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Abstract

The digital age has ushered in an era of unprecedented information explosion, charac-
terized by the generation of vast volumes of text. This development has significantly
heightened the demands for processing and analyzing large-scale text data. As a result,
the technology of event extraction (EE) was developed to transform unstructured event
information from text data into structured formats, facilitating the interpretation and

application of event information in various domains.

However, extracting structured information from noisy and unstructured data presents
several crucial challenges. Firstly, conventional event extraction research generally
focuses on the sentence level, whereas real-world text data are typically at the document
level. Thus, effectively and accurately extracting event information at the document
level is both crucial and challenging. Secondly, conventional EE research necessitates a
substantial amount of training data, which is particularly burdensome and costly due to

the complexity inherent in EE data annotation.

Additionally, as a typical real-world task, investigating the EE task has led to identi-
fication and resolution for common problems that exist across many natural language
processing (NLP) domains. For example, the Universum class, often referred to as the
Other or Miscellaneous class, widely exists in the EE task and many classification-based
NLP tasks. The Universum class exhibits distinct properties; however, existing works
often treat it equivalently to the classes of interest. We find this treatment leads to issues
such as overfitting, misclassification, and diminished model robustness. Furthermore,
when applying large language models (LLMs) to EE tasks, we find that the effectiveness
of LLMs is often compromised by their inherent biases, leading to issues of prompt
brittleness—sensitivity to design settings such as example selection, order, and prompt

formatting.

Moreover, following the revolutionary impact of LLMs since the release of ChatGPT

in November 2022, our research has undergone a paradigm shift towards exploring

XXV
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the capabilities of LLMs. Consequently, this thesis incorporates both traditional NLP

methods based on supervised learning and the latest paradigms utilizing LLMs.

In this thesis, several works are presented to address the aforementioned challenges:

* A document-level event argument extraction method utilizing graph neural net-
works. This method leverages redundant event information within documents

along with coreference information to enhance accuracy in document-level EE.

* A prompting strategy tailored for EE to alleviate the need for large-scale labeled
data. We explore what LLMs learn from in-context learning (ICL), finding that
LLMs learn task heuristics from demonstrations via ICL. Based on this insight,

we propose a novel heuristic-driven prompting strategy.

* A closed boundary learning framework designed to address the unique properties of
the Universum class in classification tasks. We highlight an understudied problem
regarding the Universum class. Then, we propose a method that applies closed
decision boundaries to classes of interest and designates the area outside all closed

boundaries in the feature space as the space of the Universum class.

* An inference-only method that addresses the inherent bias of LLMs. We investigate
how feedforward neural networks (FFNs) and attention heads result in the bias
of LLMs. To mitigate these effects, we introduce the UniBias method, which

effectively identifies and eliminates biased FFN vectors and attention heads.

XXVi



Chapter 1

Introduction

1.1 Overview and Motivation

The digital age has ushered in an era of unprecedented information explosion, charac-
terized by the generation of vast volumes of text. This development has significantly
heightened the demands for processing and analyzing large-scale text data. As a result,
the technology of information extraction (IE) was developed from the end of the last
century [14]. IE aims to automatically extract structured information such as entities,
relations, and events from unstructured text [15]. With the technique of information
extraction, people can automatically obtain the factual information of interest from vast
volumes of data that are beyond human capacity to process manually. However, the
scope of the IE task is exceedingly broad. Researchers in the natural language processing
(NLP) community have further divided the IE task into three sub-tasks: named entity

recognition (NER), relation extraction (RE), and event extraction (EE).

EE presents the most challenging and comprehensive task of IE. EE specifically aims to
transform unstructured event information from text data such as news articles, reports,
and social media posts into structured formats [14]. EE facilitates the interpretation and
application of event information in various domains. For example, these structured event
information can be utilized to build knowledge bases to facilitate decision making [16].
In disaster response, EE can swiftly identify events like natural disasters or accidents
from news and social media, enabling faster response times and more effective resource
distribution [17, 18]. In the financial sector, EE helps extract critical data about corporate

events such as mergers, acquisitions, and earnings announcements, providing valuable

1



2 1.1. Overview and Motivation

insights for informed investment decision making and risk assessment [19, 20]. Similarly,
in the supply chain domain, EE can be used to monitor news and update relevant to
logistics, such as strikes, shipping delays, or other issues that could impact business

operations [21].

Over the past two decades, the methodologies for EE have undergone significant evo-
lution, transitioning from rule-based approaches to deep learning methods. Early EE
systems primarily utilized rule-based systems that relied heavily on linguistic cues and
pattern matching techniques to extract structured information from unstructured texts.
While this approach provided a good starting point, it was inherently limited by the
extensive manual effort in rule design and their inability to generalize beyond the specific
designed scenarios. The advent of deep learning brought about a paradigm shift in EE,
introducing models that could learn from data instead of following hard-crafted rules.
This transition enabled the EE systems to be more easily adapted to different scenarios
and achieve better accuracy. Techniques such as recurrent neural networks (RNNs)
became popular due to their ability to capture complex patterns in text. Most recently, the
emergence of large language models (LLMs) has further revolutionized NLP research,

offering promising new directions for future EE systems.

However, EE research faces significant challenges:

* Insufficient Accuracy: Compared with other IE tasks like NER and RE, EE
systems exhibit significantly lower accuracy, which is defined as the percentage of
correctly identified events argument relative to the total event arguments analyzed.
This reduced accuracy is attributed to the task’s inherent complexity. EE requires
a comprehensive understanding of the text and involves the interaction between
the event trigger and multiple arguments. Thus, a crucial challenge for the EE task

is to enhance accuracy.

* Document-Level EE: The inherent complexity of EE often confines research
to the sentence level, where the focus is on extracting event information from
individual sentences. However, real-world applications generally require extract-
ing event information at the document level. This transition to document-level
extraction presents significant difficulties, such as the need for broader context
comprehension, management of scattered arguments, and handling multiple events

within documents.
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* Dependence on Annotated Data: EE heavily relies on supervised learning,
which necessitates substantial volumes of annotated training data. Collecting and
annotating such data is not only labor-intensive but also costly, compounded by
the intricate requirements of EE data annotations. The dependency on large scale
labeled data poses significant hurdles in the development and scalability of EE

systems in real-world applications.

On the other hand, as a typical real-world task, investigation on the event extraction
task i1s accompanied by common problems that exist across many NLP domains. For
example, the Universum class, often referred to as the Other or Miscellaneous class,
is defined as a collection of samples that do not belong to any class of interest. The
Universum class widely exists in the EE task and many classification-based NLP tasks.
The Universum class exhibits distinct properties; however, existing works often treat
it equivalently to the classes of interest. We find this treatment leads to issues such as
overfitting, misclassification, and diminished model robustness.

Additionally, when applying large language models to EE tasks, we find that LLMs are
biased towards predicting certain answers. As a result, the effectiveness of LLMs is often
compromised by this inherent bias, leading to issues of prompt brittleness—sensitivity

to design settings such as example selection, order, and prompt formatting.

In order to address the aforementioned challenges, several works are presented in this

thesis:

* A graph neural network based method for document-level EE. This method lever-
ages redundant event information within documents along with coreference infor-

mation to enhance accuracy in document-level EE.

* A prompting strategy tailored for EE to alleviate the need for large-scale labeled
data. We explore what LLMs learn from in-context learning (ICL), finding that
LLMs learn task heuristics from demonstrations via ICL. Based on this insight,

we propose a novel heuristic-driven prompting strategy.

* A closed boundary learning framework designed to address the unique properties of
the Universum class in classification tasks. We highlight an understudied problem
regarding the Universum class. Then, we propose a method that applies closed
decision boundaries to classes of interest and designates the area outside all closed

boundaries in the feature space as the space of the Universum class.

3
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* An LLM structure manipulation method that addresses the inherent bias of LLMs.
We investigate how feedforward neural networks (FFNs) and attention heads result
in the bias of LLMs. To mitigate these effects, we introduce the UniBias method,

which effectively identifies and eliminates biased FFN vectors and attention heads.

In summary, this thesis aims to address the challenges of the EE task to achieve more
accurate and practically applicable event extraction. Furthermore, by tackling challenges
that are not only prevalent in EE but also common across various NLP tasks, this thesis

extends its benefits to a broader context.

1.2 Scope and Objectives

To clarify the scope covered in this thesis, the following elaboration is provided:

Algorithmically, this thesis explores a range of machine learning algorithms, including
both conventional NLP methods based on supervised learning and the latest paradigms
involving LLMs. Specifically, we explore conventional NLP methods that employ super-
vised learning via algorithms such as Recurrent Neural Networks (RNNs), Transformers,
Graph Neural Networks, and attention mechanisms. Additionally, we delve into the
latest advancements in LLMs, particularly focusing on the in-context learning paradigm.

These methodologies represent the forefront of NLP research.

Task-wise, the primary focus of this thesis is the EE task. Beyond EE, this research
addresses several fundamental issues that exist not only in EE but also in diverse NLP
scenarios. These include challenges like the Universum class and bias inherent in
LLMs. Consequently, more diverse tasks are explored to delve into these foundational
issues, encompassing Named Entity Recognition, Relation Extraction, Natural Language

Inference, Common Sense Reasoning, and Sentiment Analysis.

The objectives of this thesis are twofold:

* Address the challenges of the EE task to achieve more accurate and practically
applicable EE systems. Specifically, we aims to propose algorithms to enhance
the performance of EE on public available EE datasets. Additionally, to enable

EE systems more suitable for real-world applications, we aims to investigate
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algorithms for document-level problem setting and alleviate the dependency on

large-scale labeled data of the task.

* Address important issues that are not only prevalent in EE but also extend across
the broader NLP context. Specifically, we explore the handling of the Universum
class in classification problems and the mitigation of inherent biases in LLMs.

These investigations aim to yield benefits for a broader range of NLP applications.

1.3 Main Contributions

The main contributions of this thesis are listed as follows:

* Document-Level Event Argument Extraction Method. Existing research works
in EE are mostly restricted to sentence level. However, events are often described
in the forms of document in real world. In this sense, we propose a method
tailored for document-level EE. Specifically, we observe that in document-level
event argument extraction, an argument is likely to appear multiple times in
different expressions in the document. The redundancy of arguments underlying
multiple sentences is beneficial but is often overlooked. To make use of redundant
event information underlying a document, we build an entity coreference graph
with the graph2token module to produce a comprehensive and coreference-aware
representation for every entity and then build an entity summary graph to merge
the multiple extraction results. In addition, in EE, most entities are regarded
as the “Others” class, composed of entities existing in the document but not
event argument. This class is composed of heterogeneous entities without typical
common features. Classifiers trained by cross entropy loss could easily misclassify
the Universum class because of their open decision boundary. To better classify

the Universum class, we propose a new loss function.

* A Pioneering Work on Prompting Strategy Tailored for EE: Conventional
supervised learning methods for EE necessitate a substantial amount of training
data, which is particularly burdensome and costly given the complexity inherent to
document-level EE. To alleviate the need for large-scale annotation data, we em-
ploy in-context learning (ICL) to EE 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.
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We introduce the Heuristic-Driven Link-of-Analogy (HD-LoA) prompting tailored
for the EE task. Specifically, we hypothesize and validate that LLLMs 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 selection process into a systematic method that
emphasizes task heuristics. Additionally, inspired by the analogical reasoning
of human, we propose the link-of-analogy prompting, which enables LLMs to
process new situations by drawing analogies to known situations, enhancing their
performance on unseen classes beyond limited ICL examples. We introduce a

pioneering work to leveraging large language models on EE.

Closed Boundary Learning for Classification Tasks with the Universum Class.
As we discovered in the EE task, the Universum class, often known as the other
class or the miscellaneous class, is defined as a collection of samples that do not
belong to any class of interest. It is a typical class that exists in many classification-
based tasks in NLP, such as EE, relation extraction, named entity recognition,
sentiment analysis, etc. The Universum class exhibits very different properties,
namely heterogeneity and lack of representativeness in training data; however,
existing methods often treat the Universum class equally with the classes of interest,
leading to problems such as overfitting, misclassification, and diminished model
robustness. In this work, we propose a closed boundary learning method that
applies closed decision boundaries to classes of interest and designates the area
outside all closed boundaries in the feature space as the space of the Universum
class. Specifically, we formulate closed boundaries as arbitrary shapes, propose
the inter-class rule-based probability estimation for the Universum class to cater
to its unique properties, and propose a boundary learning loss to adjust decision
boundaries based on the balance of misclassified samples inside and outside the
boundary. In adherence to the natural properties of the Universum class, our

method enhances both accuracy and robustness of classification models.

Unveiling and Mitigating LLLM bias. LLMs have demonstrated impressive ca-
pabilities in various tasks using the in-context learning paradigm. However, their
effectiveness is often compromised by inherent bias, leading to prompt brittle-
ness—sensitivity to design settings such as example selection, order, and prompt
formatting. Previous studies have addressed LLM bias through external adjust-
ment of model outputs, but the internal mechanisms that lead to such bias remain

unexplored. Our work delves into these mechanisms, particularly investigating
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how FFNs and attention heads result in the bias of LLMs. By Interpreting the
contribution of individual FFN vectors and attention heads, we identify the biased
LLM components that skew LLMs’ prediction toward specific labels. To mitigate
these biases, we introduce UniBias, an inference-only method that effectively

identifies and eliminates biased FFN vectors and attention heads.

1.4 Organization of the Thesis

This thesis is organized as follows:

Chapter 1 provides an overview of event extraction and outlines the inherent limitations
of this task. Furthermore, two important issues that are not only prevalent in EE but also
extend across the broader NLP context are identified. These issues collectively motivate
this research work. Additionally, the scope, objectives, and key contributions of the

thesis are also introduced.

Chapter 2 presents a comprehensive literature review covering event extraction (EE), the
Universum class, and large language models (LLMs). Specifically, this chapter outlines
key terminologies, problem settings, and dominant learning algorithms associated with
event extraction. It then details the terminologies relevant to the Universum class,
classification tasks that involve this class, and various Universum learning methods.
Finally, the chapter reviews large language models, focusing on the evolution of language
models, the in-context learning paradigm, biases inherent in LLMs, and approaches to

interpreting LLMs.

The following chapters are divided into two parts. Part 1, comprising Chapter 3 and
Chapter 4, introduces our contributions towards developing more accurate and practically
applicable event extraction systems. Part 2, consisting of Chapter 5 and Chapter 6,
discusses our contributions to addressing two important issues that are prevalent not only

in EE but also widely exist across broader NLP scenarios.

Chapter 3 introduces a method for document-level event argument extraction. This
method leverages redundant event information within documents along with coreference
information to enhance accuracy in document-level EE. Additionally, a new loss function

is proposed to properly treat the Others class for EE task.
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Chapter 4 presents a heuristic-driven prompting strategy tailored for EE to alleviate the
need for large scale annotation data of the task. Specifically, we hypothesize and validate
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 selection process into a systematic

method that emphasizes task heuristics.

Chapter 5 introduces a closed boundary learning framework designed to address the
unique properties of the Universum class in classification tasks. We analyze the unique
properties of the Universum class and the problems resulted of current algorithms. In
this work, we propose a closed boundary learning method that applies closed decision
boundaries to classes of interest and designates the area outside all closed boundaries in

the feature space as the space of the Universum class.

Chapter 6 presents a method to address the inherent bias of LLMs via internal structure
manipulation. LLM bias has been identified as the root cause of prompt brittleness, which
significantly undermines the robustness and adaptability of LLMs in diverse applications.
We delve into the internal mechanisms of bias within LLMs and examine how specific
components, such as FFNs and attention heads, contribute to this bias. To mitigate these
effects, we introduce the UniBias method, which effectively identifies and eliminates

biased FFN vectors and attention heads.

Chapter 7 summarizes the thesis and provides discussions on future research.



Chapter 2

Literature Review

2.1 Overview of Event Extraction

2.1.1 Terminologies

Event extraction (EE) aims to detect the existence of an event within the text and, if
present, to discover event-related information from the text [16]. Essentially, EE converts
unstructured event information into a structured format, enabling diverse downstream
applications that leverage this structured information. Event structures are usually
predefined, including both event types and event argument roles. The terminologies of
EE are defined as follows [22]:

Event mention: a phrase or sentence describing an event, including a trigger and

several arguments.

Event trigger: the main word that most clearly expresses an event occurrence,

typically a verb or a noun.

* Event argument: an entity mention, temporal expression or value that serves as a

participant or attribute with a specific role in an event.

* Argument role: the relationship between an argument and the event in which it

participants.
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‘ Sentence: At daybreak on the 9th , the terrorist set off a
truck bomb | attack in Nazareth .

\

Type: Conflict / Attack
Trigger: attack

Arg-Attacker: the terrorist
Arg-Target: [NULL]
Arg-Instrument: bomb

Arg-Time: At daybreak on the 9th

Arg-Place: Nazareth
\ Z /

FIGURE 2.1: Illustration of event extraction task.

For example, as illustrated in Figure 2.1, given an unstructured sentence related to the
Conflict/Attack event, the task of event extraction (EE) involves identifying and extracting

the participants of the event, referred to as event arguments, from the text.

2.1.2 Problem Setting

The problem setting for EE is typically categorized into two different levels: sentence-

level event extraction and document-level event extraction.

Sentence-Level Event Extraction: This level presents a simplified setting, focusing
specifically on extracting event arguments from a single sentence [2, 23, 24]. It involves
identifying particular event components within the sentence that collectively constitute
an event. The exploration of sentence-level EE serves as a foundational step for further

research into more complex, document-level tasks.

Document-Level Event Extraction: In contrast, document-level EE presents a more
complex and realistic challenge that aligns closely with real-world applications. This
setting involves identifying event arguments that may be spread across multiple sentences
or throughout an entire document [25-28]. It requires a deep understanding of the

document’s global information and the ability to link details scattered across the text.

10
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2.1.3 Learning Algorithms for Event Extraction
2.1.3.1 Pattern-Based Systems

Early methods for event extraction were based on rules crafted by domain experts. These
pattern-based systems typically required extensive manual effort to develop the patterns,
which were tailored to specific types of events and their linguistic expressions in text.
AutoSlog is a pioneering pattern-based extraction system [29]. AutoSlog utilized a small
set of linguistic patterns alongside a manually annotated corpus to efficiently derive
event patterns. For example, “<subject> passive-verb” would be a linguistic pattern
for extracting the victim “<victim> was murdered”. Building on the foundation laid
by AutoSlog, subsequent pattern-based systems have been developed across various
domains, including biomedical event extraction [30, 31] and financial event extraction
[32]. However, pattern-based systems often struggled with generalization and scalability,

making them less effective for broad and real-time applications,

2.1.3.2 Traditional Machine Learning

Later approaches for event extraction (EE) utilize traditional machine learning algorithms
such as Support Vector Machines (SVM) and K-Nearest Neighbors (KNN). These
approaches typically involve learning classifiers based on labeled training data, which
are then applied to the target text. The classifiers are developed using a variety of
text features, including lexical features, syntactic features, semantic features, frequency
features, unigram features, etc. Various classifiers are then learned using different
algorithms, such as the nearest neighbors algorithm used in Ahn [33], the maximum
entropy method employed in Chieu and Ng [34], and the SVM approach in Hong et al.
[35].

These traditional machine learning methods form the backbone of many EE systems,
offering strategies for feature extraction and data classification. However, they typically
require extensive preprocessing and careful feature engineering to achieve optimal results.
Deep learning approaches, which will be introduced in the following section, address

some of these limitations by learning feature representations directly from raw data.

11
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A police officer was <anchor>killed</anchor> in New Jersey today
BIO Entity Type Annotation: O (0] B-per (0] 0] O B-gpe I-gpe B-time

table look-up
A

BIO entity type embedding matrix «
i
position embedding mgtrjxi A
," |
h Look-up tables Convolutional layer Max pooling Fully connected Iaye’r
with multiple window with dropout and
sizes for filters softmax output

FIGURE 2.2: Illustration of the use of CNN in event extraction in [1]

2.1.3.3 Deep Learning

With the development of deep learning, deep neural networks (DNN) have been widely
applied in NLP tasks due to its ability of automatically learn complex feature repre-
sentations from large volumes of raw data. These models leverage architectures like
Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long
Short-Term Memory units (LSTMs) and more recently, Transformers, which have signif-
icantly enhanced the accuracy and efficiency of EE systems. Deep learning approaches
are particularly adept at capturing the complex patterns of language, such as semantics,
through multiple layers of deep neural network, which allows them to generalize well

across different contexts without the need for explicit feature engineering.

The general process of applying deep learning for EE is to convert text into vectors
through word embeddings, and let DNN takes the word embeddings as input and output
the classification results for event arguments. The main challenge in deep learning based
methods is how to design an efficient DNN. Therefore, various DNN models are applied

and they are summarized below.

2.1.3.4 Convolutional Neural Networks

The convolutional neural network, originally proposed by [36], consists multiple layers

that include convolutional layers, pooling layers, and fully connected layers. In the

12
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FIGURE 2.3: Illustration of the use of RNN in event extraction in [2]

convolutional layers, filters are applied to the input to extract salient features. Pooling
layers then reduce the dimensionality of each feature map, preserving the most important
information. Finally, the fully connected layer computes the classification results based
on the features extracted by earlier layers. Due to its ability to capture both syntactic and

semantic features of text, CNNs have become widely utilized in NLP tasks.

For instance, in the study by [1], CNNs are employed for the EE task to automatically ex-
tract features from input texts. As illustrated in Figure 2.2, the input to the model consists
of concatenated word embeddings, position embeddings, and entity type embeddings
from a sentence. The CNN learns hidden features through multiple convolutional and
max pooling layers, with the fully connected layer ultimately generating the classification
results for event extraction. Other researchers have employed CNNs to EE with various
modifications, such as replacing the max pooling layer with a dynamic multi-pooling
layer [37] and incorporating a semantic layer to better capture contextual information
[38].

2.1.3.5 Recurrent Neural Networks

While CNNs excel at capturing contextual relationships among adjacent words, they are
limited by their filter window size, which can restrict their ability to capture long-distance
dependencies in text. In contrast, Recurrent Neural Networks [39] are particularly adept
at handling such dependencies, making them ideal for processing sequential input like

text. In an RNN, each neuron receives input not only from the input in the current step but

13
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also from the hidden state in the previous step. This structure effectively creates a memory
of previous inputs within the network, which is maintained through hidden layers. In
the context of EE, RNNs are very useful because they can process the full context of
an input text in one pass, thereby identifying relationships and dependencies that span
across long stretches of text. This capability allows for more accurate identification of

complex event structures.

For example, Nguyen et al. [2] adapt two RNNs that run over the input sentence in both
forward and reverse directions to automatically learn representations for inputs. The
learned representations are used to predict event triggers and argument roles. The overall
framework of their method are illustrated in Figure 2.3. In other works, Sha et al. [23]
propose a dbRNN that involve syntactic dependent information in RNN model by adding
syntactic dependent connection of RNN neurons in the model, Li et al. [40] adding entity
ontological knowledge into a Tree-LSTM [41] to better encode external background

knowledge.

2.1.3.6 Graph Neural Networks

Graph Neural Networks (GNNs) are designed to process data that is represented as
graphs, making them highly effective for applications involving relational information.
The structure of a GNN includes nodes and edges. Each node within the graph encodes
specific features, and edges denote the relationships between these nodes. GNNs operate
by aggregating features from neighboring nodes through successive layers, allowing
them to perform operations in non-Euclidean spaces. Additionally, convolutional and
recurrent kernels can be applied within the graph structure to learn hidden features

embedded within the graph.

In the context of EE, Xu et al. [24] propose a heterogeneous interaction graph network
to capture interactions between entity mention node and sentence node, as demonstrated
in Figure 2.4. This model enhances the ability to analyze contextual relationships within
texts. Similarly, Liu et al. [3] employ syntactic dependencies as edges in a graph convo-
lutional neural network, introducing syntactic shortcuts that improve information flow
and enhance the model’s ability to capture long-range dependencies. Huang et al. [42]
use a hierarchical graph representation encoded by Graph Edge-conditioned Attention
Networks. This approach incorporates domain knowledge from the Unified Medical

Language System into the event extraction model. Christopoulou et al. [43] utilizes
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FIGURE 2.4: Illustration of the use of GNN in event extraction in [3]

various types of nodes and edges to construct a document-level graph, enabling the model

to learn intra- and inter-sentence relations through internal multi-instance learning.

2.1.3.7 Transformers

Transformers, introduced by Vaswani et al. [7], feature a unique architecture that distin-
guishes them significantly from traditional RNNs and CNNs. A key innovation of the
Transformer architecture is the self-attention mechanism, which assesses the relevance
of each part of the input data to other parts, enabling the model to focus on important fea-
tures without being constrained by the order of input sequence. This mechanism allows
Transformers to process input data in parallel and capture complex dependencies within
the data. Transformers also incorporate feed-forward neural networks, normalization

steps, and residual connections in the model structure.

Transformers have been widely adopted across a range of NLP tasks. Unlike RNNs or
CNNs, Transformers manage sequences in a non-sequential manner, which makes them
particularly efficient at modeling long-range dependencies and parallelizing computa-
tions. Transformers are also adopted in pretrained language models like BERT, GPT, and

RoBERTa, which have been applied extensively in various NLP applications.

In the domain of event extraction, several innovative applications of Transformers have
been proposed. For instance, Liang et al. [25] introduce a relation-augmented attention
Transformer designed to manage multi-scale and multi-amount relations in document-

level event extraction. Zhang et al. [44] develop a syntax-guided graph Transformer

15



16 2.1. Overview of Event Extraction

ﬁ StrategyQA j f Document-Level EAE j

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.

\ AN /

Math Word Problems ﬁ Natural Language Inference \

D: a given document ......

Q: What is the giver in the document?
A: In the document, “Qataris” donated
millions to the Cliton Foundation. So the
giver is “Qataris”.

Q: Ali had a collection of seashells. He
started with 180 seashells. He then gave
away 40 seashells to his friends. He also
gave 30 seashells to his brothers. If he
sold half of the remaining seashells, how
many seashells did he have left?

A: He started with 180 seashells. He

Q: "A woman wearing all white and
eating, walks next to a man holding a
briefcase.”

Based on this premise, can we conclude
the hypothesis "A female is next to a
man." is true?

gave away 40 to his friends and 30 to his ?P;IONS:
brothers. That means he gave away 40 + ) io

30 = 70 seashells. He has 180 - 70 =110
seashells left. He sold half of them, so he
has 110 / 2 = 55 seashells left. The
answer is 55.

- it is not possible to tell
A: A woman is another word for a female.
The answer is yes.

2N /

FIGURE 2.5: 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.

network that addresses the challenge of scattered events in text and use a pretrained
Transformer model to generate contextual representations for input tokens. Additionally,
Transformer-based pretrained language models are increasingly being utilized to generate
token representations in event extraction, as demonstrated in works by Hsu et al. [45], Ma
et al. [46], Xu et al. [47], Shi et al. [48].

2.1.3.8 Large Language Models

Recent advancements in LLMs have significantly revolutionized the field of natural
language processing. LLMs are bringing us closer to the goal of task-agnostic machine
learning [5, 49, 50]. Rather than training models on new tasks, LLMs can be directly
applied to new tasks without parameter updates, using a paradigm known as in-context
learning (ICL) [51, 52]. This breakthrough raises questions about the performance and

potential of LL.Ms in the context of event extraction.
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However, despite these advancements, there remains a scarcity of prompting strategies
specifically tailored for EE. While the chain-of-thought (CoT) prompting is extensively
used across a variety of tasks, its effectiveness is compromised in non-reasoning scenar-
10s, such as event extraction. As shown in Figure 4.1, applying CoT to non-reasoning
tasks will degrade its step-by-step reasoning into a potentially inadequate single-step.
Addressing this gap, we introduce the first work that develops a prompting strategy
tailored for the EE task.

2.2 The Universum Class

2.2.1 Terminologies

In the document-level event extraction task, the other class, or Universum class, is
commonly observed. As illustrated in Figure 2.6, a typical document contains dozens of
entities, yet only a small fraction are event arguments. The majority of these entities fall
into the other class. This class exhibits a distinct pattern compared to targeted classes: it
represents all entities that are irrelevant to the specific tasks at hand. Furthermore, the
other class often significantly outnumbers the target classes, leading to a severe class
imbalance. Beyond the observation in event extraction tasks, we further notice that such
a class is prevalent across various NLP tasks, particularly in real-world applications.
This widespread occurrence highlight the importance of managing the Universum class

to improve model performance and accuracy in diverse linguistic scenarios.

In classification-based tasks, it is also common to encounter a class named as other,
miscellaneous, neutral, or outside (O) class. Such a class is a collection of samples that
do not belong to any class of interest, such as samples of no relation class in relation
extraction task. We adopt the terminology in [53] to designate all such classes as the
Universum class (U). Universum class exists not only in the task of event extraction,
but also in various classification-based problems, such as relation extraction (RE) [54],
named entity recognition (NER) [55], sentiment analysis (SA) [55], and natural language
inference (NLI) [56]. For example, in the SemEval 2010 Task 8 dataset, a commonly used
dataset for relation extraction, nearly 20% of the data belongs to the “Other” category,
which accounts for the largest proportion of the whole 19 classes. To distinguish the
Universum class and the rest of the classes, we call the classes of interest as target classes
(T). The set of all classes (A) in the data can be expressedas A =U U T
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[S1] ... by special urban troops, four
terrorists have been arrested in Soacha.
[S2] They are responsible for the car bomb
attack on the Newspaper El Espectador, to

a series of Bogota dynamite attacks, to the Peretrator four terrorists
freeing of @ group of paid assassins. Individual

[S3] The terrorists are also connected to Perpetrator

the murder of Teofilo Forero Castro, ... Organization B

[S4] General Ramon is the commander of »

the 13th infantry brigade. Target Newspaper El
[S5] He said that at least twio of those Espectador
arrested have fully confessed to having Victim Teofilo Forero Castro

taken part in the'accident|in Soacha,
Cundinamarca.
[S6] .. triumph over organized crime, its

accomplices and its protectors. /

FIGURE 2.6: The presence of the Universum class in the event extraction task. Most
entities in the document (highlighted in grey) belong to the Universum (Other) class,
while only a few entities (highlighted in yellow) are identified as event arguments.

* Universum class: A collection of samples that do not belong to any class of

interest.

» Target class: A class of interest in the task, i.e., one of the classes other than the

Universum class.

The composition of the Universum class and target classes are very different, resulting
distinct properties. We further highlight the differences between the Universum class
and target classes in two properties, namely heterogeneity and lack of representativeness

in training data, which are detailed in Chapter 5.

2.2.2 C(lassification Tasks with the Universum Class

The Universum class widely exists in classification based tasks in NLP, and we summarize
the statistics regarding its existence in various datasets in Table 2.1. It should be noted
that the span-based methods [57, 58] enumerate all possible spans for classification,
which introduces an extra other class. Additionally, the Universum class has various
names such as other and miscellaneous, etc. For example, in sentiment analysis, the
neutral class can be considered as the Universum class because the word neutral is
defined as “having no strongly marked or positive characteristics or features”, which

means the neutral class is a collection of all samples without strong emotions.
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Task Dataset Label Name  Proportion
EE MUC-4 [64] Other >90%
RE SemEval 2010 Task 8 [65] Other 17.4%
RE TARCED [54] No relation 79.5%
NER CoNLL-2003 [55] Miscellaneous 14.6%
NER (span-based) CoNLL-2003 [55] Other >90%
ACSA MAMS [66] Neutral 43.4%

TABLE 2.1: The existence of the Universum class in classification tasks.

Despite the unique properties of the Universum class, current works [12, 13, 57, 59-63]
typically approach classification problems involving the Universum class as standard
multi-class classification issues, treating the Universum and target classes identically.
This common treatment leads to significant problems, including overfitting, misclassifi-
cation, and reduced model robustness. To address these issues, we introduce a closed
boundary learning method that distinctly treats the Universum class, separating it from

the target classes. Our method is detailed in Chapter 5.

2.2.3 Universum Learning Methods

Although we adopt the terminology of Universum [53], the problem setting of our work
in Chapter 5 is very different from that of previous studies on Universum learning
[53, 67-71].

The concept of Universum learning involves utilizing external, unlabeled Universum
data to enhance the accuracy of supervised tasks. This idea has inspired various research
efforts to leverage such data for classification purposes. Weston et al. [S3] pioneered
the use of external Universum data by maximizing the contradictions between labeled
data and Universum data. Qi et al. [68] developed a Twin Support Vector Machine
(TSVM) incorporating Universum to improve TSVM performance by exploiting the
prior knowledge embedded in Universum data. Similarly, Shen et al. [70] introduced a
boosting algorithm that extends maximal contradiction on Universum data to the realm
of boosting learning, and Richhariya and Tanveer [71] utilized prior information in EEG

signal classification by proposing a Universum Support Vector Machine.
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20 2.2. The Universum Class

However, the Universum class problem investigated in our study differs from these
existing Universum learning approaches in several key aspects. In our case, the Uni-
versum class is one of the internal, labeled classes within a multi-class classification
framework, rather than as a set of external, unlabeled data typically used in Universum
learning studies. Methodologically, previous Universum learning methods often employ
open-boundary classifiers [69] or unable to distinguish Universum samples from labeled

samples [53, 67, 68], neither of which are are appropriate to the problem we presented.

2.2.4 Closed Boundary Learning Methods

We adopt the closed boundary for the classification of tasks associated with the Univer-
sum class. Therefore, we review the closed boundary learning methods in the literature

in this section.

2.2.4.1 Generalized OOD Detection

Closed boundaries are commonly used in research fields such as out-of-distribution
(OOD) detection [72—74], open set recognition [75, 76], anomaly detection [77], and
outlier detection [78, 79]. We adopt the term “generalized OOD detection” from [80]
to encapsulate these problems and to distinguish them from our proposed classification

with the Universum class problem. These topics are defined as follows:

Anomaly Detection: Anomaly detection involves identifying anomalous samples

that deviate from what is considered normal during testing [81].

* Novelty Detection: Novelty detection aims to recognize test data that differs
significantly from the data seen during training [82]. Both anomaly detection and

novelty detection are often treated as one-class classification problems.

* Open Set Recognition: Open set recognition addresses the challenge of encoun-
tering new, previously unseen classes during testing. It requires classifiers to
accurately identify both these new classes and the original classes seen during

training [83].

* Out-of-Distribution Detection: This involves detecting test samples that come

from a distribution different from that of the training distribution [80].
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* Outlier Detection. Outlier detection targets to detect samples that exhibit patterns

that do not conform to expected behavior [84].

Due to the similarities across these topics, we further summarize the methodologies for

them together:

* Classification-based Methods: Initially, OOD detection relies on using the soft-
max confidence score as an indicator, classifying a sample as OOD if its softmax
confidence score is low [85]. Recognizing the problem of overconfident posterior
distributions for OOD data, Liu et al. [86] propose using the energy score for OOD
detection, where samples with lower energies are considered OOD. Furthermore,
Sun et al. [87] identify that OOD data could trigger unit activation patterns signifi-
cantly different from in-distribution (ID) data. To address this, they introduce the
ReAct approach, which utilizes activation truncation to mitigate overconfidence in
OOD predictions. Additionally, Liang et al. [88] observe that temperature scaling
and adding small perturbations to the input can help separate the softmax score dis-
tributions between in- and out-of-distribution samples, leading to the development

of the training-based OOD detection method.

* Density-based Methods: Density-based methods focus on modeling in-distribution
samples with probabilistic models and marking test data in low-density regions as
OOQOD. Various approaches are used to model the probabilistic distributions, includ-
ing Gaussian distribution [89], flow-based methods [90, 91], likelihood ratios [92],
and likelihood regret [93].

* Distance-based Methods: The underlying principle of distance-based methods
is that OOD samples are typically located far from the center of in-distribution
samples within the feature space. Various studies leverage the distance between a
test sample and the centroids of in-distribution data in the representation space as
an indicator for OOD detection. This distance is assessed using several estimation
techniques, including Mahalanobis distance [73], cosine similarity between repre-
sentations of in-distribution data [74], radial basis function kernel [94], Euclidean

distance [95], and geodesic distance [72].
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22 2.2. The Universum Class

2.2.4.2 Difference in Problem Setting

In this section, we highlight the distinctions between the classification problem involving
the Universum class that we propose, and the existing generalized OOD detection

problem.

Classification tasks can be categorized into problems based on closed-world assumption
and open-world assumption [80]. The generalized OOD detection is treated under the
open-world assumption, while the classification problem with the Universum class is

treated under the closed-world assumption.

* Closed-world assumption: The test data is assumed to be drawn from the same

distribution as the training data, known as in-distribution (ID).

* Open-world assumption: In a real-world environment, out-of-distribution (OOD)

samples that are not covered in the training data are expected in the test data.

In addition, the OOD samples are not available in the training data in generalized OOD
detection, whereas a considerable number of Universum samples are included in the
training data in our problem setting. Leveraging information of existing Universum

samples is important to generate accurate decision boundaries in our problem.

As shown in the Table 2.2, we further adopt the terminologies in [83] to illustrate the

difference in problem setting.

* Known Known Classes (KKCs) are those with distinctly labeled positive training

samples.

* Known Unknown Classes (KUCs) refer to labeled negative samples not grouped

into meaningful categories.

* Unknown Unknown Classes (UUCs) encompass classes without any information

available during training.

It is evident from Table 2.2 that the dataset composition varies significantly across these
tasks. Generalized OOD detection methods primarily focus on using information within
KKC:s to correctly reject both KUCs and UUCs. In contrast, our approach emphasizes
leveraging information from both KKCs and KUCs to accurately classify KKCs and

manage KUCs effectively, as they are both integral to the classification process.
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TRAINING TESTING Goal
Traditional e
Classification KKCs KKCs Classifying KKCs
Anomaly Detection KKCs an'd few or KKCs and few or . '
and Novelty none outliers from . Detecting outliers
. none outliers
Detection KUCs
Open Set KKCs KKCs and UuCs | ldentifying KKCs and
Recognition rejecting UUCs
Out-of-Distribution KKCs, KUCs and Ideptlfymg KKCs and
Detection KKCs UUCs rejecting KUCs and
UUCs
Classification ep e
Problem with the KKCs and KKCs and Classifying KKCs and
. extensive KUCs extensive KUCs KUCs
Universum Class

TABLE 2.2: Illustration of the difference between classification problem with the
Universum class and generalized OOD detection tasks.

2.2.4.3 Difference in Methodology

The methodologies used to address the classification problem with the Universum class

and generalized OOD detection also differs significantly.

By definition, the OOD detection problem assumes that the training data do not contain
any OOD samples. However, a branch of the OOD studies, known as outlier exposure
[96-101], introduces auxiliary outlier data during training. The introduced auxiliary data
makes it close to the format of our raised classification problems with the Universum class.
However, outlier exposure methods are not suitable for our problem. The outlier exposure
method mostly adopts a two-step approach that consists of multi-class classification and
OOD identification. Such two-step approach will suffer from error propagation problem.
In addition,the OOD identification step distinguishes OOD and ID samples based on a
score obtained by cross entropy or energy function. However, both cross entropy and
energy function are monotonically varying. As a result, the decision boundary derived
from a threshold score of the monotonically varying function is an open boundary, which
leaves the heterogeneity and representativeness issues we pointed out in this paper still

unresolved.

From a methodological point of view, our work is also different from the works in
generalized OOD using closed boundaries. In generalized OOD studies, the closed
boundaries are formulated by the classic density-based method [102, 103], one-class
classification method [104, 105], or distance-based method [72, 75, 106-108]. The
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24 2.3. Overview of Large Language Models

distance-based methods are limited to spherical boundary shapes but our method can
generate arbitrary shape boundaries. The one-class classification method formulates only
one closed boundary between positive and negative samples while our work generates
closed boundaries for all target classes. Finally, only positive samples are used to
learn decision boundaries in density-based method, while both target class samples and

Universum samples are used in our work.

2.3 Overview of Large Language Models

Since the release of ChatGPT in November 2022, LL.Ms have garnered significant
attention and have revolutionized research in NLP. Our investigation into event extraction
has similarly undergone a paradigm shift, beginning to leverage the power of LLMs for
enhancing EE and addressing important inherent issues in LLMs. This section reviews

the development and related research topics of LLMs.

LLMs are large-scale, pre-trained, statistical language models based on neural networks
[109]. Recent advancements in LLMs have transformed the NLP field by significantly
enhancing performance across a broad spectrum of tasks. Increasing the scale of these
models—such as model parameters and training data—consistently leads to better per-
formance, suggesting a promising trend toward developing even larger language models.
Additionally, LLMs can not only solve NLP tasks but also serve as general-purpose task
solvers, positioning them as crucial components for advancing toward artificial general

intelligence.

Despite their strong performance, the underlying mechanisms of LLLMs remain largely
under-explored. For instance, LLLMs exhibit emergent abilities, which are abilities
not present in smaller models but manifest in larger ones [110]. These abilities are
unpredictable, leaving researchers with limited understanding of how such emergent
abilities appear and how to foresee new emergent capabilities in LLMs. Furthermore,
LLMs have introduced a paradigm named in-context learning (ICL). ICL allows LLMs
to adapt to new tasks using just a few illustrative examples, provided in the form of
demonstrations [4]. Unlike traditional machine learning algorithms, ICL does not involve
updating model parameters. The mechanisms that enable ICL, as well as its broader

implications for model learning and adaptability, remain largely under-explored.
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In this section, we provide a systematic overview of the research on large language

models, focusing on its origin, structure, ICL paradign, and bias of LLMs.

2.3.1 Language Models

LLMs is a recent breakthrough in the reseach of language models, which are designed to
predict the likelihood of a generating a sequence of words. Research on language models

can date back to 1990s. We review the development of language model as follow.

* Statistical Language Models (SLMs): SLMs are the earliest forms of language
models [111, 112], primarily based on the idea that predict the next word based on
the nearest previous context. SLMs calculate the probability of a word based on
the frequencies of previous word sequences in a given dataset. n-gram SLMs have
a fixed context length n. Although effective in capturing local context within the
n-gram window, they struggle with longer dependencies and suffer from the curse
of dimensionality, which makes them computationally expensive as n increases.
Classic SLMs include Markov models and Hidden Markov Models that paved the

way for initial explorations in automated language processing.

* Neural Language Models (NLMs): The introduction of NLMs [113, 114] rep-
resented a significant paradigm shift in language modeling by utilizing neural
networks to address the limitations of earlier Statistical Language Models (SLMs).
At the core of NLMs is the concept of distributed representations, pioneered by
[115], where each word is represented by a vector. This approach allows the
model to capture complex semantic and syntactic relationships between words.
An important advancement in distributed representations was the development
of word2vec [116], which efficiently learns distributed word representations by
training a simplified neural network, proving effective across various NLP tasks.
Additionally, more sophisticated models like RNNs and LSTMs were developed
to maintain information across longer sequences, surpassing the capabilities of
traditional n-grams in handling sentences with complex structures. NLMs have
laid the groundwork for advanced text generation and understanding, significantly

enhancing the scope and depth of NLP applications.

* Pre-trained Language Models (PLMs): PLMs mark a significant evolution in

language modeling by leveraging vast amounts of unlabeled text to learn universal
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FIGURE 2.7: An illustration of the ICL paradigm from [4].

language representations before being fine-tuned for specific tasks. Unlike earlier
models, PLMs are inherently task-agnostic, designed to be adaptable across a
wide range of applications. This adaptability significantly enhances the efficiency
and effectiveness of language models in targeted settings. Pioneering efforts such
as ELMo [117] introduced the concept of deep contextualized word representa-
tions. Subsequently, Transformer-based models like BERT [118], T5 [119], and
RoBERTa [120] have significantly improved performance across a broad range of

NLP benchmarks by leveraging extensive pretraining on large corpora.

* Large Language Models (LLMs): LLLMs mainly refer to transformer-based pre-
trained language models that contain tens to hundreds of billions of parameters
[109]. LLMs represent the cutting edge in language model research, encompassing
models such as GPT-3 [49], Llama [121], PaLM [122], and GPT-4 [123]. These
models not only continue the trend of pre-trained models but also scale it up signif-
icantly. LLMs exhibit different behaviors that are not observed in smaller PLMs,
including multi-step reasoning—solving complex problems by breaking them into
multiple steps, in-context learning—adapting to new tasks with a few examples of

the task, and instruction following—executing tasks follow the instructions.

2.3.2 In-context Learning

ICL enables LLMs to perform a target task by feeding a few prompted examples as part of

the input [49]. As demonstrated in Figure 2.7, given a prompt containing a few examples
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Standard Prompting Chain-of-Thought Prompting
Model Input Model Input
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls

each is 6 tennis balls. 5 + 6 = 11. The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? make lunch and bought 6 more, how many apples
do they have?

Model Output Model Output

A: The answer is 27. x A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 +6 = 9. The
answeris 9. 4/

FIGURE 2.8: An illustration of the CoT prompting in [5].

of the task, LLMs will make predictions on the target query with all model parameters
frozen. Specifically, given the question Q, a set of examples Cy, = {(Q;, Ri, A;)}r_,, a
large language model f1 75, where (Q;, R;, A;) represents an example comprising the
question, reasoning steps, and its answer, and k denotes the number of examples. The

Jjth token o; of the LLM’s output is generated as:

0j = frim(Cr, Q, 04;) (2.1)

where o ; denotes output tokens generated by LLM before o,

The performance of ICL is highly sensitive to several factors, including the selection
of examples, the formatting of answers, and the order in which examples are presented
[124, 125]. This sensitivity has spurred extensive research aimed at optimizing the
design of prompts for ICL. Numerous studies propose methods to select ICL examples
based on various criteria such as complexity [126], mutual information [127], diversity
[128], availability of labeled datasets [8], and feedback from LLMs [129]. Additionally,
considerable effort has been devoted to the formatting of demonstrations. One of
the most impactful prompting strategies is the chain-of-thought (CoT) prompting [5].
As demonstrated in Figure 2.8, CoT prompting guides LLMs to generate a series of
intermediate reasoning steps, which has been shown to significantly enhance LLM
performance on tasks involving complex reasoning. Furthermore, how to optimize the

order of demonstration examples is also investigated in [130].
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The working mechanism of ICL remains largely under-explored [4]. The mechanism
of ICL is fundamentally different from supervised machine learning: Unlike traditional
supervised machine learning, which learns and updates model parameters during training,
ICL operates with all parameters frozen. This fundamental difference presents unique
challenges for understanding the mechanism of ICL. Min et al. [125] have identified
that the label space, the distribution of input text, and the overall format significantly
contribute to ICL effectiveness. Further, Liu et al. [51] demonstrate that examples which
are semantically closer to the test sample tend to yield better results, suggesting that
the relevance of training examples plays a crucial role in ICL. Moreover, Akytirek et al.
[131] discover that transformer-based ICL can implicitly emulate the effects of standard
fine-tuning, indicating that transformers can adjust their behavior based on the context

provided during the ICL process.

Additionally, despite the amazing performance of ICL, a crucial concern of LLMs is
their tendency to generate hallucinations—seemingly plausible yet factually unsupported
content. Hallucination occurs when models generate content that is not based on factual
or accurate information [132]. This phenomenon not only degrades the performance
of LLMs but also raises safety concerns for their real-world applications. For exam-
ple, in healthcare, hallucinations can pose serious risks to patient safety [133], and in
privacy-sensitive scenarios, they may lead to potential violations [134]. Specifically, in
the task of event extraction, hallucination can result in the generation of non-existent
event arguments, i.e., information not mentioned in the provided text, thereby reducing
accuracy and challenging the reliability of the results. Consequently, it is essential to
carefully design the prompting method for ICL in event extraction tasks to mitigate

hallucinations.

2.3.3 LLM Bias

LLMs have demonstrated remarkable capabilities across a variety of NLP tasks through
the use of the ICL paradigm. However, despite the impressive performance of ICL,
LLM:s are also found to be prone to prompt brittleness, characterized by a high sensitivity
to the choice [6], order [135], and formatting [125] of in-context examples. As depicted
in Figure 2.9, variations in the examples and their sequence within prompts can lead to
significant changes in ICL performance on the SST-2 dataset. This prompt brittleness

arises from the inherent biases within LLMs towards favoring certain answers [6]. For
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FIGURE 2.9: An Illustration of prompt brittleness in [6]
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FIGURE 2.10: An Illustration of Bias in LLMs Toward Certain Labels

instance, as illustrated in Figure 2.10, when provided with random samples from a
sentiment analysis task-where red dots represent negative sentiments and green dots
represent positive sentiments—LLMs exhibit a bias towards predicting positive outcomes.
Similarly, in the task of event extraction, we also observe that LLMs are biased towards
predicting ‘not specified” as answer for event arguments. The existence of LLM bias

significantly undermines the robustness and adaptability of LLMs in diverse applications.

To understand the bias of LLMs, extensive studies have identifyied various bias factors,
including including recency bias, majority label bias, common token bias [6], vanilla
label bias [136], and domain label bias [136]. For instance, vanilla label bias [136] and
recency bias [6] demonstrate the LLM’s inherent non-contextual preference for certain
labels and contextual preference for specific positions, respectively. More recently,
due to the wide adaption of multiple-choice questions (MCQs) in evaluating LL.Ms’
performance, selection bias, which consistently favors specific options in MCQs, has
also been identified [137, 138].

Additionally, several calibration methods have been proposed to mitigate the bias in

LLMs. Specifically, Zhao et al. [6] pioneered work revealing the instability of in-context
29
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learning (ICL) demonstrations and identified several factors that contribute to LLM bias.
They introduced contextual calibration as a method to address this bias by calibrating
predictions based on LLLMs’ outputs from content-free samples. Meanwhile, Fei et al.
[136] focused on identifying domain label bias and utilized random tokens from the
target domain as input samples to assess and calibrate this bias. Han et al. [139] examined
the effects on decision boundaries in bias calibration methods, suggesting the use of
Gaussian mixture models to establish a more robust decision boundary. Zhou et al. [140]
analyzed existing calibration methods and proposed a batch calibration method that

mitigates bias by adjusting LLM outputs based on a batch of samples.

However, all existing calibration methods adjust the decision boundaries of model output
probabilities to mitigate LLM bias and they largely rely on external observations or
adjustments of LLM outputs. Consequently, the internal mechanisms within LLMs
that lead to such biases remain poorly understood. This gap underscores a crucial area
for further research—delving into the internal dynamics of LLMs to develop a deeper
understanding of how biases are internally structured and potentially devising more

intrinsic solutions to mitigate them.

2.3.4 Interpreting LLMs

Understanding the inner workings of LLMs is crucial for advancing their applications
and addressing their limitations. This section delves into the structure of LLMs and

reviews current research on mechanistic interpretability of LLMs.

2.3.4.1 Transformer

LLMs are predominantly composed of a sequence of transformer layers. The trans-
former architecture, as illustrated in Figure 2.11, fundamentally consists of two main

components: multi-head self-attention mechanisms and feed-forward networks.

* Multi-Head Attention Mechanism: The core of the transformer is the multi-head
attention mechanism. This component allows the model to focus on different parts
of the input sequence simultaneously, providing a dynamic way of understanding
and representing the input data. It achieves this by projecting the queries, keys, and

values with different, learned linear projections to a higher dimension. By doing
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FIGURE 2.11: An Illustration of the transformer architecture in [7].

so, it can attend to information from different representation subspaces at different
positions, aggregating these diverse perspectives to form a richer representation of

the input.

* Position-wise Feed-Forward Networks: Following the attention mechanism, each
layer includes a position-wise feed-forward network, which applies the same fully
connected layer separately to each position. These networks consist of two linear
transformations with a ReLLU activation in between. Despite their simplicity, these
networks play a crucial role in refining the output from the attention mechanism

by integrating non-linear transformations into the model.
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* Residual Connection and Layer Norm: Each sub-layer in a transformer (multi-
head attention or feed-forward) is equipped with a residual connection, followed
by layer normalization. The residual connections can mitigate the vanishing
gradient problem by allowing gradients to flow through the network directly. The
layer normalization standardizes the activations across the features, stabilizing the

training process.

* Positional Encoding: Since the model itself contains no recurrence or convolution,
positional encodings are added to the input embeddings at the bottom of the encoder
and decoder stacks. This addition provides the model with information about the

relative or absolute positioning of the tokens in the sequence.

The structure of the transformer allows for significantly parallelized processing, unlike
RNNs that must process data sequentially. This parallelization reduces training times
and enables the handling of long data sequences more effectively, which is particularly
beneficial for the training of LLMs. Notably, LLLMs are predominantly implemented
using decoder-only architectures, meaning they only utilize the decoder part of the

transformer architecture.

2.3.4.2 Mechanistic Interpretability of LL.Ms

Mechanistic interpretability [141-143] aims to explain the internal processes in language
models (LMs), facilitating the interpretation of the contributions of individual model
components to the final prediction. Research findings in Mechanistic interpretability
interpret the contribution of each FFN vector and attention head to the models’ prediction

as follows.

The Residual Stream We interpret Transformers following the view of residual stream
[141, 144]. Due to the residdual connection of Transformers, each layer takes a hidden
state as input, and adds information obtained by its attention layer and FFN layer to the
hidden state through residual connection. In this sence, the hidden state is a residual
stream passed along layers, and each attention layer and FFN layer contribute to the final

prediction by adding information to the residual stream.

Attention Heads Following Elhage et al. [141], Dar et al. [144], the output of each

attention layer of LM can be computed as the sum of all its attention heads. Specifically,
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for [-th layer, the input is X' € R"*4, and the attention layer is parameterized by four
matrices W, Wi, W{,, W}, € R™“. The columns of each projection matrix and the
rows of the output matrix can be split into H parts: Wé’j , Wﬁj , Wé’j € R¥# and

Wé’j S R *d where H is the number of attention heads. Then, it can be derived that:
At'(X") = Coneat | A" X'W ARXW, L ASX W W

H
= Y AYXW W

j=1

d/H
fore, the output of an attention layer is equivalent to computing attention heads indepen-

where A% = softmax ( + MY ) , M%7 is the attention mask. There-

dently, multiplying each by its own output matrix, and adding them into the residual
stream of the LM.

FFN In line with Geva et al. [143, 145], transformer FFN layers can be cast as linear
combination of vectors. Specifically, for an input vector x* € R¢, FFN parameter
matrices K¢, V¢ € R% >4 the FFN output can be derived as:

dm dm
FFN‘(x') = f(K )V = Y i kvl = S miv!
i=1 i=1

where f is the activation function, ¢ is the index of the vector. Then, the FFN layer can
be viewed as a linear combination of vectors: the multiplication of x* and the key vector

k; produces the coefficient m/ that weights the corresponding value vector v;.

Logit Lens The logit lens [146] is a technique that directly decode hidden states into
the vocabulary space using the unembedding matrix of the LLLM for interpretation. This
approach has been validated in various studies as an efficient method for interpreting the
weight matrix or hidden states of LLMs [143, 144, 147, 148].

In summary, each attention layer and FFN layer contribute to the final prediction by
adding their output hidden states to the residual stream. These outputs can be viewed as
the sum of their respective attention heads and FFN vectors. Each attention head or FFN

vector’s output can be interpreted through the logit lens.
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2.4 Conclusion

This chapter presents a comprehensive review of event extraction, the Universum class,
and large language models. It begins by defining key terminologies and outlining the
problem settings of event extraction, then delves into a variety of learning algorithms.
These range from rule-based systems to traditional machine learning methods, and further
to advanced deep learning approaches such as CNNs, RNNs, GGNNs, Transformers,
and LLMs. The review of the Universum Class introduces its terminologies and target
classes, illustrates its widespread presence in classification problems, and highlights the
distinctions between traditional closed boundary learning methods and the proposed
problem setting. Additionally, this chapter reviews LLMs, discussing the evolution of
language models, emerging paradigms with LLMs, issues of bias and hallucination in
LLMs, and mechanistic interpretability aimed at understanding the workings of LLMs.
This chapter covers methodological aspects of the thesis and lays the foundation for

subsequent chapters.
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Towards More Accurate and Practically

Applicable Event Extraction Systems
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Chapter 3

Document-Level Event Argument
Extraction by Leveraging Redundant

Information and Closed Boundary Loss

3.1 Introduction

The inherent complexity of EE often confines research to the sentence level, where the
focus is on extracting event information from individual sentences. However, real-world
applications generally require extracting event information at the document level. This
transition to document-level extraction presents significant difficulties. In this chapter, we
present a effective method for document-level event extraction by leveraging redundant

information within documents and closed boundary loss.

Event argument extraction (EAE) is the main task of event extraction, which aims
to identify the arguments of a given event and recognize the specific roles they play.
Previous works are mostly focused on sentence-level EE [149—-156]. However, events
are often described in the form of documents in the real world. Document-level event

extraction has received consideration in recent years.

Research on document-level event extraction has been focused on tackling challenges
such as arguments-scattering and multiple-events [27, 157-165]. The benefit of redun-
dant event information in a document is largely neglected. We believe that the redundant

event information in a document can be used to improve event extraction, as illustrated in
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No. Sentence Entity label Difficulty
sl The killers, approximately 30 men in uniform, 1 Y
arrived before 0230.
s2  Soldiers with their faces painted black arrived in 1 <
Cayara last Saturday. They broke down doors,
looted stores, and burned several
s3  The murder was carried out by soldiers. 1
s4  The house was surrounded by soldiers. -
85 The house was searched by the soldiers 2 days -
before the crime.
s6  How can men in uniform be in a militarized area? 0 -
s7  He said that the library was burned. - -
Argument Entity Entity label Summative
role label
men in uniform 1 1
I"erl?e‘trator soldiers with their faces painted 1 0
individual black
soldiers 1 0
Physical 1
target - 1 1

FIGURE 3.1: An example of redundant event information in the document-level event
argument extraction. Sentence s2 is most challenging primarily due to its longer length
and the requirement to understand coreference information (“They”) for accurate event
information extraction.

the example in Figure 3.1. The upper part of Figure 3.1 shows seven simplified sentences

selected from a document in the MUC-4 dataset. All entities marked in blue are the

same entity “soldiers”, which appears in different expressions in different sentences. For

ease of description, we call it entity .S. We can observe from Figure 3.1 that: 1) The

argument information in the document is redundant since entity S appears in the article

multiple times as an argument and we can successfully extract the argument by correctly

recognizing any of these occurrences. This property can be potentially used to improve

the robustness of the model. 2) The difficulty of extracting the entity S as an argument

in its different occurrences is different. Extracting entity .S in sentence 1 and sentence

3 is much easier than extracting it from sentence 2. Hence, by utilizing the redundant

38



Chapter 3. Document-Level Event Extraction 39

FIGURE 3.2: A simplified illustration of closed boundary loss. Blue dots represent
target samples, orange dots represent Universum samples. The red dotted line represents
cross entropy loss, the purple solid line represents proposed closed boundary loss.

event information of the document, we can extract arguments from relatively simple
positions and reduce the difficulty of the task. 3) An entity may appear multiple times in
the document, directly averaging them as the entity’s feature representation [27] may
introduce noise. For example, although entity S is an event argument in the document,
its occurrences in s4, s5 and s6 should not be recognized as a correct pattern to identify
the event argument. 4) The redundant argument information can result in redundant
extraction results, as shown in the bottom table in Figure 3.1. The three entities extracted
as perpetrator individual need to be merged into one. However, the extracted physical
target “houses” and “library” are different entities and should not be merged. Therefore,
the use of redundant event information underlying a document is not straightforward, a

sophisticated algorithm for merging multiple extraction results is needed.

Extraction of arguments can be solved as an entity classification problem by treating
entities as argument candidates [27, 157, 163]. In document-level event argument
extraction, only a subset of the entities in a document are arguments, while the majority
of entities are regarded as class “others” or “neither”(neither of the target classes). This
kind of data was first studied by Weston et al. [53] under the name Universum. The
Universum data are usually very diverse and do not have typical common features. In
addition, Universum data is much more than the target class data, exhibiting a severe class
imbalance problem. Figure 3.2 demonstrates a simplified distribution of data samples in
document-level event argument extraction. The blue dots represent argument entities, the
orange dots represent a large number of Universum class entities. Since the samples in the
Universum class do not have typical common features, they tend to scatter in the feature

space. This characteristic of the Universum data is largely overlooked in the information
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extraction community. Universum data is simply considered as another class “others”,
without any special consideration in the classifier design. Cross entropy loss is usually
employed in classifier training [27, 157, 162, 163]. However, classifiers trained by cross
entropy loss have open decision boundaries, and hence some Universum samples, such
as the orange dot on the upper right of the figure, could be easily misclassified. We think
a classifier with a closed decision boundary could better deal with the Universum class in

document-level event argument extraction, as illustrated by the purple line in Figure 3.2.

The contribution of this work is three-fold.

* Firstly, it is the pioneering work to leverage redundant event information in
documents for event extraction. We propose the entity coreference graph with
graph2token module and entity summary graph to leverage the redundant event
information. Experimental results show that redundant information helps improve

recall significantly.

* Secondly, we analyze the issue of Universum data in document-level event argu-
ment extraction and the problem of classifiers trained by cross entropy loss, and

propose a closed boundary loss to address the problems.

* Finally, our model consistently outperforms the latest baseline models in F1-score
and achieves state-of-the-art performance. Compared to the three baseline models,
our proposed model improves the absolute F1-score by 3.35%, 5.27%, and 6.45%,

respectively.

3.2 Related Work

3.2.1 Event Argument Extraction

Most previous event argument extraction models make predictions at sentence-level
[150-155, 166]. Considering that the real world events are often distributed across
sentences, document-level event extraction has attracted more attention recently. Zheng
et al. [157] propose the Doc2EDAG model to overcome the argument scattering problem.
Du and Cardie [158] first argue the importance of document-level extraction and adopt a
sequence model for document-level event extraction. Lou et al. [160] investigate a novel

bidirectional decoder to overcome the long-range forgetting problem. Li et al. [161]
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formulate the document-level event extraction model as conditional generation based
on templates. Huang and Peng [162] attach importance to event coreference and entity
coreference in document-level event extraction tasks. Xu et al. [27] build a heterogeneous
graph with the Tracker module to deal with problems of event scattering and multiple
events. Yang et al. [163] adopt parallel prediction networks to extract events parallelly
from document-level representations. However, none of these works pay attention to the
characteristic of information redundancy in the document, which we believe is a unique
and beneficial property for document-level event argument extraction. In addition, to our
knowledge, closed boundary classification has never been adopted in event extraction.
Classification-based event argument extraction models [27, 162, 163] all employ cross
entropy loss for classifier training, without considering the characteristics of Universum
class: scattered distribution in the feature space due to heterogeneity and diversity of the

samples in this class.

3.2.2 Closed Boundary Loss

We found that a classifier trained by cross entropy could easily misclassify entities
in the class “others”, i.e. Universum class, as demonstrated in Figure 3.2. The root
cause of the issue is the open decision boundary of the classifier. For target classes, the
model effectively learns predictive patterns from their training data. However, for the
Universum class, samples are identified by an extrinsic pattern that they do not belong to
any class of interest. Consequently, the extrinsic predictive pattern for this class cannot
be learned from simply increasing the prediction probabilities of Universum samples.
This leads to their failure in forming a compact space for test samples, causing them
to scatter across the logit space. As a result, these samples easily fall within the open
boundaries of the target classes, leading to frequent misclassification. To address this

problem, we propose a novel closed boundary loss for classifier training.

Research works in Universum usually employ additional unlabeled Universum data
to provide prior knowledge for the task, such as Universum support vector machine
(SVM) [53, 68, 167], and semi-supervised learning [ 168, 169]. However, the SVM-based
methods above are developed for structured data and are hard to integrate with deep
neural network-based representation learning to form an end-to-end training procedure
for natural language processing tasks. One possible solution is to use a deep neural

network to learn representations first, and then feed the representations learned to the
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Universum SVM classifiers. But the disadvantage of this two-step procedure is that the
classification result cannot be back-propagated to representation learning. It is desired
that the closed boundary classifier could be integrated with deep neural network-based

representation learning to form end-to-end training for optimal performance.

Closed boundary classification methods are also developed in anomaly detection and
open set recognition, such as deep one-class learning [170, 171], auto-encoder based
anomaly detection [172], OpenMax layer for open set recognition [173]. However, these

methods cannot use the information in outlier samples due to task setting.

A closed boundary classifier works best in feature space with compact class distribution.
In the literature, some loss functions have been proposed to generate such feature space
such as Deep SVDD [170], contrastive loss [174], and ii-loss [175]. However, Deep
SVDD only minimizes the intra-class distance and cannot maximize the inter-class
distance. Contrastive loss and ii-loss need to be combined with cross entropy loss to
classify samples. But cross entropy loss generates open decision boundaries for the

classifier.

In this paper, we propose a new loss function that could train a classifier with a closed
decision boundary. In addition, it can be directly integrated with representation learning
layers in a neural network to form an end-to-end training procedure to produce a feature
space with minimum intra-class difference and maximum inter-class difference, which

in turn leads to improved performance.

3.3 Method

As shown in Figure 3.3, our model consists of four main components: context encoding
module, entity coreference graph, closed boundary loss, and entity summary graph,

which are illustrated in this section.

3.3.1 Context Encoding

Given the input document, we apply a Bi-LSTM to obtain token representations of
the document: D = {dy,dy,...,d, 1} € R™! where n is the document length, and
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44 3.3. Method

S1:  The massacre in Salvadoran was planned in cold blood.

______ argument

Sn: We have information that* this action was ordered by the colonel.

FIGURE 3.4: An example of coreference in a document and its impact on entity
understanding and document-level event argument extraction

[ is the the hidden state dimension. We construct entity representation and sentence

representation from the start and end tokens in an entity or sentence:

€, = <e§x2:mory§ ef&) 3.1
R C (3.2)

er(rigmory = <D [entgtgn[l .]_ ,D entend

rule

Sr(é():mory = (D [SentEQrt [l :]- ;D Sentend[ l]i|>

e = (D [sentln 1] D [sent 3y 1141])

el — (D [enti@rt [: l]_ :D _entend D

end

where D is the output of the Bi-LSTM encoding layer, entggn, entéfl)d, sentgfzrt and
sentgl)d are the start and end position of the i-th entity and the i-th sentence, respectively,
and [;] denotes the concatenation operation. er(ﬁgmory and s,(ﬁimory mainly contain the
(4)

rule

information inside the entity and sentence. e_ ;. and s! mainly contain the context

rule
information outside the entity and sentence. The model predicts memory representations
mainly based on remembering entity names and predicts rule representations mainly
based on recognizing the contextual patterns. Therefore, we separate the memory
representation and rule representation as they correspond to the memory-based and the

rule-based learning process of humans [176, 177].

3.3.2 Entity Coreference Graph

Leveraging redundant event information in a document is not straightforward to classify

every entity in the document. On the one hand, better entity representation is needed.
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Therefore, we construct an entity coreference graph with graph2token module to produce

a comprehensive and coreference-aware representation for every entity.

The entity coreference graph is inspired by the observation of coreference’s role in
document understanding. Firstly, for the repeatedly referred entity (coreference entity),
the understanding to this entity itself is constantly enriched or enhanced by each reference.
For the example illustrated in Figure 3.4, “the massacre” and “this action” are two
different mentions of the same entity. The understanding of this entity is enriched
by combining the location of the massacre mentioned in the first sentence and the
commander of the massacre mentioned in the second sentence. Secondly, for other
entities located in the context of the coreference entity, their meanings are clearer
by recognizing the connotation of the coreference entity. For example, “the colonel”
cannot be recognized as an argument unless the model understands that “this action”
refers to “the massacre”. Research works in event extraction [27, 178, 179] consider
the first observation but neglect the second one. Specifically, previous works in event
extraction use graph structure to merge information in different mentions of the same
entity. However, such a graph structure cannot feed back the fused information to the
context of coreference entities because the representations of the context tokens are fixed
from the initial encoding process. In this sense, for the representation of “the colonel”,
its context information still excludes “the massacre”. Therefore, we adopt a graph2token
module to feed back the comprehensive entity information obtained through graph
structure to tokens, and then rebuild entity representations that are both comprehensive

and coreference-aware.

Graph Construction. There are two types of nodes in the entity graph: entity nodes and
sentence nodes. Entities are recognized from document following Fisher and Vlachos
[180]. Entity nodes and sentence nodes are denoted as E = {eg,eq,...,e,}, and

S = {so,S1,...,8,}, respectively.

There are two types of edges in the entity graph: 1) entity-entity edge is created according
to the coreference relationship. We use SpanBERT [181] to implement coreference
resolution on documents during preprocessing. 2) entity-sentence edge is the connection
between the entity node and the sentence node where it is located.

Graph Propagation. After the graph is constructed, Graph Attention Network [182] is
applied to propagate information between connected nodes. Assuming that graph nodes
are denoted by H = {E,S} = {hg,h;,...,h,,,} € RP*9*2 the information that a

45



46 3.3. Method

node receives from its neighbors is formulated as:

! = RELU (z Y aijWhj) (3.3)

— exp(L(We,; [Whi;Wh;]) )
Sren; oxp(L(We, [Why;Why]))

Qg (34)
where h/ is the neighbor information of the i-th node, h; is the representation of the j-th
node, W, W, are weight matrixes, \; denotes the set of neighbors of node 4, and L( -)
is the LeakyReLU function.

The representation of the i-th node h; and its neighbor information h; is fused by the

gated mechanism:

Bi = o (f (hy; hy)) (3.5)

where o( - ) is the sigmoid function, f(-) denotes the linear transformation. The fused

representation of the i-th node h! is obtained as:
hi =3 ©h; + (1 - 3)Oh; (3.6)

where © stands for element-wise multiplication. Through propagating and fusing in-
formation of coreference entities and the corresponding sentence, a comprehensive
representation of the entity is obtained.

Graph2token. To address the second insight we put forward in this section, we adopt
the graph2token module to feed back the information behind coreference entities to their

neighboring tokens.

We concatenate the original token representation d; with the entity representation h’ in
which it is located, and feed it to an LSTM layer. In this way, the comprehensive entity
representation h’ is propagated to context tokens outside the entity and a coreference-

aware token representation d; is generated:
d; = LSTM(d;; h}) (3.7)

Then, we build coreference-aware entity representations from updated token representa-

tions.
el = (D' [entlin [ 0] 5 D' [enthii 1])
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where D' = {d{), P d;z—l}' Finally, a comprehensive and coreference-aware entity
representation E/ = {ey/, €1/, ..., e,/} is obtained by concatenation:

— (n" (@) 1 3.8

€/ = i > Crule (3.8)

3.3.3 Closed Boundary Loss

As detailed in Section 3.1, we have analyzed that classifiers trained by cross entropy
loss have open decision boundaries and could easily misclassify the Universum class.
To address this problem, we propose a novel loss function that could be used to train

classifiers with closed decision boundaries.

Comprehensive and coreference-aware entity representations E' = {eg, e,..., e;} are
obtained in the last section. We treat entities as argument candidates and classify entities

by classifiers trained by our proposed closed boundary loss:

1< 2
Lep = AR 4 — (0 —c|” - R2)
cB +- > “max (0, [l — |

i=1

1 m )
— 0, (1 R? —||ef— )
+ ;:1 max( , (L4 )R~ [le;—cl]

where 7 is the number of target class samples, m is the number of Universum class
samples, the center c is initialized as the mean of target samples in the feature space,
and the radius R is initialized as v-quantile of the distance of target samples to the
center c in the feature space. R and c are initialized after a few warm-up epochs. The
closed boundary loss intends to include samples of each target class using a hypersphere
characterized by center ¢ and radius R in the feature space and locate Universum samples
outside the hypersphere. Due to the heterogeneous nature of Universum samples, we
allow them to scatter outside the hypersphere and do not require them to be aggregated

like cross entropy loss.

The goal of the first term AR? is to minimize the volume of the hypersphere, and ) is a
hyperparameter between O and 1. The second term aims to enclose target class samples
by the hypersphere. If the Euclidean distance between the sample h! and the center ¢
exceeds the radius, it will lead to a penalty in the loss function. The third term aims to
keep the universe samples outside the hypersphere. Parameter 4 is introduced to adjust

the gap between the closed boundary hypersphere and Universum samples.
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Unlike contrastive loss and 1i-loss which cannot be directly used for classifying samples
in the test set and need to be combined with cross entropy loss, our proposed closed
boundary loss can be easily adopted for classification by the following calculation:

1 Jlef—c¢|*-R*<0

g(ei) = z )
0 |ef—c|l”—R*>0

)

3.3.4 Entity Summary Graph

To make full use of the redundant argument information, we classify every entity in
the document. For the same argument, we may obtain multiple preliminary extraction
results. The advantage is the robustness because the correct argument is more likely to
be extracted from relatively simple positions. The challenge is how to merge the multiple
extraction results. To address the challenge, we propose an entity summary graph.

Text Matching Module. We notice that most redundant expressions of the same entity
are either character-level spelling similar or word-level semantics similar. In some
cases, special domain knowledge is needed to determine if two expressions are the
same. For example, “Army of National Liberation” and “ELN" are referred to the same
entity. Therefore, we adopt a text matching model with both character embedding and
word embedding to evaluate the spelling similarity and semantics similarity of extracted
arguments. We also construct a text matching dataset from ground truth labels of the
training set of our event extraction dataset to make the model learn necessary domain

knowledge.

We build the text matching module (TMM) by adopting the structure of RE2 [183] and
adding character embedding to the RE2 model to enhance the model’s capability of
recognizing spelling similarity. We denote the initially predicted arguments as A =
{ag,ay,...,a,_1}. Then, we feed these entities into the text matching module to produce

the matching score for each pair of arguments.

where M is the matching score matrix, which contains text matching score of every pair
of entities from A. M = [M;;],4,j =1,2,...,k.
Entity Summary Graph. The graph node is composed of preliminary predicted entities

A. The i-th node and j-th node are connected if M;; > s, where s is a boundary score.
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The weight of each edge is the text matching score M;; of two entity nodes at the ends

of the edge.

The constructed entity summary graph is mostly disconnected because there usually
exist multiple argument clusters in a document. The argument cluster refers to a set
of different expressions of the same argument, for example “the armed forces” and
“military” refer to the same argument, thus forming an argument cluster. The entity
summary graph consists of several connected subgraphs as shown in Figure 3.3. Each
subgraph corresponds to an argument cluster. We denote the entity summary graph G
and its subgraphs as G = {G(l) G

sub? “sub? *

. ,Giﬁ} The final predicted arguments are
summarized by selecting an entity node with the largest sum of weights (LSW) from

each subgraph.

A= {apa), . a ), a) = LSW (G))

3.4 Experiments

3.4.1 Dataset

Our model is evaluated on the MUC-4 dataset [64]. The dataset is composed of 1,700
documents, each containing an average of 400 tokens and 7 paragraphs. We use 1300
documents for training, 200 documents for testing, and 200 documents for the develop-
ment set following [158]. Five argument roles are extracted in the dataset: perpetrator

individual, perpetrator organization, target, victim, and weapon.

3.4.2 Baselines and Evaluation Metric

In this work, we propose a document-level EAE model leveraging Redundant Information
and Closed Boundary Loss (RICB). We compare our model with the following baseline
models: DYGIE++ [184] incorporates local and global contexts to build a multi-task
framework for named entity recognition, relation extraction, and event extraction. NST
[158] aggregates sentence representation and paragraph representation via a gate mech-
anism and treats document-level EAE as a sequence tagging problem. GTT [159]

proposes a generative transformer based framework for document-level EAE. DEEDP
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Hyper-parameter Value
Embedding size 300
Hidden size 150
Bidirectional True
Layers of encoder 2
Layers of graph2token module 1
Layers of graph 1
Heads of graph 2
Optimizer Adam
Learning rate Se~4
Batch size 4
Dropout 0.3
Training epoch 120
Boundary score 0.65

TABLE 3.1: Hyper-parameter setting in the experiment.

[185] introduces a multi-granularity encoder framework for event extraction. KDR [186]
propose key-value memory networks to enhance document-level contextual information.
Both DEEDP and KDR were published subsequent to our work; we have incorporated
their results to highlight the rapid progress in the field.

We evaluate the performance of our model by the CEAF-TF metric following [159]. The
metric finds the best alignment of predicted arguments and gold arguments. It penalizes
the system that does not merge multiple extraction results by setting a constraint that a
gold argument can be aligned with at most one predicted argument. Precision (P), recall

(R), and F1-score (F1) are used to evaluate the model’s performance.

3.4.3 Implementation Details

Spacy 3.0.3 is used in data preprocessing. Experiments are conducted on NVIDIA GTX
1080Ti, and the training time is about four hours. The hyper-parameters are given in the
Table 3.1.

3.4.4 Overall Results

The per-role EAE results on the MUC-4 dataset of our RICB model and baseline models

are summarized in Table 3.2, and the micro-averaged performance is shown in Table 3.3.
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PerpInd PerpOrg Target Victim Weapon
GTT [159]  65.48/39.86/49.55 66.04/42.68/51.85 55.05/44.12/48.98 76.32/61.05/67.84 61.82/56.67/59.13
NST[158]  48.39/32.61/38.96 60.00/43.90/50.70 54.96/52.94/53.93 62.50/63.16/62.83 61.67/61.67/61.67

D‘EIC;IE” 59.49/34.06/43.32 56.00/34.15/42.42 53.49/50.74/52.08 60.00/66.32/63.00 57.14/53.33/55.17

RICB 50.76/49.62/50.18 50.00/63.75/56.04 65.63/63.64/64.62 64.86/50.52/56.80 63.49/65.57/64.51

TABLE 3.2: Performance comparison with baseline models for each argument role on
MUC-4 dataset. Results for each column are displayed in the order of precision, recall,
and F1 score.

Models P R F1
GTT [159] 64.19 47.36  54.50
NST [158] 56.82 4892  52.58
DYGIE++

[184] 57.04  46.77  51.40
KDR [186] 52.91 57.63  55.16
RICB 57.68 58.03 57.85

TABLE 3.3: Averaged EAE result on the MUC-4 dataset. Precision (P), recall (R), and
F1-score are used for evaluation.

PerpInd PerpOrg Target Victim Weapon
gr:;ltgg;:en 50.39/49.24/49.80 50.02/58.83/54.07 63.87/57.58/60.56 62.54/49.53/55.28 58.72/69.47/63.64
emi;);sloss 50.00/50.34/50.17 48.57/63.75/55.14 62.04/64.39/63.19 49.55/58.95/53.85 55.13/70.49/61.87
mit?}?iig 48.80/45.86/47.28 45.30/66.25/53.81 65.71/63.44/64.56 59.49/49.47/54.02 58.57/67.21/62.60

RICB 50.76/49.62/50.18 50.00/63.75/56.04 65.63/63.64/64.62 64.86/50.52/56.80 63.49/65.57/64.51

TABLE 3.4: Ablation studies on graph2token module, closed boundary loss, and entity
summary graph, respectively. The results in each column are displayed in the order of
precision, recall, and F1 score.

Table 3.3 shows that our model consistently outperforms the latest baselines in F1-score
and achieves the state-of-the-art (SOTA) performance. Specifically, the proposed model
improves the absolute F1-score by 3.35%, 5.27%, and 6.45% compared with baseline
models. Noticeably, our model achieves an over 9% improvement in recall. In terms
of the per-role extraction performance of our model, it achieves the highest F1-score
in four of five argument roles: perpetrator individual, perpetrator organization, target,
and weapon. Specifically, the absolute F1-score is improved by 0.63%, 4.19%, 10.69%,
and 2.84% in these argument roles. Notably, the DEEDP baseline, which was published
subsequent to our work, achieved an F1-score of 58.71. Our method achieves comparable

performance to this more recent work.
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3.4.5 Effect of Graph2token Module

Graph structure is used in EAE to produce a comprehensive representation of coreference
entities [27, 178, 179]. In this work, we further adopt a graph2token module to feed back
the comprehensive representation of coreference entities to their context tokens. The
updated token representations can generate additional coreference-aware representations
for entities near the coreference entity. For the ablation study, we experiment on without
applying the graph2token module. We compare per-role extraction results with and
without the graph2token module in Table 3.4. We find that the experiment without the
graph2token module results in a performance drop on every argument role. In addition,
the recall is decreased by 0.38%, 4.92%, 6.06%, and 0.99% in four argument roles. This
indicates that the model can recognize more arguments by providing argument candidates

with additional coreference-aware representations.

3.4.6 Effect of Closed Boundary Loss

We find that classifier trained by cross entropy loss could easily misclassify entities in
the Universum class. We propose a closed boundary loss to address this issue. For the
ablation study, we conduct experiments of applying cross entropy loss for argument
classification, and compare the performance with our model. The comparison of two
loss functions is summarized in Table 3.4, which shows that in all argument roles, closed
boundary loss consistently outperforms cross entropy in the F1 score. We further notice
that the precision of the model is improved in all argument roles at 0.76%, 1.43%,
3.59%, 15.31%, and 8.36% by using closed boundary loss. The variations in precision
enhancement primarily stem from the differing sample compositions across classes.
When using cross-entropy loss, many Universum class samples are incorrectly classified
into the victim class. This leads to a notable improvement in precision after switching
to closed boundary loss. The improvement in precision indicates that the use of closed
boundary results in a smaller number of Universum samples that are misclassified as

target samples.
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The massacre against the Salvadoran Workers National Union Federation (FENASTRAS) was planned in
cold blood. ... [4] We have trustworthy information from our intelligence organs that this action was ordered by
Colonel Ponce, that Cristiani knew about it and approved it. ... [6] Terrorism is an old practice of the Nationalist
Republican Alliance ( ). [7] Only a few days ago, assassins tried to kill the president of the
Mortgage bank, Mr Mason, for not following their orders. [8] The people demand the resignation of chief of staff
Col Emilio Ponce because his responsibility in this criminal action is real. ... [18] The war of the armed forces,
government, and is aimed against the people. ...

Peretrator Individual | Perpetrator Organization

GTT ARENA assassins -
Colonel Ponce,
RICB ARENA assassins ARENA

FIGURE 3.5: An example of the differences in event argument extraction between
GTT and our proposed RICB. The differences in extracting perpetrator individual and
perpetrator organization are used for illustration. RICB successfully extracts Colonel
Ponce and ARENA, while GTT fails. In the example, sentence numbers are marked in
green, and identical entities are marked with the same color.

3.4.7 Effect of Entity Summary Graph

To fully leverage the redundant argument information, we classify every entity in the
document. For the same argument, we may obtain multiple preliminary extraction results.
We propose the entity summary graph to merge the results. For the ablation study, we
conduct experiments on merging multiple extraction results based on string matching
following Xu et al. [27], Zheng et al. [157]. We compare the string matching performance
with our proposed entity summary graph in Table 3.4. It shows that the entity summary
graph outperforms the string matching method significantly in the F1-score. Furthermore,
the precision of the model is improved in four of five argument roles by 1.96%, 4.70%,
5.37%, and 4.92% by using the entity summary graph, and this verifies the effect of our
proposed entity summary graph, i.e. merging multiple extraction results and reducing

false positives accordingly.

3.4.8 Case Study

Figure 3.5 demonstrates an example of the differences in predicting event arguments
between GTT [159] and our proposed RICB method. To avoid involving excessive sen-
tences in the document, only roles of perpetrator individual and perpetrator organization
are used for illustration. RICB successfully extracts “Colonel Ponce” and “ARENA”,
while GTT fails. Both event arguments “Colonel Ponce” and “ARENA” appear multiple

times in the document, which shows the redundant event information in the document.

53



54 3.4. Experiments

Specifically, among all their occurrences in the document, it is easier to recognize
“Colonel Ponce” from sentence 8 and recognize “ARENA” from sentence 7. This is an
illustration of our idea that by utilizing redundant event information in the document,
we can extract arguments from relatively simple positions. In addition, to recognize
“Colonel Ponce” from sentence 4, it is necessary to understand that “this action” refers to
“the massacre”. Our model can recognize it because the graph2token module can feed

back the coreference information to “this action”.

3.4.9 Further Analysis

Firstly, it is effective to leverage redundant event information in documents for document-
level EAE, which is not only reflected in the F1 score, but also in the significant improve-
ment in recall. The micro-averaged recalls of baseline models are distributed between
46% to 49%, but our model reaches 58%. As we analyzed in the introduction, leveraging
redundant argument information of a document allows the model to extract the argument
from any of its occurrences and relatively simple positions. Therefore, the difficulty of
argument extraction is reduced and the recall is improved accordingly. We also notice a
drop in precision rate in our model compared to baseline models. It is because baseline
methods adopt sequence-to-sequence models and we classify a few arguments from a
great number of entities in the document, which will naturally result in a decrease in
precision. However, the precision and recall of our model are very close, which is more

balanced compared to baseline models.

Secondly, leveraging redundant event information in a document is not simply classifying
every entity in the document. On the one hand, better entity representations need to be
produced, on the other hand, multiple extraction results need to be merged. Therefore, we
add the graph2token module to the entity coreference graph, which improves the recall
significantly. We also propose the entity summary graph to merge multiple extraction

results, which successfully improves the precision.

Additionally, we propose a novel closed boundary loss to better deal with the Universum
class in our task. Its effectiveness is verified in ablation studies. We highlight two
other potential benefits of closed boundary loss here. Firstly, since it generates a closed
decision boundary for classifiers, it may also be valid for dealing with unseen samples
in the test set. This property is not evaluated in this work. In addition, our dataset is

highly imbalanced because only a small number of entities are arguments. Weighted
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cross entropy loss is cumbersome to adjust the appropriate weights, however, the closed
boundary loss does not need to adjust weights and works well with the imbalanced

dataset.

Finally, the redundancy in event arguments can vary significantly across different do-
mains. In domains like news, which is extensively examined in this work, as well as in
clinical or financial documents, there is typically a high repetition of event arguments,
making our proposed redundancy-based methods particularly effective. However, in do-
mains where event information is presented more succinctly, our method may contribute
less to performance improvements. Our method is particularly targeted for scenarios like

news, where there is usually a high repetition of event arguments.

3.5 Conclusion

In this work, we emphasize that the redundant event information in documents is benefi-
cial but is often overlooked in document-level EAE. In addition, we find that classifiers
trained by cross entropy loss are problematic in classifying the Universum class. Specif-
ically, we generate a comprehensive and coreference-aware representation for every
entity through the entity coreference graph with the graph2token module. In addition,
we propose an entity summary graph to merge the multiple extraction results of the
same argument. Furthermore, we propose a novel closed boundary loss to deal with the
Universum class in classification. As a limitation, our proposed closed boundary loss
is used for binary classification because we extract arguments in a role-by-role manner
to make full use of the property of each argument role. In the future, we will extend it
for multiclass classification and apply it to other tasks in natural language processing
that face the problem of classifying Universum class. Experimental results show that our
RICB model achieves the SOTA performance and outperforms prior approaches on the
MUC-4 dataset.
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Chapter 4

LLMs Learn Task Heuristics from
Demonstrations: A Heuristic-Driven
Prompting Strategy for
Document-Level Event Argument

Extraction

4.1 Introduction

In the previous chapter, we introduced a method for document-level EE to align with real-
world scenarios. However, another critical demand exists for the practical application
of EE systems: the reliance on labeled data significantly limits their use in real-world
settings due to the substantial cost of human annotations and the challenge of adapting
systems to new event types. In this chapter, we aim to address this dependency on
annotated data by leveraging the in-context learning (ICL) paradigm of large language
models (LLMs). Additionally, we delve deeper into the workings of ICL by investigating
what LL.Ms learn from this paradigm.

Document-level Event Argument Extraction (EAE) aims to transform unstructured event
information from documents into structured formats encapsulating event arguments,

facilitating their interpretation and application in various domains [14]. The prevalent
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approach for this task relies on the collection of labeled data and the subsequent model
training via supervised learning [11, 158, 187-189]. While effective, this approach
comes with a significant drawback: it necessitates a substantial amount of training
data, which is particularly burdensome and costly given the complexity inherent to

document-level EAE.

In this context, ICL [49, 51, 52], an emergent ability of LLMs, offers a promising
alternative to supervised learning. 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 performance is highly sensitive to the design of in-context demonstrations, such
as the selection of examples and the formatting of reasoning steps [126, 128, 190].

Consequently, several crucial challenges emerge concerning the prompting strategy:

* Example Selection Challenge. Selecting optimal in-context examples for ICL is
pivotal, yet the understanding of what LLMs learn from these examples remains
largely under-explored [4, 191]. This gap leads to a lack of systematic guidelines,

resulting in a disorganized and inefficient example selection process.

* Context Length Limit. In document-level EAE, selecting multiple documents as
ICL examples could significantly extend the context length, potentially surpassing
the token limit of LLMs.

* 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 problem in classification tasks

with diverse class types.

* Prompting Strategy for Non-reasoning Task. While the chain-of-thought (CoT)
prompting is extensively used across a variety of tasks, its effectiveness is com-
promised in non-reasoning scenarios. As shown in Figure 4.1, applying CoT to
non-reasoning tasks will degrade its step-by-step reasoning into an potentially in-
adequate single-step. Consequently, there is a need for prompting strategy tailored

for non-reasoning tasks.
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ﬁ StrategyQA \ ﬁ Document-Level EAE \

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.

- AN /

Math Word Problems ﬁ Natural Language Inference ﬁ

D: a given document ......

Q: What is the giver in the document?
A: In the document, “Qataris” donated
millions to the Cliton Foundation. So the
giver is “Qataris”.

Q: Ali had a collection of seashells. He
started with 180 seashells. He then gave
away 40 seashells to his friends. He also
gave 30 seashells to his brothers. If he
sold half of the remaining seashells, how
many seashells did he have left?

A: He started with 180 seashells. He

Q: "A woman wearing all white and
eating, walks next to a man holding a
briefcase.”

Based on this premise, can we conclude
the hypothesis "A female is next to a
man." is true?

gave away 40 to his friends and 30 to his OP£IONS:
brothers. That means he gave away 40 + zo

30 = 70 seashells. He has 180 - 70 =110
seashells left. He sold half of them, so he
has 110/ 2 = 55 seashells left. The
answer is 55.

- it is not possible to tell
A: A woman is another word for a female.
The answer is yes.

AN /

FIGURE 4.1: 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 [8].

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

We propose and empirically validate the hypothesis that LL.Ms 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 cognitive pathways, which often lead to more accurate infer-
ences than complex methods [192, 193]. Similarly, in supervised machine learning (ML)
systems, models also learn task-specific patterns through training [194, 195]. Drawing
a parallel, we hypothesize that LLMs learn task-specific heuristics from explanations

of in-context examples to aid inference. We qualitatively illustrate how heuristics are
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/— Document-Level EAE / Implicit Heuristics
Document: ...... \

. L Semantic heuristic: “Giver” is
Q: What is the giver in the document?
« o s . the person, group, or
A: In the document, “Qataris” donated millions to the Cliton

Foundation. So the [« e o organization in the document
oundation. So the [giver] is “Qataris”. that gives the grant or gift.

Document: ......

Q: What is the giver in the document?

A: “Kremlin” is the subject of “funded” in “Kremlin funded
environmental groups”. So the [giver] is “Kremlin”. giving, or granting.

StrategyQA /~ Implicit Heuristics ‘\
[ Q: Would a moose hypothetically be too much for a minotaur to \ Comparison heuristic: comparing

devour WhOl_e? ) ) the weight of a moose and a
A: A moose is about 1,000 pounds. A minotaur is about 1,000 minotaur to make a conclusion

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

Subject-verb-object heuristic:
“Giver” may be the subject of a
verb that indicates the act of

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 His E. E is a
freebie in the Wheel of Fortune bonus round. Thus, H’s most
common two letter pair partner is a freebie. So the answer is yes.

Knowledge-based heuristic: using
known facts about a game show's
rules to answer the question.

N L J

FIGURE 4.2: Heuristics are implicitly embedded within explanations of in-context
examples.

implicitly embedded in explanations of in-context examples in Figure 4.2, and quantita-
tively validates our hypothesis with experiments detailed in Section 4.2.

Notably, while drawing parallels to supervised ML, ICL is fundamentally different from
supervised ML in its mechanism: supervised ML learns and updates model parameters
during training, whereas LLMs do ICL with all parameters frozen. Therefore, under-
standings of supervised ML systems (e.g. pattern learning) are not applicable for ICL
[125, 131], 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 exam-
ination of whether demonstrations contain diverse heuristics and leads to uncertainty
about whether LLLMs 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 exploitation of explicit heuristics, our method explicitly
incorporates task heuristics into demonstrations, transforming the haphazard example

selection process into a systematic method that emphasizes task heuristics.
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We propose the link-of-analogy prompting method that is suitable for non-reasoning
tasks. To address the aforementioned challenges of abundance 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 analogical reasoning—a core mechanism of human
cognition, this approach enables LL.Ms process new situations (new classes) through
drawing an analogy to known situations (known classes). Empirical results demonstrate
its effectiveness in enhancing 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,
showcasing 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 selection issue with a fresh perspective on task heuristics, facilitating explicit
heuristic learning in ICL. Furthermore, we propose the link-of-analogy prompting,
which allows LLMs to process new situations by drawing analogies to known situa-

tions.

* To further evaluate the adaptability of our method, we validate it on the sentiment anal-

ysis and natural language inference tasks, achieving notable accuracy enhancements.

4.2 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.
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StrategyQA CSQA
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7 8

6 7

5 6

4 5

4

3

3

2 2

1 1

0 0

S S N S X
‘Qe c® epe voe ‘e& ‘,(P ¢® eoe S N ‘B&Q
& X x$ & X X$ ha
A v @&" & ¥ kd @é& &
S & S
> A » g
AQuA
# Examples # Heuristics # Random Heuristics
5
4
3
2
1
0
é&§ ng Cé C§ s“Q\ Oé
& s & < &
Y K2 S &
= &
& &
A kg

FIGURE 4.3: 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.

4.2.1 Correlation between Example Quantity and Heuristic Diver-

sity in Well-Designed Prompts

Our first experiment operates on the assumption that if LLMs indeed learn task-specific
heuristics 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, which
are categorized as well-designed prompts. The prompts constructed from randomly

selected samples are utilized as baselines in this experiment.

To objectively identify the number of implicit heuristics embedded in prompts, we
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StrategyQA SST 2
0.8 0.95
>
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Diverse Heuristics Strategy ™ Single Heuristic Strategy

FIGURE 4.4: Comparison of ICL performance using single-heuristic strategy versus
diverse-heuristics strategy across different number of example on the StrategyQA and
SST-2 Dataset.

employ GPT-4 to recognize the embedded heuristic for each example 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 A.1.

We investigate the correlation between the number of examples in a prompt and the
number of embedded heuristics within the same prompt, analyzing six SOTA prompt-
ing methods applied across three distinct datasets. Specifically, prompting methods
including CoT [5], Automate-CoT [8], Auto-CoT [128], Iter-CoT [196], Boosted [197],
Active-CoT [198] are investigated and datasets of commonsense reasoning and arith-
metic reasoning are evaluated. Our findings in Figure 4.3 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 constructed prompts. This observation substantiates our statement that

successful prompts indeed embed a wide array of heuristics in examples.

4.2.2 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 single heuristic, as heuristics cannot be utilized. To explore this, we
compare two distinct example selection strategies. The single-heuristic strategy formu-

lates prompts where all explanations of examples follow a same heuristic. Conversely,
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ﬁ Model Input
FSemanisHewdstie ~ """ """~~~ oommoo- Explicit Heuristics -- —:
= . «[giver] is the person, group, or organization in the document that gives the grant or gift. !
: || Dependency Parsing Heuristic: ? !
: || [giver] is often connected throughza dependency relation (e.g., 'nsubj' for nominal subject) to !
;|| the main verb representing the giving action. !
= -
Analogy -
|1 Document: ... :
Question:... --—--- LoA --
Answer: ! i
Retrieve one heuristic that is best uited to identify the [defendant] in the given document: -} -+ Retrieval i
: |1 Semantic Heuristic ====r=ssnssss " | H
> [defendant] is the entity that is charged with a crime. In the document, the entity that is «=«:-«ee-ppeeo: 1o Mapping H
charged with crime is “five hackers”. | !
Is “five hackers” alignment with the argument role [defendant]? Yes, «==x==rsssrerrererrmmmmmmmsrmnnendogenne t--- Evaluation !
! 1
Document: ...
Question: ...
- /

FIGURE 4.5: An illustration of HD-LoA prompting.

the diverse-heuristic strategy constructs prompts where all explanations of examples
exhibit different heuristics. We construct prompts that follow these two strategies based
on prompts in Shum et al. [8], Diao et al. [198].

The performance comparison of prompts constructed by the two different strategy on
the StrategyQA [199] and SST-2 [9] datasets is illustrated in Figure 4.4. The results
indicates that, given an equal number of examples, the diverse-heuristics strategy sig-
nificantly outperforms the single-heuristic approach, which contradicts the assumption.
This finding not only validates our hypothesis that LLLMs can learn heuristics from in-
context examples but also underscores the value of incorporating a variety of heuristics

in enhancing ICL performance.

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

TABLE 4.1: Distribution of samples by heuristic type. “Others” includes samples with
heuristics not categorized in the predefined types.

ER Comp KB Def Chron Others
Original Demonstration 78.5 72.7 87.2 85.1 74.7 65.5
Heuristic Deduction 714 (-7.1) 65.4(-7.3) 81.6(-5.6) 82.9(-2.2) 70.3 (-4.4) -

TABLE 4.2: Performance comparison between original demonstration and a demon-
stration with heuristic deduction (replacing the example of a distinct heuristic type with
another example containing a repeated heuristic type).
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4.2.3 Impact of Heuristic Deduction Towards ICL Performance

To validate our hypothesis, we further investigate the impact of reducing an implicit
heuristic embedded in demonstration examples. If the classification 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 [199] dataset and the prompt from Shum
et al. [8] for evaluation. As discussed in Section 4.2.2, we use GPT—4 to identify all im-
plicit heuristics embedded in examples of the demonstration: 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 A.1. 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
4.1. 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 evaluation.

Experimental results are demonstrated in Table 4.2. These results indicate that elim-
inating the demonstration of a certain heuristic type indeed results in a significant
performance drop in the test samples associated with that heuristic, further substantiating
our hypothesis that LLMs learn task-specific heuristics from examples. Interestingly, we
also observe that samples with heuristics not represented in the demonstration examples
(Others samples) show significantly lower accuracy, which not only support our hypothe-
sis, but also shed light on example selection, suggesting that selecting examples with
their implicit heuristics that cover a wider range of test samples is likely to enhance the

ICL performance.

4.3 Heuristic-Driven Demonstration Construction

Building on our understanding of heuristic learning during ICL, we aim to address
the challenge of example selection for ICL. Experiments in Section 4.2 indicates that
heuristics are crucial for ICL performance of LLLMs, yet they are implicitly conveyed

through explanations of examples. This implicitness complicates the examination of
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whether ICL demonstrations contain diverse heuristics and leads to uncertainty about
whether LLLMs have recognized these heuristics. Additionally, when solving a task,
humans possess the ability to not only learn from examples but also learn from heuristics
for efficient and accurate inference [192]. This leads us to question whether LLMs can
similarly leverage explicit heuristics to improve ICL performance. Therefore, we are
motivated to explicitly providing LLLMs with task-specific heuristics. Our approach is
illustrated below:

Replacing examples with explicit heuristics: Diverging 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 heuristics in Figure 4.5.

Retaining minimum examples: A minimal number 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, s9, ..., , } 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 A.2.

Heuristic selection: Given that not every generated 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. Specifically, we employ 1% of the training dataset,
identical to the sample size used in the few-shot supervised learning baseline. Through
this evaluation, 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 Ap-
pendix A.2) 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%).
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There are three advantages of our approach. Firstly, it provides a guidance on the exam-
ple selection process. The example selection process of ICL is often an indiscriminate,
manual process [5, 52, 200]. However, our method converts the directionless and indis-
criminate process into a methodical approach that emphasizes task-specific heuristics.
Secondly, by emulating human cognitive strategies that leverage explicit heuristics for
improved inference—a technique supported by cognitive studies [192]—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 heuristics, reducing

the context length of prompts.

4.4 Link-of-Analogy Prompting

We propose the link-of-analogy prompting to address 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
addresses unseen event types. Notably, the issue of handling unseen classes beyond
limited ICL examples is a prevalent problem in various NLP tasks. Additionally, to
concretize heuristic generation process, 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

[8, 198], necessitating more proper prompting strategies for such tasks.

Inspired by the analogical reasoning [201], a core mechanism of human cognition, we
seek to resolve the challenges presented. 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 [202]. Similarly, we anticipate
that LLLMs will be able to extract information of unseen events or generate heuristics
for unseen argument roles by drawing an analogy to events and heuristics provided
in in-context examples. Empirically, we find that LLLMs are indeed capable of doing
analogical reasoning when prompted appropriately. For example, 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
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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 emulates the analogical reasoning process
of human. Cognitive science studies reveals that humans perform analogical reasoning
through a sequence of retrieval, mapping, and evaluation [203, 204]. In alignment with
this process, our method involves the same steps. Specifically, in the retrieve step, given
the base argument role ry, a set of heuristics H = {hy, hy, - - - , h;} for identifying r,,
a target question and a target argument role r;, the LLM will select the most suitable
heuristic h, from H for identifying r;. In the mapping step, the LLM employs analogy
mapping 7, : hy :: 7, : h; to deduce the heuristic h; for ;. The LLM then infers the
argument a; of the target role based on the heuristic h,. Finally, in the evaluation step,
the LLM will reassess the identified argument a;. This methodology is exemplified in

the in-context example presented in Figure 4.5.

4.5 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? 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?

4.5.1 Experimental Setup

Dataset: For the evaluation of the document-level EAE task, we adopt RAMS [165]
and DocEE [209] datasets. The WIKIEVENTS dataset [161] is excluded from our
study because it relies on preprocessed entity candidates for annotating event arguments
the annotation, which diverges from the direct argument identification of LL.Ms. For
evaluation, we follow the metrics in [205], namely the argument identification F1 score

(Arg-I), and the argument classification F1 score (Arg-C).
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DocEE- DocEE-
Method RAMS Normal Cross
Arg-1 A(r:g- Arg-C Arg-C
EEQA [153] 19.54
PAIE [205] 29.86
Supervised learning ~ TSAR [206] - 26.67 - -
(few-shot) CRP [11] 30.09
FewDocAE [207] - 12.07 10.51
Standard [208] 3996  31.6 25.55 25.41
text-davinci-003 CoT [5] 43.03 3494 27.68 28.64
HD-LoA (ours) 46.17 39.59 30.22 31.03
gpt-3.5 Standard [208] 4244 3246 25.67 24.48
turbo-instruct CoTI5] 40.63 33.64 26.77 25.99
HD-LoA (ours) 43.34 37.05 27.98 27.34
Standard [208] 4473  37.08 29.53 27.36
gpt-4 CoT [5] 4493  38.09 30.32 30.95
HD-LoA (ours) 5241 44.12 31.53 33.48

TABLE 4.3: Overall Performance: Evaluated using the F1-score for Argument Identifi-
cation (Arg-I) and Argument Classification (Arg-C). In few-shot setting, the scores of
supervised learning methods on RAMS dataset are based on results reported in Liu et al.
[11], where 1% of the training data is used.

# Eval.
Dataset Task Type Example # Eval. Split
RAMS [165] Doc-Level EAE 1 871 Test
DocEE [209] Doc-Level EAE 1 800 Test
SST-2 [9] Sentiment Analysis 2 872 Validation
SNLI [210] Natural Language 3 500 Test
Inference

TABLE 4.4: 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.

Additionally, we utilize the SST-2 [9] and SNLI [210] datasets to assess the effectiveness

of our HD-LoA prompting strategy on other non-reasoning tasks: sentiment analysis and

natural language inference.

The statistics of the dataset are provided in Table 4.4. We use the test split of RAMS

dataset and the validation split of SST-2 for evaluation, following the setting in Wang
et al. [211]. Considering the extensive size of the DocEE and SNLI datasets, which

makes a full-scale evaluation using LLMs impractical, we follow Shum et al. [8], Wang
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et al. [211] and evaluate a subset of these datasets. Owing to the substantial costs
associated with deploying GPT-4, we restrict its evaluation on the RAMS dataset and
DocEE dataset to 200 samples. 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.

Baselines Our HD-LoA approach is compared against several state-of-the-art prompting
methods, including the standard prompting [208] used in clinical EAE, and the Chain-of-
Thought (CoT) prompting [5]. Agrawal et al. [208] presents the only existing method
that prompts LLMs in the context of EAE task. Given to its direct question-and-answer
format, we refer to it as ‘Standard Prompting’ in accordance with terminology prevalent
in ICL research [5]. 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 literature. Thus, we report the reproduced results here.
Additionally, we compare our method with various supervised learning methods in EAE,
such as FewDocAE [207], CRP [11], PAIE [205], TSAR [206], EEQA [153], etc. The
few-shot comparison results are based on the few-shot performance reported in Liu et al.
[11].

LLMs: The experiments are carried out using three large language models: the publicly
available GPT-3 [49] inits text—-davinci-003 and gpt—-3.5-turbo-instruct
versions [212], as well as GPT—-4 [213]. Notably, due to the high cost associated with
GPT-4, its evaluation is limited to part of the dataset. 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 reason-
ing capabilities. We employ these LLM models from the OpenAl API. During the all
experiments, the temperature is fixed as 0. Setting the temperature to a low value can
make the output of the LLM more deterministic and repetitive, adhering closely to the
most likely outcomes and reducing the occurrence of hallucinations.

Furthermore, our heuristic-driven demonstration construction 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 analysis and natural language inference tasks, two

and three examples are employed respectively.
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4.5.2 Overall Experimental Results

Addressing RQ1, the experimental results presented in Table 4.3 indicate that our HD-
LoA prompting significantly enhances in-context learning for document-level EAE task.
The HD-LoA method consistently surpasses CoT prompting [5] 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, respectively. In addition, the improvement over the
standard prompting [208] reaches 7.99% on the text-davinci—003 model.

In response to RQ2, our HD-LoA method, augmented with external knowledge in
heuristics, significantly enhances performance in few-shot settings compared to super-
vised learning approaches. With only one example adopted in the prompt, our HD-LoA
achieves a 9.50% F1 score improvement over the CRP method [11] on the RAMS dataset
using the text-davinci-003 model. Similarly, on the DocEE dataset, our method
achieves a substancial 20.52% improvement against FewDocAE [207]. Experimental
findings indicate that our method can successfully mitigate the document-level EAE

task’s reliance on extensive labeled data while enhancing accuracy.

SST-2 SNLI
CoT 91.39 77.97
HD-LoA (ours) 94.26 80.60

TABLE 4.5: Evaluation of the HD-LoA prompting on sentiment analysis and natural
language inference tasks, measured by accuracy.

4.5.3 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 [9] and
SNLI [210] datasets for evaluation. We adopt the CoT style prompts on these two datasets
from Shum et al. [8]. Experimental results are presented in Table 4.5. Compared to CoT
prompting, our method gets accuracy enhancements of 2.87% and 2.63% on SST-2 and
SNLI datasets, respectively. These findings indicate that our HD-LoA prompting can be

effectively adapted to a diverse array of non-reasoning NLP tasks.
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DocEE- | DocEE-

Method RAMS Normal | Cross

Arg-1 Aég- Arg-C | Arg-C

EEQA [153] 4870  46.70 | 33.50 24.00

MG-Reader [158] - - 32.90 21.40
Supervised learnin BART-Gen [161] 51.20 47.10 - -

upery £ OntologyQA [209] | - ; 41.00 | 29.80
PAIE [205] 56.80 52.20 - -

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

TABLE 4.6: Comparison with Fully Trained Supervised Models.
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prompting Explicit Prompting
Heuristics

FIGURE 4.6: Experimental results of ablations.

4.5.4 Comparison with Fully Supervised Methods

We compare our HD-LoA method with supervised learning method that trained on the en-
tire dataset for document-level EAE task. As illustrated in Table 4.6, it is anticipated that
these models trained on thousands of samples would exhibit higher accuracy compared
to our HD-LoA method, which employs only a single labeled sample. Nevertheless,
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.

4.5.5 Ablations

To address RQ4, we conduct further experiments as follows:
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0 -

Avg accuracy increase of seen  Avg accuracy increase of unseen
classes classes

FIGURE 4.7: Seen classes and unseen classes accuracy increase comparison with LoA
prompting.

» Ablation Experiments: We conduct ablation studies on removing the explicit heuris-
tics and removing the link-of-analogy prompting strategy from our prompt. As pre-
sented in Figure 4.6, experimental results on the RAMS dataset demonstrate 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 validate the objective of the LoA prompting strategy, we conduct experiment to
validate the effectiveness 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 4.7 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.

4.6 Understanding Why HD-LoA Prompting Works

Following the empirical validation of the effectiveness of our HD-LoA prompting, this
section delves into an analysis to elucidate why our method works.
Analysis of heuristic-driven demonstration construction method: Firstly, our method

naturally incorporates diverse distinct heuristics in prompt. As shown in Section 4.2.2,
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inclusion of diverse heuristics 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 [192, 193]. Paralleling
this human cognitive strategy, we enable LLMs to learn from explicit 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 4.2, LLMs use implicit heuristics 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 simplify the utilization of heuristics by LLMs.

Analysis of the link-of-analogy prompting: The LoA prompting, which is inspired by
the analogical reasoning of human cognition, enables LL.Ms to process new situations
by drawing analogies to known situations. This ability is particularly useful in ICL,
where LLMs are always facing unseen samples and unseen classes. As evidenced by
experiments in our ablation studies, the LoA prompting is indeed effective in enhancing

ICL performance for classes unseen in the prompt.

4.7 Related Work

Document-level EAE Existing document-level EAE studies are mostly based on su-
pervised learning methods, which relies on the extensive collection of labeled data
[27, 165, 188, 189, 205, 214]. Only Agrawal et al. [208] exploits adopting LLMs on
clinical EAE though standard prompts that not involve any reasoning strategies. Consid-
ering 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 [49]. As the mechanism of ICL is fundamentally
different from supervised ML, the working mechanism of ICL remains an open question
[4]. Few studies have conducted preliminary explorations: Min et al. [125] showed
that the label space, input text distribution and overall format contribute to the ICL
performance. Liu et al. [51] concluded that examples that are semantically similar to the

test sample are more effective. Akyiirek et al. [131] found that transformer-based ICL
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can implement standard finetuning implicitly. In this work, we further hypothesize and
validate that LLLMs learn task-task specific heuristics from examples via ICL.

Moreover, the performance of ICL is very sensitive to example selection [124] and
the optimal selection criteria remains unclear. Various studies proposed different ways:
selecting examples based on complexity [126], mutual information [127], diversity [128],
labeled dataset [8], etc. In this work, we convert the indiscriminate example selection
process into a methodical approach that emphasizes task heuristics, making the example

selection process more transparent.

4.8 Conclusion

In this work, we hypothesize and validate that LLMs learn task-specific heuristics from
demonstrations during ICL, which can provide a guidance and simplify the example
selection process. Building upon this hypothesis, we introduce an explicit 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 aim 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 reasoning ability of the gpt -3 .5-turbo-instruct model could hinder
the performance of our method. However, our findings that LLLMs can learn heuristics
from in-context examples is applicable to diverse LLMs.

Heuristic Quality. The heuristic quality is important for our method. We address this
issue by enhancing the probability of generating high-quality heuristics and filtering
out low-quality heuristics. We generates an excessive number of heuristic candidates

to increase the chances of including high-quality heuristics. Subsequently, we filter out
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low-quality heuristics by assessing the accuracy of each heuristic candidate on a small set
of samples. Future work could explore more sophisticated heuristic generation strategies,
such as generating heuristics with diverse granularity or refining heuristics based on

feedback from misclassified examples.

76



Part 11

Important Issues Prevalent Across a
Broader NLP Context

77






Chapter 5

Closed Boundary Learning for

Classification Tasks with the Universum
Class

5.1 Introduction

During our investigation into EE, we identified a distinct class named the other class,
which exhibits significantly different properties compared to the other classes. We
presented a preliminary exploration of this class in EE scenarios in Chapter 3. However,
this class is not unique to EE; it exists widely across various NLP tasks and poses
significant challenges for accurate classification without specialized treatment. Therefore,
in this chapter, we systematically illustrate the widespread presence of this class and its
unique properties. We also introduce a closed boundary learning framework specifically

designed to address the challenges posed by this class.

In classification-based tasks, quite often we encounter a class named as other class,
miscellaneous class, neutral class or outside (O) class. Such a class is a collection of
samples that do not belong to any class of interest, such as samples of no relation class in
relation extraction task. We adopt the terminology in [53] to designate all such classes as
the Universum class (U). Universum class exits in various classification-based problems
in NLP, such as relation extraction (RE) [54], named entity recognition (NER) [55],
sentiment analysis (SA) [55], and natural language inference (NLI) [56]. To distinguish
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the Universum class and the rest of the classes, we call the classes of interest as farget

classes (T). The set of all classes (A) in the data can be expressedas A =U U T

* Universum class: A collection of samples that do not belong to any class of

interest.

» Target class: A class of interest in the task, i.e., one of the classes other than the

Universum class.

The sample compositions of the Universum class and target classes are usually very
different. Figure 5.1a provides some samples of a target class (entity-destination) and
the Universum class (other) in relation extraction. Intuitively, we can observe that the
entity-destination samples adhere to an intra-class pattern: an entity goes somewhere.
However, the three examples of the other relation type are vastly dissimilar and do not
exhibit any intra-class pattern. In fact, the Universum samples are labeled according to

an inter-class pattern: they do not belong to any of the predefined target classes.

We further highlight the differences between the Universum class and target classes in
two properties.

(1) Heterogeneity: The Universum class is composed of heterogeneous samples, which
may form multiple clusters in the feature space of the test set, as illustrated by the
green samples in Figure 5.1c. This is because the Universum class, as the class name
“other” implies, contains all potential implicit classes that are not explicitly defined in
the task. For example, in samples of the other class in Figure 5.1a, implicit classes may
include the entity-parallel relationship, the entity-fill relationship, and the entity-narrative
relationship.

Although such heterogeneous samples are easily mapped into a compact cluster for the
training set, it is problematic for the test set. This is because the inherent predictive
rule of the Universum class follows an unique inter-class pattern: a sample is labeled
as Universum if it does not belong to any target classes. This sharply contrasts with
the conventional intra-class patterns seen in target classes. Considering human annota-
tion practices, an entity is labeled as Location when it aligns with established patterns
of Location entities. In contrast, a sample is labeled as Others not due to intra-class
patterns specific to the Others class, but because it fails to conform to the patterns of
Location, Person, or Organization. Consequently, when current classification models
treat the Universum class and target classes in the same manner, they tend to overfit the

noise in the Universum class by memorizing various peculiarities of the heterogeneous
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Entity-Destination Relation Other Relation
The famous actress arrived at the airport. The captain and crews are grateful for the support.
Quake survivors moved into makeshift houses. The room was filled with huge canvases.

The research team is going into the deep jungle. | The stories are narrated through dance.

(A) Samples selected from the SemEval 2010 Task 8 dataset on relation extraction.
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FIGURE 5.1: Illustration of distinction between the Universum class.

samples rather than recognizing the general predictive rule. Given the variations in data
distributions between the test and training sets, only memorizing various peculiarities
can easily lead to overfitting, causing a decline in accuracy. Furthermore, this inability
to discern the genuine predictive rule for the Universum class can also compromise the
model’s robustness.

(2) Lack of Representativeness in Training Data: The Universum class is the comple-
mentary set of predefined target classes in the task. Therefore, it contains all possible
implicit classes, i.e., classes not explicitly defined in the task but may appear in the real

world. In this case, Universum samples in the training data are unable to sufficiently
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represent all possible patterns of the genuine distribution of the Universum class. As
depicted in Figure 5.1c, gray samples represent Universum samples in the test set that
are not represented by the training data. Classifiers with open boundaries are prone to

misclassifying unseen samples in the test set that is not represented by the training data.

Additionally, we provide a quantitative comparison of the average compactness between
the Universum class and the target classes within the test data for the NER task [12], as
depicted in Figure 5.1b. Notably, even though the Universum class is the class with the
most samples, it exhibits significantly poorer compactness in its learned representations.
This empirical observation aligns with our earlier theoretical analysis. Both the inability
to discern the genuine inter-class predictive rule of the Universum class and the lack of
representativeness in the training data contribute to this compromised compactness for

the Universum class. Experiment details are in Section 5.4.8.

Despite the substantial difference between the target classes and the Universum class,
this issue has long been neglected by the research community. The majority of works
[12, 13, 57, 59, 215] treat the Universum class and target classes equally. Typically,
a linear layer and a softmax function are applied at the end of the model to generate
open decision boundaries, which we believe are inappropriate for tasks containing the

Universum class.

How can we account for the distinct properties of the Universum class and target classes
to derive better representations and classifiers? We think the key lies in conforming to the
inherent properties of the Universum class. In this work, we propose a closed boundary
learning method for classification-based tasks with the Universum class. Traditional
methods often employ open boundary classifiers and constrain the representations of
Universum samples to be distributed into a compact cluster. However, the open decision
boundaries can easily misclassify Universum samples, as illustrated in Figure 5.1d. In
addition, the restriction on compact space violates the inherent inter-class pattern of the
Universum class. Therefore, we propose to use closed boundary classifiers as shown in
Figure 5.1e. We constrain the space of target classes to be closed spaces and designate
the area outside all closed boundaries in the feature space as the space of the Universum
class. The treatment perfectly fits the nature of the Universum class: a sample is marked

as the Universum if it does not belong to any target class during labeling.

The main contributions of this work are summarized as follows:
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* We address an understudied problem in this paper. The Universum class widely
exists in many NLP tasks and general machine learning tasks, but hasn’t received

significant attention in these contexts.

* Methodologically, we generate closed boundaries with arbitrary shape, propose
the inter-class rule-based probability estimation for the Universum class to cater to
the inherent properties of the Universum class, and propose a boundary learning
loss to learn the decision boundary based on the balance of misclassified samples

inside and outside the boundary.

* In adherence to the natural properties of the Universum class, our method improves
both accuracy and robustness of classification models, which is validated on six
state-of-the-art (SOTA) works across three different tasks.

5.2 Related Works

5.2.1 Classification Tasks with the Universum Class

The Universum class widely exists in classification based tasks in NLP, such as relation
extraction (RE) [54], named entity recognition (NER) [55], and aspect category sentiment
analysis (ACSA) [66], as summarized in Table 5.1. It should be noted that the span-
based methods [57, 58] enumerate all possible spans for classification, which introduces
an extra other class. Despite the heterogeneity and lack of representativeness of the
Universum class, current works [12, 13, 57, 59-63] solve the classification problems
containing the Universum class as normal multi-class classification problems and treat

the Universum class and target classes equally.

5.2.2 Closed Boundary Learning Methods

Closed boundaries are often adopted in research fields of out-of-distribution (OOD)
detection [72—74], open set recognition [75, 76], anomaly detection [77], and outlier
detection [78, 79]. We borrow the term “generalized OOD detection” from [80] to
encapsulate these problems and discern their differences from our proposed classification

with the Universum class problem.
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Task Dataset Label Name  Proportion
RE SemEval 2010 Task 8 [65] Other 17.4%
RE TARCED [54] No relation 79.5%
NER CoNLL-2003 [55] Miscellaneous 14.6%
NER (span based CoNLL-2003 [55] Other >90%
method)
ACSA MAMS [66] Neutral 43.4%

TABLE 5.1: The tasks and datasets that the Universum class exists.

5.2.2.1 Difference in Problem Setting

Classification tasks can be categorized into problems based on closed-world assumption
and open-world assumption [80]. The generalized OOD detection is treated under
the open-world assumption, while the classification problem with the Universum class
is treated under the closed-world assumption. In addition, the OOD samples are not
available in the training data in generalized OOD detection, whereas a considerable
number of Universum samples are included in the training data in our problem setting.
The information of existing Universum samples is important to generate accurate decision

boundaries in our problem.

5.2.2.2 Difference in Methodology

By definition, the OOD detection problem assumes that the training data do not contain
any OOD samples. However, a branch of the OOD studies, known as outlier exposure
[96-101], introduces auxiliary outlier data during training. The introduced auxiliary data
makes it close to the format of our raised classification problems with the Universum class.
However, outlier exposure methods are not suitable for our problem. The outlier exposure
method mostly adopts a two-step approach that consists of multi-class classification and
OOD identification. Such two-step approach will suffer from error propagation problem.
In addition,the OOD identification step distinguishes OOD and ID samples based on a
score obtained by cross entropy or energy function. However, both cross entropy and
energy function are monotonically varying. As a result, the decision boundary derived
from a threshold score of the monotonically varying function is an open boundary, which
leaves the heterogeneity and representativeness issues we pointed out in this paper still

unresolved.
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From a methodological point of view, our work is also different from the works in
generalized OOD using closed boundaries. In generalized OOD studies, the closed
boundaries are formulated by the classic density-based method [102, 103], one-class
classification method [104, 105], or distance-based method [72, 75, 106—-108]. The
distance-based methods are limited to spherical boundary shapes but our method can
generate arbitrary shape boundaries. The one-class classification method formulates only
one closed boundary between positive and negative samples while our work generates
closed boundaries for all target classes. Finally, only positive samples are used to
learn decision boundaries in density-based method, while both target class samples and

Universum samples are used in our work.

5.2.3 Universum Learning Methods

Although we adopt the terminology of Universum [53], the problem setting of our work
is entirely different from that of previous studies on Universum learning [53, 67-69].
The idea of Universum learning studies is to exploit external, unlabeled Universum data
to improve the accuracy of supervised tasks. However, in our problem, the Universum
class is one of the internal, labeled classes of multi-class classification problems and
we propose closed boundary learning to conform to its unique properties during learn-
ing. Furthermore, methodologically, the Universum learning method either employs
open-boundary classifiers [69] or is incapable of distinguishing the Universum samples
from labeled samples [53, 67, 68], neither of which are appropriate to the problem we

presented.

5.3 Method

Problem Definition: The goal of our proposed method is to learn closed decision
boundaries for target classes and meanwhile, jointly classify the Universum samples
and target samples. We give a detailed description of how to recognize the Universum
class in Section 5.3.1. In order to make our proposed method compatible with most
existing classification methods, the starting point of our method is the representations
of the final layer of classification models, which is a linear layer that maps data from

high-dimensional feature space to a lower-dimension space. We denote the sample
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Method Pretrained Model Reported F1/accuracy
SpanNER [12] BERT-base 92.28
BS [57] RoBERTa 93.65
A-GCN [60] BERT-base 89.16
TaMM [61] BERT-base 89.18
AC-MIMLLN [62] Glove 76.42
SCAPT [13] BERT-base 85.24

TABLE 5.2: The pretrained models chosen for each baseline model and the correspond-
ing F1 score/accuracy reported in the original paper.

representations of the final linear layer as H = {hg,hy,... ., hy_;} € RNV*! where N

is the number of samples, and [ is the output dimension of the linear layer.

5.3.1 Defining the Universum Class

Universum class exists in many tasks and datasets as we summarized in Table 5.1.
Notably, the Universum class has various names such as other and miscellaneous, etc. In
sentiment analysis, the neutral class can be considered as the Universum class because
the word neutral is defined as “having no strongly marked or positive characteristics or
features”, which means the neutral class is a collection of all samples without strong
emotions. Similarly, the no relation class in the relation extraction task can be considered

as the Universum class.

5.3.2 Pretraining

Our method estimates the probability distribution of target classes based on their sample
distributions. In order to avoid estimation based on randomly initialized weight and
speed up the learning process, we employ N-pair loss [216] for pretraining, making
sample representations be of small intra-class distance and large inter-class distance.
Notably, in alignment with the inherent nature of the Universum class—not belonging to
any specific classes of interest—and to help avoid the issue of overfitting, we make a
change that does not require the model to reduce the intra-class distance of Universum

samples during the pretraining.
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5.3.3 Generating Closed Boundary of Arbitrary Shape for Target

Classes

Existing closed boundary classification methods mainly use spherical shape boundaries
[75, 76]; however, we argue that the spherical shape may not be the optimal solution
because data samples are unlikely to perfectly fit into a sphere, and a spherical shape
boundary may produce misclassifications. We adopt the Gaussian mixture model (GMM)

and the threshold value to generate boundaries with arbitrary shapes.

5.3.3.1 Gaussian Mixture Model

We apply GMM with m components to estimate the class conditional probability dis-
tribution for each target class C};, and further derive the joint probability estimation for

each class.

p(hy | C) Zm (s i, ) (5.1)

(hk,(]z-) = p(hy, | Ci)p(C;) (5.2)

where h;, denotes the input feature vector of the £th sample, j; and 3; are the estimated
mean vector and covariance matrix of the ith Gaussian components, respectively. m;; is
the non-negative mixture weight under the constraint that Z;":l mi; = 1. g, 235, and ;5

are all learnable parameters in the model.

According to Bayes Theorem, the posterior probability p(C; | hy) = % Since
we are interested in argmax, %, the decision can be made based on joint

probability p(hy, C;).

5.3.3.2 Arbitrary Shape Boundary

Geometrical View: Inspired by the DENCLUE algorithm in generating arbitrary shape
clusters [217], we introduce a threshold value &; for each target class. A closed boundary
of arbitrary shape is formulated by points satisfying p(h, C;) = &;. Figure 5.2 is an
illustration of formulating an arbitrary shape boundary in a two-dimensional space. A
sample is assigned to class C; if it is located inside the closed boundary. If the number of

components of the GMM is set to one, then the shape of the boundary becomes spherical,
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FIGURE 5.2: Illustration of generating arbitrary shape boundaries.

with its center and covariance matrix specified by po and 3y, respectively. In this sense,
the commonly used spherical shape boundary [75, 76] is a special case of our method.

Notably, the threshold values = = &;,&,, - -+, &,_1 are a learnable parameters, which
eliminates the laborious process of hyperparameter tunning. Specifically, they are learned
based on the balance of misclassified samples inside and outside the boundary through

our proposed boundary learning loss, which is introduced later.

Probabilistic View: The above geometrical process can be described as:

h;, € C;if p(hy, C;) > &
h, ¢ C;if p(hy, C;) <&

(5.3)

5.3.4 Inter-Class Rule-Based Probability Estimation for the Univer-

sum Class

The main obstacle to properly addressing the issue of the Universum class is to estimate
the probability of the Universum class based on its inherent inter-class property rather
than intra-class sample distributions. We propose an inter-class rule-based probability

estimation method to address this issue.

5.3.4.1 Motivation and the Estimation

We classify samples of Universum class and target classes based on the following rules

we defined:
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* Rule I: A sample is assigned to the Universum class if it is not located inside any

of the closed boundaries of target classes.

* Rule 2: A sample is assigned to the target class with the highest p(hy, C;) if it is

located inside at least one closed boundary.

An intuitive way to incorporate the above rules is a two-step method that consists of
Universum class detection and target class classification. However, such a pipeline
method has the issue of error propagation. In addition, general probability estimation
methods exploit intra-class sample distributions, which fail to overcome the natural
inter-class property of the Universum class and do not conform to Rule 1. Therefore, a
strategy need to be devised to convert Rule 1 and 2 into a probability expression, while
simultaneously facilitates the learning of the neural network.

For compliance with Rule 1, the estimated probability of the Universum class must satisfy
the following two conditions: for Universum class samples: Vi : p(hy, U) > p(hyg, C;)
and for target class samples: 3i : p(hy, U) < p(hy, C;). We can leverage the relationship
between ¢; and p(hy, C;) defined in Equation 5.3 to construct the estimation of p(hy, U)
that satisfies the above two conditions. In addition, to enhance the learning of neural
networks, the gradient obtained from an Universum sample should move this sample
away from its closest target class boundary. Therefore, we also involve max(p(hy, C;)),
the probability of the closest target class of a Universum sample, to guide the Universum
sample move away from target class boundaries. We propose to estimate the probability
distribution of the Universum class as follows:

& &

p(hy,U) = /\p +(1—=2X) 5.4)

(hk‘a Cu)

where A= (5.5)

u = argmax;

p(hg,Ci)
& 7

(5.6)
v = argmax; p(hg, C;)

&; is the threshold value of target class i, and u,v € {1,2,...,n — 1}.
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5.3.4.2 Analysis of the Proposed Estimation

For the estimated probability of the Universum class in Equation 5.4, two cases are
possible.
Case 1: p(hg, C,) > &, i.e., sample hy, is located inside at least one closed boundary.

In this case, we have

§u

p<hk7 ) fu (hk,C)

Since p(hy, U) < p(hyg, C,), the model will select the target class ¢ with the highest
p(hg, C;), which fits perfectly with Rule 2.

Case 2: p(hy, C,) < &,, i.e., the sample hy, distribute outside every closed boundary.
Combining the condition of case 2 and Equation 5.6, we have

vie{1,2,.. -1} PB0C) peC)
i €u
e Vie{1,2,....n—1}: p(hy, C}) < & (5.7)

Combining Equation 5.6 and Equation 5.7, we can derive that Vi € {1,2,...,n — 1}:

&o

p(hlm ) gv (hk,C)

> & > p(hy, Cy) > p(hy, Cy)

In case 2, from Equation 5.7 and Equation 5.3, we can learn that sample hy, is located
outside all closed boundaries of target classes. In this case, the probability of Universum
class p(hyg, U) obtains the largest value. Therefore, Rule 1 is perfectly expressed by the

proposed probability estimation of the Universum class.

5.3.5 Boundary Learning Loss

To facilitate the learning of the closed decision boundaries, we propose a boundary
learning loss below. Our intuition is that the decision boundary should be adjusted to
the balance of misclassified samples inside and outside the boundary. For example, if

samples of class j distribute inside the boundary of class ¢, then the boundary should
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contract to exclude such samples and vice versa.

1 &
Ly, = — wi. log ————
W= ap 22w & p(hy, C;)

i=1 keO
h;, C;
+Zwllogp—( L ))
lel &i

M 1is the total number of misclassified samples for all boundaries, n is the number of

classes, @ and I denote the set of training samples misclassified outside and inside the

decision boundary 7, respectively. The weights in the loss function are wy, = I%,
w; = p(hlgw and they are detached and cut off the gradient. Weights w; and w,

have smaller values for samples located far from the boundary, enabling the boundary
to be adjusted primarily on the basis of easily and semi-hard negatives instead of hard
negatives.

During training, we sum the cross-entropy loss and boundary learning loss for optimiza-
tion. In addition to balancing inside and outside misclassified samples, the boundary
learning loss forces misclassified samples to be distributed in the proper region, which

works well with cross-entropy loss.

5.3.6 Framework Overview

To provide better clarity of our method, we provide a succinct breakdown of the closed

boundary learning framework’s workings:

* Initialization Post-Pretraining: After pre-training, we employ the GMM for each
target class. The Expectation-Maximization (EM) algorithm is employed to set
the initial values for the GMM parameters ji;, 33;, and m;;. As we transition to
the training phase, the parameters of GMM are treated as learnable parameters.
Contrary to traditional methods using the EM algorithm for continuous updates,
these parameters are dynamically updated by the neural network throughout the

training process.

* Probability Estimation: Probability distributions of target classes are estimated
using GMM, as articulated in Equation 2. The probability distribution of the
Universum class is computed through our Inter-Class Rule-Based Probability

Estimation method, which is represented in Equation 4.
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* Training Optimization: During the training process, we use a combined loss
function, summing the cross-entropy loss with the boundary learning loss for

optimization.

5.4 Experiments

5.4.1 Experimental Methodology

We demonstrate the efficacy of our method on six different SOTA models on three
datasets of different NLP tasks, including SemEval 2010 Task 8 [65], MAMS [66], and
CoNLL-2003 [55]. The proportion of Universum samples in the SemEval 2010 Task 8,
MAMS, and CoNLL-2003 datasets are 17.4% (highest in 19 classes), 90%, and 43.4%.
respectively. It is noteworthy that the ratio of Universum class in the NER task is not
calculated from the miscellaneous samples in the dataset but from the other samples
which are introduced by the span-based method [12, 57].

We evaluate the effectiveness of our proposed ClOsed bOundary Learning for classicia-
tion with the Universum class (COOLU) on 6 SOTA works, including SpanNER [12],
BS [57], A-GCN [60], TaMM [61], AC-MIMLLN [62], and SCAPT [13].

5.4.2 Implementation Details
5.4.2.1 Baseline Models

We reproduce the baseline models based on the officially released source code, and apply
closed boundary learning on the source code. All reported results are the average of three
runs. It should be noted that some results of baseline models are slightly different from
those given in the original papers due to the variations in random seeds and package
versions when reproducing baseline models from their officially released codes. Never-
theless, baseline models and models with closed boundary learning are fairly compared
in our work under the same random seed and deep learning environment.

In the six baseline models we selected, different results based on multiple language
models are often reported in one work. We choose one of the pretrained models used in

each work and reproduce the baseline models. The pretrained language model we used
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Method Pretrained Model Reported F1/accuracy
SpanNER [12] BERT-base 92.28
BS [57] RoBERTa 93.65
A-GCN [60] BERT-base 89.16
TaMM [61] BERT-base 89.18
AC-MIMLLN [62] Glove 76.42
SCAPT [13] BERT-base 85.24

TABLE 5.3: The pretrained models chosen for each baseline model and the correspond-
ing F1 score/accuracy reported in the original paper.

in each baseline and their reported results are summarized in Table 5.3.

5.4.2.2 Training Process

During pretraining process, all parameters of the original model 6 are learned. We
employ GMM estimation on training data after pretraining and obtain the initial value
of p;, 3;, and 7,5, where i € {1,2,--- ,n—1}, 5 € {1,2,--- ,m}. n is the number of
classes, and m is the number of GMM components. Through preliminary experiments,
we observed that the number of GMM components has a minimal impact on our model’s
performance, as a component count of four is sufficient for accurate approximation of
arbitrary decision boundaries. Thus, we typically select m = 4 in our experiments.
The threshold values &; is initialized around the a quantile of p(hy, C;) values (k €
{0,1,--- , N; — 1}), where a is the accuracy or F1 score of the original model. With
our inter-class rule-based probability estimation for the Universum class, we obtain
[p(hg, C1), -+ ,p(hg, Ch_1), p(hy, U)]. Then, the original model parameters 6, GMM
parameters fi;, 33;, 7;; and threshold values &; are learned by cross-entropy loss and our

proposed boundary learning loss.

We use NVIDIA RTX A5000 GPUs to run the experiments and the model parameters

are mostly follow the original baseline models.

5.4.2.3 Robustness Evaluation

We evaluate the robustness of the model based on TextFlint [218], a robustness evaluation

toolkit for NLP tasks. There are two kinds of transformations provided by TextFlint
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to generate the robust evaluation dataset, namely universal transformation and task-
specific transformation. We adopt two universal transformations and two task-specific
transformations to the test set of NER and RE task and generate four robustness evaluation

datasets for each task. The terms of different transformations are explained below.

* “SpellingError”: Universal transformation. Brings slight errors to words in the test

samples.
* “Appendlrr”: Universal transformation. Add irrelevant information to test samples.

* “CrossCategory”: Task-specific transformation for NER. Replace the entity spans

with substitutions from a different category.

* “O0V”: Task-specific transformation for NER. Replace the entity spans with

substitutions out of vocabulary.

* “InsertClause”: Task-specific transformation for RE. Change sample sentences by

appending adjuncts from the aspect of dependency parsing.

* “SwapEnt”: Task-specific transformation for RE. Swap the named entities in a

sentence into entities of the same type.

Specifically, the models are trained and validated on the original training set and val-
idation set, but the test set is transormed into the robustness evaluation dataset by the
transformations proposed by TextFlint. Then, modelw are tested on the transformed test

set.

5.4.3 Overall Experimental Results

Our first research question (RQ) is can COOLU achieve a “free” accuracy gain on tasks
with the Universum class? (RQ1) Table 5.4 shows the overall results for all 6 models.
The reported results are the average of three runs. Models with our proposed closed
boundary learning outperform the original models with open classifiers on NLP tasks
containing the Universum class. The overall accuracy or F1 score is improved on all six
models we evaluated, with the largest improvement from 92.09 to 93.50 in F1 score. We
also notice that the improvement on the RE task is not as significant as on the NER and
the ACSA tasks (0.66 against 1.41 and 1.22). This may be due to the fact that Universum
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Task  Method Fl1/accuracy p-value

SpanNER [12] 92.09£0.16

SpanNER [12] + ADB 77.22+£0.49 <0.001
NER SpanNER [12] + OECC 91.22 £0.12

SpanNER [12] + COOLU 93.50+0.13

BS [57] 92.53£0.02

BS [57] + ADB 75.52 £0.55 < 0.01

BS [57] + OECC 91.88£0.15

BS [57] + COOLU 93.174+0.13

A-GCN [60] 88.67+0.18

A-GCN [60] + ADB 85.99+0.23 < 0.01
RE A-GCN [60] + OECC 88.00 £ 0.09

A-GCN [60] + COOLU 89.33+0.20

TaMM [61] 88.76+0.23

TaMM [61] + ADB 85.08 £0.26 < 0.01

TaMM [61] + OECC 88.17 £ 0.18

TaMM [61] + COOLU 89.471+0.21

AC-MIMLLN [62] 76.13+£0.29%

AC-MIMLLN [62] + ADB 71.78 £0.85% < 0.01

AC-MIMLLN [62] + OECC 74.02 + 0.68%

ACSA AC-MIMLLNN [62] + COOLU  77.35+0.42%
SCAPT [13] 84.13+0.19%
SCAPT [13] + ADB 79.67 £ 0.44% < 0.01
SCAPT [13] + OECC 83.36 £ 0.27%
SCAPT [13] + COOLU 85.06+0.23%

TABLE 5.4: The overall performance of applying closed boundary learning on baseline
models.

ORG PER LOC MISC Other
P R Fl1 P R Fl1 P R Fl1 p R Fl1 P R F1
SpanNER | 89.92 89.81 89.87| 97.74 96.47 97.11| 93.05 93.88 93.46| 78.99 82.83 80.87| 99.87 99.83 99.85

f[()ja(l)ﬂ(\I)EE 94.2990.30 92.30 98.5496.29 97.40 96.1793.41 94.77 88.0281.97 84.89 99.84 99.89 99.86

Method

TABLE 5.5: The micro F1 score of SpanNER [12] with and without closed boundary
learning.

samples only account for 17.4% of the SemEval 2010 Task 8, which is considerably less
than the other datasets. In addition, statistical tests between the accuracy/F1 score of the
baseline models and our method indicate that the improvement brought about by our
COOLU method is statistically significant. The above experimental results answer RQ1

in positive.
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5.4.4 A Closer Look at the MicroF1, Precision and Recall

Another question is does COOLU enhance classification accuracy for all classes or just
the Universum class? (RQ2) We show the micro F1 score of each class in applying closed
boundary learning on SpanNER [12] in Table 5.5. The micro F1 score for the Universum
(other) class, introduced by the span-based method, is excluded from the overall F1 score
calculation as per the task requirements. The micro F1 score is improved in all classes,
with the absolute improvement of 0.01, 2.43, 0.29, 1.31, and 4.02, respectively. The F1
improvement of the Universum class is very small compared to target classes because its
sample size is more than 100 times larger than other classes, making the denominator
very large when calculating. Consequently, an improvement of 0.01% of Universum
samples being correctly classified leads to a significant enhancement in the precision
score for the entity classes. The results answer RQ2 positively: the improvement of
overall performance is not only attributed to the improvement of the Universum class,

but also to the improvement of all classes as a whole.

The third research question is how does COOLU improve classification model’s per-
formance? (RQ3) We find that our proposed closed boundary learning significantly
improves the precision score of all target classes, with the largest absolute gain being
9.03 in Table 5.5. By analyzing the change in precision and recall, we can derive the
following findings: Firstly, the misclassification of Universum samples as target samples
results in low precision scores for target classes and low recall score for the Universum
class in the baseline method, which proves our claim that the Universum class is easily
misclassified if its unique properties are neglected. In addition, our proposed closed
boundary learning method can effectively prevent the misclassification of the Universum
class into target classes, which significantly improve the precision score of target classes
at the expense of a very slight reduction in recall and similarly improve the recall score
of the Universum class at the expense of a slight reduction in precision. The second

finding answers RQ3.

5.4.5 Model Robustness Evaluation

We are more interest in the research question that In adherence to the natural properties
of the Universum class, does COOLU provide a more reasonable way of learning by

improving both model’s accuracy and robustness? (RQ4) We attempt to demonstrate
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CrossCategory ooV SpellingError  Appendlrr

SpanNER 77.06 75.14 76.09 87.34

SpanNER + COOLU 81.39 83.15 81.12 89.89
InsertClause =~ SwapEnt SpellingError ~ Appendlrr

A-GCN 77.84 86.8 77.36 86.59

A-GCN + COOLU 80.17 88.69 78.71 88.22

TABLE 5.6: Comparison of model’s robustness with and without closed boundary
learning.

RQ4 by theoretical analysis and experimental evaluation of the robustness of the model.
Theoretically, since the natural predictive rule of the Universum class is an inter-class
pattern that does not belong to any target classes, traditional models are more likely to
fit the noise in the Universum class by memorizing various peculiarities of intra-class
heterogeneous samples rather than finding the general predictive rule. However, our
method can identify the inter-class predictive rule of the Universum class and hence
classify out-of-distribution Universum samples more accurately. In addition, the closed
decision boundaries we learned are analogous to model’s knowledge boundary of each
target class: the space inside the boundary represents what the model knows about a
certain class, i.e., the recognized patterns, whereas the space outside the boundary repre-
sents what the model doesn’t know about this class from training data. Such knowledge
boundary can avoid the misclassification of unseen non-target class samples as target
class. The above two mechanism would contribute to better robustness of the model.
We evaluate the robustness of the model based on TextFlint [218], a robustness evaluation
toolkit for NLP tasks. Specifically, TextFlint generate perturbations of the test data, and
the robustness of the model is evaluated using the transformed test dataset. The terms
such as “CrossCategory”, “O0V”, and “SpellingError” in Table 5.6 are different ways
of transforming the test data. Detail information of these transformation methods are
illustrated in Section 5.4.2.3.

It can be learned from the Table 5.6 that the robustness of SpanNER improved signifi-
cantly by applying our proposed COOLU method, with the improvement of absolute F1
score of 4.44, 8.01, 5.03, and 2.55, respectively. In addition, although the improvement
of the F1 score in A-GCN is less than 1, the improvement in robustness of the model is
considerably large. The absolute F1 score on robustness evaluation datasets are improved
at 2.33, 1.89, 1.35, and 1.63, respectively. Considering lots of studies theoretically
identify a trade-off between robustness and accuracy [219-221], the improvement of

both model’s accuracy and robustness provides positive evidence for RQ4: COOLU can
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FIGURE 5.3: Impact of the last layer dimension on the accuracy of the model.

provide a more reasonable way of learning representations and classifiers.

5.4.6 The Impact of the Final Layer Dimension

The last layer’s dimensionality can affect the performance of the model. Recalling the
classic Hughes phenomenon [222] that the model accuracy is monotonically increasing
first and then monotonically decreasing with the dimension of data, the dimension of the
final layer may be chosen to boost model performance.

We investigate the effect of last layer dimension on the accuracy of the model on the
SpanNER [12] with closed boundary learning and present the result in Figure 5.3. The
F1 score of the test set grows with increasing of dimensions and reaches a maximum
value of 93.88 when the dimension is seven, and then decreases with the dimension. The
trend fits well with the Hughes phenomenon [222]. Our method is quite robust with the
dimension and the overall result of SpanNER + COOLU reported in Table 5.4 is set as

ten rather than the optimal value.

5.4.7 Ablations

We evaluated two recent OOD detection methods, ADB [75] and OECC [223], to demon-
strate the inappropriateness of OOD detection approaches for our proposed problem.

The experimental results reveal that integrating ADB and OECC with classification
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FIGURE 5.4: The compactness evaluation of the Universum class and target classes of
the test data of NER task.

models considerably weakens the performance of the original models, as illustrated in
Table 5.4. Given that both ADB and OECC were primarily designed for OOD detection
and not the unique problem presented in this work, their unsuitability is anticipated.
Specifically, due to the inherent difference in the problem settings, the ADB method
cannot utilize the label information of the Universum class, leading to a significant
decline in accuracy, especially when the Universum samples constitute a large portion in
the span-based method. In addition, while OECC’s problem setting, outlier exposure,
aligns more closely with ours compared to other general OOD detection methods, it still
shows inappropriateness, diminishing the accuracy of original classification models. This
diminished accuracy can be attributed to: (1) error propagation in its two-step approach,

and (2) the instability that arises from manually set thresholds.
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5.4.8 Compactness of the Universum Class of the Test Set

We evaluate the compactness of the Universum class and target classes on the test data
and depict the result in Figure 5.4. The representation of test samples after learning
with open boundary classifiers by SpanNER [12] is used for evaluation. We evaluate
the compactness based on the root-mean-square standard deviation (RMSSD) [224],
and the mean square distance (MSD) [225], which are commonly used in clustering
studies to evaluate compactness of a cluster. The smaller the RMSSD or MSD, the better
the compactness. It is illustrated in Figure 5.4 that the compactness of the “OTHER”
class is significantly worse than target classes. Notably, the class with the second-worse
compactness is the “MISC” class, i.e., the “miscellaneous” class, which is also a type of

the Universum class.

Given that the Universum class has the highest number of samples in the datasets we
examined, it should be represented best through training and hence formulate the most
compact cluster in the representation space for the test set. Yet, our empirical findings
paint a different picture. Then, an interesting question was raised: Why does the
Universum class, despite being the largest, exhibit the worst compactness in its

learned representations?

Our research indicates that the answer is rooted in its inherent inter-class pattern.
The Universum class is defined as a cluster of samples that do not belong to any of the
predefined target classes. Considering human annotation practices, an entity is labeled
as Location when it aligns with established patterns of Location entities. In contrast, a
sample is labeled as Others not due to intra-class patterns specific to the Others class,
but because it fails to conform to the patterns of Location, Person, or Organization.
Consequently, current classification models are designed to recognize intra-class patterns
and unable to discern the inherent inter-class predictive rule of the Universum class,

which will result in the poorer compactness of the Universum class.

Additionally, from the lens of representation learning, the Universum class essentially
encapsulates “everything else” in a given task. Thus, no matter the volume of this class,
it’s implausible to capture every nuance and pattern inherent to such a broadly defined
class. This insight also sheds light on why, despite its significant size, the Universum

class demonstrates the least compactness in its representations.

We also conduct an ablation study on N-pair loss pretraining. In our method, N-pair loss

is adopted for pretraining to learn initial representations and to speed up the training
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Method F1/accuracy
SpanNER 92.09
SpanNER + N-pair pretraining 92.05
SpanNER + COOLU (N-pair pretraining) 93.50
SCAPT 84.13%
SCAPT + N-pair pretraining 84.16%
SCAPT + COOLU (N-pair pretraining) 85.06%

TABLE 5.7: The effect of pretraining on SpanNER [12] and SCAPT [13].

process. To demonstrate the effectiveness of our closed boundary learning method
and to rule out the possibility that the improvement of our model is due to the N-pair
loss pretraining process, we add an additional pretraining step to baseline models of
SpanNER [12] and SCAPT [13]. Table 5.7 indicates that the pretraining process alone
cannot improve the accuracy of the original baseline models. The improvement brought
about by our proposed closed boundary learning is not a result of the pretraining step but

the result of the entire system.

5.5 Conclusion

In this work, we highlight an understudied problem in classification-based tasks that the
Universum class is treated equally with target classes despite their significant differences.
As a solution, we propose a closed boundary learning method COOLU, which conforms
the natural properties of the Universum samples. Specifically, we generate closed
boundaries with arbitrary shapes, develop an inter-class rule-based strategy to estimate
the probability of the Universum class, and propose a boundary learning loss to adjust
decision boundaries. COOLU offers easy integration with most classification model,
given that it operates on representations of the final layer of classification models. Our
method not only boosts the accuracy of SOTA models but also significantly enhances

their robustness.

5.6 Limitations

As a limitation, our method is not suitable for zero-shot or few-shot settings because

the accuracy of GMM estimation is positively related to the number of samples used
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[226]. Similarly, due to the inherent low-dimension constraints of the GMM, an ex-
tensive increase in the number of classes could pose challenges to the efficacy of our
framework. Nevertheless, given that the last layer dimension, i.e. class number, in our
method is usually small and the initialized GMM parameters will be fine-tuned by the
neural network, most classification tasks are not limited by these constraints. Since the
Universum class widely exists in NLP tasks and many general ML tasks, our method is

applicable to most of these tasks.
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Chapter 6

UniBias: Unveiling and Mitigating
LLM Bias through Internal Attention
and FFN Manipulation

6.1 Introduction

When applying LLM:s to EE tasks in Chapter 4, we observe that LLMs are biased towards
predicting certain answers. Consequently, we investigate this biased behavior and find
that this inherent bias of LLMs undermines the effectiveness of them across diverse
applications, leading to the issue of prompt brittleness—sensitivity to design settings
such as example selection, order, and prompt formatting. Therefore, in this chapter, we
explore the internal mechanisms of LLM bias and introduce a novel approach to mitigate

LLM bias through manipulation of LLM inner components.

LLMs have shown exceptional capabilities in various natural language processing (NLP)
tasks, employing the in-context learning (ICL) paradigm. This paradigm conditions

LLMs on a context prompt comprising of a few example-label pairs [49, 227].

Despite their impressive performance, LLMs are prone to prompt brittleness, charac-
terized by high sensitivity to the choice [6] and order [135] of examples, and prompt
formatting [125], as demonstrated in Figure 6.1. Such prompt brittleness is found to
arise from the bias in LLLMs towards predicting certain answers [6]. The presence of the

bias undermines the robustness and adaptability of LLLMs in diverse applications.

103



104 6.1. Introduction

Extensive research has focused on identifying factors that lead to LLM bias and strategies
for mitigation. For instance, vanilla label bias [136] and recency bias [6] demonstrate the
LLM’s inherent non-contextual preference for certain labels and contextual preference for
specific positions, respectively. Additionally, several calibration methods [6, 136, 139]
are proposed to counteract the bias by adjusting decision boundaries of model output
probabilities. However, these approaches are derived from external observations or
adjustments of LLM outputs, leaving the internal mechanisms within LLMs that

cause such bias poorly understood.

In this work, we investigate the internal mechanism of LLM bias, specifically how
feedforward neural networks (FFNs) and attention heads contribute to such bias. Building
on findings in mechanistic interpretability [141, 144], we assess the contribution of
individual attention heads and FFN vectors' to label predictions in LLMs. By identifying
FFN vectors and attention heads that convey biased influences towards label prediction,
we reveal the internal mechanisms behind several key bias factors, including vanilla
label bias [136], recency bias [6], and selection bias [137]. For instance, our analysis of
FFN vectors without input context demonstrates that their cumulative impact biases the
LLM towards specific labels, indicating a non-contextual preference for certain labels,
i.e., vanilla label bias. We elaborate on the background of mechanistic interpretability in
Section 6.2.1 and present our findings on the internal mechanisms of LLLM biases in next

section.

We pose the question: Can we identify the biased components of LLMs and mitigate
their detrimental impact on label prediction? Motivated by this intuition, we propose
UniBias, an inference-only method designed to identify and eliminate biased FFN vectors
and attention heads in LLMs. Specifically, we begin by projecting each FFN vector
and attention head into the vocabulary space to interpret the information conveyed by
their outputs. We then detect biased components based on three criteria we defined: the
relatedness criterion, the bias criterion, and the low variance criterion. After identification,
we mitigate their impact by masking these biased components. Extensive experimental
results demonstrate that LLMs, from which biased components have been removed,
consistently outperform their original counterparts by a significant margin. Further, as
illustrated in Figure 6.1, our method significantly improves both the performance and

robustness of ICL with perturbations of various design settings.

'FFN vector refers to the value vector in the second weight matrix of the FFN layer. We elaborate on
this in Section 6.2.1
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FIGURE 6.1: illustrates the prompt brittleness of ICL and the effectiveness of our
method in mitigating this issue. Experiments are conducted in one-shot setting, using
SST2 [9] dataset for experiments on example selection and prompt formatting and

AGnews [10] dataset for example order experiment due to more diverse combination of
orders.

The contributions of our work are summarized as follows:

* In contrast to existing works based on external observation of LLM outputs, we unveil

the internal mechanisms within LLMs that lead to their bias towards predicting certain
answers.

* We propose the UniBias method to mitigate LLM bias by identifying and eliminat-
ing biased FFN vectors and attention heads within LLMs. Moreover, our method

demonstrate an effective way to manipulate internal structures of LLMs.

» Extensive experiments across 12 NLP datasets demonstrate that, by removing the
biased components, our UniBias method significantly enhances ICL performance

compared to the original LLM, achieving state-of-the-art results.

6.2 Internal Mechanisms Causing the Bias of LLMs

This section reveals the internal mechanisms within LLMs that lead to various bias
factors.

6.2.1 Background

The theoretical background of this work is based on research on mechanistic interpretabil-

ity [141-143], which aims to explain the internal processes in language models (LMs),
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facilitating the interpretation of the contributions of individual model components to the
final prediction.

We are focusing on decoder-only LMs in this paper. They are composed by a sequence
of transformer layers, each composed of a multi-head self-attention layer and an feedfor-
ward neural network layer. The background knowledge for interpreting the contribution
of each FFN vector and attention head to the models’ prediction are demonstrated as

follows.

The Residual Stream We interpret Transformers following the view of residual stream
[141, 144]. Due to the residdual connection of Transformers, each layer takes a hidden
state as input, and adds information obtained by its attention layer and FFN layer to the
hidden state through residual connection. In this sense, the hidden state is a residual
stream passed along layers, and each attention layer and FFN layer contribute to the final

prediction by adding information to the residual stream.

Attention Heads Following Elhage et al. [141], Dar et al. [144], the output of each
attention layer of LM can be computed as the sum of all its attention heads. Specifically,
for [-th layer, the input is X' € RV*? and the attention layer is parameterized by four
matrices WCIQ W[l< W‘l/ Wé € R4 The columns of each projection matrix and the
rows of the output matrix can be split into H parts: w5, ngj , Wé’j € R™i and
Wéj c Rir *d where H is the number of attention heads. We then find that:

AtY(X?) = Concat [A“Xfwél, ARXIWER ,Afvﬂxéwéﬂ] W

H
= Y AW W

Jj=1

(XZWS].)(XZW}[(J)T
d/H
fore, the output of an attention layer is equivalent to computing attention heads indepen-

where A% = softmax ( + M4 ), M%7 is the attention mask. There-

dently, multiplying each by its own output matrix, and adding them into the residual

stream of the LM.

FFN In line with Geva et al. [143, 145], transformer FFN layers can be cast as linear
combination of vectors. Specifically, for an input vector x* € R?, FFN parameter

matrices K¢, V¢ € R% >4 the FFN output can be derived as:

dm dm

FFN'(x’) = f(xK )V =3 f(x" kvl = miv

=1 i=1
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FIGURE 6.2: Unveiling vanilla label bias by uncontextual accumulated FFN logits.

where f is the activation function, ¢ is the index of the vector. Then, the FFN layer can
be viewed as a linear combination of vectors: the multiplication of x* and the key vector

k; produces the coefficient m! that weights the corresponding value vector v;.

Logit Lens The logit lens [146] is a technique that directly decode hidden states into
the vocabulary space using the unembedding matrix of the LLLM for interpretation. This
approach has been validated in various studies as an efficient method for interpreting the
weight matrix or hidden states of LLMs [143, 144, 147, 148].

In summary, each attention layer and FFN layer contributes to the final prediction by
adding their output hidden states to the residual stream. These outputs can be viewed as
the sum of their respective attention heads and FFN vectors. Each attention head or FFN

vector’s output can be interpreted through the logit lens.

6.2.2 Internal Mechanisms of Bias Factors
We delve into the mechanisms behind several bias factors, analyzing the contributions of

attention heads and FFN vectors to the biased predictions in LLMs. We explore vanilla

label bias, position bias, and selection bias using the Llama-2 7B model [121].

107



108 6.2. Internal Mechanisms Causing the Bias of LLMs

Vanilla Label Bias The vanilla label bias [136], also known as common token bias [6],
is the inherent, uncontextual preference of the model towards predicting certain label
names. Given the contextual nature of attention layers, our investigation focuses on the
FFN layers, where we identified a corresponding uncontextual preference. Specifically,
by projecting the FFN value vectors into the vocabulary space, we compute the logits
for various label names for each FFN vector. Utilizing the residual stream insight, we
then aggregate these logits for all FEN vectors whose label logits rank within the top 10
over the vocabulary, reflecting uncontextual influences of FEN vectors that are effective
in label prediction. This process yields what we term uncontextual accumulated FFN
logits, revealing the intrinsic bias of the LLM towards predicting label names without

the influence of input.

Figure 6.2 illustrates the accumulated uncontextual FEN logits across different label
names in the sentiment analysis task, alongside their corresponding zero-shot prediction
frequencies on the SST-2 dataset. For example, the label name ’positive’ exhibits
higher uncontextual accumulated FFN logits compared to negative,’ leading to a higher
frequency of ’positive’ predictions. Additionally, when comparing the labels *good’ and
"bad’, the difference in their uncontextual accumulated FFN logits is more pronounced
than that between ’positive’ and ’negative,” resulting in a larger discrepancy in prediction
frequency. Conversely, the accumulated logits for the labels ’satisfied’ and ’disappointed’
show a reverse trend relative to ’positive’ and "negative’, which results in a corresponding

reverse trend in their prediction frequency ratios.

Recency Bias Recency bias refers to the tendency of LLMs to favor the label of the
example at the end of the prompt [6]. By examining the behavior of attention heads
within LLMs, we observe that specific heads consistently prioritize the example at the
end of the prompt, providing an internal perspective on the origin of recency bias.

We identify the biased attention head using the method introduced in Section 6.3. We
compare the behaviors of a biased attention head (layer 16, head 29) and an unbiased
attention head (layer 16, head 19) in terms of the attention weight assigned to examples
at different positions and the label logits of the corresponding attention head’s output.
Specifically, we use the SST-2 dataset, including one positive and one negative example
in the prompt, and test with 40 samples, evenly split between positive and negative

examples. More experimental details are provided in Section 6.4.1.3.

Experimental results in Figure 6.3 reveal that the biased attention head (layer 16, head
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FIGURE 6.4: The internal mechanism of the selection bias.

29) consistently assigns significantly larger attention weights to the final example, ir-

respective of the ground truth labels of the test samples. This bias persists even when

the sequence of examples is reversed, as shown in the second subfigure on the first row,

indicating a biased preference of this attention head for the last example in the prompt.

Furthermore, the biased attention weight assignment leads to biased logits, as shown in

the third subfigure on the first row. In contrast, the unbiased attention head (layer 16,

head 19) assigns very close averaged attention weights to both examples in the prompt.

Interestingly, we observe that this unbiased head generally assigns larger weights to the

example whose label matches the ground truth label of the test sample, resulting in 35

out of 40 samples being correctly classified based on this pattern by this single attention

head. The preference shown by specific attention heads for the example at the end of the

prompt reveals the internal mechanism of recency bias.
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Selection Bias The selection bias refers that LLMs prefer to select specific option ID
(like ”Option A”) as answers for multiple choice questions [137]. We have identified
both FFEN vectors and attention heads that consistently favor a specific option regardless
of the ground truth label of the test sample, revealing the internal mechanism of selection
bias.

We evaluate the Llama-2 7B model on the ARC dataset, which contains four options (A,
B, C, D). We use a zero-shot setting to avoid the influence of position bias from multiple

examples. More details are provided in Section 6.4.1.3.

Experimental results are illustrated in Figure 6.4. Firstly, we observe that the LLM
exhibits a vanilla label bias favoring option ”A”, as shown in the first subfigure. Addi-
tionally, we identify a biased attention head that demonstrates a position bias consistently
favoring the first option regardless of the ground truth labels of the test samples (second
subfigure) or changes in the sequence of options (third subfigure). Since option A is

usually the first option, these two biases both lead to the LLM’s preference for option A.

6.3 Methodology

In the previous section, we unveil that various bias factors are stem from the biased
behaviors of attention heads and FEN vectors. Naturally, we pose the question: Can we
identify the biased components of LLMs and mitigate their impact on label prediction?
Therefore, we propose our UniBias method to Unveil and mitigate LLMs’ label Bias
through internal attention and FFN manipulation. Notably, our method is proposed for
decoder-only LLMs.

6.3.1 Biased FFN Vectors Identification

Identifying biased FFN vectors in LLLMs hinges on whether the contribution of each
FFN vector is independent and interpretable. As discussed in Section 6.2.1, the output
of an FFN layer can be cast as a linear combination of FFN vectors. Each FFN vector
contributes to the final prediction by adding information encoded in its value vector,
v¢, weighted by its corresponding coefficient, m¢. This information within v¢ can be
interpreted through the logit lens, enabling us to interpret it as a distribution of logits

across the vocabulary space.
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How to identify an FFN vector as biased? We assess whether it consistently introduces a
biased preference towards specific labels into the residual stream, regardless of variations
in the test samples. Such consistent biases can skew the LLM’s predictions. We introduce
the following criteria to detect biased components in LLMs, which are also applicable

for identifying biased attention heads:

* Relatedness Criterion: The information introduced by the FFN vector (or attention

head) should closely relate to label prediction.

 Biased Criterion: The information contributed to the residual stream by the FFN
vector (or attention head) exhibits a biased distribution, favoring certain labels over

others.

* Low Variance Criterion: The label prediction information added by the FFN vector
(or attention head) to the residual stream is almost identical across a set of test samples

with different labels, i.e., exhibits very small variance.

The third criterion is key to identifying biased FFN vectors (or attention heads), as
consistently low variance indicates that the FFN vector is not adequately responsive to
varying inputs. Combined with the second criterion, this suggests a bias towards certain

predictions regardless of the input’s contextual differences.

To examine these criteria, we interpret the information contributed by each FFN vector,
i.e., mv. For simplicity, we omit the layer number ¢ and FFN index . Since the FFN
value vector v is fixed, changes in the FFN coefficient m across different samples reflect
the change in information brought by the FFN vector. We interpret this information
by projecting each FFN value vector into the vocabulary space and analyzing the logit

distribution over label tokens, termed label logits.

Specifically, given an FFN value vector v € R?, the unembedding matrix £ € R%*4_ a
label token mapping matrix L € RV *% where each row is a one-hot vector indicating the
token id of the first token of each label name, the label logits g(*) = [g(()k), ggk), . ggli)l]T
(where c is the class number) corresponding to the FFN value vector v of k-th sample
can be obtained by:

g:v-E-LT

We use p unlabeled samples from the task to assess the three criteria we defined. The

coefficients and label logits of an FFN vector for these samples are denoted as m =
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[mo, m1,..., my_1] and G = [g@ gM) ... gP~D]T € RP*¢ respectively. An FFN

vector is considered biased if it meets the following conditions:

p 1 p—1 c—1
_ZSum (Gy..) Z =33 "0 > thhpy
=0 pk:()j =0
-1 1 1 p—1 c—1
- ZBlas Gs,.) Bias (g( —— Z ( ))> > thi e
pc k=0 j=

CV (m) = .

- (m) ¢ 2 o (i, — pi(m))?
(m) IZk 0 Mk

m

where p(g*)) = 23777 0gJ ) p(m) = 1 Zp o M. The thresholds thf oy, thi g, thi gy
are set by grid search, which is elaborated in Section 6.3.4

The relatedness criterion is measured by the sum of label logits. The biased criterion is
measured by the logit difference between each label logit and the average label logit. The
low variance criterion is measured by the coefficient variance (CV) of the FFN vector
coefficient across different samples, which is the standard deviation normalized by the

mean of the data.

6.3.2 Biased Attention Heads Identification

The identification of biased attention heads closely resembles the process of identifying
biased FEN vectors. As discussed in Section 6.2.1, each attention head’s contribution to
the final prediction is independent and interpretable. Therefore, we project the output
hidden states of each attention head into the vocabulary space to interpret the information

they contribute.

To identify biased attention heads, we use the same three criteria introduced for identi-
fying biased FFN vectors. To apply these criteria, we project the output hidden states
from each attention head into the vocabulary space and analyze their label logits as
the information contributes to label prediction. The output from each attention head
consists of hidden states generated for every token in the sequence. For our analysis, we
specifically use the hidden state of the last token preceding the prediction of label names,
interpreting it as the most direct contribution of the attention head to the prediction, given

the autoregressive nature of LLMs.
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Specifically, to obtain the label logits for an attention head, consider the output hidden
states H € RY*9 of this head, the unembedding matrix £ € R%<“_ and the label
token mapping matrix L € RY*4, Given the token position pipe € {0,1,..., N — 1},
which indicates the index of the first token of the predicted label names, the label logits

alk) = [agk), a(zk), ce agk)]T of the attention head for the k-th sample are derived by:

a(k) = H(plabel_l) -E-L".

9.

we employ the same p unlabeled samples from the task to assess the criteria for
identifying baised attention head. The label logits for these samples are formed as
A=1[a® a® . a7 ¢ R™*¢ An attention head is considered biased if it meets

the following conditions:

(. p—1 p—1 1 p—1 ¢
— Z Sum (Ay.) = - Z Sum (a(k)) =— Z aék) > thl,,
Piso k=0 Pz =
p—1 1 p—1 11 p—1 c—1
- Z Bias (A;.) = ~ Z Bias (a®)) = - (a(k) — u(a(’“))> > th?y,
Pz Pi= L §=0
c—1
o(A.;)
Z w; - cv (A:,j> = wj - (A ]) thitt
\ j=0 " -

where w; = Y H (A, ) = LIS Augo(Ag) = /3 S (A — p(A)2
The functions of the first two criteria are identical to those for biased FFN vector iden-
tification. The third function is the weighted sum of the coefficient variance of each
label across test samples. The thresholds for biased attention head identification are also

derived by grid search.

6.3.3 Biased FFN Vectors and Attention Heads Manipulation

After identifying the biased components of the LLM, we eliminate their influence by
masking these biased FFN vectors and attention heads. Specifically, we create masks
for the attention heads in each attention layer and reset the coefficient of the biased FFN

vector and biased attention head mask.
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6.3.4 Grid Searching

Specifically, we utilize a small subset of training data as a support set, with 20 samples
for each class. We then perform a grid search over all combinations of threshold values
and select the combination that results in the most balanced distribution of average
label logits. Specifically, let T represents the set of threshold combinations, and P(t)
denote the average label logits for a threshold combination ¢ € T, we aim to find the

combination ¢* that minimizes the bias of label logits: t* = arg min;c Bias(P(t)).

It is noteworthy that although there are multiple combinations of thresholds, they usually
result in a few set of different biased components. Many different combinations of grid
search thresholds yield the same set of biased LLM components. For example, for a grid
search of thresholds of FFN vectors with 80 combinations, it only result in 4 different sets
of biased FFN vectors that need to be examined with the support set on the SST-2 dataset.
Additionally, during the inference stage of evaluating test samples, the computation time

of the UniBias method is completely identical to that of the original LLMs.

6.4 Experiments

In this section, we aims to investigate a few research questions (RQ). RQ 1: After elimi-
nating biased components from LLMs, does the ICL performance improve compared
to the original LLM? Additionally, how does our UniBias method compare to existing
calibration methods? RQ 2: Given that ICL suffers from prompt brittleness, can our
UniBias method contribute to more robust ICL performance? RQ 3: Are there any
observable patterns of biased FFN vectors and attention heads within and across tasks?
RQ 4: What is the performance of LLMs after eliminating only the biased FFN vectors
and only the biased attention heads, respectively? RQ 5: What is the impact of support

set size on the performance of the UniBias method?
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6.4.1 Experimental Setup
6.4.1.1 Datasets

We evaluate our UniBias method on 12 diverse natural language processing datasets
across various tasks, including sentiment analysis, topic classification, natural language
inference, reasoning, and word disambiguation, as presented in Table 6.1. In our experi-
ments, we utilize k£ (where £ = 0, 1,2, 4) training samples per class as prompt examples
for k-shot ICL. For testing, we randomly select 2000 samples for MMLU and 3000
samples for MNLI and MR, while employing the original testing sets for other datasets.

Detailed dataset statistics are available in Table 6.1.

Dataset # Classes # Testing Size
Sentiment classification

SST2 [9] 2 872
SST-5 [9] 5 2210
MR [228] 2 3000
CR [229] 2 376
Topic classification

AGNews [10] 4 7600
TREC [230] 6 500
Natural language inference

MNLI [231] 3 3000
RTE [232] 2 277
Reasoning

ARC-Challenge [233] 4 1170
MMLU [234] 4 2000
COPA [235] 2 100
Word disambiguation

WiC [236] 2 638

TABLE 6.1: Detailed Dataset information

6.4.1.2 Baselines

In addition to the standard ICL, we compare our proposed UniBias with state-of-the-art
LLM debiasing and calibration baselines, including Contextual Calibration (CC) [6],
Domain-Context Calibration (DC) [136], and Prototypical Calibration (PC) [139].
We reproduce all baselines strictly follows the authors’ instructions and recommendations

to ensure a fair comparison.
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6.4.1.3 Models and implementation details

Models: We evaluate our method on Llama-2 7b and Llama-2 13b models [121]. For
all experiments, unless stated otherwise, we use 1-shot ICL setting, i.e. one example per
class, and repeat five times under different random seeds. We use & = 20 sampes per
class as the support set to obtain all threshold values by grid searching, as mentioned in

the method section.

Experiments on internal mechanisms of biased factors: All experiments are con-
ducted on Llama-2 7b model. For the vanilla label bias experiment, we projected all
FEN value vectors into the vocabulary space and sum the label logits for all FEN vectors
whose label logits rank within the top 10 over the vocabulary to calculate uncontextual
accumulated FFN logits. We change different set of label words in prompt to derive
the label prediction frequency of different label pairs. For the recency bias experiment,
based on findings in [191], instead of the summed attention weights over the whole
example, we adopt the sum of attention weights on label words of the example, e.g.
”Answer: positive” as the effective attention weight on each example. For the selection
bias experiment, we use zeroshot ARC dataset prompts in Table A.3, and we use 12
samples for each class. The attention weight is also summed on label words instead of

the whole option.

Baselines: We reproduce all baselines using the publicly available code released by the
authors to ensure a fair comparison. For the PC method, instead of using test samples
as in the original work, we employ 200 training samples per class as the estimate set
for parameter estimation using the EM algorithm. This adjustment is made to reflect
real-world scenarios where test samples are not readily available. Additionally, the
number of samples used by the PC method is significantly larger than that used by our
UniBias method.

Unibias: In our method, all threshold values are determined through grid searching as
described in the methodology section. Specifically, we use 20 samples per class as the
support set for grid searching in all experiments. For each repetition of the experiment,
the support set is randomly selected based on different random seeds. Additionally, to
manipulate biased FFN vectors and attention heads, we create masks for the attention
heads of all attention layers and adjust the FFN coefficient values and attention head
masks using the hook operation. Additionally, we conduct the experiment on four A5000

GPUs. The prompts used in this paper are provided in Appendix A.3.
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FIGURE 6.5: The performance comparison under different numbers of ICL shots.

6.4.2 Main Experiments

Table 6.2 presents the performance of various datasets and model sizes under the 1-shot
setting. Our proposed UniBias method consistently achieves the highest accuracies
in most cases. In terms of the overall average accuracy, UniBias improves upon the
standard ICL by a substantial margin of 3.39% and exceeds the state-of-the-art (SOTA)
DC by 1.76% using Llama-2 7b. With Llama-2 13b, UniBias surpasses the standard ICL
and the SOTA CC by 2.97% and 2.45%, respectively. Figure 6.5 further illustrates the
results under zero-shot and various few-shot settings for COPA, SST2, and MMLU. Our
proposed UniBias consistently surpasses other baselines in all scenarios, underscoring

its effectiveness.

In response to RQ 1, UniBias not only enhances the performance of original LLMs but
also outperforms existing methods. We attribute this success to its internal analysis and
bias mitigation techniques, which leverage FFNs and attentions, unlike other methods

that rely solely on external observations.

6.4.3 Alleviating Prompt Brittleness

Existing studies have found that LLMs are prone to prompt brittleness, with various
factors such as the selection and order of examples, as well as the prompt formatting. To
address RQ 2, we simulate these brittle scenarios by choosing different demonstration
samples, using different prompt formats, and changing the example order to observe

variations in LLM performance.

Figure 6.1 presents Llama-2 7b’s performance both with and without UniBias. Without

UniBias, the standard ICL’s performance varies significantly, ranging from 8% to 26%,
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FIGURE 6.6: Analysis of biased attention heads (AHs) and FFN vectors (FFNs). The
frequency count of biased LLM components across five repeat experiments with different
example selections is reported.

demonstrating its instability. After applying UniBias, the accuracy stabilizes, with
variations consistently less than 4% under perturbations of various design settings.

This evidence verifies that UniBias effectively reduces prompt brittleness and enhances

robustness.

Method SST.-2 MNLI WiC COPA CR AGNews MR RTE SST-5 TREC ARC MMLU
ICL 8722 5383 50.00 67.60 91.54 8559  89.37 6621 4697 7292 5190 41.73
FFN-only 94.17 5459 50.88 6920 9257 8552 91.78 6733 47.09 73.04 5192 42.62
Attention-only 94.22 52.83 5276 68.50 91.49 8625 92.61 66.55 52.68 80.68 53.00 44.67
UniBias 94.54 5497 5371 69.00 92.61 8829 9219 67.65 53.79 80.80 53.10 44.83

TABLE 6.3: Performance comparison of only removing biased FEN vectors (FFN-only),
only removing biased attention heads (attention-only), our Unibias method, and the ICL
of original LLM.

6.4.4 Biased LLM Components Analysis

In response to RQ3, we present the frequency counts of identified biased attention
heads (AHs) and FFNs under repeated experiments in Figure 6.6. A large frequency
count for an LLM component indicates a higher repeat of being identified as biased
in the corresponding dataset. The first subfigure displays the biased components for
various example selections, revealing several commonly biased LLM components across
different prompts within a single dataset. The second subfigure highlights the common
biased components across different datasets (ARC and MMLU) for the reasoning task,
indicating that different datasets with similar tasks could share common biased LLM
components. The third subfigure demonstrates the presence of common biased LLM
components across different tasks. Experimental results suggest an interesting future
direction: we may identify global biased components that would mitigate bias across

multiple tasks and diverse prompt design settings.
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6.4.5 Ablations

We conduct ablation studies to analyze the impact of exclusively eliminating biased AHs
or FFNs to address RQ 4. Table 6.3 presents the results of removing only biased FFN
vectors (FFN-only) and only biased attention heads (attention-only). Both FFN-only and
attention-only methods outperform the standard ICL, demonstrating their effectiveness.
When combined as UniBias, the method achieves the best results across most datasets,

indicating that the two approaches are complementary.

Additionally, we conduct experiments to investigate the impact of support set size (RQ
5) as our proposed UniBias method employs a small support set for grid searching. To
analyze its effect, we vary the size of the support set. Figure 7 illustrates Unibias’s
performance with support set sizes ranging from 5 to 50 samples. The results indicate
that the performance stabilizes when the support set contains 20 or more samples per
class. Notably, for the SST2 dataset, even with much fewer support samples, Unibias

significantly outperforms the standard ICL.
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6.5 Related Work

Bias in LLMs: It is well recognized that LLMs are unstable under various ICL design
settings, and this instability arises from biases in LLMs toward predicting certain answers
[6, 135]. To understand these biases, existing studies have identified various bias factors,
including recency bias, majority label bias, common token bias [6], and domain label
bias [136] in classification tasks. More recently, selection bias, which consistently favors
specific options in multiple-choice questions, has also been identified [137, 138]. To
address these biases, several calibration methods have been proposed, including contex-
tual calibration [6], domain-context calibration [136], and prototypical calibration [139].
However, these identified bias factors and calibration methods are derived from external
observations or adjustments of LLM outputs, leaving the underlying mechanisms within
LLMs that cause such biases poorly understood.

Mechanistic Interpretability: Mechanistic interpretability [141, 142] aims to explain
the internal processes in language models, facilitating the interpretation of the contribu-
tions of individual model components to the final prediction. Our work builds on the
understanding of the residual stream [141], the logit lens [146], and the interpretation of
LLM components in the vocabulary space [143, 144].

6.6 Conclusion

In this work, we have deepened the understanding of biases in LLMs by unveiling the in-
ternal mechanisms that contribute to various bias factors. Building on this understanding,
we proposed our UniBias method to mitigate these biases by identifying and eliminating
biased FFN vectors and attention heads, demonstrating an effective way to manipulate
the internal structures of LLLMs. Extensive experiments show that our UniBias method
achieves state-of-the-art performance across 12 NLP datasets and different ICL settings.
Additionally, our method successfully alleviates prompt brittleness and enhances the

robustness of ICL.

There are many interesting avenues for future research. For instance, instead of identify-
ing biased components for each ICL prompt, future work could explore the identification
of global biased components that mitigate bias across multiple tasks and diverse prompt
design settings. Additionally, the biased FFN vectors and attention heads we identify

could potentially serve as sensors for guiding effective prompt generation. We expect
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that this internal perspective on LLM bias will inspire more innovative applications in

both bias mitigation methods and prompt engineering.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

This thesis addresses the challenges of the EE task to achieve more accurate and practi-
cally applicable event extraction. Additionally, it tackles challenges that are prevalent
not only in EE but extend across various NLP tasks, such as the classification problem
involving the Universum class, thereby expanding the benefits of this work to a broader
context. Moreover, following the revolutionary impact of LLMs since the release of
ChatGPT in November 2022, our investigation has similarly undergone a paradigm shift
towards exploring LLMs. Consequently, this thesis presents pioneering explorations into

the application of LLMs in EE and efforts to mitigate inherent biases within LLMs.

For event extraction, our contributions are listed as follows:

* Chapter 3 introduces a novel method for document-level event argument extraction.
This method capitalizes on redundant event information within documents to
enhance accuracy in document-level EE. It also utilizes coreference information
to enhance comprehension of the document. Additionally, a new loss function is

proposed to appropriately handle the Others class in the EE task.

» Chapter 4 presents pioneering work in developing a prompting strategy tailored
for EE. Traditional event extraction approaches based on supervised learning
require substantial volumes of annotated training data, which pose challenges in

the development and scalability of EE systems in real-world applications. By
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leveraging the ICL capabilities of LLMs, we significantly reduce the reliance on
large-scale annotated data and substantially enhance performance in a few-shot

setting.

This thesis also investigates some fundamental issues that are prevalent not only in event
extraction (EE) but also extend across various NLP tasks. The contributions are outlined

as follows:

* In Chapter 5, we address an often overlooked issue concerning the classification
problem involving the Universum class, which exists in many classification-based
tasks in NLP. This class is characterized by its heterogeneity and lack of repre-
sentativeness in training data. Traditional methods frequently treat the Universum
class on par with the target classes, leading to issues such as overfitting, misclassi-
fication, and diminished model robustness. We propose a closed boundary learning

framework that more appropriately handles this unique class.

* In Chapter 6, we explore the inherent biases of LLMs, which often compromise
their effectiveness, leading to prompt brittleness—sensitivity to design settings
such as example selection, order, and prompt formatting. Our research delves into
how feedforward neural networks (FFNs) and attention heads contribute to the
bias of LLMs. We introduce the UniBias method, an innovative approach that
effectively identifies and eliminates biased FFN vectors and attention heads to
mitigate LLM bias.

In terms of exploring LLMs, our contributions are as follows:

* To deepen our understanding of the In-Context Learning (ICL) paradigm, Chapter 4
investigates what LLMs learn from ICL demonstrations. Specifically, we hypoth-
esize and validate that LLLMs 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

selection process into a systematic method that emphasizes task heuristics.

* In Chapter 6, we delve into the inherent biases of LLMs that frequently lead to
prompt brittleness. We present the first work to explore the internal mechanisms
contributing to LLM bias, focusing particularly on how feedforward neural net-

work (FFN) vectors and attention heads contribute to the bias. By Interpreting
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the contribution of individual FFN vectors and attention heads, we identify and

eliminate biased components of LLMs, thereby mitigate the LL.M bias.

7.2 Future Works

The potential for future research in event extraction, classification tasks involving the
Universum class, and LLM bias mitigation is vast. The following areas have been

identified as particularly promising:

* For EE task, future research could significantly benefit from more rigorously ex-
amined datasets. Existing document-level EE datasets often contain many missing
arguments due to multiple occurrences of event arguments within a document.
This can mislead both the model training process and the evaluation of model

performance.

* The evaluation metric for EE could also be further refined. Current methods
predominantly use exact match criteria, which do not account for semantically
identical arguments that differ textually. This limitation can obscure the true

effectiveness of EE methods.

* Given the comprehensive reasoning and understanding capabilities of LLMs,
integrating these models into event extraction shows promise. Investigating more

approaches based on ICL or fine-tuning LLMs for EE could yield fruitful results.

* An interesting aspect of the closed boundary framework we proposed is its indi-
cation of the models’ knowledge boundaries. Within the closed boundaries are
spaces that the models understand about the task, while spaces beyond represent
areas of unknown. Future research could explore using closed boundaries to
characterize these knowledge boundaries, potentially enhancing the reliability of

model predictions.

* Our findings in Chapter 4 reveal that LLMs learn task heuristics from demon-
strations. Future works could continue to explore prompting strategies from the
novel perspective of task heuristics, simplifying the example selection process and

potentially enhancing model performance and adaptability.
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* Our pioneering work investigating the internal mechanisms of LLLM bias and
mitigating it by manipulating LLM components opens many avenues for future
research. One area could involve identifying global biased components that
mitigate bias across multiple tasks and diverse prompt settings. Additionally, the
biased FFN vectors and attention heads we’ve identified could potentially serve as
sensors to guide effective prompt generation. This internal perspective on LLM
bias is expected to inspire innovative applications in both bias mitigation methods

and prompt engineering.
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Appendix A

Prompts Adopted in This Thesis

A.1 Recognize Implicit Heuristics of In-Context Exam-
ples by GPT-4

The prompt we use in Chapter 4 to recognize implicit heuristics inherent in examples

and the output of GPT-4 is given below.
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128 A.1. Recognize Implicit Heuristics of In-Context Examples by GPT-4

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-527

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.
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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.

A.2 Explicit Heuristic Generation by GPT-4

The prompt we utilize in Chapter 4 to generate explicit heuristics for document-level
EAE and the output by GPT-4 is provided below.

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.
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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.

A.3 Prompt Templates

The prompt templates used in Chapter 6 are provided below. We generate few-shot ICL
templates follow the template styles in [136, 139], as illustrated in Table A.1.
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Dataset Template Label Space
SST-2 Review: {sentence} negative / positive
CR Sentiment: {label}
MR
MNLI Premise: {premise} yes / maybe / no
Hypothesis: {hypothesis}
Answer: {label}
ARC Question: {question} A/B/C/D
MMLU {options}
Answer: {label}
SST-5 Review: {sentence} terrible / bad / okay / good / great
Sentiment: {label}
AGNews Article: {passage} world / sports / business / technology & science
Answer: {label}
TREC Question: {sentence} abbreviation / entity / description / person
Answer Type: {label} /location / number
COPA Premise: {premise} 1/2
Choicel: {choicel}
Choice2: {choice2}
Answer: {label}
RTE Premise: {sentencel } yes / no
Hypothesis: {sentence2}
Answer: {label}
WwiC Sentencel: {sentencel} false / true

Sentence2: {sentence2}
Word: {word}
Answer: {label}

TABLE A.1: Prompt templates for all k-shot ICL experiments.
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ID Template

Label Space

1  Review: {Sentence}
Sentiment: {Label}

Positive / Negative

2 Input: {Sentence}
Prediction: {Label}

Positive / Negative

3 Review: {Sentence} good / bad
Sentiment: {Label }

4 {Sentence} It was {Label} good / bad

5 Review: {Sentence} Yes / No
Positive Review: {Label}

6  {Sentence} My overall feeling was that the movie was {Label} good / bad

7  Review: {Sentence}
Question: Is the sentiment of the above review Positive or Negative?
Answer: {Label}

Positive / Negative

8 My review for last night’s film: {Sentence}The critics agreed that this
movie was {Label }

good / bad

TABLE A.2: Templates of different prompt formatting used in the prompt brittleness

experiment for SST-2.

Dataset Template Label Set

SST-2 Review: {sentence} negative / positive
Sentiment: {label}

COPA Premise: {premise} 1/2
Choicel: {choicel }
Choice2: {choice2}
Answer: {label}

MMLU Question: {question} A/B/C/D

{options}
Answer: {label}

TABLE A.3: Prompt templates for the O-shot experiments.
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