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ABSTRACT

Name ambiguity is a special case of identity uncertainty
where one person can be referencedby multiple name vari-

ations in di erent situations or even share the same name
with other people. In this paper, we focus on the prob-
lem of disambiguating person nameswithin web pagesand
sciertic documents. We presert an ecien t and e ectiv e
two-stage approach. In the rst stage, two novel topic-

based models are proposed by extending two hierarchical

Bayesian text models, namely Probabilistic Latent Seman-
tic Analysis (PLSA) and Latent Diric hlet Allo cation (LD A).

Our models explicitly introduce a new variable for persons
and learn the distribution of topics with regard to persons
and words. After learning an initial model, the topic dis-
tributions are treated as feature sets and names are disam-
biguated by leveraging a hierarchical agglomerative cluster-
ing method. Experiments on web data and sciertic docu-
ments from CiteSeerindicate that our approach consistertly

outperforms other unsupervised learning methods such as
spectral clustering and DBSCAN clustering and could be
extended to other researd elds. We empirically addressed
the issue of scalability by disambiguating authors in over
750,000papers from the entire CiteSeer dataset.
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Unsupervised Learning, BayesianModels, Name Disambigua-
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1. INTRODUCTION

With the emergenceof major seard engineslike Google
and Yahoo! that automate the processof gathering web
pagesto facilitate searding, it hasbecomeincreasingly com-
mon for Internet usersto seard for their desired results to
speci ¢ queries through seard engines, with name queries
making up approximately 5-10% of all searders. Name
queries are usually treated by seard enginesas normal key-
word seardes without attention to the ambiguity of par-
ticular names. For example, searding Google for \Y ang
Song" results in more than 11,000,000pageswith the same
person'sname, of which eventhe rst pageshows v edier-
ent people's home pages. Table 1 lists the rst four results
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Yang Song

Homepageof Yang Song, PhD candidate of Penn State
Department of Computer Sciencesand Engineering.
http://www.cse.psu.edu/  yasong/

Yang Song

Home page of Yang Song, CALTECH, Department of
Electrical Engineering...

http://www.vision.caltec h.edu/y angs/

Yang Song's Homepage

SONG, Yang, Department of Statistics,
UW-Madison Medical ScienceCenter...
http://www.cs.wisc.edu/  yangsong/

Song Yang the Cartoonist
Song Yang is certainly the most successfulcartoonist
on the Mainland...

http://japanese.c hina.org.cn/english/NM-e/15578 6.htm

Table 1: First 4 search results of the query \Y ang
Song" from Google that refer to 4 dieren t people.

which correspond to four dierent people. Due to this het-
erogeneousnature of data on the Internet crawled by searc
engines, the issue of identit y uncertainty or name ambigu-
ity has attracted signi cant researd attention. Beyond the
problem of sharing the same name among di eren t people,
name misspelling, name abbreviations and other reference
variations compound the challenge of name disambiguation.
The sameissuealso exists in most Digital Libraries (DL),
hampering the performance and quality of information re-
trieval and credit attribution. In DL such as DBLP ! and
CiteSeer[7], textual information is stored in metadata records
to speedup eld searding, including titles, venues, author
names and other data. However, the existence of both syn-
onyms and polysems as well as typographical errors makes
the problem of disambiguating author names in bibliogra-
phies (citations) non-trivial. In the case of synonyms an
author may have multiple name variations/abbreviations in
citations acrosspublications, e.g.,the author \C. Lee Giles"
is sometimesusedas\C. L. Giles" in his citations. For pol-
ysems di eren t authors may share the same name label in
multiple citations, e.g., both \Guangyu Chen" and \Guilin
Chen" are used as \G. Chen" in their citations. In addi-

http://www.informatik.uni-trier.de/ ley/db/index.h tml



tion to the issue of citations, authors may be inclined to
usedi eren t name variations even in the title pagesof their
publications due to a variety of reasons(such asthe change
of their maiden names).

Existing approaches that address the issue of name dis-
ambiguation generally fall into two categories: supervised
learning and unsupervised learning methods. In the case
of supervised learning [8], the objective is to determine the
name label by leveraging the related information (e.g., page
contents and citation information). Careful labeling with
speci ¢ domain knowledgeis usually required for supervised
learning, which makesit both error-prone and label inten-
sive. Comparativ ely, unsupervised learning methods [9, 1]
do not require manual labeling but instead prudently choose
features (e.g., social networks, link structures, co-authorship)
to classify similar instances into groups or clusters. A va-
riety of clustering methods including K-means and spectral
clustering have been extensively utilized and compared for
unsupervised name disambiguation. Nevertheless, choosing
the right set of features often results in better performance
than exhaustively seekingthe best clustering method. How-
ever, supervised learning methods generally achieve better
performance with the trade-o of expensive training time.

1.1 Our Contribution

The objective of this paper is to produce an approach
that includes the attractiv e properties of both supervised
and unsupervisedlearning methods while trying to avoid the
respective limitations. Speci cally , we explore the use of a
two-stage approach to addressthe problem of disambiguat-
ing person names in both web appearancesand scierti c
documerts (including citations). During the rst stage, we
presert two novel topic-based models inspired by two gener-
ative models for documents: Probabilistic Latent Semartic
Analysis (PLSA) and Latent Diric hlet Allo cation (LD A).
Our models dier from the general methods by explicitly
introducing a variable for persons After an initial model
is built, person names are disambiguated by leveraging an
unsupervised hierarchical agglomerative clustering method
[4], which groups similar instances together in a bottom-
up fashion. We empirically study our models by comparing
against three other clustering methods on both web data
and sciertic documernts.

The underlying rationale for using generative models with
latent variables is to harnessthe unique topic distribution
related to dierent persons. For example, the basketball
player \Mic hael Jordan" is more likely to appear in the
topic sports, while Professor \Mic hael Jordan" in Berkeley
may have high probabilit y of being assaiated with the topic
academics Lik ewise,for the authors of scierti c papers, one
may have his/her own focus, e.g. Professor\Jia Li" in the
math department of Alabama and Professor\Jia Li" in the
statistics department of Penn State. Moreover, even authors
within the samereseard eld should be distinguishable by
topics, e.g. two researters named \Amit Kumar" working
separately at Cornell and Rice are both involved in researd
on networks, but with speci c focus on network routing and
wireless networks respectively. As a result, topic distribu-
tion may be a useful feature setthat allows usto distinguish
people from ead other in a principled and e cien t way.

Although both PLSA and LDA have been extensively
studied and applied to various applications, there has been
relativ ely few comparisonsbetweenthe their performancein

real-world studies except in [3]. Theoretically, PLSA does
not needto make any assumptions regarding the document
distribution, thus it is more exible when dealing with ab-
normal data sets. Meanwhile, the LD A (Bayesian) approach
is more robust on sparsedata. With a large feature space,
LDA generally exhibits better performance than PLSA as
well as other probabilistic models.

This paper is organized as follows: Section 2 preserts pre-
vious work on generative models and name disambiguation;
Section 3 and Section 4 propose our extended PLSA and
LD A models, respectively; Section 5 discussesthe use of ag-
glomerative clustering for name disambiguation; Section 6
probes the advantages of our models through a number of
experiments; we conclude with future work in Section 7.

2. RELATED WORK

Generativ e Mo dels for Do cumen ts

Using generative models for characterizing documents as
well asimageshas becomea recert trend in machine learn-
ing researdcr. The rst well-known model was intro duced
by Deerwester [6], namely Latent Semantic Analysis (LSA).
The key idea of LSA is to map high-dimensional input data
to a lower dimensional represenation in a latent seman-
tic space that re ects semartic relations betweenwords, the
mapping was done by Singular Value Decomposition (SVD),
and thus restricted to belinear. LSA assumesthat there are
K underlying latent topics, to which documents are gener-
ated accordingly. Those latent topics are assumedto be
approximately the sameas documernt classes,resulting in a
signi cant compressionof data in large collections.

From a statistical point of view, Hofmann [10] preserted
an alternativ eto LSA, or Probabilistic Latent Semartic Anal-
ysis/Indexing (PLSA/PLSI), which discovers sets of latent
variables with a more solid statistical foundation. The model
is described as an aspect model that is essetially a latent
class statistical mixture model, assuming the existence of
hidden factors underlying the co-occurrencesamongtwo sets
of objects. Thus, a single word is generated from a single
topic while dierent words may belong to dierent topics
within a document. Expectation-Maximization (EM) algo-
rithm is applied for the inference of parameters in this model
that maximize the likelihood of the data. An obvious prob-
lem of PLSA is that the model has a number of parameters
that grow linearly with the size of the document collection,
yielding a large potential for overtting. Due to its e -
ciency and exibilit y, PLSA has beenwidely usedin many
researd elds, including collaborative ltering [11] and web
information retrieval [24, 14].

Blei et al. later intro duced a Bayesian hierarchical model,
Latent Dirichlet Allocation (LD A) [3], in which eac docu-
ment hasits own topic distribution, drawn from a conjugate
Diric hlet prior that remains the samefor all documernts in a
collection. The words within that document are then gen-
erated by choosing a topic from this distribution. A word
is picked from that topic according to the posterior proba-
bilit y of the topic, which is determined by another Diric hlet
prior. Inference of parameters and model learning are per-
formed e cien tly via variational EM algorithm, since exact
inference is intractable in LDA due to the coupling of pa-
rameters. Esserially , this model can be statistically treated
as a fully generative aspect model, which assumesan ex-
changeability for words and topics in documents. Experi-
mental results indicate that LDA has better generalization



performance than PLSA and a mixture of unigrams model
as well as higher classi cation accuraciesand better predic-
tions of user preferencesin the task of collaborativ e Itering.
Successfulapplications and extensionsof the LD A model in-
cludes unsupervised documernt retrieval [22] and time series
analysis [21].

Name Disam biguation

Prior name disambiguation researd can be categorized
into supervised classi cation and unsupervised clustering.
In [8], dierent classication methods such as hybrid Naive
Bayes and Support Vector Machines (SVM) have been ap-
plied to a DBLP dataset. In large-scale digital libraries,
however, supervised classi cation is inappropriate dueto the
una ordable cost of human annotation for eac name.

Di eren t clustering methods have also beenapplied in the
literature. Earlier approachessuch as hierarchical clustering
[18] su ered from the transitivit y problem?. Han et al [9]
used a more sophisticated K-spectral clustering method to
cluster author appearances. While Han's method could nd
an approximation of the global optimal solution (in terms
of a criteria function) for a sampled dataset, it is unsuitable
for large-scaledigital libraries since K is not known a priori
for an ever increasing digital library and the computational
complexity O(N 2) is intractable for N=739,135 in CiteSeer.
Lee et al. [16] successfullyaddressedthe scalability issueby
using a two level blocking framework; however, this resulted
in inconsistent labeling due to the transitivit y problem in
such a solution. In [12], useda SVM-based distance function
was usedto calculate the similarit y of the metadata records
of author appearances,and explicitly solved the transitivit y
problem in labeling with the DBSCAN clustering method.
[2] proposedan LD A-based ertit y resolution method which
is generative and does not require pair-wise decisions.

The aforemertioned work mainly tackled the name dis-
ambiguation problem using the metadata records of the au-
thors. This paper solvesthe name disambiguation problem
in a novel way, by accourting for the topic distribution of
the authors and adopting unsupervised methods. As sud it
yields an accurate and highly e cien t solution to the person
name disambiguation problem.

3. TOPIC-BASED PLSA

We use the following notations in this paper.

A document d is a sequenceof N words denoted by w =
fwi;wo;:; wy g, where w, denotesthe nth word in a
documert, plus a sequenceof M name appearances
denoted by a = fai;ar;::;;am g, where a; represeris
the jth name appearancesin the document. For web
data, name appearancesrefer to the owners of their
homepagesor the subject of the articles. For scierti c
documerts, it meansthe authors of the papers as well
as the authors in the citations.

A corpus is a collection of T documents denoted by
D = fdi;dz; i dro.

W = fwsy;:;wpg represerts the number of unique
words (i.e., vocabulary) in a corpus with sizep. A =

fay; i1, agg indicates the number of name appearances
in a corpus with sizeq.

2The transitivit y problem is a name A is co-referert with B,
and B with C, while A is not co-referent with C. C.f. [12]
for more detailed discussions.

The relationships betweendocuments, namesand words
are connectedby a setof latent variablesZ = fz;;::;;zc g
with size K, each of which represerts a latent topic.

In our document-name-word scenario, an obsenation is
treated asatriplet fd;a;wgthat represerts an instance that
anamea appearsin document d, which contains the word w.
The relationship inherent in the triplets is assaiated by a set
of topics Z. Our mixture model has a conditional indepen-
denceassumption of variables, i.e., the observed objects are
conditionally independert on the state of the related latent
variables, which are essetially treated as persons'interests.
Speci cally, a document d is potentially related to seweral
topics Z with di eren t probabilities, and the latent variables
consequettly generate a set of words w and name appear-
ancesa that are closely related to a speci c topic. Figure 1
(a) shows the graphical illustration of the generative model.

@

® n
@

Ng

d p
(@) The three-way aspect model
o @
Ng Adg d D

(b) An alternativ e view of the aspect model

Figure 1: Graphical model represen tation. (a) The
original documen t-name-w ord model, D is the num-
ber of documents, Ng is the number of words in
document d and Ay is the number of name app ear-
ances in document d. (b) The alternativ e view of
the model. Shaded nodes are observ ed variables.

3.1 The AspectModel
The joint probabilit y of the aspect model overd a w
is de ned asthe mixture:

P(d;a;w) = P(d)P (a;wjd) @9)]

P(a;wjd) = P(a;wjz)P(zjd) @)
227

The de nition of the generative model can be described
in the following procedure:

1. pick a document d from the corpus D with probabilit y
P(d),

2. selecta latent classzx with probability P (zjd),



3. generate a word w with probability P (wjzy),

4. generate a name a with probability P (ajzk).

In this model, we intro duce a set of latent variables z that
breaks the direct relationships between documents, words
and names, i.e., they are conditionally independert but still
asscaiated through latent variables. Note that by reversing
the arrow from documents and words to latent topics, an
equivalent symmetric model as shown in Figure 1 (b) can
be parameterized by

P(d;ajw) = P(2)P(djiz)P(wjz)P (ajz): ®)
2227

This paper will focus on Figure 1 (a) for inference unless
otherwise mentioned.

3.2 Model Fitting with the EM Algorithm

The goal of model tting for PLSA is to estimate the pa-
rameters P (z); P (ajz); P(zjd); P (wjz), given a set of obser-
vations (d;a;w). The standard way to estimate the probabil-
ity valuesis the Exp ectation-Maximization (EM) algorithm
[5], which alternates two steps: (1) an expectation (E) step
where posterior probabilities are estimated for the latent
variables, basedon the current estimates of the parameters;
and (2) a maximization (M) step where parameters are es-
timated again to maximize the expectation of the complete
data (log) likelihood. In the E-step, we compute

P(2)P(ajz)P(djz)P(wjz) . @
20 P (2P (ajz9) P (djz9)P (wjz9)

In the M-step, we aim at maximizing the expectation of
the complete data likelihood, the formulas are:

P(zjd;a;w)/ P

aw N(d;a;wW)P(zjd; a; w)

P(ajz)/ B d;a Ow n(d; a% w)P (zjd;a% w) ®
p
_ ag N(d; & W)P (zjd; a;w)
Plwiz) I P da;w oNn(d;a; WP (zjd; a; wO) ©
P i
p(zjg)/ pmw NEEWPEdaW)

doaw N(A%a;w)P(zjd% a; w)

where n(d;a;w) denotes the number of occurrences of
word w in document d with name a. The EM algorithm
stops on convergence,i.e., when the improvemert of the log-
likelihood is signi cantly small:

X 0w
L = n(d;a;w) log P (d; a;w) (8)

a=1l d=1 w=1

3.3 Predicting New NameAppearances

Despite the e ectiv enessof PLSA for mapping the same
documert to seweral dierent topics, it is still not a fully
generative model at the level of documerts, i.e., the number
of parameters that needto be estimated grows proportion-
ally with the size of the training set. Additionally , there
is no natural way to assign probabilit y to new documerts.
Therefore, to predict the topics of new documents (with po-
tentially new names) after training, the estimated P (wjz)
parameters are usedto estimate P (ajz) for new namesa in
test document d through a \folding-in" process[10]. Speci -
cally, the E-step is the sameasequation (4); however, the M-
step maintains the original P (wjz) and only updates P (ajz)
as well as P(zjd).

3.4 Probabilistic Inference

The PLSA model mentioned in the above section not
only can derive relationships betweendocuments, words and
names, but by using probabilistic inference, it can also be
used to model the topic patterns for names. Speci cally,
given P(ajz) the probability of observing a name appear-
ance given a certain topic, we can model the probabilit y
that a certain topic is of interest to a given name by simply
applying the Bayesrule:

pP(a2)P(z) .
. P(aj2)P(2)’
In this way peoplethat share similar topics can be mod-

eled through the same pattern. By applying unsupervised

learning methods, we can further cluster namesfor the task
of name disambiguation.

P(zja)/ (9)

4. TOPIC-BASED LDA

In this section, we propose another topic-based Bayesian
model. Our model is primarily an extension of the Latent
Diric hlet Allo cation (LD A) model proposedby Blei et al. in
2003 [3], which has quickly becomeregarded as one of the
most e cien t and e ectiv e probabilistic modeling algorithm
in statistical machine learning.

The major dierence between PLSA and LDA is that in
PLSA the latent variables are dependert on eadh documernt,
while in LDA the topic mixture is drawn from a conjugate
Diric hlet prior which remains the same for all documerts.
Thus LDA is able to overcome the over- tting problem in
PLSA while naturally generating new documents with con-
sistent generative semartics.

The generative processof our topic-based LD A model can
be formalized as follows:

Draw a multinomial distribution , for ead topic z
from a Diric hlet distribution with prior ;

For each document d, draw a multinomial distribution
¢ from a Diric hlet distribution with prior ;

For each word wg in document d, draw a topic zg
from the multinomial distribution ¢;

Draw a word wg from the multinomial distribution

z4i

Draw a name agi from the multinomial distribution

Zdi -

Figure 2 (a) depicts our model. Regarding the generation
of parameters, and are corpus-level parameters and only
sampled once when creating the generative corpus; 4 are
documert-level variables, sampled once for each documert;
Z4i, Wgi and aq are word-level variables and need to be
sampled once for eac word/name in the documert.

Although there is resenblance betweenour proposedLD A
model and the author-topic model [19], there exists impor-
tant dierences in the relationship between name appear-
ancesand words. In the author-topic model, x denotes an
author who is responsible for a given word. In our model,
however, names (authors) and words are not directly re-
lated, i.e., eadh topic can generate a set of namesand a set
of words simultaneously with dierent probabilities, allow-
ing more freedom to the model in parameter estimation.
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(b) The author-topic model [19].
Figure 2: Graphical model represen tation of the
LD A model. (a) Our topic-based model. (b). The
author-topic  model. K is the number of topics, D is
the total number of documen ts, Ny is the number of

tok ens in document d and A4 represen ts the number
of name app earances in document d.

4.1 Inferenceand Parameter Estimation

4.1.1 Inference

The inference problem in LD A is to compute the posterior
of the (document-level) hidden variables given a document

d = (w;a)with parameters and ,ie.p( ;; zjw;a;; ; ),
. p(;: z;w;aj; ;)
vhozjwsar s ;)= - : 10
3 : ) p(w;aj; ;) (10)
Here p(w;aj; ; ) is usually referred to asthe marginal
distribution of document d:
pw;aj; ;)
= pCjp(j) pwaj; ) plamj; )dd
n=1 m=1 |
7 :
= pC i e i) P(znj )P(Wnjzn; )
n=1 zp |
p(znj )p(amjzn; )) dd (11)
m=1 zp,

By marginalizing over the hidden variable z, the name

distribution p(aj ; ) can be represerted as follows:
X

p(ajz; )p(zj ) (12)

z

p(aj ; )=

As a result, the likelihood of a document collection D
could be calculated by taking the product of the marginal
probabilities of individual documerts,

p(Dj; ;)= \
ZZ ¥ ¥ '
p( zi ) p(di) p(wnj ; )
z=1 d=|1 n=1
» I
plamj ; ) dd (13)
m=1

Unfortunately , inference cannot be performed exactly on
this model due to the problematic coupling between param-
eters , and . Alternativ e methods have beenwidely de-
veloped to approximate the inference, including variational
inference [3] and other methods. In the following section,
we apply the Gibbs sampling framework to get around the
intractabilit y problem of parameter estimation.

4.1.2 Gibbssamplingfor the LDA model

The Gibbs sampling algorithm was developed as a spe-
cial case of the Markov Chain Monte Carlo (MCMC) al-
gorithm, which estimates the complex joint probabilit y dis-
tribution of seweral variables by generating random samples
from the observed data. Note that the sampling algorithm is
actually usedto derive conditional probabilities for the sam-
pler. Speci cally , we needto know the conditional probabil-
ities p( mj; Zm1;:5Zon )y P(Zon ) m;Wmn 3 ), where m =
1;:;M andn=1;:;N.

We construct a Markov chain that convergesto the pos-
terior distribution on z and then use the results to infer
and ,i.e., p(zjw;a).

Based on the graphical represenation in Figure 2, the
posterior distribution can be derived as follows:

p(zi = jjza,w;a)/ p(zi = jjza)p(wijz;w_i)p(aijz;as) (14)

pp i * o Hu'+ g
JOH‘?(-)I—"'K mOHn\{:’O—jr-'—W
Notations Explanations
w number of words (vocabulary)
K number of topics
D number of documerts
A number of name appearances
Zi = j the assignmer of the ith word in a

documert to topic j
Z all topic assignmeris not including the
ith word, i.e., fz1;::5,zi 1;Zi+1;55 2k O

Hw " number of times word m assignedto topic
j, except the current instance
Hg ' number of times document d contains topic
j, except the current instance
mi the probabilit y of using word m in topic j
di the probabilit y of document d contains

topic j

Table 2: Notations used for Gibbs sampling.



where the rst two terms of Equation (15) is inferred by
following the Diric hlet distribution derivation.

Note that in our case,we do not estimate the parameters

, and . For simplicity and performance, they are xed
at 50=K, 0:01 and 0.1 respectively.

Equation (13) is consideredasthe conditional probabilit y
of the random variables and . For any individual sample,
we can estimate them from the latent variable z by

Hg '™ +
Clhaws e 16
jor g0

WT
N Hmj +

mj W T
mOHmoj + W

7

5. PEOPLE NAME DISAMBIGU ATION

Learning both the PLSA and LDA models is equivalent
to learning the probability distribution of the topic-word
P (wjz) and the topic-name P (ajz) matrices. However, the
topic-name matrix only re ects the relationships between
names and topics, thus seweral people may have very simi-
lar topic interests, especially those from the same researd
group. For the purp oseof name disambiguation, the topic-
name matrix is processedfurther with a hierarchical clus-
tering method. We extend the original agglomerative clus-
tering method for our task, sinceit hasbeenshown that the
bottom-up clustering method performs better than the K-
meansmethod aswell as other top-down clustering methods
in terms of both computational costand clustering accuracy,
particularly when the number of desired clusters is not sig-
ni can tly smaller than the number of points.

5.1 Agglomerative Clustering

To distinguish peoplethat have similar topic interests but
with di eren t names, we generatea name-namematrix that
measures the pairwise similarity between names. Leven-
shtein distance [17] (de ned asLe(x;y)) is usedasthe mea-
suremert and as a result the similarity betweentwo names
x and y can be de ned asfollows (j j represens the length
of the string):

Le(x;y)
max (jxj; jyj)
Our modi ed agglomerative clustering method is shown
in Algorithm 1, in which each name a; is a vector of length
K, ai reects the probabjities of name a; being in a spe-
cic topic k, and satises , ax = 1. We apply Euclidean
gi@nce as our point-level distance metric, i.e., D(ai;aj) =
« (@k  &k)?. Meanwhile, to measurethe distance be-
tween clusters, the complete-link metric [15] is used that
considersthe maximum distance of all elemerts in two clus-
ters®. Two additional parameters should also be speci ed
at the beginning of the algorithm, and , asthe stopping
criteria for the entire program and the merge criteria for
two names/name clusters, respectively. In practice, we set
= 0:05and = 0:5.

Sim(x;y)=1 (18)

6. EXPERIMENTS

SWe also tried both single-link algorithm [20] and wards
method [13], the performance are almost equally well.

Algorithm
1: Input:
ai;:::am : namesto cluster
D(ai;aj): point-level distance metric
C(ci; ¢ ): cluster-level distance metric
Sim (ai; & ): name-name similarit y matrix
; . threshold parameter
2: Initialize
place eadh name in a singleton cluster,
calculate the pairwise distance between
namesaccording to D,
setC D,
3: Clustering Pro cedure
4: Rep eat
nd two names(a;;a;j) or name clusters (ci; ¢ ) that
are closestaccording to D and C,
randomly choosea name to represert a cluster,
if Sim(ai;a;) is greater than
merge the pair to form a new cluster,
else
nd the next closestpair or quit if no pair satisfy
the criteria,
update the distance between clusters according to C,
5: Until the distance betweenthe closest pair of any two
clusters is greater than ,
6: Output: Clusters ci;:::C .

1 Agglomerativ e Clustering

To evaluate the two proposed methods, we perform the
experiments on two applications, i.e., disambiguation of peo-
ple's web appearancesand author namesin sciertic docu-
ments.

6.1 Evaluation Metrics

Instead of using a matching matrix (a.k.a. a confusion
matrix in supervised learning) as in [9] (since the number
of clusters K needsto be specied explicitly in advance,
making it inappropriate for unsupervised learning), two sets
of metrics are applied in our experiments as in [23, 12],
namely pair-lev el pairwise F1 score F1P and cluster-
level pairwise F1 scoreF1C. F1P is de ned asthe har-
monic mean* of pairwise precision pp and pairwise re-
call pr, where pp is measuredby the fraction of co-referert
pairs in the samecluster, and pr the fraction of co-referernt
pairs placed in the samecluster. Likewise, F1C is the har-
monic mean of cluster precision cp and cluster recall
cr, where cp is the fraction of totally correct clusters to the
number of clusters acquired by the algorithm, and cr is the
fraction of true clusters to that of the algorithm.

As the baselinemethod, we extracted nhamesfrom the con-
tents and formed a name-word matrix, which wasaugmerted
by the standard tf-idf method, we then applied the agglom-
erative clustering using inter-cluster closenessas the mea-
sure (Agglo). Our methods are further compared with two
unsupervised learning approaches, the k-way spectral clus-
tering (Spectral) [9] and the LASVM+DBSCAN approach
(DBSCAN) asdescribed in [12].

The most in uen tial parameter on the performance aswell
as the scalability of our models is the number of topics K .
Following convention [10, 3], we chosethe values of K from
the setf 2; 5; 10; 20; 50; 100, 200g. For interests of space,only

H(xaixa) = 22



the bestresults with optimal K are reported. Meanwhile, as
mentioned above, the priors ; and for the LDA model
are chosenas 50=K; 0:01 and 0.1 respectively.

6.2 WebAppearancesof PersonNames

In this section, we consider the problem of automatic dis-
ambiguation of person names on the web. To be specic,
when users submit name queries like \Mic hael Jordan" to
seard engines, we want to distinguish name results by the
content of the retrieved web pages. We utilize the public
data sef® generated by Ron Bekkerman and Andrew Mc-
Callum [1]. 12 person names including SRI employeesand
professors(e.g., \David Israel" and \Andrew Ng") are sub-
mitted as queriesto the Google seard engine, the rst 100
pagesare then retrieved for each query. Post-processingis
performed to clean the pages, resulting in a total of 1,085
web pagesreferring to 187 dierent people. All pagesare
manually labeled in the title indicating the position of the
person. Among these web pages, 420 are found relevant to
the 12 particular names. Somestatistics can be found in [1].

For our experiment, the data setis further processed.We
rst translate the titles into labels with +1 indicating rele-
vant and -1 otherwise. All URLs included in the pagesare
removed as well asother trivial characters. We then usethe
rainbow® tool to processthe remaining text. Stemming and
stop words removal are performed, words that appear less
than twice are removed as well. Furthermore, to eliminate
the bias towards longer documerts, only the rst 200 words
are usedin ead example.

Table 3 summarizes the clustering results regarding the
F1P and F1C scores. Overall, our topic-based models con-
sistently outperform other methods for both metrics, with
more than 90% on F1P scoreand 75% on F1C scoreon av-
erage. For most of the people, both PLSA and LD A achieve
the best performance with 10 topics, which decreasesharply
with the increaseof topic numbers. The highest F1P scores
for both models are achieved from the class \Leslie Pack
Kaelbling", since it only has two namesalesin that class.
For the \T om Mitc hell* class that has 37 namesales, our
methods are still able to achieve 85% and 82:4% F1P scores
respectively, with the trade-o of using more topics (20)
to disambiguate. Generally, the performance decreasesand
the number of topics increaseswith more namesalesin the
class. Regarding the cluster F1 scores,since no credits will
be given to clusters that are partial ly correct (i.e., either
having more or less instances than the real clusters), the
performance is commonly worse than the pair-wise metrics.
The best F1C scoresare achieved in the class\Andrew Ng"
which has 29 namesales, larger number of topics (50 and 20
for PLSA and LD A respectively) shows better performance.

Figure 3 plots the result of the McCallum class for both
models by projecting the data matrix onthe rst three eigen-
vectors. We choosetwo clusters for visualization here, one
is \Andrew McCallum" from UMass and other people with
the identical name for the other cluster. It is evident that
both models have very high clustering accuraciesand sep-
arate two clusters quite well. Specically, PLSA only mis-
classied one positive instance to be negative while LDA
misclassi ed one negative instance to be positive.

Shttp://www.cs.umass.edu/  ronb
Shttp://iwww.cs.cm u.edu/ mccallum/b ow

McCallum-PLSA

McCallum-LDA

: *

of feature distribution  of
in the web app earances data
set. *s indicate the positiv e class (i.e. \Andrew

McCallum" from UMass) and represen ts negativ e
classes. (a). PLSA result. (b). LD A result.

Figure 3: 3D visualization
the name-topic matrix

Name V ariations Records
A. Gupta 44 506
A. Kumar 36 143
C. Chen 103 536
D. Johnson 41 350
J. Robinson 30 115
J. Smith 86 743
K. Tanaka 20 53
M. Jones 53 352
M. Miller 34 230
Mean 49.7 336.4

Table 4: Summary of the 9 CiteSeer data sets of dif-
ferent author names and the data size. These names
are most represen tativ e for the worst case scenario
in author name app earances in scientic documen ts.

6.3 Author Appearancesin Scientic Docu-
ments

To disambiguate author appearancesin the sciertic doc-
uments, we collect data from the CiteSeer Digital Library .

CiteSeer is currently one of the largest digital libraries
that holds more than 750,000 documents, primarily in the
domain of computer and information science. CiteSeer in-
dexesseveral kinds of data formats (txt, PDF, PS); however,
for our experiment, we convert non-text formats into text
and only make use of plain text les. For the purpose of
e ciency , extraction is performed only from the summariz-
ing parts (title, author names, abstracts and keyword elds)
and the rst page of each documert.

We obtained the nine most ambiguous author namesfrom
the entire data set asshown in Table 4, each of which has at
least 20 name variations. In the worst case(C. Chen), 103
authors share the same name.

Two steps of pre-processingare performed before the ex-
periments. First, author namesare extracted from individ-
ual documernts, ead of which contains the author metadata
assaiated with a unique paper identier. Second, author
referencesare extracted from citations by regular expres-
sions and manual correction. Rainbow is then applied to
form the document-term and document-author matrices.

Figure 4 plots the results of the CiteSeer data set on F1P
scoresand F1C scores. Clearly, our methods consistertly



Num of Agglo Spectral DBSCAN PLSA+Agglo LD A+Agglo
pages F1P F1C F1P F1C F1P Fi1C F1P FiC F1P Fi1C

Cheyer 97 0.580 0.211 | 0.602 0.333 | 0.852 0.650 | 0.920 0.677(10) | 0.935 0.725(20)
Cohen 88 0.515 0.208 | 0.500 0.210 | 0.742 0.520 | 0.888 0.625(10) | 0.850 0.625(10)
Hardt 81 0.350 0.159 | 0.362 0.267 | 0.744 0.577 | 0.755 0.625(5) 0.875 0.717(10)
Israel 92 0.700 0.455 | 0.720 0.466 | 0.855 0.680 | 0.952 0.877(20) | 0.975 0.841(20)
Kaelbling 89 0.825 0425 | 0.825 0.425| 0.875 0.739 | 0.972 0.757(10) | 0.955 0.767(20)
Mark 94 0.396 0.208 | 0.475 0.340 | 0.575 0.500 | 0.855 0.717(10) | 0.871 0.704(10)
McCallum 94 0.785 0.504 | 0.830 0.525 | 0.900 0.717 | 0.924 0.785(5) 0.955 0.824(10)
Mitc hell 92 0.750 0.487 | 0.762 0.485 | 0.785 0.490 | 0.850 0.776(20) | 0.824 0.643(20)
Mulford 94 0.555 0.322 | 0.573 0.305 | 0.853 0.727 | 0.911 0.826(10) | 0.926 0.833(10)
Ng 87 0.750 0.542 | 0.785 0.575 | 0.915 0.845 | 0.951 0.925(50) | 0.953 0.911(20)
Pereira 88 0.565 0.333 | 0.548 0.320 | 0.788 0.720 | 0.926 0.851(5) 0.946 0.923(5)
Voss 89 0.375 0.220 | 0.345 0.196 | 0.625 0.600 | 0.876 0.633(10) | 0.850 0.667(10)
Mean 90 0.596 0.340 | 0.611 0.371 | 0.792 0.647 | 0.909 0.756 0.911 0.765

Table 3: Clustering
and cluster-lev el pairwise F1 score( %) (F1C).

and DBSCAN metho ds.
results with optimal

outperform both greedy agglomerative clustering and spec-
tral clustering, and better than DBSCAN except for the M.
Jones class. Overall, PLSA and LDA achieve 92:3% and
93:6% pair-wise F1 metric, respectively, which shows a gain
of more than 40% and 86:6% improvemert over the spectral
clustering and greedy agglomerative clustering. DBSCAN
also achieves a comparativ e result (89:3%) in this case.

In terms of the cluster F1 metric, PLSA and LDA mod-
els have almost the same performance, both achieve signi -
cantly better results (more than 140%)than spectral cluster-
ing and agglomerative clustering. The relatively high F1C
scoresof our methods indicate that the number of unique
authors can be estimated with the number of achieved clus-
ters from the original data set.

lllustrativ e examples of these results are preserted in Ta-
ble 5, which summarizesthe results of the PLSA model by
showing the 10 highest probabilit y words along with their
corresponding conditional probabilities from 4 topics in the
CiteSeer data set. Additionally , we shov 3 author name
variations corresponding to the samepersonwith their prob-
ability for eac topic. The appearance of new authors is
handled by using the \folding-in" processdiscussedin Sec-
tion 3.3. Clearly, the selected 4 topics reveal that the 3
name variations have very high probability to be the same
author. The gure beneath depicts the probabilit y distribu-
tions over 50 topics, of which the three names exhibit quite
similar patterns.

Lik ewise, Table 6 lists the results from the LDA model.
We depict seweral topics that show the maximum di erences
in probabilities to disambiguate authors with exactly the
same name. As for the name \Y ang Song", one author has
very high probabilit y of topic 4 (0.2210) while the other are
highly related with topic 11 (0.2682), thus showing com-
pletely dierent patterns of their probability distributions
over topics. The samesituation can also be observed for the
author \Jun Yang" (see Table 7) by topic 40 (\Database")
and topic 42 (\Multimedia Retrieval®).

results of the Web App earances data set in terms of pair-lev el pairwise F1 Score( %) (F1P)
Greedy Agglomerativ e Clustering
approac h. Our approac hes (PLSA and LD A) consisten tly show better
The number of topics K is chosen from the set f2;5;10;20;50; 100, 200g. The best
K (giv en in paren theses) are presented here.

is compared as a baseline
results than both spectral clustering

Topic 13 Topic 24

\Image Categorization" \Con tent Retriev al"

classiers 0.0311 | feature 0.0318
region 0.0285 | learning 0.0216
image 0.0211 | content 0.0138
indexing 0.0157 | images 0.0130
photo 0.0152 | clusters 0.0130
colors 0.0133 | cluster 0.0130
color 0.0123 | retrieval 0.0112
extract 0.0111 | location 0.0112
aesthetics 0.0103 | query 0.0064
light 0.0085 | classiers 0.0061
James Wang 0.2721 | JamesWang 0.1478
J. Z. Wang 0.2215 | J. Z. Wang 0.1362
JamesZe Wang  0.2533 | JamesZe Wang 0.1577

Image Categorization =7~ James Wang
—+J. Z. Wang

-©- James Ze Wang|

Content Retrieval

Bioinformatics

Probability

Table 5: An illustrativ e example of the author-topic

relationships in the CiteSeer data set extracted by
the topic-based PLSA model. 10 most corresp ond-
ing words are shown for each topic. We summarize
the titles of the topics to the best of our under-
standing. Below each topic shows the probabilities

of authors with name variations. In this example
three names refer to the same person.



CiteSeer-F1P Scores

CiteSeer-F1C Scores
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Figure 4: Clustering results on the CiteSeer data set. 1:A. Gupta, 2:A. Kumar, 3:C. Chen, 4:D. Johnson,
5:J. Robinson, 6:J. Smith, 7:K. Tanaka, 8:M. Jones, 9:M. Miller.
Topic 4 Topic 11 Topic 40 Topic 42
\T ext Classi cation" \Vision & Motion" \Database" \Multimedia"
boosting 0.0473 | position 0.0486 query 0.0375 | retrieval 0.0411
text 0.0473 | motion 0.0411 xml 0.0321 | multimedia 0.0411
classi cation 0.0473 | perceive 0.0220 database 0.0321 | broadcast 0.0360
classi ers 0.0473 | vision 0.0220 scalability 0.0315 | video 0.0311
feature 0.0422 | label 0.0162 process 0.0315 | shot 0.0311
document 0.0215 | tracked 0.0162 storage 0.0215 | labeling 0.0311
corpora 0.0215 | moving 0.0111 memory 0.0215| ash 0.0215
words 0.0116 | actions 0.0111 performance 0.0113 | learning 0.0215
vectors 0.0116 | humans 0.0105 structure 0.0113 | visual 0.0215
dimensionality 0.0116 | visual 0.0105 generating 0.0113 | show 0.0215
Yang Song(PSU) 0.2210 | Yang Song(PSU) 0.0320 Jun Yang(Duke) 0.1258 | Jun Yang(Duke) 0.0398
Yang Song(Caltech)0.0202 | Yang Song(Caltech) 0.2682 Jun Yang(CMU) 0.0477 | Jun Yang(CMU) 0.2781

0.351

—+Yang Song(PSU)
=7 Yang Song(Caltech)|

0.3 Vision & Motion

7
0.25[fext Classification

Probability

Topics

Table 6: LD A topic distributions  of two authors with

the same name \Y ang Song".

6.3.1 Scalabilityandcomparisorof thetwo models

Theoretical issueof scalability for large-scaledata set has
not yet beenaddressedfor either PLSA or LDA. As aresult,
we empirically tested our modelsfor the entire CiteSeerdata
setwith more than 750,000documents. PLSA yields 418,500
unique authors in 2,570minutes, while LDA nishes in 4,390
minutes with 418,775 authors. Both are quite consistert
with previous results [12, 9]. Considering that our methods
only make useof a small portion of the text for ead instance
(metadata plus the rst page), we believe the framework can
be e cien t for large-scaledata sets.

The results of the two models are quite closeto eac other
in both metrics acrosstwo data sets; however, they may have
dierent generalization capabilities. In Figure 5, we show
the comparison betweenPLSA and LDA in terms of the ex-
ponertial of the negativelikelihood (a.k.a. perplexity), which
is commonly used as a measureof the generalization perfor-

Multimedia Retrieval

03F  [=—Jun Yang(Duke)|
=7 Jun Yang(CMU)|

Probability
o
ey
T

Database

Table 7: LD A topic distributions  of two authors with

the same name \Jun Yang".

mance of probabilistic models. Generally, lower perplexity
over a set of held-out test data indicates better performance.

Figure 5 depicts the results for the 2 models being com-
pared. Both models exhibit the overtting problem when
the number of topics K increases. Comparatively, LDA is
less sensitive to the change of K. This probably explains
why PLSA is not a fully genemtive model, since PLSA ap-
plies \folding-in" processto manage new documents. This
processassumesthat documernts in the testing set exhibit
the same topic distribution (E-step of the EM algorithm)
as those in the training set, which is not essetially true in
many cases.In LDA, by generating probabilit y with prede-
ned priors to testing documents, all documents esseially
exhibit the same topic distribution, thus no assumption is
required for new authors in the testing documents.

Nevertheless, the best performance for both models are
quite close, achieved when K is either 5 or 10.
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Figure 5: Exp onential of the Negativ e Lik eliho od of
the two models for the CiteSeer data set. X axis
shows the number of topics. Here we show the re-
sults of using 20% training data.

7. CONCLUSION

We have proposed a novel framework for unsupervised
name disambiguation by leveraging graphical Bayesianmod-
els and a hierarchical clustering method. Our approach has
been demonstrated to be more e ectiv e than other unsu-
pervised learning methods including spectral clustering and
DBSCAN. A seriesof experiments were performed that ver-
ied the advantages of our approach on both web data and
sciertic documents. Although our primary focusin this pa-
per is on personname disambiguation, our general approach
should be equally applicable to other entit y disambiguation
domains. Potential applications include noun phrases dis-
ambiguation, e.g., \tiger" as an animal, \tiger" as a golf
player, \tiger" the baseball team, \tiger" the operating sys-
tem or \tiger" for the new Java version. And of course, it
would be interesting to seewhether our framework can be
applied to automatic image annotation and other elds.
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