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Abstract

This paper introduces a new dataset of
document-level event annotations in the domain
of armed conflict. By augmenting the event
database from the Uppsala Conflict Data Pro-
gram (UCDP) with source documents identified
in public web archives, we create the UCDP Ab-
stractive Event analysis Corpus (UCDP-AEC).
While a large part of research on information ex-
traction is focused on extracting text spans, real-
world use cases often require inferring more
high-level information that is not necessarily
explicitly mentioned in texts. UCDP-AEC dif-
fers from traditional event extraction datasets
in that the document-level annotations do not
correspond to mere text spans of the input, but
capture expert-interpreted and often implicit in-
formation. With more than 10 000 documents,
UCDP-AEC is of comparable size to the largest
human-annotated traditional event extraction
datasets. We also report preliminary experimen-
tal results for various generative approaches, by
fine-tuning both decoder models and existing
event argument extraction models that require
minimal adaptation to our abstractive formula-
tion of the task.

1 Introduction

For several decades, the Uppsala Conflict Data Pro-
gram (UCDP) has compiled and released datasets
on quantitative armed conflict event data (Sundberg
and Melander, 2013; Davies et al., 2024), designed
primarily to enable research on the causes, dynam-
ics, and consequences of organised violence, as well
as supporting research projects such as predicting
conflict escalation (Hegre et al., 2022). UCDP’s
event database, the Georeferenced Event Dataset
(GED), encodes rich information about incidents
related to organised violence, including casualty
counts, involved actors, location, time, and more.
An example of (a relevant subset of) the data fields

*Equal contribution.

2014-05-25 Islamabad: At least eight militants and two sol-
diers were killed in a gun battle in Pakistan‘s restive north-
west tribal area, a security official said. The incident occurred
late yesterday in Landikotal area of Khyber tribal agency.
“Two soldiers embraced shahadat (martyrdom) and three oth-
ers injured this evening in an exchange of fire with terrorists
in Landikotal, Khyber,” The Dawn said. Three soldiers were
also injured, according to the security official. Yesterday was
a deadly day for forces as six soldiers and a civilian were
killed in three separate bombings in Pakistan, including twin
blasts in the heavily guarded capital. The soldiers were killed
in Mohmand agency which borders Khyber.

Actors Side A: Government of Pakistan Side B: TTP

Date Start: 2014-05-24 End: 2014-05-24

Location Country: Pakistan Subregion: Khyber agency
Region: Federally Administered Tribal Areas
Point: Landi Kotal town

Deaths Side A: 2 Side B: 8 Civilian: 0
Unknown: 0 Low: 10 High: 10

Figure 1: Sample document with UCDP annotations.
The document reports on an armed conflict event and
includes the publication date and location. The annota-
tions specify the two conflict actors, the start and end
dates of the event, four levels of location detail, and death
counts for each side, civilians and unknown individuals.
Estimated total deaths are given as low (conservative)
and high (maximum reliable) figures.

and corresponding values for a given input docu-
ment is shown in Figure 1. Carried out through
manual coding by human experts, the process is
highly resource-demanding and time-consuming,
making it challenging to scale to larger data sources
and update in near real-time. Moreover, the contin-
ual exposure to accounts of violence can cause emo-
tional and psychological distress for those involved
in manual coding. For several reasons, automated
machine-coding of events could offer valuable as-
sistance in the annotation process.

The UCDP GED example above illustrates a



more general challenge acknowledged in other re-
cent work on event extraction (EE) and information
extraction (IE) for real-world applications, which
is the need to move beyond span-based annotations.
For example, Olsen et al. (2024) refer to an ‘abstrac-
tion gap’ when discussing the differences between
the text-bound annotations common in most NLP
datasets for EE versus the higher-level information
documented in socio-political event databases. In
such databases, coders aim to represent what actu-
ally happened in the real world, drawing on con-
textual understanding and domain expertise. As
demonstrated in Figure 1, important event informa-
tion often can not be found as a single continuous
text span. Instead they must often be inferred from
indirect references (e.g., “soldiers” or “militants” as
proxies for specific groups), resolved through tem-
poral reasoning (e.g., interpreting “yesterday” rela-
tive to the publication date of the source document),
aggregated from scattered mentions (e.g., casualty
counts reported across multiple sentences), or pro-
duced through numerical reasoning (e.g., combin-
ing the casualty counts across parties). Locations
and actors can be described at varying levels of gran-
ularity and may require entity-linking to canonical
forms, and the dynamic nature of conflicts means
new actors and conflicts continually emerge, in-
troducing important temporal variations. On the
basis of considerations like this, Simon et al. (2024)
advocate for a shift from an “extractive” to an “ab-
stractive” view of the EE task, proposing to use gen-
erative approaches for capturing more higher-level
event information. Similarly, Sharif et al. (2024)
also show how event information can be scattered
across a document or only implicitly stated, and
propose a generative formulation of event argument
extraction.

While the recognition of the challenges associ-
ated with real-world applications is growing, the
majority of traditional event extraction datasets
within Natural Language Processing (NLP) are an-
notated in the extractive paradigm, capturing only
text-bound facts (Doddington et al., 2004; Song
et al., 2015; Li et al., 2021). On the other hand,
while there is an abundance of high-quality event
databases developed within social and political sci-
ences (Sundberg and Melander, 2013; Raleigh et al.,
2010; Chenoweth et al., 2019; Salehyan et al., 2012;
Turchin, 2012), the source documents are generally
not made available (Olsen et al., 2024), representing
a missed opportunity for training machine-learning
models for domain-specific applications. As a case

in point, the event annotations of the UCDP GED
are publicly available, but the corresponding source
documents used by the human coders are not li-
censed for redistribution in the original database.

Contributions To bridge NLP modelling with
socio-political event coding, we introduce the new
dataset UCDP-AEC, a conflict event dataset for
abstractive event analysis built from UCDP GED,
augmented with pointers to the underlying source
texts.1 The dataset covers 11 363 documents de-
scribing armed conflict events and links expert-
annotated event records to their corresponding
source documents. UCDP-AEC focuses on a sin-
gle event type, and every document in the dataset
contains a single, relevant event of the same type,
where each event is annotated with a fixed set of
14 fields. Reflecting the complexities of real-world
event reports, the annotations often demand numer-
ical and temporal reasoning, world- and domain
knowledge, contextual integration, and entity link-
ing to canonical forms. We refer to this challenging
task of structured prediction as abstractive event
analysis.

We show how a substantial subset of the docu-
ments from the UCDP GED database can be iden-
tified and retrieved from the public web archives of
HPLT v2 (High Performance Language Technolo-
gies; Burchell et al., 2025), and that distributing
the corresponding document IDs provides a way
to establish an open dataset for event analysis that
can be used by the NLP community, ultimately also
benefitting the peace and conflict studies. Finally,
we report on the first experimental results for a suite
of generative approaches on the new dataset.

2 Related Work

Relation to other NLP tasks Automatically ex-
tracting UCDP-AEC event structures combines ele-
ments from multiple NLP tasks involving represent-
ing and understanding event-centric information in
text. The task includes aspects of temporal reason-
ing, text summarisation, and entity-linking, but is
best understood as a form of event extraction (or
perhaps more narrowly the associated subtask of
event argument extraction) though in a way that
diverges from typical NLP formulations.

While event extraction is a widely studied task in
NLP, the current annotation paradigm and bench-

1The dataset alongside evaluation scripts and baseline
models are available at https://github.com/ltgoslo/
ucdp-aec.

https://github.com/ltgoslo/ucdp-aec
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mark datasets do not correspond well to the types
of events typically encoded in socio-political event
databases. Even though both tasks aim to de-
rive structured event information from unstruc-
tured text, existing NLP datasets typically contain
sentence-level event information that corresponds
to substrings in the input text (Doddington et al.,
2004; Song et al., 2015), while socio-political event
recordings typically capture higher-level event infor-
mation inferred from the entire document, possibly
in combination with domain knowledge. For in-
stance, in the news article shown in Figure 1, Side
B is described in the text as “militants” and “ter-
rorists”. However, a socio-political event database
is expected to convey the specific group involved
(“TTP” in this case) based on contextual informa-
tion such as time and location.

The datasets from the Automatic Content Ex-
traction (ACE; Doddington et al., 2004) program
have been highly influential in the development and
evaluation of event extraction systems in NLP, in-
spiring further development of several datasets with
more detailed processing of entities and events in
the ERE (Entities, Relations and Events) dataset
(Song et al., 2015), document-level event extrac-
tion from Wikipedia articles in the WikiEvents
dataset (Li et al., 2021), from news articles refer-
enced in Wikipedia articles in the DocEE dataset
(Tong et al., 2022), and domain-specific content
(Sun et al., 2022; Satyapanich et al., 2020).

Some recent works have taken a step towards
removing the reliance on surface forms for event
extraction. For the task of Chinese financial event
extraction, Zheng et al. (2019) do not extract trig-
ger words, but still rely on text spans for argument
extraction. More recently, Sharif et al. (2024) chal-
lenge the traditional span-based approach and in-
troduce DiscourseEE, an online health discourse
dataset annotated with explicit, implicit, and scat-
tered arguments. Apart from DiscourseEE, a re-
lated work to ours is the early version of the task
introduced at the Message Understanding Confer-
ences (MUC; Sundheim, 1992),with the most well-
known being the MUC-4 dataset, which is anno-
tated with rich, high-level, and fine-grained infor-
mation in the form of event templates at the doc-
ument level. Recent work has renewed focus on
the MUC-4 data, however, existing work is largely
limited to argument roles that correspond directly
to explicit text spans from the source document (Du
et al., 2021a,b; Gantt et al., 2024).

Concurrent to our work Semnani et al. (2025)

introduce LEMONADE, a large-scale multilingual
dataset for abstractive event extraction based on a re-
annotated subset of the ACLED database (Raleigh
et al., 2010). It spans 25 closely related socio‑po-
litical event types over a 13‑month period and in-
cludes an abstractive entity linking task to a curated
domain-specific entity database. Each event type is
associated with a specific schema, which supports
a variety of argument types, including categorical
fields, booleans, and integers, with many roles lim-
ited to values in a pre-defined database, and some
re‑annotated to only reflect information explicitly
present in the text. In contrast, UCDP-AEC focuses
on a single domain, fatal armed conflicts, grounded
in the expert coding of UCDP GED, with a fixed
14-field schema that is always filled, often requir-
ing inference over implicit or scattered evidence.
UCDP-AEC contains multiple open domain roles,
such as exact event dates or fine‑grained location
details, without requiring that the gold value appear
verbatim in the document.

Largely independently of the NLP community,
the political science community has seen the de-
velopment of their own event extraction systems
(Schrodt et al., 1994; Norris et al., 2017; Halter-
man et al., 2023). However, these systems tend
to rely on older rule-based models prone to over-
counting events and producing numerous false pos-
itives, which has limited their use in political sci-
ence research (Raleigh et al., 2023). Not relying on
learned models and annotated datasets also makes
most systems less flexible and adaptable. Some ini-
tial work making training data available is worth
mentioning though, such as GLOCON (Global Con-
tentious Politics Dataset; Duruşan et al., 2022) and
CEHA (Conflict Events in the Horn of Africa re-
gion; Bai et al., 2025), with the latter reaching 500
events, but with annotations for event detection and
classification only.

Generative approaches to event extraction In
recent years, the NLP field has seen a transition
from traditional sequence labelling approaches for
event extraction (Wadden et al., 2019; Nguyen et al.,
2016) towards generative methods where the task is
framed as a structured text generation task (Lu et al.,
2021; Li et al., 2021). Generative methods present
a promising path to move beyond span-based anno-
tations by allowing models to generate structured
event representations directly from text, and may
be suitable for tasks requiring inference from under-
specified information and long document contexts,



such as for UCDP-AEC.
However, the current landscape of generative ap-

proaches to event analysis still remains closely tied
to the extractive paradigm (Simon et al., 2024). As
the architecture and training objective of generative
models are intended for producing free-form text,
they provide a less natural fit to the extractive set-
ting, where the goal is to identify and reproduce
exact text spans from the source text. As a conse-
quence, implementations of generative event extrac-
tion models often include additional constraints to
ensure that the generated string appears in the in-
put, such as constraint decoding in the Text2Event
model (Lu et al., 2021), or the pointer mechanism
in the BART-Gen model (Li et al., 2021).

Recently, several decoder-only models have been
developed for generative event extraction, such as
DeepStruct (Wang et al., 2022), InstructUIE (Wang
et al., 2023), YAYI-UIE (Xiao et al., 2023), a
Baichuan2 model (Yang et al., 2023), and LLMEE
(Chen et al., 2024). Notably, except for DeepStruct
and YAYI-UIE, most works, including LLMEE, do
not involve any task-specific fine-tuning, relying
solely on in-context learning. While these models,
in addition to some encoder-decoder models such
as DEGREE (Hsu et al., 2022), do not explicitly
constrain their outputs to input tokens during predic-
tion, they remain in the extractive paradigm through
evaluation, where the predictions are converted into
text spans for evaluation against benchmarks such
as ACE (Doddington et al., 2004).

3 The UCDP GED Conflict Database

An event in the UCDP GED database is defined
as an incident where armed force was used by an
organised actor resulting in at least one direct death
at a specific location and date. In this section, we
provide some background on the UCDP GED anno-
tations, starting with the annotation process itself,
followed by a description of the relevant data fields
that we include in the derived UCDP-AEC dataset
described in Section 4.

3.1 Annotation Process

The UCDP GED database follows a rigorous, multi-
step process to document each instance of fatal
organised violence as a distinct event (Sundberg
and Melander, 2013). Data collection begins with
global search queries in the Dow Jones Factiva ag-
gregator, yielding tens of thousands of news reports
annually. These reports are then supplemented

with local and social media sources, as well as
information from NGOs and international organi-
sations. Reports are meticulously examined by a
team of around 15 analysts, who hold advanced de-
grees in peace and conflict studies or related fields
and possess extensive regional and conflict-specific
expertise. They identify and code events accord-
ing to strict methodological criteria, assigning de-
tailed spatial, temporal, and actor identifiers (Hög-
bladh, 2023). The individual event entries are sub-
sequently categorised into three mutually exclusive
types of violence: state-based, non-state, or one-
sided.

A candidate event is only included in the final
event database after several stages of validation,
including both manual review and automated con-
sistency tests. In sum, this comprehensive coding
approach aims to provide a high level of accuracy
and reliability in capturing global patterns of or-
ganised violence, and updated versions of UCDP
GED are published annually.2 The current full GED
contains more than 500 000 events with a good cov-
erage of all world conflicts from 1989 onwards.

3.2 Data Fields

The UCDP GED database contains a wide range
of different data fields, which, beyond event in-
formation, include source metadata, estimates of
annotation reliability, identifiers linking to other
databases, and more. In this work, however, we
limit the description to the 14 fields selected for
the new UCDP-AEC dataset as shown in Figure 1
and in Appendix C.3 We group the event fields into
the following four categories, each with associated
challenges.

Actors The two fields “Side A” and “Side B” cor-
responds to the two parties of a conflict. “Side A”
is always an organised actor, while “Side B” can
be either an organised actor or “Civilians” when
the first side kills people indiscriminately. All men-
tions of the same actor are labelled with a unique
canonical name, rather than how they are referred
to in the text.

Dates The two fields “Start Date” and “End Date”
reference a time range during which the event oc-
curred. As UCDP aims to record events with a
day-level precision, the start and end dates will typ-

2https://ucdp.uu.se/downloads/
3For the complete list and description of the fields in UCDP

GED, see Högbladh (2023).

https://ucdp.uu.se/downloads/


ically be identical for most events.4 Both relative
time references – also known as temporal deixis –
and the publication date and time are used to iden-
tify the start and end date of an event, as shown in
Figure 1.

Locations The location of the event is described
by four fields with an increasing level of precision.
The first field, country, is always provided and indi-
cates where the event took place. Each country is
divided into region and subregion, which may be
left empty if the location does not align with admin-
istrative areas. The point field refers to a city-level
location, such as a town or a specific site, such as
“Jabal al Akrad mountain”, and may also be empty
if the location is unclear.

Deaths Six distinct fields are used to describe the
casualties associated with the conflict event. Specif-
ically, the fields represent the number of casualties
on each side of the conflict, the number of civilian
casualties, and the number of deaths that cannot be
attributed to any of those categories. In the case of
one-sided violence – when “Side B” is “Civilians” –
the number of civilian casualties is reported in the
field “Deaths Civilians”. Uncertainty in casualty
reporting is reflected in the fields “Deaths Low” and
“Deaths High”, representing the most conservative
estimate and the highest reliable estimate, respec-
tively, for the total number of fatalities reported in
the source text.

4 The UCDP-AEC Dataset

In this section, we describe the construction of
the new UCDP-AEC dataset designed for machine
learning applications based on the socio-political
database UCDP GED. We begin by outlining the
event filtering process, which ensures a one-to-
one correspondence between events and documents.
We then outline how we used publicly available web
archives to make the data available. Finally, we
present some descriptive statistics of UCDP-AEC,
followed by a discussion of relevant challenges.

4.1 Event Selection
Since the UCDP GED is annotated for political sci-
ence research rather than machine learning applica-
tions, some filtering was necessary to adapt the data
for automated event analysis. In particular, some

4In some cases, the precise date remains uncertain due to
vague temporal references in the text, such as “last week”. In
such cases, the start and end dates will differ by a week.

events are referenced by multiple source articles,
some of which reference multiple events. In prac-
tice, the annotators are aware of which parts of a
document have already been coded in the database,
ensuring that there is no confusion. However, from
an NLP perspective, this would require modelling
the problem as mapping a set of documents to a set
of events without a simple one-to-one correspon-
dence between them. To simplify the problem, we
only include events described by a single source and
sources that describe a single event. Furthermore,
because of the limited amount of non-English doc-
uments in the selected subset, we restricted UCDP-
AEC to English-language documents. Additional
details on data filtering are provided in Appendix A.

4.2 Web Archive Identification of Sources
HPLT matching The documents used to create
the GED are not public. Since UCDP relies in part
on large news networks for its source documents,
we cannot indiscriminately share them. Instead, we
distribute only the IDs of documents that can be
found freely on the web. To this end, we make use of
the recently released HPLT v2 dataset,5 which con-
sists of texts extracted from web crawls provided by
two major web crawling initiatives, Common Crawl
and the Internet Archive. It contains 21 billion doc-
uments released under a CC0 licence. Using the
MinHash algorithm (Broder, 1997), we selected the
UCDP documents having an approximate Jaccard
similarity of at least 0.5 with an HPLT document.

Human evaluation of HPLT matching The
search for documents in HPLT web crawls intro-
duces some biases. In particular, the older a docu-
ment is, the more likely it is to have been crawled.
We recovered only 11 documents from 2023 and
none from 2024, despite thousands being annotated
in UCDP during those years.

Furthermore, the MinHash document matching
used to replace the original UCDP documents with
their HPLT version is not exact. It is not uncom-
mon for news providers to update their articles as
new information becomes available. These differ-
ent versions of the same article have a high syntactic
similarity – as measured by their Jaccard index –
but can convey different event information – for ex-
ample, when the number of deaths is updated. To
assess the quality of the HPLT substitution, we per-
formed a manual comparison of HPLT documents
with their original UCDP documents.

5https://hplt-project.org/datasets/v2.0

https://hplt-project.org/datasets/v2.0


Split Train Validation Test
Documents 10 064 651 648
Period < 2021 2021 ≥ 2022

Table 1: Number of documents and years in each split.

Three annotators assessed a total of 130 docu-
ments and found 96.9% documents were a perfect
match, with 98.5% containing the same information
for 3 out of the 4 categories of fields in the event
records (Actors, Date, Location, Deaths).

4.3 Dataset Statistics and Analysis
UCDP-AEC consists of 11 363 document–event
pairs, where each document is annotated with a sin-
gle event record with the 14 fields described in Sec-
tion 3. These fields vary in how constrained their
value spaces are, a property we call domain open-
ness. In this subsection, we describe the dataset
splits and document length, as well as challenges
associated with each field with a particular focus
on how open or closed the value space is for each
role.

Domain openness We define a closed-domain
field as one whose admissible values make up a
relatively small, and mostly fixed set that recurs
frequently in the corpus (e.g., country names). In
contrast, an open-domain field is characterised by
a large or evolving set of admissible values, often
including many items not seen during training (e.g.,
event-specific dates). To quantify this property, we
report for each field in Table 2 the three following
metrics: value density |D|

|Y| which denotes the mean
number of instances per unique value. Here, lower
values indicate a more open domain. Unique value
overlap |Ytest∩Ytrain|

|Ytest| denotes the proportion of unique
test values that also occur in the training set. Finally,
instance-level overlap |Dtest∩Dtrain|

|Dtest| measures the pro-
portion of test instances whose value is observed
during training. We describe these metrics in more
detail in Appendix B.

Standard splits To mimic the complexity of mod-
elling a dynamic domain, where new conflicts and
violent groups arise and relationships between en-
tities change, we provide standard splits based on
temporal information, considering both the occur-
rence and reporting times of events. Events from
2021 are taken for validation, older events are used
for training, while the most recent events, from 2022
and later, are reserved for the test split. See Table 1

Field Density
Unique
Overlap

Instance
Overlap

Source article 1.00 0.00% 0.00%
Source date 1.76 0.00% 0.00%
Side A 27.31 71.74% 94.91%
Side B 26.24 60.24% 80.25%
Date Start 3.17 0.00% 0.00%
Date End 3.15 0.00% 0.00%
Location Country 129.12 93.18% 99.54%
Location Subregion 18.78 81.09% 83.33%
Location Region 6.49 51.30% 60.80%
Location Point 2.75 27.76% 40.74%
Deaths Side A 183.27 83.33% 99.54%
Deaths Side B 155.66 100.00% 100.00%
Deaths Civilian 195.91 94.74% 99.85%
Deaths Unknown 241.77 100.00% 100.00%
Deaths Low 113.63 90.00% 99.54%
Deaths High 97.96 90.24% 99.38%

Table 2: Per field statistics showing the value density,
the unique value overlap between test and train set, and
the instance-level overlap between test and train.

for the size of the respective splits.

Document length The average length of the
11 363 documents in UCDP-AEC is 315 words
(white-space separated / non-tokenised). However,
there is a significant variation in document length,
ranging from as few as 26 words to 1 781 words.
This wide range reflects the variation in source ma-
terials used to collect armed conflict events, from
short summaries to longer regional reports.

Location distribution The dataset covers events
that occur in 88 countries. Figure 2 shows the tem-
poral shifts in the geographical distribution between
the splits. For example, the training set is domi-
nated by events occurring in Syria, the validation
set (2021) shows increased violence in countries
such as the Philippines and Myanmar, and the test
set reflects the heightened violence in Nigeria along-
side the further invasion of Ukraine. With respect
to openness, illustrated in Table 2, the set of possi-
ble country values is, to a large degree, limited and
fixed. With only a few countries in the test set that
are not present in the training set, the country field
should be considered a relatively closed domain.
There is, however, a relationship between location
granularity and domain openness, where Subregion
can be regarded as semi-open, while Region and
Point tend to be highly event-specific, with a test
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Figure 2: Repartition of events per country in each split for the 12 most eventful countries. A clear increase in
conflict events can be seen in Nigeria and Myanmar, showcasing how the dataset reflects the changing dynamics of
real-world conflict over time.

set containing many unseen values.

Actors The Actor roles often feature govern-
ments, organisations, or group names that are mod-
erately recurrent, but also include many entities that
appear only in specific events. Due to the dataset’s
temporal splits, a notable proportion of actor names
in the test set do not appear in the training set, mir-
roring the involvement of new actors in ongoing and
emerging armed conflicts. For example, the test set
includes events involving the Indigenous People
of Biafra (IPOB), a Nigerian separatist group that
started engaging in violent attacks in 2021.6 Several
test documents labelled with IPOB contain refer-
ences to members of the Eastern Security Network
(ESN), which is the paramilitary wing of IPOB.
Identifying the two surface forms as references to
the same entities is a particularly difficult challenge.

Date Start date and end date are by design fully
open (0% unique-value overlap) due to the temporal
partitioning of the splits. Since UCDP-AEC only
includes single-day events, 91.4% of events have
matching start and end dates as expected. When the
start and end dates differ, it indicates uncertainty or
imprecision in the source document about the exact
date of the event.

Deaths Death-related fields are largely a closed
domain with high density and overlap. However,
identifying the correct values from text may still
be challenging. Death counts can be expressed
in various ways, such as explicit numbers, ranges
(e.g., “between 15 and 20”), or approximations (e.g.,
“dozens killed”), and require mapping to the af-
fected individuals or parties. In the deaths category,

6https://ucdp.uu.se/actor/6287

the low and high estimates are identical in 87.1% of
the cases, again indicating that the exact number is
often reported. However, for 7.3% of the events, the
best estimate is equal to 0 – that is the sum of deaths
on side A, side B, civilians and unknown – imply-
ing that the annotator questioned the truthfulness
of the reported event.

5 Experiments

This section reports on the first preliminary exper-
iments on training and evaluating models for ab-
stractive event analysis on UCDP-AEC.

5.1 Evaluation Metrics

Unlike classical event extraction, which only as-
signs roles to arguments that are explicitly men-
tioned in the input text, all fields in UCDP-AEC
are assigned a value in all instances. Even when
not explicitly stated in the document, argument val-
ues are deducted from the context. Since this is
an information extraction task where the goal is to
abstract away surface form differences, we evaluate
model predictions using exact match accuracies for
each field. This contrasts with the usual F1 metrics
reported in the classical task, where roles are not
always attached to an event, as extractive models
may predict excess or insufficient roles.7 We aver-
age the accuracies of different fields over the same
category. For example, we report location accuracy
by averaging the four accuracies over country, re-
gion, subregion and point. Furthermore, we report

7For a broader discussion on why traditional F1 is not
applicable and supplementary alternatives we considered for
different categories see Appendix F.

https://ucdp.uu.se/actor/6287


a global accuracy aggregate across categories.8 In
the case of actors, the aggregate accuracy is invari-
ant to a permutation of “Side A” and “Side B”. If
those were predicted in the opposite order of the
gold annotation, the values of “Deaths Side A” and
“Deaths Side B” are also inverted.

While predicting a unique symbolic representa-
tion is central to most information extraction tasks,
generative models can predict semantically correct
output that does not conform to the expected out-
put (e.g. “USA” instead of “Government of United
States of America”), and the abstractive nature of
UCDP-AEC particularly exacerbates this. To eval-
uate how much of the error can be attributed to
the selection of the gold surface form instead of
a failure of the models’ reasoning abilities, we in-
troduce a semantic evaluation in line with Sharif
et al. (2024). Given a field, all values appearing in
any of the splits are embedded using BERT. When
evaluating a model, its prediction for a given field
is in turn embedded using BERT. The prediction
is considered correct if it has the highest cosine
similarity with the gold value amongst all possible
values for this field. We report this value as “pre-
cision at top 1” (P@1), following the information
retrieval convention. Since the identity maximises
cosine similarity, the P@1 will always be greater
than or equal to the accuracy, providing an upper
bound to real model performance.

5.2 Baseline Models
To establish preliminary results for UCDP-AEC, we
here report on experimental results for five different
generative models, including both encoder-decoder
and decoder-only architectures, all fine-tuned on
the UCDP-AEC training set. The baselines are
based on relatively small, openly available genera-
tive models to make sure the experiments are both
reproducible and accessible to a broad range of re-
searchers. These baselines are intended to explore
and illustrate the specific challenges of UCDP-AEC,
as well as provide a lower bound against which fu-
ture work, potentially using larger and more spe-
cialised models, can be fairly compared.

In prior work, generative approaches to EE have
predominantly been applied in an extractive setting,
where the text generation is often constrained to the
vocabulary present in the input text, as described
in Section 2. Two of our baselines are based on
adapting approaches originally proposed for such

8That is the average of 4 values, one for each category, not
the average of the 14 fields’ accuracies.

an extractive formulation, namely Text2Event and
DEGREE, both widely used. As further detailed
below, for our experiments, we make minimal mod-
ifications to the code provided with the original
model papers to make them work with our abstrac-
tive formulation of the task, in which gold argument
values may not appear as spans in the source text.

Text2Event (Lu et al., 2021) is using a T5
encoder-decoder architecture (Raffel et al., 2020) to
translate text into S-expressions representing events.
In the original setup, the model uses constrained
decoding, which masks the output softmax to en-
force valid S-expression structure and role names,
and restricts argument generation to text spans in
the input sentence. We adapt Text2Event to the
abstractive setting by removing the constraint on
argument generation. Additionally, we increase the
input context window to 512 tokens to fit UCDP-
AEC source documents, as Text2Event is originally
designed for sentence-level event extraction.

DEGREE (Hsu et al., 2022) relies on the BART
encoder-decoder transformer (Lewis et al., 2020)
as a backbone, and the event extraction task is ap-
proached as a sequence-to-sequence problem be-
tween the input text and a natural language template
to be filled. Since the UCDP-AEC events cover
more fields than what DEGREE was originally de-
signed for, we introduce a fuzzy-template matching
algorithm to ensure that the model respects the tem-
plate. The algorithm finds the argument assignment
that minimises the Levenshtein distance between
the predicted text and template, thus ignoring small
variations in the natural language template output
of DEGREE.

In addition, we fine-tune the Flan-T5 large model
(Chung et al., 2022) using a slightly simpler for-
mal template than that of Text2Event. Finally, we
fine-tune two text-only Llama-3.2-Instruct-based
models (1B and 3B, Grattafiori et al., 2024), using
the Alpaca prompt format. The instruction prompt
is illustrated in Appendix H.

5.3 Results
We report the performance of the baselines for each
category and the aggregate accuracy in Table 3. The
full per-role accuracies are given in Appendix D.
We can see that for all models except Llama 3B, the
date and location categories prove more challenging
than the actor and deaths categories. We posit this
is due to both actor and deaths having a smaller set
of admissible values compared to date and location,
which are closer to open-domain problems. While



Model #param
Exact match (Accuracy %) Semantic (Precision@1 %)

Actors Date Location Deaths Aggregate Actors Location
Text2Event 223M 70.1 38.2 14.1 53.4 43.9 70.4 24.8
DEGREE 406M 73.5 64.4 64.5 81.3 70.9 74.0 66.6
Flan-T5 large 783M 73.9 63.0 62.8 81.0 70.2 74.0 65.6
Llama-3.2-Instruct 1B 71.0 70.5 59.9 76.4 69.4 71.3 61.3
Llama-3.2-Instruct 3B 73.0 73.8 63.9 78.5 72.3 73.2 65.5

Table 3: Baseline accuracies and P@1 on the UCDP-AEC test set, also showing the the number of model parameters.

the Llama 3B model demonstrates the strongest
overall performance, obtaining the highest accuracy
in the date category, the DEGREE and Flan-T5 large
models are strong contenders, achieving the highest
accuracies in the other categories.

Looking at the semantic evaluation, the P@1
follow the accuracies closely except for very low
values. This seems to indicate that using single
symbolic representations for the fields is not an
important source of error for the most performant
models.

5.4 Error-analysis
Looking into details, models struggle to predict
new actors that were not observed during training.
Around 5% of side A actors in the test set do not
appear as actors in the training set. Out of those,
Llama-3B was able to identify 25.8% correctly,
while Flan-T5 large identified 32.3% correctly. A
similar pattern can be observed for side B, suggest-
ing that Flan-T5 large is better suited for previously
unseen actors.

All models handle temporal uncertainty poorly,
when the start and end date differ (in 8.6% of sam-
ples, usually as a result of expressions such as “over
the weekend” or “last week”), date accuracy falls
to 37.5% for Llama-3B and 33.8% for DEGREE,
with models often failing to recognise the uncer-
tainty and predict the same start and end date. Sim-
ilarly, models tend to rely too heavily on the pub-
lication date, with a loss of performance when the
event date differs from the publication date. DE-
GREE achieves a 35.9% accuracy in those cases,
and Llama-3B a 41.5% accuracy.

6 Summary

This paper has introduced the UCDP Abstractive
Event analysis Corpus – a large-scale dataset of
high-quality document-level annotations of rich
event representations in the domain of armed con-
flict, built from the UCDP GED event database and

the HPLT v2 web archive. By coupling the event
records to source documents identified in a pub-
lic web archive, we are able to create a complete
and open dataset for document-level event analy-
sis. It makes the UCDP GED conflict annotations
machine-learnable and available to the larger re-
search community for experimentation. We believe
the approach described here should also be applica-
ble to other event databases where the underlying
source documents are intact but currently not made
openly available.

The annotations in UCDP-AEC have some im-
portant characteristics that set them apart from tra-
ditional event extraction datasets in NLP: Rather
than sentence-level annotations tied to particular
text spans with explicit information to be extracted,
the document-level event representations in UCDP-
AEC require inference from implied or otherwise
under-specified information, possibly piecing to-
gether evidence that is scattered throughout a docu-
ment. This requires a more “abstractive” approach
to analysing events, which we argue may be partic-
ularly well-suited for generative approaches.

We have reported on a first suite of experi-
ments with fine-tuning of both encoder-decoder and
decoder-only models for generating event represen-
tations. While showing encouraging results and
demonstrating the viability of the approach, we be-
lieve there is ample room for improvement in future
work, in particular with respect to a more princi-
pled handling of event dates, and also exploring
a larger space of decoder model tuning. We hope
the UCDP-AEC dataset will be an important build-
ing block for future research on abstractive event
analysis within both NLP and peace and conflict
studies.

Limitations

While a defining feature of the UCDP-AEC dataset
is that it reflects the temporal dynamics of real-
world events, it offers a somewhat skewed view



of global conflict dynamics compared to the un-
derlying UCDP GED data. This misalignment is
mostly an artefact of the process for deriving the
dataset, as described in Section 4.2. Firstly, UCDP-
AEC is a small subset of UCDP GED, representing
3.3% of the events in the database due to filtering
and availability of source documents. Furthermore,
because of the source quality filter – described in
Appendix A – 84% of events in the dataset occurred
in the last 10 years, thereby under-representing or
missing many earlier conflicts.

The misalignment results in a substantial shift
in the country coverage when compared to UCDP
GED. One such example is Brazil, which has more
than 12 000 recorded events in UCDP GED, but
is represented by only four events in UCDP-AEC,
0.03% of the original. Similarly, while 40% of the
UCDP-AEC events occur in Syria, only 19% of the
UCDP GED events are recorded there.

The dataset we release is built from two sources:
UCDP GED and HPLT. Despite providing all the
code used in the creation of the dataset, since UCDP
GED is partly private – the source documents can-
not be shared – it is impossible to recreate the
dataset without privileged access that we negoti-
ated with UCDP. Similarly, the evaluation of the
HPLT substitution described in Section 4.2 cannot
be reproduced without access to the original UCDP
documents.

The UCDP GED database incorporates sources
from multiple languages, as sources closer to con-
flict zones can often provide more precise informa-
tion and contribute to a broader and more repre-
sentative basis for event recordings. By restrict-
ing the UCDP-AEC dataset to English-language
sources, we may not only reinforce existing biases
in the data, but also contribute to the ongoing over-
representation of the English language in research
and resources in NLP. After the event filtering and
substitution with HPLT documents, described in
Section 4, only a small portion of non-English
sources was identified, which we decided to ex-
clude.

All of the encoder-decoder transformers used in
the baseline models have a maximum input context
window of 512 tokens. Larger UCDP-AEC doc-
uments cannot fit inside this limit. Furthermore,
we are using the Text2Event and DEGREE models
outside of their intended extractive setting, which
creates an unfair comparison with the Flan-T5 and
the decoder-only baselines.

Ethics

Event data on armed conflict, especially when hu-
man lives have been lost, warrants a heightened
focus on ethical implications, and particularly on
the potential bias in the domain and on the bias
introduced by our work. As the field advances to-
wards event representations based on more high-
level and implied information, combined with the
use of large language models, there might be an
increased risk of harm, with the potential of gener-
ating non-factual events.

A large proportion of the sources in the dataset
consist of news articles, which present various types
of bias, particularly when reporting on conflict
events. Accurately documenting casualty numbers
in conflict zones poses challenges due to a variety of
factors, many of which are described in Seib (2021),
and should be interpreted with caution. Moreover,
not all armed conflicts receive media coverage, and
the framing of the reported conflicts can be skewed,
particularly when relying on sources in a single lan-
guage (Chojnacki et al., 2012). This bias can man-
ifest in several forms, for example, as unbalanced
representations of certain actors as aggressors, the
use of loaded terminology, or reliance on reports
from countries with restricted freedom of the press
and/or freedom of speech.

Some of the source documents in the dataset may
contain names of individuals. Although the docu-
ments in the dataset consist of publicly available
sources, when combined with event extraction sys-
tems, it is possible to imagine scenarios such as
the surveillance of individuals, targeted monitoring
of groups or other forms of malicious and harmful
applications. The released dataset, however, does
not include metadata or annotations related to indi-
viduals, and we suspect a greater challenge lies in
the potential risks of unintentional misuse.

The substitution with HPLT document IDs was
done with the intention of removing news articles
covered by proprietary licences. HPLT relies on a
crawler that respects the robots.txt convention
and has a procedure to request the take down of
documents. Even though HPLT has yet to receive
any claims, we cannot guarantee that no such docu-
ments are included in the HPLT corpus. The HPLT
project has the stated goal of providing training data
for NLP applications, as such, we consider our use
of their data as fair.

UCDP-AEC is released for the sole purpose
of training machine learning models rather than



analysing armed conflict events directly in the scope
of socio-political research. The dataset presented
is a simplified subset of the UCDP database and
does not preserve the original distribution of events
found in UCDP. For readers interested in research
on socio-political events related to armed con-
flicts, Olsen et al. (2024) provide a comprehensive
overview of available datasets.

Given the challenges with bias outlined, event
extraction systems trained on UCDP-AEC are not
intended to replace human experts but serve as a
tool in the coding / annotation process. We stress
that human evaluation is essential before automati-
cally extracted event records can be used for further
analysis or application.

The research presented in this paper, as well as
the released dataset, is created to advance research
aimed at better understanding why, how, and when
armed conflict arises, with the main overarching
goal of finding solutions to achieve a more peace-
ful world. We disapprove of using this dataset for
research or applications that do not align with this
vision and strongly discourage such usage.
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“clear”,
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• the deaths estimates are ordered properly: best
(the sum of side A, side B, civilians and un-
known) is in-between low and high,

• the split cut-off time are widened by 12 hours
to avoid time zone reporting issues,

• the source document is in English,
• the length of the source document is between

100 and 10 000 characters.
All but the last two filters are applied on the

UCDP database, resulting in 110 979 events. The
final dataset is the result of HPLT substitution and
the application of the last two filters on the HPLT
source documents.

B Details of UCDP-AEC Fields

On domain openness UCDP-AEC is designed
for a supervised prediction task where each in-
stance consists of a source text and a publication
date, denoted X , and the corresponding output is
a structured sequence of 14 argument roles Y =
Y1 × · · · × Y14. Traditionally, when Y is a finite
set, the problem is said to be closed domain, while
potentially infinite Y is part of open-domain prob-
lems. In practice, open-domain roles may still be
partially constrained because of real-world struc-
tures. For example, location values on the country
level are often limited to internationally recognised
countries.

The UCDP-AEC dataset contains fields with
varying degrees of domain openness. To quantify
the openness of each field in UCDP-AEC, we intro-
duced three metrics in Section 4.3, report on each
metric for each field in Table 2. We here describe
these metrics in more detail.

We measure average instances per unique value,
the value density, by computing the ratio |D|

|Y| , where
|D| denotes the number of instances with a value for
a given role, and |Y| the number of unique values
observed. Higher values indicate a closed domain,
with a small number of unique values that are fre-
quently observed, whereas lower values indicate a
more open domain with a more diverse set of values
that are less frequently observed.

We measure the unique value overlap between
the train and test set with the ratio |Ytest∩Ytrain|

|Ytest| . This
metric describes the percentage of test values ob-
served during training, where a low overlap indi-
cates a more open domain. A high overlap indicates
that most of the values in the test set are also present
in the train set.

Finally, for the instance-level overlap, we mea-

sure the proportion of instances in the test set with
values, that has been observed in the train set with
|Dtest∩Dtrain|

|Dtest| . Here, we take into account the fre-
quency of the value.

In UCDP-AEC, the country-level location, and
the death counts and estimates could be considered
closed domain, as the range of possible values is
limited and very repetitive.

The two actor roles, Side A and Side B, can be
considered semi open domains, where many known
actors will appear in the test set, but new actors will
also occur. Both roles has a moderate value reuse,
with about 26–27 instances per value. A similar
pattern can be found for Subregion.

The more fine-grained locations show open do-
main characteristics. Region and Point are place-
names often specific to single events, with many
values in test that are not present in train. The tem-
poral arguments have a 0% overlap because they
are used for split selection (by definition, train and
test do not overlap temporally).

On death estimates The fields “Deaths Low” and
“Deaths High” are used when there is uncertainty
with respect to the total number of fatalities. For
these estimates, the detailed attribution of casual-
ties to specific sides (Side A, Side B, Civilians, Un-
known) is not specified. When summed together,
those four deaths fields give the UCDP best estimate
for the total number of people killed as part of an
event. The fields “Deaths Low” and “Deaths High”
are used when there is uncertainty with respect to
the total number of fatalities. For these estimates,
the detailed attribution of casualties to specific sides
(Side A, Side B, Civilians, Unknown) is not speci-
fied. In any case we always have low ≤ best ≤ high
and 1 ≤ high.

C Sample Example

See Table 4. Note that we deliberately chose this
article because of its short length for illustration
purposes. Consisting of only 491 characters, this
sample is not representative in terms of length, as
the average article in UCDP-AEC contains 2116
characters.

D Detailed Results

See Table 5. Note that the accuracy for side A is
given for the gold side A. Since actors are permuta-
tion invariants, this can correspond to a prediction
for side B by the model. Side A and B are always
different in the gold annotation, as such there is no



Input
publication date 2022-01-06
source article The lifeless body of a woman was discovered Wednesday morning on her farm in Mbengwi, Momo

Division, Northwest region of Cameroon. Reports say there was a shootout between security forces and
suspected separatist fighters around Womsei, a quarter behind the Mbon Market on Tuesday evening. Her
body was only discovered Wednesday morning with the basket she was using to harvest okra still strapped
on her back. Her body has been preserved at the Mbengwi mortuary pending burial arrangements.

Output
Role Argument Role Argument
Side A Government of Cameroon Start date 2022-01-04
Side B Ambazonia insurgents End date 2022-01-04
Location country Cameroon Location region North-West region
Location subregion Momo département Location point Mbengwi village
Deaths side A 0 Deaths side B 0
Deaths civilian 1 Deaths unknown 0
Deaths low 1 Deaths high 1

Table 4: Example of sample from the test set (sample id: 428220).

precision–recall trade-off to be taken advantage of
despite evaluation through accuracy.

E Licences

The two data sources we are using are UCDP GED
released under CC-BY and HPLT v2.0 realesed
under CC0. We license our dataset UCDP-AEC
under CC-BY.

We release our modifications to Text2Event and
DEGREE under the same licence as the original
code, that is MIT for Text2Event and Apache 2.0
for DEGREE.

We release the code of the Flan-T5 and Llama
baselines, the code used to create the dataset, its
evaluation script and scripts computing dataset
statistics under the GNU AGPL licence.

F Evaluation Details

Since in UCDP-AEC all fields always have exactly
one assigned value for all events, for a given field,
the recall of a model is the number of true positive
divided by the number of samples in the dataset,
that is the accuracy. Similarly, the precision is also
equal to the accuracy if the model predicts a single
value for each field – as it should since its precision
would only decrease otherwise – therefore we have
precision = recall = F1 = accuracy, thus explain-
ing why we only report accuracies instead of the
usual precision–recall–F1 triplets.

For the date and deaths categories, we investi-
gated the use of smooth metrics such as RMSE and
RMSLE. However, as errors tend to be infrequent
but important in magnitude, we did not find those

metrics informative enough to be of interest. The
provided evaluation script does compute RMSE
and other metrics we considered such as semantic
MRR.

For the semantic evaluation, we investigated us-
ing different models including S-BERT following
Sharif et al. (2024). However we observed little vari-
ations apart from larger models providing slightly
better P@1. Given the nature of the insight pro-
vided by the semantic evaluation, we did not find
this warranted the extra computational cost and re-
lied on bert-base-uncased instead.

G Model Details and Computational
Budget

For both Text2Event (Lu et al., 2021) and DEGREE
(Hsu et al., 2022), we reused the hyperparameters
of the original models, except the input token limit,
which we increased to 512 in both cases.

For the Flan-T5 baseline, we used learning rates
of 3 × 10−5 with a maximum of 18 epochs. 10
intermediary evaluations were performed with early
stopping on validation aggregate accuracy.

For the Llama-3.2-Instruct models, we set the
maximum sequence length to 2048, used up to 900
training steps, applied a weight decay of 0.01, and
a learning rate of 2e-4.

All models were trained on either P100 or A100
GPUs. Including development runs, the total GPU
usage was around 200 GPU hours.



Model
Actors Date Location Deaths

Side A Side B Start End Country Region Subregion Point Side A Side B Civilian Unknown Low High
Text2Event 75.8 64.4 35.3 41.0 37.0 11.1 5.1 3.2 81.3 78.2 56.6 67.7 21.3 15.3
DEGREE 77.8 69.3 63.0 65.9 97.8 75.8 46.0 38.4 84.7 84.6 82.6 85.6 68.8 81.6
Flan-T5 large 77.0 70.8 60.3 65.7 97.8 73.3 45.7 34.3 82.3 81.9 82.9 87.3 69.8 82.1
Llama-3.2-I-1B 78.2 63.8 68.3 72.6 96.5 68.0 43.3 31.7 80.2 78.5 73.7 82.0 65.7 78.2
Llama-3.2-I-3B 78.9 67.1 72.8 74.7 97.1 76.7 47.5 34.4 83.9 80.3 75.5 83.0 68.6 79.7

Table 5: Accuracies for each individual role.

Instruction Generate structured event information related to a socio-political conflict in the UCDP event format,
based on the content of a source UCDP document. The generated data should include the following
fields: side_a_name, side_b_name, start_date, end_date, location_root_name, location_adm1_name,
location_adm2_name, location_where_name, deaths_side_a, deaths_side_b, deaths_civilian,
deaths_unknown, deaths_low, deaths_high. Output the event information as a valid JSON object corre-
sponding to the armed conflict incident described in the following source UCDP document.

Input {Source article text}
Output {Required output in JSON format}

Table 6: Instruction prompt used for fine-tuning.

H Instruction Prompt

The prompt used for the Llama models can be found
in Table 6.
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