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Abstract

We present a generative model for unsuper-
vised coreference resolution that views coref-
erence as an EM clustering process. For
comparison purposes, we revisit Haghighi

and Klein’s (2007) fully-generative Bayesian

model for unsupervised coreference resolu-
tion, discuss its potential weaknesses and con-
sequently propose three modifications to their

complexity of coreference models, have made these
supervised approaches more dependent on labeled
data and less applicable to languages for which lit-
tle or no annotated data exists. Given the growing
importance of multi-lingual processing in the NLP
community, however, the development of unsuper-
vised and weakly supervised approaches for the au-
tomatic processing of resource-scarce languages has
become more important than ever.

model. Experimental results on the ACE data
sets show that our model outperforms their
original model by a large margin and com-
pares favorably to the modified model.

In fact, several popular weakly supervised learn-
ing algorithms such as self-training, co-training
(Blum and Mitchell, 1998), and EM (Dempster et
al., 1977) have been applied to coreference resolu-
tion (Ng and Cardie, 2003) and the related task of
pronoun resolution (Miller et al., 2002; Kehler et
Coreference resolution is the problem of identifyingal" 2004; Cherry and Bergsma, 2005). Given a small
which mentions (i.e., noun phrases) refer to WhiChnumber of coreference-annotated documents and a
d large number of unlabeled documents, these weakly

coreference corpora produced as aresult of the Mugjperwsed learners am _to mcrementally augment
conferences and the ACE evaluations has promptég€ 'abeled data by iteratively training a classffier
the development of a variety of supervised machin@” the labeled data and using it to label mention
learning approaches to coreference resolution in r€3'"> randomly drawn from the unlabeled documents
cent years. The focus of learning-based coreferen@ COREFERENTON NOT COREFERENT I_—|owe_ver,
research has also shifted from the acquisition of (élassﬁylng mentloq pairs using such iterative ap-
pairwise model that determines whether two menp_roaches is undesirable for cc_)refere_nce_ re_S(_)Iutlon:
tions are co-referring (e.g., Soon et al. (2001), N&lnce the non-goreferent mention pairs significantly
and Cardie (2002), Yang et al. (2003)) to the de_(_)utnumb_e_r their coreferent coun_terparts_, the result-
velopment of rich linguistic features (e.g., Ji et allnd C'?‘Ss'f'ers gengrally have an increasing tendency
(2005), Ponzetto and Strube (2006)) and the e>£9 (mis)label a pair as non—corefer_ent as bootstrap-
ploitation of advanced techniques that involve joinfJlng progres§es (see Ng and Cardie (2003)).
learning (e.g., Daumé Il and Marcu (2005)) and MOt'V_atEd In part by these results, we p'r'es'ent a
joint inference (e.g., Denis and Baldridge (2007)Peneratlve, unsupervised model for probabilistically

for coreference resolution and a related extraction iror co-training, a pair ofiew classifiers are trained; and
task. The rich features, coupled with the increasefdr EM, a generative model is trained instead.

1 Introduction

real-world entities. The availability of annotate
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inducing coreferencgartitions on unlabeleddoc- 2.2 The Model

uments, rather than classifying mention pairs, Viaag mentioned previously, our generative model op-
EM clustering (Section 2). In fact, our model COM-g a5 4t the document level, inducing a valid clus-

bines the best of two worlds: it operates at th?ering on a given documen®. More specifically,

document level, while exploiting essential Ilngwstlcour model consists of two steps. It first chooses a

constraints on coreferent mentions (€.g., gender ang,stering ' based on some clustering distribution
number agreement) provided by traditional palr\leqg(C) and then generatds givenC:
classification models. '

For comparison purposes, we revisit a fully- P(D,C) =P(C)P(D | C).
generative Bayesian model for unsupervised coref- 1o facilitate the incorporation of linguistic con-
erence resolution recently introduced by Haghighitraints defined on a pair of mentions, we represent
and Klein (2007), discuss its potential weaknesses py its mention pairsPairs(D). Now, assuming

and consequently propose three modifications at these mention pairs are generated conditionally
their model (Section 3). Experimental results on thghdependently of each other given;,

ACE data sets show that our model outperforms their
original model by a large margin and compares fa-

vorably to the modified model (Section 4). PD|C) = I[  Pmiy| Cy).

m;; €Pairs(D)

2 Coreference as EM Clustering Next, we representq;; as a set of seven features
that is potentially useful for determining whetheg

In this SeCtion, we will explain how we recast Un'andmj are coreferent (See Table %_Hence, we can
supervised coreference resolution as EM clusteringewrite P(D | C) as

We begin by introducing some of the definitions and . .
notations that we will use in this paper. 11 P(mij,...,m; | Cij),
m;; € Pairs(D)
2.1 Definitions and Notations wherem; is the value of theith feature ofin;;.
A mention can be a pronoun, a name (i.e., a proper To_reduce data sparseness gnd improve the es-
noun), or a nominal (i.e., a common noun). Am timation of the above probabilities, we make con-
tity is a set of coreferent mentions. Given a docugIitional independence assumptions about the gen-
ment D consisting ofn, mentions,m, e We eration of these feature values. Specifically, as
] 9ty T . . .
usePairs(D) to denote the set df}) mention pairs, shown in the first column of Table 1, we di-
{mi; | 1 < i < j < n), wherem,; is formed vide the seven features into thrgeoups (namely,
— — H 1 . . . . . .
from mentionsm. andm.. The pairwi;e probabil-  Strong coreference indicators, linguistic constraints,
7 e . .
ity formed fromm,; andm; refers to the probabil- anld mention tyP‘?S)v ”as_sumlng that _t]:NO featulre
ity that the pairm;; is coreferent and is denoted as/alues are condltlpna y independent if and only
Proyres(mij). A clustering of n mentions is am x if the correspondlng _features b_elong to differ-
n Boolean matrixC', whereC;; (the (,7)-th entry of ent groups. 1W|th th7|s assumptuon, we can de-
C)is 1 if and only if mentionsn; andm; are coref- C?mﬁoseP(mij,:l: 1My | 1(12--)2|nt03 a product
erent. An entry inC' is relevant if it corresponds © e 5prob6ab| ities: P (mz‘j’”}z‘j ymi | Cig),y
to a mention pair inPairs(D). A valid clustering £ (> M. ey | Cig), andP(mg; | Cyj). Each of
is a clustering in which the relevant entries satisf)}hes_e dl_strlbutlons represents a pair of mL_JItlnom_laI
the transitivity constraint. In other word§, is valid distributions, one for the coreferent mention pairs
if and only if (C;; = 1 A Cj, = 1) = Cjp = 1 (_Cij = ;) and the other for the non-coreferent men-
tion pairs (C;; = 0). Hence, the set of parameters

V1<i<j<k<n Hence, avalid clustering ¢ dol ) Pl 2. 3
corresponds to partition of a given set of mentions, ° o‘ir m50 86’9’ consists 07 (m",m%,m” | ¢),
E(m*,m*> m® | c),andP(m" | c).

and the goal of coreference resolution is to produc
a valid clustering in which each cluster corresponds 2gee soon et al. (2001) for details on feature value compu-
to a distinct entity. tations. Note that all feature values are computed autcaibti
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Feature Type | Feature ID Feature Description

Strong 1 STRMATCH | T if neither of the two mentions is a pronoun and after discaydleterminers,
Coreference the string denoting mentiom; is identical to that of mentiom;; else F.
Indicators 2 ALIAS T if one mention is an acronym, an abbreviation, or a nameamanf the

other; else F. For instancgjll Clinton and President Clinton are aliases, sd
areMIT andMassachusetts I nstitute of Technology.

3 APPOSITIVE | T if the mentions are in an appositive relationship; else F.
Linguistic 4 GENDER T if the mentions agree in gender; F if they disagree; NA ifdgrinformation
Constraints for one or both mentions cannot be determined.
5 NUMBER T if the mentions agree in number; F if they disagree; NA if meminforma-
tion for one or both mentions cannot be determined.
6 SEM_CLASS | T if the mentions have the same semantic class; F if they ddi#tif the
semantic class information for one or both mentions canaatdiermined.
Mention Types 7 NPTYPE the feature value is the concatenation of the mention typleeofwo mentions,

tit;, wheret;, t; € { PRONOUN NAME, NOMINAL }.

Table 1: Feature set for representing a mention pair. Thesfic§eatures are relational features that test whetheesom
property P holds for the mention pair under consideratioth iadicate whether the mention pairTRUE or FALSE
w.r.t. P; a value oNOT APPLICABLE is used when property P does not apply.

2.3 The Induction Algorithm a probability of one to the correct clustering of the
labeled document (see Section 4.1 for details).

To induce a clustering’ on a documenD, we run Aft timati i the M-st q
EM on our model, treating> as observed data and er (re-)estimatingd in the -Step, we proceed
to the E-step, where the goal is to find the condi-

C as hidden data. Specifically, we use EM to iterat—, | cluster babilit Gi q ¢
tively estimate the model paramete€s, from doc- lI;mt?\ clus et;mg ?ro a f' Hes. Ilvetn a docimen
uments that are probabilistically labeled (with clus-"" € number Of corelerence ClUSIETings 1S expo-

terings) and apply the resulting model to probabilis-nerrl[!al.tIn the t?ur?bertoftrr]nentli)hni D, evle:'g IfT
tically re-label a document (with clusterings). MoreV€ !IMIt our attention 1o those that are valld. 10

formally, we employ the following EM algorithm: cope with this computational complexity, we ap-

proximate the E-step by computing only the condi-
E-step: Compute the posterior probabilities of thetional probabilities that correspond to tié most
clusterings,P(C|D, ©), based on the curre®. probable coreference clusterings given the current

M-step: Using P(C|D, ©) computed in the E-step, ©. We identify the/V most probable clusterings and
find the © that maximizes the expected completé&éompute their probabilities as follows. First, using
log likelihood, "~ P(C|D,©) log P(D,C|©"). the current®, we reverse the generative model and
_ _ _ computeFP,,,.¢(m;;) for each mention paifn,; in

~ We begin the induction process at the M-stefo Pairs(D). Next, using these pairwise probabilities,
find the® that maximizes the expected complete log apply Luo et al’s (2004) Bell tree approach to
likelihood, we use maximum likelihood estimation . aference resolution to compute thebest clus-
with add-one smoothing. SincB(C|D, ©) is N0t tarings and their probabilities (see Section 2.4 for
ava'lla'lt.)le n the f!rst EM |terat|on, we instead us(?:ietails). Finally, to obtain the required conditional
an |n|_t|a| d's”'b%’“o” c_)ver clusterings?(C). The clustering probabilities for the E-step, we normalize
question, then, is: whicl(C') should we use? One o propapilities assigned to theé-best clusterings

possibility is the uniform distribution over all (possi- so that they sum to one.

bly invalid) clusterings. Another, presumably better,

choice is a distribution that assigns non-zero prot2.4 Computing the N-Best Partitions

ability mass to oply the valid clusterings. Yet an-pg described above, given the pairwise probabilities,
other possibility is to se?’(C') based on a docu- ye yse Luo et al.’s (2004) algorithm to heuristically

ment 'Iabeled with coreferepce information. Irl Of”compute theV'-best clusterings (or, more precisely,
experiments, we employ this last method, assigning;_pest partition®) and their probabilities based on

3Another possibility, of course, is to begin at the E-step by  *Note that Luo et al.’s search algorithm only produces valid
making an initial guess &. clusterings, implying that the resultiny-best clusterings are
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Input: M = {mx, ..., mn}: mentions,N: no. of best partitions has a score of one (line 2). Then it processes the
Output: N-best partitions ti tiall tarti ithy, (li 4
1: /linitialize the data structures that store partial partitions mentions squen la _y' starting wi 2 (line )
2. Hy:={PP:={[mi]}}, S(PP)=1 When processingn;, it takes each partial partition
3 Ha, ..., Hn =0 PP in H;_, and creates a set ath-order parti-

4: fori=2t . . . . .
o tions by extending® P with m; in all possible ways.

5./l process each partial partition

6. foreachPP e Hi-1 Specifically, for each clustet’ (formed by a subset
;f ]{é Pergcéi%ezcgljuster in PP of the firsti—1 mentions) inP P, the algorithm gen-
o ExtendPP to PP’ by linking m; to C erates a nevith-order partition,P P’, by linking m;
10: ComputeS(PP’) to C (line 9), and store?P’ in H; (line 11). The
1L Hi=H;0 {PP} score of PP', S(PP’), is computed by using the

12: ExtendP P to PP° by puttingm;; into a new cluster
13: ComputeS(PP?°)
14:  H;:= H,u{PP°%}
15: return N most probable partitions iff,, S(PP')=S(PP)- max Peoref(mui).

my €

pairwise coreference probabilities as follows:

Figure 1: Our implementation of Luo et al.’s algorithm Of course,PP can also be extended by putting

into a new cluster (line 12). This yieldBP?, an-

the Bell tree. Informally, each node in a Bell treeother partition to be inserted intd; (line 14), and
corresponds to atth-orderpartial partition (i.e., a
partition of the firsti mentions of the given docu- S(PP°) = 5‘5(PP)'(1—]€€{§H&>2§_1} Preoref(mui)),
ment), and theth level of the tree contaira| possi-
ble ith-order partial partitions. Hence, the set of leafvhered (the start penalty) is a positive constani(
nodes constitutes all possible partitions of all of thd) used to penalize partitions that start a new clus-
mentions. The search for thé most probable parti- ter. After processing each of thementions using
tions starts at the root, and a partitioning of the merfhe above steps, the algorithm returns fkiemost
tions is incrementally constructed as we move dowRrobable partitions i, (line 15).
the tree. Since an exhaustive search is computation-Our implementation of Luo et als search algo-
ally infeasible, Luo et al. employ a beam search prdithm differs from their original algorithm only in
cedure to explore only the most probable paths &rms of the number of pruning strategies adopted.
each step of the search process. Figure 1 shows o‘éjpecifically, Luo et al. introduce a number of heuris-
implementation of this heuristic search algorithm. tics to prune the search space in order to speed up the

The algorithm takes as input a setrofnentions Search. We employ only the beam search heuristic,
(and their pairwise probabilities), and returns tie With a beam size that is five times larger than theirs.
most probable partitionings of the mentions. It use®Uur larger beam size, together with the fact that we
data structures and theH;’s to store intermediate do not use other pruning strategies, implies that we
results. SpecificallyS(PP) stores the score of the are searching through a larger part of the space than
partial partition PP. H; is associated with theh them, thus potentially yielding better partitions.
level of the Bell tree, and is used to store the mo
probableith-order partial partitions. EacH; has a
maximum size of &': if more than 2V partitions To gauge the performance of our modeL we com-
are inserted into a givei;, then only the 2V most  pare it with a Bayesian model for unsupervised
probable ones will be stored. This amounts to prurgoreference resolution that was recently proposed by
ing the search space by employing a beam size gfaghighi and Klein (2007). In this section, we will
2N (i.e., expanding only the/Z most probable par- give an overview of their model, discuss its weak-
tial partitions) at each step of the search. nesses and propose three modifications to the model.

The algorithm begins by initializingZ; with the
only partial partition of order one{[m;]}, which 3.1 Notations
indeed partitions. This is desirable, as there is no reasons  FOr consistency, we follow Haghighi and Klein’s
to put non-zero probability mass on invalid clusterings. (H&K) notations. Z is the set of random variables

Sé Haghighi and Klein’s Coreference Model
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that refer to (indices of) entitiesg, is the set of wheren, is the number of mentions i~/ labeled
parameters associated with entity ¢ is the entire with entity indexz, andz,.., is a new entity index
set of model parameters, which includes all$h&.  not already inZz 7. To perform inference, we use
Finally, X is the set of observed variables (e.g., th&ibbs sampling (Geman and Geman, 1984) to gen-
head of a mention). Given a document, the goal igrate samples from this conditional distribution:

to find the most probable assignment of entity in- vy iy iy
dices to its mentions given the observed values. h(Zig|2™", ]) o< P(Z;5|27) P(Hi 4|2, H™)
other words, we want to maximiz€(Z|X). In a where the two distributions on the right are defined
Bayesian approach, we compute this probability bgs above. Starting with a random assignment of en-
integrating out all the parameters. Specifically,  tity indices to mentions, the Gibbs sampler itera-

tively re-samples an entity index according to this
P(Z|X) = /P(Z\Xa¢)P(¢’X)d¢- posterior distribution given the current assignment.
3.2 The Original H&K Model 3.2.2 Pronoun Head Model

fHead generation in the basic model is too simplis-
tic: it has a strong tendency to assign the same en-
tity index to mentions having the same head. This is
particularly inappropriate for pronouns. Hence, we
need a different model for generating pronouns.
3.2.1 Basic Model Before introducing this pronoun head model, we
The basic model generates a mention in a two-sté¢peed to augment the set of entity-specific param-
process. First, an entity index is chosen according ®ters, which currently contains only a distribution
anentity distribution, and then the head of the men-over heads«?). Specifically, we add distributions
tion is generated given the entity index based on aff;, ¢%, and ¢% over entity properties: ¢/, is a
entity-specifichead distribution. Here, we assume distribution over semantic type®€R ORG, LOC,
that (1) all headd{ are observed and (2) a mentionMISC), ¢% over gender IALE, FEMALE, EITHER,
is represented solely by its head noun, so nothingEUTER), and¢?, over numbergg, PL). We assume
other than the head is generated. Furthermore, viat each of these distributions is drawn from a sym-
assume that the head distribution is drawn from Eetric Dirichlet. A small concentration parameter
symmetric Dirichlet with concentratioh;;. Hence, IS used, since each entity should have a dominating
—ij value for each of these properties.

P(Hyj = hlZ, H™) ocnp : + Au Now, to estimatep,, ¢%, and ¢, we need to
where H; ; is the head of mentiori in document know the gender, number, and semantic type of each
i, andny, . is the number of times head is emit- mention. For some mentions (e.g., “he”), these
ted by entity indexz in (Z, H=%/).5 On the other properties are easy to compute; for others (e.g., “it"),
hand, since the number of entities in a document ey are not. Whenever a mention has unobserved
not known a priori, we draw the entity distribution properties, we need to fill in the missing values. We
from a Dirichlet process with concentrationa, ef-  could resort to sampling, but sampling these prop-
fectively yielding a model with an infinite number erties is fairly inefficient. So, following H&K, we
of mixture components. Using the Chinese restalkeep soft counts for each of these properties and use
rant process representation (see Teh et al. (2006)) them rather than perform hard sampling.

When an entity: generates a pronounusing the
pronoun head modéIit first generates a gendera
numbern, and a semantic typeindependently from

H&K also present a cross-document coreference modethe distributionsp?, ¢, and¢’; and then generates
but since it focuses primarily on cross-document corefegen , using the distributionP(H — h]G =g, N =
and improves within-document coreference performance by
only 1.5% in F-score, we will not consider this model here. "While pronouns are generated by this pronoun head model,
®H %7 is used as a shorthand fer— {H, ;}. names and nominals continue to be handled by the basic model.

The original H&K model is composed of a set 0
models: thebasic model and two other models
(namely, thepronoun head model and thesalience
model) that aim to improve the basic model.

a , if 2= zpew
n, , otherwise

P(ZZ] = Z|Z_i’j) X {
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n,T = t,0). Note that this last distribution is a Sa"e”TCC?PFeat““' Prgg‘;”“ galﬁ;e Ngrgé”a
glo_bal_distribu_tion that is independent of the chosen HIGH 0.55 0.28 0.17
entity index.f is a parameter drawn from a symmet- MID 0.39 0.40 0.21
i~ Diri i i Low 0.20 0.45 0.35
ric Dirichlet (with concentration\p) that encodes NONE 0.00 088 015

our prior knowledge of the relationship between a
semantic type and gpronpun. Forlnst.e?nce, given tITﬁ%ble 2: Posterior distribution of mention type given
type PERSON there is a higher probability of gener-
ating “he” than “it". As a result, we maintain a list
of compatible semantic types for each pronoun, anBl3 Modifications to the H&K Model

give a pronoun a count of (1 xp) if itis compatible - eyt we discuss the potential weaknesses of H&K’s
with the drawn semantic type; otherwise, we give if,,nqel and propose three modifications to it.
a count ofAp. In essence, we use this prior to prefer

the generation of pronouns that are compatible witRelaxed head generation. The basic model fo-
the chosen semantic type. cuses on head matching, and is therefore likely to
_ (incorrectly) positthe large airport and the small
3.2.3 Salience Model airport as coreferent, for instance. In fact, head
Pronouns typically refer to salient entities, so thenatching is a relatively inaccurate indicator of coref-
basic model could be improved by incorporatingerence, in comparison to the “strong coreference in-
salience. We start by assuming that each entity h@cators” shown in the first three rows of Table 1. To
an activity score that is initially set to zero. GiVenimprove H&K’s model, we replace head matching
a set of mentions and an assignment of entity inyith these three strong indicators as follows. Given
dices to mentionsZ, we process the mentions in ag document, we assign each of its mentiortead
left-to-right manner. When a mentiom, is encoun- jndex, such that two mentions have the same head
tered, we multiply the activity score of each entity byindex if and only if at least one of the three strong
0.5 and add one to the activity score of the entity tghdicators returns a value of True. Now, instead of
which m belongs. This captures the intuitive n0ti0ngenerating a head, the head model generates a head
that frequency and recency both play a role in detefngex, thus increasing the likelinood that aliases are
mining salience. Next, we rank the entities based Ofssigned the same entity index, for instance. Note
their activity scores and discretize the ranks into fivgnat this modification is applied only to the basic
“salience” bucketss: TOP (1), HIGH (2-3),MID (4— model. In particular, pronoun generation continues
6), Low (7+), andNONE. Finally, this salience in- to be handled by the pronoun head model and will
formation is used to modify the entity distributién: not pe affected. We hypothesize that this modifica-
P(Zij = 2|Z7%) < n, - P(M; ;|S;.;,Z) tion would improve precision, as the strong indica-
tors are presumably more precise than head match.
where 5; ; is the salience value of thith mention  Agreement constraints. While the pronoun head
in document, and M; ; is its mention type, which el naturally prefers that a pronoun be generated
can take on one of three values: pronoun, name, aw an entity whose gender and number are compati-
nominal. P(M; ;]S ;,Z), the distribution of men- pa with those of the pronoun, the entity (index) that
tion type given salience, was computed from H&K'§g re-sampled for a pronoun according to the sam-
development corpus (see Table 2). According t%ling equation forP(Z; ;|Z~"7, H) may still not be
the table, pronouns are preferred for salient e”titie%ompatible with the pronoun with respect to gen-
whereas names and nominals are preferred for enfier and number. The reason is that an entity in-
ties that are less active. dex is assigned based not only on the head distri-
®Rather than having just one probability term on the rightoution but also on the entity distribution. Since enti-
hand side of the sampling equation, H&K actually have a prodijes with many mentions are preferable to those with

uct of probability terms, one for each mention that appaates| ¢ mantions, it is possible for the model to favor
than mentiory in the given document. However, they acknowl-

edge that having the product makes sampling inefficient, and'€ @ssignment of a grammatically incompatible en-
decided to simplify the equation to this form in their evaioa.  tity (index) to a pronoun if the entity is sufficiently

salience (taken from Haghighi and Klein (2007))
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large. To eliminate this possibility, we enforce the BNEWS | NWIRE
. ... | Number of documents 51 29

agreement constraints at the global level. Specifi- | number of true mentions 2608 2630

cally, we sample an entity index for a given mention | Number of system mentions 5424 5197

with a non-zero probability if and only if the corre-

sponding entity and the head of the mention agree iffable 3: Statistics of the BNEWS and NWIRE test sets

gender and number. We hypothesize that this modi-

fication would improve precision.

_ _ the percentage of corefereniiaks in the reference
Pronoun-only salience. In Section 3.2.3, we mo- partition that appear in the system partition; preci-
tivate the need for salience using pronouns onlyion js computed in the same fashion as recall, ex-
since proper names can to a large extent be resolvegt that the roles of the reference partition and the
using string-matching facilities and are not particu—system partition are reversed. Asiak-based scor-
larly sensitive to salience. Nominals (especially defrng program, the MUC scorer (1) does not reward
inite descriptions), though more sensitive to saliencg,ccessful identification of singleton entities and (2)
than names, can also be resolved by simple stringsngs to under-penalize partitions that have too few
matching heuristics in many cases (Vieira and Pogspities. Theentity-based CEAF scorer was pro-
sio, 2000; Strube et al., 2002). Hence, we hypothesosed in response to these two weaknesses. Specif-
size that the use of salience for names and nomina}['sd”y’ it operates by computing the optimal align-
would adversely affect their resolution performancemant between the set of reference entities and the
as incorporating salience could diminish the role ofgt of system entities. CEAF precision and recall
string match in the resolution process, according tgye poth positively correlated with the score of this
the sampling equations. Consequently, we modifystimal alignment, which is computed by summing
H&K’s model by limiting the application of salience qyer each aligned entity pair the number of mentions
to the resolution of pronouns only. We hypothesizenat appear in both entities of that pair. As a conse-
that this change would improve precision. quence, a system that proposes too many entities or

. too few entities will have low precision and recall.
4 Evaluation

Parameter initialization. We use a small amount
of labeled data for parameter initialization for the
To evaluate our EM-based model and H&K’s modeltwo models. Specifically, for evaluations on the
we use the ACE 2003 coreference corpus, WhicBNEWS test data, we use as labeled data one
is composed of three sections: Broadcast Newandomly-chosen document from the BNEWS train-
(BNEWS), Newswire (NWIRE), and Newspapering set, which has 58 true mentions and 102 system
(NPAPER). Each section is in turn composed of aentions. Similarly for NWIRE, where the chosen
training set and a test set. Due to space limitationglocument has 42 true mentions and 72 system men-
we will present evaluation results only for the testions. For our model, we use the labeled document
sets of BNEWS and NWIRE, but verified that theto initialize the parameters. Also, we sat (the
same performance trends can be observed on NPAumber of most probable partitions) to 50 ah(the
PER as well. Unlike H&K, who report results us-start penalty used in the Bell tree) to 0.8, the latter
ing only true mentions (extracted from the answebeing recommended by Luo et al. (2004).

keys), we show results for true mentions as well as For H&K’s model, we use the labeled data to tune
system mentions that were extracted by an in-housge concentration parameter While H&K seta to
noun phrase chunker. The relevant statistics of thg 4 without much explanation, a moment’s thought
BNEWS and NWIRE test sets are shown in Table Jeveals that the choice of should reflect the frac-
Scoring programs. To score the output of the tion of mentions that appear in a singleton cluster.
coreference models, we employ the commonly-used/e therefore estimate this value from the labeled
MUC scoring program (Vilain et al., 1995) and thedocument, yielding 0.4 for true mentions (which is
recently-developed CEAF scoring program (Luogonsistent with H&K’s choice) and 0.7 for system
2005). In the MUC scorer, recall is computed asnentions. The remaining parameters, N'g are all

4.1 Experimental Setup
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set toe 4, following H&K. In addition, as is com- line, Degenerate EM performs consistently worse
monly done in Bayesian approaches, we do not saraecording to CEAF but generally better according to
ple entities directly from the conditional distribution MUC. This discrepancy stems from the aforemen-
P(Z|X); rather, we sample from this distribution tioned properties that MUC under-penalizes parti-
raised to the poweexp % wherec=1.5,i is the tions with too few entities, whereas CEAF lowers
current iteration number that starts at 0, an@the both recall and precision when given such partitions.

number of sampling iterations) is set to 20. Finallyo,r EM-based coreference model. Our model
due to sampling and the fact that the initial aSSignOperates in the same way as the Degenerate EM
ment of entity indices to mentions is random, all th%aseline, except that EM is run until convergence,
reported results for H&K's model are averaged oveyith the test set being used as unlabeled data for pa-
five runs. rameter re-estimation. Any performance difference
between our model and Degenerate EM can thus be
o ) _ _ attributed to EM'’s exploitation of the unlabeled data.
The Heuristic baseline. As our first baseline, we Results of our model are shown in row 3 of Tables
employ a simple rule-based system that posits W9 2nd 5. In comparison to Degenerate EM, MUC
mentions as coreferent if and only if at least one olf_-_Score increases by 4-5% for BNEWS and 4-21%
the three strong coreference indicators listed in Ta, NWIRE: CEAF F-score increases even more dra-
ble 1 returns True. Results of this baseline, repo”eﬁatically, by 10-17% for BNEWS and 16-27% for

in terms of recall (R), precision (P), and F-score (FNWIRE. Improvements stem primarily from large
using the MUC scorer and the CEAF scorer, ar?b

i X ains in precision and comparatively smaller loss in
shown in row 1 of Tables 4 and 5, respectively. Eac call. Such improvements suggest that our model

row 'n thesedtables ShOWS, perf?rm?ncgNuEs\llr\}g trufd?as effectively exploited the unlabeled data.
mentions and system mentions for the and |, comparison to the Heuristic baseline, we gener-

NWIRE data sets. As we can see, (1) recall is ge%{lly see increases in both recall and precision when

erally low, since this simple heuristic can only |den—System mentions are used, and as a result, F-score

E:fé:;mallljrgctlon _Of thel czre]‘r:arenr::e r('\a/:ezjtlcc:)ns; (ﬁ)lmproves substantially by 7-15%. When true men-
recall is consistently higher than reca ’téons are used, we still see gains in recall, but these

4.2 Results and Discussions

since CEAF also rewa_rds successful ide.nf[ification Yains are accompanied by loss in precision. F-score
non-gorefgrenpe relations; and (3) precision for'tru enerally increases (by 2-22%), except for the case
mentions is higher than that for system mention
since the number of non-coreferent pairs that satisﬁé/
the heuristic is larger for system mentions.

ith NWIRE where we see a 0.5% drop in CEAF
-score as a result of a larger decrease in precision.

. The Original H&K model. We use as our third
The Degenerate EM baseline. Our second base-
g baseline the Original H&K model (see Section 3.2).

line is obtained by running only one iteration of our . :
EM-based coreference model. Specifically, it start%esunsgOf this mgdel are shown in row 4 of Tables
and 57 Overall, it underperforms our model by 6-

with the M-step by initializing the model parame- ) ,
b by g b 6% in MUC F-score and 6-14% in CEAF F-score,

ters using the labeled document, and ends with t L . .
E-step by applying the resulting model (in combi- ue primarily to considerable drop in both recall and

nation with the Bell tree search algorithm) to obPrecision in almost all cases.
tain the most probable coreference partition for eachhe Modified H&K model.  Next, we incorporate
test document. Since there is no parameter rélurthree modifications into the Original H&K base-
estimation, this baseline is effectively a purely suline one after the other. Results are shown in rows
pervised system trained on one (labeled) documen®-7 of Tables 4 and 5. Several points deserve men-
Results are shown in row 2 of Tables 4 and 5’(_ioning. First, the addition of each modification im-
As we can see, recall is Consistenﬂy much highé?roves the F-score for both true and system mentions
than precision, s_qggestlng_ that the model has pro- ®The H&K results shown here are not directly comparable
duced fewer entities than it should. Perhaps moigii those reported in Haghighi and Klein (2007), since H&K
interestingly, in comparison to the Heuristic baseevaluated their system on the ACE 2004 coreference corpus.
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Broadcast News (BNEWS) Newswire (NWIRE)

True Mentions System Mentions True Mentions System Mentions

Experiments R P F R P F R P F R P F

1 | Heuristic Baseline 278 720 401 30.9 443 364 31.Z 703 433 36.3 534 43.2
2 [ Degenerate EM Baseline 63.6 531 579 70.8 36.3 48.0]| 645 426 513 69.0 251 36.8
3 | Our EM-based Model 56.1 714 628 424 ©6.0 51.6[ 470 683 55.7| 552 60.6 57.8
4 ["Haghighi and Klein Baselind 49.4° 60.2Z 54.3| 50.8 40.7 45.2| 447 555 495 430 409 4109
5| + Relaxed Head Generation53.0 65.4 58.6| 48.3 45.7 47.0|| 45.1 625 524 40.9 50.0 45.0
6| +Agreement Constraints | 53.6 68.7 60.2| 50.4 475 48.9| 44.6 63.7 525 417 512 46.0
7| +Pronoun-only Salience | 56.8 68.3 62.0 52.2 53.0 52.6 | 46.8 66.2 54.8/ 443 57.3 50.0
8 | Fully Supervised Model 53.7 70.8 61.I] 53.0 /0.3 604 520 ©69.6 59.6] 53.1 70.5 60.6

Table 4: Results obtained using the MUC scoring programhiferBroadcast News and Newswire data sets

Broadcast News (BNEWS) Newswire (NWIRE)
True Mentions System Mentions True Mentions System Mentions
Experiments R P F R P F R P F R P F
Heuristic Baseline 421 758 541 442 487 46.3|| 439 734 549 475 534 503
Degenerate EM Baseline 51.7Z 431 46.8| 53.7 26.8 35.8|| 51.0 305 382 451 186 26.3
Our EM-based Model 53.3 605 56.7] 475 59.6 529 49.2 ©60.7 54.4] 535 5Z1 5238

Haghighr and Klein Baseling 43.7 48.8 46.1] 46.0 339 39.0| 455 ©51.7 484 446 39.2 417
+ Relaxed Head Generation45.8 52.4 48.9| 45.4 39.6 42.3| 46.0 57.0 50.9 445 483 46.3
+ Agreement Constraints | 51.8 60.5 55.8 50.6 43.8 47.0|| 47.8 60.1 53.2| 46,5 504 48.4
+ Pronoun-only Salience | 53.9 59.9 56.7 | 52.3 49.9 51.1)| 496 628 554 | 474 557 51.2
Fully Supervised Model 55.0 633 588 56.2 ©64.2 599 54.7 ©64.7 59.3] 56.5 0654 ©60.6

O~NOUITRRWNE

Table 5: Results obtained using the CEAF scoring prograrthi®Broadcast News and Newswire data sets

in both data sets using both scorers. These resuldiverse set of features (the 34 features described in
provide suggestive evidence that our modificationslg (2007)) on a large training set (the entire ACE
are highly beneficial. The three modifications, wher2003 coreference training corpus), and cluster using
applied in combination, improve Original H&K sub- the Bell tree search algorithm. The fully supervised
stantially by 5-8% in MUC F-score and 7-12% inresults shown in row 8 of Tables 4 and 5 suggest that
CEAF F-score, yielding results that compare favoreur EM-based model has room for improvements,
ably to those of our model in almost all cases. especially when system mentions are used.

Second, the use of agreement constraints yields
larger improvements with CEAF than with MUC. i
This discrepancy can be attributed to the fact that Conclusions
CEAF rewards the correct identification of non-
coreference relations, whereas MUC does not. Sind#fe have presented a generative model for unsuper-
agreement constraints are intended primarily for disvised coreference resolution that views coreference
allowing coreference, they contribute to the succes&s an EM clustering process. Experimental results
ful identification of non-coreference relations and a#dicate that our model outperforms Haghighi and
aresult yield gains in CEAF recall and precision. Klein's (2007) coreference model by a large margin

Third, the results are largely consistent with ouon the ACE data sets and compares favorably to a
hypothesis that these modifications enhance pred¢podified version of their model. Despite these im-
sion. Together, they improve the precision of thgrovements, its performance is still not comparable
Original H&K baseline by 8-16% (MUC) and 11- to that of a fully supervised coreference resolver.

16% (CEAF), yielding a coreference model that A natural way to extend these unsupervised coref-
compares favorably with our EM-based approach. erence models is to incorporate additional linguis-
Comparison with a supervised model. Finally, tic knowledge sources, such as those employed by
we compare our EM-based model with a fully supereur fully supervised resolver. However, feature en-
vised coreference resolver. Inspired by state-of-thegineering is in general more difficult for generative
art resolvers, we create our supervised classificatianodels than for discriminative models, as the former
model by training a discriminative learner (the C4.8ypically require non-overlapping features. We plan
decision tree induction system (Quinlan, 1993)) withio explore this possibility in future work.
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