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Abstract

In this paper we address the problem of reference disambiguation. Specifically, we consider a situation
where entities in the database are referred to using descriptions (e.g., a set of instantiated attributes).
The objective of reference disambiguation is to identify the unique entity to which each description
corresponds. The key difference between our approach and the traditional techniques is that it analyzes
not only object features but also inter-object relationships to improve the disambiguation quality. To
analyze relationships our approach utilizes a model that measures the degree of interconnectivity of
two entities to each other via chains of relationships that exist between them. Such a model is a key
component of the proposed technique. In this paper we concentrate on a method for learning such a
model by learning the importance of different relationships from the data itself. This allows our reference
disambiguation algorithm to automatically adapt to different datasets being cleaned.
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1 Introduction

Recent surveys [1] show that more than 80% of researchers working on data mining projects spend more
than 40% of their project time on cleaning and preparation of data. The data cleaning problem often
arises when information from heterogeneous sources is merged to create a single database. Many distinct
data cleaning challenges have been identified in the literature: dealing with missing data [22], handling
erroneous data [23], record linkage [3, 18, 4], and so on. In this paper we address one such challenge which
we refer to as reference disambiguation'.

The reference disambiguation problem arises when entities in a database contain references to other
entities. If entities were referred to using unique identifiers then disambiguating those references would
be straightforward. Instead, frequently, entities are represented using properties/descriptions that may
not uniquely identify them leading to ambiguity. For instance, a database may store information about
two distinct individuals ‘Donald L. White’ and ‘Donald E. White’, both of whom are referred to as ‘D.
White’ in another database. References may also be ambiguous due to differences in the representations
of the same entity and errors in data entries (e.g., ‘Don White’ misspelled as ‘Don Whitex’). The goal of
reference disambiguation is for each reference to correctly identify the unique entity it refers to.

The reference disambiguation problem is related to the problem of record deduplication or record linkage
[18, 4, 3] that often arise when multiple tables (from different data sources) are merged to create a single
table. The causes of record linkage and reference disambiguation problems are similar; viz., differences in
representations of objects across different data sets, data entry errors, etc. The differences between the
two can be intuitively viewed using the relational terminology as follows: while the record linkage problem
consists of determining when two records are the same, reference disambiguation corresponds to ensuring
that references (i.e., “foreign keys”?) in a database point to the correct entities.

Given the tight relationship between the two data cleaning tasks and the similarity of their causes,
existing approaches to record linkage can be adapted for reference disambiguation. In particular, feature-
based similarity (FBS) methods that analyze similarity of record attribute values (to determine whether
or not two records are the same) can be used to determine if a particular reference corresponds to a given
entity or not. This paper argues that quality of disambiguation can be significantly improved by exploring
additional semantic information. In particular, we observe that references occur within a context and
define relationships/connections between entities. For instance, ‘D. White’ might be used to refer to an
author in the context of a particular publication. This publication might also refer to different authors,
which can be linked to their affiliated organizations etc, forming chains of relationships among entities.
Such knowledge can be exploited alongside attribute-based similarity resulting in improved accuracy of
disambiguation.

In [25] we have proposed a domain-independent data cleaning approach for reference disambiguation,
referred to as Relationship-based Data Cleaning (RelDC), that, unlike traditional techniques, systemat-
ically exploits not only features but also relationships among entities for the purpose of disambiguation.
RelDC views the database as a graph of entities that are linked to each other via relationships. It first
utilizes a feature based method to identify a set of candidate entities (choices) for a reference to be dis-
ambiguated. Graph theoretic techniques are then used to discover and analyze relationships that exist
between the entity containing the reference and the set of candidates.

The data cleaning algorithm [25] has several limitations that have been identified when it was presented
to representatives of intelligence community:

o Minimizing participation of domain expert. RelDC requires a presence of a domain analyst. This
analyst should first identify which types of relationships are irrelevant for the reference disambigua-
tion purpose. Then the analyst should remove these irrelevant relationship types from the entity-

!The reference disambiguation problem has been previously identified in [20] where it was referred to as cleaning spurious
links.

2We are using the term foreign key loosely. Usually, foreign key refers to a unique identifier of an entity in another table.
Instead, foreign key above means the set of properties that serve as a reference to an entity.
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relationship graph. Even though this task is not expected to be complex for a domain expert, this
step was identified as being undesirable: rather techniques should be designed that achieve this goal
automatically by analyzing the dataset being processed.

e Learning the importance of connections from data. RelDC operates by analyzing various connections
(which correspond to paths in the entity-relationship graph) that exist between certain pairs of
nodes. It has a model that weighs different connections to decide which connection is better. A
simple example of such a model can be the length of the connection, i.e. a shorter connection is
always better then a longer connection — [25] uses a more advanced model. The disadvantage of the
model in [25] is that it is not adaptable: it does not learn how to weigh connections from data itself.
In particular, it is not capable of handling the situation where a presence of certain type of connection
between two entities implies that those two entities are not related (anti-correlation). Even though
this model has been shown to work well for several datasets, the lack of such an adaptiveness has
been identified as a weakness of the approach.

The first drawback can be addressed by a simple algorithm provided in Appendix A. The primary
contributions of this paper is a method which addresses the second drawback identified above thus making
RelDC adaptable to various datasets. The rest of this paper is organized as follows. Section 2 contains the
related work. Section 3 presents a motivational example. In Section 4, we precisely formulate the problem
of reference disambiguation and introduce notation necessary to explain the RelDC approach. Section 5
sketches the algorithm used by RelDC and presents a method that allows RelDC to automatically adapt
to the dataset being cleaned. A summary of the experimental results is presented in Section 6. Finally,
Section 7 concludes the paper.

2 Related Work

Many research challenges have been explored in the context of data cleaning in the literature: dealing with
missing data, handling erroneous data, record linkage, and so on. The closest to the problem of reference
disambiguation addressed in this paper is the problem of record linkage. The importance of record linkage
is underscored by the large number of companies, such as Trillium, Vality, FirstLogic, DataFlux, which
have developed (domain-dependent) record linkage solutions.

Researchers have also explored domain-independent techniques [28, 11, 14, 33, 2, 24]. Their work can
be viewed as addressing two challenges: (1) improving similarity function, as in [3, 18]; and (2) improving
efficiency of linkage, as in [4]. Typically two-level similarity functions are employed to compare two records.
First, such a function computes attribute-level similarities by comparing values in the same attributes of
two records. Next the function combines the attribute-level similarity measures to compute the overall
similarity of two records. A recent trend has been to employ machine learning techniques, e.g. SVM, to
learn the best similarity function for a given domain [3]. Many techniques have been proposed to address
the efficiency challenge as well: techniques that use specialized data structures (e.g. specialized indexes
[4]), merge/purge, sorting and window based techniques.

The above mentioned domain-independent techniques utilize only attributes for the purpose of cleaning.
The only work we are aware of that can be viewed as using relationships for data cleaning is [2, 20]. In
[2] Ananthakrishna et al. employs co-occurrence similarity function to compare contextual attributes for
a case with hierarchical relationships. In [20] Lee et al. develop a association-rules mining based method
where similarity of records is determined by similarity of the context attributes. Also, in DKDMO04,
Getoor et al. proposes a method that solves the author matching problem using the notion of context and
clustering techniques. The method requires “seeding” of clusters which makes it of limited applicability
in practice. To summarize, previous approaches to data cleaning that explored relationships have either
addressed other data cleaning problems (not reference disambiguation) or have only considered specific
types of relationships (e.g. hierarchy). None of those approaches discovers relationship chains and their
analysis is limited to directly linked entities. RelDC is the first data cleaning framework that employs a
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systematic analysis of relationships for the purpose of cleaning.

3 DMotivation for analyzing relationships

In this section we will use an instance of the “au-
thor matching” problem to illustrate that exploiting re-
lationships among entities can improve the quality of ref-
erence disambiguation. We will also schematically describe
one approach that analyzes relationships in a systematic
domain-independent fashion.

Consider a database about authors and publications.
Authors are represented in the database using the attributes Figure 1: Graph for the publications example
(id, authorName, affiliation) and information about
papers is stored in the form (id, title, authorRefl, authorRef2,..., authorRefN). Consider a toy
database consisting of the author and publication records shown in Figures 2 and 3.

(A1, ‘Dave White’, ‘Intel’) (Py, ‘Databases ..., ‘John Black’, ‘Don White’)
(Ag, ‘Don White’, ‘CMU’) (Py, ‘Multimedia ..., ‘Sue Grey’, ‘D. White’)
(Asz, ‘Susan Grey’, ‘MIT’) (Ps,‘Title3 ...7, ‘Dave White’)

(A4, ‘John Black’, ‘MIT") (Py, ‘Title5 ...’ ‘Don White’, ‘Joe Brown’)
(As, ‘Joe Brown’, unknown) (Ps, ‘Title6 ...’ ‘Joe Brown’, ‘Liz Pink’)

(Ag, ‘Liz Pink’, unknown) (Ps, ‘Title7 ...’ ‘Liz Pink’, ‘D. White’)

Figure 2: author records Figure 3: publication records

The goal of the author matching problem is to identify for each authorRef in each paper the correct
author it refers to.

We can use existing feature-based similarity (FBS) techniques to compare the description contained in
each authorRef in papers with values in authorName attribute in authors. This would allow us to resolve
almost every authorRef references in the above example. For instance, such methods would identify that
‘Sue Grey’ reference in P, refers to A (‘Susan Grey’). The only exception will be ‘D. White’ references in
P, and Ps: ‘D. White’ could match either A; (‘Dave White’) or Ay (‘Don White’).

Perhaps, we could disambiguate the reference ‘D. White’ in P, and Py by exploiting additional at-
tributes. For instance, the titles of papers P; and P, might be similar while titles of P, and P3 might not,
suggesting that ‘D. White’ of P, is indeed ‘Don White’ of paper P;. We next show that it may still be
possible to disambiguate the references ‘D. White’ in P, and Py by analyzing relationships among entities
even if we are unable to disambiguate the references using title (or other attributes).

First, we observe that author ‘Don White” has co-authored a paper (P;) with ‘John Black’ who is at
MIT, while the author ‘Dave White’ does not have any co-authored papers with authors at MIT. We can
use this observation to disambiguate between the two authors. In particular, since the co-author of ‘D.
White’ in P» is ‘Susan Grey’ of MIT, there is a higher likelihood that the author ‘D. White’ in P is ‘Don
White’. The reason is that the data suggests a connection between author ‘Don White’ with MIT and an
absence of it between ‘Dave White’ and MIT.

Second, we observe that author ‘Don White’ has co-authored a paper (P4) with ‘Joe Brown’ who in
turn has co-authored a paper with ‘Liz Pink’. In contrast, author ‘Dave White’ has not co-authored any
papers with either ‘Liz Pink’ or ‘Joe Brown’. Since ‘Liz Pink’ is a co-author of FPj, there is a higher
likelihood that ‘D. White’ in Py refers to author ‘Don White’ compared to author ‘Dave White’. The
reason is that often co-author networks form groups/clusters of authors that do related research and may
publish with each other. The data suggests that ‘Don White’, ‘Joe Brown’ and ‘Liz Pink’ are part of the
cluster, while ‘Dave White’ is not.

At first glance, the analysis above (used to disambiguate references that could not be resolved using
conventional feature-based techniques) may seem domain specific. A general principle emerges if we view
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the database as a graph of inter-connected entities (modeled as nodes) linked to each other via relationships
(modeled as edges). Figure 1 illustrates the entity-relationship graph corresponding to the toy database
consisting of authors and papers records. In the graph, entities containing references are linked to the
entities they refer to. For instance, since the reference ‘Sue Grey’ in P, is unambiguously resolved to
author ‘Susan Grey’, paper P, is connected by an edge to author As. Similarly, paper Ps is connected to
authors As (‘Joe Brown’) and Ag (‘Liz Pink’). The ambiguity of the references ‘D. White’ in P, and FPg
is captured by linking papers P» and P to both ‘Dave White’ and ‘Don White’ via two “choice nodes”
(labeled ‘1’ and ‘2’ in the figure). These “choice nodes” represent the fact that the reference ‘D. White’
refers to either one of the entities linked to the choice nodes.

Given the graph view of the toy database, the analysis we used to disambiguate ‘D. White’ in P, and
FPs can be viewed as an application of the following general principle:

Context Attraction Principle (CAP): If reference r made in the context of entity x refers to

an entity y; whereas the description provided by r matches multiple entities y1,y2,...,Yj,-..,Yn, then x
and y; are likely to be more strongly connected to each other via chains of relationships than x and y,
(1=1,2,...,N; 1l #3j). O

Let us now get back to the toy database. The first observation we made, regarding disambiguation of
‘D. White’ in P5, corresponds to the presence of the following path (i.e., relationship chain or connection)
between the nodes ‘Don White’ and P» in the graph: P — ‘Susan Grey’ — ‘MIT’ — ‘John Black’ - P; -
‘Don White’. Similarly, the second observation, regarding disambiguation of ‘D. White’ in FPs as ‘Don
White’, was based on the presence of the following path: Fs — ‘Liz Pink’ - P5 — ‘Joe Brown’ — Py —
‘Don White’. There were no paths between P; and ‘Dave White’ or between P and ‘Dave White’ (if we
ignore ‘1’ and ‘2’ nodes). So, after applying the CAP principle, we concluded that the reference ‘D. White’
in both cases probably corresponded to the author ‘Don White’. In general, there could have been paths
not only between P» (Fs) and ‘Don White’ but also between P» (Fs) and ‘Dave White’. In that case, to
determine if ‘D. White’ is ‘Don White’ or ‘Dave White’ we should have been able to measure whether ‘Don
White’ or ‘Dave White’ is more strongly connected to P» (Fs).

The generic approach therefore first discovers connections between the entity, in the context of which
the reference appears, and the matching candidates for that reference. It then measures the connection
strength of the discovered connections in order to give preference to one of the matching candidates.

While it has been proven in [25] that the CAP principle does hold over real data sets and that it is
possible to design a generic solution to exploiting relationships for disambiguation, the challenge remains of
making this solution automatically adaptable to different datasets being cleaned. In this paper we address
this challenge. We achieve this by presenting an algorithm that learns how to weigh different connections
from the data itself. Before we present this algorithm, we first develop notation and concepts needed to
explain our approach in Section 3.

4 Notation and problem definition

In this section we first develop notation and then formally define the problem of reference disambiguation.

4.1 References

Let D be the database which contains references that are to be resolved. Let X be the set of all entities?
in D: X = {x1,72,...,7x|}. Bach entity z; consists of a set of properties and of a set of ng, (ns; > 0)
references 7,1, 752, . .. s Ting, - Each reference 7;; is essentially a description and may itself consist of one
or more attributes. For instance, in the example from Section 3, paper entities contain one-attribute
authorRef references in the form (author name). If, besides author names, author affiliation were also

3Entities here have essentially the same meaning as in the standard E/R model.
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stored in the paper records, then authorRef references would have consisted of two attributes — (author
name, author affiliation).

Choice set. Each reference r;; semantically refers to a single specific entity in X which we denote
by 7}.. The description provided by 7;; may, however, match a set of one or more entities in X. We
refer to this set as the choice set of reference r;;, and denote it by S;.. The choice set consists of all the
entities that r;; could potentially refer to. We assume S;; is given for each r;. If it is not given, we
assume a feature-based similarity approach is used to construct S;; by choosing all of the candidates such
that FBS similarity between them and r;; exceed a given threshold. Set Sj; consists of |Si| elements
Yikls Yik2s - - - Yik| Syr - Sik = {Yik1, Yik2s - - - > Yik|Si| }-

To avoid using three indexes all the time, such as ik2 in y;x2, we will simplify notation. We will present
most of the material in the context of r;, reference, and will use N to denote |S;;| and y; to denote ;.
That is, we always assume S;; has N (i.e., N = |S;|) elements y1,y2,...,yn: Sit = {y1,y2,---, YN}

4.2 The entity-relationship graph

RelDC views the resulting database D as an undirected entity-relationship graph* G = (V, E), where V
is the set of nodes and E is the set of edges. The set of nodes V' is comprised of two sets V = V" U V<
the set of reqular nodes V" and the set of choice nodes V€. Each regular node in V" corresponds to an
entity and each edge in E to a relationship.Choice nodes will be defined later. Notation v,, or v; denotes
the vertex in G that corresponds to entity x; € X. Note that if entity w contains a reference to entity v,
then the nodes in the graph corresponding to u and v are linked since a reference establishes a relationship
between the two entities. For instance, authorRef reference from paper P to author A corresponds to “A
writes P” relationship.

In the graph G, edges have weights, nodes do not have weights. Each edge weight is a real number
in [0,1], which reflects the degree of confidence the relationship, corresponding to the edge, exists. For
instance, in the context of our author matching example, if we are 100% confident ‘John Black’ is affiliated
with MIT, then we assign weight of 1 to the corresponding edge. But if we are only 80% confident, we
assign the weight of 0.80 to that edge. By default all weights are equal to 1. Notation “edge label” means
the same as “edge weight”.

References and linking. If S;; has only one element, then r;; is resolved to y1, and graph G contains
an edge between v; and vy,,. This edge is assigned a weight of 1 to denote that the algorithm is 100%
confident that rj; is y1.

If S;; has more than 1 elements, then graph G contains a choice
node v}, as shown in Figure 4, to reflect the fact that rj; can be one

of y1,92,...,yn. Node v}, is linked with node v; via edge (v;,v}},). N nodes for
Node v}, is also linked with N nodes vy, ,vy,,...,vy,, for each y; in ne S
Sik, via edges ejr; = (v}, vy,) (j = 1,2,...,N). To simplify notation,

we will use e; to denote e;;, that is e; = e;;. Nodes vy, vy,,. .., vy,

are called the options of choice vj;.. Edges ej,ez,...,en are called Figure 4: A choice node

the option-edges of choice v};. The weights of option-edges are called

option-edge weights or simply option weights. The weight of edge (vs,v};,) is 1. Each weight w;i; of edge
eikj (j = 1,2,...,N) is undefined initially. We will use w; as a notation for w;: w; = ws;. Since
option-edges eq, eq,. .., en represent mutually exclusive alternatives, the sum of their weights should be 1:
wi +we 4+ - +wy = 1.

4.3 The objective of reference disambiguation

To resolve reference r;, means to choose one entity y; from S;; in order to determine 7. If entity y; is
chosen as the outcome of such a disambiguation, then 7 is said to be resolved to y; or simply resolved.
Reference 7y, is said to be resolved correctly if this y; is 77,. Notice, if S, has just one element y; (i.e.,

1A standard entity-relationship graph can be visualized as an E/R schema of the database that has been instantiated with
the actual data. 6
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N = 1), then reference r;; is automatically resolved to y;. Thus reference r; is said to be unresolved or
uncertain if it is not resolved yet to any y; and also N > 1.

From the graph theoretic perspective, to resolve 7;; means to assign weights of 1 to one edge e;
(1 £ j < N) and assign weights of 0 to the other (N — 1) edges e, e2,...,€j_1,€j41,...,en. This will
indicate that the algorithm chooses y; as ;.

The goal of reference disambiguation is to resolve all references as accurately as possible, that is, for
each reference r;, to correctly identify rj. The accuracy of reference disambiguation is the fraction of
references being resolved that are resolved correctly.

5 Adaptive solution

We now have developed all the concepts and notation needed to explain RelDC approach for reference
disambiguation. The actual procedure used by RelDC in [25] is complex and we will significantly simplify
the discussion of it here, emphasizing only the key points.

Input to RelDC is the entity-relationship graph G discussed in Section 3 in which nodes correspond to
entities and edges to relationships. We assume that feature-based similarity approaches have been used
in constructing the graph G. The choice nodes are created only for those references that could not be
disambiguated using only attribute similarity. RelDC will exploit relationships for further disambiguation
and will output a resolved graph G in which each entity is fully resolved.

RelDC resolves references based on context attraction principle that was discussed in Section 2. Crucial
to the principle is the notion of connection strength between two entities z; and y; (denoted c(x;,y;) which
captures how strongly x; and y; are connected to each other through relationships. We will discuss how
to measure c(x;,y;) shortly: we will sketch the non-adaptive model for computing c(z;,y;) from [25] and
then propose a model that can automatically adapt to different datasets.

Given the concept of c(z;,y;), we now can state the main idea of the disambiguation algorithm. To
disambiguate a reference r;;, the algorithm essentially computes the connection strength c¢(x;,y;) for each
y; € Sir, and then chooses such y; as 77 for which c(x;,y;) is the largest.

5.1 Previous (non-adaptive) connection strength model

The connection strength c¢(u,v) between nodes u and v should reflect how strongly nodes u and v are
related to each other via relationships in the graph G. In [25], computation of c¢(z;,y;) consists of two
phases. The first phase discovers connections between z; and y;. The second phase computes/measures
the strength in connections discovered by the first phase.

First phase: discovering connections. In general there can be many connections between v;
and vy, in G. Intuitively, many of those (e.g., very long ones) are not very important. To capture most
important connections while still being efficient, instead of discovering all paths, the algorithm discovers
only the set of all L-short simple paths Pr(x;,y;) between nodes v; and vy, in graph G. A path is L-short
if its length is no greater than parameter L. A path is simple if it does not contain duplicate nodes. It
turns out that, because of choice nodes in G, certain discovered paths cannot semantically exist and this
they are ignored in computations.

Second phase: measuring connection strength. In [25] c¢(u,v) is modeled as the probability to
reach v from u via a random walk in G by following only L-short simple paths, such that the probability
to follow an edge is proportional to the weight of the edge. It can be shown that such defined c¢(u,v) can
be compute as the sum of the connection strength ¢(p) of each path p from Pr(u,v), i.e.

)= 3 ). (1)

pEPL (u,v)

In this formula ¢(p) is computed as the probability to follow path p in G.
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5.2 Adaptive connection strength model

While [25] imposes a specific formula for computing connection strength, it is desirable to derive a method
for computing connection strength that would automatically adjust to different datasets being cleaned.
But first we should understand what does it mean to make a model for c(u, v) adaptive.

5.2.1 The ideal connection strength model

Let us assume that training datasets are available in which for each unresolved reference r;; not only its
choice set Sj; is known but also which y; from Sy, is 77,.. Recall that RelDC utilizes the CAP principle for
disambiguation: it chooses such y; from Sy, as r};, which maximizes ¢(x;,y;). Consequently, the ideal model
for computing c(u, v) should be constructed such that, when resolving each reference r;;; the following must
hold:

c(wi,yj) > cxi,y) for yj =i (1=1,2,...,|Sul; 1 # j). (2)

The goal of designing such an ideal c(u,v) model might not be attainable, e.g., one of the reasons is
because the CAP is expected to work most of the time, but not always. So the goal is to design a model
for computing c(x;,y;) for which (2) would hold most of the time.

5.2.2 A linear adaptive connection strength model

In this section we discuss a connection strength model that follows the criteria for a good c¢(z;,y;) model
identified in the previous section.

Notice that the formula used by the non-adaptive model (1) computes c¢(u,v) by summing up the
connection strength ¢(p) of each individual path p between nodes w and v. While it does characterize
c(u,v) by paths that exists between nodes u and v, it has the drawback that it employs a non-adaptable
function to compute the connection strength ¢(p) of a given path p. This function, given path p in a graph
G, maps it into a non-negative real number. To do so, the function makes some reasonable assumptions
of what the connection strength should be in general for a given path p in a given graph G, however for a
given dataset these assumptions might not be valid or simply a better formula can be derived.

Assume that we can classify each path that the algorithm finds in graph G during disambiguation into
a finite set of path types Sy = {11,T%,...T,}. That is there is a function 7'() that, given a path p and
graph G, can map this path to one of those types: T'(p,G) — Sr. Suppose that those types are such
that if two different paths are of the same type then those two paths are identical from the point of view
of disambiguation. Then, for given nodes v and v we can characterize connections between them via a
path-type count vector T, = (c1,¢2,...,¢,), where ¢; (i = 1,2,...,n) is a non-negative integer that shows
the number of paths of type T; between nodes u and v. In other words, if we treat those paths as features,
each c(u,v) can be characterized by the count of each feature.

The problem now can be formulated as finding a model that would allow us to compute c(u,v) as
a function of feature-count vector for u-v connections (i.e., T,) such that (2) holds on the training set.
That is, the goal is to be able to (a) compute c(u,v) as c(u,v) = f(c1,ca,...,¢,); and (b) f() should be
computed according to an (adaptive) connection strength model.

Formula (1) suggests that connection strength of individual paths can be summed up to obtain the
total connection strength. Therefore, one possible solution for an adaptive model is to assign weight w; to
each path type T; (i = 1,2,...,n) and compute c(u,v), given count-vector of features Ty, as

c(u,v) = cqwy + cowa + . .. + cpwy, for Ty, = (c1,¢2, ..., ¢n). (3)

The key idea is to assign those weights correctly, i.e. learn them from the data. This can be achieved by
the following procedure which converts this learning task into solving a linear programming problem.
First, we will normalize weights to [0, 1] domain by requiring that

0<w; <1, (i=1,2,...,n). (4)
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If we want to also consider anti-correlation (where a presence of a path of a given type implies that the
two entities are not related) then the domain should be changed from [0,1] to [—1,1].

Next, for each reference r;; we can construct the set of inequalities (2) such that each ¢(u,v) is computed
according to (3). At this point we need to solve the linear programming problem where the goal is to find
a combination of weights (wi,ws,...,w,) such that constraints (4) and (2) are satisfied.

The above solution however needs to be adjusted. The problem is that the CAP principle works most
of the time, but not always, consequently (2) might not always hold and hence our linear programming
problem might not have a solution in its present form. This complication can be resolved by letting each
equation in (2) have its own tolerance d;; (a non-negative real number) and then requiring that the sum
of each tolerances be minimized:

C(xzvy]) + 51]9] > C(x’iayl) for Yy; = T;k]g (l = 17 27 ey ’SZk‘al 7& J)
6ikj > 0 (fOI‘ all ’i, k,]) (5)
Goal: mimimize Zikj Oikj-

By construction (5) always has a solution. Given that linear programming problems can be solved efficiently
[15], we have specified a method for constructing adaptive c¢(u,v) model by learning weights of path types
from data itself.

Classifying paths into types. To finalize the discussion we should explain how T'(p,G) — St
function, that maps paths into a finite set of types, can be implemented in practice. There can be many
ways to provide this mapping and we do not insist on a particular one. Recall, the requirement for creating
path types is the following. Path types should be such that the disambiguation algorithm should be able
to consider different paths of the same type as identical features. That is, if p; and po are of the same
type, then p; is no better and no worse than ps from the point of view of the disambiguation algorithm.

The approach that we use for classifying paths is the following. Each path can be viewed as a sequence
of edges (E1, Ea, ..., Ey). Each edge E; has its type T, e.g. in the toy example from Section 3 we had
edges of two types: author-paper and author-organization. We have chosen to represent the path type of
a path via the types of its edges: (Tg,,TE,,...,Tg,). We can do so for the following reason. Consider
the author matching problem again. Assume we are trying to determine whether author Ay or As wrote
paper P and we found two connections between P and A, and P and Ay: P —» A3 - U; » A; and
P — Ay - Uy —» Ay, where A3 and A4 are some authors and Uy and Us are two different universities. This
connection are similar — both paths while being different are of the same nature: they are “from a paper
to an author to a university to an author” and there is little reason to assume that one path is better then
the other.

6 Discussion

Notice, the problem we solved is different from classical classification tasks [31]. In a classical classification
task each objects is described by a feature vector which captures if a given feature is absent or present in
this objects. Based on those features the goal is to classify the objects in one of the classes. In our case
we have a feature count-vector which tells us not only whether a feature is present or absent, but also the
count of that feature. Out task is different as well: given a group (i.e., not all) of feature count vectors
to decide which vector is the ‘best’. The same vector can be the ‘best’ in one group and the ‘worst’ in
another. The problem is further complicated because the CAP principle works most of the time but not
always, that is why the first intermediate method we have devised for learning weight might not work in
general. Hence in Section 5.2 we have also developed a technique to address this issue.

7 Conclusion

In this paper we have presented an algorithm for learning the importance of connections from the data
for the purpose of reference disambiguation. This algorithm allows RelDC (the highly accurate domain-
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independent reference disambiguation framework that relies on analyzing relationships) to automatically
adapt to various datasets (thus removing the requirement of a “smart analyst”). This adaptiveness can
have a positive impact on both the efficiency and accuracy of RelDC. The efficiency improves because the
algorithm can remove irrelevant relationship types from the graph making it less dense and also RelDC can
be specified to discover only important relationships (those with high weights) thus reducing the search
space. The accuracy can improve because the algorithm learns formula from data itself rather than simply
using some fixed assumptions of what this formula should be.

As our future work we plan to apply similar techniques to the problem of record linkage. Another
promising direction is to employ space and time attributes, which are frequently found in many datasets,
to improve the quality of disambiguation.
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Appendix

A A simple algorithm for learning irrelevant relationship types

There is a simple approach that can address the first drawback of the RelDC approach identified in
Section 1 — the need for having an domain specialist to remove irrelevant relationship types from the
entity-relationship graph. Let us assume that training datasets are available in which for each unresolved
reference 7;;, not only its choice set S, is known but also which y; from Sy, is 77,.. In this case to determine
whether a given relationship type is irrelevant for a particular disambiguation task we can simply compute
the accuracy Ag;p of the approach when relationship of this type are present in the graph and then
compute the accuracy of it Ayithoutr When they are absent. If (consistently) Auin > Awithout then this
relationship type is relevant, otherwise it is irrelevant and all the relationships of this relationship type can
be removed from the entity-relationship graph.
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