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Cloud Load Forecasting Model Integrating Decomposition
Algorithm and Attention Mechanism

SHEN Xuyue, LIU Jing, LI Fengbiao
(College of Information Science and Engineering, Hohai University, Changzhou 213000, China)

Abstract; To improve the balance of cloud platform resource allocation and address the nonlinear, high noise and dynam-
ic characteristics of cloud resource load data, a load forecasting model integrating Transformer and bi-directional long short-
term memory network (Transformer-BilLSTM) is proposed, which integrates complete ensemble empirical mode decomposi-
tion with adaptive noise (CEEMDAN) decomposition algorithm and attention mechanism. In this model, the CEEMDAN
decomposition algorithm is used to decompose the load sequence data to obtain the components of different frequencies, thus
reducing data complexity. An encoder with the Transformer coding layer is used to encode each component, obtaining the
global information of the data, and the obtained encoded output conducts adaptive weight allocation through the attention
module. The decoder with the BILSTMP is used to decode and obtain prediction results. Experimental results show that,

compared with the mainstream model, the proposed model reduces the error of different prediction steps, which verifies the

effectiveness of the prediction method.
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F34RHE T CNN, LSTM, % 1l 4 %1 75 A =] 15100
HR T B RZEFRARAT L o d O AR R (R R A 2
A FR. B3 ATLLEH, EEWE KN 24, 36,
A8 B ASSCHE Y I T 4 R R R AL & R
T80 AR AR f 45 T T M R A AR 2 W 00 T A AR Y
FWNZAETAE 22 G U5 W00 Oy 1 H A T RS B LR R
A -

D) AHEE T — PR 2 2 BT, AR SO Y A5E 7R
WAS R A 3T . 515458 Transformer #H 1, A SCHE
BB AR T 2 K 24, 36, 48 I, MAE £ ST %4
SR BIRER T 54.0% . 52.9% . 50.9%., 7E GC19 ¥
PR M BEAR T 50.3% . 51.0% ., 56.7% ., A& 4%
WA 5 LSTM Ml b, 7E W25 K o 24, 36, 48
i, RMSE & ST ¥t ¥ % 0 MM T 25.5%.
22.8% . 23.1%, £ GCI19 ¥t 4 &£ b 4 MK T
30.3% . 31.7% . 36.7% ., iX % WA SCHE R G O 25 &
Transformer 1 BILSTM W 4 fift 15 25 44 . 5] B 38 B 42 J=)
5 B AR B P AR, 32T T = W IR B I 2 e 1 4
HURE J7 . DTS BT W0NORS B i 4 T

2) A SCHR AR TR 5 X E AR R e I A SR e
CNN-LSTM # kb, 4l 254 4 5 o 24, 36, 48 i,
ST % 4% 4 *h RMSE 43 3l FE AL T 20.1%. 6.6%.
7.5%, #£ GC19 $IBE T A BIRIK T 27. 7% . 35.3% .
32.8%, X FHILE CNN-LSTM i i — 4k 4 Bl 22 W)
EAREUT 2 A B M RRIEAE B, R T IO B
ARCRA R . A SCH i AL il | CEEMDAN 45 i 35

BRI B . e SRR R B i 1A R SR
PR 2 D7 AL 38 i 0] JRy 38 OC SRR 1 SR IBE ) . %
TR 2 B P IO e XS Ry AR ALE 2 BOAS Y ) e

3) CEEMDAN-Transformer-BiLSTM-Attention #
HIAEAS TR T 4 K ) MAE, MSE 1 RMSE H, CNN,
LSTM. Transformer, CNN-LSTM Z& i i £ % ¥ ST
BiE s LM T 2.7% ~54.0%, 12.0% ~77.1%.
6.7%~52. 1%, £ GC1-9 $4i 4 L IEAL T 29.9% ~
63.1% . 45.2%~79.7% . 27.8%~55.0%,
2.4.2 THEESLIRES R M

T WFFEA SCHRE H AR rp 2% S FR 20 X T 1 BE
MR, LOZBE R HE il E AT I Rl S g . FESR R A
FEBR 1 TE T S AL A i) 22 ROEE b Ak R 450 I (L Ak 17 452 78 i
2 5 CEEMDAN-Tra-nsformer-BiLSTMSE, #% & T SE
B ST HLH i B 4y 44 ) CEEMDAN-Transformer-Bil-
STM, B BR T 43 ff 5 3% 0 32 00 AL A B2 Y A 44
Transformer-BILSTM, A 3C 2 1) B Y 55 % AN 46 7 7
ANTE SR BEATPEREXT L 2 BT, SEIR A5 R ANk 4 PR .

HR 4 fTRVE, TEMADEUEE D, A SCHR Y AR
T 03 filk VR TR O ALY 2 B R B AR B CEEM-
DAN-Transformer-BiLSTM-Attention 5 & /> % % 46 [t
T PERE A BT, X R

1) 4 BiLSTM #| Transformer #% % th, 0] DL 7E
IR AR A5 B0 BE Al L 478 2 B 1) 7 270 540 o 198 0L 1) 44
KFR, RETEBIRINE RS LR T .

2) fE Transformer-BiLSTM H il A CEEMDAN 43
it T LD IR 6] 3 51 5 4 v S5 JBOAS [m] 45 38 () ASAE AR 285 70 4

3 X gs R
o ik skl e
24 36 48 24 36 48
MAE 3.867 3 3. 806 4 3.817 7 5.785 2 8.007 0 8.163 3
CNN MSE 23.344 8 23.155 8 22.891 2 54.605 1 98.945 8 115.567 7
RMSE 4.831 7 4.812 0 4.784 5 7.389 5 9.947 1 10. 750 2
MAE 3.022 1 3.114 4 3.073 9 5. 380 2 6.232 6 7.137 3
LSTM MSE 23.069 3 23.430 8 22.944 6 48. 658 1 60. 696 3 81.312 7
RMSE 4.803 0 4.840 5 4.790 0 6.975 5 7.790 8 9.017 4
MAE 5.355 9 5.3157 5.329 2 7.609 1 8.592 0 10. 266 9
Transformer MSE 55.921 9 55.872 2 56.049 1 102.507 0 115.185 4 160. 693 7
RMSE 7.478 1 7.474 8 7.486 6 10.124 6 10.732 4 12.676 5
MAE 5.189 4 5.168 7 5.122 8 6.353 3 6.376 4 6.947 8
TCN MSE 53.574 7 53.134 4 53.513 1 60.861 9 68.239 7 77.945 6
RMSE 7.319 5 7.289 3 7.315 3 7.801 4 8. 260 7 8.828 7
MAE 2.962 1 2.737 8 2.691 3 5.389 4 6.536 8 6.732 1
CNN-LSTM MSE 20.055 5 16. 026 9 15. 863 0 45.202 1 67.516 0 72.153 1
RMSE 4.478 3 4.003 4 3.982 8 6.723 2 8.216 8 8.494 3
MAE 3.676 1 3.527 8 3.484 3 6.254 1 6. 711 4 7.2639
CNN-Transformer MSE 27.558 1 26.394 5 26.076 3 64.637 6 76.977 4 89.543 8
RMSE 5.249 6 5.137 6 5.106 5 8.039 8 8. 773 7 9.462 8
CEEMDAN-Transformer- MAE 2. 461 3— 2.502 2 2. 6}8 0 3.781 4 4.211 6 4.441 7
BILSTM-Attention MSF 12.792 5 13.968 3 13.566 7 23.646 0 28.287 1 32.602 6
RMSE 3.576 7 3.737 4 3.683 3 4.862 7 5.318 6 5.709 9
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- 16 TR AL i o 34 3%
ARSI A5 R
g sk ST GC19
A A 24 36 18 24 36 18
MAE 5.355 9 5.3157 5.329 2 7.609 1 8.592 0 10. 266 9
Transformer MSE 55.921 9 55.872 2 56.049 1 102. 507 0 115.185 4 160. 693 7
RMSE 7.478 1 7.474 8 7.486 6 10.124 6 10. 732 4 12. 676 5
MAE 3.315 2 3.413 8 3.169 6 5.141 1 6.040 7 6.825 1
Transformer-BiLSTM MSE 20. 837 8 21.403 5 18.524 9 40.104 0 54.281 3 68.739 5
RMSE 4.564 8 4.626 4 4.304 1 6.332 8 7.367 6 8.290 9
MAE 3.338 4 3.357 2 3.048 0 4.077 8 4.485 5 4.987 6
CEEMDAN-Transformer- . _ _ _ y
BILSTM MSE 23.715 1 23.126 7 20.295 1 27.015 7 34.393 0 41.269 9
- RMSE 4.869 8 4.809 0 4.505 0 5.197 7 5.864 6 6.424 2
MAE 2.820 4 2.727 8 2.723 5 3.886 1 4.354 0 5.005 5
CEEMDAN-Transformer- ~
. MSE 18. 366 9 16.739 7 16. 565 9 24.522 0 30. 884 5 40. 875 9
BiLSTM-SE -
RMSE 4.285 7 4.091 4 4.070 1 4.952 0 5.557 4 6.393 4
. MAE 2.461 3 2.502 2 2.618 0 3. 781 4 4.211 6 4.441°7
CEEMDAN-Transformer- _
L . MSE 12.792 5 13.968 3 13.566 7 23.646 0 28.287 1 32.602 6
BILSTM-Attention
RMSE 3.576 7 3.737 4 3.683 3 4.862 7 5.318 6 5.709 9
FEAR = WEUR B B2 2R 2 . A R T A 1Y) SRR A 2 B % ik

3) 7£ CEEMDAN-Transformer-BiLSTM # & f1 5
I SE [ & Sy HLa . I X AN [R) A R 43 i BE AT AR 3
B AT DA A B v A TR X S [ R R Y DGR R, 4R
T 500 P BE

4) {F CEEMDAN-Transformer-BiLSTMSE th 13 &
Ty BLAH A HE Ay b b 22 RURE R AIE i IR 2 1 (L A 1 2 Ik
FAR . PRI RO RRAE . 1Y 5 ASRL X &) 3 45 11E 14 4 HR AE
77 [ AR T AR FRAE (Y 5 ), RS R B A B A )
iR,

SEQT A VU Ll b N TR R L S R I S S S
MBI FEAS TR T 20 KR BEAT X B, A SCHR i A R
CEEMDAN-Transformer-BiLS TM-Attention X B 18 T
BAFR RO . IEW] T RRL AN A R . TR B T B
B RICR
3 FRIE

B X 25 G IR T R) B, AR SCHA R T RS A A AR A
R HLH B AL A, fff ] CEEMDAN J7 3% 43 il =
PEUR BB A FR T BRI B 2y 3
¥ )5 LR AE 2 I, @ iF Transformer % 5 #§ 1 Bil-
STM 1) s fiff 0 155 70 3R T 42 J5y £ 8, B WL 1) B 3 AR At . 285
AR 2 REE LM IHUE . AR 20 5 5 51
FRAEGEAT AL S 2 M, 35 T S B X R G E 2 i
PR T) . LI EES SRR, A SR R AE 2 BE TR 1 4
WOMAE SR A, HETERTE, ARNEST
ARG B, fEZ A AL 4848 | (MAE, MSE, RMSE)
IR FHAMABAL, Fo 0 5 E T A A 09 A8 R R RS e .
G Sk — A LS5 . R T S AU R E R IS
il A s AR X TN 28 2 AR 1) & R B e, e
A HR RS K 5 B .
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