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Abstract

Reference resolution is a major component of any naturgldage system. In the past
30 years significant progress has been made in coreferesaleition. However, there
IS more anaphora in texts than coreference. | present a datnmal treatment of
other-anaphora, i.e., referential noun phrases (NPs)wathpronominal heads modi-
fied by “other” or “another”:

[...]the move is designed to more accurately reflect theevaftproducts
and to putsteelon more equal footing witbther commodities

Such NPs are anaphoric (i.e., they cannot be interpretedaiation), with an an-
tecedent that may occur in the previous discourse or thekepeand hearer’'s mutual
knowledge. For instance, in the example above, the NP “attvermodities” refers to
a set of commodities excluding steel, and it can be paraptiras “commodities other
than steel”.

Resolving such cases requires first identifying the coreettecedent(s) of the
other-anaphors. This task is the major focus of this diateri. Specifically, the
dissertation achieves two goals. First, it describes agquore by which antecedents
of other-anaphors can be found, including constraints aetepences which narrow
down the search. Second, it presents several symbolic,ineatdarning and hybrid
resolution algorithms designed specifically for othergaraa. All the algorithms have
been implemented and tested on a corpus of examples frovdahétreet Journal

The major results of this research are the following:

1. Grammatical salience plays a lesser role in resolvingreimaphors than in re-
solving pronominal anaphora. Algorithms that solely refygrammatical fea-
tures achieved worse results than algorithms that usedrdenfi@atures as well.

2. Semantic knowledge (such as “steel is a commodity”) iiatun resolving
other-anaphors. Algorithms that operate solely on serodrttures outper-
formed those that operate on grammatical knowledge.

3. The quality and relevance of the semantic knowledge saseportant to suc-
cess. WordNet proved insufficient as a source of semantrirdtion for resolv-
ing other-anaphora. Algorithms that use the Web as a knaeléadse achieved



better performance than those using WordNet, because thedvitains domain-
specific and general world knowledge which is not availaldenfWordNet.

. But semantic information by itself is not sufficient tosd& other-anaphors, as
it seems to overgenerate, leading to many false positives.

. Although semantic information is more useful than grarticahinformation,
only integration of semantic and grammatical knowledgesaaican handle the
full range of phenomena. The best results were obtained &aombination of
semantic and grammatical resources.

. A probabilistic framework is best at handling the full spam of features, both
because it does not require commitment as to the order inhnthie features
should be applied, and because it allows features to besttest preferences,
rather than as absolute constraints.

. Afull resolution procedure for other-anaphora requiveth a probabilistic model
and a set of informed heuristics and back-off proceduresh @uhybrid system
achieved the best results so far on other-anaphora.
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Chapter 1

Introduction

1.1 The phenomenon of other-anaphora

In the past 30 years significant progress has been made inga@bcoreference res-
olution. Coreference resolution is concerned with idegmig which pronouns, proper
names, and definite NPs refer to the same object or indivjieugl,

(1) In fact, it was Newman who encouraged Cruise to marry héntgirlfriend,
Mimi Rogers, which he did on 9 May 1987.

Who married Mimi Rogers, Newman or Cruise? And whose getid was she at that
time? In other words, who do the pronouns “he” and “his” réé& There exist several
approaches to resolution of pronouns and definite desonipijnoun phrases with the
definite article “the”, e.g., “the President”).

There is, however, moranaphorain texts than coreference. By anaphora, | mean
a relation of dependence between two items in a discourgethat one of the items,
the anaphot is, in isolation incomplete and can only be properly intetpd by con-
sidering the meanings of the other item(s) in the relatignsihe antecedent(qcf.
(Carter, 1987; van Deemter and Kibble, 2000)). Considerfstance, the following
example,

The Scotsmars May 2001, p.12.



2 Chapter 1. Introduction

(2) Over four yearsUkrainewould receive 75,000 million cubic meters of gas and
50,000,000-70,000,000 tons of oil, some of which would lssed on tamther
European countries? (BNC)3

The expression that needs “assistance” with its interpogtan Example 2 is “other
European countries”. The phrase refers to a set of Europeantresexcluding
Ukraine, and it can be paraphrased as “European counthes thtan Ukraine”. Note
that (1) the two expressions do not corefer, since they tefdifferent entities: in one
case, it is a country, in the other, it is a set of countriespfithem being situated
in Europe; and (2) that the anaphor “other European cowitisebarely interpretable
without its antecedent “Ukrainé”.

It is examples such as 2 above that this dissertation is adofaicus onother-
anaphorsby which | mean referential noun phrases with non-pronairtieads mod-
ified by “other” or “another” and non-structural antecedenfThroughout the disser-
tation | will be using the following terms to refer to this pfemenon: other-anaphora
and other-anaphors. To referdath NPs with the modifiers “other” or “another”, includ-
ing non-referential uses, which are explained below, | wié the ternother-NPs)
What | mean by the definition above is as follows. First, aresimaphor either refers
to an entity in the speaker’s and hearer’s discourse modet,h@as the potential to
refer (following (Fraurud, 1992)), and so phrases with tthand “another” that do
not and can not refer (they are thus non-referential), elgpmatic expressions “the
other week” and “another day” and discourse connectivedlierother hand” and “in
other words”, will not be addressed. Also excluded from thissertation are recip-
rocal phrases “each other” and “one another”, elliptic ¢arcdions “one X ... the
other(s)” and “one X ...another”, and “one”-constructidtise other/another one”.
Second, there are examples of other-anaphors in which tleeedents are available

2The following notational conventions are used in this disg®n. In the examples, anaphors are
rendered irbold font, antecedents are renderedtalics. With coreference chains, the whole corefer-
ence chain is marked.

3Examples in this dissertation come primarily from two sasrcthe British National Corpus (BNC)
and thewall Street Journatorpus (WSJ). The sources are explained in Sections 1.2.8nd 3

4More precisely, it is the referent of the anaphor that is lyargerpretable without taking into ac-
count the referent of the antecedent; see below for defirstaf these terms. | will be using the terms
“antecedent” and “anaphor” instead of “referent of the aateent/anaphor” as they are less cumber-
some.



1.1. The phenomenon of other-anaphora 3

structurallyas well as anaphorically, e.g., list-constructionsuch as Example 3 and
other-than constructionsuch as Example 4:

(3) The finding probably will support those who argue thatth8. should regulate
the class of asbestos including crocidolite more stringeihian the common
kind of asbestos, chrysotile, found in masthoolsand other buildings, Dr.
Talcott said. (WSJ)

(4) The Soviets, who normally have feslients other than the state will get “ex-
posure to a market system, ” he says. (WSJ)

In list-constructions such as Example 3, the antecedeap(®ar within the same coor-
dinated NP as the anaphor, to the left of a conjunction “afat™, “but”, “as well as”,
or “along with”. Exceptions exist, e.g., the antecedenthef first “other” in Example
5 below is not “(hundreds of) people” that occurs in the tististruction, but “most
dogs” in the beginning of the sentence:

(5) Most dogdlive for about 10 years on average, and during their livey thil
come into contact with possibly hundreds of people atigkr dogs as well as
other animals such as cats and horses. (BNC)

But such examples are rare. In the four years of studyingr&haphora, | have come
across only three or four such examples.

In other-than constructions such as Example 4, the entibetexcluded from the
scope of the anaphor (here “the state”) directly followsph#icle “than”. In fact, | use
other-than construction as a test for antecedenthoode étfaphor can be paraphrased
as an other-than construction with the antecedent dirégtlgwing “than”, then we
have found the correct antecedent.

Because antecedents of other-anaphors in list- and dihardonstructions are
available structurally, a fairly unsophisticated procedarould suffice to retrieve them.
In the examples | consider, an antecedent may occur anyvihéhe previous dis-
course or the speaker’'s and hearer’s mutual knowledge,arsla search procedure
must be initiated in order to find the antecedent.

With respect to their meaning, other-anaphors providetacomplemertb an en-
tity already in the discourse model, the antecedent. Thegdnce a new referent,
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which can be an individual object (“the other dog”) or a seepfities (“other dogs”),
which do not need to be referenced individually. Both typlaeferents must, however,
have something in common with their antecedents. For iestddkraine in Example
2 is a country and it is situated in Europe; schools Exampl@ ®ne of the senses
of the word, are buildings; and national states can be bssiokents (Example 4). |
will not dwell on the semantics of other-anaphors, as | ancoaterned with it; some
previous work on “other” and “another”, including their nmeag, is summarized in
Section 1.3. Itis, however, important to understand sommaitelogy | will be using
and the discourse processing theory in which this work isigded.

| distinguish three levels of representation that are reargsfor an analysis of
anaphoric expressions:discourse a discourse modeklnd aknowledge baseA dis-
course is a written text produced by a single writer or a tcapsof a multi-participant
conversation. It serves as a linguistic source for a dismurodel constructed during
the interpretation of the discourse. A discourse model immformation structure; it
consists of a set of discourse referents and conditionseded with them, i.e., their
properties and relations to each other (Webber, 1978). éodise evokes a particular
discourse model, with respect to which it is interpretede model grows/is updated as
the discourse unfolds in time. A knowledge base is a cotbeatf facts about the world
— the objects, their properties, and relations. Since esfeg resolution is concerned
with figuring out the meaning (sense and/or reference) gbloac expressions, | will
be wandering back and forth between the levels of discounsledéscourse model.
A knowledge base is taken here to be an external repositokpaivledge, primarily
semantic in nature, such as WordNet lexical hierarchy fiaeim, 1998).

The termantecedentefers to a linguistic entity in a text. The correspondingtgn
in the discourse model is thdiscourse referentAn other-anaphor is interpreted with
respect to the referent evoked by the antecedent (or argetedn cases with split
antecedents). Many times, such a referent is availablettiireHowever, there are
examples of other-anaphors in which the entity to be exdusimediated by linking
the antecedent to some other entity in the discourse mdaednichor Consider, for
instance, the following:



1.1. The phenomenon of other-anaphora 5

(6) She liftedthe receiveras Myra darted tohe other phoneand, her mouth set in
a straight line, dialed the number of Roman’s office. (BNC)

In Example 6, the antecedent of “the other phone” is the NP fédteiver’. However,
paraphrasing the anaphor as “the phone other than the egt&vinfelicitous, even
if intuitively correct, because the entity to which the ahapprovides the comple-
ment is not the receiver, but the telephone (say, “telepHdheof which the receiver
is the part. This entity “telephon®’ may or may not have been mentioned in the
discourse earlier, and, in fact, to interpret Example 6,0¢slnot need to have been
mentioned. Because we know that telephones normally haetvezs, we can derive
the anchor “telephon&” from the referent of “the receiver”, and then use it to npiet
the anaphor.

| will be using the term “anchor” somewhat ambiguously. Thstfusage has just
been illustrated with respect to Example 6. The second isrsymous with the dis-
course referent of the antecedent. While it might be dek@ribep the two entities
distinctly apart in some other contexts, it is not neceséame. This dissertation is
concerned with finding an entity (or entities) with respexthich an anaphor is in-
terpreted (what to exclude), whether this entity is dingctalized in the text (e.g.,
Example 2), or whether it is implicitly given, related to semxplicitly realized entity
(e.g., Example 6). Thereby, | use the term “anchor” to refext entity or set of entities
with respect to which an anaphorirgerpreted Diagrammatically this is represented
in Figure 1.1.

This view of antecedent and anchor is different from thaedi,, Vieira and Poesio
(2000) who used the term “anchor” instead of the term “arden#’ in bridging exam-
ples such as Example 6. Vieira and Poesio would call the Né&ré&heiver” the anchor
of “the other phone”; they reserve the term “antecedent”doreferential cases, in
which anaphor and antecedent refer to the same entity. \&4ibect to other-anaphora,
adopting Vieira and Poesio’s terminology would mean thhtatecedents of other-
anaphors were called anchors (as other-anaphors and tiegealents are not coref-
erential), and a new term would have to be created for est#iech as “telephong’
in Example 6, with respect to which the anaphor is intergtete¢herefore use just the
terms “anaphor”, “antecedent”, and “anchor”. Also, in Ctepl, in which | present
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anchor

She liftedthe receivelas Myra darted tthe other phone. . .

Figure 1.1: From text to discourse model: interpreting the anaphor and antecedent in

Example 6.

a machine learning approach to resolution of antecederaghef-anaphors, | use the
term “antecedent” ambiguously, to refer both to actual eedents and to potential
antecedents, i.e., all other NPs in a text besides the anaplioere it is necessary
to distinguish the actual antecedent, | use more precisest&rorrect antecedent” or
“actual antecedent”. Other terminology will be defined veheecessary.

1.2 Why other-anaphora?

There are at least three good reasons to study other-aramaplfinst, as mentioned
in the previous section, anaphora is more than just conetete Natural texts con-
tain a variety of expressions that cannot be interpretedatation. Some of them
have been studied previously, e.g., comparative adjec{S8tab, 1998) and alterna-
tive phrases (Bierner, 2008)Others still await researchers’ attention, e.g., modifiers

5This is a subjective list, for the purpose of illustrationlygrmany more studies could have been
included.
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“such”, “same”,

similar”, “different”, and their cognase Many of these words, in-
cluding “other” and “another”, are not as frequent as prarsyyoroper names, or def-
inite descriptions. (I am not aware of any quantitative gtod this kind, though.)
However, they are not as infrequent as they might seem attaifyist. For instance,
in the British National Corpus (BN€) a 100-million-word collection of samples of
written and spoken language from a variety of genres, “6taed “another” belong
to the top 200 most frequent words. “Other”, tagged as adgcis the 75th most
common word. (There are also 35,164 occurrences of “ottegtyeéd as noun, and
14,959 occurrences tagged as pronoun.) “Another” is thenlB@st common word.
For comparison, demonstrative determiners “this”, “théfiese” and “those” occupy
the 22nd, 27th, 79th and 109th places respectively on the §am Given the size of
research literature on demonstrative pronouns and NPsdgitionstrative determin-
ers, e.g., (Kaplan, 1979; Linde, 1979; Gundedl., 1993; Asher, 1993; Sidner, 1983;
Passonneau, 1993; Webber, 1991; Byron and Allen, 1998;rBy&002; Poesio and
Modjeska, 2002), there is no reason not to study “other” artbther”. Moreover, to
fully understand what anaphora is about, all anaphoric phrma must be addressed,
including non-coreferential anaphors.

Second, other-anaphora interacts with other semantiepsas, e.g., metonymies
and bridging. Markert and Hahn (2002) pointed out that anegphnd metonymy reso-
lution are ofterco-dependerand that metonymy resolution can benefit from anaphora
resolution and vice versa. Consider their Example 7:

(7) We also testethe printer Epson EPL-5600 liked the laser.

There are two benefits for metonymy resolution in this exanplrst, the information
about possible anaphoric antecedents of “the laser” mgy Wwith choosing the cor-
rect metonymic interpretation from several possible regsdlj e.g., “laser” for “light”.

(A laser is an optical device and is one of the parts of a lagatgr. In the example
above, “the laser” refers to the same object as “the prinpsol EPL-5600".) Read-
ings that do not allow for anaphoric interpretation woulddigpreferred in Markert

Shttp://www.hcu.ox.ac.uk/BNC/
’These data are based on BNC frequency lists compiled by Adiégarkiff
(http://www.itri.brighton.ac.uk/"Adam.Kilgarriff/bnc -readme.html ).
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and Hahn's system. (The preference is for interpretatibasdstablish anaphoric rela-
tions.) Second, no semantic constraints are violated impka 7. Therefore, without
the anaphoric information, a conventional metonymy resousystem based on se-
lectional restrictions would not trigger the resolutiompess at all.

Metonymy (and metaphor) are not unusual with other-anaptas Example 8 il-
lustrates:

(8) Columbia, a longtime Drexel client, won'’t provide cumtelata on its junk. But
its 17 big junk holdings at year end showed oalfew bonds that have been re-
ally battered ThesewereAllied Stores, Western Union Telegraph, Gillett Hold-
ings, SCI Television and Texas Aihoughmany other bonds in Columbia’s
portfolio also have lost value. (WSJ)

In Example 8, the anaphor “many other bonds” refers to defiificates other than
those issued by Allied Stores, Western Union TelegrapHetHoldings, SCI Televi-
sion and Texas Air. Company names frequently undeogmany-name-for-assets
metonymies; in fact, this metonymic pattern is very freguerthe Wall Street Journal
Corpus.

Often, resolving anaphoric references of other-anapheasires reasoning. Con-
sider, for instance, Example 9 below (and Example 6 in theipus section).

(9) Under the so-called Team Taurus approach, Mr. Veraldiaher Ford product
planners sought the involvement of parts suppliers, asiselnie workers, auto
designers and financial staff members from the initial stagjeéhe development
cycle.

The concept’s goal was to eliminate bureaucracy and makd$-product de-
velopment more responsive to consumer demands. It wasdppdied toother
new-car programs including those that produced the Ford Thunderbird and
Mercury Cougar. (WSJ)

In Example 9, the anchor of “other new-car programs” is thrgocagram during which
the Team Taurus approach was initially tested. There is leot ogference to that pro-
gram, and its referent (and discourse anchor) musinstructedrom the contextual
information via some kind of bridging inference. Moreovélte construction of the



1.2. Why other-anaphora? 9

referentis triggeredentirely by the anaphor “other new-car programs” which @ann
be correctly interpreted without it. (Alternatively, it fdeen suggested that the an-
chor is mediated by the phrase “the concept”, as in “the qoregoal”.) Likewise,

in Example 6 in the previous section, a new referent “teley@d’ was introduced as
part of the process of anaphor interpretation. Bridging atier inferential processes
are not yet well understood. By studying what kinds of bndgand metonymic infer-
ences are necessary to resolve other-anaphors, we cam aravbetter understanding
of these phenomena as a whole.

Finally, a practical reason for studying other-anaphorangs from the demands of
Natural Language Processing (NLP) applications. Any itrthissystem or research
application that interprets or extracts information, findtelligent answers to users’
questions, or summarizes information, contains a Natuaalguage (NL) processing
component. Within such a component, a reference resoluatimaule is of crucial im-
portance. Such a module keeps track of objects and indikadloat the text or dialogue
is about and their linguistic realizations, and resolvesesan which the intended ref-
erent of a phrase is unclear. Current reference resolutistess are only capable of
resolving coreference relations. Consider, however, dlewing request to a virtual
travel agent (adapted from (Jurafsky and Martin, 2000)):

(10) I'd like to order a return ticket fronBostonto San Franciscpdeparting on De-
cember 5th, returning on December 12th. It's OK if it stopsaimother city
along the way.

The virtual travel agent will have to figure out a lot of thirigghis request, including
that “it” refers to the flight, and also that “another city’fees to any U.S. city on the
way from Boston to San Francisco, excluding the origin arslidation cities. A trivial
piece of knowledge, this can be encoded as constraints’{"stap in city X if the trip
originates in X” and “can’t stop in city Y if the trip ends intgi Y”). Alternatively,
this can be left for the reference resolution module to figaure Note also that if the
customer ordered a return trip to San Francisco, withouli@iy mentioning the city
of origin, the travel agent would still need to exclude Bos&s a possible stop, relying
on the extra-linguistic knowledge of where the conversataikes place in the physical
or virtual space.
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With the explosion of the World Wide Web and ubiquitous asdesthe Internet,
applications such as information retrieval (IR), inforinatextraction (IE) and ques-
tion answering (QA) have become important means of findifigrimation. The most
common way to search for information is through a searchrenguch as Google or
AltaVista. While doing a great job, present search enginiisratrieve documents
rather than answers to users’ questions. And commerciatisemngines still use a
combination of keywords and boolean operators, rather ghaatural language such
as English or Chinese. QA systems, unlike IR systems, atteangovide a user with
an actual answer rather than a collection of documents whi or may not contain
the information the user is looking for. They take as inpungle query, which can be
formulated in a natural language and return a short pasdag&tq50 or 250 words).
The future, however, lies with interactive systems thataecept multiple interrelated
queries as in the example below:

(11) U: What company sells most greeting cards?
S:Hallmark.
U: How many?
S: 65 million cards per year.
U: How many doother companiessell?

Such a system must not only be able to retrieve an answer koaddlce user’s queries
above, but also keep track of the user’s questions and itsregponses, to figure out
that “other companies” refers to companies that sell gngetiards excluding Hall-
mark. Present QA and IR systems are not capable of handlveg-ahaphors, with the
exception of the system presented in (Bierner, 2001), wHickwever, only handles
“other” with structural antecedents such as other-tharstrantions “X(s) other than
Y(s)” and list-constructions “X(s) and other Y(s)”. (It al$iandles phrases “such as”
and “besides”.) Itis clear that this is not sufficient to asia the functionality required
in Example 11.
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1.3 Previous work on other-anaphora

Other-anaphors with non-structural antecedents haveawest studied earlier, although
a small body of literature exists on “other” and “anothertdasome of the construc-
tions in which they appear. For instance, general gramnfaraeces such as (Quirk
et al, 1985) and (Huddleston and Pullum, 2002) provide guidanceoiv phrases
with “other” and “another” are used and what they mean. Thamrey of the mod-
ifier “other” was also briefly noted by Halliday and Hasan (@R7Avho classified it
as ageneral comparison iterthat expresses difference between things, on a par with
“ different”, “else” and “otherwise”. The class of generaraparison items further
includes “same”, “equal”, and “identical” that expressntey and “such”, “similar”,
and “likewise” that express similarity. Halliday and Hasaoted that “other” has two
meanings, “different” and “additional”, leading sometisrt® uncertainty of interpre-

tation:
(12) I need somether clothes — As well, or instead?

Halliday and Hasan did not discuss the meaning of “anothErbm the examples |
have seen, it seems that “another” usually means “additiona

The semantics of “other” was discussed in detail by Bier2&00), who recast
it in terms ofalternative setsfollowing (Rooth, 1992). As | am not concerned with
the semantics of other-anaphors, but rather with how suchsels can be resolved
in natural language applications (Section 1.4), | viewtlseimantics as that of set-
complementation, such that the anaphor provides a compleiman entity already in
the discourse model, the antecedent. This allows me to“o#ar” and “another” in a
similar fashion, still allowing for flexibility of interpreation depending on the context
of use.

List-constructions with “other” have been studied by Heé992), who used them
and the other patterns in Example 13 to acquire hyponyms faoge corpora:

(13) a. NP{, NP}« {,} andor other NP
b. such NP agNP,}x {(or|and)} NP

c. NP{,} including{NP}x {or|and} NP
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d. NP{,} especially{NP}x {or|and} NP

and by Bierner (2000), who incorporated the analysis ofdiser and other-than con-
structions in a natural language IR system. Other compmutakitreatments of “other”
include (Kamp and Reyle, 1993; Staab and Hahn, 1997; St&£818; Salmon-Alt,
2001). Kamp and Reyle discuss how reciprocal “each othar’bmresolved in the
framework of their Discourse Representation Theory. Std#98) and Staab and
Hahn (1997) presented a resolution procedure for “othethwmitted complements
such as “one X ... other”. (Salmon-Alt, 2001) is a corpus gtofi‘autre” in French
multi-modal dialogues within the framework of Cognitivea&rmar.

This dissertation is the first to address other-anaphors fte perspective of how
they can be resolved by a NL system. Specifically, | focusvbere and how to find
antecedentsf other-anaphors, which is the first step towards theirlcgsm.

1.4 The goal of this dissertation

The dissertation describes a procedure by which antecedénther-anaphors can be
found in naturally occurring texts. This procedure forms backbone of a resolution
method designed specifically for other-anaphora. Whileighnbe thought that one
resolution approach might fit all anaphors, there is evide¢hat suggests that different
types of anaphoric phenomena respond differently to theesesatment (Strubet al,,
2002), and therefore they might require resolution al¢pons tailored specifically for
each anaphor type.

To constrain the search for antecedents, | examined a yaretyntactic, seman-
tic and other constraints and preferences, e.g., anteteddace form and syntactic
function, their semantic class, and relation to the anaptirTo determine the extent
to which these factors affect resolution of antecedentstioéreanaphors, | designed
and implemented two symbolic and several machine learrgayithms based on the
Naive Bayes classifier. (Other machine learning methode temted and rejected be-
cause of their poor performance.) All algorithms were téste a corpus of examples
from theWall Street Journal

As other-anaphors are a knowledge-intensive phenomengn @ resolve “other
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companies” in Example 11, the system needs to know that Haklis a company, |
have also addressed the issue of knowledge acquisitiondristing lexical resources
such as WordNet and from the World Wide Web. (The work on thé& Was done in
collaboration with Katja Markert and Malvina Nissim (Market al,, 2003; Modjeska
etal, 2003).)

The final, hybrid, resolution procedure combines a NaivedBaglassifier with a set
of informed heuristics, constraints, and fall-back praged. This procedure achieved
the best results to date on other-anaphora.

1.5 Thesis organization

Chapter 2 reports on a pilot study of other-anaphors in thesBrNational Corpus.

(Only NPs with the modifier “other” were considered.) Thremtred and fifty-eight

occurrences of other-NPs were manually annotated alongietyaf features, e.g.,

surface form of antecedent and anaphor, anaphor modificadistance, and type of
lexical relation between anaphor and antecedent. A qtigétand quantitative anal-
ysis of the results of the annotation provided insights imt@t factors (syntactic, se-
mantic, etc.) play a role in the interpretation of otherfamars and therefore might
also play a role in resolving their antecedents.

Insights from this exercise were used in designing two syimalvesolution algo-
rithms, LEX and SAL, reported in Chapter 3. LEX is a heuristitased algorithm;
it resolves antecedents of other-anaphors on the basisichlanformation avail-
able from WordNet, pattern matching, recency, and classrimétion for named en-
tities. SAL is based on Centering Theory (Grasizal, 1995). It is an extension
of Tetreault (2001)’s Left-Right-Centering, the statetloé-art in pronoun resolution.
SAL resolves antecedents of other-anaphors on the basmsumingatical salience and
recency. (Grammatical salience here is taken to correldategrammatical function of
NPs.) The two algorithms were tested on a common corpus osag®les of other-
anaphors (including “another”) from th#&all Street JournalLEX outperformed SAL
by 32%, suggesting that lexical semantics is more usefutsolving antecedents of
other-anaphors than grammatical salience. However, SAblved several samples
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of other-anaphors that involved metonymic, bridging, amdnpminal antecedents,
which LEX did not resolve (for obvious reasons — LEX was dasigito handle only
hyponymic antecedents and antecedents with the same haadaedhe anaphor’s).
SAL was also more successful than LEX with samples of othephors for which
the necessary semantic knowledge was not found in WordNetsd'two observations
suggested that a combination of grammatical and semantwlkdge might lead to
better resolution and possibly eliminate the need for dgual a dedicated treatment
for bridging and other less straightforward cases.

SAL used only one type of grammatical knowledge, grammbhtigzction of the
antecedent. There are, however, other grammatical fatttatsalso might play a role
in finding antecedents of other-anaphors, e.g., the liniguisrm of anaphor and an-
tecedent (e.g., proper name, definite NP), their genderpeundistance in words and
sentences between anaphor and antecedent NPs, syntaetieligsa, etc. Chapter
4 examines these and other factors in detail, using a madbameing approach. At
the core of the approach is the Naive Bayes classifier, whatiow to be more suit-
able for resolving antecedents of other-anaphors than,adgcision tree classifier. |
present several Naive Bayes classifiers that differ witpeesto how much and what
kind of knowledge they use. One of the classifiers was traomegrammatical as well
as semantic features (using knowledge from the WordNetdéxiatabase). Another
classifier, in addition to the features above, used semiambwledge acquired from the
Web by looking up lexico-syntactic patterns specific forastanaphora and counting
the frequencies with which they occurred. | also tested etyaof baseline classifiers,
from those using grammatical information only, to thosgired primarily on semantic
knowledge (either from WordNet or from the Web), and a sintped-crafted sym-
bolic algorithm to indicate the difficulty of the task.

The best-performing classifier combined grammatical keolge and Web-based
semantics. While its performance was satisfactory, theluésn procedure it used
was not yet a full decision procedure. For instance, thestflas did not take into ac-
count the fact that other-anaphors always require an ateteAlso, a full resolution
procedure must take into account other factors, e.g., sjiotzonstraints on antecedent
realization (Chapter 3). Such a full resolution procedsrpresented in Chapter 5.
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Chapter 6 summarizes the research reported in this disertand suggests areas
for future research. These areas include, e.g., (1) impgpthe learning framework
and acquision of feature values; (2) extending the apprt@aemaphors with non-NP
antecedents; (3) developing a special resolution mectmeioisbridging and redescrip-
tion cases; (4) further work on knowledge acquisition frdra Web; and (5) embed-
ding the hybrid approach in a real IE or QA system and testing bther domains and
languages.






Chapter 2

A Pilot study of other-anaphors in the
BNC

2.1 Introduction

Any anaphor resolution algorithm takes at least three thengd uses them to decide
the intended antecedent of the anaphor. These are: (1ydeatfithe anaphor; (2)
features of potential antecedents; and (3) relations lettlee anaphor and potential
antecedents (as well as, possibly, more general featuree déxt itself). For other-
anaphors we do not have a priori any theory that tells us wéetufes are relevant
to resolving and, thereby, interpreting them. This chapgports on an pilot study of
other-anaphors in the British National Corpus, which idfied several of such fea-
tures.

Only NPs with the modifier “other” were considered. Threedinea and fifty-eight
other-anaphors with full lexical heads were manually aatext along a variety of fea-
tures, e.g., surface form of antecedent and anaphor, anapbdification, distance,
and type of lexical relation between anaphor and antecedéig annotation exercise
shed some light onto the nature of the phenomenon of otregrkeota and onto what
resources and techniques are needed for their interpetalihe insights and statisti-
cal data produced by the study were subsequently used iregigrdof the LEX and
SAL algorithms reported in Chapter 3. The corpus analysie &ised several theo-

17
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retical and practical questions which will be addressediiare work, e.g., the role of
modification in the interpretation of other-anaphors, ali agthe type and amount of
inferencing involved in their interpretation.

The chapter is organized as follows. Section 2.2 describesiata. Section 2.3
describes the annotation scheme which was developed spédyifior this exercise.
Subsequent Sections 2.4-2.7 spell out the details of thetaton and present and
discuss the findings and their implications for the desigthefresolution algorithm
for other-anaphora.

This chapter extends work presented in (Modjeska, 2000).

2.2 The corpus

There are 185,308 occurrences of the word “other” in thei@riNational Corpus. To
make the analysis task manageable, | used a 1% random saftipéeBNC. Random
selection from the BNC is part of the Gsearch tool packageléget al., 1999), which

was used to extract the samples.

The 1% random sample of the BNC contained 1,820 occurrentcéseoword
“other” in a variety of constructions, from referential etANPs, to discourse mark-
ers, reciprocal “each other”, idiomatic expressions, étextracted all samples with
“other”, along with the context of eight sentences, i.eg, $kntence with “other” plus
four preceding sentences and three sentences that follewehtence with “other”.
The word “another” was not part of the study. | annotated hbyid/3 of this sample,
or 445 other-phrases. Since the focus of this dissertasi@mireferential other-NPs,
i.e., those NPs that have the potential to refer to individigects (or sets of objects
or eventualities) in the world, other-phrases that did ndfilf this condition, e.g., dis-
course markers with “other”, idioms, etc., were droppedrfriurther study. Another
condition was that other-anaphors had full lexical healss telliptic constructions,
reciprocal constructions, and constructions with “onetevalso ignored. Finally, con-
structions such as “X(s) other than Y(s)” provide antecesléy structural as well as
anaphoric means. Other-than constructions were dropjeal tihe study. List-other
were considered in this study but dropped in subsequent foorkvo reasons. First,
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I will show Section 2.5, that list-other phrases seem toesardiscourse function dif-
ferent from that of non-list other-anaphors. Second, frgmespective of a resolution,
list-other NPs are much easier to handle, as their antetedes usually realized as
the left conjuncts of other-NPs. (So far, | have seen onlgelar four examples where
this does not hold.)

Of the 445 other-phrases in the annotated portion of the I8daim sample of
the BNC, 358 samples of “other” were classified as potestigterring, having full
lexical heads and non-structural antecedents. The rentp8¥ cases were idiomatic
and reciprocal other-NPs, etc.

2.3 Corpus annotation

2.3.1 The coding scheme

All phrases with “other” in the study corpus were annotatiethg a variety of features
that had been identified as being relevant to resolving pronal anaphora and some
definite NP anaphora, e.g., antecedent NP type and its destarthe anaphor. Other
features had not been previously used in annotating pramarooreference or definite
NP anaphora, e.g., all features related to NP modificatiomalfy, some known fea-
tures were adjusted to reflect the nature of other-anapkrs.such feature is the type
of relation between anaphor and antecedent.

| used the REFEREE coreference annotation scheme (Defarsti al., 1999) as
the basis for designing the annotation scheme for othgufara and the REFEREE
annotation tool for the annotation task. This tool offerkd tesired flexibility, was
platform independent, and was available of-the-shelf.

The annotated features were grouped into features thaiped to the anaphor,
features that pertained to the antecedent, and featurtgsatiained to both the anaphor
and antecedent (Figure 2.1). For all features, the firsteveuhe default. Unless any
other value was chosen by the annotator, the marked entiggved the default value.
This was necessary to preserve the completeness of theadionaicheme with respect
to undesired examples of other-NPs such as, e.g., idiomtsr-phrases or other-than
constructions (which were marked in the sample using thteifegA\NA IRRELEVANT,
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ANA IRRELEVANT (no) (yes)

ANA PREOTHERMOD (none) (the) (THAT) (any) (EVERY) (SOME) (NUM) (INP) (Ppro) (no)
ANA POSTOTHERMOD (hone) (NUM) (ADJ) (NUM&ADJ)

ANA OTHER RESTR(none) (RC) (PP)

ANTE FORM (no) (explicit) (implicit)

ANTE EXxpLICIT (no) (DefNP) (IndNP) (Pro) (Dem) (PM) (RP) (P.PM) (P_Pro) (Adj) (P) (A) (DS)
ANTE IMPLICIT (n0) (ComGround) (Infer) (Topic) (Undec)

ANTE CATAPHORIC (n0) (yes)

ANA-ANTE DISTANCE (none) (0) (1) (2) (3) (4)
ANA-ANTE RELATION (none) (Parallel) (Identity) (Member) (Hyponymy) (Infer)

(Notes)

Figure 2.1: The annotation scheme for the BNC pilot study

but not annotated).

The anaphors were marked for the type of determiners, pré-past-modifiers,
e.g., quantifiers, demonstrative determiners, possessibfiers, adjectives, ordinal
and cardinal determinants, as well as relative clauses epbgpition phrases. These
are the features WA PREOTHERM OD, ANA POSTOTHERMOD and ANA OTHER RE-
STR. They are explained in Section 2.3.2 and exemplified in 8est?.4 and 2.7.

Discourse anchors of “other” can be evoked by an explicguistic expression, a
piece of text, or they are extra-textual (situationallylesa). Implicit anchors received
atag “implicit”; explicitly realized anchors, i.e., tholeat have a linguistic antecedent,
received a tag “explicit”. Explicit antecedents were fanttclassified according to
their part of speech and/or syntactic category, e.g., defmi indefinite NP (DefNP
and IndNP, respectively), pronoun (Pro), proper name (FlMmonstrative NP (Dem),
adjective (Adj), possessive pronoun o), possessive full NP (RP) or possessive
proper name (APM), proposition (P), utterance (A), or discourse segmb&)( All
antecedents were further marked for whether they precdaedrtaphor, i.e. they were
anaphoric, or whether they followed the anaphor, i.e., thege cataphoric, e.g.,

(14) If there isno other system of air-conditioning andthe windowcannot be open
all the time because of draughts or security, it should attlba opened once or
twice a day for a spell.
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Implicitly realized anchors, i.e., those that do not haveliex linguistic antecedents,
were assigned a class depending on the degree of infereddagmof knowledge in-
volved. (Further details are in Section 2.4.)

While it might appear that it is always clear whether an aomapias an implicit or
explicit anchor, this is not the case, as familiar to anybatiyp has experience with
corpus annotation. | resolved anchors on the basis of myitig intuitions, common-
sense knowledge, and previous experience and trainingiagladt. In this sense, the
annotation should be considered preliminary. Where an pi@marrants a different
interpretation from the one | propose, | briefly note that.

Distance between anaphors and antecedents was measugateince units, count-
ing from the most recent mention. The values were “0” fordisttexts “X(s) and other
Y(s)”; “1” for antecedents in the same orthographic seneeme the anaphor; “2” for
antecedents in the previous sentence; “3” for antecedemtséntences (or sentence
fragments) away; and “4” for antecedents further afield. llampanchors and cat-
aphoric antecedents, i.e., those that follow “other”, eéast of preceding it, received
value “none” (distance not marked).

Discourse anchors that required inference, e.g., Exampleefe assigned a dis-
tance value only if some part of the text supported theingdion, as in the case in
Example 6.

All anaphor-antecedent pairs were classified with resped¢hé type of lexical
relation between them. More on relations and inference &eictions 2.4 and 2.6.

The annotated items in the corpus were the anaphors, evegtlihsbme of the
features reflected properties of their antecedents ancethgans between them. An-
tecedents were marked in the text and linked to their resgeahaphors.

2.3.2 Annotation procedure

The annotation procedure was as follows.

1. ANA IRRELEVANT: If the other-phrase is a discourse connective, idiomatic e
pression, reciprocal or elliptic construction, constroctwith “one(s)”, or other-
than comparative, mark it as “yes” and go to next sample. Elgi it as “no”
and go to Step 2.
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2. ANA PREOTHERMOD: If the other-phrase contains a determiner/determinative

choose one: “the”, “THAT”, “any”, “EVERY”, “SOME”", “NUM”, “P_NP”,
“P_pro”, or “no”. Use value “THAT” for all demonstrative deteiners; “EV-
ERY” for all universal quantifiers; and “SOME” for all exigtgal quantifiers.
Possessive modifiers with full lexical heads, e.g., “Johorsthe department’s”,
should be marked “INP”; pronominal modifiers, e.g., “his”, should be marked
“P_pro”. Other-anaphors with cardinal determinants, e.fre' other students”,
should be marked “NUM”; negated other-anaphors should bdedd'no”.

. ANA POSTOTHERMOD: If the other-NP contains any further premodifiers be-

sides “other” (they occur after “other”), e.g., “the othérde students”, mark
them with respect to their type: “NUM”, “ADJ”, “NUM&ADJ".

. ANA OTHER RESTR Mark whether the other-anaphor is followed by a PP com-

plement or relative clause.

. ANTE FORM: ldentify the antecedent of “other” by paraphrasing thepduuea

as “X(s) other than Y(s)”. For example, “dogs ... other arlshaan be para-
phrased as “animals other than dogs”. The phrase that fellberparticle “than”
is the anchor of the other-anaphor. If the anchor is realézeal linguistic expres-
sion in the text, e.g., an NP or clause, as opposed to the e text or idea,
mark it as “explicit”. Else mark it as “implicit”.

. ANTE ExpLICIT: If the anaphor has an explicitly realized anchor, clastity

antecedent with respect to its type of phrase/linguistitstituent, e.g., DefNP,
IndNP, etc.

. ANTE ImpPLICIT: If the anchor of the other-anaphor is only indicated in & t

and the text does not contain a single continuous expresdioh can be said
to be related to the anaphor, classify the anchor with redpeits type. If the
anchor is available via a common knowledge inference, 8.4t him in the
jaw. With my other hand | grabbed his throat.”, mark it as “Ceéraund”. If the
anchor is the topic of the paragraph or section or any othsradirse segment,
mark it as “Topic”. If the anchor must be recovered from the téa inferencing,
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mark it as “Infer(ence)”. If it is not clear what the anchooishow to classify it,

mark it as “Undec(idable)”.

8. ANTE CATAPHORIC: If the antecedent follows the anaphor NP, mark it as cat-

aphoric.

9. ANA-ANTE DISTANCE: Mark distance between anaphor and antecedent. See

Section 2.3.1 for details.

10. ANA-ANTE RELATION: Mark the type of relation between anaphor and an-
tecedents. See Section 2.6 for details.

11. Any notes and comments are typed in the field “Notes”.

The data set was annotated by the author. The annotatiorohbeen validated by
other annotators, and no inter-annotator agreement ssasailable.

2.4 Types of anchors and their linguistic realizations

Anchors of other-anaphors can be evoked by a variety of Istguexpressions: defi-
nite or indefinite NPY personal, demonstrative, or possessive pronouns, pnapees,
adjectives (Example 15), clauses (Example 16), or utt@sitiExample 173.

(15) European Community officials were stoking fears laghhof an all-out trade
war with the United States after it was disclosed Batish andother European

steelmakerscould face crippling new duties on exports to America.

(16) If the patient is very heawyr the carer cannot manage feome other reason

[..]

(17) How do | get my money back&hy other questions?

lindefinite NPs are NPs with determiners “a”, “an”, “some”réd&Ps, and NPs with cardinal or

ordinal numbers.
2The anchor in Example 16 is the proposition “the patient iy veavy.”.
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Multiple anchors (“split antecedent”) are not unusual, ,ekxample 18, and can
be viewed either extensionally — here, as a set containirrglavant individuals who
attended the meeting, or intensionally, as “all the pgrtiots of the meeting mentioned
so far”.

(18) Another speaker, Michael Traber, WACC's Director of Stadiad Publications
said: [...] In an address on “The Cultural Environment anddMeEduca-
tion”, Professor George Gerbner of the Annenberg School of Conuattimn in
Philadelphiaalso stressed [...]. The participants voted to set up andason
for Communication and Theological Education to carry fomvene discussions
held at Yale. The Association will be coordinatedWACC's former President,
Dr William F Fore[...] Other participants at the meeting included WACC'’s
General Secretary, Rev Carlos A Valle, and John L Petersbajr@rson of
WACC'’s North American Regional Association.

Frequently, the anchor or part of it might need to be derivedhfa piece of text
and perhaps some knowledge base (Examples 19 and 20, an@xalsgple 6 from
Section 1.1).

(29) Bill Clinton today prepares to stride across the political landscapeeasdrld’s
most powerful man. But how doé® shape up againsis counterparts irother
countries?

(20) Now the womens’ task was packing the pilchards in thék$jun the Cellars,
laid out and salted. After twenty-eight days they would bdesteout, washed
and packed in hogsheads, and pressed for about ten days. p@assedthe
hogsheads, each weighting four and a quarter hundred-vigigbuld be sold to
the fish merchants for export, mainly to Italy and other Med@nean countries.
Other pilchards were kept for home consumption.

In Example 19, the anaphor is interpreted as “countriesrdtien the U.S.”, and the
anchor “U.S.” must be constructed from the antecedent ‘@ithiton” through a bridg-

ing (perhaps metonymic) interpretation procleader-for-country and knowledge
of the political landscape of the world, specifically thatl Bilinton was (at the time
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the example was written) the president of the U.S. In Exar@plethe linguistic an-
tecedent of the anaphor “other pilchards” is “hogsheadsh eaeighting four and a
quarter hundred-weight” (that were sold to fish merchantsefgort), while the an-
chor seems to be “pilchards that were sold for export” and ustrbe derived (via
inference) from “hogsheads sold for export” to “hogsheaflpilchards sold for ex-
port” to “pilchards sold for export”. Information given dir in the discourse that
pilchards were salted, washed, and packed in hogsheadisatasithis inference.

It is not unusual for other-anaphors to make use of implinitheors, relying on
the speaker’s and hearer's common cultural knowledge (ka9 and 21), general
world knowledge (Example 22), knowledge of the utterantgasion (Example 23),
and/or ability to infer the anchor from what has been saicas@¢BExample 20 and 24).

(21) The museums of the world are full ofher countries art.®

(22) I slam a blow into his cheek, and it knocks his head aga#eswall. Withmy
other hand, | grab his throat.

(23) Leo Jul 24—Aug 23 There have beitmee other potential points of the year
when much has been primed to change — not in the easiest of waysor in
the most predictable of fashions- and this is another one.

(24) When Suzie finally emerged she sent him back to bed. Nevast | sit in her
little front room like middle-aged parents. [...] Suziemsadown to brush her
lips against my cheek. Thanks again, she says. Then shessiprahd crosses
to the other armchair. She sits in it and drinks from a china cup.

Example 21 is an example of a bound anaphora interpretatienentities to be ex-
cluded from the set of “other countries” are included in $eitwith each next iteration
of the quantifier: for each county, its museums are full of art from countries exclud-
ing X. This example relies on the common knowledge shared by tbaksp and the
hearer that many of the world’s countries (perhaps mostg lzaty museums and that
these museums usually collect and display art produceckicaintry of question as
well as art produced in other countries. In Example 22, trelhanof “my other hand”

3The EconomistMarch 18, 2000, p.21.
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is the implicit argument of the verb “slam a blow”. In Examgl@, one might think that
the phrase “Jul 24—Aug 23" is the time period to be contrastéld “other potential
points of the year”. This is, however, incorrect; the phrake 24—Aug 23" is the time
frame for the zodiac sign Leo. It is unclear from the exampletlier the horoscope
was composed for “today”, “this week”, or “this month”. Theader of the horoscope
knows, however, which one of these interpretations is thieecbone. — Horoscopes
usually span the inter-publication frequency of the padatin which they appear. In
Example 24, the reader is invited to create an anchor frompaces of information:
that the author of the text and Suzie are sitting on somettiingnot clear what they
are sitting on until we need to interpret the anaphor “theepdrmchair”) and that an
armchair normally holds only one person (while a sofa or @&t can sit two, three,
or more people). In fact, in this example, the interpretatwd the anaphor relies on
something already known and, when interpreted, the anagudats new knowledge.

As Examples 20 and 23 showed, some anaphors require rataakped knowl-
edge. Likewise, Example 25 below relies on the reader’s kedge of the process
of distillation. Furthermore, the NP “some other liquor’asnetaphoy and so is its
anchor. (I leave it to the reader to decide what it might be.)

(25) The move to the stage was a logical one for Eliot, so mdnyhmse poems
have dramatic qualities. In 1920, considering “the impogeaf contemporary
drama”, he had concluded that “The natural evolution, fonusuld be to pro-
ceed in the direction indicated by Browning; to distill theachatic essences, if
we can, and infuse them insmme other liquor”.

The anchor of “other” can be topic of a discourse segment:

(26) Well into the present century “Picklecock Alley” on &alh Waterside was well
supplied with sea-food shops. The Saltash Fair and pageana\wopular event
of the 1930s, revived in the 1950s as Winkle Fair with “Kingckle”. The
Mayoral party would receive a formal greeting to Watersitiehich was the
proper old ancient Borough centuries before the town up aedwas so much
as dreamed of. Fish from the Water Tamar be pretty eatinglateworld
knows and we offer your worships this tribute according tociant customs of
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our ancestors”. Pollution largely ended the shellfish itguethough there have
been recent attempts to revive@ther ancient rights have been eroded away.

In Example 26, there is no explicit antecedent and it is nearclvhat the anchor of
“other ancient rights” might be: the rights for fishing, thestom of having a fair and
pageant, both together, or something else? Nevertheleggms possible to interprete
the anaphor in this example.

Table 2.1 summarizes frequencies of anchor types in thelsarogus. As evident
from the table, the entity that other-anaphor excludes fthenset is explicitly given
in more than 3/4 of the cases (77%)The majority of anchors are realized as NPs
— 69%, including pronominal antecedents. Among them, &Hdidal NPs are clear
leaders: definite NPs account for 23% of all anchors (incigdhe implicit ones),
indefinite NPs for 20%, and proper names for 19%. Nineteecgmtiof other-anaphors
use implicit material as their argument: 10% require comiaowledge anchors, 6%
are inferred from the text, and 3% use discourse topic.

It is interesting that pronouns account for as little as 6%lbanchors. Psycholin-
guistic and computational linguistic studies have shovat ffitonouns are used to re-
fer to the most salient objects. Since an other-anaphoriggeva complement set
to an entity already in the discourse, it is reasonable tarassthat “other” with a
pronominal antecedent would provide a complement set tantity éhat is currently
in the speaker’'s and hearer’s center of attention. The legufency of pronominal an-
tecedents, compared with the frequency of other antecéygless, suggests that other-
anaphors are able to access less salient discourse entitig8 return to this issue in
Chapter 3.

Demonstrative and adjectival antecedents are extremyrréhe BNC, with 0.5%
frequencies each. Twenty-six percent of anaphors in theusouse inference. Finally,

4This comprises anchors evoked by definite and indefinite [dRger names, pronouns, clauses
(giving rise to a propositional anchor), utterances, disse segments, demonstrative NPs, and adjec-
tives: 276 samples over 358 total anchors in the study corpus

SHowever, even if there are few pronouns in the study corgus,doesn’t mean that “other” isn't
referring to the most salient or a highly salient entity. Bdefinite and indefinite NPs can be used for
subsequent reference, and when reference is combined seitlicption, a definite NP is preferred over
a pronoun. As Miller (1998) noted, “There is apparently glirstic convention that accepts anaphoric
nouns that are hypernyms of the antecedent.” So, for instdrec novel” can be subsequently referred
to as “the book” as well as by “it”: “ | gave him a good novel, Itaé book/it bored him.”
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Type of anchor Counts
definite NP 84 (23%)
indefinite NP 71 (20%)

demonstrative NP | 2 (0.5%)
proper name NP 68 (19%)
pronominal NP 23 (6%)

adjective 2 (0.5%)
proposition 14 (4%)
utterance 8 (2%)

common knowledge 35 (10%)
inferred 20 (6%)
discourse topic 10 (3%)

discourse segment | 4 (1%)
undecidable 17 (5%)

Total 358 (100%)

Table 2.1: Frequencies of anchor/antecedent types in the BNC pilot corpus.
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in 5% of cases, it was impossible to determine the anchor.

These data suggested the following. When designing anitidigofor resolution
of other-anaphors with full lexical heads and anaphorieesdents, it would be rea-
sonable to focus on NP antecedents, since they accountedgimod 2/3 of the total
number of anchors in the corpus. Also, there was a good nupflsrch antecedents
in the corpus to allow for generalizations, while other typéantecedents were scarce
and more data would be necessary to formulate proceduresdolving such cases.

2.5 Distance between anaphor and antecedent

The analysis of the distance data showed the following sefkdom the perspec-
tive of reference resolution, it is important to know notytte syntactic type of an-
tecedent, but also where it occurs in the text. Tables 2.2&hshow the distribution of
explicitly realized anchors of “other” with respect to thproximity to the anaphor. In
Table 2.2, the distance is calculated for each antecedpet tife values add to 100%
crosswise, e.g, “24% definite NPs in list” means that of aflrdee NP antecedents,
24% were found in list-contexts. In Table 2.3, the focus idistrvs. non-list contexts.

(The non-list value comprises “same”,

previous”, “twothtee” and more sentences
away.) The values add up to 100% for each column, indicatovg likely it is for the
antecedent of “other” to be realized, e.g., in a non-listernas a definite NP. For ex-
ample, for the configuration “definite” and “non-list”, thegbability is 0.33. For cases
with multiple antecedents, the distance is given for thediatintecedent only. There
were no cases in the study corpus in which it wasn’t posshiegolve distance.

From these data, we can draw several conclusions. Firgr-ataphora is a local
phenomenon; the majority of (explicit) antecedents wermébin the same sentence
as other-anaphors or the preceding one (Table 2.4). Theaemight be compared
with the data for pronominal anaphdt$dobbs (1978), for instance, reported that 98%
of pronoun antecedents in his corpus were found in the santersse as the pronoun
or the previous sentence. Second, as evident from Tablemn®.2.3, there is a wide
variation in the distribution of anchors of other-anaphioréist vs. non-list contexts.

5To my knowledge, no distance data are available for anapllefinite NPs.
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Distance

Type of antecedent list same previous | 2 away | 3 and more| not marked
definite NP 20 (24%) | 35 (42%)| 16 (19%)| 2 (1.5%) | 8 (10%) 4 (5%)
indefinite NP 28 (39%) | 22 (31%) | 14 (20%)| 3 (4%) | 1 (1%) 3 (4%)
proper name 25 (37%) | 23 (34%) | 12 (18%)| 2 (3%) | 6 (9%) 0
pronoun 3(13%) | 17 (77%)| 2 (9%) 0 0 0
proposition 0 7(0%) | 6(43%) | 1(7%) |0 0
utterance 0 2 3 0 3 0
discourse segment 0 1 3 0 0 0
demonstrative NP | 1 0 1 0 0 0
adjective 1 1 0 0 0 0

Table 2.2: Distance between anaphor and antecedent in the BNC pilot corpus — varia-

tion within types of antecedents.

Type of antecedent List Non-list
definite NP 20 (26%) | 65 (33%)
indefinite NP 28 (37%) | 43 (22%)
proper name 25 (33%) | 43 (22%)
pronoun 3 (4%) 19 (10%)
proposition 0 14 (7%)
utterance 0 8 (4%)
discourse segment 0 4 (2%)
demonstrative NP | 1 (.5%) 1(.5%)
adjective 1(.5%) 1(.5%)
total 78 (100%)| 198 (100%)

Table 2.3: Distribution of antecedent types in list and non-list contexts.
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Antecedent type | Percent

pronouns 100%
demonstrative NP$ 100%
indefinite NPs 90%
proper names 89%
definite NPs 85%

Table 2.4: Proportions of NP antecedents in the BNC pilot corpus that appear within a

two-sentence window.

This suggested that the two classes should be treated sdparsiore specifically,
propositional, utterance, and discourse segment antetsedes rarely available in list-
contexts “X(s) and other Y(s)”, as it would require all elemtseof the list to have a
similar type of denotation, which is rare. Furthermore, fegcentage of indefinite
antecedents in list contexts was significantly higher theat of definite antecedents
(39% and 24%, respectively), and it was more likely for adistecedent to be realized
as an indefinite rather than a definite NP (37% and 26%, respBgt Also, many
examples of list contexts with indefinite antecedents seleimde ofgenericnature.
Consider, for instance, Example 27:

(27) Film is capable of rising above the limitationslahguageand other cultural
barriers.

Generic sentences express general statements kibdsbf objects, rather than spe-
cific objects in the world. This seemed to suggest that adin@phors may have differ-
ent discourse roles in list and non-list contexts, and thisflected in the distribution of
its anchors. The exact discourse functions of other-anaphahese different environ-
ments remain to be understood, but my preliminary hypothisshat list-constructions
are primarily used for their classifying properties, andtttihey do not introduce a new
referent into the discourse model. (The classifying proesrof other-anaphors are
discussed in Section 2.6.) Non-list other-anaphors, ormother hand, do not only
characterize the anchor as belonging to a certain clasg/dmihtroduce new referents
into the discourséa set referent in the case of “other Xs”). This was confirmgai
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additional analysis of the data which showed that (setyeets of list other-anaphors
(“other Xs” minus the anchor) were rarely referred to in tltnuation of the dis-

course. The anchor and the set referent of an other-anaplist contexts are treated
as a single set, and subsequent reference often meansencefdo that set. For in-
stance, in Example 28, the NPs “their” and “such victimseéreab the set of all victims

of drugs, including the anchor “DES daughtefs”.

(28) DES daughtersaand other victims of drugs would be better off if their cases
were taken out of the courts. Congress could create a corapengrogram
to help such victims while protecting the national inter@séncouraging new
drugs.

Subsequent mentioning of the set-referent of an otherfarap non-list contexts, is
however not uncommon, e.g., pronoun “they” in Example 29Wwel

(29) Absorbed in doling out “Feeding Frenzy’s” tidbits, thathors gloss over the
root causes of Wedtech, namely the Section 8(A) federalrproginder whose
auspiceghe scandatook place. They do at least come around to saying that
the courts might want to end “rigid affirmative action progi®” Programs like
Section 8(A) are a little like leaving gold in the street ahdrn expressing sur-
prise when thieves walk by to scoop it udumerous other scandals, among
them the ones at HUD have the same characteristics as Wedtech. They take
place in government programs that seem tailor-made fouption.

Definite NPs were significantly more common in non-list catge76% of all def-
inite NP antecedents in the study corpus occurred outsiglestbpe of a list other-
anaphor. Furthermore, non-list antecedents were moréy likebe of a definite NP
type — 33%, compared with 22% for indefinites.

Proper name antecedents did not show a clear distributiterpaand additional
data collection and analysis would be necessary, thougtateein Table 2.2 suggest
a slight preference for list-contexts. When consideringper name antecedents from
a more cognitive perspective, it is important to note thatper names usually have

"The following two examples are from thiiall Street Journatorpus (PennTreebank, release 2). No
BNC examples were available at the moment of writing.
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a special cognitive status and also that it is impossibleettid® at the first glance
whether the name is a first mention or it has been used earlier.

The third finding concerns definite and proper name NPs inlisbrcontexts. A
surprising 10% of all definite NP and 9% of proper name antecewere found three
and more sentences away from the anaphor. In dynamic cotigmabmodels of dis-
course, e.g., (Strube, 1998), the discourse model is ugdeite each new utterance
(which many researchers consider to be a sentence). In swtagladhere to Center-
ing Theory (Groszt al, 1995), this often means that discourse entities evoked by a
previous sentence that are not realized in the current seat@e dropped from the list
of salient discourse entities at the end of the current seertel he update procedure re-
flects shifts in the center of attention of the speaker andenea a coherent discourse
centers around one entity. With respect to other-anaphieesinding that 1/10 of all
definite and proper name antecedents were most recentlyianedtas far as three
and more sentences away from the anaphor, suggested teatoidphors can access
referents that are no longer in the center of attention. Thgerhaps not surprising,
given the rich lexical content, which is available from tliker-anaphor. Pronouns, for
comparison, carry very little information and must rely dhe&r mechanisms, such as
salience.

In other theories of discourse processing, e.g., DRT (Kamg Reyle, 1993),
proper name NPs and definite NPs are treated differently) With respect to each
other and from how they are treated within, e.g., Centeringory. In DRT, proper
names introduce new discourse referents that are alwagssibte when interpret-
ing subsequent sentences. Definite NPs, on the other handeaerally treated as
anaphoric, and they must either beundto a referent that is already given in the
discourse, or they areccommodated.e., added to the list of available referents. Ac-
commodation is possible at three levels: locally, i.e hatiével of the current sentence,
intermediately, and globally, i.e., in the so called main®(o that they become avail-
able for reference for all subsequently interpreted ser@grjust like proper names do).
These different possibilities for interpretation of propames and definite NPs create
a rich and complex structure, from which to pull the candeddbr anchors of other-
anaphors. | will not address this issue further; this topilarge enough for a separate
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PhD project.

The distribution of antecedents of other-anaphors in tesfriteir distance from
the anaphors had the following implications for the desifjthe resolution algorithm
for other-anaphora. First, the majority of NP antecedermteound in a rather narrow
window of two sentences. This means that a smaller windowbearsed in the resolu-
tion procedure (at a cost of not covering 100% of cases), anduse of that, a smaller
number of discourse entities would need to be consideredah\wbarching for the an-
tecedent of an other-anaphor. Second, while not all lefjusants of other-anaphors in
list-contexts are their true antecedents, the majorityasue therefore a rather simple
lookup procedure can be used to resolve such cases. Cabemafihoric antecedents
require more complex resolution procedures.

2.6 Systematic lexical relations between anaphors and

their anchors

Other-anaphors and their anchors are related to each otheoidistinct ways. First,
anchors of other-anaphors contribute to their composalieamantics; other-anaphors
are uninterpretable without their anchors. A phrase “otfigs)” always means “Ys
excluding, or in addition to, some X(s)” where the “X(s)” aeailable from the pre-
ceding discourse, the utterance situation, or some othewlenge source. Second,
other-anaphors trigger a presupposition that their arechog of a certain kind. For
example, in the phrase “dogs and other pets”, the presugipos$s that dogs are (a
kind of) pet. These presuppositions are licensed by the head(s) of other-anaphors
and they restrict the set of potential antecedents. Foanmtsg, the referent of “chairs”
cannot serve as anchor of “other pets” because chairs arpet®t Some of these
presuppositions can be reduced to a rather small set ofrsgtitelexico-semantic re-
lations. Two such lexical relations have been observed leyrgr (2000) and Hearst
(1992): thenstance-of  andsubclass-of  relations?

8Hearst used patterns with list other-anaphors and othestrartions to acquire hyponyms from a
corpus. Thenstance-of  andsubclass-of  relations are more general though, and hold as well for
other-anaphors with anaphoric antecedents.
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Theinstance-of  (annotated as MA-ANTE RELATION(Identity)?) is a relation
between an individual object and a certain class to whichstid to belong, by virtue
of being the anchor of the other-anaphor. In Example 30,fstaince, the antecedent
“Persia” is annstance-of  the class of countries.

(30) Persiais exceptional in the number and variety of its weaving gsoiND other
country can boast the same range of masterworkshop, workshopgeiad
nomadic rugs [...]

A subclass-of  relation (annotated asMA-ANTE RELATION(Member) or (Hy-
ponymy)) holds between objects representing conceptsstiaad in a hypernym-—
hyponym relation. For instance, in Example 31, a bow andvaisoidentified as a
kind of weapon'® Likewise, in Example 32, the anchor “the hall” is a kind (slaiss)
of object room.

(31) Every level has traps, baddies, bonuses and a hugethasiyying in wait at the
end. Tiki, however, sporta handy bow and arrovand can also pick upther
weapons and handy methods of transport, such as balloonalong the way.

(32) The hallis empty. There are lights ithe other rooms.

Example 33 illustrates a special subcase ofstitelass-of  relation. A repeated
form “benefits” is used to evoke both the anchor of “other liigsie invalidity benefits,
and its class description:

(33) People on retirement pensions have to pay tax if theg bay other source of
income, so why shouldn’t those who receiwgalidity benefi? If they are very
ill they can claimother benefits, such as attendance allowance

From the perspective of resolution of antecedents of adin@phors, there is no
need to distinguish between timstance-of =~ andsubclass-of  relations; they both
roughly corresponds to an ISA relation in some lexical dasah Examples such as
33 (annotated “AA-ANTE RELATION(Parallel)”), on the other hand, allow to apply

9Lexical relations were annotated only for NP antecedents.
191t is not clear whether they are also identified as handy nutled transport.
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string matching techniques. In subsequent chapters swhpgs will be referred to
as “same-predicate” examples.

The third type of relation between other-anaphors and theiecedents —e-
description— has not been described in the literature. Redescriptian &ssociative
relation. The class description evoked by an other-anagéswciates the anchor with
a different, but compatibleslass than the one to which it is known to belong. For in-
stance, in Example 34, the British Clothing Industry Asation, a trade organization,
is identified as a sponsor of fashion shows (“sponsors ottaar the association, i.e.,
other than the British Closing Industry Association”):

(34) Until recentlythe British Clothing Industry Associatiosubsidised the event,
enabling Britain’s designers to show their collections imiaternational venue.
But the associatiofnas tired of being the sole supporter anbler sponsorsare
needed.

Note that this information is also available from elsewheréhe text; the verb “sub-
sidise” and the predicative NP “the sole supporter” pretdigaoperties similar to that
of the noun “sponsor”. However, interpreting them woulduieg a full semantic anal-
ysis of the sentence, while resolving the anaphoric refeemf “other sponsors” —
and thus learning that the British Clothing Industry Assdion is a sponsor of fashion
shows — is potentially a somewhat simpler task (though atilifficult one). The re-

description relation is possible with common noun antentglas well as with proper
names:

(35) This enabledhe barley growers$o organisehemselvesgffectively to protest to
the authorities abouheir loss of land, and to challenge the monopolistic price-
fixing of “middlemen”. The book describes the experiencestbér oppressed
groups in Mexico, of outcast (Dalit) communities in India, and of fisherfolk
fighting for their rights in the Philippines.

It should be pointed out that the redescription relationsge&yond a standard tax-
onomic classification and usually highlights some propeftthe object, its function
or usage (Examples 36 and 37), or presents a speaker-sgaiftof view (Example
38).
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(36) As of now, IBM Corp is offering an anti-virus service ts IUK customers: this
comprisesupdates to anti-virus programs four times a year these provide
users with “install-and-forget” automatic protection orsNDOS, OS/2 and Mi-
crosoft Corp’s Windows operating systems, and can detegs®s in the mem-
ory, on floppy and hard disks; if viruses are found in the memibtrey are dis-
abled, but if found on disks the user is given a recommendedseoof action
on-line; other servicesconsist of detection tools for any new viruses [. . .]

(37) In Wiltshire,the working justicesonsisted of one lawyer, Sir Robert Cherleton
(later Chief Justice of the Common Pleas), and four locatrgeNicholas Bon-
ham, Sir Philip FitzWaryn, Sir Thomas Hungerford and Witiale Worston.
All of these men gavether service in the governmentas MPs, tax assessors,
sheriff, commissioners of array and so on.

(38) The resulting report in 1960 listed professors’ podtiactivities, and said many
had engaged ifillicit love affairs, homosexuality, sexual perversioexcessive
drinking or other instances of conduct reflecting mental instability’ 11

One can test for whether an anaphor and its anchor are relataeyh a redescrip-
tion relation by the following test? If the anchor can be paraphrased as “X is always a
Y”, then it is not a redescription relation, but one of hypony e.g., “cats are (always)
animals”. A hyponymic relation expresses a profound, @ mtnaracteristic of an ob-
ject. Cats can also be pets, but they are first and foremasizdsi If the anchor can be
paraphrased as “an X can be seen as a Y” (and not all speakis lahguage might
agree with such an interpretation, e.g., that statistiesagiorm of factual abusé or
that taxes are a form of harassment), then the relationedylito be of redescription.
For instance, in Example 35, it is not the case that barlewgrs in Mexico have al-
ways been and will alway be one of the oppressed groups. &description describes
a current state of affairs in Mexico (and it does not applytteeo countries, as barley
growers are not always and universally an oppressed grddpjeover, perhaps not
even all Mexicans would agree with this characterization.

lyahoo! News, the article “Feds Worked to Quash College BRtstepublished online June 9, 2002.

12 am grateful to Katja Markert for bringing this test to myeattion.

B3statistics and other factual abuse” was a title of an agtid the 21 April 2001 issue ofhe
Economist
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Redescription of the anchor may involve metonymic and nteidp processes
(Examples 39 and 40).

(39) When the dawn came, anxious viewers on the shore coelthaethe waves had
taken with them the Eddystone lighthouis eccentric architecandfive other
unfortunate souls

(40) The human memoyyn common withevery other storeg has to be positively
consulted before it will function.

In Example 39, the anaphor “five other unfortunate soulséneto five people ex-
cluding the architect of the Eddystone lighthouse. (Nos® éhat, although “the Ed-
dystone lighthouse” is part of the coordinated phrase, tasthe antecedent of the
other-anaphor.) Example 40 suggests an analogy betweemuthan memory and
some other types of storage.

Some examples of other-anaphors involve bridging infezene.g., Example 9 in
Chapter 1 and Example 6 reprinted below as 41:

(41) She liftecthe receiveras Myra darted tohe other phoneand, her mouth set in
a straight line, dialed the number of Roman'’s office.

Redescription and bridging examples, and other exampésryolved more than
conventionaK-ISA-Y inference received the tag ‘Ma-ANTE RELATION(Infer)”. More
work is necessary to identify the types of inference invdlve the interpretation of
such examples than what was said above; this is one of the afdature research.
With respect to straightforward relations suchiegance-of  and subclass-of
their systematicity is very attractive from the perspeetof anaphora resolution, in
particular for finding the anchors of other-anaphors. Spmly, the presupposition
licensed by the head of the anaphor NP imposes a semanticaiohen its discourse
anchor and thus restricts the set of what can be consideradtasedent. This con-
straint is the core method of the LEX resolution system, Wwisocdescribed and evalu-
ated in Chapter 3.

Of the 358 samples of other-anaphors in the pilot corpus,szdples (62.57%)
have NP antecedents. Of these 224 samples, a good two-88irtb0o) are samples
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Relation Annot tag | Counts
instance-of identity 65
subclass-of member | 44
subclass-of hyponymy| 6
subclass-of parallel 39
Subtotal 154
redescription, bridging, and inferengenference | 70
Total 224

Table 2.5: Distribution of lexical relations among other-anaphors with NP antecedents

in the BNC pilot corpus.

with subclass-of ~ andinstance-of  relations between anaphors and antecedents (Ta-
ble 2.5). The remaining 70 cases (31.25%) involve some tysemantic inference.
These data suggested that in designing the resolutionitdgofor other-anaphors, |
should primarily focus orsubclass-of  andinstance-of ~ examples, at least to be-
gin with. With an appropriate lexical database, such exampbuld be farely easy to
resolve. Though as | show in Chapters 3 and 4, the qualityefedkical resource is

of paramount importance. Furthermore, | show in Chaptewd wking the Web as the
source of semantic knowledge allows the algorithm to resalst onlysubclass-of
andinstance-of  examples, but also some redescription and bridging exargde
well.

2.7 Modification and other-anaphora

Pre- and post-modifiers in other-anaphors seem to supptiittadal” information that
applies to both the anaphor and its antecedent. For instamEgample 42, both “Har-
rison” and “Cornford”, and the other scholars are said tolassical and anthropolog-
ically influenced.

(42) Eliot moves from such a primitive organization to dissung Greek drama, fol-
lowing the movement offarrison, Cornford andthe other anthropologically
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influenced classical scholars whom he had read

Exceptions exist, however. In Example 43 below, the adje¢tiemiplegic” is not ap-
plicable to the entity referred to by the antecedent, bex@esiplegia is the paralysis
of one side of the body, and therefore only one hand is afflecte

(43) If he usene handon the cup handle, he should always h#we other hemi-
plegic handcorrectly positioned in front of him.

In speech, this difference is usually marked by a pause #feeother-anaphor and a
pitch accent on “hemiplegic”. In writing, such additionafermation is often marked
by commas, but examples lacking commas, similar to Exanfplare not unusual.

Similarly, in Example 44, the relative clause “who are ergghm the struggle for
justice’ holds for both the anaphor and its antecedent:

(44) In his message of congratulations, WACC’s General Gany, Rev Carlos A
Valle, wrote: “We welcome this award as a recognitionyolur courage and
commitment in the field of human rights, and we trust that it imspire other
groups and individuals who are engaged in the struggle for jgtice, both in
Brazil and throughout Latin America .”

In Example 45, on the other hand, the relative clause “whdédaike part in debate
but not vote” is exclusive of the antecedent, because “ati@nbers” are contrasted
with “life peers with voting rights”:

(45) The proposal got so far as a White Paper which suggedted-aer system —
life peers with voting rightandother members who could take part in debate
but not vote.

In fact, in this example, the relative clause “who could tpket in the debate but not
vote” is a restrictive modifier and it is essential to comeléte meaning of the anaphor.
When introducing the above examples, | used the word “aaithi’, to describe the
contribution of the modifiers to the resolution of other-phars. From the BNC data |
had at my disposal, they did not seem to play an importantindii@ding antecedents

14| will not address the PP “both in Brazil and throughout Laimerica”, as its attachment is poten-
tially ambiguous.
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of other-anaphors. They seemed to describe less saliepgipies of the objects. For
instance, to resolve the anaphor “the other hemiplegic hemBxample 43, it is not
necessary to know that one of the hands is hemiplegic, aiaib$olutely necessary to
know that the anaphor denotes a hand. Likewise, in the Exadfylit is not necessary
to know that the other members of the Parlament could takep#re debate but not
vote; it suffices to know that they are members of the Parlamen

Modification, in particular, processing of restrictiveagVe clauses, is an impor-
tant component in theterpretationof other-anaphors, which is the second step in
anaphora resolution. (The first one is identifying the cdrientecedent.) Since the
focus of this dissertation is on the first part of the resolufprocess, | did not analyze
the study corpus further with respect to the issue of moditioa (And this is a subject
for future research.) Modification (in particular, pre-nifachtion), however, turned
out to play an important role in resolving some samples oéetnaphors — albeit
from a different angle — when | tested the LEX and SAL algarithdescribed in the
next chapter on a corpus of samples from Y&l Street Journall will return to the
issue of (pre-)modification in Chapters 3 and 4.

2.8 Summary

In this chapter, | presented a pilot study into the phenomeafother-anaphora on the
basis of samples from the British National Corpus. The sasmplere annotated with
a variety of features, e.g., type of antecedent, distanog,tygpe of lexico-semantic
relation between anaphor and antecedent (the latter fqatema with NP antecedents
only). The qualitative and quantitative analysis of the gke® indicated what factors
might play a role in the resolution of antecedents of othrexpdnors.

For instance, the study showed that anchors of “other” caevb&ed by a larger
spectrum of expressions than previously noticed. Adjesticlauses, utterances, dis-
course segments, as well as the utterance situation, chrerdécourse anchors of
“other”. However, almost 2/3 of anchors of other-anaphorhe corpus were realized
as NPs, and thus in designing the resolution algorithms ep@hs 3 and 4, | focused
on resolving samples with NP antecedents. Second, the ityagdNP antecedents
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were found in a rather narrow window of two sentences. Tloeegfthe LEX and
SAL algorithms presented in the next chapter operate on dawrof two sentences.
(In subsequent work, Chapter 4, | used a window of 5 sentenddsrd, list other-
anaphors were dropped from subsequent research; in theitypajdist-other samples
the antecedent is the left conjunct of the anaphor NP. Tdvesuch cases, a rather
simple lookup procedure can suffice. Other-anaphors withistaictural antecedents,
on the other hand, require a more sophisticated resolutioreplure.

The BNC study corpus did not contain other-anaphors witmbdifier “another”.
They were, however, addressed in subsequent research.

Finally, some other-anaphors stand in a systematic lexetation with their an-
tecedents. | gave examples of relations observed in thenaséditerature and iden-
tified a new relation, redescription, which sometimes isged by the speaker’s and
hearer's common knowledge of the utterance situation anteimes by their gen-
eral world knowledge. (The type and nature of this knowleidga topic for further
research.)

| further showed that both explicitly given anchors of “ath@nd those that are me-
diated by the text or utterance situation might involve aetsirof inferential processes,
such as, e.g., bridging, metonymy, and metaphor. The gre@ture and amount of
inference needed to resolve such cases is a subject foefugkearch. A good two-
third of the anaphors with NP antecedents, however, trigathier straightforward in-
ferences encoded in lexical databases such as WordNet. edtemapter presents a
symbolic algorithm LEX which resolves the anaphoric refees of other-anaphors
on the basis of information in WordNet and recency constsain



Chapter 3

Two symbolic resolution algorithms

for other-anaphora: LEX and SAL

In this chapter, | present two symbolic algorithms, LEX (fekical) and SAL (for
salience), to resolve antecedents of other-anaphors. r@dson for presenting two
algorithms rather than one is given in Section 3.2.) LEX fiadsecedents of other-
anaphors on the basis of information in WordNet (Fellbaug®8), recency and syn-
tactic constraints, and heuristics for Named Entity (NEeaadents, presupposing that
they have been classified into MUC-7 categofié$AL is grounded in Centering The-
ory (Groszet al, 1995); it is an extension of Tetreault (2001)’s Left-Rigtentering
(LRC), the best among state-of-the-art resolution alparg for pronouns. SAL re-
solves antecedents of other-anaphors on the basis of tlaenngatical salience (which
is correlated with the grammatical function of an NP).

Both LEX and SAL were informed by research into resolutiortofeferring pro-
nouns and definite NPs, and | will briefly review some of thgggr@aches in Section
3.1 before introducing LEX and SAL in Sections 3.4 and 3.5 #madr evaluation in
Section 3.6. The algorithms were evaluated on a common safpexamples from the
Wall Street JournalData collection and preparation are described in Sectidn 3

In this chapter, | focus osymbolicresolution systems, informed by corpus stud-
ies, and on approaches which rely on the notions of focutécef attention and/or

For the current evaluation of LEX, NEs were manually anrextat

43
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salience in tracking of anaphoric references. Machineniegrapproaches to corefer-
ence are reviewed in Chapter 4.

There are many other symbolic approaches to resolutionrefegence and anaphora
than the ones that are reviewed in this chapter; any theatisoburse processing must
say something about how anaphoric items are addressedtipatiecular framework.
They are, however, beyond the scope of this dissertation.

3.1 Symbolic approaches to coreference resolution

The task of coreference resolution is concerned with idg@nty which pronouns,

proper names and full NPs refer to the same entity. In thisi@gcl review three

representative coreference resolution systems: LeftiR@entering (LRC) (Tetreault,
2001), currently the state-of-the-art in pronoun resolutffor a good survey of pro-
noun resolution methods see chapter 18 in (Jurafsky andi2A00)); a system for
processing definite descriptions by Vieira and Poesio (200t the COCKTAIL sys-

tem by Harabagiu and Maiorano (1999) which resolves botmguas and definite
NPs. These three systems have two things in common: (1) teey developed using
evidence from corpora, and (2) they all share an assumgtiairsalience of an entity
in the discourse is correlated with its linguistic realinat

3.1.1 Pronoun resolution: LRC (Tetreault, 2001)

LRC is built upon Centering Theory’s constraints and rulésoSzet al, 1995) as
implemented by Brennaet al.(1987). Before presenting LRC, | will shortly introduce
Centering Theory, as it is essential to understand both LRICSAL.

Centering Theory is part of a larger theory of discourse pssing developed by
Groszet al. (1995Y. The theory claims that discourse structure consists ektieom-
ponents: (1) a linguistic structure, which is a structureidérances in the discourse;
(2) an intentional structure, which reflects intentions agldtions between discourse

2various aspects of the theory were developed independbptseveral researchers, e.g., Sidner
(1979); Grosz (1981); Joshi and Kuhn (1979); Joshi and W&iim§1981). Groset al.(1983) integrated
all previous work; the manuscript circulated since 1986aad published in 1995.
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segments, and (3) an attentional state, which models thakepe and hearer’s focus
of attention at any given point in the discourse. The atterdi state consists of two
components: the local attentional state and the globaitaiteal state. The local com-
ponent reflects changes in the attentional state within@dise segment; the global
component models attentional state properties at thesegenental level. Centering is
concerned with local attentional state. Specifically, Greisal. claim that a speaker’s
choice of referring expressions affects the inference lgaded on the hearer during
discourse processing and the perceived coherence ofrutessavithin a discourse seg-
ment. For instance, a reference by a pronoun indicates hleagrtity is currently in
focus.

To model the speaker’s and hearer’s focus of attention agaey point in the dis-
course, Grosz et al. proposed the following. First, eadraticdJ, in a discourse seg-
mentDSintroduces a list oforward-looking centersCf(Uy), and a singldackward-
looking centey Cb(U,). Forward looking centers roughly correspond to all disseur
entities directly or indirectly realized in that utterandéne list of forward-looking cen-
ters is partially ordered to reflect their relative prominernnU,. Ranking is based on
a number of factors, from grammatical role to word order éesally fronting), clausal
subordination and lexical semantics. In subsequent relseatarting with Brennan
et al. (1987), who operationalized and were the first to empiryctgbt the claims of
Centering TheoryCf ranking was done by obliqueness of grammatical relatiomef t
subcategorized functions of the main verb, isibject> object> object2> other
subcategorized functions adjuncts The first element in the list of forward-looking
centers is th@referred centerCp(U,). The backward-looking center is what the cur-
rent utterance is about. Specifically it is the highest randlement of theCf(U,_1)
that is realized irJ,.

Second, to model the changes in the focus of attention, Gtosiz proposed three
types of transition relations between adjacent utterancester continuation, center
retaining, and center shifting. Brennahal. (1987) proposed to further split center
shifting into smooth shift and rough shift. The transitiorktions are determined by
the following criteria:

e whether or not the backward-looking center of the curretdrahceCb(U,) is
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or Ch(U,_1) undefined
Cb(Un) =Cp(Uy) | Continue Smooth shift
Cb(Up) #Cp(Uy) | Retain Rough shift

Table 3.1: Center transitions (Brennan et al., 1987).

the same as the backward-looking center of the previousaniteCb(U,_1) and

e whether or not the backward-looking center of the curretdrahceCb(U,) is
its preferred centeCp(U,) (Table 3.1).

In addition, there are the following constraints and rufeidqwing (Brennaret al,,
1987)): For each utterand; in a discourse segmebiS.

e There is precisely on€b;

Every element oCf(U,) must be realized itJy;

The backward-looking cent€b(U,) is the highest-ranked element®f (U, 1)
that is realized irJy;

If some element oCf(U,_1) is realized as a pronoun id,, then theCb(Uy)
must also be realized as a pronoun;

Transition states are ordered such that center contimstioe preferred over
center retains which are preferred over center shiftings.

Given these constraint and rules, Brenreiral. (1987) proposed the following
pronoun resolution algorithm:

1. For each sentence, gener@teandCf lists;
2. Generate all possibléb-Cf combinations;
3. Filter combinations by binding constraints and centgrires;

4. Rank all remaining combinations by transitions;
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5. Select the highest ranking assignment.

Brennan et al.'s implementation of Centering Theory wagestilbo criticism. First,
they made no provision for incremental resolution of pramguwvhile it is well estab-
lished that humans process utterances one word at a timeon&ethe role of the
second rule of Centering Theory, which ranks transitiotestécontinuations are pre-
ferred over retains which in turn are preferred over cenhdftings), has not yet been
validated in pronoun resolution (Kehler, 1997a). Furthementhis rule prevents incre-
mental application of the algorithm. Tetreault (2001)'sC Rlgorithm addressed these
issues by making the algorithm incremental and by dispegnsith the second rule of
Centering Theory. The LRC algorithm first searches the cdrsentence, and if no
antecedent for a pronoun has been found, then it searchgsdhieus sentences, in
the left-to-right order. All other constraints and rulediRC are as in (Brennaet al,,
1987). The LRC algorithm is as follows:

1. Preprocessing Cb(U,_1) andCf(U,_1) are available from previous utterance.

2. Utterance processing Parse and extract incrementally frddy all references
to discourse entities. For each pronoun do:

(a) Search for an antecedent intrasententiall@fpartial(U,), whereCf-partial
is a list of all processed discourse entitiesnthat occur before the pro-
noun. The antecedent must meet feature and binding camtstrai

(b) Search for an antecedent intersententialyCiitU,_1). The antecedent
must meet feature and binding constraints.

3. Creation of Cf from current utterance: Create &Cf-list of U, by ranking dis-
course entities o), according to grammatical function. Grammatical function
is approximated by a left-to-right breadth-first walk of {herse tree.

In addition to introducing incrementality to Centering Bing®, Tetreault tested the
impact of two psycholinguistic claims abo@ftf ranking on the performance of LRC.

3Strube (1998)'s S-list approach, a different formalizatad Centering Theory, is another example
of an incremental algorithm. Besides incrementality, Béruses a different ranking function: instead of
grammatical roles, discourse entities are ranked on this batheir information status (Prince, 1981).
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The first one concerns ranking of prepended phrases (ngeetigurface-initial posi-
tions); the other, ranking of the possessor and the possesdities within complex
NPs (following the proposal of Walker and Prince (1996))trdault’s results seem to
show that prepended phrases should not be ranked promyjinsaritrary to the sugges-
tion of Gordoret al.(1993), while Walker and Prince’s hypothesis about lineaking
of complex NPs (from left to right, leftmost as more promit)gerformed marginally
better than the hypothesis to rank the possessed entitgihiigan the possessor entity.

Tetreault tested his algorithm dwew York Timeatrticles (the first two sections of
the Wall Street Journatorpus) and a corpus of fictional texts. The best instaptiati
of LRC achieved a success rate of 80.4% on the WSJ and 81.1%tiomdil texts.

3.1.2 Anempirically-based system for processing definite d escrip-

tions (Vieira and Poesio, 2000)

Vieira and Poesio’s system resolves definite descriptioas, definite NPs with the
article “the”. Other types of definite NPs such as pronoumsnahstrative NPs, or
possessive descriptions are not addressed in their apgpr@iacthe text that follows |
will be using the terms “definite NPs” and “definite desciypis” interchangeably to
refer to definite descriptions.) The system’s design wasdbas their corpus study of
definite descriptions in thé/all Street Journatorpus (Poesio and Vieira, 1998). That
study highlighted the prevalence of discourse-new desaorng, i.e., definite NPs that
are not anaphoric (see also (Fraurud, 1992) for a similairfgnoh Swedish), and there-
fore the resolution system was designed to handle bothuliseenew descriptions and
anaphoric definite NPs.

Discourse-new definite descriptions are recognized thragget of heuristics based
on research by Hawkins (1978), who identified a number ofetations between cer-
tain types of syntactic structure and discourse-new defatgscriptions. For instance,
definite NPs withspecial predicatesuch as pre-modifiers “first” and “best” and full
relative clauses, e.g., “the first person to sail to Ameriaid heads that take fac-
tive complements, e.g., “the fact” in “the fact that therdifis on Earth” are mostly
discourse-new. Definite NPs in appositive constructiorng, &he president of Phillips
Petroleum Co.” in “Glenn Cox, the president of Phillips B&um Co.”, and subjects
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of certain copular constructions, e.g., “the man most\ikelgain custody of all this”
in “the man most likely to gain custody of all this is a careelifician named David
Dinkins”, are also discourse-new. Finally, some proper eswsuch as “the United
States”, definite NPs with proper noun modifiers such as “tae-lraq war” and ref-
erences to time, e.g., “the morning”, are also discourse-ared they do not require an
antecedent.

Anaphoricdefinite descriptions fall into two categoriedirectly anaphoricand
bridging descriptions Direct anaphora are definite NPs that refer to the sameyentit
as their antecedents and that have same head nouns as teegdsmts. Bridging
descriptions are definite NPs that either (a) have an antéeteénoting the same entity
but using a different head noun, e.g., “the book ... the ripeel(b) are related by a
relation other than identity to an entity already in the disse model, e.g., “the room
... the chandelier*.

Direct anaphors are resolved by string matching of the heath# of the anaphor
and antecedent NPs. Also, some noun pre- and post-modifidatiaken into account.
For instance, “a blue car” cannot serve as antecedent ferrét car” and “the house
on the left” cannot serve as antecedent for “the house onigh&'r Taking into ac-
count the semantic contribution of the pre- and post-madifiequires commonsense
reasoning, so instead Vieira and Poesio use heuristican(dntecedent and anaphor
match if the pre-modifiers of a definite description are a stibéthe pre-modifiers of
the antecedent; (2) non-premodified NPs can serve as apetdgsddr any same-head
definite; and (3) if both NPs have post-modifiers and the madifare different, then
the anaphor and the antecedent do not match.

Bridging descriptions require lexical knowledge for thessolution, e.g., that a
novel is a book (in the sense of a physical object). To acghiseknowledge, Vieira
and Poesio used the WordNet lexical hierarchy, named eméityistics, and heuris-
tics for compound nouns to resolve examples such as “th& stacket crash ... the

“Note that Vieira and Poesio’s notion of bridging is widerrtae notion I'm using. (And it is
quite different from what most of researchers are usingVig&ira and Poesio’s classification, all other-
anaphors would be considered as bridging phenomena. viesdes term “bridging” for examples such
as 6 in Chapter 2 in which the anchor of the other-anaphottiexpicitly mentioned in the text. Instead,
the text contains a related entity, and the hearer is intdezbnstruct the anchor from the contextual
information and the commonsense knowledge that a recaieepart of a telephone set.
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market”.

Both anaphora resolution modules further use discoursaasetation and recency
heuristics, to constrain the life span of discourse erstitied limit the search space.
For direct anaphora, the system searches for antecedeatfour-sentence window.
For bridging, the window is set to five sentences. (Both wimdzes were determined
empirically.) Most recent entities are considered first.

The order in which different processing modules are apiikegl, should discourse-
new descriptions be identified before, after, or in paraiéh resolving direct and
bridging anaphora?) was determined empirically. Vieird &woesio tested a hand-
crafted decision tree and a decision tree learned by an [&8ifier (Quinlan, 1993).
In general, both decision trees attempt to simultaneouslgléssify a definite NP as
discourse-new, directly anaphoric or a bridging desariptand (2) if it is anaphoric,
find its antecedent. The hand-crafted decision tree peddim tests in the following
order (the algorithm proceeds to the next step if the cuntestthas failed):

1. Does the definite NP contain a special predicate such a¥acy'? If yes, then
it is discourse-new and there is no need to look for an antsded

2. Does the definite NP occur in an appositive constructibg@q, it is discourse-
new.

3. Else search for an antecedent among all NPs available witidow, by match-
ing head nouns and checking pre- and post-modifiers. If agcadent is found,
the definite description is classified as direct anaphora.

4. Is the head noun of the definite NP a proper noun? If yesdisisourse-new.

5. Does the definite NP have a restrictive postmodifier? If igés discourse-new.
6. Does the definite NP have a possessive pre-modifier? Iftyesliscourse-new.
7. Does the definite NP occur in a copular construction? If gésdiscourse-new.

If the tests above failed, the definite NP is likely to be a dgind description, and the
system applies proper name heuristics, heuristics for cumg nouns, and WordNet
lookup (in that order), attempting to find its antecedent.
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System’s versiorl P R F
V1 overall 76% | 53% | 62%
V2 overall 70% | 57% | 62%

Table 3.2: Overall performance of Vieira and Poesio (2000)’s system versions 1 and 2

on the test data.

System’s tasks P R F

Discourse-new identification 72% | 69% | 70%
Anaphora classification 90% | 67% | 77%
Anaphora resolution 83% | 62% | 71%
Overall 76% | 53% | 63%

Table 3.3: Task-based performance of Vieira and Poesio (2000)’s system version 1 on

the test data.

The automatically derived decision tree uses five binarjufes: special predicate,
direct anaphora, apposition, proper noun, and restrigivet-modification. It first
checks whether the antecedent has the same head noun adinite 8&°. Next, it
checks for presence of restrictive post-modifiers, app@sgonstructions, factive and
other special predicates and whether the definite NP is aepnopme. The hand-
crafted decision tree performed slightly better than thi@atically learned decision
tree.

The system’s performance was evaluated on a developmgntsof 1,000 definite
NPs and an independent test corpus of 400 definite NPs; bgtbreowere extracted
from the Wall Street Journatorpus (Penn Treebank I). Vieira and Poesio presented
results for two systems (the data below are for the handedtafecision tree): version
1 which does not handle bridging descriptions and versiorhkvdoes (Table 3.2).
Furthermore, separate results are available for the tablPaflassification (discourse-
new, directly anaphoric or bridging) and for the task of amapresolution for version
1 of their system (Table 3.3).

While the data in Table 3.2 suggest that version 2 of the sys$i@d higher recall
but lower precision, there is an important difference in hibw two versions of the
system were evaluated on the test data: version 2 was esdloaty as a classifier,
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and the antecedents found by the system were not analyzesiovd., on the other
hand, was evaluated both as a classifier and as a resolvermaitual inspection of
the output.

There is no data on system’s performance on the test setiftgibg descriptions.
There is, however, some information about how well the sysperformed on the
training data (Table 3.4 and Table 3.5). Table 3.4 showsdi®pnance of the system
as a classifier. Of the 204 bridging samples in the developrm@mpus it correctly
identified 61 NPs as bridging, or 30%. It misclassified asdind descriptions 100
NPs in the training corpus (so the number of false positisedrnost twice the number
of true positives).

Vieira and Poesio note that bridging descriptions are thetrdifficult class to re-
solve because of the amount of commonsense and world knge/kediuired for their
processing — the system needs both to find the antecederu atghtify a relation that
links the antecedent and the anaphor. This dependence om@asense knowledge
means that in general a system can resolve bridging desergponly when supplied
with an adequate knowledge base. Table 3.5 gives an inalicafithe adequacy of
WordNet as a knowledge base for this task on their data. C#@deexamples of bridg-
ing descriptions in the training corpus, the system founadMet relations for 106 of
them. (Note that not all bridging NPs require WordNet folitipeocessing, e.g., proper
name antecedents were resolved through heuristics. Alsoa\and Poesio performed
a WordNet search on the whole five-sentence window.) But 8@lgintecedents of the
106 for which the system found a WordNet relation were theemtrones (28%). The
main reason for this, wrote Vieira and Poesio, is that evarsiémantic relation exists
in WordNet between an anaphor and antecedent it is not aisuafficondition that the
antecedent is actually the correct antecedent for thisqodatt anaphor. In many cases,
the text contains a distractor which stands in one of the smeelations with the
anaphor that they consider (synonymy, hyponymy, meronymg,sister). They drew
the conclusion that some sort of focusing must play a cruoial in restricting what
entities are possible as antecedents of bridging anaphwsidl.return to this issue in
Section 3.2 when | introduce the reason for the two algoriion other-anaphors.

Two other reasons for the poor performance of their WordMefristics on bridg-
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Bridging class Found| False positives
Names 12 14

Common nouns | 15 10

WordNet relations| 34 76

Total 61 100

Table 3.4: Results of manual evaluation of Vieira and Poesio (2000)’s bridging heuristics

on the training data.

Bridging class| Relations found Correct antecedents% Correct
Synonymy 11 4 36%
Hyponymy 59 18 30%
Meronymy 6 2 33%
Sister 30 6 20%
Total 106 30 28%

Table 3.5: Evaluation of the search for antecedents of bridging descriptions in WordNet
(Vieira and Poesio, 2000).

ing descriptions were word sense ambiguity, which was nesibée for some false
positives, and incompleteness of the lexical informatinoogled in WordNet. Many
synonymy, hyponymy and meronymy relations that Vieira anddfo encountered in
their corpus were not recorded in WordNet: only 46% of corpelations were ob-
served in WordNet. And even if the relation was implicithatgd in WordNet, it was
not always straightforward to retrieve. For instance, adersthe following example
“the house ... the floor”. The concepts “floor”, “wall”, andosm” are encoded in
WordNet as part of “building” but not part of “house”, whick & hyponym (more
specific concept) of “building”. (So, the information is #dadle for the more general
term, but not its hyponyms.)

WordNet and sense ambiguity were also responsible for saneesen resolv-
ing bridging descriptions with proper name antecedentsalli, compound noun an-
tecedents such as “a 15-acre plot ... the 15 acres” are hactud]ly, the antecedent
in this example is not a compound noun, but the modifier “lie"ac
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3.1.3 The COCKTAIL system (Harabagiu and Maiorano, 1999)

Harabagiu and Maiorano (1999)’s method for coreferencaluéisn (aptly called COCK-
TAIL) is a set of heuristics informed by their own and othegsearch on coreference.
The system resolves both pronouns and nominal anaphotading proper names.
Each type of anaphor is resolved by a set of heuristics urfiguthat anaphor type.
For instance, there are separate heuristics for reflexogsgssive, relative, 3rd person
and 1st person pronouns; definite, bare and indefinite ndsyiaad proper names.
The heuristics operate on various syntactic, semantic,disawburse cues. For some
anaphor types the system further performs semantic chelskdiwombine sortal con-
straints from WordNet with co-occurrence information frartreebank and conceptual
glosses in WordNet. Unlike other systems, the antecedeatsaaight not only in the
preceding text but also in the coreference chains that hiazgady been built by the
system. Finally, some heuristics make use of derivatiorajpimology.

To resolve nominal coreference, Harabagiu and Maioranaheséollowing nine
heuristics (here rendered in a somewhat simplified form)e $&arch is performed
from right-to-left, first on coreference chains and then ba preceding text. The
heuristics are applied in the order in which they are pressbnt

1. If the anaphor is head of an appositive, resolve the adésteao the preceding
NP;

2. If the anaphor belongs to an NP, search for an antecedehttiat it has the
same head noun and identical, coreferring, or more specditifiers.

3. If the anaphor is head of an NP, search for an antecedenhwsha proper name
with the same head.

4. Search for an antecedent such that it is a proper namelvetbeime NE category
as the anaphor, e.g., person, organization or location.

5. Search for an antecedent such that it is a synonym or hypg@more specific
term) than the anaphor.

6. Search for an antecedent which is a definite NP or a modiffedMd is seman-
tically consistent with the anaphor.
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7. If the head of the anaphor NP or one of its hypernyms or hateis a nomi-
nalization, then search for a ve¥xbderiving this noun or one of its synonyms.
Then take as antecedevis object. This heuristic allows resolution of samples

such as Example 46:

(46) IBM and Mr. York wouldn't discuss hisompensation packagehich could
easily reach into seven figuréBhe subjectis sensitive at a time when IBM
is laying off thousands of employees.

In Example 46, the verb “discuss” has a nominalization “dgston” which is a
“communication”, which in turn is a hypernym of “subject”h@& antecedent is
then the object of “discuss”.

8. If the anaphor is head of a PP preceded by a nominalizatearch for a verb
V which derives this nominalization or one of its synonyms.sétee the an-
tecedent to the object NP of this verb if the object NP and hoapNP have the
same category (presumably WordNet hypernym).

9. If everything fails, coerce the anaphor to an antecedérgiwis its hypernym or
meronym. (This heuristics attempts to resolve metonynitiéxss not been used
in evaluation, as the test corpus contained very few metangmaphors.)

These heuristics were tested on an unspecified corpus amdregorted to have
reached a precision of 63%—-98%, the lowest precision saoréduristic 8 and the
highest for heuristic 1. The paper contains no informatioowd the system’s recall.

3.2 Two algorithms for other-anaphora

The remainder of this chapter presents two symbolic algor#t | developed for other-
anaphora, LEX and SAL. The algorithms use different type&raiwledge: lexical
semantics (LEX) and grammatical salience (SAL). (Both athms also employ re-
cency constraints.) Using these separate knowledge soaltogred me to compare the
two types of knowledge and determine the extent to which twyribute to resolv-
ing other-anaphors. While it is known that certain types @ngmatical knowledge,
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e.g., grammatical role of antecedent (and anaphor), plagngortant role in the res-
olution of pronominal references (for other factors rel@vi® pronoun resolution see
chapter 18 in (Jurafsky and Martin, 2000)), it is not cleaethter grammatical knowl-
edge is important for the resolution of non-pronominal draap as well. Vieira and
Poesio (2000) hypothesized that some sort of focusing nmeimamight be necessary
to constrain the set of entities which can serve as anteteaérbridging descrip-
tions (Section 3.1.2). Following this idea, Poesio (200®stigated the correlation
between bridging descriptions and focusing (as formalizedin Centering Theory),
but found no support for the hypothesis. He reported thabsimgy as antecedent a
backward-looking center of the previous senter@e(U, 1) (Section 3.1.1), or a pre-
ferred centerCp(U,_1), lead to correct results in 33.6% and 38.2% of all bridging
cases respectively. This should be compared with a 44.54raxe when resolving
the antecedent to a first-mentioned (leftmost) entity inexpding sentence. For other-
anaphora, Bierner (2000) suggested that other-anaphayistrhé resolved through
standard discourse anaphora technigues based on salkenaeifed with consistency
checks). Bierner did not present any evaluation of his Hypsis® Contrary to the two
hypotheses above, Strube (2002) claimed that syntactiorfasuch as grammatical
role of antecedent and syntactic parallelism (i.e., wheaphor and antecedent have
the same grammatical role), are not important in resolvaigrences of definite NPs.

With respect to semantics, it has been noted by, e.g., Samtddiahn Strube and
Hahn (1999) that nominal anaphora is far more constrainembhgeptual criteria than
is pronominal anaphora. And even in pronoun resolutioreaeshers have stressed
the importance of semantic information. Tetreault (20®dy) jnstance, wrote that re-
solving pronoun references on the basis of syntactic inébion only is naive, and
that pronouns would ideally be resolved by a combinationyotax and semantics.
Considering that non-pronominal NPs carry much more inftiom than pronouns (in
particular, lexical information), this statement intuély makes sense. This however
should be contrasted with the findings of Vieira and Poesi®@2, who came to the
conclusion that semantic knowledge (as encoded in WordBl etpt sufficient to re-
solve their corpus of bridging descriptions. They foundt ttiee texts contain many

SBierner’s primary focus was on “other” with structurallyailable antecedents.
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distractors, e.g., entities that stand in the same kind ofasgic relations with the
anaphors as do the correct antecedents. In their corpudyont dalf of the cases,
a competing discourse entity was “semantically closerhi lbridging anaphor than
the correct antecedent. Also, in almost 40% of cases, norg&mnelation was found
between bridging descriptions and their antecedents. y(0hé/ considered the fol-
lowing relations: synonymy, hyponymy, meronymy, and ststed.)

So, exactly how much does lexical semantics contributegaelolution of other-
anaphora? And what is the contribution of syntactic comsisssuch as grammatical
salience? These two questions are answered in the remaihttes chapter, by com-
paring the performance of the LEX and SAL algorithms on a camigorpus of exam-
ples from theWall Street Journatorpus. The remainder of the chapter is as follows.
In Section 3.3 | give the details of the corpus. Section 3es@nts the details of LEX
and Section 3.5 the details of the SAL algorithm. The al@pong are evaluated and
compared on a set of examples from Well Street Journatorpus in Section 3.6.

3.3 Corpus collection and preparation

3.3.1 Data collection

| collected 189 other-anaphors with non-pronominal headswn-structural antecedents
from theWall Street Journatorpus (Penn Treebank release 2, sections 00-02). Each
sample contained at least one other-anaphor, in the cootdélke sentence in which

it was used, plus one previous sentence. The samples weeetext using Tgrep, a
precursor of Tgrep2, a search engine for parse fe€se samples were extracted in
the following fashion. | first extracted all samples with thedifiers “other” and “an-
other”, without paying attention to the type of construntia which they occurred.
(So, the search returned other-anaphors as well as list-atinstructions, idiomatic
expressions, discourse connectives and pronominal-hkases “the other one”, etc.)

| then wrote a filter which filtered out idiomatic expressiqesy., “the other week”),
reciprocal “each other” and “one another”, discourse caotines (e.g., “on the other
hand” and “in other words”), elliptic constructions “one X .the other(s)” and “one X

Shttp://tedlab.mit.edu/ dr/Tgrep2/
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... another”, one-constructions “the other one” and “arotine”, than-comparatives
“Xs other than Ys”, and list other-anaphors. As a result &d,thhad a corpus of 189
examples of other-anaphors with non-structural antedsden

| used examples from the WSJ, rather than the BNC for thresoresa First, avail-
able corpora contain various amounts of “other” and “andthEhe GNOME corpus,
for instance, which has been used to develop general digusifor generation of nom-
inal expressiornsand by Poesio and Modjeska (2002) in their study of demoiistra
NPs, contains very few occurrences of “oth&rit is possible that the frequencies of
various types of anaphors correlate with the genre of this ted the communicative
goals of their authors. Second, parts of the WSJ corpus hese bsed as a work-
bench for training and testing of various pronoun and defiNiP resolution system,
e.g., (Geet al, 1998; Tetreault, 2001; Vieira and Poesio, 2000). Whileeps#maphora
is sufficiently different from pronominal and definite NP ghara to call for a dif-
ferent resolution method (e.g., NPs with “other” and “amsthare overwhelmingly
anaphoric, while more than half of definite descriptions fr&-mention (Fraurud,
1992) and therefore they do not require an antecedent)aiplienomenon that shares
some similarities with definite descriptions, in partiquteidging. Finally, the Penn
Treebank is parsed, which facilitated corpus preprocegssind it also allowed efficient
and correct computation of the grammatical relations néddethe SAL algorithm.
(It is possible to parse unparsed corpora, e.g., BNC, udmmgdsalone parsing soft-
ware, but, since no software is perfect, that could havedhiced errors which would
propagate through the system and affect its performance.)

| used the same corpus of other-anaphors for developmeme @figorithms and for
testing. This might have resulted in some overfitting. Hosvethere exists no corpus
with other-anaphors already annotated (the BNC corpus ap@n 2 did not include
“another”; see also the remark above regarding grammatd=lextraction).

All NP antecedents of other-anaphors in the corpus weretatewto create a
gold standard. As in the case with the BNC study, the anmotatias not validated

"http://www.hcrc.ed.ac.uk/"gnome/index\_main.html

8The museum texts in the GNOME corpus describe museum olgadtshe artists that produced
them. The pharmaceutical subcorpus consists of leafletsding patients with mandatory information
about their medicine.
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SYNTACTIC POSITIONS THATCAN NOT REALIZE BOTH OTHER-ANAPHORS AND
THEIR ANTECEDENTS:

Apposition: (a) NP preceding an appositive, if appositive contains)tftrer”; (b) appositive
NP following an other-anaphor:
(47) a. Mary Elizabeth Ariailanother social-studies teacher

b. The other social studies teacherMary Ariall ...
(both not “other than Mary Elizabeth Ariail”)

Copular clauses: (a) subject NP of a copular clause, if the anaphor is pregli¢h) predicate
NP if the other-anaphor is the subject:

(48) a. The reputed wealth of the Unification Churchaisother matter of con-
tention.

b. The other matter of contention is the reputed wealth of the Unification
Church.

(both not “other than the wealth”)

Possessives S/OF(a) the possessor NP, if other-anaphor realizes the pesbesgity ; (b)
possessive PP complement of an other-anaphor:

(49) a. Koito’sother shareholders

b. other shareholdersof Koito

(both not “other than Koito”)

Constructions with spatio-temporal “there”, in which the anaphor is the head of the sentence:
e.g.,

(50) a. In London, there araether locations where we could meet. (not “other than
London”)

b. On Tuesday, there amher times when we could meet. (not “other than
Tuesday”)

Figure 3.1: Syntactic constraints on antecedents of other-anaphors.
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by other annotators. | used my linguistic intuitions, conmsense knowledge, and
previous experience and training as a linguist to integptke anaphors and identify
their antecedents. Where my interpretation of an exampdelstable, | briefly note
that and offer an alternative interpretation.

The corpus contained examples with split antecedents cimsases, all antecedents
in the window of current and previous sentences were arguhtat

3.3.2 Data preparation

Not all NPs can serve as antecedents for other-anaphorse &he syntactic environ-
ments which cannot realize antecedents of other-anapbolgect to certain condi-
tions. So far, | have identified four such environments (Fégdt1). NPs that occurred
in these positions were manually removed from the dataset.

NPs containing a possessive modifier, e.g., “Spain’s ecghavere split into a
possessor phrase, “Spain”, and a possessed phrase, “egoi@oordinated NPs, e.g.,
“risk, technology and innovation”, were split into theirresiituent parts using simple
heuristics. Next, all sentences in the corpus were prodessextract head nouns of
all top-level and embedded NPs. This was done in three skégs, | extracted base
NPs, i.e., NPs that contain no further NPs within them. Soekample, from

(S (NP-SBJ (NP (DT the)
(NN question))

(PP (IN of)
(NP (NP (NP (NNS investors)
(POS )
(NN access))
(PP (TO to)
(NP (DT the)

(NNP U.S)

(CC and)

(JJ Japanese)
(NNS markets))))))
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| got

N
N
N
N

DT the) (NN question))

NNS investors) (POS "))

NN access))

DT the) (NNP U.S.) (CC and) (JJ Japanese) (NNS markets))

W TV T O

(NP (
(NP (
(NP (
(NP (
Next, | filtered out empty NPs, e.g., (NP-SBJ (-NONE- *)). Alinthlly, | extracted the
head nouns:

question
investors
access
markets

To avoid deciding which nouns were used as modifiers and whare part of a com-
pound noun, all strings with proper and common noun tags ¢aritiht of eventual
determiners, quantifiers, and adjectival modifiers weraté® as compound nouns.

These procedures resulted in a set of lists which contaiead houns of those NPs
that can realize antecedents of other-anaphors. For eagnan there were two lists:
one with NP heads from the sentence containing the anagteother containing NP
heads from the previous sentence.

Before testing the LEX and SAL algorithms, further prepsgiag was necessary.
When testing the LEX algorithm, | removed from the datasenpminal NPs, as (1)
they do not carry enough lexical information, and (2) thepreat be looked up in
WordNet. When testing the SAL algorithm, pronominal NPs eviaft intact in the
corpus. Also, for the LEX experiment only, the order of NPsach sentence was
randomized and named entities were classified accordingets¢heme in Table 3.6.
This scheme was modeled on the MUC-7 Named Entity Task Diefin{Chinchor,
1997), with a few difference$.Some of the differences are as follows. Unlike MUC-
7, | allowed for nested expressions, e.g., “U.S.A.” (tagged) in “Campbell U.S.A.”
below, needed to resolve examples such as the folloWing:

9NE annotation was performed manually to avoid error profiaga
10This however was used sparingly, so for instance while itdissible to annotate “100 million” in
“$ 100 million” asNuM, and the whole phrase &ONEY, | only used the taglONEY.
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(51) The way that we've been managi@@mpbell U.S.Acan hopefully spread to
other areas of the company (i.e., “other areas than the U.S.A. branch of Camp-
bell) 11

Also, the MUC-7 scheme foriIMEX expressions is quite elaborate and includes NPs
which are not proper names, e.g., seasons (“autumn”) aativeltemporal expres-
sions (“last night”, “today”). | did not annotate such exgg®mns as they can be re-
solved by lexical means. Also, | did not use separate tagddte and time of day;
both types of entities were taggaave. With respect to numerical entities, | an-
notated all kinds of numerical expressions, while the MUEeiema annotates only
currency. Finally, names that do not fall into MUCERAMEX, NUMEX and TIMEX
categories, e.g., titles, roles, and non-organizationidies (Table 3.6) were annotated
with the tagmisc.

3.4 LEX: alexical resolution algorithm for other-anaphora

3.4.1 Types of lexical relations that LEX can handle

In Chapter 2, | identified four major types of relations betwether-anaphors and their
antecedentsinstance-of , subset-of , same-predicate , andredescription 12
These relations can be operationalized as hypernymy, gaeakcate, metonymy, metaphor,
bridging, and redescription. LEX handles only same-prag@icand hypernymy re-
lations, both with common and proper name antecedents, Exgmples 52 and 53
below.

(52) Employers can pay the subminimum @fr days without restriction, to workers
with less than six months of job experience, and doother 90 daysif the
company uses a government-certified training program ®ythung workers.

(53) Mr. Stoll draws his title from theuckoo’shabit of laying eggs in the nests of
other birds.

1t is debatable whether the antecedent in this example isfibell U.S.A” or “U.S.A.”

12same-predicate is not really a relationship, but ratherravenient conceptual and computational
tool. If the same head noun is used in the description of tlaplaor as is in the description of the
antecedent, | say that the relationship is that of sameiqatdn.
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Tag Explanation Examples
TIME Capitalized temporal expressions “April 30, 1956”,
“Wednesday”
PERSON | Named person or family “Wilbur Ross Jr.”
ORG Named corporate, governmental, or other organizatioridBM”
entity
PRODUCT | Name of commercial product “Thunderbird”,
“Leche Fresca”
MONEY Monetary expression “$ 101 million”
NUM Numerical expression; neither currency nor time “45”, “3 1/5”
LOC Location: name of politically or geographically defined lo®*U.S.”, *“Aslac-
cation (cities, provinces, countries, international oegi, | ton”
bodies of water, mountains, etc.)
MISC Other NEs “Great De-
pression”,

“the President”

Table 3.6: Named entity classes for LEX
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LEX focuses on hypernymy and same-predicate, because teegnaong the most
frequent relations. For instance, in the first three sestiontheWall Street Journal
corpus, on which LEX was tested, common and proper name egigats related to
the anaphor through a same-predicate relation accounbfardf all cases (Table 3.7).
As “same-predicate with proper names” | consider the follmpexamples with named
entity antecedents: “the Nagymaros dam ... another dam"@0% of the executives
... the other 40%” (“60%” is tagged as a numerical expregsidgpernymy is by far
the most common relation (40%), especially with proper nantecedents (31%). An-
other large class is redescription, which accounts for 18%amples, and “inference”,
which involves mostly examples with implicitly evoked ac¢eents (10%). “Other
relations” (9%) are undecidable samples such as those iohvthe anaphor occurs
in the first sentence of the article, without any obvious eetient, and phrases that
seem to function like genre-specific discourse connectiwgs, “in other commodity
markets”. Bridging and metonymy are less common, with 5%2#bf occurrences,
respective.

Another reason for focusing on hypernymy and same-preglications was that
they seemed easier and cheaper computationally than gihes of relations, as they
can be extracted automatically, and they did not seem toiregeasoning beyond
conventional lexical knowledge available from, e.g., Wided

3.4.2 LEX: overview of the system

LEX consists of three modules: LEX1, LEX2, and NEM (Namediggriviodule). All
modules were implemented in Perl. LEX takes as input a cqopeizared as described
in Section 3.3.2 and outputs a list of antecedents for edutr-@naphor. The modules
perform the following tasks.

LEX1 is the module which handles the same-predicate relatianatches the lem-
matised head noun of the anaphor with the lemmatised heauafall other NPs in
the sentence and reports a match if the anaphor and ant¢eed@voked by the same
predicate, e.g., “90 days ... another 90 days”, “invalithénefits ... other benefits”.

LEX2 extracts from WordNet a hyponym tree for the anaphormadches this tree
with the antecedent candidates (actually, their WordNatsts). It reports a match
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Type of relation No. of occurrenceg %
Same predicate with common nouns 22| 11%
Same predicate with proper names 7 4%
Common noun hypernymy 18 9%
Proper name hypernymy 59| 31%
Redescription with common nouns and non-NP antecedents 30| 16%
Redescription with proper names 4 2%
Bridging 10 5%
Metonymy 6 3%
Inference 20| 10%
Other relation 17 9%
Total 193 | 100%

Table 3.7: Semantic relations between antecedent and anaphor in WSJ (sections 00—
02).

if the noun under consideration is recorded as a direct oirantithyponym of the
anaphor. To extract information from WordNet, | used Jasenrie’s Perl-to-WordNet
interface QueryData, version 1.33. Along with hyponyms, LEX2 extracts synset
members, to handle examples such as “the ads ... any othealtd&advertising”.
For complex terms, since it is not known in advance whethetef-most word(s) of
a term is/are a modifier or part of a compound noun, e.g., “loagcer deaths” vs.
“vice president”, LEX2 first looks up the whole string “termérm2 term3”. If the
string is not found, the script recursively strips off thétieost term, “term1”, and
looks up both “term1” and the remaining string “term2 termS30, for instance, given
the phrase “lung cancer deaths”, it first looks up “lung cardsaths”, then “lung”
and “cancer deaths”, and finally “cancer” and “deaths”. ®tiategy is used both for
anaphors and antecedents, and it resolves examples suéh as 5

(54) In the torrent of replies that followedne woman ringer from Solihutibserved
that “the average male ringer leaves quite a lot to be desibedly dressed,
decorated with acne and a large beer-belly, frequently she and unbearably

Bavailable fromhttp://www.ai.mit.edu/jrennie/WordNet/
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flatulent in peals.”Another woman wrote from Sheffield to say that in her 60
years of ringing, “| have never known a lady to faint in thefhyel

Note that a “woman ringer” is not a hyponym of the concept “vearhin WordNet; it
is an intersection of the concepts “woman” and “ringer”.

The Named Entity Module uses a set of simple heuristics todiridcedents which
are evoked by named entities:

¢ If the head noun of the other-anaphor is the word “year”, “thén“week”,
“day”, “time”, in singular or plural, propose as antecedamtoun taggedIME;

e If the head noun is “product”, “wares”, “merchandise”, “gisd, “commodity”
or “service” (or their plural forms), propose as antecedenbun tagge@RoOD-
UCT.

e If the head noun is “million”, “thousand”, “dollar”, “yen™pound”, propose a
as antecedent a noun taggedNEY;

With names of persons, organizations, and locations, mnjgossible to construct a
complete list of predicates. Instead, | used the WordNet#bierarchy and the

following rules:

¢ If the head noun of the other-anaphor has synset “locatiomdray its hyper-
nyms, suggest as antecedent a noun taggex

e If any of the anaphor’s hypernyms is “person, individuatiggest a noun tagged
PERSON

e If any of the anaphor’s hypernyms is “organization”, suggeasoun taggedraG.

If the head noun of an other-anaphor has several hypernymspéthe five senses of
the word “country” three have the hypernym “location” andedorganization”, NEM
proposes as antecedents all entities consistent with adimgation or organization.

Because of how the heuristics were formulated, in particthiase concerning
names of locations, persons, and organizations, LEX wastabtincidentally—resolve
some metonymies, e.g., Example 55.



3.5. A Salience-based algorithm SAL 67

(55) Moscowhas settled pre-1917 debts witkher countries in recent years at less
than face value.

This was possible because Moscow is classified in WordNed aational capital ISA
capital ...ISA region ISA location”. This accidental restodn, besides other things,
indicated that, with a richer set of NEM heuristics, it midpetpossible to resolve other
types of metonymic relations (and perhaps other types oas@imrelations) using the
same approach. The cost of developing, tuning, and tedticly lseuristics, though, is
quite high and should be taken into account.

The three resolution modules are applied in a pipéfine

1. LEX1 (same predicate) on current sentence;
2. NEM on current sentence,
3. LEX1 on previous sentence,;

4. NEM on previous sentence;

(62}

. LEX2 (hypernymy) on current sentence;

6. LEX2 on previous sentence.

The search terminates when one of the modules found one ersndable antecedents.
This application order of the resolution modules was defiteemaximize results on
the training data.

There is no particular mechanism for treating cases witth aptecedents. If more
than one NP qualifies as antecedent, the algorithm retulro§ thliem.

3.5 SAL: A Centering-based algorithm for resolution of

other-anaphora

SAL is an extension of Tetreault’s Left-Right Centering CR described in Section
3.1.1. My implementation of LRC differs from the originalgakithm in two as-
pects. First, LRC keeps track of all utterances processéat gand their forward- and

14 EX was tested on a two-sentence window: current and previou
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backward-looking centers), and, if the antecedent is natdian the current sentence,
it searches all previousf-lists, one sentence at time, starting with the previous bne
restricted the search space to two sentences, current amips. Second, | ignored
criteria such as gender and number, which seemed less mel@véhe resolution of
other-anaphora than to the resolution of pronouns. Arguyaisie could consider lexi-
cal constraints on other-anaphors being similar to agreéonwnstraints on pronominal
anaphors, but the goal of comparing LEX and SAL was to exathi@extent to which
lexical semantics and grammatical retelependentlgontribute to the interpretation
of the anaphoric references of other-anaphors. To avoigasagible “contamination”,
the two algorithms were designed to be as complementarysssipe.

Grammatical functions of NPs were approximated on the lagiseir position in
the parsed trees, by a left-to-right breadth-first walk & tfees. Before testing SAL,
the lists of antecedents (actually, their head nouns) wamtted by grammatical func-
tion, with subjects ranked higher than objects and objextked higher than oblique
constituents.

With respect to ranking of entities in possessive NPs, bfedd Tetreault, who
showed that Walker and Prince (1996)’s approach, whichgamitities in linear order
(leftmost entity as more salient than the remainder of th¢ p#?formed marginally
better than the opposite theory of Gordetral. (1993).

Consider, for instance, the following example:

(56) While ... the question of investors’ access to the U.S. and Japanegetaa
may get a disproportionate share of the public’'s attentsonumber ofother
important economic issueswill be on the table at next week’s talks.

The NPs preceding the anaphor in this example were rankeddlaw$ (topmost entity
is the most prominent):

question
investors
access
markets
share
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public
attention
number

SAL resolves the antecedent to the most salient NP, whichermoverwhelming
majority of cases happens to be the subject NP. It first att®topesolve the antecedent
in the current sentence, i.e., the sentence containingrthpher. If the beginning of
the sentence has been reached and no antecedent has bekrefgyrthe anaphor NP
is the subject of the current sentence (Example 57), thearntexedent is resolved to
the subject of the previous sentence.

(57) ... Mr. Kwan said the Ninja Turtles could make 1989 a rdczales year for
Playmates

Other Hong Kong manufacturers expect their results to improve only slightly
this year from 1988.

3.6 Evaluation of the LEX and SAL algorithms

Of the 189 samples of other-anaphors from the WSJ corpussd@ples were used in

the evaluation. These were the samples that (1) had exaht#cedents which were
(2) realized as NPs (3) in a two sentence window. The remgiftcases were as
follows. Eleven samples were classifieduaglecidablan the gold standard corpus.
(The annotator could not unambiguously identify the ardeogs of these expressions.)
Since a human annotator could not resolve these examplesyauld not expect that

a computational method would be able to resolve them either.

Thirty-one samples violated conditions (1) and (2) abovererity samples had
implicitly realized antecedents, e.g., Example 58 below and Exampl&8adtion 1.2,
and in 11 samples the antecedents were evoked by non-NHtaenss, e.g., a VP
(Example 59), a sentence, a clause (Example 60), a text segorea verbal form
(Example 61):

(58) “What's he doing?” hissed my companion, who was the ather English-
speaking member of the convention and whose knuckles weite whtten-
tion,” yelled our pilot as our basket plunged into the carigbu bet attention,”
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| yelled back, leaping atop the propane tanks , “I'm weariliggi@or loafers!”
Our pilot simply laughed, fired up the burner and wathother blast of flame
lifted us, oh, a good 12-inches above the water level.

(59) Without admitting or denying wrongdoing, they congehto findings that they
hadinaccurately represented the firm’s net capital, maintdiimeaccurate books
and recordsand madether violations.

(60) “The fact of the matter isl, am a marketer That’s another reason[for the
Backer Spielvogel job]".

(61) Such individuals, many with young children, are in thggime borrowing years
— and, havingoorrowedfrom the bank, they may continue to use it [the bank]
for other servicesin later years.

Further, there were 20 samples with antecedents givendeutéithe two-sentence
window. Also, both LEX and SAL are incremental methods,, itbey attempt to
resolve an anaphor as soon it is encountered, thereforectreyot handle cataphoric
examples such as the one below.

(62) What isanother namefor the Roman numerdK?

Finally, three samples contained more than one other-amapsuch examples are
currently out of scope for LEX and SAL algorithms; and onerapée was an idiom
that hadn’t previously been observed, “put another way”.

3.6.1 Results for LEX

LEX correctly resolved 53 to 60 instances of other-anapbatf the 123 cases with
explicitly evoked NP antecedents within a two-sentencealain(43% to 49% success
rate). The first score in the success rate is a strict scoeesebond is a lenient score.
Scoring was performed as follows. All resolutions were canagd to gold standard
annotation. In the strict scoring, correct antecedentsewieose antecedents which
were identical to actual antecedents in the gold standaglso In lenient scoring, |
took into account coreference chains, copular constrastiand anaphors with split
antecedents. Consider, for instance, the following exampl
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(63) Thisis a company that has invested in capacity additions moreeagiyely than
any other company in the industry|...]

LEX resolved the antecedent to “company”. | do not normalysider predicate
nominals to be coreferential with their subjects, but tregpof view is not unusual;
e.g., the MUC-7 Coreference Task suggests annotating ‘theident of the United
States” in “Bill Clinton is the President of The United Stit@s coreferential with
“Bill Clinton”. And since the sentential subject in Exam@& is a lexically uninforma-
tive unit— a pronoun—and the predicative NP is the only sewftinformation for a
lexical algorithm, | considered this example correctlyoleed, under the lenient scor-
ing schema. A similar approach has been advocated in theingaearning paradigm
by Ng and Cardie (2002), who suggested considering as ategrtthemost confident
antecedent, rather than tbhlsestantecedent. Specifically, with non-pronominal NPs,
Ng and Cardie assume that the most confident antecedentisg®snon-pronominal
antecedent.

Note that “this” in Example 63 refers to an entity that mustdnbeen mentioned
by name or description in prior sentences. If the algoritteptkrack of coreference
chains further back than the two-sentence window, all patiescriptions would have
been available for resolution. This is one of the areas wtier& EX algorithm can be
improved.

In Example 64,

(64) The computecan process 13.3 million calculations called floating-poipera-
tions every secondl'he machin€an run software written foother Mips com-
puters, the company said.

LEX resolved the antecedent to “the computer”, rather thidr@ ‘machine”, which
is the most recent reference to that entity. Since bothpnég¢ations pick the correct
referent, examples such as Example 64 were judged as dpmesblved under lenient
scoring.

The third case of examples to which lenient scoring has bppledl is illustrated
by the following:

(65) (TheMarch delivery, which has no limits, settled at 14.53 cents, us@ént a
pound.) TheMay contract, which also is without restraints, ended with axgai
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of 0.54 cent to 14.26 cents. THaly delivery rose its daily permissible limit of
0.50 cent a pound to 14.00 cents, whiliner contract months showed near-
limit advances.

In the example above, the antecedent of “other contract Insdms a set of referents
consisting of “March”, “May”, and “July”. LEX correctly idetified “May” and “July”,
but not “March”, which is evoked outside of the two-senteméedow. It is reason-
able to assume that, given a larger window, LEX would havenkade to find all
antecedents in this example.

In general, when evaluating the results of the LEX algorittimcases with split
antecedents, a full point was awarded if the algorithm foathdntecedents and half-
point if the algorithm did not find all antecedents.

The 63 samples with other-anaphors that LEX resolved iectlyr or not at all can
be divided into the following partially overlapping group&l) lexical errors, which
show limitations of dexical approach to other-anaphora and/or WordNet as a source
of lexical information; (2) errors due to LEX, specificallya heuristics of the Named
Entity Module and the order of application of the resolutioadules; and (3) semantic
phenomena not covered by LEX. The latter class includes Esmygth metonymic
antecedents, samples with bridging inferences, and redésns. The three groups
are roughly of the same size (Table 3.8); they are considaradn below. Note that
the classification is very rough; oftentimes, a particutearaple belongs to several
groups; see, e.g., the discussion about Example 67 below.

Lexical errors range from ones caused by material missing/andNet to those
induced by sense ambiguity and errors that arose from tharstenagueness of the
anaphor itself. Another principled type of lexical errorassociated with pronominal
antecedents: pronouns do not contain enough informatioa lexical algorithm (e.g.,
Example 63).

What is missing from WordNet are words, e.g., “markdown”,@Wman”, “risk
factor” and word senses, e.g., Example 66 below:

(66) “This technique is applicable to a wide variety of crggee said, and added
that some modifications may be necessary to accommodatetiéigrities of
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Type of error Nr of occurrences

Word, sense or relation missing from WordNet 10

Sense ambiguity of the anaphor

Unresolved pronominal antecedents

Semantic vagueness of the anaphor

NEM heuristics 14
Application order of resolution modules 4
Metonymy 5
Bridging inferences 10
Redescriptions 7
Total 63

Table 3.8: Error types and frequencies for LEX.

each type of crop. He said the company is experimenting \Wiitéchnique on
alfalfa, and plans to include cotton and corn, amaiger crops.t®

The noun “crop” has three senses in WordNet: (1) the yielhffdants in a single
growing season; (2) the stock or handle of a whip; and (3) &lp@umany birds and
some lower animals that resembles a stomach for storageratichipary maceration
of food. In Example 66, the noun “crops” is used in the samesaseas “plants” or
“species”, and this sense is recorded for instance in theiderWebster’s Collegiate
Dictionary!®: “a plant or animal or plant or animal product that can be graamd
harvested extensively for profit or subsistence, e.g., faeacrop’, ‘a crop of wool’.”
Also missing from WordNet is taxonomic information, e.¢pat a pension is a form
of benefit (“pension ...other benefits”); that a thrift is aaficial institution (this in-
formation is available for the compound noun “thrift ingtibn”, but not “thrift”, and
as a result the NEM module could not resolve “Columbia . .epthrifts”); that a pro-
gram trader is an investor (“program traders ... other itms$); and that age is a risk

Bwhile it is tempting to view “cotton” and “corn” as two othentecedents of “other crops”, | believe
that the correct interpretation of Example 66 is as folloWi#e said the company plans to include crops
other than alfalfa, in particular, cotton and corn.”

Lehttp://www.m-w.com/dictionary.htm
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factor (“designer’s age ... other risk factors”). Thesempées are not straightforward
even for humans to process. Some of the knowledge involveterinterpretation
of these examples is domain-specific, or it can be new to théere and therefore it
would required accommodation. For instance, the readehtmgt know in advance
that Columbia is a thrift (institution) or that a programdeat is a kind of investor. And
age is not always considered as a risk factor. By interpgetire anaphors in these
examples and finding their antecedents, the reader acquave&nowledge which she
can then add to her existing body of knowledge or reject ifdbes not agree with it.
For instance, not all speakers of English agree that statista form of factual abuse
(“statistics and other factual abuse”).
The following sample is a canonical example of hypernymy:

(67) Mr. Stoll draws his title fronthe cucko®s habit of laying eggs in the nests of
other birds.

However, sense 3 of “bird” is “dame, doll, wench, skirt, dgibird (informal terms for
a (young) woman)”, and because (1) this sense has a hypemsrsch, individual”,
and (2) LEX resolves named entities before hypernymy, LESOheed “other birds”
to “birds other than Mr. Stoll”. Errors induced by word sessgere also reported
by Harabagiu and Maiorano (1999) and Vieira and Poesio (2000 address this
problem, Harabagiu and Maiorano required that the mostatisenses of nouns be
promoted. | did not impose such a preference on LEX; and adl indw in Chapter
4, using the most frequent sense is not a good solution at all.

Example 68 illustrates errors associated with the semaatjaeness of the anaphor:

(68) While Mr. Dallara and Japanese officials slag question of investors’ access to
the U.S. and Japanese markatay get a disproportionate share of the public’s
attention, a number adther important economic issueswill be on the table at
next week’s talks.

The noun “issue” (as in “economic issues”) is a very genasatept that could refer to
a variety of discourse entities. Other such general coscaet “thing”, “alternative”,
and “factor”. The noun “thing” is particularly uninformae; it also occurs in phrases
“among other things” which should, perhaps, be treated iasnst
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(69) That designation wouldamong other things provide more generous credit
terms under which the Soviets could purchase grain.

The second category of errors is associated with the liroriatof LEX. In par-
ticular, the Named Entity heuristics were inadequate. Retance, NEM could not
handle examples in which an organization entity is subsetfyueeferred to by pred-
icates such as “shareholder”, “steelmaker”, “winner”,dther”, “player”, and “major
creditor”. This is because all of these predicates are ifledsn WordNet as roles
associated with people (they have a hypernym “person, idhgial’, but not “organiza-
tion”). It seems that an additional heuristic could havestagare of such samples. This
heuristic could be formulated as following: “If the head naf an other-anaphor has
synset “person, individual” among its hypernyms, suggesirdecedent any NP tagged
ORG.” To prevent overgeneration, e.g, resolving the anaphdoth a person and an
organization when the correct antecedent is a person, litgtnlg would be necessary
to impose an ordering on NEM heuristics, such that the adtadds first resolved to
a person entity and, if such entity cannot be found, to anrorgéion entity.

In Example 70 below, the NE heuristics overgenerated:

(70) [Start of the articleRMS International Inc., Hasbrouk Heights, N.fhcing a
cash-flow squeeze, saitdis seekingother financing sourcesand waivers from
debenture holder¥’

Since all modification was eliminated from the dataset leémplying LEX, so that the
dataset contained only the head “source”, rather than “Giladisource”, and because
one of the senses of the noun “source” is “location” (by the,whe most frequent
sense), the NEM module incorrectly resolved the anteceettiasbrouk Heights,
N.J.”, rather than to “RMS International Inc.”. Note thatfanancing source” is some-
thing quite different from a “source” (“the place where sdhmeg begins”, according
to WordNet). Only a company or individual can serve as a firsource, and there-
fore, if the concept “financial source” were included in W, it should have been
classified as both a person and an organizaffohis, however, might be beyond

17Some readers consider this example cataphoric on “deleehtlders”. My interpretation is as
follows. A company can seek financing sources internalty, &y re-thinking its priorities and moving
funds from one account to another or by laying off workerst can turn to investors.

8The concept has at least two meanings, (1) something or smigetho raises or provides capital,
and (2) a person in the finance industry who provides infoionaas in “one financial source said ...".
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the scope of WordNet, which was designed as source of dommd@pendent informa-
tion, while the concept of “financing source” seems more igpple in the financial
domain. (This concept, for instance, is not included in therddm-Webster’'s Colle-
giate dictionary either.) In general, contrary to what Idsai Section 2.7, modifiers
supply not only “additional” information, but their semantontribution to the inter-
pretation of the anaphor might be essential in finding theeobiantecedent. The issue
of modification in the interpretation of nominal corefererttas been raised by, e.g.,
Harabagiu and Maiorano (1999) and Vieira and Poesio (2a86yvever, they did not
incorporate the semantics of modifiers in anaphor/antetddeerpretation. Rather,
they used modifiers as filters, e.qg., if both the anaphor arahtecedent candidate are
pre-modified, for there to be a match, the pre-modifiers ghbel either identical or
different, or one of them should be more or less specific tharother. A “red car” and
a “blue car” cannot corefer, while a “red car” and a “new caghc In the examples |
considered, the modifiers do not describe a property of amcbdput rather contribute
compositionally to the meaning of an anaphor. This issueireg further attention and
research.
Sometimes, the window contains two entities which bothifyuak antecedent:

(71) (Integra-A Hotel & Restaurant Co. said its planned tsgffering to raise about
$9 million was declared effective and the company will begisiling materials
to shareholders at the end of this week.

Under the offer, shareholders will receive one right forled05 common shares
owned. Each right entitles the shareholder to buy $100 fareuat of 13.5%
bonds due 1993 and warrants to buy 23.5 common shares at 8)acehare.)
The rights, which expire Nov. 21, can be exercised for $1@hea

Integra, which owns and operates hotels, said Hetwood Group Inc. has
agreed to exercise any rights that aren’t exercisedthgr shareholders Hall-
wood, a Cleveland merchant bank, owns about 11% of Integra.

Both “Integra” and “Hallwood Group Inc.” are organizatigomsd thus both qualify as
antecedents. However, the correct antecedent is prob&aiMiood Group Inc.” It
seems that an additional procedure is necessary to harthieexamples. This can be
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a termination condition: stop after finding one antecedesic¢h thus would lead to
incomplete resolutions in cases with split antecedentsypme additional constraint
on antecedent realization, e.g., recency, or the fact thtatthe anaphor and antecedent
occur in indirect speech (the complement clause of “said*jurther empirical study
is necessary to determine which of these conditions shalgsbd.

Four errors were due to the order in which the LEX modules vegnelied. Con-
sider, for instance, the following,

(72) PaineWebber Inc., for instance, is forecasting grawt8&P 500 dividends of
just under 5% ir99Q down from an estimated 11% this year.diiner years in
which there have been moderate economic slowdowns — the eramment
the firm expects in 1990— the change in dividends ranged from a gain of 4%
toadeclineof1%...

LEX first attempts to resolve the antecedent to a same-m@tdreferent, and only if
none is found does it apply NEM. For this reason, the antedeafé¢'other years” was
resolved to “this yearin Example 72, while the correct desion should have been
“1990". A different ordering of LEX modules would probablgdd to a correct resolu-
tion in this case. Note also that the relative clause “in Wwhieere have been moderate
economic slowdowns — the environment the firm expects in 18@Wld have helped
to resolve this example correctly. That resolution, howewsuld possibly require
deeper text understanding techniques than those currdliable.

The third type of error comprises examples which involve agetic phenomena
not covered by the current version of LEX: metonynfe®.g., Examples 73 and 79;
bridging references, e.g., Examples 74 and 75; and regéiscrs (Examples 76 and
77).

(73) First of America said some of threanagerswill take other jobs with First of
America.

(74) Bordeaux’s first growths from 1985 and 1986 $60 to $80 each (except for
the smallest in terms of production, Chateau Petrus, whisktscaround $250!).
These prices seem rather modest, however, in ligbtleér French wines from
current vintages.

¥Though one example of metonymy, Example 55 in Section 3wag resolved successfully.
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Type of relation In gold standard Found| Success rate
Same predicate 22 19 86%
Hypernymy, strict scoring 72 31 43%
Hypernymy, lenient scoring 72 38 53%
Total, strict scoring 94 50 53%
Total, lenient scoring 94 57 61%

Table 3.9: Success rate for LEX for same-predicate and hyponymy relations.

(75) Mrs. Gorman took advantage lofw prices after the 1987 cragio buy stocks
and has hunted fasther bargains since the Oct. 13 plunge.

(76) The dispute between Eastern atsdpilotsis over a “pay parity” clause ithe
pilots’ contract. The clause was part of an agreement in wpilchs accepted a
substantial pay cut as long ae other labor group got a raise.

(77) Mr. Achenbaum, who had been considering paring dbisrfirmor mergingit
with another small consulting outfit, soon agreed.

In Example 73, the antecedent is a metonyagrgon-for-the-job . (Alternatively, it
can be viewed as bridging: being a manager means having)dijdbxample 74, “first
growth” refers to goropertyof some French wines by virtue of 1855 classification (or
later revisions to this classification). In Example 75, aglar is a transaction which
hasa (low) price. In Example 76, pilots are referreddollectivelyas a labor group.
And in Example 77, on&arns new informatiombout the firm.

The results reported so far are fali cases with explicitly evoked NP antecedents,
regardless of the type of semantic relationship betweeanhehor and its antecedent.
As | noted in Section 3.4.1, LEX was designed to only resoblwaes-predicate and
hyponymy relations. If this limitation is taken into accautine success rate goes up
dramatically, to an 86% success rate for same-predicageanents and a 53% success
rate for hyponymic antecedents; the success rate for théevdystem rises to 61%
(Table 3.9).
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3.6.2 Results for SAL

SAL successfully resolved 46 occurrences of other-anap(8#% of all cases with
explicitly evoked NP antecedents within a two-sentencedaiv).

Unlike LEX, SAL is not limited by the quality of semantic ragaes and/or by
other semantic constraints, and therefore it resolved suftttee samples that LEX did
not resolve, e.g., Example 70 mentioned in the previousasecOn the other hand,
there were many straightforward samples on which SAL faiéed.,

(78) An exhibition of American design and architecture ogeéim September iMoscow
and it will travel toeight other Soviet cities

The reason for failure was that the antecedent is locatiligudy and thus it was not
chosen as antecedent. (No semantic consistency checkparésemed.)

3.6.3 Comparing LEX and SAL

Together, LEX and SAL correctly resolved 72 samples of cr@phors, or 59% of all
cases with explicitly given NP antecedents within a twotseoe window. Of the sam-
ples that both methods resolved correctly, LEX resolved .73#mples that SAL re-
solved correctly and LEX did not involve metonymy (Examp®,bridging (Example

80), redescriptions (Example 81), WordNet omissions, and@minal antecedents.

(79) Georgia-Pacifi¢ which went down 2 1/2 Tuesday, lost another 1/2 to 50 3/8.
Other paper- and forest-products stocksclosed mixed.

(80) While this court rulingwas only on Hammersmitht will obviously be very
persuasive ither cases of a similar nature

In Example 80, the antecedent is “it”, referring to “this cowling”, while the entity
to be excluded is “the (legal) case in which this court ruhmas made”. To correctly
interpret the NP “other cases”, one must introduce a newegfe “the legal case
in which the court ruling was made”, through a bridging iefiece from “this court
ruling” and then exclude it from the referential scope ofses’.

In Example 81,
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(81) (Campbell Soupumped 3 3/8 to 47 1/8 as the resignation of R. Gordon Mc-
Govern as president and chief executive officer sparked waleaf rumors
thatthe companygould become a takeover target.) Prudential-Bache Sexsurit
boosted the stock’s short-term investment rating in respdo the departure; an-
alyst John McMillin said he believahe companwvill turn to new management
“that’'s more financially oriented.”

Other rumored takeover and restructuring candidates to attract buyers in-
cluded Woolworth . ..

the referent of “Campbell Soup”, later referred to by “themgmany”, is characterized
as a takeover and restructuring candidate, by virtue ofisgms the antecedent of the
other-anaphor (reiterating the information from the firshence of the example, but
this time via a nominal predication, rather than a copulatesgce). LEX resolved the
antecedent to “analyst John McMillin”, since the head of amaphor, “candidate”,
ISA “person, individual”.

Samples that LEX resolved correctly and SAL did not involugegedents evoked
by oblique constituents in the same sentence, e.g., lecativerbials (Example 78),
possessive modifiers (Example 82), and temporal adver{iaiample 83); and less
salient constituents in a preceding sentence, e.g., (Ebeadd)).

(82) Rather, senior administration officials said that tmexpected meeting was
scheduled amr. Bush’srequest because bfs preference for conducting diplo-
macy through highly personal and informal meetings wither leaders

(83) The documents also said that although the 64-year-olCkéy has been work-
ing on the project for more thasix yearsthe Cray-3 machine is at leastother
year away from a fully operational prototype.

(84) South Korea registerea trade deficit of$101 million in October, reflecting
the country’s economic sluggishness, according to govenrigures released
Wednesday.

Preliminary tallies by the Trade and Industry Ministry stemhanother trade
deficit in October, the fifth monthly set back this year, casting aidlon South
Korea’s export-oriented economy.



3.7. Summary 81

The finding that LEX resolved 72% of the samples that both LY 8AL re-
solved correctly and the performance scores for the twordhgos suggested three
things. First, the performance of the algorithms overlapdme extent. Second, since
SAL resolves the antecedent to an entity with the highegnhgratical role ranking
(usually the subject) and fails to produce a correct anteteoh almost 2/3 of the
cases, the antecedents of other-anaphors are evoked bgaless entities in 2/3 of
the samples in the evaluation corpus. (If saliency is takerotrelate with the gram-
matical role of a discourse referent. There are alternatiee's on how to determine
salience. For instance, within the Functional Centeringreach (Strube and Hahn,
1999), salience is taken to correlate with the informatiaus, following the ideas of
Prince (1981). In the original work on Centering Theory (&ret al,, 1986), Grosz
et al. suggested that while grammatical role is a major dateant of the ranking of
the forward-looking centers — and thus in the salience stafuliscourse entities —
other factors such as word order, clausal subordinationlexidal semantics might
affect salience as well.) Grammatical role is therefore f[@®dictive of the antecedent
than, e.g., lexical semantics. These results correlate thié observation by Strube
(2002), who, presenting the results of Struddeal. (2002), reported that grammati-
cal role of the antecedent and syntactic parallelism (ardwctor closely related to
grammatical function) did not seem to contribute to the gtsan of definite NPs and
proper names in their corpus.

3.7 Summary

In this chapter | presented two symbolic resolution aldonis for other-anaphora.
They are the first resolution algorithms specifically desijfor other-anaphors. LEX
resolves antecedents of other-anaphors on the basis chlerformation available
from WordNet, pattern matching, recency, and class infoionafor named entities.
Currently, LEX focuses on two types of lexical relationsvibe¢n other-anaphors and
their antecedents: same-predicate and hyponymy. SamjtleBnadging and metonymic
antecedents and redescriptions require further resedéth. is based on Centering
Theory. It is an extension of Tetreault (2001)'s Left-Riglentering, the state-of-the-
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art in pronoun resolution. SAL resolves antecedents ofredhaphors on the basis of
grammatical salience and recency.

Both algorithms were tested on a common set of 123 two-seatesamples of
other-anaphors from thevall Street Journakorpus. The samples contained non-
pronominal other-anaphors with non-structural antecesdehEX’s performance on
this dataset was quite good, especially considering ttaively unsophisticated ap-
proach. LEX successfully resolved 60 anaphors, or 49% ofaneples. If we take into
account that LEX was designed to handle only two relatidressticcess rate was 86%
on samples with same-predicate antecedents and 53% onesawitit hyponymic an-
tecedents. (Many hyponymic antecedents were resolvedrettly due to limitations
of WordNet as source of semantic information.) SAL corrgetisolved 46 anaphors,
or 37% of the samples.

An analysis of errors made by LEX suggested that one of LEXéakest points is
the module that processes named entities. Specificallyedantity heuristics were
inadequate. Moreover, the ordering of named entity heasisand the ordering of
LEX modules in general, turned out to be important issues.

Another large group of errors was associated with the litiwites of a lexical ap-
proach to other-anaphora. First, WordNet was insufficienaaesource for lexical
information: some words, word senses, and relationshipshassing in WordNet.
Second, certain lexical units are insufficient sources »ichd information: they ei-
ther do not contain enough lexical information (pronourm)they are too general
and semantically vague (e.g., the noun “issue”). Theseegshave implications for
the question posed at the beginning of this chapter: How nalaclexical semantics
constrain the search for antecedents of other-anaphorsanslyer, informed by the
experiments reported in this chapter, is as follows: suttisthy, if sufficient lexical
and man-power resources are available. (The latter, ®.@xtend and fine-tune the
named entity heuristics.)

Since LEX and SAL use different types of information in fingiantecedents of
other-anaphors — lexical semantics vs. grammatical role empmaring the perfor-
mance of these algorithms on a common corpus allowed me tmiagathe extent
to which these types of information independently contebio resolution of other-
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anaphora. The comparison suggested that grammatical@ekertbt play a significant
role in interpreting other-anaphors: SAL's performancederior to the performance
of the lexical algorithm. Still, SAL resolved several saegpthat involved metonymic,
bridging, and pronominal antecedents, which LEX did nobhes. Grammatical role

thus might be one of the several factors to use when resokiicy cases in the ab-
sence of a dedicated treatment of these phenomena. Othansfaaconsider for these
and other samples are the linguistic form of anaphor andcadent, gender, num-
ber, distance in words and sentences between anaphor awtdant NPs, syntactic
parallelism, etc. The next chapter examines these and fatbters in detail, using a

machine learning approach.






Chapter 4

A Machine learning approach to

other-anaphora

4.1 From LEX and SAL to ML

In the previous chapter | investigated the relative contrdn of two types of knowl-
edge in resolution of antecedents of other-anaphora:dés@mantics and grammatical
salience. Lexical semantics showed to be more predictivewéct antecedents than
grammatical salience: the lexical algorithm LEX outpenfied the salience-based al-
gorithm SAL by 32% (12 percentage point difference in suscate). However, other
types of information, e.g., the gender and number of anaphdrantecedent, the dis-
tance between them, their agreement in grammatical fumetna semantic class, etc.,
might play an important role as well. Consider, for instgraggin Example 85:

(85) Mr. Stoll draws his title from theuckoo’shabit of laying eggs in the nests of
other birds.

The LEX algorithm failed to correctly resolve this examplechuse all senses of
the word “bird” were considered and because one of its sesdbe somewhat old-
fashioned sense “dame, doll, wench, skirt, chick, birdfpimal term for a (young)
woman. Clearly, the algorithm would benefit from word senisawhbiguation. Alter-
natively, some researchers in coreference resolution fiaggested that only the most
frequent senses should be used. Arguably, there is a thiye~tlarough imposing a

85
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gender constraint on the antecedent, in addition to thedegsemantic constraints that
the algorithm is already employing. Such a constraint walichinate “Mr. Stoll”
from the list of antecedent candidates, as the anaphor temewgender (and so is the
correct antecedent).

Other types of information might also prove useful in regoiysamples with vague
anaphors (“other issues”, “other alternatives”), pronoahiantecedents, and bridging
and redescription cases. Although lexical information @euseful than grammatical
role information, the WSJ corpus in Chapter 3 contained ma@mples which the
LEX algorithm could not resolve for several reasons. FiébydNet does not contain
several concepts, word senses and many relations that Wweuh@¢cessary to resolve
the samples (Section 3.6.1). For instance, it omits the eqntthrift” (although it
contains the concept “thrift institution”), and therefdhe anaphor “other thrifts” in
Example 86 could not be resolved. This example, howevercoasctly resolved by
SAL.

(86) Columbiawon’t comment on all the speculation. But likeher thrifts, it's
expected to seek regulators’ consent to create a distinktfpond entity.

Second, vague anaphors such as “other issues” and “otbaratives” and pronominal
antecedents require a different kind of information, ay #re lexically uninformative.
Again, since SAL is not dependent on semantic informatibayccessfully resolved
several of such cases. Third, samples with bridging and myetcc antecedents and
redescription examples (not yet handled by LEX) clearlyurezja huge amount of
domain-specific and domain-independent taxonomic andrgen®rld knowledge.
Much of this knowledge is not available in WordNet and/or @yrbe hard to retrieve
(Section 3.1.2). As a result, a purely semantic approaclinéo resolution would
probably fail. (Needless to say, a dedicated treatment bmisteveloped for each of
these types of antecedents; an enormous research tasklir) it& combination of
several types of knowledge (grammatical, semantic, rgcetc.) might (1) eliminate
the need for a dedicated treatment and (2) make up for someoafNet limitations.
However, it is not clear how many features would suffice far tidisk (one would want
to keep the processing effort at as minimal a level as passibl how these various
features interact with each other. | attempted one sucltysisah Chapters 2 and 3.
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However, much of the interaction of the features is not ghtiorward, because they
seem to be preferences rather than absolute constraititsisiice syntactic constraints
on antecedent realization | presented in Section 3.3.2aamsdich they cannot be fully
determined by hand or on the basis of one’s linguistic irgog.

Finally, the application order of resolution modules mustdetermined. Should
same-predicate antecedents be resolved first, beforadgdsti hyponymy? Should
the system resolve antecedents to NEs before considenmmoa noun antecedents?
(See also the discussion in Section 3.6.1 about orderingeohéuristics.) The more
heuristics and features a system uses, the more difficuétdbimes to determine the
order of their application by hand. This and the other comsitions above make it
a good case for a machine learning approach. Machine lepapproaches require
minimal or no supervision; they determine feature releeamic the basis of their dis-
tribution in the corpus and the extent to which choosing éqaar feature would lead
to a correct resolution. Also, they can handle many featares canlearn how the
features interact with each other. (The approach | mos#y Nsive Bayes, does not
actually learn how features interact with each other; iuasss one specific interac-
tion, namely it uses all available features and assumestikgtare independent of
each other.)

In this chapter, | present a machine learning approach ter@thaphora based on
the Naive Bayes classifier. The approach was informed by madearning research
in coreference resolution, a related though different,taskl | will start with reviewing
this work in Section 4.2. | will then introduce the corpus ¢ten 4.3.1), the features
(Section 4.3.2), and the learning framework (Section 4.3The contribution of the
features | used, their relevance for resolving other-anephnd results are discussed
in detail in Sections 4.3.4—4.4.2.
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4.2 Machine Learning approaches to nominal corefer-

ence

4.2.1 (Aone and Bennett, 1995)

Aone and Bennett described a machine learning approachééecence resolution in
Japanese. They trained a C4.5 decision tree learner (Quih@d3) on a corpus of
newspaper articles about joint ventures. Their approaell &6 features, of which
they explicitly mention only a few: category (possibly P@$s), grammatical role,
semantic class, and distance between anaphor and antec&aene of the features
they used seem domain- and language specific. They trainedas@ariants of their

classifier; the best of them is reported to have achievde-areasure of 77.4%, having
reached a plateau at 250 training documents.

4.2.2 RESOLVE (McCarthy and Lehnert, 1995)

McCarthy and Lehnert’'s system RESOLVE arose in an attemiptpoove the per-
formance of the IE system that UMass used in MUC-3, MUC-4,MitC-5 competi-
tions. The earlier coreference resolution module of théesysused a set of manually
engineered rules, which tended to be very conservativealnone all, they were very
complex. Rather than modifying and maintaining the exgstimles, McCarthy and
Lehnert set out to test a decision rule classifier (C4.5). diassifier was trained on
the MUC-5 English Joint Venture (EJV) corpus (MUC-5, 1993)hey used 8 fea-
tures, summarized in Table 4.1. Four of the features werdeM@&-features NAME
and Jv-CHILD were used for both the antecedent and the anaphor), andrtterne
ing 4 features were coreference level features. It was suiesely pointed out by
e.g., Sooret al. (2001), that 3 of the 8 features that McCarthy and Lehnend ugere
domain-specific, in particular the featur@sCHILD andBOTH-JV-CHILD, though the
patterns they used to induce feature values from the cogmra slomain-independent.
One such pattern is the construction “company-name-1 OFpeoginame-2”, as in
Example 87, which allows one to infer that “company-namesld subsidiary (child)
of “company-name-2".
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Level | Feature Description Values
NP NAME Does antecedent contain a name? yes, no
NP NAME Does anaphor contain a name? yes, no
NP JV-CHILD Does antecedent refer to a joint venture childges, no, unknown
NP JV-CHILD Does anaphor refer to a joint venture child? yes, no, unknown
Coref | ALIAS Does either NP contain an alias of the otheryes, no
Coref | BOTH-JV-CHILD Do both NPs refer to a join venture child? | yes, no
Coref | COMMON-NP Do the anaphor and antecedent share a coges, no
mon NP?
Coref | SAME-SENTENCE | Are both NPs in the same sentence? yes, no

Table 4.1: Features used in the RESOLVE system (McCarthy and Lehnert, 1995).

Level | Feature Description Values

NP DIST Distance between antecedent and anaphor méa-1, 2, 3,
sured in sentences

NP I_PRONOUN Is antecedent a pronoun? true, false

NP J_PRONOUN Is anaphor a pronoun? true, false

NP DEF_NP Is anaphor a definite NP? true, false

NP DEM_NP Is anaphor a demonstrative NP? true, false

Coref | STR.MATCH Does the string of antecedent matches that of|threie, false
anaphor having removed determiners?

Coref | NUMBER Do antecedent and anaphor agree in number? true, false

Coref | SEMCLASS Do antecedent and anaphor belong to the sarmae, false,
semantic class, e.g., both are “person™? unknown

Coref | GENDER Do antecedent and anaphor agree in gender?| true, false,

unknown

Coref | PROPERNAME | Are both antecedent and anaphor proper namesfe, false

Coref | ALIAS Is antecedent an alias for the anaphor, or Videue, false
versa?

Coref | APPOSITIVE Is anaphor in apposition to the antecedent? | true, false

Table 4.2: Features used by Soon et al. (2001).




90 Chapter 4. A Machine learning approach to other-anaphora

(87) Familymart Co. of Seibu Saison Group will open a congroe store in Taipei
Friday ...

The RESOLVE system was trained and tested using a 50-fokkoralidation. It
achieved an average-measure of 86.5% with equal weights given to precision and
recall. It should be pointed out, though, that the MUC-5 dahis highly domain-
specific: it only involves entities that are companies, goreents, or people who
entered business joint ventures. With appropriately desigeatures it is possible to
achieve a rather high performance.

4.2.3 (Soon et al., 2001)

Soon et al. presented a coreference resolution systenetraimthe MUC-6 and MUC-
7 data sets (MUC-6, 1995; MUC-7, 1998). The system uses 1@résa(Table 4.2),
of which 5 are NP-level features and 7 are coreference |l@aglfes. The features
that need additional explanation a@emMcLASS andALIAS. The featureSEMCLASS
has the following values: female, male, person, orgaromatiocation, date, time,
money, percent, and object. These classes are arrangedimpke 4SA hierarchy:
male and female classes are children of the class persole thikiremaining classes
are children of the class object. For each NP, its semandigssclivas derived from
WordNet, specifically, it was the most frequent sense of thadhnoun of that NP.
Semantic classes of the antecedent and anaphor were cahgratdéhe value “true”
was returned if (1) both NPs were of the same semantic clags,"®r. Lim” and
“he” are both of class male, or (2) one of the NPs was the parftfie other, e.g., in
“Mr. Lim ... chairman”, “chairman” is a class person, andsdgerson subsumes class
male. If the NPs belong to different parts of the network,,él§M” ISA organization
and “Mr. Lim” is male, the value was set to false. If the senaolass of either NP
was unknown, then the head nouns of both NPs were comparesdir{iple string
comparison). If they matched, the value was true; othertisevalue was unknown.
The ALIAS feature was computed for named entities. The alias modd ds-
ferent strategies depending on the named entity type. Resda.g., “01-08” and
“Jan. 8", it used string comparison. For persons, such as ‘Mmpson” and “Bart
Simpson”, the last words of the NPs were matched. For org#iniznames, the alias
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module performed the last-word comparison and also cheftkeatronyms, e.g., “In-
ternational Business Machines Corp.” and “IBM”.

The training examples were generated as following. In afecgace chain NP1
- NP2 - NP3 - NP4 (available from the annotated corpus), eadhqgb immediately
adjacent NPs, i.e., NP1 and NP2, NP2 and NP3, and NP3 and Kaded a positive
training example. The first NP in such a pair was considereatiiecedent; the second
the anaphor. Every NP which intervened between the anapttbitaantecedent was
paired with the anaphor to create a negative instance. Btarnoe, if NP5 appeared
between NP3 and NP4, a negative instance NP5 - NP4 was created

The system was trained on 30 documents from the MUC-6 corpds38 docu-
ments from the MUC-7 corpus (a separate classifier for eaah) y&he C5.0 pruning
parameters were determined by performing a 10-fold crofidatéon on the whole
training set for each MUC corpus. For MUC-6, the pruning cderfice was set to 20%
and the minimum number of instances per leaf node to 5. For MUthe pruning
confidence was set to 60% and the minimum number of instances t

The system was tested on 30 documents from the MUC-6 corpl@®documents
from the MUC-7 corpus. For both corpora, the classifier reach plateau after 25
training documents, with alR-measure of 62.6% for MUC-6 and 60.4% for MUC-7.

Soon et al. also reported how much each of the 12 featureslmated to the overall
performance of the system. To find out how useful each of théufes was, they
trained and tested the classifier using one feature at at tifilne most informative
features for both corpora turned out to BEIAS, STR MATCH, andAPPOSITIVE the
9 remaining features together contributed only 2 Bd%measure on the MUC-6 corpus
and 1% on the MUC-7 corpus.

While the performance of this system was much lower thandhRESOLVE and
the system designed by Aone and Bennett (1995), it is impbibgpoint out that Soon
et al.’s system is domain-independent. Also, some of ther®m@rose as a result of
errors made by modules executed before the coreferenckitiesomodule, e.g., the
NP extraction, POS assignment, and named entity classificatodules.

Lt is not clear whether Soon et al. used a gazetteer.
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Level | Feature Description

Lex | SOONSTR C if, after discarding determiners, the string denoting; NP
matches that of NP else I.

Gram | PRONOUN.1x Y if NP; is a pronoun; else N.

Gram | PRONOUN.2x Y if NP is a pronoun; else N.

Gram | DEFINITE_2 Y if NP; starts with the word “the”; else N.

Gram | DEMONSTRATIVE_2 Y if NP; starts with a demonstrative such as “this”, “tha”,
“these”, or “those”; else N.

Gram | NUMBERsx C if the NP pair agree in number; | if they disagree; NA
if number information for one or both NPs cannot be deter-
mined.

Gram | GENDER« C if the NP pair agree in gender; | if they disagree; NA if
gender information for one or both NPs cannot be determined.

Gram | BOTH_.PROPERNOUNS« | C if both NPs are proper names; NA if exactly one NP is a
proper name; else |.

Gram | APPOSITIVE C if the NPs are in an appositive relationship; else I.

Sem | WNCLASSx C if the NPs have the same WordNet semantic class; | if they
don’t; NA if the semantic class information for one or bdth
NPs cannot be determined.

Sem | ALIAS* C if one NP is an alias of the other; else I.

Pos | SENTNUMsx Distance between the NPs in terms of the number of sentences.

Table 4.3: Features from Soon et al. (2001)'s system used by Ng and Cardie (2002).

“Lex” stands for lexical, “Gram” for grammatical, “Sem” for semantic, “Pos” for posi-

tional. “C” stands for compatible, “I” for incompatible, and “NA” for not applicable. x-ed

features were used in the hand-selected feature set for at least one classifier/dataset

combination.
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4.2.4 (Ng and Cardie, 2002)

Ng and Cardie’s system extended the work of Sebal.(2001). Ng and Cardie used a
richer set of features (53 in total; Tables 4.3 and 4.4) andawhanges in the machine
learning framework. They used RIPPER, an inductive ruéerler (Cohen, 1995), and
C4.5, a decision tree learner.

The 41 additional features (Table 4.4) were not derived @ogily from the cor-
pus, but rather were based on common-sense and the regsalicigiistic intuitions.
Among the new features are, e.9.QDIFIER, MAXIMALNP , EMBEDDED, IN_QUOTE,
and PARANUM. The MODIFIER feature compares prenominal modifiers of the an-
tecedent and anaphor. It takes values C (for compatible)l dfat incompatible).
The anaphor and antecedents are considered compatibéedfehominal modifiers of
one NP are a subset of the prenominal modifiers of the othdrirmompatible other-
wise. TheMAXIMALNP feature compares NPs maximal projections; it takes thesvalu
| if both NPs have the same maximal NP projection, and C otiserwThe features
EMBEDDED_1 andeEMBEDDED_2 test for embedding. The features QUOTE.1 and
IN_QUOTE_2 test for whether an NP is part of a quoted string. The latiar features
are binary “yes’/“no” features. TheARANUM feature measures the distance between
the NPs in terms of the number of paragraphs. Soon et altarieaTR MATCH was
splitin three features, one each for pronominal, propereyaand common noun NPs.

Like Soon et al.,, Ng and Cardie trained and tested their iflassson the MUC-

6 and MUC-7 coreference corpora. TRemeasures they obtained for MUC-6 were
63.8% for C4.5 and 64.5% for RIPPER; for the MUC-7 data, treweswere 61.6%
for C4.5 and 61.2% for RIPPER.

A closer examination of the results showed that many of thie&Rires performed
badly on common nouns. No analysis has been presented of hmi mdividual
features contributed, but Ng and Cardie reported that fl@ssinduced a number of
low precision rules for common nouns; e.g., one of the rulmgerred 38 examples,
but had 18 exceptions. Also, they remarked that the feartréhsey used might have
been insufficient for common noun resolution. Another pb&isource of problems
might have been the size of the feature set. Because they atklgy features without
increasing the size of the training set, this might have ¢edédta fragmentation.
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| Level | Feature | Description
Lex PRO_STRx C if both NPs are pronominal and are the same string; else I.
Lex PN_STRx C if both NPs are proper name and are the same string; else I.
Lex WORDSSTR C if both are non-pronominal and are the same string; else I.

Lex SOON.STRNONPROx | C if both are non-pronominal and the string of NRatches that of NP else I.

Lex WORD_OVERLAP C if the intersection between the content words in Bitd NR is not empty; else I.

Lex MODIFIER C if the prenominal modifiers of one NP are a subset of the prémal modifiers of the other; else I.

Lex PN_SUBSTR C if both NPs are proper names and one NP is proper substring @ontent words only) of the other; else I.

Lex WORDS SUBSTR C if both NPs are non-pronominal and one NP is a proper suigsfvi.r.t. content words only) of the other; else I.

Gram | BOTH_DEFINITES C if both NPs start with “the”; | if neither start with “the”;lge NA.

Gram | BOTH_.EMBEDDED C if both NPs are prenominal modifiers; | if neither are preimmhmodifiers; else NA.

Gram | BOTH_IN_.QUOTES C if both NPs are part of a quoted string; | if neither are p&a quoted string; else NA.

Gram | BOTH_PRONOUNS C if both NPs are pronouns; | if neither are pronouns; else NA.

Gram | BOTH_SUBJECTS C if both NPs are grammatical subjects; | if neither are stibjeslse NA.

Gram | SUBJECT1x Y if NP; is a subject; else N.

Gram | SUBJECT2x Y if NP is a subject; else N.

Gram | AGREEMENTx C if the NPs agree in both gender and number; | if they disaigréeth gender and number; else NA.

Gram | ANIMACY x C if the NPs match in animacy; else .

Gram | MAXIMALNP | if both NPs have the same maximal NP projection; else C.

Gram | PREDNOMk« C if both NPs form a predicate nominal construction; else I.

Gram | SPANx | if one NP spans the other; else C.

Gram | BINDINGx* I if NPs violate conditions B or C of the Binding Theory; else C

Gram | CONTRAINDICESk | if the NPs cannot be co-indexed based on simple heuristisg; C. For instance, two non-pronominal NPs separated
by a preposition cannot be co-indexed.

Gram | SYNTAXx | if the NPs have incompatible values for tReNDING, CONTRAINDICES, SPANOr MAXIMALNP constraints; else C.

Gram | INDEFINITEx I if NPj is an indefinite and not appositive; else C.

Gram | PRONOUN | if NPj is a pronoun and Nfis not; else C.

Gram | CONSTRAINTSk Cifthe NPs agree isENDERandNUMBER and do not have incompatible values f@WNTRAINDICES SPAN, ANIMACY ,
PRONOUN andCONTAINS_PN; | if the NPs have incompatible values for any of the abovéuies; else NA.

Gram | CONTAINS_PN | if both NPs are not proper names but contain proper namésrtismatch on every word; else C.

Gram | DEFINITE_1 Y if NP; starts with “the”; else N.

Gram | EMBEDDED_1x Y if NP; is an embedded noun; else N.

Gram | EMBEDDED.2 Y if NP is an embedded noun; else N.

Gram | IN_.QUOTE.1 Y if NP; is part of a quoted string; else N.

Gram | IN_QUOTE.2 Y if NP; is part of a quoted string; else N.

Gram | PROPERNOUN | if both NPs are proper names, but mismatch on every woré; €ls

Gram | TITLEx | if one of both of the NPs is a title; else C.

Sem | CLOSESTCOMP Cif NP; is the closest NP preceding NEhat has the same semantic class ag &l the two NPs do not violate any of
the linguistic constraintsAGREEMENTthroughsSYNTAX); else I.

Sem | SUBCLASS C if the NPs have different head nouns but have an ancesteeddent relationship in WordNet; else I.

Sem | WNDIST Distance between NRnd NR in WordNet (using the first sense only) when they have an amedsscendent relation

ship but have different heads; else infinity.

Sem | WNSENSE Sense number in WordNet for which there exists an ancestmrahdent relationship between the two NPs when they
have different heads; else infinity.

| Pos | PARANUM Distance between the NPs in terms of the number of paragraphs
Other | PRORESOLVE* C if NPj is a pronoun and NRs its antecedent according to a naive pronoun resolutigorighm; else I.
Other | RULE_RESOLVE C if the NPs are coreferent according to a rule-based caeéer resolution algorithm; else I.

Table 4.4: Features used by Ng and Cardie (2002). “Lex” stands for lexical, “Gram”
for grammatical, “Sem” for semantic, “Pos” for positional, and “Other” for other. x-ed
features were used in the hand-selected feature set for at least one classifier/dataset

combination.
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In the next step, Ng and Cardie evaluated a version of thesysthich employed
a smaller set of manually selected features (between 22 &fehures, marked by an
asterisk in Tables 4.3 and 4.4). A special effort was madettude features which
resulted in low precision for common nouns. The slimmer ioeref the system did
lead to an increase in precision for common nouns, but theigpoa for pronoun res-
olution on the MUC-7/C4.5 dropped dramatically (from 62.18054.5%), and also
the overall recall scores fell 2.8%—8.1%. Nevertheless siystem’s performance was
still better than that of Sooat al. (2001): theF-measures for the MUC-6 data were
69.1%—-70.4% (C4.5 vs. RIPPER) and for the MUC-7 data, 63684% (C4.5. vs.
RIPPER).

The modifications that Ng and Cardie proposed to the maclsiaming frame-
work concerned the question of what should be consideredtasedent. Rather than
settling on thdirst NP which matches all constraints and preferences, as Saain et
did, Ng and Cardie proposed searching tfee most likely antecedenthis approach
had implications for training set creation. Instead of gatieg a positive training
instance between an anaphoric NP anctitsestantecedent, Ng and Cardie gener-
ated a positive training instance for itsost confidenantecedent. Specifically, for
a non-pronominal NP, the most confident antecedent was a&sktorbe the closest
non-pronominal antecedent (i.e., intermediate pronohrefarences were skipped).
For pronouns, the most confident antecedent was assumedttodbesest preceding
antecedent.

These changes in the learning framework, together with tbdification of Soon
et al’'sSSTR.MATCH feature, resulted in small but statistically significaningan per-
formance. (Thd--scores above account for these changes.)

4.2.5 (Strube et al., 2002)

Strube et al. reported on experiments in coreference résnlon German data.
They used a corpus of 242 short texts (36,924 total tokerm)taights, historic events,
and persons in Heidelberg. They used the C5.0 decision kassifter with standard

°Ng and Cardie use the term “most likely antecedent” for dbswy the coreference clustering
algorithm and the term “most confident antecedent” for dbsuy data generation.
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Level | Feature Description Values
Doc | boc.b Document number 1...250
NP ANTE_GRAM_FUNCTION | Grammatical function of ant subject, object, other
tecedent
NP ANTE_NP_FORM Surface form of antecedent | defNP, indefNP, persona
demonstrative, or pos
sessive pronoun, prope
name
NP ANTE_AGREE Antecedent’s person, gender,
and number
NP ANTE_SEMANTICCLASS | Semantic class of antecedepthuman, concrete objec
abstract object
NP ANA_GRAM_FUNC Grammatical function of subject, object, other
anaphor
NP ANA_NP_FORM Surface form of anaphor defNP, indefNP, persona
demonstrative, or pos
sessive pronoun, prope
name
NP ANA_AGREE Anaphor’s person, gender,
and number
NP ANA_SEMANTICCLASS | Semantic class of anaphor | human, concrete objec
abstract object
Coref | wDIST Distance between anaphorl...n
and antecedent in words
Coref | DDIST Distance between anapho0,1,>1
and antecedent in sentences
Coref | MDIST Distance between anaphorl...n
and antecedent in markables
Coref | SYN_PAR Anaphor and antecedent havees, no
same grammatical function
Coref | STRINGLIDENT Anaphor and antecedent copyes, no
sist of identical strings
Coref | SUBSTRING. MATCH One string contains the otharyes, no

Table 4.5: Features used by Strube et al. (2002).
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settings for pre- and post-pruning and Saairal. (2001)'s method for generation of
the training corpus.

In designing the feature set, special attention was paiddtufes which were (1)
relevant according to previous research, (2) cheap andtpibel., they could be anno-
tated (semi-)automatically, and (3) domain-independ&his resulted in 15 features
(Table 4.5), of which one feature was a document-level feat® were NP-level fea-
tures, and 6 were coreference-level features.

The system was trained and tested using 10-fold cross viaidat achieved arf -
measure of 59.97% (equally weighted between precisionecally. Unsatisfied with
the results, Strube et al. examined the performance of #Htares. The most important
feature turned out to be the NP form of the anaphor. This lethtto a hypothesis
that considerable differences in performance can be eggdodm the classifier with
respect to the NP form of the anaphor. To test the hypoth#ssgata set was split
into subsets, and the classifier was trained independemiach of these subsets. The
results confirmed the hypothesis: the classifier perfornatlp on definite NPs and
demonstrative pronouns (dfmeasure of 15.84% and 15.38%, respective), moder-
ately on proper names (dfr-measure of 65.14%), and quite good on personal and
possessive pronouns (BRmeasure of 82.79% and 84.94%, respective). Since definite
NPs accounted for more than a third of all positive exampidbleir corpus (38.19%),
Strube et al. felt it was necessary to try to improve theiohatgon. In particular, the re-
call was very low, 8.71%, so they focused on raising the tegthout losing too much
precision. An examination of the data samples suggestéditaTRING IDENT and
SUBSTRING MATCH features were too strong. To balance them, Strube et al.dadde
two new featuresANTE_MED andANA _MED, minimal edit distance, which measured
the similarity of strings by computing the minimal numberealiting operations (sub-
stitutions, insertions, and deletions) needed to transfame string into the other. The
inclusion of the MED features led to a significant improvemanperformance: the
F-measure for definite NPs rose by 18%, for proper names by fd@pronouns the
results were unchanged; and the ovelfalheasure rose by 8% to 67.98%.
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4.2.6 Coreference as clustering (Cardie and Wagstaff, 1999 )

Cardie and Wagstaff's approach is the only approach knowneavhich usesinsu-
pervisedmachine learning. It rests on a hypothesis that all NPs useatéscribe a
specific entity or concept are related in some way and thatdheeptual “distance”
between them is thus small, or smaller than between NPsideggdifferent entities.
Therefore, it is possible to view the task of coreferenceéhas af partitioning, or clus-
tering, NPs into equivalence classes. Specifically, givdasgription of each NP and
a method for measuring the distance between a pair of NPasteding algorithm can
either put them into the same partition if they are close ghouor in two different par-
titions if the distance between them is greater than a cett@eshold. NPs placed into
the same patrtition are considered coreferent. NPs pladedlifierent partitions are
considered not coreferent. The distance is defined as a sumcarhpatibility func-
tions, which compare NPs in each given pair with respectédeatures in Table 4.6.
For example, the function Gender compares the gender of Bthand returns 1 if
they do not match and O otherwise. All feature values werepmded automatically
without any manual tagging. The clustering radius thresdhieds obtained from their
corpus, but, as Cardie and Wagstaff remark, it might be emigtcross corpora and
thus would not need to be recalculated.

The approach was tested on the MUC-6 corpus. It achievedaedsure of 53.6%,
with equal weights to precision and recall. This performeantay seem modest, but
it important to remember that Cardie and Wagstaff's apgnaadully automated and
unsupervised. And like Socet al. (2001), they attribute some of the errors to erratic
or insufficient output from the preprocessing modules. Bipatly, the semantic class
module was responsible for many errors: the semantic ciaaction was coarse and
often inadequate. Also, they wished they had access to arb®tined entity finder
and information about grammatical and thematic roles. lizasbme of the errors
arose from the greedy nature of the clustering algorithnrdigéaand Wagstaff did not
report a performance analysis of their algorithm with restpe the features they used.
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Level | Feature Description Values
NP Individual Words| Words contained in NP
NP Head Noun The last word in NP
NP Position Unigue number from beginning qf
document
NP Pronoun type nominative, accusative,
possessive, ambiguous,
none for all other NPs
NP Appositive Is the NP an appositive? yes, no
NP Number plural, singular
NP Proper name Is the NP a proper name? yes, no
NP Semantic class | What is WordNet definition fon time, city, animal, human
head noun or its hypernym? A sep-object, number, money,
arate algorithm for numeric expres-company, plus a number
sions, money, and companies of idiosyncratic WordNet
concepts e.g., “payment”
NP Gender Determined from WordNet and amasculine, feminine, eir
list of common first names ther, neuter
NP Animacy animate, inanimate

Table 4.6: Features used by Cardie and Wagstaff (1999).
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4.2.7 A competition approach by (Connolly et al., 1997)

Connolly et al. presented a novel approach to coreferersodutton, radically different
from most of the research in the fieldRather than considering one antecedent can-
didate at a time, they applied classifiers to succegsares of candidates, each time
choosing and retaining the best, until all candidates irattiele were considered, thus
introducing an element afompetition Interested in determining empirical perfor-
mance baselines for machine learning approaches to thetaskerence resolution,
they considered four well-known classifiers: a posteriasslfier, a Naive Bayesian
classifier, a decision tree learner (C4.5), and a Neural Netwiassifier. They further
proposed and tested three hybrid classifiers and one haifigaisymbolic algorithm.
The hand-crafted algorithm consisted of a decision lishwapproximately 50 entries
covering both pronominal anaphors and definite NPs. HyHhadsifiers included a
hybrid Bayesian classifier, a hybrid decision tree, and aitdykeural Network clas-
sifier. All hybrid classifiers attempted to address the issiuleigh dimensionality by
assuming feature independence on data partitions/subsplaor instance, for the hy-
brid Bayesian classifier, the features were partitionedtnigroups: (1) the agreement
features (see below) and (2) all other features. The feminreach of the groups were
assumed to be independent of the features in the other grbep wonditioned upon
class.

Connolly et al. tested the algorithms on a corpus of 80 neyesiey articles with
approximately 35,000 words in total. The training and tegtilata were generated in
the following fashion. Correct candidates for each anaphere paired with every
other candidate for that anaphor and labeled as to whicheofwio antecedents was
the correct candidate. To avoid teaching the classifieraghatposition of the pair is
to be preferred, each candidate was presented to the aagsiice, with the candi-
date’s position exchanged. The candidates themselvespresented as feature-value
vectors, using the features in Table 4.7.

3A similar method was recently proposed by lieteal. (2003); | will not review their approach here,
as it is concerned with resolving references of Japanesegmenouns.

4With respect to recency, “zero” means same sentence as #phan “one” means the previous
sentence within the same paragraph; “near” means two oz #eetences away or the previous sentence
in a different paragraph; “far” means further afield. Theti@asSAGREE-KR1 andAGREE-KR2 were
determined with respect to the system’s lexicon and knogéa@presentation. No further details are
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Level | Feature Description Values
NP ANAPHOR-TYPE NP type pronoun, defi-
nite NP
NP CANDIDATEL1-TYPE | NP type pronoun, defi-
nite NP
NP CANDIDATE2-TYPE | NP type pronoun, defi-
nite NP
NP ANAPHOR-GRAM Grammatical case subject, V ob-
ject, PP object,
other
NP CANDIDATE1-GRAM | Grammatical case subject, V ob-
ject, PP object,
other
NP CANDIDATE2-GRAM | Grammatical case subject, V ob-
ject, PP object,
other
Coref | RECENCYL Distance from anaphor to candidate 1 zero, one, near
far
Coref | RECENCY2 Distance from anaphor to candidate 2 zero, one, near
far
Coref | MORE-RECENT Whether candidate 1 is more recent
than candidate 2
Coref | AGREE-COUNT1 Whether anaphor and candidate 1 agree
in count
Coref | AGREE-COUNT2 Whether anaphor and candidate 2 agfee
in count
Coref | AGREE-GENDERL Whether anaphor and candidate 1 agfee
in gender
Coref | AGREE-GENDER2 Whether anaphor and candidate 2 agfee
in gender
Coref | AGREE-KR1 Whether the anaphor meaning sub-
sumes that of candidate 1
Coref | AGREE-KR2 Whether the anaphor meaning sub-
sumes that of candidate 2

Table 4.7: Features used by Connolly et al. (1997).
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Algorithm Pronouns| Definite NPs| All references
Hand-crafted 51.6 25.7 38.7
Posterior classifier | 32.7 7.9 20.4
Bayesian 35.9 11.2 23.7
Hybrid Bayesian 52.5 25.2 40.0
Decision tree 49.3 31.8 40.6
Hybrid decision treg 51.6 30.4 41.1
Neural net 52.1 28.9 40.6
Hybrid neural nets | 55.3 37.4 46.4

Table 4.8: Performance of the classifiers used by Connolly et al. (1997) in percentage

correct.

The classifiers’s performance is shown in Table 4.8. Theidylkeural Network
classifier (subscape trained) achieved the best successfr87.4% for definite NP
anaphors, 55.3% for pronominal anaphors, and 46.4% foetdlences.

4.3 A Machine Learning approach to other-anaphora

4.3.1 Experimental data

Five hundred samples of other-anaphors with NP antecedamesextracted from the
Wall Street Journatorpus (Penn Treebank, release 2) using the data extramtaos-
dure outlined in Chapter 3, with two exceptions. First, foe LEX and SAL experi-
ments the anaphors were extracted in a two-sentence wiriddhe ML experiments
reported in this chapter, | used a more realistic window of Bentences (sentence
containing “(an)other” plus four preceding sentences). &@phors that occur at the
beginning of an article, where there may not be four preagdientences, | used the
context that was available. Second, since the LEX algorithmot capable of han-
dling pronominal antecedents, all pronouns were deletad the LEX corpus prior to
evaluation. For the ML experiments, pronouns were leftdhta

available from the article.
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The samples were extracted in three steps. First, | ran a FaRiearchto ex-
tract from all sections of the WSJ corpus other-NPs in a cdmaEfive sentences. The
search returned 2,294 samples. Next, | used a regular esxpnsgrammar from Chap-
ter 3 to extract samples with other-anaphors and non-straicantecedent$.During
this procedure, 340 samples with idiomatic expressioss,cbnstruction, etc. were
discarded. In addition, 66 more such cases were discardediatlg these were
the cases that the filter had missed. The resulting data iletmsitained samples
of other-anaphors with non-NP antecedents. (Besides NRsr-anaphors can take
as antecedents, e.g. adjectives, clauses and various ensgifsamples with non-NP
antecedents were filtered out during the corpus annotatiégesin which antecedents
of other-anaphors were identified and assigned a\taxE or SPLANTE; the latter for
split antecedents. There were at least 194 samples witiNfbantecedents in the cor-
pus; | stopped annotation/manual filtering when | had 500p¢@srwith non-structural
NP antecedents. Also, six cases were such that the antésedene cataphoric; these
cases were also removed from the data set.

The resulting gold standard corpus subsumes the gold sthrodapus used in
Chapter 3. It has three times as many samples of other areaplitbrNP antecedents
as the gold standard corpus used in Chapter 3 (500 vs. 123esimplot all other-
anaphors from Chapter 3, however, found their way to the rawus. A few samples
of the anaphors were filtered out during the corpus creati@meze. — The filters that
filter out idiomatic phrases with “other”, reciprocal pheasand list-other are com-
pletely automatic; they were improved before running onrtee corpus. This, how-
ever, resulted in the exclusion of some valid examples oémémaphors. The new
corpus is different from the one in Chapter 3 in one more ressp&ll anaphors were
resolved from scratch in the new corpus, and in some casese(tirere very few of
them), this lead to a different interpretation of their aetents. This is particularly
true of cases in which more than one interpretation is péssib

As in the case with the corpora used for the pilot study of e#r&phora in the
BNC (Chapter 2) and the comparison of the LEX and SAL algarglon the samples

Shttp:/tedlab.mit.edu/ dr/Tgrep2/
8This includes predicate nominals with “other”, e.g., “tlisanother company that . ..”, and appos-
itives, e.g., “Mary, the other teacher...".
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from the Wall Street Journatorpus (Chapter 3), the gold standard for the machine
learning experiments reported in this chapter was annbtateéhe author and it reflects
my interpretation of what the antecedents of other-anaphare in each particular
case.

The antecedent extraction procedure was the same as in e SAL exper-
iments in Chapter 3. The procedure is as follows. First, taoted all base NPs, i.e.,
NPs that contain no further NPs within them. NPs containipgssessive NP modifier
were split into a possessor phrase and a possessed entigephXext, | filtered out
null elements (tagged -NONE-). And finally, all anaphors alighotential and actual
antecedents were lemmatised using the CELEX database.

| used the following procedure (So@hal., 2001) to generate the training/test data
set. Every pair of an anaphor and its closest preceding leantitecedent created a pos-
itive training instance. To generate negative traininganses, | paired anaphors with
each of the NPs that intervened between the anaphor andéisegient. Note that this
approach allows for onlpne positive instance per anaphor and thus it cannot handle
split antecedents. In cases with split antecedentscltteestantecedent was paired
with the anaphor to create a positive instance. Negativianmtes were generated as
above, i.e., all instances prior to the most recent antetedere discarded. This pro-
cedure produced a set of 3,084 antecedent-anaphor paigjiofi 500 (16%) were
positive training instances.

4.3.2 The features

| experimented with twelve features automatically acqifrem the corpus and from
additional external resources. The features are sumntaiz&able 4.9. Eleven of
these features were used in the first round of experimentsgshwdompared a Naive
Bayes classifier and a decision tree classifier. These fsatliaw on previous research
discussed in Section 4.2 and on my own work on other-anagteseribed in Chapters

2 and 3. The last featurgyeB, was added in the second round of experiments, which
compared two sources of semantic knowldge, WordNet and &tz Below, | describe
procedures for acquisition of features 1-11 and the regsurased for this purpose.

"http://www.kun.nl/celex/
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No | Type | Feature Description Values

1 Gram | NP_FORM Surface form (for all NPs) definite, indefinite,
demonstrative, pronoun
proper name, unknown

2 Gram | RESTRSUBSTR | Does lemmatised antecedent stringes, no

contain lemmatised anaphor string?

3 | Gram| GRAM_FUNC Grammatical role (for all NPs) subject, predicative NH
dative object, direct obt
ject, oblique, unknown

4 Gram | SYN_PAR Anaphor-antecedent agreemenyes, no

with respect to grammatical
function

5 | Gram| sDIST Distance between antecedent antl, 2, 3, 4,5

anaphor in sentences

6 | Gram | MDIST Distance between antecedent andN... -1

anaphor in intervening NP units

7 | Sem | SEMCLASS Semantic class (for all NPs) person, organization, lo
cation, date, money, num
ber, thing, abstract, un
known

8 | Sem | SEMCLASSAGR | Anaphor-antecedent agreemenges, no, unknown

with respect to semantic class

9 Sem | GENDER Gender (for all NPs) male, female, neuter, ur
known

10 | Sem | GENDERAGR Anaphor-antecedent agreemergame, compatible, incon

with respect to gender patible, unknown

11 | Sem | RELATION Type of relation between anaphoisame-predicate, hy|

and antecedent pernymy, meronymy,
compatible, incompatible
unknown

12 | Sem | WEB Based on frequency counts fomwebfirst, webrest

lexico-syntactic patterns on th
www

e

Table 4.9: Features used in the Naive Bayes and C4.5 classifiers. “Gram” stands for

grammatical features, i.e., features that do not require semantic knowledge; “Sem”

stands for semantic features, i.e., those that require (some) semantic knowledge.
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TheweB feature will be introduced in Section 4.4.

Some features are attributes of a pair, eRESTRSUBSTR SYN_PAR, SDIST,
MDIST, SEMCLASS AGR, GENDER AGR, andRELATION. Other features are NP-level
features, e.gNP_FORM, GRAM_FUNC, SEMCLASS GENDER, WEB. The features were
computed for antecedent NPs only (all potential and actu@cedents).

4.3.2.1 Grammatical features

The featureNP_FORM is based on the POS tags in the WSJ corpus and heuristics.
Generally, non-pronominal NPs were classified on the bddisexr determiners and
determinatives, based on (Huddleston and Pullum, 2802e values for this feature
are summarized in Table 4.10. For instance, NPs with themeéters “the” and “all”
are definite; NPs with the determinantives “every” and “sald@ndefinite’; and NPs
with the determinantives “this” and “that” are demonsirati The demonstrative cat-
egory also includes pronouns “this”, ‘that”, “these” anttdse”. Quantified phrases
with cardinal numbers are indefinite; bare NPs are indefiffper names are NPs
with the start taguNP or NNPS10 Proper names starting with “the”, e.g., “the Trade
and Industry Ministry”, were classified as proper names. dgHeston and Pullum,
2002) contains no information about definiteness of NPs teigtain”, “numerous”,
and “various”; therefore they were classified as “unknown”.

The featureRESTR.SUBSTR matched lemmatized antecedent and anaphor strings
and checked whether the antecedent string contains théansiping. This would ap-
ply to examples such as “one woman ringer ... another womadh’aso “one woman
ringer ... another ringer” and “one woman ringer ... anotikeman ringer”.

The values for the featureRAM_FUNC were approximated from the parse trees
and Penn Treebank annotation. In particular, clausal stdhj@redicative NPs and

8A determiner is a function in NP structure; a determinativa lexical category. Not all determiners
are realized by determinatives, e.g., a genitive NP detegmAlso, many of the determinatives can have
other functions than that of determiners, e.qg., “three” determiner in “three books”, but a modifier in
“these three books”.

9According to (Huddleston and Pullum, 2002), when using héamd every”, the concern is with
the individual entities (as opposed to a set, e.g., “bottestts”), but they do not satisfy the criterion of
being identifiable.

10This is obviously an over-generalization, as not all NP$ st with the taguNP are names, e.g.,

“Mitsubishi lawyers”.
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Determiner or determinative Value

“the”, “all”, “both”, “either”, “neither”, “no”, | definite
Hnone"

“a(n)”, “each”, “every”, “some”, “any”, “(a)| indefinite

(LTS ”

few”, “several”’, “many”, “much”, “little”, “most”,

“more”, “fewer”, “less”

“this”, “that”, “these”, “those” demonstrative|
cardinal numbers indefinite
bare NPs indefinite
“certain”, “numerous”, “various” unknown

Table 4.10: NP_FORM values.

some oblique adverbials are explicitly marked in the Tredb#bjects were inferred
from the tree structures.

The featuresyN_PAR captured syntactic parallelism between anaphor and adate
If antecedent and anaphor had the sasraM_FUNC value, they were syntactically
parallel.

The featuressDIST and MDIST measured the distance between anaphor and an-
tecedent in terms of sentences and intervening NP uniisecésely.

4.3.2.2 Semantic features

ThesemcLAssfeature was determined as follows. Proper names were fidaisgsing
ANNIE, part of the GATE2 software packadg®.Common nouns were looked up in
WordNet, considering only their most frequent sense. Tessthe WordNet database,
| used WordNet::QueryData Perl-to-WordNet interfdéeln each case, the output
was mapped onto one of the values in Table 4.9. The value ‘amkhwas used for
concepts missing from WordNet.

The SEMCLASS AGR feature compared the semantic class of the antecedent with
that of the anaphor NP and returned “yes” if they belong testae class; “no”, if they
belong to different classes; and “unknown” if the semantass of either the anaphor

Uhttp://gate.ac.uk
Phttp:/www.ai.mit.edu/jrennie/WordNet/
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No | Feature Nr of errors | % correct
1 NP_FORM 12 88%
2 RESTRSUBSTR | O 100%
3 | GRAM_FUNC 46 54%
4 | SYN_PAR 16 84%
5 SDIST 0 100%
6 MDIST 0 100%
7 | SEMCLASS 22 78%
8 | SEMCLASSAGR | 20 80%
9 GENDER 18 82%
10 | GENDERAGR 18 82%
11 | RELATION 22 78%

Table 4.11: Performance of feature acquisition modules on a random sample of 100
NPs.

or antecedent had not been determined.

The values for the featureeNDER were determined using lists of male and female
titles, kinship and occupational terms, WordNet, and US90er1.990 lists of male and
female first name$® Four values were used: “male”, “female”, and “unknown” for
persons; and “neuter” for the rest of the nouns. The valudriown” was used for
nouns that can refer to both male and female persons, eegglier”.

The featureSENDER AGR captured agreement in gender between anaphor and an-
tecedent. Four values were possible: “same”, if both NPs Bame gender; “compati-
ble”, if antecedent and anaphor had compatible gendey, lagyer ... other women”;
“incompatible”, e.g., “Mr. Johnson ... other women”; anchkmown”, if one of the
NPs was undifferentiated, i.e., if the gender value was fuomkn”.

The values for the featureeLATION (between other-anaphors and their antecedents)
were partially determined by string comparison (“sapredicate”) and by looking up
anaphor and antecedent synsets in WordNet (“hypernymy”“am@onymy”). An
anaphor and antecedent stand in a same-predicate reidtimth NPs have the same
head nouns, e.g., “one book ... other books”. Hypernymy ikSénrelation in Word-

Bnttp:/vww.census.govigenealogy/names/
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Net, e.g., “the red car. .. other vehicles”. Meronymy is a{udirelation, e.g., “shares
... other stocks”. As other relations, e.g., “redescripti(Examples 34—-38 in Section
2.6), could not be determined on the basis of the informatidiWordNet, the follow-
ing values were used: “compatible”, for NPs with compatsddenantic classes, e.g.,
“‘woman ... other leaders”; and “incompatible”, for NPs wa@emantic classes were
incompatible with each other, e.g., “woman ... other ecoandicators”. Two nouns
are compatible if they have the samemMcLASS value, e.g., “person”. The notion of
compatibility is vague on purpose, because there is no@kgisjointness information
in WordNet, except with respect to adjectives, which argoghs with their antonyms,
e.g., “big” is disjoint from “small”. Also, compatibility nght be defined along a vari-
ety of parameters. For instance, if compatibility is baseth@ notion of being human,
then nouns “woman” and “husband” would be compatible; iftcbmpatibility is based
on gender, then “woman” and “husband” would be incompatibdalculated compat-
ibility on the basis of values of the featuseMCLASS If the anaphor and antecedent
head nouns had been tested for sgpredicate, hypernymy, and meronymy relations,
and no such relations were found to hold, then tlsgEiMCLASS values were com-
pared. If both nouns had the same value, e.g., “person”, tthenwere said to be of
compatible type and the value of the feateEATION was set to “compatible”. If the
nouns had differensEMCLASS values, e.g., one of the nouns had the value “person”
and the other had the value “date”, they were determined@mmpatible. The value
“unknown” was used if the type of relation could not have bdetermined, or when
thesemcLAss of one of the nouns was “unknown”.

All feature acquisition modules were implemented in Pettheif performance is
listed in Table 4.11, based on a random sample of 100 NPs. @iiermance of the
modules was calculated based on a manual inspection of thesvaFor the feature
SEMCLASS | compared the real reading in the text with the most fregsemse in
WordNet. Itis unclear why therRAM_FUNC module labelled correctly only 54% of the
NPs in the random sample. The module tends to under-recegbimjue constituents
and thus label them as “unknown”. Overall, errors made byf#ladure acquisition
modules ranged from mistakes in conceptual design (e .g.assumption that in the
WSJ corpus the pronoun “they” is more likely to refer to pers) to errors made by
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the Named Entity Recognition module and omissions from \Netd

Each antecedent NP in the training/test data set was reyegsas a feature-value
vector, where the values described properties of anteted&he first three entries in
the data file on which the classifiers were trained are sholowbéelhe first value is
the NP identity tag; the last value is its class (i.e., witbpect to antecedenthood).
Note that the order of the features below is not the same aabie®.9. The values
“webrest” and “webfirst” will be explained in Section 4.4.

NP1730,indef,abstract,yes,none,same,yes,same_pred,u nknown,yes,2,-8,webfirst,yes
NP1731,def,date,no,none,same,no,diff,obg,no,2,-7,we brest,no
NP1732,def,org,no,none,same,no,diff,sbj,no,1,-6,web rest,no

4.3.3 Choosing the learning algorithm: Naive Bayes vs. deci sion

trees

The type of learning framework is one of the three ingredientany machine learn-
ing system. (The other two are the data and the featuresatbarng the data set.)
Although most state-of-the-art coreference resolutisteays use decision tree induc-
tion (Section 4.2), it is unknown whether decision treesiadeed the best approach
for the task. And it is unknown whether decision trees wowddhe best approach for
resolving other-anaphors, as the two phenomena are sorhdiffieeent. Specifically,
not all definite NPs are anaphoric (actually less than h#f)d therefore, in resolv-
ing definite descriptions current coreference resolutigsteans tend to value higher
approaches that result in higher precision than those déisattrin higher recall. Other-
anaphors, on the other haradwaysrequire an antecedent, and therefore it is important
that as many of the anaphors that have been resolved havedsedved correctly.

| have experimented both with a decision tree classifier aNdige Bayes classi-
fier, using the implementations in the Weka machine leartiimagry.}4 Both classifiers
are implemented in Java; the C4.5 decision classifier issmphted as J4%9.

Lnttp:/vww.cs.waikato.ac.nz/ miiweka/

151 have also experimented with a Neural Network classifier 8adport Vector Machines with Se-
quential Minimal Optimization, SMO, both available from iée These classifiers achieved unsatisfac-
tory performance on other-anaphors.
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Both classifiers take as input a set of instances describadbgjunction of feature
values (Section 4.3.2). On the basis of feature distriloutiche training data set, they
learn what features are more likely to predict a certainglg8Vith respect to other-
anaphora, the classes are “antecedgnt” or “antecedentno”.) Once the features
and the best combination of them have been learned, thairgsaiodel can be used
to classify unseen instances.

The decision tree and the Naive Bayes classifiers differ va#ipect to the algo-
rithms they employ. The decision tree learner construcisar decision tree, begin-
ning with the question “which feature is the best predictba@lassc?”. To answer
this question, each feature is evaluated using a statistisiato determine how well it
alone classifies the training examples. The best featurelésted and is used as the
root node of the tree. A descendent node is created for eduh vhthe root feature
and the data set is then partitioned accordingly. The peoisesepeated at each de-
scendent node in the tree, until there are no more instancessider. At each node
of the tree the learner selects a feature that partitionsdhgples in the most effective
way. The most effective feature is the one with the higlh@&@sirmation gain i.e., the
number of bits saved when encoding the target value of anyrampmember of the
data set (Mitchell, 1997). To avoid over-fitting, the deaistree produced by the clas-
sifier is automatically pruned to remove parts that are ptedito have a high error
rate. The pruning confidence affects the way the error rategstimated and hence
the severity of pruning. Values smaller than the defaul#f26ause more of the initial
tree to be pruned; larger values result in less pruning. Assten trees can sometimes
be difficult to understand, some implementations of C4.5ienduccessor C5.0 pro-
vide a mechanism to convert trees into sets of rules. Ruteasetgenerally easier to
understand than trees because each rule describes a spaiégt associated with the
rule.

The Naive Bayes classifier uses Bayes Rule to estimate thmlpitty of each
class. The learning function is a product of the prior praligbof a classc, P(c),
and the conditional probability of observing the featuréuea that support the class,
P(F|c):

P(clF) = P(c)P(F|c)
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Feature values are assumed to be independent; thus thebpitgbaf observing the
conjunction of feature values is just the product of probids of individual features:

P(c|F) = |‘|P|=\

The probabilities of individual feature values for eaclsslare estimated by count-
ing the frequencies with which a particular feature occuarshie data set among the
positive and negative training samples (maximum likelth@stimation). The prior
probability of a class is estimated in a similar fashion, bymting the number of pos-
itive and negative training instances in the corpus. Givem possible outcomes, the
classifier chooses the class for which the learning fundtesmthe maximum value:

class= argmaxP(c |'| P(F|c)
ce{yesno}

Because the resulting model is probabilistic, it can bedliffito interpret. How-
ever, | will show in Section 4.3.5.1 that there are ways tareabout the internal
structure of the model, by interpreting the probabilitiédemture values for each of
the two classes.

The C4.5 classifier and the Naive Bayes classifier were tiaamel tested on fea-
tures 1-11, using 10-fold cross validation. | experimentth different confidence
values for the C4.5 classifier, from 25% to unpruned trees Mmimum number of
instances per node for C4.5 was set at two.

The classifiers were evaluated using the following standedsures for ML algo-
rithms. Precisionindicates how many of the NPs classified as “antecedged” are
indeed the correct anteceder®ecallindicates how many of the NPs that should have
been classified as “antecedeyes” are correctly identifiedF-measures calculated
asF = 2PR/(R+ P). For each classifier, | also give the numbetrofe positivegTP)
andfalse positivegFP). True positives are correct antecedents that haveseeess-
fully classified by the algorithm. False positives are NPsclhhave been classified
as correct antecedents, while in fact they are not the tNgst Performance of the
Naive Bayes and C4.5 classifiers on other-anaphors is listéable 4.13.

To indicate the difficulty of the task, the performance of thessifiers is compared
with a simple rule-based baseline algoritiBasel, which takes into account the ob-
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Classifier P R F TP | FP

Basel 27.8% | 27.8| 27.8| 139 | 361
C45-C25% |69.3 |24.8|36.5|124 |55

C45-C65% |54.2 |33.2|41.2|166| 140
C4.5 Unpruned 47.9 | 34.8| 40.3| 174 | 189
Naive Bayes | 50.5 | 40.6| 45.0| 203 | 199

Table 4.12: Results for the Naive Bayes and the C4.5 classifiers trained on features
1-11 and comparison with the Basel algorithm. Bold font indicates best results. With
respect to TPs and FPs, the best results are the highest number of TPs and the lowest

number of FPs.

servation that the lemmatised head of an other-anaphotda ttie same as that of its
antecedent, as in Example 88.

(88) These three countriemen’t completely off the hook, though. They will remain
on a lower-priority list that includesther countries. . .

For each anaphoBasel string-compared its last (lemmatised) word with the lasstn(i
matised) word of each of its possible antecedents. If thedsvanatched, the corre-
sponding antecedent was chosen as the correct one. If kaméeaedents produced
a match, the baseline chose the most recent one among thestringf-comparison
returned no antecedent, the baseline algorithm chose tteeetent closest to the
anaphor among all antecedents. The baseline assignedttyesactly one antecedent
per anaphor. Its precision, recall, aRemeasure were 27.8%.

The CA4.5 classifier achieved worse results overall than thige\Bayes classifier
induced from the same data using the same set of featuregreltsion was signifi-
cantly higher than the precision of the Naive Bayes clasgifie confidence value 25%
only), but recall was much lower. (Recall was significantdwér for confidence val-
ues 25% and 65%. The difference between the unpruned Cd$iatetree and Naive
Bayes was not significanty Note that for the task of resolution of other-anaphora,
recall is as important as precision. In termsFoimeasure, the overall performance

16| used a t-test with confidence level .05 for all significanests. In tables, significantly better
precision, recall, an&-measure are in bold font.
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of the Naive Bayes classifier was higher than that of the @mcisee classifier, 45%
vs. 41.2% (for confidence set at 65%; from now on all refersrtoghe decision tree
classifier are to this version). Also, the Naive Bayes cfasstonsistently found more
correct antecedents than the decision tree classifier: P83/$. 166 TPs for the C4.5,
which amounted to a 22% difference in the scores. This wasobitlee reasons to
abandon C4.5 and concentrate on Naive Bayes in subsequariragnts.

The second reason was the overall low recall scores for thie €ldssifier. Decision
tree classifiers tend to have low recall (and a relativelytpgecision), which is a result
of the classifier’'s inductive bias: When partitioning a ds¢d, a decision tree classi-
fier orders features by an information-theoretic criteriteatures that are expected to
produce a larger reduction in entropy after the set has beeitipned according to
this feature are applied sooner than those that result inelemeduction of entropy.
This, in combination with post-pruning, leads to higherwaecy, but at the expense
of discarding some features altogether. The Naive Bayasifilar, on the other hand,
takes into account probabilities afl features for each particular instance. Moreover, it
looks at thecombination of featureand this seems to lead to better results, in particular
to a gain in recall, than a decision tree approach, even withost-pruning.

The third reason was the general unsuitability of the denisiee classifier for the
data set. Decision tree classifiers are more suitable fer sigtls with many input di-
mensions (i.e., features), some of which might be reduralaghfor noisy, and thus one
of the classifier’s tasks is to identify which features adevant and informative with
respect to the data s#t.In the case of other-anaphors, | used relatively few, céyefu
chosen features, which were known in advance to be relewardther-anaphors. It
seemed wasteful to discard relevant features, even if treeyat high-precision fea-
tures.

And finally, as | indicated earlier, in the task of resolutafrother-anaphora, a clas-
sifier's recall and precision are of equal importance, s{icdike definite descriptions)
all other-anaphors require antecedents.

With these considerations, in all subsequent work | useg tré Naive Bayes
classifier, specifically the version trained on features,1;8510, and 11, which from

1'Richard Zemel, University of Toronto, p.c.
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Classifier P R F TP | FP

Naive Bayes| 50.5| 40.6 | 45.0 | 203 | 199
NBStand 51.7| 40.6 | 45.5| 203 | 190

Table 4.13: Results for the Naive Bayes classifier trained on features 1-11 and NBStand
trained on features 1-5,7,8,10,11.

now on is referred to alBStand. Excluding featureSENDER andMDIST lead to a
small improvement in the classifier’s precision efdaneasureNBStand made fewer
false predictions, 190 FPs vs. 199 (Table 4.13).

In this section, | compared two learning frameworks on trek taf resolution of
antecedents of other-anaphors: decision trees (C4.5ghwdre commonly used in
coreference resolution, and the Naive Bayes classifier. dther classifiers, a Neu-
ral Network classifier and Support Vector Machines, were #&sted on the data and
abandoned, as they achieved unsatisfactory results. urefutork, | would like to ex-
periment with a Maximum Entropy classifier. Maximum entropgdeling has been
used for a variety of natural language applications, froggiag (Ratnaparkhi, 1996)
and PP phrase attachment (Ratnaparkhi, 1998), to nhameyg eaognition (Borth-
wick et al, 1998) and coreference resolution (Kehler, 1997b). Likeisien trees and
the Naive Bayes approaches, Maximum Entropy models relosadeairning task as a
probabilistic process. There is, however, one importdifédince: Maximum Entropy
models make no assumptions about the probability distabwnd thus they do not
impose any additional constraints on the learned model NEtiee Bayes classifier, for
instance, assumes that feature values characteriziranires are independent of each
other, which is not true for all features; | will return to shissue in Section 4.3.5.2.
Inductive bias (prior assumptions) is a fundamental priypef inductive inference
such as decision tree induction or Bayesian classifica#olearner that makes no a
priori assumptions about the learned classes has no rabases for classifying un-
seen instances. However, it is desirable to keep the biamatimum and not assume
anything beyond what has been observed in the data.

Despite its independence assumption, the Naive Bayessleachieved encourag-
ing results, and as | show in Section 4.3.5, this inductiees loiid not seem to confuse
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the classifier. The next section examines in detail the ifiass performance, its lim-
itations and learned model, and evaluates the contributidhe various knowledge
sources.

4.3.4 NBStand: Performance, error analysis, and venues for im-

provement
4.3.4.1 Disambiguating the results

The results for the Naive Bayes classifier in Section 4.318l the decision tree clas-
sifier as well) are somewhat misleading: The classifiersqoerance is calculated
without taking into account case boundaries. The classifierates on the whole set
of antecedent-anaphor pairs, and therefore for each andptan classify as “yes”
more than one potential antecedent. To amend this, somefsioiiremental proce-
dure is necessary. (Note that predicting multiple antecesdeould not be a problem in
coreference resolution, since antecedents often fornfexemce chains, and it would
be desirable to identify all members of a coreference chaiiso, the classifier does
not know that each NP with “other” is anaphoric and therefas an antecedent. (This
again contrasts with definite NPs, which may be discourseara thus they would
not require an antecedent.) Using a back-off procedure avarhedy this problem,
and | will describe such a procedure in Chapter 5. In thisigect focus on the first
problem — that of multiple predictions per each anaphor chgeesent a disambigua-
tion procedure that takes into account the fact that eacér-@haphor in the training
and test data sets has only one antecedent. The procedsrdiows.

For each instance in the training/test data setNBgtand classifier returned two
posterior probabilities, the probability of “antecedeges” and the probability of
“antecedentno”, which indicated the likelihood of a noun phrase to semgean-
tecedent of the other-anaphor. | assumed that NPs with gkdas above or equal
0.5 were likely to be antecedents of other-anaphors ance:thel®w 0.5 were not. For
each anaphor in the training/test set, | considered eadiedrtecedent candidates in
a right-to-left manner, starting from the anaphor NP. Thecpdure was incremental;
it terminated when one antecedent was found (it may not haga the correct one) or
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Classifier | Success rate P R F Correct| Incorrect| None
NBStand 40.6 51.7| 406 | 455 | nla n/a n/a
NBStandp | 31.8% 60.0| 31.8| 41.57| 159 106 235

Table 4.14: Performance of the NBStand classifier with and without the disambiguation
procedure. The classifier that makes use of the disambiguation procedure is marked by

a subscript p.

when all NPs in the sample had been considered. Applyingtioisedure to the data
set produced the following results: 159 samples in whiclptieelicted antecedent was
the correct one; 106 samples in which the predicted antet&des not the correct one;
and 235 samples in which no antecedent was predicted. Radasins of precision,
recall andF-measure, these results were as in Table 4.14. For algaithat make
use of this disambiguation procedure | also usadiecess rateneasure. The success
rate indicates the percentage of anaphors with antecedsutived to the correct NP.

The classifiers’ performance is quite different with andhwitit the disambiguation
procedure. In particular, success rate and recall are 8&ptage points lower for
NBStand p than for the algorithm without the disambiguation. Preanss however 8.3
percentage points higher. The n€ameasure is somewhat lower, 41.57% vs. 45.5%.
Note also the difference between TPs and correctly resalasds on the one hand and
FPs and incorrectly resolved cases on the other. As mentiabeve, the classifier can
classify more than one NP in each sample as antecedent. sTinesause the samples
contain manydistractors i.e., entities that have antecedent properties but whieh a
not the correct antecedents:

(89) Industrywide, oil production in this country fell 500,000 barrels a dato 7.7
million barrels in the first eight months of this year. Dailytput is expected to
decline by at leastnother 500,000 barrelsnext year.

The correct antecedent in Example 89 is the NP “500,000 lsaarday”; however, note
the distractor “7.7 million barrels in the first eight montbisthis year” which has the
same head noun as the anaphor and the correct antecederacrs do not always
have the same head noun as the anaphor NP. They can be nantesrandn nouns
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with a different head:

(90) Delmed said yesterday thaesenius USAvould begin distributing the product
and that the company is investigatiather possible distribution channels

In Example 90, the antecedent is the NP “Fresenius USA’, wiscrelated to the
anaphor through redescription (“Fresenius USA is a possiidtribution channel”).
There is, however, another company name in this exampleie&’, later referred
to as “the company*® The approach | have outlined so far does not yet make any
special provision for samples with redescriptions, anthier research is necessary in
this area. However, even if the algorithm were capable ofeting the redescription
relation, it might not have been able to resolve this exarmaftier all because of the
competition from the NP “Delmed”. (Note that sentence Igweddication “would
begin distributing the product” helps to disambiguate theeeedent.) | will return to
the issue of redescription and other semantic relationsowdred by the Naive Bayes
algorithm in the next section.

In the next two sections | will give a detailed analysis oftyyges of errors made by
the NBStand p classifier and make suggestions about how to improve theitigos
performance. Section 4.3.5 will offer insights into theeimtal structure of the Naive
Bayes model.

4.3.4.2 Error analysis of samples with zero antecedents

TheNBStand p classifier failed to predict antecedents in 47% of cases f@riety of
reasons. Some errors were the result of bugs in the premiogesiodules and noise
in the data. Bugs ranged from extracting the wrong antededestrors in determining
the gender or semantic class of antecedent, its relatidretartaphor, and in the string-
matching module. Also, a better WordNet lookup proceduredglired.

Word sense ambiguity was another major reason for missitgcadents. An-
tecedents were looked up in WordNet for their most frequenss (the first sense in
WordNet). However, there were at least 30 cases in the datplsauch that either the
anaphor or antecedent or both NPs were used in a sense thakédras less frequent

18t is possible that “the company” corefers with “Freseniu8A), however, this interpretation is less
likely.
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in WordNet. This might even be a quite frequent sense for aipeorpus, e.g., the

word “issue” in the sense of “shares, stocks” in the WSJ. &toee, there is a strong
interaction between word sense disambiguation and resolaf other-anaphora. (See
also (Preiss, 2002) for a similar claim for pronoun resalnt)

A better named entity resolution system would also imprineeresults. At least
20 cases were unresolved because their NE antecedents vsetassified.

Modifiers of various kinds contribute an important piece @aming to the interpre-
tation of anaphors and antecedents, e.g., the meaning abtiephrase “a public/JJ
figure/NN” is quite different from that of “a figure”. The dataised in the ML exper-
iments have been stripped of modification for obvious reasétowever, keeping the
modifier “public” in the example above would have increadszl¢chances of a correct
resolution, since “public figure” is a separate entry in Wiéed (and also sense 5 of
the noun “figure”). Other modifiers are domain-specific, ,€.g.oss-connect/JJ sys-
tems/NNS” and “telecommunications/NNS equipment/NN'gsadjective-noun and
noun-noun collocations will not be recorded in WordNet. tRarmore, in cases such
as Example 91, the antecedent should be interpreted a¢faénBP complement of the
anaphor, rather than its head noun:

(91) The big brokerage houses learned the art of the instemtercial after the 1987
crash, when they turned orgassuring ads inviting investors right back into the
stock market They trotted outinother crop of instant commercialsafter the
sudden market dip a few weeks ago.

In the example above, the phrase “another crop of instanhwencials” means “in-
stant commercials other than reassuring ads ...” and nop“other than reassuring
ads...”. In Section 3.6.1, | gave examples similar to Exan®d! above; | referred to
them as anaphors with semantically vague antecedents,alger types of watches”.
Example 91 is both similar to cases with vague anaphors dfedetfit: in the example
above, the head of the anaphor is a quantity term, like “dishileck” and “(a) cou-
ple”. In general, it is not clear a priori whether anteceddRts should be interpreted
with respect to the head noun of the anaphor or with respeits 8P complement.
Consider for instance the following pair, “New York ... othereas of the country”
VS. “genetic engineering ... another area of promisingaet®. While in the former
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example, the anaphor is interpreted as “areas (of the cgusttrer than New York”, in
the latter, the anaphor is interpreted as “(promising)aede other than genetic engi-
neering”. In the latter example, the noun “areas” is useddasons of individuation,
as in separating a particular amount and putting it in arnviddal container with mass
nouns, e.g., “ a cup of water”. Further research is necedsaagldress the issue of
modification in anaphor resolution.

Many samples of other-anaphors require knowledge thatiavailable from Word-
Net; | will return to this issue shortly. However, even if tildormation is available in
WordNet, it might not be straightforward to retrieve, eig.Example 92 below, the an-
tecedent “retinoblastoma” and anaphor “other cancerssiater concepts; in Example
93, the antecedent “the machine” is a more general concaptttie anaphor “comput-
ers” (i.e., they stand in an inverted relation to each otherusually other-anaphors
express more general concepts than their antecedents).

(92) “I was convinced that what was trueretinoblastomawvould be true for all can-
cers.” It was an audacious claim. But in Baltimore, Dr. V@&gein, a young
molecular biologist at Johns Hopkins Medical School, eieDr. Knudson
was right, and set out to repeat the Cavenee experimentlgfaah other can-
cers

(93) The computer can process 13.3 million calculationkeddloating-point opera-
tions every secondl'he machin€an run software written foother Mips com-
puters ...

Consider also the following example:

(94) Dow Jones publishdhe Wall Street Journal, Barron’s magazjio¢her period-
icals and community newspapers&nd operates electronic business information
services .

The knowledge that a magazine is a periodical is reflected andWet, but only in

the concept’s gloss (“a periodic paperback publicationt;domparison, the concept
“journal” has a hypernym “periodical”). Efforts have beemade to include more and
different types of links in WordNet for the purpose of refece resolution (Harabagiu,
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1998; Harabagiu and Maiorano, 1999), but the resource #tebblen developed is not

available publically and it was costly to produce.

The remainder of the samples can roughly be classified inégofartially overlap-

ping groups:

e Examples that require domain- or situation-specific knoeeor general world
knowledge that is not available from WordNet, e.g., that@ibane is a (natural)
disaster; that a government can be an export customer;tdedtis a commodity
and coffee is an (important Colombian) export; that the iotes metals sec-
tor is one of Dow Jones industry groups; that a business offgroposal is
a (business) transaction; and that being a customer meang ibea business
relationship with the services provider. See also Example 9

(95) One may be William Brodericlg Sterling, Mass., growefThis is beauti-
ful stuff, ” he says, looking ruefully at big boxes of justeged Red Deli-
cious next to his barn.” But I'm going to lose $50,000 to $&Q 0n it. I'm
going to have to gednother job this year just to eat. ”

e Examples involving bridging phenomena, sometimes trigddary a metonymic
or metaphoric antecedent or anaphor, e.g., “The Justicamapnt’s view ...
other lawyers”; “chief executives ... other market souicé€hina General
Plastic ... other investors”. Consider also the followiregher striking example
of bridging:

(96) A Genentech spokeswoman said the agreement calls fechidbto pro-
mote TPA forheart patientsand streptokinase foother clot-reducing
purposes

The NBStand p classifier did resolve some metonymies, e.g., Example 97, pe

haps through a combination of semantic and grammatical ledye. But there
were many metonymies in the data set that it could not handle.

(97) Unisysdropped 3/4 to 16 1/4 after posting a third-quarter loss aR%$4
a share, including restructuring charges, otiter important technology
issueswere mixed.
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e Redescriptions and paraphrases, sometimes involvingrdgarally vague anaphors
and/or antecedents, e.g., “a question of investors’ acogke U.S. and Japanese
markets ... other important economic issues”; “employnreport ... other
economic indicators”; “researchers ... two other reseteeims”; see also Ex-
ample 90 above.

e Samples with ellipsis, e.g.,

(98) He seeflashy sportss the only way the last-place network can cut through
the clutter of cable and VCRs, grab millions of new viewerd il them
aboutother showspremiering a few weeks later.

The antecedent in this example is not the flashy sports, therdlashy sport

shows or programs, and thus an important piece of informatibich is nec-

essary to resolve the anaphor is omitted. (Alternativdig antecedent is a
content-for-container metonymy®

e Samples wittcollectivereferences, e.g., “pilots ... other labor group”; “Messrs.
Cray and Barnum ... other senior management”; “us ... othmasfi

When | embarked on the machine learning approach to othegkaora, |1 hypoth-
esized that a probabilistic resolution algorithm that sak&o account a variety of
semantic and grammatical factors might be able to resolvee rsamples of other-
anaphors with metonymic and semantically vague antecedewtredescription cases
than an approach that primarily relies on semantic knowdedlghile this turned out to
be true — to some extent: the Naive Bayes classifier resolteahdful of metonymies
and bridging antecedents — there are many such samplesdathset which it could
not resolve. This confirmed the importance of semantic angaiicular domain-
specific and general world knowledge for resolution of oteaphors. It further high-
lighted the need for further research into the nature ofding references and the role
of modification in anaphora resolution.

while Example 98 might be an example of bad writing, as has lseggested by several people,
such examples occur in natural texts and a robust anaphauties system should be able to handle
them. Also, if using some sort of filtering to filter out suchaexples, where would one draw a line be-
tween “bad writing” and “good writing” perhaps expressingoatroversial opinion, as, e.g., in Example
387 Neither of these examples can be resolved using a caonahtnowledge base.
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4.3.4.3 Error analysis of samples with incorrect predictio ns

Two questions require an answer with respect to cases of-attehors in which the
classifier made incorrect predictions: (1) why wasn'’t theect antecedent predicted;
and (2) why did the classifier choose incorrect entities? fener these questions,
I modified the disambiguation procedure to considiérNPs in each other-anaphor
sample, instead of terminating it as soon as one antecedarnfound. The results fell
into two groups: (1) cases in which one antecedent or more medicted and none of
them was correct, and (2) cases in which more than one argetegre predicted with
one of them being the correct one. On average, in both gro@slgorithm predicted
1.5 antecedents per each anaphor. As for the first questsedpat the beginning of
this section, the algorithm did not find correct antecedémtshe same reasons as in
Section 4.3.4.2, e.g., bugs in preprocessing modules, s@nde ambiguities, incor-
rect NE classifications, lack of domain, situation-speafigyeneral knowledge and
metonymic and redescription relations. It made incorreettions for the following
reasons:

e There is a bias towards named entities. Because there ararspproper names
in the WSJ corpus and because almost 40% of the correct aleteiseare proper
names, named entities are more likely to be predicted aseaeats. (See also
Section 4.3.5.1.)

e NPs with the same head noun as the anaphor are also moredikalytecedents
than NPs with a different head (Section 4.3.5.1).

e A syntactic filter is necessary to filter out impossible aptiants on the basis of
syntactic constraints reported in Chapter 3.

e Some correct antecedents just can’t make it over the thigsieir “antecedentyes”
probability hovering around 0.48. This is especially trdepeconominal an-
tecedents, abstract and “thing” entities, and anteceddmise grammatical func-
tion in the sentence is oblique or unknown. (See also Sedt®5.1.)

There are, however, genuinely hard cases, such as Example tB@ previous
section and Example 99 below:



124 Chapter 4. A Machine learning approach to other-anaphora

(99) But Coleco bounced back with the introduction of thabbage Patch dolls
whose sales hit $600 million in 1985. But as the craze diedec@ofailed to
come up withanother winner and filed for bankruptcy-law protection in July
1988.

The correct antecedent in Example 99 is the NP “Cabbage Hatlsi. The algorithm
resolved the antecedent to “Coleco”, because it is a namsujdct of the sentence
(the NER module failed to classify it as an organization)té\adso that both NPs stand
in a metonymic relation to the anaphor, and as such they dbdikely as antecedents
of “another winner”.

4.3.5 Explaining the errors
4.3.5.1 Aninsightinto the structure of the Naive Bayes mode I

To fully understand the reasons why tkigStand classifier failed to find antecedents in
68.2% of samples of other-anaphors, it is necessary to etiné Naive Bayes model
at a micro level, by comparing the conditional probabititef each feature value for
each of the two classes. Recall from Section 4.3.3 that tesifler predicts the class
of each new instance on the basis of the prior probabilityacheof the two classes and
the conditional probabilities of each feature value giviass:

class= argmaxP(c) |_| P(F|c)
ce{yesno} i

The prior probabilities of “e-yes” and “e=no” are constant for the data sét;c =
yes is 0.16 andP(c = no) is 0.84. The conditional probabilities, on the other hand,
range from 0.0012 foP(relation= holonymc = no) to 0.9861 for
P(restr_substr= no|c = no). To learn which features, in particular which feature val-
ues, are good predictors of a clasgonsider the ratio

P(vi[c)/P(vi[o),

wherect is the complement class ofandv; is some feature value. The greater the
ratio, the more likely the value of a particular feature tedlct that class: For some
instance, if mostof the features have values such tRataluec = yeg is much greater



4.3. A Machine Learning approach to other-anaphora 125

FEATURE=Value Class| Ratio

RELATION=samepred | yes | 13.23

RESTR SUBSTR=YyesS yes | 12.18

GENDERAGR=Same | yes | 2.63

SEMCLASS AGR=Yes | yes | 2.25

NP_FORM=name yes | 2.05

RELATION=incomp no 2.03

GRAM_FUNC=subject | yes | 1.75

SEMCLASS=0Ig yes | 1.78

SEMCLASS AGR=NO no 1.73

GENDER.AGR=Iincomp | no 1.54

NP_FORM=Iindef no 1.52

RELATION=unknown | yes | 1.51

Table 4.15: Values that are most likely to predict a particular class, when aggregated.

Values with ratio below 1.5 are not included.

than P(valudc = no), then, when aggregated, their product will be high enough to
counteract the low prior for “eyes” and, as a result, classify the instance asys”.
The reverse also holds, though with more force: For someuntsi, if manyof the
features have values such tiitzalugc = no) is much greater thaR(valugc = yes,
then the instance is more likely to be classified asrfo”. It doesn’t take many features
to tip the scale one way or the other; in Example 99 in the prevsection, it sufficed
that the NP “Coleco” was a proper nhame and subject of the seat® classify it
as antecedent (witR=0.67). The values with the greateB{vi|c)/P(v;|T) ratio are
listed in Table 4.15 (excluding infrequent values suchssvcLASS=numeric”, and
“GRAM_FUNC=predicate”.)

In general, a noun phrase is more likely to be classified ascadent if:

e it has the same noun head as the anaphor;
e it agrees with the anaphor in gender and/or semantic class;

e itis a named entity;
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e itis a clausal subject;
e itis a name of an organization;

e the relation between the anaphor and antecedent is unkffown.
A noun phrase is more likely to be classified as non-antedefien

e the anaphor and antecedent are of incompatible semansi; cla

e the anaphor and antecedent do not agree with each otheriirséimeantic class
value and/or gender;

e if the antecedent is realized as an indefinite NP.

Semantic values dominate Table 4.15, confirming the claiovaland in Chapter 3
that semantics is an important factor for resolving the eedents of other-anaphors.

4.3.5.2 The contribution of the features

| showed in Section 4.3.4 that tiNBStand classifier was mostly unsuccessful in re-
solving other-anaphors with semantically vague, metoryamd other bridging an-
tecedents and the redescription cases. Perhaps addinghgrarasn’t necessary at
all? To evaluate the relative contribution of the various\witedge sources to the clas-
sifier's performance, | ran a series of leave-one-out diassj where | disabled one
feature at a time (features 1-11). (The disambiguationgaiores was not used.) This
exercise also shed some light on the interaction of the festu

The Naive Bayes classifier makes an assumption that therésatwses are con-
ditionally independent of each other. However, it is cldaattmany of them are
not. For instance, the featUBEMCLASS AGR is dependent 0BEMCLASS because
it makes use of the semantic class information; the featweDER is dependent on
NP_FORM andSEMCLASS and the featursYN_PAR is based on the values for the fea-
ture GRAM_FUNC. These dependencies might reduce the power of the NaivesBaye

20This should not be surprising. There are many samples of-ah@phors which are redescrip-
tions and which involve bridging and metonymic antecedehtse types of antecedents are currently
assigned value “unknown”.
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Feature P R F TP | FP

NP_FORM 52.0| 35.8| 42.4| 179 | 165
SEMCLASS 52.3| 36.6| 43.1| 183 | 167
SEMCLASSAGR | 50.6 | 34.6| 41.1| 173 | 169
GENDER 51.8| 40.4| 45.4| 202 | 188

GENDER.AGR 53.8| 37.2| 44.0| 186 | 160
RESTRSUBSTR | 47.6| 41.4| 44.3| 207 | 228

RELATION 53.3| 32.4| 40.3| 162 | 142
GRAM_FUNC 50.1| 37.6| 43.0| 188 | 187
SYN_PAR 49.3| 39.8| 44.0| 199 | 205
SDIST 50.4| 40.4| 44.8| 202 | 199
MDIST 50.9| 40.6 | 45.2| 203 | 196

Table 4.16: Results for leave-one-out classifiers (features 1-11). Text in bold font indi-
cates success rate, precision, recall, and F-measure equal to or better than those when

using a full feature set.

discern what is going on, and hence removing these depeledendikely to lead to
improved results.

When evaluating the performance of leave-one-out classifiassumed that if the
algorithm’s performance did not change when a particulatuiee was disabled, then
the feature did not make a significant contribution. If the@@nance of the classifier
increased, the feature had a confusing effect and it shautdrinoved. With the major-
ity of the features, recall dropped 0.2—8.2%, while prexisiaried between 47.6% and
53.8% (Table 4.16). Moreover, for many of the features, lterapped and precision
(naturally) increased. However, three features equafigcedd precision and recall:
GRAM_FUNC, SYN_PAR, andsDIST. When these features were disabled, both preci-
sion and recall dropped. For two featuregNDERanNdMDIST, theF-measure actually
increased, suggesting that these features might be redunidafact, whenGENDER
andMDIST were disabled, the classifier achieved a somewhat high&rpence, in
particular a higher precision (Table 4.13).

In addition to leave-one-out classifiers, | ran a series eff@ature classifiers, e.g.,
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Features P R F TP | FP

RELATION 68.0| 16.6| 26.7 | n/a| n/a
RESTRSUBSTR| 70.6| 16.8| 27.1| n/a| n/a

Table 4.17: Results for one-feature classifiers with non-zero F-measure.

Features P R F TP | FP

RELATION & RESTRSUBSTR | 68.5| 17.0| 27.2| n/a| n/a

Table 4.18: Results for the two-feature classifier (features RELATION and RE-
STR.SUBSTR.

the classifier was trained and tested on one feature at a Time features gave non-
zeroF-measureRELATION andRESTR.SUBSTR(Table 4.17). Th&ReLATION feature
is not independent ;RESTR.SUBSTR one of the values of the featuRELATION is
“samepredicate”, which is based on the output of HeSTR. SUBSTRmodule. How-
ever, this interdependency did not seem to confuse the Neayes classifier; when
trained on just these two features, the classifier actuatyeaes slightly better results
than one-feature classifiers (Table 4.18).

To evaluate the joint contribution of similar knowledge sms, e.g., grammatical
and semantic features, | ran two additional baseline dlassiNBBaseGR(grammatical
features only), andiBBaseSEM(semantic features only).

Results in Table 4.19 confirm that grammar by itself is nofisigint to resolve
other-anaphors. In particular, recall of tNBBaseGRclassifier is very low, 14.6%. In
fact, NBBaseGRperformed worse thaBasel, which operated on a combination of re-
cency and string matching. This difference is due to thengidimitation in the Naive
Bayes approach: The training data contains no indicationdibw manyantecedents
there are in the data set for each anaphor sample, Bhdel always knows that for
each anaphor in the data set there is one and only one ante¢8detion 4.3.4). Com-
pared withNBBaseGRandBasel, the semantic baseliféBBaseSEMperformed signif-
icantly better, achieving a recall of 34.8%. However, psem dropped significantly,
to 49.3% (as compared with precisionBBaseGR. Nevertheless, the performance of
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Classifier P R F TP | FP

Basel 27.8| 27.8| 27.8| 139 | 361
NBBaseGR | 74.5| 14.6 | 24.4| 73 | 25

NBBaseSEM| 49.3 | 34.8| 40.8 | 174 | 179
NBStand 51.7]| 40.6 | 45.5| 203 | 199

Table 4.19: Results for the NBBaseGRand NBBaseSEMclassifiers and comparison with
Basel and NBStand . NBBaseGRwas trained on grammatical features 1-5; NBBaseSEM

was trained on semantic features 7,8,10,11.

NBBaseSEMapproached that dfBStand (the difference is insignificant).

Another interesting observation is the proportion of trad &alse positives: while
NBBaseGRfound three times more TPs than FR8BaseSEMfound slightly more FPs
than TPs. Combining the two types of knowledge sourced\B8and) seemed to
have had demperingeffect on the semantics: the number of TPsN&Stand was
higher than the number of FPs. Also, semantics and gramrgather seemed after
all to achieve better results than either of them by itsel§gesting that having more
knowledge (of a different kind) is better when resolvingeargtdents of other-anaphors.

4.4 Naive Bayes with the Web: NBStand+Web

4.4.1 The method

While the performance of theBStand classifier was encouraging, it was not yet sat-
isfactory. | showed in Section 4.3.4.3 and in Chapter 3 tkeatantic knowledge is
the most important source of information in determining Hmecedents of other-
anaphors. However, currently available semantic resesusoceh as WordNet are in-
sufficient for this task, because they often lack the kindradwledge that is necessary
to find the antecedents of other-anaphors. That WordNetadequate for the task
of reference resolution has also been pointed out by, eigitavand Poesio (2000).
Vieira and Poesio reported that in their corpus of bridgiefigrences, in almost 40%
of cases, the relation between anaphor and antecedent weethsing other than hy-
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ponymy, synonymy, and meronymy.

There have been efforts to extract missing lexical relatmos from corpora in or-
der to build new knowledge sources and to enrich existing ¢Hearst, 1992; Berland
and Charniak, 1999; Poesat al,, 2002). However, the size of the corpora used still
leads to data sparseness (Berland and Charniak, 1999) arektifaction procedure
can therefore require extensive smoothing. A more prorgisegnue of research has
recently been demonstrated by Markert, Nissim, and Mo@dd&003), henceforce
MMN. MNM presented a novel method for anaphora resolutioncvluses the Web
as the primary source of semantic information. They searthe Web with lexico-
semantic patterns specific to each anaphor type. The bascisdsimple: if an an-
tecedent and anaphor are linked by a semantic relation whionly implicitly ex-
pressed, e.g., that in American English universities ai@mnally called schools, as in
Example 100, there are cases in which the same relation ressgxexplicitly (i.e., in
a conjunction), e.g., Example 101:

(100) As the session broke up, | was approached by a man figentimself as the
alumni director ofa Big Ten universityl'd love to see sports cut back and so
would a lot of my counterparts ather schools but everybody'’s afraid to make
the first move, he confided.

(101) Foreign students obtain student visas from US cotesukbroad after they are
accepted byS colleges, universitieandother schools

Specifically, in Example 101, the antecedent “US colleges/ausities” is available
structurally, as the left conjunct of the anaphor. In suchstauctions, which | have
called list-constructions, the left conjunct is (almosiyays the antecedent of the
other-anaphor. There are several other constructionssthatturally explicitly ex-
press a hyponymy, similarity or other relation between thaédal head of the anaphor
and the antecedent, e.g., “X(s) such as Y(s)”". (See (Hek99R) for other patterns.)
MNM used these lexico-syntactic patterns to collect knolgkeneeded to resolve
other-anaphors and bridging (meronymy) samples. Spelyfidar other-anaphors,
they used the list-construction “X(s) and other Y(s)”. Thisttern was instantiated
for each antecedent-anaphor pair in their corpus, inclydictual and potential an-
tecedents. In Example 100, the instantiations were,aector and other schools ,
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university and other schools ,sports and other schools , etc. These instan-
tiations were submitted as queries to the Google searcmengnd the number of hits
was counted. Their rationale is that the most frequent dfe¢hestantiations is a good
clue for the antecedent. For instance, the queiyersities and other schools
yielded over 700 hits, while the other two queries yieldedaml0 hits each.

As documents can contain instantiations of the list-patath singular and plural
antecedents, MNM used the following pattern:

(N1{sg} OR N{pl}) and other N o{pl}
whereN; andN, are variables, to be substituted with the rightmost nouniexital
heads of anaphors and antecedents and “OR” is the booleaatape(MNM used
only the rightmost nouns to avoid data sparseness.) Therpabove was instanti-
ated differently for common noun and proper hame anteceddfir common noun
antecedents, MNM instantiated the pattern by substitutingith each possible an-
tecedent and\, with the anaphor. For proper name antecedents the pattesmiva
and other N », e.g.,Mr. Pickens and other shareholders . In addition to the
proper name pattern, they used two additional instantiatad the common-noun pat-
tern for samples with proper name antecedents: (1) Sincgyysoper names in Web
gueries would lead to data sparseness, they substNuteih the antecedent’s NE cat-
egory and\; with the anaphor head noun, e.(person OR persons) and other
shareholders ; and (2) they substitutel; with the anaphor head noun aiNg with
the antecedent’s NE category, e.@hareholder OR shareholders) and other
persons . Pattern (2) was necessary because in this example theedet@d\P “per-
son” is not a hyponym of “shareholder” (in WordNet sense}, tather the anaphor
“shareholder” is a hyponym of “person”.

MMN generated such patterns for all anaphors in their cogmessubmitted them
as queries to the Google search engine making use of its ARhtdogy. For each
pattern instantiation, they obtained its raw frequency loe Web. The frequency
counts were scored, taking into account the individual desgies of anaphors and
antecedents by adapting Mutual Information (MI). For eaammgle of other-anaphor
in their corpus, the noun phrase with the highest MI score thhars proposed as an-
tecedent of that anaphor. If two antecedents had achiewedaime score, a recency
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based tie-breaker chose the antecedent closest to theanaph

In collaboration with Katja Markert and Malvina Nissim (Miedkaet al.,, 2003), |
obtained the Web MI scores for all NPs in my training corpud eacorporated them
into the Naive Bayes classifier as a separate feata® in the following fashion. For
each anaphor, the antecedent with the highest MI score gatreevalue “webfirst”.
(If several antecedents had the highest MI, they all gotev&hebfirst”.) All other
antecedents got the feature value “webrest”. | chose thikhodeof integrating the
web score into theveB feature instead of, e.g., giving score intervals, for twasens.
First, since score intervals are unique for each anaphisrinipossible to incorporate
them into a machine learning framework in a consistent mar8econd, this method
introduces an element of competition between several adésts (Connollyet al.,
1997), which the individual scores do not reflect.

44,11 Results

Adding thewEeB feature significantly improved the classifier's performan€he clas-
sifier?l, referred to as\BStand+Web, achieved a 9.1 percentage point improvement in
precision (an 18% improvement relative to thgStand classifier) and a 12.8 percent-
age pointimprovement in recall (32% improvement relatovehieNBStand classifier),
which amounted to an 11.4 percentage point improvement mmeksure (25% im-
provement relative to théBStand classifier); see Table 4.20.

When run with the disambiguation procedure (Section 4,3h8 classifier’s results
were as follows: 213 correctly resolved cases, 138 casédndgorrect predictions, and
149 cases with zero-antecedents. Table 4.21 recasts gmdésrin terms of success
rate, precision, recall, arfd-measure.

NBStand+Webp found significantly more correct antecedents tN&88tand p, achiev-
ing a 42.6% recall vs. 31.8%. In particular, it had a higharcgss rate with samples
of other-anaphors that required domain-specific or gerneoald knowledge. For in-
stance, it correctly resolved the following cases from Bect.3.4.2: “[hurricane]
Hugo ... other disasters”; “steel ... other commoditiestffee ... another important

2Trained on features 1-5,7,8,10-12; the feat@esDER andMDIST worsened the overall perfor-
mance of the classifier slightly.
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Classifier P R F TP | FP

Basel 27.8| 27.8| 27.8| 139 | 361
NBBaseGR 745)| 146 24.4| 73 | 25

NBBaseSEM | 49.3| 34.8 | 40.8| 174 | 179
NBStand 50.5| 40.6| 45.0| 203 | 199
NBStand+Web | 60.8 | 53.4 | 56.9 | 267 | 172

Table 4.20: Results for the NBStand+Web classifier and comparison with NBStand ,
Basel, NBBaseGRand NBBaseSEMclassifiers.

Classifier Success rate P R F Correct| Incorrect| None
NBStand p 31.8% 60.0 | 31.8| 41.57| 159 106 235
NBStand+Webp | 42.6% 60.68| 42.6 | 50.06| 213 138 149

Table 4.21: Performance of the NBStand+Web classifier with the disambiguation proce-
dure and comparison with NBStand p.

Colombian export”; “the precious metals sector ... othenJones industry groups”;
“[business] offer . .. other transactions/alternativesid “the magazine ... other peri-
odicals”. It also resolved the following cases: “RomanesHL. .. another Burgundy
estate”; “Columbia ... other thrifts”.

NBStand+Webp was more successful thaBStand p in handling metonymic and
other bridging antecedents. For instance, it correctlplkesl the following examples
which NBStand did not: “Samsung ... other producers” and “Compag Computer
other technology issues”.

NBStand+Webp handled well some redescriptions, paraphrases and vagpears,
e.g., “pound concerns ... another boon for the dollar”; “agfion of investors’ access
to the U.S. and Japanese markets ... other important ecorissuies”; “increasing
costs as a result of greater financial exposure ... othergfarhing repercussions”;
“this court ruling ... other case$? “the decline ... other indicators”; and “this mea-
sure ... other economic indicators”. There were, howeeelescription examples that

22But not “a single court decision ... other, less compellinges”
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were so unusual and/or situation- or speaker-specific theat the Web would not be
much of help, e.g., Examples 102 and 103:

(102) He likedthe well-lighted lobby display of Honda’s cars and truges much
that he had Nissan’s gloomy lobby exhibit refurbished. Ldtkssan borrowed
other Honda practices, including an engineering “idea corgst” to promote
inventiveness

(103) .. recent strong growth in dividends. another warning flag

The ellipsis example in Section 4.3.4.2 “flashy sports . heoshows” (Example 98)
and some examples with inverted relations between the anapid antecedent, e.g.,
“the machine ... other Mips computers” were also correaotved.

NBStand+Webp was immune to the problem of word sense disambiguation. Un-
less the patterns used to search the Web occur at a clausdadrgymore about this
below), we areguaranteedo have the correct word sense: within a specific lexico-
semantic pattern, the anaphor and antecedent constrdino#aer’'s sense within the
context of the pattern, e.g., the noun “bank” in “the bank atiter financial institu-
tions” can only mean a financial institution and not a bank afrar. However, like
NBStand p, NBStand+Webp was sensitive to NER failures; incorrect NE classifications
lead to incorrect pattern instantiations and thus incérceeoccurrence frequencies.

While the algorithm’s recall was significantly higher thaat ofNBStand p, its pre-
cision was almost identical to the precisionNBStand p, 60.68% vs. 60.0%, i.e., the
classifier found more antecedents, but they were not nedgdba correct ones. Note
also thatNBStand+Webp incorrectly resolved more other-anaphors théBStand p,
138 cases vs. 106 cases (Table 4.21). There are two reagsaissfoFirst, because
the Web lookup method does not postprocess the returnedraos in any way (be-
sides returning frequencies), it can not determine whetiherobserved patterliP;
and other NP > occurs within a noun phrase or at a clause boundary as in Heamp
104:

(104) Studies have been done that slsmme peoplelo not want to live in the area
because of a bridge arather people who choose to live in the are@decause

[..]
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This leads to incorrect frequency and mutual informatioorss, to incorrect instanti-
ation of theweB feature, and ultimately incorrect predictions.

Second, some collocations are maeguralthan others, e.g., the pattezontract
OR contracts and other issues (304 occurrences) is more frequent than
interpretation OR interpretations and other issues (47 occurrences). Even
when the frequency scores were adjusted to take into actbembdividual frequen-
cies of words “contract(s)”, “interpretation(s)” and “is(s)”, the noun phrase with
the head “contracts” achieved a higher Ml score and thus was tike to be the an-
tecedent of “other issues”, while in fact in this example tlorrect antecedent was the
NP “interpretations”.

4.4.2 \WordNet semantics or the Web?

In the previous section, | cited many examples of other-aoegpthatNBStand p could
not resolve and whicNBStand+Webp resolved correctly. Given this difference, is Web
semantics better than WordNet semantics, or are the tworese® complimentary? To
answer this question, | trained the Naive Bayes classifieghergrammatical features
1-5 and theweB feature, i.e., excluding the featuredIST and all WordNet-based
features (all gender, semantic class, and relation fegituféis classifier is referred to
asNBBaseGR+WebThe classifier's performance from 10-fold cross-validats listed

in Table 4.22; with the disambiguation procedure, in Tab34 Its performance is
compared with the performanceBBaseGR NBBaseSEMNBStand andNBStand+Web
classifiers with and without the disambiguation procedure.

It is clear from the tables that the Web contains more infdromarelevant to res-
olution of other-anaphors: ThieBBaseGR+Welclassifier significantly outperformed
NBStand in all measures.NBStand used WordNet semantics.) Note also a significant
drop in the number of false positives, from 199 to 128 insémndt is also interesting to
note the difference in performance between KBBaseGR+Welclassifier which used
only Web knowledge antiBStand+Web which used both Web and WordNet knowl-
edge. At first sight (Table 4.22\BBaseGR+Welachieved a slightly lower recall than
NBStand+Web and a significantly higher precision. However, a comparisbithe
results with the disambiguation procedure (Table 4.23pwshthatNBBaseGR+Wep
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Classifier P R F TP | FP
NBBaseGR 745| 146|244 73 | 25
NBBaseSEM 49.3| 34.8| 40.8| 174 | 179
NBStand 50.5| 40.6 | 45.0| 203 | 199

NBStand+Web | 60.8 | 53.4| 56.9 | 267 | 172
NBBaseGR+Web| 67.0 | 52.0 | 58.6 | 260 | 128

Table 4.22: Results for NBBaseGR+Welirained on grammatical features 1-5 and WEB
and comparison with NBStand+Web, NBStand , NBBaseGRand NBBaseSEMclassifiers.

Classifier Success rate¢ P R F Correct| Incorrect| None
NBStand p 31.8% 60.0 | 31.8| 41.57| 159 106 235
NBStand+Webp | 42.6% 60.68| 42.6 | 50.06| 213 138 149
NBBaseGR+Wep | 49.2% 66.85| 49.2 | 56.68| 246 122 132

Table 4.23: Performance of the NBBaseGR+We§ classifier with the disambiguation pro-
cedure and comparison with NBStand p and NBStand+Webp classifiers.

achieved both a higher recall, 49.2% vs. 42.6% (the diffegan not significant), and
a significantly higher precision, 66.85% vs. 60.68%, tN&S$tand+Webp. This sug-
gested that having more semantic knowledge (from diffesentces) available might
not necessarily lead to better predictions. One possibi¢aaation for this is that
WordNet often provides the algorithms with wrong inforneattj because no word
sense disambiguation was performed when looking up wordfgardNet. In the fu-
ture, 1 would like to test this hypothesis by having an orackech would always give
the correct word sense.

If Web information is more relevant in resolving antecedeoit other-anaphors,
perhaps one could suspend all other information sourcdasgdther and rely just on
the Web? To verify this hypothesis, | trained the Naive Baglessifier on just the
WEB feature; this classifier is referred toMBJustWeb. Indeed, a first impression con-
firmed that using just theveB feature would be sufficient to resolve other-anaphors
(Table 4.24). However, notice the high number of false passt 239 instances, or



4.5. A more realistic test 137

Classifier P R F TP | FP

NBStand 51.7| 40.6| 45.5| 203 | 190
NBStand+Web | 60.8 | 53.4| 56.9 | 267 | 172
NBBaseGR+Web| 67.0 | 52.0| 58.6 | 260 | 128
NBJustWeb 56.6| 62.4| 59.4| 312 | 239

Table 4.24: Results for NBJustWeb, trained on just the WEB feature and comparison
with NBBaseGR+WepNBStand+Web, and NBStand classifiers.

47.8%. And once the classifier was tested with the disambimuarocedure (Table
4.25), it became clear that just using the Web informatioghthinot be sufficient af-
ter all. NBJustWebp achieved a somewhat higher recall tiéBBaseGR+Wep, 52.8%
vs. 49.2%. (The difference was not significant.) Howevey,pitecision was 13.08
percentage points below that NBBaseGR+Wep. (This difference was significant.)
While NBJustWebp attempted to resolve a lot more cases tN8BaseGR+Wep (only

9 samples produced zero antecedents), it got almost halffeotdses incorrect, 227
instances, or 45.4%. (Of the 500 correct antecedents, desaar 62.4% are “web-
first”; the remaining 188 cases are “webrest”. And among tB84£2 negative training
instances, 239 NPs have value “webfirst”.) Here, as in the cAsheNBBaseSEM,
andNBStand p classifiers, grammar seems to have haehaperingeffect on (the Web)
semantics, which alone tends to over-generate. One careMeoytake advantage of
thewEeB feature’s tendency to better recall and resolve more sawgblether-anaphors
by using theweB feature as a back-off procedure. | will support this claintha next
chapter, in which | will present a hybrid method for resotyimther-anaphors.

4.5 A more realistic test

In the discussion so far, all classifiers were tested on datamted in the same fashion
as the training data set, i.e., all NPs prior to the actua@dent were removed from
the data set. This introduced an undesirable bias: in a reatestic data set, a classifier
could have classified more entities as “antecedgas”, including those that appear in
the text before (i.e., to the left of) the actual antecedent.



138 Chapter 4. A Machine learning approach to other-anaphora

Classifier Success rate¢ P R F Correct| Incorrect| None
NBStand p 31.8% 60.0 | 31.8| 41.57| 159 106 235
NBStand+Webp | 42.6% 60.68| 42.6 | 50.06| 213 138 149
NBBaseGR+Wep | 49.2% 66.85| 49.2 | 56.68| 246 122 132
NBJustWebp 52.8% 53.77| 52.8| 53.28 | 264 227 9

Table 4.25: Performance of the NBJustWeb p classifier run with the disambiguation pro-
cedure and comparison with BaseGR+Welp, NB+Welp , and NBStand p classifiers.

To verify this hypothesis, | tested all classifiers preséisfar on a data set which
contained NPs to the left of the correct antecedents as Wwelked 408 samples of
other-anaphors with antecedents in a two-sentence windo\Wi8-fold cross valida-
tion. At each iteration of testing, 368 samples of otherpdnoais were used for training
and the remaining 40 cases for testing. Each sample was ngedting only once.
In total, 400 samples were used in testing. | used differemtgdures to generate the
training and test data sets. The training data was geneaatedrlier, i.e., the positive
training instances were generated by paring each anaphbritwiclosest preceding
antecedent. To generate negative training instancesyéganaphors with each of
the NPs that intervened between the anaphor and its antdcedine two sentence
window. (Thus there were no split antecedents in the trgidiata set.) For testing,
however, | kept all NPs in the two-sentence window, inclgdihose that occurred
before the correct antecedent (and thus the test data sttirved split antecedents).
The total number of instances in the training data sets ¢dmgtween 1,504 and 1,567
NPs. The test data sets contained each between 362 and 416f\N#sch between
40 and 52 NPs were the correct antecedents. (The numberrettantecedents var-
ied because of split antecedents.) All together, the tdstskts contained 451 correct
antecedents.

Table 4.26 presents the performance of@hsel , NBBaseGR NBBaseSEMNBStand ,
NBStand+Web, NBBaseGR+WebandNBJustWeb classifiers on the testing data. (Preci-
sion, recall, and=-measure were averaged; the number of true positives asrd fal
positives were aggregated for all test data sets.)

As expected, the performance of the algorithms on the nevdéta set was signif-
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Classifier P R F TP | FP
Basel poo 27.75| 27.75| 27.75| 111 | 289
NBBaseGRpo 31.62| 32.33| 31.52| 146 | 326
NBBaseSEMoo 26.07 | 40.96 | 31.68| 184 | 527
NBStand 400 26.19| 47.03| 35.56| 211 | 525
NBStand+Websop | 30.84 | 50.26 | 38.07 | 226 | 510
NBBaseGR+Welyo | 39.86 | 41.54 | 40.32 | 186 | 286
NBJustWeb 400 28.98| 46.07 | 37.22| 207 | 455

Table 4.26: Results for the Basel,

NBBaseGR+Wepand NBJustWeb classifiers on a more realistic data set.
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NBBaseGR NBBaseSEM NBStand , NBStand+Web,

icantly lower than that on the biased data set. In partictharprecision of algorithms

dropped dramatically. However, the results the classiietseved when run with the

disambiguation procedure, were not as dramatically difiefrom their performance

on the biased data set. For instance, there was a signifiggeredce in the precision
of theNBBaseGR+Wep classifier on the old and new data sets (Table 4.27). Therdiffe
ence in the classifier’s recall was, however, insignificahso, the trends were mostly

the same for the new data sets as for the old one:

e Adding Web knowledge improved precision, recall, &heasure of thBStand

classifier. (The difference was not significant.)

e Just grammar or WordNet semantics by themselves were nfitisaf to re-

solve the antecedents of other-anaphors: the performédribe NBBaseGRand
NBBaseSEMwas lower than that of theBStand classifier which used grammati-

cal as well as semantic knowledg&BGtand achieved significantly higher recall
thanNBBaseGR all other measures, while higher fidBStand than forNBBaseGR
andNBBaseSEM were not significantly higher.)

e Grammatical features consistently showed higher pretigian semantic fea-
tures (both for the classifiers that use WordNet and the Walt)lower recall.
Semantic features showed higher recall but lower precitam grammatical

features.
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e With respect to different semantic resources, the classifiet used the Web as

their source of semantic informatioNEBaseGR+WelandNBJustWeb) achieved
better results that the classifiers that used WordNB&{and andNBBaseSEM,.
TheNBBaseGR+Weltlassifier showed significantly higher precision tiNgstand ;
the recall was also higher, but not significantly higher. NBJdustWeb classi-
fier outperformed th&lBBaseSEMclassifier. (The difference was not significant.)
Altogether, this showed that using the Web as the sourcemésstc informa-
tion leads to higher results than using WordNet. This wastdube following
reasons: (1) the Web contained more information relevanthfe resolution of
other-anaphors, e.g., domain-specific and general wodaladge, which often
was not available from WordNet; and (2) querying the Web sjikcific lexico-
semantic patterns eliminated the need for prior word serssenbiguation and
thus lead to more precise information.

Grammar and semantics resolved different kinds of samBStand outper-
formedNBBaseGRandNBBaseSEM andNBBaseGR+WelbutperformedNBBaseGR
andNBJustWeb (in terms of F-measuréyBJustWeb actually achieved a higher
recall tharNBBaseGR+Wepbut its precision was 10 percentage point lower.) This
confirmed the hypothesis that, when resolving other-anaplitds necessary to
consider several knowledge sources and that to get the émdts, the sources
should provide different types of information.

The grammar had a “constraining” effect on semanticsNiBgaseGR+Weltlas-
sifier produced fewer FPs than tN8Stand , NBStand+Web or evenNBJustWeb
classifiers. (Although some of the false positives were du&ardNet and lack
of word sense disambiguation, as tkBBaseSEMclassifier produced as many
FPs as\BStand andNBStand+Web.)

There was one difference in trends, however, for which | doysb have an ex-

planation: TheN\BBaseGR+Weltlassifier showed higher precision aRemeasure than

theNBStand classifier but lower recall. (This was not the case on a monstcained

test data set). As the grammar component in the two algositivas the same, the

only difference was in their semantic features: Web vs. \Watd And this is why
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Classifier Success rate P R F Correct| Incorrect| None
NBBaseGR+\Weh 49.2% 66.85| 49.2 | 56.68 | 246 122 132
NBBaseGR+WeB4q0 | 45.0% 598 | 45.0| 51.35| 180 121 99

Table 4.27: Performance of the NBBaseGR+Wep classifier when run with the disam-

biguation procedure on the old and new data sets.

this difference in performance is puzzlingtBJustWeb achieved higher recall than
NBBaseSEM but when combined with grammar, the recall was lower fordlassifier
that used Web knowledge than for the classifier that used Mé&trdased knowledge.

4.6 Summary

In this chapter, | advocated that resolving antecedentst@ranaphors requires a
probabilistic framework which considers several typeshddimation at once: syntac-
tic, semantic, recency, etc. To determine which framewaskie suit the phenomenon
best, | compared the decision tree classifier commonly usedrneference resolution
with the Naive Bayes classifier. | argued that the Naive Baj@ssifier was more suit-
able for resolving the antecedents of other-anaphors lsecagonsistently achieved
higher recall while maintaining a satisfactory level ofgston. Recall is as important
as precision when resolving antecedents of other-anapbersuse, unlike, for in-
stance, definite descriptions, other-anaphors are alwasteric and, therefore, they
require an antecedent. (More than half of definite desomgtiare discourse-new.)
Having chosen Naive Bayes as the learning framework, | ptegeseveral classi-
fiers that differed with respect to how many and what kind obkledge they used.
TheNBStand classifier was, for instance, trained on standard gramudadicd seman-
tic features such as recency, syntactic role, and semamiwledge from the WordNet
lexical databaseé\BStand+Web, in addition to the standard features, used Web seman-
tics and co-occurrence patteridBBaseGR+Welrelied on grammatical information and
Web knowledge to resolve antecedents of other-anaphersr{(c WordNet knowledge
was used). | also considered a variety of baseline classifiemm those using gram-
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matical information only \BBaseGR, to those relying primarily on semantic knowl-

edge \BBaseSEMandNBJustWeb), and a simple hand-crafted symbolic algorithm to
indicate the difficulty of the taskB@sel).

The major results reported in this chapter are as follows:

e Semantic knowledge (such as “steel is a commodity”) is @luici resolving

other-anaphors. However, the quality and relevance of ¢heasitic knowledge
base are important to success. WordNet proved once agaiffionsnt as a
source of semantic information for resolving other-anaphdAlgorithms that
used the Web as a knowledge base achieved better perforitieamcnose using
WordNet, because the Web contains domain-specific and glemerld knowl-
edge which is not available from WordNet.

But semantic information by itself is not sufficient to resmbther-anaphors, as
it seems to overgenerate, leading to many false positives.

Grammatical features such as syntactic function of antteshd anaphor, an-
tecedent NP form, and distance have a “tempering” effecteafamntics. The
best results were obtained from a combination of semantaaammatical re-
sources.

| also pointed out an inherent limitation in the Naive Bayexdel and briefly men-

tioned a way to handle it which | will explore in detail in thext chapter.

The error analysis of the Naive Bayes classifiers identifeeral issues that re-

quire further attention from the research community. Thiaskide the role of modifi-

cation in anaphor resolution, the nature of bridging refess and redescription sam-

ples and resources required to resolve them, the need farIMER, and challenges

such as elliptic anaphors and samples with distractorso discussed the advantages

and limitations of using the Web as source of semantic kndgée

The performance of the best classifidBBaseGR+Wep, was encouraging. How-

ever, the resolution procedure it used was not yet a fullsieciprocedure. For in-

stance, the classifier did not yet take into account the fettdther-anaphors always

require an antecedent. Also, a full resolution procedurstrtake into account other
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factors, e.g., syntactic constraints on antecedent egaliz (Section 3.3.2). An ap-
proximation of such a full procedure is presented in the chzipter.






Chapter 5

A Hybrid approach to resolution of

other-anaphora

One of the machine learning approaches to other-anaphesemied in the previous
chapter achieved a good level of success on a rather difffidhomenon. Specifi-
cally, the best performing classifiéiBBaseGR+Wep, run with the disambiguation pro-
cedure, correctly resolved 49.2% anaphors, achieving-ameasure of 56.68. When
tested on a more realistic data set (Section 4.5), the sgyogathim,NBBaseGR+Wef 400,
resolved correctly 45% of the antecedents. Its precisios a8, recall 45.9, ané-
measure 51.32. While these results were satisfactory,stohear that the classifier's
recall could be raised somewhat and done so with relativitly effort. This chapter
explores this issue. Also, the resolution procedure usettidylassifier was not yet a
full decision procedure. For instance, the classifier dititake into account the fact
that other-anaphors always require an antecedent. Fartrer the algorithm did not
account for some absolute constraints on antecedentagaliz

In this section, | present an approximation of such a fulbheson procedure. The
hybrid approach to other-anaphors described in this chapter ¢tz Naive Bayes
learning model with a set of informed heuristics and badipaocedures (Section 5.1).
The method is evaluated in Section 5.2, and in Section 5.3ém®rmance of the
hybrid algorithm is compared with other approaches to e#ra&phora.

145
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5.1 The method

In Chapter 3.3.2, | identified four types of syntactic enmimeents which cannot realize
bothother-anaphors and their antecedents at the same timendtance, a noun phrase
preceding an appositive cannot realize the antecedenthef-anaphor, if the apposi-
tive NP is the anaphor (Example 105). Likewise, an appasiti? cannot realize the
antecedent if it modifies an other-anaphor (Example 106):

(105) Separately, a federal judge hearing Mr. Hunt’s baptayicase yesterday turned
down a proposed $65.7 million settlement between Mr. HudtMimpeco S.A.,
another major creditor in the case

(106) Another small Burgundy estate, Coche-Dury has just offered its 1987 Corton-
Charlemagne for $155.

In Example 105, the noun phrase “another major creditor endéise” cannot be in-
terpreted as “a major creditor in the case other than Ming&eéd. (And most likely
not as “a major creditor in the case other than Mr. Hunt”.)dvikse, in Example 106,
the anaphor “another small Burgundy estate” does not meam@al Burgundy estate
other than Coche-Dury”.

Some factors that play a role in the interpretation and tégwi of other-anaphors,
e.g., distance between anaphor and antecedent, antegedeletr, NP form, or seman-
tic class argreferencesin a particular data set, antecedents of “other” are motess
likely to be of a certain gender, NP form, and/or semantisci@ee Section 4.3.5 for
such preferences for the WSJ corpus). Also, these prefesanight vary for different
types of corpora, genres, and domains. Syntactic conttyain the other hand, are
absoluteconstraints. They apply tall antecedent candidates, across all genres, styles,
corpora (of English; other languages might exhibit différeypes of syntactic con-
straints), and text domains. Therefore it is necessarydorporate them into the deci-
sion procedure asféter. In fact, an error analysis of the output of tiBBaseGR+Wep
classifier showed that in at least half a dozen cases (an@pernore) antecedents
were resolved to incorrect entities which violated the agtit constraints above. If
the resolution procedure employed a syntactic filter, itksly that the system would
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have made fewer incorrect predictions. The syntactic caims have not yet been im-
plemented; they were modeled through a manual inspectitmeaflassifier's output.

To increase the number of true positives (and raise theii&assrecall), |1 used
theweB feature as a fall-back option. Recall from Section 4.4.2 thaNBJustWebp
classifier (trained on just th&/eB feature) resolved — not necessarily correctly —
more cases than e.d\BBaseGR+Wep. (It failed to predictany antecedent in just 9
cases.) Also, it correctly classified more antecedents KiaseGR+Wegp.

Another way to improve the classifier's recall was throug$otation of examples
which involved metonymic antecedents. Because of the @attithe articles in the
WSJ corpus, the data set contains many samples of convahtimtonymies such as
company-name-for-assets (shares, stock, securities, certificates, etc.), e.g.imExa
ple 107.

(107) ...Mochidafell 150 to 4,2900ther losing issuesncluded Showa Shell, which
fell 40 to 1,520.

Ultimately, conventional and other types of metonymies Moequire an expansion of
the learning model, either through adding a special fedtunmetonymy, or though ex-
panding the featureeLATION.! Instead, | employed a back-off metonymy resolution
procedure, which was applied to samples in which the class$ifid not predicted any
antecedent. The procedure is as followsNBBaseGR+Wep returned no antecedent
for a particular anaphor, the metonymy procedure scannedetkt in a right-to-left
fashion and proposed as antecedent the first NP which sdttsiefollowing condi-
tion: the head noun of the anaphor was “shares”, “stockggusities”, “certificates”,
“bonds”, or their synonyms, and the antecedent candidaseanwarganization.

By applying this simple heuristic to the samples, the aljoni gained four new
correctly resolved cases. (Other cases wimpany-name-for-shares metonymy
had been resolved prior to applying the metonymy resolytimcedure.)

Altogether, the hybrid resolution procedure for otherqamars is as follows (as-
suming that a classifier has been trained).

The former alternative is more sound, as binary featuresitres stronger probabilities. Both al-
ternatives would, however, require manual annotationhé ML experiments reported in the previous
chapter, all features values were acquired automatically.
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Classifier Success P R F Correct| Incorrect| None
NBBaseGR+Wep | 49.2% | 66.85| 49.2 | 56.68 | 246 122 132
Hybrid p 61.0% | 62.12| 61.0| 61.56| 305 186 9

Table 5.1: Performance of the hybrid approach to other-anaphora on the original test

data set and comparison with the performance of the NBBaseGR+We§p classifier.

1. Scan the sample from right to left and use the learned ntodaledict the an-
tecedent of an other-anaphor, ignoring noun phrases whatate the syntactic
constraints. Terminate the search when one antecedenebaddund.

2. If the beginning of the sample has been reached and noealgeichas been
found,

(a) Resolve metonymies sucha@spany-name-for-assets

(b) If the beginning of the sample has been reached and noeaatgrt has been
found, choose as antecedent the first NP withvites value “webfirst”.

5.2 Results and analysis

Table 5.1 illustrates the performance of the hybrid resofuprocedure on the original
data set; the procedure’s performance on a more realisticiega set is given in Table
5.2. Because the two data sets differ with respect to howwesg generated, it was
necessary to modify the evaluation procedure for one of ¢ie $-or the unbiased set
only, the evaluation procedure was amended with the foligvdondition. If the pro-
posed antecedent was not the actual antecedent, but itdamereference chain with
the actual antecedent, it was counted as correctly resolved was necessary because
the data set contained cases with split antecedents (aslaaks larger window size).
Adding the metonymy and Web fall-back procedures signitigancreased recall
and success rate by 11.8 percentage points when testedaniginal data set (23.98%
improvement relative to the recall &fBBaseGR+Wep). However, precision of the
Hybrid p approach was 4.73 percentage point lower than that oBBaseGR+Wep
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Classifier Success| P R F Correct| Incorrect| None
NBBaseGR+Wehaqo | 45.0% | 59.8| 45.0 | 51.32| 180 121 99
Hybrid pago 54.25% | 55.5| 54.25| 54.92 | 217 174 9

Table 5.2: Performance of the hybrid approach to other-anaphora on the unbiased test

data set and comparison with the performance of the NBBaseGR+Wep 4o classifier.

classifier. (The difference was not significant.) Neverhs| itsSF-measure was 4.88
percentage points higher (an 8.61% improvement relatividBBaseGR+Wepg). On
the unbiased test set, the results were as follows. Reaakased significantly by
9.25 percentage points (20.56% relative to recalNBBaseGR+WeBagg). Precision
dropped by 4.3 percentage points (7.75% relative to p@tigithout the metonymy
heuristic and Web fall-back procedure). (This differencaswiot significant.) F-
measure increased by 3.6 percentage points (a 7.01% ieadative td--measure of
NBBaseGR+Wep400).

Most of the gains were the result of the Web fall-back procedwhich gave 49
new correctly resolved cases on the original test data s®t3@nnew correct cases
on the unbiased test data set. Below are some of these camesstbrs ... other
holders”, “U.S. government ... other groups”, “1937-87 any other 50-year period
since before the last Ice Age”, “increasing costs as a redgteater financial expo-
sure for members ... other , far-reaching repercussiorikfs ‘provision ... another
measure”, “home improvement items ... other big-ticketaiile goods”, “the model
... the other car”, “designer’s age ... other risk factofgtoss-connect systems ...
other telecommunications equipment”, “Sterling, Massowgr ... another job”, “an
annual pension of more than $244,000 ... certain otherdripgnefits”, “strong per-
formances in consumer durables and machinery orders . er tdbtors”, “steel ...
other commodities”, “retiree shareholders and directorsother workers”, “colleges
and universities ... other government units”, “its propbslebt swap ... other alter-
natives for re-financing the debt”, “bankruptcy reorgaticma plans ... other options

for Eastern’s future”, and Example 108:

(108) This quarter’s loss includgsetax charges o$4.9 million on the proposed dis-
continuation of the company’s troubled British subsidisamd $3.7 million of
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other write-offs the company said were non-recurring and principally relabe
inventory, publishing advances and pre-publication costs

Some of the samples that the hybrid resolution method redalivcorrectly were
the familiar cases, listed below. Other errors were spetifithe Web. As it is not
always clear what caused an error — several factors may byt some of the
groups below partially overlap with each other.

e Incorrect NE classifications lead to incorrect patternangations, wrong co-
occurrence frequencies, and ultimately to incorrect ptaais:

(109) Wells Richdeclined to comment on the status of the account, ashdid
other agencies

(110) According to its most recent annual report ... Maxv@dmmunication
bought $3.85 billion in assets — includingacmillan Inc. and Official
Airlines Guides— and sold $2 billion in non-strategic businesses. Now,
Maxwell founder Robert Maxwell says he has an appetite far aequisi-
tions in the U.S., adding that he could spend “a good deal 'hibem $1
billion on another U.S. purchase

In Example 109, the company “Wells Rich” was misclassified psrson. In Ex-
ample 110, “Official Airlines Guides” was not recognized asoapany name.
This example is interesting for one more reason: some catilmes are more
“natural” than others; the phrase “acquisitions and otheclpases” is very fre-
guent, and therefore the antecedent was resolved to the &P &oquisitions in
the U.S.".

e Example 111 is an example of redescription, and again asamipie 110, the
phrase “measure and other indicators” is more frequent ‘tfeanployment) re-
port and other indicators”.

(111) The employment repgrivhich provides the first official measure of the
economy’s strength in October, is expected to show smad#dersgin the
generation of new jobsOther key economic indicators due this week
include . ..
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e Bridging cases are hard:

(112) Erwin Tomash, the 67-year-old founder of this makedata communi-
cations products and a former chairman and chief executgggned as a
director. Dataproducts is fighting a hostile tender offer by DPC Asdign
Partners, a group led by New York-based Crescott Invessresgociates.
Under the circumstances, Dataproducts said, Mr. Tomashhgawas un-
able to devote the time required becausetber commitments

(113) Too often nowa single court decisiolbecomes the precedent fother,
less compelling cases

In Example 112, common knowledge suggests that being atdireEa com-
pany is a (major) commitment. Still, collocations such as& and other com-
mitments” are a lot more common, while the pattern “dire@od other com-
mitments” returned zero counts from the Web. Example 118aisl to even
paraphrase. In any case, what needs to be excluded front, take compelling
cases” is not “a single court decision”, but “a single case/lnch the decision
was made”. And again, as with many of the examples | quotedrsahfe col-
location “precedent(s) and other cases” is more frequeaart thdecision(s) and
other cases”.

e In Section 4.3.4.2, | showed that modification plays an irtgodrrole in the
interpretation of other-anaphors. Below are two more eXxamthat illustrate
this issue.

(114) Earlier this year, Black & Decker ptiiree Emhart businesses on the auc-
tion block: the information and electronics segment, thed@pert electri-
cal assembly business and Mallory Capacitoffie three unithad com-
bined 1988 sales of about $904 milliofhe three unitgontributed about
a third of Emhart’s total sales. In addition, Black & Deckexdhsaid it
would selltwo other undisclosed Emhart operationsif it received the
right price.
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(115) Typically, he will be billed onlyseveral weeks after the expendituaad
then hasanother couple of weekdefore he has to pay the bill.

In Example 114, when instantiating the Web search patt@stantiating the
anaphor with just “operations” returns — unsurprisingly -sales and oper-
ations” as the highest scoring instantiation. In Examplg, the antecedent
should be interpreted with respect to the PP complementeoétiaphor, rather
than with respect to its lexical head.

e Finally, hard cases such as Examples 89 and 99 in Sectigh3l&8e a challenge.
Other errors are specific to the Web approach:

e The hybrid algorithm failed to resolve only 9 cases of 500 48d respectively.

All of these 9 cases contained pronominal antecedents, e.g.

(116) But board members sde took so long to decide how to vote that by
the timehe decided, it was too late to try to dragther membersto his
position.

Such samples were unresolved because the Web look-up methddy Mark-
ertet al.(2003) (which I used to obtain MI counts to determine\Wes feature)
automatically filtered out pronominal antecedents fromidtef entities to look
up on the Web and therefore they received the value “webrbttkert et al. fil-
tered out pronominal antecedents because pronouns octregsently in texts
that they would probably always get the highest counts, iiqudar because the
scoring method that Markert et al. used takes into accoulitisiual frequencies
of all terms in the search pattern. There is, however, naniaddimitation in the
Web lookup procedure with respect to pronouns. And a diffeseoring method,
e.g., just using frequency scores without calculating mluittformation, might
circumvent this problem.

Bugs in pattern instantiations, in particular in pluraiigithe antecedents, lead
to wrong predictions.



5.3. Comparison with other approaches to other-anaphora 153

e And sometimes antecedent-anaphor collocations thatively made sense just
did not happen to occur even in the largest corpus availablbe community.
In Example 117, for instance, the pattern “(bank) employeses other men”
returned zero Web frequency.

(117) Eight people ... were arrested in an investigation rofaleged drug
money-laundering operation. The U.S. Attorney’s officedike criminal
complaint againssix bank employeesharging them with conspiracy in
the scheme, which apparently was capable of handling mdlaf dollars a
week by funneling cash through fictitious bank accouifitgo other men
also were charged with participating in the operation .

5.3 Comparison with other approaches to other-anaphora

This section compares the hybrid approach to other-anapiliscussed in this chap-
ter with three other methods. In Chapter 3, | presented twobg}ic approaches to
other-anaphora, LEX and SAL, that operate primarily ondekinformation in Word-
Net and syntactic salience, respectively. The third apgraeas presented by Markert
et al. (2003), who resolved antecedents of other-anaphors onatis bf frequency
counts from the Web (Section 4.4). A comparison with othstewys, e.g., for resolu-
tion of pronouns and definite descriptions, is not appraeriRronominal anaphora is
governed by other constraints than other-anaphora. Defileiscriptions are anaphoric
in less than 50% of a cases, and thus require different regolonethods. In particular,
systems that resolve definite NPs aim at high precision,eibil other-anaphors, both
recall and precision are of equal importance, since allresim@phors always require
an antecedent.

Table 5.3 compares the hybrid approach tested on the unbdega set with the
LEX and SAL algorithms, and with Markeet al.(2003)’s resolution method. The data
sets used in the evaluation of the LEX, SAL, and Marlkt#l. (2003)’s algorithms are
a subset of the unbiased data set on whichyieid psgo approach was evaluated.

The hybrid approach outlined in this chapter achieved ths kesults so far on
other-anaphora. Also, this is the first approach that coegimachine learning and
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Approach | Success rate Precision| Recall | F-measure
LEX 49% n/a n/a n/a

SAL 37% n/a n/a n/a
Web-based | 52.5% n/a n/a n/a

Hybrid paoo | 54.25% 55.5 54.25 | 54.92

Table 5.3: Comparison of the hybrid approach to other-anaphora with LEX, SAL, and

the Web-Based algorithm of Markert et al. (2003). “n/a” stands for “not available”.

symbolic methods in finding antecedents of other-anaphidns. approach requires a
significant preprocessing effort in terms of acquisitiorttod necessary semantic and
grammatical information. However, it is easy to integraighvan existing machine
learning system for coreference, as most of the featurese& are similar to those used
in coreference resolution (with the exception of thes andRELATION features).

The method would benefit from a better NER module and fromh&rtesearch
into, e.g., the interaction between bridging and metonyimiierences; modification
and its role in anaphora resolution; and improvements inviled lookup method,
which are subject for future work.

5.4 Summary

In this chapter | presented a hybrid approach to resolutfostlwer-anaphora, which
combined the Naive Bayes learning method described in @hdptvith a set of in-
formed heuristics and back-off procedures. In particidgntactic constraints on an-
tecedent realization were incorporated in the decisiortgss as a filter, rather than
a preference, unlike, e.g., semantic class, gender anahdist Further, the decision
process involved resolving one type of metonymy frequeontigurring in the WSJ
corpus,company-name-for-assets . (Metonymic antecedents are yet beyond what
the learning component of the system can handle.) This $teuwas applied to cases
in which the learner failed to predict an antecedent. Fnalised thewveEB feature as
a fall-back mechanism: In cases in which the ML core of theéesysdid not find an
antecedent, the procedure used this feature as a fall-besidying the antecedent to
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the first NP with the value “webfirst”.
These heuristics significantly improved the method’s idedlile precision dropped
insignificantly) and showed the strength of combining stadal and heuristics-based

methods. These results for the hybrid approach to othgoteora are the best results
so far on this phenomenon.






Chapter 6

Conclusion

6.1 Summary and contributions

This thesis constitutes the first body of research into tgsmi of other-anaphora.
Specifically, | focused on where and how to identify antec¢ésl®ef other-anaphors,
which is the first step towards their interpretation. | prase two symbolic, several
machine learning, and one hybrid resolution approach tereshaphora. The best per-
forming approach was the hybrid approach that combined bafritistic model based
on the Naive Bayes classifier and a set of informed heuriatidsback-off procedures.
This approach evolved from a corpus study of other-anapinattse British National
Corpus, through the LEX and SAL symbolic algorithms, andraeseof machine learn-
ing classifiers. This approach was compared with other ggbres to other-anaphora
(Section 5.3) and it achieved the best results to date opti@aomenon.

The approach presented in this dissertation focused om-atteghors with NP
antecedents, which is the most frequent antecedent typeothier-anaphora (Chapter
2). While it is not uncommon to limit one’s aspiration in tHashion, for instance,
in the field of coreference resolution, most work to date Has been done on NP
antecedents (Chapters 3 and 4), it would be desirable todmraepproach that could
handle all types of antecedents. More on this topic will bd salow, in the section
on future work.

Also, while quite successful, several of the methods preskim this dissertation
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were far from resolving all other-anaphors, and there istaritial room for improve-
ment. For instance, the LEX and SAL approaches were not dgeohto the same
degree as the machine learning algorithms, not were thégdes a window size
larger than two sentences.

And finally, the question that this dissertation attempteérnswer is where and
how one can find antecedents of other-anaphors. Identifimgorrect antecedents of
other-anaphors is only the first step towards their resmtutihe second step involves
interpreting the anaphors against their antecedents, taredjuires working out the
formal semantics of other-anaphora and the related issumsantification, inference,
bracketing ambiguities, and restrictive vs. non-restrecinodification which | touched
upon in Section 2.7. All these issues are topics for futuseaech.

In designing a successful anaphor resolution procedur fitecessary to know
what factors play a role in determining antecedents of aoaplexpressions. This
dissertation identified and evaluated such factors forredh@phora. Specifically, |
identified four types of syntactic environments which cansimultaneously realize
other-anaphors and their antecedents. These types obanwents are absolute con-
straints on antecedent realization. There are also a nuohbsators which are gradient
in nature: rather than allowing to completely exclude a N#?rfithe set of antecedent
candidates, they indicate a preference towards eithapirgtng it as antecedent or as
non-antecedent. These factors and their relative contoibsiwere examined through a
series of experiments with symbolic and machine learniggr@thms. Machine learn-
ing methods proved particularly useful for this task, ayttiel not require a commit-
ment as to the order in which the features should be appliddanause they allowed
to treat the features as preferences.

Other contributions of this dissertation are less obvidwatthe feature analysis
and resolution algorithms mentioned above. When | begakingon other-anaphora,
there were no corpora with other-anaphors and their anestednnotated in them. |
have since then produced two such corpora (and in the cabe &NC corpus, | also
annotated a number of features that described the anapimbesedents, and relations
between them). One of these corpora has already been usest eodompeting reso-
lution approach to other-anaphora (Markettal., 2003).
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6.2 Future work

In addition to the issues mentioned above, there are fivesavbah | would like to
explore in future work: (1) improving the machine learnimgrhework; (2) extend-
ing the approach to anaphors with non-NP antecedents; {&Jajgng an analysis of
bridging, metonymic, and redescription cases; (4) imprgwnowledge acquisition
from the Web, and (5) testing the resolution procedure opaarfrom other domains
and languages and in a real information extraction or gaesthswering systems. The
subsequent sections contain ideas about how these togibs & pursued.

6.2.1 Improvements in the ML framework

There are several issues that require further attentidmmegpect to the machine learn-
ing framework and feature acquisition. First, a better amdensensitive named entity
recognition module is necessary. The NER module should migtte more effective
in finding named entities and identifying their type but ibshd also cover a wider
range of names than it currently does.

Second, the issue of NP modification needs to be addressédwksd that some
antecedents of other-anaphors are interpreted with regpdwe anaphor's PP comple-
ment, rather than its head noun, and there are cases in wtjettial and nominal
modifiers of other-anaphors provide important informatwinich must be taken into
account to get optimal resolution results. Likewise, lieB#e relative clauses are es-
sential in interpreting other-anaphors (while non-resire relative clauses are not),
and it is necessary to develop a formal account of how theybeareated.

Third, binary features seem to result in stronger probédithan features with
many values. It would be interesting to see whether coliap$eature values into
binary representations would lead to improved results.

Fourth, when examining posterior probabilities, | used &%he threshold of the
likelihood for a particular NP to serve as antecedent of &eeanaphor. There were,
however, several correct antecedents with the posteradygtility just under 0.5. Low-
ering the probability threshold is an alternative strategthe back-off procedure that
the method currently uses.
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Fifth and related to the issue above, to guarantee that tfugitdm always selects
exactly one antecedent, it would be interesting to test emredtive antecedent selec-
tion procedure. Rather than selecting as antecedents alabid¥e a certain threshhold,
as the algorithm currently does, it is possible to only gefee NP with the highest
posterior probablity. However, in addition to such a praged additional mechanisms
must be put in place to handle cases with split antecedents.

Sixth, many samples of other-anaphors were resolved iecttyreven by the best
performing algorithm because the texts contained disiradhat occurred closer to
the anaphor than the correct antecedents. Further researdtessary to identify
methods to identify and exclude such entities from the sqiaténtial antecedents.
Alternatively, one might explore a method with differentrtenation conditions. Cur-
rently, the search for an antecedent stops as soon as oreedene has been found.
(This antecedent may not be the correct one.) Besides tatimintoo early in some
cases, the current search procedure is not capable of hgratilit antecedents.

Seventh, in addition to the 10 features | used, there mighdtber features that
would be useful in identifying antecedents of other-anagpho

Finally, | have argued that the Naive Bayes classifier is nsoiitable for resolv-
ing antecedents of other-anaphors than, e.g., decisies,tigecause it consistently
achieved good precision without sacrificing recall. Theeather ML methods which
have been successfully used for a variety of NLP tasks andhwiiight be suitable
for resolving other-anaphora, e.g., Maximum entropy miodglhich has been used
for coreference resolution with encouraging results (l€eh1997b). Maximum En-
tropy has an advantage over Naive Bayes, as it does not mgkesanmptions about
the probability distribution and thus does not impose anyitazhal constraints (e.g.,
feature independence) on the learned model. Another apipribat seems worth ex-
perimenting with is the competition approach by Conneliyl. (1997), recently used
by lidaet al. (2003) for resolution on Japanese zero pronouns.

6.2.2 Non-NP antecedents

All the algorithms in this dissertation were developed tadia other-anaphors with
NP antecedents, which is the most frequent antecedent fJpdae able to resolve
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all cases of other-anaphors in natural texts, it is necgdsagxtend the treatment to
other types of antecedents, e.g., those realized as cladisesurse segments, and
various types of modifiers. Also, it is not unusual for the lawrcof an other-anaphor
to be mediated by the text or utterance situation withoundpeixplicitly mentioned.
Such cases must be addressed as well. And finally, the resolpproach for other-
anaphors should be integrated with a resolution mecharositist-constructions and
other-than constructions.

6.2.3 Bridging, metonymies, and redescriptions

Throughout the thesis, | have given many examples of othaplaors with metonymic
and bridging antecedents and examples in which the relagtmeen the anaphor and
antecedent is of redescription. All these examples havedlong in common — they
involve a variety of inferential processes and thereforpine a substantial amount of
common sense, domain-dependent, and general world kngeuddsing the Web as
a source of such knowledge has proved successful. Therearertheless, samples
of other-NPs with which even the Web would not be much of héletailed anal-
ysis of these and other inferentially-heavy examples isleéeto understand what is
involved in their interpretation and resolution. Para#éfbrts are being undertaken to
understand metaphoric and bridging inferences involvetthéninterpretation of defi-
nite descriptions, e.g., (Bunescu, 2003; Poesio, 2003le#MASCARA project at
the University of Edinburgh It is possible that the same inferential processes are
involved in the interpretation of both types of anaphoriepbmena.

6.2.4 Knowledge acquisition from the Web

Semantic knowledge acquired from the Web turned out morvaelt in resolving
antecedents of other-anaphors than, e.g., knowledgeablailrom WordNet lexical
database. But Web knowledge also gave rise to incorreciutgsas primarily for two
reasons. First, pattern instantiations submitted to tlaecbeengine could occur at a
clause boundary, and because the returned results wereaoaetssed in any way, such

Lhttp://www.ltg.ed.ac.uk/ malvi/mascara/



162 Chapter 6. Conclusion

instantiations lead to incorrect associations (e.g., lthidyes are people). This can be
amended by refining the queries or by a shallow processingeafgturned pages, e.g.,
by verifying that both the antecedent and anaphor entithénpattern are of the same
semantic class. Second, in some cases, it seems that ateced other-anaphors
should be resolved to an entity with a relatively low mutudibrmation score, rather
than to an entity with the highest MI score. This may, howgewet be the case. So
far, my colleagues and | used only one construction — lieepot— to acquire from
the Web general- and domain-specific knowledge necessaegdbve other-anaphors.
Other patterns, e.g., “X(s) such as Y(s)” and “X(s) othemtlvgs)”, can be used for
the same purpose and, in fact, might boost the MI scores foesaf the antecedents.

6.2.5 Interaction with real IE or QA system and testing on oth er

domains and languages

The approach presented in this dissertation was developgptimized on a rela-
tively small corpus of samples from thWall Street Journal It is necessary to test it
on a larger and more diverse data set, perhaps from a diffdmnain or on general-
purpose texts. Also, it would be interesting to see whethiex approach could be
ported to languages other than English, and how well it wanddgrate with a real
reference resolution system, or information extractiogwestion answering system.
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