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Abstract—This paper addresses the problem of query-aware data cleaning in the context of a user query. In particular, we develop a

novel Query-Driven Approach (QDA) that systematically exploits the semantics of the predicates in SQL-like selection queries to reduce

the data cleaning overhead. The objective of QDA is to issue the minimum number of cleaning steps that are necessary to answer a

given SQL-like selection correctly. The comprehensive empirical evaluation of QDA demonstrates outstanding results—that is QDA is

significantly better compared to traditional ER techniques, especially when the query is very selective.
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1 INTRODUCTION

THIS paper addresses the problem of query-aware data
cleaning, wherein the needs of the query dictates which

parts of the data should be cleaned. Query-aware cleaning
is emerging as a new paradigm for data cleaning to support
today’s increasing demand for (near) real-time analytical
applications. Modern enterprises have access to potentially
limitless data sources, e.g., web data repositories, social
media posts, clickstream data, etc. Analysts usually wish to
integrate one or more such data sources (possibly with their
own data) to perform joint analysis and decision making.
As a result of merging data from different sources, a given
real-world object may often have multiple representations,
resulting in data quality challenges. In this paper, we focus
on the Entity Resolution (ER) challenge [16], [19], [29].

Traditionally, entity resolution is performed in the con-
text of data warehousing as an offline preprocessing step
prior to making data available to analysis—an approach
that works well under standard settings. Such an offline
strategy, however, is not viable in emerging applications
that need to analyze only small portions of the entire dataset
and produce answers in (near) real-time [8], [23].

A query-driven approach is motivated by several key
perspectives. First, the need for (near) real-time analysis
requires modern applications to execute up-to-the-minute
analytical tasks, making it impossible for those applications
to use time-consuming standard back-end cleaning technol-
ogies. Second, in the case of data analysis scenario (e.g.,
queries on online data), where a data analyst may discover
and analyze data as part of a single integrated step, the

system will know “what to clean” only at query time (while
the analyst is waiting to analyze the data). Last, a scenario
wherein a small organization possesses a very large dataset,
but needs to analyze only small portions of it to answer
some analytical queries quickly. In such a case, it would be
counterproductive for that organization to spend their lim-
ited computational resources on cleaning all the data, espe-
cially given that most of it is going to be unnecessary.

Recent work on query-aware ER have been proposed in
the literature [7], [31], [32]. While such solutions address
query-aware ER, they are limited to mention-matching
and/or numerical aggregation queries executed on top of
dirty data. Data analysis, however, often requires a different
type of queries requiring SQL-style selections. For instance, a
user interested in only well-cited (e.g., with citation count
above 45) papers written by “Alon Halevy”. In contrast to
our work, the previous approaches cannot exploit the
semantics of such a selection predicate to reduce cleaning.

To address these new cleaning challenges we proposed a
Query-Driven Approach (QDA) to data cleaning [2]. QDA is an
entirely new complementary paradigm for improving the
efficiency: it is different from blocking [19], [24], [28] and is
typically much more effective in conjunction with blocking.
Given a block B, and an arbitrary complex selection predi-
cate P , QDA analyzes which entity pairs do not need to be
resolved to identify all entities in B that satisfy P . It does so
by modeling entities in B as a graph and resolving edges
(potentially) belonging to cliques that may change the query
answer. QDA computes answers that are equivalent to those
obtained by first using a regular cleaning algorithm, and
then querying on top of the cleaned data. However, in
many cases QDA computes such answers much more effi-
ciently. A key concept driving QDA is that of vestigiality. A
cleaning step (i.e., call to resolve) is vestigial (i.e., unneces-
sary) if QDA can guarantee that it can still compute a correct
final answer without knowing the outcome of this resolve.

This paper extends significantly our previous work [2] in
several directions. First, while previously we introduced the
concept of vestigiality for a large class of SQL selection
queries and developed techniques to identify vestigial clean-
ing steps; in this paper, we formally develop the concept of
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vestigiality. In particular, we (i) differentiate vestigiality
from minimality and (ii) provide a theoretical study of the
conditions under which vestigiality can be tested using cli-
ques. Second, we significantly extend the discussion on the
concept of triples (a triple ðp;�; a‘Þ contains three compo-
nents: a predicate p, a combine function �, an attribute a‘ in
which � is defined over) by providing formal lemmas and
proofs for the general case where we combine two (or more)
triples. Third, we demonstrate that QDA is generic and can
work with different types of clustering algorithms. Specifi-
cally, we explore how the eagerness of the chosen clustering
algorithm affects the computational efficiency of QDA. In our
initial work [2], we developed QDA to workwith eager cluster-
ing techniques (viz., those techniques that make their merg-
ing decisions as soon as the resolve function returns a
positive decision [6], [12]). In this paper, we generalize QDA to
work with lazy clustering techniques (viz., those techniques
that tend to delay their merging decisions until a final clus-
tering step [5]). Note that such a generalization requires a sig-
nificant different QDA approach compared to the one we
previously proposed [2]. Fourth, we develop new ideas that
optimize the processing of equality and range queries.
Finally, we present a more comprehensive experimental
evaluation by providing experiments for the new lazy
approach and by using another real-world world dataset
(from a different domain) to test our solutions.

2 RELATED WORK

Entity resolution is a well-recognized data quality problem
and has received considerable attention in the literature. A
survey by Elmagarmid et al. [14] presents a thorough over-
view of the existing work in ER. We classify ER techniques
into:

Traditional ER. A typical ER cycle consists of several
phases of data transformations that include: blocking, simi-
larity computation, clustering, and merging [21], which can be
intermixed. The first phase is blocking which is a divide and
conquer approach used for improving ER efficiency [19].
Often blocking partitions records into buckets [24] or cano-
pies [28]. After that, in the similarity computation phase, the
ER framework uses a resolve/similarity function to compute
the similarity between the different real-world entities. Tra-
ditional methods analyze the similarity of entities to
determine if they co-refer [16], [19], [29]. Recently new
approaches exploit new information sources such as analyz-
ing context [4], [10], [35], exploiting relationships between
entities [25], domain/integrity constraints [15], behaviors of
entities [34], and external knowledge bases such as ontolo-
gies and web search engines [13], [26], [30]. The next ER
phase is clustering where matching records are grouped
together into clusters [5], [6], [12], [18]. Finally, the merging
phase combines elements of each cluster into a single record.

Query-Aware ER. Recent work on query-aware ER have
been proposed in the literature [3], [7], [31], [32] of which
methods of Altwaijry et al. [3] and Wang et al. [32] are the
most related to our work. The QuERy approach of Altwaijry
et al. [3] aims to efficiently and accurately answer join
queries issued on top of multiple dirty relations. It works as

follows: given sets of blocks BR;BS; . . . and a complex join
predicate P , QuERy analyzes which block pairs do join and

hence, need to be cleaned. It only dictates when a block
should be cleaned and is agnostic to how the block is actu-
ally cleaned. As a result, QuERy operates at macro (block)
level: should a block be cleaned or not. In contrast, QDA aims
to reduce the number of cleaning steps that are necessary to
exactly answer selection queries spanning a single dirty rela-
tion. In particular, it proposes algorithms for cleaning enti-
ties within a block. It operates at micro (entity pair) level:
should an entity pair inside a block be resolved or not. Note
that, in theory, QuERy could leverage QDA to be even more
efficient by exploiting vestigiality analysis from the latter at
the block level to reduce the number of entity pairs that are
resolved within a block.

The SampleClean approach of Wang et al. [32] is
designed to answer aggregate numerical queries over large
datasets that cannot be fully cleaned. It focuses on cleaning
only a sample of data and utilizing that sample to provide
approximate answers to aggregate queries. It does not prune
cleaning steps due to query predicates. Yet, QDA deals with
exact answers to selection queries based on cleaning only the
necessary parts of data needed to answer the query.

3 NOTATION AND PROBLEM DEFINITION

In this section, we first present common ER notation, and
then discuss new QDA-specific notation and formally define
our problem.

3.1 Standard Notation

Relation and Clustering. Let R ¼ fr1; r2; . . . ; rjRjg be a relation
in the database, where rk represents the kth tuple of R and
jRj is its cardinality. Relation R is considered dirty if at least
two of its records ri and rj represent the same real-world
entity, and hence ri and rj are duplicates. The attributes in
R can be represented as ha1; a2; . . . ; ani, where n is the arity
of R. Thus, the kth record in R is defined as rk ¼ hnk1;
nk2; . . . ; nkni, where nk‘ is the value of the ‘th attribute in the
kth record (s.t. 1 � k � jRj and 1 � ‘ � n).

Recall that the goal of traditional ER is to partition
records in R into a set of non-overlapping clusters C ¼
fC1; . . . ; CjCjg such that all records in each cluster refer to

the same real-world entity and no two distinct clusters cor-
respond to the same entity.

Graphical View of the Problem. The clustering problem can
be represented graphically, as shown by Kalashnikov
et al. [25] and Chen et al. [9], where records in R are
encoded as a labeled graph G ¼ ðV;EÞ, where V is a set of
nodes interconnected by a set of edges E. Each record
ri 2 R is represented by a node vi 2 V , hence jV j ¼ jRj.
Each edge eij ¼ ðvi; vjÞ represents the possibility that ri and
rj may be duplicates. In the simplest case, G is a complete

graph with jEj ¼ jRjðjRj�1Þ2 edges. However, as we will

explain in Section 4.3, QDA will create a much simplified ver-
sion of this graph. For example, in Fig. 1, we show graph G
that represents a relation with six publication records. Such
a relation is dirty since papers fp2; p3; p4g and fp5; p6g are
duplicates. Note that the numbers outside the nodes repre-
sent the cited count for each paper.

Resolve Function. A pairwise resolve function <ðri; rjÞ
operates on any two records ri; rj 2 R to try to decide
whether they co-refer, that is, refer to the same real-world
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entity or not. Resolve is a “black-box” function that may be
cheap or very expensive—e.g., a web query. The algorithms
we develop are meant for the cases where the resolve func-
tion is not very cheap and calling resolves is in fact the bot-
tleneck of an ER approach. The resolve function may return
a classification, a binary answer, or a numeric similarity
value (confidence). For the purpose of embedding resolve
within an ER algorithm, the outcome of the resolve function
is mapped into the following three decisions:

1) <ðri; rjÞ ¼ MustMerge, if resolve is highly confident ri
and rj are the same and hence, must be merged,

2) <ðri; rjÞ ¼ MustSeparate, if resolve is highly confi-
dent ri and rj are different and hence, must be
separated,

3) <ðri; rjÞ ¼ Uncertain, otherwise.
By controlling when (i.e., for which similarity/dissimi-

larity levels) a resolve maps to each of these three decisions,
the degree of eagerness can be controlled.

Naturally, the resolve function may output decisions that
are incorrect and that could lead to mistakes in the entity res-
olution process.

Merge and Combine Functions. If <ðri; rjÞ returns
MustMerge, then the two records are declared to be duplicates
and a merge function will consolidate them to produce a new
record rm ¼ ri � rj. To merge two duplicate records ri and rj,
a combine function is used for each attribute a‘.

We assume that the WHERE-attribute combine function
ni‘ � nj‘ takes two values of attribute a‘ and outputs a sin-
gle value nm‘ ¼ ni‘ � nj‘. Such combine functions perform
different operations depending on the type of a‘.

If a‘ is a numeric attribute, then we consider:

� ADD semantics: ni‘ � nj‘ ¼ ni‘ þ nj‘,
� MAX semantics: ni‘ � nj‘ ¼ maxðni‘; nj‘Þ,
� MIN semantics: ni‘ � nj‘ ¼ minðni‘; nj‘Þ.
In general, the ADD semantics could be used when the

objects are obtained from the same data source, yet their
entities are split in parts. In this paper, ADD semantics are
used as the default semantics to illustrate various examples,
unless stated otherwise. The MAX and MIN semantics could
be used when objects are retrieved from different data
sources

If a‘ is a categorical attribute, then we consider:

� UNION semantics: ni‘ � nj‘ ¼ ni‘ [ nj‘,
� EXEMPLAR semantics: ni‘ � nj‘ chooses either ni‘ or nj‘

according to some policy.
The UNION semantics are utilized when the system needs

to retain all possible values of some attribute. In contrast,

the EXEMPLAR semantics are used when one value holds
richer information than the other one.

Note that the afore-mentioned combine functions have
the commutativity and associativity properties defined as:

1) Commutativity: ni‘ � nj‘ ¼ nj‘ � ni‘,
2) Associativity: ðni‘ � nj‘Þ � nk‘ ¼ ni‘ � ðnj‘ � nk‘Þ.
Since these properties hold regardless of the merge

order, the representation of the merged cluster will be the
same.

3.2 Approach-Specific Notation

Queries.Wewill consider SQL selection queries. For clarity of
presentation, our discussion will focus on queries with a
single predicate p, with the syntax:

SELECT ½DISTINCTjEXACT� � FROM R WHERE a‘ op t

op is
< ;�; > ;�; or ¼ if a‘ is a numeric attribute;
¼ if a‘ is a categorical attribute:

�

Wewill discuss the multi-predicate case in Section 4.
Returned Answer Equivalence. Before we formally define

various answer semantics, which allow QDA to provide a
trade-off between the strictness of the chosen query answer
semantics and the efficiency of query processing, we need
to introduce several auxiliary concepts. Recall that a cluster
C can be viewed as a set of records C ¼ fr1; r2; . . . ; rjCjg.
Definition 1. Record rk represents cluster C, if rk 2 C, or rk ¼

ri � rj where ri and rj represent C.

Assume an entity resolution algorithm A is applied to R
and generates a clustering CA as its answer. CA is a set of
clusters that partitions R. Let CA;Q denote the set of clusters
from CA that satisfy query Q. Let CQDA;Q be the set of clusters
returned by QDA as the answer to Q.

To make our definitions formal, we also must account for
the following observation: in general, the same algorithm A
might produce a different clustering C0A of R, where C0A 6¼ CA,
if A changes the order in which it invokes resolves [33]. Let
�CA denotes the set of all possible output clusterings that A
may produce as a result of changing its resolves order.

Now we can define when CQDA;Q is exactly, distinctly, or
representationally equivalent to an answer of A to query Q:

Definition 2. Answer CQDA;Q generated by QDA for query Q is
exactly equivalent to that of algorithm A iff there exists

CA 2 �CA such that: (i) for each cluster Ci 2 CA;Q there exists
exactly one cluster Cj 2 CQDA;Q such that Ci 	 Cj, and (ii) for
each cluster Cj 2 CQDA;Q there exists exactly one cluster
Ci 2 CA;Q such that Cj 	 Ci.

In other words, there is a one-to-one mapping between
clusters in CQDA;Q and CA;Q and the content of clusters in
CQDA;Q is identical to those in CA;Q.

We define the less restrictive distinct semantics as:

Definition 3. Answer CQDA;Q generated by QDA for query Q is
distinctly equivalent to that of algorithm A iff there exists

CA 2 �CA such that: (i) for each cluster Ci 2 CA;Q there exists
exactly one cluster Cj 2 CQDA;Q such that Ci 
 Cj, and (ii) for

Fig. 1. GraphG.
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each cluster Cj 2 CQDA;Q there exists exactly one cluster
Ci 2 CA;Q such that Cj � Ci.

That is, there is still a one-to-one mapping between clus-
ters in CQDA;Q and CA;Q, but now clusters in CQDA;Q are allowed
to be subsets of clusters from CA;Q.

We define the least restrictive representative semantics as:

Definition 4. Answer CQDA;Q generated by QDA for query Q is
representationally equivalent to that of algorithm A iff there

exists CA 2 �CA such that: (i) for each cluster Ci 2 CA;Q there
exists at least one cluster Cj 2 CQDA;Q such that Ci 
 Cj, and
(ii) for each cluster Cj 2 CQDA;Q there exists exactly one cluster
Ci 2 CA;Q such that Cj � Ci.

The representative semantics goes one step further on top
of the distinct semantics and does not require the one-to-
one mapping by allowing for duplicates. Namely, it asks for
one-to-many mapping from CA;Q to CQDA;Q and one-to-one
mapping from CQDA;Q to CA;Q.

Problem Definition. Let A be the original entity resolution
algorithm whose query-driven version is being developed.
Then, given a query Q, we can formally define our problem
as an optimization problem as follows:

Minimize: Number of <ðÞ
Subject to:

1. 8C 2 CQDA;Q, C satisfies Q; // Query satisfaction
2. CQDA;Q 	 CA;Q; // User-defined equivalence
It can be trivially shown that achieving an optimal solu-

tion that generates the least number of resolves is infeasible
in practice, as it requires an oracle that knows which pair of
records to resolve next. Thus, the goal translates into finding
a good solution by developing algorithms which attempt to
reduce the number of calls to the resolve function by
exploiting vestigiality, and by implementing a good edge
selection policy, as explained in Section 5.

4 VESTIGIALITY FORMULATION

In this section, we introduce the notion of vestigiality, which
is the key concept in our query-driven solution. Before
we can formally define it, we have to introduce several aux-
iliary concepts. We first define a way to categorize a triple
ðp;�; a‘Þ (where p is the query predicate, � is the combine
function defined over a‘’s domain) into three categories:
in-preserving, out-preserving, and neither as explained in
Section 4.1. Then, we discuss how to deal with multi-
predicate selection queries in Section 4.2. The construction
of the labeled graph is explained in Section 4.3. We describe
in Section 4.4, how this categorization as well as the new
notions of relevant clique and minimal clique can be used
to test for vestigiality of an edge. Finally, in Section 4.5, we
discuss the difference between vestigiality and minimality.

4.1 Triple ðp;�; a‘Þ Categorization
QDA exploits the specificity of a query predicate p and the
semantics of a combine function � defined on attribute a‘ to
significantly reduce the cleaning overhead by resolving only
those edges that may influence the answer of Q. To achieve
this goal, we classify any triple ðp;�; a‘Þ into one of three
categories: in-preserving, out-preserving, and neither. These

broad categories are important as they allow us to develop
generic QDA algorithms instead of developing specific algo-
rithms for each small case.

Definition 5. Triple ðp;�; a‘Þ is in-preserving, if for all possible
values ni‘; nj‘ 2 a‘, if p is true for ni‘, then p is also true for

all ni‘ � nj‘.

This property means that once a record is in the answer, it
will remain so, even if it is merged with other records. For
instance, ðcited � 45; ADD; citedÞ is in-preserving, since any
tuple with a citation count above or equal to 45 will continue
to be above or equal to 45 even if merged with other tuples.
In contrast, ðcited � 45; ADD; citedÞ is not in-preserving.
Definition 6. Triple ðp;�; a‘Þ is out-preserving, if for all pos-

sible values ni‘; nj‘ 2 a‘, if p is false for ni‘, then it is also

false for all ni‘ � nj‘.

This property means that once a record is out of the
answer, it will remain so, even if it is merged with other
records. E.g., ðcited � 45; ADD; citedÞ is out-preserving.

Table 1 shows a classification of different common triples
for numerical and categorical attributes, respectively.

4.2 Multi-Predicate Selection Queries

Our discussion so far has focused on the case where the
WHERE-clause contains a single predicate. The overall solu-
tion, however, applies to more complex selection queries
with multiple predicates connected via logical connectives,
such as AND, OR, and NOT. This is because such combinations
of triples can also be categorized into the same three catego-
ries—based on the categories of the basic triples it is com-
posed of, as illustrated in Fig. 2. For instance, consider the
following range query:

Query1: SELECT � FROM R WHERE cited � 45 AND cited � 65:

This range query consists of two basic predicates
p1 : cited � 45 and p2 : cited � 65. Hence, it consists of two
basic triples: an in-preserving triple t1 ¼ ðcited � 45; ADD;
citedÞ and an out-preserving triple t2 ¼ ðcited � 65; ADD;
citedÞ. From Table 2, we can see that the resulting combina-
tion t1 ^ t2 is neither in- nor out-preserving. To see why,
consider record ri with cited ¼ 40. Initially ri is out of the
answer of Query 1. If ri merges with another record rj with
cited ¼ 10, the new record ri � rj will have
cited ¼ 40þ 10 ¼ 50 and will be in the answer. If now
ri � rj can merge again with another record rk with
cited ¼ 20, then ri � rj � rk will have cited ¼ 50þ 20 ¼ 70
which clearly does not satisfy Query 2. Hence, t1 ^ t2 is nei-
ther in-preserving nor out-preserving.

TABLE 1
Triple Categorization for Different Types of Attributes

�, domain a‘ � t or, a‘ > t a‘ � t or, a‘ < t a‘ ¼ t

ADD, a‘ 2 Rþ in-preserving out-preserving neither

MAX, a‘ 2 R in-preserving out-preserving neither

MIN, a‘ 2 R out-preserving in-preserving neither

EXEMPLAR, a‘ 2 enum in-preserving

UNION, a‘ 2 enum in-preserving

ALTWAIJRY ETAL.: QDA: A QUERY-DRIVEN APPROACH TO ENTITY RESOLUTION 405



We can prove a lemma for each combination (in Table 2)
and following are the most important cases which extend
the concepts of triples to more general predicates. Note that
the proofs of these lemmas are provided in Appendix A.

Lemma 1. If triple ti ¼ ðpi;�i; aiÞ is in-preserving and triple
tj ¼ ðpj;�j; ajÞ is in-preserving then, triple t that results from
the combination ti ^ tj is also in-preserving.

Lemma 2. If triple ti ¼ ðpi;�i; aiÞ is out-preserving and triple
tj ¼ ðpj;�j; ajÞ is out-preserving, then triple t that results
from the combination ti ^ tj is also out-preserving.

Lemma 3. If triple ti ¼ ðpi;�i; aiÞ is in-preserving and triple
tj ¼ ðpj;�j; ajÞ is out-preserving, then triple t that results
from the combination ti ^ tj is neither in- nor out-preserving.

Lemma 4. If triple ti ¼ ðpi;�i; aiÞ is in-preserving and triple
tj ¼ ðpj;�j; ajÞ is neither in- nor out-preserving, then triple t
that results from the combination ti ^ tj is neither in- nor out-
preserving.

Lemma 5. If triple ti ¼ ðpi;�i; aiÞ is in-preserving and triple
tj ¼ ðpj;�j; ajÞ is in-preserving then, triple t that results from
the combination ti _ tj is also in-preserving.

Lemma 6. If triple ti ¼ ðpi;�i; aiÞ is in-preserving, then triple t
that results from the negation :ti is out-preserving.

4.3 Creating and Labeling the Graph

To formally define vestigiality testing, we need to
explain how QDA builds and labels the graph, see Algo-
rithm 1. The main goal of this algorithm is to avoid cre-
ating as many nodes and edges as possible in order to
improve the efficiency. As common for ER techniques,
the function starts by applying blocking and will not cre-
ate edges for pairs that cannot be duplicates according to
blocking. More importantly, on top of blocking, the func-
tion will also remove from consideration nodes and
edges that will not influence further processing of Q,
thus improving the efficiency on top of blocking from
the very beginning.

The algorithm starts, as most traditional ER approaches
would; by partitioning records into (possibly overlapping)
smaller blocks. Then, it iterates over each record rk 2 B to
create the corresponding node vk. It sets label ‘½vk� of vk as:
1) ‘½vk� ¼ in when triple ðp;�; a‘Þ is in-preserving and

vk satisfies Q. Node vk is added to Acur as it is
guaranteed to be in the final answer.

2) ‘½vk� ¼ out when triple ðp;�; a‘Þ is out-preserving
and vk does not satisfy Q. Node vk is added to Vout.

3) ‘½vk� ¼ maybe, otherwise. Node vk is added to Vmaybe.
The algorithm then creates edges, but only if they can

exist according to blocking and (i) only among nodes in
Vmaybe and (ii) for each vi; vj pair where vi 2 Vout and
vj 2 Vmaybe. This is because nodes in Vmaybe that merge with
Vout nodes cannot be in the answer. For each edge eij 2 E,
QDA sets its label as follows:

1) ‘½eij� ¼ yes, when <ðri; rjÞ has already been called
and returned MustMerge,

2) ‘½eij� ¼ no, when <ðri; rjÞ has already been called and
returned MustSeparate,

3) ‘½eij� ¼ maybe, when <ðri; rjÞ has already been called
and returned Uncertain,

4) ‘½eij� ¼ vestigial, when, Definition 8 holds. Note
that as QDA proceeds forward, some edges that were
not vestigial previously may become vestigial. But
once they become vestigial, they remain so,

5) ‘½eij� ¼ unresolved, otherwise.

Algorithm 1. Create-Graph

1: Input: a set of records R, and a query Q
2: Output: a labeled graph G
3: Acur  Vout  Vmaybe  fg
4: B  CREATE-BLOCKS(R)
5: for each B 2 B do
6: for each rk 2 B do
7: vk  CREATE-NODEðrkÞ
8: if IS-IN-PRESERVING(p;�; a‘)& SATISFY-Qðvk;QÞ then
9: Acur  Acur [ fvkg " node vk is labeled in

10: else if IS-OUT-PRESERVING(p;�; a‘) & not SATISFY-Qðvk;QÞ
then

11: Vout  Vout [ fvkg " node vk is labeled out

12: else Vmaybe  Vmaybe [ fvkg " node vk is labeled maybe

13: V  fAcur; Vout; Vmaybeg
14: E  CREATE-EDGESðVmaybe; VmaybeÞ
15: E  E [ CREATE-EDGESðVout; VmaybeÞ
16: return GðV;EÞ

It should be noted that edge labeling is a convenient
semantic notation useful for explaining various concepts.
For efficiency, however, the algorithm does not utilize yes

and no labels in its actual processing. For example, instead
of labeling edge eij as a no edge, it simply removes this edge
since this simplifies the graph. Similarly, instead of labeling
an edge eij ¼ ðvi; vjÞ as a yes edge, the algorithm merges

TABLE 2
Triples Generalization

ti tj ti ^ tj ti _ tj :ti
in-preserving in-preserving in-preserving in-preserving out-preserving
in-preserving out-preserving neither neither out-preserving
out-preserving in-preserving neither neither in-preserving
out-preserving out-preserving out-preserving out-preserving in-preserving
in-preserving neither neither neither out-preserving
neither in-preserving neither neither neither
out-preserving neither neither neither in-preserving
neither out-preserving neither neither neither
neither neither neither neither neither
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nodes vi and vj into a new node vm ¼ vi � vj.We will say
that the current labeling of the graph determines the current
state of the resolution process. Now we can define the con-
cept of the current answer Acur.

Definition 7. Based on the given edge labeling, the current
answer Acur to Q is the answer resulting from assuming that
all vestigial and unresolved edges are no edges.

Example 1. Consider graph G in Fig. 1 and an in-preserving
triple e.g., (cited � 45, ADD, cited). Initially only p1 is
labeled in, since it is guaranteed to be in the result-set
(Acur ¼ fp1g). Thus, all edges incident to p1, that is e12, e13,
e14, e15, and e16, are vestigial. If the algorithm then calls
<ðp2; p3Þ and <ðp4; p5Þ, the corresponding edges will be
assigned labels ‘½e23� ¼ yes and ‘½e45� ¼ no.

4.4 Vestigiality Testing Using Cliques

Before introducing the new notions of relevant/minimal cli-
ques which are used to test for vestigiality of an edge, let us
first define the concept of a vestigial edge. Intuitively, an
edge is vestigial if its resolution outcome does not influence
the query result. Formally:

Definition 8. LetA be the original entity resolution algorithm.An
edge eij 2 E is vestigial when, regardless of what the ground
truth for eij might be, QDA can guarantee that by treating eij as a
no edge, it can still compute an equivalent answer to that ofA.
Now, we introduce some of the necessary concepts uti-

lized in our solution. We use the standard definition of a cli-
que in an undirected graph G ¼ ðV;EÞ, which is a subset of
the node set S � V , such that for every two nodes in S, there
exists an edge in E that connects them. A clique is an impor-
tant concept for entity resolution since it identifies which
groups of nodes/records might or might not co-refer:

Lemma 7. Nodes (records) co-refer only if they form a clique con-
sisting of only yes edges in the ground truth.

Consequently, if a group of nodes is not a clique (e.g.,
some edges are marked no (i.e., removed)), and the algo-
rithm did not make a mistake in removing those edges, then
that group corresponds to at least two distinct entities. Note
that Lemma 7 deals with the ground truth labels and not
the decisions returned by the resolve function.

Let Ccur be the set of clusters in the current answer Acur.
Now, we can define the notions of a relevant clique and a
minimal clique.

Definition 9. A clique S is called relevant toQ, if we can assign
labels to its edges such that this labeling might change Ccur, by
either adding (at least one) new cluster to Ccur, or removing (at
least one) cluster from Ccur.
The concept of relevant cliques provides a mechanism to

test if an edge is vestigial as stated in the next theorem.

Theorem 1. Given the current labeled graph G, a selection query
Q with predicate p on attribute a‘, if no relevant clique exists
that includes eij, then eij is vestigial. However, the reverse does
not hold: a vestigial edge could be part of a relevant clique.

Proof. Let us prove that if an edge eij is not vestigial, then it
belongs to a relevant clique. By contradiction, if an edge

does not belong to any relevant clique, then it cannot par-
ticipate in changing Ccur by adding or removing one (or
more) cluster from it, thus such an edge is vestigial. tu
The next example describes the relevant cliques concept.

Example 2. Consider G shown in Fig. 1 after resolving e23
only and an in-preserving triple ðcited � 45, ADD, cited).
Acur ¼ fp1; p2 � p3g because both p1 and p2 � p3 have cita-
tion counts � 45 (65 and 45, respectively). As a result, all
edges incident to p1 and p2 � p3 are vestigial. Note that
nodes 4, 5, and 6 form a clique S. The sum up of the cited
attribute for these nodes is 15þ 10þ 5 ¼ 30 6� 45. Thus,
merging nodes in S cannot change Acur. Hence, S is not a
relevant clique w.r.t. p. Thus, edges e45, e46, and e56 are
not part of any relevant cliques and hence, vestigial.

In fact, when ðp;�; a‘Þ is in-preserving, we can show that
the edge must not only be part of a relevant clique, but a
minimal clique as defined below:

Definition 10. A relevant clique S is called aminimal clique, if
no subset of nodes in S can form a relevant clique.

Theorem 2. Given a graph G and an in-preserving ðp;�; a‘Þ, an
unresolved edge eij is vestigial if and only if no minimal clique
exists that includes eij.

Proof. Let us first prove that if edge eij belongs to a minimal
clique Smin, then it is not vestigial. Note that it is possible
that all of the unresolved edges, except for those in Smin,
are no edges. If that is the case, and if at least one of the
edges in Smin is a no edge in the ground truth, then the
nodes in Smin do not co-refer and Ccur is the correct final
answer. Otherwise, if all of the edges in Smin are yes

edges in the ground truth, then the nodes in Smin do co-
refer and the correct final answer will be different from
current answerAcur, in which a new cluster Ci will be
added to the set of clusters Ccur since triple ðp;�; a‘Þ is in-
preserving. Therefore, the algorithm cannot permanently
ignore edge eij by treating it as a no edge, since it might

influence the correctness of the answer which the algo-
rithm produces. Hence, this edge is not vestigial.

Let us now prove that if an edge eij is not vestigial,
then it belongs to a minimal clique. By contradiction, if
an edge does not belong to any relevant clique, then it
cannot participate in forming a new cluster that would
change Ccur and thus it is vestigial. If, however, an
edge does belong to a relevant clique S, but not a mini-
mal clique, then two cases are possible. If this is a no

edge in the ground truth, then the algorithm will com-
pute the correct answer by declaring this edge as
vestigial, because all vestigial edges are treated as no

edges in the final answer computations. If this is a yes

edge, then two more cases are possible. Let Smin be a
minimal clique that is part of S. Then, if the nodes in
Smin do not co-refer, then it is safe to declare eij to be
vestigial with respect to Smin, since Smin does not form
a new cluster that must be accounted for in forming the
final answer. If, however, the nodes in Smin do co-refer,
then let Ci be the new cluster they represent. But the
algorithm does not need to know the value of <ðeijÞ to
determine how to represent Ci in its final answer (it can
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and will determine that, instead, when resolving edges
from Smin), and hence eij can be declared vestigial. tu
The next example explains the minimal cliques concept.

Example 3. Consider G shown in Fig. 1 after resolving e45
only. Note that the triple ðcited � 45; ADD; citedÞ is in-
preserving. Observe that S ¼ fp2; p3; p4g is a relevant clique
(25þ 20þ 15 ¼ 60 � 45). However, there exists Smin ¼
fp2; p3g � S which forms a minimal clique (25þ 20 ¼ 45 �
45). Therefore, edges e24 and e34 are vestigial since both e24
and e34 do not belong to anyminimal clique.

The above two theorems suggest that testing for vestig-
iality can be implemented by checking for relevant/mini-
mal cliques as shown in Algorithm 2. However, finding
such cliques is NP-hard as shown in Theorem 3.

Theorem 3. Testing for vestigiality using Algorithm 2 is NP-
hard. This can be shown through a straightforward reduction
from the well-known k-clique problem, and hence is computa-
tionally infeasible.

Thus, implementing Algorithm 2 is impractical as the
naive algorithm that calls all the Oðn2Þ resolves is going to
be faster. Consequently, the challenge is to design a QDA

strategy that still performs vestigiality testing, but does it
fast enough to outperform the naive approach. Thus, in the
next section, we will explain how to devise efficient approx-
imation-based techniques for vestigiality testing.

Algorithm 2. Is-Vestigial

1: Input: an edge eij, a graph G, and a query Q
2: Output: true if eij is vestigial, false otherwise
3: if IS-IN-PRESERVING(p;�; a‘) then
4: return not IS-IN-A-MINIMAL-CLIQUE(eij; G;Q)
5: else return not IS-IN-A-RELEVANT-CLIQUE(eij; G;Q)

4.5 Vestigiality versus Minimality

Before presenting the difference between the concept of ves-
tigiality and the concept of minimality, let us first define the
concept of minimality.

Definition 11. An edge resolution sequence is said to minimal,
if it is the shortest sequence that resolves a graph G to answer a
query Q correctly.

In other words, the minimal edge resolution sequence is
the most efficient way that resolves a graph to answer a
given query. Even though, intuitively, avoiding resolving
vestigial edges should lead to improved efficiency, it is pos-
sible that the minimal edge resolve sequence includes a ves-
tigial edge, as stated by the following lemma:

Lemma 8. Given a labeled graph G, only resolving non-vesti-
gial edges in G does not guarantee to lead to the minimal edge
resolve sequence.

Proof. By example, consider the graph in Fig. 2 that corre-
sponds to three clusters C1 ¼ fv1; v2g, C2 ¼ fv3g, and
C3 ¼ fv4g and an in-preserving triple e.g., (val � 30, ADD,
val). Edge e12 is vestigial, since even if nodes v1 and v2 are
the same, they can only form a new node with a citation
count 5þ 20 ¼ 25 6� 30. Whereas, the other two edges (viz.,
e23 and e24) are not vestigial, since both can form nodes (i.e.,
v2 � v3 or v2 � v4) with citation count equal to 30. Querying
for the vestigial edge e12, however, would result in the
graph shown in Fig. 3, where edges e23 and e24 are no edges
since we know that v1 is different than v3 and v4. Hence, by
issuing resolve once, the algorithm can compute the final
answer, which is the empty set in this case. It is easy to see
that if the algorithm starts by resolving any other edge
instead of e12, then onemore resolvewill be required. tu

5 QUERY-DRIVEN SOLUTIONS

In this section, we describe our query-driven solutions. We
first present eager-QDA, which works with eager clustering
techniques (viz., those techniques that make their merging
decisions as soon as the resolve function returns a positive
decision [6], [12]). Afterwards, we show lazy-QDA, which
works with lazy clustering techniques (viz., those techniques
that tend to delay their merging decisions until a final clus-
tering step [5]). Finally, we study different optimizations to
process equality and range style queries.

5.1 QDA Using Eager Clustering Techniques

The main task of QDA is to compute an answer to query
Q very efficiently. The answer should be equivalent to
first applying a standard ER algorithm on the whole
dataset and then querying the resulting cleaned data
with query Q.

In this section, we develop QDA to work with eager cluster-
ing techniques. Recall that a traditional eager ER algorithm
(abbreviated eager-ER), which uses Transitive Closure Clus-
tering [18] (as an example) to group matching entities
together into clusters, operates by iteratively choosing a pair
of nodes to resolve next, then applying the resolve function,
merging nodes if the resolve returns a positive answer, and
then repeating the process. Our eager-QDA approach is very
similar to eager-ER with two noticeable differences. First,
eager-QDA uses its own pair-picking strategy to select pairs of
nodes to resolve next. The goal of this strategy is to minimize
the number of calls to resolve to answer the given query. Sec-
ond, instead of calling resolve on the chosen pair, eager-QDA

Fig. 2. Before resolving e12. Fig. 3. After resolving e12.
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first tries to quickly determine if it can avoid making this call
by checking if the chosen pair is vestigial.

Conceptually, eager-QDA can be viewed as consisting of
the following steps:

1) Creating and Labeling the Graph. The approach starts
by creating and labeling graph G (Section 4.3).

2) Choosing an Edge to Resolve. Based on its edge-pick-
ing policy, the approach selects edge eij to resolve.
Intuitively, such a policy should select eij in a way
that resolving it would allow eager-QDA to either
quickly add some cluster-representative to the result-
set, or would break many relevant cliques. We have
experimented with many different policies. The one
that has demonstrated the best results is based on
picking edges according to their weight, where
weight wij for edge eij is computed by combining the
values of its incident nodes: wij ¼ ni‘ � nj‘. The edge-
picking policy is not our focus in this paper.

3) Lazy Edge Removal. Wehave implementedmany opti-
mizations in eager-QDA, here we briefly describe one
of them. In this step, the algorithm checks if the cho-
sen edge eij still exists. If it does not, then the algo-
rithm will go back to Step 2 to pick another edge.
Note that eij can disappear as the result of merging of
two nodes vk and vl. Observe that after merging vk
and vl, only edges that are common to both of them
must remain in G. But checking for common edges
and then aggressively removing them from auxiliary
data structures at the time of the merge is an OðjRjÞ
operation in general for each merge operation. To
reduce this cost, eager-QDA does not remove the edges
at the time of the merge, but removes them lazily in
this step. It does so in Oð1Þ time by checking if vi (or
vj) of edge eij has been merged with some other node
vk by the algorithm on a prior iteration, and hence (i)
vi (or vj) was removed from Vmaybe, or (ii) vi is not in
vj’s neighborhood or vice versa.

4) Vestigiality Testing. The algorithm, in this step, tries
to avoid calling resolve on edge eij by checking if it
is vestigial (Section 5.1.1).

5) Stopping Condition. If there exists an edge eij 2 E that
is neither resolved nor vestigial, then the algo-
rithm iterates by going to Step 2.

6) Computing the Answer. Finally, the algorithm com-
putes the query’s final answer using the required
answer semantics S (Section 5.1.2).

Thus, our goal translates into designing algorithms that
implement the above steps. Such algorithms should mini-
mize the number of invocations of the expensive resolve
function, and be able to correctly and efficiently find an
answer to a given query. In addition, the chosen algorithms
must themselves be very efficient, otherwise their cost will
dominate the cost of calling the resolve function, and a sim-
ple strategy such as resolving all Oðn2Þ edges in random
order might be more efficient.

The next sections explain all of these steps in detail.

5.1.1 Vestigiality Testing

Given an edge eij selected by the edge-picking strategy, the
main task of vestigiality testing is to determine if eij is

vestigial and thus calling resolve on it can be avoided. How-
ever, from Section 4, we know that testing for the exact ves-
tigiality via clique-checking is an NP-hard problem. Hence,
eager-QDA employs a highly efficient approximate solution
instead of the exact check. Namely, eager-QDA tests for ves-
tigiality by using an inexact-but-fast check to determine if
eij can potentially be part of any relevant clique at all.

Algorithm 3. Vestigiality-Testing

1: Input: an edge eij, a graph G, and a query Q
2: Output: a labeled edge eij
3: if IS-IN-PRESERVING(p;�; a‘) & MIGHT-CHANGE-ANSð;; vi � vj;

QÞ then
4: res <ðvi; vjÞ
5: if res ¼ MustMerge then
6: Acur  Acur [ fvi � vjg
7: Vmaybe  Vmaybe � fvi; vjg
8: else if res ¼ MustSeparate then
9: E  E � feijg
10: else ‘½eij� ¼ maybe

11: else if CHECK-POTENTIAL-CLIQUEðeij; G;QÞ then
12: res <ðvi; vjÞ
13: if res ¼ MustMerge then
14: vi  vi � vj
15: N ½vi� ¼ N ½vi� \ N ½vj�
16: Vmaybe  Vmaybe � fvjg
17: else if res ¼ MustSeparate then
18: E  E � feijg
19: else ‘½eij� ¼ maybe

20: else E  E � feijg " edge eij is vestigial

Algorithm 3, can conceptually be viewed as consisting of
the following steps:

1) Edge Minclique Check Optimization. This is another
optimization which the algorithm employs. Here, a
check for a special case allows the algorithm to
remove two nodes from the graph instead of one in
case of a merge, leading to extra savings. Namely,
this special case exists when triple ðp;�; a‘Þ is in-pre-
serving and edge eij by itself can change the current

answer to Q. If so, then eij is not vestigial and the

algorithm calls resolve on it. Now, if resolve returns
MustMerge, then the algorithm adds the merged
node (vi � vj) to the answer set and then removes vi
and vj nodes from G. The algorithm can perform this

optimization because vi and vj are already repre-

sented by their merged representation in Acur.
2) Check for Potential Clique. If Step 1 does not apply,

then the algorithm calls Algorithm 4 to test if eij can
potentially be part of any relevant clique at all. If the
call returns true, then the function calls resolve func-
tion on eij and labelsG accordingly. If the call returns

false, then the functionmarks eij as vestigial.
The key intuition behind Algorithm 4 is to quickly check if

an edge eij can potentially be involved in a relevant/minimal
clique at all. It is a safe approximate function: it returns
false only when eij is guaranteed not to be a part of any rel-
evant/minimal clique (i.e., vestigial). In contrast, it returns
true when eij might be a part of some relevant clique and
thus, the algorithm cannot guarantee it is vestigial. For
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efficiency, the algorithm treats it as non-vestigial without
performing any further costly checks.

Algorithm 4. Check-Potential-Clique

1: Input: an edge eij, a graph G, and a query Q
2: Output: true if eij is in a potential clique, false otherwise
3: ifMIGHT-CHANGE-ANSð;; vi � vj; QÞ then
4: return true

5: Vintersect  N½vi� \ N ½vj�
6: for each vk 2 Vintersect do
7: vold  vnew
8: vnew  vold � vk
9: ifMIGHT-CHANGE-ANSðvold; vnew;QÞ then
10: return true

11: return false

The idea of this algorithm can be illustrated with the fol-
lowing example. Assume two nodes vi and vj with citation
counts of 10 and 10, and further assume that they have only
two common neighbors whose citation counts are 15 and
20. Then edge eij cannot be part of any clique with com-
bined citation count above 10þ 10þ 15þ 20 ¼ 55. Also
note that while this ðvi; vjÞ edge might be a part of a clique
with cited ¼ 55, the algorithm cannot guarantee that with-
out checking the existence of the edge between 15 and 20.

Algorithm 4 begins by merging nodes vi and vj and
then checking if their merge might change Q’s answer. If
it does not, then the function computes the intersection
of vi and vj neighborhoods and then, tries to find the
smallest potential clique from their common neighbors
which might change Q’s answer. The function will keep
expanding the size of such clique until no common
neighbors are left. Once the function succeeds in finding
a potential clique that might change Q’s answer then it
will return true. Otherwise, it returns false.

5.1.2 Computing Answer of Given Semantics

After the algorithm is done processing edges, it computes
its final answer Acur to query Q based on the answer seman-
tics S the user requested. For that, it uses Algorithm 5 which
starts by adding nodes from Vmaybe which satisfy Q to Acur.
At this stage Acur satisfies representative answer semantics.
As such, Acur might contain duplicates and/or it might not
be equivalent to the canonical merged representation pro-
duced by eager-ER.

If the user requests stricter distinct or exact answer seman-
tics, then the algorithm continues building the correspond-
ing answers based on the current Acur. The algorithm
implements distinct semantics by cleaning the (small) repre-
sentative answers in Acur by using eager-ER. That is, dupli-
cates are removed by resolving all pairs of nodes in Acur.
Thus, the additional cost of cleaning this small result-set is

OðjAcurj2Þ resolves in the worst case, where jAcurj is the size
of the result-set.

To generate an answer that satisfies exact semantics, the
algorithm proceeds by comparing clusters in the result-set
with clusters that are not in the result-set. That is, it com-
pares all nodes in Acur with all nodes in Acur [ Vmaybe. There-
fore, the extra cost of cleaning leads to OðjAcurjjRjÞ
additional resolves in the worst case.

Note that to produce distinct or exact answers, edges for-
merly labeled vestigial are considered unresolved.

Algorithm 5. Compute-Answer

1: Input: a current answer Acur, a set of maybe nodes Vmaybe, a
query Q, and an answer semantic S

2: Output: a clean final answer Acur

3: for each vi 2 Vmaybe do
4: if SATISFY-Qðvi; QÞ then
5: Acur  Acur [ vi
6: if S ¼ Distinct then
7: for each vi 2 Acur do
8: for each vj 6¼ vi 2 Acur do
9: if <ðvi; vjÞ ¼ MustMerge then
10: vi  vi � vj
11: Acur  Acur � fvjg
12: else if S ¼ Exact then
13: for each vi 2 Acur do
14: for each vj 6¼ vi 2 Acur [ Vmaybe do
15: if <ðvi; vjÞ ¼ MustMerge then
16: vi  vi � vj
17: if vj 2 Acur then
18: Acur  Acur � fvjg

5.1.3 Answer Correctness

From a theoretical perspective, it could be useful to analyze
the properties of our eager-QDA algorithm w.r.t. answer cor-
rectness. Note that if the resolve function is always accurate,
then eager-ER will compute clustering C that is identical to
the ground-truth clustering Cgt. Consequently, the following
lemma holds trivially:

Lemma 9. If the resolve function is always accurate, then eager-
QDA will compute answers that are: representationally, dis-
tinctly, or exactly equivalent to those in Cgt.
Lemma 9 essentially states a theoretical result: eager-QDA

is guaranteed to compute the correct answer, provided that
the resolve function is accurate. Naturally, resolve functions
are not always accurate, and hence no ER technique can
guarantee the correctness of its answer. We also do not
assume that resolve is always accurate.

5.2 QDA Using Lazy Clustering Techniques

In this section, we demonstrate that our query-driven solu-
tion is generic and can work with different types of cluster-
ing algorithms. In particular, herein, we develop QDA to work
with lazy clustering techniques (i.e., those techniques that
tend to delay their merging decisions until a final clustering
step). Lazy-QDA uses (as an example) a variation of the Cau-
tious Correlation Clustering algorithm to minimize dis-
agreements by Bansal et al. (denoted by CC) to group
matching entities into clusters. The overall clustering prob-
lem is represented as a fully connected graph, where each
object becomes a node in the graph. Each edge eij is assigned
a þ (similar) or � (different) label, according to the resolve
function <ðri; rjÞ. Unlike eager-QDA which computes equiva-
lent answers to those obtained by eager-ER, lazy-QDA cannot
guarantee equivalence to an original lazy ER algorithm
(abbreviated lazy-ER). However, it finds answers that are
very close to those of lazy-ER while being more efficient as
will show in our experiments. Note that, in general, develop-
ing lazy-QDA is more challenging, since lazy-ER needs to

know the results of allOðn2Þ resolves.

410 IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 29, NO. 2, FEBRUARY 2017



The main idea of this solution is that lazy-QDA can be
implemented by leveraging eager-QDA (see Section 5.1). Spe-
cifically, observe that if resolve cannot return Uncertain

and always returns accurate answers, then eager-QDA is
guaranteed to compute an answer equivalent to Cgt (see
Lemma 7). Let Ccc be the clustering computed by lazy-ER,
which uses CC to cluster matched entities. In addition, let
us modify the resolve function on edge eij to return the
same MustMerge/MustSeparate value as this edge eij has in
Ccc. Then, according to Lemma 7, eager-QDA with this new
resolve function will compute an answer that is equivalent
to Clazy instead of Cgt, which is exactly what we need.

The challenge is that we do not know what a lazy-ER will
return as final clusters without calling all Oðn2Þ resolves,
which defeats the purpose of QDA. To imitate the result of
lazy-ER without calling all resolves, lazy-QDA first calls
eager-QDA but then checks whether the outcome of resolves
called by eager-QDA could be different according to lazy-ER.
If they cannot be, then eager-QDA is supposed to produce
equivalent answer to that of lazy-ER.

To perform the above check, lazy-QDA needs to know if
there exists some assignment (of MustMerge=MustSeparate
values) of yet-unresolved (by eager-QDA) edges such that CC
applied on graph G with that assignment could change the
values of the resolves consumed by QDA. To do so, lazy-QDA
applies a “stress test”—by using two CC extremes. The first
extreme (denoted by CCþ) clusters records by assuming all
unresolved edges are yes edges and then apply CC cluster-
ing normally. In contrast, the second extreme (denoted by
CC�) marks all unresolved edges as no edges and then exe-
cutes CC. Intuitively, CCþ tries to group all records into as
few clusters as possible with the maximum force—given
the known constraints for already resolved edges. In con-
trast, CC� tries to do the opposite-to split all records into as
many clusters as possible with the maximum force. If the
resolves called by eager-QDA cannot “flip” (e.g., from yes to
no or from no to yes) according to these two stress tests,
then the edges are considered “stable”. This test is a very
good heuristic to check for stable edges.

More precisely, lazy-QDA trusts clusterings obtained by

both CCþ and CC� (denoted by Cþ and C� respectively)
rather than eager-QDA clustering. Thus, it compares the label-

ing of each resolved edge in Cþ and C�. If both clusterings

agree on edge eij labeling (e.g., ‘½eþij� ¼ yes and ‘½e�ij� ¼ yes),

then eij is stable and regardless of <ðvi; vjÞ, eij is labeled as

yes. Yet, if clusterings disagree (e.g., ‘½eþij� ¼ yes and

‘½e�ij� ¼ no), then eij is unstable and hence labeled maybe. At

the end, if all edges are stable then lazy-QDA terminates, if not
then it proceeds to the next iteration.

In the next iteration, lazy-QDA will update G based on the
new modifications from CCþ and CC�. For example, it will
merge two nodes if the edge between them was deemed to

be yes by both Cþ and C�. However, if an edge between two
records flipped from yes (or no) to maybe, then lazy-QDA will
neither merge nor separate the two records. It will represent
the edge as a maybe edge. To avoid an excessive number of
iterations, lazy-QDA will try to overcome the destabilization
in the graph caused by maybe edges by resolving other
edges close to them. Note that lazy-QDA will not resolve an
edge which had been already resolved. After that, lazy-QDA

proceeds iteratively from the beginning. It terminates when
all edges are stable.

5.3 Optimizations of Equality and Range Queries

In this paper, we have covered very generic algorithms that
can be applied to a broad class of cases that are based on cate-
gorizing triples into in- and out-preserving and neither.
However, various optimizations of these algorithms are pos-
sible when considering each specific case separately. In this
section, we study a different implementation for equality
and range style queries.

Queries with Equality Predicates. In the EQ case, a relevant
clique is either a clique that adds up to the value of the
query threshold t or a clique that contains a sub-clique
which adds up to t and at least one more node with a value
> 0. However, this is the NP-hard Sub Set Problem and

hence, at first, we implemented a 3
4 linear approximation

algorithm [27] to find an approximate subset sum (’ t).
This approximation lead to some unnecessary calls to
resolve causing QDA, in the EQ case, to issue more resolves
than both GTE and LTE. However, an optimization which
postpones the resolution of some edges (instead of greedily
resolving them) allowed QDA to issue a slightly smaller num-
ber of resolves when compared to the GTE case and a much
smaller number of resolves compared to the LTE case.

The intuition behind this optimization is three-fold. First,
the algorithm does not create an edge between any two
nodes labeled as out. This optimization is similar to an opti-
mization implemented when the triple is out-preserving.
However, the process of labeling nodes differs in the EQ
case; here, only nodes with values greater than t are labeled
as out whereas when the triple is out-preserving, any node
that does not satisfy the query’s condition is labeled as out.

Second, when trying to find the set of mutual neighbors,
theremight exist some nodes such that their values are greater
than t. Such nodes can be discarded since they cannot lead to a
sumvalue, denoted by nsum, equal to t. This idea can be further
optimized by discarding all nodes with values greater than
the dynamic move past point (denoted by MPP) such that
MPP ¼ t� ni � nj, where ni and nj are the values of edge eij
endpoints since they also cannot contribute to nsum equal to t.

Third, after determining the set of mutual neighbors,
the algorithm starts to sum them up. If it reaches a point
where nsum is greater than or equal to t, it invokes a
resolve call on edge eij. Otherwise, if nsum < t, then it
removes eij (lazily) from graph G (causing other edges to
be removed too) and adds it to the postponed edges set (the
other edges removed from G are not added to this set).
At the end, the algorithm checks whether the edges in the
postponed edges set can remove nodes from the answer
set. This removal can happen if the value of one of the
edge’s endpoints is equal to t.

Queries with Range Predicates. The idea behind this opti-
mization is to use two-stage processing. In the first stage an
edge is resolved only if it is part of a relevant clique and
thus it can result in a new node that should be in the
answer. Thus, all nodes that must be in the answer will be
in Acur, but Acur is a superset of nodes, as it may contain
erroneous nodes that should not be there. To remove these
erroneous nodes from Acur, the second stage of the algo-
rithm resolves edges only if an edge is a part of a clique that
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includes at least one node in Acur and that clique can change
the answer for that node from being in Acur to being out of
Acur. This two-stage strategy leads to a noticeable improve-
ment in processing range queries.

6 EXPERIMENTAL EVALUATION

In this section, we empirically evaluate the efficiency of our
QDA approaches on real and synthetic data.

In Section 6.1, we study our QDA solutions for different
query types. In particular, we first compare eager-QDA with
eager-ER in terms of the end-to-end running time and the
number of calls to resolve. Note that both approaches
use Transitive Closure Clustering to cluster the matched
entities. In addition, we compare lazy-QDA with lazy-ER in
terms of the number of resolve invocations. Note that both
approaches utilize a variation of the minimizing disagree-
ments Correlation Clustering to cluster the matched entities.
We also study the quality reached by eager-QDA, eager-ER,
lazy-QDA, and lazy-ER. We further test how close the results
of lazy-QDA get to those of lazy-ER.

In Section 6.2, we study eager-QDA using more complex
selection queries with multiple predicates connected via
logical connectives. In particular, we study eager-QDA using
the three generic categories of triples.

6.1 Google Scholar Dataset Experiments

In this section, we evaluate the efficacy of QDA on a real bib-
liographic dataset collected from Google Scholar. It repre-
sents publications of the top 50 computer science
researchers each having h-index of 60 or higher [1]. The
dataset consists of 16,396 records where 14.3 percent are
duplicates.

We use two blocking functions to cluster records that
might be duplicates together. The first function partitions
records (i.e., papers) into buckets based on the first two let-
ters of their titles. Similarly, the second one partitions them
based on the last two letters. That is, if two papers match in
either their first two letters or their last two letters then they
are put in the same block. Note that both eager-QDA and
eager-ER use the same blocking procedure.

We have implemented a highly-accurate pairwise resolve
function which operates on two records ri; rj 2 R to decide
whether they refer to the same real-world entity. The
resolve function utilizes Soft-TF-IDF [11] to compare titles
and the Jaro-Winkler distance to compare author names. If
the similarity is sufficient (above threshold) and there are
minðjAij; jAjjÞ authors in common (jAij and jAjj are the

number of authors), then resolve returns MustMerge and ri,
rj are considered to be duplicates.

Experiment 1 (Eager-QDA versus eager-ER). Fig. 4 uses a
set of GTE (�) queries of the form (SELECT � FROM R
WHERE cited � t) to show the effects of vestigially testing
by comparing eager-QDA (using representative semantics)
with eager-ER. For each threshold t, we run 50 queries-
one query for each author. Then, we sum up the time
taken (or number of resolves invoked) by all these 50
queries and divide it by 50 to report the average running
time (number of resolves called) for each threshold.

The top part of Fig. 4 plots the actual end-to-end execu-
tion timewhile the bottom part plots the number of calls to
resolve of eager-QDA and eager-ER for different values of
the GTE query threshold t. These are log-lin scale plots,
where t’s range is chosen to show the entire spectrum of
eager-QDA’s behavior. Note that the curves in Fig. 4 are sim-
ilar, thus demonstrating the fact that the calls to resolve are
indeed the bottleneck of eager-QDA and eager-ER.

As expected, for all the threshold values and all the
answer semantics, eager-QDA is both faster and issues fewer
resolves (than eager-ER). This is since the query-awareness
gives eager-QDA the ability to exploit the in-preserving
predicate property to add some records to the result-set
without the need to resolve their corresponding edges.

In Fig. 4, eager-QDA takes only 0.004 seconds when t ¼ 1
and all records satisfy the query threshold, whereas
eager-ER takes 0.52 seconds. This large saving happens
because for t ¼ 1 eager-QDA will label all nodes as in

and will not issue any calls to resolve. However, for
difficult thresholds, e.g., t ¼ 128, most nodes are
labeled maybe and there are many potential cliques
that can be added up to 128, which need to be
resolved. Thus, eager-QDA resolves 1,770 edges and
spends 0.2 seconds to answer the query, while eager-
ER takes 0.52 seconds. Note that the number of
resolves issued (and thus the time spent) is related to
the the number of potential cliques that may satisfy
the query. That is, whenever the number of potential
cliques that may satisfy the query decreases, the num-
ber of calls to resolve (and obviously the time) will
decrease and vice versa.

Experiment 2 (Answer Semantics). Fig. 5 presents the end-
to-end running time and the number of resolves called by
eager-QDA using (more strict) distinct and exact answer
semantics. Eager-QDA computes distinct semantics by first

Fig. 4. Eager-QDA versus eager-ER. Fig. 5. Answer semantics.
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computing the initial result set RS using eager-QDA with
representative semantics, then it de-duplicates RS. The
larger the cardinality of RS, the higher the extra cost is.
For instance, when RS is large (e.g., t � 1) the number of
resolve calls is also large. Eager-QDAwith the exact semantics
goes one step further and resolves all edges between the
records in RS and the remaining records and thus it is
more expensive than eager-QDA for distinct semantics.

Experiment 3 (Speed up of eager-QDA). Fig. 6 plots the
speed up of eager-QDA (using representative semantics)
over eager-ER for five different query types using four
different threshold values. The eager-QDA’s speed up over
eager-ER is calculated as the end-to-end running time of
eager-ER divided by that of eager-QDA.

Note that eager-QDA (for all queries and thresholds) is
always faster than eager-ER since eager-QDA exploits the
query to avoid calling some resolves while eager-ER
resolves all edges. Based on the query type and the
threshold value, eager-QDA can be from 1.2 to 100 times
faster than eager-ER.

As discussed in Experiment 1, the cost of calling resolve
is the dominant factor of the overall execution time. Thus,
the end-to-end execution time of eager-QDA depends on the
number of potential cliques which may satisfy the query
since these potential cliquesmust be resolved.

For instance, eager-QDA for LTE (�) takes slightly more
time compared to eager-QDA for GTE (yet, still 1.5 to 6
times faster than eager-ER) as eager-QDA using LTE can-
not exploit the in-preserving property to add records
that satisfy the query threshold to the answer set. How-
ever, it exploits the out-preserving property to remove
records from the answer. In this case, some of the edges
connected to these discarded nodes need to be resolved
because they might remove records from the answer if
they are declared duplicates.

The EQ (¼) predicate is very selective and the number
of relevant cliques that may satisfy the query is much
smaller than that for GTE and LTE cases. In the EQ case,
a relevant clique is either a clique that adds up to the
value of the query threshold t or a clique that contains a
sub-clique which adds up to t and at least one more node
with a value greater than 0. However, this is the well-
known NP-hard Subset Sum Problem and thus we imple-

mented a 3
4 linear approximation algorithm to find an

approximate subset sum (’ t). This approximation lead
to some unnecessary calls to resolve, and thus more time,
causing QDA for EQ to be slightly more expensive

compared to eager-QDA for GTE. Eager-QDA for EQ is 1.5
to 6 times faster than eager-ER.

In Fig. 6, range queries are tested using the predicate
p : t� 50 � cited � t. Recall that range queries are neither
in- nor out-preserving (see Table 2). Eager-QDA for range
queries is 1.2 to 6 times faster than eager-ER. It takes a bit
more time compared to eager-QDA using LTE since the
number of potential cliques which may change the query
answer in eager-QDA for range queries is slightly higher
because one potential clique may put record ri in the
answer and then another potential clique may remove ri
from it.

Finally, in Fig. 6 the predicate utilized to test categori-
cal queries is p : cited � t ^ venue ¼ ‘VLDB’. The number
of potential cliques which satisfy the query in this case is
much smaller when compared to all previous cases (viz.,
GTE, LTE, EQ, and Range) because p is very selective.
On the other hand, eager-QDA spends more time checking
for such cliques since they involve a categorical attribute.
eager-QDA for categorical queries is 7 to 10 times faster
than eager-ER.

Experiment 4 (Resolve Cost). Fig. 7 demonstrates the
importance of minimizing the number of calls to resolve,
especially when the resolve function is not cheap. This
experiment uses a smaller dataset of 448 publications
written by a prolific CS professor and tests 3 different
resolve functions of various costs. Function one is the
least expensive and uses a normalized edit-distance func-
tion to compare titles and authors. The second function is
more expensive and calculates Soft-TF-IDF for the titles
and Jaro-Winkler distance between the authors. The third
one is the most expensive: it computes TF-IDF for the
abstracts of the papers. Note that in general, modern
resolve functions can be even more expensive, e.g.,
involving ontology matching, web queries, etc. Fig. 7
demonstrates that the gap between eager-QDA and eager-
ER increases when the cost of <ðÞ increases. Thus, mini-
mizing the number of resolves is very important specifi-
cally for non-cheap resolve functions.

Experiment 5 (Applying Blocking). Fig. 8 studies the
effects of using/not-using blocking on both eager-QDA
and eager-ER. The top part of Fig. 8 plots the speed up
of eager-QDA over eager-ER while the bottom part of
that figure shows the percentage of resolves saved by
using eager-QDA instead of eager-ER. Note that when
no blocking is applied, all publications of an author are
put in one block.

Fig. 6. Speed up of eager-QDA. Fig. 7. <ðÞ cost.
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As expected, eager-QDA outperforms eager-ER
according in both comparison criteria, for all threshold
values—even when no blocking is applied. However,
eager-QDA’s performance with blocking is better than
its performance without blocking. This is since block-
ing removes some edges from consideration, thus caus-
ing the number of potential cliques which satisfy t to
decrease dramatically.

An interesting case is when t ¼ 1 and thus all records
satisfy the query threshold. In that case, eager-QDAwithout
blocking is 1,200 times faster than eager-ERwithout block-
ing; whereas eager-QDA with blocking is 100 times faster
than eager-ER with blocking. This is because, for t ¼ 1,
eager-QDA with blocking take comparable amount of time
to eager-QDA without blocking, whereas eager-ER with
blocking ismuch faster than eager-ERwithout blocking.

Experiment 6 (Edge Picking Strategy). Fig. 9 studies the
effectiveness of our edge-picking strategy. It compares
three different strategies in terms of their end-to-end exe-
cution time and the number of calls to resolve: (i) our
greedy policy, which chooses edges with higher weights
first, (ii) a random policy, which selects edges randomly,
(iii) an enumeration policy that enumerates all minimal
cliques and chooses the edge involved in the maximum
number of such cliques. Since the third approach is com-
putationally very expensive, we had to conduct this test
on a smaller dataset of 177 papers, written by the same
author, to make sure that the test terminates in a reason-
able amount of time.

As expected and shown in Fig. 9, the third strategy
tends to be very competitive in terms of the number of
resolves called, as it quickly reduces the edge-search
space. However, it is by far the worst strategy in terms of

the end-to-end execution time. This is because enumerat-
ing all minimal cliques is computationally very expen-
sive. In other words, this policy finds good edges, but it
spends way too much time to find them.

Thus, our greedy policy surpasses all other approaches:
it not only finds good edges that are able to quickly reduce
the edge-search space, it also finds themvery quickly.

Experiment 7 (Lazy-QDA versus lazy-ER). This experi-
ment compares lazy-QDA with lazy-ER in terms of the
number of resolve invocations. It uses the representative
semantics to compute the final answer. Note that, in this
experiment, we are being conservative by not using
blocking (viz., no blocking, see Experiment 5) to show that
lazy-QDA outperforms lazy-ER even in this difficult case.

Fig. 10 shows that lazy-QDA issues less resolve com-
pared to lazy-ER for all t values. Since lazy-QDA is cogni-
zant of t, it marks some edges as vestigial without

resolving them, whereas lazy-ER must resolve all OðjEj2Þ
edges in the graph. Note that, for very large thresholds
(e.g., t ¼ 16;384), lazy-QDA resolves only a small number
of edges in the first iteration. However, most of these few
edges “flip” to maybe edges in the “CCþ versus CC�”
test. Hence, to avoid too many iterations, lazy-QDA stabil-
izes the graph by resolving edges that are close to the
flipped edges.

Experiment 8 (Quality). Fig. 11 plots the quality reached by
eager-QDA, lazy-QDA, eager-ER, and lazy-ER when answer-
ing cited � t query for various values of t. To compute
quality, we use a standard quality metric called
F-measure. Specifically, the precision of an ER algorithm

A is computed as Pr ¼ jCA;Q \ CGT;Qj
jCA;Qj , where CA;Q is the set of

clusters returned by A that satisfy query Q, and CGT;Q

is the set of clusters in the ground truth which satisfy

Q. The recall is computed as Re ¼ jCA;Q \ CGT;Qj
jCGT;Qj . The

F-measure is computed as the harmonic mean of the preci-

sion and recall F ¼ 2PrRe
PrþRe .

In order to measure the quality accurately, we use a
synthetic dataset (where its ground truth is known) in
this test. This dataset is generated using an enhanced ver-
sion of the UIS data generator [20]. UIS has been applied
on a clean dataset of 100 tuples to generate datasets of
size 100 to 1,000 tuples by injecting various types of errors
in it. Note that we modified our resolve function <ðÞ to
make errors occasionally. That is, after resolving a pair
of records and returning the decision, it reverses its

Fig. 8. Blocking.

Fig. 9. Edge picking strategy.

Fig. 10. Lazy-QDA versus lazy-ER [#<ðÞ].
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decision intentionally to make a mistake. The percentage
of reversed decisions (that is, errors) is 5 percent. We
had to modify our resolve since otherwise all methods
will be very accurate and all will reach nearly perfect
quality. The majority of the introduced errors will merge
distinct nodes.

From Fig. 11 we observe that all algorithms reach very
high quality for small (1 to 16) and large (� 512) thresh-
olds. We also observe that the quality of eager-QDA and
eager-ER drops significantly when t ¼ 128 because of
their eagerness-to-merge behavior. Recall that, most
introduced errors merge distinct nodes and hence, con-
struct an incorrect cluster that satisfies the query (i.e.,
causing a drop in Pr).

Note that in this plot the results of CC-based strategies
(i.e., lazy-QDA and lazy-ER) turned out to be better than
those of Transitive Closure-based (i.e., eager-QDA and
eager-ER). However, this is not always the case in gen-
eral and the reverse might be true for different datasets,
e.g., see [18].

Experiment 9 (Lazy-QDA Deviation). In this test, we study
how close the results of lazy-QDA get to those of lazy-ER.We
measure this closeness in terms of the F-measure where the
results of lazy-ER are treated as the ground truth.

Fig. 12 shows that our tests of CCþ and CC� work
very well, as lazy-QDA reaches very high F-measure
values. Note that even when F-measure value drops to
0.95, lazy-QDA reaches about the same quality as lazy-ER
in Fig. 11—since they both make errors, some of which
are different.

6.2 Hotels Dataset Experiments

In this section, we run several queries on a real hotels
dataset, which is larger than the Google Scholar dataset
used in the previous section. This dataset includes hotels
information (e.g., hotel-id, hotel-name, hotel-address,
hotel-city, hotel-country, hotel-stars, hotel-price, etc.). It
contains 184,169 hotels where almost 40 percent are
duplicates.

We use min-hashing [22] to generate a signature for each
record (i.e., an array of integers where each integer is gener-
ated by applying a random hash function to the hotel-name
of the record). Afterwards, we use locality-sensitive hash-
ing [17] to place records with high similarity into into 1,000
big blocks. Next, we apply the same blocking technique
used in the previous section to further partition these big
blocks. That is, we partition the records in each big block

into smaller blocks based on the first two letters and the last
two letters of the hotel’s name. Thus, if the names of two
hotels in one big block match in either the first or last two
letters then they are put in the same small block.

We implemented a pairwise resolve function which oper-
ates on two records to decide whether they are duplicates. It
uses Soft-TF-IDF to compare the names of hotels.

We can classify the different queries used in these tests
into three different classes.

1) Class one—Inexpensive good hotels in the US. Queries in
this class consist of the three predicates p1 : price �
t1, p2 : stars � t2, and p3 : country ¼ ‘US’. Thus, these
queries consist of three triples: an in-preserving tri-
ple t1 ¼ ðprice � t1; MIN; priceÞ, an in-preserving tri-
ple t2 ¼ ðstars � t2; MAX; starsÞ, and an in-preserving
triple t3 ¼ ðcountry ¼ ‘US’; EXEMPLAR; countryÞ. From
Table 2, we can see that the resulting combination
t1 ^ t2 ^ t3 is in-preserving.

2) Class two—Overpriced hotels. Queries in this class con-
sist of the two predicates p1 : price � t1 and
p2 : stars � t2. Hence, such queries consist of two tri-
ples: an out-preserving triple t1 ¼ ðprice � t1; MIN;
priceÞ and an out-preserving triple t2 ¼ ðstars � t2;
MAX; starsÞ. From Table 2, we can see that the result-
ing combination t1 ^ t2 is out-preserving.

3) Class three—Poor quality hotels. Queries in this class
consist of the two predicates p1 : stars � t1 and
p2 : country ¼ t2. Therefore, these queries consist of
two triples: an out-preserving triple t1 ¼ ðstars � t1;
MAX; starsÞ and an in-preserving triple t2 ¼
ðcountry ¼ t2; EXEMPLAR; countryÞ. From Table 2, we
can see that the resulting combination t1 ^ t2 is nei-
ther in- nor out-preserving.

Experiment 10 (In-preserving Triples). In this test, we
compare eager-QDA (using the representative answer
semantics) versus eager-ER. This test shows the effects of
testing for vestigiality by using four queries that belong
to class one. Fig. 13 plots the number of resolves invoked
by eager-QDA and eager-ER for all four queries.

As expected, eager-QDA outperforms eager-ER since
eager-QDA is aware of the query thresholds while eager-
ER is not. This thresholds awareness gives eager-QDA the
ability to exploit the in-preserving predicate property to
add some records to the result-set without the need to
resolve their corresponding edges.

In Fig. 13, when the range of the stars rating is large (as
in Q1 and Q2), we can observe that when the price

Fig. 11. Quality of algorithms. Fig. 12. Lazy-QDA deviation.
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increases the number of calls to resolve decreases. This is
because the number of records which satisfy the query
increases and thus many records are labeled in causing
the edges connected to them to be vestigial.

However, when the range of the stars rating is not
large (as in Q3 and Q4), we can see that when the price
increases the number of calls to resolve neither increases
nor decreases. This is because the majority of records are
labeled maybe and there are many potential cliques that
can satisfy the query.

Experiment 11 (Out-preserving Triples). This test uses
two queries that belong to class two to compare eager-QDA
(using representative answer semantics) and eager-ER.
Fig. 14 shows the number of resolves invoked by eager-
QDA and eager-ER for the two queries.

Eager-QDA is superior to eager-ER for both queries.
However, herein, eager-QDA issues a higher number of
resolves compared to eager-QDA in the previous test.
This is because, here, eager-QDA can only exploit the
out-preserving property to remove records from the
result-set. Recall that, some of the edges connected to
these discarded nodes need to be resolved because
they might remove records from the result-set if they
are duplicates.

Note that the curves of Q5 and Q6 look alike since the
two predicates are opposites. That is, when p1 is satisfied,
p2 is not, and vice versa. For example, in Q5, there are
not many hotels with price � 200 and stars � 1; thus,
many nodes are labeled out and the edges connecting
these nodes are vestigial. In contrast, in Q6, there are
many hotels with price � 200 and stars � 3; however,
there are not many potential cliques that can remove
them from the answer. As a result, many of the edges
connected to these nodes are vestigial.

Experiment 12 (Neither in-/out-preserving Triples).
This experiment uses two queries that belong to class three
to compare eager-QDA versus eager-ER. Fig. 15 demon-
strates the number of calls to resolve by both eager-QDA and
eager-ER for these two queries.

As shown in Fig. 15, eager-QDA outperforms eager-ER
for both queries. Note that the number of resolves called
in this test is relative to the number of hotels that are
located in the country. That is, the more hotels in the
country, the larger the number of potential cliques
that may alter the answer, and thus the more resolves
that need to be called.

7 CONCLUSION AND FUTURE WORK

In this paper, we have studied the query-driven ER
problem in which data is cleaned “on-the-fly” in the con-
text of a selection query. We have developed QDA, which
efficiently issues the minimal number of cleaning steps
needed to accurately answer a given selection query. We
formalized the problem of query-driven ER and showed
empirically how certain cleaning steps can be pruned.
This research opens several interesting directions for
future investigation (e.g., developing solutions for effi-
cient maintenance of a database state for subsequent
querying).
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