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Abstract—Large Language Models (LLMs) demonstrate signif-
icant capabilities in processing natural language data, promising
efficient knowledge extraction from diverse textual sources to en-
hance situational awareness and support decision-making. How-
ever, concerns arise due to their susceptibility to hallucination,
resulting in contextually inaccurate content. This work focuses on
harnessing LLMs for automated Event Extraction, introducing
a new method to address hallucination by decomposing the
task into Event Detection and Event Argument Extraction.
Moreover, the proposed method integrates dynamic schema-
aware augmented retrieval examples into prompts tailored for
each specific inquiry, thereby extending and adapting advanced
prompting techniques such as Retrieval-Augmented Generation.
Evaluation findings on prominent event extraction benchmarks
and results from a synthesized benchmark illustrate the method’s
superior performance compared to baseline approaches.

Index Terms—information extraction, event extraction, event
argument extraction

I. INTRODUCTION

Enhancing strategic awareness for effective military
decision-making requires processing and analysing informa-
tion from various data sources. One category of data sources of
particular interest in this work is textual data available in vast
quantities in the public domain, such as online news articles
and reports. However, handling such data sources poses sig-
nificant challenges, including issues of volume and relevance
[1]. Manual processing of the large volume and complexity
of open-source data leads to cognitive overload. However,
automated extraction of knowledge using traditional Natural
Language Processing (NLP) techniques is also a challenging
task.

Recent advances in Artificial Intelligence, especially with
the emergence of Large Language Models (LLMs), have
demonstrated an impressive ability to process and comprehend
natural language at a sophisticated level [2]. This capability
enables them to execute tasks like language generation, trans-
lation, summarisation, and beyond. Consequently, they offer
promising potential in efficiently processing and analysing
substantial volumes of data, crucial for augmenting human
decision-making and military planning [3]. Specifically, LLMs
can be harnessed to automatically extract structured knowl-
edge, such as in the form of event extraction (EE). This
not only aids human analysts in visualising and describing
complex situations in the form of a knowledge graph, but also
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facilitates automated downstream reasoning and learning for
generating actionable insights.

Despite numerous remarkable breakthroughs, the hallucina-
tion problem associated with LLMs raises significant concerns,
particularly in adopting these technologies in the defense
context [4], [5]. Hallucination refers to generating content that
strays from factual reality or includes fabricated information.
This work is focused on leveraging LLMs for automating
event extraction, toward supporting the creation of knowledge
graphs and enhancing decision-making processes. To enhance
the relevance and accuracy of the outcomes, we proposes a
new method to mitigate the hallucination problem. This is
achieved by adapting state-of-the-art prompting approaches,
such as Chain-of-Thought [6] and Retrieval Augmented Gen-
eration [7].

EE is a challenging NLP task that requires the identification
and extraction of structured event records from unstructured
text. It typically includes a trigger indicating the occurrence
of the event and multiple arguments of pre-defined roles.
As mentioned earlier, EE plays a crucial role as it provides
valuable information for various downstream tasks, including
knowledge graph construction [8] and question answering [9].

State-of-the-art generative event extraction approaches rely
on fine-tuning sequence-to-sequence models [10], [11]. These
models require large-scale annotated data which is expensive
and time-consuming to obtain. The emergence of LLMs such
as ChatGPT and GPT-4 [2] provides an opportunity to solve
language tasks using in-context learning (ICL) without the
need for task-specific datasets and fine-tuning [12]. ICL lever-
ages the concept of “learning by demonstration,” a method
where the pre-trained model is able to recognize and replicate
tasks by giving it a few examples. This phenomenon allows
the model to mimic task-specific behavior by following the
instructions and adjusting its generated responses to match the
demonstrated examples. By providing a well-devised prompt,
LLMs can therefore learn to perform EE tasks. However, the
challenge remains as to how to devise an appropriate input
prompt to be able to extract complex structured events while
minimizing the risk of hallucination.

To mitigate hallucinations generated by LLMs, we decom-
pose the EE task into two steps: Event Detection (ED) and
Event Argument Extraction (EAE). We utilize schema-aware
prompts, including granular instructions and the most relevant



Enriched Prompt ]—\
Instructions:

Aask Description: Extract the the listof event types anh
their trigger words from input text.

Output Format: Each structured event confains an event
type and its trigger enclosed within curly brackets,
{event_type, trigger}.

Event definitions:

Life.Injure: This event occurs whenever a PERSON
Entity experiences physical harm.

Conflict.Attack: This event is defined as a violent

physical act causing harm or damage. /
Retrieval-augmented Examples:
Input: Last year 's Bali bombings , which killed 202 people ,
illustrated thethreat of terrorism in Indonesia.

Output: [{event type: Life.Die, trigger: killed},
{event_type: Conflict.Attack, trigger: bombing} ]

{}

Input: Two 13-year-old children were killed in the Haifa bus
bombing , Israeli public radio said , adding that most of the
victims were youngsters.

Query Instance:

Q

Y

Output: [{event type: Life.Die, trigger: killed},
{event_type: Conflict.Attack, trigger: bombing}]

Fig. 1. An example of enriched prompt for event extraction using GPT-
4. GPT-4 is tasked with query instances based on provided instructions,
event type definitions, output format, and retrieval-augmented examples in this
scenario. These examples are the most similar instances to the query instance
retrieved from the existing knowledge base. GPT-4 is expected to produce
responses for each query instance without any prior training on the specific
task or data. (For simplicity, we only show the first step, Event Detection).

demonstration examples, called retrieval-augmented examples,
tailored to the query instance.

Figure 1 displays an example of event detection performed
by the GPT-4 model using a retrieval-augmented prompt. The
input instance and the target events are both taken from the
ACE2005 dataset [13].

In summary, our contributions are as follows:

o We construct automatic retrieval-augmented prompts for
event detection and argument extraction sub-tasks on both
high-resource and low-resource situations.

o Instead of relying only on task description and out-
put options, our enriched prompt integrates extraction
rules, specifies output formats, and provides retrieval-
augmented examples to provide LLMs with an in-depth
understanding of the structured extraction tasks.

o We synthesize a new event benchmark called Mar-
itimeEvent with 10,000 data points. We evaluate our
proposed framework on popular EE benchmarks and our
MaritimeEvent benchmark. The results demonstrate its
advantages over baselines.

o Through detailed analysis and case study, we demonstrate

the essential role of retrieval augmentation in boosting EE
performance.

II. BACKGROUND
Our approach is related to two lines of research.

A. Generative Event Extraction

Traditional event extraction methods required fine-grained
(token-level and entity-level) annotations [14], [15], [16]. Re-
cent generative approaches tackle this problem as a sequence-
to-sequence learning problem referred to as End-to-End event
extraction [10], [17]. TANL [18] and GRIT [19] employ
neural generation models for event extraction by focusing on
sequence generation. While TEXT2EVENT [10] and KC-GEE
[20] focus on structure generation, TEXT2EVENT directly
generates event schema and text spans to form event records
via constrained decoding.

B. Event Extraction with LLMs

LLMs are central to NLP due to their impressive perfor-
mance on numerous tasks [21]-[23]. LLMs are inherently
context-sensitive, they may produce different responses based
on the specific formulation of the prompt. By carefully crafting
and refining prompts, the capabilities of LLM can be fully
utilized, tailoring the outputs to match the nuances of diverse
tasks and objectives.

Chain-of-Thought (CoT) [6] is an enhanced prompting
approach designed to enhance the proficiency of LLMs in han-
dling intricate reasoning tasks, including arithmetic reasoning
[24], commonsense reasoning [6].

Despite the potential benefits of LLMs in context learning
(ICL), existing literature has limitations in evaluating these
models’ efficacy for this task. The most relevant to our
research is leveraging ChatGPT for the information extraction
task [25], [26], including event detection [27], and event
argument extraction [28], [29]. These papers mainly focus on
either curating new benchmark datasets [30] or benchmark-
ing ChatGPT’s performance with simple instructions without
detailed extraction guidelines. The latter reports results that
are inferior to those achieved by specialized supervised EE
systems [25], [26].

Instead of using a single instruction to extract multiple
information types, [30] propose fine-grained IE prompting
for each information type extraction. For example, in the
case of entity extraction, they manually craft fine-grained
instructions for each event type and argument in the dataset.
However, this approach demands substantial effort and results
in lengthy context prompts for LLMs. In contrast, we propose
a prompting strategy that includes granular instructions along
with automatic retrieval augmented examples which are vital
for adapting to EE tasks.

III. APPROACH
We propose an end-to-end framework that extracts the struc-

tured events records from input text in two steps using LLMs.
Figure 2 illustrates a high-level overview of our approach.
Given the query instance, our system generates the embedding



representation of the query instance and uses Facebook Al
Similarity Search (FAISS) [31] to prioritize and retrieve the
top K instances from the training dataset that demonstrate
the highest similarity to the query. These retrieved examples,
combined with the granular instructions in both the ED prompt
and EAE prompt, are fed into the LLMs for event extraction.
In the following, we explain each component of our framework
in detail.

A. Task Decomposition

LLMs have advanced text input capabilities, yet encounter
challenges in retrieving accurate information from lengthy
contexts [32], [33]. The “lost in the middle” issue significantly
impacts their accuracy, especially when accurate information is
positioned within the middle of the text. Extracting structured
events from text, especially from documents, necessitates
providing task instructions, schema, extraction rules, event
and argument definitions, output format, and demonstration
examples. However, this lengthy prompt may challenge LLMs,
potentially leading to inaccuracies in event extraction.

Decomposed prompting was proposed to solve complex
tasks by decomposing tasks (via prompting) into simpler
sub-tasks [34]. Each sub-task is tackled in sequence, with
the outcome appended before progressing to the next [35].
Inspired by this research direction, we address the challenge
of long-context comprehension in LLMs by breaking down
Event Extraction (EE) into two sub-tasks: ED which focuses
on identifying event triggers and event types, and EAE which
deals with extracting event arguments for predefined roles.
For each sub-task, we design specific prompts, along with
demonstration examples. Figures 3 and 4 showcase two exam-
ples of our enriched prompts for the ED and EAE sub-tasks,
respectively. We examine the efficacy of this decomposed
prompting approach within the context of EE in Section VI-1.

B. Granular Instructions

An essential function of LLMs is their ability to execute
natural language instructions, often referred to as zero-shot
prompts [36]. The capability of LLMs to precisely understand
and execute natural language instructions, especially structured
information extraction is vital, ensuring both the accuracy of
the outcomes and the reliability of their executions. Ambigu-
ous or inadequate instructions can result in unintended out-
comes, potentially leading to serious consequences. Therefore,
it is crucial to offer granular and comprehensive instructions
when interacting with an LLM.

In order to extract accurate structured events from text, we
provide enriched prompts including task description, schema,
extraction rules, event types and argument definitions, output
format, and demonstration examples for each sub-task. Figures
3 and 4 show detailed instructions of both ED and EAE sub-
tasks.

C. Retrieval Augmented Examples (RAE) for Prompt Enrich-
ing

A significant benefit of ICL, in contrast to traditional fine-
tuning methods, is its decreased dependency on extensive

amounts of annotated data. A straightforward yet potent
implementation of ICL is through one-shot and few-shot
prompting. These methods employ standardized examples that
remain consistent across all input instances, irrespective of
their relevance. However, this may lead to a lack of flexibility
in understanding diverse contexts and specific input variations,
resulting in suboptimal performance.

We address this problem by dynamically adapting and
refining LLMs’ understanding based on the specific context
of each input instance. While ICL does not necessitate a large
scale labeled dataset as in fine-tuning methods, the inclusion of
a retrieval mechanism allows such external data, if available,
to serve as a valuable resource. This facilitates the discovery
of contextually relevant examples for input instances, thereby
enhancing the performance of ICL. The retrieval of examples
from the existing labeled data for the EE task can be facilitated
through several search mechanisms. The choice of a specific
example retriever is non-trivial, as it significantly impacts
the retrieved examples and their subsequent contribution to
task execution. Drawing inspiration from Retrieval Augmented
Generation (RAG) [7], which incorporates the retrieval of
external data into the generative process, we retrieve instances
from the existing set corresponding to each query. Our ap-
proach mirrors the conventional process of indexing, retrieval,
and generation, aligning with the methodology employed in
RAG.

The first step in our approach is to transform existing
instances into vector representations through an embedding
model. We employ three different embedding techniques
discussed in section V. Next, the encoded instance vectors
are indexed using the IndexFlatL2 structure provided by
FAISS.! Upon receipt of a user query, the system employs
the same encoding model utilized during the indexing phase
to transform the input query into a vector representation. It
then proceeds to compute the similarity scores between the
query vector and the vectorized existing instances within the
indexed corpus. The system prioritizes and retrieves the top K
instances that demonstrate the highest similarity to the query.
Finally, the retrieved context combined with the prompt is fed
into the LLMs for event extraction.

IV. EXPERIMENTS

A. Experimental Setup

Dataset. We carry out experiments on two popular event
extraction datasets: the sentence-level dataset Automatic Con-
tent Extraction 2005 (ACEO5-EN) [13], and the document-
level dataset: WIKIEVENTS [37]. It is worth noting that
WIKIEVENTS presents significant challenges due to three
factors. (1) Each instance in ACEO5-EN contains only one
sentence, whereas instances in WIKIEVENTS are documents.
(2) Almost every instance in ACEQ5-EN contains only one
event, whereas multiple events could be present in one instance
in WIKIEVENTS. (3) The amount of training data in ACEOQS5-
EN is more than 77 times greater than that in WIKIEVENTS.

IFAISS is an open-source library for dense vector clustering and similarity
search.
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Fig. 2. An illustration of our end-to-end framework for event extraction, which performs event detection and event argument extraction jointly. The details
of the Event Detection Prompt and Argument Extraction Prompt are shown in Figures 3 and 4.

Additionally, to evaluate our method in a new domain,
we synthesized a new event dataset called MaritimeEvent.
We collected 100 maritime-related reports containing multiple
sentences and single or multiple events. We manually designed
the Maritime schema, which contains 16 different event types,
depart, arrive, monitor, kidnap, robbery, escort, block,
detach, commence, transmit, cease, alter_course, detect,
pass, transit, and hail, and 6 argument types, date, time,
location, shiptype, shipname and destination. Figure 6
illustrates two maritime samples. We use ChatGPT (gpt-3.5-
turbo via OpenAl API) to synthesize approximately 10,000
diverse maritime reports. The prompt template for synthesizing
a report is shown in Figure 5. To generate each report, we
begin by randomly selecting a subset of samples from the 100
available demonstration examples as seed examples. Addition-
ally, we choose one or a few event types, along with their
corresponding arguments, from the provided lists to replace
the placeholders in the prompt template. For the experiments,
the temperature of ChatGPT (gpt-3.5-turbo) is set to 1.6
to synthesize maritime reports with relatively high diversity.
We set the maximum number of tokens to 4000. Figure 6
illustrates an original maritime report and a synthesized one
from the MaritimeEvent dataset. The statistics of all datasets
are provided in Table I.

Evaluation Metrics. The results are reported using F-
measure (F-1) score metrics for both event detection (Trig-
C) and argument extraction (Arg-C). Trig-C indicates trigger
identification and event type classification. Arg-C indicates
argument identification and role classification.

Baselines. To validate the proposed approach through exper-

TABLE I
STATISTICS OF THE EVENT EXTRACTION DATASETS USED IN THE PAPER,
INCLUDING THE TYPE OF INSTANCES, EVENTS PER INSTANCE, AND THE
NUMBER OF INSTANCES IN DIFFERENT SPLITS.

Dataset Train Dev Test  Instance #Events
ACEO05-EN 17,172 923 832 One sentence Single/Multiple
WIKIEVENTS 206 20 20 Document Multiple
MaritimeEvent 9851 8851 1000  Multi-sentence ~ Multiple

imental comparison, we selected the following event extraction
models as the baselines:

o Text2Event [38]: We compare our method with
Text2Event, which is a framework that utilizes TS models
[39] to approach event extraction by framing it as a
sequence-to-sequence generation task. In this method, all
triggers, arguments, and their corresponding labels are
generated as natural language words.

o OntoGPT [40] is a tool for extracting knowledge from
text by recursively querying an LLM such as GPT-3
to obtain responses using zero-shot learning. OntoGPT
applies a knowledge schema on the input text and returns
information conforming to the knowledge schema. To
utilize this tool for EE, we manually created the LinkML
[41] schema for the datasets for the evaluation of the
OntoGPT model.

o Fine-Grained IE [30]: We compare our method with
the Fine-Grained IE approach that benchmarks LLMs
for Information Extraction (IE) by incorporating detailed
instructions and examples for each information type.



{ Event Detection Prompt ]

)

Task Description: You are an assistant that helps extract the list of event types and their trigger words from input text.

Extraction Rules:

- Limit responses to event types and their triggers only.
- Refrain from providing additional explanations.
- Do not enumerate the list.

Retrieval-augmented Examples:
Report: <report 1>
Events: [<event 1>}

Report: <report 5>
Events: [<event 5>}
Examples end here.

- Each instance should contain a minimum of one event and a maximum of four.

Event Type Definitions. The possible event types and their definitions are as follows:
Movement.Transport: This event occurs whenever an ARTIFACT (weapon or vehicle) or a person is moved from one place to another.
Life.Injure: This event occurs whenever a PERSON Entity experiences physical harm.
Conflict.Attack: This event is defined as a violent physical act causing harm or damage.

Output Format: Each event contains an event type and its trigger enclosed within curly brackets, {event_type, trigger}.

Fig. 3. An illustration of our granular Instructions and placeholder for retrieval augmented examples within the ED prompt

(

l Argument Extraction Prompt ]

)

Task Description: You are an assistant that helps extract the list of arguments for each event from input text.
Detected Events: [{event_type: Conflict. Attack, trigger: bombing}, {event type: Life.Die, trigger: killed} ]

Extraction Rules:

- Limit responses to arguments of detected event types only.
- Refrain from providing additional explanations.
- Do not enumerate the list.

The device used to kill Place: Where the death takes place

Retrieval-augmented Examples:
Report: <report 1>
Events: [<event 1, arguments 1>}

Report: <report 5>
Events: [<event 5>,arguments 5>}

Examples end here.

- Each instance should contain a minimum of zero argument and a maximum of 6 arguments.

Argument Definitions. The possible event types and their arguments are as follows:
Life.Die: This event has four arguments (Agent, Victim, Instrument , Place) Agent: The attacking agent / The killer Victim: The person(s) who died, Instrument:

Conflict.Attack: This event has four arguments (Attacker, Target, Instrument, Place). Attacker: The attacking/instigating agent, Target: The target of the attack,
Instrument: The instrument used in the attack, Place: Where the attack takes place
Output Format: The output should be a list of arguments for each event type enclosed within curly brackets, {event type, arguments: [Argl, Arg2, Arg3,..]}.

Fig. 4. An illustration of our granular Instructions and placeholder for retrieval augmented examples within the EAE prompt

V. EVALUATION

This work aims to improve the automated extraction of
events from text by leveraging LLMs. First, we utilize the
global knowledge of LLMs through zero-shot prompts with
minimal context for EE. Secondly, we evaluate LLMs in a few-
shot settings in which we add a few demonstration examples
to guide LLMs to extract more accurate structured events
from text. Finally, we show that when combined with local
knowledge through dynamic retrieval augmented examples
(the most related examples to each query text), LLMs are
effective in the field of EE. Table II shows the impact of
different types/number of demonstration examples within the
prompt for both ED and EAE steps on three datasets.

In zero-shot prompting, the LLM is provided with direct
instruction without any additional examples. LLMs show a
clear ability to learn from the context within prompts, un-
derscoring the importance of incorporating relevant examples.
In few-shot prompting we extend the number of examples to
one and five canonical examples, aiming to provide additional
context for the model to learn from. When applying retrieval
augmented examples, both the F1 score of DE and EAE
improves significantly across all LLMs, observed consistently
in both ACE05-EN and MaritimeEvent datasets, characterized
by a large number of instances in the training set. However,
the gap remains small for the WikiEvent dataset due to a very
small number of available instances (total of 206).



{ Prompt Template for Maritime Data Generation }

Instruction: Given the list of events and their arguments, generate a corresponding maritime report. Produce a report that is diverse, drawb

Examples:

Events: [<sample event 1>}
Report: <Report 1>

Events: [<sample event 2>}
Report: <Report 2>

Events: [<sample event 3>}
Report: <Report 3>
Examples end here.

from the examples provided here. Each report may have more than one event.

Event: [ {event_type : <event_typel> arguments: [date: <datel>, time: <time1>, location: <Location1>,first_entity: <ship type1 or/and
ship name1>, second_entity: <ship type2 or/andship name2>, destination: <destination1>1},
{event_type : <event_type2> arguments: [date: <date2>, time: <time2>, location: <Location2>, first_entity: <ship type3 or/andship

name3>, second_entity: <ship type4 or/andship name4>, destination: <destination2>]} |

Report:

Fig. 5. Prompt template for synthesizing maritime reports.

[ Original Sample }

Report: On Oct 29, 2023, ADL ship ACCOLADE departed Adelaide for Melbourne. 2 X MEL vessels commenced escorting
ADL vessel. ADL ship observed to require an adjustment in engineering mode to proceed with their designated path.

Events:

[{event_type: depart, arguments: [date: Oct29,2023, location: Adelaide |, first_entity: ADL ship ACCOLADE , destination: Melbourne]},
{event_type: escort, arguments: [first_entity: 2 X Mel vessels, second_entity: ALD vessel] },

{event_type: alter_course, arguments: [First_entity: ALD ship] }]

(

L Synthesised Sample

— )

Events:

[ {event_type: monitor, arguments: [date: March 01, 2023, time: 18:20, location: Abbot Point, first_entity: maritime authorities'

vessel, second_entity: Seafarer's Pride vessel ]},

{event_type: cease, arguments: [First_entity: Seafarer's Pride, , second_entity: : maritime authorities' vessel] } |

Report: On March 01, 2023, at 18:20, A maritime authorities’ vessel started monitoring Seafarer's Pride vessel in the vicinity
of Abbot Point. Seafarer's Pride was intercepted and detained by maritime authorities’ vessel for suspected illegal activities

pending inspection.

Fig. 6. Samples of original maritime reports and synthesized ones from MaritimeEvent dataset.

VI. ANALYSIS

In this section, we conduct comprehensive studies to analyze
the design of our method from different perspectives.

1) Impact of Decomposed Prompting: For a complex and
challenging EE task, to enhance the performance of our
approach, we design effective demonstration examples using
RAE, and further, decompose the task into simpler sub-tasks
via prompting. Table II presents OurSyithout Decomp, indicating
the performance of our proposed approach utilizing gpt-
3.5-turbo without prompt decomposition across two datasets,
ACEOQO5-EN and MaritimeEvent. In this experiment, we aim
to extract all event types, their triggers, and corresponding
arguments in a single step. Consequently, the prompt neces-
sitates the inclusion of all schema information, encompassing
event-type definitions and their arguments. Conversely, in a
two-step decomposed prompting strategy, we utilize the event
type definitions in the ED prompt (Step 1) to detect the event
type. In the second step, we only incorporate the schema
information of the detected events in the previous step in the
EAE prompt (Step 2). It is important to note that for document-
level EE, a full prompt would be excessively lengthy, requiring

the utilization of a costly OpenAl model (e.g., gpt-4-32k)
for execution. For instance, employing decomposed prompting
in a 5-shot RAE setting using ChatGPT(gpt-3.5-turbo) can
improve F1 scores for ED and EAE in the ACEO5-En dataset
by 8.3 and 4.64 points, respectively.

2) Impact of Embedding Methods in Retrieval Augmented
Examples: We utilize three different state-of-the-art embed-
ding techniques to encode the existing instances as follows:

« text-embedding-ada-002 (ADA-002). ADA-002 [44]
is OpenAl’s second-generation embeddings-as-a-service
API endpoint model specifically adapted for text embed-
dings. By default, the size of the embedding vector of
ADA-002 is 1536. ADA-002 is recommended by OpenAl
for text similarity tasks. To retrieve the most relevant
instances, ADA-002 uses the cosine similarity between
the embedding vectors of the query instance and each
instance in the training dataset and returns the highest-
scored instances.

o Universal Sentence Encoder (USE). USE [42] is a
widely used sentence encoding model released by Google
that provides sentence-level embedding vectors imple-



TABLE I
EXPERIMENT RESULTS ON THREE DATASETS. TRIG-C INDICATES TRIGGER IDENTIFICATION AND CLASSIFICATION. ARG-C INDICATES ARGUMENT
IDENTIFICATION AND CLASSIFICATION. THE EVALUATION METRIC IS F1-SCORE. *: THIS MODEL WAS FINE-TUNED ON THE TRAINING DATASET. THE
LLMS WERE TESTED USING DIRECT IN-CONTEXT LEARNING AND WERE NOT TRAINED OR FINE-TUNED.

ACE205-EN
Prompt type Zero-shot One-shot 5-shot 5-shot RAE
Model Language Model Trig-C Arg-C Trig-C Arg-C Trig-C Arg-C Trig-C Arg-C
Text2Event * [38] ~ TS-large 7 719 538
OntoGPT [40] ChatGPT 43.58 20.56 52.38 31.7 66.53 38.55 70.43 44.68
GPT-4 50.14 24.79 60.46 43.04 72.92 47.09 7791 51.07
Fine-Grined IE (30] _ ChaGPT 3738 _ 739 | S0 1464 _ 7L7 s
OurSyjithout Decomp ChatGPT 38.08 7.39 56.11 16.61 68.05 33.87 69.19 45.43
Llama2-7B 1346 531 1867 963 2396 1661 3049 1858
Ours ChatGPT 44.08 19.96 58.33 32.80 71.74 42.88 74.55 50.07
GPT-4 49.87 25.98 63.27 45.51 75.91 51.95 81.09 58.24
MaritimeEvent
Prompt type Zero-shot One-shot 5-shot 5-shot RAE
Model Language Model Trig-C  Arg-C  Trig-C Arg-C Trig-C Arg-C Trig-C Arg-C
Text2Event * [38] _ T5-large 7852 5934
OntoGPT [40] ChatGPT 51.63 36.99 64.63 42.49 68.89 46.5 71.25 50.94
GPT-4 55.04 45.05 69.04 48.15 74.69 51.69 80.41 55.90
OuSussmu b CHGPT 3808 739 | 5611 _ 1661 _ 6956 | 3387 999 _ 4043
Llama2-7B 18.78 9.56 25.78 14.56 31.05 18.92 40.97 24.87
Ours ChatGPT 50.56 38.17 63.56 45.17 68.32 49.28 74.39 55.67
GPT-4 55.23 44.78 70.23 50.78 75.61 55.33 84.32 60.79
WikiEvent
Prompt type Zero-shot One-shot 5-shot 5-shot RAE
Model Language Model Trig-C Arg-C Trig-C Arg-C Trig-C Arg-C Trig-C Arg-C
Text2Event * [38] _ T5large 2934 1741
OntoGPT [40] ChatGPT 33.67 19.75 46.68 32.55 54.93 32.89 55.69 40.9
JGPT4 ____4LSS 2967 5565 4378 6099 4587 6138 4491
Llama2-7B 10.30 6.42 16.30 9.72 21.06 13.58 20.55 14.05
Ours ChatGPT 39.08 24.96 48.08 36.85 56.73 40.96 57.89 41.07
GPT-4 42.66 29.39 56.27 40.68 63.92 45.60 64.65 45.96
TABLE III VII. CONCLUSION

IMPACT OF EMBEDDING STRATEGY ON PERFORMANCE OF OUR APPROACH
USING GPT-4-TURBO. ACEO5-EN IS USED FOR THIS EXPERIMENTS.

Embedding Model = Embedding Vector(size) Trig-C Arg-C
USE [42] 512 77.52 56.78
RoBERTa-base [43] 768 78.87 56.34
ADA-002 [44] 1536 81.09 58.24

mented using a transformer. USE embeds each sentence
with a 512 vector representation.

+ RoBERTa-base. RoBERTa-base [43] is a pre-trained
model for text embedding. By default, it represents a
sentence or paragraph by a vector with a length of 768.

Next, the encoded instance vectors are indexed using the
IndexFlatL2 structure provided by Facebook AI Similarity
Search (FAISS). Table III illustrates the performance of our ap-
proach using gpt-4-turbo when we utilize different embedding
models on the ACEO5-EN dataset. We observed that ADA-
002 encodes the instances into vectors with the highest size,
which is 1536. It is evident that encoding instances using the
ADA-002 model achieves the highest F1 scores in both the
ED and EVA sub-tasks.

This work addresses the challenges of structured event
extraction from natural language data. Our approach leverages
the capabilities of LLMs for textual understanding and en-
hances the accuracy of extracted events by integrating prompt
enrichment techniques inspired by prompt decomposition and
Retrieval Augmented Generation. Our findings reveal that
utilizing LLMs enriched with schema-aware granular instruc-
tions and the retrieved augmented examples for the query
substantially enhances performance. This heightened accuracy
in event extraction enhances the reliability and effectiveness of
automated knowledge graph construction and visualization of
knowledge graphs, thereby supporting downstream reasoning
and facilitating the decision-making process.
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