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Abstract Data access is an important operation in the database system. It is critical to improve the
performance of the database system by increasing the speed of data access. Therefore, both academia and
the industry have been devoted to establishing efficient index structures to improve the performance of data
access in database systems over the past decades. Nevertheless, the traditional index structures (e.g.,
B+-tree) face the challenges of the high space cost, the low query efficiency, and the more access overhead
in the era of big data, which is characterized by explosive data growth, massive aggregation, and high
dimensional complexity. Consequently, to deal with the mentioned issues, machine learning methods are
applied to the traditional index structure to advance the research of learned indexes, which gradually
becomes one of the research hotspots in the database field. The core of the learned index is to approximate
the cumulative distribution function of the underlying data through machine learning methods to realize the
mapping between keys and record positions. During the query process, the learned index predicts the
location of the record through the key. The tree traversal operation of the traditional index structures is
replaced by model prediction, which effectively improves the query speed and reduces the storage overhead.
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Learned indexes provide new research ideas for improving the performance of traditional index structures.
Until now, a considerable amount of literature has sought to investigate the learned index structures.
Therefore, it is worthwhile to present the state-of-the-art of the learned index. This paper firstly introduces
the research background of the learned index. Then, we present areview of current research and analyze the
proposed methods in terms of the fundamental and extension issues. All learned indexes are associated with
the Recursive Model Index (RMI) model as a clue. Specificaly, the basic problems of the learned indexes,
mainly include: (1) The basic RMI model that this paper systematically summarizes the implementation
principle, index structure, and query of the RMI model process, and summarizes and analyzes the
advantages and existing problems of the RMI model. (2) Learned indexes for one-dimensiona data,
according to whether it adopts the same structure as the RMI model, it is divided into alearned index with a
hierarchical structure and a learned index with a non-hierarchical structure. For each type of index, further
subdivision and summary anaysis are made based on key technologies. (3) Learned indexes for
multi-dimensional data that all use the same structure as the RMI model. Therefore, only according to the
key technology of indexing, the learned indexes of multi-dimensional data are divided into the index based
on the dimensionality reduction method and the non-dimensionality reduction method. For each category,
this paper summarizes their key technologies, and index structures, and compares and anayzes the
advantages and disadvantages of different learned indexes. Next, this paper summarizes the expansion of
learned indexes, which mainly include six aspects that namely: (1) Learned indexes of other query types
that involve point queries of hash indexes and existence queries of Bloom filters. (2) The traditional index
structures are assisted by machine learning, which is improved by machine learning methods rather than
completely replacing the traditional index structures. (3) Secondary indexes that mainly use machine
learning methods to deal with disordered data. (4) Spatio-temporal learned index applies machine learning
methods to improve Spatio-temporal indexes. (5) Test benchmarks, which provide a unified test platform
for learned indexes to evaluate their performance. (6) Parameter tuning provides a visua tool to intuitively
show the parameter tuning process of the learned index for the user. Finaly, this paper looks forward to the
future research direction of learned indexes.

Keywords machine learning; learned index; index structure; RMI model; intelligent databases
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Bl A EIR T S BV A R, ISR
TINE WA 75 BRBCI SE B TR A Lu 22 A
HSEE R, APEX R S5&IER PM R5IM L,
HAFm R 15 4%, WA, APEX K50 LILE 42ms
F14) R 1) PR 58 i e ek A2
314 ETHEEA RMI BRI

HRFEF, FIRRGIR A EE L
PRIBOR AU A BHIE 43

Kipf 25 AP 1 RS %7 ( RadixSpline index ),
BRI AR A . RS R — keS¢
FUR—DEEBCRM . Hodr, S AR R S5, B
BRI R B EMEE SRS, RSERSIRTA
I ER O R T . EOk, EIREWE - R
HiRZEDN RS RG, KRS MR 56
FIFEAEE . 5 RMIBRUAREL, (AR (ETE LG 5L

oy FLTE X R AT — B R B0 AT S R T R AR
Sk Kipf 4 APV 50s6 %0, RS R5| R
J 5 ARTEURN B RS LFAHRY  (HEZT 5 RMI
B RS R AL RS A0 2k, Al I,
RSZRF LT ART 1 B #K2y 1 5] 2 MEit g, Bifith
T RMI 551,

Setiawan %5 A\ B2 F 22 105X R 3BT e 26 1 45
PR 2 ST B g o A, 3 D) S AR BRI A
R AR R PR 2 w0 R B, AT SR B 15
MALE. 5 RMIBRIAI L, SR 25005 R 50 3 2
JREG], AR A E, H 2 (B TF SRR A
TY 2B, HERIE R T 30%~40%. 3%
JE ATl BRI S AN, 20 R AT
TP BECIE —A, 1 RMI B RIA K r 2
Bt B, P OB A 3 AR . R
TIJ b 35 5 476 0 12 AT RV 970 {1 e TR 2 o) AR S
GYBERVERY . WA, SR TR B 24 A O S A
R MEASE R AR AT AR B R AE
32 ETIERRLEHMESI

H T RMI LRV o3 R S5 M 52 0, 5 ZEI R s
RZHKRZ, BARIYIGEA B, R THER R
SR IF T RMI BRI E A 2072, k]
R A 2 R RG] BT ARR RGN ER
SR BRACAL SRS 73 P2 . B TR AU MR Y 2 > A
R UREERIA fl i 2 > B R
321 AETBIAARAR S ) BV R T

RM I B A (AN [] )22 22 T AE AR AR A, T JR AR
RISt B ROk R, BRSO
BRI, A TR 2 [ AR, — S5 AR
Pt 7 TR A AR R Y A ) BRG], S PR AR A
Z AR Y, Ny B R AL R G I PERE.

(1) AIDEL &3] ( Adaptive InDEpendent Linear
regression models )

R T IO R Z R AR OC R, JTRERS 1R
Bt Ry al i e, SCBURIFE R 1508, Li 5%
B T —Fh 3 0 0 7 28 Pk [ S A% R AIDEL.
AIDEL 5[k LPA ( Learning Probe Algorithm )
MG 3 A 9 38 ARG 3 2 I Y. LPA Rk ds
43 A7 AR [] B AR R 43 ) [l — A3 X SR BT
B KNG, IR US> 70 XA R R R 22
AN 25 8 A Sy T AR (R AR BT, LPA
T AR A (AR R R RS, Hirr PR RS
RT3 56— B i 5k, (E R I B A g —
ANREE. AT SCRER S TRERE, AIDEL R5ITE
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A BE CHE-EAAEXT ) 5 E B T — A HE 51 3%
g5k, RERABOGIHRAMEdE. T AIDEL &5
il B REARL A ST Y, BT DA BT ZRae R I 2k
B A A B0 X IO AR AR | TGS S i HL A e AR AR
T U8 /0 F DI SR B B AR . Li 26 AP s 3%
B, AIDEL R7|5 B"WAHL, fHAMRERS T 1.3
3 2.7 4%, EWPEREERR S T 252, 5 RMI ALY
AL, AEPEREA 2, (A2 AIDEL K5I REW A R
SCERATY R

(2) Dabble A

i 4 NPR T Dabble B, 5] 45 4 4n
&l 6 Fi7R. AR A HE RN 1 58 R A K-means
BRI BARER AL k XK RIE, AalTE
K AN D3 bR 28 X 45 2 20 BOE 1) 40 AT, KA X
Z R AR ST FESEATRETI 2k, Dabble 55 R1K:

B U ) B PR BRI A B B 22 R 2 R, R
R R Rl ) PTINRS . e AR BRI A, A5
A LSM REETGER () AR SE B 5. 24
AHEEIS, BB A — B M. #7%%
AR —E B, WK S A7 i Rt — U 5 5 2
FARE BB 73 X SR, BRI k% 0 XA AR R,
N T AR 2 [A] EL AR SRS, Dabble 5817 N
OIYEIN T —ARTal R, A A TN 45 R AR X
b4 €7 v SR E S A S I o ¢ il | 4 Y BT
FUH BN R A A DT 0 o2 BRI, 5 I 2
FrA AL, TSR AR R ] R T A
NP 952, Dabble B8 fYAF PR RE | 4 A
RELL R s AR B0 T BT ALEX K5I, {HE
Dabble B YR 51 P AEZ 7 X B A BRI, 0 XKL
g ZlHE LD, AR TERE.

Fikbsn YIGREER
WA
H EIRIBA || |
v | —— ek e
| R | {a ﬁ(ﬂ )
: 4 ¥ BRBELE oo 2]
R X R ; % B . ;
: #HE
EnEapeal) * | Rk |
b T ] "~ -tree ),
ECNEPA | HHTUI peion
f | T | |
. — g x
[ werdisunsie || —AER AESPIC i ofn | AR el
it A T

Kl 6 Dabble fi%l

322 ARBIAUARAR Y ) IR T

Li % AP T — o 224 S AR5 ASLM
%71| ( Adaptive Single Layer Model ), %Z 51 7E 5
X153y v 2% B8 T B Z Rl R BE B HLAR ML, ASLM
RO E et AP ARAR B Z R A FE Y, JF 4R
B W Y A7 A T A . SRS, SRFERT A& AR AN
YER R W R, IEORUER] 4 J5 B B4 4 X R/
AN G E (R, AR K T4 A, U R R
gy, Ja, AR XA gAY, Gl sk
TR /N RIS KR 25, T B AL 20 47 —
2, MRS RMI B — R T4 R4 2

NT HE AR, ASLM S TR R 4k
— AP AR AR 22N T TR R
2, W EBE ARGE; &0, FEAEEZWNX.
RGE P IX I 25 8 BUAE, DA B IS 75 2 E R 2k

Xof o7 B TR A A IR 22 | B/ MR 2E
e RARZE LR oh X, XTI R, BREA S
AR iR T R S B 2 N s T B2 U Bl
Xt T4 A BR B, # ZEAG A TR 1 A 43
X RN 25 FE, A IX R/ R ()
mf, TEEHS (A BRI, Li 5 AP
SEES T, ASLM R G| B UK BE H RMI A 4 vy
T 50%. FEAREMEhA TAEfR#Z L, ASLM &5
HAMERE R E.

33 ETHEGZENEIRES]

SRR 2 S RSN ) 5 A% B B T R A S A A
e, WFFE BT T WRP A By R S T A ) A
R HHERE.

Hadian % AP T —Fh 3 FWA2 £ ( Shift-
Table) A7k, 38 e B 2k 4 IE BRI R 2% |
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PN R RS, AR AT > TR ) 5 % B RN FLARE.
RS — AT, RPAEME T 0 B &
P A% 18 DL K ELA AR [a] T 0 47 ¥ 1) 2R 3 | e P 5 o 1
T R RN 2 B RS | S5 an i 7 s, Imfs 3
52z S iR 2 ) SR A B ST /Y, B2z > B R 5 ] P
TR RHAMBE R, Ml mER, #
) RS Reng P i psl /N T R 2, HE A v
Hadian 25 AP 5286 22 00, 8w #% 26 1) RMI A5 A5
MRS Kol fEAfitERe LT T 15458 2 f5 2.

B
K7 e B+ f

Li 25 NV AR 47 T 28 > MR B iy« 24 2 " fig
J1, BT —Fh I T R MR R R R G 2 ST HE SR,
HESRT] FR A s ) RR S, XA 5 T
Gl e I BRI BT diss . Bk, HES
ARG i A e T A AE E T PR B Bk AT Ak
AT, RAE/MER K R E B bR eR . 1A, £
X RIBER A, ZHELR L ToRFERR, it R
FEBRE M TR T4 2, M4 2 S R 51
ZALRE . EPXT A TAE TR, F ISR M
W&, WF9E TS5 R IR S Y ] Bam AR AR, Li 45 A
FISERG R, A AT THE H 1 2% o HE J0K AT 24 ) L&
5] (RMI, FITing-TREE F1 PGM ) it ) 2 i i #1255
T 7845, TEHASMEENET, B EERR T
1.59 fi%.

34 —HFIRRI|FEMIEE ST

— Ui ) R G| E B AT IR . IR 22 PRIE
LK T B B E 45 7 T RMI B ELHEA A4, B 7RI
INRZEFR R GIERE. 2T LR, AR
Slahkey . BRIy AR IREE, IRAK
W& BEARYEE YR DL SR S IR B X 7 AT TH A
P — 4k S RIS HoR st e g 1 poR.
RGO MBRERE S5 AR, Hik, A
TR, M TET IR, R 1 PN
HIATREREULI .

(1) 2> iR

H AR Z 02 RMI FBRAESR, RMI AR

PRSI, B EJR (HUBERY ) i T 28 o 25 0
NJZ CHpTa)JZ RS ) fo g A A 2k [ DR AR
P T 22 0 285 31 R A A A L B 2 B 0 1) A
o, HCRPERIEER A . I, REERG1T5
LR LA BB R, SR 18 i 73 X E AR SRR 4k
PERERSATIUINORS EE . BR T SR I BR3¢
PR B K B 55 2 M [T A B 24 19 1R BE.

(2) REMRIE

AR T I ABOAS 31 58 4R o, T A7 R S BR or
BZRFERZEE, MR TERERFER.
RRZEL R, WIRKSE A H 1 R fa], S EHCE
ARG A IPERRIR T B B R, 5 BRI R 22
RN, — Yo 2] TR G| YRR 22 K T iR R e i
BAME (Bilhn, BRI DXR/NEE ), il BUe s R B (E
RS A R R 5| R IR DL A9 AR PR RE.

(3) fii AR

SRR L E DI 2 — R A A SR
— e T R B — S8 B R A AT R s o
TR S ARG, G A S s S e X e i
B AR . PIRPOTIEAA L, BNE LS5 Hd
AR EAL T R i ARG, R T, 5 A
SR BN T 2= [ 7 il B K. (H Galakatos 45
NS 0, A b ARl A SRS A A (500 e
TR 22 HR AL/ NS G0 R PERE A, TR R AR R
TR ZE BN BUT it HuAef A SR 23 PR Y
WIpRAc s, RRFE/D, P 28 3 00 i Y Ko
A, JF B Ry A ] TS A AR, T
JE T E RN ST, B DL Gl i e ARG o
e

4 ZHFIRRS|

Bl — A2 ] RGN R, 2E 2 R
GRS TN E B2 R 6L G N S NP S
TE. P2 BRI AR S R R EEAE LT =
A LT BRI 1R 5 CBiTn A SR
Kd RO SO A SORII4 ), Sk faldal 4y
MRS (Bl R B R A R AR (AR5 ) LR T
e S 49 22 51 15%5%) ({5 4 Z-order 14k | 75 R A i 4k
%) BRI EEREAR, WLGEZ4ERLI45E
A LUFIPLAS R 4, BN, R WA EAE R — 6
H A5 w5t 1) MBR ( Minimum Bounding Rectangle )
R, BRI, B4R, 24 Bk AT
FBRN A ) AR R NXER. OB 25 5 24 ) A
P B0 10 o3 A REAE 1T 22 AR K 2 R 2R BLTCIT I,
FLHER FH RMI AR RS 22 2] Z2 4 500 19 SR8 A R K
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F1 —HFIBRI|LK
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fard g PIZMA
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RMI7 Bty ORRy IRAER RREE A if:ﬁﬁ Jr A AR g?ﬁ?ﬁ B 43 XN A B
- FUUTER S msons g
_ BB S5 2 41 %
2% vp X 4 FEE R R
) Btk g3 B Ae AR A 4 R PaorIX, T EH
ing- 04 RHBZEH U0 e e S ATk 3 HE e SR 15 1 g
FITing-TREEW #IE 451 RNERES - TS sE S i sl 4 47 - [ %%—ZE&ETE’J e
TR SEHE R
BIGRE5HE, 29 Bz iRELR,
L il RS
ALEX!™) JRRG Y BRRIGy );;J.E AHEE  GAIPMA ;’;Eﬁzﬂb FRIMBRL R RMIAERL TR A A 6 i 1]
- B i R K SRR
i, R
R A T e uil| Ay A R P G 2 A 94 B ) SR
3 2L LR o
PGM KA RO o p g . M P ek, o S
23 (AR T 4
) MR /s it T K i A 4% RERI G54 52 4
20] 3} I 235 44 4> A5 LA B
LIPP! BOESH  EMCD - i A - 43 oIS BE T
e myE| S AR W4 o B AL HERIZE R S
21 RGBS S E A ]
XIndex BN LR - yNLi) A R HR A5 3% P P
AT B, )
] /\ll{_i N =5 /“c
RS E S5 ﬁ%i R WewE X AR Ritie RKiTie B R, A Tihiﬁ
fiifE . 3
T R
e myE| BIPAIFRK i fEay .
[35] g‘/_’étz j:f\ B 1 ey w?jl‘l i 7 wﬂ i BEAN TS
AIDEL FEREWREW TLE % - e L AIFFlEE R R AR BRI E AR AEDRE RS
SRS GAFPRIN FEHI M BB 3Z 43 X
36] ZIREEH k- Mg 0 T AR ST
Dabbléel EZKEH k-means MM AEE  LSM W o LI T A ik ST —
) . ZEpIX _ 2w DXXF R A 2 4 ] B o
[38] RG] LB MM RS 22 0 X3 LR AN 5
ASLM R UL Mamg ARE A % i X il — R TREHNE B AN
TRIRAE. fnlEl 8 pirzs, AR LY~ ] 24k CDF, A o o
S - Py ] .
DA [] A 5080 22 1) v e 2 AR ) g i S . (HR L o © 1@
A R () e S ) 5 i =2 ] B S B i 25 T REAR G, eeo o ‘ %
S AR 7 R AR ARG HOH , A2 . o o IR -
PERE. SCHR[S6] B AR L T 24k M|, R . o o
AT A AF 5T TAE R I B A 48 2R RS2 B 40 1 o |
JE8 KT 242 S BRI MPFR IR T A1 . o |
TARIT e T AR T RMIBERLAY 24 K8 %4 COF
WA TR 247 2] TR G H R AR RE T
M 8 S b SIS o35 0 N . .
Fit )7 sURE S ORI B TPREARTT AR o g MUk i | L T2 Bl BT A i 24

51 (4.177) MAERELEDT ARG (4.279) HATH
HURLEAS, HNZ A EHAT LA (4.3795)
41 ETREERAANFIBRS

XA T7 SN Z YRR B B —dE =S [h], M8
— YR Y 7 SR SRR ] AR B N Y
AT, R T R A7 R A 2T BUR T A 3 LT

(2R 5 R T4 4] 4 R 5
411 TR ES]

Lio 25 AR T — Pl 5 Tl 95k 10 2 22 o) AR
25| LISA( Learned Index Structure for Spatial Data).
LG SN 2 B S R0 4 R A%, R4 R
MRS ELICA T s SR5 , SRS T4 DUAR I B2 (L ebesgue
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M easure) ® i) vk A i oR BOKs 22 4 B % Ak Bl — 4
i A, A3 5 B0 ek B — 4E 50
AN MG R, A — 4R E B B — A5
FID . R TR RIS R, RO pR KSR A3 B
AR EBE, % —A R ER AR B o
HC 2 AH N G R DU, SR B AR R T Y
—YEAE, IR — R N A T E. LISA RERS
Ab P P2 1) A KNN AR if), 7EARPE KNN A ifj

% HI#% 5] 9455 750 | attice regression model Y™ KNN
AL O F A T R T AR . LISA oS24 5T 4
A« 240 A B I, 38 A A P B Y o k.
SYETRE R DU, WA ESE R R T, A DKL
o4 A BIRE N A7 L N R R S A A BRAEAR L,

I, AEEGR. Li 2 APzt £, LISA &5
PR TIRCRE R T R Kd B, 25 ISR T R,
W& T Kd A4

412 FTasmEr L gL

(1) ZM &3] ( Z-order Model index )

BExtas ) 5l , Wang 28 NP T ZM K5,
RS R Z-order 12k 530s 22 i i Ui 4 Ak il — 4
A7) Z-address. H:rp, Z-order fii£k &—Fhas (] 1
g, e LUK 2t aas m e, HrA
A ESCB ) 3 — A2 (a) L RS 22 4k ) 2 AT
— ME—AY KL, B Z-address. [RlfF, X AL AE
s DR UE = s Z B A R/ R, B — A5k
P W BEASYE BEHR T 55 — D BUE BT, B XN B
Z-address t— & KT 55— EdE. it T SRues &
2k 11070 BB A TR B 40— e B ) T T A i)

W 22 AEE I e 40 il — 4Rl Z-address J5, ZM
K5Ik RMI BEAH L £ B B 2 & 5]
Z-address. o, HEE A JZ Z-address, i 4542
Z-address 7EA JF AL TN B . S T AR EKS
Wil E, ZM R5IFH MBS J# (Model Biased
Search, MBS J& /A R 1 —Fp AR (R 7 v )i F T A8 4K
ZM E5| 454 Z-order 75 [ 1 4R RMI AL AL
Hiufgp ok T Zo ks [ BUR YR 5| . Wang %5 A8
SERFRW, ZM K| 5SS RGN, TEAf
P BB FN 25 [B) JH #E L 3945 20 3R e, (H2 A b 2
AR, ZM R T EE R A K i A A Y

(2)RSMI 5] ( Recursive Spatial Model Index )

KH Z-order 1l 2N 22 45 e 5 hl— 45
B, HARBEMAC P2 B, (H R R —
Ae B o A AN 5], AHAR A —HEEUE 2 18] F] BB A7 7E
BRI, S RPERE. £FxhZE, Qi g A\

T RSMI K|, BERMAME R ELEZ
B, BRSNS (Packing Strategy ) 244 )5
Uy 22 4 B8040 25 1] e 5 21—~ A% HE )P 23 1) ( Rank
Space ), AR JE AR EHE B x AkBR Cy Asbn ) X s vt
THER , HAHER AL EAE B 2 ) x AadR
(yA6tr ) . B R AR e 2 HEp s s, AR
25 [B) 70 i 2 AR MU 2 () Bl i i 2 (B, AR B8 %
(BN B AT HE Y B HE 58 e 19 23 ) £5 i 44 BRI
RS 43 B E /s, s, RSMI &5 R A
Z ZEHIEE MLP ( MultiLayer Perceptron ) 2% 2] —
AeBE B A, Horh, BOAVE ACRREE, D R AT
VY 1D.

KT REREIIAAY R, RSMI RIRAT
16 5 30) 43 B 7 AL PR B RS, B 5E, RSMI K4k
PRAETEAT 0 X RIE, EFXHEEA XN,
A KRR A, 4k 2R 5343 X, H i H A Ti%
AR O T IERE R A 2R, fE RSMI Y
o )2 A5 2R e e S D D) A RS 7R ) A %o sl
HEATRI 5>, RSMI REMS AL B S A1) . Vi Rl if) LA S
KNN 21, Jf4& T AR A1 5k, R, RSMI
B A% A BRAE A 5 M BRERAE , AT 18 A BRAERT,
R AR AR b, A Y ErR e, WA
HFT I HOIE I AR, SRS 38 U M TR A AR
AP ACHIAL. RSMI R 515 ZM R 512 A 25 1]
B &S TR dEab B, HJ2 RSMI R 5 1RHHET
ZFEEE AR, 1S —4EBUE 2 B W R B N34, Qi
A N\ seae Bl RSMI R S AR PERE AL T R
BEF ZM R 5| — A B R DL L.
413 FETHIEN SR

B w23 A 54, Davitkova 28 A3 4ty 7 — i
WA R 2 42 > 8% 5] ML ( Multidimensional
Learned structure) . 5 ZM &5 H1 RSMI & 5] %
75 0] 7S i 28 2 AE 58 i AL B — 4R BUE Y 7 AR AS
[, ML &5|RHZ4M T iDistance 77 41 75 1 1k
1TREZE. ML BB 25 IE 9 s, K| EZHM
ERATF A . BRI R — S E A B —
A2E IRV — AN P B A . S HR L, 4508
—H{AEFNSE S, ML B HEIHTEENS %S
HERZ m IR R, K 55 % SR AT 15k
W) 53 BN 2% XTI A X s SR, AR S 43 DX A
i DL RN B 5 TR 4 X 2 2% R (A 1 R
THE A B — B E. o XRS5 24 Ao X
) e S AR LA HE P A6 S T e X Z BT e R 2
3RS ; 5, R RMI R R 27 5] — 2R 1Y 4y
1, T A AR R PEAR L. 5 iDistance Jrik A L,
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FETF R4 T R T Bes A S P 2 4E 5
R 3PP 7 i AN BB NS 38 40 1 FH D s 22 24 2540 2 R] 1)
SR R, AR TINORS BN R, S T AT
127 ) Z2 AERE 10 o A RRAE , ARIBCE Z2 198 FIfE B,
HA TAEWFSE T HAERE LR Tk

(1) Flood 5|

Vikram 25 A2 4 T Flood &5, & & —Fh N
fE Rtk 2424 > 7&K 5] . Flood & 51 3@ 1t [ 3l
HERAE AT Je) 2R 7| 25 K0 Sfe 3 I AN [m] B9 5040 A A A
W2k, Flood 51 RS AWK 10 s, BEAS
BT BERIIE LR B B, L, B AR B B R BB
Jay . A JRARAL DL R B WA s AR B A T A i)
PR, QIR . KWL R E R EAE. T E RN,
FEBS LM B, Flood &5 T PHRNAS [H] A £ 4 A
Jay, A R S AL B A (4 AT Je R X o S i 1) e T
1k 5 ( Flatten Layout ) . FF0 AR J&#f e LA—4~ d-1
ey Mkg L E T d-1 Qi JE b, SRE PRI AR B 4k
XA AT HE . o, AR B A RMI AR
R, o T EBRRILAAG R (g B4k
N7 12 35 B R 43 1) B i DA R 3 45 WA kA 0 HE P
4t ), Flood ®5|& it T — MU EIAY, 38 BENLAR
MAEEI Gk SR g e A . FEZA I B, i
TR A AE 1R 22, Fik, FFZERZERIERE
BN PATAIE R, A TN R, Flood &
5% PLM # %! ( Piecewise Linear Model ) £k
TR, BARH, PLM MR HE R 4E ) 8
2E 2] BRI (cell ) 1) CDF BIRR AR 114 B
.

Flood [1)—~ i ZE L At 2 Re 4 4& B B 4544
P A [] A s o A A i) TAE 4R, i HAh 2
Y2 2 T2 51 AUR) B 19 53 A R A AL g2 o) B

B, WA AT TAEf AR, Vikram 28 A0 505
#£W, Flood K5I EREREEM TG 24 KT
30~400 £i5, HIHFERDIINAESS (],
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| ERAMERN
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CDFs A
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FESHTBL

AR

[
BRI EL
[ 10 Flood R4 444

(2) Tsunami &3]

B o AR T AR B ORI 2R 5 ] G R B Y ) R
Ding % A\ Flood J&fi 42 H T —Fh#r i 7 R
BE b Z Y2 2] HIR 5] Tsunami. A T fifk ok $5 i fii
R, Tsunami F43E T —Fp e & G e SR #
—— A% A (Grid Tree), @i 2s A1 %4 oy NS
4 DX 3R U/ B 0 A AR AR . R T S M DGR
[a] 3, Tsunami #2 4 T 3458 K ( Augmented Grid )
R I RG], R RO R & CDFs
PIRD AR R IR g M 2 M A G HEfE B, A K
fif vk T J Ik S B G 1R) . Tsunami 2% 75 | 43 2 AR 30 B dis
Fif) TAE R A S LA B A A 2L R 5]
Ding 25 Ny s286 6  , Tsunami &5 | 76 A0 i) fig
-1t Flood #2172y 6 £, &5 K/NE L Flood /) 8
%, S5 ETIM L, Tsunami 25| 76 2 i) 8 B
23 A 3 2.

(3) SPRIG & 5| ( Spatial Interpolation Function
Based Grid Index )

Zhang % APPSR UL 1 47 {1 R 50Ok 27 2] 25 [
BARR A, 21T SPRIG K|, %KD RAEZS ]
Bk b A N A, T REAS B AR A i AR
PAEAGEREL, i A A BICH ID. 4 — a8
() A TR, S o s ) 4 (L bR 50K AR B 1Y) o U
i Ra, ERTEKXMHRE, ddr—"1REE=
S ERAERAETNE. SPRIG HIRGI 4=
ANERG : —A nxm K/NBY RS A Ry . — SRR R L
e 5T [ 4 (E bR R 2 2 AT . IR R A Ak
T W BT 1D R IIA% BT 55 55 — 4K
s 1 sk DA T 7 55 10 SR AR, SPRIG R Ab
PHYG AR i) F KNN £ 3f), JF B 1 T —Fh B T AX A
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(Pivot) BYJ7 2k il iF KNN 2 i) 9P fE. Zhang 45
A8z 20, 5 Flood FMESi2s & a ML,
SPRIG 7E#r i)l B I (5 A R =AM -,
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FEIEH N SPRIG F7 LA A — 1> nxm K/N A%
I Flood AN75 2. SPRIG ML 347 T HAR 5 1 A i vk
RETT LIS HA-AE R RS, T ELRENS B 32 ) 2 B0
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43 HUEF SRR
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(1) Hep X XA 5, 2 B4

Zy R R BB A R NI, TEM S 2 4E
ABIRGIZHT, 5 EN SR HE Y, HE Oy
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Background

The speed of data access has been one of the concerns
in the database field. The most fundamental way for a data-
base system to gain access to the datais via scanning all the
recorded datasets. However, it takes significant time over-
head in this way. Therefore, the index structure is proposed
to improve the speed of data access. Although the index
structure can improve the data access speed, the corresp-
onding storage overhead increases, especially with large-sc-
ale data sets. Subsequently, the subsequent research propos-
es the compression scheme of index structure, i.e., space-s-
aving by using prefix/suffix truncation, and dictionary
compression. The traditional index structure (e.g., B+-tree)
faces the challenges of the high space cost, the low query
efficiency, and the more access overhead in the era of big data,
which is characterized by explosive data growth, massive
aggregation, and high dimensional complexity. When the
dataset is large, the size of the tree index structure even
exceeds the dataset itself. At the same time, the number of
intermediate nodes to be traversed by the tree index structure
during the query process increases, which increases the query
overhead. Whereas, the compression scheme of indexes has
little performance gain in the big data environment.

With the development and wide application of artificial
intelligence and machine learning, researchers have found
that artificial intelligence and database systems can be mut-
ually beneficial. Therefore, it has become a hot research
topic in the database field to apply artificial intelligence and
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machine learning methods to the database system to improve
or replace traditional database system components to enha-
nce the performance of traditional database systems, such as
query optimization, and index structure. Based on this, lea-
rned indexes are proposed to solve the problems of tradit-
ional index structures in big data environments. Learned
indexes use the underlying data distribution patterns to
improve index performance and enhance data access speed
and are one of the main applications to improve database
system performance through artificial intelligence methods
in recent years.

Learned indexes provide a new perspective for impro-
ving the performance of traditional index structures. In rec-
ent years, many research results have emerged around learn-
ed indexes. This paper summarizes these research results
from the basic and extended problem levels. Then use the
basic model as a clue to connect all the learned indexes, and
classify and summarize the learned index according to the
characteristics of the index structure and key technologies.
This paper aims to provide a guide and help for relevant
researchers interested in learned indexes.
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