Object Identication with
A ttribute-Mediated Dep endences

Parag Singla and Pedro Domingos

Department of Computer Scienceand Engineering
Univ ersity of Washington
Seattle, WA 98195-2350,U.S.A.
fparag, pedrodg@cs.washington.edu

Abstract.  Object identi cation is the problem of determining whether
di eren t obsenations correspond to the sameobject. It occursin a wide
variety of elds, including vision, natural language, citation matching,
and information integration. Traditionally , the problem is solved sepa-
rately for eac pair of obsenations, followed by transitiv e closure. We
proposesolving it collectively, performing simultaneous inference for all
candidate match pairs, and allowing information to propagate from one
candidate match to another via the attributes they havein 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 datasets show that this approach outp erforms the
standard one.

1 Intro duction

In many domains, the objects of interest are not uniquely identi ed, and the
problem arises of determining which obsenations correspond to the same ob-
ject. For example, in vision we may need to determine whether two similar
shapes appearing at di erent times in a video stream are in fact the sameob-
ject. In natural language processingand information extraction, a key task is
determining which noun phrasesare co-referen (i.e., refer to the sameertity).
When creating a bibliographic databasefrom referencelists in papers, we need
to determine which citations refer to the same papersin order to avoid dupli-
cation. When merging multiple databases,a problem of keeninterest to many
large scierti ¢ projects, businessesand governmert agencieswe needto deter-
mine which recordsrepresen the sameentity and should therefore be merged.
This problem, originally de ned by Newcombe et al. [14] and placedon a rm

statistical footing by Fellegi and Surter [7], is known by the name of object
identi cation, record linkage,de-duplication, merge/purge, identit y uncertainty,
hardening soft information sources,co-referenceresolution, and others. There is
a large literature on it, including Winkler [21], Hernandezand Stolfo [9], Cohen
et al. [4], Monge and Elkan [13], Cohenand Richman [5], Saravagi and Bhamidi-
paty [17], Tejada et al. [20], Bilenko and Mooney [3], etc. Most approachesare



variants of the original Fellegi-Surter model, in which object identi cation is
viewed as a classi cation problem: given a vector of similarity scoresbetween
the attributes of two obsenations, classify it as \Matc h" or \Non-match." A
separatematch decisionis made for eac candidate pair, followed by transitiv e
closureto eliminate inconsistencies.Typically, a logistic regressionmodel is used
(1].

Making match decisions separately ignores that information gleaned from
one match decisionmay be useful in others. For example, if we nd that a pa-
per appearing in Proc. PKDD-04 is the sameas a paper appearing in Proc. 8th
PKDD, this implies that these two strings refer to the same verue, which in
turn can help match other pairs of PKDD papers. In this paper, we proposean
approach that accomplishesthis propagation of information. It is basedon con-
ditional random elds, which are discriminativ ely trained, undirected graphical
models [10]. Our formulation allows us to nd the globally optimal match in
polynomial time using a graph cut algorithm. The parameters of the model are
learned using a voted perceptron [6].

Recerly, Pasula et al. [15] proposedan approad to the citation matching
problem that hascollective inferencefeatures. This approad is basedon directed
graphical models, usesa di erent represenation of the matching problem, also
includesparsing of the referencesnto elds, and is quite complex. It is a genera-
tive rather than discriminativ e approach, requiring modeling of all dependences
among all variables, and the learning and inference tasks are correspondingly
more di cult. A collective discriminativ e approach has been proposedby Mc-
Callum and Wellner [12], but the only inferenceit performs acrosscandidate
pairs is the transitiv e closure that is traditionally done as a post-processing
step. Bhattacharya and Getoor [2] proposedan ad hoc approadch to matching
authors taking into accourt the citations they appear in. Our model can be
viewed as a form of relational Markov network [18], except that it involvesthe
creation of new nodesfor match pairs, and consequetly cannot be directly cre-
ated by queriesto the databasesof interest. Max-margin Markov networks [19]
can also be viewed as collective discriminative models, and applying their type
of margin-maximizing training to our model is an interesting direction for future
researd.

We rst describe in detail our approac, which we call the collective model.
We then report experimental results on real and semi-arti cial datasets, which
illustrate the advantages of our model relative to the standard Fellegi-Surter
one.

2 Collectiv e Mo del

Using the original database-orieied nomenclature, the input to the problem is
a database of records (set of obsenations), with ead record being a tuple of
elds (attributes). We now describe the graphical structure of our model, its
parameterization, and inferenceand learning algorithms for it.



2.1 Mo del Structure

Consider a databaserelation R = fry;rp;:::;rng, wherer; is the i record in
the relation. Let F = fF1;F2;:::;F™g denote the set of elds in the relation.
For each eld FK, we havea setFVk of corresponding eld valuesappearing in
the relation, FV* = ff{;f4;:::;fKg. We will usethe notation ri:F¥ to refer

to the value of k" eld of record r;. The goal is to determine, for ead pair of
records(ri;rj), whether they refer to the sameunderlying ertity. Our graphical
model contains three typesof nodes:

Record-matc h nodes. The model cortains a Boolean node R;; for ead pair-
wise question of the form: \Is record r; the sameasrecord r; ?"

Field-matc h nodes. The model cortains a Booleannode kay for each pairwise
questionof the form: \Do eld valuesf ande,‘ represen the sameunderlying
property?" For example, for the verue eld in a bibliography database,the
model might corntain a node for the question:\Do the strings "Proc. PKDD-
04' and "Proc. 8th PKDD' represern the sameverue?"

Field-similarit y nodes. For pair of eld valuesf);f¥ 2 FV¥, the model con-
tains a node S'X‘y whosedomain is the [0, 1] interval. This node encadeshow
similar the two eld values are, according to a pre-de ned similarity mea-
sure. For example, for textual elds this could be the TF/IDF score [16].
Sincetheir valuesare computed directly from the data, we will alsocall these
nodesevidene nodes

Becauseof the symmetric nature of their semariics, Rj; , F,fy and S)'fy repre-
sert the samenodesasR;;, Fy, and Sy, respectively.

The structure of the model is as follows. Each record-match node Rj; is con-
nected by an edgeto ead corresponding eld-matc h node ny;l k m.
Formally, R; is connectedto Ff i ri:Fk = ff andrj:F* = f¥. Each eld-
match node F;‘y is in turn connectedto the corresponding eld-similarit y node
S'X‘y . Each record-match node Rjj is alsodirectly connectedto the corresponding
eld-similarit y node S,'fy. In general,a eld-matc h node will be linked to many
record-match nodes, as the same pair of eld values can be shared by many
record pairs. This sharing lies at the heart of our model. The eld-matc h nodes
allow information to propagate from one candidate record pair to another. No-
tice that merging the evidencenodescorresponding to the same eld value pairs,
without introducing eld-matc h nodes,would not work. This is becauseevidence
nodes have known values at inference time, rendering the record-match nodes
independert and reducing our approad to the standard one. Figure 1(a) shows
afour-record bibliography database,and 1(b) showsthe corresponding graphical
represeration for the candidate pairs (by; by) and (bs; by). Note how dependences
o w through the shared eld-matc h node corresponding to the verue eld. Infer-
ring that b; and b, refer to the sameunderlying paper will lead to the inference
that the corresponding venue strings \Pro ¢c. PKDD-04" and \Pro c. 8th PKDD"
refer to the sameunderlying venue, which in turn might provide su cien t evi-
denceto mergebs and b,. In general,our model can capture complexinteractions



betweencandidate pair decisions,potentially leadingto better object identi ca-
tion.

One limitation of the model is that it makesa global decision on whether
two elds are the same,which may not always be appropriate. For example,\J.
Doe" may sometimesbe the sameas\Jane Doe," and sometimesthe sameas
\Julia Doe." In this casethe model will tend to choosewhichever match is most
prevalent. This simpli es inferenceand learning, and in many domains will not
sigi cantly aect overall performance. Nevertheless,relaxing it is an item for
future work.

2.2 Conditional Random Fields

Conditional random elds, introduced by Laert y et al. [10], de ne the condi-
tional probability of a set of output variablesY given a set of input or evidence
variables X . Formally,

1 X X

P(yjx) = 7 exp e fic (Yes Xe) (1)
X c2c [

where C is the set of cliquesin the graph, x. and y. denote the subsetof vari-

ables participating in clique ¢, and Z is a normalization factor. f|c, known as

a feature function, is a function of variables involved in clique ¢, and | is the

corresponding weight. In many domains, rather than having di erent parameters

(feature weights) for ead clique in the graph, the parameters of a conditional

random eld aretied acrossrepeating clique patterns in the graph, called clique

templates [18]. The probability distribution canthen be specied as

_ 1 X X X
P(yjx) = 5— exp it Fie (Yes Xe) 3]
Zx t2T c2Cy I

where T is the set of all the templates, C; is the set of cliques which satisfy
template t, and f; and | are respectively a feature function and a feature
weight, pertaining to template t.

2.3 Mo del Parameters

Our model has a singleton clique for ead record-match node and one for eat
eld-matc h node, a two-way clique for ead edgelinking a record-match node
to a eld-matc h node, a two-way clique for ead edge linking a record-match
node to a eld-similarit y node, and a two-way clique betweenead eld-matc h
node and the corresponding eld-similarit y node. The parametersfor all cliques
of the sametype are tied; there is a template for the singleton record-match
cliques, one for ead type of singleton eld-matc h clique (e.g., in a bibliography
database, one for author elds, one for title elds, one for verue elds, etc.),



Record Title Author Venue
bl Object Identification using CRFg Linda Stewart | Proc. PKDD-04
b2 | Object Identification using CRFg Linda Stewart | Proc. 8th-PKDD
b3 Learning Boolean Formulas Bill Johnson Proc. PKDD-04

b4 Learning of Boolean ExpressionsWilliam Johnson| Proc. 8th-PKDD

O C ) [ ]

record-match node field-match node field-similarity node

(a) A bibliography database.

Title(T) Title(T)

Sim(Object Identification using CRFs,

d e : Sim(Learning Boolean Formulas,
Object Identification using CRFS)

Learning of Boolean Expressions)

bLA = b2.A? b1V =b2.V?
b3.V = b4.v?

‘ Sim(Proc. PKDD 04, Proc. 8th PKDD*

Venue(V)

Sim(Linda Stewart, Linda Stewart* ‘ Sim(Bill Johnson, William Johnso+

Author(A) Author(A)

(b) Collective model (fragment).

Fig. 1. Example of collective object identi cation. For clarity, we have omitted the
edgeslinking the record-match nodesto the corresponding eld-similarit y nodes.

and soon. The probability of a particular assignmer r to the record-match and
eld-matc h nodes, given that the eld-similarit y (evidence)node valuesares, is

1 X X X X X )
P(rjs) = ——exp i) + afi(rj (F) + k@ (ri srip :F)
s i [ k [ !
X !

X
+ whi(ri srij :S%) + whi(ri :F%;ry :S9) 3)



where (i; j ) rangesover all candidate pairs and k rangesover all elds. rj :F¥ and
rij :S* refer to the k™ eld-matc h node and eld-similarit y node, respectively,
for the record pair (ri;rj). | and  denote the feature weights for singleton
cligues.  denotesthe feature weights for a two-way clique betweena record-
match node and a eld-matc h node. g and g, denotethe feature weights for a
two-way cliqgue betweena Booleannode (record-match node or eld-matc h node,
respectively) and a eld-similarit y node. Cliques have one feature per possible
state. Singleton cliquesthus have two (redundant) features:fo(x) = 1if x = 0,
and fo(x) = 0 otherwise;f1(x) = 1if x = 1, and f 1(x) = 0 otherwise. Two-way
cligues involving Boolean variables have four features: go(Xx;y) = 1if (x;y) =

(0;0); qu(x;y) = Lif (x;y) = (0;1); g2(x;y) = Lif (x;y) = (L,0); ga(x;y) = 1if
(x;y) = (1;1); eadh of thesefeaturesis zeroin all other states. Two-way cliques
betweena Boolean node (record-match node or eld-matc h node) g and a eld-

similarity node s have two features, de ned asfollows: ho(g;s) =1 sif q= 0,
and ho(q; s) = 0 otherwise;hi(q;s) = sif g= 1,and hi(qg;s) = 0 otherwise. This
capturesthe fact that, the more similar two eld valuesare, the more likely they
are to match.

Notice that a particular eld-matc h node appearsin Equation 3 oncefor each
pair of records containing the corresponding eld values. This re ects the fact
that that node is e ectiv ely the result of merging the eld-matc h nodes from
ead of the individual record-match decisions.

2.4 Inference and Learning

Inferencein our model correspondsto nding the con guration r of non-evidence
nodesthat maximizesP(r js). For random elds where maximum clique sizeis
two and all non-evidencenodes are Boolean, this problem can be reducedto a
graph min-cut problem, provided certain constraints on the parametersare satis-
ed [8]. Our model is of this form, and it canbe shawn that satisfying the follow-
ing constraints su ces for the min-cut reduction to hold: o+ k3 k1 k2 O,
8k;1 k m,wherethe ;0 | 3, arethe parametersof the clique tem-
plate for edgeslinking record-match nodesto eld-matc h nodesof type FK (see
Equation 3).! This essetially correspondsto requiring that nodesbe positively
correlated, which should be true in this application. Our learning algorithm en-
suresthat the learned parameters satisfy these constraints. Since min-cut can
be solved exactly in polynomial time, we have a polynomial-time exact inference
algorithm for our model.

Learning involves nding maximume-likelihood parameters from data. The
partial derivative of the log-likelihood L (seeEquation 3) with respect to the
parameter  is

@ _X ek X X 0.0k
@0 a(rij ;rij :F%) P (r9s)  a(r);r)F9 (4)
kI " o
il r i5j
! The constraint mentioned in Greig et al. [8] translates to o; k3 0, «1; k2 O,
which is a more restrictiv e version of the constraint above.



where r° varies over all possiblecon gurations of the non-evidencenodesin the
graph, and P (r9%s) denotesthe probabilit y distribution accordingto the current
set of parameters.In words, the derivative of the log-likelihood with respectto a
parameteris the di erence betweenthe empirical and expectedcourts of the cor-
responding feature, with the expectation taken accordingto the current model.
The other componerts of the gradient are found analogously To satisfy the con-
straint o+ k3 K1 k2 0, we perform the following re-parameterization:
ko=Ff(C)+ 20 o =F(C1) 2, k2= f(3)+ 4 3= f(3) 4
wheref (x) = log(1+ €*). Wethen learnthe parametersusing the appropriate
transformation of Equation 4. The secondterm in this equation involves the
expectation over an exponertial number of con gurations, and its computation
is intractable. We usea voted perceptron algorithm [6], which approximates this
expectation by the feature counts of the most likely con guration, which we nd
using our polynomial-time inferencealgorithm with the current parameters.The
nal parametersare the averageof the oneslearned during ead iteration of the
algorithm. Notice that, becauseparametersare learned at the template level, we
are able to propagate information through eld valuesthat did not appear in
the training data.

2.5 Combined Mo del

Combining models is often a simple way to improve accuracy We combine the
standard and collective models using logistic regression.For eat record-match
nodein the training set, we form a data point with the outputs of the two models
as predictors, and the true value of the node as the responsevariable. We then
apply logistic regressionto this dataset. Notice that this still yields a conditional
random eld.

3 Experiments

We performed experiments on real and semi-arti cial datasets, comparing the
performance of (a) the standard Fellegi-Surter model using logistic regression,
(b) the collective model, and (c) the combined model. If we considerevery possi-
ble pair of recordsfor a match, the potential number of matchesis O(n?), which
is a very large number even for datasetsof moderate size. Therefore, we usedthe
technique of rst clustering the datasetinto possibly-overlapping canopiesusing
an inexpensiwe distance metric, as described by McCallum et al. [11], and then
applying our inferenceand learning algorithms only to record pairs which fall in

the samecanopy. This reducedthe number of potential matchesto at most the
order 1% of all possiblematches.In our experiments we usedthis technique with

all the three models being compared. The eld-similarit y nodeswere computed
using cosinesimilarity with TF/IDF [16].

3.1 Real-W orld Data

Cora The hand-labeled Cora dataset is provided by McCallum? and has previ-
ously beenusedby Bilenko and Mooney [3] and others. This datasetis a collec-

2 www.cs.umass.edu/ mccallum/data/cora-refs .tar. gz



Table 1. Experimental results on the Cora dataset (performance measuredin %).

Citation Matching
Model Before transitiv e closure | After transitiv e closure
F-measure Recall Precision|F-measure Recall Precision
Standard 86.9 89.7 85.3 84.7 98.3 75.5
Collective 87.4 91.2 85.1 88.9 96.3 83.3
Combined 85.8 86.1 87.1 89.0 94.9 84.5
Author Matching
Model Before transitiv e closure | After transitiv e closure
F-measure Recall Precision|F-measure Recall Precision
Standard 79.2 65.8 100 89.5 81.1 100
Collective 90.4 99.8 83.1 90.1 100 82.6
Combined 88.7 99.7 80.1 88.6 99.7 80.2
Venue Matching
Model Before transitiv e closure After transitiv e closure
F-measure Recall Precision|F-measure Recall Precision
Standard 48.6 36.0 75.4 59.0 70.3 51.6
Collective 67.0 62.2 77.4 74.8 90.0 66.7
Combined 86.5 85.7 88.7 82.0 96.5 72.0

tion of 1295di erent citations to computer scienceof researd papers from the
Cora Computer ScienceResearti Paper Engine. The original dataset contains
only unsegmetted citation strings. Bilenko and Mooney [3] segmered ead cita-

tion into elds (author, venue, title, publisher, year, etc.) using an information

extraction system.We usedthis processedversion of Cora. We further cleaned
it up by correcting somelabels. This cleanedversion contains referencesto 132
di erent researd papers.We usedonly the three mostinformativ e elds: author,

titte and venue (with venueincluding conferencesjournals, workshops,etc.). We
comparedthe performanceof the algorithms for the task of de-duplicating cita-
tions, authors and venues? For training and testing purposes,we hand-labeled
the eld pairs. The labeleddata contains referencego 50authors and 103vernues.
We carried out v e runs of two-fold cross-walidation, and report the averageF-
measure,recall and precision on post-canopy record match decisions.(To avoid
contamination of test data by training data, we ensuredthat no true set of
matching recordswas split betweenfolds.) Next, we took the transitiv e closure
over the matches produced by ead model as a post-processingstep to remove
any inconsistert decisions.Table 1 shows the results obtained before and after
this step. The combined model is the best-performing one for de-duplicating
citations and venues. The collective model is the best one for de-duplicating
authors. Transitiv e closure has a variable e ect on the performance, depending
upon the algorithm and the de-duplication task (i.e. citations, authors, verues).

% For the standard model, TFIDF similarit y scoreswere usedasthe match probabilities
for de-duplicating the elds (i.e. authors and venues).



Table 2. Experimental results on the BibServ dataset (performance measuredin %).

Citation Matching
Model Before transitiv e closure | After transitiv e closure
F-measure Recall Precision|F-measure Recall Precision
Standard 82.7 99.8 70.7 68.5 100.0 52.1
Collective| 82.8 100.0 70.7 73.6 99.5 58.4
Combined 85.6 99.8 75.0 76.0 99.5 61.5

We also generated precision/recall curves on Cora for de-duplicating cita-
tions, and the collective model dominated throughout. *

BibServ BibServ.org is a publicly available repository of about half a million
pre-segmeted citations. It is the result of merging citation databasesdonated
by its users, CiteSeer, and DBLP. We experimented on the user-donated sub-
set of BibServ, which contains 21,805citations. As before, we usedthe author,
titte and venue elds. After forming canopies,we obtained about 58,000match
pair decisions.We applied the three modelsto thesepairs, using the parameters
learned on Cora (Training on BibServ was not possiblebecauseof the unavail-
ability of labeled data.). We then hand-labeled 100 random pairs on which at
least one model disagreedwith the others, and 100 random pairs on which they
all agreed.From these,we extrapolated the (approximate) results that would be
obtained by hand-labeling the ertire dataset.® Table 2 shavsthe results obtained
for de-duplicating citations before and after transitiv e closure. All the models
have closeto 100%recall on the BibServ data. The combined model yields the
best precision, resulting in the overall best F-measure. Transitive closure hurts
all models, with the standard model being the worst hit. This is attributable to
the fact that BibServ is much noisier and broader than Cora; the parameters
learned on Cora produce an excessof matcheson BibServ, and transitiv e closer
compounds this. Collective inference, however, makesthe model more resistart
to this e ect.

Summary Theseexperiments show that the collective and the combined models
are able to exploit the o w of information acrosscandidate pairs to make better
predictions. The best combined model outperforms the best standard model in
F-measureby 2% on de-duplicating citations in Cora, 27.5% on de-duplicating
venuesin Cora and 3% on de-duplicating citations in BibServ. On de-duplicating
authors in Cora, the best collective model outperforms the best standard model
by 0.9%.

3.2 Semi-Atrti cial Data
To further obsene the behavior of the algorithms, we generated variants of
the Cora dataset by taking distinct eld values from the original dataset and

4 For the collective model, the match probabilities neededto generate precision/recall
curveswere computed using Gibbs sampling starting from the graph cut solution.

5 Notice that the quality of this approximation does not depend on the size of the
database.



randomly combining them to generatedistinct papers. This allowedusto cortrol
various factors like the number of clusters, level of distortion, etc., and obsene
how these factors a ect the performance of our algorithms. To generate the
semi-arti cial dataset, we created eight distorted duplicates of eadh eld value
taken from the Cora dataset. The number of distortions within ead duplicate
was chosenaccording to a binomial distribution whose\probabilit y of success'
parameter we varied in our experimernts; a single Bernoulli trial correspondsto
the distortion of a singleword in the original string. The total number of records
was kept constart at 1000in all the experiments with semi-arti cial data. To
generate the records in the dataset, we rst decided the number of clusters,
and then created duplicate records for eat cluster by randomly choosing the
duplicates for each eld value in the cluster. The results reported are over the
task of de-duplicating citations, wereobtained by performing v e runs of two-fold
cross-alidation on this data, and are before transitiv e closure®

The rst setof experiments comparedthe relative performanceof the models
as we varied the number of clusters from 50 to 400, with the rst two cluster
sizesbeing 50 and 100 and then varying the size at an interval of 100. The
binomial distortion parameter was kept at 0.4. Figures 2(a), 2(c) and 2(e) show
the results. The F-measure (Figure 2(a)) drops as the number of clusters is
increased,but the collective model always outperforms the standard model. The
recall curve (Figure 2(c)) shaws similar behavior. Precision (Figure 2(e)) appears
to drop with increasingnumber of clusters, with collective model outperforming
the standard model throughout.

The secondset of experiments compared the relative performance of the
models as we varied the level of distortion from 0 to 1, at intervals of 0.2. (0
meansho distortion, and 1 meansthat every word in the string is distorted.) The
number of clustersin the dataset was kept constart at 100. Figures 2(b), 2(d)
and 2(f) shaw the results. As expected,the F-measure(Figure 2(b)) drops asthe
level of distortion in the data increases,with the collective model dominating
between the distortion levels of 0.2 to 0.6. The two models seemto perform
equally well at other distortion levels.The recall curve (Figure 2(c)) showssimilar
behavior. Precision (Figure 2(e)) seemsto uctuate with increasing distortion,
with the collective model dominating throughout.

Overall, the collective model clearly dominates the standard model over a
broad range of the number of clusters and level of distortion in the data.

4 Conclusion and Future Work

Determining which obsenations correspond to the sameobject is a key prob-
lem in information integration, citation matching, natural language,vision, and
other areas.lt is traditionally solved by making a separatedecisionfor each pair
of obsenations. In this paper, we proposeda collective approac, where infor-
mation is propagated amongrelated decisionsvia the attribute valuesthey have

8 For clarity, we have not shown the curvesfor the combined model, which are similar
to the collective model's.
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Fig. 2. Experimental results on semi-arti cial data.

in common. In our experimernts, this produced better results than the standard
method. Directions for future work include enriching the model with more com-
plex dependences(which will entail moving to approximate inference), using it
to deduplicate multiple typesof objects at once, etc.
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