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Abstract
Not all events in a narrative are created equal: some events are more important than others. Kernel events, a
concept introduced in the field of narratology, are causally linked events that move the narrative forward, and cannot
be removed without breaking the narrative’s logical coherence. While event detection and extraction tasks have
been widely studied in natural language processing and information retrieval fields, the idea of kernel events has
been largely unexplored. In this work, we introduce the first corpus and model for kernel event detection. Our
contributions include: the refinement of the kernel event concept captured in detailed annotation guidelines grounded
in narratological principles; an annotation study yielding a gold-standard dataset of kernel events in narrative texts;
and a first-of-its-kind kernel event detection system. Annotation achieved an inter-annotator agreement of 0.61
κ, underscoring the reliability of the guidelines. Using these data, we trained several models in both fine-tuned
and generative modes for kernel event detection, with a LoRA fine-tuned Llama3 achieving an F1 of 0.695. This
work establishes a benchmark for kernel event detection, with potential applications in summarization, narra-
tive similarity detection, and narrative understanding. We release our code and data for the benefit of other researchers.

Keywords: kernel events, narrative understanding, annotation guidelines, dataset creation, event detection,
event extraction, fine-tuning, large language models, language resources

1. Introduction

Narratives are all around us, in a variety of modali-
ties and genres, such as books, movies, and social
media, or drama, comedy, and tragedy. Narra-
tive is a crucial communicative mode that helps
people make sense of our world. Narratives are
distinguished from other discourse forms via their
structural elements, which include events, plot, set-
ting, and characters, all of which come together to
form a world building representation that is commu-
nicated using a textual or audio-visual medium (Bal
and Van Boheemen, 2017).

One notable characteristic of narratives is that
they often remain recognizable across changes in
modality, style, and genre: a single narrative can
be retold or adapted and still remain recognizable
as being the original narrative. For example, Cin-
derella exists both as a folktale in the Grimm Broth-
ers’ Aschenputtel (Grimm and Grimm, 1812/1988)
as well as an animated movie in Disney’s Cinderella.
The Grimm version has a darker tone, featuring a
magical tree rather than a fairy godmother and in-
cluding graphic elements such as the stepsisters
mutilating their feet to fit the glass slipper. In con-
trast, Disney’s adaptation is a whimsical story with
cute, talking animals. Despite these differences,
core elements remain: an orphan mistreated by her
stepfamily, the royal ball, a lost slipper, and a shoe-
fitting test which, when completed by Cinderella,
leads to a happy conclusion to her story.

Even within the same modality, a story can be re-
told with changes while maintaining recognizability.

Marian Roalfe Cox’s collection of Cinderella vari-
ants published in 1893 demonstrates the breadth of
variation within the Cinderella narrative while high-
lighting its underlying structural consistency. While
the Grimm Brothers’ Aschenputtel and Charles Per-
rault’s Cendrillon (Perrault, 1697) may differ in de-
tails such as a magical helper tree or a magical fairy
godmother, they can still be perceived as versions
of the same story. The existence of multiple ver-
sions of the same story raises a fundamental ques-
tion: What constitutes the “sameness” of a story?
How can narrative similarity be quantified? As we
will discuss below (§3), these questions have occu-
pied theorists of narrative for decades. Answering
these questions has implications for various com-
putational tasks, including narrative summarization,
question answering, and story generation.

Several approaches have been proposed for
measuring narrative similarity, including lexical sim-
ilarity methods like tf-idf (Spärck Jones, 1972),
word embeddings (Mikolov et al., 2013; Penning-
ton et al., 2014), cosine similarity (Salton, 1989),
or sentence embeddings like sentence transform-
ers (Reimers and Gurevych, 2020). A different
possible approach, however, attends to the struc-
tural factors that are central a narrative’s identity:
in particular, the narratological concept of kernel
events describes the important events in a story
that move it forward and cannot be deleted without
completely ruining the story’s logic. Two variants
of a story should largely share the same kernel
events. While extensive research has been con-
ducted on event extraction (Grishman et al., 2005;
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Ji and Grishman, 2008; Chambers et al., 2014; Han
et al., 2019; Zhong et al., 2024), the identification
of kernel events remain essentially unexplored.

We introduce an annotation guide based on nar-
ratological principles, a gold-standard annotated
dataset, and the first kernel event detection model
trained and tested on that data. The paper is orga-
nized as follows. We start with a discussion of the
important background concepts as well as related
work (§2). We then explain how we refined the
concept of kernel events by synthesizing a variety
of theoretical perspectives (§3). Next, we discuss
data collection and annotation procedure (§4), fol-
lowed by the methods we explored to build the
baseline system (§5). Finally, we conclude with
a discussion of the results (§6) and the summary
of our contributions (§7). All code and data have
been archived to assist other researchers in build-
ing upon the work1.

2. Related Work

2.1. Events
There have been a number of attempts to define the
concept of event in general, both in narratological
and computational fields. According to the narra-
tologist Seymour Chatman (Chatman and Chilton,
1978), events are actions or happenings that bring
about a change in the state; they are the build-
ing blocks of narratives involving agents or patients.
Similarly, Mieke Bal (Bal and Van Boheemen, 2017)
defines events as a process, a transition from one
state to another state. Shlomith Rimmon-Kenan
(Rimmon-Kenan, 1983), on the other hand, simply
notes that events are things that happen, which
can be denoted by a verb or an action name. While
narratologists’ theories are rich and subtle, they un-
fortunately have not been operationalized in actual
linguistic annotations, making it a challenge to use
them for computational work.

On the computational side, one of the standard
sources of annotated event data is the Automatic
Content Extraction 2005 Multilingual Training Cor-
pus (ACE2005; Walker et al., 2006), which defines
a lexically grounded theory of entities, relations,
and events. ACE2005 comprises nearly 1800 an-
notated files of mixed genre text in English, Ara-
bic, and Chinese. The corpus defines an event
as a specific occurrence—either something that
happens or a change of state—that involves par-
ticipants. The annotation scheme lays out 8 event
types: life, movement, transaction, business, con-
flict, contact, personnel, and justice, and 33 sub-
types, as well as further identifying the event ar-
guments (agent, object, source, and target) and

1Code and data can be downloaded from https:
//doi.org/10.34703/gzx1-9v95/KBJBW4

attributes. ACE2005 recognizes only those events
that fall into the named category, making it rather
specific in its ontological commitments.

Early work focused on extracting ACE events
used two consecutive classifiers, one for detecting
triggers and the other for arguments (Ahn, 2006),
achieving performances of roughly 0.223 F1. Ji
and Grishman (2008) advanced the prior state of
the art by using the full document context as well as
cluster-wide statistics about the frequency of trigger
and argument. That work achieved 0.673 F1. More
recent approaches have explored feed-forward neu-
ral networks, including deep approaches; for ex-
ample, Li et al. (2013) used multi-layer neural nets
to extract event triggers and arguments with an F1

score of 0.704, while Wadden et al. (2019) used
fine-tuned BERT embeddings with text spans to
capture both local and global contexts, achieving
an F1 of 0.697. Huang and Peng (2021) used a sim-
ilar method employed by (Wadden et al., 2019) but
expanded the event coreference module by incor-
porating deep value networks into the base model
to achieve 0.691 F1.

In the generative line, Du and Cardie (2020) have
formulated the problem as a question-answering
task, achieving 0.724 F1. Lu et al. (2023) further
explored question generation and answering formu-
lations for event extraction, reporting 0.76 F1. Shi
et al. (2023) proposed a hybrid detection and gener-
ation framework with separate encoders for event
and event argument extraction, achieving 0.79 F1

for event extraction. Zhong et al. (2024) uses a two-
phase graph inference network with the first phase
of document-level graph inference to get document
context and a second phase of an LSTM-based
approach to achieve 0.822 F1. Zhu et al. (2024)
leverage the extraction ability of small language
models as well as the instruction following ability
of LLMs to improve event extraction results with an
average improvement of 2.7%.

The other major computational approach to
events and temporal information, one more linguis-
tically grounded, is TimeML (Pustejovsky et al.,
2003), (Saurí et al., 2006). TimeML marks four
types of temporal information: temporal signals,
temporal expressions, events, and temporal re-
lationships. TimeBank was annotated with the
TimeML schema and contains 183 English news
articles with more than 27,000 event and tempo-
ral annotations and 61,000 non-punctuated tokens.
TimeML defines events as situations that happen or
occur. They also allow states or circumstances in
which something obtains or holds true to be events.
TimeML, on the other hand, accepts all events in a
text as one of the 8 classes of events (occurrence,
reporting, perception, aspectual, intensional action,
state, intensional state, and unknown).

There are a number of systems for performing

https://doi.org/10.34703/gzx1-9v95/KBJBW4
https://doi.org/10.34703/gzx1-9v95/KBJBW4
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TimeML event extraction, including TARSQI (Ver-
hagen and Pustejovsky, 2012), CAEVO (Cham-
bers et al., 2014), and ClearTK (Bethard, 2013).
TARSQI uses EVITA (Events In Text Analyzer;
Saurí et al., 2005), which applies linguistically
motivated rules along with disambiguation using
Bayesian classifier, achieving a score of 0.8012 F1.
CAEVO runs on sieve-based architecture that uses
Navy-Time to extract events with 0.803 F1. ClearTK
achieved 0.773 F1 on TimeBank data using mod-
els with CRFs, SVMs, and logistic regression, and
the best classifier was selected using grid search
over classifiers and parameter settings. Arnulphy
et al. (2015) have used a combination of CRFs and
kNNs for TimeML event detection in English and
French and achieved an F1 score of 0.86. Prabhu
et al. (2019) have developed a deep learning model
ALINED to extract TimeML events in English, Span-
ish, Italian, and French with 0.827 F1. Han et al.
(2019) developed a model using BERT embedding
and BiLSTM layers which has an RNN scoring func-
tion with a measure of 0.909 F1.

Compared to ACE—which focuses on identifying
events and their associated entities in real-world,
domain-specific corpora such as newswire, broad-
cast news, and conversational speech—TimeML
offers a more general and linguistically grounded
framework. While ACE emphasizes entity-event
relations within a fixed ontology, TimeML prioritizes
the temporal structure and semantics of events,
capturing nuances such as temporal relations and
expressions. Given TimeML’s broader coverage
and greater sensitivity to linguistic and semantic
detail, we adopt it over ACE2005 as a more suitable
annotation scheme for our task.

2.2. Fabula and the Plot
Narratives are comprised of events, but there is
often a difference between the order of events
in the “story world” and the order in which those
events are presented in the narrative discourse.
This distinction has been much discussed in narra-
tology. For instance, the Russian Formalist school
called these fabula and syuzhet (Shklovsky, 1990;
Tomashevsky, 1965), where fabula is the series of
events in the world of the story, while syuzhet is
the presentation of those events in the narrative
form. Tomashevsky described the difference as
the fabula being the actual actions of the charac-
ters, while the syuzhet or plot is how the audience
gains knowledge of it. In the French Structuralist
tradition, on the other hand, Gérard Genette (1976)
called the sequence of events historie [story] and
the presentation of the events in a discourse récit
[narrative]. According to him, historie is just the
content of the narrative regardless of how dramatic
or how complete the events of the incident being
described are while récit is the actual text of the

narrative. Within recent structuralism and narratol-
ogy, Jonathan Culler (2004) names these elements
story—a sequence of actions or events indepen-
dent of how they appear in the discourse and dis-
course, the discursive presentation or narration of
those events. Bal and Van Boheemen (2017) de-
fines story as the content of that text and produces
a particular manifestation of a fabula while a fab-
ula, according to her, is a series of logically and
chronologically related events that are caused or
experienced by actors.

In this work, we have adopted the terms fabula
and the plot as they are commonly used in recent
narratological theory. In alignment with Bal and
Culler, we use fabula to refer to the sequence of
events that happen in the story world, the world may
be real or fictional. The audience of the narrative
builds a world model where these events take place
in a particular order. On the other hand, a plot is
an arrangements of the fabula into a sequence, as
presented in the discourse.

2.3. Kernel Events
Not all events in a narrative contribute equally to the
logic and continuation of the plot. Some events are
logically central, while other events serve to flesh
out characters or create an atmosphere. The dis-
tinction between these different types of events has
been studied extensively in narratology by schol-
ars such as Tomashevsky, Vladimir Propp, Roland
Barthes, and Seymour Chatman.

Propp’s structural analysis of Russian folktales in
Morphology of the Folktale (Propp, 1928/1968) was
one of the earliest investigations of the idea that cer-
tain events in narratives are privileged. Propp ana-
lyzed a corpus of 100 Russian hero tales and iden-
tified 31 narratives functions that define the under-
lying common structure of those tales. Functions
represent the essential components of a story’s
plot, and include elements such as Villainy, De-
parture (the hero leaves home), Struggle (the hero
and the villain join in direct combat), Victory and
Recognition. He suggests that folktales, despite
variations in actual detail, maintain a core identity
through the presence of these core functions, and
these functions shape a narrative’s progression.
Barthes (1975) built upon Propp’s work to propose
that events in a narrative could be split into im-
portant events—which he referred to as cardinal
functions or nuclei—and disposable events—which
he called satellites. According to Barthes, nuclei
events are “hinges” which either open or close an
uncertainty in the narrative.

Tomashevsky (1965) also noted that not all
events are as important for the forward movement
of a narrative, some events are more necessary
than others. He called these events bound motifs,
and proposed that the relative importance of the
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motifs to a story can be determined by retelling the
story and comparing the abridged version with the
original narrative. The bound motifs are the ones
that cannot be deleted without fully disturbing the
whole chronological and causal chain of events.

Chatman (1978) introduced the term kernel
events, expanding on Barthes’ ideas. Like Barthes,
Chatman insisted that kernel events are “nodes” or
“hinges” which force the movement of the narrative
into at least one of the multiple branching paths.
Kernel events that come later in the text are the di-
rect consequences of the kernel events that came
before them.

A key idea running through all theories of kernel
events in the narratological literature is the notion
that some events naturally follow on others, via a
cause-effect relationship. This sensitivity to causal
effects appeals to a very deep, yet challenging,
set of relevant philosophical criteria. According to
David Hume (1902), “we may define a cause to be
an object, followed by another, and where all the
objects similar to the first are followed by objects
similar to the second. Or in other words where, if
the first object had not been, the second never had
existed.”. Based on the second definition by Hume,
David Lewis (1973) proposed a counterfactual the-
ory of causation which can be summarized as if
the causing event had not occurred, the caused
event would not have occurred either. That is to
say, whether the caused event occurs or not is de-
pendent on the causing event to occur. Lewis’s
definition requires the events to be distinct from
one another such that events are not a part of each
other. Hobbs (2005) builds on these foundations
by distinguishing between causal chains, linear se-
quences where each event depends on the previ-
ous one, and causal complexes, the complete sets
of relevant conditions sufficient for an effect. Within
his framework, intermediate links in a chain may
themselves be described as causes, but only rela-
tive to a smaller complex nested within the larger
one. This observation is crucial for our purposes. It
shows that while intermediate events are causally
relevant, their status as causes is derivative of the
broader complex in which they are embedded. Ac-
cordingly, we treat kernel events as the initiating
and terminating points of a causal chain.

Prior work in cognitive psychology has also ex-
amined how readers identify structurally important
events in narratives. Research on causal network
models of story comprehension shows that events
with greater causal connectivity are perceived as
more central and are more likely to be recalled (Tra-
basso and Sperry, 1985; Graesser et al., 1994).
Similarly, related work on event segmentation the-
ory (Zacks and Swallow, 2007) argues that humans
organize experience into discrete event units based
on changes in situational context. These findings

provide support for the notion that narratives con-
tain events that are more central to understanding
than others, similar to the concept of kernel events.

There has only been limited work on compu-
tational approaches to kernel events and related
ideas. Otake et al. (2020) tried to determine event
salience in a small dataset of Russian folktales
by deleting events and computing and comparing
the coherence score with the original text, achiev-
ing a 0.3 MAP score, where salience estimation is
treated as a ranking problem. Wilmot and Keller
(2021) expanded this work to plays and novels us-
ing a transformer language model with a 0.319 MAP.
Their work only tackles a single dimension of kernel
events, i.e., textual coherence. While this provides
a measure of how well coherence is preserved, it
does not capture the broader set of factors that we
consider in characterizing kernel events.

3. Refining the Concept of Kernel
Events

As can be seen above, there are number of differ-
ent approaches to conceptualizing events that are
central to a narrative. Tomashevsky’s approach
to identifying bound motifs involves abridging and
retelling the narrative, and while he acknowledges
the role of these motifs in the causal chain of events,
he does not explore in detail how they contribute to
the construction of these chains. On the other hand,
Barthes asserts that nuclei must be both “consecu-
tive and consequential”. For Barthes, what defines
a nucleus is its role as a pivotal moment involving
uncertainty and risk, regardless of how engaging
the event may be. While much of the later work
on cardinal functions builds on Barthes’ concept,
his framework remains ambiguous regarding the
formalization of the consequential and consecutive
nature of nuclei.

While Tomashevsky was among the first to con-
ceptualize important events in a narrative, most
subsequent work builds on Barthes, as Toma-
shevsky’s analysis remains limited to their chrono-
logical and causal roles. Barthes describes these
key events as narrative hinges, a concept further
developed by Chatman, who argues that they di-
rect the narrative along available paths. While both
Barthes and Tomashevsky emphasize the sequen-
tial nature of important events, Chatman extends
this by highlighting the cause-and-effect relation-
ship between kernel nodes, though without deeply
exploring causality. Contrasting with other theories,
Chatman elaborates on the causal relationship be-
tween kernel events, and gives a good starting point
for detecting kernel events, where he mentions that
kernel events “raise and answer questions,” where
the answer the question raised by one kernel event
is another kernel event.
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Despite these various contributions, the formal-
ization of kernel events remains incomplete, in that
we lack precise guidelines for identifying kernel
events. Therefore we must refine the theory be-
fore we can hope to create reliable annotated data.
Since Chatman’s work remains the most compre-
hensive of all with regard to the elaboration of the
causal relationships between events, we start with
the idea of kernel events as described by Chatman:
Kernel events are those events that either start or
close an open possibility in a plot and move the plot
forward by opening new paths for the plot to move
towards. Finally, each kernel event should hold a
“chrono-logical” relationship (Chatman’s phrasing)
with the kernel events that come before or after it.

For example, in the story of Cinderella, her drop-
ping the shoe is a kernel event as it propels the
story by triggering the Prince’s shoe test. Without
the shoe drop, there would be no shoe test and
thus no story. Similarly, the Prince finding the shoe
is another kernel event: if the Prince had never
found the shoe, the shoe test would have never
happened, causing the story to end right there.

Every kernel event is a direct consequence of
the kernel events that came before it, and is the
cause of the kernel events that occur after it, which
is to say that a causal connection exists between
kernel events. Taking the example of Cinderella
again, the shoe test is a direct effect of Cinderella
dropping her shoe, while her going to the ball in the
first place is the cause of her dropping the shoe.

4. Data and Annotation

4.1. Collection of Texts

Narratives exist in a wide range of forms such as
novels, plays, and movies. While some narratives
have highly complex and non-linear plots, others
are more straightforward. For our work, classical
fairy tales were selected as the primary narrative
form due to their simple and linear narrative struc-
ture, which allows for easier identification of causal
relationships between events.

Fairytales typically follow a straightforward linear
chronological order: an introduction, followed by a
series of events leading to the climax, which in turns
directly leads to the conclusion of the tale. This
structure makes it easier to identify kernel events,
and is an appropriate simplification for this first-of-
its-kind study.

To eventually allow us to explore the hypothesis
that two narratives can be considered similar if they
share similar kernel events, the dataset includes
multiple versions of the same folktales. For anno-
tation, we collected a dataset of 50 folktales. Of
these, 10 are Russian folktales drawn from Vladimir
Propp’s Morphology of the Folktale, as the feasibil-

Story Type # text # tok. # evt. # ker.
Standalone tales 15 22,354 3,283 1,025
Propp’s tales 10 14,513 2,206 702
Cinderella 5 13,165 1,900 538
Hansel and Gretel 5 10,680 1,513 430
Red Riding Hood 5 5,685 772 221
Beauty and the Beast 4 17,418 2,672 444
Jack and the Beanstalk 3 6,312 866 205
Emperor’s New Clothes 3 3,709 484 120
Total 50 93,836 13,696 3,685

Table 1: Distribution of data in the collected pilot
dataset. Here, #tok. = number of tokens, #evt. =
number of events, #ker. = number of kernel events
in the dataset

ity of event identification has been demonstrated in
the ProppLearner corpus (Finlayson, 2015). The re-
maining 40 include 15 standalone folktales and 25
versions of well-known fairytales. This distribution
is summarized in Table 1.

4.2. Annotation
We consolidated key ideas from narratology to de-
velop an annotation guide for identifying events
and kernel events in narrative texts. The guide
provided clear instructions on how to distinguish
kernel events, emphasizing the causal relationship
between them.

To identify kernel events in the stories, the anno-
tators followed the steps given below:

1. Read carefully through the given text.
2. Identify the climax of the text.
3. Identify the kernel events that comprise the

climax.
4. Start from the beginning and mark the events

that lead up to the climax event.
5. Finally, mark the events that are the conse-

quence of the climax event

We adopted a simplified TimeML scheme mark-
ing only the event headword, defined as the main
non-auxiliary verb conveying the phrase’s core
meaning and grammatical or syntactic function.
The datasets used in this work follow a compati-
ble TimeML annotation variant in which each event
span is associated with an explicit head index2, al-
lowing evaluation to be conducted consistently at
the headword level.

The following example illustrates an annotation
where events are single underlined, while kernel
events are double underlined.

2https://projects.csail.mit.edu/
workbench/update/guides/03%20-%20Events_
v2.0.0.pdf

https://projects.csail.mit.edu/workbench/update/guides/03%20-%20Events_v2.0.0.pdf
https://projects.csail.mit.edu/workbench/update/guides/03%20-%20Events_v2.0.0.pdf
https://projects.csail.mit.edu/workbench/update/guides/03%20-%20Events_v2.0.0.pdf
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He obliged Cinderella to sit down, and,
putting the slipper to her little foot, he
found it went on very easily, and fitted her
as if it had been made of wax.

A team of five annotators carried out the annota-
tion. All annotators were undergraduate research
assistants affiliated with our laboratory and were
specifically trained for this task by the first author.
Annotations were carried out using the Prodigy
(Montani and Honnibal, 2017) tool. We trained
the annotators in stages with them initially anno-
tating general events in the narrative texts to de-
velop consistency in event identification. Once they
demonstrated reliability in this task, they moved
on to annotating kernel events. Once they were
comfortable with both types of annotations, they
annotated both events and kernel events in parallel.
After they reached a sufficiently high agreement
score for event-only annotation, the annotators an-
notated every story once with random checks to
monitor consistency and agreement.

After each round of annotation, we calculated
inter-annotator agreement scores and conducted
adjudication, led by the first author. During adjudi-
cation, annotators reviewed discrepancies in their
annotations and resolved disagreements to estab-
lish a gold-standard dataset, guided by the first
author. Since annotators worked independently
during annotation and could only refer to the anno-
tation guide, these meetings allowed us to refine
the guidelines based on observed inconsistencies
and discussion insights. Each revision of the an-
notation guide incorporated lessons learned from
adjudication, improving clarity and reducing am-
biguity in future rounds of annotation. The final
gold-standard annotations were produced through
this adjudication process rather than by selecting a
single annotator as ground truth.

4.3. Inter-Annotator Agreement
To calculate the inter-annotator agreement score,
we adopted the use of the average pairwise F1

as an inter-annotator agreement score, where one
annotation is randomly chosen as the gold standard
and the other is treated as the prediction. For event
annotation, only two measures the strict F1 and
partial or graded F1 were calculated. For the strict
F1, the annotations were given a score of 1 for
the number of the same tokens only if the gold
and the predicted event spans matched exactly,
otherwise, they were not counted. But for partial
F1, matching event spans were weighted from 0 to
1 based on the number of shared tokens (using the
Jaccard score (Jaccard, 1901)), and the number
of the same tokens was calculated based on the
sum of the grades. For kernel event annotation,
we also computed Cohen’s Kappa (κ) along with

Annotation Type Metric Score

Events Only Partial Match F1 0.839
Exact Match F1 0.834

Kernel Events
Partial Match F1 0.691
Exact Match F1 0.689

κ 0.611

Table 2: Inter-annotator agreement score for
Events and Kernel Event Annotation

the strict as well as partial F1. The results for the
annotation tasks are given in Table 2. κ of 0.611
signifies moderate agreement (McHugh, 2012).

5. Approach

We used our annotated data to develop models for
both general and kernel event extraction in narra-
tive texts. The approach consists of data prepro-
cessing, fine-tuning strategies, generative strate-
gies, and evaluation across multiple event extrac-
tion datasets. Our objective was to train models
capable of distinguishing both general and kernel
events in folktales. We also assessed the general-
ization of general event detection from folktales to
news data. All models trained and fine-tuned in this
work are open-weight, if not fully open-source, to
support reproducibility and advance open science.

5.1. Preprocessing
To prepare the annotated dataset for model train-
ing, we first split the text into individual sentences.
Since narrative structures could span multiple sen-
tences, a simple sentence-level approach would re-
sult in the loss of contextual information. To address
this, we implemented a sliding window technique
with a size of 512 tokens, ensuring that the context
within a given segment remained sufficiently broad
while staying within the input length constraints of
transformer-based models.

We trained the models for two distinct subtasks:
(1) extracting all events present in a narrative, and
(2) identifying kernel events, which are a subset of
general events.

For kernel event extraction, only the Fairytale
dataset was used. But for general event extraction,
we supplemented our dataset with the TimeBank
corpus, a widely used dataset for event annotation
in news texts. This allowed us to test the transfer-
ability of our models by evaluating those trained on
our Fairytale dataset against TimeBank. We further
tested the models on additional event extraction
benchmarks, including the N2 corpus (Finlayson
et al., 2014), and Propp’s annotated folktales from
ProppLearner corpus (Finlayson, 2015), assessing
their ability to generalize across different narrative



6015

and non-narrative domains.
Following preprocessing, we split the dataset into

training, validation, and test sets using an 80-10-10
ratio. All datasets used were partitioned separately
using this ratio, ensuring that models trained on a
specific dataset were evaluated on distinct valida-
tion and test sets drawn from the same source.

5.2. Fine-Tuned Models
To establish a baseline for event extraction, we fine-
tuned several transformer-based models with open
weights, ensuring accessibility and reproducibility.
Specifically, we trained BERT (bert-base-cased)
(Devlin et al., 2019), RoBERTa (roberta-base) (Liu
et al., 2019), and T5 (t5-small) (Raffel et al., 2020).
These models have been widely used in event ex-
traction tasks and serve as a strong foundation for
identifying both general and kernel events. BERT
and RoBERTa, as encoder-only models, excel in
token classification tasks like event detection, while
T5’s encoder-decoder structure enables the formu-
lation of event extraction as a text-to-text generation
task, providing additional flexibility. Including both
architectures allowed us to compare their relative
strengths for our specific extraction tasks.

All models were trained on an Nvidia A100
GPU, leveraging standard training frameworks. For
BERT, RoBERTa, and T5, we used the Hugging
Face transformers library (Wolf et al., 2020), which
provided pre-trained weights and streamlined fine-
tuning procedures. Each model was trained for
exactly 5 epochs, requiring approximately half an
hour per model run.

Event extraction was treated as a binary token
classification task. Each token was assigned one
of two labels: EVENT or NON-EVENT. The mod-
els, therefore, learned to directly predict whether
a given token represented an event. Recall, we
only annotated headwords; thus, only one token
per event expression was labeled EVENT, unlike
the original TimeML scheme. We used the same
setup for kernel event extraction, but with the labels
restricted to distinguishing kernel events from all
other tokens.

5.3. Generative Models
For larger generative models, we fine-tuned Llama3
(8B) (AI@Meta, 2024) and Mistral (7b) (Jiang et al.,
2023) as well as models with a larger context
window, Llama 3.2 (1B and 3B) using Parameter-
Efficient Fine-Tuning (PEFT) with Low-Rank Adap-
tation (LoRA) (Hu et al., 2021). LoRA allowed us
to update only a small subset of trainable parame-
ters while keeping the pre-trained weights frozen,
significantly reducing memory requirements. Con-
sistent with prior studies on LoRA fine-tuning of
Llama-based models (Hu et al., 2021; Zhang et al.,

2025; Greenewald et al., 2025; Mu et al., 2025), we
applied LoRA with a rank of 32. All models were
trained for 5 epochs.

These models were selected due to their im-
proved handling of longer text dependencies, mak-
ing them well-suited for kernel event extraction,
where causal relationships across the narrative play
a central role. To optimize performance, we also ap-
plied prompt engineering techniques, ensuring that
the models generated outputs aligned with event
extraction objectives.

Again, we used Nvidia A100 while fine-tuning
Llama3, and Mistral and it was conducted using
the unsloth library (Daniel Han and team, 2023),
which provides optimizations for large-scale model
training. Each model required approximately an
hour to fine-tune.

For the generative models, we framed event ex-
traction as a supervised text-to-text task. Each
training instance consisted of a prompt containing
task instructions, the narrative context, and the cor-
responding gold list of kernel events (or events).
We fine-tuned the models to generate the event
lists, aligning their outputs with the annotated to-
kens. At evaluation time, we gave the models only
the prompt and narrative text, and we compared
their generated lists of events or kernels against
the gold annotations to measure performance. The
best performing prompts for fine-tuning and evalu-
ation are documented in Appendix A.

6. Results and Discussion

We evaluated cross-domain generalization by
testing models trained on structured narratives
(Fairytales) against news text (TimeBank), and
vice-versa, to assess whether existing event ex-
traction datasets—primarily developed for news
texts—transfer effectively to narratives. We report
performance using F1 score and analyze how vari-
ous preprocessing techniques and cross-domain
evaluation impact event extraction generalizability.

Table 3 shows RoBERTa achieves best general
event extraction (F1=0.93) while Llama3 excels at
kernel extraction (F1=0.695). The lower score com-
pared to general event extraction highlights the chal-
lenge of identifying kernel events, which are sparse
in texts and require deeper contextual understand-
ing. Kernel events represent a subset of all events
and are sparsely distributed throughout a narrative.
This imbalance contributed to lower model perfor-
mance, as fewer training examples were available
for kernel event identification. For completeness,
we also tested GPT-4.1 and Claude Sonnet 4.5 in
a zero-shot setting, both yielding identical scores
(F1 = 0.35) fully driven by cases with no kernel
events, indicating general LLMs fail to extract ker-
nel events without task-specific tuning. The same
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Event - Timebank Event - Fairytale Kernel - Fairytale
P R F1 P R F1 P R F1

BERT 0.878 0.889 0.884 0.921 0.923 0.922 0.522 0.440 0.478
BERT sliding window 0.799 0.867 0.832 0.849 0.877 0.863 0.555 0.172 0.262
RoBERTA 0.848 0.907 0.877 0.937 0.934 0.935 0.588 0.294 0.392
RoBERTA sliding window 0.801 0.901 0.848 0.873 0.862 0.868 0.489 0.177 0.260
T5 0.875 0.806 0.839 0.888 0.720 0.795 0.677 0.509 0.581
T5 sliding window 0.794 0.355 0.490 0.927 0.343 0.501 0.621 0.358 0.454
Llama3 0.806 0.802 0.788 0.881 0.859 0.858 0.708 0.700 0.695
Llama3 sliding window 0.814 0.809 0.799 0.887 0.805 0.833 0.442 0.459 0.407
Mistral 0.785 0.817 0.777 0.842 0.834 0.823 0.613 0.614 0.599
Mistral sliding window 0.740 0.764 0.737 0.852 0.788 0.812 0.405 0.439 0.377
Llama 3.2 1B 0.767 0.809 0.762 0.834 0.796 0.796 0.565 0.546 0.540
Llama 3.2 1B sliding window 0.715 0.770 0.726 0.775 0.649 0.690 0.301 0.378 0.309
Llama 3.2 3B 0.809 0.816 0.791 0.779 0.844 0.792 0.599 0.592 0.579
Llama 3.2 3B sliding window 0.771 0.775 0.762 0.821 0.723 0.756 0.328 0.423 0.341

Table 3: Kernel event and event-only extraction results. Underlined bold indicates best F1 per dataset.

Dataset/Models Fairytale TimeBank Propp N2
P R F1 P R F1 P R F1 P R F1

BERT

Fairytale 0.92 0.92 0.92 0.83 0.72 0.77 0.94 0.69 0.80 0.83 0.77 0.80
Timebank 0.92 0.79 0.85 0.88 0.89 0.88 0.94 0.64 0.76 0.83 0.74 0.78
Propp 0.79 0.89 0.83 0.73 0.76 0.74 0.89 0.92 0.90 0.66 0.81 0.73
N2 0.84 0.85 0.84 0.75 0.84 0.79 0.90 0.69 0.78 0.91 0.85 0.88

RoBERTa

Fairytale 0.94 0.93 0.94 0.82 0.76 0.79 0.93 0.70 0.80 0.82 0.79 0.80
Timebank 0.89 0.83 0.86 0.85 0.91 0.88 0.94 0.64 0.76 0.87 0.76 0.81
Propp 0.84 0.87 0.86 0.77 0.68 0.72 0.89 0.90 0.90 0.70 0.80 0.75
N2 0.84 0.85 0.85 0.77 0.82 0.80 0.90 0.70 0.79 0.91 0.88 0.89

Table 4: Precision, Recall, and F1 scores for BERT (top) and RoBERTa (bottom) when trained on each
source dataset (rows) and evaluated on each target dataset (columns).

prompt used for fine tuning the models was used
for inference and provided in Appendix A.

Sentence splitting produced the best results
among preprocessing strategies, preserving event
boundaries and narrative structure. The sliding-
window method performed worse, as it truncated
sentences and dispersed event context, reducing
coherence. Since kernel events depend on sur-
rounding context and transformer-based models
are trained on full sentences, fragmentation likely
caused the performance drop.

For general event extraction, the best-performing
model trained on TimeBank achieved an F1 of
0.884 using BERT. However, when tested across
datasets as shown in Table 4, performance dropped
significantly. The best model trained on the fairytale
dataset and tested on TimeBank achieved an F1

of 0.79, while the best model trained on TimeBank
and tested on fairytale yielded an F1 of 0.85. The
drop in performance underscores the importance of
domain-specific training for event extraction tasks.

The sharp drop in performance of Fairytale-
trained models on TimeBank reveals the limits of
cross-domain event extraction. News events in

TimeBank follow different structural patterns than
the causal, logic-driven events in fairytales, high-
ligting the need for domain-specific training.

These results demonstrate that while existing
event extraction models perform well within their re-
spective domains, kernel event extraction remains
a challenging task due to the sparse relevant exam-
ples and the need for deeper contextual modeling.

Direct comparison with recent event extraction
architectures is not straightforward because those
models are designed to identify ACE or TimeML
events rather than causally central events in a nar-
rative. Kernel event detection introduces an addi-
tional layer of abstraction beyond standard event
extraction. Accordingly, our experiments focus on
establishing the first baselines across various ma-
chine learning architectures. We view this work as
defining the task and benchmark upon which future
model development can build.

6.1. Error Analysis
To better understand the limitations, we conducted
an error analysis of the best-performing model on
the 412-sentence test set. The analysis reveals
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perfect predictions in 49% of sentences, with errors
comprising: complete misses (17%), false positives
(11%), under-prediction (9%), over-prediction (6%),
partial overlap (5%), and wrong predictions (3%).

In over-prediction, the model correctly identified
the gold kernel event but added extra verbs. For
example, in sentence, “But Beauty soon recovered
her fright, for Beast having said, in a mournful voice,
"then farewell, Beauty," left the room.”, the gold
event was left, but the model predicted {‘recovered’,
‘said’, ‘left’}, reflecting over generalization to high-
frequency reporting verbs such as said or replied.

Under-prediction occurs mainly in cases of multi-
clause sentences, such as “One day, she called
them all together and said, "Dear children, I must go
out to find some food.”, where the model captured
go, but missed said. Partial overlap cases involved
near-synonyms like called instead of said while
false positives arose in sentences without kernel
events, especially when generic action verbs like
went, saw, looked appeared.

These findings indicate that the model captures
surface-level verb cues effectively but fails to dis-
tinguish causally central events to the story. Future
work should focus on improving model architec-
tures to better capture the causal dependencies
and narrative centrality of kernel events.

7. Contributions

This work introduces the first computational frame-
work for kernel event extraction, leveraging the in-
sights gained from narratology for automatic identi-
fication. We contribute a gold-standard dataset of
50 fairytales with 3,685 kernel and 13,696 TimeML
events, establishing the first benchmark for kernel
event extraction and expanding TimeML beyond its
predominant use in news data.

To support the annotation process, we developed
a comprehensive annotation guide that provides
clear criteria for identifying kernel events. This
guide not only facilitates consistent annotation but
also serves as a reference for future research in nar-
rative event extraction. Furthermore, we introduce
the first-ever kernel event extraction model, pro-
viding a computational approach to automatically
identifying these essential narrative elements. Eval-
uation across 14 model configurations establishes
baseline performance (F1=0.695) and reveals a
fundamental challenge for future research.

All datasets, annotation guidelines, and models
are made publicly available to ensure reproducibility
and to support further research in this area3.

3Code and data can be downloaded from https:
//doi.org/10.34703/gzx1-9v95/KBJBW4

8. Limitations

Kernel events do not exist in isolation. Each ker-
nel event is an effect of kernel events that came
before it and a cause of kernel events that come
after. This interconnection means that accurately
identifying kernel events requires understanding
the full context of the narrative rather than each
event in isolation.

Our current approach primarily focuses on identi-
fying kernel events at the sentence level, but it does
not fully incorporate the context of the entire text.
Since kernel events’ significance comes from their
role in the overall story progression, a more com-
prehensive approach would need to model event
dependencies across the full narrative structure.
Addressing this limitation will be the focus of our
future work. We aim to develop methods that lever-
age document-level context to improve kernel event
identification, ensuring that extracted events are
not only structurally significant but also correctly
positioned within the story’s causal framework.

In addition, the dataset mainly consists of fairy-
tales, which are relatively linear and causally ex-
plicit. Performance will likely differ on narratives
with more complex or non-linear structures. Fur-
thermore, while the annotation guidelines aim to
operationalize causal centrality, borderline cases
may introduce annotator subjectivity. Future work
should evaluate kernel event identification across
more diverse narrative domains.

9. Ethics Statement

This study adheres to ethical research practices
by utilizing publicly available narrative texts to con-
struct the dataset. While most stories are drawn
from public-domain sources, some texts are sub-
ject to copyright restrictions; in such cases, we only
release masked versions of the text together with
annotation rather than the original wording, to com-
ply with licensing requirements while preserving
reproducibility. All models used are open-weight,
allowing full release of data and code. Annotations
were conducted by paid members of our labora-
tory, ensuring fair compensation. No sensitive or
proprietary data were used, and the research com-
plies with ethical guidelines for data collection and
annotation.
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A. Prompts Used

A.1. Kernel Prompt

SYSTEM_PROMPT = """Kernel events are
important events in a story that cannot
be deleted without destroying the logic
and they keep the story moving forward.
Each kernel event either initiates or
resolves an open possibility, advancing
the story towards the climax. Kernel
events are causally linked: each event
results from a preceding one and causes
those that follow.

Your task: Identify kernel events in
the provided text.

- If there are kernel events, respond
with: "The kernel event is: [event]"
or "The kernel events are: [event1],
[event2], ..."

- If there are no kernel events, re-
spond with: "There are no kernel
events."
"""

INSTRUCTION_PROMPT = "Identify and list
all the kernel events described in the
following text."

A.2. Event Prompt

SYSTEM_PROMPT = """TimeML events are
expressions that denote actions, pro-
cesses, states, or reporting as defined
in the TimeML framework. They include
verbs or nominalizations that refer to
occurrences, situations, or states over
time.

Your task: Identify TimeML events in
the provided text.

- If there are TimeML events, respond
with: "The TimeML event is: [event]"
or "The TimeML events are: [event1],
[event2], ..."

- If there are no TimeML events, re-
spond with: "There are no TimeML
events."
"""

INSTRUCTION_PROMPT = "Identify and list
all the TimeML events described in the
following sentence."
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