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Abstract
Coreference resolution is a crucial task in nat-
ural language processing (NLP) that aims to
identify and link expressions in a text that re-
fer to the same entity. However, the lack of
annotated data for coreference resolution in
Portuguese has hindered the development of
robust and accurate systems for this language.
In this paper, we present an assessment of coref-
erence annotation utilizing large language mod-
els (LLMs) for Portuguese: LLM-PREF is pro-
posed to annotate coreference in Portuguese
texts. It was evaluated and compared to a sys-
tem previously proposed in the literature. The
results show that although the model’s world
knowledge and inference capacity are quite rich
- allowing it to recognize complex coreference
patterns, including the pronominal anaphora
phenomenon - it does not excel the previously
developed rule based system.

1 Introduction

The Coreference Resolution task is challenging for
Natural Language Processing, considering the re-
quired linguistic knowledge and the sophistication
of language processing techniques involved. Even
though it is a demanding task, a motivating factor
in the study of this phenomenon is its usefulness.

Several Natural Language Processing tasks may
benefit from their results, such as named entity
recognition, relation extraction between named en-
tities, summarization, sentiment analysis, among
others. Coreference Resolution is a process that
consists of identifying certain terms and expres-
sions that refer to the same entity. For example, in
the sentence “Joe Biden drops out of presidential
race. The president says that...” we can say that
[the president] is a coreference of [Joe Biden]. By
grouping these referential terms, we form corefer-
ence groups, more commonly known as corefer-
ence chains.

The Coreference Resolution task for Portuguese
has received some attention in past years (Coreixas,

2010; Silva, 2011; Garcia and Gamallo, 2014; Fon-
seca et al., 2014, 2015, 2016b; Fonseca, 2018).
Most of these models were built using machine
learning approaches. The most recent Portuguese
coreference system, proposed by Fonseca (2018),
was inspired by Lee et al. (2013).

Due to the scarcity of coreference tools for Por-
tuguese and the recent advancements of large lan-
guage models, this paper proposes the evaluation
of LLMs to annotate Portuguese texts, specifically
the FAPESP parallel corpus, with coreferences.

This paper is organized as follows: Section 2
presents related work on Portuguese coreference
resolution; Section 3 describes the proposed anno-
tation strategy; Section 4 presents the evaluation;
Section 5 presents corpus annotation and result
analysis; and finally, Section 6 presents our conclu-
sions and future work.

2 Related Work

When dealing with the Coreference Resolution
task for Portuguese, it is possible to find many
corpora with some kind of coreference annota-
tion, such as: HAREM (Freitas et al., 2010), Gar-
cia’s corpus (Garcia and Gamallo, 2014), Summ-
it (Collovini et al., 2007), Summ-it++ (a new
and enriched version of Summ-it (Fonseca et al.,
2016a)), and Corref-PT (Fonseca et al., 2017), a
semi-automatically annotated corpus.

HAREM contains annotation of named entities
and their identity relations; its main purpose was
the evaluation of Named Entity Recognition (NER)
systems. The corpus contains manually annotated
named entities distributed in ten semantic cate-
gories. Relations between these named entities
have also been annotated manually, in four types:
identity, inclusion, placement, and other. Garcia’s
corpus contains coreference annotation for person
entities.

Summ-it contains noun phrase coreference an-
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notation, being thus the corpus with the most com-
plete coreference chains. It was semi-automatically
annotated with morphosyntactic information and
manually annotated with coreference. Besides
coreference, the texts were also manually annotated
with rhetorical relations. Also, for each text, there
are manual and automatically generated summaries.
Summ-it++ is an enriched version of Summ-it,
adding two new annotation layers: named entities
and relations between named entities. In addition,
the format was changed to the SemEval (Recasens
et al., 2010) format. Corref-PT (Fonseca et al.,
2017) was built through a collaborative task and
has 182 texts annotated semi-automatically with
coreferences.

Despite the existence of many corpora, it is still
difficult to produce rich coreference models using
machine learning approaches due to the insufficient
amount of available samples. Therefore, in this pa-
per, we present a corpus annotated by an LLM, as
an alternative for the construction of a large cor-
pus with coreferences for Portuguese. A large cor-
pus would allow for the production of well-trained
coreference models.

Recent research on large language models
(LLMs) highlights their potential and limitations in
performing coreference tasks. Studies such as Gan
et al. (2024) and Liu et al. (2024) emphasize the
need for improvements in coreference resolution
and comprehension of long contexts. Hicke and
Mimno (2024) focuses on improving coreference
annotation in English literary texts by exploring
techniques to enhance the capabilities of LLMs in
addressing the complexities inherent in literary lan-
guage. Despite these efforts, challenges persist in
developing rich coreference models due to limited
sample availability, particularly for languages like
Portuguese.

In this paper, we test whether a Portuguese coref-
erence annotation generator based on LLMs can
achieve good results without specific coreference
training, comparing its performance to the lat-
est proposed approach for Portuguese by Fonseca
(2018).

3 Annotation Generation

LLM-PREF is the method proposed in this pa-
per, based on GPT-4o (OpenAI, 2023). A detailed
prompt was developed, based on a set of guidelines
for annotating coreference chains. In other words,
instructions to ensure that the annotation is per-

formed while respecting the coherence and cohe-
sion of the text, as described in Fonseca (2018). Ad-
ditionally, the prompt indicates a structured JSON
output, as can be seen in 3.1. The prompt was built
in Portuguese, we present its original version.

3.1 Prompt

Você é um assistente que realiza anotação linguís-
tica de cadeias de correferência. Uma menção é
considerada correferente de outra quando ambas
se referem ao mesmo referente, ou seja, a mesma
entidade, objeto ou conceito. Essa relação de cor-
referência é importante para garantir a coesão
e a coerência de um texto, pois evita repetições
desnecessárias e ambiguidades. Você precisa ano-
tar as cadeias seguindo a seguinte estrutura JSON
de exemplo:

1 "chains" : [ {
2 "chain_0" : [ {
3 "np" : "FAPESP",
4 "start" : 0,
5 "end" : 5
6 },
7 {
8 "np" : "Pesquisa FAPESP",
9 "start" : 0,

10 "end" : 14
11 },
12 ... ]
13 },
14 "chain_1" : [ {
15 "np" : "Lula",
16 "start" : 0,
17 "end" : 4
18 },
19 {
20 "np" : "Luis inácio lula da silva"

,
21 "start" : 100,
22 "end" : 125
23 },
24 ... ]
25 }
26 ]
27 }

As regras para que uma menção seja correfer-
ente de outra incluem:

1. Mesmo referente: Como mencionado anteri-
ormente, para que duas menções sejam cor-
referentes, é necessário que elas se refiram
ao mesmo referente. Isso significa que ambas
devem se relacionar com a mesma entidade,
objeto ou conceito.

2. Uso de pronomes: Uma das formas mais
comuns de estabelecer a correferência entre
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duas menções é por meio do uso de pronomes.
Por exemplo, se em um texto é mencionado
o nome de uma pessoa do gênero masculino
(referente) e, em seguida, utiliza-se o pronome

“ele" para se referir a essa mesma pessoa,
temos uma correferência estabelecida.

3. Uso de sinônimos: Outra forma de estabele-
cer a correferência é por meio do uso de sinôn-
imos. Por exemplo, se em um texto é men-
cionado o termo “cachorro" e, em seguida,
utiliza-se o termo “animal de estimação" para
se referir ao mesmo ser, temos uma correfer-
ência estabelecida.

4. Proximidade textual: A proximidade entre
as menções também é um fator importante
para estabelecer a correferência. Geralmente,
quanto mais próximas as menções estiverem
no texto, maior será a probabilidade de serem
correferentes.

5. Coerência e contexto: A correferência tam-
bém deve estar em conformidade com a co-
erência e o contexto do texto. Isso significa
que as menções devem fazer sentido em re-
lação ao restante do texto e ao tema abor-
dado.

6. Uso de conectivos: Alguns conectivos, como
“este", “aquele", “o mesmo", entre outros, tam-
bém podem ser utilizados para estabelecer a
correferência entre duas menções.

7. Coesão: Além de estabelecer a correferência,
é importante que as menções sejam coesas, ou
seja, que haja uma conexão lógica entre elas.
Isso garante a fluidez e a clareza do texto.

Em resumo, para que uma menção seja correfer-
ente de outra, é necessário que ambas se refiram
ao mesmo referente, estejam próximas no texto,
façam sentido em relação ao contexto e sejam co-
esas. O uso de pronomes, sinônimos e conectivos
também pode ajudar a estabelecer essa relação
de correferência. Analise o texto abaixo e anote
todas suas cadeias de correferência lembrando que
cada cadeia de correferência só pode ter menções
de uma mesma entidade. Caso a entidade seja
única, crie uma cadeia com apenas uma menção.
É importante anotar todos os sintagmas nominais,
nenhuma menção pode ficar para trás.

Table 1: Metrics for LLM-PREF

MUC B3 CEAFm CEAFe

Precision 62,0 50,1 57,3 32,6
Recall 29,3 21,2 32,0 25,4

F-measure 39,8 29,8 41,1 28,6
CONLL 32,7

Table 2: BLANC metric for LLM-PREF

Coreferential Links Non-Coreferential Links
P R F P R F

63.8 38.9 48.4 69.9 64.3 65.3

Table 3: Metrics for Fonseca (2018)

MUC B3 CEAFm CEAFe

Precision 53,7 50,3 49,5 44,2
Recall 52,7 47,7 53,1 57,7

F-measure 53,2 48,9 51,3 50,0
CONLL 50,7

Table 4: BLANC metric for Fonseca (2018)

Coreferential Links Non-Coreferential Links
P R F P R F

55.8 15.1 23.8 80.7 96.7 88.0

4 Evaluation

To perform the evaluation, five texts from the
Summ-it corpus (Collovini et al., 2007), a manually
annotated corpus with coreference, were consid-
ered. We applied five metrics from CoNLL scorer
(Pradhan et al., 2014).

• MUC (Vilain et al., 1995) measures how many
clusters of mentions are necessary to cover the
standard chains.

• B-CUBED (Bagga and Baldwin, 1998) based
on mentions, it generates results by consider-
ing the present and absent mentions of each
entity in a given chain.

• CEAF (Luo, 2005) uses the alignment be-
tween entities (CEAFe) or mentions (CEAFm)
to calculate their results

• BLANC (Recasens and Hovy, 2011) evaluates
both coreference links and non-coreference
links.

Each metric favors a specific feature. Addition-
ally, we calculate CoNLL, which is the average of
MUC, B3, and CEAF_e.

The evaluation process was based on SemEval,
a widely recognized corpus format for the corefer-
ence resolution task (Pradhan et al., 2011). In Table
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5, the SemEval format is presented. Each line is
composed of a token followed by its annotation
layers (Antonitsch et al., 2016). Regarding corefer-
ences, each noun phrase starts using “( ” followed
by the chain ID. Note that the “) ” just occurs in the
last NP token. Basically: coreferent NPs receives
the same chain ID.

Table 1 presents the LLM-PREF results.
Coreference is difficult to evaluate, as we can

see in the different results given by each metric.
Depending on the phenomena observed, a differ-
ent metric is proposed. LLM-PREF is based on
the same underlying principles of Fonseca (2018),
since the prompt was built upon their previous
work. We can see in general higher precision and
lower recall in LLM-PREF. The significantly lower
recall observed in LLM-PREF compared to Fon-
seca (2018) is likely due to the mention detection
step. While the previous rule-based system em-
ploys a dedicated and elaborate pipeline using the
CoGrOO parser to explicitly extract noun phrases,
our approach relies entirely on a single prompt to
simultaneously identify and resolve mentions, nat-
urally increasing the chances of missing entities.
Overall, despite the higher precision, the previous
rule-based system still surpasses the LLM output
in terms of general metrics.

However, if we look at the BLANC metric (Bi-
Lateral Assessment of Noun Phrase Coreference),
which considers coreferential and non-coreferential
links separately, we see an advantage for LLM-
PREF in the coreferential links. Basically, a non-
coreference link is formed by two mentions that
are not coreferences to each other. The BLANC
metric aims to reward correct coreference chains,
proportionally to their length.

Tables 3 and 4 present the results for Fonseca
(2018)’s model on the same subset.

5 Corpus Annotation and Result Analysis

The Portuguese texts of the FAPESP parallel cor-
pus (Aziz and Specia, 2011), consisting of 3,840
articles were annotated with an LLM. A total of
105 texts had to be excluded due to prompt size
limitations. The resulting annotated corpus is com-
posed of 3,735 texts, 104,348 coreference chains,
and 226,973 noun phrases. Although the automatic
annotation is not perfect, this resource may be use-
ful for future research in coreference. It can be
curated to produce higher quality annotations, and
it can be used as a source of examples of corefer-

ence chains.
To produce the entire corpus, 18 million tokens

were expended. The LLM utilized 10,416,029 to-
kens for input prompts, and 8,274,124 tokens for
completions, resulting in a total of 18,690,153 to-
kens consumed. Essentially, in each iteration, the
input tokens consist of the sum of prompt tokens
and the text content, while the completion tokens
represent the entire output, specifically the JSON
output. This substantial token count underscores
the extensive computational effort involved in pro-
cessing the corpus.

It is important to highlight that the original
FAPESP Parallel Corpus is distributed under a Cre-
ative Commons Attribution-NonCommercial (CC
BY-NC 2.0) license. Therefore, the new corefer-
ence layer generated in this work inherits these
non-commercial and attribution constraints, ensur-
ing an ethical distribution and use of the corpus by
the NLP research community.

Regarding the result analysis, we investigated
several chains to identify the main errors in the
annotation process. In chain C1, it is clear that
the model mistakenly combined two separate enti-
ties, likely due to hallucination. Chain C2 presents
a similar case where three distinct entities were
linked.

• C1={[Peru], [Bolívia]} (see context in Figure
1)

• C2={[a prefeitura do Rio], [o Instituto
Municipal de Urbanismo Pereira Passos], [a
Secretaria do Meio Ambiente]} (see context
in Figure 2)

Unfortunately, understanding the reasons behind
this is quite challenging. Additionally, we identi-
fied chains that are partially correct, such as C3. In
C3, it is evident that Professor Hermógenes could
be considered part of the group of 105 researchers,
but he does not represent the same entity.

• C3={[105 pesquisadores], [eles],[professor
Hermógenes de Freitas Leitão]} (see context
in Figure 3)

In C4 and C5, we found a more complex case.
In addition to splitting the chains of “José de Souza
Martins" and “Martins," the model invented an
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Table 5: SemEval annotation scheme

ID Token Lemma PoS Feat Head NE Rel Coref
1 A o art F=S _ _ _ _
2 opinião opinião n F=S 0 _ _ _
3 é ser v-fin PR=3S=IND _ _ _ _
4 de de prp _ _ _ _ _
5 o o art M=S _ _ _ (2
6 agrônomo agrônomo n M=S 0 _ _ _
7 Miguel_Guerra _ prop M=S 0 PES (9) _
8 , _ _ _ _ _ _
9 de de prp _ _ _ _ _
10 a o art F=S _ _ _ _
11 UFSC _ prop F=S 0 ORG (9) (3)

Figure 1: Context of C1 chain

Figure 2: Context of C2 chain

Figure 3: Context of C3 chain

additional reference of “José de Souza Martins"
and missed some mentions, such as “Talcott Par-
sons," resulting in incorrect linkage with the pro-
noun “ele." Furthermore, the same chain contains
an excessive number of incorrect pronominal links.
It seems that the coreference task can be challeng-
ing, even for large language models.

• C4={[José de Souza Martins], [professor
José de Souza Martins],[José de Souza
Martins],[ele],[ele],...}(see context in Figure
4)

• C5={[Martins], [Martins]} (see context in

Figure 4)

Despite some inconsistencies found in the last pre-
sented chains, interesting coreference chains were
found, see examples C6 and C7. In these chains,
we can see that the model’s world knowledge and
inference capacity are quite rich, allowing it to rec-
ognize complex coreference patterns, including the
pronominal anaphora phenomenon.

• C61={[Dieter Muehe], [geógrafo
baiano Dieter Carl Ernst Heino

1this chain can be found in 911 3648.json file
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Figure 4: Context of C4 and C5 chains

Muehe],[ele],[professor titular], [este
filho de alemães nascido em Maragogipe, no
Recôncavo Baian],[Ganhador do Prêmio
Conrado Wessel 2003 na categoria Ciência
Aplicada ao Mar, Dieter Muehe],[senhor]}
(see context in Figure 5)

• C7={[a tuberculose],[essa doença infecto-
contagiosa],[a doença]}(see context in
Figure 6)

6 Conclusion

This paper presents an alternative for annotating
coreference using large language models. The mo-
tivation is based on the critical shortage of com-
prehensive coreference corpora for the Portuguese
language, providing means for the development
and enhancement of coreference resolution models.
A corpus comprising 3,735 texts from the FAPESP
corpus (Aziz and Specia, 2011), with 104,348
coreference chains, and 226,973 noun phrases was
annotated using GPT-4o (OpenAI, 2023). GPT was
used due to its availability in the work environment.

The evaluation, although limited in scope,
demonstrated promising results. Despite some er-
rors in the annotation, the overall quality of the
coreference chains points to some capability of
LLMs for identifying complex coreference patterns.
Coreference resolution can potentially improve the
performance of various natural language process-
ing tasks such as named entity recognition, relation
extraction, summarization, and sentiment analysis.
This corpus can contribute to further studies on
coreference.

Future work will involve expanding the evalu-
ation to include a larger set of texts and further

refining the prompts for the annotation process to
minimize errors. By making Coref/FAPESP pub-
licly available2, we hope to foster further research
and development in Portuguese coreference resolu-
tion and contribute to the broader NLP community.
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