wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

HFv-InformerfIzE /T RAFKTRNS X
JOX e, XBFI, =M, BIRRAR, {E1EFS

5IAEX

o, BFD, ZHiM, HIRAR, EEMS. EFv-InformerfmFARRLHETTNAED]. HENRZ
2024, 51(12): 147-156.

YOU Wenlong, DENG Li, LI Ruilong, XIE Yuxin, REN Zhengwei. Load Prediction Method of Cloud
Resource Based on v-Informer [J]. Computer Science, 2024, 51(12): 147-156.

BUXEEE (SERXIME IE JIREREEXE)

Similar articles recommended (Please use Firefox or IE to view the article)
REZIRTlaaSEHERERVEENHRERE

Research Progress of Anomaly Detection in laaS Cloud Operation Driven by Deep Learning

HENRIE, 2024, 51(6A): 230400016-8. https://doi.org/10.11896/jsjkx.230400016

EF I8 nfor me rt& B A7 B B 5 Tl 75 3%
Prediction Method of Long Series Time Series Based on Improved Informer Model with Kernel
Technique

HENRIE, 2023, 50(11A): 221100186-6. https://doi.org/10.11896/jsjkx.221100186

ETFEMPC-BCGRUN=EHINCPUREB DTN
Analysis and Prediction of Cloud VM CPU Load Based on EMPC-BCGRU
IHEHEIE, 2023, 50(8): 243-250. https://doi.org/10.11896/jsjkx.220600264

EFREERMENZEERBETNGE
Cloud Platform Load Prediction Method Based on Temporal Convolutional Network

HEHNRIE, 2023, 50(7): 254-260. https://doi.org/10.11896/jsjkx.220500036

EFCEEMDAN-ConvLSTMESERNRITE AETRN TS
Cloud Computing Load Prediction Method Based on Hybrid Model of CEEMDAN-ConvLSTM
HEHEIE, 2023, 50(6A): 220300272-9. https://doi.org/10.11896/jsjkx.220300272


https://www.jsjkx.com/CN/10.11896/jsjkx.231000098
https://www.jsjkx.com/EN/10.11896/jsjkx.231000098
https://www.jsjkx.com/CN/10.11896/jsjkx.230400016
https://doi.org/10.11896/jsjkx.230400016
https://www.jsjkx.com/CN/10.11896/jsjkx.221100186
https://doi.org/10.11896/jsjkx.221100186
https://www.jsjkx.com/CN/10.11896/jsjkx.220600264
https://doi.org/10.11896/jsjkx.220600264
https://www.jsjkx.com/CN/10.11896/jsjkx.220500036
https://doi.org/10.11896/jsjkx.220500036
https://www.jsjkx.com/CN/10.11896/jsjkx.220300272
https://doi.org/10.11896/jsjkx.220300272

0 'H‘ :ﬁ‘ *’h ﬁ‘*‘ ‘% http: /www. jsjkx. com

COMPUTER SCIENCE DOI. 10. 11896/jsjkx. 231000098

EF v-Informer B = F & ZFiE gl 7%

Axk B F  =HE BHEKR FES

RABHAFIHENRESHZAFER R 430065

BEHEREAEEIN IV RS HILEELELEE R IX 430065
(1526347207 @qq. com)

H E AW,.mHABARGERNEFT 2, MERPF T M, s AT RGOS REEZLM R TR, mEHG R HAN T
SEREEGERRE, EhTEFEESA SN ERSE, ARFEGAAARTAALRERME, B AERK IG5 & B %P
RECGHE A B AR BAZ 8, E Informer BiA G Kok L R\ T —F4A4NZHAEF &444 CPU K A AN F & v-Informer,
GHEBI RS BEEIMRIMABFH P REMLE NS LA /z%jy#m%umt;iﬁ’éﬁkﬁﬂm%ﬁ WA B A &R X R, R
BRERAHEEPHRKERLE R THETH., 2ANERRETFEFRER T EHUBELAFTER . EREAN. 58 WTAHY
CPU #i &M A LSTM, Transformer, TCN #= CEEMDAN-Informer #8 ¥t , v-Informer & Google FHEE L TRM AR £ 5 F R
YT 34%.19%.15% A 6.5% s B K EE LR TR Z ARV T 32%.16%,12% F= 7% . B A HF 69 TR0 M B
KEWH: =T 5;:CPU fi #5 2 F T ;85 5 M5 Informer; 45 Bk 8

hESES TP391

Load Prediction Method of Cloud Resource Based on v-Informer

YOU Wenlong,DENG Li, LI Ruilong, XIE Yuxin and REN Zhengwei
College of Computer Science and Technology, Wuhan University of Science and Technology, Wuhan 430065, China

Hubei Province Key Laboratory of Intelligent Information Processing and Real-time Industrial System, Wuhan 430065, China

Abstract Cloud computing technology is widely used at present. With the increase in the number of users. the allocation and
management of cloud computing resources is becoming more and more important,and accurate load prediction is an important ba-
sis for allocation and management. Based on the Informer model, this paper proposes a long-term CPU load prediction method for
high dynamic cloud platform tasks.called v-Informer. v-Informer decomposes the variation trend in the load sequence through va-
riational mode decomposition,and introduces a multi-head self-attention mechanism to capture the long-term dependence and local
nonlinear relationship. At the same time, the gradient concentration technique is used to improve the optimizer and reduce the
computational cost., Experiments are carried out on the data of Microsoft and Google cloud platforms. The results show that,com-
pared with the existing CPU load prediction models LSTM, Transformer, TCN and CEEMDAN-Informer,the prediction error of
v-Informer is reduced by 34% ,19%,15% and 6. 5% respectively on the Google dataset. The prediction error on the Microsoft
dataset is reduced by 32%,16% ,12% and 7% respectively, with better prediction accuracy.

Keywords Cloud platform,CPU load,Multi-step forecasting, Modal decomposition, Informer,Gradient convergence
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Fig. 6 Illustration of gradient concentration
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matrices/tensors by convolutional/fully connected layers
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Table 5 Hyperparameters
factor 5
d_model 512
Patience 5
k 3
n_heads (8,3)
e_layers 2
dropout 0.05
batch_size 32
learning_rate 0.001

seq_len (30,60,90,100,140)

label_len (20,40,60,50,70)

pred_len (10,20,30,50,70)
5.3 EWHERSW

n-LSTM, Transformer, TCN, Informer, CEEMDAN-In-
former I v-Informer 43 HI7E Google H & 4 /1 50 MME 55 L)
U B 1 Y N 3R 6 BT A 7E SICEREOE B 50 A R HLAL
b BB R 0 S- Y (E ISR 7 BT

3 TF Google il 45 B 4 ik

Table 6 Prediction performance based on Google trace

n-LSTM Transformer TCN Informer CEEMDAN:-Informer v-Informer
rx MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
10 0.0181 0.1080 0.0163 0.1020 0.0160 0.1000 0.0150 0.0949 0.0146 0.0916 0.0139 0.0867
20 0.0219 0.1230 0.0175 0.1090 0.0170 0.1070 0.0158 0.1000 0.0155 0.0982 0.0146 0.0926
30 0.0226 0.1330 0.0186 0.1180 0.0180 0.1140 0.0169 0.1090 0.0161 0.1040 0.0152 0.0947
50 0.0258 0.1470 0.0201 0.1260 0.0193 0.1210 0.0182 0.1150 0.0172 0.1110 0.0162 0.1030
70 0.0292 0.1640 0.0215 0.1320 0.0205 0.1270 0.0192 0.1220 0.0183 0.1170 0.0171 0.1090

D https://github.
» https://github.

com/google/Clusterdata/blob/master/ClusterData2011_2. md

com/Azure/ AzurePublicDataset/blob/master/ AzurePublicDataset V2. md
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Table 7 Prediction performance based on Microsoft trace
n-LSTM Transformer TCN Informer CEEMDAN:-Informer v-Informer
rE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
10 0.00167 0.0288 0.00153 0.0280 0.00147 0.0274 0.00142 0.0267 0.001 40 0.0265 0.00129 0.0256
20 0.001 86 0.0307 0.00161 0.0291 0.00156 0.0284 0.00151 0.0276 0.00147 0.0274 0.00135 0.0261
30 0.00195 0.0326 0.00173 0.0301 0.00167 0.0292 0.00163 0.0286 0.00158 0.0282 0.00147 0.0267
50 0.00215 0.0360 0.001 80 0.0308 0.00173 0.0299 0.00169 0.0295 0.00163 0.0291 0.00151 0.0276
70 0.00242 0.0389 0.00192 0.0325 0.00182 0.0312 0.00177 0.0305 0.00171 0.0298 0.00157 0.0280
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Fig. 8 Cumulative distribution of evaluation metrics for Google and Microsoft datasets
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Fig. 9 Microsoft prediction time versus prediction accuracy
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Table 8 Comparison of execution times of different methods

(ms)
AR E n-LSTM  Transformer TCN Informer CEEMDAN-Informer g-Informer
AW 265102 213045 136012 185413 193225 156021
% 221564 186453 115421 152130 158135 120312

K9 T Google B 4 91 fil ¢ 46 45 5

Table 9 Ablation experimental results on Google dataset
, Informer g-Informer v-Informer
rR MSE MAE MSE MAE MSE MAE
10 0.0151 0.0949 0.0145 0.0903 0.0140 0.0868
20 0.0158 0.1008 0.0154 0.0970 0.0146 0.0926
30 0.0169 0.1091 0.0159 0.1027 0.0152 0.0947
50 0.0182 0.1151 0.0170 0.1101 0.0162 0.1032
70 0.0193 0.1223 0.0181 0.1160 0.0171 0.1094

10 HETRCRECE SR B I F O 46 2

Table 10  Ablation experimental results on Microsoft dataset

Informer g-Informer v-Informer
rR MSE MAE MSE MAE MSE MAE
10 0.00142 0.02671 0.00137 0.02637 0.00129 0.02563
20 0.00151 0.02769 0.00143 0.02712 0.00135 0.02613
30 0.00163 0.02866 0.00156 0.02789 0.00147 0.02679
50 0.00169 0.02953 0.00163 0.02908 0.00152 0.02762
70 0.00177 0.03056 0.00171 0.02955 0.00158 0.02809
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Fig. 10 Cumulative distribution of evaluation metrics for ablation experiments on Google and Microsoft datasets
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