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Abstract

Current coreference resolution systems are typ-
ically tailored for short- or medium-sized texts
and struggle to scale to very long documents
due to architectural limitations and implied
memory costs. However, a few available so-
lutions can be applied by inputting documents
split into smaller windows. This is inherently
similar to what happens in the cross-document
setting, in which systems infer coreference re-
lations between mentions that are found in sep-
arate documents.

In this paper, we unify these two challenging
settings under the general framework of cross-
context coreference, and introduce xCoRe, a
new unified approach designed to efficiently
handle short-, long-, and cross-document coref-
erence resolution. xCoRe adopts a three-step
pipeline that first identifies mentions, then cre-
ates clusters within individual contexts, and
finally merges clusters across contexts. In our
experiments, we show that our formulation en-
ables joint training on shared long- and cross-
document resources, increasing data availabil-
ity and particularly benefiting the challeng-
ing cross-document task. Our model achieves
new state-of-the-art results on cross-document
benchmarks and strong performance on long-
document data, while retaining top-tier results
on traditional datasets, positioning it as a robust,
versatile solution that can be applied across all
end-to-end coreference settings. We release
our models and code at http://github.com/
sapienzanlp/xcore.

1 Introduction

Coreference resolution (CR) is a Natural Lan-
guage Processing task that aims to identify and
group mentions that refer to the same entity (Kart-
tunen, 1969). Although modern neural models
have reached near-human performance on standard
document-level benchmarks such as OntoNotes
(Pradhan et al., 2012) and PreCo (Chen et al., 2018),
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Figure 1: The xCoRe pipeline: for each input context
we adopt: (1) within-context mention extraction, to
extract possible mentions, (2) within-context mention
clustering, to build local clusters, and (3) cross-context
cluster merging, to obtain the final set of cross-context
clusters.

coreference resolution remains far from solved in
two challenging settings: i) coreference on very
long documents, for which models require main-
taining coherence on extended inputs, and ii) cross-
document coreference, which requires resolving
entity relations across multiple documents.

Most available coreference techniques are typ-
ically tailored to short- to medium-sized docu-
ments and struggle to process longer inputs due
to the quadratic complexity of their underlying
Transformer-based architectures. To address this
problem, recent solutions have proposed segment-
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ing long documents and processing them indepen-
dently (Toshniwal et al., 2021; Guo et al., 2023;
Liu et al., 2025), a method that inevitably trades ef-
ficiency at the cost of lowering performance (Gupta
et al., 2024). A similar problem occurs in the
cross-document setting, where state-of-the-art tech-
niques that separately encode texts cannot surpass
35 CoNLL-F1 points (Cattan et al., 2021a) on the
ECB+ benchmark (Cybulska and Vossen, 2014).

In these coreference scenarios, which have al-
ways been treated as two distinct settings, current
architectures suffer from a shared limitation: mod-
els struggle to resolve coreference across disjoint
contexts. In this paper, we frame this general prob-
lem as cross-context coreference resolution, and
propose xCoRe, a new end-to-end neural archi-
tecture designed for every coreference scenario.
xCoRe operates in three stages: (1) within-context
mention extraction, (2) within-context mention
clustering, and (3) cross-context cluster merging.
Our pipeline, shown in Figure 1, is inspired by
the observation that existing models perform well
within single documents; our approach builds on
this foundation by learning to merge local clusters
across different contexts.

In our experiments, we demonstrate that our new
general cross-context formulation is particularly
beneficial because it enables training across shared
long- and cross-document resources, increasing
data availability and improving model performance.
We extensively evaluate xCoRe on a suite of long-
document, cross-document, and traditional corefer-
ence datasets, demonstrating its overall robustness
and flexibility across settings and obtaining new
state-of-the-art scores for end-to-end coreference
resolution on every cross-document benchmark and
top-tier results on long-document benchmarks.

2 Related Work

In this Section, we review recent approaches to
long- and cross-document coreference resolution.
We discuss the limitations of existing models to
scale from medium-sized documents to signifi-
cantly longer or multiple documents, highlighting
the core challenge of cross-context coreference.

2.1 Long-Document Coreference Resolution

Resources Coreference resolution performance
is usually evaluated on medium-sized texts such as
the OntoNotes benchmark (Pradhan et al., 2012),
with around 450 tokens per document. However,

recent work has focused on evaluating the perfor-
mance of models on longer texts, such as in Lit-
Bank (Bamman et al., 2020), an annotated bench-
mark of 100 literary text samples from the literature
genre. The main limitation of LitBank is that it trun-
cates book samples to 2,000 tokens and does not
capture coreference relations that are found across
entire books. We also consider two full book re-
sources that have been introduced recently: i) The
Animal Farm narrative book, manually annotated
by Guo et al. (2023), and ii) BookCoref (Martinelli
et al., 2025), a new full-book coreference resolu-
tion benchmark with silver-annotated training set
and gold annotated test set.

Long-document systems The lack of very long
manually-annotated documents has caused state-of-
the-art coreference resolution techniques to focus
only on short- or medium-sized sequences, adopt-
ing techniques that cannot be applied to longer texts
such as books or long newspaper articles. Among
such approaches, generative models are currently
impractical for processing very long texts, since
they require the entirety of the input text to be re-
generated, doubling the context length. This is un-
feasible for long document settings, since these ap-
proaches rely on memory-demanding Transformer
architectures. These concerns scale to Large Lan-
guage Models (LLMs) too, and, although their ap-
plicability in the CR task is still under discussion,
current methods for LLM-based CR have yet to
reach the performance of fine-tuned encoder-only
models (Le and Ritter, 2023; Porada et al., 2024).

In contrast, discriminative encoder-only models
are more suited for processing longer sequences,
being more memory- and time-efficient. Among
models adaptable to longer inputs, Maverick (Mar-
tinelli et al., 2024) is an optimal choice, since
it combines state-of-the-art scores on LitBank
and OntoNotes, and it can theoretically handle
up to 25,000 tokens. However, its self-attention
mechanism makes it practically unusable on very
long documents because of quadratic memory
costs. This is solved in specially tailored solu-
tions for long-document coreference, such as Long-
doc (Toshniwal et al., 2020, 2021) and Dual-cache
(Guo et al., 2023), which encode full documents
in smaller windows and incrementally build coref-
erence clusters by dynamically “forgetting” less
relevant entities via a global cache of recently pre-
dicted mentions.

Another recent approach for long documents is
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presented in Gupta et al. (2024), a method that hi-
erarchically merges clusters from smaller windows
of long documents, performing several pairwise
cluster merging steps. However, its effectiveness
has only been evaluated on German texts, and it
exhibits several limitations: it cannot handle sin-
gleton mentions, requires separate training for the
hierarchical merging module, and involves multiple
merging stages to compute the final document-level
clusters. In our work, we address these problems
by proposing a modular, end-to-end architecture
designed for cross-context coreference resolution,
which performs cluster merging in a single pass and
eliminates the need for multi-stage or separately
trained merging components.

2.2 Cross-document Coreference Resolution

We now review related cross-document works,
focusing on traditional entity-based coreference
works and not including the identification and link-
ing of events. Moreover, to align with standard
practice in the traditional and long-document coref-
erence settings, we specifically focus on end-to-end
coreference resolution, usually referred to as "us-
ing predicted mentions" (Cattan et al., 2021a). We
therefore do not report techniques that need to start
from gold mentions, as they require additional re-
sources that prevent them from being applied to
realistic applications (Cattan et al., 2021a) and fall
outside the focus of our work.

Resources The most widely used dataset for
cross-document CR is ECB+ (Cybulska and
Vossen, 2014), which contains 996 news articles
grouped into 43 sets of documents, each of which
represents a topic. Notably, both events and entities
are annotated in ECB+, and entities are annotated
only if they participate in events. A more recent
dataset, SciCo (Cattan et al., 2021c¢), focuses on sci-
entific documents. It is approximately three times
larger than ECB+ and includes annotations for enti-
ties only, drawn from segments of scientific papers.
Recent efforts to evaluate LLMs on ECB+ and
SciCo include the SEAM benchmark (Lior et al.,
2024), which shows that, even with long context
lengths and access to gold mentions, LLMs per-
form poorly on cross-document CR tasks.

Cross-document models Most existing models
for cross-document coreference assume access to
gold mentions. Among them, Cross Document Lan-
guage Modeling (Caciularu et al., 2021, CDLM)
currently achieves the best performance on ECB+.

It employs Longformer (Beltagy et al., 2020) as a
cross-encoder and processes each pair of sentences
in a topic separately. However, this results in signif-
icant computational overhead since both time and
memory complexity are quadratic with the number
of sentences (Hsu and Horwood, 2022). More im-
portantly, CDLM requires gold mentions, making
it impractical for end-to-end applications starting
from raw text.

To address this, Cattan et al. (2021a) propose
an architecture for cross-document CR that starts
from predicted mentions. Their system builds
upon the end-to-end coreference pipeline of Lee
et al. (2017), which includes mention extraction fol-
lowed by mention clustering, and extends it to han-
dle multiple documents. Their traditional mention-
to-mention approach requires separate training for
the mention extractor and the clustering module,
along with the tuning of several hyperparameters
for mention pruning. In our work, we eliminate the
need for handcrafted features, separate modules,
or threshold tuning, providing a practical solution
that builds cross-document predictions from locally
extracted clusters.

3 Methodology

We now present xCoRe, a unified coreference sys-
tem capable of seamlessly handling short-, long-,
and multi-document inputs. We first present our
cross-context formulation in Section 3.1. Then, in
Section 3.2, we present the xCoRe three-step dis-
criminative pipeline, which first constructs corefer-
ence clusters within local contexts and then merges
them across contexts in a single forward pass. Fi-
nally, in Section 3.3, we detail our training and
inference strategies.

3.1 Cross-context Formulation

We define cross-context coreference as the gen-
eral task of inferring coreference relations between
mentions that are found in distinct chunks of text,
which we refer to as contexts. With xCoRe, we pro-
pose a novel architecture, training, and inference
strategy for cross-context coreference scenarios.
Our general approach can handle any set of generic
contexts ¢y, co,...,c, € C and can naturally be
applied to the cross-document setting by process-
ing its documents separately. When dealing with
short documents, our pipeline is applied to a single
context and handles this base case by executing
only the first two local steps of the xCoRe pipeline,
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Figure 2: Tllustration of the xCoRe architecture, which takes as input multiple contexts, illustrated as "A", "B",
and "C", and outputs their merged coreference clusters. For each context, within-context clusters are extracted via
within-context (1) mention extraction and (2) mention clustering. Finally, the cross-context (3) cluster merging step

is applied to form clusters at the cross-context level.

i.e., mention extraction and mention clustering.
However, when a single document exceeds a cer-
tain length, determined by available memory con-
straints, it is divided into multiple fixed-size con-
texts!, in which every ¢; € C is a single fixed-
length window.

3.2 Model Architecture

We now introduce our model pipeline, detailed in
Figure 2. In xCoRe , the first within-context men-
tion extraction and clustering steps of our pipeline
are built upon the traditional mention—antecedent
approach introduced by Lee et al. (2017, 2018),
where the most probable mentions are first iden-
tified and then linked to their most likely corefer-
ent mentions. However, the main innovation of
xCoRe lies in its cluster merging strategy, which
enables the formation of coherent clusters across
multiple text windows with a simple yet effective
technique: for each cluster identified within inde-
pendent contexts, the model learns to predict its
most likely cross-context match.

3.2.1 Within-Context Coreference Resolution

In xCoRe, we first perform a within-context coref-
erence resolution step for each context ¢; € C' in

"Window size is set to its maximum based on hardware
constraints to take advantage of the well-known high perfor-
mance of within-document coreference.

the input. This step is divided into within-context
mention extraction, which deals with the extraction
of all possible mentions in the input context, and
within-context mention clustering, which aims to
find the most probable coreferring mentions for all
the previously extracted mentions.

Since this step is based on well-established meth-
ods and serves as a stepping stone for our new clus-
ter merging strategy, we provide a short overview
of our within-context methodology here, and leave
a detailed discussion of it to Appendix A.

Mention Extraction To extract mentions from
each context ¢; € C, we adopt an equivalent
approach to Maverick (Martinelli et al., 2024),
the latest advancement in discriminative encoder-
only models. Specifically, we adopt the start-to-
end mention extraction strategy in which we first
identify all the possible starts of a mention, and
then, for each start, extract its possible end. For-
mally, we first compute the hidden representation
(7', ..., 2%) of the tokens (t{*,...,t5) € ¢; us-
ing a Transformer-based encoder. For all the tokens
that have been predicted as the start of a mention,
i.e., t&, we then predict whether its subsequent
tokens t;", with s < j, are the end of a mention
that starts with t&. In this process, we use an end-
of-sentence mention regularization strategy: after
extracting a possible start, we only consider its pos-
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sible tokens up to the nearest end-of-sentence. At
the end of this step, we end up with a final set of
possible mentions M ¢ for each ¢; € C.

Mention Clustering After extracting all the pos-
sible mentions mji € M¢% from c¢;, we use a
mention clustering strategy based on LingMess
(Otmazgin et al., 2023) and adopted in Mav-
erick. Specifically, for each mention m$ =
(2%, 2¢') and antecedent mention m;’ = (27, x51),
each represented as the concatenation of their re-
spective start and end token hidden states, we
use a set of linear classification layers to de-
tect whether m;’ is coreferring with m’. No-
tably, after these within-context steps, as illus-
trated in Figure 2, for each context ¢; provided
in input, we can extract its coreference clus-
ters W = WV, Wy', ..., Wi}, with Wi =
(mgi,...,m5), that subsequently will be merged
in the cluster merging step of the pipeline.

3.2.2 Cross-context Cluster Merging

This step is our new key component to produce the
final cross-context coreference clusters by merg-
ing local clusters. While all the previous steps are
applied to single contexts and are executed sequen-
tially, this step starts after all the within-context
clusters YW have been extracted across all contexts
¢; € C. We first compute the representation for
each cluster WJCZ € W¥¢ in all the contexts ¢; € C
obtained in the previous step, using a single-layer
Transformer 7' to encode the hidden states of each
of its mentions as:
hs(W5') =T(m,...,m).

After this, we compute the pairwise coreference
probability p.,,, between clusters’ hidden represen-
tations using a linear classification layer as:

L(x) =W - (ReLU(W' - z))

Pem W', Wy ) = L(hs(Wa') | hs(W5'))

where W, W' are learnable parameters, c;, cj are
arbitrary contexts and W¢*, W’ are two arbitrary
coreference clusters in ¢; and c;. We calculate this
probability and take the most probable coreferent
cluster for every pair of clusters WS, W,’ from
ci,c; € C respectively, with ¢; # ¢;. We do not
compare clusters that come from the same con-
text, i.e., ¢; = c;, since they have been predicted

separately by the previous cluster merging step,

and take the most probable coreferent cluster for
each pair of mentions with p.,,, > 0.5, leaving the
cluster as a singleton when none of the others are
predicted coreferential. Notably, this technique is
invariant to the order of cluster appearance, and
is therefore applicable both when contexts have a
sequential order, such as in long documents, and
when they are not ordered, as in cross-document
settings. As a result of this step, by sequentially
merging coreferential clusters, we obtain a final set
of cross-context clusters.

3.3 Cross-context Training and Inference

At inference time, as reported in Section 3.1, we
address the quadratic memory complexity of en-
coding long sequences by splitting long documents
into fixed-size windows ¢; of maximum possible
context length w. Similarly, when dealing with
multiple documents, each text is encoded as a sep-
arate context c¢;. Nevertheless, in this scenario,
training models adopting a traditional supervised
fine-tuning technique presents a unique challenge:
to effectively learn cross-context cluster merging,
during training, the model must be exposed to train-
ing examples containing multiple contexts. For this
reason, one of our training objectives is to build
training batches in which our model can learn to
deal with a large number of contexts. On the other
hand, since we also want our model to be reliable in
the within-context coreference step, it is crucial to
train on samples of long individual contexts. These
two training objectives cannot easily be fulfilled
together, since encoding many long contexts would
inherently imply a significant memory overhead.
We address this problem by designing a dy-
namic batching training strategy. When dealing
with single-document datasets, we train on contigu-
ous contexts extracted from the original training
documents d; € D, choosing a different number
and dimension of input contexts at each training
step. Specifically, at each step, we first sample
the number of training contexts n in the range
(1, |w/s]), where w is the previously detailed max-
imum context length, and s is the average sentence
length of our dataset. Then, we construct a train-
ing batch by sampling n continuous contexts from
d;, with length equal to M and round up
context boundaries to the nearest end of sentence.
When dealing with cross-document datasets, we
use an analogous approach: n is chosen in the
range (1, |w/dl|), with dl being the average doc-
ument length of our training dataset. In this case,
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Dataset Type Topics Train Dev Test Tokens Mentions Singletons
ECB+ cross-document 43 594 196 206 107k 8289 1431
SciCo cross-document 521 9013 4120 8237 2.1M 26222 2721
Animal Farm  long-document - - - 1 35k 1705 0
LitBank long-document - 80 10 10 210k 29k 5742
BookCoref long-document - 45 5 3 11M 992k 0
PreCo medium-size - 36120 500 500 12.3M 3.9M M
OntoNotes medium-size - 2802 343 348 1.6M 194k 0

Table 1: Overview of the datasets used in our experiments across medium-size, long-, and cross-document
coreference settings. For each dataset, we report the number of topics in cross-document datasets, the train/dev/test
split sizes, and total number of tokens, annotated coreference mentions, and singleton mentions.

our training batch is built simply by collecting n
documents from our training dataset.

This allows models to learn to deal both with
inputs of many small contexts and with inputs of
a few very large contexts, thereby fulfilling our
two training objectives and allowing systems to
be trained in constrained memory settings. We
refer the reader to Appendix B.1 for a detailed
description of our training strategy.

4 Experimental setup

4.1 Datasets

We now report technical details of the benchmarks
adopted in the following sections, and refer the
reader to Table 1 for dataset statistics.

In the cross-document setting, we train our mod-
els on the well-established ECB+ (Cybulska and
Vossen, 2014) and SciCo (Cattan et al., 2021c¢)
training sets, and test their results on the respec-
tive test sets. Specifically, to compare our results
with previous work, in both datasets we test our
models using gold topic information and excluding
singleton mentions, since they have been shown to
alter benchmark results (Cattan et al., 2021b). For
the ECB+ dataset, we only deal with entity coref-
erence resolution and do not include information
from additional parts of the documents (usually re-
ferred to as the Cybulska setting, cf. Appendix C),
differently from previous works that instead use
additional surrounding context from the original
documents contained in ECB+. Furthermore, in
cross-document experiments, we follow previous
work and input only documents that are within a
single topic, leveraging the gold topic structure.

For long-document coreference, we train our
comparison systems on the LitBank training data
(Bamman et al., 2020) and on the silver-quality
training set of BookCoref (Martinelli et al., 2025).
The models trained on LitBank are tested on An-

imal Farm (Guo et al., 2023) and on the LitBank
test set, while the models trained on BookCoref
are tested on its manually-annotated test set. When
testing on long documents, specifically on Animal
Farm and BookCoref, in order to compare with
previous work, we use a within-window size of w
= 4000 tokens. Finally, we also include results on
medium-size benchmarks such as OntoNotes (Prad-
han et al., 2012) and PreCo (Chen et al., 2018).

4.2 Comparison Systems

We compare xCoRe performances against the cur-
rent available systems for medium-size, long- and
cross-document coreference.

Among models that are specifically tailored for
cross-document coreference, we report the scores
for the only available system that uses predicted
mentions (Cattan et al., 2021c), which we refer to
as PMCoref. Notably, since PMCoref uses addi-
tional document information when tested on ECB+
and has never been tested on SciCo, we replicate
its results in order to be consistent with recent tech-
niques and our xCoRe method. We also include
the results of the current state-of-the-art technique,
i.e., CDLM (Caciularu et al., 2021), which requires
explicit gold mentions and is highly impractical
owing to memory and time consumption. Addition-
ally, we report the results shown in the recent work
of Lior et al. (2024) in which they test Mistral-7B
(Jiang et al., 2023) and LLamax3-70B (Grattafiori
et al., 2024) on cross-document tasks.

Among systems for long-document coreference,
we report the scores of two long-document incre-
mental formulations, namely, Longdoc (Toshniwal
et al., 2020) and Dual-cache (Guo et al., 2023).
We also include Hierarchical-coref (Gupta et al.,
2024), which builds long-document clusters using
several hierarchical pairwise steps, and Maverick
(Martinelli et al., 2024), which adopts the tradi-
tional mention-to-antecedent scoring strategy. Ad-
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Models LitBank-Split (CoNLL-F1) ECB+ Sampled (CoNLL-F1)

Full 2splits 4 splits  8splits  20splits 1doc 2docs 4docs 8docs Full
xCoRe-append  78.2 72.4 57.3 39.8 27.1 55.7 29.8 22.8 14.2 11.8
xCoRe-m2a 78.0 76.4 75.8 73.0 70.3 54.8 40.8 39.1 36.9 35.1
xCoRe 78.2 77.6 77.1 74.9 72.4 58.9 50.1 46.8 44.4 40.3

Table 2: Results of xCoRe alternative merging strategies on LitBank-Split and ECB+ Sampled, in CoNLL-F1 points.
To ensure robust results, ECB+ measurements are averaged using 10 different random samples of documents.

Effect of Document Splitting on LitBank

80
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CoNLL-F1
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—e— xCoRe-append
—=— xCoRe-m2a
—+— XCoRe
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Full 2 4 8 20
Number of splits

Figure 3: CoNLL-FI scores comparison on LitBank
with increasing number of splits per document.

ditionally, we include the system of Zhang et al.
(2023, seq2seq), which uses a seq2seq methodol-
ogy based on a very large generative model with 11
billion parameters. We exclude from our compar-
ison systems the recent work of Zhu et al. (2025)
because their results are computed on a different
LitBank cross-validation setting, and their model
was trained on 90 documents, including the vali-
dation split, which makes it not comparable to our
reported systems. In Appendix C, we further detail
our datasets, systems, and training setup.

4.3 xCoRe Systems

Pretrained Models Since our cross-context set-
ting enables us to train systems on shared long-
and cross-document resources, we also measure
the benefits of pretraining xXCoRe on datasets from
different settings. Specifically, we report the per-
formance of 1) an xCoRe model pre-trained on Lit-
Bank (i.e. XCoRey jgank) On the cross-document set-
ting, by additionally training and testing it on cross-
document data, and ii) an xCoRe model pre-trained
on ECB+ (i.e. XCoRegcp,) on the long-document
setting, by additionally training and testing it on
long-document data (see Section 4.1).

Effect of document Sampling on ECB+

60 1

50

40 4

CoNLL-F1

30

L j— xCoRe-append

—s=— xCoRe-m2a
—— XCoRe

101

1 2 4 8 Full
Number of Documents

Figure 4: CoNLL-F1 scores comparison on ECB+ with
increasing number of documents per topic.

Cluster Merging Baselines To test the effective-
ness of our new cluster merging strategy, we com-
pare it against two baseline systems: i) xCoRe-
append, in which cluster merging is disabled and
within-context clusters are simply concatenated,
and ii) xCoRe-m2a, which instead uses a traditional
mention-to-antecedent strategy to compute cross-
context clusters. Specifically, the only difference
between xCoRe-m2a and a traditional mention-
to-antecedent model applied on full documents
(such as Maverick) is that contexts are encoded
separately, and their hidden representations are not
contextualized to the full document. Comparing
xCoRe with these two settings shows i) whether
our model can effectively learn the cluster merging
task, and ii) whether it can surpass the traditional
strategy of building clusters at the mention level.

5 Results

5.1 Cluster Merging Analysis

We first analyze the impact of the cluster merging
approach, and report our results in Table 2 and in
Figures 3 and 4. Specifically, we evaluate xCoRe,
xCoRe-append and xCoRe-m2a on LitBank-Split,
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Model ECB+ SciCo

Pred. Gold Pred. Gold
Baselines

Mistral-7B - 20.1 - 31.1

Llama-3x70B - 22.3 - 24.4

CDLM - 82.9° - 77.2

PMCoref 3577 653 - 66.8

PMCoref" 33.7 63.3 233  66.8
xCoRe (Ours)

xCoRe 40.3 73.8 27.8 623

XCOReLi(Bank 42.4 74.1 30.5 67.3

Table 3: Results on ECB+ for comparison systems in
terms of CoNLL-F1 score. We use (*) to indicate mod-
els that use additional context, (f) for replicated results
without additional context, and (-) for results that were
not reported in the original papers. Pred. and Gold
indicate whether the model starts from predicted or gold
mentions, respectively.

in which, at test time, documents are split into
multiple segments to simulate long-document con-
straints, and on ECB+ Sampled, in which only a
subset of documents per topic is used. We note
that, to ensure robust results on ECB+, when test-
ing with a subset of n documents, we average the
results of 10 different runs in which each topic of
the ECB+ test set has only n randomly selected
documents.

Interestingly, cluster merging obtains the best
performance over the two alternative clustering
strategies. Furthermore, we observe that the per-
formance gap widens as the number of contexts in-
creases, highlighting the reliability of our technique
when multiple contexts are provided. Moreover,
our cross-context merging strategy convincingly
outperforms the traditional mention-to-antecedent
approach, confirming the superiority of our method
based on merging locally extracted clusters.

5.2 Cross-document Benchmarks

In Table 3 we report cross-document results on
ECB+ and SciCo, showing that xCoRe improves
significantly over PMCoref, the previous state-of-
the-art technique for cross-document coreference
resolution with predicted mentions. More inter-
estingly, we report additional performance gains
when pretraining our model on LitBank: on ECB+,
xCoReyigank reaches 42.4 CoNLL-F1 points, +8.7
points over the previous best scores of PMCoref,
and +2.1 points over its non-pretrained version.
Similarly, on SciCo, our pretrained model records
a best score of 30.5 CoNLL-F1, surpassing the
previous state of the art by +7.2 points and our ver-

Model Animal Farm LitBank  BookCoref
Baselines
Longdoc 25.8 77.2 67.0
Dual-cache 36.3 77.9 58.9
Hierarchical 27.9 61.5 42.8
seq2seq - 77.3 -
Maverick - 78.0 61.0
xCoRe (Ours)

xCoRe 42.2 78.2 63.0
xCoRegcp+ 42.5 78.0 61.9

Table 4: Long-document comparison systems scores
(CoNLL-F1) when trained on LitBank and tested on Lit-
Bank and Animal Farm, and when trained and tested on
BookCoref. (-) indicates runs that cause out of memory.

sion with no additional pretraining by +2.7 points.
This highlights one of the key advantages of our
cross-context formulation, which is that it allows
models to benefit from additional shared training
data, something that was unexplored by past cross-
document solutions. We also report that CDLM
is still the best technique when starting from gold
mentions. Nevertheless, this solution is not appli-
cable in real-world scenarios in which models start
from raw texts, and has been criticized for its high
time and memory costs (Hsu and Horwood, 2022).

5.3 Long-document Benchmarks

As outlined in Table 4, xCoRe achieves robust per-
formance on every long-document benchmark. On
the Animal Farm benchmark, xCoRe surpasses all
comparison systems, achieving a +5.9 CoNLL-F1
improvement over Dual-cache, the previous lead-
ing system. On LitBank, xCoRe reports a CoNLL-
F1 score of 78.2, aligning closely with Maverick,
the current state-of-the-art model in this setting. On
BookCoref, xCoRe achieves robust results, with
slightly better performance compared to Maver-
ick, a system that adopts the traditional one-pass
mention-to-antecedent strategy. However, on this
benchmark, xCoRe cannot perform at the level of
Longdoc. After reviewing an array of qualitative
outputs of these two models, we believe that this
score discrepancy is due to the different errors that
those models produce: while xCoRe outputs better
within-window predictions, it occasionally wrongly
splits long coreference chains, producing, on aver-
age, 45 chains per document on BookCoref; on the
other hand, Longdoc sometimes wrongly merges
different entity mentions into the same coreference
cluster, obtaining, on average, only 14 chains per
document. While it is hard for humans to evaluate
whether one of those two errors is more important,
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Model Cross-document

Long-document Medium-size

ECB+ SciCo  Animal Farm LitBank BookCoref OntoNotes PreCo
Sull 4-splits
xCoRe 40.3 27.8 42.2 78.2 77.1 62.9 83.2 87.1
XxCoRegold mentions 73.8 62.3 58.9 88.2 85.6 64.0 89.2 94.8
XCoRe4go1d mentions & gold clusters 77.4 68.8 62.7 100.0 92.3 78.4 100.0 100.0

Table 5: Step-wise error analysis of xCoRe performance using gold information on all tested datasets in terms
of CoNLL-F1 score. In particular, we detail the results of xCoRe with a version that starts from gold mentions
(performing clustering and merging steps) and a version that starts from gold clusters (performing merging only).

empirical results show that the former error has a
greater negative effect on the overall CoNLL-F1
score, as also demonstrated by several previous
works (Moosavi and Strube, 2016; Duron-Tejedor
et al., 2023; Martinelli et al., 2025).

We also note that, differently from what we saw
for the cross-document scenario, in this case, pre-
training on additional cross-document data does
not yield meaningful gains. This outcome is likely
due to the higher quality of LitBank annotations,
which provide more stable training feedback com-
pared to the noisier supervision often found in
cross-document datasets. Finally, we highlight that
Hierarchical (Gupta et al., 2024) particularly un-
derperforms in the long-document scenario due to
its limitations of filtering out singleton mentions
from each small context, a problem that inevitably
accumulates with very long documents.

54

In Table 5, we can find the results of xCoRe on the
OntoNotes and PreCo medium-size benchmarks
(first row). We report scores that are in the same
ballpark as the current state-of-the-art system, Mav-
erick (Martinelli et al., 2024), which was also
used as the xCoRe underlying technique for within-
context coreference resolution. While on one hand,
this result is inherently implied by our pipeline de-
sign, on the other hand, it further demonstrates the
generalization capabilities of our training strategy.

Medium-size Benchmarks

5.5 Step-wise Error Analysis

To further analyze the effectiveness of our pipeline,
in Table 5 we report the performance of xCoRe on
all of our tested datasets, along with an oracle-
style step-wise analysis over each step of the
xCoRe pipeline. Specifically, we compare our
model performance against two baselines, in which
i) we start from gold mentions, skipping the men-
tion clustering step, and ii) we use both gold men-
tions and gold clusters, therefore only executing

the cluster merging approach.

We report that, across datasets, with the excep-
tion of BookCoref, adopting an oracle mention
extraction step by using gold mentions is especially
beneficial. Indeed, a notable decrease in errors is
shown in the cross-document setting, which sug-
gests that mention identification is the main bot-
tleneck when dealing with mentions across docu-
ments. This is not true on the BookCoref bench-
mark, because they only annotate book characters
and therefore mention identification is easier. Fur-
thermore, we can observe that using an oracle men-
tion clustering step does not bring substantial ben-
efit to our automatic pipeline when dealing with
cross-context scenarios: in this case, the bottleneck
is cluster merging. This result suggests that focus-
ing on advancing our proposed simple yet effective
cluster merging technique could lead to additional
improvements in every coreference scenario.

6 Conclusion

In this paper, we introduce the cross-context coref-
erence resolution setting, a generalization of classi-
cal coreference that includes medium-size , long-
and cross-document settings. We also propose
xCoRe, an all-in-one coreference resolution system
that uses a three-step pipeline to extract mentions
and clusters locally, and then merge them across
contexts. In our experiments, we show that fram-
ing coreference as a cross-context problem enables
training on shared resources, thereby making it pos-
sible to use additional data to improve model per-
formance. More importantly, we demonstrate that
our new architecture attains new state-of-the-art
scores on cross-document benchmarks and top-tier
results on both medium-size and long-document
datasets. We believe that, by releasing this model,
we could potentially benefit several downstream ap-
plications, filling the gap for an end-to-end, robust
system across challenging coreference scenarios.
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7 Limitations

Our experiments are limited to English entity coref-
erence resolution, and we do not explore xCoRe ca-
pabilities in other languages or coreference set-
tings, such as event coreference. However, our
model is language-agnostic, and our technique can
be naturally extended to events without the need
for additional heuristics. We leave this as future
work. Furthermore, all of our experiments were
limited by our resource setting, i.e., a single RTX-
4090. This has impacted our training and evalua-
tion for long-document results, such as on Book-
Coref, in which our maximum window size for
training xCoRe models was only 1500 tokens, and
with the benchmarking of autoregressive models,
such as seq2seq (Zhang et al., 2023), which require
a more resourceful hardware setup. Nevertheless,
we believe this limited setting is a common sce-
nario in many real-world applications that would
substantially benefit from adopting xCoRe as their
all-in-one coreference system.
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A Additional Details on within-Context
Coreference

The within-context component of the xCoRe archi-
tecture is responsible for extracting mentions and
clustering them locally. To do this, we adopt the
mention extraction pipeline presented in Maverick
(Martinelli et al., 2024) and the mention cluster-
ing strategy adopted in LingMess (Otmazgin et al.,
2023), proven to be an optimal combination in pre-
vious works.

We now report the details of our two within-
context coreference resolution steps, namely, men-
tion extraction and mention clustering.

A.1 Mention Extraction

For any input context, mention spans are extracted
within a single context in two steps. First, the
model predicts candidate start positions for men-
tions, and then, for each predicted start, it predicts
potential end positions. Let (z1,...,x,) be the
contextualized token embeddings of input context
¢ = (t1,...,t,). The probability of token ¢; being
the start of a mention is computed as:

Far(7) = Ws/tan(GeLU(Wstarth))
pstart(ti) = U(Fstart(l‘i))

For each ¢, such that pgr(ts) > 0.5, the model
then scores subsequent tokens ¢; (with s < j) as
potential mention ends, conditioned on the start
token:

Fend(%vxj) = Wénd(GeLU(Wend[xs’xj]))v
pend(tj | ts) = U(Fend(%vxj))

The model considers only tokens up to the next
sentence boundary. This strategy, called end-of-
sentence (EOS) mention regularization, signifi-
cantly narrows the span search space, reducing
computational cost without sacrificing recall.

A.2 Mention Clustering

Once mentions have been extracted from an indi-
vidual context, we score coreference links between
mention pairs using a multi-expert architecture that
assigns a specialized scorer to each pair based on
its linguistic type. We follow the classification pro-
posed by Otmazgin et al. (2023), which partitions
mention pairs into six categories, as reported be-
low:

* PRON-PRON-C: Compatible pronouns (e.g.,
(1, 1), (he, him))

* PRON-PRON-NC: Incompatible pronouns
(e.g., (1, he))

* ENT-PRON: Pronoun and non-pronoun (e.g.,
(Mark, he))

* MATCH: Identical content (e.g., (New York,
New York))

* CONTAINS: Nested or partial match (e.g.,
(Barack Obama, Obama))

* OTHER: All remaining cases

Each category £, has a dedicated mention-pair
scorer. Given a mention m; = (x5, z.) and a can-
didate antecedent m; = (zy,x./), each mention
boundary is encoded with a category-specific linear
layer:

Fi(x) = Wy, (GeLU(W, )
F¥(x) = Wy, (GeLU(Wy, )
The final coreference score p’§9 (mj, m;) is com-

puted using a bilinear interaction between all com-
binations of start and end embeddings:

pe’ (mi,my) = o(Fa? (x5) - Wes - Fa? () +
FE(20) - Wee - FY* () +
Fy? (24) - We - 29 (z0)+
FY9(20) - Wes - FF (24))

Here, Wy, Wee, W, W, are shared across cat-
egories, while the feedforward weights are specific
to each type.
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B Additional Loss Details
B.1 Training

The xCoRe architecture is trained end-to-end with
a multitask objective that mirrors the three stages
of our pipeline: within-context mention extrac-
tion, within-context mention clustering, and cross-
context cluster merging using Binary Cross En-
tropy (BCE) loss:

Lcoref = Lextr + Lclust + Lmerge

Binary cross-entropy We define the binary

cross-entropy loss as:
—y)log(1 —p)

acE(y, p) = —ylog(p) — (1

Mention extraction loss The mention extraction
step is trained with a loss that supervises both the
prediction of mention starts and the identification
of their corresponding ends, as detailed in Section
A.1. Therefore, given all contexts ¢; € B, where
B is the training batch prepared with our training
strategy detailed in Section A.2, i.e., we compute
the mention extraction 10ss Ly as:

N
Lstart Cz ZEBCE Yj, pstart(tj))

7=1

S FEs

Lena(ci) = > > locE(Ysk» Dena(trlts))

s=1 k=1

|B|

Lexir = Z Lstart(ci) + Lend(Cz’)
i=1

Here, N is the number of input tokens in the con-
text, S is the number of predicted start positions,
and F is the number of candidate end tokens con-
sidered for a given start ¢;. The label y; indicates
whether token ¢; begins a mention, and y,;, indi-
cates whether token ¢; completes a mention that
begins at t5. Our loss is the sum of the extraction
losses for each context ¢; € B

Mention clustering loss To train the mention-
level clustering component, we apply Binary Cross
Entropy loss (BCE) over all mention pairs. For
every mention my, inside a given context c; in the
training batch B, the model considers all preceding
mentions my, € c; as potential antecedents, and pre-
dicts whether they belong to the same coreference
cluster. The loss is computed as:

|M] | M|

ZZKBCE (Yjk, pe(mjlmy))
=1 k=1

1B

Lepyst = Z Lclust(ci>
=1

Here, | M | is the number of predicted mentions in
the current context, y;;, € {0, 1} indicates whether
m; and my, refer to the same entity, and p.(m|my,)
is the model’s predicted coreference score for the
pair, computed using the category-specific mention-
pair scorers described in Appendix A.2.

Leciust Cz

Cross-context cluster merging loss. We super-
vise the final stage of the pipeline by comparing
clusters across different contexts c; of the training
batch B. We use CB to indicate the number of
clusters extracted in the previous clustering step,
CB = [{W¢}  cp | and define the cluster merg-
ing loss as :

CB CB

ZZEBCE Yoy PemWVS W,7))
a—=1 b=1
b#a

merge

where W¢ and W, are clusters from local con-
texts {W<}, .p and pem is defined in Equa-
tion 3.2.2. We do not calculate the loss for clusters
that come from the same context, i.e., ¢; = c;, since
they have already been predicted separately by the
cluster merging step. This loss guides the final step
of the pipeline by training the model to correctly
predict whether two clusters from separate contexts
WS and ng refer to the same entity.

Training details All models are trained end-to-
end using supervised fine-tuning. Specifically, we
use teacher forcing and calculate loss for each step
on gold information. For mention extraction, end
predictions are conditioned on gold start positions.
For clustering and merging, losses are computed
using gold mentions and gold clusters to isolate
each stage of the pipeline.

C Additional Training Details

C.1 Datasets

Cross document datasets We note that for both
our settings, we use the non-singleton, entity-only
version of the dataset.
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¢ ECB+ is a well-established dataset used in
cross-document coreference resolution based
on news stories. ECB+ organizes documents
in topics, and coreference relations cannot be
found across different topics. It includes an-
notations for both within-document and cross-
document coreference, and for both event
coreference resolution and entity coreference
resolution, considering entities only when par-
ticipating in an event. A small portion of each
document, handpicked and manually curated,
known as the "Cybulska setting", is used for
model evaluation. Although annotated pre-
dictions are limited to this subset, previous
systems, such as PMCoref, have access to the
context of the whole document. This approach
is what we refer to as “additional context” in
this paper. In our evaluation, we only test mod-
els without access to additional information,
to uniform evaluation strategies, and to obtain
a more straightforward and realistic setting.

* SciCo is a dataset designed for evaluating

coreference resolution across scientific docu-
ments. It focuses on linking mentions of sci-
entific concepts (such as tasks, methods, and
datasets) that appear in different papers. As
one of the few available resources for cross-
document coreference, SciCo plays a key role
in our evaluation.
Annotations in SciCo are obtained in a two-
step fashion with a semi-automatic approach,
following guidelines from previous work on
data collection (Cybulska and Vossen, 2014).
The process relies on automatically extracting
likely coreferent mentions from a large cor-
pus of papers. Annotators are then asked to
build clusters and hierarchical relationships
between mentions.

Long document datasets

¢ LitBank contains 100 works of fiction, in
which every document has an average length
of 2,000 tokens.
Differently from previous coreference
datasets, it contains an average document
length that is four times longer than other
traditional benchmarks such as OntoNotes. It
is available in 10 different cross-validation
folds and we perform our experiments on its
first fold, LBy. We evaluate our models using
singleton mentions and report comparison

systems’ results on the same splits.

* Animal Farm is a long document benchmark
consisting of George Orwell’s novel, manu-
ally annotated for coreference resolution by
Guo et al. (2023), with approximately 35,000
tokens, annotations over 20 characters, and
1,722 mentions.

* BookCoref is a book-scale coreference reso-
lution benchmark consisting of 50 fully auto-
matically annotated books, used for training
and validation, and 3 manually annotated nar-
rative texts.

Traditional Medium-size Datasets

* OntoNotes is a richly annotated corpus de-
signed to support a wide range of natural lan-
guage understanding tasks, including corefer-
ence resolution. It encompasses 3493 docu-
ments from multiple genres such as news ar-
ticles, telephone conversations, weblogs, and
talk shows, reaching more than 190,000 men-
tions and 1.6 million tokens.

* PreCo is an English dataset for coreference
resolution. It contains 38k documents and
12.5M words, mostly from preschoolers’ vo-
cabulary. The authors have not released their
official test set. To evaluate our models con-
sistently with previous approaches, we use
the official ’dev’ split as our test set and re-
tain the last 500 training examples for model
validation.

C.2 Comparison System Details

As discussed in Section 4.2, we compare
xCoRe against state-of-the-art models across
standard-, cross-, and long-document coreference
benchmarks.

Many results were taken directly from prior work;
however, some of them had to be implemented to
enable a proper comparison or to test them on new
benchmarks. For PMCoref", we report new results
under comparable conditions. In particular, the
original implementation predicts mentions within
a curated subset of each document (the “Cybulska
setting””) while encoding the full document for scor-
ing. To fairly compare with xCoRe , we repeated
PMCoref’s experiments, removing access to the
additional context, resulting in lower performance.
We also evaluated PMCoref’ on SciCo to provide
a predicted-mention baseline for that dataset.
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For the long-document setting (results in Sec-
tion 5.3), since the authors do not include the
weights in the original repository, we adopt a recent
implementation of the Hierarchical model?.

C.3 Setup

In our experiments, xCoRe systems adopt
DeBERTA—v3 large® as an encoder, which is
downloaded from the Huggingface Transformers li-
brary (Wolf et al., 2020). We adopt this encoder be-
cause it has been shown to be effective on the coref-
erence resolution task by previous works (Mar-
tinelli et al., 2024). All our experiments are run
on an academic budget i.e., a single NVIDIA RTX-
4090.

2h‘c’cps ://github.com/CompNet/Tibert
3https ://huggingface.co/microsoft/deberta-v3-large
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