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Abstract. An Entity Name System (ENS) is a thesaurus for entities.
An ENS is a fundamental component of data integration systems, serv-
ing instance matching needs across multiple data sources. Populating
an ENS in support of co-referencing Linked Open Data (LOD) is a Big
Data problem. Viable solutions to the long-standing Entity Resolution
(ER) problem are required, meeting specific requirements of heterogene-
ity, scalability and automation. In this thesis, we propose to develop and
implement algorithms for an ER system that address the three key cri-
teria. Preliminary results demonstrate potential system feasibility.
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1 Problem Statement

Linked Open Data (LOD) has grown exponentially since 2007 [2]. Many enti-
ties on the LOD cloud refer to the same logical entity and need to be resolved
by linking them using owl:sameAs [10]. Given that LOD currently contains bil-
lions of triples in independently developed data sources, the Entity Resolution
(ER) problem needs to be both scalable and to account for schema or structural
heterogeneity between sources. Given that the Deep Web is about 500 times
larger than the Surface Web [12], an ER solution that works with both RDF
and relational (the dominant data model in the Deep Web) would need to also
account for data model heterogeneity. The continuous growth of LOD mandates
automatic linking of entities without excessive reliance on domain expertise.

In this thesis, we develop and implement algorithms for an ER system meeting
certain requirements of heterogeneity, scalability and automation. We describe
these requirements, and propose novel techniques to satisfy them in aMapReduce
based framework for both RDF and relational data models.

2 Relevancy

The primary motivation of the proposed system is data integration [7]. A com-
plete data integration system relies on the population of an ENS component,
to resolve equivalent entities occurring in multiple data sources. The generic
ER problem is pervase, however, both in the relational database community as
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record linkage [8], and in the linked data community as instance matching or link
discovery [10]. The importance of the problem is growing in concert with the
Semantic Web, and with Web-scale efforts such as the Okkam ENS [3]. Thus, our
solution would not be limited in potential application to data integration alone.
Furthermore, the advantage of having a MapReduce [6] implementation is that
the prototype can be deployed scalably as a cloud workflow on dynamically pro-
visioned clusters. Scalability has emerged as an important issue in recent works
on both data and ontology matching [9].

3 Related Work

The longevity of the ER problem has led to a considerable body of work on
the subject. In this section, we selectively assess some recent literature from the
framework of addressing automation, heterogeneity and scalability criteria. We
first survey some techniques developed in the relational community, followed by
related efforts in the Semantic Web community.

The ER problem has emerged in several different communities, with a profu-
sion of terminology. Elmagarmid et al. surveys it broadly in the relational setting
[8]. Typically, ER is conducted as a sequence of two steps. The first step, blocking,
attempts to mitigate O(n2) complexity of pairwise comparison of n records by
clustering ‘similar’ entities into overlapping blocks using an inexpensive blocking
scheme. The second step takes a block as input and applies a similarity func-
tion only to pairs of entities within blocks. Christen provides a good survey of
blocking methods [4]. Intuitively, blocking captures the scalability aspect.

Till quite recently, a domain expert had tomanually specify a blocking scheme.
In 2006, two independent supervised blocking scheme learners (BSLs) were pro-
posed. These BSLs would learn a blocking scheme from provided training ex-
amples [1],[20]. Given that there was no unsupervised blocking, employing these
methods implied choosing between scalability or automation, but not both. Re-
cently however, we presented an unsupervised BSL [16]. In the context of this
thesis, the solution addressed an impending automation issue.

The importance of scalability is further highlighted by an increased interest in
parallel and distributed ER systems [19], with a good example of a MapReduce-
based system being Dedoop [18]. Dedoop expects domain expertise or training
examples, and cannot deduce blocking schemes on its own. We attempt to build
our own MapReduce-based system for this thesis that integrates our automatic
BSL. The ultimate goal is to ensure the system is both automated and scalable.

All works mentioned above (including our own) assumed the relational set-
ting, and additionally, structural homogeneity. Elmagarmid et al. defines this as
input tables restricted to having the same schemas [8]. Applying and extending
these methods to structurally heterogeneous datasets is still relatively open, and
addressed in this thesis as one heterogeneity contribution.

Because of the prevalence of RDF, the Semantic Web community has devel-
oped its own solutions to the ER problem. Research in this area was propelled
in large part by the Silk system [13]. Ferraram et al. survey some recent ER
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methods in the Semantic Web [10]. Two important systems that have gained
recent attention are RDF-AI [23] and Knofuss [21].

From the lens of our three criteria, we note that no automatic MapReduce-
based instance matching system currently exists in the Semantic Web. As for
heterogeneity, while it is addressed within the community [22], linking instances
of two different models is relatively unaddressed. In this thesis, we present tech-
niques to link tables and RDF graphs in a unified framework. In current litera-
ture, data models are explicitly assumed to adhere either to RDF or relational.
This discussion shows that, while ER research is continuing to converge, no
system currently fulfills all three criteria in a combined framework.

We also note that DataSpace Support Platforms (DSSPs) abstractly address
some of the same three criteria as in this thesis [14]. To quote from an influential
work on DSSPs, the framework assumes a ‘large number of diverse, interrelated
sources’ [11]. The authors also described how human attention should be judi-
ciously used to continuously improve performance. Therefore, DSSPs embody
scalability, heterogeneity and automation requirements that we address in this
thesis. Traditionally, DSSPs were proposed in the context of query answering
[11]. This thesis adapts similar principles to ER.

4 Research Questions

Based on the reviewed work, we identified three open research questions to mo-
tivate the thesis proposal and to respectively address heterogeneity, automation
and scalability:

– In our context, a practical ER system must be designed to work with both
RDF and relational models, given the growth of both LOD [2] and the Deep
Web [12]. The first research question investigates whether existing ER tech-
niques are even well-defined for input pairs where one input is RDF and the
other, relational (data model heterogeneity). We also ask if current relational
record linkage techniques can properly address structural heterogeneity.

– Assuming dataspace-like principles [14], a full ER pipeline must properly
accommodate uncertain domain expertise. A research question is if we can
anticipate the possible forms of domain expertise likely to be available, and
incorporate the expertise in a judicious, performance-enchancing manner. A
stronger research question is if we can eliminate supervision altogether.

– Given the dependencies among proposed methods, the last research ques-
tion asks if a full ER pipeline can be implemented in a MapReduce-based
prototype while still fulfilling the other two criteria.

The first two questions identify heterogeneity and automation issues. The third
questions the possibility of scalably integrating these techniques in MapReduce.
We choose MapReduce specifically because of its proven fault-tolerance advan-
tages and the convenience of scaling and deploying MapReduce programs on the
cloud [6].
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Fig. 1. An example of the property table representation of an RDF fragment. The
keyword null and delimiter ; are reserved. Each field value in the property table has
set semantics.

5 Hypotheses

To answer each of these questions, we present the following hypotheses:

– Abstractly, RDF-tabular heterogeneity exists because there are two data
models involved, and also because the RDF model may not have accom-
panying schema information (as RDFS or OWL). We hypothesize that this
heterogeneity is partially reconciled by logically representing RDF in a prop-
erty table, which was originally a physical data structure for efficient triple
store implementations [25]. We detail the rationale (and potential issues) in
Section 6. Figure 1 shows an example.

– We can employ principles from our unsupervised BSL [16] to generate our
own (noisy) training samples using inexpensive heuristics. We hypothesize
that robust machine learning classifiers (e.g. SVMs) will be able to learn
from these noisy samples in a self-supervised fashion. We also propose a
knowledge base (KB) to flexibly incorporate available domain expertise. The
hypothesis is that after N ER tasks, the KB will be sophisticated enough
that the N + 1th task requires no user corrections at all, for reasonable N .

– We design a full ER prototype with two MapReduce phases and one serial
module, with the aim of bounding time and space complexity of each com-
pute node by a sub-quadratic function. Moreover, we would ideally want the
number of compute nodes to scale linearly with input dataset size.

6 Approach

We enumerate some approaches for testing the outlined hypotheses:

– Using a property table has several advantages that allow us to use it for ER.
First, the property schema is built dynamically and populated at run-time,
which makes it appropriate for non-static LOD datasets. Secondly, property
tables are physical data structures that are already used in the Jena frame-
work for implementing triple stores [25]. This gives the approach a systems-
level advantage, since we can link RDF data already present in Jena triple
stores, without processing, moving or re-storing the data. Note that some
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Fig. 2. An in-development prototype for unsupervised ER, with the KB excluded. We
do not describe the full details of this schematic in this document; an implemented,
evaluated version (with an integrated KB) will be a key deliverable of the proposed
thesis

interesting inverse mapping issues arise when representing RDF as property
tabels. For example, R2RML explores mappings in the relational to RDF
direction [5]. Property tables explore mappings in the inverse direction, with
a view towards performing ER between two models. This is an important
theoretical consequence that we will investigate during the course of the the-
sis. Another open issue is how to incorporate available schema information
(as OWL/RDFS files) of the RDF datasets in the property table.

– We will adapt the noisy training set generator from our previous work [16],
to bootstrap the system and make it self-supervised. We will implement the
KB as an ontology, and try a variety of techniques, including rules, transfer
learning and online algorithms to evaluate the best way of accommodating
uncertain domain expertise.

– The schematic of the prototype is shown in Figure 2. Intuitively, a first
MapReduce phase can be used to generate noisy training samples, while
a second MapReduce phase is used to perform two-step ER, based on a
blocking scheme and classifier trained in a serial module. If available, domain
expertise can also be utilized in the serial module. In the first set of empirical
evaluations, we will disallow domain expertise. After deriving initial insights,
we will attempt integrating an adaptive KB into the unsupervised prototype.

7 Evaluation Plan

Both the ER and machine learning literature have well-defined criteria for eval-
uating success of our proposed methods. Henceforth, we assume RDF datasets
are represented as property tables.

– The blocking phase of ER is traditionally evaluated separately using three
metrics: Pairs Completeness (PC), Reduction Ratio (RR) and Pairs Quality
(PQ). In our first set of evaluations, we measure the quality of our noisy
training samples as well as unsupervised blocking. In essence, we are eval-
uating the impact of proposed automation and heterogeneity techniques on
the blocking problem.
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– Final results of ER are evaluated by plotting precision against recall of the
obtained duplicates. We will follow this same methodology for the full ER
system. The first round of full evaluations will be in a serial framework.

– The first1 MapReduce-based prototype will be evaluated empirically through
a Hadoop implementation. We will test individual components of the system,
as well as the results of ER as a whole. Run-times will also be recorded and
plotted to empirically evaluate the scalability of the system. Additionally, we
will analyze and provide theoretical (time and space) bounds on the various
phases. Ideally, we would want to prove near-linear scaling of the system.

– We will evaluate the KB through plotting learning curves showing precision-
recall f-scores against units of domain expertise. The specific nature of these
units will depend on the finalized KB approach. Because it is the most uncer-
tain of the current thesis proposal, this evaluation is the last in our sequence.

We will carry out all these experiments on a range of at least three real-world,
representative test suites. At least one of these has already been identified and
published by us in a related work [24]. We have also identified good sources of
government data.

8 Preliminary Results

We observed in Section 3 that, although unsupervised techniques have been
developed for several ER phases, learning a blocking scheme remained supervised
till quite recently. In a 2013 work, we devised an approach for unsupervised
learning of blocking schemes on structurally homogeneous datasets [16]. To deal
with lack of training data, we devised an inexpensive token-based algorithm
to generate our own noisy training set. We showed that for a few retrieved

Fig. 3. Precision of duplicates automatically retrieved from three benchmark datasets
((a) shows Cora and (b) Restaurant and Census), using an inexpensive heuristic. Pre-
cision of non-duplicates (up to 5000 samples) was 100% for all benchmarks

1 The first version is unsupervised, and does not employ the KB (Figure 2)
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examples, the noise levels are low. Figure 3 shows some selected results from
this work. On all three benchmarks, precision was well over 90%; on Cora, it
was almost perfect. In our blocking scheme learner [16], we used feature-selection
based techniques to compensate for these noise levels. Final blocking results (not
shown here) were competitive compared to a supervised set-covering baseline[1].
This shows that noisy training set generation is a viable procedure as long as
noise levels are low, and the algorithmic design takes the noise into account.

We have since extended this work to account for structural heterogeneity and
link discovery [17], and are also in the process of using it for a full self-supervised
ER pipeline. Additionally, we have also developed some theoretical results on
heterogeneous blocking in a recent report, and are continuing to update it [15].

9 Reflections

In this thesis, we propose solutions to the ER problem that address three key
criteria of automation, heterogeneity and scalability in a unified framework. To
address automation, we generate noisy training samples in an unsupervised pro-
cedure, and incorporate limited domain expertise by building and updating a
flexible knowledge base. We extend methods to explicitly account for structural
heterogeneity, and use the physical property table representation of RDF logically
to address data model heterogeneity. Proposed methods will be implemented in
a MapReduce-based prototype to address scalability and cloud deployment.

One potential area of concern is the noise in the generated training samples.
The system will therefore have to be robust. Another threat could be scaling the
property table for highly heterogeneous RDF datasets, and incorporating OWL
schema information in the property schema. We continue to investigate these
issues, both empirically and also in a theoretical framework.
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