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A1E AE

=g HSAUAL(DNN — deep neural networks)E2 ZHEA(Meier,
B. J., et al, 2004), A& (Bojarski, M., et al, 2016; Lin, S.-C., et al,
2018) AUtE® (Vasisht, D., et al, 2017), FxEoF(Cheng, H. T., et al,
2016; He, X., et al, 2014) FolA B2 ANE Hoigt =
eHAE T2 9 FA FopoA Hojd de= HolF3U7] wiZol DNN7I
S5C a7 58 ZEIF FopoA B2 dA47F 8gE

T 2 B2 AlAA o
sl o2] DNN& A<ttt DNN9| g gt A
g AHE AE 4 AT HEY A AAAZE F
5 43 DNNRES A2sis Ao dsHr Eag o P
4o o8 we AAS B DNNE AgshA ek &4 oA ol
A

|
1
=

7|Ee] EA5t= DNN 4t ddla A4S & $= AR
2= DNN #2544 AAdstAY HAske PHE Utk 7]& =& 4

2 HoFYH Resnet(He, K., et al, 2016)& #a}sts FXE o] 8531
Densenet(Yu, X., et al, 2019)2 DenseE2S ©o]&5lo] 42 oA o] AHH
EAS ol E HARIHUY. =2 ASgLtts F45h= DNNEY 29 =
gheE ZIRE AH 2 oie] A2 AesE v B 3!
NAE d&sHA AT 4 U= DNNeo| thofide w2 A7 Aot 3=
skl DNNE9 542 AtE Aol 22 &7 % %
stz 9ol AsLrt EoledEte ditd e
MobileNet(Howard, A. G., et al, 2017)& dAtefo] & ddh A
o] tAl depthwise—seperable 71224 HoJo]& o|-gslo] A
g 4= Q3 ShuffleNet(Zops, B. & Le, Q. V., 2017)+= MobileNet9]
depthwise—seperable AEFA go]ojo|A ARgoh= 1x1l HEFHA A4S ¢

Aol B A2 1xl & AESFA4 d4te = diARith



d+E DNNS9 542 54 =22 fd AHge] 23 »Arelet DNN
TxeeE Aotk M2 DNN #Z2E HzRgl o= A2 B2 ]ZJ'J/} 3=
= ez Stk olyet AE Hlojur] 98l NAS(Neural Architecture
Search)gt= dAFEo/t 55T, NASE H1EA(Zhang, X, et al,
2018)ollM A& Altd HHolw HEEE =2l RNNEZE o]g§sho
DNN x5 A4t HEEH+= o ¥H&Ertd DNN 25 A5, A
¥ DNN-2 ImageNet(Deng, J., et al, 2009), CIFAR10(Krizhevsky, A. &
Hinton, G., 2009)7 22 Ho|EAlS o|&sto] HASLE Hrigttt. o] 4%
TE ol&st HEEHE St5AI7IA HH sl d 45 HEEYHE ¢
2 A%k DNN 25 45 Ao NASE ©]&std 43 DNN +

£ st f #3124 4 Qo
ojzlgt NASE HHIY, dHlt|=ef &2 x| tjHjo] Ao A-gst7] 945t
AGE ALt MnasNet(Tan, M., et al, 2019)-& 2H}e! HFofA Alsy
8 4 9l DNN2 27] 9Igt NASoltt. b4 dg¢ MobileNet¥}
SuffleNet™} &2 MnasNetol| A= A3PAIZte] digt AofxAS o]&ste] 1
EED7F AAste DNNO =& AdgA|gte] 2T HomA =& Fge
A= DNN& A5t s frgtth o227 54 tulo]LofA H&stA
= HAs5H7] 984 NASE AT 4+ qler =

] ol
2 AN} gEo] MAC, AMgs= wmeale} 2o AL o]f3ste] o

|E

NVIDIA(AH ] Jetson AGX Xavier Developer KitD2 Z-& F9 &
283 22 DNN7|RF 382z 080 A52 9o /Idd 145 dd-
E AAagloldt, olgqt EHE-S CPUSt 22 HEHl Folet GPUL DNN
A9e 7457 9 GPUROIZL EAjgch. NVIDIAGHIIAE e GPU
= 98 CUDA runtime?x} cuDNNzZto]H2g|ep) 2 AT EQJo]E Zﬂ—‘—
stH, ol DNN&ojo] Q4o Bast GPUS| WHAe 7|5 243 &

or o

1) Nvidia Jetson AGX Xavier,
online: https://developer.nvidia.com/embedded/jetson—agx—xavier—developer—kit

2) Nvidia Cuda-Toolkit, online: https://developer.nvidia.com/cuda—toolkit

3) Nvidia Cudnn, online: https://developer.nvidia.com/cudnn
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& 5 LT TolEr
oj2] 7] DNNXEHo] GPUA FAlo] Addd Z-¢ Hd 4+ ¢l 5
Ash7t AST, Xavier SoC(system on chip)9] GPU Fojso] wWE A4k
A& $I3t Streaming multiprocssors(SMs)2t Hyper-Q 7|&4& & E]
»YE A A sHA| T, @2 DNN Zdofx @3 H GPU 4t
AYL 4 U= AFE HolA7l gk 183 DNN Rdlo] /o] mm
Azaox AdE S dEAE weh QHo|Ert A5, ‘%‘_}ﬁoﬂ ek mEA
2 YHe] d3id DNNE= 2tz vjxetel& wol= GPUE FFAteLe
|Enttt F718F 7o Alojx7] Uﬂ—‘j‘r:oﬂ o|& ¢

1-

Hl
2
19
ol
£
N
N
)
Z,

rol

2]:]1—5”57]_ 2l k=i wl
Je3 GPUS FlelAE ke Eolv] §15) urHoR DNNAG A
=7 o= CPUE AT 4= it CPUS GPUSQ| W&ol A= W4, v

g 2 T o A7t 27| "o F Fole HE A= HoE. o]
2 QI8 CPU-GPU Co-Schedulings ©]83F DNNAJJ2 GPUT-E ©]-&3t
+ A Hoh 13HE FAF0] Hon 98 ¢ W2 Aee HoE +k 3
of. 23 DNN 2@ o] A2 o delojg2 & Ioitt & 4% 4
AHE HolF7] o] @mepqlofA mlz] DNN go]ojo] Hole& 4Fs5te]
o A9et FolE AEd 4 Utk o]E &l DNN 2d E= goJojE A

&3t Fojo] €I 4 U
2 =wolde AR Huto]lAoA DNN RHEe] dAths A3t & Sle
TS 57 #le= vieEn. A ¥ oA tupo| o)A dgstA A
T 4 3= DNN& "M Sh= ZolH o] DNN2 AdA|zho] gt Atz
AL WESHHA =2 AZLE Zb= DNNeo|th o|E Qs =Hid 3=
1t NASAF¢l MnasNet= 7|Hte = Mz thasm2] BATTE AlQtet
oh. Aotsh= HAR = ARAIg st AlRtxdE e d-fole d ¥
Ble=s = HAS T8 AAEHA. o]

4) Nvidia Hyper—Q, online:
http://developer.download.nvidia.com/compute/DevZone/C/html_x64/6_Advanced/simpleHyperQ
/doc/HyperQ.pdf
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T HAE= 7|20 25t o2 F72 DNNE 549
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9131 GPUSIA 9] o} DNN Ageld A71= 2AH< BAska GPUY
F2g A5S Ao g o]Fo Y 9SS Aokttt 181 GPUY]

S E9o]7] 93] CPUE o]&st= CPU-GPU Co-Scheduling T YLITE
Aleretet. o] ZY A2+ DNN= Zlojo] ©el= Zeste] CPULE GPUO
AdsHA e 5+ J=F APARE dSrdS o8, CPU-GPUZHY
dlolg §4l LHE B F7|3te] QHSEE 243 Sttt A AFoA =
DNN 7I&7]2 GPUE o] &sA|T o] AHAl= NPUt &2 t& F7Y

DNN 7H&7194 % 474 289 & 9o

B o=Re 23olA A7l "ad mAAAC i Wee Aedt 1
93 3 A E oA ﬂﬂ}ﬂi% 913 DNN2 =45k NASE Aetstar, 4
FlAde ©E DNN2 dast 1 e AAstE TS At whA]
oz AYe 59 Zﬂ?}ﬂ% W5 tste] AF Avs g
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Al 1 @ NASNeural Architecture Search)
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oP Cell l Cell
[ ’ .
. Cell e CONCAT
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oP Cell ) < —
1 i [ cen )
Image Image
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B. & Le, Q. V., 20174+ RNNEES AEEHZE ASSH. AEEZ =
DNNE& Aot o] DNN= CIFAR10, ImageNet¥} Z-2 flo|gAlo=z
SAA AL E Hrkjtt o] A= AEEDE o556t ARESHY
Soll= Aeletad eSS ARgRtt. AEEH = shao] A¥EUA HE A
g7t =2 DNN= A4sH "o (18 2-119] (a)+ dlelo] 7|5k NAS
o] DNNF=xE Yehdoh 745;315 5ol APEHE= e @ &
OP(operation) 9] @A4HAFE Aty OPY §H AAAES FAFIolgh=
o] 50 & ARgAte] oo 2|3 AojErt.

(28 2-119] @& 22 F2= ot +25 94T 5 AT o]
A~ fe) (o)

Lo o
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- EURCIES oqa HJ BJ—%}O% %—POW DNN% A5ttt o
of A 7HAAL e HE Ao FxEs g ofjt fxe g3t

AN E Z AHS = & ATh NASNetoﬂH

NASE AH-835}o] MobileNet, ShuffleNet?} Z-& muIY A8 A=
34 At DNN2 &4 MnasNet(Tan, M., et al, 2019)oA= A3+
=) o}x/]a} ——zrl_ ARYAIHS o]gste] HEERE 53t MobileNet}
Hog BEoF 248 1385t MAC(multiply and
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NASE Aleretet,

A2 A GPUY B 4]

Process T: Thread C: Context

Time
Slice
Scheduler

[19 2-2] GPUE AFg&ste= CPU Z2A|A0 X

[198 2-2]% GPUE AREoh= Z2RA|AS x5 Uehdity, dytyoz
CPU= ©2E, GPU+ YHto|Agt gttt CPUS ZEA|A= GPUOA 3iE]
AEZE @92 FARI ZF ZeAA9 A oA HMYx= GPU Ad=
e T AYAEE =54 AGHT. GPUIAE Yol gt Ao 3hte]
AUAERE 45t AAFIHEet o AIAEZE E24F wof= [18
2-219] Time Slice SchedulerE £33l AHNAE EA5l= GPU FIYES H
Zofrtm Asytet.s)

(198 2-3]12 GPU9 g4 &9l AT 42 yehdt. GPU=

1
B2 BAsHA grom CPUS B Bae Wolop d48 49T 4 9

5) Nvidia multiple—comtexts online:
https://docs.nvidia.com/cuda/cuda—c—best—practies—guide/index.html#multiple—contexts
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.GPU kernel Issuing lGPU kernel execution

AGGFE AdstaiH o2 72 S AFoF stk @ CPUeA GPU
HEES EAGH @ CPUOA GPUR AYgHro] Ay
C

ARE Bk, @ CPUA ol APHPRE o]g3to] GPUA Adg<
S APFh. @ CPUANA k& 835w thA GPUS| #M%gHE< CPU W2

2z BARGIY. o] ol AddeE 2E2E sAdE AdEHE CPUt HE9
AP o)A vlE7|Hoz AHct, CPUNA o] 7] Adss APe
8745t GPUIME A2 or A2ty 7deto] Trolqfet #A glo

CPUoIME HE Adds 445 8457 u e &d< olofd & Atk
Al 34 A GPU fufolx A7

NVIDIAAhHoAE ELXHA WAl 2 e 8oz JHES
ZHEQT Jetson 718FO] 1g YHHE AAELS AERITO.
1 F 9= GPU 7)9F AIAH] Jetson AGX Xavier(©]st Xavier) & E]'
fufolAs ARERtE Xaviere= System—on—Chip(SoO)FEH 2 AHA = o]
sP7F 7bsstH aH o]l A2 EAo] AT AW A|AHle] H|S| A
gt [1¥ 2-4]= CPUSF GPUS| w|®e] o] mg Zo|E Uerdth
d-GPU(discrete GPU)FH|9] A|A®l2 CPUSF GPUZF Z42t HE O] F24
Hza 37+ 9 XS 7HA T 9ler CPUE Al2H"l Wire], GPUE GPU9J

=i/

Mo

i

Md

=2

>
ofl W ek

or b

e

6) Nvidia Jetson online:
https://www.nvidia.com/en—us/autonomous—machines/embedded—systems
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Shared System
Memory

System GPU
Memory Memory

[C1 2-4] Discrete GPUQ} Integrated GPUS] W22 +A4

gdto] A waofgt Hto] 7hgotth 1o Hts| i-GPU(Intergrated GPU)
FEO Al2"El2 CPUSE GPUZF 22 &84 W=y 3= AREsH 2H7te]
MAE ZHALL Ao o] Wl =82 wEey 72 CPULE GPUZE AREFoll
met tpo] ARESI dutom AMAIARL d-GPURFHIZ o]FoA Sl
o Xaviere i-GPUZ o]Fo4 3t} GPUYA DNNIAHS w27 57
Q5] Nvidiao|A A|&Zs= CUDA Runtime, cuDNN, cuBlas?, CUDA
streams®) 59| 2to|He2lE E&slo] Axt aeAes Y & Aot Nvidia

Jetson Soc A]AHEIS] olz] TjHlO]AE2 MPS(Multi-Process Service))@}t 2

7) Nvidia Cublas, online: https://developer.nvidia.com/cublas

8) Nvidia Cuda Stream, online:
https://developer.download.nvidia.com/CUDA/training/Streams And Concurrency Webinar.pdf

9) Nvidia CUDA Multi—Process Service, online:
https://docs.nvidia.com/deploy/pdf/CUDA_Multi_Process_service_Overview.pdf
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DenseNet—201 | Resnet—152 VGG-16 AlexNet
Convolution 201 152 13 5
Fully Conn. - - 3 3
Max Pool 4 1 5 3
Avg. Pool 1 1 - -
SoftMax 1 1 1 1
Dense Conn. - 98 - -
Skip Conn, - 50 - -
Conv. Ratio 94.3% 95.9% 98.3% 90.8%
[3 2-1] DenseNet-201, ResNet—152, VGG-16, AlexNet2] do]o] A4
2 JHE Z2AMAE QT AH|A 2]Yo] REoith, wEhA] "HE Z2A|AE
o]- 83t GPU olZg Aol ol AFHEAZE A At AAlEs s 2

ofo} gt

A4 A

1) DNN¢| 54 #4
2 =wolMe BF DNN 23S 93] daso=r 4= 471219 CNN

o5 DNN A3 &4

718F DNN¢I DenseNet—201(Yu, X., et al, 2019), ResNet—-152(He, K., et
al, 2016), VGG-16(Simonyan, K. & Zisserman, A.  2014),
AlexNet(Krizhevsky, A., et al, 2012)& AF&3Stt DNN2 of2{7je] #lo|of
2 7450 gov] 7} dojol Auo] el duge SFT Feges
oresk (G621 7 DNNe] el 3¢ ol PEEDN
dolofe]  fAE  uehie  giREe] dolel:  pEEAzolojolt

DenseNet—2012] Dense Conn. ]019} ResNet—152¢] Skip Conn. o]

L =

1—

rl

ABT

2

o «

1
=

=] [e]
APA TS

Q<)
A

-

=7

dlojols} thas we Aoz A

2F
]

al
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o
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A=
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Gpu | L1|L7|Li|L7| Ly |0 L7| Ly | L3| L[ Lofi o[ 15| 5| 13| L5 I L3 | L3

: Time
to t,
(a)
1 ] ] Time
1 | 1
1 | 1
| [ | [, | o e — — ) H
S T Lfﬂw 11 Leﬂw‘ [ eeeg] 2] % .
to tZ
(b)

[19" 2-5] #lojo] A3 oAA] (a): GPU, (b): CPU-GPU Co-Scheduling

1823 (Chen, Y.-H., et al, 2017)1} Ao w=2H DNNHAS] 90%
ol HEFA doloj7t AARtH. st HAEFA #lolol= HdHA
MAC(multiply—accumulate) 442} ®HEo= FLAE7] wgo] HE HFH
Nee Agad o e 45e JdE & Ut wed Geug
SIMT (single instruction multiple thread)@} 17 (Chen, Y.-H., et al,
2017; Chen, Y., et al, 2014; Higginbotham, S., 2016)3} &2 st=9o] 7}
4712 Juros s WAAMo] CPUR iAlsle] ARRA dololo] A
AlZro] FA| TS5 Q.

2) CPU¢H GPU®| t5 DNN A 24

(2% 2-5]= DNNA~G)7F B2 Huto]2ofd Ase Ae HojErt
L{'& DNN,° A7 #lolols vehdet. dlolojo] Ua maAaet oA
Lt oA wle] A Adolth. (18 2-519] ()& RE #loje}E GPU
olA Agg o, (b 270 #elels CPUA A¥sty vzl GPUO
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A Aeer wjolch. wroF CPUCA L['e] As§x|zto] GPUSIA L Bel LF
77 APz g 2AY &AL wole LIS CPUdA Asistel L'w
2o Aol Ad 4 Qlck. 283 GPUA L9 Azt 23 o 94
2 Qi LF, LPdAM= e gaprp @gsic o|2A CPUS GPUS o
8ot tiolfd HAYANS t,=2 dFE o Sk

DNN¢] g#o]o]E CPUNANE G&Ho= AT 5= AT CPUt GPU
Zre] wielE Fet dioly MFo] Zg
Ao AYHCY Sz eHs|=rt oJHs] dolole 4 SAth(Kim, Y., et
al, 2019) wetA CPUF GPUE o] o]&3slr] YA+
et dlolg 5r18ket 541 QHFE 5 stk dye] Easitt

TensorFlowl10), Caffell), Torch!12¢} ZHe DNN ZF|dLa+=
At 4+ 9da 7 mde 7 ZaA|sof EgEo] MfEct o]
DNN =zdo] FAlo] Ajzkd wf, mdl2 Zre X7to] GPUR A3 P H
e oy o] maAAZ YAHT o] ZEAAE A0 CESet Ze
~AEH 93] AlojEv GPUSH= W2 Fabsct [ 2-6]2 Xavier
o Al DenseNet-201 2@ 207HE GPUANA FAld] AR wfe] ANRE H
oFt. 2t BYl2 Zh7he] maA|sof dgEm S HES2 go]o] A4he
AZb A7+ YERdLh ¢ oA A1ZEE DNN B2 ¢,04 mhz|e go]o]

olE ;oA mxEr glojo]E A

Zrgtct. o] wf 207H2] DNNo| FAlo] AlZE Qo= B5tal t,9F ¢,7+9
o)A FgAgro] A Aot AL 2 4 9tk dd3 Z2AHAYF o
2 AL o5 AHET oo g el ol XdE 4 §le
ty~ty OF Zol FRAIZro] WAISHA Hit

oS DNNAJS Hs & =wolA sigstele Al o= 2o D

=
=

A|ZeEal o2 DNN2 ¢4 AH o]

10) Tensorflow, online: https://www.tensorflow.org
11) Caffe, online: https://caffe.berkeleyvision.org
12) Torch, onlone: http://torch.ch
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DNN,
DNN,
DNN;

DNN,,
DNN}q

'5 '::.? oooooooo ‘:::
S i v ' Time
ty L3 ty ts
(O8] 2-6] Ao AsiE DNNE9 Alsy A|ZA|7F B
MPSE A st &= Xavier®] GPUoA ths DNNAGRS st AA7|H

AAl, 2) CPU-GPUZFe] ¥&st ofF DNNAYS Qo A AAHS 245
3) CPU-GPUZE| HolH & 2HI=F

=
dozn DNNEHESO 34 2AEds 24T

248 i},
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A 3% AA Tutel AR I3 NAS BARS: Ag

A12 S5 Bgds AR

MnasNet(Tan, M., et al, 2019)-& NASo| t}F22 HAGSS 0]-g5}o]
mHked o] Yr=DNNTZ2E "M 4 dqith. 25 ZFste DNNE2
MAC Ei= FLOPSE A E=E ARES) sHA¥F MnasNeto| A= AEEZ7}
/3745 DNN& A4 g2 EEoA Addfste] APAtE SAgH 192
APAT gt 7] Fol, A Aot APAET G2 APATHS 71
DNN-S HASIEE gttt MnasNeto] A AMgsle o552 HARI,E
(D} Zrt,

l‘[l‘

1

maxiimize ACC(m) (1)

subject to LAT(m) < T

maximize

LAT(m) ]w 2

ACC(m) < [ =

:{a, if LAT(m) < T 3)

0B, otherwise

Al (Do me AAE DNN, ACCE Asty, 781 LATE A 84 o
Hro] 2ol A A%t & AT eIt o] wf A Aot APAIE] ATt

_14_



MnasNet reward f(x), f(x) _Our reward f(x), f(x)

2;

A — A
— f(x) — f(x)
l :
0 L Ofp====c==———- o
i ' ™
| |
| |
! !
0 T 0 T
latency latency

(2" 3-1] 58 APARtel| wrg B4

=)

& fla)sh veg @4 f (2)

2712 Tolth, A1) AAAZre] THo ZowA AHstert izt ==
DNNZ 2= 5t Alojtt, MnasNeto A& o]& 3 DNNQ| AgA| 7kt
ot o] mHYEX XS (Deb, K., 2014) St o554 BAESHE 4 )¢
to] Aojgity, A(2)9] wi APAITFS oA E9 vHlE= e A1
g A #olth. we Al (3)ofl Yste] HolEm TE 7|22 DNNO
2 A Zto] = wie}l ZHE u] o2 gto 2 AATFoZ » HAO] AL E
ZH3TE MnasNetol| A= 58 APA0H AL o] BAE dAH |4
stefal gtoh, DNNO| Adxzte] = v A% stele o L7t 5% <%
St BAE FART o] WAE fAsH] f1s] A B)olld a, B9 2
25 —0.07014. [1¥ 3-1]9] %2 MnasNeto] HAfeh 9} olE ul&

-lN' 4 m\‘

lo,
|d
i)
[El
o,
i
b
AN
rlo
>
o
>,
)
o,
e g
~
A
rlo
KT
>
§¥
o,
kl
J\&
rlr
()]
(@)
N
il

sl E@]%ﬂr. T2 gk% 17mso]™



£ % DNN9| 2 AgAzto] 15ms, Sms ¢ w)7} 20ms, 10ms
A o Hot ®Agge] Aok o Ack Aol TS Wi DNNO figh =
S

t7] W&o MnasNeto| A= F2 APA|Zto] TE Y=

)
Z,
Z
H‘]
o
o
flo
&2
o)
S
O

log (—LAT(m)+15T),
latency(m) ={ if LAT(m) <157—1 (4)
0, otherwise

maximize X ACC(m) +y X latency(m)

~
N
N2

2o} MnasNerth o] 22 AGARRE o 87 H2e TEEH g5
A, A BhEEA el A THT e 22 AGAE 7}
AA BErt 4 &S DNNS o w2 248 5 ges 449

o A @ A O Aldshe BddeE deidt. 4 De 58 A3A
B

Zholl digk Aeltt. 4 ()= A=t F2 AIARE 7157

ofl!
Buj
1o
_E-_l‘

A= HH Bt A )M x= A4 2 =N

g = Qe HgolH x+y=19 o A At (Deb, K., 2014) &

woldE x=0.9, y=0.12 2AAstnt. [1™ 3-1]9] @EH2 Alfts= K

gl ik azoint. 52 AdPAIZro] Foj=e WHA)LR olFd 0

HAgel UMl E0lell, 8 AP0l ol FEB®= olsd o

B gado] soldth. MnasNetdt Wz 22 F&ro & DNNO +
7

2 AgPA7to] 15ms, S5ms¥ W X} 20ms, 10ms¥ wie] HAFO] zjol7t o
3ok DNNO| S8 Agazie] THot by 24 Z71g2 Addes
A FE2 AYAL] ditt BHAAe ARE ol Aolvt. T+ AY dAsh=
#olal &5 30fpsE W] AsiM= ?F ZAdT AHE £=7F 33ms
T Az ko Hoh wEtA 22 A3PAEo]l ARt 2791 33msH et AThH
A7t &2 DNNo| 7P Fvhal 2 & Qlvh, wef deeet 8 A9

7to] DNN1<2 60%, 8ms©]al DNN2= 63%, 16msztal ofAb. o] o

Ik

>
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Reward (Iacc=0.5)

0.8
—— proposed
0.71 mnas

0.4- i

0.3 !

T

latency
(19 3-2] HAF H]
MnasNet®] HAFgE2 A4 A2 DNN1ZF DNN27F HSoh A 2
=wollA Agtshe BASR = & DNNeo| T Hoh 22 2 APAHS 7t
Bz Asert o 2 DNN29| 9 & BARS Fo

[19 3-2]olMe S5 APAzte] o& gk 1ot}

© = al
FE AdAIgte] THH 2 Afole BEAY Aa%dE S7HA TEA =
DNNE =2A4st7] 2 it 18 22 4 =
o= MnasNet?} tt27 HARS ¢

of & B4 F2 =T 2HE
Al 2 2 NAS-Bench-201 @ NAS At

NASOA 7H¢ & Agt AFke] DNN= BAIsks Alzto] Afds] e 2
dri= Aotk ol AAE+= DNN=9 At E Hrishr] sl
CIFAR-10°]4 ImageNet dlo]E}Alo] shsA|ACk 5H7] wiZoltt. ol Hlo]
ElAle] A2717F 2 5 Jstardor SUIRIY A ST NASE 8007



input

conv

Cell
X N

Residual
cell

Cell
xN

Residual
cell

Cell
x N

Operation Set
*  1x1 convolution

*  3x3 convolution
¢ 3x3 avg pool
* Skip-connect

* zeroize ;
Global < P

avg. pool | T TTTTTTTTTTT

Residual
cell

—— o

I
1
I
I
1
I
I
I
1

-

[1"™ 3-3] NAS-Bench-2012] DNN %

GPUE o] &dllke 28¥<] AJ7to] £ Q%3 (Zops, B. & Le, Q. V., 2017),
Al 7ldto g2 gEAE7RS =91 NasNeto A= 500719 GPU=R 4U=oF A
Sttt (Zhoh, B., et al, 2018) 91 & 17olA+= CIFAR-10& ©]-&5FAAT
MnasNeto| A= ImageNetS 2 SH5A17]7] 3l SepochTt SH5AZA 2=
=75t TPU 6470E ol&ste] 459 &t M tHTan, M., et al,
2019).

NAS-Bench-201(Dong, X. & Yang, Y., 2020)2 NASE $I$F DNNeJ
Aerel, oAt X 58 Hobksd WA uAg folgAleltt. o AitE
< "g SAste] HHolEe folBE w= shad e glo] AEED T
AAs= DNNO Zxuh Yod uig AHSLES A& 5ty ety

AR
NAS-Bench-201& ©]&35tH NASOJA 71 & A7+ A6l BERS =
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Controll 1. Sample
ontroiier architecture | AS Bench-201

2. accuracy latency

3. reward

Multi-objective
Reward function

(79 3-4] ArE BFEAH HARSTE AEH NAS

g = ok [Od 3-3]2 A Fx 7Hrez o]F o] NAS-Bench-2019]
DNN==E verdity, 2t A2 [1F 3-3]19 &5 o Zo| AZoj=nt. 7} &
dxe Shte A4H(Operator)E UEWH o] d4He] 3 HIFE Operation
Setol]l Aol=ofqlet. f1, 2= Z2F St fAWHE Heal sdEe] & 72
o] Holz= XoA= ZF Aol thet concatd4te® stz g3t Cellxt
Residual Cell & ©f &2 A FXE AFESHH Cell9] stridex= 1, Residual
Cell9] stride= 22 AAste] mAWe] IV E9t) ZF dA A CellZ
N¥ whEolm o= 52 AAEo|qIry. NAS-Bench—-2019] &2 DNN 4+
& 15,6257Fx]o| ZF DNNef| gt 4, APzt 8=, FLOPS(floting
point operations per second)E °]uz] Ho]gAl (CIFAR-10, CIFAR-100
(Krizhevsky, A. & Hinton, G., 2009), ImageNet—16-120(Chrabaszcz, P.,
et al, 2017)°llA B7iet 29E Eedstal Ut

2 ATl Ajtste thE=4 B 71He] NASE [1% 3-4]3 &
etttz AEEY, NAS-Bench-201, HATSR o]F o]z glom
AEZZ+= RNNOe 2 AT AEE2+E NAS-Bench-2012] DNNGX
7l DNN& Aoty AAE DNN= NAS-Bench-2019] 5o =2 Ag
Sto] el =2 HAYPAHE A=) o] kel 2 AYPAHE HAFGE



% Policy Gradient(PG)(Williams, R.
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A 47 ©% DNN % 243} 719 A

B Fol A= SOTA(State Of The Ar)E THEota de] #ol= DNNL
o2 Ao DNNE SAlo] s of whzy AaPazie] ®
= TS Aoteitt, ZF DNN2 dA&H Flojojg2 o]
™ Z} glojoj= GPUAE T2 FdHT n¥4 DNNQI DNN, 7F k7He] 7
|4 e W DNN,= {L!\L}, - L'} ¢ Zo] Eddct o
o] 91971 DNNe| id, ol i #ojole] idE ey,

wo

A 12 A tupolA GPU oHa= H=s} 7% Aok

£ FAL AUAE 99)E FARL ZRAsd] of sdss} EA4SHE ol
pACEL shte] AYiEd N SAgh g3 T2 LA ol A

HAE7L FAote s AT 5 AT CUDAAE Z2AAY shte] 31
HAES Atttk 4o & Aol GPUC| shte] HEAERE gH4Jg)
7] wEoll oA HEYAET EA4st =Holle AHlollAlE Time Slice
Scheduler’t Zt HEIAEES AAEHSH] GPUE AR olnf HHAES
Aot A Addisty] wiiel 7|& AYAES] JHES wReo] A st
o AYAES] JHE GPUY d9ste HHAE wWehZ sHA &=t o
o] eHs|=E HHAE weh oW tatal firh AHAAHA = E
HEHAE S04 HHYAE Wk @
MPSE AlEsl F21t 22 82l futo]2ql Xaviero| A& MPSE 7|
A =t

HEAE W oW GPUC of2] 7He] HEAETL A o U
gttt HEAEZ} ofep/ EX5hH HE AHAE gH4, sk Zshd A
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B Switching overhead |
DNN; | L] L} Li i
DNN, 2 2 2
Ly Ly L1 Time
ta
(a)
1
DNN, L1 i
DNN, L?
. Time
t
(b) b
DNN, L} |
2
DNN, Ly
W
Overlapped Execution : Time
L
(0

@A #lolol7t ARsls Eet 9 Azkulet AEAE @] Aoyt
AYAE weto] Yol wimprt %1@8& gbﬂsﬂzﬂ 9101*1 AAIzr] 2|
A}, whde] A2 AdAE B4 ()

ot #ololE Adsty] wiel AYAE Wt oWt glct. whebA] ¢ B

B3ad €& + Sle ¥E 3WE HojEoh CUDA streamse ©]-85HH
GPU #rgo] g g o2 CUDA streamso] A5t oJ@ife] Add+E
A & 7] dieel B8 A2 avE de & o



. GPU kernel Issuing . GPU kernel execution D mutex lock B.mlock

Thread1
Thread2
GPU

(127 4-2] AF AY2E 79 mutex 2HF=

2 AYATD AT J9E 7 2ASES shie AYAES o

GPUR AY@4-2 Waalr) "ok (19 4-21= 7 2e=5) sppe] Aga
E2 AYFPLE BAYL U9 T4 BelEch of AdEs} GPUY A

&5 Fdstr] fs) AIst=dl, o] Wi CUDA API= GPUE —g%x}%gi
A 5718 T4l mutexE 0]85te] o] A= FA HET £ Uk
= Agsith o= )9 é’:EﬂEJ} 3202191 GPUS 74@@4% Fejsls] <]

mutex E5/NAE T4 5}04 24

2ol $EA7 szacﬂ CPU4 2 8
do BAH WU (19 425 mutex A5/ QM F1

g noiEd mue2 96 () eHol=2 AdEsel ol AAHH ®
o}

al

#ol GPUS f+FAIZko] AZh. o] LH|=E A2 AHUXLE QHd=

BN
bt [1‘“4 4=31= oA dast 77 }21 ibﬂoﬂEﬂ “E* HEHAE QOH
J=, A AHAE oHF=E 43} b7 Yot T Yol FFolth
A A2 "y HEAE WIEE Fo|7] fof shte]l AddAERE A}



DNN Threads (a)

[[DNN1][DNNZ][DNN3] * o o

Application
Layer-wise 6 4 3 b 1 Kernel Issuing
Decomposer ’ Ly Ll Ll Ll Ly Thread

(b) (c)

Library CUDA Rutime API CuBLAS
File Memory GPU Device
0s System Mar. Scheduler Driver
GPU
AfAAA
cﬁl“ll‘lﬁﬁnl AAAAA E "
HW | = CPU, E CPU, Ceo e o< CPU, = EE Queue mmmm
-d B - - o = DDD -
== — = o =4
YUYy GU9uy ToyyY o [ |

i grE §4L AgaT shte mEAze] 7 DNNAHEE
@t Zo] MAEH 42 AHAE oHHAEE Wats] g8 GPUS el

AGEY dFAHYE(0)E sty it 2 DNN2 GPU AYT+E

= TE
dregstz] QsiAe 2HE()d HAIoloF ot ofg] #ojolE FAlo] AT
2= 97 R FE o]83ltt zF DNN AHEl F2 Folo] APHHE

H

HU di7|A7]1 A=)+ stHd Aol a8 o=z gty o]
ZFF JI5H o] A= HYAE QHo|Er) AT

2 T 2 Zol Attt (@) DNN 252 Fojo|&
Layer—-wise Decomposer(b)2 HWt} (b= Adidez AdPAte] 2z
Batch Normalization, Activation 52| #lo]o]E& Convolution #o|oie} s}
U=z Fo| = dgddth. 7k FFAEo|ERE Fol st 357F Hobd
2% Fof 8 mutexd] Omutex Q15 O W=7} Soluth wratA (b=
glojolE HotA st ol HIsk= 37F E0l=°] Qmutex ¥5/4l
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DNN Model Threads GPU Queue

o]
o]

Core
Issue | Selector
(Lidy)

o] [alalals

1 CPU Queue

y

M/C

we v
Layer
cPU

hread,

) L
Complete(Lid) CPU,

hread, Thread, .,

)
(]

—

-

CPU, -

hread, Thread,, stream,, b _: Currently Used
P § T

[O19] 4-4] 45 DNN A& 95 CPU-GPU Co-Schedulings 2-g3l

7z

-

AR gt eHIert EolEA "o 281 (& 7 #olog st
GPU #Agdtea sttt Adgds= GPUS AERA tfr]sitirt AE
7V kol £ EE Queue]| HH7]AXIeh. GPU= EE Queued] #AET

=)
=
FES aAHoR AHeld

Al 2 @ CPU-GPU Co-Scheduling ZH I3 A<t

1) CPU-GPU Co-Scheduling Z|d¢=

22+ % DNN A& 93t CPU-GPU Co-Scheduling ZHUYHIE

Alretet, 184 AGet eHSI=EE Eo|7] 9o skt m=A~9 He
Er #4dn. [O8 4-4le Adste ZHdAAe] AA22eE Ho

=z 3= DNN 2d A=t Fo] A=97], CPUARS $3t 9
7] 2 =o] Aol AH=E Wt t7]d CPU-3, GPUARS 93t 97
zEEo] Al AHEE Wt di7lE GPU-F= FA4HTh DNN =2d
#HE HF2 NSl DNNe| A5t { DNN,, DNN,, « + «, DNNy} %}
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Zro] EAHATH DNNo 7z} $x= DNN ¥ 93t idgrold N7l¢]
DNNo| QoW idgf2 1< id < N o|tt. DNN,2 4 #Holo g
Az Zu7E BuUd 3o AEre) Issue(L)ATE Btk o714 #lo]
9o Hojo9] spEz|9t 2o APHHE Htste AEo] HlolE TX

ofmlgict. 3o} Ag7): dolo] 2

9] 1A AHtx= ddtAQl CPUASMY Zro] HAEH o] Ads Ayt
o} gtHol W.e A AHEx= golo] oA GPU Add+E AL
=5t CUDA Stream®] w3ttt CUDA Stream2 3 GPUZ HAEE o]

2

22 o SME& sAlel Adtit. GPUR Agd 7d9d+= GPU
EE Queue(execution engine queue)ol|A] tj7]otH o]= GPU-F<t tf=2
Al @2 GPU A A= 9t Folt.

oo 2 el 7 eSS st ool Y Aol Eud

1o

DNNRE 2 e Complete(L) XN5E Ads}

=
|
)
llel
i)
s
<2
2
e

of g Issue(L],)AT7} Fo Aejz|z Agwch, a0y el 49

EA FARN. el 1A 2dEs CPUCL HlE7]2 082 F2sh= GPU
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o] B4 wBo| LS CUDA Streamel wj3gt thg #lojo] #¢je] E& o
B A glo] HIE Complete(L) A& S HAGgch o] AL GPUOA

L' Adsts B¢ o2 IUe di71AZ S ok ol2dt Complete(L)

o DNNAGS 918 ZeAg9as Aastd CPU-Qet GPU-Qe) f
£ pe=go] 7t 729 Fbg woll A el

o] /HEH7]_04 =2k}

I
o
=
=
X
N
o
H

Xk
oF rlo
rol
i)

O

o
kl
_YE
L
Q)
O
o
w
o,

glojo] zte] Lido] o] AMeir|z A=W dolo] zelo] (i, id)e] whet
CPUS} GPUOA] APAIZHS o3ttt AfA7HS d&slr] 95 % &
dof| gt W82 o]Fo] A},

duElEo] ael3—4o] AHojH AT}t Fo] 7t Foloe 1{F o ny

A3k ol GPU #olo] e At 7@+ T3

L ohg golo] Zgel Lol tia Issues & 4 ok [1F 4-61= o] &

4g Aob] 93 Dok, (17 4-6lolA L9 ok A4ApEs] B2 of
U

ASY GPUA gl LPe] Aol gl o X Lig 438 4

Zolo] Zge o Fe AN A oA dvlske] 3o] Ae Az
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Algorithm 1 Core Type Selection and Queue Management

20:

A A I A e

Function CoreSel(L{")
Te <0, Ty < 0,T; <0
T. < LR_Model,,, (i, id)
T, < LR_Model,,,(i, id)
if core_type of the L:" ; == GPU then
Ty < Time for Synch. if L{" is on the CPU

I. < T:.+T;
end if
if QTrme”m + Ty = QTimecp, + T, then
T’ -, and QTime p, < QTimey, + T,

pur;h L,’d to the CPU queue

- else

Tid Ty, and QTimegp, < QTimegy, + T,

]

push L'd to the GPU queue
attach E i 1o L'd

: end if
- Function LayerDeQ(core_type)
. if core_type == GPU then

L:fd <« popped from the GPU queue
else if core_type == CPU then
L“ « popped trom the CPU queue

. end if

. return L;d

. Function EventCheckGPU( )
: while E,-"‘" 1s not completed do

do nothing

. end while
. QTE’neg‘pH « QTinIe'_‘”)u - T'd

I

[19] 4-5] CPU-GPU Co-Schedulingg st d18=
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|
L @ | 5 TS N
N " Kernel : " i
Launch T
AL Da () » (| Ce B u ol

> J GPU Queue EE Queue
L;
Which %
Queue ? ( L? Lg ()

CPU Queue 1< »

[Z27 4-6] A=z Flo]of 2o diet o] 7] oA

of weh(1d 4-51, <l 9~16) QTime,, Fr QTime,,°l & L]
Ettt. A7 QTime,, 2t QTimegpu% b CPU-F#, GPU-F#9] &
A ti71Azkele), wreF L7} GPU-Foll 48=W QTime,, = °lvl Tyt
23t o] 7] R Teoll ToZ F7VetA etk 71 ol EAEuut
ot heEL oAt AAZE T w9l wme]o] A3t

Weel 97 2@ =7p CPU-FtollA LS AW QTime,, A T2
Agrsto] Aol ERTH (1™ 4-5], 2Hel 20~22) Whdel L7} GPUA A
P2 dole LY vz AYEA o] uRe] QTime,, = WA ot
4l GPU SMUF 2942 918+ EE-Queue® FAIHh w2bA QTime,,
o] g Eol7] 9Jaf L7e] FRAPE nefsjol Ftrt o2 s, ¢
o mJYYANME GPU-FolA th71%el L] tgut oflE 743l

E'Z olgslo] olHlE 7do] Alslo] gtaEqix] Selsttt. (18 4-5),

ﬂ—l

2kl 26~28) E7d7} SaEH QTime,, A T"]‘E Atgste] HHolE
th(Z29 4-5], =91 29) & d1eES F94s5H7] s cudaEventE AR-8-S}
W oHIE Aol Ayt A3 oARE 5] s 42 cudaEventRecord
o} cudaEventQuerys AH-ETEH LHEA Sl GPU 7 Ayt &g o|HE 7



== Switching Overhead

Py
GPU P,
P3
' 343 381 381 383 100 300 ! S. : Default S
- : Default Stream
GPU S, v |l [ Lf. | Li, | L L | .
| | Time
: T, ;
(b)
Device Sync L} Start
i i 390
CPU I 1 ®m Sync. Delay
P 1
GPU S, i, | 2, | 3 L} Ly
; . Time
i Ty :
(0
Stream Sync L] Start
CPU 1 1
s 1
N 1
s, Li1—1 : | = Sync. De-lay
i 1 S,~ §;: Multi-stream
GPU S, . 1
s, : Time
i
1

(d)

[ 4-7] 2A1ES Ao & o5 DNN A v

292 FAESE e A2 ARbeT A7) di2el [O™ 4-6l0lA Aedt
A k=t

3) digte] HE g3 A7
240 AFet Ax o] MPSE EHAl tjHto]|AoA 2] Q51A] Y

or=tt,
wtekx] WA e E fIoll CUDA streamse AHE3ITE CUDA streams= 2§
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St CPU/GPUZEE| Hlofg] AE Aldo] A 5 AL efollA

dat A
ko] F= 7j9] Flolo] o] MR thE CUDA streamse] A& of o]
Afe 4 glo] HEAY avE ¥ 4 vk I8y A A3 e T
AFY Aol EE= §F b2 CUDA streamo]l U= AN #Ad &7t
Zro] A= 4 Qlth.(Amert, T., et al, 2017)

GPU9| BHEAY A5S EoleA dolx A8 4 e CPUE ARESH
of T AYPATS =9 5 Aok (I8 4-712 71A]9] 2A1E" e o
§5t% DenseNet-201 37HE -SAlol A¥F wje] Tdoint. 7| EE &
oloj= HEFA dlo]ofolal Lf‘?_ dense conn. #loJojo|rt. T1glof| ZAH
A #lo]o]e] ARA|ztoln w9l mfo]a = % oft,

a9 @ (b BE dolo] ZAYS GPUAA AYstARt (o)< (d)+=
CPUE #o] ol&st axts Eo%%ﬂh ()&= DNNE 7 m2A|~of st
of AHAE we QH|Ert e ZA-folth W] (b)+= DNN&& 3 &
BAA0 AYER Tty AHUAE Wi HIEE A|ATL Aotk

L= 7oA vrebd As} Zo] CPUCIA APAIZRe 390us, GPUCIA A

|

_4

rin

Kl

PAZHE 100psoltt. (b9 (F wlwstd Lg CPUA Adste] & Ay
AZFS oF 100psTHE ©EE 4 9tk (OdAs 71E AEFTRS AREFY)
o] L7 o Aol Eyfgolx= Bsta vtz Hol APst L) | Aol

BUHA F7]3tEofoF S17] wwol [ AA|Zro] AR, o] F7]|et A|HA
172 SRR BAEAY. (D= 24 DNNEYS Az t& CUDA
streams®]| &R AAE HEPHT. CUDA streams ~EH @92 57]3)
S Azt (@A oA Folo] FU LP o] Edgolr Bsty L
Hh2 AP & gIld A w2 ~AEq o9 57|8HE o]8stH F7]

| (D& 2ol EolErh (a),b),0),(dE vlustd T APATE
t,olA t,2 S (Dol BAE e CUDA Streams®] HE A

h

B etk ol 1 Aol GPUAREo] wah AgH

S

o o

Z| A A 7Fo

r[o
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[ cpu | | Gpu |

cuda

malloc
Malloc

System

Memory Same data

copy

[29 4-8] Xavier®] CPU-GPUZF w®z] & 9 dlojg ZA}

[ cpu | [ ePu |

cudaHostAlloc cudaHostGet

DevicePointer

System
Memory

[19 4-9] Xavier®] AZ7}7]

4 N2 T sole] 5715 2 dlold A5 oHE Hast
A&HE 5 dolo] Agie] AREE Fofo] wet theat Po AT 4
A

At (Cprey Corr) E4(CO), (G, G), (G, O), (G, G)} AA7A C,

prev? ~curr prev
ol £t ol goloje] A3 Fof EBRjlelw (.2 taol A3E ol
o] o] Et¢eltt. I8l C: CPUE GE GPUE ueHdth (C 0)¢
(G, @) A% A&%H F dojo] o] e Fojof|A] AY=7] wjiof o

1

L
- =2

-



ole W57 B7I5HE 9ie 27120l B ik
?5'}741‘1} (C Q) (G O d&E«= dolol7t AR tg FojolA AdH
glolg HEo] Basty ol & Hd=E A [19 4-8]2
dHFHQl CPUSE GPUE| dlolg EARE HolEr, 1A F Foj7} Hlo]
HE ARl Slsh 24 2ol wEe Fitof| HlolHE ddeitt. 14|
2 o] B2l Huto]AQl XavierofAl= CPUSE GPUZL A|AH HRYE =
o7 FF5l7] "ol &2 wze] Holert S5 AHEHe A7 EA
ot %2 olF sidstz] $1s CUDA zero-copyE ©l-&3Hth13) A|27}x]
AHESH] YoM SAE(CPU)O 124 5H HE 2] (pinned memory)37Ho]
Qsttt, mjgE 14 wEes F7HEQ dloly FAF glo] GPUZE CPUS| H
mel FZhl ol 7Hssidnt. Alz7to= CUDA runtimeolA Al&5h=
cudaHostGetDevicePointer 55 ©]-85to] 4A Fdo] 7Fso5fth duta
= AHAIAEHOA ARESHE d-GPUS| 3¢ Al=7tME A&3S W GPU=
PCleE &l Wil ©2E dlojgo] ANASIER Holy T S7t 5ofd
FE 2 oW EE WAL SHAY Xavier®} -2 i-GPUYA = TAE
oF futo| A7} [T1§] 4-9]9F o] 22 E¢|4 wHe] & AMEStE=E 2

HU

o
ACh
B o X o

_
—_

=

=

lo

4

A A2 4 A7) WR] Azsle] @l g Ak 193 GPUE )
& 27} dlme Bro] WasHA o] HhEe] wme Ague U 4 9

ot

—~

C G)o| A% CPUE |4 dlolo] #Hglo] gzl o|Fe] Tk dlolo] 2}
g Ade wagth werd E7b 5708 Agle] Wa shA gt shAw
o] Aol dolo] Hele] w47t BAHA 7] ujEe] EA5E 9

Q
Q

&=
= A%Y & o o] i A&H= Folo] Adde AR APY &+
A 5718+ iFolof st A7|olle cudaDeviceSynchronizes ©]-&3t
vlol A 57|81} cudaStreamSynchronizes ©]-43 2EH 57|57} Q.
NN AEetAd Zo] 2EY FrIste] eHd|ErE ¥ 7| gl =
~EY F7ISE olgtt. IA AtE ZHdYAE 9T DNNo| 2

hL‘,Z O ;9

13) Jetson—Zero—Copy, online: https://www.fastcompression.com/blog/jetson—zero—copy.htm
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e ™
SYSTEM
MEMORY

CPU GPU

i READY/ Loooereciireesneierennns READ/
[ L2/ ) WRITE | PAGE LOCKED | WRITE

Cache MEMORY jm

170 Coherence

[71 4-10] Xavier? 7RA] LA

= (o] -i-
~EQ| ANE Fol 1O Coherencedte SHESJ] 71&E §AH} £ Fo]

[e)
7 AN APAS S DRAME] AHge 29 % 9ch19

5) dlo]of 2t
AdHE ZYLYYAe] EZEE CPU-GPU Co-Schedulings T3l o3
I

1o
>
)
>
5
£
B}

DNN 489 & HPAa Eol= Aolrt. wehA #lojof #
of Ael7]7} Asid wimprt AYAITE
T Atk W=y gt APATE 4
FA(Linear Regression)(Seber, G., et al, 2012)7% KNN(K-nearest
neighbor)(James, G., et al, 2013) F7Ix] 2d-& A"stdt. GPUS ¥HH

2

O’.l?u i IO o
1o
o

14) Nvidia Cuda Memory Management, online:
https://developer.ridgerun.com/wiki/index.php?title=NVIDIA_CUDA_Memory_Management
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Res Dense Vgg Alex

[1% 4-11] DNN &gl 7} glojojo] Alg) A7t H]-S(CPU)

100%

8
R

3

20%

Execution Time Ratio {(GPU)

8

Fully Conn.

Fully Conn.....

Res Dense Vgg Alex

[28 4-12] DNN =& Z} gojo] o Adof A7t B2 (GPU)
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% b Elolojrt ARskE Hles Hojeoh Hoh Attt 52 9
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im2col, C-other2 JEF3Itt wWesH] AEBZHA golojo] A4 Akl
GEMM} im2cole A€t dloje] %7|sF @ &St A8 52 C-other
2 et (Chetlur, S., et al, 20145 Sze, V., et al, 2017) [27 4-1113} Zo]
GEMM-=2 tjF£2] Aato] MAC(multiply and accumulate) 2 ©]Fo]#] <]
7] dizel 2d A4te] iR 2R skx|RF GPUS| ¢ [ 4-12]
3 Zol GEMMeo| zAJsh= H|&2 CPURTTH 2ttt GPUE SIMTE AHEst
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PATro ALLFIT. o2 B3| AREH doloo] S AYAT] Tt A
a7 mlo] ATES ¥ 4 Uoth ABAZE )5S 5] exeielo]
A DNN& 23 daste] 7t gojojo] Azt Hojels 44519t 1e)

dloloje] 47 Ao gl Ak 1 of deolojEe CPUSH GPU
B4 AP e LpsHEol7] W] SR Astert. =
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d-GPUS] 4% (C Q)% (G OOIA dlold Aol Basty] fo]
ofe] b AZE oE APAZ] Frksho} Fek. SR Sv} ARt
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T=17ms2 1735} NAS-Bench-2019] CIFAR-10022 B7}gt dlo]gAle]
A BeE, 2 APAIRh DNNO| &4 2742 AHg-gich

[Z1" 5-112 5,000%19] st F<t A== DNNe| H&ret AePA|zt
= o83 SIEY Z4oltt. SIEW] Azs2 a5de WY geelt =

17.00 ~ 17.99 Afo]o] ghe H&F 179 &

mgrE [0 5-11¢] gHe 2&
AGARE AFEAL 1TmsS 71F02 hegloln] FAe] gl 2 AWA
Zro] 17msols} ol AA9] ot ZE AWAZIo] 1TmsE Wi ZASoltt

MnasNet2] HASHEE o] 835 NAS A7E H™H MnasNet2 F2 ASIAI7E
o Altzde HdASH AlgstA] g7l "ol 17msE 7oz W 14
o] DNN2 &gttt shA|uh Aoty BHAFSHEE ARESH NAS AitoAs F
2 AgIAIZto] 17ms ©JstQ]l DNN2 o @o] A3t S| Eg oA 2

B
o
A5 GRS W 65970, AdE BARFE ASUS HH 7807} olch. 1
= 17msEctt ZromA AT 60~70%°]

T Ego] ZE AWARr]
DNN& MnasNeto] BAHES AL8HS o 78170, At HAGSS AL

P Tl 100474 BAT AL BFAT 4 ATk oS Fa £ o
A AR BARSE AREAS QA A717] HEe] BAESITL Fof
AW AGEALS A7) Aelwt FFsHe o] ohlet Ary Hej} =
= DNNE 948 4 gz2 AEZes 8442 4 ke 2Ag g
% Qe

[1% 5-2]+= 5,000919] ¥HE B¢t AEEH O o5 A%

AEEY7 Adsh= DNNO Aot Aigagtog gdg W Iefzmolrt
& 5,00081¢] ¥hES 20709 Fro=m Uieo] 250704 Bat=
5-2]19] At E HY T 79 BARs BT shgo] MgdeE At
DNN9| ALk FofA= A& & 4 Uth ol HJEEHY shso] 4
g 2 AFLrt 22 DNN 952 A= A

2 AP 2HuE Fe b FE AYARE A2 17ms ©]st=
o7& Aldel ¥ wWE Ao=x yetyth 29 HARNMEE oF 4,000 4
EHEH 17ms ©|ot2 "o]H o™, MnasNet?] HANSH == 4 75084 HHEof
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DNN 2= 52 AA7re] TR & 4
5%9] ABr st At uf 22 Al /qu}
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(a) DNN 1 (80%, 8ms) DNN 2 (84%, 16ms)
MnasNet 0.84334 0.84352
Proposed 0.82102 0.83546

(b) DNN 1 (80%, 12ms) DNN 2 (84%, 24ms)
MnasNet 0.81974 0.81996
Proposed 0.81186 0.77031

() DNN 1 (80%, 8ms) DNN 2 (83%, 16ms)
MnasNet 0.843344 0.833527
Proposed 0.82102 0.826460

[ 5-1] DNN¢] A=, dPAJTo] Foid wf Z HAFtao B4 v

T (b)oll4= DNN 1Hth DNN29| HAo] o ze A& &klsh 4~ Qi
()= & DNNO| F& AgAzte] B& THT} 27| wjio] A7}
2 DNN 20 ¢ & BARS &t} 181 (b)9] DNN 2= AHstrer} ¢
o Eoty FE AdATte] THH 37] o] o 2 A4S F+=
A& DNN 13+ DNN 298] 2 AgYA|7rS & of

!
o
w, o Hff

Lt 5%olste F7ket 49S vehdch ohebd MnasNeto]
BAGSE AAHS del DNN 1o], Aok BARSE AR weli
BARS 7FZth. DNN 27F DNN 11Xtk A7 o
T 32 AgA7te] THU 27 tie] BEE sH= DNNe| o 4
gsteh. webd AkE RARAT ATE FAtE AL AT 4 k.

A

Al 24 o35 DNN A3 4y

Aglo] AL&E B4 Hubol A Xaviero] stEglo] A4 AR [E 5-2]9)
2ot B Ao A 44o)A Aok thE DNN Ase 913t thekat 7oA
of MeYAlz Hlmer AAEYe] aue sIFTh Aol & 4712 DNN
o Apgdtth 4749] DNNE  DenseNet-201, ResNet-152, VGG-16,
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8—Core ARM v8.2 64-Bit CPU,

CPU 8MB 1.2, 4MB 1.3 Cache
GPU 512-core Volta GPU with 64 Tensor cores
11 TFLOPs (FP16), 22 TOPS(INTS)
Memory 32GB 256-bit LPDDR4x
2133MHZ — 137GR/s
OS Linux kernel version 4.9.140-tegra

CUDA version CUDA v10.0.166

JetPack v.4.2 [L4T 32.1.0]

[E 5-2] e}A gBpo]l A Jetson AGX Xavier?] stEo] AMM] AH

AlexNetoltt. 4 th5 DNN A8 A, GPUC| & A2 45= Adlz &
ol&He wWe] aFE st I Fo CPU-GPU Co-Scheduling®] &}
= FQlgtt,

1) tt% DNN A3 A] GPU H3F|= 43t A

7hH Ze Z£5°] DNN th5 Ad

2 AdA = Y 79 DNN 2E& Ao APFS of A 714 &
O

ZgolAe] AYAIZE

& Hluste] 835 gRlett. [I¥ 5-3]2 Al 7H¢] &7
oA 242t 22 FF DNN 157HE FAlol 3RS ol T AJAHE H]
wotty, M-Ce EH HAE 34, S-C= Aa AY2E &4, Q-S+= 4
oA Agket GPU eHS|=E a4ttt mdeaE yerdd. [19
5-3]9] Dense(15)+= DenseNet-201 157H—§— Z Ao AYPAZl AL 2n|stH

|
T AYAIZS 15702] DNN Q4to] % &g off 71x]9] AZ-S ojn|it,
(18 5-3]¢] A7= HW Res, VGG, Alex BF M-Ce AsA|7to] 714
A Ajte meHdal Q-So] AsAzte] 7 &2 AL SRIT 4 9l
t}. Res(15)94E= Q-S2 7|&o2 M-CHU 21% #AAsIgoew S-CHTt
4.8% A5t VGG(15)+= M-CEY 40.8%, S-CHT} 22.8% #4353
o Alex(15)% M-CEt} 26.5%, S-CHEt} 22.6% ATt AL sk 4
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2) % DNN A3 Qg CPU-GPU Co-Scheduling 2}
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DNN Rdiere] B glojojo] APAZts 4t Hole o] Meds E°
7] SIsi A3AIZE dHlolE 2 steEst Zojo] AsE s ehHl
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ABSTRACT

Research on Optimized Computation Technique
for Deep Neural Network in Cloud—Independent
Edge Devices

Lim, Cheol-Sun

Major in IT Convergence Enginnering
Dept. of IT Convergence Enginnering
The Graduate School

Hansung University

Many research  works have been conducted to optimize
computations of DNN(deep neural network) models in edge devices.
Especially in autonomous driving, due to network latency and security
issues, executing DNN models inside embedded systems is preferred rather
than cloud servers. In case of autonomous driving, the number of DNN
models has been continuously increased to process many raw sensor data.
In this paper, to optimize the computational behavior of DNN models,
we study DNN models in two different ways, and then, we propose each
optimization technique. First, we apply NAS(Neural Architecture Search)
approach to obtain optimized DNN models for edge devices. At here, we
focus on a multi-objective reward function of MnasNet providing

optimization tools in terms of the accuracy and the execution time. The
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goal of MnasNet is to explore DNN models with the highest accuracy
while satisfying the execution time constraints. Based on this, we propose
a new reward function to explore DNN models with the maximum
accuracy while ensuring that the inference is completed within the time
limit. Second, we propose CPU-GPU Co-Scheduling framework that
orchestrates the CPU as well as the GPU for multi—-DNN execution. In
the development of the proposed framework, we conducted further
analysis for definitely finding the overhead that inevitably incurred when
multiple DNNs are executed in a multiple-context environment and a
single-context environment. Moreover, our framework utilizes unused
CPU cycles for DNN computations to ease the computational burden of
the GPU. For seamless communication between the CPU and the GPU,
we propose low overhead data synchronization method. Finally, we apply
layer execution time prediction model to select the appropriate core
whenever a new DNN layer execution is issued. After applying the
proposed solutions, the performance of multi—-DNN execution is improved
and the execution time is reduced by up to 46.6% compared to the

GPU-only solution.

(KEYWORD] multiple-DNNs,  NAS, GPU  computing,  parallel

computing, heterogeneous computing
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