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Power-Efficient DCNN Accelerator Mapping Convolutional Operation
with 1-D PE Array

Lee Jeonghyeok-Han Sangwook:Choi Seungwon

{Abstract)

In this paper, we propose a novel method of performing convolutional operations on a
2-D Processing Element(PE) array. The conventional method [1] of mapping the convolutional
operation using the 2-D PE array lacks flexibility and provides low utilization of PEs.
However, by mapping a convolutional operation from a 2-D PE array to a 1-D PE array, the
proposed method can increase the number and utilization of active PEs. Consequently, the
throughput of the proposed Deep Convolutional Neural Network(DCNN) accelerator can be
increased significantly. Furthermore, the power consumption for the transmission of weights
between PEs can be saved. Based on the simulation results, the performance of the proposed
method provides approximately 4.55%, 13.7%, and 2.27% throughput gains for each of the
convolutional layers of AlexNet, VGG16, and ResNet>0 using the DCNN accelerator with a
(weights size) x (output data size) 2-D PE array compared to the conventional method.
Additionally the proposed method provides approximately 63.21%, 52.46%, and 39.23%
power savings.

Key Words : FPGA, Deep Convolutional Neural Network, Accelerator, Processing Element, Data
Reuse

[. & et o U dss 27 93l Neural Network
(NN) Layer 7} S7FsfoF i, olefd off=

Convolutional Neural Networks (CNNs)< ©]7]  AlexNet[4], VGGNet[5], 12]3l ResNet[6]} 22
A E71], A AA2] 27]al FAIB] T Bel woF  Deep Convolutional Neural Networks (DCNNs)7f
oAl AFEE I itk CNNsell tigh 71 Zdgo]  Ar=| At AlexNete} ResNete] NN Layer?] 4=
717} 37)9F 53700] i Top-5 errorv= 717} 15.3%%}

* grfetal §AATa A (A1TA A 53%% Layer ol H#ste] g0l g€ e &
w SFOISL AAAFE BT vl 2 ot}
e globo bl AR FE B 38 w4 (a4 A '

N =2

35



1-D PE ofglo]2 AZZH s

A%& #°]7] 93] DCNNse| NN Layer
AX L, o] 2915 DCNNs2 %2 At
o

ul—o ]

|
i)

]”40}74] 59 E} o] &A
HlolEf o} B2 wie] oA
Z BANT17] el o5
7HE717F AIQEE QA TH7-12
HE715e A Wi ﬂaﬂ
Processing Elements (PEs)& &7 T-dste H
AH&-3te] DRAM®|A| Global Buffer (GLB)=
weights®} input data 2> 4} Hlo]E}7} PEs® A
FHY FLT dHolHE AE7] 9fsi4 DRAMS}
GLB W7o thA] x| 2ahx] F=s vlole Ak
e AR

dlole AAtg WHOZ weightsol] tha Ho]
AREE AES #4588k Weight Stationary (WS)
dataflow[8, 9]¢} input datadl] et el AEE =
8-S 2 43}8k= Input Stationary (IS) dataflow[10]
18] 31 partial sums®l] gk AFol] AREE AES
#238}31= Output Stationary (OS) dataflow[11, 12]
7F AAE ATk 18]al H<F weights, input data, 1
BEE AALREte] AR E«= AE
S #438}8H= Row Stationary (RS) dataflow?} ] A]
HATH7]. o] AT E RS dataflowE A8} 7]
& WS, IS, 181l OS dataflow thy] wW=xg HAj~
o A48 ARE GrjHor v ¢ dlue As T

dataflowE AH&-3Fe] 314 % PE of# o]

Arhe ¥ maHow gl feto]
744 ) *g 2 2H(Replication®} Folding)©] A<= S
oy A5 & utilization of PEs7} A o2

1>_l“

El

1

rﬁ tjo #z_ mﬁ fle ol

_IZ

~]Tﬂ—

2|3l partial sums

‘#1—: utilization of PFEs Txﬂ
EQIt} 53 weightsol o
ato] Y iR FEst 7LiA]ﬂE}.

[e)
Y=

ujjsg

71 o R AEA Ak w1
B2 F9) fgtel FAAoR BAA. vhY
o2, 4l AR Bt

B3 71

o] throughputs 317130 A9
- ML M2 HH'” e Aokt

S AIQFE. (W= weights size, O,
size)
<a¥ 1>& 5 x 5 input data(input data size,
=5)9} 3 x 3 weights(weights size, W, =3)°l| TH
=54 A4ke 2D PE ofellolel migehs 71E
Bzt ad AAte] output data= 3 x 39]
7](output data size, O, =3)5 77| witol] 7]
& WA= 3 x 39 2-D PE of#e]7} Zasttt
wheba] Astell AME-EE PES] e 9olth g, 7]E
W2 2-D PE of#lololA dlolBHE AAREs7] 9
3l weights®] 7} & FHOo 2 AAMEE I, input
data®] 7} 2 tjZhd o2 AJAHE-EH, partial sums
o] 7} & FAHOE FAE I output data’} FTE
o Wil 2-D PE ofzole] 3 WA d& AL
A 4e] PEES AuFA At Ba3 teolgE
old de] PEEETH FEiolo} gt input data
ok weights®] 2 7]2] 9] AEFd Arbs ks
Hl 1 cycleo] ARHETHAL 78k, <a¥ 1>9] A%

ol N

7
tg_.

of
(o3

u

18 M183 M22



1-D PE ofgo|2 7EFH A& k= AdE DONN 7147
PE1 PE4 PE7
BB - Il - B - Il -8B - 1
PE2 PES PES8
-0 - Il --H - Il -0 - 1
PE3 PE6 PES
- H - Il -0 - Il -0 -1
EEEEE gooog I o
EEEEE gpes sEm EEEEE EE 000 OO0 mmm 00O
HEEENE - EEE - 000 EEEEN - NN - NN HEEEN - BEE - 000
OoOon EEm  0og EEEEE EE 0O EEEEE SEE EEE
I | [ | EEE@E
B nput data
B weights

<71% 1> 2-D PE ojFole] AL

= [e)
FA AL
ALO.
=

WS Y o} et

3 cycles's?t A3kl 7} cyclesol A A

PES] % 30]t). ubehA]
Yt utilization of active PEs+= %O]E‘r.

5 input data®} 3 x 3 weightsl
< 1-D PE ool mjgs}l= Al
Abeh= WS output data
x 12] 1-D PE ojdglo|7} &
& 71 HHEY A2
PEZ 88 = §lal 11 o= 3olnt B3, 1-D PE ©f
E}]O] ol dlolHE AAEet7] 21el weightse] 2 3
PEQtel] A= o] AJAHE-H 3L, input data] 7+ 8
THOE AN, partial sums®| 7}
O % FAHIL output data’} A AEFH 4
Tf’ﬁﬁ}tﬂl 2REE cydess 302 FUstal
cyclesell Al S &g ol Fdshs PEY ¢
o|B 2 W4 utilization of active PEst= 1°]T}.
IA% 3 x 3 2D PE of#o]olA
3-channel 5 x 5 input data(the channel of input
data, Z =3)9} 3-channel 3 x 3 weightsl] gt 71

rio r

o
-

m[o o
e -{>

w _l}i

<1y 3>

B output data

W(7]

A AE gk 71

o

T A F 7 s A sk e

HoJEr) Input data®} weights®] 7} channel S A=
02 Ao2 JeRfSaL, PEREY] <= input data
of P& ofnlahH weightsell ek AE = Aetsal
o} obx @a A, 7)E e AR wx 4S A
94? A de] PEES AEFA it o
AlolE & o] de] PEEETH Agwtolofsty]

0] utilization of active PEs7} 7} cycle®l 4] %, %,

ml

1, %, aga é o|B® 4t utilization of active
PEs %O]Tjr a8 AEFA GRS 5 cyclesERt

N =24 19

35



1-D PE oj#o|2 AEFAH dArtS

38k AA-E DONN 7147)

st/ dvk. vl AlQtete W
utilization of active PEs= 1011 ZABFH AMS 3
cyclesst a3 7]E W] 2 cycles © 1 =4
throughpute] S7FetAl €tk o4& 0,9 #
AU EH, 7)E P2 AEFAH A W, x 05.9]
2-D PE ojgjolol] vj=ga}7] wtoll 2= PE7F 9ata
a3 dop s AHd %‘rﬂ 475t ’E}EH
(utilization of active PEs7} 191 7
T PE7} 9I4ks & ol 3 O}X] oe AE
w &3} el (utilization of active PEs7} 1¢] opd
H7F O,—1 cydesset Basta $hd 243t A
Bj7F 2 o] T % YUe cyclesste] FiE 44
3t ei7E Basitt webd, 17k AAAY w7k &
obd 0,7 AAW HE L3t ei7t A cyclesel
A ApAh= HF o] AARE AQkehs WM o
< 7 U+ throughput gain #A| Al Hth §HH,
I7F AAA HH ebd 2438} AE7E DA cyclesel
A AR k= vl ol AAA Aljkeks WA de
o= throughput gain ZfopA|Al Hrh  HE3h
throughput gain> 79| 7157} 2-D PE of#o]¢] &
o A, 5 0.9 Wil A P = 3R max
throughput gains 7}A 3L 71 & wj57F ARGS
Zopitt, a9 7k 0,9 w7t obd 7
9ol throughput gaine FHAsh=dl 71 o]+ At
dh= el = i 243t e 4717 weld
<19 3>9] 495 A= =9 19 57t 0,9 v
Q1 391 75l xﬂ%}% ol F8 243} A
7h dAskA] kol AEFA
U max throughput gam° THAIARE 9] 7H57) O,
o] wjer7h obd 49} 591 Aol = Aljbsl= ol A
= A A AR AAA 71 e 440

193 1 cycles®] zkol& 7HAAl ¥™ throughput

b

gain®] ot 17} 3% uwjf Hu} opxitt. 1]l th
Al 78] A7k 60l Hot 0,9] M7t [ ThA] max
throughput gaing 7FAAIRE 21 gk 19 7H7F 3
A ] 7HA= fETRs Folnh AlSkls W ol
ole]gt throughput gaing 7147] 9184+ 2-D PE
ojgo]e] 7+ do 9li= PEEC] GLBol| 4] x| 27}
7Fsstolof skl 12)7] flajrs ST ‘JﬂJ—ﬂ
T27F dasith 2ejan <Oy 5ol S vR

gz thete] AT

)
m

I‘ BEE BEBR! HBE: 5 |
(2] 3] BHER BA: PIEITY]
BEO | BOoE; Oa; a
BBBA B8 |
BEBR oA Hetsh g
BE08 oon BEH
t t t i t t
<19 3> 749 3 x 3 PE oleololA] AR it 49

<19 4>+ 31449 3 x 6 2D PE ofgo X
7 input data$} 3 x 3 weightsell thst AEFH ALk
S 7 7 v o Fdste S BolE
o 71 WM e AEFA dAE
W, x 0,2 2-D PE ojg|¢]7} HQseg 3 x 59
2D PE ofello|7h B asit) wheb ol 3 x 6 2D
PE of#lo]ol A WA} 4o] PEES AEFA A4t
AHEHA A "k A Fo1zl PE/

| A&

e 1501 . 5 o w19
1-D PESjgo]7} B 3sle & 3 x 19] 1-D PE of¢lo]
6/N7F AEFA Aibel AHEE o+ Atk 6719 1-D
PE ol#lo]= 513 v|®e] 2= Q18 27+¢] GLB
2 A A2} Tbseta, ol SR AR tE
channelol] tjgt $12HS FAJol AJ2HeE 4= Qlt) wlhet
A ARbshE WA Folzl PEZNG 5 Akl A

20 M182 M22



1-D PE ofglo|2 AEFAH b Fadsts A DONN 717
&%= PEZN9] HI= 10]vh obA 239k AAE, 19]
A7 0, WA ghelE 501, 6 12, 18)°14 SGLE0 |Bian| | BOE
max throughput gains 7FA 3L 0,<] #j57} obd ¢k |_ |_
(& £°1, 1, 2, 3)ellA = Aldbsh= ol A= it
o] AH&-¥= PEZIS7F 2HolA]7] wiEel] throughput
gain©| ofd| A v~ 2} 7183l utilization of e o] -
active PEs®} active PEZ|¢] <ju]7} th2 A& B4
314} Active PEZH4== 520131 2-D PE ofeo]olA 2 N n N
5 AAE Falshs PEEC] /190l utilization
of active PEs:= HAEF4 d4to] 5= 7} cycle
o o o)

oA AA| AxkS st 9= active PE/So| T
o & 59, <1 3>9} <71¥ 4(a)>9 4] active PE7]
= 247 99} 150] 41, t,ol|A <] utilization of active

PEst 727} 69} 80|t}

<a¥ 4> 339
(a) 71 W UHJJ

w
>
(@)
2 3
-9
ﬁ
N
_>.:
ru
By
re
2
>
o2k,
o
i)

<a¥ 5> Aldshs W0l AR 7Fe e ohs
mEe] P25 HojErh oA B AAH, AlSkshe
W2 2-D PE ofgele] 7t de] PEEC] Aol A

& Alstojof stz 7 49 PEEg &l GLB
HNAE T 5 glofofgtt}. o & 0], 1A H 3 x 3
¢} 2-D PE ojge]7} 5011 73%01], 37H] dell Shs=
PEE©°] A9l GLB A~ 4= xs shio
large GLB(IGLB)Z 370¢] small GLB (sGLB)Z Yr
o F&atoofgitt. AlQtahs WHE 7 dnprt A=

2 channeld] )3t GAHE dtE 2 Z47}e] sGLBY
= A2 T2 channeldll 393t dlo|El7F A= of
SlofoFgitt.

<ad 5> Aljkehs WS AHEe] e et Mz 7=

L AJEeolAd

of ZoMe Aletehs WHoR ¥ 5 Us
throughput gain®} power savmg% o 4 A
5 A3E AlEdeldS Fal Yehith

A wAR Alteks HWAA de ¢ Sle
throughput gaing 21402 YEpt) o] =

A= throughputs 7-3t7] 913l oFefel 21(1,2)& A
ot SuE HuE fete] F Y EFolA A
9] 3 9 G e prka AR o
2HA] utilization of PEs7} throughput®] 2to]& wHs
ofiiL, A= vepd

)\ 0]
IR

operation _ cycles
cycles second
X number of PEs
Xutiliztaionof PESs
number of active PEs

number of PESs
Xutilization of active PEs

throughput = ( (1) [13]

utilizationof PEs =

@ [13]

>,
=
e
S
>
0(!

AatH, Fol%l PRI 5 Al At

N =27 0]



1-D PE o]#o|= AEZAH oA

sk A48 DONN 7147)

active PEZ & 7} cycleol A 214l ?i"&
)& active PEZ|5=¢] 5ot} wheba] o
&to] throughput gainl 3+ 2(3)& 0}?419} ol
Ehd = otk

throughput gain (3)
throughput
proposed 1)%

conventional

=100 (

throughput

sl A9 sGLBo} PE"}O]OU doje] HEow
e M PEE 71| HlolH dEo R At
= Aol Sty doly A=
weights, 2|3l partial sums A 7}4]7} QloBE Z
67FA19] tloly Aoz Aol ARy A Hr) o
ol A et A, Adete WA T weights
o] zv g2 7} PEQtell A% AL afd PEOIARE AjA}
s g0} 1
BN £ 29, W, A
+ power saving<> ©}]
o] 4%k o] vrebd 4= gith (pg,,pqu,pqp% zvz}
sGLB9} PEAolellA] input data, weights, partial
sumsg  AFT of A AEE Yehfa
Z¥7} PEE %] input data, weights,
A9E yehd

dE=E

input data,

[e)
ppi’pp'u”pppt
partial sumsE A5 o L=

t})

power saving (4)
Pyi TPy TPy, TP, T8,

_ 100><(17 gi gt gp )%
i +pgu, +pgp +pp1, +ppu, +ppp

<19 2 A3)E EUE W, x 0,9] 2-D PE ¢

glo]oll Al 10 x 10, 20 x 20, 2] 3L 30 x 30 input data

¢} 3 x 3 weightsE 71

A Es T s throughput gain

o
= FE.
QL
rlr
&~
©
=
Ak

A
data: er%}&.‘, 18] 31 30 x 30 input data’™ ZFA 0.
2 el oA 23 AXY, 7S T
st AE7E AE AlFehs 2k v 22
o 247} 0,—1 cycles X & 2x(0,— 5
HHsHAl fnk 1ejar o] F &S e e Bt
= cycleso] HA Axtoll AFEH = cycles T AFAoH=E
H5S 7ol whjEgieh. Aldkehks oM e
W, x 0,° 2-D PE ojgjo]¢] g4eA 17} 0,9 4
FHl7E obd ol FE 243 AE7E O, cycles &
Qb dHAEHA k. <19 6>9] BHEHA] 20 x 20 input
data®] 395 BW 0,7} 18¢]7] wjel| 77} 18] A
FHil Aol Adteh= Aol i A4S A
B 7} EA18HA] 9o} max throughput gaing 7HA+=
& = vk 2ga 7k AAk S7Eel w}a} 7]

ol A i 2ASE AEl7E ARk
o}#] max throughput gain®] ZFolA= A& & F 9l
o &3 17b 04 AT HH7} obd 74 AlIgksh= W

ulk

Moy HE

S0

FPN

21 At ARREE= PEY] A Zuk 2R 843}
Aefel| A 3705-E 5170 744 34 F7ketchr 9k
S8} Aol A 5478E ARESEaL ThA] whA e R
s} Aol A 51705 370744 FhAgie) whebA
W 243} Aol 9] utilization of active PEs™

il

o T

X (34 6+--+48+51
BE6+HASH5D) 179} o] el 4 9)

a1 9bd A3} Abeol| A 9] utilization of active PEs

22 M183 M22



1-D PE ofgo]2 AEFAH AAS F3sk= A3E DONN 77]
B BXM_pp guy 5 geme aa 1T SR FE BAF BE7 R ydes el
‘ S st A E7E 70 cycles® 14kel] & 122 cycles
utilization of active PEsi= 36°]t}. Wbl #|ota}= 298 a8 AStehs W 27F 0,9 A5l
WA= BB X3l A7} 2804 & oAk o ¢ o
o H ] 1 T o-dr oEH ]’ HO} ] 5 1L } }L]‘:'E gq,xq ;@].HQ }x]—EH 81 Cycles, —Hr—Er %l—/\ég].

o AME-5= F cycles 360t} webA utilization of

36254 _ 502 7)% Wi $9514)

& cycles®] 537} 360 TR}, wjzbA]

36/36
36/53

oje} &2 WA o® 17} 54, 72, 123l 9091 ¢ 7t
Zte] throughput gaine 31.48%, 23.61%, “L¥]il
18.89%°|t}. aHA|T, 171 0,9] rulEt 10] 2 gk
A Bl AjtehE el M e HE 243t A
7b 71 I S5 YRR throughput
gain< 0°] #th

active PEs+
ok Aatke] A

100 x ( —1) =47.22%0°]t}.

throughput gain-

<% 6> 7o wE Aekehs WA

9% 4= 9J:= throughput gain

Ao WE-s
o]go]ol A AlexNet, VGG16, ResNet502] 7

<E 1> EUZ w,x 0,9 2-D PE

H=
224

dlojojoll A 7] Wrhe] Algkel= WHoR IS
4 Q¥ throughput gain?} 2(4)E EUZ power

saving 7H4 UERATE AlexNeto] 7554 go]of2
oA 1, 0, 2B 17} 242} 27,27, 18] 3L 960 L

JEN7E 27 cycles® AAtel| F
21l

2X (34---+78)
81

108 cycles A~ 8 %t} 1

utilization of active PEsE 7]& WHo]

+70=960]2L A¢ts= W o]

153

ke A0

rr

&

X 27+81 =96°|t}.

96/108
96,/122

throughput gaing A< T Utk AlexNet®] =74
#lo]o] 1594 217} 3.64%, 12.96%, 3.07%, 1.54%. 1
23 1.54%9] throughput gaing 7}A7] ol
AlexNet®] Z&Fd  dololda  Hd 455%]
throughput gains 7H4| 3L power saving 63.21%©]
. v R, VGG169] &7 HlololdelA 1
0, 1|3l 17} 747} 28, 28, T12] 3l 2560 B 71
‘%“?é ol - 28t FE)7F 54 cycles T1E]al ¢
S5} AFe7E 229 cycles® $14kel - 283 cycles A
) 2gaL Ajkeks WS 17 0,9 Azt 0}
yuz b &8t A 252 cycles, i A8t
B} 7} 28 cycles® AAtell 2 Ea i = S R=)

3 utilization of active o]

cycless WFF3HH 100 x ( —1) =12.96%]

280 cycles
PEs+

71E

259%5i§l+29:%6ﬂ3 AljkstE W ol
4x3 2N Q5=
—gi X28+252= 256 0]t} o] 7o) ¢Ate]] A~ QEE

cycless RHF3IH 1.07%9] throughput gaings U<
T Tk VGGle9] A=A ool 747} 0.89%,
56.25%, 8.93%, 1.07%. ~L¥]iL 1.35%9] throughput
gains 7H]7] il VGG16°] &4 #lo]ofo A
it 137%<] throughput gaing 7Fil power
saving<> 52.46%©]t}. P}A| 2t 0.2 ResNet50] 718

CRENEEYY 2R 23



1-D PE ofgfo|2 AZFM dikE +sh= A4 DONN 7147]
A glofofell X it 227%°] throughput gains 7H4 - AAEE 7] wiel] PES o] dfo] wAsHA]
3l power saving< 39.23%°]t}. ool 7)& W N] AEAEE Lok AAA 4= 9L
ALk W, x 0,9 2-D PE oj#ojolA] A|etsl= Wy
2 7] B o] AlexNet, VGG16, 12|31 ResNet50
<¥ 1> Akele Ao R A& 4 Q& throughput gainZ o ABZAH gololo| A 24z} oF 455%, 13.7%, 18]
md thrzz;zzt S;\i,;nzg%) power saving (%) 2270 throughput gamJJr % B.21% 5246%, 1
— — — 2|3l 39.23%°] power savings ©l& T AUAUTH
VGG16 137 5246
ResNet50 227 39.23
AuEd
V. 2% [1] Tripathi, Milan. "Analysis of convolutional
neural network based image classification
o] =AM E [7]914 AASH F 71A] wjg A= techniques," Journal of Innovative Image
(Replication and Folding)ol| &= &L WA 3l= G Processing (JIIP), Vol.3, No.2, 2021, pp.100-117.
< utilization of PEs w41 128} weightsoll o] 2] #7E, “Hejd A4S o] &et A 4 thof

 PES 249 4502 WAshe Y 4R Fo
_Eli

dEEE R EERE R AL

A
AAS W, x 0,9 2-D PE oj#loldl| vjgsle 7|E
WAL Aloteke WS W, < 19] 1-D PE ofgle]

of wjgste] gt ArSE]9lEA Zas PEY
N7k 28194t 2D PE of#olel i o £&4
ol wjs o= utlization of active PEsE ¥
throughputs =9 4 ASch a8la 79 57t

0,9 W31 %, max throughput gaing &

ATE SAEE 1-D PE of#lo] v o8ty
throughput= °17] flai4+ sl IGLBE 2-D
PE o1#°]¢] column $9+3¢] sGLBZ Uro] -8
slojof 3}, o= 9lF & {EL Fox|u AE
Ee15 sGLB FUF AAsloklez H/W 242
SHoA e =7 WASHA k. 84w, IGLBO
23 AEZ# R} sGLBY| To3 AEZH/
tEE o A AA7F 7hsetal ek o=
3 column I M2 F7EHAE gt B3

I3l WA= weights7} ZF PESH] #74

{0

i B A
O

2L

cholo] g5 A MER 914 g ENdAR
8ts] =2, Al16d, A3, 2020, pp.19-28.

B] #AXZ-EA-HSY, “CNN  7|¥ke]  [EEE
80211 WLAN =9 X9 AF,” g1kl
Bg] =i, A167, Al 23, 2020, pp.27-33.

[4] Krlzhevsky, Alex, Ilya Sutskever, and Geoffrey
E. Hinton,

convolutional neural networks,” In Advances in

“Imagenet classification with deep

neural information processing systems, 2012,
pp-1097-1105.

[5] Simonyan, Karen, and Andrew Zisserman.
"Very deep convolutional networks for
large-scale image recognition," arXiv preprint
arXiv:1409.1556, 2014.

[6] He, Kaiming, Xiangyu Zhang, Shaoging Ren,
and Jian Sun. “Deep residual learning for image

In Proceedings of the IEEE

conference on computer vision and pattern

recognition, 2016, pp.770-778.

recognition,”

24 M183 M22



1-D PE oj#o|2 AZZH dANS

Salee 438 D0

NN 7}:7]

[10]

[13]

Chen, Y.-H., Emer, J., Sze, V. Eyeriss, A Spatial
Architecture for Energy-Efficient Dataflow for
Networks.  ACM
SIGARCH computer architecture news 2016,
44.3: pp.367-379.

Nvidia, NVDLA Open Source Project, 2017.
http:/ /nvdla.org/ 69, 76, 92, 94, 96, 97, 113, 114.
N. P. Jouppi, C. Young, N. Patil, D. Patterson,
G. Agrawal, R. Bajwa, S. Bates, S. Bhatia, N
Boden, A. Borchers et al,

performance analysis of a tensor processing

Convolutional ~ Neural

In-datacenter

unit, in International Symposium on Computer
Architecture (ISCA), 2017.

A. Parashar, M. Rhu, A. Mukkara, A. Puglielli,
R. Venkatesan, B. Khailany, ]. Emer, S. W.
Keckler, and W. J. Dally, SCNN: An accelerator
for compressed-sparse
networks, Symposium on
Computer Architecture (ISCA), 2017.

Y. Chen, T. Luo, S. Liu, S. Zhang, L. He, J.
Wang, L. Li, T. Chen, Z. Xu, N. Sun, and O.
DaDianNao:
supercomputer, in International Symposium on
Microarchitecture (MICRO), 2014.

T. Chen, Z. Du, N. Sun, J. Wang, C. Wu, Y
Chen, and O. DianNao: A
small-footprint high-throughput accelerator for

convolutional neural

in International

Temam, A machine-learning

Temam,

ubiquitous machine-learning, in Architectural
Support for Programming Languages and
Operating Systems (ASPLOS), 2014.

V. Sze, Y-HChen, T-J. Yang, J. S. Emer,
"Efficient Processing of Deep Neural Networks,”
Synthesis Lectures on Computer Architecture,
Morgan & Claypool Publishers, 2020, pp.44-46.

A
.
d:R

o 4 9
Lee, JeongHyeok

d:h
44
Han, SangWook

349

Choi Seungwon

A2 7 .

20204 92~87)
saketa $ataApata

AM} J_}z%
20204 8¢ Ei—pr‘lT x{z}xh]%l
J—é’]—é’]—}\}_
A Rok  FPGA, Deep Learning, NPU, etc
E-mail : jeonghyeok.lee@dsplab.hanyang.

ackr

(S
(=)
=
=
=
oo
m—lo
rol
o2
=
=)
[N
=L
offt
>
ol
Erl
fvi)
ofl
B
.

© wireless communication, 5G,
LTE-A, MU-MIMO, Deep
Learning

© ssssang3234@dsplab.hanyang.
ackr

E-mail

20124 39~87)

HY-MC a4 A8
20024~2011

HY-SDR dl41E} AEs
1992Ld~§iXH

199043~ 19923
o)

1989~1990¢

ETRI A9 A4
19884~1989¢

5 Syracuset]3 A7) 9 Akt

g

19884 1249 W=} Syracuset 3t 738
(—J—E]—H]—}\].

19854 124¢ "= Syracusethet A7)3-et
(Z3AN

19824 24 Agdieta Arest (FAA

19824 29 dedistal AR (T}

BARE o SDR, OJ5EAN, A5 AT
E-mail : choi@dsplab.hanyang.ackr

NN =24 25



1-D PE 90|z AEFA ds sk A4 DONN 7447

BAFY 20224 4€ 249
A 920229 59 149
AL : 20208 5¥ 259

26 M182 M22



