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Abstract. The advent of Large Language Models (LLMs) marks a sig-
nificant breakthrough that has substantially advanced performance across
a wide range of Natural Language Processing (NLP) tasks. Event Ex-
traction (EE) is a notable beneficiary of this paradigm shift. As a long-
standing challenge in Information Extraction, EE has historically been
addressed through diverse methodologies, from early syntactic and se-
mantic rule-based systems to modern Machine Learning and Deep Learn-
ing models. Recently, LLMs have emerged as a prominent and effective
approach, primarily leveraged through two distinct strategies to boost
EE performance: data augmentation and task-specific fine-tuning, cap-
italizing on their vast pre-trained knowledge. While prior surveys have
explored generative or prompt-based models for EE, the rapid evolution
of LLMs necessitates a more comprehensive and up-to-date overview.
In this survey, we provide a detailed analysis of these LLM-based ap-
proaches. Furthermore, unlike previous works, we place a unique empha-
sis on the analysis of EE datasets, which has been insufficiently covered
in prior literature. We detail available datasets across multiple languages,
including English, Chinese, and Vietnamese. Finally, we conclude with
critical insights, highlight key challenges, and outline promising future
research directions for the field.

Keywords: Event extraction · Large language models · Event extrac-
tion datasets.

1 Introduction

Event Extraction (EE) identifies event occurrences to support Question Answer-
ing and Knowledge Base construction [25]. An example sentence from a news
article is provided as follows: “Trước đó, ngày 03/12/2019, Vingroup đã kí thỏa
thuận nguyên tắc về việc sát nhập công ty VinCommerce và công ty con VinEco
vàoMasan Consumer Holdings.” (Translation: “Previously, on December 3, 2019,
Vingroup signed a principle agreement regarding the merger of VinCommerce
and its subsidiary VinEco into Masan Consumer Holdings.”).
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For a “Merger” event triggered by “sát nhập” (merger), EE is typically decom-
posed into four sub-tasks: (1) Trigger Identification (TI) to locate the trigger
(sát nhập); (2) Type Classification (TC) to categorize the event (Merger and
Acquisition); (3) Argument Identification (AI) to find entities (Masan Con-
sumer Holdings, VinCommerce, VinEco); and (4) Argument Classification
(AC) to assign roles (Acquirer or Target).

Previous surveys have analyzed EE from various perspectives, ranging from
Machine Learning/Deep Learning methods [10] and neural taxonomies [31] to
generative approaches [23]. While broader studies like LLM4IE [32] and LLM-
for-DA [3] provide high-level panoramas of generative AI, they lack specific tax-
onomies for EE’s structural complexity. To our knowledge, no existing survey
specifically focuses on the recent advancements of LLMs in EE. Our work ad-
dresses this gap by reviewing diverse datasets and LLM-based methodologies to
identify open challenges and future research directions. Our primary contribu-
tions are:

– We present a comprehensive overview of EE approaches that incorporate
LLMs. These methods are categorized into two main perspectives: (i) using
LLMs for data augmentation, and (ii) leveraging LLMs through prompting
or fine-tuning to directly address the EE task.

– We aggregate and present EE-related datasets spanning multiple languages
and granularity levels (e.g., sentence-level, document-level). A key focus of
our survey is domain-specific datasets, an area that has received limited at-
tention in previous surveys despite its importance for real-world applications.

– By integrating insights from both data resources and methodological devel-
opments, we provide a critical analysis of LLM-based approaches, highlight
key challenges, and outline promising future research directions for advanc-
ing the EE field.

2 Event Extraction Datasets

EE resources are categorized by (i) annotation scope (sentence vs. document-
level), (ii) domain (general vs. specific), and (iii) linguistic coverage. While early
research focused on sentence-level datasets, since 2020, a shift toward document-
level resources has emerged to address cross-sentence argument dispersion and
event coreference. Additionally, beyond broad general-domain datasets, domain-
specific resources have gained importance in specialized fields like finance, phar-
macovigilance, and cybersecurity.

Fig. 1 shows the total of 15 datasets in our survey. These categorizes datasets
by analysis level and scope. Sentence-level and document-level analysis are
shown via color blocks. Solid red borders denote general-purpose datasets,
while solid blue borders indicate domain-specific ones. Dashed lines signify
language: orange for Vietnamese, pink for Chinese, and others are English.
In this study, we focus on the aspect of domain applicability, and based on this
criterion, we introduce the datasets further categorized by their annotation scope
and linguistic coverage.
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Fig. 1. Overview of Datasets Included in Our Survey

2.1 General Events Datasets

While ACE 2005 [4] remains the de facto sentence-level benchmark despite
its limited scale, the field has evolved toward large-scale, distantly supervised
corpora like MAVEN [29]. To address discourse-level complexities, document-
level datasets such as Rich-ERE [24], RAMS [6], and WikiEvents [12] have
been introduced to benchmark cross-sentence argument retrieval and corefer-
ence chains. In the low-resource landscape, BKEE [20] adapts these schemas
for Vietnamese, marking a critical step for non-English event extraction (see
Table 1).

2.2 Specific-Domain Events Datasets

Domain-specific benchmarks have evolved from pioneering templates like MUC-
4 [7] to modern corpora such as PHEE [27] (medical) and CASIE [21] (cyber-
security). Notably, Chinese resources like LEVEN [36] and Doc2EDAG [38]
now dominate in scale and document-level complexity. Conversely, Vietnamese
resources remain nascent; aside from the historical VHE [8], there is a critical
lack of modern domain-specific data (see Table 2).

2.3 Summary

Although ACE 2005, Rich-ERE, and RAMS remain cornerstone benchmarks, the
field has decisively moved toward large-scale, document-level, and multilingual
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Table 1. Comparison of General-Domain EE Datasets

Dataset Year Lang Lvl Domain #Typ #Evt Key Features / Limitations
ACE 2005* [4] 2005 EN Sent News 33 5,349 Golden benchmark. Small scale & imbal-

anced classes.
Rich-ERE* [24] 2015 EN Doc News/Forums 38 8,696 Introduced Event Hoppers. Rich entity

mention levels (NAM/NOM/PRO).
MAVEN [29] 2020 EN Sent Wiki 168 118,000 Distant Supervision from FrameNet. Mas-

sive scale but noisy labels, long-tail.
RAMS [6] 2020 EN Doc News 139 9,124 Focus on cross-sentence args. Uses

OntoNotes entities.
WikiEvents [12] 2021 EN Doc Wiki 50 3,241 Complete event coreference chains

(KAIROS ontology). Cross-sentence,
small scale.

BKEE [20] 2024 VI Sent News 33 9,000 First general Vietnamese EE dataset.
Adapted from ACE schema.

Note: * Licensed by LDC

Table 2. Comparison of Specific-Domain EE Datasets

Dataset Year Lang Lvl Domain #Typ #Evt Key Features / Limitations
English Resources
MUC-4* [7] 1996 EN Doc Terrorism 5 1,700 Pioneering template-filling dataset. Small

scale/outdated.
CASIE [21] 2020 EN Doc Cyber 5 3,903 High quality (κ = 0.81). Specialized roles

(Attacker, Victim, CVE).
PHEE [27] 2022 EN Sent Medical 2 5,019 Pharmacovigilance focus. Nested/sub-

events, subject attributes.
Chinese Resources
LEVEN [36] 2022 ZH Sent Legal 108 151,000 Largest legal EE dataset. Hierarchical

schema, long-tail, high quality.
DLEE [30] 2024 ZH Doc Legal 13 10,000 First document-level legal EE in Chinese.

Semi-automated annotation, more than
10k judgment docs.

Doc2EDAG [38] 2019 ZH Doc Finance 5 47,824 Distant supervision on ChFinAnn. Ad-
dresses multi-event & argument scattering.

FEED [11] 2021 ZH Doc Finance 5 46,960 Distant supervision from financial an-
nouncements.

DocFEE [2] 2025 ZH Doc Finance 9 >35,000 Human-AI collaborative, longest docs (avg
2,277 chars), 19,044 announcements (2020-
2024), high accuracy.

Vietnamese Resources
VHE [8] 2024 VI Sent History 35 5,213 Ancient Vietnamese historical texts (Hong

Bang dynasty). Limited modern applica-
bility.

Note: * Licensed by LDC

paradigms. Chinese domain-specific datasets now dominate in scale (LEVEN:
150,977 events, Doc2EDAG/FEED/DocFEE: >35,000 events each), while En-
glish general-domain document-level resources still hover below 10,000 events.
Vietnamese event extraction is particularly under-resourced, with only BKEE
and VHE combined offering approximately 14,000 events—both sentence-level
and lacking document-level annotations. This substantial gap presents a clear
opportunity for future work in low-resource and cross-lingual event extraction.
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3 LLM-Based Approaches

Numerous distinct approaches have been proposed for the EE task over time.
Many previous survey works have covered these methodologies in detail. In this
study, we will only provide a quick overview of these approaches, as illustrated
in Fig. 2.

Fig. 2. Overview of Event Extraction Approaches. This figure illustrates the various
methodologies proposed for the EE task, with a specific focus on the LLM-based ap-
proaches explored in our survey.

Our main focus will be to delve into the LLM-based approach, catego-
rized primarily into two classes: leveraging LLMs for data augmentation and
utilizing LLMs for model fine-tuning for the EE task. Finally, we will compile
the relevant experimental data to facilitate a comparison between LLM-based
approaches and several established baseline models for this task.

3.1 LLMs for Data Augmentation

Existing LLM-based data augmentation methods generally fall into three paradigms:
diversity-oriented generation, large-scale dataset construction, and task-aware
strategies for long-tail distributions.
Diversity and Scale. To address data scarcity, Meng et al. [17] proposed
CEAN, which synthesizes diverse training samples via schema-based compo-
sition and rephrasing. Crucially, it incorporates a contrastive learning objective
to enforce semantic consistency, mitigating the noise often introduced by gen-
erative models. Scaling this approach, Liu et al. [15] developed a collaborative
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framework where multiple LLMs perform fine-grained annotation and filtering.
By employing consensus-based voting, this method effectively converts noisy dis-
tant supervision into high-quality training data for massive event schemas.
Task-Aware and Long-Tail Strategies. Addressing the long-tail distribution
of argument roles, FineCSDA [1] introduces a dual-level augmentation strategy.
It generates synthetic samples for rare event types (sample-level) and infills miss-
ing arguments within specifically constructed contexts for rare roles (context-
level), regulated by an iterative pruning mechanism to ensure data quality. Alter-
natively, IDEAE [28] frames extraction as a conditional generation task. It com-
bines rule-based augmentation for label comprehension with Chain-of-Thought
(CoT) distillation, effectively transferring reasoning capabilities from LLMs to
smaller models to handle complex argument generation steps.
Self-Correction Mechanisms. Recently, Yang et al. [34] proposed a self-data
augmentation strategy where a single LLM performs both generation and ex-
traction to reduce resource overhead. A key contribution is the Logical Thoughts
for Self-Data Augmentation (LoTSA) mechanism, which dynamically evaluates
and revises generated samples to ensure reliability without external supervision.
Specifically, LoTSA dynamically evaluates generated samples through three log-
ical checks (consistency, completeness, contradiction) and revises low-confidence
outputs automatically.

3.2 Prompting and Fine-tuning with LLMs

This paradigm aligns general-purpose models with complex event schemas through
three primary strategies: context optimization (Prompting), parameter refine-
ment (Instruction Tuning), and hybrid system design.
Retrieval-Augmented In-Context Learning. To overcome context window
limits and hallucinations in zero-shot settings, Shiri et al. [22] optimized In-
Context Learning (ICL) using Retrieval-Augmented Examples (RAE). By dy-
namically populating prompts with semantically similar demonstrations and de-
composing the task into sequential detection steps, the framework guides the
model effectively without parameter updates. To address unseen roles and long
contexts, recent studies utilize cognitive analogies, such as HD-LoA [39], to trans-
fer knowledge across schemas. Alternatively, some approaches integrate retrieval
modules, like R-GQA [5], to locate scattered arguments prior to generation. HD-
LoA employs hierarchical decomposition of argument roles to transfer knowledge
across different schemas. R-GQA integrates a retrieval module to locate scattered
arguments before generation, significantly reducing hallucination in long docu-
ments.
Reasoning-Enhanced Instruction Tuning. For fine-tuning, recent works in-
ject expert knowledge to improve stability. EE-LCE [37] distills the “logic” of
extraction by supervising smaller models with CoT explanations generated by
GPT-4. Similarly, Srivastava et al. [26] treat extraction as guideline-constrained
code generation, directly injecting detailed Annotation Guidelines into the in-
struction prompt to enhance cross-schema generalization. Furthermore, Guideline-
Tuning [26] treats extraction as guideline-constrained code generation. While
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promising for generalization, it requires robust handling of parsing errors and
negative sampling to prevent hallucinations in real-world deployment.
Efficiency and Hybrid Architectures. Addressing computational costs, LFDe [9]
reformulates extraction as prompt-based sequence labeling, utilizing weak labels
(POS/AMR) for efficient pre-training with minimal data. Finally, to balance
precision and reasoning, LC4EE [40] proposes a hybrid “detect-then-correct”
paradigm. A specialized Small Language Model (SLM) produces initial predic-
tions, which are subsequently verified and refined by an LLM using retrieved
error-feedback rules.

3.3 Comparison with baseline models

Table 3. Performance comparison on ACE2005 (Micro-F1 %, Pred. Triggers).

Category Model Year ACE2005
Trig-C Arg-C

Baselines

OneIE[13] 2020 74.7 56.8
FourIE[18] 2021 72.8 58
DepIE[19] 2022 74.6 61.2
QGA-EE[16] 2023 - 57.9

LLM-based

CEAN [17] 2024 82.5 61.5
LLM-PEE [15] 2025 72.6 69.2
EE-LCE [37] 2024 76.3 61.9
DEE [22] 2024 81.1 58.2
LC4EE [40] 2024 77.2 54.9
Guideline-Tuning [26] 2025 80.8 60.3
R-GQA [5] 2022 - 72.8
LFDe [9] 2024 70.1 53.6

Note: Comparison is approximate due to heterogeneous protocols. Best results are bolded, second-
best are underlined.

Quantitative analysis highlights distinct performance patterns. On sentence-
level ACE2005 (Table 3), despite the generative power of recent LLMs (e.g.,
CEAN), retrieval-augmented models like R-GQA ( ≈ 72.8%) remain dominant
in argument classification. This suggests that structural priors are still essential
for precise role assignment in short contexts.

Quantitative analysis in Table 4 reveals that Prompting (HD-LoA) and Aug-
mentation (FineCSDA) methods merely match traditional baselines, hovering
around 50% Span F1. In contrast, IDEAE achieves a superior 59.6%, demonstrat-
ing the distinct advantage of Instruction Tuning. This confirms that document-
level span matching necessitates deep parameter updates rather than relying
solely on inference-based prompting.
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Table 4. Performance comparison on RAMS (Gold Triggers).

Category Model Backbone RAMS Metrics

Span F1† Head F1‡

Baselines
TSAR [33] RoBERTa-Large 51.18 58.53
SCPRG [14] RoBERTa-Large 52.32 59.66
TARA [35] RoBERTa-Large 52.51 60.86

LLM-based
HD-LoA [39] GPT-4 50.4 42.8
FineCSDA [1] BERT/GPT 49.72 56.23
IDEAE [28] Flan-T5 59.6 54.1

† Argument Identification (Span match).
‡ Argument Classification (Head match).
Note: Comparison is approximate due to heterogeneous protocols.

4 Research Challenges and Opportunities

Table 5 maps challenges to opportunities, assessing their difficulty and impact.

Table 5. Research Challenges and Opportunities

Challenge Challenges from
Literature

Research Opportunities Difficulty Impact

Data Scarcity Severe language imbalance:
Vietnamese EE is restricted
to just two datasets (BKEE
[20], VHE [8]) and lacks
domain-specific resources

Build finance & law
datasets using cross-lingual
transfer from
LEVEN/Doc2EDAG +
semi-automatic annotation

High High

Hallucination Prompting-based models
(e.g., HD-LoA [39]) show
errors in nested events

Consensus voting /
Constrained decoding /
Multi-stage Reasoning

Medium High

Computational Cost Prohibitive LLM
fine-tuning costs limit
widespread adoption

SLM + LoRA + hybrid
detect-then-correct
(LC4EE [40])

Medium Medium

Privacy & Ethics RAG calling external APIs
with sensitive data (e.g.,
legal, medical)

Parameter-efficient tuning
(LoRA) + local deployment

Low High

5 Conclusion

Our survey reviews EE development in the LLM era. Our analysis shows a shift
from general tasks to specialized domains like finance and law, while noting lim-
ited resources for languages like Vietnamese. We categorize LLM-based methods
into data augmentation and direct application through prompting or fine-tuning.
Despite remaining challenges in cost, hallucination and low-resource languages,
integrating LLMs with domain-specific requirements represents the most promis-
ing future direction. Future research should prioritize the integration of LLMs
with structured reasoning and domain-specific knowledge to overcome current
limitations in scalability, reliability, and multilingual applicability.
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