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Design and FPGA Implementation of Dynamic Deep
Neural Network Hardware Acceleration

WANG Peng®“,REN Yiqun®",FAN Yuyang™,ZHANG Jiacheng®

(a. Key Laboratory of Civil Aircraft Airworthiness Technology ;b. College of Electronic Information and Automation;
c. College of Safety Science and Engineering, Civil Aviation University of China, Tianjin 300300, China)

Abstract ; Convolutional neural network (CNN) based on field programmable gate array (FPGA) has been
widely used in edge devices because of their excellent object detection capability. However, existing neural
network deployment is mostly based on static models, resulting in invalid feature extraction, computation
increase ,and frame rate reduction. In order to solve these problems,the authors propose a deployment method
for a dynamic depth neural network. By introducing model fixed-point compression technology and parallel
convolution blocking method, combined with low latency data scheduling strategy, efficient convolution
computation is achieved. At the same time,a simplified hardware implementation method is proposed for the
cross-entropy loss function used in the neural network dynamic exit mechanism,and a dedicated acceleration
circuit is designed. According to the proposed method,dynamic depth ResNet110 is deployed on the Xilinx
x¢72030 platform, which reaches 2. 78x10* million operations per second (MOPS) Multiply and Accumulate
(MAC),1.25 MOPS natural index operation,and 0. 125 MOPS logarithmic operation. The acceleration ratio
is 287% compared with that of i7-5960x and 145% compared with that of NVIDIA TITAN X.

Key words: edge device; dynamic deep neural network ; dynamic exit mechanism; hardware acceleration;
accelerating circuit
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B PR A 2 B 45 4T AlexNet , VGGNet |
GoogLeNet Fll ResNet =l STl CNN R 2% 3545
I HORG B RS A T TR 2 IR I I 25 4844, F2 30
E [ HET PR BT R B 0T A R R N S Sk A
HME LR iR 12 F7 CNN B2 Sz Ry v R
A RFAE TR S B AN [R], — SE AR AR B I i) AR L R L
D EE 45 BT RGN L Ik, S TR
oz WU S8 g A NN R IR OA I A A
( BranchyNet) 732 8% , S0V 28 SUR 40 2K 1 2 — € B
15 B2 () 17 L LR AR T IR 98020 AN 0 B A SRR IE B B
UCEL, 42 1 CNN #8558 75 30 2% 3 38 19 1 53 300 %
BranchyNet FJHIA SRR T 7 G BT
i TR GV G 8 S A TRl 28 W 25 AT T s 11
G5 UNNC RSP/ 5L SR

P37 vl 9 B2 1] B4 51 ( Field Programmable Gate
Array ,FPGA ) A 4 58 K 19 3047 1, A H A] LUEE IF
ATV IR I, GRS e 5 B 22 I 45 1 K
IR R, I HHA R i AR FE A RRE
IS ] DA Ao B A S A A R R A X
SR L . B FPGA W] LA G 4 3245 5
SRR A AN GRE R TR . 18 FPGA Jinig
P24 7 T8, Venieris 25 A 2R ] A5 550008 Ui 48
4 ( Synchronous Dataflow Model ) 531 T —FE CNN
FERIT AT 55 W Bt 2] FPGA SF & B K Ab B 2
R Tk G DRI ke 2 TS SO K A o
B CNN S RUE E 145 )2 2 ] i SRR AE 8] 430 2 A7
A B HE R BN R, 2Tk HEeidE 1T
BB H /N CNN B AL, Li % A4 —Fh £
FPGA 2 A% FPG-A JERERY LA, B AR AT LA B 8
AFE R DL AR m AR B TREZ A
FPGA V-5 UM 58 B, A T30 25809 1 1 3%
B, Liu 2 APl ] Winograd 42 H T — /M E
FPGA 3247 H) Winograd 51k 5 ik sl B4 51 25 & i) 28
W, mELTINUIGF RS, Wt E SR, I H
Winograd 515 HAEIE H T KN 1 B, KL
HHEZ IR,

AT FPGA Bt 1 —Fhm i A 5 19
B X A 533 5 BA S A TREE HY ResNet110 [ 4%
( BranchyNet-ResNet110, B-ResNet110) , Jf: )\ % #5 1
b IFATIBE K LA S 3 /T TR AT
BT B AT R AL R R e 7R
XILINX xc72030ffg676-2 its i~ [ X% iR Py 258 i 47 5K
I, B SR A AR At AR 2 1 aE T 1P, A K
PERTIR MBI L RN 1P SR 54 TP Rl
Z 50 (System On Chip, SOC) , 5E i B-ResNet110 #}

B dweE o TR | RN R U A R
S5 B AT LR A TERE AT

1 HEREHEMLE

AV Y Bl 2 2% R A A SR TR A S
BranchyNet B Mg 1 45 H T B-ResNetl10
(2L, T LA % 30 25 I 2% e 3 T 9 28 RN 4> 43
MR, o, T R 2% )2 ResNet110 2%, 1]
N5 ARG, B R 16 IEE IR
o 3x3 K (sride) Ty 1 WBFZE, 258
PUR AT, H 18 AN MR 25 A58 (plain residual block )
ARk, IE R B 16 G 1E 32 JEiE, 64 HHIE, A
[ A2, 6% =308 20 RS DU 0 A 5 — S Bk 22 R
B AR EAT T oRAEIRAE . S5 T2 it Ak
ER AR H R R A M
(BranchyNet 1) i ATESH 8843 ZJ5, 5 =00 X
4% ( BranchyNet 2) 4fi ATESS = &850 ZJ5 . 7 X ™
251 PRI — R S R
RREUZH , 5332 2 H—1> 3x3 BRZE  —
MR — DU R REUZ L, 283U
R BN A (1) Fis .

entropy ()=~ Ty In 7, (0
. C FoRITARERINES y, BB EMWIR
S48 ;y, Frn Softmax PREL,
exp(z)

&C=softmax(z)=m (2)

c

Kbz, J2iZ AR A 2 5m e,

3x3 conv,16
[ 3x3conv,i6 |
x1

[ 3x3conv,16 |

8

2
3x3 conv,16 |

L2
[ 3x3conv,16 |

v
[ 3x3conv32 |
2
| FC |
S f* &
max
Cross %ﬁtroai)y Loss ’W‘
¥ x17

BranchyNet 2 Avgpool,LFC

Bl 1 B-ResNetl10 #4544
Fig. 1 Network architecture of B-ResNet110
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TR0 B AR G dB A — A H 1 (Exit)
o A3 2 45 3 19 58 U 0 2 A R TN A5 R Y
T, RN 301 2l R A B8 U R T A AR
BRI EUR L4y 3 1 ] AT, D) 5 A
Exit 1 0045 5 518 H R4, A T R = Fg
DU A AL Fz 2, WA RIS 11 0 43 2 485 SRR Ty
FE  FEAYRZE 0] B W 24 th IR AE 43 52 2 1Y Exit 2 #E 4T
T, A Exit 2 WA R A0 R B 20 4
FRIMZETE Exit 3 AbFEAT T, B-ResNet110 4244 A]
DIAR i A PG 0 4R 0E I S 2 B A 3 7 e 8 1 Y
(Y J2E, M Tt SR BT AT (RGO 2 A B, e s T
T DL E [ 4 BR S A]

B-ResNet F%) 2% 2544 vhfu, & B B Rl 3%3
A Ix1, = 3x3 BB 1 2, 1x1 B
MR R A 2, Witk 2 i b oo iy RS 2x2,
FET WAL AR B e 2, A PR
A5 38 U S R, X B-ResNet110 T 55 , 7 B 1%
TR I BT A SRR T Ak
TC R TI BTT FR 25 4R 0 BRIk B
TG, WALy 3 M iR AR ML R T, o,
PEATIR HHLH AL B A58 SUIR R G PR A I A, 75 2
FREHEBR B B i S b RO e pR B A T4k

2 WEFERIZT

2.1 EREWIEIT

TE FPGA H, 58 AN [R) 28 R 1) H5 4 32 B Fr 1 #E
BEIRFII R ARF R . 3R 1 40505128 T FPGA th
16 b 58 SUBURIPE SR o8 U sk SRk H8 8z
B BGE ST A DSP AL A ST R AR, DL K
SE RS AT T R B BRI s TR eT LR
L 7E FPGA i AT 132 0% DL B9 R I 2R
K TFVE S

F 1 FPGA SF A BN 2 B0IE B A 8] LU R B 4% 48 B X b

Tab. 1 Comparison of FPGA floating-point , fixed-point
operation time and resource consumption

Type DSP Period
fixed< 16> float fixed<16> float

+ 1 2 1 4
- 0 2 1 4
* 1 3 3 3
/ 0 0 28 11

exp 2 7 4 7
In 3 13 8 12

P, o 1l FPGA 7R3z 47 #0289 2% I ) BLAT
B (R RO AT AR B A% JBE o 22 I 2% 40 35 L 08 22 19 T
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AR I HR X ITUR A EA S B S 8N4
YRR T BRI, XU B2 i 245 ) 45 A5 =l 4 P
TP B ERIEAT 16 b s AL, AL 5E UG 1Y
FE MBS N 2 Bos

IGbEIﬁﬁ

[ %2 | =ams aspu |

2 16 b EREEN
Fig. 2 Format of 16 b fixed-point number

FESECE AR 1 b IS R, A5 5 00 5 2
(15—1) o1 B9 EEBGH 53, Boe i 72 A1 6 i/ NEGR 43
I, EARJE ) 16 b BT AR (3) TR .

Viisedis = Eili()Bi <27 2"7Bi € {0,1} (3)
2.2 HERITERTIET

HAR FPCA A] LUK GBI T2 5, (A 2B R
LM TR R R, B ERZM T AE FPGA
EEEIF 5 W ME, LL B-ResNet110 R, Hod &
T4 1 36 BLUZE A 5 Y T B B A2 B ( Multiply
Accumulate , MAC) #4E B U T 1. 3 {23k, .2 M
KT > MAC IBHAA 2.36x10° IRZ £, X it
RIS T ih 5B B 1Y FPGA N #F DSP Ak B 85T
FIE, R, BB 2 M 45 50 B E FPGA 24 ),
T EURE A B 28 ) 45 1 46 B SR A R /N B 7
WA BEFE FPGA Wit E.O AT, BRI EE
WothtnE 3 pias, BRI AN N AR SF
HXL BFRHE B, B FL A M A NXKxK 1) =455 1
¥ U ERAE BB RSl MXRXC B A ERAE & A
ey AR T ] 3 B A R 3 R T x Thx TL FHI
TmxTrxTe (3, %R 1 BUZBR 534 Tnx TmxKx
KYe, Hr Th #1TL 5 Tr F1 Te BIXSRIOCHR K Th=
(Tr-1)S+K,Th=(Tc—1)S+K,S Fl K 435 Jy 35 P4
R ARG, @l a, BT E SRR
) 4 J2IEIR IR & 3 Hd 8 J2EIR, X 8 J2IEIF
H R T RESNER Y 4 208 FRH I 10 02 43 B BCHE oA 13
Jrik NP 4 23R8 02 FPGA THR %L b k17
1) B BUTE

NS |

for{r=0; r<R; r+=Tr) //Loop R.
for (¢=0; c<C;C+=Tc) //Loop C.
for (m=0;m<\M; m+=Tm) //Loop M.
for (n=0; n<N;n+=Tn) //Loop N.
/*Computation in the core.*/
| for (tr=r; tr<<min (r+Tr,R);tr ++) //Loop Tr. |
for (tc—c;tc<min(c+Tc,C);tc ++) //Loop Tc. |
| e e et ot o
| /*Unroll*/ |
I | for (tm=m; tm<min (m+Tm, M) ; tm ++) //Loop Tm. | I
| for(tn=n;tn<min(n+Tn,M);tn ++) //Loop Tn. . |
| | oltm] [tr] [tc]+= //Convolutlon.l :
: | DS witm) [tn] [4] [31*I (tn] [tr*S+i] [tc*S+i]: | |
___________________________

B3 HRERDIR

Fig. 3 Convolutional loop partitioning
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PE) FESIG T, AT LUK B 3 20 6 HE i (1 )2 To AR
156 R G FRIATIE 5, PR ek .

ERUTA AT RN E 4 FiR, B AXT
Lite S4B A P05 B, AXT B2k 4% i A 3 H0 40
RROEIE SRR BT 3 TSR R B e
B LK R B AN THRBE Y PE 5
IR AGRIE 5P Tn JETF (Unroll) J5 M B RUB .,
HATEEN n, m A PE 1A PE B4, it Al 1A

IR T IRIT B E, IFAT R m, Hi1& 3 4R
TEAR AR M T LIE Y BRI — A Tm #RS
ZRIE N SRS — U, DRI, Bl 1 PR AR Ry 2
XN B AT R, OF B R s .
T BRI R B RER | SR FRUARL BE VR K £ ]I
XUGAT ST X RG HEAT &, X AR 73 T A
TE—H A PR Z SRS R b I hn gk
4 A RS LR AT T — e %07 ik
BE AT L RAIEAS 3300 G A7 K5 L Py U7 ) P A 32 fi
NI, ST LA D B A i (kg B 1), DA T i 2
IAFAF R B AE IR X T O AR, 7 5 — U
AR N5 A s AT 0 B iy Hh G A R D
(65 58— U A B R A SR AR S o i 5 Ak B
7 i BEREACE i 1 G A7 1) 52 (S 43 A D75 29 52 A6z isf
[, SURET 45 4 BUS S8 U -FE I O 2t o 5
], B e, WnEEdE <0 S A th 247

‘ 3% 8 # #] AXI Lite

B E BT TaxTmxKxK

AXI64b

A | ]
45 4L B B2 F1Tnx Thx T
WERE

AXI64b

=]

AXI64b

® .. PE| PEs
n[+ B AE2 TmxTrx Te
® '—:’_______:
® PE i
|
S { -
Q) I
"[ !
_mﬁﬁ%M§%ﬁ?La
® PE "_ﬁ ----- a :
|
“ | N—
%SH R EFL Trx T T

4 BRITHBAT

Fig. 4 Convolutional computing unit
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Fig. 5 Pooling module
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— R T AXT SR o R PR B AT HLR
FHRDRLEE i K e D B AL S R M AEIR . 8 A
FFAIE PR3 i B (config) 55, 2B % fi Kb AL HR A1
IR A, PSRRI e 2x2 1)
BRE I —1TH 2 DEURE AT /N B A A
Fidm  RIR R SR AT 2 DU AT LA B R
HE PO ) 25 2R v B AL Sy e AR #R AR 1
s PR TR 4 A S A IR AT AR
ZIGBCF- S, WA A O A R A i 22
A B SRR P 05058 10 s L 25 2R AR 21 41
FEfith
2.4 ZEEESER@mHMEET

IEIRE 5 E R LN E, K B0 Y
)P WIE e = NN - N T R e i L IS 4
XA 2 5 B s 2 AT R G A
BB AT X DLRCRURL B K gm0 X,
B R PRt LA K S ik A BB ik i 1) Jy
AR, 5ERZFNALE B A TE
AHEEILE
2.5 RHNEHESIZITSEI

TE BN AR LA 28 0 2 R S AT R HURAZ O3
1 BRI HE AT AR H A e v 05 Y Softmax PR AL L K
A UG R: bR RS 45 1 B30 5 i HAE IR 1) e 1w 1%
. ZEHE AN ZRREIZEE o Bz
PLRO B0z 5, 70 28 i B v 23 VA AR R o Y 7 %
USSR S SUNET IS A I S RS U TR RS IN
EAFFRPRE N EAR B A8 bR, mARRRISD T,
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DL 58 SURRHB R I i 15 2 5 4 e e 2 110 1 ) e
KRAGAHEE &, R 58 SR A5 2K o 500t B8 75 Rl
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() Ry, RRBPRZERE, ZE&0”
17, JF H iy, XN Softmax PRI 4 H UL a2,
Softmax BRI E{C H fe KAENS WYy, BIAREE 17 H:
0", HAZ(2) ATLATE Y, Softmax BRER ) 4
R0 RIS e 4 T e UZ B9 RN E . TR
ZEE A A (2)  AEE2E BBl DU 4
JZ2 1 H AEAR R Softmax BRI il H (B0 A 285 3t
TTHIWT, FRIE W7 5 R, %o 38 SR 9 2% ] A 28 5K
(4) Fros IR ARZE R 07 (28 51X I A9 Softmax H:
RECH07 AT, BT R 2 AR
“17 P2 XT I Y Softmax {E, H3 3 XoF 5 ek £l o,
P BRIEASBE o X AR Ty n] LU -1 1K
Softmax iz 5., Jf H AT A MR IEIZH, 2B #f
BRI T B

entropy(y)= —In y, =
exp(z)
S o))

c

In Lg,cexp(zc) -z (4)
2z SN, XF 2 B e $5 8O AT A AT RE
16 b 8 SEUTTRER R BYIL I, B 16 b E AT
AREFE /T RN IZIT R AR, SO R BTN A
w2, i, rTLLEA AR (5) BEHR R/ 2 B e 357
BOBH AR, 22, W e EEZ T K e IRBUZET
HRARARTE(0, 1) JEE N,
exp(z-2,,,)

t =y G )T
en ropy(y) n( zcexp(zg_zmax) :

lnrgcexp(zc -z, —(z=2,..) (5)
H TR BB B 2,,,, S BRI BN SS 2R 2 =
2o » PRI SE U % SRRSO FT DA — 20 2 Ak R 8 2
(6) LA/ &,
entropy(y)=In CEZCexp(zC ~Z,) (6)
2.5.2 1RETE HERE S LI
AN 6 Firzi , 28 SUH 5 5 R RSCAE 1 S B A 1o AR
H SR FPGA AT LA I T8 B iR v 58
SRR BRAEGHE Be B i 5 s IR AT
TF R 8 i BB DL R g A 4 25 K 4 5147 1157
SERAC IR Bk, 58 BT 38 SO 2% bR I
A SESURAN pR B B 1 5 B R L BEs SRR
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Fig. 6 Exit in advance module
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Ubuntu 16. 04 #:4E R4 LA & Chainer 5. 3.0 fEZ2 5z
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AR FH B 5 5 72 CIFAR-10 Bl 4E .
3.2 EHRFZET

SOC s i an &l 7 fir 7, 45 FL( Conv ) 115 5L
JG Ak (Pool ) TH5E FA T FE TR ) (Exit) 11
JC EEHZE (FC) HHERIT & % Nk (Adder)

AT A 238 0T AXT 4 B4k 5 ARM #
A T MAILFE 1T (Slave HP) A%, 24 SOC TAERT,
ARM 1E N EHLFZ IR B-ResNet HiTFEZE R BIBUK(S
HEHLIT (Master GP) i A2 f 16 AXT 4 52k (AXI
4 Lite) KIXFERIF 5458 MTHEBIL, & MHEHR
JelENE S 5 E A AL (Master) , {5 B Slave HP M
DDR3 2 R AE B 5 B R {5 8, T3 58 e
5 a1 2] DDR3,

Con
Masterﬁggﬁ Master|
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Fig. 7 SOC data stream

FRAEE 7 B 8 7 B 7E Vivado W3S
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Fig. 8 SOC desgin
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B BT 45 R 2 FroR, % SOC T AETE
100 MHz F, 046K 2.853 W, il T 70% £ 45 1)
LUT F1 50% DSP [JAb#ET , TR 3] T 7 & 2. 78%x10°
MOPS ( Million Operations per Second) f) MAC iz %,
1.25 MOPS (1 e 5%z 55, DL f% 0. 125 MOPS 9 H
SRXPEE T

F2 SOCHEEESHE
Tab. 2 Performance parameters of SOC

HXESHL RBIR BOHEA FIHE %
LUT 78 600 55 268 70. 32
DSP48E1 400 189 47.25
BRAM_18K 256 100. 5 37.92
FF 157 200 55 501 35.31
ke /W 2.853
MAC 2.78x10* MOPS
exp 1.25 MOPS
In 0. 125 MOPS
i %,/ MHz 100

3.3 IREESERST

o 25 DO 28 B AR R A o s B AT, R S AR R
Ui b AR AU A T SRR AL R AUER, IR R AN T
ST T A BN I ) A Bt 5 AR AR T b &t SR v R
e 8 USRI i 36 3 4 T
ZEAEANT)E RUVBCT B HERR 2R X L, ZE R 2 A
fixed<m , 1> R FHEL, m AR FE S ENLTE, N
16 b, 183 m b E SBCH /NN AT B, R IE AR
I wBON R P HERf T DL 2 A/
BAIBCH T b I HERA R AR T B A X 4% 5 2 SR
F/INECRIE R 8 b T 9 b I A A A B i v
BREAREK M/ NS AN 10 b I, e R A &
A S T, 5 5 45 1R 25 R E1 0. 01% 5 17 /NEILS,
NN 10 b EFHE] 12 b B B2 P Eff R A Br
W, DRI, A fixed<16, 10> B HE AL 45 S5
TR 45 0 AR G 2 7

*£3 BUEREML

Tab. 3 Comparison of quantitative results

EEE S a2l HERR/ %

JELbG X 2% float 32 79. 5499 9
fixed<16,7> 50.580 001 O
fixed<16,8> 76.579 999 0

FLR% fixed<l6,9> 79.350 000 1
fixed<16,10> 79.540 001 O
fixed<16,11> 79.530 000 2

fixed<16,12> 79.530 000 21

E B AR TR ) RCER R 2k ) A6 5B A i
DDR3, f#i J§ ARM #5741 FPGA w435 1P 528 B-
ResNet110 Jfig , X5 I3 45040 48 i 17 1500 . a4
B FE R SR 8, DL SRR 1B
Yyia 4 a4 ARM it ot Ham i 8t O g 3 L
M,

# 4 YRR THE FPGA " SZ LY B-ResNet110
X} CIFAR-10 2035 4E 10 000 7K I3 4 A il 38 2%
LI & CPU Il GPU 1 B-ResNet110 Fil ResNet110 )
MRZE R R TGS EREN I O g R R
(AR 7 DU B Y A b, D R A B — ke [F]
T A S8 ), 7 R 2 R R 25 R R YA L
T, FERFEI 7T FPGA M T7E CPU - 518171 B-
ResNet110, 13 ik 3] 287% ; %F T CPU R A 42
AR H AL 93858 ResNet] 10, -4k B [H]) 1548 T
80% ., #H % T NVIDIA TITAN X GPU iz 47
B-ResNet110, il H ik 5] 145% ; X+ F GPU H M
AFERTIE AL B8 ResNet1 10, -2 HE 38 7] 5
BT 63.9%,

&4 FPGA 5 CPU AREMHAERTLL
Tab. 4 Comparison of FPGA and CPU deployment performance

it PR i
REEME G %
Exit 1 Exit 2 Exit3
FPGA B-ResNet110 25.56 41.15 13.57 45.28
ResNet110 137.20 100. 00
B-ResNet110 73.50 41.50 13.80 44.70
ResNet110 70.90 100. 00
B-ResNet110 37.20 41.50 13.80 44.70

I

B KRy [1]/ms

CPU

GPU

4 LHERIE

AT AT 3 3 4, A7 R EE K
AN BB SE A BE e B T XA Al A i s
FIZETE H B WA e i8) 1P %11, LA M % B-Resnst-
110 PIZ8AYREESEEL . 7E Zynq xc72030f(g676-2 ith
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FAEERTREAE RGEHEAT T 50T, mAEZRG ARG T
2.78 x 10* MOPS [ fi = 5 1, P iRk 8] 1
39. 12 FPS(Frame per Second ) f*) IF. [m] 7 BH 3 i | &R
GEIFEALH 2.853 W,

Bl BE W 48 7] LUIAT R8> AN B TR
PR 28 R 25 A i 3R 8 B 2 i B B R 1Y



% 64

M AR EARTE 55 ShASTREE R 2 R 2% B REAF g e 1 & FPGA S8

53

F 1o RAKG S ARSEAR R I 25 W 2% 1 5 5 L
WE T

S Xk

[ 1] LIUL,OUYANG W,WANG X, et al. Deep learning for
generic object detection; a survey [ J ]. International
Journal of Computer Vision,2020,128(2) :261-318.

(27 5Kk, 5k, RlATE & I HLHT Y R BE 27 ) 3l FE )
[J]. HiH$EAR ,2021,61(10) : 1205-1212.

[3] BT, EL%E, TR, ETETBERY TN
HUEMERIER [T ], BRI ,2023,63(9) :1277-1284.

[ 4] HE K,ZHANG X,REN S, et al. Deep residual learning
for image recognition [ C]//Proceedings of 2016 IEEE
Conferenceon Computer Vision and Pattern Recognition.
Las Vegas:IEEE,2016.770-778.

[5] BRisa, Bk R &, %, YOLOV3-tiny (1485 £ il
Bt FPGA SCBL[ T ] AHRAHL TR 5 R%, 2021, 43
(12):2139-2149.

[ 6] HAN Y, HUANG G, SONG S, et al. Dynamic neural
networks:a survey [ EB/OL]. (2021-02-06) [ 2022 -
08-19]. https ;//arxiv. org/abs/2102. 04906.

[ 7] TEERAPITTAYANON S, MCDANEL B, KUNG H T.
BranchyNet ; fast inference via early exiting from deep
neural networks [ C ]//Proceedings of the 23rd
International Conference on Pattern Recognition. Cancun
Center:IEEE,2016:2464-2469.

[ 8] MCGILL M, PERONA P. Deciding how to decide:
dynamic routing in artificial neural networks [ C]//
Proceedings of 2017 International Conference on
Machine Learning. Sydney; IEEE,2017.2363-2372.

[ 9] LIH,ZHANG H,QI X, et al. Improved techniques for

training adaptive deep networks [ C |//Proceedings of
2019 International Conference on Computer Vision.
Seoul : IEEE,2019:1891-1900.

(100 SRHaREE, BeHE, XU, 45 00 TREESA~] FPGA s 23 1
RS 1] THEL2AHR,2019,42(11) :2461-2480.

[11] VENIERIS S I, BOUGANIS C S. fpgaConvNet: a
framework for mapping convolutional neural networks on
FPGAs [ C ]//Proceedings of 2016 IEEE International
Symposium on Field-Programmable Custom Computing
Machines. Washington DC;IEEE,2016.40-47.

[12] LI R,LIU K,ZHAO M, et al. Maximizing CNN throughput
on FPGA clusters [ C ]//Proceedings of the 2020 ACM/
SIGDA International Symposium on Field-Programmable
Gate Arrays. Seaside : ACM,2020.319-330.

[13] LIUX H, CHEN Y, HAO C, et al. WinoCNN; kernel
sharing Winograd systolic array for efficient convolutional
neural network FPGAs [ C ]//
Proceedings of 2021 IEEE 32nd International Conference
on Application-specific Systems, Architectures and
Processors. New Jersey:IEEE,2021.258-265.

acceleration on

EH =T

T OB B 1982 A TR HEEN, WA AR 6, B
WF5E 7 10 A ML RGeS T Sl A48 A 8 435 A
AR,

B J 1997 4F 4 TR, Wl HF A, BRI
T 1) Ay 28 ) 24 B AP ok,

SEERE B, 1988 AEAE TNV A A, BhERFST O
FZWFIE T ) LR TS T IIE  BLR L R R B
EAR PN 2 T i1 B

SkEW B, 1999 A FIALR, R AR, R E
5T T 1) e 22 I 45 B A ok

- 365 -



