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Abstract. Data cleaning and integration is typically the most expen-
sive step in the KDD process.A key part, known as record linkage or
de-duplication, is identifying which records in a database refer to the
same entities. This problem is traditionally solved separately for each
candidate record pair (followed by transitiv e closure). We proposeto use
instead a multi-relational approach, performing simultaneous inference
for all candidate pairs, and allowing information to propagate from one
candidate match to another via the attributes they have in common. Our
formulation is basedon conditional random �elds, and allows an optimal
solution to be found in polynomial time using a graph cut algorithm. Pa-
rameters are learned using a voted perceptron algorithm. Experiments
on real and synthetic databasesshow that multi-relational record linkage
outp erforms the standard approach.

1 In tro duction

Data cleaning and preparation is the �rst stage in the KDD process,and in
most casesit is by far the most expensive. Data from relevant sourcesmust
be collected, integrated, scrubbed and pre-processedin a variety of ways before
accurate models can be mined from it. When data from multiple databasesis
merged into a single relation, many duplicate records often result. These are
recordsthat, while not syntactically identical, represent the samereal-world en-
tit y. Correctly merging these records and the information they represent is an
essential step in producing data of su�cien t quality for mining. This problem is
known by the name of record linkage,de-duplication, merge/purge, object iden-
ti�cation, identit y uncertainty, hardening soft information sources,and others.
In recent years it has received growing attention in the KDD communit y, with
a related workshop at KDD-2003 and a related task as part of the 2003 KDD
Cup.

Traditionally , the de-duplication problem has beensolved by making an in-
dependent match decision for each candidate pair of records.A similarit y score
is calculated for each pair, and the pairs whosesimilarit y score is above some
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pre-determined threshold are merged. This is followed by taking a transitiv e
closure over matching pairs. In this paper, we argue that there are several ad-
vantages to making the co-referencedecisionstogether rather than considering
each pair independently . In particular, we proposeto intro duce an explicit rela-
tion betweeneach pair of recordsand each pair of attributes appearing in them,
and use this to propagate information among co-referencedecisions. To take
an example, considera bibliography databasewhere each bibliography entry is
represented by a title, a set of authors and a conferencein which the paper
appears.Now, determining that two bib-entries in which the conferencestrings
are \KDD" and \Kno wledge Discovery in Databases" refer to the samepaper
would lead to the inference that the two conferencestrings refer to the same
underlying conference.This in turn might provide su�cien t additional evidence
to match two other bib-entries containing those strings. This new match would
entail that the respective authors are the same,which in turn might trigger some
other matches,and so on. Note that noneof this would have beenpossibleif we
had consideredthe pair-wise decisionsindependently .

Our formulation of the problem is basedon conditional random �elds, which
are undirected graphical models[9]. Conditional random �elds are discriminativ e
models,freeingus from the needto model dependenciesin the evidencedata. Our
formulation of the problem allows us to perform optimal inferencein polynomial
time. This is done by converting the original graph into a network 
o w graph,
such that the min-cut of the network 
o w graph corresponds to the optimal
con�guration of node labels in the original graph. The parametersof the model
are learnedusinga voted perceptronalgorithm [5]. Experiments on real and semi-
arti�cial data sets show that our approach performs better than the standard
approach of making pairwise decisionsindependently .

The organization of this paper is as follows. In Section 2, we describe the
standard approach to record linkage. In Section 3, we describe in detail our
proposedsolution to the problem basedon conditional random �elds, which we
call the collective model. Section 4 describesour experiments on real and semi-
arti�cial data sets. Section 5 discussesrelated work. Finally, we conclude and
give directions for future research in Section 6.

2 Standard Mo del

In this section, we describe the standard approach to record linkage [6]. Con-
sider a databaseof records which we want to de-duplicate. Let each record be
represented by a set of attributes. Consider a candidate pair decision, denoted
by y, where y can take valuesfrom the set f 1; � 1g. A value of 1 meansthat the
records in the pair refer to the sameentit y and a value of � 1 meansthat the
records in the pair refer to di�eren t entities. Let x = (x1; x2; : : : ; xn ) denote a
vector of similarit y scoresbetweenthe attributes corresponding to the recordsin
the candidate pair. Then, in the standard approach, the probabilit y distribution
of y given x is de�ned using a naive Bayesor logistic regressionmodel:
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f (x) = log
P(y = 1jx)

P(y = � 1jx)
= � 0 +

nX

i =1

� i x i (1)

f (x) is known asthe discriminant function. � i , for 0 � i � n, are the parameters
of the model. Given these parameters and the attribute similarit y vector x, a
candidate pair decisiony is predicted to be positive (a match) if f (x) > 0 and
predicted to be negative (non-match) otherwise. The parametersare usually set
by maximum likelihood or maximum conditional likelihood. Gradient descent is
usedto �nd the parameterswhich maximize the conditional likelihood of y given
x, i.e., P� (yjx) [1].

3 Collectiv e Mo del

The basicdi�erence betweenthe standard model and the collectivemodel is that
the collective model doesnot make pairwise decisionsindependently . Rather, it
makesa collective decision for all the candidate pairs, propagating information
through sharedattribute values,thereby making a more informed decisionabout
the potential matches. Our model is basedon conditional random �elds as de-
scribed in La�ert y et al. [9]. Before we describe the model, we will give a brief
overview of conditional random �elds.

3.1 Conditional Random Fields

Conditional random �elds are undirected graphical modelswhich de�ne the con-
ditional probabilit y of a set of output variablesY given a set of input or evidence
variables X . Formally,

P(y jx ) =
1

Zx

Y

c2 C

� c(yc ; xc ); (2)

where C is the set of cliques in the graph, and y c and xc denote the subset
of variables participating in the clique c. � c, known as a clique potential, is
a function of the variables involved in the clique c. Zx is the normalization
constant. Typically, � c is de�ned as a log-linear combination of features over c,
i.e., � c(yc ; xc ) = exp

P
l � lc f lc (yc ; xc ), where f lc , known as a feature function,

is a function of variables involved in the clique c, and � lc are the feature weights.
In many domains, rather than having di�eren t parameters(feature weights)

for each clique in the graph, the parameters of a conditional random �eld are
tied acrossrepeating clique patterns in the graph. Following the terminology of
Taskar et al. [17], we call each such pattern a relational clique template. Each
clique c matching a clique template t is called an instance of the template. The
probabilit y distribution can then be speci�ed as
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P(y jx ) =
1

Zx

X

t 2 T

X

c2 C t

exp
X

l

� lt f lt (yc ; xc ) (3)

where T is the set of all the templates, Ct is the set of cliques which satisfy
the template t, and f lt , � lt are respectively the feature functions and feature
weights pertaining to template t. Becauseof the parameter tying, the feature
functions and the parameters vary over the clique templates and not the indi-
vidual cliques.A conditional random �eld with parameter tying asde�ned above
closely matchesa relational Markov network as de�ned by Taskar et al. [17].

3.2 Notation

Before we delve into the model, let us intro duce some notation. Consider a
databaserelation R = f r 1; r2; : : : ; rn g, where r i is the i th record in the relation.
Let A = f A1; A2; : : : ; Am g denote the set of attributes. For each attribute Ak ,
we have a set ASk of corresponding attribute values appearing in the relation,
ASk = f ak

1 ; ak
2 ; : : : ; ak

l k
g. Now, the task at hand is to, given a pair of records

(r i ; r j ) (and corresponding attribute values), �nd out if they refer to the same
underlying entit y. We will denote the kth attribute value of record r i by r i :Ak .

Our formulation of the problem is in terms of undirected graphical models.
For the rest of the paper, we will usethe following notation to denotenode types,
a speci�c instance of a node and the node values. A capital letter subscripted
by a \ � " will denote a node type, e.g. R� . A capital letter with two subscripted
letters will denotea speci�c instanceof a node type, e.g.,R ij . A lower-caseletter
with two subscripts will denote a binary or continuous node value, e.g., r ij .

3.3 Constructing the Graph

Given a databaserelation which we want to de-duplicate, we construct an undi-
rected graph asfollows. For each pairwise questionof the form, \Is r i the sameas
r j ?", we have a binary node R ij in the graph. Becauseof the symmetric nature
of the question,Rij and Rj i represent the samenode. We call thesenodesrecord
nodes. The record node type is denoted by R� . For each record node, we have
a corresponding set of continuous-valued nodes,called attribute nodes.The kth
attribute node for record node R ij is denotedby Rij :Ak . The type of thesenodes
is denoted by Ak

� , for each attribute Ak . The value of the node Rij :Ak is the
similarit y scorebetweenthe corresponding attribute valuesr i :Ak and r j :Ak . For
example, for textual attributes this could be the TF/IDF similarit y score[15].
For numeric attributes, this could be the normalized di�erence betweenthe two
numerical values. Since the value of these nodes is known beforehand, we also
call them evidencenodes. We interchangeably use the term evidencenode and
attribute node to refer to thesenodes.We now intro duce an edgebetweeneach
R� node and each of the the corresponding Ak

� nodes,i.e., an edgebetweeneach
record node and the corresponding evidencenodes for each attribute. An edge
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in the graph essentially means that values of the two nodes are dependent on
each other. To take an example,considera relation which contains bibliography
entries for various papers. Let the attributes of the relation be author, title and
venue.Figure 1(a) represents the graph corresponding to candidate pairs b12 and
b23 for this relation, where b12 corresponds to asking the question \Is bib-entry
b1 sameas bib-entry b2?". b23 is similarly de�ned. Sim (bi :A; bj :A) denotesthe
similarit y scorefor the authors of the bibliography entries bi and bj for the var-
ious valuesof i and j . Similarly, Sim (bi :T; bj :T ) and Sim (bi :V; bj :V ) denote the
similarit y scoresfor title and venue attributes, respectively.

The graph corresponding to the full relation would have many such discon-
nectedcomponents, each component representing a candidate pair decision.The
above construction essentially corresponds to the way candidate pair decisions
are made in the standard approach, with no information sharing amongthe var-
ious decisions.Next, we describe how we changethe representation to allow for
the exchangeof information betweencandidate pair decisions.

3.4 Merging the Evidence No des

Wenote the fact that the graph construction asdescribed in the previoussection,
would in general have many duplicates among the evidence nodes. In other
words, many record pairs would have the sameattribute value pair. Using our
notation, we say that nodesRxy :Ak and Ruv :Ak are duplicates of each other if
(r x :ak = ru :ak ^ r y :ak = r v :ak ) _ (r x :ak = r v :ak ^ r y :ak = ru :ak ). Our idea is to
mergeeach such set of duplicates into a single node. Consider the bibliography
example intro duced in Section 3.3. Let us suppose that (b12:V; b34:V ) are the
duplicate evidence pairs. Then, after merging the duplicate pairs, the graph
would be as shown in Figure 1(b). Since we merge the duplicate pairs, instead
of having a separateattribute node for each r ij we now have an attribute node
for each pair of valuesak

i 0; ak
j 0 2 ASk , for each attribute Ak .

Although the formulation above helps to identify the placeswhere informa-
tion is sharedbetweenvarious candidate pairs, it doesnot facilitate any propa-
gation of information. This is becausethe shared nodesare the evidencenodes
and hencetheir valuesare �xed. The model asdescribed above is thus no better
than the decoupledmodel (where there is no sharing of evidencenodes) for the
purposeof learning and inference.This setsthe stagefor the intro duction of aux-
iliary nodes,which we also call information nodes.As the name suggests,these
are the nodes which facilitate the exchange of information between candidate
pairs.

3.5 Propagation of Information through Auxiliary No des

For each attribute pair node Ak
i 0j 0, we intro duce a binary node I k

i 0j 0. The node
type is denoted by I k

� and we call these information nodes. Semantically , an
information node I k

i 0j 0 corresponds to asking the question \Is ak
i 0 the same as

ak
j 0?". The binary value of the information node I k

i 0j 0 is denoted by i k
i 0j 0, and
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Title(T)

Author(A)

b1=b2?

Sim(b1.A,b2.A)

Sim(b1.T,b2.T)

Sim(b1.V,b2.V)

Venue(V)

Title(T)

  
Sim(b3.V,b4.V) Sim(b3.A,b4.A)

b3=b4?

Sim(b3.T,b4.T)

Venue(V) Author(A)

Record Node
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(a) Each pairwise decision considered independently

    

shared evidence 
   node

Author(A)

Title(T)

Author(A)

Title(T)

b1=b2?

Sim(b1.A,b2.A)

Sim(b1.T,b2.T)

Sim(b1.V,b2.V)
Sim(b3.V,b4.V)

Venue(V)

b3=b4?

Sim(b3.A,b4.A)

Sim(b3.T,b4.T)

(b) Evidence nodes merged

Fig. 1. Merging the evidencenodes

is 1 i� the answer to the above question is \Y es" and � 1 otherwise. While the
attribute nodeAk

i 0j 0 correspondsto the similarit y scorebetweenthe two attribute
valuesas present in the database,the information node I k

i 0j 0 corresponds to the
Boolean-valued answer to the question of whether the two attribute valuesrefer
to the same underlying attribute. Each information node I k

i 0j 0 is connected to
the corresponding attribute node Ak

i 0j 0 and the corresponding record nodesR ij .
For instance, information node I k

i 0j 0 would be connectedto the record node R ij

i� r i :Ak = ak
i 0 and r j :Ak = ak

j 0. Note that the same information node I k
i 0j 0

would in general be shared by several R� nodes. This sharing lies at the heart
of our model. Figure 2(a) shows how our hypothetical bibliography example is
represented using the collective model.
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Table 1. An example bibliograph y relation

Record Title Author Venue
b1 \Record Link age using CRFs" \Linda Stewart" \KDD-2003"
b2 \Record Link age using CRFs" \Linda Stewart" \9th SIGKDD"
b3 \Learning Boolean Formulas" \Bill Johnson" \KDD-2003"
b4 \Learning of Boolean Expressions" \William Johnson" \9th SIGKDD"

3.6 An Example

Consider the subset of a bibliography relation shown in Table 1. Each bibli-
ography entry is represented by three string attributes: title (T), author (A)
and venue (V). Consider the corresponding undirected graph constructed as de-
scribed in Section 3.5. We would have R� nodes for pairwise binary decisions
of the form \Do es bib-entry bi refer to the same paper as bib-entry bj ?", for
each pair (i; j ). Correspondingly, we would have evidencenodesfor each pair of
attribute values for each of the three attributes. We would also have I k

� nodes
for each attribute. For example, I k

� nodes for the author attribute would corre-
spond to the pairwise decisionsof the form \Do es the string ai refer to same
author as the string aj ?", where ai and aj are someauthor strings appearing in
the database.Similarly, we would have I k

� nodes for venue and title attributes.
Each record node Rij would have edgeslinking it to the corresponding author,
title and venue information nodes,denoted by I k

i 0j 0, where k varies over author,
title and venue. In addition, each information node I k

i 0j 0 would be connectedto
corresponding evidencenode Ak

i 0j 0.
The corresponding graphical representation as described by the collective

model is givenby Figure 2(b). The �gure showsonly a part of the completegraph
which is relevant to the following discussion.Note how dependencies
o w through
information nodes. To take an example, consider the bib-entry pair consisting
of b1 and b2. The titles and authors for the two bib-entries are essentially the
samestring, giving su�cien t evidenceto infer that the two bib-entries refer to the
sameunderlying paper. This in turn leadsto the inferencethat the corresponding
venue strings, \KDD-2003" and \9th SIGKDD", refer to the samevenue. Now,
sincethis venue pair is sharedby the bib-entry pair (b3; b4), the additional piece
of information that \KDD-2003" and \9th SIGKDD" refer to the samevenue
might give su�cien t evidenceto mergeb3 and b4, when added to the fact that
the corresponding title and author pairs have high similarit y scores.This in
turn would lead to the inference that the strings \William Johnson" and \Bill
Johnson" refer to the sameunderlying author, which might start another chain
of inferencessomewhereelsein the database.

Although the example above focused on a casewhen positive in
uence is
propagatedthrough attribute values,i.e., a match somewherein the graph results
in more matches, we can easily think of an example where negative in
uences
are propagatedthrough the attribute values,i.e., a non-match somewherein the
graph results in a chain of non-matches. In fact, our model is able to capture
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complex interactions of positive and negative in
uences, resulting in an overall
most likely con�guration.

3.7 The Mo del and its Parameters

We have a singleton clique template for R � nodes and another for I � nodes.
Also, we have a two-way clique template for an edgelinking an R � node to an I k

�
node. Additionally , we have a clique template for edgeslinking I k

� and Ak
� nodes.

Hence,the probabilit y of a particular assignment r to the R � and I � nodes,given
that the attribute (evidence)node valuesare a, can be speci�ed as

P(r ja) =
1

Za
exp

X

i;j

(
X

l

� l f l (r ij ) +
X

k

"
X

l

� k l f l (r ij :I k )

+
X

l


 k l gl (r ij ; r ij :I k ) +
X

l

� k l hl (r ij :I k ; r ij :Ak )

#)

(4)

where: (i; j ) varies over all the candidate pairs; r ij :I k denotesthe binary value
of the pairwise information node for the kth attribute pair corresponding to the
nodeRij , and r ij :Ak denotesthe corresponding evidencevalue; � l and � k l denote
the feature weights for singleton cliques; 
 k l denotesthe feature weights for two
way cliquesinvolving binary variables;and � k l denotesthe feature weights for two
way cliques involving evidencevariables. For the singleton cliques and two-way
cliques involving binary variables, we have a feature function for each possible
con�guration of the arguments, i.e., f l (x) is non-zero for x = l , 0 � l � 1.
Similarly, gl (x; y) = gab(x; y) is non-zero for x = a; y = b, 0 � a; b � 1. For
two-way cliques involving a binary variable r and a continuous variable e, we
use two features: h0 is non-zero for r = 0 and is de�ned as h0(r; e) = 1 � e;
similarly, h1 is non-zerofor r = 1 and is de�ned as h1(r; e) = e.

The way the collective model is constructed, a single information node in
the graph would in general correspond to many record pairs. But semantically
this single information node represents an aggregateof a number of nodeswhich
havebeenmergedtogether becausethey would always havethe samevalue in our
model. Therefore, for Equation 4 to be a correct model of the underlying graph,
each information node (and the corresponding cliques with the evidencenodes)
should be treated not as a single clique, but as an aggregateof cliques whose
nodes always have the samevalues. Equation 4 takes this fact into account by
summing the weighted featuresof the cliquesfor each candidate pair separately.

3.8 The Standard Mo del Revisited

If the information nodesare removed, and the corresponding edgesare merged
into direct edgesbetween the R� and Ak

� nodes, the probabilit y distribution
given by Equation 4 reducesto
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(b) A bibliograph y database example

Fig. 2. Collectiv e model
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P(r ja) =
1

Za
exp

X

i;j

"
X

l

� l f l (r ij ) +
X

k

X

l

! k l hl (r ij ; r ij :Ak )

#

(5)

where! k l denotesthe feature weights for two-way variables.The remaining sym-
bols are as described before.This formulation in terms of a conditional random
�eld is very closely related to the standard model. Since in the absenceof in-
formation nodes each pairwise decision is made independently of all others, we
have P(r ja) =

Q
i;j P(r ij ja). When 8k, ! k0 = ! k1 = ! k , for some! k , we have

log
P(r ij = 1ja)
P(r ij = 0ja)

= � 0+
X

k

2! k r ij :Ak (6)

where � 0 = � 1 � � 0 � ! k . This equation is in fact the standard model for making
candidate pair decisions.

3.9 Inference

Inference corresponds to �nding the con�guration r � such that P(r � ja) given
the learned parameters is maximized. For the caseof conditional random �elds
where all non-evidencenodesand features are binary-valued and all cliques are
singleton or two-way (as is our case), this problem can be reduced to a graph
min-cut problem, provided certain constraints on the parametersaresatis�ed [7].
The idea is to map each node in the conditional random �eld to a corresponding
node in a network-
o w graph.

Consider a conditional random �eld with binary-valued nodes and having
only one-way and two-way cliques. For the moment, we assumethat there are
no evidencevariables. Further, we assumebinary-valued feature functions f (x)
and g(x; y) for singleton and two-way cliques respectively, as speci�ed in the
collective model. Then the expressionfor the log-likelihood of the probabilit y
distribution for assignment y to the nodes is given by

L(y) =
nX

i =1

[� i 0 (1 � yi ) + � i 1 yi ] +
1
2

nX

i =1

nX

j =1

[
 ij 00
(1 � yi )(1 � yj )

+ 
 ij 01
(1 � yi )yj + 
 ij 10

yi (1 � yj ) + 
 ij 11
yi yj ] + C (7)

where the �rst term varies over all the nodes in the graph taking the singleton
cliquesinto account, and the secondterm variesover all the pairs of the nodesin
the graph taking the two-way cliquesinto account. We assumethe parametersfor
non-existent cliquesto be zero.Now, ignoring the constant term and rearranging
the terms, we obtain

� L (y) =
nX

i =1

� (� i yi ) +
1
2

nX

i =1

nX

j =1

(� ij yi + � ij yj � 2
 ij yi yj ) (8)
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where � i = � i 1 � � i 0 , 
 ij = 1
2 (
 ij 00

+ 
 ij 11
� 
 ij 01

� 
 ij 10
), � ij = 
 ij 00

� 
 ij 10
and

� ij = 
 ij 00
� 
 ij 01

. Now, if 
 ij � 0 then the above equation can be rewritten as

� L (y) =
nX

i =1

� (�
0

i yi ) +
1
2

nX

i =1

nX

j =1


 ij (yi � yj )2 (9)

for some �
0

i ; 1 � i � n, given the fact that y2
i = yi , since the yi 's are binary-

valued.
Now, considera capacitated network with n + 2 nodes.For each node i in the

original graph, wehavea corresponding node in the network graph. Additionally ,
we have a sourcenode (denoted by s) and a sink node (denoted by t). For each
node i , there is a directed edge(s; i ) of capacity csi = �

0

i if �
0

i � 0, elsethere a
directed edge(i; t) of capacity cit = � �

0

i . Also, for each ordered pair (i; j ), there
is a directed edgeof capacity cij = 1

2 
 ij . For any partition of the network into
sets B and W , B = f sg [ f i : yi = 1g and W = f tg [ f i : yi = 0g, the capacity
of the cut C(y) =

P
k2 B

P
l 2 W ck l is precisely the negative of the probabilit y of

the induced con�guration on the original graph, o�set by a constant. Hence,the
partition induced by the min-cut corresponds to the most likely con�guration
in the original graph. The details can be found in Greig et al. [7]. We know
that an exact solution to min-cut can be found in polynomial time. Hence, the
exact inferencein our model takestime polynomial in the sizeof the conditional
random �eld.

It remains to see how to handle evidence nodes. This is straightforward.
Notice that a clique involving an evidencenode would account for an additional
term of the form ! e in the log likelihood, where e is the value of the evidence
node. Let yi be the binary node in the clique. Since e is known beforehand,
the above term can simply be taken into account by adding ! e to the singleton
parameter �

0
in Equation 9 corresponding to yi .

3.10 Learning

Learning involves �nding the maximum likelihood parameters (i.e., the param-
eters that maximize the probabilit y of observing the training data). Instead
of maximizing P(r ja), we maximize its logarithm (the log likelihood), using
the standard approach of gradient descent. The partial derivative of the log-
likelihood L given by Equation 4 with respect to the parameter � l is

@L
@� l

=
X

i;j

f l (r ij ) �
X

r 0

P� (r 0ja)
X

i;j

f l (r 0
ij ) (10)

where r 0 varies over all possible con�gurations of the nodes in the graph and
P� (r 0ja) denotesthe probabilit y distribution with respect to current set of pa-
rameters. This expressionhas an intuitiv e meaning: it is the di�erence between
the observed feature counts and the expected ones.The derivative with respect
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to other parameters can be found in the same way. Notice that, for our in-
ferenceto work, a constraint on the parameters of the two-way binary-valued
cliques must be satis�ed: 
 00 + 
 11 � 
 01 � 
 10 � 0. To ensurethis, instead of
learning the original parameters, we perform the following substitution on the
parameters and learn the new parameters: 
 00 = g(� 1) + � 2, 
 11 = g(� 1) � � 2,

 01 = � g(� 3) + � 4, 
 10 = � g(� 3) � � 4 where g(x) = log(1 + ex ). It can be easily
seenthat, for any valuesof the parameters� i , the required constraint is satis�ed
on the original parameters.The derivative expressionis modi�ed appropriately
for the substituted parameters.

The second term in the derivative expression involves the expected value
over an exponential number of con�gurations. Hence�nding this term would be
intractable for any practical problem. Like McCallum and Wellner [11], we use
a voted perceptron algorithm as proposedby Collins [5]. The expected value in
the secondterm is approximated by the feature counts of the most likely con-
�guration. The most likely con�guration basedon the current set of parameters
can be found using our polynomial-time inferencealgorithm. At each iteration,
the algorithm updates the parameters by the current gradient and then �nds
the gradient for the updated parameters. The �nal parameters are the average
of the parameters learned during each iteration.

We initialize each � parameter to the log odds of the corresponding feature
being true in the data, which is the parameter value that would be obtained if all
featureswereindependent of each other. Notice that the value of the information
nodes is not available in the training data. We initialize them as follows. An
information node is initialized to 1 if there is at least one record node linked
to the information node whosevalue is 1, otherwise we initialize it to 0. This
re
ects the notion that, if two records are the same,all of their corresponding
�elds should also be the same.

3.11 Canopies

If we consider each possiblepair of records for a match, the potential number
of matchesbecomesO(n2), which is a very large number even for databasesof
moderate size. Therefore, we use the technique of �rst clustering the database
into possibly-overlapping canopies as described by [10], and then applying our
learning/inference algorithms only to record pairs which fall in the samecanopy.
This reducesthe potential number of matchesby a large factor. For example,for
a 650-recorddatabasewe obtained on the order of 15000potential matchesafter
forming the canopies.In our experiments we used this technique with both our
model and the standard one.The basic intuition behind the useof canopiesand
related techniques in de-duplication is that most record pairs are very clearly
non-matches,and the plausible candidate matchescan be found very e�cien tly
using a simple distance measurebasedon an inverted index.



13

Table 2. Performance of the two models on the Cora database

Model F-measure(%) Recall(%) Precision(%)
Standard 84.4 81.5 88.5
Collectiv e 87.0 89.0 85.8

Table 3. Performance comparison after taking the transitiv e closure

Model F-measure(%) Recall(%) Precision(%)
Standard 80.7 92.0 73.7
Collectiv e 87.0 90.9 84.2

4 Exp erimen ts

To evaluate our model, we performed experiments on real and semi-arti�cial
databases.This section describes the databases,methodology and results. The
results that we report are inclusive of the canopy process,i.e., they are over
all the possible O(n2) candidate match pairs. The evidencenode values were
computed using cosinesimilarit y with TF/IDF [15].

4.1 Real-W orld Data

Our primary sourceof data was the hand-labeled subset of the Cora database
provided by Andrew McCallum and previously usedby Bilenko and Mooney [2]
and others.1 This dataset is a collection of 1295di�eren t citations to 112 com-
puter scienceresearch papers from the Cora Computer ScienceResearch Paper
Engine.The original data setcontains only unsegmented citation strings. Bilenko
and Mooney [2] useda segmented versionof the data for their experiments, with
each bibliographic referencesplit into its constituent �elds (author, venue, title,
publisher, year, etc.) using an information extraction system. We usedthis pro-
cessedversion of the Cora dataset for our experiments. We usedonly the three
most informativ e attributes: author, title and venue (with venue encompassing
di�eren t types of publication venue, such as conferences,journals,workshops,
etc.).

We divided the data into equal-sizedtraining and test sets,ensuring that no
true set of matching records was split among the two, to avoid contamination
of the test data by the training set. We performed two-fold cross-validation,
and report the averageF-measure,recall and precision [15] over twenty di�eren t
random splits. We trained the models using a number of iterations that was
�rst determined using a validation subset of the data. The \optimal" number
of iterations was 125 for the collective model and 17 for the standard one. The
results are shown in Table 2. The collective model gives an F-measuregain of
about 2.5% over the standard model, which is the result of a large gain in recall

1 http://www.cs.umass.edu/ � mccallum/data/cora-refs .tar. gz



14

that outweighs a smaller loss in precision. Next, we took the transitiv e closure
over the matches produced by each model as a post-processingstep to remove
any inconsistent decisions.Table 3 comparesthe performance of the standard
and the collective model after this step. The recall of the standard model is
greatly improved, but the precision is reduced even more drastically, resulting
in a substantial deterioration in F-measure. This points to the fact that the
standard model makesa lot of decisionswhich are inconsistent with each other.
On the other hand, the collective model is relatively stable with respect to the
transitiv e closure step, with its F-measureremaining the sameas a result of a
small increasein recall and a small loss in precision. The net F-measuregain
of the collective model over the standard model after transitiv e closure is about
6.2%. This relative stabilit y of the collective model leads us to infer that the

o w of information it facilitates not only improves predictive performancebut
also helps to produce overall consistent decisions.

Wehypothesizethat aswemoveto larger databases(in number of recordsand
number of attributes) the advantageof our model will becomemore pronounced,
becausethere will be many more interactions between sets of candidate pairs
which our model can potentially bene�t from.

4.2 Semi-Arti�cial Data

To further observe the behavior of the algorithms, we generated variants of
the Cora database by taking distinct �eld values from the original database
and randomly combining them to generatedistinct papers. The semi-arti�cial
data has the advantage that we can control various factors like the number
of clusters, level of distortion, etc., and observe how these factors a�ect the
performanceof our algorithm. To generatethe semi-arti�cial database,we �rst
made a list of author, title and venue �eld values. In particular, we had 80
distinct titles, 40 di�eren t venuesand 20 di�eren t authors. Then, for each �eld
value, we created a �xed number of distorted duplicates of the string value (in
our current experiments, we created8 di�eren t distorted duplicates for each �eld
value). The number of distortions within each duplicate was chosenaccording
to a binomial distribution whoseBernoulli parameter (successprobabilit y) we
varied in our experiments. A single Bernoulli trial corresponds to the distortion
of a singleword in the original string. For each word that we decidedto perturb,
we randomly chosebetween one of the following: intro duce a spelling mistake,
replaceby a word from another �eld value, or delete the word. To generatethe
recordsin the database,we�rst decidedthe total number of clustersthe database
would have. We varied this number in our experiments. The total number of
documents was kept constant at 1000acrossall the experiments we carried out
with semi-arti�cial data. For each cluster to be generated,we randomly chosea
combination of original �eld values.This uniquely determinesa cluster. To create
the duplicate recordswithin each cluster, we randomly chose,for each �eld value
assignedto the cluster, one of the corresponding distorted �eld duplicates.

In the �rst set of experiments on the semi-arti�cial databases,our aim wasto
analyzethe relativeperformancesof the standard model and the collectivemodel
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as we vary the number of clusters. We used50, 100, 200, 300 and 400 clusters.
The averagenumber of recordsper cluster wasvaried inversely, to keepthe total
number of recordsin the databaseconstant (at 1000).The distortion parameter
was kept at 0.4. Figures 3(a), 3(c) and 3(e) show the results. Each data point
was obtained by performing two-fold crossvalidation over �v e random splits of
the data. All the results reported are beforetaking the transitiv eclosureover the
matching pairs. The F-measure(Figure 3(a)) drops as the number of clusters is
increased,but the collective model always outperforms the standard model. The
recall curve (Figure 3(c)) shows similar behavior. Precision (Figure 3(e)) seems
to drop with increasingnumber of clusters, with neither of the models emerging
as the clear winner.

In the secondset of experiments on the semi-arti�cial databases,our aim was
to analyze the relative performancesof the standard model and the collective
model as we vary the level of distortion in the data. We varied the distortion
parameter from 0 to 1, at intervals of 0.2. 0 meansno distortion and 1 means
that every word in the string is distorted. The number of clusters in the database
was kept constant at 100, the total number of documents in the databasebeing
1000.Figures 3(b), 3(d) and 3(f) show the results. Each data point wasobtained
by performing two-fold crossvalidation over �v e random splits of the data. All
the results reported are before taking the transitiv e closure over the matching
pairs. As expected, the F-measure(Figure 3(b)) drops as the level of distortion
in the data is increased.The collective model outperforms the standard model
at all levels of distortion. The recall curve (Figure 3(d)) shows similar behavior.
Precision (Figure 3(f)) initially drops with increasingdistortion, but then partly
recovers. The collective model performs as well as or better than the standard
model until the distortion level reaches0.4, after which the standard model takes
over.

In summary, these experiments support the hypothesis that the collective
model yields improved predictive performancerelative to the standard model. It
improvesF-measureasa result of a substantial gain in recall while reducing pre-
cision by a smaller amount. Investigating thesee�ects and trading o� precision
and recall in our framework are signi�can t items for future work.

5 Related Work

Most work on the record linkage problem to date has been basedon comput-
ing pairwise distancesand collapsing two records if their distance falls below a
certain threshold. This is typically followed by taking a transitiv e closure over
the matching pairs. The problem of record linkage was originally proposedby
Newcombe [13], and placed into a rigorous statistical framework by Fellegi and
Sunter [6]. Winkler [19]providesan overview of systemsfor record linkage.There
is a substantial literature on record linkagewithin the KDD communit y ([8], [3],
[12], [4],[16], [18], [2], etc.).

Recently , Pasula et al. proposeda multi-relational approach to the related
problem of referencematching [14]. This approach is basedon directed graphi-
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cal models and a di�eren t representation of the matching problem, also includes
parsing of the referencesinto �elds, and is quite complex. In particular, it is
a generative rather than discriminativ e approach, requiring modeling of all de-
pendenciesamong all variables, and the learning task is correspondingly more
di�cult. A multi-relational discriminativ e approach has been proposedby Mc-
Callum and Wellner [11]. The only inferenceperformed acrosscandidate pairs,
however, is the transitiv e closure that is traditionally done as a post-processing
step. While our approach borrows much of the conditional machinery developed
by McCallum et al., its representation of the problem and propagation of infor-
mation through sharedattribute valuesare new.

Taskar et al. [17] intro duced relational Markov networks, which are condi-
tional random �elds with templates for cliques as described in Section 3.1, and
applied them to a Web mining task. Each template constructs a set of simi-
lar cliques via a conjunctive query over the databaseof interest. Our model is
very similar to a relational Markov network, except that it cannot be directly
constructed by such queries; rather, the cliques are over nodes for the relevant
record and attribute pairs that must �rst be created.

6 Conclusion and Future Work

Record linkageor de-duplication is a key problem in KDD. With few exceptions,
current approachessolve the problem for each candidate pair independently . In
this paper, wearguedthat a potentially moreaccurateapproach to the problem is
to set up a network with a node for each record pair and each attribute pair, and
useit to infer matchesfor all the pairs simultaneously. We designeda framework
for collective inferencewhereinformation is propagatedthrough sharedattribute
valuesof record pairs. Our experiments con�rm that our approach outperforms
the standard approach.

We plan to apply our approach to a variety of domains other than the bib-
liography domain. So far, we have experimented with relations involving only a
few attributes. We envisagethat asthe number of attributes increases,there will
be potentially more sharing among attribute values, and our approach should
be able to take advantage of it.

In the current model, we use only cliques of size two. Although this has
the advantage of allowing for polynomial-time exact inference, it is a strong
restriction on the typesof dependenciesthat can be modeled. In the future we
would like to experiment with intro ducing larger cliquesin our model, which will
entail moving to approximate inference.
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