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Abstract: One of the most important features of multi-tenant databases in cloud environments is scalability. However, most elastic scaling
techniques struggle to make effective scaling decisions for dynamically changing loads. If load changes can be predicted in advance,
resource supply can be accurately adjusted. Given this, this study proposes a load-prediction-based elastic scaling method for multi-tenant
databases. It includes a combined load prediction model and an elastic scaling strategy. The load prediction model combines the
advantages of convolutional neural networks, long short-term memory networks and gated recurrent units. It can accurately forecast

memory requirements of database clusters. Based on the prediction results, the elastic scaling strategy adjusts the number of virtual
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machines to ensure that resource supply remains within a reasonable range. Compared to existing methods, the combined load prediction
model can reduce prediction errors by 8.7% to 21.8% and improve prediction fitting degree by 4.6%. Furthermore, this study improves the
Bayesian optimization algorithm for hyperparameter tuning of the combined prediction model. The improved hyperparameter tuning model
reduces errors by above 20% and improves fitting degree by 1.04%, which proves that it can well address the poor performance of
Bayesian optimization in combined domains of discrete and continuous solutions. Compared to the most widely used scaling strategy in
Kubernetes, the proposed elastic scaling method reduces response time by 8.12% and latency by 9.56%. It can avoid the latency and the
waste of resources to a large extent.

Key words: multi-tenant database; resource management; resource prediction; elastic scaling
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PR AT P+ 1) B T AT BC SR o BB, 7520 ALK R R R AR K. B8N R
BB (0 A 5K (8) SRt 5.

P,(t+1
ARincrease (t) = Ceil( n( )
axP,

) -R(® (®)

AE7%: P P, e+ D IRT A0 BT IR B BRMELIN, 75 220/ R SR 55 20 BRI a2 (¥ R S A i
AT (9) Rit 5.

©

ARyecrease (1) = R(1) = ceil(Pn(t + 1))

ﬁ*Pu

N (B)s (9) Ty ARincrease (1) 5 AR eerease (1) 73 AT 4 Tl IS 2 7 1238 Jon sl b 1) REAUMLECH L R (1) R AE 1 I
ZI s R AN LA, P, FRoRBEA BEAUNLIT BESE S IR [ 58 U A2 BHIR R, ceil ) Ron T LUK o o B 030N
BIME b R, R (8) MA T (9) AT LAGRIEREAS 2 A1 Fodia i B A A7 A RAERFAE (B, ] B A EEIX
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AR ICEET CloudSim A4 £ 22 L 503E e B2 T P 058 S D1l AR S8 1 4 v A TR X AL b 45 S i (R 8. =
& CloudSim #24t T & M IhEE, (BN . B 3h T I5 R B S M 48 7 T 0 8 TR AT BR. 4 AThR
A CloudSim 7EFIERIHERL s R 9 B L 11F TS M A 45 (0 7 v, R 187 5 0 -3 1 o sl R 40U L 422 11
MU D9 T 75 25 0 P SE PR P o A THI b S BURN 8 TIE 3V A 45 508, X SCHE CloudSim H PR 7 & T8 ORI SIE
KSR 22 A0 BN P SR I A A 4
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PEREFE AR B V1 5t B e o 2 v S O 42 R A AR 0, 491 o 2 ) 5 0 87 S 3 AR Ak, DA DTl 58 P A
SR S5, TR H ) EBAE R AT 3R, TH RIS S BT i T 25 R IR ARAE A28 2.4 Vit AL T
T FF) BEF 1 o 45 R P T 2 75 5 TR AT B I A, FEARIE AR L) A B B AR TR EIE L& AL L&
FERIML. a0 AR T Z AT PP 4, PAT BRI B B AR Y BB A48 4, G5 BNy 48 g,
BET I CloudSim 5 £ (14 1 56 B 1Rz SO LA

SEIG AR 4% 24 EL B O Intel(R) Xeon(R) CPU E5-2650 v4 @ 2.20 GHz A#hbFL#%. 48 #.0y, 2 Bt RAM 16 GB DDR4@2 400
MHz W%, 1 3t NVIDIA Corporation GP104 [GeForce GTX 1070 Ti] EI{%4b 2 2%,
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“Hof 10 7 51 R s B AT 81, A <1007 R EE 100 ANEHE A5
3.2 CNN-LSTM-GRU FUMIERISLIG 45 R 555047

A S5 B R F AR 205 H Bit-brain = IRSSFEALR, A5 1750 DB RINLETEREFa b, SR S0 LLZAT A
LR B, FATEIEE R CPU. WA BAA. MRS RN B SR RS fhr (BRS8N hitp:/gwa.
ewi.tudelft.nl/datasets/gwa-t-12-bitbrains). EA LI AR, 48 BUZER 46 H (19 “Memory usage”— FI1E 9 72k i
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X TR M BE AT FR AR, A SCIE I T IR Z (mean squared error, MSE). “F¥J4i%) H 4y LLiR Z (mean
absolute percentage error, MAPE). 75 #Ri1%Z (root mean squared error, RMSE). “F¥J%4i%} %% (mean absolute
error, MAE). k€ RE R 1X 5 M EF5.

ASCHRE R 1 B B 2 500 TR BEA T I 5.

®1 BHGBESHE

BB ZHIE
AR . 3K 8
CNN#Z K/ 2
512 LSTMPg i B T 51 64
H2JZLSTMPE L e 64
33 /ZGRURRIR S G 64
DropoutH 4] 0.4
o) 0.001

AL CNN-LSTM-GRU 4 A 180T e S 3 i TN 45 SR 1 5 Fras. e, 20 dfr 2 Jl o 7 A ST i 1Y
CNN-LSTM-GRU #H & B B 7E I /5 S 3 TINAT 25 v i 3, W r 2 S 00 77 Wl B (1 L S R VR 35 oK. ) PP A
TR PRI 7 SR A, AR IR WAF SR IN R oRAE. B4R rh Sl R BURE LSS, LTI
FPET SO, FA% R s, DR T Bk A e e . AR S R, 2L (T R B ER BE I 5 R (T R AR AL
A IEA RS — 2, IXRWIA SRR L3 I 7 S BRI 5 28 A0 7 T OR %

—~ —TRUE
§ 5000 | --- CNN-LSTM-GRU
2 4000 -
HE
#3000 |
E 2000 |
= 1000 L \ , , ,
0 50 100 150 200
5[] 5 1)

K5 CNN-LSTM-GRU ZH & #7046 3 A7 75 SR T 45 5

9T YAE CNN-LSTM-GRU 44 #E R TSR, A SCIR I T KA I 1042 M 2% (LSTM) AT T4 18 56 5470
(GRU) FRMBE R, I 153 4 B — B R ) 0 R E AT 1 X b SCRiR [16] FPiseit 7 — Rl 1 25 R 22 X 28 F K S i e
172 LA AR CNN-LSTM, B 7EEAT 5 AR FEARLL A IS 15 SR AT 55 A SCH s Bl 1 2 Y, i FH A
TR I BAR AR AT T UIZRA .

MR 3RS0 48 BB, A HH 5T 4 I8 MSE. MAER. MSE. MAPE. R*iX 5 NEFF, H B AL S 4 S5 (1
YRR IR, 25 Rangk 2 fios.

®2 BRI ARG L

A MSE MAE RMSE MAPE (%) R N} H) AR (s)
LSTM 12.425 2.853 3.525 8.299 0.938 61
GRU 16.587 3.012 4.073 8.096 0.918 40
CNN-LSTM 9.131 3313 3.022 6.419 0.955 51
AR 8.337 2.232 2.887 5.992 0.960 48

FRAER 2, T HSLH LSTM 5 GRU B8, AR SC 5111 CNN-LSTM-GRU H & TE 4 AR 1 Fa bR 133
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R, 50k [16] R A AR CNN-LSTM HEAT X B, A SR B PR 3 & 5 U7 T 5 A, SR PR iR 2 48
W LRI N, X — BT IHE T A BRI N T GRU Sk, WITFE— EF2E _EIRTH TR 22 ST/ ), 3F
B4 7N, 28 EFTR, 483089 CNN-LSTM-GRU A& 78 70l T CNN £ B 7 o 18 15
FEJ5 T F DR E . LSTM 76 s TR & i, LR GRU 7 B 1 25 7 T R4S 5. AR TS MR A 2 i O
LSRR MR R 25 R AL, TR ZEFRR T 8.7%—21.8%, T I & JE 4R T 4.6%. AL, A SR T]
DA JPEAT: 5 67 28 00 ) e 4 A 24 S s o (R B P 67 TR A
3.3 ETFSHEBMMTUNERSIINERS 5

A SCAE FH 503 S B DU e 4k 5T HBO 9 CNN-LSTM-GRU H A48 SR BB S 3L B3 504 (1) &
SLEESHC W E D25 K 2 21%. Dropout Ll (2) BHUESH: Bl o LB K/, Kb 6 MES
HEARMEFEAYIEE IR 3 PR,

®3OMILHTEEA S HME

HSH WILAEUE HUAE Y /2 8]
R . Sk 8 [5, 20]
Sk 0.001 [le=5, le1]
Dropoutt. 5] 0.4 [0.1,0.5]
Re g e 45 64 (32, 64, 128, 256)
HEAL BRI 16 (16, 32, 64, 128)
[N 2 2,3,5)

TERB SRR A 8], A SCBUE TR AR 1 B RIS EO 50. 28 —RIEAH, B0 S TR R S 80 R
FER), ek B+ CNN-LSTM-GRU H &8, FF 4T 20 ISR, B 5 T 52 BTG L0 PR RESR n 8 7 iR 22
(MSE), LAPA HHTERIIE 55 O T B SRERCR, A SRS SCIR [17] AR08 1 WU B A 53 BO 19X LE.
23t 50 IR, MR SEE e AU AR 4 s,

x4 mUES L

BB HBO&ALfi# BO AL
AHEE O, Sk 19 11
o) B 0.001 0.0087
Dropoutt 0.41 0.46
[SE R T 256 64
RSN 32 32
VOGN 3 2

9T YR F SO DU B ARG B (HBO) X 4H -G 580G B AR (1 S 20 R, A SO b 38 6 20 88 S B i
CNN-LSTM-GRU B8, #EAT Il A5 3 0. BT R A A 54 AR AR 5 48 3.2 M — B0 SR i &5 SR A% L
2 WLIE 6. BEIENARHE G 45 5, IR TR E (MSE). “FHN iR 2 (MAE). HI)7HAR%E (RMSE). ¥4
SFE 4> iR ZE (MAPE) Y8 250 (R), W3k 5 Fiow.

ZEEE 6. R 5 HREE AT AN SR ool i DU B AR AL BLVE£E X CNN-LSTM-GRU B 8 %. MSE 5
RMSE WA 236 bn SWIIEE UM, 1 MAE 5 MAPE $ k5 30 3 5 AR 227K bab, SHF il grEmil &
PRI T 4.4%. X LEHUHRAIE B 7 5146 f DL S 670 A S v [ i Ak 0 5 5 00 0 2 48 B 1) 2 Mt 2 I 7 T A2
JRBRE. I H, “Fais o Ee 5 KN IE AN B BS B e A BUE R R AR O, XA T IE B TR A6 ) DL SR
A SRLF A LA BRSNS 5
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(.) 5.0 l(.)O 1 ;0 2(.)0
IS} [1] 47
6 HBO iyt BO {7kl 2 Raf Lt

RS OIH TR E

HA MSE MAE RMSE MAPE (%) R
CNN-LSTM-GRU 8.337 2.232 2.887 5.992 0.960
BOfL 8.358 2.932 2.890 6.860 0.918
HBO 5.006 1.742 2.237 4.544 0.97

52 %, ARSI B0 U LA R (HBO) SN SOt i v 7 & 2 S 502 18] 1) 1n) . Sl 3% 5 nl A
{8 ] HBO P At () e Al S H0ii 2 25 11 K 7 CNN-LSTM-GRU £H-& WA Y () MSE. MAE. RMSE #1 MAPE
X 4 Fhig 2R AR IOAE, FRARIIEE 235108 40%. 22%. 23% A1 24%. I 6 H 45 5Rok%E, HBO Ak 2 it 4 |k
PR RTINS 3 (AL BT LR, 5 BT A KRB (EEITL) &85 E, BT 461 CNN-LSTM-
GRU A IS T 1.04%. 1X 70 4010F S8 T8 PR A0 S0 50 2 A 58 0 S 400 47 U A0 RE 6 4 ThT 42 HASE 28 1) o
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(1) MR FHA TAE AL, ASCH) CNN-LSTM-GRU 404 TS AL T2 ZE FFAR T 8.7%21.8%, TRINILA FE
T 4.6%.

(2) A4 Y HBO tRAG S 2 e 0% S0 i Hh 4% B B A0 S 80, A0S I TS AL i) MSE. MAE. RMSE #
MAPE 3% 4 PR ZE48bRME 2 IR T 40%- 22%. 23% 1 24%, AR E T 1.04%.
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