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Abstract: Multi-tenant cloud databases offer services more cheaply and conveniently, with advantages like paying on demand, scaling on
demand, automatic deployment, high availability, self-maintenance, and shared resources. Now more and more enterprises and individuals
begin to host their database services on database as a service (DaaS) platforms. These DaaS platforms provide services to multiple tenants
in accordance with their service-level agreements (SLAs), while improving revenue for themselves. However, due to the dynamic,
heterogeneous, and competitive characteristics of multiple tenants and their loads, it is a very challenging task for DaaS platform providers
to adaptively plan and schedule resources according to dynamic loads while complying with multi-tenants’ SLAs. For common types of
multi-tenant cloud databases, such as relational databases, this survey firstly analyzes the challenges faced by resource planning and
scheduling of multi- tenant cloud databases in detail and then outlines related key scientific issues. Then, it provides a framework of
related techniques and a summary of existing research in four areas: resource planning and scheduling technologies, resource forecasting
technologies, resource elastic scaling technologies, and resource planning and scheduling tools for existing databases. Lastly, this survey
provides suggestions for future research directions on resource planning and scheduling technologies for multi-tenant cloud databases.
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cloud-native; multi-model database
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FE T HEA S T5 22K & CPU I [B] SRgE AT ~F- 45 M o2 BRF (8] 450180 7] R, 42 0 7 284S RS e AN SERHPE. AR T
SCHR [82] BN ) I E) A VT RIARHE, SCER [85] $0-F25 B TA I e) dih 52— P AR, {3 ] DL EL B2 g N3 SLA
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FH K P 38 i 2B DB BRI\ SLA, (573 14 FE R 48 0T LA —Aihr BE MR A7 e AN (3% /NI T 3% R R g o b i1 %
BT 3%). SR [86] &10F 21 & WA TAF SR8 BE Vs o O g 1) R4 Y 1 — R BT 00 (e B 7 v, = 24,
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ik, FH DA DR IR 557 SR I BBt 48 T BRI 75 (80 AT G SLA B3, (R IR DR KR R S IV i de 1. Beoh, SOk
[89] Iy P12 th| A48 I 17— /N Tk 2%, X B B &5 S0 AR AE, 8k Gt I SRR 295 I i) . SRR [90] Wi T —%&
FHTGi it 822 3] (statistical machine learning, SML) AR . FEHI A HTHA, SR FEEAS LT 3 NdHM:
1) HEREGETHEEAY, AT LTI A SR IC B A1 AR S8k () RSV fe; 2) PRl SRR, N T i vef g T i R &t
X SLA FRHNTIAS Btk B R KF1E R B /Ml R AT A 045 1 SR I, 124 A1 Re G v A8 B rh g AT 454, LA LRI
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AE AR T A2 B R RS . SCHR [90] $8 HE 1 77 v ] DAAR B b At ke B 40 256 T 428 11 18 TGV A0 AR 35 1 B 110 (7D ) e /M A B2
YEASE AR TR . SCHR [91,92] 550 RK [90] B RABL, H /2 AE R A A 1R 7 vk I B aill_ERNHLES 2% =) 11X LS, 7E UG
AFHER. AHSE, HTHLE 42 B B HBERENSGEAR R F, %7 VETE S A ORI AR R Tei 4R e e 1 7
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USRI U 5 G 2H R, 5B TSR A LL, OB AV o SR S B, WT LIARYE S8 2 e B0is B o 3. i 5l
AR AR IR 7 %, STk [91] 1T LA BE d- b et o) 250900 e 2 i) 67 B BE A 1T B2 CPU 25 4E AT 1] g & 1/O B2 1Bk
H R F IR A WA g5, Rt POdiE I T T AF f7 3 0m B A0 4 A8 A T 51 ke ) S5 VR 75 SR BN A Ak, 52k T g
Bk (e G hlieT7i%) 7 BOAH B, BRI n] LS 48 KB R B (4 62.6% HI CPU BRI AN 76.5% K44 1/0
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SR, BRI AE T AL BB OR AR T 00 ) R R, BR R A, JER RS AL E AT IO X T B R AR
IR AR A7 2, AT SR F Gt PR AS KBl 14 07 323 SR Al 3R 8 VIR 75 SR IR0 J AR =X, 68 P 8 IO RT () 5 2R W) SR Sk Tl
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G I A R R L TR SR SRR 5 ) BRI A A 0. S D R B ATE T R0 AR B 0I5 % U 5 SR AT
R T BT 1 4%, (B B2 T VR T ) A 0 22 52 B R R AR A T N R, IR TR AR ISR E O T
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BRI Sy % V5 A B 28 T DASR AN AR AN S 1) WG FRDIRAS, I DA R Uy 22 w7 DASRAS 4 J) e D0 AT O 82 7 2. L B o 3
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B3 7 BUE R B BTIR, BT DR MESR IR 4 R s L i) R UG B T &R
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Jpecgpacgy  SREIRBRA AR O 0 VORI FPRE, 20 54 I 2 000 AL JL Omegal!®
7 T S HA A T 9 407 T HRE ATIRIIN R G T4

3.42  mECHEEE TIRFR I AL T B S BLIR

BT W2 BIERIRE AR TR T B ST %R, DUNRETE W7 RRES, K S.

(1) Greenplum! ™ V& — 3K 132 52 FH BT 95 MPP 0308 7 (7%= &, 3 %% PostgreSQL ZE 2, #4132 N T K ¥
14746 5 73 AT, Greenplum K %240 (resource group) AT TR B, BEAE AR E 2 SCIR il A R 408 M &8 (FH
F) WG IR A . R AT DATE B0 N B L2 A BRI A, JF % B A IR A B SRR R ). FE— AN R, &
AN GEIR L TT AT — AN B Z N 2 L, A AN EE PR P R RR VR TR AN VR 4. 4 (control groups,
Cgroups) /& Linux WAZ IR AL — Rl LRI id% . BSR4 pr il R B 58 (n: CPUL A7, 10 45) 19
L. R — AR N T e — A 4, 2 46 Linux (0 5 98 %R ARG T4 1 PR 41, HEFEAE 158 X L %t
BF, AN B i H e R BR ). BE YR 408 T Master b 1R 3 & 81 SEIILGT H Ak BRI, 8 Cgroup SEHLXT CPU [ BR i,
83T vmtracker( N 1743 AT T E) Fl Cgroup PR 5 26t PY A7 34T B 1) 95 905 2H %o 8 908 1770 A B 5 n 4m iokar i, 9 L sk
WTHNNERE, R WAL EEZ AN ER RIS .

(2) OceanBase" ™! B #i 22 & 22 AL 1 43 A5 sNECHE 2, P T DASE — SR N 3 01 2 22 AN M BB O RLP , 4
AR — AN BT B R IR 55, B P T DA 2 R B DA AF TR, GV B E RS K . R A RS
X G R R A B2 YR DA BRI (resource pool) FTE sUHEAT #d, B2 B % Y5 ¥ I (resource unit) 2H i, FEIR
BTG BE RS NI IC ) CPUL A7 BERL SR8 4R ¥ U, OceanBase ¥ 2 4L Hf HH —1NEUZ /> Region 41
%, Region HH— 8L £ 1~ Zone 1%, Zone H— G 3L E & IR 55 4 41 . OceanBase (3 2 24 — N FL 7 (1) 93 Y8 .
JUTESERE I AR 5548 (R 5 o A . — /MR A 1 — AN AN R IR B IT, TEREAS Zone PR VR B G (1) 2R AR S5 4 S s
W F =AML B T AN BRI, 223850 4 BUEAS R R 5528 b IR 55 2547 il A8 A 2 — e B Y, @
AT e BT A BEIR BTG, DARRACIR S5 38 R 77, MRS BEUR BT ) CPU AN A2 KUK, 188 52 # BT 7% 3R R 52,
FEA IR 55 %% CPU Fl N A2 485 H % 775 OceanBase SEHIL 1715 s 6] B 2 F 803545, Redt— PR 2 Pl &
BT FR K.

(3) openGauss' " H 5 FiE P55 G 3R F A AZ O 2 RS, 17 T B YR ¥ 2 AR B85 v SEE % I 4 Cgroup
F% B B YR (resource pool) & openGauss H&ff B —FFEC B ALH], H T X EHLE IR (WAF. 10) BE4T R4 IR 32
At SQL Wy FF A #= il 6 77, VRIS 48 58 Cgroup X B IRAEAT & #E. H P a1 95 8 BRIt AT DA SE BN 2 Rk
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I (143 43 2L 43 BCAS 8] 14 005, o KA 9 v 908 2 L P P e

(5) TEBRICHUAR FE 2 48 SQL Server! V5 Y52 B 2% b, U2 YR I 3R 3 HOHE FE 51 5 5491 (¥ 350 3 A B W VR S 0ok Bt
VRE RS, W] LTS B BT AR N R AR 15 SR AT LE BEUR I 9 AE A K CPUL W3 1O A A7 X £ F & 1 R 1. 44>
BRI AT S — AN A TAEFmr . FE A 210 8 30, SRS A 2 e 2 ih o 45 — MR I LAE
fi 20, I ke 2 1 00 A P 43 e 45 1% AR SRR 20 BEURISAT . BRI RN IR S SR I B R UR, A AN, —
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(1) 2 J5 A B0 PR AR R A 1) B A B T A7 B0 8 L R VR A PO R B E 422 i B2 YRR FH 6 11 [ i 3047 v
RO AN TF] T w6 2 2 AL, 2o D AR B P 2 A o 1 BRI AL S PR, L 3 BERFAE k2 BRI
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BEURAE FIRAS, 13 SR SR P (0 IR RN T 2 2 A AR P B R Gl AT S 40 (0 SR IR U BE A sl A Ay il B s 2
B R = 2 AR R RGN 1% B % BHIR TG B 7, 1k G o 57 2 08 YR A BRI A SR R R R AR 1 i ) R, B
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