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Abstract: The key optimization technologies of traditional relational databases generally face bottlenecks including insufficient estimation
accuracy, low efficiency of optimization decisions, and poor environmental adaptability when dealing with massive data processing,
complex queries, and dynamic workload scenarios. Multi-granularity granular-ball computing provides a new solution for improving the
performance of database systems, showing great research potential and application prospects. The core directions of artificial intelligence in
driving intelligent optimization for databases are outlined, and the main challenges faced by existing learning-based optimization methods
in terms of model generalization ability, interpretability, and handling complex queries and dynamic data distributions are explored. On this
basis, the current status and key technologies of database optimization are systematically reviewed. Combined with multi-granularity
granular-ball computing, database optimization techniques primarily focus on two aspects: query optimization and configuration
optimization. For query optimization, the key techniques include cardinality estimation and join order selection. In terms of cardinality
estimation, traditional methods are difficult to effectively support accurate estimation of complex joins and nested queries involving
multiple tables, and often result in huge storage overhead. Learning-based methods can better handle high-dimensional data relationships,
and a new method that uses multi-granularity granular-ball computing techniques to extract hierarchical distribution features of data and
combines them with tree-structured neural networks is introduced, which can significantly improve the robustness and accuracy of complex
query cardinality estimation. In terms of join order selection, traditional methods have low search efficiency in multi-table join scenarios.
Static methods based on historical experience learning have limited adaptability to new query patterns. Although dynamic learning methods
can support runtime adjustments, they incur a high cost. In contrast, representing the join plan as a combination of multi-granularity
granular-balls with geometric relationships, optimizing the search space through a hierarchical structure, and integrating deep reinforcement
learning for decision-making provides an efficient approach to finding a globally approximate optimal join order. For database
configuration optimization, parameter tuning plays a key role in improving performance. Traditional optimization techniques based on
search are difficult to obtain the global optimal solution within a reasonable time. Although traditional machine learning methods can
achieve automated tuning, they highly rely on the quality and coverage of training data. Reinforcement learning methods continuously
improve strategies by interacting with the system environment, requiring only a small number of samples to achieve strong adaptive
parameter tuning. By integrating multi-granularity granular-ball computing methods, the characteristics of the parameter space can be
efficiently represented, thus significantly improving tuning efficiency and effectiveness. Although the prospects of optimizing intelligent
databases using granular-ball computing techniques are broad, practical applications still face major challenges such as effective integration
with existing database models, reduction of computational overhead, and ensuring model stability under dynamic workload changes. Future
research requires continuous development of theories and technologies to promote database systems toward more intelligent, efficient, and
robust directions.

Key words: granular-ball computing (GBC); intelligent database; cardinality estimation; join order selection; query optimization; parameter

tuning
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Te B 2 20 S AR IR B T A TR B, (BRI R . SZ ARG A R DA R T AR 2 ) ),
F 1 X EBG ARG TAEHET T R4,

F1 EEEh TR

5] i O HA it Yty
oy By 7288 B -
W R S 4 AN e IRy -
AL P R —
AR AR PEPEME & HEAL 81
HE R XGBoost™ e 5]
e LB 4 LocalNN'®! B % & 8
LA W 2% CNNP ¥ SQLA#]
Plan-RNN* AW/ TCHE & BAERT
T2 e T %gfkm E%i&ifﬁ
AL B A KDE'"*” PR P
. DeepDB'” AR FEA & 1A
R R UL 47 45 0% P P & 181
VRBE ] EIEIEE PR P & 181

3.1 BRGEREITEE
A G2 FEH AN TH 7 18 1 AN 5] G 11 SR e 20 1 B R E, D A AR A PR SR A S AR B, LRSS W s Sk 2
Fis.



8 BB oo e b g e

K2 ALGIELAG T AR

Jrik PR Bl i A5t KU G
H7 Rl SCHUfET L, )2 A A LIIRBIRZ R, MLLEMFEEEE By, Fdim ol [
B g% R, AR IR FIEN % EHRE ST ol (18
PRERES AL B H R, T 4 AL BRENLEU I 22, 3R AT FERT R H g 51 ik T

311 HITEE

BT EE AR B RN L LS (B, Bo...., B, VBRI 70 s T4, gt @A T 105 B 71 B,
T Y A TC R AT B A AL T IS N A R C R AT Lu SN PR T iR 22 /ML R B 5 R 7 i, i
HRACAT K1 45 A L P O el SO 0 A . 12 7 v B R R L U PR SE PR ) VS BCRR B, TEAS AU =
I R AT, SR ARG YRR i 8OR 2. . Poosala %5 N YR H B0k 10 BT D5, B 2 RGO IAT Ty ikt
SO AR, SRIG FINHTI A X FUM AN EE AR . % 7V 45 A SRR RO PR B Bl AR, 78 Y0 BBl A s B Al v T
FILFEA, B 5 e TS5 AN, B A6 383 3 AR AT R, Zhang 256 A PV H 6 T2 FE AL 1 22
# B /7 I (density-model-based multidimensional histogram, DMMH) J5i%, & 7F fft 1R 22 4 B0 1 8 2 Al 1 10 . %
iR 45 A5 v B B S LA ST AR R, TR DR VIE v Aff 14 )[R I PR 2 R AR, 546 4074 b, DMMH il 5
U B 2 B X I AT 25 P A, R BT 6 f SR 25 4R DX AR i, A 2R I T A 13k 3. DMMH 1E % 48 404R
EFRRA T I T [ 2807 %, JUHAE S 4B AL FR R AW s rp LA B35 2R IRsh s ARk T 5 4
TAMMPLEEZ IRTRILE G, JE— B FRRAN TT RE AR,
3.2 HfEmigik

Bt L ZE (R AS AR R AL BRI a6 A A, SRR AT 2R A, A TR AL B BN 1, Gt 1 3R,
BN AR )G & %R Heule 25 A P44} HyperLogLog S5l i+ 5L T X0, SR 64 (iWa 75 %, mZERIE.
MR NS R, UL RS N AT FE ISR 5 10 B B S Al THRE B2 20k 5 1 HyperLogLog++HIEMR AL 1 RG A 4k
FANERE R 7 2, AR THRE B I RN 32 T A AR B B8R R BETE R B0 s b B T s A TR
FREAR I A AE &, & T S04 o 0 S m AT, B kb 7 RIS, D KA AR A PR A B 1o s R B A T 52
Fr, BTG T 02058 Durand 25 N P H PR SERURN V1 0%, AT X R UBEHRE SR 3L At T 1), SRR TR 5
BEATLAR 5 TR A AR B 1% 78 BB B v, A F5 A0 &40 B 9 A7 R RS A A5 TH B SR A DT &R s, Se407
R L, SRR T4 B BRAR T A, Ae A Bh AR 2 BT 38 R 4t (database management system, DBMS) 447
71 B T AL 1t TR A DR A (R R B IR AR 1 T T G e A AT O &, 18 DBMS A Uk BUm A & AT 6 A2,
IR R HUBEE ) 5 T I A W 1 Be.
313 KEE

SRR B AR AR MR AR P BE N LGS 2 FEAS, BB AR T R REAR, SRS AR IR FE A iy o L5 il
TR S5 A . Lipton 55 A PO H IR 538 REFEH LR AR 10 SE5As V507, I B i i 45 SR KA i
R %R T RFE RS TS L DGR, JySEbRR A ER i T BB SCHE. B4 51 A “sanity bounds”H#E %, L]
A BEHR AR AN GG AT R N5, BEOR TS THI SR . RS B YA A U 0 B L R R SIS, S
A 757 AR BB AT AR A, IR MR PE AT 51 I AT O AR A T AT HE SRR, Qiu A % XT SP (select-
project) il SPJ (select-project-join) 2% ] A FE Z Al 1 i) &, 32 NS R AE (weighted distinct sampling, WDS) 5
%OZENERIE B B I E I, AT AR L D AME A BORE AT, DA s B B il T s . 5155
WIS RAETTIEAHEL, WDS SRR HA0 7 i M S 3 o SR BB 4F, JCHAE R RN R A 2 . [RIIN, $2 4 6T B LI
FEI SRR B, AT B O B N OB R A, T RR TH R e A R, A AR T T SPY AW A TH R,
32 EIJREHMHITE

5 B A A B B B (KR A SO AR, I L2 B, (R T 2 B B 2 R B 2 BOK. SO i
Gk PV AHE IR 2 S AR L4545 . SRPEE OB AT BEHLIE, X T B R R IO REACR R B K. N T



T A Rkt AR 3 69 A7 e kiR LKA 2 9

fiEp e L R BR A, 5 >3 RUEEAG T 7k OB 8 AL SR B 11U ik, 2 ) R B o D7 ik LA e S At v ik
RGN 2 FRIERF R ARG DL, Ae AP sl SRBE AR e, 2 S BBl oF D5 iR (N T RE SR A ROt 3K
T8RS B RS, AT A dhs P 2 .
3.2.1 T MBS Al T

BT B S I B AS THA R R A ] 2 BT, B g, AR SR AR SR AR O s O Y SQL I
RFALE, {3 FCSR SR B bR s, SR, (8 T B S b s X AR R AT 38— 2D s, S, RERF L S A A AR HEAT I
g5, TN S A T IE I 2R AR UL B B S HL

[tk | [V ks |
|souinty | soLinf/Ex
[ sdaims ]
i s
| BRI |
g

| A |
LEmEn i)

| SRR |

2 HET IR S A T AR

BT B 2 S R T O ik R R AR,

(1) MRAREAY. B A BAR R — D7 OB ] . R R SE AR AT SR, 5 — 7 TRk 7 S LA 3 A R AIE
B J5 KRR GRS 45 SR 5 o0 AT AR tH 4 A, 2 ST IR BRC R AR I RE J5 BIRAAE Al v A 45 SR AL, A3
WHRZ |, ZREFEEE I, TG HES 1.

Park 25 \ VY3 3 TR A BRI QuickSel J7i%, FI T v Bease B At 1 b it SR AS 2 1 10 . %07
FIGEAR MRS A ZATFRARNA S, @ YIZREE 2] & T HEABCE DAHER G v B e 3 0. B AR Y SR G
#EH (uniform mixture model, UMM) 50485 2 A L A 2 N3 5 43 A IR, I de /b 3R 2 R 55 9%
I R R E I AR, 5 ARG TT IR AR B, REAT RGBS 2 B R B K AN GRS AR ) R, s R A
WAL SR AL T AT SEME B Al T SR,

(2) FE BT, A JEARR A FH 32 T 45 44 19 Boosting 7772, BH— 40 (BI040 R, A0S 2R 380 3005 Sl i e 20
PR AR 2 AN A1 VSRR 5o Ut 43 1) L B o 2 R 4R R, B3R A TR R AN 4 X . Dutt 25 A 2R A
1A AR BEAT 2 40 BB R B PEAG T, 32 th R AR 28 e FVRHAE AR RS B 1T SR, 17 VE T LA SR IR I
flivh. BRHEAE bR ie g BB OR, IR TR M BAR T R E T B R AL A T i

(3) EIEFEAN LM 4 (fully-connected neural network, FNN). FEA< AR K &) 40 MR E I Z5 14, 43 5 dmfid Ay
one-hot [A] &, 2R J5 ¥4 A~ [E 45 74 ] one-hot [M] & B N — 1K1 one-hot [ &, 5 /5 1% 1% one-hot A &N FNN 7,
BEGEHHE. R Mm% % B A ER RS R, SEEERRRREIMI, 2 ERREER S, &
W73 [E) SR /N, A, G SR 1 2 A 2 [ 7 11, T3 23R A 00 9 S BRAR IR (SR 15 ), 8 P 187 S 9 22 2 IR L AT A

(4) BRI ZE M 2% (convolutional neural network, CNN). FE A AR K 2510 70 N AR IS5 44, 43 4wt one-
hot [A1 5, SR S5 K AN [F 544 1) one-hot [4] 5 23 Bl A& N CNN HHEAT 22 31, 5 5 =) 31 1) A0 1] ) & AT B R0 P 350t Ak,
W JEREAT A . Kipf 258 AP H CNN AT 350 M i, BUADE AR 50y 3 N4 . EEREAR AR R A, JExHes K
AT R REARAE, WG FEA R4 0 00 B, Pi R R R . B 8 B — DG 4 SR A3, H7EF it
ez JaiER ok, W LA LABMIC I TH BT 48 40 AR I B 2. AR, X Fh 77 VR AN R AL 38— S fa] B () A i), oIk AL AT
T4 B i 1 DU iR A 4.
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(5) TEAFRZE M 4% (recurrent neural networks, RNN). JEA E AR T SQL BB I PR R, @i
RNN BEAT ZEHUAb . T AT TR T S5, BT ST R R TR 25 060 FRO 908 2 e 22 D 8% 2 — MR B (3 8. B AT o
R B AE— AT SR NG R G N, T2 T AU ST Bk BRI ST AUAME B Marcus Z8 A PR T —Fh3E T
RNN #ARM AL, A LTI A ) PERE, TG N L THREE, RE8% K55 UL BCH POAT B A3 1 B & AT vk il
AESR, 38 R BRI SN S5 R 1A A 2428 1L, S B 1 25 0 858 0 7oA P 7500, Sun 25 N I T —Fh
T i Bt 2 ) B RS THAEZE, BT DA Rl v A FI B B, AH LA 48 5 0 A FEAT PR R, 6T T 45 MR,
R T B B EHE SRR IS E AR, et T — Ak TR R) g 7%, DR g M ILAC Rz A Re /7.

322 TR EREEEMG TR

6 B 2 51 I B T 3 0 LA B R I G 0 A R e W 2 4, B 7 B & W o 2. B TR B 2% )
(0BG T 2% 1) A AR B N A SIS HEE . DRI T RIBCEHERE 02 T A Jod. o BRI
PG RIR, I8N Pt by, 1), ZET IR IE S S EES TR AR W 3 B,

Kl e
SQLiEA]
B AR 2%
—_

e
| R R |
lﬁ%%ﬁﬁﬁﬁﬁ

| el
i
| SR

B3 BT IEiE 2 ] A s AR

FET T B 5 2] B3R E A T T 2 32 AR A AR,

(1) 1% AR A B SRR R AE AR E AP AR ASE Y, BE WL TC 20 RO 26 2 BT A A 20 4t 1Y) i FD. Heimel 55
N TOSMR b 3 A% 25 B2 ki 11 88 (kernel density estimation, KDE) FIEBEMEAG 11 8%, 1245 1 2% 8 i A0k v ik 3%
& AR A 9 A RO R A g, RE AR 1AL TR, I RS IS S e SRR A AR AR, (R TG VE AL B
LRGN,

(2) WA IR A B AR R B0 o /AR 85 ) 3 7S B QIR P, G v o1 A5OSR T 4R (e A1 B A7),
T FRAEA AR 53 6 ARG R FE SR B AT S5 b, R BLT 3 851,

1) FIFR %% (sum product network, SPN) K H 43 JZ AL HE S : £ X0 T02H 70 A0 22 S 04T R ISR 4%, AR R 7799
P G2 HL A& AR AL AL, it SUM 18 BT 58 -G % N 40 R] I R4 271 1] AH DG 14 ST it i 14 281, 4 ) 28 AR
FEo Sk, R Product 18 5B 75l & 45 44013 B R & 45 51, 178 1S B U0 DeepDB®”, 1% 7 V38 1 A A S 00 & 1ok
AMEER I3, 2] SUM T sl R E DL A [R] 43 X DTBk .

2) Tt 4% (Bayesian) 38 H) J6EA B A5 J PR ARG & DARIGE R B0 5, BT i R EE (W
FAFEAS B BB T SRR, I S B2 AT AU 2. Chow %5 N R 2 0 46 2 ) i o A,
WA S A W R HE 5 58 R B A v

3) VREE [l AR AR LT I s AR H T J5 SR UM, A U N TO A M SR SR A B R, S
PEAME SR SCBR LB T, Yang S5\ W2 10 1 0] V725 FE AR AL W] RAE 22 515 43 A, FLOH ML TR A S AL
il A & 2] BB % B AT HR SR AR B, A G HRe 0 Bl 1 FE 18 S R O 7310 AEZ T VE AR AR 4 BE R 1), J6v2:
KB T RO B 2 R B R AT X LRI PR, Yang 1A HE— B4R H NeuroCard #5717, S8l B3 SR AR A TR, B4
IR PER R KRR R (BFRBEMA R R), 2 S RE B &) 5 2 B R E.
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3.3 RIBKIRENAEE (T

G TE BT ik BRI RREIE AR S B A s, fEACBE 2 R0 W gR RIS R A2 I,
5 LA SR R () (R 3 A AR S, W P B THR Z BT, B N TR BEBOR IR, 2k TR 2 S I T3 A B
FERWI AL A SRAF LA, JE A TR D A5 N VB L 1 — Pl T BT T MG R 2 JC Tree-GRU IS ECRAN 1 1105
2, IR AW RIBAT TR IE SR EL, I Tree-GRU BEASHEATRAE Ga i A T, FREEX 7 155 B S A B AT o
LB RIS RN, REW £ AL ER 52 2% B W I [R] I A A T 2R B AR, D0 B 2 E i THEoR. SR, A 56127
SIRTT T A RE AL L ] LA, 0 T 2 RE R SR E B W AR 2B LA AL B RE ) A TR,

BT LR Bk, 45 AR BRI R R BN R, T DUROREER TSN T Bl e B b o o, K8k
a5 A TRDRLEE (FIRLER, JE55 Tree-GRU MEAISE &, SLBLX A B BE BRI, AR b ATEWO AR
EIZESR, XAEGETTE BT 2 1 505 BRI ER RN 1) 75 2532647 U, BRAL sk i 2e 3 o,

R3O EHUGTHITIEER R T

Jrik: s R i s RI ENE
(LS WIRFS SCHUf, SR AR KERSRR, ERERIRER HEFEAR Ea fic
BT TT % AT S ARG L AT bR 22, TR R AT FL A9 t +
RIERIREDM 7 ABEARE M, ShAE N RHEIAEA AL SR =] &

BB FITAE P AL SR S (KPREER Al ) B R Al TR R 2R U B 4 B, BB TAR D iR 4 h Foss.

o i Kol Bib 39 5
Y ! RLERAE B
N ] :

BB # o e
~ il i
/’—\>//’% !

A |
~~— L J E

R L X -
| Tree-GRU KF;IZI AN Tree-GRUf1 Hi 88
®

TRz flith/=

B4 SEFRiER IS A AR

(1) Hs FUAL L5 REAE SR A FRIER T 577500 2R B 217 70 2 380K, SIS AR AIE. 1 5, B R
WAL & P EREL SQL A5 A, AT IZIE ) I BT TR, RIS R o i 5 B, s R . SRR
FGME AR RE, SRR TS 7772, K 508 P 3 030 2L 2R [RDRLFEE DR B, AR FEE R BR 7S B 2510 SR i B8l
A, T B WA EOROR; ok BEREER IR — AL AR AE, F T 5 AR 0, REDRL O R B R Bedis 1) 42 =y 0 A, A
TR A BRSO B AN AE R, AR M. T BORE. RO MESFGTHRE; SR TR 55



12 BRAP AR Hrr e B o G w Sl

AFHIE; RIBICR . REI A ELE ML, I H, WREAE B0 AT 9atiD, B L FE A N R 1 &5 78 Bh Al
b, BN RIERTT SR R AR, B AT N B ) B, 5T OB 45 R YT R 2 T RURDIR 25 0 0 B, KR
AEFIA Tree-GRU fili TH35, 34 58 H X B 73 A0 00 26 S e

(2) BLERAE RS AL SR I RORIER TR BN [RDRLEE FRRIER, 2245 R OR0 B . AR 8 2510118 34] (41: WHERE
S FVEARE o3 A1, 0T R AT B RORIER R 43 7E 7 1 S A T I [ DX 3 PR, 0 4 A B R T R X8R P /N B L
IR, AR DX S5l A5 FH Kb B RER, AN T AR IE A TG B 1) ) B i v v SR A A B A T R VR AT
FNASHRLERRN 5, A IE R AS [R5 . b, TR BEAl v i =2 SR = ek 3, (8 Silverman 256 A 3
THE &R 5 TE RS BOE AUR R R S, DU RV E AU D, BRI A AR b B/ NREER, BB X AR
1 2k BIRRLER; (8 FH 2807 150, SR K-means++ 50728 @ MIAG R P 0, B G BENLIE L 1 AN SR S7E SR 1
AN, 2GR GE R RE Tk v PR B SR IE R s AR s L, R BRI SR AL, DA A RIM R A
M. FPASRIER AR AR, WEAT & %, S8 i ERER 2 18] FIAR AR, J8/b TU AR T B SR PR 132 Ab A

(3) Tree-GRU ZEE0 i 11 4%: 456 Tree-GRU AT HEHUAb 11, $2 mi B v AR Ak O a1t X TS840, KA Tree-
GRU R, %7 e % A0 HE AT 2 25 90 A PIAT T RIBE 45 40 B B 0B AT R e 3 A b 8 0, ol P oo s s e 3
RO, P SRR ER HET S ERE, SRE N HAT R RN ST one-hot 4w i FURIERFFAE ML, 1E
4 Tree-GRU [¥ffi N Tree-GRU i3 H F1fi_FI 75 s RS 8., &5 G HAT TR &9 sUREE, BEAT B80S 1E. Uil
ST R RLER 17 52 R B s, SR DU B R AT R B, R A EVRAE 2 AN REERZ AR, DU BT AR A A T,
PRz AGRE T, BLRLIE I 2% S AT TR JE IR G FIRFAE, i A I B i A s bR T RN, Tree-GRU
AN B A% 18 9 55 AN [F) 90 R Ab R BE 0, T L R A4 A 2 o A A R

(4) BERIZR SR 18I VI ZRAPEAGIR =B R vz A e AT SRR FE I 2R B AR BROK B T S S iis /2
MR, L8 E R BT TR BSR4 AT B3 B0 S bR SRAT R0, KR BRRRAE AN Z R T RIRHEAE AN,
FLSRIE B U RR AT W B 22 51 IR0 1 P eI 25 Tree-GRU MR, 5% FH A 340 05 iR ZE 48 45 22 B 8k, A
BB N T RIS FHER I, R AdamW AR ALES RN IE N4k S us SR B 15 0L . 145 R 8 R g b B
ZRER:. MEBWSEEREW, JETEAF 0 7R T IR AR 0 =85 T

4 ERRIFFFEERA

TP AW A B LA AT R A PR R L R A WA R BN R 2 RIS A IR R R
IR, 3ok F- B B B R AT R B B B S E B BT IR B RN 3 K 4B G . B E
NS ST ARG TR, ShA R BN I g U A AN G /NS R T, W A TR, (RS R A
F. e R i B STRT DL et A A R, RS 2R B PR AR R R R AR, T LA S ST I iR AR
DASRF IR i B . X 7 VEIE T 5 o) OVF FEHARAE, R T £ 507 i R BB ARG T AT 5 800 i 22
B A S 7R PO B 2 I 4 RS A 2 3], S I A 3 ) S A SR AR BT, B AR AR B, (BAFEAE I AN
B S DIAT GRS B (R S5 MR AIE, TGV A B 509 A 25 30 1) 8, AN REAE B WA T I A R AT B A TR . 3)
A2 2 7RV i) [ E SR 3], REREE Y AT I S ORI, B — & M, (ARG (K 32
b8 1L 55 LA K RAE RE 1A 2 55 Il JR. 82 3 B 7 V2 AL s s SC L S o,

4.1 BREEEINFEESE

G A A RE AR E AR Rk X E, I H AR 2 RER A W E = A HATIR .
4.1.1 BhEMREE

SF AR R RE R A A U, 0 B R AR R 2 DN FRER I R . 3 N RIEREIIH %
P B 3 AR R N e W, RN e BT R R e WIS S, RIS R RS R, AR AR
PAT TR, BRI 715 R AT REMess BAT A FE BT (AT TR, 525 6 ZE 500k 1 H 38 RN Al T 28 0 AT TF &)
HEATVPAS, e 4R B B B MR AT TR
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ARG BT i

,,,,,,,,,,,,,, 5 AT

i gy (rmms ) (ears ) (9839) AR, |

R R KGR |

””” ’[””" \\7777777‘77777711

(o ) (msat ) {mmear) (Hsmess) g

S SN S I A R——— ~
S TTI i S

B i N\ PR TR T

Ay S R \ W SERRTAETEES IRE N gt Y1 g
b ITa, | AR S R, N Sl I e SUR L i VIR 1K ;
i ¥ g ) | IR ABOASE

' [ it Sepiih LR IR S, AR

N 4B ANBEORIE P T v

. i (,ﬁb%iéi}éiﬁéfﬁé{ﬂﬁ{%—g‘, ’ B EALEE 159 N
i S R I

K5 SERIBFF G HETT IR b

Toannidis 25 A\ P42 H 73 B B BRI FEAT i e P 7 1R S % S ms i O R 95 SR Wt Ak v i)
Sh S VA AH A R A TR v R B, K SE ShAS R R S R TH B, B bR 5 A A R SR 2 B N B TR T RE T R,
i ORAR A SRR AR RAT TR, ARZ 52 A R s (R B R B 28 5 K, SEOTH A = &, S0E T/ MU, 3)
IR 7 VP R 5 SR s 2 1RV 25 A8 B DI AR o ZEA LS ZE R L 1A rp, IR R B R I E e 2 IEFEAS, shSE
BA ARG R, I LR AR B SOT B, it i N TR I T — 3+ 5725 Dueling DQN (deep Q-network)
T I Bsf TSR0 P 6% ()32 e LA, 3883 48 Aol B G A 7 v A e vk vk RS [R) T P 4%, 503k T Dueling DQN #£%Y,
IEGINF A RIS, A BERT T 805 W It R T 98D 1 AR i ).

Moerkotte 25 A\ U4t —Ff s S 0 Sh A LRI EE, H AR A RN 5 38 ORI et S e . 1% 5 0@ g i Ak
ZOEHTE . YR FEAER . W AN BOEE U BRI, SO EE . ANER: OB 2 PR
B, LR E 2R RIVE REAB . BRI T E 2% B AL B0 B0 T 5, MR T RS R IR B S
FIEPAF AR N EE R M RIR, e BRI 2 tiE B 5, RS R B WAL I e AT, & TR EE R
gt HE G A REEE IS, AR R B R HAT TR T s FsE AR T &

4.12 FRAFE

FF 8 R AT ERE R WAL D, B0 AR AR B T B 10 S BN, $2 000 2 % Bk ik v Ak A0 328 122 I
e 7730, CAsb e 25 SR EE AT R B, JETT R AT AR

Ja R AR A 2 RS, RIRSE & T A B MR B BT R, JCHOE T R R I 5.
LA QuickPick-1000 &% PS5, i ik B ML RAE A i 308 K1, 265508 22 AR A T B8 VP A ) 3t A AR gt X P
PLIEAT HL B PR R B2 MR M LA 55 POIRES 2 ), 7E AL 3R 6 A 2w, A2 v Kl il B ) AN R 3 25 MR AR B /N353
{HBENLRAEAAAE S B I, 7T 6t BOss B, om0 T 28 oo A i bR G2 07 vk 38 22 i) vk Rl 9, 78 s BEAR OC
(4 o, BEALAE B TR AT e BR 5l =2 5o 508 231 R B, TSR 8 i AR AN IR RE I T

N BENLIE R AL, LA AE A8 5] N B, S A DL A s A% ok R 2R A3k 1R % RN T
PostgreSQL H, F Tt Ak 7 iR AR 45 ¥ PR EE422 I, 3e it 52 SORMAR S # 4 of Fe e adb AT AR A bLdn, W46 F e v 1)
TR fEA A-B-C-D 1 B-A-D-C, &8 X EAE A i A-B-D-C, 25 57 | BE ML 1 % 2 B . 3 b o5 eS8 ol M e i 43 4L
HPHTR R 5 K, (HUSIGH FE 32 A /N REAR IR B2 i, AT e DR i S0 Fa N R i e .

P — L E I GOO (greedy optimization for ordering)™, S FHAE A 4R 3K, 45— 5 1 £ Y BTN e/ H3E 1%
FRAE, Bl S & I b 1) 45 AL BN TR R, 185 W T 52 B (0 e TR, R 900 SIEHS (BN 1R) R 2 FE R O(n”), &
FRT ShA RN Fa B R B % B, (R ] BE IR 2 I3 S e () AN, S Bea R Ak, 4, 533 3250/ 1) v ]
S5, T Re P BUS SRR TR E AT R B A &, RO 5 0B AR AT ) .
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B2 5] (¥ 7732 AT LASE B IF 1R A A7 25t a5 4 5 07 (K 07 8. B IAT 56 T2 S I T i oy s s ok )
RS A2 i U077, A SY sk W7 sk 2 ) v 2 o0 DA R R SR 259 (M . B 2 )UK AT DAFE B R AT b 2
FRENAS S > R R T
421 HEFINE

TR PR A W0 AG R, 2S5 SOV R LR 2 21 DR Bl (1 T R a2 498 R0 1) BB 220 ) 8 4. 12 5 vl 4 A A o
EHEE AT 5 2, VISR TR T AR IAT, AT THE W FE R AT (A RO, # S 2 SE E AR 2
SURIGEAL S ST J5 18], HoAZ O B bR AT SR AT T R A 32 30 v AE AR 2, D 2 1 AR RSB A IR HRAT .

Marcus 2 N VR H 1 —Fh 3L T 52 IR 1) 22 585 & JEALIK 2 2] BUAR Ak 5% Bao (Bandit-optimizer), [ 7EMR ok IR
AR TR BT B T A ) R %07 vE i e A R BRI B 2 B R 2R ) 2, R SRAGZE S) HERTE IS
A7 I ARAE P sk AT 256 B B et A TH R Bao BVEIE IS 0 B W RHEAE BRI I RrEE 5 50, RRM ST X
KR SRR A SO S B PR AR SR T, LR R A AE T RAF AT SR it B LR B 077 NI IRA
PostgreSQL <5 A %4l P8 B R i vh, 78 4L 31 A AR A 1 AN B 25 47 380 b S I 2 0 L 0 5 00 68 A PR AN B 5 i 44

Marcus %5 A\ VB 4 I B 3 Ak 2 ST 46 7 5 ReJOIN, 4% 4 458 480 ik 78 2 335 0 e A0 Ak b T8 3R A 1 sh &
I8 A TR) R, SR FH SR WA B T v, R A i R & A4k (proximal policy optimization, PPO) 1% Il 45 1 28 X 2% . 5 i
I 28 R 40 24 BIR 75 F0000 30 4 1O B 28 0 AT, AT I M 20 A rh SRR SR B 4R, T B sl E IR R 5 S M sk
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