DEBEris

= 22-47-08-08 The Journal of Korean Institute of Communications and Information Sciences *22-08 Vol.47 No.08
https://doi.org/10.7840/kics.2022.47.8.1081

LSTM7]8F CPU A}&4¢|=2 E3} A Zes
A)|28le] tl=Fe) 2~E okAAl A} Hleol o

vl A >°*
T 2

o

N
of
<k

)

An Improvement of Multi-Cluster Stability of Private Cloud
Systems through LSTM-Based CPU Usage Prediction

Seon-cheol Park®, Young-han Kim’

o ok
I =

e

=2 tee] 7]gdollA =129 £l Cloud Infrastructure as a Service(IaaS) 7ol ©+d clusterel] &
48 /A AE o] clusterolld] Zo] AR 4 Sl T RS ARICE FEE 5 QRS
Al2~g] op71ElA] mEls AAIRNSL e TS FE FEAS dSEilth

B ATelie 2ERA] A4 FpdAxE HAE A -r]’aﬂ Al el %53} 719HITEF) el
SSH7|%& 7]3} sholA| 2ES Apale] -89l B wislglo] HLERE AAslon, T M AgentE ©]7]
Z cluster & oM E HLst = 9l 33AXS T S]] *‘ﬂ é‘—r"ﬂ—i Qlgk F5A4 AE lEsATh

=3k A5 7\§f§ F AubAQl Aol A oF 1A7E o]l MM~ B TS %o slo] H/W ZRELA A8}
I dulste] EFAIEE oF 75% ©EE 4 e ASAE SEick 53] AWt migration® F oA
clusteroll /] 52Hg<l vhE Afu| o) gk <d3F 24319} migration ©]F-2] AM]~ S1B7ER]S] Au| s ASAdS
A& 4= QJ%== Deep Learning % Recurrent Neural Network(RNN) d2|5 2 cluster®] 5 AIARS- AFsh

< A& 5 UEE 3o A FerEE AT F UEE sk

&
N

er

12

fe

Key Words : Cloud, laaS, High-Availability, Resource redundancy, Deep Learning, RNN, LSTM

ABSTRACT

In this paper, when building a cluster in a Private-cloud introduced by several companies, and architecture
using dedicated available resources configured for HA as a shared virtual cluster that is used jointly by
multiple clusters was proposed and designed and verified through performance demonstration. In this study, to
solve the problem of the dedicated file system for each vendor, the dependency problem was solved by
applying the file system based on the IETF standard technology without changing the current operating
environment. In addition, performance tests have demonstrated the practicality of reducing disaster recovery
time by approximately 75% compared to demonstrating service recovery within two hours in an environment.
In particular, after measuring the variable resource utilization of each cluster to ensure the performance of the

service, the optimal cluster for continuity can be selected through the LSTM based on the RNN algorithm.
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Table 1. Class level by application classification (source:
Wikibon)

Level Applications

Development, File & Print, Small Data
Class 1 | Marts, Small-scale applications & Data Base
servers

Medium-scale applications & DB servers,
Class 2 | Data Marts, Small CRM, Small Data
Warehouses, Messaging (Exchange, etc)

Mission Critical Applications, Enterprise
Class 3 | CRM, ERP, Large scale OLTP, Large scale
DB Servers, Large Scale messaging

Large-scale applications requiring highest
Class 4 | levels of availability, security &
recoverability
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Fig. 1. VM migration in case of failure (Source:
VMware)
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Table 3. Failure tolerance time from HA level (source:
Wikipedia)

Auvailability Downtime
Year Day
90% 36.53 days 2.40 hours
99% 3.65 days 14.40 min
99.9% 8.77 hours 1.44 min
99.99% 52.60 min 8.64 sec
99.999% 5.26 min 864 ms
99.9999% 31.56 sec 86.40 ms
99.99999% 3.16 sec 8.64 ms
99.999999% 315.58 ms 864 usec
99.9999999% 31.56 ms 86.40 usec

0% ——= e N —=100%

Fig. 2. HA Level and cost (Source: IBM)
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Table 4. A Clustering for Design for Failure (source:
NEC)
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Fig. 3. Virtual Clustering of 3 host nodes (Source:
VMware)
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SolAd& 93l Virtualization 334 T2 4 9)
EZ AAlEg e, 0SSE $4 22 Python 2.7.x%}
3x0l4 52k 4= QIEE moduleS T3 IAT

Table 5= AF ARSdEE RUE|s] s
Agent VM 22 HE] $4]3k= dlofe] 3ol gk A
Alelek. VCollA F2F Z< host nodet= ZH7te] z1d
ARl thsle] 1A w2 ARERIEkS 7| Eala, o]

madule
runtime | Python 2735 Python 27.5

AP ML madule
AP
runtime

PMount Vol e g8 Aothmed

Mount
Vol

e
Ee | Aerreirraad
AL File system| fuse-sshfs 2.5
RHELT7.0 EL7.
L fREL o ' RHELT.Q
os {192.168.x. (13, 05 192.168x72)
Target VM agent VMO1 agent VMD2
Virtualizat ESXI 6.5 (192168x.103 Wirtualizat ESXi 6 8
en Cluster A il Cluster B

Fig. 7. VR-SAS software architecture

Table 5. Data architecture

Name Type Bytes Remarks
Date TEXT 10 YYYY-MM-DD
Time TEXT 8 HH:MM:SS
Hostname TEXT 64 TEXT
IP addr TEXT 15 IPv4
Max vCPUs INT 4 Total cores
Left vCPUs INT 4 left cores
Max Ram INT 4 Total Ram size
Left Ram INT 4 Left Ram
Avg. CPU rate Float 8 CPU using rate

A 7155 dlo]e]= ETLS 53 Manager VMell4]
Alsle] 3712 Deep Learning &2 3h53F 3 A7)

¥ CPU A}E- oS0l g3l

2.2.2 Agent VM 74

Hypervisorol|4] Linux OS7} &%l Agent VM-S
3A8kc) Agent VM-S 7+ Hypervisor £5412] VM
Agaeg e T 2aERRA 5xEQ
Filesystem A& s143}7] $]8] SSHfs & o]w|=] #]
A4=E mount 3} FH|gHC]

Fig. 8- Agent VMsS TAsh= A= £41<) 3+

AAE Ak 9l

Step 1: Create Agent VM

Step 2: Installation Linux 05

Step 3: Set IP address - vi fetc/sysconfig/network-scripts/ifcfg-ens192
IPADDR = 192,168.%.(71 172}

Save and quit {swg)
Step 4: Restart Network Interface - ifdown ens192 and ifup ens192
Step 5: Set host - host set-h {agent_vm01 | agent_wvm02)

Step 6: Install sshfs - yum install fuse-sshfs-2.5-1 /7 rf x86 x86_64.rpm
Step 7: Create mount directory - mkdir fhomefimagevol

Step B! Yolume mount - ssfhs mount - sshfs root@192, 168 {71 | 72L/vmfs/volumes
home/fimagevol

Step 9: Check mount status - mount | grep sshfs

Fig. 8. Configuration guide for Agent VMs

2.2.3 Manager VM +4

Hypervisorell4] Linux OS”} &% Manager VM
< AAZITE Manager VM-S WA ~E2|x]9] %%
37k} v 7k VCellA mountdlal 31 SSHfsE
£38] mount® Ff 2~E2]A] volumeS 7 mount
sto] QA= $7F vE &k

Fig. 9+ Manager VM-S I3 A 2] A9} 3t
73 AAZEE A9ste vk Manager VM2 EE
Agent VMollA mount ¥ VM image Z~Ez2|X]2]
volume-2 mount3}x Q= o] Agent VM¥ t}E
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Step 1: Create Agent VM

Step 2: Installation Linux Q5

Step 3: Set IP address - vi fetc/sysconfig/network-scripts/ifcfg-ens192
IPADDR = 192168 x,70
Save and quit {-wg)

Step 4: Restart Network Interface - ifdown ens192 and ifup ens192

Step 5: Set host - hosti set-h _vm

Step 6: Install sshfs - yum install fuse-sshis-2.5-1.l7 rf x86.x86_64.rpm

T: i = rkdir /| /! kdi
Step ﬁ‘rga"t‘gfr;\uo:nntt'eg‘ﬁow mkdir fhomelagent_vm01 && mkdir

Step 8: }ﬁ:‘;‘i‘n@{ﬂg‘rﬁ‘f\;nﬁgma%ﬁﬂrhﬁﬂh root@192,168 .« {7172k vmisi/volumes

Step 9: Check mount status - mount | grep sshfs

Fig. 9. Configuration guide for Manager VM

A

Aolc,

2.2.4 System resource monitoring

VCol|*] VM relocation®. 2 <13+ JeF=E 7] E3}
7] 91814 7 host node?] CPU AHE- o]He|| th3k
dlo]ef7} o3k} 2 ol 70 host noded|
A AMEERNS BUEE & 5 95 python 718t
2] BEs 553l AR

Alz®l 2R ARS-ES A3] SlsiA] python®
psutil libraryE &83}e] 7} vCe| ARIA RS 4]
ghoh ARGAE 18 Ao 2] AMEE
3= WAl ® FR) Fig. 102 psutil library &
o]-4-3lo CPUS} memory2]| &3} vt A|H 2] AR
e Atk anF ] olfolch

VCell 534 host node®l| pythond} 3 ZES
A3 F 089 crontabsr ©]83) ¥ whel= Fxta}
% S2sj0] Apeld] ETLsH] 9191 A )
2] JSON #Ale® doJe® FE3kc) Hlofe =
host nodeS A1H3}l7] 98t IPF49} HolEE =&
gt timestamp, 12|32 CPUS} Memory<] 35F 4 A}
S5 AR

EN_.

il

# CPU Infomations

cpu_Ghz = roundipsutil.cou_freq().max/1024, 1)
pu_t = psutil cpu_count{logical=False)

cpu_u = psutil cpu_percent(interval=1)

core_t = psutil cpu_count()

# Memory Information
mem = psutil virtual_memory(}

ram_t = int{mem totall 1024~ +3)

ram_f = int{mem.available/ 1024 +3)

Fig. 10. Source-code for resource monitoring

2.2.5 Analysis algorithm using LSTM
Aol 2 ¢l 7153 Abglol| A VM= relocation 3}

o w A7 QoA gl Sdake] BAlE @A

1088

el 2l ARS- offi-go] 7HE =2 VCE seshl
AdetA == Lfelrh oz Aule Al AR 7}
o] =2 Cloud®] SAellA =3l B Aol
A 2ol o3fi7) 9l VORI Aolj7t BxE|o] AH]
25 BRI = gl= A7 Bl A9 7pEAdEe] oF
A#Ql VCE AYshe Zlo] S Fa3 aealslo]
th

vCe| A& migration 3] ©]53+= target
VColA= Aol A1 o] 548 24 sk § 543
W7hA] 2z 2 ~4A17F Sk eA 02 odE S 9l
oo} 3}, target VCollA] o]v] 52} <l Au]2~50]
Scale-Out 3}2] & u| migration &2 <18+ x] H=
oz Qs sy Aozt BAEA] A 7]kl
vlef offy F7e FrEjof sk vhe] FAA
arEsfef ghel

VR-SAS+= °]& ZHell4] VM+< relocation 3}7]
A iy vee] dJAR o] FE HE wizix]e]
CPU #R1 Z=gel thgh o5& AlF3b, vz 2
Aol tigh o5 VCsEHE AE HolH R
Stad LSTM a2l 5s 53l dddd 5 Q=% A
23t} Deep Learning #4158 9]3ll4]+= Tensorflow,
Numpy, Pandas, Keras library S ©]-83} python 3=
= Ak

A WA A= dloleE 2 5 dlolE] A4
2](Preprocessing) & 5-e§3tth Fig. 11X 294
o]e] Zoll4] Deep Learningel] AH3-3 dloJe]= E5}
o} A7kl timestamp$} CPU ARS-33} A HWolr) &
= dlelelellx] dalell dagh dEuhs A9
Dataframe 2.2 W3ksl= IS 38,

w3t ARl A4ks 918 kel A7E dlolel=

Fi

g. 11. Loading resource data and Preprocessing
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=4/ LSTM7]4}F CPU AHg-oll 28 &

gk A

il

],

2]

=

= Alx

€l
T

lo

3hte] field= 7ol @3 W eyl o® 2| 3hic)
CPU A58 A543 W glglo g W3lel= ]
T 3t} o]F CPU AFE-E-2 scalers 3l dlo]
S ddibell HASIE S Wdsle] A& Zlolck

T A A 2= AR dlelel7) =3t Hle]
ElQIA] 5 &lshe ©Alolrk Test-set o2 A3 d]
olele] oA #8l ARE-E dlolelE 1e=R EH3)
o] A3t A=AAE FRlge} £ Aelrd= 547
o] AE delde 5 447k dlelelE Matplotlib
library & ©]-8-3to] ez e sl IS 33t
sck

Al WA= A A dlo]e]E Train-set} Test-set > &

o WAle|th oW adellA+= Fig. 12347 2022
W1 10Y 114] 1042l Ael7| whlgt Aoz A€
1 e AAHE 715222 9k dlo|E|E Train-set, ©]
Hlo]E] S Test-set 22 -85t} Validation-set
A Train-set ZolA oF 25~30% 5 H2]slo] =
de] sk Aol Egallof ghrhs o] 2ol wet
% 25%9 dlelelE AAsI

vl A 2= dlole] AHAE Faighc) dlole] A4k
e 4= kS 98] 0~100717]2] CPU AH-E-%
0.0~1.07}A]¢] A3 W2 W 3¥3]= Data-scaling
< 88t} Data-scaling= =35 =%]2] W27}
o] Aibs o wEA & 5 9l ARl 9

Fig. 130l4+= o]¥ A scaling ¥ dlo]E]E &S
A& shiftE A 2]ghc}. window size: shiftS A 2|5}
£ ol QAR AREE, Ae] F u]eiglE FNaN)S
AHAIEE] &7 S Al
= uiy)= d]  ARgSlgdth Dataframel|A]
window sizeS A 2|3} NaNS AHAsld E-ebAgt
OJ’ﬁjﬂr FIZe] dlolel7} AHAEA HBR o]F 317
gk Z23t dlole]e] gy} Fasl

wpx|eke- 2]2]¥ d|o]E{ & Deep Learning= <3
3h= wHlo]tl. RNN #4985 218} 3D vector SEH|Z
W3kEl dlo]elE Fig. 1443 LSTM 2Hl-S 2r)3}e]
optimizers 4838k ¥ fitting sh= A2 38l

Epoch+= #&-& ¥A317] $1s] 1,0004-E] A=} &

4

5
T

[e)

T

split_date_train = pd Timestamp('01-07-2022 11:10:00°)
split_date_val = pd Timestamp("01-09-2022 11:10:00°)
split_date_test = pd Timestamp('01-10-2022 11:10:00°)

train_set = raw_dataframe loc[ split_date_train, ['CPU_rate’]] # Train set

val_set = raw_dataframe loc[split_date_trainisplit_date_test, ['CPU_rate']] # Validation
set 0,25

test_set = raw_dataframe loc[split_date_test: ["CPU_rate]] # Test set

Fig. 12. Split
Test-set

data to Train-set, Validation-set, and

# 3t LA ol &-F 518 shift 22

# Windows= 10 Min

window_size= 10

forsin range{1, window_size+1):
train_sc_df['shift_{} format(s)] = train_sc_df['CPU_rate'] shift(s)
test_sc_df|'shift_{J" format(s)] = test_sc_df["CPU_rate’] shift(s)

train_sc_df head()

# Remove invalid value{NaN )

#

X_train = train_se_df dropna() drop('CPU_rate', axis=1)
y_train = train_sc_df dropna() [['CPU_rate']]

¥_test = test_sc_df dropna() drop('CPU_rate’, axis=1)

y_test = test_sc_df dropna()[["CPU_rate’]]

Fig.

13. Shift define and remove invalid values

medel = Sequential() # Sequeatial Model
modeladd(LSTM(20, input_shape={window_size, 1))} # (timestep, feature)

model.add(Dense(1)) # output=1
maodel.compile(loss="mean_squared_error’, optimizer="adam’, metrics=["mse’, "acc’])

model summary()
epochs_count = 1,000
batch_size = 1

# Model fitting

result = model fit{X_train_t, y_train, validation_split=0.3, epochs=epochs_count,
batch_size=hatch_size, verbose=1)

Fig. 14. LSTM model fitting

2 =z
T=

loss function®] fitting 235 &Helsle] =5 =43}
o] ##°] Hyper-parameters ZAsh= o] wi-$-
Z23)c} o]} 37 windows size®} batch sizes =
sl F7bAel AsE Hlshe H9E S

23 /\-Ii |%|:|

2.3.1 AN 72
el A ' A A 27HA] EokE
el aEkele). A HA X132 HW ZolA] VM
migrations F-35= relocationoﬂ 285 A
H/W 7ol 75 913 75
2~4A1713 vlatste] o E—E@ Q=
B s Aok

i 1A AL LSTM S o8-

e}
o =

P
01}1
oL

gk CPU A& 5

off tigt E3A-S 753k vlokst Hyper-parameter
5 Ags 7 #HAe] mdE HAE] 98k
Analysis Optimizing A322 A A3tk

2.3.2 Hoj =7 A T

Ao Aol AJFFALS Table 63 Fr
Hypervisor 3732 &A] A|P3HAolA] £ Fal
VMware 3|AFe] &34 3 ell4] AAsol o 214
of gt v Uuk WEB AW 54l 2 corecll
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Table 6. Test configurations

Table 7. VM image file size for Testing

Type Comments Remarks VM Size Comments Remarks
Hypervisor VMware ESXi ver. 6.5 100GB OS 100GB Standard
oS RHEL ver. 7.4 300GB OS 100GB + Data 200GB -
vCore 2 Core - 500GB OS 100GB + Data 400GB -
G\;f:t RAM 4 GB - 1,000GB OS 100GB + Data 900GB -
Internal 100 GB )
Disk 4] sele] Z7ol). ke Aol ol &
Fale] AHg3l= g2kl 100GB] 08 =715 71E3t
e Netvork 5 L, F7Hel Hlel  AEelE: WRh 300GB,

agent VMO2  manager VM
(192.168x.72) (192.168x.70)

agent VMO1
(192.168x.71)

Virtualization Cluster

I'sicde?]—|—I Mode

H L 'er Server Server

A - B-1 saAN B2

E Data ?switch Data ?switch

! Storage mage Storage Image

‘- Cluster A —----- Storage __.' A Cluster B ------ storage,
fvmfsfvalu fvmfsfva
mes lumes

Fig. 15. Network configurations for Testing

4GB ram< AL3 23VM =72 Atk

WA tjxzw 7WstelA] de] A8=]+= 100GB
2] 0s odoqt algin) Fig. 155 HAES 93
vCe| Azl A 2 7 VMelA & HaES-
IPFAE AWt Qlch

Fig. 16 VR-SASE &85 HyW 7ol 1WhAlo]]
£ ARl B A oE vEhia glek B A
2] 9= Tenant A S| 2E]o|4] 32} =24l Server #A
AN HW Aell7} Ae s S212~E12] Image
2&2]x]o]] A%l VM image disk ¥}4-2- Server #B
oflx] Z2k ¢l Agent VM-S 53l Tenant N Z2|~
ElZ VM migrations AA3le] AMu]2~E 7HAEH=
relocation 43S el gl

Table 7-2 Aoll B X &ollA giikoz 4133t o]

Service Metwork

# A LY
T e ;-—m‘.‘* *
.y

dgen‘ VI

e ii

Node E Tcnant M

wno R*""’E s I R-SAS
: LEEE T I0% v

X VM Image for Node #B
Data """,ﬁ WM Image for Node #A

Storage imay
Tenant A -~ ““ﬂm'-"

Fig. 16. Service recovery scenario using VR-SAS
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500GB, ITBZ F 4714 dlole] Z7]E Al e
2 Falskch

2.3.3 Tois7 Al 2ot
Fig. 17-= dlo]e] %ol i3t A& Hypervisor
EFAA A F3H= Network traffic monitoring =
T5 &3l S8 shdelck £ Al 7]
oo A% A S ARE wdkehs o] Ejof
glo] AEErelnt A~ 817] $J3) OS scriptE &
3 timestamp s ¥ 3l wprlo g w shalslgich
Eﬂ"’]ﬁ AF s AR o Hi7]= 7 &
83+ A7k#193L glel7] ¢l Linux Shell script®
Ol%?f& batch %45 2Hd3le] Fig. 1841 “46}"3
tf. ®iA ZFZ71E S8l A& dlolE 5%

< 3%
HAEES A8l o]S £3) Table 83} 2 % 71

]6‘

2744 A3ke A5k
A% dlole] 23 A&l 100GB =7]¢] VM #
ol AH8El Al doEE 7|FoE I/ |HE 4~Q

Fig. 17. Test to measure value for VM transfer

tBPmanager vm home 14

> 1o target

» [31] |:-5| flat file to target :
[E] data now : : 11-26 18

Fig. 18. Testing with shell script
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Table 8. Measured value by transfer test

Table 10. Business service classification and workload

Std. size Elapsed time Byte per sec.
100GB 30 min. 55.5
ARk 1% F Azl Azke) wwehs 37 A9

2 A3 g9l VM =Z7]Ql 100GBolA= B
AJZko] oF 30+ W2 H/W 24 E-A17R1 oF 24]
7holl vl <F 75% A14:3He 23 4= glglth Table
92} Fig. 199] ZAollr] Bl H/W B o] A7kl
473} wlasle] oF 800GB Z7E Ze VM
relocation & ] YA Z FAREE A|7te] 4 QF ], o]
Hep A2 72719 VMellA= B £2 A5S We
Zow A=

Ao A gelx] HE]F A2E vlEko g VM Image
=717} 300GB °|slellAE HW B2 R8sk 5
A= AR|AE AT 5 3ol 7 F ARt o)
‘F }_7,_),}.7(4_& /HH] _J_x _% z]—li‘d]— 2= olL 74 [e)
2 Zl=glck

Table 9. Test result for prediction and measures

VM size Prediction Measures Gap
(GB) (Hour) (Hour) (Min.)
100 0.5 0.5 0
300 1.5 1.5 0
500 2.5 2.4 -6
1,000 5.0 5.4 +20

Estimate the time required for VM migration

+— Prediction

0 100 200 300 400

Fig. 19. Graph to prediction and measures

2.3.4 Simulation data generator

7151ellA] god F) Aulze] A9 Abg S-S
¥ ez FAEE S 9k Table 10914 B 2
23 3714 workload E}]o.2 H-5F3F 4= glon] 7}

I~

Type Workload Type Remarks

Workload-1 | Batch processor job | Mail server, etc.

Workload-2 | Used for special time | Groupware, etc.
Workload-3

Frequently used Interfacing job, etc.

workload 3e]ol] 2= 21 AMe-E3) dlolel7) 28
sk SRR, A 29 AeolA] HSeke AL o

A Qe A4 B FUY - 961 9 Aol

°4:r"°ﬂ A olg #A19] $3HQl W
simulation ¥ 48319tk M %=2| simulation H]
o1E] 971 o1851o] 7t workload®] A ALE- -
6:]0]] sl s}— tﬂo] —]E /xg/da-},ﬁ HL/\I_E‘/] ;g:l.g}
ek

Fig. 20> simulation d®loJ&] AA7|= A=l
workload dlo|E]S zejgo 2 =23} shdo|c}. <o
Al 71%8F & 37F4] workloadol] 2= AlE#o]A d]
olElE Al o, AR 7] HoleE A
#33}¢] Deep Learningel] 248 =~ gl CSV 4
9] dloJelE B EE python A-~F 7NSIsIc)

Workload-1-2 HAPH A AH 2434 ARSFA AL,
CPU ARg- 3Pk 7] 932 Al=Hle] 5445 nkeds)
of FHd 20% oA FolE WAL gl
Workload-2= ZwdllAd 5 Azl AR}
o]-go] F53led CPU W3} &l 54 ukeds)
a2 gk dubAel 1) o 2l s S Ak
30+ ANE F2 F 1A, AAAIRE A5t E
<+ AFE Hd Foldo] WSS A
Workload-3& A 2=RIAE 2|46y F7FE2]
CPU 37} Alel= 5415 dkedgl dlolel& AA
sisleh

AAE simulation H|o]E] S=oll4] Workload-2 3l

System load by workload

Fig. 20. CPU load graph for simulation using generation
data
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o] dlolelE ARESE| Aoz} AlEhe ARke oA
11:00% of|Akslar 35 2417k F<ke] CPU ®H Fo]
£ dSshe ol Agek)

2.3.5 LSTME o|&%t o2 CPU At AL oF

8]% simulation Hlo]€19} Deep Learning &372]
5 A43lod AR v oSS F3Esich Hl
2~Eof A8-% simulation H|®|E]:= Table 1143 &
T A AAdske] 19 1,440719) HlolE = & 547k
] dle]elal 7,200715 Abdell ERlskodch

HA dloe] FollA] 4d7ke] A dlolel & =3}
o] Aol AeolEl ez dlojel7 A= R EAS
shelabolal, Fig. 210 ®A1E= ZAAE 2E el
t]e]E17} Workload-2 3efje] dlole] S44S ukd3}
o] A= Z& I 4 glrh

Simulation A Hlo|E}S Zzh gol] = dlo]
B2 FHI3kc) Test-set=> #F 19x]2] 24 114] 9]
%9 dlole] 770722 FRI8aL, YA 6,43071
o] dloJele 35S 91F Train-set o2 ARg-3FIt.
Train-set 5 2F 25%<] d|°]E]E- Validation-set 22
gdsle] shgrds AFshe o ARSsk

Fig. 22 data set-2 Z7+] §-feol] waeo] Hafo
2 FAE agjzelrk. Z47ke] S| wiee] ST
E] Train-set, Validation-set, Test-set>- 2 #2&}5] d]
oJE)7} virelzl s Eldt < glrh

Table 12+ A =& 3] 913
Hyper-parameter 2% €|~E Zrolr}l o AgolA
= WA Window size, Optimizer 2} Loss-function-S-
A8k AeljollA Epoche} Batch-sizes FA s 7}

Table 11. Simulation data summery

Period Data count per day | Total data count

1,440 7,200
(24 hours * 60 min)| (1 day * 5 days)

Myl BES 1 8

1 min

Fig. 21. Data sampling graph
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Fig. 22. Data graph divided for work

Table 12. Hyper-parameters for testing

Type Test case 1 | Test case 2 | Test case 3
Epoch 1,000 300 100
Batch size 1 10 30
Window size 10
Optimizer MSE(Mean-squared-error)
Loss func. Adam

over-fitting@} under-fitting AFell7} =|A] o= 249
S Elsledch

Fig. 23> LSTM R9 & o &3} A3} g zo|c}.
Test-set Hlo|E] 2 wallol|A] 8124171 A3} AS} B T
ZHe AR AR olEE A3 Fashke 7
o2 Jehton, C M dlSe] AAke] |
e Holvhs AEIE BAEHARE HAZ 2 s
CPU #k19] vizh AH-E-S AHdel olSshe Zlew
veRget

= mdo] AIws F4A717] 9130 Fig. 24
ollX+= Hyper-parameter Soll4] Ho]E]S] Scalers
w7 mellof] wx)= odakS Eels) Hskth F 4
7F419] Scale-modelS A-g-5}o] B]as]E A3} Scaler
5 AL o Aeel A Vet AL
MinMaxScaler2} MaxAbsScaler$itt.

Fig. 25+ window size S 243h 2Hldt A3 2
Folt}. window sizew A= Fhell ule} vk
Apgel oI dlolel olahaAl sheA A 4

Fig. 23. Fitting result graph using LSTM model
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o Fig. 262 Batchsize® FA3 ZAyelck

A i Batch-size= A4Fe] A5l deks mIX 2= 3

oA A= o] Ayt Ao vy

olzigt H|~EE Fs A #3°] Hyper-
Parameter+= Table 133} 7t}

(=]
o
fi

Un-scale

MaxAbsSealer | RabustScaler | m ;E:| =2
by - . [

B A= ]°1§°1]/H Private—Cloud% T
L

Fig. 24. Testing for Scal t = _ -
g esting for Scaler parameter sube)] Qe AlEe BAlsllw ekl o]r|E
=

o s 1 - Hypervisor&- ©]-8-3gF 1:}—,—./] luster-/] +9FAE 2

W w *m W Mlmﬁmﬂ ::E}j? o]& o2 VC FHel|4 HPC/JOJJO" 317
i ' i, Aol &8akA] X F 7R XHE A
& P' - B il A - r\lwmr A Elom 3E gasl S 9l SHA L Aolst
Windom sze 80 37, o5 F3l Aol A PHASK 543 758 4%

W I T S VR-SAS Al=F op7[ElA] mels AdAssdrt
M n” e, A|glsl= VR-SAS o7|elx] mals- Esf Aol
W v A Al VM relocation®] A& 7F5AS sl
Fig. 25. Testing for window-size parameter HW el 3ol ke S 8l A dm)] A2
T 75% AEFE WAT  gl= *J%E AEstsck 5
oJtk. 2t} 139 golele]mz 10 Allslm 104 3] Deep Learning % RNN 4|58 243 o=
ARE ol =3 4 glek HlEolAlE 103, 308, 60 2ot F3tsted CPUS| viEl ARE Fol 8 oI5
Hol| allwsh= windows sizeS #asle] 712} Aol )= 214 2] Hyper-parameter& 453}, ©15 &3
#3ks] selo] o 2w =x 2 7ZEsgir), relocanon | VME] AT 1AbsE HE A

H| 2ol w2 = S HAskshe wikke AlXERd e
2 AdTE WATA S o Alxmd A Ec)
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