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Survey on Data Integration Technologies for Relational Data and Knowledge Graph

GAO Yun-Jun', GE Cong-Cong®, GUO Yu-Xiang', CHEN Lu'
'(College of Computer Science and Technology, Zhejiang University, Hangzhou 310027, China)
*(Data Intelligence Innovation Lab, Huawei Cloud Computing Technologies Co. Ltd., Hangzhou 310052, China)

Abstract: Recently, big data is considered a critical strategic resource by many countries and regions. However, difficult data circulation
and insufficient data regulation commonly exist in the big data era, thereby leading to the serious phenomenon of data silos, poor data
quality, and difficulty in unleashing the potential of data elements. This provokes researchers to explore data integration techniques for
breaking data barriers, enabling data sharing, improving data quality, and activating the potential of data elements. Relational data and
knowledge graphs, as two significant forms of data organization and storage, have been widely applied in real life. To this end, this study
focuses on relational data and knowledge graphs to summarize and analyze the key technologies of data integration, including entity
resolution, data fusion, and data cleaning. Finally, it prospects future research directions.

Key words: relational data; knowledge graph (KG); data integration
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5 R, EI A R P

SR, R WA i A 7 A o PR A 50 s AN AL 58 ), BRI R IR T i B i fI T, 1
B FE R AE LURE . 2020 A € e e [ 45 g 56 T4l B N e 3 I B T I A E B AR FINLIEI R S ) 48
H: ZINIREE B HOE 2R T 5, MR BUR SR RO, I s v IR G, 5 B T A RYE T (W hitp://
www.gov.cn/zhengce/2020-04/09/content_5500622.htm). Pk, 2547 Mb 45400806 T 54k 48 1 1) 75 5Kk H 2a V). S 4E
J8 ) B 2 H B by B B R R TRV B 5 P ) S b B AR L B — U 1) S0, B A AT R B 22 Sz B UL, T4
Pt T I BT BL. RN, 2 T Ui PR 5 2 B DX 3 B 2 (1L T 5 e 5 al KRl

B R I ME ST, R SRR . R RS BE Ve . SR T SOH AR ROR. TR E AN T
ARARHT B Rl LRSS DERR B 0GR BE H S 3G 0, SARARNT . Bl & LA BEnE vk O ok B S g ek
(I OCBREAIE ST I SEAAAR T A2 S IR E I BR a (S P 1, B 7 DRI [ R U Hh 4 Il [v] — ST (9 00 <2 9. 7R AT 56
SRR, TR D OSBRI A [ VR R HcH B i R e — I i e v, A s N A TE s, AT R BB M (EAE
BRI, T AR R A (5 RANTERE L Hn A R B I s 45 10) R, AT Be AR R0 AR ol B b R AR v
5%, DRI, 5 B B il DA Rk B AN )B4 ) — SE AT A i 2 v 7 AR 1 b 5 Il R, AT ORIE B 119 1
Wk —Zrk, SR BRI E. b Ah, ANRISRIE IR A 5 LA R B AR SO R AR v e AR B T ) L BT LA, B
P TE A BT AN AR AR U R G ER, B AR I8 SEEE, Do (R B i A 5

S BT O A AT 0 T E0HE £ B0 S5 T SR, (B I AT I 2R IR PR SCHRON T (1) 48348 Hi s 42 R 1) HE S A
AU R BT B (2) X S AT R AR (R SRR AT Y Ml A P Bl vk U )
HEATERI, il Z 0 B0 A A b 45 0 DG AR B AR 7 BIUIR (1 A TR 5 40 A, eAh, B SG ORI I A5 4 A 1) o
RIE, W2 A 2 ZIUERE A IS S T EE AR 2 o0, A MR EEERE 1, AT
A7 2 IR SRR T EORHk R, A [l TR ZE 10 0 R B 8, 4R (knowledge graph, KG)'™RASL s A
(P AR RE ) R IR 2R e 1, T —FhimiAT AR AU . B4k, T AR S AR FHEO) T8 g A
SR, SR T, A X Lo AR R (AR K (FEAf T B St S 30 U7 4535550, RATHAR A2 e RE R S8 48 1. 9]
1, JFEHNIAPE Freebase 1 71% MBS H A= b, 75% (K9 N S %8 . (0 R A4 UG, BG4, hf 585 LI
R AT BE AN ST, DRk, HS A I DG B 2R T AR IR TR G i e SR AU EH, iR N 2 B 4
T R R DG B S Y A, IR — LA T AR R - 25 i AL Ed (JSONL XML 5%). ARt fb s
(2 AR (RO B il U1 SR T 2R T AR AL Tl D B B, MR T R SE 34 (1A .

BT, A SO IR R B HH A U S T A OGS B 2 B R e, AN R S RO B SEAR AT . Bl . Bk
THYE 3 M EHE S ROCEHE AR ()5 SCE 1 TR, SR B AR5 7 17 S E .

1 SE{RfEMT

SRR RBAE A FERER PLER¥ o). BARE T A U T 50 L TR, B KR T IR
HT ST FE H 25387, CHH T VR 2 100 P AN [ 500 28 8 (B il i )L S R 7 s U101 oA U7, 4%
B UV (SRR TR A AR T AR T ) 5% 58 2R R 5 00 R B ) SE AR R AR, I THT 43 K B 4 TAE T
LAl iR 43 Hr
1.1 EEXRRB RS ENT

N 5 58 S RIS AR TR T, K I BAR A A7 it o DG 2R OB . AR T, X SO 38 5 43 TBOLE A0 b AR 1 s
AT SO A1, BELAS 5030 A G I 38 22 100, 5 22 A el S A A b1 300 A ke S 2 AR SRR Tl 3 T 3 [ 5y
FOBIE 5 B P02 LB 7 YRR A AR TR SRR PR G A 15 41 1) B St b ) ) — 6 5 (BB 4 4 TE Af UE T 070,
DAFT A s I, S BB R Hs  B) 1) DG BR T3, AT Ay 5090 £ 1 B4 5 Al

4 D RREH DI T A m A B ER RN KX RIEHRLE, A={4[1], A[2], ... , A[m]} A D WEHES. B4l
e D¥H—RFBIEMELLE, iTH V={e.A[1], e.A[2], ..., e.A[m]}. XK e.A[m] KRTCH e TEH m NE vk ()
A[m)) IR YEE. 45 AN EHREE D I D', % &R B SEARRENTAT 45 B A2 A A TCALN (e,e’) e DX D' IR T —A
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B2 25 T AN I ) 26 R R 10 SE AR AT~ 1. B 2(2) A K TE R E BRI R GRS D, B 2(b)
A FH P S R S S A S B A D P B T A DT G A6 BAN BRI, AN BEUG L 1 G AL B bR . 1
2, TCHIRT ey, €)) T (ey, €,) A IEFHICHCIN, T TG e3 e F5 1) H S b AN [ .

[ T ] 9% 28 2R A0 155 R PR 1 0 e i AR A 22 ]
SEAASENT (5 177) HoEma (52 79)
THI ] 5% 2 2R 004 T 1F1) 60 P £ T % R A HR ) T 0 24034 PR £
Y SEAA AT BN Kl ab & Kl b &
(36 1.1 ) (% 1.2 (% 2.1 ) (3 2.2 )
) ir ir .
i e THT ] 5% 38 AR 40080 1) i v T ) 26014 P 1 e T
(33 7) (4 3.1 ) (% 3.2 )
- N J
IR S K AR H
A 25 HAERE AL P97 B

B 1 i) ok AR 2R e B S R P O 0 K B R BRI

AP | s | M I R M & M4
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(b) KFZAHER MK RAHHRE D
Bl 2 SRR A LA i

VIR bR VI R B S AT 25 SR B b R B R 4 R F1 480 R %
P P DURRIEALRT 7 7B LR TE A6 ) E 1 4 144 00 60 25 2 DU AR TE LA B o 20 (DG
VSR G4 54 50) 1O 1 200 RS 4 R AT, A58 (1) B
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P e A%
PFGCBAR B AT I, 50 2 A 20 Qe R 700 L8 51 B0 96 R e
S ABILNT. ST 7 M B8 AT e 75 P A0 PV B 5 o PE AN 25K 5 R DL 1 SE 417
ST b0 AL T AT US4 AR IS b 0I5, 36 T GEBL 2 1 v A
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UEAER, BEAG VR P 2 SR AR AR LA 2 T AU 0 DR 2 J8 , R ik T P8 2 > 1) 06 R BB Bl S A A vk E
PE, IR T R 0T BE. MR IR R 2 ) T e Ok R A AR REAE 1 R AR T 3K, AP 10 FR IR T VR
(1) ZE T 7 HIREAE 1 ¢ 22 BUEHE SR ARATT 735 (2) J T P G5 6 1) 2% 28 BB S A4 AT 7 3.

SEF P HRRAE (1 06 2R BB SRR AT 5 20K o A A PR A 3K, FRRH RNN. 25+ Transformer ¥ 1501 2515
AR (LR IFR TR 2508 5 MR ) S 3 B R AR A 0 o S AR HEEAT 2% > . Ebraheem %5 A P42 H T DeepER, %)y
WA K W2 M 4% (LSTM) 1 GloVe i ik A 1) B 3 [7) Il 25 S AR AT B 70 . Mudigal 25 A U2 H
DeepMatcher >4 iE /5 FIRFE (1 8 SEAARMRBT RS 8 T —AMEI T 23100, FHRWT T R A8 AE . RNN BRI
I (attention) X T SEARRAT I LR MR A Nie 2 N H T Seq2SeqMatcher, 1277 120K G2 AR 4 4 R4 il
(K177 BT 2K LA 3R 4 R 2 1) PR 8 SCAR DG, I 3 T4 R SR S M %ok SE A AT 96 R J0EAT T, Fu 25 A4 H 1
MPM U 63 T30 5k 3 T RN AR08 JSE AU J88 5 7 v DA AS [ Jed P 32 48 45 34 P R vl DU, AT 2 7 D P 1 o
Zhang % N YHE I T MCA, 277K 2 B R S0 U (B35 BVEE ). By B A /i ) ok
ICALIFAIRFE. Kasai 2 N U2 H T DTAL, Ol Rl TR 2% 2 R 32 3h 2% >) J53, DAY TH P 9 RR fE A5 0 £ 41K 5 5
W B SRARATRR, RAE LR TARAE— e R LR T 3T P SR AL AR 7 O 22 RS S AR A ATT AT 55 L0
AR, AR TSR ke RNN 53 5 D U R SR A A 4, AR 70 20240 G 28 LA ¥ P AR AE. 1923
TR 5 R s K RAERE ), BE S BORIF T AR ) K T 25005 5 RS 2 AN SE AR R AT AT 45, DLIE— 2042
THICELPERE. Zhao %5 N R T BhIL B A8 2% > HOVR IS SEARARAT 7572 Auto-EM, Hu et /5 S AR A AR I 1 476 00
AT 55 1 SR BE S AR AR AT A 2 AT TN £ A SR AR 2R O D eV R, I 982D 45 7 BRSBTS e b 28 O A5, Li 45
NUSHR T DITTO, %75 12 U 5 8 55 B8 70 55 22 el S50 489 o S5 s 160 B0 1, LA S 300 7 G ) 2 A AR AT 44
S0, Li 25N R e BRI ZRTE AR A8 5 2R TR RO SRR AT AT R SR R R R, R TLRE R A
BRIRZ , B DR FACH BE R IR A2 KT 2RI . %1 0k, Li 25 A48 T BertER™, i b 25 4 i 4 45 4y
T DT PR AT Y 25 1K) T2 A8 FL AL RE, T 388 e S AR AT 280K

SR, BT AN [ 2 ) B e 9 TE Sk, ek S 4L e 8 X AT R 25 K3 40 BB 4 U0 il B ozt
(IR G a8 e ) ) MO DG R TGV A B 78 43 IR AE. T340, S5TF 17 5 10 D5 0 AN TO AL — AN IR 7 81, R TG vk
TR R IO Z MR LK FR. Ak, I O — 2L 2 e T 35 B 45 M 10 0% 3R B B5H S a7 vk, Jd ik
W 9% R S35 0 B 5 (R 38, AT SRR [R)J&@ 2 1) S5 OR [ e 412 1) 58 = & (178 X 5C R, Cappuzzo 55 ANFR H:
S TR G538 5 70 7 — S5 38 AT A8 % 4% L K T SCRAE RS g, (EME AFE B A 52 SRR Al i 45
rORFEIL N A MRS U i, Cappuzzo 2 A\ VHR N T EMBDI, 1% 7 56 0 ¢ R SR A4 2> Bk 0 K 45
7 J 38 3 it L A 7R A ] 5 A o 2 ST B (LS e 4R ) 2 ) (AR DL, RS TR Sl e 4 2 1)
IVCACSE 2. Li 25 N R T i 1 36 B o 4 0 4 1) 1 J3E SR AT A% 8. GraphER, 258 R0 K JC 4L 4K 4
ST A5, I8 I 0 AT OCIR R (K0 T AT B, AT S TR PR A . AR PRI 5 M A8 R K R AU Y
PYTERFAE, (H 2 P 48 P LA R R A v B, B0 92 9 2R TR B0 4 o 1 U 500 2 2 1 5 0 R 4 ) 0 i e i 2
31, I S B R R ANEE.

Db b, RUE S TR 2 S 10 5% R B H0 i SRR AT 5 T e g A2 KR N Zhn 28 (AR B ) IS Nkt s
T (R T T &5 SR, AFUSR I SE AR BT B 25 1 LA oo B () B AR, X AR IS AR vh Rl B = T A, el gt /b S A4 A
AT 55 Mol A B8 IR BRAR IS B39 224 Wi ATE 30 S AR AT B AR (10— AN S i 7 7). AR Auto-EMURT EMBDI™ e G i
BT BT T 2820, FR & AAPAE— @ BE. Wiai ndk, 5T /7 5RFER) Auto-EM 3 LLFZ 0 78 42 1 a4
1, 3T G5 REAE ) EMBDI W) 5 52 AF 503 (03, DRI 5 3% 46 DURC PE B8 RIS AE e — e BRI 5 4h, 30 L%
B AMIRR T LT W O R B 2 ) SCARMRAT J7 . 0, Li 25 N CUR T — i 550 T W B BRI M B3 422 7
1% Auto-FuzzyJoin, JLAEME LI/ ) 2 50 B 92 0 KLU IO DERCHE B Zhang 25 A B2 HY () ITER+CliqueRank Jiji it
P AL 5 B 5 S ARSI A THE IR S TE 75 N T2 5 (56 R I BOE SCARMRNT. Ge 25 N DM T —Fh AL T4
HIE WM ) £ 5 2R TR B S A AT 7715 CollaborEM. 1% J7VE BT T — R o i N L5 5 /0 E shkrid skng, Ham ik A zhiz
0 TCLH 2 ) (R SCAARLE DA j i R B I VRO AR ZS. 8 1 RS T 4R 6 TR B 2 2 11 56 2R RO R S A i vk,
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BEE F mE) R KL 4R B0 SR BRI AR L 2369

Rl BLFURBES: 2 I OR AR BB S A AT 53k AR

LTk IRk IR I
DeepERP” y x
[42]

DeepMatcher
Seq2SeqMatcher'*’!
MPM*!
JFFRE AT AR TR MCA™!
DTAL™
Auto-EM™7
DITTO™
BertER™
EMBDIM"™!
GraphER™!

2 X |22 X 2 2 2 2 =2

X < | X X < X X X X X

P s R A A2

BRSR UL, R H AT O A VR 22 10 1 D% 3R B 1) SR AR AT vk, ARBIAT AR WA 4R B4 3& W sy X A 7
FIE I R B 1 I AERFE, S50 DU RS B SZBR. ko, 1375 3k — 30 B MRS 2 TR B0 S A Ao A b VI 5 S
(RIS, LARRAR N I AR DT IV S% B0 S5 T o B 32 R SR 32 5.

1.2 EEFIREE A ST R

W5 S FR S B — R A = o (BORREEER) ATk R, JLh A = e S A S A DL B B e AT TR G
. AR AR — Rl 2 A A AR I X, Betg DL — Rl T U2 6E DO R A 1 2O B AT A
A R L RIS AT TR, AR R ) e TR P LA S R RS S B FR s A, DRI 7 S B 2ok F R )
SIREA RIS 5 SR A, DAY R A RIS . 3 AR N 2, AT SEBAN AR B, THD [ e ) e ) S A AT A2 %
TR I Se P4, B 70 SQIRAS (RIS U5 S R P15 v i ) S0 S 1 FR]— X G SEAN /DL R S 44, KRR, TR %3
— HH TR SRR B SRR ROR.

4G =GR T)REAFIEE, b & RRIMRES, R BRLER LMK RES, T LRHERS KR
FI R AL & G B D SR ey, €€ & I N SEAR e, 3R ) SEAK ¢ MG FRre R, HORH N ) =041 %R h
t=(e;, r, e) €T . TWH, T 10 KU B 1) S AR AT AT 45 15 7E SR B IR ANRE % G, = (84, R, T) B H AR50 1R i
G, = (&, R, T) TRA SR —— LR R R (R AFEREIEAP), s 2) Fin:

P={0,1)"& wlo.g |&l<IE )

X TATE S el e &, el €&, M HA Y el Rle] UL (Ros el = ef ), DCREHIFEP S NG EK Py=1.
W, P;=0, %7 & Al e] AILIL.

B 3 4 T AN T 1) R P ) S AT R . 18] 3(a) AN TSR RG] KGpy, 8] 3(b) — A HSC
SR SRR KGyy. KGex I KGyy & HALE 3 ANSEAR, BEAS AR Z A7 ——TLECC R, 43024 (1) J. K. Rowling
=J. K. ¥'#; (2) (Harry Potter) = (M3F)-345) ; (3) Daniel Radcliffe= J}JE /R - v L. 6 T8 2 0 &, T[]
SR P 1) SEARMRAT AT 45 B AR 4R 3 i —— ULl R,

VP FE b R Ol SRR BT B PP AL FEAR A Hits@N (N=1) R 0Fk (mean reciprocal rank, MRR).
Hits@1 (H@!1) 27 A % 15 0 TL T 1) SE 44 oy B0 (BP0 IE DR RS SE4406T (1 400 ) I LB 4. Hits@N (N> 1) RIRTEAHLL
FEHEA T N A2k o IE R UCEC A L5 MRR AT LUGE kv 55 7 1 s DG P 550 P A B 450 B Hk 42 (R 3404 153 240,
A3 (3) Fios:

1 N1
MRR = — 3
N Zi=1 rank; =)

MR, rank; 27558 0 A IERUCHESAA AU BE4L . Hits@N A1 MRR R =7, U SIZAA AR AT PR RS 38 vy
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. I () IR (F30)
:& ‘ LK. B
- Bl ,/\n‘,lx
= Daniel / JHER
LK. ) Radcliffe f
Rowling w

Screen (A
writer %,

(Harry Potter) CIE R - R D

(a) ST HIH R R4 (b) T SCHTR R

B3 SR SRR AT s 1

WFFTILR B AT 53T AR S U PR Sz Ay 3 SR PN TR R B AR S AN R YL AR PO B Al
ABLRE T4 7V 9k, AFK 8 T 30k el LAAT 28 WG P S5 A0 e L PR i, R ) 77 iz o Y 9 L S 4k, Bl s 2 )
(representation learning) [TRE &%, MIL T KB 2E T 372 2 AR I SN 7 ik, 27 AR AR [l i v
SEAR SO0 FR LR O IR SCERES A B, B S O R IR IR AR GE IR 0 = (1B 2, DA o R AR HE LA 2%
AT S A SV e 1 ) R e i, W2 VO o R e A ik N ) 2 A) PRUAEARUE AR 38 S 2 TR I DR L/ 25 5K R

FR 5 0 T B 5 P R ) AR 2, 2T s 2 ) I AR S SEAR AT vk 2 B ok 5 28, B3R ol
AERERY (451 TransEPSI ComplEx[Sg]) ks FETEMAEMEE (GNN) 55 FETRERBEARLY) 7. FET15
PR 2% (RNN) 11777513 T Transformer A2 7 [1) J71.

FEF = CAL R AEAIRL (1 5 VR FR AR 3% () = G FAE IR 25 3] SEARRISE R AR ik Ji . BEHR, Chen 2 A1)
$2HH T MTransE, 1 UCF TransE 3% — 28 i) = G412 HEARR N FH -1 40 VR 1 3% SC AR T AT 45 BifiJ, TP TransE!* 1Al
BootEA MK 1A AL G 15— SO AL FRAE AR AR 45 & LA S I T ) St U P S A AT P . 30— 2D b, Pei 25 L))
Fi i BRI S SR I B (degree) 2 430 BAT AN R BE B S AR IE AN [F) (R UL BCHE B, 25 T 3R T — b
T EE R SR S SR AR AT ik SEA. 17l 4 A = U R AR RN s ik, A LR TR T A 22
eI OL TR SEAA RN 7 52, M TATH VT FL R

SR, =R RARBE TS T MO T = T2 ) R B A R, 5 2o TR i 4 R i A5 B IR R 3K A,
VFZ AN DTERER T 25T GNN IR AN 3% SRR AT 77 1%, H i 2R SR IR & Je A5 LR 27 ) SEAR IR BN ) £,
DA 3 5 = B (10 60 T P 4 B . Wang 25 A Y8 YORE IS B 4% (GON) 51N SR 3% SEORRAT 1) 1, J5dit
KAETZIIAE T PR B TP R B () S AR ARATT P B 3. B, Cao 28 N4 H T MuGNN, %7 204
HRE I (GAT) 1E Ry SEARSE MIRFAEFZ 8 1 AZ O L. N [F]F GON K SE R IR BT A 40 5 15 3 — PR R o s,
PRI 2 T LAt DA S A A D 408 J T A ] RO A R, LA SR 7S & 408 Jai T S A4 ) s SRR A, AT oot DR e 1 . Dy 3k
BT AN R S AR AR AT P BE I AR R A, Sun 5 A COHL I T HyperKA, %7k RGN T 31 2R 45 #
FIR 5% R AP 22 4% (hyperbolic relational GNN), B8 DL SRR 4E 7 2R N [ 5 S B 0ER Y DC AP e bk,
Pei 25 N H T REA, DAY T hRy = A f M 7 T e A &8 1) A1, A 73 S A T 45 L — 2 P R k.

W Ah— STV TR R . AHFR AN E Y 4% B Transformer A5 70 S SEARARAT. JE T M S8 2 1) 7510k 1595
T 4 A FRABIR  Jr U PRR F d NT)  DA S SRR DI 5. T R 2 I 2% (1 7 9 U0V B R R RNIN A 3R 4
Z AR RO R 240 & (0 SERRFAE. F5 T Transformer B4 1) J572: 7 7Nl Transformer 38K 1K1 R AEBE
77 VO BRSNS ARG R AR DA AR IR SRR,

PRI T3R8 22 ST AR B il S A b 7 32y, DR 9 AR 56 A MK B0 1 A TR IE 1R AT SRR AT . 2R
0, 5 TS AR D74 e, 50U R 5 1) P AR AEAS AL, M LALE BTS2 b A al IR D O 45 51 56T ik, Ktk
LR R B B S GRSz A m v B0 SRR U SR AR UL SRR B SORTE R P 5k

S FEEEI https// www. jos. org. cn




BEE F mE) R KL 4R B0 SR BRI AR B 2371

BET RAE 27 3 00 VR P 3% s A A 7 AR 45 2, S0 B R TR Bl B A5 2 P A M SR SR SRR AE, AR R I 5 44
AR A 0 i R, T B T DE AL, Liu 25 N BRI T EVA, 120578 UK SE R 1 B 545 1838 1 1 SR i b AT
4. Chen 25 N\ IR T TEANS, %75 1204 40 R 3 55 SCATE AL [ WSt 45 7] — i B2 ), 8 ek a5 A% 7 VA AR i b
PHLPCE R E . Yang 25 A PR T HMAN, %05 Rl & GCN BB AL T Transformer 11 5 i = 46 1Y
BERT™, Jth GCN FH T~ 3K ML S 44 J@ 4 15 4% FRERE, BERT M FH 14209 S ik b 49,2 (935 X% K. Tang 2 A 7Y
W PRR T BERT 5SEARMRNTTS 0454772, 38 T BERT-INT J5¥%. Al F HMAN, BERT-INT #2ii T Xt
T SRR (R A, R SEIL T AR DURC 45 3. BUAR K (T AR SAE T 4 B A5 JEO6F T 0 P itk S A g A AT
55 (AR E A R T ITAT (¥ SEAR R A% 4% B 0T X R (K Bh A5 2. Bk dh, S5 200 5 SREUR A TR F A2 75
A0 R ), T (B, SR P R A7 A 7 Ty S R SRR S5 LI IERATE, 5 T A
IR N T AR ASRAG 70 42 R A B A 5, AN T Aff £ oo o ek 1) D TR &5 2.

SR PR S AA AT (1) 45 SR o it R D I b 2 50 v A DG, R 22 B AT D i A W vk, L T d it
KE I UCHE bR LA SAERL YIS, R0, $EE A0 AL O A DT RC bR AR 5 i S A ) A, RAE IS5 R A
DISZBR . Ak, O 3 A 9 AR T g/ N i AR 5 THTHEAT T — 52 (MR 2R, i, Wiy ik (000270830
R O R 50 PR s 6 A 4 BSR4 1),

FE 20 S 1 U PR S AR AT 7 B AN AR S B 5 bR A B — R N R AT U 5, A A I 2k
(self-training)' " > > RIH I YI 25 (co-training)!”". Hij 5 HEAE A7 b5 25 K4 BT 26 2 MRV RS HE 2 AR b Ay JeAR 25 $008 14T
Bhhrid, DAKE N DT AR H . 5 8 T P AN AN TR A B ASHE A (K SEAR A TR AR 2 30, 30 3o A et 2 ) 6 B ) 1 FHD
R [ A UCHCHFAL. SR, 2 B 7 A T Bt D BobR S, RT3 /0 WF 98 N R R L T 5 AT YR B B AR 28 AR i 7 v R
To M T30, DAFE R 0 VR I S AT A 4556 T E A bR B M. IR BIK 50 10 b 285 2 e 7 AR e R PR3 o 1 %
PG HE B B 2E BICRC bR, o, EVAP TR SE R B A I8 A B4 VS BeAR 4, (HFRE T 2 1 S R B 45 43 1 75 2
AN T AR, X PR T EVA J7vE 15 FH 6 Bl MRAEA S 56 ) FH 48 3500 3 %0 S Ak 42 R AT Bl 3, Bl 5 |
Sh A0S (P G BRI 12 8 ) PR SEEPAOG R A DG P b 285, 17 s 3 ek i A A SR s i — SU X bR B8 HE AT 78, SR 1T, MRAEA
SRR AR T BRI, TS B IR VT B bR 2 125 . DA T A R AR 2 A O E i — L BT DU 45 5 R
Ge 2 N\ PR T 7 s 23 110 00 VR IR0 S AT 73 BASY, HLl i 4240 9244 (10 2 5 4 BRI AL 5 45 A AE L A
B2 Rl e TR AR DU AR 2. PRASE S ML [ 50y A 1l SRR MT b 25, I8 1 A AT 7o bR it 1
e 7 g, Mao %5 N UOHE i BUARIIAT 1 7 32 00 3 388 Sk K 1 DG P 488 o I 10 S A B . T 20 A 7 0 £
7730, DM R SRR AT AL A AT SN Zx, (R SEBR E A0 R Bt SRR AT AT 55 52 2 40 KR AR I [ 67 SE A (B 26
AETHUCTIE) BT I RN [ B A H G 1. 14— 25 i, Mao 258 A COUR A b I % B4R Y T i e R IRIHE (R ) b 252
> SR, LASEBILTG 75 by (0 0 TR 8 SEARMRAT . b ah, AN )T R R TR 2 M 7 %, Mao 25 N PR T —FlaE
TR T J55 SEU, %57 100K 52 PR ARATT il 000 Ay F5 A0 4 P i 8, LA TR a3 s 27 30 3 5 6 21 14 e 03 I 17 i
AR VA S N T RRE oA B2, i S e o B L s 20 D e

AT R il A0 224 7 e U PR SRR WA 45 0 5 — gt ELUACR U, o 5 0 S 36 DAy A T 4 4
K BORAT J7E I T /N0 P B (1) S AR AR AT AT 45, FUafl LA 3 3 512 3 35 P 353w A7 A 1 KBS 5. i L
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S, AU PR P A S GRS SAA) T BEAE S — R R Th AN A 5 DS 9244, Sun 55 A PP % 18
TEAESAR, SR T A GG SR DN R SE AT I 22 AT 55 2% STHEZE, AR I A2 Kk s S 4K 10 SR
AT S AARARATT . o At e 51 5 bl A SREDUHY b 3851 26 5 S R I ) i, Lo 285 A Pl I 5 | N5 S5k, H S A AT
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2 FETRIRE SIS R U SRR T TR BB

FoRE L HiBE R Tk TR
¥ MTransE"™, IPTransE"", BootEA'”, SEA), OTEA®, TransEdge""”!, MMEA"", AKE"", REA*"
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4 F MultiKE"”
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RAGA!""! GMNN!"'® RDGCN!"'", HGCN!""®), MRAEA™!, GM-EHD-JEA""!, CEAI"*", CEAFF!"?Y,
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[SEE EVAFY
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R - {1 PRASE!
2 RSNs
RN = COTSAE™!
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I R, S T A DR ACHE B Jed 2 v A s — B0
2.1 HEEXARBHRIENRIEMES

MR 508 S0 BRI AR K A8 T AT AR TS Ak, TP b 8 &2 IE7E DU NI R3S I, HL 288
BIA RIS B AN T T XL E R 2 A7 TR Z R R BLHAR v, P it Web 2 Boak HogkAT A0ify, AT Al 41
A i SR BLTE PR DT SR, X SO 15 5 R0 T A 8 0 ACRAIE . R b, i ao 500 il A 4 Tl SR 11 A I SRt ) %
FRAVE I LS AE A T, AT i e 5l o 58 s A9 2 DG B

L O RAKIET A FEEIEIE S M—RINVEBIENE. 48— MR E s e S I—PM RN S o e O, i3
B s I A oC T AR X B o BOIME T RIS V) = V) 1,95 5oV e Y AVOT > 1) B 0 H b3 A A2
PRI 0 WA T HH A 2 ) — A B A0 HO0 Y AR, s vy = (v 1,56 V:,|v;|}(|V:| >1).

TG HE b 11071 5G 28 B A (1 2 R FH VRS HE b S B0 e S ) LR VP A T . 25 1 B K ot 5 ) i
AT B A SR BN UL, T TR 40 B 4 K e S R 3 L) B VT R A0 B8 R 4 2K

T IESLAE I &, 3% R 4656 F 312 % (mean absolute error, MAE) ATV, 338 (4) Fios:

ol lev:‘n 10ij =il
MAE=D = o, @

o, |OFR- B GACR, |V 05 § DNERT G UL, 9 R i Bl gl o T eI TS 1 IR, v;, A
59, Fro N R FLAH.

T BT S, S0 S0 B DS HERA B (Accuracy) Sk B BUHERA T3 1R HEM BT 43 00 BLAEL 50 o S0(E R 5L
L, an A= (5) Frn:

o N,
Accuracy = Zi:l m

Horh, N, b B RlA A TS B S 5§ N R R S B A R

FFFCIAR B 5347 5T i S (R H5HiR, S o SR A 58 v B0 55 (45 8k T S 7 (R U 50908 5 1) ot i A
LT, — PR B e 2 BB SR SRS, 1 SRt o TSR B R IR IR, K IR B K I IERA . 4R
T, T EAE REAE T 5 5 A, H S RN 85 T 2 i Ui < (Rl s BLAL R AR 5, 80 B B =il el
HRIBAE. b T R S T HER P SR, B R E R T BT AR, EE I TER . T
DEAR I 7R RO T W22 B BETY (1 7 5, W3k 3 .

3 T D% FR BN A R A Rl ik LA
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3 RIFIERIZ 0L, T e g5 k2B 0 AT

FLIRACI TR RS T 8088 00 5 1) S ARL T -5 B30 R P Wl A5 BE A v 2 TR AH AR R ). 30, 123807
IR H BB — NS, SRR AR SIS R BL B (1) Bl S SE TN BT B (2) B R AT {5
BEMGTHIY Be, 1 & R s AT S B A .

EZUAE TN BT B, ARG B s SRR 15 82 [ 5 ANAE, I8 300 2o 2R 45 AN [ B U5t 2 1) 1w A5 2 (R 3 5%
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Horp, v AREREHE N B o 19— ARLIME (PTRLA HAB ) — ML I, Pr(v) s v N BALKI AT RERE, S, ARRE 5 1%
DAE v BT B R IR 1, wy R BRI s 1R BERCIE, |V | Bt s v i A T . AR 225K (5) 1
THEEEE R, R REAMREE AT HE P, S A BB IO S5 RAEAE R B AT S BGE I B . 12k, 23l
HIN Ay ATEE AR R AT AT BRI IE AR B

PR AR BRI A5 BEAG VB B, (B B WL D AR A AT REPE ] 5 A2 (A 3K (6) THLPTA), AN Edl ok
YR R A5 BEAL T Al AR 4 FRE A LIUAE D FAE ) T RENE Pr(v) BEAT VRS, WA 5K (7) P

Wy
v
we= 3 [Py x 1 Val )
veVy
2Vl

5N (6) FIAT (7) T4, Pr(v) MR sy, HoX N R SIEL v X B A FEAG V1 Damk N oK.
FEFRETIEAII 7P, Galland %5 A\ 05245 A 2R PARAULE FBE B 500 &, SIS AMIBLEE . 2-Estimates 5
¥EFN 3-Estimates 77 v, I5ARH AL T ECHE (17T {5 . Pasternack 25 A "PWEREACHER dhr 5] A /1 (AT A S — %
WP (GRRA LI ENR), Tk ZR GO 630 50 UM AN 2 22 B SRR € EAH. SR, I3 T7 A oy AE ik A i vh 2R
BEig, IR A A S, JE I B T 128 5 i i Aal A R
BT 5 25 AR R, (BURRBR A HE ) X A Bt 5 B W IME AT DA, A =X (8) Jos:
argminZ ZWS -dis(v),vi), s.t. (W) =1 (8)

wshlvo} 0e0 ses

o, dis() Roan—ANPE RS RER R BN, 0T RS ECE T S, 7T LR ARG 0-1 4040 14500 5% oR B AT BE B9 R 5 X
FHEGAT S, WA LR L2 -norm MEATIE 85 7151, w ARFKFTA BRI RS, W={w, wa, ..., w},
(W) = 1 27308 BT B Il A B ATV — AL AL BE. 76 6(W) = 1 AR T — 4 Ak 4645, il 4 A3 (8) 155
1) 5 Bt MK, BESE IS T BB AL : (1) 7T 58 (10 B0 SRy o S A A 5 JEL o o2 Py B P (4005 (2) AN FT REM 4
ot SR YT B2 A1 PR DU A LS B I LR B B AR . 5 AR T IR AR iR AR 2R A, T 0k ) 5 LR AR Dy O
dis(v$,ve) 5w BTG, HEWSL LA, J 7T, W A3 % o, AR (8) e AN EE BAH
—A5 o HICHIMIME v, HIRAT ¥ 22 BAT 2 A DUINE/ ZCAE 1 L.

FEIEFAAR ) 70 p, CATD™ G T B I A7 A6 i KR IS (long-tail phenomenon)——k 2 Bk H Hi 41
DRIE R, HADECRIE RS = 00E B, G, 1R/DF G YEEE 1 RHX AR 065 B 12 Wk X8 My
b AR R IR E i T RE A B S Y R T RE AR K. CATD 4 F T+ B s ok B B K RIS v 555040 i IR Ak,
I FIAR 7 VA 550008 w475 T 10 45 DX ). SLiMFast!™ ) F S SIS0 ok 2 e S0 958 40 A1 85 00 OO B 4 1F, 1T
T FhRe B35 ) SLiMFast T SEUWARAEE, AHOCSE K0 E B0 Z8 RE g et 25 Hh 240, MO AR Bt
BTSSR

TR RS TR 1) 5 v S AR A s R v A 3 1R B 4 At 2 I 5578 (probabilistic graphical models, PGMs),
T T 5 2% PR MR S S PE TR % (BB T3 ), i Bt S A Xk
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seS 0€0 seS

FEHE TR PARAL () J7 75 b, TruthFinder! 25 T MEA A% AUBURL (1R 45 HEZE, JF45 -4 i A 1R AR ABLPE X U
Y AT A FEREAT A V. AccuPrt /5 o D1 i35 43417 R A U1 2 T A7 7 PR ARG 2k T IR BSCH 1 AT A7 2. LCA 7
TR B H R O U A7 AE K 5 R D0 24, IR e KR iR (MAP) KI5l vl 5 L.

BUA I 17 9% 2R TR 5000 PO 50 Rl 5 77 303l R RO LA T 3 AR AOOR RRBE, 200 U — BB e YRS
B LA R PO B BE. 31, K B AR AR — S B 1 B Aok 1 IR O R A B
N LT RT REVEA ] B Al T AT ARk (K e T B B, JAE S N R AT IS B, O AT
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FETAR 2SS A A ) S K I 2 TR A7 AR G 3R (BRSO A 8. 0, 45— NS ke s TR A1 6 130
P IS BB B 0T Sk, W2 SRl v e A vl S 0 B I AR OG5 R LR IRAE T, BhE g @
WL R A A A — R AR DG, RSk, A LA AR T SRR KO R R, L 2
FEPPE B AR TS VU R LI — i 1 S BR M, Xk DA R0k B ) 52 2% 22 FF 1 B s il & 3t

2.2 EEFIREEHRIEME

W 552 Mo B B (1) %, SR P i DAL K (03 SCAR B B 0 RN TS 2R i 0 D <SR LI R AR 1R 31
B 5E T LA, A 0 A R R R T A R AR TN AR, 1K BT AR I AR R PR I, B R
BB TEE BRI Y s AR R, SRR A 0, AR ZE B BRI = e A S A, B
AN FE AN T N FUIAT S0 TP 3 o R B A 7 T . AR, XS5 V0 S PRI B 2 HAN RIS =0l oA T
W 75 B AR v VT 11 0 R P e AN R S ) T R P R B R A (B AR AR A MRS E I,
B TR E AR il vh = e 4 I IE .

4G = (&R T)INE— MR, IR T = e RS, b & RoRgeih i &, R ARF A2 1A
MRRES, T LR HSAR S R RM I =Jed. =Je B E b t=(e, r, ) € T . KT HIREE K740
NEAEH 1.2 WA, N A AR EHER. BUE f= (¢, ) I—AFSent g, HACE =0 ¢ 2 B ki s Bt
1. & C={cy, ca, ..., cjq} A A TFRITHR AT B B FTA B9 SRS, S1iRERE B H FI7E T A FRERIE SIS
BRI F I B A AT IERI R4, R € C C . B, IR Bl U0 by IE A 0 5 St S0kl 78 n 31 2 40 i 4n
WG, L 7e i B G 4 2%, SR THAR RL.

PR Feba: JU R (0 VP Feb R THT 1) 56 R B0 (R B0l & 57— 380 (PE L6 2.1 1Y), MR AN A

I FCINAR AL 23T 30 SR, T ) 2 28 B0 B0l 1) B30 s Al vy B T i, 0 BR R Aok 28 i 9
FAG IR R BHHE A RN 1, 5940 7 00 R BUEHE 55 A B A A S5 A T O 25 Rk, Ok TR
SOV B, — ST T AR T R B (0 P AR, AR M T/E# OKELE!" "R TKGC!.

Cao % N\ MBI R B G K A AE T AR B 3 v, 3 B KRG 2 48 R 3B 2 B YR R AL 06 T4 i = Ut
AHIE B, AUH DB = Jn RS A Z AN RS SRI. SRR A 7 VR I — Rl WA S 5 505 = Jn 4l 2
SRIFECERR 2, WZ = o2 8 S/ AE A R T et oK. AR, R TR IS S A7 A, SRR 1 LA R VY
AN ER D SR B R T B A ) = e AL IE R . Ak, Cao 25 A VO HY T OKELE, ik — R s (i = P B 8 )
ARG R E RS ATA B0, MG A A Z o 0 IEa P, B 4 D9 BB ) 7= .
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77— Bo
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I 4 OKELE HIMEZR B #i R 7w f5)

T4 =041 ¢, OKELE ¥4 H o4 L 28 S04 — /NTE [0, 17 DX 8] P IR IE SEME 2 40 AT (BAR beta 73 1T), H
Bz it z, B, z,~ (1, Bo)s B T Bo RTHIZAI A IS AL 75 OKELE th, B=(B,, Bo) 1RFYLE ¢ Jy KIS K %
o3, B By IR 5 ¢ AHOCIR SR AR A HOW B ORIE R 2, Bo Ron 5 ¢ AR IS ER AR b ch B (R
RIREEE. 4558 2z, ¢ T A E T DB FE 0 BEATHEN—— 2,2 0, Wt NE; RZ, # z,< 6, W ¢ A X T4
A HARIRE s, OKELR Ml i 47 J50Y R 5 70 AT Foim 22 77 22 w, #EBE, RIRN w, ~ Scale-inv-y2(v,,72) , %5010 HE S 4
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oz, Fl g 43530 AT A0 A 45 1 1E 25 43 AT (R 3 (E A 5 2. OKELE A 55256 %y FLI AT REYE L (GRENM) JL{E R
A, 2 B YR 1A SO 55 MR T O 25 . A B AN T S, D00 2 e R T4 A ) S0 ks O 25 P 0 LA

Huang 25 N\ "7 AR 8P (04Y (LB B . JEERME . F0F ) AR Rl A I R PG AR R R 1R, Rkt 3L
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FIVVEERR. 18] 5 45 HH T TKGC B FEAE ]
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o 4 Sk
P E T ~— itk
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-~ VIV A SVt

e s BRI A
=F » gy <

By Rt Tk B

K5 TKGC HARMFEHER
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(semi-supervised truth inference) LA K SEAAXT 7 M 4% (value alignment networks). 25 7€ K B A FSRIE L S 4E S,
A Ry STV 3B TR 30 3 2 >0 A BV AR RN ) SRR A 1 R PR 35 v PR S AR RN DG 3R, AT B AN [ SRR R BT 45 1)
SEXT G AT SEME. SEAACR T I 2% 5 FEMR R R SE A TB) ) S BT (B W1“UK” 5 “United Kindom” 4 ) B SE 1 5 b (1)
] —SEAA). B, ARE SRR 55 W0 4% i) ATHERLAS 21 SR 2 [] TRTR AR 3 L (1) VR 5 A 258 T LU R 00 001 s 5
FLAA M BE B, 3T 5 70 BERLEOHE U5 BT 51N RS DR 1% 0 —— e T 2500 s 2 43 1 S ST IR, W AR I S AR U
(ERARMLIN ) ot 125 B (EL79 4RI 2, SEAAONT 55 W9 2538 n] DU ik S 4R 5% 149 5 3R B DA T A sk 18 (1 572 4 B
JOAHOCIY S 5. BJE, AR S ny SRS 20 (B R S S VP TR TH BT A9) AR HE SR (BB SRR 55 M 4% 1
FETAR), P W B R Rl g v m DO AR S P 1 (R4 S I A TR A [F) SR IR K g S R AR A T
SEM =04 A, IR AT SE =AU R I R R, DASEIANRY A

SR, R 5 AT AR AN AL A B BAR ) AR BlA 35CR, H 3BEA R T TR 0 550G R B 7R A e B/ )
I 1) PR 22— % R B B o S TR 5 A AR P, FLAE 20008 i N/ O 52 0 S BR A, DTG 150 R 2
FH 0 il T LU BT AR A S IR S . AR, AR B R A 1 2 MRS S (R R R (B 1 T
Fhg XA XML, JSON %) H B BN HEHUA B, HOAZH0h A 5 A£ 7R A B g e, T HL 32 3 T R4 s
(knowledge extractions) 1T 2E Y. 8 6 JE7R T A% Ge AR il 5 UL A (01X 591 56T B, Dong 25 A U
T PR S0 R Rl 77k KnowledgeVault. 4552 — AN = TG, 127720085 BV 50 1) e o et A0 VR PR A S 56 36 i, 4
FH MRS AR 1S B 1) 1% — G2 AR ) o, DA AN TH 1% — 041 8 TUR AT BEME. KnowledgeVault J aifrlis i 4
AR5 BN ED IR G R AR SR AL T — P EL R e Ry 22, MELIE MR IR NSZ 3 RN AR SR B ES (1) N EARFAIE, IR iR IR
AN SN R B %A% 22 0] T R Rl 5 S8R R R /. 28 BRI, RS BRI TP B, R TR
HHATRANRE.
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3 HuEER

FEIL S A TE R, JEHHE TEAEARAE, 354 2R s HLAL R ST T 2 TS 7 SN IR s L) /2 A BRITTZR 1 Al e,
It 25% PR SRS HO AT AE — 5 (0 B e b U0, MRS O A7 A, AN 4 3 S0 1 10 e s RS AT 2 (14047, 3 T i
XAl 28 B B U 2K B, TBME (RI3R A5 45t JUE S5 3 o A AEB R 3 542360 0 3 L4k, $di
THUE O A AR SR T ST A, S 7EA I 518 SRS (B R e = . B SR, B
TUARS), TR Tt ot U1, AT [ 56 9 22 T 50 A0 S UL PR3 10 i v e AR S TP 5, THKS 0 31 %o 3K 7 3
S3PRIAR DG A AT B R R 534
3.1 HEEXRBBIFENEIEEL

WE& 508 3 RARBEAR T IZAFE T IS ARG v (0 & ANk, =7 B R RE . BUNEURE ., ks
T ERAE . S R B S ST o AT 5 SR I EE B, T A AN AE R A ™ S T 2 AT R SR TR T S
I, KR BIHHE VB AR B & S R v ) M H T

TN T ) G 2R 2 SR (R 50 T AT 45 (B e B 4 v (4 D 50 2 PR AN VR TR IR 30 48 — AN R R 4L
Witk D R AN R A A={4[1], A[2), ..., A[m]}, D FTHALA —RAUCARIES, KhEANidlee D H— &
T BYEAY V={e.A[1], e.A[2], ..., e.A[m]} 4K, X T TG4 e (H5F i MBIV e.d[i], & e A[*ARF 5 2 R NI B, JE
Tk, MEEHE T4 R TR N e Alil#e ALi*. TH M 26 F B HE FIBEE VAT 45 B 7RI 4 2 Sl 4 D g, 94
BB D HH IO BB B 5 45 D = e AL+, WHZMEEHS D4k IEMIE &

K AT AN 06 ZR B E 1) HE De s, H A SRR S 1994 AR AN 1 A R R 2l
S MR BAT 7 S I, Hrh CLS $RACTAERS it; ED R A FRE; MR AR S WIRYL; REL £R 5K KE
KH; GEN Rl SAL ARRF G0, b T THiik, & 4 h RS 2 2 i BoR, B, e, A[6]=“AR”,
es.A[1]="private”. [fll [] < Z& B4 H s 1) BARVE VEAT 55 B 7ER I 3R I et I kAT B 52, AR FHEd . 4,
ey A[6]=“AR”NA B Ky ey A[6]*="AL”, eq. A[1]="private” N H 15 5 K eq.A[1]*="Self-emp”.

4 FMH 1994 BN 2R

Jol CLS ED MR REL City State SAL
e private Bachelors Married Husband DOTHAN AL <50k
e) private Bachelors Married Husband DOTHAN AR >50 k
e Self-emp Masters Married Wife DOTHAN AL >50 k
ey Local-gov HS-grad Married Husband BOAZ AL >50 k
es Self-emp Masters Married Wife NOME AK >50k
€6 Never-worked 7th-8th Divorced Not-in-family NOME AK <50k
e; Self-emp HS-grad Never Own-child NOME AK <50k
eg private Some-college Never Own-child BOAZ AL <50k
€y State-gov Masters Never Own-child BOAZ AL >50 k
el Local-gov Bachelors Divorced Not-in-family BOAZ AK <50k
e Self-emp Some-college Never Own-child BOAZ AL >50 k

WEFCBLR B b H, T8 Ol T RE ISR R VbR, ERRT LS s (1) 2 T RE i 50 = 2
BRIV TIVE; (2) B THLES 2 I I R BT IE 75725 (3) AHLER ) (¥ 56 28 BB 0k 2. 6 T ke 23 Jmlnf L
T4 553 #t.

BTN 9 5 2 R BT UL T3 5 AR DI B8 B3 S R U4 R U . D% 2R R e P R 3 A 45 o MR
T AT R B LU B A5 5 24 RS, X AT AT 5 B R R kL S AT N 5 S AR, e DR e KT ME 9
e £ DN A HCRARTR. D, WS N SRt 7 VF 2 s sl K B Sl LI 0 ik, B4 ek B3O B sh 24 s
TR A BRI 18 B VR N ORI S 2 R S R OO, TR 1) 5% AR B U U vk
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AR 25 52 () B DB T B T 0. S 0 A6 72 SR ot B — R TR R R A T3k U077, Chu 25 N UPHR I T —Fh 4
JETEVEITIE, ST K 2 R RS T 40— TR DEAESE, LAy O 55 1f0, AT g vEReR. b,
TS T T SOt S R 2 ) 1 K U VA AT TR AR 54k, Giannakopoulou % A U1
CleanM 2 H 4L T —Fpi it = I X &G S, DR P RIEA AL Ve K. #E— P Hh, Giannakopoulou
2 NUIEE T Daisy 4K, 1% 5 G0k S i o5 B 1 i) TR HEA T ISR SR 1, AEA3H P e f i i B I 5 2 2
SRR E . RV H AT OV K 2 TR0 1) 6 R B EIA e 5 v, R 8 5 R 52 3 T 45 o8 M0 D00 ) LE A 5 78 401k
AN IERERAS 78 75 B R AN T 38 G 2 S EUE B RUCRAE. T bL, TR B TPBRFSARRIEE T A sh A S ¢ R
LA E/ TS WWARr

FEFHLA% 2 2] (056 R BB E Yk 7 vk B A6 0 50 (10 8 0 A 6h T 250 b A TAS U 555 5. Yakout %5 A US4
T MR T ST AR ) B2 52 77 SCARE, HH R T HciAS 506 T 1t & SN2 A i 06 2445 . 45 58 SN T
JUE K 5 75, SCARE 38t S5 KABSR A A by A I S0 #0352 A7 ) 1R 18427 2. ERACER"™RIl ActiveClean™”
TR T AR e 5, IR 28 2% SR 545 R AU AR T AR 1 IR IR 2 TR A AR, A
Wi T E VR R L. Rekatsinas 25 A PR T B2 HERLYR SN 1 4 J B 15 S HESE HoloClean. 45 4 TV AN (KT
Hihi 54, HoloClean 64 124540 48 T A1 1175 1 24 RN Ay HL A o ME 236 I SE T T i e ol At 2 PR A B ot A s A
JUE B 1) i AR S, DA HL A A AT fiE I8 82 U7 2. Mahdavi 25 A VSO BT Baran, %07 v I il 3R %
P 00 T SCfE S ARG SRS ST 0 T SRk AR EE TS 2 3T 1 5 VE O T AT A i AG 52 0 R AU, TR
IR A A B A AT AT A TR TR0 £ 75325 A it HoloDetect! ™1 Rahal"® 246 5 2 8 B0405 A5 01 i) £ 4h
GOOPERE I 0 AT 55 458 — AR B RE AR, 2 52 B R I Y 25— 73 A, 60, 35 JIE A 1 %
PR AT TR GRS, P BT A8 R0 R 20 ) IR £cd 48 &, BURMLER 7 30 0 OC R BB v w4
PET —FAT 2B RRIAR YT, AR TR ) O R BB D 5 R0 ThR 28 A — 8 ORI, RIS by
AT EE H o7 R bR 00 R B BN AR, AN, AR T T RVE D T 125, WL 2 21 7] REAR A
S5 ST AR, BV DAZ H B R VR DL AR DB AR, AN T FH P B DE 45 R 80 . ST, dfer e
TREEHR G BEPERE I ATER T, BRI D) SR FEER i Pe 45 SR K T R 1 1B RrR AR R

T ALY )18 56 2R B B 52 B RIS A T S HdRE s R, NI DR R4 A 2L
PE. Yakout 25 AN HE I T —Fh 5 | SR SRS & 7% GDR, I AU 7E S0 i e T b 45 4 FH P S i, DA S A
TRILA FE RS AR, I K IR RE kD> /1 2 5 R AR A, Chu 25 A U4 T KATARA, %7156 5
ST SR PE 5 A A B AR S YU A BT B A, 45 T REIME S 2. Luo 2 A MO H T — AN AT G 28 B
FIEVERS VisClean, 1% 5 40 SO VFH 7 i m AR AL 0 5 A2 b [ 25 H5c it v D 1n) A, a2 Gk AR AWLAS HL
AR THE VLSS R ik, A Bt A AN R DT vE R 4L T 2 00 N RS0 Re i TH DE I A Ros e, (R
SEARTE T N BR R B AR 2R, DT AR ELIR AR R F P AL B vEr X, DUMREEAS . S A8 By AER A
AR B E VEAT 55 bR I d K PR (4 .

Ji4b, B AN A AT s ) SR B R T DR R Ge vk H T H, 441201, Oracle Enterprie Data Quality. Google Refine.
IBM QualityStage 1 SAP BusinessObjects 5. SR, A I ] A IAH OGRS . ok, IS8 1) R4 12 22
FIFFE SR ETL JUEAT B ok, #E LN 5 2% 24 1 IR S B 58 e oK.

3.2 ERMIREENHEEET

M 5 S B AR IR AR R 5 1 1, AR P 3 TRk — T0UAS T s 1 2 S50 o s 0 90 3L S A v
SR RS K %t R [ S, e A e R P 2 B 5 | N M U, 00 25 S S UG B I FH 16 T e A DRI,
R ST R T 1) 2601 VR P P g 0k 1) .

2 Ga =84, R, Tu} AR — B MEEAR W 5N ENE, Hrh &, NG, W ER, Ry NG KERER, Tu N
G TR ST = I T ) SR P R A DE AR 55 5 2Rl 02 52 0 i 3 v g U el O e A W ) B
WAE TR &5 52 IR ARG G, 7 h g R gs AN T4, Horb g h AT 8 TR 25 als (¥ = J0 4L (PR IE = o) 464,

© A

AT httpy/ www. jos. org. cn




BEE F mE) R KL 4R B0 SR BRI AR B 2379

G NPT T = U ARG IEEAE 52 5 AR I Bl A I 45 R 5T g7 P AR IE = e 4] 1=(e;, 1, e)) € T AT
B&, 13 2A = JndI NS R, KR AT e e b WEAE, 5 f=r, W« CHIEMIESE.

Bl 7 g5 T AN R AR R vE Ve . B 7(a) MRS RO K R G AR L. K 7b) T &
FE A A 75 21 B I = JT 4], Bl (Kyle, direct, The Bridge of Madison County) F (San Francisco, capital of, U.S.), LA
RELRAERR L. [ 7(c) on T E G AR L, L (Kyle, direct, The Bridge of Madison County) #1&%& 4 (Clint,
direct, The Bridge of Madison County), (San Francisco, capital_of, U.S.) #7154 >4 (San Francisco, city of, U.S.).

(a) SR g (b) H& A (o) HHRIEEL
7 AR E SR )

IR B 43 AT AT 1) 6 TR e 50 i e 2 3 RO T B . 1273 15 AR R A 53 L dfs o
i S5 45 52 P ECAT AR R D) P N S . T B A R I g A L AT B AR R 0 SRR H, BHR 2 LR
R T VFZ 0 B AR ) U 20N UG e e S S AN — SR L B, 5 R G S A AR LB R R
S5 RSB DU 3 21 £ I 2540 . Cheng %6 A\ PO T —Fh B A 318 =15 X7k GRR. #Ei% 775, T GRR
1 SN a0 B P[RR o) (RE PH 2 NP 5842 [0 80, M0k T A R K ke ][R By >k I 52 205, GRR R
T —FhE & IS RN 3 08 LLR = o SRR Fan 25 N PONR I T GFix, %7 15 R0 & 508 (i Ak A8
SR AR LA B I R R A BB T 6. Song S N PO T — BRI ARR A R B BB 5 Tk, TR B
PRI 508 52 058 10 T g b 280 S FLARJE 5 2. Lin S5 A PO T StarFDs, 1% 77 2 SCT PO 8 1) 52 1% vk i
0, IR R BE 5 LU/ (A A AT 5, (A8 525 1A 50 i 2 S R At Song 25 N PP BEE T — Rt
T AR R B R 518 50715, 1% 0T VERRE B B OB U 55 B4t i 80 0%, BULE CRIbAR 2 i A my it
(Al BN B R . R H BT DR T AT TR A TR R B e v, (SR T R B 2 NP S
B NP 584 n) i, Bifi -2 7 >R (1) 4 sy 8 BT SARARY, BRI 4T3 75 R N BT 5 B e 250 (R 05, SEILPR IS B 280 i) R 1 i
BHEDESUR. thAh, BUAR AT AR T R 1 s ORI T2 48 52, R B Bl A i i) P s AR T s LA 58
A ARAE L IR PO, TN T A P U AS T e M 2 S BT IR G S 45 . BT L, SR AR 1 B0 AE R VR I
At — LR T 50N 53 BT DG R DG ), R PR A HBAR R

AN, BEEFW ORI T2 5 AR BSOS DA 55w BEAR DG AR, Bl iR ik Hk N (knowledge
graph embedding), JLREMWETE— @ FE 1 0 R B vl B e B A BORFE R BT 0 SR . SR N B 70K JnR
Pl T 14 S A 15 5 R i N 8 3 2 1 1) R 2 ) o PO SRR A RS T A U B R AT 45 0, S 3 4 B
ST TS A PO Horh SR A T B U P R R A AT 45, A T R B T P 3 v A 3
= OCA AT T BE . R, SR A AT DL AT AT T AR B RN 1 = 0 Lo AT A AT S AR AR I
TSR 5 O R RN ) SRS = S0 A O AT BT (L= S0 4L Ve oy BR 8 (), #5771 REME X T-45 52 1 1
{8, Wi = JCAUROT, [ 2 AR 1 KAEE 2 bR B S S 40 M8, 4RI 2 30 0 A0 DAL P 3 B A ASS 78 ] 43 g
TR 10 200 B AR R S T T SCC TG ) 01 P i b A AR B 285 Rl A28 B8 212 SR P 51 88 (K PP 43 R
HOMATRERIINGR, 25 00— JOAL ST A Al R0 5 9 A Sk 2 ) () B B A T4 f5t. 3 DU e gty (507921221600
TSR FH T A AU PR P93 BR B, 16288 U VRl el DC T SEE A 5 0 R R 08 SCARMBL I SRy i = Je 4 oy () & . S
MR [208] £ T IX PR 5 iR MR AR 4015 5 A0 ER n. RV 5T AR B i o N (0 S S A A 45 e 08 R I TR T b A
B IEAE i =04, (H L TE R 5E s R B S DEAT 45, BRI S, S0 B S i Ve AT 45 %38 A8 IR B s 18
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=P IR AR B LA T A8 I, S T S A A . R, R D IR IR T R
NPTV P B 0 v, T e VR P 0 N 1 3 R T SCERAIE i DA 280 ) I8 52 0 ot o 1 JUE

4 MRRESES

T 17 R 28 2R S0 £ e U P 3 () B0 SR A A el e PR OISR AL, L RT3 K RO I T A A
TP IRANRS . AT A SR R 3 BB AR BOCBEBOR (B S AT i i o5 R BRI oE) (KR
RATFETT EAT SR i, ANESCHR R Ay A, R AROR B £ B AE A RIS Ml miE sy ). e, it
P RITEIR S S B A B R AR R AR, 987 AR KRB0 3.

(1) JBORZ S0 VR P 1 SEEAAR AR AT B AR AIT ST R B SRR B B S PR EL IR IS ARy AT, k0 TR T PR AR ST
VEBORBE S 3 L 55 1) T AL, H AT IUAT (1 R0 R 3% SR A AT i 0 B T AR LU KT SR AR e 1) A
SRR Z A AR DLALIC R 2) TR 073 WEAE (15 A AT b . R 1T, SIS 263 v AN TR R R 2R R Pl 3
FATANTF U Horms BEAN e B, DRI TG0 REAS SR R B HOM B VL EEI. g B, PR — VRIS (A AL %
ST EOR RIS T8k, AEILSE ARG R, T SEARARAT A 24T $0 M i  SR H 2 9K, S DR 00
PRAENE UL TR R A B FH B SEAAMRATHOR, DURRRRA . SR & v, I TS B B T 35 00 F 2, RV A
SCEPR TR I SR AL R AT K VT FC AR 8 7 RSCREN, Ay B R SR P P 3 S AR A AT 1 AR SR A T AT 2 A R s
2 AR, BUSE A T AF AR SR Ol —— i T B AA ORI R G 6 55 i) L, 3 BBOS A A Bk Sl oK, AT e AR
ARG DS AR 2 F B 2R et Sk, e R P S A A B P 4 ) P L A B DA P AR b
SRS BRI R T B D5 0%, IR (B A 2B I I R B i) L

(2) SCRFERIUBER G 28 BB SEAASRATHOR. BUAT IR 5 R BB SRR T BOR £ 200 BHLEE, th T LR S
TEAEAE A iy VSRR A5 7 T 1A BR 1, T AT 28t Ak R RS A . BEAh, YR 2% ) TR G R BB S A AT AT
% REBLH s KT RE S, (E AR HLPE K RS 7R 2 5 Y 25 HOns K AR 1R 5C 28 2 Bl SIC (A A A A 25 o 17—
APk, PRI, FERBAHRFREE T, B g o0 A ety oA sOBERL IR A% 1r AT, DA DR O HUASESC 28 TR 0l 5 1
FENTER KA RERE. T34, TR A A KR AR TR i SE AR AT A 55 T S R Ak g ) B )i, TR A IR R
T i) KRS R BB S AT AR 55 OB e R 1L BTRCAEALAL SRS, LAt — D fd w50

(3) SCRERUR) 2« RIS R B Bl A B KB AR, Bk = 2% RAUH . UBLTEK, 40 fi]
re R R 2 S A B, T ORES FOIE AR S — Bk R o E L AR, BUA AT R 2 ORTE T I HE 2R,
e LAAT Rt ity 5 AT S R A AELX R T [ SEAR PR AN TR et SE 9 2 TRV PR IERR Y. 55 4, BRAT (K0 Bl i 15 D AR IS
K H A FEPEA A LA SR HURE A Bt il 5, DRI A g 38 TR B o0 58 B 2 Bl i & ROR 5 A itk — PR
IR

(4) fRINAE L v Bty By A LB v TR . B K 2 A Re, S USSR K. K2 SO )
AR TH VLT 0 T A R B U, AR NG KRB E I N 5 5 SR S T ek i R, e DU AL B S A &
ol FLAT et I 2 R IR Bt A 5 0 A R O e, FEER BRI UE BRI A M0 2. SRR DU 3o M il sk
N A, AR Y T il (KB 4R 15, D KR4/ 7 B Ve NG ], BN 7 R 3 mim b AR, AR,
o 5 PO K 16 e S R R L P P (R BV L, JFRMIRIN A L i, S ALKy SRRE DL 1T
e SR A F P, A7 SRR AR R IR OB [ il

(5) B EAR G ORI BOR. H ATEUA IR S BB AR K 22 563 T #— I Bs Y, Thi b OG- AN ) Y
Bl IR AE L. SR, KBRS ZRE, 2l JSON. XML 45). A4l (2 BEAE) 552 A
53, HBEE ) BRI AR H 22k, xRS i s G2 ok H st g v, VS H o — 2 L5 BT 7 4)
AR (B, Fan 55 N R T SCRER R BB 5 Pl S5 A 2500 T 1 S A S AR AT R, (ELRAT VR AE B
B B R AR T 2 A I o Y 5 RS B B P A SRAFAE UK 22 .

(6) AR L 2B BLBOR. SCAMNT . Bt & UL B Ve A DO B SR % O BoR, S Bl
B oD IR, (AR SRR AN AL DU Y T A 2% M0 2 R 0 B 36 JKR JRRTRGEL LA, db i B IE
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AR R 2K o JCER A B A DR 0 g PO SRR, T O At v BRI A HAT R BOR
SCHE.

5 B %5

KBS IR AR 3 A7 5 T PR S A A B, S B I g . R L X IR TN R R
HAR G BHOR, LRSI SE S . SR THEG TR, TS s 2 3 . B 4R i Bl ia B R BEEOR, K
WA 32 B 5324 2 I T R QI B B A5 AR I SR AT L Mo Rl o RS e S BOR, TR R e &2 K
BUR B ST 8 o, ki s S 22 e AN SOR SRR B A AR B, VA0 5 5 0F )M T SEAAfiR
By Bllafb . BURiEUE 3 75 BT SR SR SOCREUR, JF R TR IWETUS 1) S, DLHAT G w98 T
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References:

[1] Reinsel D, Gantz J, Rydning J. The digitization of the world from edge to core. 2022. http://cloudcode.me/media/1014/idc.pdf

[2] China Academy of Information and Communications Technology. Big Data White Paper. 2021 (in Chinese). http://www.caict.ac.cn/
kxyj/qwib/bps/202112/t20211220_394300.htm

[3] Chen YG, Wang JC. A review of data integration. Computer Science, 2004, 31(5): 48-51 (in Chinese with English abstract). [doi: 10.
3969/j.issn.1002-137X.2004.05.015]

[4] Yang XD, Peng ZY, Liu JQ, Li XH. An overview of information integration. Computer Science, 2006, 33(7): 55-59, 80 (in Chinese
with English abstract). [doi: 10.3969/].issn.1002-137X.2006.07.015]

[5] Wang S, Peng YW, Lan H, Luo QW, Peng ZY. Survey and prospect: Data integration methodologies. Ruan Jian Xue Bao/Journal of
Software, 2020, 31(3): 893—908 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/5911.htm [doi: 10.13328/j.cnki.jos.
005911]

[6] Getoor L, Machanavajjhala A. Entity resolution: Theory, practice & open challenges. Proc. of the VLDB Endowment, 2012, 5(12):
2018-2019. [doi: 10.14778/2367502.2367564]

[71 Sun ZQ, Zhang QH, Hu W, Wang CM, Chen MH, Akrami F, Li CK. A benchmarking study of embedding-based entity alignment for
knowledge graphs. Proc. of the VLDB Endowment, 2020, 13(12): 2326-2340. [doi: 10.14778/3407790.3407828]

[8] Zhuang Y, Li GL, Feng JH. A survey on entity alignment of knowledge base. Journal of Computer Research and Development, 2016,
53(1): 165-192 (in Chinese with English abstract). [doi: 10.7544/issn1000-1239.2016.20150661]

[9] Meng XF, Du ZJ. Research on the big data fusion: Issues and challenges. Journal of Computer Research and Development, 2016, 53(2):
231-246 (in Chinese with English abstract). [doi: 10.7544/issn1000-1239.2016.20150874]

[10] Guo ZM, Zhou AY. Research on data quality and data cleaning: A survey. Ruan Jian Xue Bao/Journal of Software, 2002, 13(11):
2076—2082 (in Chinese with English abstract). http://www.jos.org.cn/jos/article/abstract/20021103?st=search [doi: 10.13328/j.cnki.jos.
2002.11.003]

[11] Hao S, Li GL, Feng JH, Wang N. Survey of structured data cleaning methods. Journal of Tsinghua University (Science and
Technology), 2018, 58(12): 1037-1050 (in Chinese with English abstract). [doi: 10.16511/j.cnki.qghdxxb.2018.22.053]

[12] Wang X, Zou L, Wang CK, Peng P, Feng ZY. Research on knowledge graph data management: A survey. Ruan Jian Xue Bao/Journal of
Software, 2019, 30(7): 2139-2174 (in Chinese with English abstract). http://www.jos.org.cn/1000-9825/5841.htm [doi: 10.13328/j.cnki.
j0s.005841]

[13] Fan WF, Geng L, Jin RC, Lu P, Tugay R, Yu WY. Linking entities across relations and graphs. In: Proc. of the 38th IEEE Int’l Conf. on
Data Engineering. Kuala Lumpur: IEEE, 2022. 634-647. [doi: 10.1109/ICDE53745.2022.00052]

[14] Ahmadi N, Sand H, Papotti P. Unsupervised matching of data and text. In: Proc. of the 38th IEEE Int’l Conf. on Data Engineering.
Kuala Lumpur: IEEE, 2022. 1058-1070. [doi: 10.1109/ICDE53745.2022.00084]

[15] Li YL, LiJF, Suhara Y, Doan AH, Tan WC. Deep entity matching with pre-trained language models. Proc. of the VLDB Endowment,
2020, 14(1): 50-60. [doi: 10.14778/3421424.3421431]

[16] Azzalini F, Jin SL, Renzi M, Tanca L. Blocking techniques for entity linkage: A semantics-based approach. Data Science and
Engineering, 2021, 6(1): 20-38. [doi: 10.1007/541019-020-00146-w]

[17]  Joshi M, Levy O, Weld DS, Zettlemoyer L. BERT for coreference resolution: Baselines and analysis. arXiv:1908.09091, 2019.

[18] Datta R, Joshi D, Li J, Wang JZ. Image retrieval: Ideas, influences, and trends of the new age. ACM Computing Surveys, 2008, 40(2): 5.

©

FEEFEAERT  http:/ www. jOs. 0rg. cn


http://cloudcode.me/media/1014/idc.pdf
http://www.caict.ac.cn/kxyj/qwfb/bps/202112/t20211220_394300.htm
http://www.caict.ac.cn/kxyj/qwfb/bps/202112/t20211220_394300.htm
https://doi.org/10.3969/j.issn.1002-137X.2004.05.015
https://doi.org/10.3969/j.issn.1002-137X.2004.05.015
https://doi.org/10.3969/j.issn.1002-137X.2006.07.015
http://www.jos.org.cn/1000-9825/5911.htm
https://doi.org/10.13328/j.cnki.jos.005911
https://doi.org/10.13328/j.cnki.jos.005911
https://doi.org/10.14778/2367502.2367564
https://doi.org/10.14778/3407790.3407828
https://doi.org/10.7544/issn1000-1239.2016.20150661
https://doi.org/10.7544/issn1000-1239.2016.20150874
http://www.jos.org.cn/jos/article/abstract/20021103?st=search
https://doi.org/10.13328/j.cnki.jos.2002.11.003
https://doi.org/10.13328/j.cnki.jos.2002.11.003
https://doi.org/10.16511/j.cnki.qhdxxb.2018.22.053
http://www.jos.org.cn/1000-9825/5841.htm
https://doi.org/10.13328/j.cnki.jos.005841
https://doi.org/10.13328/j.cnki.jos.005841
https://doi.org/10.1109/ICDE53745.2022.00052
https://doi.org/10.1109/ICDE53745.2022.00084
https://doi.org/10.14778/3421424.3421431
https://doi.org/10.1007/s41019-020-00146-w
http://cloudcode.me/media/1014/idc.pdf
http://www.caict.ac.cn/kxyj/qwfb/bps/202112/t20211220_394300.htm
http://www.caict.ac.cn/kxyj/qwfb/bps/202112/t20211220_394300.htm
https://doi.org/10.3969/j.issn.1002-137X.2004.05.015
https://doi.org/10.3969/j.issn.1002-137X.2004.05.015
https://doi.org/10.3969/j.issn.1002-137X.2006.07.015
http://www.jos.org.cn/1000-9825/5911.htm
https://doi.org/10.13328/j.cnki.jos.005911
https://doi.org/10.13328/j.cnki.jos.005911
https://doi.org/10.14778/2367502.2367564
https://doi.org/10.14778/3407790.3407828
https://doi.org/10.7544/issn1000-1239.2016.20150661
https://doi.org/10.7544/issn1000-1239.2016.20150874
http://www.jos.org.cn/jos/article/abstract/20021103?st=search
https://doi.org/10.13328/j.cnki.jos.2002.11.003
https://doi.org/10.13328/j.cnki.jos.2002.11.003
https://doi.org/10.16511/j.cnki.qhdxxb.2018.22.053
http://www.jos.org.cn/1000-9825/5841.htm
https://doi.org/10.13328/j.cnki.jos.005841
https://doi.org/10.13328/j.cnki.jos.005841
https://doi.org/10.1109/ICDE53745.2022.00052
https://doi.org/10.1109/ICDE53745.2022.00084
https://doi.org/10.14778/3421424.3421431
https://doi.org/10.1007/s41019-020-00146-w

2382 HAFFIR 2023 FF 34 5% 5 A

[doi: 10.1145/1348246.1348248]

[19] Cappuzzo R, Papotti P, Thirumuruganathan S. Creating embeddings of heterogeneous relational datasets for data integration tasks. In:
Proc. of the 2020 ACM SIGMOD Int’l Conf. on Management of Data. Portland: ACM, 2020. 1335-1349. [doi: 10.1145/3318464.
3389742]

[20] Konda P, Das S, Paul Suganthan GC, Doan AH, Ardalan A, Ballard JR, Li H, Panahi F, Zhang HJ, Naughton J, Prasad S, Krishnan G,
Deep R, Raghavendra V. Magellan: Toward building entity matching management systems over data science stacks. Proc. of the VLDB
Endowment, 2016, 9(13): 1581-1584. [doi: 10.14778/3007263.3007314]

[21]  Chen C, Golshan B, Halevy AY, Tan WC, Doan AH. BigGorilla: An open-source ecosystem for data preparation and integration. IEEE
Data Engineering Bulletin, 2018, 41(2): 10-22.

[22] Arasu A, Ré C, Suciu D. Large-scale deduplication with constraints using dedupalog. In: Proc. of the 25th IEEE Int’l Conf. on Data
Engineering. Shanghai: IEEE, 2009. 952-963. [doi: 10.1109/ICDE.2009.43]

[23] Fan WF, Jia XB, Li JZ, Ma S. Reasoning about record matching rules. Proc. of the VLDB Endowment, 2009, 2(1): 407-418. [doi: 10.
14778/1687627.1687674]

[24] Hernandez MA, Stolfo SJ. The merge/purge problem for large databases. ACM SIGMOD Record, 1995, 24(2): 127-138. [doi: 10.1145/
568271.223807]

[25] Singh R, Meduri V, Elmagarmid A, Madden S, Papotti P, Quiané-Ruiz JA, Solar-Lezama A, Tang N. Generating concise entity
matching rules. In: Proc. of the 2017 ACM SIGMOD Int’l Conf. on Management of Data. Chicago: ACM, 2017. 1635—-1638. [doi: 10.
1145/3035918.3058739]

[26] Singh R, Meduri VV, Elmagarmid A, Madden S, Papotti P, Quiané-Ruiz JA, Solar-Lezama A, Tang N. Synthesizing entity matching
rules by examples. Proc. of the VLDB Endowment, 2017, 11(2): 189-202. [doi: 10.14778/3149193.3149199]

[27] Marcus A, Wu E, Karger D, Madden S, Miller R. Human-powered sorts and joins. Proc. of the VLDB Endowment, 2011, 5(1): 13-24.
[doi: 10.14778/2047485.2047487]

[28] Wang JN, Kraska T, Franklin MJ, Feng JH. CrowdER: Crowdsourcing entity resolution. Proc. of the VLDB Endowment, 2012, 5(11):
1483-1494. [doi: 10.14778/2350229.2350263]

[29] Gokhale C, Das S, Doan AH, Naughton JF, Rampalli N, Shavlik J, Zhu XJ. Corleone: Hands-off crowdsourcing for entity matching. In:
Proc. of the 2014 ACM SIGMOD Int’l Conf. on Management of Data. Snowbird: ACM, 2014. 601-612. [doi: 10.1145/2588555.
2588576]

[30] Chai CL, Li GL, Li J, Deng D, Feng JH. Cost-effective crowdsourced entity resolution: A partial-order approach. In: Proc. of the 2016
ACM SIGMOD Int’l Conf. on Management of Data. San Francisco: ACM, 2016. 969-984. [doi: 10.1145/2882903.2915252]

[31] Vesdapunt N, Bellare K, Dalvi N. Crowdsourcing algorithms for entity resolution. Proc. of the VLDB Endowment, 2014, 7(12):
1071-1082. [doi: 10.14778/2732977.2732982]

[32] Bilenko M, Mooney RJ. Adaptive duplicate detection using learnable string similarity measures. In: Proc. of the 9th ACM SIGKDD Int’l
Conf. on Knowledge Discovery and Data Mining. Washington: ACM, 2003. 39—48. [doi: 10.1145/956750.956759]

[33] Cohen WW, Richman J. Learning to match and cluster large high-dimensional data sets for data integration. In: Proc. of the 8th ACM
SIGKDD Int’l Conf. on Knowledge Discovery and Data Mining. Edmonton: ACM, 2002. 475-480. [doi: 10.1145/775047.775116]

[34] Sarawagi S, Bhamidipaty A. Interactive deduplication using active learning. In: Proc. of the 8th ACM SIGKDD Int’l Conf. on
Knowledge Discovery and Data Mining. Edmonton: ACM, 2002. 269-278. [doi: 10.1145/775047.775087]

[35] Wu RZ, Chaba S, Sawlani S, Chu X, Thirumuruganathan S. ZeroER: Entity resolution using zero labeled examples. In: Proc. of the
2020 ACM SIGMOD Int’l Conf. on Management of Data. Portland: ACM, 2020. 1149—1164. [doi: 10.1145/3318464.3389743]

[36] Collobert R, Bengio S. SVMTorch: Support vector machines for large-scale regression problems. Journal of Machine Learning
Research, 2001, 1: 143-160. [doi: 10.1162/15324430152733142]

[37] Rish I. An empirical study of the naive bayes classifier. [JCAI 2001 Workshop on Empirical Methods in Atrtificial Intelligence. 2001,
3(22): 41-46.

[38] Reynolds D. Gaussian mixture models. In: Li SZ, Jain AK, eds. Encyclopedia of Biometrics. Boston, MA: Springer, 2015. 827-832.
[doi: 10.1007/978-1-4899-7488-4 196]

[39] Ebraheem M, Thirumuruganathan S, Joty S, Ouzzani M, Tang N. Distributed representations of tuples for entity resolution. Proc. of the
VLDB Endowment, 2018, 11(11): 1454—-1467. [doi: 10.14778/3236187.3236198]

[40] Hochreiter S, Schmidhuber J. Long short-term memory. Neural Computation, 1997, 9(8): 1735-1780. [doi: 10.1162/nec0.1997.9.8.
1735]

[41] Pennington J, Socher R, Manning C. GloVe: Global vectors for word representation. In: Proc. of the 2014 Conf. on Empirical Methods

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.1145/1348246.1348248
https://doi.org/10.1145/3318464.3389742
https://doi.org/10.1145/3318464.3389742
https://doi.org/10.14778/3007263.3007314
https://doi.org/10.1109/ICDE.2009.43
https://doi.org/10.14778/1687627.1687674
https://doi.org/10.14778/1687627.1687674
https://doi.org/10.1145/568271.223807
https://doi.org/10.1145/568271.223807
https://doi.org/10.1145/3035918.3058739
https://doi.org/10.1145/3035918.3058739
https://doi.org/10.14778/3149193.3149199
https://doi.org/10.14778/2047485.2047487
https://doi.org/10.14778/2350229.2350263
https://doi.org/10.1145/2588555.2588576
https://doi.org/10.1145/2588555.2588576
https://doi.org/10.1145/2882903.2915252
https://doi.org/10.14778/2732977.2732982
https://doi.org/10.1145/956750.956759
https://doi.org/10.1145/775047.775116
https://doi.org/10.1145/775047.775087
https://doi.org/10.1145/3318464.3389743
https://doi.org/10.1162/15324430152733142
https://doi.org/10.1007/978-1-4899-7488-4_196
https://doi.org/10.14778/3236187.3236198
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1145/1348246.1348248
https://doi.org/10.1145/3318464.3389742
https://doi.org/10.1145/3318464.3389742
https://doi.org/10.14778/3007263.3007314
https://doi.org/10.1109/ICDE.2009.43
https://doi.org/10.14778/1687627.1687674
https://doi.org/10.14778/1687627.1687674
https://doi.org/10.1145/568271.223807
https://doi.org/10.1145/568271.223807
https://doi.org/10.1145/3035918.3058739
https://doi.org/10.1145/3035918.3058739
https://doi.org/10.14778/3149193.3149199
https://doi.org/10.14778/2047485.2047487
https://doi.org/10.14778/2350229.2350263
https://doi.org/10.1145/2588555.2588576
https://doi.org/10.1145/2588555.2588576
https://doi.org/10.1145/2882903.2915252
https://doi.org/10.14778/2732977.2732982
https://doi.org/10.1145/956750.956759
https://doi.org/10.1145/775047.775116
https://doi.org/10.1145/775047.775087
https://doi.org/10.1145/3318464.3389743
https://doi.org/10.1162/15324430152733142
https://doi.org/10.1007/978-1-4899-7488-4_196
https://doi.org/10.14778/3236187.3236198
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1162/neco.1997.9.8.1735

BEE F mE) R KL 4R B0 SR BRI AR B 2383

in Natural Language Processing. Doha: ACL, 2014. 1532—1543. [doi: 10.3115/v1/D14-1162]

[42] Mudgal S, Li H, Rekatsinas T, Doan AH, Park Y, Krishnan G, Deep R, Arcaute E, Raghavendra V. Deep learning for entity matching: A
design space exploration. In: Proc. of the 2020 ACM SIGMOD Int’l Conf. on Management of Data. Houston: ACM, 2018. 19—-34. [doi:
10.1145/3183713.3196926]

[43] Nie H, Han XP, He B, Sun L, Chen B, Zhang W, Wu SH, Kong H. Deep sequence-to-sequence entity matching for heterogeneous entity
resolution. In: Proc. of the 28th ACM Int’l Conf. on Information and Knowledge Management. Beijing: ACM, 2019. 629-638. [doi: 10.
1145/3357384.3358018]

[44] FuC, Han XP, Sun L, Chen B, Zhang W, Wu SH, Kong H. End-to-end multi-perspective matching for entity resolution. In: Proc. of the
28th Int’l Joint Conf. on Artificial Intelligence. Macao: AAAI Press, 2019. 4961-4967. [doi: 10.24963/ijcai.2019/689]

[45] Zhang DX, Nie YY, Wu S, Shen YY, Tan KL. Multi-context attention for entity matching. In: Proc. of the 2020 Web Conf. Taipei:
ACM, 2020. 2634-2640. [doi: 10.1145/3366423.3380017]

[46] KasaiJ, Qian K, Gurajada S, Li YY, Popa L. Low-resource deep entity resolution with transfer and active learning. In: Proc. of the 57th
Annual Meeting of the Association for Computational Linguistics. Florence: Association for Computational Linguistics, 2019.
5851-5861. [doi: 10.18653/v1/P19-1586]

[47] Zhao C, He YY. Auto-EM: End-to-end fuzzy entity-matching using pre-trained deep models and transfer learning. In: Proc. of the 2019
World Wide Web Conf. San Francisco: ACM, 2019. 2413-2424. [doi: 10.1145/3308558.3313578]

[48] LiB, Miao YK, Wang YS, Sun YF, Wang W. Improving the efficiency and effectiveness for BERT-based entity resolution. Proc. of the
AAAI Conf. on Artificial Intelligence, 2021, 35(15): 13226-13233. [doi: 10.1609/aaai.v35i15.17562]

[49] Li B, Wang W, Sun YF, Zhang LH, Ali MA, Wang Y. GraphER: Token-centric entity resolution with graph convolutional neural
networks. Proc. of the AAAI Conf. on Artificial Intelligence, 2020, 34(5): 8172-8179. [doi: 10.1609/aaai.v34i05.6330]

[50] Ziigner D, Akbarnejad A, Giinnemann S. Adversarial attacks on neural networks for graph data. In: Proc. of the 24th ACM SIGKDD Int’]
Conf. on Knowledge Discovery and Data Mining. London: ACM, 2018. 2847-2856. [doi: 10.1145/3219819.3220078]

[51] LiP, Cheng X, Chu X, He YY, Chaudhuri S. Auto-FuzzyJoin: Auto-program fuzzy similarity joins without labeled examples. In: Proc.
of the 2021 Int’l Conf. on Management of Data. ACM, 2021. 1064—1076. [doi: 10.1145/3448016.3452824]

[52] Zhang DX, Li DS, Guo L, Tan KL. Unsupervised entity resolution with blocking and graph algorithms. IEEE Trans. on Knowledge and
Data Engineering, 2022, 34(3): 1501-1515. [doi: 10.1109/tkde.2020.2991063]

[53] Ge CC, Wang PF, Chen L, Liu XZ, Zheng BH, Gao YJ. CollaborEM: A self-supervised entity matching framework using multi-features
collaboration. IEEE Trans. on Knowledge and Data Engineering, 2021. [doi: 10.1109/TKDE.2021.3134806]

[54] Mahdisoltani F, Biega J, Suchanck FM. YAGO3: A knowledge base from multilingual wikipedias. In: Proc. of the 7th Biennial Conf. on
Innovative Data Systems Research. Asilomar: CIDR, 2015. 1-11.

[55] Jiménez-Ruiz E, Cuenca Grau B. LogMap: Logic-based and scalable ontology matching. In: Proc. of the 10th Int’l Semantic Web Conf.
Bonn: Springer, 2011. 273-288. [doi: 10.1007/978-3-642-25073-6_18]

[56] ZhuangY, Li GL, Zhong ZJ, Feng JH. Hike: A hybrid human-machine method for entity alignment in large-scale knowledge bases. In:
Proc. of the 2017 ACM on Conf. on Information and Knowledge Management. Singapore: ACM, 2017. 1917-1926. [doi: 10.1145/
3132847.3132912]

[57]1 Suchanek FM, Abiteboul S, Senellart P. PARIS: Probabilistic alignment of relations, instances, and schema. Proc. of the VLDB
Endowment, 2011, 5(3): 157-168. [doi: 10.14778/2078331.2078332]

[58] Bordes A, Usunier N, Garcia-Duran A, Weston J, Yakhnenko O. Translating embeddings for modeling multi-relational data. In: Proc. of
the 26th Annual Conf. on Neural Information Processing Systems. Lake Tahoe: Curran Associates Inc., 2013. 2787-2795.

[59] Trouillon T, Welbl J, Riedel S, Gaussier E, Bouchard G. Complex embeddings for simple link prediction. In: Proc. of the 33rd Int’l
Conf. on Machine Learning. New York: IMLR.org, 2016. 2071-2080.

[60] Chen MH, Tian YT, Yang MH, Zaniolo C. Multilingual knowledge graph embeddings for cross-lingual knowledge alignment. In: Proc.
of the 26th Int’] Joint Conf. on Artificial Intelligence. Melbourne: AAAI Press, 2017. 1151-1517.

[61] Zhu H, Xie RB, Liu ZY, Sun SM. Iterative entity alignment via joint knowledge embeddings. In: Proc. of the 26th Int’l Joint Conf. on
Artificial Intelligence. Melbourne: AAAI Press, 2017. 4258—4264.

[62] Sun ZQ, Hu W, Zhang QH, Qu YZ. Bootstrapping entity alignment with knowledge graph embedding. In: Proc. of the 27th Int’l Joint
Conf. on Artificial Intelligence. Stockholm: AAAI Press, 2018. 4396—4402.

[63] Pei SC, Yu L, Hoehndorf R, Zhang XL. Semi-supervised entity alignment via knowledge graph embedding with awareness of degree
difference. In: Proc. of the 2019 World Wide Web Conf. San Francisco: ACM, 2019. 3130-3136. [doi: 10.1145/3308558.3313646]

[64] Wang ZC, Lv QS, Lan XH, Zhang Y. Cross-lingual knowledge graph alignment via graph convolutional networks. In: Proc. of the 2018

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.3115/v1/D14-1162
https://doi.org/10.1145/3183713.3196926
https://doi.org/10.1145/3357384.3358018
https://doi.org/10.1145/3357384.3358018
https://doi.org/10.24963/ijcai.2019/689
https://doi.org/10.1145/3366423.3380017
https://doi.org/10.18653/v1/P19-1586
https://doi.org/10.1145/3308558.3313578
https://doi.org/10.1609/aaai.v35i15.17562
https://doi.org/10.1609/aaai.v34i05.6330
https://doi.org/10.1145/3219819.3220078
https://doi.org/10.1145/3448016.3452824
https://doi.org/10.1109/tkde.2020.2991063
https://doi.org/10.1109/TKDE.2021.3134806
https://doi.org/10.1007/978-3-642-25073-6_18
https://doi.org/10.1145/3132847.3132912
https://doi.org/10.1145/3132847.3132912
https://doi.org/10.14778/2078331.2078332
https://doi.org/10.1145/3308558.3313646
https://doi.org/10.3115/v1/D14-1162
https://doi.org/10.1145/3183713.3196926
https://doi.org/10.1145/3357384.3358018
https://doi.org/10.1145/3357384.3358018
https://doi.org/10.24963/ijcai.2019/689
https://doi.org/10.1145/3366423.3380017
https://doi.org/10.18653/v1/P19-1586
https://doi.org/10.1145/3308558.3313578
https://doi.org/10.1609/aaai.v35i15.17562
https://doi.org/10.1609/aaai.v34i05.6330
https://doi.org/10.1145/3219819.3220078
https://doi.org/10.1145/3448016.3452824
https://doi.org/10.1109/tkde.2020.2991063
https://doi.org/10.1109/TKDE.2021.3134806
https://doi.org/10.1007/978-3-642-25073-6_18
https://doi.org/10.1145/3132847.3132912
https://doi.org/10.1145/3132847.3132912
https://doi.org/10.14778/2078331.2078332
https://doi.org/10.1145/3308558.3313646

2384 HAFFIR 2023 FF 34 5% 5 A

Conf. on Empirical Methods in Natural Language Processing. Brussels: ACL, 2018. 349-357. [doi: 10.18653/v1/D18-1032]

[65] Cao YX, LiuZY, Li CJ, Liu ZY, Li JZ, Chua TS. Multi-channel graph neural network for entity alignment. In: Proc. of the 57th Annual
Meeting of the Association for Computational Linguistics. Florence: ACL, 2019. 1452-1461. [doi: 10.18653/v1/P19-1140]

[66] Sun ZQ, Chen MH, Hu W, Wang CM, Dai J, Zhang W. Knowledge association with hyperbolic knowledge graph embeddings. In: Proc.
of the 2020 Conf. on Empirical Methods in Natural Language Processing. ACL, 2020. 5704-5716. [doi: 10.18653/v1/2020.emnlp-main.
460]

[67] Pei SC, Yu L, Yu GX, Zhang XL. REA: Robust cross-lingual entity alignment between knowledge graphs. In: Proc. of the 26th ACM
SIGKDD Int’l Conf. on Knowledge Discovery and Data Mining. CA: ACM, 2020. 2175-2184. [doi: 10.1145/3394486.3403268]

[68] LiSN,LiX, YeR, Wang MZ, Su HP, Ou YZ. Non-translational alignment for multi-relational networks. In: Proc. of the 27th Int’l Joint
Conf. on Artificial Intelligence. Stockholm: AAAI Press, 2018. 4180—4186.

[69] Qi ZY, Zhang ZH, Chen JY, Chn X, Xiang YJ, Zhang NY, Zheng YF. Unsupervised knowledge graph alignment by probabilistic
reasoning and semantic embedding. In: Proc. of the 30th Int’l Joint Conf. on Artificial Intelligence. Montreal: IJCAlorg, 2021.
2019-2025. [doi: 10.24963/ijcai.2021/278]

[70] Chen MH, Tian YT, Chang K W, Skiena S, Zaniolo C. Co-training embeddings of knowledge graphs and entity descriptions for cross-
lingual entity alignment. In: Proc. of the 27th Int’l Joint Conf. on Artificial Intelligence. Stockholm: AAAI Press, 2018. 3998—4004.

[71] Trisedya BD, Qi JZ, Zhang R. Entity alignment between knowledge graphs using attribute embeddings. Proc. of the AAAI Conf. on
Artificial Intelligence, 2019, 33(1): 297-304. [doi: 10.1609/aaai.v33i01.3301297]

[72]  Guo LB, Sun ZQ, Hu W. Learning to exploit long-term relational dependencies in knowledge graphs. In: Proc. of the 36th Int’l Conf. on
Machine Learning. Long Beach: PMLR, 2019. 2505-2514.

[73] Yang HW, Zou YY, Shi P, Lu W, Lin J, Sun X. Aligning cross-lingual entities with multi-aspect information. In: Proc. of the 2019
Conf. on Empirical Methods in Natural Language Processing and the 9th Int’1 Joint Conf. on Natural Language Processing. Hong Kong:
ACL, 2019. 4431-4441. [doi: 10.18653/v1/D19-1451]

[74] Tang XB, Zhang J, Chen B, Yang Y, Chen H, Li CP. BERT-INT: A BERT-based interaction model for knowledge graph alignment. In:
Proc. of the 29th Int’] Joint Conf. on Artificial Intelligence. Yokohama: IJCAIorg, 2020. 3174-3180. [doi: 10.24963/ijcai.2020/439]

[75] Xin KX, Sun ZQ, Hua W, Hu W, Zhou XF. Informed multi-context entity alignment. In: Proc. of the 15th ACM Int’l Conf. on Web
Search and Data Mining. Tempe: ACM, 2022. 1197-1205. [doi: 10.1145/3488560.3498523]

[76] Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser £, Polosukhin I. Attention is all you need. In: Proc. of the
31st Int’l Conf. on Neural Information Processing Systems. Long Beach: Curran Associates Inc., 2017. 6000-6010.

[77]  Zhang QH, Sun ZQ, Hu W, Chen MH, Guo LB, Qu YZ. Multi-view knowledge graph embedding for entity alignment. In: Proc. of the
28th Int’l Joint Conf. on Artificial Intelligence. Macao: AAAI Press, 2019. 5429-5435. [doi: 10.24963/ijcai.2019/754]

[78] Liu ZY, Cao YX, Pan LM, Li JZ, Liu ZY, Chua TS. Exploring and evaluating attributes, values, and structures for entity alignment. In:
Proc. of the 2020 Conf. on Empirical Methods in Natural Language Processing. ACL, 2020. 6355-6364. [doi: 10.18653/v1/2020.emnlp-
main.515]

[79] Flach PA, Savnik I. Database dependency discovery: A machine learning approach. AI Communications, 1999, 12(3): 139-160.

[80] Sun ZQ, Hu W, Li CK. Cross-lingual entity alignment via joint attribute-preserving embedding. In: Proc. of the 16th Int’l Semantic Web
Conf. Vienna: Springer, 2017. 628—644. [doi: 10.1007/978-3-319-68288-4 37]

[81] Liu FY, Chen MH, Roth D, Collier N. Visual pivoting for (unsupervised) entity alignment. Proc. of the AAAI Conf. on Artificial
Intelligence, 2021, 35(5): 4257-4266. [doi: 10.1609/aaai.v35i5.16550]

[82] Zhu Y, Liu HZ, Wu ZH, Du YP. Relation-aware neighborhood matching model for entity alignment. Proc. of the AAAI Conf. on
Artificial Intelligence, 2021, 35(5): 4749-4756. [doi: 10.1609/aaai.v35i5.16606]

[83] Chen MH, Shi WIJ, Zhou B, Roth D. Cross-lingual entity alignment with incidental supervision. In: Proc. of the 16th Conf. of the
European Chapter of the Association for Computational Linguistics. ACL, 2021. 645-658. [doi: 10.18653/v1/2021.eacl-main.53]

[84] Devlin J, Chang MW, Lee K, Toutanova K. BERT: Pre-training of deep bidirectional transformers for language understanding.
arXiv:1810.04805, 2019.

[85] YangK, Liu SQ, Zhao JF, Wang YS, Xie B. COTSAE: Co-training of structure and attribute embeddings for entity alignment. Proc. of
the AAAI Conf. on Artificial Intelligence, 2020, 34(3): 3025-3032. [doi: 10.1609/aaai.v34i03.5696]

[86] Mao X, Wang WT, Xu HM, Lan M, Wu YB. MRAEA: An efficient and robust entity alignment approach for cross-lingual knowledge
graph. In: Proc. of the 13th Int’l Conf. on Web Search and Data Mining. Houston: ACM, 2020. 420—428. [doi: 10.1145/3336191.
3371804]

[87] Gao YJ, Liu XZ, WuJY, Li TY, Wang PF, Chen L. ClusterEA: Scalable entity alignment with stochastic training and normalized mini-

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.18653/v1/D18-1032
https://doi.org/10.18653/v1/P19-1140
https://doi.org/10.18653/v1/2020.emnlp-main.460
https://doi.org/10.18653/v1/2020.emnlp-main.460
https://doi.org/10.1145/3394486.3403268
https://doi.org/10.24963/ijcai.2021/278
https://doi.org/10.1609/aaai.v33i01.3301297
https://doi.org/10.18653/v1/D19-1451
https://doi.org/10.24963/ijcai.2020/439
https://doi.org/10.1145/3488560.3498523
https://doi.org/10.24963/ijcai.2019/754
https://doi.org/10.18653/v1/2020.emnlp-main.515
https://doi.org/10.18653/v1/2020.emnlp-main.515
https://doi.org/10.1007/978-3-319-68288-4_37
https://doi.org/10.1609/aaai.v35i5.16550
https://doi.org/10.1609/aaai.v35i5.16606
https://doi.org/10.18653/v1/2021.eacl-main.53
https://doi.org/10.1609/aaai.v34i03.5696
https://doi.org/10.1145/3336191.3371804
https://doi.org/10.1145/3336191.3371804
https://doi.org/10.18653/v1/D18-1032
https://doi.org/10.18653/v1/P19-1140
https://doi.org/10.18653/v1/2020.emnlp-main.460
https://doi.org/10.18653/v1/2020.emnlp-main.460
https://doi.org/10.1145/3394486.3403268
https://doi.org/10.24963/ijcai.2021/278
https://doi.org/10.1609/aaai.v33i01.3301297
https://doi.org/10.18653/v1/D19-1451
https://doi.org/10.24963/ijcai.2020/439
https://doi.org/10.1145/3488560.3498523
https://doi.org/10.24963/ijcai.2019/754
https://doi.org/10.18653/v1/2020.emnlp-main.515
https://doi.org/10.18653/v1/2020.emnlp-main.515
https://doi.org/10.1007/978-3-319-68288-4_37
https://doi.org/10.1609/aaai.v35i5.16550
https://doi.org/10.1609/aaai.v35i5.16606
https://doi.org/10.18653/v1/2021.eacl-main.53
https://doi.org/10.1609/aaai.v34i03.5696
https://doi.org/10.1145/3336191.3371804
https://doi.org/10.1145/3336191.3371804

BEE F mE) R KL 4R B0 SR BRI AR L 2385

batch similarities. In: Proc. of the 28th ACM SIGKDD Conf. on Knowledge Discovery and Data Mining. Washington: ACM, 2022.
421-431. [doi: 10.1145/3534678.3539331]

[88] Liu B, Scells H, Zuccon G, Hua W, Zhao GH. ActiveEA: Active learning for neural entity alignment. In: Proc. of the 2021 Conf. on
Empirical Methods in Natural Language Processing. Punta Cana: ACL, 2021. 3364-3374. [doi: 10.18653/v1/2021.emnlp-main.270]

[89] Ge CC, Liu XZ, Chen L, Zheng BH, Gao YJ. Make it easy: An effective end-to-end entity alignment framework. In: Proc. of the 44th
Int’l ACM SIGIR Conf. on Research and Development in Information Retrieval. ACM, 2021. 777 -786. [doi: 10.1145/3404835.
3462870]

[90] Mao X, Wang WT, Wu YB, Lan M. Are negative samples necessary in entity alignment?: An approach with high performance,
scalability and robustness. In: Proc. of the 30th ACM Int’l Conf. on Information and Knowledge Management. Queensland: ACM, 2021.
1263-1273. [doi: 10.1145/3459637.3482232]

[91] Mao X, Wang WT, Wu YB, Lan M. From alignment to assignment: Frustratingly simple unsupervised entity alignment. In: Proc. of the
2021 Conf. on Empirical Methods in Natural Language Processing. Punta Cana: ACL, 2021. 2843-2853. [doi: 10.18653/v1/2021.emnlp-
main.226]

[92] Zhao X, Zeng WX, Tang JY, Wang W, Suchanek FM. An experimental study of state-of-the-art entity alignment approaches. IEEE
Trans. on Knowledge and Data Engineering, 2022, 34(6): 2610-2625. [doi: 10.1109/TKDE.2020.3018741]

[93] Chen B, Zhang J, Tang XB, Chen H, Li CP. JarKA: Modeling attribute interactions for cross-lingual knowledge alignment. In: Proc. of
the 24th Pacific-Asia Conf. on Knowledge Discovery and Data Mining. Singapore: Springer. 2020. 845-856. [doi: 10.1007/978-3-030-
47426-3_65]

[94] Mao X, Wang WT, Xu HM, Wu YB, Lan M. Relational reflection entity alignment. In: Proc. of the 29th ACM Int’l Conf. on
Information and Knowledge Management. Ireland: ACM, 2020. 1095-1104. [doi: 10.1145/3340531.3412001]

[95] Ge CC, Liu XZ, Chen L, Gao YJ, Zheng BH. LargeEA: Aligning entities for large-scale knowledge graphs. Proc. of the VLDB
Endowment, 2021, 15(2): 237-245. [doi: 10.14778/3489496.3489504]

[96] Zeng WX, Zhao X, Li XY, Tang JY, Wang W. On entity alignment at scale. The VLDB Journal, 2022, 31(5): 1009-1033. [doi: 10.1007/
$00778-021-00703-3]

[97] Sun ZQ, Chen MH, and Hu W. Knowing the no-match: Entity alignment with dangling cases. In: Proc. of the 59th Annual Meeting of
the Association for Computational Linguistics and the 11th Int’l Joint Conf. on Natural Language Processing. ACL, 2021. 3582-3593.
[doi: 10.18653/v1/2021.acl-long.278]

[98] Luo SX, Yu S. An accurate unsupervised method for joint entity alignment and dangling entity detection. In: Proc. of the 2022 Findings
of the Association for Computational Linguistics. Dublin: ACL, 2022. 2330-2339. [doi: 10.18653/v1/2022.findings-acl.183]

[99] Pei SC, Yu L, Zhang XL. Improving cross-lingual entity alignment via optimal transport. In: Proc. of the 28th Int’l Joint Conf. on
Artificial Intelligence. Macao: AAAI Press, 2019. 3231-3237. [doi: 10.24963/ijcai.2019/448]

[100]  Sun ZQ, Huang JC, Hu W, Chen MH, Guo LB, Qu YZ. TransEdge: Translating relation-contextualized embeddings for knowledge
graphs. In: Proc. of the 18th Int’] Semantic Web Conf. Auckland: Springer, 2019. 612—629. [doi: 10.1007/978-3-030-30793-6_35]

[101]  Shi XF, Xiao YH. Modeling multi-mapping relations for precise cross-lingual entity alignment. In: Proc. of the 2019 Conf. on Empirical
Methods in Natural Language Processing and the 9th Int’l Joint Conf. on Natural Language Processing. Hong Kong: ACL, 2019.
813-822. [doi: 10.18653/v1/D19-1075]

[102] Lin XX, Yang H, Wu J, Zhou C, Wang B. Guiding cross-lingual entity alignment via adversarial knowledge embedding. In: Proc. of the
2019 IEEE Int’l Conf. on Data Mining. Beijing: IEEE, 2019. 429-438. [doi: 10.1109/ICDM.2019.00053]

[103]  Zhu QN, Zhou XF, Wu J, Tan JL, Guo L. Neighborhood-aware attentional representation for multilingual knowledge graphs. In: Proc.
of the 28th Int’l Joint Conf. on Artificial Intelligence. Macao: AAAI Press, 2019. 1943-1949. [doi: 10.24963/ijcai.2019/269]

[104] YeR,LiX, Fang YJ, Zang HY, Wang MZ. A vectorized relational graph convolutional network for multi-relational network alignment.
In: Proc. of the 28th Int’] Joint Conf. on Artificial Intelligence. Macao: AAAI Press, 2019. 4135-4141. [doi: 10.24963/ijcai.2019/574]

[105] LiClJ, Cao YX, Hou L, Shi JX, Li JZ, Chua TS. Semi-supervised entity alignment via joint knowledge embedding model and cross-
graph model. In: Proc. of the 2019 Conf. on Empirical Methods in Natural Language Processing and the 9th Int’l Joint Conf. on Natural
Language Processing. Hong Kong: ACL, 2019. 2723-2732. [doi: 10.18653/v1/D19-1274]

[106] Sun ZQ, Wang CM, Hu W, Chen MH, Dai J, Zhang W, Qu YZ. Knowledge graph alignment network with gated multi-hop
neighborhood aggregation. Proc. of the AAAI Conf. on Artificial Intelligence, 2020, 34(1): 222-229. [doi: 10.1609/aaai.v34i01.5354]

[107] Nie H, Han XP, Sun L, Wong CM, Chen Q, Wu SH, Zhang W. Global structure and local semantics-preserved embeddings for entity
alignment. In: Proc. of the 29th Int’l Joint Conf. on Artificial Intelligence. Yokohama: IJCAlI.org, 2020. 3658-3664. [doi: 10.24963/ijcai.
2020/502]

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.1145/3534678.3539331
https://doi.org/10.18653/v1/2021.emnlp-main.270
https://doi.org/10.1145/3404835.3462870
https://doi.org/10.1145/3404835.3462870
https://doi.org/10.1145/3459637.3482232
https://doi.org/10.18653/v1/2021.emnlp-main.226
https://doi.org/10.18653/v1/2021.emnlp-main.226
https://doi.org/10.1109/TKDE.2020.3018741
https://doi.org/10.1007/978-3-030-47426-3_65
https://doi.org/10.1007/978-3-030-47426-3_65
https://doi.org/10.1145/3340531.3412001
https://doi.org/10.14778/3489496.3489504
https://doi.org/10.1007/s00778-021-00703-3
https://doi.org/10.1007/s00778-021-00703-3
https://doi.org/10.18653/v1/2021.acl-long.278
https://doi.org/10.18653/v1/2022.findings-acl.183
https://doi.org/10.24963/ijcai.2019/448
https://doi.org/10.1007/978-3-030-30793-6_35
https://doi.org/10.18653/v1/D19-1075
https://doi.org/10.1109/ICDM.2019.00053
https://doi.org/10.24963/ijcai.2019/269
https://doi.org/10.24963/ijcai.2019/574
https://doi.org/10.18653/v1/D19-1274
https://doi.org/10.1609/aaai.v34i01.5354
https://doi.org/10.24963/ijcai.2020/502
https://doi.org/10.24963/ijcai.2020/502
https://doi.org/10.1145/3534678.3539331
https://doi.org/10.18653/v1/2021.emnlp-main.270
https://doi.org/10.1145/3404835.3462870
https://doi.org/10.1145/3404835.3462870
https://doi.org/10.1145/3459637.3482232
https://doi.org/10.18653/v1/2021.emnlp-main.226
https://doi.org/10.18653/v1/2021.emnlp-main.226
https://doi.org/10.1109/TKDE.2020.3018741
https://doi.org/10.1007/978-3-030-47426-3_65
https://doi.org/10.1007/978-3-030-47426-3_65
https://doi.org/10.1145/3340531.3412001
https://doi.org/10.14778/3489496.3489504
https://doi.org/10.1007/s00778-021-00703-3
https://doi.org/10.1007/s00778-021-00703-3
https://doi.org/10.18653/v1/2021.acl-long.278
https://doi.org/10.18653/v1/2022.findings-acl.183
https://doi.org/10.24963/ijcai.2019/448
https://doi.org/10.1007/978-3-030-30793-6_35
https://doi.org/10.18653/v1/D19-1075
https://doi.org/10.1109/ICDM.2019.00053
https://doi.org/10.24963/ijcai.2019/269
https://doi.org/10.24963/ijcai.2019/574
https://doi.org/10.18653/v1/D19-1274
https://doi.org/10.1609/aaai.v34i01.5354
https://doi.org/10.24963/ijcai.2020/502
https://doi.org/10.24963/ijcai.2020/502

2386 HAFFIR 2023 FF 34 5% 5 A

[108] Chen J, Li ZX, Zhao PP, Liu A, Zhao L, Chen ZG, Zhang XL. Learning short-term differences and long-term dependencies for entity
alignment. In: Proc. of the 19th Int’l Semantic Web Conf. Athens: Springer, 2020. 92—109. [doi: 10.1007/978-3-030-62419-4 6]

[109] Yu DH, Yang YM, Zhang RH, Wu YX. Knowledge embedding based graph convolutional network. In: Proc. of the 2021 Web Conf.
Ljubljana: ACM, 2021. 1619-1628. [doi: 10.1145/3442381.3449925]

[110] Zeng WX, Zhao X, Tang JY, Fan CJ. Reinforced active entity alignment. In: Proc. of the 30th ACM Int’l Conf. on Information and
Knowledge Management. Queensland: ACM, 2021. 2477-2486. [doi: 10.1145/3459637.3482472]

[111]  Xu CJ, Su FL, Lehmann J. Time-aware graph neural network for entity alignment between temporal knowledge graphs. In: Proc. of the
2021 Conf. on Empirical Methods in Natural Language Processing. Punta Cana: ACL, 2021. 8999-9010. [doi: 10.18653/v1/2021.emnlp-
main.709]

[112]  Trivedi R, Sisman B, Dong XL, Faloutsos C, Ma J, Zha HY. LinkNBed: Multi-graph representation learning with entity linkage. In:
Proc. of the 56th Annual Meeting of the Association for Computational Linguistics. Melbourne: ACL, 2018. 252-262. [doi: 10.18653/v1/
P18-1024]

[113]  Zhu Q, Wei H, Sisman B, Zheng D, Faloutsos C, Dong XL, Han JW. Collective multi-type entity alignment between knowledge graphs.
In: Proc. of the 2020 Web Conf. Taipei: ACM, 2020. 2241-2252. [doi: 10.1145/3366423.3380289]

[114] Wang ZC, Yang JJ, Ye XJ. Knowledge graph alignment with entity-pair embedding. In: Proc. of the 2020 Conf. on Empirical Methods
in Natural Language Processing. ACL, 2020. 1672—-1680. [doi: 10.18653/v1/2020.emnlp-main.130]

[115] Zhu RB, Ma M, Wang P. RAGA: Relation-aware graph attention networks for global entity alignment. In: Proc. of the 25th Pacific-Asia
Conf. on Knowledge Discovery and Data Mining. Switzerland: Springer, 2021. 501-513. [doi: 10.1007/978-3-030-75762-5_40]

[116] Xu K, Wang LW, Yu M, Feng YS, Song Y, Wang ZG, Yu D. Cross-lingual knowledge graph alignment via graph matching neural
network. In: Proc. of the 57th Annual Meeting of the Association for Computational Linguistics. Florence: ACL, 2019. 3156-3161. [doi:
10.18653/v1/P19-1304]

[117]  Wu YT, Liu X, Feng YS, Wang Z, Yan R, Zhao DY. Relation-aware entity alignment for heterogeneous knowledge graphs. In: Proc. of
the 28th Int’1 Joint Conf. on Artificial Intelligence. Macao: AAAI Press, 2019. 5278-5284. [doi: 10.24963/ijcai.2019/733]

[118] Wu YT, Liu X, Feng YS, Wang Z, Zhao DY. Jointly learning entity and relation representations for entity alignment. In: Proc. of the
2019 Conf. on Empirical Methods in Natural Language Processing and the 9th Int’l Joint Conf. on Natural Language Processing. Hong
Kong: ACL, 2019. 240-249. [doi: 10.18653/v1/D19-1023]

[119] XuK, Song LF, Feng YS, Song Y, Yu D. Coordinated reasoning for cross-lingual knowledge graph alignment. Proc. of the AAAT Conf.
on Artificial Intelligence, 2020, 34(5): 9354-9361. [doi: 10.1609/aaai.v34i05.6476]

[120]  Zeng WX, Zhao X, Tang JY, Lin XM. Collective entity alignment via adaptive features. In: Proc. of the 36th IEEE Int’l Conf. on Data
Engineering. Dallas: IEEE, 2020. 1870-1873. [doi: 10.1109/ICDE48307.2020.00191]

[121]  Zeng WX, Zhao X, Tang JY, Lin XM, Groth P. Reinforcement learning-based collective entity alignment with adaptive features. ACM
Trans. on Information Systems, 2021, 39(3): 26. [doi: 10.1145/3446428]

[122] Wu YT, Liu X, Feng YS, Wang Z, Zhao DY. Neighborhood matching network for entity alignment. In: Proc. of the 58th Annual
Meeting of the Association for Computational Linguistics. ACL, 2020. 6477-6487. [doi: 10.18653/v1/2020.acl-main.578]

[123]  YangJZ, Zhou W, Wei LW, Lin JY, Han JZ, Hu SL. RE-GCN: Relation enhanced graph convolutional network for entity alignment in
heterogeneous knowledge graphs. In: Proc. of the 25th Int’l Conf. on Database Systems for Advanced Applications. Jeju: Springer,
2020. 432-447. [doi: 10.1007/978-3-030-59416-9_26]

[124] Yan YC, Liu LH, Ban YK, Jing BY, Tong HH. Dynamic knowledge graph alignment. Proc. of the AAAI Conf. on Artificial
Intelligence, 2021, 35(5): 4564—4572. [doi: 10.1609/aaai.v35i5.16585]

[125] Mao X, Wang WT, Wu YB, Lan M. Boosting the speed of entity alignment 10x: Dual attention matching network with normalized hard
sample mining. In: Proc. of the 2021 Web Conf. Ljubljana: ACM, 2021. 821-832. [doi: 10.1145/3442381.3449897]

[126] YangJZ, Wang D, Zhou W, Qian WH, Wang X, Han JZ, Hu SL. Entity and relation matching consensus for entity alignment. In: Proc.
of the 30th ACM Int’l Conf. on Information and Knowledge Management. Queensland: ACM, 2021. 2331-2341. [doi: 10.1145/3459637.
3482338]

[127] Liu X, Hong HY, Wang XH, Chen ZY, Kharlamov E, Dong YX, Tang J. SelfKG: Self-supervised entity alignment in knowledge
graphs. In: Proc. of the 2022 ACM Web Conf. Lyon: ACM, 2022. 860—870. [doi: 10.1145/3485447.3511945]

[128] Ge CC, Zeng XC, Chen L, Gao YJ. ZeroMatcher: A cost-off entity matching system. In: Proc. of the 45th Int’l ACM SIGIR Conf. on
Research and Development in Information Retrieval. Madrid: ACM, 2022, 3262-3266. [doi: 10.1145/3477495.3531661]

[129]  Pasternack J, Roth D. Knowing what to believe (when you already know something). In: Proc. of the 23rd Int’l Conf. on Computational
Linguistics. Beijing: ACL, 2010. 877-885.

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.1007/978-3-030-62419-4_6
https://doi.org/10.1145/3442381.3449925
https://doi.org/10.1145/3459637.3482472
https://doi.org/10.18653/v1/2021.emnlp-main.709
https://doi.org/10.18653/v1/2021.emnlp-main.709
https://doi.org/10.18653/v1/P18-1024
https://doi.org/10.18653/v1/P18-1024
https://doi.org/10.1145/3366423.3380289
https://doi.org/10.18653/v1/2020.emnlp-main.130
https://doi.org/10.1007/978-3-030-75762-5_40
https://doi.org/10.18653/v1/P19-1304
https://doi.org/10.24963/ijcai.2019/733
https://doi.org/10.18653/v1/D19-1023
https://doi.org/10.1609/aaai.v34i05.6476
https://doi.org/10.1109/ICDE48307.2020.00191
https://doi.org/10.1145/3446428
https://doi.org/10.18653/v1/2020.acl-main.578
https://doi.org/10.1007/978-3-030-59416-9_26
https://doi.org/10.1609/aaai.v35i5.16585
https://doi.org/10.1145/3442381.3449897
https://doi.org/10.1145/3459637.3482338
https://doi.org/10.1145/3459637.3482338
https://doi.org/10.1145/3485447.3511945
https://doi.org/10.1145/3477495.3531661
https://doi.org/10.1007/978-3-030-62419-4_6
https://doi.org/10.1145/3442381.3449925
https://doi.org/10.1145/3459637.3482472
https://doi.org/10.18653/v1/2021.emnlp-main.709
https://doi.org/10.18653/v1/2021.emnlp-main.709
https://doi.org/10.18653/v1/P18-1024
https://doi.org/10.18653/v1/P18-1024
https://doi.org/10.1145/3366423.3380289
https://doi.org/10.18653/v1/2020.emnlp-main.130
https://doi.org/10.1007/978-3-030-75762-5_40
https://doi.org/10.18653/v1/P19-1304
https://doi.org/10.24963/ijcai.2019/733
https://doi.org/10.18653/v1/D19-1023
https://doi.org/10.1609/aaai.v34i05.6476
https://doi.org/10.1109/ICDE48307.2020.00191
https://doi.org/10.1145/3446428
https://doi.org/10.18653/v1/2020.acl-main.578
https://doi.org/10.1007/978-3-030-59416-9_26
https://doi.org/10.1609/aaai.v35i5.16585
https://doi.org/10.1145/3442381.3449897
https://doi.org/10.1145/3459637.3482338
https://doi.org/10.1145/3459637.3482338
https://doi.org/10.1145/3485447.3511945
https://doi.org/10.1145/3477495.3531661

BEE F mE) R HIE L 4R B0 SR E R AR L 2387

[130] Galland A, Abiteboul S, Marian A, Senellart P. Corroborating information from disagreeing views. In: Proc. of the 3rd ACM Int’l Conf.
on Web Search and Data Mining. New York: ACM, 2010. 131-140. [doi: 10.1145/1718487.1718504]

[131]  Yin XX, Han JW, Yu PS. Truth discovery with multiple conflicting information providers on the Web. In: Proc. of the 13th ACM
SIGKDD Int’l Conf. on Knowledge Discovery and Data Mining. San Jose: ACM, 2007. 1048-1052. [doi: 10.1145/1281192.1281309]

[132] Dong XL, Berti-Equille L, Srivastava D. Integrating conflicting data: The role of source dependence. Proc. of the VLDB Endowment,
2009, 2(1): 550-561. [doi: 10.14778/1687627.1687690]

[133] Yin XX, Tan WZ. Semi-supervised truth discovery. In: Proc. of the 20th Int’l Conf. on World Wide Web. Hyderabad: ACM, 2011.
217-226. [doi: 10.1145/1963405.1963439]

[134] LiQ, Li YL, Gao J, Su L, Zhao B, Demirbas M, Fan W, Han JW. A confidence-aware approach for truth discovery on long-tail data.
Proc. of the VLDB Endowment, 2014, 8(4): 425-436. [doi: 10.14778/2735496.2735505]

[135] Li Q, Li YL, Gao J, Zhao B, Fan W, Han JW. Resolving conflicts in heterogeneous data by truth discovery and source reliability
estimation. In: Proc. of the 2014 ACM SIGMOD Int’l Conf. on Management of Data. Snowbird: ACM, 2014. 1187-1198. [doi: 10.1145/
2588555.2610509]

[136] Zhao B, Han JW. A probabilistic model for estimating real-valued truth from conflicting sources. In: Proc. of the 10th Int’l Workshop on
Quality in Databases. Istanbul, 2012. 1817.

[137] Pasternack J, Roth D. Latent credibility analysis. In: Proc. of the 22nd Int’l Conf. on World Wide Web. Rio de Janeiro: ACM, 2013.
1009-1020. [doi: 10.1145/2488388.2488476]

[138] Dong XL, Berti-Equille L, Srivastava D. Truth discovery and copying detection in a dynamic world. Proc. of the VLDB Endowment,
2009, 2(1): 562-573. [doi: 10.14778/1687627.1687691]

[139] Rekatsinas T, Joglekar M, Garcia-Molina H, Parameswaran A, R¢é C. SLiMFast: Guaranteed results for data fusion and source
reliability. In: Proc. of the 2017 ACM Int’l Conf. on Management of Data. Chicago: ACM, 2017. 1399-1414. [doi: 10.1145/3035918.
3035951]

[140] LiYL,LiQ, GaoJ, SuL, Zhao B, Fan W, Han JW. On the discovery of evolving truth. In: Proc. of the 21st ACM SIGKDD Int’l Conf.
on Knowledge Discovery and Data Mining. Sydney: ACM, 2015. 675-684. [doi: 10.1145/2783258.2783277]

[141] Pochampally R, Das Sarma A, Dong XL, Meliou A, Srivastava D. Fusing data with correlations. In: Proc. of the 2014 ACM SIGMOD
Int’l Conf. on Management of Data. Snowbird: ACM, 2014. 433-444. [doi: 10.1145/2588555.2593674]

[142] Qi GJ, Aggarwal CC, Han JW, Huang T. Mining collective intelligence in diverse groups. In: Proc. of the 22nd Int’l Conf. on World
Wide Web. Rio de Janeiro: ACM, 2013. 1041-1052. [doi: 10.1145/2488388.2488479]

[143] Sarma AD, Dong XL, Halevy A. Data integration with dependent sources. In: Proc. of the 14th Int’l Conf. on Extending Database
Technology. Uppsala: ACM, 2011. 401-412. [doi: 10.1145/1951365.1951414]

[144]  Zhao B, Rubinstein BIP, Gemmell J, Han JW. A Bayesian approach to discovering truth from conflicting sources for data integration.
Proc. of the VLDB Endowment, 2012, 5(6): 550-561. [doi: 10.14778/2168651.2168656]

[145] Li YL, GaoJ, Meng CS, Li Q, Su L, Zhao B, Fan W, Han JW. A survey on truth discovery. ACM SIGKDD Explorations Newsletter,
2016, 17(2): 1-16. [doi: 10.1145/2897350.2897352]

[146] Cao EM, Wang DF, Huang JC, Hu W. Open knowledge enrichment for long-tail entities. In: Proc. of the 2020 Web Conf. Taipei: ACM,
2020. 384-394. [doi: 10.1145/3366423.3380123]

[147] Huang JC, Zhao Y, Hu W, Ning Z, Chen QJ, Qiu XX, Huo CF, Ren WJ. Trustworthy knowledge graph completion based on multi-
sourced noisy data. In: Proc. of the 2022 ACM Web Conf. Lyon: ACM, 2022. 956-965. [doi: 10.1145/3485447.3511938]

[148] Dong XL, Gabrilovich E, Heitz G, Horn W, Murphy K. From data fusion to knowledge fusion. Proc. of the VLDB Endowment, 2014,
7(10): 881-892. [doi: 10.14778/2732951.2732962]

[149]  Swartz N. Gartner warns firms of ‘dirty data’. The Information Management Journal, 2007, 41(3): 6-7.

[150] Redman TC. Bad data costs the U.S. $3 trillion per year. Harvard Business Review, 2016, 22: 11-18.

[151] Chu X, Morcos J, Ilyas IF, Ouzzani M, Papotti P, Tang N, Ye Y. KATARA: A data cleaning system powered by knowledge bases and
crowdsourcing. In: Proc. of the 2015 ACM SIGMOD Int’l Conf. on Management of Data. Victoria: ACM, 2015. 1247-1261. [doi: 10.
1145/2723372.2749431]

[152]  Asuncion A, Newman DJ. UCI machine learning repository. 2007. https://archive.ics.uci.edu/ml/index.php

[153] Huhtala Y, Kérkkdinen J, Porkka P, Toivonen H. TANE: An efficient algorithm for discovering functional and approximate
dependencies. The Computer Journal, 1999, 42(2): 100-111. [doi: 10.1093/comjnl/42.2.100]

[154] LiuJX, LiJY, Liu CF, Chen YF. Discover dependencies from data—A review. IEEE Trans. on Knowledge and Data Engineering, 2012,
24(2): 251-264. [doi: 10.1109/TKDE.2010.197]

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.1145/1718487.1718504
https://doi.org/10.1145/1281192.1281309
https://doi.org/10.14778/1687627.1687690
https://doi.org/10.1145/1963405.1963439
https://doi.org/10.14778/2735496.2735505
https://doi.org/10.1145/2588555.2610509
https://doi.org/10.1145/2588555.2610509
https://doi.org/10.1145/2488388.2488476
https://doi.org/10.14778/1687627.1687691
https://doi.org/10.1145/3035918.3035951
https://doi.org/10.1145/3035918.3035951
https://doi.org/10.1145/2783258.2783277
https://doi.org/10.1145/2588555.2593674
https://doi.org/10.1145/2488388.2488479
https://doi.org/10.1145/1951365.1951414
https://doi.org/10.14778/2168651.2168656
https://doi.org/10.1145/2897350.2897352
https://doi.org/10.1145/3366423.3380123
https://doi.org/10.1145/3485447.3511938
https://doi.org/10.14778/2732951.2732962
https://doi.org/10.1145/2723372.2749431
https://doi.org/10.1145/2723372.2749431
https://archive.ics.uci.edu/ml/index.php
https://doi.org/10.1093/comjnl/42.2.100
https://doi.org/10.1109/TKDE.2010.197
https://doi.org/10.1145/1718487.1718504
https://doi.org/10.1145/1281192.1281309
https://doi.org/10.14778/1687627.1687690
https://doi.org/10.1145/1963405.1963439
https://doi.org/10.14778/2735496.2735505
https://doi.org/10.1145/2588555.2610509
https://doi.org/10.1145/2588555.2610509
https://doi.org/10.1145/2488388.2488476
https://doi.org/10.14778/1687627.1687691
https://doi.org/10.1145/3035918.3035951
https://doi.org/10.1145/3035918.3035951
https://doi.org/10.1145/2783258.2783277
https://doi.org/10.1145/2588555.2593674
https://doi.org/10.1145/2488388.2488479
https://doi.org/10.1145/1951365.1951414
https://doi.org/10.14778/2168651.2168656
https://doi.org/10.1145/2897350.2897352
https://doi.org/10.1145/3366423.3380123
https://doi.org/10.1145/3485447.3511938
https://doi.org/10.14778/2732951.2732962
https://doi.org/10.1145/2723372.2749431
https://doi.org/10.1145/2723372.2749431
https://archive.ics.uci.edu/ml/index.php
https://doi.org/10.1093/comjnl/42.2.100
https://doi.org/10.1109/TKDE.2010.197

2388 HAFFIR 2023 FF 34 5% 5 A

[155] Lopes S, Petit JM, Lakhal L. Efficient discovery of functional dependencies and armstrong relations. In: Proc. of the 7th Int’l Conf. on
Extending Database Technology: Advances in Database Technology. Konstanz: Springer, 2000. 350-364. [doi: 10.1007/3-540-46439-
5 24]

[156] Novelli N, Cicchetti R. FUN: An efficient algorithm for mining functional and embedded dependencies. In: Proc. of the 8th Int’l Conf.
on Database Theory. London: Springer, 2001. 189-203. [doi: 10.1007/3-540-44503-X_13]

[157] Papenbrock T, Ehrlich J, Marten J, Neubert T. Functional dependency discovery: An experimental evaluation of seven algorithms. Proc.
of the VLDB Endowment, 2015, 8(10): 1082—1093. [doi: 10.14778/2794367.2794377]

[158] Chiang F, Miller RJ. Discovering data quality rules. Proc. of the VLDB Endowment, 2008, 1(1): 1166—1177. [doi: 10.14778/1453856.
1453980]

[159] Fan WF, Geerts F, Li JZ, Xiong M. Discovering conditional functional dependencies. IEEE Trans. on Knowledge and Data Engineering,
2011, 23(5): 683-698. [doi: 10.1109/TKDE.2010.154]

[160] Rammelaere J, Geerts F. Revisiting conditional functional dependency discovery: Splitting the “C” from the “FD”. In: Proc. of the 2018
European Conf. on Machine Learning and Knowledge Discovery in Databases. Dublin: Springer, 2018. 552-568. [doi: 10.1007/978-3-
030-10928-8_33]

[161] BleifuB T, Kruse S, Naumann F. Efficient denial constraint discovery with hydra. Proc. of the VLDB Endowment, 2017, 11(3):
311-323. [doi: 10.14778/3157794.3157800]

[162] Chu X, Ilyas IF, Krishnan S, Wang JN. Data cleaning: Overview and emerging challenges. In: Proc. of the 2016 Int’l Conf. on
Management of Data. San Francisco: ACM, 2016. 2201-2206. [doi: 10.1145/2882903.2912574]

[163] Pena EHM, de Almeida EC. BFASTDC: A bitwise algorithm for mining denial constraints. In: Proc. of the 29th Int’l Conf. on Database
and Expert Systems Applications. Regensburg: Springer, 2018. 53—68. [doi: 10.1007/978-3-319-98809-2 4]

[164] Pena EHM, de Almeida EC, Naumann F. Discovery of approximate (and exact) denial constraints. Proc. of the VLDB Endowment,
2019, 13(3): 266-278. [doi: 10.14778/3368289.3368293]

[165] Livshits E, Heidari A, Ilyas IF, Kimelfeld B. Approximate denial constraints. Proc. of the VLDB Endowment, 2020, 13(10): 1682—1695.
[doi: 10.14778/3401960.3401966]

[166] Bertossi L, Bravo L, Franconi E, Lopatenko A. The complexity and approximation of fixing numerical attributes in databases under
integrity constraints. Information Systems, 2008, 33(4-5): 407-434. [doi: 10.1016/j.15.2008.01.005]

[167] Beskales G, Ilyas IF, Golab L. Sampling the repairs of functional dependency violations under hard constraints. Proc. of the VLDB
Endowment, 2010, 3(1-2): 197-207. [doi: 10.14778/1920841.1920870]

[168] Fan WF, Ma S, Tang N, Yu WY. Interaction between record matching and data repairing. Journal of Data and Information Quality,
2014, 4(4): 16. [doi: 10.1145/2567657]

[169] Cong G, Fan WF, Geerts F, Jia XB, Ma S. Improving data quality: Consistency and accuracy. In: Proc. of the 33rd Int’1 Conf. on Very
Large Data Bases. Vienna: VLDB Endowment, 2007. 315-326.

[170] Fan WEF, Geerts F, Jia XB, Kementsietsidis A. Conditional functional dependencies for capturing data inconsistencies. ACM Trans. on
Database Systems, 2008, 33(2): 6. [doi: 10.1145/1366102.1366103]

[171]  Yakout M, Elmagarmid AK, Neville J, Ouzzani M, Ilyas IF. Guided data repair. Proc. of the VLDB Endowment, 2011, 4(5): 279-289.
[doi: 10.14778/1952376.1952378]

[172] Kolahi S, Lakshmanan LVS. On approximating optimum repairs for functional dependency violations. In: Proc. of the 12th Int’l Conf.
on Database Theory. St. Petersburg: ACM, 2009. 53-62. [doi: 10.1145/1514894.1514901]

[173] Chu X, Ilyas IF, Papotti P. Holistic data cleaning: Putting violations into context. In: Proc. of the 29th IEEE Int’l Conf. on Data
Engineering. Brisbane: IEEE, 2013. 458-469. [doi: 10.1109/ICDE.2013.6544847]

[174] Khayyat Z, Ilyas IF, Jindal A, Madden S, Ouzzani M, Papotti P, Quiané-Ruiz JA, Tang N, Yin S. BigDansing: A system for big data
cleansing. In: Proc. of the 2015 ACM SIGMOD Int’l Conf. on Management of Data. Victoria: ACM, 2015. 1215-1230. [doi: 10.1145/
2723372.2747646]

[175] Rekatsinas T, Chu X, Ilyas IF, Ré C. HoloClean: Holistic data repairs with probabilistic inference. Proc. of the VLDB Endowment,
2017, 10(11): 1190-1201. [doi: 10.14778/3137628.3137631]

[176] Geerts F, Mecca G, Papotti P, Santoro D. The LLUNATIC data-cleaning framework. Proc. of the VLDB Endowment, 2013, 6(9):
625-636. [doi: 10.14778/2536360.2536363]

[177]  Arocena PC, Glavic B, Mecca G, Miller RJ. Messing up with BART: Error generation for evaluating data-cleaning algorithms. Proc. of
the VLDB Endowment, 2015, 9(2): 36-47. [doi: 10.14778/2850578.2850579]

[178] Dallachiesa M, Ebaid A, Eldawy A, Elmagarmid A, Ilyas IF, Ouzzani M, Tang N. NADEEF: A commodity data cleaning system. In:

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.1007/3-540-46439-5_24
https://doi.org/10.1007/3-540-46439-5_24
https://doi.org/10.1007/3-540-44503-X_13
https://doi.org/10.14778/2794367.2794377
https://doi.org/10.14778/1453856.1453980
https://doi.org/10.14778/1453856.1453980
https://doi.org/10.1109/TKDE.2010.154
https://doi.org/10.1007/978-3-030-10928-8_33
https://doi.org/10.1007/978-3-030-10928-8_33
https://doi.org/10.14778/3157794.3157800
https://doi.org/10.1145/2882903.2912574
https://doi.org/10.1007/978-3-319-98809-2_4
https://doi.org/10.14778/3368289.3368293
https://doi.org/10.14778/3401960.3401966
https://doi.org/10.1016/j.is.2008.01.005
https://doi.org/10.14778/1920841.1920870
https://doi.org/10.1145/2567657
https://doi.org/10.1145/1366102.1366103
https://doi.org/10.14778/1952376.1952378
https://doi.org/10.1145/1514894.1514901
https://doi.org/10.1109/ICDE.2013.6544847
https://doi.org/10.1145/2723372.2747646
https://doi.org/10.1145/2723372.2747646
https://doi.org/10.14778/3137628.3137631
https://doi.org/10.14778/2536360.2536363
https://doi.org/10.14778/2850578.2850579
https://doi.org/10.1007/3-540-46439-5_24
https://doi.org/10.1007/3-540-46439-5_24
https://doi.org/10.1007/3-540-44503-X_13
https://doi.org/10.14778/2794367.2794377
https://doi.org/10.14778/1453856.1453980
https://doi.org/10.14778/1453856.1453980
https://doi.org/10.1109/TKDE.2010.154
https://doi.org/10.1007/978-3-030-10928-8_33
https://doi.org/10.1007/978-3-030-10928-8_33
https://doi.org/10.14778/3157794.3157800
https://doi.org/10.1145/2882903.2912574
https://doi.org/10.1007/978-3-319-98809-2_4
https://doi.org/10.14778/3368289.3368293
https://doi.org/10.14778/3401960.3401966
https://doi.org/10.1016/j.is.2008.01.005
https://doi.org/10.14778/1920841.1920870
https://doi.org/10.1145/2567657
https://doi.org/10.1145/1366102.1366103
https://doi.org/10.14778/1952376.1952378
https://doi.org/10.1145/1514894.1514901
https://doi.org/10.1109/ICDE.2013.6544847
https://doi.org/10.1145/2723372.2747646
https://doi.org/10.1145/2723372.2747646
https://doi.org/10.14778/3137628.3137631
https://doi.org/10.14778/2536360.2536363
https://doi.org/10.14778/2850578.2850579

BEE F mE) R KL 4R B0 SR BRI AR B 2389

Proc. of the 2013 ACM SIGMOD Int’l Conf. on Management of Data. New York: ACM, 2013. 541-552. [doi: 10.1145/2463676.
2465327]

[179] Ge CC, Gao YJ, Miao XY, Yao B, Wang HB. A hybrid data cleaning framework using Markov logic networks. IEEE Trans. on
Knowledge and Data Engineering, 2022, 34(5): 2048-2062. [doi: 10.1109/TKDE.2020.3012472]

[180] Ge CC, Gao YJ, Miao XY, Chen L. IHCS: An integrated hybrid cleaning system. Proc. of the VLDB Endowment, 2019, 12(12):
1874-1877. [doi: 10.14778/3352063.3352088]

[181] Giannakopoulou SA, Karpathiotakis M, Gaidioz B, Ailamaki A. CleanM: An optimizable query language for unified scale-out data
cleaning. Proc. of the VLDB Endowment, 2017, 10(11): 1466—-1477. [doi: 10.14778/3137628.3137654]

[182]  Giannakopoulou S, Karpathiotakis M, Ailamaki A. Cleaning denial constraint violations through relaxation. In: Proc. of the 2020 ACM
SIGMOD Int’l Conf. on Management of Data. Portland: ACM, 2020. 805-815. [doi: 10.1145/3318464.3389775]

[183] Yakout M, Berti-Equille L, Elmagarmid AK. Don’t be scared: Use scalable automatic repairing with maximal likelihood and bounded
changes. In: Proc. of the 2013 ACM SIGMOD Int’l Conf. on Management of Data. New York: ACM, 2013. 553-564. [doi: 10.1145/
2463676.2463706]

[184] Mayfield C, Neville J, Prabhakar S. ERACER: A database approach for statistical inference and data cleaning. In: Proc. of the 2010
ACM SIGMOD Int’l Conf. on Management of Data. Indianapolis: ACM, 2010. 75-86. [doi: 10.1145/1807167.1807178]

[185] Krishnan S, Wang JN, Wu E, Franklin MJ, Goldberg K. ActiveClean: Interactive data cleaning for statistical modeling. Proc. of the
VLDB Endowment, 2016, 9(12): 948-959. [doi: 10.14778/2994509.2994514]

[186] Mahdavi M, Abedjan Z. Baran: Effective error correction via a unified context representation and transfer learning. Proc. of the VLDB
Endowment, 2020, 13(12): 1948-1961. [doi: 10.14778/3407790.3407801]

[187] Heidari A, McGrath J, Ilyas IF, Rekatsinas T. HoloDetect: Few-shot learning for error detection. In: Proc. of the 2019 Int’l Conf. on
Management of Data. Amsterdam: ACM, 2019. 829-846. [doi: 10.1145/3299869.3319888]

[188] Mahdavi M, Abedjan Z, Fernandez RC, Madden S, Ouzzani M, Stonebraker M, Tang N. Raha: A configuration-free error detection
system. In: Proc. of the 2019 Int’l Conf. on Management of Data. Amsterdam: ACM, 2019. 865-882. [doi: 10.1145/3299869.3324956]

[189] Chu X, Ilyas IF, Papotti P. Discovering denial constraints. Proc. of the VLDB Endowment, 2013, 6(13): 1498—1509. [doi: 10.14778/
2536258.2536262]

[190] Luo YY, Chai CL, Qin XD, Tang N, Li GL. VisClean: Interactive cleaning for progressive visualization. Proc. of the VLDB
Endowment, 2020, 13(12): 2821-2824. [doi: 10.14778/3415478.3415484]

[191] Jia SB, Xiang Y, Chen XJ, Wang K, Shijia. Triple trustworthiness measurement for knowledge graph. In: Proc. of the 2019 World Wide
Web Conf. San Francisco: ACM, 2019. 2865-2871. [doi: 10.1145/3308558.3313586]

[192] Fan WF, Fu WZ, Jin RC, Lu P, Tian C. Discovering association rules from big graphs. Proc. of the VLDB Endowment. 2022, 15(7):
1479-1492.

[193] Calvanese D, Fischl W, Pichler R, Sallinger E, Simkus M. Capturing relational schemas and functional dependencies in RDFS. In: Proc.
of the 28th Conf. on Artificial Intelligence. Québec: AAAIL 2014. 1003-1011.

[194] Lausen G, Meier M, Schmidt M. SPARQLing constraints for RDF. In: Proc. of the 11th Int’l Conf. on Extending Database Technology:
Advances in Database Technology. Nantes: ACM, 2008. 499-509. [doi: 10.1145/1353343.1353404]

[195] Cortés-Calabuig A, Paredaens J. Semantics of constraints in RDFS. In: Proc. of the 6th Alberto Mendelzon Int’1 Workshop on
Foundations of Data Management. Ouro Preto: CEUR-WS.org, 2012. 75-90.

[196] Akhtar W, Cortés-Calabuig A, Paredaens J. Constraints in RDF. In: Proc. of the 4th Int’l Workshop on Semantics in Data and
Knowledge Bases. Bordeaux: Springer, 2010. 23-39. [doi: 10.1007/978-3-642-23441-5 2]

[197] Arioua A, Bonifati A. User-guided repairing of inconsistent knowledge bases. In: Proc. of the 21st Int’l Conf. on Extending Database
Technology. Vienna: ACM, 2018. 133-144. [doi: 10.5441/002/edbt.2018.13]

[198] Yu'Y, Heflin J. Extending functional dependency to detect abnormal data in RDF graphs. In: Proc. of the 10th Int’l Semantic Web Conf.
Bonn: Springer, 2011. 794-809. [doi: 10.1007/978-3-642-25073-6_50]

[199] He BB, Zou L, Zhao DY. Using conditional functional dependency to discover abnormal data in RDF graphs. In: Proc. of the 2014
Semantic Web Information Management. Snowbird: ACM, 2014. 1-7. [doi: 10.1145/2630602.2630605]

[200] Fan WF, Wu YH, Xu JB. Functional dependencies for graphs. In: Proc. of the 2016 Int’l Conf. on Management of Data. San Francisco:
ACM, 2016. 1843-1857. [doi: 10.1145/2882903.2915232]

[201] Fan WE, Fan Z, Tian C, Dong XL. Keys for graphs. Proc. of the VLDB Endowment, 2015, 8(12): 1590-1601. [doi: 10.14778/2824032.
2824056]

[202] Cheng YR, Chen L, Yuan Y, Wang GR. Rule-based graph repairing: Semantic and efficient repairing methods. In: Proc. of the 34th

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.1145/2463676.2465327
https://doi.org/10.1145/2463676.2465327
https://doi.org/10.1109/TKDE.2020.3012472
https://doi.org/10.14778/3352063.3352088
https://doi.org/10.14778/3137628.3137654
https://doi.org/10.1145/3318464.3389775
https://doi.org/10.1145/2463676.2463706
https://doi.org/10.1145/2463676.2463706
https://doi.org/10.1145/1807167.1807178
https://doi.org/10.14778/2994509.2994514
https://doi.org/10.14778/3407790.3407801
https://doi.org/10.1145/3299869.3319888
https://doi.org/10.1145/3299869.3324956
https://doi.org/10.14778/2536258.2536262
https://doi.org/10.14778/2536258.2536262
https://doi.org/10.14778/3415478.3415484
https://doi.org/10.1145/3308558.3313586
https://doi.org/10.1145/1353343.1353404
https://doi.org/10.1007/978-3-642-23441-5_2
https://doi.org/10.5441/002/edbt.2018.13
https://doi.org/10.1007/978-3-642-25073-6_50
https://doi.org/10.1145/2630602.2630605
https://doi.org/10.1145/2882903.2915232
https://doi.org/10.14778/2824032.2824056
https://doi.org/10.14778/2824032.2824056
https://doi.org/10.1145/2463676.2465327
https://doi.org/10.1145/2463676.2465327
https://doi.org/10.1109/TKDE.2020.3012472
https://doi.org/10.14778/3352063.3352088
https://doi.org/10.14778/3137628.3137654
https://doi.org/10.1145/3318464.3389775
https://doi.org/10.1145/2463676.2463706
https://doi.org/10.1145/2463676.2463706
https://doi.org/10.1145/1807167.1807178
https://doi.org/10.14778/2994509.2994514
https://doi.org/10.14778/3407790.3407801
https://doi.org/10.1145/3299869.3319888
https://doi.org/10.1145/3299869.3324956
https://doi.org/10.14778/2536258.2536262
https://doi.org/10.14778/2536258.2536262
https://doi.org/10.14778/3415478.3415484
https://doi.org/10.1145/3308558.3313586
https://doi.org/10.1145/1353343.1353404
https://doi.org/10.1007/978-3-642-23441-5_2
https://doi.org/10.5441/002/edbt.2018.13
https://doi.org/10.1007/978-3-642-25073-6_50
https://doi.org/10.1145/2630602.2630605
https://doi.org/10.1145/2882903.2915232
https://doi.org/10.14778/2824032.2824056
https://doi.org/10.14778/2824032.2824056

2390 HAFFIR 2023 FF 34 5% 5 A

IEEE Int’l Conf. on Data Engineering. Paris: IEEE, 2018. 773-784. [doi: 10.1109/ICDE.2018.00075]

[203] Fan WF, Lu P, Tian C, Zhou JR. Deducing certain fixes to graphs. Proc. of the VLDB Endowment, 2019, 12(7): 752-765. [doi: 10.
14778/3317315.3317318]

[204] Song SX, Liu BG, Cheng H, Yu JX, Chen L. Graph repairing under neighborhood constraints. The VLDB Journal, 2017, 26(5):
611-635. [doi: 10.1007/s00778-017-0466-5]

[205] Lin P, Song Q, Wu YH, Pi JX. Repairing entities using star constraints in multirelational graphs. In: Proc. of the 36th IEEE Int’l Conf.
on Data Engineering. Dallas: IEEE, 2020. 229-240. [doi: 10.1109/ICDE48307.2020.00027]

[206] Song Q, Lin P, Ma HC, Wu YH. Explaining missing data in graphs: A constraint-based approach. In: Proc. of the 37th IEEE Int’l Conf.
on Data Engineering. Chania: IEEE, 2021. 1476-1487. [doi: 10.1109/ICDE51399.2021.00131]

[207]  Loster M, Mottin D, Papotti P, Ehmiiller J, Feldmann B, Naumann F. Few-shot knowledge validation using rules. In: Proc. of the 2021
Web Conf. Ljubljana: ACM, 2021. 3314-3324. [doi: 10.1145/3442381.3450040]

[208] Wang Q, Mao ZD, Wang B, Guo L. Knowledge graph embedding: A survey of approaches and applications. IEEE Trans. on Knowledge
and Data Engineering, 2017, 29(12): 2724-2743. [doi: 10.1109/TKDE.2017.2754499]

[209] Hassan N, Arslan F, Li CK, Tremayne M. Toward automated fact-checking: Detecting check-worthy factual claims by claimbuster. In:
Proc. of the 23rd ACM SIGKDD Int’l Conf. on Knowledge Discovery and Data Mining. Halifax: ACM, 2017. 1803-1812. [doi: 10.
1145/3097983.3098131]

[210]  Socher R, Chen DQ, Manning CD, Ng AY. Reasoning with neural tensor networks for knowledge base completion. In: Proc. of the 26th
Int’l Conf. on Neural Information Processing Systems. Lake Tahoe: Curran Associates Inc., 2013. 926-934.

[211] Wang Z, Zhang JW, Feng JL, Chen Z. Knowledge graph embedding by translating on hyperplanes. In: Proc. of the 28th AAAI Conf. on
Artificial Intelligence. Québec: AAAI 2014. 1112-1119. [doi: 10.1609/aaai.v28i1.8870]

[212] Nickel M, Tresp V, Kriegel HP. A three-way model for collective learning on multi-relational data. In: Proc. of the 28th Int’l Conf. on
Machine Learning. Bellevue: Omnipress. 2011. 809-816.

[213] Xie RB, Liu ZY, Lin F, Lin LY. Does william shakespeare really write hamlet? Knowledge representation learning with confidence. In:
Proc. of the 32nd AAAI Conf. on Artificial Intelligence and the 30th Innovative Applications of Artificial Intelligence Conf. and the 8th
AAAI Symp. on Educational Advances in Artificial Intelligence. New Orleans: AAAI, 2018. 4954-4961. [doi: 10.1609/aaai.v32il.
11924]

[214] Bougiatiotis K, Fasoulis R, Aisopos F, Nentidis A, Paliouras G. Guiding graph embeddings using path-ranking methods for error
detection innoisy knowledge graphs. arXiv:2002.08762, 2020.

[215]  Vashishth S, Sanyal S, Nitin V, Talukdar P. Composition-based multi-relational graph convolutional networks. In: Proc. of the 8th Int’l
Conf. on Learning Representations. Addis Ababa: OpenReview.net, 2020.

[216] Dong X, Gabrilovich E, Heitz G, Horn W, Lao N, Murphy K, Strohmann T, Sun SH, Zhang W. Knowledge vault: A Web-scale
approach to probabilistic knowledge fusion. In: Proc. of the 20th ACM SIGKDD Int’l Conf. on Knowledge Discovery and Data Mining.
New York: ACM, 2014. 601-610. [doi: 10.1145/2623330.2623623]

M e 325 3Tk -

[2] R EAE RGBSR, KRB %P5, 2021, hitp://www.caict.ac.cn/kxyj/qwib/bps/202112/t20211220_394300.htm

[3] MRERE, T 5t BARERGSR. tHE LAY, 2004, 31(5): 48-51. [doi: 10.3969/j.issn.1002-137X.2004.05.015]

[4] #sclh, 258 55, XE 58, M. 15 BA T L. THENLRFE, 2006, 33(7): 55-59, 80. [doi: 10.3969/j.issn.1002-137X.2006.07.
015]

[51 Fe, 455, 22, DME S, 258 5. BRSO 1L R R e 3 32441k, 2020, 31(3): 893-908. http://www.jos.org.cn/1000-9825/
5911.htm [doi: 10.13328/j.cnki.jos.005911]

[8] JE™, AFE K, M. iR FE SRR FF R R gk . TN ST 5 K, 2016, 53(1): 165-192. [doi: 10.7544/issn1000-1239.2016.

20150661]
[9]1 /U, FRya 4R, KB AlA WL 85 B . TR RMLIE TS KR, 2016, 53(2): 231-246. [doi: 10.7544/issn1000-1239.2016.
20150874]

[10]  S0A& Ak, J& (oo o o o F0 308 5 Dk U 2238 . k4R 224k, 2002, 13(11): 2076-2082. http://www.jos.org.cn/jos/article/abstract/
20021103?st=search [doi: 10.13328/j.cnki jos.2002.11.003]

[11] A%, 2 R, ekt T St Bamis vEE R 250 . R 2 M (E SR B4 R), 2018, 58(12): 1037-1050. [doi: 10.16511/j.cnki.
qhdxxb.2018.22.053]

©

FEEFEAERT  http:/ www. jOs. 0rg. cn



https://doi.org/10.1109/ICDE.2018.00075
https://doi.org/10.14778/3317315.3317318
https://doi.org/10.14778/3317315.3317318
https://doi.org/10.1007/s00778-017-0466-5
https://doi.org/10.1109/ICDE48307.2020.00027
https://doi.org/10.1109/ICDE51399.2021.00131
https://doi.org/10.1145/3442381.3450040
https://doi.org/10.1109/TKDE.2017.2754499
https://doi.org/10.1145/3097983.3098131
https://doi.org/10.1145/3097983.3098131
https://doi.org/10.1609/aaai.v28i1.8870
https://doi.org/10.1609/aaai.v32i1.11924
https://doi.org/10.1609/aaai.v32i1.11924
https://doi.org/10.1145/2623330.2623623
http://www.caict.ac.cn/kxyj/qwfb/bps/202112/t20211220_394300.htm
https://doi.org/10.3969/j.issn.1002-137X.2004.05.015
https://doi.org/10.3969/j.issn.1002-137X.2006.07.015
https://doi.org/10.3969/j.issn.1002-137X.2006.07.015
http://www.jos.org.cn/1000-9825/5911.htm
http://www.jos.org.cn/1000-9825/5911.htm
https://doi.org/10.13328/j.cnki.jos.005911
https://doi.org/10.7544/issn1000-1239.2016.20150661
https://doi.org/10.7544/issn1000-1239.2016.20150661
https://doi.org/10.7544/issn1000-1239.2016.20150874
https://doi.org/10.7544/issn1000-1239.2016.20150874
http://www.jos.org.cn/jos/article/abstract/20021103?st=search
http://www.jos.org.cn/jos/article/abstract/20021103?st=search
https://doi.org/10.13328/j.cnki.jos.2002.11.003
https://doi.org/10.16511/j.cnki.qhdxxb.2018.22.053
https://doi.org/10.16511/j.cnki.qhdxxb.2018.22.053
https://doi.org/10.1109/ICDE.2018.00075
https://doi.org/10.14778/3317315.3317318
https://doi.org/10.14778/3317315.3317318
https://doi.org/10.1007/s00778-017-0466-5
https://doi.org/10.1109/ICDE48307.2020.00027
https://doi.org/10.1109/ICDE51399.2021.00131
https://doi.org/10.1145/3442381.3450040
https://doi.org/10.1109/TKDE.2017.2754499
https://doi.org/10.1145/3097983.3098131
https://doi.org/10.1145/3097983.3098131
https://doi.org/10.1609/aaai.v28i1.8870
https://doi.org/10.1609/aaai.v32i1.11924
https://doi.org/10.1609/aaai.v32i1.11924
https://doi.org/10.1145/2623330.2623623
http://www.caict.ac.cn/kxyj/qwfb/bps/202112/t20211220_394300.htm
https://doi.org/10.3969/j.issn.1002-137X.2004.05.015
https://doi.org/10.3969/j.issn.1002-137X.2006.07.015
https://doi.org/10.3969/j.issn.1002-137X.2006.07.015
http://www.jos.org.cn/1000-9825/5911.htm
http://www.jos.org.cn/1000-9825/5911.htm
https://doi.org/10.13328/j.cnki.jos.005911
https://doi.org/10.7544/issn1000-1239.2016.20150661
https://doi.org/10.7544/issn1000-1239.2016.20150661
https://doi.org/10.7544/issn1000-1239.2016.20150874
https://doi.org/10.7544/issn1000-1239.2016.20150874
http://www.jos.org.cn/jos/article/abstract/20021103?st=search
http://www.jos.org.cn/jos/article/abstract/20021103?st=search
https://doi.org/10.13328/j.cnki.jos.2002.11.003
https://doi.org/10.16511/j.cnki.qhdxxb.2018.22.053
https://doi.org/10.16511/j.cnki.qhdxxb.2018.22.053

BEE F mE) R KL 4R B0 SR BRI AR B 2391
[12]  E#%, 465, Tulbh, S8, w80 SR SURAS BT SA. BE324R, 2019, 30(7): 2139-2174. http://www.jos.org.cn/1000-9825/
5841.htm [doi: 10.13328/j.cnki.jos.005841]

SBFF(1998—), T, 1A=, F AR5 A4 %L
AR, B v

ESEB0977—), J, Wt R, 420,

CCF 22z i, E BB ST Al e, KB
AN EHL 247, DB 5 AT .

- P

BRI (1989 —), L, T, #¥%, {420, CCF
Elbge DA, BRI R B B, R b B,
R 2 ) AR

BMMA995—), &, T+, FT0F 5T Hedh
SRR, BdE R B

© PEFEEESK I hitps/ www. jos. org. cn


http://www.jos.org.cn/1000-9825/5841.htm
http://www.jos.org.cn/1000-9825/5841.htm
https://doi.org/10.13328/j.cnki.jos.005841
http://www.jos.org.cn/1000-9825/5841.htm
http://www.jos.org.cn/1000-9825/5841.htm
https://doi.org/10.13328/j.cnki.jos.005841

	1 实体解析
	1.1 面向关系型数据的实体解析
	1.2 面向知识图谱的实体解析

	2 数据融合
	2.1 面向关系型数据的数据融合
	2.2 面向知识图谱的数据融合

	3 数据清洗
	3.1 面向关系型数据的数据清洗
	3.2 面向知识图谱的数据清洗

	4 研究展望与趋势
	5 总　结
	参考文献

