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Abstract In the era of big data, for the ever-expanding data volume, complex and diverse application scenarios,
heterogeneous hardware architecture and different types of users, traditional database techniques cannot adapt to
these new scenarios and changes. So machine learning, known for its learning ability, gradually shows potential and
application prospects in database. Based on full investigation and analysis, we first summarize the requirements of
machine learning for building an efficient, reliable, highly available and adaptive database system, including
database operation and maintenance, data storage, optimizer and executor, query optimization, database workload
management, database security and privacy, database self-management, database for machine learning. Then, we
discuss the potential challenges in the process of combining machine learning algorithms with database techniques
from four aspects, including lack of training data, long training time, limited generalization ability, and challenges
in applying machine learning models with specific database problems. Next, we survey the researches of machine-
learning-based techniques, including automatic parameter tuning, automatic cardinality estimation, automatic query
plan selection, automatic index and view selection. Automatic tuning technology includes heuristic algorithm,
traditional machine learning and deep reinforcement learning. Heuristic algorithms explore the optimal subspace
through sampling from the discrete parameter space, which can effectively improve the efficiency of parameter
tuning, but they are difficult to find the appropriate configuration within the resource limit; traditional machine
learning algorithm learns the mapping relationship between the system state and the specified workload template in
the reduced dimension parameter space, which improves the adaptability of the model; deep reinforcement learning
iteratively learns the optimization strategy in the high-dimensional parameter space, and uses neural network to
improve the processing ability of high-dimensional data. It can effectively reduce the demand of training data;
automatic cardinality estimation includes query-oriented method and query-plan-oriented method. The former uses
convolutional neural network (CNN) to learn the relationship among data, filter conditions and join conditions.
However, it is poor in generalization for different datasets. The latter estimates cardinality of physical operators in
cascade, which improves the adaptability to different queries. Query plan selection includes deep learning and
reinforcement learning. The deep learning method integrates the estimated cost values and data characteristics,
which improve the accuracy of each plan cost estimation, but the results depend heavily on the accuracy of the
estimator; deep reinforcement learning method iteratively generates the query plan based on the final goal, and it
reduces the dependence on query cost. Automatic index selection includes classifier, reinforcement learning and
genetic algorithm: the classification algorithm analyzes the cost of building indexes and the efficiency of different
indexes based on the table characteristics. By combining the genetic algorithm, it improves the recommendation
efficiency of composite index; reinforcement learning realizes online index selection by incrementally
recommending indexes. Automatic view selection includes heuristic algorithm, probability statistics and
reinforcement learning. Heuristic algorithms improve selection efficiency by greedily exploring directed acyclic
graph of candidate views, but its adaptability is poor. Statistics-based methods formalize view selection into a 0-1
selection problem, effectively reducing the exploration cost of graph. Reinforcement learning methods model the
creation and deletion of view into a dynamic selection process, and further improve selection efficiency with a try-
and-error training pattern. Finally, we provide the revolutionary breakthroughs that machine learning technologies

will bring to databases from eight perspectives.
Key words database; machine learning; deep learning; reinforcement learning; query optimization
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Bk Ry, MECLEER]. WEIRAR T A
ARk, TRAESRAE 8 2 1) SRR AR L A A |
%,

o FEARZREME: RN S IR A &iE
NEHT IR R RE 1, EE 2RI AT LU
PRI S SSOA R, AR v AR R PR e P R I
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TCEE G E, AT LUA Rt A H N A7 . B ToT
M BT EAHR B PR BEA R, 5 7 BUA 5 TP
HAEAT S # R H a8 vl Hifcaf 1R
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AL SRS SL PR TAE R AL . P

1 http://mysqltuner.com/
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A SHOREME . i MySQLTuner', &
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BAFFE =GB H—, AN ES) G E

( Automatic Workload Repository AWR) F1 £

AR EHE . AWR & Oracle [1—N3R I

M T, IR AWR SREUS R £l 22

W& RIGIHEELE. K, @dEAFRR

BB FEEPATAE, MATHEERNEESA

FRCE 2 BRI R, S8 RIAHIRR “Bom

N7, AH XL R A B M. '

%6, AR THEREFS . HIk, X
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SR . HAROREIEFEHWHHN. Bk, X
556 HUFE (Divide and Diverge Sampling) 2%
AN YESHE A B b A3 BUE S B 57
Bk B, B BRI —AME . XA ST R
FAL RO KN AN R HIAEAS A 8], Dy T PRIE SR )
SR, ZREANSHUE AR — k. AR5,
H 91 ZEH L (Recursive Bound Search) £EK
TEARE 2 R BE N LIEE k AN, 15215
TR Coo FELA Co AMORIZ R — IR AL LX
B EFEEA, BERIARES 2RI I s ik
B PR .

DA EJTEEEREL TR ERE: 1D TS
Wgs A RKIAZSEIN; 2) #FHRESH s, 1
A PR B BEIE T 30 S e 1 X 3o AHL ) B T i
e NI MLAE2E S H, R R E 7R NP 17
I AN REIR B4 NI CR, R4 R reds 21 [E)E
IR . HeAh, BATTER B A 78 70 I D s 4
Wik 2 U, ERRENEINHSEREE, HBEMNK
Fra6, MARER T ZArIZAA I &Rt —E ik
B, KIRE, XA BRI T A]
IR, T HASAR 2 RE D R AEBAK .

22 ETHRIFIWASEAR

FXMEGEH SRR T AL, BRI N2
[ L8 27 >3 AU o AN IR 28 1 U 0 1% S 4 A 7
o RIS ST BRMEEE GIIZRPEAD s
SN S R ARG &, AT BE X R ) i
MBI T . T2 8, TR
AR IR E, SRBOCE P25
AAFARHRT o i DA $F 538 R AN 27 2] i R AR
BtoEZE, OB, AMIEZEMH T
P GEHLER = ST B s AL 2 2T PR EROA

221 HETEGHLESEIMNHASEAR

G LA I AR RIH . RN S 2
A . HAR KR EEARSATE 28 [BES 4T
ML BEPPAY & o (HIX SRR /R 7 FH R AR 2258
AT R TR, SRECE I W )I R0 R AE

fE Aken 5 NPT RBUBIHLAS 2% 2] 7 iR
HIHZ R OtterTune 71, AT 3 ER FH & i
iF#2 (Gaussian Process) NY4HI i #HEEGIE 2
o A THERZ GMEFHD MR RIEIA
FURHT RS 2 AU, St ARk 2805 113
IR RZAE Z e BB & A AEEEIESES n 4>
W& y={y1, ..., yo} TG —ADBEHIAZE IR, @it

AR MR 7K R E A A R AR e A SRR A e (OF
K AREBENER 7 (R . Ieoh, EERAEDL
T, mid ARt 7B {E X 8] (confidence interval),
R I & S 2O S AE R I SRR, R e HEml e 2 3|
FIRIRFE AT Ko BN FE AT DL U AE fh
WA IR
o CRPAEHHEN: FRAEAHIEUR AR MR AE 4 A H
[, Hikdd s Hbr ok R R % 1 — /Nl oy
fEEIERH THEA PN /fiE . BT OtterTune
F AR YT AR R HEE S, R
BORFIE R S 5 S 42 1A 1) R Bk 2 JE B 2
(1. OtterTune MPRNJT THIREAT 1 FFAELSE: 2
— P B RRE, AL WO ) AR
schema IRFIE . 53— M2 204 FE N ERAS , B
FERAE AT IS RPIRS AR R, Wiy/'S A&
WRAFHI R X TIXEFFE, OtterTune 1
SRR F 4387 (Factor Analysis) I i TG4
fiE, PRI R e B % 21 77 k-means,
EHE K NS5 SHOCRBEVINRE, /ERNHZ
TR LS N o Ak A A 3 B — A
T L) SRR AL BE R S X R ) S A ) . A AT
R RRE IR R RERNA HEE R
e FHA
o R C]: ERMIUENFIESS, OtterTune 44
A 8728 W BILES 31— N R ARABL ) A AR W o
IRIGIBAT m I AR, Al — S A AH %
I MR AN e 17 40 A (R BEA LR BB, AN WP IR
HKMSHMFESEEE, HTHAT W
OtterTune b2 LMK W I NG SR, it
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W2 RGAEA [F] IV EARE FE A5 T 38R B R I
Ak, e RS A ORI R AE 1 SeAR S5 2 B 28,
MAEARKN IS TEFR . HE, ZXMFEBRAER
AR B, XERITERMH—-MEERLEY, |k
— B BRI B AR I AN e ORAIE A2 TR — B B i
Mefie, T ELAS [ B A FH AR Y oK mT DR B G
Ho HIR, BRRERE R ENEAH T UIZEA,
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(T, XA i R U I 1 5N T RE B N5 K ) 27
SRR A

222 HTHEBRAFEIMRSER

sRA A 2] (RL) FRARN T R 2R8I T 2
o BART ER2RAE 7 —MHESE, %7217 (agent)
REMBEREE 5 (environment) AREUATEY, FHi%
BB R SR A B aE S . 5GBS
ANF], RL AT ZREMFRERAE . AR, 50
HMIEGIR, agent B ARAAT Jui #EHE0g, DL KAk
H AR R B PR FITF AL, RL A PAEAR R R
VS (R AT R IR R A BT . (H2, BT
fE45 RL Bk (W1 Q-learning 55) #0A23ET EHUTY
E, WNfE Q-learning WL T E L T IAHEREMT A
FIPEAE (Q-value), FEUXIFET7IEME LA X AZ
SIXMEA SRS 1A 8. T Arulkumaran
SN T — Mg & RL FIRBE 22 2] J7 vk IR S
AL ST (Deep Reinforcement Learning ), PAf#
PRI AR R, RAS 28 B i) 7

Zhang 25 NUOF|H DRL 77k H T — o 21
Ui )2 248 CDBTune. ‘B[ 7] = 504 1E 5% . 1
W P ARG RTE KRG, B MW AR EE TAE
B, RIFNESH DRL ARURE 4 il 28 BoR A HE
THIRESE, FREL T B8 EhPAT 73, il
MEPIRASFERE T I 25k DRL B8, #8212k, eff
B B &N RSAF B R BT AE L T B, A&t
FEAR L 55 7 B A Hh i S A MR RE ARG S BB .
FARAGE R, I FEFXREY DRL BAHIH
eI

N TR A B 2 1K A T S A N/
ZE[A] 1) 7], CDBTune K FH— Fh 2 T~ S W& (1 1R 2 ok
2 2 J7 0% R LR E VE SR MG KR B2 5L (Deep
Deterministic Policy Gradient) . A~[F]F DQN %11
ftt, DRL Jj¥%, DDPG ANfiEAREAMT A THE AL
fiti Q-value. ‘B[] agent .4 actor Fl critic P/ MASEE
PREEMIZE . E5E, EANEEEE PRI S
RIABAREEAE,  n 2 AN 28 AT DL 5K &
WRJE, EARIECT, actor AT LLRRAE 1 AT PR AR
SMEEZRS HEERNSHUE, critic MAERAT AT
PPt X actor AT R, BJE, critic 2 TR
T2 5 B R B AT ST

FIH DRL A ERANGE, XKW SH
ARAT AR IR THHZ20% . B 56, DRL AFHEKR
IR EAR RIS . RORE—FP R, it

LA A 2N IIGAEA . Hik, Rl MDP.
Bellman AL T [R5 AR, LS RRAEIRIE M) H br
W&

XM, CDBTune B LR 24k, H, €
Fe MG Z, B A RTE A 2 A
ARSI, SO SR SR ]
firo UbAh, SHEEE LB 7B EIRES, A
BEGG NERHEEAT 0, A2 RRYE.
I, Li S NPT — P TR EE A ST R 2
WERAKH3AZ RS QTune, M =/J7HfE
CDBTune Hi KA. H—, N T REHSHA
] 7 2V IE L BE 77, QTune 7 A v RI %) F 2k,
FHIE Cnse5Eepl. EARRRE . PATHRME
BEAT D, XPHAT TR A . =, AT
IR EIAZ R, QTune KM 1 — M a1 12 ]
M) R B 9 Ak %% 2] B 5 ( Double-State Deep
Deterministic Policy Gradient, DS-DDPG), {3
T Actor-Critic 532, #&EIZRA0E: T BAETRILY:
STHPRSFE R 256 3. Bl SR 4l
ZHREERHIE, 525 2 S0 1) B 52 A0 N e
Jo F=, N7 SELFHIHE AN R FH o Eds e 1 e
Bk (CWRIER . m AR, QTune 4N
Query2Cluster f5, Hesxf A A - il 4s 2 £ i
GFHEAT IR, ARG R AH RIS v A 2 o itk B 2 H
AT, AT ~F- A ek B RS SR B 7 THT ) 75 oK SR T
H A QTune /398 F: T BAHLEHE e, IR REMRORAE 73 AT
R L N2 A SEBHEAT S 1 1) .
2.3 HEAXBESHSIZRESEAR

REIEIAC, Br T 75 R A A U R
T AN [F] Bl 25 2R Y s 5 4 s, $R = e ol 2
AR P RE Tt — N EER I . MNSEILREL
PEIHATTHE Y Hadoop, FISCHF N AFTT 5T Spark,
AL 2 T R B AL B Flink, 5347 51 %
AN R BT 1) 25 A R D e SR ! B AN [R] 37 55 1) K 4k
PEALBEFT R . XM FEC T AT 51 ) PR B S
Bk, MZTAERAICNEE.,

2.3.1 BT AIERI KA T 5| I SR

H AT 5B 51 R S48 2 AR JBK
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B (15 FREEAT; 50 Baal FIRRE N 281
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fIZad e (i Spark A2 190 MRS HD FE
o Tohe FRk, SRAIBEHLIEE R 7792 A BER FH P
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A, ST, G B E B,
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BEERRERE, ERSTR A2 MELER
BN = uiE R . T B Ui Eg s H A 2
AL E IR 5 A0 H 5 BUR RS HAR
AN BB BB R LA B BRI M, R
SR ARAE 200 B IR 55 R0 A 5236 o7 4 J T i R B AE
TEBCN IR GEE 2R AR 4R 1 2 T S H R
AR DIBR FEVE NS R, T HLBERE 4T
ST AEksE AR TS S, HET
Al PAPRGHE 2 2] 43 T R A O B i, iR AR
FHTRIEC B i (0250 . TR BEIE RV SR 12 1 S 4
REEWPOHEE N A RIS 2 50
LZMPANITR, ARSI R,

3 EBEHTHARBHR

ARG T 2 R 2 A A i B B2 R 4
ANBFMZE . BRI A2 B K AL R
TR, BB A TR ) o Rk T AR, HE
BB R TPAT I RNE R EEA & . L5 ERE
PEE WAt T A 32 e A i, R
2% (cardinality estimator), FXAT AR (cost model) o
FHAGTHE AL G B EE R E ST
ST T, (H2 B E et B T A R
Berb B T SR RAEAE IR R 22 . mEHL 2 e
IR B LN RS . 7R KRB TR ZE 1S
BN, EWARALES ICERE AT RAT A, TS
e g R AT TR E R 2R e . AR TR
Leis %5 NPIE S pRAR4E Bk, A A5tk
%5 2ok B TR T AR ) . A TARTAR
B, MRS R R, o R
BATHIANT DA ECE IS, ELANAE PostgreSQL H?
5 T 4000 17 C 5 AR SEHACMM R AL
BP0t e 2 i A v 47 2 T i 7 A Bk
i 1) Bt —NBOIMAER et ) 3 5 h A% 2D
T vty B0 BEAL S F Bl TR TR TTERAT 40
A Gt 5 BUAG TE AN I T 2 ) I B T AN T T
XTIAE HEARBATAH (WK 2),

3.1 BREGEHMETEAR

H T A WL g8l e B B b v SR 0 v B 5

K| Chistogram), #(#% E {4 (sketching) 1K
(sampling) = 27775 FeT B 7 B 7 8% B8
B4 PE R —FIE B o0 A A S el . Hoh T
HEARR RS AT, 4EP A BT BRI — A
ARV E B BT AR RS RO T
MEPEIRR SIS R, EaREEBUGTHE I
Fe AT F — AN A R KK B a3 67 1] (bitmap)

., SRIERH AT B R A T, e SRR AT T
A AL G MinCountt M55 o ) T 2 I HE 25 1) (1) 2
BT NER AR AN, ZFT7 A 57 EAR R )
BRI ZE . BEE NAERCARI R, A0 e
Wik, FETRFE (Sampling) FIFEEUL 177745
AT, FEAH T K A B AR AR 6 H 8
SRAFE SR I/ AR E ORI AR AT I 1]

X TTIEAE N AFEURE E Hyper H C2 4N H

3.1.1 2T EHJTE (Histogram) HI5L

BT HO7 BRI EEP ARG 5 b1,bs. .. ba] K 51
BRI s T, SRS NER, — MR
JEYEALT bia A by Z T RATE, A — RN T
WG F TG RATE, X R0 By BRI RS AR 1
Feorile BEJTERE S NP RR R A, S5 E T BN
RE B 555 H 7 BRI FTE 5 il 2 A R
MPESE, bi=bi+w, wXITFHAERLZ2—NEE.
SR E T BRSNS AT RIT
JE—EUR ((HR 58 BE T REANRD o S5UR I BT EIAR B
TG R 503 AR ) i o

98 BT IR S TR ORI R, R — 81
PR RAE R MAX, H/MESR MIN,  H52 4 %8 5t
& (MAX-MIN+1) / N, H N2 M. i
AR —MESEE W, A TATAT L BT B
HAE i B 6S L AR AT 250 LA %) 95 B SR 1 SR )
FAF e SRR WV, SINTE B
i) Y0 [l 57 4 78 25 AR AT 8 TR &)
W, FESN SRR LR S EE G, A5
FeLIRAIREEL, Az AT S AT 50 n 3 21 i 41
T B3

SSRETTEIRIRBEHE TR, R — 514
P —ILHRIZFICH, RSN M, I8
HOR AL S RN 45704 SFiR BT RS 8
AUERAE B ZEE, By DATE D& B TR 3 A 14
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o X TEEEW, G T AR EEE T RIAR (1) AT
R LI T8 B2 CRIRTE D o o T-ia el Ak, Ve
rH R ARG ) B 250 I, 3 Rl G AR 1) B B 7 i L
G

BT BT R s QREE FIE TS H
AR — T, TERE GRED B, AR
ZIE RS, BRSSO N, (R BT
K S R, Ml E g,
3.1.2 FTHdE m1% (Sketching) ) St it /7%

KEEEF LR EBIEES T AR TR
AT, SEILIX AN R T R ) TR R A —
MEEFET2RITRERHERNA A (Bitmap). XM
BVt v a®, ZEHEMeR, KBasmmam
TLRIIXNALERCN 1. —EHfM G, RET
ALK 1 Ao RE AT HHERA AN [F] T 3R A2
R TTEAL RS . (H2 FR BRI T REIRR, T
HARARRAN R AR i DL 4l
LB TTEERATATIY, AR A BEIAT 7%
WP R R EN A A, SHAF (Sorting)
BB ESE TR EANGE AR TR TT
%, HRHT A S A o R, PRI
SR BRI 2 AT . W72 (Hashing) W]
DU — A O AT 25 5, AR HE 2R
R, BRETIHFENE, TR, EaE
Al e AR EAR KM RN NAF. Z56 BT,
fikEid € (Bloom Filter) 456 1AL EABARA,
Yepr — NRAEIS A AL, AR IX M A R 2
JeRTE TR AN B

Tschorsch &5 NS HH T —Fh FM &3, lifi 1k
BB — A REFHIREA R, ] DU S B s St
SRR IS 20 3 A I BEHLAE 7 1, R0 R FH BEATLAR
W AT @2 0), MATTHE TREAEE
HELE 0 AN, RIMEREHESE S, GRS E
Ik f E 8 k MMESER 015, WEEHRAH
XANAFTEE . FM EZ LT B AL FHBE LT
(stochastic averaging) 1] LK REAN 76 2 I A0 3 B[]
I8/ 2] O(1)FF HIR1GA FM [RIFERIRR, X PP
MY S BENL IO 2T (PCSA), ZBEI A AR
SRR T AR TR 73 3 m M, A58
T A TR A ) B ET UG 4

{5 Alon ZE N2 RH FM S T F AR BEHL
WA R BB R AL, BUmA B2, Al
R A R, FEHATHALEI T ATE R 0 114k

KAG VAR TC RN, AH X P EE S B R A
ERISEIECR, BORA U FM 8. LogLog Bk &
Durand F1 Flajolet #2& H it —FhJE T AMS %R,
EAE ] PCSA A o A m il 1n) ity HAZ ik A
7 2 LogaLoga(N) I U 47« SuperLogLog?7 /& LogLog
R — MR M, IXMREBRAR T B T
77 ZH B T AR . HyperLogLoglP -+
LogLog i, {H7& el FH ARSI HOR IFAT 22 .

A — R T AV T, AFEE T4
(LC) PN [ id i€ (Bloom Filter) BY, JE7 AR
el FH 2 MRS Ay IR O B 3 S e 26 B F, AR
P fr B BB B U7 ) B B R, R B ORALSR
XPREHAT T SR N T A BRI A A g b g
o RhE, 7 2 AN ML AR, AT
Al DL B e R (DT RN D A E
b, ARREEIER TR AR AT

3.1.3 FTFREER 51

KR — R AN B A T e TR i SR At T
Jride EABTHRE BB, el AL BRI
IRIBC N TR A S INAERA At vt A KRR ikt
VI, IR RGUR H T4 773
55, sHRRE A M AR A S T &S H2
BUEREE WA B R B, B0 TR 2 A A7 dfe
JE, AEASEE T RAE MRS T N Se A . R R R
TR I TR B B B P B LRAE — N
G/ e a7 MRV R NS E R kT R ]
R ORJE AR KA LAl o B RO 45 R H - XA
T3 FO0 T R BR AR AL TR A R, (HEX T2 RE
FARMENTHIRAR 2 R, LL A RCRFE T e b
T AR AR P G T Rl 2 A5 A5 R A ORI
Fo BEXIZA I, Leis S5 ANPURH 7 —FiE TR
FHERFERAR . XA BOARIEA BARRAE I TR 5
AR SR BV R ISR, . MOLRFE i
JRAT RCRFEZE IR ), i AR A RAT B 3R
HrE, TTUABENLY A SRAE N 2%, (ESERAE B [
15, E5EAE B RO A FRAHA RS, 4R
P B FiRT A SR SRIRIITC R, AR JEXTIX 2T
RHHTRAE, X A I B 8 SRR AR T
PACRIE R N 2 MR B IR X FRIE L A2 3R
e, MERRTEL, SRR RS, AR
3.2 ETHEFINERMIT

feGe 3k Ge it (2 Bl v i) T R AF AR K
22, T RAEM AT 2 R AW A AT AL
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SRFEE I v, 1 5T 2 5] R FE R AR SRR T
RolE5M . I TAER RS, RIRNLES = )T
DASCEL sk . mTEEMREUE Tk AL
A8 5 S) EE AT H UG TR BT LA MR, —3K
e AAHE WG A AR S @ X PR E 1
FIA B HHEURFAE, AN 75 BN T35 U7 [ a2
WA 75 BT M0 [ B AR AT 07 2 (AR AR IE
SRS UF IR RS . ) — R E AT
HREREE, ERETERMmIAES, SCRPIT RIS
MIRFEEL . Ak, el PLE S AT TR
KRBT, MATERMIINSE, NfiHE
T AN BT SR AT T AT, R AR
AR e S nfdtt, RN B 23550 E 3
TR

3.2.1 THI[A A IS E A T

o SRR ME B4 5 3] VA A AR B AR Xt e 4 5L
PR R AE I AN RS 2 BT . BORT AL T B A
B THEIEP R I — A B RSB IN L %M
K NGB R MK, BEIS 2 2] 5%
RRHE, EhEE, ERFMEZHER R, I
)k EWIE A I REAUE . EA 2R AT
BB P BRI B R A R . SRR
% BE R R A T R A R B o T
PostgreSQL DA Sk T RAF AL Grab B il v 5. &
g, MIREREE AT BOR, e DO a2 S R /3R
Hn. EMRME. ERFMZHIRR, HEREK
I N E W Hk, ERARTESR, FHIEH
AR IR TBAER E, B &R AR 1S
JEFR AT LA I A A A A — s ik, Xt
T RARNHERZ W RENHEA —ENEZ
WRET. ESRIREIRER, BT RTINS
RAMRINME. BeAth, a2 )8 T AiE S
(i SQL), ANEE BARMMEL AR, Prilsaliig

W HEAT AT A T A PR RESR TS
3.2.2 [ FPAT RIS T

TN G B — B AR PAT T Rl ST g R
GRATEIAII00 A TR AL AR 2 O P
(1, BT X277 S0 TR — A 2R TR A ST B
WAERATAR KWL 51 70 Bl ) ST FE 0 L A5l FH i 27
77 AR 2], R S A 2 R T )RR
RPN PPRE RN . R OTIEHET LR
(Left Deep) HIE#HITHRIM @7, MAEE R4
TG A B AT THRI) RS R g A ) o 15T
NP 22— DI, AR CERITH T
TR B9 R h ARG T — AN AR oI A Y
HalE a HirHEH BRI RN he, HH—
JB A IE M A W g RO R A 3T X A g
NNst I(ht,at)_’hﬁl o |3,f]—-§ T’Ij(%}i—%ﬁﬁ%%‘ NNst Z&}l{
T B2 2] — AN I 48 NNobserveas A1 BEZ X R
FHHUE, T DMRIEF I SRIX P Z N2 . 1X PR 7
RIS AE T W0 46 7] DLAEAS [ B2 B 04T T &l
W SR EBE BT BT AW, ARYE TR
PROBLTRE MR G T o BeAh, @ AT AT TR,
ER T A A R B A ) S RE R KT 55
FET B AT FH A 22 X 28 5 B0 AE — 2817 50 R AN
., WIASTRREARMN (bushy) HIiHRIRIEE T . Br
PN T SCHRFA RS EIAT TR, Sun 58 AR —
Tt I8 TR0 T2 A R A T2 0 285 ) S Al THREE BR80T,
g, TR AR AR T O EER, AdATR
PR AR R Fon F &R, BT AR —A
LSTM H75, A% i A7 sURpAE, W] BAR]I 2
JEWEEATT . K, AR RE SR U [
FIE T AWRHE (A JEst, KRR FY R
1B CUnSEF, BT o AT IXLERE I RN B 3K
TR GEA R b, F R — o R 755 e 4
Jrik, REis i ULz A RE

*® 2 BT ERRIEXTIIE

7 i R MR R ENAEN
o FRMEI R AR
FUy G I, I " WA o &
)

EFGIIEEAST SR, At SRRSO 7 R o 2 )

, EISRETE op fig
ok T 50627282930 fhiit KL B 004 7 B 8

HF R MORREN  EOREGT TR R 1 % 6 A OR
WIS b t

il At PSR 7775 0-tuple [
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5]

e FETHLAR S S AR PR BOR Z5iR 16

o 2 1) A 11 Y HAl AR 1 8 HEREINL N - -
TR MERALGT AR vt ZAGRETIA 2 ehpoit
HAR
AT T KI5 ME W IRIARE S5: fe W EREIS BN, 1& . =
5 3] JgiA33:343536] % [5] N fili H RN ZALRE I A R 2 fti it
33 RRTH PR . BRSO el Bk 0 PR B R O A 5

ZJE BT TR AR DT Ak
et AR AR T A . 2R
ST R AR, X B PAT T RIEATRAIE T
R, BAEE B QAR R A, Y R AT
f, HrpiEiRRIA A Bt — MRS, T H.
RIEAMBIRE, WIERFIE, Uk, &0
FRMEAERERR, Frrd s, BAEREX
WS 2 FERRAT IR AT 555, Jr LRIl
T2 AT A T HE . AT AR ot
(¥ bitmap HIARFAL A& H o, 2k
e FhRENE A A B RAE AU RE 5 J L 2% T AR

BEAh,  H AT SR AR Al T 2 A AR
MR BL XA BT N RIS AL, AP AR
KARZE o Ja ) TAERE T4 Rl 2 A8 [R] ok
XA R R, LESEEONACHT RENS TAH T B AT
B, mA&yENIAAR SR R RO FE ALK -

4 B RIEEFSARBTAR

HHE 1R I B AR — A B P A — A
BB T — A, BT
R A8 2 2 O B &R RI . AN TR
T A WA IEE KR .. SQL &kl —
A AR 2 X (Join Tree) 25 i B BPIRAS 23 8] 1R/
KT RIELHE RN . EXFER—ARE
A, R B AF T RIZ — > NP-hard i &
DAEGHR BE A F 25 A B4R AR, SRR TERIE R 2%
B, BRI EAERRAS S M A AT ZS, &
JEIE AT BRI, HET &/ T2 0
RIGERREEE IR Y, AR S B U 156 FH 1)
FEEANE, FRAT R Nk S ER S T Rk
PR 3E N Join HHRIERSIE (WEE 3.
4.1 FSITRIEEEE

AT RIE R EIELES ® — 1> SQL B ¥ g 4
TR TR, AR B EE R = AN

VEOERTH RN R R . XM T E AR AT
IRYE LI SL PR OLE 1, 0 I B0 25 R KL
ftith, CPU ARG AU 115555 . B HIE
PR e 6 BRI A X R A 2 ) R B AT R T IR AT
R, RS TS BRI TR o . —
A~ SQL A RE M TR (RS 22 o) B2 BRI,
SEARIME TR AT RERITHRR AT 1. AR
IRAEH T AR B PR R S, AT R EAT A R
R RIELRFSHAR, BN T ETaE
RN EAN R T R R R 1T

4.1.1 ET SRR TR R TE

FT AR Z 7 EN O B 2w
XTUARREWEH, BMERTEE KD, B0
B FHTE PostgreSQL WP, 7E48 24 He v Rl ik,
XFTAERIFER LN R R TR, AT gL
HAp R /MRl B AsB <C =D, X}F7it
K1 A=B<C B 1A PRI RIO T K] (A<B) =C Fn
A= (B=C), {358 10 Fin 20, FAIREE (A=B)
<C VENF it % A=B<C B9 B AL %, 4 Z &
(A>B=C) =D, fdi i} A=B~C FOEETHRI (A=B) =C If
HHEASE] ((A=B) =C) =D NZIRASAILE T,

HIEATHEE 0 NRS=(T), Ty, -+, To) B AE Join
&I Best (S) o BAMASEHI— T4 S=(T
T o, Tw,S: = S = S, AMEH Best (S) A
Best (S,) #EATIEHE, 1331 Best (S) = Best (S:) fEH
Best (S) B—/MEETHRI . TAVZRES I KN R
I, %F Best BREUHFAT KA, AT —MESS,
XM AT R AL RS SO RED Soo B 5 FIIERT
FnARS=(T, Ty, -+, T) HHERSKVE, ©F 2" F
KA, FIRZ LA 8 0(3").

A RIBEOR G T IR RS, %
BT BT BE A AL RE TR, AR
AFPIRAE 2 LR R . SIS RRE R PR
(M BEAE 25 AN T 28 D r iRl . EAR> TR
2], SR EETRE R, Wi T iE
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AT A] o — S fifidki i BR A 3 SRR R AR
BEARIZATIS ] LU A left-deep 388 ik BR il & U 42
RIVEFRN—AMIRER. BITHE n AR Join B,
Sy =Tx, S1 =S — (S2). ZITIEREVATBIFTAH LIRSS
T (A 1 #1550 K Join Tree HITHRI o & df
MRl 52 BUMIEH Right-deep(EHE /2R H
R, HIRIIM L), zig-zag(ZEREE LR, H
2 NRRER), R =R AR E O I
[A] A5 B2 A M Al iR &

4.1.2 T\ R AEEIEE IR PR

TR RAMEEHRIE:, sl — e R
WG XS T PIRAS 2 (AT B R U8 &, X Es)
ASHAN 8 3 ) b2 Ath e % 15 29 K (e fa], {E2
A2 RES LR U1 2 SR AT T Kil

TR REEREA — 2N, Bl
RN R BRSSO AT IR &R . BRI E
& QuickPick-1000081, & @ it FEAL A B 1000 4N AT
ITHERTR],  BATVRI AL T 35 24T VR AL A5 )X
1000 H e HTHRIE Nt . QuickPick-1000 fEf%
IRPLISS H—AMER R, RN BT R AR
AT IR G, PIREL AR ZE TRl — ey s:
RAE A B R BEYLE Bk SR A ml. JER
AL IR ET L R — MR 3 T BENL %, &
[RIFEHE K T PostgreSQL H . & A4 2% B T
FEMT T RITE N 22 1R (left-deep) ) Join Tree Z544) o X
F—BRAEVR I Join Tree, FATTA] LU —AN P51k
For. i ((A=B) = C) = D r[LAEZRREK A-B-
C-D., 5Kf# TSP ], FEFEAEE T e A m
AL T FIR R RHILE ) m AR Pio TEZ
JE TR AR, FRATE I RAE A H BT TR ik
WU — YOS H S F o 3 R VT AS s i 2 i
TR cost(Pi), AR EAKIITHERI, A S
PIBERFE R FIMER, LN E 1cost(Pi) ARAE AL
H, ER—PHEAH, TATIEB AR R 1)
RIHEATAS X UCHED, AT AR BOBT BTRl o JATT T A
FAAN [ S s SEIR A AT RIS X e —ANATAT I 7
EAEXT TP 13524 T4 12345, FATEEN B
2,904 2 Z B P HEAT 22 XA H 12524, 13345,
SFRAFALE 2 JEEEHIL “2” fl “37, &
TP e B #5338 12534, 13245, H1TKFEH)
MEZRBEAE THRIPARAN B, FRATHA SR Bl 5 15 AL
A%, DRk TRk B . FRATE T
A BRI A B AR IR A fa BTl Al L

FEEER BENL A T —ANEBATR, B RIRE R —
ATHRIEAT AR 2N — Aok RATRAE &
left-deep JEAPIRASHEATRAE, & L —1 left-deep
IR — AP H . — M RIEAR R e CONBE
WLAZ 3 7 H1 AL B a2 AR Rl FRATTIE E
— RSB T R e N TERIVE S SRR, T
WHBESM IR T Aaitkl, — R R EL. @
T2 REEHLFIAETHRI, SERE IRER, L)
THRIEEAT R [E]

T OMBE R R R B, RIE O
%, W N REE bRAE, AWHEE H BTTE T
BALEITER. MR T AR TR, HRR
A (A AT Be N AL S SR 2RI . GOO A& —
FhTR O I SREE o X T N AR S=(T1,To,..., Tn) HIEHE,
MR FRATE np MATRER Join $2:4F, ATk
W A 26 1 58 U 72 A O I R 36 /N Join 4524
ENEHE . ERERERNEE] n-1 MR, ik
BTy Fl Tay W S*=(T1X T2, Ts,...,Tn)e BEEIX—IIFE
B N ANREGERAR . BIURIEEH N RINE J
R Om?), BEANFIRMEIRE N Om).

4.2 ETHHRFIMITRIEEREE

FAS B 12 1T R R SRV A T Ak o 28 B 1k
Aeo SR — M8 EAR B/ N T RIFE B SE1)is
TSR A — B R E AT (A /MR . TR S
IR IR B EE I 1 B 2 BR Tl 128 AR
TN T SO TR M S A RS O, i v
WAL T o PRI 58 A VS B AT IS TR0 D S 45t
Kefa SERECE I AR . MR iR S0 5 UK
[, BATEABAT T BTl 148 1R S 1 B
FNFEF-5mA0 2 3T 38 R fly 1041420
42,1 FTAL TS0 HIE RV

X ANk B B IE BRI 0 5 A A
BRI, A TLE B AT TR B B i 23R 2 B ET il T R A
SR A TH AR R B I A B SIS AT I (R A

— P s I U7 R AR A TR A 7R Ok B
(Selectivity) FfhTH. EFEE 2 —MREEMN TR
br, HTFREERE—5 EARBUERECE 1511
38 B () 3 5 PR AT T A BT LI S A R E 1
BATIEREF, WG FIE BB S T A, W
XPARKALIN RSB THR R B . B3R A 148 2
BE—AMEERFNLE, 1) BRI EE s fhit, 34T
2 [EIXANFN AR 7340 9 R (%) ZIEFEE A f(x)
TE[L) LR 4y, B fOMEBRECN F(x), N s
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=F(1)-F(r). FATH F(x) &R n AN HRATIE R 2T
IIAURT F(x) = a1G1(x)+ a2Ga(X)+. ..+ anGu(x)o M s =
a1(G1(r)- Gi()+ ax(Ga(r)- G2(1))+.. .+ an(Gu(r)- Gu(1))»
a NREZEINSE . H4—A sql AT /FERATATEA
PR BTN, ri] FL S AR s RIS T BRE B sio

FATE L T/ MEARZE (s1-517)H+(52-52") . .., REFHT S
Hoai. WIS RN TR A AASTF, FFEECH
B IR

4.2.2 FHeFoRASE SIS N AR RE

34k %% 3] (Reinforcement learning) )4 Hi == 2272
AT HfEw®. X —A RL W&, &l
2H 1 BN (actions) 2% [A] FH T R 7R 1X A ] @ S 40 v]
PLREUEEE . IRE (state) M TR R G T A
B HPRE - B Gefk(agent) H T3R8 KRG BEERIT,
O AHE— AN RIS B E (policy function), HRME pRAL
PUIRAS AT, #AE R . Xi(Reward)H T-3&
N AR AR B — N R AE A5 B i .
(environment)/2 F T 5 & REAAZ H, 458 fefA KL
ERAEIT R [BUETPPIRES,  FF4s 22

Tzoumas 55 AW 72T RL R4 2502
A T AR RL A ENES AN Join 7] BEEAT XS
Ro B ) Join 25 AHE NBIEZS B o RASZS B H
PAT Join ITRE P HIFIA M (Join Tree)ZH il
—BPAT AR AE 2. B & RS N8 B
5. FRATH H PRl K Ag SR ng sk 2, AR~
RN WRIGRAE . G R 2 RL () HEZH 7,
I K 22 iR SR A . — MK 2R s
—MREBNZ RSP reward B, BRI
T MREW R —METHE, SR R E0E I
A — BRI 225 3] . BT RAVE &8
A% 2 B Join AR RN reward, JUHK I 22
JAhALE 17 B F A G 82 213X AN Join TR AR IARAT
— HIRATH S0 R R 08 S /MK 225, AR 3R
W R A FRAT TR e A9 2 e MR ) Join TR

FEIXA In] 8 JRATT LA JR Gt 1) 32 A7 I TR AR S 4
b, BT om0 ) W IEREEFE A T LU ) LLig
ATHS TR R, SRS R R e A F 52
PRl as e fe

BVFZ2 0] RL BEg T s MR
A, 25 H SRR SR 2 Ho Tzoumas 58 AMMEEH Q-
learning 588 | HEH& PR ALK . Q-learning #&—Ff
B RL 0% . W T—Na e RS, €L Q1E
ROREAIRE KT 225 . Q-learning i FH — 4%

% Q-table 103k M EEMRESH Q. T HEH —1
RE s 19 Q H, W HAE a RATREWEAT 25 ZIRE
Si, TEFTE MG E2RES SiF Q(Si)+reward(ai) & /N S
MERFATEFEFPRESRATHREH Q(s). AN
Policy(S) = ai. HIEMH— P HERRERZ 0’ 13
T, KA E AN O@’). 5 GOO A& MR
IR EAHAL RS, A2, Q-learning FR4E—
AN\ B 2S5 R B NI AR T GOO AN
EHCYHT Join R BRI AARIE. [FIF Q-learning fig
BE AR IZ AT FI T N Akt Q [HiEATHE 52
1o
SR AL G s Ak 2 ) T iR AR — S ) . B2k,
Q-learning 7 Bl H — KA Q-table ik F A E 11
W& ENRIKMREK, [FB) Q-learning J5iZ:
TREFE PR A IS FPIRES . I TAE N T
PIX— )@, $2H 75T R EE R AL % 2] (DRL) B
%, 1% DQUOHI ReJOINM!, 5% 4t i) sk, % 2] ik
ANIF], TRBE SR 27 ST P o 28 X 24 SR 1) Rt )
RE BAEFHATRIR . %8 Q-learning MR 2
SIERIAE Q MZHE (DQN) BRI O BARZ
HU7H Q-table, f#H— M4 Q-network SRAXE » X
F—MIRE s, ZATHIMEERZTE Q-table HLHIEATAL
ZRA s (Q-table H R £ TLnH<Y AR, 17
K, FRE, BHE, KibtrEsr>, g HE
RO, MAEAER Q-network KX s #HAT1HHE Q-
network(s)o [FIH X T-—N AT 28 75 21 (1) S 15 AR
A s PR35 Q Fom, 1dES.Q). FATTH Q 1
N Q-network H' s B HARK LG E1T2422]. N T HE
RS XPIRAS s HEATIHE, AT EBIRE s X
AREAN I, R S AR D 1RO g3
AR Join Tree RN sE S EM 1, [FIIS X T
A, AT ER AR NIX A BRHIE, AT AL 3
HIX AR (Join Tree) R R 1] & o 15 85 T #1282 N 2%
K TR IRz LR T, BB T H &
I QA HEXTTRA WRIPPIRES s, AT LA
S —MRIFTN .. 456 THEMLE DRL 1
RAEERATRIE P12 TR R . Hik, B
ok R R R A K, REAFAE
T WL, XA R E— L S5 M E B R R
CHRAH [F] B 4% 45 44 P e A AH R B RRAE ) B2, gk
M= R ERATR] . Frbh Yu S5 AR T —
Fhas A W2 K5 iC 12 M 4% (Long short-term
memory LSTM) Fag A2~ 2] I #E RTOS. RTOS
FELEHAN T I 1 DRL 747 e (D)
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A L5

ST HUE 2] B EROR 2RA

19

RTOS K EIFNZE P28 il SR B 454, SR et
AREHFIBIRBIGEIAPAAEEE s (2) IREFHUSCRF
THER AL R AR B, REER R

*3 B RIEERARNEXTIE

(I3E ML AE ] o

WARER e £ v EHY R FI ENRE AT
) A HER AR th i
ARG, HE RS % WEUTA R,
fhiit4%, H%
B, zig-zag, AWK RASEEGEIER BHEHEK
REHEARZL
ARG
B . A HER AR i [
FEHLRAE, A kA4 AN BE PRAE T
REEalin fhiit4%, H%
KBS Rl &
REHEALRZL
W0 2 A8 ARl th th
R AT 285 R 1 5
EREEAGTE, PR R BARREI S AR HEH,
fliihas, &AM B
3B iR, T REBITE R
A8 I HER
G| HEAT O
ET Sl HRIBEREARZ IR AL RLTEZL KRR E & th
TAhvh2E: e RENES: MERE BZ: WA
FRAY A 5 (1.4041.42] Bage, BHBEUIE S 5Em AR
TR AR, B BRI RAERE I
Tk FidemE
43 REIE > 5N SEAZ AR (I TR AT B

Gh 5 22 I 8% TR R B B AL 2 o) SRR IE B ]
DAFE IR i) 3 BRAS AR G R 45 2R o ) B ) FH
gAY 2] NI AT IR 18]y S st B Y b A7 U5, i
AR REANSZ IR T v H 2 B PERe . FE T IX /N
SR AY 2 > [ R R B FRATT AT DAAE =N J7 1Rl 44 48 T
VEAT A5 5 T IR FE s Ak 2 > e e h R Bk A5 3k
— BN .

o HHBRKMEIERRA 7% BUEM) TAEM A 11
By ) AR AR S RIAERARS R TR . 2R
PATENE R s EERES  — DI
S TH) ) AR M R AR X AN G . B AR Y 2%
(GNN)EIX JLAFEMEE, BT e B g Ros
Re 1, Bz BINH T 2 AR ) Y A )
Ak AE P g AR B . FRATRTEAE
P22 R 28 K %] Join Tree EAT B AR 3145 RS Bl
IZRTN o

o TREE Q MIESEIERFE AU B4 ST VA SRS
R R WS IR B 28 — IR AR 918 358 S It gk
TS EE, B T AR o DRI, ATRCR
AT actor-critic FRTRERE, FH S 0 26 A1 DT
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Background

In the era of big data, in the face of ever-expanding data volume,
complex and diverse application scenarios, different types of
users, and heterogeneous hardware changes, traditional database
techniques are difficult to adapt to these new scenarios and new
changes. Machine learning, due to its strong learning and
adaptability, has gradually demonstrated great potential and
broad application prospects in the field of databases.

On the basis of full investigation and analysis, we first
summarize the changes and opportunities that machine learning
brings to database. Then we summarize the research status of
database and machine learning hybrid techniques, and introduce
the changes and opportunities brought by deep learning and
reinforcement learning to the database in the aspects of
automatic parameter tuning, automatic cardinality estimation,
automatic query plan selection, automatic index and view
selection. Finally, we provide future research directions and
challenges.
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