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A programmable accelerator for convolution neural network

LLIU Si-yang, JIANG Jian-fei, MAO Zhi-gang

(School of Electronic Information and Electrical Engineering,
Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract: In order to fully explore the parallelism of convolutional neural network (CNN) computing, hardware
accelerators are more attractive for their characteristics of high speed, low cost and high fault tolerance. A novel
algorithm that can optimize the CNN network layer by layeris proposed. and the corresponding instruction set is
designedinthis paper. The proposed algorithm can be used to find an optimal acceleration scheme for differ-ent
networks with specific computing and storage resources. In the optimization process, different types of data can be
quantized to half-precision to reduce memory access. Based on the 40 nm CMOS process and the proposed
algorithm, aprogrammable accelerator for CNN is designed, which can achieve peak performance of 416 GOP/s
under 200 MHz working frequency. VGG is implemented on our accelerator as a case study, and the latency of the
total network is 116 ms.
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Algorithm 1 Optimization Algorithm
Inputs:

1: Total SRAM resource

2: CNN structure

3: Systolic array size
Algorithm:

1: for k=1 tom do

2: Choose collection Ry,

3: for i =1 ton do

4: Find x; € Z; N Ry to minimize yy;

5: Find z; € Z3 N Z; N Ry, to maximize yo;
6: end for

7 X ={xi}

8: Total cycles: y1 = Xy,

9: Total resource utilization:ys = Yy9; X %
10: end for

11: Find X C {Xj} which can minimize y; and
maximize y2

Outputs:

1: X: Best acceleration scheme
2: y1: Minimum latency for total network
3: y2: Maximum SRAM resource utilization
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VGG16 2 & %ffﬂ iﬁiﬁ; R/ %
CONV1 10.3 10.2 0.97
CONV2 20. 59 20. 6 0.05
CONV3 10. 3 10. 3 0
CONV4 20. 6 20. 53 0. 34
CONVS5 11. 84 11.9 0.25
CONV6 23. 65 23.53 0.51
CONV7 23. 65 23.53 0.51
CONVS 9.9 9.95 0.51
CONVY 19. 76 19. 95 0. 96
CONV10 19. 76 19. 95 0. 96
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B AHSE 4 DRAM 5], 843 RGHr 4738006 A
fhERVES | R HA AE IR X S EIR 7E 2. 1 T2 Y
B TCEMEOTE R LA VGGL6 4% R ], R
BB B PN AT [B) R0 K 0 T 38 I B ek m A
X g2 s/ N BRI R B R X T2
AEE (A B TR) o 4 T 38 2 98 3R (1) 46 KB 43, LT
Yo SR A7 (1 45 KA 0T T I A 3R WA R Bk R Ry U A
IR 55 EIR K/ 2 55 FH K i DRAM /) 2 F
JEIR (19 5 M 42 B 11 5 DL 1, 20T LA 1

XFF VGG16 14 i 45 2 AE Ui AF i 35 T 20
(2) " memory_types B4 KR, 1A ANV A7 4E
IR TC T T 43 B (14 B 1 PR 25 A SR A D A7 T
SRy 2R AR DU 2% AT AEE [R]— B ) BE Y 3 )
Wi AL . 78 VGGL6 [ v . % B R 1Y
ks B AT LB 2 (FCL4 i FC15) [ #4{A 4iE
IR 24 17730 AR 4 A R 2 G AL B A
Bl 5 CPU 55 (0 77 s R B 45 Rt 17 % L,
FA LT RIRE 15 22, 33k 32 B3 26 12 A BLER 1 6 B
A FEAN S35 R K 2 (ARG FE R 2K

1 4 AR /A /O 0 ik B R B
Pl 5 TLFAH A, PRI AT o] A — 8 R oh 3
TR R a1 0 B R e 0 A = e e 219 s W @ X
SR — 543 1T T T 75 T DA AR G b BRI
FINAFJIRZER. AR ANEE W % E— 2 7 Hr = (2)
H1 memory_types (4B 5 13 R EOX IS



4 e T L

2021 4F

AR 2R T, T i b 2 TR A 5080 » AT LIRS H: b i
B AR AR A A A BT R T A
AU B R P R A A BE . AR BT L 2 T
AR AL T i BN SR PR D ] DL a4 H A BRk  AR
Yot — = MUAF 5T BB B A 23 B ) 23
9 5 5 X A S22 B0 3K DU A R4 7 oK R Ak B
3 MnE=RFE AT
3.1 EEKLEH

ASCHE A g 2R & 2 R L ksl

TRtk PR 2 , P 2% - SRAM., Bl 4% i #8 A
PU 55 FoT 4 .

AT
oy i

fikzhF4E3] (CONV/FC)

1
DDRC — > SRAM PU 51 8. TG(RELU/
| POOL/BN/SOFTMAX)
A J

B2 sk

B RUZ R 38 32 2 R B R A Rk sh 81 b idk 1 7
(1, i RELU, POOL,BATCH NORMALIZATION
1 SOFTMAX 2 i3t 58 & 7E PU 5 5o rh ik
1.
3.2 MERBEFEHRTIEER
3.2.1 A AIEE . FMESIEH S

I g EE poTek R S E SR 8L
FERBRS A IE K . N DRAM $5 2 Hiu ik Jin 25 46 17 119
84, MiJa—4484 M DRAM m# s i k5. %
TS TF 4R 120 2 B IR AR D A 6 4 - AR 8 ik 2B 45 4 i
R 2% K Sh PSR PU 5 BT 0 T A
2. )2 BHE A 1R A B 58 B - 18 2 ) 45488
PR TAE X SR TAE N B HE AT B,
3.2.2 HWBHHE

BRI UFEAE L Z 0GR XTI g i 5 » vl LA
B BRI A ZE VTR ER RN 2 AT BAE ER
W 3 FT7R. B el 5k SR A 8 B 4G B0 e 0 A7
IOy S LAFE A B8 A6 » 10 48 1 7
P B 3 R 0 LA (R 0 B ol p s 25 1) 5 B vh R
52 B B I PR A 3 4 1 9 P 1 UEIOR B J2 AR A
(A3 N DRAM . Hp BP9 854l - 74248 2 A s 1

TEPRIF R oy Pk AT B 5 A7 AR 1 SRAML
[ Rt ] LA A DL 48 A 2 ) P9 SR SR A I
AR Bl s g A1 S i3k 45 52 BT AR ) A%
BB R NHEE AN i AR AU A L3
SR BP0 R AR B3 oy, Bk P&
kS FEF AT HE B TT Y T AR

S AN, SN ERRR

for(b=0; b<B; b=b+Tb){ |
for(ow=0; ow<OW; ow = ow+Tr){
for (oh=0; oh<OH; oh=oh+Th){
for (oc =0; 0c<OC; oc=o0c+To){
for(ic=0; ic<IC; ic=ic+Ti){

[ A Eiks, wEeEsE

for(bb=b; b<min (b+Tb,B);b++){
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Technology SMIC 40 nm
Area/mm?’ 24.8
Power/mW 564 (1. 1V)
Frequency/MHz 200

Total SRAM/KBytes 1589
Instruction SRAM/KBytes 8. 384
Bitwidth/bits 16
Peakthroughput/GOP/s 416
Energy-Efficiency(GOPS/W) 473. 82
Average Conv:328. 69
performance/GOP/s Total:267. 24

CONV, POOL,BN,

Support layers RELU, SOFTMAX, FC

Computation time(ms) 116

F 4 FOHEEMEFHIXTLE

Work SCHRL6] SCERL7] Ours
Technology/nm 65 65 40
Frequency/MHz 250 200 200
Area/mm’ 12.25 3.5 24.8
Bitwidth/bits 16 16 16
Peak performance/(GOP/s) 84 76 416
Voltage/V 1 1 1.1
Ave performance Conv 21.4 67.7 328. 69
/(GOF/s) Total  NA NA  267.24
Power/mW 236 260 564

Energy-Efficiency Conv 90. 7 260. 4 582. 8

/(GOPS/W) Total NA NA
Conv 4 309. 5 453. 3 93.4

Total latency/ms
Total NA NA 116
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