. AR SCSEI) Ultra Jil 56 25 /2 7F
Xilinx Vivado+ HLS2018.3 F. H ¥ #k F & Ultra96v2.
Ultra96v2 fJ, ¥ XCZUSEG #! = FPGA its i, Cortex-
A53 ARM #i . FPGA % H £ % 216BRAMs,
70560L.UTs . 141120FFs Fl 360 4~ DSPs.

(2) Ultra fin e fic & >R 1 o 94> 52 B )
BRI . T MGHETE FPGA i H A N
PR Cn H AR A0 YOLO #8453 , 814 43 28 softmax
BT B AE ARM 3 58 1. 78 Ultra96v2 # ARM
AT T Xilink PYNQ HEZL 1 AR . 1% 78
744 58 B LA TIRE < K 1 DU X 50 hn 48 8] DDR3 4
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Background

Neural network accelerator has become a hot research
topic in recent years because of its high performance and low
power in practical applications. Many researchers believe that
compared with GPU and CPU, FPGA can better meet the
requirements of high precision, low power consumption and
high time efficiency in practical neural network applications.
IEEE/ACM Design Automation Conference (DAC) holds the
System Design Contest (DAC-SDC). The task of DAC-SDC
is to implement the object detection algorithm with deep
neural networks on the FPGA. Researchers are encouraged
to participate in this area of research. At present, neural
network accelerators based on FPGA accelerate optimization
from convolution, pooling and other algorithm layers. The
accelerators adopt loop tiling, dataflow and pipeline to accelerate
parallel, and then implement neural network inference by
reuse. Such methods seldom consider the whole network and
lack optimization between layers. This problem leads to the
waste of latency and low utilization of computing resources.

Aiming at this problem, this paper mainly studies the optimi-
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include FPGA architecture and neural network inference
acceleration.

ZHANG Wen-Bo, associate professor. Her research in-
terests include co-designing efficient algorithms and hard-
ware systems for machine learning.
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zation method between layers of neural network. In this
paper, the Ultra accelerator ( UltraAcc) is proposed. We
reorganize the dataflow structure to adapt the whole CNN
parallel operation. An evaluation model is designed for hyper-
parameter tuning. From the bottom unit to the computing
layer unit and then to the whole computing chain, storage
resources, computing resources and latency are evaluated. With
the precision result of CNN training, the whole application
system is balanced and optimized from both software and
hardware. The UltraAcc can achieve an average throughput
of 126. 72 GOPs on the Ultra96v2, 5.47 times higher than
the first place method in IEEE/ACM DAC-SDC’19 on the
same platform. The UltraAcc was used to participate in the
DAC-SDC’20. And UltraAcc won the first prize with accuracy
of IoU 0. 65, speed of FPS 212. 73 and power consumption
of 1. 64Kk]J.
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