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Abstract This paper describes the implementation of an hybrid ap-
proach to Anaphora Resolution (AR) in Portuguese. ARM 2.0. has been
incorporated in a fully-pledged Natural Language Processing system
(STRING) and evaluated on a large, manually annotated corpus.

1 Introduction

In a time when Natural Language Processing (NLP) draws more and more at-
tention, the task of anaphora resolution presents itself as critical for many ap-
plications such as machine translation, information extraction and question an-
swering. For a machine, it is difficult to select the correct entity (antecedent)
to which the anaphor (mention) refers, mostly due to the ambiguous nature
of natural languages. To overcome this drawback, a great amount of linguistic
knowledge (morphological, lexical, syntactic, semantic, and even world knowl-
edge) may be required.

Anaphora is a major discursive device used to avoid repetition and increase
the cohesion of the text, making the interpretation of sentences depend upon
the interpretation of the previous ones (1.1).

(1.1) Lúıs Figo é um ex-futebolista português. Em 2001, ele foi distin-
guido como melhor jogador do Mundo.
Lúıs Figo is a former Portuguese football player. In 2001, he was distin-
guished as the world’s best player.

A human reader immediately understands that, in the second sentence, it was
Lúıs Figo that was distinguished as the world’s best player in 2001. However,
this deduction actually requires that a link be established between Lúıs Figo in
the first sentence and ele (he) in the second. Only then, can the prize mentioned
in the second sentence be attributed to Lúıs Figo in the first. Therefore, the
interpretation of the second sentence is dependent of the former ensuring in this
way, the cohesion between the two sentences of this discourse.

Besides contributing to the cohesion of the discourse, the two expressions are
co-referential since they both refer to the same person in the real world, Lúıs
Figo. Anaphora can also be classified according to the antecedents location:
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intrasentential, if the antecedent is on the same sentence of the anaphor, or
intersentential, if the anaphoric relation is made across sentence boundaries.

In addition to the immense knowledge needed to perform anaphora resolu-
tion, the various forms that anaphora can assume make it a very challenging
task, especially when one intends to “teach” computers how to solve anaphora.
For this work, we consider pronominal anaphora. This includes personal (1.1),
possessive (1.2), relative (1.3), demonstrative and reflexive and numerals, which
can be used as pronominal-like anaphors.

(1.2) O Pedro levou a sua mochila e eu levei a minha.
Pedro took his backpack and I took mine.

(1.3) O jogador, que tinha cabelo comprido, foi o melhor em campo.
The player, that had long hair, was the man of the match.

Note that Portuguese possessive pronouns, v.g. {meu/minha, teu/tua, seu/sua,
nosso/nossa, vosso/vossa} do not agree in gender and number with their an-
tecedent, but with the non they determine. Hence, minha, in (1.2) refers to a
1st person singular, but its gender-number agrees with a zeroed noun mochila
(backpack), which occured in the previous clause.

Personal pronouns resolution usually deals only with erd person pronouns,
both singular and plural, since the first and second person refer to the dialog
interlocutors in direct speech. In this paper, we will not consider dialogues, and
will only cover pronominal anaphora in indirect speech.

In this paper, we intend to choose an annotation framework, build an an-
notated Portuguese corpus and developing an hybrid approach that extended
the scope and improved the performance of the previous AR module (33.5%
f-measure).

This paper is structured as follows: chapter 2 describes different approaches
and systems that attempted to resolve the problem of anaphora; chapter 3
presents the description of the standard golden corpus developed and the process
of annotating it; in chapter 4 we propose our methods to resolve the problem
of pronominal anaphora resolution; chapter 5 discusses the role of evaluation as
well as the different forms of assessing the efficiency of our system. The chap-
ter then presents the results obtained using this methodology; finally, chapter 6
concludes this document, pointing to new directions of study and the further
development of the AR module.

2 State of the Art

AR algorithms can be broadly classed into rule-based and machine learning
approaches. Initially, it was the rule-based approaches such as Hobbs’s algo-
rithm [Hobbs, 1978] and Lappin and Leass’s [Lappin and Leass, 1994] resolution
of anaphora procedure (RAP), which gained popularity. In the 1990s and 2000s,
as people grew aware of the complexity of the job at hand, research started to
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be limited to specific types of anaphora in view of ultimately achieving bet-
ter results. Dagan and Itai’s collocation pattern-based approach [Dagan and
Itai, 1991]; Kennedy and Boguraev’s parse-free approach [Kennedy and Bogu-
raev, 1996]; Paraboni and Lima’s research on Portuguese possessive pronomi-
nal anaphora [Paraboni and Strube-de-Lima, 1998]; Mitkov’s algorithm [Mitkov,
2002] and Chaves and Rino’s adaptation of Mitkov’s algorithm for anaphora res-
olution in (Brazilian) Portuguese [Chaves and Rino, 2008]; all these approaches
brought new insights about AR and new ways to approach the task. Machine
learning approaches to pronoun (and, in general, to anaphora and coreference)
resolution ( [McCarthy and Lehnert, 1995]; [Cardie and Wagstaff, 1999]; [Soon
et al., 2001]; [Rahman and Ng, 2009]) have been an important direction of re-
search.

One of the first methods relying mostly on syntactical knowledge was Hobbs’s
approach [Hobbs, 1978]. His algorithm is based on various syntactic constraints
on pronominalisation, which are used to traverse the syntactic tree. The search
is performed in an optimal order so that the NP upon which it terminates is
regarded as the probable antecedent of the pronoun at which the algorithm
starts. Hobbs evaluated his algorithm in 300 pronouns from three texts with
different structures and reached the success rate of 88.3% and, with the inclusion
of selectional restrictions, it arrived at 91.7%. Even without any pre-processing
errors, the success rate that it achieved is impressive, which consolidates Hobbs’s
early research as an important benchmark for the scientific community.

In 1991, Dagan and Itai presented an innovative statistical approach for re-
solving 3rd person pronouns based on collocation (co-occurrence) patterns [Da-
gan and Itai, 1991]. The candidates substituted the anaphor and the one with
most frequent co-occurence patterns was preferred over the others. The experi-
ment was conducted on 59 sentences retrieved from the Hansard corpus contain-
ing it and in the 38 sentences that the system responded, it selected the correct
antecedent 33 times (87%).

In 2001, Soon et al. presented a machine learning approach to noun phrases
co-reference resolution in unrestricted text [Soon et al., 2001]. The algorithm
used was the C5 classifier, an updated version of C4.5 [Quinlan, 1993]. Soon et
al. devised a twelve-feature vector for training and evaluation. The features used
were generic enough to be used across different domains and included gender,
number and semantic class agreement, distance, appositive syntactic context,
and string matching, among others. The system operated automatically and
was evaluated on MUC-6 and MUC-7 corpora, reaching a 62.7% f-measure rate.

In 2002, Ruslan Mitkov presented MARS [Mitkov, 2002, p. 145]: a knowledge-
poor, heuristic-based, inexpensive and fast approach for pronominal anaphora
resolution designed to meet NLP systems practical demands. After identifying
anaphors and compiling a set of candidates from the preceding noun phrases
taken from the current and the two previous sentences. The algorithm then
applied gender and number filters to reduce the number of candidates. Next,
it applied a set of antecedent indicators that gave each candidate positive or
negative scores, according to the likelhood of their being the antecedent of a
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given anaphor. For instance, the closer candidates; the first NP in a sentence;
the candidate that has an identical collocation pattern as the anaphor; and the
ones that were repeated; all these candidates were given a bonus. On the other
hand, the PPs or the indefinite candidates or the farther ones received a penalty.
MARS was evaluated in technical manuals achieving an overall success rate of
59.35%.

In 2008, Rino and Chaves reported RAPM, an adaptation of Mitkov’s algo-
rithm for Brazilian Portuguese [Chaves and Rino, 2008]. They chose and add
antecedent factors that better fit the language. The new factores consists on
bonuses given to proper noun candidates, candidates that exhibit the same syn-
tactic role as the anaphor and to the closer candidate. RAPM was evaluated in
a law, literary and newswire corpora containing over 1,000 anaphoras. The sys-
tem operated fully automatically and attained a success rate of 67.01%, which
represents a 7.66% boost over normal-mode MARS.

In 2009, Rahman and Ng reported a cluster ranking model for co-reference
resolution [Rahman and Ng, 2009], which ranks preceding clusters (set of co-
referent NPs), rather than candidate antecedents, for an NP to be resolved.
For evaluation, 599 documents were selected from the ACE 2005 data set. The
cluster ranker scored 76% f-measure in true mentions (manually corrected) and
69.3% when the mentions were extracted automatically and, therefore, had an
error associated.

In 2011, Nobre implemented ARM1.0, an adaptation of the Mitkov’s al-
gorithm for resolving Portuguese pronominal anaphora. He achieved a 33.5%
f-measure, a value our system aims to improve.

3 Corpus

To develop a machine learning approach to anaphora resolution, we needed to
build a corpus annotated with anaphoric relations, both to supply the training
instances to the system, and to serve as a golden standard for the system’s
evaluation. The dataset used to train and evaluate our system is a fragment of
the European Portuguese LE-PAROLE corpus [do Nascimento et al., 1998]. The
corpus is quite heterogeneous, being composed of texts from different genres:
novels, pieces of news, magazine news and newspaper columns, among others. In
total, it contains 290,000 words. The corpus was automatically POS-annotated
by STRING [Mamede et al., 2012] and manually corrected.

The annotation campaign identified 9,268 anaphoric relations (94.3%) and
560 cataphoras (5.7%). The breakdown of the anaphoras by anaphor type is
shown in Table 1:

The type of anaphor was identified based on the NLP chain STRING out-
put [Mamede et al., 2012]. This comprises an error margin that is associated with
the annotation errors, as some anaphors were identified with a unexpected POS
type (such as preposition a, for instance). There were 7,001 anaphoras (75.5%)
with the antecedent in the same sentence as the anaphor, while for 2,267 the
antecedent is further distant from the anaphor (24.5%). From these, for 1,028
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Type of anaphor Number of anaphoras Percentage

Pronouns

Relative 3,663 39.52%
Personal 3,470 37.44%
Possessive 689 7.43%
Indefinite 607 6.55%
Demonstrative 188 2.03%
Total 8,617 92.97%

Articles 338 3.65%

Numerals 74 0.80%

TOTAL 9,268 100%
Table 1. Corpus anaphoras composition.

anaphors the antecedent was in the previous sentence, for 364 there was a sen-
tence in between, and 223 with two sentences between them. This hints that
the majority of anaphoras do not surpass the three-sentence distance window
between anaphor and antecedent. The annotated anaphora in which the anaphor
is farther from the antecedent reports a distance of 146 sentences between them,
which is extremely rare and only happened once. This is extremely rare as only
7 times the number of sentences between anaphor and antecedent surpasses the
50-sentence mark.

A rapid analysis of Table 1 confirms that pronouns are the most represen-
tative category of anaphors, particularly the personal (37.4%) and relative pro-
nouns (39.5%).

3.1 Annotation Process

To perform the annotation, we needed an adequate annotation framework and
found it in Glozz [Widlöcher and Mathet, 2012]. Glozz is a free Java-based anno-
tation platform, developed by Antoine Widlöcher and Yann Mathet. It provides a
friendly interface, with the possibility of annotating different types of annotation
units (e.g. subject relations and anaphoric relations), and coloring annotation
units for an easy visualization of the different annotation targets; it also allows
to save annotations in XML files and provides hiding options.

Attending to the time-consuming nature of the process of annotating corpora,
and the need for annotation consistency and reproducible results, we considered
that this should not be a one-person task. Thus, it was necessary to define a set
of of annotation directives to guarantee the consistency of the whole process.
In other words, it was necessary to make sure that each and every annotator
performs this task in the same way. These guidelines are provided in [Marques
et al., 2013].

To improve the consistency of the process, specific guidelines were devised in
order to clearly state the general principles governing the annotation campaign
(and to be renewed/reviewed if necessary). Though one cannot state here all
the guidelines, one can already state some basic annotation schemata. Thus, we
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define that zero anaphora should not be annotated at this time. In the case of
coordinated antecedents, an anaphoric relation should link the anaphor to each
of the antecedents that compose the coordinated antecedent. Furthermore, when
two (or more) antecedents refer to the same entity, the one closest to should be
preferred over the others.

The annotation process was carried out by 5 annotators with expertise in
Portuguese Linguistics and NLP. In order to calculate the inter-annotator agree-
ment, we partitioned the corpus into 5+1 parts. Each annotator took the task of
annotating one of the parts, but before that, all annotators worked on the same
part to calculate inter-annotator agreement. For this, we used an adaptation
of the Fleiss’ kappa coefficient (k) [Fleiss, 1971]. Since Fleiss’ kappa coefficient
required the hypothetical probability of chance agreement (using the observed
data to calculate the probabilities of each observer randomly attributing each
category rate), and taking into account the specificity of anaphora annotation,
particularly the fact that there is no fixed number of categories since the number
of candidates vary in each case, it is not possible to calculate k in the same way.
Therefore, the general formula of k was adapted as follows: let N be the total
number of anaphors, let n be the number of annotators, and let c be the number
of candidates for each anaphor. The anaphors are indexed by i = 1, ...N and the
candidates are indexed by j = 1, ...c + 1, where c + 1 represents the case where
an anaphor has not been annotated. Let nij represent the number of raters who
assigned the i− th anaphor to the j − th candidate. The k calculation will thus
take the form of equation 1,

k = Pr(a) =
1

N

N∑
i=1

P i =
1

Nn(n− 1)
(

N∑
i=1

c+1∑
j=1

n2
ij −Nn) (1)

where Pi is the extent to which raters agree for the ith anaphor (i.e., compute how
many rater-rater pairs are in agreement, relative to the number of all possible
rater-rater pairs).

After two rounds of annotation in a part of the corpus and the manual
group correction, four annotators attained an accuracy greater than 81% which
translated in a k of 78.7%, which can be considered reliable. The remaining
annotator managed a sub-par accuracy, and was excluded from the rest of the
campaign. The annotation directives were also reviewed and updated along the
process, in order to clarify some more complex/difficult cases.

4 Architecture

We divide the problem of anaphora resolution in three stages:

• Identification of anaphors;

• Compilation of the list of candidates;

• Choice of the most probable candidate;
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The two first stages were implemented through manual rules, while the latter
was based on a learning model that orders the candidates by the probability
of their being the anaphor’s antecedent. The most probable candidate is then
selected as the antecedent of the anaphor.

The annotated corpus (see section 3) served as a golden standard for the
system’s evaluation.

4.1 Anaphor Identification

• Articles that constitute a single node, that is, articles that are not incorpo-
rated in NPs or PPs (1.4);

(1.4) Duas universidades: a de Lisboa e a do Porto.

Two universities: the one from Lisbon and the one from Porto.

• Nodes named “REL” in STRING are also retrieved, as they represent relative
pronouns;

• Pronouns incorporated on a NP or PP that do not violate any of the following
rules:

• Pronouns cannot be 1st or 2nd person. 1st or 2nd person pronouns refer
to the participants in a dialog, and are not addressed in this dissertation;

• Pronouns cannot be in an attributive (or predicative) position, that is,
the pronouns cannot be preceded by the Portuguese verb ser (in English,
the “to be” verb);

• In a coordination, only if the pronoun is not a demonstrative nor a
possessive. This rule excludes coordinated determiners in a NP or PP
such as (1.5), so that the pronoun is not considered an anaphor;

(1.5) Estas e outras coisas são perigosas.
These and other things are dangerous.

• Clitic pronoun se attached to a verb with “PASS-PRON” feature, cor-
responding to the pronominal passive-like construction, are discarded as
they are being used in a expletive way (1.6).

(1.6) Dizia-se que era uma decisão irrevogável.
It was said to be an irrevocable decision.

Also, we compiled a list of pronouns that are traditionally not used in a
non-anaphoric manner and, therefore, are automatically excluded as anaphors.
This list contains the tokens {toda a gente (everybody), mesmo (the same), o
tal (such), um certo (certain), próprio (self), o porquê (because), isto (this), isso
(that), aquilo (that), tudo (everything), nenhum (none), nada (nothing), alguém
(someone), ninguém (no one/nobody) and algo (something)}. It also includes the
locative adverbs with anaphoric value cá (here), l’a and ali (there); as well as
indefinite pronouns algures (somewhere) and nenhures (nowhere), with locative
meaning.
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4.2 Candidate Identification

Like the anaphor identification stage, the candidate identification is also made
throughout the parsing of the text. Nouns that are heads of NPs and PPs are
identified as potential candidates. When STRING identifies that two or more
nouns are present in a coordination, they also constitute a coordinate candidate
(1.7).

(1.7) O João e o Pedro foram a casa da Rita.
João and Pedro went to Rita’s home.

Besides, if a pronoun is (left-side) closer to a relative pronoun anaphor than
any other candidate, it is also identified as a candidate for that anaphor to ac-
count for cases such as (1.8), where the indefinite aquilo (that) is to be considered
the antecedent of the relative que (what):

(1.8) Foi aquilo que nos levou a agir assim.
It was that what made us act like that.

At last, the span of text from which the candidates are to be retrieved is
limited to a two sentence window – only the candidates that are on the same
sentence at the left of the anaphor, or in the previous two sentences, are selected.
Exception is made to the relative pronoun anaphors, whose candidates must be
selected from the same sentence and at the anaphor’s left side1.

4.3 Selection of the best candidate

The ordering of the candidate list (and the choice of the most probable one)
is based on the model generated through the application of a machine learning
method applied to the corpus we annotated. To do this, we used the WEKA
software2 [Witten et al., 2005].

Our system identifies the anaphors and candidates for each anaphor, and
creates an instance for each pair anaphor-candidate with several features dis-
played in Table 2 (page 14). As we implemented a supervised learning (based
on the annotation), each instance contains the target feature (T) is antecedent
that could be either true if the candidate is the antecedent for the anaphor, or
false otherwise. The remaining features’ values are retrieved from the STRING
output. The features are grouped in three types: anaphor-related features (A),
candidate-related features (C) and features related to the relationship between
anaphor and the candidates (R).

1 The process of annotation presented strong evidences that the relative pronoun
anaphor’s antecedent is almost every time in the same sentence as the anaphor,
and often immediately at its left side.

2 WEKA(Waikato Environment for Knowledge Analysis) is a popular suite of ma-
chine learning software written in Java, developed at the University of Waikato, New
Zealand.
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A machine learning method adequate to our task had to be defined. We
chose the Expectation-Maximization algorithm (EM) [Dempster et al., 1977].
EM is a soft-clustering convergence method, which means, in our case, that it
provides the probabilities of an instance (pair anaphor-candidate) to belong to a
cluster. Running EM in two clusters (one representing that the candidate is the
antecedent for that anaphor, and the other representing that it is not), we are
able to get the probabilities of each candidate to be the antecedent and therefore
we are able to choose the best one.

5 Evaluation

It is important to analyze AR along each stage, since each step’s efficiency con-
stitutes a ceiling to the performance of the next phase. In other words, if the
anaphor is not successfully found or if the antecedent is not present in the can-
didate list, the anaphora will not be resolved however good the model may be.

Figure 1 allows us to compare the ceilings that are being carried from the
anaphor identification stage to the candidates identification and, in turn, to
anaphora resolution. Note that this figure only assesses recall as it does not
consider the misidentified anaphors.

Concerning anaphor identification, Relative and reflexive se pronouns stand
out as the best results, due to the usually greater proximity between anaphor
and its antecedent in this cases (3.38 and 20.11 words between anaphor and
antecedent, respectively). Possessive pronouns also achieve a very interesting
60.8% recall. Nonetheless, it is clear that the ceiling from the previous stage
of candidates identification influence AR results for all anaphors. On the other
hand, personal pronouns other than the reflexive se show significant lower recall
(44.3%). This is explained by the lower ceiling inherited from the previous steps
of processing, but also by the larger number of candidates, resulting from a wider
search space in the candidate selection (two sentences’ window).

ARM 2.0. applies gender and number filters to the candidates (those that
do not agree in gender and number with the anaphor are discarded). Evaluation
showed that the application of filters improved the results, which is explained
by the lower number of candidates the model has to choose from.

Table 3 (page 15) displays the results at each processing stage. The applica-
tion of gender and number filters propel ARM 2.0. to overall results above 50%
on precision and recall, bordering the 60% mark.

It is clear that the precision is typically lower than the recall, a fact that can
be explained by the decision of not annotating co-referent anaphoras (the manual
rules that were developed cannot discern co-referent anaphoras from identity-of-
sense anaphoras; in this way, ARM 2.0. considers what is in reality an identity-
of-sense anaphor, that was not resolved in annotation, as an anaphor, evaluated
as incorrectly identified, thus decreasing the preicision). Cataphora events also
help to lower the recall, as potential anaphors are, in reality, cataphors: from the
560 cataphoras present in the corpus, 264 cataphors were incorrectly considered
as potential anaphors, which represents 2.3% of all the anaphors identified by
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Fig. 1. Recall performance of the different stages of ARM2.0 for each type of anaphor.

ARM 2.0. Special cases of annotation or XIP errors are also among the reasons
that prevent a higher precision and recall.

The “Recall” column under “Candidate identification” presents the ceiling
for the machine learning model. Our program identified the antecedent 84.7%
of the times, while in 9.2% of the remaining cases, the program could not found
it due to the antecedent being out-of-range. As expected, the large majority
of the relative pronouns antecedents are on the same sentence as the anaphor.
The candidate list compilation causes a fall in the ceiling of personal pronouns as
they are the type of anaphors whose antecedents can be farther from its anaphor,
generating out-of-range absence of the antecedent in the candidate list.

Finally, we take a look at the model efficiency, that is, how does the model
perform when it has all the conditions necessary to resolve the anaphora. Fig-
ure 2 compares the model efficiency with critical success rate, i.e., the efficiency
of the model when it discards all the anaphoras that can be resolved in a trivial
way, namely, when there is only a single candidate antecedent for the anaphor
or all other candidates but one are excluded on the basis of gender and number
agreement3. Relative pronouns are the type of anaphor that take most advan-
tage of these cases (682 cases, 26.58%), since the one sentence window applied
in these type of anaphors promote single candidate anaphoras, hence registering
the major drop-off when discarding the gender-number agreement and single

3 This measure has been proposed by Mitkov [Mitkov, 2002].
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candidate solvable anaphoras. A little portion of personal pronouns, excluding
se, are also resolved under these terms (76 cases, 9.57%), which is natural if
we consider that only the accusative and nominative 3rd person are marked for
gender and number. On the other hand, se pronouns rarely are resolved on the
basis of a single candidate or gender and number agreement. This can be ex-
plained by the fact that this type of anaphor compiles a list of candidates, whose
range reports a two sentence window, minimizing the single candidate scenario.
Considering that se pronouns are also not marked for gender and number, it
is natural the little impact of critical success rate in this type of anaphor (10
cases, 0.38%). The remaining types of anaphors are only very rarely resolved un-
der these conditions, the possessive pronouns are not even submitted to gender
and number filters (each of the remaining types of anaphora registered under 10
gender-number or single-candidate solvable anaphoras).

Fig. 2. Performance of the ARM2.0 AR model for each type of anaphor.

The model efficiency is relatively good ranging between 64.6% in personal
pronouns (excluding se) and 86.7% in demonstrative pronouns resolution. We
consider an overall efficiency of 77.8% a very solid value. Even when considering
only “tougher” anaphoras, ARM 2.0. AR model attains a 72.7%, which continues
to be a reliable rating.

In face of the results reported by most of the aforementioned systems (sec-
tion 2), it could be posited that ARM 2.0. still has a significant room for im-
provement. However, it is important to notice that these systems use manu-
ally corrected input data, limited textual diversity of relatively small number of
anaphora instances in their evaluation. This contrasts with the approach adopted
in this paper, which aims at getting raw texts and resolving its anaphors in an
entirely automatically way, something that is much closer to a real scenario of
a NLP system in use. On the other hand, the diverse textual genres included
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in the evaluation corpus and the sheer number of anaphora instances manually
annotated, along with the process of annotation itself led us to believe that these
results may reflect better the difficulty of the task in a realistic scenario.

Nonetheless, ARM 2.0 represents a step forward as it improved ARM 1.0 not
only in performance but in resolving a more extensive scope of anaphoras and
evaluating them in an extensive and unprecedentedly large Portuguese annotated
corpus.

6 Conclusions and Future Work

The results are deemed as satisfactory, as they met the goals of choosing an
annotation framework, building an annotated Portuguese corpus and developing
an hybrid approach that extended the scope and improved the performance of
the previous AR module. The annotation of an over 9,000 anaphoras on a 290,000
tokens corpus adds value to this work and significance to the results achieved.
The gap between ARM 2.0 results and the ones reported by some of the systems
presented in section 2, even taking into account their different scope, the different
corpora they used, and the fact that their input was previously corrected, shows
that there is still room for improvement.

In future work, it would be interesting to provide the corpus with a wider
range of anaphoric relations, such as co-reference, metonymy, subset/superset
relations, zero and identity-of-sense anaphora. This could help to better assess
the specific problems posed by each type of anaphora and, ultimately, to de-
vise better strategies to resolve it. The introduction of new knowledge sources,
namely at semantic and pragmatic level, and the exploration of collocation pat-
terns [Dagan and Itai, 1991] could also enrich the model and, extensively, the
AR task.
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Type Feature Description Possible values

R distance
number of sentences between
anaphor and candidate

numeric

R same sentence
verifies if the anaphor and
candidate are in the same
sentence

{true, false}

R gender agreement
verifies if anaphor and candi-
date agree in gender

{true, false}

R number agreement
verifies if anaphor and candi-
date agree in number

{true, false}

R
share relation

with verb

verifies if the anaphor and
candidate have a relation
with the same verb (e.g. sub-
ject, direct complement)

{true, false}

A anaphor gender gender of the anaphor
{MASC(uline), FEM(inine),

IND(efinite)}
A anaphor number number of the anaphor {SG (singular), PL(ural), IND(efinite)}
A anaphor type type of the anaphor {PRON(oun), ART(icle), NUM(eral)}

A
anaphor pronoun

type
type of the pronoun

{PERS(onal), POSS(essive),
DEM(onstrative), IND(efinite), NULL

(anaphor is not a pronoun)}

A is anaphor clitic
verifies if the anaphor is a
clitic

{true, false}

A
is anaphor direct

complement
verifies if the anaphor is a di-
rect complement

{true, false}

A
is anaphor indirect

complement
verifies if the anaphor is an
indirect complement

{true, false}

A is anaphor subject
verifies if the anaphor is a
subject

{true, false}

C candidate gender gender of the candidate
{MASC(uline), FEM(inine),

IND(efinite)}
C candidate number number of the candidate {SG (singular), PL(ural), IND(efinite)}

C
is candidate a

location
verifies if the candidate has
a location feature

{true, false}

C
is candidate an

organization
verifies if the candidate has
an organization feature

{true, false}

C
is candidate

composed

verifies if the candidate com-
prehends more then one en-
tity

{true, false}

C
is candidate
demonstrative

verifies if the candidate is
preceded by a demonstrative
pronoun

{true, false}

C is candidate human
verifies if the candidate has
a human feature

{true, false}

C
is candidate a
proper noun

verifies if the candidate is a
proper noun

{true, false}

C
is candidate

indefinite
verifies if the candidate is in-
definite

{true, false}

C
is candidate a

location
verifies if the candidate has
a location feature

{true, false}

C is candidate NE
verifies if the candidate is a
named entity

{true, false}

C
is candidate direct

complement
verifies if the candidate is a
direct complement

{true, false}

C
is candidate indirect

complement
verifies if the candidate is an
indirect complement

{true, false}

C is candidate subject
verifies if the candidate is a
subject

{true, false}

C
is candidate NP

or PP
verifies if the candidate is
NP or PP

{true, false, null}

C order of candidate

order of the candidate; 1 if
is the closest candidate (re-
garding the anaphor), 2 if is
the second closest, and so on

{numeric}

C
number of
candidates

number of candidates for the
anaphor

{numeric}

T is antecedent
verifies if the candidate is the
antecedent for the anaphor

{true, false}

Table 2. Features used in ARM2.0.
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Type Anaphor ident. Candidates ident. Anaphora resolution
of anaphor R P F R P F R P F

Personal
Pronouns

se 98.8% 61.7% 76.0% 82.5% 51.6% 63.5% 67.0% 41.9% 51.5%
All exc. se 92.7% 90.5% 91.6% 63.9% 62.4% 63.1% 44.3% 43.3% 43.8%
All 95.6% 74.1% 83.5% 72.5% 56.2% 63.3% 54.7% 42.5% 47.8%

Relative
Pronouns

que 84.6% 81.6% 83.1% 80.2% 77.5% 78.8% 64.2% 62.0% 63.1%
onde 90.7% 91.4% 91.0% 87.4% 88.1% 87.8% 63.4% 63.9% 63.7%
All 84.0% 82.6% 83.3% 78.8% 77.5% 78.1% 62.6% 61.6% 62.1%

Possessive pronouns 89.0% 95.9% 92.3% 79.6% 85.7% 82.5% 60.8% 65.5% 63.1%

Dem. pronouns 84.8% 47.7% 61.0% 62.8% 35.3% 45.2% 54.5% 30.6% 39.2%

Articles 95.2% 23.1% 37.2% 61.1% 15.0% 24.2% 53.2% 12.9% 20.8%

TOTAL 89.3% 76.2% 82.2% 75.8% 64.7% 69.8% 59.0% 50.3% 54.3%
Table 3. Precision, recall and f-measure of all AR stages of the final ARM 2.0. model
in the entire corpus (including gender-number filters).


