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Abstract

Much of human decision-making is based on a cognition of events. Events, ranging

from simple occurrences to complex structures, form the essence of human commu-

nication, encapsulating rich information about actions, entities, and relationships.

In the era of big data, empowering machines to recognize events in human lan-

guage emerges as an important research problem for unlocking valuable insights

from unstructured textual data. Event Extraction (EE), one of the main Informa-

tion Extraction (IE) tasks in the field of Natural Language Processing (NLP), is

immensely useful for real-world applications across di”erent fields such as media,

business, cybersecurity, and biomedical research.

Event extraction methods aims at automatically extracting event-related mentions

from text documents written in natural language. However, traditional rule-based

and statistical methods for event extraction often struggle to handle the inher-

ent complexity and variability of natural language. This limitation has spurred

significant interest in leveraging deep learning and neural network techniques to

tackle the challenges of event extraction. Neural methods o”er the promise of auto-

matically learning intricate patterns and representations from data, enabling more

e”ective and e!cient event extraction systems.

Motivated by the growing importance of event extraction and the potential of

neural approaches, this thesis aims to explore novel methods for enhancing event

extraction from di”erent aspects of deep learning. By delving into the nuances of

event representation learning, semantic and syntactic understanding, and multi-

task learning optimization, the thesis aims to push the boundaries of current event

extraction systems and pave the way for more accurate and comprehensive event

understanding.

In summary, the main contributions are: first, we propose the Contrastive Learn-

ing Framework via Semantic Type Prototype Representation Modeling for Event

Detection (SemPRE), which utilizes pre-defined event type labels to capture event

xiii
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type semantics. On two benchmark datasets, namely ACE 2005 and MAVEN,

SemPRE achieves state-of-the-art results and demonstrates excellent performance

in situations with limited training data, sentences containing multiple events, and

trigger word disambiguation, thus o”ering a robust solution for more accurate and

e!cient event detection systems.

Second, we propose Syntactic Reinforcement for Neural Event Extraction (SRE)

model for sentence-level and document-level event extraction. Sentence-level SRE

outperforms other models on ACE 2005, CASIE, and PHEE, while document-

level SRE outperforms prior state-of-the-art on MUC-4. It also achieves absolute

improvements of 1.10%-11.81% in recall over the existing models on MUC-4. This

is the first work that explores the feasibility of intrinsic syntactic mechanisms for

event extraction, pushing the boundaries of extraction performance in both fine-

grained sentence-level tasks and broader document-level event extraction.

Third, we propose the Adaptive Weighting Method for Joint Information Extrac-

tion (AWIE), a novel gradient-based optimization method to balance task losses

for joint information extraction dynamically. On three multi-task IE datasets,

AWIE outperforms the existing state-of-the-art Uncertainty and MGDA-UB tech-

niques over all the tasks in F1 scores. For event extraction, AWIE improves the

static-weighting DYGIE++ baseline by 1.7%-3.1% in F1 scores for the event trig-

ger extraction and argument classification subtasks. It o”ers an e”ective strategy

that dynamically balances task losses during joint IE model training.

Finally, we propose a domain-specific model for biomedical event trigger extrac-

tion, Bio-SemSyntEE, which incorporates the semantic-based mechanism from our

proposed SemPRE model and the syntax-based mechanism from our proposed SRE

model. Bio-SemSyntEE outperforms both discriminative and generative state-of-

the-art models across three benchmark datasets. The results demonstrate the

generalisability and robustness of our proposed mechanisms for domain-specific

applications.





List of Figures

1.1 Overall organization of the thesis. . . . . . . . . . . . . . . . . . . . 7

2.1 Decomposition of gradient search space of x for di”erent task loss
trade-o”s. Each preference vector uk represents a particular task
loss trade-o” preference. . . . . . . . . . . . . . . . . . . . . . . . . 18

2.2 The convergence behaviors of di”erent dynamic weighting methods
on the Pareto front. . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

3.1 Illustration of input sentence words that are trigger candidates and
label words that are used to name pre-defined event types (in bold)
sharing a unified word representation space. To enable the model to
compare and contrast the di”erent event types, we propose to pivot
the ED model semantically based on the label words, which provide
semantic meanings of the types, and leverage contrastive learning. . 24

3.2 Proposed SemPRE model architecture for event detection. . . . . . 26
3.3 Performance results (%) of our SemPRE model in comparison with

other ED models based on MAVEN according to various training
data sizes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

4.1 Illustration of the traditional approach vs our proposed approach on
integrating syntactic knowledge for event extraction. . . . . . . . . . 42

4.2 Illustration of the dependency tree of a sentence with its correspond-
ing syntactic depth vector and distance matrix. Our method relies
on dependency parse trees, a classical structure to represent syntax.
Take the sentence “Last Monday, a 19-year-old extremist detonated
a 30-kilo bomb near a military jeep, injuring three soldiers.” as an
example, its dependency parse tree can be converted to a syntactic
depth vector or a syntactic distance matrix. . . . . . . . . . . . . . 43

4.3 Proposed SRE model architecture for Sentence-level and Document-
level Event Extraction. . . . . . . . . . . . . . . . . . . . . . . . . . 45

5.1 An example of joint information extraction for entity extraction,
relation extraction, and event extraction. . . . . . . . . . . . . . . . 60

5.2 In multi-task IE, the learning of the tasks may require di”erent
scheduling. In this joint NER-RE model, the two tasks mature at
di”erent times. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

xix



xx LIST OF FIGURES

5.3 Performance comparison of joint NER-RE models with di”erent
fixed loss weight ratios for individual tasks (single-task baselines
are shown in dotted lines). As the static weight vs task performance
does not show any pattern, it is hard to optimize in the way that
it can benefit mainly a “main” task by adjusting the loss weight
combination. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

5.4 Model performance is often sensitive to the choice of loss weights.
However, the performance results do not indicate the presence of a
set of fixed loss weights that is optimal for all the tasks. Single-task
NER and RE performances (dotted lines) are shown for reference. . 65

5.5 Model architecture for the joint IE experiments. . . . . . . . . . . . 71

6.1 Bio-SemSyntEE model architecture. . . . . . . . . . . . . . . . . . . 78



List of Tables

3.1 Dataset split and statistics. . . . . . . . . . . . . . . . . . . . . . . 32
3.2 Performance results (%) for ED based on ACE 2005. The models

using parsed syntactic or semantic features are marked with †, and
the models using golden entity annotations are marked with ‡. . . . 34

3.3 Performance results (%) for ED based on MAVEN. The models using
parsed syntactic or semantic features are marked with †, and the
models using golden entity annotations are marked with ‡. T, S
and G indicate token classifier, sequential decoder, and graph-based
decoder, respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.4 Performance results (%) of our SemPRE model in comparison with
other ED models on single-event sentences (1/1) and multiple-event
sentences (1/N) based on ACE 2005. . . . . . . . . . . . . . . . . . 38

3.5 Performance results (%) on ACE 2005 and MAVEN in the ablation
studies. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.6 Case studies on ACE 2005. We show example sentences on the left,
with the ground truth triggers underlined. In contrast to the ground
truth types, we list the types that are predicted by the models,
BERT+CRF, BERT QA, CLEVE and SemPRE, on the right. We
highlight the challenging triggers in bold, and the wrong model
predictions with a → sign. . . . . . . . . . . . . . . . . . . . . . . . 38

4.1 Detailed statistics for the sentence-level datasets, ACE 2005, CASIE
and PHEE, including the number of documents, instances, events,
and arguments, with average counts across 5 data splits. . . . . . . 49

4.2 Performance results (%) for Sentence-level Event Extraction. The
best performance for each column is highlighted in bold and the
second-best performance is underlined. . . . . . . . . . . . . . . . . 50

4.3 Performance results (%) on other syntax-based methods based on
ACE 2005. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

4.4 Performance results (%) of SRE on SSR with di”erent PLMs based
on ACE 2005. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

4.5 Detailed statistics for the document-level dataset, MUC-4. . . . . . 54
4.6 Performance results (%) for document-level Event Extraction based

on Head Noun and Exact Match. . . . . . . . . . . . . . . . . . . . 54
4.7 Performance results (%) for document-level Event Extraction based

on CEAF-REE. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

xxi



xxii LIST OF TABLES

4.8 Performance results (%) of SRE with SSR and BERTLarge on CEAF-
REE. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.9 Case studies for sentence-level and document-level EE between a
SOTA model, the PLM baseline, and our proposed SRE model. For
sentence-level EE, the triggers (Trg) are in bold with circled al-
phabetic labels and the arguments (Arg) are in italics with circled
number labels. For document-level EE, sentence indices are in angle
brackets. While triggers are not required, the argument candidates
are in italics with circled number labels. ‘↭’ indicates a correct
prediction. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

5.1 Statistics and data split of the datasets. . . . . . . . . . . . . . . . 69
5.2 Performance results (%) of weighting methods on SciERC. NER

denotes the entity extraction task, and RE denotes the relation ex-
traction task. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

5.3 Performance results (%) of weighting methods on ACE05-R. NER
denotes the entity extraction task, and RE denotes the relation ex-
traction task. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

5.4 Performance results (%) of weighting methods on ACE05-E. NER
denotes the entity extraction task, and RE denotes the relation ex-
traction task. For event extraction, TE denotes the event trigger
extraction task and AC denotes the argument classification task. . 73

5.5 Comparison of empirical computational time and memory costs of
the methods on SciERC. . . . . . . . . . . . . . . . . . . . . . . . . 74

6.1 Dataset statistics of MLEE, GENIA 2009, and GENIA 2011. . . . . 80
6.2 Performance results (%) for Biomedical Event Trigger Extraction

based on MLEE, GE09 and GE11. The best performance for each
column is highlighted in bold. . . . . . . . . . . . . . . . . . . . . . 82

6.3 Performance results (%) on the three datasets in the ablation studies.
#F1 indicates the di”erence from the original model. . . . . . . . . 83



Symbols and Acronyms

Symbols

Rn the n-dimensional Euclidean space

↑ · ↑ the 2-norm of a vector or matrix in Euclidean space

↓ the Hadamard (component-wise) product

↔ the Kronecker product

↗ · , · ↘ the inner product of two vectors

≃f the gradient vector

xi,k the i-th component of a vector x at time k

x̄ the vector with the average of all components of x as each element

Acronyms

NLP Natural Language Processing

IE Information Extraction

MTL Multi-Task Learning

EE Event Extraction

ED Event Detection

EAE Event Argument Extraction

NER Named Entity Recognition

RE Relation Extraction

CNN Convolutional Neural Network

RNN Recurrent Neural Network

CRF Conditional Random Field

xxiii



xxiv SYMBOLS AND ACRONYMS

BERT Bidirectional Encoder Representations from Transformers

BIO Beginning-Inside-Outside Tagging Scheme

MGDA Multiple-gradient Descent Algorithm

SemPRE Semantic Prototype Representation Learning Framework for Event Detection

SSR Soft Syntactic Reinforcement Mechanism

AWIE Adaptive Weighting for Information Extraction

ACE Automatic Content Extraction

MUC Message Understanding Conference

MAVEN Massive General Domain Event Detection Dataset



Chapter 1

Introduction

1.1 Motivation

In recent years, with the vast amount of unstructured textual information avail-

able on the web, there is a growing need for automated methods to extract relevant

events and their associated information [1]. This extraction process is crucial for

tasks such as information retrieval, question answering, summarization, and knowl-

edge base population.

Event Extraction (EE) (specifically text-based EE) is the process of identifying

and extracting structured information about events from unstructured text data

[2]. An event typically consists of several components, including the trigger word

that signifies the occurrence of the event and the participants involved (e.g., enti-

ties playing roles such as organization, device, or location). The challenge of EE

lies in accurately identifying and linking these components together, especially in

cases where events involve multiple participants or complex relationships [1, 3].

E”ectively modeling the N-ary complex relationships requires sophisticated neu-

ral network architectures capable of capturing the contextual dependencies and

semantic nuances present in the text data. To tackle the primary challenge of cap-

turing the intricate N-ary relationships among the various elements of an event, we

highlight the importance of improving the semantic and syntactic understanding

capability of neural EE models to facilitate context understanding.

1



2 1.2. Event Extraction Tasks

Furthermore, the importance of EE extends beyond academic research to real-

world applications in various domains [3], including news analysis, social media

monitoring, financial markets, biomedical science, and security. Automated EE

systems can assist analysts and decision-makers in understanding and responding

to rapidly evolving situations, facilitating timely and informed decision-making.

Through this thesis, we seek to contribute to the ongoing e”orts to advance EE tech-

niques by exploring and developing novel deep learning architectures and method-

ologies. Moreover, we extend the evaluation of our proposed models and methods

to various application domains and test their generalizability and robustness. By

addressing the challenges inherent in EE tasks, we aim to pave the way for more

e”ective and reliable methods for extracting valuable knowledge from unstructured

text data.

1.2 Event Extraction Tasks

Event extraction in deep NLP research refers to the task of automatically identify-

ing and extracting structured information about events from natural language text.

This task involves recognizing and categorizing di”erent types of events along with

their relevant attributes such as participants, time, location, and relationships.

EE can be further categorized based on the scope of input they consider. At the

sentence level, EE [1, 2] focuses on extracting events and their associated informa-

tion within individual sentences. This typically involves parsing each sentence to

identify event triggers, such as verbs or nominalizations, and then determining the

arguments or participants involved in the event, along with other relevant details.

On the other hand, document-level EE [4, 5] considers the broader context of multi-

ple sentences or an entire document to extract events and their relationships across

sentences. This involves not only identifying events within individual sentences but

also implicitly resolving coreference, temporal relationships, and discourse coher-

ence to capture the full narrative of events described within the document.

Both sentence-level and document-level event extraction have their unique chal-

lenges and applications. We formally formulate them as follows:
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Sentence-level EE Given a sentence S = {w1, . . . , wL}, where wi refers to the

i-th word token and L is the sentence length, the model outputs a sequence of

labels Y = {y1, . . . , yL}, where each yi indicates all the event triggers (text spans

that depict events) and the corresponding event arguments (text spans that denote

entities taking certain roles in an event).

Document-level EE Given an input document comprised of d sentences D =

{S1, . . . , Sd}, the document-level EE task aims to extract one or more structured

events Y = {yi}. Each event yi has an event type t and a series of argument

roles (rt1, r
t

2, . . . , r
t

N
) to be filled by argument spans, where N is the number of

argument roles associated with the type t. The event types and argument roles are

from a set of pre-defined event types T and a set of role categories R. t ⇐ T and

{rt1, rt2, . . . , rtN} ⇒ R.

Traditional approaches to event extraction include rule-based systems and simple

machine-learning methods that rely on handcrafted features. These methods are

labor-intensive to develop and maintain and may not generalize well across di”erent

domains and languages [2, 6]. In contrast, deep learning methods have emerged as

powerful techniques for automatically learning hierarchical representations of data,

enabling more e”ective modeling of complex patterns.

The motivation behind this research stems from the desire to leverage the capabili-

ties of deep learning techniques to advance the state-of-the-art in event extraction.

By harnessing the power of neural networks, we aim to develop more accurate and

robust models that can e”ectively capture the semantics and context of events

from raw text. These models have the potential to significantly improve the per-

formance of event extraction systems, enabling them to handle diverse types of

events, languages, and domains with greater e!ciency and scalability.

We identify three research gaps in deep learning event extraction. First, many

existing models fail to fully leverage the semantic intricacies of language, leading

to performance degradation, especially in low-resource settings. Second, despite the

importance of syntactic structures in EE, current EE models based on pre-trained

language models lack e!cient mechanisms to exploit inherent syntactic bias and

rely on external parsers, introducing error propagation and redundancy. Lastly,

while joint learning methods show promise in improving generalization by learning

multiple tasks simultaneously, they often su”er from suboptimal loss combination
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strategies and lack dynamic mechanisms for task prioritization. These gaps hinder

the development of more e”ective, robust, and adaptable EE models.

1.3 Objectives

The main objective of the research is to explore the linguistics and algorithmic

techniques to address the current issues of deep learning event extraction models.

In particular, our research will investigate techniques to advance the state-of-the-

art methods for event extraction as follows:

• Semantics-based Methods for Event Detection - This aims to integrate label

semantic information to improve representation learning for event detection.

We will investigate a contrastive learning-based model for event detection so

that the semantic information of the type labels can be integrated to facilitate

representation learning.

• Syntax-based Methods for Event Extraction - This aims to enhance the implic-

itly embedded syntactic knowledge in pre-trained language models (PLMs).

We will investigate a soft syntactic reinforcement mechanism that identifies

syntax-related dimensions of PLM representation. In addition, we will inves-

tigate a novel syntactically enhanced neural model, which utilizes the soft syn-

tactic reinforcement mechanism, for both sentence-level EE and document-

level EE. On both levels and in various PLM settings, we will investigate the

e”ectiveness of di”erent variations of the proposed syntax-based mechanism

over the performance of the EE baselines.

• Joint Information Extraction for Event Extraction - This aims to investi-

gate the balancing of subtask losses in event extraction and multi-task IE,

which contains multiple IE tasks related to event extraction. We will inves-

tigate existing dynamic weighting algorithms and their feasibilities for the

joint IE problem. Moreover, we will also study the limitations of the current

optimization approach of multi-task IE models, which mainly rely on static

weighting techniques. Most importantly, we will investigate dynamic weight-

ing methods and the development of a novel adaptive weighting algorithm

for the tasks.
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• Domain-Specific Evaluation of the Methods on Biomedical Datasets - This

aims to study the e”ectiveness and generalisability of the proposed semantic-

based and syntax-based methods for domain-specific applications. We will

investigate a domain-specific model that combines a semantic-based and a

syntax-based mechanism for biomedical event trigger extraction.

1.4 Major Contributions

As a result of this research, we have proposed several novel techniques for event

extraction. Our main contributions are given as follows:

• Contrastive Learning Framework via Semantic Type Prototype Representation

Modeling for Event Detection (SemPRE): We have proposed SemPRE, a

novel Transformer-based model that captures type label semantics for event

detection (ED). SemPRE harnesses the words that are used to describe pre-

defined event types to extract the semantics of these target types. SemPRE

achieves remarkable F1 improvements of up to 11.2% over existing state-of-

the-art ED models. Notably, SemPRE achieves these advancements without

relying on additional annotated data or external linguistic resources. We

have demonstrated the robustness of our model across various challenging

scenarios, including situations with scarce data, multiple-event sentences,

and uncommon trigger words.

• Soft Syntactic Reinforcement for Neural Event Extraction (SRE): We have

proposed a Soft Syntactic Reinforcement mechanism to enhance syntactic

knowledge in pre-trained language models by enhancing syntactic knowledge

intrinsically captured by PLMs. Experimental results on both sentence-level

and document-level EE benchmark datasets have demonstrated the e”ective-

ness of the proposed SRE model, which achieves state-of-the-art F1 results.

For sentence-level EE, it surpasses existing syntax-based methods by over

2.08% and 2.00% absolute F1 on trigger and argument classification, respec-

tively, and for document-level EE, it significantly improves recall by 3.81%

(absolute measure). This contribution marks a significant advancement in

leveraging syntactic information for event extraction tasks.



6 1.5. Organization of the Thesis

• Adaptive Weighting Method for Joint Information Extraction (AWIE): We

have identified the limitations of static weighting approaches commonly used

in existing joint IE works. Moreover, we have explored the feasibility of

dynamic weighting Multi-Task Learning (MTL) methods for joint IE. Specif-

ically, we have proposed AWIE, a hybrid dynamic weighting method for joint

IE. AWIE automatically balances tasks by assigning weights to their losses

based on multi-objective gradient descent. Experimental results on three

datasets have demonstrated the e”ectiveness of dynamic weighting methods

for achieving superior results. Particularly, we have shown that AWIE out-

performs existing baselines by dynamically assigning e”ective weights to task

losses, thereby improving the overall performance. Moreover, AWIE o”ers

flexibility in accommodating user task preferences by generating solutions

with di”erent task trade-o”s.

• Domain-specific model with Biomedical Pre-trained Encoder, Semantic Piv-

oting and Syntactic Reinforcement for Biomedical Event Trigger Extraction

(Bio-SemSyntEE): We have proposed Bio-SemSyntEE, a domain-specific model

that integrates domain-specific pre-trained encoder with two mechanisms

from our proposed SemPRE and SRE models to extract biomedical event

triggers. Experimental results across three benchmark datasets show that

Bio-SemSyntEE outperforms both generative and discriminative state-of-the-

art models in precision, recall, and F1 scores. We have also shown that it

has significant performance advantages over zero-shot and few-shot large lan-

guage models. These results demonstrate that our proposed mechanisms are

robust and generalizable to the biomedical domain.

1.5 Organization of the Thesis

Figure 1.1 illustrates the overall organization of the thesis. The main part consists

of four technical chapters that present our major contributions of a semantic ap-

proach (SemPRE), a syntactic approach (SRE), a joint learning approach (AWIE)

that explores event extraction jointly with other extraction tasks, and the inte-

gration of the first two in domain-specific (biomedical) event extraction. The four

works are interlinked in that they are four canonical perspectives to advancing

state-of-the-art deep learning for event extraction.
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Figure 1.1: Overall organization of the thesis.

Chapter 1 provides an overview of the research problem and its background, and

states the objectives and contributions of this thesis.

Chapter 2 reviews the existing literature and research in the domains of event

extraction and joint information extraction (IE), highlighting key methodologies,

challenges, and advancements.

Chapter 3 presents the first model in this thesis, SemPRE, a Contrastive Learning

Framework via Semantic Type Prototype Representation Modeling for Event De-

tection. This chapter details the architecture of the proposed SemPRE model and

its experimental evaluation. Experimental results on two benchmark datasets have
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demonstrated its e”ectiveness in advancing the state-of-the-art in event detection

its advantages in di”erent scenarios.

Chapter 4 presents the Soft Syntactic Reinforcement (SSR) mechanism, a novel

approach aiming at enhancing neural event extraction models syntactically. This

chapter also introduces our proposed Soft Syntactic Reinforcement for Neural Event

Extraction (SRE), which features the SSR mechanism. We present the empirical

evaluation results of SRE on both sentence-level and document-level EE, demon-

strating its significant performance improvements.

Chapter 5 explores dynamic weighting MTL methods for joint information extrac-

tion. This chapter presents the development of AWIE, a hybrid dynamic weighting

method for joint IE tasks, and provides a thorough analysis of experimental re-

sults on three benchmark datasets, highlighting its e”ectiveness for multi-task IE

compared to static weighting and existing dynamic weighting methods, and the

advantage in accommodating user preferences.

Chapter 6 presents an application example on biomedical event extraction with our

proposed SemPRE mechanism combined with domain-specific PLM and SSR-based

syntactic reinforcement. This chapter describes the overall model architecture,

implementation details, and performance results.

Chapter 7 concludes this thesis and presents the directions and challenges for future

work.



Chapter 2

Literature Review

This chapter reviews the related work on event extraction. First, we focus on the

task of event detection and review the work related to our work on SemPRE, a

contrastive learning-based model that exploits label semantics. Next, we review

syntax-based methods on sentence-level and document-level EE, which are related

to our work on SRE, a syntax-based model that achieves the-state-of-art on both

tasks. Then, we review the literature related to our work on AWIE, a dynamic

weighting MTL optimization method for joint information extraction for EE. Fi-

nally, we review the related work on biomedical event extraction.

2.1 Semantics-Based Methods for Event Detec-

tion

Event detection is a subtask of event extraction that focuses on detecting whether

an event of interest is mentioned in the text. The most widely adopted formulation

of the task is given by the ACE Evaluation [7, 8], which defines event detection as

the identification and classification of event triggers, which are words or phrases in a

sentence that indicate the occurrence of an event. This process involves identifying

the relevant words or phrases in a sentence that signify an event and categorizing

them into pre-defined event types.

9
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2.1.1 Event Detection

Traditional approaches to event detection relied heavily on handcrafted features

and linguistic patterns, often requiring extensive domain knowledge and manual

e”ort. Ahn [2] combined linguistic features including lexical and syntactic fea-

tures, with external knowledge from WordNet, to build a feature-based model for

extracting events. Ji and Grishman [9] advanced event extraction by merging global

evidence from related documents with local decision processes. These traditional

ED approaches relied heavily on handcrafted features and linguistic patterns, of-

ten requiring extensive domain knowledge and manual e”ort. In contrast, recent

advances in deep learning have significantly enhanced event detection performance

by automatically learning feature representations from large datasets [6, 10, 11].

Neural network-based models, starting from Convolutional Neural Networks (CNNs)

and Recurrent Neural Networks (RNNs), have demonstrated superior capability in

capturing the complex dependencies and contextual information necessary for ac-

curate event detection. Over the years, other than EE models based on CNN

(e.g., DMCNN [6]) and RNN (e.g., JRNN [12]), more sophisticated architectures

or mechanisms including attention [13], Transformer and graph neural network [14–

16] have been proposed to improve the performance. Liu et al. [13] investigated a

supervised attention mechanism to explicitly exploit argument information for ED.

However, the problems of data scarcity and class imbalance remain the bottleneck

for substantial improvement.

To alleviate the data scarcity problem, many works leverage external linguistic re-

sources such as Freebase and Wikipedia [15, 17] for data augmentation. Utilization

of pre-trained language models, joint extraction of triggers and arguments, and the

incorporation of document-level information [18, 19] are also found to be able to

enhance ED. In addition, approaches such as adversarial and reinforcement learn-

ing [15, 20], cross-lingual transfer learning [21, 22] and #-learning [23] have also

been investigated to boost ED performance from di”erent angles.

In our work, we assert that the semantic prior information about the pre-defined

types is critical to the task. Current ED models are not informed of semantic

information of the types. For example, Liu et al. [24] focused on trigger saliency

attribution to address the issue of performance skewness, and proposed a new ED

training mechanism that assesses the underlying patterns of event types. Liu et al.
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[25] introduced a mechanism called dynamic prefix (DynPref) for dynamically ad-

justing the extraction process based on evolving context and query information.

The DynPref mechanism constructs type-specific prefixes to integrate context in-

formation by learning a context-specific prefix for each context. Wang et al. [26]

introduced a query-and-extract event extraction approach, which leverages di”er-

ent event annotations from various ontologies and the rich semantics in the queries

to guide the EE process within a unified model. Recent works such as [25, 26]

implicitly injected the type semantic information by including the label words as

Transformer prompts. However, there is limited research on devising simple but

e”ective mechanisms to explicitly perform type semantic learning.

2.1.2 Label Representation Learning

Class label representation has been used for image classification, but rarely explored

for natural language processing (NLP) tasks. Among the few works, some encoded

label information as system input for text classification [27–29]. Nguyen et al.

[30] demonstrated the e”ectiveness of explicitly encoding relation and connective

labels for discourse relation recognition. However, these methods learned separate

encoders for the labels and the input sentence words. This is redundant because the

words used in both the labels and the sentences are from the English vocabulary

and they can share the same embedding. Furthermore, these methods do not

e”ectively model the rich interactions between sentence words and labels as well

as between two event labels. There is a lack of research encoding input text and

label words with a unified scheme and using a deep attention-based structure to

capture higher-order interactions within and between them.

Zhang et al. [31] and Huang and Ji [32] harnessed the power of pre-trained language

models for zero-shot and semi-supervised ED. Both noticed the usefulness of type

semantic information to the task, and yet neither directly utilized label words to

conduct deep type representation learning. Zhang et al. [31] addressed zero-shot

event extraction and used label words as seeds to manually curate “example trigger

words” based on a large external corpus. Huang and Ji [32] proposed to learn

prototypical type representations based on input sentences for both supervised

and semi-supervised ED. However, this approach does not build a semantic linkage

between label and input word representation. Despite the importance of event
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type semantic information for ED, there is a gap in the literature, with few works

deploying label-based type representation learning modules and exploiting pre-

defined labels that carry this crucial semantic information.

2.1.3 Contrastive Learning

Contrastive learning is a discriminative technique in representation learning [33–

35]. It is based on the principle of comparison between positive pairs of samples

within a data class and negative pairs of samples from di”erent data classes. Com-

mon contrastive training objectives include Contrastive Loss [34], Structured Loss

[36], Triplet Margin Loss [37], and N-Pair Loss [38].

While several works have investigated contrastive learning for general, few-shot and

zero-shot event extraction (e.g., [39–41]), the potential of the contrastive learning

approach for modeling the event trigger prototypes has not been explored yet. More

recently, Wang et al. [11] proposed a contrastive pre-learning framework, which

leverages unlabelled data to enhance the pre-training with semantically parsed

structure graph-based discrimination. However, this method only models the rela-

tionship between an anchor instance and its closest prototype. There is a gap in the

current research in ED where novel type-oriented semantic contrastive losses are

not being devised to learn the contrastive information of the relationships between

prototypes and targets.

2.2 Syntax-Based Methods For Event Extraction

Event Extraction (EE) concerns more than just binary relations [42]. The current

works on syntax-based methods for EE can be largely divided into two categories

by granularity of the input: sentence-level EE and document-level EE.

2.2.1 Sentence-Level Event Extraction

For sentence-level EE, syntactic knowledge has always been relevant among the ef-

forts that tackle the task. Early approaches to EE are feature-based methods (e.g.,

Li et al. [43], McClosky et al. [44]), in which syntactic features such as dependency
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tree parsing plays a significant role. Li et al. [43] proposed a joint framework based

on structured prediction that incorporates both local and global features such as de-

pendency paths between triggers to capture dependencies among multiple triggers

and arguments. With the development of pre-trained language models in NLP,

EE systems use syntactic knowledge either as auxiliary information that can be

added to word representation (e.g., [6, 12]) or as prior structures for learning graph

neural network (e.g., [45, 46]). For example, Liu et al. [14] proposed the Jointly

Multiple Events Extraction (JMEE) framework, which is an attention-based graph

convolution network that features syntactic shortcut arcs.

Recent works largely fall into three categories: the pipelined approach, the joint ap-

proach, and the generative approach. TagPrime [47] was the latest pipeline model

that uses priming words to enhance representation learning. On the other hand,

DyGIE++ [48], OneIE [49] and AMR-IE [50] adopted a joint approach that learns

multiple IE tasks in a unified manner, where EE benefits from learning to identify

structures that are related to EE, such as named entities. DyGIE++ [48] utilized

a span-based approach for joint information extraction, integrating BERT [51] for

contextualized word representations and employing a multi-task learning frame-

work with coreference propagation. OneIE [49] was a transformer-based unified

joint extraction model that introduces a novel tagging scheme to jointly extract

entities, relations, and events. AMR-IE [50] leverages Abstract Meaning Repre-

sentation (AMR) graphs for event extraction, incorporating structural information

from AMR graphs to capture semantic roles and event structures.

Generative methods, particularly those leveraging large pre-trained language mod-

els (PLMs), have garnered significant attention in the NLP community for their

potential to improve performance across a wide range of tasks, including event

extraction [52, 53]. For example, EEQA [18] employed a question-answering ap-

proach for event extraction, which utilizes PLM with a question generation module

to extract events by posing natural language questions. RCEE [54] implemented

a reinforcement learning-based framework for event extraction to iteratively refine

event extraction results, while DEGREE-E2E [52] integrated graph neural networks

(GNNs) in an end-to-end EE architecture to capture dependencies among events

and entities within a document. However, the strength of generative methods

mainly lies in low-resource settings such as open domain, zero-shot, and few-shot

EE. Fully supervised discriminative methods under the pre-training + finetuning
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paradigm still outperform generative methods and remain state-of-the-art [53, 55].

Moreover, Peng et al. [56] suggested that EE is a complicated specification-heavy

task that LLMs may struggle with due to limitations in existing alignment methods

and that dedicated instruction tuning is necessary for current generative baseline

models to achieve reasonable performance through in-context learning.

In addition, while syntactic knowledge has long been important clues for event

extraction [6, 12], probing studies on PLMs have found that syntactic structures

can be emergent and intrinsic to language representation [57–60]. This indicates a

potential alternative approach to the existing EE works. In our work, we propose

a soft syntactic reinforcement mechanism to reinforce intrinsic syntactic knowledge

learning.

2.2.2 Document-Level Event Extraction

Document-level event extraction, due to the scattering of argument entities, has

been formulated as the task of converting the text containing event information into

structured event description based on pre-defined templates, which was first defined

as Template Filling in the MUC paradigm (MUC-4, 1992). State-of-the-art models

include the following: MMR [61] was a multi-turn and multi-granularity, machine

reading comprehension-based model. NST [4] proposed a sequence tagging model

that uses a gate mechanism to merge sentence and paragraph representations.

TempGen [62] treated the task as a template generation task, incorporating a copy

mechanism that takes the top-k important cross-attentions as copy distributions

into BART. RICB [5] leveraged Redundant Information and Closed Boundary Loss.

The usage of syntactic knowledge in the existing work on sentence or document-

level event extraction leverages additional representation learning on top of word

embedding. In our work, we propose an approach to enhance the intrinsic syntactic

knowledge in pre-trained language models.
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2.3 Joint Information Extraction For Event Ex-

traction

Event extraction consists of event trigger extraction and argument extraction. In

the optimization process of learning an EE model, how to balance the two losses

e”ectively remains a challenge. This can be viewed as multi-task learning. In fact,

multi-task learning is an important approach for not just event extraction but other

IE tasks such as named entity recognition and relation extraction. While there are

task-specific systems that focus on a single task, joint IE systems o”er a unified

solution, reducing the need to build separate specialized models for multiple tasks

with one system. Existing works for joint IE that are beneficial to EE are mainly

based on structured prediction [43, 63], neural architectures [64], data augmenta-

tion [15] and unified MTL approaches [49, 65]. Li et al. [43] proposed a joint model

for event extraction and coreference resolution which integrates features from both

event extraction and coreference resolution tasks into a unified framework. Yang

and Mitchell [63] introduced a joint neural network model for event extraction

and temporal relation extraction, which focuses on jointly extracting events and

temporal relations to capture the temporal ordering of events within a document.

Nguyen and Nguyen [64] proposed Joint3EE, a joint event extraction and entity

linking model that leverages mutual dependencies of the two tasks, simultaneously

performing event extraction and entity linking to identify events and link them to

relevant entities within the text. Wang et al. [15] proposed an adversarial training

approach for event extraction, which is robust when handling noisy or adversarial

input data. Luan et al. [65] proposed a general-purpose joint learning framework

that integrates multiple NLP tasks, including event extraction, into a single unified

model to leverage shared representations and dependencies. Lin et al. [49] intro-

duced a joint extraction model based on a transformer architecture with a novel

tagging scheme to jointly extract entities, relations, and events.

However, most existing multi-task IE models use static task loss weights [49, 66],

which forbid any change in task weighting and often require an expensive hyper-

parameter tuning process to achieve optimal performance [67]. In contrast to the

architecture-based approach, we focus on the optimization-based improvement of

the multi-task information extraction models, which allows for dynamic adjustment

of task loss weights during the learning process.
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2.3.1 Multi-task Learning

Multi-task Learning (MTL), which allows parameter sharing among multiple tasks,

is a paradigm in machine learning that is popular in many domains including Nat-

ural Language Processing, Computer Vision, and Speech Processing [68]. For ex-

ample in NLP, Dong et al. [69] presented a unified language model pre-training ap-

proach for both the understanding and generation tasks using multi-task learning,

surpassing BERT and other state-of-the-art models across five natural language

generation datasets. Learning the shared layers based on signals from di”erent

related tasks, MTL leads to more generalizable solutions for all the tasks. Existing

MTL methods, depending on their strategy to balance tasks via loss weighting,

can be classified into static weighting methods or dynamic weighting methods [70].

Static weighting methods pre-set weights that are fixed throughout the training pro-

cess for task losses and combine them to form the overall objective function. The

weights are usually either determined manually or found using extensive hyperpa-

rameter search (e.g., Grid Search and Random Search [71]). Grid search [71, 72] is

a brute-force hyperparameter optimization technique that systematically searches

through a pre-defined grid of hyperparameters. While it guarantees that all combi-

nations within the search space covered by the grid are explored systematically, it is

computationally expensive, especially for high-dimensional hyperparameter spaces,

as it requires evaluating all possible combinations. Random search, in comparison,

selects hyperparameters randomly from a pre-defined search space, and therefore

it is more e!cient than grid search, especially for high-dimensional search spaces.

It does not guarantee that all combinations within the search space are explored

but often discovers good hyperparameter settings faster than grid search. Both

grid search and random search have the hyperparameters pre-defined before the

training process begins, which does not allow the model to adapt to changing task

demands, user task preferences or data characteristics. In contrast, the dynamic

methods learn to assign adaptive weights to task losses in the training, thereby

balancing the tasks dynamically.

2.3.2 Dynamic Multi-Task Learning

Dynamic weighting methods have been proposed over the years. Uncertainty-

based weighting [67] and GradNorm [73] proposed to weigh task losses based on
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uncertainty and gradient magnitudes for convolutional neural networks. Steepest

descent algorithm for multi-objective optimization [74] was the first work to cast

multi-task learning as multi-objective optimization, and they proposed an upper

bound for the multi-objective loss. ParetoMTL [75] and its variation EPO search

[76] proposed to compute the weights by searching for a set of well-distributed

solutions on the Pareto front. These methods typically use feedback from the

training process to update task weights or hyperparameters iteratively, allowing

the model to adapt to changing task demands or data characteristics. They can

potentially lead to better performance and faster convergence by allowing the model

to adapt to the training data dynamically [75].

Specifically, we discuss three existing dynamic weighting methods in more detail,

namely Uncertainty, MGDA-UB, and ParetoMTL. These methods have been devel-

oped to improve multi-task learning by dynamically adjusting task weights during

training and are the most representative, widely applied methods among all.

Uncertainty [67] determines loss weights based on task-dependent or homoscedastic

uncertainty, which is not dependent on the input data and varies between di”erent

tasks. For classification tasks like IE tasks, the joint loss is computed as follows:

L(ω, {εi}) =
m∑

i=1
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Li(ω) + log εi (2.1)

where Li is the cross entropy loss of task i and εi is the observation noise term of

task i to be learned.

MGDA-UB [77] is a multi-objective optimization method based on the Multiple-

Gradient Descent Algorithm (MGDA) [78]. The task weights are computed as

follows:
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where ω refers to both shared parameters and task-specific parameters, Gsh

i
refers

to the i-th task’s gradient with respect to ω
sh, and L̂i denotes the empirical loss

of task i. Note that the MGDA-UB algorithm proposes to optimize an upper

bound under a non-singularity assumption that ϑG
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Figure 2.1: Decomposition of gradient search space of x for di!erent task loss
trade-o!s. Each preference vector uk represents a particular task loss trade-o!
preference.

with respect to ω
sh) is full-rank. This upper bound condition allows MGDA-UB to

scale properly with the dimensionality of the gradients and the number of tasks.

ParetoMTL [75] augments the MGDA algorithm with problem space decomposi-

tion, extending the solution to a set of Pareto points with di”erent task trade-o”s.

As shown in Figure 2.1, it does so by dividing the problem space into a few sub-

problems with a set of preference vectors uk. This forces the algorithm to find the

Pareto solutions with each located in a di”erent preference region, by encouraging

gradient updates xt ⇔ xt+1 to align with the selected preference vector. For exam-

ple, in learning a multi-task model with learnable parameters denoted by a vector

x, if a lower Task 1 loss is favored than a lower Task 2 loss, x falling in the blue

region is most favorable. By posing a conditional constraint that the parameter

vector x should form the smallest angle with u1 among all uk, k ⇐ {1, 2, 3}, the al-

gorithm reflects the task preference of Task 1 over Task 2. For the full ParetoMTL

algorithm, please refer to Lin et al. [75].

However, our empirical experiments show that ParetoMTL has several issues that

prevent its application to joint IE. First, it scales poorly and due to exploding

computational complexity, it cannot be used to learn recent joint IE models, which

are based on language models such as BERT and usually have parameter sizes

more than 108 [51]. Second, as IE task losses are di”erent in scale, the preference

vectors that ParetoMTL originally proposed are no longer well-distributed in the
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Figure 2.2: The convergence behaviors of di!erent dynamic weighting methods
on the Pareto front.

problem space. As shown in Figure 2.21, the dark blue line represents the Pareto

front where Pareto solutions lie for a toy problem with a discrepancy in scales of

task losses, and red dots illustrate the typical solutions a method can find. For

Linear Scalarization, the static weighting method and MGDA-UB have no control

over task trade-o”s. ParetoMTL, using the preference vectors (light blue dotted

arrows) to decompose the problem space, can find a set of solutions but they are

rather biased against the task with a larger loss, resulting in a solution set that

the trade-o”s are similar to one another. Lastly, ParetoMTL proposes to generate

evenly distributed unit vectors in the space, which makes the algorithm extremely

time-consuming when the number of tasks is more than 2. For a detailed discussion

on this limitation, please refer to Lin et al. [75].

2.4 Biomedical Event Extraction

Domain-specific event extraction is a specialized task within the broader field of

information extraction that focuses on identifying and classifying events pertinent

to a particular field, such as biomedicine, finance, or cybersecurity. Benchmark

1The Uncertainty method is not included because it does not solve for Pareto optimality.
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datasets play a crucial role in the research process, providing standardized resources

for training and evaluation. Notable examples in the biomedical domain include

BioNLP’09 and BioNLP’11 GENIA datasets [79, 80], which focus on identifying

various types of biological events such as gene expression, protein catabolism, and

protein localization, and the Multi-Level Event Extraction (MLEE) dataset [81],

which provides comprehensive annotations for various biomedical events relevant

to cancer biology.

Biomedical event trigger extraction, which aims to detect the occurrence of biomed-

ical events such as molecule binding and phosphorylation, is a canonical task in

biomedical event extraction [79, 81]. While general-domain event trigger extrac-

tion deals with a wide variety of events across diverse contexts, biomedical event

trigger extraction focuses on events that are important for biomedical applications

and requires a nuanced understanding of specialized terminology, concepts, and

relationships unique to the domain. This necessitates tailored approaches, such as

domain-specific pre-training, where models are trained on domain-relevant corpora

to better grasp the intricate contextual meanings within that field. For instance,

in the biomedical domain, models might be pre-trained on scientific literature to

e”ectively recognize complex biological interactions and events. One such model

is SciBERT [82], which is pre-trained on a large corpus of scientific literature from

the Semantic Scholar database. SciBERT leverages the structure and content of

scientific texts to enhance its performance in extracting domain-specific events,

demonstrating significant improvements over general-purpose models in biomedi-

cal NLP tasks.

Another notable example is BioBERT [83], which extends BERT by pre-training on

PubMed abstracts and PMC full-text articles. BioBERT excels in various biomed-

ical text mining tasks, showcasing its adeptness at handling the specialized lan-

guage and dense information typical of biomedical literature. The state-of-the-

art domain-specific pre-trained model for the biomedical domain is PubMedBERT

[84]. Unlike earlier models such as BioBERT, which are based on mixed-domain

pre-training, PubMedBERT pre-trains the model from scratch and achieves better

performance across domain-specific fine-tuning tasks including information extrac-

tion.
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Earlier biomedical event trigger detection works are feature-based machine learn-

ing models [85–89]. For example, Majumder [85] used extensive feature engineer-

ing to capture various linguistic and domain-specific characteristics and leveraged

multiple event types and their interrelations. Turku Event Extraction System

(TEES) [90] is a classical SVM-based model that uses a pipeline approach to ex-

tract biomedical entities, relations and events. In recent years, neural models that

are based on representation learning and neural networks have become the predom-

inant approach due to their superior performance [91–95]. Björne and Salakoski

[91] expanded on their earlier work TEES by incorporating CNN, while Wang et al.

[92] proposed BiLSTM-FastText, which utilized FastText embeddings [96] into a

bidirectional long short-term memory model (BiLSTM). Wei et al. [95] introduced

a multi-layer residual BiLSTM and relied on both word-level and character-level

representation learning. Huang et al. [97] proposed GEANet, a BioBERT-based

model with Hierarchical Knowledge Graphs to incorporate domain knowledge.





Chapter 3

Contrastive Learning Framework

via Semantic Type Prototype

Representation Modeling for

Event Detection

To improve event detection representation learning via a semantic approach, we

propose a Contrastive Learning Framework via Semantic Type Prototype Repre-

sentation Modeling for Event Detection (SemPRE), which exploits the pre-defined

event type labels to derive event type semantics via a unified input-label repre-

sentation learning architecture. This chapter discusses the motivation and then

presents the proposed model, experiments, and case studies.

3.1 Background

As introduced in Chapter 2, the state-of-the-art ED models are predominantly

deep learning methods, which represent text using distributed real-valued vectors

[1, 6]. Such approaches are more flexible and scalable than previous feature-based

approaches [98, 99]. However, these neural models typically treat each event type

class (e.g., DeclareBankruptcy, TransferOwnership, Attack, etc.) ho-

mogeneously as one-hot vectors and ignore the fact that the types are semantically

meaningful. For example, as shown in Figure 3.1, the semantic information of the

23
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Figure 3.1: Illustration of input sentence words that are trigger candidates
and label words that are used to name pre-defined event types (in bold) sharing a
unified word representation space. To enable the model to compare and contrast
the di!erent event types, we propose to pivot the ED model semantically based
on the label words, which provide semantic meanings of the types, and leverage
contrastive learning.

target event types can be represented by the type label words, which share the

word representation space with trigger candidate words in the input sentences.

Intuitively, ED models aim at learning to associate each candidate trigger word

with an appropriate event type (if any). Existing models are agnostic to the se-

mantic prior information about the types. This poses unnecessary di!culties for

ED. Without knowing what each target type “means”, the models have to infer

type classification solely based on the training examples. This is ine!cient and

prone to overfitting, especially for unseen candidate words and rare types (such as

TransferOwnership and Extradite in Figure 3.1), which have only limited

instances. As discussed in the previous research works [3, 17, 100], data scarcity

and the class imbalance problem of ED benchmarks have long been the bottleneck

for the task [100].

Moreover, the relationship between types with associated or contrastive meanings

was found relevant to ED [14, 101, 102]. Therefore, integrating a representation of
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the meaning of each event type into the model enables it to exploit the correlation

between the event types.

To overcome the above limitations, in this chapter we ascertain that the semantic

meaning of the event types can be incorporated by using their class labels as input

to guide ED. To this end, we propose a Contrastive Semantic Prototype Repre-

sentation Learning Framework for Event Detection (SemPRE), which consists of

three main modules. To use the event type label words to enhance ED, we first

propose a Transformer-based Unified Input-Label Encoding module, which jointly

encodes the input sentences and type labels, and enables input-label interaction

attention. To synthesize type semantic representations with the representations

of their instances, we design a Contrastive Type Semantic Pivoting module, which

deploys a contrastive loss [33] and learns to discriminate input-type representa-

tion pairs. The Trigger Classification module generates type label prediction via

sequence tagging for the input sentences.

The advantages of our proposed SemPRE model are three-fold. Firstly, it avoids

the hassle of unsophisticated data augmentation methods, which may introduce

much noise. Secondly, it does not involve any extra training data, which requires

human e”orts to gather and clean up. Thirdly, it does not use external syntactic

or semantic parsing tools, which may have error propagation problems.

Overall, the main contributions of the work are summarized as follows: (1) We

propose a model called SemPRE which exploits type label words via unified input-

label representation learning for event detection. To the best of our knowledge,

this is the first work to directly derive event type semantic information from label

words for ED via contrastive learning. (2) We evaluate our SemPRE model on ACE

2005 and MAVEN benchmark datasets and achieve state-of-the-art performance.

Without using external resources, our model outperforms several strong baselines

using linguistic tools, and our results are comparable to previous models trained

with extra data. (3) We show that our SemPRE model is also able to achieve

robust performance under the scenarios of scarce training data and multiple-event

sentences.
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Figure 3.2: Proposed SemPRE model architecture for event detection.

3.2 Proposed Model

In this section, we describe our proposed SemPRE model for event detection. Fig-

ure 3.2 shows the overall architecture of our proposed SemPRE model. The model

consists of three modules:

• Unified Input-label Encoding - It is a BERT-based contextualized encoder

that generates input and label representation in a unified manner.

• Contrastive Type Semantic Pivoting - It employs a contrastive-regularized

loss to enrich input-label interaction and generate type semantic representa-

tions.

• Trigger Classification - It is a CRF-based decoder that generates predicted

labels for input tokens.

SemPRE does not require any external knowledge base, linguistic tool or corpus to

perform high-quality and robust ED. It mainly relies on learning implicit semantic

association between input text and target type description (labels) to guide event

detection.

3.2.1 Unified Input-Label Encoding

The model learns a unified encoding that applies to both the input sentence and

the type labels. More specifically, we use the pre-trained BERT [51] embedder. We
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concatenate each sentence with the type semantic sequence. After adding special

tokens in BERT including [CLS] and [SEP], for each input sentence s (of length

NS) with all the label words L (of length NL), the input sequence is as follows:

Xs,L = ↗[CLS], L, [SEP1], s, [SEP2]↘ (3.1)

where [CLS] and [SEP] are special tokens used in BERT.

Note that L consists of the text names for describing concepts of the pre-defined

event types, which are a part of the problem definition, and not the annotated out-

put labels of the data. It consists of all the event types in the task definition and is

fixed for all the training (and evaluation) instances. For example, there are 33 pre-

defined event types in the ACE05 dataset in total, such asDeclareBankruptcy,

TransferOwnership, and Attack. L is therefore a random sequence of the la-

bel words such as “transfer ownership declare bankruptcy . . . attack”. Given the

input sentence “The chain announced bankruptcy and was sold . . . for £3 billion.”,

the model constructs the input as “[CLS] transfer ownership declare bankruptcy

. . . attack [SEP] the chain announced . . . billion [SEP]” according to Equation (3.1).

In other words, in the training process, we use the same auxiliary information L,

which is task-specific and not sentence-specific, for all input sentences to construct

the input sequences.

As illustrated in Figure 3.2, the model jointly encodes the input sentence and the

type labels using a unified embedding (UE). Subsequently, we obtain the BERT-

encoded joint input-label representation sequence (hL,hS):

(hL,hS) = BERT (Xs,L) (3.2)

where hL refers to the sequence of label word token representation and hS refers

to the sequence of input sentence token representation.

Following Devlin et al. [51], the attention heads in the BERT Transformer follow

a unified form:

Attention(Q,K, V ) = softmax(
QK

T

↖
dk

)V (3.3)
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where dk is the hidden size and Q,K, V are the query, key, value matrices respec-

tively. The attention heads enable the direct interaction between input sentences s

and type label words L through multiple Transformer layers, resulting in enriched

representations of both.

3.2.2 Contrastive Type Semantic Pivoting

In contrastive type semantic pivoting, we design a contrastive learning-based mech-

anism to learn type semantic representations. The basic idea is to move each type

semantic representation closer to the candidate trigger tokens that belong to the

type and farther from the tokens that do not. More specifically, the contrastive

type semantic pivoting module treats a pair of input sentence tokens si ⇐ S and

type Tj, denoted by (si, Tj), as a positive sample if the correct event type for the to-

ken is Tj. We use the input-type pairs of the remaining types (si, Tk), k ↙= j, k ⇐ T ,

as the negative samples. In other words, by discriminating between positive and

negative pairs, the module learns to generate type semantic representations that

are (i) anchored by the label word representation and (ii) instantiated by candidate

trigger word examples of the corresponding types from the training data.

For each type label in the pre-defined type set T , we generate the type semantic

representation by adding up the representation of all its tokens:

ĥ(i)
T =

b∑

k=a

hLk (3.4)

where a and b are the start and end positions of the i-th type label Ti in the

tokenized label sequence L. The length of ĥT equals to the number of event types

|T |.

We use an interaction matrix W1 ⇐ Rdk→dk to learn a similarity-based function

between the two. For each input sentence token sj and each type label Tj, we have:

Ai,j = ε(h(i)
S
W1ĥ

(j)
T ) (3.5)

where ε is the sigmoid nonlinearity and A ⇐ RNS→NT represents the input-label

interaction. We then model a cross-type activation function H that maps A to the
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final output prediction with a feed-forward network:

Ŷ = fH(A) (3.6)

We use the BIO tagging scheme [103] for the output labeling scheme. We denote

the composition of Equations (3.5) and (3.6) as g(.) and the contrastive loss is

formulated as:

L(i,j)
A

= ∝g(h(i)
S
, ĥ(j)

L
) + log

(
∑

k↑T

exp(g(h(i)
S
, ĥ(k)

L
))

)
,

LA =
∑

i↑S→

∑

j↑T

L(i,j)
A

(3.7)

where S ↓ refers to the subset of S in which the candidate trigger tokens have positive

labels. From another perspective, minimizing the contrastive loss in Equation (3.7)

is equivalent to minimizing the KL Divergence between the predicted label distri-

bution Ŷ and the ground truth distribution Y :

minLA = minLKL(Ŷ , Y ) (3.8)

We sample the positive/negative pairs based on the labels of candidate trigger

tokens. More specifically, we include all the pairs where the candidate trigger

token has a non- “O” type label (i.e., the candidate token is indeed part of an

event trigger word). The candidate trigger token and its corresponding type label

form a positive pair, whereas the pairs containing the token and each of the other

type labels are negative pairs.

Since not all type-type pairs have meaningful interaction, we add an L1 regular-

ization term for the weight fH (denoted by W2) in Equation (3.6) to prevent the

layer from overfitting. With this regularization loss, we force the weight W2 to be

sparse:

LSA = L1 loss(W2) (3.9)
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3.2.3 Trigger Classification

To optimize each output label prediction based on sentence-level label dependency,

we use Conditional Random Fields (CRF) for decoding. The CRF [104] layer

defines the probability of the label sequence y given the input sentence x:

P (y|x) = exp(score(x,y))∑
y→ exp(score(x,y↓))

(3.10)

score(x,y) =
n∑

i=0

Ayi,yi+1 +
n∑

i=0

Fx,yi (3.11)

where A is a transition matrix in which Ayi,yi+1 is the transition parameter from

the label yi to the label yi+1
1. Fx is an emission matrix where Fx,yi represents

the scores of the label yi at the i-th position. We decode the predicted event

trigger labels from the predicted sequence with the highest score. We denote the

cross-entropy prediction loss as LC .

3.2.4 Training

For the final objective function, we use a weighted linear surrogate loss function

that is the combination of the cross-entropy prediction loss LC from the trigger

classifier, contrastive loss LA from the type semantic pivoting module, and the

regularization loss LSA as in Equation (3.9):

L = LC + ϖ ′ LA + ϱ ′ LSA (3.12)

where ϖ,ϱ ⇐ C are weighting coe!cients. The weighting coe!cients are pre-defined

and optimized with a random search scheme for the overall performance.

1The start and end labels are y0 and yn+1 respectively.
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3.3 Experiments

In this section, we first describe the datasets, evaluation metrics, implementation

details, and compared models. We then present our experimental results and anal-

ysis.

3.3.1 Experimental Setup

Datasets and Evaluation Metrics We conduct the experiments based on the

following publicly available ED datasets:

• ACE 2005 [2] - It is the most widely used benchmark dataset for event de-

tection. The documents are from six di”erent types of news sources and

consist of event annotation for 8 event types and 33 more refined subtypes.

We evaluate our models on its English subset. We use the same split as in

the previous ED work [6, 48].

• MAVEN [100] - It is a recently published large-scale ED dataset containing

4,480 documents. It covers 168 event types organized into a hierarchical

schema tree. The documents are based on Wikipedia entries and manually

labeled with the help of a frame semantic parser. We use the o!cial split

and evaluation toolkit from [100].

The details of the datasets and splits are summarized in Table 3.1. Events refer to

individual event mentions, i.e., per event trigger, rather than co-referential events.

As negative trigger candidate boundaries are given in MAVEN but not in ACE

2005, the last column (i.e., #Negative) in Table 3.1 indicates the number of neg-

ative trigger candidates for MAVEN and negative sentences that do not include

any event for ACE 2005 accordingly. For the evaluation metrics, we report pre-

cision (P), recall (R), and the micro-average F1 score. We use the micro-average

F1 score instead of the macro-average F1 because it provides a more accurate re-

flection of performance across all classes, particularly in datasets with imbalanced

distributions, which is typical in information extraction tasks like event detection2.

2We use the micro-average F1 score for the same reason throughout the remainder of the thesis
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Table 3.1: Dataset split and statistics.

Dataset Split # Doc # Sent # Event # Negative
Train 539 14,347 4,420 10,995

ACE 2005 Dev 30 634 505 341
Test 40 840 424 493
Train 2,913 32,431 77,993 323,992

MAVEN Dev 710 8,042 18,904 79,699
Test 857 9,400 21,835 93,570

Implementation Details We implement the proposed model in Pytorch [105].

To be consistent with previous works [100, 106], we use the Stanford CoreNLP

toolkit for sentence segmentation. The non-content part of the raw text (e.g.,

XML tags) is excluded from the input. Except otherwise specified, we use the

base uncased version of BERT. Maximum sequence length is set as 256 and input

instances of size less than 256 are padded. We use the normal Xavier initialization.

We use Adam [107] optimizer with the learning rate tuned around 3e-5 and warm-

up steps between [0, 2000]. The batch size is set to 16 to be fit for single-GPU

training. We implement early stopping (patience = 5) and limit the training to 50

epochs. We apply a dropout of 0.9 for both dense and attention layers. The values

of ϖ and ϱ are manually tuned between [1, 200] and [0, 1], respectively. For input

construction as in Equation (3.1), we randomly shu$e the label name words from

the pre-defined type set and apply the default tokenization to the sequence.

Compared Models We compare the performance of our model on ACE 2005

with four kinds of baselines: (1) architecture-based models, which are mainly based

on vanilla neural architectures or their improved variants; (2) parsing-based mod-

els, which use linguistic tools to obtain auxiliary features; (3) resource-enhanced

models, which use external corpora or annotated data; and (4) type representation

learning models. The state-of-the-art models used for comparison are:

• DMCNN [6] - A canonical CNN-based model that proposes a dynamic multi-

pooling mechanism.

• BERT QA [18] - It performs ED through QA by constructing generic ques-

tions to query BERT.

• DMBERT [15] - It is a pipelined BERT-based model that adopts the dynamic

multi-pooling mechanism in DMCNN.
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• RoBERTa [11] - It uses the pre-trained RoBERTa language model instead of

BERT.

• MOGANED [16] - It uses Multi-Order Graph Attention Network (GAT) to

aggregate multi-order syntactic relations in the sentences based on Stanford

CoreNLP parsed POS and syntactic dependency.

• GatedGCN [46] - It is a state-of-the-art graph-based model that uses a Graph

Convolutional Network (GCN) with a gate diversity mechanism.

• DMBERT+Boot [15] - It is DMBERT trained on an augmented dataset Boot

from an external corpus through adversarial training.

• DRMM-Image [108] - It is the state-of-the-art cross-modality model that

constructs a news event image dataset for ACE 2005 to enhance ED.

• MLBiNet [109] - It is the state-of-the-art encoder-decoder model that uses a

Multi-Layer Bidirectional Network to incorporate cross-sentence information

to enhance sentence-level ED.

• CLEVE [11] - An ED model with enhanced task-specific pre-training on mil-

lions of news articles. It uses an encoder based on RoBERTa-large and a

graph encoder based on AMR-parsed semantic structures.

• SS-VQ-VAE [32] - It is a BERT-based model that explicitly learns prototyp-

ical representation for event types. It filters candidate trigger words using

an OntoNotes-based Word Sense Disambiguation tool and uses a Variational

Auto-Encoder for regularization.

For MAVEN, we follow the various state-of-the-art baselines as established in

the previous works [11, 100], among which four models (DMCNN, DMBERT,

RoBERTa, and MOGANED) have been introduced above. The other models are

as follows:

• BiLSTM - It is a vanilla recurrent bi-directional long short-term memory

network for ED.

• BiLSTM+CRF - It is BiLSTM with Conditional Random Field (CRF) as

the output layer to model structured dependencies.
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Table 3.2: Performance results (%) for ED based on ACE 2005. The models
using parsed syntactic or semantic features are marked with †, and the models
using golden entity annotations are marked with ‡.

Model Encoder Decoder P R F1
Architecture-based
DMCNN† Hybrid Token classifier 75.6 63.6 69.1
DMBERT BERT-base Token classifier 77.6 71.8 74.6
BERT QA BERT-base Token classifier 71.1 73.7 72.4
RoBERTa RoBERTa-large Graph-based decoder 75.1 79.2 77.1
Parsing-based
MOGANED†‡ Hybrid Token classifier 79.5 72.3 75.7
GatedGCN† BERT-base Token classifier 78.8 76.3 77.6
Resource-enhanced
DMBERT+Boot BERT-base Token classifier 77.9 72.5 75.1
DRMM Image BERT-base Token classifier 77.9 74.8 76.3
MLBiNet‡ Hybrid Sequential decoder 74.7 83.0 78.6
CLEVE† Hybrid Graph-based decoder 78.1 81.5 79.8
Type representation learning
SS-VQ-VAE BERT-large Token classifier 75.7 77.8 76.7
SemPRE (ours) BERT-base Sequential decoder 77.9 82.9 80.3

• BERT+CRF - It is a vanilla BERT model that finetunes the pre-trained

language model for ED and adopts CRF as the output layer.

3.3.2 Experimental Results

In this section, we discuss our experimental results, including comparison with

state-of-the-art models, performance results of our proposed SemPRE model based

on various data sizes and on single-event versus multiple-event sentences, ablation

studies, and case studies.

Comparison with State-of-the-Art Models Table 3.2 shows the performance

results based on the ACE 2005 dataset. We group the models by their approaches.

Our proposed SemPREmodel significantly outperforms the state-of-the-art models.

With the same BERT-base language model, our SemPRE model achieves higher

F1 than DMBERT and even RoBERTa (with 5.7% and 3.2% respectively). This

shows the e”ectiveness of our proposed modules for ED. The parsing-based models,

namely MOGANED and GatedGCN, achieve top precision scores, possibly due to
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Table 3.3: Performance results (%) for ED based on MAVEN. The models
using parsed syntactic or semantic features are marked with †, and the models
using golden entity annotations are marked with ‡. T, S and G indicate token
classifier, sequential decoder, and graph-based decoder, respectively.

Model Encoder/Decoder P R F1
DMCNN Hybrid/T 66.3 55.9 60.6
BiLSTM BiLSTM/T 59.8 67.0 62.8
MOGANED†‡ Hybrid/T 63.4 64.1 63.8
BiLSTM+CRF BiLSTM/S 63.4 64.8 64.1
DMBERT BERT-base/T 62.7 72.3 67.1
BERT+CRF BERT-base/S 65.0 70.9 67.8
RoBERTa RoBERTa-large/G 64.3 72.2 68.0
CLEVE† Hybrid/G 64.9 72.6 68.5
SemPRE (ours) BERT-base/S 67.3 69.8 68.5

utilizing the parsed syntactic features. Without using any parsing tools, our pro-

posed SemPRE model achieves a reasonably high 77.9% precision score. Moreover,

SemPRE achieves 82.9% in recall, which is comparable to MLBiNet (with 83.0% in

recall). As a result, SemPRE achieves the highest F1, which is 2.7%–4.6% higher

than the parsing-based models.

Our proposed SemPRE model does not use any external resources but still achieves

better results compared to resourced-enhanced models. This indicates the e”ec-

tiveness of our proposed model and the importance of modeling type semantics.

Lastly, we compare our SemPRE model with SS-VQ-VAE, which also performs type

representation learning but does not use type labels. SemPRE achieves higher pre-

cision, recall and F1 (with +2.2%, +5.1% and +3.6% respectively) despite using a

smaller BERT. This shows that exploiting the pre-defined labels for obtaining type

semantics is a promising approach.

Table 3.3 shows the performance results based on MAVEN. We sort the models

by their F1 performances in the table. SemPRE achieves 67.3% in precision and

68.5% in F1, which are both state-of-the-art performance. Similar to the eval-

uation on ACE 2005, the models with better encoders generally achieve better

results on MAVEN. However, our proposed SemPRE model still outperforms the

RoBERTa and DMBERT baselines in precision. Despite only using BERT-base

as the encoder, SemPRE achieves high F1 which is comparable to CLEVE, which

uses not only RoBERTa-large but also a graph encoder for structural pre-training.

This confirms the e”ectiveness of our proposed modules including the CRF-based
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Figure 3.3: Performance results (%) of our SemPRE model in comparison with
other ED models based on MAVEN according to various training data sizes.

trigger classifier. Our recall is lower (-2.8%) than the highest score achieved by

CLEVE. This may be due to the reason that CLEVE uses substantial task-specific

pre-training, and the large number of event types in MAVEN (4 times more than

ACE) and their hierarchical relationships have added complexity for type repre-

sentation learning.

Overall, our proposed SemPRE model achieves state-of-the-art performance on

the ACE 2005 and MAVEN benchmark datasets. On both datasets, SemPRE has

relatively higher recall than precision scores. Without using external resources,

SemPRE matches the highly competent CLEVE and outperforms all the other

baselines, demonstrating the e”ectiveness of our proposed modules. Further, we

also highlight that although SemPRE does not rely on syntactic or semantic parsing

tools, it achieves the best precision and reasonably high recall on the large MAVEN

dataset.

Performance Based on Various Data Sizes We analyze the performance of

our proposed SemPRE model in comparison with the baselines in the challeng-

ing scenario of data scarcity. We choose MAVEN for the experiments because it

contains substantially more data and defines more event types than ACE 2005.

Specifically, we randomly choose 20%, 40%, 60% and 80% of the samples from

the training data for comparison with the baselines, which include BiLSTM, BiL-

STM+CRF, MOGANED, BERT+CRF.

As shown in Figure 3.3, our proposed SemPRE model demonstrates robust per-

formance across various training data sizes. Specifically, SemPRE achieves the
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highest F1 among all the models on MAVEN with the training data size varying

from 20% to 100%. With 80% of the training data, SemPRE outperforms (with

68.2% in F1) the baselines trained with 100% training data as shown in the figure.

Its performance using 60% of the training data (with 67.5% in F1) still surpasses

or matches other models’ performances. In the extreme case where the training

data is as scarce as only 20% of the original size, we observe that SemPRE still

performs robustly (with 64.5% in F1), which is higher than all the other models.

This demonstrates the e”ectiveness of our proposed model, especially the benefit

of the unified input-label representation learning.

Performance Based on Single versus Multiple Event Sentences We an-

alyze the performance of our proposed SemPRE model in terms of one/multiple-

event sentences. We hypothesize that with the cross-type interaction enabled by

the proposed modules, SemPRE should be able to learn to better model type re-

lationships for the ED task and thereby performing well on both one-event and

multiple-event sentences. Besides the state-of-the-art models DMCNN and MLBi-

Net, which are mentioned earlier, we compare our model with the strong baselines

specifically designed to address this scenario. They are listed as follows:

• JRNN [12] - It is an RNN-based model with the memory features proposed

for joint event extraction (i.e., ED and event argument extraction).

• JMEE [14] - It is a canonical baseline for multi-event ED that uses syntactic

Graph Convolutional Network (GCN) to jointly extract events in sentences

based on parsed dependency arcs.

• HBTNGMA [101] - It proposes a hierarchical and bias tagging mechanism to

detect multiple events in one sentence collectively.

We choose to evaluate the models on the ACE 2005 benchmark dataset instead

of MAVEN because the latter is only published recently and most existing works

addressing this scenario have reported their performance based on ACE 2005.

Table 3.4 shows that our proposed SemPRE model achieves the state-of-the-art or

comparative F1 performance on single-event and multiple-event sentences. With-

out using any linguistic parser or extra training data, our SemPRE model achieves
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Table 3.4: Performance results (%) of our SemPRE model in comparison with
other ED models on single-event sentences (1/1) and multiple-event sentences
(1/N) based on ACE 2005.

Model 1/1 1/N all
DMCNN 74.3 50.9 69.1
JRNN 75.6 64.8 69.3
HBTNGMA 78.4 59.5 73.3
JMEE 75.2 72.7 73.7
MLBiNet 80.3 77.4 78.6
CLEVE 75.5 82.7 79.9
SemPRE (ours) 78.9 84.4 80.3

Table 3.5: Performance results (%) on ACE 2005 and MAVEN in the ablation
studies.

Model
ACE 2005 MAVEN

F1 ” F1 F1 ” F1

(1) full SemPRE 80.3 – 68.5 –
(2) without LSA 79.0 -1.3∞ 68.1 -0.4∞
(3) without LSA+LA 77.6 -2.7∞ 67.4 -1.1∞
(4) without LSA+LA+UILE 76.9 -3.4∞ 67.2 -1.3∞

Table 3.6: Case studies on ACE 2005. We show example sentences on the left,
with the ground truth triggers underlined. In contrast to the ground truth types,
we list the types that are predicted by the models, BERT+CRF, BERT QA,
CLEVE and SemPRE, on the right. We highlight the challenging triggers in
bold, and the wrong model predictions with a → sign.

# Sentence Ground truth BERT+CRF BERT QA CLEVE SemPRE

(1) Hoon said Saddam’s regime was crumbling EndOrg None → None → None → EndOrg

under the pressure of a huge air assault Attack Attack Attack Attack Attack

(2) Country A sent 1000 troops into country B, Transport Transport Transport Transport Transport

and the government said it would send Transport Transport TranferMoney → None → Transport

more to prevent B rebels from creating an StartOrg None → None → StartOrg StartOrg

independent state.

exceptionally high F1 (with 84.4%) performance on multiple-event sentences, sig-

nificantly outperforming MLBiNet by 7.0%. It shows that our proposed SemPRE

model can e”ectively model cross-event interaction, benefiting ED on multiple-

event sentences. For single-event sentences, SemPRE achieves 78.9% in F1, which is

higher than all the baselines except for MLBiNet. Moreover, we observe that Sem-

PRE performs better at multiple-event sentences than at single-event sentences.

One possible reason is that the interaction between multiple events helps event

detection within a sentence, which is consistent with findings in previous works

[14, 101, 102].
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Ablation Study We conduct ablation experiments to show the e”ectiveness of

the individual components of our model. Table 3.5 reports the results in F1 and

their corresponding di”erences (#) with respect to the full-version SemPRE: (1)

The original SemPRE model. (2) We remove the sparse regularization loss (denoted

by “without LSA”), i.e., ϱ = 0. (3) We do not use the type semantic pivoting

module at all (denoted by “without LSA+LA”), i.e., we only use the unified input-

label encoding to inject type semantic information but does not explicitly learn

label-based type representation. (4) On top of (3), we further remove the unified

input-label encoding (UILE) module (denoted by “without LSA+LA+UILE”).

The results show that all the key components in our proposed SemPRE model are

necessary and e”ective for ED. Firstly, we observe that not using the regularization

loss reduces performance by 1.3% in F1 for ACE 2005 and 0.4% for MAVEN.

Secondly, removing the type semantic pivoting module leads to a significant drop

in performance by 2.7% in F1 for ACE 2005 and 1.1% for MAVEN. This is possibly

due to the reason that the type semantic pivoting module learns explicit type

representations which are both label-based and context-aware.

Finally, we observe that performance degradation is significant if the event type

labels are not used at all for type representation learning. Without the two pro-

posed modules, the model performs 3.4% and 1.3% worse in F1 than the proposed

SemPRE for ACE 2005 and MAVEN respectively.

3.4 Case Studies

As shown in Table 3.6, we conduct case studies and compare our SemPRE model

with BERT+CRF and BERT QA, which are similar to our model in nature, and

CLEVE, which is the state-of-the-art model. BERT+CRF does not perform ex-

plicit type representation learning at all, while BERT QA uses the word “verb”

literally as an auxiliary query input (i.e., the whole input is “[CLS] verb [SEP]

sentence [SEP]”). In sentence (1), “crumbling” is not a typical trigger word of an

EndOrg event. None of the other models detect this trigger, whereas our proposed

model can identify and classify it correctly. In sentence (2), our model successfully

predicts both triggers. Firstly, the word “send” is synonymous with the first trig-

ger “sent” in the sentence, which BERT QA predicts its type as TranferMoney
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and CLEVE misses. With type semantic learning, our SemPRE model can disam-

biguate “send” and classify it correctly as the Transport type. Secondly, while

both BERT+CRF and BERT QA miss the StartOrg event triggered by “creat-

ing”, SemPRE correctly recognizes the trigger based on the semantic proximity of

it and its context (“an independent state”) to the type.

3.5 Summary

In this chapter, we have proposed a novel semantic learning model for ED, Sem-

PRE, which exploits the pre-defined event type labels to derive event type semantics

via a unified input-label representation learning architecture. Experimental results

have shown that our proposed model significantly outperforms the state-of-the-art

event detection models, without using extra annotated data or external linguistic

resources. In addition, we have also demonstrated several other advantages of our

proposed model over the baselines, such as working well for scenarios of scarce

training data, multiple events in a sentence, and ambiguous trigger words.



Chapter 4

Soft Syntactic Reinforcement for

Neural Event Extraction

In this chapter, we present our work on soft Syntactic Reinforcement for Neural

Event Extraction (SRE), a novel model of syntactic approach to sentence-level EE

and document-level EE. Based on the concepts of syntactic tree parse distance and

depth, we introduce a Soft Syntactic Reinforcement (SSR) mechanism, which is the

core component of SRE. This chapter discusses the motivation and then presents

the proposed model, experiments and case studies.

4.1 Background

As discussed in Section 2 on Literature Review, the relevance of syntactic knowl-

edge to event extraction (EE) has been recognized in various works. While recent

EE systems gained performance advantages by leveraging large pre-trained lan-

guage models, the syntactic reinforcement mechanism is achieved by embedding

syntactic features separately from word representation. However, a line of probing

studies (e.g., [57]) suggested that syntactic knowledge is emergent and intrinsically

encoded in word representation learning. In this chapter, we present our work on

Soft Syntactic Reinforcement for Neural Event Extraction (SRE), a novel neural

model featuring syntactic reinforcement for EE, which benefits both sentence-level

and document-level EE. We propose a soft syntactic reinforcement mechanism that

41
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Figure 4.1: Illustration of the traditional approach vs our proposed approach
on integrating syntactic knowledge for event extraction.

identifies syntax-related dimensions of PLM representation. It pre-trains a syntax-

sensitive projection matrix that learns to recover syntactic trees. The EE model

then uses the syntax-sensitive matrix for syntax-aware word representation learn-

ing. Our proposed method achieves state-of-the-art performance on both sentence-

level and document-level EE benchmark datasets.

Among EE literature, syntactic information is found to be beneficial for the task

[12, 16, 21, 46]. Syntactic features such as dependency trees provide clues for the

models to better learn the interrelations between the candidate trigger words and

their respective entities in sentences. With the advent of large pre-trained language

models (PLMs), there has been a notable shift towards neural EE methods [42],

which have demonstrated impressive performance gains. As shown in Figure 4.1,

the traditional approach to EE relies on a “word embedding + representation learn-

ing” paradigm (red dotted lines), in which syntactic annotation is added to enhance

the system via syntactic feature embedding. In other words, separate embeddings

for words and syntactic features are trained and then combined for task-specific

representation learning and prediction. In contrast, our proposed approach follows

the latest EE works, which replace the “word embedding + representation learn-

ing” structure with a powerful PLM (the red block). With su!cient self-supervised
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Figure 4.2: Illustration of the dependency tree of a sentence with its cor-
responding syntactic depth vector and distance matrix. Our method relies on
dependency parse trees, a classical structure to represent syntax. Take the sen-
tence “Last Monday, a 19-year-old extremist detonated a 30-kilo bomb near a
military jeep, injuring three soldiers.” as an example, its dependency parse tree
can be converted to a syntactic depth vector or a syntactic distance matrix.

pre-training, PLMs can significantly improve task-specific representation learning

and lead to new state-of-the-art performance in EE.

Recent studies point out that the latest PLM-based EE models still make certain

errors in event extraction due to their deficiency in syntactic structure knowledge

[18, 49]. Similar to the traditional approach, research works such as Sachan et al.

[110] attempted to inject syntactic knowledge into a PLM by learning external

syntax-aware representations independently of the language model, and then com-

bining them with the PLM. The experimental results have suggested that unless

human-annotated parses on task data are used for training, the external represen-

tations are largely redundant and do not lead to performance gain for downstream

NLP tasks. This aligns with the probing studies on PLM [57–60, 111], which

found that syntax trees can be implicitly embedded in PLM’s vector geometry,

rather than being external to it.

In this chapter, we propose a novel approach to syntactically enhance neural EE

models, which leverages a Soft Syntactic Reinforcement (SSR) mechanism. With-

out the need for syntactically annotating task data, our approach leverages a

general-purpose syntactic resource, the Penn Tree Bank (PTB) dataset, for re-

inforcing the implicit syntactic knowledge learned by PLMs. More specifically, the

SSR mechanism learns transformation matrices to activate syntax-relevant dimen-

sions for emergent syntactic structures (including syntactic depth and distance) in

a PLM and then uses the enhanced syntactic representations for event prediction.
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To the best of our knowledge, this is the first work to explore this direction. Our

results suggest that exploring syntactic enhancement mechanisms remains relevant

for event extraction research and extends the study of innate syntactic structure

in PLM.

Overall, the main contributions of this work are summarized as follows: (1) We

propose a novel mechanism for injecting syntactic knowledge into neural EE mod-

els through a Soft Syntactic Reinforcement mechanism. This mechanism learns

syntactic tree parsing in a distributed manner, providing a model with a deeper

understanding of syntactic structures. (2) We propose the SSR-enhanced model,

SRE, which features syntax-aware sentence representations for event extraction.

(3) Experimental results on both sentence-level and document-level EE benchmark

datasets show that our proposed SRE model achieves state-of-the-art performance

in F1, with substantial improvements in recall for document-level EE tasks.

4.2 Proposed Approach

In this section, we first introduce the intuition of intrinsic syntactic encoding.

Then, we describe the proposed Soft Syntactic Reinforcement mechanism, and the

Syntax-Reinforced Event model that incorporates the SSR mechanism.

4.2.1 Intrinsic Syntactic Encoding

Studies on factual knowledge in PLM probing suggested that syntax trees can be

embedded implicitly in deep models’ vector geometry. In other words, deep contex-

tual models encode the entire parse trees in their word representations. Hewitt and

Manning [57] demonstrated that a low-rank transformation can recover the parse

trees from BERT representations, without using any syntactically annotated data

as input or being supervised to reconstruct them. Inspired by works along this

line [57–60], we aim to enhance the syntactic knowledge that is captured in PLM

representation learning layers by aligning a linear transformation of the relevant

weights to a human-annotated syntactic tree dataset. Subsequently, we use the

consolidated weights via supervised attention to enrich the task-specific learning.
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Figure 4.3: Proposed SRE model architecture for Sentence-level and
Document-level Event Extraction.

We construct the emergent syntactic structure bias in the form of dependency pars-

ing trees which can be decomposed into syntactic depth and distance. Figure 4.2

illustrates an example of dependency parsing based on depth and distance (event

triggers are shown in red and argument role labels are shown in blue or green).

Syntactic depth refers to the syntactic tree edge path length from each word to

the root. For example, in Figure 4.2, the word “detonated” is the root, which has

a syntactic depth of 0. The first word “Last”, is two edges away from the root, and

thus its syntactic depth is 2. The syntactic depth vector d of a n-word sentence

has the dimension of n. Syntactic distance refers to the syntactic tree edge path

length between each pair of words. For example, the word “injuring” has “deto-

nated” as its parent. So the syntactic distance between “injuring” and “detonated”

is 1. Similarly, the distance between “injuring” and its child “soldiers” is also 1.

The syntactic distance matrix of a n-word sentence has the dimension of n → n.

Formally, given a syntactic tree T with the root node (word) r, the syntactic dis-

tance dT measures the number of edges between each pair of nodes. The syntactic

depth of node u is dT (u, r). For neighboring nodes u and v, the syntactic distance

dT (u, v) = 1.

4.2.2 Soft Syntactic Reinforcement

With the assumption of intrinsic syntactic encoding, we devise a soft syntactic re-

inforcement (SSR) mechanism to inject syntactic knowledge into the model. Unlike

existing works, e.g., [45], we do not treat syntactic structures as external to word

representation. Instead, we learn the transformation matrices that project PLM
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representations to syntactical, new dimensional spaces, and use them to obtain

soft syntactic representation of input tokens to reinforce the overall representation

learning for the EE task.

Similar to the studies in Hewitt and Manning [57], the transformation matrix

represents a linear transformation of a word representation space such that the

transformed space embeds parse trees across all sentences. Let M be a model that

takes in a sentence of n words S = {wi}, i ⇐ {1, . . . , n}, and produces a sequence

of vector representations {hi}, i ⇐ {1, . . . , n}. Given an annotated dependency

parse tree of the sentence S, we define a transformation matrix B that maps h to

approximate the depth vector {dS
T
} ⇐ Nn and the distance matrix {dS

T
} ⇐ Nn→n.

The transformation matrix B characterizes a syntax-salient normalization of the

representation space learned by the language model.

We define the squared distances between the i-th and j-th words in the sentence

S as:

dB(hi, hj)
2 = (Bhi ∝ hj)

T(Bhi ∝ hj) (4.1)

and the squared depth norm of the i-th word as:

↑hi↑2B = (Bhi)
T(Bhi) (4.2)

The loss functions for learning the transformation matrices for distance and depth

are given in Equation (4.3) and Equation (4.4), respectively:

min
B

∑

S

1

n2

∑

i,j

|dT (wi, wj)∝ dB(hi, hj)
2| (4.3)

min
B

∑

S

1

n

∑

i

|dT (wi)
2 ∝ ↑hi↑2B| (4.4)

By minimizing the loss functions, the proposed mechanism learns the transforma-

tion matrices Bdistance and Bdepth. We use the Penn Tree Bank dataset, a manually

annotated syntactic dependency dataset [112], for the pre-training stage.



Chapter 4. Soft Syntactic Reinforcement for Neural Event Extraction 47

4.2.3 Model Architecture

This section describes the architecture of our proposed soft Syntax-Reinforced

Event (SRE) model, which integrates the SSR mechanism described in Section 4.2.2

into the baseline architecture. There are two considerations in choosing the base-

line architecture. First, based on the recent literature and empirical experiments,

we find that after carefully fine-tuning the PLMs, the baseline’s performance on

the task is comparable to that of the state-of-the-art models. Second, the selected

baseline models should be relatively simple in terms of components, which allevi-

ates the complex factors in analysis and benefits future study. For Sentence-level

EE, we use the architecture which consists of a pre-trained PLM encoder, such as

BERT [51] or RoBERTa [113], and a CRF decoder (Figure 4.3), as our baseline.

For document-level EE, we adopt the Multi-Granularity Reader (MGR) model [4],

which is the state-of-the-art extractive model, as the baseline.

We now formally describe how to integrate the baseline models with Soft Syntactic

Reinforcement. Given a sentence S = {w1, . . . , wL}, where wi refers to the i-

th word token and L refers to the sentence length, the model predicts yi, i ⇐
{1, . . . , L}, as follows:

h1:L = PLM(w1:L) (4.5)

y1:L = CRF(h1:L) (4.6)

To incorporate the soft syntactic reinforcement, for example, using the depth-

based matrix Bk

depth
learned based on the k-th layer encoder representation, we

obtain ẽi, the linearly transformed word representations that contain syntactic

tree information1 as follows:

ẽi = Bk

depth
h
k

i
(4.7)

1We call SSR ”soft” because ẽi is obtained in a similar way as soft attention [114], i.e., by
gathering the reinforced syntactic information across multiple dimensions, rather than selecting
the ”most syntactically relevant” dimension.
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where hk

i
is the k-th layer PLM representation of the i-th word in a sentence2. For

the distance-based SSR, Bk

depth
is replaced by Bk

distance
in this step. We then combine

ẽi with the last-layer PLM representation h
K↔1
i

to obtain the fused representation

ri:

gi = sigmoid(W1h
K↔1
i

+W2ẽi + b) (4.8)

ri = gi ↓ h
K↔1
i

+ (1∝ gi)↓ ẽi (4.9)

where K is the total number of PLM layers, ↓ represents element-wise product,

and W1,W2, b are learnable parameters. The fused representation r1:L with Bdepth

reinforcement is the input of CRF, replacing h1:L in Equation (4.6). For SRE with

both distance and depth reinforcement, we fuse the distance-based ẽi and depth-

based ẽi using the same gating function in Equations (4.8) and (4.9), and then fuse

its outputs with h
K↔1
i

.

For document-level EE, as shown in Figure 4.3, we construct the model based on

the MGR baseline architecture.

Overall, given a d-sentence document D = {S1, . . . , Sd}, for every sentence Sj =

{w1, . . . , wL}, j ⇐ {1, . . . , d}, where wi refers to the i-th word token in D and L

is the sentence length, the model first encodes each word token in the same way

as Equation (4.5). Then, same as in Equation (4.7), the syntax-aware representa-

tion ẽi is generated via the SSR mechanism from h
k

i
, which is the k-th layer PLM

representation of the i-th word in a sentence. The syntactically reinforced repre-

sentation of each sentence {ẽi|wi ⇐ Sj} is passed through a sentence-level BiLSTM

to enrich contextual information across each sentence. Additionally, the sentence’s

last layer PLM outputs {hK↔1
i

|wi ⇐ Sj} are also passed through a document-level

BiLSTM together with other sentences’ PLM outputs, to infuse document context.

Finally, similar to Equations (4.8) and (4.9), a gating function combines the BiL-

STM outputs of each word with a learnable gating factor gi, followed by a CRF to

predict {yi|wi ⇐ D}.
2The actual value of k is to be empirically determined based on the results from the develop-

ment set.
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Table 4.1: Detailed statistics for the sentence-level datasets, ACE 2005,
CASIE and PHEE, including the number of documents, instances, events, and
arguments, with average counts across 5 data splits.

Dataset Split #Doc #Inst #Event #Arg

ACE 2005

Train 481 16,887 4,325 6,527
Dev 59 1,957 503 792
Test 59 2,076 520 778
Total 599 20,920 5,348 8,097

CASIE

Train 701 1,044 5,973 15,890
Dev 149 220 1,252 3,318
Test 149 219 1,244 3,367
Total 999 1,483 8,469 22,575

PHEE

Train 2,897 2,897 3,011 15,456
Dev 965 965 1,002 5,117
Test 965 965 1,006 5,186
Total 4,827 4,827 5,019 25,760

4.3 Experiments for Sentence-level EE

This section describes our experimental setup, implementation details, and perfor-

mance results on sentence-level EE.

4.3.1 Experimental Setup

Datasets We conduct performance evaluations on three benchmark datasets

from the TextEE framework [115]: ACE 2005, CASIE and PHEE. For ACE 2005,

as is introduced in Section 3.3.1, we evaluate all the models on its English subset.

CASIE stands for Cyber Attack Sensing and Information Extraction and it is a

cybersecurity domain event dataset that focuses on five event types: Databreach,

Phishing, Ransom, Discover, and Patch. PHEE is a dataset for Pharmacovigilance

Event Extraction. The annotations cover 5000 annotated events in medical case

reports and biomedical literature. For all three datasets, we follow the TextEE

framework [115] for data preprocessing and splits. The detailed statistics of the

datasets are summarized in Table 4.1.
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Table 4.2: Performance results (%) for Sentence-level Event Extraction. The
best performance for each column is highlighted in bold and the second-best
performance is underlined.

Model
ACE05 CASIE PHEE

Tri-C Arg-C Arg-C+ Tri-C Arg-C Arg-C+ Tri-C Arg-C Arg-C+

DyGIE++ 71.31 56.01 51.81 44.72 36.39 29.53 70.42 60.84 45.65
OneIE 71.05 59.93 54.70 70.57 54.23 22.05 69.98 37.51 29.76
AMR-IE 71.09 60.62 54.62 71.83 10.19 2.79 68.93 43.04 32.44
EEQA 70.04 55.28 50.36 42.79 35.14 26.23 70.29 40.40 32.02
RCEE 70.51 55.50 51.04 42.06 32.79 23.67 70.89 41.61 33.10
DEGREE-E2E 66.82 55.15 49.09 60.66 27.05 14.61 69.13 49.29 36.50
TagPrime 69.95 59.83 54.64 69.29 61.03 49.07 71.14 51.74 40.58

SRE (RoBERTaLarge) 72.18 60.98 54.45 72.13 63.70 51.36 72.54 54.98 43.49

Table 4.3: Performance results (%) on other syntax-based methods based on
ACE 2005.

Model Tri-C Arg-C Arg-C+

RoBERTa baseline 70.10 58.98 52.55
RoBERTa hard-synt 69.93 58.71 52.96
Syntax-RoBERTa 68.85 58.38 52.75

SRE (RoBERTaLarge) 72.18 60.98 54.45

Table 4.4: Performance results (%) of SRE on SSR with di!erent PLMs based
on ACE 2005.

PLM
SSR

Tri-C Arg-C Arg-C+
dep. dist.

BERTLarge - - 66.43 53.14 48.61
BERTLarge ↭ - 69.13 55.53 49.96
BERTLarge - ↭ 68.23 55.05 49.74
BERTLarge ↭ ↭ 67.46 53.69 49.08

RoBERTaLarge - - 70.10 58.98 52.55
RoBERTaLarge ↭ - 72.18 60.98 54.45
RoBERTaLarge - ↭ 71.76 60.89 54.38
RoBERTaLarge ↭ ↭ 70.98 60.31 53.83

Evaluation Metrics We use micro-average F1 as the primary metric. Specifi-

cally, Tri-C scores a predicted trigger as correct if its o”sets and type match a gold

trigger. Arg-C scores a predicted argument as correct if its o”sets, role, and event

type match a gold argument. Arg-C+ scores a predicted argument as correct if its

o”sets and role match a gold argument AND the corresponding predicted trigger’s

o”sets and type match the gold trigger for the gold argument.
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Implementation Details We implement the proposed model in Pytorch [116].

To be consistent with previous works [100, 106], we use the Stanford CoreNLP

toolkit for sentence segmentation. The non-content part of the raw text (e.g.,

XML tags) is excluded from the input. In the experiments, we use the large cased

version of BERT and the large cased version of RoBERTa as the baseline PLMs.

From the experiments, we find the best k is 16 for both PLMs. Maximum sequence

length is set as 256 and input instances of size less than 256 are padded. We use

the normal Xavier initialization to set the initial random weights of the model. We

use Adam [107] optimizer with the learning rate tuned around 3e-5 with a linear

warm-up. The batch size is set to 24. We implement early stopping (patience = 5)

and limit the training to 50 epochs. We apply a dropout of 0.9 for both dense and

attention layers. The values of ϖ and ϱ are manually tuned between [1, 200] and [0,

1], respectively. All experiments are trained on a single GPU and the best results

are selected from 5 runs based on the evaluation results from the development set.

Compared Models We compare our proposed SRE model with the following

three kinds of state-of-the-art models: (1) pipeline models, which include TagPrime

[47]; (2) joint learning models, which include DyGIE++ [48], OneIE [49] and AMR-

IE [50]; and (3) generation models, which include EEQA [18], RCEE [54], and

DEGREE-E2E [52].

To assess the performance impacts of our proposed mechanism as a syntax-based

enhancement approach, we compare it with the traditional hard syntactic approach

(RoBERTa hard-synt) and a recent syntax-based mechanism called Syntax-

RoBERTa [117]. For fair comparisons, our best SRE model and these two syntax-

based models, as well as the PLM baseline, are all based on RoBERTaLarge. We

implement the RoBERTa hard-synt approach by injecting SpaCy[118] dependency

parsed features as learnable embeddings. We also conduct experiments to compare

the performance of various SSR mechanisms on di”erent PLMs. These two kinds

of experiments are conducted based on ACE 2005, as it is the most commonly used

sentence-level EE benchmark dataset.
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4.3.2 Experimental Results

Performance Results Compared to State-of-the-art Models As shown in

Table 4.2, in terms of F1, our proposed SRE model with the RoBERTa encoder

consistently outperforms other models on ACE 2005 with its Tri-C F1 of 72.18%

and Arg-C F1 of 60.98%. Its F1 performance for Arg-C+ is also comparable to

the state-of-the-art models such as OneIE and TagPrime. On CASIE, we observe

that our proposed SRE model performs better or is comparable to the current

state-of-the-art models, with improvements of +0.30%, +2.67%, and +2.29% on

F1 for Trig-C, Arg-C and Arg-C+ F1, respectively. On PHEE, SRE achieves the

best F1 (72.54%) on Tri-C among all the models, and its argument classification

outperforms all other models except DyGIE++. Overall, across all three datasets,

we have shown that SRE achieves competitive results when compared with the

state-of-the-art models, especially on the Tri-C task.

Performance of Syntax-based Methods In Table 4.3, we compare the per-

formance of our proposed SRE model against RoBERTa hard-synt and Syntax-

RoBERTa. The performance results show that our proposed SRE model based on

RoBERTa outperforms the RoBERTa baseline with F1 improvement of +2.08%,

+2.00% and +1.90% for Tri-C, Arg-C and Arg-C+, respectively. SRE also per-

forms better than both RoBERTa hard-synt and Syntax-RoBERTa, with higher

F1 across the subtasks of Tri-C, Arg-C and Arg-C+.

Performance of SRE on di!erent PLMs and SSR As shown in Table 4.4,

we evaluate the performance of SRE based on di”erent PLMs with the SSR mecha-

nism. For SRE with the RoBERTa encoder, the performance results show that the

depth-based SSR achieves the best performance of 72.18% on F1, which is 2.08%

higher than that without SSR. The distance-based SSR and depth+distance based

SSR also improve the performance of SRE with RoBERTa, with F1 of 71.76%

and 70.98% on Tri-C, respectively. For SRE with the BERT encoder, SRE with

SSR also achieves improved performance results compared with that without SSR.

On Trig-C, the depth-based, distance-based and depth+distance based SSR im-

prove the performance on BERT over the BERT baseline by +2.70%, +1.80% and

+1.03%, respectively. On Arg-C, the three variations of SSR lead to an F1 im-

provement of +2.39%, +1.91% and +0.55%, respectively. The improvements for
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Arg-C+ are +1.35%, +1.07% and +0.47%, respectively, for the three variations.

These results have demonstrated the e”ectiveness of our proposed SSR mechanism.

4.4 Experiments for Document-Level EE

In this section, we describe our experimental setup, implementation details and

performance results on document-level EE.

4.4.1 Experimental Setup

Dataset For document-level EE, we conduct performance evaluation based on

the MUC-4 benchmark dataset [119]. It consists of 1,700 newswire texts with 5

types of event templates about terrorist events. Each template specifies multiple

arguments of concern to a type of event. We follow the prior work in data pre-

processing and splits [5, 62]. Table 4.5 shows the statistics on the dataset and split

details.

Evaluation Metrics Following previous works [4, 61, 120], we use micro-average

Precision (P), Recall (R) and F1 based on Head Noun (HN) and Exact Match

(EM) as the standard metrics. HN evaluates the predicted argument mentions

only based on their head noun, whereas EM requires the predicted mentions to

match the whole phrase of a gold one. To compare with more recent models, we

report the results based on a new evaluation framework CEAF-REE [121], which

encourages implicit coreference resolution.

Implementation Details We implement our proposed model based on PyTorch

and Hugging Face’s Transformer library. For each experiment we fine-tune BERT-

large-cased. We find the best k is 16. The Bi-LSTM modules for both sentence-

level and document-level contextualized learning have 3 layers each. We set the

maximum sequence length as 200 for sentences and 512 for paragraphs. Each model

is trained on a single GPU. The average training run-time for each model is 3.5

hours. The models are trained for 15 epochs with a batch size of 5. We use SGD

as the optimizer with a learning rate decay. We implement early stopping with
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Table 4.5: Detailed statistics for the document-level dataset, MUC-4.

Split #Doc #Sent #Arg
Train 1,300 18,967 2,551
Dev 200 3,112 483
Test 200 2,786 533
Total 1,700 24,865 3,567

Table 4.6: Performance results (%) for document-level Event Extraction based
on Head Noun and Exact Match.

Model
Head Noun Exact Match

P R F1 P R F1

Cohesion 57.80 59.40 58.59 - - -
NST 56.44 62.77 59.44 52.03 56.81 54.32
MMR 63.95 58.71 61.19 60.66 55.34 57.87

SRE (BERTLarge) 61.93 67.75 64.71 56.84 63.10 59.81

the patience of 3. The learning rates ranging from [1.5e-4, 1.5e-2] are evaluated, of

which the starting learning rate of 1.5e-3 has the best performance on the validation

set.

Compared Models We compare our proposed SRE model with the following

state-of-the-art models: Cohesion [120], MMR [61], and NST [4] on the standard

evaluation metrics, and TempGen [62] and RICB [5] on the new CEAF-REE metric.

4.4.2 Experimental Results

State-of-the-art Results Table 4.6 reports the performance comparison of our

proposed SRE model with the state-of-the-art models on MUC-4 using the standard

evaluation metrics. We observe that SRE achieves the highest HN F1 with 64.71%,

surpassing MMR by +3.52%. It achieves 59.81% in EM F1, which is 2.06% higher

than MMR and 5.49% higher than NST. For both Head Noun (HN) and Exact

Match (EM), our model significantly improves the recall compared to other models.

More specifically, our proposed SRE model achieves 67.75% in HN recall, which is

8.35% higher than the feature-based Cohesion model, and 4.98% and 9.04% higher

than the neural models NST and MMR, respectively.
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Table 4.7: Performance results (%) for document-level Event Extraction based
on CEAF-REE.

Model P R F1

Cohesion 58.38 39.53 47.14
NST 56.82 48.92 52.58

GRIT 64.19 47.36 54.50
TempGen 68.55 49.90 57.76
RICB 57.68 58.03 57.85

SRE (BERTLarge) 55.93 61.84 58.95

Table 4.8: Performance results (%) of SRE with SSR and BERTLarge on CEAF-
REE.

PLM
SSR

F1 # F1
dep. dist.

BERTLarge - - 57.34 -
BERTLarge ↭ ↭ 58.95 +1.61%
BERTLarge ↭ - 58.74 +1.40%
BERTLarge - ↭ 58.55 +1.21%

On CEAF-REE, as shown in Table 4.7, our proposed SRE model achieves 58.95%,

which is the highest F1 among all the compared models. It is +1.10% higher than

RICB, the second-best model. It also achieves exceptionally high recall, 61.84%,

which is +3.79% higher than RICB.

Comparison with PLM baseline As shown in Table 4.8, we compare the

performance based on the SSR mechanism for our SRE model for document-level

EE. We found that SRE with depth+distance based SSR achieves the highest F1 of

58.95%, which is +1.61% higher than the BERTLarge baseline. SRE with the depth-

based SSR mechanism obtains F1 of 58.74%, whereas SRE with the distance-based

SSR mechanism obtains F1 of 58.55%. The performance improvements over the

baseline are +1.40% and +1.21%, respectively. Generally, SREs with the three

variations of the SSR mechanisms have similar improved performance performance

for document-level EE.
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Table 4.9: Case studies for sentence-level and document-level EE between a
SOTA model, the PLM baseline, and our proposed SRE model. For sentence-
level EE, the triggers (Trg) are in bold with circled alphabetic labels and the
arguments (Arg) are in italics with circled number labels. For document-level
EE, sentence indices are in angle brackets. While triggers are not required, the
argument candidates are in italics with circled number labels. ‘↭’ indicates a
correct prediction.

Sentence-level EE Gold OneIE RoBERTaLarge SRE
Eight people 1○, including a pregnant

woman 2○ and a 13-year-old child 3○
were killed a○ in Monday’s Gaza raid.

a○Trg[Attack]
1○Arg[Target]
2○Arg[Target]
3○Arg[Target]

↭
↭
↭
None

↭
↭
↭
None

↭
↭
↭
↭

It does rather delightfully remind me

of Coca-Cola 1○ basically giving away

the bottling franchise 2○ and then spend-

ing billions to buy a○ it back.

a○Trg[TranOwn]
1○Arg[Buyer]
2○Arg[Artifact]

↭
None

↭

↭
None

↭

↭
↭
↭

Document-level EE Gold RICB BERTLarge SRE
. . . ↗2↘ The massacre against the Salvadoran

Workers National Union Federation 1○
(FENASTRAS ) 2○ was planned in cold

blood. . . . ↗4↘ We have trustworthy

information from our intelligence organs that

this action was ordered by Colonel Ponce 3○,

that Cristiani 4○ knew about it and

approved it, and that it was carried out by

Colonel Elena Fuente 5○ as the head of the

morbid death squad . . . ↗7↘ Only a few days

ago, ARENA 6○ assassins 7○ tried to kill the

president of the Mortgage Bank 8○, Mr

Mason 9○, for not following their orders. . . .

Attack Event 1
1○Target

2○Target

3○PerpInd

4○PerpInd

5○PerpInd

6○PerpOrg

↭
↭
↭
None

None

↭

↭
None

↭
None

None

↭

↭
↭
↭
↭
↭
↭

Attack Event 2
7○PerpInd

8○None

9○Target

↭
↭
None

↭
↭
None

↭
Target

↭

4.5 Case Studies

To better understand how our proposed SSR mechanism helps EE, we present three

case studies based on the ACE 2005 and the MUC-4 development set, which are

shown in Table 4.93. For sentence-level EE, the sentence “Eight people, including

a pregnant woman and a 13-year-old child were killed in Monday’s Gaza raid” has

the event trigger word “killed” (event type= Conflict:Attack) with the three

corresponding arguments, which are in italics. While OneIE and RoBERTaLarge

fail to identify the third argument mention “a 13-year-old child” as a Target,

our proposed SRE model can correctly identify it. We found that the predicted

3
TranOwn, PerpInd and PerpOrg are short forms of Transfer-Ownership, Perpe-

trator Individual and Perpetrator Organization, respectively.
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parse depths of the head words of the two argument mentions, “woman” and

“child”, are similar to one another, possibly providing a clue for the task. The

second example for sentence-level EE has a trigger word “buy”, which is of the

event type Transaction:Transfer-Ownership, and two argument mentions,

“Coca-Cola” (role=Buyer) and “franchise” (role=Artifact). While OneIE and

RoBERTaLarge can only extract the Artifact argument, our SRE model can also

correctly identify and classify the argument mention “Coca-Cola”. We observe

that the distance-based SSR learns that “Coca-Cola” and the verb “buy” in “buy

it back” have a short syntactic distance, which may provide supporting information

for the task.

For document-level EE, we show the di”erences in the predictions of RICB, BERTLarge,

and our proposed SRE model. Table 4.9 shows two events in this paragraph. For

Event 1, RICB and BERTLarge only detect “Colonel Ponce” as a PerpInd argu-

ment, whereas SRE successfully detects “Cristiani” and “Colonel Elena Fuente” as

well. Besides, from the original text, we can see that sentence ↗4↘ is very long. We

observe that the SSR mechanism in SRE helps the model link “this action” with

the following “it” pronouns, while the action verb “ordered”, “knew”, and “car-

ried out” have similar estimated parsed depths. This demonstrates the usefulness

of the incorporation of syntactic knowledge. Similarly, for Event 2, SRE identi-

fies “Mason” in sentence ↗7↘ as a Target argument, while RICB and BERTLarge

fail. Moreover, SRE predicts “president of the Mortgage Bank” and a Target

argument. Although it is not a gold argument with the corpus, it is appositive to

“Mason”, and thus also a correct argument.

4.6 Summary

In this chapter, we have introduced a Soft Syntactic Reinforcement mechanism to

inject syntactic knowledge into neural EE models. To the best of our knowledge,

this is the first work exploring mechanisms that enhance syntactic knowledge intrin-

sically captured by PLMs. Experiments on both sentence-level and document-level

EE benchmark datasets have shown that our proposed SRE model outperforms

state-of-the-art models on F1 for both sentence-level EE and document-level EE,

and also significantly improves recall for the latter.





Chapter 5

Dynamic Task Balancing for Joint

Information Extraction

While the previous chapters explore semantic and syntactic approaches to event

extraction (EE) within single-task or pipeline learning frameworks, this chapter

expands the focus to joint learning across multiple information extraction tasks,

including EE. We introduce Adaptive Weighting Method for Joint Information

Extraction (AWIE), a novel gradient-based optimization method to dynamically

balance task losses for joint information extraction. We empirically show that

compared to static weighting methods and existing dynamic weighting methods, it

performs well and is most cost-e”ective. This chapter first discusses the motiva-

tion, then identifies the limitations of static weighting methods, and subsequently

introduces the proposed model, followed by a discussion on the experiments and

performance results.

5.1 Background

Joint Information Extraction (IE) refers to the task of extracting multiple types of

informative structures (e.g., entities, relations, events, etc.) simultaneously from

natural language text. It provides a unified solution for capturing the information

of the text in di”erent forms and directly benefits knowledge base construction.

Figure 5.1 shows an example of joint information extraction on an input sentence.

The lower layers are shared across the tasks. Joint IE therefore not only alleviates

59
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Figure 5.1: An example of joint information extraction for entity extraction,
relation extraction, and event extraction.

the error propagation problem that is inherent to traditional pipeline IE systems,

but also leads to more robust representation learning.

To date, most existing joint IE studies focus on proposing novel and highly compli-

cated architectures. For instance, Yan et al. [122] recently proposed a HyperGraph

neural network model for joint entity and relation extraction, which encodes higher-

order interactions among relations and associated entities. Lin et al. [49] proposed

a joint framework for four IE tasks, which innovates the decoding stage by building

an optimal graph beam decoder on top of local task-specific classifiers. However,

the optimization aspect of joint IE models remains under-examined. Most of the

existing models are trained by optimizing a weighted linear combination of indi-

vidual task losses, and the per-task weights are pre-defined and fixed throughout

the training. They then rely on either random search or manual tuning to find

weight combinations that lead to good performance. In the terminology of multi-

task learning (MTL), this is known as static weighting methods, which have been

observed to pose problems that hurt the performance of the learned models [74].

For example, di”erent tasks often need di”erent learning schedules and they may

conflict with each other during the training. In this case, static weighting methods

may prevent some of the tasks from being properly learned during di”erent phases

of training.

In contrast, dynamic weighting methods, in which task weights are automatically
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adjusted via an algorithm, have gained much research attention in machine learn-

ing. By allowing the task losses to be balanced adaptively during the training pro-

cess, such dynamic weighting methods enable the model to reach the non-convex

areas of the solution space. One of the most popular dynamic weighting methods

is Uncertainty [67], which uses heuristics based on homoscedastic uncertainty to

balance the tasks. Moreover, Multi-Objective Optimization [74] and ParetoMTL

[75] have proposed to adjust task loss weights based on task-specific gradients and

search for solutions on the Pareto front. However, to the best of our knowledge,

there are no previous studies on the feasibility of these weighting methods for joint

IE. Most of these dynamic methods are tested mainly on synthetic toy datasets or

other domains, but not on real-life NLP datasets.

In this chapter, we investigate joint IE from the optimization perspective and share

the lessons learned from addressing the problems in existing works. In particular,

we first identify the limitations of current static weighting methods for joint IE.

Then we evaluate several dynamic weighting MTL methods for joint IE. We find

that in comparison to static weighting methods, the dynamic weighting methods

can find good weights cost-e”ectively. Furthermore, we propose a hybrid dynamic

MTL method called Adaptive Weighting Method for Joint Information Extraction

(AWIE), which has improvements to better fit the Joint IE problem. In particular,

it accommodates user preference of a main task, without heavy computational over-

heads. To evaluate the proposed AWIE method, the experiments, and performance

results are discussed in this chapter.

Overall, the contributions of this work are summarised as follows: (1) We em-

pirically analyze and identify the limitations of the static weighting paradigm for

Joint IE. (2) We evaluate existing dynamic weighting methods on three joint IE

benchmark datasets and discuss the successes and challenges in directly applying

these methods to joint IE. (3) To further enhance the performance of joint IE, we

introduce a hybrid dynamic weighting algorithm, AWIE, which automatically fine-

tunes the multiple tasks’ weights along the learning steps. Then, we show that our

proposed algorithm improves the performance over the other weighting methods on

all three benchmark datasets and further allows the setting of task preference. In

addition, AWIE achieves the best performance cost-e”ectively among all compared

methods, with a low time cost and minor increase in memory cost.
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5.2 Problem Formulation

We formulate Joint IE as a multi-objective optimization problem. The general

form of a multi-task IE problem with m tasks is:

min
ω

L(ω) = (L1(ω),L2(ω), ...,Lm(ω))
T (5.1)

where the trainable parameters in a model are denoted as ω and each individual

IE task loss as Li, i = 1 . . .m. For instance, the joint extraction of entities and

relations is a two-objective optimization problem:

min
ω

L(ω) = (LNER(ω),LRE(ω))
T (5.2)

with m = 2, and the joint extraction of entities, relations, and events is a four-

objective optimization problem:

min
ω

L(ω) = (LNER(ω),LRE(ω),LTE(ω),LAC(ω))
T (5.3)

with m = 4. Note that, unlike single-task IE problems where optimization is per-

formed towards a single objective, a multi-task IE problem has multiple objectives.

If the relative importance of the tasks is not given, optimization is performed by

looking for solutions that are Pareto optimal.

Definition 1 (Pareto optimality) ω
↗ is a Pareto optimal point for the multi-

variable multi-objective function L : Rn ⇔ Rm if there does not exist ω̂ ⇐ % such

that ∈i ⇐ {1, . . . , T},Li(ω̂) < Li(ω↗) and ⇓j ⇐ {1, . . . , T},Lj(ω̂) ∋ Lj(ω↗), where n

and m are the numbers of the model’s input and output dimensions, respectively,

and L is the model’s objective. T is the number of tasks.

In other words, Pareto optimal solutions are reached if and only if there is no

further gradient update step that can be taken to improve the performance on any

task without hurting another task.
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5.3 Static Weighting Approach

Most existing joint IE models adopt a static weighting approach, which is the most

straightforward approach for MTL. It involves setting a set of fixed loss weights

before training and the model is optimized for a surrogate objective that combines

the individual task losses with these weights. The weights can be finetuned as

hyperparameters that generate optimal model performances, but the process is

expensive. Instead, many previous studies just report the use of uniform weights

for tasks, such as setting all of them to 1.0 (e.g., [122–124]), or scaling others

against a main task (e.g., [48, 125]). The total loss function of this method for a

m-task joint IE problem is defined as follows:

L(ω) =
m∑

i=1

wiLi(ω) (5.4)

where {wi, i ⇐ {1, . . . ,m}} is a set of static weights with each representing the i-th

task loss Li.

As this will restrict the relationship between the task losses to be linear, the model

can only search for convex solution points. Besides, we also identify and summarize

other issues that static weighting methods have as follows.

Discrepancy in convergence time When evaluating the state-of-the-art models

on benchmark joint IE datasets, we notice a discrepancy between the convergence

times of the di”erent tasks. Di”erent data types and numbers of samples lead to

inconsistent learning paces (i.e., one of the tasks may start overfitting, while the

other still needs further training). As shown in Figure 5.2, we conduct experiments

of a baseline model (see Section 5.5.1 for details) on the SciERC dataset, which

involves joint NER and RE extraction. We can see that the model’s NER perfor-

mance converges on the development set relatively early at around the 10th epoch

(the convergence phase is represented by the green shaded area), but the learning

continues to take place as RE does not reach convergence until around the 40th

epoch (the convergence phase is represented by the blue-shaded area). As a result,

the learning stops much later than desirable for NER, possibly overfitting the task.

Discrepancy in training loss and generalization loss Static weighting meth-

ods may assign a larger weight to task losses that are greater in magnitude, thereby
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Figure 5.2: In multi-task IE, the learning of the tasks may require di!erent
scheduling. In this joint NER-RE model, the two tasks mature at di!erent times.

Figure 5.3: Performance comparison of joint NER-RE models with di!erent
fixed loss weight ratios for individual tasks (single-task baselines are shown in
dotted lines). As the static weight vs task performance does not show any
pattern, it is hard to optimize in the way that it can benefit mainly a “main”
task by adjusting the loss weight combination.

achieving a lower total loss on the training set. However, they ignore the gap

between the training loss and generalization loss. As discussed in [126], in multi-

task NLP problems, it is common for training losses and generalization losses to

have discrepancies in magnitudes. Besides, di”erent tasks have di”erent training-

generalization loss patterns, such as a task with a large training loss may have the

lowest generalization loss among the tasks. Due to this gap, fixing the loss weights

may hurt the generalizability of a model, reducing the e”ectiveness of the weighting

method.
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Figure 5.4: Model performance is often sensitive to the choice of loss weights.
However, the performance results do not indicate the presence of a set of fixed loss
weights that is optimal for all the tasks. Single-task NER and RE performances
(dotted lines) are shown for reference.

No control over reaching the best performance for main tasks Multi-task

practitioners often have a preference over tasks, i.e., there is usually a main task

that is the main training target whereas other tasks are auxiliary tasks that are

supposed to assist learning. The performance on the main task is by definition

more important than the model performance on all the other tasks. Since there

are possibilities of task conflicts, there is usually a trade-o” in the optimization of

all the losses. However, most existing weighting methods try to balance di”erent

tasks in the training with a set of selected weights without a systematic way to

incorporate trade-o” preferences.

For example, we alter the weights of NER and RE task losses for the training of

a baseline model (see Section 5.5.1 for details) on SciERC. Figure 5.3 shows the

scatter plot of the runs with di”erent loss weight combinations (each point is labeled

with the ratio of the actual weight for NER loss and ER loss). Figure 5.4 shows

the horizontal baseline plot of the runs with di”erent fixed loss weight ratios for

individual tasks (i.e., the weight of NER loss divided by that of RE loss). We can

see that it is di!cult to know how to choose a specific set of weights to prioritize the

tasks, as the model’s performance on both tasks does not have a clear correlation

pattern with the weight ratio or the weights per se.
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5.4 Proposed Method

To address the issues with existing dynamic weighting methods for the joint IE

problem as discussed in Section 2.3.2, we propose AWIE, a hybrid adaptive weight-

ing method for joint IE. Following MGDA, we propose to perform a gradient descent

update at time t:

ωt+1 △ ωt + ςdt (5.5)

where ς is the overall learning rate and our goal is to find the steepest multi-

objective descent direction dt. We mainly discuss the improvements made to ad-

dress the problems of existing dynamic methods.

Problem Decomposition To find dt we first decompose the multi-task IE prob-

lem into K subproblems (as shown in Figure 2.1), following ParetoMTL [75].

Specifically, we divide the problem space with a set of preference vectors {uk|uk ⇐
Rm

+ , k = 1, . . . , K}, with each representing a di”erent task trade-o”. For a sub-

region %k as specified by uk, the optimisation is subject to a trade-o” constraint

P (k) as follows:

min
ω

L(ω) = (L1(ω),L2(ω), ...,Lm(ω))
T (5.6)

such that:

P (k)
j

(ωt) =(uj ∝ uk)
TL(ωt) ∋ 0,

⇓j =1, . . . , K
(5.7)

This ensures that the final solution ω
↗
k
found with such a constraint forms the

smallest acute angle to uk than any other vectors, i.e., the solution satisfies the

specified trade-o” preference. Without prior knowledge of the multi-objective prob-

lem space and to be scalable, we construct the set of preference vectors using

two types of vectors: (i), the unit vector on the k-th axis as preference vec-

tors for each uk; and (ii), an all-ones vector which represents that all the tasks

are equally important. For instance, when the number of tasks m = 2, we take

{u1 = (1, 0),u2 = (1, 1),u3 = (0, 1)}. If task i ⇐ {1, . . . ,m} is the main task, and

all other tasks are auxiliary tasks, the preference vector can be set as one-hot vector
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{u = (0, 0, . . . , 1, . . . , 0, 0) where 1 appears at the i-th position. For each preference

vector, we compute and save gradient updates separately. Although in terms of

time complexity, this requires k runs for k preference vectors, we will show in the

section on Experiments that empirically running AWIE once can achieve better re-

sults than the best results found via extensive random search using static weighting

methods.

Algorithm 5.1: AWIE Algorithm
1: Input: A set of preference vectors u1,u2, ...,uK

2: for k = 1, . . . , K do
3: randomly generate parameters ωk0
4: find the initial parameters ωk1 from ω

k

0 via gradient descent
5: while t = 1, . . . , φ do
6: compute gradients ≃L(ωt) at time t

7: solve Equation (5.8) for ϖi ⇑ 0 and ↼j ⇑ 0 using Equation (5.14) and
Equation (5.15)

8: compute gradient update
dt = #ω

(k)
t = ∝(

∑
i
ϖ
(k)
ti
≃Li(ωt) +

∑
j↑I(k) ↼

(k)
tj

≃Pj(ωt))

9: perform gradient update ω
(k)
t+1 △ ω

(k)
t + ςdt

10: end while
11: end for
12: return Solutions with di”erent trade-o”s {ω↗(k)|k = 1, . . . , K}

Scalability Optimization Next, solving for dt in Equation (5.6) under k prefer-

ence constraints is equivalent to solving [74]:

(d(k)t ,ϱ
(k)
t ) = arg min

d↑Rn,ε↑R
ϱ +

1

2
↑d↑2 (5.8)

such that:

≃Li(ωt)
T
d ∋ ϱ, i = 1, . . . ,m,

≃Pj(ωt)
T
d ∋ ϱ, j ⇐ A(k)

t

(5.9)

where A(k)
t is the set of all activated constraints for the k-th preference at input xt:

A(k)
t = {j|P (k)

j
(ωt) > 0}, k = 1, . . . , K (5.10)
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The dimension of Equation (5.8) is the number of parameters ω in the model, which

makes it di!cult to solve directly. Following [75, 77], we solve the Lagrangian dual

problem [127] of the equation based on the Karush–Kuhn–Tucker (KKT) conditions

as follows:

max
ϑi↘0

∝1

2

∥∥∥∥∥∥

m∑

i=1

ϖi≃Li(ωt) +
∑

j↑A(k)

↼i≃Pj

∥∥∥∥∥∥

2

(5.11)

such that:

m∑

i=1

ϖi +
∑

j↑A(k)
t

↼j = 1,ϖi ⇑ 0, ↼j ⇑ 0 (5.12)

where ϖi and ↼j are the Lagrange multipliers for the linear inequality constraints

in Equation (5.8). The dimension of the dual problem |m| + |A(k)
t | only relies on

the number of tasks and active constraints, which is considerably smaller than the

model parameter size. For instance, in a 3-task setting where 4 trade-o” constraints

are activated, the dimension is 3 + 4 = 7, regardless of the number of trainable

parameters.

Equation (5.11), which is a minimum-norm problem, can be solved iteratively. It

involves the computation of fp,q = (JT
p
Jp, J

T
p
Jq, J

T
q
Jq) for each pair (Jp, Jq) as in:

J = (≃L1(ωt), . . . ,≃Lm(ωt),≃Pj1(ωt), . . . ,≃Pj|A|(ωt)) (5.13)

However, ParetoMTL requires the computation of {fp,q} directly, which is a pro-

hibitive cost for joint IE models. Therefore, we propose a converted step as follows.

Notice that P (k)
j

(ωt) is related to L(ωt) in Equation (5.6), we first compute:

ML = (≃L1(ωt), . . . ,≃Lm(ωt))
T(≃L1(ωt), . . . ,≃Lm(ωt))

U
(k) =[(u1 ∝ uk), . . . , (u|A| ∝ uk)]

T
(5.14)

such that:
≃Lp(ωt)

T≃Lq(ωt) =ML[p, q]

≃Lp(ωt)
T≃Pq(ωt) =↗Ik(p),ML[:, q]↘

≃Pp(ωt)
T≃Pq(ωt) =↗U (k)

p
↓ U

(k)
q

,ML↘

(5.15)



Chapter 5. Dynamic Task Balancing for Joint Information Extraction 69

Table 5.1: Statistics and data split of the datasets.

Dataset SciERC ACE05-R ACE05-E
Domain AI News News
#Train Documentefs 350 351 529
#Dev Documents 50 80 30
#Test Documents 100 80 40
#Total Documents 500 511 599
#End Tasks 2 2 3
#Entity Types 6 7 7
#Relation Types 7 6 -
#Trigger Types - - 33
#Argument Types - - 22

where Ik(p) is the p-th row of a k→ k Identity matrix, ↓ denotes an outer product

and ↗ · , · ↘ denotes an inner product. 1 The overall Algorithm of AWIE is shown

in Figure 5.1.

5.5 Experiments

In this section, we describe our experimental setup and evaluation results of the

weighting methods on three benchmark joint IE datasets.

5.5.1 Experimental Setup

Datasets We evaluate our proposed method on three popular multi-task IE

benchmark datasets: SciERC, ACE05-R, and ACE05-E. The SciERC dataset2 con-

sists of scientific abstracts annotated with scientific entities and relations. ACE05-

R and ACE05-E are two datasets based on the Automatic Content Extraction

(ACE) 2005 English corpus3, which contains news documents from mixed-genre

sources. The ACE05-R dataset shares the same task setting as SciERC, i.e., two-

task joint extraction of entity and relation. The ACE05-E dataset requires joint

1This reduces up to 98% running steps and 85% of computational memory for each Pareto
update in practice.

2http://nlp.cs.washington.edu/sciIE/
3https://catalog.ldc.upenn.edu/LDC2006T06

http://nlp.cs.washington.edu/sciIE/
https://catalog.ldc.upenn.edu/LDC2006T06
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learning of all four tasks in IE, which includes entity, relation, and event annota-

tions. For all three datasets, we follow the preprocessing in [48]. Table 5.1 shows

the statistics and data split of the datasets.

Evaluation Metrics Following existing works, we use micro-average F1 as the

evaluation metrics. Entities, triggers, and arguments are treated as correct if and

only if both the type label and the boundary of a predicted mention match with

a gold one. Relations are treated as correct if and only if the boundaries of both

entities and the relation type match a gold one.

Model Architecture We conduct experiments on a classical joint IE model,

which is a simplified version of Wadden et al.’s architecture [48]. The main di”er-

ences between our model and DYGIE++ are: (i) we skip the graph propagation

mechanism; and (ii) we do not use the coreference resolution task for auxiliary

learning. Figure 5.5 illustrates the architecture of our model, which consists of

three stages:

• BERT Encoding - The input is tokenized and encoded using BERT token

representation with a sliding window approach. Each document is split into a

list of sentences of size L and subsequently fed to BERT: h1..L = BERT (x1..L)

• Span Enumeration - The model enumerates text spans that are candidates

for classification. Each span is represented by the tokens at the left and right

endpoints of the span (e.g., if a span of text starts with the a-th token and

ends at the b-th token), followed by a learnable span width representation:

g(a,b) = [ha,hb, f(a, b)]

• Span Classification - The task-specific prediction component for each end

task consists of a two-layer feedforward neural network (FFNN) that is used

to score span or span pair representations. For trigger and named entity

prediction for span gi, we compute FFNNtask(gi). For relation and argument

role prediction, we concatenate the relevant pair of embeddings and compute

FFNNtask([gi , gj]).

In summary, the model embeds all the tokens using a trainable BERT-based en-

coder and generates span representations by taking the first and last token rep-

resentations along with a trainable span length embedding. Then, it uses two
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Figure 5.5: Model architecture for the joint IE experiments.

consecutive feed-forward network layers as a task-specific classifier for each task.

Therefore, the shared layers are BERT Encoding and Span Enumeration. The

individual task loss function L = CrossEntropyLoss(ytrue,ypred). The overall

loss function is a weighted-sum combination of all the individual task losses, as

formulated by Equation (5.4).

Implementation Details We implement our proposed method based on Al-

lenNLP and PyTorch. For SciERC, the encoder is SciBERT cased [82]. For ACE05-

R and ACE05-E, the encoder is RoBERTa base. We follow the preprocessing code

in the original DYGIE++ repository [48]. We set the maximum epoch to 50 and

5 epochs for early stopping patience. For the initial solution search, we set the

threshold ↽ to be 1e-20 and the maximum number of iterations to 500. We train

all models on a single GPU. The learning rate is set to be 5e-5 for the encoder and

1e-3 for other trainable parameters. We adopt the slanted triangular learning rate

schedule for the optimizer.

Compared Methods For static weighting optimization methods, we first in-

clude the results reported in the original DYGIE++ paper as one of the baseline
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Table 5.2: Performance results (%) of weighting methods on SciERC. NER
denotes the entity extraction task, and RE denotes the relation extraction task.

Task weights NER RE
NER RE F1 F1

DYGIE++ (manual tuning) 0.2 1.0 67.2 46.7
DYGIE++ (replicated) 0.2 1.0 67.0±0.70 47.5±0.91

Single task 1 - 67.4±0.80 -
- 1 - 45.7±1.17

Uncertainty 68.1±0.51 46.8±0.44
MGDA-UB (dynamic) 68.0±0.61 43.2±0.83
AWIE (ours) 68.9±0.48 48.8±0.98

methods and refer to it as “DYGIE++ (manual tuning)”. In addition, we replicate

the results of the baseline model with the optimal weights reported by [48], which

we refer to as “DYGIE++ (replicated)”, as well as on single task data, which we

refer to as “Single task”.

For dynamic weighting optimization methods, we use Uncertainty and MGDA-

UB. ParetoMTL is excluded because the computational cost of the method on the

baseline model is prohibitive. Note that the dynamic weighting methods perform

adaptive gradient updates at each back-propagation step and the task loss weights

are updated. Therefore, there are no fixed task weights pre-defined for the training

stage.

5.5.2 Experimental Results

Performance Results based on SciERC Table 5.2 shows the performance

results based on SciERC. From the results, we can see that on SciERC, Uncertainty

and MGDA-UB achieve 68.1% and 68.0% in F1 respectively for NER, which are

both better than the best static weighting method result (67.4%). Both methods

achieve lower results for RE than the replicated DYGIE++ baseline (47.5% in F1),

but Uncertainty still performs slightly better than the original DIGYE++ and the

RE single-task baseline. On SciERC, our proposed AWIE method achieves 68.9%

and 48.8% in F1 for NER and RE, respectively, which are higher on both tasks

than the replicated DYGIE++ (1.7% for NER and 2.1% for RE) and the single-

task baselines (1.5% for NER and 1.3% for RE). On both tasks, it also outperforms

DYGIE++ with the manual tuning method and the other dynamic methods.
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Table 5.3: Performance results (%) of weighting methods on ACE05-R. NER
denotes the entity extraction task, and RE denotes the relation extraction task.

Task weights NER RE
NER RE F1 F1

DYGIE++ (manual tuning) 0.2 1.0 86.3 64.8
DYGIE++ (replicated) 0.2 1.0 87.0±0.34 64.9±0.79

Single task 1 - 87.4±0.17 -
- 1 - 62.7±0.94

Uncertainty 87.2±0.31 65.1±0.49
MGDA-UB (dynamic) 87.4±0.41 63.3±1.11
AWIE (ours) 88.3±0.39 68.1±0.51

Table 5.4: Performance results (%) of weighting methods on ACE05-E. NER
denotes the entity extraction task, and RE denotes the relation extraction task.
For event extraction, TE denotes the event trigger extraction task and AC de-
notes the argument classification task.

Task weights NER RE TE AC
NER RE TE AC F1 F1 F1 F1

DYGIE++ (manual tuning) 0.5 0.5 0.2 1.0 89.3 55.1 70.0 50.0
DYGIE++ (replicated) 0.5 0.5 0.2 1.0 89.0±0.46 52.9±3.49 67.8±1.97 50.5±2.20

Single task 1 - - - 88.9±0.50 - - -
Single task - 1 - - - 53.3±1.17 - -
Single task - - 1 - - - 66.4±0.32 -
Single task - - - 1 - - - 7.04±3.39
Uncertainty 89.4±0.67 55.0±1.95 69.8±1.57 51.1±1.09
MGDA-UB (dynamic) 88.1±1.18 38.8±3.63 67.1±3.09 43.8±5.70
AWIE (ours) 90.1±0.46 57.3±1.26 71.7±1.33 53.1±1.07

Performance Results based on ACE05-R Table 5.3 shows the performance

results based on ACE05-R. From the results, we can see that on ACE05-R, the

patterns are similar to the results based on SciERC. More specifically, Uncertainty

achieves 87.2% in F1 for NER and 65.1% in F1 for RE, while MGDA-UB achieves

87.4% and 63.3% in F1 on the two tasks respectively. Both achieve the same or

better results for NER compared to the static weighting methods. While MGDA-

UB achieves higher F1 for NER, Uncertainty achieves the second-best F1 in RE

among all the methods except AWIE. For performance comparison on the ACE05-R

dataset, AWIE achieves 88.3% in F1 for NER and 68.1% for RE, both higher than

the best result obtained for NER via manual tuning and comparable to that for

RE. In comparison with the single-task baselines, AWIE improves the performance

by 1.3% and 3.2% in F1, respectively. It also significantly outperforms Uncertainty

and MGDA-UB on both tasks.



74 5.5. Experiments

Table 5.5: Comparison of empirical computational time and memory costs of
the methods on SciERC.

Methods
Training Cost

Time (hour) Memory (Gigabytes)
Random Search 50 15.1 2.7
Uncertainty 1.5 2.7
MGDA-UB 2.0 3.1
AWIE 4.9 2.8

Performance Results based on ACE05-E Table 5.4 shows the performance

results based on ACE05-E. On ACE05-E, we observe that Uncertainty still achieves

strong NER performance with an F1 of 89.4%. It also achieves a high F1 of 51.1%

on the AC task. Its performance in RE and TE is reasonably good compared to

static weighting methods. While MGDA-UB performs worse than the replicated

DYGIE++ on RE and AC, it achieves fair results on NER (88.1% in F1) and TE

(67.1% in F1). In comparison, on the ACE05-E dataset, AWIE achieves 90.1%

in F1 for NER, improving DYGIE++ by 0.8%. For Event Extraction, it achieves

71.7% in F1 for EC and 53.1% for AC, which is higher than the DYGIE++ baseline

by 1.7%-3.1%. We observe that AWIE is significantly better than the single-task

baselines on all tasks. Moreover, AWIE’s performance on the tasks is higher or

comparable to the performance of the dynamic weighting baselines. In particular,

it outperforms Uncertainty on AC by 2.0% in F1.

Overall Results Overall, we observe that dynamic weighting methods can im-

prove the performance on di”erent tasks across the three datasets. In addition,

compared to static weighting methods and single-task baselines, which require ex-

tensive hyperparameter tuning often taking more than 30 runs, dynamic weighting

methods can achieve reasonably good results in a single run. This demonstrates

their advantages over the static weighting methods.

We can also see that our proposed AWIE method consistently improves over the

corresponding baseline methods on all tasks across di”erent datasets, with absolute

F1 improvement varying from 0.7%-4.0%. Compared to the single-task models,

multi-task learning is beneficial to all tasks, improving the model by 0.6%-4.3% in

F1. Although random search can generate solutions with high-performance results,

our method can find comparable or better solutions in all task settings with much

fewer trials.
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5.5.3 Computational Cost Analysis

In Table 5.5, we compare the computational costs of our proposed AWIE method

with the static method (Random Search of 50 trials) and two state-of-the-art dy-

namic weighting methods, Uncertainty and MGDA-UB, on SciERC. Table 5.5

shows that our proposed AWIE method, along with the other two dynamic weight-

ing methods, is more time-e!cient than the Random Search 50 method in terms

of time cost. The training time of AWIE is around 4.9 hours on SciERC, which is

67.5% faster than the Random Search 50 method. Additionally, we also observe

that the other dynamic weighting methods require more computational space to

compute the dynamic weights, but such a cost is low. Specifically, AWIE incurs

a slight increase in memory requirement of around 4% compared to the static

method. The results suggest that while the dynamic weighting methods typically

incur higher costs due to the need to store and compute intermediate results and

gradients across multiple tasks, they benefit from more e!cient learning, leading to

faster and better convergence. In conclusion, our proposed AWIE, which achieves

the best performance among all the compared methods, is much faster both during

training and inferencing with comparable requirements of memory.

5.6 Summary

In this chapter, we have explored the feasibility of dynamic weighting MTL meth-

ods for joint IE, besides identifying the limitations of the static weighting approach,

which is used in existing joint IE works. We have proposed AWIE, a hybrid dynamic

weighting method for joint IE, which automatically balances the tasks by assign-

ing weights for their losses based on multi-objective gradient descent. We have

conducted experiments to compare the performance of the static weighting meth-

ods, state-of-the-art dynamic weighting methods, and our proposed AWIE method.

The experimental results on three datasets have shown that dynamic methods are

useful for achieving good results within a single run. Moreover, we have shown

that our proposed AWIE method can dynamically assign e”ective weights to the

losses of individual tasks and outperform the baselines. Overall, we have shown

that our method achieves good performance and is cost-e!cient, with the ability
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to accommodate user task preferences by generating solutions with di”erent task

trade-o”s.



Chapter 6

Biomedical Event Trigger

Extraction

To study the e”ectiveness and generalizability of the proposed mechanisms pre-

sented in previous chapters, we applied them to the biomedical domain. The

biomedical domain-specific event model, Bio-SemSyntEE, combines the semantic-

based and syntax-based mechanisms for biomedical event trigger extraction. In

this chapter, we discuss the background and then present the proposed model,

experimental setup, and performance results.

6.1 Background

In this chapter, we apply the mechanisms from the proposed models discussed

in previous chapters to a domain-specific application. The primary objective is to

evaluate the performance of these mechanisms in extracting events from text within

the specific domain and to compare their e!cacy against both discriminative and

generative state-of-the-art models. More specifically, we investigate event trigger

extraction in the biomedical domain and present a model named Bio-SemSyntEE,

that combines our proposed mechanisms for SemPRE and SRE as discussed in

Chapter 3 and Chapter 4, respectively, on biomedical EE benchmark datasets. This

investigation provides insights into the strengths and limitations of our proposed

mechanisms of our models in this practical application and highlights areas for

future improvement.

77
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Figure 6.1: Bio-SemSyntEE model architecture.

Overall, the main contributions of the work in this chapter are summarized as

follows: (1) We apply previously proposed SemPRE and SSR mechanisms to

biomedical event trigger extraction by training a domain-specific EE model, Bio-

SemSyntEE, that combines our proposed mechanisms for SemPRE and SRE with

PubmedBERT. (2) We evaluate our model on three benchmark datasets for Biomed-

ical EE and achieve state-of-the-art performance. We show that our Bio-SemSyntEE

model achieves state-of-the-art performance, and each of our proposed mechanisms

contributes to performance improvement.

6.2 Proposed Model

For the domain-specific Bio-SemSyntEE model, we combine the following tech-

niques proposed in Chapters 3 and 4:

• SemPRE - It consists of a unified input-label encoding mechanism, a con-

trastive type semantic pivoting mechanism, and a CRF-based decoder for

trigger classification. Same as the general domain SemPRE model intro-

duced in Chapter 3, our domain-specific model takes an input sequence that

concatenates the input sentence and pre-defined event type labels. The in-

put sequence is passed through a PubMedBERT-based encoder, which per-

forms unified input-label encoding. The encoder is connected to a contrastive

learning module that learns input and label semantics via an input-label in-

teraction matrix and a type relationship matrix. A type regularization loss
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is added to prevent overfitting of the type relationship matrix. We use a

Conditional Random Field as the task decoder.

• SRE - We use the depth-based1 Soft Syntactic Reinforcement (SSR) module

as proposed in Chapter 4, which is built upon the encoder used in SemPRE.

We perform pre-training of the encoder based on PubMedBERT and the SSR

module based on the Penn Tree Bank dependency dataset2. The syntactic

reinforced representation generated by the SSR module is combined with the

sentence representation generated by the unified encoder.

Figure 6.1 shows the overall architecture of our Bio-SemSyntEE model.

6.3 Experiments

In this section, we describe the datasets, evaluation metrics, implementation de-

tails, and compare models, and present the experimental results.

6.3.1 Experimental Setup

Datasets We utilize three domain-specific datasets for evaluation:

• MLEE - It is a biomedical event extraction dataset consisting of over 2600

abstracts from PubMed, focusing on molecular biology events. There are

29 event types, defined according to di”erent levels of events in the Gene

Ontology (GO).

• BioNLP GENIA 2009 (GE09) - It is the most widely used version of

biomedical datasets based on the GENIA corpus, containing more than 1200

abstracts from PubMed. It consists of 9 event types, which are defined based

on the GENIA ontology and focus on protein biology.

1As discussed in Chapter 4, we observed that depth-based SSR achieves better results than
other variations on the sentence-level event trigger extraction task.

2In the future, we intend to explore GENIA Tree Bank [128], which is a biomedical domain
syntactic dependency parse dataset.



80 6.3. Experiments

Table 6.1: Dataset statistics of MLEE, GENIA 2009, and GENIA 2011.

Dataset #Document #Instance #Event Type #Event
MLEE 262 286 29 6575
GENIA 2009 1210 11,346 9 13,623
GENIA 2011 960 1375 9 13,537

• BioNLP GENIA 2011 (GE11) - It is a corpus of around 1000 abstracts

and full papers from PubMed, designed for training and evaluating biomedical

event extraction models. It consists of 9 event types.

Each dataset is preprocessed to ensure consistency and compatibility with the input

requirements of the event trigger extraction task. The statistics of the datasets are

shown in Table 6.1.

Evaluation Metrics We use precision (P), recall (R), and micro-average F1

as the evaluation metrics. Micro-average F1 is reported as opposed to macro-

average F1 because it better reflects performance across all classes in the biomedical

datasets with imbalanced distributions. More specifically, we use the BIO tagging

scheme to mark the trigger candidate boundary. We calculate the scores when

both the boundary and the event types of a predicted trigger match the gold ones.

Implementation Details We implement the code based on Pytorch and Hug-

ging Face transformers library. We utilize Microsoft’s PubMedBERT base3 as the

encoder. We fine-tune the model using a learning rate of 3e-5. The maximum

sentence length is set to 256 and the batch size is set to 16. Dropout is set to 0.1

to prevent overfitting, and we use the AdamW optimizer with epsilon set to 1e-6,

beta 1 set to 0.9, and beta 2 set to 0.999. The training maximum epoch is set to

50. We apply early stopping with a patience of 10 epochs.

Compared Models We compare our Bio-SemSyntEE model against the follow-

ing SOTA models:

3https://huggingface.co/microsoft/BiomedNLP-BiomedBERT-base-uncased-abstract

https://huggingface.co/microsoft/BiomedNLP-BiomedBERT-base-uncased-abstract
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• Bio-SVM [88] - It is the state-of-the-art feature-based discriminative model

for Biomedical Event Extraction, which combines syntactic and semantic

features with biomedical domain knowledge representation.

• BiLSTM-FastTest [92] - It is a BiLSTM-based model that utilizes FastText

word representations for the task.

• DeepEventMine [94] - It is the end-to-end domain-specific model for Biomed-

ical Event Trigger Extraction.

• TEES-CNN [91] - It is a CNN-based pipelined model that extends the

Turku Event Extraction System (TEES), a classical text mining program.

• DEGREE-E2E [52] - It is the state-of-the-art generative model for end-to-

end event extraction. It learns to summarize events mentioned in a paragraph

and utilizes weakly-supervised information to facilitate template-based gen-

eration.

In addition, to address the rising interest in general-purpose Large Language Mod-

els (LLMs), we also include the results of ChatGPT-3.5 and ChatGPT-4 in the

zero-shot and few-shot (5-shot) learning settings.

6.3.2 Experimental Results

Performance Results As shown in Table 6.2, we compare the performance of

our Bio-SemSyntEE model against zero-shot and few-shot (5-shot) large language

models, namely ChatGPT-3.5 and ChatGPT-4, and the fully supervised models

based on the MLEE, GE09, and GE11 datasets.

The performance results show that our Bio-SemSyntEE model demonstrates su-

perior performance across all datasets. On the MLEE dataset, it achieves the

precision, recall, and F1 of 80.86%, 80.92% and 80.89%, respectively. For the

GE09 dataset, our model achieves the precision, recall, and F1 of 72.15%, 73.06%

and 72.61%, respectively. For the GE11 dataset, the precision, recall, and F1 are

74.90%, 71.67%, and 73.25%, respectively. These results indicate that our model

not only significantly outperforms zero-shot and few-shot large language models

but also surpasses existing state-of-the-art fully supervised models on the biomed-

ical event trigger extraction task. More specifically, the zero-shot large language
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Table 6.2: Performance results (%) for Biomedical Event Trigger Extraction
based on MLEE, GE09 and GE11. The best performance for each column is
highlighted in bold.

Methods
MLEE GE09 GE11

P R F1 P R F1 P R F1
Zero-Shot Large Language Models
ChatGPT-3.5 33.02 30.17 31.53 17.53 26.51 21.10 14.69 28.00 19.27
ChatGPT-4 35.40 34.48 34.93 17.92 27.01 21.55 15.28 29.33 20.09
Few-Shot Large Language Models
ChatGPT-3.5 43.75 40.24 41.92 20.54 29.50 24.22 23.53 32.00 27.12
ChatGPT-4 44.63 42.10 43.33 21.46 31.07 25.39 24.51 33.33 28.25
Fully Supervised Models
Bio-SVM 75.56 81.29 78.32 - - - - - -
BiLSTM-FastText 77.89 78.28 78.08 68.21 58.55 63.01 68.44 65.26 66.81
DeepEventMine 79.37 78.86 79.12 - - - 72.05 68.89 70.43
TEES-CNN 81.49 78.43 79.93 - - - 73.32 68.72 70.95
DEGREE-E2E - - 70.20 61.07 56.60 58.75 - - 59.20
Bio-SemSyntEE 80.86 80.92 80.89 72.15 73.06 72.61 74.90 71.67 73.25

models, ChatGPT-3.5 and ChatGPT-4, achieve notably low performance across all

datasets. For example, zero-shot ChatGPT-4 achieves F1 of only 34.93% on the

MLEE dataset, which is much lower than that of Bio-SemSyntEE. ChaptGPT-4

also achieves lower F1 than that of Bio-SemSyntEE on GE09 and GE11. Moreover,

few-shot large language models also fail to achieve satisfactory results. Despite be-

ing provided a few examples for fine-tuning, ChatGPT-3.5 and ChatGPT-4 perform

badly, with F1 being lower than 50% on MLEE and lower than 30% on GE09 and

GE11. This further shows that the Biomedical Event Trigger Extraction task is still

too challenging for the general-purpose large language models and that domain-

specific knowledge and training data are crucial for models to excel in biomedical

event trigger extraction tasks.

In comparison to the five fully supervised biomedical EE models, our Bio-SemSyntEE

model also outperforms all of them in precision, recall, and F1 across datasets.

For example, Bio-SemSyntEE demonstrates an improvement of 2.81%, 9.60%, and

6.44% in F1 over the BiLSTM-FastText model on the MLEE, GE09 and GE11

datasets, respectively. On the most widely used MLEE dataset, Bio-SemSyntEE

outperforms Bio-SVM by 2.57%, DeepEventMine by 1.77%, and TEES-CNN by

0.96%, respectively, in F1. The general-domain model DEGREE-E2E reaches F1

of 70.20% on MLEE, 58.75% on GE09, and 59.20% on GE11, which are 10.69%,

13.86%, and 14.05% lower than those of Bio-SemSyntEE, respectively.
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Table 6.3: Performance results (%) on the three datasets in the ablation
studies. ”F1 indicates the di!erence from the original model.

Model
MLEE GE09 GE11

F1 # F1 F1 # F1 F1 # F1
Bio-SemSyntEE 80.89 - 72.61 - 73.25 -
w/o SRE 79.58 -1.31 71.42 -1.19 71.94 -1.32
w/o SemPRE 79.02 -1.87 70.79 -1.82 72.08 -1.17
w/o PubMedBERT 74.35 -6.54 60.74 -11.87 62.96 -10.29

In conclusion, the results show that our Bio-SemSyntEE model is the best per-

former among the compared models. Its high precision, recall, and F1 across the

three benchmark datasets highlight its robustness and e”ectiveness for biomedical

domain event trigger extraction.

Ablation Studies As shown in Table 6.3, we conduct ablation studies to show

the impact of various components on the performance of our Bio-SemSyntEE model

in biomedical domain event trigger extraction. Bio-SemSyntEE achieves 80.89%,

72.61%, and 73.25% in F1 on the MLEE, GE09, and GE11 datasets, respectively.

Removing the SRE mechanism (”w/o SRE”) results in a performance drop of

1.31%, 1.19%, and 1.32% in F1 on the MLEE, GE09, and GE11 datasets, respec-

tively. This indicates that the SRE mechanism e”ectively enhances the model’s

ability to extract and classify events accurately. Removing the SemPRE mecha-

nism (”w/o SemPRE”) causes the performance to decrease by 1.87%, 1.82%, and

1.17% in F1 on the MLEE, GE09, and GE11 datasets, respectively. This suggests

that the SemPRE mechanism also benefits biomedical event trigger extraction.

Both our proposed SRE and SemPRE mechanisms for general-domain event ex-

traction are generalizable to the biomedical domain.

Moreover, we also observe that replacing the domain-specific pre-trained model

with a general-purpose pre-trained model such as BERT (”w/o PubMedBERT”)

results in a substantial performance drop. The #F1 are -6.54%, -11.87%, and -

10.29% on the MLEE, GE09, and GE11 datasets, respectively. This significant

reduction shows that domain-specific pre-training is critical to event extraction,

as it captures the nuances and complexities of biomedical texts, which general

models like BERT cannot adequately do. Overall, each component of the Bio-

SemSyntEE model, namely SRE, SemPRE, and domain-specific pre-trained model
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PubMedBERT, collectively contributes to its good performance and e”ectiveness

for biomedical event trigger extraction.

6.4 Summary

In this chapter, we have applied the mechanisms from our proposed models to a

domain-specific application and presented the Bio-SemSyntEE model for biomed-

ical event trigger extraction. We have conducted experiments to compare its per-

formance against discriminative and generative state-of-the-art models, including

general-purpose LLMs. Experimental results on three benchmark datasets show

that Bio-SemSyntEE outperforms other models, demonstrating the e”ectiveness

and good generalisability of the mechanisms from our models for biomedical event

trigger extraction. In addition, the results suggest that both semantic-based and

syntax-based mechanisms are beneficial to the domain-specific application.



Chapter 7

Conclusion and Future Work

In this chapter, we summarize our works in the previous chapters and discuss the

future work.

7.1 Summary

Events are important components of human cognition and communication, encap-

sulating rich information about actions, entities, and relationships. In the big data

era, the ability to automatically process unstructured textual data and extract

events of concern has become increasingly essential across diverse domains such

as media, business, cybersecurity, and biomedical research. Traditional methods

for event extraction often struggle with the inherent complexity and variability of

natural language, driving a surge of interest in leveraging deep learning and neural

network techniques.

Motivated by the growing significance of event extraction and the potential of

neural approaches, this thesis investigates novel methods to enhance event extrac-

tion using deep learning techniques. By focusing on event representation learn-

ing through semantic and syntactic knowledge injection and multi-task learning

optimization, the thesis aims to advance the current state-of-the-art in event ex-

traction and facilitate more accurate and comprehensive event identification and

understanding.

In summary, the research has made the following contributions:
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• For semantics-based representation learning for Event Detection (ED), we

have proposed SemPRE, a novel semantic learning model tailored for ED,

which o”ers semantic clues to enhance the task by integrating label semantic

information. SemPRE utilizes pre-defined event type labels to extract seman-

tic representations of event types. By employing a unified input-label rep-

resentation learning architecture, SemPRE achieves significant performance

enhancements compared to existing ED models. Notably, SemPRE achieves

these improvements without requiring additional annotated data or relying

on external linguistic resources. We have demonstrated the robustness of

SemPRE across various challenging scenarios, including instances with lim-

ited training data, multiple events within a sentence, and ambiguous trigger

words.

• For syntax-based reinforcement for Event Extraction (EE), we have proposed

SRE, the Soft Syntactic Reinforcement model for Neural EE. We have intro-

duced a Soft Syntactic Reinforcement mechanism aimed at enriching syntac-

tic knowledge within pre-trained language models for EE tasks. Experimen-

tal evaluations on both sentence-level EE and document-level EE benchmark

datasets have validated the e”ectiveness of our proposed method, surpass-

ing state-of-the-art models in terms of F1 and notably enhancing recall for

document-level EE. This contribution represents a significant advancement

in leveraging syntactic information for the neural event extraction approach.

• For dynamic task balancing for joint Information Extraction (IE), we have

identified the limitations of static weighting approaches commonly used in

existing joint IE works and investigated the feasibility of dynamic weight-

ing Multi-Task Learning (MTL) methods for joint IE. Furthermore, we have

proposed AWIE, a hybrid dynamic weighting method for joint IE. AWIE

dynamically balances tasks by assigning weights to their losses based on

multi-objective gradient descent. Experimental results on three datasets

have demonstrated the e”ectiveness of dynamic weighting methods in achiev-

ing superior results within a single run. Particularly, we have demonstrated

that AWIE outperforms existing baselines by dynamically assigning e”ective

weights to task losses, thereby improving overall performance. Moreover,

AWIE o”ers flexibility in accommodating user task preferences by generat-

ing solutions with di”erent task trade-o”s. Cost analysis shows that it is

reasonably time-e!cient and memory-e!cient.
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• For domain-specific evaluation of the methods on biomedical datasets, we

have proposed Bio-SemSyntEE, a biomedical event trigger extraction model

that incorporates our proposed semantic-based and syntax-based mecha-

nisms. Experimental results have shown that Bio-SemSynt achieves state-

of-the-art performance across three biomedical-domain benchmark datasets,

outperforming existing generative and discriminative models. We have demon-

strated the e”ectiveness and generalisability of our proposed mechanisms.

Moreover, Bio-SemSyntEE utilises the domain-specific pre-trained encoder

PubMedBERT and the experimental results have shown that the mecha-

nisms from our proposed SemPRE and SRE models are compatible with the

domain-specific pre-trained encoder and both mechanisms lead to significant

performance improvements of the model.

7.2 Future Work

In this section, we discuss three feasible and meaningful directions for future work

on deep learning event extraction, namely generative methods for EE, meta learn-

ing for joint IE, and few-shot EE.

7.2.1 Generative Methods for Event Extraction

In this thesis, we mainly focus on discriminative EE methods. With the rapid devel-

opment of large language models (LLMs) such as T5 [129], GPT [130], and Llama

[131], generative EE methods, which frame Event Extraction (EE) as a sequence-

to-sequence problem, are gaining increasing interests. Generative methods o”er a

more flexible output format compared to discriminative approaches. While cur-

rent state-of-the-art EE methods are predominantly discriminative, the generative

approach shows promise due to its greater flexibility in output representation.

Based on this thread of studies, future research in generative methods for event

extraction could explore several avenues for further improvement. Investigating

novel architectures and training strategies tailored to the unique characteristics of

event extraction tasks could lead to more e”ective and e!cient generative models.



88 7.2. Future Work

For example, PGAD [132] proposed a text di”usion model to generate context-

aware prompt representations for event argument extraction. Code4Struct [133]

converted text into code and utilized the capability of LLMs to handle structured

prediction tasks. By incorporating programming language features, the model

introduced external knowledge and constraints by aligning the structure with the

generated code. Besides, exploring techniques to incorporate additional linguistic

features or domain-specific knowledge into the training process could enhance the

ability of generative models to capture complex event semantics.

7.2.2 Meta Learning for Joint Information Extraction

In Chapter 5, we have proposed to use an adaptive task balancing method for

optimising Joint IE learning. Our proposed method which is based on first-order

gradient descent achieves good performance. However, task relationships can be

complex and dynamic, requiring more sophisticated approaches to e”ectively cap-

ture and leverage these dependencies [134, 135]. To address this challenge, future

work could explore the application of meta-learning techniques to enhance the

adaptability and generalization of Joint IE models across diverse tasks and do-

mains. By incorporating meta-learning, we could potentially develop models that

can quickly adjust to new tasks with minimal data, thereby improving the e!ciency

and robustness of the learning process.

Meta-learning, often referred to as “learning to learn,” involves training models in

a way that allows them to learn new tasks more rapidly and with fewer data points.

In the context of Joint IE, future research could investigate how meta-learning can

provide significant benefits by enabling the model to better understand and exploit

the underlying structure of di”erent tasks. This approach could help in fine-tuning

the model’s parameters to be more sensitive to task-specific nuances, leading to

improved performance across varied IE scenarios. Moreover, by leveraging meta-

learning, we could create a more flexible and scalable framework for Joint IE,

capable of adapting to the evolving nature of information extraction tasks in real-

world applications. This enhancement would not only boost the model’s accuracy

but also reduce the computational resources required for training, making it a

practical solution for large-scale and dynamic environments.
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7.2.3 Few-Shot Event Extraction

In Chapter 3 and Chapter 4, we have investigated semantics-based and syntax-

based EE methods, which are fully supervised learning. Few-shot event extraction,

in contrast, represents a promising direction for future work, which reduces the

dependency on large annotated datasets. In few-shot event extraction, the goal is

to develop models that can accurately identify and extract events from text with

only a small number of annotated examples per event type. This is of importance to

many domains as generating a large-scale annotated dataset for a specific problem

is often expensive. Ma et al. [136] evaluated 12 existing methods on three datasets

for few-shot Event Detection, and suggested the potential of leveraging LLMs for

few-shot ED.

Few-shot learning leverages techniques such as meta-learning, transfer learning,

and prototype networks to generalize from limited examples, and future work in

Event Extraction (EE) could adapt these techniques to train models that handle

new event types with minimal annotated data by capturing shared structures and

semantics. Integrating few-shot learning into EE promises practical and scalable

solutions, especially in data-scarce domains, and future research should develop ro-

bust evaluation frameworks and explore combining few-shot learning with existing

methods to create accurate, e!cient, and versatile models for diverse real-world

event data.





List of Author’s Awards,

Publications and Submitted

Works

Awards

• Best Student Paper Award, “Semantic Pivoting Model for E”ective Event

Detection.” at the 14th Asian Conference on Intelligent Information and

Database Systems (ACIIDS), 2022.

Publications1

• Anran Hao, Jian Su, Shuo Sun, Teo Yong Sen, “Soft Syntactic Reinforce-

ment for Neural Event Extraction.” Annual Conference of the North Amer-

ican Chapter of the Association for Computational Linguistics (NAACL),

2025 (accepted).

• Anran Hao*, Haohan Yuan*, Siu Cheung Hui, Jian Su, “E”ective Type

Label-based Synergistic Representation Learning for Biomedical Event Trig-

ger Detection.” BMC Bioinformatics, 2024.

• Anran Hao, Anh Tuan Luu, Siu Cheung Hui, Jian Su, “A contrastive learn-

ing framework for Event Detection via semantic type prototype representa-

tion modelling.” Neurocomputing, Volume 556, 1 November 2023.

1The superscript → indicates joint first authors.

91



92 List of Author’s Awards, Publications and Submitted Works

• Anran Hao, Siu Cheung Hui, Jian Su, “Semantic Pivoting Model for Ef-

fective Event Detection.” In proceedings of the 14th Asian Conference on

Intelligent Information and Database Systems (ACIIDS), 2022.

Submitted Works

• Anran Hao, Shuo Sun, Jian Su, Siu Cheung Hui, Anh Tuan Luu, “Dynamic

Task Balancing for Joint Information Extraction.” Submitted to Neurocom-

puting, 2024.



Bibliography

[1] Ralph Grishman. Twenty-five years of information extraction. Natural Lan-
guage Engineering, 25(6):677–692, 2019. doi: 10.1017/S1351324919000512.
1, 2, 23

[2] David Ahn. The stages of event extraction. In Branimir Boguraev, Rafael
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David Traum, and Llúıs Màrquez, editors, Proceedings of the 57th Annual
Meeting of the Association for Computational Linguistics, pages 5259–5267,
Florence, Italy, July 2019. Association for Computational Linguistics. doi:
10.18653/v1/P19-1519. URL https://aclanthology.org/P19-1519. 10

[21] Jian Liu, Yubo Chen, Kang Liu, and Jun Zhao. Neural cross-lingual event
detection with minimal parallel resources. In Kentaro Inui, Jing Jiang,
Vincent Ng, and Xiaojun Wan, editors, Proceedings of the 2019 Confer-
ence on Empirical Methods in Natural Language Processing and the 9th
International Joint Conference on Natural Language Processing (EMNLP-
IJCNLP), pages 738–748, Hong Kong, China, November 2019. Associa-
tion for Computational Linguistics. doi: 10.18653/v1/D19-1068. URL
https://aclanthology.org/D19-1068. 10, 42

[22] Ananya Subburathinam, Di Lu, Heng Ji, Jonathan May, Shih-Fu Chang,
Avirup Sil, and Clare Voss. Cross-lingual structure transfer for relation and
event extraction. In Kentaro Inui, Jing Jiang, Vincent Ng, and Xiaojun Wan,
editors, Proceedings of the 2019 Conference on Empirical Methods in Natural
Language Processing and the 9th International Joint Conference on Natural
Language Processing (EMNLP-IJCNLP), pages 313–325, Hong Kong, China,
November 2019. Association for Computational Linguistics. doi: 10.18653/
v1/D19-1030. URL https://aclanthology.org/D19-1030. 10

[23] Yaojie Lu, Hongyu Lin, Xianpei Han, and Le Sun. Distilling discrimination
and generalization knowledge for event detection via delta-representation
learning. In Anna Korhonen, David Traum, and Llúıs Màrquez, editors,
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[73] Gökcen Eraslan, Žiga Avsec, Julien Gagneur, and Fabian J Theis. Deep
learning: new computational modelling techniques for genomics. Nature Re-
views Genetics, 20(7):389–403, 2019. 16

[74] Jörg Fliege and Benar Fux Svaiter. Steepest descent methods for multicriteria
optimization. Mathematical Methods of Operations Research, 51(3):479–494,
2000. 17, 60, 61, 67

[75] Xi Lin, Hui-Ling Zhen, Zhenhua Li, Qing-Fu Zhang, and Sam Kwong. Pareto
multi-task learning. In Advances in Neural Information Processing Systems,
volume 32, pages 12060–12070. Curran Associates, Inc., 2019. 17, 18, 19, 61,
66, 68

[76] Debabrata Mahapatra and Vaibhav Rajan. Multi-task learning with user
preferences: Gradient descent with controlled ascent in pareto optimization.
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