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Abstract: Index is one of the key technolgies to improve the performance of database systems. In the era of big data, the traditional
indexes, such as B+-Tree, have exposed some limitations. Firstly, they cost too much space. For example, B+-Tree requires an extra O(n)
space, which is intolerable for big data environment. Secondly, they require multiple indirect searches per query. For example, each query
in a B+-Tree requires access to all nodes from the root to the leaf, which limits the search performance of the B+-Tree to the data size.
Since 2018, the combination of artificial intelligence and database has given birth to a new research direction called “learned index”.
Learned indexes use machine learning to learn data distribution and query load characteristics, and replace the traditional indirect index
search with a direct search based on fitting functions, so as to reduce the space cost and improve the query performance. This survey
firstly systematically sorts out and classifies the existing works of learned indexes. Then, we introduce the motivation and key techniques
of each learned index, compare and analyze the advantages and disadvantages of various index structures. Finally, the future research
directions of learned indexes are prospected.
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Fig.1 Layered models in RMI
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function) & Bl 73 A5, R 5| 5 W B 2 Fios FITing-Tree K 2 HER B84 12 0 [ &1l 43 1 2 4 Bl (segment), 5
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I, FITing-Tree #2718 25l FSW(feasible space window) 7 ik 250 LBk B O(n) I 18] B 2% B A
O() == TR AN b A, 1% & 51 48 H = H38 \ (out-of-place insertion) 35 B, 75 &5 AN BL P B 7B — A il .8 R/ HI 2%
P IXLPE G X 2 5 G X B0 5 B I & O BT IRAT 70 BY VR SEER R W FITing-Tree R FRZEH BH#HIK
4 NECE R ) A AR B AR 050X 2 5 B+#AH I 1 2 R 1 B8 L A1 FITing-Tree F A T B-+p 144 1 i 57 A g
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Fig.2 Index structure of FITing-Tree
Kl 2  FITing-Tree & 3| 451

2) BiHhIEA (in-place insertion) KBS, ALEXPUHEH T 55 —Fh SRR N 10 J7 52, B LE 15 250 (¥ HF J 2504 o il
AR 3 FTR, B T BN AN HT I S I, Sl ae e AR TR R T A5 N (7 L SR S IR I
BRIV 3B 4 N\ P R LE X AN AL B AR BRI 7, 9 B AL B 2 — AN 2 B, T B B e N B 2 B b R AT R A NI
Fpt FE 1 U, B T SR T b s BB AT R TN (0 67 B R b D R A AR ) A RN A R SRS R T () 7
BAIEW,ALEX AF 18 208 2R 48 B0 v i 104a A\ A7 B RIRE, 0 R4 N A B 25 B, 8 4 FRATT BB 7E A8 L4 N
Bt G SR N AT A 2 s R, T e o A R A 2 BRI U ) B Bl — AN AL B LR B N AL B T B B X P AN SR
WA BA T B NERE R TE T 2 TR I BRI BE. 5 HIRE ST R 511 3 — A X2 ALEX i H #5450
1% (exponential search)® 8 /482 ,iX & T8 ALEX " ()35 T 1557 (1) 25 38 50 25 5 V& A IE 1o B B3, e LA
i 4 = 0 M A8 T AL 75 A ALEX I8 HR 4 ] PMA(packed memory array)P2E S 25 [ 3 20 1 4 0k 7
% PMA Hefig $2 At L 25 BB B AR 75 I i = 4d A e
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Fig.3 Index structure of ALEX
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ALEX #2 H f# I 3 & RMITBE2Y, in & 3 frzs . ALEX B A 8 2 F1 AL & — AN W2 RMIT A BUAE R AR AL, DL 2 55
T4 87—~ oF L F PR R BT A R T 2k [ S A Y E ALEX Hp Bt 5 2 B 5 2 v 4 N 2 0 3 B
(1 7 PR AR 2k 2D B N 1 BB B 2 T . 24 2 B 2L 1)k ) R IR, 7S BUROAE 4 TR AT 40 24 TRD IR J8 Sl et I %
TH = 0 R R AR Sy A B Y I 7E 2 2L 2 ) R B 4L b B T I R R A N i TR R 5 )RR 2 ST R 51 A
EL, ALEX K28 AR A BR AR T 3000 135 45 2 30 ME REdR 0 17 2.7 435, RIS 7 4 N B 1. 55 BHIHAR BB, ALEX K28
AR BRI T S MNEEF G BRI IR & T 3.5 %, 1 B4R AV RIS TR T B4

AIDEL™UR A5 FITing-Tree! 2L 2 51 454« 45 (AR AL 4% 22 A AL T B AR 3% 2 1) o B RV, B A T —
49 X530 2 4\ g AIDEL 383 512 5% 45 8 B HE T 512 (AT A1 9 v H 3 Sk SR N 244 N\ 37 888 B, AIDEL
S 3 TR RL R B B AR B AR K B 4 N B B AR AL B 17 A HE S0 b T R S R i B B SO BT
DA NS 2 B AR AL (115 2 R I 288 FITing-Tree 45 #4) 1 T./E 1645 ASLMP*H1 PGM-index>!, /1 ASLM 1 i
T AR B0 o3 B B, L A0V 36 I 1 32 438 4 N 542 s R B 4 4 P A R

3) #TF LSM K3 A S8 58 A K48, PGM-index™ M £ AN J7 i 4k T FITing-Treel'™. & 25, % F %35 20 BL,,
AR H A R B IR 80 A 48R 4 RAR DL RE $ R b A 2 B VAR AR FITing-Tree W 9704
10, T Rl BV OB R B RE 05 IR A5 SR A 10 2 B4R M AR IR BRLAT O ) 1A S5 PR B T 20 0 B Lk, 0oF 1 4 R A
B ,PGM-index $2 i £ LSM U2 —FE4edr $o o 16 B — R YEd — 2 2 R 51, RAE Ml & A I 557 % B 1
FEAL A PGM-index B4 H T HE 48 FIBE AL, 73 ) Ay 2 s S R0 A} 2 B T 153 R 48 3G o, bl T 4 2 R )
10 T4, AT F L) 2 I 78 00 R 45 7 P22 % T 856 PGM-index & [T 1E T R4 1% PGM-index I8 42 Hi
P s e 7 N [ s N i e S 1 2 s S FRR N = S I /i R G e Rl o
J& ,PGM-index 5 FITing-Tree it — A3 [F 4 &2, 3850 8 LA BLAL, & AT 0T CAFE B F P A s 194 40 B B oK i
ZEWRME ——1% BUE 39 T 45 58 Fe K25 AR AR 08 B S A1 7 100 M e B 25 36 A2 40 58 e 25 2 0 1 R i B e/ 28 TR
M. 325 3R B, 5 FITing-Tree AH t,PGM-index #5 2= [H AN BEAIK T 75%;5 B+HHAH EL, PGM-index 1 7 1A F1 56 57 14
Rt 1 71%.

4) #E{E % (interpolation). 53T RMI B 4544 () 2% 31 R 51 41 bb 43 FH 43 BR 2k v R B0 & B0 R 7 5 $idis

(spline interpolation)®®1%% 7] - 73 B £k ¥ b5 % RadixSplinel M F A% 2% 4 2 V2400 & i iE , 34 FH I 300 (radix tree)
K2 5| B 4 Setiawan 25 At — B B 7T T D) Lb &5 K 4 {4 12 (Chebyshev  interpolation)*! 1 (1 1. i 25 4 {f i
(Bernstein interpolation)*17F 22 >] 2% 5| o f) b7 Fi 140,
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5) I REIEGEW. Xindex % 51U 4 T 7R) 78 v i 15 A BB 0 [ B8 5 58 T R 51 s Mk tE 52
B0 AR [ 1R 2, 6 4 0 2 (R A Y 5 0f o 1 00308 A7 ik 7E ) — A B30 25 7 o B R 41719 2 (group node). 5
FITing-Tree. ALEX 1 PGM-index #H[E,XIndex FIT A A5 B #B 44 A 28 o [ )9 #5284 b A8, XIndex HAEH T 5
FITing-Tree A [F] (1) 5 Hhu 4 A S8 W, 448 N I 2008 A2 i AE 28 i X o XIndex ) — /N SR a] LA 2 /N2
(] YA A 2R A — A T 180 L 1R 22 AL B A 4 v IX v () 80 5 9 B HE 3 5 v 3 BB ) o KR 22 i iR
22 B AE, DU LE 2015 R P b AT AR 20 o 3R 2 A 20 B ik B0 4 e (A TR i b 5 U e A 29 i 4 2.

MERMI
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RE= (L E1VAHERY)
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481 482 63

Fig.4 Index structure of XIndex
Kl 4 Xindex % 5| 4514
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NG
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Fig.5 Two phase compaction in XIndex

K5 Xindex 7 HIPBY B & IF

XIndex [ % 48 45 ) 3 FF 8 JF R 8 R A S A 105 W OF & B U gk B AT R Reu
(read-copy-update)* A, HE O T — Fh P Be I (two-phase compaction) 8%k 3 I K ERAE. 40 E 5 B
AN, WTRGE X R EE A I B HE P B AT I RR 5 & IR BORI B B AE B IR B S L — AN AL I
TR 2% i X VR 4, 0 0 00 4 e A N B B 2 b X b ol G 81 5 Fr i) K688 5, THHE R B2 AN g b IX v (1 4
B A I B0 HE 7 B0 b = B HE 7 S R A A P I IR P S AR T R B E R E SR TR A I
B B, B BT R TR IHHE P SO AN 2 b X R BT B P S i K28R J5 , XIndex 7887 41 Wl SR B4 7 52 il 4k
J&,XIndex ffi[l RCU Jf [ (RCU barrier) fR UE IH HE 5 %5 45 0 5% b X AN T34 U7 1), 9 36\ 52 8 B B 7R & 10 Y
B XIndex #HTHEF HUA T A FREN R B 4 9 BN I id SR AE. B S, X Index  [BIYSTH 4110 A 47 B2V 40 4 11
AR5 2 A TRTRE 43 R A B S 86 45 SRR W, 5 9 R R 51 454 Masstree* 1 Wormhole ™4 Lt XIndex 11k
REAF AR TE T 3.2 f5F0 4.4 5.
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6) I RBIERI S SEws. LI Ak 7 A0 i ek O 7 SR A A 5 e AT A 4K A I Dabblel** 4
2N 40 I 28 AR E 50 2 IR 1 43 B Dabble $2 Hi - K-Means 53208 504 R 0 W BRHIAZ 1 K AN X3,
SR G T AN X 3k, Dabble i F — AP JZ 4 48 X 24 455 40 A 3005 e 5, 5 PGM-index>* 41 {61, Dabble f# il LSM
A FFD S 33 B 37 55 s Ak 3 S AN

7) WLEEIHBINELR R T S, Llaveshi 5 A4 H LR RE B &R 51 4500 A28, I8 FH 28 1 e U3 A5 30 75790
P8 03 1 R U T 2% 5] 5 R AR R TG D 2 30 2R 5 6 T A — L B 2 D A B ) A B R B 5 % VAR
TR N SRS TR A PR A AR B AR BT DU RS T AR ST BRI A A N SRR L TN
HHE T B 2 B 2 (R B, B LA AN AR 2L 0 2 G 1A RT3 22, 2 ST 35 i 28 B 0 — o BRI, FE T VI R A
Tl 33Tl 5% % 116) Bk i A2 AN B A0 P i TR 22 Y B W 0 48 2R IFB-TreePO A REAE I T 22 31 R 51 I BABR TH1E 4 B+
P 00V 68 L0 3L 2R 51 B S WA AT R R R R AT 1R, BN A AR B A B i FH 46 {5 7 2 (interpolation
search) 15 25 K 45 52 B0 G 2 SR 55 s bR A0 R 3 (B A T A 4 o5 rp s A B 18 22 . 15 B+ A LE, TFB-Tree
BT T 50%MEHERE.Qu S AFRH T —F B 5 2t [EI AN IR & 10 2% 51 01,12 R 51 e 42 b 50 bk s
fE (outlier) LAH T+ 2 14 [m] V=VRE 2R (¥ F00 00 K -k F B-+AR 2% 5] B9 BE AR
1.2 AEZRKERSINFEIRS

L1 e 052 20 3R 51 ZOR BOR R Z Bl % B R A 5 A7 if R 2 S R 5| B AR 8l B —
203 5] (secondary  index), W 75 SEKE KM 4% 73 4K B HOHTHE R OF O S0 BTN — SRS AR R R AR L
£ IR HE R AR LSO K 48 B A7 2 TR AN R KOR R AR 2 ) R GIE R 51 3.

0=
=l feim3) ’_A%
/\ : F1E
|
Bie1 | B2 | B3 | Eiea i -
wiEk :
| #3R
|
|
- IICH[II\II =Bl
: E F

Fig.6 Hermit (left) and TRS-Tree (right, character A-F represents the key range corresponding to the model)
B 6 Hermit(7£)5 TRS-Tree(47, F-BF A-F R0 B 1) J& 1 U 36 el )

Wu 5 A\FEH T — R 56 R BB FE B 10 T R 5 HLH] Hermit® 1% 2 51 R A ML 38 22 S AR 2 51 51 2 i)
78R P ¢ BR B A A (soft functional dependency)a< 22 N 6 2 iR, JB M 1 2 B05 35 70 32 10, R0 s 42 1R g vk
1 W7 A6 5 ORI 2 ZRRGL gt 3 5Etk 2 FEMRMEIAax FEt 3 =gz 51,0H
TRS-Tree B RAE L1 51 4514 . TRS-Tree f H 4 ERAF R & B 3 5@k 2 H2¢ &, FHAE M &5k % 5
—HBEH R E B 6 45 BTk TRS-Tree J& —A™ k SO 45 1), M3t 57239 S) MU0k JB M 3 /9 U 3 B &1 4
Ak NS LB B B VA Y e 08 1R B b Al Th 9 R B G 0 2% B I S — A Y 6 R, R
FH RN ALK SR 3 TV B et 28 2 P pg—did 3% - 6 A1 350 2 — 1 TRS-Tree, T35 F£ow
JE M 3 FIUE L E, 7 B A-F 3RJ8 TRS-Tree AR T S B ) HXUAE 5 . TRS-Tree {3 FH 7 32 B (1% 72 BHL(H 2
VBB FIAEAE A S — AN E B E 0 AR X L A S — N S B B S e
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BT BT B R DU i A5 R0 2R

Hermit SCREVE 20 i), & 4R R 00 =20 ¥ 5 76 TRS-Tree H &4, iR [l —41g M 2 b0y B (AR B R AE)
AN — A SRARRTF (B A 2R )5 S R 18 2 BV VR0 N\ AR SR 5] AT B 4R,IR 8] — 20 AR IR i
S A5 P P 0 A5 B D SRR R A SRS R A0 3%, I B0 IE 18 5% 7536 A2 2 1) 117 (query  predicate), 9 /2 71 1)
T 3] B 5 SRR (] SE 6 3R W, Hermit () 75 $R 1R RERS 22 T46 48 — 2 5] (AR S AU e 2t T =R R 51 )F A
FAVERE R B 19 2 £ DA B AR K T P R0l 5 R 20, rp 2 28 R 2B 908 SRAF AR AR A 22 1) AX 4, T Sigmoid bR
RS G BB 2 (00 AR R S T ) R R 51 102 S R 514 AN F), Hermit Hh BB 22 5 192 YA 51 2 AT
KA AR 73 A AL Hermit A WA AT H2 26159551 L (B AF AR SRR BR 2%, 0F H b — M B i 57 7R
3.

1.3 MBEFIRIIBEARRIXIEE

Table 1 Technology comparison of learned indexes

®=1 ARG AN

L7 WA WA NEERS MARE  WAEN  WASE  HMmkk
WA T Q) s CER e RE K& f A H
B T A
FlTing-Tree'™2019) BRI &  fbbEA  sodE: SRR fﬁgﬁg’; S
(23] Y S . EiR:UEGIPN Y
AIDEL®(2019) po attEn  owE RPRE GRS s
1] WZE RMI b e < e RGN e TR A&
ALEXTIO20) gy AR i AR gmasmy 7 des
PGM-index'>*)(2020) (Zﬁ o BEEE oSk SRR ’E*(ﬁﬂsﬁ))\ GoRE BHEG
[41] )z RMI g e lE| il AN 58 BB LECIDN e e A
XIndex'*!1(2020) G AEE ) (4 () @ LR (EMIK) S Pk Bea It
Dabble!**1(2020) &S 12 Y 2% K-Means AN 2 %imsﬁ))\ K-Means
Hermit"**/(2019) 2k kBl )3/ . . . o . B
) K b iy, BRKES RPRE REA K95 e

T 7 HAMRERIME 22 25 JFa 8 T ARRI M AR ZE 5.

P BB T R Th AE L 2R 51 Y AL T B AR A G CDF [ K A4 TR AT Wi AR A FH o 40 1) 28 A5 204 060 652t
T B 20 A B Ao 2 0 28 A5 ) AT B A v A SRR AR T L VI 5 E 5 1, BT AAD 463 FRAS ) 27 30 2 5
NIRRT AR5 22 I TE A, o 2 8 0] U AR A B U R S PR A A A By F B 9%

W7 R D RE R A& B — /N BB T AT R 2 T SRR (AR O 5 575 18 2k 1 [l I A 7R A 2
A2 R LI .

FHE R 23 15 102 i 2 HH 10 %0 00 SREE D STRFR N B AR B 90 BUR A — BOBUR 5 — A R
Xt A T A A BB #0415 2 U FI Ting-Tree! /A1 PGM-index™ Vi F 447 (¥ 5.0 L AT
Ty BOF SRR, B O(n) B IR [A] 52 2% B2 HC Al RGO AS 1) 2 20 3R 51 48 ) 45 2 SR AT LA AT B0 78 B> B rp I 0
iy

BERLR 22 45 102 19 AR R AR 22 R 22 0 R/ 2 SIS S 1) — 0 18 R IR RE W AR ROAR 1) 2 20 R 51 A Tl
Sebh e RRLR 72 BT LAE 1 B 22 A HR PR R AN E 9.4 17 AR PRI — ) B FITing- Tree!"*/fl PGM-index!* ! I il
o6 V5 B 15 252 R0 ER AT BT HOHE K1) 4 T XIndex ™R Hermit!® 1R FH 366 3 45 43 HCHE 1) SR, T SR B5040m B oh Ay Y
R 22 45 B AR, 55 0 B0 I R UIN GRS X Ry 2K AR AT LR AT $AT (H R W] BE 7R 2 2 I GRS 1k e
M55 B T A0 O i o



10 Journal of Software #.A+54R

FER N SRS 1, 0 N SRS A 32 R4, T g S5 e 4 N AL RE 98 20 3 5080 A% (S AR 30 R 96 0 AL 784 7)1
AR IR A 00 0 N 2 SO AR A5 22 R TAT, S5 b 47 N AR W G A 1 A 0 7 B ATDEL M i b5 id s 4%
S (13 L BT fek 47 N PR B B 5 S B A N SR A B i R SRS 1) 4\ E I 2, ARV e A B
it R A LU 2% e X5 A A ALEX PV F 4 R 02 4 ) TC 45 8 P A 4 97 N SRS IR 09 R S IR A T
PRI AT HR AN AN M RE. 53 1 i S ¥ 75 AN [F] Hadian 55 A B A5 FH g b 4 N SRS (R B 204 N 5 AS L B
GRS AT A 7E R B rh G5 Tl N B0, O 7E 2 BRI RS 2R 35 2 i B A N B (R D A R 1 SR
FABerb 10\ R 2 2 I FOR I SRR Bilgram S N 95 31 R G EESL T AR Y T A U AT e 4T
DI

ER AR E SEG0 B A EL A 5 1R 5170 2480 B R fid 2 1) 24— BUCHE o I F) 46 780 A i
T A2 0 5 I 8 2 BRI A R AR 4 2R 3 v XIndex W) — AN 24T i oh vl DA 8 2 A BB i 7E A 2 3] R B
F AN B R R — AR R AR 73 3R 1 [ I e Bt R R
1.4 S5fE5EBHHESIHIXTEL

5 B+ EL, 2 ST RSB TIN T HLES 5 SR DL 2R Bl VR R 2 S &R B BT LLRR WS 48 1 e, L Oc it
ZHRTET
(1) —/MPLES 2 IR Re g 78 75 1L 0 AN X A 2 ) R BT R T @ /N T BRI B T K
5 A AN
(2)  HLERZE IR AR LE )1 /7 58 v PR b K 45 98 BRI 45 /N 21 LB 3k o=l i AT T B S I T A
I G B+ L IR Z B E LE RN R U7 A R, DR AT DL 2 5 AR AN

Table 2 The fitting power of the linear models
F2 AMERMEREN

ARG M A

2T BRI iU B BRI AR LR FANEWIN TR A5 %
8 6250000 16 375938 266 16.63
16 3125000 32 101791 982 30.69
32 1562500 64 26537 3768 58.88
64 781250 128 6793 14721 115.01
128 390625 256 1798 55617 217.25

AR T 7E 5 21 R 51 b i A —— 2 MR (40 45 B 0, M6 Y Optimal PLR SEVER0) i —
Tift O(n)i I8 52 2% B 1 73 B 2k VE UL 45 S50, RE W TR AG 40 58 1R 2200 FF (0 e/ 7 BUSCRE, Il e 5609 1 (AN IES 7
AT BV R BB RS R AR 2 PR ARG B R ZL ST, — AN VE R I o M R = T BT
RIREWRE 5 TR G S BRI T B E 51 AT B AR 2 TR A R A, B FR R R A S R S
(RO AR T B R 51 AR 152 2 R 51 I BRI [A).
[N, 5 B+ A EL, 22 5] 3R G AR AE — BEAMA, B S T
() BRI S A RGBT SRR TS B BE LR BT R A 2
JH L A ] L ) 25 P A R I A8 R S AT /0 A G SR Bt A e DA e A A Y R AT 400 5, 0 2048
RIS I 2 5] NBOR B AR
(2) BRI 2 2 R G ENLA 5 ST ARl Re i 5 25 >0 Bl (9 70 A R A 3 THSRBE R O T AR AIE
S 2R R 0 A2, — A BRI R ) B AL 5 K TR T BB R I B R UL S AR R 2 S RS
e e 48 T B4 2R 51 50K W, Optimal PLR S5 A4 2 2 2% 51 (¥ J3 WUAH 2 T B+ A
P gy 22— L 2R SRR A A O ARG 4 N SO R T OK B R, 7 O A AT
T B K [ R 2 R 2 2 R B I RE.
(3)  HARB ALY BT 2R G A ROZ I KT B R PT BUE AR SRAT 1 I A BOR B B 72
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REARHY . JE e 2 5 7R FT 00 £ v 8 3 AU e, e 4% A7 0 A g B e A SR R A S U B R S
KECKHIAEIR.

2 EEZUETEERNF RS

ZHBE MR —RE WY KA BYEYE R R A TR 2 4 A ) S 2 20 (A A ). X 28 Ak [B] 4T 1 =
R —NERGE AR — RN T2 EENABERFERITEIINRL &8, 2 4R 5 8T m %R
FLHBT R TR ERG A KRET RS, ZEA A LT =R 2 4R 510 AR &5 7T 2 % 4508 SCHk
[57,58]).

SRR GK A3 AR O X, I e X I R 5L A (K R 5 45 M KD WO )k 423 ) DY SR
(quadtree) N THT i) — 4 2% [A)) A )\ B (octree) ® (T 1) = 4 4 17]). 58 - 2R 2% 518 Hidfs 42 X 40 A A TF) 1 742,88 )5
Xt X e FAEREAT R 51,4 R 5 A RO (AR AL 55 = 8 R 518 2 4 25 [ 5 4o — 42 1) 3R 5
1 — 42 1) b 2R 51 SR ) R 45 7 VR A A R ARERR 2% (A B 78 il 28 (Hilbert space filling curve)l%VRT Z 5 i 2%
(Z-order curve)[6607] i e g A AT (1) 7 L Sy 4k B = 4 A 1] B A0, G O 45 F R DLGE T e e s )L B E 5 T
JEBE Y45

W22 R 5 BN B 2 4R 5] AT 5, B 28 ) R 5| BRI A 7, N 2 48R A R RARE T
B — o U A e e 7 R A8 B = 2R R 51 R 22 4 s ] B0 5 B — 4 s ) b AR — s ) B s
1B B X B0 7V M SR T AR5 A 1 1 T SR A 17 B 1Y) 22 4 CDF A S LS 0% 5, 8- B AH [ B S 1
P AT BETE 2 4 25 R HHRH BE AR 28 BT DA, e TH A 75 1 B S5 R 40, B3 U8 80 TR 55 2085 46 /S (data layout) 3 I,
ST 2] 2 4% 5 1 95 5. Sage DB H ¥ 2 (8] Kil 43 4y 22 4k 4%, B 308 2 I AR 3 AT HE R (HUR SO R
o5 HSEILAN T Wang 25 N Z 5 22 b AT 30 38 T 2% 20 ZM R 511 JRAE — 42 () 7 RMIT BAL.
23] ZM RS AW R T R B, 3 B2 AR iz iz /N T R #.

18 25 [A] AR N P B T B R s 1 S TS L AR, 55— Bl LA A 8 5 202 k- BRI 4B (k-nearest neighbors, 7]
R KNN)ZE ] KNN B R FIFE R — SxiEm £ MHR. B2 H KEET R WH KNN & 7.4
TM7,SageDBIS 122 5] ZM % 5] LR A 557 KNN 25 ). ML-Index7" & —ff 3 # KNN 219 £ 4k 51 % 51 &
1 FH PR P 5 5 W S — b T iDistance J7 VAU B S ML-Tndex B S0 7E 2 4E 25 (M) ik 5 — 2 R R I S % 4
HAT 0 X, BA 2% fa AR5 X 1 70 7E iDistance J772: 1, 25 4 23 8] A ) s04 Bl 6 24 1% s 2043 X AP R B 25
For R g5 5 — AN E B RAR AR, T RS 43 XA RN AN [B] AR A R 3% A4S 3048 B 5 3& (16 .ML-Index {3 H
B R TBLFRT X EHS WIS D — 4535 E ML-Index #4187 — A eh ] 52 (5] Y3 B 24 25 B
RMI. ML-Index i /13T iDistance (#1757 3E 34T KNN 251, 34 FH 5 T K008 0 90 I Aol 7 967240007 30 P
#.ML-Index F%5 BT /N TAEGE 2 4622 5] KNN B HEER T iDistance 75735, 5% 3 ZM & 5|14
L, ML-Index 7E — 4 7 [F] ¥ 14 g s 72 (EL A2 75 BF v 4 1) 23 [ P M B TR AL

LISAIE 47 SageDB Ml ML-Index ff9 EAEL & & S FH IO 4 1l 2 5008 AR I 485 B — A W S o 504 S04 ol S5
Bl — 4 73 [A] . B ST BR B0TR BEARAE AL T /NG 5 RS B 7 HP IR PR B S B — S b A T K S 5 AR B T R ) R R
SHE /N LISA SREUT 5 ML-Index ZE 8L 3 - )y DURS I ¥ (Lebesgue measure) " ¥ ) J7 i/ — 4 45 7] _F LISA ¥4
BHn 5 0 B — @ i) o B ISR — AN 4 B M B A BRI 23 v T 84N 73 i LISA & @ sr—A4 R
R B SR T 43 TR T [ 2, LISA 1 5645 )45 25 ) 55 T AH 22 1) 52 0 A%, I AR BE B e AR I Z AR T 2 i 2
AT XS TSN TR LISA A3 P R S5 bR Bl 70 B e M 1] WA ZR Ry s A 7R SR AR 5% 1) DT 6 T+ KNN 8
#,LISA {8 Fi A% - [E] 9 (lattice regression )i B4 173145 & 35 B A5 0 2E 4718 2 K A1 LIS A 38 37 HF 46 A 4F & R U
bR N P 7 2N B A N AR Y TR0 ¥ DT L SR 36 3R B, 5 KD W RIS ) ZM % 51 A B LISA BB IS 22 1) A ]
A (B & RIEBEAS 7 AW VO A5 R BIAHEL, LISA RAT ALK &) /O A4 A7 [ A4

Flood"*4/" & T SageDB H' 3T £ 41 % 5| ffl 4k JBAE, & & MK & 5] (grid index)" 28 {5 i i A+ 4R 0 T
YEAR R, B A8 L3S 2 20 J7 ok R AR S di A5 Jo 6 d 425 18] b (5088 Flood & Ja Xt d A4 R AT HEF7, 918
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HeR PR d-1 HEfE Bl B A d-1 JERRS B8 S o SEAE D HE R 4R 45 A A% S0 I BOE HE P 48 0 —
N Vi ], Flood T S 1) 55 25 ) Vi FE (0788 A0 T2 A1 S 1) 0 6 5076, 9% T £ 501 I A% B0 70 v (8 e 48 7 7 22
9 1) 9 R e i A A 0 O 0 S A LIRS 18 33 Flood 1 AR AT Joy A7 J LA 75 ZERAR I S50, 43 ) 2 A
Y PRI 73 10 ) 8, DA B 3k B TR A ¢ P2 A D e 4 3K 25 2 UR XE T 10, IR D9t AT T I ok T VR 22 AR R e TR 3K
BB YR AELE L LA . RN B R B T IEAN TT 22 . AR AR G YR FEAE W R
T kS5 Flood B SEREHL A B — L8 54 A Ja3, 458 P 5 ol 10 S0 i A0 25 ) 7 3 A B vF 22 IR S 91 Ao P A5
FURRAE I R BEALAR bR BT 5 2 7 ple— A AL SR 5 Flood 3 AU £ HE Fr 4, O A3 FH BR T 1%
WR IR LI ATV I B d AR, I AR RAE d A J5y P a3 AR o8 B8 A e (% (945 =) 78
BEAS P 5.8 A B, Flood {70 B A 1] RS AR 0065 40K L HE P 2 847 HE 7 0 o8l SE 3038 W, Flood LE 22 i 25 44
() 7% 1] 22 5| P27 T8I 40 2 250 £%, 94548 1 50 £5 AL 23 8. H T8 A5 — Lk T L3825 > 10 0 A = 8 AR
TARBOSUAREAIA R T 51 R 51 I3 W, R B AR SCAS R 1+ i

Table 3 Comparison of learned multi-dimensional indexes

R3I FAZYERGINL

B B RBSHRAT R — YA s S A KNN 7 iy A HAt Ak
SageDB!**(2019) IR 4 K1l 43 RMI Kitig NI FE
2L S
%égﬁiﬁ Z I i 2% RMI Rt R
(731 W ) 43+ T e ETRTEABE FHT- b 3943 5 1)
LISA)(2020) 1L DI B I3 B 2 bk [ A A 7R 5 B LESLE DN [
BT R AAE R " X . MLAE 2 SR
[76] 28 | N
Flood?(2020) 1 Gy BLZR M B Y A 7Y GRitie) AR A 7R

3 45 T T IF) 22 4 2 A B 2 31 2 B 6] B b, SageDB MI2E ST ZM R 31 AEH T A 7735, T ML-Index A1
LISA 18 F 7 Stk (1) e St B 280, 110 Flood W3 FALAR 2% 21 5 i U0 A0 B8 A3 J) . 70 0 5008 e S 38— 4 2 ) ) ix e 2R
538 3 K A T T e g i RMI A2 B 2R A58 56 3 — 20 ML-Index Al LISA i 7 Wi 3 HE KNN &
W, LISA B BRE T W] 32 FR B 4.

3 HESEANF IR

Bt S A A2 A B R S N P, ATTAS SCFF BIOAS R 2 90 Bl 2 A T e 1 P 5 SR, A ATT e i 77 1D 1)
B2 G E0 B0 00,05 75 2R 51 RAT O 2N [R) 2 2% FE AN 23 (A R FE AL T B2 51 454 Trie. W72 —Fif
THT 17 " #2890 ) 28 51 4500, 42 P T SCAS TR B GE v (8 R 28 51 ) 2 B T8 2R 51 S o i SCAS S I A 2%
SRS, H AT, 5 1 28 51 R A 2SI AMEIHER 5] O — SEE T AR I RO
3.1 RGMAHERSI

HTWMAZRIAGHE —HREET B A o) &GS, BT LAAS BEF-4 FH 2 57 190 4 8 i, B e P A
RUARE R T LD 23 (A AR M HE A& 000 RS B SR T WG A5 R S AEAE WG A v 9% Il j, 1X 2> S 3R 51 e fe R B 52
I 75 (perfect hashing) ™ #14ji 43 1% 14 75 (cuckoo hashing)™ 153 I 55 77 75 #r A B0 S R B A i 4 gD v 7
o€ Kraska 25 A B 30 ok 2% 50 8 5 90 A AT DA 21 58 47 B0 e 5 BR 55, B R s /b i 75 ph kU 588 1 5 epi g —
Y A ) I S R AN [E), 5 ST e A5 R 51 B bR R 2 B0 (1 EHE 43 A0 35 50 (0 B B 25 e H i G A A L X
HTR B CDF % J8 45 8 1M A5 A/ 50 4 3 B PT . 5 T ) 3 L 2 10 1) 2 ) R B M R, 2 ST s 75 R 51 4k R4 P
RMI 5 B 25 ) B (1 73 A5 5 165 5 () I oA B0 B50R BU, 22 D0 A R 51 B3 B AR 17 8 A vp SR R 6 [RL ), 5 58 S G Ay



i HFEI Lk AKREATED 13

)R 7N 2 B 25 0 B /NI KA [R], 2% SIS A5 28 51 I RN AN 22 52 380 08 48 R/ 1R s AR T, 76 280/ 1Y) s 4R
bR A R G BARTE S AR EAN A&
3.2 EEHRGE
JR R UK G 75 (locality sensitive hashing, fii R LSH)®Y 545 55 (1) 15 75 2% 51 AS 7, & 1 FH W A5 o 98 n 5 02 AL de

1T 4B (approximate nearest neighbor, W% ANN)#& 2. H 77, LSH & B GRS S 4ERIRARFBE T 2 M
FILLSH f 3= T2 AR 0 B vh — AW A bR B0 75 v 48 23 ) o PR RS AH I B R AR R ME 2R B — FE IR e oA
H.LSH H] F B Bl #5852 BOHE 51 R A R 5 B0 T 5% 1 8 A5 bR 250, (R I b 07 V6 45 2 48 B P e 350 AN 9 S 7
(semantic gap)® i) B h T A Gk B el R, NATTHR HE T 08 R R3S 2 o 5 i o BN AR, 338 17 45 38 T e S P
A5 BRI AT AR BTE AG 280 L R TG A5 T S TI R GR AR TS SC— SN T S BX — H b, AT ALAS 2% > B 7Y
HHAT 7 KB RO 548 25 50 2 W 4% (convolutional neural networks, & # CNN)/F Ay 75 i #3145 5 3.1
T ) A S MG A R 5 N A S8 LSH AH SR I AR 8 2 2] 3040 23 A Sk 18 508 A R B0 B0 v, i i B BB B AR
B G K AR S BT AT LA 2 S AR B AR R T A5 M X — BT A A R T T R I 40 A AT HLL R A
HLE 5 ST BORIUAL LSH © 2 P K A MBI IT, VEAH A A 7T 2 8 4338 SCHR[92].
3.3 fEIHERSI

512 51 ORI ARG 2 rh i W P R BB 5 W 2 — B Ak B 1 38 SR P B ST, AT T DA R R B B S
B SCRS B HER 5 B AT Sz 8 T8 2 51 8O A I R R RO K A e B (R R
BB R 2 [ AR . 52 B 2% 3] R 51 B JE K Oosterhuis 55 A8 FH IR FE #2245 (deep neural networks, & #X DNN)A%
B2 S5 B — N 7R o K0, 2% R K 57— A BRI TR — AN SCRYE 4 N 5 T 12 B0 7] T 75 A7 AE 1% SRS
AR AT T A A 28 2 S A R BB IR LR AR T R ORI T el B A R B A A T O M HER 5
B AT VEL TS S R T — AN T K2 2D A SRR AL RE s i ok K 1 23 IR AS

SEME

RNN 3.1 [ RNN 3.2 RNN 3.3 j [ RNN 3.4 j

l
[(ll[[ !?“%31 [

IS

RRET N ER

Fig.7 Index structure of Pavo

Kl 7 Pavo 345

B ] 1] B2 (R HE R 511 EE B G 4, T D A SCRS R A R I B, DL R A2 ] o S P £ HE A7) e AE 15
HESCAE A7 B A B T — AN RURAR K AR SRS B A, 80 1] 7] S A 3 R A [ R AT b, 5 e ek ) O 5
SRR 3 B ] 1) S PP R, FH R G A S A A - B A Trie M4 52 3 Kraska 55 A3 H 122 I W6 A5 2 51 5
% Pavol” M F 3k T4 PR 4 42 ) £% (recurrent neural network, fiIFR RNN)E 4> /2 KB B AR 51 HE R 51 o (04 75 B 3L
WP 7 Fizs, Pavo i FH 28460 RMI [ 2 UOBE B 45 kg, 22 P9 35 10 BT B8 80 #5% F RNIN BE Y A AN RNIN B g — A
K E 12 (long short-term memory, & F8 LSTM) /2 Al — 2 /N 4 iE 82 2 4Lk B — 2 F A R AR R 47 51
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B AZE Kl 7 56, I AE A A2 v i ) st ) o0 Bl B S R W, 5 AR 4ens 5 R 5 M EE Pavo BAT SEAR (0 7
T RN 2 R B e 0 2 ) ) P 2 E R A O AR 3 2 4 5 B A A5 R O RS 0 2 B0 T O M 2 SO 0 8l o A
AL ORI T M 2 5.

4 EEFEEHRNFE RS

EEBEWH T AW =GR ERAET — AN EE . A B SCRATE S 50 45 1 R A0 el e 2%
(Bloom filter)!"*" 7 548 2 v A e ok 918 2% 38 5 1 A 2% 51 1k Bh 2044 HR 300490 23 AR ) Bigtable!! O Mt FH e 40
B AT A7(E T SSTable H, M T 18 5 AN 0 B2 (1) 1 A% 7 4% BF-Treel M FH &0 & X BB I 25, 080/ 28 51 1) 2% 1]
o FH A8 A T T 445 2 4 e AU 1 O3 A ot ik I 88 Eh — AN k67 1 R — 4 A R B R B AN
PEBE. A ARPERE . KA A o5 R AR s A N — AN Y G 3R I AT R A A A A B O B AR B — 4
o FEAE AL A B R X A B N AL B RO 1 S AR A JC R I, a0 SR T E O B ) — ARG A AR
e ) A 1, AR R I DR AR ) B G R ARAE TR A, T W NAFTE R R, T AR TERG A PP 9%, B LAAR
o I % TURE (R E AR 9 14 % (false negative rate, 5 FK FNR)A 0,1 2 5 FH 14 M 2 (false positive rate, [ FRX FPR) K
T 0B ELR A FPR 5725 (AR 2 SO 5G, I REE 5 B8 1 3RI— AN BUR Y FPR, 75 AR a1 (1 25 A A,
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Fig.8 Original learned Bloom filter (left) and sandwiched learned Bloom filter (right)
B8 J5ian 2 o) A B B 2 (O )R = B VA 45 440 2 S A R i 8 28 ()

Mitzenmacher B0t 1 %% >3 1 B 1 9 8% B2t T = WIVA 4R 102 I A el g 2R U O R T — A S BT
IO, = IR ARG T — A AT B AT R PR A, A 8 A5 . bk T S B A B I g A K/ i RNN AR
MR A B A2 e 2 R S L AR 5%, T e et A5 P B A o o D B S 2 ORI , RE A B A i LA R L DB % 14
AR ZINR S 53— ML SR E S Kraska S5 A2 HY 0257 5 A1 [ 3 U8 &5 25040 B B A S0 o i) 8 . 4
SR T2 20 A B L DB A 1 I ZR A A DK B2 FL A A 7] ) Hedls 20 Al A4 RNN BER ) FNR RJ RE Itz kT 500 4
TR~ A A e 1o Y A 5 2 A X A 1 L TR R B TSR IR T — B BT M T 3 Ada-BFY R R A RNN A

=t

| iR —

=t

B




i HFEI Lk AKREATED 15

S 8 PR M 2R 4 1) AT, 1 O S U A ) X 3 0y s 7 R S, AT R 95 AN [A) X 3300 FPR, B3R A5 B 47 1) 4 A
FPR.

R A A R PR A R BE R AR B RS SO A L RO B A R A 2 ST B AR B s o A AR T R 2
N FH 7 55 0 5 SRR RO R (0 BN 3 T T, 1 SR AT B I DB A R S i A B 4 N Rae 5F NAE A A
(meta-learning) F11c. 17 18 3 4 £ ) 2% (memory-augmented neural network)! % 7 it ik — jia) £, 32 H b 20 A4 e i
T8 A 1108 Jo 25 A7 o 1ok 9 2 N N TR A 2 o T A AN S R o0 A SR T 2 235 A R A SR EUHE R T
T4 b Se Ak 2 A A [ I 8 % 1 B FH R 151 G Bigtable 945> SSTable U4 — /A7 e it o g0 78 £ 38
e R A 5 A g I E 2 R AT 45 1 5 8 2% (cuckoo filter)!'OVRH BE 2 A I UE B8 B & AL ACAR BRI T 30
f& Bhattacharya %5 A4 H P 5 58 A0 B 2% > A7 JE 385 (10 008 1 110,58 — oy 2 3 o 1)1 24 53 b A\ 1 00,
T BT 53 2 AR 35— b 7 SR A Y 3 25 43 X A e e 9 A U VB A A G A o e B 2, 1 2 TR AR £ B 6 S50
AT .

5 mEFIRSIHNIXEE

W 2 o A2 AT SO0 B0 U 1 B A LR B AR . AR b Ty B A8 A I ik R A A S 18 ST
SEIGEE R TE AU R . T ¥ S R G E IR A I 7 77 AL R H A R A B I AR AR T T R = 2 R
1 2% 5 v . SOS DM 2Lt — AN [7) — 4 705 [l 7 ¥ ) 2% 31 28 51 AR vk e 4R 06 7 RMIT B (g FF Y Se 8. B 4,
TR T 2 FA]IE 7 AR T bl A BB A HE T AU R B A R Sk DL K s o R AU R & 5
HR P NS EFFAT AR, EH 0B R. HEERNRIREEN = S2E8RIPLRSI TRA
5% Fh 2 S HOHE R 51 - S R FEBOR T R AT I B SR TRL B FASTIMSL B 1 skt b T %, ALEXPY,
PGM-index*"f1 XIndex*" I th 245 7 JF 5 S2BL.SOSD 5 8 FlAS [ i Hicdhs 4 I 15 5 N S5 Facebook
FIF 1D HdE AR EREERCAN L, OpenStreetMap!! VM7 B 34 10X B2 40 A« 1E 2540 A5 A8 S RAERRAS S
AR, 3550 3 A R R R A B 7 RS B G R AR OL U A A web  H AR BCHE SE A Bk I Hi a4 2N
R — AT K.

SOSD AXH& At 7 B — [y — 2 38 Bl 25 1) 71 28, B0 52 2% 19 A 67 48 mT U8 R 000 28 A8 ) i A7 U ik 7 7
S B3 N BIWF T R, T B B IR A sk, T LU B TPC-CU22 A YCSBU' M g IR 3 vk % 1 22 4E 25 i), AT
DL FH 2 T f b P 5 42 010 e 4% B8 A 124 LA K TPC-HUMSIN S JE v 4R 1717, 3% - 180 HE R 51 AAf e i g 2% 1)
W, B AR = A FF B IR

6 WMRRERE

BAREATOATZ TEN %I RIHT TIREERECEA T T 54K B 11 G500 R 51 M 2%
)G AT W 2B B IE T 2 WA SRR AR IR, ) R B A T 5 s R B, H AT IR R A
PR IR BT B R 2] 2 5] S IX T B R AL X 5 A R £ 2 5 RS BT RAX B AT ) R SR
RIC VR BIF CA R B0 P o DR 500 55 A3 ) i 4 AR SNy T T ) — 8 i 850 oA SR AR A3 R 2R IR 0F 9 77 1)

BEAEIRII VB IERL R COH M LA 2% 2 R 514 TV 2 A5 R H R X B R 1 25 4 LL 5%
B K2 3T Kraska 2 N2 H [R5 B 25 44 S5 - T 1m0 — 40 BB 25 30 (112 2] R 51, B 1 TR &0 BB RMI
BRI B TSR T RMI ()2 TR 45 040, 1T 8 7 % 2 FL At ASE 5 85 440 1) T e T L, 3 A A7 SR B 1) 4 28 ] %
LV A B AL AR 2 Mk B A A R AT 5 F ST AP AR ARG TR RS R 5 (2 B A R B LL BT A 4
o o AT FIRE T2 ST A B ok 8 2%, O 10 TAE BB 3T Kraska 25 A2 H 1) 2 >0 A B ok i 28 45 M b AT A Ak
FAEH RNN RS 25 5] BAZAE (MR 26, (I8 B AR RAGAFAE R B o H e HLas 2 ST BRI w] R M b b, 2
2% 5 AR T AR SCHE BN ) LR R 51 2R B 0 A5 Foe 2R B0 & SIE R0 780 0, B AT e 38T % S 1 Trie
R BE KB TE Ak 22 AL 8% 22 ST B AL o B 38 9838 45 2 21 R 51 ONL 88 24 ST B AL & ROk AR ik — B IR R I — 4
B F 77 1A,



16 Journal of Software #.A+54R

2 RGIMEBRE T EARNR T ZRT DEENMSEL A BRI SO/ 7R A
WL B B RAER R 5 BRI AS B E R, WA= RI SR, FRIKEIRIINES
P R — AMEAETE ST 75 173X 07 T BT 72 % SR B BT CDFShop! LB /R 7 RMI AW S SRR T
HIAZ A Rett AL H eI BRI WANMRES BTG R T A, 6 i — SRR M K2 HE TR 5
A2 3 B 53 A BN ) 2 S350 A, 0] 7R — AR B[R] I 2% 50 B8 o) A AN ) S g o A IR TR A
B

TEISTEFHKEI RG] ALK OLTP(online transaction processing)™ AL TR K 5| GE0E L sh A 108
53 58 7 90 el N R B BB T LR 2 SR B R T TEAE — MR AR B AR b )48 B0 o0 A A, i R B SR B S
ARk, R A 2 ST AR B 40 AT AR R T RE B A AR A, B O 5 B0 ST AR AN R B TE R R an bk, B AR
2R SR B I BEIR I M SRR IR AL 10 Bh S T ¥ Kraska 258 N3 I JURP 5 3] R 51 A LR RGN TR
T 1) — 430 R A ) 1 2 2] &R 51 b, B RE SRS 22 2] R 51 AR X BB Fe R 1 2 M5 ok SR B
FEHEAR R AR N 7 R T S RREE . BT G X B 7 RE T LSM 1 7 V55 A5 2 R Fl i N\ 7 1%
FEUF H AT A W, A R0 X EU LA, 9 T O SRR N IX e 2 3] 2R 5] AR TSR TR R 4y
BN IR AR N T2 4B . AAEEW . SCRE NS 5, B2 BRI A AR R ERHE
SRS TN PR IR S 22 5| R A b SRR N B B B =, B AT BT Sk R v b TR DB B

FARIGHBEIBNGEE. 2R 5 BAAR R T 80 2R 51,00 Bnr DLR 72 58 2 (1 450 .
FE - H ML BE UK, IndexNet! 27 [ 22 51 2 51 000 1 1 -3 A0 b SRBE VR 7 0 W 7 ' 7 PR DG i J 1T 0 A
Rt AE A B0 LISAUS I 22 5] 25| f AR N I T DNA FRAIH R, 2k iz N P AT MRS 450
FM-index!" 1% #i y— ML 5 27 25400, Sapling! VR F 2% 3] 2 51 B AR N 38 56 IR 41 A 4%, 60K g 408020 1 o 2 2
D — > BRI 23 B B ME AR B SR AT 5 kb 3 ARLIX A BRI e Ak, 2% 5T 28 51 1 REARLE e o 1k R, SCHR
(68 3LIRI] PR ATL 2 2 ) B0 2 3] 2206 CDF, PR ot 0 3 Wit Bk e A B R0 Uy B, 5 4 ik e A e3R8 T
WA i 0 R T 3o P SV R 0 {2 B 45 W R BI 32 25, I 401 database cracking! . DA_F i 7T 45 SR th
—B UL T 2 ) R 5 BRI B K INE )1 R R LR I B B 2 0 45 0 b ) SR B R R L

AR RFE ARG H AT, K2 5% S R 5] BT T8 80 A2 T ) 5 2 T2 4 28 1) A B s Ak kb SO 2 2R R ik, T
W I R s S5 1 e bR 2 Bk 0 kBRSBTS T A TSI R 5 E R R AT — iR
H Al & A 1 TAENA XIndex, BTE Y > R 51 85840 HF BLR T 2000 5 B0 SR W0 9 A 3 il B AR I 7 T AT AR LA 0K
HITIF 97 23 8] ML A1 6 76 37 7% 4% N 475 ) (remote direct memory access, fEFK RDMA)S ARy B, 3 & 7] 38
15 G IR RE RS I8 B BRD 2, X AR 2 7 20 A N2 51 45 b 11 & R 1341330 At Y o Ay 208 485 40 1 — AR AR R i it
SRR A e A T A, 7 16 FH RDMA R 8 23 T DL pR %0 77 0t 43 i AR 55 o 1) B 6 3P4 0 170 3 1 H B i
KFAEG R 5 02 S BB kUL, Wit —Fh 3T RDMA 197045 sUEUE 45 0 2 KSR AR R I — AN 7 1A,

FNRI GWEAENENLE S AV IR B R AL G R 5] S — MR SR, B 15 R 5 fete R o
SEHL A A B AL FE 2% (graphics processing unit, i #% GPU)BL K & 4b P 2% (tensor processing unit, & FK TPU)*¥fY)
H 1 58T0,GPU # TPU FAG 5 B WA FH AR, 8 B 1 v — bk 2 A P50 5 W Ok 23 e FH AR =2 — Pl el AT 1 7 28
H A 75 T 504 F 25 FUIRAS  BF F il & 2 45 4 CPU 5 GPU/TPU J& — AN ¥ 1 I 58 77 1.

T M3E S 5k W AR B2 X & 51 .4E 5 2% N 17 (non-volatile memory, & A8 NVM)3if B A7 R LEIR . A 745 T4k
DL AME B RE AR SR 5 BB AE 2R SR U8 AT PRI A SR A 45 % 2 6 T4 A A 1) N A2 3808 JE R G 1o T
RE I AR NVM AR BUE T — R 58, 42 7 750k i Intel Optane DC FF A P 721390, 2% 37 2 51 18 B £ 4
AEAELE AT B A TR Ok B 1 7R B T AN A% 40 R 5| B RER HURL B2 NVML B8 5 ST R 51w R

VP2 EAMYBRER. B S8, 0 T R B RE AP (RAIE, 75 A A TR AR R K 3 AL 3R A, W clflush A1 mfence 553
UNVM 2 —Fiise 5 AR S48 10 47 it 2%, 5 1R — Mt T i 8 18, I b 75 B NVML 5 AT A BHis 25 440 55, e
T CPUANCHE 8 R T 5 % T 8 7 B 37 5 ZE R TH A4 U7 8 SR AR AUE 2k WU T PE (failure atomicity).



i HFEI Lk AKREATED 17

SR BAR H AT O — S NVM RSB0 G Bl I8 St g R 51U IRNR & 4
HUHSIZE (E BT 18] NVM ()5 2] 851384 VF 2 ol B R AR T, 2 AR SRAE AR N I 1 — AN T 18]

7 HERIB

7 2R G Sl A AL A o7 ST AR TR e B AR e 10 0 Hie 2R 2R 51 A5 ) O SR T A R R R B AR R ] ) 2 1A AR
.5 212 512 H RTHLAS 5 > AN EE B BOR M 45 6 10— B R Rk — 2 3R MBI 51 1 2R A1) 2 R
AR T 2 B G T AR R IR T2 SR S — A RHESE I Tz RS IR SO A 18 T % K
YRGB R ANAE A I ) L P B — SRR T 1 — MBS W A S R G RX —REE I REI[E T R®
(1 DR 3, 76 4 N SRS RIS B 8 T 5 7 THI A 3 1 PR A B SRR THT 1) 22 4 B R 1) 2 ) R 5L IX — R TR R
T WA 22 A 2 1) B0 5050 B — o 243 ), A5 T ) — o 2 ) AL 2 2 B R AT 2 3] 5 = SR T ) i 2T
(K57 5 2R 513K AR QTR Qi 45 PR LS 7% > 7 vk PRAR s s s o RO BE R e Jm — R AP AE R 5,1 — 2K
TARRAFAE A W AN — e 0 RAT 55 5,18 SR 40 1 T 1) 27 3 R 51 IR AR Ui Jg  JE X 2 ST R
SRR T TT 34T T e 8

References:
[1] Bayer R, Mccreight E. Organization and maintenance of large ordered indices. In: Proc. of the Int. Conf. on Management of Data.
1970. 107-141.
[2] Garcia-Molina H, Ullman JD, Widom J. Database System Implementation, Second Edition. Prentice Hall; United States Ed. 1999.
[3] Garciamolina H, Salem K. Main memory database systems: an overview. IEEE Trans. on Knowledge and Data Engineering,
1992,4(6):509-516.
[4] Lehman TJ, Carey MJ. A study of index structures for main memory database management systems. In: Proc. of the Int. Conf. on
Very Large Data Bases. 1986. 294-303.
[5] Rao J, Ross KA. Cache conscious indexing for decision-support in main memory. In: Proc. of the Int. Conf. on Very Large Data
Bases. 1999. 78-89.
[6] Zhang H, Andersen DG, Pavlo A, Kaminsky M, Ma L, Shen R. Reducing the storage overhead of main-memory OLTP databases
with hybrid indexes. In: Proc. of the Int. Conf. on Management of Data. 2016. 1567-1581.
[7] Kraska T, Beutel A, Chi EH, Dean J, Polyzotis N. The case for learned index structures. In: Proc. of the Int. Conf. on Management
of Data. 2018. 489-504.
[8] Meng XF, Ma CH, Yang C. Survey on machine learning for database systems. Journal of Computer Research and Development,
2019,56(9):1803-1820 (in Chinese).
[9] Li GL, Zhou XH, Sun J, Yuan HT, Liu JB, Han Y. A Survey of machine-learning-based database techniques. Chinese Journal of
Computers, Vol.42, 2019, Online No.120:1-33 (in Chinese).
[10] Chai MK, Fan J, Du XY. Learnable database systems: Challenges and opportunities. Ruan Jian Xue Bao/Journal of Software,
2020,31(3):806-830 (in Chinese).
[11] Sun LM, Zhang SM, Ji T, Li CP, Chen H. Survey of data management techniques powered by artificial intelligence. Ruan Jian Xue
Bao/Journal of Software, 2020,31(3):600-619 (in Chinese).
[12] Oneil P, Cheng EY, Gawlick D, Oneil E. The log-structured merge-tree (LSM-tree). Acta Informatica, 1996,33(4):351-385.
[13] Abadi M, Barham P, Chen J, Chen Z, Davis A, Dean J, et al. TensorFlow: a system for large-scale machine learning. In: USENIX
Symp. on Operating Systems Design and Implementation. 2016. 265-283.
[14] LaMotte LR. Fixed-, random-, and mixed-effects models. Encyclopedia of Statistical Sciences. 2014.
[15] Gardiner JC, Luo Z, Roman LA. Fixed effects, random effects and GEE: What are the differences?. Statistics in Medicine,
2009,28(2):221-239.
[16] Crotty A, Galakatos A, Dursun K, Kraska T, Binnig C, Cetintemel U, Zdonik S. An architecture for compiling UDF-centric
workflows. Proc. of the VLDB Endowment, 2015,8(12):1466-1477.



18

[17]

(18]

[19]

[20]

(21]

(22]

(23]

[24]

(25]

[26]
[27]

[28]
[29]

[30]

[35]
[36]

(371

[38]

[39]

[40]

[41]

[42]

[43]

Journal of Software #.A+54R

Shazeer N, Mirhoseini A, Maziarz K, Davis A, Le QV, Hinton GE, Dean J. Outrageously large neural networks: The sparsely-gated
mixture-of-experts layer. In: Int. Conf. on Learning Representations, 2017.

Galakatos A, Markovitch M, Binnig C, Fonseca R, Kraska T. FITing-Tree: A data-aware index structure. In: Int. Conf. on
Management of Data. 2019. 1189-1206.

Liu X, Lin Z, Wang H. Novel online methods for time series segmentation. IEEE Trans. on Knowledge and Data Engineering,
2008,20(12):1616-1626.

Xu Z, Zhang R, Kotagiri R, Parampalli U. An adaptive algorithm for online time series segmentation with error bound guarantee. In:
Proc. of the Int. Conf. on Extending Database Technology. 2012. 192-203.

Ding J, Minhas UF, Yu J, Wang C, Do J, Li Y. ALEX: An updatable adaptive learned index. In: Int. Conf. on Management of Data.
2020. 969-984.

Bender MA, Hu H. An adaptive packed-memory array. ACM Trans. on Database Systems, 2007,32(4).

Li P, Hua Y, Zuo P, Jia J. A scalable learned index scheme in storage systems. arXiv: Databases, 2019.

Li X, Li J, Wang X. ASLM: Adaptive single layer model for learned index. In: Int. Conf. on Database Systems for Advanced
Applications. 2019. 80-95.

Ferragina P, Vinciguerra G. The PGM-index: A fully-dynamic compressed learned index with provable worst-case bounds. Proc. of
the VLDB Endow, 2020,13(8):1162-1175.

Orourke J. An on-line algorithm for fitting straight lines between data ranges. Communications of the ACM, 1981,24(9):574-578.
Buragohain C, Shrivastava N, Suri S. Space efficient streaming algorithms for the maximum error histogram. In: Int. Conf. on Data
Engineering. 2007. 1026-1035.

Chen DZ, Wang H. Approximating points by a piecewise linear function. Algorithmica, 2013,66(3):682-713.

Chen Q, Chen L, Lian X, Liu Y, Yu JX. Indexable PLA for efficient similarity search. In: Proc. of the Int. Conf. on Very Large
Data Bases. 2007. 435-446.

Xie Q, Pang C, Zhou X, et al. Maximum error-bounded piecewise linear representation for online stream approximation. The
VLDB Journal, 2014,23(6):915-937.

Overmars MH. The design of dynamic data structures. Lecture Notes in Computer Science, vol.156. Springer. 1983.

Moffat A and Turpin A. Compression and Coding Algorithms. Springer. 2002.

Navarro G. Compact data structures: A practical approach. Cambridge University Press. 2016.

Okanohara D, Sadakane K. Practical entropy-compressed rank/select dictionary. In: Proc. of the Workshop on Algorithm
Engineering and Experimentation. 2007. 60-70.

Orourke J. An on-line algorithm for fitting straight lines between data ranges. Communications of the ACM, 1981,24(9):574-578.
Neumann T, Michel S. Smooth interpolating histograms with error guarantees. In: British National Conf. on Databases. 2008.
126-138.

Kipf A, Marcus R, Renen AV, Stoian M, Kemper A, Kraska T, et al. RadixSpline: a single-pass learned index. In: Proc. of the Int.
Workshop on Exploiting Artificial Intelligence Techniques for Data Management. 2020.

Brisebarre N, Joldes M. Chebyshev interpolation polynomial-based tools for rigorous computing. In: Proc. of the Int. Symp. on
Symbolic and Algebraic Computation. 2010. 147-154.

Alda F, Rubinstein BI. The Bernstein mechanism: Function release under differential privacy. In: Proc. of the AAAI Conf. on
Artificial Intelligence. 2017. 1705-1711.

Setiawan NF, Rubinstein BI, Borovicagajic R. Function interpolation for learned index structures. In: Proc. of the Australasian
Database Conference. 2020. 68-80.

Tang C, Wang Y, Hu G, Dong Z, Wang Z, Wang M. XIndex: A scalable learned index for multicore data storage. In: ACM
SIGPLAN Symp. on Principles and Practice of Parallel Programming. 2020. 308-320.

Bronson N, Casper J, Chafi H, Olukotun K. A practical concurrent binary search tree. ACM SIGPLAN Notices,
2010,45(5):257-268..

Cha SK, Hwang S, Kim K, Kwon K. Cache-conscious concurrency control of main-memory indexes on shared-memory

multiprocessor systems. In: Proc. of the Int. Conf. on Very Large Data Bases. 2001. 181-190.



i HFEI Lk AKREATED 19

[44]

[45]

[46]

[47]

(48]

[49]

[50]

(511

[52]

(53]

[54]

[55]

[56]

[57]

(58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]
[67]

[68]

Mao Y, Kohler E, Morris R. Cache craftiness for fast multicore key-value storage. In: European Conf. on Computer Systems. 2012.
183-196.

Binna R, Zangerle E, Pichl M, Specht G, Leis V. HOT: A height optimized trie index for main-memory database systems. In: Proc.
of the Int. Conf. on Management of Data. 2018. 521-534.

Wu X, Ni F, Jiang S. Wormhole: A fast ordered index for in-memory data management. In: European Conf. on Computer Systems.
2019.

McKenney PE, Appavoo J, Kleen A, Krieger O, Russell R, Sarma D, et al. Read-copy update. In: Proc. of the AUUG Conference.
2001.

Gao YN, Ye JB, Yang NZ, Gao XF, Chen GH. A middle layer based scalable learned index scheme. Ruan Jian Xue Bao/Journal of
Software, 2020,31(3):620-633 (in Chinese).

Llaveshi A, Sirin U, Ailamaki A, West R. Accelerating B+tree search by using simple machine learning techniques. In: Int.
Workshop on Applied Al for Database Systems and Applications. 2019.

Hadian A, Heinis T. Interpolation-friendly B-trees: Bridging the gap between algorithmic and learned indexes. In: Proc. of the Int.
Conf. on Extending Database Technology. 2019. 710-713.

Qu W, Wang X, Li J, Li X. Hybrid indexes by exploring traditional B-Tree and linear regression. In: Int. Conf. on Web Information
Systems and Applications. 2019. 601-613.

Wu'Y, YulJ, Tian Y, Sidle RS, Barber RJ. Designing succinct secondary indexing mechanism by exploiting column correlations. In:
Proc. of the Int. Conf. on Management of Data. 2019. 1223-1240.

Ilyas IF, Markl V, Haas PJ, Brown P, Aboulnaga A. CORDS: Automatic discovery of correlations and soft functional dependencies.
In: Proc. of the Int. Conf. on Management of Data. 2004. 647-658.

Kimura H, Huo G, Rasin A, Madden S, Zdonik SB. Correlation maps: A compressed access method for exploiting soft functional
dependencies. Proc. of the VLDB Endowment, 2009,2(1):1222-1233.

Hadian A, Heinis T. Considerations for handling updates in learned index structures. In: Proc. of the Int. Workshop on Exploiting
Artificial Intelligence Techniques for Data Management, 2019.

Bilgram R. Cost models for learned index with insertions. AAU CS Master Thesis. 2019.

Ooi BC, Sacks-davis R, Han J. Indexing in Spatial Databases. CiteSeerX. 2007.

Singh HS, Bawa S. A survey of traditional and MapReduceBased spatial query processing approaches. SIGMOD Record,
2017,46(2):18-29.

Bentley JL. Multidimensional binary search trees used for associative searching. Communications of the ACM,
1975,18(9):509-517.

Finkel RA, Bentley JL. Quad trees: A data structure for retrieval on composite keys. Acta Informatica, 1974,4(1):1-9.

Meagher D. Geometric modeling using octree encoding. Computer Graphics and Image Processing, 1982,19(2):129-147.

Guttman A. R-trees: A dynamic index structure for spatial searching. In: Proc. of the Int. Conf. on Management of Data. 1984.
47-57.

Beckmann N, Kriegel H, Schneider R, Seeger B. The R*-tree: An efficient and robust access method for points and rectangles. In:
Proc. of the Int. Conf. on Management of Data. 1990. 322-331.

Kamel I, Faloutsos C. Hilbert R-tree: An improved R-tree using fractals. In: Proc. of the Int. Conf. on Very Large Data Bases. 1994.
500-509.

Sellis T, Roussopoulos N, Faloutsos C. The R+-Tree: A dynamic index for multi-dimensional objects. In: Proc. of the Int. Conf. on
Very Large Data Bases. 1987. 507-518.

Sagan H. Space-filling curves. Springer. 1994.

Ramsak F, Markl V, Fenk R, Zirkel M, Elhardt K, Bayer R. Integrating the UB-Tree into a database system kernel. In: Proc. of the
Int. Conf. on Very Large Data Bases. 2000. 263-272.

Kraska T, Alizadeh M, Beutel A, Chi EH, Ding J, Kristo A, et al. SageDB: A learned database system. In: Biennial Conf. on

Innovative Data Systems Research. 2019.



20

[69]

[70]

(711

[72]

(73]

[74]

[75]

[76]

(771
(78]

[79]
[80]

(81]

(82]

[83]
[84]

(85]

[86]

[87]

(88]

[89]

[90]

(911

[92]
(93]

[94]
[95]

Journal of Software #.A+54R

Wang H, Fu X, Xu J, Lu H. Learned index for spatial queries. In: Proc. of the IEEE Int. Conf. on Mobile Data Management. 2019.
569-574.

Davitkova A, Milchevski E, Michel S. The ML-Index: A multidimensional, learned index for point, range, and nearest-neighbor
queries. In: Proc. of the Int. Conf. on Extending Database Technology. 2020. 407-410.

Jagadish HV, Ooi BC, Tan KL, Yu C, Zhang R. iDistance: An adaptive B+-tree based indexing method for nearest neighbor search.
ACM Trans. on Database Systems, 2005,30(2):364-397.

Schuh MA, Wylie T, Liu C, Angryk RA. Approximating high-dimensional range queries with kNN indexing techniques. In: Proc.
of the Int. Conf. on Computing and Combinatorics. 2014. 369-380.

Li P, Lu H, Zheng Q, Yang L, Pan G. LISA: A learned index structure for spatial data. In: Proc. of the Int. Conf. on Management of
Data. 2020. 2119-2133.

Royden HL, Fitzpatrick PM. Real Analysis, Fourth Edition. Prentice Hall. 2010.

Garcia EK, Gupta MR. Lattice regression. In: Proc. of the Annual Conf. on Neural Information Processing Systems. 2009. 594-602.
Nathan V, Ding J, Alizadeh M, Kraska T. Learning multi-dimensional indexes. In: Proc. of the Int. Conf. on Management of Data.
2020. 985-1000.

Breiman L. Random forests. Machine Learning, 2001,45(1):5-32.

Nievergelt J, Hinterberger H, Sevcik KC. The grid file: An adaptable, symmetric multikey file structure. ACM Trans. on Database
Systems, 1984,9(1):38-71.

Gaede V, Gunther O. Multidimensional access methods. ACM Computing Surveys, 1998,30(2):170-231.

Athanassoulis M, Bogh K S, Idreos S. Optimal column layout for hybrid workloads. Proc. of the VLDB Endowment,
2019,12(13):2393-2407.

Yang Z, Chandramouli B, Wang C, Gehrke J, Li Y, Minhas UF, et al. Qd-tree: Learning data layouts for big data analytics. In: Proc.
of the Int. Conf. on Management of Data. 2020. 193-208.

Dietzfelbinger M, Karlin AR, Mehlhorn K, Der Heide FM, Rohnert H, Tarjan RE. Dynamic perfect hashing: Upper and lower
bounds. STAM Journal on Computing, 1994,23(4):738-761.

Pagh R, Rodler FF. Cuckoo hashing. Journal of Algorithms, 2004,51(2):122-144.

Indyk P, Motwani R. Approximate nearest neighbors: Towards removing the curse of dimensionality. In: Proc. of the Annual ACM
Symp. on the Theory of Computing. 1998. 604-613.

Smeulders AW, Worring M, Santini S, Gupta A, Jain R. Content-based image retrieval at the end of the early years. IEEE Trans. on
Pattern Analysis and Machine Intelligence, 2000,22(12):1349-1380.

Cayton L, Dasgupta S. A learning framework for nearest neighbor search. In: Proc. of the Annual Conf. on Neural Information
Processing Systems. 2007. 233-240.

He J, Chang S, Radhakrishnan R, Bauer C. Compact hashing with joint optimization of search accuracy and time. In: IEEE Conf.
on Computer Vision and Pattern Recognition. 2011. 753-760.

Torralba A, Fergus R, Freeman WT. 80 million tiny images: A large data set for nonparametric object and scene recognition. IEEE
Trans. on Pattern Analysis and Machine Intelligence, 2008,30(11):1958-1970.

Wang J, Kumar S, Chang S. Semi-supervised hashing for scalable image retrieval. In: IEEE Conf. on Computer Vision and Pattern
Recognition. 2010. 3424-3431.

Norouzi M, Blei DM. Minimal loss hashing for compact binary codes. In: Proc. of the Int. Conf. on Machine Learning. 2011.
353-360.

Xu H, Wang J, Li Z, Zeng G, Li S, Yu N. Complementary hashing for approximate nearest neighbor search. In: IEEE Int. Conf. on
Computer Vision. 2011. 1631-1638.

Wang J, Liu W, Kumar S, Chang SF. Learning to hash for indexing big data - A survey. Proc. of the IEEE, 2016,104(1):34-57.

Guo J, Zhang S, Li J. Hash learning with convolutional neural networks for semantic based image retrieval. In: Porc. of the
Pacific-Asia Conf. on Knowledge Discovery and Data Mining. 2016. 227-238.

Moffat A, Zobel J. Self-indexing inverted files for fast text retrieval. ACM Trans. on Information Systems, 1996,14(4):349-379.
Zobel J, Moffat A. Inverted files for text search engines. ACM Computing Surveys, 2006,38(2).



i HFEI Lk AKREATED 21

[96]

(971

(98]

[102]
[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]
[116]

[117]

[118]

[119]
[120]

Oosterhuis H, Culpepper JS, De Rijke M. The potential of learned index structures for index compression. In: Proc. of the
Australasian Document Computing Symposium. 2018. 1-4.

Rossi C, De Moura ES, Carvalho A, Silva AS. Fast document-at-a-time query processing using two-tier indexes. In: Proc. of the Int.
ACM SIGIR Conf. on Research and Development in Information Retrieval. 2013. 183-192.

Goodwin B, Hopcroft M, Luu D, Clemmer A, Curmei M, Elnikety S, et al. BitFunnel: Revisiting signatures for search. In: Proc. of
the Int. ACM SIGIR Conf. on Research and Development in Information Retrieval. 2017. 605-614.

Xiang W, Zhang H, Cui R, Chu X, Li K, Zhou W. Pavo: A RNN-based learned inverted index, supervised or unsupervised?. IEEE
Access, 2019,7:293-303.

Bloom BH. Space/time trade-offs in hash coding with allowable errors. Communications of the ACM, 1970,13(7):422-426.

Chang FW, Dean J, Ghemawat S, Hsiech WC, Wallach DA, Burrows M, et al. Bigtable: A distributed storage system for structured
data. ACM Trans. on Computer Systems, 2008,26(2):4-26.

Athanassoulis M, Ailamaki A. BF-tree: Approximate tree indexing. Proc. of the VLDB Endowment, 2014,7(14):1881-1892.
Geravand S, Ahmadi M. Bloom filter applications in network security: A state-of-the-art survey. Computer Networks,
2013,57(18):4047-4064.

Mitzenmacher M. A model for learned bloom filters and optimizing by sandwiching. In: Proc. of the Annual Conf. on Neural
Information Processing Systems. 2018. 462-471.

Dai Z, Shrivastava A. Adaptive learned bloom filter (Ada-BF): Efficient utilization of the classifier. arXiv: Data Structures and
Algorithms, 2019.

Santoro A, Bartunov S, Botvinick M, Wierstra D, Lillicrap T. Meta-learning with memory-augmented neural networks. In: Proc. of
the Int. Conf. on Machine Learning. 2016. 1842-1850.

Vinyals O, Blundell C, Lillicrap T, Kavukcuoglu K, Wierstra D. Matching networks for one shot learning. In: Proc. of the Annual
Conf. on Neural Information Processing Systems. 2016. 3637-3645.

Rae JW, Bartunov S, Lillicrap T. Meta-learning neural bloom filters. In: Proc. of the Int. Conf. on Machine Learning. 2019.
5271-5280.

Fan B, Andersen DG, Kaminsky M, Mitzenmacher M. Cuckoo filter: Practically better than bloom. In: Proc. of the ACM Int. Conf.
on Emerging Networking Experiments and Technologies. 2014. 75-88.

Bhattacharya A, Bedathur S, Bagchi A. Adaptive learned bloom filters under incremental workloads. In: Proc. of the ACM India
Joint Int. Conf. on Data Science and Management of Data. 2020. 107-115.

Negi S, Dubey A, Bagchi A, Yadav M, Yadav N, Raj J. Dynamic partition bloom filters: A bounded false positive solution for
dynamic set membership. arXiv: Data Structures and Algorithms, 2019.

Kipf A, Marcus R, Van Renen A, Stoian M, Kemper A, Kraska T, et al. SOSD: A benchmark for learned indexes. arXiv: Databases,
2019.

Van Sandt P, Chronis Y, Patel JM. Efficiently searching in-memory sorted arrays: Revenge of the interpolation search?. In: Proc. of
the Int. Conf. on Management of Data. 2019. 36-53.

Leis V, Kemper A, Neumann T. The adaptive radix tree: ARTful indexing for main-memory databases. In: Proc. of the Int. Conf.
on Management of Data. 2013. 38-49.

STX B+-Tree. https://panthema.net/2007/stx-btree/

Kim C, Chhugani J, Satish N, Sedlar E, Nguyen AD, Kaldewey T, et al. FAST: Fast architecture sensitive tree search on modern
CPUs and GPUs. In: Proc. of the Int. Conf. on Management of Data. 2010. 339-350.

Amazon sales rank data for print and kindle books.
https://www.kaggle.com/ucffool/amazon-sales-rank-data-for-print-and-kindle-books

Gjoka M, Kurant M, Butts CT, Markopoulou A. Walking in Facebook: A case study of unbiased sampling of OSNs. In: IEEE Int.
Conf. on Computer Communications. 2010. 2498-2506.

OpenStreetMap database. https://aws.amazon.com/public-datasets/osm

Wikimedia downloads. http://dumps.wikimedia.org



22

[124]

[125]
[126]

[127]

[128]

[129]

[130]
[131]

[132]

[133]

[134]

[135]

[136]

[137]

[138]
[139]

[140]

[141]

[142]

[143]

[144]

[145]

Journal of Software #.A+54R

Gupta P, Carey MJ, Mehrotra S, Yus R. SmartBench: A benchmark for data management in smart spaces. Proc. of the VLDB
Endowment, 2020,13(11):1807-1820.

TPC-C. http://www.tpc.org/tpcc/

Cooper BF, Silberstein A, Tam E, Ramakrishnan R, Sears R. Benchmarking cloud serving systems with YCSB. In: Proc. of the
ACM Symp. on Cloud Computing. 2010. 143-154.

Deng J, Dong W, Socher R, Li L, Li K, Li F. ImageNet: A large-scale hierarchical image database. In: IEEE Conf. on Computer
Vision and Pattern Recognition. 2009. 248-255.

TPC-H. http://www.tpc.org/tpch/

Marcus R, Zhang E, Kraska T. CDFShop: Exploring and optimizing learned index structures. In: Proc. of the Int. Conf. on
Management of Data. 2020. 2789-2792.

Lu H, Dai Y, Shen C, Xu S. Indices matter: Learning to index for deep image matting. In: IEEE Int. Conf. on Computer Vision.
2019. 3266-3275.

Ho D, Ding J, Misra S, Tatbul N, Nathan V, Vasimuddin, et al. LISA: Towards learned DNA sequence search. arXiv: Databases,
2019.

Ferragina P, Manzini G. Opportunistic data structures with applications. In: Annual Symp. on Foundations of Computer Science.
2000. 390-398.

Kirsche M, Das A, Schatz MC. Sapling: Accelerating suffix array queries with learned data models. bioRxiv, 2020.

Kristo A, Vaidya K, Cetintemel U, Misra S, Kraska T. The case for a learned sorting algorithm. In: Proc. of the Int. Conf. on
Management of Data. 2020. 1001-1016.

Idreos S, Kersten ML, Manegold S. Database cracking. In: Biennial Conf. on Innovative Data Systems Research. 2007. 68-78.
Vienne J, Chen J, Wasiurrahman M, Islam NS, Subramoni H, Panda DK. Performance analysis and evaluation of InfiniBand FDR
and 40GigE RoCE on HPC and cloud computing systems. In: IEEE Annual Symp. on High-Performance Interconnects. 2012.
48-55.

Mitchell C, Montgomery K, Nelson L, Sen S, Li J. Balancing CPU and network in the cell distributed B-tree store. In: USENIX
Annual Technical Conference. 2016. 451-464.

Ziegler T, Vani ST, Binnig C, Fonseca R, Kraska T. Designing distributed tree-based index structures for fast RDMA-capable
networks. In: Proc. of the Int. Conf. on Management of Data. 2019. 741-758.

Mitchell C, Geng Y, Li J. Using one-sided RDMA reads to build a fast, CPU-efficient key-value store. In: USENIX Annual
Technical Conference. 2013. 103-114.

Dragojevic A, Narayanan D, Hodson O, Castro M. FaRM: Fast remote memory. In: Proc. of the USENIX Symp. on Networked
Systems Design and Implementation. 2014. 401-414.

Wang YE, Wei G, Brooks D. Benchmarking TPU, GPU, and CPU platforms for deep learning. arXiv: Learning, 2019.

Yang J, Kim J, Hoseinzadeh M, Izraelevitz J, Swanson S. An empirical guide to the behavior and use of scalable persistent memory.
In: USENIX Conf. on File and Storage Technologies. 2020. 169-182.

Oukid I, Lasperas J, Nica A, Willhalm T, Lehner W. FPTree: A hybrid SCM-DRAM persistent and concurrent B-Tree for storage
class memory. In: Proc. of the Int. Conf. on Management of Data. 2016. 371-386.

Hwang D, Kim W, Won Y, Nam B. Endurable transient inconsistency in byte-addressable persistent B+-Tree. In: USENIX Conf.
on File and Storage Technologies. 2018. 187-200.

Arulraj J, Levandoski JJ, Minhas UF, Larson P. Bztree: A high-performance latch-free range index for non-volatile memory. Proc.
of the VLDB Endowment, 2018,11(5):553-565.

Liu J, Chen S, Wang L: LB+-Trees: Optimizing persistent index performance on 3DXPoint memory. Proc. of the VLDB
Endowment, 2020,13(7):1078-1090.

Lee S K, Lim KH, Song H, Nam B, Noh SH. WORT: Write optimal radix tree for persistent memory storage systems. In: USENIX
Conf. on File and Storage Technologies. 2017. 257-270.

Zuo P, Hua Y, Wu J. Write-optimized and high-performance hashing index scheme for persistent memory. In: USENIX Symp. on

Operating Systems Design and Implementation. 2018. 461-476.



i HFEI Lk AKREATED 23

[146] Nam M, Cha H, Choi Y, Noh SH, Nam B. Write-optimized dynamic hashing for persistent memory. In: USENIX Conf. on File and

Storage Technologies. 2019. 31-44.
[147] Lu B, Hao X, Wang T, Lo E: Dash: Scalable hashing on persistent memory. Proc. of the VLDB Endowment,
2020,13(8):1147-1161.

[148] Zhou X, Shou L, Chen K, Hu W, Chen G. DPTree: Differential indexing for persistent memory. Proc. of the VLDB Endowment,
2019,13(4):421-434.

B HR 325 3 Sk
[8] F/Né, TyiBLL B e MLAE 5 I A B B R Gui 78 43R 1AL 72 5 K Ji2,2019,56(9):1803—1820.
[9] 2 FEl B, A JE A, P A3, A% B0, 28 30 X1 ik, B T L 8% 2 S0 O BOUE R B R 53R T L 4R ,2019,(42), IR CHELL S
No.120:1-33.
[10] S B ya 28kt 552 51 SUB0E FE 3R 4 B S5 WL 3R 2% 31,2020,31(3):806-830.
[11] FNESBA 5K /D & 0 5, 2 2257 R 2. N T2 R Tk A 1) B3 8 B R R AF 78 4R 277 41,2020,31(3):600—619.
[48] iz T, M G ba, W A AL, o eI, R B0V 2 1 o JB) 2 I AT J (92 20 R 51 H R 1F 22 31,2020,31(3):620-633.



