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Abstract

Automatically predicting structured representations of events has long been a central goal in information extraction, yet
most contemporary work remains limited to identifying contiguous text spans as event arguments. This span-centric
formulation fails to capture higher-level aspects of real-world events, such as actor identities, temporal scope, and
aggregated outcomes, that many event-centred applications depend on. While commonly treated as a standard
extractive benchmark, MUC-4 originally combined span-based arguments with normalised, inferred, and categorical
fields, reflecting a richer, application-driven design. In this paper, we revisit MUC-4 in its full original formulation,
casting it as an abstractive event analysis task that connects traditional event extraction goals with modern generative
and document-level paradigms. We provide the first systematic evaluation of fine-tuned generative models in this
extended formulation on MUC-4, examining how post-training stages and model size affect performance across
both span-based and higher-level, semantically grounded event information. An extensive error analysis highlights

practical challenges and directions for future work.
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1. Introduction

Identifying and interpreting events described in
unstructured text is a central objective in Infor-
mation Extraction (IE), bridging natural language
and structured representations of real-world events.
Within this broad goal, event extraction (EE) rep-
resents the dominant formulation, where events,
their participants, and attributes are defined based
on their linguistic properties, and are extracted as
text spans directly from the input text. Prominent
datasets such as ACE (Doddington et al., 2004),
ERE (Song et al., 2015), and WikiEvents (Li et al.,
2021), as well as recent generative modelling and
evaluation approaches (Simon et al., 2024), uphold
this span-centric assumption that relies on lexical
anchors such as trigger words and explicit men-
tions. As a consequence, important event informa-
tion expressed as implicit references (Sharif et al.,
2024), relative temporal information, or other con-
textual aspects of real-world events (Olsen et al.,
2024), is often left unaddressed. The resulting
event representation may therefore be underspeci-
fied or ambiguous and less useful in many down-
stream tasks and practical applications.

Recent work has begun to explore abstractive
approaches to the task, motivated by practical ap-
plications in domains such as medical discourse
and peace research on armed conflicts. These
domains often require event representations that
capture information not explicitly stated in the text,
such as inferred causes, aggregated outcomes, or
normalised attributes to support reliable analysis or

decision-making (Olsen et al., 2024). Moving be-
yond the view of event information as merely explicit
text spans, recent efforts have developed higher-
level annotations, integrating implicit, inferred, or
aggregated information from across a document.
Datasets such as DiscourseEE (Sharif et al., 2024),
Lemonade (Semnani et al., 2025), and UCDP-AEC
(Simon et al., 2025) exemplify this paradigm shift
by including annotations expressed as categorical,
normalised, or numerical values that cannot be cap-
tured with extractive approaches alone.

This shift resonates with early foundational work
in information extraction, particularly the English
MUC-4 dataset (Sundheim, 1992b), which was de-
signed with an application-driven perspective to
support information-seeking needs in the military
domain. While most modern modelling approaches
on the dataset treat it mainly as a span-based ex-
traction benchmark (Du et al., 2021b; Das et al.,
2022; Chen et al., 2023; Gantt et al., 2024), the orig-
inal annotations also cover higher-level and contex-
tual information.

Examples of annotations beyond text spans are
illustrated in the MUC-4 sample in Figure 1, which
shows a short document alongside two annotated
events. Firstly, temporal information may be con-
veyed with relative expressions, such as the phrase
“yesterday” in the document, which is annotated as
a normalised date (24 Sep 88) in event 1, resolved
using the document publication date (25 Sep 1988).
Similarly, partially specified timestamps, such as “
23 Sep 88” in event 2, capture temporal uncertainty,
reflecting that the document reports the discovery
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25 Sep 1988, Ayacucho: according to military sources and people who arrived today in Ayacucho from the La Mar
area, 44 peasants have been killed in two townships of La Mar Province, Ayacucho Department. Yesterday, a
column of Shining Path terrorists arrived in the village of Chinchipe, in the jungle province of La Mar, and shot 16
peasants who were members of the peasant patrols that oppose the terrorists. The Shining Path guerrillas, who
burned the murdered peasants’ houses, charged them with collaborating with the army. The town of Chinchipe
is 220 km north of Ayacucho. Travellers arriving from La Mar Province said that on 23 September, 28 bodies of
alleged peasants were found near the town of Chullas. The bodies showed signs of torture and bullet wounds, but
the identity of the murderers apparently could not be determined.

E1 Date: 24 Sep 88 Country: Peru City:

Event type: Attack Event stage: Accomplished

Weapon: Weapon type: Gun

Perp.: Category: Terrorist act Org.: “Shining Path”
Individual: “Shining Path guerrillas”

Confidence: Reported as fact

Victim: Type: Civilian Description: “Peasants”
Number: 16 Effect: Death

E2 Date: -23 Sep 88 Country: Peru City: Chullas
Event type: Attack Event stage: Accomplished
Weapon: “Torture” Weapon type: Torture, Gun

Perp.: Category: Org.:
Individual: “Murderers”

Confidence:

Victim: Type: Civilian Description: “Peasants”
Number: 28 Effect: Death

Figure 1: Sample of MUC-4 document with two annotated events (E1 and E2). The example shows how
the original annotations include both span-based information (field values enclosed in quotation marks)

and non-span information.

of victims, rather than the attack itself. Spatial infor-
mation follows a similar pattern, where places such
as La mar, Chinchipe, and Chullas appear in the
text but are abstracted to a higher-level geographic-
level (Peru).

The sample also shows how categorical par-
ticipant roles, such as weapon, victim, or perpe-
trator, are mapped into conceptual categories in
addition to their text span representations. The
Weapon Type field illustrates how this can require
contextual inference: In Event 1, the type Gun is
not mentioned explicitly in the text but rather in-
ferred from the description “shot 16 peasants”. In
event 2, although “torture” can be extracted directly,
the additional Gun must be inferred from “bullet
wounds”. Accordingly, MUC-4 can be viewed as
an early instance of an abstractive event modelling
task, positioning it as a foundational benchmark
within this shift towards higher-level and contextu-
ally grounded event representations.

Following the terminology of Simon et al. (2025),
we use the broader notion of event analysis, which
we take to comprise both extractive and abstractive
lines of work on representing events. We reformu-
late MUC-4 as an abstractive event analysis task,
extending traditional event extraction approaches
by incorporating both span-based and non-span-
based event annotations. Moreover, where tradi-
tional event extraction uses the terms argument
role and argument value to distinguish between the
type of participants or attribute (e.g., Victim or Per-
petrator), and its value, we adopt the terminology of
event field and field value to capture both traditional
text span values and higher-level event information.

Contributions This work revisits the MUC-4
dataset in its full complexity, including all span-
based and inferred fields, to realign the bench-
mark with its relevant real-world use cases. We
approach MUC-4 as an abstractive event analysis
task, bridging traditional event extraction with the
modern generative and document-level paradigm.
To better understand the challenges posed by the
dataset, we provide a quantitative framework for
analysing each field’s properties, combining estab-
lished measures of domain openness with a novel
span-match ratio that captures how each field re-
lates to the source text. We further present the first
systematic evaluation of generative models fine-
tuned on the original MUC-4 schema, comparing
how post-training steps and model size influence
performance. Our experiments are complemented
by an error analysis, which motivates future work.
The code for preprocessing and training is available
at https://github.com/helenebol/MUC-4-Revisited

2. Background and Related Work

The Message Understanding Conferences To-
wards the end of the 1980s and the beginning of
the 1990s, the Message Understanding Confer-
ences (MUC; Sundheim, 1996) were organised to
advance research in information extraction from
natural language text. The fourth iteration, MUC-4
(Sundheim, 1992b), defined a template-filling task
covering terrorism events in Latin America, with
predefined fields such as date, location, perpe-
trator, weapon, victim, and effect. Designed with
an application-driven perspective, the annotation
guidelines described the field values to be nor-
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malised, inferred, mapped to a category, or directly
extracted from the text. Reflecting the information-
seeking needs of the intended users, MUC-4 was
designed for a high-level document focus requiring
more than just span identification.

From extractive to abstractive The seminal
standard introduced by ACE (Doddington et al.,
2004), and subsequent datasets such as ERE
(Song et al., 2015), WikiEvents (Li et al., 2021) and
Doc-EE (Tong et al., 2022), moved away from the
high-level MUC-4 design by requiring all argument
values to be contiguous text spans. While these
resources have contributed significant progress for
the event extraction task, they exclude information
that does not exist verbatim in the text.

The growing demand for high-quality event data
to support socio-political research has drawn at-
tention to this limitation. Olsen et al. (2024) ar-
gue that traditional NLP event extraction datasets
are poorly suited for socio-political applications, as
many domain databases rely on normalised ab-
stractions designed to capture what happened in
the world rather than merely what is stated in the
text. More broadly, researchers have advocated for
shifting the event extraction task from an “extrac-
tive” paradigm focused on identifying spans within
text to an “abstractive” paradigm that leverages
free-form inference to capture higher-level event
information (Simon et al., 2024).

In response, recent work has introduced datasets
that cast conflict event analysis as an abstractive
task, moving beyond text spans toward structured
representations grounded in human expert anno-
tations. Among these, the UCDP-AEC dataset (Si-
mon et al., 2025) and the Lemonade dataset (Sem-
nani et al., 2025) represent complementary efforts
built on the established armed conflict databases
UCDP GED (Sundberg and Melander, 2013) and
ACLED (Raleigh et al., 2010). The DiscourseEE
dataset (Sharif et al., 2024) illustrates a similar di-
rection in health discourse by introducing implicit
arguments (inferred from context) and scattered ar-
guments (information distributed across multiple
sections of a document) along with a semantic
evaluation metric to capture predictions that are
semantically accurate but differ in surface form.

Generative approaches to event extraction
Sequence-to-sequence approaches such as
Text2Event (Lu et al., 2021) and DEGREE (Hsu
et al.,, 2022) reformulate event extraction as
structured text generation. More recent work has
applied instruction-tuned decoder-only models in
both zero-shot and supervised settings (Huang
etal., 2024; Gao et al., 2023; Zhu et al., 2024). The
shift towards generative modelling for information
extraction has enabled more flexible output formats

that are better suited to non-span fields. Still, most
previous work on generative approaches remains
span-centric in practice, either by constraining the
token generation to only include tokens present
in the input, or by evaluating predictions against
span-based annotations (Simon et al., 2024).

Recent work on MUC-4 Inrecent years the MUC-
4 dataset has resurfaced in research on template
filling (Du et al., 2021b; Das et al., 2022; Chen et al.,
2023; Gantt et al., 2024), role-filler extraction (Du
and Cardie, 2020; Huang et al., 2021; Du et al.,
2021a), document level event extraction (Wang
et al., 2023; Huang and Riloff, 2011; Fang et al.,
2024; Huang et al., 2024) and event summarisation
(Gantt et al., 2024).

Consistent with the extractive nature of the tradi-
tional event extraction task formulation, most pre-
vious work on MUC-4 focuses on a simplified set
of event fields, limited to those with values that ap-
pear as text spans. Beyond event type, this simpli-
fied schema covers the perpetrator, victim, weapon,
and physical target, with assumed mentions in the
source documents, but omits other fields with cate-
gorical, numerical, or spatio-temporal information.
This paper addresses that gap, evaluating genera-
tive models on the full MUC-4 dataset.

3. Dataset Reintroduction

In this section, we provide an overview of the MUC-
4 dataset, describe our preprocessing steps, and re-
port statistics for the modified version of the dataset.
Next, we analyse the different types of event infor-
mation annotated for MUC-4, which we refer to as
fields. To better characterise the structural proper-
ties of the fields, we perform a field-level analysis
using three metrics. We use two established met-
rics for domain openness introduced by Simon et al.
(2025), and we introduce a new metric, the Span
match ratio (SMR), which quantifies the extent to
which the field values exist as strings in the source
document, i.e. are span-based. Finally, we analyse
these metrics jointly to document the variation in
how each event field is realised as text spans in
the source text, lexical openness, and discuss how
these differences can inform evaluation.

3.1. The Original MUC-4 Schema

The original MUC-4 dataset consists of 1700 docu-
ments covering terrorism events in Latin America,
annotated at the document-level with zero or more
events per document. The schema records categor-
ical, numerical, and descriptive information about

A notable exception is Gantt et al. (2024), which in
their work on event summarisation also include location
and date, when they occur as a text spans in the text.
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perpetrators, physical targets, human victims and
general information about the event, such as spatio-
temporal information. Figure 1 shows a sample of a
document and two corresponding annotated events.
Unlike most event extraction datasets, MUC-4 is
not annotated with trigger words. Instead, the event
definitions are rooted in political science theory, de-
lineating what constitutes a relevant incident.

3.2. Dataset Filtering and Preprocessing

Based on label frequencies and field distribution
over the full corpus, we introduce a modified ver-
sion of the MUC-4 dataset. The modified version
is a result of the following filtering to the original
annotations.

First, we restrict Event Type to the two most fre-
quently labelled categories: Attack and Bombing.
Together they account for over 83% of all annotated
events, while remaining types such as Kidnapping
(10.5%), Arson (3.6%), and Robbery (1.4%) are
significantly less frequent and highly imbalanced
across splits.

We further remove fields that only occur in a small
fraction of the data or have low occurrence globally.
Specifically, we exclude the fields Human Target
Foreign Nation, Physical Target Foreign Nation, Hu-
man Target Total Number, and Physical Target Total
Number, each of which appears in fewer than 5%
of all events.

Finally, we split the location field into two sepa-
rate fields, Country and City, where the City field
covers previously annotated information labelled
as either city or town.

These modifications result in a more balanced
and interpretable dataset with improved coverage of
field types. After filtering, 1263 of the original 1514
annotated events (83.4%) remain in the modified
dataset.

3.3. Statistics

The dataset contains 1700 documents, but only
about 55% of them contain event annotations, in-
dicating a significant portion (45%) of documents
without any recorded events, highlighting the im-
portance of event detection for this task. Among
documents with events, there is a moderate distri-
bution between single-event documents and multi-
event documents, with an average of 1.6 events
per document. As a result of removing the less
frequent event types, the number of documents
with multiple events has decreased in the modified
dataset. Since rare event types frequently co-occur
with high-frequency ones, filtering them out leads
to a notable reduction in multi-event documents.

Statistic Original Modified
Total documents 1700 1700
Total events annotated 1514 1263

Avg. events per doc

1.60 (£1.18

1.48 (£0.97

Docs with events

942 (55.4%

852 (50.1%

w/ >1 event 322 (18.9%) 246 (14.4%

) )

( ) ( )

w/ exactly 1 event 620 (35.4%) 606 (35.6%)
( ) ( )

758 (44.6%) 848 (49.9%)

Docs without events

Table 1: Comparison of dataset statistics before
and after filtering for event types (Attack, Bombing)

3.4. Field Overview

The original MUC-4 dataset covers event informa-
tion in four main categories: Incident-related in-
formation, such as where and when the event oc-
curred, type of event and weapon used, perpetrator
information, covering both organisational and indi-
vidual actors, as well as the degree of certainty of
their involvement and information on both physical
targets, and human victims, specifying what and
who, their conceptual categories, the effect of the
incident, and the number of those affected.

According to the annotation guidelines, these
fields are classified into three types on the basis
of their values. Text string values are directly de-
rived from the source document and correspond
to explicit text spans representing the perpetrator,
weapon, victim, and target as they appear in the
text. These fields align with the traditional extractive
event extraction task formulation, and have been
the main focus of prior work on MUC-4. In contrast,
Canonical values reflect values that must be nor-
malised or standardised from the text, and include
temporal and numerical values, such as the num-
ber of victims or targets and the event date. Finally,
text conversion values are taken from a predefined
finite set of possible values, capturing higher-level
classifications and judgments about the status, na-
ture, or impact of the event and its participants,
such as event type, effect on victim or target, per-
petrator category, and location. A complete list of
the fields included after the preprocessing step is
provided in Table 2.

Domain openness We define domain openness
as the extent to which admissible values in a field
are diverse and extend beyond those observed dur-
ing training. We report on the two complementary
measures Value density and Unique value overlap,
in order to better understand how the distribution of
admissible values may affect model performance.
Value density measures the average number of in-
stances per unique value. Higher ratios indicate
a closed domain with a small set of recurring val-
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ues, while lower ones indicate a more open domain
with a more diverse value set that are more rarely
reused. The unique value overlap captures the
percentage of test values that were present during
training, reflecting the proportion of novel values in
the test data. For further details on these measures,
see Simon et al. (2025).

Span Match Ratio Some of the annotated fields
in MUC-4 are, by definition, text spans that explic-
itly occur in the source document (e.g., Perpetra-
tor Individual, Physical Target, and Victim Name).
Others may be expressed in a higher-level form,
such as Perpetrator Confidence or Event Stage,
where the annotated value represents an inferred
or normalised concept rather than a surface string.
Moreover, some fields may occur as a span in the
document, such as Date or Location, but are not
guaranteed. To capture the degree of explicit tex-
tual anchoring for each field, we introduce the Span
match ratio (SMR), as the proportion of annotated
values that can be recovered as exact contiguous
spans within their corresponding source document.
Higher SMR values suggest that the annotations
are directly grounded in the text, typical of traditional
extractive EE, whereas low SMR values indicate
annotated values that are normalised or inferred
from context.

Formally, let V(f) denote the set of all annotated
values for a field f across the dataset, and let doc(v)
be the source document for field value v. The Span
match ratio of field f is defined as the fraction of
values that appear as a contiguous substring in
their corresponding documents doc(v):

{v € V(f) : v € doc(v)}|
SMR(f) = 1
We report SMR as a percentage for each field in
Table 2 for readability and direct comparison.

Event field variation By analysing the field-level
statistics on unique value overlap, value density,
and span match ratio as represented in Table 2,
clear differences appear in how each event field
relates to the source text and the degree of nov-
elty they introduce at test time. Sorted based on
unique value overlap, the event fields positioned at
the top of the table have no unseen values in the
test set (100% overlap), have a limited set of fre-
quently occurring values (high value density), which
rarely appear as explicit text spans in the source
document (low span match ratio). For instance, the
Event Stage field, with only three unique annotated
values across the dataset — Accomplished, Threat-
ened, and Attempted — occurs as a text span in
only 1.77% of their corresponding documents.

In contrast, many event fields with low overlap
between test and train values exhibit high annota-

Unique Span

Value Value Match
Field Overlap  Density Ratio
Perp. Confidence 100.00%  135.80 1.77%
Event Stage 100.00% 421.00 2.45%
Perp. Category 100.00% 551.00 7.89%
Victim Type 100.00% 149.40 19.08%
Effect on Physical Tgt. 100.00%  182.33 21.02%
Event Type 100.00% 631.50 37.29%
Physical Tgt. Type 92.86% 56.13 12.71%
Country 91.67% 74.35 59.97%
Effect on Victim 87.50% 157.11 20.16%
Weapon Type 87.50% 40.28 61.24%
Physical Tgt. Number 47.62% 23.91 18.28%
Victim Number 46.15% 19.85 20.55%
Date 40.37% 227 22.13%
Perp. Org. 40.35% 3.73  99.56%
City 36.59% 3.82 98.46%
Victim Name 35.48% 1.53 99.69%
Victim Description 35.22% 2.09 99.15%
Weapon 33.33% 296 99.57%
Physical Target. 23.16% 1.38 98.81%
Perp. Ind. 21.54% 1.86 99.52%

Table 2: Overview of field-level statistics, including
value density, unique value overlap and instance-
level overlap between the test and train split, as
well as the Span match ratio, which measures the
proportion of values for each field that occur as a
text string in the source document.

tion consistency as exact text spans, as evidenced
by SMRs close to 100% and low value density.
The fields aligned with the traditional extractive
paradigm, such as Weapon, Victim Name, Physical
Target, share these properties. Notably, the City
field has similar properties, despite originating from
a broader location field composed of concatenated
categorical values.

Some event fields, such as Physical Target Num-
ber, Victim Number, and Date, exhibit high novelty
in test-set values (exceeding 50%), whereas their
presence as explicit text spans in source texts is
limited. For example, only 46.15% of the Victim
Number values are observed during training, and
the annotated values appear as text spans in about
20% of the associated documents. These charac-
teristics indicate that such fields cannot be captured
using extractive methods alone, and some degree
of abstractive approaches is needed.

3.5. Dataset Balance and Composition

Overall, distributions across dataset splits remain
stable following modifications, with relative frequen-
cies differing by less than 5% for most fields. De-
spite this split-level consistency, the dataset as a
whole is notably imbalanced. Most incidents (=~
68%) are annotated as attacks, while bombing ac-
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counts for the remainder. The majority of events
occur in El Salvador (=~ 45%) and Colombia (=
30%), and nearly all are labelled as Accomplished
(= 92%), as opposed to Threatened or Attempted.
Bombs and Guns are the most common weapons,
together representing almost 60% of all cases, and
terrorist acts strongly outweigh state-sponsored vio-
lence. Civilians represent the most frequent victims
(= 68%), and the event outcomes are skewed to-
ward severe effects, with death reported in roughly
70% of incidents involving human victims and some
damage in about 65% of those involving physical
targets.

Although these patterns likely reflect real-world
distributions captured in the source data, the overall
imbalance may influence model behaviour. Limited
exposure to less frequent event structures can lead
to overfitting to dominant values and reduced gener-
alisation for rarer types, roles, effects, or outcomes.
Moreover, as noted in the previous subsection, be-
cause many fields are not strictly categorical, this
imbalance may bias the model towards treating fre-
quently observed values as discrete classes rather
than contextual information inferred from the input.

4. Evaluation

We break down the evaluation of event analysis
on MUC-4 into three views: event alignment, field
value matching, and event detection evaluation.

Event alignment Because a single document
in MUC-4 may describe multiple events, an im-
portant step in evaluation is to align the predicted
events with the correct gold annotations. Build-
ing on prior work on template extraction (Du et al.,
2021a; Chen et al., 2023), we frame event align-
ment as a one-to-one assignment problem, solved
with the Kuhn-Munkres algorithm (Kuhn, 1955;
Munkres, 1962), to maximise the similarity between
predicted and gold events. Specifically, we use
the Constrained Entity-Alignment F-Measure-Role-
filler Mention Extraction (CEAF-RME; Chen et al.,
2023), which measures the correspondence be-
tween the sets of predicted and gold values for
a field, awarding partial credit when some values
overlap. This overlap is captured by the similarity
function ¢3(R,S) = [RN S|, where R and S de-
note the sets of predicted and gold values for a
given field, respectively, and |R N S| measures the
cardinality of their intersection, i.e., the number of
overlapping string values shared by both sets.

Field-level performance We evaluate field-level
performance on the matched event pairs using ex-
act string matching, where a prediction is scored
as correct only if it exactly equals the gold value.
Because MUC-4 annotations for the span-based

fields often list multiple correct mentions for the
same entity occurring in the input document, we
use a prediction-to-any policy, where a predicted
value is correct if it matches any of the listed men-
tions in gold. This ensures that equivalent or syn-
onymous surface forms occurring in the input doc-
ument, such as “Local government officials” and
“Local authorities”, are treated as correct matches.
We apply this policy during both alignment and
final field level scoring. We report field-level exact-
match precision, recall, and micro-averaged F4 on
the aligned event pairs.

Event detection Finally, we evaluate the models’
ability to correctly identify the presence and number
of events within a document. After the alignment
with CEAF-RME, each predicted event is paired
with at most one gold event. A predicted event
that does not align with any gold event is counted
as spurious, and a gold event without any aligned
prediction is counted as missing. Event detection
precision is the proportion of predicted events cor-
rectly aligned with a gold event, and recall is the
proportion of gold events correctly aligned with a
predicted event. We also report the event detection
F; as the harmonic mean of the two.

5. Experimental Setup

We frame abstractive event analysis as a super-
vised text generation problem. Each training exam-
ple consists of a document, its publication date and
location, and the corresponding structured event
representation. The objective is to identify rele-
vant events within the document and generate a
structured, schema-conformant representation con-
taining up to 20 annotated fields per event. Full
hyperparameter details are provided in Appendix
B.3

All experiments use the original MUC-4 splits,
with 1300 documents for training, 200 for validation,
and 200 for testing. While certain fields include
multiple valid surface forms, we use only the first
listed value as the supervision signal.

We evaluate two families of openly available
decoder-only models: Qwen 3 (Yang et al., 2025)
and Olmo 3 (Olmo et al., 2025). To examine the ef-
fect of post-training alignment, we fine-tune the
Olmo 3 base model as well as well as several
instruction-tuned variants (SFT, DPO, RLVR), all
with 7B parameters. For Qwen 3, we fine-tune
four model sizes (0.6B, 4B, 8B, and 14B parame-
ters) to analyse the scaling effect.2 All models are
fine-tuned to generate complete event structures
directly in JSON format. We use a unified prompt

2To ensure comparability across model families, we
disable Qwen'’s thinking mode.
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Exact Match (%)

Event Detection (%)

Model Size
P R F4 P R F4

Qwen3-0.6B 0.6B 17.7 248 206 32.1 434 36.9
Qwen3-4B 4B 214 611 31.7 295 775 427
Qwen3-8B 8B 534 46.8 499 752 533 624
Qwen3-14B 14B 67.2 39.8 50.0 86.7 46.7 60.7
OLMo-3-7B-Base 7B 625 31.2 416 853 352 49.8
OLMo-3-7B (SFT) 7B 745 119 20.5 100.0 143 25.0
OLMo-3-7B (DPO) 7B 60.2 226 328 79.7 258 39.0
OLMo-3-7B (RLVR) 7B 63.1 27.3 38.1 849 34.1 486

Table 3: Precision, recall, and F4 for field-level exact match and event detection across Qwen 3 model sizes and
Olmo-3-7B post-training configurations. The highest score for each metric in each model family is marked in bold.

template, described in Appendix B.2, across model
families to ensure a fair and consistent comparison.

6. Results

In this section, we evaluate the fine-tuned mod-
els on the MUC-4 dataset, reporting exact match
and event detection scores with a focus on scaling-
behaviour of the Qwen 3 models, and the effect of
post-training stages for Olmo 3. We then report per-
field exact match performance to identify consistent
difficulties and where model performance diverges.
Next, we examine whether field-level properties
described in Section 3.4 can explain variation in
model performance. Finally, we focus on the best
performing model and introduce semantic evalu-
ation metrics to distinguish between surface-form
errors and reasoning errors.

Table 3 reports precision, recall, and F; for
both field-level exact match and event detection,
across Qwen 3 model sizes and Olmo-3-7B post-
training configurations. For Qwen 3, exact match
F1 shows a clear positive scaling trend, increasing
from 20.6% at 0.6B to 31.7% at 4B and 49.9% at
8B. The 14B model yields a comparable 50.0%,
suggesting that scaling beyond 8B provides mini-
mal improvements. Precision generally improves
with larger models, while recall is less consistent.
Notably, the 4B model achieves the highest recall
but at the cost of lower precision, indicating a ten-
dency to over-generate. In contrast, larger models
appear more selective, yielding higher precision,
but lower recall. A similar trend holds for event de-
tection among the Qwen 3 models, where the 8B
model achieves the best precision—recall balance,
resulting in the highest F4 of 62.4%.

For Olmo 3, the base model achieves the high-
est exact match Fy{ of 41.6%, outperforming all
post-trained variants. The instruction-tuned mod-
els show consistently high precision, but low recall.
This is most pronounced for the SFT model, with

precision of 74.5%, but only 11.9% recall. This be-
haviour might reflect instruction tuning objectives
that reward concise and safe responses, which can
discourage generating uncertain events. Among
the post-trained models, RLVR achieves perfor-
mance closest to the base model, with an F4 of
38.1%. A similar precision—-recall pattern is evident
for event detection, where the base model achieves
the highest F4 score, and post-trained models yield
high precision but reduced recall.

Error analysis The per-field exact match scores
reported in Table 4 show wide variation across
event fields, with different models performing well
on different subsets of fields. Notably, the larger
Qwen 3 variants (8B and 14B) generally yield the
highest scores, with Olmo-3-Base performing com-
petitively.

Fields such as Weapon and Country consistently
receive high scores across models, likely due to
their clearly identifiable lexical forms. In contrast,
most fields fall into the low-to-mid range, suggesting
that field difficulty is not just determined by model
scale or capacity, but that field-specific complexity
also plays a role.

Section 3.4 introduced field-level intrinsic statis-
tics (Table 2), including value space, unique value
overlap, and span-match ratio, as potential diffi-
culty indicators. However, when comparing these
to the exact-match Fy scores, no single property
consistently explains the model’s performance.

For example, Perpetrator Confidence, Event
Stage, and Perpetrator Category have closed and
frequently reused value sets, which suggest that,
in principle, they should be easy to learn once the
label set is known. Yet, their varied and some-
times low scores across models, indicate that other
factors, such as annotation ambiguity or concep-
tual complexity, may contribute more to model er-
ror. Conversely, semi-open fields, such as Weapon
Type and Country, contain several novel values
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Models Qwen3 OImo-3 7B

Field 0.6B 4B 8B 14B Base SFT DPO RLVR
Perp. Confidence 00.0 10.3 35.2 30.6 18.3 03.9 094 074
Event Stage 30.7 35.9 61.9 59.2 48.8 25.0 39.0 46.2
Perp. Category 01.3 29.9 48.0 46.5 33.2 07.7 243 335
Victim Type 17.1 29.7 39.0 43.3 384 20.1 265 404
Effect on Physical Tgt. 16.8 19.6 [52.6 53.1 46.9 24.7 46.2 40.0
Event Type 355 25.8 61.9 58.2 486 24.2 38.3 474
Physical Tgt. Type 04.1 19.2 37.0 481 37.2 157 35.0 25.9
Country 30.2 416 61.0 59.7 49.8 25.0 38.3 47.8
Effect on Victim 247 415 443 46.9 434 25.0 359 44.1
Weapon Type 35.0 53.6 63.5 62.4 53.7 26.3 41.7 485
Physical Tgt. Number 24.7 36.6 45.1 47.0 385 19.2 37.7 30.3
Victim Number 31.6 459 40.6 43.3 384 213 275 37.7
Date 23.5 25.6 50.9 53.4 43.6 23.6 325 41.7
Perp. Org.” 15.7 23.7 36.1 33.3 28.8 05.8 16.7 14.3
City 142 31.7 55.9 554 49.0 26.1 38.6 37.8
Victim Name* 32.3 47.6 55.7 49.5 47.7 329 329 46.3
Victim Description” 18.6 32.6 36.1 40.5 355 16.8 23.7 32.7
Weapon* 36.0 56.3 65.3 65.1 559 349 55.0 494
Physical Tgt.” 15.4 33.7 451 33.3 333 175 29.3 259
Perp. Ind.” 14.8 24.1 46.5 42.2 34.7 16.3 34.7 34.8

Table 4: Overview of per field exact match F4 score across model families and sizes. Darker cells imply
higher F{ scores, and the best score per field is marked in bold

at test time and have varying span presence, yet
achieve comparatively high scores. This might sug-
gest that these arguments tend to occur in pred-
icable syntactic patterns, e.g., “attacked with a
[Weapon]”, or “attack in [Country]”. Finally, fields
with near-perfect span-match ratio, such as Perpe-
trator Individual and Victim Description, show large
performance variation, suggesting that span-based
annotations alone do not necessarily make them
easier.

6.1. Semantic Evaluation

The previous section analyses the overall and per-
field performance across all models using strict
exact match. Below, we evaluate the strongest
model, Qwen3-14B, with semantic metrics in or-
der to distinguish reasoning errors from lexical mis-
matches. For example, predicting “politician” for a
gold annotation of “political figure” reflects semantic
understanding, yet receives the same exact match
score as a conceptual error such as “civilian”.

We use two complementary approaches based
on BERT embeddings (Devlin et al., 2019).
BERTScore (Zhang et al., 2019) measures seman-
tic similarity using token-level cosine similarity ag-
gregated via greedy matching. Precision@1(P@1),
introduced by Simon et al. (2025), is inspired by in-
formation retrieval. For each field, all unique values
are embedded using BERT, and the prediction is
ranked against this candidate set by cosine similar-
ity, and P@1 equals 1 only if the gold value ranks
first. Unlike BERTScore, P@1 requires the pre-

diction to be nearest the correct value, making it
suitable for quantifying reasoning success on fields
with a closed value space, such as Event Type and
Event Stage.

We report exact match precision, P@1, and
BERTScore F4 in Figure 2, excluding Victim Num-
ber, Physical Tgt. Number, and Date, as semantic
similarity measures are not meaningful for numeric
values. Across all fields, BERTScore F4 exceeds
exact match precision, indicating that a large pro-
portion of errors are semantically close to the gold
value. We observe the largest gap for Physical Tar-
get (+18.4), Victim Description (+18.4), and Victim
Type (+14.7), while Event Type, Event Stage, and
Country have minimal difference across metrics.

By including P@1, we can determine whether
errors reflect just semantic proximity or correct rel-
ative alignment within a fields’ value space. For
several fields, P@1 exceeds exact match, indicat-
ing that many surface form errors are semantically
closest to the gold value. However, divergence
between BERTScore and P@1 indicates that se-
mantic similarity does not always imply conceptual
correctness, as predictions may be closely related
to the gold value while still collapsing distinctions
that are meaningful within that field.

For example, predicting Bombing instead of At-
tack yields a BERTScore F{ of 80.5%, but the task
requires that these values are treated as distinct,
rather than near paraphrases. P@1 captures this
distinction by penalising semantically similar but
conceptually incorrect predictions.
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Figure 2: Per field evaluation for Qwen3-14B comparing exact match precision to BERTScore Fy and Precision@1.

On the other hand, P@1 reflects relative align-
ment within the candidate set rather than absolute
semantic equivalence. Consequently, semantically
equivalent predictions may still receive a score of
0 if another candidate value ranks higher. For ex-
ample, predicting “10 bombs” for a gold value of
“ten bombs” receives a high BERTScore, whereas
P@1 may assign a score of 0 if another candidate
value is identical to the prediction.

7. Conclusion and Future Work

This work provides the first systematic evaluation
of modern generative models for predicting the rich
document-level event representations annotated in
the original MUC-4 dataset. While recent previous
work focused on a small subset of fields whose val-
ues can be identified as substrings in the input text,
we include fields that may require reasoning over
implicit information. As such, we position MUC-4
within the recently proposed paradigm of abstrac-
tive event analysis.

To better characterise the dataset and its mod-
elling challenges, we propose a quantitative frame-
work combining established metrics for domain
openness with a novel metric, span-match ratio,
which captures the degree to which each field’s
values are explicitly stated in the text. Our analysis
suggests that textual grounding, as measured by
span-match ratio, provides valuable insights on the
data, but does not fully explain variation in model
performance across fields.

We report results for fine-tuning a selection of
decoder models across two model families, Qwen 3
(0.6B—14B) to examine scaling effects, and Olmo 3
(7B) across post-training configurations (Base, SFT,
DPO and RLVR). Our results show a clear positive
scaling trend for Qwen 3, with performance plateau-
ing between 8B and 14B parameters. For Olmo 3,
the base model outperforms all post-trained vari-
ants, with an imbalance of precision-recall for the

instruction-tuned models.

To move beyond strict surface form evaluation,
we introduce a semantic evaluation protocol com-
bining BERTScore and P@1. Our results indicate
that exact match scoring underestimates model
performance, as many predicted values are se-
mantically close to the gold value despite surface
differences. At the same time, divergence between
BERTScore and P@1 reveals cases where models
collapse meaningful conceptual distinctions within
a field’s value space. This suggests that semantic
similarity alone is insufficient for event extraction
and should be complemented with ranking based
similarity metrics such as P@1.

Several directions remain open for future work.
First, while scaling beyond 8B provides minimal
gains in our experiments, it is not clear whether this
is due to limitations of the dataset, the fine-tuning
setup, or model architecture. Future work could in-
vestigate whether larger models benefit from alter-
native training regimes, variation in instructions, or
increased training data. Second, examining ways
to improve over the Olmo 3 base model warrants
more attention. Rather than general instruction fol-
lowing, exploring strategies designed for structured
extraction could be an interesting path for future
work. Moreover, enabling chain-of-though reason-
ing, including Olmo 3’s think variants and Qwen 3
reasoning mode, may benefit fields requiring in-
ference over subtle contextual cues. Finally, our
semantic evaluation highlights the need for more
nuanced evaluation for event extraction. Future
research should focus on developing evaluation
metrics better aligned with MUC-4’s hybrid nature,
rewarding semantic correctness while penalising
conceptual errors, and explore dedicated handling
of fields with special structure, such as dates, po-
tentially drawing on external resources such as cal-
endar information.
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8. Limitations

Part of this study evaluates the effects of model
size on abstractive event analysis. Our largest
model, Qwen3-14B, is not considered a “large”
model, which now often exceeds 70B parameters.
As a result, the observed scaling behaviour may
not scale to larger models.

However, to our knowledge, this is the first study
to evaluate LLMs on the original MUC-4 dataset.
We therefore prioritise smaller models (0.6B—14B)
to ensure that the experiments are computationally
accessible and reproducible for the research com-
munity. Future work should investigate whether
scaling beyond 14B confirms the trends observed
in this paper.

Another limitation concerns the small size of the
MUC-4 dataset. With only 1700 documents, the
dataset provides limited supervision for fine-tuning
large generative models. This may also influence
the models’ abilities to learn the less frequent fields.
Furthermore, the MUC-4 dataset contains only En-
glish documents and annotations, and the findings
in this work may not generalise to other languages.
Although important efforts have been made to trans-
late the dataset into other languages (Gantt et al.,
2024), these translations only include the text span
fields. An important path for future work is to ex-
tend this translation effort to include the full event
schema for MUC-4.

The temporal scope of MUC-4 is a potential limi-
tation of this work. The documents in MUC-4 report
on events that occurred more than 20 years ago.
Models trained on MUC-4 may therefore capture
geopolitical context and linguistic patterns specific
to conflict reporting during that time period. As
a result, the models might not generalise well to
more recent descriptions of terrorism events. We
plan to examine the robustness of abstractive event
analysis models when applied to more recent news
corpora, such as UCDP-AEC, in future work.
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A. Dataset Details

Table 6 shows an overview of the full set of
fields in MUC-4, a short description of the type
of information they represent, and examples
of such values. The fields are grouped by the
field value category as defined by the annota-
tion guidelines. The original MUC-4 dataset
is available here: https://www-nlpir.nist.gov/re-
lated_projects/muc/muc_data/muc_data_in-
dex.html

AA1.

Table 5 shows the relative prevalence of event types
annotated in the original MUC-4 dataset. This distri-
bution serves as the motivation for our focus on At-
tack and Bombing events, as they make up together
more than 83% of the annotated events across
splits. Moreover, the two event types are compati-
ble with a unified template which supports all event
fields listed in MUC-4, whereas the less prevalent
event types impose field constraints. For example,
Arson and Kidnapping never include a Weapon or
Weapon type field, while Kidnapping additionally
excludes physical targets. To maintain schema
consistency and simplify model training, we filter
out the entire event annotation for types other than
Attack or Bombing during pre-processing.

Preprocessing Details

A.2. Field Distribution and Annotation
Rate

Table 7 summarises per-field statistics after filtering,
covering the number of unique values, values in the
test set that are not seen during training, annotation
rates across Train/Val/Test sets, and shows the
absolute changes from the original dataset. For
the text string fields, we report the type-token ratio
instead of unique values, as a more informative
measure for span-based fields.

Not all fields are required to be annotated for ev-
ery event. There is variation in annotation rates
across fields, where fields such as Date, Event
Type, Country, and Event Stage are nearly always
annotated. Other fields are annotated in fewer than
a third of all events, such as Effect on Physical
target (31%) and Weapon (32%). While a low an-
notation rate means that there are few training in-
stances available for a field, this does not seem to
directly affect model performance in the fine-tuning
experiments. As reported in Table 4, the best per-
forming model yields an exact match F4 score of
over 50 % for Effect on Physical target, and models
perform consistently well on the Weapon field.

#Unseen measures the number of field values
appearing in the test set that were never seen dur-
ing training. While most of the fields have no new
values during training, fields such as City, Victim

Number, and Physical Tgt. Number require models
to generalise to previously unseen values.

Most fields show stable annotation rates across
splits. Some exceptions include Perp. Category
with 93% coverage in train, but only 73% in test,
and Perp. Ind, with 50% in train vs. 67% in test.

The A column reports the change in annotation
rate in percentage points relative to the full unfil-
tered dataset. The table shows that our filtering has
a modest overall effect, with most fields changing
by at most +3pp.

B. Experimental Settings

B.1. Model selection

All models used for fine-tuning are publicly available
on Hugging Face. We list the exact checkpoints
used in our experiments below.

Qwen3

* Qwen/Qwen3-0.6B
* Owen/Qwen3-4B
* Qwen/Qwen3—8B

* Qwen/Qwen3-14B
OLMo-3

* allenai/OLMo-3-1025-7B (Base)

* allenai/Olmo-3-7B-Instruct—-SFT
* allenai/Olmo—-3-7B-Instruct-DPO

* allenai/OLMo-3-7B-Instruct

B.2. Prompt

We use the instruction shown in Figure 3 for all
models. For Qwen3 models, we include "no_think”
in the instruction in order to disable the model’s
reasoning mode.

Instruction: "Extract all events described in the
document as a JSON array where each event is
an object with fields:{_LABEL_CSV}. Omit any
field not mentioned. Reply with JSON only.”

Figure 3: Instruction used to fine-tune models on
MUC-4. For Qwen3 models, "no_think” is included
in the instruction to disable reasoning mode.

Both Qwen3 and Olmo-3 Instruct models are
typically used with chat-style prompt formatting.
In preliminary experiments, we also used chat-
styled prompt wrapping, but observed that this often
caused models to produce invalid json outputs. We
therefore use the simpler instruction format shown
in Figure 3 for all experiments.
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Train Val Test Total prop
# Annotated templates 1114 191 209 1514
Attack 57.09% 50.79% 60.77% 56.80%
Bombing 26.75% 26.18% 26.32% 26.62%
Kidnapping 10.23% 16.23% 6.70% 10.50%
Arson 3.86% 4.19% 1.44% 3.57%
Robbery 1.53% 1.57% 0.48% 1.39%
Forced Work Stoppage 0.54% 0.52% 1.91% 0.73%
Attack / Bombing - - 1.91% 0.26%
Bombing / Attack - 0.52% 0.48% 0.13%

Table 5: Overview of event type distribution with conditional distribution of values given annotation for
each data split and global frequencies relative to all annotated events.

Set fill

Text string Text conversion

Field Name Description Examples:

Incident Type Event type* Attack, Bombing, Arson, Kidnapping
Event Stage Event status accomplished, attempted, threatened
Location The location the event occurred Peru: Lima (City)

Weapon Type Weapon category Gun, Explosive, projectile

Perp. Category

Perp. Confidence

Physical Tgt. Type

Physical Tgt. Foreign Nation
Effect on Physical Tgt.
Victim Type

Victim Foreign nation

Effect on Victim

Event subcategory

Certainty of the perp org. involvement

Category of the physical target

Nationality physical target if different from location
The impact on a physical target

Category of human target

nationality of hum tgt if different from location

The impact of the incident on a human target(s)

Terrorist act, State-sponsored violence
Reported as fact, Possible

Transport route, Civilian residence
United states

Destroyed, Damaged, Some damage
Civilian, Active military, "Political figure”
Peru

"Death”, "Injury”, "No injury”, "Escaped”

Date

Physical Tgt. Number
Physical Tgt. Total number
Victim Total number
Victim Number

Date(s) the event occurred

The number of physical targets

The total number of physical targets
The total number of human targets
The number of human targets

25 AUG 88, 25 AUG 88-27 AUG 88
1

4,10

2

3

Weapon*

Perp. Individual*
Perp. Organization*
Physical Target *
Victim Name*
Victim Description

Weapon used by perpetrator if mentioned
Person responsible for the attack

An organization responsible for the incident

A physical thing that was attacked if mentioned.
The name of the victim

Title or description of the victim

"bombs”, "Czechoslovak bombs”
"Four terrorists”, "Salvadorian rebels”
"FARC”, "ELP”, "Army”

"Bridge”, "Houses”, "power system”
”"Adolfo Spezua”

"Engineer”, "Mayor”, "Bodyguard”

Table 6:

B.3. Hyperparameters for Supervised

Overview of fields, their data type as defined in the MUC-4 annotation guidelines, description
and examples. * marks the fields that are used as a simplified template in previous work.

B.4. Evaluation Detail

Fine-tuning

All models are fine-tuned using the AdamW opti-
miser with a cosine learning-rate schedule with 50
warm-up steps and fp16 precision. Training runs
for for up to 10 epochs, with validation evaluated at
the end of each epoch. Early stopping is applied
based on validation loss with a minimum improve-
ment threshold of 0.001. For the smaller models
(Qwen3 0.6B and 4B), we use a smaller learning
rate of 5 x 107° to stabilise training and set patience
to 2 for early stopping. For all models of size 7B and
larger across both model families, we set the learn-
ing rate to 2 x 107, and increase early stopping
patience to 4. All experiments use a per-device
batch size of 1 with gradient accumulation of 4. We
train all models using LoRA with the PEFT library
with a single LoRA configuration across all models
with r16, a =16, dropout=0.05.

For the semantic evaluation, we follow Simon
et al. (2025) and compute Precision@1 using con-
textual embeddings from bert-base-uncased.
To ensure consistency between the two For sim-
plicity, we use the same model for BERTScore.
While the official recommendation for BERTScore
ismicrosoft/deberta-xlarge-mnli, we pri-
oritise using the same backbone to make sure that
differences between the metrics reflects the evalua-
tion formulation, and not differences in embedding
models. BERTScore is computed using the official
implementation. 3

Shttps://github.com/Tiiiger/bert_score
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Vocabulary Annotation Rate (%)

Field

#Unique #Unseen Train Val Test Total
Date 575 99 98 95 98 98
Event Type* 2 0 100 100 100 100
Country 17 0 100 100 100 100 O
City 187 37 56 51 53 55 41
Event Stage 3 0 100 100 100 100 O
Weapon Type 18 1 51 49 47 50 +7
Perp. Category 2 0 93 72 73 87 -1
Perp. Confidence 5 0 49 52 53 50 -3
Physical Tgt. Type 15 1 46 48 52 47 +2
Effect on Physical Tgt. 4 0 29 31 34 30 +1
Physical Tgt. Number 35 9 45 48 52 46 +2
Victim Type 10 0 70 71 74 71 0
Effect on Victim 9 1 71 69 69 70 +6
Victim Number 86 16 70 71 74 71 0
Text string fields

TTratio #Unseen Train Val Test Total
Weapon* 0.17 23 31 35 28 31 45
Perp. Ind.” 0.18 90 50 67 67 55 -2
Perp. Org.” 0.10 12 49 52 53 50 -3
Physical Tgt.” 0.22 124 46 48 52 47 42
Victim Name* 0.34 63 35 31 36 35 -2
Victim Description 0.20 51 32 30 31 32 42

Table 7: Overview of fields in MUC-4 with event types Attack, Bombing. * marks fields used in the
simple template in previous work. #Unique = number of unique values; for text string fields this is the
type-token ratio instead. #Unseen = unique values in test not seen during training. A = absolute difference
in percentage points after filtering.
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