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A9l 2EF 2, 38 H $4287F @9He] 9T Kl K2 K3 247 8
4, 47M9] AYE EZ(thread block) o2 FTAEo] 9tk BE #Ade] 7z A
Bl

= BES ge 2dC A% FAH 1 277t 23, shie] SMe
Wl = RS BEA A +4 & Ankn g,

K1 7ol WA GPUSl HEEo] K1 4719 £5(0, 1, 2, 3)°]

|

zZlold K19 g2 479 E54, 5, 6, 1)< H 49 2EHS] K29 45
=0, 1, 2, 3)°] AHRIE =& oldfl E5 99 2AEY 5AHCE, K19 0,
1, 2, 3 £59 A3 g ATtHG K29 T2A[Zbo] Wt K19 0, 1, 2,
3IEES] Aol Y wi7hx] AHo] dojubA] =tk olojA K29 HE &
59| Aol ghmE= Aol Klo] EHA] fAEfolA A3l HH K19
g2 4254, 5, 6, N2 K37F ¢hadl & SMo| & o] Add 4 Sl
AA 2= EL nole] CPUS 27 st 14 (pinning)d n7fe] 22
=8 A"t 9489 FolA L)t A WA 429 nice
= 2Rt = thres@tdt AE BlWRtY. 1 % Stream Mappers 5t

A AEYe]| [ i) syttt o)A thresFEe streamHS] & N4

1

S A9 7]Ht ok DNN AAEE 71He] 52 1y

2 =wollA Agtstes 2AIEd 712 93 DNN 2dof| nicedts &
olgth, S4&97t Hojd o= JHe] DNNREEL #olol2 &4 &,
Ll(did,mce)’LQ(did,nice), ’Lq(did,nice) 9/] —i‘/\ii _(])_/}j_/i__(%] ___ﬁ_oﬂ @—/(’;—‘H_E]' —?—/ﬂ—{f-ﬂ
e P 7H =2 $AEHY dolofE ZHotdlo] ¢A AdE Eo Hg

deh 97 2dE B AGH L nicegkdt threste Hlmsto]
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nice < thres®l 7% streamH,,=2, 71 WITHe] A= streamly o T3t
AERZ &dte] GPUO| o dojoje] Atte] sfdst= AHdo] HAEEH
GPUE 2EH O] 4&9E Aeste] ZF SMol| HAdsHA AAIE N
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2 DNNj“o] BE dololg2 &atxHo= 4t Hrt,
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= HhR SM ~ SMlA AihE AJRRECE DNNGEeo] wix|ah A o]
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olsfistz] {8 A=+ AMgEE BV [E 3-1]o YEylth

Symbol Definition

n Number of CPUs

m Number of GPUs

gid GPU index; ¢gid € {1, 2, - ,m)

N Number of DNN tasks

did DNN task index; did € {1, 2, - ,N}
DNN Set of DNN tasks {D} Dy - ,Dy)
Wyia Weight of DNN task D),;,

QRQW GPU run—queue with GPU index gid

Job Some consecutive layers in a DNN model
Jo bdf:i"m’ to) Job in D,., where the start/end layer index is from/to

1) gCFSe] 1

[1% 3-3] & gCFS A9t &2 e HojEr. &34 op7|ElA =
() DNN %€ A%, = DNN=(D,D,.Dy) (2) GPU ~7A|%2(gCFS),
(3) GPU #7(9RQ, ~ gRQ,), (4) ZHUIIE(Qordinator)®] Yl 7HA 74 &
ag g olwl, 9 2% 4749 GPUR 49 AAEE HoFAR
2 =29 742 GPUY Fofl == b=

DNN°| %3i90e #HEL2 shute] DNN 29 435te] Zhzbe] s
2 o 258 T 2AEY RS HE7IHeR oCFsol dd & & 3
tt. D,;,,€DNN7F 219 A3 a4std gCFS+= GPU A & ohtE Ad

1 & gCFSe obs &9

A 2AEY SesolM AE Dy, o A%HE #olo] "2
[T 3-319] gRQ, ~ gRQ,°] éﬁﬁ‘%l% 7t b2l Aol GPUdA2] 419
He ofu| g,
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Coordinator 1

gRQy 7 ~
\ Worker thread (] =10 |—>Ostream1 E>

Launch to the EE queue |:> o] did=1 H GPU,

. .
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o (Jstream,)=> \ J
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S
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&
IBroke1 I
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Y
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)
Q
3
&
3
Q
&
S
=
]

Sched. info BE =
D odid Job25 | :§ Dj};ﬁ!@@ GPU,
i ;::ZL" E\! gers M“"'”"“”':951'{@';"””"""""655;5;{(255}"3? """""""" " """""" —
i Gidmins! =10 . N )
| Wi E 065 || Job 852 10pE740) |—> E D T " GPU,
| m.size ! Tl .
/ Function call 9RQs COG;dLné]ta‘r 4 ' TN
',’/ Data with signal ~ —> ]0b§110:156) ]Obés‘?.%) N % : E> GPU,
2] Of did=2 \ )

[29 3-3] M Al=dlE gCFSe] +x

GPU #i= AP #Ads<s UAIR Hyetd CFSe] 4= RBEF]
[z F4=1AR GPUS] dite @&t FIFO Folth. ZF GPU di&
A Zefdlolglel] Ado] lu, Zk Irjulojeo] &afiGle ZHzte] Hes
(Broker)= Jobfi" & 744k 42% CUDA ~EH [14]] AZs] 9
ol A AHE=(Workerthread) o Sl miEeict. ZF GPUE= NS AE
g JHm, dide 2EY WeE ARIT (15 Bl stream,
T el SE), mpEte g ol e GPUS| stream, S B
EE Ftoll f1*](launch)=o] A4tso] Aert [13].

oA A7 2dEe] o) Er s o AEHS ol8Fo=A

SM(streaming multi processor), #AAE Y ¥ Za¥ Hn oz
Wi 2las 7hgAdol wet @ GPUOIAME of] Ze Hdz Ayd

4=

2 Ho|A Aokt &2 491 gCFS7F Adss A4S el £ A5E
(28 3-4]o)A Adgsta it o8] DNN 42 ¢CFSE O*SH me Ay
S SAo] aFg 5 Utk oW, Slect@Q( ) o] HHAR AFPw|w
9RQ,,; ° dMFshe= gas &t I thF gCFSe Dol 2deo g

A &atolA tsE ARSI Job_Form(+) FHREEH Jobm e Qe
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Algorithm 1 gCFS
Require: gid,,;,; : index of the GPU with the minimum load,
from : start layer index of Dg;4 at this scheduling round,
Myize - Output size of the (from — 1)t layer in Dy;q4,
gid . - GPU index for Dy, in the previous scheduling round

- function gCFS(did,from, gid yrr, gidminL, Msize» Waia)
g id « SeleCtQ(g idcurr: g idminL; msize)
ts « Cal_Timeslice (gid, wgiq)

1
2
3
. (from,to)
4. Jobgyy, « Job_Form(ts, from)
5

6

InsertQ(gid, J obggam'm) )
: end function

o

[1¥ 3-4] gCFS 9] 5% 18£S UEd 2 2=

rr
Do)

A tse D7t @A 2AE" SHREAA GPU,E HRE 5 9

& ojujsie, ¢s7h WERE]Z] Aol bl ) o] APt

H

O

2) gCFSe] el Za} 5wy
7hH GPU "7 A" &g
GPU &5 Aamdg [1" 3-519 SlectQ(+) oA A5 At

A, M= 501+ D7t ZF GPU A Weo] Rote Fall di7] Ak 5

gttt olF Sl old AAEY Rt Bt D, 7F AFEHAA GPUY

25 Ul gid,,, 9 & FoHE 2= GPUY QEAE Ye=

9id iy & 7HA GPUS] Qlime( + )& Hlusto] 22 gh& 7k GPU A

Mgttt ([213 3-5], @Fel 2-8). 97|14 Hsl= zF GPU @o] £330

DNN #¢9] 7h52]9] t& ofn|gict. Qtzme(gzd)% ﬂ%‘% == Job

A

|\

l‘_4

rr mlm

o
Q
X
N
QU
=
A
o)
£
~
2
L)
r
4
N
~
ﬂd
O
_\:
o,
=
iv)
S
@
rﬁh
_o'L
N
do
%

DNN Zelo] BE go]ojo] AAzte @ Tafeloq Zzudlale 53
g 5 24 Avtel dis) 2 WS AL A Sol, (19 3-3)

Qime(gid = 4)2  Job1 %03k jop9% o] AgAjze] g grom zpzhe]
Jbe)  ARAZE  ppg  FASHE dolelzel AW Are] Bz

(layertime( +))2] &o=z 3t}

e 2N
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Algorithm 2 GPU selection, Get time slice , Job formation
Require: L = {Loady, Load,,---,Load,} : set of load for m GPUs

1 function SeleCtQ(gldcurm gldmva mstze)

Teurr < Qtime (gidcyrr)
Thine < Qtime (gidmin,) + copytime(ms;ze)
if Tcurr > TminL then
) id « gidminL
else
gid < gideyrr
endif
end function
10: function Cal_Timeslice(gid, wy;q)
11: Loadgid « Loadgl-d + Waid

B B AR AN

12:  tse —did_xp > P: duration of one scheduling round
Loadgigq

13: return ts

14: end function

15: function Job_Form(ts, from)

16: forl « fromtoidx do [> idx:lastlayer index of the DNN with did

17: sum « sum + layertime(l)

18: if ts == sum then return ]obggom B

19: else if ts < sum then return ]obt(i’:;oml 2
20: end if

21: end for

22: end function

[29 3-5] gCFS9] AF-AQ 54 % 1=

GPU #©7F A" Al D, 9 o|d ~A7AZ 22Eo] GPU g A9l @A
2AED BRES GPU dH2rt th2d £ Jfe] Az thE GPU 7+ v
wa) EArE gesie o)k RAZ £ gt olE 98§ gd,,, ol GPUSE
Gidpin ¥ GPU Afo]o] wme] EAppio] Bagt AR copytime( )=
oF 2~ ot} HE 7|Ho|A= NVIDIAZ} 2] Lsh= peer—to—peer 54 (151
ol 43 Hole HAE B3l CPUSH 2e TAE 5 aro Aor 4
HEe HIES AAT = A

copytime( » )= AJ 37 (linear regression) HE-E AR-golo] LA
Bal golgE 275ty 95 Bz AEst oda] DNN 23S ’1‘:1;3
QmRlo A TRt T/ peer—to—peer T4l AU E AU, -

ru

11
ofw
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[728 3-6] wW&e] Abe]=W" peer-to-peer &F4l& ©] &3 HlolH HAL eH=

Ane wior BAW At (19 3-6lo] deht glow, Az oE
GPU zbo| wlma] Bxpo] Wasgh ARhe whées] BARE dloje] a7]d] u]e
e & 5 ok WEA =g th FEO) 1R ARIARE SR oS
FREE P 5 AUk olu, v coputime(+)9] ATGO|L ok HA
dolgel 2719 m ik 949 HAEES Fo QoW 7,3 T, (1%
3-5), 29l 2-3)% Hlmste] AL e A gids AHH(IY 3-5),
9l 4-8),

2 Aolq AT Mo AAEPe 7]20] DNN 2 w7t okl
AEstetel b G912 WA, 7 AAZY Lol g e BaE
44 GPUZ 1efste] ol GPU 7he] gIARES #Ush] BAAIL, of

S &9l CFSOllM fARRE HaF A2 avs d& 4 Ao

W) B Sl At b 27] 2

2 Ao FH2 AH-g ALFe)A DNN el | 7hgA]of utet
GPU A< 2uliste] 5 &2E BAsts 2ot oI #1s] CPUIA AH&-d
Ete Seto]l 29 JdS GPUol= 2§ttt CFSoflA CPU

e BE A 4 (DS Fol et Sofol A2 FPLL 0y Y AAEY

AeATHS An
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]ab;mu’) ]ab;”’zs) . ;(_ . . ]ob§24,30) : :
11,27 1 ! 1 I
Job§M PP | 1 1 _"Az“" 1 ]
jubisa,sz) |

SR1 SR 2 SR3 SR: Scheduling Round
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S
PN
@
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3

[19 3-7] gCFS &ae 59 &2 3474 oA

e =Bl By LetolAutE CPUS Aath ol4¥ GPUIHE 58
= e sl Bl Lol g 2
A 2AEY sesa 4 b94

A7t gid GPUA GPU #5toll £l Jobs o] 7H5#19 eg%
olu|st, CFSellA9] st ALt 5 dsiet.

th gCFSQ| Sz =+
[29 3-7]eA 471¢] DNN 29 245 (D, D, D, D,)°] Zt7te] CUDA 2~
Ede 59 L% GPUA At st dAE Sof gCFSe] 52
& Attt 2-olM o] Ttz elE Jobell £f)
<1aunch)ﬂ% AZEE SMg dol At Adishs AH-E YEhdh o 24
S =2 7} SR(scheduling round)®] Aol [218 3-5]0f oJaf Po} FAsf|oF of#]
gh AAzE ZF GPU A 7484 AJEiell wet SR=P SR< P SR> Po| Al
7HA 97 EA & & Sl
SR 1 &<k, Al 1] jbe] th2 CUDA 2EY-E Fal GPU| &=, 7+
Job-& A4E Q] Leto]AvtE GPUE AHES & th 2 JbollAl GPUS] SM&
ol ol SR=P oliA M2 tE Jbsol GPUQ| stEfo] AHede FAl
of AHgsH] b= A5 UEhdth
1%, SR 2= PoIA AIREAL M2 ob,0] GPUR AAIEE ot SR 2
& GPU dax 7Hg-do= I8l Job, o SIF2 Job, o] ol HAH, Job,
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o SIRZT Job, O] G PREZRAoIT. o]& QIS AT b, o] A A3
AlZko] Attt ol2fet FA] Ao ® Qs SR 2= P oA AlAFSte] Pl A
T2E ZAor diEdeH 1 oH 7] FRETR(SR<P). ol 2AEY 2k

SR 3oX= 2AER St FrANS BOR ALtsiglon didie 7
A=l t,old FREH(SR> P), A9t A2 A (Dol oo AL Bl &eto]
AR 2| AHS el ofof] wheh, SR 49] AJARE 1,02 WAL SR 49
TRANE t,+P 2= 2AEY H JbsEo] B H

7t 2AEY TREC tial ALt obEC] Bl Eetol A9t AA GPU A%
AZto] AXJsH, 2 SR P, Py, Pl SR AT [19 3-7]13 Zo] SR 24 Y
S ok D, SR 3A™ JpbEol B &efols tET 4 Sk ).

1) GPU WH-2] SM, shared memory 52 A4 7FgAdo =z ¢lg] o8] CUDA ~E¥Hd AdEE
Jobso) BER AuEE= FY

2) atjulelgldl &aligl= A 2u=

7te] Ajte 2 Q1% CPU 9 *?ﬂza A 2 GPU 9= ~
Az oA sk =7k FA= <l

off Ado] LA sk 7-[16]
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B AL B =R Aoket /Mol A4S 72 AxdelN dFs
719180 A ARSY] A% o]Se] A P BAH |gS AWyt of
oFer 2ol ARS AW 98 T £l DNN 2 ol A2 A9
SAU, MR TR FRo BUS Rz Egstel Adshs WAoR 4%

ok
oL
o
.,
oS
o
kD
39
ﬂ‘ ol-N

A 1A dEidE AxEE 2AEF 719E

4-112 S A2 A AfRe LreR

8—Core ARM v8.2 64-Bit CPU,
8MRB L2, 4MB L3 Cache

GPU 512-core Volta GPU with Tensor cores

16GB 256-bit LPDDR4x
2133MHZ - 137GB/s

Storage 32GB eMMC 5.1
Linux ver. | 4.9.140
CUDA ver. | CUDA v10.0.166

CPU

Memory

[ 4-1] A A= A ~= Jetson AGX Xavier Z#3E ALk [17]

2 Ao AAA e Ajtete AAED 71HY HEge +
712 EAQ Multi-DNN 271%8 7|98 v|wsith o]5e zZ47h x4
Ae 1A ¢l DNN REAEQ] goJo] ddito] g nL

o

st Y o] Jd8d =AY (TensorFlow S-2 Pytorc

t
2
o
i
rr
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DenseNet201 ResNet152

6 6
“w “w
w5 Q5
E E
ot
c 4 c 4
.8 =)
53 53
(&) (&
$2 )
[}] )]
S1 81 -
2 2
0 \ 0 ;
PMSA FMSA MPSA PMSA FMSA MPSA

(a) (b)

7 DNN =& gA] 23 A $215:9] H9) DNN =g

Hds JAAT F HE meAlA JHE FEEe FAolnh T oS
Z¥zy FMSA(FIFO—based multi—-DNN  scheduling algorithm), MPSA(m
—ultiple DNN process based scheduling algorithm) 2 A3 ZA3E e
U o] ®|ekATt. PMSA(priority based multi-DNN scheduling
algorithm)= & A-Fof|A Ajbsh= 7S Uephdtt

Ao Al At DNN 292 DenseNet201 [18], ResNet152 [19],
VGGNetl6 [20], AlexNet [21] 4FF/E AFg3ow, A|A"H #zPrt
thresdle JJotH dale|E WWRoIA AFLR streamHO| W47t AT

= st

R

2) Al5] 73374- =i

49 Ay g 24

7h o9 59 DNN 2d A

(19 4-1]= 55 M9 Y FF DNN RS Ao 4+3AZd o
H 9459 2959 N2 o2 AAIEY 37 stolAe X7 s
Hlwgteth [ 4-119] (a)= DenseNet201 307] & 4497} H21 DN
meo] 4Tt 11707 B=F thres@t& Aot 4243t Ao

Z
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DenseNet201 ResNet152
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4 MPSA !

MPSA

D

FMSA

N

FMSA

Execution time(s)
w
Execution time(s)
w

= PMSA

(a) (b)

A A8 A S5 H) DNN 29

™
i
4
N

b HQ 357} 8t sms 449

™, (b)& ResNetl52 170 & %
=9, A 7R Rdo] 117H0]B & thres

Ateltt. 2”9 (E dE X
o] 110] =11, ol yZo] Uetd & DNN? ~DNNF 9] ¢isto] mw Td
7tz A- AIZE om|giet. d"doA & 4 9l%o] (a) DensNet2019] 7
2 FMSAS} vl @S o oF 53.8%, PMSAS} Bl S o oF 74.1%2] 438
AlZrol @EE Gt} (b) ResNet1529] 79 FMSAETH oF 41.7%, PMSAE T}
oF 72.7% @d=H AWE & 5 AUt
U3t 87 StollA A%=$17F H DNN
4 = Z(box plot)& o]&ste] IHo e
Ak, H AERE 2t BEE9 AR B HlwstH PMSAZH
70.7%, 83.2% ©ZE|3Att. £35] MPSAS} H| W35S
< o o SR A FPAIZEY] 2Fol= DenseNet2019] 739 1.1
o4 0.6%2 FrAotil ResNetl529] Z--ofl= 1.02x04 0.19%2 7HAF

2
e

[0 4-3]2 H 949 DNN Rdo] L 49 Bds A5t 9
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Stream 36

Kernel start Kernel end

[28 4-3] NVIDIA Visual Profiler [22]5 AF&3le] 2~2E7 He} ~2E¥ Lo 7
gds SAd A w A &y

S NVIDIA(XH 9] Visual Profiler [22] Z2138-& Foto] Ho|1l Qlrt,
ol 2EHE A $YAS A ow IS 4 A e 1H Y
Stream 33, 34, 35% $AEG7E HY AEHO|N, Sream 36 A7} L
ol AEdoltt, ™9 kernelstart7} 7FVE]7]= A-HAANA Sream 362
forward_maxpool layer71'd°] A GPU W&ol SMES A3t & A4S A]
A9t o] & IR HA B o] A7 HY AER O] AdEo] A
= QA9 oW, Stream 369 forward maxpool layer 7142 HA HFA U
ol Aol o5t S Btk WA forward maxpool  layer 71'2 2] ¢
2 AAL kernelend AAO2 A=)

W t4o] B DNN 29 A%

Tt 9 2 DenseNet201, ResNet152, VGGNetl6, AlexNet 455 HAE2
B4 2 FAT F A FREE A, H FAeE e BEE0]

D% By AL o] 59 9 A X5 H| W5 o|nff DenseNet201-2>
1871, ResNet152 471, VGGNetl6 271, AlexNet 17}E Afgste] & 25719
DNN 228 74513 o]5 5 DenseNet201 =& 979t Ho] $X&95 2t
5 A5k [19 4-4]& o]9] A3E UElH PMSAE FMSAS} H| I Al
61.8%, MPSAS} HlWstH 76.6% 7HA4g Axts UebHSich

(18 4-51= [18 4-4]9F &2 &7 stollA A7 ZR2E ¥ E5(box
plot o= WEHSIt ™A o 4 QlRol, SEuT AAA Q1 3 Ato]
PMSAZ} 7V 20 H 94915 Zbe R9E59] B AIKE B3t B3 PMSA
7} FMSA, MPSAXT} 69.8%, 80.7%2 7HA= it £3] MPSAS} B
Fo YA FA pRYAIZE] Zpol7t 1.2%20A 022 = FFE AU
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A EE dHiHE S0lA, & AFollA Aljtste A= ZIEE 2AIEH

A22 AY ALEE 2AEY 7Y

o] AolM= gCFSOl Rads st s s Aol dish #Als]
Attt WA gCFSE gt 9 -
I (trade-off) 24} A At

D A g4 9 4
14 cores / 28 threads
fP[{ 956GB Memory
nte
el | 19.25MB L3 Cache

(x 28) Up to 94 GB/s Memory Bandwidth
PCI Express 3.0 x 48

HW 4608 CUDA cores
576 Tensor cores
GPU 72 RT cores
Quadro RTX | 24GB Memory
6000 (x 4) Up to 672 GB/s Memory Bandwidth
16.3 TFLOPS (FP32)
PCI Express 3.0 x 16

OS Ubuntu 18.04.4

SW Linux ver. | 5.3.028

CUDA ver. | CUDA v10.2

[F 4-2] A AW A28 A}er

o] A#IA Pytorch ZIPZ [23]o14 AFsH= DNN mElS

DDy, Dy)oll gt (17 3-2]9) 4719 ejdlele ¢te] ¢
7] ~dEE3} DNNo| 43 RE DNN REEL ol Z2As ooy =



HA oz HiyEe Aol ol HE AdY
A ofg] 747 o]fdg AlERith. Re AUES gt
SalnE B7)5 melun @ dolg B4 wHes AT

Pytorch®] DNN &R@E2 Python IE=EZ FAEO Qlom, &g A
Eot Python <IEZEE(interpreter) S A2 4 Q= GlL(global
interpreter lock) 22 QI8 AZELo] HE AdHds HE8Fd 5 gt
[25]. w=bA 2 7o) HE 2Ed Vs FES flsl libtorch 2ho]E 2
2] ARESte] Pytorch DNN Rely} obA C++ A2 7HsshAl ok
libtorch @to]B 2|5 AMESHH C++ AAIA A|FSh= Python Kt
43 [O" 3-2]o yehd "E A= I AAEPO] ol o

2~ O
& 9l

o ru

gCFSo] H8/4d& F98st7] #1si NVIDIA GPU 7|8t AHE ol Al
dozg AHstal ZAIRE AR [E 4-2]9] YERY ok AFoA ARES
DNN &4 AL DenseNet201 [18], ResNetl152 [19], Inception—v3
[26], EfficientNet b3 [27] Yl FR/RE A& o] o RE TIRA
D272 277§9] DenseNet201 Z@o] FAlo] AHdY FTL wjE <JujsiH,
D8RBIBESS  DeneseNet201, ResNetl52, Inception—v3, EfficientNet b3
o] Zkzt 8/ FAlol AdH=S oJnltrt,

o] AR JRAOZ oCFSTL g A9} Wmslo] gCRSE B
Jbehi, CFS7h S4she CPUE 8] DNN 2l 2iglo] 495l= 298
WA 4% At 9 A9 gt 2t 1904 Wel o DNN
Airel Aoz CPUS T3 3H= 49 UeL, ¢= gCFS7F §ie=
RE GPUCl DNNeo| Fz9l2 ZEEQE o] AdE yehiin], S 2
gCFSS] ASolth, 2t AWATE A% 1003 ol +3F Avpe] BRIUS
ojtt.

[¢]

2) 47 A3 R 24

h A5 A

_28_



=
(N
=
N

e
©
o
o

Avg. Norm. DCT
o
()]

Avg. Norm. DCT
o
[<)]

03 | o 0.3
OcAg-OSol OcAg-OSol.
0 0
-3 0 5 10 -3 0 5 10
Nice value Nice value
(a) D27 (b) R32
1.2 1.2
G A--O O
Qoo | a-"8" Q 0.9
g 0.6 g 0.6
() - o s
2 = 2 =
w 03 | w03 | g
> >
< TcAg-OSol. < ¢ Ag-OSol.
0 0
-3 0 5 10 -3 0 5 10
Nice value Nice value
(c) 132 (d) E27

(29 4-6] th5o] $9 FF DNN 29 54 A8 A nice gkl 2 4% Azl
37}

[ 4-6]2 o= 7o 9 FF Rdo] A A FUdW B

2= DNN &) 3%, gCFS7t gl& W Bt DCT= 59171 nice gt B
sHAl ko™, D279 nice F - 3014 olFA Y B2 FH X 80% Aol
Heltk, shAgE gCFS& o d4el Z-¢eke] ol 24% #el= Al=9 7]
Al 384e AR,

(79 4TI (1 4-617 Te) A2 ohe R Eastl Agskr,

_29_



=
N

1.2

o
o

0.9

0.6

Avg. Norm. DCT
°© o
w [=)]

Avg. Norm. DCT

0.3

Oc-Ag-OSol. Oc-Ag-OSol

o
(=]

-3 0 5 10 -3 0 5 10
Nice value Nice value

(a) D8 (b) R8

oy
N
=
N

@
o

Avg. Norm. DCT
o
<))

Avg. Norm. DCT
[=]
[<}]

0.3 o 0.3 o
Tc-Ag-OSol Tc-Ag-OSol
0 0
-3 ] 5 10 3 0 5 10
Nice value Nice value
(c)18 (d) E8

(29 4-7] B<=9] o]2] &F DNN 22 FA A& A nice #ol e ds A2
%37} (D8RSISES)

[7% 4-7]S DSRSISESS A3yt A7e HojZch o £59 DNN 2 o
870X Ao AT FR mellof -3, 0, 5, 109] nice go] wAHOR Rof

=k =, o £59°] DNN 2E2 7 nice grefl dish 2719 2d-& zta Qich
(23 4-719] (@),(b),(0),(d)= EA] AaE 3070] mel & mel E8 W Ao
o} thekel 2 o] ndls T X o LstE et [18 4-6]1F SAFSH AutE Ho
Zr} 2242 48 P v ol4H A9 o} A 2ol7h A 87.5% T4

—_—

o}
-719] (@) & 9, Z nice ol e A5 A8 A=7F (b), (0,

_30_



2 DR BRG: MR
latinithiih
o AN/
(a) D27
A B— ®- OR;  BR: WRY
O
3
g
b) R32
2 DR 'Rf}’l' SR ——
| N
il
(c) 132
2 OR;;  BRY: WR)
15 O 1 @ '

i
t i
| ]
\ ]
b ]
§ '
i 1
i t
i 1
i i
i i
§ d
| t
i t
§ t

(9 4-8] th4o] $9 F5F DNN 29 $4 48 A 4% 42 W=ge A4§a
37}

(@°] ¥lof -2 o 4 9IeF. DenseNer201:& FASR: eflole] 4 th2 374]
DNN meluch giol 4% @& A7te] o Zeh. Weps o2 DNN mele

_31_



OR;; lRiSJ?l- le

1 T .-
! '
1 1 N
i " 1 !
' 1 | !
i | i '
5 i
! 1
1 ] ‘ . '
[ " h !
i " i !
[ ¥ h !
0.5 i | h !
[ | h !
i H | !
(] ; ' ‘ :

____________

[29 4-9] b2 o8] F57F DNN 24 54 A8 A 5 A HEHS 2835
3 7} (DSRSISER)

£

P
o

—

o 44 &5 7FsAdol AW, ojuf 25 ¢ESHA] X3t nice #tol 2
DenseNet2017F GPUE =4 5}o] 434 7]—£

A
T
. gCFS7} 2 DNN Bl o140 nice 2] BE A58 wgst
A FIs] Sl A @el geld A% 2 %
4817 (07 4-9% 4% Ael WEZoz 4% Aveld, 247 (1Y

4-613} [ 4-7)olA S-E AT dlolEE AFEET 7 14 Dot D,

7} mode A9 @7l A A S of, RPC=

Avg. DCT of D,
D7} CPU ofsf Ao =™ mode = ¢, gCFSol| o5l A= mode = Sol.0] 1L
mode =g = gCFS7F ¢lo] DNN $4H& GPU=Z sh= 74-9-oltt,

[(19 4-8]2 A2 TE nice 412 FofTr2 5 572 DNN REE0] FA]
of AY=EglE wf rMeve] Avteltt. [I¥ 4-8]9 (), (), (), e
(VD,D, | i#jJC DNN , 1<i,j < Ty, 5 WEotH olu, T, = Al2HofA
Al AdEE F DNN 29 $0]1 D} D& Fde 7o) mdolh. 7+
DNN Zdof tfa, gredo] mE 799 4= &= . polH, 2 AdAE | P
% 30708 A= YeElsleh (18 4-9]= o9 o8] /<2 DNN 24
TA AF Al RUevo] kg HoFEs Dt D o] A AT BE FF

o] DNN Zd-S AHg & &= Qi} [O19 4-8]3} [1™ 4-9] 2

2
]

rlo

1o

xFH 7

_32_



ds A7 MES SHe)A gCFse gCFS7} fls 399 AeA Aolg net
sHdsHA A9gstr] fisl (1™ 4-8]3 [ 4-9]°] O @F EASHAH. +
J™M @2 K o R RARE wH, R VF R 9F RYMEY HY 2
A4S Uehdiel, @& k7 7h o2 F gE 84 22 395 HolEn &,
O @= £ 9|5t o] gCFS7h 9419 7]

r%

L‘

FEZ

>

Sol. __ pc
Ri,g Rc,g

= 0& TEfoF shATE AAZE thgat 22 o]
frE U o g %i"% CPU2] CFS: t}x 7o) Aol AL 257 95
Y 2AEY A 7MY A2 REE 7 ARE AYetAY BE CPU| Aol
ol 712421 2k o] F(migration)E W7 F 7HA] 9] Ko} A2HE 43
gt gCFS&= CFSet & A= ool 842 o miot 7Y 22 255 717
gRQRY TR = Aol A CFSO| Fof Al Eehs vnlet avE B 44f
Qlth. o]= CFSe} np7iA 2 ¢CFS7F F712Q &Y o35 £
AYE v MAT 5 USS nlskA]qt HERE peer—to—peer |
dlole EAL Sutd 4= ek AlE Bl 194 < [+ 1949 DNN o]
o A2 Qlste] A& thE GPUOA ddd 749 14 #leo]oio] Axt to]
Bl (+ 1514 #lo]o]e] At 2F¢fo] g GPUS| Hie]of tlo]g FAR} &
ofof it

whebA 2 Aol A s AT HIER gRQ, ~ gRQ,Cl AA Job ©o1FE

S AL FT AT PFo APk,

R

Jag

)

-

s

Al

-

O

o L
B
Q2 oo ox

o ofr

of

2~ kel
T =]
=] o
=

N
—_

h) DNN =29 ¢tz A7HDCT)

(2" 4-101% [2¥ 4-11]12 424 F4¢ F7° DNN 2di M=z
o2 $729 DNN 2dlS Ao A & o nice gtoll @E DCTO| 3t
HojErh, dgofA Holo], DCTY] Hw#te] Fave BE A-FolA FEA]
o, 7} 2AEY SEoA H 2 HY &

i)
o
[>
i
N
i)
4> i
%0,
rlr
2
rlo
8
o
N
N

_33_



mg mSol mg mSol

120 100
g 90 g 75
o -
Q (8]
A 60 a 50
) )
Z 30 Z 25
0 0
-3 0 5 10 -3 0 5 10
Nice value Nice value
(a) D27 (b) R32
mg mSol mg mSol
80 60
iy )
*E-' 0 é 40
G 3]
a 40 a
) o0 20
Z 20 -
0 0
-3 0 5 10 -3 0 5 10
Nice value Nice value
(c)y 132 (d) E27

(18 4-10] 959 59 Z=F DNN 24 %A A3 Al nice zrol W& DCTY
gk vl

(=3,00014 X 41.8%7t2] Aokt [T 4-1019] (d)ollA] nice #tol &
785 (5,10) gCFS7F §l= 237 gCRSET £2 AuE Holut o], ¢9] ¢
nice gto] 22 2dl(-3,0)9] et &2to]AE nice Frol & RE(5,10)°0A WA
A 71N A Ao mA o wirE

T o vEger Bl A AR SHAA gCFS7F aatdolets A
SHol7] 9ol e &Pl k=AM ou|ol= makespane ARERITE o] E 9]
3 Zt Ao mE DNN 2ES 1503] 94 A & ghmd A7He S35ttt
(29 4-12]= o2 593 DNN2 AHEAS o (@)¢} o] A= o2



mg mSol mg mSol

100 100
g 75 g 75
- -
8 50 8 50
oo bo
I 25 Z 25
0 0
-3 0 5 10 -3 0 5 10
Nice value Nice value
(a) D8 (b) R8
mg mSol mg mSol
100 100
g 75 g 75
- -
2 50 8 50
[o]1] [o]1]
< 25 I 25
0 0
-3 0 5 10 -3 0 5 10
Nice value Nice value
(c) 18 (d) E8

[ 4-11] 99 o8 £F DNN 24 %A A3 Al nice zrol W& DCTY
gk vl

DNNe 2 FAH Z$ (bE Yebdlth, Ido4 & 4= dxol, ZHzHe] 7904
makespana F Wt 40.4%, 32.5%7}A] 7HAqbct.
gCFS7F DCTSF makespano] 37} Q& ol F 71A] @9loz 24

ot 24, DNN it 99t Ad2 7| DNN = =
1= GPUC| &3E2] il o 22 b G = AT o 2h2 @9= FY5H

st of= CUDA ~E®g ARgoto] shte] GPU HeflAfete SM 7H8-/gell whet

_35_



Sol.
mg

E27

132

R32

D27

0 5 10 15 20
Total Execution Time (s)

(a)
D10R12I112
120E10
D1020

Sol.
D8SRSISES Hg

0 5 10 15 20
Total Execution Time (s)

(b)

[29 4-12] ©}5=2] DNN 29 FA] A& A] makespan W]l

o] akE FAlel 43

st

% set.

3) Edolcon By

shte] GPUS] WY& SA1o] 84 4 9l DNN ulo] 4= GPUR AHg

H ~EY Sof whet AR, ol mrvlelHY YA Ad= 52 goHt

wheb o] SAHs DCTe 2714l Bato] Qlek. Eak (17 3-5lo] EAIE 4%

Pe A% Bt E Zol2 trehfin, o] ol s 2AZH SHesA of

| shupo] jobo] 2AZH o o] 2 e mATh 194 P GPUO| B

wHlo] Z2% 9TL w. olelst o2, B AdelAL o % Ao uj
wigo] we} DCT 9



1 thread m 3 threads = 6 threads W 1 thread m 3 threads = 6 threads

180 160
@ m
§, 135 g 120
[ -
Q Q
2 90 a 80
) bo
> >
I 45 I 40
0 0
-3 0 5 10 -3 0 5 10
Nice value Nice value
(a) D27 (b) R32
m 1 thread m 3 threads = 6 threads m 1 thread m 3 threads 1 6 threads
80 120
E 60 g 90
- -
Q (]
a 40 a 60
) )
I 20 g 30
0 0
-3 0 5 10 -3 0 5 10
Nice value Nice value
(c) 132 (d) E27

(29 4-13] T5el 59 FF DNN 29 54 A4 A 2 mriielee] 97
28 = o & DCTS H gk Bl

7h Agdleled YA 2= e

[13 4-13]2 2z} FHdoly Wio] A AE o mE 2t nice 4t H
DCT9] B+tgls Hojwrh A 28 Zi7F 171, 370 nice gto] S7H
5 DCTY BHg= S7lte A& & & Slvh shA|gh, 7 28 & 77t
6714 @& nice 712 F7tel wE 45 Zpol7t HeohA| gt

T3 52 249E UEHE 22 nice # (3,094 ¥A 2= 747t
621 27t 3% ALHET o & 45 ASHE Helth 97 At 27 BeEss

o B CUDA 2E9S 488 4 glome Wad4o] F4HT Aol T4



==
&
o~

1 | k4 ~k,: Kernels for DNN Executions

Thread 1 O—H o u T
(Stream 1) : o-® : Execution Engine Queue

1 1

'k, |
Thread2 [O————H I )ﬂ .
{Stream2) O----i® H :

: : :

i : k3 : i

1 0
Thread 3 : o : : .. _____ O :tock Req. [I:Kernel Launch Reg.
(Stream 3) I (@escamee R — ® | @ :lockAca. Il : Kernel Launch Acq.

i ! ! : .

: Time
ty tz t3 4

(719 4-14] B2 A& Slal] o2 2U=5 A of 24S 5 s 4 o
Al

Eojof gttt T8y O9E Fol & & dxel A Adke oAl B
w}2bA] NVIDIAO|A] Zﬂj—%}—‘:— Eiﬁ}%‘_% Tl 51ght Systems [28]-& Al-8-5}
of 11 o|l{E #A3eH, [1F 4-14]+=

7 A~ =& DNN @4t A] 3‘354% #A4d-e CUDA 2E#S 53 GPU 3
EE 72 H|%57]2 o7 #%] gict oju, CUDA API= $F Hof shte] 7d Ale)
2 7] Wizl pmutex—lock™ 22 §713 mejnjg|H= Q15|
245k A4S FARE TROA k1S Adskea & o AR ¢l "
of A Flock)S 55t AdS AA|st= dl BT 4 A7to] llb}‘?ﬂ 1
oA EE F& vtz Soj7ict SEATE k2, k4, k3-S Z¥ZF 11, t2, t3°fA] 2h
st Ad AXE AlZeeh B, o)A k30] k4T WA 2S 87012
A 71 2] Oi% CUDA HH Ao <l oH kA7} R3ETE W] & 2 55}o]
w7t Be s sfue] GPUell 7
1E7} U*OPZ% 57]2} QH 011‘:7} g 6}1 & 25 oA7F Ad
g ol HAARD A TS oA 7F Utk
-13]3% [ 4-14]°] vehd 25 B S 2 nice glofl ©HE 5%
= A5k E]E, GPU Wiio] BE A2 oA F713F 24
e Addleld & 7 AYE 5 372 ZAA5Hoh

Z

ko

o

=)
o
i)

9_15
+
;9

rol
kv
rr
w 5
o
ML
-
MN
i)
k=)
;L;
X
e
Aul
z

ww o> XN el
Momlo o 2 Jn

T

rlj\_-]@ ol

L FIF
)
j,Q,
o
mu g

i
i
N
i
it
]o

il
Kl
)
st

3) CUDA Ul 42 F7% o
84 =AM A



{JP=8ms O-P=12ms -A-P=32ms

{1 P=8ms O-P=12ms -A-P=32ms

1 1
G G
Q08 a 02
£ £ 0.8
& 0.6 s
2 2 0.7
80 0.4 o gd
é 0o~ 2 0.6
0.2 0.5
-3 0 5 10 -3 0 5 10
Nice value Nice value
(a) D27 (b) R32
{1 P=8ms O-P=12ms ‘A-P=32ms {1 P=8ms O-P=12ms ‘-A-P=32ms
1 1
0.9 -
O Y 0.9
Qo8 Q
g 0.7 g 0.8
2 06 2 0.7
oo 0.5 )
Z 04 Z 06
0.3 0.5
-3 0 5 10 -3 0 5 10
Nice value Nice value
(c) 132 (d) E27
[29 4-15] t}F9 HUE 79 DNN 29l FA] A3 A P Zolo] Wi A
s Ad #H7h
W) AAEY 25 P 4ol
CFSAHE gCFS+= A (Dofl mat ZF jpboll EFY &efolAE Folsiy, [O19
=5]o] YR viel Zro] Bfgl &etolA= DNN gl #ojojo] AdY A|7F 9to
FAH gt P7F UR oW nice Ftol 2 obe BFY &tolA Ul
A 5 gl dololrt 1ARL} ol AAEY P 4 gick. ¥, P} YR
Z nice groll Aglo] 2eE 24 (round-robin) FAlo 2 AAEY = 715
Aol &}, [19 4-15]= PE 8ms, 12ms, 32ms2 AAsto] SA5E Axto|tt,
oA BolF5o], P=12ms Q1 7397} nice #toll W2 A5 zlol& 714 3

S BojEnh meti] 2 dAeldE PE

_39_

12ms2 A& sttt



A (nice ghH7F GPUR A H]
A AT AqH AJAR O R U

r}m
r{u
<
>,
I
@)
g
(@
B
10
_E
1o
-{o
H>
2 4o

WollAl CPU WA &2 459
§E2 o2 A Eolof gtt= EAE Ztn
HF th5 DNN ﬁﬂ%a% A etstelth. DNN REE9] gojol&S
A A7) dog dHop XL F2 1AFHoR A £AS AAII
T CUDA £2ERO] 459 7| A4 715E &dto] GPU WRollAl 23t
o7 4597 =2 DNNEES] gojoj7 @2 459] Holojo A4t
Hop WA 9= vy A A9 =2 945919 DNN 295 5 opA4}
Bl k= ATk Fd 76.6% FASHA, e BEEO A

K
rlo

B A2HA AL gCFSE CPU ZwoA AL nice %M] wfel 2t
DNNo| GPUE A58 % 9t el &efol A

Zdjo|t. 184 sto =M, gCFS“ 7} DNN Rdle
2

oX
or
filo
L WIO

2

LS. A

o
24 gCFSE 79 Aol AA Zaste] GPUE © HlA gHE 4= glom, o]

T35 DCT ¥ makespan SHoOA A5 FAAIZIH
Fe ATE AH A AHOA ARSI E gCESOlA #Agte] oHg=x

m&“

ot

9RQ, ~ gRQ,) AA Job 017% 2% T Agole] YulH= Axde|AE 4
&9 715re] 2AEYe] dote] % Aol AT ool

_40_



1. =9+

i

Kim, M., Noh, S., Hyeon, J., & Hong, S. (2018). Fair—share scheduling

Xiang,

Karol,

in single-ISA asymmetric multicore architecture via scaled virtual
runtime and load redistribution. Journal of Parallel and Distributed
Computing, 111, 174-186.

Y., & Kim, H. (2019). Pipelined data—parallel CPU/GPU
scheduling for multi—-DNN real-time inference. In 2019 IEEE
Real-Time Systems Symposium (RTSS), 392-405.

M., Hluchyj, M., & Morgan, S. (1987). Input versus output
queueing on a space—division packet switch. IEEE Transactions on

communications, 35(12), 1347-1356.

Xiao, W., Bhardwaj, R., Ramjee, R., Sivathanu, M., Kwatra, N., Han,

Chen,

Z., .. & Zhou, L. (2018). Gandiva: Introspective cluster
scheduling for deep learning. In 13th USENIX Symposium on
Operating Systems Design and Implementation (OSDI 18),
595-610.

Q., Yang, H., Mars, J., & Tang, L. (2016). Baymax: Qos
awareness and increased utilization for  non—preemptive
accelerators in  warehouse scale computers. ACM  SIGPLAN

Notices, 51(4), 681-696.

Chen, Q., Yang, H., Guo, M., Kannan, R. S., Mars, J., & Tang, L.

(2017). Prophet: Precise qos prediction on non-—preemptive
accelerators to improve utilization in warehouse—scale computers.
In Proceedings of the Twenty—Second International Conference on

Architectural Support for Programming Languages and Operating

_41_



Systems, 17-32.

Chaudhary, S., Ramjee, R., Sivathanu, M., Kwatra, N., & Viswanatha, S.
(2020, April). Balancing efficiency and fairness in heterogeneous
GPU clusters for deep learning. In Proceedings of the Fifteenth
European Conference on Computer Systems, 1-16.

Mahajan, K., Balasubramanian, A., Singhvi, A., Venkataraman, S., Akella,
A., Phanishayee, A., & Chawla, S. (2020). Themis: Fair and
efficient GPU cluster scheduling. In 17th USENIX Symposium on
Networked Systems Design and Implementation (NSDI 20),
289-304.

Baruah, S. K., Cohen, N. K., Plaxton, C. G., & Varvel, D. A. (1996).
Proportionate  progress: A notion of fairness in resource
allocation. Algorithmica, 15(6), 600-625.

Jones, M. B., Rosu, D., & Rosu, M. C. (1997). CPU reservations and
time constraints: Efficient, predictable scheduling of independent
activities. ACM  SIGOPS  Operating  Systems  Review, 31(5),
198-211.

Kim, J., Shin, P., Kim, M., & Hong, S. (2020). Memory—aware
fair—share scheduling for improved performance isolation in the
Linux kernel. IEEE Access, 8, 98874-98886.

Huh, S., Yoo, J., & Hong, S. (2015). Crosslayer resource control and
scheduling for improving interactivity in Android. Software:
Practice and Experience, 45(11), 1549-1570.

Amert, T., Otterness, N., Yang, M., Anderson, J. H., & Smith, F. D.
(2017, December). GPU scheduling on the NVIDIA TX2: Hidden
details revealed. In 2017 IEEE Real-Time Systems Symposium
(RTSS), 104-115.

Rennich, S. (2012) Cuda c¢/ct+ streams and concurrency. Available

online:https://developer.download.nvidia.com/CUDA/training/Strea

_42_



msAndConcurrencyWebinar.pdf. Accessed 11 April 2022.

Schroeder, T. C. (2011) Peer—to—peer & unified virtual addressing.
Available online: https://developer.download.nvidia.com/CUDA/tra
ining/cuda_webinars_ GPUDirect_uva.pdf. Accessed 11 April 2022.

NVIDIA (2012) Issue Efficiency. Avaliable online: https://docs.nvidia.com/
gameworks/content/developertools/desktop/analysis/report/cudaex
periments/kernellevel/issueefficiency.htm. Accessed 11 April 2022.

Nvidia Jetson AGX Xavier Developer Kit. Available online: https://develo
per.nvidia.com/embedded/jetson—agx—xavier—d eveloper—kit.

Yu, X., Zeng, N., Liu, S., & Zhang, Y. D. (2019). Utilization of
DenseNet201 for diagnosis of breast abnormality. Machine Vision
and Applications, 30(7), 1135-1144.

Nguyen, L. D., Lin, D., Lin, Z., & Cao, J. (2018, May). Deep CNNs for
microscopic image classification by exploiting transfer learning
and feature concatenation. In 2018 IEEE International Symposium
on Circuits and Systems (ISCAS), 1-5.

Simonyan, K., & Zisserman, A. (2014). Very deep convolutional networks
for large—scale image recognition. arXiv preprint arXiv:1409.1556.

Krizhevsky, A., Sutskever, 1., & Hinton, G. E. (2012). Imagenet
classification with deep convolutional neural networks. Advances
in neural information processing systems, 25.

NVIDIA Visual Profiler. Available online: https://developer.nvidia.com/nvi
dia—visual-profiler.

PyTorch. Available online: https://pytorch.org/. Accessed 11 April 2022.

Lim, C., Kim, M. (2021) ODMDEF: on-device multi—-DNN execution
framework utilizing adaptive layer—allocation on general purpose
cores and accelerators. IEEE Access 9:85403-85417.

Ajitsaria, A.(2020) What is the python global interpreter lock (GIL)?.
Available online: https://realpython.com/python—-gil/. Accessed 11

_43_



April 2022.

Szegedy, C., Vanhoucke, V., loffe, S., Shlens, ]., Wojna, Z. (2016)
Rethinking the inception architecture for computer vision. In:
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), 2818-2826.

Tan, M., Le, Q. (2019) Efficientnet: Rethinking model scaling for
convolutional neural networks. In: Proceedings of the 36th
International Conference on Machine Learning, 6105-6114.

Nvidia nsight systems. Available online: https://developer.nvidia.com/nsigh
t—systems. Accessed 11 April 2022.

_44_



ABSTRACT

Priority—bases Performance Isolation and
Scheduling in GPU-based Systems for Deep
Neural Networks

Cho, Ho-]Jin
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Hansung University

In GPU-based systems, CPU applications deliver DNN operations to
the GPU. In this case, the DNN operation is transmitted to the GPU in
the FIFO method regardless of the priority of the application set by the
CPU side OS. In this paper, we propose GPU scheduling techniques for
each system by dividing GPU-based systems into embedded systems and
server systems. In embedded systems with constrained environments,
DNN applications with the highest priority on the CPU side should be
handled first on the GPU. In this paper, we propose a scheduling
technique that allocates GPU resources considering priorities when
multiple DNN models are executed simultaneously. Even if low priority
DNN applications are running first, high priority DNN applications can

preempt them, ensuring fast response characteristics of high—priority DNN
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applications. In a server system composed of multiple GPUs, we propose
gCFS allowing each DNN to have GPU occupancy in proportion to the
priority. gCFS inherits fair-sharing scheduling on the CPU side and
achieves performance separation in proportion to priority. Smaller
scheduling granularity enables more precise control over the time slice on
GPUs and makes DNN workloads more densely queued, reducing the
GPU idle time. in scheduling, the length of DNN workload is adjusted
to the given time slice, and dynamically the optimal GPU selection is
performed. Through experiments with concurrent running multiple DNNs
on each system, the performance improvement is significantly improved
compared to the case without scheduling techniques do, and the overall

execution time is reduced by up to 76.6% and 40.4%, respectively.

[(KEYWORD] multi-DNN, priority, gpu sharing, performance isolation
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