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Table 1 ~ Comparison of advantages and disadvantages of traditional models
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DING Jianli, et al.Cloud KPI data prediction based on combined attention model EAAT.
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DING Jianli, et al.Cloud KPI data prediction based on combined attention model EAAT.

¥ v, 5 h, ZeHEUR S AR ARAT B 2 S50

Yioiea = Wyh;= W, .(W,h, + Wy, ), (16)
sy, FREBRATE R T R A (E
Fy e 125 5 A 22 5 U A RLEE 3 W, W,
W, R % I 7% Sk A A [ AL E LR

1.4 ETF Autoformer 53 fEZRIHI = KPI HIE 2
4b31F

Autoformer Z54 H AH I HL il A KR 19 B 1 40 fif
B0 X B8 T 7 A AR A B e A 7 v
137 THRIFIRAG 2021 4F e df 98O —J5 1, A AH
ML I 7 91 Fn s sl &1 26 K5 e 81 Y A
KRBOTHE e #F, 3T R R3] 5 15 51 Z [8] Y
AHOCHE , MBS 1 38 77 19 s B AR DG T3¢
FEAN AT 51 B A DG BE | AT 4 3 T3 R FIE B
A= HEABARE IE 0(Llog L) W% . 75—
J7 T, Autoformer TE 4 i 25 &R 73 1 = 2L H 1Y 2 X & 4%
14 Jo S A 7 A S 22 2R AR I I O3 R T
T8 S P2 SEAR N T DA JELA6 21 v i BB ] 40 T
NI FH T i A e 00 A O 1) 05 2. e 8 7 - i A
Ji B EsF T 91 5040 ok g 8 0 00 i AL 455 o B0
0 ) S U A58 0 ST b PR O3 2HL A — R0
T A ISR 28 0ok I ik H S 38 A A, 5[]
T AR KH 10 30 A S IR O i e R0 1R AL
Jy—Ror 2 0 TR, B R A5 2 0 Rk 751 1
ST S ST 1) 2 BRI R S 2 .

Autoformer P3R5 7 H X 8 501 1) 1 300 45 J31)
AR T X R BT gk A AL R 0 1 e S
PEZE G TR G A AURHAE 751 5 BT 03,
SHEUR ISV NIl Rree S Gy SR TE Y =Y

4 A Autoformer BEF T VEIFURE. PR R XA 13 4K
5 JE 309 Fn ks S s AT R ORI A, {175 Autoformer

@~

SR

J

i

¥y
)

FEmgsCh e
' '

K3 TPA-BIiLSTM #1424
Fig. 3 Architecture of TPA-BiLSTM model



fiiti0z47%

2 (ARPIEIR) ,2023,15(6) :652-661

Journal of Nanjing University of Information Science & Technology ( Natural Science Edition) ,2023,15(6) :652-661 657
AutoformerZhid #
Hfith vt A
IK 3
e (P o (o- "ERE i R
K K
N s P50 i > N FF e fi I 43 fi
R e (- MR a’ENLMﬂff>j§£%-[ i §>»*§§%-—1
o T
T 4R
s ® O, ®
Autoformerfi#tid #5

& 4  Autoformer B AR AL

Fig. 4 Processes and mechanism of Autoformer

TERE TR, LA 240 A 0 ) B e 1 R s 58
IR SR T A A T S99 A0 A ) 8l P 3O
22 EWT J0 A5 20 i o5 5 BoAT — 5 1 o] 3 4
FFAREE | BRI, AR SO 3R 43R - Autoformer 1)
P9 o3 ARG A T T

1.5 EAAT 2JEFNRTE

R EWT 5 ARIMA . Autoformer , TPA-BiLSTM
SRR F RS KX 3 AT R AR S G, DA
— L A B B A B ) A L % O R B ELAR
ﬁ%{’EﬁD—F

551 0 A TR R B N Y KPL

RHERT AR B, X H AT EWT A8 30 F1 53 i, 15 21 3
A IMFs, 3o 1R e s B e AR HLE B
R TR R IMFs T, T IMFs (A8 1A A
WRFL AR AR Ak AR IMFs 2 Wi i B8 1 4 30
AL RN
552 0 XTI R Z W T = 0 IMFs i iForest
A A7 (B 55 5 50 R o (L, O X T AR ) 5 e
PRALFEA TR T | DT £ v s AT IMFs F) Ki08k o
AR A E .

553 20 0] LT FUAE B A4 s 45T IMEs 235
K H ARIMA | Autoformer , TPA-BiLSTM 45 7Y i 47 #%
PRV LRSI AR 5 552 B DR 28 98] 1 B AU v 1) 4% 30 2
B, IAAS B IR S

55 4 20 R4 IMFs ﬂ‘%FE’ﬁﬁ ) 25 R 283k %k
EWT (30284 TEWT JInEAS I, fieJm 153 % KPT I
JF R TN 45

EAAT B J7 2 i ARRE R I 5 B 7.

Il

|25 NI HEW TS |

y }
| wEessrR || PR || MR |
- @ 4
- iForestif BEFN iForestif BEFN
o CepI P
BR T M3 75 1
PoKE 25/ [SiisIR
| ARIMA | | Autoformer | TPA-BilSTM ‘

l l | l
| IMFIESHOIRE | | IMPPUsBIA | | e |

| WASHEWT S, |

|

Tl

K5 T EAAT B A RERITIIN J5 ik
Fig. 5 Combined model forecasting method of EAAT

2 XE5IFMH
2.1 HEEEENSHLE

SR A VB FHAS SR Sh3h 9K 2 5F 4 BT W
RN KPI B ¥ SR 4E .

73 WK 4R BEBCPE £ 2011 ( https://github. com/
google/ cluster-data) M 2011 455 H 1 H 19 B FF4Rid



658

29 d 1y CPU BT M H = A0 45 AT 55 7 K24
12 500 £33+ 5L L 1 P9 A7 T 20 BUH - task
usage FLHRAE | 70 0 HEHL mean CPU usage Fll assigned
memory usage X P KPI 8444 BB O ELPE4E | #4 5
min B FRHEATRAE 4 BT 55 TF R I R AT SR 5L %
JEVRBL— B 0 — BB ) Y EVR CPU AN A7
AR R B AEO, 20 C 05 1 A 2 A%
.

WS b KPT g 47 %540 4 (hitps :// github. com/
numenta/ NAB/tree/master/ data/real AWSCloudwatch )
KA TEE AWS 19 = 1% CloudWatch FTREN =
IR 55 4 0 B Al 9% 48 b KA, 23 17 Ao [R] 28 51
KPI ) W 5l W0 T = 55 4519 CPU (IR (1
#1170 LIRS PE 7 341 (ELB ) A998 K &5 it i
PEARPR. O T FISCRRL 15 J#EAT X B, AR SCE T KPT 44
S M ec2 cpu _ utilization _ 53ea38 M oec2 cpu _
utilization_5£5533 {14 4% CPU FIHIZ M B4 , 4351
WCHH 3 IS 4 HBHEEE.

Xf FR 4 20 S0 K R AT VI, bR 80%
VERINZRAE  J5 209%1F ik 46 Bt e K AR A
Z /DA ZI B, CPU F1N A7 1 {3 80080 1 0
Ao B, DIH S R BRI BE AR 2 K.

®2 LBWABEERER

Table 2 Experimental dataset information

1(4%)  mean CPU usage 8 353 6 682 1671
2(48)  assigned memory 8 353 6 682 1671
3(W i) ec2_cpu_53ea38 4032 3225 807
4(Whi#h)  ec2_cpu_5f5533 4032 3225 807

EAAT BRI ZE$E Adam 1E AL ER , ReLU PREX
VB £ AP 22 N 28 1 J0TE PRBL, 24 2] R E
0.001, ¥ i MK R 5. 204 Z2 RS2 56 MR AL )5
ARIMA % £% LB 22 53 B, TPA-BIiLSTM 41 £ % 4%
% E 32 N2 5, Autoformer 1 TPA-BIiLSTM
TEFE batch_size A 32, i A JE R 80 A7 s 5 dl i
A EE Sy 20 AR AE, RO 80 A Bt 21 Y B4
XFJE 20 AN 20 A B HEA T T , SR 5 X S T A T
DUy B 2 BT (B AR Sy T 285
2.2 iFMMIERR

ARSCAE AT 3 AN BE R T30 2 Ak 48 4 . ¥ 5 AR
P25 (RMSE) 3440 % 15 25 (MAE ) DL KT 35 4 %

THEEST A T HETEE B EAAT = KPT S0 T 5 .

DING Jianli, et al.Cloud KPI data prediction based on combined attention model EAAT.
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Table 3  The p-value in ADF detection of datasets

Blesk IR EURE IMF1 IMF2 IMF3
1 0. 059 0.957 0. 005 6.13x107
2 3.24x1078 0.458 2.43x107%  1.43x107"
3 4.72x107"7 0.873 1.37x107%  3.10x107%
4 0.838 0.958 0. 026 2.90x1072!
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Table 4 Performance of each model on dataset 1

BT RMSE MAE MAPE

LSTM 711. 072 530. 004 0. 149
TPA-LSTM 604. 552 450. 411 0.133
Autoformer 546. 635 402. 866 0.143
EWT-LSTM 382. 682 289. 749 0. 096
EWT-ARIMA-LSTM 363.922 269. 498 0. 090
EWT-ARIMA-TPA 362. 893 269. 734 0. 091
EAAT 357.578 264. 287 0. 088
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Fig. 6 Prediction results on the test set of two Google datasets
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Table 5 Performance of each model on dataset 2

el RMSE MAE MAPE

LSTM 125. 472 91. 525 0. 025
TPA-LSTM 124.551 91. 251 0. 024
Autoformer 136.534 106. 560 0. 029
EWT-LSTM 123.172 91. 230 0. 024
EWT-ARIMA-LSTM 122. 490 91. 496 0. 025
EWT-ARIMA-TPA 123.992 90. 433 0. 024
EAAT 122. 200 90. 961 0.023
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Fig. 7 Predicted results on test set of two Amazon datasets

F6 BEBEHEEI LHRR

Table 6 Performance of each model on dataset 3
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TBETY RMSE MAE MAPE

LSTM 0.073 0.048 0.026
TPA-LSTM 0. 063 0. 040 0. 021
Autoformer 0. 069 0. 046 0. 025
EWT-LSTM 0.071 0. 052 0. 028
EWT-ARIMA-LSTM 0. 069 0. 050 0. 027
EWT-ARIMA-TPA 0. 066 0. 044 0. 024
EAAT 0. 063 0. 045 0.023

®7 BEBEHEEI LPORR

Table 7 Performance of each model on dataset 4

TBETY RMSE MAE MAPE

LSTM 5.047 4. 876 0.128
TPA-LSTM 2. 681 1.943 0. 051
Autoformer 1. 389 1.091 0. 028
EWT-LSTM 3.804 3.636 0. 065
EWT-ARIMA-LSTM 1.221 0.932 0. 024
EWT-ARIMA-TPA 1. 075 0. 852 0. 022
EAAT 1. 049 0. 840 0.023
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Cloud KPI data prediction based on combined attention model EAAT

DING Jianli'

GONG Zihengl

1 College of Computer Science and Technology, Civil Aviation University of China,Tianjin

300300, China

Abstract To accurately analyze the dynamics and changing trends of KPI ( Key Performance Indicator) data in
the daily monitoring of cloud computing clusters and predict its subsequent development to achieve high availability
of cloud computing clusters,we propose a three-frequency cloud KPI data prediction approach based on combined
attention model of EWT-ARIMA-Auto-TPA ( EAAT for short) .First,low, medium and high frequency Intrinsic Mode
Variables (IMFs) of cloud KPI data are obtained via Empirical Wavelet Transform ( EWT) to reduce the complexi-
ty of data prediction.Second, according to the information characteristics of low, medium and high frequency IMFs
obtained from the decomposition, models of ARIMA , Autoformer,and TPA-BiLSTM are used to predict each type of
IMFs.Finally ,the classification prediction results are combined through the Inverse EWT (IEWT) to obtain the pre-
diction result of the KPI.The proposed prediction approach has been verified on four datasets from Google and Ama-
zon. Whether the data is periodic and stable or not,the proposed approach outperforms comparison models.

Key words cloud KPI data; time series prediction; empirical wavelet transform ( EWT) ; combined attention
model ; bidirectional long short-term memory ( BILTSM) network





