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Abstract As one of the most popular technologies, database systems have been developed for more
than 50 years, and are mature enough to support many real scenarios. Although many researches still
focus on the traditional database optimization tasks, the performance improvement is little. Actually,
with the advent of big data, we have met the new gap obstructing the further performance improvement
of database systems. The database systems face challenges in two aspects. Firstly, the increase of data
volume requires the database system to process tasks more quickly. Secondly, the rapid change of
query workload and its diversity make database systems impossible to adjust the system knobs to the
optimal configuration in real time. Fortunately, machine learning may be the dawn bringing an
unprecedented opportunity for the traditional database systems to lead us to the new optimization
direction. In this paper, we introduce how to combine machine learning into the further development
of database management systems. We focus on the current research work of machine learning for
database systems, mainly including the machine learning for storage management and query
optimization, as well as automatic database management systems. This area has also opened various
challenges and problems to be solved. Thus, based on the analysis of existing technologies, the future

challenges, which may be encountered in machine learning for database systems, are pointed out.
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Fig. 1 Ratio of query execution time in PostgreSQL
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R S5 0 AL — I B S 0 A 5 AR
BEEE e R GE 0 F 51 45 1 2 38 T 0 B0 25 48, %t
JECJ2 AR 14 53 A0 AS R B An] AR 15, 177 30 58 AR 2 35
e B B9 o A HA B R e AT DL R ML AR
2R R B R AT A AR R B S5 Bl
TR B Ckey s position ) ¥F, B SR A % T AL 4%
22 20 U 2R, n R FRATT AT LA R0 R A 1) o
G35 B4 JLF- AT AL AR B A7 1) 2 51 45 14 Kraska
S N SR 2 AR ) AT 5 A TR TR LA 2
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5V o 2 2T O B WS R B = TR Ot T 2 2T )
ALK AU A R GI45 0 2 1 22 B R 5| 45 1%
(learned index structures).

Kraska % NV URE R 51 454 9 R #AL, B &R 51
P A $8OC B 7 A A 7 B4 TP B AL s Hash & 5
R J2 1 — 4 JC e B0 v A 4R G B 5 AL 5 A 8]
KO BALIR [ 7E — 2H a0 A5 A7 78 St A fR OB
TR T OCHTE T 25— DA AL RS 2 )
B G W HE P 7 B B2 A TR R R A RS T
DU HSCHE T 3% 1) o R A e

B WA A FI Hash A5 84S AT 059 44y - X5 45 78
KA AR (]9 ¢ B 07 B R [, BV position
=F (key) , [R5} B R4 AL 435 ] T8 B R 51 HL &
25 ) A AR B I B #5 (learned Bloom filters) f 5 4
TR AFAEA R — A5 2 o) L, Shy o/ B A AR
1 B, Kraska 55 A4 76 A% 56 A Bt 5 0 4 1 1 1]

— AT JE #% (pre-filter) P25 2%, FH T T Al 5
JLE BRSO HE R BN ZRAE B /() 6 A2

1, k€
0, k&
BN A B DR A 5 7 — Rl 2= S AL A B O 8 A
LA 2 AL B0 Hash 2R %00k B2 4% 55 70 B i Uk
#r 1Y Hash pR%IReichenbach 7EAW 2% 437 16 3¢ i
PEAE RN T2 AR5 5IE SRR T W PERE.
Mitzenmacher 7% 2] L R 51" i 3Lk L, £ XF
A A R I AR AE IS A T B kY
BRI FEIE RS BE R P MM BLHIEARS N L
)27 T A AT BE R DR AR AL 5 DA A BME « B RER £ .
U—[0,171:2) — M AHSCHY bR e AT BERL EAF B AR Z
NG IS (backup filter) B i U R 2K 7] g

K
fk)= K,Mﬁﬁﬁﬁf%ﬁé%%ZEﬂuﬁﬁﬁ~/l\

AT RS RSN . U=PUN. G&T
WA TAEES (2| f () <o) P CEE X F
— ANy 2 T A A R U R AT L AR A R
Df(yp=e 8 2) f () <o B IERRE y €
Ko 75 0] 2 2] A i A R ok 8 gk 1y & KL F 9T T
VEHG Hi 27 > A A B 3 8 A A A 1 00 3 L) SOz AR AN
T I 3 55 AR 5 SR 0 B 5 AR e, Dy () e s 2
i TE S A T2 L 48 R ™ e O A Bl U 7 RIVAE
) ACRREL BT 2 B A — A A% B8 R A B
g

53 5 A R 51 A0 H B8 O T A FR I Y
FEEE NG OLT 2 S H0E S SRR T B 254
i T Z M S A # . Darshana 28 A5 1 A 386 &R
5| (self-adapting index, SAD [ 5. 785 6 A& Wr
AT B A /NG B A, e — b R R R 5] E
A2 R T ARG, RG] H A R 4L
P FEPEBE AR B 0] . B AT 2 &I IR R 2=
& 51 A T8 HE R 5. Oosterhuis™™ 4 R ¥ 2 2
R G5 T2 51 R4 00 1 BL RO T 2% T 4k
KGR SR I T 40 R 28 LI 48 &R 5 Pavol ™ XL F
RNN @8 HE R 51 R 43 2 0 28 P 258 R #5241 Hash
PR % TAR R AR 0 — A B 2508 [ B A W
B RITC MBS B 2 2] SR S I 24 SRR W] M Y
>J SR mg A AR HET R B B AT B A A R
R s A 20 S L S HE R 1 25 | R 2 — B
SRy R TR B TR R 2 ) A B0 AL N T 4B HE R S
J5 A BRI 7 % AN 8] B o A R R
BRI HE R 51 I R SR A i Y B T R

WA H T TSl G 27 2T A R 5 454 1 SCik . 3% 1
X2 I A R G S G R T A5 IR AT HE#K.

Table 1 Comparison Between Learned Index and Traditional Index

x1 FINRSIEEZRSILERFARIE

Items Comparations with Traditional Index

References Applicable Scenario

Learned B-tree Index .
2 orders of magnitude less.

Learned Hash Index

Learned Bloom Filter | .
includes false negative classes.

Average speed is 1.5~3x faster than traditional indexes; space usage is

The conflict reduction is up to 77% ; but the average lookup time is 1.5x.

Space usage reduces about 30% ; need negative samples; the prediction

Ref [3.42] Model the distribution

of specific data; read-
Ref [3.43-44] only workloads; the
model will retrain if a

Ref [3,43-447]  write operation occurs.

= AR 5| AP BT B e 2 o 5 o A A
RGPS R G 454 T 46 1 s ILA% = > 5 i
KA 27 o] AT I R e M Al 4 P AR G A%
ORISR TAEAE B RG:  A0R 51 450 19 F 5%
A B B BN T AR G TR IR R B O A R S

(5 BER X H 328 (read-only) B8 5 R 40, A SCRFEL
F 9 S 25 = B A A LR AR A 2 T Al i AR
T ZE U G B A B 0 B IR A AN W K R AR e
T3 BN B T AR X — SRR 2 0 H s i R g
BT A R A 52 0 [R] B 32 BF 58 A el R 18 B9
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WEFEIREL . 1D &1 X B A 2 51 45 0 v 4t B4 AL N BR
SR o T (AR R I 5 n) R T B — AP R
2 Bt X A1 e 3ot I 8 A DI e 50 T P S A A 6 2R 4
P WG I8 5 22 it — D HR T 5 3) £ X Hash R 5| 52 Al
rhfefT RS R 00 %) 155 B AH XS 2 B9 Hash & 51
FEEA R AT Bt Bk kit B i 5 ) Ik SCPRe s 350 0 fr
% 2]k Hash sR%0, (HAGE— 2L 05T
22 HFBEIUWEHIXERE

7 v XA B, 2 0 R e DT T SR S
TU, D) B2 13 A B [a) (9 T T8 5 A0 SRR A AE 2SR O,
WU R FH 22 o DX 3 PR SR w0, TR AT T A R A A4
V.8 H Y 0T B 55 . FIFO, LRU, CIOCK 4

1 B8 W TR 2 27 2] B 0 D SR T S 1B AE AN
PETN S X A AT RE A A SR SR AR T O R R IR
WE P& AT A B UL 1Y J7 S8 M FEHL A% 2% >0 b, i LB
I v S B A S 2 TN R R Ll 2 A /R 25 A Ut
Lykouris 28 A" 45 H K 78 28 5705 5 HL A% 2% > T
AHZE A 030 AE 28— BRI AL 2 2% ) Al U 7R 2R
#I (online with learned advice model, OLAM). ¥
FHAL A 27 2 B A0 Sk 3 5l 78 2k 2 2T WO RE ), IR % 7
2 T A5 e 0 G A7) il , kg 92w DX o Yo R SR s, D
B WL 2% S @ 5 e PR B A7 S0 E B L B 2
{7 FH 7 B9 T 2%, Lykouris 2 H 98 24 e LRU
SR HRAT BT sk

TE 2% vh DX A8 B v el 5 45 BT A4 3 s 0 A
{50 LA R S50 380 (4 AR 97 48 AS D s B R Y T i e
15 8.+ R B iz 1t DL 1T 8 46 1 1 e ) R 2 T 5 4
A IR TR A, DT — 2D D B e L R
AN 1F B 5T B ] 51

Sk ek B R R L 22 AR B e B9 R 55 T
R BUE RN &, XA BN GE T REH K
TAR K T3 K B 0 N A7 B8 4 =08 22 Ik 55 4 L
FHRT M R — B E R 5 7
it F1EL G 53 B HE B AT G2 1) SR R A ) 0L P9 A2 L
il 2 2852 B FR ] - Margaritov % N AEHLAR 22 ~] 1 3
N RR B Ik Z LR 2R S R &
Hi 2 AR BY TU 2R 5| (learned page table indexes)™™,
S — T T2 ) AR 1Y) Bl 25 0 245 b ik 5 5 LR TR)
B IZI8 SCHE B — 2D Al 28 U R R T | .

TEAEAEE B 7 TH 58 TAE IR A 2% 2T (L N AF
FEHORE S B T 3 T K 2 12 M 4% (long-
short term memory, LSTM) ) 7 BURE FY , 1 Fit B [71]
RIS J5 T 3 B0 A T [ S, S T ALK R S5 A Y
WRFE it AAIL 8 2 20 7 3L R RE T 8 7 . B R X T
THEHLAE R R R 4546 i L e 2% > (L i 58 ik 41 /0.

3 HSBRFINNEBMRML

e G 19 K A 12 U A 308 AL D5 T 22 AT AR
28 0T A A TR O R R A R
A R B e/ B8 A ) T R B9 e

P 4 St Ge i) A A A & 2840 1 1 e e B
A R RERY AT B A Ry 1AL SRR sl
FUIU A7 L HORh T, O fay A BIACH R o, g £ X
AR EEAEACH Fe /N AT TR

/
> T
SELECT:-- T 4 S
Cardinalit Cost
FROMR, S, 7 | | oo™ Model l
WHERE--- R
B ———
Plan Space
Enumeration

Fig. 4 The architecture of traditional query optimizer

(I - k- 7 [ AR i )

AR 4 A 0O A6 25 A T LUK A i) AR AL 1 ML ER 2
JAEHIESE 53 3 AT TS 4 531 DR 3 4 U R B
flTE ACH B AL PR AT X 3 Ay T B iR HIL 8% 27
A AP BA BF SR TAE.

3.1 HBRFSIUHERRF %

TE K B e v 3% 6 U 1 R X T A )
e A EE W I - HERIEE RGN Z
WESE Y 1) 2 — A% G 1) A ) 00 Ak 25 38 3 5 1 #5828
HARP O R, R E A S R T E N A
TR S O R R D A el
P R A 22 1 A 90 T )L 3% 2 KT BE R 0 kR
SR 30 Tk AR A R ) B AR e /N 1 4 Y
I A28 i e A B /N A RS2 e i 25 (8] 1Y [) I RE A%
BN A B/ IR )T R 2B I RS R A
Hi 127 A8 B DY of s o A 0 s ) RN B R
A ORI e 71 rp e 5 B e — B ) 22 J5 48 1R AR
2 TEACZE B — R FH B A8 R s B O

B 58 K %2 2) (deep reinforcement learning,
DRL) W IE AR B AR 25 N T2 B 400 Ja. % 3 i Ak 27
)RR XA AL R A A T i )23 I B A fo S AU iR 6%
2 W Z I B BAT 55 . Ortiz %8 NPV 2K DRL H
T oA LAk A ) R, 38 O I 25 R B 2 ) AR Ok
o A v ) ) R T, 3 e A R A Sk
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R RS 2 7R IR 25 e 48 bR B 0 A 3 [ B Ortiz 5§
NINBARLE 2 ) I8 0 4 R — > F A it b (Rl 45
MR N i LD S i1 e C S P D P (S
PE Rt A B0 7 A2 R — A 2000 B AR L R
FF5 % 7 A i 0 38 B[R] B 3t 2k S b iy R oR
(learned representation) , fiff Fi 3 fk 2% >J Bttt 25 1f) 11
RIS o FA Ry — > T 7R AT 5% ook 7 o 3 20 1) it Ay
T BT X 1% G5 A 9 0 Ak A S BB M JE T 2 50 rh A
23X — ) f, Marcus 5 AN O TR R Ak 2% 2T ]
FH T ok e Tn) A0, 35 N T 20 I 4% 19 TR B ik Ak 2
STREE G R ok B Bl Ok A 0 AR s i P 3R S
BROL2 Jf TR B2 5 Ak 27 > 1 T 3% 48 e dlo s, 12 1
ReJOIN. ReJOIN H 25 [ % £ UCRe ) B, A $hAT R
SIEEPE R AR AT E R, X B HR 22 45 DBMS 14 48
DAL 2% B AR 3 2 AT S Lt ReJOIN AN 2 i 5]
Ui (4 A5 1) 8 A6 2% . Re] OIN 3% H2 05 MO R — A4
S b 2 > A R L 3 A A I 2% ok A TR s DA R 5 HR A
21 78 ReJ OIN i ik 1% S A1 Ak & 9 X fr 45 AL
Y R Ak > 22 i {5 5 (reward signaD).

Marcus & APY #E ReJOIN B9 2LaE |, 3 0 4
WY (hand-free) &ML AL A%, B TR E X0
25 50 Bl v B v 0 AR AR A A AL 3 R R AT I IR
2SR AE S . 1) 7R3 2 39 00, I oA A Ok A
P 58 1) & 298 0 4 1 Al Ak 4 5 2) 51 5 AR
RERY ) b fit A% S AN BERUAE Ry i 55, OFid s
AR P T EE [E] 2 A RS S it A v B[] 4R Ry
s 5+ 3) w2 2300 WAl A AT 55 50 i
RN AT 55 o 3k R A3 AT 55 A 1 R 2 [R] AR
AT A K Marcus 5 AR H AT EFFIEE
1549 8 I E RO N P 2 BN 1 R = W AW /1 2 B i
2 ) TE — o R LA T B 208 T i A i ik
ar s AN B AL B 9% T AEIL A Krishnan 5
NI R B R Ak 2 2] 4 I AR AR 2 DQ.
3.2 HEEFEIJNAEHMT

TR T — B T X R i X A — 3ok
L ARV L 2 B B 0 4R P X S AR 1R OR 2 A E
SETE KRB R G BB TR T S S B A it
e oy B, 4] 40 A TN BigQuery , WV By i3 ) Athena,
Tl ) Azure Data Lake 55577 232 R g0, B4
AT B AS TE B P A A SO A P B 22 38 e AR
=2 25 FERH R it v BT U AR B BE R T LA T
CARDLEARNER"™™ R IA (1 B H0A 45 70 RS 6 =
k5 R CARDLEARNER M 46 i A9 7k $h
A rp 2 o BRI TSR, I ol AR AL Ok T80 R R A

b BT T AR B 24 iU F) SCOPE £ ifyfifk
g X A G R P 1 BRSO T R A, Kiefer 55 A
R JUAE G2 1Y AL & 2 20 O vk Al i R T A% Al
(kernel density estimation, KDE) A 4 B A 1 45
YL ST L A W A PE R Kipf 48 A A
2 A BB (learned cardinalities) P HE 4. 5%
P2 0 255 A FERORE T S — A B B TR] R K
J A ) R AT 1) B Rk IR AT R A A R A R A
LT Ay 1 kg R B0 A THEL. QuickSel ™ g X 5 AR
P A 1) Ay U A i b AG T A 9 A e R 1 1) R B
H T PP 2E S HEZE (selectivity learning framework). LA
BRI AR R 22 22 8 A Ak A% 09 B T R
g1 HoMAT: 55 B A AL e g AL A5 AT . B R T ALAR
22 ) W EEEAL THRIE Y . © 28 X RO E Mg R A R
B 19 R W) [ R 4 T 07 B, RO B AR R S A
i YR T ML 2 ST R O v B BOR B 5E S [H).
3.3 HSEFEIJMHRMEE

TERCHE P2 22 e P RE R 00 3k 2 L e ol 2 A ) A 1k
b AR e AR T A B X T A ROCR A O L B
A IR Z2 MO T % R0 7Y 17 B, B &R 4
MIGETHE B T B EIE T30 2 9 09 AT B 1]

Ganapathi 88 A" 48 i FHIL A 2 20 Of RS f
DS A P A 1) 1Y) 1k B 4 bR 7E — A i I 2R AR 1
& IR A5 1) Ja RN A R PR R AR bR 2 A 1Y 2200 R ER, O
i JH 3k B DGR 19 48 T 56 A ok TIOR3 /Y M BB 1%
TR TR T AR p S5 6 f5 B B g N g
Xof A5 V) D0 Ak i 14 A 1) B T () B, 4 1 LSTM 3k
T A 30T L F 5T SR SRR 2 0% 4 A ) O 0 AN
B — RIS 5 AR T8 o A2 LSTM
W 2 v, AT A O B S0 3% 7 ¥ DL A R iRl
AR AEAT SN RS B 38 A 14 B ) AR S ol 2 o 286 2 U
TIE B4 DR Y5 2 A5 Y B S 2 A R T ) Y T T
Fe 91, JF HAE S BREAT A2 i 1R wi L BERS 77 AR Xzt
0] S B az 47 e [) %) 0

2 NEXF A PLE S ) A py A AL E SR T
e Sl ERE XA Oe e a8 i rY 3 AR i 4%
U A BB T AR B AL, [ i A7 — 22 T AR
S BT R A i A A d AT I AL

Plas s ey Aot as , 56 T3 s f v~
REAE M SERT A A B b 2 ), A shsllt &l i fk # 1Y
PR 6 BUHE i R 4 ) A A AR B 5 B T B Y
PEAD AR BN A A A ST B 1), D A i
Rl e B BT R ) R AR A S50 B o (A 2 — PR
J5 SR AR 22 TAE(E 1514
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Table 2 Query Optimization with Machine Learning

®2 NBEFINLETEARUSE

Items Methods Based on Traditional Machine Learning

Methods Based on Deep Learning

KDE8); QuickSelt1; Bandwidth-Optimized KDEP9! ;

Cardinality Estimation

CARDLEARERDP

Cost Model

Plan Space Enumeration

Query Optimizer

Ganapathi’s cost preditiontt)

Learned Cardinalities6%]

Bi's Cost Modell62]
Deep RL-based DQ%); ReJOINE!Z)
Ortiz’s Model Using DRLP

Hands-Free Query Optimizert®)

AR AL &7 T A0 B A AL A 0 T Bdl i R S Y
BT PERE 4R THAR 2 7 AR TR A 5 Wi [A] B 32 01 5 A%
L AH B PR 1) TR i Al 2 ) 7 2R A U1
Kot AE I 20 398008 P A i D0 TE i P REAR 22 5 2) IR
JEE ik Al 25 > T BB 2 D 1 S AR A B AR A L T £ 9
DU R AR T A 8 RE 415 A 2 A5 360 S I, S B rp it SR
M R 5 3) f G B A 5 28 2 Sl ST 7 S S B 1) B
PEFRRIE R B Z b B0, AN RE 6 B0 1E S e £ 30 10 1k B
Al DU o it 45 15 47 D A0S P az AT 1 s ] A
DR REAE B SR R O DA MR 00 A i AU L R DA
PN B 1 27 > Ak £ 1) 10 A 28 1 75 0 — 20 4R 3
LB X a2 2R 48 1 A R AL . 45 5 TR B i e o )
S5 HAB ML &% 27 2 5 AT R AT AR 2 (A T 58 89 A

4 HIUBEEEERS

T8 B P U, 2 B0 I8 I 2 1 R AR Y 0T 5
[7a) 5L, ) o, 2 M A S O B R I 3 A
MERE - 1) S804 FRASARIE AN [ (4 B30 7 3R G A o] —
NSEEATRERA AR 4 5K 5 2) S B REA ST
BB — A2 B o R W A 2 5O TS B PR RE 5 3) B4
A D0 Y R A i A A — > BT e i

SRR — DR L — R .

it DBMS [ 2 4 & 48 1t 68 £ ¢ & 2.
DBMS i BRI\ BC B0l 5 220 N B, Bl 5 2 R 4
(& &, BLAL DBMS A7 K it 280 50 7 &
G5 R FH R 3 1 RS AS W 1 K 52 At R I T
R 47 () DBMS Bt & 1R £ B {Of T DBA B JCiE M
EATURE P 2 L 04k DBMS B9 2800 2 88 i A3
e,

SR P R SE 0 Bh A0 B — S Y
SRR R R R GG % A Sk LR 2 2] A5 ik ok
FLHSHIE, CHREZHEE. R 3 0 A L EHEE
HHLRGMIT 3 A B Bt S H = ERRAE, BRI
HIX 3 B BEAAIF AT TAE LA B SCHR[66 179 B4,

WA [ A B 122 2R G 5% 0 ) B 05 R [ L ]
LAk 3 B B . 3 I 800 i R g . 1R T A 1
ARG LR ST E UG A RO R g

A A A Sk R JE S B R 4 (automatic
database management system) #T 50 4 3 I BF 5% i
R EE N = 8BTS A B A o A B R A
HAGWE. =BG . BT o FEE0 AN
BN Pk L il A5 5098 JE &R B2 B sl ARk 52 5
SER)

Table 3 The Development History on Automatic Database Management System

®3 BIUYEEEERGEHRIE

Ttems Age

Main Topics

Self-adaptive Database 1970s~1990s

Self-tuning Database 1990s~2000s

Self-driving Database 2010s~now

Index Selection, Database Partition

DBA Advisor Tools, Knobs Tuning

Workload Forecast, System Configuration(Physical Design, Data Organization, Optimization)

4.1 BENMBATHEZRS

1970~1999 HWifa], [ i& W £ 35 JE (self-adaptive
database) & 4t & B4 T AU FE R 40 W) B ik
T IR AR R BB B BT T L X
S R T ARS8 T IACKE PR R e AR T AR iy 55

filh : 1) 28 G WS O T L R P A A6 5 ) R 40 ) BT A
FEAR 5 20 MR A A5 B 48 R 5 20 0 A7 WP 2 B o ok 2
5 R GEMERE. Hammer 55 A4 M 7E A & N8R 5 &
G HEAT A SRR I EHE T B I A 32y XA
Bl B R AE 20 fibad 90 AU %R L B
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o3 A ORIFAT B 2 AR MW 9T AR A SCIRC7 1],
Fi H0 R 8 B8 A R A R R A R I 0 X
W 114 5 1SS0 T B 1k

%t B V85 8045 5 (self-tuning database) & 48
AT 55 5 TP FE 1990 ~2009 4F L & H 3 1k B4 12 iF
SEHNES 2 IR M. Sell-Tuning B8 B & 481720, # gt
FH T 45 B 8080 e 48 B0 5L 0 %08 T B RO A Y
TAEGAR, R R D] AR 73 XL AR
T R B A WA AutoAdmin™ [ IBM 1 DB2
Designer ™ 4,

21 A2 [ LT 46 T EF X A S AL A B 24
PEOE RO FE LT BT AR B AL R ER A A 2
14 2 ORI TSk e A A 1 S A B A
PR SE X LA A 7 IE B I EL ] i 0 2 G S i
TRFHE MBI TA/E4 IBM S DB2 #4# [ 3h ik 41 1+
(autonomic components) , 41 LEOY* , SASH™ 4.

e A S L L DBMS S 400 1 B A 8 2 0F 5%
T AE. Narayanan % A" $2H % U BT ) (resource
advisor) , iIZ 7 45T X T SQL Server, 3 T 40 K7 5 |
R 8 0 B8k P VR R GE B L RE A A1 B [l 2 B R A R
BE” (what-if) [ 41, [7) i I & 3 750000 36 ML = 55 4k 2t
(online transaction processing, OLTP) T4 {1 4
RE A8 1k , B % BT 47 1 B i 2R S PEAE. Dias 55 AW
P —Fh AT B 3h AL 1 BE 2 W AR A B9 O kL
T A sh F o B W 2% Cautomatic database diagnostic
monitor, ADDM) , 3k H 3J 12 Wi 5% W %5 40 e & A ik
BT, $2 TR A Y EE Ok G2 T, OF 0 T
Oracle IOgm] 1, Sullivan 28 AV i FH % FR A 5% i
 (influence diagram) [ #8f 2 #fi B AL U > 52 B A 44
() A S AL FAE AR 7 5. Tran 25 A 5U HE H — Fl 3 T
Gz oh X e T R I 2 b XU Ak O i B AT T A S
R G HEAT AL TS, Duan 58 A 42 A
ACHERR B R & 2800 T A iTuned, 256 H il
IO SR B A FH A T30 114 552 6 Ok S B i 658 R A
RE =1 1 S B AT IS

DL E o 26 g g4k 2 BoE 0 T2 R A 7R B
FECHORBERE IS T — M a1 HOHE P AR e v AR
Fr R 2 02 o 508 P AR 107 s 4 1t o B R RR s A B
PERGE Dy TR T 20 80 R e B AR SR
7 SN T T2 0y 20 B ] 40 o 2 i S 1T 2 8
ZIF SRS T g gl R YNGR i f T B8
B R R ES 2 A AR AR R HL X s T H AR A ST b
0 A B> DBMS B HE 8 AN R M 56 Hi Y 2 £ O T
VErh SRz 50, PR g K 2 BOIE T AR AR AR 2 K

F18) B[] R U

2010~2019 A 1, tEBE A =35 09 Hh B,
BT 27 6 0 KRR A e Ve o X B0 P &R 4
(19 A A 5T S I a U 7R 4 ] 2 R 55 B AL R O
KA SE SCTHRARE B R 5. ), UK Azure
JIi 55 B AL F] F DBMS 25 g 19 55 I8 AT 3 3l i 4% %%
PSR A3 T 5 A A A 55 T kR 9 050 T B 24
42 BFHEERS

M LA R K 24 Y Pavio 4% 45 L BL7E 2 A
EH I E (self-driving database) BB AL, If 48 H —
ANHEIEW A FEIEEE R RGN H g 3
AE ) 1) A 32 e 5 2R IR o 3 1 O Xk & e R A7 10
1b52) B F o @ ] i FF AL s 3) A A AL
SE S PR b 22 2] AT 1 BE ) N AR AN T
DBA W22 H. , A FEHE AT Fr ol A sh Ak Bl P R 58
KB 3 1N H B,

R R T R P AR G ST T AE AN BEFR
Z R SR A S A B R Y RN 3
T = 1) S 24k T 5 AR 2 AR S Bl 4 &R 48y Ab
FRZH A 5 2) 33 26 4 1 7 Bl 4 28 8 A ] it g
457 DBA AL, i 475 2 DBA SRR g 2R
YL, I P ] B 2 R A B A 5 3) X 4 T HAE
I X HOHE AR G 0 A O TR R AR ) 5 L A
AN JEEE P & 0 1 BE 09 it — 7 T R 2 5 gk
R THEAISLR, AT AT E . A1
DBMS {4 £ 45 44 1 AN g A7 5 Y 50, 40 2R
— U R G X 8 [ A TR A T v 5 R R
) R 20

Peloton &5 1 A FHIGEE AL %
RGN T KT A G T8I R0 AR A T S AR AR
B RIRE I HELE 48 B self-driving database fE
g SR 3 KAl D BUE EE W L R (R 5L Y
PRI A7 i A Jm) 55 ) 5 20 BT AL 2000 AR (f
G o B2 5 3) 52w B HE R &R GE AT I ) A9 TG
CEE B & PR AR &L fk). Peloton fE RS 1 4>
F 31k B9 N AE RO P 2R 4, RE 1% 12 20 1 0 K0 o &R
GEIEATARAL  TE TR B ] 8] A 23 5% 0 FH 2 3 A
MR M. Ma 25 ATE SCHR85 ], £ Xt “self-driving”
DBMS-——Peloton % T ff 48 1 HE 8 k47 T 1
A0 838, FRZ N QueryBot5000.

Aken % AR OtterTune, >R A 24619 J5
PR TR E RGBS A5G 1A BT
B AL AR 5k RS R g e iR
HA 200 ) B BE B S50 (knobs) £ % 58 i T4
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I 2255, Otter Tune K A A1 %) SR 2240 B T2
VES 5 C AT B A T80 DT BC A5 T O A7 19 18 10
L8 HE, 42 = DBMS 1Y — 48 H bR (]
latency, throughput 55, #EZ£ 8L i) DBMS Z %%,
OtterTune R A Il FE R G0 10 2% FhACFR L 42 45
CIEE I CHEE

BEXT = F678 1Y 22 0 8008 2 I 55 (cloud-hosted
multi-tenant database services) ,Jain ¢ A #2H 5%
i 22 0 J0 G 1Y A B B0 BRN 43 A IR 55 2R
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The architecture of autonomous database management system
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