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Abstract: The object detection networks with high ac; @are hard to be directly deployed on end-devices such as
vehicles and drones due to their significant increase o amelers and computational cost. In order to solve the problem, by
considering network compression and computali cceleration, a new compression scheme for residual networks was
proposed to compress YOLOv3 (You Only £6pk Once v3) , and this compressed network was then accelerated on ZYNQ
platform. Firstly, a network compression algorithm containing both network pruning and network quantization was proposed.
In the aspect of network pruning, a strategy for residual structure was introduced to divide the network pruning into two
granularities: channel pruning and residual connection pruning, which overcame the limitations of the channel pruning on
residual connections and further reduced the parameter number of the model. In the aspect of network quantization, a
relative entropy-based simulated quantization was utilized to quantize the parameters channel by channel, and perform the
online statistics of the parameter distribution and the information loss caused by the parameter quantization, so as to assist to
choose the best quantization strategy to reduce the precision loss during the quantization process. Secondly, the 8-bit
convolution acceleration module was designed and optimized on ZYNQ platform, which optimized the on-chip cache structure
and accelerate the compressed YOLOv3 with combining the Winograd algorithm. Experimental results show that the
proposed solution can achieve smaller model scale and higher accuracy (7 percent points increased) compared to YOLOv3
tiny. Meanwhile, the hardware acceleration method on ZYNQ platform achieves higher energy efficiency ratio than other
platforms, thus helping the actual deployment of YOLOv3 and other residual networks on the end sides of ZYNQ.

Key words: object detection; neural network compression; computation acceleration; network pruning; network

quantization; ZYNQ platform
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Winograd 572 XS RS HG HEAT ) 8, JE— 245 RE PR RE

IR 2 7R R G BRI A3 SR A i A RIS RS
SRR IEAESERE . A5 B Winograd 84 F (2, 3) RERE 75 14 T
— BNk i A [ DR ST R E N O I B 44> B X B
AR A, AR SCIR T ALE A7 R IR, ] 16 x
N_PEA>Block RAM /£l GRG" ZEHJ5 AL . E BRI S
J5HEAT BYSB 7RSS, il T RE A1 PR A BRI L 5 N_PE DA 16 80/
S8 2 R TR 6T ATTA ZE 3, RS E M 0 i
BGRR[0 735 48 3/4 i AR/

Hik2 Winograd F(2, 3B,

WAGF,W,M,N,IC,0C;

%’T LH :feature_mapO

1) foric =0 — IC-1 do

2) foroc=0—0C-1do

3)  IWlic,o0c,0:3,0:3] = G*Wlic,0c,0:2,0:2]*G" /LA

4) end for

5) end for

6) forh =0— M/2 do

7) for 0— N/2 do

orip=0—1C-1do
o th=2%h—1, iw=2%w-1
C)l% = B" * F[ih:ih+3,iw:iw+3,ic |*B
foroc =0 — 0C-1 do
Wi=1IW [ic,0c,0:3,0:3]

13) Seature_map| h:h+1 w0 :w0+1,0c |+=A"(In©O Wi ) *A
14) end for
15) end for
16) foroc=0—0C-1do
17) Postprocess (feature_map[ 2#h: 2%h+1,2%w: 2%w+1,0c])
18) WritcToDRAM(feature_map[Z*h:2*h+1,2*w:2*w+1,oc])
19) end for
20) end for
21)end for

4 L5 SRS

R 3CH KITTI(Karlsruhe Institute of Technology and Toyota
Technological Institute at Chicago )" ZUHESE o B =W AT AP
AR LR RAR S AT T SRR . YIRS
BT 3700 5K KR/, MR E S A 3 T 3 800 5K 4]
Fr, ERALRAT IR SRR B AT NSRRI S
o B6eRBEETRREGIR A . R ATE o2 i R
PASCAL VOC (Pattern Analysis, Statistical modelling, And
Computational Learning Visual Object Classes challenge ) 4573
M O RS RO AR T A T e e

1) BB DT AR L o

R YA S E e AT B AL I 25, I 2R 1E—4 127
] FHNNE=5 B R g AL AT R, P70 501 HEA 7 T S B R gk 22
FEOUAL, fe e HEATRE IR o 3 1 PO R TR R R BT 5 1 EAT TR
FE, H e 1 AT A R AR Y B A A Al D A AR Y Y T B R T
A SCHR D 1 7 BRI — 2L M DR R X L TP

IR P
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IS I (Average Precision, AP)JERBUBMERE, 3 1A, WOSAOREEEBUCEON . B5 A SOt T B P30 H 1L
R R H A SCHY T T RS IR RS B RO, N R R 4 AT A AL, D TR B MO
B M/ R RS R B AR L — IR 2
Fb N TEZE 3 H AR SO I R 48 597k 5 46 1.1 YOLOV3 tiny
SHEATRL G, 35 YOLOV3 B — A4 A , 52 B PR A
FEVE%L (Basic OPerationS, BOPS) i A E A &, H
B S 10° (Billion) o A% 3C 7 8 K 47 J7 3 26 15 (0 KL 0 5
YOLOv3 tiny i BOPS #3f . {H 3k 153 T #84d YOLOV3 tiny i 74>
F6 KITTIB RS BIEE 4% S RE L R R 2% YOLOVS tiny B975 43 2 —
Fie 6 RITT dataset sample SEAb AREET SR Y 5 AL o A SOPFHR Iy ok P e
w1 REATERL S 4R T A L e 1 P 6 L SC 000 T A SR P

Tab. 1 Comparison of model pruning results

#

T A R
A R R Fi e N =
AT PURICING  BURHTE AP %3 AREGEANEURT HEESHENL
S 230 0.74 Tab. 3 Comparison of model size , computational cost and accuracy for
18 AL 85% 61 0.70 different compression algorithms
i T8 BT 90% 47 0.68 B T
- 7 120G 5 VAN
BT +5% 22 HE DY A 85% 21 0.68 Y SH RPMB BOPS ML AP
RiER0] > s bt i R4 ;
i T DY R+ BR ZEHE TR 90% 18 0. 66 YOLOVA P32 230 65,86 07
(] 7 &5 Hh — S 30 T 5 R+ % 2 4% B A3 85 % AR TR XTI Y YOLOV3 tiny"** FP32 34 5.56 0.56
SSESLEE  t P 7 A L, A RO A e oy IO RESS%e P32l 19.25 0 0.70
, . i IE BYAL 909! 1415 FP32 47 13.17 0. 68
AL AT 85% FP32 21 6.65  0.68
T RICHTAL 85I R AL INTS 6 6.65 0.58
4\‘)‘@?&@ R3CikAk INTS 6 6. 65 0. 63

SN AL AT
XA S B JUAS AR B i) 52 B EA T LA, 095 ARM
® J(Advanced RISC Machine ) Zb P #% WA A9 5Z B L M\ ZyngNet £
L) R S B AR SCBRETH RMA AL B B 4R A Winograd S5 1Y
SEEAIEE B Winograd 5875 9 S8, 25 40 4 TR o
3R 4] 0L, 7Eum i o5 b 4200 A ARM A 388 1A 741 1
EANELSL B FPGA HE4T 8 LU AR BRI AT AR TH 5k

NS FE | E ZyngNet FOBEME ST 1 A% SCI0 5 H AR 1 % 47 71

R e TP A7 7 R 2 R OIS 4ok
Fig. 7 Detection results of pruned model 1 R T LG 200 R AT G, MERE 0 B S A R RS
2) R AL ZE Xt 1 A H(Giga Operations Per Second, GOPS)
BB LA Darknet-53 13 9530 T R4 7 % T ARRIRIERRIODIE RIRFDES LR
N s e . it N B v AT s A Tab. 4 Comparison of power consumption, resource utilization rate and
IFLIRR L BB DY B+ SR BE DT B 85% Jy REMEEATHIE , 5240 performance for different computation acceleration modules
b == -
HRIF2BR T G W m
F2 HESBUERITLE ST Hw /% COPS .
Tab. 2 Comparison of model quantization results ARM L PR3 1.62 0 0.023 6819.0
AT K HE AP ZynqNet 1.28 70 4.600 34.6
T A3 (JC Winograd ) 1.31 76 8. 900 17.9
J’S z‘jf T i 8‘ ii A3 (Winograd ) 1.38 70 20. 400 7.8
HONEL/Y .
KL 0.58 HET R AR SCAS A BUA 1AL 4G CPULGPU \FPGA 221> F
KL HORE LM A 0.62 B A SR GE RSN A SCE ZYNQ - 1 A T T Bk it
KLEE SRURBETY 0.03 FFRA S5 5 IR LA 50 L RE S R B B MO A

MR ATLUE th, i TAAAER R, (SRR MARAL & el RERE L. A SCSBLAY 3E Winograd 1AM i 57 2
SRR BRI BV MR T, 258 KLBUSHAL  EAE S GPUREASHIIE , Hk FPGA BEARE £ . LA Winograd H
Al —E R B BBV, A AU BOREAT s 7 % RE A8 1E TG Winograd I 10 S Rl 1 387+ — 1% £ (9 fig
POV, REAS A A IR R RS B . e PR T BB He s 5 HOF S AT He L AR SCEE IR T Winograd (9 )7 & AEHS 7E
VA, B (R P 430 5 T2 AT A, BRLBLRE I Bcib Ak AR AT F A e i S M
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R5 AETFEHMER . IhFEUREEFILTE
Tab. 5 Comparison of performance, energy consumption and

energy consumption ratio on various platforms

LS Mk - ﬁgﬁ Hﬁ/

A FEAE/GOPS  TIFE/W (GOPS-W-1)
Xeon E5-25004243) 119.0 95. 00 1.25
GTX TITAN X144 1661.0 250. 00 6. 60
Stratix-V GSD8!#>43 117.8 19. 10 6.17
A3 (E Winograd ) 8.9 1.31 6.79
A (Winograd) 20. 4 1.38 14.78

5 #iE

b=

AR SCHIZE YOLOvV3 P 28 FEAIR D) #6357 5 T 19 o FH R 47 0F
Y, 38 RN s 4 5 3 T S 0 35 8 1) SR e S T 0 4 A
ZYNQF-HE % A8 TR m ReFE L, — I, A3kt
TEEXS R 2 2 Y O v A T AL B 2 BE R DT RCRT
PR Y E AL ST LA ARG (8K B3 R AR A A v 8 L iy B
B o 53— J5 T, A SCHE ZynqNet [ 3Ll 13535280 T B AU
HARH, AL T A ERAE T Winograd B 46, Kb R &
TARTIFE 5T ZYNQ A MEFIERE . SARREA M
FW A SCAF R ARAT T 585 P REFE LL , RE A% I # 42 YOLOV3
DA K A % 22 R 265 7E ZY NQ Sl ) 5 5%

KT 4 0 48 5% VA R 2R R I .
B, A ST AR e 4y SR AE ) BB M Ak SR R 45 1R
TR P A R 4R 1 P 248 He 406 5 S8R Ak — A M (H R RIS
D5l o 3 A AE R AR B 43, 45 4 Chisel (Constructing
hardware in a scala embedded language)%ﬁﬁ%fﬁﬁiﬁﬁi,\
ST I AR B R 2 A s ) DA B v R U 7 AT
R B DB 2 (A5 5 B — DRI A ql
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