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Virtual Machine Power Prediction Using Incremental Extreme Learning

Machine Based on Compression Driving Amount

ZOU Wei-Dong' XIA Yuan-Qing?

Abstract In cloud service models which is based on infrastructure as a service (IaaS), how to accurately predict power
of virtual machine is very important for making scheduling strategy of virtual machines among many physical servers.
However, the traditional incremental extreme learning machine (I-ELM) includes too many redundant hidden nodes,
resulting in decreased efficiency and accuracy of virtual machine power prediction. Connecting compression driving

amount to I-ELM, the paper builds the intelligent prediction model of I-ELM based on the compression driving amount

(CDAI-ELM), and uses the model for predicting virtual machine power.
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Table 1  Datasets of regression
[HVEEYeTE S JR T lEs e jillinwe
Auto MPG 4 853 850
Automobile 16 8795 8774
BlogFeedback 281 530 500
Housing r 153 150
NoisyOffice 128 468 300
Facebook metrics 19 300 200
SML2010 68 336 200
wikidHE 26 2898 2000
UJIIndoorLoc 529 2100 2077
YearPredictionMSD 90 2800 3075
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5.2 EHHLREFETUN LI 4

AR — G IR PowerEdge T640 A k45
AT E. %R 2 4 Xeon Silver
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W ARTEM S # LA @ T HAMEERER 5 & B
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Table 2 Variance of number of hidden layer node for four algorithms under same expected error
EUEEES W R I-ELM CI-ELM EM-ELM CDAI-ELM
Auto MPG 0.11 49.46 5.21 2.76 1.82
Automobile 0.15 8.82 33.08 3.55 1.95
BlogFeedback 0.2 28.56 24.87 2.50 1.58
Housing 0.12 35.95 9.98 2.51 2.26
NoisyOffice 0.08 46.81 6.28 2.18 1.72
Facebook metrics 0.06 28.87 10.02 2.28 1.46
SML2010 0.21 36.89 17.79 2.82 2.31
wikidHE 0.13 32.81 8.19 2.88 2.14
UlJlIIndoorLoc 0.09 50.71 9.67 3.07 2.51
YearPredictionMSD 0.08 51.21 12.13 3.51 2.87
3 4 FEERMR RNy 2 R
Table 3 ~ Comparison result of testing error and variance for four algorithms
I-ELM CI-ELM EM-ELM CDAI-ELM
[EVEE3 €S
R2E T2 W Ji 2 R2E Wik R2E J5 &
Auto MPG 0.1021 0.0051 0.0952 0.0041 0.0953 0.0052 0.0811 0.0040
Automobile 0.1323 0.0149 0.1302 0.0129 0.1301 0.0118 0.1257 0.0107
BlogFeedback 0.1896 0.0121 0.1882 0.0123 0.1712 0.0108 0.1822 0.0109
Housing 0.1017 0.0064 0.1008 0.0061 0.0985 0.0051 0.0973 0.0061
NoisyOffice 0.0511 0.0039 0.0481 0.0034 0.0401 0.0029 0.0392 0.0023
Facebook metrics 0.0642 0.0058 0.0581 0.0041 0.0581 0.0018 0.0585 0.0023
SML2010 0.1555 0.0158 0.1502 0.0129 0.1461 0.0078 0.1452 0.0074
wikidHE 0.1592 0.0311 0.1522 0.0302 0.1468 0.0031 0.1511 0.0051
UJIIndoorLoc 0.1315 0.0102 0.1291 0.0091 0.1278 0.0072 0.1116 0.0059
YearPredictionMSD 0.0912 0.0041 0.0902 0.0039 0.0903 0.0040 0.0868 0.0031
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F4 A PPEIEIIGE A L (s)

Table 4 Comparison result of training time for four
algorithms (s)

EEpIERES I-ELM CI-ELM EM-ELM CDAI-ELM
Auto MPG 0.0124 0.0073 0.0061 0.0052
Automobile 0.0272 0.0171 0.0182 0.0088

BlogFeedback 0.0469 0.0391 0.0236 0.0151
Housing 0.0391 0.0119 0.0182 0.0120
NoisyOffice 0.0411 0.0051 0.0083 0.0071
Facebook metrics  0.481 0.0179  0.0171 0.0159
SML2010 0.0218 0.0107 0.0081 0.0059
wikidHE 0.0089 0.0081 0.0298 0.0297
UJlIndoorLoc 0.0471 0.0091 0.0288 0.0272
YearPredictionMSD 0.0301 0.0297 0.0271 0.0197
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Fig.3 Predicted curve for power of virtual machine
based on SVM. KELM, BLS #1 CDAI-ELM
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Table 5 Training time of four models (s)

T ALY IRt (s)
SVM 3.4788
BLS 0.9828
KELM 1.06
CDAI-ELM 0.5772
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