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Abstract Entity resolution (ER) is a critical and fundamental problem in data integration and data
cleaning systems. Although there have been numerous methods proposed for entity resolution, those
approaches explicitly or implicitly depend on ad-hoc assumptions or employ different strategies. Given
an ER task, there exist many inconsistent pairs due to conflicting results resolved by these
approaches. It is of great challenges of reconciling these pairs without any labeled data: 1) without
labeled data, it is impractical to estimate the performance of existing approaches and pick out the
best; 2)although an optional way is to reconcile these conflicting results for a better and consistent
labeling solution, an effective reconciliation mechanism for combining all hints remains to be
investigated. To this end, an approach for reconciling inconsistent pairs based on factor graph is
proposed. It firstly achieves inconsistent and consistent pairs through conducting existing entity
resolution approaches for a given ER task. Secondly, the features that can indicate the matching status
of inconsistent pairs, are extracted by leveraging techniques like kernel density estimation and
matching information transfer and so on. Then these features are modeled as factor functions of the
factor graph, which represents a joint probability distribution with factor weights. Finally, the weight
of each factor is estimated based on the maximum likelihood estimation, and the inconsistent pairs are
reconciled according to the distribution represented by the factor graph. Experimental results on real-

world datasets show our method is effective and can outperform the state-of-the-art approach.

Key words data integration; entity resolution; maximum likelihood estimation; inconsistent pair;

kernel density estimation (KDE) ; factor graph
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TR R T Centity resolution, ER) Bl 245 E1id
KBS DG PR R B R R — SR g
XXt p=Crivrp)iF €D Hr, € DN
T 1 SCHREL G 48 Cora @350 5% 19 ME — AR 14
rID S CHITEE R B author KR8 title TS 1E
B pages TAARARAT R T A RoR R — ALK
WCSRXS AN pos L E — TR I 2 M, B R A
A A T SR X 1 AR AE B O IR T Sy DG C Y 12
SN IEh P (M) Ry T 5B R A H X 45, A S
I 1 SR A BT 5 V6 R R AR 7 vk AR OE — R )
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ME— R AT M, 15 B AN 7 B 0 FI0 25 58, Horh

Table 1 Dataset
x1 HEE
riD author title pages
bli i igged casino: the adversarial
r p.auer, n.cesa-bianchi, y.freund, and r.e.schapire. gam. me m @ r?ggc castno ¢ adversana pp.322-331.
multi-armed bandit problem,
nicolo cesa-bianchi, yoav freund, david p.helmbold, david .
ro . how to use expert advice. pages 382-391,
haussler, robert e.schapire, and manfred k.warmuth.
nicolo cesa-bianchi, yoav freund, david p.helmbold, david .
rs3 . how to use expert advice. pages 382-391,
haussler, robert e.schapire, and manfred k.warmuth.
r4 n.cesa-bianchi, y.freund, d.p.helmbold, and m.warmuth. on-line prediction and conversion strategies. pages 205-216,
rs n.cesa-bianchi, y.freund, d.p.helmbold, and m.warmuth. on-line prediction and conversion strategies. pages 205-216,
re n.cesa-bianchi, y.freund, d.p.helm-bold, and m.warmuth. on-line prediction and conversion strategies. pages 205-216,
n.cesa-bianchi, y.freund, d.p.helmbold. d.haussler, r.e. .
r7 . how to use expert advice. pages 382-391,
schapire, and m.k.warmuth.
‘ryptographic primitives based hard learni
rs a.blum, m.furst, m.j.kearns, and richard j.lipton. Cryplographic primitives based on hard fearning pages 24.1-24.10,
problems.
Table 2 Output of Individual Methods
xR2 MEFENBINER
pID M, M, M, M, M; Mg M M M, M, GT
Pz P N P P P N P P N P N
P13 N P P P P P P P P P N
P23 P P N P P P P P N N P
P2 N P P P P P P P P P P
P36 N P P P P P P N P P P
Pis P P P P P P P P P P P
P P P P P P P P P P P P
Ps.6 P P P P P P P P P P P
P8 N N N N N N N N N N N

Notes: M, (k=1,2,+

,10) represents the predicted label by the £-th method, GT represents the ground truth label of each record pair,

N represents the predicated label of a pair is matching, P represents the predicated label of a pair is non-matching.
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ML FG-RIP ZEEITFM N AT 2 4 B . 5
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tion fusion based on factor graph) Fl % F & KI5k
Al 31 B9 B F X E 2% > (learning factor weights based

on maximum likelihood estimation).

FG-RIP A B AR WA 1 Frs .

Self-matching Feature

Transitive Matching
Feature

External Matching
Feature

Heterogeneous Information Fusion
Based on Factor Graph

Learning Factor Weights Based on
Maximum Likelihood Estimation

D is the dataset which consists of records. P°and P™ represent the consistent pair set and inconsistent pair set respectively.
p"™is an inconsistent pair. S, T and E represent the variable node of self-matching feature, transitive matching feature and
external matching feature of p™ respectively. m, n and f are the numbers of the S, T and E nodes.

Fig. 1
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A workflow for reconciling inconsistent pairs
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Fig. 2 Relationships among matched pairs and
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Table 3 Comparison with Individual Methods on Song
®3 Song HEE LEENMKEFERITLE

1T 4 H L5k 8 9F FG-RIP )

Individual Method Recall Precision Fy
Rule 0.9982 0.754 4 0.8594
Distance 0.3119 0.084 8 0.1333
Cluster 0.9785 0.8940 0.934 4
GMM 0.9931 0.0659 0.1236
DPBGM 0.394 6 0.0375 0.0684
SVM 0.476 6 0.646 7 0.5487
CART 0.9929 0.976 1 0.984 4
ERT 0.572 3 0.9635 0.7181
GNB 0.4036 0.9990 0.5749
MLP 0.942 6 0.974 6 0.9584
Hybrid 0.6604 0.9112 0.7658
FG-RIP 0.9799 0.997 3 0.9885

Note: The maximum values are in bold.

Table 4 Comparison with Individual Methods on Cora

R4 CoraBEELENGTEHITLL

Individual Method Recall Precision F,
Rule 0.9224 0.566 3 0.7018
Distance 0.064 1 0.8548 0.1192
Cluster 0.8196 0.7625 0.7900
GMM 0.9299 0.154 4 0.2649
DPBGM 0.9916 0.0334 0.064 7
SVM 0.8954 0.756 4 0.8201
CART 0.888 2 0.754 8 0.8161
ERT 0.9029 0.758 6 0.8245
GNB 0.680 2 0.64 0.6595
MLP 0.8952 0.7554 0.8194
Hybrid 0.949 0.6513 0.7725
FG-RIP 0.9456 0.758 6 0.8419

Note: The maximum values are in bold.
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Table 5 Comparison with GL-RF on Song
#=5 Song#HEHELE GL-RF Kyxttk

Individual Method Recall Precision Fi
GL-RF 1.0 0.991 0.9955
FG-RIP 1.0 0.991 0.9955
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Table 6 Comparison with GL-RF on Cora
Fz 6 Cora#{#E& 5 GL-RF #Ixttk

Individual Method Recall

Precision F,y

GL-RF 0.0159 0.324 3 0.0303

FG-RIP 1.0 0.7540 0.8597
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Fig. 4 Performance comparison on kernel density estimation
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