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ABSTRACT

As General Purpose Graphics Processing Unit (GPGPU) recently plays an essential role in high-performance
computing, several cloud service providers offer GPU service. Most cluster orchestration platforms in a cloud
environment using containers allocate the integer number of GPU to jobs and do not allow a node shared with
other jobs. In this case, resource utilization of a GPU node might be low if a job does not intensively require
either many cores or large size of memory in GPU. GPU virtualization brings opportunities to realize kernel
concurrency and share resources. However, performance may vary depending on characteristics of applications
running concurrently and interference among them due to resource contention on a node. This paper proposes
GPU container co-execution framework with multiple server creation and execution based on Kubernetes, container
orchestration platform for measuring interference which may be occurred by sharing GPU resources. Performance
changes according to scheduling policies were investigated by executing several jobs on GPU. The result shows
that optimal scheduling is not possible only considering GPU memory and computing resource usage. Interference

caused by co-execution among applications is measured using the framework.
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Table 1. Experimental environment
CPU GPU
Architecture  Intel(R) Core{TM]) i7- 5820K  Nvidia GeForce Titan Kp D5x
Core clock 3.30GHz 1.58GHz
Num of Cores & cores 3840 cores
Memaory size 32GB 12GE
Threading APl - Mvidia CLIDA 10.1
Compiler Gec 5.4.0 Nvidia C Compiler
{MVCCE.0)
o5 Ubuntu 16.04.3 LTS Ubuntu 16.04.3 LTS
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Table 2. Random assignment of GPU using existing
shared device plugin

o, FH

G2
GPUO GPU1 GPU2 GPU3
GING
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Table 3. Resource usage of HPC / DL applications
Container quu?rerrrinto tY éP}lj ?lt{liézlatigorf
LAMMPS 8.3GB 23%
GROMACS 0.6GB 72%
Tensorflow 3.5GB 88%
QMCPACK 5.3GB 46.7%

27de] Ags 53 —"rﬂliﬂ device plugine] <13}
ek o]
Oﬂ e} AE
‘fﬁ oA ARERE 2AE

vl
2] quuo r/p;z}

Z
Load balancing : 7319 #3S 257] 99 A
2 D‘r— AL 878 877 wiAEle] A=

2] HHXFLE‘r
Binpacking : 83 ARE 71 e FHY 7}
=% AdE packing ghct.

2= 2] Zo] LAMMPS, GROMACS,

QMCAPCK, Tensorflow ZAe|oJuiz} Zb2t 7 714
Sichar slsds w,  flellA g Al e AR
- ~AEHS vlasigich 7 &80 HiRE &
T o2 AR A A8-S dERie GPU
utilization ¥ 33} 2t} ¥ 4= 289 EA]
9 7 Ao wl mxE AgeuE-e Adwiich
7t 34 Ak GPU 7k=% ¢jnglitt

13 4-(a)°ll*] Load balancing AA-2 A& t}&
AFE A s7=EE D S8R miAE] S
X GPU Ade] Aalsl: wigg vehlis B¢
GPU utilization®] 7} 2 584 wix|sls], 7+
GPU| HHi]Q o9 utilization o] 7P =+
< GPUE Al®jglcl. 3t GPU utilization®] 88%

o2 71 2 Tensorflow F 7| ZlE|ol2} 71%<]
GROMACS - 7] Zeleu7} 22k GPU sl
v x| ¥lcl. 4 utilization®] 46.7%<] QMCPACK
< GROMACS”} wij*|=]e] utilization o] 71
GPU 7}==% wix¥c} vix|2oz 23%9] a
i  utilizations ZH= LAMMPS ZHou:=
Tensorflow”} wx|El GPUSI| wijx]=lc})

p
AN
b

GPUO,1
GPU2,3 :

: Tensorflow(88%) + LAMMPS(23%)
GROMACS(71%) + QMCPACK (46.7%)

13 4-(b)oll4] Standalone AL 72 zIS-
S8 S8l Z2E S8 eyl 22
GPU 7}=ol vjx|=ic).

E AN 7 GPUS 718 #l=EE7} 12GBo]
BE, 1% 4-(c)°] Binpacking A 2}31e] Fell
A 7 wRE] gee] & ZlElouE wix|E}
=, 589 GPU 87efur} 718 wixg] o] &
= GPU 5 7P 71 vlRe] o] A2 7h=sl uf

Agt}, o= 83GBS| wime] aFEE A=
-1 1=
e o ox ox ox
\ H B H B B
HE B H B HE B B
(a) LOAD BALANCING (b) STANDALONE
E m Em
T ]
(<) BINPACKING
a7 4. 27159 A wE Aol wiA
Fig. 4. Placement of containers according to different

scheduling policies

LAMMPS7} 72 GPUS| wix]=|#] Es}oq Z¥z) o}

& GPU°|| x5t} 5.3GBS w®e] 8ya-s 7}
1—: QMCPACK -7 7He] ZElo] 1~ 6}4«1 GPU
2 wjAE, A2 35GBe] e Ze

Tensorflow Z1Ho|1|+= LAMMPS ZﬂEﬂ IS aaxas
wix]€c}l.  0.6GBe &S e
GROMACS + 7| Adle|u|&= QMCPACK F 7l
o] Adlol e} A wix|€ck

o]

GPUO,1 : LAMMPS(8.3GB) + Tensorflow(3.5GB)
GPU2 : QMCPACK(5.3GB) + QMCPACK(5.3GB)
+ GROMACS(0.6GB) + GROMACS(0.6GB)

a1



KNOM Review '20-01 Vol.23 No.01

A8l Ak 5 4sh ek 2 gzl 2
SIS ]T7H}/q }‘XHS}—«QT ’_‘7‘}’" ]’7]‘?4
3] oS E°] LAMMPS®] 7% L1, 122 ¥3s}
gk AA Ym2ce] 3 AJ7R Binpacking©]
3450%, Standalone®] 3067%, Loadbalance”} 3111
%2 Standalone©| 7} AL Azlo] 483 AL
oF 4 oleh 7} 98 W Sal AZRE wlaaorS
o], LAMMPS+ Standalone ©] 3067, 3009%%
M E> AsE B9tk GROMACSS}
QMCPACK = Standaloned uw] 7} <=8§A|7to] =t
gk=d|, Tensorflow ZH|o|L|Yd wl+= Loadbalance
HAo| 71 AA] A Q%92 Standalonee] 7}
wol 0% 2% dalzt 5 Ysick
Az T A4S AHesle] 1 A Aol
= 71 73k Loadbalance AMo] 7= z11& A}
£-3= Standalone FA KT} o] 2 A7ko] 4-o%
A8 4 S ol 249 AL A e
S BA o, 380 wiweE] e} it GPU
utilization?t 7#3}317] wiiolch E /:—lfﬁ% =3
4% device plugin®Z GPUE A|A3le] =3t
5 gl I 2A1EE policyell wiel ~A|EF o] 7}
o, 2AEE Wl wet A3t dES o 5
Sick =3k 7F 580 AR AR e uf, o
27 8 I+ GPU utilization?t &34+
Ao 2AEHS T 7 s HoET

Zeleld WA A As}

E?

B

P2

=

d
4

4
g

i)

E 4. 2AEY AA

Table 4. Results of container placement experiment according

to different scheduling policies

Li| 2| 61| G2 1| 12| Q| @

Binpacking | 3450] 3449| 2490| 2824| 85 85| 703| 1294

Standalone 3067 3009 2072 2089 147| 148 | 854 | 802

Loadbalance | 3105| 3111 2185| 2185 83 83 | 905| 801

*unit : sec
**L . LAMMPS, G :GROMACS, T : Tensorflow, Q :
QMCPACK
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