W4T H s it & HL 2 il Vol. 47 No. 8
2024 4% 8 A CHINESE JOURNAL OF COMPUTERS Aug. 2024

HIEESHEE T RALHREIE
TS R-E T LS L

DOPEARKEGELZEE dbat 100872)
DB S R S R e E S T AR P dEsT 100872)
DO RSN TR E T E S e E  Jbat 100872)

B EERGHA RS X SHAE T 7RG NAFC 1/ O DLl A 003 551K S 2515 22 5 T B Rl
S 3 RO P PR RE . B A0 2 0 ST R e ) RIS 52 2 P A B A G Kl P A B B3 T sl G B S e Oy
ST BRI LU 2 P R B8 2 2 e ) RE R DK I 27 20 BRI B 28008 (L 45k, AR 8 7 2005 8
Bls S HORMPERE AR B AL 27 > B 47 — AU RO S8 AR SR X B S 8080 8 RE R AR IR 7 12
TS FH 1 B0 A Bk I =T T O HEA T BRI 25 . B SeRs BRAT S BRI T 3 MR T P B AN ) 23 o T2 s DA
HHOR R A Ty T 25 20T AT TR ARG . Z R T Tl A R R e S EORE TR S T 24
LR RE U7 S B 1 P v 0 3 1 e B D PR i o AR SONS Rl P 2 K5 R RE I B9 R R BIE 5 ) AT T
JEBL AR SCIE AEH BT S 2 AR 7R 2 e R R VR D10 0 S Y T ik vl ) 1) L AR Bl S5 T
T .

REER HLAE T ORI DML s s b )« Bl 42
HEESES TPIS DOIS  10.11897/SP.J. 1016. 2024. 01901

Research Survey on Intelligent Tuning of Database Knobs Configuration

LI1Yi-Yan"? TIAN Ji-Kun”® PU Zhao"* LI Cui-Ping"”” CHEN Hong""”
Y(School of Information, Renmin University of China, Beijing 100872)
?(Engineering Research Center of Database and Business Intelligence » MOE, Beijing 100872)
Y(Key Laboratory of Data Engineering and Knowledge Engineering. MOE ., Beijing 100872)

Abstract The database system encompasses numerous configuration knobs that govern various
aspects of its operations. These knobs cover a wide spectrum of database functionalities including
memory allocation, I/O optimization, backup and recovery processes. The performance of a
database system is heavily influenced by how these knobs are tuned, making their optimization a
matter of significant importance. As databases and their associated applications continue to grow
in scale and complexity, the conventional approach of manually adjusting these configuration
knobs by database administrators is proving to be increasingly inadequate. In response to this
emerging challenge, the realm of intelligent database knob tuning has surfaced as a promising
solution. This innovative approach leverages machine learning techniques to automate the
optimization of database knobs. By analyzing workload information, the settings of the database
knobs, and performance metrics, intelligent tuning technologies are capable of recommending an

optimal set of knobs that enhance database performance. This paper endeavors to conduct a
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comprehensive review and synthesis of the current methodologies employed in the intelligent
tuning of database knobs. The discourse is structured around three primary focal points: the
categorization of existing intelligent knob tuning methods, the examination of prevalent tools
within the industry, and an exploration of the future challenges and research directions in this
domain. The review begins with a systematic categorization of the existing methods of intelligent
knob tuning into five distinct groups, each defined by the underlying machine learning algorithms
they employ, including bayesian optimization, reinforcement learning, deep learning, searching
based and rule based methods. For each category, a detailed exposition is provided,
encompassing the principles, techniques, advantages, and limitations inherent to each method.
This categorization not only elucidates the current landscape of intelligent knob tuning but also
facilitates a deeper understanding of its theoretical and practical aspects. Furthermore, the paper
delves into the practical application of intelligent knob tuning within the industry. It presents an
overview of the mainstream database knob tuning tools currently in use, coupled with an analytical
discussion of the practical challenges and pitfalls encountered in the deployment of these
technologies. This segment aims to bridge the gap between theory and practice, shedding light on
the real-world implications of intelligent knob tuning. Finally, the paper looks ahead to the
future, identifying and discussing potential research directions in the field of intelligent knob
tuning for databases. This prospective analysis is aimed at equipping researchers with a clear
understanding of the current challenges, thereby inspiring and guiding future research endeavors in
this dynamic and evolving field. In summary, this paper aspires to serve as a valuable resource for
researchers and practitioners alike, offering a comprehensive overview of the state-of-the-art in
intelligent database knob tuning. Through its detailed examination of existing methods, practical
applications, and future research directions, it seeks to contribute to the ongoing advancement of

research in this important area of database optimization and management.
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OnlineTune % 3 — 5 1 5 T 8 5 Lk #2 45
BBt T ARG A BOBAL, (i L& 5
T iyt B FR BE 1) sh A AR AL FHAR K L Online
Tune b3 TR G RELA((0, ), (6,))=ke (6,0 )+
ke(e, ¢ ) Horrke (e, ) R T 2R A BE MY
W s 2o (0,0) R T #%, Fn S E AR LM
PERE . &G NAZ B IR Y S 8000 E A BT SCR L
Iy BRI AR DG, SEIL T RIS

RelM"“ M4 L R AR & T BORAL Y
IS Foeat e ) IEE YN B R SUN S ' T i
SBO (Structured Bayesian Optimization) % [ B , $#&
T GBO (Guided Bayesian Optimization) » ] H
RelM [ & & AR AT A6 T A7 09 43 Bt i AR 7
WSO S R AT T TR A B
25 R N A TC B 052 AR B D T RelM 1 &
AU RelM 22 W I i FH A 1 9 TE A — 2H 2 i Bk
T GE Tt s, s — 20 1T TR Ak 0900 46 9 TE 4K
iR — IR AEHE AR ¢ IRA: T8 b S 0 P 7 B Y 43 B
RS Y, A DA e R 09 X S rh o0 B e
T s ) DO . BAAOR U, AL B =AM IR A48
B gt~ qs T gty 73 Bl 3RS FR G0 1 BT 0 2 4k G AT
H§F1 GC(Garbage Collection » 357 3% [0 .

M+ min(m!, m.)+ p*(M,+ min(m;, m,))
q1— ;

un

. M, +m, L
(12 - . v 2\ ° q3 -
min (mi, m?)

p*min (my, m,)
0. 5*%m;

g ={qi, g5 q3}

AFRE P 5 A SHUSE AR, 5 B 07 B o5 LA 3l oy 52 78
QM & (BN GP(ay,» qh,,,ylz,}))aﬁf_@@%ﬂq“ﬂ@T*
AR FE Sl 3T ET 43 28 (Expected Improvement
score)fifi i » Bl

X, o1=argmax EI(x, ¢ Z1.ms Qrins Yin)

— e BRI H BRI T B e B A Y
SRR BR Ay ik A AR A% {H ResTune ™ A1
WO TR SE B T 5 5 oo e A 1 BB R RE AT 7E Ui
H B D DR MRS T R B R T AR R IE — E Bl
JPEPERE AR & o R n] AL B 4 0 BE R4
[l E S DRI L E B AR E ST e A 51k
SR AL . AR A R A pR R ET U5 0k 1Y 2
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fili b, % & BN BE IR 2 R A5 &0 38410 T CEL 7 %
(Constrained Expected Improvement) » B[ 5k 4E bR %%
ML B @ (0)=E [ max (0, f,,(Gy)— [, () 122
B aon=Pr| f,(0) 22, ] Pr[ ful 0) <A ]0(0)
by, (0) R M2 ELIL & Ry 0B B P ) B At )
s 0, R 25 T IS 20 G U R R A1 0, £, (0) 5
Fu(0) g 2070 Wi i B T A4 5 Hh O A i 5 AESR L2,
5w AT EVERER) T AL SRR AR B Al
FH b A R A eRBORT LA S IR 05 A2 PR 2% F HL b
(CUERARIAIE S U

XA Y VR e Tl e A 1 X
P S R . AR A O A E e R IR G E T N
A3 S A AN E b B 53 S A T i i R AR AR
VR LAl 2 2] B, 7 3K SE Al 27 2 28 (1 BL il P %
T = ou s Ly Lu(0)~ N (0),00(0)),
Horp
)= 20

>ile
ou(0)=0%:1(0)

g N BER A7 ) AR AL . 25 TR B H AR 17 2R
WL 4t R B AT, T H b £ 3800 BE it 2 ~) 4%
i A R K . HR A A ) AR AR RS SIS
(1977 KT, #2877 45 il i Epanechnikov quadratic
kernel J7 ¥EPFAl I s 17 2 5 H bs 7 28000 A AU I I
T AL 2 EAGE s S S T R 2 A S BRIk
— AN EEAR S ] AR RE S ARYE T A TR MR RETE AR LR
HEF S WA 22 2] ge X oo > fe A H

BT LR T Wk B A BO LA iR A —
25 BO BRI R 1AL T B ML AR AR AR, o
LlamaTune & i i) SMAC (Sequential Model-based
Algorithm Configuration). %1t B8 X} T & 4 #1432
B AR R A . SMAC i i — A & B AL N Gyl
o) s Horr p Fil o SR BEHLER PR BIE R 7 25 . SMAC
SCREFTA B2 B A A5 I B L B ROR 3 AR AE
2.2.3 JHRITH

AT RS B o A T P s A L2 ek s H
PRIAAOCAT: 55 REAR R B2 w5 R DL R0 . 7E S BOA L
U TR AR R AR T 00 Y £ 2 2 Y T
PEXT TR A EEE . A e 4 A i
BRFEAC T s Z S 2SR T R RS HESE
L35 TAE R (Workload  Mapping) FIIITAL &
Wy 1 2 4 Al (Ranking-weighted Gaussian Process

Ensemble, RGPE).

(D EFFIEL

BBARRAIE T 2 70 WS v 1 DG ) AT, LR
ELHE G R BNV e A5 ER 75 D7 0 Bt rh 3R B i AH
LAY 171 28

Otter Tune 7 40 Y FE 19 17 R 1E A B il
JHDBMS 9 N 46 bRk 138 T #ony 2 80, o 5 —
AP AR AT AR T — 283 Y iR IR SR s 1 T I BT
AT BT R G5 2 SR 5 A OB (B i A7
FNEAE G R .\ A 43 A (factor analysis)
B J7 IR C AR I FE AR G s B A TR 4 b B . L
1R T R A8 FH— AR R XA AT R A 46 b
G R 2eilat (S HOIE X, RN B R i E SR
R E T FA 5 — AR UL, AT R
FabR 1 R A B R B PR A5 R A i Ze bk
HA UM R RFE8 b5 7E 5 i SR80 I R4
FRPRTE U i R 50 I, 136 B X A R EOCHR PR AR
5, AT LA SE 3o B DGR PR AR 58 1 S B R AR S 00 T
AR R LIS B AE U 47 18 ok A b, 1 k-
means J7 AR TR AT RIS RFEEE ki E &y
Bagh i IF HE TR O IR R 45 X AR 44
AT b g — A 0 s RS 80 P2 —A T T )R A

ResTune ¥ 7 ZARFEAL E 2500 =20 A A
[v] 7 A v SR B /D A AR, BT D AT DA D kR
RE Y7 o 1T R B — S S TR] (D Select . Update 55) . Jf:
& H TF-IDF (Term Frequency-Inverse Document
Frequency) 77 ¥ BEAS A ) T BRFAE 1] & 5 SR 5
R 4l A A1E 1) i XoF A 36 it P BE ML AR AR 9 5 3k 4T 4
26, IF AR BT FUI A HE R 5041 s e T SR kb i A
TR RE RS A I M VR T 3 R E(E . R 5 2
RV 3 2o e 76 1Y) H AT AR R B BB RRAE

Online Tune =% 7% J& % J2& T X 3 A A 17 2K
I3 3 A 7 2 T8 o o 5 A T A Ok A T 2k . A
B 38 2] LLUYE — 4 2 it 5 X A 1) 4 B 1o R A v
LSTM Zatith - it hih o 265 > $ B 1) 1) 45 8 i » I 85
TAER I TIZ Al SR a8 X 45 L 0 e A BRIk &
AR T — R gt T X A R R A A T
S R AR — S B AR AL A R

(2) TAE B 2k e

TAE W) B R i Otter Tune 2 H . B AR P8
B PEFR AR A 2 X R K B AR TAE S 805 AR U
Py 52 TAE S DR RC, JF 5k A 28 TARE (7 800 )
gL . BAARRUE . DBA Gl i AT — 2 A i i
—NREAE I R GE BR L SRS CBE AR AR ) 1 L



818 FRFE . HRES AR eV SR 1909

DA 235 5 D7 s B50H vh i B kA 7 b, $R 31 5 Y
HIRE R 7 R AR ALY B 280 . R 1 R Z A 2 Al
B¢/ TIE AW R I RS SUNAEA € L I & |
GEA AR PR A . X FP I AT LS AR BT BO 1A
PEAs R, F 50 L LT Ir A Je 22 2T BO AL
FRARAE IR T 13X — EAH . Online Tune 75 M Al _E 4 A
DBSCAN Ik AT RIS I HI SYM ik A 2]
— RPN R B R A
Hrad B2  8 AR BA5 BP0 (MD R A 22 5, 411K
T A B TR 53 i BT SRR A . AR PR L — A~ T
BRI SRR AL PR PR 3R L AR5 DG TG A A U 114 97 26K
2RI EE T2 0 S Y il AR AT IR A0 DA T s
BT B

(3) A ey B ah AR A 1l

T s 373 R 4E A (Ranking-weighted Gaussian
Process Ensemble , RGPE)"“"& 55 —Fp 3L F BO JH 1)
A EE U RGPE 38 o 7] IX 4 (AR 405 1 #H
Uy S AT 55 B B AR GP A AY | A 2 it AR X HE 44
P4 3 BE Y LAE FEAS [R) A9 AT B B80RI A (] A st 4
WhEh e iz Ak . Ry Ak 1 ISk H 2T 55
14 JI A LI A AL B vy S aok AR ASE Y i A (1) R
45 1% . ResTune % F RGPE fill i H 45 4T 45 #4998 1
2.3 INE

LT DU H AL ) S BOE L AW S BRI
VEFRFAEZS (8] 1 i 8 GO Ak Tl R A S AU AR 0
ZR-PERE IR OC AR, 1 Il TR 2 PR AT R R
e & (). T DU A i S BOR DL B R B
D B P LA PR BRI SN A AR T B R R
YIREE - 75 LR AR KRR Lo i i A I A A T
PO AL YN S . e Ab B AR A e LUK ff b 405 A2
A T T ELAE S AR R A AR AT AR & NP-Hard
Ji]

YE RS BRI R 250 T 1k 2 — ARk AH
KTAEZ ARG . BF5E N 5L B DGR T o5 3 ZEAE 46 0
FRAEZS B BO SRS FHIRER =y . Hod (D 46
PRI 25 TR AT DA 2 I8 DL AL  DRUE VR R b AR X
AR S B [R5 R BE AR A RS
AH G B T K 20k LLIE 1 R 4% 22 A8 i R P03
I (2)% BO BRI bt 3 AR vh /e R A iR BRI
RPN I T, e H 8 F 20 TR CR 1 %
J& . A IR R Z I8 JETE R BO LAY | 5s 3, 1%
A 2 2 DL T e 25 P 245 S5 A AR TR (] s, g

X RO P2 A 0 X — R SE AT 55 B RRRAL B (3D
PR R T a0 (B L B A 05 1 4R
T RRGE RS AYBOARAEZL, X TPy s R LR | 3k
22 i A A A ) U L/

SR SR R0 R AR E P AR O 5
IRz AR T DL AL A 2 B L SR 2 2
e 9 PR AT R SR AE X 8 75 T TS A AR K A BIE 5 2 ]

3 ETRUFINSHIAMLKAR

ST DU A 18 O 7 vk 1 LK R
LEREPRE A FPSA BT AR R R L LR ) i P Y
A B BEAR A 1 T A HLAS 27 T K 4 B — A b
B USSR VA A B TR R Y 4 v 1 AR
SRR ARAFAE— AT E A (R BV — B B i A
fifp AN BEPRUE IR — B BEAY SR LA - I HLABE Y (4 AN ] B
B n] RETCTEAR Gy 3t AH L C 5 5 DR A wfE L S B i 321 S
77 A SR RE

PRI — SERIF 5 N B3 Al 5 A 2 ) O v A
2 S 30) S ) 800G PP AL AR G . iR Ao o) R R
W% BE A% (S ] D 8 A A R I B 2 M L S B i Y
PERE , ok 1 B 46 By BOW AR R I 2R AS 1Y
TAH BT DBA 1852 PR3 57 Hh ) 0 Ui Rl 25 2l
A 5 (1 25 il o 5482 (4 T T Al 3l 2 P e )
15t 3 T BOABTATL ] 452 4 S 28] i ) = > 2780 5 56 A
= > VR TR B R P SRS A D bk A e i 2
(6] R A U BC B — E PR JE LA bk T A [ml )75
R i PN E I

Bl 4 PR T 2T oAl ) IS ROA I 2 24
AR 32 2 HARSN Y 1 i 8y s W] DU fle Ay
VRN B xd i A 27 T B D7 s A ORI S 2 s
[HEGYAN RN S B gl IDS AR e At

CDBTune

BOARARHIE REHER

QTune Hunter

SRR

BLUTune

K4 JETsRiler ] S EORI0 3 EHOR A
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x2 EFRUEINSHEIAMRTE
LELWiRES AR IE 53 6] RL A58 TR EPt
CDBTune” DBA DDPG Fine tune BN IR AL 27 2] AESBOR R 45
QTune®™ DBA DS-DDPG Fine tune 4 query {5 B 5 I A BRI FE
BLUTune™" DBA advantage DS-DDPG  Transfer learning TN T W B B2 )
Adaptive Multi-Model®”  DBA DDPG Workloadmapping 5 BO i West BB L, Il T 24
DBBer(® Hints from Double Deep Fine tune ‘ﬁljﬁa NLP A, M P 5 S 3 B R T
manual Q-Networks P
Hunter™" PCA &&. RF  Two-stage DDPG Fine tune W GARL S I 456 I B 2

3.1 SEREKPHELES

5 £k %% >J (Reinforcement Learning, RL) , 3 F§
PRI PPN A 2] B s A > SR LA T
M7t Z — TR Al PR Be AR CagenD 7E 5
FREE 0 32 B3k AR v a2 2] SR LAIA Il iz e KAk
oy SCELARR E H AR A IR A . S S (trial and error)
FIE IR 22 il (delayed reward) J2 5% Ak 27 2] f T )
PN .

ARG - MEFBEATER RS
(State) » ¥/ 5% (Environment) . % W% (Policy) » % Jil
(Reward) , li/E (Action) LA & & BEIA (Agent). £S5
BORAATE 55 rh S A BT 2R 5 AU R B R 2
(] B XoF 7 O 3R DA R A 8 43 R A8 ELAN L 5 s . BLpAk
He il :

AREE (RPEZS)

s e e
B R $ ) (MR ML) G2 %y
—i R Gt ) ]%

K5 fess ) U OT R SRCE IS5

(IR A (State) IR ZS B 24 15 B 210 59 3855 1)
FEIR S 30 5 DL P2 ) N R bR 2R IR

(2) B 1E(Action) : B R AR I8 i i ZI FA 5L 1Y
ARSI ASCE AT A o BIVARL A0 5080 P2 > i ) DR A B 4
S HIE .

(3)¥13% (Environment) : 745 2 5 8 REAR A &
YERIBR 43 e B RO B bR . RVEUE I R 48 .

(DB e (Agent) : B BEMIE 1 5 RS AT 22
I FOREE BRI — 2 i SR A AR 14 Bl

VE AR PR B IR s I AR i PR IR0 IR A el 28+ K 1Y
Pl R SR . R X BRI AR AR T O H A
ZVESHE PR 1 25 T N 4 e BR — 2 1R SR 45 Hh HE 77
A THC 5 (] AR A0 50T P20 %) P B 72 1 B 1A 0 54 s
DI LR e

(5) % il (Reward) : 2 Jill 5 5 & L T 4k~ 2]
(R B » 76 BRI TR D 3R N L PREE 1) B g 1Ak
Abn i (E B A 22l TR SR RER RPN . 7E
L T2 T MR AR A T T R M RE SR B T
IS W ST 4 P TG 2 X R 2 S i) ) G AR

(6) W& (Policy) : T W& ST F BRARXS T 45 &
AR AT R e mp i i, B2 — D DCIRASRIA T
R SRS R R AL 2] R R SE A
AT DL3E 2o SRR B 8 T AR T AT R . R BLOR
W Y2 DI R R 2 ] X 45

s A ST YNZRIN B 58 Y FT RS S & 18
W — TR AZE IR A T e,
B4 agent R T — AR5 5 R, #% T 2K agent
AL DL R B — 26 B BE AR O ZR0R , it ik A
— AR s PSO89 AT R S T LTI 35

s A 2] Tk AT LAY o =28 T B Tk
(Value-Based RL) . % T # & (1) J5 % (Policy Based
RL) %SG — 44 1Y Actor-Critic J7i% . S50 40
B E B R E TME R TE (DQND FIZE & =%
i Actor-Critic J5 ¥ .

T8 7 AR i R B 0 > AR A e o BT
A NE RO E  IF BN 8 B SR BT . Q-
Learning J& — i LAY 1) B T (8 19 5 Ak 2 > 7 i
HoAZ O AR DR A B XA QA s 7E 4 i
AR R A BN ERR AR U 4, IR AR ] b R rh
TR A& . SR, i TAIRE MRS S E 2
SRR E R T RS S ECE WA A 50 2
KWFEEL ] K K Q-Learning i H F 848 5E 2
BRIV SR . Ok, DB-BERT “*2R F IR
QM 4% (Deep Q Network, DQN)"* S 472 %4



S IR BRSO AR TR SR Sk 1911

e 38 3 o 2 X 2 AR i AR S Sl 1 A A (R
TERISELILED 1 QB e T B K Q RAEN .

FEF AR Y 5 Ak 2 > X B — P T AR A
R SRS AR A 3 2 e SR U A A T R L 3
FhO7 v AR/ N AT A AT e . Actor-
Critic W2 = FH 45 G T2k, Hrp Actor #8532
3 TR AR Y A B E DR L Critic #8453 7T LA
FETAMCE I SR 45 0 SR A O (B PE ) X R A0 S 30
T FE policy gradients Hfift 3§ A 27 > 1y iof 72 .
R B 2 M 9K W& 86 BE (Deep Deterministic Policy
Gradient, DDPG) & HeHp (il L8075 32, AT TARR
2k AR Aok 2z S8 o e e B s B 1 &
e s A TC I AT AR B2 (] A R Az 1

FAm s LUIR B 2854 . BA SR U, Actor #R4E 4 HiF
B 2 ) RS Crl R8s P N e b 2 0O HEFE T 2
Critic AR 48 HE 7 1 1T B A0 > i 20080 12 ) DR 28 4w o 3
YEUE - FH LATEAY Actor #E 72 BL & 1Y 43K, Actor #R
i Critic A 4T 73 11 58 WA 2 5802 137 ) 2% 244
DIHERE TR JL I BC . 38 2k ST Actor #E 77 19 Bic &
Environment 23 AR P07 T 115 £ 2214 RE R 30 CF £
it P2 AP FRFE bR A 0 1 A8 Ak 153 22 il Critic 48 (0
FEVA B2 T I 12 B 090 46 450, SE 3 Actor #E 77
ST ER R OB I B N TR AW = R i
sk .

3.2 HXSEAREERKH

53T DUMSr DAk 09 2 B0R D005 2241 TR
AT DRSS S T Ak 2E ST IR H AR R o S5
() 25 9 RL A Y K IR RS =300 . 457 SRR A
RIS N A I B 7 T T A e
3.2.1 BB A4

AR T DUt S D0 Ak S5 5 148 R 9 7 v R 0, 5
f2F S R U T S & 2 S50 S L
IR . (B DDPG 455 Ak > A )1 ek 2 [
2 BIE a4 R A s, G SR A BT S A A )
il , 2 B AV S BORBLS T 08K, #E 1 53
IR IAS 5 B . 25 R BN AFAE — SE X PE RE SE e AN ik 2
(9S50, DRI T L2 Rl FH 225 T 4 ik 1 7 v % 280
23 (A A TR .

CDBTune™ . QTune™ A & BLUTune " i i3
LRGN TR EE I 1 S50, XA 4 Ak
TE T RE P 1 6 A5 R v RE S e B R i B S
B PR AR H—J7 L TS R B Rk R — 2
B EEM LA TR, B IR S EUE &S5
PR A% 0 A0 R M 5 o) — 5 T, 33 R i AR R

DBA 225, H 3 /KA .

T fREPLIX — ) 8, Hunter ™ & F Al Otter Tune
AH [R) A SR ARV 2 2 0 SO AR &R 2 [ Ak ds , il
if PCA (Principal Compolnent Analysis, 32 B¥ 43 43
i)W 1 RF (Random Forest, B AL £ 5O 318 s 4
23 0] 4 3] — A BRI 4ERE . PCA 2 —Fi L2 >
J7 38w T RS s e 5. e — A R AR
g S 2 R M VY N A DS N R NS ¢ S
& Hunter H', PCA 5 8UHls XER, . % e 0 R 4k 54
ZER ., o u AR S AE R AR B, 1 R AR RS
FRARAN B HH 1S R « S HURSE E o 2 .
M= IRAGHEF PER, .. W Z=PX, Z H 448
AR R X PR AR A A S . P S=XX"1Y
o FEAIE ] 2 2H AN, 3 SEREAR 1] £ X LY T top-v N RRIE
{8 LA TR B9 0 AR E 22 . B A B T 2 2080
EAEWRANJ7 o] b B B KA 520, T HEA T 25 1Y
PRIAE Ry T 28 5 Wil R R TER 1 » Hunter
R # CDF (Cumulative Distribution Function of
variance , Jy 25 1) RIS BRBO B E v.

Hunter 254 DBA [ 53U 52 50 25 ROk e 48 5
BOWECE . ESC Bk RE RF ROkt gl 45 28
RF J&—A WE AL as 2% > J7 ik T Ab B3 2 A
] )R . B AT DA A R A~ B 22 TR SRR 2
M4 SR TSR 19 B 240 . Hunter 4%
SRR (CART) A4 38 PSR, L RF 55
1% H1 2001 CART 4, R 283 SR 0N . 4
CART fRFE—or 2288 T AW S 500 s 22k .
CART 438 (19 2 BRI 2 & A I 2Rl 72 Tk i g A
ST E B — A PR BT R A PERE . B
b KER,., Fon n B R IR H Y L ) AR
CER,.,» H g-dimensional FE1iF J& I\ K Fll g<m
1Y) m-dimensional #¢ fiE. /h BEHLAH AT . B> CART
1 CER =Sy HANE Y . 3 R E 7E A A 1 2 804
EHHEREANSHWEZM . CART 3T C L H M
Al 38 0 S AERFIE (RIS 50 DT 543 2 H Y Gini &
B A EEAR R 38, 2R R R AN BT
H Y CART 1T A% it C o 44> 24 Gini £ 50
{i . 2001 CART A9~V {8 ] DL s> S B0
BME . BeJE » Hunter i3 4f i 2672 (R 2205 )
X SEHA TR .

5 Otter Tune™ it 1 19 LASSO S A1 EL , RF 7]
DL i HZ A5 18 A s 3 S 80 1Rl 52 0 1A
JE TN 2 =020 5 R AR Gk . X fifi 15 RF
BB A B3> S50 W E A 1 JE M e 8 A R T
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fift 5 22 1 28006 FH P 130 SCAG 25 AL

I3 — Pl 48 DRRRAE 25 [R] (%) 5 35 Gl 5 NLP 7 ik
5B L R 0 1L LA X 2 88000 0 A U
TR AT R BRI o S 25 el /M 2R 23 ] R
B . RZEHR R E LT as TR 2R
PR EEL  ZESEA T8 PE VRO Z 0 D) 1 24 15
DB BT W] LI el O B2 LA K s/ Bir s Y11 24
B L [ 3 G R A8 AN [ S R AR G R - AN
[F] T LA 3 e e 12 A B O3 2 PR R A T e
PIVFZ A M AR5 B . Immanuel Trummer ' 7¢ 21 4F
P2 A B NLP 33U 98 00 SCRS » T A AR e e
R DL R AR e g A A AN I AR R . VR & (R 15
YIZR Y Transformer A5 76388 1o W5 B 27 21 U042 55 I
P A 1 ), AR i 7 BRL Y i A AR 4 O
KRB SECRIE . 7EICERE AR k253t T
DB-BERT 250 AL 4% - AR L SRS £ i s
W (] b o LSO 138 AR S ORI 9 1o T A
sRAb A 2 R AR PR R g AT, DAERE
FINE R R0 AR B A DA R, LAHERE
LR BCE .
3.2.2 srfkie iRl

CDBTune™ e F- ¥ it 4k 2 2] 5 S BORARAT 55
248k 8 H B9 JE Actor-Critic B8 DDPG. 5 42
TAERZ A H IR g6t — 2 8t . 78 CDBTune
HVEE B A 1 DRL B 2 58 AL e 36
55 RIS PR 25O AN 32 30 J 0 IC 8 48 %) 52 0, T
A I B0 A 5 B, 3306 T e 4 7 R T R
EHAH] .

£ QTune ™ v, fEF # H T —Ff Double-State
Deep Deterministic Policy Gradient (DS-DDPG) #
Y, %A TR 3 % 18 SQL #1942 w T (R A i 26
R Ad ) R AR S8 SQL E AT 1) iR
IS FFBETT T — AR B 2 X 45 3 T ) AR 1 SQL
TN AT I B M R R I AR AL . SXRE AR E
PRI T SQL A B 42 5% 1) £ 48 43 A1 Fn A i A A
AIAE B i HAE 2R 5 e AN BRI BT SQL >k
AEBORCE FE () e e PE LA A G, KRS T
FEMT .

1fii £ BLU Tune 'y, /R #E— 20 73BT 3£ il
FELAR TR ey 5 e B5CH P RE R LA BRI L AR
I X IBM DB2 H B2 ZE 61 11 4387« UE B S 500 0
B o i AR AR AR A E AR AT TR (QEP) Y
S5 R VR P 1 B 2 T R ) A R A A AR T
] PR AR AR A T — A T M A 28 R 2R HE

FET SO A R AR RS QEP MU B SR
TR RN AL Y A0 il by B am) i A 7 1) s A R
7N s AH HZ BT QTune ¥ SQL AR B 17 ] #L10 FRAE
b XA TR EES I QEP R FEE IE S . FRik
Z 4k, BLUTune f# F advantage actor-critic #5575 %
T CDBTune it 19 actor-critic 5 {27 > LAY | (&
4t actor-critic A HH Y QCs» ) Joik A2 2 — M RAE
L HAt AT REAY 34 <4 2 /7. itk advantage actor-
critic HEIA TP PREL A (s, a) il i 27 2 R 3am A
& QA PR, AT LA AR AL (%) B A o mT DA b 3R
W O 25 PN %) 7 22 5 DTS 31— B RS A

BLUTune i X 4 il & B AT T 04 . BR5E4E
TR BRI R AT AT VR AR AE B i) 5|
SRR S 2 OCE . critic (1 FH 2 o >k 1
g5 2 AT 894730, LT g3 . fEx %
Jil e J T 45 e AR Y VERE  E A ER A AL
§ R AE R I . QTune 1 CDBTune #92 fil 1
M T 5530 Ly B B) ATET— X A PR BE s BLU Tune WI7E
ZHTN B E O rh R T R Dy il g, DR
WStk . X g s B R PERE p,» BLUTune 115
YT PERE 2« F p, Z 18] O BRE AL 2248 SR 5 X B ME
N7 T F6 B Uk 5 J K T A (BRI . 8 B D T
ey it g 52 B AR I BB e /b . BLU Tune f
Fi 7 L2058 A B — IR PERE , IS B 5] 5
P, I8 R B AR — A1 7 ) B S AT & Sk
i . [RIEE SRy TRk A A AL T R AR A O
NAEAE R SR SO0, BLUZE R i i 5] A T 26
TAHIEEB I s BIFE A Ry 1138 B Y B AR fE L
TSRy B AR /M

Hunter ™ W7 22 3] 7 ¥ )3 sl By [a) 8. x4~
AT 2R AN X AN [R] TR B 0 2 Fh el O R L 93
Sl 2 BRI AT 58 25 5087 T AR B 2R DL JE T ey 4
TERABCE . — AR R 7 R A X RS P A T
VES B AT IE AR R o (R B 2 T ke (9 (5 2 V% I 31
14 [ R, PR Ry 5 2 Sk R IR R R B P i TAE R
# . Hunter 42t T —FP i FHYE G5 5184 1 fife DA JEL 3%
FE8 FH DRL XH8 228 (B JEA T IR 3R Z 01 . B 5 fd FH st
& 8.3 (Genetic Algorithms, GA)™ FI A T H# ] A=
A — SRR BEREAS , F T DDPG I iG 1k . ¥ 5 3l
[ 0 X AR A g Jo I R A AR Y TR AS T iy
S P IR T 58 IR A Teie At AT AR T ik 4l gk
fe B B AR — T T A 55 . Rtk m s A
A R RO E N . AR R S PERES
Bz 6] (R AR AR | 38 2ok A8 SORIAR S plesi 27 2] L BAR



S IR BRSO AR TR SR Sk 1913

TRMEFE S 2 (19 20 B h R B AR L B (e AT AFEW)
W BORAS E I AREAS . 5635 . DDPG i 13X SEFE
A AT AR B AR, DR L

AR T R AR AR BT 0 A2C 5@ Ak > 7 ik
(B DDPG) . DB-BERT™ i F %) J& 3 F 1 {E 1Y 5%
27 2] W 4 BRas AT R LS 2 1 fig (FE P
B LR BEEEINR ED e 4 R R Z e 148
FAOR A B A e B . HAACR UL, DB-BERT
i 1 T Double Deep Q-Networks 58 fb 2% 2] .3k .
TN HIZ A DB-BERT #5548 6 10 il 2 S 2
A BRI BIE R /R ] R (MDP) . &
WA IR AL BRI — R AR B H 2
AL, AH XA 5 458D LA SRR AU . A T )
FINLP #E47 X 26 5% . DB-BERT ¥ 5> P 5 £ 10
5 — A SUARBRZEH SC B . X 21 DB-BERT fifi
BERT Transformer H 52 7R SCAS FIPR SR RS
3.2.3 FNHERH

ISk FF AR A 70 75 BEARAS B ], R kg R — 4>
YA BREREERA T 18] LA 7= A8 B RS Tl . 4y
AR TEXT RS G E BA KA 2% OLAP & i1
TAEGERMAT AR X — SO0k 3 ACHAE
SR )77 A ) 06 S 8O0 A Y RERE , R BTk
A AT RIS IR L X 0] R8T 2T I R LN S
B, HE— AR T ) AR B R R AT
PRI, 3 5 R (AR P T IsF 1)1 R4 B )0 0 AR
W

R T Ak 2= T MR s v decR A AR EE
¥ Fine-tune. {1 CDBTune™ #1 Qtune™-aJ 4
3 R P S AR B 3Ok I 2R B A 1Y) DDPG #5
AR IR A8 S A P BB I S O L AR A
P P 04 SEBR R AR 17 2K 04 TR ), WAcE S st f B R BT
FEZAS L o I 908 1 oA BB OO | 3R 1 el 2 ]
DA BRI 2% U5 A Bl /0 i L S A PR 7 T )
TAESA A AR KT AE %5

BLUTune ™ W 5| A T 3T ER 52 1 2 B B
2o o AR R AR ) E T A R D — AT 55 B AR
A5 1 R0 IR N T e g — A AN [RMERH DG 1Y
1R 451 BAARSRE, BLUTune & 26l 25— A5 5 ,
AR AFXT A 1) B 18] A P A A Ste iR
AR TN ECE . IBM DB2 RE7E JLZRP I 4 1%
— AT IR T AT . R B e AR
SIEEACH. H AR R P AR R BT SR
YRR . R POZATE 55 45 21 0 K AR, 5 —
AT 55 Cle /M FRAT B 18] %5 A% B R 08 EL 55 25 2 I

£/ £ T 37 W N7 N I 2 i e 7A R (E g
TSRS BOR 5 1 et A — R A F 4
X BLUTune iJ L6 E /D i) Bsf 8] 1| ZR B4 7 5 ] R
THORIBETRY . A () 356 AT B[R 9 08 1) ML 4R 5
% (41 QTune. CDBTune. BestConfig %) #B 1] LA 5
BLUTune i) Z B B BARSS 5 .

537 BO M W AR 5 vk ot gk e G
(workload mapping) 28 B , J& - 22 A6 B 550 1k 1) 11 46
PO R GE 7 AR R A2 1 A B B AT I R A
TR IS, I FH AT B 2 > KR ) TAE gk ik 4 1)1 2k
13224~ DDPG #E R, DT FH T 28 G5 19 3 (AR AR A0 3
B ZIEE T AR R SR B A 2
PR TR VL T B P R e i M e S RS HEA T AR LR
D)5 [0 B A o 3o P AR A 5 22 30 25 57 DDPG #5
R R GEE R T AR SBR[ 5 R LR B A
VEPERIIY AR Y BT A S O BB AT LA [R) i)
TR FE SR E . 2 TAE ML A LR &
B HEAT AR 1) AR LR 158 . AL Re A8 A
FEABL T A 1 B A R SR 22 56 A TS AR AL, 4 85
2 2] MM SIGHE 2R, DT A7 R0 B THEICHE 2 R 48 1
Fuk I AR E R A RIF R EMES A&
P
3.3 N

FLT Ak 2 S BOR L AR > i A
AR 5B R LA —— X B, £ B DDPG 4§
SR A2 2] RS TR gt e R O TR R . 5 At A L 3
TRk aE S WA TS G T 2 280 KR ] Y
T, FETR LR T BT — 3. SR, sk
AW SRS , 8 75 BT /N I 2R A e
KBTI .

55T DU AR i O YA S RL A RN LR
27 23 J5 1 AR 1 A R R A v A 40 DR A 25 ]
5 Ak 27 ] BT R GE B = 07 1 . (1) HRAE 25 0] 46
I RS2 T X RIRR 0 2 R AR T DL A4k
RVt AL > 5 TR N e A [ PR AT DA%
BRI S5 R, 5 Ak 2% 2 v 2 g (9 1 25k
FE AT LUK S50 [ 4 g A R AR — 0 40 Al A~
PR (H H T DB-BERT kA H 2] T
X— L A TR — &R (O XA > R
et B AE R E DDPG A |, ] L% e 22 H A
SE AL 27 ST B (AN A3C 45D, (3) 584k 2% 2T BT FH B 1
PR 712 4 Fine-tune. 78 KB K & e 14
K BRI — A~ 5 hy 38 FH A o e A5 28— AN {E
FHIF 5 114 [



1914 it

Pl

L
&

Eitd 2024 4

4 HSBAMRKAR

AN A T Hp =M SO % G R T
FLI VTP 5L T 8 K A R T IR T A T iy
ST (SN V(8% R sy R IS R E = g ]
A ST TAEA X8/ AR AE S B0 0 AT A 45
EEBEAEN . AR X =Rk
4.1 EFHWTENSEHER

BT M DT EE B 2 B O & B X
PostgreSQL Y PGTune* . PGConfig*™ 4 ) ¥ & T
— RINVAIWr 25 BREE X P AL S5k, DLEC S —
HATEMELE . LS5 Effective IO Concurrency A
1, & F/R PostgreSQL 11T DL [R]85 $0 A T 19 9 A&
B T/O BAEM B, S A A AT DL hn e
PostgreSQL 2= HREHS IT-47 AR 1/O #AEM%H .
T A 30 s L ek v 9 A LU DR 1 3 BT T
o HE R =) H &1 UMY CPU FH4 , N I 75 22
MR A 45 S5 AR A TR . SSD DL S A 35 T N A7
MYFEAf o RR AL BRAR 2 01 A F oK, BT B AR
WIEECE , IAE PG Tune W, W58 P 72 A 2 0
S SSD, I 4y tH %) Effective 10 Concurrency #E#£ K
/N 200.

BTN SEORES BOR S TR S
FEP BT R R T E R RO B TR AR
Y5 Sy a7 B, A RE S B 43 FEUDRE BE B RS . O it
Wil 8 N0 T — ol 35 TSRS D) 0 5 i A
R MERE H WAL 7 . BORIEL ] (fuzzy rules) fig
W LAEXXY BB ZJuBii C R IF xis A
THEN yis B. HH A B 43 10E XATY _E A #81
L Cris ATFRON SRR “y is BPRRONES S . SLIET
il B Ok T — B R IR AR I S ECZ M
. B0 PR RE TS A b T 3 — RS, T2 000 ey
24k

PLIRIAIE Oracle B4 2 0 5] o 1207 5 1 Sa 1k v 4
8 12 7 48 (9 DBCS. SPS. PAT =4~ & L K
BCHR.LCHR.SPU.IMSR MU/~ fE 5 b5 . % 5
BUE FEHCAWR A 0 B S 800 PERE R 5200, 1
FHIF-THEN BUI A= s KL . 9K 5 6 2 B0
REA45 b5 19 1E 25 BAL » BIDRE 53 g AN Ta) i IXCTa] A ]
Low . Medium . High & 1# 7 28 i1y B~ X 8] 4] 4355
DR R ER AR R R . T SE R
J& BRECR 53 B bR B R R S EUR A AR, THE
SR JE pRBUE AR BT e S B A e AT 4 X (0] L 8K

JE TR R R R A 1Y SR8 pREUE  FI T e R R S
Bl DU 2 2 15 HOR 2800 B it 2800
AT 9 7 2 28 I W 2 B0 2 15 A L 2R I AR R Ak
DISE g J5R 3 DL St v R G he e 1

SR L 7 ¥ e B N T A S O B U] 2, R 0L
XPREAS B0 A MR R B AR, AR B SR AR E N T3
AN H H AT D S8 A B R R IR
A L ORI 7S [ 375 AN
4.2 ETREZXHZNSHEAMN

Jia A G R AR B T 211/ 2 A T — 24
R AT BB LR 73 X . Chen
SR A S A R ) AR K AR Z AT R SR A B
ARG EHZMA MRS $2 0 T “experience
transfer” . ¥ 7 Gt Bie B 22 1] 1 4R 5¢ 2 00k TiE 2 1A
ey HIZR 56, 4 G — P DL 30 0 26 48 S 0530k
KR MEABCE . HX R KBRS, REA S
S B BT A AR RRAS S A AR A S
ST AT A2 Ak SR T AN R G0 B A TR A
H5E Y 27 [) 2 B0 AR 4 3 R R AR L R B —
PE B R AR SECZ RIS OC R il ad N E—fCE ST
19 DL Hr 9 £ Hh gl e 7 A B R AS W E 2R T
W R IHREA A, IF A A5 28— AR X 2%, 916 20 1%
AR BT P A AT B TR SR A 17 e (I DX, A2 2]
T TR AR A 2R A M, SR 2SS B de A

BestConfig ' # | divide-and-diverge sampling
(DDS) SR A 5 72 Al recursive bound-and-search (RBS)
PP IT 1 PR R AR SEBURAEFIA AL 7R . DDS 1 %%
B T I S BGE IC o N R RS
B BUE TG BB R 43 1 KA X ] S R il— 1~ i K
A a5 2H R A ] DL R S50 1 A 3% 2225 (]
X153 2R 22~ BRI 25 ] o SRAE I DA 5[] B AL
PR — 00 RIE T XA S M e 2 E w5 [
FPE SR AL XA S0 A~ DX ] L% i —k, LA
IR B AT 3 A L A2 B IR BRI 0 H Y T2
14 DX [R] A H0RT DA I8, B DDS 4 K 2 1
TE 5 P BR ) T B A AT R . FER O AR
BestConfig il A 5488 948 R 551 (Recursive Bound
Search, RBS) M\ 25 H{%3 [A] L £ m DM EAE K
ZHC R SO P R T 25 o s e R 1 4K
P EVE BB B A WA AS 10 C Z I HRBNTE 1 L B
AN SEUETHE ) B/ INX ], DI L X R 2 i1 5 38
T ] RE A AR B 1) /N RIS HIOR il 2 T T R A K
TEA R [P AT A A4 R, A B PERE
ISR A T SR FRTTE R S0 AR A



S IR BRSO AR TR SR Sk 1915

DLk b AR 523 8] it 52, 38R 1
INE A P PERE

AH BE 2 TRLI0 7 9 2 5 R F1 H BestConlfig 17
Z0 A ML A T T AR BT — L8 BR A
Je BT R K AUE R AT RETCTA LA R A I R] Y 4R
FEAAEMSHIE R, EREMREN S
] o B8CRARAI s B I » B TR 78 20 I g s 4t sk
SRR ST EM KRR, — e L4
SECEUF I ] A TR B .

4.3 ETREFINSEIARK

e BTt AR AR A A v A L R BRI I T R
A2 PR I — 2 AR 25Ul P VR 2 2] 7 i T
W25 78 Z 50T Fds g DU AR L Bl Ak v
(4 v o R AR AR L G Sk (49 18 R BE 2 1)
(Deep Neural Network . DNNOAE A 45 1 . HAk
i, £ 9 DNN A W 2 B2 . 5 )2 64 4 22
JG . {8 FH Re LU 1E 3% pREL . 1 kB )Ry B e »
TERRZE 28 I T e S0 A DAPR BRI IX B

IEAR oI S JE T DU g 8 L S ik il 2 B T
s Ak S IR L A A R E ok R s AT T AR 38
ARIBCEIHE P2 2 15 R PR R e A S 40 E 5 T A
Y5 R bR PAT A o B T R AR
FERIRTE 2= 8080 b Cln R 78 43 A X8 s 2 | Spark
N AE). — e 5L TR 2 ) Y S BOR L Ty i i
YRR BE 2 2] AR T 2 B00R 4 J5 A T 45 5
JoiE HAEB AT TAEf 2, A5 it i 2 ik # bl &2
EARIBTT T R T4 .

IBTune ™" & — > MR i) 3 T PR B 27~ 19 2 8L
PAPLAS - & R 2 A7 A A v 38R G2 vt KN 2Z ] Y
REZFRAA = BN A BE . BARR UL, E A
FHR B TAE 805 B SO 4 310 8y £oal 2 48 pr
(CPU FI 2. QPS %5 e 4k 1 B~ SE 1) i T 45 24K
AR SRS BRI R A SR RS B AR
Z A5G K SOt Ak H ARGE vhits K/ - A A
TR (A O T VAR 00 ] PN A 25 ) i 1) i I
i 7 B 18] . A e Tan S5 38 T F T — 4> B0 (0 R B
22 2% % M %A PR 122 S DR % J5 N AR
/INEEREAE A TN S FC0R A g TR B RR .
21 PRUIN £ w17 P T R A 22 4 BR ] A IR, 4 8 i)
H bR S tht KN . A DR UE AT S 19 TR B 54000
SC B A AR RGO L L 7 AR 7 IR B A
rhge > T 17 % VA BRI IR

SR IB Tune (TR BE 27 2 SR AE Y 25 56 15
AR S AR B A B T B AR S Pris A7 i f v

FEAE B S BT IB Tune TH X 25 548K T
VRS 2RI PO BOR 2 2%  ANRE TG /2 T P 2 FE AR 1
FH 5K & XX — ) 8, Chen 48 APV HE 3£ %)
Spark 1) 4 1 H A & 4t LITE (LIghtweighT knob
rEcommender system) I LA T 2 TXH 402 2 19 B
T I AR IR TR R G, AU R A B TR B 2 S AU AR
B ATk AR AT LIRS B 00 i i B A R A 24
DL G Ml 3l 07 52 PR TAE 2k il gk 74k
NECS (Neural Estimator via Code and Scheduler) i
TR BE 22 2 B, T T4l Spark b FH7E — 41 45 € 1Y
SR EMPATHERE . AN, LITEME IR S W
2 S TE/IMEAS BRI GRBE A, P R8 3) SR dg e
b dE— DR TR GRS

SR UL TR B 2R ) I S B0 7 i AR
JEE Aol 22 X 4 %) TN 25 SRA RS S PRPA T 25 51 B G
TV e 4R R B R O L 0 e T AR
PR R AT 8 . (2 — 5 T, T8O P RE 2 2 Tl
R, Bk 52 2%, OO 2 S 0% T S O A
MELLORIIE s 55— J7 T80, 4388 BT 0 AR 2l , i
TAE 2 W5 R AT RE S HEAE R AR B 2 TR fE
B
4.4 INEE

AT T I T RTS8 R AR
2 B SRR | AR SO A AT DL S
FBRAL 2= 2] B 5 1%, ixX 207 vk R A B Jmy R A G HE
5% TAEARXT D - AT N U A% 12 A2 BR T i
BERIREIN] , PCA e BE A 22 , ek i 23 ) 38/ 0N s B2 T )R
KA RBIERCR AR, — @ B E AT D
SO0 0 5 AR s i T IR B 2 2 Y T AR R R
JE AR TR i i I B8 SR & 1 1 AR SURR
fiE, Z 0T Spark S5 KB F- & MELUT RS B L 58 ¢
FRAVEHRE b AB S — 5 T X 2607 3k R AR A
B Z Ak A AT ] 4 B A R OB L n T AL
(1Y 7 AT ARk o BRARGF AR I K& 5, R )iz
T TS T — b sk B N4 2
Ja A AR R Ik T B0 o e A BAR R T T
DU Ak Y s TR B 2 2] 1 D7 v ) R 4 i A
TR H A L2

CEAATSCII T A 20 S T AR AR SO B
A TR EE P S RO R R O 7 iR R BT i
ik [] RT3 FH 1 1) F BEAR T X6 L, I A4 T 45 B ARk
R BRI 3P . G B R O A
(Throughout) &%, i} %iE (Latency ) A4 2 Tt Eb 451 Sk i
AR T3 S e B s . ek it ii o i ik



1916 12 -

L
&

ML Eitd 2024 4

PR 45 5 (Transactions Per Second . TPS) 5% 4§ #0 4k
A 1] B (Queries Per Second . QPS) K ffif £ , #iEiR
38 F T I [A] R Al i . 3 BB A 2 U P 1 e A
FLOUL A AR, 2 SEBR A 77 o 7 vf B P B OG0 3

3 . VAT T8 A B e I AR P 8 ) 81 0 P 1] i
FE UK AT o . 3 I T IR T B 0 A R e
R I R DU vk B R B, S 1 B30 X AN (] B
SEIAIRY N

R3 BIEESHEERRIFMT AL

ST A TR ST TR AR ST
O i ek i bkt e %
WY ek & i 253 5
it bkt i e % %
BRI RN, REERIES A o e LU R R
BEW IR R R VR
I T L L T e etk L I R
ORAYSHAIEER  EHHEIER i » B 5 T
R N RN ¥ T Spark 8 4 A& L, . - e P
WA R AL i B iR, B R SEE A
t RIS O AL )
Y oiivd i T T T R 0 UL T Y W i

I

5 SHEETRAMNETLREA

TR RS R E R T EhanFE
) DBA 52 % . FEAAREE DT S 2 0 e B 2R AL 1) =
B S B 38 2k W B R iz 17 46 s PE AL R A 2
F X FECDAPLAE O PRI L (37
PESBCRAS &, BRI 268 R 22 80 P 85080 P i i ]
BOIABCE . AR LR a8, 7 2 EBE )
HRHE T RERE FE RS M S ORI T B AT e
T PR AT AR TR
5.1 PGConfig

4. 1301, PGConfig A& HiL AU {1t 56 -F 48 U]
VERC S EOR LSS  FH T35 Bl P 8 % PostgreSQL
BARESE. BWE T — R GH B &4, fe st %t
FR N R0 BCHE R 20 R R AIE (R R 0 A S A
I FH T L CPU B8 AR K/ IN R K 3550 , I
Be i — AR S AL S . R T AR M
U, SRR W 2 . B ORIk GERD I 25
WAHEPEZE L L WAE ANt © B AR R R ORURL
) PR AT 24 N
5.2 Mysql Tuner

Mysql Tuner ™ J&— 443 #1 Mysql Bt & F14%: GE
FEUER Perl BRF, B AT 2R Y HI A9 BC B AR 5 IR A4
P IF WoR SHRE eSO SETHE BN
1 58 A R B RS I 5 300+ AR T L A
Galera Cluster, TokuDB, 4 f& £ = , Linux OS
Metrics» InnoDB . MyISAM , Aria 4 .

Mysql Tuner 5EFx F AR 75 2R T %8s

JETA A 5 2R AR R GRS 2 RIS S B R

FHE 7 SCRs rh g 24 Ao 580, AE Oy Ser P g

FEMEAE LU AR IS AT Z 8 XE . Mysql Tuner I 4

AT, AT — 5 an 2 BV RT G 3l 4 o 2<%

B E 0 3 TR GBS R P R HE AR AP At |
B HE ORI AL B 5

TE I 22 B Mysgl Tuner 598 2 25 H PR A
AR W A PR S EUE (BT R5 2 DBA T ghi# 5 e &
SCHE . A, R PGConfig 45 JE T B0 14 8 O 25 25
21, Mysql Tuner FOEALAECR L — ik .

5.3 KeenTune

KeenTune" ™ 2 il BLIE 9 — 3 ARAL T2, &
i 2 IR U E AR TR AR AR = BT DA
FRETEARIERAE RS L Z R T i (2R
DU AL T 125D o Xk Z2 Rl A 0 G2 AT IR A0 CRRCHs
PRI R G HRAE RS IR 55).

KeenTune —3£43 & PU MR . keentune-daemon .
keentune-brain. keentune-target LA f keentune-bench.
daemon 1A i A5 il 48 44 o HH 901 B R 4 At 2
e I 58 5 H P 38 B s brain B 44 8 B R TR FS
JE [ ZHORIE LG L ] —Fp it b i s i AT
SRIF A S B A s target TR AR L 55 B8 I
FH T4 2 8000 8 5 58 6 50 R A B R 42 s bench
et FH PN A 378 P A ] 1 o 3 T EL R DA
TEBCE Mz 45 5 . oA KeenTune 3= 2% H 1) &
DU LAk i PR e ) BT A T AR A S — i
19 D1 i 07 A0 A 98 A0 3t A% AE 2 0L« AR AR O A
daemon #Z WS P & K 146 4 1 ) brain & 3% ¥ )5 14
P S, s brain FF 5 I 2600 A= 7 S 4L B, &



S IR BRSO AR TR SR Sk 1917

K4 target, targe UK AR E AR R PR LR i L e
J& W1 bench #F47 PEAl JF 85 45 JRAE Sy St & ik 4
brain, 5¢ i — 41X

KeenTune ZE IR IR PLTHT . B 675 2% 1B S50k
PEABUENE B i & . X TS EOEE & %
i & KA 7 & IE A B2 ok 5 E
SHBUER AT . X FSEER, B8 Tk %
RER AT E RPN T — M SEOAT i B 51
XSen. XSen t44f =Fp )5 ¥ : B4R G (univariate) & £
JE AEZet: (non-linear) R L) K 2R 5 (aggregation)
REGEE . B G R E A TS S RS R
] 958 B A B A s AR R M D TR 4R L T SHAPY
s BIVE e W6 A A QA Y ) 55 s 4R U1 25— L
e AL XGBoost ™, K J5 I SHAP A 1%
B U s B G R R fh R i RAEE SR
PER B HATER M A . RS MEZ
Je » 38 2 T S BORURR 1) (B DA T S R 4 /NS 5
25 [H]

KeenTune ZEJL ik L ER TIFZE AW
DU S 00 A 9 5 2 A 48 256 T v 17 2o 2 7 DL i By
fit 4k « TPE ( Tree-structured Parzen Estimator)™ A M
HyperBan"™'4% . BRIt 2 4b, 54 KeenTune Ir# Hi 19
BGCS J5 ¥k . % J5 ¥ & T HORD™"HE 42, i /1]
CNN/MLP BLAIBUY RBF AR R AQHA A, D) 4R
AR BRAR R T AERA M . PR HORD B8k i 28048
SRR YR BENLY . AR XA B 2 AR R
HICE L SECE I BGCS B X X A~ A i
AU RR BEX S 80 i B T AR L AR S ST
Xof SRR AR B 5 v ) SR A T AR S IR AR P g
1o BEAIC S B0 HUEL % I A QAR A8 ol 152 2 1) 148

R AH HBEELH A R &S HLE .

KeenTune 75 /R I J7 18 , Ay sk e d 52 0 2k
BT DL TORAF T 5 b (8] AR P 4
A 2 XA P TP DR A = 2R - USRS B0
P M G B X ] 2 T BRI 55 ) BUR S 40 )
AT S A ] HERE S B & ok il 2SR 55
HERE SO B R MR AR 5 D SR B AR L X 2%
PEFEATT LU T 250 58 35 A XA A
5.4 XTune

XTuner ™ J& OpenGauss B4 i H 4 % 1) — 4
SRR A LA 8 ok 45 G TR TR AL A > R4 Rl
FESEE S, R AT 2808 WAL . X Tuner £ K Y
FRUESE AR AR S A DU L L T S R
B P SRR 25 A S B A S 800BE B . 1 4 OpenGauss %X
P 2 ) shared _buffers, % S50 e 15 & 450 22 i
55 2 A A S S N AR G2 ol X B KN s B 5 22 i
i H R UIAROC . I A0S R IR S HE A5 AT LU
Tom AL ) T AT B HERE . A O R Y
HI SO AR R B8 R — RS A oAb 2
SR R BRI A — A3 . TR rR R T
b AN BT BRI AR PR R R I i DA
A R T A NAE A I AR R TE I 24 5. X610
A — S 5 2 AE X N IR S 0 S8,
random_page _cost.seq_page_cost 55 , 1 T &1 1% itk
ZIE) AR I, PR R PR RE S0 L DU Ak 4
RIALE R TR .
5.5 NG

AT EEAH T ERBIEE] R A S E0E
TR, MFAPUR . BEE . SR T, Tl
FESRORAE T B 3k HA G0 R AN

x4 TAURSEHFMLTENTE

PGConfig"” MySQL Tuner™ KeenTune" X Tunel™
THAEUEFE  PostgreSQL MySQL MySQL OpenGauss
JrJE) R FRFALIX Oracle Alibaba Huawei
LR FE TR FETHLN T DL FET DU s b >
PN, A HARLR TASEIRERERE e "
s T2 e B0 (RS ORI i e T gt o
o5 A S A FH 5
. PRI 70 PR B, R TR R B I T N R (D KT R/ D B S iR Ak S D5 ks s o

B R BOR 2 24 /N

FTE# 22 PR 22

(DBEIRE : 522 AR B —Jr oA E=, Tolk %
SHRE T BRI T 2 Fh B2, 20 f LAY Keen
Tune P4 T TPE.HORD 45 £ Ff D1 - 7405 4k

15 0 XTune AR G 15 A2 2T LS5 o Ak 25
2RIk HARHAE TR A4 P i 18 4% 5 i -F
AT LA R B4 3 5 (RS A Sk 28 Ty



1918 12 -

Pl

L
&

Eitd 2024 4

ARt Z (A1 TC R RHK ZR A2 a7 5 HE AL

(2) FMEARST - Tl FEZ MO0 T H38 5 Jon
ey, AR RBAE S 7w . H—, Ak
TESFEAR FEE TR By J e 2 T L fH H AT 2 Tolke
RFEWIEZ— L MR L, 2R A — R
Mo 3E 2= Rl BHE O LA S50 A0 Tl A S 500
P T H A — P R 288 RIS X FE = H
SRAE PR A e AR L RO T A R A
— S B PR TR M AT A Sl R B I e B T
F L RS

(O PG T ASEORE T R RS T
Bt PE TS Ll B Al AR SR . 3 41 PGConfig.
MySQL Tuner %5 T E# A & &I T 1 web T H
s AL S S Tl

6 REMRTME

AL IR BT A, v DL A S O
BBV E ARG T — 2 1 iR (E7E 16 5 A
27 1) A P AE L S AT B R B Y
D7 138 H g 5 B, i S EOR LB AR A SR 1 I
VFZ R BRI , 075 i — 2D 5T

(D B FE LA R8s PR iz A i fd v,
YER AT RSN, SR ERES /NS
RS ARG, PRI 7 A T W T 3R Ak Bl S AR 2R
PERIFR oK . A ik BARTE LA 3 LS T —
FEIE R A B LA — 2 PR . RERI R A i
FIHT A TAE T 20T, oS 3% T DL 7 0 J2 0
27 2 IR B IR 22 A A AR T 2T
B 1 R 0 e A A RE Ak B BRAR A AR . e 32 =
BORPLROCR P 4 1 2 80 AR ], R 2
D R e A AL TR I T 2 Ak 2 A 5T Y OC B
[7) R

()PP 2 At Al SEd . 1 AT R 2 B0R L
T3 IEAU O AL Y B 28R AR e e v i
IMERE T B, B AR RN LT SRR E TIRES
BT BRI A L. eI B R A A A L S
B2 B2 H L BB YR S 8 shared _buffer % & A G365
B PETCIE A B . SR 2 AR AT SR R A e 1
5= & I P 5 1 B e N S 1T B '
P PEERE B T 2 A HURA T2 10 . BRIMUA
DECT AR ) T XL R e e 2R, B
KRG8 T REIE ARG RN, WA 2
WG KRS . el 2 & RN M H &k

BRI S0k 78 TP B 00 e e M R AR — AR
KINIT 1A .

(DER AL TR e HE T DU A i J7 v
W REIEF R 2E 2T BB 7 ik e R
W)e B S Aa A TR 38, LM EE G HE B R A i 1
AR . it R BEVR BRI [a] SO R M 5 T RS
U5 el ZEAIR R UR GG B BN DL T = RO AR s
X HAR RS IR ATHAE A T — 2D R R 5E

(DOiE IR YT SR LR AR A 2 5t
X B (B —28) i i B8 1 3 20 PostgreSQL
MySQL 45 . 2 X5 B8 22 MUA R A B ™A% BRI A
DA AN [R) o 28 B AS ] b A 9 50808 e b R PR
il TR AR B AR TR AR Z B T
P el et — 28 B 35 P i R D044 L i ik
PR, & — MEAS BTN 5 TR [A)

) ZERE I A - SR A5 — I &
O b LR 23 B AN TR SRR A D7 vk Z ) i 1 e
e A5 B 98 N O3 S 4 M bt 5% R R e 2 2 VR 5
R T A H AR S BOR AR AR VDL, T
B IS ] e AL S 22 5 T I N A L AR, R
A I A R — 2 i — 17 2 (i TPC-H.
TPC-DS™45) , ik 2 X HL 975 N IRA Rk A48
AR PEIN . 1A AN 8] 5 35 IR 8 6 AN A
] XELL WA 4 A PEREDL S . BRI FER R IE T
i — RS SEH PRI B AR

7 B %

AR SCITT 5 TS Bk i =07 A BUA R dh
PES B B RE I LR AT R GiZrid . B ek
AT EAR IR P A LA AN R o o 126 56T Dl et
Hri A i B T Al ) B R TR T Y T
JE R AR R B RIRE T RN ) Xk TR DL S ) 7
TEFET a5 > B 515 MRS 0 S
LRI b IV L veu s | T D R 1R L
26 08 R [ B RURIRAE A = AN J7 TR AH SIS T
VEREAT T RUERLEAS s X0 T2 TR 1 3 T HL I T
PIC () RS TR B 2~ IR T ik i 1 T8 41 9F
X T ARk Z B R Z 5 A4 T L
B H AT FE R SEOR L TR 00 1SR H]
o Pl B g RO AR RN L s L R TS
HOBC B BRI AR R e . SAO B RE AL
A S B P U A 7 FR L TS A T 20 TRt ok 55 i
P RS BORDOR 5 24 shAs il AR L



81y

AR WSRO RS

1919

I3 ) i — 20 e Ji I i )iz B AR S B A i A
w3 BB S B PR RE

[1]
2]

[3]

[4]

[5]

L6]

7]

[8]

[9]

(10]

[11]

[12]

[13]

2 % X M

https://pgtune.leopard.in.ua/

Sun L. Zhang S, Ji T, et al. Survey of data management
techniques Journal of
Software, 2020,31(3):600-619 (in Chinese)

CPMERIT, a0, V545 . T8 RE IR AE A0 K50 45 B AR
B 2020, 31(3):20)

ZhangXinyi, Zhuo Chang, Yang Li, Hong Wu. Jian Tan,
LiFeifei, CuiBin.

powered by artificial intelligence.

Facilitating database tuning with hyper-
parameter optimization: a comprehensive eperimental evaluation//
Proceedings of the VLDB Endowment. Sydney, Australia,
2022, 14(1):1808-1821

Li G, Zhou X, Cao L. AI4DB and
DB4A1//Proceedings of the 2021 International Conference on

Management of Data. Virtual Event, 2021 2859-2866

AT meets database:

Li Y. Shen Y. Zhang W, et al. Openbox: a generalized
black-box optimization of the 27th
ACMSIGKDD Conference on Knowledge Discovery &. Data
Mining. Virtual Event, 2021: 3209-3219

service//Proceedings

Bergstra J, Bardenet R, Bengio Y, et al. Algorithms for hyper-

parameter optimization//Proceedings of the 24th International

Conference on Neural Information Processing Systems.
Granada. Spain, 2011: 2546-2554
Brochu E, Cora V, Freitas N. A tutorial on bayesian

optimization of expensive cost functions, with application to
active user modeling and hierarchical reinforcementlearning.
arXiv preprint arXiv: 1012.2599, 2010

Van Aken D, Pavlo A, J.Gordon G, et al. Automatic database
management system tuning through machine
2017 ACM
Conference on Management of Data. Chicago, USA, 2017:
1009-1024

Duan S, Thummala V, Babu S. Tuning database configuration

large-scale

learning//Proceedings  of  the International

parameters with iTuned//Proceedings of the VLDB Endowment.
Lyon, France.2009, 2(1): 1246-1257

Nembrini S, Koénig IR., Wright MN.. The revival of the Gini
importance? Bioinform, 2018, 34,(21): 3711-3718

Zhang X, Wu H, Chang Z, et al. ResTune: Resource oriented
tuningboosted by Meta-Learning for cloud databases//
Proceedings of the 2021 International Conference on Management
of Data. Virtual Event, China, 2021 2102-2114

Kunjir M, Babu S. Black or White? How to develop an
AutoTuner for memory-based analytics//Proceedings of the
2020 ACM SIGMOD International Conference on Management
of Data. Portland, USA. 2020: 1667-1683

Cereda S, Valladares S, Cremonesi P, Doni S. CGPTuner: A
contextual Gaussian process bandit approach for the automatic
tuning of IT configurations under varying workload conditions//

Proceedings of the VLDB Endowment. Copenhagen, Denmark.,

[14]

[15]

[16]
[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

2021, 14(8): 1401-1413

Zhang X, Wu H, Li Y. et al. Towards dynamic and safe
configuration tuning for cloud databases//Proceedings of the
2022 International
Philadelphia, USA, 2022: 631-645

Kanellis K, Ding C. Kroth B, et al. LlamaTune: Sample-

Conference on Management of Data.

efficient DBMS configuration tuning//Proceedings of the VLDB
Endowment.Sydney, Australia, 2022, 15(11): 2953- 2965
http://keentune.io/home

Weerts H, Mueller A, Vanschoren J. Importance of tuning
hyperparameters of machine learning algorithms. arXiv preprint
arXiv:2007.07588, 2020

Probst P, Boulesteix A, Bischl B. Tunability: Importance of
hyperparameters of machine learning algorithms. Journal of
Machine Learning Research, 2019, 20(1): 1934-1965
Tibshirani R. Regression shrinkage and selection via the lasso.
Journal of the Royal Statistical Society, 1996, 58(1): 267-288
Lundberg SM., Lee S. A unified approach to interpreting model
predictions//Proceedings of the 31st International Conference
on Neural Information Processing Systems.Long Beach, USA,
2017 4768-4777

Letham B, Calandra R, Rai A, Bakshy E. Reexamining linear
embeddings for high-dimensional Bayesian optimization//
Advances in Neural Information Processing Systems 33. Virtual
Event, 2020: 1546-1558

Wang Z. Hutter F. Zoghi M, et al. Bayesian optimization in a
billion dimensions via random embeddings. Journal of Artificial
Intelligence Research, 2016, 55(1): 361-387

Eriksson D, Jankowiak M. High-dimensional Bayesian
optimization with sparse axis-aligned subspaces//Proceedings
of the 37th Conference on Uncertainty in Artificial Intelligence.
Toronto, Canada, 2021:493-503

Nayebi A, Munteanu A, Poloczek M. A framework for Bayesian
optimization in embedded subspaces//Proceedings of the 36th
International Conference on Machine Learning. Long Beach.
USA, 2019: 4752-4761

Fekry A, Carata I, ThomasP, et al. To tune or not to tune? :
Search of optimal configurations for data analytics//Proceedings
of the 26th ACM SIGKDD International Conference on
Knowledge Discovery & Data Mining. Virtual Event. 2019:
2494-2504

Hiemstra D. A probabilistic justification for using tf X idf term
weighting in information retrieval. International Journal on
Digital Libraries, 2000, 3(2): 131-139

Feurer M, Letham B, Bakshy E. Scalable meta-learning for
Bayesian optimization using ranking-weighted gaussian process
ensembles//Workshop at the 35th International Conference on
Machine Learning.Stockholm. Sweden, 2018, 7: 5

Van Aken D. Yang D, Brillard S, et al. An inquiry into
machine learning-based automatic configuration tuning services
on real-world database management systems//Proceedings of
the VLDB Endowment. Copenhagen, Denmark, 2021, 14(7) :
1241-1253

Zhang I, Liu Y, Zhou K, et al. An end-to-end automatic cloud



1920 12 N S/ R I 2024 4F
database tuning system using deep reinforcement learning// [45] https://www.pgconfig.org/

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

Proceedings of the 2019 International Conference on Management
of Data. Amsterdam, Netherlands, 2019: 415-432

Li G, Zhou X, Li S, Gao B. QTune: A query-aware database
tuning system with deep reinforcement learning//Proceedings of
the VLDB Endowment.Los Angeles, California, 2019, 12(12) :
2118-2130

Henderson C, Bryson S, Corvinelli V, et al. BLUTune: Query-
informed multi-stage IBM Db2 tuning via ML//Proceedings of
the 31st ACM International Conference on Information and
Knowledge Management. Atlanta, USA, 2022:3162-3171

Gur Y, Yang D, Stalschus F. et al. Adaptive multi-model
tuning//24th
International Conference on Extending Database Technology.
Nicosia, Cyprus, 2021 439-444

Trummer I. DB-BERT: A database tuning tool that “Reads the

reinforcement learning for online database

Manual”//Proceedings of the 2022 International Conference on
Management of Data. Philadelphia, USA, 2022: 190-203

Cai B, Liu Y, Zhang C, et al. HUNTER: An online cloud
database hybrid tuning system for personalized requirements//
Proceedings of the 2022
Management of Data. Philadelphia, USA, 2022: 646-659

Van Hasselt H, Guez A, Silver D. Deep reinforcement learning

International  Conference on

with double Q-Learning//Proceedings of the AAAI Conference
on Artificial Intelligence.Phoenix, USA. 2016: 2094-2100
Lillicrap T, Hunt J, Pritzel A, et al. Continuous control with
deep reinforcement learning. arXiv preprint arXiv: 1509.02971,
2015

Holland S. Principal components analysis (PCA). Department
of Geology. University of Georgia, Athens, Greece, 2008:
30602-2501

Oshiro T M, Perez P S, Baranauskas J A. How many trees in a
random forest? //Proceedings of the Machine Learning and
Data  Mining 8th
Conference. Berlin, Germany, 2012: 154-168

in Pattern Recognition: International
Lewis R J. An introduction to classification and regression tree
(CART) analysis//Proceedings of the Annual meeting of the
society for academic emergency medicine. San Francisco,
USA. 2000

Trummer I. The case for NLP-enhanced database tuning:
towards tuning tools that “read the manual”//Proceedings of the
VLDB Endowment. Copenhagen, Denmark. 2021, 14 (7) .
1159-1165

DbIBM2 Documentation. Configuration parameters summary.
https://www.ibm.com/docs/en/db2/11.57 topic=parameters-
configuration-summary. Accessed:2022-05-01

S, Stahlbock R, S F.

hyperparameters of

Lessmann Crone Optimizing

support vector machines by genetic
algorithms//Proceedings of the International Conference on
Artificial Intelligence. Las Vegas, USA. 2005: 74-82

Tan C, Sun F, Kong T, et al. A survey on deep transfer
learning//Proceedings of the 27th International Conference on
Artificial Neural Networks. Rhodes, Greece,2018: 270-279

https://pgtune.leopard.in.ua/

[46]

[47]

[48]

[49]

[50]

[51]

[52]
[53]

[56]

[57]

(58]

[59]

Wei Z. Ding Z, Hu J. Self-tuning performance of database
systems based on fuzzy rules//Proceedings of the 11th
International Conference on Fuzzy Systems and Knowledge
Discovery.Xiamen, China, 2014: 194-198

Chen H., Zhang W. Jiang G. Experience transfer for the
configuration tuning in large-scale computing systems. IEEE
Transactions on Knowledge and Data Engineering, 2010,
23(3): 388-401

Zhu Y, Liu J, Guo M, et al. Bestconfig: Tapping the
performance potential of systems via automatic configuration
tuning//Proceedings of the Cloud
Computing. Santa Clara, USA, 2017: 338-350

Van Aken D. Yang D. Brillard S, et al. An inquiry into

2017 Symposium on

machine learning-based automatic configuration tuning services
on real-world database management systems//Proceedings of
the VLDB Endowment. Copenhagen, Denmark, 2021, 14(7) .
1241-1253

Tan J. Zhang T, Li F. et al. ibtune: Individualized buffer tuning
for large-scale cloud databases//Proceedings of the VLDB
Endowment.Los Angeles, USA, 2019, 12(10): 1221-1234

Lin C, Zhuang J, Feng J, et al. Adaptive code learning for spark
configuration  tuning//Proceedings  of the IEEE  38th
International Conference on Data Engineering . Kuala Lumpur,
Malaysia, 2022: 1995-2007

https://github.com/major/MySQL Tuner-perl

Wang R, Wang Q. Hu Y,

configuration auto-tuning for cloud applications and services//

et al. Industry practice of

Proceedings of the 30th ACM Joint European Software
Engineering Conference and Symposium on the Foundations of
Software Engineering. Virtual Event,2022: 1555-1565
Lundberg S M, Lee S I. A unified approach to interpreting
model predictions//Proceedings of the 3lst International
Conference on Neural Information Processing Systems. Long
Beach,USA, 2017: 4765-4774

Chen T,

system//Proceedings of the 22nd Acm Sigkdd International

Guestrin C. Xgboost: A scalable tree boosting

Conference on Knowledge Discovery and Data Mining. San
Francisco, USA, 2016: 785-794

Li L, Jamieson K G, DeSalvo G, et al. Hyperband: Bandit-
based configuration evaluation for hyperparameter optimization//
Proceedings of the 5th International Conference on Learning
Representations. Toulon, France, 2017 53

Tlievski I, Akhtar T, Feng J. et al. Efficient hyperparameter
optimization for deep learning algorithms using deterministic rbf
surrogates//Proceedings of the AAAT Conference on Artificial
Intelligence. San Francisco, USA, 2017, 31(1): 822-829

Li G, Zhou X, Sun J. et al. opengauss: An autonomous
database system//Proceedings of the VLDB Endowment.
Copenhagen, Denmark, 2021, 14(12): 3028-3042

Poess M, Nambiar R O, Walrath D. Why you should run TPC-
DS: A workload analysis//Proceedings of the 33rd International
Conference on Very Large Data Bases. Vienna, Austria, 2007
1138-1149



S IR BRSO AR TR SR Sk 1921

LI Yi-Yan, Ph. D. candidate. His
research interests include database knob

tuning, machine learning.

TIAN Ji-Kun, M. S. candidate. His research interests

Background

After more than half a century of research and development,
the database management system (DBMS) has achieved rapid
progress and excellent performance. However, the traditional
database is a static system and pays more attention to the
generalization. On the other hand, the characteristics of large data
scales high query concurrency, and frequent connection
operations in big data application scenarios put forward higher
requirements for the performance of database systems. Hence
researchers began to focus more on specific self-tuning problem.
In the past 10 years, artificial intelligence technology. especially
the development of machine learning and deep learning, has made
many breakthroughs in natural language processing, image
recognition and other fields. At the same time, represented by
DB2’ s learning query optimizer LEO, ideas and methods of
learning and statistics have begun to be valued in the database
field. The new technology of data management empowered by
artificial intelligence has received more extensive attention and
more in-depth research.

Automatic tuning of database parameters is one of the main
applications of artificial intelligence technology in databases.
Configuration tuning based on artificial intelligence technology can
effectively wutilize historical load information and database
performance, and automatically optimize according to the current
workload without manual participation. Configuration tuning can

not only reduce labor cost, but also further improve the
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performance of database in data access, query optimization, query
execution and other aspects.

This paper introduces the progress of the current intelligent
knob tuning work from the aspects of industry and academia. In
terms of academia, this paper divides the existing intelligent knob
tuning research into five categories: intelligent tuning algorithms
based on bayesian optimization, reinforcement learning, deep
learning, heuristic search and rules. For each type of method,
first introduce its basic principles, analyze its structure and basic
tuning process, and summarize their respective advantages and
existing problems. Then, this paper divides the improvement and
optimization of the basic model into three categories: parameter
space reduction, model itself and knowledge transfer, and
introduces them in detail and sorts out the latest research
progress.

In the industry, different users have different requirements
for tuners in the actual production environment. Therefore,
compared with academia, these tools often integrate a variety
of algorithms to meet the different needs of users. Therefore,
this article classifies the mainstream knob tuning tools in the
industry according to the database vendors they belong to. and
introduces them in turn. Finally, this paper summarizes and
compares the advantages and disadvantages of various
technologies, and looks forward to the future research

directions.



