Actively Learning Blocking Schemes

For Entity Resolution
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Entity resolution refers to the process of identifying records which represent the same

real-world entity from one or more datasets. o s s T e e e e e m mm e m— == == 1
Blocking is an important part of entity resolution. It aims to improve the time efficiency Dataset Human Oracle
of entity resolution by grouping potentially matched records into the same block. Record | Author | Title | Venue i
Limitations of existing approaches: r, Andrew | Mining | KDD
1. Supervised blocking scheme learning approaches require a large number of labels, - Gale | Mining | CIKM > Active Sampler
but it is an expensive task to obtain labels for entity resolution; >
2. Existing unsupervised blocking scheme learning approaches, generate training sets s | Andrew | Mining | KDD
based on the similarity of record pairs, instead of their true labels, thus the blocking ry Gaile | Mining | CIKM
. quality can not be guaranteed. ) ro Andrew | Fast | CIKM

\ !

Feat Vector>,Label
Problem Statement Blocking |, optima Candidate (cFestre Vectorsabe)
Model Scheme Schemes <0, 1, ., 1,1 M)
Given a human oracle ¢, and an error rate € € [0, 1], the active blocking problem is to (<0,0, .., 1,0 N)
learn a blocking scheme s for a set of blocks B, within the budget label cost of l (<1,0, .., 0,1> N)
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9 where, fp: false positive; fn: false negative; tp: true positive y \ Blocking Process Our approach to learn a blocking scheme for blocking model /
We develop two complementary and integrated strategies to adaptively learn the blocking scheme.
Active Sampling Active Branching
To deal with the active s ~ An active branching (AB avoids enumerating all possible blocking schemes and
blocking problem, we need 4 ) 0 0 0 0 reduce the number of candidate blocking schemes by deciding whether conjunction
both match and non-match Seed Samples: |10 0 @ or disjunction of two candidate schemes will be used in terms of two lemmas.
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samples for training. Samples: 00 0 0
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non-matches than matches. Lado a l 1,2 ’ ’ / ’
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balanced sampling problem Batch Two: IO T a 1‘ 52,5 53,5 54,5
based on the observation Dy A D; 00 0 0 S1.4 oy 53¢ Su
that: the more similar two \_ / J € [LIPI] . '
ecords are, the higher - N Round 1 ; Round 2 ; Round3
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Characteristics of datasets Baseline Methods: Comparison on blocking quality by different blocking approaches over four real-world
* Fisher: Mayank Kejriwal & Daniel P. datasets using the measures: (a) RR, (b) PC, (c) PQ, and (d) FM
Dataset # Attribute # Records Class Imbalance Ratio Miranker. ICDM 2013
. : (a) RR (b) PC
cora 4 1,295 1:49 « Tblo: Ivan P. Fellegi & Alan B. 7 - . - | ol | | .
DBLP-Scholar 4 2,616 / 64,263 1:31,440 Sunter. 1969 g A ¢ g ;
DBLP-ACM 4 2,616 / 2,294 1:1,117 . RSL: uses random sampling o 08 Eo.s- )
NCVR 18 280, 282 1:2,692 technique instead of active sampling  © g
5 0.6 ELU.E-
The number of record pairs generated 304 3 0.4
g . AS:. '% K
TBlo Fisher ASL RSL 0.2 | BB Fisher a g5
Cora 2,945 67,290 29,306 17,974 e | : :. c : {
DBLP-Scholar 6,163 1,039,242 3,328 3,328 0.0 Cora DBLP-scholar DBLP-ACM NCVR 0.0 Cora BBLP-SCholar DBLP-ACTI NCVR
Datasets Datasets
DBLP-ACM 25,279 69,037 3,043 17,446 <) PO () FM
NCVR 932,239 7,902,910 634,121 634,121 10 | | | - .00 | |
Label cost T g o g
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Error Rate 0.8 0.6 0.4 0.2 0.1 j< ol E o4l 7 -~
Cora 600 400 450 550 500 8,000 a ) - L
DBLP-Scholar 500 350 250 300 250 10,000+ 0.2 n X U _ 0.2
DBLP-ACM 300 200 150 200 300 2,500 § § § Q | Q
NCVR 300 350 250 150 200 10,000+ 0.0 Cora : DELF-Schn;ar DELP-ACHM NCVRQ 0.0 Cora : DELF-SchD‘}IZar DELP-ACE NCVR -
Datasets Datasets
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