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Survey on Machine Learning for Multi-Dimensional Data Query Processing

MA Chao-Hong HAO Xin-Li MENG Xiao-Feng ZHANG Xu-Kang

(School of Information, Renmin University of China, Beijing 100872)

Abstract  The query processing and data manipulation for multi-dimensional data are ubiquitous
in modern database engines, which are crucial for both businesses and individual users to achieve
effective data management, analysis, and decision-making processes. On one hand, efficient
query processing for multi-dimensional data hinges on the utilization of sophisticated indexing
structures such as R-tree and KD-Tree, which are widely employed in commercial databases to
optimize the retrieval and organization of such data. These structures are designed to manage and
query multi-dimensional data efficiently, allowing for rapid access and manipulation, enabling the
system to quickly locate and retrieve the requested data points from large datasets, significantly
enhancing the performance and responsiveness of database queries. On the other hand, many
advanced studies explore effective data layout designs that take advantage of hardware characteristics,
such as disk access speed and memory hierarchy. For instance, researchers have been focusing on
designing scan-oriented data processing strategies to minimize seek time, which is typically the
time taken for a hard disk to locate a specific piece of data. Furthermore, constructing data
synopses, which are summarizing representations or approximations of data, helps to mitigate the

high costs associated with accessing the entire dataset. These synopses can provide quick insights
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into the data without the need to process the whole dataset, thus saving time and computational
resources. Currently, the integration of digital technologies into various facets of society has
precipitated a surge in web services, ranging from e-commerce platforms to cloud computing.
The digital society has also led to a proliferation of sensor networks and location-based services,
such as ride-hailing applications and electronic maps. Consequently, this has resulted in an
unprecedented expansion of multi-dimensional data, presenting novel challenges for database
systems. These challenges include the imperative for faster query responses and lower storage
overhead. Database systems must now handle vast amounts of data more efficiently, ensuring
that queries are processed quickly and storage is utilized optimally. In recent years, advancements
in machine learning, particularly deep learning, have seen significant improvement, and new hardware
environments have continued to evolve., These developments offer enhanced optimization opportunities
to query processing for multi-dimensional data, resulting in substantial performance gains. These
optimizations not only aim to reduce query execution time but also to efficiently save storage
resources, thereby enhancing the overall system efficiency and scalability. As a result, machine
learning techniques have been widely applied to build more effective data management and data
analysis solutions, from indexing and data layout optimization to data synopsis construction. In
this paper, we propose a comprehensive framework for the advanced research on machine learning
for multi-dimensional data query processing. Moreover, we introduce the related work on machine
learning for multi-dimensional index structures, and the research on non-index structures, including
data layout optimization and data synopsis. By reviewing existing literature and current methodologies,
we aim to identify key research gaps and propose future directions in this field. Additionally, we
highlight anticipated challenges which may be encountered, emphasizing the need for innovative
approaches to overcome these obstacles and drive forward advancements in multi-dimensional data
query processing.

Keywords  query processing; multi-dimensional learned indexes; data layout; data synopsis;

machine learning
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! dist(02, P2) + offset2 |
@) HF L . i

(3) &k l
ke il

(4) Foe

K 5 ML-index 7

WHAhh, B A B Learned ZM #1 Learned HM &~
SR K 484 ). ML-index ! %5 J& [W] i} i 2l 22 4
BE B 5 (point) £ 1] L Y8 [l (range) £ 1] . K 3T 46
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o
=B

(KNN)#£ ], ML-index 3 f7 76 LR [ (1) %4
P S ey Ak F 5 22 B AH S Y L (2) BEELI
R SR ROR AR T S B(ZF SIS
o KHEF A4S 5 (3) ML-index F#4E J5 1) —
AEMH BRI TR 2% s i B (H HHE T J5
HARIRIUEY Pi>Pj i, Pi i 5 —DYE AR T
Pj (g 5— A4 . A iF, ML-index &b 51 25 i) 1) &
e BER - il T B BT S B B . ML-index 78 KM
B4R BT e 2% .

TF-XU R AL 2 2 A5 R 3 5 2 ] R 5], [ B
g th7E = [ R 51 rh W P L& 27 ) 1 G BEAE T4 i JF
PR 23 (8] 285 | v i G SR T 990 D00 ASE 780 3 38 i 14 350 45
TE-X AT B R e 48 J7 v %) 22 4 S il k17 e
YR TE AT RN T . B
Ho L, TE-X 5 S A AL 28 ) R 51 b i 45 f0 i 7 0, 7
B A E SRR R 4R ) CDF 38 0T
THEF RO AERE e TE L PR 2 B A bl g o2
BORY, TF-X Ry 32 2R AR 2 AR 7 25 A R 5| (A R-tree,
KD-tree) ) | J2 25 SR A8, RAE M 45 g, 16 M 4E
JELNGRAETRL  TF-X B0 1) B 45 5 1 HLas o ~ B
AL B 5 m T 2 B A RO X T gE A [ &
SRR JZIF B AR R RE R] BE 23l ok A i P g
R B

SEEAETE Z T AT AT 1 W S5 SRR 22 4 530 i 4%
5% 3 — 4k , Sage DB A R AR UK B8 14 4t FE (A3
WESeE « 4ERE O v S BT e = 4D R
B 5 AT HE P AR A 1 — 4k 25 8], BB 65 10 19 A dE 1Y
AT R 5772 o HEF )5, SageDB R ] — 4k
IR 51 2 (RMD X5 217 % 51 5 [7 B SageDB
FHE P 5 1 SR04 BN ST B T v TR [ A
6] 15 9k 2D R 1F 2% (false positives) , A%} T 1% G5 58 4
VR b ECHE PR A B 01 T gl e R 4E L SageDB 45 Hi AT
LA P08 A i 23 A 8 3l 57 > HE e 4E B A A 5
TR 3RLBE I H Ao VF B PR SR T S0 A2 2% 1 ke
S5 ) an A o 5F B4R . SR T, SageDB IR WA 45
AR A .

ML-index,IF-X,SageDB #£& T HlL#s 2+ > J5 ik
T 2 4800 A b 3 5 HUBE R S ) DA B
B AN SRR 10 4 AR BERT
3.2 EFHREMHSHEEINESIFTE

ST RRYE ) 2 22 ST AR T 45 5 Bk A5 ]
AR oy — 4O L B R AR AR R
B 7 I R RUDL G B o3 A o I AN RE 58 4 F) T st 46
23 [ v ) 2 dEREPE . DRk, B T X SR g

TR ] 25 (B B A 1) 22 4 R L A B 22 4 B0 o A
HEAT 53 DX T AN 2 o K 3l e 30— 4

BT X Z2 4R G| A Al AR O3 X R g L 7Ty
Sh 323 )1 43 DXF0 3 F 8500 0 4 X0 B R 43
R 11 o N O R L 7 R s Pl 51 P o €2
FEE S X BT A 4 X 05 5 B0 Quad
Tree™™ P R 511 45 o 23 [a] CECE i 76 (9 1 80
X3 0103 K AR Ja X ik g 1o Kl AT R gl 7o IX
Z A AN AR B B s B T80 19 40 X 1 1 R-tree K&
AR A0 B g HERCHE o 2 TR Y B R L R R
FAE T B R 7 A TR A 74 L 9K R X ST
EHTRG . TFEFTEN =R X EATERES.
3.2.1 RTFEMFXMTTE

Zhang 55 N\ $ H 3 F A% 2R 5| 19 45 [ 45 /L o
%4 (Spatial Interpolation Function Based Grid Index,
SPRIG) . ¥ 22 44 1 0 KA o 2 > BETL, ] B 45 i
T 2 4 50d . B0 5 208 =5 (8] $ 4 B 3] — 4
SPRIG B 56 M st 4 Bl rh il A o 4 | 35 N7 0 A% 72
TR 2 E U5 2 (A B R 8. TEPRAT A i I, R
FHA (8 R BT A7 8 TR AT SR B R . ik —
FETF K 4R A ) 1Y A 42 1 B . SPRIG 5] A JE T A b
(pivot) {33 3E £ R . SPRIG 4| % 25 ] — 4 %4 78
L5 2% [ 470 L R 50T AT B A DIt (] . 24 44 %5
b i Z Y R AR MERL S S B e T
SPRIG 7ER-S61i 00 T HAT 8 0 B 52 22 o Ay fige o
I E W, Zhang 45 AU jE— 25 42 ) SPRIG+ LI
Yt ) P 2 ) 478 1 o 50 A A P o I AT 97 1L o 25 7 40
A BT[] o ) B 5 ] A 3l 285 G i 5 R fe P I 0 a5 2 11
k5.

Peng % A\P2 2% Learned index™ [y 2844 i
T 24t K iE484#), 32 1 Learned KD-tree, ¥ K
AR A ) S R oA B 2 A 2R, e
KD R 7R N R4S i — YRR P2 25 (8] 1
B 84— J2 AR PR 07 s R B2 . Bl 4G A 4 Y
KD 4, SRR IR 46 b B> i) KA Iz 48 4 8]
GRAE R N I AR RO EAT R AR B BB N 4 i
22 M 25 4 A (Fully Connected Neural Networks,
FCND , f5 J5 fiff B A5 2 5000 2 30 500 K 4B

WA 22 4K 5| S5 H A7 A R O R HE 1) 1a) g, HL AR
E N 3 5 R R R G BR 1 2R 51 S50 L TR 53 A 3 S
R BRI T HA T . B5EN 2R T4
43 R e 78 73 F) RS0 0 A A0 A S 3R & TR gtk
Z BT R BOHE AN A R AT 3 AR Y BE

D SR RN A X R A N A B I A Y )
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i, Nathan 25 A% #2114 Flood , & X5 58 43 7 4T 55
v LI 22 2 1) D BSCHE R A I 0 2 2 2T T A
5] (Grid index) DA A ] . H LA BB 206 Hds
5y B A% T . AR TG Mg RG] T a
(1 d A4 BE# S 5504y Flood ¥ 8 d —1 A4 H
FHY RIS (Grid) 55 d A4 R T % AR BoG b
BEHET . B 6 FopEdar R T 2 4% ) Flood
WAk &5 AEBE 1O PE D T RS %143 4k 28
%2 AT HET .

HG1 i 3 A
Flood || A% (\ '\ @%ﬁi@i
B T I I I REREX
SV Eta
2 iy [ JR 2 AL | 21 A .
EN T es N R
Fr ot | A 3
253 Wi | g — ] ’E&ﬁ%ﬂ ‘
Tsunami fﬁ

JE L AR R 4 F BT
Bk L
B 6 %X 2 4e %048 9 Flood Fil Tsunami PJ#% %8|

It » Flood 78X 43 W 4% B o 5 22 4 T #)
PRSI d — 1 A~ 4EFE S B4 45 BE R 43 19 53 BOsR DL
FHTHEF A 4E R . 3 26 2 B T B8 4 7 AE A A 36
A A 3 S 22 5 T AR S 9] A i) P OAS TR Je A
(R A8 B A4 FE e PRV (0 - Y (B RN Oy 22 L 8 Ak Z ()
M) TR S . A [A] 4% 58 1 4% 3l 43 Flood Il 25 LA
A (] A A B AR AN BB (cost model) o g I8
D FLSEPAT A ) AR R B AL AR B (] 0 A5 A
M cost model 12 %, I 2 B AU M I /D 19 grid A
Jay A R BANYE R 2 0 B, A 4EFER
o3 73 B Csplit value) , £ B A — S 4E B2 F A R
S A BREOCR € . A R FEHEY 4E L Flood 3 [y &
—YERE LU RE e O 1 VE S HE P 4E

48 Flood G298 [ 2 b AT X5 e 1 T AF 7 20f
s AL B AE B b A7 A8 OCHE B M M A il TAE
AR, Flood My PERE T K& H o5 HI 09 N A7 25 [\) 3
Jin. B Flood M WF ¢ 14 BA7E Flood (4t 7K ) fy 5 fil
AR H Tsunami GEEBIHDEY . 8 1 37531 T4E fu 2k /9
fiii &} Tsunami ¥4 25 [8] R 538 24> A A S B9 X35, 4
A XI5 B A A% (Grid) o 1 T 2R FH 38 B 4 1) I
R (Grid tree) AL H T AE G2k ABRY 5] 6 1 2F 384>
J&R T 2 e Tsunami R 51, 7684 X3 &6
38 1 PR S (functional mappings) 55 {44 10 2R 43
15 PR %L (conditional CDFs) 2R 32 4 J& 4 ] 1% e B 4,
F R T M M (Augmented Grid) Sl # A5 i),

Flood I Tsunami A4 W\ 4 i) B4 HE 2 55 , 75
T3 1 B 2 B 2 i ok B 2 AR B A E

SR, Flood A1 Tsunami J& %1% P9 A7 504 H 524
PR TS AR B 23 A SR A 3 2 38T, Tsunami
FA LT Flood , 1 2& e I W9 1% 45 44 I 7 2 5 22 1 4%
H 77 S 4240 8 % 18] iy G B . ik, Flood F Tsunami
T B A LI A B U R L E 2
BT S s AR R R BB R AR K S ] Y
AW TAE A . JF B s 0 &AL AR T
ey e s DA KSCHIE R A 97 28 R ) B B8 R A 1 AR
=M. )5 . Flood 1 Tsunami [# 7 F 3 fiff Pt £ 4
O A v b WL K AR A,

h R L HE IR B A T, Li S NN R
LISA, AN[F T Z R4 0 5% N FEEE Bt & 51
SEFYEOYLISA S £ X G S B 1 AS [ gE . B
2 2] AR 51 a5 R T A 18 G B S 1) 30T RL A A L
BT R AR R A O 2 TR AR T R ) R 22
I ZENL B A AL . XN T AR R 2 Rk
8 o AELX 7 075 ) B0 AS 38 K ) s B 500 » 23 SR R 1Y
1O FF45. Ptk LISA ) 3222 AR R FHHL A5 2% > 15
A FR0RT 38 AR A BOHE A R o i BRASERD A= SR A Ry %)
Bt 0 A7 A FOR 4 2, 1 TR 0 2 2 AR g A Y
P RE AN A HER M . AHX TR SR R-tree 5575 (1]
K5l LISA BEfE W 2 FEARAE 6 =5 (6] o5 1T 5% vl 2D
#1/0 .

LISA A7 LT R BR 1 - 1 56 . LISA (i i & AH
L E ) RT3 OGS AE A Y Fr (shard)
shard 1 2401 (page) 418, 76 51> shard . F
Jai FRAE AL (local modeD) #7-fit i 2] 43 (B2 47 J) ¥ A5 4%
R LB P 7E /Y page, fx & AE page ORI 8 R
KR s LU, LISA T B By PR w4 4k, 7E R
BRI T b6 TAMAEE A b & X PERe
SR I N A R . LISA RE 6% S35 0 B (H HI
SRUF R shard F50 00 A R [ E 1Y, BEAR 4F 3t S 45 2
A S (8] N B 4 A T A ]S ] Cout-of -
space) 4l A2 FECMERE QR T B 5 I fm . SO TR
A A A el e B shard 000 A5 A1 2k i 0 4 2450
3.2.2 BT HEUEIT X ITE

X 25 1 A SRR W B R 43 B AN [ 1)
£ AN TENEITERL].

RSMI™* g fif PR A8 R B 46 4 B i ™ J i ) L
X 6 I3 % W% (recursive strategy) % K &35 4 17
Iy IRTE R A K i @ R 51 . RSMI J2 £ X %
FEUE B R B 4% B (block, 54> block £
ZA#H B A RO NAHZ, B8 RSMI e e
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o
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—A~ M R B 52 B DL R I MERR R N A R
e 2 [N/B |4 block. BIF N 4~ block ID;
R L FETFIZ A % RSMI g 3% A4~ B0 45 38 13 %1 45
BRI 4> [N/B | A3 X CeelD) , H 2 B4 cell x £
5 N AL IR A TS 2 B — A cell 3
P — BT X cell SEATHERY o [F] A 11 25 e S5 e %
M R SZEHE 5 A BRI cell B DL A 3R AE
% T RS i) MR 5, AR AU 5 Bl o A i ARAR S
B Ja S AEREAS 3 X ) M SE B B blockID (1 e
S5 I SR RS 43 DX b I ) e R R 25 AR VR 2%

AR T 58 45 50 Hh o v A R 51 5k A i 3R
B Gu B NPT N T — A A B R B 2 2] Bk
R0 Z B 454 R ) RLR-tree, &4 R-tree
HIEHJE . O W 2 A8 R, X 207 6 K AR 4
HTE DAk 2k 48 2 4 A BUHE 19 7 4 (ChooseSubtree)
FGnA] 3 24 (Spliv) (1 )5 A R F 24 1m0 %
A —FE AR RE 5 Al SR Mg . R T RLR-
tree [ 3 B SR A2 IR FF 12 58 1Y R-tree 45 14 Fl
A ) SR AR SR HIBL AR 2 ) 5 ¥ LB B 3l /9 5
A R-tree, BIN H] 38 4H 2% 2 S 004k W) 2% %
ChooseSubtree 4337 Split,

Bk, RLR-tree 5k A58 4k % >J . # Choose-
Subtree F1 Split M & /R AT Je e 5 3 A& LA RS i
K Ja K B L AR T R-tree £5# AR7A8  (HF5 5L F2F
ARG B GEB G h % . LL ChooseSubtree
906 A5 B AT A 12 A T RLR-tree (R 25 B0 1E K
W EME 7 s . e EAKE T S5/
(reference R-tree) , 2 # W 1l RLR-tree [ %5 #4 #H
[F] s IF [F) B BRAT 4 A S 36 A S AT B0 iR S 5 R
1 RLR-tree (M 2245 r £ BRI (R —R) . AL
M N AL H A T, R b= R T, A
% RWL.R Rigfe:>d R WM. i 5dh R 82
% R A
T, CTO Vi IR ki 5

R(R) = i

RO == (Tt
AL STRAY WA SERK
RLRiree T, ~ R*fee 1':1‘,

(D

(2) non-RL

insert

(2) RL insert

RLR-tree T <«—— pobjects

(3) generate

(4) UL < pEW > (4) Tk Ak B
|OWHRIR %, G HRHR|
'I‘:RyfR‘

Kl 7 RLR-tree YI4hid . 4543 0 R BB %

FLT RLR-tree, BIfR+F R-tree AYFEALE 1A
A5, Yang 5 A5 RIFER FIPLE % 2] 7 ik 3658 R-tree
454, 32t PLATON, & X BUA 1 R-tree 1£4]
44 1 (packing/bulk-loading) i & Hr , H T+ [ &
FR IR 2R TN A R 3 1 AS () B 40 23 A A ) AR
A8, PLATON 2 ) 5 T 52 07 R 8 Wi R
(Monte Carlo Tree Search, MCTS) ) 2% > &l /3 X
W& (Learned partition policy) » 3 % [ 43 T I8 Z B4
SO A Bl 45 0 20 SR AR 9 07 i o MCTS (9 &
ZEN OCk « N*log N) FEZE LMk Ok« N) it N
HEE R R MCTS #3540 EL

RLR-tree #1 PLATON #B% 3% T R-tree 191k
K BESE AT RO S 3 25 4 A ) I 4 g A
AE. H HY T OR 40 5K I A8 25 0 R A8 gk 7K T 5 R
R-tree 58 YA /& 1) 40 o5 A7 it 2 T) R JE A R
B ERHE LT .

Kang 58 N\" AN R 51— B, A4 41
SR R0 A1 R 2 ] 7 1Y PRk R DA SR AR B 2 2 3%
orA . FET . Kang 58 A4 AL 48 5% ~J 3 5 9 R 5
Z5# (ML-enhanced index) , fR 1L G5 1B 2 51 45 14
AR N SR ] 155 78 1000 A 960 X G2 f i 4B AE
T R B TR M Bk T PN &5 R E R A
TR L LR R KINN 2 6 1 A 1] %

TEHL I A M 2 s Rotree 38 28 ) W7 25 96)
B fx /N i A 55 2 (Minimum Bounding Rectangle,
MBR) 595 & ) MBR J2& & A 58, 47 3 A, SE B
rh B BRI AR Rl 2 B S A (R ] 0 8 %
030 ] s 2 — A e X, T BOFE 1 X R B R
MBR. ffi 753 89 £ 5 B K% . Ramadhan % A"V $2
T2 30 e 2 /N ST BRI Learned-
MBR-prune, %77 ¥ B 56 #4880 46 B A Bk
B MBR, % F n 4E 5035 5. 75 B H & 2n 4> learned
index, % 75— M4 b, 4 MBR 5 o i #5647 HE
J7#e E learned index, WB3CH HgG T F 2 EAR A
Bl JF A g SRV S5 R . i TR
B R TI 2, R ] LU AR, Learned-MBR-
prune £ X 4E B 1Y 2 4E B A AU .

Shit®? #5214 2 3] {1k, 23 8] 05 Z5 e 5 (Learned Spatial
Hashmap, LSPH), LSPH () 3= %2/ & & , 56 B — 4
Bl b 7 2 BOR R YERE AR R FERY 4EE b I R B A
RUOR G2 4E 5 s 1) R s 8 (CDE) L 3145
B Y learned CDF, 3% learned CDF fA{E hashmap
F1 M Fy B Chash function) s B learned CDF ) il
MMEAE N hash (6. PPy 2 BRI YERE A F) T2



14 ThHE LN A Ml oI AR Y 2 4R B0l A iR Ak PRI Y 45 54 109

# hashmap #9243 [8) F) J 28 [a] i A e 20308 1) i 285 17)
B, TEShEY R T R learned CDF FUIN A A £ Y
hash 7RG B A 0 BRAT 3 A5 B 22 DU 2 B0 4
 hashmap, RVEF Il 2505 Ay e 5. AL LSPH 7
fifk e Y0 Cout-of-range) 4 A BA & AL

Dong 4§ A\ 5% H KaHIP [&] 43 % 25 il i 22 1
4% KB A 22 AR Ay (neural Locality-Sensitive
Hashing, neural LSH) 43 X, H {& #fi, neural LSH
T e KA ] A T R 2 4 2 ] o
— U R AT S H KA T AR A I R
M. AR KaHIP ¥ K & 48 #4303 m A4
DX AT R LR A7 41 43 XA 1) T BRI 5 LI o3
XAl ae b . fe e ok A B W7 2 8 s
FOXT I Y 43 XA S N 2R B8CHE DI ZRAIL a2~ BB (]
PELR AR T B i 28 WY 2R R RL) |, I AU G AL,
FH T 1000 2 # 53 F AE 1 431X

Guo 55 N 1 Ak i 25 B8 00 776t ] 8, 2 1
B AR Cymo, JH T R 5125 Z 48048 . LUdE
JOE A [) 0 A AR 2, o L I R I s Bl s Tl
BRI ZA A Al AR RS T L A B L g
BERY 42 Py 58 A5 ) 0 28000 AR L BT de D0 Y A7 il B
A, Cymo H R R A i 2 25 B, 45 5 6 PR &
% 2% (Convolutional Neural Network, CNN) 1 %
W38 12 M 4% (Long Short Term Memory Network,
LSTM) , BE [] It 47t 4 25 6] i (] OCHK . [W] i Cymo
Bt 1 a2 S T R TR AN () A i 5 o B e A i) R
Guo %5 ) ¥ Cymo £ i 3] T HBase® 1 GeoMesa®,
AT T HAF B SRR BOR
3.3 ETEMEAXENSHZINERSIAZE

s LG R R BIE AR T 80 % D C R
RUHELZDIEMEGD , RARNZAEMEZ ) 71
FH 56 5 £ (correlation relations) 8% % pR 0K 481 (soft
functional dependencies)® % | {33 R WAETE, i
fa v B — 2 ({8 RE 9615 B 5y — 90 B (E I (UG 3T
PRI I 2 1 i M R) 56 &R 1 2 42 DA &R S IR R A B
RIRAME R R 51 4548, L3k B R AR A A = (8] F0 0
AW H Y, FEE B TER O A R
5| (secondary index) #1425 6] 43 X 0 J5 1 &

W% NS A Z [ # 56 HE H HERMIT,
— e B B R LS AL AT DU T
0% Z 4 i) . HERMIT #6371 40 J2 8 5948 R
(Tiered Regression Search Tree, TRS-Tree) , | F fij
PR GE T ] AR Y U055 T P 51 2 TR] B R 1) S IBC R 4

RS M IS N Z [ FE A e, HO N FAF

PRI R 1 2549 . th TA MBS EE M 3] 1
1 UE P ECHE A B DU AR M R R G,
1 FIF HERMIT fig 4% 4 g — 4> {8 7% 1 TRS-Tree
KAHHE M AT N Z [ KR ERAES] M E ik &
i TRS-Tree 4k 7E5 N & ] JE . TRS-
Tree J& —HR & JOM, A G o 72 346 )3 ot M3 Rl
YRk ASTFIEEL FFHIWOZ TIEE N M N 156
B OC ZR 2 15 RB A8 T — 1> 17 S A 2 M [l A A B 40 5
L E T BRI R R M4k 22 R 4 .

mE 8 sk, (Time, D)) FE &M TR, M
SP 1 DJ FE7ERHK, A B # it TRS-Tree ffi & SP Al
D] k&R . 2 SP L& 4k DI A
#HmAHE A K (Time, D)) &5,

Sp VOL

Kl 8 HERMIT %51 4544 F|H DJ 51 #l SP 31| 1k

HERMIT fig 8 2 2 B A7 i 25 18l 5 FH . X
MAH . HERMIT 7 20531 M| i £ 98] 7% 4k 51 51
N .6 T, H itk HERMIT 48 44 TRS-Tree
BOE T R e N Ry Bz Af
TEJO A9 . 53 b  HERMIT A7 40 Jmy FRAE 5 56
AR T 508 PE A AE & e 47 1 =9 & 51 HAIR
BORE M Z MAAAE QR ME, BTN X E
A% s [Al— 3 1A [R] 3 B B £RHi 43 A A W) HERMIT
P ) TRS-Tree J& AN - 1 o B i 45 25 19 I8
JE AT BEAH 22 5K Al R AR i PERE RO A — Bk .

M HT HERMIT H 225 [ H A [\ 51 Z 18] () 41
KM BEAR N AE . ki A 9f) . FRATIA Oy HERMIT
BLH BT ) 50 R 5| AT i — 20 SRk AL 4 2% 2 B
RIS BRI 550 E 00 508 o0 A o 491 G 3 — 4~
IR IR AH B T A AR SR THIERE

TEZ R b, R G| 450 13 5 i — > 4k B 5t
SRR W ERE 2 — 5% k. Fit, Ghaffari %
NG R I ae R L N T P DS
BB FORR 2 R 2 ) R B0 B (learned Functional
Dependencies,learned FDs) , 3f:3% [ learned FDs X}
2 B AT R A R K b s 0 TR G 4EEE A
115 5 51 19 A 1 PEBE [l B B AR P A7 o

@ https://hbase. apache. org/
@ https://www. geomesa. org/
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3.4 AmETNG
AR WA T REEM Z AR 51 45/ B
KEWIE TAE 2SRRI R . % 1 i —

A5 DRSS 9 A7 A 37 L e 7 AR P [ SR B L SE R 1
AT DL 1 SCRp R0 BT 45 5 1 o BUA F 5
TAEHEAT B4

®1 ZHFIURSILEHMES

BARAEAEOLE 27 & P Bk 7k Ariff A T SRR [ERA ey
Learned ZML#%] R 3 A i MR
IF-X[H A AR LA
& ML-index %) R T A I K AR A Bl
N AE Learned KD-tree°%) K i 4h A if) & & EosuEia EATIERY 0T
Neual LSHE?8 WAL K 3482 i) PR i 22 ) 4%
B Flood53. M I A 2 MR B AR AR

S B A A P4 DBSCAN 524

Tsunamit**]

Ve Yk SN R ES ST

RSMI) K 4875 ] RERD
_— 5 LISAL:] R L A 2 BReRrE
- RLR-treels¢ ST G A K SRR i) AL >
PLATONL] S5 A I TE R A K R AREE I S RIE IR
LMSFCL#] AR & U RIS Y i

R N A% S T RIS O BT A — & AL
i N A GO0 . A BN A AR B AT
IR M 22 4 2R 51 405 460 (0 BFF 9 B 6 AR RIR i 22 (H R
A B BT 28 S Z RS RRE R s A T .

#4r J7 i, W Flood ., Tsunami /K #t T 4 £ 2
B X B SR T AR B RN S B . B X R
B ) 7 1% RE A S 4 T B (0 RSMIT 41 5% 30 {0 5 361
I H S BB SR T B R A R
Gl o 3 — 75 T T ) S B R 1 22 e 2 2 R 5
SEF R T U7 RDRLRE ROk IR B ASSE A AR . 5
AN B i RLR-tree, PLARTON, /%3¢ R-tree
MLEF AT, 8 B WL 2% 24 2] B B R-tree 19 )3 & XML
T, RESE B AL 5 R-tree S A7 (4 P RE  {H (] B s 4 7K
THESE R-tree A & Z 4k s HERMIT AF R —Fh — 2%
R WL S 5 22 2 B 2 i, B 28 P AR 40U T 1k
] 19 2% 2 L AR5 0 35 PR AIRAA A4 B2 U8 5 F {2 HERMIT
FE 5 s A BN B 5 ELIRI T 22 10 £ 51 RS .

ERCRIIE 2 K SR (e ST E Y PN S DO B W<
fit 45 ¥4 . Flood F1 Tsunami J& 41 X N 1291 217 1% 45
F o TEBUR M 3 3 P L 31 A7 it 445 4 ok il 3t
i, B 3 307 it 2L & ML 2 ST T AR 1 2 4 &R
S 85 A5 TP E A5 OGP BIESE 5 1]

4 HLESZE S W AE Y KR fn B A0 B HE B
ZEHR
bt ¢ 5040 L1510 S T R K 5 e T I

T 28R DG P SR o 25 800 A B AR Y O A K ) Bk
M B TR R 51 BUNAF 6 I 4E I A . A

Fubygy S, A AR g1 b A A TR/ E &
BT BE AR B AR A KRR
AR G145 B A oK ™ T 0 AE A R GE S A [
BT 0 B FEAIL DT 18] 38 B R 1/0 FRE

FE T B P R RO [ Y SR, LA n i A 9]
ARSI Z AR R I A5 A . MR 2 7 U5 1R R R
Bs v Lo B A R A A . BT R R
AP 2 TR A R P R AR I E N A
HC A MRSy T 04 9
4.1 FEIJUHERB

Wit o RO S (R U L e PR RE Y A BT AR T L
SRAERD L (] Py 12 TB i A i . 508 e 8
MEE T2 51 1 2 ii) b 31, 5 ) B AS [ 1 500 4 X
FIZH S W, 27T R P S A2 ) 0P 4 48 R e il 20 B
PLI/O R,

A B A A R B R R RS
PERE o A7 ) 2 B %5 42 A A i) AE o A Xk = B
ER G AT LAt £ G WL L AT . B Ay X
AR o2 o S0 0 0 32 26 22 T R ) R T e
D B T8 2 AE A () 4 3 e ml A7 i A ot b 2 U808 L %
AREHE U 18] AR 38 B B AR B e e PR g .

AT T EA BRI AR 2T qne] 1 ] TR0 A
B A Ry 5 B AL R BRHE 0 A RN A i) AR R
2 RN PR XA TR T SR A Ry

B A Jry SR 1Y) 2 S RN B o3 A A
REARR AT 1 B B0 e I i . R B> e A A K
#/NZ&E 5| (min-max index) 8% 43 X #b ] (zone maps) ,
FH T 78 8 i Bk AN AH DG B B B . G 3R 0 A 4K
oA Ja o BEAE T8 A 1) PR T 10 8] Bk Aok A AH OC Y B L 2 1M
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e KD ) (Y BB R B I b o] 153
& PR R B B s A R (data layout) , &2 3T 4F 5K 1) F

Ry i TR K AR 10 S) B O b 43 T B B By
i) 1, Yang % N7 2 H Qd-tree HEHE R R AL 2% 2]
IECHE A i) R oE 2] BOE A SR (Learning data
layouts) , W& 9 fr 7R » Qd-tree = B fif P 5 95 41 41
FNAL ) BE B AT [A)8, Qd-tree W] LA MUE —HR =X
ARF G ep RS T O LT R A e 2 A A () Y — AT
23 (8], WAL L TR A BdE 2 ). Qd-tree Y
AR P BB AE W L 2 A H SRR 3B S IR R e Rk

(FEZR) .
o > At s i B HID
{%ii%ﬂﬂm#}j i A G
QeI | 1% DM
ﬁtlu/ IREE @
aivea e (B [0 [5
i S STTLH
G2 I AN Bl

K 9 Qd-tree ZE#4

Qd-tree S EF X AN T B AL B A R HEZE | T
B oA TAE R EGE S 24K I HA A
AR B R i DB e v 2 A R
fi A AL ) 8, Ding 48 A7 78 Qd-tree 3R I,
2 £ F Ak (Multi-Table Optimizer. MTO) . fE
2 FRBAE R R Al AR 0, MTO R J] & 42 75
521814 Goin-induced predicates) 3 2% >J 5 I 1Y 5L 4
A Ja A5 27 ) B Y A SRy BE 6 B R AL 4 € BT 4R
A CAE 2 E B Seny Bkl Bt . MTO &
2 FB4r 1 E A SE I SR B P B 5 2 A3 AE
PAT A N, B T SRk VT Il i B kA

AT 43 X 5 58 6 F A i Ak 38 ) 1k e AT
S | T A2 8 14 43 DX SR W K 22 MO T 1 =SR] s
W T AR AR A A i A AR . B Hilprecht 4§
PN 0 T M B (/i e T B S a1 = B
P2 = N E e S B U =37 W N i £ P = v S
PEANTR) A 703 1) 2 DAl o 2 ) 8 56 o R T 465t 3 IX
A L R e e B U D VA N = R S o R = I G B S A
YRRz AL RE 77 . 45 4 X T B 25 1 1 43 X SR i
LU AS AR 38 T o8 A R0 0] 5 A A

JUE T R AL A 2 B 5 U T A IXOR
Zhou % NN R TE A A K 5 R L A 1 5 Ak 2
2 D5 VRS BB A A2 % 1 B o A A0 Al A L O HL

N GRASE RS, 5 2 SR B R 23 B A ) A 55
F s IPEAS 23 X PERE , 5 85 [a] A e P i yR 2% . R IE
Zhou % N4 i Grep, 5 T %% 2] (Graph Learning)
BRI 7 IX R S8 . Grep SR BB 7 25 1 45040 Fn
TR, DAARAS [ S, I ) 1 4 22 0 28 44 23 X PR 5
AN ) 5P 25 5 A W AH O B 5 Grep YT 256
B R T R RS I 1 2 KOG B I R
R REBL A 73 B VERE » T A i 22 52 B v £ 70 X
Grep T4 BUEN4E R 43 A B i GaussDB™ i

Bl 27~ o T 5080 43 DX SR W 1 F 50 38 A 1 2
MO TAE I Va 3 AVSR IR B 2% 2] ik (&
T 4R 2 ) 2% RN A FRUR 2 N 25 Sy R R ASE B304 40 1S
A3 Y 25 88 4 44 R, Hord 88 ST 38 6 2% 2 6
JH T 23 [8) 80 3% 43 IX. (RL-Spatial Data Partitioning,
RLSDP) . % Bl 25 [a] £ 4 457 4iE 4% 3 e AL 43 X . Durand
A NUS B GridFormation, [a] K 1 2 B FH 38 1k 2
A g MBI 3 X5 3855 . B T DLtk — 2D e B2z s
] A 238 B Ak 3 DXORVERCHE A J&) i TR i 25 iR
4.2 FIJHUHE

TE R AU 22 2 B4 e v o RIS J2 157 A 360 L 15 i)
JAE b 000 ) ARt AR B R R R X R A A
TERG VAT o o A Pz B AR 22 07 ] AR P i 1)
T HAT W] 82 32 1% 22 19 3 DL 25 1) 4b B (Approximate
Query Processing, AQP) 3k 52 31 ¥ G F14C 4 14 F
Mt . AQPY AL G Sk 4R RS £ 1 Rl Ak AR K

TEL R AL T 2SR B I AE 3k L B 0 4 oA
JCEH SRAGFIANGS B o 3% T T AR 32 B2 Rl SR m
AR A 91 T Al R P 25 I 1) AN 8 7687 £ () et L AR A
AR BCR 54 RS B % . PFunk-H"DRE 40 5 J8% A1 5
YN T AR LR RE B30k 3 2 SEARUJR A I 17 Y Sk
HIEEAL B 3l e e A 1 25 2R 00 B 15 DX TA], DL 0 oL
20 1 Ab PR S5 S 007G O AR R . 7E S R A S
FHAILAS 27 > B0 W 0 53 AH 058 20 TR Jbe A Sl
M,

TE 22 AR08 5 55 b BAR 0 M 2 Gl i D) B &
77 3 A 4E 47 8 38 8 2 (data synopsis) » RIS 2D
Xof J e E A B U 1R o R SO T LA S R i 0 e A
s R R . W BRI AT AR DAR
RN AT IR FEARL SRS R SRR b AT DR SR R A
22910 T DAY e 295 b ] 225 R A 900 1T T AR A v B
Vi) JE LG KO . BN, 22 A S T e R AR R
S AR H A2 E =0, AT T el 24 e il
02 N AE A 0 SR A T R PR AL T L A R R
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o3 B A B R AZ R S g R

PRI I o B0 M 2 T 0 I T i e DR 7 s ]
JE ) A AL S . BE B BLAS 2 T R T R
T3 ARL ] 24 A 960 25 SR i B A AN FHOUR T X
B AR, A 5 X A A AT AR, DR AR T MR
KA FE RN X A ) AR T AT A A
4.2.1 R

AR S d5 i DL A 2 — R R P
IR 22 YR G B 0 AT FEAT R, Bl Yang
4 NPUR Vorona 55 NS SR FH R BE 1 Tl ) A5 705
P& Z A5 T M3 25 (R Af py DL AL 3,
Yang % N R dil 4 B0 h AR AE B 2 4 A A B
R JHEREE B AR BYAE S Ge it B8, R BT 524
TSR N7 58 o M A R A 2 BB A v AL HI 2 A I
FlE . [FAF . Yang 58 A8 09 J7 AR X T4 5211
BTG BT VR BAT B, HAS 5 AT AT 1) 2 ST iR
BRI 431 . Vorona 48 AW 4t 5 IR
¢ 20 1 3T 0L R 8 25 () 45 9] 51 % DeepSPACE,
DA fifp D 23 (1] 540 S S DRI 185 x5 4 Ak 53 F0 43 7 g
7R Y B I S B R AR A A BT R o TR B
DeepDB-* % Fi B 4k 7 2, Y 2556 R AL 45 (Rela-
tional SumProduct Networks, RSPN) ] T 2% > %{
PRI s . [A Y. DeepDB 45 th . 5k T RSPN 42 %k
P 7 s AN 2 S ORI 5 T2 O o s A i) O
5 56 B0 A ih) 2 b 34 s R i A R T EE

Wit 5 2 00 1 R 2 I 4% 1 I 5 B[] A TR
e AR TR 4 2% CNIN I ZR AR A 55K Y ()
FOU, — B0y O SR AR B 2 2 HL (Extreme Learning
Machine, ELM) 3k 3 58 CNN, ] {11, Zeng % A5
it CNIN I i 1] 3 < A ) A8, 4 Y ECNNL 72
R R AL Hh 2o TR 2 L L ELM Z R AR .

Zhao % APV 3 F ECNN i, #2 4 EDense ¥
2R A i A %% 4E 1% 3% (dense connectivity) £ % T
ELM 1 CNN, I 4" & 1 % 2% 114 J22 550 4 45 75 42 = vl
SR Y [A) I 2 AT B 19 2 2 BB J1 . EDence BEf%
A R T A3 (R BUHE 27 2TAT: 55 vh o SRR PRt HLME
) 25 B 508 A 1) 0 A

BT AR AT G AR Y 22 4RI 43 BT . T2 S A 5L
Pk g . K TS8P B 2 L T 480 ¢ & 1y Bl 4 i
hiEE LM Z —. RECAHRENTHI LA,
Ty g i S T I R 0 B s U R AR

Shy ke A BN U 0] (19 AR AR Amagata 85 S
KPR S P B K 4R e, H 2 B K

SN2 W 4 PivNet, SCIURE A Al 1. LR H
B X 22 A B0 A3 (] S 7 253 ) v 36 B A X il (pivor)
ST AT pivot 9 K JEARREES . XF T 45 A i)
R e 4k B BE A ) SR 1) pivot, B pivot [ K
AR HEAT AL 1. PivNet 8 3 8 A FRECE 1 pivot,
AP A pivor K K i 4 B BV A I 26 B8 » #
A R U ) 45 o 7E PHAT 2 ) BSOS T R ) 5 BB S
UL O & 4= BE i BE R HEI Al F K 3 <F g .

ARSI F IR B 2 ) () T IR A A R B B A
B I 52 TH LA B 0 T R R AR TR B bl 25 ) 24 A
AU GRARMY - SR T o VR 2 2 ) B I 530 o O T %
FHNR HAETE K S H0R R .

Sy g g G b A Tl B, Lia S NS R R T A5 78
AL G LR MR 43 B4R A 22 001 U D) 4 2 45
MEEL IR R OR N B4 A s 4 (CDF) 145 485 5K
Z 8 (S . B2 LHist, LHist $ — 4k 2% > (b &R
g1 RMI™ (i AR 2 4 55 IR O 25 & 2 —Flobn
()24 2tk 2 4k 55

P10 JoR T 8E X 4 4E 508 19 3 1% LHist ™ (3 %,
BPEEASAERE X 40 19 70 KA B0 . AR T HBEUG 2
ARG 3 A LHist B 56 R F R TR 8 1Y 43 KR X
X d—1 HEFEAT 53 DX, K B A B 4R R 43 30K [\ Y
A s 1 AE B S BB d A I A A
14 CDF, LHist 1143 X 3% 8% F1 CDF 1l 5 # )2
it B EL A 2 U 8 A 11 AT B BIL 85 2 20 5 8L 58 1, LA
PG 43 A o [ B LHist $2 45 20 3% £ F0 I 25 07
1%+ B8 7 Y 5 258 R4 it A AN =2 8] BUA

AP
AEFT2: 49

PN
ralaEEIE e

B 10 BFXT 4 dEdi iy 3 3% LHist R ]

Bt EO7 B FEEE N Y 5 2 R e R A
T LU I B0 P28 B Xk 52 7% 1) 25 4 008 5 0 32 % A
R AT . PR AG TEAY 3 S A T s HL
YR f £ Bl 22 4 55008 09 20 A o Al T 2 I SR R
X T ARG T AL A T Ak B R R A S A G T
2L R AR G K0 LT PR RE A% S BUPR G 19 7 360 HfE
W o HIE T 007 B B o A e R 2 N 2
) B AT SE A S A A T A vERR PR 2E . B 2 A
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HLEE M HRA RS 5, i T o
J5 IR 7 s B Rl T 5% 22 19 8] @, Meng 4§
R TAML, 42 5 2 A 00 R & B N PR B ) ol
VAR TR A ARSI DG 10K I 2 2 S [ 4 J3E 1) 3Bk 5 9
Gy s T 45 TR i e A Y S R AL

73 A8 43 BIF 5 R A R 1 O 5 b R
HEEL , 1540, A BT 4 W 4% (Generative Adversarial
Networks, GAN ™ f 4% 4 2 55 45 56 4 % 4
Pt Fallahian 28 A9 48 H 56 F GAN 19 8085 246 1L
s BT OA B E A A U 4R L T T A A
PEAREZL , 0] 24 30 LA 1 Ah FRAE SR . R GAN A i
R B A0 O 3 L SRS S DR R B AR A AT i PR RE
A 35 T 2R RO 1 5 0 AL A Sk [92-93 ],
AR S BT 2 W TR R A s B AR R
JH P 884 b B s B A By 1k 208 i s

TR 2 AU 7 T8 L B A% 58 04 22 4E I 23 50080 A
Bedi 22 h B b G DU S50k A R AR G &R 2L [ AR T
B Ay FL A I 1) 0 25 B) OCHK (1) 22 4E 80 . X A
HPsA B, BT M Bl T R EVLE % > Bk,
Bln%r % ET K 2 # (Top-K query) , Everest ™ & I}
B PUR A 55 BB R B2 I H A HE 3 08 TE 1 A5 30 45 21 5
Noscope. Probabilistic predicates 2% {f gy 2 1
Pl 22 I 48 SR E A IUR S B X R R A A

P 1 5080 R S 0 5 ) o T [m] 250 30 ) A 3 Ak R
A&, Zhou &5 AN 42ty DeepMapping, — Fft i 19
AR % (data abstraction) , f& Bl #i1 28 W 2% Fl % B)
BAE S5 AL 1] ZZ00KG il A 1) A0 JI L Bl 8 0 2% 52 IR R
BB AT EHE B IE AL 5 1T B 25 R e AL D e AR R A R 4y
HM Bt . B AL DeepMapping SR I 24T 55 1 &
M 2% (multi-task neural networks) 2t 5 56 5t 57 21 £
A T8 AL 8 W 55T VA B0H0E 1) 10T BL 3RS PR o 3 A
. i 2 A 1Y F 1R 25 DeepMapping ¥l Bl
BE Al AL L LA SE PRS0 1) A 40 L SEOR Al A SR ERAE LA
B FH T 38 B0 A7 AE M B 7 1) 5 DL R A At R TR A
R TR 1R 4 A BCHE 1Y B B 3. DeepMapping R
A =2 )3E (shared layers) i 24T 55 1 28 W) 2% 55
PRREARABE Y (5 FIAFfift == (6] /4 H Y 9 B — AN 8
WA RAE J2 (private layer) fRIEFUM PERE . SR 1M, 24
FrP B EECH B2 AR BATEAR T BCR A 1]
T3 A+ 2 B i B KA A5 A Y A IR P R
223 TR A DeepMapping 7 22 557 Il Zh A5 7Y
PAPRIEPERE . R i DeepMapping £ J T %45 s 46
B — 2D ARG 5

4.2.2 HEEAERME

BLER 2% 20 N F T A 1 RE 22 A 5 A 42 48 2 A
JEC NS S AT SN e T el ST S £ s RV ST Y
BRI,

BN A 1R 9 25 AR 2 48 7 00 T LAl A i 25 SR 1
43 UL B 3 2 0 7 0] A5 19 R ) oo 4l g
BT LR Park 88 AW $2 85046 1 2% ) (Database
Learning ., DBL) By #E & . I K DBL i ] 3 Bl £ i)
A FE L4 Verdict, 322 P S8 HOROKE i 2 AR i) Y
T ABLZR S A S W2 45 L O Al T B A ok el 3 X IS 2
B 1 I 0 0P o DT 3 R Sk 1 A

Bl 11 /R T Verdict g TAE A X F 18 Ak 2
A SRR I R I DA ZE R R 22 I &0t
S5 DBL BLAY AR T5 OGH J5 19 A 9 45 L R i
25, WP RAEA W B R A RIES,

SQL | HAE

i | ISR

il &

CHE
= v

BT e s

B 11 Verdict TAEF

Verdict 522 F JH A 1) Al £ i) Z [A] 1) 5C &  Regev
SN ARG R Z AW R S R IR
F Ut 48 1 Hunch™ /L f5 B LSTM i 28 o £ 2% >) 4%
¥y 4k 25 18] 15 ) (Structured Query Language, SQL)
A 25 0 8] 1 ¢ &, F T P 3 S0 A i) 45
Hunch 732 3 DL B4 1 D BE ML A K & A if)
VE RN IIZRAE s 26 2 25 % iR A D7 0 A W AT 280 5
55 3 DU EY, JF F T Hl A i 45 2R . Hunch [
R e 2 ST AL A 360 A 3L [ 250 IR 0 2 4R L K 4
Bros Bl 2R 4 SQL A i), ML-AQP" & Xf = &
Gk 55 DS i Il 225 #5360 v 52 JBORTIR N 6 B 4
FH#E# (Gradient Boosting Machines, GBM) , 5 %%
i 8 A 1 45 JOF AR R e WA A

[o] 9 452 Y ( Regression models) 7E 2 48 J&E h 19
I3 I s I 1B < BRI 1 10 VI
EHOTIO AR AR 2 LAY v R R A AR B
2 R AR DR [ R, Ma 28 NV SEBG B E T B
R AR 22 A6 Y A AN () B 4 B 2 A TR) K30 4R AN [
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T B RIAEE A BT 0, Ma 4 A48 D
9] 4 H 0 14 8] LAY (Query-centric Regression
model, QReg) . QReg {0 & T A7 ) AR Z HLTL, X T4
JE A WP B oMb TR 22 0 R AR

Hasan 55 AN B85 TR BE 2 20 550 fif e %2 4t
25 10 HP Y 08 BE PR A 3T (selectivity estimation) [A] 35,
$& it MADE+Sup, 24845 i) by T4 [6] (1 J& 1 7] 2
A RN A5 Z ) B PR E . B, Hasan 25
DA e B A T o3 ) A5 Sy T M 2 ) AT M 2
AJIR) L, B T B Rl AN Y D5k . B MADE A+ Sup.,
SCEAR T 2 DB T BN B A B
KSR A 1 e I G A o~ B RL A 4E 1 [l I A
R4 3 e 22 P 2% 5 56 2 B B Ry e 2 T B B Xof
T 45 A A BB B R PR . (AR A X
TR A WY R R 5, CE PR I T
PRI % [AIEE SCEE SR 0 B A ) T T LE
LSRG AN AT U7 0] 015 50T . RS B A ) I R AR R
N ZRUR L 2 B, [A) R 3l . QuickSel™ ™ 2 11
YIZRAR vh 2 o) IR A RN D) SR FR e Al 3T
4.3 AEMNE

B A SR RS ME AR AR R S 45 B RE
D% AT AN AL R 5] S A8 A R A7 A A 44 AR . B
A 5 A F) T BB A S R e . A ) AR
Aii JR o FEZEAE BB 43 A R ) 43 A1 0 Ak BN A7 A
At Jay o {815 75 25 90 B e Ak Bk 3 AN A DG B s b
Ao B2 £ 22 H S8 B Pl 2 ] B ALY
B Y B R L R R 7 ) 0 BN

2 2 PSR U5 [0 J5 A HCHhe RS A A 2H 7 5 T
ZiMlas A IEE Z AR R A5 Ry i . 24k
IR G L TR AL 5 > T s R 2 (&) 5
LM AN 1 FR) o TEEEEAT R R 24k
R4 TR AL g7 ) 5 R a2k,

T3 40 Vs 1) J5 46 B0 1 J7 ¥k SRR T A ) 2
R WA SRR R A A R AU R 4G s . R
Uy [ A5 A (HE 20 AR A5 M A ) 45 5 . s Al > E D)
[) J5% 2 50 Hh 14 5000 A Ry W 9 v R TR 22 L 32 SR B
2 IR 73 DX TR i) 880 4 46 Oy e ) o 3 ) L i
1758 SOIRAS sl AE 2 Db 25 . B B2 0 i 5
FEPAT A 1) I 50 35 AN 75 B 07 ) B s A 2 1 1)
TR B A 1) b I 2R 3R AT 00 MG 2 B AT ok fef A5 i 22
o 28 A5 U AR 2 BE 5 U Y B 2 L 3 S T L A
WAL U FEA AL 1 K L EE T 5 v 2R

(] 5K 1 A i) A B A AR B I RO 4 A L
DeepMapping*™ 5 FA 21 52 3 e 38 35000, 3 14l B
235 ) /R IS IR 0 Ok ) B DR 4G

R2 FRIILEBEE

215 Vi 1) SR A6 B YIRS ML Fh 2
Qd-tree?™ \RL-Partition
advisor! %1 . RLSDPL77] | B L2 5

GridFormation 78 |

- MTO!]
we L RS
HEZ M 4%
Grepl7t] [EE=S
DeepMapping 7! ZAL 5 AW %
Naru?*) [ QRegl105] | e "
DeepSPACEL!] B [a] AR/ o g A
Everest?!J, Noscopel %] R "
A N 35 FH il 22 ) & Bi]
Probabilistic predicates ¢! BRNZE ML
PivNet-5] A AT 2 I 5 A T
s Verdied® T B
. T B [ AR | 43 Bz
MADE+ Sup/1¢67 4

Hunch"%/ K C 12 o 2%
ML-AQPL! b AR T A 1
i SR 5 B

H R L 2 20 X PR A

5 SHHFEERHLETEEN

22 7 5 9h) A0 PR W PE AN GE R B B AE R
[v) K40 2 A0 A B 480 R PERER IR VP . AT
FeA 41 T 2 4R 50s 4 TTAE AR, B S S
HR R B PR 48 A, OF B TE AL AR 2% 2 e 1 A
AL 37 5 BT R AR AR
5.1 SHHIETALERES

39 T Z e 5dE A A BRSO PR T B 2
46 A0 B Y ZE BT BOUE HAE R R T 9 SOk
DA BN 2 85080 5 1 T A 4

B AR 5 6 ORI SR TE 2 4 K8 A i Ak 3
TSR RN T ] . A ROBE AR L I A A
#4149 Cuniform) i} (skewed) . & ¥ (Gaussian) | IE
% (normal) . 3% ¥ 5 (Ziplian) &5 . 766 H & 5
B SCHER P AR B T BE AR 0 ORI . A TR ECHE
BRIy 2, HoA B s A i 4 B B2 ) 2~ 70 55,
TEBAHE R bR Z BB e R L B X
F G 21 T RO 010 4 I AR i R AE . AN [R] Y 4
i B T8 H AT AN [ 9 0 A O HLREE I 1) 4 78 A ()
1) K54 A 0 25 S BAS [R) ) A X 8 50 4R 3 A1 X 5K
TEEm R R EEE L
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®3 HEERNA

€IS 4% BRI SRR R FH IR 48 fY SCik FEITE KT B
POST 2 123593 Learned ZM 5 1] 7R AU 6 IR ) for 5 S 4R
sales 6 30 million Flood FE R B RN B A B 24 20T 46 0 1 75 B B 4R
osm® 6 105 million il[\(;[o‘sFZ(I?SPI:ﬁIA.}f(P)III\;I » RLR-tree, [ 45 A6 0 T i b 18] (OpenStreetMap) 3 H 42 £t () B4 42
perfmon 6 230 million Flood, Tsunami F& [H — Fr K2 T A L — R H R
ErrorLog-Int 50 100 million Qd-tree KA AL 1 T S 1 P B P A P A AR v Y R H R
ErrorLog-Ext 58 81 million Qd-tree ﬁfﬁiﬁ(ﬁﬁﬂﬁ?ﬂ%% FA AN R AR 7o) A 20002 1 9 ot % £t
Tiger 2 17 million  RSMI, piecewise SFCs REXERH 18 THLERENBRER, ST HREBRAE
TEAHE R

stocks® 7 210 million Tsunami, LMSFC M 1970 4] 2018 4F,6000 HEEE A4 H 7 s B4
Taxi® 9 184 million Tsunami, LMSFC 2018 4EF1 2019 4F 36 B 41 2y 17 % 4 0 FHL 45 09 W 4740 58
imis-3months 2 98 million LISA i IMIS Hellas SA 23w WS /Y 38 88 . R 4808 THF5E H i
ImageNet 6 72 million LISA ImageNet £l £ G E R T AR ZE M =8B E
wesad® 12 63 million LHist B AJZF M A 0 SR 1 A BN 2 Bl BN 4R
Twiter® 2 20 million SPRIG, IAM A 190 it w4 SC A7 L Y B A
Census® 14 50K MADE+ Sup EEEN RPN S8 )

s G Al B R 9 O T R RS FIRE 56 T 5L T L R ) SR AR S A B
IMDB® 17 8. 7 million MADE+Sup., IAM S5 3 e A T 0 20 E A Rl
TPCH® up to based on the Flood, Qd-tree, Tsunami , LHist,  Hf — 41T [1] Ml 55 (14 1 sF 25 960 00 55095 18 0048 A 20 1, 2 2 I 19 e

B 70 scale factor MADE+ Sup, DeepMapping e S R U

Synthetic o RSMI, Learned ZM, LISA, 2 ” Py NN i e e A
dntasets LHist. RLR.tree. PLATON A BBEEAR BRI A T A S ) RS VR R R L

5.2 SHNETALEBEIERE

AR HA ZR 2T K. B0 AR 2 5 S
B A 478 A ST LA R A BRI A4 HE A, R LR A B
# 43 BRI (read-only) | 32 2 A (read-heavy) . {3
E3f#7 R (balanced) . 5 £ & (write-heavy) DA & H
B (write-only) ,

ZYEEAR AL TR b 55— T DL 7 ORI A AT
X TAE S BGHAT 328 . O A5 R0 AF 55 A0 45 . A5 A
1) (point query) .70 [ & 1] (range query) . % H 2 if]
(window query) .K T 4F % if] (K Nearest Neighbor
query, KNN) %, [R] B f 0 45 76 B4 45 b 317 09 43
B AT 55 0 a0 B 4F L 31 &5, SR R4 R A A AT 5500
R A8 A5 100 25 SR A K5 JBE Rl 0 iy G e A 340 A0 30T DL A 36D

MNIX B4 v, BT LU 22 4 R A it Ak 3
TAEREEA Z M. 72 2PR N A A [\ A
i 5] 68 B AN [R] Y £ 48 PR 153 A B s R
R 5] 24l BAT H 2N
5.3 ZHHETALEITMRIER

2 Y B HE A 3R A B O B R R g
i A AE R 0 S PR RE DY 8 Al T P B8 %R 1Y
WIHAEbR . PP — A 3 i R AR AN
(storage overhead) , RVE #5245 #4 5 FH A9 A7 il =5 8] K
/N5 H o I R (time cost) 4 55 H0HE 45 44 /Y #4

AL ] PAAT 4 A B 9 Y AE IR (latency) 45 5 H =02
A A R Cefficiency) » BIAE UT AL £ i) 4b 27 b 45 1)
1) TR 58 R0 A (] 2 4

A RDG T A Z iAo b B AR F B PN 4
bro RERIT 5 8075 08 T B8 4540 5 1T 0 A7 i AR
Yo AE A I R] A9 PEAS D7 T AT AN R A9 I 7 125 i)
TP B A R PR T I TR, RPE & AT A i TS Y A
A A ST I (] CRUPRAT IR/ B A R 80 5 FF k&
(throughput) . RIEA7 IR (8] A PHAT 1Y A5 3R B0 (Rl A
TR/ SPAT I ED 5 T/O ACH . BIVAR A i 45 3R 5
Vi 1) 1 4% D s He i B

TE X SE PP 45 b5 1 LAl b R AFAE 7 2 ZE A, LA
AP B A A PERE . B0 HERMIT" £
X} A 18] B [8) 347 49 fi#: (performance breakdown) , %%
A IS [ 4] 73 2 TRS-Tree #fE B[] | 351 R 5] &
) AF 1] A% 8 iF B a3 3B 43 5 Flood™ | Tsunamit™® |

https://planet. openstreetmap. org/

https://www. kaggle. com/ehallmar/daily-historical-stock-
prices-1970-2018

https://www. nyc. gov/site/tle/about/tlc-trip-record-data.
page

https: //archive. ics. uci. edu/ml/machine-learning-databases/
00465/

https://developer. twitter. com/en

http://www. census. gov

https://www. imdb. com/

http://www. tpc. org/tpch/
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Background

Multi-dimensional data processing has always been one of
the most crucial research areas in database management. Re-
cently, machine learning for multi-dimensional data processing
has gained hot interest, and received plenty of successful work.

On one hand, modern applications generate multi-dimen-
sional data at an unprecedented speed, thus, it becomes more
crucial to improve the performance of efficient operations
on multi-dimensional data. However, the traditional multi-
dimensional data structures for fast query processing face
challenges. For example, big data volume entails large R-trees.
And sometimes, the size of the R-tree is larger than the
original data leading to serious storage overhead.

On the other hand, the research on machine learning
algorithms provides more opportunities for the query and
processing performance of multidimensional data. For instance,
some works apply machine learning models to learn from the
data and query workload, then optimize the index structures
or the data layouts, which achieve improved performance.

However, there is no comprehensive literature review to
summarize the existing research efforts, and thus provide
guidelines for the researchers and developers in this area.

This paper aims to fill this gap. First of all, we discuss
the research challenges in multi-dimensional data processing

and summarize existing works that apply machine learning

algorithms to address these challenges. In addition, this paper
categorizes the research works into two aspects: index structures
and non-index structures.

Secondly, this paper reviews how to evaluate the per-
formance in multi-dimensional data processing, including the
datasets, the workloads run on the datasets, and the various
metrics to evaluate,

Finally, this paper provides the future research challenges
and opportunities in this field, to facilitate the development
of machine learning for multi-dimensional data processing.

Before this paper, a series of related works are published
in VLDB, ICDE, TKDE, EDBT, etc. More specifically, the
authors have done a survey to summarize the research works
in machine learning for database management. Additionally.
they have proposed a learned index to accelerate the query
processing and reduce the storage overhead as a research
paper. In the process of participating in the National Natural
Science Foundation of China project “Intelligent Analysis of
Astronomical Big Data for Large Field-of-View Short-Timescale
Sky Survey”, the authors have further addressed the challenges
arising from the management for the spatio-temporal data
which is one of the important types in multi-dimensional data.
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