
Entity Resolution via ASP

Zhiliang Xiang1

School of Computer Science and Informatics
Cardiff University

July 20, 2022

Zhiliang Xiang (School of Computer Science and Informatics Cardiff University)ER via ASP July 20, 2022 1 / 28



Outline

1. Brief Recap

2. Implementation

3. Experiments and Empirical Issues

4. Next Step

Zhiliang Xiang (School of Computer Science and Informatics Cardiff University)ER via ASP July 20, 2022 2 / 28



Core Components

LACE Framework [Bienvenu et al., 2022]: Declarative framework for
collective entity resolution (ER)

ER Specifications: Hard/Soft Rules, Denial Constraints (DCs)

Dynamic/Global Semantics: Enforce, re-evaluate, repeat

Maximal Solutions: the best solution w.r.t. ⊆

Zhiliang Xiang (School of Computer Science and Informatics Cardiff University)ER via ASP July 20, 2022 3 / 28



ER Specification

Hard Rules: Specify merges that are sufficiently evident.

q(x , y) ⇒ EQ(x , y),

Soft Rules: Specify merges that are less certain but possibly true.

q(x , y) !!" EQ(x , y)

DCs: Enforce consistency, reject solutions with undesired properties

∀!x .¬(φ(!x))

*q(x , y) finite conjunctive query may include ≈
*EQ/2 predicate indicates equality (merge), closed w.r.t.

transitivity/reflectivity/symmetry
*φ("x) finite conjunction may include ∕=
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Dynamic & Global Semantics

Dynamics

Step-by-step, induce new merges by including the merges already
derived by either hard rules or soft rules

Propagate equalities via transitivity, symmetry

Induced database submit to DCs and hard rules

Globalilty

Derived merges are applied globally to all their occurrences
throughout the database
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Maximal Solution and etc.

Maximal Solutions

Soft rules give a set of solutions under different interpretations

We care about the set of Maximal solutions w.r.t. set-inclusion (⊆)
on EQ-facts

Sim-Safe

Merge Attributes: attributes occurred rule heads of any merge rules,
usually tuple IDs, e.g. paper id

Sim Attributes: evaluated by ≈, usually value attributes, e.g. title,
name (value domain)

A set of rules is called sim-safe if no attribute appear as both merge
attribute and sim attribute among the rules, i.e. Merge attributes ∩
Sim attributes =∅
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Current Progess

Core components are finished

Experimented on 2 datasets in bibliographical domain:
DBLP-ACM [Köpcke et al., 2010], Cora (under tuning) [cor, 2008]

Built up Meta Construct for scaling to local merge and rule generation
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ER Specification

Hard Rules: A general encoding

Eq(X ,Y ) ←R1(X , !A1),R2(Y , !A2), !A1 ≈tA !A2,

Φ(X , !T1, !V1,Y , !T2, !V2), !V1 ≈tV !V2, !T1 =
′ !T2.

*R1 and R2 as generic indications for targeting relations
*Merge attributes are in Green, Sim attributes are in orange

*Φ(X , "T1, "V1,Y , "T2, "V2) atoms conjunction of referential relations
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ER Specification

Hard Rules: A general encoding

Eq(X ,Y ) ←R1(X , !A1),R2(Y , !A2), !A1
′ ≈tA !A2

′
,

Φ(X , !T1, !V1,Y , !T2, !V2), !V1
′ ≈tV !V2

′
, !T1 =

′ !T2.

* =′ is implemented as cardinality constraint of the form:
1#sum[Eq(X,Y)=1, (X=Y)=1]1

* Similarly ∕=′ is implemented of the form:
1#sum[NotEq(X,Y)=1, (X ∕=Y)=1]1
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ER Specification

Soft Rules: A general encoding

Active(X ,Y ) ←R1(X , !A1),R2(Y , !A2), !A1
′ ≈tA !A2

′
,

Φ(X , !T1, !V1,Y , !T2, !V2), !V1
′ ≈tV !V2

′
, !T1 =

′ !T2.

Eq(X ,Y ) ∨ NotEq(X ,Y ) ← Active(X ,Y ).
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DBLP-ACM dataset

Figure 1: DBLP/ACM table-pair

Zhiliang Xiang (School of Computer Science and Informatics Cardiff University)ER via ASP July 20, 2022 11 / 28



DBLP-ACM dataset

Figure 2: DBLP/ACM Split Views
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ER Specification

Hard Rules: Example:

Figure 3: example of hard rule ASP encoding
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ER Specification

Soft Rules: Encoding example:

Figure 4: example of soft rule ASP encoding
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ER Specification

DCs: Encoding example:

Figure 5: example of DCs ASP encoding
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Globality & Dynamic Procedure, Maximal Solution

Globalilty

equalities to (generated) tuple IDs of objects

combining cardinality constraint, 1#sum[Eq(X,Y)=1, (X=Y)=1]1

Dynamics

Iterative grounding for recursive rules in ASP [Gebser et al., 2012]

Incremental solving by successive calls to answer set solver

Maximal Solution

Optimisation by preferring the solutions have higher degree of set
inclusion w.r.t. Eq-facts specified as preference
statements [Bienvenu et al., 2010]

Embed the Asprin system [Brewka et al., 2015]
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Meta Construct

Generic construct to store and maintain

schema

object/value domain

relation and attribute

dependencies

Will be useful for local merges and automatic rule generation/tuning

Zhiliang Xiang (School of Computer Science and Informatics Cardiff University)ER via ASP July 20, 2022 17 / 28



DBLP-ACM dataset

Stats on DBLP-ACM dataset

Figure 6: DBLP/ACM stats

Format

single table pair, each of which from a different schema

attribute correspondences are known (schema-awared)
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Experiment

Pre-processing

Without external blocking techniques

Similarities

Computed attribute-wise beforehand using syntactic
measures [Doan et al., 2012]
Generated as facts, predicated Sim(X ,Y , S), symmetric and reflective
Thresholded by 50 (soft blocking)

Split as views to take advantage of relations

Empty values are replaced by special constant NAN
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Experiment

Setup

Ground and solved using Clingo [Gebser et al., 2012] Api

Optimisation under heuristic mode
approximation [Alviano et al., 2018]

Results on DBLP-ACM dataset

Accuracy 0.93

Running for 2 minutes, optimal model found in the 1st iteration (1.2
minutes approx.)
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Lessons Learnt

Datasets are unrealistic

ill-defined schema: all attributes in one table
over simplified: one pair of single tables of the same shape
Richer relation context (collectivity), schema in different shape
(heterogeneity)

Having accurate similarity measures is important

e.g. VLDB and Very Large Database fail to be merged due to a low
syntactical similarity score.
lowering thresholds helps but loosen the restriction

Domain knowledge comes from first impression could far from
accurate (subjectivity of specification)

e.g. (first impression): authors at the same position of a publication
are likely to be a merge. (in fact): the order is random
manual tuning would do the trick, but could be intangible as semantics
are unclear
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Interesting Empirical Questions

Specification optimisation/normalisation:

tuning manually is daunting (matters a lot for quantitative approaches)

specification to be effective and yet succinct

templated and generated specifications

studied in [Panahi et al., 2017]

Testing with more realistic setting

more relation dependencies

heterogeneous schema

*in fact studies have a classification practical
ER [Getoor and Machanavajjhala, 2012]

Syntactical similarity measures are inaccurate
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Other Questions

Do we really need iterative solving? or does iterative
grounding [Gebser et al., 2012] for recursive rules include the
feature? How can we justify that?
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Next Step

Trying out integrating Xclingo (might not work) [Cabalar et al., 2020]
or other technique for explanation [Trieu et al., 2021]

Creating a synthetic but realistic multi-relation large-scale dataset
via [mus, 2021, Hildebrandt et al., 2020], and experimenting

Figuring out generic ways to automate specification tuning
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