DNN accelerator: The hardware design and power analysis of
RS, WS, and OS
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SRAM size (8-bit) 1,048,676 1,638,400 1,048,676
SRAM bandwidth (8-bit) 384 200 128
Total cycles 4,512,512 4,600,005 3,747,732
Throughput 55 FPS 54 FPS 66 FPS
HDL Verilog

Synthesis tool

Synopsys design compiler

%2 7 I layer T = #& dataflow 7 total energy cost

¥ :m]
\I Conv2d 1 Conv2d 2 Conv2d 3 Conv2d 4 Conv2d 5
0.03698 0.82383 0.47104 1.29499 0.75693
(0N} 0.09103 0.58874 0.29437 0.55384 0.27704
RS 0.03068 0.62643 0.34414 0.69398 0.36106




Comparison of energy cost
14
1.2
r_,g 1
= 0.8 WS
5 06 mOS
S 0.4
2 il -
O S e 11 11 11 11
conv2d_1 conv2d_2 conv2d_3 conv2d_4 conv2d 5
convolution layer
B3 # I layer T = & dataflow ¢ total energy cost E i¥ [
#3 7 I layer T = #& dataflow £ memory energy cost
H i :m]
\I Conv2d 1 Conv2d 2 Conv2d 3 Conv2d 4 Conv2d 5
0.02190 0.70291 0.39223 1.13574 0.64017
oS 0.08165 0.53370 0.26685 0.50203 0.25102
RS 0.02620 0.55653 0.28760 0.57589 0.30220
Comparison of memory energy cost
1.2
1
\E/ 0.8
= 0.6 |Ws
0.4 mOs
0.2 II BRS
O !!! I I S - —
conv2d_1 conv2d 2 conv2d_3 conv2d_4 conv2d 5
convolution layer
Bl 4 7 F layer T = #& dataflow v memory energy cost & i% ]
FWHFRES > AP > F energy B £ & PIiEH OS> £ area £
& PEH RS



v

2SR ) NN ]"5'

- Bt B EAEEF Faf - kY P B D0 VR D Ec A R
FOv e P HRH Pl ® s (R BAE S FILRRARE R LR R

hd JEALR o

fAEBELR ATE T R F BB P e R A SR T E - BN
PERAFBER FHT I AR AR 4T P 31 python ~ pytorch 22 % %
HoRF @?ﬁ%ﬁ?&“?&ﬁﬁﬁo@iﬁwﬂiﬁﬁﬁﬁﬁﬁﬁ??ﬁ
i Fchpaper» & B F - BATACA P pE o ARG 2 8Ty o 3R paper pF
EEFL qpHA A B - PR 4R paper ¢ R ;kfraﬁﬂlrﬂ;g@ ViRE
FHRALG R R F D J{I G RGN APE  F - K T Y ﬁ’;uﬁg;\; i
PR ALY G JTEA A Ao T R R 0 AT AP FORRY T paper ¥ AR

e

- B R APFLL Y AP REAEER 0 BNA E e b
LEHEERT - BFMA I FRATFREFTE 2RI pe R pdp gFrd
IO JEATEY O RRFREORLEY > A LTI AP F & B F Il
RFSAPETEI R R AP RS R DL AR B WA e 2

EVRE R ik RF R e EHA P KRR ARG P AR B PR A PR
B ANFETERZFRARBOMF k¥ A5 - P4 LI mETM

.,

pooom P g B xr“ﬁ%?ifé?ﬁ‘ FFY G B TS RERF P T4

paper > 7 f&H i * chomodel > I L ¥ o s TR o
Bk - BY R TiERY o AR ERGIEFINE L AL S
@ F A AR BRI 0 4 ]S B AT e i B P i AE
xR}

NPl T RRT T RN FARN > TG AP - SR
ﬁl?’émii¥'BMC4mm§Mi¢$5&‘fﬁgﬁE%;kWﬂﬁfqgﬁ,
FRGL P L EATRP TR AP R P BLI R R EAPEEES
TR BERRL T mﬂ@soiﬁﬁ A R HE R AP
B2 %75 AN o2y e ® #Fl HAPIFrafrl > T FIEF oA - 42
Wi o AP RN o R B EFTE EPFRIL F AP LG DG
WA NP LY AP ARTLEERE T RR T ROR &R B

el
'k'érévm&iiéfgi,b’ gﬁi\.lfi%'%g o

\

TR E 0 BHRAPEIAF L o AN PAE Y B S K
AP et o XEF B EL A T F S gk FIT 0 EAP iz &
s



R )lf-&
[1] Sze V, Chen YH, Yang TJ, Emer JS, “Efficient Processing of Deep Neural
Networks: A Tutorial and Survey,” Proc. IEEE 2017.



