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Entity resolution (ER) is the process of identifying which entities in a dataset refer to the same real-world

object. In relational ER, the dataset consists of multiple entity-sets and relationships among them. Such re-

lationships cause the resolution of some entities to influence the resolution of other entities. For instance,

consider a relational dataset that consists of a set of research paper entities and a set of venue entities. In

such a dataset, deciding that two research papers are the same may trigger the fact that their venues are

also the same. This article proposes a progressive approach to relational ER, named ProgressER, that aims to

produce the highest quality result given a constraint on the resolution budget, specified by the user. Such a

progressive approach is useful for many emerging analytical applications that require low latency response

(and thus cannot tolerate delays caused by cleaning the entire dataset) and/or in situations where the under-

lying resources are constrained or costly to use. To maximize the quality of the result, ProgressER follows an

adaptive strategy that periodically monitors and reassesses the resolution progress to determine which parts

of the dataset should be resolved next and how they should be resolved. More specifically, ProgressER divides

the input budget into several resolution windows and analyzes the resolution progress at the beginning of

each window to generate a resolution plan for the current window. A resolution plan specifies which blocks

of entities and which entity pairs within blocks need to be resolved during the plan execution phase of that

window. In addition, ProgressER specifies, for each identified pair of entities, the order in which the simi-

larity functions should be applied on the pair. Such an order plays a significant role in reducing the overall

cost because applying the first few functions in this order might be sufficient to resolve the pair. The em-

pirical evaluation of ProgressER demonstrates its significant advantage in terms of progressiveness over the

traditional ER techniques for the given problem settings.
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1 INTRODUCTION

The significance of data quality research is motivated by the observation that the effectiveness of
data analysis technologies is closely tied to the quality of data on which the analysis is performed.
That is why today’s organizations spend a substantial percentage of their budgets on cleaning
tasks such as removing duplicates, correcting errors, and filling missing values, to improve data
quality prior to pushing the data through the analysis pipeline. In this article, we primarily focus
on one data cleaning problem known as Entity Resolution (ER) (Benjelloun et al. 2009; Whang and
Garcia-Molina 2012; Chen et al. 2009; Dong et al. 2005). ER is often used as a general term for
several data disambiguation tasks such as Deduplication, Record Linkage, and Entity Matching. In
this article, we specifically focus on the deduplication task, wherein the goal is to identify which
entities in a dataset refer to the same real-world object.

A typical ER process often consists of three standard phases: (i) blocking, (ii) similarity compu-
tation, and (iii) clustering. Blocking divides the dataset into a set of (possibly overlapping) blocks
such that entities in different blocks are unlikely to co-refer. The goal of blocking is to reduce the
(often quadratic) process of applying ER on the entire dataset to that of applying ER on these small
blocks. The similarity computation phase then computes the similarity between entities that reside
in the same block. This phase is often computationally expensive as each comparison of a pair of
entities may require applying several similarity functions on the pair to determine whether they
co-refer or not. Finally, the clustering phase groups duplicate entities into clusters such that each
cluster uniquely represents one real-world object.

Such an ER process is traditionally performed as an offline pre-processing step when creating
a data warehouse prior to making the data available to analysis. This offline strategy, however,
is not suitable for many emerging applications that require (near) real-time analysis or deal with
continually arriving data or massive amounts of data that cannot be cleaned in its entirety. To
address the needs of such applications, recent research has begun to consider how progressiveness
can be incorporated in the context of ER (Whang et al. 2013b; Papenbrock et al. 2015).

Figure 1 illustrates the concept of progressive ER (Whang et al. 2013b). It depicts the quality of
the cleaned data as a function of the resolution cost for three different types of ER approaches.
Traditional ER algorithms produce results only after resolving the entire dataset, reaching the
maximum quality at the end. The incremental curve shows the behavior of such algorithms when
they are configured to constantly produce results while resolving the dataset. Progressive ER, on
the other hand, aims to resolve the dataset such that the rate at which the data quality improves
is maximized.

Such a progressive approach is motivated by several key perspectives. It is well suited for ap-
plications that require low latency response (and thus cannot tolerate delays caused by cleaning
the entire dataset), and/or interactive applications that need to first compute initial analysis re-
sults and then progressively refine those results while the data is being cleaned. A progressive
approach is also useful for small or medium sized enterprises that continually collect, clean, and
analyze very large datasets. In this case, it would be counterproductive for such enterprises to
spend their limited computational resources on cleaning each dataset in its entirety. However, if
each dataset is resolved progressively using a limited cost budget, we would obtain the highest
possible resolution quality for the dataset and achieve a better resource utilization. Such a cost-
effective resolution method is even more financially desirable if these enterprises utilize public
cloud infrastructures for their cleaning tasks.

The main idea of progressive ER is to prioritize/rank which pairs of entities to resolve first in
order to identify as many duplicate entities in the dataset as early as possible. (Note that changing
the order of resolving pairs may affect the final result (Benjelloun et al. 2009), which may hence
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Fig. 1. The quality of the cleaned data as a function of the resolution cost for three types of ER approaches:

Traditional, Incremental, and Progressive.

cause the final quality of the progressive approach to be different than those of traditional ER ap-
proaches, as illustrated in Figure 1.) In particular, the authors in Whang et al. (2013b) propose the
idea of using “hints” for determining which entity pairs tend to be duplicates. The authors focus
on how to resolve a given block progressively, and for that, they propose several concrete ways of
constructing hints that can be then utilized with a variety of ER algorithms to prioritize the reso-
lution within blocks. Subsequently, Papenbrock et al. (2015) proposes two hint-based progressive
ER approaches that are built on top of the Sorted Neighbor (SN) algorithm (Hernández and Stolfo
1995).

While Whang et al. (2013b) and Papenbrock et al. (2015) address the problem of progressive
ER, their solutions consider resolving only a single entity-set containing duplicates. In this arti-
cle, we study the problem for relational ER (Culotta and McCallum 2005; Dong et al. 2005; Whang
and Garcia-Molina 2012; Bhattacharya and Getoor 2007a). In relational ER, the dataset consists
of multiple entity-sets and relationships among them. In such a dataset, the resolution of some
entities might influence the resolution of other entities. For instance, consider a relational dataset
that consists of a set of research paper entities and a set of venue entities. In this dataset, deciding
that two papers are the same may trigger the fact that their venues are also the same. Prior re-
search (Bhattacharya and Getoor 2007a; Dong et al. 2005; Culotta and McCallum 2005) has shown
that such decision propagation via relationships can significantly improve data quality in datasets
where such relationships can be specified.

Such dependencies among the resolution decisions influence our design in two ways. First, as
more parts of the dataset are resolved, new information about which entities tend to co-refer
becomes available. Thus, an adaptive strategy that dynamically revises its ranking is more suited
for progressive relational ER. Second, unlike a single entity-set situation where there may not be
a strong reason to prefer one block over another to resolve first, such a block-level prioritization
is significantly more important when resolving relational datasets. For instance, resolving a block
that influences many other parts of the dataset might significantly improve the performance of a
progressive approach.

Motivated by the two factors, we develop ProgressER, which is an adaptive progressive approach
to relational ER that aims to generate the highest quality result given a constraint on the resolution
budget, specified by the user. To achieve adaptivity, ProgressER continually reassesses how to solve
two key challenges: “which parts of the dataset to resolve next?” and “how to resolve them?” For
that, it divides the resolution process into several resolution windows and analyzes the resolution
progress at the beginning of each window to generate a resolution plan for the current window. A
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resolution plan specifies which blocks and which entity pairs within blocks need to be resolved
during the plan execution phase of that window. In addition, ProgressER associates, with each
identified pair of entities, a workflow—the order in which to apply the similarity functions on the
pair. Such an order plays a significant role in reducing the overall cost because applying the first
few functions in this order might be sufficient to resolve the pair.

While an adaptive approach may help quickly identify duplicate pairs in relational datasets,
such a technique must be implemented carefully so that the benefits obtained are not overshad-
owed by the associated overheads of adaptation. We address this challenge by designing efficient
algorithms, appropriate data structures, and statistics gathering methods that do not impose high
overheads. Our results in Section 8 show that ProgressER generates high-quality results using
limited resolution budgets.

In addition, we propose an iterative algorithm for training resolve functions. A resolve function
(explained in details in Section 2) is a function that is applied on a pair of entities to determine
whether the two entities co-refer or not. Training a resolve function of an entity-set in relational
ER is challenging as it depends on the effectiveness of the resolve functions of other entity-sets. For
instance, when applied on two paper entities, the resolve function of the paper entity-set analyzes
the similarity between their attribute values, and the decision of whether their venues co-refer or
not. Such a decision is made by the resolve function of the venue entity-set. Hence, the resolve
function of the paper entity-set should be trained in such a way that makes it resistant to any
wrong decision made by the resolve function of the venue entity-set.

In summary, the main contributions of this article are as follows:

—We propose an adaptive progressive approach to relational ER (Section 3).
—We present benefit and cost models for generating a resolution plan (Section 4).
—We show that the problem of generating a resolution plan is NP-hard, and thus propose an

efficient approximate solution that performs well in practice (Section 5).
—We define the concept of the contribution of similarity functions, and then show how the

cost and contribution of multiple (possibly correlated) similarity functions can be exploited
to generate workflows. We also propose an algorithm that learns the contribution values of
functions from a training dataset (Section 6).

—We propose an iterative algorithm for training resolve functions whose performance de-
pends on that of other resolve functions (Section 7).

—We experimentally evaluate our approach using publication and synthetic datasets and
demonstrate the efficiency of the proposed solution (Section 8).

Our main contributions above optimize two dimensions of relational ER: the efficiency of the ER
process and the quality of the results. Despite the fact that ProgressER exploits the relationships
among entities to improve the quality of resolving entity pairs, all of our contributions (except for
the iterative training algorithm presented in Section 7) are algorithms that focus on optimizing
the efficiency of the ER process. More specifically, those algorithms aim at best utilizing the user-
specified input resolution budget by iteratively (i) identifying a small set of useful entity pairs to
resolve next, and (ii) resolving those identified pairs with the least amount of cost using effective
workflows. The second and third points in the list of contributions above achieve (i), whereas the
fourth point in the list achieves (ii).

2 NOTATION AND PROBLEM DEFINITION

In this section, we first develop our notation, and then define the problem of progressive ER. We
summarize the notation used throughout this article in Table 1.
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Table 1. Frequently Used Notation

Notation Description

D = {R, S, T , . . . } A relational dataset D containing a number of entity-sets R, S, T , . . .

ri An entity of entity-set R ; ri ∈ R .

R .A = {R .a1, R .a2, . . . } R .A is the set of attributes of entity-set R .

BR = {R1, R2, . . . } BR is the set of blocks of entity-set R .

FR = {f R
1 , f R

2 , . . . } FR is the set of similarity functions of entity-set R .

A (f R
i ) The set of attributes on which the similarity function f R

i is defined.

cR
i The average cost of applying the similarity function f R

i on a pair of entities.

LR→S An influence from entity-set R to S where R is called the influencing entity-set and S is called the
dependent entity-set.

L(D) The set of influences of D.

Inf (R ) (resp. Dep(S )) The set of all LR→X (resp. LX→S ) influences for any entity-set X .

G = (V , E ) G is a directed graph, where V is a set of nodes and E is a set of edges.

BK (vi ) The block that contains both of the two entities that the node vi represents.

V (Ri ) The set of all nodes of block Ri .

V + (Ri ) The set of duplicate nodes of block Ri .

V ∗ (Ri ) The set of nodes of Ri that have been resolved in the previous windows.

�R The resolve function of entity-set R .

f i The feature vector corresponding to node vi that is given as input to a resolve function.

〈simi , disi 〉 The output of the resolve function when applied on a node vi , where simi ∈ [0, 1] and
disi ∈ [0, 1] represent the collected evidence that the two entities in vi co-refer and are different
respectively.

BG The user-specified resolution budget.

Gp = (V p, Ep ) Gp is a partially constructed graph, where V p ⊆ V is the set of instantiated nodes and Ep ⊆ E is
the set of instantiated edges.

RV, UV, and CV Different classes of nodes. See Figure 5.

W The duration of the plan execution phase of each window.

UB The set of uninstantiated blocks.

P := 〈 PB, PV 〉 A resolution plan P that specifies the set of blocks (PB) to be instantiated in the window and the set
of nodes (PV) to be resolved in the window.

S The state of the graph G , which is the set of duplicate nodes in the graph.

Benefit (vi ) The benefit of resolving the node vi .

P (vi ) The probability that the node vi is duplicate.

Imp(vi ) The impact of resolving the node vi .

C ins (Ri ) The cost of instantiating the block Ri .

Cr es (vj ) The cost of resolving the node vj .

t R+
j (resp. t R−

j ) The positive (resp. negative) contribution value of the similarity function f R
j .

t R+
j |i (resp. t R−

j |i ) The conditional positive (resp. negative) contribution value that function f R
j is expected to provide

when applied on a pair of duplicate (resp. distinct) entities, on which f R
i has already been applied.

2.1 Relational Dataset

LetD be a relational dataset that contains a number of entity-setsD = {R, S,T , . . . }. Each entity-
setR has a set of attributesR.A = {R.a1,R.a2, . . . ,R.a |R .A | } and contains a set of entities of the same
type R = {r1, r2, . . . , r |R | } such that each entity ri ∈ R has a value for each attribute R.aj ∈ R · A.
Table 2 shows an example of a relational publication dataset that contains three entity-sets: Papers
(P ), Authors (A), and Venues (U ). Entity-set P , for example, has six attributes: P_Id, Title, Abstract,
Keywords, Authors, and Venue, and contains four entities P = {p1,p2,p3,p4}.

ACM Transactions on Knowledge Discovery from Data, Vol. 12, No. 3, Article 33. Publication date: March 2018.



33:6 Y. Altowim et al.

Table 2. Toy Publication Dataset

Entity-set Papers

Block P_Id Title Abstract Keywords Authors Venue

P1

p1

Transaction Support
in Read Optimized

and ...
...

{File System,

Transactions}
{a1, a2} u1

p3

Transaction Support
in Read Optimized

and ...
...

{File System,

Transactions}
{a3, a4} u3

P2
p2

Read Optimized File
System Designs: ...

...
{File System,

Database}
{a1} u2

p4
Berkeley DB: A
Retrospective

...
{File System,

Database}
{a3} u4

Entity-set Authors

Block A_Id Name Email Papers

A1
a1 Margo Seltzer margo@harvard.edu {p1, p2}

a3 Margo I. Seltzer seltzer@gmail.com {p3, p4}

A2
a2 Michael Stonebraker stonebraker@mit.edu {p1}

a4 M. Stonebraker stonebraker@ucb.edu {p3}

Entity-set Venues

Block V_Id Name Papers

U1
u1 Very Large Data Bases {p1}

u3 VLDB {p3}

U2
u2 ICDE Conference {p2}

u4 IEEE Data Eng. Bull. {p4}

An attribute R.ai ∈ R.A is called a reference attribute if its values are references to other entities
in other entity-sets. For example, the Authors and Venue attributes of entity-set P in Table 2 are
reference attributes because their values are references to author and venue entities respectively.

Entity-set R is considered dirty if at least two of its entities ri and r j represent the same real-
world object, and hence ri and r j are duplicate. The three entity-sets in Table 2 are dirty as they
contain duplicate entities. Entity-set P contains one duplicate pair 〈p1, p3〉, entity-set A contains
two duplicate pairs 〈a1, a3〉 and 〈a2, a4〉, and entity-set U contains one duplicate pair 〈u1, u3〉.

2.2 Standard Phases of ER

A typical ER process consists of several standard phases of data transformations. We list these
phases below and explain how we instantiate some of them.

—Blocking (McCallum et al. 2000; Baxter et al. 2003) partitions each entity-set into (possibly
overlapping) smaller blocks such that (i) if two entities might co-refer, they will be placed
together into at least one block and (ii) if two entities are not placed together into at least one
block, they are highly unlikely to co-refer. Blocking is the main divide-and-conquer style
efficiency technique in ER. Its goal is to reduce the (often quadratic) process of applying ER
on the entire dataset to that of applying ER on these small blocks.

In ProgressER, we assume that each entity-set R ∈ D is partitioned into a set of blocks
BR = {R1,R2, . . . ,R |BR | }. In our example in Table 2, the first column of each table represents
the block in which the entities reside. For instance, entity-set P has two blocks P1 and P2;
each contains two entities. For clarity, we will present this article as if the blocks of each
entity-set do not overlap. Extending ProgressER to overlapping blocks is explained in details
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Table 3. Description of the Similarity Functions

Function Attributes Similarity Algorithm

f P
1 P .Title Edit Distance

f P
2 P .Abstract TF.IDF

f P
3 P .Keywords Edit Distance

f A
1 A.Name Edit Distance

f A
2 A.Email Jaro–Winkler Distance

f U
1 U .Name Edit Distance

in Appendix A.1. We note that our experiments on the publication datasets use overlapping
blocks.

—Problem representation maps the dataset into an internal data representation of the ER algo-
rithm. We represent our problem as a graph, as detailed in Section 2.3.

—Similarity computation computes the similarity between entities in the same block. This
phase is often computationally expensive as it may require comparing/resolvingO (n2) pairs
of entities per cleaning block of size n. Each resolution might apply several similarity func-
tions on the pair of entities. A high-quality similarity function can be expensive in general
as it may require invoking compute-intensive algorithms, consulting external data sources,
and/or seeking human input through crowdsourcing (Nuray-Turan et al. 2012; Whang et al.
2013a; Vesdapunt et al. 2014).

Correspondingly, in ProgressER, each entity-set R ∈ D is associated with multiple simi-
larity functions FR = { f R

1 , f
R

2 , . . . , f
R
|FR | }. Each function f R

i takes as input a pair of entities

〈r j , rk 〉 and returns a normalized similarity score for r j and rk —a value in the [0, 1] interval.

This score is computed by f R
i by analyzing the values of r j and rk in some non-reference

attributes A ( f R
i ) of R. For instance, function f P

1 in Table 3 is defined on the Title attribute

of entity-set P , i.e., A ( f P
1 ) = {Title}. Given two titles of two papers, f P

1 returns their title
similarity using the standard Edit-Distance algorithm (Smith and Waterman 1981). We note
that ProgressER treats similarity functions as “black-boxes” in the sense that a function
f R
i can internally use any algorithm to compute the similarity between the values of the

attributes A ( f R
i ).

Each similarity function f R
i in turn is associated with a cost value cR

i , which represents

an average cost of applying f R
i on a pair of entities. ProgressER is agnostic to the way this

cost is set. For instance, it can be set as the average execution time of f R
i learned from the

dataset or could be a unit-based cost set by the domain analysts, and so on.
After applying the similarity functions on a pair of entities, a resolve function is then

used to determine, based on the outcomes of these similarity functions, whether this pair is
duplicate or not. We explain our resolve functions in Section 2.3.

—Clustering groups duplicate entities into clusters based on the values computed by the re-
solve functions such that each cluster represents one real-world object, and each real-world
object is represented by one cluster (Benjelloun et al. 2009; Dong et al. 2005; Nuray-Turan
et al. 2012).

2.3 Relational Entity Resolution

The task of relational ER is to resolve all entity-sets of a given relational dataset. In addition to
exploiting the similarity between the entity attribute values as in traditional ER, relational ER
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Fig. 2. The graph representation that corresponds to the publication dataset in Table 2.

also utilizes the relationships among the entity-sets to further increase the quality of the result
(Bhattacharya and Getoor 2007a; Dong et al. 2005).

To illustrate, consider the paper pair 〈p1, p3〉 in Table 2. By applying the similarity functions
on it, we can decide that p1 and p3 co-refer. This decision can be propagated to the pair of their
venues 〈u1, u3〉. Based on that, we might then decide that 〈u1, u3〉 co-refer, which might not have
been achievable had we relied only on the similarity function of U since their venue names are
spelled very differently.

Influence. In relational ER, there is an influence LR→S from entity-set R to S if resolving some
pairs from R can influence (provide evidence) for resolving some pairs from S . For example, the
dataset in Table 2 has an influence LP→U since if two papers are the same, their venues are likely to
be the same as well. We denote the set of influences ofD as L(D). For instance, if D corresponds
to the dataset in Table 2, then L(D) = {LP→A,LP→U ,LA→P ,LU→P }.

In an influence LR→S , R is called the influencing entity-set and S is the dependent entity-set.
We use Inf (R) to denote the set of all LR→X influences for any X , and Dep(S ) to denote the
set of all LX→S influences for any X . In the example in Table 2, Inf (P ) = {LP→A,LP→U } and
Dep(P ) = {LA→P ,LU→P }.

ER graph. To capture decision propagation, it is often convenient to model the problem as a
graph (Dong et al. 2005).

GraphG = (V ,E) is a directed graph, whereV is a set of nodes and E is a set of edges. A nodevi

is created for a pair of entities 〈r j , rk 〉 iff there exists at least one block Rl that contains both r j and
rk . The nodevi represent the fact that 〈r j , rk 〉 could be the same, which needs to be further checked.
An edge is created from node vi = 〈r j , rk 〉 to node vl = 〈sm , sn〉 iff there exists an influence LR→S

and the resolution of vi influences the resolution of vl .
Figure 2 shows the graph corresponding to the publication dataset in Table 2. Nodev3 represents

the possibility that entities p2 and p4 could be the same. An edge from v1 to v3 indicates that the
resolution ofv1 influences the resolution decision ofv3 via LA→P . Thus, nodev3 has one influencing

node v1 via LA→P , whereas node v1 has two dependent nodes v3 and v4 via LA→P .
The number of nodes inG depends upon the utilized blocking functions. Using aggressive func-

tions often leads to small blocks, which causes the number of nodes to be small and hence improves
the efficiency of the ER process. However, aggressive functions may often increase the chance of
placing the two entities of a duplicate pair in two different blocks, sacrificing the quality of the
result.

The number of edges, on the other hand, depends upon the number of influences in D and the
fan-out degree of each influence LR→S , i.e., the average number of entity pairs of S that will be
influenced by the resolution of an entity pair of R. For instance, the fan-out degree of LP→U in
Table 2 is at most 1 since a pair of paper entities may influence only one pair of venue entities.
Note that an edge is created between these two pairs of entities only if the two entities of each pair
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share at least one block, indicating that the blocking functions also affect the number of edges in
the graph.

Having defined the graph, we now can develop some useful auxiliary notation that relates this
graph to blocks. Let BK (vi ) be the function that, given a node vi , returns the block that contains
both of the two entities that vi represents. Let V (Ri ) be the set of all nodes of block Ri . Note that

V (R) =
⋃ |BR |

i=1 V (Ri ).
From the graph representation point of view, the task of relational ER can be viewed as that

of determining whether each node vi ∈ V represents a duplicate pair of entities or not. That res-
olution decision is based on the outputs of applying the similarity functions of R on vi and the
resolution decisions of vi ’s influencing nodes. Such a decision can be made after the application
of a resolve function on the node vi .

Resolve function. Each entity-set R is associated with a resolve function�R . When�R is applied
on a nodevi ∈V (R), it outputs a pair of confidence values: a similarity confidence value simi ∈ [0, 1]
and a dissimilarity confidence value disi ∈ [0, 1] that represent the collected evidence that the two
entities invi co-refer and are different, respectively. Initially, both values are set to 0. After calling
�R onvi , the nodevi is marked as duplicate if simi = 1, as distinct if disi = 1, or as uncertain
otherwise. A node is said to be certain if it is marked as either duplicate or distinct. We will
denote the set of duplicate nodes of block Ri as V + (Ri ) and of entity-set R as V + (R).

As is common, our resolve function �R takes as input a feature vector fi that corresponds to
node vi = 〈r j , rk 〉. The vector fi is of size |fi | = |FR | + |Dep(R) | and encodes two types of features:
(1) the outputs of applying the similarity functions of R on the pair 〈r j , rk 〉 and (2) the sets of
confidence value pairs of all nodes that influence vi , where a set is included per each influence
LS→R ∈ Dep(R).

Example 2.1. Consider node v3 in Figure 2. Suppose that the outputs of applying the similar-
ity functions f P

1 , f P
2 , and f P

3 on v3 are 0.2, 0.1, and 0.9, respectively, and that 〈sim1,dis1〉 = 〈1.0,
0.0〉 and 〈sim5,dis5〉 = 〈0.0, 1.0〉. The input to�P is therefore the feature vector f3 = (0.2, 0.1, 0.9,
{〈1.0, 0.0〉}, {〈0.0, 1.0〉}). The first three values are the outputs of the three functions, while the
fourth and fifth values are the sets of the confidence value pairs of all nodes influencing v3 via
LA→P and LU→P , respectively.

We note that ProgressER treats resolve functions as “black-boxes” in the sense that the internal
implementation of a resolve function can use any method to determine if the input two entities
co-refer or not. For instance, it could use linear regression with appropriate weights assigned to
different evidences (i.e., attributes and influences), a rule-based algorithm, or a machine-learning
classifier.

This model of resolve functions is generic enough to capture a wide range of such possible
implementations, including the ones proposed in Dong et al. (2005) and Whang and Garcia-Molina
(2012). In our experiments on the publication datasets, we implement the resolve function of each
entity-set as a binary Naive Bayes classifier that classifies each input feature vector into either of
the two classes “duplicate” or “distinct” and returns the probability that the input vector belongs
to each class.

2.4 Progressive Entity Resolution

Given a relational dataset D along with a set of similarity functions FR and a resolve function
�R for each entity-set R ∈ D and a resolution budget BG, our goal is to develop a progressive ER
approach that produces a high-quality result by using no more than BG units of cost.

It can be easily shown that developing an optimal progressive approach is infeasible in practice
as it would require an “oracle” that knows in advance the set of pairs whose resolution will have
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Fig. 3. The overall architecture of ProgressER. The tasks in the two top most components of the workflow

module are performed offline before the invocation of the approach.

the highest influence on the quality of the result. Thus, our goal translates into finding a good
strategy that best utilizes the given budget by saving cost at two different levels. First, our strategy
should resolve only the parts of the dataset that have higher influence on the quality of the result.
That is, it should aim to find and resolve as many duplicate pairs as possible, because the more
duplicate pairs it correctly identifies, the higher the quality of the result is expected to be.1 Second,
it should resolve those identified pairs with the least amount of cost.

3 OUR APPROACH

In this section, we explain our approach ProgressER. The high-level overview and overall archi-
tecture of the approach are presented in Algorithm 1 and Figure 3, respectively. (ProgressER relies
on a number of parameters. Appendix A.2 discusses how to set these parameters.)

Partially constructed graph. ProgressER resolves the dataset D by incrementally constructing
the ER graph and resolving its nodes. At any instance of time, ProgressER maintains a partially
constructed ER graphGp = (V p ,Ep ), which is a subgraph of the ER graphG (V ,E) that corresponds

1Similar to Whang et al. (2013b) and Papenbrock et al. (2015), we assume that most of the entity pairs in the dataset are

distinct, which is often the case in real-world datasets. Hence, a good strategy for generating a high-quality result given a

constraint on the resolution budget should aim to identify the duplicate pairs as quickly as possible, and then declare the

remaining pairs to be distinct once the budget is consumed.
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Fig. 4. An example of a graph G and a partially constructed graph Gp .

ALGORITHM 1: Overview of ProgressER.

ProgressER(D,BG,W , {FR , FS , . . . }, {�R ,�S , . . . })
1 Gp ← {} // Partial graph (empty initially)

2 c0 ← 0 // Cost incurred so far

3 while c0 < BG and isNotResolved (D) do

4 〈P̄, c1〉 ← Plan-Generation(Gp ,D,W )
5 c2 ← Plan-Execution(P̄,Gp , {FR , FS , . . . }, {�R ,�S , . . . })
6 c0 ← c0 + c1 + c2

7 return Produce-Result(Gp )

to the entire datasetD; i.e.,V p ⊆ V and Ep ⊆ E. We refer to the nodes and edges inGp as instanti-

ated nodes and edges ofG. The instantiated nodes inGp are further separated into resolved nodes,
denoted as RV, and unresolved nodes, denoted as UV, based on whether the approach has already
resolved the node (i.e., applied the similarity functions on it and then marked it as duplicate, dis-
tinct, or uncertain) or not. Figure 4 depicts an example of a graph G and a partially constructed
graph Gp , and Figure 5 shows the different classes of nodes in ProgressER and the relationships
among them.

Resolution windows. To incrementally build and resolve the graph GP , ProgressER divides the
total budget BG into several resolution windows. Each while iteration can be viewed as a window
(Lines 4–6 in Algorithm 1). Each window consists of two phases: plan generation followed by
plan execution. In the plan generation phase, ProgressER determines the activities that should be
performed during the nextW units of cost. The parameterW is the duration of the plan execution
phase and it is of the same cost unit as BG. For example, if the unit of cost is the execution time,
then BG could be, say, 1 hour andW could be 3 minutes. Generating a plan for a window involves
identifying a set of nodes to be resolved during the plan execution phase of that window. This set
is chosen from the set of candidate nodes CV = V − RV (which are the nodes that have not been
resolved yet) based on a trade-off between the benefit and cost of resolving these nodes.

Before we explain the plan generation and execution phases, let us first describe how ProgressER
incrementally builds the graph Gp . If a node vi is chosen to be resolved and it is not currently
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Fig. 5. The relationships among the different classes of nodes.

instantiated inGp , then it is first instantiated. Instantiation of nodes is performed in unit of blocks;
that is, if a node vi needs to be instantiated in a window, then ProgressER instantiates the entire
block BK (vi ).

Block instantiation. The process of instantiating a block Ri involves reading all entities of Ri ,
creating a node for each pair of entities of Ri , and adding edges based on dependency. In addi-
tion, it also determines, for each entity in Ri , the set of its dependent entities via each influence
LR→S ∈ Inf (R) and the blocks to which those dependent entities belong. For example, when in-
stantiating the block A2 in Table 2, ProgressER determines that entity p1 depends upon entity a2

via LA→P , entity p3 depends upon entity a4 via LA→P , and entities p1 and p3 belong to the block P1.
Such information is essential to create the outgoing edges from the nodes inV (Ri ) to their depen-
dent instantiated nodes, and to infer their uninstantiated dependent nodes, which can be useful
in determining which nodes to resolve in the next windows. Instantiating at the granularity of a
block instead of a node at a time helps bring significant savings since the cost of reading the nodes
(possibly from disk/storage) is only incurred once per block. As a result, prior to the beginning of
a window, the blocks ofD can be classified as either instantiated blocks, which are the blocks that
have been instantiated in previous windows, or uninstantiated blocks, denoted as UB.

Plan generation. The Plan-Generation(.) function (Line 4 in Algorithm 1) generates a reso-
lution plan P, and then returns it along with the cost of generating that plan (the variable c1). A
resolution plan P := {PB,PV} specifies the set of blocks to be instantiated in the window, denoted
as PB, and the set of nodes to be resolved in the window, denoted as PV. A plan P is said to be valid

only if, for every uninstantiated node vi ∈ PV, the block BK (vi ) ∈ PB. For example, suppose that
the graph Gp at the beginning of the current window is as depicted in Figure 4. If PV = {v3,v8}
and PB does not contain S2, then the generated plan is not valid as the resolution of v8 will not be
applicable without instantiating S2.

Each possible resolution plan is associated with a notion of cost and benefit. The cost of a plan
P is the summation of the instantiation cost of every block in PB and the resolution cost of every
node in PV. To estimate the resolution cost of a node vi , ProgressER first associates a workflow

with that node, which specifies how vi is to be resolved (explained next). The benefit of a plan
P measures the value of resolving the nodes in PV. Note that the action of instantiating a block
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Ri ∈ PB by itself does not provide any benefit to the resolution process, but it may be required to
ensure the validity of the plan. The benefit and cost models are presented in Section 4.

The process of generating a plan starts by ensuring that every block in UB is associated with an
updated instantiation cost value and every node in CV is associated with updated resolution cost
and benefit values. Then, it enumerates a small set of alternative valid plans whose estimated cost
is less than or equal toW , and chooses the plan with the highest estimated benefit. Note that the
process of generating a plan itself consumes some cost from the budget BG. Thus, a key challenge
is to generate a beneficial plan at a small cost. The process of generating a valid resolution plan is
explained in Section 5.

Plan execution. The Plan-Execution(.) function (Line 5 in Algorithm 1) executes the generated
plan and then returns the actual execution cost. Note that the actual cost of executing a plan
(the variable c2) might be different from its estimated cost since ProgressER can never accurately
determine the exact cost of instantiating a block or resolving a node.

The process of executing a plan P starts by instantiating the blocks PB. It then iterates over all
the nodes in the set PV to resolve them. One naive strategy for resolving a node vi ∈ V (R) would
be to apply all the similarity functions of R on that node and then call the resolve function �R

on it to determine its resolution decision. However, it is often sufficient, in practice, to apply a
subset of these functions to resolve the node to a certain decision. Thus, ProgressER follows a
lazy resolution strategy that delays the application of a similarity function on a node until it is
needed, resulting in a significant cost saving.

To resolve a node vi ∈ V (R) using this strategy, ProgressER applies the similarity functions of
R on vi in a specific order. Such an order is referred to as the workflow of vi . After the application
of each similarity function, ProgressER calls the resolve function �R on vi to determine if it is
certain or not. If the node is uncertain, it applies the next similarity function in the workflow
on vi and then calls �R on the node again. This process continues until the node is certain or
there are no more similarity functions to apply on the node.

Example 3.1. Suppose that the workflow associated with nodev3 in Figure 2 is f P
1 → f P

3 → f P
2 .

To resolve v3 using the lazy resolution strategy, ProgressER first applies f P
1 on it and then calls

the resolve function �P . If the returned value of either sim3 or dis3 is 1, then v3 is marked as
certain and the resolution of the node stops. Otherwise, ProgressER applies f P

3 on the node and

then calls�P to determine if it is certain or not. If not, ProgressER finally applies f P
2 on v3, calls

�P , and then marks v3 with either duplicate, distinct, or uncertain based on the outcome
of�P .

Given this lazy resolution strategy, each nodevi ∈ V (R) should be associated with the workflow
that causes it to be resolved to a certain decision using with the least amount of cost. Generating
such a workflow should be based on a tradeoff between the cost of the similarity functions of R and
their contribution to the resolution decision of a node. The details of how workflows are generated
and associated with nodes are presented in Section 6.

After resolving all nodes in PV , their resolution decisions are propagated to their instantiated
dependent nodes that are still uncertain. To do so, ProgressER stores those dependent nodes into
a set H , and then iterates over them. For each node vj ∈ H , ProgressER calls the corresponding
resolve function on vj and then inserts its uncertain dependent nodes into H to further propagate
the decision of that node. To ensure that the propagation process terminates, ProgressER inserts
those dependent nodes into H only if vj is resolved to a certain decision or if the increase in simj

or disj due to the last application of the resolve function on vj exceeds a small constant. This
propagation methodology is borrowed from Dong et al. (2005).
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Note that to improve the efficiency of the ER process, ProgressER does not propagate the reso-
lution decision of a node vi to vj (where vj is a dependent node of vi ) if vj is marked as certain,
i.e., it does not call the resolve function on vj again to update its decision. This implies that a
mistake in marking a node as certain will not be corrected as the execution proceeds forward,
requiring each resolve function to be implemented carefully so that it does not return simk = 1
(resp. disk = 1), when called on a node vk , unless it is highly confident thatvk is duplicate (resp.
distinct).

Early termination. ProgressER employs resolution windows until the specified budget BG is con-
sumed. Then, the Produce-Result(.) function (Line 7 in Algorithm 1) outputs the ER result of re-
solvingD. To produce such a result, this function needs to quickly make a decision on the outcome
of the uncertain and unresolved nodes inG. Although there exist several sophisticated approaches
to inferring the resolution decisions of those nodes from the already certain resolved nodes, such
approaches would add to the overall computational complexity. Therefore, this function simply
declares those nodes to be distinct. Since ProgressER finds duplicate entities early, this strategy
is expected to perform well.

4 BENEFIT AND COST MODELS

In this section, we define and discuss how we estimate the benefit and cost of a resolution plan.

4.1 Benefit Model

We will first describe how ProgressER computes the benefit of a node vi and then show how it
estimates the benefit of a plan.

In relational ER, the resolution decision of a node vi depends upon the resolution decisions of
other nodes in the graph G. Thus, the probability of vi to be duplicate at any instance of time can
be inferred from the state of the graph G at that time, which we denote as S and define as the
set of nodes in the graph that are marked as duplicate. Given that the goal of ProgressER is to
resolve as many duplicate nodes inG as possible, the benefit of a nodevi can be determined based
on whether vi is duplicate or not (direct benefit) and on how useful declaring vi to be duplicate is
in identifying more duplicate nodes in G (indirect benefit or the impact of vi ). More formally, the
benefit of a node vi , which is a unitless value, is defined as follows:

Benefit (vi ) = P (vi |S) + P (vi |S) ∗ Imp(vi ), (1)

where P (vi |S) is the probability that the node vi is duplicate given the current state of the graph
G, and Imp(vi ) is the impact of vi , which is defined as follows:

Imp(vi ) =
∑

vj ∈Topvi

P (vj |Svi
) −

∑
vk ∈Top

P (vk |S), (2)

where Svi
is the state of the current graph after declaring vi to be duplicate, Top is a set of un-

resolved nodes that can be resolved within the remaining cost of our budget BG (i.e., the total of
their resolution costs and the instantiation costs of their blocks, if needed, is less than or equal to
the remaining budget) such that the summation of their probability values given S is maximized,
and Topvi

is a set of unresolved nodes that can be resolved within the remaining cost of our budget
minus the resolution cost of vi such that the summation of their probability values given Svi

is
maximized. For simplicity, we will denote the value P (vi |S) as P (vi ) henceforth.

Computing the exact benefit of a node vi is infeasible in practice for two reasons. First, com-
puting the probability value of a node given a state requires the graphG to be fully instantiated to
infer the dependency among the nodes (in contrast, we construct G progressively), and it is also
equivalent to the belief update problem in Bayesian Networks, which is known to be NP-hard in
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general (Cooper 1990). Second, identifying each of the Top and Topvi
sets can be easily proven to

be NP-hard as it contains the traditional knapsack problem as a special case.2 Therefore, we use
heuristics to estimate the values of P (vi ) and Imp(vi ).

4.1.1 Probability Estimation. We estimate the value of P (vi ) using the Noisy-Or model (Pearl
1988), which models the interaction among several causes on a common effect. We model the node
vi being duplicate as an effect yi that can be produced by any members of a set of binary hetero-
geneous causes X

i = {x i
1,x

i
2, . . . ,x

i
n }. In our case, these causes correspond to the direct influencing

nodes of vi and the block BK (vi ). That is, the value P (vi ) is estimated based on which of vi ’s
influencing nodes are duplicate and/or on the percentage of duplicate nodes in the block BK (vi ).

Each cause x i
j can be either present or absent and has a probability P (yi |x i

j ) of being capable

of producing the effect when it is present and all other causes in X
i are absent. The Noisy-Or

model assumes that the set of causes X
i are independent of each other3 and thus computes the

conditional probability P (vi ) = P (yi |Xi ) as follows:

P (vi ) = 1 − (1 − δ )
∏

x i
j ∈X

i
p

1 − P (yi |x i
j )

1 − δ , (3)

where the parameter δ is a leak value (explained later) and X
i
p is the set of present causes in X

i .

If a cause x i
j corresponds to a node vk that influences vi via LS→R , then x i

j is present only if vk

was resolved to duplicate in a previous window, and thus ProgressER sets P (yi |x i
j ) to the value

PS→R . This value refers to the probability that a nodevl ∈ V (R) is duplicate given that there exists
a duplicate node vm ∈ V (S ) that influences vl via LS→R and all other causes of yl are absent. Such
a probability value can be specified by a domain expert or learned from a training dataset. On the
other hand, if x i

j corresponds to the block BK (vi ) = Rk , then ProgressER sets P (yi |x i
j ) to the value

|V + (Rk ) |
|V ∗ (Rk ) | , whereV ∗ (Rk ) is the set of nodes of Rk that have been resolved in the previous windows,

but we require that x i
j be present only if the fraction of resolved nodes in Rk is at least α , i.e.,

|V ∗ (Rk ) | ≥ α ∗ |V (Rk ) |, where α is a predefined threshold. Such a requirement is not necessary to
ProgressER, but rather helps improve the accuracy of estimating the probability value of nodes.

Example 4.1. Consider the graph in Figure 4. Suppose that PR→S = 0.4 and α = 0.3. Then, X
5
p

consists of three causes that correspond to the nodes v1 and v2 and the block S1, whereas X
8
p

consists of one cause that corresponds to the nodev2. Therefore,P (v5) = 1 − (1 − 0.4) ∗ (1 − 0.4) ∗
(1 − 1

2 ) = 0.82 and P (v8) = 1 − (1 − 0.4) = 0.4.

The above model states that if all influencing nodes of vi are either distinct, uncertain, or un-
resolved, and the fraction of resolved nodes in BK (vi ) is less than α , then the node vi cannot be
duplicate. To overcome this limitation, the Leaky Noisy-Or model (Henrion 1987) allows us to as-
sign a non-zero leak probability value δ to P (vi ). This leak value represents the probability thatvi

is duplicate in the absence of all explicitly modeled causes ofyi , and it can be different for different
entity-sets. For instance, the leak value δ assigned to nodes of R can be different from that assigned
to nodes of S .

2The problem of identifying the Top set is equivalent to the knapsack problem if all nodes are already instantiated. The

remaining budget can be viewed as the knapsack capacity and each node can be treated as an item. A node probability and

resolution cost can be respectively viewed as the value and weight of the corresponding item.
3One could also use a more advanced model such as the Recursive Noisy-Or model (Lemmer and Gossink 2004) to allow

for dependent causes to be used in estimating the probability of an effect. However, such dependencies among causes are

rarely observed in datasets and would require significant effort to be identified.
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4.1.2 Impact Estimation. To estimate the value of Imp(vi ), instead of considering all nodes in
Top and Topvi

, we restrict the impact computation to a small subset of nodes, denoted as N (vi ),
and hence define the impact of vi as follows:

Imp(vi ) =
∑

vj ∈N (vi )

[P (vj |Svi
) − P (vj |S)]. (4)

Clearly, the set N (vi ) should include the nodes that will be affected the most by the resolution
of vi . Thus, we include in N (vi ) the unresolved nodes that can be reached from vi by following
at most β edges through unresolved nodes only. (The parameter β is explained at the end of this
subsection.) For example, suppose that the graph G at the beginning of the current window is
as depicted in Figure 4. If β = 2, then N (v3) = {v8,v12}. Although node v11 is unresolved and is
within two hops fromv3, it is not included inN (v3) because it cannot be reached fromv3 through
unresolved nodes.

Even after restricting the impact computation to the setN (vi ) only, computing an impact value
for every candidate node vi is still infeasible for two reasons. First, computing P (vj |Svi

) is in
general an NP-hard problem (Cooper 1990). Although there are approximation algorithms for this
problem (Jensen and Nielsen 2007), such algorithms are still expensive for our (near) real-time
settings. Second, identifying N (vi ) might not be possible in certain cases unless the graph G is
fully instantiated. For instance, knowing that v12 is part of N (v3) in the example above requires
ProgressER to instantiate v8 first in order to determine its dependent nodes.

Thus, ProgressER instead computes a single estimated impact value, denoted as Imp(R), for
every entity-setR and uses that single value as the impact value of every candidate nodevi ∈ V (R).
This value is computed based on statistics that we collect prior to and throughout the execution
of our approach.

To estimate the value of Imp(R), we first defineU (k,LR→S ) as the function that computes, for k
nodes of entity-set R, the estimated number of their unresolved direct dependent nodes via LR→S .
That is, this function estimates the number of the direct dependent nodes via LR→S that will be
impacted by the resolution of the k nodes. The output of this function can be computed as follows:

U (k,LR→S ) =

⌈
k ∗ deдree (LR→S ) ∗

(
1 − |V

∗ (S ) |
|V (S ) |

)⌉
, (5)

where deдree (LR→S ) is the average number of direct dependent nodes that a node vi ∈ V (R) can
have via LR→S . Such a value can be initially set by a domain expert or learned from a training
dataset, and can then be adjusted as the approach proceeds forward.

Now, the impact value Imp(R) can be estimated by calling the Compute-Impact(.) function in
Algorithm 2 with these values (R, β ).

Example 4.2. Let D correspond to the dataset whose ER graph is depicted in Figure 4. Sup-
pose that L(D) = {LR→S , LS→T }. Let us further assume that PR→S = 0.4 and PS→T = 0.5, and
that deдree (LR→S ) = 2 and deдree (LS→T ) = 1. Assume we want to compute the value of Imp(R)
and that the value of β is 2. In this case, the value of U (1,LR→S ) = 1 ∗ 2 ∗ (1 − 2

4 ) = 1, and

the value of U (1,LS→T ) = 1 ∗ 1 ∗ (1 − 0
4 ) = 1. Thus, the value of Imp(R) = PR→S ∗U (1,LR→S ) +

PR→S ∗ PS→T ∗U (1,LS→T ) = 0.4 ∗ 1 + 0.4 ∗ 0.5 ∗ 1 = 0.6.

Using this model allows the impact computation to be performed very efficiently (as ProgressER
needs to compute only a single impact value for each entity-set R ∈ D) and works well as we show
in Section 8.

We now explain how ProgressER sets the value of the parameter β . At any instance of time,
ProgressER uses the same value for β for all entity-sets, but it updates that value throughout the
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ALGORITHM 2: Impact Computation.

Compute-Impact(R, β )
1 if β = 0 then

2 return 0

3 imp ← 0

4 Visited ← {R}
5 foreach LR→S ∈ In f (R) do

6 k ← U (1,LR→S ) // Equation (5)

7 〈m,Visited〉 ← Compute-Prob-Inc(R,S,k,Visited, β )
8 imp ← imp +m
9 return imp

Compute-Prob-Inc(R,S,k,Visited, β )
1 Visited ← Visited ∪ {S }
2 n ← PR→S ∗ k
3 if β − 1 = 0 then

4 return 〈n,Visited〉
5 foreach LS→T ∈ In f (S ) s.t. T � Visited do

6 k ← U (k,LS→T ) // Equation (5)

7 〈m,Visited〉 ← Compute-Prob-Inc(S,T ,k,Visited, β − 1)
8 n ← n + PR→S ∗m
9 return 〈n,Visited〉

execution. Intuitively, β should be continually reduced to limit the impact computation to only the
dependent nodes that have a high chance of being resolved in the remaining budget RM . Thus,
ProgressER updates the value of β at the beginning of each window to �γ ∗ RM

BG
+ 0.5, where γ

is the number of edges in the longest non-cyclic path between any two nodes in the influence

graph whose nodes correspond to the entity-sets in D and whose direct edges correspond to the
influences L(D). For example, the influence graph of the dataset whose ER graph is depicted in
Figure 4 consists of |D| = 3 nodes (that correspond to the entity-sets R, S , and T ) and two edges
(R → S and S → T ), and thus γ = 2. Decreasing the value of β will cause the impact computation
of a node vi ∈ V (R) to be restricted to only the dependent nodes of the entity-sets that are close
to R in the influence graph, which are the nodes that will be affected the most by the resolution of
vi and thus have a high chance of being resolved later.

4.1.3 Plan Benefit. We measure the benefit of a plan P as the summation of the benefit of re-
solving each node in PV

4:

Benefit(P) =
∑

vi ∈PV

Benefit (vi ). (6)

4.2 Cost Model

The cost of a resolution plan P is computed as follows:

Cost (P) =
∑

Ri ∈PB

Cins (Ri ) +
∑

vj ∈PV

Cr es (vj ), (7)

4A more accurate model of estimating the benefit of a group of nodes can be developed, but that would significantly add

to the complexity of the plan generation process.

ACM Transactions on Knowledge Discovery from Data, Vol. 12, No. 3, Article 33. Publication date: March 2018.



33:18 Y. Altowim et al.

ALGORITHM 3: Updating the Impact, Probability, and Cost Values of Nodes.

Perform-Analysis(UV,UB,D,L(D), β )
1 Update-Inst-Cost(UB)
2 Update-Impact(D,L(D), β )
3 Update-Prob-And-Cost(UV)
4 AV← Get-Affected-Nodes(UB)
5 Update-Prob-And-Cost(AV)
6 for i ← 1 to |UB| do

7 Compute-Single-Prob-And-Cost(UB[i])

where Cins (Ri ) is the cost of instantiating the block Ri , and Cr es (vj ) is the cost of resolving the
node vj . The cost Cins (Ri ) typically consists of the cost of reading the block Ri plus the cost of
creating nodes for the pairs of entities of Ri . The instantiation cost depends upon where the blocks
are stored. In practice, blocks could be stored on any local or remote storage device. In Section 7, we
provide a model for estimating the instantiation cost of blocks that are stored on a local machine’s
disk.

The resolution cost Cr es (vj ) depends upon the order in which the similarity functions of R are
applied on the nodevj ; i.e., the workflow ofvj . Associating a workflow with a node depends upon
the probability of that node to be duplicate. Thus, to estimate the resolution cost of a node vj ,
ProgressER first estimates the value of P (vj ), uses that value to associate a workflow with vj ,
and then estimates the value ofCr es (vj ) based on the associated workflow. The details of how the
resolution cost of a node is estimated given its associated workflow are presented in Section 6.

5 PLAN GENERATION

In order to generate a resolution plan in a window, ProgressER first needs to perform a benefit-vs-
cost analysis on the uninstantiated blocks UB and candidate nodes CV to ensure that every block in
UB is associated with an updated instantiation cost value and every node in CV is associated with
updated resolution cost and benefit values. This analysis step is discussed in details in Section 5.1.
Given the benefit and cost values of the candidate nodes, and the instantiation cost values of the
uninstantiated blocks, ProgressER needs to generate a valid resolution plan P such thatCost (P) ≤
W and Benefit(P) is maximized. Generating such a plan can be proven to be NP-hard (Burg et al.
1999). Thus, we propose in Section 5.2 an efficient approximate solution that performs well in
practice.

5.1 Benefit-vs-Cost Analysis

Algorithm 3 describes how the benefit-vs-cost analysis is performed.

Instantiation cost. The algorithm starts by passing the blocks UB to the function Update-Inst-
Cost(.) to update their instantiation cost values. This function needs to compute the instantiation
cost of every block in UB at the beginning of the first window. These cost values do not need to
be updated in any subsequent window unless the blocks can overlap. More details on when this
function should update these values can be found in Appendix A.1.

Impact. The algorithm then calls the Update-Impact(.) function to compute a single impact
value for each R ∈ D using the Compute-Impact(.) function in Algorithm 2.

Probability and cost. Next, the algorithm passes the set of instantiated unresolved nodes UV to the
function Update-Prob-And-Cost(.), which updates the probability and resolution cost values of
only the nodes whose values may have changed due to the resolution in the previous window. That
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is, the probability value of a node vi ∈ UV is updated only if one of the following two conditions
holds. First, at least one of its influencing nodes has been resolved to duplicate in the previous
window. Second, some of the nodes resolved in the previous window belong to the block BK (vi )
and BK (vi ) is a present cause in estimating the probability of vi . Once the probability value of a
node vi ∈ UV is updated, this function uses the new probability to reassociate a workflow with vi

and then recomputes the cost of vi based on the new workflow.
Before we describe how the algorithm updates the probability and cost values of the uninstan-

tiated nodes, we classify those nodes into affected and unaffected nodes. An uninstantiated node
is said to be affected if it has at least one duplicate influencing instantiated node. For instance, the
node v8 in Figure 4 is affected because v2 influences v8 via LR→S and v2 was resolved to duplicate
in a previous window. To update the probability and cost values of the affected uninstantiated
nodes, the algorithm passes the set of blocks UB to the Get-Affected-Nodes(.) function to re-
trieve those nodes and then passes them to the same Update-Prob-And-Cost(.) function. To
compute/update the probability of affected uninstantiated nodes, ProgressER maintains a set of
counter values for each affected uninstantiated node vi ∈ V (R). Each counter value corresponds
to an influence LS→R ∈ Dep(R), and it denotes the number of duplicate instantiated nodes influ-
encing vi via LS→R . In Figure 4, the set of counter values for v8 consists of a single counter that
corresponds to the influence LR→S and its value is 1.

Since the set of present causes of any unaffected uninstantiated node cannot contain any in-
fluencing node (according to the definition of the unaffected nodes), all unaffected uninstantiated
nodes of a block in UB have the same probability value. Thus, the algorithm iterates over the blocks
in UB and, for each block Ri , assigns a single probability value (the leak value) for all unaffected
uninstantiated nodes of Ri . It then computes a single resolution cost for them. If the leak value is
not to be updated throughout the execution of ProgressER, the algorithm will call the Compute-
Single-Prob-And-Cost(.) function at the beginning of the first window only. It is important to
note that, except for their count, a probability and a cost value, ProgressER does not store any
information about the unaffected uninstantiated nodes of block Ri ∈ UB.

5.2 Algorithm

Algorithm 4 describes our solution for the problem of generating a valid resolution plan in a win-
dow. The algorithm initially calls the Select-Nodes(.) function (Line 4) to compute the maximum
benefit that can be obtained by considering only the instantiated unresolved nodes UV. The input
to this function is a set of nodes, a cost budget, and the dataset D (the impact values are asso-
ciated with the entity-sets of D). This function first identifies a subset of the input nodes whose
total resolution cost is less than or equal to the input budget and whose total benefit is as large as
possible, and then returns this subset of nodes along with their total benefit. The implementation
of this function is discussed later.

The algorithm then sorts the blocks in UB in a non-increasing order based on the benefit that
they are expected to add to the current window once they are instantiated (Line 5). To sort these
blocks, the Sort-Blocks(.) function first computes, for each block Ri ∈ UB, a usefulness value as
follows:

U (Ri ) =

∑
vj ∈V (Ri ) Benefit (vj )

Cins (Ri ) +
∑

vj ∈V (Ri ) Cr es (vj )
. (8)

Then, the function sorts the blocks in a non-increasing order based on their usefulness values
and then returns the sorted list of blocks.

Next, the algorithm iterates over the sorted list of blocks, and for each block, checks if the total
benefit that can be obtained in the window will increase if that block is instantiated (Lines 8 and
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ALGORITHM 4: Generating a Valid Resolution Plan.

Generate-Plan(UV,UB,W ,D)
1 BlockSet PB ← ∅
2 NodeSet PV ← ∅, M ← ∅
3 Doublemax , t
4 〈PV,max〉 ← Select-Nodes(UV,W ,D)
5 BlockList List ← Sort-Blocks(UB,D)
6 for i ← 1 to |List | do

7 Block B ← List[i]
8 〈M, t〉 ← Select-Nodes(PV ∪V (B),W −Cins (B),D)
9 if t > max then

10 PB ← PB ∪ {B}
11 PV ← M
12 max ← t
13 W ←W −Cins (B)
14 else

15 break

16 return 〈PB, PV〉

9). If so, the algorithm adds the block to the set of blocks PB, and updates the values of the set
PV and the other variables (Lines 10–13). Otherwise, it exits the while loop. Finally, the algorithm
returns the sets PB and PV (Line 16).5

Select nodes. The Select-Nodes(.) function chooses a subset of nodes from the input set such
that their total benefit is maximized and their total cost is less than or equal to the input budget. In
general, the benefit of some nodes in the input set might be dependent upon whether some other
nodes in the input set have been added to the output set of nodes or not. For example, consider
the graph in Figure 4. For simplicity, suppose that the input set to this function consists of all
candidate nodes. Let us further assume that the impact of each candidate node is computed using
Equation (4) and that the node v8 ∈ N (v3). This means that the node v8 was used in computing
the current impact value of v3, and thus the impact of v3 needs to be updated once v8 is added to
the output set of nodes.

Accounting for such dependencies among the input nodes is infeasible in practice. To illustrate,
suppose that the Select-Nodes(.) function in the example above added v12 to the output set.
Since v12 belongs to an uninstantiated block and none of its influencing nodes is instantiated,
determining which nodes to update as a result of this addition might not be applicable unless
the sets of influencing nodes of all nodes in G are known. Even if such information is available,
accounting for the dependency among the nodes might be unnecessary since the output set of
nodes usually constitutes a small percentage of the nodes inV , and hence the likelihood that they
will be dependent upon each other is in general low. Such a likelihood will even decrease as the
value of β decreases until it becomes zero at the later stages of the execution when the benefits of
nodes are restricted to their direct benefit, i.e., their probability values.

5Our algorithm assumes that any block Ri can be instantiated completely within a window, i.e., C ins (Ri ) ≤W . This

assumption, however, is not germane to our approach. That is, we could make a slight modification to our algorithm so

that the process of instantiating a block can be split over two or more windows. For instance, if a block Ri is chosen to be

instantiated in window, we instantiate in the window only the nodes of Ri that are chosen to be resolved in the window.

The other nodes of Ri can be instantiated in other subsequent window(s).

ACM Transactions on Knowledge Discovery from Data, Vol. 12, No. 3, Article 33. Publication date: March 2018.



Adaptive Progressive Approach to Relational ER 33:21

Therefore, we do not account for such dependencies among the nodes when determining the
output set of nodes of the Select-Nodes(.) function, viewing the problem as a traditional knapsack
problem. Hence, we use the greedy algorithm that first sorts the nodes in the input set in a non-
increasing order based on their benefit per cost unit, and then, starting from the head of the sorted
list, it proceeds to insert the nodes into the output set until the budget is consumed. This greedy
algorithm works very well in cases where the items’ weights (i.e., nodes’ resolution costs) are very
small relative to the knapsack size.

Initialization step. In the initial few resolution windows, ProgressER might not have adequate
knowledge about which nodes tend to be duplicate and which blocks contain a high number of
duplicate nodes. To obtain such knowledge requires ProgressER to explore several blocks in the
initial few windows. To address this requirement, ProgressER needs to employ a different strategy
for generating a resolution plan. Using Algorithm 4 in such cases might result in instantiating a
lesser number of blocks than desired, and thus unnecessarily resolving a large number of nodes
of these blocks. To illustrate, suppose that the first two blocks in the sorted list returned from the
Sort-Blocks(.) function at the beginning of the first window belong to the same entity-set, i.e.,
all nodes of these two blocks have the same benefit per cost value. In this case, Algorithm 4 will
not consider instantiating the second block unless the budgetW is sufficient for instantiating and
resolving all nodes of the first block. However, ProgressER should instantiate several blocks in
each of the initial few windows and explore those blocks by resolving a few nodes from each of
them.

To this end, ProgressER uses a different plan generation algorithm in each of these initial win-
dows. This algorithm is a modification of Algorithm 4. It first starts by sorting the blocks in UB

using the same Sort-Blocks(.) function. Then, it iterates over the blocks in the sorted list, start-
ing from the head of the list. For each block Ri , the algorithm checks if the instantiation cost of
this block plus the cost of resolving k randomly chosen nodes of Ri is less than or equal to the
remaining budget of the current window, where k = �α ∗ |V (Ri ) |� and the value α is the threshold
described in Section 4.1. If so, the algorithm inserts Ri and the k nodes into the sets PB and PV,
respectively, and then updates the budget accordingly, i.e., W =W −Cins (Ri ) −Cr (Ri ,k ), where
Cr (Ri ,k ) is the cost of resolving the k nodes. Otherwise, the algorithm considers the next block
in the sorted list and performs the same steps on it. This process continues until the budgetW is
consumed or we have iterated over all blocks in the sorted list. Finally, ifW is not fully consumed,
the algorithm randomly chooses extra nodes from the blocks in PB and adds them to the set PV to
fill the budgetW . This algorithm is employed in the initial few windows and hence can be viewed
as an initialization step of ProgressER.

6 WORKFLOWS

Given |FR | similarity functions associated with entity-set R, there are |FR |! different possible orders
of function application that could be employed to resolve a node vi ∈ V (R). ProgressER, however,
should apply these functions in the order that leads to a certain resolution decision with the least
amount of cost. To generate such an order, we need to differentiate between these functions in
terms of their costs and their contributions to the resolution decision of a node. In Section 6.1, we
define our concept of the contribution of similarity functions, and then describe in Section 6.2 how
ProgressER generates a workflow for a node. In Section 6.3, we discuss how ProgressER deals with
correlation among similarity functions. Next, we present in Section 6.4 an algorithm that learns
the contribution values from a training dataset. In Section 6.5, we describe how workflows are
associated with nodes, and finally show in Section 6.6 how ProgressER estimates the resolution
cost of a node given its associated workflow.
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6.1 Contribution of Similarity Functions

In order to resolve a node vi , ProgressER needs to obtain sufficient positive or negative evidence.
Each similarity function f R

j , when applied on a nodevi , provides positive and/or negative evidence

to the resolution of vi . Evidence is considered positive (resp. negative) if it increases the chance
that the resolve function will return 1 as the similarity (resp. dissimilarity) confidence of vi . The
amounts of the positive and negative evidence of f R

j are measured by the resolve function �R

when it is applied later on vi .
Similarity functions differ from each other in the amount of evidence that they provide to the

resolution decision. Hence, in order to generate a workflow for a node vi ∈ V (R), we need to
estimate the amount of positive and negative evidence that the similarity functions in FR would
provide w.r.t. the resolve function�R . Thus, we define for each function f R

j , a positive contribution

tR+
j ∈ [0, 1], and a negative contribution tR−

j ∈ [0, 1]. The positive (resp. negative) contribution of

a function f R
j is the amount of positive (resp. negative) evidence that f R

j is expected to provide

when it is applied on a duplicate (resp. distinct) node. More formally, tR+
j (resp. tR−

j ) is defined as the

average similarity (resp. dissimilarity) confidence value simk (resp. disk ) that would be obtained
from the resolve function�R after calling it on a duplicate (resp. distinct) node vk on which only
the function f R

j has been applied.

Example 6.1. Consider functions f P
2 and f P

3 in Table 3 that are defined respectively on the Ab-
stract and Keywords attributes of the Papers entity-set. If the resolve function�P accounts for the
fact that two distinct papers might have similar sets of keywords (e.g., the pair 〈p2, p4〉 in Table 2),
then the value of tP+

2 should be greater than that of tP+
3 . To illustrate, suppose that node vi repre-

sents a duplicate pair of paper entities, and that the outputs of applying f P
2 and f P

3 on vi are both
1.0. In this case, the similarity confidence value simi that would be obtained from�P after calling
it with these parameters (∗, 1.0, ∗, {∗, ∗}, {∗}) would be higher than the value simi that would be
obtained from�P after calling it with these parameters (∗, ∗, 1.0, {∗, ∗}, {∗}), where the symbol ∗
represents a missing value. This is because �P knows that having similar sets of keywords does
not necessarily imply that the node is duplicate.

Example 6.2. Consider functions f A
1 and f A

2 in Table 3 that are defined respectively on the Name
and Email attributes of the Authors entity-set. If the resolve function�A accounts for the fact that
one person might have different email addresses (e.g., the pair 〈a1, a3〉 in Table 2), then the value
of tA−

1 should be greater than that of tA−
2 . To illustrate, suppose that node vi represents a distinct

pair of author entities, and that the outputs of applying f A
1 and f A

2 on vi are both 0. In this case,
the dissimilarity confidence value disi that would be obtained from�A after calling it with these
parameters (0, ∗, {∗, ∗}) would be higher than the value disi that would be obtained from�A after
calling it with these parameters (∗, 0, {∗, ∗}). This is because�A knows that having different email
addresses does not necessarily imply that the node is distinct.

As illustrated in Figure 3, the contribution values of functions are predetermined prior to the
invocation of ProgressER. We propose in Section 6.4 an algorithm that learns those values from a
training dataset.

6.2 Workflow Generation

The process of generating a workflow for a node vi ∈ V (R) proceeds as follows. First, ProgressER
computes for each similarity function f R

j ∈ FR a utility value as follows:

[θ ∗ tR+
j + (1 − θ ) ∗ tR−

j ]/cR
j , (9)
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Table 4. Contribution and Cost Values of Similarity Functions

Function Positive contribution Negative contribution Cost

f R
1 0.7 0.5 1
f R
2 0.2 0.7 1
f R
3 0.6 0.4 1
f R
4 0.3 0.4 1

where θ ∈ [0, 1] is a greediness parameter that controls which type of function contribution, pos-
itive or negative, to use when generating the workflow. The higher the value of θ is, the more
ProgressER relies on the positive contribution of the functions. Hence, ProgressER sets the value
of θ to the probability of the node P (vi ).

Then, ProgressER sorts the functions in FR in a non-increasing order based on their utility val-
ues. This order of functions is the workflow of the node vi . Such a workflow is expected to max-
imize the chance of resolving vi to a certain decision with the least amount of cost since the
functions with highest contribution per unit cost of resolution will be applied first.

Example 6.3. Consider the four similarity functions f R
1 , f R

2 , f R
3 , and f R

4 shown in Table 4.
When generating a workflow for a node vi whose probability value P (vi ) is 0.7, the utility val-
ues of those functions will be 0.7∗0.7+0.3∗0.5

1 = 0.64, 0.7∗0.2+0.3∗0.7
1 = 0.35, 0.7∗0.6+0.3∗0.4

1 = 0.54, and
0.7∗0.3+0.3∗0.4

1 = 0.33, respectively. Thus, the workflow will be f R
1 → f R

3 → f R
2 → f R

4 .

6.3 Correlated Similarity Functions

We define the concept of correlated similarity functions as follows. Two functions f R
i and f R

j are

correlated iff there exists an attribute R.ak ∈ A ( f R
i ) and an attribute R.al ∈ A ( f R

j ) such that R.ak

and R.al are correlated.6

For two correlated functions f R
i and f R

j , applying f R
i on a node, on which f R

j has been already

applied, may not provide the expected positive/negative evidence of f R
i . Hence, such correlation

needs to be considered when generating workflows.
To this end, for each two correlated functions f R

i and f R
j , in addition to computing their contri-

bution values, we compute these conditional positive and negative contributions: tR+
i |j , tR+

j |i , tR−
i |j , tR−

j |i .

The value of tR+
j |i (resp. tR−

j |i ) is the amount of positive (resp. negative) evidence that f R
j is expected

to provide when applied on a pair of duplicate (resp. distinct) entities, on which f R
i has already

been applied. Note we assume that tR+
i |j = tR+

i , and that tR−
i |j = tR−

i if f R
i and f R

j are not correlated.

This assumption, however, is not germane to ProgressER, but rather helps reduce the number of
contribution values that need to be computed for the similarity functions of R.

In Example 6.3, suppose that functions f R
1 and f R

3 are correlated with each other. Now, when
generating a workflow forvi whose P (vi ) is 0.7, ProgressER first chooses the function that has the
highest utility value, which is f R

1 . For the second function in the workflow, it chooses the function

whose has the highest utility value given that f R
1 has already been added to the workflow. Such a

conditional utility value of a function f R
j is computed as follows:

[θ ∗ tR+
j |1 + (1 − θ ) ∗ tR−

j |1 ]/cR
j . (10)

6Correlation among attributes is often identified using approaches such as Pearson’s Correlation Coefficient (Reynolds and

Reynolds 1977) and KL divergence (Kullback 1997).
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ALGORITHM 5: Generating a Resolution Workflow.

Generate-Workflow(FR ,θ )
1 Function f ,h
2 Double pos,neд,value,max
3 for i ← 1 to |FR | do

4 max ← −1

5 for j ← 1 to FR .size() do

6 f ← FR [j]
7 pos ← Get-Pos-Contribution( f ,W )
8 neд ← Get-Neg-Contribution( f ,W )
9 value ← (θ ∗ pos + (1 − θ ) ∗ neд))/ Get-Cost( f )
10 if value > max then

11 max = value
12 h = f
13 W .add( f )
14 FR .remove(h)
15 returnW

Assuming that the values of tR+
3 |1 and tR−

3 |1 are 0.1 and 0.25, respectively, then the conditional utility

value of functions f R
2 , f R

3 , and f R
4 are 0.35, 0.7∗0.1+0.3∗0.25

1 = 0.145, and 0.33, respectively. Hence,

the second function in the workflow will be f R
2 . Similarly, the third function will be the one that

has the highest utility value given that both f R
1 and f R

2 have been already applied on vi . Thus, the

generated workflow for the node will be f R
1 → f R

2 → f R
4 → f R

3 .
Algorithm 5 describes the process of generating a workflow for a node vi ∈ V (R) in the case

of correlated functions. (Note that this algorithm is equivalent to Equation (9) if no correlation
exists among the functions.) The input to this algorithm is the similarity functions of R and the
greediness parameter θ = P (vi ). At the beginning of the algorithm, the workflow W contains
no functions. At the first iteration of the outer loop, it identifies the first function to add to the
workflow. This is done in the inner loop by iterating over all the functions, and picking the one
with the highest contribution per cost unit value. Then, the algorithm adds the chosen function
toW , and removes it from the functions FR so that it is not considered when choosing the next
function to add to the workflow. Note that determining the next function to add to the workflow is
affected by the functions that have been already added to the workflow (Lines 7–8). For instance,
the function Get-Pos-Contribution(.) returns the conditional positive contribution of function
f given the functions that already exist in W . In Example 6.3, after adding f R

1 and f R
3 to the

workflow, calling the Get-Pos-Contribution(.) function with these values (f R
2 ,W) will return

tR+
2 | {1,3} .

6.4 Learning Contribution Values

In order to compute the contribution values of similarity functions, we assume that a training

dataset D′
is available. This dataset is fully labeled with either “duplicate” or “distinct” for

each pair of entities. Each entity-set R
′ ∈ D′

consists of |R′ | entities. Let V (R
′
) be the set of nodes

for entity-set R
′
. We divide theseV (R

′
) nodes into two subsetsV + (R

′
) andV − (R

′
) such thatV + (R

′
)

contains only the duplicate nodes and V − (R
′
) contains only the distinct nodes. These two subsets

are used to compute the positive and negative contribution values of the similarity functions in
FR , respectively.
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ALGORITHM 6: Computing a Contribution Value.

Comp-Contribution(R
′
,Fun,positive)

1 NodeSet M ;

2 Double total ;
3 if positive = true then

4 M ← V + (R
′
)

5 else

6 M ← V − (R
′
)

7 foreach vi ∈ M do

8 fi ←New-Vector()
9 foreach f R

j ∈ FR do

10 if f R
j ∈ Fun then

11 Apply f R
j on vi and then update fi

12 Fill-Missing-Values(fi )
13 〈simi ,disi 〉 ←�R (fi )
14 if positive = true then

15 total ← total + simi

16 else

17 total ← total + disi
18 return total/|M |

We will first present the algorithm that computes the contribution values for a group of func-
tions. Then, we will explain how we use that algorithm to compute all required contribution values
for the functions in FR . We will describe only how we compute the positive contribution values

using V + (R
′
). The negative contribution values are computed in the same way but with V − (R

′
)

instead.

Learning algorithm. Algorithm 6 describes how the contribution value for a group of functions

is computed. The algorithm takes as input an entity-set R
′
, a group of functions Fun for which we

want to compute the contribution value, and whether we want to compute the positive or negative
contribution. The outer foreach loop iterates over all nodes in M , and, for each node, initializes a
feature vector fi and then applies only the functions in Fun on that node. The functions in Fun
constitutes only a subset of the features in fi . Thus, the algorithm assigns a missing value ∗ for
each other feature (Line 12). Next, the algorithm passes the feature vector to the resolve function
�R and then adds up the value of simi or disi to the variable total depending upon the value of
positive . This process continues until we iterate over all nodes in M . Finally, the algorithm returns
the average value of the collected evidence.

Contribution Computation. We will illustrate the process of computing the contribution values
using the following example.

Example 6.4. Consider the four similarity functions in Example 6.3. Let us assume that that
functions f R

1 and f R
3 are correlated with each other, and functions f R

3 and f R
4 are correlated with

each other.

Computing the positive contribution values for the functions in FR consists of the following
steps:

(1) We identify the correlation among functions and then create a set CFi for each group
of correlated functions. In Example 6.4,CF1 = { f R

1 },CF2 = { f R
2 },CF3 = { f R

3 },CF4 = { f R
4 },
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CF5 = { f R
1 , f

R
3 }, and CF6 = { f R

3 , f
R

4 }. The sets of correlated functions can be overlapping.

For instance, function f R
3 belongs to three different sets of correlated functions.

(2) We apply transitive closure on the sets of correlated functions to merge overlapping sets.
For any two setsCFi andCFj , whereCFi ∩CFj � ∅, we mergeCFj withCFi and eliminate
CFj . This process is iteratively performed until there is no overlapping among the sets
of functions. In Example 6.4, we merge CF5 with CF1 and then eliminate CF5, merge CF3

withCF1 and then eliminateCF3, mergeCF6 withCF1 and then eliminateCF6, and finally
merge CF4 with CF1 and then eliminate CF4.

(3) For each remaining set CFi , we call Algorithm 6 with each non-empty subset in P (CFi ),
where P (CFi ) is the power set of CFi . In Example 6.4, we call the algorithm for CR1 =

{ f R
1 , f

R
3 , f

R
4 } seven times with these parameters: (R

′
, { f R

1 }, true), (R
′
, { f R

3 }, true), (R
′
, { f R

4 },
true), (R

′
, { f R

1 , f
R

3 }, true), (R
′
, { f R

1 , f
R

4 }, true), (R
′
, { f R

3 , f
R

4 }, true), and (R
′
, { f R

1 , f
R

3 , f
R

4 },
true). We denote the output of Algorithm 6 when called with these parameters (R

′
, X ,

true) as Cont (X ).
(4) For each function f R

j ∈ CFi , we first set its positive contribution tR+
j to Cont ({ f R

j }), and

then set the conditional positive contribution value tR+
j |X , for each set X ∈ (P (FR − { f R

j }) −
{}), as follows:
—Case 1: If X ⊂ CFi , then tR+

j |X = Cont (X ∪ { f R
j }) − Cont (X ).

—Case 2: If X � CFi but X ∩CRi � ∅, then tR+
j |X = tR+

j |Y where Y = X ∩CFi .

—Case 3: If X ∩CFi = ∅, then tR+
j |X = tR+

j .

In Example 6.4, FR = { f R
1 , f

R
2 , f

R
3 , f

R
4 } and hence, for f R

1 ∈ CR1, we set its positive contri-

bution tR+
1 to Cont ({ f R

1 }), and then set these conditional contribution values as follows:

—tR+
1 | {2} = tR+

1 (Case 3).

—tR+
1 | {3} = Cont ({ f R

1 , f
R

3 }) − Cont ({ f R
3 }) (Case 1).

—tR+
1 | {4} = Cont ({ f R

1 , f
R

4 }) − Cont ({ f R
4 }) (Case 1).

—tR+
1 | {2,3} = tR+

1 | {3} (Case 2).

—tR+
1 | {2,4} = tR+

1 | {4} (Case 2).

—tR+
1 | {3,4} = Cont ({ f R

1 , f
R

3 , f
R

4 }) − Cont ({ f R
3 , f

R
4 }) (Case 1).

—tR+
1 | {2,3,4} = tR+

1 | {3,4} (Case 2).

6.5 Associating Workflows with Nodes

As explained in Section 5, estimating the resolution cost of a node requires knowing the work-
flow that will be used to resolve that node. One naive strategy of associating a workflow with
a node vi would be to instantly generate a workflow for vi using Algorithm 5. Such a strategy,
however, can be inefficient as ProgressER will have to sort the similarity functions every time it
needs to estimate the resolution cost of a node. Thus, ProgressER follows a more efficient strategy
for associating workflows with nodes. This strategy requires ProgressER to maintain a list of ω
pre-generated workflowsW R

1 ,W
R

2 , . . . ,W
R

ω for each entity-set R ∈ D. Each workflowW R
k

is gen-

erated as described above with the value of θ set to k−1
ω−1 . For example, if ω = 5, then the θ values

that ProgressER uses to generate these ω workflows will be 0, 0.25, 0.5, 0.75, and 1.0, respectively.
Given this strategy, to associate a workflow with a nodevi ∈ V (R), ProgressER simply maps the

node vi to the workflow W R
k

whose θ value, i.e., k−1
ω−1 , is the closest (among all the workflows’ of

R) to the value of P (vi ), where the value k is computed as follows:

k = �[P (vi ) − (1/((ω − 1) ∗ 2))]/(1/(ω − 1))� + 1. (11)
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For example, if ω = 5 and P (vi ) = 0.65, then k = 4, which means that the fourth workflowW R
4

whose θ value is 0.75 will be associated with vi .

6.6 Estimating Resolution Cost

Given a node vi ∈ V (R) and its workflow W R
k

, ProgressER estimates the value of Cr es (vi ) as fol-
lows:

Cr es (vi ) = P (vi ) ∗Cr es+
(
W R

k

)
+ (1 − P (vi )) ∗Cr es−

(
W R

k

)
, (12)

whereCr es+ (W R
k

) (resp.Cr es− (W R
k

)) is the expected cost that should be incurred to resolve a dupli-

cate (resp. distinct) node using the workflowW R
k

. Such values can be easily learned from a training
dataset.

7 TRAINING-BASED RESOLVE FUNCTIONS

As explained in Section 2, a resolve function�R is responsible for determining whether two enti-
ties ri and r j refer to the same real-world object or not. In practice, such a resolve function is often
implemented as a machine-learning classifier such as a Naive Bayes, a Support Vector Machine
(SVM), or a Decision Tree (DTC).

Training a classifier for an entity-set R depends upon whether the set Dep(R) is empty or not.
If Dep(R) = {}, which means that the resolution of R is not influenced by the resolution of any
other entity-sets, then training a classifier for R is a well-known problem and has been studied
extensively in the literature (Bilenko and Mooney 2003; Sarawagi and Bhamidipaty 2002). How-
ever, if Dep(R) � {}, which means that R is the dependent entity-set of some influences ofD, then
training a classifier for R is challenging as it depends on the effectiveness of the resolve functions
of the influencing entity-sets.

To illustrate, consider a publication dataset that has the same characteristics as the one shown
in Table 2. To train a classifier for P , we need to create a feature vector of size five (three similarity
functions and two influences LA→P and LU→P ) for each pair of paper entities in the training dataset,
and annotate that vector with the correct resolution decision, i.e., either duplicate or distinct.
The first three values in the feature vector of a pair 〈pi ,pj 〉 are simply the outputs of applying

the similarity functions f P
1 , f P

2 , and f P
3 on the pair. However, it is not exactly obvious how to

specify the fourth and fifth values in the vector (i.e., the values that correspond to the influences
in Dep(P )).

One approach to this problem would be to assign values to those features based on the correct
resolution decisions of the influencing pairs. For instance, we assign {〈1.0, 0.0〉} to the fifth feature,
which corresponds to the influence LU→P , if the venues of the two papers 〈pi ,pj 〉 are duplicate
or {〈0.0, 1.0〉} otherwise. We refer to this approach as BasicTraining. Such an approach might,
however, lead to wrong resolution decisions during the actual resolution process. The classifier of
P might wrongly classify a pair of paper entities if the resolve function�U cannot determine the
correct decision of the influencing venue pair.

As an example, consider the publication dataset shown in Table 2. Suppose ProgressER first
resolved the venue pair 〈u1,u3〉. Since the venue names of u1 and u3 are spelled very differently,
the output similarity confidence for the venue pair will be low. Now, let us consider resolving the
pair 〈p1,p3〉 next. Suppose that the similarity between the non-reference attribute values of p1 and
p3 is not sufficient to declare them to be duplicate. Since the classifier of P has been trained (using
the BasicTraining approach) with only two similarity confidence values of the venue pairs (i.e.,
either 0 or 1), it will be more likely that the classifier will wrongly assume that the venue pair is
distinct, and hence might return 1 as the dissimilarity confidence value of 〈p1,p3〉, declaring it to
be distinct. This wrong decision might then be propagated to the direct and indirect dependent
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ALGORITHM 7: Training Classifiers.

Iterative-Training(n,D,BCL)
1 CL ← Set[n + 1]

2 CL[0]← BCL
3 for i ← 0 to n − 1 do

4 G ←Create-Graph(D)
5 foreach R ∈ D do

6 foreach vj ∈ V (R) do

7 Apply Similarity Functions FR on vj

8 Apply�R on vj //�R uses CL[i].R
9 H ← H ∪Get-Dependent-Nodes(vj )
10 Propagate-Decisions(G,H ,CL[i])
11 foreach R ∈ D do

12 foreach vj ∈ V (R) do

13 x ←Create-Feature-Vector(vj ,G )
14 FV .R ← FV .R ∪ x
15 CL[i + 1].R ←Build-Classifier(FV .R)
16 return CL[n]

pairs of 〈p1,p3〉, and negatively affect their resolution decisions. For instance, the resolve function
�A might be misled with the wrong decision of 〈p1,p3〉 when it is applied on the dependent pair
〈a1,a3〉. The propagation of many wrong decisions through the graph will deteriorate the quality
of the result.

To alleviate this problem, the resolve function�R should be trained in such a way that makes
it resistant to such misleading behavior. That is, the value of the features that correspond to
the influences in Dep(P ) should be specified based on the expected output of the associated
resolve functions rather than the correct resolution decisions of the influencing pairs. In our ex-
ample above, the fifth value of the feature corresponding to the pair 〈p1,p3〉 should be set based
on the expected output of�U , rather than the correct decision of 〈u1,u3〉.

To address this requirement, we propose an iterative algorithm, referred to as IterativeTraining,
that trains classifiers for the entity-sets of a relational dataset. Algorithm 7 presents a high-level
overview of IterativeTraining. The input to this algorithm is the number of iterations n, a training
datasetD, and a set of classifiers that have been trained using the BasicTraining approach. The set
BCL contains a single classifier for each R ∈ D. The variable CL is an array of n + 1 such sets of
classifiers, where the first set CL[0] contains the input classifiers and each of the remaining sets
corresponds to a particular iteration.

In each iteration, the algorithm uses the classifiers of the previous iteration to resolve the dataset,
and prepares a new set of training feature vectors. Each iteration can be conceptually viewed as
consisting of two phases: resolution phase (Lines 5–10), and training phase (Lines 11–15). In the
resolution phase, the algorithm first resolves each node inG and then adds its dependent nodes to
the set H . Next, it calls the Propagate-Decisions(.) function, which iterates over the nodes in H ,
and for each node vk ∈ V (R) that is not certain, applies the resolve function�R on vk and then
adds its dependents nodes in H to further propagate the decision of that node. To ensure that the
propagation process terminates, that function inserts those dependent nodes into H only ifvk was
resolved to a certain decision, or if the increase in simk or disk due to the last application of the
resolve function on vk exceeds a small constant. This phase is similar to the algorithm proposed
in Dong et al. (2005). Note that the input set of basic classifiers are only needed to determine the
resolution decisions of the nodes in the first iteration.
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In the training phase, the algorithm creates a feature vector for each node vj ∈ G. The value

of each feature depends upon whether the feature corresponds to a function f R
k

or an influence

LS→R . If the feature corresponds to a function f R
k

, then its value is the output of applying f R
k

onvj .
Otherwise, its value is the set of confidence value pairs of all nodes influencingvj via LS→R . (Note
that such confidence pairs are the outputs of the classifier of S that was trained in the previous
iteration). Then, the algorithm adds the newly created vector to the set FV · R. After iterating over
all nodes of R, the algorithm builds a new classifier CL[i + 1] · R for R using the set FV · R.

Finally, the algorithm returns CL[n] which is the set of classifiers that were trained in the last
iteration of the for loop.

We note that this training algorithm is needed only if the resolve functions are implemented as
machine-learning classifiers. Other possible implementations of resolve functions may not require
a training dataset or a training algorithm. We also note that the classifiers generated using this
algorithm can be used as resolve functions not only in our approach but also in several other
relational ER approaches such as those proposed in Dong et al. (2005) and Whang and Garcia-
Molina (2012).

8 EXPERIMENTAL EVALUATION

In this section, we evaluate the performance of ProgressER using publication and synthetic
datasets.

8.1 Experimental Setup

8.1.1 Experimental Environment. Our algorithms were implemented in Java and the experi-
ments were conducted on an Intel Core 2 Quad Processor running at 3.00GHz with 8GB of RAM.

8.1.2 Datasets. We utilized in our experiments two publication datasets called CiteSeerX7 and
MedLine8 and synthetic datasets. The experimental results using these datasets are presented in
Sections 8.2, 8.3, and 8.4, respectively.

8.1.3 Block Instantiation Cost. In our experiments, the publication and synthetic datasets are
initially stored on disk. Each block Ri is stored in a single file that contains the entities of Ri along
with their dependency information, i.e., which entities are dependent upon the entities of Ri via
influence LR→S ∈ Inf (R).9 However, the information of which blocks those dependent entities be-
long to is stored in different files. Thus, the instantiation/loading cost of block Ri can be estimated
as follows:

Cins (Ri ) = C f (Ri ) + |V (Ri ) | ∗ cc +
∑

LR→S ∈ Inf (R )

Cb (S ), (13)

whereC f (Ri ) is the cost of reading the file that contains the block Ri from disk and it is a function
of the number and the size of entities in Ri , cc is the cost of constructing a node for a pair of
entities, and Cb (S ) is the cost of reading the blocking information of the referenced entities of S .

8.1.4 Quality Metric. Since the goal of our approach is to resolve as many duplicate pairs as
possible using the budget BG, we use the pairwise duplicate recall as our quality metric. Duplicate

7http://csxstatic.ist.psu.edu/about/data.
8http://www.ncbi.nlm.nih.gov/pubmed.
9Each entity-set R has as many reference attributes as the number of influences in Inf (R ). The value of a reference attribute

(that corresponds to an influence LR→S ) for entity ri contains the IDs of the entities of S that are dependent upon ri via

LR→S (as presented in Table 2).
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Fig. 6. Duplicate recall for different budget values.

recall is the ratio of the correctly resolved duplicate pairs to the total number of duplicate pairs in
the ground truth. We do not use the duplicate precision (the ratio of the correctly resolved duplicate
pairs to the total number of resolved duplicate pairs) because ProgressER always achieves higher
than 0.99 precision.

8.2 CiteSeerX Dataset Experiments

In this section, we evaluate the efficacy of ProgressER using a real-world publication dataset called
CiteSeerX. We obtained a subset of 30,000 publications from the entire collection, and then ex-
tracted from those publications information regarding Papers (P ), Authors (A), and Venues (U )
according to the following schema: Papers (Title, Abstract, Keywords, Authors, Venue), Authors
(Name, Email, Affiliation, Address, Papers), and Venues (Name, Year, Pages, Papers). The cardinal-
ities of the resultant entity-sets are |P | = 30,000, |A| = 83,152 and |U | = 30,000. (From each Cite-
SeerX publication, we extracted one paper entity, one venue entity, and as many author entities
as the number of authors of the publication.) The CiteSeerX dataset does not come with its own
ground truth; thus, we computed it by simply running the DepGraph algorithm (Dong et al. 2005)
on the obtained dataset.

Each entity-set is divided into a set of blocks. We used two blocking functions to partition entity-
set P into a set of overlapping blocks. The first function partitions the entities based on the first
three characters of their titles, whereas the second function partitions them based on the last three
characters of their titles. Also, we used a blocking function that partitions entity-set A into blocks
based on the first character of the author’s first name appended with the first two characters of
his/her last name. Similarly, we used a blocking function that partitions entity-set U into blocks
based on the first two characters of the venue name appended with the first two digits of the venue
year. The total time needed to divide these three entity-sets into blocks is 76 seconds.

For this dataset, we use the same set of similarity functions given in Table 3 with the addition of
four functions f A

3 , f A
4 , f U

2 , and f U
3 . These four functions are defined on theA.Affiliation,A.Address,

U .Year, and U .Pages, respectively, and use the Edit-Distance algorithm to compute the similarity
between their input values. The resolve function of each entity-set is implemented as a Naive
Bayes classifier.
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8.2.1 Budget vs. Recall. Figure 6 plots the duplicate recall as a function of the resolution cost
budget (measured as the end-to-end execution time) for three ER algorithms. The DepGraph ap-
proach is the reference reconciliation algorithm proposed in Dong et al. (2005). Although this
approach is not progressive, it is one of the few algorithms that resolve entities of multiple differ-
ent types simultaneously without having to divide the resolution based on the entity type. On the
other hand, the Static algorithm is a variant of our approach that differs only in how the Sort-
Blocks(.) function in Algorithm 4 sorts the blocks. In this variant, the order of the blocks is stati-

cally determined at the beginning of the execution as follows. First, we sort the entity-sets based on
their influences according to Whang and Garcia-Molina (2012). For example, if Inf (R) = {LR→T },
Inf (S ) = ∅, and Inf (T ) = {LT→S }, then R’s blocks will appear first in the sorted list of blocks, then
T ’s blocks, and finally S’s blocks. Then, blocks of the same entity-set are sorted in a random fash-
ion. In our implementation of Static, we chose P ’s blocks to appear first in the sorted list of blocks,
then A’s blocks, and finally U ’s blocks.

We note that this experiment does not study the benefit of using the lazy resolution strategy
in resolving nodes. Hence, when resolving a pair of entities, all approaches apply all the cor-
responding similarity functions on that pair even if some of them are sufficient to resolve the
pair.

To plot the curve of ProgressER, we ran it with different resolution budget values (correspond to
the points on the curve). For each budget value, we ran ProgressER 10 times, recorded the achieved
recall of each run, and then took the average recall of the 10 recall values. The curve of Static was
plotted in the same way as we plotted the curve of ProgressER. For the DepGraph approach, we
ran it to completion 10 times, recorded the completion time of each run, and then took the average
completion time of the 10 values. Then, the recall corresponding to any budget value is set to zero
if that budget value is less than the average completion time, or to one otherwise.

The results in Figure 6 show that ProgressER achieves high duplicate recalls using limited bud-
get values. The performance gap between ProgressER and the Static approach demonstrates the
importance of employing a good strategy for selecting which blocks to load into memory next.
The DepGraph approach is not progressive, and thus it reaches the maximum recall only after re-
solving the entire dataset. Note that the two progressive approaches need more time, compared to
the DepGraph algorithm, to reach the maximum recall. This amount of extra time represents the
overhead that these approaches need to incur to perform progressive ER.

8.2.2 Lazy Resolution and Execution Time Phases. This experiment studies the benefit of resolv-
ing the nodes using the lazy resolution strategy with workflows. We compare ProgressER with two
variants of it. The first one, referred to as Full, does not use the lazy resolution strategy. That is,
when resolving a node vi ∈ V (R), it applies all the similarity functions of R on that node and
then calls the resolve function to determine its resolution decision. The second variant, referred
to as Random, uses the lazy resolution strategy but applies the similarity functions on a node in a
random order.

To conduct this experiment, we ran each of the three approaches 10 times with the minimum
budget value (the end-to-end execution time) that is sufficient for the approach to resolve all pairs
in the dataset (i.e., apply the similarity functions on every pair). For each run, we recorded the exact
total execution time along with the breakdown of that time (the times spent on generating plans, on
reading blocks, on creating the graph, and on resolving nodes). Next, we took the average of those
values and reported them in Table 5. For example, we ran ProgressER with BG = 310 seconds 10
times, and found that on average it finishes in 300.33 seconds and that the plan generation process
(Section 5) takes on average 4.76% of the total execution time, whereas the plan execution process
takes on average 95.11% (4.7% for reading blocks from disk, 8.4% for incrementally creating the
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Table 5. Phases of the Execution Time for Three Different Approaches

ProgressER Random Full

Execution time (seconds) 300.33 396.55 542.43
Plan generation 4.76% 3.81% 2.58%
Graph creation 8.40% 6.25% 4.72%
Reading blocks 4.70% 3.75% 2.90%
Node resolution 82.01% 86.17% 89.78%

Table 6. Similarity Functions of Each Curve

f P
1 f P

2 f P
3 f A

1 f A
2 f A

3 f A
4 f U

1 f U
2 f U

3

Set_1 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Set_2 ✓ ✓ ✓ ✓ ✓ ✓
Set_3 ✓ ✓ ✓

graph, and 82.01% for resolving the nodes). The achieved final recall of each approach using the
specified time budget is 1.0.

This experiment demonstrates the following. First, using the lazy resolution strategy with work-
flows can significantly reduce the cost of applying the similarity functions on the nodes. This, in
turn, offers the flexibility for developers to plug in multiple similarity functions of various cost
and contribution values without having to worry about the cost of applying those functions as
ProgressER can systematically resolve the nodes with the least amount of cost. Second, the per-
centage of the plan generation process decreases as the cost of resolving the nodes increases. In
general, modern ER solutions employ more computationally expensive similarity functions, e.g.,
Nuray-Turan et al. (2012), Wang et al. (2012), and hence the overhead of generating resolution
plans in such cases would be less noticeable.

8.2.3 Number of Similarity Functions. This experiment studies the effect of the number of sim-
ilarity functions on the quality and efficiency of ProgressER. Each curve in Figure 7 corresponds
to the performance of ProgressER when provided with a different set of similarity functions. The
entire set of similarity functions and the subsets of those functions that are used with the three
curves are shown in Table 6.

The result of this experiment demonstrates the benefit of resolving nodes using the lazy resolu-
tion strategy with workflows. While Set_1 uses four more functions than Set_2, they both behave
similarly. Those four functions do not cause any significant increase in the execution time because
ProgressER in Set_1 can resolve the nodes with least amount of cost by applying only the neces-
sary functions on them. In fact, Set_2 performs slightly worse than Set_1 because some nodes might
require applying more than the two defined functions to be resolved to a certain decision. Such
uncertain nodes will, however, be eventually resolved to certain decisions when their influencing
nodes are resolved and their decisions are propagated to those uncertain nodes.

This experiment also shows that defining insufficient number of similarity functions might lead
to a drop on the maximum achieved recall; Set_3 could not achieve more than 0.87 recall. Pro-
gressER, however, aims to achieve that maximum recall as quickly as possible. For instance, it
achieves 50% of that maximum recall in almost one fourth of the time needed to reach the maxi-
mum recall.

8.2.4 Correlation among Similarity Functions. This experiment compares ProgressER with its
variant, referred to as BasicGenerator, that differs only in how workflows are generated. This
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Fig. 7. Effect of similarity functions.

Fig. 8. Correlation among similarity functions.

variant assumes that the similarity functions are uncorrelated, and thus does not account for the
conditional contribution values when generating workflows.

In addition to the set of similarity functions explained earlier, we added three more similarity
functions to make a subset of each entity-set’s functions correlated. The new functions f P

4 , f A
5 ,

and f U
4 are defined on the P .Title, the A.Name, and the U .Name attributes, respectively. Function

f P
4 uses the soft TF.IDF measure to compute the similarity between two title values, whereas func-

tions f A
5 and f U

4 use the JaroWinkler distance algorithm to compute the similarity between their

input values. According to the definition of correlated functions, f P
4 is correlated with f P

1 , f A
5 is

correlated with f A
1 , and f U

4 is correlated with f U
1 .

Figure 8 plots the result of this experiment. When resolving nodes, the BasicGenerator approach
prefers to apply similarity functions that are correlated with the functions that have been already
applied on the nodes. The application of such functions does not provide the expected positive
and/or negative contribution, and thus unnecessarily increase the node resolution cost. In con-
trast, by considering the correlation among the similarity functions, ProgressER can delay or even
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avoid the application of such unnecessary functions, which in turn reduces the resolution cost,
and hence, improves the quality of ProgressER.

8.3 MedLine Dataset Experiments

In this section, we study the performance of our IterativeTraining algorithm using the MedLine
dataset, which consists of a collection of publications in the area of bio-medicine and health. This
dataset does not contain duplicate publications and hence we constructed the testing dataset as
follows:

(1) We obtained a set of 10,000 publications from the entire dataset. Each publications consists
of several attributes that contain information about its title, abstract, keywords, authors,
venue, and so on. In this set, the same venue or author entity can be shared among multiple
publications.

(2) We generated d duplicate entities for each publication such that the average number of
duplicate entities of a publication is three and the value d forms a zipfian distribution with
an exponent of 0.2.

(3) We used a data generator similar to the one used in Hassanzadeh et al. (2009) to inject
various types and percentages of errors in the publication attribute values.

(4) We extracted from the publications information regarding Papers (P ), Authors (A), and
Venues (U ) according to the following schema: Papers (Title, Abstract, Keywords, Authors,
Venue), Authors (Name, Papers), and Venues (Name, Year, Papers). The cardinalities of
these entity-sets in this testing dataset are |P | = 30,000, |A| = 52,266 and |U | = 369.

(5) We performed blocking on the entity-sets as follows. We used two blocking functions to
partition entity-set P into overlapping blocks. The first function partitions the entities
based on the first two characters of their titles, whereas the second function partitions
them based on the last two characters of their titles. Similarly, we used two blocking func-
tions to partition entity-set A into overlapping blocks. The first function partitions the
entities based on the first two characters of their first names, whereas the second function
partitions them based on the first two characters of their last names. For entity-setU , we
partitioned its entities based on the first two characters of their venue names. The total
time needed to divide the entity-sets of the testing dataset into blocks is 56 seconds.

The training dataset was constructed using exactly the same steps above. The number of pub-
lications chosen in the first step is 10,000 and the cardinalities of the entity-sets are |P | = 30,000,
|A| = 50,334 and |U | = 432.

We note that we used this MedLine dataset because evaluating the efficacy of our IterativeTrain-

ing algorithm requires knowing the ground truth of the input testing dataset, which is not available
for the CiteSeerX dataset.

For the similarity functions, we use the same set of functions given in Table 3 except for f A
2

and with the addition of one function f U
2 that is defined on the Year attribute and uses the Edit-

Distance algorithm to compute the similarity between two year values. The resolve function of
each entity-set is implemented as a Naive Bayes classifier.

8.3.1 Number of Iterations. To study the effectiveness of our IterativeTraining algorithm, we
conducted an experiment in which we ran ProgressER to completion on the testing dataset five
times. The maximum recall values of the three entity-sets of each run are shown in Table 7.
In each run, we used a different set of classifiers as the resolve functions. This set of classifiers
was obtained by running the IterativeTraining algorithm using the training dataset with the
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Table 7. Effects of Number of Training Iterations

Number of iterations (the value n in Algorithm 7)

Entity-set 0 1 2 3 4

P 0.96 0.97 0.99 1.0 1.0

A 0.97 0.99 1.0 1.0 1.0

U 0.97 0.99 1.0 1.0 1.0

Table 8. Size of the Training Datasets

MT-1 MT-4 MT-7 MT-10 MT*-1 MT*-4 MT*-7 MT*-10

Number of
publications

1,000 4,000 7,000 10,000 1,000 4,000 7,000 10,000

|P | 3,000 12,000 21,000 30,000 3,000 12,000 21,000 30,000
|A| 6,312 21,612 34,632 50,334 8,508 35,094 62,184 86,817
|U | 90 177 261 432 3,000 12,000 21,000 30,000

corresponding n value. Note that the classifiers used when n = 0 are the ones generated by the
BasicTraining algorithm.

The results show that the recall values increase as we increase the number of iterations and
that we needed only three training iterations to reach the maximum recall. In comparison with
BasicTraining, our training algorithm has improved the recall values for the three entity-sets P ,
A, and U by 4%, 3%, and 3%, respectively, demonstrating the need for using a more sophisticated
training algorithm to train the resolve functions in relational ER.

8.3.2 Size and Characteristics of the Training Dataset. In this section, we study the impact of
the size and characteristics of the training dataset on the final recall values of the testing dataset.
To this end, we ran the same experiment performed in the previous section eight times; each
using a different training dataset. These eight datasets were constructed using the same steps of
constructing the testing dataset but with some minor modifications in the first step of that process
as we will see next. Table 8 shows the number of publications chosen in the first step for those
datasets and the cardinalities of the three entity-sets in each of them.

These datasets can be divided according to their sizes and characteristics into two groups. The
first group consists of four datasets MT-1, MT-4, MT-7, and MT-10. These datasets differ from each
other in size and were constructed in a way that makes them representative of the testing dataset.
In other words, each dataset MT-x was constructed using exactly the same steps of constructing
the testing dataset except that the number of publications chosen in the first step is x ∗ 1,000.

The second group consists of four datasets MT∗-1, MT∗-4, MT∗-7, and MT∗-10. Similarly, these
datasets differ from each other in size; the number of publications chosen in the first step for each
dataset MT∗-x is x ∗ 1,000. However, they were constructed in a way that makes their character-
istics different from those of the testing dataset. This was achieved by choosing, in the first step,
a set of publications that do not share any venue or author entities, minimizing the connectivity
among the nodes in the resulting graph. Such a modification in the construction process causes
the four datasets to be unrepresentative of the testing dataset.

Table 9 shows the results of these experiments. For each training dataset, the table shows the
maximum recall achieved for each entity-set in the testing dataset and the number of iterations
that IterativeTraining needed to produce the resolve functions that achieve those recall values. For
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Table 9. Effects of the Size and Characteristic of the Training Datasets

MT-1 MT-4 MT-7 MT-10 MT*-1 MT*-4 MT*-7 MT*-10

Entity-set P 0.99 1.0 1.0 1.0 0.97 0.97 0.97 0.97
Entity-set A 0.99 1.0 1.0 1.0 0.98 0.98 0.98 0.99
Entity-set U 1.0 1.0 1.0 1.0 0.97 0.98 0.98 0.98
Number of
iterations

3 3 3 3 2 3 3 3

Table 10. Parameters of Synthetic Datasets

Parameter Description Value

n Number of entity-sets 4
s Cardinality of each entity-set 20,000
b Number of blocks per entity-set 100
d Fraction of duplicate pairs 0.2
z Zipfian distribution exponent 0.15
l Probability of generating an influence 0.3
k Average number of dependent nodes 2

example, when using MT∗-1, the maximum recalls for entity-sets P , A, and U are 0.97, 0.98, and
0.97, respectively. Those recalls were achieved by the resolve functions produced after running
IterativeTraining using two iterations. Increasing the number of iterations further for that dataset
did not cause the recall values to improve.

The results of these experiments demonstrate the following. First, ProgressER can achieve high
recall values for a given input dataset only if the resolve functions are trained using a dataset that
is representative of that input dataset. Second, the size of the training dataset has a lower impact
on the results. In general, increasing the training dataset size adds more diversity to the training
resolution instances and decreases the chance of overfitting; thus, improving the performance of
the resolve functions. Third, training resolve functions with unnecessary additional representative
instances does not cause the resolve functions to perform worse. The recall values remain perfect
even after we increased the dataset size from MT-4 to MT-7 and then to MT-10.

In conclusion, the representativity of the training dataset has a higher impact on our spe-
cific resolution model than the size of that dataset. The resolve functions trained using the
smallest-but-representative dataset (i.e., MT-1) outperformed those trained using the largest-but-
unrepresentative dataset (i.e., MT∗-10).

8.4 Synthetic Dataset Experiments

In order to evaluate ProgressER in a wider range of various scenarios, we built a synthetic dataset
generator that allows us to generate datasets with different characteristics. The parameters that
this generator takes as input along with their default values are shown in Table 10. We will explain
below those parameters, and then discuss the effects of varying some of them on the efficacy of
ProgressER and the DepGraph and the Static approaches that we described in Experiment 8.2.1.

In each synthetic dataset, we generate n entity-sets, each contains s entities. The s entities of
each entity-set are divided evenly into b non-overlapping blocks. The parameter d is the fraction
of duplicate pairs in each entity-set, and it is computed as the number of duplicate pairs divided
by the total number of pairs after applying blocking. The duplicate pairs of an entity-set are dis-
tributed across the blocks of that entity-set using a zipfian distribution with an exponent of z. The
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parameter l ∈ [0, 1] determines the number of influences in the dataset. For each two entity-sets
R and S , there is an influence from entity-set R to entity-set S with probability l . Thus, the higher
the value of l is, the higher the number of influences in the dataset will be. Finally, the parameter
k represents the average number of direct dependent nodes that each nodevi ∈ V (R) can have via
each influence LR→S ∈ Inf (R). We require the direct dependent nodes of a duplicate node to be
also duplicate, and the direct dependent nodes of a distinct node to be also distinct.

Each entity-set R has one non-reference twenty-five character long string attribute, and is as-
sociated with a single similarity function that is defined on that attribute. This function uses
the Edit-Distance algorithm to compute the similarity between the values of that attribute. The
resolve function of each entity-set employs a simple decision-making process; it returns 1 as
the similarity (dissimilarity) confidence of a pair only if the associated similarity function has
been applied on the pair and indicated that the two values of the string attribute are similar
(distinct).

8.4.1 Duplicate Distribution. In this experiment, we study the performance of various ER al-
gorithms when varying the value of the zipfian distribution exponent z while fixing the other
parameters to their default values. When z = 0, all blocks have the same effect on the duplicate re-
call because the duplicate pairs are uniformly distributed across all blocks of the dataset. However,
in the cases where the duplicate pairs are not uniformly distributed, resolving the blocks with high
duplicate percentage will have higher influence on the duplicate recall than resolving those with
low duplicate percentage. Hence, the higher the value of z is, the smaller the number of blocks
that have the highest influence on the duplicate recall.

In Figure 9, we vary the value of z from 0 to 0.3. As anticipated, the higher the value of z is, the
better ProgressER performs compared to the other algorithms. This experiment demonstrates the
following. First, ProgressER can adapt itself to datasets with various duplicate distributions and
therefore quickly identify and resolve the blocks with high duplicate percentage values. Second,
ProgressER is more effective when the duplicate pairs are not uniformly distributed across the
blocks, which is almost always the case in real-world datasets. Third, ProgressER performs well
even when the resolution cost is relatively cheap; it involves applying a single similarity function
on two 25-character-long string values.

8.4.2 Number of Influences. In this experiment, we study the effects of the number of influences
on the performance of various ER approaches.

In Figure 10, we vary the value of l from 0 to 0.6. As expected, when l = 0, ProgressER behaves
very similarly to the Static approach because there exists no influences that ProgressER can utilize
to identify which blocks to load and which nodes to resolve next. In fact, the Static approach
performs slightly better than ProgressER because it does not need to compute the usefulness values
of the blocks and then sort them in each window. However, as the value of l increases, ProgressER
starts to perform better than the Static approach because the number of influences increases and
that therefore implies that declaring a node to be duplicate can guide us toward findings more
duplicate nodes in the dataset.

On the other hand, the increase in the number of influences introduces a little overhead in
performing the benefit-vs-cost analysis in the two progressive approaches (as more influences
are involved when computing the probability and impact values) and in loading the blocks into
memory in the three approaches. This, therefore, causes the approaches to run a little slower.

This experiment also emphasizes the importance of employing a proper block selection strategy
because even when l is 0.6, the Static approach can achieve only around 0.77 recall with the same
amount of time that the DepGraph algorithm needs to resolve the entire dataset.
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Fig. 9. Effects of zipfian distribution exponent value.

9 RELATED WORK

ER is a well-known data quality problem that has received significant attention in the literature
over the past few decades (Yakout et al. 2010a; Benjelloun et al. 2009; Whang and Garcia-Molina
2012; Chen et al. 2009). A thorough overview of the existing work in this area can be found in
Elmagarmid et al. (2007), Köpcke and Rahm (2010), Doan et al. (2012), and Getoor and Machanava-
jjhala (2012). We review below the related work in different aspects of the ER problem.

Progressive entity resolution. The most related work to our proposed approach is those of Whang
et al. (2013b) and Papenbrock et al. (2015). In Whang et al. (2013b), the authors propose several con-
crete ways of constructing hints that can be utilized by a variety of ER algorithms to progressively
resolve blocks. Moreover, Papenbrock et al. (2015) proposes two progressive hint-based ER ap-
proaches that are based on the SN algorithm (Hernández and Stolfo 1995). The first approach is
built on the top of the SN ’s hint proposed in Whang et al. (2013b), whereas the second one first
partitions the sorted dataset into disjoint equal-size windows, resolves all entities in each window,
and then dynamically/iteratively extends the windows that contain a high number of identified
duplicate pairs.

As stated in Section 1, the key difference of our work from Whang et al. (2013b) and
Papenbrock et al. (2015) is that we study the problem in the case of relational ER, whereas Whang
et al. (2013b) and Papenbrock et al. (2015) do not. In fact, this difference raises an interesting ques-
tion. To resolve a relational datasetD using a limited budget, should we use ProgressER, or should
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Fig. 10. Effects of the number of influences.

we resolve each entity-set in isolation using a single entity-set hint-based progressive ER algo-
rithm (that does not exploit the relationships in D)? ProgressER is intended for situations where
exploiting those relationships is important for resolving D. If those relationships are not impor-
tant (i.e., the similarity between the attribute values is sufficient to achieve high-quality results),
then using ProgressER may not provide any significant advantage over Whang et al. (2013b) and
Papenbrock et al. (2015). A full characterization of under what circumstances one should choose
which approach is an interesting direction of future work.

Finally, Altowim and Mehrotra (2017) propose a parallel progressive approach to ER using
MapReduce. That approach first divides the input datasets into a set of (possibly overlapping)
blocks, gathers some statistics about the generated blocks, and then distributes the blocks among
the available machines in a way that maximizes the overall rate of duplicate detection. The ap-
proach is capable of dealing with severe skewness in block sizes and resolves each pair of entities
that exists in multiple blocks only once (as opposed to resolving it redundantly in each of those
blocks).

Relational ER. The problem of relational ER (also referred to as collective ER or joint ER) has
been previously studied in the literature. The authors in Domingos (2004) and Culotta and McCal-
lum (2005) propose probabilistic models that use Conditional Random Fields (CRF) to capture the
dependencies among different entity-sets. In Dong et al. (2005), the algorithm performs the res-
olution process on different entity-sets simultaneously. The relationships among entity-sets are
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leveraged to propagate the similarity increases of some pair to its dependent pairs. Moreover, the
authors in Whang and Garcia-Molina (2012) propose a joint ER framework for resolving multiple
datasets in parallel using custom ER algorithms. That proposed framework is not designed to be
progressive. Thus, the order in which the datasets are resolved is determined at the beginning of
the joint ER algorithm. Our solution, however, dynamically specifies the order in which the blocks
are resolved based on the estimated number of duplicate pairs in those blocks.

Training-based resolve functions. Several approaches have addressed the problem of training re-
solve functions. Reference (Bilenko and Mooney 2003) shows how a SVM classifier can be trained
and used as a resolve function. In addition, the authors in Sarawagi and Bhamidipaty (2002) pro-
pose an interactive active learning algorithm for constructing an effective, yet concise, set of train-
ing instances that are needed to train resolve functions. In contrast to our IterativeTraining algo-
rithm, these techniques do not consider the case where the resolve function depends on the out-
comes of other resolve functions as in the case of relational ER. The authors in Whang and Garcia-
Molina (2012) address this problem but they use multiple different resolve functions for the same
entity-set. The choice of which function to use when resolving an entity-set is determined based
on the state of the resolution process, i.e., based on which entity-sets have been resolved so far.
That training algorithm cannot be adopted in our case since ProgressER resolves nodes of different
entity-sets at the same time.

New ER approaches. In addition to progressive ER, several new approaches, such as incremental
ER and analysis-aware ER, have been recently proposed in the literature. For instance, incremental
ER such as Whang and Garcia-Molina (2014) and Gruenheid et al. (2014) addresses the problem
of maintaining an up-to-date ER result when data updates arrive quickly. Instead of recomputing
the ER result each time from scratch, such approaches leverage the previous result to efficiently
compute the updated one.

Furthermore, analysis-aware approaches such as Bhattacharya and Getoor (2007b) and Wang
et al. (2014) aim to exploit the knowledge of the analysis task to reduce the amount of cleaning
required. For instance, the approach in Bhattacharya and Getoor (2007b) answers mention match-
ing queries (e.g., retrieve all papers written by author “J. Smith”) collectively using a two-phase
algorithm. It first retrieves the related records for a query using two expansion operators and then
answers the query by only considering the extracted records. In addition, Wang et al. (2014) uses
a sampling-based technique to answer aggregate queries on top of a dirty dataset. Their idea is
to first apply ER on a relatively small sample of the dataset and then use the resolution result to
approximately answer queries.

Contributions of this article over its Conference Version. This article is based on our initial work
(Altowim et al. 2014) that appeared in VLDB 2014. Due to the space constraint of VLDB, the prelim-
inary version did not include all of our contributions. In this article, we present a more complete
and comprehensive coverage of the materials. More precisely, the new contributions of this article
are as follows:

—We present a technique for dealing with correlation among similarity functions when gen-
erating workflows for resolving nodes (Section 6.3). In our conference version (Altowim
et al. 2014), we simplified the workflow generation process by assuming that the similarity
functions (and the attributes on which those functions are defined) are uncorrelated with
each other.

—We propose an algorithm that learns the contribution values of similarity functions from a
training dataset (Section 6.4). In Altowim et al. (2014), we only defined the concept of the
contributions of similarity functions and showed how the cost and contribution values of
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those functions can be used to generate workflows. The contribution values used in the
experiments of Altowim et al. (2014) were derived using the learning algorithm that we
present in this article. Due to the space constraint of VLDB, we could not add that algorithm
in the conference version.

—We propose an iterative algorithm, referred to as IterativeTraining, for training the resolve
functions of entity-sets in relational ER (Section 7). Similarly, the resolve functions used in
the experiments of Altowim et al. (2014) were trained using this iterative algorithm.

—We describe how ProgressER can be extended to support the case where the blocks of an
entity-set are overlapping (Appendix A.1). Note that our experiments on the publication
dataset in Altowim et al. (2014) use overlapping blocks and were conducted using this ex-
tended version of the approach.

—We conduct more empirical study of different aspects of our solution. Specifically, we have
added an experiment (Section 8.2.3) that studies the effect of the number of similarity func-
tions on the performance of ProgressER, an experiment (Section 8.2.4) that shows the benefit
of considering the correlation among similarity functions when generating workflows, and
two experiments (Sections 8.3.1 and 8.3.2) that study the effectiveness of our IterativeTrain-

ing algorithm.

10 CONCLUSIONS

In this article, we have proposed a progressive approach to relational ER, named ProgressER,
wherein the input dataset is resolved using only a limited budget with the aim of maximizing the
quality of the result. ProgressER follows an adaptive strategy that periodically monitors the resolu-
tion progress to determine which parts of the dataset should be resolved next and how they should
be resolved. We showed empirically, using real-world and synthetic datasets, that ProgressER can
quickly identify and resolve the duplicate pairs in the dataset and can thus generate high-quality
results using limited amounts of resolution cost.

APPENDIX

A.1 Supporting Overlapping Blocks

In order to support overlapping blocks, the process of computing the instantiation cost and
usefulness values of uninstantiated blocks and the probability values of nodes needs to mod-
ified. To illustrate, consider two blocks R1 and R2 of entity-set R where R1 = {r1, r2, r3, r4} and
R2 = {r1, r2, r3, r4, r5, r6}. The total number of nodes that can be created for the entities of R1 and R2

are 4×3
2 = 6, and 6×5

2 = 15, respectively. Let us assume that R1 has been already instantiated, mean-
ing that the six nodes of R1 have already been created. Since the four entities of R1 already exist in
R2, then the six nodes of R1 overlap with the fifteen nodes of R2. Thus, the uninstantiated block R2

has six nodes that have already been instantiated. In general, an uninstantiated block might have
instantiated nodes, which are the nodes that also belong to other already instantiated blocks. Let
us denote the set of uninstantiated nodes of an uninstantiated block Ri as V u (Ri ). Thus, the set
V u (R2) consists of only nine nodes.

Instantiation cost and usefulness of blocks. Knowing the exact number of the instantiated nodes
of an uninstantiated block would affect the computation of the instantiation cost and usefulness
of that block as follows:

—The instantiation cost Cins (Ri ) of a block Ri would involve creating only the uninstanti-
ated nodes of Ri . Recall that the instantiation cost Cins (Ri ) typically consists of the cost
of reading the block Ri plus the cost of creating nodes for the pairs of entities of Ri .
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Although knowing the exact number of uninstantiated nodes of Ri affects the cost of cre-
ating the nodes (in the example above, only nine nodes, instead of fifteen, need to created
when instantiating R2), it does not affect the cost of reading Ri as the entire block needs to
be read.

We have stated in Section 5.1 that the Update-Inst-Cost(.) function in Algorithm 3 com-
putes the instantiation cost of every block in UB at the beginning of the first window and
that it does not need to update these cost values in any subsequent window. In the case
of overlapping blocks, this function does need to update these cost values in subsequent
windows. However, it does not need to do so for all uninstantiated blocks at the beginning
of each subsequent window. That is, the instantiation cost of block Ri is updated in a sub-
sequent window only if its number of instantiated nodes has increased since the previous
window, i.e., at least one of the instantiated blocks in the previous window had overlapping
uninstantiated nodes with Ri before it was instantiated. Instantiating these overlapping
nodes in the previous window will cause the instantiation cost of Ri to be lower as the
number of uninstantiated nodes of Ri that need to be created becomes smaller.

—The usefulness valueU (Ri ) of a block Ri should be computed based only on the uninstan-
tiated nodes of that block. That is, the benefit of resolving the already instantiated nodes
of Ri should not be considered when computing the value of U (Ri ). Thus, the modified
equation for computingU (Ri ) will be

U (Ri ) =

∑
vj ∈V u (Ri ) Benefit (vj )

Cins (Ri ) +
∑

vj ∈V u (Ri ) Cr es (vj )
. (14)

Probability of nodes. Since a node vi can belong to different blocks, the probability value P (vi )
(as computed in Section 4.1.1) should now be dependent upon the percentage of duplicate nodes
in each of those blocks. That is, the set of causes X

i may now contain more than one block.
In addition to the above modification, the single probability value that the Compute-Single-

Prob-And-Cost(.) function in Algorithm 3 assigns to all unaffected uninstantiated nodes of each
uninstantiated block Ri will not be always the leak value δ . This is because, if the number of in-
stantiated resolved nodes of Ri constitutes at least α percent of the number of nodes in Ri , that

single probability value will be set to
|V + (Ri ) |
|V ∗ (Ri ) | (recall that the set of present causes of any unaffected

uninstantiated node cannot contain any influencing duplicate node according to the definition of
the unaffected nodes). However, assigning the same single probability for all unaffected uninstan-
tiated nodes of Ri means that we consider Ri as the only cause of each unaffected uninstantiated
node vj ∈ V (Ri ), which is not always the case. This is because the node vj ∈ Ri might belong to
other uninstantiated blocks, which indicates that these blocks should also be causes of vi .

ProgressER, however, does not account for these blocks as causes ofvj for several reasons. First,
it is very rare that these uninstantiated blocks can be present causes of the node vj . Second, com-
puting a probability and a cost value for each individual uninstantiated node can be very inefficient
in terms of both space and time requirements, as the set of unaffected uninstantiated nodes usu-
ally constitutes a large portion of the nodes inG at most stages of the execution. Third, computing
a different probability value for each unaffected uninstantiated node of Ri requires knowing all
the entities of Ri (to compute a probability for each possible pair/node) and in which other blocks
those entities reside (to consider those blocks as other causes). In ProgressER, such information
is only available for few referenced entities, as described in the process of block instantiation in
Section 3.
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A.2 Parameter Learning

In this section, we discuss how to learn and set the main parameters of ProgressER.

—The cost value cR
i : The initial value of cR

i can be specified by a domain analyst or learned
from a training or previously resolved dataset as the average execution time of applying the
function f R

i on a pair of entities r j and rk . In any case, cR
i can then be continuously adjusted

as ProgressER proceeds forward.
—The positive (resp. negative) contribution value tR+

i (resp. tR−
i ): Section 6.4 presents an al-

gorithm that learns the contribution values of similarity functions from a training dataset.
—The probability value PS→R : This value can be estimated from a training or previously

resolved dataset. In our implementation, we used a heuristic that sets this value as follows:

PS→R =

∑
vi ∈V + (S )

ϑi

μi

|V + (S ) | , (15)

whereV + (S ) is the set of duplicate nodes of entity-set S , ϑi is the number of duplicate nodes
of R that are directly influenced by vi via LS→R , and μi is the number of nodes of R that are
directly influenced by vi via LS→R .

—The leak value δ : Similarly, this value can be set by a domain analyst or learned from a
training or previously resolved dataset. In our implementation, the leak value δ of entity-
set R is set to the total number of duplicate pairs of R in that dataset divided by the total
number of pairs of R.

—The threshold α described in Section 4.1: This threshold represents the minimum fraction
of nodes of a block that need to be resolved before we can consider that block as a present
cause when estimating the probability value of any node in that block. We used this thresh-
old to minimize the chance of having a biased probability estimation since relying on the
resolution decisions of only few nodes from a block might not be a good indicator of the per-
centage of duplicate pairs in the block. Intuitively, the value α of a block should be set based
on the block size. The larger the block is, the smaller α should be. In our implementation,
we used a heuristic that sets the value α of a block Ri to be = 2 × |Ri |2/|R |.

—The fan-out degree deдree (LR→S ): This value depends on the characteristics of the dataset
rather than on the ground truth of the dataset or the expected output of the similarity
and resolve functions. Hence, its initial value can be learned from another similar dataset
(that does not have to be resolved) or can be set by a domain expert. For instance, in the
publication domain, the expert can easily determine that a pair of paper entities influences
at most one pair of venue entities. (Note that an edge is created between these two pairs of
entities only if the two entities of each pair share at least one block.) In any case, this initial
value can be continuously adjusted as ProgressER proceeds forward.

—The number of pre-generated workflowsω: Setting this value should depend upon the num-
ber of similarity functions and the difference between the positive and negative contribution
values of each of those functions. The higher the number of functions and the difference
between their positive and negative contribution values are, the higher the value ω should
be. In general, we should keep increasingω as long as the generated workflows are different
from each other.

It is important to note that the processes of generating thoseω workflows and associating
a workflow with a node can be done efficiently even if ω is large. Generating those work-
flows are performed offline, whereas associating workflows with nodes is performed using
a simple calculation (Equation (11)).
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—The values Cr es+ (W R
k

) and Cr es− (W R
k

): The value Cr es+ (W R
k

) (resp. Cr es− (W R
k

)) represents
the average execution time of resolving a duplicate (resp. distinct) node using the workflow
W R

k
. Similarly, the initial values ofCr es+ (W R

k
) andCr es− (W R

k
) can be learned from a training

or previously resolved dataset, and can then continuously adjusted as ProgressER proceeds
forward.

—The duration of the plan executionW : This parameter provides a tradeoff between the qual-
ity of the individual generated plans and the amount of overhead that our approach needs
to incur. Using a small value forW can improve the quality of the generated plans. However,
it increases the number of windows, which in turn increases the amount of required-but-
unuseful tasks (i.e., updating the cost and benefit values, and generating resolution plans)
that our approach needs to perform. In our implementation, we specify the value ofW us-
ing a piecewise function of the total budget BG. For instance, we set W to BG/x1 seconds
if lower1 < BG ≤ upper1, to BG/x2 seconds if lower2 < BG ≤ upper2, and so on. We deter-
mined the intervals and the subfunction of each interval after experimentally examined
several options for them.

It is important to note that learning the parameters of our approach does not necessarily require
an accurately labeled training dataset. This is because the values of those parameters depend upon
the characteristics of the dataset and the provided similarity and resolve functions rather than on
the ground truth of the dataset. For instance, to learn the contribution value of a similarity function
f R
i , we need to measure the expected output of the corresponding resolve function�R regardless

of whether that output is correct w.r.t. the ground truth or not.
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