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Chapter 1

In tro duction and General

Ov erview

Massimo P o esio

1.1 In tro duction

The goal of the elerfed 2007 Johns Hopkins W orkshop w as to explore the

con tribution of lexical and encyclop edic kno wledge to three di�eren t v ersions

of the En tit y Disam biguation task.

The term en tit y disam biguation refers to the task of iden tifying whic h

men tions of en tities in do cumen ts refer to the same ob ject, and whic h in-

stead refer to di�eren t ones. The term in tra-do cumen t coreference , or

idc , will b e used to indicate en tit y disam biguation limited to men tions o c-

curring in the same do cumen t only . This task is also called simply 'coref-

erence' or 'en tit y trac king' when only links b et w een men tions realized with

prop er names are established (as in Prime Minister Gor don Br own . . . Mr.

Br own ) and 'anaphora resolution' when all anaphoric men tions are consid-

ered (as in Prime Minister Gor don Br own . . . he ).

1

By con trast, the term

cross-do cumen t coreference , or cdc will b e used to indicate the task of

iden tifying coreference across do cumen ts. Both idc and cdc can b e consid-

ered clustering problems (Cardie and W agsta� 1999), in whic h the goal is to

cluster men tions forming so-called coreference c hains . A simpli�ed form

of cdc is the so-called w eb en tit y task, whic h is based on the assumption

that eac h do cumen t is only ab out one p erson, and where do cumen ts instead

1

There is considerable theoretical discussion concerning the prop er c haracterization of

this task: see, e.g., (v an Deem ter and Kibble 2000; P o esio 2004a).
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of men tions are clustered. (Instances of this task are the w eb p eople task

at semev al (Artiles et al. 2007) and the Sp o c k Challenge.)

The motiv ation for this w orkshop w as the gro wing evidence that large

corp ora suc h as the W eb and comm unit y-built rep ositories of kno wledge suc h

as Wikip edia ma y help us solv e the single biggest problem in en tit y disam-

biguation, the need for large amoun ts of lexical and encyclop edic kno wledge

to trac k en tities. F or instance, lexical kno wledge�that pr op osal and plan

are quasi-synon yms�is necessary to iden tify the Packwo o d pr op osal as the

an teceden t for the Packwo o d plan in the follo wing example.

(1.1) a. The P ac kw o o d prop osal w ould reduce the tax dep ending on ho w

long an asset w as held. It also w ould create a new IRA that w ould

shield from taxation the appreciation on in v estmen ts made for a wide

v ariet y of purp oses, including retiremen t, medical exp enses, �rst-home

purc hases and tuition.

b. A White House sp ok esman said Presiden t Bush is "generally supp ort-

iv e" of the P ac kw o o d plan .

Whereas in the follo wing example, kno wing that The F CC is an agency is

necessary to c ho ose b et w een that p ossible an teceden t and the other most

lik ely candidate, A T&T .

(1.2) a. The F CC to ok three sp eci�c actions regarding [A T&T]. By a 4-0 v ote,

it allo w ed A T&T to con tin ue o�ering sp ecial discoun t pac k ages to big

customers, called T ari� 12, rejecting app eals b y A T&T comp etitors

that the discoun ts w ere illegal.

b. The agency said that b ecause MCI's o�er had expired A T&T couldn't

con tin ue to o�er its discoun t plan.

Early w ork in nlp suggested that hand-co ding suc h kno wledge w ouldn't scale

up; the result had b een abandoning the hop e to ac hiev e high p erformance on

the coreference resolution task. Ho w ev er, more recen tly , metho ds for auto-

matically extracting features enco ding suc h kno wledge from corp ora (P o esio

et al. 2004; Mark ert and Nissim 2005; V ersley 2007) and Wikip edia (P onzetto

and Strub e 2006) ha v e b een sho wn to lead to impro v ed results: for instance,

the kno wledge that the F CC is an agency , needed to in terpret (1.2) correctly ,

is all con tained in the �rst paragraph of the Wikip edia en try for the F CC.

W ork suc h as (Bunescu and P asca 2006) suggests that lexical and encyclo-

p edic kno wledge ma y also lead to impro v ed results at the cross-do cumen t

coreference and w eb p eople tasks.

In the rest of this in tro ductory c hapter w e �rst brie�y summarize the

state of the art in En tit y Disam biguation, then w e summarize the researc h
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carried out during the w orkshop and its preliminary results, in the order in

whic h the w ork is then presen ted in more detail in the rest of the rep ort. W e

�rst rep ort on our w ork on W eb P eople and Cross-Do cumen t Coreference.

W e then discuss our w ork on In tra Do cumen t Coreference, divided in three

parts: a discussion of the bar t idc arc hitecture, follo w ed b y a discussion

of our researc h on statistical mo dels of coreference; after whic h w e discuss

our w ork on extracting lexical and encyclop edic kno wledge. In the end,

w e discuss our w ork on ev aluating en tit y disam biguation, in particular our

e�orts to w ards creating the annotated corp ora used for suc h ev aluation.

1.2 State of the art in En tit y Disam biguation

1.2.1 In tra-do cumen t coreference

Researc h in in tra-do cumen t coreference, or anaphora resolution, has b een

carried out since the sev en ties (Charniak 1972; Hobbs 1978b; Sidner 1979;

Carter 1987; Hobbs et al. 1993; Lappin and Leass 1994b) but large-scale em-

pirical in v estigations and the dev elopmen t of systems able to pro cess large

amoun ts of data ha v e only b egan fairly recen tly , particularly after the cre-

ation of annotated resources as part of the Message Understanding and a ce

initiativ es (A one and Bennett 1995b; Kehler 1997; P o esio and Vieira 1998a;

Cardie and W agsta� 1999; Vieira and P o esio 2000; So on et al. 2001b; Ng

and Cardie 2002b; McCallum and W ellner 2004; Y ang et al. 2004b; P onzetto

and Strub e 2006; Culotta et al. 2007). These initiativ es also led to the de-

v elopmen t of no v el ev aluation metho ds, the b est kno wn among whic h is the

mo del theoretical approac h prop osed b y Vilain et al. (1995).

The mo del prop osed b y So on et al. (2001b), a fully automatic system

attempting to resolv e all t yp es of nominal anaphora, has b ecome the stan-

dard baseline against whic h w ork in this area is ev aluated; w e made this

c hoice as w ell. The So on et al system is based on a v ery simple mo del of the

anaphora resolution task as a binary classi�cation task in whic h hanaphor,

an teceden t i pairs are classi�ed as standing in a coreference relation or not,

on the basis of 12 features enco ding string-based, agreemen t, and distance

information; a single feature enco des seman tic class agreemen t. So on et al

also prop osed metho ds for generating training instances and for c ho osing a

candidate whic h ha v e also since b ecome fairly standard. The system w as

ev aluated on the muc -6 and muc -7 corp ora, ac hieving for muc -6 a recall of

58.6%, a precision of 67.3%, and an F-measure of 62.6%, whereas for muc -

7, it ac hiev ed a recall of 56.1%, a precision of 65.5%, and an F measure of

60.4%.

6



Ev en more recen tly , the �rst usable to ols for in tra-do c coreference started

to app ear, suc h as guit ar (P o esio and Kabadjo v 2004). Ev en though the

p erformance of suc h systems is limited, as one w ould exp ect giv en the �gures

rep orted ab o v e, nev ertheless it has already b een sho wn that ev en suc h limited

p erformance ma y result to signi�can t impro v emen ts in p erformance in tasks

suc h as summarization (Stein b erger et al. 2007) and relation extraction. As

relation extraction is imp ortan t for b oth cross-do cumen t coreference and

w eb p eople, this suggests that in tra-do cumen t coreference ma y con tribute

indirectly to these tasks, as w ell.

An analysis of the errors pro duced b y the So on et al. metho d indicates

three main sources of problems.

1. Men tion iden ti�cation. Except when w orking with a v ery limited n um-

b er of t yp es of easily iden ti�able men tions, these systems tend to miss

a great man y men tions.

2. Ov erly simpli�ed mo del of the coreference task, particularly of the

pro cess b y whic h an teceden ts are c hosen.

3. Excessiv e reliance on head string matc hing.

4. Lac k of lexical and commonsense kno wledge.

The example in (1.3) illustrates the problems with suc h systems. Our reim-

plemen tation of the So on et al algorithm do es not iden tify an y of the corefer-

ence links relating men tions of P etrie Stores; on the other end, b ecause head

string matc hing o v errides ev ery other factor, and b ecause information ab out

p ostmo di�cation is not used, the �rst six months of �sc al 1994 is iden ti�ed

as the an teceden t of the �rst six months of �sc al 1993 .

(1.3) a. [P etrie Stores Corp oration, Secaucus, NJ,] said an uncertain econom y

and faltering sales probably will result in a second quarter loss and

p erhaps a de�cit for the �rst six mon ths of �scal 1994.

b. [The w omenâ€™s appareil sp ecialt y retailer] said sales at stores op en

more than one y ear, a k ey barometer of a retain concern strength,

declined 2.5% in Ma y , June and the �rst w eek of July .

c. [The compan y] op erates 1714 stores.

d. In the �rst six mon ths of �scal 1993, [the compan y] had net income of

$1.5 million â€ ¦.

W ork in the last �v e y ears has aimed at impro ving the So on et al mo del.

Impro v ed mo dels of men tion iden ti�cation viewing the task as a case of join t
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inference ha v e b een prop osed, e.g., b y Daume and Marcu (2005). More

sophisticated mo dels of the coreference task ha v e b een prop osed b y Ng and

Cardie (2002b); McCallum and W ellner (2004); Y ang et al. (2004b); Daume

and Marcu (2005); Culotta et al. (2007). Using k ernels, Y ang et al. (2006a)

w ere able to incorp orate a more sophisticated treatmen t of syn tactic features

handling some t yp es of binding constrain ts. Finally , there ha v e b een some

promising attempts at using using lexical and encyclop edic kno wledge. W e

discuss this w ork next.

1.2.2 Using lexical and encyclop edic kno wledge for large-

scale IDC

There are t w o main strands of researc h on using lexical and commonsense

kno wledge to help coreference on unrestricted text: one dev oted to the use of

information ab out the seman tic structure of v erbs and primarily concerned

with impro ving precision in pronoun resolution; and a second one concerned

with the use of h yp on ym y information to impro v e recall in the resolution of

nominals. In the w orkshop w e fo cused on the second strand of w ork.

information to (Harabagiu and Moldo v an 1998; P o esio et al. 1997) gen-

erally in v olv ed using W ordNet (F ellbaum 1998). The problem with W ord-

Net, esp ecially in those da ys, w as p o or recall, b oth for synon ym y and for

h yp on ym y: e.g., P o esio et al. (1997) found a recall of ab out 30% for h y-

p on ym y . P o esio et al. (1998) attempted to replace synon ym y in W ordNet

with seman tic similarit y computed in an unsup ervised fashion from corp ora,

whereas P o esio et al. (2002) used patterns (to extract information ab out

meron ym y), but the corpus used (the British National Corpus) did not pro-

vide enough recall. The next k ey dev elopmen t w as using patterns o v er the

W eb (Mark ert and Nissim 2005; P o esio et al. 2004): this ga v e reasonable

recall, particularly in com bination with W ordNet. Finally , P onzetto and

Strub e (2006) sho w ed that Wikip edia, again in com bination with W ord-

Net, also con tained enough information in its category structure to lead to

signi�can t impro v emen ts in p erformance. V ersley (2007) systematically in-

v estigated the relativ e strengths and w eaknesses of all sources of kno wledge

considered ab o v e and their com binations (for German).

It is w orth p oin ting out that all of these e�orts w ere fo cused on increasing

recall for nominals; w e are not a w are of an y e�ort to use information so

extracted to increase precision b y exploiting information ab out mo di�ers.
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1.2.3 Cross Do cumen t coreference and W eb P eople

W ork on cross-do cumen t coreference b egan more recen tly than w ork on idc

(Bagga and Baldwin 1998a), but there has b een m uc h dev elopmen t in recen t

y ears (Mann and Y aro wsky 2003; Blume 2005; Bunescu and P asca 2006;

Chen and Martin 2007) b ecause of great in terest b oth from go v ernmen t

and from industry (as sho wn, e.g., the creation of Sp o c k

2

and the Sp o c k

c hallenge). In particular there has b een great in terest in a simpler form of

en tit y disam biguation, generally kno wn as W eb en tit y as in the case of the

W eb p eople task of Semev al (Artiles et al. 2007).

As testi�ed b y the semev al W eb P eople task (Artiles et al. 2007),

most state of the art systems are based on unsup ervised clustering of en-

tit y descriptions con taining a mixture of collo cational and other informa-

tion, among whic h information ab out en tities and relations. semev al also

sho w ed that the clustering tec hnique and esp ecially the termination criterion

are crucial.

Just as in the case of idc , prior to this y ear this area su�ered from a lac k

of data; no sizeable dataset existed un til the creation of the SEMEV AL and

then of the Sp o c k datasets, neither of whic h ho w ev er is en tirely satisfactory .

1.3 W eb P eople and Cross-Do cumen t Coreference

1.3.1 W eb P eople

Both W eb P eople and cdc are naturally view ed as a clustering problem.

Our researc h in this area fo cused therefore on sev eral t yp es of clustering

algorithms, preferrably ones that w ould w ork with all t yp es of en tit y disam-

biguation.

The �rst metho d w e studied is a discriminativ e mo del, similar to that

used b y Culotta et al. (2007) for in tra-do c coreference�a �rst order mo del

using features o v er sets of men tions. In the v ersion used for W eb P eople,

a maxim um en trop y approac h is used to estimate the probabilit y p(yi jx i ) ,

where yi = true if and only if all do cumen ts in x i
refer to the same un-

derlying en tit y . The Metrop olis-Hastings metho d w as used to mo dify the

solutions prop osed b y a standard greedy agglomerativ e clustering algorithm.

A third no v elt y w as the use, in addition to the usual features (bags of w ords,

n-grams, named en tities), of an unsup ervised mo del of lexical kno wledge,

Laten t Diric hlet Allo cation (Blei et al. 2003), that can �nd sev eral topics

for eac h do cumen t. In our exp erimen ts with a subset of the Sp o c k dataset,

2

www.spock.com
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Metrop olis-Hastings w as found to outp erform simple greedy agglomerativ e,

and using topics as features led to further impro v emen ts.

The great e�ectiv eness of topic mo dels with the discriminativ e mo del

suggested testing a generativ e mo del where the implicit v ariables mo delled

topics, and using Gibbs sampling to p erform inference. W e also tested an

extension of the basic mo del in whic h certain w ords ha v e more imp ortance

than others.

Our w ork on the W eb P eople task is discussed in some detail in Chapter

2.

1.3.2 CDC

Although the cdc task is more complex than W eb P eople, the a ce 2005

cdc corpus pro v ed highly unam biguous, resulting in a v ery high baseline:

assuming that all men tions with the same name corefer results in a B-Cub ed

v alue of .80. Using the discriminativ e mo del dev elop ed for the W eb P eople

task, and all the features, th us ac hiev ed an extremely high B-Cub ed v alue

of .96.

1.3.3 Relation extraction (Jian Su)

Relation extraction mo dules to b e used for b oth idc and cdc ha v e b een

dev elop ed b y the I2R team (Su Jian, Stanley Y ong), Claudio Giuliano from

fbk-irst and Gideon Mann from Uni Amherst. Although w e did not ha v e

enough time to run tests using this information for W eb P eople, cdc and

idc , w e plan to do so in the near future.

I2R

I2R trained b oth a sup ervised learning relation extractor (Dong et al. 2005)

and a h ybrid relation extraction engine com bining semi-sup ervised w eb based

information (Y ong and Su 2008) on a ce 2005. No feature engineering w as

done to adapt the systems for the dataset. The p erformance of the sup ervised

extractor with devtest data (m uc h larger than test data) on recall, precision

and F-score are summarized in T able 1.1 under the columns mark ed as Cor ef .

On a ce 2004, the h ybrid mo del impro v es p erformance up to 31% o v er

the purely sup ervised one, but it do es not impro v e p erformance m uc h on the

a ce 2005 data, b ecause of the relativ ely large amoun t of training data. Suc h

a large dataset migh t not b e a v ailable in real applications ho w ev er.

W e ev aluated the p erformance of the I2R relation extractor with and

without coreference information. The sup ervised extractor uses features
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Recall Precision F

Coref No Coref No Coref No

AR T 0.517 0.25 0.744 0.7 0.61 0.37

GEN-AFF 0.586 0.576 0.783 0.854 0.67 0.69

OR G-AFF 0.753 0.675 0.791 0.866 0.77 0.76

P AR T-WHOLE 0.716 0.686 0.608 0.686 0.68 0.69

PER-SOC 0.758 0.192 0.833 0.76 0.79 0.31

PHYS 0.371 0.283 0.655 0.743 0.47 0.41

T able 1.1: P erformance of I2R's sup ervised learning relation extraction en-

gine on testing data with (Coref ) and without (No) coreference c hain infor-

mation.

that require the seman tic category and normalized headw ord information

for en tit y men tions. The seman tic category for pronouns and the normalized

headw ord information for di�eren t men tions is deriv ed from Named en tities

in the coreference c hains. In other w ords, when w e break all the coreference

c hains, w e ha v e no seman tic tag information for pronouns and headw ords are

not normalized. With reference to the results sho wn in T able 1.1, remo v al

of coreference information has a dramatic negativ e impact on F-score, up to

49%.

Relation extraction result has further b een incorp orated for CDC task

on a ce corpus. The initial attempts ha v e not sho wn m uc h p erformance

di�erence on CDC with or without relation information, mainly due to the

easy nature of CDC a ce 2005, that is quite high p erformance is already

ac heiv ed with simple features. Another reason is the data sparseness prob-

lem. There's not m uc h rep eat with the same t yp es of relations from di�eren t

news articles with a ce 2005, th us the information is to o sparse to b e use-

ful for en tit y disam biguation. So di�eren t text collection migh t b e easier to

sho w the p erformance b eni�t from relation extraction on CDC, eg. a clean

p ersonal w eb page.

1.4 In tra-do cumen t coreference

Our w ork on in tra-do cumen t coreference can b e divided in three parts. First

of all, w e dev elop ed a platform for exp erimen ting with in tra-do cumen t coref-

erence algorithms, the bar t to olkit, whic he greatly facilitates testing dif-

feren t prepro cessing mo dels, di�eren t mo dels of the coreference resolution

pro cess, and di�eren t t yp es of features. Secondly , using this platform, w e
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tested a v ariet y of classi�ers and mo dels, ab o v e all examining the p erfor-

mance of Supp ort V ector Mac hines with di�eren t t yp es of k ernels. Third,

w e dev elop ed and tested sev eral metho ds for extracting lexical and ency-

clop edic kno wledge from Wikip edia, the W eb, and W ordnet, and di�eren t

metho ds for deplo ying this kno wledge. W e brie�y summarize our results in

eac h of these areas here, referring to the sp eci�c c hapters.

1.4.1 The BAR T to olkit

The Baltimore Anaphora Resolution T o olkit, or bar t , is a highly mo dular

and easily customizable platform for dev eloping and testing fully automatic

anaphora resolution mo dels based on mac hine learning. Implemen ted in

Ja v a, it builds on the emlr system dev elop ed b y P onzetto and Strub e (2006)

and incorp orates ideas from the guit ar system (P o esio and Kabadjo v 2004)

and from the w ork b y V ersley (2007) and Y ang et al (Y ang et al. T o app ear,

2006a).

bar t mak es it p ossible�in fact, relativ ely easy�to compare the results

obtained using

� di�eren t prepro cessing mo dules: during the w orkshop w e tested b oth

the Y amCha c h unk er and Charniak and Johnson's reranking parser,

and t w o Named En tit y Recognition ( ner ) mo dules (the Stanford ner

system and mitre 's Carafem bic men tion tagger;

� di�eren t mo dels of idc as a learning task: in addition to the standard

mo del for generating training instances and for c ho osing an an teceden t

prop osed b y (So on et al. 2001b) w e tested a v ariet y of alternativ e mo d-

els, including ones using separate mo dels for eac h t yp e of np ;

� di�eren t classi�ers, including C4.5 and svm s;

� di�eren t sets of features: in addition to the set of features prop osed

b y So on et al, whic h w e used as a baseline, w e dev elop ed classes to

extract features enco ding lexical and encyclop edic kno wledge, but also

a v ariet y of additional features, suc h as the tree features prop osed b y

Y ang et al. (2006a).

The system con�guration to b e used for a particular exp erimen t can b e

mo di�ed in a declarativ e w a y

A crucial prop ert y of bar t , inherited from the emlr system, is that

its input and output are enco ded in the xml stando� format used b y the
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mmax 2 annotation to ol (Müller and Strub e 2003). This mak es it v ery easy to

compare the output of the system with the k ey (gold standard), facilitating

error analysis.

Our exp erience with the to olkit w as extremely p ositiv e; it will b e made

a v ailable in op en source format via Sourceforge.

The arc hitecture of bar t and ho w to use it are discussed in some detail

in Chapter 3.

1.4.2 Mac hine learning

One of the most imp ortan t lessons of the w orkshop w as that the additional

information pro vided b y the lexical and encyclop edic kno wledge could not

b e fully exploited without addressing the limitations of the statistical mo del

of idc adopted b y So on et al. . Our e�orts during the w orkshop fo cused on

t w o areas: mo ving to w ards a classi�cation sc heme that w ould allo w us to

emplo y more complex features, suc h as svm s; and testing alternativ e mo dels

of the anaphoric classi�cation problem.

Kernel Metho ds for Coreference

The �exibilit y of k ernel functions mak es it p ossible to compute highly com-

plex forms of similarit y . During the w orkshop w e to ok adv an tage of this

opp ortunit y to exp erimen t new w a ys of mo delling forms of similarit y whic h

ha v e b een claimed to pla y a role in in tra-do c coreference, including:

� binding constrain ts . By represen ting the syn tactic con text in whic h

the anaphor and p oten tial an teceden t o ccur, Y ang et al. (2006a) w ere

able to capture some of the restrictions on anaphoric reference kno wn

as 'binding constrain ts'�the fact that him cannot refer to John in John

likes him .

� syn tactic parallelism . T w o men tions with the same syn tactic p osi-

tion are more lik ely to corefer.

� string similarities for names. A v ariet y of metho ds for computing

similarities b et w een names ha v e b een tried in idc , suc h as minim um

edit distance. T w o p ossible w a ys of replacing this t yp e of distance:

string k ernels and tree k ernels b et w een the 'parse trees' of the prop er

names.

Our researc h on using k ernel metho ds for coreference is discussed in greater

detail in Chapter 5
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Mo dels of the anaphora resolution pro cess

In addition to the deco ding sc heme set forw ard b y So on et al., sev eral others

w ere implemen ted:

� The split deco der uses the basic So on et al. sc heme, but allo ws to

use separate classi�ers for pronouns and non-pronouns. This can help

for SVMs, where training time gro ws sup erlinearly and testing time

can gro w linearly with the training set size, or to use classi�ers with

di�eren t prop erties for pronouns and non-pronouns.

� The r anking deco der uses a Maxim um En trop y rank er to select can-

didates and has an adjustable resolution/non-resolution bias lik e the

system describ ed b y (Luo et al. 2004). The use of a rank er-based

mo del instead of a binary classi�er has b een found b ene�cial b y (V ers-

ley 2006; Denis and Baldridge 2007). The ranking deco der is curren tly

still a w ork in progress, as feature conjunctions (whic h exist for the

MaxEn t classi�er) ha v e not b een added to the rank er y et.

� The stacke d deco der mak es more linguistically motiv ated commitmen ts,

suc h as alw a ys treating inde�nites as discourse-new, and com bines a

rank er to pre-sort candidates with a binary classi�er that selects the

b est candidate(s) from the shortlist. The loss in recall that o ccurs

through this pre-�ltering is not made up b y the precision gain, ho w-

ev er, and results ha v e b een unsatisfactory so far.

1.4.3 Extracting Lexical and Commonsense Kno wledge

Researc h on using lexical and encyclop edic kno wledge for coreference has

sho wn that an y of the existing sources of commonsense kno wledge or meth-

o ds for extracting suc h kno wledge b y itself is incomplete and imprecise, but

that b etter results can b e obtained b y com bining kno wledge extracted from

sev eral sources using this information as features for a sup ervised classi�er,

and letting the classi�er c ho ose whic h kno wledge to use in the distinct cases.

Th us, for instance, P o esio et al. (2004) used b oth kno wledge from W ord-

Net and kno wledge automatically extracted from the W eb using patterns;

P onzetto and Strub e (2006) com bined kno wledge extracted from W ordNet,

Wikip edia, and using seman tic role lab elling; whereas V ersley (2007) exp er-

imen ted com bining GermaNet, information extracted using patterns using

tec hniques similar to those prop osed b y Mark ert and Nissim (2005), and

similarit y measures.
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W e follo w ed suc h approac h as w ell, using features enco ding kno wledge

extracted from W ordNet, Wikip edia, and the W eb. F or W ordNet w e used

the set of features dev elop ed b y P onzetto and Strub e (2006), whic h will not

b e discussed here. Our w ork with w eb patterns w as mostly concerned with

adapting for English the tec hniques dev elop ed b y V ersley in earlier w ork,

so will simply giv e a brief summary in this section. Most of our w ork w as

in v ested in extracting features from Wikip edia; this w ork will b e discussed

in some detail in c hapter 4. All lexical and encyclop edic features are listed

in the discussion of the bar t system in Chapter 3.

Most w ork on using commonsense kno wledge for coreference concen trates

on impro ving recall for heads b y iden tifying nouns that stand in relations of

� instance (e.g., F CC / the agency )

� h yp on ym y (e.g., the r etailer / the c omp any )

� synon ym y (e.g., the shop / the stor e )

No w ork w e are a w are of attempts ho w ev er to iden tify in compatibilit y b e-

t w een men tions: th us for instance w e kno w that F CC and A T&T are cer-

tainly disjoin t. W e also exp erimen ted with using Wikip edia for this purp ose.

Extraction from the W eb

W e used W eb patterns to �nd instance relations suc h as those b et w een F CC

and the agency . Of the relations used in (V ersley 2007), only the � Xs suc h

as Y � and � Y and other Xs � are used, b oth for sp eed reasons and since the

English WWW is usually large enough that just t w o patterns giv e enough

co v erage.

F or ev ery candidate / anaphor pair, where the anaphor is a de�nite noun

phrase and the candidate is a prop er name in the last 4 sen tences, the extrac-

tor pro duces sev eral pattern instances and calls Microsoft's Windo ws Liv e

Searc h W eb service to get a term coun t. By com bining sev eral patterns and

using a Mutual Information threshold, it is p ossible to increase the precision

of the extracted relations.

F eatures extracted from Wikip edia

In previous w ork, P onzetto and Strub e (2006) used the tec hniques discussed

in Strub e and P onzetto (2006) to extract seman tic similarit y information

from the Wikip edia category structure. W e disco v ered that in the mean time
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information ab out categories in Wikip edia had gro wn so m uc h and b ecome

so un wieldy as to limit its usefulness. Instead, w e exp erimen ted with t w o

no v el tec hniques.

One set of metho ds extracted similarit y features not directly from the

category structure, but from a taxonom y constructed out of it and drastically

�ltered to remo v e, e.g., in termediate lev els, using the metho ds discussed in

(P onzetto and Strub e 2007).

A second set of metho ds extracted aliasing information from other sources

of information, particularly h yp erlinks and redirects.

Results suggest that b oth of these tec hniques p erform ab out equally w ell

(see Chapter 4).

Incompatibilit y mo dels

The taxonom y extracted from Wikip edia b y P onzetto and Strub e (2007) can

also b e used to compute information ab out incompatibilit y . In this taxon-

om y , distinct daugh ters of the same no de �e.g., India and United States ,

b oth daugh ters of the category Countries �are t ypically incompatible. W e

use this structural information to extract incompatibilit y b et w een men tions.

In addition, w e allo w this information to p ercolate so that t w o men tions

with incompatible mo di�ers�e.g., softwar e fr om India and softwar e fr om the

Unite d States �can also b e found to b e incompatible. Mo di�er incompatibil-

it y information is extracted from Wikip edia for men tions, and from W ordNet

for adjectiv es.

1.5 Ev aluation and Annotation

The lac k of adequate resources and of univ ersally accepted ev aluation metrics

has alw a ys b een one of the main problems for researc h in en tit y disam bigua-

tion. The a v ailabilit y of corp ora for idc has greatly impro v ed in the last

y ear, thanks in particular to the release of the On toNotes corpus (Ho vy

et al. 2006), and substan tial amoun ts of data for the W eb P eople task ha v e

b ecome a v ailable through the SEMEV AL comp etition and Sp o c k c hallenge

3

.

None of these resources ho w ev er completely solv es the problem, and no large

annotated corpus w as a v ailable for cdc . Therefore, w e dev oted a consider-

able amoun t of e�ort in this area. Sp eci�cally , w e annotated the a ce 2005

corpus for cross-do cumen t coreference, and extended the arra u corpus with

substan tial amoun ts of text from the P enn T reebank in order to b e able to

3

http://challenge.spock.com/
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test the systems dev elop ed in the w orkshop. Both resources will b e made

a v ailable through ldc .

As far as ev aluation is concerned, there is no widespread agreemen t con-

cerning the b est ev aluation measure either for idc or for W eb P eople. In

addition to the original muc score (Vilain et al. 1995) a n um b er of metrics

for en tit y disam biguation ha v e b ecome a v ailable, suc h as B-CUBED (Bagga

and Baldwin 1998b) or the a ce scoring metric (Do ddington 2001) but the

comm unit y needs to agree on whic h measure is b est.

W e brie�y summarize the w ork on annotation and scoring metrics here;

a more detailed discussion is in Chapter 6.

1.5.1 The A CE CDC corpus

The a ce 2005 cdc corpus is an annotation of the a ce 2005 edt corpus. The

corpus is ab out 257K w ords and includes 55K men tions, whic h represen t 18K

distinct en tities. The corpus w as annotated using edna , an extension of the

Callisto corpus annotation to ol

4

implemen ted for the w orkshop.

1.5.2 The ARRA U IDC corpus

arra u

5

is a uk -funded pro ject to explore hard cases in anaphoric in ter-

pretation, in particular, reference to abstract ob jects and am biguous cases

of reference. One of the ob jectiv es of the pro ject is to create a medium-

scale corpus annotated with a v ariet y of in tra-do cumen t anaphoric relations,

including 'am biguous' cases. Men tions are also annotated with a v ariet y of

additional information, and in particular, information ab out syn tactic agree-

men t. Most of the annotation prior to the w orkshop w as of sp ok en dialogue

data; for the w orkshop w e added the annotation of around 40 P enn T reebank

do cumen ts.

1.5.3 Scoring metrics for en tit y disam biguation

W e carried out a theoretical analysis and comparison of sev eral of the met-

rics prop osed in the literature, and implemen ted a Ja v a program that can

compute them and is link ed to bar t .

4

http://callisto.mitre.org

5

http://cswww.essex.ac.uk/Researc h/nle /arra u/
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1.6 Summary of Con tributions and Conclusions

In summary , the main con tributions of the w orkshop w ere as follo ws.

Concerning the W eb P eople task, w e demonstrated that non-greedy al-

gorithms suc h as Metrop olis-Hastings do outp erform con v en tional greedy

algorithms. W e also found that lexical kno wledge, in the format of topic

mo dels, results in further increases in p erformance.

Concerning idc , w e replicated results that tree k ernels con tribute to im-

pro v emen ts in p erformance, and that automatically extracted lexical and

encyclop edic kno wledge result in suc h impro v emen ts as w ell. F urthermore,

w e found that the t w o results are cum ulativ e, as these impro v emen ts a�ect

di�eren t t yp es of anaphoric expressions.

A more general goal of the w orkshop w as to facilitate subsequen t researc h

in en tit y disam biguation b y dev eloping impro v ed resources�b oth corp ora and

soft w are. Quite a lot of e�ort w as in v ested in this. W e created the largest

existing corpus annotated for cross-do cumen t coreference, and completed the

annotation of the arra u idc corpus, whic h includes texts of di�eren t genres,

in whic h all t yp es of nominal reference are annotated (including discourse

deixis), and agreemen t information is annotated as w ell. On the soft w are

side w e dev elop ed the edna annotation to ol for cdc and the bar t platform

for exp erimen ting with idc .
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Chapter 2

W eb P eople

Rob Hall, Mic hael Wic k, Jason Duncan and P aul

McNamee

2.1 In tro duction

A v ery common activit y among In ternet users is to issue a searc h where the

query is a p ersons name. Ho w ev er, since names of p eople are often v ery

am biguous, it is usually the case that the returned searc h results will refer

to man y p eople (henceforth �w eb p eople�) sharing a common name. This

is presumably a frustrating exp erience for in ternet users, since it places the

burden on them to man ually disam biguate the v arious pages. In this section,

w e seek to mitigate this frustration b y learning functions whic h automatically

p erform disam biguation of w eb do cumen ts.

W e describ e a discriminativ e mo del whic h p erforms clustering, making

use of �rst-order quan ti�ed features o v er clusters of do cumen ts, and learning

parameters via a maxim um en trop y form ulation. Inference in this mo del is

p erformed appro ximately using a greedy algorithm, whic h is extended to a

Metrop olis-Hastings sampling sc heme. Noting that lab eled training data is

hard to come b y , w e then dev elop an en tirely unsup ervised system whic h is

generativ e and uses Gibbs sampling for inference.

Disam biguating w eb p eople is related to anaphora resolution insofar as it

is inheren tly a clustering problem, ho w ev er it is in man y cases m uc h harder.

F or example, the syn tactic parse of a sen tence often giv es enough informa-

tion to succeed at anaphora resolution, whereas a w eb do cumen t sometimes

con tains no ob viously relev an t information b ey ond a passing men tion of the

p erson's name. In the SemEv al 2007 w eb p eople task Artiles et al. (2007) it
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w as demonstrated that named en tities that app ear in a lo calit y around men-

tions to the w eb p erson can b e v ery useful features for p erforming coreference

Heyl and Neumann (2007); P op escu and Magnini (2007); del V alle-Agudo

et al. (2007). In this w ork w e extend this basic observ ation b y emplo ying

more adv anced clustering algorithms and more expressiv e feature space rep-

resen tations. W e then explore the use of probabilistic topic mo dels Blei et al.

(2003) to gage the topical similarit y b et w een pages, in an attempt to gain

further cues to coreference.

2.2 Problem Setting

W e assume there are sev eral sets of do cumen ts divided according to the

am biguous name whic h they con tain. F or example, all do cumen ts whic h

refer to �John Smith� are in one set. In this w ork w e mak e the assumption

that eac h do cumen t refers to exactly one p erson. This is sligh tly di�eren t to

the SemEv al 2007 task Artiles et al. (2007) in whic h a do cumen t could refer

to sev eral p eople with the same name, ho w ev er this restriction is reasonable

considering that only v ery few do cumen ts (appro ximately 1% in the SemEv al

corpus) ha v e this prop ert y (e.g., wikip edia disam biguation pages) whic h are

not particularly in teresting cases.

The problem of w eb-p eople coreference is to partition eac h set of do cu-

men ts in to coreferen t blo c ks. Therefore w e seek to learn a predictor function:

f (x) = arg max
y

P(x; y) = arg max
y

P(yjx) (2.1)

Where x is the set of do cumen ts, y is the coreference structure (i.e., a

set of lab els corresp onding to x ). W e will describ e a v ariet y of form ulations

for P(yjx) and P(x; y) , and corresp onding w a ys to compute the maximiza-

tion. In section 3 w e will detail a discriminativ ely trained mo del, whic h

requires hand-lab eled data to p erform parameter optimization. W e drop the

requiremen t of a lab eled training corpus in section 4, when w e detail an

unsup ervised generativ e mo del whic h p erforms the same task.

2.3 Discriminativ e Mo del

In this section w e describ e a recen t mo del whic h com bines �rst-order logic

and probabilit y , and that has b een successfully applied to the in tra-do cumen t

coreference task. W e adapt this mo del to disam biguating w eb p eople b y ag-

gregating features common to man y of the successful SemEv al Artiles et al.
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(2007) systems under the formalism of �rst order logic. W e explore the

use of unsup ervised topic mo dels to obtain additional evidence that is not

explicitly con tained in the w eb do cumen ts themselv es. Finally , w e explore

the deplo ymen t of statistically motiv ated clustering tec hniques to optimize

these mo dels. W e demonstrate that topic mo dels as w ell as more sophis-

ticated clustering tec hniques yield impro v ed results, indicating that b oth

feature engineering and mac hine learning are t w o a v en ues to explore for p er-

formance gains in the w eb p eople tasks.

2.3.1 Probabilistic Mo del

The discriminativ e mo del is similar to the one used b y Culotta et al. (2007)

to tac kle the newswire coreference task. In the newswire domain, this mo del

factorizes in to sets of men tions rather than just pairs of men tions, enabling

more expressiv e features o v er larger sub-problems. As demonstrated b elo w,

it is straigh tforw ard to adapt this mo del to the case of w eb p eople.

Giv en a set of do cumen ts x i
, de�ne a binary random v ariable yi , suc h

that yi = true if and only if all do cumen ts in x i
refer to the same underlying

en tit y . W e use a maxim um en trop y mo del for this binary classi�cation deci-

sion: p(yi jx i ) = 1
Zx

exp(
P

k � k f (x i ; yi )) where � k are real-v alued parameters,

f (x i ; yi ) are features o v er the set of do cumen ts x i
, and Zx normalizes the

distribution o v er the t w o lab els. The v alues of � = � 1 � � � � n can b e learned

from the lab eled training data b y p erforming gradien t ascen t.

y

Doc CDoc B

Doc A

12
y

23
y

13
y

123

Figure 2.1: F actor graph represen tation of the coreference mo del with blac k

b o xes represen ting coreference ( f c ) factors and gra y b o xes represen ting tran-

sitivit y ( f t ) factors
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W e can no w de�ne a probabilistic mo del o v er en tire clusterings that fac-

torizes in to cluster-wise decisions as sho wn in Figure 2.1:

p(yjx) =
1

Zx

Y

yi 2 y

f c(yi ; x i )
Y

yi 2 y

f t (yi ; x j )

While the f c factors represen t the compatibilit y among clusters of do cu-

men ts, f t factors ensure transitivit y for all subsets of eac h cluster ( f c = 1 if

transitivit y is satis�ed, �1 otherwise). Since there are a com binitorial n um-

b er of f t factors, this mo del cannot b e fully instan tiated. A dditionally , the

normalization constan t Z requires summing o v er all p ossible cluster con�gu-

rations, making appro ximate clustering tec hniques essen tial. The full mo del

can b e expressed as:

2.3.2 F eatures and T opic Mo dels

Here w e will discuss the feature functions used in our probabilistic mo del.

W e incorp orate features used b y man y of the teams who comp eted in the

2007 SemEv al tasks as w ell as those used b y Mann and Y aro wsky (2003).

Suc h features include:

(1) cosine distance b et w een bags of w ords

(2) term selection using TFIDF w eigh ts

(3) w ords in con text windo ws around names in the do cumen t b o dy

(4) cosine distance b et w een c h unks

(5) NER o v erlap

(6) n-gram matc hes in the w eb do cumen t title

A �a w in these features is that they require w ords b et w een t w o do cu-

men ts to matc h exactly . F or example, compare the follo wing t w o excerpts

ab out a �ctional jazz m usician, John Smith, from t w o di�eren t do cumen ts:

...his rh ythmic punctuation...

...John's melo dic impro visation...

Although there is no o v erlap b et w een these excerpts, it is clear that b oth

refer to John Smith, the jazz m usician. Unfortunately , none of the aforemen-

tioned features are capable of pro viding evidence to allo w the mo del dra w

this conclusion, since there is no w ord o v erlap. F or this reason, w e incor-

p orate topic features that indicate whether t w o do cumen ts discuss common

topics. More precisely , w e use Laten t Diric hlet Allo cation (LD A) Blei et al.

(2003), an en tirely unsup ervised topic mo del that infers mixtures of topics
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F eature InfoGain

TOPICS-top1-topic-not-same 0.24

ClusterSizeMoreThan8 & TOPICS-top1-topic-not-same 0.24

ClusterSizeMoreThan16 & TOPICS-top1-topic-not-same 0.23

ClusterSizeMoreThan16 & TFIDF-top10-no-matc hes 0.23

ClusterSizeMoreThan8 & TOPICS-top2-topics-not-same 0.22

T able 2.1: F our of the top �v e feature conjunctions con tain topical evidence.

for eac h do cumen t. F or eac h name set, w e allo w LD A to �nd 200 topics,

and infer the corresp onding mixtures of topics for eac h do cumen t. W e then

construct features that compare whether t w o do cumen ts ha v e an y of their

highest w eigh ted topics in common. The results are presen ted in T able 2.2,

where w e w ere able to sho w a 2% absolute increase in f1 b y using topics as

features. As seen in 2.1, the topic mo del features ha v e some of the highest

information gain.

Un til this p oin t, all the features describ ed in this section in v olv e the

comparison of t w o w eb do cumen ts. Ho w ev er, w e extend these pairwise com-

parisons in to features o v er larger sets of do cumen ts b y quanitifying and ag-

gregating them with �rst order logic. F or example, giv en a set of do cumen ts,

and the feature function that c hec ks if there is a 2-grams tok en matc h in the

title ( 2 -gram-title-matc h), the extension to �rst-order-logic features (o v er a

larger set) include:

-There exists a pair of do cumen ts with 2 -gram-title-matc h

-There do es not exists a pair of do cumen ts with 2 -gram-title-matc h

-F or all do cumen ts: 2 -gram-title-matc h

-30% of do cumen ts ha v e: 2 -gram-title-matc h

2.3.3 Clustering

A commonly used clustering algorithm is a hill clim bing approac h kno wn

as greedy agglomerativ e. The algorithm b egins b y placing eac h do cumen t

in to a singleton cluster. All pairs of clusters are compared and the t w o

clusters with the highest compatibilit y score are merged. The compatibilit y

scores b et w een this newly formed cluster and the remaining clusters m ust

b e computed. The algorithm con tin ues to greedily merge clusters un til all

the compatibilit y scores are b elo w some threshold � . With the maxim um

en trop y classi�er, � = 0 :5 naturally falls at the decision b oundary .

A ma jor short-comming of this approac h is that it can only mo dify the
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clustering b y com bining t w o complete clusters. If new evidence is disco v ered

halfw a y through the clustering pro cess that rev eals an error, greedy agglom-

erativ e has no w a y of reco v ering. A dditionally , the optimization surface is

extremely bump y , and greedy algorithms in general are lik ely to �nd max-

ima that are not global. This motiv ates the need for a less greedy clustering

algorithm that has the abilit y to 'c hange it's mind'.

Metrop olis-Hastings Metrop olis et al. (1953); Hastings (1970) pro vides a

framew ork for whic h arbitrary mo di�cations can b e made to the clustering.

The algorithm w orks in rounds, making jumps in con�guration space b y

dra wing mo v es from a prop osal distribution Q . The result is a sequence

of clusterings C1 � � � Cn corresp onding to the n rounds of sampling. Let

Ct = y represen t the con�guration at time t , Metrop olis-Hastings dra ws a

new con�guration y0
conditioned on y from Q . The acceptance probabilit y

is then computed as P(accept = true jy0; y) = Min
�

P (y0)Q(yjy0)
P (y)Q(y0jy) ; 1

�
, and

an acceptance decision is dra wn from this distribution. Then Ct+1 = y0
if

accepted, y otherwise. Con v enien tly , the normalization constan ts cancel in

this ratio, as w ell as the v ariables in the con�guration space that remained

unc hanged b et w een y and y0
.

T o a v oid a slo w burn-in time, w e initialize Metrop olis-Hastings with the

result of greedy agglomerativ e clustering. A dditionally , b y k eeping trac k of

eac h agglomerativ e merge (and corresp onding compatibilit y score) w e can

induce a probabilit y distribution o v er partial clusters (or blo c ks), whic h is

used as part of the prop osal distribution in the Metrop olis-Hastings phase.

The prop osal distribution Q is used to create a new clustering b y (1) dra wing

a blo c k from this blo c k distribution, (2) remo ving the blo c k from its original

cluster, and (3) placing the blo c k in to another cluster. The mo v e has four

p ossible outcomes: either a new cluster is formed, part of one cluster is mo v ed

to another, a cluster is destro y ed, or no c hange is made. Because at most,

t w o clusters are mo di�ed in this op eration, the acceptance ratio b ecomes a

linear time computation. Let y0s
, y0t

b e the source and target cluster in the

prop osed clustering and similarly ys
and yt

b e the same clusters b efore the

mo di�cation.

P(y0)Q(yjy0)
P(y)P(y0jy)

=

1
Zx

nX

i =0

exp
�
f (y0i � T

�)
nX

j = i +1

exp
�
f (y0i ; y0j � T

�) Q(yjy0)

1
Zx

nX

i =0

exp
�
f (yi � T

�)
nX

j = i +1

exp
�
f (yi ; y0j � T

�) Q(y0jy)
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Precision Recall F1

BCub ed .32 .24 .28

+topics .23 .44 .30

PW .12 .19 .15

+topics .13 .44 .20

MUC .70 .65 .67

+topics .84 .86 .85

T able 2.2: incorp orating topics as features impro v es f1 in all three ev aluation

metrics

Precision Recall F1

BCub ed .32 .31 .32

MH .32 .44 .37

PW .27 .24 .26

MH .28 .37 .32

MUC .84 .85 .84

MH .86 .88 .87

T able 2.3: Metrop olis-Hastings (MH) outp erforms greedy agglomerativ e

=

exp(f (y0s)T �) + exp
�
f (y0t

� T �) +
nX

i =0

exp
�
f (y0sy0i � T

�) + exp
�
f (y0ty0i � T

�) + Q(yjy0)

exp(f (ys)T �) + exp(f (yt )T �) +
nX

i =0

exp
�
f (ysyi � T

�) + exp
�
f (ytyi � T

�) + Q(y0jy)

The partition function and the em b edded sums cancel lea ving only sums

that require linear ( �( n) ) time in the n um b er of clusters.

2.3.4 Exp erimen tal Results

T raining examples are created from the lab eled dataset b y randomly sam-

pling do cumen ts with replacemen t. A set is lab eled as a p ositiv e example if

all do cumen ts in that set refer to the same underlying en tit y , and a negativ e

example otherwise. W e divided the 44 am biguous name sets in the Sp o c k

corpus randomly in to equal sized training and testing sets. F or eac h of the

44 name sets, w e sampled 150 random w eb do cumen ts. Coreference p er-

formance scores using MUC,B-Cub ed, and P airwise ev aluation metrics are

rep orted in table 2.3.

As w e exp ected, the Metrop olis-Hastings clusterer is able to impro v e
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substan tially o v er its greedy coun ter-part. The clusterer is not only able to

o v ercome lo cal optima b y making do wn-hill jumps, but it has p oten tial to

o v ercome these optima quic kly b y mo ving en tire blocks during eac h round.

2.4 Generativ e Mo dels

When exp erimen ting with the discriminativ ely trained mo del, w e noticed

that the topical similarit y features w ere w eigh ted particularly highly . This

implies that the results from the generativ e LD A mo del w ere quite indica-

tiv e of coreference b et w een do cumen ts. In this section w e extend the basic

LD A mo del to explicitly mo del coreference b et w een do cumen ts via laten t

v ariables. The pro duced mo dels are unsup ervised, although training data

could b e used for optimization of h yp erparameters, w e c hose to lea v e this for

future researc h.

Since the n um b er of clusters for a particular do cumen t set is unkno wn,

use of traditional (parametric) mixture mo dels is precluded, since they re-

quire setting the n um b er of mixture comp onen ts in adv ance. T o allo w for a

v ariable n um b er of clusters w e use a mixture mo del with an in�nite n um b er

of comp onen ts. W e emplo y a Diric hlet Pro cess (DP) prior o v er the cluster

assignmen ts in eac h mo del. This is a distribution o v er clusterings parame-

terized b y 
 . A lo w er v alue for 
 causes the prior to prefer singletons o v er

few er larger clusters.

2.4.1 Baseline Generativ e Mo del

The simplest generativ e mo del w e considered do es not mo del do cumen ts as

mixtures of topics as in LD A. Rather it assumes eac h do cumen t b elongs to

some cluster (the iden tit y of whic h is laten t) and eac h cluster has one topic

asso ciated with it. This graphical mo del is sho wn in �gure 2.2. The mo del

de�nes a distribution of the form:

P(w; ej�; 
 ) =
Y

d

P(wdj�; e d) �
Y

i

P(� i j� ) � P(ej
 ) (2.2)

Where i is the index of the cluster, and d is the index of the do cumen ts,

wd are the tok ens of do cumen t d, e is the set of clusters, and � i are the pa-

rameters to the mixture comp onen t asso ciated with cluster ed = i . P(wj�; e )
is the probabilit y of the do cumen t tok ens giv en its cluster iden tit y and the

asso ciated parameter v ector � i , and is a m ultinomial distribution. P(� i j� )
is the probabilit y of the m ultinomial parameter v ector whic h is expressed as
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Figure 2.2: The baseline generativ e mo del: eac h of D do cumen ts has an

en tit y e dra wn form a DP prior, with parameter 
 . The W w ords in the

do cumen t are dra wn from the m ultinomial distribution � according to its

en tit y setting.

a Diric hlet prior. P(ej
 ) is the DP prior o v er the cluster assignmen ts. By

c hanging the v alue of 
 the prior can b e made to fa v or di�eren t gran ularities

of clusterings.

T o p erform inference in this mo del w e use collapsed Gibbs sampling. It

is collapsed in the sense that w e in tegrate out the unkno wn � v ariables in

order to reduce the space in whic h w e ha v e to sample. Since the Diric hlet is

the conjugate prior to the m ultinomial distribution, w e are able to do this

in tegration analytically . In doing so, all the w ords under a common en tit y

b ecome dep enden t on eac h other. The result is a comp ound distribution

sometimes called the P oly a distribution Mink a (2003). The probabilit y of

the w ords in do cumen t d; wd = wd;1 � � � wd;nd giv en a cluster is then:

P(wdjw� d; e) /
Y

i

� wd;i +
P

pjep= ed
nwp ;wd;i + nwd; 1��� i � 1 ;wd;iP

v � v +
P

pjep= ed
nwp ;v + nwd; 1��� i � 1 ;v

(2.3)

Here nwp ;wd;i is the n um b er of times that the w ord wd;i app ears in

wp (a set of w ords represen ting a do cumen t in the same cluster). Lik e-

wise nwd; 1��� i � 1 ;v is the n um b er of times w ord v app ears in the set of w ords

wd;1 � � � wd;i � 1 . Both can easily b e calculated b y main taining a set of the

necessary coun ts during sampling.

Gibbs sampling, up dates one hidden v ariable at a time, b y sampling

from the its distribution, conditioned on the curren t assignmen ts to all other
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v ariables. During gibbs sampling, w e use the Chinese Restauran t Pro cess

Neal (1998) construction for sampling the DP prior. The CRP giv es mass to

eac h cluster, prop ortional to the n um b er of elemen ts in that cluster. Eac h

e v ariable can b e set to either one of the curren tly supp orted clusters, or

to a �new� cluster, whic h has the mass for the in�nitely man y unsupp orted

mixture comp onen ts in the mo del. When there are N do cumen ts divided

in to K clusters, the CRP giv es the probabilit y of do cumen t d b eing in cluster

i as:

P(ed = i je� i ) =

(
n i

N � 1+ 
 i 2 1� � � K



N � 1+ 
 i = K + 1
(2.4)

W e will use e� i to mean the set f edjd 6= ig. Gibbs sampling iterates o v er

eac h do cumen t d in turn and re-samples its v alue of ed , from the distribution:

P(ed = i; wdjw� d; e� d) = P(wdjw� d; e) � P(ed = i je� i ) (2.5)

This mo del essen tially clusters do cumen ts based on the distributions of

w ords within them. F or example if t w o do cumen ts emplo y man y of the same

w ords, they are lik ely to b e placed in to a cluster together.

2.4.2 Extended Generativ e Mo dels

The baseline mo del only considers the tok ens that app ear in do cumen ts.

Consequen tly it has t w o signi�can t w eaknesses. First, there are more sources

of information regarding coreference than just the tok ens of a do cumen t.

F or example, the h yp ertext markup suc h as links and b olded sections migh t

giv e imp ortan t clues to coreference. Second, v arious w ords in a do cumen t

migh t not b e relev an t to coreference resolution. Common English w ords

suc h as �the�, �a�, �and� etc. are presumably p o or predictors of coreference.

Ho w ev er since the baseline only lo oks at the distributions of tok ens within a

do cumen t, those do cumen ts with similar distributions of these �stop-w ords�

migh t b e placed together erroneously . Motiv ated b y apparen t w eaknesses

of the baseline mo del, w e no w explore a v ariet y of extensions that will b e

able to capture more of the cues to coreference that the discriminativ e mo del

emplo ys.

LD A Coreference Mo del

The �rst extension gran ts the mo del the abilit y to learn that certain w ords

are more relev an t to coreference resolution than others. Rather than eac h
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Figure 2.3: The �LD A-coref � generativ e mo del: no w the w ords in the do cu-

men t ha v e asso ciated �topic assignmen ts� z . Clustering is p erformed based

on the topics that app ear in the do cumen ts, rather than the tok ens them-

selv es.

en tit y ha ving a distribution o v er do cumen t tok ens, w e assume eac h do cu-

men t is a mixture of w ords from some LD A topics, and eac h en tit y has a

distribution o v er topics. The in ten t is to learn clusters of w ords that are re-

lated, and treat all w ords in the topic as the same with regard to coreference.

The graphical mo del is sho wn in �gure 2.3.

T o p erform inference w e m ust alternate b et w een sampling the topic as-

signmen ts to the w ords, and sampling the en tit y assignmen ts of the do cu-

men ts. The former are sampled from the follo wing distribution:

P(zd;i = tjz� d;i ; w; e) / � t +
X

ep = ed

ned ;t
� wd;i + nt;w d;iP

w0 � w0 + nt;w 0
(2.6)

With all the topic assignmen ts z sampled, w e can condition on them

while sampling new en tit y assignmen ts e from:

P(ed = i; wdjw� d; e� d; z) / P(zdjz� d; e) � P(ed = i je� i ) (2.7)

Note the similarit y b et w een equations 2.5 and 2.7. W e are essen tially

treating the topic v ariables in this mo del as w e did the w ords in the base-

line. This mo del will therefore cluster do cumen ts according to the topic
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Figure 2.4: The �self-stopping� mo del: w ords either b elong to an en tit y

sp eci�c �topic� (as in the baseline) or to the global topic � g . Clustering is

p erformed based on the w ords that b elong to the en tit y sp eci�c topics.

distributions inferred on them. The in tuition for this mo del is that w ords

that indicate coreference migh t not o v erlap b et w een do cumen ts (for exam-

ple, one do cumen t men tions jazz m usic while another men tions saxophone

pla ying), but b y clustering w ords in to LD A-lik e topics these w ords will all

b e view ed as the same b y the mo del.

Self-Stopping Mo del

The LD A-lik e mo del of the preceding section seems app ealing for its abilit y

to distinguish b et w een w ords of di�eren t indicativ e p o w er for coreference.

Ho w ev er with large n um b ers of topics it b ecomes computationally exp ensiv e

to p erform sampling. Therefore w e prop ose a simpli�ed v ersion that aims to

capture this distinction in a more e�cien t fashion.

W e prop ose to use a topic-lik e mec hanism to capture the di�erence b e-

t w een bac kground English language �noise� and the en tit y sp eci�c language

that is useful in coreference. Therefore w e use a restricted form of the previ-

ous mo del, where w e set the n um b er of topics to b e the n um b er of en tities plus

one (note that this n um b er c hanges as clusters are created or destro y ed in

sampling). There is one en tit y-sp eci�c topic for eac h en tit y , and one �global�
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topic that is shared b et w een all en tities, and is depicted in �gure 2.4. No w

eac h do cumen t is treated as a mixture of w ords from the en tit y-sp eci�c topic

for the cluster to whic h it is assigned, and the global topic. This means that

sampling the z v ariables is simpler, since there are no w binary . The e�ect of

the mo del is to cluster do cumen ts whic h share similar distributions of w ords

from the en tit y sp eci�c topic. This mo del is unable to capture some of the

prop erties exploited b y the LD A-coreference mo del, but ma y still b e able to

�lter out the noise in a do cumen t. W e call it the self-stopping mo del for its

abilit y to ignore stop-w ords when making the coreference decisions.

Incorp orating F urther Evidence

In designing the discriminativ ely trained mo del, w e noted that HTML markup

elemen ts suc h as h yp erlinks and page titles w ere imp ortan t features for de-

termining coreference. W e ma y extend an y of the generativ e mo dels w e

describ ed so far to use this t yp e of evidence as w ell. If w e assume are other

forms of evidence are expressed as tok ens in the do cumen ts (e.g., h yp erlink

URLs, h yp erlink text, do cumen t titles) then w e can extend the mo dels to

observ e these as w ell. In essence, eac h of the mo dels w e sho w ed can b e ex-

tended to handle this evidence, b y duplicating the comp onen ts whic h in v olv e

w ords (and their asso ciated topic v ariables and parameters) for eac h other

evidence class. Note that for sev eral classes of evidence, the v alues of the

parameters used for w ords ma y not w ork w ell. F or instance coreferen t do c-

umen ts ma y ha v e no h yp erlinks in common, and so a higher (more uniform)

v alue for the Diric hlet prior parameter ma y b e more appropriate.

2.4.3 Results

W e ev aluated these mo dels on the new Sp o c k corpus describ ed in c hapter 6.

W e presen t a preliminary result clustering the group of do cumen ts b elonging

to the �P eggy W aterfall� w eb-p eople. This section has 1302 do cumen ts,

divided in to 91 unique p eople. F or all mo dels, w e only used the tok ens from

the do cumen ts whic h w ere within 50 w ords of a men tion to the w eb-p erson

name. This w as due to the in tuition that relev an t information app ears close

to the name men tions. All mo dels had the 
 parameter set to 0:005. W e

tested the systems under the follo wing con�gurations:

� Baseline The generativ e mo del describ ed in section 2.4.1. This mo del

w as giv en an � parameter of 0:01 since w e an ticipated that the dis-

tributions of w ords for the en tities should b e p eak ed around certain

indicativ e w ords.
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� LD A-coref The LD A-inspired mo del describ ed in section 2.4.2. W e

used 200 �topics�, and set � to 0:25 and � to 0:01. Note that the �
parameter here corresp onds to the � parameter of the other mo dels.

� Self-stopping This is the mo del from section 2.4.2. The parameter for

the �global topic� w as set to the unigram coun ts of the corresp onding

w ords in the corpus. The in ten t w as to capture the highly frequen t

w ords in this topic. � and 
 w ere set as in the baseline mo del.

� Baseline+URL As describ ed in section 2.4.2, w e extended the base-

line mo del to also observ e the bags of h yp erlink URLs for eac h do cu-

men t, as w ell as the bags of w ords that mak e up the link text. No w the

mo del has an � parameter for eac h �class� of evidence, w ords, URLs

and link text. W e set these to 0:01, 0:9 and 0:9 resp ectiv ely .

� Self-stopping+URL This is a h ybrid of the ab o v e t w o systems. Es-

sen tially w e extended the self-stopping mo del to observ e the other t w o

evidence classes that w e describ ed ab o v e. The setting of � w as the

same as for Baseline+URL, and for eac h class, w e learned a global

topic parameter b y taking the unigram coun ts of the evidence tok ens.

All mo dels w ere trained with 200 iterations of Gibbs sampling. When

there w ere b oth topic v ariables and en tit y v ariables, topic v ariables w ere

sampled �rst for the whole corpus, b efore en tities w ere resampled. Results

of the v arious systems are sho wn in table ?? . They sho w a trend whereb y

the incremen tal impro v emen ts yield small increases o v er the baseline mo del.

The LD A mo del lags b ehind considerably , p erhaps due to a bad parameter

setting, or to an insu�cien t amoun t of Gibbs sampling. Ho w ev er note that

the do cumen ts often con tain a men tion to the w eb-p erson surrounded b y

useless text (suc h as when the p ersons name app ears in a table of sp orts

results). These cases migh t prev en t the prop er learning of a topic mo del

suc h as LD A. These results are preliminary in the sense that they only co v er

one cluster of the Sp o c k data, ho w ev er they should b e up dated in the near

future. The results are generally quite lo w, but note that they are not a

great deal lo w er than those of the discriminativ ely trained mo del, and that

this is ev aluated on the en tiret y of one of the largest sections of the sp o c k

data � rather than a sample of 150 do cumen ts from eac h section.
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B 3
P airwise

Mo del Precision Recall F1 Precision Recall F1

Baseline 63.3 16.4 26.0 39.2 9.8 15.7

LD A-coref 37.8 7.83 13.0 48.1 14.1 21.8

Self-stopping 69.7 17.3 27.7 60.8 9.6 16.5

Baseline+URL 51.7 18.2 26.9 12.1 11.9 12.0

Self-stopping+URL 60.9 18.6 28.5 53.2 11.1 18.4

T able 2.4: Coreference p erformance for a selection of generativ e w eb-p eople

disam biguation mo dels.

2.5 F uture W ork

W e ha v e demonstrated a v ariet y of tec hniques for disam biguating w eb do c-

umen ts according to the p eople to whom they refer. There are sev eral direc-

tions in whic h these mo dels could b e extended, for example exploring more

p o w erful features, more sophisticated statistical mo dels, and more adv anced

inference and sampling algorithms. A dditionally w e ma y gain b ene�t from

com bining the unsup ervised metho d in to the discriminativ ely trained one.

W e noticed that the t w o mo dels ha v e di�eren t strengths and w eaknesses, for

example the unsup ervised mo del p erforms w ell on large corp ora, whereas the

discriminativ e mo del is more accurate when there are few er w eb do cumen ts

to cluster. A successful line of future researc h ma y com bine the mo dels b y

using the predictions of the unsup ervised mo del as features for the discrim-

inativ e one.

This problem lends itself to semi-sup ervised learning, in whic h a small

amoun t of lab eled data is com bined with a v ast amoun t of unlab eled data in

training a predictor. Due to the sheer sizee of the In ternet, suc h unsup ervised

data w ould b e readily a v ailable in an almost unlimited supply .

In the related problem of anaphora resolution w e ha v e successfully ap-

plied error driv en training metho ds Culotta et al. (2007), whic h tailor the

parameters to a v oid the t yp es of errors that the mo del pro duces during train-

ing. Suc h tec hniques are directly applicable to this problem, and ma y in-

crease p erformance o v er the curren t mo dels. F urthermore, the discriminativ e

algorithm w e outlined factorized o v er clusters of do cumen ts. A straigh tfor-

w ard extension w ould b e to relax this restriction and allo w for features that

consider an en tire clustering.
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Chapter 3

Description of the Elkfed/IDC

platform and the BAR T

coreference resolv er

Y annic k V ersley and Simone P onzetto

3.1 General In tro duction

BAR T, the Baltimore Anaphora Resolution T o olkit, is a to ol to p erform

fully automatic mac hine-learning based automatic coreference annotation on

written text. This section will pro vide a friendly in tro duction to the system

from a user's p ersp ectiv e.

The system stores all vital information on do cumen ts in the tok en-based

stando� format of MMAX2; it uses the MMAX2 discourse API

1

for this

purp ose.

In the standard con�guration, only tok enisation is needed, and other

steps are p erformed automatically b y suitable comp onen ts (sen tence splitter,

part-of-sp eec h tagger, c h unk er/parser, and named en tit y recognizer). F or

learning a new classi�er or quan titativ e ev aluation, it is necessary to ha v e

gold standard coreference information on a separate mark able lev el.

T o run the basic system, y ou need to ha v e the follo wing external comp o-

nen ts installed:

� the Y amCha c h unk er and the Y amCha mo del collection (for the c h unk er-

based pip eline)

1

see h ttp://mmax2.sourceforge.net
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http://chasen.org/~taku/software/yamcha/

(where do the c h unking mo dels come from?)

Y amCha uses an external SVM pac k age to p erform its classi�cation;

p ossible candidates are Tin ySVM and SVMLigh t

http://chasen.org/~taku/software/TinySVM/

SVMLigh t/TK, whic h is a do wn w ards-compatible extension to SVM-

ligh t, can also b e used as a learner in the coreference resolution.

� Charniak and Johnson's reranking parser

ftp://ftp.cs.bro wn.edu/pub/nlparser/

Other recommended external comp onen ts include

� SVMligh t/TK with ja v a nativ e in terface: This allo ws the use of SVM

for classi�cation tasks and the use of tree-v alued features. The use of

the nativ e Ja v a in terface is recommended for impro v ed sp eed.

� The Carafem bic A CE men tion tagger p erforms general men tion tagging

for A CE men tions. Its use impro v es the accuracy when using A CE-

st yle corp ora in whic h only A CE men tions (p ersons, organizations,

geop olitical en tities, . . . ) are mark ed up.

The pr epr o c essing pip eline in v ok es sen tence splitter, part-of-sp eec h tag-

ger, c h unk er and named-en tit y recognizer and uses this information to tag

men tion mark ables (on the markable annotation la y er of the MMAX2 do c-

umen t). Once do cumen ts ha v e b een prepro cessed, the prepro cessing infor-

mation in the MMAX do cumen ts can simply b e reused and prepro cessing

switc hed o�. This is esp ecially con v enien t when doing rep eated exp erimen ts

on a single dataset.

3.1.1 Installation and Getting Started

This section will lead us through the steps necessary for running training

and testing phases on the MUC6 corpus.

Running without prepro cessing

1. In the directory config , mak e a cop y of the �le config.properties.sample

and name it config.properties .

The config.properties �le con tains con�guration options that usu-

ally dep end on the lo cal system con�guration, suc h as the directories

where training/testing data, needed programs, etc. reside.
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If y ou unpac k ed the MUC sample �les in to /path/to/MUC-MMAX , then

y ou need to set the trainData/testData options as follo ws:

trainData = /path/to/MUC-MMAX/muc6/train

trainDataId = MUC6

testData = /path/to/MUC-MMAX/muc6/test

testDataId = MUC6

In the run w e w an t to do no w, w e don't need to run the prepro cess-

ing, as the MUC �les are already in MMAX format and con v enien tly

prepro cessed:

runPipeline=false

MUC6 marks coreference ev en outside the main do cumen t b o dy , whic h

is wh y w e w an t to use the men tion creation pro cess that uses men tions

from the whole do cumen t:

mentionFactory=elkfed.coref.mentions.FullDocMentionFactory

2. T o compile the Elkfed sources, w e need to ha v e (i) a w orking JDK

(v ersion 5.0 or up) and (ii) Apac he An t

2

; w e also need to setup the

classpath so that external libraries (whic h are part of the Elkfed/BAR T

pac k age) can b e found.

First, edit the setup.sh �le so that JAVA_HOME p oin ts to the directory

where y our Ja v a installation is. Y ou then need to source the �le with

3

:

bash$ source setup.sh

W e then run an t to compile the whole thing:

bash$ ant jar

W e can then use XMLExperiment to p erform b oth training and testing

4

:

bash$ java -Xmx1024M elkfed.main.XMLExperiment

2

a v ailable at http://ant.apache.org/bindownl oad.c gi

3

this only w orks with bash. Users of other shells suc h as tcsh will ha v e to adapt this.

4

the option -Xmx1024M is used to allo cate more heap space for the Ja v a pro cess. If

y our computer do es not ha v e enough memory , or Ja v a runs in to memory problems, y ou

ha v e to adjust this n um b er
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or w e can use XMLTrainer to create the training data, run XMLClassifier-

Builder to p erform mo del learning and then use XMLAnnotator to test

separately:

bash$ java -Xmx1024M elkfed.main.XMLTrainer

(lots of output omitted)

bash$ java -Xmx1024M elkfed.main.XMLClassifierBuilder

(some output omitted)

bash$ java -Xmx1024M elkfed.main.XMLAnnotator

(lots of output omitted)

Running with the parser pip eline

T o try out some prepro cessing, w e will �rst use the A CE-02 sample �le that

is in sample/ACE-02

5

. T o do this, w e �rst c hange the testData con�guration

en try in config.properties :

testData=./sample/ACE-02

W e then need to c hange the options so that (i) prepro cessing is activ ated,

(ii) the Charniak parser is used and (iii) the directory where the Charniak

parser is lo cated is kno wn to the system:

runPipeline=true

pipeline=elkfed.mmax.pipeline.ParserPipeline

parser=elkfed.mmax.pipeline.CharniakParser

charniakDir=/path/to/the/reranking-parser

T o b e able to use the Charniak parser, w e also need to replace the parse.sh

script in the reranking-parser directory with our mo di�ed v ersion.

W e can then run XMLAnnotator , whic h uses the mo del w e trained on the

MUC data ( again, this is not useful for any serious purp ose, but we want to

try out the pip eline ) on the corpus that will b e run through the prepro cessing

pip eline for us.

3.1.2 A dditional Con�guration

The c on�g.pr op erties �le in the c on�g directory con tains a few more settings

that in�uence the b eha viour of the system:

5

This is nonsense from an ev aluation p oin t of view, as the A CE and MUC annotation

sc hemes di�er considerably . But as prepro cessing the whole MUC6 corpus w ould tak e

longer, w e'll just ha v e fun with the sample �le.
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� the option mentionFactory indicates the name of the class used for

creating the men tion ob jects from MMAX mark ables, whic h can b e

used to in�uence the set of men tions that are created and can then b e

link ed.

Curren tly , the follo wing MentionF actory sub classes exist

6

:

� FullDocMentionFactory creates men tions for ev ery mark able on

the markable annotation la y er

� DefaultMentionFactory creates men tions for ev ery mark able that

is in the `main text' part (mark ed b y a mark able on the se ction

annotation la y er with attribute name = text ).

� The v alue of tr ainDataId / testDataId selects the follo wing corpus-

sp eci�c b eha viour:

� If either trainDataId or testDataId are set to MUC6 , the anaphor

m ust b e a de�nite for the expression to b e an app osition (in

FE_Appositive ).

� The v alue of runPip eline can b e set to true if it is desired to (re-)run

the prepro cessing steps on the corpus, or false , if existing annotation

la y ers are to b e reused.

� The v alue of pip eline can b e used to select a di�eren t v ersion of the

prepro cessing pip eline

7

:

� DefaultPipeline uses a the Stanford POS tagger, the Y amCha

c h unk er and the Stanford named en tit y tagger.

� ParserPipeline uses the Charniak parser to extract POS tags,

BaseNPs as c h unks, and also extracts parse trees.

� NERTestPipeline uses the Charniak parser to extract syn tactic

structure, but uses the Carafem bic men tion tagger for extracting

b oth nominal and name men tions. Because only A CE en tities

are extracted and non-A CE noun phrases are ignored, this is the

recommended prepro cessing when using A CE-st yle corp ora whic h

do not mark all men tions.

6

it is necessary to prep end the pac k age name elkfe d.c or ef.mentions in all cases

7

it is alw a ys necessary to prep end the pac k age name elkfe d.mmax.pip eline
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� The v alue of default_system determines the feature set and learners

to b e used. T o use di�eren t settings, it is p ossible to either giv e XM-

LExp erimen t the name of an XML �le con taining suc h a description,

or c hange the v alue of default_system to the name (without the .xml

su�x) of an existing description from the elkfe d.main pac k age. In the

curren t distribution of Elkfed/BAR T, the follo wing XML descriptions

are included:

� idc0_system uses exactly the So on et al. feature set (men tion

t yp e, gender/n um b er agreemen t, alias, app ositiv e, seman tic class

compatibilit y , sen tence distance).

� bart_system uses an extended feature set: b esides the informa-

tion used b y IDC0, it also uses parse tree information (tree k er-

nels, syn tactic p osition), as w ell as some seman tic information

(w eb patterns, Wikip edia alias, seman tic class v alues).

The BAR T system uses tree k ernels and requires external infor-

mation (w eb queries and information extracted from Wikip edia

in a relational database), whic h means that setting it up requires

some w ork. F or more details, please refer to the descriptions of

the individual features in section 3.3.

3.1.3 XML system descriptions

The enco ding/deco ding mo del used as w ell as the learners and the features

used can b e in�uenced b y means of XML description �les. The t w o descrip-

tion �les that can b e used out of the b o x are loaded from the JAR �le; they

can b e found in the pac k age elkfed.main , whereas other examples can b e

found in the pac k age elkfed.main.old_xml . T o use an alternativ e system

description, just put it in the curren t directory and giv e the �lename to

Xml{T rainer/Annotator/Exp erimen t}.

Figure 3.1 sho ws the system description for the IDC0 system. The ro ot

elemen t, coref-experiment , has exactly one system no de, whic h in turn

has a list of classi�ers and a list of extractors. In the soon system t yp e,

the only w e will co v er here, w e only need one classi�er, whic h is used for all

anaphor-an teceden t pairs.

The follo wing classi�eres are implemen ted:

� The weka classi�er uses the WEKA mac hine learning to olkit for classi-

�cation; all classi�ers from WEKA can b e used, and the class name of

the corresp onding classi�er has to b e giv en in the �learner� attribute.
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<?xml version="1.0" encoding="UTF-8"?>

<coref-experiment>

<system type="soon">

<classifiers>

<classifier type="weka" model="idc0"

learner="weka.classifiers.trees.J48"

options=""/>

</classifiers>

<extractors>

<!-- general info about antecedent -->

<extractor name="FE_MentionType_Buggy"/>

<!-- agreement features -->

<extractor name="FE_Gender"/>

<extractor name="FE_Number"/>

<!-- specialized features for aliases etc. -->

<extractor name="FE_Alias"/>

<extractor name="FE_Appositive"/>

<!-- string matching features -->

<extractor name="FE_StringMatch"/>

<!-- semantic class agreement -->

<extractor name="FE_SemanticClass"/>

<extractor name="FE_SentenceDistance"/>

</extractors>

</system>

</coref-experiment>

Figure 3.1: XML system description: IDC0

Options, as they app ear on the command line sho wn b y the WEKA

Exp erimen ter, can b e sp eci�ed in the �options� attribute.

� The svmlight classi�er uses SVMLigh t, either in its plain v arian t or

in the SVMLigh t/TK v arian t. Options to svm_learn can b e sp eci�ed

in the �options� attribute.

� The maxent classi�er is a maxim um en trop y classi�er built up on the

L-BF GS implemen tation of Mallet. It is able to p erform feature com-

binations. Binary feature com binations giv e y ou a similar accuracy

to the SVMLigh t p olynomial-degree-2 classi�er, with m uc h reduced

training times.
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The preliminary in terface for this is that the �options� attribute is in ter-

preted as a com bination template, i.e. options="**" uses the features

alone, whereas options="** **" giv es binary feature com binations.

This is sub ject to c hange. Use with care!

The extractors are listed in section 3.3; the name of a feature extractor

is sp eci�ed in the �name� attribute and a matc hing class is then searc hed

for in the pac k age elkfe d.c or ef.fe atur es.p airs and in the subpac k ages elk-

fe d.c or ef.fe atur es.p airs.{srl/wiki/wn}

3.2 Inside BAR T: arc hitecture and in ternal APIs

One goal for the Elkfed arc hitecture has b een to pro vide e�ectiv e separation

of concerns for the follo wing three groups of p eople who migh t b e in terested

in w orking on a system for coreference resolution:

� Those who aim to do fe atur e engineering, creating new features that

exploit di�eren t sources of kno wledge.

� Those who aim to explore di�eren t pr epr o c essing metho ds, impro ving

the qualit y of the input to coreference resolution prop er.

� Those who aim to explore di�eren t metho ds of represen ting coreference

resolution as a le arning problem.

T o reac h this goal, there is a clean separation b et w een the domains of pre-

pro cessing, feature extraction, and learning:

The �rst part of prepro cessing is carried out b y pip eline comp onen ts,

whic h add MMAX mark ables on di�eren t annotation la y ers, and stores the

result on the markable annotation la y er in MMAX. The second part of pre-

pro cessing, carried out b y MentionFactory instances, uses the mark ables on

the markable annotation la y er to create Ja v a ob jects with relev an t prop erties,

instances of class Mention .

F eature extractors are presen ted are presen ted instances of the relev an t

Instance sub class � in BAR T, whic h exclusiv ely uses binary decisions,

this is alw a ys PairInstance . They then use the information stored in the

Instance , namely the anaphor and ante c e dent prop erties, whic h hold ref-

erences to men tion ob jects. Ha ving eac h feature extractor in its o wn class

allo ws for �exible mixing and matc hing for feature extractors.

The part that is resp onsible for learning decision functions using a giv en

set of features (referred to as the enco der/deco der) uses a mac hine learning
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classi�er from the elkfe d.ml pac k age that is trained with anaphor - p oten tial

an teceden t pairs from the training set, and the decisions of this classi�er

regarding single pairs are then used to deriv e appropriate linking decisions

that group men tions in to equiv alence sets represen ting en tities. The en-

co der/deco der has to extract pairs that are to b e presen ted to the learner,

and delegate the feature extraction to a list of feature extractors. In the

testing phase, it has to c ho ose pairs to presen t to the classi�er built in the

training phase and to use the classi�er decisions to link men tions.

3.2.1 Imp ortan t Classes

The most basic building blo c ks in the Elkfed platform are the in terfaces

CorefResolver and CorefTrainer in the pac k age elkfe d.c or ef . A coreference

resolv er get handed a list of Mention ob jects that are to b e group ed together

in a DisjointSet , whereas a CorefTrainer just gets handed the list of

men tions and is not required to return an ything.

Mention ob jects represen t single men tions: they ha v e utilit y metho ds

that allo w to access prop erties of men tions, and a metho d isCoreferent that

allo ws the training pro cedure in a ML-based coreference resolution system

to see whether a pair of men tions should b e coreferen t or not.

What happ ens around these in terfaces? Let us b egin b y the outer side:

in the pac k age elkfe d.main , the classes Trainer and Annotator are simpli�ed

v ersions of BAR T's XML T rainer and XMLAnnotator classes and con tain the

necessary co de for setting up the actual pro cess.

Ob jects of t yp e SoonEncoder or SoonDecoder (to b e co v ered later, b elo w)

are handed to instances of TrainerProcessor , or AnnotationProcessor ,

resp ectiv ely , that iterate through do cumen ts in the corpus giv en and then

use a MentionF actory to create Mention ob jects from the information in the

MMAX2 do cumen ts.

SoonEncoder instances tak e a list of mark ables; for ev ery pair mj , mi of

men tions that are adjacen t in a coreference c hain, a p ositiv e training instance

is generated for the pair hmj ; mi i , and a negativ e instance with hmk ; mi i is

created for ev ery mark able mk that o ccurs in b et w een mi and mj . These

learning instances serv e as learning data set for the ML classi�er; an ob ject

implemen ting the Intanc eW riter in terface tak es these instances and writes

them out in a format that is understo o d b y the ML to olkit implemen ting

that classi�er, for example in ARFF format for W ek a-based learners.

In con v erse, SoonDecoder instances lo ok for an an teceden t for a giv en

mark able mi b y getting the classi�cation for pairs hmj ; mi i built with some

mj that o ccurs b efore mi , starting with the closest ones; the �rst pair to
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b e classi�ed as p ositiv e is merged and other (p oten tial) an teceden ts are ig-

nored. The classi�cation of pairs is handled b y an ob ject implemen ting the

O�ineClassi�er in terface, whic h gets a list of pairs and pro vides the list of

decisions for these pairs. In the case of the W ek a mac hine learning to olkit,

the classi�er is called in-pro cess. F or classi�ers that are only a v ailable as

external programs (suc h as SVMligh t when the nativ e in terface is not used),

alw a ys classifying batc hes of m ultiple pairs atten uates the sp eed loss due to

the startup time of the external program.

The classi�cation instances that are used for learning and classi�cation

are instances of the class PairInstance , whic h get the anaphor and an-

teceden t set b y the enco der/deco der, whereas the actual information used

for classi�cation is set b y ob jects implemen ting the PairFeatureExtractor

in terface.

3.3 F eature Extractors

This section describ es the feature extractors that are included in the Elk-

fed/IDC platform; most, but not all of them are used b y BAR T. T ree-v alued

features can only b e used b y the SVMligh t learner, string-v alued features

cannot b e used with WEKA learners, and unnormalized con tin uous features

do not w ork w ell with p olynomial SVMs or MaxEn t classi�ers that use fea-

ture com binations, so not all sets of features mak e sense with a giv en learner.

3.3.1 Basic F eatures

Men tionT yp e

The feature extractors FE_MentionType_Buggy and FE_MentionType extract

information ab out the form of the anaphor (de�niteness, demonstrativ e, pro-

noun), the an teceden t (pronoun) and also includes a feature that indicates

whether the t w o men tions are b oth prop er names.

FE_MentionType_Buggy c hec ks for the pre�x �the� on the men tion string

to deriv e de�niteness, whereas the isDe�nite metho d on Men tion c hec ks

that �the� is actually a w ord b y itself, excluding �them�, �their� and other

third p erson plural pronouns. In the basic So on et al reimplemen tation, the

information found in the `buggy' v ersion (third-p erson plural pronouns) is

used and leads to impro v ed p erformance o v er the corrected v ersion.
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Gender agreemen t

The feature extractor FE_Gender uses gender information from the men tion

to assess gender compatibilit y . The assigned v alue can either b e true, false,

or unkno wn.

Num b er agreemen t

The feature extractor FE_Number uses n um b er information to determine n um-

b er compatibilit y . This is either true or false.

Alias

FE_Alias uses the tec hniques describ ed in (So on et al. 2001b) to matc h

abbreviations and name v ariations.

App ositiv e

FE_Appositive adds a feature that is true whenev er t w o men tions are sep-

arated exactly b y a comma.

String Matc hing

FE_StringMatch strips the determiners o� the mark able string and then

p erforms a case-insensitiv e comparison of the rest.

Seman tic Class compatibilit y

FE_SemanticClass uses the Seman ticClass prop ert y of the men tion to as-

sess the seman tic compatibilit y of anaphor and an teceden t (either TR UE,

F ALSE, or UNKNO WN if either of the t w o has an unkno wn seman tic class

and the lexical heads do not matc h).

Sen tence distance (con tin uous vs. discrete v ersion)

FE_SentenceDistance giv es the distance of anaphor and an teceden t can-

didate in sen tences. FE_DistDiscrete is mean t as a discretisation of the

v alues, with t w o binary features that indicate whether the candidate is in

the same sen tence or in the previous sen tence.
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3.3.2 Syn tax-based F eatures

Syn tactic p osition

FE_SynPos yields a string that is comp osed of the �rst three unique lab els of

paren t no des. This is mean t to indicate the syn tactic p osition � sub jects will

ha v e a v alue of `np.s', whereas direct ob jects will ha v e a v alue of `np.vp.s',

and a noun phrase em b edded in a noun-mo difying PP w ould ha v e a v alue of

`np.pp.np'.

T ree features

The feature FE_TreeFeature is a tree-v alued feature that carries information

ab out the syn tactic relationship b et w een anaphor and candidate. Its v alue

is a subtree of a parse tree co v ering b oth the anaphor and the an teceden t

candidate. It includes the no des o ccurring in the shortest path connecting

the pronoun and the candidate, via the nearest commonly dominating no de.

Also it includes the �rst-lev el c hildren of the no des in the path.

3.3.3 Kno wledge-based F eatures

W eb patterns

The FE_WebPatterns feature extractor uses pattern searc h on the W orld

Wide W eb to �nd instance relations as they exist b et w een `China' and 'coun-

try', or `Clin ton' and `presiden t'. Queries are cac hed in a lo cal Berk eleyDB-

JE database.

The follo wing settings in con�g.prop erties are necessary for this feature

extractor to w ork:

� msn_app_id con tains the dev elop er k ey for Microsoft's Windo ws

Liv e Searc h service. The pro cess of getting a dev elop er k ey for this

service is describ ed at the follo wing URL:

http://dev.live.c om/blo gs/livese ar ch/ar c hive /2006/03/2 3/27.aspx

Results of w eb queries are cac hed in a Berk eley DB Ja v a Edition database,

whic h is created in the curren t directory . The curren t implemen tation un-

fortunately precludes concurren t access from m ultiple pro cesses on the same

�le system, but a cac he that has b een established once (b y doing the queries

needed) can simply b e mo v ed to another mac hine b y cop ying the *.jdb �les.
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Wikip edia Alias

The FE_WikiAlias feature extractor uses information extracted from Wikip edia

8

,

namely redirects and links to a giv en page, but also app earance in lists, to

pro vide evidence for name v ariations (see the extraction c hapter for a more

detailed description).

The Wikip edia Alias feature extractor needs to access a MySQL

9

database

that con tains the r e dir e cts_to , links_to and lists_dev tables with informa-

tion from Wikip edia. The follo wing settings in con�g.prop erties are neces-

sary for this feature extractor to w ork:

� wikiDB_driv er con tains the class name of the JDBC driv er, usually

c om.mysql. jdb c.Driver

� wikiDB_user and wikiDB_passw ord con tain user name and pass-

w ord of the accoun t that is used to connect to the database

� wikiDB_dburl con tains the JDBC URL to the database. This should

b e somethink lik e

jdbc:mysql:// hhostname i :3306/ hdatabase i -
?useOldUTF8Behavior=true&useUnicode=true&  -
characterEncoding=UTF-8

(without the line breaks or  - in b et w een the parts).

Wiki (category graph)

The FE_Wiki feature extractor uses redirects and the category graph of

Wikip edia to assess candidate relatedness, as describ ed in (P onzetto and

Strub e 2006). See the c hapter on kno wledge extraction for a more detailed

description.

W ordnet distance

The FE_WNSimilarity feature extractor extracts the W ordNet distance b e-

t w een an teceden t and candidate heads, according to sev eral distance mea-

sures.

SemClass pair

FE_SemClassValue extracts the seman tic class v alues of anaphor and an-

teceden t, b oth alone and as a pair.

8

see http://www.wikip e dia.or g

9

it is probably p ossible to use an y other JDBC-compatible database
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Mo di�er (in)compatibilit y

The FE_Wiki_Inc feature extractor uses information from the Wikip edia

category/graph structure as describ ed ab o v e, as w ell as W ordnet (also see

ab o v e) to automatically compute the compatibilit y b et w een the pronominal

mo di�ers of the anaphora and an teceden t - if they ha v e matc hing head nouns.

A ttributes and relations are extracted from the mark able string of eac h

men tion, for example American tourist in Cuba w ould ha v e asso ciated with

it American as an attribute, and from Cuba as a relation, whic h can then b e

compared against Cuban tourist to determine the incompatibilit y of the t w o

men tions. The Wikip edia and W ordnet ev alutions are computed sep erately

and a �nal score of compatibiltit y is assigned based on the t w o.

This feature extractor needs the W ordnet library and access to the Wikip edia

category/graph structure (see the resp ectiv e subsections for necessary pre-

conditions).
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Chapter 4

Extracting Lexical and

Commonsense Kno wledge from

Wikip edia

Simone P onzetto, Jason Smith,

Vladimir Eidelman and Massimo P o esio

In this Chapter w e discuss �rst our metho ds for extracting similarit y in-

formation from Wikip edia's category structure, then for extracting suc h in-

formation from h yp erlinks and redirects, and �nally ho w w e compute the

incompatibilit y feature.

4.1 FE_Wiki_Similarit y

The feature mo deling seman tic similarit y from Wikip edia builds up on and

extends previous w ork on using the system of categories in Wikip edia as a

seman tic net w ork for computing seman tic relatedness (Strub e and P onzetto

2006). In addition, it crucially mak es use of a taxonom y automatically gen-

erated from that category net w ork (P onzetto and Strub e 2007). This allo ws

us to pro vide the coreference resolution system with scores of semantic simi-

larity mo deling the seman tic compatibilit y b et w een an teceden t and anaphor.
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Cognitive architecture Ontology Pataphysics

Life Artificial life

Biology

Categories

Top 10Fundamental

Mathematics Philosophy
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TechnologyInformation

NatureSystems Thought

Mathematical logic

Applied mathematics Branches of philosophy

Metaphysics

Organizations Computer scienceNatural sciences
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Cybernetics
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Knowledge

Abstraction Belief

Cognition

Logic

Artificial intelligence

Computational science

Natural language processing

Artificial intelligence applicationsComputational linguistics

Speech recognition

Cognitive science

Neuroscience

Linguistics

Figure 4.1: Wikip edia category net w ork. The top no des in the net w ork

( Ca tegories, Fund ament al, Top 10 ) are structurally iden tical to the

more con ten t b earing categories.
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Composers

Jazz composers

Musical activists

page : John Zorn

page : Fela Kuti

Figure 4.2: Wikip edia-based seman tic relatedness computation. First, tar-

get pages for the giv en queries are retriev ed, p ossibly via disam biguation.

Next, categories are extracted to pro vide an en try p oin t to the category net-

w ork. Connecting paths are then searc hed along the category net w ork using

a depth-limited searc h. The paths found are scored and the ones satisfying

the measure de�nitions (i.e. the shortest one for path-length measures, and

the most informativ e one for information-con ten t measures) are returned.
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4.1.1 WikiRelate! Computing Seman tic Relatedness Using

Wikip edia

Strub e and P onzetto (2006) presen ts a metho d called WikiRelate! whic h

tak es the system of categories in Wikip edia as a seman tic net w ork to com-

pute measures of seman tic relatedness. Wikip edia allo ws in fact for struc-

tured access b y means of c ate gories : the encyclop edia articles can b e assigned

one or more categories, whic h are further categorized to pro vide a so-called

�category tree� (Figure 4.1). Though not designed as a strict hierarc h y , the

categories form a graph whic h can b e used as a net w ork to compute seman-

tic relatedness. Their w ork sho w ed (1) ho w to retriev e Wikip edia articles

from textual queries and resolv e am biguous queries based on the articles'

link structure, and (2) compute seman tic relatedness as a function of the

articles found and the paths b et w een them along the categorization net w ork

(Figure 4.2). F or instance, giv en the name en tities John Zo rn and F ela Kuti

from Figure 4.2, their seman tic relatedness can b e computed b y �nding the

connecting path b et w een their Wikip edia articles along the categorization

net w ork and using standard measures from the literature, e.g. computing se-

man tic distance as the n um b er of edges b et w een pages in the hierarc h y and

de�ning seman tic relatedness as the in v erse score of the seman tic distance

(cf. Rada et al. 1989).

sim(c1; c2) = 1
# nodes in path

sim( John Zo rn , F ela Kuti ) = 1
6 = 0 :16

P onzetto and Strub e (2006) also sho ws that including suc h scores in to an

NLP system dealing with coreference resolution is b ene�cial. A limitation of

that approac h is that it computes semantic r elate dness , rather than seman-

tic similarity

1

. This is b ecause approac hes to measuring seman tic similarit y

that rely on lexical resources use paths based on isa relations only , whereas

the Wikip edia categorization net w ork con tains relations b et w een categories

whic h are neither seman tically t yp ed nor sho w a uniform seman tic. Ho w ev er,

1

Seman tic relatedness indicates ho w m uc h t w o concepts are seman tically distan t in a

net w ork or taxonom y b y using all relations b et w een them (i.e. h yp on ymic/h yp ern ymic,

an ton ymic, meron ymic and an y kind of functional relations including is-made-of, is-an-

attribute-of, etc.). When limited to h yp on ym y/h yp eron ym y (i.e. isa ) relations, the

measure quan ti�es seman tic similarit y instead (see Budanitsky and Hirst (2006), for a

discussion of seman tic relatedness vs. seman tic similarit y). In fact, t w o concepts can b e

related but are not necessarily similar (e.g. cars and gasoline, see Resnik (1999)).
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Figure 4.3: Inducing seman tic relations b et w een categories in Wikip edia

it seems that coreference resolution needs more �ne-grained seman tic similar-

it y (e.g. `F CC isa an agency') rather that seman tically unsp eci�ed seman tic

relatedness. A ccordingly , in order to compute seman tic similarit y , one needs

a subsumption hierarc h y (i.e. a fully-�edged taxonom y) on top of the system

of Wikip edia categories. This consists of transforming the unlab eled graph

in Figure 4.3(a) in to the seman tic net w ork in Figure 4.3(b), where the links

b et w een categories are augmen ted with a clearly de�ned seman tics.

4.1.2 Deriving a Large Scale T axonom y from Wikip edia

P onzetto and Strub e (2007) sho ws ho w to induce a large-scale taxonom y

from the Wikip edia category net w ork. The taxonom y consists of isa and

notisa relations and it is generated using three main classes of heuristics:

syn tax-based metho ds p erform a string matc hing b et w een the syn tactic

comp onen ts of the category lab els;

connectivit y-based metho ds exploit the structure and connectivit y in

the net w ork;

lexico-syn tactic based metho ds use is-a (Hearst 1992) and part-of (Berland

and Charniak 1999) surface pattern.

Using these metho ds, they start with a category net w ork consisting of 165,744

categories and 349,263 direct links b et w een them and generate a v ery large

taxonom y , i.e. con taining up to 105,418 isa seman tic links. In order to

ev aluate the taxonom y , they p erform an extrinsic ev aluation b y computing
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seman tic similarit y on t w o commonly used datasets, namely the list of 30

noun pairs of Miller and Charles (1991) and the 65 w ord synon ymit y list from

Rub enstein and Go o denough (1965). The results sho w that Wikip edia-based

measures of seman tic similarit y computed using the automatically generated

taxonom y are comp etitiv e with the ones computed from W ordNet (F ellbaum

1998).

4.1.3 Bringing it All T ogether: Computing Seman tic Simi-

larit y Using Wikip edia for Coreference Resolution

The con tribution of the FE_Wiki_Similarit y feature is to capture the

notion of semantic c omp atibility in terms of Wikip e dia-b ase d semantic simi-

larity sc or es and to mak e this kind of information a v ailable to the coreference

resolution system. In order to ac hiev e this, it uses the original WikiRelate!

metho d (subsection 4.1.1) on the automatically generated taxonom y (sub-

section 4.1.2). The taxonom y is obtained b y taking only those categories in

Wikip edia whic h are found to b e in a isa relation and remo ving the top 200

categories with the highest P ageRank score (Brin and P age 1998)

2

, as this

has b een sho wn to yield the seman tic similarit y scores whic h b est correlate

with h uman judgmen ts. The degree of seman tic compatibilit y is obtained

b y computing the similarit y scores for eac h input an teceden t-anaphor pair

as follo ws:

Query extraction: normalize the strings b y either taking the head lemma

(for common nouns, e.g. house ) or the full NP (for named en tities, e.g.

Geo rge W. Bush ).

P age retriev al: �nd the t w o Wikip edia pages pages= f p1; p2g the queries

refer to.

Category extraction: parse the pages and extract the t w o sets of cate-

gories C1 = f c1j c1 is_category_of p1g and C2 = f c2j c2 is_category_of p2g
the pages are assigned to.

P ath �nding: compute the set of paths b et w een al l p airs of c ate gories

3

of

2

See P onzetto and Strub e (2007) for details. In a n utshell, the idea is to �lter out se-

man tically coarse-grained, o v er-connected categories using a link analysis algorithm (suc h

as P ageRank) b y assuming that these categories are the most authoritativ e ones in the

category net w ork.

3

W e factorize o v er all p ossible category pairs in order to deal with the sense disam-

biguation problem. That is, w e assume that eac h category captures a sense of the target

query and w e tak e the cross pro duct of eac h an teceden t and anaphor category to form

pairs of â€ ˜Wikip edia synsetsâ€™ to compute the similarit y across all of them.
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the t w o pages, namely paths = f pathc1 ;c2 j c1 2 C1; c2 2 C2g.

Seman tic similarit y computation: compute seman tic similarit y using the

taxonom y based on the paths found along the category net w ork. F or

eac h measure WIKI_SIMILARITY

4

, compute the similarit y score for

all category pairs, and create the follo wing features:

1. WIKI_SIMILARITY_BEST the highest similarit y score from

all hCRE i ;n ; CRE j ;m i category pairs.

2. WIKI_SIMILARITY_A V G the aver age similarit y score from

all hCRE i ;n ; CRE j ;m i category pairs.

4.2 FE_Wiki_Alias

This feature tak es adv an tage of Wikip edia's h yp erlinks. The simplest form

of h yp erlink is created b y surrounding a w ord or group of w ords with square

brac k ets. F or example, the wikitext

On Monday, [[Bill Clinton]] released a statement...

will con tain a link to the article for �Bill Clin ton�. It is often the case,

ho w ev er, that a sen tence will not con tain the full name of an article that the

author w an ts to link to. This t yp e of h yp erlink can b e accomplished through

�pip ed links�. A pip ed link con tains the article the text links to follo w ed b y

the visible text of the link (also referred to as the alias), separated b y the

pip e c haracter. F or example, the wikitext

...since the [[Bill Clinton|Clinton]] Administration.

will app ear as

...since the Clinton Administration.

where �Clin ton� links to the article for �Bill Clin ton�. While this concept

is v ery simple, it giv es us sev eral examples of alternate names for en tities,

including abbreviations and shortened names.

The initial v ersion of this feature tak es adv an tage of these pip ed links

b y �ring whenev er t w o strings link to the same article. Essen tially , w e are

4

W e use the path length based measures from Rada et al. (1989), W u and P almer

(1994) and Leaco c k and Cho doro w (1998) and the information con ten t based measure

from Seco et al. (2004).
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Alias P ages

America United States Neotropics Americas ...

USA United States Florida USSF ...

British British England United States ...

T able 4.1: Wiki_Alias T able

computing �bag of articles� similarit y for strings, where eac h string has a

v ector of articles that it links to. This feature's v alue can b e computed

e�cien tly b y �rst building a database that con tains ev ery article that eac h

string links to. It is assumed that ev ery string links to its o wn article. The

table con taining this data has t w o �elds, �alias�, whic h is the visible text of

a link, and �page ids�, whic h is a list of ev ery page that the string in �alias�

links to. Some example en tries are giv en in T able 4.1.

There are also some problematic examples of pip ed links, as seen in T able

4.1. The string �British� links to �United States� somewhere in Wikip edia.

(This o ccurs in the article for the British c hildren's television sho w Fimbles .)

Alias P ages

America United States Neotropics America ...

W eigh ts 0.1648 0.0016 0.1328 ...

USA United States Florida USSF ...

W eigh ts 0.9999 2.990e-5 0.0006 ...

British British England United States ...

W eigh ts 0.1801 0.1988 0.0010 ...

T able 4.2: Wiki_Alias T able with W eigh ts

T o accoun t for suc h cases, the feature w as c hanged from binary to real

v alued. The strength of a matc h b et w een t w o strings no w tak es in to accoun t

ho w often eac h string links to a giv en article. Viewing eac h string as a �bag

of articles�, w e can use term frequency w eigh ting to impro v e the accuracy

of this feature. T able 4.2 con tains the up dated database table, where eac h

article has a n umeric w eigh t asso ciated with it calculated simply b y

n um b er of times the string X links to article Y

n um b er of times the string X links to an y article
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Since �British� only links to �United States� once, the similarit y b et w een the

t w o is no w dramatically lo w ered.

Since w eigh ting b y term frequency impro v ed p erformance, using in v erse

do cumen t frequency w as considered and tested. As it turns out, this did

not help. W eigh ting b y in v erse do cumen t frequency in this task w ould mean

lo w ering similarit y scores b et w een t w o strings when they link to a �p opu-

lar� article (p opular in this case meaning frequen tly link ed to). This is not

desirable with our dataset; the fact that Bill Clin ton's article is frequen tly

link ed to do es not decrease the c hance that �Presiden t Clin ton� is a p ossible

alias for �Bill Clin ton�. The use of term frequency w eigh ting w as done as a

w a y to �lter out noise, not to giv e a b etter measure of similarit y b et w een

t w o strings. In v erse do cumen t frequency , and lik ely an y other more complex

v ector-based w eigh ting, w ould not help with this task.

4.2.1 FE_Wiki_Redirect

Wikip edia con tains man y pages whic h transparen tly redirect the user to

another article. These redirect pages serv e to correct sp elling errors (�Un-

tied States� redirects to �United States�), expand acron yms (�NBA� redirects

to �National Bask etball Asso ciation�), and generally ensure that all names

whic h unam biguously refer to an article will lead y ou to that article. Redi-

rect information is an ob vious c hoice for a string matc hing feature, due to

the inheren t reliabilit y of the information. F or example, while �William J.

Clin ton� redirects to �Bill Clin ton�, �William Clin ton� do es not, since there

is another William Clin ton in Wikip edia. Something ev en more am biguous,

suc h as �Bill�, w ould nev er redirect to �Bill Clin ton�. There is nev er the issue

of am biguit y as with the FE_Wiki_Alias feature.

FE_Wiki_Redirect w as implemen ted as a b o olean feature whic h is true

when t w o strings redirect to the same page, and false when they do not.

Again, a page is considered to redirect to itself.

4.2.2 FE_Wiki_Lists

In addition to its categories, Wikip edia main tains sev eral list pages. These

lists di�er from categories in sev eral signi�can t w a ys: there is little hierarc h y

(aside from a few �lists of lists�), items in the lists need not ha v e articles

asso ciated with them, and if an item X b elongs to a list of Y's, there is a

strong indication that Y is a h yp ern ym of X.

The FE_Wiki_Lists feature is motiv ated b y these observ ations. This

b o olean feature �res for strings X and Y if X b elongs to a list of Y's, or
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Name Lists

F rederic k IX dane

F ranz Mesmer austrian ph ysician astrolog

Jerry Holland violinist �ddler

T able 4.3: Wiki_Lists T able

vice-v ersa. F or example, the page �List of cities in Bosnia and Herzego v-

ina� con tains �Bijelina�, so this feature w ould �re on the strings �cit y� and

�Bijelina�. Naturally , some prepro cessing m ust b e done to accomplish this.

First, the head w ord is extracted from the list's title (�cities� in this exam-

ple). Next, this head w ord is stemmed. This data is stored in a database;

eac h en try con tains a list item follo w ed b y eac h list it b elongs to (T able 4.3

con tains some example en tries).

4.3 The incompatibilit y feature

A ttempts at incorp orating seman tic relatedness information automatically

extracted from v arious sources ha v e b een made with v arious results. While

computing seman tic relatedness ma y seem similar to computing compati-

bilit y , th us lending itself to w ell studied approac hes, the tasks are actually

quite distinct. F or seman tic relatedness, graph metrics are often used that

attempt to appro ximate the relatedness of t w o concepts with their distance

in a graph constructed from a giv en kno wledge source. A v ariet y of path

metrics ha v e b een used, ho w ev er, none are �t for ev aluating compatibilit y .

F or relatedness, path metrics are a reasonable appro ximation due to the fact

that closely related concepts usually app ear close to eac h other in a lexical

or seman tic database, while distance concepts are analogously distan t in the

graph. This con v enien t relation do es not hold for compatibilit y .

F or instance, the concepts y ello w and violet are one no de apart in

the Wikip edia graph, indicating close seman tic relatedness, ho w ev er, they

are p erfectly incompatibilit y , since the y ello w car w ould nev er b e assumed

coreferen t with the violet car b y a h uman. Compare tin y and small, they

are most lik ely compatible, but they ha v e a high relatedness, as opp osed to

smart and b on y , whose relatedness is v ery lo w, but compatibilit y reasonably

unquestionable.

W e dev elop ed a system for the automatically ev aluation of compatibilit y

b et w een mo di�ers. T o the b est of our kno wledge, this is one of the �rst
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recen t attempts to incorp orate lexical and seman tic kno wledge, in the form

of W ordNet and Wikip edia to the task of iden tifying the compatibilit y of

noun mo di�ers.

Compatibilit y assessmen t ma y b e p erformed for all pairs of men tions

compared in the course of creating coreference c hains. This w ould allo w for

a greater cac he of w ords and th us for the iden ti�cation of a wider range of

mo di�ers. Ho w ev er, due to practical constrain t of computation time for eac h

men tion pair, coupled with the n um b er of men tions, curren tly compatibilit y

assessmen t is only p erformed when b oth men tions share the same head noun.

The incompatibilit y feature uses the fact that eac h men tion is asso ciated

in bar t with a discourse en tit y (P o esio and Kabadjo v 2004), asso ciated

with a seman tic tree con taining information ab out the men tion, suc h as

t yp e, lo cation, and name. F or our purp oses, w e only need the relations and

attributes that eac h en tit y con tains.

A ttributes generally o ccur as premo di�ers, as in fast c ar or cr azy do c-

tor , whereas relations o ccur as p ostnominals, as in softwar e fr om India , and

snow in V anc ouver . W ordNet and Wikip edia are used as outside kno wledge

sources.

Th us when the head noun of the an teceden t matc hes the head noun

of the anaphora, this feature �res. The compatibilit y of the mo di�ers is

computed b oth with W ordNet and Wikip edia, and the scores resulting from

b oth sources are com bined in to a �nal feature score. W e treat a score of 0

compatibilit y from either source as out w eighing an y other scores, since w e

deem t w o en tities b eing incompatible as a stronger claim than either deeming

them p ossibilit y compatible or compatible.

W ordNet is a structured lexical database. Here w e exploit its con-

cept of synsets - groups of w ords with considered seman tically equiv alen t.

When computing the compatibilit y , w e �rst lo okup the mo di�ers synset and

an ton ym set. W e assign a unique id, ID, to this set, as w ell as -1*ID to the

an ton ym set. These w ords are cac hed using a hashing function that allo ws

for fast retriev al and ev aluation using the unique ID, since using the w ord as

a k ey , w e can retriev e its unique ID and th us all the w ords whic h are b oth

synon ymous and an ton ymous with it.

Then w e compare all the mo di�ers of the en tities and either classify

them as b eing p erfectly incompatible (0), p erfectly compatible (1), or p os-

sibly compatible (0.5). If there are m ultiple mo di�ers, this comparison can

get tric ky , as it w ould b e for comparing a large green obtuse melon with a

tin y jade colored melon. Eac h phrase con tains a synon ym for green, th us

ha ving a compatibilit y measure of 1, but deviate with tin y and large, ha ving

compatibilit y 0. W e use an algorithm to com bine these v arying measures

58



due to m ultiple mo di�ers. The greatest w eigh t is placed on 0 compatibilit y ,

follo w ed b y .5, and �nally if only 1(s) w ere encoun tered, a 1.

Wikip edia is an op en encyclop edia whic h con tains articles categorized b y

users. W e used a graph constructed from the Wikip edia category structure

for computing compatibilit y of t w o en tries in Wikip edia. As men tioned ear-

lier, path metrics do not w ork, ho w ev er, another simple algorithm is used.

T w o men tions are considered compatible if one is in a h yp onom y relation

with the other, ie. there is a straigh t path from one en tit y no de to the

other, where the highest p oin t in the path according to the Wikip edia graph

structure corresp onds to one of the men tion no des. Otherwise, t w o men-

tions are considered incompatible if there is an in termediary no de along the

path at whic h direction c hanges â€“ the top no de according to the category

structure is inside the path. F or instance, when comparing the p ostmo di�ers

Unite d States and India , the Wikip edia graph structure tak es a path up from

United States to Former British Colonies and do wn to India . Since the

top no de is Former British Colonies , and this is inside the path, the t w o

are correctly deemed incompatible. As with the W ordNet ev aluation, w e

com bine m ultiple mo di�ers with a hea vier w eigh t on 0 classi�cation.

The use of b oth these sources is con v enien t, as they pro vided complemen-

tary information. W ordNet is useful for adjectiv e attributes, while relations

and attributes in v olving nouns are b etter serv ed with Wikip edia. F or ex-

ample, W ordNet do es not con tain information that India is incompatible

with US, whereas in Wikip edia, these t w o are easily determined incompat-

ible through the graph algorithm describ ed ab o v e. Con v ersely , Wikip edia

cannot appreciate the incompatibilit y b et w een small and large, whereas in

W ordNet one app ears in the an ton yms of the other.

So far no analysis of the system incorp orating this feature has b een done,

so nothing can b e said of the results at this time.
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Chapter 5

Kernels for Coreference

Alessandro Mosc hitti, Xiaofeng Y ang, Alan Jern, Massimo

P o esio

In this c hapter, w e describ e the adv ances of the state-of-the-art in co-reference

resolution during the w orkshop from a mac hine learning p ersp ectiv e. F or this

purp ose, w e use the most adv anced tec hniques of statistical learning theories,

i.e. Supp ort V ector Mac hines and Kernel Metho ds. The former pro duces one

of the most accurate classi�cation algorithm whereas the latter allo w for ab-

stract feature design in v ery large feature spaces. More in detail, w e used

p olynomial k ernels to generate com binations of man ually designed features

(Section 5.1), the subset tree k ernel (Section 5.1.2) to generate inno v ativ e

syn tactic features (Section 5.2), w ord sequence k ernels (Section 5.1.1) to de-

scrib e the con text of the corefering men tions (Section 5.2.4) and the P artial

T ree Kernel (Section 5.1.2) to pro vide a no v el and e�ectiv e form ulation of

the aliases problem (Section 5.3).

5.1 Supp ort V ector Mac hines and Kernels for T ext

The main idea b ehind mac hine learning is the use of lab eled examples de-

scrib ed b y means of feature v ectors in a n dimensional space o v er the real

n um b er, i.e. < n
. The learning algorithm uses space metrics o v er v ectors,

e.g. the scalar pro duct, to learn an abstract represen tation of all instances

b elonging to the target class.

F or example in case of linear classi�er, lik e Supp ort V ector Mac hines, a

h yp erplane H (~x) = ~w� ~x+ b = 0 , where ~x is the feature v ector represen tation

of a classifying ob ject o whereas ~w 2 < n
and b 2 < are parameters, learned

from the training examples b y applying the Structur al R isk Minimization
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principle V apnik (1995). The ob ject o is mapp ed in ~x with a feature function

� : O ! < n
, where O is the set of the ob jects that w e w an t to classify . o is

categorized in the target class only if H (~x) � 0.

The k ernel tric k allo ws us to rewrite the decision h yp erplane as:

H (~x) =
� X

i =1 ::l

yi � i ~xi

�
� ~x + b =

X

i =1 ::l

yi � i ~xi � ~x + b =
X

i =1 ::l

yi � i � (oi ) � � (o) + b:

where, yi is equal to 1 for p ositiv e and -1 for negativ e examples, � i 2 <
with � i � 0, oi 8i 2 f 1; ::; lg are the training instances and the pro duct

K (oi ; o) = h� (oi ) � � (o)i is the k ernel function asso ciated with the mapping

� .

Note that, w e do not need to apply the mapping � , w e can use K (oi ; o)
directly . This allo ws us, under the Mercer's conditions Sha w e-T a ylor and

Cristianini (2004), to de�ne abstract k ernel functions whic h generate implicit

feature spaces. An in teresting example is giv en b y the p olynomial k ernel:

PK (o1; o2) = ( c + ~x1 � ~x2)d; (5.1)

where c is a constan t and d is the degree of the p olynomial. This k ernel

generates the space of all conjunctions of feature groups up to d elemen ts.

5.1.1 String Kernels

Kernel functions can b e applied also to discrete space to coun t the n um b er

of substrings that are shared b y t w o text fragmen ts.

Let � b e a �nite alphab et. A string is a �nite sequence of c haracters

from � , including the empt y sequence. F or string s and t w e denote b y

jsj the length of the string s = s1; ::; sjsj , and b y st the string obtained b y

concatenating the string s and t . The string s[i : j ] is the substring si ; ::; sj of

s. W e sa y that u is a subsequence of s, if there exist indices

~I = ( i1; :::; i juj ) ,

with 1 � i1 < ::: < i juj � j sj , suc h that uj = si j , for j = 1 ; :::; juj , or u = s[~I ]
for short. The length l (~I ) of the subsequence in s is i juj � i i + 1 . W e denote

b y � �
the set of all string

� � =
1[

n=0

� n

W e no w de�ne the feature space, F = f u1; u2::g = � �
, i.e. the space of

all p ossible substrings. W e map a string s in R1
space as follo ws:

� u(s) =
X

~I :u= s[~I ]

� l (~I )
(5.2)
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for some � � 1. These features measure the n um b er of o ccurrences of subse-

quences in the string s w eigh ting them according to their lengths. Hence, the

inner pro duct of the feature v ectors for t w o strings s and t giv e a sum o v er all

common subsequences w eigh ted according to their frequency of o ccurrences

and lengths, i.e.

SK (s; t) =
X

u2 � �

� u(s) � � u(t) =
X

u2 � �

X

~I :u= s[~I ]

� l (~I )
X

~J :u= t[ ~J ]

� l ( ~J ) =

=
X

u2 � �

X

~I :u= s[~I ]

X

~J :u= t[ ~J ]

� l (~I )+ l ( ~J )
(5.3)

It is w orth to note that if the set of sym b ol is de�ned o v er w ords a string

corresp onds to a w ord sequence and the substring space con tains the set of

w ord sequences, e.g. Ge or ge Bush go es in Ir aq con tains the subsequences

Ge or ge Bush , Ge or ge Bush go es but also Ge or ge Ir aq .

5.1.2 T ree Kernels

The k ernels represen t trees in terms of their substructures (fragmen ts). The

k ernel function detects if a tree subpart (common to b oth trees) b elongs to

the feature space that w e in tend to generate. F or suc h purp ose, the desired

fragmen ts need to b e describ ed. W e consider three imp ortan t c haracteriza-

tions: the subtrees (ST s), the subset trees (SST s) and a new tree class, i.e.

the partial trees (PT s).

W e de�ne as a subtree (ST) an y no de of a tree along with all its descen-

dan ts. F or example, Figure 5.1 sho ws the parse tree of the sen tence "Mary

brought a cat" together with its 6 ST s. A subset tree (SST) is a more

general structure since its lea v es can b e non-terminal sym b ols.

F or example, Figure 5.2 sho ws 10 SST s (out of 17) of the subtree of

Figure 5.1 ro oted in VP . The SST s satisfy the constrain t that grammatical

rules cannot b e brok en. F or example, [VP [V NP]] is an SST whic h has

t w o non-terminal sym b ols, V and NP , as lea v es whereas [VP [V]] is not an

SST. If w e relax the constrain t o v er the SST s, w e obtain a more general form

of substructures that w e call partial trees (PT s). These can b e generated

b y the application of partial pro duction rules of the grammar, consequen tly

[VP [V]] and [VP [NP]] are v alid PT s. Figure 5.3 sho ws that the n um b er

of PT s deriv ed from the same tree as b efore is still higher (i.e. 30 PT s).

These di�eren t substructure n um b ers pro vide an in tuitiv e quan ti�cation of

the di�eren t information lev els among the tree-based represen tations.
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Figure 5.2: A tree with some of its subset
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Figure 5.3: A tree with some of its partial trees (PT s).

The main idea of tree k ernels is to compute the n um b er of common

substructures b et w een t w o trees T1 and T2 without explicitly considering

the whole fragmen t space. In the follo wing the equation for the e�cien t

ev aluation of ST, SST and PT k ernels are rep orted.

T o ev aluate the ab o v e k ernels b et w een t w o T1 and T2 , w e need to de�ne

a set F = f f 1; f 2; : : : ; f jF j g, i.e. a tree fragmen t space and an indicator

function I i (n) , equal to 1 if the target f i is ro oted at no de n and equal to 0

otherwise. A tree-k ernel function o v er T1 and T2 is

T K (T1; T2) =
X

n12 NT1

X

n22 NT2

�( n1; n2) (5.4)

where NT1 and NT2 are the sets of the T1 's and T2 's no des, resp ectiv ely

and �( n1; n2) =
P jF j

i =1 I i (n1)I i (n2) . This latter is equal to the n um b er of

common fragmen ts ro oted in the n1 and n2 no des.

The � function dep ends on the t yp e fragmen ts that w e consider as b asic

features. F or example, to ev aluate the fragmen ts of t yp e ST or SST, it can

b e de�ned as:

1. if the pro ductions at n1 and n2 are di�eren t then �( n1; n2) = 0 ;
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2. if the pro ductions at n1 and n2 are the same, and n1 and n2 ha v e only

leaf c hildren (i.e. they are pre-terminals sym b ols) then �( n1; n2) = 1 ;

3. if the pro ductions at n1 and n2 are the same, and n1 and n2 are not

pre-terminals then

�( n1; n2) =
nc(n1)Y

j =1

(� + �( cj
n1

; cj
n2

)) (5.5)

where � 2 f 0; 1g, nc(n1) is the n um b er of the c hildren of n1 and cj
n is the

j -th c hild of the no de n . Note that, since the pro ductions are the same,

nc(n1) = nc(n2) .

When � = 0 , �( n1; n2) is equal 1 only if 8j �( cj
n1 ; cj

n2 ) = 1 , i.e. all

the pro ductions asso ciated with the c hildren are iden tical. By recursiv ely

applying this prop ert y , it follo ws that the subtrees in n1 and n2 are iden tical.

Th us, Eq. 5.4 ev aluates the subtree (ST) k ernel. When � = 1 , �( n1; n2)
ev aluates the n um b er of SST s common to n1 and n2 as pro v ed in Collins and

Du�y (2002).

Moreo v er, a deca y factor � can b e added b y mo difying steps (2) and (3)

as follo ws

1

:

2. �( n1; n2) = � ,

3. �( n1; n2) = �
Q nc(n1)

j =1 (� + �( cj
n1 ; cj

n2 )) .

The computational complexit y of Eq. 5.4 is O(jNT1 j � j NT2 j) but as sho wn in

Mosc hitti (2006b), the a v erage running time is linear, i.e. O(jNT1 j + jNT2 j) .

A more general form of fragmen ts has b een giv en in Mosc hitti (2006a).

In this case an y p ortion p of T , namely P artial T rees (PT), is considered

and an e�cien t ev aluation is pro vided. T o compute it, w e need to de�ne a

di�eren t � function:

� if the no de lab els of n1 and n2 are di�eren t then �( n1; n2) = 0 ;

� else

�( n1; n2) = 1 +
X

~J1 ; ~J2 ;l ( ~J1)= l ( ~J2 )

l ( ~J1 )Y

i =1

�( cn1 [ ~J1i ]; cn2 [ ~J2i ]) (5.6)

1

T o ha v e a similarit y score b et w een 0 and 1, w e also apply the normalization in the

k ernel space, i.e. K 0(T1 ; T2) = T K ( T1 ;T 2 )p
T K ( T1 ;T 1 ) � T K ( T2 ;T 2 )

.
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where

~J1 = hJ11; J12; J13; ::i and

~J2 = hJ21; J22; J23; ::i are index sequences

asso ciated with the ordered c hild sequences cn1 of n1 and cn2 of n2 , resp ec-

tiv ely ,

~J1i and

~J2i p oin t to the i -th c hild in the corresp onding sequence, and

l (�) returns the sequence length.

F urthermore, w e add t w o deca y factors: � for the heigh t of the tree and

� for the length of the c hild sequences. It follo ws that

�( n1; n2) = �
�

� 2 +
X

~J1 ; ~J2 ;l ( ~J1)= l ( ~J2 )

� d( ~J1 )+ d( ~J2 )
l ( ~J1)Y

i =1

�( cn1 [ ~J1i ]; cn2 [ ~J2i ])
�

;

(5.7)

where d( ~J1) = ~J1l ( ~J1 ) � ~J11 and d( ~J2) = ~J2l ( ~J2 ) � ~J21 . In this w a y , w e p enalize

b oth larger trees and subtrees built on c hild subsequences that con tain gaps.

Equation 5.7 is a more general one, the k ernel can b e applied to PT s. Also

note that if w e only consider the con tribution of the longest c hild sequence

from no de pairs that ha v e the same c hildren, w e implemen t the SST k ernel.

F or the ST computation, w e also need to remo v e the � 2
term from Eq. 5.7.

5.2 Kernels for Coreference Resolution

Syn tactic kno wledge pla ys an imp ortan t role in co-reference resolution. Esp e-

cially , the resolution of pronominal anaphora hea vily relies on the syn tactic

information and relationships b et w een the anaphor and of the an teceden t

candidates. F or a practical co-reference resolution system, the syn tactic

kno wledge usually comes from parse trees of the text. The issue that arises

is ho w to e�ectiv ely incorp orate the syn tactic information em b edded in parse

trees to help resolution. One common solution seen in previous w ork is to

de�ne a set of features that represen t particular syn tactic kno wledge, suc h as

the grammatical role of the an teceden t candidates, the go v erning relations

b et w een the candidate and the pronoun, and so on. These features are cal-

culated b y mining parse trees, and then could b e used for resolution b y using

man ually designed rules Lappin and Leass (1994a); Kennedy and Boguraev

(1996), or using mac hine-learning metho ds (A one and Bennett 1995a; Y ang

et al. 2004a; Luo and Zitouni 2005).

Ho w ev er, suc h a solution has its limitation. The syn tactic features ha v e

to b e selected and de�ned man ually , usually b y linguistic in tuition. Un-

fortunately , what kinds of syn tactic information are e�ectiv e for pronoun

resolution still remains an op en question in this researc h comm unit y . The

heuristically selected feature set ma y b e insu�cien t to represen t all the infor-

mation necessary for pronoun resolution con tained in parse trees. Another
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problem is that the v alues of the syn tactic features are extracted from parse

trees, and the accuracy of the deco ding therefore cannot b e guaran teed es-

p ecially for texts with complicated grammar structures.

In our study , w e explore ho w to utilize the syn tactic parse trees to help

learning-based coreference resolution. Sp eci�cally , w e directly utilize parse

trees as a structured feature, and then use a k ernel-based metho d to au-

tomatically mine the kno wledge em b edded in parse trees. The structured

syn tactic feature, together with other normal features, is incorp orated in a

trainable mo del based on Supp ort V ector Mac hine (SVM) (V apnik 1995)

to learn the decision classi�er for resolution. Indeed, using k ernel metho ds

to mine structural kno wledge has sho wn success in some NLP applications

lik e parsing (Collins and Du�y 2002; Mosc hitti 2004a) and relation extrac-

tion (Zelenk o et al. 2003; Zhao and Grishman 2005). So far, there is a few

w ork that applies suc h a tec hnique to reference resolution (Y ang et al. 2006b;

Iida et al. 2006). But most of them fo cus on pronoun resolution, and to our

kno wledge, no w ork is on the coreference resolution task.

Compared with previous w ork, our approac h has sev eral adv an tages: (1)

The approac h utilizes parse trees as a structured feature, whic h a v oids the

e�orts of deco ding parse trees in to a set of syn tactic features in a heuristic

manner. (2) The approac h is able to put together the structured feature and

the normal �at features in a trainable mo del, whic h allo ws di�eren t t yp es of

information to b e considered in com bination for b oth learning and resolution.

(3) The approac h is applicable for a practical coreference resolution system,

as the syn tactic information can b e automatically obtained from mac hine-

generated parse trees. And our study sho ws that the approac h w orks w ell

under the commonly a v ailable parsers.

W e ev aluate our approac h in the newswire domain, on the MUC and the

A CE data set. The exp erimen tal results indicate that the structured syn tac-

tic feature incorp orated with k ernels can signi�can tly impro v e the resolution

p erformance. Esp ecially for the resolution of pronoun, the approac h brings

up to 8% in F-measure.

5.2.1 Related W ork

One of the early w ork on pronoun resolution relying on parse trees w as

prop osed b y Hobbs (1978a). F or a pronoun to b e resolv ed, Hobbs' algorithm

w orks b y searc hing parse trees of the curren t text. Sp eci�cally , the algorithm

pro cesses one sen tence at a time, using a left-to-righ t breadth-�rst searc hing

strategy . It �rst c hec ks the curren t sen tence where the pronoun o ccurs. The

�rst NP that satis�es constrain ts, lik e n um b er and gender agreemen ts, w ould
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b e selected as the an teceden t. If the an teceden t is not found in the curren t

sen tence, the algorithm w ould tra v erse the trees of previous sen tences in

the text. As the searc hing pro cessing is completely done on parse trees,

the p erformance of the algorithm w ould rely hea vily on the accuracy of the

parsing results.

Lappin and Leass (1994a) rep orted a pronoun resolution algorithm whic h

uses the syn tactic represen tation output b y McCord's Slot Grammar parser.

A set of salience measures (e.g. Subje ct , Obje ct or A c cusative emphasis) is

deriv ed from the syn tactic structure. The candidate with the highest salience

score w ould b e selected as the an teceden t. In their algorithm, the w eigh ts of

salience measures ha v e to b e assigned man ually .

Luo and Zitouni (2005) prop osed a coreference resolution approac h whic h

also explores the information from the syn tactic parse trees. Di�eren t from

Lappin and Leass (1994a)'s algorithm, they emplo y ed a maxim um en trop y

based mo del to automatically compute the imp ortance (in terms of w eigh ts)

of the features extracted from the trees. In their w ork, the selection of their

features is mainly inspired b y the go v ernmen t and binding theory , aiming

to capture the c-command relationships b et w een the pronoun and its an-

teceden t candidate. By con trast, our approac h simply utilizes parse trees

as a structured feature, and lets the learning algorithm disco v er all p ossible

em b edded information that is necessary for pronoun resolution.

Our previous w ork (Y ang et al. 2006b) systematically explored the utilit y

of the structured syn tactic features for pronoun resolution. Iida et al. (2006)

also tried a similar strategy on Japanese zero-anaphora resolution, but using

dep endency tree instead of syn tactic parse tree as in (Y ang et al. 2006b).

5.2.2 The Resolution F ramew ork

Our coreference resolution system adopts the common learning-based frame-

w ork similar to those b y So on et al. (2001a) and Ng and Cardie (2002a).

In the learning framew ork, a training or testing instance is formed b y

a p ossible anaphor and one of its an teceden t candidate. During training,

for eac h anaphor encoun tered, a p ositiv e instance is created b y paring the

anaphor and its closest an teceden t. Also a set of negativ e instances is formed

b y paring the anaphor with eac h of the non-coreferen tial candidates. Based

on the training instances, a binary classi�er is generated using a particular

learning algorithm. During resolution, an encoun tered noun phrase to b e

resolv ed is paired in turn with eac h preceding an teceden t candidate to form

a testing instance. This instance is presen ted to the classi�er whic h then

returns a class lab el with a con�dence v alue indicating the lik eliho o d that
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the candidate is the an teceden t. The candidate with the highest con�dence

v alue will b e selected as the an teceden t of the p ossible anaphor.

As with man y other learning-based approac hes, the kno wledge for the

reference determination is represen ted as a set of features asso ciated with

the training or test instances. In our baseline system, the features adopted

include lexical prop ert y , morphologic t yp e, distance, salience, parallelism,

grammatical role and so on. These features usually ha v e a binary v alue. T o

distinguish with the feature based on parse tree, w e call them ��at� features

throughout the remaining rep ort. In terested readers ma y lik e to refer to the

other rep orts for the detailed description of the resolution framew ork of the

system as w ell as the �at features.

5.2.3 Incorp orating Structured Syn tactic Information

In this section w e will discuss ho w to represen t parse tree as a structured

feature and ho w to use the k ernels to incorp orate this feature to do leaning

and resolution.

Main Idea

A parse tree that co v ers a pronoun and its an teceden t candidate could pro-

vide us m uc h syn tactic information related to the pair. The commonly used

syn tactic kno wledge co-reference resolution, suc h as grammatical roles or the

go v erning relations, can b e directly describ ed b y the tree structure. Other

syn tactic kno wledge that ma y b e helpful for resolution could also b e implic-

itly represen ted in the tree. Therefore, b y comparing the common substruc-

tures b et w een t w o trees w e can �nd out to what degree t w o trees con tain

similar syn tactic information, whic h can b e done using a con v olution tree

k ernel.

The v alue returned from the tree k ernel re�ects the similarit y b et w een t w o

instances in syn tax. Suc h syn tactic similarit y can b e further com bined with

other kno wledge to compute the o v erall similarit y b et w een t w o instances,

through a comp osite k ernel. And th us a SVM classi�er can b e learned and

then used for resolution. This is just the main idea of our approac h.

Normally , parsing is done on the sen tence lev el. Ho w ev er, in man y cases

a pronoun and an an teceden t candidate do not o ccur in the same sen tence.

T o presen t their syn tactic prop erties and relations in a single tree structure,

w e construct a syn tax tree for an en tire text, b y attac hing the parse trees of

all its sen tences to an upp er no de.

F or eac h sen tence in an input text, a parse tree is automatically generated
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Figure 5.4: P arse tree for instance �the man in the ro om sa w him"

b y a giv en parser. The trees of all di�eren t sen tences are attac hed to a newly

created ro ot to build a large syn tax tree for the en tire text, based on whic h

the structured syn tactic feature is computed.

Structured Syn tactic F eature

Ha ving obtained the parse tree of a text, w e shall consider ho w to select the

appropriate p ortion of the tree as the structured feature for a giv en instance.

As eac h instance is related to a p ossible anaphor and an an teceden t candi-

date, the structured feature at least should b e able to co v er b oth of these

t w o expressions. Generally , the more substructure of the tree is included,

the more syn tactic information w ould b e pro vided, but at the same time the

more noisy information that comes from parsing errors w ould lik ely b e in-

tro duced. In our study , w e consider sev eral structured features that con tain

di�eren t substructures of the parse tree.

F or illustration, w e use the sen tence �The man in the ro om sa w him. � .

The parse tree for the sen tence is sho wn in Figure 5.4.

Consider the pronominal anaphor �him" and the an teceden t candidate

�The man". An instance inst(�him", �The man") is created. The follo wing

structured feature ma y b e applied to the instance.

T ree_Ana_Candi: The feature includes the no des o ccurring in the

shortest path connecting the pronoun and the candidate, via the nearest

commonly commanding no de. Also it includes the �rst-lev el c hildren of the
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Figure 5.5: The structured feature T ree_Ana_Candi for instance inst(�the

man", �him") in the sen tence `the man in the ro om sa w him"

no des in the path. T o reduce the data sparseness, the leaf no des represen ting

the w ords are not incorp orated in the feature, except that the w ord is the

w ord no de of the �DET" t yp e (this is to indicate the lexical prop erties of an

expression, e.g., whether it is a de�nite, inde�nite or bare NP)

If the pronoun and the candidate are not in the same sen tence, w e do

not include the no des denoting the sen tences (i.e., �S" no des) b efore the

candidate or after the pronoun.

Figure 5.5 sho ws suc h a feature for the instance i�him�, �the man� , whic h

is highligh ted with dash lines. Note that to distinguish from other w ords,

w e explicitly mark up in the structured feature the pronoun and the an-

teceden t candidate under consideration, b y app ending a string tag �ANA"

and �CANDI" in their resp ectiv e no des (e.g.,�NN-CANDI� for �man� and

�PRP-ANA� for �him" as sho wn in Figure 5.5).

F rom the �gure, the structured feature can disclose at least the follo wing

information:

1. The candidate is p ost-mo di�ed b y a prep osition phrase. (the no de

�PP� for �in the ro om� is included)

2. The candidate is a de�nite noun phrase (the article w ord �the" is in-

cluded).

3. The candidate is in a sub ject p osition (NP-S-VP structure)
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Figure 5.6: The structured feature T ree_Candi for instance inst(�the man",

�him") in the sen tence `the man in the ro om sa w him"

4. The anaphor is an ob ject of a v erb. (the no de �VB� for �sa w� is in-

cluded).

5. The candidate is c-commanding the anaphor (the paren t of the NP

no de for �the main in the ro om" is dominating the anaphor (�him")

All the ab o v e information is imp ortan t for reference determination in the

pronoun resolution.

T ree_Candi : The feature includes the whole tree structure related to

the NP of the candidate. Giv en a candidate, w e �rst iden tify the en try of

the head w ord (e.g., �man"). Then w e trace the ancestors of the head w ord

in the tree from b ottom to top, un til w e get to �rst NP no de whose paren t

is a non-NP no de and whose righ t siblings are all non-NP no de (i.e. the NP

no de for �the man in the ro om"). The NP no de found is the most upp er

no de co v ering the expression of the anaphor.

Figure 5.6 sho ws the feature for the sample sen tence. Suc h a feature

could represen t more detailed description information of the candidate.

T ree_Ana : The feature includes the whole tree structure related to the

NP of the candidate. The selection of the feature is similar to that for the

feature T ree_Candi. Giv en an anaphor, w e �rst iden tify the en try of the
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Figure 5.7: The structured feature T ree_Ana for instance inst(�the man",

�him") in the sen tence `the man in the ro om sa w him"

head w ord (e.g., �him"). Then w e trace the ancestors of the head w ord in

the tree from b ottom to top, un til w e get to �rst NP no de whose paren t is

a non-NP no de and whose righ t siblings are all non-NP no de (i.e. NP no de

for �him").

Figure 5.7 sho ws the feature for the sample sen tence. Suc h a feature

could represen t more detailed description information of the anaphor.

5.2.4 Enco ding Con text via W ord Sequence Kernel

The ab o v e structures aim at describing the in teraction b et w een one referen-

tial and one referen t; if suc h in teraction is observ ed on another men tion pair,

an automatic algorithm can establish if they corefer or not. This kind of in-

formation is the most useful to c haracterize the target problem, ho w ev er, the

con text in whic h suc h in teraction tak es place is also v ery imp ortan t. Indeed,

natural language prop oses man y exceptions to linguistic rules and these can

only b e detect b y lo oking at the con text.

A t ypical w a y to enco de con text in NLP is regards the use of a windo w

of k w ords around the target concept, e.g. the men tion candidate. More

sophisticated approac hes use either n -grams or imp ortan t co-o ccurren t w ord

pairs whic h are not necessarily sequen tial, i.e. there can b e some other not

imp ortan t w ords b et w een them.

The extraction of all these features is exp ensiv e in term of program co ding
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and the dimension of feature spaces that w ould result from the extraction of

all p ossible n -grams (con taining also gaps). The solution to this problem is

pro vided b y the string k ernel with gap based on w ords (in tro duced in Section

5.1.1).

F or example, giv en the follo wing con text of Bil l Gates : and so Bil l

Gates says that , i.e. a windo w of 4 w ords. A string k ernel w ould extract

features lik es: Bil l Gates says that , Gates says that , Bil l says that , so Gates

says that , and so that and so on.

5.2.5 Exp erimen ts

In our exp erimen ts, w e tested the P olynomial Kernel, T ree Kernels and W ord

Sequence Kernel and on the pronoun and Coreference resolution tasks on the

MUC-6 and A CE03-BNews data set. Regarding T ree Kernels for syn tax, w e

only sho w the results of the T ree_Ana_Candi structure as it w as the only

one pro ducing an impro v emen t.

A preliminary in v estigation of di�eren t k ernel com binations on a v alida-

tion set sho w ed that

CK = T K (T1; T2) � PK (~x1; ~x2) + PK (~x1; ~x2) (5.8)

is the b est com bination b et w een the tree k ernel, T K , applied to the T ree_Ana_Candi

structure and a p olynomial k ernel, PK , of degree 2, o v er the basic man ual

features.

A dditionally , the w ord sequence k ernel, SK , impro v ed the ab o v e k ernel

b y simply summing it to the com bination, i.e. b y using CK + SK in the

learning algorithm.

T able 5.1 lists the results for the pronoun resolution. W e used PK on

the So on et al.'s features as the baseline. On MUC6, the system ac hiev es

a recall of 64.3% and precision 63.1% and an o v erall F-measure of 63.7%.

On A CE02-BNews, the recall is lo w er 58.9% but the precision is higher, i.e.

68.1%, for a resulting F-measure of 63.1%. In con trast, adding the syn tactic

structured feature leads to a signi�can t impro v emen t in 17% precision for

MUC-6 with a small gain (1%) in recall, whereas on the A CE data set, it

also helps to increase the recall b y 7%. Ov erall, w e can see an increase in F-

measure of around 8% for MUC and 4.5% for A CE02-BNews. These results

suggest that the structured feature is v ery e�ectiv e for pronoun resolution.

T able 5.2 lists the results on the coreference resolution. W e note that

adding the structured feature to the p olynomial k ernel, i.e. using the mo del

PK+TK, impro v es the recall of 1.9% for MUC-6 and 1.8% for A CE-02-

BNews and k eeps in v ariate the precision. Compared to pronoun resolution,
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T able 5.1: Results of the pronoun resolution

MUC-6 A CE02-BNews

R P F R P F

Base F eatures 64.3 63.1 63.7 58.9 68.1 63.1

Base F eatures+Syn tactic T ree 65.2 80.1 71.9 65.6 69.7 67.6

T able 5.2: Results of the coreference resolution

MUC-6 A CE02-BNews

R P F R P F

PK 61.5 67.2 64.2 54.8 66.1 59.9

PK+TK 63.4 67.5 65.4 56.6 66.0 60.9

PK+TK+SK 64.4 67.8 66.0 57.1 65.4 61.0

the impro v emen t of the o v erall F-measure is smaller (less than 1%). This

o ccurs since the resolution of non-pronouns case do es not require a massiv ely

use of syn tactic kno wledge as in the pronoun resolution problem. Still, the

enhancemen t in F1 suggests that adding structured features can help in some

cases, e.g., the iden ti�cation of NP pairs in a predicativ e structure.

Finally , it should b e noted the p ositiv e impact of the con text information

pro vided b y the string k ernel, esp ecially in the MUC dataset, i.e. +0.6%.

This sho ws that the classi�cation algorithm can exploit the kno wledge ab out

di�eren t con texts to mak e di�eren t decisions, e.g. it can disam biguate the

sense of b ank in the t w o cases: the c entr al b ank wil l �nanc e new c onstruction

plans, for example, the building of a river b ank in the city. vs. the

c entr al b ank wil l �nanc e new c onstruction plans, for example , the b ank

wil l �nanc e a new hospital in the city . Although, the set of w ords in the

t w o sen tences are v ery similar the windo ws of 4 w ords around b ank are quite

di�eren t.

5.3 Kernels for Alias Resolution

Most metho ds curren tly emplo y ed b y coreference resolution (CR) systems

for iden tifying coreferen t named en tities, i.e. aliases, are fairly simplistic in

nature, relying on simple surface features suc h as the edit distance b et w een

t w o strings represen ting names.

The fundamen tal problem with this approac h is that it fails to tak e in to
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accoun t the structure con tained within names. F or instance, w e kno w from

exp erience that last names tend to b e more unique than �rst names and

therefore, the name Jane Hauk is sligh tly more lik ely to b e coreferen t with

the name Hauk than the name Jane ev en though b oth names are the same

edit distance a w a y from Jane Hauk .

In ligh t of this shortcoming of existing named en tit y resolution systems,

w e prop ose an alternativ e metho d that tak es adv an tage of the syn tactic

structure of names and com bines this information with the use of k ernel

metho ds, a set of more sophisticated and �exible functions for measuring

similarit y b et w een t w o ob jects.

F or the purp oses of this pap er, w e fo cused exclusiv ely on prop er nouns,

or named en tities. T able 1 pro vides sev eral examples of the cases w e w ere

concerned with, tak en from the MUC 6 corpus (Chinc hor and Sundheim

2003). Our primary goal w as to determine whether impro ving named en tit y

resolution using sp ecialized features and a separate classi�er could lead to an

o v erall impro v emen t in p erformance of a general CR system. In particular,

w e sough t to exploit syn tactic structure in prop er names to help iden tify

aliases. This pap er describ es our approac h.

5.3.1 Related W ork

Although sev eral previous studies ha v e b een conducted that deal with the

named en tit y resolution task, they are all relativ ely simplistic in that they

either do not rely on an y mac hine learning mec hanism or do not mak e use

of names' syn tactic structures, instead treating them as simple strings.

W ee M. So on (2001) include a basic alias feature in their CR arc hitecture.

The binary feature, whic h is set to true if t w o men tions are determined to

b e lik ely aliases, mak es use of sev eral sp ecialized heuristics for di�eren t t yp es

of named en tities. F or p eople, only the last tok en in eac h string is compared

for equalit y . F or organizations, one men tion is attempted to b e made in to an

abbreviation of the other. This approac h has the adv an tage of b eing able to

Name Alias

BJ Habibie Mr. Habibie

F ederal Express F edex

Ju Rong Zhi Ju

T able 5.3: Examples of coreferen t named en tities (aliases) tak en from the

MUC 6 corpus.
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fairly reliably detect abbreviations, but it do es not treat men tions mark ed

as p eople in a v ery sophisticated w a y .

Bon tc hev a et al. (2002) presen t a more sophisticated approac h in the form

of a set of binary rules that collectiv ely mak e up a named en tit y resolution

mo dule. In addition to the last tok en matc h rule used b y So on et al.,

sev eral more rules are in tro duced, including:

� p ossessiv e matc hing � matc hes a name and its p ossessiv e form (e.g.

Gr e g and Gr e g's ).

� prep ositional phrase matc hing � matc hes organization names that

ha v e b een rotated around a prep osition (e.g. Dep artment of Defense

and Defense Dep artment ).

� m ulti-w ord name matc hing � matc hes t w o phrases in whic h one

name is a substring of another (e.g. The Pr esident of the Unite d States

and The Pr esident ).

Sev eral other rules are used. One shortcoming of this approac h as it is

used in their system is that if an y single rule �res, t w o men tions are classi�ed

as aliases. In other w ords, no mac hine learning is emplo y ed.

Uryupina (2004) presen ts the most in-depth study of the sub ject. They

split the task of matc hing t w o aliases in to three stages: normalization �

remo ving largely irrelev an t information suc h as capitalization, punctuation

and determiners; substring sele ction � pic king the most salien t tok en in eac h

name for comparison; and matching � comparing the substrings. After dev el-

oping sev eral di�eren t features for eac h of these pro cessing stages and testing

a v ariet y of feature con�gurations, they rep ort that sophisticated matc hing

algorithms can successfully impro v e baseline p erformance of named en tit y

resolution. The use of e�ectiv e normalization and substring selection algo-

rithms also leads to marginal but statistically signi�can t gains.

5.3.2 Metho d

All previous studies ha v e treated names as simple strings. W e sough t to

impro v e up on past w ork b y adding syn tactic information to the feature set

b y tagging the parts of a name (e.g. �rst name , last name , etc.) as illustrated

in Figure 5.8.

One clear adv an tage of this approac h is that, assuming information ab out

a name's in ternal structure is a v ailable, the substring sele ction task b ecomes
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Figure 5.8: A prop er name lab eled with syn tactic information.

straigh tforw ard for nearly all cases: simply compare the last names of t w o

men tions.

Ho w ev er, a more promising adv an tage to this t yp e of name represen ta-

tion is that it ma y eliminate the need for explicitly p erforming a substring

sele ction pro cedure altogether, when it is used in conjunction with a ma-

c hine learning algorithm. If a classi�er is trained on man y suc h examples, it

is lik ely to assign a high w eigh t to matc hing last names and a lo w w eigh t to

�rst names. In other w ords, the three name matc hing stages describ ed b y

Uryupina (2004) ma y b e replaced en tirely with a learning algorithm. This is

what w e hop ed to accomplish. This metho d, ho w ev er, p oses t w o signi�can t

problems: (1) ho w to obtain the name structure information and (2) ho w

to represen t training instances for a learner. W e will address eac h of these

problems in turn.

Name In ternal Structure

Rather than build a to ol for parsing prop er names, w e to ok adv an tage of an

existing to ol, dev elop ed b y Hal Daumé I I I, called the High A ccuracy P arsing

of Name In ternal Structure (HAPNIS) script

2

.

HAPNIS tak es a name as input and returns a tagged name lik e what is

sho wn in Figure 5.8. It uses a series of heuristics in making its classi�ca-

tions based on information suc h as the serial p ositions of tok ens in a name,

the total n um b er of tok ens, the presence of meaningful punctuation suc h as

p erio ds and dashes, as w ell as a library of common �rst names whic h can

b e arbitrarily extended to an y size. The tag set consists of the follo wing:

surname , for ename , midd le , link , r ole , and su�x .

2

The script is freely a v ailable at http://www.cs.utah.edu/ hal/HAPNIS/.
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Daumé rep orts a 99.1% accuracy rate on his test data set. W e therefore

concluded that it w as su�cien t for our purp oses.

T ree Kernels

Once w e ha v e a collection of tagged names, the next problem is ho w to

measure similarit y b et w een a pair of names for the purp ose of training a

classi�er. Due to the natural represen tation of a name in a tree structure, w e

c hose to follo w recen t successes using tree k ernels (Mosc hitti 2004b, 2006a)

with supp ort v ector mac hines (SVMs).

The basic principle b ehind a tree k ernel, or more sp eci�cally a partial

tree k ernel, as presen ted in Mosc hitti (2006), is that t w o parse trees are

decomp osed in to all their p ossible p artial tr e es

3

and then the partial trees

are compared to obtain a measure of similarit y . No des higher in a tree will

app ear in more partial trees and will therefore factor more signi�can tly in to

the similarit y computation.

Ho w ev er, using partial tree k ernels in this manner will only pro vide a

similarit y measure b et w een parse trees whic h ma y then b e used as a fea-

ture in a learning algorithm. A learning algorithm that uses a tree k ernel

as its only feature will essen tially only b e determining an optimal thresh-

old v alue for separating p ositiv e and negativ e instances. Instead, w e w ould

lik e the learning algorithm to learn deep er c haracteristic di�erences b et w een

the training instances themselv es. That is, the learning algorithm should

learn what qualities of a training instance mak e it a p ositiv e (coreferen t) or

negativ e instance.

W e therefore dev elop ed the follo wing metho d of collapsing t w o names

in to a single tree represen tation, illustrated in Figure 5.9. This represen tation

roughly re�ects ho w similar t w o names are, but lea v es the task of determining

whic h elemen ts of the tree are relev an t for classi�cation up to the learning

algorithm. Note that this represen tation is essen tially iden tical to the tree

represen tation of names sho wn in Figure 5.8, but with n umerical v alues at the

leaf no des instead of strings. These n umerical v alues constitute a similarit y

measure b et w een the corresp onding parts of the t w o names in the training

instance.

W e used a string k ernel function to compute the similarit y b et w een parts

3

A p artial tr e e is simply a subtree without an y constrain t that the subtree satisfy

an y rules of grammar. In other w ords, a set of partial trees is obtained b y ignoring the

seman tics of a parse tree and extracting all its subtrees. The term subtr e e , ho w ev er,

already has a meaning in this con text, namely , one in whic h the grammatical constrain t

holds.
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Figure 5.9: A tree represen ting a training instance for the names Gr e gor

Johann Mendel and Charles R ob ert Darwin . The actual training instances

con tained branc hes for all of the p ossible HAPNIS name tags.

of names. String k ernels w ork in essen tially the same w a y as tree k ernels,

b y extracting all of substrings of a string and comparing them with all the

substrings of another string (Lo dhi et al. 2002). One imp ortan t prop ert y of

string k ernels is that the set of substrings it considers includes substrings of

con tiguous and noncon tiguous letters. F or example, the set of substrings for

the string bug is: { bug , bu , b g , ug , b , u , g }. This approac h is far sup erior

to a simple string matc h for t w o reasons. First, it o�ers a graded measure

of similarit y instead of a rigid binary measure that a string matc h feature

w ould pro vide. Second, it is not nearly as sensitiv e to alternativ e sp ellings

or missp ellings of names (e.g. Hezb ol lah and Hizb al lah ). In a test describ ed

b elo w, the string k ernel function w as also found to b e more reliable for

classifying aliases than the Lev ensh tein edit distance metric.

A tree k ernel function ordinarily exp ects strings at the leaf no des and,

in fact, p erforms a string k ernel when comparing leaf no des to obtain a

similarit y measure. Because w e used n umerical v alues for leaf no des, w e

mo di�ed the tree k ernel function to tak e the pro duct of these v alues when

comparing leaf no des to obtain some measure of their m utual similarit y .

5.3.3 Data

W e used the MUC 6 coreference corpus for all exp erimen ts. F or our prelimi-

nary exp erimen ts, w e extracted only those pairs in the MUC 6 testing set in

whic h b oth men tions w ere prop er names, as determined b y the named en tit y

recognizer built in to the general CR system w e w ork ed with. This set of

prop er names con tained ab out 37,000 pairs of whic h ab out 600 w ere p ositiv e
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F eature Recall Precision F-measure

String k ernel 49.5% 60.8% 54.6%

Edit distance 23.9% 53.1% 33.0%

T able 5.4: Comparison b et w een string k ernels and edit distance as predictors

of aliases.

instances. Ab out 5,500 pairs w ere randomly selected as test instances and

the rest w ere used for training.

F or the �nal exp erimen t in v olving the full CR system, w e used the com-

plete MUC 6 corpus.

5.3.4 Exp erimen ts

Preliminary Exp erimen ts

As explained earlier, w e c hose to use a string k ernel function to obtain n u-

merical measures of similarit y b et w een corresp onding parts of names instead

of Lev ensh tein edit distance. This decision w as based on an exp erimen t in

whic h w e trained a decision tree classifer with the smaller data set of only

prop er name pairs, using either the string k ernel of the t w o names or the edit

distance of the t w o names as the only feature. The results app ear in T able

2. String k ernels p erformed b etter b y a measure of 21.6 p ercen tage p oin ts

in the F-measure.

The second preliminary exp erimen t w e ran w as to �nd whether using the

tree-based feature describ ed ab o v e could impro v e b ey ond the p erformance of

using only a string k ernel feature. First, an SVM classi�er w as trained using

only a string k ernel feature, just as in the previous exp erimen t. Then an

SVM classi�er w as trained using only the tree-based feature. The results of

the comparison are sho wn in T able 3. Di�eren t �gures w ere obtained for the

string k ernel feature b ecause an SVM classi�er w as used instead of a decision

tree. W e did, ho w ev er, use the same data set. The tree-based feature that

to ok name in ternal structure in to accoun t led to notably b etter p erformance

than just the string k ernels, impro ving b oth recall and precision.

Final Exp erimen t

The goal of our �nal exp erimen t w as to incorp orate our new feature in to a full

CR system to see if the impro v emen t transferred to a more comprehensiv e
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F eature Recall Precision F-measure

String k er-

nel

58.4% 67.5% 62.6%

T ree-based

feature

64.8% 70.0% 67.3%

T able 5.5: Comparison b et w een string k ernels and tree-based feature using

name in ternal structure information.

F eatures Recall Precision F-measure

So on et al. 43.6% 74.8% 55.0%

+ T ree-based feature 43.8% 75.2% 55.4%

T able 5.6: The e�ect on coreference resolution p erformance of adding the

tree-based feature to the existing basic set of features from So on et al. (2001)

scenario.

W e started with a basic implemen tation of the W ee M. So on (2001)

system. W e mo di�ed it sligh tly to emplo y t w o di�eren t classi�ers, rather

than just one. One classi�er w as used only for instances in v olving t w o prop er

names and the other classi�er w as used for all other cases. F urthermore, the

former classi�er w as mo di�ed to use an SVM rather than a decision tree.

The reason for this is simply that our new tree-based feature required the

use of an SVM.

The system w as �rst run with b oth classi�ers training on the exact same

basic set of features describ ed in So on et al. Next, the classi�er for prop er

names w as mo di�ed to include the tree-based feature. The results are sho wn

in T able 4. Use of the tree-based feature marginally impro v ed o v erall CR

p erformance.

5.3.5 Discussion and Conclusion

Although the inclusion of this new feature for iden tifying aliases on the basis

of the similarit y of the in ternal structure of names only had a marginal

p ositiv e e�ect on o v erall p erformance, w e consider this a promising result for

the approac h w e describ ed. There are sev eral elemen ts of our metho d that

could b e impro v ed and re�ned that ma y lead to more signi�can t p erformance
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gains.

First, as explained earlier, w e c hose to use the HAPNIS to ol for extracting

structure information in names. This to ol, though it do es seem adequate

for most practical conditions, it has a few shortcomings. F or instance, its

b eha vior is based only on a handful of �xed rules, and is not the pro duct of

extensiv e training with a mac hine learning mo del. Th us, w e are lik ely to see

the greatest c hange in p erformance b y re�ning this stage of the pro cess and

dev eloping a more sophisticated to ol for the job.

Second, w e only tried represen ting the instances suc h that there is just

one branc h extending from the ro ot for eac h part of a name. This metho d

do es not fully tak e adv an tage of the tree k ernel function, whic h is most

e�ectiv e when there are m ultiple lev els in a tree. Therefore, an alternativ e

approac h migh t in v olv e a more complex tree represen tation. F or instance,

b ecause the last name is undoubtedly the b est indicator of whether t w o

names are coreferen t, it ma y mak e sense to place that branc h higher in the

tree and, p erhaps, mak e the rest of the parts of the name c hildren of the last

name no de.

Nev ertheless, w e ha v e demonstrated that in ternal name structure is use-

ful for named en tit y resolution and our approac h is feasible and promising.

F urthermore, this study suggests that dev eloping sp ecialized features for par-

ticular t yp es of noun phrases can b e an e�ectiv e tec hnique for CR. F urther

w ork is surely needed to attempt the t yp es of impro v emen ts just describ ed

and attempt to generalize these �ndings b y fo cusing on impro ving other

t yp es of noun phrases.
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Chapter 6

Annotation and Ev aluation

Metrics

Ron Artstein, Da vid Da y , Janet Hitzeman and

Massimo P o esio

6.1 The A CE 2005 CDC Corpus

Since there w as no other sizable cross-do cumen t coreference data set a v ail-

able for whic h w ell-motiv ated in tra-do cumen t coreference annotations w ere

also a v ailable, Janet Hitzeman and Da vid Da y created and con tributed to

the w orkshop a v ersion of the complete English A CE2005 EDT data set

annotated for cross-do cumen t coreference.

6.1.1 Callisto/EDNA Annotation T o ol

In order to create the ELERFED cross-do c coreference corpus, w e made use

of the previously dev elop ed Callisto/EDNA annotation to ol. This is a sp e-

cialized annotation task plug-in for the Callisto corpus annotation to ol.

1

.

This Callisto clien t plug-in requires the installation and set up of a sepa-

rate T omcat w eb serv er and asso ciated Lucene w eb services plugins created

for this task. The A CE2005 source and APF (stando� annotation) data

are hosted on a serv er and indexed using a customized Lucene do cumen t

parser. The result of this pro cess is that searc h engine clien ts can searc h the

A CE2005 rep ository using sp ecialized structure-dep enden t queries, suc h as

searc hing for strings within en tit y name men tions, and/or within en tities of

1

http://callisto.mitre.org/
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a particular t yp e and sub-t yp e. The Callisto annotation to ol task pro vided

an in tegrated in terface where EDT-annotated do cumen ts can b e examined

and individual en tities can b e link ed to other en tities in the corpus.

6.1.2 Corpus Pre-Pro cessing and Cross-Do cumen t Co-Reference

Annotation

T o mak e the annotation pro cess tractable, it had b een already b een noted

in earlier discussions within the A CE comm unit y that en tities without name

men tions should b e a v oided in the cross-do cumen t coreference resolution

pro cess. Therefore, w e con�gured the Callisto/EDNA to ol to fo cus the an-

notation pro cess on en tities that met the follo wing criteria:

1. The en tit y had at least one men tion of t yp e NAME;

2. The en tit y w as of t yp e PER, OR G, GPE or LOC.

Our goal in pro viding a fully annotated A CE cross-do cumen t corpus w as

to pro ceed as quic kly as p ossible, since w e w ere w ell a w are of the limited

time and sta�ng a v ailable for this task. T o exp edite the annotation pro cess,

w e decided to apply an initial automated pre-annotation (cross-do c linking)

pro cess prior to man ual annotation. W e had observ ed in early e�orts that

m uc h of the time in v ested b y the h uman annotator w as in ph ysically link-

ing frequen tly o ccurring en tities to eac h of the n umerous en tities in other

do cumen ts where suc h en tities w ere men tioned. F or example, �the Presi-

den t of the United States� o ccurred in a signi�can t p ercen tage of the A CE

do cumen ts, and the annotation of this phrase w ould necessitate a lab orious

pro cess of stepping through the ph ysical clic king (actually a whole cascade

of user mouse actions) of man y highly probable co-referring en tities. The au-

tomatic pre-pro cessing pro cedure w as written in Ja v a to load the complete

A CE2005 corpus EDR annotations in to memory , after whic h it pro ceeded to

link eac h pairwise en tit y just in case those t w o en tities w ere of exactly the

same TYPE and SUB-TYPE and the en tities shared at least one men tion

of t yp e NAME whose strings w ere iden tical (using a case-sensitiv e string

comparison test). Of course, this automatic linking pro cedure pro duced in-

appropriate links. The Callisto/EDNA annotation to ol pro vided the abilit y

to quic kly review and, if w arran ted, edit an y links made earlier, whether b y

this automatic pro cess or b y a h uman annotator.

After an initial join t fora y in to the man ual cross-do cumen t annotation

pro cess b y b oth of us, Dr. Hitzeman pursued and completed the v ast ma-

jorit y of annotation b efore the w orkshop and during its �rst w eek. The
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resulting corpus (deriv ed from the A CE2005 English EDT corpus) consists

of appro ximately 1.5 million c haracters, 257,000 w ords and 18,000 distinct

do cumen t-lev el en tities (prior to cross-do cumen t linking), and appro ximately

55,000 en tit y men tions. The do cumen t-lev el en tities are distributed across

en tit y t yp es in the follo wing w a y: PER 9.7K, OR G 3K, GPE 3K, F A C 1K,

LOC 897, WEA 579, VEH 571. The en tit y men tions are distributed across

men tion t yp e in this w a y: PR O 20K, NAM 18K, NOM 17K. Those en-

tities that satisfy the constrain ts required for them to b e included in the

cross-do cumen t annotation pro cess n um b er 7,129. After the com bination of

automatic and man ual annotation, the n um b er of cross-do cumen t en tities

n um b ers 3,660. Of these, 2,390 are en tities that are men tioned in only one

do cumen t. The main e�ort in annotating these data required appro ximately

2 sta� w eeks, though review and editing con tin ued for some time in to the

w orkshop.

6.2 The Arrau Corpus

The Arrau corpus of anaphoric relations w as created at the Univ ersit y of

Essex b et w een 2004 and 2007 as part of the Arrau pro ject, EPSR C gran t

n um b er GR/S76434/01.

2

The pro ject in tro duced an annotation sc heme

sp eci�cally targeted at marking t w o phenomena whic h had b een di�cult

to annotate: am biguous expressions whic h ma y refer to more than one ob-

ject from previous discourse, and expressions whic h refer to abstract en tities

suc h as ev en ts, actions and plans. During the 2007 summer w orkshop the

corpus w as extended, consolidated, and con v erted for use with the anaphora

resolution system dev elop ed at the w orkshop.

6.2.1 Comp osition

The corpus consists of a mixture of genres � dialogue, narrativ e and newswire.

T ask-orien ted dialogues from the T rains-91 and T rains-93 corp ora (Gross

et al. 1993; Heeman and Allen 1995) w ere mark ed for coreference in Essex

in the summer of 2006. Narrativ es, including �v e texts from the Gnome cor-

pus (P o esio 2004b) and the full English P ear Stories corpus (Chafe 1980)

3

w ere annotated in Essex in the summer of 2006 and in the spring of 2007,

resp ectiv ely . The �nal and largest part of the corpus is newswire text from

the W all Street Journal p ortion of the P enn T reebank (Marcus et al. 1993),

2

http://cswww.essex.ac.uk/Researc h/nle /arra u/

3

http://www.pearstories.org
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Source T exts

Mark ables

W ords

total anaphoric

a

T rains 91 16 2874 1679 14496

T rains 93 19 2342 1327 11287

Gnome 5 6045 2101 21599

P ear stories 20 3883 2194 14059

W all Street Journal 50 9177 2852 32771

a

Anaphoric mark ables are all the ones for whic h an explicit nominal

an teceden t w as iden ti�ed.

T able 6.1: Comp osition of the Arrau corpus

annotated in stages in Essex in the summers of 2006 and 2007, and at Hop-

kins during the w orkshop. The comp osition of the corpus is summarized in

T able 6.1.

6.2.2 Annotation Sc heme

The corpus w as created using the mmax2 to ol (Müller and Strub e 2003),

whic h allo ws marking text units at di�eren t lev els. All noun phrases are

treated as mark ables whic h can b e anaphoric or serv e as an teceden ts (or

b oth), and all clauses are treated as p oten tial an teceden ts for discourse

anaphora. F or those texts where NPs and clauses w ere not already mark ed

w e iden ti�ed them using the Charniak parser (Charniak 2000) and then cor-

rected the output b y hand. The sc heme allo ws for marking a small n um b er of

attributes on eac h NP � gender, grammatical function, n um b er, p erson, and

an attribute whic h com bines animacy and a concrete/abstract distinction.

Eac h noun phrase is mark ed as either anaphoric, discourse-new, or non-

referen tial. If an ob ject is referen tial then the referen t is iden ti�ed � in a

restricted domain lik e T rains the referen t is selected from a list, and other-

wise it is en tered as free text. Expressions whic h are anaphoric are link ed to

previous discourse. In order to allo w the marking of expressions with am bigu-

ous an teceden ts, anaphoric links are mark ed b y p oin ters from an anaphoric

expression to its an teceden t; am biguit y is indicated b y m ultiple p oin ters

from a single anaphoric expression (P o esio and Artstein 2005). Anaphora

is therefore not an equiv alence relation and mark ables form more complex

structures than equiv alence sets indicating iden tit y of reference. Reference
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to an ev en t, action or plan is mark ed b y a p oin ter from the referring NP to

the clause that in tro duces the abstract en tit y (Artstein and P o esio 2006).

The sc heme also allo ws the marking of certain bridging relations, namely

part-of, set mem b ership, and a con v erse relation (when an expression has a

di�er ent referen t than a preceding expression).

6.2.3 Using the corpus

The anaphora resolution system dev elop ed at the w orkshop treats anaphoric

reference as an equiv alence relation, and consequesn tly requires b oth training

and test data whic h divide the mark ables in to equiv alence classes. In order

to run the system on the Arrau corpus w e created a new annotation lev el

of mark able sets, whic h included all the anaphors and their an teceden ts.

The mark able sets w ere deriv ed from the original mark able p oin ters, and for

am biguous anaphors w e just c hose the �rst mark ed in terpretation, assuming

that this w ould b e the most salien t one. W e also augmen ted the W all street

Journal part of the corpus with additional texts from the Vieira and P o esio

Corpus (P o esio and Vieira 1998b) and the Mosco w corpus b eing created b y

Prof. Kibrik and his group at the Univ ersit y of Mosco w.

4

The extended

corpus w as divided in to dev elopmen t, training and test sets, with the test

texts all tak en from section 23 of the P enn T reebank. The comp osition of

the extended corpus is sho wn in T able 6.2.

In the course of the w orkshop w e only got to use the Arrau corpus with

the baseline system. P erformance w as at around 0.40 (MUC F-score), giv e or

tak e a few p ercen tage p oin ts, regardless of whic h sets w ere used for training

and testing. W e plan to run the impro v ed systems on the corpus, and release

the corpus for general use.

6.3 Co-Reference Resolution Scoring Metrics

6.3.1 Existing metrics

A v ariet y of metrics ha v e b een used to ev aluate IDC, though the predomi-

nan t metric in the literature is that of the MUC-6 so-called �mo del theoretic�

coreference metric (Vilain et al. 1995). This metric tends to pro duce rela-

tiv ely high scores compared to other a v ailable metrics, but con tin ues to b e

used to compare systems, so the w orkshop remained committed to pro viding

p erformance measures in those terms.

4
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Source T exts

Mark ables

W ords

total

a

coreferen t

b

Arrau dev elopmen t 3 756 344 2593

Arrau testing 16 3289 1619 11760

Arrau training 31 5132 1874 18418

VPC dev elomen t 15 2471 807 9900

VPC training 20 5624 2037 21218

Mosco w testing 6 213 2295

Mosco w training 34 1901 20234

T otal testing 22 1832 14055

T otal training

c

83 5637 57557

a

The anaphora resolution system only uses coreferen t mark ables, so

w e did not extract all the mark ables from the Mosco w corpus.

b

Coreferen t mark ables are those whic h participate in an anaphoric

c hain as either anaphor or an teceden t.

c

The total training data is less than the sum of the individual com-

p onen ts b ecause t w o texts are annotated in b oth Arrau and the VPC.

T able 6.2: Extended Arrau corpus
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The MUC-6 mo del-theoretic metric captures the sets of men tions de-

riv ed from in tersections b et w een the system-generated sets and the reference

sets. By de�ning the theoretical lo w er-limit of op erations required to bring

the system set in to conformance with the reference set, the metric de�nes

a coun terpart to the systemâ€™s recall score. Con v ersely , one can de�ne

the lo w er b ound on op erations that w ould bring the reference set in to con-

formance with the system set as the systemâ€™s precision score. These

t w o scores are then com bined using the F-measure harmonic mean to deriv e

the o v erall MUC-6 coreference score. Among the criticisms applied to the

MUC-6 metric is that it fails to distinguish b et w een the n um b er of elemen ts

in the system/reference in tersection sets, but assigns equal w eigh t to the

op erations required to bring them bac k in to conformance. Th us, if a system

inappropriately links t w o v ery long c hains and correctly separates out a short

coreference c hain, this generates the same scalar v alue as when a system links

one of the long c hains to the m uc h shorter c hain. In tuitiv ely there are more

pairs of men tions that â€œin the wrong coreference relationshipâ€• in the

�rst situation compared to the second, but the MUC-6 scorer treats the sin-

gle â€œde-linkingâ€• op eration as the â€œcostâ€• of their b eing out of

alignmen t. In addition, the w a y in whic h recall and precision are computed

completely separately allo ws the MUC-6 scorer to implicitly p erform con-

�icting op erations in order to compute the degree of mis-alignmen t (n um b er

of op erations required to bring system and reference in to conformance). In

this sense the metric can b e view ed as o v erly â€œoptimisticâ€• in its assign-

men t of the cost of an inappropriate link. Finally , another criticism lev eled

against the MUC-6 metric is that it is not de�ned for singleton men tion sets

â€“ if either the reference or the system coreference c hains include c hains

of single men tions, these are simply ignored b y the computation. Clearly in

the case of cross-do cumen t coreference it is highly lik ely that en tities migh t

b e men tioned in only a single do cumen t from a set.

B-Cub ed (Bagga and Baldwin 1998b) is a metric designed to the MUC-

6 scorerâ€™s inatten tion to the n um b er of men tions within an in tersection

set. In addition, this metric w as sp eci�cally designed b y its authors to b e

applicable to the task of ev aluating cross-do cumen t coreference. It adopts

the iden tical mo del-theoretic view of the system and reference men tion sets,

but, rather than summing the n um b er of op erations needed to bring eac h

in to conformance with the other, B-Cub ed computed a w eigh ted score for

eac h in tersection sub-set (in the recall and precision scenarios) based on the

n um b er of men tions in/out of the same set mem b ership. The result is greater

�delit y in distinguishing links that bring together c hains of di�eren t lengths.

The metric is also de�ned for handling coreference c hains that consist of
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singleton men tions. In general the B-Cub ed scores tend to b e somewhat

lo w er than those of the MUC-6 metric.

The A CE V alue metric (Do ddington 2001) w as in tro duced in the A CE

comm unit y ev aluations. It computes a score based on a particular map-

ping b et w een system en tities and reference en tities. En tities that fail to b e

mapp ed are assigned a cost, and the qualit y of mapp ed en tities is a function

of the n um b er of men tions in common, as w ell as other features asso ciated

with the en tities (their t yp e, sub-t yp e, men tion-t yp e, etc.). The A CE scorer

generates the b est p ossible score for a giv en system output b y conducting a

dynamic programming searc h of all p ossible mappings. The �nal A CE Cost

V alue is rep orted as a p ercen tage of the p ossible (optimal) v alue (deriv ed b y

mapping reference to itself ) giv en the systemâ€™s mapping v alue. Giv en the

cost v alues assigned to false alarms, the A CE metric can tak e on negativ e

v alues. The A CE v alue mak es use of a cost matrix that treats di�eren t t yp es

of men tions and en tities di�eren tly , based on what w as studied as of v alue

to real in telligence analysts using the results of a h yp othetical A CE-t yp e

extraction system. The complexit y of the scorer, including its cost matrix,

has tended to reduce the use of this metric in review ed publications, outside

those dev elop ed sp eci�cally for the A CE comm unit y ev aluations. The p erl

script authored b y George Do ddington, and distributed via the A CE w eb

site, is the only kno wn complete and o�cial implemen tation of this scoring

metric.

Xiao qiang Luo of IBM has dev elop ed an alternativ e coreference scoring

metric that incorp orates m uc h of the approac h found in the A CE scorer.

Luoâ€™s Constrained En tit y-Alignmen t F-measure (Luo 2005) also

conducts an optimal mapping of system to reference men tion c hains that

uses dynamic programming to p erform this searc h e�cien tly . Unlik e the

A CE metric, it do es not mak e use of a men tion-sp eci�c cost matrix. It

computes an analogue to recall and precision b y measuring the alignmen t

scores as a function of the system to the reference (ignoring the reference or

system en tities that are not mapp ed in these resp ectiv e conditions). So far

as w e kno w Luoâ€™s implemen tation of his scorer is the only one a v ailable.

Researc hers at the Univ ersit y of Massac h usetts ha v e b egun using a met-

ric they call simply pairwise . It generates a simple recall, precision and

subsequen t F-measure score based on coun ting the pairs of men tions that

are or are not in the same coreference c hain in b oth system and reference.

Ob viously there are a large n um b er of p ossible pairs from a giv en data set,

man y of whic h should not b e link ed. Empirically it has b een observ ed that

this metric tends to b e lo w er than either the MUC-6 or B-Cub ed metrics

for the same data sets. As with the MUC-6 scorer, this is only de�ned for
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coreference c hains of t w o or more men tions.

The do cumen t clustering and sp eak er iden ti�cation comm unities ha v e

used metrics that ma y b e of use within the in tra-do cumen t and cross-do cumen t

coreference researc h comm unit y . One of these metrics is called purit y

(Solomono� et al. 1998). It is analogous to the MUC-6 and B-Cub ed met-

rics in its adoption of a mo del-theoretic view, but it di�ers b y computing

the maxim um of the n um b er of men tions at the in tersection of a giv en sys-

tem/reference coreference c hain alignmen t. A related metric is en trop y

(Dhillon et al. 2001), whic h measures the en trop y b et w een the men tion clus-

ters (coreference c hains) of the system and the reference clusters. Neither

of these scoring metrics ha v e b een used v ery frequen tly within the corefer-

ence resolution comm unities, but as this w orkshop has b egun to expand the

scop e of coreference resolution to that of cross-do cumen t coreference and

en tit y/do cumen t clustering (as in SPOCK and SemEv al W eb P eople tasks),

w e though t it appropriate to compare their utilit y .

6.3.2 A comparison b et w een these metrics

The scoring metho ds fall in to t w o broad categories, whic h w e will call set-

based metho ds and en tit y-based metho ds.

Set-based metho ds credit a system if it iden ti�es part of an anahoric

c hain (equiv alence class) and p enalizes it if it missed a part. MUC scorer,

B-cub ed, purit y and pairwise fall in this category . By con trast, en tit y-based

metho ds do not credit or p enalize the system for success and failure on

parts of the data, but rather tak e a global view, ev aluating ho w w ell the

system succeeded in discriminating b et w een the v arious en tites (de�ned b y

the coreference sets). A CE score, en trop y and m utual information fall in this

category .

The di�erence b et w een set-based metrics and en tit y-based metho ds is

b est illustrated with an example. Figure 6.1 sho ws the result of a system

run: the dark circles are men tions that refer to one en tit y , the ligh t circles

are men tions tha y refer to a second en tit y . The k ey pro vides anaphoric links

b et w een coreferen t men tions, and the resp onse pro vides a somewhat di�eren t

set of links whic h is the system output. Lo oking at the corresp ondence

b et w een the system and the k ey , w e notice that the system did iden tify some

of the links correctly � for example, it iden ti�ed the �rst four men tions as

coreferen t with one another � but also made a few wrong connections. This is

wh y the set-based scoring metho ds giv e it a medium score, ranging b et w een

0.5 and 0.75 (T able 6.3).

En tit y-based measures, ho w ev er, giv e the system a m uc h lo w er score, as
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Key

Resp onse

Figure 6.1: Key and resp onse links

Precision Recall F

MUC 0.750 0.750 0.750

B-cub ed 0.500 0.680 0.576

Purit y 0.500 0.800 0.615

P airwise 0.414 0.600 0.490

A CE 0.125

En trop y 0.000 0.278 0.000

Mutual Information 0.000

T able 6.3: Scores giv en to the system in Figure 6.1

92



j j j j j

z z z z z
�

�

�




�

�

�




Figure 6.2: An en tit y represen tation of Figure 6.1

MUC B-cub ed Purit y P airwise A CE
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d. 0.833 0.750 0.750 0.556 0.167

T able 6.4: Ranking of system outputs

seen in the b ottom part of T able 6.3. The reason is that while the system

iden ti�ed some anaphoric links correctly , it failed to distinguish b et w een the

t w o en tities. Kno wing ho w the system classi�ed a particular men tion giv es

us no information ab out what en tit y that men tion refers to. This can b e

seen if w e rearrange the men tions of Figure 6.1, and instead of dra wing links

w e group them in to sets as in Figure 6.2.

It app ears that researc hers in anaphora resolution prefer set-based scoring

metho ds o v er en tit y-based metho ds, whic h are more p opular in clustering.

The reason is probably th t set-based metho ds are closer to ev aluating the

pr o c ess of anaphora resolution: most systems pro ceed men tion b y men tion

trying to �nd the closest link, so it mak es sense to use this approac h in order

to ev aluate their p erformance.

Ev ery measure has some pathological cases where it yields some coun ter-

in tuitiv e results. T able 6.4 sho ws the results for some sp eci�c system output

whic h compare to a common k ey .
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6.3.3 Implemen tation of the scoring metrics

W e implemen ted a ja v a program in whic h the follo wing metrics w ere im-

plemen ted: MUC-6, B-Cub ed, P airwise, Purit y (Recall, Precision and F),

and mo di�ed v ersions of P airwise and MUC-6 in whic h singleton coreference

c hains could b e incorp orated. This scoring suite also incorp orate a call-out to

the A CE p erl script scorer. The input w as exp ected to b e MUC-st yle corefer-

ence c hains, so the scorer suite incorp orated a utilit y to generate A CE-st yle

APF v ersions of this data on the �y , for b oth system and reference data.

The result w as a use of the A CE V alue metric in whic h the cost matrix w as

essen tially completely uniform (since some of the data w e w ere ev aluating did

not mak e A CE-appropriate distinctions of en tit y t yp es nor en tit y men tions).

The program can b e called from bar t .
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