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Abstract

Entity resolution (ER) is the process of identifying records in a database that
refer to the same real world entity. We consider various aspects of the entity
resolution problem:

e We present multiple methods for efficiently distributing the ER workload
across multiple processors and provide guidelines on when to use each
method.

e We explore the use of blocking on multiple criteria at once to reduce the
runtime of processing, while minimizing a loss of accuracy. We propose an
efficient technique for performing multiple blocking when the full record
set is too large to fit in memory at once and must therefore be stored on
disk.

e We present new locality sensitive hashing schemes based on minhash for
new data types, including maps, sets with weighted values, and compos-
ite data types. These hashing schemes can be used in conjunction with
blocking techniques for entity resolution.

e We describe ER on data with confidences and provide efficient meth-
ods of handling the confidences, introducing the concepts of confidence
thresholds and domination.

e We explore how the results of ER algorithms are evaluated against a gold
standard result, and propose a new, configurable distance measure that

v



provides an infuitive method of adapting the measure fto any given ER
application.

Vi
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Chapter 1

Introduction

1.1 Entity Resolution

Entity resolution (ER) is the identification of records in a database that refer
to the same real-world entity. The process of entity resolution is required in
most information-integration tasks.

Consider, for example, when two large companies merge and wish to com-
bine their customer databases. It is highly likely that the two companies
shared many customers. It is highly unlikely, however, that the shared cus-
tomers are referred to in precisely the same way. Suppose both companies
have Oracle Corporation as a customer. Company A may simply call this cus-
tomer "Oracle”, whereas Company B may call it "Oracle Corporation”. Or, per-
haps Company B did business with many individual branches of Oracle. In that
case, Company B may have separate accounts for their dealings with "Ora-
cle, Redwood Shores, CA" and "Oracle Corp, Bethesda, MD". Performing entity
resolution on these databases would entail determining what the real world
entities are, and which records in each database refer to each real world en-
tity.

The main task of entity resolution is finding matching records. However,
there still remains the question of what to do with matching records once
they are discovered. For some applications, it may suffice to simply retain

1



2 CHAPTER 1. INTRODUCTION

the records in their original form, with the added knowledge of which records
refer to the same entity. For the application of merging customer databases,
however, we may want to combine all the records for a given entity into a
single composite record that represents the entity. As we will discuss later,
combining records can have an effect on the process of discovering matches
as well.

The entity resolution problem has the deceptive appearance of simplic-
ity. It is clear to humans that in the above example, "Oracle” and "Oracle
Corporation” refer to the same company. However, it is unreasonable to ex-
pect humans to solve this problem manually on large databases. Computers,
on the other hand, have the computational power necessary to handle large
databases, but they lack the human intelligence that allows us to link up the
Oracle records, yet might cause us to think twice before linking "Apple” and
“"Apple Records”. Further, entity resolution is fundamentally an O(n?) process,
since, in the absence of heuristics, every record must be compared against
every other record. So while computers can handle larger databases than hu-
mans, they too will have trouble quickly performing entity resolution on very
large databases.

Entity resolution is not only difficult. It is also an important problem, and
has applications in many fields. Comparison-shopping websites such as Yahoo!
Shopping attempt to present the user with the lowest price for any given
item. Such a website must necessarily aggregate price information feeds from
many different vendors and identify the distinct items for sale. Another
example would be a news aggregation website such as Google News. A news
aggregation site must present to the user a small subset of the available news
items. Presenting two different articles that cover the same story would be
a waste of space. Further, knowing which articles cover the same story allows
the implementation of a feature for the user to see more articles covering a
particular story of interest. Finally, entity resolution has applications in law
enforcement. For example, a crime-fighting agency may have a long list of
known evildoers, and may want to match it up against other databases. The
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applications are indeed widespread. Perhaps because the entity resolution
problem has been encountered in many diverse fields, it has come o be known
under many different names, including merge-purge, reference reconciliation,
and record linkage.

1.2 Model

In entity resolution, our task is to determine:

1. the number of real-world entities in the input data, and
2. which pieces of information in the input data refer to the same real-
world entity.

We define the entity resolution problem formally as follows. An ER problem
consists of a set I of N input records. The structure of a record is not impor-
tant. Records may be tuples, XML fragments, or even multimedia data types
such as images or videos. For the purposes of demonstration, we will gener-
ally represent a record as a collection of fields with values. We do assume,
however, that each record refers to one real-world entity.

The result of an ER algorithm is a partition of I. A partition of aset Sisa
set of sets {si,s2,53,...,5a} such that:

1. U'S| = S,
2. for all pairs s;, s, siNs; = @, and
3. forall sets s;, s; 2 @.

We refer to each s; as a cluster. Although clusters are sets, we will denote
them using (,) to distinguish them from sets that are not to be understood as
members of a partition. As an example, the partition{(a,b, c), (d, e)} identifies
two real-world entities, with records a,b,c representing the first, and d,e
representing the second.

Some ER algorithms return the resulting partitions directly; others go one
step further and merge the records within a cluster into a single representa-
tive record. (In addition to the representative record, these algorithms can
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also return the identities of the original records that form the cluster, i.e.,
the lineage.)

Note that entity resolution is naturally a clustering problem, as the input
records are partitioned into clusters. In Section 1.5.1, we briefly review clus-
tering algorithms, but for now, observe that not all clustering algorithms make
good ER algorithms. For example, some clustering algorithms take as input the
desired number of clusters, which is not reasonable for ER, since we generally
do not know in advance the number of real-world entities represented in the
input data.

1.3 Pairwise, Iterative Approach

Some of the work in this thesis (specifically, the work of Chapters 3 and 6) can
work in conjunction with any ER algorithm. However, in Chapters 2 and 5 we
focus on particular ER algorithms, and in this section we provide an overview of
the pairwise, iterative approach they follow. (The pairwise, iterative approach
to entity resolution is fully described in [11].)

In the pairwise approach, we consider one pair of records at a time and
make a decision whether or not they refer to the same real-world entity.
There are many techniques for making this decision, so we abstract the de-
cision into a Boolean black-box match function. The match function, M(r,s),
returns true if records r and s refer to the same real-world entity, and false
otherwise. For shorthand, we will often use the # symbol to indicate that two
records match (i.e. r # s < M(r, s)).

Suppose that we have a simple match function that declares a match when
the names have a "decent” level of similarity and at least one other field is an
exact match. Now consider the following records:

r1 = { name: Garcia-Molina, job: Professor }
r2 = { name: Hector, phone: 650-555-1212, job: Professor }
r3 = { name: Hector Garcia Molina, phone: 650-555-1212 }
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Records riy and r, match exactly on their job fields, but the names are not
similar at all. So our match function would decide that r; % r,. Comparing
further, we find that r; % r; as well. The names have a decent amount of
similarity, but no other field is an exact match. Finally, when we compare r;
with r3, we find that they indeed are a match, since the records share some
similarity in the name field, and match exactly on phone number.

A simple pairwise approach to entity resolution might therefore conclude
that rz and r; refer to the same person, but r; refers to a different person.
Note, however, that if we combine the information from r; and r3, we might
obtain a record that blends the attributes from the two records, such as:

rz3 = { name: Hector Garcia Molina, phone: 650-555-1212, job: Professor
}

Now, record rz; & ri, even though neither of the original records matched
with ri. This example motivates the iterative approach: once we find matching
records, we can combine them and look for more matches. We therefore
invoke one more abstraction: a merge function. The merge function p(r,s)
returns a single record that combines the information in records r and s. The
merge function is defined whenever r & s. We can then perform pairwise,
iterative entity resolution on a collection of records using the match function
to find matching records, and the merge function to combine them. As with
the match function, we employ a shorthand to represent the merge of two
records: p(r,s) = (r,s). This notation intfroduces some ambiguity with the use
of angle brackets to denote clusters, however it will be clear from context
which meaning is intended.

Since the match and merge functions are black-box functions, a completely
general entity resolution algorithm would not assume anything about their op-
eration. However, the functions may satisfy some useful properties, and if
they do, we can exploit these properties to perform entity resolution more
efficiently. Benjelloun et al. [11] describe four such properties, called the
ICAR properties. We repeat the definitions of these properties here, as the
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chapters in this thesis will refer to them later.

Commutativity: ¥ry,ra, ri & rp iff r; 2 rq, and if ry ® r, then (ri,r;) =
(ra,r1).

Reflexivity/Idempotence: Vr, r # rand (r,r) = r.

Merge representativity: If r3 = (ry,rz) then for any r4 such that rq % ry,

we also have r3; % ry.

Merge associativity: ¥ry, rz,r3 such that both (rq, (rz,rs)) and ({ri,rz),rs)

exist, (ry, (rz,r3)) = ({ry,r2),rs).

1.3.1 Domination

During entity resolution, we may generate merged records that do not carry
additional information, relative to other records. In our example, record r,;
has all of the information contained in r, and r3. Once rz;3 is found, there is
no longer any need for records r; and r3. Further, should record ry; later be
merged with ri, then both of these two records may no longer be necessary as
well. We call the unnecessary records dominated.

Benjelloun et al. [11] fully discuss this concept and note that any partial or-
der on records may be used as a definition of domination. In the case where all
ICAR properties hold, however, the authors recommend the use of a specific
form of domination called merge domination.

Definition 1.3.1. Given two records, ry and rz, we say that ry is merge domi-
nated by rz, denoted ry < rp if (ri,rz) = ro.

When the ICAR properties do not hold, other domination orders may be
more appropriate.

1.3.2 Defining Pairwise ER

We are now ready to define the result of entity resolution within the pairwise
context.
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Definition 1.3.2. Given a set of input records R, an entity resolution of R is a
set S of records such that:

e Any record in S is derived (through merges) from records in R;

e Any record that can be derived fromR is either in S, or is dominated by
arecordinS;

e No two records in S match, and no record in S is dominated by any other.

Benjelloun et al. [11] show that when the ICAR properties hold, the entity
resolution of R is unique. We can therefore denote the entity resolution of R
as ER(R).

1.4 Correctness and Comprehensiveness

Another question related to entity resolution is what the “"correct” result is.
We define two separate concepts dealing with this issue.

The first is a practical concept we simply call correctness. It is ultimately
humans who will be the consumers of the result of an entity resolution process.
Therefore, it is reasonable to define the correct result in terms of human in-
put. We can define the correct answer to be the result of putting a group
of human experts to the task of solving a given entity resolution task. Gen-
erally, researchers test their entity resolution algorithms on datasets that
come with a human-generated gold standard for a subset of the data. They
can then run their algorithms on the same subset and decide how close their
results are to the human-generated answer. It is generally assumed that if
an algorithm delivers good results when run on a subset of the data, it will
perform comparably on the entire data set.

The second concept we define is called comprehensiveness. Definition 1.3.2
gives us the result of an exhaustive ER algorithm using the pairwise approach.
If we assume that the match and merge functions are decent, then we can con-
sider ER(R) as the gold standard. Comprehensiveness is therefore a measure
of how close an algorithm's result is fo ER(R).
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Both correctness and comprehensiveness give us a gold standard that we
can use to evaluate the quality of ER results. There are many techniques for
putting a number on the closeness of a result fo the gold standard, and a
complete discussion of this topic is presented in Chapter 6.

1.5 Related Work

The chapters of this thesis cover different aspects of the central theme of
entity resolution. Therefore, each chapter will have its own related work sec-
tion that covers the related work specific to that chapter. There is, however,
a great body of work on entity resolution in general, which we will cover here.

The earliest reference to this problem that we have found is the work
of Newcombe et al. [69, 70] on the problem of “record linkage" in gathering
statistics from medical records. The problem was formalized by Fellegi and
Sunter [37] in 1969. Hernandez and Stolfo [46] have described the sorted-
neighborhood method for the "merge/purge” problem. Numerous surveys have
also been published on the latest techniques in entity resolution [90, 41, 91,
36].

While our work takes a generic approach, abstracting away the pairwise
decision process into a black-box match function, numerous works are related
to the construction of a good match function. A common component of match
functions for text data is edit distance, which was first proposed by Sell-
ers [76]. Edit distance has many variants, and Winkler [94] has described a
good variant specific to the application of entity resolution. The technique of
g-grams [24] is also a useful component. Cohen [27] has used TF-IDF as part
of a match function.

Since the best match function to use may be difficult to find, many works

consider the use of machine-learning techniques to entity resolution. Bilenko
et al. [17] demonstrate how machine learning may allow the match function
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to be refined as entity resolution proceeds. Similarly, Sarawagi and Bhamidi-
paty [74] used active machine learning for entity resolution, allowing a human
expert to assist with training. Verykios et al. [84] have applied Bayes networks
to the task, and Singla and Domingos [77] applied the techniques of conditional
random fields fo allow decisions made for one pair of records to have an effect
on the decision made for other pairs.

1.5.1 Clustering-Based ER

Since entity resolution is a clustering problem, it is natural o approach the
problem with the use of existing clustering techniques. First, we mention that
the well-established k-means [60] and CURE [43] techniques can only be used
in the case where records can be mapped onto a Euclidean space. Records
often contain strings, which are challenging o map onto a Euclidean space.

One important characteristic of a clustering algorithm is its “decision lo-
cality”: can the decision of whether two records belong in the same cluster be
made only by looking at the two records, or does it require more global infor-
mation? The pairwise, iterative approach we use in Chapters 2 and 5 uses local
decisions: the match function only needs two records to decide if the records
go into the same cluster and should be merged. Dong et al. [34] also use a
pairwise approach that uses only local decisions for the merging of records.

Of course, entity resolution is not only done with local merge decisions. In
hierarchical clustering [53], used with entity resolution by Bhattacharya et
al. [16, 15], the closest pair of clusters is merged in each iteration—a global
decision. Partition-based clustering techniques [6, 25] define desirable prop-
erties on clusters and then search for partitions that maximize the degree to
which these properties are satisfied. Again, partition-based techniques make
global decisions when choosing candidate partitions.

As a rule of thumb, we would expect clustering techniques that use global
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decisions to outperform the pairwise approach in terms of correctness, where-
as the pairwise approach generally allows optimizations that improve the run-
time of obtaining the ER result.

The algorithms presented in Chapter 3 work in conjunction with any ER
algorithm, so any clustering technique can be plugged directly into those algo-
rithms. Chapter 4 presents locality-sensitive hash function families that could
come to the assistance of many global clustering algorithms. The clustering
technique presented by Chaudhuri et al. [25], for example, makes use of an
index for finding the nearest neighbors of a given record. This index could
easily be implemented using LSH with the minhash extensions of Chapter 4.
Chapter 6 presents measures for evaluating the results of entity resolution
algorithms. Since these measures are independent of the method used to
generate an ER result, they apply to the results of any ER algorithm.

1.6 Problem Statement

In summary, ER is both a difficult and important problem, and it is encountered
in many fields. A fundamental problem is that ER is inherently expensive: sim-
ply applying the match function to all record pairs is an O(n?) computation.
Generally, this complexity creates a tradeoff between performance and ac-
curacy. This thesis will discuss various aspects of this problem. We will now
continue to discuss the contents of each chapter individually.

Chapter 2 presents the D-Swoosh algorithm, or more precisely, the D-
Swoosh framework for performing entity resolution on multiple processing
nodes. The D-Swoosh framework distributes the workload using two func-
tions: scope, which determines the nodes that a given record should be sent
to, and resp, which determines the node that is responsible for performing
the comparison of a given pair of records. If the scope and resp functions
satisfy certain properties, then D-Swoosh will return the correct entity reso-
lution result. The speed at which the algorithm arrives at the result, however,
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may depend other properties of these two functions. This chapter presents
the D-Swoosh framework along with a few scope and resp functions, and then
compares the performance of D-Swoosh with these functions on various met-
rics.

Chapter 3 explores the application of blocking, a well known technique for
reducing the runtime of entity resolution. Blocking is the division of the input
records into buckets, using the assumption that records that fall into differ-
ent buckets do not refer to the same entity. Blocking is relatively simple to
implement for a single blocking criterion, but the algorithms in this chapter
all support blocking on multiple criteria. Since blocking is especially useful on
large data sets, this chapter proposes a disk-based algorithm that efficiently
computes entity resolution using blocking even under the assumption that not
all records can fit in memory at once.

Chapter 4 focuses on minhash and locality sensitive hashing. Locality sen-
sitive hashing is a technique for finding similar data items, and as such is very
useful in an entity resolution context (most of the blocking schemes from
Chapter 3 use a family of locality sensitive hash functions defined by min-
hash). One drawback of locality sensitive hashing is that it relies upon the
existence of a family of locality sensitive hash functions that has a close rela-
tionship with the similarity measure being used. Minhash, for example, defines
a family of locality sensitive hash functions work well when data items are be-
ing compared using the Jaccard similarity of sets. Locality sensitive hashing
cannot help if such hash functions do not exist for a specific application's sim-
ilarity measure. This chapter expands the set of known LSH function families,
providing LSH families for data types beyond sets and vectors. Specifically,
this chapter extends minhash to define LSH function families for sets with
weighted values, maps, and data types composed of other LSH compatible
data types.

Chapter 5 extends the entity resolution problem to data with confidences.
Confidence values on data can be introduced either via the base records (where
some sources may be trusted more than others), or via the uncertainty of the
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match and merge process. This chapter defines the result of entity resolution
on data with confidences, presents various algorithms for computing the re-
sult, and explores crucial techniques for speeding up the processing of entity
resolution on such data: pruning records below a confidence threshold, and
pruning “dominated” records.

Chapter 6 explores methods for evaluating the results of an entity resolu-
tion algorithm. A standard technique for evaluating ER results is fo compare
an algorithm’s results to a gold standard. There are, however, many (often
conflicting!) ways to evaluate the distance from a result to the gold standard.
Although one measure is more popular than the rest, there is no clear reason
for it to be used as a standard for all applications. This chapter proposes a
new measure (called merge distance) for evaluating entity resolution results.
Merge distance is configurable via two functions, which can be used to create
a measure tailor-made for a particular application. This chapter also shows
that two existing ER measures are in fact special cases of merge distance.

Finally, in Chapter 7, we summarize the results of this thesis and discuss
future directions in solutions to the entity resolution problem.



Chapter 2

Distributed Swoosh

2.1 Introduction

There are generally fwo ways to deal with the extremely high computational
load of ER: One is to "partition” the problem using semantic knowledge and the
other is to exploit multiple processors. For example, in a comparison-shopping
application, we may have a collection of records representing products, and
each record may have a field indicating the category of the product. We can
divide our product records by category (CDs, MP3 players, cameras, etc.), and
then only try to match records in the same category (possibly with some over-
lap between partitions, e.g., if products have multiple categories). Here we are
using the knowledge that records in different categories will never match. Of
course, in some applications we may not have such knowledge, or we may not be
willing o assume that the categorization is perfect. But even with semantic
knowledge, there may still be many comparisons to perform because the re-
sulting categories or buckets are still relatively large. Thus, we believe that
the second option, parallelism, will be essential in many applications. In this
chapter we focus on techniques for distributing the ER process over multiple
processors, both for the case where we have no semantic knowledge, and the
case where we have ways of partitioning the problem.

13
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2.1.1 Overview of Our Approach

To motivate our approach, and to illustrate some of the challenges faced,
consider the following simple example. Say we have 6 input records, ro through
rs. Figure 2.1 shows one possible ER outcome for this example, assuming we run
on a single processor. After comparing the input records, we discover that ro
and r3 match, so they are merged into rs. The new record then matches with
rs; the resulting merged record is rg. In this example, r, and rs also merge,
into record ry. The final answer is {ry,rs,rs}, where none of these records
match any further.

Figure 2.1: A sample run of Entity Resolution

Say we want to distribute this ER processing over three processors, Po,
P1 and P,. The problem is analogous to performing a distributed self-join in
a database system: we wish to distribute the records to the processors so
that the comparisons are done in parallel. However, there are two important
differences with joins:

e With a join, the match function is simple and known, so we can exploit
this knowledge. For example, if the common join attribute is X, we can
distribute records with X < 10 to one processor, those with X > 10 to
another, and comparisons will be localized to one processor. With ER, we
may not know anything about the match function, so we need to develop
mechanisms that work in general.
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e With ER, unlike joins, there is a "feedback" loop where merged records
need fo be re-distributed and compared to other records.

To address these issues, we use a general distribution function we call
scope. That is, scope(r;) gives us the set of processors to which r; will be sent.
For example, Figure 2.2 shows one possible scope function. Note that this
scope function can be expressed by scope(r;) = {P;,Pc} where j = i mod 3, and
k=(i+1)mod 3.

(Po [P [P
ro | ro
re | r
ra ra
rs | rs
rg | g
rs rs
re | e
rz | ry
rs rs

Figure 2.2: One possible scope function

Notice that for every pair of records, there is at least one processor that
has both records. For example, the pair ro,r; is at Po, and the pair ro,rs is at
Po and P;. Thus, if each processor executes all match comparisons on records
in its scope, we will not miss any comparisons. Our algorithm will proceed by
distributing the input records to processors using the scope function. Then
each processor will apply the match function to the pairs of records it has.

Of course, with this scheme we may perform redundant comparisons, e.g.,
in our case, the ro, r3 comparisons would be performed by both Py and P;.
To avoid redundant comparisons we also introduce a responsible function (de-
noted resp): processor Py will apply the match function to ri and r; only if it
is in the scope of both records, and resp(Pk, ri, r;) is true. Intuitively, the re-
sponsible function needs to compute the set of processors that will have both
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ri and rj, and then deterministically choose one of them, without overload-
ing some processors. Since the responsible function typically performs simple
arithmetic (or more basic) operations, it is much cheaper to compute than the
match function, and hence the saving can be significant. In Sections 2.4.1 and
2.4.2, we provide several instances of scope and resp functions.

When a processor finds a match among its records, it computes the merged
record and distributes it so that the new record is compared against all exist-
ing records. Thus, scope and responsible functions should work with merged
records, and guarantee that no matches are missed. However, even with a good
responsible function, it will be impossible to avoid all redundant work due to
the concurrent execution of related comparisons. To illustrate this unavoid-
able redundancy, suppose that three records ri, rj and ri all match pairwise.
Say that processor Pg is responsible for the rj, r; comparison, processor P; for
the ri,ri pair, and P, for the rj, ry pair. Each processor in parallel will discover
a match and will merge its pair of records. The three resulting records, ryj, rix
and ry are distributed, and compared again, and each pair of the new records
could be the responsibility of a different processor. Each of these proces-
sors will then independently compute the same merged record riy (recall that
merge order is not important). Thus, rij is generated three fimes. Our al-
gorithm will eventually remove the duplicate copies, but we have performed
more work than necessary to get rij. Depending on the timing of events, some
of the redundant work may be avoided, but there is always the potential for
redundancy. As a matter of fact, adding processors beyond some limit may be
counterproductive, as it may lead to more redundant work and more commu-
nication overhead. One of our goals here is o empirically study these issues,
and to evaluate how much redundant work may be done in practice.

If we have semantic knowledge, we may develop scope and responsible func-
tions that reduce the number of comparisons, analogous to what is done with
joins. For instance, if product records can only match if their "price” attribute
is numerically close, we can design a scope function that assigns records to
processors by price, so a processor only gets records whose price is close.
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We discuss scope and resp functions that exploit semantic knowledge in Sec-
tion 2.4.2.
In summary, the contributions we make are:

e We define the problem of distributed entity resolution, for the case
where black-box match and merge functions are used (Section 2.3).

e We present a generic, distributed algorithm, D-Swoosh, that runs ER on
multiple processors using scope and responsible functions, and computes
the correct answer (Section 2.3.2).

e We suggest a variety of scope and responsible functions, some for sce-
narios with no semantic knowledge, others that exploit knowledge that
often arises in ER applications (Section 2.4).

e We present metrics to evaluate distributed ER, and conduct a detailed
evaluation of D-Swoosh and the various scope and responsibility func-
tions on a 15 processor testbed, using comparison-shopping data provided
by Yahoo! (Section 2.5). Our results show that the ER process can take
advantage of parallelism with great benefit.

Related work is presented in Section 2.6. Section 2.7 is our conclusion.

The contents of this chapter are joint work with a team of researchers:
Benjelloun, Garcia-Molina, Gong, Kawai, Larson, Menestrina, and Thavisomboon.
This team published this work in ICDCS 2007 [12]. The author of this thesis
played a significant role in all aspects of the work, including the development
of algorithms, coding, and experimentation.

2.2 Preliminaries

Section 1.3 describes the pairwise ER model that we use in this chapter, in-
cluding the four ICAR properties. Since we assume all four ICAR properties,
we will be using merge domination as the domination order for the remainder
of the chapter. We will therefore shorten the name and simply refer fo it as
"domination”.
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The work in this chapter is based on the R-Swoosh algorithm presented by
Benjelloun et al. [11]. R-Swoosh is an optimal algorithm for performing entity
resolution on a single processor when the ICAR properties hold. R-Swoosh
incrementally processes the input records, while maintaining a set R’ of (so
far) nondominated, nonmatching records. R-Swoosh performs a merge as soon
as a pair of matching records is found, puts the resulting record back into the
input set R, and deletes the pair of matching records immediately.

To illustrate the operation of R-Swoosh, consider a run on the records
from the example in Section 2.1.1, supposing the records are processed in the
order of their identifiers. We take ro and compare it against records in R’.
Since R’ is initially empty, there are no matches with ro, so ro is moved to
R’. Next, rq is compared against records in R’, i.e., against ro. In our example
(Figure 2.1), there are no matches, so r; is also moved to R’. Record r; is
moved to R’ in a similar fashion. When r;3 is compared against R’, we discover
that ro and r3 match. Therefore, r¢ = (ro,rs3) is added to R, and rp and r; are
removed from R’ and R, respectively. Next, r4 is processed and added to R,
rs is processed generating r; = (rz,rs), which is added into R; r¢ is processed
generating rg = (r4,re) into R. The remaining R records are processed and
moved to R’. At the end, R’ holds ER(R) = {r;, r7, rg}.

2.3 Distributed ER

In this section, we extend the R-Swoosh sequential algorithm for generic ER
to be distributed, in order to run in parallel on multiple processors. We start
by defining the primitives needed to capture distribution, then present the
algorithm.
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2.3.1 Distribution Primitives

Our p processors are P = {Po,...,P,.1}. As mentioned in Section 2.1, we in-
troduce a "scope” function to distribute records across processors and a “re-
sponsible” predicate to reduce redundant work, by deciding which processors
are responsible for which comparisons. These are defined formally as follows.

Definition 2.3.1. A scope function is a function from R, the domain of rec-
ords to 27 that assigns to each record r a subset scope(r) of the proces-
sors. A responsible predicate is a Boolean predicate over P x R x R. When
resp(Pi,r,r’) = true, we say that processor P; is responsible for the pair of
records (r,r’). Scope and resp satisfy the following "coverage” property.
Coverage property: For any pair of matching records r,r’, there exists at
least one processor P; such that P; € scope(r) N scope(r’) and resp(P;,r,r’) =
true.

Interestingly, the coverage property is related fo the distributed mu-
tual exclusion problem [32]. We can think of record r as a process that
“locks" the processors in its scope. Since r’ also locks its scope, and since
scope(r) N scope(r’) is not empty, then r and r’ are mutually excluded. Thus,
requiring scopes fo intersect (so every pair of matching records is compared)
is equivalent to requiring the locks to conflict on at least one processor. Any
coterie [39] (roughly, a set of groups such that any two groups share at least
one element) used for mutual exclusion can hence be used for guaranteeing
coverage in our context. However, we only want coteries that distribute the
workload evenly, since we are doing expensive record comparisons and not lock-

ing.
Distributed Computing Model

We make the standard assumptions about our distributed computing model:
First, we assume that no messages exchanged between processors are lost.
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Second, we assume that messages sent from one processor to another are re-
ceived and processed in the same order as they are sent (this can be achieved
easily by numbering the messages). Finally, we assume that processors are
able to use an existing distributed termination detection technique to detect
that they are all in an idle state (see, e.g., [22]).

2.3.2 The D-Swoosh Algorithm

We are now ready to give our general algorithm for distributed ER. Algo-
rithms 2.1 and 2.2 together asynchronously run a variant of the R-Swoosh
algorithm at each processor P;. Initially, each P; receives the records in its
scope. Each P; maintains a set R/ of nondominated, nonmatching records. The
processor also keeps a set D; of the records it knows have been deleted.

There are two types of messages sent between peers in D-Swoosh: add
record and delete record. We will represent a message instructing a processor
to add a record r with the notation +(r). Likewise, a message instructing a
processor to delete a record r will be written as -(r).

When a new (added) record r is received by P;, it is successively compared
to every record r’ in R, provided P; is responsible for that comparison. If a
match is found, the matching records are merged immediately, and messages
are sent to the relevant processors (identified through the scope function)
instructing them to add or delete records. If no match is found, then r is
added to R!.

Note that if the new merged record (r,r’) is identical to either r or r’,
then not all the messages are sent out. Furthermore, if (r,r’) is equal to r,
the record we are processing, we continue processing r. If no match is found
with any of the R! records, r is added to R!. The algorithm terminates when
all processors have resolved all the records in their scope, and the messages
they sent have been received and processed. The final answer is the union of
the R! sets at the processors.

Consider running D-Swoosh on our 6 record example dataset. Recall that
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our example scope function (Figure 2.2) assigns to Py records {ro,rz,rs,rs},
while P; gets {ro,ri,r3,ra} and P, gets {ry,rz, rs, rs}. Let us focus on the actions
at Po. Say Pg is responsible for the rg,r; comparison, but not the r;,rs one.
When Py merges ro,rs into re, it sends -(ro), -(r3) messages to itself and P,
(the processors that have these records in their scope). It also sends +(re) to
the processors in scope(rs), i.e., Po and P;.

In the meantime, Py will be getting messages from other processors. For
example, the processor responsible for the pair rz, rs will send to Py messages
-(r2), -(rs) when those records merge. As the messages arrive at Po, they
are processed. For instance, when the -(r,) message arrives at P, record r;
is removed from R{, if it is there. Note that r, may not be in R}, e.g., the
initial +(r2) message may not have arrived. This is why the -(r;) message is
“remembered"” in the set Do: when r; finally arrives, it will be ignored because
rz is in Do. Records rg and r4 will be merged at processor P; to form rg, +(rs)
will be sent to processors ro and rs.

Input: A set R of records
Output: A set R’ of records

Initialization:
VP,‘, RI/ —
VP.’, Di — o
Vr € R send(+(r), P;) to every processor P; in S(r)

Termination:
Detect that all processes are idle
return Up R/

Algorithm 2.1: D-Swoosh Initialization and Termination

Theorem 2.3.2. Given a set of records R, the D-Swoosh algorithm terminates
and computes ER(R).

Proof. Benjelloun et al. [11] show that, given a set of records R, ER(R) is com-
puted by any maximal derivation sequence of R. A derivation sequence is a
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on receive(+(r), P;):
if r not in (R/ U D;) then
for all records r’ in R! such that resp(Pi,r,r’) do
if r & r’ then
P — <r.' I"/>
if r” = r then
VP; € scope(r’), send(-(r’), P;)
else
if r’” 2 r’ then
VP; € scope(r’), send(-(r"), P;)
VP; € scope(r”), send(+(r"”), P;)
end if
VP; € scope(r), send(-(r), P;)
exit +(r) handler
end if
end if
end for
add r to R
end if

on receive(-(r),P;):
remove r from R/ if present
add r to D;

Algorithm 2.2: D-Swoosh Message Processing

sequence of merge steps (addition of a merged record) and purge steps (dele-
tion of a dominated record). A derivation sequence is maximal if no additional
merge or purge steps can be performed.

To prove the correctness of D-Swoosh, we show that it computes a maximal
derivation sequence of the set I = WU(J, R{, where W is the set of all records
pending processing at any of the processors. Since I is initially equal to R
and W = & when the algorithm terminates, this will effectively establish the
correctness of D-Swoosh.

We first prove that each event handled by a processor corresponds either
to a merge or a purge step on I, or keeps I unchanged. We then prove that
the derivation sequence is maximal, and that the algorithm terminates.
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When processor P; handles a +(r) message, r is either added to R! or a —(r)
message is sent to one or more processors. In both cases, r remains in I. If r
matches a record r’ in R, the two records are merged into r”, and +(r”’) is sent
to one or more processors (hence added to W). In case r” was not present
in T before (e.g., at some other processor), the algorithm has performed a
merge step: a record obtained by merging two records previously present in I
is added to I.

When processor P; handles a -(r) message, r is removed from R/, hence r is
removed from I if no other processor still has r or is waiting to process r. It is
easy to see that -(r) messages are only sent when r is known to be dominated
by another record in I. Therefore, if r is effectively removed from I, the
algorithm has performed a purge step.

D-Swoosh performs a sequence of merge and purge steps on I, and there-
fore computes a correct derivation sequence of I. We must now show that the
derivation sequence is maximal, i.e., once I stops evolving, no further merge
or purge step is possible. We will then show that the algorithm fterminates.
Observe that for any record r, all messages relevant to r (+(r) or -(r)) are sent
exactly to the set of processors in scope(r). Therefore the only processors
to ever manipulate r are precisely those in scope(r).

Suppose that I does not evolve, but a purge step is possible, say record
ri is dominated by record r,. By the coverage property ry and r; are handled
by at least one processor P;. Processor P; must send -(ri) to all processors
in scope(ri). After all processors have handled this message, ry is not in W.
Moreover, ry is not present in any of the R! sets, and cannot reappear because
it was added to the D; sets. Therefore, the purge step would effectively have
been performed, again a contradiction.

Suppose now that I does not evolve anymore, and a merge step is still
possible, say between records r; and r,. We have already shown that no purge
steps are possible, so we can assume that r; and r, are not dominated by
any other records in I. Therefore a +(r1) (resp. +(rz)) message is received
at some point by all the processors in scope(ri) (resp. scope(rz)). Again, by
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the coverage property, one of the processors in the intersection of these
scopes (say, P;) is responsible for the pair (r1,r2). Upon receiving the first
of these two records (say, ri), Pi adds r; to R;, because it is not dominated.
When P; receives r;, it compares it with r; and performs the merge step, a
contradiction.

No merge or purge step is possible on the final state of I, hence the algo-
rithm computes a maximal derivation sequence. We now show that the algo-
rithm terminates. Observe that after the algorithm has computed the max-
imal derivation sequence, no two records may match. Indeed, if two records
match, then a merge or purge step would necessarily follow, a contradiction.
As a consequence, no more "send” messages are exchanged by processors. Any
record in W disappears from there once it has been processed by all the pro-
cessors in its scope. W eventually becomes empty, and all processors become
idle, hence the algorithm terminates. O

2.4 Choosing scope and resp

We now consider particular scope and resp functions to distribute the ER work
among a set of processors. We start with strategies that are always applicable
because they do not make any extra assumptions, then turn to strategies that
exploit existing semantic knowledge.

2.4.1 Strategies Without Domain Knowledge

In this section, we consider strategies in which we do not have any a pri-
ori domain knowledge about records, and therefore must consider all possi-
ble matches between records. Our goal will be to distribute the work evenly
across processors, while trying o reduce communications and redundant com-
putations. We present three schemes: full replication, majority (which gener-
alizes the scheme in Figure 2.2) and grid. We do not prove it here, but it is
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not difficult to see that the scope and resp functions given in Tables 1, 2, and
3 satisfy the coverage property of Definition 2.3.1.

Table 1 Full Replication Scheme

Scope of r;:

Cardinality: p

for |:= 0 to p-1, processor P, is in scope(r;).
Records ri, r;j at:

Number of overlap processors: m = p;

for I:=0tom-1, processor P in scope of both r; and r;.
Resp(Pk, ri,rj) = true if k = min(i, j) mod p.

Full Replication Scheme

In the full replications scheme, records are sent to all p processors. The
scheme is defined in Table 1, using the same style that will be used for the
other schemes. To select the processor that is responsible for comparing
records r; and rj, we select the smallest of the fwo indexes, i or j, and use it
to identify the processor. If record identifiers are evenly distributed, this
scheme ensures that each processor has a similar number of pairs to compare.

The full replication scheme clearly has a high storage overhead, so our next
two schemes will reduce storage costs. However, as shown by our experiments
(Section 2.5), full replication has benefits under some of the other metrics we
consider.

Majority Scheme

The majority scheme (Table 2) generalizes the scope and resp functions we
used in Section 2.1, from 3 to an arbitrary number p of processors. The
essential idea is that if any record has a scope that consists of more than
half (i.e., a majority) of the processors, then any pair of records will share
at least one common processor in their scopes. We also generalize the resp
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Table 2 Majority Scheme

Notation:
Number of buckets: B;
Total number of processors: p = B;
Record r; hashes to bucket x; record rj to bucket y;
Assume X 2.
Scope of r;:
Cardinality: |p/2] +1;
for k := x to x + | p/2] (modulo p),
processor Py is in scope(r;).
Records rj, rj at:
Case (a): x-y<p/2;
Distance: d = (x - y) mod p;
Number of overlap processors: m = (|p/2] +1)-d:
for k:= x fo x +m -1 (mod p),
processor Py is in scope of both r; and r;;
Resp(Py, ri,rj) = true if k = x + (min(i, j)) mod m).
Case (b): x-y > p/2;
Reverse x and y in equations for case (a).
Case (c): x-y =p/2;
Number of overlap processors: m = 2;
Processors Py and Py are in scope of both r; and r;:
Resp(Py, ri, rj) = true if
(min(i, j) is even and k = x) OR
(min(i, j) is odd and k = y).

function such that any pair of records is the responsibility of exactly one
processor. With the majority scheme, every processor receives and stores
about half of the records in the dataset.

Figure 2.3 illustrates the majority scheme with p = 7 processors. The
records are partitioned into 7 buckets, by through bg, using hashing or modulo
arithmetic. Each bucket by is distributed to 4 processors, starting with pro-
cessor x. Additional records would follow the same pattern. For example, if
ri falls into bucket by, the record is sent to P4, Ps, Py, and Po. Similarly, we
see that processor P, holds buckets bg, by, bz and bg.

As shown in Table 2, there are three cases to consider in determining
where the scopes of two records intersect. For instance, consider two records
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Table 3 Grid Scheme
Notation:
Number of buckets: B;
Total number of processors: p = B(B +1)/2;
If iz j, processor P;; is processor Py,
where k = i+ jp-j(j+1)/2;
If i< j, processor P;; is processor P;;.
Record r; hashes to bucket x: record r; to bucket y.
Scope of r;:
Cardinality: B;
for k := 0 to B -1, processor P, is in scope(r;).
Records ri, r;j at:
Number of overlap processors:
If x#ythenm=1lelsem = B;
If x # y then processor Py is in scope of both r; and r;:
If x = y then scope(r;) = scope(r;).
Resp(Py, ri,rj) = true if Py = Pxy.

in buckets by and bz respectively. This situation corresponds to the first case
since x -y (i.e., the difference in bucket indexes) is 3 - 1, which is less than
half the processors. Here, the scopes overlap at m = 2 processors: P3 and
P4. The resp function then uses the smallest record identifier to select one of
these two processors.

(Po [Py [Pz [Ps|Pa|Ps|Pe|

bo | bo | bo | bo
b; | by | by | by
b, | b, | by | by
bs | bz | bs | b3
bs bs | bs | bs
bs | bs bs | bs
be | bs | be be

Figure 2.3: Scope for the majority scheme
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Grid Scheme

With the grid scheme (Table 3), we again divide records into B disjoint buck-
ets. For this scheme, we require that the number of processors be B(B +1)/2,
which corresponds to the number of elements in half a matrix of size B, in-
cluding the diagonal. For B = 7 buckets, we need 28 processors, which are
arranged as illustrated in Figure 2.4.

[ bo b [be|bs| by bs b |

bo || Po
b1 | P1 | Py
ba | P2 | Ps | P13

bs | Ps | P11 | P1s | P2o | P23 | P2s
be || Pe | P12 | P17 | P21 | Pas | Pae | P27

Figure 2.4: Processor arrangement in the grid scheme

For the scope, every record in bucket j is sent to the processors that
appear on the j™ line and column of the (half) matrix. For instance, in our
example, records in bucket 3 are sent to processors {P3, Py, P14, P1g, P19, P20, P21}.
Observe that processors on the diagonal get records from exactly one bucket,
while processors in other positions receive records from two buckets. For the
resp function, the processor at the intersection of the i and j™ column is
responsible for the pairs of records r,r’ such that one of them is in bucket i
and the other in bucket j. Hence, processors on the diagonal are responsible
for comparing all the records in their scope, while other processors are only
responsible for the pairs of records in their scope which belong to different
buckets.

To illustrate, in our example, processor Pig has all the records of bucket 3
in its scope, and is responsible for comparing all of them pairwise. Processor
Py, is at the intersection of line 5 and column 2 in the matrix, and therefore
has all records of both buckets 2 and 5, but is only responsible for comparing
the pairs belonging to different buckets.
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Note incidentally that with the grid scheme, the D-Swoosh answer can
be computed by taking the union of the records held by the processors on
the diagonal only. This operation does not even require looking for duplicate
records, as these sets are disjoint.

While the full replication, majority, and grid schemes all efficiently dis-
tribute the workload, they have different initial storage costs. In the grid
scheme, for large B, the number of processors p = B(B+1)/2 approaches B2/2,
so B = \/2p. Each of n input records is copied to B processors, so the total
initial storage cost is n\/2p (compared to np for the full replication scheme,
and n(|p/2] +1) for the majority scheme).

We can show a lower bound on the initial storage costs of any scheme that
efficiently distributes the workload (measured in number of comparisons). Any
scheme must be able to handle the case where no records match. In this case,
there are n?/2 comparisons that must be performed among the initial records.
Since the workload is distributed evenly, there will be n/2p comparisons per-
formed at each processor. For a processor o perform c distinct comparisons,
it must have about v/2c distinct records. Therefore, each processor requires
/n?/p = n/,/p records. Since there are p processors, the total initial storage
cost is at least n/p. Thus, we see that the grid is within a factor of V2 of
the optimal scheme for the initial storage cost.

Cost of the resp Function

In Section 2.1, we argued that calling the responsible function is inexpensive.
The functions we have presented here are relatively cheap since they only
involve simple arithmetic. Furthermore, for the grid scheme, the resp function
can be checked simply by keeping the records at a processor in two areas. In
particular, for non-diagonal processors (say, at position (i, j)), the set R’ can
be kept as two disjoint sets R’[; and R’[; holding the records that belong to
each of the buckets respectively. When a new record arrives, it need only
be compared to the records in the opposite bucket. For processors on the
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diagonal, resp is true for all pairs of records in the scope of the processor
(which are the only records the processor gets o process), and hence can be
skipped.

2.4.2 Strategies With Domain Knowledge

We now turn to strategies that use domain knowledge to distribute ER com-
putations across multiple processors. Essentially, domain knowledge provides
necessary conditions for pairs of records to match. In our example compar-
ison-shopping application, we may know that products may match only if they
are in related categories, or if their prices are not too far apart. The key
assumption is that checking necessary conditions (e.g., whether two products
are in the same category) is much cheaper than invoking the full match func-
tion. With a single processor, the cost of ER can already be greatly reduced
by only comparing pairs of records that satisfy the necessary conditions. This
technique is widely used in a sequential setting, and commonly referred to as
"blocking" in the ER literature [9].

With multiple processors, domain knowledge can be even more beneficial
because groups of records that are known in advance not to match can be pro-
cessed independently (and in parallel) by different processors. For instance,
one processor can match the DVD records, another the cameras, and so on,
assuming that merged records remain in their same category.

Groups

To exploit domain knowledge, we divide the records into 6 semantically mean-
ingful groups, go,91,..9s. Each record r (in the original dataset, or derived
through merges) belongs to one or more groups. (Note that the buckets used
in Section 2.4.1 had no semantic meaning, and records could only be in one
bucket.)

Figure 4 summarizes the scope and resp functions we use with groups. As
we can see, the scheme is very simple: each group is assigned to one processor,
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Table 4 Groups Scheme

Notation:

Number of groups: &:

Total number of processors: p = 6;

Processor Py gets records in group gy:

Record r; is in set of groups X: record r; is in set Y.
Scope of r;:

Cardinality: |X|;

for all gx € X, processor Py is in scope(r;).
Records ri, r;j at:

Number of overlap processors: m = [ X NY|;

for gx € XNV, processor Py is in scope of both r; and r;;
Resp(P, ri,r;) = true if g = I" group in X N'Y,

where | = (min(i, j)) mod m).

and one processor gets only one group. With buckets (Section 2.4.1), the
scope function ensured that any pair of records ri,r; would show up at some
processor for comparison. With groups, there is no such guarantee: r; and r;
will be at a common processor only if they happen o be in a common group.
Hence, now it is the burden of the semantic group assignment function to
ensure that if there is any chance that r; and rj may match, then they should
be assigned to some common group. This property can be expressed as follows.

Group property: If two records (initial or merged) r; and rj may match, they
must be assigned to at least one common group.

The above group property ensures that the coverage property of Defini-
tion 2.3.1 holds (in spite of the trivial scope function), so D-Swoosh correctly
computes ER(R). We now show how groups that satisfy this property can be
derived for common forms of domain knowledge: value equality, hierarchies
and linear ordering.
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Value Equality

A common situation in ER is when pairs of matching records share a com-
mon value for some attribute, which we call the “equality” attribute. For in-
stance, product records may all have a "category” associated with them, and
two records may only match if they are in the same category. For flexibil-
ity, records can have multiple values for the equality attribute (e.g., a product
may be a sporting good and a clothing item). In this case, pairs of records
match if they share at least one value for the equality attribute, in the spirit
of canopies [62]. A merged record inherits the equality values of its source
records (to ensure representativity holds).

One possible strategy for value equality is to have one group per value,
e.g., one group for cameras, one for DVDs, and so on. However, in some
applications we may have many category values, and hence we may need too
many groups/processors. Instead, a partition of the values can be used to
determine the groups. For instance, cameras, MP3 players, etc. can go into
one partition, while shoes, shirts, jackets, etc. can go into another. The
group property continues to hold, as products in the same category continue
to be in the same group. The partition can either be arbitrary, or semanti-
cally meaningful as in our example. A semantic partition is advantageous if
it increases the chances that a multi-attribute record falls within one group.
For instance, with a semantic partition that includes cameras and telephones,
a camera phone will be in one group; with an arbitrary partition, the camera
phone record may have to be sent to two processors.

Hierarchies

Another common form of domain knowledge is when the values of some at-
tribute, called the “hierarchy” attribute, are related through a hierarchy. For
example, vehicles may be cars or trucks; Cars may be sedans, hatchbacks,
station-wagons, etc.; Trucks may be pick-up, vans, etc. A pair of records may



2.4. CHOOSING SCOPE AND RESP 33

only match if one hierarchy attribute is a descendant of the other. For in-
stance, a sedan may match a car, but not a truck. When two records match,
the merged record inherits the most general of the hierarchy values (again,
to ensure representativity). (If a record has no value for the hierarchy at-
tribute, we can assign it the root value.)

To handle hierarchies, we create one group g: for each term 1 of the hier-
archy. A record with value t gets assigned to group g:, as well as to all groups
gs Where s is a descendant of t in the hierarchy. To illustrate, a car record
will belong to the car and sedan groups; a sedan record will only belong to the
sedan group.

Linear Ordering

A last form of domain knowledge we consider here is a linear ordering of what
we call a "window" attribute. In this scenario, two records may match only
if their values are within some window 3. For instance, product records may
have a price attribute, and records whose prices differ by more than $50
cannot represent the same product. The window size may also be relative to
the values, e.g., one price must be within some percentage of the other, or may
be determined based on the density of the records on the window attribute,
e.g., a product record may only match with the n cheaper or more expensive
records. Records may also have multiple values for the window attribute, in
which case they may only match if at least one of the values for each of the
records satisfy the window condition.

We form groups by dividing the range of window values into p partitions
(recall that p is the number of processors and of groups). Say the i partition
has lower bound L; (inclusive) and upper bound Li.;. Also, let & be the window
size, i.e., two matching records must have window attribute values distant by
less than or equal to 8. A record r belongs to group g; if one of the r values
for its window attribute is in the interval [L;, Li.1 + ).

Notice that if & is small relative to the partition sizes and records values
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for the window attribute are evenly distributed, only a "few" records that
happen to have values close to the boundaries are replicated. For instance, if
the boundaries are at prices 0, 1000, 2000, ... dollars and & is $50, a record
with price $1049 will be in two groups, but a record with price $1050 (to
$1949) will not be replicated. As & grows, more records are replicated, into
possibly more than fwo groups. For instance, if & is 2000, a record with price
$2500 is in three groups. Thus, there is an interesting interplay between
the application parameters (range of values, window size) and the number of
processors we may have available or we may need to scale-up performance.

2.4.3 "Tuning” scope and resp

So far we have presented scope and responsible functions that try to dis-
tribute records and responsibility "uniformly” across processors. However, in
some cases that may not be the best approach. For example, consider three
records ri,r, and r3 that all match pairwise, and will eventually be merged
into record riz3. In general, each pair of initial matches will be discovered
by different processors, e.g., P; will generate (ri,rz) = riz, P> will generate
(r1,r3) = riz, and P3 will generate (r,,r3) = res. The new records will then
be merged at other processors, e.g., P4 will find (riz,ri3) = riz3, Ps will find
(r12,r23) = rizz, Pe will find (rzs,riz) = riz3. Of course, some of these pro-
cessors may be the same, and such coincidences improve performance. For
instance, if P4 = Ps, one useless generation of riy; is avoided. Similarly, if
P1 = P2 = P4 = Ps, then ry23 is found quickly by P; without any message delays.
(The faster P; propagates +(ri23), the more unnecessary comparisons we can
avoid.)

Our scope and resp functions differ in how they distribute records, and
hence the number of "lucky coincidences" like the ones illustrated above va-
ries. As a matter of fact, in our experiments we will see that a scheme like
the full replication can do less work than Majority because merges are dissem-
inated faster and there is less redundant work, even though the full replication
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is making more copies of records than Majority is.

If we change how records are assigned to buckets, or if we change the
responsible function a bit, we may even be able to increase the chances that
the lucky coincidences happen more of ten. For example, say a merged record is
assigned to buckets using the smallest identifier in its lineage. In our example,
riz and ri3 would fall in the same bucket as ry. Since the scope of these three
records would be identical, this mapping increases the chances that P4 = P; and
Ps = Pi. We can increase the chances further by not selecting the responsible
processor randomly. For instance, say processor Py is responsible for ri,r;
if it is the processor with the smallest identifier that is in both the scope
of ri and of r;. With this additional change, it is certain that P4 = Py (P; is
the processor with the smallest identifier in the scope of riz, and hence it is
also the smallest processor in the intersection of the scopes of ri; and ry3)
and that Ps = P;. Thus, we expect that merges will be discovered "faster”,
without as many message exchanges. On the other hand, the load may not be
uniformly distributed (e.g., the processor with the smallest identifier will fend
to get more work), so each alternative needs to be carefully evaluated.

When semantic knowledge is available, we can again modify the scope and
responsible functions to try to discover merges with fewer message delays.
For example, consider distance proximity, and some records that have close
values for their window attribute and lie close to a partition boundary. In
this case, it makes sense to have one processor out of the ones that share
that overlap region be responsible for comparisons, instead of having all the
processors share the load.

2.5 Experiments

We implemented the D-Swoosh algorithm, and the various choices of scope
and resp functions discussed in the previous sections, and conducted extensive
experiments on subsets of a comparison shopping dataset from Yahoo! In this
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section, we describe our implementation and experimental setting, and report
the main findings of our experiments.

2.5.1 Experimental Setting

We ran our experiments on subsets of a comparison shopping dataset provided
by Yahoo!. The dataset consists of product records sent by merchants to
appear on the Yahoo! shopping site. It is about 66b in size, and contains
a very large array of products from many different vendors. Such a large
dataset must be (and is in practice) divided into groups for processing. For
our experiments we extracted a subset of about 138,000 records consisting
of up to 50,000 records for each of four keywords: "iPod”, "mp3", "book", and
"dvd". From this subset, we randomly selected subsets varying in size, starting
with a size of 5,000 records.

Each of these smaller datasets represents a possible set of records that
must be resolved by one or more processors. If we are modeling a scenario
with no semantic knowledge, then all records in the dataset must be compared.
If we are considering a scenario where semantic knowledge is available, the
database can be further divided by category.

Our match function considers two attributes of the product records, the
title and the price. Titles are compared using the Jaro-Winkler similarity
measure [90], to which a threshold t is applied to get a yes/no answer. Prices
are compared based on their numerical distance, and match if one is within
some percentage a of the other. Two records match if both their titles and
price match. We experimented with different t+ and a values, and selected
ones that worked reasonably well with this data (+ = 0.95, a = 0.33). In one of
our experiments (see below) we vary t to model different applications where
more or fewer records would match. To merge pairs of records, we simply
took the union of distinct values for each attribute.

We implemented the D-Swoosh algorithm in Java 1.5, using TCP connections
for peer-to-peer message passing. To avoid stalling due to TCP flow control,
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sending and receiving messages were separated into different threads. For
our experiments we ran the code on up to 15 approximately identical machines,
all connected via Ethernet. Each machine had a Pentium 4 2.86Hz CPU with
hyperthreading enabled, and 26B of RAM. We ran the code under the Sun
Java VM 1.5.0_.05-b05, on a 6NU/Linux system using kernel 2.6.11 with SMP
enabled.

To evaluate the performance of D-Swoosh, we use the following metrics,
which can be precisely evaluated in our environment.

e Runtime: The total amount of time fo distribute the records to the
peers, compute the result, and detect the termination of the algorithm.
This metric captures the raw performance of the algorithm under the
specified conditions.

e Aggregated computation: The main cost of ER is the pairwise compar-
isons of records, so we count the overall number of comparisons per-
formed by all processors. When multiple processors are used, this metfric
captures the overhead of parallelism.

e Communication: We count the total number of bytes sent across the
network by the processors, and use this as a metric of the overall com-
munication cost. We focus on the communication cost generated by the
actual ER process, and do not count the initial distribution of records to
processors, nor the gathering of the result after termination.

e Storage: We measure the maximum number of records in the R! set of
each processor during the execution, and sum across all processors to
get the overall storage cost.

2.5.2 No Domain Knowledge

We start by studying the performance of the schemes we presented in Sec-
tion 2.4.1, which do not assume any form of domain knowledge. We ran D-
Swoosh on a 10,000 record dataset, generated as described in Section 2.5.1.
All the schemes compute the same ER result, which contains 9,715 records.
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This number indicates that relatively few record matches were found—a fact
we attribute to the random sampling, which can greatly reduce the percentage
of duplicate records in a set. We compared the Full Replication, Majority, and
Grid schemes, while varying the number of processors from 1 to 15.

51400 ! . . . .
X Full Replication —+—

L ~. Majority ---x---
51200 Grid - x.-

51000 -

50800 -

50600 -

50400

50200 -

50000

Aggregated Computation (x 1000)

49800 -

49600 | / | | | | | |
0 2 4 6 8 10 12 14 16
Number of processors

Figure 2.5: Aggregated computation cost for strategies without domain knowl-
edge

Figure 2.5 gives the aggregated computation as a function of the number
of processors, for each of the schemes. Note that the (approximately) 50
million comparisons observed for one processor corresponds to the number of
comparisons performed by the sequential R-Swoosh algorithm. A few of the
schemes perform slightly fewer comparisons. This fact is surprising, consid-
ering that the sequential algorithm is optimal. However, the optimality of the
sequential algorithm refers to the expected number of computations when all
orderings of the input are considered, not on one given ordering. Distributing
the records across different processors can result in a more "“lucky” ordering
that reduces the number of comparisons.
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The vertical scale in Figure 2.5 starts at 49.6 million comparisons, so the
good news is that the extra work as we distribute the load is not excessive.
In the worst case we perform roughly 2% extra comparisons. As the number
of processors grows, each of the schemes starts performing redundant com-
parisons, even though each unique comparison is the responsibility of one and
only one processor. Intuitively, the sequential R-Swoosh algorithm is efficient
because it is able to perform merges and deletions as early as possible. This
benefit is gradually lost as records are spread out randomly across proces-
sors, as discussed in Section 2.4.3. In the figure we see that the different
distribution schemes generate similar workloads, and that surprisingly the Full
Replication scheme does very well (with a higher storage cost, see below).
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Figure 2.6: Runtime: no domain knowledge

We now consider runtime, which captures the true benefit of parallelism
obtained from distributing ER across multiple processors. As shown by Fig-
ure 2.6, all schemes benefit from having more processors by reducing the
computational cost for each processor, and therefore for the ER computation
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overall. The runtime of a single processor goes down from around 700 seconds
for the sequential case, to about 150 seconds with 15 processors. The lowest
line in the graph suggests how an algorithm would perform if it had perfect
scalability. That is, if the runtime of the algorithm were simply the runtime
for a single processor divided by the total number of processors. The Majority
and Grid schemes both stay quite close to this line up through 15 processors.

The Full Replication scheme shows the most improvement for small num-
bers of processors, but as expected, the scheme does not scale well to larger
numbers of processors, as the increase in network bandwidth begins to have
an effect on the runtime. The irregularity of the Majority scheme is due to
the fact that the scheme works better for odd numbers of processors than
for even numbers. For low numbers of processors, the Grid scheme is slightly
less efficient than the two others because the processors on the diagonal of
the grid perform less work than the others. This difference evens out as the
number of processors increases, hence the runtime of the 6rid scheme fares
better with larger numbers of processors.

Figure 2.7 gives the storage cost for each scheme as a function of the
number of processors. The Full Replication strategy sends every record to
every processor, so its storage cost grows linearly. In the Majority scheme,
every record is sent to a majority of the processors, so the storage cost also
grows linearly, but only stepping up on fransitions from odd to even numbers
of processors. The Grid scheme performs much better, as the storage cost
grows only proportionally o /p. It is in fact the only scheme where the
storage requirements per processor decreases arbitrarily as the number of
processors increases.

Figure 2.8 gives the total number of bytes sent during ER, as a function
of the number of processors, for each of our schemes. Intuitively, there are
two factors that impact communication costs. More record replication im-
plies more communication, as merged records have to be sent to more proces-
sors. On the other hand, as we have discussed, replication may cause merges
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Figure 2.7: Storage cost; no domain knowledge

to occur earlier, which reduces redundant work and unnecessary communica-
tions. Our experiments show, however, that this second factor does not play
a significant role in the communication cost. The communication cost for the
algorithms appears strictly proportional o the amount of record replication.

To summarize the results of this section, we find that parallelism is very ef-
fective for increasing the performance of the ER process. Our three strate-
gies all perform quite well, however Majority seems to be the best selection
for a small number of processors, and 6rid is best for larger number of pro-
cessors.

2.5.3 With Domain Knowledge

We now consider schemes with domain knowledge, and focus here on Linear
Ordering on the price and Value Equality on a product category field. For
these experiments, we used the 10,000 record data set created as described
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Figure 2.8: Communication cost; no domain knowledge

in Section 2.5.1. These records fall into a tfotal of 48 categories. (A product
is only in one category in our input data.)

For the Linear Ordering scheme we partition the total price range into p
groups corresponding to intervals of equal size. Since the items vary in price
from $0 to $200, we settle on a value of $2 for the window size. For Value
Equality, we partition at random (but as evenly as possible) the 48 categories
into p groups. Note that some groups may get one more category than another
group, and that some processors may get more popular categories. The same is
true with Linear Ordering: some price partitions may have many more records
than others. Note that these approaches may miss results that would have
been found in the schemes that do not exploit semantic knowledge. Indeed, in
our experiments, the result sizes for these schemes were generally 10 to 50
records larger due to missed matches.

Figure 2.9 illustrates the communication costs incurred by both strategies,
with the 6rid line included for comparison. Because the category of records
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Figure 2.9: Communication cost for domain knowledge schemes

is preserved through merges, groups remain disjoint, and the Value Equality
scheme has no communication cost. Linear ordering does result in some com-
munication, but it is relatively small and constant up through 15 processors.
We would expect an increase in communication as the number of processors
goes higher, since the constant window size becomes larger relative to the
shrinking bucket size. However, this effect appears to be negligible in our
experiments.

In Figure 2.10, we see the aggregated computation cost for our two strate-
gies, as compared with the Grid scheme. The aggregated computation for the
Value Equality scheme is essentially constant with respect to the number of
processors, as the scheme simply spreads buckets across the extra proces-
sors, without requiring more comparisons. In the Linear Ordering scheme, on
the other hand, increasing the number of processors reduces the size of each
bucket, so the number of comparisons decreases as the number of processors
increases. This graph shows some promise for the domain knowledge schemes,
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Figure 2.10: Aggregated computation cost for domain knowledge schemes

as their aggregated computation is always lower than that of the Grid scheme.

Figure 2.11 gives the runtime for both strategies as a function of the
number of processors. Again, we included the Grid line from Figure 2.6 for
comparison. The results shown are highly surprising. Not only do the two
algorithms poorly utilize the extra processors, but they also fail to perform
better than the 6rid scheme, which makes no use of domain knowledge. Ironi-
cally, making use of extra information seems to have hurt, rather than helped,
our performance.

The main reason for this behavior is that processing load is not evenly
distributed: although there were 48 categories, one of those categories con-
tained over one third of the records in the data set. In our experiments with
Value Equality, all of the processors consistently ended up waiting for the pro-
cessor with the huge category to complete. For the Linear Ordering scheme
as well, there is a high concentration of products in some small price ranges,
so extra processors are not as efficiently used as they are in the Grid scheme.
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Figure 2.11: Runtime for domain knowledge schemes

Figure 2.12 shows the storage costs for both strategies, again as a function
of the number of processors. The storage cost for the Grid scheme is much
greater than that of these two schemes, so we have omitted the Grid scheme
in the graph to allow the details of the other two lines to be shown. The
storage cost of the Value Equality scheme is essentially constant, as groups
do not overlap. For the Linear Ordering, it grows roughly linearly with the
number of processors. The growth is not exactly linear because the amount of
extra replication depends on whether the partition boundaries happen to fall
in an area densely populated with records.

Our results show that fully exploiting domain knowledge may be tricky. One
solution may be to adjust the partitions: if value distributions are stable, and
we know the number of processors in advance, we may analyze the data and
determine good semantic partitions that even out the load. Another possibility
is to use a hybrid scheme, e.g., using the Grid scheme to distribute the work
of heavily loaded processors onto multiple processors. But if runtime is the
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Figure 2.12: Storage for domain knowledge schemes

critical metric, it may be simpler o just use the "dumb"” Grid scheme, which
does extremely well.

2.5.4 Scalability

To assess the scalability of our algorithms, we compared performance on input
datasets of different sizes. We started by generating a 138,000-record set
as described in Section 2.5.1. We then generated 5,000, 10,000, 20,000,
40,000, and 80,000-record sets by randomly removing records from the first
set. Thus, roughly the same fraction of records appears in each category (and
price range) in all four datasets

In Figure 2.13 we show the runtime as a function of the size of the initial
dataset. The curve labeled "sequential” is for one processor; the other curves
are for a 10-processor system using Grid, Linear Ordering and Value Equality
schemes. We stopped testing at the 40,000-record point to save time, but



2.5. EXPERIMENTS 47

12000 I I I 1] I I R I
Grid ——
Linear Ordering ---x---
| Value Equality ------ |
10000 Sequential &
2 8000 [ 1
o
(8}
(]
< 6000 +
(]
£
S
¢ 4000 |-
2000
0 o | |

0 10000 20000 30000 40000 50000 60000 70000 80000
Number of records

Figure 2.13: Runtime evolution with dataset size (10 processors)

the Grid scheme was fast enough to do a final test with 80,000 records. For
all algorithms, the cost grows quadratically with the number of records, and
this characteristic is inherent to ER. However, this evolution is much slower
for parallel strategies than for the sequential one, and the gain from using
parallelism increases with the size of the dataset. Here, for 20,000 records,
the Grid scheme beats the sequential scheme by more than a factor of 6.

As mentioned in Section 2.5.2, random sampling can greatly reduce the per-
centage of duplicate records in a dataset. Therefore, there are more merges
in the larger datasets. Merges reduce the number of comparisons required to
complete processing, so our algorithms will run faster with a greater number
of merges. If our datasets had a consistent percentage of duplicate records,
we would therefore expect the curves in this graph to be steeper.

Finally, note that the relative ordering of the schemes in Figure 2.13 re-
mains fixed. This fact suggests that our conclusions regarding the strengths
and weaknesses of the schemes will hold for datasets larger than what we
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were able to consider in our study.

2.6 Related Work

Beyond the work on entity resolution in general laid out in Section 1.5, we
identify the following areas of related work.

"Blocking" techniques use domain knowledge fo prune the space of com-
parisons when performing ER. Canopies [62] construct overlapping subsets of
the records similarly to our value equality scheme, and the sorted neighbor-
hoods of [46] is very similar to our linear ordering scheme. An overview of
such blocking methods can be found in [9]. With the exception of [46], these
approaches assume a single processor. [46]'s "band join" parallelizes linear or-
dering like we do, but does not generalize to other forms of domain knowledge,
and does not consider merging records.

In the distributed computing literature, we mentioned the connection of
our “coverage condition”, which guarantees the correctness of D-Swoosh to
the distributed mutual exclusion problem [32], and schemes based on coter-
ies [39]. Our majority scheme is based on the well-known principle of a quo-
rum [82]. The grid scheme is a variant of Maekawa's construction in [58].
An important difference is that coteries designed for mutual exclusion try to
maximize the number of operating nodes [71] or their availability [50]. By con-
trast, the coteries used in our strategies distribute work across processors,
and are optimal when they minimize computation and communication.

Recently, Bilenko et al. considered the ER problem on a comparison shop-
ping dataset from Google [17]. Their focus is on continuously learning the
appropriate match function for records, and is therefore complementary to
our work, which focuses on executing matches and merges efficiently.
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2.7 Conclusion

We presented several schemes for distributed ER, both exploiting and not
exploiting domain knowledge. Among the schemes that do not exploit domain
knowledge, we found that for few processors, the full replication scheme
works quite well, but for true scalability for large numbers of processors,
the grid scheme scales the best. Surprisingly, we discovered that simply
minimizing the number of record replicas is not enough: schemes that make
more copies may do better because they speed up the discovery of matching
records. We also discovered that exploiting domain knowledge is tricky, as
it requires a good distribution of records across semantic groups, and may
involve a trade-off between good performance and lowered recall (missed an-
swer records).
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Chapter 3

Entity Resolution with Iterative
Blocking

3.1 Introduction

In Chapter 1 we mentioned that there are two ways to improve the perfor-
mance of entity resolution. The first, parallelism, was explored in Chapter 2.
Parallelizing the process of entity resolution has the benefit of reducing the
runtime without affecting the ER result. But parallelism comes with a cost in
dollars—purchasing new hardware or compute time on a large cluster can be
very expensive. Further, any parallel algorithm has its scalability limits, and at
some point, the improvement in runtime by adding new processors is not worth
the money spent on those processors. Therefore, we must furn fo the second
method of improving performance: weakening correctness.

As discussed in Chapter 1, correctness is often defined as the result that
would be obtained by a human expert. For most entity resolution applications,
however, users accept the fact that even the best algorithms will give differ-
ent results from those that a human would generate. Since there is no expec-
tation of 100% accuracy in a computer-generated entity resolution result, it
is reasonable to sacrifice some degree of correctness if we can significantly
speed up the process of entity resolution. In this chapter we will consider the

51
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Record Name Address(zip) Email
r John Doe 02139 Jjdoe@yahoo.com
S John Doe 94305
t John Foe 94305 Jjdoe@yahoo.com
u Bobbie Brown 12345 bob@google.com
v Bob Brown 12345 bob@google.com

Figure 3.1: Customer records

technique of "blocking” to speed up the processing of entity resolution.

We first explored the concept of blocking in Section 2.4.2. The idea of
blocking is to put the records into buckets (or "blocks") so that any two
records that match are likely to be placed into the same block. By performing
entity resolution only within blocks, we can greatly reduce the processing time.

Consider the example data in Figure 3.1 consisting of five records referring
to two distinct real world entities. Let us assume we have a match function
that detects a match between the following pairs of records: u,v; r,s; r,¥;
and s, t.

To use blocking on this data, we might decide o have one block per unique
ZIP code. This would result in three blocks: one block with r, another with
s,t, and a third block with u,v. We would then perform ER on the blocks
individually. The first block contains only one record, so no comparisons need
be performed. ER on the second block will discover that records s and t
match, and ER on the third block will find the match between u and v. The final
result of ER with blocking by ZIP code will then be {{r}, (s,t), (u,v)}. We note
that record r has erroneously been found not to match with any other record.
However, the result was generated quickly, requiring only two comparisons.

To solve problem of missing matches due to blocking, it is common to use
multiple blocking criteria. If, for example, we ran a second pass on the same
data above, blocking by first letter of last name, then we would obtain three
new blocks: one containing r,s, another containing t alone, and a third block
containing u,v. This second pass would indeed find a match between records r
and s. We would also rediscover the match between records u and v. In this
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case, by combining the results of the two runs, we can arrive at the correct
solution. In general, however, there is no guarantee of 100% accuracy when
blocking techniques are used.

This simple approach to using multiple blocking criteria is effective, but it
can be improved. First, note that records r and s refer to the same entity, but
they only share a single common attribute (Name). A different match function
than the one we have been using might declare a match only if there is high
similarity on at least two fields. This new match function would not identify
r and s as matching records unless s were first merged with . In this case,
neither of the two blocking runs would detect the match between these two
records. Only if the results from one blocking run are carried over to the
second run would this match be found.

A second issue with this simple approach is that redundant comparisons
are performed. In both blocking runs, the records u and v are compared and
found to match. Again, if the results from the first run were carried over to
the second, this comparison could be avoided.

Therefore, in this chapter, we consider the application of an iterative
model to multiple blocking algorithms. Rather than processing each block as
an independent operation, we will carry the results from previously processed
blocks into the new blocks. Rather than processing each block once, we will
iterate over the set of blocks multiple times, each time carrying forward new
information in the hopes of discovering new matches. As we shall see, itera-
tive blocking can improve the accuracy of the ER result while simultaneously
speeding up the processing by eliminating redundant comparisons.

The contributions of this chapter are the following:

e We describe our framework for using blocking in the processing of entity
resolution (Sections 3.2 and 3.3).

e We present in-memory entity resolution algorithms using both iterative
and non-iterative multiple blocking (Sections 3.4 and 3.5).

e We present Duplo, an efficient implementation of on-disk iterative block-
ing for large datasets that cannot fit in main memory (Section 3.6).
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e We perform experiments comparing both in-memory and on-disk itera-
tive blocking algorithms with their non-iterative counterparts, demon-
strating that iterative blocking allows improvement on both accuracy and
runtime performance simultaneously (Section 3.7).

Section 3.8 covers related work and in Section 3.9 we describe our conclu-
sions.

The work in this chapter has been published by Whang, Menestrina, and
Garcia-Molina [87] in SIGMOD 2009. This chapter presents a simplification
of the work presented there, focusing more heavily on the Duplo on-disk al-
gorithm that was primarily the work of the author of this thesis. The ex-
periments are primarily the work of Whang, though we present them here to
justify both the iterative blocking approach and the implementation of Duplo.

3.2 ER Model

In this chapter, we use the model of the entity resolution problem defined in
Section 1.2. Briefly, the output of an entity resolution algorithm is a partition
of the input records.

Since we may want to run ER on the output of a previous resolution (as we
shall see in Section 3.5), we generalize our model slightly so that the input
itself may be a partition. We now say that both the ER input and output
are partitions of the base records. We assume that ER never undoes the
groupings performed earlier. In our example, we then view the initial input as
the partition {(r), (s), (t), (u), (v)}. If we run a second ER on the first output
{(r,s, 1), (u,v)}, we may obtain the partition {{r,s, t,u,v)}. In this case, (r,s,t)
contains enough information to combine with (u, v).

Since the clusters in an input partition are analogous to records, we may
refer to clusters of records as either clusters or records, interchangeably.
Thus, cluster (r,s, t) is an input record to the second ER above. For simplicity,
we omit the cluster brackets for singleton clusters. For example, we write
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{(r,s,t), (W} as {{(r,s,t),u}.

Any ER algorithm that fits in this model can be plugged into the blocking
algorithms discussed in this chapter. To distinguish the algorithm that per-
forms the ER within blocks from the higher level blocking algorithms, we will
refer to the within-block algorithm as the “core ER algorithm”, or CER for
short.

3.3 Blocking Model

Our algorithms make use of a set of blocks B. The number of blocks is deter-
mined at runtime and can change dynamically. Each block is associated with a
unique key. Keys might be, for example, ZIP codes, first letters of last names,
or hash values. Blocking schemes may be “heterogeneous” in that multiple dif-
ferent types of keys are associated with blocks, e.g., integers for ZIP codes
and characters for letters extracted from names.

We apply functions to records to determine to which blocks they are as-
signed. We call such a function a single blocking criterion. Given a base record
r, a single blocking criterion SC(r) yields a set K of one or more keys. Record
r is assigned to each block associated with a key k € K; if there is no block
yet with key k, one is created. We will use the notation B[k] to refer to the
block associated with key k. An SC function is only defined on base records,
but we extend the notation such that when SC is invoked on a cluster c, it
returns the keys from all of the base records in c. Formally, for a cluster
c={(ry,rz,...,rn), we define SC(c) = |J, SC(ri).

As discussed in Section 3.1, our goal is to make use of multiple blocking
criteria fo increase the accuracy of the ER result. All of our algorithms,
therefore, will take in a set of single blocking criteria. We call this set a
multiple blocking criterion and refer to it as MC. The elements of the MC set
are the single blocking criteria SC;, SCz, ..., SCn. Now each single blocking
criterion SC; generates its own set of blocks, which we will refer to as B;.



56 CHAPTER 3. ENTITY RESOLUTION WITH ITERATIVE BLOCKING

Therefore, Bj[k] refers to the block of records from criterion SC; associated
with key k.

For convenience, we will sometimes treat MC as a function that returns the
set of all keys returned by the underlying single blocking criteria. Formally,
let MC(r) = UJ. SCi(r) for any record or cluster r. Note that, while a single
blocking criterion typically produces a specific type of key value (e.g., ZIP
codes), the set returned by MC is a union of the keys from different criteria
and may therefore be heterogeneous.

3.4 Simple Blocking

In the introductory example, we described a simple method of using (non-
iterative) blocking. We now provide a full description of this method.

For a single blocking criterion, we use the criterion to divide the base
records into blocks. We then invoke CER on each block, adding the results
to the output set. We repeat this process for each single blocking criterion
in our multiple blocking criterion. The pseudocode for this method is shown in
Algorithm 3.1.

We note that the result of Algorithm 3.1 is not necessarily a partition of
the base records. Returning to our introductory example, we note that the
result of this algorithm will have both clusters (r,s) and (s,t). To properly
convert this result to a partition of base records, we should merge overlapping
clusters together (in the example, merge (r,s) and (s,t) fo (r,s,t)). This
merging is called the “"connected-component” operation, and we will refer to
Blocking followed by the connected-component operation as Blocking-CC.

We also point out that the Blocking algorithm is easy to adapt to the case
where the entire set of base records does not fit in main memory at once. In
this case, the B; arrays may be written to disk and then, assuming blocks are
small enough to fit in memory, each block may be read in one at a time as CER
is invoked on it.
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Input: R: the set of base records
MC: the multiple blocking criterion
CER: the core entity resolution algorithm
Output: a set of clusters of base records
1: output «+— &
2: for all SC; € MC do
3: initialize B;, an array of empty blocks

4. // Distribute the records into the blocks
5  forall reR do

6: for all blockid € SCi(r) do

7: add r to B;[blockid]

8: end for

9: end for

10:  // run CER on each block

11:  for all block € B; do

12: output «— output U CER(block)
13:  end for

14: end for

Algorithm 3.1: Simple Blocking

3.5 Iterative Blocking

We now proceed to describe a basic algorithm for iterative blocking. Algo-
rithm 3.2 shows the pseudocode for this algorithm, which we will walk through.

In iterative blocking, we begin—as in simple blocking—by assigning the
records to blocks (Lines 1-9). We then enter a loop that processes blocks
with CER (Line 15) and then updates all blocks with the newly discovered
matches (Lines 18-29). The loop completes when no new clusters have been
found (Line 33) and the union of all blocks is returned (Line 34).

To illustrate this algorithm, we will step through the processing of the data
in our infroductory example from Figure 3.1.

The first step is o distribute all the base records into blocks as shown in
Figure 3.2. Each single blocking criterion SC yields three blocks on the input
data, and we have arbitrarily assigned these blocks with the numbers 1, 2, and
3. For example, the records s and t are located together in Bi[2], which is the
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Input:

R: the set of base records
MC: the multiple blocking criterion
CER: the core entity resolution algorithm

Output: a partition of the base records
1: // Assign records to blocks

2: for

all SC; € MC do

3: initialize B;, an array of empty blocks
4. forall reR do

5 for all blockid € SCi(r) do

6: add r to Bi[blockid]

7 end for

8: end for

9: end for

10: // Process blocks until no new clusters formed
11: repeat

122 morework «— false

13:  for all SC; € MC do

14 for all block € B; do

15: result « CER(b)

16: if result #z block then

17: morework < true

18: // Update blocks with new information
19: for all ¢c € (result - block) U (block - result) do
20: for all SC; € MC do

21: for all blockid € SCj(c) do

22: if ¢ € result then

23: add ¢ to Bj[blockid]

24: else

25: remove ¢ from B;[blockid]

26: end if

27: end for

28: end for

29: end for

30: end if

31 end for

32: end for

33: until morework = false
34: return |, ; Bi[j]

Algorithm 3.2: Iterative Blocking
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second block of the first blocking criterion SC;.

Criterion | B;[1] | Bi[2] | Bi[3]
SC; r s, t u,v
SC, r.s t u,v

Figure 3.2: After initial distribution

Next, we start processing all the blocks. Suppose that we repeatedly pro-
cess blocks in the order of increasing subscript order (i.e., B;[1],B1[2]....,B2[3]).
The first block that has matching records is B;[3] where the CER algorithm
(Line 12) will combine u and v into the cluster (u,v). Recall that a blocking
criterion assigns each cluster to the same blocks as the base records it com-
prises. Therefore, the (u,v) cluster is distributed to all the blocks containing
either u or v and is thus assigned to B;[3] (and Bi[3], of course). Line 25
removes the base records u and v from the very same blocks.

We next process (Line 12) B;[1] which contains the matching records r and
s. This time, we distribute the resulting cluster (r,s) to B;[1], B;[2], and B[1],
and then remove r and s. The next block B;[2] does not produce any record
matches. Then CER is run on B;[3], which now only contains the cluster (u,v),
so CER does not generate any record matches. The intermediate result after
this first iteration is shown in Figure 3.3.

Criterion | B[1] Bi[2] | Bi[3]
SC (r,s) | t,(r,s) | {u,v)
SC, (r,s) t {u,v)

Figure 3.3: Intermediate result after first iteration

We now repeat the entire loop again. Block B;[1] does not generate any
new records after the CER algorithm is applied. Block B;[2], however, gener-
ates the new record (r,s,t) by merging (r,s) and t. Cluster (r,s,t) is then
distributed to By[1], B2[1], and B;[2], while cluster (r,s) and record t are re-
moved from those blocks. Subsequent blocks B;[3], B2[1], B22, and B;[3] do
not generate record merges. Hence, the intermediate result after the second
iteration is shown in Figure 3.4.
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Criterion Bi[1] Bi[2] | Bi[3]
SC (r,s,t) | {(r,s,t) | (u,v)
SC, (r,s,t) | (r,s,T) | {u,v)

Figure 3.4: Intermediate result after second iteration

As we can see, the second iteration has fully resolved all blocks. However,
new clusters were created during the second iteration, so the algorithm is not
yet complete. One more pass must be done on each block to see if new merges
are found. None of the six blocks will produce new merges, and then the loop
will terminate. We then union the records of any blocking criterion (SC; or
SC;) to get the final answer {(r,s,t),(u,v)}. In total, we have processed 18
blocks (6 for each of the three iterations) to derive the final solution.

Since the iterative blocking algorithm automatically replaces records with
the largest cluster found that contains them, the clusters in the final result
can only overlap if they are equal. That is, if one block contains (r,s) at the
termination of the algorithm, then no block will contain the overlapping record
(s, T). Therefore, we do not need to perform a connected-component operation
on the clusters in the result.

3.5.1 Lego Algorithm

Algorithm 3.2 is a simple implementation of iterative blocking, but is not too
efficient. Consider that in the final iteration, block Bi[2] has not received any
new records since it was last processed. In fact, the same is true of all of the
blocks other than Bi[1]. Therefore, only Bi[1] needs to be reprocessed. This
is one of the techniques used in the Lego algorithm, described by Whang et
al. [87] to improve the performance of iterative blocking. We do not present
the Lego algorithm here, but we will use it in our experiments to justify the
iterative blocking framework.



3.6. ON-DISK ITERATIVE BLOCKING 61

3.6 On-Disk Iterative Blocking

When the input data set is too large to fit in main memory, we can only perform
entity resolutions on subsets of the input data at a time. Simple blocking
matches perfectly with on-disk processing for this reason. Iterative blocking,
however, requires the careful optimization of I/0 costs.

There are two main types of I/0 costs involved in on-disk iterative block-
ing. First, blocks must be shuttled from disk to memory and back, which clearly
involves I/0. To make this cost as efficient as possible, we introduce the con-
cept of a "segment” that incorporates multiple blocks. We discuss segments
in the next subsection.

The second type of I/0 comes from the application of ER results from
one block to subsequent blocks. Updating the blocks on disk as new merges
are found would involve slow random I/Os. In addition these I/Os could be
unnecessary, as updating a block may involve rewriting unaffected portions of
the block. To manage this type of I/0, we make use of a "merge log" that
stores every merge performed sequentially on disk.

After introducing these two building blocks, we will describe the actual
Duplo algorithm for on-disk iterative blocking.

3.6.1 Segments

In order to maximize our use of main memory and ensure that blocks are
read from disk with long stretches of sequential I/0, we use the concept of
a "segment”. A segment is a group of blocks stored together on disk. In the
Duplo algorithm, we transfer a block between memory and disk only as part of
an entire segment. For notation, segment s;; refers to the jth segment for
criterion SC;. An example of segmentation is shown in Figure 3.5. The column
labeled s_; contains the first segment for each blocking criterion, and the
column labeled s, contains the second segment for each blocking criterion. In
this example, blocks Bi[1] and B4[3] have been assigned to the same segment
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S11.
Criterion S_1 S-2
SC B1[1], B41[3] Bi[2]
SC; B,[1] B,[2],B,[3]

Figure 3.5: Assigning blocks to segments

The allocation of records into segments is performed as follows. Segments
are of fixed size Ss bytes, and we select Ss based on the amount of main
memory available to the algorithm for the storage of records. For each sin-
gle blocking criterion SC;, we allocate a fixed number of segments on disk.
The number of segments Ns is chosen by considering the size of the data
Sp. Clearly, Ns > Sp/Ss. Since the contents of each segment may not be
exactly equal in size, segments could overflow if Ns were chosen too close to
Sp/Ss. We do not discuss the handling of overflow here. We assume that the
probability of overflowing a segment is negligible.

To summarize the allocation so far, each single blocking criterion SC; is
allocated Ns segments of size Ss each. Now, for each record r we compute
SCi(r) to determine the blocks it belongs in. We use simple hashing to de-
termine which segment each block belongs in, and we write r into each of the
designated segments. Note that the records are written into segments as
they are considered, and therefore the records within a segment may not be
segregated by block. When Duplo reads a segment into memory, one of its
initial tasks is to separate the records into their respective blocks.

A greedy method of reducing disk I/Os is to ensure that all blocks in a seg-
ment are processed as completely as possible before they are written back to
disk. Suppose that blocks by = {r,s} and b, = {s, t} are both in the same seg-
ment. If we process b; first, we may find (r,s) and carry it over to b, to
find (r,s,t). The discovery of (r,s,t) requires b; to be reprocessed, and an
in-memory algorithm such as Lego would simply add b; to the end of a queue
of blocks to be processed. For an on-disk algorithm, however, delaying the
reprocessing of by until later will force us to incur more I/0 costs to read the
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segment back intfo memory later. Therefore, in this example, Duplo will con-
tinue iteratively processing the blocks in memory until both contain (r,s, t). At
this point, Duplo will write the segment back to disk and load another segment
into memory for processing.

3.6.2 Merge Log

As discussed earlier, it is impractical for a disk-based algorithm to immedi-
ately update data in blocks on disk as new pairs of matching clusters are found.
We instead use an on-disk data structure called a merge log to keep track of
the cluster merges performed by the algorithm. Whenever we read a segment
into memory, we “preprocess” all of the records in that segment by perform-
ing a sequential scan of the merge log. By scanning through the merge log, we
can update each cluster ¢ in memory to the most recent merged cluster that
contains all the records in c.

The structure of the merge log is a simple sequence of "update” operations.
When clusters c; and ¢, are merged into cluster c3, we write ¢; — ¢3, c2 — C3
into the merge log. We write the full records into the log, rather than simple
record ids. If c3 later merges with cs o make cs, then we write c; — cs,
¢4 — cs5 into the merge log. Note that at no point do we update previously
written merge log entries. For example, although c; eventually merges into cs,
we do not change the initial entry in the log to ¢c; — c¢5. The contents of the
merge log after these two merges would simple be the sequence: ¢; — c3,
C — C3,C3 — Cs5,C4 — Cs.

Continuing our example, suppose that we read in a segment with a block
that contains c,. By scanning through the merge log, we would find c; — c¢3
and replace c; with c3 in the block in memory. We would then continue and
find c; — ¢5 and replace c3 with cs, thus bringing the block to be processed
completely up to date with the latest information.

The use of the merge log is very I/0 efficient due to the use of sequential
I/0. Although entries may be written into the log in small chunks, the fact
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that they are written sequentially allows us to convert the writes into larger
I/0s by using a buffer.

Since the merge log only grows as processing continues, reading the entire
merge log for every segment processed would get more and more expensive.
To combat this, we make use of a form of timestamps. The Duplo algorithm
maintains a counter in memory of the number of segments read in to memory.
Whenever a segment has completed processing and all of the resulting merge
log entries have been written to disk, the counter is updated and the current
disk location of the end of the log is added to a simple in-memory index. The
index contains a map from counter values to disk locations. Whenever a pro-
cessed segment is written back to disk, we include the current value of the
counter as a timestamp. In this way, when the segment is read off the disk
to be processed again, we can use the timestamp to skip over the parts of the
merge log that this segment has already seen.

We note another potential optimization from the use of the merge log.
Suppose that in processing a segment containing a large number of clusters,
we only find a few matches, taking up only a few kilobytes in the merge log.
Rather than writing out the updated segment to disk, it may make sense to
take a "lazy” strategy. We can simply discard the segment’s data from memory.
When the time comes to process that segment again, we will read the old
version of segment off of disk and the algorithm will automatically read from
the merge log at the proper location to bring the segment completely up to
date. The version of the Duplo algorithm we use in this chapter does not
include this optimization, but it could be a useful improvement.

3.6.3 The Duplo Algorithm

The Duplo algorithm (Algorithm 3.3) uses segments and the merge log to scale
iterative blocking. The idea of Duplo is to process "N blocks at a time", assum-
ing a segment contains N blocks on average. Hence, the iterative blocking is
now done in two levels: processing a segment and then processing the blocks
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within that segment.

We maintain two queues and two merge logs for managing the segments
and the blocks within each segment. In order to process segments, we use
a segment queue Q; that determines which segment to process next and a
"global” merge log L1 that keeps track of all the record merges done until now.
Next, in order to process the blocks of a single segment, we use a block queue
Q2 that determines which block to process next and a "local” merge log L, that
keeps track of the record merges done within the current segment. Merge log
L1 is located on disk and is accessed once for each segment processed while L
is in memory and is accessed once for each block processed.

To illustrate the Duplo algorithm, suppose that we create the segments of
Figure 3.5. The actual contents of the segments are shown in Figure 3.6 (i.e.,
each segment contains a union of records of its blocks). We show how each
segment is processed in Figure 3.7.

Criterion | s_1 | s,
SC; r,uv| st
SC, r,s | t,u,v

Figure 3.6: Initial segments of Duplo

Initially, all four segments are placed in the segment queue Qi (i.e., Q1 ={s11,
S12, S21, S2.2}). When we first process segment s; 1, we divide the records into

Step | Segment || Records before CER | Records after CER | Q; after CER
1 S11 r,u,v r,{u,v) (512,521,522}
2 S12 s, t s, 1 {s21.522}
3 S21 r.s (r.s) {s2,2.511,51.2}
4 52,2 T, <U,V> 1-1 (U, V> {Sl,ll 51,2}
5 Sl,l <r', S), <U, V) <r',5>, (U, V> {51,2}
6 S12 (r.s).t (r.s,t) (511,521,522}
7 Sl,l <r',S,1'>,<U,V> (r,S,T>,<U,V> {52,1152,2}
8 S2.1 (r.s.1) (r.s,t) {s22}
9 S22 (r,s, 1), {(u,v) (r,s, 1), {u,v) O

Figure 3.7: Processing segments with the Duplo algorithm
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Input:  R: the set of base records

MC: the multiple blocking criterion

CER: the core entity resolution algorithm
Output: a partition of the base records

1: Ly «— @ // Disk merge log for segments
2: Q «— @ // Segment queue
3: Create segments
4: Push all segments into Q
5: while Q; is not empty do
6: s« Qi.Pop()
7:  update s with new merges from L;
8: L, «— @ // In-memory merge log for blocks
9: Qp «— @ // Block queue
10:  Push all blocks in s into Q;
11:  while Q; is not empty do
12: b — Q2.Pop()
13: update b with new merges from L;
14: bout < CER(b)
15: Add to Ly, L, the new merges in boyt
16: for all r € byt - b do
17: for all b’ € MC(r) do
18: s’ — BlockToSegment(b’) // Returns the segment where b’ is
19 if s = s’ then // Hit the same segment
20: if bz b’ and b’ € Q, then
21: Q2 .Push(b’)
22: end if
23: else // Hit a different segment
24: if s’ Z Q then
25: Q1.Push(s’)
26: end if
27: end if
28: end for
29: end for

30: end while

31:  Worite s back to disk

32: end while

33: J «{Records in R that were never merged}

34: J — J U {Records in L; that are not contained by any other record in L1}
35: return J

Algorithm 3.3: The Duplo Algorithm




3.6. ON-DISK ITERATIVE BLOCKING 67

the two blocks Bi[1] ={r} and B;[3] ={u, v}, and process them with the CER al-
gorithm. Since u and v merge into (u,v), the merge logs L; and L, are both set
to {u — (u,v), v — (u,v)}. Segment s,, would be affected by (u,v), but we
do not insert the segment into Q; because Q; already contains s;,. We then
continue with processing segment s;,, which does not have matching records.
When we process segment s, 1, we extract B;[2] ={r, s} and merge r and s into
(r,s). The global merge log L; is then updated (by reading and applying the
merge log) to {u — (u,v), v — (u,v), r — (r,s), s — (r,s)} while L; is up-
dated to {r — (r,s), s — (r,s)}. (Notice that L; and L, are now different
because L, only keeps track of the local merges within the current segment.)
Since (r,s) affects the segments s;; and s;,, we push s;; and s;, back into
Qi (i.e., Q1 ={s22,511,512}). The next segment s, is updated to {t,(u,v)},
but does not generate any record matches. Similarly, the next segment sy,
is updated to {(r,s), (u,v)}, but does not generate record matches. We then
process si,. This time, after we update the segment to {(r,s),t} and extract
the block B;[2] ={(r, s), 1}, we merge (r,s) and t into (r,s, t). The global merge
log Ly is updated to {u — (u,v)v — (u,v),r — (r,s),s — (r,s),(r,s) —
(r,s,t),t — (r,s, 1)} while L, is updated to {(r,s) — (r,s,t),t — (r,s,1)}.
Since (r,s,t) affects all four segments, we insert s;1,S12, and sz back into
Q1. After processing all the segments in Qi, we arrive at the final state of
Figure 3.8.

Criterion S_1 S-2
SC; (r,s,t),{u,v) (r,s,t)
SC, (r,s,t) (r,s,t),{(u,v)

Figure 3.8: Final state of Duplo

As with simple iterative blocking, the algorithm is guaranteed to result in
non-overlapping clusters, and therefore a connected-component operation is
not necessary for postprocessing the results.
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3.6.4 Segment Queue Policy

The policy for determining which segment to process from Qi significantly
affects the runtime of Duplo. The following list shows various policies Qi
might have.

e First-Come-First-Serve (FCFS): Processes the segments in the order
they were pushed into the segment queue.

e Hits: Sorts the segments in decreasing number of “hits” they receive
from newly merged records of other segments. Segments with the high-
est number of hits are processed first. Initially, all segments have an
infinite number of hits. The hit count for a segment is set to zero after
the segment is processed.

e Random: Randomly processes segments.

e Inverse Hits: Sorts the segments in increasing number of hits, so that
the segments with the fewest hits are processed first.

Later in Section 3.7.3, we compare the policies and show which policy makes
Duplo efficient.

3.7 Experimental Evaluation

In this section, we evaluate iterative blocking on real datasets and show how
iterative blocking outperforms blocking both in accuracy and runtime. Our al-
gorithms were implemented in Java, and our experiments were run on a 2.46Hz
Intel(R) Core 2 processor with 4 GB of RAM. We also used a raw disk without
a file system for storing the blocks in order to avoid caching and accurately
measure the I/0 cost.

As mentioned in Section 3.1, the experiments in this section were carried
out by Whang [87]. Whang also implemented the basic blocking and Lego algo-
rithms, but we present the experimental results for those algorithms here in
order to justify the iterative blocking approach. The implementation of Duplo
was primarily the work of the author of this thesis.
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Real Dataset The comparison-shopping dataset we used is the same dataset
used in Chapter 2. The dataset was provided by Yahoo! Shopping and contains
millions of records that arrive on a regular basis from different online stores
and must be resolved before they are used to answer customer queries. Each
record contains various attributes including the title, price, and category of
an item. We experimented on a set of 2 million records randomly chosen from
the entire dataset. We also experimented on a hotel dataset provided by
Yahoo! Travel (see Section 3.7.4) where tens of thousands of records arrive
from different travel sources (e.g., Orbitz.com), and must be resolved before
they are shown to the users.

CER Algorithm For our evaluation we used two different CER algorithms.
Our primary CER algorithm is the R-Swoosh algorithm of Benjelloun et al. [11],
and the main body of our results were generated with this algorithm. How-
ever, to illustrate that our Lego and Duplo algorithms can be used with any
CER algorithm, in Section 3.7.5 we study a version of the Monge and Elkan
algorithm [67], and show how the accuracy-performance tradeoffs vary. For
both algorithms we used the products and travel datasets.

R-Swoosh uses a Boolean pairwise match function fo compare records and
a pairwise merge function fo merge two records that match into a composite
record. The match function for the shopping data compares the title, price,
and category values of two records. For the hotel dataset, we compared the
names and addresses of hotels.

Blocking Criteria We used minhash signatures [51] for distributing the rec-
ords into blocks. A minhash signature is used to estimate the Jaccard simi-
larity between two strings (i.e., the portion of n-grams of the strings shared).
A complete description of minhash is given in Chapter 4. Records with the
same minhash signature are assigned to the same block. For our datasets,
we extracted 3-grams from the titles of the shopping records. Similarly, we
extracted 3-grams from the names of the hotel records. Throughout our
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experiments, we did not vary the n-gram length and fixed it to 3. We then
generated a minhash signature that is an array of integers, where each inte-
ger is generated by applying a random hash function to the 3-gram set of the
record. We can produce several minhash signatures of a record (one for each
blocking criterion) by using different sets of random hash functions.

The advantage of using minhash signatures is that we can easily adjust
the number of blocking criteria and signature length to produce reasonable
accuracy and performance. Although there are many other ways to produce
blocking criteria (e.g., manually creating blocking criteria instead of using min-
hash signatures), we believe our approach is ideal in showing the trends of
accuracy and performance against different "qualities” of blocking criteria.

Metrics We used accuracy and runtime metrics to evaluate iterative block-
ing. To evaluate accuracy, we compared our algorithm results with a "gold stan-
dard”, which is the result of running CER on the entire dataset (i.e., CER(R)).
Note that we did not measure the correctness of the CER algorithm itself,
but instead determined the comprehensiveness: how “close” the blocking or
iterative blocking results are to the exhaustive result.

We used the Pairwise F; metric to evaluate the accuracy of the results of
our algorithms. Suppose that the gold standard G contains the set of record
pairs that match for the exhaustive solution while set S contains the matching

|6ns|

pairs for one of our algorithms. Then the precision PairPrecision is while

S|
the recall PairRecall is IG|2|SI. Using PairPrecision and PairRecall, we compute

Pairwise F;, which is defined as &FarPrecisionbairRecdll - gop Chgpter 6 for details

PairPrecision+PairRecall *

on the Pairwise F; metric.
For runtime, we measured the wall-clock runtime for each algorithm.

3.7.1 Accuracy

We compare the accuracy (Pairwise Fi) of the Lego algorithm with the follow-
ing techniques:
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e Blocking: Runs CER on each block separately. The answer is produced by
simply collecting the final records from all the blocks.

e Blocking-CC: Runs CER on each block, and then performs a connected-
component operation on all the records. For example, if the final records
(r,s) and (s, t) are in different blocks, they are merged to (r,s,t).

We use relatively small datasets of 50,000 records in order to be able
to compare our results with the gold standard, which takes a long fime to
produce. The accuracy and runtime values are the average of five test results
on distinct random subsets of the larger 2 million record set.

Varying the Average Block Size In Figure 3.9, we compare the accuracy
results of Lego, Blocking, and Blocking-CC using different average block sizes.
Varying the minhash signature length affects the average block size. In our
experiments, we varied the minhash signature length from 14 to 1 integers (the
shorter the minhash signature, the larger the average block size becomes) and
fixed the number of blocking criteria fo 5. We plotted against the average
block size (i.e., the average number of records in a block), which is the average
size of all the blocks produced by MC. When the average block size increases,
we find more record matches, but also perform more record comparisons.

As the average block size increases, Lego shows the most rapid increase
in accuracy (see Figure 3.9). For example, when the average block size is
about 13, Lego has 88% accuracy while Blocking has 76 % accuracy. Blocking-CC
has a higher accuracy than Blocking, since the connected-component operation
yields many more correct matches. However, since the connected-component
operation does not check with the match function, some of these matches are
incorrect. The Lego algorithm only combines two clusters with the permission
of the match function and therefore does not yield false positives. Further,
the Lego algorithm finds matches through iteration that Blocking-CC might
not. Therefore, the Lego algorithm has greater accuracy than Blocking-CC.
Note that, for the largest average block size 32, Blocking has almost the
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same accuracy as Lego because enough records are compared with each other.
However, increasing the average block size also increases the runtime as we
shall see in Section 3.7.2.

1 ! ! ! ! !

Accuracy (F1)

0.2 | .
Blocking —+—
Blocking-CC ---x---
Lego ------
0 | | | | |
5 10 15 20 25 30 35

Average Block Size

Figure 3.9: Average block size impact on accuracy, 50K records

Varying the Number of Blocking Criteria We also compared the accuracies
of Lego, Blocking, and Blocking-CC while fixing the minhash signature length
to 10 (making the average block size 7.3, the fifth smallest block size in Fig-
ure 3.9) and increasing the number of blocking criteria from 1 to 15 as shown
in Figure 3.10. As the number of blocking criteria increases, the accuracy of
Lego increases faster than the other approaches, since Lego benefits both
from the extra matches found within the new blocks as well as the extra
matches found due to iteration across blocks. When the number of blocking
criteria is 15, Lego achieves 78% accuracy while Blocking achieves 55% accu-
racy. All the algorithms will eventually achieve high accuracy as the number of
blocking criteria increases further, but Lego can achieve a high accuracy using
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far fewer blocking criteria than the other approaches.

1 ! ! ! ! ! ! !
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Accuracy (F1)
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Blocking —+—
Blocking-CC ---x---
Lego ------
O | | | | | | |
2 4 6 8 10 12 14

Number of blocking criteria

Figure 3.10: Number of Blocking Criteria impact on accuracy, 50K records

3.7.2 Lego Runtime

We compare the runtimes of Lego, Blocking, and Blocking-CC with the gold
standard (i.e., running ER on the entire dataset). In all cases, all data was
memory resident. Figure 3.11 shows the runtimes (on a log scale) while fixing
the number of blocking criteria to 5 and decreasing the minhash signature
length from 14 to 1 integers to generate different average block sizes. The
points of Figure 3.11 that have an average block size of 7.3 (using a signature
length of 10) correspond to the points of Figure 3.10 that use 5 blocking cri-
teria. The runtime for the gold standard is 1641 seconds while the runtime
for Lego ranges from 10 to 289 seconds.

Lego also has a comparable performance with Blocking. Lego is actually
faster than Blocking for the average block sizes of 16 and 20 because the
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time saved by avoiding redundant comparisons is larger than the additional
time needed to iteratively process blocks. To illustrate how Lego can be faster
than Blocking, suppose that two blocks b; and b, contain the same two matching
records r and s. While Blocking compares r and s twice, Lego can process b;
and reflect the merged record (r,s) on b, saving the next record comparison.
Finally, Blocking-CC is slower than Lego and Blocking because of the additional
overhead of connecting components.

10000 ¢ | | | | |
1000 | |
T X -
v e N o
7 x* e
£ 1w0p S I _:
5 E o e |
. [ x 7
[ X a® i
L % |
10 pomEE™ __
EW Gold Standard —+— ]
Blocking ---x--- ]
Blocking-CC ------
Lego ——————— e
1 L | | I
5 10 15 20 o - .

Average Block Size

Figure 3.11: Average block size impact on runtime, 50K records

We omit the plot for the runtime versus number of blocking criteria be-
cause it shows a similar trend as Figure 3.11.

3.7.3 Duplo Performance

We now compare the performances of the Duplo algorithm and Blocking on
large datasets that may not fit in memory. We adapt the Blocking algorithm
to make use of the disk as described in Section 3.4. For the Duplo algorithm,
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we now use segments and the merge log to iteratively process blocks from
the disk. We also test on a variant of Duplo (called Duplo Memory), which
uses segments but not the global merge log L; (i.e., Duplo Memory keeps an
in-memory hash table for managing maximal records just like in Lego). While
having a hash table in memory enhances the performance of Duplo, we must
trade of f that gain against the required larger amount of memory.

Before comparing the three techniques, we first evaluate several segment
queue policies that determine which segment to process from Qs first. Once
we have found the best segment queue policy, we then compare the scalability
results of Duplo, Duplo Memory, and Blocking. We show that both Duplo and
Duplo Memory outperform Blocking when producing accurate ER results of
large datasets. Throughout the experiments for Duplo and Duplo Memory, we
use 160 segments per blocking criterion for 5 blocking criteria and allocate
30MB! of disk space per segment.

Segment Queue Policy The segment queue policy significantly affects the
number of segments that need to be processed as well as the overall runtime.
We compare the four policies mentioned in Section 3.6.3: Hits, FCFS, Random,
and Inverse Hits. Figure 3.12 shows the runtime results of using the four
policies on 1 million random shopping records where the minhash signature
length is 10.

Both Hits and FCFS have excellent performance, with Hits being slightly
faster than FCFS. The Hits policy works well because segments that have many
hits are likely o generate many record merges each time they are processed.
The FCFS policy also works well because segments stay in the queue as long
as possible and thus tend to generate more record merges when they are
processed. The Inverse Hits policy is the worst strategy and is even slower
than the Random policy because segments that are least likely to generate

!While a segment size of 30MB may seem small relative to the amount of main memory
available, additional memory is needed to process the records in the segment by the CER
algorithm and the local merge log L.
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record matches are processed first, resulting in repeated processing of the
same segments. Having a good segment queue strategy is thus very important
for efficiency. For the rest of our experiments for Duplo and Duplo Memory,
we use Hits as our default policy.

Strategy | Runtime (hrs)
Hits 2.0
FCFS 2.1
Random 7.5
Inverse Hits 11.7

Figure 3.12: Runtimes for different segment queue strategies, 1M records

Scalability Using the Hits policy, we compare the scalability results of Du-
plo, Duplo Memory, and Blocking. Figure 3.13 shows the result of running the
three algorithms on 0.5 o 2 million random shopping records with a minhash
signature length of 4 (the average block sizes being 75, 130, 232 for 0.5, 1, 2
million records, respectively). We set the maximum java heap size to 3.56 for
Duplo Memory and 1.5G for Duplo in order to demonstrate that Duplo uses a
small amount of memory (Duplo Memory actually slows down significantly when
using 1.56 of memory). Both Duplo and Duplo Memory scale better than Block-
ing (by 15% and 43% for 2 million records, respectively) because Duplo and
Duplo Memory save processing time by reflecting the ER results of blocks to
other blocks. Duplo Memory is 33% faster than Duplo for 2 million records.
The runtime improvements will of course depend on the number of blocking
criteria and average block size used.

Figure 3.14 shows the runtimes needed for Duplo, Duplo Memory, and Block-
ing to achieve certain accuracy results on 2 million records. We generated the
figure by running a series of scenarios with different minhash signatures. For
each scenario we obtained an accuracy and runtime pair, and plotted it in Fig-
ure 3.14. We could not directly calculate the accuracy because the dataset
was too large to compute the gold standard using the CER algorithm. Instead,
we exploited the fact that the accuracy is only dependent on the number of
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Figure 3.13: Scalability, 2M records

blocking criteria and minhash signature length, and not on the size of the ran-
dom dataset. Hence, by using the same number of blocking criteria and min-
hash signature length, we could use the accuracy results on 50,000 records
in Figure 3.9 to estimate the accuracy results on 2 million records. We can
see in the figure that both Duplo and Duplo Memory significantly outperform
Blocking for highly accurate results. For example, Duplo Memory and Duplo
takes 14 and 17 hours to achieve 91% accuracy while Blocking takes 26 hours
to achieve 90% accuracy.

In summary, Duplo and Duplo Memory outperform Blocking when producing
accurate ER results on large datasets. The key idea is that ER results of
blocks are reflected on other blocks, saving a lot of processing time. Although
Duplo Memory is faster than Duplo, it requires a large amount of memory to
use the in-memory hash table. Duplo should be used instead of Duplo Memory
when the main memory size is too small to hold the hash table.
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Figure 3.14: Runtime needed to achieve given accuracy, 2M records

3.7.4 Other Datasets

In our shopping application, there are many iterative record matches where
merged records generate additional record matches. However, in other ap-
plications there may be fewer iterative matches. For example, suppose that
there are two blocks b; ={r,s} and b, ={s,t}. If r and s merge into (r,s) in
b1, but never match with 1, then we cannot generate any new record matches
by reflecting (r,s) to b,. In order to investigate how iterative blocking works
for different types of datasets, we also tested on a hotel dataset provided by
Yahoo! Travel. The records in the hotel dataset mostly come from two data
sources that do not have duplicates within themselves. As a result, we rarely
have more than two records matching with each other.

In this case, iterative blocking does not significantly improve accuracy over
blocking. However, its blocks still have a performance gain because ER pro-
cessing in one block saves processing time for subsequent blocks. Figure 3.15
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shows the runtimes for Duplo Memory and Blocking on hotel records. The hotel
dataset was only 27,049 records, so we generated larger datasets by simply
replicating the same dataset 16, 32, and 64 times (resulting in 0.43, 0.86,
1.73 million records, respectively). Duplo Memory improves Blocking by 48%
for 1.73 million records. We omit the data for Duplo because replicating the
data was producing too many record merges, significantly increasing the time
to read the merge log for each segment. In practice, the number of merging
records is much smaller.

Algorithm | Runtimes for 0.43M / 0.86M / 1.73M
records (hrs)

Blocking 0.27/0.73/ 2.27
Duplo Memory 0.18/0.41/1.18

Figure 3.15: Runtimes on the hotel dataset, 1.7M records

3.7.5 Other CER Algorithms

In this section, we experiment with a CER algorithm based on Monge and
Elkan [67] (we call it the ME algorithm) where records are sorted using an
application-specific key and then clustered with a sequential scan. Each clus-
ter has a representative record that can be compared with other records.
The representative record contains values of recently added records to the
cluster, but only those that were "far away enough” from the representative
record when added to the cluster. During the sequential scan, a priority queue
is used to contain the most recently updated clusters. (While the size of the
priority queue in [67] is constant, we use a size proportional to the number of
records processed.) Each new record is compared to all the clusters in the
priority queue. If there is a matching cluster, the record is combined with the
cluster, and the cluster is moved to the head of the priority queue. If there
is no match, a new singleton cluster is created and pushed into the head of the
priority queue. The final result is a set of clusters.
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We used the Yahoo! Shopping dataset and compared the records with the
same match function used in R-Swoosh. We also used the same blocking cri-
teria that uses minhash signatures generated from the titles of the records.
Throughout our experiments, we used 5 blocking criteria and a minhash signa-
ture length of 3.

Figure 3.16 shows that Lego has a higher accuracy than Blocking or Blocking-
CC for 50,000 shopping records. To correctly measure the accuracy values, we
constructed the gold standard by repeatedly running the ME algorithm on the
entire dataset until the clusters no longer merged. Although both Lego and
Blocking-CC have lower precision values than Blocking, they have much higher
recall and accuracy values.

Algorithm | Precision | Recall | Accuracy
Lego 0.93 0.74 0.82
Blocking 0.99 0.38 0.55
Blocking-CC | 0.93 0.69 0.79

Figure 3.16: Accuracy for the ME algorithm, 50K records

Figure 3.17 shows that Duplo Memory is 42~76% slower than Blocking while
Duplo Disk is 101~109% slower than Blocking for 0.5 to 2 million shopping
records (the average block sizes being 165, 309, 577 for 0.5, 1, 2 million
records, respectively). This result contrasts with that of Figure 3.13 where
Blocking is the slowest algorithm. The reason is that ME was not finding all
the matching records for each block (notice the low recall for Blocking in Fig-
ure 3.16) because the shopping data required iterative comparisons to be com-
pletely resolved. As a result, we could not exploit the ER results of previously
processed blocks as much as we did before in Figure 3.13. In addition, more
blocks had to be iteratively processed until there were no matching records in
any of the blocks. Hence, the ME algorithm illustrates the case where we are
trading off runtime (i.e., the overhead of managing the blocks and merge logs)
for better accuracy.

In summary, both Duplo Memory and Duplo Disk are better than Blocking in
accuracy, but are worse in runtime when the ME algorithm is used as the CER
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Algorithm | Runtimes for 0.5M / 1M / 2M
records (hrs)

Blocking 0.83/2.95/10.46
BDuplo Memory 118 /4.75 / 18.37
Duplo Disk 16776027219

Figure 3.17: Scalability for the ME algorithm, 2M records

algorithm. It is important to understand that we are not comparing the per-
formances of R-Swoosh and ME through these experiments. ME is designed
to be an efficient algorithm for data that can easily be clustered (which is
not the case here) while R-Swoosh is a more exhaustive algorithm that can
find subtle record matches. The key observations here are that any CER algo-
rithm can be plugged into the iterative blocking framework and that there is
a different runtime/accuracy tradeoff when using the ME algorithm.

3.8 Related Work

Various blocking techniques that focus on ER accuracy have been proposed.
Early works [70, 68] manually generate blocking criteria based on the charac-
teristics of the data. Learning techniques [18, 66] produce blocking criteria
based on training data so that the number of matching record pairs found is
maximized while the number of non-matching record pairs in the same block is
minimized. Estimation techniques [93, 47] can be used to estimate the number
of matching record pairs missed by each blocking criterion. Most of the works
above use several blocking criteria to increase the chance of similar records
to be compared within the same block. Our iterative blocking technique can
use any blocking criteria produced from the works above as its MC function.
Gu and Baxter [42] propose “adaptive filtering”, a technique for combatting
the problem of large blocks by pruning comparisons unlikely to match within
large blocks. Adaptive filtering may be used in conjunction with the techniques
presented here.
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Another line of research is blocking techniques that focus on ER perfor-
mance [10]. The Canopy Clustering [62] technique uses a cheap, approximate
distance measure to efficiently divide the data into overlapping subsets called
canopies and then processes each canopy using exact distances. The notion of
canopies maps directly to our notion of blocks, and our work takes the extra
step of exploiting the ER results of previously processed blocks. The Sorted
Neighborhood method [45] sorts records based on a sorting key and moves a
fixed-sized window sequentially over the sorted records. Several passes can
be done using different sorting keys. A transitive closure is then performed
on all the matching record pairs. While the Sorted Neighborhood method can
be seen as a form of blocking by considering each window as a block, it does
not exploit the ER results of blocks in different blocking criteria.

To the best of our knowledge, the only work that takes a generic approach
in efficiently processing blocks is the BigMatch [96] algorithm. BigMatch com-
pares a large file of records on disk with a smaller file of records in memory
without having to sort the larger file. For each record from the larger file,
BigMatch uses the blocking criteria to search all the records in the smaller
file that are in the same block for at least one blocking criteria. In contrast,
iterative blocking is designed fo resolve a single large set of records and has
the additional feature of iteratively processing blocks.

As mentioned in Section 3.1, the work presented in this chapter is a simpli-
fication of the formalized interactive blocking framework described by Whang
et al. [87].

3.9 Conclusion

In this chapter, we have presented an iterative blocking framework that works
in conjunction with any core entity resolution algorithm to generate approx-
imate ER results with greatly improved performance. Iterative blocking is
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distinguished from standard blocking techniques in that it carries over infor-
mation discovered in the processing of one block into all subsequent blocks.

We have presented the Duplo on-disk algorithm for use with large datasets
for which only a subset of the records may fit in memory. We also presented
four queueing strategies for the processing of blocks in the Duplo algorithm
and identified the best strategy by experiment.

We presented experimental results comparing iterative blocking with stan-
dard blocking techniques. Iterative blocking can beat standard techniques on
two fronts. Iterative blocking improves accuracy by reprocessing blocks in
light of new merges found in other blocks. Performance is also improved by
eliminating redundant comparisons already performed in other blocks. Our
experimental results confirm that iterative blocking can offer both improve-
ments at the same time.
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Chapter 4

LSH and Minhash

4.1 Introduction

As discussed in Chapter 3, entity resolution can benefit from the use of block-
ing. While blocking is a powerful technique, it requires a good set of blocking
criteria to divide the records into independent blocks. The experiments of
Chapter 3 used a method called minhash in this capacity. Minhash is one of a
number of methods that define a family of hash functions for grouping data
items according fo their similarity. Such a method is generally referred to as
a locality-sensitive hash function family.

The minhash method groups sets into buckets such that similar pairs of
sets (as defined by the Jaccard coefficient) are likely to end up in the same
bucket. To use minhash in entity resolution, we are required to convert each
record into a representative set, relying on the assumption that the Jaccard
coefficient of these sets is a good estimate of the similarity of the original
records. For example, in Chapter 3, we created these representative sets by
shingling the string value of an attribute of each record.

If the blocking criteria we used more closely modeled the similarity of
records, we would expect the accuracy of the blocking result to increase. We
can turn to many known locality-sensitive hash function families for different

85
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data types and similarity measures. Clearly minhash [21] works with the Jac-

card coefficient of sets, but we also have simhash [23] for cosine similarity,

and [4] describes locality-sensitive hash function families for Hamming and

Euclidean distances. In this chapter, we will explore how to extend the basic

minhash technique for data types and similarity measures not yet considered.
The contributions of this chapter are the following:

e Section 4.3 describes MapMinhash, a modification to minhash suitable
for use on map data structures.

e In Section 4.4, we show how minhash may be modified for use with sets
with weighted values, using the weighted Jaccard coefficient as a simi-
larity measure.

e Section 4.5 shows how minhash may be applied to complex data types
whose individual components have data types with corresponding locality-
sensitive hash function families.

e In Section 4.6, we present experimental results comparing the tech-
niques of Section 4.4 to the only other known technique for weighted
sets.

We introduce our preliminaries in Section 4.2 and conclude in Section 4.8.

4.2 Preliminaries

42.1 LSH

Inthis section, we precisely define the property required of a locality-sensitive
hash function family. We also briefly introduce the LSH algorithm, which is
the standard algorithm used in conjunction with locality-sensitive hash func-
tion families.

Locality-sensitive hash function families must satisfy what we call the LSH
property.!

1This property is defined by Charikar [23]. It is notably different from the one described
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Property 4.2.1. We say that a family of hash functions H satisfies the LSH
property for a similarity measure sim if for a randomly selected h € H, for
any values x andy in the domain of sim, Pr[h(x) = h(y)] = sim(x,y)

The LSH algorithm is to select | xm hash functions from a family H of hash
functions. For each item, we use these functions to generate m signatures,
each with | components (with each component being the result of invoking a
hash function on the given item). The item is then added to a bucket for each
of its signatures. After each item has been added to its respective buckets,
the algorithm considers each bucket independently. For each bucket, the al-
gorithm compares all of the contents against one another to find items of high
similarity. Generally, we may be interested in finding near neighbors above a
certain threshold of similarity. By properly selecting the parameters | and m,
this algorithm can target any similarity threshold, while simultaneously reduc-
ing false negatives (missed matches) and false positives (dissimilar records
ending up in the same bucket). See [4] for a detailed description of the algo-
rithm and its applications.

4.2.2 Minhash

Before detailing our modifications to minhash, we will briefly review minhash
itself. Minhash defines a family of hash functions on sets that satisfies the
LSH property for the Jaccard similarity metric. That is, for sets Rand S, a
random hash function in the family satisfies the LSH property:

Pr[h(R),h(S)]1=J(R,S)

Where J(R, S) is the Jaccard coefficient for the two sets R and S:

IRN S|

IR.S) = RT3

by Andoni and Indyk [4], but similar in spirit. We use this property for simplicity.
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Minhash is based on permutations of possible set elements. We can assume
that the sets to be compared are subsets of a universe U of possible set ele-
ments. Minhash defines its hash functions in reference to permutations of U.
Specifically, for a permutation 1, the minhash hash function h, corresponding
to m is defined as:

hz(S) = min(x)
X€ES

(Here we use m(x) to refer to the rank of element x in permutation m.) Choos-
ing T randomly from the set of all possible permutations of U results in a direct
relationship between this hashing scheme and the Jaccard coefficient [21].

As an example, suppose that U consists of the letters {a,b,c,d,e}. Let a
randomly chosen permutation mbe b, e, a, c,d. Then the minhash hash function
corresponding to m would return O for any set containing b, 1 for any set
containing e but not containing b, 2 for any set containing a but not containing
b or e, and so on.

The hash functions in the minhash family run in linear fime in the number
of elements in the input set, so long as computing m(x) is a constant-time op-
eration. Unfortunately, it is difficult to choose a truly random permutation.
Further, storage of a random permutation in a manner that allows quick compu-
tation of m(x) is quite large. For example, storing a permutation as a sequential
list of elements would offer constant-time access, but requires O(|U|) stor-
age.

Broder et al. discuss this issue in [21], proposing choosing permutations
randomly from smaller subsets (families) of all possible permutations. The
authors identify "min-wise independence” as the necessary property of these
permutation families that allows the relationship between minhash and the
Jaccard coefficient to be maintained. A family of permutations F is min-wise
independent if for a randomly chosen permutation m, and any set S C U,
Prlminges m(s) = m(x)] = 1/]S|, for any element x € S.

Broder also identifies more relaxed properties that may suffice to give
an efficient approximation. Indyk [52] discovered a family of permutations
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satisfying the relaxed property of “approximate min-wise independence”. It
seems, however, that the most common implementation of minhash uses a much
simpler, though less theoretically pure, technique. We note that any function
that maps elements in universe U to numerical values can be used to define an
permutation of U. For example, consider the function f defined by the table
in Figure 4.2.2.

X

EIRIQN
57
3.14
2.998
6.626
2718

(\] Q_O‘O"D

Figure 4.1: A function f

We can define a permutation on U by sorting based on the results of the
function f. In our example, the permutation implied by f would be a,e, ¢, b, d.

For implementing minhash, it is most common to use a randomly chosen lin-
ear function: f(x) = ax+b mod P, with P being a fixed prime greater than |U|,
and a € [1,P),b € [0,P) being randomly chosen integers. (Here, we are freat-
ing an element x as though it were a numeric value. If the items in U are not
numeric, we can use standard hash functions tfo compute a numeric value for
each element. In this case, U actually refers to the universe of possible hash
values. We can assume that the probability of hash collisions is low enough
to be negligible. We will continue to use items as numeric values under the
understanding that they may be the results of standard hash functions of the
actual elements.)

Strictly, a linear function f is not a permutation, as it does not return
return the exact rank of x. However, if we define permutation 1 as the per-
mutation implied by f, then the standard minhash function h; is equivalent to
a similarly defined h¢ hash function:

h#(S) = minf(x)
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That is, Pr[h(R) = hz(S)] = Pr[h¢(R) = h¢(S)] = J(R, S). Note that, since prime
P> |U|, f is a one-to-one function and will never return the same value for two
different elements.

The linear function method is popular, most likely due to its efficiency and
ease of implementation. While it does not satisfy even the relaxed property of
approximate min-wise independence [21], it can be demonstrated empirically
to work well in practice.

Now to summarize the minhash algorithm using the random linear function
method. First, we choose a prime P that is larger than the size of the universe
of possible elements in the sets to be considered. Then we choose random
integers a and b. The minhash of a set S is then defined as:

h(S) = mig(ax +b mod P)
Xe

The result of this definition is that Pr[h(R) = h(S)] = J(R, S), which allows us
to use the LSH algorithm to identify similar sets.

Algorithm 4.1 shows this implementation of Minhash. The algorithm is writ-
ten as a signature-generating algorithm. That is, rather than generating a
single hash value, it generates a signature of | random hash values. Although
an LSH signature-generating function makes use of random values, it is im-
portant that the random number generator be deterministic—generating the
same random numbers on every invocation. To ensure that our function is
deterministic, it makes use of a fixed value (called FIXED_SEED) to seed a
pseudorandom number generator.

4.3 Map Minhash

A map (or dictionary) is a data type that stores mappings between keys and
values. Maps are used widely, but to give a concrete example, we might use a
map to store the ZIP codes of various cities: {Princeton : 08544, Stanford :
94305, Berkeley : 94704}. In this map, the key Stanford has value 94305.
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Input:  S: the set to generate a signature for

I: the desired length of the signature
Output: an |-length signature for S
1: Minhash(S, 1)
2: randstream <« new RandomStream(FIXED_SEED)
3: fori=1%oldo

4: a « random integer from randstream in [1,P)
5: b < random integer from randstream in [O, P)
6: // compute minimum of ax+b mod P

7:  minhash «— P

8 forall xS do

9: current «— ax+b mod P

10: if minhash > current then

11: minhash < current;

12: end if

13:  end for

14:  sig[i] < minhash

15: end for

16: return sig

Algorithm 4.1: Minhash Signature algorithm

Much like primary keys in a database, map keys must not appear more than once
in any given map. Given this constraint, we note that any relation with a primary
key can be modeled as a map. Conversely, maps can be seen as sets of tuples:
our example tuple can be written equivalently as the set {(Princeton, 08544),
(Stanford, 94305), (Berkeley, 94704)}. Given this representation, we can re-
fer to the union of maps, the intersection of maps, and even the Jaccard
coefficient of maps.

Since maps are equivalent to sets of tuples, we can apply basic minhash
directly, and we immediately have an LSH family for the Jaccard coefficient
of maps. Unfortunately, applying minhash directly leads to some surprising
results. We demonstrate such a result with a simple example.

Consider the maps M = {a : 1,b : 2 and N = {a : 1,b : 3}. Since M and
N share two keys, and only match on one of them, we would expect a good
similarity function to tell us that sim(M,N) = 1/2. The Jaccard coefficient,
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however, is not such a metric!

The set representations of the two sets are M = {(a,1),(b,2)} and N =
{(a,1), (b, 3)}. The intersection of the sets consists of the single tuple (a, 1),
and the union is the three tuple set {(a,1), (b, 2),(b, 3)}. Therefore the Jac-
card coefficient J(M,N) = 1/3. Maps with more items can have Jaccard co-
efficients that vary by as much of a factor of 2 from expectations using the
logic above.

This problem stems from the fact that keys that appear in both maps with
different values will show up twice in the union of the two maps, whereas keys
with values that match will show up only once. This analysis suggests a simple
modification to the Jaccard coefficient that we can use as a similarity measure
for maps. Using the notation that keys(M) refers to the set of keys in map M,
we can define a similarity metric for maps as follows:

IM N N|

sim(M,N) = [keys(M) U keys(N)]

This measure modifies the Jaccard coefficient by dividing by the size of
the union of keys in the maps, rather than the number of tuples in the union
of the maps. This modification generally reduces the size of the denominator.
However, the fact that maps have only one entry for a given key guarantees
that sim(M,N) < 1.

For us to use this more natural similarity measure in LSH, we must find a
corresponding LSH family. Luckily, we can modify basic minhash to satisfy the
LSH property for this new similarity measure.

We formally define the map minhash mmh, of a map M with respect to a
permutation 1 of all possible map keys.

Definition 4.3.1. Let k,, be the element in keys(M) with the lowest rank in .
That is, m(Km) = MiNkckeysm) T(K). Then mmhy is defined as follows:

mmhq(M) = ((km), M(kn))
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That is, to compute the map minhash, we find the key ky, that has the lowest
rank in 1. The hash is then the rank of k., followed by the value k., takes on in
M. Note that the map minhash is a pair, not a single value.

If we select m randomly from a min-wise independent family of permuta-
tions, then mmh satisfies the LSH property for our map similarity measure.

Theorem 4.3.2. If permutation T is selected randomly from a family of min-

wise independent permutations, then Primmh.(M) = mmh,(N)] = m

Proof. First, we consider the key k* € keys(M) U keys(N) that has the low-
est rank in m. That is, k* is the element of keys(M) U keys(N) such that
T(K*) = MiNkekeys(mukeysny TT(K). Since  was selected from a min-wise indepen-
dent family, for any key k, Pr[k = k*] = 1/|keys(M) U keys(N)|. If k = k*, then
the probability that the hashes of M and N match is entirely determined by
whether k appears in both M and N with the same value. If it does, the hashes
match. If it does not, the hashes do not match. Therefore, the probability of

matching hashes overall is Pr[k = k*] multiplied by the number of matching key

value PGir‘S in M and N: W.

Algorithm 4.2 details a signature-generating algorithm for Map Minhash.
It is essentially identical to Algorithm 4.1, but it uses a new variable minv to
keep track of the value associated with the key with minimum hash. The minv
value is then used as the second part of a fuple composing a hash.

4.4 Sets with Weighted Values

In many circumstances, data can be represented as sets, but some items in
the set are more important than others. The importance of set items can
be represented by adding a weight value to each item. For example, if set S
contains values a and b, but b is twice as important as a, we might represent
S as the weighted set {a : 1,b : 2}. We note that the set R may also contain
the same two values, but with a now being more important than b, resulting
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Input:  M: the map to generate a signature for

I: the desired length of the signature
Output: an I-length signature for M
1: MapMinhash(M, I)
2: randstream <« new RandomStream(FIXED_SEED)
3: fori=1%oldo

4: a « random integer from randstream in [1,P)
5: b < random integer from randstream in [O, P)
6: minhash «— P

7:  minv <0

8: forall (k— v)eM do

9: current «— ak+b mod P

10: if minhash > current then

11 minhash < current;

12: minv < v;

13: end if

14:  end for

15:  sig[i] < (minhash, minv)

16: end for

17: return sig

Algorithm 4.2: Map Minhash Signature algorithm

inR ={a: 2,b: 1}. We will use the notation S(x) to refer to the weight of
element x in the weighted set S. For example, using the definition of S above,
S(b) = 2.

The idea that a value may have different weights in different sets may
be initially baffling, but the surprise can be resolved with a simple example.
Suppose that we are modeling documents as the sets of words they contain.
It is clear that some words are inherently more important o a document than
others. Generally, we consider rare words (those with a high IDF value) as
important: the word “interesting” appears in many documents, but the word
"Jaccard" appears in relatively few. However, some words may be of particu-
larly high importance due fo the number of fimes they appear in a document
(the TF value), or even their placement within a document (e.g. words appear-
ing in the title of a document are more important). This latter effect allows
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for words to have differing importance for different documents, and thus
differing weights when modeling documents as sets.

For this type of data, the weighted Jaccard coefficient is a commonly used
similarity measure. It is a natural generalization to the Jaccard coefficient,
and is in fact equivalent for the case where all weights are equal. For the
weighted Jaccard coefficient, we divide the sum of the weights in the inter-
section by the sum of the weights in the union. Formally, the weighted Jaccard
coefficient is defined as:

X xerns MIN(R(x), S(x))

wJ(R,S) = % crus Max(R(y), S(y))

In [59], Manasse et al. developed a method of sampling from weighted sets
that leads directly to a family of hash functions that satisfies the LSH prop-
erty for the weighted Jaccard coefficient. The Manasse scheme, however,
suffers from a few problems: it is relatively slow and it is complicated to im-
plement. In our work, we have discovered a simpler, faster scheme, and at the
time of this writing, it is not patented.

The benefits of this scheme do not come without a price, however. Unfor-
tunately, the scheme we discovered does not apply to weighted sets in general.
For our scheme to work properly, the weight for any particular set element
must remain the same no matter which set it appears in. That is, each set
element x has an inherent weight, which we write as w(x). We refer to these
sets as "sets with weighted values”, to differentiate from the more general
"weighted sets”.

Is this a fatal flaw in the scheme we propose? Clearly, we believe the an-
swer to be no. There are many situations in which sets with weighted values
are an acceptable model. Users in a social network may be compared based
on their sets of interests—sets which generally have no indication of their
importance to a particular user. In the Netflix data set, we may model a user
as the set of movies she has rated highly. In a tagging system, a document
may be represented as its set of tags, as the number of times a document
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has been labeled with a particular tag is not necessarily a valuable metric of
the importance of a tag. In all of these situations, the weight of a set ele-
ment can be usefully defined as the IDF value of the element: rare interests,
rare movies, and rare tags are generally more telling than their more common
counterparts.

With this justification in place, we continue to describe our LSH hash fam-
ily for sets with weighted values, using the weighted Jaccard coefficient as
the similarity measure. Note that since an element’s weight is constant in all
sets, our expression for the weighted Jaccard coefficient simplifies to the

following:
WJ(R, S) - erRmS W(X)
ZyeRUS W(Y)
We begin by solving the problem for the specific case of integral weight values,
using it as a simple first stepping stone towards solving the general problem of

real-valued weights.

4.4.1 Integer Weights

An LSH family for weighted Jaccard with integer weights has been described
briefly in [23]. Here we provide greater detail.

First, recall that minhash is based upon families of min-wise independent
permutations. This idea is extended by allowing duplicate values in the random
permutations we generate. We create a bag B of elements in the universe
U. For each element x € U, it appears w(x) times in B. We can then use any
min-wise independent permutation family to select a permutation mg of the
bag B. Since a single element can have multiple positions in a permutation of
a bag, we can't treat mp as a function anymore. Instead, treating it as a list,
we can eliminate duplicates from mg, leaving only the first occurrence of each
element. This gives us a permutation of U, which we will call my,. Now that
duplicates have been removed, my can be treated as a function again. As an
example, if we have elements a, b, and ¢ with weights 1, 2, and 3, respectively,
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thenB = {qa,b, b, ¢, ¢, c} and 1 could be cacbcb. We can then remove duplicates
from the permutation to obtain my = cab.

Given a permutation created in this way, the rest of minhash applies di-
rectly. A minhash value for set A is minyca Ty(x) with m(x) being the rank of
element x permutation my.

As in minhash, we can sidestep the creation of these independent permu-
tations by using the order implied by random linear functions. For weighted
minhash, however, we may use a sequence of random linear functions to gener-
ate a single hash. Let wy. be the largest possible weight of any set element.
Then we generate {a;,az,...,a,,} and {by,bz,..., by }. Given these values,
we can define the weighted minhash of a set S as:

wmh(S) = min min (ax+b; mod P)
X€S ie[Iw(x)]

Algorithm 4.3 details an implementation of this scheme. We note one major
difference between this scheme and Algorithm 4.1 (basic Minhash) in the use
of randomness. The body of Algorithm 4.1's outer loop first generates the
values a,b and uses these same values for computing the linear function of
each set element. A naive implementation of the integer weight algorithm
would generate the arrays {a;} and {bi} as the first step in the body of this
outer loop. However, there may be no need to generate the entire array, so
instead, we retrieve a single value from the random stream. We then use this
value as a seed for a second random stream (called subrand in the code). In
this way, we can access the {a;} and {b;} values as a stream, rather than pre-
computing both arrays. With the code written in this way, we also no longer
have the requirement of knowing the maximum possible weight wyax.

Accessing the {a;} and {b;} values as a stream requires recomputing the
random values each time they are used. Computing the next random value in
a stream is a constant-time operation, so accessing the values as a stream
does not change the complexity of our algorithm (i.e. it is still linear in the
total weight of the input set). Our experiments have shown, however, that
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Input:  S: the set to generate a signature for

I: the desired length of the signature
Output: an I-length signature for S
1: IntWeightedMinhash(S, 1)
2: randstream <« new RandomStream(FIXED_SEED)
3: fori=1toldo

4:  minhash «— P

5. randseed < random integer from randstream
6: forall xe& S do

7: subrand < new RandomStream(randseed)
8: for j =1 to w(x) do

9: a <— random integer from subrand in [1,P)
10: b — random integer from subrand in [O, P)
11 current «— ax+b mod P

12: if minhash > current then

13: minhash < current;

14: end if

15: end for

16: end for

17:  sig[i] < minhash

18: end for

19: return sig

Algorithm 4.3: Weighted Minhash Signature algorithm (Integer Weights)

continually regenerating these random values is computationally expensive. We
can work around this limitation by pre-computing the {a;} and {b;} arrays (one
pair of arrays for each of the | components in a signature) and storing them in
memory. Of course this optimization brings back the need for knowing wiax in
advance.

This integer weights method is not one of the contributions of this chapter,
so we present it without proof that it satisfies the LSH property for weighted
Jaccard similarity. However, the proof follows from Proposition 4.4.1, proven
in Section 4.4.2.

We do note here two limitations of this scheme. The first obvious limitation
is that it can only handle integer weights. Rounding weights to the nearest in-
teger may be acceptable for some applications, but not all. If rounding is
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not acceptable, more precision can be added by multiplying all weights by a
constant factor, and then rounding. However, this process results in larger
weights, which leads to the second limitation: performance. In regular min-
hash, the creation of a hash is linear in the number of elements in the set.
With the integer weighted minhash, the creation of a hash is linear in the sum
of the weights of the elements in the set. With large weights, this process
can be quite slow. For an application that uses IDF values as the weights, we
can expect weights for infrequent terms to be very high.

4.4 2 Real Weights

The discovery of an algorithm for real valued weights falls out of considering
a solution to the performance issue of the integer weight algorithm. In the
integer weight algorithm, for an element x, we must generate w(x) values and
compute the minimum, which can be expensive if w(x) is large. We note that
the values are independent, as they are computed by independently chosen
random linear functions. By turning to statistics, we can simulate the process
of choosing the minimum of w(x) independent random values in a more efficient
manner.

Given a sequence of random variables Xj,..., Xy, the kth smallest value,
denoted X is called the kth order statistic. The first order statistic is
another name for the minimum of the values, that is, X3 = minX;.. When
the X; variables are independent and each follow the uniform distribution, the
order statistics follow a well known distribution called the beta distribution.
Our algorithm for real valued weights is based on the idea of selecting a single
value from a beta-distributed random variable, rather than selecting multiple
uniformly distributed values and computing the minimum.

The intuition for this method relies on the beta distribution's relation to
order statistics, which only applies o the integer weight case. However, the
parameters of the beta distribution can have non-integer values, and real val-
ued weights can easily be used in place of integers. In this section, we define a
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method of generating weighted minhashes using the beta distribution, prove it
to be theoretically sound for both integer and real valued weights, and finally
we describe an efficient practical algorithm based on this theory.

The necessary property for minhash is min-wise independence, but for
weighted minhash, we desire a different property, which we call min-wise
weight bias. Formally, a method of selecting a random permutation m is min-
wise weight biased if Pr[minses m(s) = m(x)] = w(x)/ X5 w(s). Min-wise weight
bias generalizes min-wise independence in the following sense: when all weights
are set to 1, the method of selecting a random permutation from a min-wise
independent family of permutations is a min-wise weight biased method.

Note that we apply the term min-wise weight bias to methods of selecting
random permutations, rather than to families of permutations. One could use
min-wise weight biased to describe a family of permutations such that select-
ing a permutation uniformly at random is a min-wise weight biased method.
However, applying the term fo the method allows us to select permutations
from a family nonuniformly in order to obtain min-wise weight bias. To il-
lustrate with an example, suppose that U = {a,b}. Then the family F* of
all permutations of U is {ab,ba}. Family F* is min-wise independent, and if
w(a) = w(b) = 1, then the method of selecting a permutation at random from
F* is a min-wise weight biased method. But suppose w(a) = 1 and w(b) = 2.
In that case, we can still obtain min-wise weight bias out of U by selecting
permutation ba with probability 2/3, and permutation ab with probability 1/3.

Proposition 4.4.1. If a min-wise weight biased method is used to select a
permutation m and we define h,(S) = minges m(x), then Pr[h.(R) = h.(S)] =
wJ(R, S).

Proof. The proof is similar to the proof of basic minhash. Let m be the element
of RU S such that m(m) = min.crus m(e). If m € Rand m € S, then the hashes
of R and S surely match, as both sets contain the element with minimum rank
(hz(R) = h(S) = m(Mm)). If m is in one set but not the other, then the hashes
of R and S definitely do not match. Example: suppose m € Rand m ¢ S. Then
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hz(R) = mt(m), but hy(S) z (m), because m ¢ S. So h(R) = h,(S) if and only if
meRNS.

Now, consider some element x € RUS. What is the probability that x = m?
By min-wise weight bias, Pr(x = m] = w(x)/ ¥, crus W(Y). In the case that x = m,
we know from the above argument that the hashes of R and S match if and only
if x € RN'S. So Pr[h;(R) = hy(S)Ix =m]=1if x € RN S, and is O otherwise.
Using these facts to compute the overall probability that h;(R) = hg(S), we
find that it is indeed wJ (R, S):

Prlh-(R) = h(S)] = z Pr[x = m]Pr[h(R) = hn(s)lx =m]

XERUS

_ Z Prlx = m]PrLra(R) = ho(S)Ix = m}+

XERNS

z Pr[x = m]Pr[h(R) = h-(S)|x = m]

X€ERUS-RNS

=}E}%M=nﬂx1+ }E:l%kznﬂxo

XERNS x€ERUS-RNS

= ZPr[x = m]

XERNS
w(x)

ZyeRUS W(Y)

XERNS
_ Zxerns W(X)
2 yeRrUS w(y)
=wJ(R,S) O

So now we need only search for a min-wise weight biased method of select-
ing a permutation of U. We propose one here based on the beta distribution.

First, we will discuss the basics of the beta distribution. All definitions
and notation are derived from those used in [86]. The beta distribution is
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represented by the symbol p, and it takes two parameters called a and p.
Although the symbol p has two meanings, it should be clear from context
which meaning is intended.

The beta distribution is defined in part with reference to two forms of the
beta function. Specifically, the incomplete beta function B, is defined as:

B.(a,b) = f ul(1 - u)°tdu
0

for real numbers a > 0 and b > 0. The complete beta function B is defined as

B(a, b) = By(a, b), or:
1
B(a,b) = J. u (1 - u)°tdu
0

A random variable distributed as p(a, p) has the following probability den-
sity function P and cumulative distribution function D for values of x in [0, 1]:

_ (1 _ X)[b—lxa—l
P B

_ Bx(a: b)
PC) = B a, py

For x <0, P(x) = D(x) = 0. For x > 1, P(x) = 0 and D(x) = 1.

We now use these facts to prove some useful properties of the beta dis-
tribution, with the goal of proving that beta random variables can be used to
select permutations with min-wise weight bias.

Lemma 4.4.2. If independent random variables X,Y are distributed as p(1, px)
and p(1, py) respectively, then Pr[X < Y] = p,/(Px + By).

Proof. Let Px be the probability density function for X, and let Dy be the
cumulative density function for Y. We can determine Pr[X < Y] by integrating
Px(x)Pr(x < Y) over all possible values of X. Knowing that Pr(x < Y) = 1 - Dy(x),
and knowing the expressions for Px and Dy, we can evaluate this integral, and
come up with the result px/(px + py). The math follows.
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First, note that:

1
B(1,p) = f (1-t)Pidt
0
1
__(1—'r)°]
P
0

| -

1
Pr{X < Y] = f Py (x)(1 - Dy(x))dx
0
1
] CB(LB)
f Px(x)(l W) )
f PX(X)dx'f P51
Y
:l‘f Px(x)f’yBx(l,by)dx

Px(x)B (1, py)dx

:l—ﬁy

=1-p, f B x11(1 - x)P1B, (1, By )dx

=1-p, ’-”x(l x)ﬁ le(l ﬁy)dx

=1- ﬁybx f (1 - X)DX—IBX(]-: ﬁy)dx
0
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1 X
= 1-p,py f (1-x)P1 f (1-1+)»1dt dx
(1-1)P
=1- Dybx (1 x)bx [
f (1 x )Py
=1- ByPx (1- X)ﬁx ( ) X
By By

1
=1-p, f (1-x)P1 (1 -(1- x)ﬁv)dx

;
=1-p, f (1= x)P<" = (1= x)PrPydx

° 1 1
=1-p, (f (1-x)P<tdx - f (1- x)ﬁY*f’X'ldx)

=1- [Bx([ (- x)bX] [(1 x)"v*"X])

_1 X -
g ﬁx ﬁy ﬁx

(%)
By + Bx

B
bx"'Dy

]

Lemma 4.4.3. If independent random variables X,Y are distributed as p(1, px)
and p(1, py) respectively, then random variable Z = min(X,Y) is distributed as

B(L,px + by)
Proof. Random variable Z can take on a particular value z in two disjoint ways:

1. X=zandz<Y
2.Y=zand z< X
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We can write an expression for the probability density function Pz in terms
of the the probability density functions and cumulative distribution functions
Px, Py, Dx, Dy using the above two cases as a guide:

Pz(z) = Px(2)(1 - Dy(2)) + Py(z)(1 - Dx(2))

Using the known expressions for all of the functions in this expression, we can

evaluate and find that:
(1 - Z)Dx*ﬁy‘l

B(1,px+ Dy)
which is the probability density function for p(1, px + py). The math follows.

Pz(z) =

First, note that:

B-(1,P)

f (1-t)dt
0
a-tp ]
p
0

-z

b o
1-(1-2)

p

Now, computing Pz(z):

P2(2) = Px(2)(L - Dy(2)) + Py(2)(1 - Dx(2))
_-2pg e BB (- 2P o Bi(LB)
* BB (1 8oy ) BBy ( adl, bx)

- Bu(1- 2P (1 - p,By(1, ﬁy)) + By(1 - 2P (1 - BuBy(l, b))
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—(1-72)°y
= lbx(1 - z)bx_1 (1 - byl (]b Z) )
Y

- (1 - 7)Px
+ by(l - z)ﬁy'1 (1 - bxl(lb—z))
= f’x(l - z)ﬂx—l(l - Z)by + lby(:l - Z)by—l(l - Z)bx
= (B + By)(1 - 20
_ (1 - z)ﬁx"‘ﬁy‘l
~ B(LpBx+By)

So Pz is exactly the probability density function of a variable distributed
as P(1, px + By). Thus, random variable Z = min(X,Y) is distributed as p(1, px +

By). N

Corollary 4.4.4. If we are given a series of independent random variables
Xi,...,Xn, with each X; distributed as p(1, p;), then random variable Z = min(X;)
is distributed as p(1, 3 p).

Proof. The case where n = 2 is simply a restatement of Lemma 4.4.3. The
general case follows by induction. O

Now that we have proven some properties of the beta distribution, we can
continue to prove our main theorem, which directly suggests a min-wise weight
biased method for selecting a permutation.

Theorem 4.4.5. If acollection of values {vi,V2, ..., vn} is drawn from a set of
random variables {V1,V>,...,V.} with each random variable V; distributed as
B(1,p:), then for a given vi € v;, Primini(vi) = vx] = P/ ¥ Pi.

Proof. We know that Pr[min(v;) = vx] = Pr[vx < mini.x(v;)]. By Corollary 4.4.4,
we have that M = minix(vi) is a random variable distributed as p(1, Y, Bi). By
Lemma 4.4.2, Privy < M] = Px/(Bx *+ Zizx Bi) = Px/(Z Pi). Therefore, Pr[min(v;) =
vx] = Bx/(Z B). L

Theorem 4.4.5 suggests the following min-wise weight biased method of
selecting a permutation. For each element x in U, we select a random value vy
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according to the distribution p(1, w(x)). We then define m as the order of the
elements of U according to their vy values. According fo Theorem 4.4.5 for
a set S, Pr[minyes m(x) = m(x)] = w(x)/ Z,csw(y), and therefore this method
is min-wise weight biased. Since the process for generating a permutation is
entirely random, we can create as many permutations as we see fit. According
to Proposition 4.4.1, we can use these permutations to generate hash functions
that satisfy Pr[h(R) = h(S)] = wJ(R, S).

Unfortunately, if |U] is large, then it can take a lot of memory to store
these permutations. What we need is a compact and efficient method of
computing values based on this scheme. We will discover such a method by
returning to the use of random linear functions.

The function f(x) = ax+b mod P gives a random number from the discrete
uniform distribution. By normalizing, we can approximate a value from the con-
tinuous uniform distribution, and then we can use the inverse CDF method to
create a beta-distributed value. The inverse of the cumulative density func-
tion for p(1, p) is DY(x) = 1-¥/1- x. Noting that 1- X has the same distribution
as uniformly distributed X, we can simply generate a beta weighted value from
uniformly distributed X by computing 1 - ¥/X.

The inverse CDF method allows us to derive in the following hash function:

. _w(x)ax+b mod P
h(s)"x"é?(l \/ P-1

_ w(x) ax+b modP
o= o

or equivalently:

These functions are based upon the linear function technique commonly
used in minhash. As briefly discussed in Section 4.2.2, the linear function
technique for minhash is not min-wise independent, but it works very well in
practice. In the same vein, we do not attempt to prove the correctness of
the linear function technique for weighted minhash. Instead, we demonstrate
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experimentally (in Section 4.6) that this function does indeed satisfy (or at
least closely approximate) the desired property:

Pr[h(R) = h(S)] = wJ(R, S)

Algorithm 4.4 shows the pseudocode for an implementation of this scheme.
It is identical fo Algorithm 4.1 except for the computation of the linear func-
tion, which is now augmented with the computation of the w(x)th root of the
function.

Input: S the set to generate a signature for
I: the desired length of the signature
Output: an |-length signature for S

1: RealWeightedMinhash(S, |)
2: randstream <« new RandomStream(FIXED_SEED)
3: fori=1toldo

a < random integer from randstream in [1,P)

b — random integer from randstream in [0, P)

// compute minimum of 1- "¢/ —“X*bP_TOd P

4
5
6
7:  minhash «— P
8 forall x&S do
9

current — 1- w(x)/ ax+b mod P

P-1
10: if minhash > current then
11: minhash < current;

12: end if

13:  end for

14:  sig[i] < minhash

15: end for

16: return sig

Algorithm 4.4: Weighted Minhash Signature algorithm (Real Weights)

4.4.3 Limitation: Weighted Sets

As mentioned earlier, our real weights scheme works perfectly when items in
U have an inherent weight. However, it does not work for the case where an
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element can appear in different sets with different weights. A simple example
shows that general weighted sets are not supported by this scheme.

Suppose that weighted sets R and S are defined as follows: R = {x : 1.0} and
S = {x : 2.0}. The minimum weight of element x is 1, and the maximum weight is
2. Therefore, using the above definition, wJ(R, S) = 1/2. However, if we apply
our weighted minhash technique from Section 4.4.2, then h(R) = 22, med? gng

h(S) = /22™dP " So h(R) only equals h(S) when ax + b = P -1, an event that
occurs r‘arely.

4.5 Composed Data Types

We now have good LSH hash families for maps, sets, and sets with weighted
elements. However, many things cannot be modeled as a simple set or map.
For example, if the values of a map are themselves maps (or sets), then we
would like a method of comparing such maps considering that values may have
varying shades of similarities (rather than black or white equality).

In this section, we consider data types that have no generally accepted
similarity measure or LSH family, but are compositions of data types that do
have an appropriate LSH family. As an example, consider a data type that
models a grocery store as a set of fruits and a set of vegetables:
class GroceryStore
{

Set fruits;
Set vegetables;

Our notation for defining GroceryStores will be similar to the notation for
defining maps, but we stress that these data structures are different from
maps. As opposed to a map, a GroceryStore has a fixed schema with two fields.
Further, in this section we are considering that the values of those fields may
have degrees of similarity other than strict equality or inequality.
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Let store s; = {fruits : {apples, oranges}, vegetables : {carrots, celery}}.
That is, the fruits that s; sells are apples and oranges, and the vegetables
sold there are carrots and celery. Similarly, suppose that another store s, =
{fruits : {oranges},vegetables : {celery,radishes}}. Based on the Jaccard
coefficient of the fruit sets, the similarity of s; and s, is 1/2. Based on
vegetables, however, the similarity is 1/3. What ought to be the similarity of
the stores as a whole?

One simple method of finding a combined similarity is to notice that the
fruit and vegetable components are both sets, so we could treat a store as
the union of its fruit and vegetable sets. From there, we could simply use
the Jaccard coefficient as our similarity measure, and just use basic minhash
as in Section 4.2.2. One potential problem with this method is that it raises
the importance of large sets: if most stores carry 100 fruits, while only car-
rying 10 vegetables, then vegetables will not be very important if everything
is bundled together in one set. This bias could be desirable or undesirable,
depending on the application. Regardless, treating the composed data type as
a single set won't work in the general case. In the general case, we cannot rely
on every component of a composed data structure being a set. We may have
data structures that combine sets, maps, vectors, and others, each with their
own similarity measures and LSH functions.

Taking a more "black-box" approach to the problem, we have a data struc-
ture with two components, which each have their own appropriate similarity
measures. A simple method of combining the similarities is to use the mean of
the two similarity values. For example, if the similarity of the fruit sets is f
and the similarity of the vegetable sets is v, then we may consider the simi-
larity of the two stores to be (f +v)/2. This is, of course the arithmetic mean.
For some purposes, we may want to use the geometric mean instead. That is,
we would define the similarity of the two stores as v/fv. In this section, we
detail methods of using either type of mean.

Let us define our composed data type as having fields fy, ..., f,. Each field f;
has a similarity measure sim;, as well as a hash function family H; that satisfies
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the LSH property for sim;. For each field, we will make use of a hash function
hi € Hi to generate a hash value for the field. We will use a dot notation to
refer to the fields of a particular item (i.e. s.f; refers to the value of field f,
in element s. Tying this notation to our example, the fields of a GroceryStore
are f1 = fruits and f, = vegetables. To keep things simple, we will use the
Jaccard coefficient and basic minhash as the similarity and LSH functions for
both fields. We'll use these concepts to construct a composed hash function
h. for the composed data type.

451 Arithmetic Mean

In this section, we demonstrate how to generate a family of hash functions
that satisfies the LSH property with similarity defined as the arithmetic mean
of the underlying field similarities. Formally, we define the similarity of two
objects as sim(x,y) = ¥ sim;(x.fi,y.fi)/n. (Recall that n is the number of fields
in the data type.)

To create a hash function that works with the arithmetic mean of the
fields' similarities, we use a probabilistic method, which we demonstrate using
our fruits and vegetables example. The first step in generating a hash function
will be to flip a coin. If it's heads, we define h.(s) = hi(s.fruits), so the hash is
just the hash of the fruits field. If the flip comes up tails, we define h(s) =
hz(s.vegetables), using only the vegetables field. Note that the coin flip is
used to generate h.. It is not computed inside h.. That is, once h. is defined
according to the coin flip, it will always return the same value for a given input
s. The function h. will not randomly choose between the fruits and vegetables
fields each time it is called.

If we have an unbiased coin flip, then the probability of hashing fruits or
vegetables is 1/2. In the case that fruits are chosen, then the composed
hash of two stores will match if and only if the fruit hashes match. Simi-
larly if vegetables are chosen. These facts allow us to compute the probabil-
ity that the composed hash of two stores matches. Specifically, Pr[h.(s1) =
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he(s2)] = 1simy(s1.fruits, sp.fruits) + 1sim,(s1.vegetables, s;.vegetables), which
is the arithmetic mean of the two field similarity values. It is clear that this
method can be extended to a weighted arithmetic mean simply by adding a
bias to the coin flip.

Input: S: the data structure to generate a signature for

I: the desired length of the signature

SigFunctions: an array of signature functions, one for each field
Output: an I-length signature for S

: ArithmeticMeanHash(S, |, SigFunctions)
randstream «— new RandomStream(FIXED_SEED)
for all fields f; do
sigs; < SigFunctions[i](S.fi, 1)
end for
for j=1toldo
f < random integer from randstream in [1,n]
siglj] — sigs;Lj]
end for
return sig

OV XN WN

—_

Algorithm 4.5: Arithmetic Mean Composed Signature algorithm

Algorithm 4.5 shows the pseudocode for this scheme. It takes in an array
of signature-generating functions as input, which it uses to compute signatures
on the individual fields of the data structure. It then generates an |-length
signature by picking | random integers. The jth random integer determines
which fields' hash to use for the jth component in the signature. We note that
for each of the | signature components, this code generates a hash for each
field, but then only makes use of one field. This extra work is inefficient, but
we leave the code written this way for clarity.

4. 5.2 Geometric Mean

For some applications, we may wish to define similarity as the geometric mean
of the similarities of the individual fields. The geometric mean of a series of
n numbers is the nth root of the product of the numbers. So we can define
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the similarity of two objects as simq(x,y) = \/TI; simi(x.fi,y.f;). Unfortunately,
we have been unable to find a family of hash functions that satisfies the LSH
property for this similarity metric. As we will explain, however, we may be able
to use an LSH family for a different (but related) similarity measure in order
to solve the problem of finding pairs of items with a high value for simg(x,y).

Consider the related function simy(x,y) = simg(x,y)" = TI;simi(x.f;,y.f).
The function sim, has the useful property that it increases as simg increases.
Therefore, if we are looking for pairs where simg(x, y) is greater than a thresh-
old 1, then we can translate our search by looking for pairs where simy(x,y) > 1/,
for a properly selected t'. By setting t' = t", we have the property that
simp(x,y) > " if and only if simg(x,y) > . The LSH algorithm can efficiently
find pairs with similarity over a given threshold. Therefore, if we have a family
of hash functions that satisfies the LSH property with similarity defined as
simy(x,y), then we can use the LSH algorithm to find pairs with simy(x,y) > t".
All of the pairs found will also satisfy simg(x,y) > t. So let us now shift gears
and look for a family that satisfies the LSH property for sim,.

It furns out that an LSH family for sim, is readily available. Starting
with our example, let us define the composed hash function for a Grocery-
Store s as returning a tuple: h.(s) = (hi(s.fruits), hx(s.vegetables)). For two
stores s; and s;, the probability that h.(s1) = hc(s2) is the probability that
they match on both h; and h,. Since h; and h; satisfy the LSH property
for sim; and sim; respectively, the probability that both hashes match is
simy(sy.fruits, sz.fruits) x sim,(s1.vegetables, s;.vegetables).

Given this example, we can now formally define a composed hash function
h, for any generic data type. For each field f;, select a hash function h; from
Hi. The composed hash function h; is then the tuple:

hp(x) = (hi(x.f1), ha(x.f2), ..., ha(x.fn))

We can use the definition of h, above o generate a hash function family
H, of all possible functions h;.
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Theorem 4.5.1. The hash function family H, satisfies the LSH property for
the similarity measure simy(x,y).

Proof. The proof follows simply from simple multiplication of the independent
probabilities of individual components of the hash functions matching. O

We can therefore use the LSH algorithm to find pairs of items that have a
geomeftric mean similarity over a threshold t. To do so, we use the hash family
Hp to find pairs with a product similarity over the threshold t".

Input: S: the data structure fo generate a signature for
I: the desired length of the signature
SigFunctions: an array of signature functions, one for each field
utput: an I-length signature for S

: ProductHash(S, |, SigFunctions)
for all fields f; do
sigs; < SigFunctions[i](S.fi, 1)
end for
for j=1toldo
siglj] — (sigs,[j1, sigs,[jl. .., sigs,[j])
end for
return sig

N aA L WD =

Algorithm 4.6: Product Composed Signature algorithm (for Geometric Mean)

Algorithm 4.6 shows pseudocode for an implementation of this scheme.
This function takes in an array of signature functions for computing the LSH
signatures of the individual fields of the composed data structure. The code
then computes the signatures of the individual fields and uses these signatures
Yo build a signature for the entire structure.

We note that this scheme can be extended to weighted geometric mean
(for integer weights) as follows. Let the function w(f) refer to the weight of
a field f. The weighted geometric mean of the similarities of the fields is then

defined as:
1/ 3 w(f)
SiMmug(X,y) = ( I l Simi(x-fi,y.fi)‘”(fi))




4.5. COMPOSED DATA TYPES 115

Just as with regular geometric mean, we will not define an LSH family for
sim,g directly. Instead, we will define an LSH family for the related function

SiMyp:
Simwp(X,y) = I |simi(x_f‘.ly.fi)w(fa)

We extend the technique used above simply by selecting a number of hash
functions from each field's family equal to that field's desired weight. For ex-
ample, if we wanted to consider fruits fwice as important as vegetables, then
we could define h.(s) = (hy1(s.fruits), h; 2(s.fruits), ho(s.vegetables)), where h; ;
and h;; are both in Hy.

We can now formally define a composed hash function h,, for the case with
integer weights. For each field f;, select w(f;) hash functions hi,..., hius,
from Hi. The composed hash function h, is then the tuple:

hup(x) = ( hya(x.f1), ... howey(xf1)
ha1(x.f2), ... howey(x.f2)

hl,n(x-fn), ceey hllw(fn)(x.fn)

—r

We can use the definition of h,, above to generate a hash function family
Huwp of all possible functions hyp.

Theorem 4.5.2. The hash function family H,, satisfies the LSH property for
the similarity measure simy,(x,y).

Proof. The proof follows simply from simple multiplication of the independent
probabilities of individual components of the hash functions matching. O

We can therefore use the LSH algorithm to find pairs of items that have
a weighted geometric mean similarity over a threshold t. To do so, we use the
hash family Hy, to find pairs with a product similarity over the threshold *
where x = 3 (w(f})).
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One limitation of this method (with or without weights) is that concate-
nating hashes to create a composed hash can result in large hash sizes. If an
application (such as LSH) requires hashes to be stored in limited space (e.g. 32
bits), then we may use any standard hashing technique to compress the result
of h. intfo a more compact value, with negligible effect on the probability of a
hash collision.

Another limitation of this method is that the efficiency of algorithms such
as LSH may depend on the threshold used. Thus, searching for stores with
threshold above 12 may be much slower than searching for those above the
(higher) threshold t. We point out this limitation, but do not give a solution. In
the case that this issue becomes a serious limitation, we suggest considering
the use of the arithmetic mean.

4.6 Experimental results

This chapter describes similarity hashing techniques for widely varying types
of data. The techniques for hashing maps and composable data structures are
proven correct and have predictable performance, so no experimental eval-
uation is necessary. The technique of Section 4.4.2 for hashing sets with
weighted values, though based on proven theory, is only practically imple-
mented as an approximation to the theory. As such, it requires evidence of
correctness. Further, it is in competition with other schemes that can han-
dle weighted sets, so we can use experiments to compare the performance of
these schemes.

We evaluate our technique on the two metrics of correctness and perfor-
mance:

1. Correctness—For our schemes to be useful, they must satisfy the LSH
property for the proper similarity measure. We can experimentally ver-
ify this by generating item pairs, calculating their similarity, and then
experimentally verifying that the probability their hashes match is equal
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to their similarity.

2. Performance—Computing hash functions is often expensive, and there-
fore the performance of algorithms that make use of LSH hash func-
tions may depend greatly on the time to compute individual hashes. We
will measure the runtime of various hashing schemes as an indicator of
the performance.

We start by evaluating the performance of the weighted minhash schemes
described in Section 4.4. We implemented the integer weight scheme (of
Section 4.4.1), the beta distribution based scheme (of Section 4.4.2), and the
consistent weighted sampling scheme from Manasse et al. [59] in Java and
compared performance numbers. We ran our performance experiments on a
system with an Intel Core 2 Quad CPU Q6600 2.40GHz and 4GB of RAM,
running Linux kernel 2.6.22 x86_64 and Sun's Java SDK version 1.6.0_.03-b05.

To compare the schemes, our test program generates random sets and
measures the time it takes to compute their hashes. Each set consists of
1000 random integer values, all values assigned with a fixed weight w. Since
the schemes differ in how efficiently they deal with weighted values, we ran
tests with different sets, each with a different value of w to observe the
effects.

We varied w from 1.0 to 50.0 in increments of 0.25. Since one scheme only
works with integer weights, the weights were rounded down to an integer for
that scheme. For each value of w, we used each scheme to hash 100 random
sets and then computed the average time per set. Figure 4.2 illustrates the
results for w < 20.

The line labeled Iteration shows the runtime of the iteration-based inte-
ger weight scheme. The line shows the expected linearly increasing stair-step
effect that we expect from a linear algorithm that deals only with integer
weights. The line labeled Beta shows the performance of the real weights
scheme based on the beta distribution. We expected the Iteration scheme
to be faster for small values of w since it involves less complicated arith-
metic. Surprisingly, the Beta scheme is faster than the Iteration scheme in
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Figure 4.2: Runtime of Weighted Schemes vs. Weight Values

every case except where the weight w = 1 (when rounded down). Further in-
vestigation revealed that the recomputation of the random a and b values in
Algorithm 4.3 was slowing down the Iteration scheme (relative to the Beta
schemes need to only generate these values once in Algorithm 4.4). We de-
cided to remove this extra overhead by precomputing the random values of-
fline and storing them in an array in memory. The results of a run with this
optimization are shown in the line labeled "Iteration (cached)’. This opti-
mization does indeed speed things up, but not too much relative to the Beta
scheme. Even with this optimization, the Iteration scheme breaks even with
the Beta scheme at about w = 3.0.

The Manasse scheme exhibits less predictable behavior, but we know it is
expected constant time based on the analysis in [59]. Using the data shown, we
can estimate that the Beta scheme is about 5 times faster than the Manasse
scheme. We should point out that some of the optimizations in the Manasse
scheme will cause it to be come more and more efficient as the size of the
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set grows. (That is, the amount of fime spent per set item will decrease on
average as the size of the set increases.) We intentionally used a large set
size (1000) to ensure that the Manasse scheme was able to make effective
use of its optimizations.

The hawk-eyed reader may notice a very slight dip in the runtime of the
Beta scheme at values 2, 4, and 8. The raw data also shows slight dips at 16
and 32. These values are powers of two, and the computations involved in the
Beta scheme may be more efficient at these values. The fact that some values
of w are particularly good for the Beta scheme raises the question of whether
some values of w might be particularly bad for it—a case that might be missed
by choosing weights evenly spaced across the number line. To ensure that we
were not missing any such spikes, we ran experiments that generated uniform
random values of w. We did not find any significant increases in the runtime of
the Beta scheme, even with random values of w.

This experiment reveals that the Beta scheme’s runtime is not dependent
on the weight values, and is faster than the Iteration scheme whenever ele-
ment weights are larger than 3. This fact makes a compelling case for use of
the Beta scheme, as its support of real valued weights makes it more powerful
than the Iteration scheme.

While the Beta scheme is based on proven theory, it is not an exact im-
plementation of the theoretically proven scheme. Therefore, we ran an ex-
periment to demonstrate the correctness of the technique. Our experiment
computed signatures of length | = 1000 using the Beta scheme on randomly
generated pairs of sets. We then compared the number of matches in the sig-
natures to the number of matches we would expect based on the pair's actual
weighted Jaccard coefficient.

As mentioned above, we generate pairs of sets. For each pair, we will call
the two sets R and S. The sets are randomly generated according to the
following strategy. First, we generate a random target similarity t+ between O
and 1. Given the target t, we will attempt to create sets R and S such that
wJ(R,S) = . We then generate a random value w, between O and 100, which
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will be the total weight of elements inRU S-RN S. We first build R and S by
randomly generating new set elements with random integer values and random
real weights between O and 10. For each new set element, we flip a coin to
decide if it should go info R or S. We end the process when the total weight
of the two sets is Wiorq > Wy - 10, at which point we create a final new element
with weight wy - Wyiq to increase the total weight of R and S to exactly wy.
We randomly add this element to either R or S.

Now we have two sets whose total weight is wy, but they do not intersect.
However, we can compute w, = wy * 1/(1-1) which is the total weight we desire
inR N S. We build up a new set A with weight w, in similar fashion. Set A is
filled with random elements (not already in R or S) with weights between O and
10 until the total weight in A is w,. Now we assignR — RU Aand S — SU A,
Now R N S has weight w,, and R U S has weight wy. With simple arithmetic we
get that wJ(R,S) = t.

We note that as a result of this scheme, low-similarity pairs generally have
more items than high similarity pairs: since the weight of the intersection is
fixed, we must generate a larger number of random elements outside of the
intersection to force the similarity to be low. We do not believe this bias
should have any effect on the results of our experiment.

Figure 4.3 shows the results of our experiments on 1000 random pairs. In
this figure we plot a point for each pair of sets indicating the similarity of the
sets on the horizontal axis, and the number of hash matches on the vertical
axis. Since the signature length is 1000, we expect the number of matches
at any similarity value s to be 1000s. We plotted a solid line indicating this
expected result along with two dashed lines indicating a 99.7% confidence in-
terval (3 standard deviations from expected according to the binomial distri-
bution). With a confidence interval of 99.7%, we would expect about 3 points
out of 1000 to fall outside the interval, and in fact we find exactly 3 points
outside of the interval. A linear regression on these points yields a line (not
shown) with slope 999.7 and intercept 0.42, quite close to the expected slope
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Figure 4.3: Measured hash matches vs. Weighted Jaccard similarity

of 1000 and intercept of 0. Given how closely these results meet our expecta-
tions, we conclude that the Beta scheme does in fact closely approximate the
LSH property for weighted Jaccard similarity.

4.7 Related Work

The related work falls into three categories:

1. Works that can be used in conjunction with our schemes to find items of
high similarity

2. Works that, in the same vein as this chapter, provide LSH hash functions
for various data types and similarity measures

3. Works that describe alternative approaches to similarity search



122 CHAPTER 4. LSH AND MINHASH

The most obvious member of the first category is the LSH algorithm itself,
described in [4]. Bawa et al. described a self-tuning LSH index in [8]. In addi-
tion, Bhagwat et al. describe a method of partitioning document indexes using
hash functions satisfying the LSH property in [13]. All of these works can
use any family of LSH functions, so they work hand in hand with the schemes
presented in this chapter.

Clearly related, and a basis for all the schemes in this chapter is the work
on Minhash itself. In [21], Broder et al. studied the technique of using min-
wise independent permutations, as well as the linear functions technique used
in this chapter. The authors left open the problem of developing an approxi-
mately min-wise independent family of hash functions where a function can be
specified in a small number of bits. This problem was solved by Indyk, and the
resulting techniques in [52] could be converted to support weights using the
methods in Section 4.4.2.

Further, there are many papers that define LSH hash function families for
similarity measures other than the Jaccard coefficient. The LSH survey pa-
per [4] provides an LSH family for Hamming and Euclidean distances, and [23]
defines LSH families for cosine similarity and the earth mover's distance. Ref-
erence [23] also has a section defining an LSH family for weighted sets based
on rounding techniques. The technique in [23] does not easily lend itself to a
practical setting, but Manasse et al. constructed a practical implementation
in [59]. We compared the performance of the Manasse scheme to ours in this
chapter.

Finally, there is great deal of work on similarity search and the near neigh-
bor problem. Unfortunately, most of these techniques break down as the
dimensionality of the data increases. A discussion of many such techniques
(multiple key indexes, kd-trees, quad trees, and R-trees) is available in [40].
More recently, work on set-similarity join [26, 5] has revealed techniques for
efficiently computing the exact answer to set-similarity join queries. Arasu
provides a comparison of these techniques with LSH-based techniques in [5].
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4.8 Conclusion

We have presented techniques for applying minhash to three new data types:
maps, sets with weighted values, and composed data types. For each of these
techniques, we demonstrated the correctness by proving that they satisfy the
LSH property for their respective similarity measures.

For sets with weighted values, we identified the Manasse scheme, the only
other known scheme that can handle sets with weighted values. The Manasse
scheme supports the more general case of weighted sets, but our experimental
results demonstrate that our scheme is about 5 times faster than the Manasse
scheme. We therefore recommend the use of this scheme when values have
consistent weights (as they might when using IDF weighting).
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Chapter 5

Entity Resolution with Confidences

5.1 Introduction

Often, numerical confidences (or data quality) play a role in entity resolu-
tion. For instance, the input records may come from unreliable sources and
have confidences or quality associated with them. The comparisons between
records may also yield confidences that represent how likely it is that the
records refer to the same real-world entity. Similarly, the merge process may
introduce additional uncertainties, as it may not be certain how to combine the
information from different records. In each application domain, the interpre-
tation of the quality or confidence numbers may be different. For instance, a
confidence number may represent a “belief” that a record faithfully reflects
data from a real-world entity, or it may represent how “accurate” a record is.

Relatively little is known about how to efficiently deal with confidences in
entity resolution. Specifically, confidences may make the ER process compu-
tationally more expensive, as compared to a scenario where confidences are
not taken into account. For instance, without confidences, the order in which
records are merged may be unimportant, and this property can be used to find
efficient ER strategies. However, confidences may make order critical. For
instance, say we merge ry to r; and then to r3, giving us a record ri3. If ry and
rz are "very similar”, we may have a high confidence in the intermediate result,
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which then gives us high confidence in ri;3. However, say we merge ry to r3
and then fo rz, giving us record riz;. In this case, ri and r; may not be "that
similar”, leading to a lower confidence ri3,. Records ri,; and ri3; may even have
the same attributes, but may have different confidences because they were
derived differently. Thus, ER must consider many more potential derivations
of composite records.

Our goal in this chapter is to explore ways to reduce the high computational
costs of ER with confidences. We wish to achieve this goal without making
too many assumptions about the confidence model and how confidences are
computed when record are merged. Thus, we continue to use the generic black-
box model for the functions that compare records, that merge records, and
that compute new confidences. We will then postulate properties that these
functions may have: if the properties hold, then efficient ER with confidences
will be possible. If they do not hold, then one must run a more general version
of ER (as we will detail here). Since we use generic match and merge functions,
the algorithms we present can be used in many domains. All that is required
is to check what properties the match and merge functions have, and then to
select the appropriate algorithm.

The contributions of this chapter are the following:

e We define a generic framework for managing confidences during entity
resolution (Sections 5.2 and 5.3).

e We present Koosh, an algorithm for resolution when confidences are in-
volved (Section 5.4).

e We present three improvements over Koosh that can significantly re-
duce the amount of work during resolution: domination, packages and
thresholds. We identify properties that must hold in order for these
improvements to be achievable (Sections 5.5, 5.6, and 5.7).

e We evaluate the algorithms and quantify the potential performance gains
(Section 5.8).



5.2. MODEL 127

The work in this chapter has been published in CleanDB 2006 by Menest-
rina, Benjelloun, and Garcia-Molina [65].

5.2 Model

Each record r now has a confidence, which we refer to as r.C. We will refer
to the remaining non-confidence parts of the record as the attributes of a
record, r.A. We will not specify any particular representation for r.A, but
for illustration purposes, we can think of r..A as a set of label-value pairs. For
example, the following record may represent a person:

0.7 [ name : Fred, age :{45, 50}, zip : 94305 ]

In this example record, we write r.C (0.7 in this example) in front of the
attributes.

Note that we are using a single number to represent the confidence of a
record. We believe that single numbers (in the range O to 1) are the most
common way to represent confidences in the ER process, but more general
confidence models are possible. For example, a confidence could be a vec-
tor, stating the confidences in individual attributes. Similarly, the confidence
could include lineage information explaining how the confidence was derived.
However, these richer models make it harder for application programmers to
develop merge functions (see below), so in practice, the applications we have
seen all use a single number.

In this chapter, we continue to use the pairwise model defined in Sec-
tion 1.3. One might expect it to be necessary to generalize our model to ac-
count for confidences. Specifically, one might assume that the pairwise match
function should return a confidence value instead of a simple Boolean. While
extending the model in this fashion may make sense, we find that the exten-
sion is unnecessary. Instead, we assume that the “closeness” of a match will be
incorporated into how the merge function assigns confidence values to merged
records.
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The pairwise match and merge are generally not arbitrary functions, but
have some properties that we can leverage to enable efficient entity resolu-
tion. Chapter 1 introduced the four ICAR properties, of which we will assume
two for the remainder of this chapter. We restate these properties here:

e Commutativity: ¥ry,ra, ri ® rp iff ro # rqy, and if ry ® rp, then (ry,rz) =

<I"2, I"1>.
e Reflexivity/Idempotence: Vr, r 2 rand (r,r) = r.

We expect these properties to hold in almost all applications. Some read-
ers may wonder if merging two identical records should really give the same
record. For example, say the records represent two observations of some
phenomenon. Then perhaps the merged record should have a higher confidence
because there are two observations? The confidence would only be higher if
the two records represent independent observations, not if they are identi-
cal. We assume that independent observations would differ in some way, e.g.,
in an attribute recording the time of observation. Thus, two identical records
should really merge into the same record.

The properties of associativity and representativity generally do not hold
when confidences are involved. As argued in Section 5.1, merging records in
different orders may lead to different confidences. Similarly, when a record
ri merges with r, forming rs;, we cannot discard r; and r;, as they may have
higher confidence that r; (see example below). Because we do not assume as-
sociativity and representativity, in this chapter we require as a starting point
a more general algorithm than the Swoosh algorithm. This general algorithm
is called Koosh (see Section 5.4).

5.3 Generic Entity Resolution with Confidences

Consider the following records:
ri = 0.8 [ name : Alice,areacode : 202 ]
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r, = 0.7 [ name : Alice, phone : 555-1212 ]

The merge of the two records might be:
riz = 0.56 [ name : Alice, areacode : 202, phone : 555-1212 ]

In this case, the merged record has all of the information in r; and r;, but
with a lower confidence (the merge function appears to have multiplied the
confidence values of r; and r;). So dropping the original two records would
lose information. That is, if we drop r; we would no longer know that we
are quite confident (confidence = 0.8) that Alice's area code is 202. The new
record r3 connects Alice to area code 202 with lower confidence. Therefore,
to be conservative, the result of an entity resolution algorithm must contain
the original records as well as records derived through merges. This intuition
is indeed captured in the definition of ER(R) in Section 1.3.2, as ry, does not
dominate r; and ry, so the base records will not be removed from the result.
To start, we will explore the use of ER(R) when domination is left out of the
picture. (Or more formally, the < relation is false for all pairs.) To refer to
this case unambiguously, we use the term GER.

The result ER(R) is known to be unique in the presence of the ICAR prop-
erties, but we do not assume all four ICAR properties in this chapter. To
establish the uniqueness of GER(R), we need to introduce derivation trees for
records. Note that a derivation tree is not a data structure that is used in
our algorithms. It is instead a concept that we use as a tool for proving facts
about our algorithms.

Definition 5.3.1. A derivation tree D for record r is a binary tree whose
nodes represent records. The root representsr, and for any node, its children
represent the two records that merged to produce it (e.g., if a and b are
children of ¢, thena = b and (a,b) = c.). The leaves of D, denoted L(D)
represent base records. The derivation tree of a base record contains only
that record as the root.

Intuitively, the derivation tree D explains how r was derived. Note inci-
dentally that fwo nodes in D can represent the same record. For example, say
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that a and b merge to produce d; a and ¢ merge to yield e; and d and e merge
into f. In this example two separate leaf nodes in D represent a.

Definition 5.3.2. Given a base set of records R, a record r is well-formed if
there exists a derivation tree D with root r such that L(D) C R.

Proposition 5.3.3. Let r be a well-formed record, and let D be its derivation
tree (L(D) C R). Then every internal node of D represents a well-formed
record.

Proof. Consider an internal node of D that represents a record s. The subtree
of D with s at the root is a derivation tree for s. Since s has a derivation tree,
it is a well-formed record by definition. O

Lemma 5.3.4. Given a set R, every record in GER(R) is well-formed.

Proof. Given a set S that satisfies the properties of Definition 1.3.2 and con-
tains records that are not well-formed, one can show that removing the non-
well-formed records from S yields a smaller set that still satisfies the prop-
erties of the definition. O

Theorem 5.3.5. The solution to the ER problem is unique.

Proof. Suppose that S; and S; are both solutions but different. Consider a
record r € S; that is not in S,. Since r is well-formed (previous lemma) and in
Si, it has a derivation tree D with base records as leaves. Since S; is also an
ER solution, then every internal record in D, as well as the root r, must be in
Sz, a contradiction. Thus, every record in S; must be in S;. We can similarly
show the converse, and hence S; must equal Sz, a contradiction. O

Intuitively, GER(R) is the set of all records that can be derived from the
records in R, or from records derived from them. A natural “"brute-force”
algorithm (BFA) for computing GER(R) is given in Algorithm 5.1. The following
theorem states the correctness of BFA.

Theorem 5.3.6. For any set of records R such that GER(R) is finite, BFA
terminates and correctly computes GER(R).
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input: a set R of records
output: a set R’ of records, R’ = GER(R)
RR—RN«—g
repeat
RR—R UN;N«— o
for all pairs (ri, r;) of records in R" do
if ri ® rj then
merged — (r,r’)
if merged ¢ R’ then
add merged to N
end if
end if
end for
cuntilN = o
return R’

N A L WD =

= e
g hwn =200

Algorithm 5.1: The BFA algorithm for GER(R)

Proof. First, note that any record added to R’ has a well-formed derivation
tree, so at any time in BFA, R” C GER(R). From this fact we see that BFA
must terminate when GER(R) is finite. (If BFA does not terminate, then N is
non-empty at the end of every iteration (line 14). This means that at least
one new element from GER(R) is added at each iteration, which is impossible
if GER(R) is finite.)

Since we know that R” C GER(R) when BFA terminates, we only need to
show that GER(R) C R’ to prove that R’ = GER(R) when BFA terminates.

Thus, we next show that every record r € GER(R) is generated by BFA.
Since r € GER(R), r has a well-formed derivation tree D.

We define the level of a node x € D, I(x), as follows: If x is a base record
(x € R), then I(x) = 0. Otherwise, I(x) = 1+max(I(cy), I(cz2)), where c; and c; are
the children of x in D.

Clearly, all D records at level O are in the initial Z set (Step 1 of BFA). All
level 1 records will be generated in the first iteration of BFA. Similarly, all
level 2 records will be added to Z in the second iteration, and so on. Thus,
record r will be added in the j™ iteration, where j is the level of r. O
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1: input: a set R of records

2: output: a set R’ of records, R’ = GER(R)
3: R — o

4: while Rz o do

5. r <« arecord from R

6: remove r from R

7. for allr € R' do

8: if r2r then

9 merged «— (r,r’)
10: if merged ¢ RUR’ U {r} then
11 add merged to R
12: end if
13: end if
14:  end for
15 addrtoR’
16: end while

17: return R’

Algorithm 5.2: The Koosh algorithm for GER(R)

5.4 Koosh

A brute-force algorithm like BF A is inefficient, essentially because the results
of match comparisons are forgotten after every iteration. As an example,
suppose R = {ry,rz}, ri ® rz, and (ri,rz) doesn't match anything. In the first
round, BFA will compare r; with rz, and merge them together, adding (ri,r;)
to the set. In the second round, r; will be compared with r; a second time, and
then merged fogether again. This comparison is redundant. In data sets with
more records, the number of redundant comparisons is even greater.

We give in Algorithm 5.2 the Koosh algorithm, which improves upon BFA by
removing these redundant comparisons. The algorithm works by maintaining
two sets. R is the set of records that have not been compared yet, and R’ is
a set of records that have all been compared with each other. The algorithm
works by iteratively taking a record r out of R, comparing it to every record
in R’, and then adding it to R’. For each record r’ that matched r, the record
(r,r’y will be added to R.
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Using our simple example, we illustrate the fact that redundant compar-
isons are eliminated. Initially, R = {ry,rz} and R’ = @. In the first iteration,
ri is removed from R and compared against everything in R’. There is nothing
in R’, so there are no matches, and r; is added to R’. In the second iteration,
r is removed and compared with everything in R’, which consists of ri. Since
ri ® rz, the fwo records are merged and (ry,r,) is added fo R. Record r; is
added to R’. In the third iteration, (ri,rz) is removed from R and compared
against ry and rz in R’. Neither matches, so (ri,r;) is added to R". Now R is
empty, and the algorithm terminates. In the above example, ri and r; were
compared against each other only once, so the redundant comparison that oc-
curred in BFA has been eliminated.

Before establishing the correctness of Koosh, we show the following lem-
mas.

Lemma 5.4.1. At any point in the Koosh execution, R C GER(R). If GER(R) is
finite, Koosh terminates.

Proof. The records in R’ will either be base records, which are well-formed
by definition, or they will be new records generated by the algorithm. Koosh
only generates new records using the merge function, and therefore all new
records will have a derivation tree. Therefore, all records in R’ must be in
GER(R).

Suppose that Koosh does not terminate. At the end of every iteration
(Line 15) a new record is added to R’. This record cannot already be in R’, so
R’ grows by 1 at every iteration. Thus, R’ will be infinite. Since R” C GER(R),
then GER(R) must also be infinite, a contradiction. O

Lemma 5.4.2. When Koosh terminates, all records in the initial set R are in
R

Proof. Each iteration of the loop removes one record from R and adds it o R'.
Records are never removed from R in any other case. Koosh terminates when

R = @. Therefore, when Koosh terminates, all records in the initial set R have
been moved to R’. O
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Lemma 5.4.3. Whenever Koosh reaches line 4:

1. all pairs of distinct records in R’ have been compared
2. if any pair matches, the merged record is inR or R’

Proof. We prove this lemma by induction. The base case will be before the
first iteration, when R’ = &, and therefore the condition holds. Each iteration
removes one record r from R and adds it to R’. Directly before adding r
to R’, r is compared to all of the records in R’. This fact, in combination
with the inductive hypothesis, guarantees us the first part of the condition.
Furthermore, any record that matches r causes the creation of a merged
record. The merged record is added to R unless it is already in R, or if it is
the same record as r. In the first two cases, the merged record will end up
in either R or R’. In the last case, the merged record is the same as r, and r
gets added to R’ at the end of the iteration. Therefore, all the new merged
records will end up in R or R’. In combination with the inductive hypothesis,
we can conclude that at the end of the iteration, all pairs of matching records
in R” have their merged records in R or R’. Therefore we have proven the
inductive step and can conclude the lemma holds after each iteration of the
loop. O

The correctness of Koosh is established by the following theorem.

Theorem 5.4.4. For any set of records R such that GER(R) is finite, Koosh
terminates and correctly computes GER(R).

Proof. By Lemma 5.4.1 we know that Koosh terminates, so let S be the set
returned by Koosh. We know from Lemma 5.4.2 that R C S. When Koosh
terminates, the R set is empty. Therefore, by Lemma 5.4.3, forall ri,r; € S,
if r1 ® r, then (r,r2) € S. Findlly, since all records in S are well-formed
(Lemma 5.4.1), we know that S is the smallest set that has those two prop-
erties. Therefore, the conditions of Definition 1.3.2 are satisfied and S =
GER(R). O
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Let us now consider the performance of Koosh. First, we observe the initial
motivation for Koosh.

Lemma 5.4.5. For any two records ri and rz, Koosh will never compare them
more than once.

Proof. When a record r is removed from R, it has not been compared with any
records. It is compared once with all of the records in R’ and then placed into
R’. After this, the r is only compared with records in R as they are removed
and placed into R’. Since Koosh never moves records back into R, and it doesn't
allow records to be added to R if they are already in R’, this guarantees that
r will never be compared with the same record twice. Therefore, Koosh will
never compare any pair of records more than once. O

Theorem 5.4.6. Koosh is optimal, in the sense that no algorithm that com-
putes GER(R) makes fewer comparisons.

Proof. Suppose there is an algorithm A that generates GER(R) but performs
fewer comparisons than Koosh. Then there exist two records ri,r, € GER(R)
that Koosh compares, but A does not compare. Now we construct new match
and merge functions. Functions match’ and merge’ are the same as the original
functions unless the two records are r; and r,. In this case, match’ returns
true and merge’ returns a new record k that is not in GER(R) using the original
match and merge functions.

It is clear that if match and merge satisfy our two properties of idempo-
tence and commutativity, then match’ and merge’ also satisfy those proper-
ties. Using match’ and merge’, k € GER(R). But algorithm A never compares
ri and rz, so it cannot merge them to obtain k. Therefore, algorithm A does
not generate GER(R). This is a contradiction, so no algorithm that generates
GER(R) can perform fewer comparisons than Koosh. O
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5.5 Domination

Even though Koosh is quite efficient, it is still very expensive, especially since
the answer it must compute can be very large. In this section and the next
two, we explore ways to fame this complexity by exploiting additional proper-
ties of the match and merge functions (Section 5.6), or by only computing a
still-interesting subset of the answer (using thresholds, in Section 5.7, or the
notion of domination, which we discuss here).

We first mentioned the concept of domination in Chapter 1. In that chap-
ter, we mentioned that the four ICAR properties gave us the justification for
the use of "merge domination” as a definition of domination. In this chapter,
however, we only assume idempotence and commutativity. According to Benjel-
loun et al. [11], any partial order may be used for domination. Since we do not
have all four ICAR properties to justify the choice of merge domination, one
must choose a definition of domination based on intuitions specific to the case
of entity resolution with confidences and the particular application context.

To motivate the use of domination in ER with confidences, consider the
following records ry and rz that match and merge into rs:

r. = 0.8 [ name : Alice, areacode : 202 ]
ro = 0.7 [ name : Alice, phone : 555-1212 ]
r3 = 0.7 [ name : Alice, areacode : 202, phone : 555-1212 ]

The resulting r3 contains all of the attributes of r;, and its confidence is
the same. In this case it is natural to consider a "dominated” record like r; to
be redundant and unnecessary. Thus, a user may only want the ER answer fo
contain only nondominated records.

Since we have not defined a structure for r..A, we cannot provide a defini-
tion of domination suitable for all contexts. However, it is natural to consider
confidences as a key condition in deciding whether one record dominates an-
other. Specifically, we expect that if r is dominated by s, then r.C < s.C.

Again, to distinguish the result with a suitable domination order from GER(R),
we use the term NER(R). Just like GER(R), NER(R) may be infinite. In the case
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that GER(R) is finite, one way to compute NER(R) is to first compute GER(R)
and then remove dominated records. This strategy does not save much effort,
since we still have to compute GER(R). A significant performance improvement
is to discard a dominated record as soon as it is found in the resolution pro-
cess, on the assumption that a dominated record will never participate in the
generation of a hondominated record. This assumption is stated formally as
follows:

Domination Property: If s<rand s # x thenr # x and (s, x) < (r, x).

This domination property may or may not hold in a given application. For
instance, let us return to our ry, r2, r3 example at the beginning of this section.
Consider a fourth record r; = 0.9 [ name : Alice, areacode : 717, phone :
555-1212, age : 20 ]. A particular match function may decide that r4 does
not match r3 because the area codes are different, but r4 and r; may match
since this conflict does not exist with r,. In this scenario, we cannot discard
r. when we generate a record that dominates it (r3), since r, can still play a
role in some matches.

However, in applications where having more information in a record can
never reduce its match chances, the domination property can hold and we can
take advantage of it. If the domination property holds then we can throw away
dominated records as we find them while computing NER(R). The following
lemma establishes this fact.

Lemma 5.5.1. If the domination property holds, then every record in NER(R)
has a well-formed derivation tree with no dominated records.

Proof. Consider r € NER(R). Suppose that r has a well-formed derivation
tree D where one of the records x in D is dominated by a different record
x" € GER(R). Consider a new derivation tree D’ which is a modified version
of D: First, we replace x by x’ in D’. Next, we look at the parent of x in
D, say p = (X,x1), and replace p by p’ = (X’,x;) in D’. Note that because of
the domination property, p < p’. Also note that p’ € GER(R) since it has a
well-formed derivation tree.
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In a similar fashion, we replace the parent of p, and so on, until we replace
r by r’, wherer <r’,and r’ € GER(R).

If r 2 r’, then r is dominated by r’, a contradiction since r € NER(R).
Therefore r = r’. The same process can be repeated, until all dominated
records are eliminated from the derivation tree of r. O

5.5.1 Algorithm Koosh-ND

Both algorithms BFA and Koosh can be modified to eliminate dominated records
early. There are several ways to remove dominated records, presenting a
tradeoff between how many domination checks are performed and how early
dominated records are dropped. For example, a simple way would be to test
for domination of one record over another just before they are compared for
matching. If a record is dominated, it is dropped. Since both algorithms end
up comparing all records in the result set against one another, this would guar-
antee that all dominated records are removed. However, this scheme does not
identify domination as early as possible. For instance, suppose that an input
base record r; is dominated by another base record r,. Record r; would not be
eliminated until it is compared with rz. In the meantime, ri could be unneces-
sarily compared to other records.

To catch domination earlier, we propose here a more advanced scheme.
We will focus on modifying Koosh to obtain Koosh-ND; the changes to BFA are
analogous. First, Koosh-ND begins by removing all dominated records from the
input set. Second, within the body of the algorithm, whenever a new merged
record m is created (line 10), the algorithm checks whether m is dominated by
any record inR or R’. If so, then m is immediately discarded, before it is used
for any unnecessary comparisons. Note that we do not check if m dominates
any other records, as this check would be expensive in the inner loop of the
algorithm. Finally, since we do not incrementally check if m dominates other
records, we add a step at the end to remove all dominated records from the
output seft.
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The correctness of Koosh-ND is established by the following theorem.

Theorem 5.5.2. For any set of records R such that NER(R) is finite, Koosh-
ND terminates and computes NER(R).

Proof. We know that Koosh computes GER(R) correctly. Koosh-ND is the same
as Koosh except that it sometimes discards records that are dominated by
another record. Given Lemma 5.5.1, we know that we can remove dominated
records early, so Koosh-ND computes a superset of NER(R). The final check
removes all dominated records from the output set, guaranteeing that the
result of Koosh-ND is equal to NER(R). O

5.6 The Packages Algorithm

In Section 5.3, we illustrated why ER with confidences is expensive on the
records ry and r, that merged into rj:

ri = 0.8 [ name : Alice,areacode : 202 ],

ro = 0.7 [ name : Alice, phone : 555-1212 ],

r3 = 0.56 [ name : Alice,areacode : 202, phone : 555-1212 1.

Recall that r; cannot be discarded essentially because it has a higher con-
fidence than the resulting record r;. However, notice that other than the
confidence, r3 contains more label-value pairs, and hence, if it were not for
its higher confidence, r, would not be necessary. This observation leads us to
consider a scenario where the records minus confidences can be resolved ef-
ficiently, and then we can add the confidence computations in a second phase.

In particular, let us assume that our merge function is “information pre-
serving” in the following sense: When a record r merges with other records,
the information carried by r's attributes is not lost. We formalize this notion
of “information” by defining a relation "C": r C s means that the attributes
of s carry more information than those of r. We assume that this relation is
transitive. Note that r C s and s C r does not imply that r = s; it only implies
that r.A carries as much information as s.A.
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The property that merges are information preserving is formalized as fol-
lows:

Property P1: If r # s thenr C (r,s) and s C (r,s).
Property P2: If s C r,s # xand r ® x, then (s, x) C (r, x)

For example, a merge function that unions the attributes of records would
have properties P1 and P2. Such functions are common in “intelligence gath-
ering” applications, where one wishes to collect all information known about
entities, even if contradictory. For instance, say two records report differ-
ent passport numbers or different ages for a person. If the records merge
(e.g., due to evidence in other attributes) such applications typically gather all
the facts, since the person may be using fake passports reporting different
ages.

Furthermore, we assume that adding information to a record does not
change the outcome of match. In addition, we assume that the match func-
tion does not consider confidences in determining whether two records match.
These characteristics are formalized by:

Property P3: If s C rand s # x, thenr = x.

Having a match function that ignores confidences is not very constraining:
If two records are unlikely o match due to low confidences, the merge func-
tion can still assign a low confidence to the resulting record to indicate it is un-
likely. The second aspect of Property P3 rules out "negative evidence": adding
information to a record cannot rule out a future match. However, negative
information can still be handled by decreasing the confidence of the result-
ing record. For example, say that record r3 above is compared to a record ry4
with area code "717". Suppose that in this application the differing area codes
make it very unlikely the records match. Instead of saying the records do not
match, we do combine them but assign a very low probability to the resulting
record.
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To recap, properties P1, P2 and P3 may not always hold, but we believe they
do occur naturally in many applications, e.g., intelligence gathering ones. Fur-
thermore, if the properties do not hold naturally, a user may wish to consider
modifying the match and merge functions as described above, in order to get
the performance gains that the properties yield, as explained next.

Note that Properties P1, P2, P3 imply representativity as defined in [11].
(This follows from Lemma 5.6.1, shown below.)

Algorithm 5.3 exploits these properties to perform ER more efficiently.
It proceeds in two phases: a first phase bypasses confidences and groups
records into disjoint packages. Because of the properties, this first phase can
be done efficiently, and records that fall into different packages are known
not to match. The second phase runs ER with confidences on each package
separately. We next explain and justify each of these two phases.

5.6.1 Phase 1

In Phase 1, we may use any generic ER algorithm, such as those in [11] to
resolve the base records, but with some additional bookkeeping. For example,
when two base records r; and r, merge into r;, we combine all three records
together into a package ps. The package ps contains two things: (i) a root r(ps)
which in this case is r3, and (ii) the base records b(ps) = {ry, r2}.

Actually, base records can also be viewed as packages. For example, record
r, can be treated as package pz with r(pz) = rz, b(pz) = {r2}. Thus, the algo-
rithm starts with a set of packages, and we generalize our match and merge
functions to operate on packages.

For instance, suppose we want to compare ps with a package p4 contain-
ing only base record rsq. That is, r(ps) = rs and b(ps) = {rs}. To compare
the packages, we only compare their roots: That is, M(ps, p4) is equivalent to
M(r(ps), r(ps)), or in this example equivalent to M(rs,rs). (We use the same
symbol M for record and package matching.) Say these records do match, so
we generate a new package ps with r(ps) = (rs,rs) and b(ps) = b(ps) U b(ps)
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17:
18:
19:
20:
21:
22:

input: a set R of records
output: a set R’ of records, R’ = GER(R)
Define for Packages:
match: p  p’ iff r(p) # r(p’)
merge: (p,p’) = p”:
with root: r(p”) = (r(p), r(p’))
and base: b(p”) = b(p) U b(p’)
Phase 1:
P—go
for all records rec in R do
create package p:
with root: r(p) = rec
and base: b(p) = {rec}
add p to P

: end for

compute P’ = GER(P) (e.g., using Koosh) with the following modification:
Whenever packages p, p’ are merged into p”, delete p and p’ immediately,
then proceed.
Phase 2:

RM— &
for all packages p € P’ do

compute Q = GER(b(p)) (e.g. using Koosh)

add all records in Q to R’
end for
return R’

Algorithm 5.3: The Packages algorithm

= {ry,ra2,ra}.

The package ps represents not only the records in b(ps), but also any
records that can be derived from them. That is, ps represents all records
in GER(b(ps)). For example, ps implicitly represents the record (ri,rs), which

may have a higher confidence than the root of ps. Let us refer to the complete

set

of records represented by ps as c(ps), i.e., c(ps) = GER(b(ps)). Note that

the package does not contain c(ps) explicitly, the set is just implied by the

package.

The key property of a package p is that r(p).A carries at least as much
information as the attributes of any record in c(p). that is, for any s € c(p),
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s C r(p). This property implies that any record u that does not match r(p),
cannot match any record in c(p). We will now prove this result.

For the following proofs, we assume Properties P1, P2, P3. We denote by
B(r) the set of base records that appear as leaves in a derivation free that
produces r.

Lemma 5.6.1. Consider two records r, s with derivation trees, such that
B(r) C B(s). Thenr C s.

Proof. We denote by D(x) the depth of the derivation tree of arecord x. Base
records have a depth of 0. The proof is by induction on the depth of record r.

Induction hypothesis: Given two records r,s such that B(r) C B(s) and an
integer n,0 < n: If D(r) < nthenr C s.

Base: n = 0. In this case, r is a base record that belongs to the deriva-
tion tree of s. Following the path from s to r in this derivation tree, each
record has less or equivalent information than its parent node (due to P1), and
therefore, by transitivity of C, we have that r C s.

Induction step: We now show that if the hypothesis holds for n = k, then
it also holds for n = k + 1.

If D(r) < k, we can directly apply the induction hypothesis. The case to deal
with is D(r) = k+1. Consider the children of r in its derivation tree. r = (ry,r;).
Clearly, D(r1) < k and D(rz) < k. Since B(r;) C B(s) and B(rz) C B(s), we can
apply the induction hypothesis to ry and r,. It follows that ri CE s, and r; C s.
Applying P2 and P3, we can inject r, to obtain that (ri,rz) C (s,rz). Similarly,
we obtain that (rz,s) C (s,s). By merge commutativity and idempotence, and
since C is transitive, it follows that r C s. O

Corollary 5.6.2. If arecordu matches arecords € c(p), thenu = r(p).

Proof. The root r(p) always has a valid derivation tree using all records in b(p),
i.e., B(r(p)) = b(p). Since s € c(p), s has a valid derivation tree, and B(s) C b(p).
Thus, since B(s) C B(r(p)), by Lemma 5.6.1, s C r(p). By Property P3, if u = s,
then u % r(p). O
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Theorem 5.6.3. For any package p, if a record u does not match the root r(p),
then u does not match any record in c(p).

Proof. Suppose that u matches a record s € c(p). By Corollary 5.6.2, u # r(p),
a contradiction. O

This fact in turn saves us a lot of work! In our example, once we wrap up
base records ri, rz and r4 into ps, we do not have to involve them in any more
comparisons. We only use r(ps) for comparing against other packages. If ps
matches some other package ps (i.e., the roots match), we merge the packages.
Otherwise, ps and ps remain separate since they have nothing in common. That
is, nothing in c(ps) matches anything in c(ps).

Corollary 5.6.4. Consider two packages p, q that do not match, i.e., M(r(p), r(q))
is false. Then no record s € c(p) matches any record t € c(q).

Proof. Suppose that there is an s € c(p) that matches a t € c(q). Using
Corollary 5.6.2, we see that s matches r(q). Now, since r(q) matches an element
in c(p), we can use the corollary a second time o show that r(q) must match
r(p), which is a contradiction. O

As an aside, observe that r(p) has a confidence associated with it. How-
ever, this confidence is not meaningful. Since the match function does not
use confidences, r(p).C is not really used. As a matter of fact, there can be
a record in c(p) with the same attributes as r(p) but with higher confidence.
(In our running example, the root of ps was computed as ((ri,rz),r4), but this
record may be different from ({(ri,rs),rz). The latter record, which is in c(p)
may have a higher confidence than r(p).)

5.6.2 Phase 2

At the end of Phase 1, we have resolved all the base records into a set of
independent packages. In Phase 2 we resolve the records in each package,
now taking into account confidences. That is, for each package p we compute
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GER(b(p)), using an algorithm like Koosh. Since none of the records from other
packages can match a record in c(p), the GER(b(p)) computation is completely
independent from the other computations. Thus, we save a very large number
of comparisons in this phase where we must consider the different order in
which records can merge to compute their confidences. The more packages
that result from Phase 1, the finer we have partitioned the problem, and the
more efficient Phase 2 will be.

Note that Phase 2 correctly computes GER(R) as long as Corollary 5.6.4
holds: records falling into one package never match records falling into an-
other. Even if Phase 1 combined records that do not actually match (false
positives), Phase 2 would still correctly compute GER(R). This fact opens
up a wider range of situations in which the Packages algorithm could apply.
Even if the match and merge functions do not satisfy Properties P1, P2, and
P3, there could exist a more permissive match function, and a corresponding
merge function that do satisfy the three properties. In this case, Phase 1
could be run using the more permissive match and merge functions, and Phase
2, using the original match and merge functions would still correctly compute
GER(R).  An alternative to Phase 2 is to leave the packages un-expanded,
and report them to the user. To the end user, a package may be more under-
standable than a large number of records with different confidences. If the
user finds an interesting package, then she may selectively expand it or query
it. For example, say a user sees a package containing records related to a par-
ticular person. In the records, the user may observe attributes name : Alice,
address : 123 Main, passport : 789, and may then query for the confidence of
the record [name : Alice, address : 123 Main, passport : 789]. The answer to
the query will tell the user how likely it is there is an entity with these three
attributes.
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5.6.3 Example

To illustrate the two phases of our packages algorithm, consider the following
example. Symbols a, b, ¢, d represent label-value pairs. Records match only
if they contain the a attribute. The merge function unions all attributes, and
the resulting confidence is the minimum of the confidences of the two merging
records times 0.5. Initially there are 4 records:

ry = 0.9[a, b]
r. = 0.6[a,c]
rs = 0.8[a, d]
rs = 0.9[c,d]

First, the base records are converted to packages. For example, for the
first record we create package p; with b(p:) = {ri}, r(p1) = ri. In Phase 1, say
we first compare p; and pz, yielding package ps:

b(ps) = {r1,rz}. r(ps) = 0.3[a, b, c]
Later, ps matches p3, yielding ps:
b(pe) = {r1,rz,rs}. r(ps) = 0.15[a, b, c,d]

Package ps4 does not match anything, so at the end of Phase 1 we have two
packages, ps and ps. In Phase 2, when we expand ps we obtain:

c(ps) = 0.9[a, b],0.6[a,c],0.8[a,d], 0.4[qa,b,c],
0.4[a,b,d], 0.3[a, c,d], 0.2[a,b,c,d], 0.15[a,b, c,d]

Note that the record [a, b, c,d] has two confidences, depending on the or-
der of the merges. The higher confidence 0.2[a,b, c,d] is obtained when ry
and r3 are merged first.

5.6.4 Packages-ND

As with Koosh, there is a variant of Packages that handles domination. To
remove dominated records from the final result, we simply use Koosh-ND in
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Phase 2 of the Packages algorithm. Note that it is not necessary to explicitly
remove dominated packages in Phase 1. To see this, say at some point in Phase 1
we have two packages, p1 and pz such that r(p1) < r(pz), and hence r(p1) C r(p2).
Then p; will match p, (by Property P3 and idempotence), and both packages will
be merged into a single one, containing the base records of both.

5.7 Thresholds

Another opportunity to reduce the resolution workload lies within the con-
fidences themselves. Some applications may not need to know every record
that could possibly be derived from the input set. Instead, they may only care
about the derived records that are above a certain confidence threshold.

Definition 5.7.1. Given a threshold value T and a set of base records R,
we define the above-threshold entity-resolved set, TER(R) that contains all
records in GER(R) with confidences above T. That is, r € TER(R) if and only if
r € GER(R)andr.C > T.

As we did with domination, we would like to remove below-threshold records,
not after completing the resolution process (as suggested by the definition),
but as soon as they appear. However, we will only be able to remove below-
threshold records if they cannot be used to derive above-threshold records.
Whether we can do that depends on the semantics of confidences.

As we mentioned earlier, models for the interpretation of confidences vary.
Under some interpretations, two records with overlapping information might
be considered as independent evidence of a fact, and the merged record will
have a higher confidence than either of the two base records.

Other interpretations might see two records, each with their own uncer-
tainty, and a match and merge process which is also uncertain, and conclude
that the result of a merge must have lower confidence than either of the
base records. For example, one interpretation of r.C could be that it is the
probability that r correctly describes a real-world entity. Using the "possible
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worlds” metaphor [55], if there are N equally-likely possible worlds, then an
entity containing at least the attributes of r will exist in r.C x N worlds. With
this interpretation, if ry correctly describes an entity with probability 0.7,
and r; describes an entity with probability 0.5, then (ry,r2) cannot be true in
more worlds than r,, so its confidence would have to be less than or equal to
0.5.

To be more formal, some interpretations, such as the example above, will
have the following property.

Threshold Property: If r s then (r,s).C <r.C and (r,s).C < s.C.

Given the threshold property, we can compute TER(R) more efficiently. The
next lemma tells us that if the threshold property holds, then all results can
be obtained from above-threshold records. Thus, below-threshold records
can be immediately dropped during the resolution process.

Lemma 5.7.2. When the threshold property holds, every record in TER(R)
has a well-formed derivation tree consisting exclusively of above-threshold
records.

Proof. Consider r € TER(R). Since r is also in GER(R), it has a well-formed
derivation tree, call it D. Suppose that one of the records x in D is below
threshold, x.C < T. By the threshold property, the parent of x is below thresh-
old. The parent of the parent of x is also below threshold, and we continue
in this fashion until we show that the root itself, r is below threshold, a con-
tradiction. Thus, r has a well-formed derivation tree with above-threshold
records. O

5.7.1 Algorithms Koosh-T and Koosh-TND

As with removing dominated records, Koosh can be easily modified to drop
below-threshold records. First, we add an initial scan to remove all base
records that are already below threshold. Then, we simply add the follow-
ing conjunct to the condition of Line 10 of the algorithm:
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merged.C > T

Thus, merged records are dropped if they are below the confidence thresh-
old.

Theorem 5.7.3. If TER(R) is finite, Koosh-T terminates and computes TER(R).

Proof. Koosh computes GER(R), and the only changes made to Koosh-T re-
move records that are below threshold. Because of Lemma 5.7.2, we can re-
move below-threshold records at any point without missing records in TER(R).
Therefore, Koosh-T generates a superset of TER(R). Since below-threshold
records are removed from the initial set, and because Koosh-T drops all newly
formed records that are below threshold, Koosh-T cannot generate any records
that are not in TER(R). Therefore, Koosh-T correctly computes TER(R). N

By performing the same modification as above on Koosh-ND, we obtain the
algorithm Koosh-TND, which computes the set NER(R) N TER(R) of records in
GER(R) that are neither dominated nor below threshold.

5.7.2 Packages-T and Packages-TND

If the threshold property holds, Koosh-T or Koosh-TND can be used for Phase
2 of the Packages algorithm, to obtain algorithm Packages-T or Packages-TND.
In that case, below-threshold and/or dominated records are dropped as each
package is expanded.

Note that we cannot apply thresholds in Phase 1 of the Packages algorithm.
The confidence associated with the root of a package is not an upper bound. So
even if r(p).C is below threshold, there can still be above-threshold records
in c(p). For instance, in the example of Section 5.6.3, r(ps).C = 0.15, but
records 0.2[a,b, c,d] and 0.95[a, c] are in c(ps). We can, however, as a minor
optimization discard below-threshold records in the base set of a package.
Any such records will the thrown away at the beginning of Phase 2 (by Koosh-
T), so there is no need to carry them.
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5.8 Experiments

To summarize, we have discussed three main algorithms: BFA, Koosh, and
Packages. For each of those basic three, there are three variants, adding
in thresholds (T), non-domination (ND), or both (TND). In this section, we
will compare the three algorithms against each other using both thresholds
and nondomination. We will also investigate how performance is affected by
varying threshold values, and, independently, by removing dominated records.

To test our algorithms, we ran them on synthetic data. Synthetic data
gives us the flexibility to carefully control the distribution of confidences, the
probability that two records match, as well as other important parameters.
Our goal in generating the data was to emulate a realistic scenario where n
records describe various aspects of m real-world entities (n > m). If two of
our records refer to the same entity, we expect them to match with much
higher probability than if they referred to different entities.

To emulate this scenario, we assume that the real-world entities can be
represented as points on a number line. Records about a particular entity
with value x contain an attribute A with a value "close” to x. (The value is
normally distributed with mean x, see below.) Thus, the match function can
simply compare the A attribute of records: if the values are close, the records
match. Records are also assigned a confidence, as discussed below.

For our experiments we use an “intelligence gathering” merge function as
discussed in Section 5.6, which unions attributes. Thus, as a record merges
with others, it accumulates A values and increases its chances of matching
other records related to the particular real-world entity.

To be more specific, our synthetic data was generated using the following
parameters (and their default values):

e n, the number of records to generate (default: 1000)
e m, the number of entities to simulate (default: 100)
e margin, the separation between entities (default: 75)
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e 0, the standard deviation of the normal curve around each entity. (de-
fault: 10)
e |, the mean of the confidence values (default: 0.8)

To generate one record r, we proceed as follows: First, pick a uniformly
distributed random integer i in the range [0, m - 1]. This integer represents
the value for the real-word entity that r will represent. For the A value of
r, generate a random floating point value v from a normal distribution with
standard deviation o and a mean of margin - i. To generate r's confidence,
compute a uniformly distributed value ¢ in the range [u. - 0.1,y + 0.1] (with
He € [0.1,0.9] so that ¢ stays in [0, 1]). Now create a record r with r.C = c and
r.A = {A : v}. Repeat all of these steps n times to create n synthetic records.

Our merge function takes in the two records ry and rz, and creates a new
record ry,, where r,.C = ri.Cxr,.C and rp..A = ri.AUr,..A. The match function
detects a match if for the A attribute, there exists a value v; in ri..A and a
value v; in ra. A where |vi-v| < k, for a parameter k chosen in advance (k = 25
except where otherwise noted). We defined the domination order as follows.
IfrC<sCandr.A Cs.A, thenr<s.

Naturally, our first experiment compares the performance of our three al-
gorithms, BFA-TND, Koosh-TND and Packages-TND, against each other. We
varied the threshold values to get a sense of how much faster the algorithms
are when a higher threshold causes more records to be discarded. Each al-
gorithm was run at the given threshold value three times, and the resulting
number of comparisons was averaged over the three runs to get our final re-
sults.

Figure 5.1 shows the results of this first experiment. The first three lines
on the graph represent the performance of our three algorithms. On the
horizontal axis, we vary the threshold value. The vertical axis (logarithmic)
indicates the number of calls to the match function, which we use as a measure
of the work performed by the algorithms. The first thing we notice is that
work performed by the algorithms grows exponentially as the threshold is
decreased. Thus, clearly thresholds are a very powerful fool: one can get
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Figure 5.1: Thresholds vs. Matches

high-confidence results at a relatively modest cost, while computing the lower
confidence records gets progressively more expensivel Also interestingly, the
BFA-TND and Koosh-TND lines are parallel o each other. This means that
they are consistently a constant factor apart. Roughly, BFA does 10 times the
number of comparisons that Koosh does.

The Packages-TND algorithm is far more efficient than the other two algo-
rithms. Of course, Packages can only be used if Properties P1, P2 and P3 hold,
but when they do hold, the savings can be dramatic. We believe that these
savings can be a strong incentive for the application expert to design match
and merge function that satisfy the properties. Note incidentally that the
Packages line is not quite parallel to the other two. The lines are not parallel
because the first phase of the Packages algorithm does not consider thresh-
olds at all, and therefore there is a constant amount of work included in each
data point. When we consider only the comparisons performed in the second
phase of the algorithm, we get the fourth line in the graph, which is indeed
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Figure 5.2: Thresholds vs. Merges

parallel to the BFA and Koosh lines. Therefore, the work done in the second
phase is also a constant factor away from BFA and Koosh. In this case, the
constant factor is at least 100.

We also compared our algorithms based on the number of merges per-
formed. In Figure 5.2, the vertical axis indicates the number of merges
that are performed by the algorithms. We can see that Koosh-TND and the
Packages-TND are still a great improvement over BFA. BFA performs extra
merges because in each iteration of its main loop, it recompares all records
and merges any matches found. The extra merges result in duplicate records
which are eliminated when they are added to the result set. Packages per-
forms slightly more merges than Koosh, since the second phase of the algo-
rithm does not use any of the merges that occurred in the first phase. If we
subtract the Phase 1 merges from Packages (not shown in the figure), Koosh
and Packages perform roughly the same number of merges.

In our next experiment, we compare the performance of our algorithms as
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Figure 5.3: Selectivity vs. Comparisons

we vary the probability that base records match. We can control the match
probability by changing parameters k or g, but instead of reporting our results
in terms of those parameter values, we use the resulting match probability
as the horizontal axis to provide more intuition. In particular, fo generate
Figure 5.3, we vary parameter k from 5 to 55 in increments of 5 (keeping
the threshold value constant at 0.6). During each run, we measure the match
probability as the fraction of base record matches that are positive. (The
results are similar when we compute the match probability over all matches.)
For each run, we then plot the match probability versus the number of calls to
the match function, for our three algorithms.

As expected, the work increases with greater match probability, since
more records are produced. Furthermore, we note that the BFA and Koosh
lines are roughly parallel, but the Packages line stays level until a quick rise
in the amount of work performed once the match probability reaches about
0.011. The Packages optimization takes advantage of the fact that records



5.8. EXPERIMENTS 155

1000000 ¢ E
: Thresholds only EXX=X 1
Thresholds and Non-Domination ]
=)
3
— 100000 [ = E
X E oo 3
255
%) X «/<> e
C O\/\X/\/O
2 PR
5 28 o
o 10000 E ;:i g’;? <>j;><i<> =
g : S5
X520 25
(@) O\/\X/\/Q SR
— XSOIX O®x®<>
) O)S(X\)\O TN
- S XS
(0] Q/;xf/o QR
Qo 1000 F IS OO, .
3 PR RS 5
€ = Q\}x&/o x /\/O@x E
=) X/\/Q\,\X Q\/\X/\/<>
Zz QR 6028
SOIX OO [N
A x\’\<>/\’x X &QJX
Qs RS S
KO XL, XS
O30 RS o
100 B S8 2
BFA-T Copter-T Packages-T
Algorithm

Figure 5.4: Effects of removing dominated records

can be separated into packages that do not merge with one another. As the
match probability increases, these packages quickly begin to merge into larger
packages, which reduces the effectiveness of the optimization. If this curve
were to continue, we would expect it to approach the Koosh line, and slightly
surpass it. We have this expectation because when all records fall into one
package, then the second phase of Packages is precisely Koosh on the set of
base records.

In practice, we would expect to operate in the range of Figure 5.3 where
the match probability is low and Packages outperforms Koosh. In our scenario
with high match probabilities, records that refer to different entities are
being merged, which means the match function is not doing its job. One could
also get high match probabilities if there were very few entities, so that
packages do not partition the problem finely. But again, in practice one would
expect records to cover a large number of enftities.

We ran a similar test obtaining different match probabilities by varying o
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instead of k. This test revealed similar results, indicating that match proba-
bility is a good metric for predicting the performance of these algorithms.

Our results so far show the advantages of using thresholds and domination
together, but do not illustrate the gains that using domination alone yields.
These gains are explicitly shown in Figure 5.4 (threshold = 0.6). The results
show that removing dominated records reduces the amount of work done by
each algorithm by a factor of about 2.

5.9 Related Work

Most of the work in this area (see [90, 41] for recent surveys) focuses on the
"matching” problem, i.e., on deciding which records do represent the same enti-
ties and which ones do not. Matching is generally done in two phases: Comput-
ing measures of how similar atomic values are (e.g., using edit-distances [78],
TF-IDF [27], or adaptive techniques such as g-grams [24]), then feeding these
measures into a model (with parameters), which makes matching decisions for
records. Proposed models include unsupervised clustering techniques [46, 25],
Bayesian networks [84], decision trees, SVMs, conditional random fields [77].
The parameters of these models are learned either from a labeled training
set (possibly with the help of a user, through active learning [74]), or using
unsupervised techniques such as the EM algorithm [92].

All the techniques above manipulate and produce numerical values, when
comparing atomic values (e.g. TF-IDF scores), as parameters of their internal
model (e.g., thresholds, regression parameters, attribute weights), or as their
output. But these numbers are often specific o the techniques at hand, and
do not have a clear interpretation in terms of “confidence” in the records or
the values. On the other hand, representations of uncertain data exist, which
soundly model confidence in terms of probabilities (e.g., [7, 38]), or beliefs
[57]. However these approaches focus on computing the results and confi-
dences of exact queries, extended with simple "fuzzy” operators for value
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comparisons (e.g., see [31]), and are not capable of any advanced form of
entity resolution. We propose a flexible solution for ER that accommodates
any model for confidences, and proposes efficient algorithms based on their
properties.

The first phase of the Packages algorithm is similar to the set-union algo-
rithm described in [67], but our use of a merge function allows the selection
of a true representative record. The Packages algorithm stores the lineage of
resolved packages in order to compute confidence values later in processing.
This two-phase approach bears similarity to Widom's Trio system [88], which
uses lineage to support lazy evaluation of record confidences. The presence
of “"custom” merges is an important part of ER, and it makes confidences non-
trivial fo compute. The need for iterating matches and merges was identified
by [14] and is also used in [34], but their record merges are simple aggrega-
tions (similar to our “information gathering” merge), and they do not consider
the propagation of confidences through merges.

5.10 Conclusion

In entity resolution processing, the input data is often inaccurate, and the
match and merge rules for resolution yield uncertain results. While there
has been work on ER with confidences, most of the work to date has been
couched in terms of a specific application or has not dealt directly with the
problems of performance and scalability. In this chapter we looked at ER with
confidences as a "generic database” problem, where we are given black-boxes
that compare and merge records, and we focus on efficient algorithms that
reduce the number of calls to these boxes.

The key to reducing work is to exploit generic properties (like the thresh-
old property) that an application may have. If such properties hold we can use
the optimizations we have studied (e.g., Koosh-T when the threshold property
holds). Of the three optimizations, thresholds is the most flexible one, as it
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gives us a "knob” (the threshold) that one can control: For a high threshold,
we only get high-confidence records, but we get them very efficiently. As
we decrease the threshold, we start adding lower-confidence results to our
answer, but the computational cost increases. The other two optimizations,
domination and packages, can also reduce the cost of ER very substantially
but do not provide such a control knob.



Chapter 6

Evaluating Entity Resolution Results

6.1 Introduction

Usually when we evaluate entity resolution algorithms, we run them on a data-
set and compare the results to a "gold standard”. Section 1.4 introduced the
two concepts of correctness and comprehensiveness as measures of the qual-
ity of entity resolution results. When we compare an entity resolution result
to a human-generated gold standard, we are measuring the correctness of the
result. In the absence of a human-generated gold standard, we can instead
measure the comprehensiveness by comparing results to a result generated by
an exhaustive ER algorithm—a result we still refer to as a gold standard.

Whether dealing with correctness or comprehensiveness, a key component
of this type of evaluation is a method of assigning a number to express how
close a given ER result is to the gold standard. Many ER measures (e.g., pair-
wise F; and cluster Fi, as detailed in Section 6.3) have been proposed for
comparing the results of various ER algorithms [91, 56, 61, 1], but there is
currently no agreed standard measure for evaluating ER results. Most works
tend to use one ER measure over another without a clear explanation of why
that ER measure is most appropriate. The pitfall of using an arbitrary measure
is that different measures may disagree on which ER results are the best.

159
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Let us consider a brief example. Using letters to represent records, con-
sider an entity resolution problem with an input set of records I ={a,b,c,d, e,
f,g.h,i}. Three possible ER results are shown in Table 6.1, along with the gold
standard. We have used angle brackets to denote groups of records that have
been determined to refer to the same real-world entity in a result. For ex-
ample, the algorithm that generated result R; decided that records a, b, c,
and d all refer to distinct entities, while records e, f, g, h, i, and j all refer
to the same entity. Note that we are reusing angle brackets with a subtly
different meaning from other chapters. In other chapters, angle brackets
represented the application of the merge function. In this chapter, since we
may be evaluating the results of ER algorithms that do not merge resolved
records, we relax the meaning of the angle brackets as simply indicating that
records within the angle brackets refer to the same entity.

Suppose we are evaluating two ER results R; and Rz, against the gold stan-
dard 6. Using an ER measure that evaluates a result based on the number of
base record pairs that match, R; could be a better solution because it found
15 correct pairs (i.e., all base record pairs in (e, f,g, h, i, j)) while R; only found
8 correct pairs. On the other hand, if we use a measure that evaluates results
based on correctly resolved entities in the gold standard, R, could be consid-
ered better than R; because R; contains two correctly resolved entities (a, b)
and (c,d) while R; only has one correct entity (e,f,g,h,i,j). As another exam-
ple, suppose that we compare R; and R3. One measure could be more focused
on high precision and prefer R, over R; because R; has only found correctly
matching base records while R3 has found some non-matching base records
(e.g., a and c do not match). On the other hand, another measure might con-
sider recall to be more important and prefer R; over R, because R; has not
found all the matching base record pairs (unlike R3).

Surprisingly, such conflicts between ER measures can occur frequently. It
is tempting to suggest that when conflicts arise, one of the measures involved
must be faulty in some way. However, since different applications may have
different criteria that define the "goodness” of a result, we cannot simply
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] Set | ER Result |
Gold Standard | {{a,b), (c,d), (e, f,g.h,i, j)}
Ry {{a), (b}, {c),(d). (e.f,9.h,i,})}
Rz {{a,b), {c,d),(e,f,9). (h.i,j)}
Rs3 {(a,b,c,d), (e, f,g,h,i,j)}

Table 6.1: Comparing two ER results

claim one measure to be better than another.

The main contributions of this chapter are twofold. First, we provide a
survey of ER measures that have been used to date and provide an analysis of
how the measures differ. In studying these measures, we noticed a missing
component in the space of existing measures. So the second main contribution
of this chapter is a new measure for evaluating ER and an exploration of its
relationships to other measures.

Our new measure is inspired by the edit distance of strings [85, 83].
Rather than the insertions, deletions and swaps of characters used in edit
distance, our measure is based upon the elementary operations of merging and
splitting clusters. We therefore call this measure "merge distance"”. A basic
merge distance that simply counts the number of splits and merges may be
a good choice for certain applications, but as we have mentioned, no single
ER measure is better than all the others. However, if we generalize merge
distance by letting the costs of merge and split operations be determined
by functions, we arrive at an intuitive, configurable measure that can support
the needs of a wide variety of applications. Surprisingly, at least two state-
of-the-art measures are closely related to generalized merge distance: the
Variation of Information (VI) [63] clustering measure is a special case of gen-
eralized merge distance while the pairwise F; [61] measure can be directly
computed using generalized merge distance.

We further propose a linear-time algorithm (called the Slice algorithm)
that efficiently computes generalized merge distance for a large class of cost
functions that satisfy reasonable properties. As we argue in Section 6.5, gold
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standards can be very large, so computing measures can be expensive, espe-
cially with the quadratic algorithms used for many measures. To the best of
our knowledge, the Slice algorithm is the first provably scalable algorithm for
ER measures. A non-trivial result is that the pairwise F; and VI distances can
be computed using our Slice algorithm in linear time.

In summary, our contributions are as follows:

e We define our model for ER measures and conduct an extensive survey
on ER measures (Sections 6.2-6.3).

e We propose generalized merge distance (6MD), a new measure that uses
the elementary operations of cluster splits and merges to measure the
distance from one ER result to another. We propose an efficient linear-
time algorithm (called the Slice algorithm) that computes GMD for a
large class of cost functions that satisfy reasonable properties (Sec-
tions 6.4-6.5).

e We experimentally demonstrate the scalability of the Slice algorithm
(Section 6.7).

The contents of this chapter are the joint work of Menestrina, Whang, and
Garcia-Molina. The theory, proofs, and algorithms involved in the generalized
merge distance framework are predominantly the work of the author of this
thesis, whereas the survey, implementation, and experimental evaluation were
performed mostly by Whang.

6.2 Evaluating ER Results

To evaluate an ER algorithm, we must compare its results to a gold standard.
We define the gold standard S as a partition of the input records I. So we
would like to assign a number to characterize how far away a result R is from
the gold standard S. Let g(R,S) be the function that performs this task of
assighing a number.
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We would first like to discuss a few properties that g may have. First, for
g to be useful, we would like to be able to compare the values g(R;, S) with
g(R2,S) to determine whether R; or R; is closer to S. If g(R,S) generally
increases as R and S get closer to each other, then we call g a similarity
measure. If g generally decreases under the same circumstances, then we call
g a distance measure. We note that if g(x,y) is a similarity measure, then
gd(x,y) = -g(x,y) is a distance measure.

Another property of g(x,y) has to do with its range. If g(x,y) € [0,1] for
all x,y, then we say g is normalized. In some applications, it may be desirable
to use a normalized similarity or distance measure. If g is not normalized, but
has some other bounded range, it is trivial to normalize g to the range [0, 1].

To provide some examples, Hamming distance and edit distance of strings
are non-normalized distance measures. The Jaccard coefficient of sets is a
normalized similarity measure.

We have so far avoided using the term "metric”, as a metric is a formally
defined mathematical concept. We now consider whether we should expect a
distance measure g to be a metric. A proper metric must satisfy the following
five properties: [89]

1. g(x,y) is non-negative: g(x,y) 2 O,

2. g(x,y) satisfies the triangle inequality:
g(x.y) +g(y. z) 2 9(x, 2),

3. g(x,y) is symmetric: g(x,y) = g(y, x),

4. g(x,x) =0,

5. if g(x,y)=0, thenx = y.

We also define a similarity metric as a similarity measure s(x,y) where the
function g(x,y) = ¢ - s(x,y) is a metric for some value of c.

Of the five properties of metrics, we consider Properties 1 and 4 as rea-
sonable enough to assume outright of any distance measure that we consider
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in this chapter. Properties 2, 3, and 5, however, are subject to debate. Prop-
erty 5 requires that the distance between distinct values be non-zero. How-
ever, when using common similarity measures such as precision or recall, it is
certainly possible for two distinct values to have 100% similarity (zero dis-
tance). Property 2 does not have to hold where we only compare two sets R
and S at a time (i.e., we do not measure the distance of a sequence of more
than two ER results).

The question of symmetry (Property 3) is more interesting. Consider the
following two cases:

1. R={{a),(b)}and S = {{a,b)}
2. R={(a,b)} and S = {{a), (b)}

In the first case, our ER algorithm has missed a match. In the second, it
has found a match where there should not have been one. If false negatives
and false positives are considered equally bad, then the two cases have equal
distance and our similarity or distance measures may be symmetric. However,
in many cases, we may wish to consider measures that have different penalties
for different types of errors. So in the most general case, symmetry may not
be a property of a method of evaluating the results of ER.

Functions that satisfies all properties of a metric except for Properties
2, 3, or 5 are called semimetrics, quasimetrics, or pseudometrics, respec-
tively [89]. Since the measures we consider here may not satisfy the three
properties above, they may be referred to as premetrics [89]. In this chapter
we will avoid the use of the term "metric” altogether and use the more general
term "measure”.

6.3 Existing Measures

We review state-of-the-art measures for evaluating ER results and motivate
our edit distance measure. There are many measures used in the Informa-
tion Retrieval (IR) and AT communities that measure the quality of clustering.
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Evaluating clusters is a broader topic than evaluating ER results because ER is
a special case of clustering, in which the clusters tend to be small and items
in each cluster are typically quite distinct from items in other clusters [62].
Hence, the ER literature has historically only adopted a small subset of all
clustering measures for IR.

6.3.1 Pairwise Comparison

The pairwise comparison approach counts the number of pairs of base records
to evaluate ER results. To define pairwise measures, we define a function
Pairs(P) that takes in a partition P and returns the set of distinct pairs of
records that are in the same cluster in P. For example, if P = {{a, b, c), (d, e)},
then Pairs(P) = {(a,b),(b,c),(a,c),(d,e)}. We can now define the similarity
measures pairwise precision and pairwise recall:

Pairs(R) N Pai
PairPrecision(R, S) = | air‘sl(Pr_\)irs(:)llr‘S(S)l
_ |Pairs(R) N Pairs(S)|
PairRecall(R, S) =
airRecall(R, 5) IPairs(S)|

A number of ER papers [25, 54, 81, 35] use pairwise precision and pairwise
recall to evaluate ER results while earlier works [95, 46, 3] use the rate of
false positives (i.e., 1-PairPrecision(R, S)) and the rate of false negatives (i.e.,
1-PairRecall(R, S)) for evaluation. A few works [35, 9] use a variant of pairwise
recall while taking into account the reduced number of record comparisons due
to blocking techniques. Another work [44] uses a variant of pairwise precision
where precision is penalized based on the difference between |R| and |S]|.

pF1 The pairwise F1 measure [61,19, 28,74, 20, 30, 33,62,75,49,79,56,73]
is the dominant measure in the ER literature and is defined as the harmonic
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mean of pairwise precision and pairwise recall:

2 x PairPrecision(R, S) x PairRecall(R, S)
PairPrecision(R, S) + PairRecall(R, S)

pF1(R, 5) =

For example, if R={(a,b),c,d} and S={(a,b), (c,d)}, Pr = 1 and Re = 3, making

the pairwise Fy = 277072 = 2 = 66.67%.

6.3.2 Cluster-level Comparison

The cluster-level comparison approach sums the similarity of clusters to eval-
uate ER results instead of counting pairs of base records.

cFi1 The cluster F; measure [72, 49, 79, 56] counts clusters that exactly
match and is defined as the harmonic mean of the cluster precision and cluster
recall. The cluster precision is defined as 'ﬁgf' while the cluster recall is
defined as 'ngls'. Notice that we are now comparing R and S at the cluster
level instead of the base record level as in pFi. Returning fo our previous
example where R={(a, b), c,d} and S={{a, b), (c,d)}, the precision is % while the
recall is 1 because exactly one cluster matches among three clusters in R and

two clusters in S. The Cluster F; is thus % = % = 40%. We denote the

cluster F; measure as cF;.

K The K measure [29, 56] sums the similarities of all cluster pairs and is
defined as the geometric mean of the Average Cluster Purity (ACP) and the
Average Author Purity (AAP). (Here, Author can be thought of as a cluster
in the gold standard.) The ACP is defined as szepzseslr s where N is the
number of base records. (Notice that the records r and s are considered as
sets of base records.) Similarly, the AAP is defined as steszrek |s|2 The
K measure is then v/ACP x AAP. For example, the ACP value for R and S is
(22/2)+(172)+(12/2) = % while the AAP value is (22/2)+(12/1)+(12/1) = 1, making the K value

@: 86.6%.
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ccF1  The closest cluster F; measure [11] sums the similarities of all “closest”
cluster pairs and is defined as the harmonic mean of the closest cluster preci-

sion and closest cluster recall values. The closest cluster precision is defined

Zre m“’f,flsm"’s)) where J(r,s) is the Jaccard similarity % The closest clus-

ter precision is thus the sum of the maximum Jaccard similarity coefficients

as

for all r's divided by |R|. Similarly, the closest cluster recall is defined as
Zsesm“’l‘;e'*ms'r)). For example, the closest cluster precision for R against S is
w = % while the closest cluster recall is (Z/LZ(I/Z) = %, making the
closest cluster F; = Z@3E3/4) - 12 - 70 59%, We denote closest cluster F;

as ccFy. Reference [44] uses a variant of ccF; that uses a different similarity

equation and gives weights to the coefficients when adding them.

6.3.3 Basic Merge Distance

Edit distance is a common measure in other domains such as string-to-string
matching [85, 83] where the basic operations are inserts, deletes, updates,
and swaps. In the ER domain (as in clustering), there are fundamental “edit”
operations such as cluster splits and merges [64] that are frequently used to
resolve records.

A measure based on splits and merges was first proposed by Al-Kamha et
al. [2], which we call basic merge distance. Since basic merge distance will be
the basis for our generalized merge distance measure, we will describe basic
merge distance in more detail than the other measures we have covered.

The basic merge distance (BMD) is defined as the minimum number of clus-
ter merges and splits required to modify an ER result R into another result S.
(In most cases, we will have S = G, the gold standard.) In the example from
Table 6.1, only one merge is required to get from R; to G (i.e., BMD = 1). Result
Ry is comparatively further away from G, as BMD = 2.

In addition, we require that the editing of clusters is only done based on
the given clustering information inR and S. Specifically, a merge cannot create
newly clustered records that are not in the same cluster in S. For example,
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consider R = {{(a,c),(b,d)}and S = {(a,b), (c, d)}. Notice that by merging (a, c)
and (b,d) into (a,b,c,d) and then splitting (a,b,c,d) into (a,b) and (c,d),
we have a BMD of 2, which is better than splitting (a,c) and (b,d) into the
records a, b, ¢, d, and then merging a, b into (a,b) and c, d into (c,d) (re-
sulting in a BMD of 4). However, the first approach creates new clusterings
in {a,b,c,d) (i.e., a clusters with d, and b clusters with c) that do not appear
in the clusters of S, violating our condition. Intuitively, editing R to S re-
quires removing the clustering information found in R only and adding the new
information in S.
We now formalize the definition of BMD.

Definition 6.3.1. A split is an operationc — c1,c2 where ciNc, = &, c1UC; = C,
and ¢y, ¢, ¢ &. The result of applying a split to a partitionP is (P-{c}) U{ci, c2}.
A split is a valid operation on P if and only if c € P.

Definition 6.3.2. A merge is an operation c;,c; — ¢ where ¢ = ¢c; U cz. The
result of applying a merge to a partition P is (P - {c1,c2}) U {c}. A merge is a
valid operation on P if and only if ¢1,¢c; € P.

As a matter of notation, the result of applying an operation o (which can
be either a merge or split) to a partition P can be written P : 0. Note that
the result of an operation on a partition is still a partition, so we may apply
operations to a partition in sequence. The application of operations o; and o
to P in sequence can be written P : o; : 0,. However, we will use commas to
separate operations instead: P : o1, 05.

Definition 6.3.3. A path from partition R to partition R’ is a sequence of
operations 01,0z,...,0, where R’ = R : 01,02,...,0, and o; is a valid operation
onR:o01,02,..., oi-1 for all o;. We say that a path is a legal path fromR to R’ if
for any operation that is a merge o1 = ¢1,c2 — ¢, then there exists a cluster
p € R’ where c C p.

Definition 6.3.4. The BMD from a partition R to a partition S is the number
of operations in the shortest legal path fromR to S.
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While the BMD measure also operates at the cluster level, we categorize
it separately from cluster-level comparison approaches because clusters are
dynamically edited using basic operations instead of being statically compared.

6.3.4 Variation of Information

Another work closely to the merge distance measure is a state-of-the-art
clustering measure called Variation of Information [63] (VI) where we mea-
sure the “information” lost and gained while converting one clustering to an-
other as follows:

VI(R, S) = H(R) + H(S) - 2I(R, S)
Functions H and I represent, respectively, the total entropy of the individual

clusters and the mutual information between R and S.

_ Irl, lrl

reR
lrN s IrNs| xN
I(R'S):ZZ N %9 e sl
reR ses

6.4 Generalized Merge Distance

The definition of basic merge distance (Section 6.3.3) immediately raises some
questions on how we can generalize it. In some cases, we may want to penalize
splits more than merges, or vice versa. Further, the "badness” of a split or
merge may depend on the sizes of the clusters that are being merged or split.
In this section, we define a generalized merge distance (GMD) that creates a
larger space of possible measures. In Section 6.4.3 we show that this space
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includes distance measures closely related to the pairwise precision and recall
measures of Section 6.3.1, as well as the VI measure of Section 6.3.4.

Definition 6.4.1. The fy, fs generalized merge distance GMDs, ¢.(R, S) from a
partition R to another partition S is the minimum cost of a legal path from R
to S, where:

e the cost of a merge operation x,y — z is fn(|x|, ly|), and
e the cost of a split operationz — X,y is fs(1x], |yl).

Clearly, the BMD measure described in Section 6.3.3 is the same as the
GMD measure when f,(x,y) = fs(x,y) = 1.
We assume some reasonable properties of the functions f,, and fs:

1. Operations cannot have negative cost: fn(x,y) 2 0 and fs(x,y) > O.

2. The cost functions are symmetric: fn(x,y) = fm(y, X) and fs(x,y) = fs(y, x).

3. The cost functions monotonically increase with their parameters: fn(x,y) <
fm(x+j,y + k) and fs(x,y) < fs(x + j,y + k) for non-negative j, k.

Given the above three properties, we can prove there exists a minimum-
cost legal path from a partition R to a partition S where all of the split oper-
ations precede the merge operations. This result vastly reduces the search
space for a minimum-cost path and thus leads to an efficient algorithm for
computing GMD.

We begin by noting that merge and split operations are of ten commutative.
That is, R : 01,02 = R : 02,01 for many pairs of operations. In fact, operations
are always commutative except when the input (or one of the two inputs) of
one operation is the output of another.

As an example, consider the path defined by operations 01,02,03,04,05 in
Table 6.2. Operations 01 and o3 can be executed in either order, as their inputs
and outputs do not overlap. Operation o4, on the other hand, takes the output
of 03 and one of the outputs of o0 as input. Therefore, o4 must be performed
after both oz and os.

The commutativity of operations in a path can be represented with a prece-
dence graph.
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Table 6.2: Example path

[ Operation | Result |
— {{a,b,c),(d.e),(f).(9)}
01 = (a,b,c),(d,e) — (a,b,c,d,e) {{a,b,c,d,e), {f).(9)}

02 = (a,b,c,d,e) — (a,e),(b,c,d) {{a,e),(b,c.d),(f). (9)}
03 = (f),{g) — (f.q) {{a,e), (b, c,d),(f,9)}
o4 = (f,g),(b,c,d) — (b,c,d,f,g) {{(a,e), (b,c,d,f,g)}

o5 = {a,e),(b,c,d,f,g) — (a,b,c,d, e, f,g)|{{(ab,c,de,f,g)}

Definition 6.4.2. The precedence graph G for a pathoi,02,...,0n is adirected
graph that specifies the order in which the operations must take place. We
build the graph by creating a vertex for each operation. For each pair of
operations o;,05 withi < j, if an output cluster p of o; is an input of o; and there
is no k between i and j where oy also has p as an input, then we add an edge
from o; to o.

Figure 6.1 shows the precedence graph for the path from our example.
For clarity, the edges are labeled with the cluster that creates the depen-
dence between two operations. Dashed lines in this figure are not part of the
precedence graph; they are present only to show the inputs and outputs of
operations that would not be apparent from the precedence graph alone. The
graph clearly illustrates that o3 can commute with o4 and o2, but no other pairs
of operations are commutable. To construct a path with all splits preceding
all merges, we can often simply use commutativity o move the split operations
to the front. However, if there is an edge from a merge fo a split in the
precedence graph, commutativity will not help. In that case, we must invoke a
more complex transformation which we call a "merge-split swap”.

We will first illustrate a merge-split swap with an example, and then for-
mally define the transformation. In our running example, merge operation o,
has an edge to split operation o, (which we would like to move "up” to the
beginning of the path). We will "swap” the order of the operations by re-
placing o1 with a split operation o] with an edge to a merge operation o, that
replaces o0;. The input of o] will be (a,b,c), the larger of the two inputs of
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(a,b,c,d,e,f,g>

Figure 6.1: A precedence graph.

01. We then split that input into two clusters, one of which has the same size
as the smaller of the outputs of 0,. We will arbitrarily choose (a,b) as the
output of size 2, and thus o] = (a,b,c) — (a,b), (c). We will define 0} as the
merge of the "leftover” cluster (c) with the smaller of the inputs to 0;. So
0, = (c),(d,e) — (c,d,e).

Note that the sequences 04,0, and o},0’, do not produce the same result
(the former yields (a,e), (b,c,d) and the latter yields (a,b),(c,d,e)). How-
ever, the two sequences each produce 2 clusters of the same size. To compen-
sate for the different output, we modify operations "downstream” from o, o},
so they work with the new clusters, as shown in Figure 6.2.
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Figure 6.2: Precedence graph for the transformed path.

We note that the result of the transformed path is the same as the re-
sult of the original path: {{(a,b,c,d,e, f,g)}. But suppose the original path
only had operations o,..., 04. Then the result before the transformation
would be {{(a,e), (b,c,d,f,g)}, and the result of the transformed path would
be {{a,b),{(c,d,e, f,g)}—a different result! As it turns out, as long as the
original path was a legal path, the result after the transformation will be the
same. Removing os from the path changes the result in such a way that o,
becomes an invalid merge ({a,b,c,d,e) is not a subset of any cluster in the
result). Lemma 6.4.4 will prove that the merge-split swap transformation can
be applied to any legal path without changing the result of the path.
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Figure 6.3 provides a generalized depiction of the merge-split swap trans-
formation. It will be useful as a reference for the following formal definition.

m T

Ty

T3

Figure 6.3: A merge with an edge to a split is rewritten into a split with an
edge to a merge.

Definition 6.4.3. The merge-split swap transformation is defined as follows.
Consider a path with a merge operation m = m;,m, — T2 with an edge to a
split operation s = My, — T3, M4 in the precedence graph. Let |m| > |m2| and
I3 | 2 |mal.

We construct two new operations: s’ = my — my,m, and m’ = 1}, M2 — ;.
When constructing these operations, we choose a ), C m; where |m,| = |m4].
(It is possible in this scenario that |m;| = O, which would make s’ and w’ illegal
operations. However, in this case we can consider s’ and m’ to be zero cost no-
ops) The transformation begins by replacing operation m with s’, and replacing
s withm’.

The remaining changes to the path simply fix subsequent operations to use
n, and T, as input, instead of m3 and m4. Defining this process formally, we
construct a one-to-one mapping M of records. We will employ an extended
notation that allows us to apply M to sets and operations, e.g. M(S) = {M(x) :
x € S} and M(m;, M — Tq2) = M(m), M(2) — M(m12). For all records r &
T3 U 14, we define M(r) = r. For the records in m3 and m4, we define M such
that M(mt3) = w4 and M(mt4) = ).

The merge-split swap transformation is complete when we replace each
subsequent operation o in the path with M(o).
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Lemma 6.4.4. Given a legal path p from R to S, applying a merge-swap split
transformation results in a legal path p’ from R to S with cost less than or
equal to the cost of p.

Proof. In this proof, we will reuse the terms introduced in the definition of
the merge-split swap: clusters m, mz, w3, M4, M5, T, Operations m,s,s’, m’, and
mapping M.

We make three claims about p:

1. Path p’ is a path from R fo S.
2. Path p’ is a legal path from R to S.
3. The cost of p’ is less than or equal to the cost of p.

To prove Claim 1, we first name the operations in our paths o,..., on and
0f,...,0,, respectively. Suppose that the split to be transformed is ok = s,
and therefore o = m’. We note that R : of,...,0;, = M(R : o1,...,0k). That
is, after applying p’ up through the kth operation, we have the same result
as applying the first k operations of p and then applying M to each set in the
resulting clusters. For each subsequent operation o, o’ = M(0), so it is clear
thatR:o0f,...,04,; = MR : 0f,...,0,) for positive i. Therefore, R: p’ = M(R:
p) = M(S).

Now, the operation m was a merge of m and m,. Since p is a legal path,
; U 2 must be a subset of some cluster ¢ in S. Since m; Uz = 13 U T4, we
can write 1 = T3 U M4 U Texira. Applying M to m¢, we get 5 U T U Textra =
M1 U T2 U Mextra. S0 M(T1¢) = ¢, Since M is an identity function for all records
not in 1y or m,, the other clusters in S are also unaffected by the application
of M. Therefore, M(S) = S, which proves Claim 1.

Further, since records r and M(r) are always in the same cluster in the
result, if any merge operation o is a legal merge in p, then the corresponding
operation M(o) in p’ must also be a legal merge. The only questionable merge
remaining is m’, which is legal since 1 is a subset of m; € S. Therefore, p’ is
a legal path, which proves Claim 2.
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To prove Claim 3 we note that applying M to an operation o cannot change
the size of the clusters involved, and therefore, the cost of M(0) must be the
same as the cost of 0. So all corresponding operations in p and p’ have equal
cost, other than m, s, s’ and m’. The only difference in cost can come from the
cost difference between s and s’, and m and m’. The combined cost for m and
s is:

fu(lml, [m2l) + fo(lms|, |mal)

The combined cost for m’ and s’ is:
AR RS Zu AR LAY

Recall from Definition 6.4.3 that |m| > |m2|, |m3] 2 |m4l, and [, = |mal.
We also have that |m| + [m2| = [m3] + [ma| = [m}] + || and || = |m]] + [,

From these facts, we find that |nj| < |m|, [mj| < |ms|, and of course
|| = |m4|. Comparing the cost expressions with these three facts, we see
that all arguments to the fn and fs functions are no greater for operations m’
and s’ than they are for m and s. By the monotonicity property of the split
and merge functions, the cost for m’ and s’ must be less than or equal to the
cost of m and s. Therefore the cost of p’ is less than or equal fo the cost of
p. This proves Claim 3 and therefore we have proven the lemma. O

Theorem 6.4.5. For any partitionsR and S, there exists a minimum-cost legal
path from R to S where the precedence graph for the path has no edge from
any merge operation to a split operation.

Proof. Consider a minimum-cost legal path p from R to S. If the precedence
graph of p has a merge with an edge to a split, we can apply a merge-split swap
transformation in order to obtain a path that (according to Lemma 6.4.4) must
also be a legal and minimum-cost path from R fo S. In fact, we can repeat the
transformation until there no longer exists an edge from a merge operation to
a split operation in the precedence graph of the path. O
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Theorem 6.4.6. For any partitionsR and S, there exists a minimum-cost legal
path from R to S where all split operations precede all merge operations.

Proof. This result follows directly from Theorem 6.4.5 and the rules of com-
mutativity. Since there is no edge from a merge operation to a split operation
in the precedence graph, the split operations may all be commuted fo the be-
ginning of the path. O

We will use the term "splits-first path” to refer to a path with all split
operations preceding all merge operations. We note that any splits-first path
from R to S is also a legal path, as if there were an operation that merged
two clusters that are not merged in S, then subsequent operations cannot be
splits, and thus the result of the path could not be S.

We also define the “split point” of a splits-first path.

Definition 6.4.7. In a splits-first path from R to S, we can apply all of the
split operations to R to get a partition we call the split point. We denote the
split point of a path p applied to a partitionR as R : splits(p).

6.4.1 Operation Order Independence

Definition 6.4.8. A fragment of partitions R and S is any set of the formsnr
wherer € R,s € S,andrNs ¢z @. We denote the set of all fragments of
R and S as RM S. Since every record is in exactly one fragment, RM S is a
partition as well.

As an example, suppose R = {(a,c,e), (b,d,f)}and S = {{a,b, c), (d, e, f)}. In
that case, RM S = {{qa, c), (e), (b), (d, f)}.

If a splits-first path fails to break R down to the fragments of R and S by
the end of the split phase, then it cannot possibly result in S after the merge
phase is complete. Therefore, the fragments of R and S can be seen as the
minimum required splitting performed by a splits-first path from R to S.

Lemma 6.4.9. Given a splits-first path fromR to S, any cluster inR : splits(p)
is a subset of somef € R S.
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Proof. Consider any cluster m € R : splits(p). Since m € R : splits(p), it is the
result of a series of split operations on R. Therefore, m C r for some r € R.
The remaining operations in the path are all merges, so m C s for some cluster
s € S. Now we have that m C rns,andrns € RMS. So any cluster in
R : splits(p) must be a subset of some f € RM S. O

We now define a term for a path that performs this minimum required
splitting:
Definition 6.4.10. A bare necessities path fromR to S is any splits-first path
p fromR to S whereR : splits(p) =R M S.

For many split and merge functions, there always exists a bare necessities
path from R to S that is also a minimum-cost path. In fact, if the functions
satisfy a property we call "operation order independence”, then any bare ne-
cessities path from R to S is in fact a minimum-cost path.

Definition 6.4.11. We say that a function F is operation order independent if
it satisfies F(x,y) + F(x +y,z) = F(x,z) + F(x + z,y) for all x,y, z.

We call this property operation order independence because it implies that
the order in which certain operations are performed is unimportant. Suppose
that we wish to merge three clusters m,, m,, and m, (with sizes x, y, and z,
respectively) all fogether into a single cluster. If we merge m, and m, together
first, and then merge the resulting cluster with m,, observe that the resulting
cost would be given by the left-hand side of the equation in Definition 6.4.11.
The cost of merging T and m, together first, and then merging m, with the
result is given by the right-hand side of the equation, and therefore with
operation order independence, these two paths would have the same cost.

Now that we have defined operation order independence, we note two sim-
ple classes of functions that satisfy this property: F(x,y) = kand F(x,y) = kxy.
(One can easily verify the property holds for these classes by plugging them
into the equation in Definition 6.4.11.) The first class includes the BMD mea-
sure of Section 6.3.3 and the second class of measures can be used to di-
rectly compute (see Section 6.4.3) the pairwise precision and recall measures
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of Section 6.3.1. We also note that functions of the form F(x,y) = ki + kaxy
also satisfy this property, and these may provide an interesting "blend” of the
two classes above. These are not the only functions that satisfy this property,
and it turns out that the class of functions that satisfy the property (studied
in [48]) is, in fact, quite vast.

The class of operation order independent functions has been studied in
[48]. That paper proves the general form of an operation order independent
function to be:

F(x,y) = B(x,y) + f(x +y) - f(x) - f(y)

In this formulation, f(x) is any arbitrary function. On the other hand, B(x,y)
is a function that must satisfy many properties, including skew symmetry:
B(x,y) + B(y,x) = 0. Since we assume the property of symmetry on our cost
functions, we require that B(x,y) = 0. Therefore, the most general form for
operation order independent functions is f(x +y) - f(x) - f(y). We can verify
that if f(x) = -k then F(x) = k and if f(x) = $x* then F(x,y) = kxy. This result
shows that there is actually a large class of functions that satisfy operation
order independence.

Lemma 6.4.12. Given clusters my,my, ..., m,, if fn is operation order indepen-
dent, then all sequences of merges that result in|Jm; have equal cost.

Proof. Consider the class of pairs P with the left element being a cluster and
the right element being a numerical cost associated with that cluster. We map
the clusters m; to the corresponding pair (i, 0), indicating that we can obtain
any m; with zero cost. We can now define an operator @ on P that performs
the merge of the clusters in two pairs, and computes the total cost necessary
to obtain that cluster:

(p1,Xx) ® (p2.y) = (p1 U p2, x +y + fu(lp1l. Ip2l)

Due to the properties fn, has (symmetry and operation order independence), it
is easy to show that @ is both associative and commutative.
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Any sequence of merges of the base clusters that results in |J m maps to an
application of the @ operator on all of the m; clusters. Since & is commutative
and associative, the order of merge operations does not affect the cost to
generate the result. So all sequences of merges with that result have equal
cost. [

Lemma 6.4.13. If f, is operation order independent, then all sequences of
splits starting from a cluster m that result inmy, 2, ..., T, have equal cost.

Proof. We note that any sequence of splits leading to the m; clusters can be
reversed to obtain a sequence of merges from the m; clusters to m. If we let
fm = fs, then the cost of the merge sequence is equal to the cost of the split
sequence. By applying Lemma 6.4.12, we get that all such sequences have equal
cost. O]

Theorem 6.4.14. If both f, and fs are operation order independent, then any
bare necessities path from R to S is a minimum-cost legal path fromR to S.

Proof. Take any minimum-cost splits-first path pmin from R to S. (By Theo-
rem 6.4.6 such a path always exists.) Now take any bare necessities path p
from R to S. By Lemma 6.4.9, every cluster in R : splits(pmin) is a subset of
some cluster in R : splits(p) (which is R S by definition of a bare necessities
path). Given this subset relationship, it is clear that we can append split oper-
ations to the splits phase of p such that we arrive at R : splits(pmin). Further,
we can append merge operations to the end of the splits phase o merge these
clusters back down to RM'S. With this process, we can extend p to a new path
p’ from R to S where R : splits(p’) = R : splits(pmin).

The new path p’ contains all of the operations of p plus some extra opera-
tions in the middle. Therefore, the cost of p’ is greater than or equal to the
cost of p. However, by Lemma 6.4.12 and Lemma 6.4.13, the cost of p’ must
be equal to the cost of pmin, since R : splits(p’) = R : splits(pmin). Path pmin is a
minimum-cost legal path from R to S, and p must have lower or equal cost. So
the bare necessities path p is also a minimum-cost legal path fromR to S. O
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We now demonstrate that a bare necessities path may be easily constructed
for any given partitions R and S. Let po be the null path that performs no
operations, so R = R : pg. We define the splits in this path inductively:
P = pi,M — T, M, where m € R : po, and non-empty m; and m; are, re-
spectively, tN's and m - s for some s € S. We extend the path until all
clusters in R : p; are subsets of clusters in S.

We then extend the path further with only merge operations: m,m, —
m U 1, where 1y, 2, C s for some s € S. This completes a bare necessities
path from R to S.

This construction suggests an algorithm for computing GMD when the merge
and split functions are operation order independent functions, since it suffices
to construct a bare necessities path and compute its cost. We will describe
such an algorithm (called the Slice algorithm) in Section 6.5.

6.4.2 Merge Precision and Recall

Another idea inspired by Theorem 6.4.6 is that we can consider the costs of
splitting and merging separately. When a cluster in the result must be split in
a path to the gold standard, it is usually due to a false positive in the result.!
When two clusters are merged, it is usually due to a false negative. There-
fore, the total cost of the split operations is much like an inverse measure of
precision, and the total cost of the merge operations is much like an inverse
measure of recall.

We can further use Theorem 6.4.6 to normalize these measures. The cost
of all the split operations can never be more than the cost of splitting all clus-
ters in R down into individual base records. Likewise, the cost of all the merge
operations can never be more than the cost of merging individual base records
up into the clusters in S. Let L represent a partition in which each base

In some configurations, a minimum-cost path may split clusters that are found together
in the destination. Consider R = {(a,b,c),d}, S = {(a,b,c,d)}, fs(x,y) = 0, and fp, = x3 +y3. A
minimum-cost path will split (a,b, c) to avoid the large cost of a merge with a cluster of size
3.
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records is alone in its own partition. We can then normalize merge precision
and recall using the factors GMDy,_+.(R, L) and GMDs,_ (L, S), respectively.

Let Cn(R, S) and C4(R, S) refer to the total cost of merges and splits (re-
spectively) in a minimum-cost path from R fo S. We can then define merge
precision and recall as follows:

Definition 6.4.15. The f,, fs merge precision fromR to S is defined according
to the following formula:

Cs(R,S)

MP R,S)=1-
ffs(R,S) GMDr - R 1)

The fn, fs merge recall fromR to S is defined according to this similar formula:

Cn(R,S)
GMDs, ¢.(L,S)

MRfm,fs(R, S) = 1 -

Note that we subtract the normalized distance from 1 to turn these mea-
sures into similarity measures, rather than distance measures.

With a definition of precision and recall from the merge perspective, it is
possible to use the standard methods (e.g., F1) fo combine the two into a single
number.

6.4.3 Relationship to Other Measures

Several other measures are closely related to GMD. First, the BMD measure
in [2] is exactly our GMD measure when f,(x,y) = fs(x,y) = 1. Second, the VI
measure (Section 6.3.4) is a special case of GMD where f,, and fs are chosen
as follows:

Theorem 6.4.16. VI(R,S) = GMD(R, S) when fn(x,y) = fs(x,y) = h(x +vy) -
h(x) - h(y), with h(x) = 5 log .

Proof. First, we note that f,, and fs here are order operation independent
functions, as they have the form shown in Section 6.4.1 to be the most general
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form of an order independent function. Theorem 6.4.14 therefore tells us
that the GMD from R to S is the cost of any bare necessities path from R to
S.

Construct a bare necessities path p = 01,02,...,0m With R : p = S. We
will use the shorthand notation R® to refer to R : o4,...,0;, with R® = R
and R™ = S, We show by induction that GMDy,_ ¢, (R,RM) = VI(R,R®) for all
0 < k < m. We note that GMDy, ¢.(R,R®) = VI(R,R®) = O which provides with a
base case for our induction.

Now, assuming the inductive hypothesis, GMDy, ¢, (R, R(™V) = VI(R,R(D), we
will show that GMDy, ¢,(R,R®) = VI(R,RM). Let us evaluate the change in VI
when we perform operation o;.

AVI = VI(R,R®) - VI(R,R(™D)
= H(R) + HRY) - 2I(R,RY)
- HR) - HR ™) + 2I(R,R(™)
= HR®) - HRY) - 2(I(R,RM) - I(R,R(D))
= AH-2AI

In the above equation, we have introduced AH = H(R®) - H(R(D) and AI =
I(R,RM) - I(R,RIV). The value of AH is the change in entropy created by
performing the operation, and AT is the change in information shared with R.

We must handle the case of a split separately from the case of a merge.

So for the time being, suppose that o; is a split: o; = m — my, 7. First, let us
consider AH:

AH = HRY) - HRD)

. z h(lrl)+ Z h(lrl)

reR® reR(-1)

= -h(|m|) - h(Im2|) + h(|m|)
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= h(|n|) - h(|m|) - h(Im2|)

Now, we consider AI:
AT = I(R,RD) - T(R, R(D)

_ZZIrﬂsIIO Irns|xN
N2 el [s|

reR  scR0)

_ZZIFOSIIO Irns|xN
N0 e % [s|

reR  seR(1)

The only difference between these two summations is in the terms involving ™
for the first sum, and m;, 7, in the second sum. Since o; is a split in a splits-
first path, it is preceded only by splits, and therefore m, m;, T, are all subsets
of some single cluster r* € R. Therefore, foranyr € Rwherer z r*,rnm = &,

and the same is true of m and m,. This fact brings AT down to the following:
_Ir*ﬂnllo I N xN
N T el Il
|r* Ny P N x N
- log
N [r=| % |y
|r* N ;| P N | x N
- log
N [P x ||
_ Il l0g Iml N _Im|
N lP*| x [] N
_ |72 | |m2| x N

N [r| x ||
_ Il log N |ml l0g N |ml l0g N
N l,*] N l,*] N Il
_ Iml - Im| - || log N
N |r]
N

Tl

AI

9 AR
[P | = |1

-Olo
_N 9
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=0
Now, we continue to compute AVI,

AVI = AH-2AT
= h(Iml) - h(lm:]) - h(lmz|)-2x 0
= h(|m| + |m2]) - h(|m]) - h(|m2])
= fs(lml, [m2])

So the cost of the operation o; is exactly AVI, which allows us to prove the
inductive step in the case that o; is a split:

VI(R,RM) = VI(R,R(D)+ AVI
= GMDy, 1, (R,RID) + f(|m], [m2])
= GMDfmlfS(R, R(i))

Now, we need to repeat this procedure assuming that o; is a merge: o; =
T, M, — m. Starting with computing AH:

AH = HR®) - HRD)

. z h(lrl)+ Z h(Irl)

reR® reR(-1)

= h(lm|) + h(lmz2|) - h(|m|)

Note that AH in the merge case is the opposite of AH in the split case.

Now, we proceed to compute AI. The merge case is trickier, though, as m;
and 1, may have components of many clusters of R. Since the path is a bare
necessities path, we can let m; = (J; ¢ f for some set of fragments F C RM S.
We will use the notation fj to refer to an individual element of F. Similarly,
let 2 = Uyeg 9, with & C R S, and g; referring to an individual element of G.

Since F,6 C RM S, each element of these sets is a subset of some cluster
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in R. That is, for each fj, there is a corresponding ¢; € R where f; C c;.
Likewise, for each gj, there is a corresponding d; € R where g; C d;. We will
continue o use ¢j and dj to refer to the clusters inR that f; and g; came from,
respectively. We note that my N m, = @, so for all j,k, ¢j # dy.

We begin with the AT equation from earlier, and simplify it by leaving only
the terms that use the clusters involved in the merge operation:

lrns|, |rns|xN
AI = I
ZZ NERSTEIF
reR  seR®
_ Ir'ﬁsllo Irns| xN
ZZ NERSTEIF
reR seR(-D
Zlcjﬂnl lc;nm| xN
= log
. N lcjl = ||
i
Zldjﬂ‘ﬂ'l |djﬂ'lT|*N
+ log
N [d;T = I
i
|CjﬁTl'1| |Cjﬂ1T1|xN
- log
z N lc;l = |y
i
|djﬂ1‘l’2| |djﬂTl’2|XN
- log
. N |d;| = 2]
i
_2 |5l Ifil xN gl lg;| x N
= log + log
_ N lejl < || N |d;| = ||
i
|fj| |fj|"N |9J'| |9j|"N
- E log + 0g
. N |CJ'|X|TT1| N Idj|*|Tf2|
i
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z |f;] ;] x 10g If;l x N
IcJIx Inl ey = ]
|91 |9J -Iog lgjl xN

Z IdI |d;| x [m2]

_ |f;l o lml | |g; o |72 |

Z N Tl TN T
j

- |1T1| Iog |1T1| . |Tf2| Iog |1Tz|
N Im| N |t
ImlI |1T|+|2||o| |_I1T1I+I1TzlI Il
N 9 N g N9
Il Il mel el ml, I«
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N 2N "NYPN NY9N

= h(lm|) + h(Im2]) - h(|m])

Again, we continue to compute AVI.

AVI = AH-2AI
= h(|m|) + h(Imz|) - h(|n|)
= 2(h(lm:1) + h(Im21) - h(Im[))
= h(|m|) - h(lm|) - h(Im2|)
= h(|m| + |m2]) - h(|m]) - h(|m2])
= fm(lml, |m2])

So the cost of the operation o; is exactly AVI, which allows us to prove the
inductive step in the case that o; is a merge:

VI(R, R(i)) = VI(R, R(H)) + AVI
= GMDy, 1, (R,RID) + £ (|ml, I2|)
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= GMDy, 1.(R,RM)

We have proven the inductive step in the case that o; is either a merge or a
split, and therefore we have proven the inductive step completely. Therefore,
by induction, GMDy, ¢, (R,R®) = VI(R,R®) for all O < k < m, and therefore
GMDy, £.(R, S) = VI(R, S). [

Third, the pF; distance can be computed directly using GMD. The theorem
below shows how to compute pairwise precision and pairwise recall using GMD.
The pF; distance is then the harmonic mean of the two values. We use the
symbol L fo refer to a partition with each record alone in its own cluster.

Theorem 6.4.17. PairPrecision(R, S)=1- g,fAAg((;'i)) if fm(x,y) = 0 and fs(x,y) = xy.

PairRecall(R, S) = 1 - Zio®3L if fn(x,y) = xy and fs(x,y) = O.

Proof. We will prove this theorem for fn(x,y) = 0 and fs(x,y) = xy. The other
case is symmeftric.

A split operation m — my,m, has a cost of |m| x |m2|. When we apply
this operation to a partition, the result will be missing all pairs consisting of a
record in m; and a record in ;. There are |m | x 2| such pairs, so it turns out
the cost of the split is the same as the reduction in the number of pairs.

Since fy, and f are operation order independent functions, Theorem 6.4.14
tells us that any bare necessities path from R to S has minimum cost. The
splits in a bare necessities path will remove all pairs in Pairs(R) - Pairs(S) and
no other pairs. The merges all have zero cost, so GMDy, 1.(R, S) = |Pairs(R) -
Pairs(S)|.

Now we follow through with the derivation:

| 6MD, 1 (R.S) _, _ IPairs(R) - Pairs(S)|
GMDs, (R, L) |Pairs(R)|
|Pairs(R)| - |Pairs(R N S)|
) |Pairs(R)|
_ [Pairs(R N S)|
~ |Pairs(R)|

=1
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= PairPrecision(R, S) =

The various relationships are possible because of the configurability of
GMD. Since the f,, and fs functions used in this section are all operation order
independent, we can use the linear time Slice algorithm described in the next
section o compute all the measures above. This is exciting, especially because
the straightforward implementation of pF; and VI would be quadratic in the
worst case.

6.5 Computing Measures

Computing measures efficiently is important because the number of entities
to resolve can be huge. Recall the discussion of correctness and compre-
hensiveness of Section 1.4. When measuring correctness, the gold-standard
is human-generated, and therefore will rarely exceed thousands of records.
The gold standard for measuring comprehensiveness, on the other hand, is
automatically generated and could contain a much larger number of records.
While large exhaustive ER results may be very expensive to generate, they
need only be generated once, whereas the computation of the distance mea-
sure will be performed multiple times for a diverse set of blocking algorithms
and parameters. The distance computation can therefore take a great deal of
time, and a more efficient algorithm provides practitioners more time to tune
their algorithms (e.g., experiment with different matching thresholds) over a
wide range of options.

Many measures take (or appear to take) quadratic time for computation,
which could be prohibitive. For example, a straightforward implementation of
the pF; measure requires a quadratic humber of base record pairs to be com-
pared against the actual matching pairs. Similarly, the K measure sums the
similarities of all pairs of clusters need to be computed, requiring quadratic
time computation. The ccF; measure finds the the closest clusters for all clus-
ters and requires a quadratic number of cluster comparisons because finding
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each closest cluster requires a linear scan of the other ER result in the worst
case.

Surprisingly, the topic of efficiency of measure computation is not dis-
cussed in any ER paper. Fortunately in this chapter, we propose an efficient
algorithm that computes GMD in linear time for a large class of configurations.
We also show that the pF; and VI measures can be computed in linear time us-
ing our algorithm. It is an open question if there are linear algorithms for the
ccF; and K measures.

The algorithm we propose is called the Slice algorithm, which computes
GMD when f,, and fs are operation order independent functions. A complete
description of the Slice algorithm is given in Section 6.6.2. The gist of the
algorithm is to independently compute the cost of generating each cluster
in S by splitting off the necessary components from clusters in R and then
merging them together. For example, suppose R = {(a,c,e),(b,d,f)} and
S = {{a,b,c),(d,e, f)}. Cluster (a,b,c) must be generated by merging two
fragments (one from each cluster in R): (a,c) and (b). The cost to split these
fragments from their clusters in R is f5(2,1) + f5(1,2), and the cost to merge
them is fi(1,2). When computing the cost to generate (d, e, f), we remember
how many records have already been split from the clusters in R to properly
compute the cost of splitting R further. In the example, no splits are neces-
sary to get the fragments (e) and (d, f) because (a,c) and (b) have already
been split off. So the cost to generate (d, e, f) is just fi(1,2). We can then
add the costs of generating these two clusters to obtain the total GMD.

We can compute the fragments needed o generate a cluster ms € S by
considering each record in ms and looking up its location in R. We can then
group the records by their R location to obtain the fragments. This step
takes time O(|ms|) and thus the entire algorithm runs in time O(N).
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6.6 Computing Merge Distance

In this section we provide the details of algorithms for computing merge dis-
tance.

6.6.1 General Algorithm

A simple method for computing merge distance is the direct application of
Dijkstra's algorithm. If we treat partitions as nodes in a graph and merge and
split operations as the edges between nodes, then Dijkstra’s algorithm will find
a minimum cost path from R to S.

For this application, however, Dijkstra’s algorithm would be highly ineffi-
cient. There are a few modifications to the algorithm that can help improve
the performance. For one, Theorem 6.4.6 allows us to prune all paths that
have a split after a merge has been performed. Further, at any state, we may
consider if it is possible to reach the destination S through merges alone. If
not, then more splits are required, so we need not consider any merges at this
point. (See Lemma 6.4.9 for an explanation of this idea.)

Finally, we may make use of the monotonicity property of the merge and
split cost functions to construct a lower-bound on the cost from any state
to the destination S. Given this lower bound, we can apply the Ax algorithm
instead of Dijkstra's algorithm, which may help narrow the search.

Unfortunately, we do not expect any of these optimizations to improve the
exponential worst-case time for computing merge distance. We instead focus
on a specific class of merge and split functions for which we have found an
efficient algorithm.

6.6.2 Slice Algorithm

In this section, we describe a linear time algorithm called the Slice algorithm
for computing generalized merge distance. The algorithm computes the cost
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of an arbitrarily selected bare necessities path, and therefore produces the
correct answer only when the split and merge cost functions are order opera-
tion independent.

The algorithm takes two partitions R and S, as well as the functions f, and
fs as input. The output of the algorithm will be the f,, fs merge distance from
R to S (as long as f, and fs are operation order independent). The gist of
this algorithm is to find the cost to build each cluster S; € S by breaking of f
pieces from clusters in R and then merging them together. We can find the
cost to build each S; independently and then compute the sum for the total
cost o move from R to S.

We now explain the details of the algorithm, and execute it over an ex-
ample input. For the purposes of the example, let R = {{(a,c,e), (b,d,f)} and
S = {{a,b,c),({d,e, f)}. We'll refer to the individual clusters with one-based
indexes: Ry,R, and Sy, S».

The algorithm begins with a loop over all clusters inR. Lines 4-8 set up the
loop, which builds up a mapping M from each record to the cluster in R it is
a member of. For brevity, we will not show the entire contents of M, but as
examples, M[a] = 1 and M[b] = 2. The loop also computes an array Rsizes that
stores the size of each cluster in R. The Rsizes array will be updated over
the course of the algorithm as we split pieces of f of each cluster in R. In our
example, the Rsizes array will have the value 3 for both entries.

The algorithm then continues compute the cost of building each cluster
Si € S. The first step is determining which clusters in R contain the records
in S;. Lines 14-21 build a structure pMap that, for each cluster R; in R, keeps
a count of the records in S; that are in R;. If RjN S; = &, then there will
be no entry in pMap for S;. Therefore there is at most one entry in pMap
for each record in S;. In our example, the pMap generated for S; will have
pMap[1] = 2 and pMap[2] = 1, since the two records a, c are in R;, whereas the
one remaining record b comes from Rz. When pMap is generated for S, it will
have pMap[1] = 1 and pMap[2] = 2.

To build S; from the clusters in R, we must first split of f the parts of the
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Input: R, S: the result and gold standard.
(Ri and S; refer to the ith clusters of R and S respectively.)
fm. fs: the cost functions for merge and split operations

Output: the f,, fs merge distance fromR to S

1: MergeDistance(R, S)

2: // build a map M from record to cluster number

3: // and store sizes of each cluster in R

4: for all R; € R do

5 forall r €R; do

6 M[r] — i

7:  end for

8 Rsizes[i] — |R;l

9: end for

10: // begin computing cost

11: cost — O

12: for all S; € S do

13:  // determine which clusters in R contain the records in S;

14:  pMap — {}

15: forall re S; do

16: // if we haven't seen this R cluster before, add it o the map
17: if M[r] & keys(pMap) then

18: pMap[M[r]] — O

19: end if

20: // increment the count for this partition

21: pMap[M[r]] < pMap[M[r]] +1

22: end for

Algorithm 6.1: Slice algorithm, part 1

clusters in R that have the records in S;. We can perform this splitting with a
single split operation for each cluster that intersects S;. Once those k pieces
are split off, then we can merge them all together with k-1 merge operations.
Lines 24-37 compute the cost for this series of operations, consulting pMap
to find out how many records must be split off of each cluster in R. In our
example, the cost to construct S; would be computed as follows. First, pMap[1]
is 2, so we would have to split two records off of R;. Since R; currently has
size 3 (according to Rsizes), the cost for this split would be f5(2,3-2). In the
next iteration, we would consider pMap[2] = 1, and split 1 record away from
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23: // compute cost to generate S
24:  SiCost — O

25:  totalRecs — O

26:  for all (i,count) € pMap do
27: // add the cost to split R;

28: if Rsizes[i]> count then

29: SiCost «— SiCost + fs(count, Rsizes[i] - count)
30: end if

3L Rsizes[i] « Rsizes[i] - count

32: if totalRecs # O then

33: // cost to merge into S;

34: SiCost « SiCost + f,(count, totalRecs)
35: end if

36: totalRecs « totalRecs + count

37: end for

38: cost « cost + SiCost

39: end for

40: return cost

Algorithm 6.2: Slice algorithm, part 2

Rz. This split would cost f¢(1,3 - 1). Now that there are two "fragments”, we
compute the cost to merge them together: f(2,1). This would end the loop
and the cost for constructing S; would be 2 x f4(2,1) + f(2, 1).

We note that on line 31, we update the Rsizes array to reflect the fact that
records have been split of f of the clusters in R. After computing the cost to
construct Sy, Rsizes will have been updated to the sizes of the clusters in R
without records in S;. Specifically, Rsizes[1] = 3-2 = 1 and Rsizes[2] = 3-1 = 2.

The final details of the algorithm are to simply sum up the costs fo con-
struct all the S; clusters, which is the merge distance from R to S.

6.7 Experiments

As discussed in Section 6.5, ER datasets can be huge, and the computation
times for measures can be very significant. In this section we compare the
computation times for the BMD, pFi,cFy,K,ccF1, and VI measures. (We omit
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the other configured GMD measures because their runtimes are similar to
that of BMD.) For BMD, we used the Slice algorithm. For pF;, we used two
implementations: one uses the Slice algorithm while the other is a straight-
forward implementation that iterates through all base record pairs of the ER
result and the gold standard. Similarly for VI, we used an implementation using
Slice (i.e., GMDy) and a straightforward implementation that iterates through
all pairs of clusters between the ER result and the gold standard. We imple-
mented cFy, ccFy, and K in a straightforward way (as described in Section 6.5)
because there are no better published algorithms. As a result, cF; was imple-
mented with a linear time algorithm while ccF; and K were implemented with
quadratic time algorithms. All the algorithms were implemented in Java, and
our experiments were run in memory on a 2.4GHz Intel(R) Core 2 processor
with 4GB of RAM.

1000 —— , , , , — _
3 BMD (Slice) —— |

# pF1 (Slice) —--&---
. pF1 (straightforward) ---e--- 1
100 o/ VI (Slice) o
://' VI (straightforward) — s ]

& cF1 (straightforward) ---x---

[ K (straightforward) - -&- -
10 b ccF1 (straightforward) —+-— |

Runtime (s)

001 | | | | | | |
20000 40000 60000 80000 100000 120000 140000 16000(

Number of Entities

Figure 6.4: Scalability

Figure 6.4 shows the runtime plots for the measures. We experimented
on 10K to 160K enftities with the Zipfian exponent e = 1.5, and each ER result
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R had % misplaced entities. Any implementation using the Slice algorithm is
scalable to large ER results, with a runtime increasing linearly by the number
of entities. Although the straightforward implementation of pF; is worst-
case quadratic, in this experiment it shows linear average behavior (because
clusters are small — average size is 3.5 — making the number of base records
to iterate over small). The straightforward implementation of VI is expensive
even for a small number of entities, highlighting the runtime improvements
when using Slice. The cF; algorithm is efficient and shows a linear increase in
runtime. Finally, the runtimes of the K and ccF; algorithms grow quadratically
against the number of entities and show the worst runtimes.

6.8 Conclusion

We have proposed an edit distance measure for ER (called "generalized merge
distance” or GMD) that computes the shortest edit distance from an ER result
to a gold standard using merges and splits as the basic operations on clusters.
A powerful feature is that the merge and split costs can be configured based
on record sizes. We proposed an efficient algorithm (called Slice), which com-
putes GMD in linear time for a large class of merge and split cost functions.
Interestingly, the state-of-the-art VI clustering measure is a special case of
GMD, and the dominantly used pF; measure for ER can be directly computed
using GMD. As a result, both VI and pF1 can be computed efficiently using our
Slice algorithm.

We also conclude that GMD can be configured on two important parame-
ters: sensitivity to error type and sensitivity to cluster size. As a result, one
could more precisely define a measure that correctly evaluates a given appli-
cation. Finally, we have demonstrated that the Slice algorithm is scalable and
can be used to evaluate very large datasets. Thus, we believe that the GMD
measure fills a hole in the space of available ER measures, and that it clarifies
the relationship between the available ER measures.
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There are interesting open issues for the GMD measure. We have already
shown that the pF; and VI measures are closely related to GMD. We believe
that edit distance measures for ER and clustering have yet to be fully explored
and suspect that GMD could be a fundamental way of generating ER and in
general clustering measures.
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Chapter 7

Conclusion

7.1 Summary

Entity resolution is an expensive problem and we must therefore resort to
specialized techniques in order to reduce the processing time. Distributing
the process as in Chapter 2 is an excellent way to increase performance, as
it may be done without suffering a loss in quality of the ER result. We de-
scribed how to improve performance further by using the multiple blocking
techniques of Chapter 3, optionally in conjunction with the LSH function fami-
lies from Chapter 4. Confidences add complexity to entity resolution process-
ing, so Chapter 5 described how to efficiently handle confidences. Chapter 6
presented various methods of evaluating the quality of the results of an ER
algorithm.

Having reviewed the overall contributions of this thesis, we now proceed
to summarize the individual contributions of each chapter.

In Chapter 2 we studied how to efficiently distribute the ER workload
across multiple processors. We presented D-Swoosh, a distributed ER frame-
work that allowed us to plug in and test many distribution strategies. We
found that the full replication scheme had the best runtimes for lower num-
bers of processors, while the grid scheme scaled the best over all. We also
demonstrated that schemes that blindly compare all records of ten outperform

199
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simple techniques that take advantage of domain knowledge.

Chapter 3 took the other path towards improving ER performance: block-
ing. Specifically, the chapter presented the Duplo algorithm, a highly scalable
algorithm for performing multiple blocking on datasets too large to fit in mem-
ory at once. We discovered that the performance of the algorithm is highly
dependent on the order in which blocks are processed. We therefore com-
pared four different ordering strategies and found that the best strategy
was to select the next block to process according to how many records in the
block were already found to be merged.

In Chapter 4 we presented multiple extensions to minhash for use with dif-
ferent data types. We defined "map minhash” for map data types and proved
that it satisfies the LSH property for a similarity measure based on Jac-
card similarity suitable for use on maps. We further defined an LSH hash
family applicable to composed data types. Finally, we introduced a hash fam-
ily that satisfies the LSH property for weighted Jaccard similarity on sets
with weighted values. We compared this final hash family against Manasse's
scheme, the only other known LSH hash family for weighted Jaccard simi-
larity. Although the Manasse scheme supports more general weighted sefts,
our experiments demonstrated that for the more specific case of sets with
weighted values, our scheme allows one to generate hashes 5 times faster.
All of these hashing schemes can work in conjunction with the techniques of
Chapter 3 and thus add power to those techniques.

Chapter 5 considered the application of the pairwise entity resolution model
to the special case of data with confidences. We defined the result of entity
resolution with confidences and presented a naive, brute force algorithm to
compute the result. We then described Koosh, an optimal algorithm for com-
puting ER with confidences in the absence of extra known properties of the
match and merge functions. Despite Koosh's optimality, we found that ER with
confidences is extremely expensive, as the result can be very large. We there-
fore introduced the concepts of thresholds and domination to deliver a useful
subset of the full ER result. Finally, we described the Packages algorithm,
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which—given the existence of a more relaxed match function with necessary
properties—computes the ER result with a much lower number of comparisons.
Our conclusions are that thresholds and domination are both crucial fools in
reducing the workload of ER with confidences. Koosh is an effective algorithm,
but the Packages algorithm should be used in cases when it applies. Moreover,
the result of the first phase of the Packages algorithm may be a useful result
that is cheaper to compute than the full ER result.

Finally, in Chapter 6 we analyzed the process of evaluating the results of
entity resolution algorithms by comparing them to a gold standard result. We
surveyed the many existing measures and proposed Generalized Merge Dis-
tance, a new, flexible measure that can be configured to suit many applications.
Providing more evidence for its flexibility, we proved that three existing mea-
sures (pairwise precision/recall, merge distance, and VI distance) are special
cases of Generalized Merge Distance. Finally, we identified a family of cost
functions that allow Generalized Merge Distance to be computed in linear time
with our Slice algorithm. The Slice algorithm can be used to efficiently com-
pute Generalized Merge Distance in many of its configurations, including those
that lead to the pairwise measures and the VI distance. This algorithm is a
great improvement over the naive approach to computing these measures.

7.2 Future Work

While this thesis has made several contributions in the field of entity resolu-
tion, the problem is in no way “solved"”. This work in fact opens up many avenues
for future work.

First, Chapter 2 did find that the Grid scheme was nearly optimal in terms
of network communication, and was overall the most scalable scheme of the
ones we tried. However, the Grid scheme requires a triangular number of
processors to function properly. There is likely a scheme that retains the
near-optimality of the Grid scheme while scaling smoothly with any number of



202 CHAPTER 7. CONCLUSION

processors.

Chapter 2 also showed that "blind” schemes often outperform naive meth-
ods of using domain knowledge. One could combine a blind scheme with do-
main knowledge by adding extra predicates to the resp function. This scheme
would reduce the workload by invoking fewer comparison functions, however
the network communication cost would be the same as a blind scheme. Further
research may identify a hybrid scheme that takes advantage of domain knowl-
edge to reduce network communication, yet also has the smooth scalability of
the blind schemes.

We have mentioned that entity resolution can be sped up using either dis-
tribution as in Chapter 2 or blocking as in Chapter 3. However, we have not
given a detailed look at how to do both at the same time. Future work in this
area may prove to be fruitful.

Finally, most of the work in this thesis has been done with the idea that all
records refer to the same type of entity. However, many data sets may have
records that refer to different types of entities. For example, one may have
records that refer to papers along with other records that refer o authors.
Once we have multiple types in our input data, it becomes imperative to use any
relationship information between the records to either improve the accuracy
or the performance of the entity resolution process. Thus, multiple domain
entity resolution provides a vast area of exploration for future work.
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