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Abstract

A given entity — representing a person, a location or an orga-
nization — may be mentioned in text in multiple, ambiguous
ways. Understanding natural language requires identifying
whether different mentions of a name, within and across doc-
uments, represent the same entity.

We present two machine learning approaches to this problem,
which we call the “Robust Reading” problem. Our first ap-
proach is a discriminative approach, trained in a supervised
way. Our second approach is a generative model, at the heart
of which is a view on how documents are generated and how
names (of different entity types) are “sprinkled” into them.
In its most general form, our model assumes: (1) a joint dis-
tribution over entities (e.g., a document that mentions “Presi-
dent Kennedy” is more likely to mention “Oswald” or “ White
House” than “Roger Clemens”), (2) an “author” model, that
assumes that at least one mention of an entity in a document
is easily identifiable, and then generates other mentions via
(3) an appearance model, governing how mentions are trans-
formed from the “representative” mention.

We show that both approaches perform very accurately, in the
range of90% — 95% Fi1 measure for different entity types,
much better than previous approaches to (some aspects of)
this problem. Our extensive experiments exhibit the contribu-
tion of relational and structural features and, somewhat sur-
prisingly, that the assumptions made within our generative
model are strong enough to yield a very powerful approach,
that performs better than a supervised approach with limited
supervised information.

Introduction

Reading and understanding text requires the ability to dis-
ambiguate at several levels, abstracting away details &nd u
ing background knowledge in a variety of ways. One of the
difficulties that humans resolve instantaneously and uncon
sciously is that of reading names. Most names of people,
locations, organizations and others, have multiple wggin
that are being used freely within and across documents.
The variability in writing a given concept, along with the
fact that different concepts may have very similar writings
poses a significant challenge to progress in natural largguag
processing. Consider, for example, an open domain ques-
tion answering system (Voorhees 2002) that attempts, given

Copyright © 2004, American Association for Artificial Intelli-
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a question like: “When was President Kennedy born?” to
search a large collection of articles in order to pinpoirt th
concise answer: “on May 29, 1917.” The sentence, and even
the document that contains the answer, may not contain the
name “President Kennedy”; it may refer to this entity as
“Kennedy”, “JFK” or “John Fitzgerald Kennedy”. Other
documents may state that “John F. Kennedy, Jr. was born
on November 25, 1960", but this fact refers to our target en-
tity’s son. Other mentions, such as “Senator Kennedy” or
“Mrs. Kennedy” are even “closer” to the writing of the tar-
get entity, but clearly refer to different entities. Evere th
statement “John Kennedy, born 5-29-1941” turns out to re-
fer to a different entity, as one can tell observing that the
document discusses Kennedy'’s batting statistics. A simila
problem exists for other entity types, such as locations and
organizations. Ad hoc solutions to this problem, as we show,
fail to provide a reliable and accurate solution.

This paper presents two learning approaches to the prob-
lem of Robust Readingcompares them to existing ap-
proaches and shows that an unsupervised learning approach
can be applied very successfully to this problem, provided
that it is used along with strong but realistic assumptiams o
the nature of the use of names in documents.

Our first model is a discriminative approach that mod-
els the problem as that of deciding whether any two names
mentioned in a collection of documents represent the same
entity. This straightforward modelling of the problem re-
sults in a classification problem — as has been done by sev-
eral other authors (Cohen, Ravikumar, & Fienberg 2003;
Bilenko & Mooney 2003) — allowing us to compare our
results with these. This is a standard pairwise classifica-
tion task, under a supervised learning protocol; our main
contribution in this part is to show how relational (string
and token-level) features and structural features, reptes
ing transformations between names, can improve the perfor-
mance of this classifier.

Several attempts have been made in the literature to im-
prove the results by performing some global optimization,
with the above mentioned pairwise classifier as the similar-
ity metric. The results of these attempts were not conatusiv
and we provide some explanation for why that is. We prove
that, assuming optimal clustering, this approach reduees t
error of a pairwise classifier in the case of two classes (cor-
responding to two entities); however, in the more general
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case, when the number of entities (classes) is greateRthan
global optimization mechanisms could be worse than pair-
wise classification. Our experiments concur with this. How-
ever, as we show, if one first splits the data in some coherent
way — e.g., to groups of documents originated at about the
same time period — this can aid clustering significantly.

This observation motivates our second model. We devel-
oped a global probabilistic model fé&tobust Readingde-
tailed in (Li, Morie, & Roth 2004). Here we briefly illustrate
one of its instantiations and concentrate on its experiaient
study and a comparison to the discriminative models. At the
heart of this approach is a view on how documents are gener-
ated and how names (of different types) are “sprinkled” into
them. In its most general form, our model assumes: (1) a
joint distribution over entities, so that a document thahme
tions “President Kennedy” is more likely to mention “Os-
wald” or “White House” than “Roger Clemens”; (2) an “au-
thor” model, that makes sure that at least one mention of a
name in a document is easily identifiable (after all, théés t
author’s goal), and then generates other mentions via (3) an

appearance model, governing how mentions are transformed

from the “representative” mention.

Our goal is to learn the model from a large corpus and use
it to supportRobust ReadingGiven a collection of docu-
ments we learn the model in amsupervisedvay; that is,
the system is not told during training whether two mentions

represent the same entity. We only assume, as in the discrim-

inative model above, the ability to recognize names, using a
named entity recognizer run as a preprocessor.

Our experimental results are somewhat surprising; we

show that the unsupervised approach can solve the prob-

lem accurately, giving accuracieB}() above90%, and bet-

ter than our discriminative classifier (obviously, with & lo
more data). In the rest of the paper, we further study the dis-
criminative and generative model in an attempt to provide
explanations to the success of the unsupervised approach
and shed light on the problem of Robust Reading and hope-
fully, many related problems. Our study addresses two is-
sues: (1) Learning Protocol: A supervised learning apgroac
is trained on a training corpus, and tested on a different one
necessarily resulting in some degradation in performance.
An unsupervised method learns directly on the target cor-
pus. The difference, as we show, is significant. (2) Stradttur
assumptions: we show that our generative model benefits
from the assumptions made in designing it. This is shown
by evaluating a fairly weak initialization of model parame-
ters, which still results in a model f&Robust Readingvith

ument or a paragraph, based on their appearance and lo-
cal context. In the context of databases, several works
have looked at the problem of record linkage - recognizing
duplicate records in a database (Cohen & Richman 2002;
Hernandez & Stolfo 1995; Bilenko & Mooney 2003; Doan
et al. 2003). Specifically, (Pasulet al. 2002) considers
the problem of identity uncertainty in the context of cita-
tion matching and suggests a probabilistic model for that.
One of the few works we are aware of that works directly
with text data and across documents, is (Mann & Yarowsky
2003), which considers one aspect of the problem — that of
distinguishing occurrences adentical names in different
documents, and only gfeople(e.g., do occurrences of “Jim
Clark” in different documents refer to the same person?).

The rest of this paper first presents the experimen-
tal methodology and data used in our evaluation; it then
presents the design of our pairwise name classifier, a com-
parison to other classifiers in the literature, and a discus-
sion of clustering on top of a pairwise classifier. Finallg w
present the generative model and compare the discriménativ
and generative approaches along several dimensions.

Experimental Methodology

In our experimental study we evaluated different models on
the problem of robust reading for three entity types: Peo-
ple (Peop), Locations (Loc) and Organizations (Org). We
collected8, 000 names from randomly sampled 1998-2000
New York Times articles in the TREC corpus (Voorhees
2002) (about4, 000 personal namés 2,000 locations and
2,000 organizations). The documents were annotated by a
named entity tagger for these entity types. The annotation
was then manually corrected and each name mention was
labelled with its corresponding entity by two annotatadss.
pairs of training and test sets witd0 names in each data
set are constructed for each of the three entity types by ran-

.domly picking from the8, 000 names.

For the discriminative classifier, given a training set, we
generated positive training examples using all co-refgrri
pairs of names, and negative examples by randomly select-
ing (10 times that number of) pairs of names that do not refer
to the same entity. The probabilistic model is trained using
larger corpus. The results in all the experiments in thiepap
are evaluated using the same test sets, except when compar-
ing the clustering schemes. For a comparative evaluation,
the outcomes of each approach on a test set of names are
converted to a classification over all possible pairs of reme
(including non-matching pairs). Since most pairs aredtivi

respectable results. We leave open the question of how muchnegative examples, and the classification accuracy can al-

data is required for a supervised learning methods before it
can match the results of our supervised learner.

There is little previous work we know of that directly ad-
dresses the problem of Robust Reading in a principled way,

but some related problems have been studied. From the nat-

ural language perspective, there has been a lot of work on
the related problem of coreference resolution (Soon, Ng, &
Lim 2001; Ng & Cardie 2003; Kehler 2002) — which aims
at linking occurrences of noun phrases and pronouns, typ-
ically occurring in a close proximity within a short doc-

ways reach nearly00%, only the set),, of examples that

are predicated to belong to the same entity (positive predic
tions) are used in evaluation, and are compared with the set
M, of examples annotated as positive. The performance of

[M,, (| Ma|

an approach is then evaluated by Precidiba- D
2PR

| M, M,|
RecallR = MLG andF; yoy A
shown and compared in this paper.

Only F} values are

'Honorifics and postfixes like “Jr.” are parts of a personal name.
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A Discriminative Model

The Robust Readingroblem can be formalized as pairwise
classification: Find a functiorf : N x N — {0,1} which
classifies two strings (representing entity writings) ie th
name spaceV, as to whether they represent the same en-
tity (0) or not (1). Most prior work adopted fixed string
similarity metrics and created the desired function by sim-
ply thresholding the similarity between two names. (Cohen,
Ravikumar, & Fienberg 2003) compared experimentally a
variety of string similarity metrics on the task of matching

Figure 1:There are two possible features for tokein the smaller
partition but only the higher priority Equality feature is activated.

F1 (%) Marlin SoftTFIDF | LMR

entity names and found that, overall, the best-performing Peop 383 39.0 905
method is a hybrid scheme (SoftTFIDF) combining a TFIDF g;; w3 o o

weighting scheme of tokens with the Jaro-Winkler string-
distance scheme. (Bilenko & Mooney 2003) proposed a Taple 1: Performance of Different Pairwise Classifiers in an
learning framework (Marlin) for improving entity matching  |dentical Setting. Results are evaluated in the averdgevalue
using trainable measures of textual similarity. They com- over the 5 test sets for each entity type with 600 names in each of
pared a learned edit distance measure and a learned vecthem. The columns are different classifiers and LMR is our classi-
tor space based measure that employs a classifier (SVM) fier. The learned classifiers are trained using corresponding training
with fixed measures (but not the ones mentioned above) and Sets with 600 names.
showed some improvements in performance. -

We propose a learning approadtyIR, that focuses on  ® Equality: both names are equal.
representing a given pair of names using a collection of e Edit Distance: the tokens have an edit-distance. of

relational (string and token-level) and structural feasur Svmbol Man: token i boli i ¢
Over these we learn, for each entity type, a linear classi- ® SYMRPO! Map: one loken IS a Symbolic representative o

fier, that we train using the SNoW (Sparse Network of Win-  the other (*and” and “&”).

nows (Carlsoret al. 1999)) learning architecture. A fea- Relational features are not sufficient, since a non-
ture extractor automatically extracts active featuresdata- matching pair of names could activate exactly the same set
driven way for each pair of names. Our decision is thus of ¢ token-hased features as a matching pair. Consider, for

the form: example, two names that are all the same except that one
f(n1,n2) = arg max f'(n1,ns) = arg max Zwl fi (D) has an additional token. Owtructural features were de-
tefo.1} tefo, signed to avoid this phenomenon. These features encode

. , . . information on the relative order of tokens between the two
wherew;,, is the weight of featurg; in the function". names, by recording the location of the participating taken
Feature Extraction in the partition. E.g., for the pairs (“John Kennedy”,“John
An example is generated by extracting features from a pair Kennedy”) and (“John Kennedy”, “John Kennedy Davis"),
of names. Two types of features are used: relational femature the active relational features are identical; but, the fiest
representing mappings between tokens in the two names, activates the structural featured;2)” and “(1,2)", while
and structural features, representing the structurastoan the second pair activatesl’, 3)” and “(1,0, 2)".
mations of tokens in one name into tokens of the other. ) )

Each name is modelled as a partition in a bipartite graph, Experimental Comparison
with each token in that name as a vertex (see Fig. 1). Atmost Table 1 presents the averade using three different pair-
one token-based relational feature is extracted for eagl ed wise classifiers on the test sets we described before. The
in the graph, by traversing a prioritized list of featuredgp  best results of each classifier using a uniform threshold for
until a feature is activated; if no active features are fqund each entity type are shown here. The LMR classifier outper-
it goes to the next pair of tokens. This scheme guarantees forms the non-learning SoftTFIDF classifier and the learned
that only the most important (expressive) feature is atgtva  classifier (Marlin), under identical conditions.
for each pair of tokens. An additional constraint is thatreac Table 2 shows the contribution of our feature types to
token in the smaller partition can only activate one feature the performance of LMR. ThBaselineclassifier only uses
We usel3 types of token-based features. Some of the inter- string-edit-distance features and “Equality” featureshe T
esting types are: Token-Basedlassifier uses all relational token-based fea-

o Honorific Equa|: active if both tokens are honorifics and tures while theStructural classifier uses, in addition, the
equal. An honorific is a title such as “Mr.”, “Mrs.”, “Pres-

ident”, “Senator” or “Professor”. F1(%) | Baseline | Token-Based| Structural
. . . Peop 61.0 80.8 90.5
e Honorific Equivalence: active if both tokens are hon- Loc 730 88.8 925
orifics, not equal, but equivalent (“Professor”, “Prof.”). Org 822 583 930
e Honorific Mismatch : active for different honorifics. Table 2:Contribution of Different Feature Sets The LMR clas-
o NickName: active if tokens have a “nickname” relation sifier is trained with different feature sets using the 5 training sets.
(“Thomas” and “Tom”). Results are evaluated in the averdgevalue over the 5 test sets

for each entity type with 600 names in each of them.
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structural features. Adding relational and structuratifess
types is very significant, and more soReopledue to the
larger amount of overlapping strings in different entities

Does Clustering Help ?

There is a long-held intuition that using clustering on top
of a pairwise classifier might reduce its error; several work
(Cohen, Ravikumar, & Fienberg 2003; McCallum & Well-
ner 2003) have thus applied clustering in similar tasks. How
ever, we prove here that while optimal clustering always
helps to reduce the error of a pairwise classifier when there
are two clusters (corresponding to two entities), in gelnera
for k classes and > 2, it is not the case.

A typical clustering algorithm views data pointse N
to be clustered as feature vectars= (f1, fa,..., fa) In
a d-dimensional feature space. A data painis in one of
k classe” = {Cy,Cs,...,Cy}. From a generative view,
the observed data poin® = {ny,ns,...,n;} are sam-
pled i.i.d. from a joint probability distributiorP defined
over tuples(n,c) € N x C (P is a mixture ofk models).
A distance metrialist(ni,ns) is used to quantify the dif-
ference between two points. Clustering algorithms differ i
how they approximate the hidden generative models given
D.

Definition 1 Given two i.i.d sampled data points,c;)
and(ng,c2) € N x C with onlyn,, n, observed and;, co
hidden, andPy « ¢, the problem of Robust Reading is to find
afunctionf : N x N — {0, 1} which satisfies:

f(nl,’flg) =0 iff C1 = Co (2)
Definition 2 The pairwise classification in this setting is:
fp(ni,n2) =0 = dist(n1,ne) <T €))

whereT > 0 is a threshold. The clustering based decision:

fe(n1,m2) =0 = argmax;p(n1|C;) = argmaz;p(nz2|C;)
4)

Definition 3 The error rate of the pair functioif is:

err(f) = Ep(f(n1,n2) # I(n1,n2)) (5)
wherel(ni,ny) =0 iff ¢ = co;1, otherwise.
Lemma 1 Assume data is generated according to a uniform
mixture ofk Gaussians? = {g1, g2, - - ., gx } With the same
covariance (i.e., a data point is generated by first choos-
ing one ofk models with probabilityp, (pr = 1/k), and
then sampling according to theth Gaussian chosen.), and

suppose we find the correktGaussian distributions after
clustering, then fok = 2 andVvT,

err(fe) <err(fp) (6)
However, this doesn't hold in general for> 2.

Proof (sketch)? It's easy to see that the probability den-
sity over tuples inV x C'is f(n,c;) = 1 * g;(n). The error
rateserr(f.) anderr(f,) can be computed using the den-
sity function. Thus, fok = 2, we geterr(f.) = £ — 1 A2,

2The assumption of Gaussian distributions can be relaxed.

whereA = §.[g1(X) — g2(X)]dX, andR is the area in the

feature space that satisfigg X) > ¢1(X) (X € N). Ris
a half space here. We also have:

err(fp) = 3 — 5 $plo2(X1) — g1(X1))d Xy X
$ar ey 192(X2) — 91(X2)]dX2 > err(fe)

where M (X;,T) is the sphere area in the feature space
whose point X satisfieglist(X;,X) < T. This is so
since fM(XhT)[QQ(Xz) - 1(X2)]dXy < fR[gz(XQ) -

g1 (XQ)]dXQ

Fork > 2, we can computerr( f.) anderr(f,) in a sim-
ilar way and compare them. We found that in this case, each
can be smaller than the other in different cases. Specificall
whenY¥ | g,(n) > 2 % g;(n) for all j andn, andT’ — 0,
we haveerr(f.) > err(fy).

To study this issue experimentally, we designed and com-
pared several clustering schemes for febust Reading
task. In a Direct clustering approach, we cluster named
entities from a collection of documents with regard to the
target entities, all at once. That is, the entities are viewe
as the hidden classes that generate the observed named en-
tities in text. The clustering algorithm used is a standard
agglomerative clustering algorithm based on complete-lin
(which performed better than other clustering methods we
attempted). The evaluation, column 2 of Table 3, shows a
degradation in the results relative to pairwise classificat

Although, in general, clustering does not help, we at-
tempted to see if clustering can be helped by exploiting some
structural properties of the domain. We split the set of doc-
uments into three groups, each originated at about the same
time period, and clustered again. In this case (columns Hier
(Date) — Hierarchically clustering according to Datesg th
results are significantly better than Direct clustering. We
then performed a control experiment (Hier (Random)), in
which we split the document set randomly into three sets of
the same sizes as before; the deterioration in the results in
this case indicate that exploiting the structure is sigaiftc

The data set used here was different from the one used in
other experiments. They were created by randomly selecting
600 names for each entity type from the documents of years
1998 — 2000. The 1,800 names for each entity type were
randomly split into equal training and test set. We trained
the LMR pairwise classifier for each entity type using the
corresponding annotated training set and cluster theeest s
with LMR evaluated as a similarity metric.

A Generative Model for Robust Reading

Motivated by the above observation, we describe next a gen-
erative model folRobust Readingdesigned to exploit doc-
uments’ structure and assumptions on how they are gener-
ated. The details of this model are described in (Li, Morie,
& Roth 2004). Here we briefly describe one instantiation

3Given the activation values of the classifier, we define the dis-
tance metric as follows. Leb,n be the positive and negative
activation values, respectively, for two names and ns; then,

dist(ni,n2) = ﬁ.
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F1 (%) LMR Direct Hier. (Date) | Hier. (Random) F1 (%) Marlin SoftTFIDF | LMR Generative
Peop 81.9 78.6 79.9 76.7 Peop 88.3 89.0 90.5 95.1
Loc 89.6 88.1 88.4 88.8 Loc 77.3 90.5 92.5 87.8
Org 92.7 91.9 96.3 92.2 Org 78.1 87.7 93.0 96.7
Table 3:Best Performance of Different Clustering Approaches Table 4: Discriminative and Generative Models Results are

(Various parameter settings, including different numbers of clus- evaluated by the averagé values over the 5 test sets for each
ters were experimented within Direct Clustering.) ‘LMR’ repre- entity type. “Marlin”, “SoftTFIDF” and “LMR” are the three pair-
sents our pairwise classifier. The other three columns are different wise classifiers; “Generative” is the generative model.

clustering schemes. Results are evaluated byFthealues using

the best threshold in experiments. The test set has 900 names for F1 (%) [ LMR [ Generative (all) | Generafive (unseen data)
' Peop 90.5 95.1 88.8
eaCh entlty type Loc 92.5 87.8 78.2
Org 93.0 96.7 84.2
E

Table 5: Results of Different Learning Protocols for the Gen-
erative Model. The table shows the results of our supervised clas-
! sifier (LMR) trained with 600 names, the generative model trained
ittt ittt et ey ittt with all the8, 000 names and the generative model trained with the
1 part of8, 000 names not used in the corresponding test set. Results
are evaluated and averaged over 5 test sets for each entity type.

House of
Representatives

House of
Representatives

Rd

Representatives to P(r¢|ed) and for each representative the actual mentions
are selected independently accordinth(On;l\r?). Assum-

M‘d ing conditional independency betwedri? and E¢ given

\{President Kennedy, Kennedy, JFK} {House of Representatives, The House} R, the probability distribution over documents is therefore

P e e e e e e e e e e = 4

Figure 2: Generating a document

md

7<
[0)
>
>
0]
Q
<

House of | the representative for each entitye? is selected according

P(d) = PEY R MY =PEYPRE")P(MRY
of the model (Model 1l there) and concentrate on its experi- |E4|
mental study and a comparison to the discriminative models. ~ H [P(e)P(riled)] H P(mi|rd)

i=1 rd md
We define a probability distribution over documetits- i)
{E4, R, M?}, by describing how documents are being gen-  after we ignore the size components.
erated. In its most general form the model has the follow- ~ Given a mentionn in a documentd (M¢ is the set of
ing three components: (1) A joint probability distribution observed mentions i), the key inference problem is to de-
P(E?) that governs how entities (of different types) are dis- termine the most likely entity;, that corresponds to it. This
tributed into a document and reflects their co-occurrenee de is done by computing:

endencies. (When initializing the model described here, d Vod
\F/)ve assume th(at entities are chhosen independently of each E" = argmazp cpP(E, BY, M|9), Q)
other.) (2) One mention of a name in a document, a rep- where ¢ is the learned model's parameters. This gives
resentativer? is easily identifiable and other mentions are the assignment of the most likely entity, for m. And
generated from it. The number of entities in a document, the probability of the document collectiaR is: P(D) =
size(E?), and the number of mentions of each entityif, [Lyep P(d).
size(M{), are assumed in the current evaluation to be dis- The model parameters are learned in an unsupervised way
tributed uniformly over a small plausible range so that they given a collection of documents: that is, the information
can be ignored in later inference. (3) Tagpearance prob-  whether two mentions represent the same entity is unavail-
ability of a name generated (transformed) from its represen- able during training. A greedy search algorithm modified
tative is modelled as a product distribution over relatlona after the standard EM algorithm is adopted here to simplify
transformations of attribute values. This model captunest the computation. Given a set of documefitsto be stud-
similarity between appearances of two names. In the current jed and the observed mentiong? in each document, this
evaluation the same appearance model is used to calculate
both the probability?(r|e) that generates a representative

given an entitye and the probability”(m|r) that generates I s
a mentionm given a representative Attribute transforma- Loc 78 | 850

tions are relational, in the sense that the distributionvex o
transformation types and independent of the specific names. Taple 6: Performance of Simple Initialization. “Generative”

Fig. 2 depicts the generation process of a docuniemhus, — the generative model learned in a normal way. “Initial” — the

in order to generate a documentafter pickingsize(E?) parameters of the generative model initialized using some simple
and {size(M{), size(M), ...}, each entitye? is selected heuristics and used to cluster names. Results are evaluated by the
into d independently of others, according R{e?). Next, averagel; values over the 5 test sets for each entity type.
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algorithm iteratively updates the model paramétéseveral
underlying probabilistic distributions described bejozad
the structure (that i<y? and R?) of each document by im-
proving P(D|#). Unlike the standard EM algorithm, in the
E-step, it seeks the most likelg¢ and R? for each docu-
ment rather than the expected assignment.

There is an initial step to acquire a coarse guess of docu-
ment structures and to seek the set of entifiés a closed
collection of document®. A local clustering is performed
to group all mentions inside each document. A set of sim-
ple heuristics of matching attributlis applied to computing
the similarity between mentions, and pairs of mentions with
similarity above a threshold are clustered together.

A Comparison between the Models

We trained the generative model in an unsupervised way
with all 8,000 names. The somewhat surprising results are
shown in Table 4. The generative model outperformed the
supervised classifier for People and Organizations. That is
by incorporating a lot of unlabelled data, the unsupervised
learning could do better. To understand this better, and to
compare our discriminative and generative approaches fur-
ther, we addressed the following two issues:

Learning protocal A supervised learning approach is
trained on a training corpus, and tested on a different one
resulting, necessarily, in some degradation in perforrmanc
An unsupervised method learns directly on the target corpus
This, as we show, can be significant. In a second experiment,
in which we do not train the generative model on names it
will see in the test set, results clearly degrade (Table 5).

Structural assumptions: Our generative model bene-
fits from the structural assumptions made in designing the
model. We exhibit this by evaluating a fairly weak initiaiz
tion of the model, and showing that, nevertheless, thidtesu
in aRobust Readinghodel with respectable results. Table 6
shows that after initializing the model parameters with the
heuristics used in the EM-like algorithm, and without fetth
training (but with the inference of the probabilistic model
the generative model can perform reasonably well.

Conclusion

The paper presents two learning approaches to the “robust
reading” problem — cross-document identification of names
despite ambiguous writings. In addition to a standard mod-
elling of the problem as a classification task, we developed

a model that describes the natural generation process of a

document and the process of how names are “sprinkled”
into them, taking into account dependencies between enti-
ties across types and an “author” model. We have shown
that both models gain a lot from incorporating structural an
relational information — features in the classification relod
coherent data splits for clustering and the natural geioerat
process in the case of the probabilistic model.

The robust readingproblem is a very significant barrier
on our way toward supporting robust natural language pro-

cessing, and the reliable and accurate results we show are

“E.g., one example of a heuristics i§:mentionn; is a sub-
string of mentiomz, then their similarity i0.8.

thus very encouraging. Also important is the fact that our
unsupervised model performs so well, since the availgbilit
of annotated data is, in many cases, a significant obstacle to
good performance in NLP tasks.

In addition to further studies of the discriminative model,
including going beyond the current noisy supervision (give
at a global annotation level, although learning is done lo-
cally). exploring how much data is needed for a super-
vised model to perform as well as the unsupervised model,
and whether the initialization of the unsupervised modsl ca
gain from supervision, there are several other criticaléss
we would like to address from the robust reading perspec-
tive. These include (1) incorporating more contextual in-
formation (like time and place) related to the target esmiti
both to support a better model and to allow temporal tracing
of entities; (2) studying an incremental approach to leagni
the model and (3) integrating this work with other aspect of
coreference resolution (e.g., pronouns).
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