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T8 9

GPU (Graphics Processing Unit) 9] W& HE A4 582 I8
AAHE ofygt WAl #Yd (ML: Machine Learning), 1435 HFH
(HPC: High Performance Computing) & SolA dg Ag¥t)
ol wz}t dolg AE 9 Seh¢= &AolA GPU 7N Q1=
Au| A5 Awsk7] A& A A GPGPU (General Purpose GPU)
<& GPU 3Ad o83 22 w2 GPU 2855 HAv o=
Addll =2 7H4S 7HAE GPUS A &8 5F5 =o]7] f8 A= oE
TEEe %—/\]Oﬂ =8z sk o9 st ey GPU
delA e v & FArete Akdel i) Aol dojv A Astrt
%%%%:%W.E%GRJW%ZHiﬂ%ﬂtﬁkﬁ?ﬂcmjﬂ%
b e wls] wHjst=®2 GPU #Abd 9 §8 54 7dtst o5
-] wiA] 7] g st

2 AT = A &9l SM (Streaming Multiprocessor) &
|07 thE SM J3o T4 A9 2 SM R &Y AZFe vels
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1. 47 H#i73

GPU (Graphics Processing Unit) &= 3 /M9 Z2A4 Fo=
ol A= ¥E Ay AAS s olgst wE HE AA w8 &
a9y AAHE oYzt AN HFE  gdoew  FgFst A&
GPGPU (General—Purpose GPU)&} 3t} o]= Al A, Ho]H

ntold, AA o8t AlEHo|MA, A4 2 A Fo | #Hd(DL: Deep
Learning), 1% A+ (HPC: High Performance Computing) ¥ <
S FofelA HEHTE 53], HE 2 d < SUMeteE AFHE
oo

TRE 3 GPUE AHes & /‘PSE}O sHekal & a4 HE(TCO:

=

Total Cost of Ownership) & A7Fskal it}

180 & B 7MY #E fHAREHE EHSI= TOPS00(6]2 1ds AFRES
ZA ERJEE FHY = JEE ot 2020E 60| YHE X=0 EEFE al
H 500709 wHARH T 1410012 AFEZI GPUE 7H57|2 xHEiStD QUS,
Z4&2 1009 HAFH oAM= 707t GPUE ZHA|D A|A”EES -_rl“o“Zf. L=l
Ol 20172 oF 71LCH, 2014H2| 43CHQt H|WSIO| RFES| SIHtE FHE £
OfZ=Ch olof af AtE Hoje ME (GAl: 22| [1)Qt o A2 S8 2
2t E (O Al: Amazon EC2 [2], Nimbix [2], Peer1 Hosting [3], Microsoft Azure [4])

£ GPU 22t2EE XY 317| siM GPU 7|8t Q1Zat MHIAE KB87| Al
At
s & ZTRIHS HAFE JFHolmg 17te] GPUel A



ojEgth AREAS] Aol FEeE=e GPU dAEAE Ant

JAAEART AL 10uel] sidsts v]go] AQdt. & RE

GPUR T4¥ ZeAvlE #Eshs deoly Alg 9 S¢S A

AeAE GPUE agxez g5ty f8 Zeay 2ASYHE

Abgstt) o] 5ol AAER S Tl @A 1A st Fo HEe Ad
N o

ARRE ZEAAE, Fe Miw A g

A8 9 @ AYol GPUR EdEH«d e, ©d S8
TR A RE AIES &4ds) #8T F Qnh dHEE, dA
TOP500 [6] H=9 2915 A8t U+ Summit>= GPU 3}l

LINPACK [7] Wlx|ntaE A8 wjol= CPU oA @A Hil
359 65%F FAeth old wksll, HPCG [8] WXAwt=e] s
#Hi 5 1.5%% 2 AA S8 disie R B
GPU AM-ES Holx AL & F vt [9]. ey #Ad d85E
=ol7] 9% Werto g $8§ TR 5 Fgo] AtE

olo] wz}t GPU ZELES FHAZI7] 8l GPU v+ A4
(multi—tasking) & A8} AN BRF FES w7 Azt CPU

AMAA FA F8e Ba Ad BEES FolWwd AL
8

Hjgst b sk ATES wWol TAEH [10-12]. CPUCIA
TIPS =l FH A HE ‘
o

SHAIRE GPUCIA 9 &4 3

GPU A9 Wxg AlAHE F& Wy A28 AFEY 9 = CPUSH
g8 Q4 gEld Aol dojyr g o) AFEo] HEHA =ttt
GPU &89 A Adgs G4 A #Atd dedt 3



Left—over A= Fsh= Zolth. o= & F&ol 7lsdt gars

gt gFE AdEs g8 Ade st dEko|th
gy ©<=dt Left—over Ago 2= 29 &84S HZH3eA Faln
&S dEoE AYs A vluste] Fu AW Aol Ayt vEbE
4 ok wEbA GPU ZEe-TelA Ak Aoz Qlshe] Ay
e (1) AFEAE AMEEEA] g Abdel st eFo] HTE, (2)

AST 5 Qb Aua FFE] WA S ks TAZ WAL 5

GPU v 2Add+= Al v53t (Temporal multi—tasking)
713 3+ t53F (Spatial Multi—tasking) 7o) &A3ch. Axe
GPU Ado] GPUAH x40z Adwn, Fxk= ofg #H4do] GPU

¥ s HAYso s F83tES vl 2 GPU AHSE U
AgFes A8 A= F O 7E S @A AREske] v
SMo] Ffrst= A B SM uiF s BT dgsfor stk &
£ 22} Intra—SM, Inter—SMo| 2l g st}

2 =EdAME GPUY F# A FEEE Eol7] fste g
=220 &85 thACE Inter—SM / Intra—SM F A& #Ad A&
Aol 7Inket v 29 wix] 7S AQEStth Inter—SM A %
Ade St &8 TR 54 9 A4 AR d"HE wes 74
ot RS gt S &83ste] Inter—-SM ALE FHebe
»AEY 7IME sk, §8 ZEIM Intra-SM A ARE
g 7o ® s AAlEE JPHE AAET A AAEE 719
e skl g8l A4 Ao ~AEYs vuE AYsaS ),
2 =19 7ol A BE8EE E0EZHA §E ZREIA H5E
TN S Bl
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AT WA
1. GPU A8 nd

ARt o g GPU 2L TAEA APy = TAE FE=
GPU tiupo]xefx s = tiupo]~ =R o]Foj7 Stk SAE
FE= CPU <A CPU-GPU 1+ dHolEl F4l& Yehdls WE
AL (copy) & EFSH, HulolA IEE GPU AelA F3EE=
ol &9l Ad (kerne) 2 YERTH Z2I#w = Ad I&
2H338t7] $18lA SIMT (Single Instruction Multiple Threads) X
Abgstt). SIMT Z=EaY EEoA], A (thread) & A3 7|2
@delolt. Ad &I Al Fd R AHEE A 7
AUEE GPU AellA 5d3t 3=5 WdAos AHgstA frh. GPU
zEa B A¥Es AFHCRE A¥E &= (Thread block:
TB)CZ 153 #v, o 7 9o 2= &5 B 12 =(Grid) &
73 st}

NVIDIA GPU st=glofols 9 (Warp) 2 EAE T O
AP E9 8ol Ut o)== GPU Zz#y R HAHAHOR
1 Ee OMXM LTI GPU 4k A7 9= g
FAN AYEE SAS Z88te GPU Z2a9S H43F & ¢ v
ﬂ%ﬂ GPU®| A %z—t— 32719 ~d=Z FAAEG. GPU AdelA
FAe A I (S AdE EE) 9 e dAAEY A,

fr vWiRe 27, A ~dUE 55 e 2E& GPU Ahgel 98)A

nllo
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2. GPU +&

GPU -
/,/’/ ‘ Warp scheduler H Warp scheduler |

‘ Register File |
SM SM . SM
SP SP SP SP SP
f : HEN
Interconnection \ SP SP SP SP SP

SP || SP || SP || SP || sP

N\
\
\
\
N
\
\

PCI-E

o] ]

<I1¥ 1> GPU9 =

a9 1= GPU A& AAARl 725 HAE 7 GPU=
PCI-E HAE FalA CPUS Addr. GPUY dieles ~EY
HE]Z Z A A (Streaming Multiprocessor: SM) ¢ L2 74, GPU
DRAMo] lom SMe 3% 94 UEHIE Tl tutelx vmgs

TR SME CPUS 3oj¢} m 53 @2 s 22 29 wslolth

~




7} SM2 ~EgY ZZAA (Streaming Processor: SP), ¥ v &g
gAxE, L1 AMAZ FA"ET SM uFelE sy o] =
2AEEE 7P Qo] WEe HA e, "adsta, H3yEc. 7
Yz 2AlEE fx A7)eh FLE 32 /e ALUE #g gt

ME fzZoA & fzz A& wo HYAE A8 eHg=
glo] dgek o glty o2 ds& Az AAEe= R A 9
o= she vt FHEHJS W v fEZ2 A9F ko]
A NS =4 F Ak oA e SMol FAlel weE k=
e Bds e e FAS 92 Jies Ad g A

_4

= 3
ARG B st=glo] Aloke] ola Aaxith. ARt B ‘EAd st =)
ghe A e WE e walar 22 9 AL oluth Hlalo] (barrier) E&
ol WHe AnE Vv oF sk o olfFE ‘EA Y=zt WHs
k] Zetthd olF 'HE A A (stal)olgtar gty o]g} WhE
WEe HY T 4 A o]F ‘A7 93 (eligible warp) 2kl Sttt
=, @43t A= e AY AdE gx S AF 9x £ 9
Foleta & 4

HAlel GPUE ©@Y GPU st=dlofollA o] GPU AYEES FAlel
Agst 4= Q== 3t GPU st=dlold uist 3t ts3ts 7hssh
stt}. NVIDIAS] Hyper—Q 7]%& [13] % AMDSO th7|d 74 v&
zrIHY 7ol [15] o]e] &idsttt. NVIDIAS GPU == 7149



API?l CUDAx= GPU A3l ozt AYAEES A&st & CUDA
ContextE AAstAA AlZslE=d], Hyper—Q 7]&€2 #2 CUDA
Contextell Sl kernelg®ts FAl 3 7Fsstes vt =, v
S8 AYL FTA F¥o] EBUFssZE NVIDIACIA:  Multiple
Process Service(MPS) [16] & Al¥ste] o8  FL&o] FA

STV EE skt s, MPSE 3 Ade] st gAaAAaE

=t
over A& FH3toh, Te2E o Ado] xS
A

Warped—slicer [17]& HA19 Intra—SM &+ AAolH, FA
e A= B Eds AAs] S8 98 -2 " (Water—filling)
g5g AHESth ol @4 AdE BFe di$ S UEd
d 3+ (Scalability curve)& 7|¥Fo 2 SM Wlel|A e A¥E &5
AE AAgr o] W, exel W 2kl TradYs T 4

Ao Adks Haglshs 2= 25 FEAS AHE EQIE

(Sweet point) EX 2]H3lc}

i}

e

i oo R

NoE g
1o

ut

SmCompactor[18]+= AA  3st=9ojol-  Intra-SM &

o
=
Vel st AEE EE 7N AAlEE T dY ettt ol WA
Y3t & o] R wet A=

Ade 44 8 54 Vles ZEvd ¥
555 54 SMoll wjgsts t A (

Foh, gadx AR= 95+ A= Bd (Persistent thread
model) ol wet AES WHEst= AL REel &3, ol 7
AYE E5& dske SMell AEE & JEF st 589 Intra—SM

BE 49 bsal g

i)

ok

g



4. EH2EH LALEHoo|H EAEZAAEY GPU ¥+

7 g GPUE Fetr]l f18l =8 GPUE 7Hdsksttt.
NVIDIAE 7F¢ w4l (Virtual Machine: VM) ol GPUE A 71531
sl7] 918l NVIDIA vGPU 7]&& A&ttt ste]snto] A (Hypervisor)
gojojo] s HAAEHi= NVIDIA vGPU AZEdel:= 7 VM
vGPUE AAgte] o8 VMol &g GPUE FFet=s: 3k
OpenStack[19] vGPU AAIEHS AFstH, ol AMEAZE 273
vGPU &ell 97 vGPU QIARIAE A sheh. sto]suto] 4 7F GPUY
Ao} 4= (Control path) & #ste] GPU Zghol¥ 7k vGPUel A4
Mk 4= A 3 NVIDIAS] Mediated pass—through 7142 7]&9
Zl=¥ vlaste]l Ads eHIdEE EQlvh sHANE AulA AlFAE
o]d3s] GPUE 9{lgt AMEE 2AIED wAYSFo] ofd, 7|&2 2H
ZIet AAE T AFEARE] a9t Bl vGPUE sk s

ARg-gH)

H, TAE AAHEIY AY FF (Kernel call) & AFE-3}9]
SHEESE 2 22ZEH AHoly ARge] =oiuval Stk GPUE
AFg-8h= Aol &-8°] Eadiind w2k YARN[20],
Kubernetes[21]8} #2  AHolY eAXE#HH EHEAAML
GPUZE Al&3t7] AlzHgith &A% YARN, Kubernetes =% GPU
2AIEF Aol GPUE w<es] 49 Adoew u#ste] /iE
Adloly= GPUE HAAHC=Z ARESHA stE® GPUS A drl&
Z gt}

ofo
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III. 714 8<% 249 7|4t Inter—SM A9 &
o= g \ix] 71

1. 47 571

1) GPU €9 o8 AR

o

E?L‘_

GPU Zg9= $AdA GPUE 7Mdststazt et =9%
AATH[22-24]. o]gst ol EF3tal CPUS GPUS A4 &
s gol TAstEE I AAE HWE= AL o
25 ol o] wAlE Ftepe] AWttt Od 12
HPC €< LAMMPS[25], QMCPACKI[25]¥ DL =<l Mnist,
Alexnet, VGG11[26]<& NVIDIA TITAN XP GPU % {7—-5820K CPU
FAA AW S we] GPU &84%(GPU utilization) & =g
AFS-(GPU memory used) S HEoFth. GPU WEZ Ao H$
CPUSt #2 9 vxEe 73t 7les Asss Xtz A3
T 38 WRe AREF ol A Ao HmEgEt Atkd Out
Of Memory(OOM) A7} dAsIth o5 WA38t7] fJsiA AR+
S8 MY LFAMEE AEE del Ho xRS Qs GPU
AFE A Afedr A §89 A BAES fld GPU
4o HUXE a7} sAnt 1y 29} o] Hd w3 Ao @
Atole] Zpol= GPU wlRele] 3% Hit °F 54%, GPU AL A4

L
2
ol

o



Bt oF 51%E @At 8RR AREA AR R AdE
gl 5 ok shAIRE ARl dulE

BAE] flel FoAE e AAEHo] ofFon 7§80l
AR wWol ARgshs kbl HHo®M OOM A 8l AT
dold & ok 2 APAI= GPU 589 L2y
B 7Bl A skE, OOM A gl 47}

g o] Bage wolFrh

12 120
10 . . = 5 - 100
8 80
)
g 6 60
4 40
2 . . X
0 0
LAMMPS QMCPACK  Mnist  Alexnet  VGGII

m Max GPU Mem Used m Avg GPU Mem Used
® Max GPU Utilization ©« Avg GPU Utilization

<I1¥ 2> GPU 389 A oW AW 1z

)
N
X
o
=
A
o
[
X
)Y
o
1o
i)
ko
oX,

18 3& #Zo] Eo] LAMMPS, GROMACS, Mnist, Classification

12



[27] &&°l A2z = W4 Avtal 7Hgsisie o, Al 71 g Rel whE
2AEREE vlusts AE AES Boleth Od 3-(a® Ho WEe
AR aefet Wl 97 (Bin packing) 2AIET #lolobxolth ol

e wAe7lel TR 7 Aol 3l

s FAHA7]= Wl 2= W] (Load balancing) 71¥H<=

AlZk3} o] L sked

A ko]l FHAE H= s AdEste] Aydn. AA Jars=e 53
Al s s 2AEEs A4 W s Ay 2 8a] Ay
Hlwelsls wl A 738 AlZF(Makespan)©] 2.381], 1.230] o]+
e & F AT 4 89 dss vludirol: LAMMPSS 450l
ELE EARES = - R A ek

°F 0.6%, Mniste] 43 A-so] == WA
vlaste] oF 36% Aol oatE & AlelshH LAMMPS, GROMACS,
Mnist, Classification Ad&°] 2z} ol 38%, 138%, 123%, 419%
ettt AdAor 1 A AEs AAEHd A EeEE
S8 H4 FY 945 A7H(Average job completion time)©] T
A vlaste] 74%, 22% FFET(670.25s vs 1168.75s vs
821.75s). o] A¥= Hof wlEY ARG v e §l g Ao
ARE Thedh Ae B ARESHA A, & 2
el dig 1y glo] k=& FRke HAS
wojFEth, Ed, == %
H B

Hastels Py u

=)



Aokel gl AL HAAED ol il AR Jbed AL AYgow
AgS S Axdt AVE 2EUE A HekgE B/ 1ol
woret.

PAvivesT| x2 [GRomAcs| X2 WSt X2 (Clessification| X2

(a) BINPACKING

N1

N2

Il

N3

54‘”) ldﬂﬂ IS;JU
(b) LOAD BALANCING

2
=]

i

2
~

2
w

1
1000 1500

E
=3

(c) Interference-aware

2
=]

L

¢
=
g

=
w

Time(sec)

*L : LAMMPS

* G :GROMACS,

* Class : Classification
* N :Node

<1d 3> 2AEY AR wE 2 wiA
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2. 89 ¥Etd GPU A4 ALE 54 £4

1) GPU 8=

_100
=
= 80
8
& 60
N
g 40
z 20
@
0
0 200 400 600 800 1000 1200
time[sec]
== GROMACS “# QMCPACK =#= HOOMD === LAMMPS
(a) GPU utilization pattern of HPC applications
g0 / —r—r— T —— = =
- N
o
£ 80 ‘\b,ﬁ’;‘=L7
IS
Z 60
z
& 40
0 100 200 300 400
time[sec]
=2= Mnist <8 Googlenet == Alexnet ==VGG16 =#=VGG11
(b) GPU utilization pattern of DL training applications
_100
£ 80
]
T 60
o
E 40
Z 20
¢ 0
0 50 100 150 200 250 300
time[sec]

=8= Classification 8= Multiout == Regression

(c) GPU utilization pattern of DL inference applications

<Id¥ 4> 389 GPU &&= #d
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O9 4S89 ®ME W Al wE GPU €855 HolFrh
a9 4-(a) 9 Zo] HPC W9 $82& HOOMDE Al8lsta, HEF
F2¢ GPU &845 5 ®elth, QMCPACK 3 LAMMPS?] A$ 389
T3 EFH&‘%M GPU &E&=7t w4384 F7lste Ees Bl

T Fel HwEYy AEFER 2> CPU Yoz E8%7t fasts
wiko] EAST J #1d e F™ (DL training) Y-S (

@ol AAoln 1L GPU #8&EE woFr | ¥4 229 FF
S HAe etuEE e stol¥ hebv|E| (Hyper—parameter)
24 £4, g% Fol J¥FS vAEE | gd #d AqelA
QA uHAY. o= EE, SE WA g, WA Alel= &
stoh. AR, 2 Aol A

49 s E Agad. deegs zdee Adg

=
111

E} (R
o) ®Wslgo]l ¢F 10% =, ﬂﬂi tﬁi}gﬂ °F 90%<! HPC H
£ ] % £

SgHtE vlwE FAHe EAS Helth E3), Ao GPU ZFE&E7}
20% mHloEM o HQeTE= HolFErh o]E EI o gy F=
2ol AAt A7 =4 E5e & & %ow GPUY A AYS

wol #gat4 shob ol Qla FFH GPU AHY Ado] Yol
Foges o 4otk 9 ddY FE AYE 9 o9 Fd 49
s}
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2) GPU W28 Al&%

‘m,
E&DOU
56000
£4000
E2000
:
> 0
0 200 400 600 800 1000 1200
time[sec]
== AMMPS =8 GROMACS == QMCPACK == HOOMD
(a) GPU memory usage pattern of HPC applications
'FT_J'.
58000
E-6000
£
@D,
=4000
T 27 e e o o "y o o o o e a .
22000 -
0 100 200 300 400
time[sec]
=== Mnist =8 Googlenet =#= Alexnet =% VGG16 ==VGG11
(b) GPU memory usage pattern of DL training applications
—500
@
S400
EBOD
E
2200
F0o
0
0 50 100 150 200 250 300
time[sec]

=#= Classification “# Multiout =#= Regression

(c) GPU memory usage pattern of DL inference applications
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= 2 &8 vry A dYHEs JdZE el Aol
Foll wet GPU €8&%9t vdh S Helth HPC
£2 FJ AHERFS] WEhgo] wlg- A WRE AR
QMCPACK® 7§ UﬂEr‘ﬂ AHgEFo] AdAow Wglsle Y-S
Holw, LAMMPS®] 29 e ARgZo] AXAoZ Frlshe dHS
Holth 589 *6§ wpAup oA R ARgERe]  FHujx| 7}
At | #d £ FAe Afels 3 W o dERIE Fodw o
o7y e %W dAskA ¥ AREste] FAQ wEE ARE HES
Bk o] w Zt § #jd Rd EE ARgshe WEE <ko] ERton,
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@& °F 0.5GBE Aotk | ¥4 %’% i e f‘s}owi shehil &
A & AdFAAUY, 12 99 @2
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3) A9 W=a 9 PCI-E Az F

PCle Throughput Global Memory Throughtput

GB,
-
—
G
I
1
1
|

m Device to Host THR Host to Device THR B Global Load THR. Global Store THR

(a) PCI=IE #) ] (b) Ao vl b &g

<I1% 6>582 PCI-E ¥ Hof wEe] A=

GPUOIAM Ad= da] ddst= Az A9 ARy AL,
PCI-E AHgl&o] vt A wEe Az #AQe 2= He AR
QA MA] AFE (Hit ratio) ¥ A5 A& (miss ratio) 3 ¥ 0|
ATE ®EF SM O UjF-9] AL L1 AiAIA dlolE A Fo] Aoy
"o, o] AYFE xobAA 2 Zelth. PCI-E AP TAE
DRAMef H3t7] $13l PCI express HWAoA 2l dHo]E

] 52 <l

ol kel HHE FA oty IlEE dY wWERe HIYHFS
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<GE D> BEdEE AT A mES
HEY
Hi GPU &% H GPU vRg 8%
Hit SM &84 tulol A—S AE A2
Hit Y 5§44 FTAE-—Tulo] A A e
IPC A9 wEe 25 A
Hd A& A9 wEe A A
Ho w2 AE-&F T3 AI7E
Ha v 52e] AR GPU Fo] A&
T3 AIZE

Interference modelings 9314 2l A% 39 (Linear
regression), <A A4 EZ (Decision tree), #WY IHAE
(Random forest)ell 3l@sl= Al 714 #H4l 89 2dS 53¢l
T Bl FEFES f8A 3EAA ARgSE T 12709 §&=
AFSEA =), o5 e Uy SFForE F 144719 HolEE
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=89 Ass FTIANAZE H O FH AE FEte A =
AAbstd o, nor ggst 53 A7 SHES ]

B S AFEsdTh w3l 2l Age A W A Hre
FA4 FFs fElA 573 wx HS5(5—fold cross validation)

AREERGlTE ol Al dloly A& 5/ 2&E FH o] AR A F
471 g5 dHlolH=E, 17l A< dolH=E xAgste] olF 5/ ¥t

® 2 = A MY HAl oYY 2dES ARSI S Wl A Al
22 (Mean Square Error: MSE) #¥ R A& (R—squared: R2)<=
HolFEr MSEw Edo] o538t gkt AA ghe] xfolE HolFw, 0

IWheTs AR a5 Uehdt R2w 37 REY A5 HAEEA,
1o 77baas 2] d9#ol] ok dY HAE EHo] JHY F2

o rl

52 e e 392 5+ gt a4 99 TasE 29

<E 2> 39 REEe] Fd Aw 22k 2R Al

A% A | YA 2R EF | d9 EHXE
MSE 0.0546 0.0269 0.0222
R—Squared 0.6946 0.8500 0.8758
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4. 24 9 74

Ao B =FoiA Agkst= Co—-scheMLe #AA +x%
£ disl GPU S AEeA =& HEZ

Copy DtoH DtoH

Workload . --‘_- A . . . .

Model Training

Co-scheML
Scheduler

Profiler

",

Time sharing
queite

Worker NODES

<19 7> Co—scheML® AA +x
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Co—scheML?] Al AA~®] HAAl= 29 73 #oh Z=5kd
A4 (Profile repository)dli= &8¢ W50z FqHAS w9
ZE9dy AER7E &89 olF 9 ¥ volHE R EoA
AL, MEYELS AALG 7|4 dolElMo] Al influxDBel A % ¥ v
rEatdy wAE exeelos ZHEY, Co—scheML + X 21
Agagt 2d (ModeD ZFE ] @& fFsta oo we
»AZEH AT 8ol FHH= Fe ZYE (Monitor) oA ZYE F o]
A4 A=Y, ol $89 AFAFSE RYUHPS L, T2
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FRE elo]Edte] ForEg wAh
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8ol 2AEHE 2 xte dg JHIYS aF¥st ggE=E £
2AlEE dagES MEL S8°] AEHNS Wl e 382 Ao
29%s wW $E¥ch Co—scheMLe 2AE" dygse 1% 8%
Zh FHUEIA HZ2E AAEY RN E AASHT §8, FHAH
TAstE GPU w29 gAE, @A ol ti7] < 89 gAE
Adwrow  Co—-scheML2> +=& &899 5 HEgksioh

o
b
o

Find_idle_nodes ) $r+ gpu_nodesel Sl =& F A3 F<
&0l gle &8 E]‘iir)r. ek §53 w=7) Qlupd o
StUE 8o A Sddaisti(ines 4-5). e o]# 3 node’} {irkd
find_exclusively_executing_apps () &%
SRHO0F GPUE AREstHA &2k 35 &5 etk olgd
4o v Ex T RBE single_apps®t FFelA dlr]sta
9l pending_appsE WWACE calculate_interference() T+E =3l
2E S8 A9 A #e AArEt bd @E ezl fEiA 7
-8 WE"S ZEad AFid 2Fsth(ines 18-19). HALE
de WEY AxE Y oz sl 3.349 7] RURHE
A s 2" Bethdine 22). g9 WS el disiA L& AL
d43tal, find_selected_pairs() T5 s Zsto] @8 daglFe et
st 8l S MEst)(lines 10—-11). Find _selected _pairs ()=
dE9 S U E g o 850l ofF AYEA Asks BF

4

mO*'

$=3F9] gpu_nodeso]A

_l

ZEA] o] e #Feldith o]l ZEvudy Ax 2 RYUEY
ARE 71412 OOM=E =3t} (lines 26—28). At $8o] H4A 7HA
e Agsty sA FEE e el YAEY XFEHEH
gtol 3ttt (lines 12). X&¥TH  find_node TFE = s %9

s_app®] FdFAd & zo} o] nxTEE  selected_nodeZ A

HEstal ==t} (lines 13—14).
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Algorlthm 1 Co-scheML Scheduler

© N 2O RWNR

e e e T e e =
N2 g R DN o

procedure Co-scheML(App, gpu_nodes, pending_apps)
selected node «— @
idle_nodes < find idle nodes(gpu nodes)
if idle_nodes = @ then
selected_node « idle nodes[0]
else
single_apps <« find exclusively executing apps(gpu_nodes)
if single_apps #= @ then
app_pairs « calculate_interference(single_apps, pending_apps)
sorted pairs < sort by interference_val(app_pairs)
selected pairs « find selected pairs(sorted_pairs)
if App € selected_pairs then
selected_node < find node(App, selected pairs)
endif
endif

. endif
. return selected node

DR RN RNNNDRNE e
NS g R WP o o oo

. procedure calculate_interference( single_apps, pending_apps)
. for s_app in single_apps do

for p_app in pending_apps do
S_metrics «— query_profile repository(s_app)
p_metrics «— query_profile_repository(p_app)
interference_val «— query ML model(s_metrics, p_metrics)
app_pairs<— append(s_app, p_app, interference val)
endfor
. endfor
. return app_pairs

W W W W wWwwWwwWwNN

. procedure find_selected_pairs (app_pairs)
. for pair in app_pairs do

if selected(pair.s_app) # true and selected(pair.p_app) # true then
if can_co-schedule(pair.s_app, pair.p_app) then
selected_pairs «<— append(pair)
endif
endif

. endfor
. return selected pairs

<% 8> Co—scheML ~A=89 dud&
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5. 49 ¥ A%

D A9 39
7H A3 &7
<GE 3> FHUEA FHaE 34 gn
Node Details
CPU (master) GPU (node)

Architecture Intel® Core™ i7— Nvidia GeForce
5820K Titan Xp Dbx
Core Clock 3.30GHz 1.58GHz
Num of Cores 6 3840
Mem. Size 32GB 12GB
Threading API — | Nvidia CUDA 10.0
PCIe bandwidth - 32GB/s
0S Ubuntu 16.04.6 Ubuntu 16.04.6
LTS LTS
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<X 4> GPU x=x9 374 AR

Static Environment features
Memory
) 11.91 GB| Warps per SM 64
Size
Thread blocks
GPU speed 1582 MHz 32
per SM
Shared
GPU Pascal
) ) Memory 96KB
architecture architecture
per SM
PCle Threads per
) 32GB/s 2048
bandwidth SM
FHUE A 7] A GPU 28 AHE AFEsto] H7HE 3y,
A e 3 3 9 % 48 Zo. EYAHE 3 339 o] wpAH
= (Master node) 1702} 3 709 YA == (Worker node) =
TAHel Qv 94 x==¢ GPU nodeol® NVMLI[31] 7]¥F =€
TUHH A4 249 RYEZF 24351, °)+= 5%vlt} influx—DB[32]
o] WMEZS 7|Z3th vlAEH kToe FHUYEA HZE AF =T,
Co—scheML AAl=g] 2 &elo] &A%t} Co—scheML AAIEH =
FHUE A ~Al=d & WAYUYSTS AFS-SHIT

h

A 942
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<E 5> YARE FAd e gazse B4

Workload
Characteristics of workload
sequence
=2 GPU &8€% (HOOMD, Mnist, Googlenet,
0 VGG11, VGG16, GROMACS)
=2 2y &8&5% (Mnist, Googlenet, VGG16,
! VGG11)
=2 PCI-E A= (LAMMPS, GROMACS,
’ HOOMD, QMCPACK, Mnist, Googlenet)
3 d e *d 5&
4 qd 99 7 &8
5 HPC &-&
6 H 84 58
7,8,9 FALE AT S

1271¢)  AA &5 AAsgltE. o]+ Nvidia GPU
Cloud (NGC) [25]114  470¢] HPC -$&(LAMMPS, GROMACS,
QMCPACK, HOOMD) & AHg3stsior wF o8 gto=z F3iHn. |
Y T8 2% S =2 mnist, googlenet, alexnet, vggl6, vggll[26] &
5708 CNN ®BE& Akgetsitt. o #9d F8 #AYde=F DJINN
workload suite[27] 9] A& SFE&E=S A& H #9 AP
5% Tensorflows AFE3te] GPUCA A =™ Docker ZEHolY
"ol g} ekl

10709 Fazrs AAsAY. 5] A 779 HJazre}



delel ) AARER Wtk AMSE flaRE=e 542 3% 59
2o w3 AAEY Ug%E (Sensitivity) £ 89 =3 14S
ohE2A st Frpeth[33-341. o] W, ¥IE FFs] =

interval® 93 15%, 30%, 60x%=% A|A3 Z+ZLS light loaded,
medium loaded, heavy loaded® ™WwW3dlt}, 7|E glA3 WX (task

density) + medium loaded® 3t}

o HI AxR

® Average Job Completion Time(JCT) ¥ Zt #Zo] A=d
AIZHEE ey AR H W gholth

® Makespand AR T RE $Q0] Eup= Al 7to|t}

® Speedupd £89°] co—schedule® S o Z+ &892 3 A7+
d=o7 SRS wo] Aoz A st sk gholw ol 0F-E
1Akl 9] ks zhal, 1o 7Mheas @5 o® £35S ue

nlaste] el Aol e vl dk,

Hw iy AAlEFE = Yoy 2o WA FHo dEE AR
Z19ke] Wl @ AA|=2]  (Binpack scheduler) 2t 7HAS 1w sh
2

(Loadbalance), Mystic [33] AA=e]o|t}.
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2 @A AAZYE HF GPU 852 7btow st 714 2
GPU &&= 5 7HAl= 829 7 #2& GPU 855 Yepd&
€S A FIETE Ao Aestt, Mystic AAZEe]E [33]

wol M Agke 82 WEH7 Y FAES Aatete] FARETE w

2) 2AE% H+

thefst AR e wEt 7 AAEE W el
At o] wo] #9] ¥-5h: medium2Z 2|3t
I8 9-(a)E F 10749 YAz gd F+F JCTE RoF=th 3709
B2E a2 =AM Co—scheMLe] 71 &2 JCTE
HolFw AA YAz thet JCT H#-S Co—scheMLo] 844.09%,
Bl @ A~F vt 1089.32%, ®E W@ A7} 943.05%, mystico]
967.94%% 5ol 47 °F 30%, 11%, 15% e ¢S Btk A
AAZE=e] tst Makespan< 1% 9—(b) & T3l && 4 Qlth

Makespan =HolA & 10709 Ha2=o tdte] 3749
AAr=E A9 BE YA2=0)A Co-scheMLo] 7Hd F& A
B AA gazx=e] thst Makespan® 3+ Co—scheML, ¥l &
AAlEY, 25 WA Mysticel ZH2F 1705.1%, 2156.1%, 2027.3%,
2031.8% % Co—scheML?] Makespan®| 26%, 18%, 19% 7FA 38k th.
1, 3, 5, 79 YAz thsirs= Makespan¥} average JCT A}o]oj
trade—off7} EAkglth. & =9, "W fgaEze A5 Co-
scheML®  #H+ JCTE 10602 Aweol 7M. F4d
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Mystic(970%) 3 wvlmste] AMso] <k 9% A5t A HE
Makespan% 27y 2411%, 2931%% Co—scheML? Ads°] °F 18%

2)
@% a%ﬂ %% D ERRER- H% FE AYozEnt 74%
H 8d F2 AYS Ade AA Agete $8eE, 7

ol o] AA AR R 1S kA ot wA T3
steolstoitt, 18y, Co—scheMLo] £& Al5S
9 YAZE= average JCT+ 747t HAf

2

& HE Zlow el

HOl fazs=t 2w, W,

ok 22%, 69%, 12% 7}, Makespane B F 24%, 44%, 48%

FAE T dd YA EALS AYS wo| AMgEE $gow

TAE YATERZN, LS wo] ALgEHE
o

o] WSt E Co—scheMLo] ol&

f
o,
)

I 108 7+ gare W2 Speedups Hlwst Axolt) 7}
o] WE 78%, 56%, 67%, 75%°] Speedups Mol Frh 2T

2AIEE = B GPU &8 55 18ste] F4skA At Ad=
Uy 2AER Speedupe o AA A AL 1#EHA Yo}
Makespan % average JCTolA FE3 52 Holx A9k} Mystic
2AE Y] A9 vl i 2AEE FolA 7P £ Aes BAARE
TALES 7IRbe R A C5<= 3§ Speedup® Fw3| =
goom, OOME m#EHsA Qggkoewvmw HF JCTS Makespan©l
tf3lA] Co—scheMLRE.TF Y A58 KT},

[
¥,

l> N

e

it

a9 112 7+ vy AAEFHEE GPU Z85E UEhd
TJeizolt), Adoa AFE3E HAA 12709 $8& 77 T owH

Ayt AAar=s F 24709 Ao w FAH e
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TAE Y2 AT faRz=dA JaR= F3Es Co-
scheML< %+ GPU #&8&%+= 78%%on, - WHdAs= 59%,
Mystic 67%°.%= Co—scheMLe] Z}7Z} 32%, 16% GPU &&%%&
FAFA AT Co—scheML2 7HdS 1#ste] 72} &8 Fholl A=E A&
HoA 2pdS Agste ARAow GPU @452 =9 4 99t}

2500 -
2000 +
1500 A

1000 -

Average Job Completion Time (sec)

Workload Launch Sequences

ECo-scheMl. MBinpack ®Loadbalance X Mystic

(a) Average JCT

Makespan (sec)

0 1 2 3 4 5 6 7 8 9
Workload Launch Sequences

B Co-scheML ®Binpack ®Loadbalance #&Mystic

(b) Makespan

<™ 9> Yazrre " AAlEH s HH JCT2 Makespan
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1.2

Baseline (Exclusive Execution)

0.8

0.6
04
0.2
0

0 1 2 3 4 5 6 7 8

Workload Launch Sequences

Speedup Normalized to Baseline (time)

m Co-scheML mBinpack ® Loadbalance Mystic

<I1¥ 10> Ya=ze= 2 AH4 =8 & Speedup

Co-scheML GPU utilizaton

4 75 @ ]

o e it

Wystic GPU utilization

Loadbalance GPU utilization

i
Time (30 s per interval)

gpu utilization [%]

<19 11> ~AE9 ¥ GPU &85
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2 = B
1_7 i I LN
M Co-scheML I loadbalance B mystic
5000
5000 .o
x
n *
x
4000 XX X x
%
3 X Ty %
2 3000 x X K "’( x X
9]
= x x
x X X
2000 x o K
» x X
K WX
X x
1000 x X
X
X
0
4 8 13 17 21 25 29 33 38 42 46 50 54 58 63 67 71 75 79 83 88 9 96 100
Job fraction (%]
M Co-scheML I loadbalance M mystic
4500
4000 "
X
2500 x
.
e X
X
3000 »
g 2500 " "
3 » X X
X K
G 2000 x X
X X X
1500 K T
L
Hpe XX
1000 X, X, >
% M
500 | s 3 X
0
4 8 13 17 21 25 25 33 38 42 46 50 54 58 63 67 71 75 79 83 38 92 96 100
Job fraction (%]
M Co-scheML [ loadbalance Ml mystic
4000
3500
s Rael b
3000 <
2500 o
K o
g %
2 2000 x X
] x %
1500
s
1000 R
» X K3 200 WX X X
500 X
BT R KX
0

<18 12> thekst AW Bsfof wE H+ JCT vl

4

8

13

17 21 25 29 33 38 42 46 50 54 58 63 67 71

Job fraction [%]

(c) Heavy loaded
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B AN E sdd fazzel diste] AHe] RskE tEA
TFo= W 4 2AEE YRS Brrstth a8 X A4 Y] Fete] wE
Hit JCTE Hepduh fza=xe dA 8o fsiA JCT=
sortingdtAth. 18 12— (a)+= heavy loaded¥ W, 12— (b) = medium
loadedd W, 12— (c) = light loaded¥ W& H. o=t} heavy loadedd
W= S7F gt 71 S® Co-scheMLe ¢ JCT7F 2= WA
AAIEE, Mysticol Blwsle] ZH2F 12%, 32% XY™ medium
loaded wWli= 43%, 3% Skl light loadedd W= 96%, 18% “orth.

1% 132 ZF AW F3fe] mE Makespans HolFEth Al 24
Fatel] dieliA Co—scheML2 Rl & AAEe, 2= WA AAE,
Mystic¥} H] W8] Makespan©] 1.538, 1.324), 1.12v] 5] E3kth
A 2EO] BT BojdrE RE AAEHY Ao vwAls FES
Bolvh g vl 9 A AAIEVE 7PE 2 Fetel] ¥ s A
W2 gk vd dese BEAARE Aol 7HE E=A4 @4skew Co-
scheML> E& &Y Fatel oA 7 $& B+ JCT 4

Makespang HAES AT 4 Sl

W AAlEe] 2AEYE F (Pod) 9] Jirst AR glo] A
1.001z= Fdstth. ¥l A A MMeEds Be

wEO] Jhg e Wmel o) WA A ofof s Fo] LTEHE WY
e vty WS YRz wmre] Jiged wel eI =rt
2 Al8o = 3719 =EE ALEsIgiomw oF
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<19 13> tpeFst ¥ H3lo] & Makespan H] 1L

light medium heavy

Task Density
mCo-scheML wbinpack = loadbalance  mmystic
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Fraction of Execution Time(%)
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0025
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0015
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Number of Pods
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(a) Kemel Execution Time of SPMV (b) Kemnel Execution Time of STENCIL
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<E 6> WAuta ¥ Intra—SM A A&k 4

°]

Jo

HERY

R

9]

Static Resource

Runtime Stall Reason (%)

Application Registers SMem Execution Memory Others
PP /Block /Block (byte) | dependency | dependency
LavaMD (LM) [36] 7168 7200 94.3% 0.15% 4.54%
BlackScholes (BS) 2944 0 6.36% 73.81% 3.88%
[35]
CUTCP [37] 3328 4019 18.23% 0.91% 52.74%
STENCIL [37] 4096 1000 10.45% 59.08% 7.88%
SPMV [37] 5148 0 15.59% 61.31% 15.48%
LBM [37] 4800 0 2.41% 14.9% 46.26%
FDTD3d (FT) [35] 5120 1500 13.86% 26.25% 38.6%
QuasiRandom o o o
Generator (0) [35] 15360 0 22.43% 0.87% 43.26%
(N,\f\‘j\‘;')'e[g"g]”'wuns‘:h 656 2180 29.17% 37.16% 6.43%
Hotspot3D (HW) 8102 0 11.86% 78.18% 13.29%
[36]
DXTC (DX) [35] 4032 2048 46.11% 11.08% 3.90%
(BB”(‘)")”EgiS']Op“O”S 4096 516 13.03% 0.00% 27.94%
CP[37] 4224 0 35.96% 0.02% 33.42%
SGEMM (SG) [37] 5376 512 53.14% 13.38% 4.94%
Reduction (RD) [39] 4608 2000 31.12% 35.69% 3.06%
. 0 . 0 . 0
%%‘iar'ance (Cov) 5632 0 2.10% 96.56% 0.68%
Syr2k (SY) [38] 6144 0 0.35% 71.45% 2.12%
(Cé’g‘,(lo\'/‘;“[%giw 5120 0 20.12% 16.55% 30.17%
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® -57]|3} (Synchronization) : __syncthreads() CUDA APl &=
AefjA AZ7F &5 HES v|d

® u©l~x F|A] (Texture cache) : L1 7HA7} €43 AFE Fo]o]A

HZ7F 7] g

® 7]E} (Others): ©

_

219 b2 AdEM TEHAY EA

WAehs e et

7k A8 AAe] o]fE NvprofE E38te] Zzudysct 7}

Atel2 whth o] A8 Aol dejukrhd, zb ol fe] Pk

E A WEEE YEH, 7 A}o]—g A A

K . AW #ke Fakel aA
y 9

u)
© 97 %S ABAUT. 2 58 8 A3

= O

W
ot
=t

X
o
o
do
jas)
=1

)=e]
S U=
Ay

A4 9329 4 (Eligible warps per cycle: EPC)+ X%

e Ry oEAGel AA AQe] WEE T S% ole

A gohA w2 Jek(Memory) €02 R 9AX AR
S AAgehd L1 AA JHek(Ll

cache) &&°® ®Fdtm, o 29 &= A Ak (Compute)
= ok g olom,

a}
th. olel] el #F e
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A = o o] A& ) = o H =
kYA o = o
<GE 7> WAk &80 A¥ AA ook olel wE S8 R
Runtime Stall Reason (%)
App. Execution Intruction Memory Others S)fnc}.r Texture Eligible Type
dependency fetch dependency ronization cache warps/cycle
LM 94.3% 0.53% 0.15% 4.54% 0.46% 0% 0.17 Compute
BS 6.36% 1.89% 73.81% 3.88% 0% 0.2% 4.04 Memory
CUTCP 18.23% 13.83% 0.91% 52.74% 7.31% 0% 5.67 Compute
STENCIL 10.45% 1.99% 59.08% 7.88% 12.31% 0% 5.68 Memory
SPMV 15.59% 0.92% 61.31% 15.48% 0% 5.01% 0.72 Memory
LBM 2.41% 1.03% 14.9% 46.26% 0% 46.26% 0.59 L1 Cache
FT 13.86% 3.69% 26.25% 38.6% 17.3% 0% 0.55 Compute
Qs 22.43% 2.12% 0.87% 43.26% 0% 0% 10.06 Compute
NW 29.17% 4.94% 37.16% 6.43% 20.82% 0.23% 0.31 Memory
HW 11.86% 1.30% 78.18% 13.29% 0.00% 0.01% 2.32 Memory
DX 46.11% 7.43% 11.08% 3.90% 20.27% 0% 3.75 Compute
BO 13.03% 9.25% 0.00% 27.94% 43.05% 0% 5.93 Compute
CcP 35.96% 27.29% 0.02% 33.42% 0.00% 0% 3.41 Compute
SG 53.14% 3.46% 13.38% 4.94% 20.21% 0% 4.02 Compute
RD 31.12% 4.97% 35.69% 3.06% 12.89% 0% 0.53 Memory
CcCov 2.10% 0.57% 96.56% 0.68% 0% 0% 0.08 Memory
SY 0.35% 0.24% 71.45% 2.12% 0% 25.79% 0.12 Memory
CONV 20.12% 1.34% 16.55% 30.17% 0% 31.64% 0.86 L1 Cache
o] B = O 238 EX
2) 37 A4 23 BE & 3 54
[e) [e) =) =] - [e) o 5
2 18 AR Heof ogel sidshs LM CUTCP 589 29
(o] =2 A]=9 3 =Nl 2=~ ul H 2=
ZH el M E Ades vE a2 Zolth ol A7 ¢ e ATF
[e) [e) [e) =) o = O
Artt ZE& AL Fo] wE F&oltt dd §E&ES HEY AitET

49



o)
2/
2
27
o
§2
N
=
Mo
=2
(ks
o
1o
rh
oX,
oft
N
oy
We,
ol
ot
9
H,
I
1o
o

1>
o
Y
re
s
2
o
ro
T

Kemel Execution Time of LM Kernel Execution Time of CUTCP

200

. h||“ T—— ||‘h h“:m%hm hx

A 105M 208M 255M 308M

|
|
|
|
|
58

#ITE ®2TB m3TE m4TB ®STB w6TB 871B
BITE m2TB ®3TB ®4TB ofTB =6TB COTTB $TB ®4TB ®10TB @11TB 0 12TB 0 13TB

<71¥ 18> LM/ CUTCPS &4 SM 7i SM & #Al=¥ AdE B2
Mol met depA= Ad Ad AT

shAIRE e AL Fok SRolE AlelE @ AA fZE
(eligible warp per cycle: EPC) ol wela] 2t stido] whE A5 3}
Aol ttErh, 19 18— (a)& LMY active SM / TB ¥ 7149 +3
AHE HojFErh LMO EPCE 0.17=4, A8 2ol o]

AtolE & AAQD Y=o FrF At 0.17<1 §8olth o= %2 active
FaflFols A3y AAox Qlato] /\g—‘g o] Eo

| Sl=
th. a#@y o]l 30SM-1TBS #A9e s F

== o

T o=

—
vs)
>
i
ek

o
et
A/

b
b

1 7+& 64mso]™, 30SM—-2TBE &3

ox M &
10
)
1)
3
0%
>~

g =38 AJ7Fo] 58ms®E 2719 AHE BE2S A3 A=
5 Aol dojurt. dHAWE, 30SM—4TBE 84sld 58ms®E O
2e AYs dFEAAE A o] doyx de RS FAg &
olth. ¥Wigl® CUTCP 2ydy 43} 5679 EPCE HAu. 19
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Hrel g9gZe wrgl £8 (Clock)Z W2 F (Bus width) 2
wo=zM AR, dF AF T Al HAE B8 dAEE 5 9l
dlolel o] k& Sttt FLOPS X QA9 H417] <Ak
HAd & FITE Fa AAEE, o]E 10° 9 W E e
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deol W HSRD 2 23]d ak AsEt ¢ 9% A5l
#asditt. de AAE S EE 4EC DRAM A @ ol
Aol Ak telEg 2t AT ¢ dAd vnd e
H e A5 wel BA FH o5e] gl Ae & F Ak ol
DRAM t¥ & Qleox A 2 T wEE] 5 9 v=Eg Al AE A
Aol Aol olupy] wEolgt: #38 & vk
1.2
1
0.8
0.6
0.4
UI"’
0
HS+RD RD+NW SY+STENCIL SPMV+NW NW+HS
<a¥ 22> Wrg Hek & 7He vF &4 A
HS+RD | RD+NW | SY+STENCIL | SPMV+NW | NW+HS
sum of
dram
376.951 96.991 390.922 429.715 441.12
throughput
(GB/s)
<E 8> vF £ 4 DRAM g9 &
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2 oA = Intra—SM e v &85 HAE Aty A
A 5 AYW ZHdAaS 2 g oA ARbskE Ad
A= o]FE K-Schedulergtx WwW3atth 4.3.1 ZHox+= K-
Schedulerg #&3 AA = *2741% Argsitl, 4,328 M=
4.24A #FS Ang EUZ AR HS Jostal ol 7Nt R
3t K—Scheduler® 47| 3t}

1) K—Scheduler 7]¥F9] A|A® ZF

AAAA AlAE AAE 29 249 2k 7§48 vtk $AEHA
AREshE SM Ul Apdo] glow, M2 tE ¢4 AdE Zhe S8 1
A w AT 8 Fe AW o5& ¥ T Utk Adl
ARgskE SM W Ads Edeke A ZEadd AdEeE 7Ad
gl A st Ebde] NVIDIA CUDA Compiler (NVCC) [40]1%
g8t 2 Z29U?  (Static Profiler) 2 %€ F 53t GPGPU
& MA H A9 wEY g% SO s :3)1%8}'131, M=z 7]
UE o2 AF Ado] dojurz F4 Zrudw B ol 54
TERIYE JPsof st w2 TEAIHY XéE_E— &9 "EFY el
NVProfE #83% 24 =Z239e (Dynamic Profiler) &
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AE 5o 29 2494 K1 Ade] AZHAES W ALY /7] (Kernel
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Static Profil 2B =
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<1¥ 24> K—Scheduler 7]HFe] A]AE] F- 3

62




99

SMel| A

13

o

Ho

o} 4.2.274 0 A

Eix

e 2

gk

oF

T
jans

iz
ol
—_

o+

ol
ojm
o=

#o] 7}

Atk YRR uF

m.

ol

—_
file)

A7 Al

BEA)

ki

*

A A

ol A

R

Ae we

SM W of|A]

&

&0

Jlo

)

B Perfs

174 ep=th, W)

s

}

»AO

TB 7<=

=i
=
i7h e

g4 SM
SM

7 89

i711 2]

jad)
=

24

d5= UEHAT Ratey,

ojny

4
Jlo

).
~

)
ojiy

4
Jlo

0

389

=
54

Eiaeg

A= 271% o

| —
L.

st} w

He3e 9vl

7

B

63



o
N
)

VoA AT 27 = 3E B3 W A9 ol50] & A
Jorg Jxg IAV|WE HE o= it} th5o g S w
i71e] &4 SM 7l wE Adeol X3 HieE AEE EE59 )

JE A

I
ol
o
e

-
il

Perf;; * (1 + Ratey,)" = Perfjj,y , w=12,..,W_SIZE

ol wE 13E dE$ IV W_SIZEZFAR F7FA171th 719

24 SMel diaid #ZA 2E= EFO A §ooAM jtwE

=

3) K—Scheduler
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sestel o]l oy AYE st SMe] mAEH: K-
Scheduler®] <aa|&o] thafja] AWsta, sigd LdagFo] 2Ly

s Bad AY FHL Pelsch

7h  gxdF

K—Schedulerd #AA Luagse 19 259
S

FueFe g Y%

23
THEor %73t Fri(ine: 4). CKel Eolzd AYS
SK_Liste] @42l SK' & dide=z AY 3 # 1
e gRlsta, BE AN qFES wEste] TA FIAE AdR
#ebE SK_Listel]l &A1t SKPE CKZE ©]53tth(line: 5-9). For

wol WA A HW tE 29 Ad el CK7F FAEHER
CK_Listell &7}ttt (line: 10). ¢aregl<s+

do] %% YAEQ CK_Listold, sigd #~
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K-Scheduler()
1. Input: Workload = {K*, K?,...,K*}
2. SK_List < sort_kernels (Workload) > SK_List={SK?', SK?,...,SK*}

3. while SK_Listisnotempty do

4 CK «— @

5 foreach SK' in SK_List do

6. if rule#l and rule#2 and rule#3,45 issatisfied then
7 move SK' to CK

8 end if

9 end for

10. add CK to CK_List

11. end while

12. Output : CK_List > CK_List={CK; ={SK!,...,.SK™}, CK,,..,CK,}
<719 25> K—Scheduler &1 &
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(b) Warped slicer time
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(¢) K-Scheduler time
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3=7). Kt 7} L1 W] HeF &8o] ofyehd, 7Hd A CKel L1 714
ek $go] Q=x et} L1 Al HoF $8o] kA L1 A
]

EdALS VIFor L1 AA Aok &8 A wix

2 5 3UsA
E

HAYSl=  Can placed_with I1( K1) = Z%3t, L1 714 EURUESE]
7NEde x2dEte] tE #Yol w7bsetthd Al A #3] okt
g dugFS ARS wkEEg (line: 9-10, 16—17). °|24 3%
F&ofl ol dsol 7HE v 4 Sl L1 Al HeF S8 M
2 A =98 N3 2AEY "k KU dlRe ok $goletd

M_in_CK() #+E &l CKel ®xz HeF §8o] AeA QOJ@E}.
g sk e wkgk Sihd, AR FE #4o] weEl vzl Fok
SE 7 A FHE LA gorg B dugdFe AAS ukekdi

(line: 11-13). K' ¢ M7} Compute =W, C over max_in CK() &
%3 EPC 7} 713 (Max threshold) & {9+ $89°] CKel U&A
gelsttt. i 7o) RS W AT FF #5el wet ki, 7t
BASE_THRSHLDE Zx¥3tthd, 71315 whgksttt (line 18—19). 7I&4
(Max threshold) & "+ 82 QAW 7]%@ (Base threshold) =
des Adol Sltkd Al »e 7F MAX_THRSHLD &
Zyet=A AHAReY 2HFTE ARl %&E}(lme 20-21). 4
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Rule #3,4,5

1. Input : K/, CK
2.switch K}, do
3. case L1 cache

4. if L1_in_CK() then

5. return false > Rule #3
6.  case Memory

7. if L1_in_CK() and not Can_placed_with_I1(K") then

8. return false > Rule #3
9. else if M_in_CK() then

10. return false > Rule #4
11.  case Compute

12. if L1_in_CK() and not Can_placed_with_I1(K?) then

13. return false > Rule #3
14. else if C_over_max_in_CK() and Képc> BASE_THRSHLD then

15. return false

16. else if C_over_base_in CK() and Keipc> MAX_THRSHLD then

17. return false > Rule #5

18. return true

<28 27> AR A #3, 4,5 AL Ly

g
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< 9 fazs &4 E AdY 54
Workload
Characteristics of workload
sequence
W1 Compute intensive applications
W2 Memory intensive applications
Compute intensive applications + Memory
W intensive applications (1 : 1)
Compute intensive applications + Memory
Wi intensive applications (2 : 1)
W5 Applications with large number of EPC (EPC > 1)
W6 Applications with small number of EPC (EPC < 1)
Applications with large number of EPC +
Wi Applications with small number of EPC (1:1)
Applications with large number of EPC +
we Applications with small number of EPC (1:2)
Applications with large number of EPC +
we Applications with small number of EPC (2:1)

W AR

7V% &% A (Weighted speedup) [17] - AA 35 Az
Z 5

S ANGoE AT golv, ¥e5E B2 4
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o IZAA Fairn . Min speedup =) ,_ - -
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speedup® #folE HoFH, O0FH 1AFo]e] 2 zta, 1e]
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B Ask= WA Warped slicere 2.222] ANTTE, Even partitioning=
2,569 ANTTE HSIH 53], & o] M Axet fa=zs 79 4
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=22 GPU AW7E Qs 8 2E @4 oA DRL 2Eg AREsh 244
w2 ZH A AE Abeteh 5 YA id, CPU, GPUS 1o s
ste] EEAlA, oy §8o] FET W e FFEo Mo E AYS
iz gt A9, ey CPU, GPUY AMg# ghtez zHd9
P =ol7ldde= nyslord A AT FE7E © Festth [50]
vwolldeE A w28t max—pair ¢SS /‘F‘lﬂoﬂ A A
Az F3 MRS vk sHARE o] AEE §E&o] Folethd
I webth BE paird] &S FHEo stEE ARkl YR e
Adrks dHo] ok & =iedAE ZERAUY JEY oW BE
e e BA ot 1M gkol oS ThsetES oFslth

NVIDIA 7} &3t w53 714
2N o] %, o]E Fg3ste] anA
A7 ASHE Sl ¥ ws3s 7Y SMe R ARS
Fatate] 2= W [51-53], SM WHo Fe Easlo =
W o ® Yol XIth[17,42—43].



H
%W@é
3r %Lﬂ]
m%orﬂauﬁgoAﬂ
ﬁﬁaﬁeﬁo,ogoﬁmﬁﬁmauLJ
= J|‘0|1r,.m|_‘|_r NI 0
Sfi_/ﬁ]_mﬂ%ﬂﬁaawﬂmoa?
P oo T . T 415 o
ﬁoowtﬁﬁeaAﬂ%xﬂ%qﬂ* ﬂ
o ;}omﬁ Eﬁﬂ%d.}mo% z iz
Eg5§o%y ggh »og g X
_|1r g_e — O i
orM.zﬁ[LuLﬂax_va/J. ﬁu]%l! S_MEL!L]
UT._ ]I . =t frog! ﬂ,ol Mm ﬂ% MDI ool file) 1:1_ K% _ ~N ™ ]JI
it qwgﬁiﬁ%@xgti%mw zmmuwi%
W%mw%% %L;VWLOEHMJQHOfQHO%
ll#o;}oEaTurm% ﬂhﬂLﬂﬂrLT@,oH
oﬂ?olh M&.%QQQWWM@%% Jﬁﬂ;_wOﬂ
L ﬂmoMAﬂoom@wamoH bg o
oy n ol N nH =
= o = W <0 © W o Ty T+ w O - ® oy F %o
o )4@D ol Hw:_f o — ot
= ol ) 5 = i) o] o MO o o —~— K ~ nE —_
R L 0 o ). Ly or oF = N ° = ol
jﬁwmmﬂﬂ@ﬂﬁoa @wj @quwog
7oy Q— ]O ) _
HEMMHrQHdLQLQWVu .lo;o,_ wo#a&ommmm
o o % o oy =) K Mr% Wm uwo o’ 1dr| ol Mﬂ mp o olo olo X
el = % 5 .IW =4 _%_u - N nH Mi My o o ,._Mo ] oo - = 1m_|,
go%u@wo ﬂmmﬂuﬂmﬁ E_%ﬂm;% YT 5 =
oo olp do T ol ol T o W 5 T ol o
o:cfit o - W 1;0 2 =
%aﬁAmroaMoA@ﬂHOEMﬂoimooo]iﬂ
:.L = E mmﬁ o Jo %o 5 S o = v = o"_o olo ™ E
olo o 0 T 9 — oF BH T Y = ol <
2l o P A,OT < 1oL ° gemdm <] mW = F W o
%MQ@% ﬂimwm@%%ﬂmﬂ igaoﬂaﬂ@
o ) o = 0 o </ o~ Al = 2 Np 2 A
ﬂ%% Lo O # — on o - g -
_Jz;a?mm Wo_amgduoimﬂoﬂlﬂf .mﬂ_zxga
Moo= 1ﬁu1a_5 3 = @;ooar.czo
%%%%mﬂaxﬂa ﬂﬁfmmm = 1
Uy o o 7 o T - HT E = = T
= To B B o v mK e s = w
Agw%s ﬂ@pmu
a%ﬁ%gﬂ af_ifi
_ ;ﬂom\.ﬂﬁﬂﬂ
n_rmﬂax
k,W\ﬁiﬁ
i

A5 /K]_
o]

o] ]
83

’

el
5FA] |1l

°©

et

°©

=

o

) g

A| 9+

A A
- - x]_
J_.E =0

o =

A

935
Iy

o



ZHd g wRjo] Fogks AAFstt [17,43] =22 Intra—SM

A ek W Eel disid Avhstl e, § s A" 2] 1

dojd F Q= Al sl mElskH] fskorw APy AAOR

1kl Al 73 Aol v 4 Qi [42] = SM W A Frel
N

T

el W ENeRE A A 3 e dds
PN
T

[17,42—43,51-53] B5F AlEdolgolr AFste] AA 3F=9 o]

A A= Aok e Qv E=E, Ade AREE F24<Ql SM
s ol AtH lou [41]1, @A st=sojelA = A LskA
g B AlEdelds T8 1 adE dTsith [18] =22 SM
2 SM Wi gars Ikl fa AdE 25 VIRE AAEY
ZYdHAE Attt AT =52 AA st=dojolA Intra—SM
s FR7bestES stol SM ulF Ade E8ES o, 7
Ao A AAS A s A el thsi M areshA] sk

84



VI.

dol vE=

E
il

1t

A A

Intra—SM A}

T 4

°
o

7}

GPU 2 AHA

ojiy

)

—_
fite)

TH

B
Nr

==
"o

912 ~AFelel Co-

ol

AJm
Tor

EEatz

GPU

o
pu

%3] Co—scheML

H 23}

5] ©
qge

& ArEg,

scheML

J

A %

sfar,

e o

1t

2l A

Ao 2 Intra—SM =k

©
=

U &

el
Ton

o}

il

o]

=
=

CREI

<

=
=

719F S 2 K—Scheduler

o]

o] Intra—SM t% 24 7|93} Hvluw

A

o
F

=
N

A= 7l
d

steleh 49
&

v

A=R)

dl

Z

K—Scheduler”}

N

ol
K
2

o

]

1
Jlo

0

| 4] K—Scheduler&

3

Bl A~ o

H 7S skt
Intra—SM %}

7Ney AN

=
to] Inter—SM

S

o]
=

I3
H

E

A=
I GPU2

9

hya

W Q)

d

o
M

AA Ao &

s

ol

oo

[oi3
=t

85



[1] J. Dean and L. A. Barroso, “The tail at scale,” Communications of

the ACM, vol. 56, no. 2, pp. 74-80, 2013.

[2] Amazon, “Amazon ec? elastic gpus,” 2017,

https://aws.amazon.com/ec2/Elastic—GPUs/.
[3]1Nimbi, https://www.nimbix.net/cloud—computing—nvidia/

[4]Peerl  hosting, http://www.peerlhosting.co.uk/hosting/gpu—

servers

[5]Microsoft Azure, https://docs.microsoft.com/en—

au/azure/virtual—machines/windows/sizes —gpu
[6] TOP 500, https://www.top500.org/

[71Dongarra, Jack J., Piotr Luszczek, and Antoine Petitet. "The
LINPACK benchmark: past, present and future." Concurrency and
Computation: practice and experience 15.9 (2003): 803—820.

[8]1Dongarra, Jack, and Michael A. Heroux. "Toward a new metric for
ranking high performance computing systems." Sandia Report,

SAND2013—4744 312 (2013): 150.

[9] Allen, Tyler, Xizhou Feng, and Rong Ge. "Slate: Enabling
Workload—Aware Efficient Multiprocessing for Modern GPGPUSs."

86



2019 IEEE International Parallel and Distributed Processing
Symposium (IPDPS). IEEE, 20109.

[10]Menezes, Evandro, et al. "CPU utilization measurement
techniques for use in power management." U.S. Patent No. 6,845,456.

18 Jan. 2005.

[11]Sanbonmatsu, David M., et al. "Who multi—tasks and why?
Multi—tasking ability, perceived multi—tasking ability, impulsivity,
and sensation seeking." PloS one 8.1 (2013): e54402.

[12] Appelbaum, Steven H., Adam Marchionni, and Arturo Fernandez.
"The multi-tasking paradox: Perceptions, problems and strategies."

Management Decision (2008).

[13]Hyper—Q technology,
https://forums.developer.nvidia.com/t/hyper—q—technology/34198

[14]Rogers, Phil, and A. Fellow. "Heterogeneous system architecture

overview." Hot Chips Symposium. 2013.

[15]Schulte, Michael J., et al. "Achieving exascale capabilities

through heterogeneous computing." IEEE Micro 35.4 (2015): 26—36.

[16]NVIDIA Multi—Process Service,
https://docs.nvidia.com/deploy/pdf/CUDA_Multi_Process_Service_O

verview.pdf

[17]1Xu, Qiumin, et al. "Warped—slicer: efficient intra—SM slicing

through dynamic resource partitioning for GPU multiprogramming."

87



2016 ACM/IEEE 43rd Annual International Symposium on Computer
Architecture (ISCA). IEEE, 2016.

[18] QICHEN, CHEN. Optimizing GPU System for Efficient Resource
Utilization of General Purpose GPU Applications in a Multitasking

Environment. Diss. Seoul National University graduate school, 2020

[19] Openstack - support virtual GPU resources,

https://specs.openstack.org/openstack/nova—

specs/specs/queens/implemented/add—support—for—vgpu.html

[20] Yarn, https://hadoop.apache.org/docs/r3.1.0/hadoop—
yarn/hadoop—yarn—site/UsingGpus.html

[21]Kubernetes, https://kubernetes.io/docs/tasks/manage —
gpus/scheduling—gpus/

[22] Gupta, Vishakha, et al. "GViM: GPU-—accelerated virtual
machines." Proceedings of the 3rd ACM Workshop on System—level
Virtualization for High Performance Computing. 20009.

[23]Shi, Lin, et al. "vCUDA: GPU-—accelerated high—performance
computing in virtual machines." IEEE Transactions on computers

61.6 (2011): 804—816.

[24] Gupta, Vishakha, et al. "Pegasus: Coordinated scheduling for
virtualized accelerator—based systems." 2011 USENIX Annual

Technical Conference (USENIX ATC'11). Vol. 31. 2011.

[25] Nvidia GPU Cloud (NGC),

88



https://ngc.nvidia.com/https://ngc.nvidia.com/

[26] Tensorflow CNN benchmarks,
https://github.com/tensorflow/benchmarks/tree/master/scripts/tf_cn

n_benchmarks
[27]DJINN, https://github.com/LLNL/DJINN

[28]NVIDIA profiler, https://docs.nvidia.com/cuda/profiler—users—
guide/index.html

[29]NVIDIA Nsight systems, https://developer.nvidia.com/nsight—

systems
[30] Kubernetes, https://github.com/kubernetes/kubernetes

[31]NVML, https://developer.nvidia.com/nvidia—management—

library —nvml
[32] InfuxDB, https://www.influxdata.com/

[33] Ukidave, Yash, Xiangyu Li, and David Kaeli. "Mystic: Predictive
scheduling for gpu based cloud servers using machine learning." 2016

IEEE International Parallel and Distributed Processing Symposium

(IPDPS). IEEE, 2016

[34]Chen Z, Quan W, Wen M, Fang J, Yu J, Zhang C, Luo L. Deep
Learning Research and Development Platform: Characterizing and
Scheduling with QoS Guarantees on GPU Clusters. IEEE
Transactions on Parallel and Distributed Systems. 2019 Jul
29;31(1):34-50.

89



[35]NVIDIA CUDA Sample, https://docs.nvidia.com/cuda/cuda—

samples/index.html

[36] Che, Shuai, et al. "Rodinia: A benchmark suite for heterogeneous
computing." 2009 IEEE international symposium on workload

characterization (IISWC). Ileee, 2009

[37]Stratton, John A., et al. "Parboil: A revised benchmark suite for
scientific and commercial throughput computing." Center for Reliable

and High—Performance Computing 127 (2012).

[38]Polyhedral Benchmark suite, http://web.cse.ohio—

state.edu/~pouchet.2/software/polybench/

[39]Danalis, Anthony, et al. "The scalable heterogeneous computing
(SHOC) benchmark suite." Proceedings of the 3rd Workshop on

General—Purpose Computation on Graphics Processing Units. 2010.

[40]NVCC, https://docs.nvidia.com/cuda/cuda—compiler—driver—

nvce/index.html

[41]Park, Jason Jong Kyu, Yongjun Park, and Scott Mahlke. "Dynamic
resource management for efficient utilization of multitasking gpus."
Proceedings of the Twenty—Second International Conference on
Architectural Support for Programming Languages and Operating

Systems. 2017.

[42]Dai, Hongwen, et al. "Accelerate GPU concurrent kernel
execution by mitigating memory pipeline stalls." 2018 IEEE

International Symposium on High Performance Computer

90



Architecture (HPCA). IEEE, 2018.

[43]Wang, Zhenning, et al. "Simultaneous multikernel GPU: Multi—
tasking throughput processors via fine—grained sharing." 2016 IEEE
International Symposium on High Performance Computer

Architecture (HPCA). IEEE, 2016.

[44]Diab, Khaled M., M. Mustafa Rafique, and Mohamed Hefeeda.
"Dynamic sharing of GPUs in cloud systems." 2013 IEEE
International Symposium on Parallel & Distributed Processing,

Workshops and Phd Forum. IEEE, 2013.

[45]Gu, Jing, et al. "GaiaGPU: Sharing GPUs in Container Clouds."
2018 IEEE Intl Conf on Parallel & Distributed Processing with
Applications, Ubiquitous Computing & Communications, Big Data &
Cloud Computing, Social Computing & Networking, Sustainable

Computing & Communications

(ISPA/IUCC/BDCloud/SocialCom/SustainCom). IEEE, 2018.

[46] Song, Shengbo, et al. "Gaia Scheduler: A Kubernetes—Based
Scheduler Framework." 2018 IEEE Intl Conf on Parallel & Distributed
Processing  with  Applications,  Ubiquitous  Computing &
Communications, Big Data & Cloud Computing, Social Computing &
Networking, Sustainable Computing & Communications

(ISPA/IUCC/BDCloud/SocialCom/SustainCom). IEEE, 2018.

[47] Thinakaran P, Gunasekaran JR, Sharma B, Kandemir M T, Das CR.
Kube—Knots: Resource Harvesting through Dynamic Container

Orchestration in GPU—based Datacenters. In2019 IEEE International

91



Conference on Cluster Computing (CLUSTER) 2019 Sep 23 (pp. 1—
13). IEEE.

[48]Xu, Xin, et al. "Characterization and prediction of performance
interference on mediated passthrough GPUs for interference—aware
scheduler." 11th {USENIX} Workshop on Hot Topics in Cloud
Computing (HotCloud 19). 2019.

[49]Bao, Yixin, Yanghua Peng, and Chuan Wu. "Deep Learning—based
Job Placement in Distributed Machine Learning Clusters." IEEE
INFOCOM 2019-IEEE Conference on Computer Communications.
[EEE, 2019.

[50]Wen Y, O'Boyle MF, Fensch C. MaxPair: enhance OpenCL
concurrent kernel execution by weighted maximum matching.
InProceedings of the 11th Workshop on General Purpose GPUs 2018
Feb 24 (pp. 40—49).

[51]Zhao, Xia, Zhiying Wang, and Lieven Eeckhout. "Classification—
driven search for effective sm partitioning in multitasking gpus."
Proceedings of the 2018 International Conference on
Supercomputing. 2018.

[52] Zhao, Xia, Magnus Jahre, and Lieven Eeckhout. "HSM: A Hybrid
Slowdown Model for Multitasking GPUs." Proceedings of the
Twenty—Fifth International Conference on Architectural Support for

Programming Languages and Operating Systems. 2020.

[53]Zhang, Wei, et al. "Laius: Towards latency awareness and

improved utilization of spatial multitasking accelerators inZhang, Wei,

92



et al. "Laius: Towards latency awareness and improved utilization of
spatial multitasking accelerators in datacenters." Proceedings of the

ACM International Conference on Supercomputing. 2019.
datacenters." Proceedings of the ACM International Conference on

Supercomputing. 2019.

93



ABSTRACT

Multi—Task Placement Techniques based on

Profiling General Purpose GPUSs

Sejin Kim
Department of Computer Science
The Graduate School

Sookmyung Women’s University

Graphics Processing Units (GPU) are widely used not only in
graphic processing but also in machine learning (ML) and high
performance computing (HPC) for massive parallel computing power.
Recently, data centers and cloud service providers have provided
GPU—accelerated infrastructures. Actual GPGPU (General Purpose
GPU) applications are not sufficiently utilized, unlike GPU—friendly
applications. This led to multi—task placement of applications with
different requirements to increase utilization for expensive GPUs.

However, multi—tasking on GPUs may result in poor performance
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because of contention for shared resources. In addition, as studies on
GPU multi—tasking techniques are insufficient compared to CPU
multi—tasking, multi—task placement techniques utilizing GPU

resource usage patterns and application characteristics are required.

This study proposes multi—task placement techniques taking
into account both shared resources of multiple SM level and internal
SM resources level according to computing unit, SM. Multiple SM
level introduces multi—task placement technique applying machine
learning based on application characteristics and resource usage
patterns. In addition, SM internal level proposes multi—task
placement technique derived by internal resource usage patterns of
applications. Experimental results demonstrate excellence of
proposed techniques compared to other existing approaches. This
shows that the techniques increase GPU resource utilization by
minimizing contention of shared resources. As a result, the overall
throughput of workloads is increased, while retaining individual

performance.

Key words: GPU, Multi—Task Placement, Resource

Management, Application Profiling
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	1년에 두 번 가장 빠른 슈퍼컴퓨터를 발표하는 TOP500[6]은 고성능 컴퓨팅의 최신 트렌드를 추적할 수 있도록 한다. 2020년 6월에 발표된 자료에 따르면 전체 500개의 슈퍼컴퓨터 중 141대의 컴퓨터가 GPU를 가속기로 채택하고 있으며, 최상위 10대의 컴퓨터 중에서는 7대가 GPU를 가지고 시스템을 구성한다. 또한, 이는 2017년의 약 71대, 2014년의 43대와 비교하여 꾸준히 증가하는 추세를 보여준다. 이에 따라 사설 데이터 센...

