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Abstract

In this study, we explore in-context learning
(ICL) in document-level event argument ex-
traction (EAE) to alleviate the dependency on
large-scale labeled data for this task. We in-
troduce the Heuristic-Driven Link-of-Analogy
(HD-LoA) prompting tailored for the EAE
task. Specifically, we hypothesize and vali-
date that LLMs learn task-specific heuristics
from demonstrations in ICL. Building upon this
hypothesis, we introduce an explicit heuristic-
driven demonstration construction approach,
which transforms the haphazard example selec-
tion process into a systematic method that em-
phasizes task heuristics. Additionally, inspired
by the analogical reasoning of human, we pro-
pose the link-of-analogy prompting, which
enables LLMs to process new situations by
drawing analogies to known situations, enhanc-
ing their performance on unseen classes be-
yond limited ICL examples. Experiments show
that our method outperforms existing prompt-
ing methods and few-shot supervised learning
methods on document-level EAE datasets. Ad-
ditionally, the HD-LoA prompting shows effec-
tiveness in other tasks like sentiment analysis
and natural language inference, demonstrating
its broad adaptability 1.

1 Introduction

Document-level Event Argument Extraction (EAE)
aims to transform unstructured event information
from documents into structured formats encapsu-
lating event arguments, facilitating their interpreta-
tion and application in various domains (Grishman,
2019). The prevalent approach for this task relies
on the collection of labeled data and the subse-
quent model training via supervised learning (Ren
et al., 2023; Liu et al., 2023a; Pouran Ben Veyseh
et al., 2022; Zhou and Mao, 2022; Du and Cardie,

*Corresponding author.
1Our code is available at https://github.com/hzzhou01/HD-

LoA-Prompting

2020a). While effective, this approach comes with
the significant drawback: it necessitates a substan-
tial amount of training data, which is particularly
burdensome and costly given the complexity inher-
ent to document-level EAE.

In this context, in-context learning (ICL) (Brown
et al., 2020; Liu et al., 2022; Zhou et al., 2022), an
emergent ability of large language models (LLMs),
offers a promising alternative to supervised learn-
ing. ICL alleviates the need for large-scale data as
it only uses a few examples as input-output pairs of
the prompt to guide LLMs in performing the task
on an unseen example.
However, applying ICL to document-level EAE
presents numerous challenges. The ICL perfor-
mance is highly sensitive to the design of in-context
demonstrations, such as the selection of examples
and the formatting of reasoning steps (Zhang et al.,
2023, 2022; Fu et al., 2022). Consequently, several
crucial challenges emerge concerning the prompt-
ing strategy:
1) Example Selection Challenge. Selecting op-
timal in-context examples for ICL is pivotal, yet
the understanding of what LLMs learn from these
examples remains largely under-explored (Wang
et al., 2023; Dong et al., 2022). This gap leads to a
lack of systematic guidelines, resulting in a disor-
ganized and inefficient example selection process.
2) Context Length Limit. In document-level EAE,
selecting multiple documents as ICL examples
could significantly extend the context length, po-
tentially surpassing the token limit of LLMs.
3) Abundance of Event Types. The EAE task can
involve more than a hundred distinct event types
and argument roles. Yet, ICL examples can only
capture a narrow subset, leaving the majority of
argument roles unseen. Handling unseen classes
beyond limited ICL examples is a common prob-
lem in classification tasks with diverse class types.
4) Prompting Strategy for Non-reasoning Task.
While the chain-of-thought (CoT) prompting is
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Figure 1: CoT’s step-by-step reasoning degrades to a
single step for non-reasoning tasks. Reasoning steps of
reasoning tasks (in orange) and non-reasoning tasks (in
blue) are compared. Different colors indicate distinct
reasoning steps. Prompts are from (Shum et al., 2023).

Figure 2: Heuristics are implicitly embedded within
explanations of in-context examples.

extensively used across a variety of tasks, its ef-
fectiveness is compromised in non-reasoning sce-
narios. As shown in Figure 1, applying CoT to
non-reasoning tasks will degrade its step-by-step
reasoning into an potentially inadequate single-step.
Consequently, there is a need for prompting strat-
egy tailored for non-reasoning tasks.

In this work, we put forward a novel hypothesis
that LLMs learn task-specific heuristics from exam-
ples and validate it through experiments. Building
upon this hypothesis, we propose heuristic-driven
link-of-analogy prompting to address the aforemen-
tioned challenges. To elaborate:
We propose and empirically validate the hypoth-
esis that LLMs learn task specific heuristics

from examples in ICL. Heuristics, defined as ’a
high-level rule or strategy for inferring answers
to a specific task’, play a crucial role in human
cognition. Humans use heuristics as efficient cog-
nitive pathways, which often lead to more accurate
inferences than complex methods (Gigerenzer and
Gaissmaier, 2011; Hogarth and Karelaia, 2007).
Similarly, in supervised machine learning (ML)
systems, models also learn task-specific patterns
through training (Shachaf et al., 2021; Najafabadi
et al., 2015). Drawing a parallel, we hypothesize
that LLMs learn task-specific heuristics from expla-
nations of in-context examples to aid inference. We
qualitatively illustrate how heuristics are implicitly
embedded in explanations of in-context examples
in Figure 2, and quantitatively validates our hypoth-
esis with experiments detailed in Section 2.
Notably, while drawing parallels to supervised ML,
ICL is fundamentally different from supervised ML
in mechanism: supervised ML learns and updates
model parameters during training, whereas LLMs
do ICL with all parameters frozen. Therefore, un-
derstandings of supervised ML systems (e.g. pat-
tern learning) are not applicable for ICL (Min et al.,
2022; Akyürek et al., 2022), which necessitates
distinct explorations on the mechanism of ICL.
We propose a heuristic-driven demonstration
construction method. Based on our hypothesis,
task heuristics are crucial for the ICL performance
of LLMs, yet they are often implicitly conveyed
through examples. This implicitness complicates
the examination of whether demonstrations contain
diverse heuristics and leads to uncertainty about
whether LLMs have recognized these heuristics.
Furthermore, the selection of in-context examples
remains an underexplored challenge for ICL. To
address these issues, in parallel with human’s ex-
ploitation of explicit heuristics, our method ex-
plicitly incorporates task heuristics into demonstra-
tions, transforming the haphazard example selec-
tion process into a systematic method that empha-
sizes task heuristics.
We propose the link-of-analogy prompting
method that is suitable for non-reasoning tasks.
To address the aforementioned challenges of abun-
dance of event types in EAE and the limitations of
CoT prompting on non-reasoning tasks, we present
the link-of-analogy prompting. Inspired by the ana-
logical reasoning––a core mechanism of human
cognition, this approach enables LLMs process
new situations (new classes) through drawing an
analogy to known situations (known classes). Em-
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pirical results demonstrate its effectiveness in en-
hancing the ICL performance for classes not seen
in ICL examples.
Our contributions are as follows:

• We introduce a pioneering work to prompting
strategies for the document-level EAE, show-
casing significant accuracy improvements on
two document-level EAE datasets compared to
prompting methods and few-shot supervised
learning methods.

• We investigate what LLMs learn from ICL,
and unveil a new insight that LLMs learn task-
specific heuristics from ICL examples.

• We propose an heuristic-driven demonstration
construction approach, tackling the example se-
lection issue with a fresh perspective on task
heuristics, facilitating explicit heuristic learn-
ing in ICL. Furthermore, we propose the link-
of-analogy prompting, which allows LLMs to
process new situations by drawing analogies to
known situations.

• To further evaluate the adaptability of our
method, we validate it on the sentiment analysis
and natural language inference tasks, achieving
notable accuracy enhancements.

2 What do LLMs learn from the
demonstration?

The understanding of what LLMs learn from the
demonstration of ICL remains an open question.
In this work, we hypothesize that LLMs learn
task-specific heuristics from examples in ICL.
We validate this hypothesis with carefully designed
experiments in three aspects.

2.1 Correlation between Example Quantity
and Heuristic Diversity in Well-Designed
Prompts

Our first experiment operates on the assumption
that if LLMs indeed learn task-specific heuris-
tics from demonstrations, then successful prompts
should inherently incorporate a diverse range of
heuristics in their examples, as these heuristics are
learnable for LLMs. To examine this proposition,
we assess both the quantity of examples and the
quantity of different embedded heuristics within
prompts from published papers.

To objectively identify the number of implicit
heuristics embedded in prompts, we employ GPT-4

to recognize the embedded heuristic for each ex-
ample and to determine if it is a shared heuristic
across multiple examples. An detailed example of
the prompt we used and the heuristics identified by
GPT-4 can be found in Appendix D.

We investigate the correlation between the num-
ber of examples in a prompt and the number
of embedded heuristics within the same prompt,
analyzing six SOTA prompting methods applied
across three distinct datasets. Specifically, prompt-
ing methods including CoT (Wei et al., 2022),
Automate-CoT (Shum et al., 2023), Auto-CoT
(Zhang et al., 2023), Iter-CoT (Sun et al., 2023),
Boosted (Pitis et al., 2023), Active-CoT (Diao et al.,
2023) are investigated and datasets of common-
sense reasoning and arithmetic reasoning are evalu-
ated. Our findings in Figure 3 reveal that: in well-
designed prompts, the number of heuristics closely
matches the number of examples. Furthermore,
the number of heuristics in carefully constructed
prompts significantly exceeds that in randomly con-
structed prompts. This observation substantiates
our statement that successful prompts indeed em-
bed a wide array of heuristics in examples.

2.2 Comparing Diverse-Heuristics and
Single-Heuristic Strategies

The second experiment empirically evaluates how
the diversity of heuristics within examples impacts
ICL performance of the LLM. This experiment is
premised under the assumption that if LLMs cannot
learn heuristics from demonstrations, then demon-
strations featuring multiple heuristics should yield
similar performance with those incorporating a sin-
gle heuristic, as heuristics cannot be utilized. To ex-
plore this, we compare two distinct example selec-
tion strategies. The single-heuristic strategy formu-
lates prompts where all explanations of examples
follow a same heuristic. Conversely, the diverse-
heuristic strategy constructs prompts where all ex-
planations of examples exhibit different heuristics.
We construct prompts that follow these two strate-
gies based on prompts in Diao et al. (2023); Shum
et al. (2023).

The performance comparison of prompts con-
structed by the two different strategy on the Strate-
gyQA (Geva et al., 2021) and SST-2 (Socher et al.,
2013) datasets is illustrated in Figure 4. The results
indicates that, given an equal number of examples,
the diverse-heuristics strategy significantly outper-
forms the single-heuristic approach, which contra-
dicts the assumption. This finding not only vali-
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Figure 3: An illustration of the correlation between example quantity and heuristic diversity in well-designed
prompts. # Examples: the number of examples used in each prompt of the corresponding paper. # Heuristics:
the number of heuristics identified in each prompt of the corresponding paper. # Heuristics in Rand.: the average
number of heuristics in the randomly constructed prompt.

ER Comp KB Def Chron Others
Original Demonstration 78.5 72.7 87.2 85.1 74.7 65.5
Heuristic Deduction 71.4 (-7.1) 65.4 (-7.3) 81.6 (-5.6) 82.9 (-2.2) 70.3 (-4.4) -

Table 1: Performance comparison between original demonstration and a demonstration with heuristic deduction
(replacing the example of a distinct heuristic type with another example containing a repeated heuristic type).

Figure 4: Comparison of ICL performance using
single-heuristic strategy versus diverse-heuristics strat-
egy across different number of example on the Strate-
gyQA and SST-2 Dataset.

ER Comp KB Def Chron Others
Count 14 55 125 47 91 168

Table 2: Distribution of samples by heuristic type. "Oth-
ers" includes samples with heuristics not categorized in
the predefined types.

dates our hypothesis that LLMs can learn heuristics
from in-context examples but also underscores the
value of incorporating a variety of heuristics in
enhancing ICL performance.

2.3 Impact of Heuristic Deduction Towards
ICL Performance

To validate our hypothesis, we further investigate
the impact of reducing an implicit heuristic embed-
ded in demonstration examples. If the classifica-
tion accuracy of test samples corresponding to this
heuristic decreases accordingly, we can validate

that LLMs learn heuristics from demonstrations.

We use 500 test samples from the StrategyQA
(Geva et al., 2021) dataset and the prompt from
Shum et al. (2023) for evaluation. As discussed in
Section 2.2, we use GPT-4 to identify all implicit
heuristics embedded in examples of the demon-
stration: empathetic reasoning (ER), comparison
(Comp), knowledge-based (KB), definition-based
(Def), and chronological (Chron) heuristics. The
prompt for implicit heuristic identification and
LLM output are detailed in Appendix D. We then
employ GPT-4 to label each test sample with the
corresponding heuristic that could be used to guide
the prediction of the sample. Next, we group the
test samples by heuristic type, and the statistics are
illustrated in Table 2. Finally, given the prompt
embedded with five different heuristic types, we
eliminate the demonstration of a specific heuristic
type by replacing its example with another example
containing a repeated heuristic type, and monitor
the performance change in the corresponding test
group. gpt-4-1106-preview is used for evalua-
tion.
Experimental results are demonstrated in Table 1.
These results indicate that eliminating the demon-
stration of a certain heuristic type indeed results in
a significant performance drop in the test samples
associated with that heuristic, further substantiat-
ing our hypothesis that LLMs learn task-specific
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Figure 5: An illustration of HD-LoA prompting.

heuristics from examples. Interestingly, we also ob-
serve that samples with heuristics not represented
in the demonstration examples (Others samples)
show significantly lower accuracy, which not only
support our hypothesis, but also shed light on exam-
ple selection, suggesting that selecting examples
with their implicit heuristics that cover a wider
range of test samples is likely to enhance the ICL
performance.

3 Heuristic-Driven Demonstration
Construction

Building on our understanding of heuristic learning
during ICL, we aim to address the challenge of ex-
ample selection for ICL. Experiments in Section 2
indicates that heuristics are crucial for ICL perfor-
mance of LLMs, yet they are implicitly conveyed
through explanations of examples. This implicit-
ness complicates the examination of whether ICL
demonstrations contain diverse heuristics and leads
to uncertainty about whether LLMs have recog-
nized these heuristics. Additionally, when solv-
ing a task, humans possess the ability to not only
learn from examples but also learn from heuris-
tics for efficient and accurate inference (Gigeren-
zer and Gaissmaier, 2011). This leads us to ques-
tion whether LLMs can similarly leverage explicit
heuristics to improve ICL performance. Therefore,
we are motivated to explicitly providing LLMs with
task-specific heuristics. Our approach is illustrated
below:

Replacing examples with explicit heuristics: Di-
verging from traditional prompting strategies that
construct prompt with examples where heuristics
are implicitly embedded, we propose to replace
most examples in the prompt with distinct task-
specific heuristics, as demonstrated by the heuris-
tics in Figure 5.
Retaining minimum examples: A minimal num-
ber of examples are preserved to (1) illustrate the
formatting of target task and reasoning steps, such
as one example is required to illustrate the format
of our link-of-analogy prompting, and (2) ensure
a balanced coverage of labels in prompt to avoid
introducing label bias. Specifically, for document-
level EAE task, a single example is maintained to
demonstrate the reasoning format.
Heuristic generation: A remaining question is
how to create the explicit heuristics in the prompt.
Both human crafted heuristics and LLM-generated
heuristics can be adopted as explicit heuristics. To
automate this process, we utilize GPT-4 to generate
a set of distinct heuristics S = {s1, s2, ..., sn} for
the document-level EAE task. We adopt n = 10 in
this work. The prompt for heuristic generation and
its output are provided in the Appendix E.
Heuristic selection: Given that not every gener-
ated heuristic may suit the target task, we introduce
a heuristic selection step. Each heuristic in the
generated heuristic set S is individually adopt into
a prompt, the ICL performance of each heuristic
is evaluated using a subset of the training dataset.
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Specifically, we employ 1% of the training dataset,
identical to the sample size used in the few-shot
supervised learning baseline. Through this eval-
uation, the top-performing heuristics, determined
by accuracy, are selected to constitute the explicit
heuristic list H in our prompt. We adopt the top 3
heuristics in this work.
Through this heuristic selection step, low-quality
heuristics are excluded. For example, the semantic
role labeling heuristic generated in the heuristic
generation step (in Appendix E) is too specific and
of lower quality, thus it demonstrates a significantly
low evaluation accuracy (26.52%) compared to a
high-quality syntactic heuristic (33.69%).

There are three advantages of our approach.
Firstly, it provides a guidance on the example se-
lection process. The example selection process of
ICL is often an indiscriminate, manual process (Liu
et al., 2023b; Wei et al., 2022; Zhou et al., 2022).
However, our method converts the directionless and
indiscriminate process into a methodical approach
that emphasizes task-specific heuristics. Secondly,
by emulating human cognitive strategies that lever-
age explicit heuristics for improved inference—a
technique supported by cognitive studies (Gigeren-
zer and Gaissmaier, 2011)—our method enables
LLMs to also benefit from heuristic learning during
ICL. Finally, it condenses lengthy examples that
consists of input-output pairs into compact heuris-
tics, reducing the context length of prompts.

4 Link-of-Analogy Prompting

We propose the link-of-analogy prompting to ad-
dress the challenges below: First, the EAE task is
characterized by its extensive variety of argument
roles and event types, often exceeding a hundred,
yet ICL examples can only cover a very limited
subset. This discrepancy raises a critical challenge:
designing a prompting strategy that effectively ad-
dresses unseen event types. Notably, the issue of
handling unseen classes beyond limited ICL exam-
ples is a prevalent problem in various NLP tasks.
Additionally, to concretize heuristic generation pro-
cess, we provide heuristics for a specific argument,
giver, within the prompt. This leads to the question
of how to extend giver heuristics to other argument
roles. Finally, as highlighted in the Introduction,
applying CoT prompting to non-reasoning tasks
tends to degrade the step-by-step analysis into a
one-step rationale (Shum et al., 2023; Diao et al.,
2023), necessitating more proper prompting strate-

gies for such tasks.
Inspired by the analogical reasoning (Gentner

and Smith, 2013), a core mechanism of human
cognition, we seek to resolve the challenges pre-
sented. Humans often understand a new situation
by drawing an analogy to a familiar situation. For
example, students often solve new problems by
mapping solutions from known problems (Ross,
1987). Similarly, we anticipate that LLMs will
be able to extract information of unseen events or
generate heuristics for unseen argument roles by
drawing an analogy to events and heuristics pro-
vided in in-context examples. Empirically, we find
that LLMs are indeed capable of doing analogical
reasoning when prompted appropriately. For ex-
ample, when provided with the heuristic for giver
in the prompt: "[giver] is the person, group, or
organization in the document that gives the grant
or gift", LLMs can make an analogy and generate
the heuristic for the argument vehicle in the target
question: "[vehicle] is the means of transport used
to move the person or object".

To further enhance the analogical reasoning
capabilities of LLMs, we introduce our link-of-
analogy (LoA) prompting strategy, which emu-
lates the analogical reasoning process of human.
Cognitive science studies reveals that humans per-
form analogical reasoning through a sequence of
retrieval, mapping, and evaluation (Gentner and
Forbus, 2011; Gentner and Markman, 1997). In
alignment with this process, our method involves
the same steps. Specifically, in the retrieve step,
given the base argument role rb, a set of heuristics
H = {h1,h2, · · · ,hk} for identifying rb, a target
question and a target argument role rt, the LLM
will select the most suitable heuristic hb from H
for identifying rt. In the mapping step, the LLM
employs analogy mapping rb : hb :: rt : ht to
deduce the heuristic ht for rt. The LLM then in-
fers the argument at of the target role based on
the heuristic ht. Finally, in the evaluation step,
the LLM will reassess the identified argument at.
This methodology is exemplified in the in-context
example presented in Figure 5.

5 Experiments

In this section, we aim to explore the following
research questions (RQs) regarding our Heuristic-
Driven Link-of-Analogy (HD-LoA) prompting.
RQ1 Does HD-LoA prompting improve in-context
learning performance in document-level EAE task?
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Method RAMS DocEE-Normal DocEE-Cross
Arg-I Arg-C Arg-C Arg-C

Supervised learning
(few-shot)

EEQA (Du and Cardie, 2020b) 19.54
PAIE (Ma et al., 2022) 29.86
TSAR (Xu et al., 2022) - 26.67 - -
CRP (Liu et al., 2023a) 30.09
FewDocAE (Yang et al., 2023) - 12.07 10.51

text-davinci-003
Standard (Agrawal et al., 2022) 39.96 31.6 25.55 25.41
CoT (Wei et al., 2022) 43.03 34.94 27.68 28.64
HD-LoA (ours) 46.17 39.59 30.22 31.03

gpt-3.5
-turbo-instruct

Standard (Agrawal et al., 2022) 42.44 32.46 25.67 24.48
CoT (Wei et al., 2022) 40.63 33.64 26.77 25.99
HD-LoA (ours) 43.34 37.05 27.98 27.34

gpt-4
Standard (Agrawal et al., 2022) 44.73 37.08 29.53 27.36
CoT (Wei et al., 2022) 44.93 38.09 30.32 30.95
HD-LoA (ours) 52.41 44.12 31.53 33.48

Table 3: Overall performance. In few-shot setting, the scores of supervised learning methods on RAMS dataset are
based on results reported in Liu et al. (2023a), where 1% of the training data is used.

RQ2 Can HD-LoA prompting effectively mitigate
the dependency on extensive labeled data while
enhancing accuracy for EAE task? RQ3 Is the HD-
LoA prompting effective when applied to tasks
beyond EAE? RQ4 Do each components of the
HD-LoA prompting effectively contributing to its
performance?

5.1 Experimental Setup

Dataset: For the evaluation of the document-level
EAE task, we adopt RAMS (Ebner et al., 2020)
and DocEE (Tong et al., 2022) datasets. The
WIKIEVENTS dataset (Li et al., 2021) is excluded
from our study because it relies on preprocessed
entity candidates for annotating event arguments
the annotation, which diverges from the direct ar-
gument identification of LLMs. For evaluation, we
follow the metrics in (Ma et al., 2022), namely the
argument identification F1 score (Arg-I), and the
argument classification F1 score (Arg-C).
Additionally, we utilize the SST-2 (Socher et al.,
2013) and SNLI (Bowman et al., 2015) datasets to
assess the effectiveness of our HD-LoA prompting
strategy on other non-reasoning tasks: sentiment
analysis and natural language inference. The de-
tailed statistics of the datasets and the number of
tested samples are listed in Appendix A.
Baselines Our HD-LoA approach is compared
against several state-of-the-art prompting meth-
ods, including the standard prompting (Agrawal
et al., 2022) used in clinical EAE, and the Chain-
of-Thought (CoT) prompting (Wei et al., 2022).
Agrawal et al. (2022) presents the only existing
method that prompts LLMs in the context of EAE

task. Given to its direct question-and-answer for-
mat, we refer to it as ’Standard Prompting’ in accor-
dance with terminology prevalent in ICL research
(Wei et al., 2022). Notably, as there is no existing
prompting strategies tailored for EAE, neither the
standard prompting nor CoT prompting has been
applied to document-level EAE datasets in the liter-
ature. Thus, we report the reproduced results here.
Additionally, we compare our method with various
supervised learning methods in EAE, such as Few-
DocAE (Yang et al., 2023), CRP (Liu et al., 2023a),
PAIE (Ma et al., 2022), TSAR (Xu et al., 2022),
EEQA (Du and Cardie, 2020b), etc. The few-shot
comparison results are based on the few-shot per-
formance reported in Liu et al. (2023a).
LLMs: The experiments are carried out using three
large language models: the publicly available GPT-
3 (Brown et al., 2020) in its text-davinci-003
and gpt-3.5-turbo-instruct versions (Ouyang
et al., 2022), as well as GPT-4 (OpenAI, 2023). No-
tably, due to the high cost associated with GPT-4,
its evaluation is limited to part of the dataset. More
experimental details are in Appendix A and the
prompts we used are in Appendix F.

5.2 Overall Experimental Results

Addressing RQ1, the experimental results pre-
sented in Table 3 indicate that our HD-LoA prompt-
ing significantly enhances in-context learning for
document-level EAE task. The HD-LoA method
consistently surpasses CoT prompting (Wei et al.,
2022) across all three LLMs and both datasets,
achieving the largest F1 score improvements of
4.65%, 3.41%, and 6.03% in Arg-C on each LLM,
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respectively. In addition, the improvement over the
standard prompting (Agrawal et al., 2022) reaches
7.99% on the text-davinci-003 model.

In response to RQ2, our HD-LoA method, aug-
mented with external knowledge in heuristics, sig-
nificantly enhances performance in few-shot set-
tings compared to supervised learning approaches.
With only one example adopted in the prompt,
our HD-LoA achieves a 9.50% F1 score improve-
ment over the CRP method (Liu et al., 2023a) on
the RAMS dataset using the text-davinci-003
model. Similarly, on the DocEE dataset, our
method achieves a substancial 20.52% improve-
ment against FewDocAE (Yang et al., 2023). Ex-
perimental findings indicate that our method can
successfully mitigate the document-level EAE
task’s reliance on extensive labeled data while en-
hancing accuracy.

SST-2 SNLI

CoT 91.39 77.97
HD-LoA (ours) 94.26 80.60

Table 4: Evaluation of the HD-LoA prompting on senti-
ment analysis and natural language inference tasks.

5.3 Adaptability of HD-LoA Prompting for
Other Tasks

In addressing RQ3, we have extended our HD-LoA
prompting method to sentiment analysis (SA) and
natural language inference (NLI) tasks, utilizing
the SST-2 (Socher et al., 2013) and SNLI (Bow-
man et al., 2015) datasets for evaluation. We adopt
the CoT style prompts on these two datasets from
Shum et al. (2023). Experimental results are pre-
sented in Table 4. Compared to CoT prompting,
our method gets accuracy enhancements of 2.87%
and 2.63% on SST-2 and SNLI datasets, respec-
tively. These findings indicate that our HD-LoA
prompting can be effectively adapted to a diverse
array of non-reasoning NLP tasks. The prompts for
SA and NLI tasks are provided in Appendix F.

5.4 Comparison with Fully Trained
Supervised Models

We also compare our HD-LoA method with super-
vised learning method that trained on the entire
dataset. It is anticipated that these models trained
on thousands of samples would exhibit higher accu-
racy compared to our method, which employs only
a single sample in the prompt. Nevertheless, HD-
LoA prompting demonstrates competitive perfor-

Figure 6: Experimental results of ablations.

mance against fully trained supervised methods and
even outperform these extensively trained models
on the DocEE dataset in the cross-domain setting.
Experimental results are in Table 6 of Appendix B.

5.5 Ablations

To address RQ4, we conduct further experiments
as follows:

• Ablation Experiments: We conduct ablation
studies on removing the explicit heuristics and
removing the link-of-analogy prompting strategy
from our prompt. As presented in Figure 6, ex-
perimental results on the RAMS dataset demon-
strate that removing either the task-specific
heuristics or link-of-analogy prompting will sig-
nificantly degrade the ICL performance of the
HD-LoA prompting, suggesting the effectiveness
of each component of our prompting strategy.

• Seen Classes and Unseen Classes Accuracy
Increase Comparison for LoA: To further val-
idate the objective of the LoA prompting strat-
egy, which aims to enhance ICL performance
for unseen classes in the prompt, we evaluate
and compare the accuracy increase facilitated by
LoA prompting for both seen and unseen classes
in Appendix D. Results detailed in Appendix C
show that LoA prompting is indeed effective in
enhancing ICL performance on classes unseen
in the prompt.

6 Understanding Why HD-LoA
Prompting Works

Following the empirical validation of the effective-
ness of our HD-LoA prompting, this section delves
into an analysis to elucidate why our method works.
Analysis of heuristic-driven demonstration con-
struction method: Firstly, our method naturally in-
corporates diverse distinct heuristics in prompt. As
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shown in Section 2.2, inclusion of diverse heuris-
tics can significantly boost the ICL performance. In
addition, cognitive research finds that humans use
heuristics as efficient cognitive pathways to achieve
more accurate inferences compared to complex
methods (Gigerenzer and Gaissmaier, 2011; Hoga-
rth and Karelaia, 2007). Paralleling this human cog-
nitive strategy, we enable LLMs to learn from ex-
plicit heuristics to enhance inference. Specifically,
for LLMs demonstrating suboptimal performance
with Standard Prompting and in non-reasoning
tasks where definitive rationales are elusive, the
provision of explicit heuristics offers LLMs helpful
strategies to use and enhance inference. Moreover,
as discussed in Section 2, LLMs use implicit heuris-
tics embedded conventional prompts to facilitate
inference. By converting these implicit heuristics
to explicit heuristics offers a more straightforward
way to utilize heuristics and may potentially sim-
plify the utilization of heuristics by LLMs.
Analysis of the link-of-analogy prompting: The
LoA prompting, which is inspired by the analogi-
cal reasoning of human cognition, enables LLMs
to process new situations by drawing analogies to
known situations. This ability is particularly use-
ful in ICL, where LLMs are always facing unseen
samples and unseen classes. As evidenced by ex-
periments in Appendix C, the LoA prompting is
indeed effective in enhancing ICL performance for
classes unseen in the prompt.

7 Related Work

Document-level EAE Existing document-level
EAE studies are mostly based on supervised
learning methods, which relies on the extensive
collection of labeled data (Ma et al., 2022; Pouran
Ben Veyseh et al., 2022; Zhou and Mao, 2022; Xu
et al., 2021; Ebner et al., 2020; Du and Cardie,
2020a). Only Agrawal et al. (2022) exploits
adopting LLMs on clinical EAE though standard
prompts that not involve any reasoning strategies.
Considering the potential of ICL to reduce the
dependency on large-scale labeled datasets and the
revolutionize impact of LLMs, it is lack of study
on prompting strategy tailored for the EAE task.
In-context learning ICL enables LLMs to perform
a target task by feeding a few prompted examples
as part of the input (Brown et al., 2020). As the
mechanism of ICL is fundamentally different from
supervised ML, the working mechanism of ICL
remains an open question (Dong et al., 2022). Few

studies have conducted preliminary explorations:
Min et al. (2022) showed that the label space, input
text distribution and overall format contribute to
the ICL performance. Liu et al. (2022) concluded
that examples that are semantically similar to the
test sample are more effective. Akyürek et al.
(2022) found that transformer-based ICL can
implement standard finetuning implicitly. In this
work, we further hypothesize and validate that
LLMs learn task-task specific heuristics from
examples via ICL.
Moreover, the performance of ICL is very sensitive
to example selection (Gonen et al., 2022) and the
optimal selection criteria remains unclear. Various
studies proposed different ways: selecting exam-
ples based on complexity (Fu et al., 2022), mutual
information (Sorensen et al., 2022), diversity
(Zhang et al., 2023), labeled dataset (Shum et al.,
2023), etc. In this work, we convert the indiscrimi-
nate example selection process into a methodical
approach that emphasizes task heuristics, mak-
ing the example selection process more transparent.

8 Conclusion

In this work, we hypothesize and validate that
LLMs learn task-specific heuristics from demon-
strations during ICL, which can provide a guid-
ance and simplify the example selection process.
Building upon this hypothesis, we introduce an ex-
plicit heuristic-driven demonstration construction
strategy, and propose a link-of-analogy prompting
method. These methods shed light on the heuristic
learning of LLMs and the challenge of handling
unseen classes in ICL. Extensive experimentation
demonstrates the effectiveness and adaptability of
our HD-LoA prompting.

Limitations

Dependency on advanced reasoning abilities of
LLMs. In this work, we aims to explore the upper
bounds of in-context learning performance on EAE
task in the few-shot setting. Our method’s reliance
on using the sophisticated reasoning capabilities in
LLMs makes it unsuitable for models with limited
reasoning capabilities. For example, the limited rea-
soning ability of the gpt-3.5-turbo-instruct
model could hinder the performance of our method.
However, our findings that LLMs can learn heuris-
tics from in-context examples is applicable to di-
verse LLMs.
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Heuristic Quality. The heuristic quality is impor-
tant for our method. We address this issue by en-
hancing the probability of generating high-quality
heuristics and filtering out low-quality heuristics.
We generates an excessive number of heuristic can-
didates to increase the chances of including high-
quality heuristics. Subsequently, we filter out low-
quality heuristics by assessing the accuracy of each
heuristic candidate on a small set of samples. Fu-
ture work could explore more sophisticated heuris-
tic generation strategies, such as generating heuris-
tics with diverse granularity or refining heuristics
based on feedback from misclassified examples.
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A Experimental Details

The statistics of the dataset are provided in Table
5. We use the test split of RAMS dataset and the
validation split of SST-2 for evaluation, following
the setting in Wang et al. (2022). Considering the
extensive size of the DocEE and SNLI datasets,
which makes a full-scale evaluation using LLMs
impractical, we follow Shum et al. (2023); Wang
et al. (2022) and evaluate a subset of these datasets.
Owing to the substantial costs associated with de-
ploying GPT-4, we restrict its evaluation on the
RAMS dataset and DocEE dataset to 200 sam-
ples. In addition, regarding the DocEE dataset,
it presents two distinct settings. In the conventional
configuration, the training and testing data share
an identical distribution. Conversely, the cross-
domain setup features training and testing data
composed of non-overlapping event types. Fur-
thermore, our heuristic-driven demonstration con-
struction method necessitates far fewer examples
than traditional prompting methods, only keeping
the minimum number of examples to avoid bias in
example answers. Specifically, for the EAE task,
we use only one example, and for sentiment analy-
sis and natural language inference tasks, two and
three examples are employed respectively.

We evaluate our prompting method on
text-davinci-003, gpt-3.5-turbo-instruct
and GPT-4 (OpenAI, 2023). The pricing for
running these models ranges from USD 0.0015 per
1,000 tokens to USD 0.03 per 1,000 tokens. The
gpt-3.5-turbo-instruct model is of the lowest
cost but exhibits limited reasoning capabilities. We
employ these LLM models from the OpenAI API.
During the all experiments, the temperature is fixed
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Dataset Task Type # Example # Eval. Eval. Split

RAMS (Ebner et al., 2020) Doc-Level EAE 1 871 Test
DocEE (Tong et al., 2022) Doc-Level EAE 1 800 Test
SST-2 (Socher et al., 2013) Sentiment Analysis 2 872 Validation

SNLI (Bowman et al., 2015) Natural Language Inference 3 500 Test

Table 5: The overall statistics of the dataset. # Example: The number of examples used in the HD-LoA prompting.
# EVAL.: the number of samples used for evaluation of different prompting methods. EVAL. Split: evaluation split.

Figure 7: Seen classes and unseen classes accuracy
increase comparison with LoA prompting.

as 0. In the evaluation of document-level EAE
datasets, we omit articles from both the ground
truth and the prediction during the assessment to
align the more closely with the real content of
event arguments.

B Comparison with Fully Supervised
Methods

We compare our HD-LoA method with supervised
learning method that trained on the entire dataset
for document-level EAE task. As illustrated in Ta-
ble 6, it is anticipated that these models trained
on thousands of samples would exhibit higher ac-
curacy compared to our HD-LoA method, which
employs only a single labeled sample. Neverthe-
less, HD-LoA prompting demonstrates competitive
performance against supervised methods and even
outperform these extensively trained models on the
DocEE dataset in the cross-domain setting. This
finding also illustrates the effectiveness of our HD-
LoA prompting strategy, particularly in scenarios
where it is impractical and costly to build large
annotated datasets.

C Seen Classes and Unseen Classes
Accuracy Increase Comparison for
LoA

We conduct experiment to validate the effective-
ness of the LoA prompting strategy in enhancing
ICL performance for unseen classes. Given that in-
context examples can only capture a narrow subset

of classes (seen classes), leaving the majority of
argument roles unseen, we assess and compare the
accuracy increase of adopting LoA prompting for
seen classes against unseen classes. Experimental
results in Figure 7 show that LoA prompting results
in a more significant accuracy increase on unseen
classes compared to seen classes. It indicates that
the LoA prompting is indeed effective in enhancing
ICL performance on classes unseen in the prompt.

D Recognize Implicit Heuristics of
In-Context Examples by GPT-4

The prompt we use to recognize implicit heuristics
inherent in examples and the output of GPT-4 is
given below.
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Method RAMS DocEE-Normal DocEE-Cross
Arg-I Arg-C Arg-C Arg-C

Supervised learning

EEQA (Du and Cardie, 2020b) 48.70 46.70 33.50 24.00
MG-Reader (Du and Cardie, 2020a) - - 32.90 21.40
BART-Gen (Li et al., 2021) 51.20 47.10 - -
OntologyQA (Tong et al., 2022) - - 41.00 29.80
PAIE (Ma et al., 2022) 56.80 52.20 - -

text-davinci-003 HD-LoA (ours) 46.17 39.59 30.22 31.03

Table 6: Comparison with Fully Trained Supervised Models.

Prompt Input

What is the most critical and profound
heuristic at play in each of the
following examples? If any two examples
share the same heuristic , please indicate
this connection. Use no more than two
sentences to illustrate the heuristics of
each example.

example 1
Q: Did the death of Helen Palmer have a

significant effect on Dr. Seuss?
A: Helen Palmer was Dr. Seuss 's wife. The

death of a spouse can have a significant
effect on a person. Thus , the death of
Helen Palmer could have a significant
effect on Dr. Seuss. So the answer is yes.

example 2
Q: Would a moose hypothetically be too much

for a minotaur to devour whole?
A: A moose is about 1,000 pounds. A minotaur

is about 1,000 pounds. Thus , a moose
would be too much for a minotaur to
devour whole. So the answer is yes.

example 3
Q: Yes or no: Is H's most common two letter

pair partner a freebie in Wheel of
Fortune bonus round?

A: The most common two letter pair partner for
H is E. E is a freebie in the Wheel of
Fortune bonus round. Thus , H's most
common two letter pair partner is a
freebie in the Wheel of Fortune bonus
round. So the answer is yes.

example 4
Q: Yes or no: Would bald eagle deliver an

urgent message before B-52?
A: The top speed of a bald eagle is about 80

mph. The top speed of a B-52 is about 650
mph. Thus , a B-52 would be faster than a
bald eagle. So the answer is no.

example 5
Q: Yes or no: Does an individual oceanographer

study many sciences?
A: Oceanography is the study of the ocean. The

ocean is a complex system. Thus ,
oceanography is a multidisciplinary
science. So the answer is yes.

example 6
Q: Yes or no: Could Steven Spielberg send

emails as a child?
A: Steven Spielberg was born in 1946. Email

was invented in 1971. Thus , Steven
Spielberg could not send emails as a
child. So the answer is no.

LLM Output

Example 1: This employs the "empathetic
reasoning" heuristic , assuming that
because most people would be
significantly affected by the death of a
spouse , so too would Dr. Seuss.

Example 2: The "comparison heuristic" is used
here , comparing the size and weight of a
moose to that of a minotaur to make a
conclusion about the feasibility of
consumption.

Example 3: This uses the "knowledge -based"
heuristic , using known facts about a game
show 's rules to answer the question.

Example 4: This is another instance of the
"comparison heuristic ," this time
comparing the top speeds of a bald eagle
and a B-52 to determine which would
deliver a message faster.

Example 5: The "definition -based" heuristic is
applied here , relying on the
understanding of what the field of
oceanography entails to conclude that it
involves the study of multiple sciences.

Example 6: The "chronological heuristic" is
used here , comparing the timelines of
Spielberg 's childhood and the invention
of email to answer the question.

E Explicit Heuristic Generation by GPT-4

The prompt we utilize to generate explicit heuris-
tics for document-level EAE and the output by GPT-
4 is provided below.
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Prompt Input

Generate 10 high -level and concise heuristics
for identifying the event argument of
'giver ' in a document , as part of the
event argument extraction task. Each
heuristic should offer a distinct
perspective and adhere to the format
demonstrated in the provided example.

Example heuristic:
Semantic heuristic: The 'giver ' is identified

as the individual , group , or organization
mentioned in the document that is
responsible for providing a gift or grant.

LLM Output

Grammatical heuristic: The 'giver ' is
typically the subject in a sentence
structure where a verb of giving (e.g.,
'donate ', 'provide ', 'offer ') is used ,
indicating the action performer.

Lexical heuristic: The 'giver ' can often be
identified by keywords or phrases that
signify giving , such as 'donor ',
'benefactor ', or 'sponsor ', appearing in
close proximity to the action of giving.

Syntactic heuristic: The 'giver ' may be
recognized by analyzing sentence
structure , often appearing before
prepositional phrases starting with 'to '
that introduce the recipient (e.g., "X
gives Y to Z", X is the 'giver ').

Semantic role labeling heuristic: In sentences
where an action of giving is present , the
'giver ' is likely the entity filling the
semantic role of 'Agent ' or 'Source ',
initiating the action.

Coreference resolution heuristic: The 'giver '
might be determined by identifying
pronouns or noun phrases that refer back
to an individual , group , or organization
previously mentioned as performing the
action of giving.

Dependency parsing heuristic: In parsing the
sentence structure , the 'giver ' is often
connected through a dependency relation
(e.g., 'nsubj ' for nominal subject) to
the main verb representing the giving
action.

Discourse analysis heuristic: The 'giver ' can
be inferred from the broader context or
narrative of the document , where a party
is described or implied to be in a
position to give , support , or provide
resources.

Named Entity Recognition (NER) heuristic: The
'giver ' is often a named entity
categorized as a person , organization , or
geopolitical entity , involved in a
transactional or giving action.

Pragmatic heuristic: The 'giver ' may be
implied through indirect speech acts or
politeness strategies , where the action
of giving is not explicitly stated but
understood from the context or social
norms.

Co -occurrence heuristic: The 'giver ' might be
associated with frequent co -occurrence
with verbs or nouns related to giving in
a large text corpus , indicating a
statistical likelihood of being the
giving party.

F Full Prompts

F.1 The Demonstration for SST-2 Dataset
Instruction: You are to perform a 2-class sentiment

analysis on the given sentences. For each
sentence , determine if the sentiment is either
"positive" or "negative ". Specifically , you
will leverage the pattern in the pattern list
below to recognize the sentiment of the target
sentence. For each sentence , you will select
the most appropriate one or two patterns to
identify its sentiment. The identification of
a sentence based on different patterns should
not be interconnected. Finally , re -evaluate
the identified sentiment to get the final
answer.

Pattern list:
[
Overall Context Pattern: Examine the general tone

of the entire sentence. Determine if it
overall express a positive or negative
sentiment , regardless of individual words.

Descriptive Phrases pattern: Identify key
adjectives or descriptive phrases that convey
strong feelings or opinions about the subject.

Negation Handling Pattern: Look for negative words
like "not ," "didn 't," or "never" that might
reverse the sentiment of the words following
them. Ensure the reversed sentiment is
understood correctly.

Comparatives Pattern: Search for words or phrases
that compare the subject to something else ,
suggesting superiority , inferiority , or
equality.

Adverbs and Intensifiers Pattern: Spot adverbs or
intensifiers that amplify the sentiment of the
associated adjective or verb. They often
provide a clue about the strength of the
sentiment.

]

Question: What is the sentiment of the following
sentence?

Sentence: "more than another " best man " clone by
weaving a theme throughout this funny film"

Answer:
Step 1: Selected Patterns: Overall Context Pattern

and Descriptive Phrases Pattern (Phrases:
"weaving a theme" and "funny film").

Step 2: Apply selected patterns to identify the
sentiment of the sentence independently.

Step 2.1: Based on Overall Context pattern: The
entirety of the sentence portrays a film that
is superior and offers added value ,
emphasizing its distinctiveness and humorous
quality. The overall sentiment is positive.

Step 2.2: Based on Descriptive Phrases pattern: The
descriptive phrases highlight a positive
sentiment in the film being more than just a
clone and having a funny theme. The sentiment
is positive.

Step 3: Re -evaluate sentiment:
sentiment: positive

Question: What is the sentiment of the following
sentence?

Sentence: "contains no wit , only labored gags"
Answer:
Step 1: Selected Patterns: Overall Context Pattern

and Negation Handling Pattern (Phrase:
"contains no").

Step 2: Apply selected patterns to identify the
sentiment of the sentence independently.

Step 2.1: Based on Overall Context pattern: The
entire sentence conveys a lack of genuine
humor and wit , and instead presents the humor
as contrived or forced. The overall sentiment
is negative.

Step 2.2: Based on Negation Handling Pattern: The
negation "contains no" highlights a lack of
wit. It is further emphasized by "labored
gags", suggesting forced or contrived humor.
Thus , the sentiment is negative regarding the
quality or genuineness of the humor.

Step 3: Re -evaluate sentiment:
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sentiment: negative

F.2 The Demonstration for SNLI Dataset
Please solve the natural language inference task.

Specifically , given a premise and a
hypothesis , determine the validity of the
hypothesis based on the premise:

Yes: The hypothesis is logically derived or
directly follows from the premise.

No: The premise provides evidence that refutes the
hypothesis.

It is impossible to tell: The premise does not
provide sufficient information to confirm or
refute the hypothesis.

You will select the most appropriate pattern in the
pattern list below to classify the natural
language inference task. For each sentence ,
you will use the selected patterns to identify
the relationship between the premise and the
hypothesis.

Pattern list:
[
Explicit Evidence Pattern: When the hypothesis

directly restates or paraphrases information
present in the premise , i.e., premise provides
direct evidence that supports the hypothesis ,
the answer is "yes".

Explicit Contradiction Pattern: The hypothesis
contains information that directly negates or
opposes a clear statement in the premise. If
this condition is met , the answer is "no".

Confident Neutral Pattern: If it is very certain
that the hypothesis neither contradicts nor
supports the premise in any evident or
implicit manner , and the relationship between
them is clearly independent , the answer is "it
is not possible to tell".

Implicit Contradiction or Neutral Pattern: In this
case , no direct contradiction is found. If the
hypothesis , when extended logically , negates
or conflicts with any part of the premise ,
even if not directly. If it does , it leans
towards contradiction ('no). If no such
implicit contradiction is found and the
relationship between hypothesis and premise is
remains ambiguous , it could be neutral (it is
not possible to tell).

Implicit Evidence or Neutral Pattern: In cases
where no direct evidence in the premise
supports the hypothesis , the following steps
should be applied: Check each element of the
hypothesis against the premise. If each
element of the hypothesis , when drawing from
the premise using world knowledge or logical
reasoning , one can infer or reasonably support
the entire hypothesis , it leans towards
implicit entailment ('yes '). If any part of
the hypothesis lacks inferable evidence from
the premise or if the connection between the
entire hypothesis and premise remains
ambiguous , it leans towards neutral ('it is
not possible to tell ').

Implicit Contradiction or Neutral Pattern: In cases
where no direct evidence in the premise
negates the hypothesis , the following steps
should be applied: Check each element of the
hypothesis against the premise. If any element
of the hypothesis , when juxtaposed with the
premise and utilizing world knowledge or
logical reasoning , can subtly negate or
contradict any part of the premise , it leans
towards implicit contradiction ('no '). If each
element of the hypothesis does not provide
such subtle contradictions or if the
connection between the entire hypothesis and
premise remains ambiguous , it leans towards
neutral ('it is not possible to tell ').

]

Premise: "Children smiling and waving at camera ."
Based on this premise , can we conclude the

hypothesis "There are children present ." is

true?
OPTIONS:
- yes
- no
- it is not possible to tell
Answer:
Step 1: Select the most appropriate pattern:

Explicit Evidence Pattern
Step 2: Using the Explicit Evidence Pattern , the

premise directly states that there are
children who are smiling and waving at the
camera. This information supports the
hypothesis , which claims that there are
children present. So, this heuristic suggest a
"yes" answer.

Therefore , the answer is: yes

Premise: "A couple play in the tide with their
young son."

Based on this premise ,can we conclude the
hypothesis "The family is sitting down for
dinner ." is true?

OPTIONS:
- yes
- no
- it is not possible to tell
Answer:
Step 1: Select the most appropriate pattern:

Implicit Contradiction or Neutral Pattern
Step 2: Using Implicit Contradiction or Neutral

Pattern , although there is no contradiction in
the premise describes a scene where a couple
and their son are playing in the tide , which
suggests they are outdoors and likely at a
beach or coastal setting. The hypothesis , on
the other hand , presents a scenario where the
family is sitting down for dinner , typically
an indoor activity. These two activities -
playing in the tide and sitting down for
dinner are mutually exclusive in the context
of a single time frame. Because some element
of the hypothesis is identified implicitly
contradicts the premise. This heuristic leans
towards the answer "no".

Therefore , the answer is: no

Premise: "A young family enjoys feeling ocean waves
lap at their feet."

Based on this premise , can we conclude the
hypothesis "A young man and woman take their
child to the beach for the first time." is
true?

OPTIONS:
- yes
- no
- it is not possible to tell
Answer:
Step 1: Select the most appropriate pattern:

Implicit Evidence or Neutral Pattern
Step 2: Using Implicit Evidence or Neutral Pattern ,

"a young family" typically implies the
presence of a younger couple and potentially
their child , so this part can be inferred.
However , the statement about it being the
child 's "first time" at the beach cannot be
inferred or supported from the premise.
Because not all elements of the hypothesis can
be inferred or supported from the premise ,
this heuristic leans towards "it is not
possible to tell".

Therefore , the answer is: it is not possible to
tell.

F.3 The Demonstration for RAMS Dataset
Your task is Event Argument Extraction. In this

task , you will be provided with a document
that describes an event and the goal is to
extract the event arguments that correspond to
each argument role associated with the event.
The terminologies for this task is as follows:

Event trigger: the main word that most clearly
expresses an event occurrence , typically a
verb or a noun. The trigger word is located
between special tokens "<t>" and "<\t>" in the
document , and only the event argument
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explicitly linked to the trigger word should
be considered.

Event argument: an entity mention , temporal
expression or value that serves as a
participant or attribute with a specific role
in an event. Event arguments should be quoted
exactly as the it appears in the given
document.

Argument role: the relationship between an argument
to the event in which it participates.

Heuristics: serving as guiding rules for extracting
event arguments.

Specifically , you will use the heuristic provided
in the heuristic list to guide identify event
arguments , and re-evaluate the identified
argument candidates to get the final answer.

heuristic list:
[
Semantic Heuristic: [giver] is the person , group ,

or organization in the document that gives the
grant or gift.

Syntactic Heuristic: The [giver] may be recognized
by analyzing sentence structure , often
appearing before prepositional phrases
starting with 'to ' that introduce the
recipient (e.g., "X gives Y to Z", X is the
'giver ').

Dependency Parsing Heuristic: In parsing the
sentence structure , the [giver] is often
connected through a dependency relation (e.g.,
'nsubj ' for nominal subject) to the main verb
representing the giving action.

]

Example task:
Question: Extract the event arguments of giver ,

beneficiary , and recipient in the
"transaction.transaction.giftgrantprovideaid"
event in the provided document , with the
trigger word being "granted", highlighted
between "<t>" and "</t>". When pinpointing
each event argument , it 's crucial to quote the
entity exactly as it appears in the text. If
an event argument is not explicitly mentioned
or cannot be directly associated with the
event indicated by the trigger word , please
respond with "not specified ".

Document: a news document
trigger sentence: "The access to the research

center in the city was <t>granted </t> by the
administrator. The man , Ripley Johnson , earned
it."

Answer:
Elaborate the meaning of event type and its

argument roles:
"transaction.transaction.giftgrantprovideaid ": The

event involves a transfer of money or
resources in the form of a gift , grant , or
provision of aid , signaled by the action of
granting.

[giver]: the giver is the person , group , or
organization that provides or grants money ,
resources , or access in the event.

[beneficiary ]: the beneficiary is the party who
ultimately benefits from the transaction.

[recipient ]: the recipient is the entity that
receives the money , resources , or access
granted in the event.

Recognizing [giver] in the given document:
Step 1: Select one or two heuristics in the

heuristic list that are most suitable to
identify the [giver] in the given document:
Semantic Heuristic and Syntactic Heuristic.

Step 2: Apply selected heuristics to identify
[giver] independently.

Step 2.1: Identify the [giver] based on Semantic
Heuristic: "[giver] is the person , group , or
organization that gives the grant or gift in
the document ". Applying this heuristic to the
document , the entity that gives access of the
research center is "administrator ".

Step 2.2: Identify the [giver] based on Syntactic
Heuristic: "The [giver] may be recognized by

analyzing sentence structure , often appearing
before prepositional phrases starting with
'to ' that introduce the recipient (e.g., 'X
gives Y to Z', X is the 'giver ')". Applying
this heuristic to the given document , the
entity that granted access to the research
center is 'research center '.

Step 3 Reevaluate argument candidates:
[" administrator", "research center "]

Is argument "administrator" alignment with the
argument role [giver]? Yes , because
"administrator" is directly responsible for
the action of granting , establishing their
role as the provider of access in the event.

Is argument "research center" alignment with the
argument role [giver]? No, because "research
center" is the place that access has been
granted to , but it doesn 't give access.

[giver ]: "administrator"

Recognizing [beneficiary] in the given document:
Step 1: Select one or two heuristics in the

heuristic list that are most suitable to
identify the [beneficiary] in the given
document: Semantic Heuristic.

Step 2: Apply selected heuristics to identify
[beneficiary] independently.

Step 2.1 Identify the [beneficiary] based on
Semantic Heuristic: "[ beneficiary] is the
entity that ultimately benefits from the gift
or grant". Applying this heuristic to the
given document , the entity that ultimately
benefits from the grant is "not specified ".

Step 3 Reevaluate argument candidate: ["not
specified "]

Is argument "not specified" alignment with the
argument role [beneficiary ]? Yes , because the
[beneficiary] is not explicitly mentioned so
"not specified" is correct.

[beneficiary ]: "not specified"

Recognizing [recipient] in the given document:
Step 1: Select one or two heuristics in the

heuristic list that are most suitable to
identify the [recipient] in the given
document: Semantic Heuristic and Dependency
Parsing Heuristic.

Step 2: Apply selected heuristics to identify
[recipient] independently.

Step 2.2: Identify the [recipient] based on
Semantic Heuristic: "[ recipient] is the entity
that receives the gift or grant ". Applying
heuristic f1 to the given document , the entity
that receives the gift or grant is "Ripley
Johnson ".

Step 2.1 Identify the [recipient] based on
Dependency Parsing Heuristic: "[ recipient] is
often highlighted in the sentence through a
dependency relation that denotes the receiver
of the action , such as 'dobj ' (direct object)
for direct transactions linked to the main
verb of the event ". Applying this heuristic to
the given document , the entity connected to
the verb 'granted ' through a dobj relation is
"Ripley Johnson ".

Step 3 Reevaluate argument candidate: [" Ripley
Johnson "]

Is argument "Ripley Johnson" alignment with the
argument role [recipient ]? Yes , because phrase
"earned it" implies that "Ripley Johnson" was
the intended recipient of the access , aligning
with the role of [recipient] in the context of
the event.

[recipient ]: "Ripley Johnson"

Target task:

F.4 The demonstration for DocEE Dataset

Objective: Your task is Event Argument Extraction.
In this task , you will be provided with a
document that describes an event and the goal
is to extract the event arguments that
correspond to each argument role associated
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with the event. The terminologies for this
task is as follows:

Key Terminologies:
Event argument: an entity mention , temporal

expression or value that serves as a
participant or attribute with a specific role
in an event. Event arguments should be quoted
exactly as the it appears in the given
document.

Argument role: the relationship between an argument
to the event in which it participates.

Heuristics: serving as guiding principles or
strategies to aid the extraction of event
arguments , tailored to specific argument roles.

Specifically , you will adapt a set of given
heuristics for identifying the argument role
of 'giver ' to other target argument roles , and
then use these adapted heuristics to guide the
extraction of target event arguments. Finally ,
re-evaluate the identified argument candidates
to confirm if they are correct event arguments
or not.

Heuristic list:
[
Semantic Heuristic: [giver] is the person , group ,

or organization in the document that gives the
grant or gift.

Syntactic Heuristic: The [giver] may be recognized
by analyzing sentence structure , often
appearing before prepositional phrases
starting with 'to ' that introduce the
recipient (e.g., "X gives Y to Z", X is the
'giver ').

Dependency Parsing Heuristic: In parsing the
sentence structure , the [giver] is often
connected through a dependency relation (e.g.,
'nsubj ' for nominal subject) to the main verb
representing the giving action.

]
When extracting event arguments from the given

document , you should also follow the Argument
extraction principles below.

Argument Format Principle: articles and
prepositions are not included in the
identified event argument. For example , the
answer should be "damaged car" rather than
"damaged car belonging to the victim" or "the
damaged car".

Argument Number Principle: In general , each event
argument only has a singular answer in the
document. However , if and only if, you are
highly confident that the mentions associated
with an argument role are distinctively
different , you may extract no more than three
answers for that argument role.

Example sample:
Question: Extract the event arguments of 'Date ',

'Casualties and Losses ', 'Magnitude ', 'Number
of Destroyed Building ' in the 'Earthquakes '
event in the provided news document. When
pinpointing each event argument , it's crucial
to quote the entity exactly as it appears in
the text. Note that if an event argument is
not explicitly mentioned or cannot be directly
associated with its argument role in question ,
please respond with "not specified ".

Document: a news , the content is omitted here
Answer:
Elaborate the meaning of event type and its

argument roles:
'Earthquakes ': The event involves the shaking of

the surface of the Earth resulting from a
sudden release of energy in the Earth 's
lithosphere.

[Date]: the time when the earthquake occurred.
[Casualties and Losses ]: the number of people

killed or injured , and the amount of economic
losses caused by the earthquake.

[Magnitude ]: the measure of the size or intensity
of the earthquake.

[Number of Destroyed Building ]: the number of
buildings or structures that were damaged or
destroyed due to the earthquake.

Recognizing [Date] in the given document:
Step 1 Select a heuristic in the heuristic list

that is most suitable to identify the [Date]
in the given document: Semantic Heuristic.

Step 2 Identify the argument based on Semantic
Heuristic: [Date] is the time when the
earthquake occurred. Applying this heuristic
to the document , the time when the earthquake
occurred is "not specified ".

Step 3: reevaluate_argument_candidates:
Is argument "not specified" alignment with the

argument role [Date]? Yes , because [Date] is
not explicitly mentioned in the document , so
"not specified" is correct.

[Date]: "not specified"

Recognizing [Casualties and Losses] in the given
document:

Step 1 Select a heuristic in the heuristic list
that is most suitable to identify the
[Casualties and Losses] in the given document:
Semantic Heuristic.

Step 2 Identify the argument based on Semantic
Heuristic: [Casualties and Losses] is the
number of people killed or injured , and the
amount of economic losses caused by the
earthquake. Applying this heuristic to the
document , the [Casualties and Losses] is
"claimed 142 deaths" and "800 houses were
damaged ".

Is argument "claimed 142 deaths" alignment with the
argument role [Casualties and Losses ]? Yes ,
because "claimed 142 deaths" provides details
about the number of people killed due to the
earthquake , aligning with the argument role
[Casualties and Losses ].

Is argument "800 houses were damaged" alignment
with the argument role [Casualties and
Losses ]? Yes , because it describes the extent
of economic losses caused by the earthquake ,
aligning with the role of [Casualties and
Losses ].

[Casualties and Losses ]: "claimed 142 deaths", "800
houses were damaged"

Recognizing [Magnitude] in the given document:
Step 1 Select a heuristic in the heuristic list

that is most suitable to identify the
[Magnitude] in the given document: Semantic
Heuristic.

Step 2 Identify the argument based on Semantic
Heuristic: [Magnitude] is the measure of the
size or intensity of the earthquake. Applying
this heuristic to the given document , the
magnitude of the earthquake is "6.6".

Step 3: reevaluate_argument_candidates:
Is argument "6.6" alignment with the argument role

[Magnitude ]? Yes , because "The magnitude 6.6
shock" indicate the size of the earthquake.

[Magnitude ]: "6.6"

Recognizing [Number of Destroyed Building] in the
given document:

Step 1 Select a heuristic in the heuristic list
that is most suitable to identify the [Number
of Destroyed Building] in the given document:
Semantic Heuristic.

Step 2 Identify the argument based on Semantic
Heuristic: [Number of Destroyed Building] is
the number of buildings or structures that
were damaged or destroyed due to the
earthquake. Applying this heuristic to the
document , the number of buildings or
structures that were destroyed due to the
earthquake is "more than 80% of the houses ".

Step 3: reevaluate_argument_candidates:
Is argument "more than 80% of the houses" alignment

with the argument role [Number of Destroyed
Building ]? No, because the argument describes
the percentage of destroyed buildings not the
specific number of buildings destroyed.

[Number of Destroyed Building ]: "not specified"

Target sample:
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G An example of LLM output

We show an example of the LLM’s output of the
HD-LoA prompting on the RAMS dataset below:
Elaborate the meaning of event type and its

argument roles:
"life.die.na": The event involves the death of one

or more individuals , signaled by the action of
massacre.

[victim ]: the victim is the person or group of
people who are killed in the event.

[place]: the place is the location where the event
occurs.

Recognizing [victim] in the given document:
Step 1: Select one or two heuristics in the

heuristic list that are most suitable to
identify the [victim] in the given document:
Semantic Heuristic.

Step 2: Apply selected heuristics to identify
[victim] independently.

Step 2.1: Identify the [victim] based on Semantic
Heuristic: "[ victim] is the person or group of
people who are killed in the event". Applying
this heuristic to the document , the victims of
the massacre are "280 victims , including
women , children and old people ".

Step 3 Reevaluate argument candidates: ["280
victims , including women , children and old
people "]

Is argument "280 victims , including women ,
children and old people" alignment with the
argument role [victim ]? Yes , because "280
victims , including women , children and old
people" are the ones who were killed in the
massacre , establishing their role as the
victims in the event.

[victim ]: "280 victims , including women , children
and old people"

Recognizing [place] in the given document:
Step 1: Select one or two heuristics in the

heuristic list that are most suitable to
identify the [place] in the given document:
Semantic Heuristic.

Step 2: Apply selected heuristics to identify
[place] independently.

Step 2.1: Identify the [place] based on Semantic
Heuristic: "[place] is the location where the
event occurs ". Applying this heuristic to the
document , the place where the massacre
occurred is "Syria".

Step 3 Reevaluate argument candidates: ["Syria "]
Is argument "Syria" alignment with the argument

role [place]? Yes , because "Syria" is the
location where the massacre took place ,
aligning with the role of [place] in the
context of the event.

[place]: "Syria"
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