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 A B S T R A C T

Natural language understanding entails the ability to comprehend the relations between various people, objects 
or events throughout one, or multiple, text(s). Event coreference resolution (ECR) is a discourse-based natural 
language processing (NLP) task which aims to link those textual events, be they real or fictional, that refer 
to the same conceptual event. In this paper, we introduce a novel end-to-end approach for cross-document 
ECR which combines expert-level positional knowledge and graph-based representations in order to create 
a memory-efficient and accurate system meant for the detection and resolution of events in large document 
collections. We make three fundamental architectural changes to a current state-of-the-art cross-document ECR 
system and show that our approach outperforms this earlier model (+ 4% CONLL F1) on a large Dutch ECR 
dataset. Moreover, we show through in-depth qualitative and quantitative analysis that our proposed approach 
consistently detects more relevant events and suffers notably less from the typical issues models exhibit when 
predicting coreference chains.
. Introduction

Being able to connect various mentions of people, objects and 
vents in written and oral discourse is a fundamental aspect of human 
anguage understanding. Moreover, the knowledge that certain parts of 
 text or a conversation can be intrinsically linked – not only to other 
exts or conversations, but also to real-world concepts – is at the very 
entre of what enables us humans to communicate with one another. 
et, this critical aspect of human communication plays only a marginal 
ole in most modern-day studies on Computational Linguistics (CL) and 
atural Language Processing (NLP).
The advent and success of Large Language Models (LLMs) and 

ransformer-based architectures has profoundly shifted the field’s over-
ll research focus to word-level lexical semantics, prioritizing local 
ontext understanding over document or multi-document level struc-
ural processing (Jiang et al., 2023). While a large variety of tasks 
hich require thorough syntactic and semantic knowledge, such as 
entiment analysis, machine translation and question-answering, have 
mmensely benefited from the transformer-based revolution (Tenney 
t al., 2019; Koroteev, 2021), most tasks involving discourse processing 
emain a tough nut to crack, even with access to powerful LLMs (Nair 
t al., 2023; Maekawa et al., 2024).
Cross-Document Event Coreference Resolution (CD-ECR) is one of 

he foremost tasks with which modern-day LLMs tend to struggle (Lu 
nd Ng, 2021). In this discourse-based task, the goal is to connect all 
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references of events or happenings in a written document collection 
if, and only if, they refer to the same real-world conceptual event. 
Consider the two sentences below in which the textual span of the 
event, often designated as the event mention, is indicated in between 
square brackets:

1. Hochul [elected] as 57th Governor of New York
2. She [received] her ticket to Albany street in 2021.

For a human reader with adequate background knowledge (i.e. The 
New York Governor’s official residence is on Albany street), it is clear 
that the same real-world event is being referenced. However, for most 
present-day LLMs, which often lack up-to-date real-world knowledge 
and situational context, connecting these two events is more prob-
lematic. A specific problem with generative LLMs is their tendency to 
produce false negatives, primarily due to their reliance on general pre-
training data, which lacks the implicit knowledge necessary for tasks 
like coreference resolution (Liu et al., 2023). Interestingly, fine-tuned 
transformer architectures suffer less from this issue, making them more 
commonly used for specialized tasks where accuracy is critical, though 
they are still far from perfect, and deployment at large scale is not yet 
possible (Lu and Ng, 2021).

Nevertheless, the potential of integrating event coreference reso-
lution systems into downstream applications can be of great benefit: 
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more specifically, CD-ECR algorithms have been used in the past in 
tasks such as template filling (Humphreys et al., 1997a), automated 
population of knowledge bases (Ji and Grishman, 2011), question 
answering (Narayanan and Harabagiu, 2004) and contradiction detec-
tion (De Marneffe et al., 2008). Incorporating event-level information 
and resolving the coreference between these events has also enhanced 
the performance of automatic summarization systems (Alsaedi et al., 
2016) and content-based news recommenders (Kompan and Bieliková, 
2010).

The integration of CD-ECR systems in most applications is compli-
cated as for most downstream tasks an algorithm would ideally need 
to be able to not only find coreferential links between events, but also 
first detect the events themselves. This joint detection and resolution 
of events is typically designated as end-to-end (e2e) event corefer-
ence resolution and remains one of the primary challenges within the 
field of discourse processing (Lu and Ng, 2018a). Such a streamlined 
joint system would remove the need for cumbersome intermediary 
processing steps and complex model pipelines, which are often used 
in cross-document applications today (Elov et al., 2023).

In this paper, we propose such an e2e system for cross-document 
event coreference resolution. It learns to both detect and resolve event 
mentions in the Dutch ENCORE corpus (De Langhe et al., 2022a). This 
corpus consists of a large collection of online news articles with high-
quality cross-document event annotations and is currently the largest 
human-annotated cross-document event corpus available. The choice 
to work exclusively with news data in this corpus is because most 
proposed downstream applications of CD-ECR mentioned above can be 
situated within the news domain. Additionally, having a collection of 
news articles reporting on a wide variety of present-day issues allows 
us to research CD-ECR in an unrestricted setting with a broad topical 
scope.

For our overall model architecture, we drew inspiration from ear-
lier work on e2ecoreference resolution models in cross-document set-
tings (Cattan et al., 2021a) and integrate both structural document-
level information and a method to explicitly model graph-based repre-
sentations of coreference chains. We perform an extensive quantitative 
and qualitative analysis of the model’s output and show that our 
proposed model architecture consistently detects and classifies harder 
cases of coreference compared to a series of solid LLM-based baseline 
algorithms.

The remainder of this paper is structured as follows: first, Section 2 
provides an extensive overview of widely-used resources and methods 
in ECR studies. In this section, we discuss the overall motivation, 
methodology and flaws of the current generation of event corefer-
ence resolution models. Then, we propose three concrete changes in 
model architecture that we believe will combat some of the issues 
plaguing earlier developed CD-ECR models and discuss our overall 
model training and testing strategy in Section 4. After reporting the 
results (Section 5), we then perform a series of extensive qualitative 
analyses of our proposed model in Section 5.2. In contrast to most 
earlier studies, we not only analyse the predicted coreference links, but 
also the individual events which have been detected by the models. 
Finally, Section 7 contains a brief summary of our most important 
findings and results, as well as an outlook for future cross-document 
event coreference resolution research.

2. Related work

2.1. Resources

Available resources for CD-ECR are few and far between, especially 
for languages other than English. Moreover, most of the available 
corpora adopt different definitions of what events constitute, as well 
as diverging annotation strategies, making model comparison across 
various datasets a complicated endeavour. The section below attempts 
2

to provide a complete overview of publicly existing resources for (cross-
document) event coreference resolution, while briefly discussing their 
key characteristics and current place in the field. A schematic overview 
of all corpora can be found at the end of this section in Table  1.

Some of the first corpora specifically developed for event coref-
erence resolution were the ACE corpora, and more specifically ACE 
2005 (Anon, 2008). In this collection of documents, events are seen 
as a set of 100 predefined type actions i.e. Life - BeBorn or Employment 
- Start, which results in a fairly restricted event taxonomy as a whole. 
Coreference between events is annotated at the within-document level, 
with coreffering events needing to be compatible in (sub)type. In 
addition to the annotations at the event-level, entity mentions are also 
included in this dataset. Furthermore, the ACE corpora distinguished 
themselves from other early event-based resources through the inclu-
sion of a (relatively small) set of annotated Chinese documents, making 
this corpus the first known multilingual corpus for ECR.

As mentioned, the overall number of event types in ACE is some-
what restricted. With this in mind, there have been efforts to create 
ACE-like corpora geared towards domain-general applications. For in-
stance, the TAC-KBP corpora (Mitamura et al., 2015) build upon the 
ACE methodology by not only expanding the event typology, but 
also by including a more complex and information-rich annotation 
style for the events contained in the documents. This multilingual 
dataset includes documents for English, Arabic, Chinese and Spanish 
and considers coreferential links at the within-document level.

A third resource that should be discussed, is the OntoNotes cor-
pus (Pradhan et al., 2007). For a significant period in time, this corpus 
was considered the standard dataset for both entity and event coref-
erence resolution systems in the English language domain. This large-
scale multi-domain text collection includes Treebank (Taylor et al., 
2003), Propbank (Kingsbury and Palmer, 2002, 2003) and within-
document coreference annotations both at the entity and event level. 
Additionally, both entities and event types are largely unrestricted, 
meaning that this corpus covers documents and topics in a large variety 
of domains. A potential hazard of the OntoNotes corpus is that no 
distinction has been made between coreferential links at the entity and 
event level. While the tasks of entity and event coreference are certainly 
related, it should be noted that, over time, methodologies for entity and 
event coreference resolution have started to diverge (Lu and Ng, 2018a; 
Liu et al., 2023). For instance, event-based resolution approaches have 
started to heavily rely on discourse and meta-textual knowledge rather 
than on sentence and document level information which is typically 
used for the detection of coreferential entities (Chen et al., 2023; 
De Langhe et al., 2023b). In addition, the OntoNotes corpus handles 
most verbal (event-level) mentions in an entirely different manner than 
the earlier discussed ACE and TAC-KBP corpora. Concretely, a verbal 
mention is only annotated if there exists a noun phrase equivalent of the 
same real-world or fictional event in the dataset. It has been suggested 
that this annotation strategy has an inherent impact on data consistency 
and is therefore less optimal for the development of practical real-word 
applications of event coreference resolution (De Langhe et al., 2023d).

In the three aforementioned corpora, the annotation of coreferential 
links has been restricted to the within-document level. Where resources 
on event coreference are already scarce, resources for cross-document 
event coreference are even harder to come by. In the English lan-
guage domain, two datasets of notable size currently exist. The first is 
the monolingual English ECB+ corpus (Cybulska and Vossen, 2014b), 
which was based on the small-scale ECB corpus (Bejan and Harabagiu, 
2010). Since its release, the ECB+ corpus has been used for numerous 
cross-document coreference studies (Lu and Ng, 2018b, 2021) and 
has become the standard benchmark for newly developed (English-
language) CD-ECR models. The corpus includes a significant number of 
news articles from different domains in which multi-word event spans 
are annotated using a schema based on the Rich ERE guidelines (Song 
et al., 2015). A large part of the ECB+ corpus’ popularity is owed to the 
fact that its creators explicitly included events of the same type which 
were not coreferent in an effort to diversify the data. Consider Lists  3
and 4 below:
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Table 1
Overview of widely-used event coreference corpora , both at the within-document (WD) level and cross-document (CD) level.
 Corpus #Documents Genre Coref Languages  
 ACE 2005 600, 500 news articles, conversations WD EN, CH  
 OntoNotes 600 financial news articles CD EN  
 TAC KBP 1000, 800, 400 news articles, forum discussions WD EN, SP, CH  
 ECB 480 news articles CD EN  
 ECB+ 982 news articles CD EN  
 Newsreader Meantime 120 news articles CD EN, DU, IT, SP 
3. Tara Reid committed to rehab
4. Singer Britney Spears entered an LA-based rehab facility last 
month

For a human reader it is immediately clear that even though the 
two events are similar, they do not refer to the same event because the 
participant(s), time and place are different. The emphasis on including 
similar, but not coreferent, events results in a dataset which is arguably 
highly representative of the proposed ECR applications for real-word 
data.

A second and final cross-document corpus for English is the au-
tomatically extracted WEC-Eng dataset (Eirew et al., 2021). In this 
dataset, Wikipedia data is leveraged where both event mentions and 
coreference links between events are not restricted to pre-defined top-
ics.

While all resources previously discussed are situated either in the 
English language domain or comparatively higher-resourced domains 
such as Chinese and Arabic, there do exist two noteworthy CD-ECR 
datasets for Dutch. First, the MeanTime Newsreader (Minard et al., 
2016) corpus. This richly annotated event dataset contains cross-
document level coreference annotations for English, Dutch, Spanish 
and Italian and deals with largely unrestricted events. However, the 
documents collected in this dataset are limited to four specific topics, 
and the Dutch, Spanish and Italian sections of the dataset have been 
machine-translated from the original English texts. Moreover, the event 
and coreference annotations of the Italian and Spanish sections have 
not been carried out manually but through cross-lingual projection. 
The second, and primary, dataset for Dutch CD-ECR is the large-scale 
ENCORE dataset, which serves as the backbone for this paper and will 
therefore be discussed in more detail in Section 3.

2.2. Methodology

When it comes to operationalizing coreference resolution, most 
models fall within the mention-pair paradigm, in which each possible 
anaphor-antecedent pair in a text is evaluated in isolation and a binary 
(coreferent/non-coreferent) decision in made for each pair (Soon et al., 
2001). This paradigm has been by far the most popular and effective 
approach for coreference resolution of entities and events alike in 
the past 20 years (Liu et al., 2023). Even within transformer-based 
studies on anaphora resolution, the mention-pair approach remains the 
primary methodology of choice.

Nonetheless, there exists a non-insignificant body of work aiming 
to break away from binary representation learning and which attempts 
to represent coreference chains through other structures (i.e. compu-
tational graphs or trees). In the sections below, we aim to provide 
the reader with a comprehensive overview of widely-used (end-to-
end) event coreference methodologies, both within and beyond the 
mention-pair paradigm.

2.2.1. Mention-pair models
The mention-pair paradigm is a relatively fixed structure. First, a 

number of candidate mention pairs is generated, either at the document 
or cross-document-level. Then, representations of each mention in the 
pair are jointly passed through a classifier which predicts whether or 
not the two mentions are coreferent. Then, from the binary output 
of the coreference model, coreference chains are formed. In the past, 
3

this was often done through either cluster-ranking (Rahman and Ng, 
2009) or iterative learning of the optimal coreference chains (Clark 
and Manning, 2015), whereas more recent approaches tend to prefer 
agglomerative clustering methods (Barhom et al., 2019).

Early research on mention-pair coreference resolution was primarily 
inspired by classical feature-based methods, such as support vector 
machines (Chen and Ng, 2014), decision trees (Cybulska and Vossen, 
2015) and deep neural networks (Nguyen et al., 2016). Features used 
for these approaches centred around string-based similarities and role-
filling. Additionally, explicitly modelling document and discourse as-
pects, such as the textual distance between events, were also thought 
to be important for the resolution of coreferential events (Lu and Ng, 
2018b; De Langhe et al., 2022b).

As is the case for most domains within the NLP research sphere, 
feature-based methods in ECR have nearly entirely been replaced by 
transformer architectures. In most cases, these take the form of BERT-
based encoders, which create contextualized embedding representa-
tions of the individual events which are subsequently passed through 
a simple feedforward classification layer (Lu et al., 2022; Cattan et al., 
2021b). Among others, transformer-based ECR models have taken the 
form of span or long-format encoders such as SpanBERT (Joshi et al., 
2020) and Longformer (Beltagy et al., 2020).

A second, less frequent, approach to transformer-based ECR is by 
directly prompting generative models. Some preliminary studies have 
attempted to leverage the real-world implicit knowledge contained 
within GPT-like decoders (Zhang et al., 2023), usually focusing on 
chain-of-thought explanations (Nath et al., 2024).

For end-to-end (e2e) settings, the mention-pair approach is changed 
in one significant aspect: instead of candidate pairs being created from 
gold-standard event mentions, they are being predicted (Lu et al., 
2022). The most straightforward approach to e2e event coreference 
resolution is by employing a pipeline of different systems. In a pipeline 
setup, the detection and resolution of event mentions are considered 
as two entirely different tasks. The output of any event detection 
system can then be fed directly into any of the resolution methods 
described above. While some studies have extensively focused on the 
development of pipeline approaches (Singh et al., 2019; Zhu et al., 
2024), it should be noted here that these systems come with a no-
table drawback. For one, pipeline models notoriously suffer from error 
propagation, meaning that errors made in one of the components get 
passed as the input for the next component with no method to rectify 
them. This is even more apparent in systems which add extra steps in 
the event detection step, such as the detection of task-specific event 
properties (Singh et al., 2019).

This issue has inspired many researches to shift their attention 
to joint coreference models, in which detection and resolution are 
considered a joint optimization task. Early joint methods to coreference 
typically used segment-based decoding (Araki and Mitamura, 2015), 
Markov logic networks (Lu et al., 2016) or integer linear program-
ming (Chen and Ng, 2016) to perform joint inference. However, since 
the arrival of transformer-based architectures, most e2e coreference 
resolution systems, for entities and events alike, have been based 
on Lee et al. (2017)’s seminal e2e-coref  algorithm. In this approach, 
strong contextual span representations are passed through an event 
scorer module, before being combined, pruned and passed through a 
pairwise scoring layer. Since its inception, many variants and opti-
mizations of this model have been proposed, ranging from removing 
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span representations (Kirstain et al., 2021) to specialized pairwise 
encoders (Kobayashi et al., 2023). One such variant for Cross-Document 
event coreference resolution (Cattan et al., 2021a) is seen as the back-
bone for the current state of the art on that particular task (Lu and Ng, 
2021). This approach will be discussed in closer detail in Section 4.2.

2.2.2. Other approaches
While mention-pair approaches remain the preferred method for 

(e2e) coreference resolution, the models have been shown to suffer 
from an over-reliance on superficial lexical similarity (Cattan et al., 
2021a; Ahmed et al., 2023; De Langhe et al., 2023d). This leads to 
similar mentions consistently being classified as part of a corefer-
ence relation, even when they are not, resulting in a form of topic 
classification rather than actual coreference resolution.

In an effort to reduce this over-reliance on lexical similarity between 
event pairs, some have sought to step away from pairwise classification 
altogether. Graph-based models have been increasingly popular is this 
regard. These methods’ primary goal is to create a representation of 
coreference based on the actual structure of the chains by integrating 
the overall document (Fan et al., 2022; Tran et al., 2021) or dis-
course (Huang et al., 2022) structure. Other graph-based methods have 
focused on commonsense reasoning (Wu et al., 2022). In addition to 
this, efforts have been made to create topology-aware frameworks for 
inductive relation prediction, where mentions are represented not by 
their identities but through the structural patterns of their neighbouring 
relations in the knowledge graph (Chen et al., 2022). This type of 
model constructs relation-aware subgraphs and encodes them using a 
graph neural network that captures both the types and configurations 
of adjacent relations, allowing the system to generalize effectively to 
previously unseen mentions by relying on shared topological features 
rather than explicit embeddings. Finally, it has also been suggested that 
small graph-based models can be integrated into existing mention-pair 
methods in order to learn chain structure as a whole and scale down 
on the pairwise dependence (De Langhe et al., 2023a).

Another approach to model coreference is to model coreferential 
relations using trees instead. Tree-based coreference representations 
have ranged from the exploration of universal dependency trees (Popel 
et al., 2021) to latent tree-based classifiers (Lassalle, 2015). In addition 
to this, modelling global discourse structure as a tree in coreference res-
olution has also been shown an interesting direction to pursue (Gordon 
and Hendrick, 1998).

Finally, work on coreference resolution has explored the use of 
generative LLMs for both entity and event coreference, often through 
prompt-based approaches. Some methods such as CorefPrompt, re-
frame event coreference as a cloze-style task using templates to model 
event and argument compatibility (Xu et al., 2023). In addition, some 
frameworks focus aim to better handle long documents by resolving 
references within sub-contexts, mitigating the context-length limita-
tions of LLMs (Liu et al., 2024). Hybrid methods combining LLM-
generated summaries with smaller fine-tuned models have also been 
proposed (Min et al., 2024). These approaches leverage the flexibil-
ity of prompting to encode coreference rules without retraining, but 
generative models still struggle with false negatives and lack the ro-
bustness of traditional fine-tuned models, especially in large-scale or 
precision-critical settings (Min et al., 2024).

3. Data

The ENCORE corpus (De Langhe et al., 2022a), currently the largest 
cross-document unrestricted event coreference corpus for Dutch, con-
tains 1,015 full newspaper documents, sourced from a variety of na-
tional (De Morgen, Het Nieuwsblad, Het Laatste Nieuws, De Standaard) 
and regional (Het Belang van Limburg) online newspapers, as well as 
articles published by the Flemish public broadcasting agency (VRT 
News).
4

In the ENCORE corpus, the annotation of events and their coref-
erential links was mostly inspired by the general design methodology 
of the previously mentioned benchmark (Cybulska and Vossen, 2014a) 
corpus. The data is structured in topical news clusters, where each 
cluster is a self-contained collection of news articles reporting on a 
single conceptual event. These clusters were obtained by grouping 
documents if they share a threshold number (> 5) individual named 
entities. Each cluster is assigned an id and a descriptor which covers 
the theme of the cluster, examples of which are presented in Table  2.

In each of these clusters, events were manually annotated relying on 
specific annotation guidelines (De Langhe et al., 2021) At the hearth 
of the event is the event trigger, which can either be a nominal or 
verbal expression denoting the central action of the event. In the 
ENCORE corpus, there is no predefined event typology under which 
triggers must fall to be considered an event, resulting in a highly 
diverse unrestricted event corpus. For each event, a series of event 
arguments are additionally annotated (if present): location, time, human 
participant and non-human participant. Consider the example below as a 
prototypical event annotation in the ENCORE dataset:

5. [De [finale]𝐴𝑐𝑡𝑖𝑜𝑛 van het WK voetbal 2022𝑇 𝐼𝑀𝐸 .]𝐸𝑣𝑒𝑛𝑡 EN: The 
final of the 2022 World Cup.

In addition, three key event properties are specified for each event 
trigger. First, the event sentiment, which is self-explanatory and can 
either be positive, negative or neutral. Second, the event realis, which 
denotes whether or not the event is happening, either now or in the 
future. Finally, the prominence of the event, which denotes the status of 
an event in a given document. The prominence property can either take 
the value ‘‘main’’, in which case the event is central to the news being 
reported upon in the given news article, or ‘‘background’’, in which case 
it is seen as background information.

Coreference was annotated at two levels. First, coreference chains 
were established between event arguments in the same document, 
which is actually an entity coreference annotation step. Second, and 
more importantly for this study, within-document and cross-document 
coreference links were drawn between all annotated events. Note here 
that cross-document annotations were performed only if two events 
were found in the same topical cluster. For two events to be considered 
coreferential, three conditions had to be fulfilled: the two events must 
happen at the same time (1), in the same place (2), and involve the 
same participants (3).

In total, the corpus comprises 1,018 within-document and 1,578 
cross-document event coreference chains (i.e., a coreference chain of 
size >= 2), making it comparable in size to the large-scale English-
language datasets that were discussed in Section 2. Furthermore, each 
chain contains, on average, seven events and the cross-document chains 
span an average of 5–6 documents.

4. Experiments

In the following sections we will first discuss certain issues plaguing 
popular modern-day coreference algorithms after which we provide an 
in-depth description of our proposed end-to-end model architecture and 
how our proposed changes from earlier coreference models can aid in 
mitigating some of these issues. Finally, we also provide implementa-
tion details related to the training process, data setup, evaluation and 
hardware used in the experiments.

4.1. Rationale

There are two substantial issues with the current generation of 
Cross-Document Event Coreference Models.

First, an increasing number of recent studies has highlighted the 
over-reliance of present-day coreference models on lexical similar-
ity (Cattan et al., 2021a; Ahmed et al., 2023). Concretely, it is regularly 
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Table 2
Three randomly drawn clusters from the ENCORE corpus, with their overarching topic name and the number of documents 
included.
 Cluster id Topic # of documents 
 47 Tim Burton exposition in Genk 11  
 75 Royal Wedding Prince Harry 24  
 87 Election of Cuban president 12  
the case that mentions with a high degree of (superficial) string sim-
ilarity are deemed coreferent, while mentions with a comparatively 
low degree of similarity are often not seen as such. While lexical 
similarity is indeed a logical predictor for coreference, it is far from the 
only characteristic of coreferential relations (Ahmed et al., 2023; De 
Langhe et al., 2023b). The inherent dependence on lexical similarity 
subsequently leads to most coreference algorithms making consistent 
and highly predictable mistakes: either similar – but not coreferent – 
events are seen as coreferent or non-similar – but coreferent – mentions 
are deemed to be entirely different events. For event coreference, which 
is a fine-grained task in which attention to nuance and detail is highly 
important, these consistent errors are problematic, especially since 
similar – but not coreferent – mentions, such as in examples 6 and 7, 
are highly prevalent.

6. Pope Francis visits Argentina later this month
7. Pope John Paul II visited Argentina in 1982

Several hypotheses exist with respect to the models’ over-reliance on 
superficial similarity ranging from an inherent lack of lexical diversity 
in most coreference datasets (Eirew et al., 2021) to issues with the 
underlying transformer models (De Langhe et al., 2023). Most often, 
however, the use of the mention-pair paradigm is highlighted as the 
primary problem. While mention-pair algorithms are by far the most 
widespread approach for coreference resolution, they reduce the task 
from a complex interaction between several instances to a simplified 
binary problem. Several studies have therefore argued that using graphs 
or trees, rather than pairwise combinations, are a more accurate and 
less problematic manner of representing coreference chains (Liu et al., 
2018).

A second issue is that most coreference models are typically only 
optimized for within-document coreference resolution as they assume 
a strict textual ordering of the proposed events. Concretely, a coreferen-
tial link can only be proposed and established between two mentions if 
one is a known antecedent of the other. However, in cross-document 
settings the order of two events in different documents is ambigu-
ous, meaning that this approach cannot be reliably used. In order to 
circumvent this ambiguity, earlier studies on cross-document event 
coreference have opted to compare a candidate mention not only to its 
document-level antecedents, but to all candidate mentions across all 
documents (Cattan et al., 2021a,b). While this approach is generally 
accepted as the most viable and effective manner of performing cross-
document event coreference resolution, there exists one significant 
caveat. The total number of proposed mention-pairs in a document 
collection for these cross-document models is defined as:

𝑛!
2!(𝑛 − 2)!

where n is the number of total candidate events in the collection. This 
means that both the number of mentions to compute and inference time 
can increase exponentially over time for large document collections. 
Given that most CD-ECR datasets are comparatively small, consider-
ations with respect to computational resources are typically limited. 
Nonetheless, for more practical applications such as the ones dis-
cussed in Section 1, coreference resolution would need to be performed 
over large document collections, potentially comprising thousands of 
(largely) unstructured texts, making efficiency and resources important 
factors in the algorithms’ design.
5

4.2. Architecture

In order to tackle these issues we start from a popular joint cross-
document model (Cattan et al., 2021a). This approach identifies and 
links coreferring events across multiple documents by leveraging con-
textual embeddings obtained through transformer-based encoders. The 
model uses a two-stage approach: first, it selects all possible spans up 
to a given token length and predicts potential event mentions using 
a binary classifier. Then, some pruning measures are applied to the 
detected events. In this base model, pruning consists of retaining the 
highest 𝑥 scoring spans from the mention scorer, where 𝑥 is a parameter 
to be manually specified. Then, the model assigns (pairwise) coref-
erential relations between these mentions. As a postprocessing step, 
the mention-pairs are clustered using a general hierarchical clustering 
method, as described in Section 2. We make three significant changes to 
the overall architecture of this model. First, we supplement the model 
with information with respect to the proposed events’ position in a 
given document as a manner to reduce the model’s over-reliance on 
lexical matching. Second, we opt for a setting in which the model 
only performs inference on within-document pairs in order to remove 
strain on computational resources. Finally, we add a small Varia-
tional Graph Auto-Encoder network (VGAE) to the coreference model, 
which is both tasked with learning graph representations of the event 
chains (stepping away from the reliance on pairwise computation) 
and connecting the individual within-document chains in order to 
build cross-document event graphs. A full visualization of our proposed 
architecture can be found in Fig.  1. In the sections below, we discuss 
each of the model’s individual components in more detail.

4.2.1. Mention scorer
Similarly to the standard e2e-coref coreference model (Lee et al., 

2017) and the cross-document event coreference model (Cattan et al., 
2021a), the initial stages of our proposed approach consist of a mention 
detection module which scores individual candidate spans. First, all 
documents in the dataset are encoded in their entirety through the 
Dutch transformer-based encoder BERTje (de Vries et al., 2019). In case 
a document exceeds the predefined limit of 512 wordpiece tokens, it 
is split into several non-overlapping segments instead. Then, all spans 
up to a length of 𝜆 wordpiece tokens are sampled from the encoded 
documents. Spans’ starts and ends that do not respect word boundaries 
are removed from the candidates pool. Additionally, spans exceeding 
sentence boundaries are also pruned as an event mention will never 
span multiple sentences.

Following earlier work on mention representation (Lee et al., 2017; 
Cattan et al., 2021a; Lu and Ng, 2021), span representations R are 
obtained by concatenating the encoded start token 𝑡𝑠, end token 𝑡𝑒
and the mean of all individual tokens in the span 𝑡𝑚𝑒𝑎𝑛 for each of 
the candidate spans. In addition to this, we add to the representation 
vector a domain-specific positional embedding which indicates the 
span’s position in the structure of the document as a whole. While 
early feature-based work on coreference resolution (cfr. Section 2) often 
hinted at mention distance as a key predictor for both entity and 
event coreference, this information is often neglected in transformer-
based setups. Nonetheless, the intuition that coreferential mentions are 
often found in close proximity of each other corresponds well with 
established general linguistic theories on discourse structure (Hoeken 
and Van Vliet, 2000; Glasbey, 1994). Given that our dataset, and indeed 
most data involving practical applications to Cross-Document Event 
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Fig. 1. Main architecture of our position-aware end-to-end event coreference model. Each candidate span is passed through an encoder, which combines the 
contextual embedding and document position of the event into one representation 𝑅𝑖. This vector is subsequently passed through a mention scoring layer and 
only the top k scoring spans for each document are retained. Pairs are then generated and passed through a coreference scoring layer. Finally, the binary output 
of this scoring layer is passed to a graph reconstruction network in order to obtain the predicted (cross-document) coreference clusters.
 

Fig. 2. Typical layout of a news document in the ENCORE corpus. For the 
positional information added to our end-to-end model, we exclusively use the 
subsection-level position of the event mentions, designated here as S1, S2, and 
S3.

Coreference Resolution, is composed of newspaper articles, we opt to 
encode distance between mentions as a domain-specific feature rather 
than simply adding information with respect to mention or sentence 
distance between the candidate spans. We assume here that most 
(online) newspaper articles will have a fairly prototypical structure, as 
shown in Fig.  2.

Each article naturally has a title and is further composed of differ-
ent subsections, with the start of a subsection often being signalled 
with a subtitle. These subsections are further composed of different 
paragraphs, separated by whitespace. Subsections will typically have 
a more narrow topical scope when compared to the article as a whole, 
meaning that it is safe to assume that events that are related, and indeed 
coreferential, will have a comparatively higher chance of occurring in 
the same subsection of the document they are in. Given that the subsec-
tion level of the candidate mentions may be valuable information, we 
add a specialized subsection embedding to the mention representation. 
Unlike previous work, which tied the positional information directly 
to the input representations of BERT-based models (De Langhe et al., 
2023b), we now opt for a model-independent approach to include this 
kind of information. Our primary motivation for this choice is an effort 
to future-proof our method and not inherently rely on BERT-based 
architectures. Our positional embeddings are obtained by initializing 
a trainable embedding layer of dimension 𝑒𝑥𝑆, where e is the length of 
the embedding and a trainable parameter and S is the number of sub-
sections in the longest document (on the subsection level) in the data 
6

collection. The subsection information 𝜙𝑆𝑢𝑏𝑠𝑒𝑐𝑡𝑖𝑜𝑛 is then concatenated 
with the aforementioned token representation of the span, resulting in 
a mention representation vector m𝑖 for each generated candidate span
i:

𝑚𝑖 = [𝑡𝑠; 𝑡𝑒; 𝑡𝑚𝑒𝑎𝑛;𝜙𝑆𝑢𝑏𝑠𝑒𝑐𝑡𝑖𝑜𝑛]

Finally, the mention scoring algorithm itself is parameterized by a 
single-layer feedforward neural network with layer normalization (Ba 
et al., 2016) and a ReLu activation function, initialized using Glorot 
initialization (Glorot and Bengio, 2010):
𝑀𝑒𝑛𝑡𝑖𝑜𝑛𝑆𝑐𝑜𝑟𝑒𝑖 = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑅𝑒𝐿𝑈 (𝑊𝑚𝑖))

During training and inference, all candidate spans are passed through
the mention scorer, after which a pruning heuristic is applied to obtain 
the highest scoring candidate mentions. For each document, we only 
retain the top-k scoring spans, where k is defined as the product of the 
pruning coefficient 𝜆 with the number of tokens in a given document.

4.2.2. Pairwise model
The next step in our architecture consists of a pairwise scoring 

algorithm which takes two candidate spans as input and computes a 
coreference score for each pair. In contrast to earlier cross-document 
studies (Cattan et al., 2021a), our pairwise model only scores mentions 
and their antecedents which occur within the same document in order 
to limit computational cost. Note here that events belonging to different 
segments of the same document are still scored together, as they can 
be logically ordered.

The pairwise scorer, as seen in Fig.  1, is parameterized by a single-
layer feedforward neural network identical to the one described in the 
previous section. This scoring network takes as input a vector which 
is a concatenation of the two candidate spans’ representations and the 
dot product of those representations:
𝑚𝑖𝑗 = [𝑚𝑖;𝑚𝑗 ;𝑚𝑖 ⋅ 𝑚𝑗 ]

𝐶𝑜𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑆𝑐𝑜𝑟𝑒𝑖𝑗 = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑅𝑒𝐿𝑈 (𝑊𝑚𝑖𝑗 ))

Finally, for each pair the respective mention scores and coreference 
score are jointly optimized through a binary cross-entropy loss function:
𝑃𝑎𝑖𝑟𝑆𝑐𝑜𝑟𝑒𝑖𝑗 = 𝑀𝑒𝑛𝑡𝑖𝑜𝑛𝑆𝑐𝑜𝑟𝑒𝑖 +𝑀𝑒𝑛𝑡𝑖𝑜𝑛𝑆𝑐𝑜𝑟𝑒𝑗 + 𝐶𝑜𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒𝑆𝑐𝑜𝑟𝑒𝑖𝑗

𝐿 = − 1
|𝑁|

∑

𝑖,𝑗∈𝑁
𝑦 ⋅ 𝑙𝑜𝑔(𝑃𝑎𝑖𝑟𝑆𝑐𝑜𝑟𝑒(𝑖, 𝑗))

For this loss function, 𝑁 corresponds to all candidate mention-pairs 
and the class label y reflects the coreference label 0 (no coreferential 
relation) or 1 (coreferential relation).
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4.2.3. Graph reconstruction model
The final step in our proposed approach to CD-ECR consists of 

learning to convert the binary output of the pairwise scorer network to 
proper coreference chains and taking this beyond the document level. 
Most modern-day pairwise coreference models construct coreference 
chains from binary output by means of an agglomerative clustering 
system (Barhom et al., 2019). In this setting, clusters are continuously 
merged based on the average of distances between all event pairs 
in those clusters. For two coreference clusters A and B, the distance 
between them is defined as:

𝑑𝐴𝐵 = 1
𝑘𝑙

𝑘
∑

𝑖=1

𝑙
∑

𝑗=1
𝑑(𝑋𝑖, 𝑌𝑗 )

Where 𝑋𝑖 and 𝑌𝑗 are objects within clusters A and B, respectively, 
and 𝑑(.) is the distance function. Note that this type of clustering is, at 
heart, fairly rudimentary. For one, there is no active learning of the 
structure of the data, despite coreference chains having some inter-
esting learnable properties. Additionally, the end state of the clusters 
is determined by a, sometimes arbitrarily, chosen similarity threshold 
value.

We believe that the step of transforming pairwise predictions to 
coreference clusters is often overlooked in modern literature on corefer-
ence resolution and believe that exploring it further can be worthwhile. 
One interesting property of (identity) coreference chains is that they 
are transitive, i.e. if mention A and B are coreferent and mention B 
and C are coreferent, it automatically follows that mentions A and C 
are also coreferent. With coreference chains having such fundamental 
and predictable properties, it would be interesting to make an effort 
towards trying to actively learn such characteristics as a standard part 
of any coreference model. Additionally, having coreference models 
automatically learn the optimal clustering without relying on (often) 
data-specific clustering threshold values may ultimately lead to more 
generally applicable models.

As a final step in our proposed approach, we thus forgo the use of 
the popular agglomerative clustering algorithm and instead rely on a 
small graph neural network to transform the pairwise output of our 
coreference model. In the past, computational graphs were often used 
as an intuitive manner of representing coreference chains (Nicolae and 
Nicolae, 2006). More recently, it has been shown that supplementing 
existing pairwise models with graph networks can immensely benefit 
the learning of coreference at the structural level (De Langhe et al., 
2023a). Additionally, it has been shown that modelling coreference 
chains as either graphs or trees results in highly robust models as a 
whole (Moosavi, 2020).

For our architecture, we base ourselves on earlier work on graph-
based coreference, where the output of a pairwise model is directly 
fed in a small graph-autoencoder (GAE) model (Kipf and Welling, 
2016; De Langhe et al., 2024) in order to learn the optimal coref-
erence chain structure from the binary predictions. We selected this 
approach for event graph modelling primarily due to its computational 
efficiency. Unlike alternative approaches such as Convolutional Graph 
Networks (CG) (Zhang et al., 2019) or Graph Attention Networks 
(CAT) (Veličković et al., 2017), which typically require deeper and 
more costly (self-attention) layers and more extensive training data to 
achieve strong performance, GAE relies on a lightweight structure – 
often just a single neural layer – while still effectively capturing the 
latent structure of the graph. This makes GAE especially well-suited 
for scenarios with limited data and processing resources, as in our 
case. Its efficiency and ability to model relational information with 
minimal overhead justified its use over more complex alternatives. 
In contrast to earlier applications of this model in the domain of 
coreference resolution, we do not consider this graph network as a 
standalone model or separate post-processing step. Instead, we fully 
integrate it in our architecture. This results in a streamlined model 
which optimizes all its constituent networks (event detection, pairwise 
coreference classification and clustering)as part of a single optimization 
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step at the end. For the integration of the GAE model, we assume that a 
coreference chain can be modelled by an undirected, unweighted graph 
 (V, E) with V nodes, where each node represents an event and each 
edge e ∈ E between two nodes denotes a coreferential link between 
those events. We construct a partially masked adjacency matrix A, of 
dimension nxn, and a node-feature matrix F, of dimension f xn which 
are used to predict all original edges in the graph, where n denotes 
the total number of events in the test set and f  denotes feature length. 
A high-level visualization of this process can be seen in Fig.  1. Each 
node E (event) is furthermore represented by a feature vector which is 
a concatenation of its in-context encoded start token 𝑡𝑠, end token 𝑡𝑒
and the mean of all individual tokens in the span 𝑡𝑚𝑒𝑎𝑛:
𝐸𝑖 = [𝑡𝑠; 𝑡𝑒; 𝑡𝑚𝑒𝑎𝑛]

The adjacency matrix A is created from the output of the pairwise 
coreference scorer. In total, 90% of the predicted edges are used for 
training and 10% are sampled for validation. Then, an equal amount of 
non-edges is sampled to balance the validation data. Note here that the 
graph network’s function is not to detect new events, but to assign and 
find additional coreferential links from the already predicted events, 
as well as learning some fundamental properties (i.e. transitivity) of 
event coreference chains. Note that adjacency matrix created here is 
based on the predicted chains from all documents processed earlier in 
the algorithm and is effectively a event-based cross-document represen-
tation of the entire document collection. Additionally, since the graph 
network is trained on predicted output, it is unavoidable that some 
faulty coreference links will be used in the training data. However, 
it has been demonstrated that including (some) faulty predictions in 
the training does not significantly impact the reconstruction model’s 
performance (De Langhe et al., 2024). We obtain graph representations 
of the predicted coreference chains by passing the adjacency matrix
A and node-feature matrix X through a Graph Convolutional Neural 
Network (GCN) encoder and then compute the reconstructed matrix 𝐴̂
from the latent embeddings Z :
𝑍 = 𝐺𝐶𝑁(𝑋,𝐴)

𝐴̂ = 𝜎(𝑍𝑍𝜏 )

The reconstructed adjacency matrix 𝐴̂ and its resulting coreference 
graphs then serve as the final output of our end-to-end coreference 
model.

4.3. Experimental setup

4.3.1. Data partition
As stated in Section 2, the ENCORE dataset contains a total of 1,115 

documents and is split into 91 topical clusters. Note that for an optimal 
data partition, the number of events in each document as well as the 
number of within-document and cross-document event coreferential 
links in each topical cluster in the training set would ideally need to 
be in proportion to those in the development and test sets. However, 
enabling such proportions would lead to an experimental dataset that 
could be considered ’too artificial’. Therefore, we determined that, 
in order to create a set of experimental conditions which align best 
with most practical use cases of CD-ECR, it would be best to base the 
size of the training, development and test sets on the total number 
of documents in the ENCORE dataset, rather than on the amount of 
events/coreference chains in those documents.

In total, we reserved 70%, or around 780 documents for training, 
and around 15% – or around 167 and 168 documents – for development 
and testing set respectively. In Table  3 we illustrate the salience with 
relation to the relevant data points in each partition, we include the av-
erage number of events and average number of within-document chains 
for each document, as well as the average number of cross-document 
coreference chains per topical cluster.
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Table 3
The number of topical clusters, average number of event mentions (i.e. gold-standard events) as well as 
average number of within-document and cross-document (i.e. coreference clusters of size >= 2) for the training, 
development and test set respectively.
 Training Development Test 
 Number of Topics 53 18 20  
 Avg. Event Mentions (WD) 11.2 11.8 11.5 
 Avg. Coreference Chains ( WD) 1.3 1.3 1.4  
 Avg. Coreference Chains (CD) 33.7 34.4 36.2 
Table 4
Training configuration of both the feedforward networks used for scoring 
and classifying candidate mentions (left) and of the graph reconstruction 
neural network (right). 
 Hyperparameter Value 
 Epochs 5  
 Batch Size 64  
 Optimizer Adam 
 Dropout 0.3  
 Learning Rate 1e−4  
 Hidden Layer Size 1024  

 

 Hyperparameter Value 
 Epochs 200  
 Optimizer Adam 
 Learning Rate 1e−3  
 Hidden Layer Size 64  
 Latent Layer Size 32  
4.3.2. Training process and parameter tuning
Hyperparameter configurations for the mention span scorer, pair-

wise scorer and the graph reconstruction model were obtained through 
grid searching the parameter space and optimizing performance on the 
development set described in Section 4.3.1. The span scorer and pair-
wise scorer modules were jointly optimized and the GAE algorithm was 
trained separately on its own validation set, as described in Section 4.2.

Table  4 contains the optimized parameter values that were used 
for the final evaluation of the test set for the mention scorer/pairwise 
model (left) and GAE model (right), respectively. Note that in all exper-
iments the mention scorer and pairwise model were always identical in 
architecture and training setup.

4.3.3. Meaningful comparison
We compare our position-aware e2e system with five other ap-

proaches, which we believe will serve as a series of solid baselines 
for gauging the capabilities of e2e coreference models in the Dutch 
language domain. Baseline 1 is the feature-based pipeline approach 
which combines a CRF-based event detection model with an XGBoost 
head for coreference classification (De Langhe et al., 2023d). Baseline 
2 is a transformer-based version of the same pipeline architecture, 
which combines syntactic parsing with encoder finetuning. Baseline 
3 is the joint model (Cattan et al., 2021a), which was used as a 
basis for our own position-aware algorithm. Note that training of this 
model was done according to the specifics given in the original paper, 
i.e., candidate pairs were generated across documents, rather than 
within-document. Baselines 4 and 5, based on LLaMA-3.3-70B-instruct 
and GPT-4o, serve as strong benchmarks for evaluating generative 
modelling performance in coreference resolution. They follow a two-
step prompting strategy: events are first extracted from the entire 
article, and then all extracted events are combined and resolved into 
clusters. Based on earlier work, we opt for a few-shot approach in both 
steps of the task (Min et al., 2024). Concretely, we provide the model 
with 3 examples in the prompt. The following type of prompt (with only 
1 example as an illustration) was used to guide the model through event 
mention extraction and coreference resolution in thec two-step process:

<SYS> You are an expert in information extraction. 
Given a paragraph of text, you are able to extract and 
connect crucial events.

<USER> Step 1: Event Mention Extraction
Identify all spans of text that describe events---

these are actions, occurrences, or changes of state.
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Extract each event as a short span of text (usually 
including the verb and relevant context). Assign each 
event a unique identifier like E1, E2, etc.

Step 2: Event Coreference Resolution
Look at the list of event mentions. Determine which 

events refer to the same underlying real-world event,
even if they are expressed differently. Group
co-referring events into clusters, labelling each
cluster with a number.

Output Format:

Text: "The company launched a new product last month.
This release was praised by critics. They said the
launch was a major success."

Event Mentions:
E1: "launched a new product"
E2: "release"
E3: "launch"
E4: "was praised by critics"
E5: "said"

Coreference Clusters:
Cluster 1: [E1, E2, E3]
Cluster 2: [E4]
Cluster 3: [E5]

4.3.4. Evaluation
Coreference resolution is typically evaluated through a series of 

cluster-based or link-based metrics, as opposed to weighed F1 or accu-
racy scores. The choice of which method to use is a topic of discussion 
among researchers investigating coreference resolution, and many dif-
ferent metrics have been proposed throughout the years. Usually, an 
average F1 is computed from three different metrics (MUC, B3, and 
CEAF), often referred to as the unified CONLL F1 score (Chang et al., 
2012).

Another bone of contention in coreference studies is the inclusion 
of singleton clusters in the evaluation. Singletons consist of isolated 
mentions without coreferential links to other mentions in the document 
collection (i.e., coreference chains with a length of 1). Some research 
has suggested that the inclusion of these mentions tends to distort 
certain evaluation methods, leading do hugely inflated scores (Moosavi 
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and Strube, 2016). Other studies have argued that including singleton 
clusters in the evaluation in of end-to-end event coreference tasks is in 
fact beneficial, as it provides an implicit manner of evaluating a model’s 
event detection capabilities (Upadhyay et al., 2016).

For our own evaluation procedure, we follow earlier standards set 
for CD-ECR, which support the inclusion of singleton clusters (Cattan 
et al., 2021b). In the sections below, we further discuss the advantages 
and drawbacks for each of the mentioned coreference metrics. Addi-
tionally, we also make a case for the inclusion of the more recently 
proposed LEA evaluation metric within the CONLL framework.
MUC. The MUC evaluation metric (Vilain et al., 1995) is one of the 
earliest proposed methods for reliably evaluating coreference. It is 
inherently based on the number of missing coreferential links that 
need to be inserted in the response clusters in order to match the 
gold-standard coreference clusters. A major benefit of the MUC metric 
is its robustness with respect to singleton clusters. While singleton 
distortion is kept to a minimum, the metric does not discriminate 
between different types of errors and more severe errors are punished 
as hard as smaller ones (Moosavi and Strube, 2016). This, in turn, can 
result in scores which do not fully correspond to human judgment and 
are more difficult to interpret.
B3. In contrast to the MUC metric, B3 precision and recall are calcu-
lated based on correct entities/events in the response clusters. While 
the B3 metric addresses several inconsistencies introduced by MUC, 
it also suffers from singleton distortion due to the entity-based cal-
culation. Additionally, it has been argued that repeated gold entities 
or events will boost the scores artificially and that this results in 
problematic cases when dealing with parse trees where an NP node has 
a single, pronominal, child (Pradhan et al., 2014). In that case, both 
nodes (i.e., child and NP node) are resolved and result in an inflated 
score.

CEAF. The CEAF coreference evaluation metric (Luo, 2005) is based 
on finding an optimal alignment between entity/event chains in the 
system output and corresponding gold-standard chains. Concretely, the 
Kuhn–Munkres algorithm is used to align chains of coreferring entities 
in key and response based on a given similarity metric. Being an entity-
based evaluation, it suffers from singleton distortion, even more so than 
the aforementioned B3 metric because in the calculation of the CEAF 
metric, the total size of the aligned coreference chains is not taken 
into account. This implies that a correctly predicted singleton cluster 
contributes as much to the final score as a cluster with a large number 
of entities (Stoyanov et al., 2009).
LEA. More recently, the link-based entity-aware (LEA) metric was pro-
posed (Moosavi and Strube, 2016). Learning from the shortcomings of 
the previously discussed metrics, LEA computes a relative importance 
for each of the coreference chains in the output based on the size of the 
respective chain. Furthermore, each of the response chains is checked 
for a minimal partial overlap (> 1) with the gold-standard chains, 
reducing the influence of singletons on the overall score. It has to be 
noted that recent studies suggest that singleton mentions can still have 
an effect in this metric, although the distortion is significantly smaller 
than for other metrics (Poot and van Cranenburgh, 2020). We believe 
that the improvements introduced in the LEA metric are significant and 
can help in a more thorough understanding and better interpretation of 
research in coreference resolution. We will therefore include LEA scores 
in our own evaluation.

4.3.5. Hardware specifications
The end-to-end coreference algorithms were trained and evaluated 

on 1 T V100-SXM2-16 GB GPU. The graph encoder models were all 
trained and evaluated on a 16 Intel(R) Xeon(R) Gold 6142 2.60 GHz 
CPU. For the prompt-based approaches, we utilized the official OpenAI 
API to access GPT-4o. For LLaMA 3.3, we ran the models on the 
Vlaams Supercomputer Centre (VSC) Tier-1 cluster, utilizing 4 NVIDIA 
A100-SXM4 GPUs.
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5. Results

5.1. Quantitative results

5.1.1. Main experiments
In this section we evaluate our proposed approach and compare it to 

the baseline and SOTA models dicussed in 4.3.3. For completeness, we 
choose to report both within-document and cross-document results in 
our paper to provide a comprehensive evaluation of model performance 
across different contexts.
Within-document coreference. Note that each of the algorithms dis-
cussed are still trained in cross-document fashion here. In order to ob-
tain within-document scores we applied an additional post-processing 
step which iterates over each predicted cluster and divides it further 
into smaller clusters in order to enforce document boundaries. Table  5 
below details an evaluation using all metrics discussed in Section 4.3.4.
Cross-document coreference. Table  6 then details the results of the 
end-to-end event coreference experiments. We find that our model 
outperforms the pipeline-based approaches (Baseline 1 and Baseline 
2), without having to rely on an extensive collection of handcrafted 
features (baseline 1) or an additional syntactic parsing step (baselines 
1 and 2). Additionally, our approach shows a moderate improvement 
over the state-of-the-art cross-document e2e model (Baseline 3) on 
which its general architecture was based, indicating that relatively 
small domain-specific adjustments can lead to overall improvements 
in the model’s performance. Finally, while both LLM baselines (4 and 
5) outperform the feature-based models, the two end-to-end models 
(baseline 3 and our own) consistently perform better across all metrics. 
As a whole, we do note that the overall performance of cross-document 
event coreference models remains relatively low, especially when com-
pared to state-of-the-art models for entity coreference tasks, which 
typically attain CONLL F1 scores of around 80% (Kirstain et al., 2021) 
on the cross-document Ontonotes corpus (Pradhan et al., 2007).

5.1.2. Ablation studies
As detailed in Section 4.2, we made three significant changes to the 

Baseline 3 model (Cattan et al., 2021a): the inclusion of subsection-
level information for the candidate events to make it position-aware 
(1), a change from cross-document to within-document candidate gen-
eration (2) and replacement of the standard agglomerative clustering 
step by a graph-based model (3). Table  7 displays the model perfor-
mance and changes in CONLL F1 score (𝛿) when compared to the 
performance of our proposed model. We train versions of the algorithm 
using both within-document and cross-document candidate generation 
when leaving out position-aware information or the GAE model respec-
tively. For the sake of comparison we also trained and evaluated a 
model which generated within-document candidates(WD) using neither 
positional information nor the GAE model. It should be noted that all 
experiments in this section exclusively report on the evaluation in a 
cross-document setting.

As can be inferred from the table, including either a small recon-
struction model (GAE) (+0.03) or positional event information (+0.03) 
in the model both yield an increase in performance over the Baseline 
3 model, confirming our assertion that supplementing general corefer-
ence models with task- and domain-specific position information can 
be of great benefit. We also note that in the case where no positional 
information is given and pairs are only generated at the cross-document 
level, performance is still slightly higher than for the baseline e2e-coref 
model. This indicates that including a small graph model which learns 
coreference chain structure can be an attractive alternative to costly 
candidate pair generation in cross-document applications. Evidently, 
in the case where pairs are only generated at the within-document 
level and no positional information or GAE reconstruction algorithm is 
present, the performance is noticeably worse than that of the baseline 
algorithm.
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Table 5
MUC, B3, CEAFe, CONLL and LEA F1 scores for each of the evaluated (within-document) models. Note that CONLL F1 score is 
the average of the first three scores.
 MUC B3 CEAFe CONLL LEA  
 Baseline 1 0.28 0.21 0.17 0.22 0.28 
 Baseline 2 0.33 0.35 0.32 0.33 0.24 
 Baseline 3 0.49 0.38 0.34 0.40 0.33 
 Baseline 4 0.31 0.32 0.29 0.30 0.21 
 Baseline 5 0.44 0.38 0.32 0.38 0.31 
 Our approach 0.53 0.39 0.39 0.43 0.36 
Table 6
MUC, B3, CEAFe, CONLL and LEA F1 scores for each of the evaluated (cross-document) models. Note that CONLL F1 score is the 
average of the first three scores.
 MUC B3 CEAFe CONLL LEA  
 Baseline 1 0.21 0.13 0.11 0.15 0.05 
 Baseline 2 0.30 0.25 0.29 0.28 0.12 
 Baseline 3 0.42 0.27 0.30 0.33 0.24 
 Baseline 4 0.31 0.24 0.29 0.28 0.18 
 Baseline 5 0.39 0.25 0.27 0.30 0.20 
 Our approach 0.44 0.34 0.33 0.37 0.31 
Table 7
CONLL F1 scores for the ablation experiments on the ENCORE test set. For the final two models, 
no position-aware information is passed along and potential candidate pairs are either generated 
across all documents (CD) or within-document (WD).
 CONLL F1 delta  
 Baseline 3 0.33 –  
 Our approach 0.37 –  
 - Position-aware information (WD) 0.36 −0.01 
 - Position-aware information (CD) 0.35 −0.02 
 - GAE model (WD) 0.35 −0.02 
 - GAE model (CD) 0.34 −0.03 
 - Position-aware information and GAE model (WD) 0.31 −0.06 
Table 8
CONLL F1 scores when including various types of positional information on the mention triggers 
in the model.
 CONLL F1 delta  
 Baseline 3 0.33 –  
 Our approach 0.37 –  
 Encoded Mention Position 0.31 −0.06 
 Encoded Token Position 0.30 −0.07 
 Encoded Sentence Position 0.35 −0.02 
 All Positional Information 0.33 −0.04 
 All Positional Information + Structural Features 0.35 −0.02 
In addition to the ablation experiments mentioned above, we also 
evaluated a series baseline variants of our proposed model in which 
we replace the domain-specific positional information with more gen-
eral distance features often used in earlier research on coreference. 
Concretely, we explicitly encode mention, token and sentence position 
for each event mention in a given document in a similar manner 
as was described in Section 4.2. For completeness, we also include 
an evaluation of two models in which we first stack the three types 
of positional information on their own (1) and then combine this 
stacked information with the domain-specific features of our proposed 
approach (2). The results of these experiments can be found in Table 
8.

As can be deduced from these results, the sole type of positional 
encoding that demonstrates a positive impact on the model when 
applied in isolation is sentence-level information. This type of encoding 
lead to a slight but noticable improvement of 0.02 in the CONLL F1 
score, specifically in comparison to Baseline 3. Moreover, it is worth 
highlighting that while the combination of all forms of positional 
encodings with our domain-specific structural features consistently re-
sults in an overall increase in model performance – also marked by 
a +0.02 improvement in the CONLL F1 score relative to baseline 3 
10
– the structural information on its own remains the most effective. 
This indicates that even though additional types of information are 
integrated, the standalone use of structural information provides the 
highest gains in performance.

5.2. Qualitative results

The interpretation of results in coreference models is hindered 
by the fact that the most widespread coreference evaluation metric 
(CONLL) is in itself an average of three other distinct metrics with 
their individual flaws and advantages. Moreover, it has been argued 
that relying on a single-value score for evaluation may obscure crucial 
model flaws (Moosavi and Strube, 2016; Poot and van Cranenburgh, 
2020). In addition to this, most end-to-end studies tend to focus solely 
on the coreference aspect of the task when evaluating model quality, 
while overlooking the mention detection component. We believe that a 
more thorough evaluation of the quality of the detected events, as well 
as the quality of the generated coreference chains can lead to a more 
complete understanding of the model as a whole.

In the following sections, we aim to provide such a comprehensive 
and quality-oriented evaluation of our position-aware approach to 
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Fig. 3. The total percentage of detected gold-standard events based on the Event Prominence (a), Event Realis (b) and Event Sentiment (c) for the two end-to-end 
joint coreference models.
 

 

coreference. First, we perform a set of standard ablation experiments in 
which we disassemble our position-aware approach. Next, we perform 
a series of qualitative analyses on the model’s output, with a focus on 
the generated events as well as the quality and completeness of the 
coreference chains.

5.2.1. Event mention detection
The mention detection component of end-to-end models is rarely 

examined thoroughly. Nonetheless, having insight into which type of 
events are more likely to be detected (and which ones are not) can be of 
tremendous value in the development of future coreference algorithms.

As described in Section 3, each news event in ENCORE is labelled 
with three key properties: prominence, realis and sentiment. For the three 
best performing models in Section 5 (Baseline 3 (e2e-coref), baseline 
5 (GPT-4o) and our own approach (e2e-position)) we display the 
percentage of detected gold-standard events adhering to each specific 
property label value in the test set in Fig.  3.

In general, we observe that our position-aware method (red bars) 
consistently detects more relevant events compared to the baseline e2e 
model (blue bars), while being slightly outperformed the generative 
LLM. Regarding Prominence, we observe that the event types which are 
detected, are largely consistent for the three systems. On average, main 
events are detected more frequently than background events, possible 
because they are featured more prominently and more often in a given 
text. Looking at Event realis, events which have/will happen(ed) with 
certainty are detected at higher rates than those containing explicit 
markers of uncertainty in all approaches. In this respect, it should be 
noted that uncertainty within an event is often expressed in a variety of 
ways, whereas ‘regular’ Certain events follow the more typical structure 
of Actor -Action-Object. This is illustrated in the events expressed in the 
sentences 8 (Certain) and 9 (Uncertain). Consequently, the models are 
better at learning the fixed structure found in the majority of events, 
whereas events deviating from that pattern seem to be less detectable.

8. Koning Filip [bezoekt] kerncentrale Doel EN: King Filip visits Doel 
powerplant

9. Als dat tien jaar voor de gevreesde crash [gebeurt] EN: If that 
happens 10 years before the feared crash

When examining the distribution of detected event sentiments, we 
find that the baseline e2e model detects a disproportionately high 
amount of negative events, whereas our position-aware approach re-
turns a more balanced spread of events. Interestingly, the generative 
approach detects positive and negative events at a fairly even rate, 
while neutral events are detected at much lower rates.

In addition to examining these three key event properties, we also 
investigate the detection of events for each individual news cluster 
in the test set, as comparing the performance on some news topics 
with others may provide additional insight in a model’s strengths and 
weaknesses. From Fig.  4 we learn that for two clusters in particular, 
namely C37 (Brussels University guest professor sentenced to death in Iran) 
and C87 (Air Belgium starts with direct flights to Hong Kong) a relatively 
high amount of gold-standard events are found with both the baseline 
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and position-aware approach. These outliers can be accounted for by 
considering that the training set contained several clusters, namely C29 
(American Politics in the Middle East and the Iranian Hostage crisis and C72 
(Strikes and reforms at Belgian Airports, which dealt with somewhat sim-
ilar domains. In our opinion, this highlights interesting future potential 
in which unrestricted cross-document models can be further enhanced 
with domain-specific data, depending on the application for which they 
will be used.

We further remark that our proposed model predicts a large amount 
of correct events for C22 (2008 Banking Crisis accountability trials), 
where the baseline model does not. One possible explanation for this 
difference is the length of the documents in C22, which are significantly 
longer compared to the others in the collection (an average token count 
of 2,087 in C22 compared to only 1,196 tokens in the rest of the collec-
tion). As a result, most documents contained in C22 are divided in and 
structured through a large amount of subsections. Because subsection 
information is explicitly passed to our model, this might indicate that 
our approach, because of its structural awareness, is particularly fit for 
long-document collections.

For a full legend and topic descriptions, for both the training and 
test set, we refer the reader to Appendix.

5.2.2. Lexical diversity
It is generally assumed that transformer-based encoders capture a 

significant amount of implicit textual information. However, corefer-
ence models employing these encoders tend to greatly suffer from the 
aforementioned over-reliance on lexical similarity.

Recent work has increasingly pointed out that the classification 
of coreference in most commonly-used approaches is more akin to 
string matching, rather than actually discovering the implicit web of 
textual links which form coreferential chains (Ahmed et al., 2023). 
A simple, but effective manner of gauging whether or not a model 
inherently suffers from this problem is to determine string similarity 
between each predicted candidate pair and to compare it across all 
(gold) coreferential and not-coreferential pairs.

For this analysis, we propose two methods to compare string sim-
ilarity between predicted mentions: the normalized Levenshtein dis-
tance (Yujian and Bo, 2007) and the cosine distance between spans 
based on static word2vec embeddings (Mikolov et al., 2013). The 
Levenshtein distance corresponds to the minimum number of single-
character edits (insertions, deletions or substitutions) required to change
one string into the other, normalized for string length. Static word2vec 
embeddings map words to a single vector, which does not change 
based on the word’s sense (as opposed to transformer-based contextual 
embeddings).

In order to ensure domain compatibility and limit Out-Of-Vocabulary
words, we used a set of static embeddings generated from the Dutch 
SoNaR corpus (Oostdijk et al., 2013a), which contains a large amount 
of news texts (Tulkens et al., 2016). Span representations were obtained 
by averaging the word-level vector representations of each word in an 
event’s span. Since both methods are inherently non-contextual, they 
form a good measuring unit for prediction quality. That is, it would be 
reasonable to assume that the model suffers from an intrinsic lack of 
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Fig. 4. Distribution of correctly predicted events per topical cluster in the ENCORE test set.
Fig. 5. Lexical similarity analysis of the transformer models’ output expressed in: (a) Normalized Levenshtein Distance and (b) Average cosine distances for the 
static word2vec embeddings.
-

knowledge w.r.t. coreference if all pairwise predictions are also highly 
correlated with the value of these superficial similarity metrics.

Fig.  5 plots the average normalized Levenshtein distance and
word2vec distance of the models’ predictions for each of the transformer
based models (Baseline 2, Baseline 3 and our approach) and the best 
performing generative model (baseline 5) discussed in Section 5. For 
each model, we display the True Positive or TP predictions (corefer-
ential mentions classified as such), True Negative or TN predictions 
(non-coreferential mentions classified as such), False Positive of FP 
predictions (Non-coreferential mentions classified as coreferential) and 
False Negative or FN predictions (coreferential mentions classified as 
non-coreferential). Additionally, we show the average distance for gold-
standard coreferential and non-coreferential pairs in the ENCORE test 
set.

From the Figure, we can infer that the Levenshtein distance and 
cosine similarity are respectively lower and higher for TP mentions 
compared to the other classifications in all transformer-based classifi-
cation models. This supports earlier work (Ahmed et al., 2023) which 
often argues that less similar, but coreferent, mentions are rarely classi-
fied as such. For our position-aware approach, however, the normalized 
Levenshtein distance is clearly lower and the average cosine similarity 
markedly higher for TP mentions compared to the earlier transformer 
pipeline and e2e-coref  methods. This indicates our approach is not only 
able to detect more events (see Section 5.2), but that it also manages to 
consistently classify harder – non-similar – mentions as coreferential.

This is further supported by examining the normalized Levenshtein 
distance and cosine similarity for erroneously classified coreferential 
pairs (FP). For these mentions, our approach displays higher distance 
and lower similarity scores, indicating that our model is better at gen-
eralizing that non-similar mentions can also be coreferential. Nonethe-
less, it is important to emphasize that, although our model demon-
strates improved performance with respect to mitigating an overre-
liance on lexical similarity, the issue still persists and remains one 
12
of the primary reasons for the low performances of NLP models of-
ten observed in the domain of (cross-document) event coreference 
resolution.

Finally, consistent with earlier findings, the generative LLM baseline 
is less reliant on lexical similarity when identifying positive cases, 
as evidenced by the higher average cosine similarity and LVS scores 
among its false positives. However, we observe a notable drop in both 
metrics for false negative classifications, suggesting that the model 
consistently struggles with harder cases that require more implicit 
reasoning—an issue hinted at in Section 1.

6. Discussion

6.1. Generalizability

Ensuring that models perform well across diverse datasets and real-
world scenarios is of critical importance in the modern-day NLP land-
scape. While many models achieve high accuracy on specific bench-
mark tasks, their utility is often limited by poor performance when 
applied to new domains, languages, or unseen data. This gap be-
tween in-domain success and out-of-domain applicability underscores 
the need for models that can generalize effectively. In the following sec-
tions we discuss potential strengths and pitfalls for both cross-domain 
and cross-lingual applications of our developed model.

6.1.1. Generalizing to other domains
Given the specific nature of the data worked with in our research 

(news texts), one might ask if the proposed approach would be applica-
ble to other textual genres as well. After all, the modifications included 
in the algorithm primarily leverage the distinct structure of newspaper 
articles to help resolve coreferring mentions. We foresee two potential 
issues with porting the developed architecture to other domains that 
we will elaborate on in the following paragraphs.
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Data sparseness. Newspaper data is by-and-large the most thankful 
resource for studying event coreference resolution. As was also detailed 
in Section 2, all corpora dealing with ECR are effectively composed 
of news data. News articles serve as an excellent reservoir of corefer-
ential relations, owing to their predictable structure of Title - Lead - 
Main Text in which the most important events reported upon are usu-
ally mentioned several times. Additionally, cross-document coreference 
links can easily be found by collecting articles from different sources, 
reporting on the same central event. Despite this, sparseness remains a 
persistent issue within the field. At the entity-level, coreference occurs 
constantly throughout language. This is reflected in the composition of 
many resources concerned with entity coreference, as they come from 
a large variety of different domains such as news texts (Oostdijk et al., 
2013b), literature (Bamman et al., 2019) or biomedical reports (Pyysalo 
et al., 2007). For events, coreference occurs much less frequently. From 
a discourse perspective, this sparseness can be explained by the fact that 
most of our narratives tend to centre around people or objects going 
through a sequence of events, rather than repeated mentions of a single 
event (Choubey and Huang, 2021).

We believe that this issue might be even more prominent for texts 
outside of the (online) news domain, resulting in very few coreferential 
links from which a system can learn. While this issue might be (in 
part) resolved through general sparseness mitigation strategies such as 
up- or downsampling methods (Singh et al., 2021) or even generating 
additional artificial in-domain data (He et al., 2022), we believe that it 
should be taken into serious consideration when applying the methods 
discussed in this paper to other textual domains.
Textual structure. A second possible issue when applying our model to 
texts outside of the news domain is its inherent reliance on subsection 
and paragraph-level information.

In general, the use of paragraphs and subsections in long texts is 
widespread across various domains, as they are essential for structuring 
information clearly. Paragraphs help organize ideas by focusing on 
specific points, while subsections provide a hierarchical division that 
enhances readability and coherence. These structural elements are 
crucial in academic and technical writing to maintain logical flow and 
guide the reader through complex arguments (Biber et al., 2021). We 
therefore foresee relatively little issues when applying our own model 
on genres and domains that are typically made up of long(er) texts.

However, shorter texts, such as the ones often found in online 
spaces and on social media platforms, might pose more of an issue. In 
short-form text organizing content with paragraphs and subsections is 
more difficult due to the limited space available. Writers must convey 
key points concisely, leaving little room for the detailed separation 
of ideas that longer texts allow. Moreover, short texts often require 
the compression of complex arguments, making it harder to create 
clear divisions (Gopen, 2004; Williams and Bizup, 2014). Given that 
our system actively makes use of structural and discourse markers for 
finding and resolving coreference, the model might struggle with a 
multitude of short, unstructured documents.

6.1.2. Generalizing to other languages
While our present study is entirely focused on CD-ECR in the Dutch 

language domain, our general architecture can be easily ported to 
other languages. In contrast to many earlier studies on coreference 
resolution, our method is fully language-agnostic both in its general 
setup and in the features it employs. Prior research, both from a 
journalistic and NLP perspective, has argued that the general struc-
ture of news texts (title-summary-subsections) is near-universal across 
languages (Thomson et al., 2008; Rupnik et al., 2016). While subtle 
differences between news reports in various languages can occur, these 
are primarily semantic and not at the general discourse level (Károly, 
2012). We believe that our model can be easily retrained for CD-ECR in 
other languages by simply swapping the Dutch encoder model (BERTje) 
for a different (multilingual) encoder.
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While there are no (architectural) problems with cross-lingual ap-
plications of our model, it is the lack of available resources in event 
coreference resolution that still poses significant challenges for advanc-
ing research in this direction. For now, as mentioned in Section 2 
large-scale corpora only exist for English, Chinese, Spanish and Dutch, 
while other languages are regrettably left behind. The lack of available 
resources is arguably the primary bottleneck in event coreference res-
olution (ECR) today, significantly hindering advancements in the field. 
Unlike entity coreference, which has seen substantial progress due to 
the availability of large annotated corpora, ECR suffers from a scarcity 
of high-quality, standardized datasets.

6.2. Potential integration in downstream tasks

The development of event coreference systems has always been 
largely inspired by the idea of leveraging them for information ex-
traction (IE) frameworks. One of the foundational studies in ECR re-
search (Humphreys et al., 1997b) extended the LaSie (Large Scale Infor-
mation Extraction) system (Gaizauskas et al., 1995) with event-based 
coreference knowledge in order to further enhance its capabilities with 
respect to the recognition and extraction of event scenarios (Gaizauskas 
and Humphreys, 2000). More recently, event coreferential links have 
been used in biomedical texts to identify implicit and sentence-crossing 
relations between arguments of said events (Yoshikawa et al., 2011). 
Additionally, temporal event relations and knowledge on event coref-
erence links have also been used in efforts to extract clinical event 
timelines from electronic health records (Tourille, 2018).

Beyond general Information Extraction (IE), Event Coreference Res-
olution (ECR) has been effectively applied to more user-focused tasks, 
such as Question-Answering (QA). In earlier studies, answers to com-
plex questions were retrieved by identifying entity and event corefer-
ence relations between the user’s query and a set of documents (Mor-
ton, 1999). Further research leveraged temporal relationships between 
events (including coreference) to enhance QA performance, partic-
ularly for complex and nuanced questions in multi-document con-
texts (Harabagiu and Bejan, 2005).

Recent applications of Event Coreference Resolution (ECR) systems 
have primarily targeted multi-document scenarios aimed at organiz-
ing and extracting information from large volumes of online sources. 
For instance, coreference links between events have been used in 
news articles to identify the most prominent events within a text 
collection (Choubey et al., 2018). Similarly, it has been suggested 
that ECR links can aid in detecting contradictions across online news 
sources (Bejan and Harabagiu, 2008).

Many studies on event coreference resolution emphasize its po-
tential applications as a key motivation for exploring these intricate 
event-event relationships. The prospect of embedding such fine-grained 
textual relations into tools is undeniably exciting, as successfully resolv-
ing these links could transform our comprehension of natural language. 
However, we must be cautious not to overreach. For ECR systems to 
be fully integrated into practical applications, the performance gap 
between ECR systems and those in other NLP fields must first be 
bridged. Currently, most proposed ECR applications – such as news 
recommendation, event tracking, and information extraction – are more 
effectively handled by approaches like coarse-grained document simi-
larity or other dedicated methods, which are both more accurate and 
memory-efficient than ECR in its current form.

This of course does not mean that the study of event coreference 
is not worthwhile or less interesting. As mentioned multiple times 
throughout this paper, discourse relations, including (co)reference, are 
at the very heart of communication and gaining insight in them can 
reveal many things about natural language understanding in both 
humans and machines. However, when it comes to using ECR as a 
practical tool, there is a lot of catching up to do with respect to other 
NLP disciplines.
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7. Conclusion and future work

In this paper, we proposed a novel model architecture for end-to-
end cross-document event coreference resolution. We drew inspiration 
from earlier feature-based studies on coreference resolution and in-
tegrated subsection-level structural knowledge in a transformer-based 
coreference algorithm. In addition, we proposed to replace the stan-
dard agglomerative clustering algorithm typically found as the final 
component of a mention-pair coreference model by a small graph-based 
network which actively learns the general structure and properties of 
coreference chains beyond the document level.

Our experiments show that our position-aware approach scores 
higher when evaluated on a large cross-document coreference corpus 
when compared with three competitive baseline algorithms. Moreover, 
in a series of ablation experiments we revealed that each of the pro-
posed architectural changes contributes equally to said performance 
increase. The last sections of this paper were dedicated to an exten-
sive qualitative analysis of the model’s output. With respect to event 
detection, we show that our model can consistently detect more correct 
events in the raw input data. Additionally, our results lead us to 
believe that the inclusion of subsection-level knowledge results in a 
more effective processing of longer documents. As a second part of 
our analysis, we showed that our proposed model suffers less from the 
typical issues mention-pair models exhibit when predicting coreference 
chains: our model was able to consistently classify harder (non-similar) 
event pairs and was able to generalize certain structural properties of 
coreference better than the other models under scrutiny.

Overall, we believe that directly encoding task-specific information 
(such as subsection-level information) in transformer-based models 
holds interesting potential, not only for coreference resolution, but 
for the entire field of cross-document processing. Even though earlier 
feature-based studies heavily emphasized the importance of this type 
of knowledge, the inclusion of it has largely been lost in more recent 
work. This can be explained by the intensive and therefore impractical 
aspect of extracting task-specific information in large document collec-
tions. However, we have shown that including even fairly rudimentary 
document-level information such as the subsection-level of a candidate 
mention, which can be easily obtained by simply detecting subsection 
titles or whitespaces, already has a noticeable effect on model perfor-
mance. This comes with the added benefit that the graph reconstruction 
is fast and can be trained on CPU (as mentioned earlier), unlike larger 
models today, making the approach both effective and computationally 
accessible.

In addition, the success of combining the – almost universally 
adopted – mention-pair approach to coreference with a more struc-
turally informed graph-based model, leads us to believe that this combi-
nation of the strengths of both methods is a viable strategy for moving 
forward.

Finally, we wish to emphasize the inherent value of qualitative 
model analysis. Performance improvements in coreference studies are 
often somewhat obscured by the use of different evaluation metrics, 
making it hard to pinpoint why one algorithm scores better than 
another. Through a direct analysis of the predicted output, we were 
able to show concrete areas in which our model improved upon the 
current state of the art.

In future work, we aim to further infuse end-to-end coreference 
models with easily obtainable document and discourse-level informa-
tion in order to improve upon the proposed architecture. In addition, 
we will explore the use of other coreference chain representations 
(e.g. trees) and use them to extend current mention-pair methods. 
We also envisage to fully integrate CD-ECR in a series of downstream 
tasks such as summarization, news recommendation and contradiction 
detection and perform extrinsic evaluation through these tasks in an 
effort to verify whether or not the current generation of CD-ECR models 
can make a meaningful contribution to these practical and commercial 
applications.
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Appendix. Example appendix section

1. London Terror Attack 29/11/2019
2. Trial of Fouad Belckacem
3. Bribery of Belgian Football Referees
4. Health Inspection Closes Slaughterhouse in Geel
5. Soyuz Emergence Landing
6. Earthquake Lombok
7. Death of actor Frans Aendenboom
8. Herman De Conickprijs
9. Death of Refugee in High speed chase
10. Plane crash Indonesia
11. Controversy on Meghan Markle’s father
12. Hairdresser discovers his lover is a priest
13. Nobel Prize in literature schandal
14. Disappearance MH370
15. Release of Belgian movie Kursk
16. Migrant crisis at Brussel Noord
17. Ensor awards
18. Studio 100 sues Gaia for images of smoking Maya de Bij
19. First politician with Down Syndrome in Belgium
20. Kevin Spacey allegations and aftermath
21. IVAGO strikes
22. FORTIS trials

23. Purchase of F-35 planes by government
24. Volcanic eruption in Guatemala
25. Mia Doornaert selected as VAF chairwoman
26. Italian elections
27. Meeting Trump and Kim Jong-Un
28. Migrant crisis Guatemala
29. American Middle East policies
30. Alex Jones Banned from Twitter
31. Guy Van Sande pedophilia allegations
32. Release of Belgian movie Girl
33. Future plans Hedwigepolder
34. Elections European Commission
35. Death of Taliban leader
36. Nomination of Cavanaugh for Supreme Court US
37. Trial VUB Professor in Iran
38. ABBA holograms
39. New production line Volvo
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40. Violence in Gaza
41. Stormy Daniels Confession
42. Tim Burton exposition Genk
43. Berlin forest fires
44. Energy policy Belgian federal government
45. Life on Mars
46. Sexual harassment lawsuits at Google

47. Terrorist attack Luik
48. Death of Renate Dorenstein
49. Elephants in Planckedael zoo
50. Pussy Riot disrupts FIFA world cup final
51. RyanAir strikes
52. Brabant killers investigations
53. Carrefour Strikes
54. Sexual harrasment allegations Asia Argento
55. Trump Russsia collusion
56. Lauryn Hill concerts Brussels
57. Camping Kitsch 2018
58. Riots in Anderlecht
59. Zimbabwe elections
60. Dismissal of Roseanne Barr
61. Bpost financial reports
62. Publication Book Trump
63. Eurostadium building plans
64. Release of Belgian movie ’Niet Schieten’
65. death of Jean-Pierre Van Rossem
66. Royal Wedding
67. Star Wars exposition in Brussels
68. Greek debt crisis
69. New Lars Von Trier movie
70. Venezuala migrant crisis
71. David Goffin at Roland Garros
72. Dismissal Brussels Airlines CEO

73. Ghent municipal council issues
74. Debate on return of IS wives and children
75. Discovery of the Bennu astroid
76. Controversy at Belgian Art Prize
77. Brazilian presedential elections
78. Starvation crisis in Yemen
79. Migrant crisis Kruibeke
80. American midterm elections
81. Antisemetic murder in France
82. New Cuban president
83. Hungary political reforms
84. Trump visits Iraq
85. Fraud in Belgian meat industry
86. Wolves killing livestock in Flanders
87. Air Belgium long distance flights
88. Camebridge Analytica schandal
89. Second meeting Trump and Kim Jong-Un
90. Turkey elections
91. Trump aide expelled from restaurant
92. Publication book Michelle Obama
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