62

BIG DATA RESEARCH A#ifE

EFAPMSSGA-LSTMHY
B RiEIN

1,2 1 1 1

L AR TASAEER 2 TR, [P HEFR 541004;
2. TP ANSIAR SR ER G E AL, TP MR 541004

i
APMSSGA
LSTM SGA APMSSGA LSTM
APMSSGA-LSTM
ES
TP393 A doi: 10.11959/j.issn.2096-0271.2019050

Container cloud resource prediction based on
APMSSGA-LSTM
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Abstract

With the development and application of container cloud, the demand for high concurrency, high availability, high flexibility,
and high flexibility of resources is becoming more and more intense. After investigating the current research status of
container cloud resource prediction, a container cloud resource prediction model which using an adaptive probability multi-
selection strategy genetic algorithm (APMSSGA) to optimize the long short term memory network (LSTM) was proposed.
The experimental results show that compared with the simple genetic algorithm (SGA), APMSSGA is more efficient in LSTM
parameter optimal solution combination search, and the APMSSGA-LSTM model has higher prediction accuracy.
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Istm_class_Final.py [E:\Pyth nda3\python.exe]
Using TensorFlow backend.

Layer (type) Output Shape Param #
" lstm 1 (LSTM) (16, 21, 384) 592896

Tstm_2 (LSTM) (16, 384) 1181184

dense_1 (Dense) (16, 12) 4620

Total params: 1,778,700
Trainable params: 1,778,700
Non-trainable params: @

2019-04-04 14:27:34.262843: I C:\tf_jenkins\home\workspace\rel-win\M\windows-gpu\PY\36'
2019-04-04 14:27:34.429853: I C:\tf_jenkins\home\workspace\rel-win\M\windows-gpu\PY\36'

name: Quadro K220@ major: 5 minor: @ memoryClockRate(GHz): 1.124
pciBusID: ©000:01:00.0
totalMemory: 4.00GiB freeMemory: 3.84GiB

2019-04-04 14:27:34.430853: I C:\tf_jenkins\home\workspace\rel-win\M\windows-gpu\PY\36'

1) TrainRMSE=8.538173, TestRMSE=10.888364, elapsed_time=16.290747768325158 s

B 6 APMSSGA {ftik LSTM NN SEGE R+ K2 RMSE 18

0.2001

01751

0.150

01251

YIRS AY R S AE

0.100 -

0.075F

0.050T

7 APMSSGA-LSTM #& 8 loss [HZ LS

— Y
70% |- — TR

60%

50%

CPU -7 i 3¢

40%

bl by

0 25 50 75 100 125 150 175 200
it e 52/

B8 APMSSGA-LSTM EEIFIFNLER

2019050-9

JNEH LIS H, FLSLEL I A I 32
PR BB, G 0TI A TR X e 271 S i e {1
FIFELE 28 AN, (B 271 O 35 T e 55
Wt , FERERIE(E )5, HALE R B r &
BRI FEARRAIL6. TN, HidiE
TR A XS R . X RIAPMSSGA-LSTM
TR — SRR P b T TR L

5 &%iF

R ST T 43 T AR A U IR T ) A
B , $2HH TAPMSSGA-LSTM
W, J I I SLG UG UE T AL B A R . &5
WU,

o FIFHLSTM MIZ&2ES R 2 I
AN TN 2=, P31 B S IO A

o [T I S B i U (B U Bl L AR A
g, SECN A A AE A B e e B RLS
HI R AN S, (B2 1 ) 25 1 e 2%
Welfy, HH., BrgE s, AR R B A
R T

e 5SGAM, APMSSGAZELSTM
SHAAN T TR I T 4 F

e 5RNN, LSTM, SGA-LSTM~&5#
AL, APMSSGA-LST MR 3¢ 31 5
U, R A 2R B N Rk —
K, et BARSS R T

SEYif:

[1] FUS, LIUJC, CHU X W, et al. Toward
a standard interface for cloud providers:
the container as the narrow waist[J]. IEEE
Internet Computing, 2016, 20(2): 66-71.

[2] VARGHESE B, SUBBA L T, THAI L,
et al. Container—based cloud virtual
machine benchmarking[C]// 2016 IEEE
International Conference on Cloud

Engineering (IC2E), April 4-8, 2016,



STUDY R

71

(8]

[10]

Berlin, Germany. Piscataway: IEEE
Press, 2016: 192-201.

XIE X L, YUAN T W, ZHOU X, et al.
Research on trust model in container—
based cloud service[]]. Computers,
Materials and Continua, 2018, 56(2):
273-283.

BUI D M, NGUYEN H Q, YOON'Y, et al.
Gaussian process for predicting CPU
utilization and its application to energy
efficiency[J]. Applied Intelligence, 2015,
43(4): 874—-891.

CALHEIROS R, MASOUMI E, RANJAN R,
et al. Workload prediction using
ARIMA model and its impact on cloud
applications’ QoS[J]. IEEE Transactions on
Cloud Computing, 2014, 3(4): 449-458.
HU R D, JIANG J F, LIU G M, et al.
Efficient resources provisioning based on
load forecasting in cloud[J]. The Scientific
World Journal, 2014: 1-12.

ZHONG W, ZHUANG Y, SUN J, et al.
The cloud computing load forecasting
algorithm based on wavelet support
vector machine[C]// The Australasian
Computer Science Week Multiconference,
January 30 — February 3, 2017, Geelong,
Australia. New York: ACM Press, 2017.
KHAN A, YAN X, TAO S, et al. Workload
characterization and prediction in the
cloud: a multiple time series approach[C]//
Network Operations & Management
Symposium, April 16—20, 2012, Maui, USA.
Piscataway: IEEE Press, 2012.

DI S, KONDO D, CIRNE W. Hostload
prediction in a Google compute cloud with a
Bayesian model[C]// International Conference
for High Performance Computing, November
10-16, 2012, Salt Lake City, USA.
Piscataway: IEEE Press, 2012.

BRI R (A B AL 2 v SR R A A T
TAEIT]. RO ToR=2 224, 2018, 42(6):
687-692.

ZHAO L. Load forecasting model of cloud
computing resources based on support

vector machine[J]. Journal of Nanjing

University of Science and Technology,

2018, 42(6): 687-692.

[11] HKIE, FSh, 75280, % HMOFA: —#iE

AHZ APREUK BB T]. A, 2018,
29(4): 1143-1162.
XIE C W, XIAO C, DING L X, et al.
HMOFA: a hybrid multi—objective firefly
algorithm[J]. Journal of Software, 2018,
29(4): 1143-1162.

(12) Je3C, AUk, B, & —Maat i aagmie

SR fiFaAal, 2019, 47(1): 169-175.

LONG W, CAI S H, JIAO J J, et al.
An improved grey wolf optimization
algorithml[J]. Acta Electronica Sinica,

2019, 47(1): 169-175.

[13] HESZ, BRZL, FNE. FeT Fik WAL F AN

[14]

[156

[16

|

PRk i fa (ol S T]. FF22ii, 2019,
47(5): 992-999.

CHU D L, CHEN H, WANG X G. Whale
optimization algorithm based on adaptive
weight and simulated annealing[J]. Acta
Electronica Sinica, 2019, 47(5): 992-999.
AR, WK —F SRR A IR R
SR IR, 2018, 45(6A): 120-123.
YU W W, XIE C W. Hybrid particle swarm
optimization with multiply strategies[J].
Computer Science, 2018, 45(6A):
120-123.

BARATI M, SHARIFIAN S. A hybrid
heuristic—based tuned support vector
regression model for cloud load prediction[J].
The Journal of Supercomputing, 2015,
71(11): 4235-4259.

Bk, T BHEGWOMRLSV M =5
BRIRAH S TS (7). v SN AR S R
H, 2017, 53(7): 68-73.

XU D Y, DING S. Research on improved
GWO-optimized SVM-based short—term
load prediction for cloud computing[J].
Computer Engineering and Applications,
2017, 53(7): 68=73.

SRAE. PRI IABCR S BN
WEFEN. AL S 120, 2018(9): 195-199.
SHI Z H. Research on load prediction
of cloud computing based on IABC

algorithm[J]. Computer Measurement &

2019050-10



72

BIG DATA RESEARCH K&

Control, 2018(9): 195-199. using PSO-based weighted wavelet
[18] ZHONG W, ZHUANG Y, SUN J, et al. support vector machine[J]. Applied
A load prediction model for cloud computing Intelligence, 2018, 48(11): 4072-4083.

(1974= ), g, Wi, FEMRIEE TR FE R R A 5 IR E B EZ . B RS, T2EHTFETT7 M)
NS TR KA ek B E S E R HOR,

(1994- ), Zr, HEAREE TRAF R A 5 LR AP 4, BEAFTTI =5 Rk

(1993- ), 55, HbRE ToR22F BRk 2 5 LR AP £ 4, BB R ITTIA = 5 KREE.

(1963 ), 5, FEMER TR FER A 5 TR BERIEZ . At A S0, B2 o0 KA.

ks HER: 2019-09-04

BIS1E: SKAEE, zhangzhengzhengaxp@163.com

BEEWA: FEAKRRAEEEINE (No.61762031) ; | PYEIHETIKEI E AL (No.2018AA32003) ; | PYH mAffA i 2 & Y Wi i H
(No.AB17195029, No.AB18126006) ; J” PUil LA 58 AL BIHTH £ ¥ B H (No.YCSW2017156, No.YCSW2018157) ; |~ PyHr#F4EH il
HLAikaE T R IIH (No.KY2016YB184)

Foundation Items: The National Natural Science Foundation of China (No.61762031), Science and Technology Major Project of
Guangxi(No.2018AA32003), The Key Research and Development Program of Guangxi (No.AB17195029, No.AB18126006),
Innovation Project of Guangxi Graduate Education (No.YCSW2017156, No.YCSW2018157), Subsidies for the Project of Promoting
the Ability of Young and Middle—Aged Scientific Research in Universities and Colleges of Guangxi (No.KY2016YB184)

2019050-11



	5-"Sp.pdf

