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Markov Logic Networks with its application in De-duplication
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(a. College of Computer Science; b. Center of Information and Network,
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Abstract: In order to solve the limitation that the traditional De-duplications are mostly used for a specific
field and only address one aspect of a problem, a scheme based on Markov Logic Networks (MLNs) is
proposed, which is a new Statistical Relational Learning (SRL) model. With its advantage of computing
the probability distribution of worlds to serve for the inference, the De-duplication is formalized.
Discriminative learning algorithm is adopted for Markov Logic Networks weights, MC-SAT algorithm is
adopted for inference. It shows how to capture the essential features of different aspects in De-duplication
with a small number of predicate rules and also combines these rules together to compose all kinds of
model. The experiment results prove that the method based on Markov Logic Networks not only covers the
original Fellegi-Sunter model, but also achieves a better result than the traditional methods based on
Clustering Algorithms and Similarity Measures in De-duplication. It reveals that the Markov Logic
Networks can play an important part in practical application.
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45 1 ¢ % % 3 (statistical relational learning,
SRL) 3 Fk #E 3 2 4 2%~ (probabilistic logical
learning, PLL) ,J& N T8 8 . HL A5 2% > A1 503 32 4
SEXMETER T B AER G R GE#D KR LSRRI
CANH R VAL 3D FITHIL &5 27 ] CBUIR 32 88D 45 6k
PAFRIBG 2R 50408 P i AR A A L B3t O R )y
2 R RLAR SC R AR 7 2] SR A . USROG RS
AR R R MALIR R I 2, 27 o o2 48 kT B4 R
BEDIIROC R BRI L AR L 24 2] 43 R S0 ) S
FA2AERE, Gt RRFIN R R L E DT
944 3% & )% % 11 (inductive logic programming,
ILP)" B % SRL BIF 58 19 R W7 TR A Bl 2 2 11 17
ZAE ILP M GE it K & 5% 2 J5 ¥ Markov 32 # M 5
JEHET Markov M1y SRL J5 ik,

H A B M BR (de-duplication) [A] B 1 ¥
NewCombe &5 A& 5, FI 10 B 8040 P2 v 6 2240
AR A — >0 5% B TR B I B0 S AT I
4. 2Z2J5 Fellegi #1 Sunter 25 1 T 4531225 ARM , 30
TE R 28007 882 H2 T Fellegi-Sunter #AL [, &
2 B0 I I ) R AT A — A 2R Il A A
Voo R AEWER: i NI 1 7 R Tl i
RGN sy EEAE RS
UEAh 3 A R L F 8 2 2 HRD A A LB 3
BEEOBRREIE A gy ik . R 2 R B R
B s HORE I N7 M R ) R B — T . 45 i
T 3T Markov 2 58 W Y 4831 C R 2 5 ik g
SRR B 1) B AR, I Markov 2 48 3R R
FHEET Cora Hdls 421, R F A 91 38 LK IE (5-
fold cross-validation) , 2% % & B Markov 2 % ) H]
T R T O SCHRE ) 8 TR) R AT AT R

1 Markov iZ 45 M & ¢

Markov % %5 % 5 502 B 42 B i 0K 2% Domingos
g \ R 1P > JE %553 Domingos . Kok, Singla 25 A
ikt —20 583 . Markov 2 %8 9 52 23 2B AR 19 —
B 3% A U L HL R VE g 4 8 Markov W B2
AL 4 £y 2 2K - Markov #2586 2 K A Markov
Do & AL — 7 3 A R R L JT RE 8 R TR MoK K i
AT R S H AR 9 B 51 A B Markov M b,
I — B8 58 1 ff SR, Markov 12 38 AN AT L Ab
PR 78 M L 38 1T LA SR VFAS S8 B RP J& 1 TR .
TE—WrZ .l — R 2 E R T —
A Z R R A B R 0 CRE— B 32 4 1R
FEAE M ] Rt BRGS0 ) . Markov 2 (W (1) & A
BRI A Yo 2 — A i s T R
B — A2 2 JEATE — [ 2 8 S AT g & AR i AL

£ Markov % %8 [ rfr o] g8 & AF  H HOR & A4 1 1 5
REAR T o it Sz i 2 8D ) e 2R i A Rl
A ERAUE AR T 32028 2 R 5 L AR K
T AL A ZCAY T S A B Nl e 1 S
S R AR Z ) R 22 O . BEE A EAUE 1)
Ha T, Markov % %5 % 32 47 [n] 2132 5 1R S e .

Markov # 5 I i 5 50 o 2 280, — ¢
R, KRR, IR L EEAHMYA
(TN B - SE pseudo-likelihood
MPLE) A1 # 51 =X U % o k&0
(discriminative training)2 fft, #fE #4500 2%
FH IR B R 85 52 7 R & J7 % (markov chain monte
carlo, MCMO) i 77 R HIAS [6) 1 56 B 4% 4% 5 B0
[ MCMC J5 k. SCERL15 ], XFax 2 27k K FO A
KWL AT TR A 4. 78X B2k H 1 MC-
SAT!™ 2 — Rl HHITRER) MCMC 3735
2 ESHIEME L&A Markov 258

xR
2.1 Markov ZEHPHEMEMN KR

REZH— W & 45 00 4 2R 52 %0 ME — 4 Pk (R
B BUAR R A R AR R TR B 5. X —1R
Wl 51 A S M i 3R (Equals Cx,y) 885 N
x =y ) RIE R IZIB 2 LT 2 AL

A Vo

XFFRME Y,y

B tE: Va,y,z

IR SRS X TR 0B RA Y 20314
yosxr =5 Ny = v, = (R(xy .y VSR (x5, v:)) s X
TZICIH A R A R,

B E R AN X TR ZO0iR W R A YV oa
Tosv1:y: 3R 5y1) AN R(ay,y,)=> (2 = 2,8y, =
Y2 ) R AR DU SOy N 2 AT AR IE R Y
Tosy1 sy s R sy1) AN R(xssye) A 11 = 22>y, =

( maximum

estimation,

T = x;
T = y=>y = 1;

=y Ny=z=xr=z;

yo MV 2y sxs sy 0y 3Ry 5 y1) A RCaysy:) Ay, =
V=X = X2

E—BrZ i X A 0T g2 AL DR Y, R R [A]
— I8 1] A [R] A IS ) T ik R R X R AR [ T 4l . SR
1M » 78 Markov 32 58 9 w0 28 J& . B ASUC(EL ) —
a2 A=, R T A S iR 2 XS
FERFOCHR LA, T4 AT 6e st & W — A4
X5, Bl A 2 FEE NG SC BRI A BAEE
TE— B a2 B v JC vk A5 3] FR REAH [R] 00 57 | SCAH ] 7 3k
B Z5 18 2R 1 7E Markov 3% %5 % w25 X0k #81 AH
[] U] 53] SCA ] 77 A(EL - FH R B B 42 1 I b 8 AH
7] U] 5 SCA AT RE A [A] 73— FLAEE
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2.2 De-duplication [8) &3 §J Markov iZ 5§ & 7~

o fi B UL, B8 Markov % 8 & m AU
TIOLRFR ., XTI R — et o — 1 JT
KRFLUFRE 2 N0 K FR . B0, 51 SCEE A
Hr 63 % if 7] Paper(title, author, venue), AJ L3 1
Hastitle(paper, title) , HasAuthor (paper, author)
1 HasVenue (paper, venue) &%, & E FiH %
PR IE R R A 2R AL A, i HasAuthor (paper,
author) i) 55 — A4~ 2K A Paper., 5 — 28 ® Author,
De-duplication i H #5 g 2 X} [ 2 ALY 2 A% i
(zy ) FWEIE A5 R R (6] — A 50K, B A 7 2 &5
23t T 8 X$ 51 3C De-duplication i 7] &
AU RE BT i i A
2.2.1 3F#EZE L

YRS SCHRHE € LT 4 AP, B Bible (3C
k) . Author (FE#E) | Title () |, Venue CGR ) , H:
AR bR L R TR S BCHE IR R T B (Field)
HRAEIX 4 FRZETY WA LR 3 FhAE A i35 36

Author(bib, author) : 78 SCHK bib B 1F # &
author;

Title(bib. title) : 7R 3Cilik bib MFRBUE title;

Venue (bib, venue) : F 75 SCHK bib 1 2k J5 &
venue;

De-duplication #4555t J2 | Wr LT A5 i) 35 )

Xy = X2 o

B B ARAE
SameBib(bibl,bib2) : 327~ 3CHk bibl Fl bib2 &
[A] — % SCHiK 5

SameAuthor (authorl, author2). £ /» 1 &
authorl Ml author2 &R —1E# ;

SameTitle (titlel, title2) : 3 78 #x & titlel HI
titleZ J2 [A] —Fp i 5

SameVenue(venuel s venue2) : 78 K Jf venuel
1 venue? 2[R —F I ;

WAk AbE 3 A BERE AR AT 23 g — A E 2 A
FAF U)X AN ] 5 B ml e SCAE A iE IR A R

HasWordAuthor Cauthor, word): 3 /& /E &
author i & F 47 H word;

HasWordTitle(title, word) : /8 F5 0 title £y
FFAFH word;

HasWordVenue ( venue,
venue & F45 H word;

I E AR R R P
2.2.2 #AF4a

HI0F /) Cunit clause) BN AL & — X F M F
) o nY B — 8 3a] L 0 (single predicate rules), B
JC /0] B RE T LA IRE b B AR R 3 8] 1Y 321 2 A 3

word): £ 78 3k I

A3 AT T AR FL 5T A ) Sz i 3R] R) AR OC &R .
T 1R T R (9 K 22 B0 T ) ELE D R (AN K 22 4k
SCHR A AN J2 A R SCHRD & BT DA FH B 56 40 19 75 0 T2
. AP

! SameBib(bl,b2)

! SameAuthor(al,a2)

! SameTitle(t1,t2)

| SameVenue(vl,v2)

“VPRIR A E W R — 5 TR U A3 T iE R S,
2.2.3 AR AR

BEXTAS [F] 4 A5 160 18 6], AT AR B A0 4 R 3 A
£

SameBib (bl, b2) - SameBib (b2, b3)
SameBib(bl,b3);

SameAuthor(al,a2) ~ SameAuthor(a2,a3) =
> SameAuthor(al,a3);

SameTitle (t1, t2)
SameTitle(t1,t3);

SameVenue(vl,v2) =~ SameVenue(v2,v3) =>
SameVenue(vl,v3),

W 15 2B P AN A R id R T .

2.2.4 R &pigiE &AL

AR b3 B 1] 15 18] S5 A0 AT R, 2 28 0 2 T
R O T I 95 0 ) 7
PR R REIN . 5 2 5 SCHRAR [R] D0 2 L p A ok 95
F B FTREAH F] . M) SCAn R B s Author
(bl,al) = Author(b2,a2) =~ SameBib(bl,b2) =>
SameAuthor(al, a2), Hlh B MAEH FE. H
FAZ S FIN A B A [7] 7 B 1) A5 100 18 17 BOKE % 356 43
fjic ok CF,

W Ah  HAEE B R R A o BORH ) DU A T
B2 [F] — s SCHk . 2R LAY AT LI AL : Author
(bcl,al) = Author(bc2,a2) =~ SameAuthor(al,a2)
—> SameBib(bcel.be2) . HAbF BERMUME# 7 B
IR HLIN G 2 2 15 Sy W] — SCHR 0 A 9 95 18] BOR X
#Ror iy CB.

2.2.5 FRLEAN

AR 38 17 7€ SC x0T A 6] 5 Be A7 18 1] HasWord
(field, word) , #m A F B F KA. X Ti%
ST 7= N (i [V 5 N L= R 7 L/ <
HasWordAuthor (al, w) -~ HasWordAuthor (a2,
w) => SameAuthor(al, a2)., Z#N ETREIEH
al A& w, HAEH a2 WAL 53 w, 0l al a2 A7 0]
A2 W] — 1147 .

5 2 E A AR (R R Y B (e ] AR 2 R — B
B . K1 i i S5 o FH 2 — ot i HasWord O I,

==

~ SameTitle (12, t3) =>
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TERMRBE PSSl T FRZMAMEME R 5
Bilenko 3¢ H 48 #1| 1y J7 351 25, sk Sh, AT DL 44
HasWord ( ) i fin & & & =0, A W F 0!
HasWordAuthor (al, w) -~ HasWordAuthor (a2,
w) => SameAuthor (al, a2) fll HasWordAuthor
(al, w) - | HasWordAuthor (a2, w) =>
SameAuthor(al, a2), ZMNWFRIEH al AE
Wil woEE a2 A& w. il al.a2 154 o] e R —
YR . 2 o B 2 0 B0 0 27 > 31 B9 AUE IR (RoR %
FIN B S7 i T R /N L TR 5 T8 =X A R 0 2= > )
A A Ry (3 7 12 B U] B ST 7 mT e 1 RO D) T ik —
B HERL A WERRPE . A A TR 2 R 2 ST S Y
FUE AR R 0 32 B9 48] w X T 0 7 S 15 o TR — 4R
FHBA KK TTHR .

At =7 B A A D0 2RI AE 2 2 B o B L A
W R4y fa il FR,

2.2.6 Fellegi-Sunter #£ &

Fellegi-Sunter 578" 5% i # J& Fh & D1 o 37 550
5l kT B ] LRk F 2 AN il SR A AR A
QR Wi a2 F Bz M Ay VE L, —JoiF i R SR H
HasWord O I 2, W Fellegi-Sunter 88 2 % 1] 15
) S A R0 DU B R ) . A s A R RO T BCRINE
EZEM) X %, B HasAuthor (paper, author) 3 ff
JE M Fellegi-Sunter £ A DL IR Ky 40 F 38 18] 28
. : Author (bl, al) - Author (b2, a2)
HasWordAuthor(al,w) = HasWordAuthor (a2, w)
=> SameBib(bl, b2) ., HAbFBEMMEE T B ¥
Fellegi-Sunter £ A& 43 i ic A FS.

3 % W

3.1 HiE&E

Sy R H T OWbR M Cora U E £, H
McCallum™V 324t , A Bilenko ™ 28 A ffi i . %
BIRE W Tk A Cora B LB 2418 X5 E 1
1295 ZiH B HLRN #5510 1 51 3C. fe ) i A ais
R R R A F B SCF AT £ Bilenko fi FH AR
B R 28 B 4 5] 34 LA F B (Author,
Title,Venue, Year %) ,1x B H R H 3 MR EEHF
BOARE Al ORIR ORI AL & 258 A T L 22 6 18 3
) NG T Cora B4l 4 h iy — 251 ORI,

g1 F B

authors: Yoav Freund, H. Sebastian Seung,
Eli Shamir, and Naftali Tishby;

title; Information, prediction, and query by

committee;

venue: Advances in Neural Information Processing
System;

3.2 mHE

MG 7 1Y 4 Fh Markov %2 3 Fon, L5 K
T LUR LR A
3.2.1 A AAEA

P+S+FS: [Hk Markov # 48 W ) 2 ~J i 72 51
RN RUE L & A FS 45 i iy, [
FE T HasWord (938 38 , BT DA 23 X008 18] v & A~
WA B — AR R E T BUE . % B B
Fellegi-Sunter #£#1 GRp 2 DT i3 #0) |

P+S+FR. A 4% SameAuthor, SameTitle.,
SameVenue 3 #1iF i , [E £ E B4 &% T HasWord A9
WA BT L2 X208 ) o AN T A R — A ARG RS
AU . xRN 2R 2] A S AUE

P+S+FRAFS: 454G T LU | 2 Rl AR, 3
LRSI T 2 Fis O,

3.2.2 Y REAR

TE 3 P BEACKI AL iy BL il b, 23 0 s 2 b AN [+]
B4 5 1vi) 3 ) A5 AN R B DA R TR AR A

P+S+FS+CB

P+S+FR+CB

P+S+FS+CF

P+S+FR+CF

P+S+FR+FS+CB

P+S+FR+FS+CF

P+S+FR+FS+CB+CF,

WA 3 AT 3 S S 0 A% 3 PR B R DR B B 2
ik B

P+S+FR+FS+T

P+S+FR+FS+CB+CF+T,

3.3 EWHE

Markov & 45 % AH 5C 9 AR 27 > FI AR 32 4k L 7E
Alchemy" F#47. Alchemy J/& Domingos %& A F
KB HET Markov 3% 48 3R 19 5L, B2 A8 1A O
MIGETH G FR 4 > M 38 B4R By ThT (0 0300 . S
HAREB HUT LA L5

DR TAL 2K 1295 2651 SCREALST 9 5 4
BB A BB LN R 1 R .

BYEAEMEE RAREDEET B LA FE RS
kAT RE R 7] — SCik. L A gF X Coral #8434 259
e SCHK L BUIX 4R 5 Bibl\Bib2, .-+ Bib259, #' Bibl,
Bib2.Bib3,Bib4 2 H [ SCHk , W) 8 & SCRk Bt 2 12
(Bib1.Bib2 Al Bib2,Bibl A A & ARF M), £ 12
HR A BEBL 53 W) 5 5 0 B4l PEAS 2 1Y o
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1 HB\ERSIXEHBHBER
e 100 o B P —a__g
WA Coral  Cora2  Cora3  Cora4  Corab 90 & a2 S N e =
3 \‘—.‘ 7 N\
\\ /I // \\\ \\ /*\ A// /k\\\
ik 259 267 262 263 244 A N SR
wH ‘,( /l WML a7 \\( \\\\\ /A\
o 5231 6593 7054 5651 6442 L / \\ 7N
Sk ;E ] ! \ //&\@\ 4§ '*“x\ﬂ
) 2 60 1 7 Te S _a \
Ve 43 28 35 34 34 ARl NP N
pH / ~
Gyl L s
e 209 122 151 158 172 %0 i ~*--§mh AN
--8-- Author ©
40 | ---- Title
P 78 62 42 41 45 50 --0-- Venue
E:/E 30 L L 1 L L L 1 1 L ]
m 162 140 113 129 154 b2 3 4 5 6 7 8 9 10 11 12
T R MR
¥ 5 94 97 97 105 78 "
1 AEARETHESHEMNBRER T EE
A 368 771 581 747 550
290
R - B AR AR R A RS RS, B X B AL AN

2) De-duplication ) Markov ¥ % £ /~. B E
AR B ) A ALY MR 25 0 R OR A R R Y.
mln 3CAF,

3)HIH R A . MR 5 ) S A R 4 D
AN TR 8] A PR

OAUE T o R A AN T5 %

SRR R . AR b — 2D > 3 A A it
HEREE ok H] MC-SAT Bk gk s,

3.4 GZROW

2 TAFBAT , 5] 30 K& A5 Bl
GERA Fy(E; B 1 RARFEBET, 51 30 &
PUNEE R F AH BRSO,

R2 FRABEETHESHEMNBRER

o TR Bib  fE# B Venue
P+S+FS 0.889 0.916 0.532 0.434
P+S+FR 0.631 0.980 0.896 0.571
P+S+FR+FS 0.901 0.984 0.917 0.653
P+S+FS+CB 0.895 0.911 0.820 0.632
P+S+FR+CB 0.720 0.977 0.749 0.598
P+S+FS+CF 0.865 0.971 0.741 0.606
P+S+FR+CF 0.739 0.990 0.824 0.552
P+S+FR+FS+CB 0.857 0.973 0.895 0.593
P+S+FR+FS+CF 0.788 0.972 0.799 0.550

P+S+FR+FS+CB+CF 0.642 0.911 0.647 0.511
P+S+FR+FS+T 0.656 0.929 0.754 0.444

P+S+FR+FS+CB+CF+T 0.645 0.917 0.561 0.479

1. P+S+FS;2. P+S+FR;3. P+S+FR+
FS;d4. P4+S+FS+CB;5. P+S+FR+CB;6. P+S
+FS+CF;7. P+S+FR+CF;8. P+S+FR+FS
+CB;9. P+S+FR+FS+CF;10. P+S+FR+FS
+CB+CF;11. P4+S+FR+FS+T;12. P+S+FR
+FS+CB+CF+T.

T HE— AR R 3 ) 5 SCHRRL 10 4 T A
L BE T 58 ) 7 36 LA R SCHR L 14 108 T R TE M9 J7 3k
BATX . fEF 3 H L 4 T Markov i W 5 3C
FRL 10 J e 45 ol 55 T AH AL T80 B9 T 125 0 STk 1331
ROR B XS LEAE B

%3 Markov B18 M 5% F 841+
7 MBS MR MR R b

WIRS Fl{4
i 45 15 24 (Edit distance) 0.793
n] 2 3] 5 45 #E B (Learned edit distance) 0. 824
[n] 47 %5 [8] (Vector space) 0. 867
] % 2] ] i 25 3] (Learned Vector space) 0.803

Markov i §§ W # 7#1 (P+ S+ FR+FS & 51) 0.901

FESCHERL 14 ], SR BT 85 He Ak i) B8 4 52 B 8 &2
B B A RSB X T Re A I SR R KL TE
WA B A A T A RE X F — N RE PRyl
HEAT LRAES s DA AR I o E A A sk FEAE A T
Partitioning, CENTER, MERGE-CENTER &% 3
PRI Jl I BE A a1 BB B A S I R
S I 45 R 5 3 F Markov 12 3 W 1Y B &2 585
bR 7iE RS S5 R A 2 s .

MR LI 235 5 43 B Al A
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= MLNs(P+S+FR+FS) m Partitioning * CENTER ® MERGE-CENTER
1.000
0.950-
0.900-
0.850
0.800
0.750+
0.700
0.650
0.600
0.550+
0.500+

F1

Venue

Bibe Author Title
IR FB

B2 MarkoviBERMSETRERFHESHIEMBRBRI L

D i F FS ZEE X SClk i 3001, FR 2 £ X A [R]
TR, HOE AR P+ S+FS ) STk iR 51
BORE S T P+HS+HFROHFBN G E 22, i P+S
+FRAFS BRI G P BOR B

2) T CB &% Sk i 11U . CF 25 % A )
FEMIR S, ffE P+S+FS #l P+ S+ FR2 fifi
I ELRE E s CB & CF xSz ik &% 57 B it 32 51 g
PSR Y=T

3TE P+S+FRAFS KA Fishn CB 5 CF, i1
SR BN 25 BEA% . B FR AL ES 2 4 % 43 A 1)
2 N AUE L T CB # CF 2 41 % A [7) 524K 1
1127 2 3 Ja 3 2 2 B AUIE X #3809 5% ) oK 1 110 4
AT -5 SO 80 1 B AT 5

A) U AR 3k DAL B R U S 0R [ R R AIG Ji A
[7] I s

S)E— IR £ T, 2 F Markov #2255 K i 5 1
E T 52 B50H I B3k 1 P Ak B P T SR 10 b iy
JUA I F AR RS 55 0 O 1k

6) [A]— ¥l £ . 3T Markov 32 5 W Y 7 ¥
Xf Bibe, Author, Title 5 Bt 19 1R 5 55CR B &0k T 3C
kL 14 ] I B BVE 1 7 i AR X} Venue F B
PUNBCRTE 55 . 3=l TAAE — SEAR A UE SR AN
[ SEAR ) Venue, 28 248 50 7% 3 o 35 8 190 (6 7T LAKE
G385 5T Markov 3% 48 9 78 47 #E B 7T 58 23 12 )
T A SR s DT SO SR BRI

4 & ®

TG KR h, i O R) n] LR IR 4
HhF R HHR L, fi De-duplication [A] 55 1) Markov % %
Fon T Wi . % Markov 32 8 [ 1 FH ) 51 5C
De-duplication Hv, 45 i 7 i ] 7] /2 1) 38 18] 24 ok
3R 7] AN [R) J7 TR AR BERRAE . JF 2% 5 T Y
Markov #4827 4 G R Y B4 PR RS, 5240 25
AR 2007 8 T BRI B L ORI R

TARALBE 3R A Jr ik, BRI LU i Markov 2 58 ]
P b R A e —HE SR . R — 20 TAE % ok % Ty
1 F %] De-duplication f) H: il 45 48k . 40 v 32 5| 3¢
De-duplication 5 2 VT Jit 4% {4 DT fig 45

SE LWk
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