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T

1. 97 ¥73

GPU (Graphics Processing Unit)+= 3 719 X2 AN Fo=2
TAHe =2 HE A Arkes FAIT w2 HAFE M AYY
A o7 GPGPU(General—Purpose GPU)9 7|50 =Z# wAl
21 (ML: Machine Learning), 115 7 3% (HPC: High Performance
Computing) & & W&st FokelA F A AREH I Qv o] g
olffZ  FThE W AH Azt AREARY] tekd 5§
ZraRe] A3 98 GPU MW E Al¥stal vk Amazon EC2 [1],
Nimbix [2], Microsoft Azure [3], Alibaba [4] & #& oj¢ Wit =
5 3JAE GPU MBIAE Algdth ol e Aula A3k (eg.,
Kubernetes [5], Mesos [6])& GPU #]&A7 Q=™ AFE-ALo A
TEE A gl dE A AskE AFsit o] s dE dAAA
UskS of7] Alzke] 21§88 Z2IHR B9 AA GPU gai A=
Apetbsto]l AA AlAE AgHs 29 o Add (7] olEs A=

+ S

GPUE F&3] &&3stA sk
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S8l CPU, Wixe] 59 Ade a&40% Ffst=

GPUE =83/7 E824H A|AHOA AFste ofgst
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v g3 oA AR 7t [43]. wEbA] GPU A o

3 A2 < 98 GPUE Ffrallok vk A
GPU <28EAE FR&a, og AlAHo|A GPUZ FF3to
AREro BN Rl ES HAAT & AT [44], [45]. =9 %2 GPU
AL oy AR GPU AHE st Ro A" Aleis

+ gk

A
[©)

£ 1o

GPUE /3t oy &8 Za2IaHes o= Adgsies A
GPU #A¢ &E&5E Y + vk H GPU /% ¢8l NVIDIA+
A Fl oy &89 AdEs she EZERAARE sk
MPS (Multi—Process Service) [8]& A&ttt 184 o] 7]&2
&2 A HYEE dotof T Il =] € & vk GPU
Ao &4 TEF HAAS A% AAEH JE AT EAEL
EUHHEE 7o s st 385 % wAske Wy (9], [10], [11],
e $8°9 GPU AHE ==Y (Profiling) AHE  AHE-sho]

Zhs Aol weh WA ek B |
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I8y A FE wixE S8 TEO9e e d8rE =4
] ro] =

T Aoy AA gl ds A AT 5 vk oY ZAYEo]
A8 = o FHEe AAER A8 AAo] wAS] wiEolh ERE
ofel Fw3] Al W A flo= ME S BN § gled
Aes A= £ gt 38 ZEIaHe AdEdold dukzom
a¥ sk A (CPU, GPU, #l=e]) el 7HA]l, GPU 3o (core), I/O <}
2 718 AR FArete] AREEHy] wiZoltk [13], [14]. 28y AA
& RIS s A AR 5A4o] EAsta, Hidst d4
45 Aol EASH] Wi 2o Ad AR ke FE AT
Aeg A58k A2 oHt



st Aol

=

ofi

e,

1 A olEe Hols

)
2
fins

o =

<
9

Helth mebd Fe|aE e @3

;OT
"

fie)

F3t stge] Edfold eHdE #As F

.

o

> Al 74

310

vpA gt o 2 GPU

Heolt}

=K

Hr
oT

B!

2]

g ML §89]

37 oA HPC

&

GPU Z#2H

A g volE WA

Aol

Ea
H

bl o] oles

EEE
S A

o
=

EEERE

dle]H

she

0y

73 78]

A4l

A4l

jad)
ES

N

vl x| =

d Ak Eeld

3

PN
T

eHASE BHFOEH 7 A A

e $AE HelT.

A4l



=
S A

A, o

;O,._
Njo
o
oy
JJo

0

o|J

o
4

gl

o] #BA= 1—
A= ]l =
9] Helt}, 4& o= 24

A=
¢}

3

=
R

H u
FAeto 2 67 ol A



II. &4 a7

& AeM= GPU S8 AH oA #Ad 375 &3 Ad
e 71‘?3011 el didtet. w3, ugd A shese 2839 A
2AEY 71l Wi AFE Avfska, viAe R 2 dqtel v
ATES ¥l EA g

1. GPU &8 2H 24 #& 719

GPUx GPGPU &=z Ae] wdor 7]E9 dHolg AlE oA
Aesto] Abgstar Qlvk, Eek FEke-E AlFAt A oy F/HE GPU
AAE ARgAMAl Alwstar Stk el e Fute] AREARgE
ﬂﬁa:-ﬂ&ﬂ<ﬂﬂ = AFAe] Muja A AA o ® v go]

& GPU =& 2 & op7IAZA = Stk webx GPU A&

i%& 2 ARES] fEiA e Adshe 89 EAS dofste] GPU
AdE FRetel #Elehs 7ol desith olE fd FEes 9
Ze2E FAAAE GPU AYE Ffrstel #Eske 71l digt
A7 g of ghrt.

Cheol-Ho Hong [12]2 9= $74oA HPC §§ 2139
GPU Ahg Aol wE Ax" AA 7153 348 o/ ALds
ARkttt GPU A A3 Qo] zty whRzAQl Ao A=

Hg mg /0 9 eWl=rt 2% ol fl& M HAl(VM:



Virtual Machine) & %t 3 ®W=E# F9& A&t F(Lock) Sl
E #FsEte] ddesitt. 18y VME He] A ARS-efl dist 34
#el= HPC &3 ol #AEE Feo Holrt vFs A%
Aelstx]  E&rh. Chia—Chen Chang [15]& GPU A€
s ZH| A (Provisioning) & &3l  FHUE 2 (Kubernetes)  7|RF
RUHE 9 A g EZAEES ARbsTh Ao w7 ZEHAYE
TUHEY, &4, AE, A8 4942 45t Ay ET. RYEH A
THE 7Y T A AHE Sl EA e, B4 &S vEoR
T 2HAY AAEHS Adsttt 18y [15] AFelA GPUSE W Ee
Uts ARES A ZEEAYES o] wlEel vgFd A AR s
7HA= HPC %%4 Aol A§etA %k Khaled M. Diab [16] =
AeA & AHEAES GPU AYS FHske A9e
F'—/\] of 4 3§ Vst Al ek AlAES AQESHE Openstack 7]HF VM-S
”34@71ﬂq4;W1}JE%QQ;%E§?§ﬂEOE§ﬂ%EE
APIE 7F2A F 788 GPU #Adeo] AF 7lsstes ofitt. 89
Ars= 3 AR, GPU HEdE FAslen AdgeMs At
Aokl S-S A= WAl Hd &8 W
a4y HPC &89 AF /O HokAdd 54
e A, FAEHE AL ARV FrHH o
AToleE GPU A 78 + e FHUEHA 7Rke] Z9E<
GaiaGPUE  &7l%th. GPU #8%% GPU A9e 94% =7
wReta Ast= AH oY (Container) ol Al 38 WA o
Aeeeh Ageds FESE A719 GPUE datil Fo soes
2ol =AY AF vlE EYE Fol A GPUE et 1 %
Lol A A]lel Ao s = z =

gt 2y ol A 2ol AA Ao A, d¥Y Tl
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2 A, B 2bed, WA dde 54 B [19] $9
Chakel el Ala"l e S1d WAl g dF ds] AdE
Atk #74, 89 AE, 4d & wE & W T A =
Aol theFst dHolHES YHo= wrel $85 7t 7H4, 2y wiA]
2o #y T 2ddE gue T de ¢ Ak olHE olf =
FHAEH =Gl Aol WAl Ede] Aol et BAETE sobA AL
gom [20], 24 9 A4 dE A dAarr dsig (210, [22],

(23], [24], [25].

Fabiana Rossi [21]1+= ™Al 219 & A3 g5& 3 LE-
~AYE (Auto—scaling) ©] 7Fsdt 2 g 7S ARbseh. s}
&% % Dynamic—QE AH&sto] ths 29 AElolv e A9 437
AALE (Horizontal scaling), T2 AAIA™ (Vertical scaling) &
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Q-Networks) 43 55 S8l }OJ JJrF‘/] 7S xﬂ%z‘s}oﬂr/}_ 2=
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Yixin Bao [23]2 GPU Ed2~E @A H5 23k s (DRL:
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sty Bde AR, CPU, GPU A F 3719 QlEs
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III. GPU &% SAF Ad & A A5 A

geaE B394 $ 3

Ao wAE WA olF FA A% A5 A% 4 v

A% Za e B 1

A9 Mg B4 A
=

B Adse] w7

1. HPC 9 ML &89 A9 ALE EA

GPU Z#2H 4 HPC 9 ML 5§ A3 Al thekst #d
AHE BAS Bt T obl] 389 A5 g dojEl AEE A8
GPUE AH&stv A= & SAS 7HKu. ML &89 4% dHeolH
Aol Z7], #loleje]l 4, batch Abo]z=el w3 A7kl Aol
Ro A Fk GPU Ags dAsHA Abgsth [26]. ¥ 12
Tensorflow #Xut= [27]2] ML € vggl6, resnetb) As A
AHgetE GPUSF GPU HlRE] AHE didg& HolFth A8 A5 dlolH
A& GPU R &8 Fi A7k AQsta st 713 B GPUSH
GPU w=&g] ARgFo]l AL dAste T5d w7hA fA5H+= Hds

74,

11



vggl6

! T 100
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resnet50
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1 6 11 16 21 26 31

memory.used[MiB] —— gpu.utilization[%] —— memory.utilizaiton[%)]

[Z2¥] 1] vgglh, resnetb0 ML -S89 #A AL & o

HPC &2 8t &89 sfids Q& 580z Adaforst=
Aol E=Aetr. §&2 77l v AAY B, A HAel ot
T3] wEel HPC 382 theFdt GPU A AHE #®lS 7RIt
1% 2+ HPC &% 5 LAMMPS [28], QVMCPACK [29]¢] #A-¢ A&
s HolFErh, LAMMPS 89 A¢, T3%H= &t B oF
40%°] GPU A4S ®elth GPU W& oF 363MB~8,499MB71A]
A ow  Frkebd GPU W= AREZo]l 7B & W GPUE
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100%7+A  AFg3tt,. QMCPACK $€2 GPU AL = 3WA 9

AdHoz F7ketty. GPU "R Fde= o8& 3 WA=

AbgalA] kom EwE o]F (e 95%)F ok 5135MB7HA FZEH
1 =

Fbste w&e welth

LAMMPS

(%)

[MiB]

[ TIH\”l

RIE | —
A A Lad I i‘“ N ll
"f“ ‘\,n \N;U"J \'W'w h I/ L,f“-‘*“ TR

! \ c\{ A U
bt AR ik I
sl i 2L l@-ﬁwww,rw e WW ey "‘v“"\N\/

QMCPACK

(728 2] LAMMPS, QMCPACK HPC $£9] #A¢ A4 €l o

o AYH Ad AL

wepd ML $8e Sty @ BASE B 9%
g 7 S8 A% wAel uet ke A AHg AES
7] wEel FE A48T w Aol FFS WAL At wAl
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3.1eA AwE wpgl o] GPUONA A¥H= HPC, ML $&2
ozl 2+l AHE 548 7RItk GPU 2eAE $H40x Ad E82
A8l o] S8& AIBAE W 89 4] vE Ad AHE dHew
Asto] dee dFet] oA ¥k ofyet S8o] FE3] AdS
Agdeete A2 e SAAE 5 3o [30]. AAE A
aesks A9 (CPU, GPU, #xe]) <% GPU o], 1/09 #2
Aol M ZHdo] wAystr] wiEolth [7]

B oATIAE 8% FE WAsel AF A v FhHEE
A9 Mg muat waE ) vl FRHE Adel 9
G We St Qo AT AF eSS s dol FEaA
Fee malth MEE AW A 4D A 54E mol:

Tensorflow X w32 ML $€ 37H(CNN, veggl6, googlenet) 2}
thoksl A ARE o]¥S 7FA= NGC(NVIDIA GPU Cloud) [31]19]
HPC & 27} (LAMMPS, GROMACS) & AMg-3}9ith.

a¥ 32 279 SE= Hﬂfﬂé}‘ﬂ 5 A
=

GPU wlxg, Zo], /O AH&& Yt} o & = & Az A =
A WM d45s 53 Aj7to] sojd A%, GPU WEZAA = A
ZEA AdeE AE ARV E=5S vty 5o dldET S&
(LAMMPS, LAMMPS), (vggl6, CNN), (CNN, vggl6), (vgglb,

vggl6) el g wRZ FFo] wAsty] ditel 3 At g
T AE AT £ Ay gy o] AE AQstd GPU W EE,

Fol, Y0 AHgES B S8 TE U HSS AFHE 2L

14



o] gt} & E°] (googlenet, vggl6) e A9 3 Azt 5 Aot
AEE 40|y GPU WEe+= 3, GPU #Foj&= 2, /0= 19 AHE AES
7her ol oy 8ol A H w FHEH= A4 AdY AREo
B3A0 s ZAgo] Ay wiEed Awel d4FE Fv s
omstty, 7z Aol ArgES Ed 7]E9  Fa A€ (Heuristic) 3t
HHoR Aes d5she AAIERES NP-Hard Ao, §&°
EAT A dus nesty des A5ske Aol sttt
Slowdown of execution time GPU memory

. 5

4

3

CNN

2
googlenet .
1 1
0 0

> c‘° &

4% N \ad

N o@ > é\ \b
) 4%, \;Sb & éé 4@'0

googlenet

5
LAMMPS LAMMPS

-3
CNN

googlenet

w

Q

=

=]

=

>

9]

w

. #
. :

googlenet

vggl6 vggl6
0 Lo

O™ 3> o8 % WA AP A ek A AREES] B Bl
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IV. GPU $49 U3 39e 9% 2% &
TR

© ZeAXe= GPU E24H $delA GPU 389 ts Ad=

At st s 7Nk Zg wix 71el o] Avfetth 4.1d-elA =
g5 gt S8 72 Ad H AR A oYy FHES st
4.280 M= 73t s 7INE A]] ol sk Rde] disf Aweta
438N = A FF A wiA] Anis 2l ois) A st

1. GPU &89 A4 AHE oY 35

&S FF MASe] AYAA W Fs Ashrt BAT Bk ot
B3 AFE AA" A 9E Ads #Agske 3L oyt
FES BEta oo B HA G AAME AR ke A gES
olelgt Feke-= 9 FelAE HFE AlAHC A& Agstt [32
[33]

2 ATE Ak g ARES dd AT S8 A ARE ol
gus Aositt. ® 2% GPU Z9AH A GPU g8l dist
29 o]y &S Yehyn ol IA 37HA WFE FEHT A
WA, GPU &89 AMd ARE AHEAE 88 387 S8l
A 2Ele] AlEstaAt s FRolH &8 olF, $& EHS, input Y

16



2718k input FetvElE ez dop F WA, GPU $8° 2349y
PEe &8 A¥ A 2kles #%ﬁﬂ-ﬁ AEE dEhdit S8l
A g ) Abgehes A A A
GPU &80l A% d u =21 AAo] wAsto] d5 Aspe FLAZ
T olE F¥olth. 2 GPU, GPU "2, GPU Fo, PCle AH&
zeadd ARE T 7 FEe o AREFS dAT A

= o O 1o
o Frldow muHgstel Fywth A WA, ZesH 87
ARt Ade sassd AgE 7 A9 Amolth A wt
FAR GPU S8 Zeately A 44 Ang a0 49 uA

>

| Aol sEstA wjA sk e WASH] Sl ARg-E .

<3 2> GPU &8 A4 ARG o9 &

HF &4
-8 °l&
GPU 2% S8 B
ARA X{JE Input I A7)
Input 3e}v] g
GPU &8 %

GPU v xe] AH8-3
GPU Fo] AlL-&F
PCle A &%

T3 AIZE

LT o] &

GPU 7t=

GPU +%

GPU W xg

GPU o] &

PCle tj&l %

GPU £¢£&
z2ady FH
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2. 7ol§;]. '6‘1-)“ DQN Ul:é

AE Stee Azt ARA 45 482 Bal o Ve AR
des dske ggshe dow Buw duh34]. 48 e Ae
ow s AFelA TS A AT WRHOE Sgets] wRel

£

l(

AR A2 glo] A8 & ltte ARE A T ey T

5 g HolEE HeolE o= A%sia
TAE F= Aol 3HAZF 2tk DQNS AlphaGoE 7123t DeepMind
ol A& A7t 71§ [35]e2 V& A3 stge EAEES
3171 $18l DNN(Deep Neural Network)E &4 TAF7] (Function
Approximator) & A3t}

N
=
2

2 A sy REe 7]E DQN EE 7|NE 9] wix] w2
deepRM [36]EF A3tk 719 deepRM> 1)7M #A9E&
7gste], 2)CPU, dixe Als tide= 7 A 44 A
AR e PR 4). EE 3) ek Avhe wd A9 uA S
e wEE Y wEk B Ao AA 8 AYe o=
thekst A Al EAS WY E DQN B9 ) uF 2y wiA
He Agksit, D) AA GPU HPC, ML $8& tjao=z, 2)3%89]
Ww3lsle= GPU, GPU wWXE2], GPU o], PCle A AMg o8&

&AL DA $49 M A4Y 22 Y] dF DY WA
AMe mEaglt. Y 4L B @dE s 498 deuEz
g skect
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Resource

[1)]
'§| Cluster Job Slot 1 Job Slot 2 Job Slot 3

CPU

I Backlog

<718 4> 7]1¥ DQN == 7|8F 24 v x| 7] [36]

Memory

18 5E oo]HE (Agent) 7} 74 (Environment) 3 A3 ZHg-51
sty B, #FES wbESh= AwbdQl DQN FERE UERAY. ©HA

_4

tol A ool dEE= dAAl AH s, & #ES Ys(Action) a =
F}ES o weth T 5 AHIE s B OATEI o)A ES
B nE Wenh o] w A Ad 9 BAS 3 AbH9 clo]dETL
T ol &S W] wjol vtE 3 3Z (Markov) £4& Zeth
doldEE oF S WEsk o FA 2l B4 (Cumulative
Discounted Reward)= HUs} st S HE=E siry el F34

BAAL J(0) = maxE[ZRqyir] o= E?ﬂﬂﬂ
Factor)l y= 0¥ 1 Afe] o] glolt}, of7]A] 3
ZIqto g Ml H=d AL n: n(s,a) - [0,1]; mn(s,a) = 9
A% a7t A= FEZ Yepith a8y YoM T AdFF 5o & B
{state,action} #t= H|°]E% A&3st= Zlo] o]37] W&ol o &
DNNE Apg-sto] A= getvjgl 05 3ol b A mg(s,a) =
vepd = Qi

skl 29l (Discount
o
T
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é“.:
%2}
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Reward

Q
WA

XP

Action Environment

y

S
%

»:‘:
PR

ge
AP

Observe state change

<% 5> A|jkski= DNN 7|8k DQN =

[nt

uebd DQNS HE Hxe AR mgol wet AE solx AF a
TS off A He 2l 74 B Qre(s,a)= AUE sk Zlolt(
1).

>

]

4

VO] (9) = En@

D Tologns(s, Q™ (s,2)| (D
t=0

of W A3 FgHe Q @ TE HAE Fol7] sl AAF
a7 (Gradient descent) [37]1& ARg&stel AF Iebvly 6 &
ddolEstet. 7]E] AL sHE Axd ge® dWFdF 2 4 e Q
Al AR wet 9L AEA Rl 7 BA vukE ARgsit B

ArelMdes o e 225 e A3 debHE fE ds 24

rir



FA R Qreeld AR wet de BB

wowy AN Y % NEathA 2).

et B E F % ANkAQl DQN 24l Edold Y

]
l-lO

A A Ve E

00+ az Vologmg(se, a)(Q™ (s ar) —V™(s))  (2)
t

A

rlo

63 .

Algorithm 1 DgnGPU Model Training

1 Initialize Q(s,a) and Model(s,a), Vs € S,Va € A(s)
2 for each iteration:
3 for each iteration:
4: run jobs’ episode i=1,...,N:
5: Select a; = max,Q(s;,a)
6 Execute action a; in emulator and observe reward r;
and image x;,q
7: Set s;.1 =S, a4 Xi41 and update reward r;, policy g;
8: Compute returns: v} = YL,y
9: For t=1 to L:
10: For i=1 to N:
11: AB « AB + aVylogmy(st,ab) (gt — vi)
12: end
13: end
14: end
15: 0 <0+ A0
16: end
<% 6> DQN 2d Egoly duzls
% A wAE d DQN 2E g5 dHow 4189 #
2014 Gt 8 AL ARE ol¥e ARRSE 9 54 & F
%ol mad 4 Ad s=(R = A% e j9 Fexe A
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HE RE XTI SYAHY Y B4 oY F&Eg T SHAH
A2 4719 FE(tuple) ME 24 33 o] yErd

Sl A 7 A ARE Thed A s gvlgin 29 je 4 &Y
g A timestep TPITE T ALe] ZEAY o]y HHoln,
jie A &8 APPS] timestep Tjwith Wistols Abel AMRFO AR E
7P I Qlom A 4, 59F o] yERd o gt

R € {Rgpu' gpumem’ Rgpucore,Rpcie} (3)
ji € {APP,y, T;, 7} (4)
?]) = (G.gpw 7}'.gpumem: 7}'.gpucore: 7}'.pcie) (5)

e 37 FEAE #49 dA gdE Ay ook gy Fol
Zkd ol 2 Ty o]gS W9 ojulxZ ety ¥ 7S
E 2l

AzRel gH g2kl etk 2exE ouAi: 7 A od
oful A 4z FgEle] glovl A7 Tk AE Al BF A9
Wgge RoFt Zg] oAt eloz SyE 89

xeaadd olgg JMew T ANkt Agat A G melEt
% Bof, 1@ 79 meby AU vk 5709 Az 14 B {0, (1, 1,
0, D}, {1, (2,3,2, D}, {2, (3,0, 2, D}, {3, (0,0, 3, D}, {4, (O, 0O,
0, D}l AY &F A Uedth o]F Jwew a4 4 4
oW AE 03 12 FAE HolZz FAHTh A9 oluX= T
AgEE Ado] g AT A9 AFFUF 1, UAE 002 AL
Hol2z ddth olgA FAR FBor WAL oy A4

oA ES VIWko® FAE oluXE FAEH o] Wl Yir - T <
Rgpu'Tr erj.gpumem' Tj<Rgpumem'T erjgpucore' T'SRgpucore'T’
5 Tipeie” Ty < Rocio T WHES|OF @k, Wbl 19 79] o2k o]
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Fom FHYAE ojuA et 3709 #Y ov]A HolEE

A7 dEe A" AEE ZdEE Zlo] niEAS] Wil
A4 oA &% £ M g d¥ow ARgSth I¥ TelMAH

3] A9 olulA HFEel EAT W 349 Aol @—Sfﬂ om

A X0l 29d Ades A s gndth a=02 FE
Biolm Al T AN SEAE oluAe A9 ojuA7} Fo
kol gltks Als vEbdoh ek T dAY s A eg 29
a7b A4, AFHEY AL SHAE omATE JHOIE HOEA
REEghE . MUK o] %] Aol oidh JR= AdE a3ke] W 27 44
Qe xgEn. Rl A E£3Xo] EAL A W 29 Ajjow
Aotk 8y 99 e Ay a ol weEb o] A]iwt A3

7Fesk7] Witel e o= wiAlste] Ayd 4 gloh

= Aol E v A] wiAE Sl A" "S5
srEoralth. 29 olmA &% MUl weEt 7 24 O]“]X] Ex=
Agstt), o & Eo] A" w3t #] olmA] &l 37M7F EAEta
Z+ &% 9 a, b, c8 #HYJo] TATHI MG 7 A 0w A
&3S a, b, ¢, ab, ac, be, abc F 7THE FAEHL FAAE G A
ARgRFe] wet HolEo] A" o] M AP olmAl &£ES
dH o= sto] Gt I5o d3E 5 a= abl BFol 24 ast
bE & wWixlste] AIysrt. webd Fs WX E AT Y TEe

Cl o
P2 A omH] &% MAS 28/ T uC=2"-1/2 F4E
A
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[ Job Placement Service ]
Service G
Layer

[ Job Profiling Data Learning Service ]

[Orchestra. Layer] [ Container Orchestration Platform ]

«

7 >

‘L
[ Infra. Layer ] [ GPU Computing Infrastructure ]
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=
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=
>
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A st GPU $49 mzudd
PakaA st S8 eolnele)
7

2 Audezt 23 Aoy on| A7k ojm x| Al HAAEL e

Algorithm 2 Job Placement Algorithm

1: Submit Application App;

2. Find Profiling Data;, ClusterStatus

31 Set luputData; = {Profiling Data;, ClusterStatus}
4t Order of jobs; and |jobs;| « DgqnGPU(luputData;)
5. For each jobs; to jobs; , do

6: Assign jobs; to GPU

7: MonitoringSystem ()

8: end

<18 9> &5 Ay 7k 2w dael=

AHGAL7Y A 8 st a At 0}‘“ =25 3t 58S AEdtdine 1). A=t
g0 x=zudy  dPolE( Profiling Data )2 A|AEIS] AME

[e]
>
A X (ClusterStatus) S &1st1 (line 2) g5 Fdl9 QldHo g ALgsh
A8 dlolHE 24t} (line 3).

Profiling Data = 2| 49| j; € {APP,,,T;, 7}

ClusterStatus = 2 32| R € {Rypu, Rypumem Rypucores Rpcie}
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o] ¥ A8 S5g Agdel AA AT 7o 4919 £4% 1
Sl BE A" 495 A4 AT (ine 4). FEE 452w
58 GPUol 8% WAa T AAHE (ine 6) 40 AEE
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V.43 3 4%

At A WA 71 e AFAI) A8 e HPC

=8 2 ML WAva 85 AFEFT HPC &8 NGCOfA
ATst= 58 4709 Tensorflow HlX|wla 8 7/HE AF 9 iyt
Sgo7 3ty Ao ALgE 89 o]lFSe # 33 #r}

<E 3> AY g 58

HPC ML
LAMMPS googlenet resnetb50
GROMACS[38] | alexnet renet101
QMCPACK vggll resnetl152
HOOMD [39] vggl6
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AFE A8 9 S8 AY AHE olge] we #Y ¥ 9
Aazs 5745 SR GPU 8% Hd 40%E5 7|+o=
GPU_heavy, GPU_light ¢a==¢ GPU HW=E# &% 50%=
7122 GPU "WlEE _heavy, GPU "5 _light 9A2=, BE 589
FAo 7 Aol 9l random YIAERE F 57HA YARES AT
7F YAaREE 71Eed e $8S & 30/ME AdsiA At &

7)
3 AIZF GPU €% Hi, GPU W2y 8% H7S =43}

T ATeke vluE ffE 47HA 9 A} wiA Ve ARE S ©d
2] WA 71l SIFs), o A9) wiA] 719l Tetris [40]1, DeepRM
Max, DeepRM Means AFE-3F$Ith.  DeepRM Max$t Mean<s 73}
Saa A8 wix ZiYelv. zh 2] wiA] iRl tiE A ot}

.

o

® SJF: A9 £33 A7to] FrtelE A= ZYS HH

® Tetris: 582 2 AHER A 7FHEAJoll whel packing

WA 0 7w X
® DgnGPU: & AFoA AIsk= vi#| 7]

® DeepRM Max: 29 A ARG Hd #@te dgHo=

stol 3k 42 A gatol WA

® DeepRM Mean: #%19] A AMEH Fd @te dHo=

spol 23 st g A 8sto] W
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d9E fs GPU Wb REeld ZHAH dAdE FHshlth
ZY2H 34 Aoy AAEHOA ZIYEA FHUEAE
Attt FH gl A= CaaS(Container as a Service) &E|Q
FUAH HAFEY LT Aan TRAER Aoy wiA, AAYH,
+9& Assstr] Yt AulAE AlFskth Amazon, Alibaba, Samsung

SDS, baidu, Huawei, IBM %3 #& U5 7|dEdA 9=
=gl oA A sto] AREskal Sl

wEo] oy A] wAE fE FHUHE RS Ve ZA
k8sE AT V1€ E2asls FHu El fﬁr%‘ﬂ]*ﬂﬂ
< 29 A¥e A% oA AW7E A X
7EE dell o2 #1le] 3E Aol A=A %?—Ei‘r A 2 Ao
dds Ad v AW Y B us A} Aol Ttestes

018 AT, 9= A A9 Alibaba fake GPU [41]S

d
A o

Zzslo] AT ok Y53 NVIDIA docker AE|olY [42] &
;\}%—3}0% *e go}oﬁ;} /\1‘6401] A}%% 74-”3 1_1:,] /\}01:0 o}ﬂ] 43}
Fdgs
<3 4> FHUE A SHAEH 3 R
Node Details
CPU (master) GPU (node)
Architecture Intel® Core™ i7— Nvidia GeForce
5820K Titan Xp Dbx
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Node Details
CPU (master) GPU (node)
Core Clock 3.30GHz 1.58GHz
Num of Cores 6 3840
Mem. Size 32GB 12GB
Threading API — | Nvidia CUDA 10.0
PCle bandwidth - 32GB/s
0S Ubuntu 16.04.6 Ubuntu 16.04.6
LTS LTS

3. 4% % 2 &4

Akt Al WA e eg Astel Y ek 8
A3 AQle] £E AS, Edeld oMA=E mu BT =

= a
7t Hlas Fall 3 A e AHe Btk

_E,
H
X

) &Y $3 8 59 2
Aol = Al st REE Tl FEd A WA AdE

ol gslo] =8t AW T2 wjx 73} vlwste] HolFT).

GPU_heavy YI2EE Hi 40% o] GPU 855 Hol:=
vggll, vgglb, resnetb0, resnetl0]1, resnetl52, QMCPACK, HOOMD,
LAMMPS $€°2 AU 713 102 GPU_heavy HAZE
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Aol Avtolry. SJF wAoz wiAe A, 48072 7MY FH2 +¥
AZHE zte=t a8y GPU 8% H2 70.50%, GPU WXEE

Kl
Hol e 36.44% 2 7HE Sk v Z9o] AdEE Uy F OB
oAl Aetsl= 7]Ho] 4891% % 7M1 =& A%S Ho|lW, GPU

AT
248 82.09%, 59.13%% > A &85 HQlth DeepRM Mean?)
Aol 8 AlZke] 5530x= 7HE AW ol GPU wEZ7} A=
& o #Hx2g FA(OOM: Out Of Memory) 7} dAgsto] Hafjst §&5
thAl A3l 7] ot}
GPU_heavy
::EE o PY PY ’/// 2222: Eexecution time(s)
5200 ® 7 / 70.00% .
5100 A % % 60.00% ® GPU util avg
5000 % Z % 50.00% 4 gpu memory util avg
= / I o
2a00 . Z | o
4700 % % % % 20.00%
4600 % % % % 10.00%
4500 0.00%
o . e};& o (;!\} @@,Sb @é,{\
Q &£ &
ol R
Q &

<Z1¥ 10> GPU_heavy Y3 zx2] A3 ZAu

GPU_light 922 H 40% "9 GPU FELEE Hol=
alexnet, GROMACS $%9°2 FAHET. 19 112 GPU_light
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Aarxze Ag Axs HoFt GPU 857 U2 855 29
gt A, SIF W28 w7} 2295% % 7hd v A5 A 8 E
7hHet, o] SJF Ao ® §§o] @ wiA ol ¥F Fao] Jhssh
o ZI¥el wlE F3 Azl =od Fer  ®mAY. 3§
GROMACS®] 7% alexnetel| H|&| F3A|7te] AARE GPU W EEE

AA ARgs7] witell S e Al A 3789 #del ¥ Thssy

wolth. 2 <dTtellM Agks wjA] 7¥le] 1214%, GPU 8%
89.31%, GPU ¥Rz 8% 88.42%% 5ol 7M4 Fow, 73
st5S B3 WA 2 GPU Wl2eE Ao 11755MB7HA AHEE = gl

_

o

5.00%
0.00%

GPU_light
3500 45.00%
é ¢ é 40.00% B execution time(s)

3000 °
2500 % A izgg:f ® GPU util avg
izzz % Z Z Z ;Zgg;: A GPU memory util avg

7 / / % 15:00%
1000 % / % % .
500 % % % % 10.00%

n .

/

N
N

_

<71¥ 11> GPU_light 9a 2= A3 21}

GPU memory_heavy YIZE=+ Hi 50% ©]749 GPU v &z
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385 E HolE vggll, vggl6, resnet50, resnetlOl, resnetl52
807 FAHZUY. 19 12+ GPU memory_heavy $IZE=2] A&

A3NE yebdd. SIFS Af 3 Azte] 7B @ew, I Hgow
DgnGPU2| 3 A[7toltt. =3 A[7to] ot o] f&= AT 3-8&=0]
GPU #E&ELE ¥oF ¥5 WMAHIS A% Ad A= +2A 0=
Zow HRAY, Ty o9& FE T8 WX W vusgls o
1214%=2 78 #2 3 A3 89.31%, 88.42%% 7H =2 #AHd

FEEE 7= e & 5 Uk

GPU memory_heavy

1350 100.00%

1300 o ° 2 ° Z//é zggg: B execution time(s)

Y% W % . @GPU utilavg
1250 A [} % L 70.00%

/ | ] eooon _
1200 Z % % 50.00% A GPU memory util avg

_ | | a0o0%
150 % / % 30.00%

% | ]| oo
1100 % / % 20.00%
S ERERE

g,,\“ éf.\" Q\D ‘&@-t- Q‘,bo
T <§"® %‘Y‘@
Qae" Q,'Q'
Q N

<19 12> GPU memory_heavy 9IAZ=29] 23 Az}

GPU memory_light 9932=+ 4 50% ©|9e] GPU wXRE3g
g8 == Hol: alexnet, googlenet, QMCPACK, HOOMD, GROMACS
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Sgo7 FAFEAJY. 19 132 GPU memory_light I ZE=2] 213
ARE dERlH, B AFeA Asks 7ol 7 AIRE SHeA
7 e e ¥ Qlth 3928% % M A2 3 ARS 7hAH
o] W &% A¥NE T GPU "Ry FE&EE oyt FaAge] 21
GROMACS, QMCPACK &&5°] &% A= 3537 wiEo|th

- ©

GPU memory_light

6000 80.00%

° °® ® ® o 70.00% B execution time(s)
5000 7
4000 Z % :zzzz @ GPU util avg
3000 Z % 40.00% A GPU memory util avg
2000 % % 30.00%

R
S8

4 . 20.00%
1000 7 %
% % 10.00%
0 va YA YA 9.00%
(.J\“ (;\5 ¢®@+ ®090
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Q Qe,

<19 13> GPU memory_light §Iaz2=2] A3 Ay}

Random HAZE+= A A& e L2 735
1% 14 random HAZTE —’Fg'“:% fe] Ays HolFEr, &
Ao A AQtst= 7|Ho® S35 A$ 2481%, GPU #EE¢%=
62.16%, GPU W=z Z&&% 20. 45%«] ds {
SHolA e FE AW wx JHEY F2
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= Tetris, DeepRM Max 7|¥HEt} & gaze= A3y

QO
e,
-
( mﬂ
ofo
gt

e ekls o wow, SJFe mlusts W GPU wWEeZ] #&E8r%
Wz Ae B 4 Tk ol o] =AT W uwd 49 A
sS40 ZAS] WEel B5 4 A A4Q 48 Gl therab
BoE 5 9ee o & o
random
3500 70.00%
2000 ° 7 60.00% B execution time(s)
2500 g ? Z Z 50.00% ®GPU util avg
2000 % % % Z % 40.00% A GPU memory util avg
SO EE R
E R R I
« Qo‘r‘e GQ@ Qq_@@
o 0(,‘2.

<1% 14> RandomY A= =2 A3l Az}

2) A && A3 £4
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sglch. Wl AAE 80 A AR JFoE £E A

= (@A 2%), &% A3k 10%v|% 10% °©1’¢ 20% vIRE 20%
A

Tetris DgnGPU DeepRM Max DeepRM Mean
B No degradation <10% degradation
B >10% degradation W>20% degradation

<™ 156> 470 71¥el thst 3070 &}le] H= Ast

719 15+ random HARE AW Al 47 71l diE zF 249
S5 Asts Bejwrh & AgtelA Actets 7S F 20719 #}ie]
S Akt wAgshA] kgkrh £ AIRE E Wshs Ao ARg-Rkl
wet shgety] witel] AAl e xIebA] ok WS dlelA wiH sko]
Ad BAeR "Ashs £E Asrr A A
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&5 As7E BHASA ¢kth. DeepRM Mean® ¢ &% A3h
10%o) el F 12712 7H8 %ol slgeth. DeepRM Mean® 7-%-
A B ghell web wiAEy] W] FE A A EAs= OOM
TAE 2 S Azt wol dAei

3) Edol'd X3 vl

AA F3 Aol Edold Alzte] Hule eHIEE F7lst]
el random AEE=E AREste] Bluskgith AA F3 A 3
Azkol 74 #e SIFE 7o A3 sho] madd A4 $89
A ARE o]lEe EAsttn P o, A3 A] WiAE S
Efold Azhe x33 dA 3 AZbE ¥l wstth DanGPU, DeepRM
Max, DeepRM Mean 71H 2] -9 43 g&5s &3 v Aol met
M xek7] wjiEe] Efold Alzto] EFFETE

a% 168 7 Wiz 7P Edlo]d oW =l AFRE HojFTh
T3 AIZE sl gk Tetris, 2 AF-olAl Aljbst= 71, DeepRM
Max, DeepRM Mean Z}Z} °F 1.294, 1.081, 1.303, 1.346°]t}.
Ajral= 71> Efold Algro] 123x%% °F 0.054°0]7 Edo|d
AZbe W el AIREe 1.027°]th SJF 9F 8 ARre] ARE
Hlwskls W s zpol7b 42 Ag &1 & Qlvh ol A Al
A Edold AZFE: AQe 1 T ougd AYPe AT AFfel=
A Ael7b AL flvk= Zle vttt Akd S8 EE sFobd ERb
ofyel A9l FIyEA 2Rl r  EFoldE AL st

:
AFEE Fobd the A A A Asol Fobd e ong
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DeepRM Max?] Edo|d Al7F2 0.048°]" Tetris® DeepRM Max2]
3 AIZERE vl @S Aol 1.294, 1.254%2 DeepRM Max® 4-¢7}
o ettt mebd AHS Efeld ewE=E Agsta st dEs
2G5k A wiA] 71 o] w7t QT

2
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DODDO00
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AR
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0.5

SJF Tetris DgnGPU DeepRM Max DeepRM Mean
@ execution time training overhead

<19 16> Edold eHI = vl
4) G5 w2} I i 7HE ¥l

Aazcy Adste S8l wet w5 wixste] A3y
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GPU & QA®lAe] fst 71Ao] S48 gorz A AFsH=
HlS2gh GPU 7h=el wheh QIA®RA 7hAS wasklth. ® o 4E
Amazon EC29A #|¥3dt= GPU 1A®lA 7140ttt G3 QIAHAE

NVIDIA Tesla M60, G4 142" A= NVIDIA T4 GPU 71=%& A& 3t
GPU w2z #d Z5H(Cost 1)ellA gddn.dxlarge + g3.xlarge
2719k #uhar 7bgshd, gddn.dxlarges FArsk= ®W 0.602$7HA
A7e 4 Qo =S vCPU, WRE AY A (Cost  2)°lA
gddn.4xlarge”} gddn.xlarge 4709} oty 74 &, gddn.dxlarges
st AHEskale W 0.301$7F4 7F4 dZto] 7hs sttt

<3 5> Amazon EC2 GPU QlA~H X~ 7}4

GPU
H 2 g GPU
Name GPU | vCPU | 2.8 Cost($)
(GB) cores
(GB)
g3.xlarge 1 4 30.5 8| 2,048 0.75
g4dn.xlarge 1 4 16 16 | 2,560 0.526
g4dn.4xlarge 1 16 64 16| 2,560 1.204

2t random HARE=E AYPFS wE J|FoR oA 7P
Costell wet 7k = vlwstivh. 19 172 SJFS DQNGPUS 7}
Hl w3k Zolth Cost 19 A%, &8
A, 5 JAAEAE AFSYS W Hoh oF 29.86% Y% vE A

T 1=
7bestth. Cost 29 A A &= AA”AS AR o ok &4
[q] o}

WASHE AREAZ AHge
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ABSTRACT

A Job Placement Using Reinforcement Learning

in GPU Virtualization Environment

Jisun Oh
Department of Computer Science
The Graduate School

Sookmyung Women’s University

Graphics Processing Units (GPU) are widely used for high—
speed processes in the computational science areas of biology,
chemistry, meteorology, etc. and the machine learning areas of image
and video analysis. Recently, data centers and cloud companies have
adopted GPUs to provide them as computing resources. Because the
majority of cloud providers allocate the GPU resource to users in an
exclusive access method, the allocated GPU resource may not be all
used. Although the method of allocating a GPU resource to multiple

users for sharing can increase the resource utilization, performance
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degradation may occur in individual jobs because of interference
between different jobs. It is difficult for a cloud provider to predict
or control the performance of various applications executed on
various cloud resources by considering their characteristics
heuristically. Therefore, an intelligent job placement technique is
required to minimize the interference between different jobs and

increase resource utilization.

This study defines the resource utilization history of
applications and proposes a reinforcement learning—based job
placement technique, which uses it as an input. For resource
utilization history learning, a deep reinforcement learning model
(DQN) is used. As a result of learning, the current resource’s state
1s not exceeded, and the resource is still provided by predicting which
commonly placed jobs will have less impact on the total performance
when executed simultaneously. This approach prevents the
performance degradation of applications with diverse execution
characteristics and increases the resource utilization by executing
the applications while sharing the resources. The superiority of this
study is demonstrated by using the proposed learning method and
other methods to analyze workloads with various resource utilization
characteristics. Through the experiments, it is proven that the
proposed method facilitates a reduction of the total execution time

and the effective use of resources, while the maintaining performance.

Key words: GPU, Application Job History, DQN Learning,

Interference Prediction, Multi—job Placement
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