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ABSTRACT OF THE DISSERTATION

Towards Universal Event Extraction

by

Tanmay Devendra Parekh

Doctor of Philosophy in Computer Science
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Professor Kai-Wei Chang, Co-Chair

Extracting structured knowledge from unstructured text "in the wild" remains a fun-
damental challenge for Al, often bottlenecked by data scarcity and the brittle reasoning
of standard models in specialized domains. This dissertation introduces a unified frame-
work for Universal Event Extraction that successfully bridges the gap between open-domain
generalizability and high-stakes real-world applications. To drive this generalizability, we
propose targeted synthetic data generation pipelines that dynamically adapt to novel schemas
and domains, overcoming the manual annotation bottleneck. Simultaneously, to resolve the
discriminative reasoning failures of off-the-shelf language models, we architect specialized
multi-agent frameworks that enhance planning and reasoning by decomposing complex ex-
traction into iterative, verifiable steps. Crucially, this combined approach can now extract
arbitrary event types across new languages and domains in completely zero-shot and low-
resource settings. Grounding the application of this universal paradigm, we demonstrate
its profound real-world efficacy by successfully deploying it for automated global epidemic
forecasting. Ultimately, this thesis establishes a scalable foundation for transforming raw
text into structured event graphs, powering deeper semantic understanding and strategic

decision-making for next-generation Al models.
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Chapter 1

Introduction

In an era characterized by unprecedented unstructured textual data, it is imperative to
rapidly and accurately distill complex narratives into actionable, machine-readable knowledge.
Event Extraction (EE) serves as this critical computational bridge, transforming raw text
into structured representations of "who did what to whom, when, and where" [37|. This
transformation has directly improved various downstream systems across various disciplines,
ranging from automated financial forecasting [254], biomedical reasoning [114], knowledge

graph construction [179] to real-time epidemiological surveillance [164, 163].

Traditional EE frameworks remain fundamentally under-utilized owing to their rigidity.
These frameworks, developed on predefined limited event ontologies, fail to generalize to the
long-tail of dynamic, real-world event occurrences |73|. This severely limits the utility of
EE to broader range of real-world specialized tasks and domains. Recently, Large Language
Models (LLMs) have offered stronger semantic understanding and generative capabilities that
challenge these historical generalization barriers. However, even LLMs perform poorly on EE
out of the box [86], owing to the extensive domain knowledge and the strong discriminative

reasoning that the task Event Extraction demands (Chapter 2).

To this end, my thesis champions the paradigm of Universal Event Extraction — a

vision that entails the development of robust, real-world adaptable frameworks capable of



extracting structured information for any event type, from any domain, and across any
language. Realizing this vision requires advancing two distinct tracks: Generalizability and
Applications. First, the Generalizability track demands enhancing models and datasets
to maintain broad coverage across unseen event types, diverse text domains, and low-
resource languages. To drive this generalizability, I leverage synthetic data generation to
resolve persistent data scarcity, alongside multi-agent frameworks that inject the strategic
reasoning necessary to improve the extraction capabilities of off-the-shelf LLMs. Second, the
Applications track requires bridging the gap between these theoretical extraction capabilities
and the diverse, practical demands of downstream tasks.

First, this thesis discusses the task of Event Extraction and provides a comprehensive
background of the current research landscape in Chapter 2. Subsequently, I discuss works

tackling these distinct challenges:

e GENEVA (Chapter 3): This work, focused on improving ontology generalization,
introduced the largest event ontology and EE dataset in terms of argument role diversity
by repurposing existing Semantic Role Labeling (SRL) data. This work pioneers the
challenge of non-entity-based argument roles, significantly expanding the summarization

capacity of EE.

e CLaP (Chapter 4): Addressing cross-lingual generalizability, in this work, we propose
a novel technique of contextual machine translation using instruction-tuned language
models for structured label projection. This approach yields highly accurate label
translations and improves downstream performance across 47 languages, including 10

extremely low-resource languages.

e DiCoRe (Chapter 5): This work introduces a divergent-convergent multi-agent
reasoning framework designed to elicit more accurate and comprehensive event struc-
tures from LLMs. The core mechanism to improve LLMs’ reasoning is achieved by

unconstraining the task in multiple stages.



e SNaRe (Chapter 6): To address data scarcity and reduce expert annotation costs,
we propose a multi-agent data generation pipeline. Specifically, this work introduces
domain-specific signals to the paradigm of inverse data generation to synthesize high-
quality, complex training data, that can be utilized to train downstream models. Overall,

this work paves the way for scalable EE with limited manual annotation.

e SPEED/SPEED-++ (Chapter 7): This work, comprising two sub-works, is focused
on demonstrating a strong application of EE for epidemiology. Specifically, we developed
the first social media multilingual EE framework for monitoring and detecting upcoming
epidemics. This involved creating a disease-agnostic epidemiological event ontology,
corresponding EE datasets, and developing zero-shot cross-lingual EE models. On the
application front, we utilized our models for cross-disease, cross-language epidemic
forecasting and epidemic monitoring for public health tasks using real-world social

media data.

Finally, I outline some existing open challenges and propose future directions necessary

to fully realize the vision of Universal Event Extraction in Chapter 8.



Chapter 2

Background and Related Works

This thesis is primarily focused on the task Event Extraction. In this chapter, we provide a
formal background of the task and discuss related works in this field that lay the foundation

for our proposed work later.

2.1 Task Definition: Event Extraction

For the majority of our works, we follow the technical definitions for the task of event
extraction as provided by Doddington et al. [37] (except for Chapter 3 where we provide the
adjusted definitions in Section 3.2.1). We describe the important terminologies for this task
along with some examples below.

An event is loosely defined as something that happens. Alternatively, it’s also described
as a specific occurrence that involves some participants. For our works, we limit the scope
of events to a sentence or a few sentences; in contrast to other works [65, 121, 212] which
discuss events across an entire document. Each event is associated with a specific event
name, which is a semantically understood name for the event. The event name is also
associated with an event definition, which elaborates the underlying meaning of the event
name. Typically, the possible set of event names and definitions are pre-defined as part of the

event ontology. An example event ontology comprising three event types Attack, Sentence,
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Attack Sentence Start Position

Attacker Target Place Defendant Place Adjudicator Person Entity Place
Instrument Agent Event Argument
Names Roles

Figure 2.1: Example event ontology derived as a subset of the ACE [37] event ontology.
The yellow boxes indicate the event names and the orange boxes indicate the corresponding
argument roles (as shown in the legend in the bottom right). Event and argument role
definitions are omitted in this figure.

and Start Position, is shown in Figure 2.1 which is a subset of the ACE [37] event ontology.
An event mention is defined as the natural language sentence(s) in which the event is
mentioned /described. By nature, there can be sentences with no events; while a single event
mention can have multiple events in it. To distinguish events in the sentence, each event is
also associated with an event trigger. Event triggers are typically single-word, but rarely
span multiple words as well. An example event mention with the corresponding trigger word
and event type is shown in Figure 2.2.

Event arguments are defined as the participants that provide salient and specific
information /components of the event. An event mention can comprise zero to multiple
arguments. Each argument is also associated with a specific argument role, representing
the semantic category of the information the argument describes. Each argument role is also
accompanied by an argument role definition, which elaborates on the semantic meaning
of the argument role. Both argument roles and definitions are also pre-defined in the event
ontology. Argument roles are a unique characteristic for each event type; thus each event
type can have different sets of argument roles, as shown in Figure 2.1. Simultaneously,
different event types can share the same argument role as well (e.g. Place argument role
is shared for all three event types in the event ontology in Figure 2.1). Similar to event
mentions, an argument mention is the natural language sentence(s) where the argument is
mentioned. Arguments are typically entities in the argument mentions, but we also explore

non-entity arguments in Chapter 3. An example of arguments and their corresponding roles



Leadership Event Detection

King Hammurabi led Babylon to victory
‘ Y e Event Argument
Extraction

Figure 2.2: Illustration of the task of Event Extraction (EE). Event Detection (ED) extracts
the trigger word (led) and classifies into the event type Leadership. Event Argument Extraction
(EAE) uses this information to extract the arguments (King Hammurabi and Babylon) and
classify them into their respective roles (Leader and Governed). The joint extraction of the
events and the arguments is the task of Event Extraction.

is shown in Figure 2.2.

The overall task of Event Extraction (EE) is usually split as two subtasks:

1. The first subtask of Event Detection (ED) aims to identify the event triggers from
the sentence and classify them into the pre-defined set of event types (as defined in
the event ontology). This subtask is typically evaluated using F1 scores for Trigger
Identification (Tri-I) i.e. identification of event triggers, and Trigger Classification

(Tri-C) i.e. classification of identified triggers into the pre-defined event types [7].

2. The second subtask of Event Argument Extraction (EAE) utilizes the given event
in the sentence to extract the arguments corresponding to this event from the sentence
and classify them into the pre-defined event-specific argument roles. Note that the event
trigger and corresponding event type are provided as inputs for this task. This task
is evaluated using F1 scores for Argument Identification (Arg-I) i.e. identification of
arguments, and Trigger Classification (Arg-C) i.e. classification of identified arguments

into the pre-defined roles |[7].

The joint extraction of the events and the corresponding arguments from the sentence is the
motive of the task of Event Extraction (EE). Naturally, it is evaluated using the F1 scores
for Tri-I, Tri-C, Arg-I, and Arg-C. An illustration of this task along with the two subtasks is

shown in Figure 2.2.



2.2 Background and Limitations: Datasets and Models

In this section, we discuss the previous works for creating EE datasets and models, along

with their limitations with respect to generalizability and applicability.

Event Extraction Datasets: The two most commonly used datasets for Event Extraction
include ACEO05 [37] and RichERE [196] (also known as ERE) - both of which focus on the
news domain covering a limited number of 33 event types and 22 argument roles. These
datasets are also 10-20 years old and are distributionally divergent to the current data trends.
Later, RAMS [45] neutralized this distributional gap along with wider range of event types,
but they as well focus on the news domain. MAVEN [220] introduced a large ED dataset
with 168 event types in the general domain. FewEvent [33|, another general domain ED
dataset, introduces the few-shot setting for ED. Next, WikiEvents [121] introduced a large
document-level dataset in the Wikipedia domain MEE [171] was another dataset in the
Wikipedia domain focusing on limited event types, but introducing multilingual annotations
in eight languages. Recently, GLEN [122] introduced a 1000+ event type dataset for ED
which is partially LLM-generated. M?E? [117] and VOANews [119] also introduce event
extraction in the multimodal domain. There have been some domain-specific datasets as
well including MLEE [173], Genia2011 [95], and Genia2013 [96] from the biomedical domain;
CASIE [184] from the cybersecurity domain; PHEE [203| from the pharmacovigilance domain.

In terms of generalizability, most datasets except RAMS, FewEvent, and MAVEN have
a limited event type coverage. Furthermore, all of these datasets focus only on a smaller
limited set of argument roles. This demonstrates the shortcoming of limited event coverage.
In terms of domain coverage, there have been a recent spread of datasets across different
domains, but the major modeling benchmarking is still done on the earlier datasets of ACE
and ERE. The specialized in-domain are never used outside the application-specific models
for benchmarking. This introduces domain specificity in various models, as is highlighted

in Huang et al. [86]. From a multilingual perspective, only ACE [37] and MEE [171] have
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non-English annotations, and cover only up to 10 unique languages in total, underlining the

language diversity in EE.

Event Extraction Models: There are two major paradigms of EE modeling: (1) Pipelined
and (2) End-to-end. Pipelined models train on the subtasks of ED and EAE independently
and during inference, use these independent models in a pipelined fashion. End-to-end
modeling combines both the annotations and trains a joint EE model. Some models are

flexible to train/infer using both paradigms, but most models adhere to one of the two.

Following [86], we can organize the different EE models into three major categoriza-
tions: (1) Joint training models, the pure end-to-end fashion models, including models like
DyGIE++ [216], OnelE [125], and AMR-IE [253]|. (2) Classification-based models, that
utilize a classification head over a base model to classify the different event types/argument
roles. The base model can be a simple token embedding (82|, a sequential labeling model
[74, 122], a question-answering model [42, 218], or a machine comprehension model [127]. (3)
Generation-based models, that utilize generative models to reformulate event extraction as
conditional generation. These include models like BART-Gen [121], DEGREE [73], PAIE
[135], and AMPERE |[76].

In practical downstream applications, we majorly face new event types which may not
be defined in the existing EE datasets. Most of the models are confined to restricted sets of
event types, domains, and languages on which they are trained on - thus cannot generalize to
wider and new set of event types. To introduce this ability to generalize to these new event
types, various works work in the direction of zero-shot EE, which assumes no training on
new event types, with limited/no training on a set of base event types. These works majorly
include techniques utilizing transfer learning [87], word sense disambiguation (WSD) [241],
modeling event definitions [251], or utilizing label semantics [42, 250, 133, 73|. But these
works perform poorly at an absolute scale making them unusable for practical downstream

applications. Furthermore, there are only limited works which focus on generalizing across
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domains and languages |6, 85] and this area is largely unexplored.

Event Extraction in the era of LLMs: Recent years have witnessed the rise of Large
Language Models (LLMs) like ChatGPT [18], Llama [213, 214|, Mixtral [91], etc. which have
practically solved many NLP tasks using their in-context and emergent reasoning capabilities
[225, 174|. Several works [56, 86| have utilized these LLMs through various prompts and
chat-styled approaches, but all of them conclude that there is a significant gap between the
in-context LLM performance and fine-tuned models on this task. This indicates how the
deeper semantic reasoning and the requirement of a structured output can be a challenging

task even for large language models, as also noted in [112, 86].

Event Extraction and practical applications: Some works have explored the usage of
EE for other related NLP tasks like temporal relation extraction [66], building knowledge
graphs [249], question-answering [16], and bias detection [202]. Hogenboom et al. 72|, Yadav
et al. [234] survey EE for usage in decision support, while there have been various works in
the clinical domains partially utilizing EE for drug discovery [219], adverse case detection
[178], workflow optimizations [78]. Some works [108, 140]| in the epidemiological domains
for surveillance also utilize some concepts from EE. Overall, there has been some academic
discussion and exploration on the applicability of EE for practical purposes, but this direction
of research still does not utilize the complete potential of EE and remains largely unexplored

with respect to broader disciplines like law, finance, policymaking, etc.

2.3 Is Event Extraction solved by LLMs?

As Large Language Models (LLMs) demonstrate remarkable proficiency across a spectrum of
applications — from basic sentiment analysis to complex mathematical reasoning — a natural
question arises: is the specialized study of Event Extraction (EE) still relevant, or have

LLMs already "solved" this task? The empirical evidence indicates that, despite their broad
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capabilities, off-the-shelf LLMs remain notably deficient at structural event extraction.

Recent surveys [86] have documented the performance deficits of zero-shot LLMs when
compared to fully supervised, smaller language models. To provide a fresh perspective on
this reasoning gap, we evaluate recent, state-of-the-art LLMs against two foundational EE
datasets: ACE 2005 [37] and MAVEN [220], as illustrated in Figure 2.3.

Measuring performance via the F1 score for event trigger classification reveals a stark
contrast. On the widely established ACE dataset — where the risk of data contamination and
memorization by closed-source LLMs is highest — the best fine-tuned, task-specific models
still outperform state-of-the-art closed LLMs by 9 to 10%. This disparity drastically widens
on the more recent and structurally challenging MAVEN dataset, where the performance gap
increases to 22 to 25%. Furthermore, when evaluating open-weights LLMs, the deficits are
even more pronounced, trailing supervised baselines by 25 to 40% across both datasets.

These findings underscore a critical finding: Event Extraction is not yet a solved problem
in the era of generative AI. Addressing this discriminative reasoning gap is one of the primary
motivation of this dissertation, which seeks to bridge the divide by architecting specialized
multi-agent frameworks that harness the latent reasoning and generative power of LLMs for

high-fidelity event extraction.
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Chapter 3

GENEVA: Benchmarking Generalizability
for Event Argument Extraction with

Hundreds of Event Types and Argument
Roles

Recent works have focused on building generalizable EAE models [87, 133, 182| and they
utilize existing datasets like ACE [37] and ERE [196] for benchmarking. However, as shown
in Figure 3.1, these datasets have limited diversity as they focus only on two abstract types,
Action and Change. Furthermore, they have restricted coverage as they only comprise
argument roles that are entities. The limited diversity and coverage restrict the ability of
these existing datasets to robustly evaluate the generalizability of EAE models. Toward this
end, we propose a new generalizability benchmarking dataset GENEVA in our work.

To build a strong comprehensive benchmarking dataset, we first create a large and diverse
ontology. Creating such an ontology from scratch is time-consuming and requires expert

knowledge. To reduce human effort, we exploit the shared properties between semantic role

LAbstract event types are defined as the top nodes of the event ontology created by MAVEN [220].
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Figure 3.1: Distribution of event types into various abstract event types' for GENEVA, ACE
[37], ERE [196], RAMS [45], and WikiEvents [121] datasets. We observe that GENEVA is
relatively more diverse than the other datasets.

labeling (SRL) and EAE 3] and leverage a diverse and exhaustive SRL dataset, FrameNet
[14], to build the ontology. Through extensive human expert annotations, we design mappings
that transform the FrameNet schema to a large and diverse EAE ontology, spanning 115
event types from five different abstract types. Our ontology is also comprehensive, comprising

220 argument roles with a significant 37% of roles as non-entities.

Utilizing this ontology, we create GENEVA - a Generalizability BENchmarking Dataset
for EVent Argument Extraction. We exploit the human-curated ontology mappings to
transfer FrameNet data for EAE to build GENEVA. We further perform several human
validation assessments to ensure high annotation quality. GENEVA comprises four test suites
to assess the models’” ability to learn from limited training data and generalize to unseen
event types. These test suites are distinctly different based on the training and test data

creation — (1) low resource, (2) few-shot, (3) zero-shot, and (4) cross-type transfer settings.

We use these test suites to benchmark various classes of EAE models - traditional

classification-based models [216, 125, 218|, question-answering-based models [42], and genera-
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tive approaches [159, 73|. We also introduce new automated refinements in the low resource
state-of-the-art model DEGREE [73| to generalize and scale up its manual input prompts.
Experiments reveal that DEGREE performs the best and exhibits the best generalizability.
However, owing to non-entity arguments in GENEVA, DEGREE achieves an F1 score of
only 39% on the zero-shot suite. Under a similar setup on ACE, DEGREE achieves 53%,
indicating how GENEVA poses additional challenges for generalizability benchmarking.

Overall, in this chapter, our work makes the following contributions. (1) We construct
a diverse and comprehensive EAE ontology introducing non-entity argument roles. This
ontology can be utilized further to develop more comprehensive datasets for EAE. (2) We
propose a generalizability evaluation dataset GENEVA and benchmark various recent EAE
models. (3) We show how GENEVA is a challenging dataset, thus, encouraging future
research for generalization in EAE.

We first introduce some related works in Section 3.1. Then we discuss how we create our
ontology based on the FrameNet dataset with detailed steps in Section 3.2. Next, we discuss
how we create our dataset based on this ontology, provide some statistics and introduce our
benchmarking setups in Section 3.3. We finally present the results of benchmarking various
models on our dataset along with deeper analysis to show how our dataset can be challenging

in Section 3.4. The work in the chapter has been published in Parekh et al. [161].

3.1 Background and Related Works

Since our work introduces a new dataset and benchmarks various models on it, we majorly

discuss and recap some existing Event Extraction datasets and models in this section.

Event Extraction Datasets and Ontologies The earliest datasets in event extraction
date back to MUC [204, 61|. Doddington et al. [37] introduced the standard dataset ACE
while restricting the ontology to focus on entity-centric arguments. The ACE ontology was

further simplified and extended to ERE [196] and various TAC KBP Challenges [47, 48, 59].
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These datasets cover a small and restricted set of event types and argument roles with limited
diversity. Later, MAVEN [220] introduced a massive dataset spanning a wide range of event
types. However, its ontology is limited to the task of Event Detection ? and does not contain
argument roles. Recent works have introduced document-level EAE datasets like RAMS
[45], WikiEvents [121], and DocEE [212]; but their ontologies are also entity-centric, and
their event coverage is limited to specific abstract event types (Figure 3.1). In our work, we
focus on building a diverse and comprehensive dataset for benchmarking generalizability for

sentence-level EAE.

Event Argument Extraction Models Traditionally, EAE has been formulated as a
classification problem [147|. Previous classification-based approaches have utilized pipelined
approaches [238, 216] as well as incorporating global features for joint inference [120, 236, 125].
However, these approaches exhibit poor generalizability in the low-data setting [127, 73].
To improve generalizability, some works have explored better usage of label semantics by
formulating EAE as a question-answering task [127, 116, 42|. Recent approaches have explored
the use of natural language generative models for structured prediction to boost generalizability
[186, 188, 159, 121]. Another set of works transfers knowledge from similar tasks like abstract
meaning representation and semantic role labeling [87, 133, 250]. DEGREE [73] is a recently
introduced state-of-the-art generative model which has shown the best performance in the
limited data regime. In our work, we benchmark the generalizability of various classes of old

and new models on our dataset.

3.2 Ontology Creation

Event annotations start with ontology creation, which defines the scope of the events and
their corresponding argument roles of interests. Towards this end, we aim to construct a large

ontology of diverse event types with an exhaustive set of event argument roles. However,

2Event Detection aims at only identifying the event type documented in the sentence.
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[ Event Type: Destroying ]

‘The subsequent explosions: obliterated the museum
T ‘—V—'

Figure 3.2: An illustration of EAE for the Destroying event comprising argument roles of
Cause and Patient.

it is a challenging and tedious task that requires extensive expert supervision if building
from scratch. To reduce human effort while maintaining high quality, we leverage the shared
properties of SRL and EAE and utilize a diverse and comprehensive SRL dataset — FrameNet

to design our ontology.

3.2.1 Task Definition

In this work, we follow an alternate definition of event as a class attribute with values such
as occurrence, state, or reporting [172, 67|. Following the early works of MUC [204, 61],
event arguments are defined as participants in the event that provide specific and salient
information about the event. Event argument role is the semantic category of the
information the event argument provides. We illustrate in Figure 3.2 describing an event
about “Destroying”, where the event trigger is obliterated, and the event consists of argument
roles — Cause and Patient.

It is worth mentioning that these definitions are disparate from the ones that previous
works like ACE, and its inheritors, ERE and RAMS, follow. In ACE, the scope of events is
restricted to the attribute of occurrence only, and event arguments are restricted to entities,
wherein entities are defined as objects in the world. * For example, in Figure 3.2, the
subsequent explosions isn’t an entity and will not be considered an argument as per ACE
definitions. Consequently, Cause won’t be part of their ontology. This exclusion of non-
entities leads to incomplete information extraction of the event. In our work, we follow MUC

to consider a broader range of events and event arguments.

3www.1ldc.upenn.edu/sites/www.ldc.upenn.edu/files/english-entities-guidelines-v6.6.pdf
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Destiny

Events

Figure 3.3: Illustration of challenges in using FrameNet for EAE - Not all frames are events,
and not all frame elements are argument roles.

3.2.2 FrameNet for EAE

To overcome the challenge of constructing an event ontology from scratch, we leverage
FrameNet, a semantic role labeling (SRL) dataset, to help our ontology creation. The
similarity between SRL and EAE [3] provides us with the ground for leveraging FrameNet.
SRL assigns semantic roles to phrases in the sentence, while EAE extracts event-specific
arguments and roles from the sentence. Hence, selecting event-related parts of a fine-grained
SRL dataset can be considered as an exhaustively annotated resource for EAE.

We choose FrameNet? [14] as the auxiliary SRL dataset since it is one of the most
comprehensive SRL resources. It comprises 1200+ semantic frames [52], where a frame is a
holistic background that unites similar words. ® Each frame is composed of frame-specific
semantic roles (frame elements) and is evoked by specific sets of words (lexical units).

To transfer FrameNet’s schema into an EAE ontology, we map frames as events, lexical
units as event triggers, and frame elements as argument roles. However, this basic mapping is
inaccurate and has shortcomings since not all frames are events, and not all frame elements
are argument roles per the definitions in § 3.2.1. We highlight these shortcomings in Figure 3.3,

which enlists some FrameNet frames and frame elements for the Arrest frame. Based on EAE

4FrameNet Data Release 1.7 by http://framenet.icsi.berkeley.edu is licensed under a Creative
Commons Attribution 3.0 Unported License.
Swww.web.stanford.edu/"~ jurafsky/s1p3/19.pdf
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definitions, only some frames like Arrest, Travel, etc (highlighted in yellow) can be mapped
as events, and similarly, limited frame elements like Authorities, Charges, etc (highlighted in

green) are mappable as argument roles.

3.2.3 Building the EAE Ontology

To overcome the shortcomings of the basic mapping, we follow a two-step approach (Figure 3.4)

and describe them in detail below.

Event Ontology To build the event ontology, we utilize the event mapping designed by
MAVEN |[220], which is an event detection dataset. They first recursively filter frames having
a relation with the “Event" frame in FrameNet. Then they manually filter and merge frames
based on the definitions, resulting in an event ontology comprising 168 event types mapped

from 289 filtered frames.

Event Argument Ontology To augment argument roles to the event ontology, we perform
an extensive human expert annotation process. The goal of this annotation process is to
create an argument mapping from FrameNet to our ontology by filtering and merging frame
elements. Annotators are provided with a list of frame elements along with their descriptions
for each frame in the event ontology. ¢ They are also provided with definitions for events
and argument roles as discussed in Section 3.2.1. Based on these definitions, they are asked
to annotate each frame element as (a) not an argument role, (b) an argument role, or (c)
merge with existing argument role (and mention the argument role to merge with). To ensure
arguments are salient, annotators are instructed to filter out super-generic frame elements
(e.g., Time, Place, Purpose) unless they are relevant to the event. Additionally, annotators
are asked to classify each argument role as an entity or not. This additional annotation

provides flexibility for quick conversion of the ontology to ACE definitions.

SEvent ontology frames can be viewed as candidate events.
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Figure 3.4: Illustration of the GENEVA creation from FrameNet labeled sequentially by the
crucial steps. First, an event ontology is created using the MAVEN schema. Then, human
expert annotations are used to create the event argument ontology. The event ontology is
then calibrated using the argument ontology. Finally, data is transferred from FrameNet to

GENEVA.

We recruited two human experts who are well-versed in the field of event extraction. We
conduct three rounds of annotations and discussions to improve consistency and ensure a
high inter-annotator agreement (IAA). The final IAA measured as Cohen’s Kappa [137] was
0.82 for mapping frame elements and 0.94 for entity classification. A total of 3,729 frame
elements from 289 frames were examined as part of the annotation process. About 63% frame
elements were filtered out, 14% were merged, and the remaining 23% constitute as argument

roles.

Event Ontology Calibration The MAVEN event ontology is created independent of
the argument roles. This leads to some inaccuracies in their ontology wherein two frames
with disparate sets of argument roles are mapped as a single event. For example, Surren-
dering possession and Surrendering frames are merged together despite having different
argument roles. Based on our human expert-curated event argument ontology, we rectify

these inaccuracies (roughly 8% of the event ontology) and create our final ontology.
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ACE RAMS Full| GENEVA

# Event Types 33 139 179 115
# Abstract Event Types 2 3 5 5
# Argument Roles (AR) 22 65 362 220
Avg. # AR per Event 4.75 3.76 4.82 3.97
% Entity AR 100%  100% 65% 63%
% Non-Entity AR 0% 0% 35% 3%

Table 3.1: Full and GENEVA ontology Statistics. AR = Argument Role. An ontology covers
an abstract type if it has 5+ events of that abstract type. Entity AR refers to argument roles
that are entities.

3.2.4 Ontology Statistics

We present the statistics of our full ontology in Table 3.1 and compare it with existing ACE
[37] and RAMS [45] ontologies. We use a subset of this Full ontology for creating GENEVA
and include the statistics of the GENEVA ontology in the last column in Table 3.1. Overall,
our curated full ontology is the largest and most comprehensive, as it comprises 179 event
types and 362 argument roles. Defining abstract event types as the top nodes of the ontology
tree created by MAVEN [220], we show that our ontology spans 5 different abstract types
and is the most diverse. Our ontology is also dense with an average of 4.82 argument roles
per event type. Finally, we note that a significant 35% of the event argument roles in our
ontology are non-entities. This demonstrates how our ontology covers a more comprehensive
range of argument roles than other ontologies following ACE definitions of entity-centric
argument roles.

In Figure 3.5, we organize our ontology into a hierarchy of the five abstract event types -
Action, Change, Scenario, Sentiment, and Possession - as mentioned in the hierarchical tree
structure introduced in MAVEN][220]. We show the extent of the overlap of the mapped
ACE events in the GENEVA event schema (text labels colored in red). © We can observe
that although there is some overlap between the datasets, GENEVA brings in a vast pool of

new event types.

"We only show the events that could be directly mapped from ACE to GENEVA. Note that this overlap
is not exhaustively complete. Furthermore, the mapping can be many-to-one and one-to-many in nature.
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Figure 3.5: Circular bar plot for the various event types present in the GENEVA dataset
organized into abstract event types. The height of each bar is proportional to the number of
event mentions for that event (height is in log scale). Bar labels colored in red are the set of
overlapping event types mapped from the ACE dataset.

3.3 GENEVA Dataset

Previous EAE datasets for evaluating generalizability like ACE and ERE have limited event

diversity and are restricted to entity-centric arguments. To overcome these issues, we utilize
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our ontology to construct a new generalizability benchmarking dataset GENEVA comprising

four specialized test suites.

3.3.1 Dataset Creation

Since annotating EAE data for our large ontology is an expensive process, we leverage the
annotated dataset of FrameNet to create GENEVA (Figure 3.4). We utilize the previously
designed ontology mappings to repurpose the annotated sentences from FrameNet for EAE by
mapping frames to corresponding events, lexical units to event triggers, and frame elements
to corresponding arguments. Since FrameNet doesn’t provide annotations for all frames,
some events from the full ontology are not present in our dataset (e.g. Military Operation).
Additionally, to aid better evaluation, we remove events that have less than 5 event mentions
(e.g. Lighting). Finally, GENEVA comprises 115 event types and 220 argument roles, as
shown in Table 3.1.

Ontology Quality Assessment We present the human annotators with three sentences -
one primary and two candidates - and ask them if the event in the primary sentence is similar
to the events in either of the candidates or distinct from both. One candidate sentence is
chosen from the frame merged with the primary event, while the other candidate is chosen
from a similar unmerged sister frame. The annotators chose the merged frame candidates
87% of the times, demonstrating the high quality of the ontology mappings. This validation

was done by three annotators over 61 triplets with 0.7 TAA measured by Fleiss’ kappa [54].

Annotation Comprehensiveness Assessment Human annotators are presented with
annotated samples from our dataset and they are asked to report if there are any arguments
in the sentence that have not been annotated. The annotation is considered comprehensive if
all arguments are annotated correctly. The annotators reported that the annotations were
89% comprehensive, ensuring high dataset quality. This assessment was done by two experts

over 100 sampled annotations with 0.93 TAA measured by Cohen’s kappa [137].
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#Event +#Arg Avg. Event Avg. Arg

Dataset Types Types Mentions Mentions
ACE 33 22 153.18 274.55
ERE 38 21 191.76 499
GENEVA 115 220 65.26 55.77

Table 3.2: Statistics for different EAE datasets for benchmarking generalizability. The
second and third columns are the unique number of event types and argument roles. The
last two columns indicate the average number of mentions per event and argument role.

3.3.2 Data Analysis

The major statistics for GENEVA are shown in Table 3.2 along with its comparison with
ACE and ERE.

Diverse GENEVA has wide coverage with a tripled number of event types and 10 times the
number of argument roles relative to ACE/ERE. Figure 3.1 further depicts how ACE/ERE
focuses only on specific abstractions Action and Change, while GENEVA is the most diverse

with events ranging from 5 abstract types.

Challenging The average number of mentions per event type and argument role (Table 3.2)
is relatively less for GENEVA. Consequently, EAE models need to train from fewer examples

on average which makes training more challenging.

e
o N &
\
\

# Arguments in sentence

o N S (o)) ©
|
[

GENEVA ERE ACE
Datasets

Figure 3.6: Violin plots for number of arguments per sentence for ACE, ERE, and GENEVA
datasets.
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Dense We plot the distribution of arguments per sentence ® for ACE, ERE, and GENEVA
in Figure 3.6. We note that GENEVA has the highest density of 4 argument mentions per
sentence. Both ACE and ERE have more than 70% sentences with up to 2 arguments. In

contrast, GENEVA is denser with almost 50% sentences having 3 or more arguments.

Coverage From Figure 3.5, we observe frequent events like Statement, Arriving, Action
while Recovering, Emergency, Hindering are less-frequent events. In terms of diversity of
data sources, our data comprises a mixture of news articles, Wall Street Journal articles,
books, Wikipedia, and other miscellaneous sources too.

Overall, GENEVA is a dense, challenging, and diverse EAE dataset with good coverage.
These characteristics make GENEVA better-suited than existing datasets like ACE/ERE for

evaluating the generalizability of EAE models.

3.3.3 Benchmarking Test Suites

With a focus on the generalizability evaluation of EAE models, we fabricate four benchmarking

test suites clubbed into two higher-level settings:

Limited Training Data This setting mimics the realistic scenario when there are fewer
annotations available for the target events and evaluates the models’ ability to learn from
limited training data. We present two test suites for this setting:

e Low resource (LR): Training data is created by randomly sampling n event mentions. We
record the model performance across a spectrum from extremely low resource (n = 10) to
moderate resource (n = 1200) settings.

e Few-shot (FS): Training data is curated by sampling n event mentions uniformly across
all events. This sampling strategy avoids biases towards high data events and assesses the
model’s ability to perform well uniformly across events. We study the model performance

from one-shot (n = 1) to five-shot (n = 5).

8We remove no event mention sentences for ACE/ERE.
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Unseen Event Data The second setting focuses on the scenario when there is no annotation
available for the target events. This helps test models’ ability to generalize to unseen events

and argument roles. We propose two test suites:

e Zero-shot (ZS): The training data comprises the top m events with most data, where m
varies from 1 to 10.? The remaining 105 events are used for evaluation.

e Cross-type Transfer (CTT): We curate a training dataset comprising of events of a single
abstraction category (e.g. Scenario), while the test dataset comprises events of all other

abstraction types. This test suite also assesses models’ transfer learning strength.

3.4 Benchmarking Results

3.4.1 Models and Metrics

Overall, we benchmark six EAE models from various representative families:

Classification-based models: These traditional works predict arguments by learning to
trace the argument span using a classification objective. We experiment with three models:

(1) DyGIE++ [216], (2) OnelE [125], (3) Query&Extract [218].

Question-Answering models: Several works formulate event extraction as a machine

reading comprehension task. We consider two models: (4) BERT QA [42], (5) TE [133].

Generation-based models: Inspired by great strides in natural language generation,
recent works frame EAE as a generation task using a language-modeling objective. We
consider two such models: (6) TANL [159], (7) DEGREE |[73].

Following the traditional evaluation for EAE tasks, we report the micro F1 scores for
argument classification. To encourage better generalization across a wide range of events, we

also use macro F1 score that reports the average of F1 scores for each event type. For the

9We sample a fixed 450 sentences for training to remove the variance of dataset size for different m.
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Figure 3.7:  Model performance in macro F1 (top) and micro F1 (bottom) scores against the
number of training event mentions (log-scale) for the low resource suite. Each datapoint is
an average of 5 runs.

limited data test suites, we record a model performance curve, wherein we plot the F1 scores

against the number of training instances.

3.4.2 Limited Training Data

When trained on complete training data, we observe that OnelE and Query&Extract models
achieve poor micro F1 scores of just 30.03 and 40.41 while all other models achieve F1 scores
above 55. This can be attributed to the inability of their model designs to effectively handle
overlapping arguments. Due to their inferior performance, we do not include OnelE and
Query&Extract in the benchmarking results.

We present the model benchmarking results in terms of macro and micro F1 scores for the
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Figure 3.8: Model performance in macro F1 (top) and micro F1 (bottom) scores against the
number of training event mentions per event for the few-shot suite. Each datapoint is an
average of 5 runs.

low resource test suite in Figure 3.7 and for the few-shot test suite in Figure 3.8 respectively.
We observe that DEGREE outperforms all other models for both the test suites and shows
superior generalizability. In general, we observe that generation-based models show better
generalization while on the other hand, traditional classification-based approaches show
poor generalizability. This underlines the importance of using label semantics for better
generalizability. We also detect a stark drop from micro to macro F1 scores for TANL and
DyGIE++ in the low-resource test suite. This indicates that these models are more biased

toward high data events and do not generalize well uniformly across all events.
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Model | ZS-1 ZS-5 ZS-10 | CTT

TE* 7.54 7.54 7.54 | 6.39
BERT QA 5.05 21.53  24.24 | 11.17
DEGREE 24.06 34.68 39.43 | 27.9

Table 3.3: Model performance in micro F1 scores for the zero-shot (ZS) and cross-type
transfer (CTT) test suites. ZS-1, ZS-5, and ZS-10 indicate 1, 5, and 10 event types for
training respectively. Each datapoint is an average of 5 runs. *Not directly comparable as
TE doesn’t train on any data.

3.4.3 Unseen Event Data

We collate the results in terms of micro F1 scores for both the test suites in Table 3.3. Models
like DyGIE+-+ and TANL cannot support unseen events or argument roles and thus, we do
not include these models in the experiments for these test suites. TE cannot be trained on
additional EAE data, and hence we only report the pure zero-shot performance of this model.

From Table 3.3, we observe that DEGREE achieves the best scores across both test suites
outperforming BERT QA by a significant margin of almost 13-15% F1 points. Although TE is
not comparable as it is a pure zero-shot model (without training on any data), its performance
is relatively super low in both settings. Thus, DEGREE shows superior transferability to

unseen event types and argument roles.

3.4.4 Analysis

In this section, we provide analyses and case studies highlighting the insights and new

challenges introduced by GENEVA.

Large Language Model Performance Recently, there has been an advent of Generative
Al in the form of Large Language Models (LLMs) like GPT-3/4 [18], PaLM [26], Code4Struct
[221], and many more. We evaluate one of these models GPT3.5-turbo on the task of EAE on
the zero-shot test suite of GENEVA. More specifically, we provide 5 in-context examples from

top-10 events and evaluate test examples from the remaining 105 events. Our GPT-prompt
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Passage: Assistance in the establishment of a factory to assemble the
DPRK Scud variant missiles .

Event: creating. Trigger: The event trigger word is establishment
Query: The created entity is some created entity. The creator is some
creator. The cause is some cause.

Output: created entity is of a factory. The creator is some creator. The
cause is some cause.

Passage: And, despite Akbar Etemad ' s beliefs , the Western intelligence
community had long suspected that the Shah ' s nuclear scientists
conducted research into military applications .

Event: action. Trigger: The event trigger word is conducted

Query: The domain is some domain. The manner is some manner. The
agent is some agent. The act is some act.

Output: The domain is some domain. The manner is some manner. The
agent is the Shah ' s nuclear scientists. The act is research into military
applications.

Test Example

1
'weapons program is especially difficult . :
'Event: confronting problem. Trigger: The event trigger word is difficult

Figure 3.9: Illustration of the prompt used for evaluating GPT3.5-turbo. We provide 5
in-context examples (solid yellow) and provide the test example (dashed green).

template follows the DEGREE template wherein model replaces placeholders with arguments
if present, else copies the original template. An illustration is provided in Figure 3.9.
Despite the strong generation capability, GPT3.5-turbo achieves a mere 22.73 F1 score
while DEGREE achieves 24.06 and 39.43 F1 scores in the ZS-1 and ZS-10 test suites
respectively. Although these scores are not directly comparable, it shows how GENEVA is

quite challenging for LLMs in the zero-shot /few-shot setting.

New Challenge of Non-entity Roles In Table 3.4, we show the model performances
of BERT QA and DEGREE on GENEVA and ACE under similar benchmarking setups.
We note how both models exhibit relatively poor performance on GENEVA (especially the
zero-shot test suite). To investigate this phenomenon, we break down the model performance
based on entity and non-entity argument roles and show this analysis in Table 3.5. This

ablation reveals a stark drop of 10-14% F1 points across all models when predicting non-entity
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LR-400 ZS-10
GENEVA ACE | GENEVA ACE

BERT QA 33 - 24.2 46.7*

DEGREE 49.9 57.3" 39.4 53.3"

Table 3.4: Model performance in micro F1 for BERT QA and DEGREE for low resource
with 400 training mentions (LR-400) and zero-shot with 10 training events (ZS-10) test suites
across GENEVA and ACE. *Reported from Hsu et al. [73].

‘ Entity Non-entity A

DEGREE 54.46 39.89 14.57
TANL 52.54 424 10.14
BERT QA 36.71 24.86 11.85

Table 3.5: Breakdown of micro F1 scores into the entity and non-entity arguments for
DEGREE, TANL, and BERT QA models on the low resource setting with 400 training
mentions. A denotes the difference.

arguments relative to entity-based arguments. This trend is observed consistently across
all different test suites as well. We can attribute this difference in model performance to
non-entity arguments being more abstract and having longer spans, in turn, being more
challenging to predict accurately. Thus, owing to a significant 37% non-entity argument roles,

GENEVA poses a new and interesting challenge for generalization in EAE.

GENEVA with Time and Place In the original GENEVA dataset, we filtered super
generic argument roles, but some of these roles like Time and Place are key for several
downstream tasks. We include Time and Place arguments in GENEVA and provide results
of the models on the full dataset in Table 3.6. Compared to the original GENEVA results in
the same setting, we observe a slight dip in the model performance owing to the addition of
extra arguments. Overall, the trend is similar where TANL performs the best and we observe

better generalization in terms of macro F1 performance.

Case Study: Is ACE diverse enough? We conduct a case study to analyze how the

limited diversity of ACE [37] can affect the generalizability of EAE models. We compare the
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Model ‘ Micro F1 Macro F1

BERT QA 52.97 50.16
DyGIE-+-+ 65.03 04.85
TANL 71.17 65.18
DEGREE 59.74 99.20

Table 3.6: Model performance in micro F1 and macro F1 scores for the full GENEVA dataset
with Time and Place arguments.

Abstract Scratch Pre-Trained A
Event Type | Model Model

Action 35.48 38.93 3.45
Possession 45.65 50.63 4.98
Change 38.5 434 49
Sentiment 49.37 51.55 2.18
Scenario 30.87 34.59 3.72

Table 3.7: Model Performance in micro F1 on zero-shot with 10 event types split by abstract
event types for (1) DEGREE with no pre-training (Scratch Model), and (2) Pre-Trained
DEGREE on ACE (Pre-Trained Model). A: model performance difference.

performance of two models with different initializations - (1) DEGREE pre-trained on the
ACE dataset and (2) DEGREE with no pre-training - on the zero-shot with 10 event types
benchmarking setup. We dissect the F'1 scores into different abstract event types and show

the results in Table 3.7.

We observe that pre-training yields major improvements for the abstractions of Action,
Possession, and Change - which are well-represented in ACE. On the other hand, we observe
lower performance improvement for the abstractions of Sentiment and Scenario - which are
not represented in ACE. This trend clearly shows that the lack of diversity in ACE restricts
the ACE pre-trained models’ ability to generalize well to out-of-domain event types. We
also highlight the significance of GENEVA as its diverse evaluation setup helps analyze these

trends.
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3.5 Conclusion

Overall, in our work for this chapter, we exploit the shared relations between SRL and EAE
to create a new large and diverse event argument ontology spanning 115 event types and 220
argument roles. This vast ontology can be used to create larger and more comprehensive
resources for event extraction. We utilize this ontology to build a new generalizability
benchmarking dataset GENEVA comprising four distinct test suites and benchmark EAE
models from various families. Our results inspire further research of generative models for
EAE to improve generalization. Finally, we show that GENEVA poses new challenges and

anticipate future generalizability benchmarking efforts on our dataset.
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Chapter 4

CLAP: Contextual Label Projection for

Cross-Lingual Structured Prediction

One important aspect to further generalizability is to extend information extraction models
to a wider set of languages and, in turn, make these technologies accessible to a wider
population. Cross-lingual transfer for structured prediction tasks such as named entity
recognition, relation extraction, and event extraction has gained considerable attention
recently [6, 85, 207, 53, 88, 21, 90]. In general, cross-lingual transfer generalizes models
trained in a source language (typically English) to other target languages, broadening the

scope of these applications to more languages [201, 23, 171].

One effective and simple way to improve cross-lingual transfer performance is translate-
train, which leverages machine translation to generate pseudo-training data in the target
languages by translating source language training data [233, 180, 246]. However, applying this
technique to structured prediction tasks necessitates a label projection step, which involves
jointly translating input sentences and labels [24]. Label projection requires not only accurate
translation of the labels but also maintaining the association between the translated texts
and labels. As illustrated in Figure 4.1, while “suits” can have multiple valid translations,

only “I/f1A” is presented in the translated sentence and is a proper translation at the same
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Source Language: English (en)

Sentence : In South Florida, the average number of suits against a neurosurgeon is five.
Labels - Roles : (suits, trigger), (neurosurgeon, Defendant)

|
LABEL PROJECTION 6 /|

Jomtly Translate Sentencg “FGHE” is the Chinese
+ Obtain translated Labels in of “a set of men's
translated sentence garments”. This is not a

suitable translation of
“suits” in this sentence.

Target Language: Chinese (zh)

Sentence  : ZERIME Rk M, XIS E A T EDEE L T
Labels - Roles : (752%, trigger), (#8122 9042 % 4=, Defendant)

v

Sentence  : ERHE BIAM, EXFHLZINEE A IFIATEY y A
Labels - Roles : (1AZE, trigger), (#4257 [ 4, Defendant)

Despite “IAZE” is an | v

accurate translation —
of “suits” in this Sentence  : ZERHT BEAM, EIFLA R E LT LEY AT
sentence, “UAZ"is || Labels - Roles : (17122, trigger), (1424 &= 4, Defendant)
not presented in
the translated

sentence. J * Labels in the figure have been selectively omitted for conciseness.

Figure 4.1: Illustration of the task of label projection from English to Chinese. Label projection
converts sentences from a source to a target language while translating the associated labels
jointly. Failures in this process occur when labels are either inaccurately translated or missing
in the translated sentence in the target language.

time. This rigorous requirement on translating labels is different from translate-train for
basic classification tasks, where mere sentence translation suffices [79].

Prior works have dealt with label projection through two primary frameworks. The first
one, illustrated in Figure 4.2(a), performs machine translation on modified source sentences
that incorporate label annotations using special markers [24, 70]. Translated labels can be
extracted if special markers are retained in the translations; thus is contingent on the machine
translation model. In this approach, the quality of the translation is inherently compromised
due to the inclusion of special markers [24]. The other framework uses word similarity to

procure word alignments between the source and translated sentences. Label translations
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are further constructed by combining mapped tokens in the translated sentence [8, 200, 11],
as shown in Figure 4.2(b). However, it is hard for this framework to ensure accurate label

translation by merely using word alignments.

In this chapter, we introduce our work on CLAP (Contextual Label Projection), which
obtains projected label annotations by utilizing contextual machine translation for the labels.
We first acquire the translation of the whole input sentence by any plug-and-play machine
translation model. Then, inspired by the idea of contextual machine translation [215, 228|, we
use the translated input text as context to perform label translation, as shown in Figure 4.2(c).
Exploiting contextual machine translation strongly enhances the accuracy of the translated
labels while preserving their association to the translated sentence. Furthermore, translating
the input sentence in an unmodified manner better exploits machine translators, and in turn,

assures high quality of the translated sentence.

To implement contextual machine translation, we utilize an instruction-tuned language
model with multilingual capabilities, Llama-2 [214]. We encode the translated input sentence
and the constraint for the presence of labels in the form of instruction prompts. Despite
sacrificing some translation ability compared to supervised machine translation models [255],

instruction-tuned language models provide better understanding of contextual constraints.

We experiment on the tasks of event argument extraction (EAE) and named entity
recognition (NER) using the ACE dataset [37] and the WikiANN dataset [158|, covering 39
different languages in total. Our experiments show that utilizing label-projected data from
CLAP for translate-train yields an average improvement of 1.7 and 1.4 F1 scores over strong
baselines for EAE and NER, respectively. We also perform an intrinsic evaluation using a
human study in Chinese, Arabic, Hindi, and Spanish to assess the projected labels’ quality,
which shows how CLAP provides more accurate label translations while preserving the label
presence in the translated sentence. Further analyses also reveal how CLAP generalizes
for different translation models and works effectively for the translate-test paradigm as

well. These evaluations and robust analyses underscore the effectiveness of CLAP for label
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projection.

We start by discussing the related works and providing a strong technical background
about zero-shot cross-lingual structured prediction in Section 4.1. Next, we describe the
major families of related works technically and introduce our work CLAP in Section 4.2. Then
we discuss our experimental setup, baselines, and show the results in the form of intrinsic
and extrinsic evaluations in Section 4.3. Finally, we provide an extensive set of analyses to
demonstrate that our CLAP generalizes and has potential to improve further in Section 4.4.

The work in the chapter has been published in Parekh et al. [162].

4.1 Background and Related Work

Here, we first discuss related works in this direction and later provide a technical description

of the task of structure prediction.

Zero-shot Cross-lingual Structure Extraction Since the emergence of strong multilin-
gual models [34, 29|, various works have focused on zero-shot cross-lingual learning |79, 180]
for various structure extraction tasks like named entity recognition [111, 237], relation extrac-
tion [148, 201], slot filling [101], and semantic parsing [150, 192]. Recent works have focused
on building datasets [171, 161] as well as developing novel modeling designs exploring the
usage of parse trees [201, 4, 76], data projection [242|, pooling strategies 2], and generative
models |73, 85| to improve cross-lingual transfer. We utilize the state-of-the-art model X-Gear
[85] and XLM-R [29] as the downstream models for EAE and NER, respectively, and improve

them further using CLAP-guided translate-train.

Label Projection Techniques Several works have attempted to solve label projection
for various structure extraction tasks such as semantic role labeling [10, 50|, slot filling [232],
semantic parsing [143, 12|, NER [149, 200|, and question-answering [107, 110, 17]. The

earliest works [243, 8| utilized statistical word-alignment techniques like GIZA++ [151] or
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fast-align [44] for locating the labels in the translated sentence. Recent works [24] have
also explored the usage of neural word aligners like QA-align [145] and Awesome-align [39].
Another set of works has explored the paradigm of mark-then-translate using special markers
like quote characters (“") [110], XML tags (<a>) |79], and square braces (|0]) [24] to locate
the translated labels. Overall, both these techniques can be error-prone and have poorer

translation quality [8], as we show later in this chapter.

4.1.1 Technical Background
Structure Prediction Task

Given an input sentence X, structure prediction models aim to predict structure output
y = [x[i1 : j1],x[i2 ¢ Ja, .-, X[in : 4n]] (Where x[i; : j1] is an input sentence span from token
i1 to j1) corresponding to a set of roles r = [ry,rq,...,1r,] (Where r; € R, a pre-defined set
of roles). This vastly differs from standard classification-based tasks wherein the output

prediction y is a singular value from a fixed set of classes independent of the input x.

Zero-shot Cross-Lingual Transfer

Zero-shot cross-lingual transfer [5, 79, 84, 75| aims to train a downstream model for the
target language [, using supervised data Ds,. from a source language [, without using any
data in the target language (i.e. Dy = ¢). The paradigm has effectively advanced language

technologies for under-resourced languages, as shown in Hu et al. [79] and Ruder et al. [180].

Translate-Train

Translate-train 79, 180] is a popular and powerful zero-shot cross-lingual transfer technique
that leverages machine translators 7 to boost downstream model performance. Specifically,

in translate-train, Dj,. is translated into the target language as pseudo training data DY,

tgt
srct

and the downstream model is trained using a combination of {Ds,., D
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Utilizing translate-train for structured prediction tasks requires Label Projection, which
includes two sets of translations: (1) Sentence translation (x*¢ N x'") where we use R
to denote the translation from lg.. to l;; using T; and (2) Label translation (y*™¢ — y'"),
such that the translated label y'¥' is appropriately associated with /9. This demand makes
translate-train for structure prediction tasks more complex than that for classification tasks,

as the latter only requires sentence translation (since y is a value independent of x). !

Translate-Test

Besides translate-train, translate-test is another commonly used technique in zero-shot cross-
lingual transfer. During testing time, it uses models solely trained on Ds,.. to make predictions
on translated test sentences (x"9* N x*7¢), and then uses label projection to map predictions
on x*"¢ back to predictions on x". Since it will cause additional error propagation issues
during inference time, we mainly focus on translate-train in this paper. However, we discuss

CLAP’s utilization and effectiveness on translate-test as a case study in § 4.4.5.

Label Projection

We hereby technically define the problem of label projection (8, 24]:

Xsrc 1> tht
&yt =y Yym €Y
st ylit e x't Vylot ¢ y'ot,

This problem requires optimizing two properties of accuracy and faithfulness on the

: tgt  tgt :
translations. Accuracy ensures that [x%9 y%" ys', ... y!9"| are accurate translations of
(x5 y5e, ysTe, .., ys¢]. On the other hand, faithfulness ensures that each y!¢* is associ-

'For certain structure prediction tasks like relation classification (determining the relationship between
two entities in x), even if the output y is scalar, translate-train necessitates a label projection step due to the
required projection of the two given entities into the translated sentence.
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(a) Marker-based (b) Word Alignment

xre In South Florida, the average number of suits against a neurosurgeon is five. baS In South Florida, the average number of suits against a neurosurgeon is five.
sre ; .
y [ suits, neurosurgeon, South Florida ] Trareae lT(x"c)
FOETE YT Add mark . X s .
l markers xtot EEHE AN HIHEIHEEQFATS TR
SERE In [0]South Florida[/0], the average number of [1]suits[/1] against a .
* [2]neurosurgeon(/2] is five. Align sentences lw(xsrr'xtgt)
l T (37 Translate In South Florida, the average number of suits against a neurosurgeon is five.
X9t TE[0]F T B M /0] S35 R E A 21 DF A/ FH A R v /
o EM. , FrX HWEIPIE 4 R Fy i)
l Prari (B9, y5T€) Retrieve labels T B BFREM., $HX WMEIREE yﬂs’ic Am?it’it h hiEe
~ =y Retrieve labels l Patign (YT, w, x57¢, xt9Y)
O EHHE RN SRS RE SRR AR oo
yio [ M B 4 B i B ESA M) yiot RIS R 4 R 1B 5 A ]
src  InSouth Florida, the average number Chinese Sentence: )ﬁiiﬁk*%ﬂ|§?(§%iﬁﬁﬁ%-%%%%E?ﬁ,mﬁ%ﬁiﬁ M (C) CLAP
* of suits against a neurosurgeon is five. SBHRREEA, P
For the previous sentence, the words corresponding to 'candidate' is: 1&3%EA'  |n-context My | x9)
l T(x57¢) Translate Sl Contextual
N N N Chinese Sentence: RIAfhEEBNSRR! T Xt B2 Fh A1 A A KBRS ? Translation
xtat E@%?%\Jﬁv’}j‘hﬁﬁﬁ’%%ﬂg For the previous sentence, the words corresponding to 'attack’ is: 'Z2 "
£ RIFIAFE TR = Contextual N
Chinese Sentence: 7ERI{# % BiA M, $HaFHZ MR B A4 IFIATEI 0 ik Translation ;EH% tgt
+ For the previous sentence, the words corresponding to ‘y’ is: Instruction ?*21%*4\@? y
suits + BiHTEEM
yre neurosurgeon _— o _ _ .
South Florida y = suits Y = neurosurgeon y = South Florida

Figure 4.2: Tllustration of the various techniques to conduct label projection: (a) Marker-
based Translation use markers to transform the sentence and translate the transformed
sentence with label markers jointly, (b) Word Alignment methods use external word
alignment tools to locate the translated labels in the translated sentence, and (¢) CLAP
performs contextual translation on labels using M (here we show instruction-tuned language
model as M) to locate translated label in the translated sentence.

ated with x"" (the constraint of y'9' € x'"). Standard translation models T trained on
supervised sentence translation pairs cannot simply impose the additional faithfulness con-
straint, such as the failure cases shown in Figure 4.1. This demonstrates the challenges of

the label projection.

4.2 Methodology

Here, we first formally define the previous attempts at label projection and later introduce
CLAP, which provides a new perspective on using contextual machine translation for label

projection.
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4.2.1 Baseline Methods

As stated above, two primary frameworks, namely, marker-based translations and word-

alignment-based methods, are primarily used in prior works.

Marker-based Translations solve the label projection by first marking labels to the
input sentence x*"¢, forming x*“, and then use the translation model to obtain the potential
translation of the input sentence and labels jointly [110, 79, 24|. For example, in Figure 4.2(a),
“South Florida” is delineated by markers [0] and [\0]. Assuming the preservation of markers
after translation of x*"“, a post-processing step, Pk, is performed to retain the translated

labels y** and translated sentence x"*. Putting every step together, we have

isrc — f(Xsrc’ ysrc)’ itgt — T<)~<src)

tgt tgt Stagt src
Xg7yg :Pmark(xgay )

Y

where f denotes the marker addition step and X' is the translation of X*"¢ using translator

T.

Despite their simplicity, these methods suffer from poor translation quality and reduced
robustness to different translation models owing to their input sentence transformations and

strong assumptions about the retention of markers in x"".

Word Alignment approaches [8, 242 first translate the input sentence and acquire word

alignments [44, 39] between the translation pairs. Each translated label ¢4 is then procured

src

°"¢ in the translated sentence using the word mappings w.

by merging the aligned words of y
For example, in Figure 4.2(b), the translated label for “South Florida” is obtained by merging

two aligned words, which is done by a heuristic post-processing algorithm Pgy;g,,. Formally,
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we have

tht :T(Xsrc)7 w = W(Xsrc’ tht)
y;frglzt :Palign(y::cy w, Xsrc, tht) vyfgc c ysrc
Although these approaches provide high-quality sentence translations, their translated

labels can be error-prone as they use simple word alignment modules for capturing word-level

translation relations without considering the entire label for translation [8, 24].

4.2.2 CLAP

We tackle the task of label projection through a new perspective - performing actual translation
on labels instead of recovering them from translated text x%9¢. This better ensures the accuracy
of the translated labels y*¢. To accomplish this, we leverage the idea of contextual machine

translation on the label translation with x%9¢ as context.

Contextual machine translation, which aims to perform phrase-level translations condi-
tional on the context of the translated sentence, is tangentially explored for applications
like anaphora resolution [215] and pronoun translations [228|. The main goal of this task is
to maintain the consistency of phrasal translations in the given context. In our work, we
develop a novel model, CLAP, to extend the idea of contextual translation to the application

of label projection.

As illustrated in Figure 4.2(c), CLAP first utilizes machine translation model T to
translate input sentence x*" to x%!. Treating x'9! as the context, the contextual translation
model M translates the labels y*¢ to y'¥'. Contextual translation implicitly imposes the

faithfulness constraint which requires y'9" € x'9* Vy'9' € y'9' hence, slackly satisfying the
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requirement of label projection. These two steps can be formally described as

tht — T(Xsrc)

tgt — M(ysrc|xtgt) vysrc c ysrc

m m m

where y'9" is generated from M (y:¢|x""), drawing the significant difference from the previous
works.
Compared to word alignment approaches using simple word-similarity aligners W, we

use models with translation capabilities M to improve the accuracy of translated labels.

src src

Furthermore, the independence of 7 and M for translating x*"¢ and y*"¢ respectively, assures
that CLAP has better translation quality for x%¢ and is more robust than the marker-based

baselines. We empirically back these intuitions in § 4.3.3.

4.2.3 Implementing CLAP

Putting our idea into practice, we configure 7 to be a modular component that can be replaced
by any third-party translation model. For M, we use an instruction-tuned language model
with multilingual capabilities. Instruction-tuned language models can accept conditional
information in their natural language prompts. Specifically, we encode the translated

* implicitly in the form

target sentence x'9' as well as the faithfulness constraint y'9 € x%
of natural language instructions (highlighted as “Contextual Translation Instruction” in
Figure 4.2(c)). Following Brown et al. [18], we also provide n randomly chosen in-context
examples (highlighted as “In-context examples” in Figure 4.2(c)) to improve the instruction-
understanding capability of the model. 2 Lastly, we use simple string-matching algorithms to
get the exact span index of y9" in x"9'. Although this may not be the optimal solution when

duplicated strings exist in x'*, it works well in practice as stated in prior word-alignment

methods [39].

2The in-context examples are generated using Google translation and initial prediction from instruction-
tuned LMs. The label predictions are further verified by back-translation.
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4.3 Experiments and Results

This section describes our experimental setup comprising the datasets, baselines, and imple-

mentation details. Later, we present both intrinsic and extrinsic evaluations of CLAP.

4.3.1 Task and Dataset

We choose two structure prediction tasks, event argument extraction (EAE) [204, 74| and
named entity recognition (NER) [210, 211] for evaluating our label projection method. EAE
requires the extraction of text segments serving as arguments corresponding to an event and
mapping them to their corresponding argument roles. NER aims to identify and categorize
named entities from the input sentence. We use the multilingual ACE dataset [37] and the
WikiANN [158, 175] for benchmarking EAE and NER, respectively. We consider the zero-shot
cross-lingual transfer using English (en) as the source language for both tasks. For ACE,
we follow the pre-processing by Huang et al. [85] to retain 33 event types and 22 argument
roles. For WikiANN, we utilize pre-processing by Hu et al. [79]. We provide the high-level

statistics for these datasets in Table 4.1.

4.3.2 Baselines and Implementation Details

We select two label projection models as baselines, each representing the two baseline
frameworks we covered in Section 4.2.1, respectively: (1) EasyProject [24], a recent marker-
based translation technique, utilizes numbered square braces (e.g., [0] and [/0]) to mark the
labels in the input sentence. (2) Awesome-Align [39], a neural bilingual word alignment
model, uses multilingual language models to find word similarities to derive word alignments,
which are later used for label projection.

For the translation model T, we experiment with the Google Machine Translation (GMT).?

For CLAP, we use the text-completion version of Llama-2 [214] with 13B parameters. as

3https://cloud.google.com/translate. We use the free scraping tool to reduce the translation costs.
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ACE WikiANN

# Train Instances 4,202 20,000

# Dev Instances 450 10,000

# Avg. Test Instances 194 6,469

# Test Languages 2 39
Arabic (ar), Arabic (ar), Bulgarian (bg), Bengali (bn), German
Chinese (de), Greek (el), Spanish (es), Estonian (et), Basque
(zh) (eu), Farsi (fa), Finnish (fi), French (fr), Hebrew (he),

Hindi (hi), Hungarian (hu), Indonesian (id), Ital-
ian (it), Japanese (ja), Javanese (jv), Georgian (ka),
Kazakh (kk), Korean (ko), Malayalam (ml), Marathi
(mr), Malay (ms), Burmese (my), Dutch (nl), Por-
tuguese (pt), Russian (ru), Swahili (sw), Tamil (ta),
Telugu (te), Thai (th), Tagalog (tl), Turkish (tr),
Urdu (ur), Vietnamese (vi), Yoruba (yo), Chinese
(h)

Test Languages

Table 4.1: High-level data statistics for ACE and WikiANN datasets for EAE and NER tasks,
respectively. # = ‘number of’ and Avg. = ’average’.
M. We use n = 2 in-context examples for CLAP prompts. For Awesome-align, we use the

unsupervised version of their model utilizing multilingual BERT [34] as it provides better

results [24].

4.3.3 Intrinsic Evaluation

We first evaluate CLAP by directly evaluating the label projection quality, mainly focusing
on evaluating the accuracy and faithfulness of the translated labels, with the definition stated
in Section 4.1.1.

Accuracy is measured in terms of translation quality by comparing the source labels
with the translated labels (y*™¢ <> y"*). We hire 5 native bilingual speakers to rank the
translated labels by the different models based on their translation quality. The native
speakers were undergraduate and graduate students who were well-versed in their respective
native languages. We conduct this evaluation on 50 data samples for four languages - Chinese,
Arabic, Hindi, and Spanish, respectively. The final accuracy score for each model is the

average percentage when the given methods provided the best quality translation for the
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System 1 v/s System 2 Arabic Chinese
S1 Tie S2 | S1 Tie S2
CLAP Awesome-align | 36% 58% 6% |45% 50% 5%
CLAP EasyProject | 52% 32% 16% [56% 39% 5%
CLAP Independent 18% 60% 22% | 12% T1% 17%
Independent Awesome-align | 44% 42% 14% |39% 57% 4%
Independent EasyProject |50% 44% 6% |50% 46% 4%
Awesome-align EasyProject | 42% 26% 32% [34% 50% 16%
Hindi Spanish
S1 Tie S2 | S1 Tie S2
CLAP Awesome-align | 20% 74% 6% |12% 84% 4%
CLAP EasyProject | 42% 48% 10% [30% 66% 4%
CLAP Independent | 18% 64% 18% |24% 68% 8%
Independent Awesome-align | 28% 60% 12% |20% 64% 16%
Independent EasyProject 52% 36% 12% |32% 52% 16%
Awesome-align EasyProject | 42% 42% 16% [26% 64% 10%

Table 4.2: A/B comparison of the various label projection techniques for accuracy evaluation
for the Google Translation model. Accuracy is measured as the label translation quality by
native human speakers. Here, S1 = System 1 is better, S2 = System 2 is better, and Tie =
similar quality. The better systems are highlighted in bold.
labels among the other competitor models.

Faithfulness measures the fulfillment of the label projection constraint. It is measured

as a percentage of projected data points when all the translated labels are present in the

f9t e x'9t Vyl9t € y'9'). The statistics use the complete test set

translated input sentence (ym

on ACE and WikiANN.

Results

We present the complete results for accuracy evaluation as an A /B comparison of the different
techniques in terms of their win rates (i.e., percentage when A is better than B) in Table 4.2.
We clearly observe how CLAP is more accurate than previous baselines of Awesome-align
and EasyProject, while at par with the Independent baseline.

We present the complete results for the faithfulness evaluation per language in Tables 4.3
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Techniques ‘ ar zh ‘ Avg.

Independent 33 38| 35
Awesome-align | 66 83 | 74
EasyProject 31 66| 48
CLAP 74 8| 79

Table 4.3: Faithfulness evaluation of the various label projection techniques for EAE as a
percentage of the times the translated labels were present in the translated input sentence.

Numbers are in percentage (%). Higher faithfulness is better, and the best techniques are
highlighted in bold.

and 4.4 for EAE and NER tasks, respectively. For EAE, CLAP has the best faithfulness,
followed by Awesome-align. For NER, Awesome-align and EasyProject have the highest

faithfulness.

The combined results for accuracy and faithfulness of the models are plotted together
in Figure 4.3. An ideal model should optimize both these metrics and thus, the closer the
models are to the top-right, the better they are deemed. Overall, this figure shows how
CLAP performs the best intrinsically, as it is the closest to the top-right for both tasks. For
EAE, CLAP is better than all models in both metrics, while for NER, CLAP compromises
faithfulness slightly for stronger accuracy. Awesome-align and EasyProject are both great at
attaining higher projection rates, but produce more inaccurate label translations. Overall,

intrinsic evaluation reveals how CLAP provides the best balance of accuracy and faithfulness.

4.3.4 Extrinsic Evaluation

Extrinsic evaluation implicitly evaluates the label projection techniques’ ability to generate
good-quality data for downstream tasks. The projected data is utilized to train downstream
models using the translate-train paradigm together with the original training data in English.
For translate-train, we only retain the projected datapoints that satisfy the faithfulness
constraint as part of the target pseudo-training data D¥.. Furthermore, we also compare

these fine-tuned models with LLM-Infer, a large language model (LLM) baseline (LLama-2-
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Techniques af ar bg bn de el es et eu fa fi fr  he hi

Independent 78 66 67 T4 79 57 70 70 64 61 T1 71 Tl 65
Awesome-align 99 95 98 92 99 98 99 98 97 96 99 98 95 93
EasyProject 100 98 83 98 97 89 99 97 94 99 98 99 94 36
CLAP 94 75 63 93 79 46 84 92 91 V2 92 74 80 90

hu id it ja jv ka kk ko ml mr ms my nl pt

Independent 68 77 74 68 66 64 56 63 S57 V3 80 53 76 T6
Awesome-align 98 99 99 58 98 95 94 96 88 92 99 90 99 97
EasyProject 97 99 98 95 94 99 7vv 93 &7 73 98 62 100 99
CLAP 93 84 78 67 53 70 8 64 88 95 82 55 8 &9

ru sw ta te th tl tr vi ur yo zh Avg.

Independent 59 79 T2 76 66 81 76 74 T4 45 66 69
Awesome-align 97 96 91 91 51 99 98 83 97 92 92 93
EasyProject 99 97 91 87 99 99 98 98 94 77 92 92
CLAP 66 94 96 90 57 58 94 89 91 88 60 79

Table 4.4: Faithfulness evaluation of the various label projection techniques for NER as a
percentage of the times the translated labels were present in the translated input sentence.
Numbers are in percentage (%). Higher faithfulness is better, and the best techniques are
highlighted in bold.

13B-chat model) directly inferring in the target language.

EAE For the EAE downstream model, we use the state-of-the-art model for zero-shot cross-
lingual EAE: X-Gear [85]. We explore three versions of the X-Gear model: mBART without
copy (mBART), mT5 without copy (mT5), and mT5 with copy mechanism (mT5+Copy).
We present the results in terms of argument classification F1 scores # in Table 4.5. For
reference, we also include the zero-shot baseline (training only on Dy,.). Evidently, CLAP
performs the best, providing an average gain of 1.7 F1 points over the next best baseline of
Awesome-align and a net gain of 7.5 F1 points over the zero-shot baseline. This result is in

sync with our intrinsic evaluation, wherein CLAP performed the best for EAE.

NER For NER, we utilize XLM-RoBERTa,ge [29] as our downstream model and use

the XTREME [79] setup for implementation. The main results for entity classification F1

4Averaged over five model runs
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Figure 4.3: Reporting faithfulness and accuracy (in %) for the different label projection
models on EAE and NER datasets. The closer the model is to the top-right, the better it is.

mBART mT5 mT5+Copy | Avg

ar zh ar zh ar zh
Zero-shot* 36.3 473 | 36.7 51.0 | 40.3 51.9 | 43.9
LLM-Infer - - - - 16.97 24.07 | 20.5

Awesome-align | 45.2 494 | 46.8 53.7 | 48.6 54.5 | 49.7
EasyProject 379 523 | 345 546 | 385 56.3 | 45.7
CLAP (ours) 46.0 53.4 | 443 56.5| 49.3 58.6 | 514

Table 4.5: Extrinsic evaluation of the different label projection techniques regarding down-
stream model performance using translate-train for EAE. Avg = Average. * indicates the
reproduced results of our base zero-shot cross-lingual EAE model, X-Gear [85]. Results for
LLM-Infer (marked with ) are independent of the XGear base model.

scores are presented in Table 4.6 along with the zero-shot baseline. Overall, CLAP performs
the best with an absolute improvement of 0.7 F1 points over the zero-shot baseline and
1.4-1.7 F1 points over the previous works. The strong downstream model performance using
CLAP combined with our learnings from intrinsic evaluation underscores the importance of

prioritizing accuracy over faithfulness for NER.
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Lang af ar bg bn de el e e eu fa fi fr he hi hu

Zero-shot 774 48.1 82.8 77.0 78.8 80.6 74.5 78.7 61.4 69.2 79.3 79.4 57.3 70.6 80.8
LLM-Infer 50.9 24.8 66.9 12.0 44.2 42.2 59.5 41.6 36.7 19.5 46.7 53.5 15.6 18.9 20.6

Awesome-align|77.9 46.0 81.0 81.2 78.8 71.7 65.3 78.0 66.8 46.4 77.4 78.2 55.3 73.9 77.4
EasyProject |76.1 34.4 81.0 78.6 78.8 69.3 70.5 73.9 54.8 49.1 77.8 78.8 61.1 73.0 75.6
CLAP 74.4 48.7 81.0 78.1 78.4 75.9 74.7 77.4 68.8 59.0 75.9 79.4 584 73.1 724

id it ja jv ka kk ko ml mr ms my nl pt ru sw

Zero-shot 53.1 79.4 19.1 58.5 72.3 51.9 57.5 66.4 65.3 53.4 65.8 83.0 80.0 74.2 68.4
LLM-Infer 30.3 56.0 35.7 28.7 21.7 20.9 18.5 11.1 16.5 46.5 10.1 64.3 46.4 22.7 33.4

Awesome-align|52.8 79.3 20.3 56.3 70.4 47.7 57.7 63.4 62.4 70.7 54.1 83.0 75.8 64.8 70.1
EasyProject |51.0 79.0 41.3 62.4 66.4 31.7 48.2 56.5 59.8 71.7 60.3 81.9 79.6 66.3 71.5
CLAP 56.1 80.1 45.3 64.8 70.5 42.8 60.1 60.3 61.4 73.5 61.5 82.2 78.2 68.3 70.6

‘ta te th tl tr ur vi yo zh ‘Avg
Zero-shot ‘12.8 9.2 19.8 46.1 31.0 11.6 37.3 28.6 41.0‘32.1

Awesome-align|62.4 55.4 2.4 80.9 62.8 53.7 66.4 61.5 45.4|63.5
FasyProject |53.2 54.2 11.4 78.2 66.8 63.8 65.6 68.8 42.0|63.2
CLAP 59.6 53.1 13.2 74.6 62.9 32.9 75.8 59.6 49.7/64.9

Table 4.6: Extrinsic evaluation of the different label projection techniques in terms of
downstream model performance using translate-train for NER. Avg = Average.

4.4 Analysis and Case Studies

4.4.1 Qualitative Analysis

Diving deeper, we qualitatively study typical error cases for the translated labels in four
languages by different label projection techniques. In 200 examples of our study, we found
that 18% of the time, EasyProject predicts nothing due to markers dropped in the translated
sentence, and for 19%, EasyProject simply copies the English label, failing to translate it
to the target language. For Awesome-align, the majority of errors are due to additional
words or incomplete label translations, similar to the observation presented in [24]. This
could be because it is hard for the word-alignment module to decide alignments between
sub-words, leading to over-alignment or under-alignment. We show two selected examples of
our study from Hindi (hi) and Chinese (zh) in Table 4.7, where we show how Awesome-align

predicts extra words or incomplete words owing to misalignments, and EasyProject fails to
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Source Source Target Technique Translated Explanation
Sentence Label Lang q Label P
FeeAdETAT
Born - Castel\fetral-lo ’ Awesome-align E‘;I'TIT-PI‘ Extra word
Trapani and raised in (Castelvetrano
Catania , he moved to Castelvetrano hi Trapani)
1k\)/[adrid to keep up his EasyProject  Castelvetrano  No translation
usy career . AT AL
LAP 4 Perfect
¢ (Castelvetrano) eriec
Unilaterally leading a Awesome-align gii%) Incomplete
coalition featuring & P
tyrannies, effect such gty aea
T I h . 3
change remains a bad rad z EasyProject 21 tif?iﬁlra ) Extra word
idea, Iraq’s elections @ﬁﬁg 4
notwithstanding. CLAP (Iraq) Perfect

Table 4.7: Qualitative examples highlighting the error cases of the baseline models along
with explanations for Hindi (hi) and Chinese (zh). We also show how CLAP performs better
and fixes the errors.

mBART mT5 mT5+Copy | Avg
ar zh ar zh ar zh
Zero-shot | 36.3 473 | 36.7 51.0 | 40.3  51.9 | 43.9

Awesome-align | 45.7 48.6 | 43.1 52.1 | 47.1 53.8 48.4
EasyProject 373 53.6 | 35.3 54.0 | 36.5 556 | 454
CLAP (ours) 455 52.0 | 44.8 54.7 | 48.2 56.9 | 504

Table 4.8: Extrinsic evaluation of the different label projection techniques using translate-train
for EAE using the mBART-50 many-to-many translation model.

translate the word for Hindi while producing extra tokens for Chinese. In both cases, we
show how CLAP makes accurate predictions and is more robust in maintaining accurate label

translations.

4.4.2 Generalization to other translation models

To verify the generalizability of our approach to other translation models, we perform an
extrinsic evaluation of the label projection techniques on the EAE task using the mBART-50

many-to-many (MMT) [99] translation model. We show the results for this evaluation in
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mBART | mT5 |mT5+Copy|Avg

ar zh | ar zh | ar zh
Zeroshot  |36.3 47.3[36.7 51.0(403 519 [43.9
Independent | 44.8 49.5|41.3 50.6 |44.8 54.3 |47.6
Constrained |44.5 51.2|42.3 53.5|45.6 55.6 |48.8
CLAP (Ours) 45.5 52.0/44.8 54.7|48.2 56.9 [50.4

Supervised | 60.7 66.4[61.4 68.6[63.2 69.7 |65.0

Table 4.9: Ablation study comparing different contextual translation techniques for label
projection. Performance is measured by downstream EAE performance.

Table 4.8. We see that CLAP performs the best with an average improvement of 2 F1 points
over the next best baseline of Awesome-align and 6.5 F1 points over the zero-shot baseline.

This result shows our model CLAP is a generalizable label projection technique and agnostic

to the underlying translation model.

4.4.3 Ablation Study for CLAP

To study the impact of using instruction-tuned models for contezrtual translation, we conduct
an ablation study comparing CLAP with the following strong baselines: (1) Independent
translation uses the translation model 7 to independently (without any context of the input
sentence) translate the source text labels to the target language (i.e. y"9* = T (y*)), (2)
Constrained translation which uses a decoding constraint to carry out the faithfulness
requirements. More specifically, during translation, it limits the generation vocabulary to
the tokens in the translated sentence z'9*. We follow De Cao et al. [30], Lu et al. [129] for
implementing these constraints.

We extrinsically evaluate the model performances of the techniques on the task of EAE
using the MMT translation model ® and show the results in Table 4.9. We notice how simple
independent translations can provide strong gains over the zero-shot model, but contextual

translation can provide higher gains. The improvement of 1.6 F1 points of CLAP over

5Since decoding-time constraints for the Constrained model can’t be applied to GMT
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Lang ha ig ny rw sn
Zero-shot 72.9 464 49.0 45.0 50.2

Awesome-align  72.2 64.1 64.9 55.9 554
EasyProject 72.0 54.6 50.5 545 425
CLAP (ours) 69.9 60.5 58.7 b53.6 59.7

SW xh yo zu qu
Zero-shot 88.6 61.0 33.6 67.1 379

Awesome-align  82.9 524 30.8 579 46.1
EasyProject 81.3 50.6 252 443 44.1
CLAP (ours) 80.7 61.3 30.6 54.4 48.7

Table 4.10: Extrinsic evaluation of the different label projection techniques using translate-
train using GMT for NER for 10 low-resource languages.

the Constrained model highlights the significance of using an instruction-tuned model for

contextual translation.

4.4.4 CLAP for Low-Resource Languages

To cater our model to a wide range of languages, we study the applicability of CLAP for low-
resource languages. Specifically, we consider the task of NER for 10 low-resource languages
from Africa and South America. For the test datasets, we utilize MasakhaNER [1]| for 9
African languages: Hausa (ha), Igbo (ig), Chichewa (ny), Kinyarwanda (rw), chShona (sn),
Kiswahili (sw), isiXhosa (xh), Yoruba (yo), isiZulu (zu), and refer to Zevallos et al. [247]
for the South American language Quechua (qu). We conduct an extrinsic evaluation of
translate-train models trained on the English CoNLL training data’ using the GMT model
and present the results in Table 4.10. We observe that this is a particularly challenging
setting as all the label projection techniques fail to improve over the zero-shot model for 4
languages. Our model CLAP performs decently, improving for 6 languages and performing
the best for 3 languages. This result is particularly encouraging as our model uses a small

and English-centric 13B Llama-2 model, and we hope these improvements will increase in

SFor qu, we only use 3,000 CoNLL training data points due to budget constraints.
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EAE NER Avg

ar zh it es id

Zero-shot ‘36.3 4731794 745 53.1]58.1

Awesome-align| 32.8 30.1|77.5 69.6 51.4|52.3
EasyProject 17.0 11.5]65.9 62.6 51.841.8
CLAP (ours) [34.3 39.5/73.4 75.0 57.4(55.9

Table 4.11: Extrinsic evaluation of the different label projection techniques in terms of
downstream model performance using translate-test using GMT for EAE and NER. Avg =
Average

future works by simply utilizing larger and multilingual LLMs.

4.4.5 CLAP for Translate-Test

Another popular technique for cross-lingual transfer is translate-test [79, 180] which was
discussed in Section 4.1.1. As part of this analysis, we study the applicability of CLAP for
translate-test using extrinsic evaluation on Arabic (ar) and Chinese (zh) for EAE and Italian
(it), Spanish (es), and Indonesian (id) for NER. We show the results in Table 4.11. Overall,
we see how CLAP outperforms both the other methods, significantly achieving the best
scores for 4 out of the 5 languages. EasyProject performs the worst as it uses the translation
model twice, causing higher error propagation. We also note how translate-test doesn’t yield
improvements over the zero-shot baseline, especially for EAE, as it requires label projection

twice (once each for trigger and arguments), thus leading to error propagation.

4.5 Conclusion

In this chapter, our work proposes a novel approach, CLAP, for label projection, which utilizes
contextual machine translation using instruction-tuned language models. Experiments on two
structure prediction tasks of EAE and NER demonstrate the effectiveness of CLAP compared

to other label projection techniques. Furthermore, intrinsic evaluation provides insights to
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justify our model improvements. Overall, we lay the foundation for exploring the utilization

of contextual translation, and future works can use it for various other applications as well.
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Chapter 5

DiCoRe: Enhancing Zero-shot Event
Detection via Divergent-Convergent LLM

Reasoning

Training effective ED models requires large amounts of expert-annotated domain-specific
data, which is highly costly and labor-intensive. This underlines the need to develop zero-shot
systems that can perform ED robustly without using any training data. Although large
language models (LLMs) have shown strong zero-shot performance across various tasks
[154, 115]; their effectiveness on ED remains limited [57, 86|, due to the requirement of

extensive domain knowledge and the complex structural nature of ED.

ED requires deep reasoning and imposes several intertwined constraints: study of the
large, closed event ontology and ensuring the event types must be chosen from it; semantic
understanding of the input passage and precisely identifying domain-specific triggers within it;
and conforming the output to a strict, machine-parsable structured format. Encoding these
constraints as natural language instructions in the prompt overloads the LLM cognitively,
making it harder to effectively apply its reasoning skills [205]. This increased difficulty in

reasoning causes failures, such as missing relevant events, predicting irrelevant ones, and
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The family was heading to New Hampshire
from Lakeland.
g 8 [ [(“Transport”, “heading”)]
X=|p i
His friend, Martha Stewart, pleaded not guilty
c last week at court.
IQ [(“Ch ”
w arge I 13 HEL
‘O o || “pleaded”), [(“Charge”, [‘(nAthmt ’
2 D | [ (“Hearing”, “pleaded”)] (')It ” [
o = | | “pleaded”)] guilty”)]
Refusing access would mean Turkey would
"é g lose USD $15 billion U.S. aid package.
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Sentence || Llama3-70B || Qwen2.5-72B | [ GPT4o0 || Gold

Figure 5.1: (top) Illustration of how prompting LLMs directly for Event Detection (ED)
with all the task constraints can lead to precision, recall, and constraint violations (incorrect
JSON, trigger not in sentence) across various LLMs. The errors are highlighted in bold.

struggling to follow the expected format, as shown in Figure 5.1.

To this end, we propose DiCoRe, a novel multi-agent pipeline introducing Divergent-
Convergent Reasoning, that facilitates better ED performance by reducing the cognitive
burden of constraint adherence on the LLM. DiCoRe comprises two major agents in a
pipeline: Dreamer and Grounder. (1) Dreamer fosters divergent reasoning by prompting
in an unconstrained, open-ended manner. This encourages broad semantic exploration of
potential event mentions by removing rigid task constraints and, in turn, boosts the recall.
(2) Grounder introduces convergent reasoning by mapping Dreamer’s free-form predictions
to the task-specific closed event ontology. To alleviate the constraint adherence burden on

the LLM, we employ a finite-state machine (FSM) to encode structural and task-specific
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constraints. This FSM guides the generation process through constrained decoding, ensuring
that the output adheres to the task requirements. Finally, we add an LLM-Judge to verify
the grounded predictions against the original task instructions, ensuring high precision by

filtering irrelevant predictions.

We conduct extensive experiments on six datasets from five domains across nine LLMs.
Compared with various existing LLM inference works [57, 221, 165, we show how DiCoRe
performs the best with average improvements of 4-5% F1 Trigger Classification and 5.5-
6.5% F1 Event Identification over the best baselines. DiCoRe, without any training, also
consistently improves over transfer-learning baselines |73, 183| fine-tuned on 15-30k datapoints
by at least 5-12% F1. Furthermore, we demonstrate that DiCoRe provides 1-2% F1 gains
while using 15-55x fewer inference tokens relative to strong thinking-based models and
chain-of-thought (CoT), highlighting the significance of our proposed divergent-convergent

reasoning.

In summary, we make the following contributions in this chapter: (1) We propose Dreamer,
introducing divergent reasoning to improve event coverage. (2) We develop Grounder,
performing convergent reasoning to align free-form predictions to the event ontology. (3) We
design FSM-guided decoding to enforce task-specific structure during inference. Through
extensive generalized evaluations across six datasets, five domains, and nine LLMs, we
demonstrate the generalizability and efficacy of DiCoRe, establishing it as a robust zero-shot

ED framework.

In terms of organization, we first discuss some relevant related works in Section 5.1 and
provide the main multi-agent methodology of DiCoRe in Section 5.2. Then, we provide details
about the extensive experimental setup and baselines in Section 5.3. Finally, we provide the

major results and analyses in Section 5.4. The work in the chapter has been published as

Parekh et al. [166].
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5.1 Background and Related Work

Here, we discuss some specific related works discussing zero-shot ED frameworks and works

in the direction of unconstraining LLMs for better reasoning.

Zero-shot Event Detection: To explore generalizability, initial works posed ED as a
question-answering [42] or machine-reading comprehension problem [127]. Various works
explored transfer and joint learning across various IE tasks to build more universal IE models
[131, 51, 124]. Some works have explored posing ED as a generative text-to-text approach
with event-based templates [130, 121, 73|, even for zero-shot cross-lingual transfer |85, 162].
However, these works require source data training for zero-shot transfer, limiting their utility.
Recent works have also explored the utility of zero-shot prompting with LLMs - concluding
their sub-par performance [57, 113]. Other works have explored utilizing LLMs for data
generation [134, 252, 165] to aid better generalizability. In our work, we focus on improving

LLMs’ zero-shot task generalizability to ED without any model fine-tuning.

Unconstraining LLMs for Better Reasoning: LLMs show immense language under-
standing and generation capabilities, but they need instructions and constraints to aid in
meaningful human tasks [155]. However, imposing constraints also reduces LLM reasoning
capabilities [205, 209, 15]. To this end, works have explored constrained decoding by altering
the output probability distribution [227, 146, 248|. Some works explore grammar-aligned
decoding strategies |58, 168]. However, such strict enforcement has been shown to hurt LLMs’
generations. Recently, Tam et al. [205] explored better prompt design on math reasoning to

unburden the constraints on the LLM. With similar inspiration, we explore decoupling LLMs

from constraints to improve reasoning in our work.
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Cabinet has advised people who /| Event Ontology: Control = collective
experience symptoms of fever, flu, or /| Control — collective efforts to impede the
rashes, to report to their nearest facility K efforts to impede the spread of a pandemic

’ spread of a pandemic
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Cabinet has
advised people
who experience ...

l l FSM
[(“Advice”, “advised”), [(“Control”, “advised”), / ) . .
(“symptom reporting”, “experience”), (“Symptom”, “experience”), [(“Control”, “advised"),
(“disease reporting”, “report’)] (“Control”, “report”)] ("Symptom”, “experience”)]
DREAMER GROUNDER JUDGE

Divergent open-ended thinker Convergent constraint aligner High precision verifier
\_ g p AN g g U ghp J

Figure 5.2: Illustration of our DiCoRe pipeline. First, the Dreamer reasons divergently in
an open-ended, unconstrained manner about all potential events in the text and generates
free-form event names. Next, the Grounder reads the event ontology and convergently grounds
the free-form predictions to one of the event types. It uses a finite-state machine (FSM)
guided constrained decoding to enforce task-specific constraints. Finally, the Judge evaluates
each prediction and verifies its validity at a holistic scale.

5.2 Methodology

In our work, we frame ED through a generative outlook f., [160, 85| as they provide stronger
zero-shot performance [73] and are better suited for LLMs. We consider a structured list of
tuples as the output generation, as they provide stronger performance and are easy to parse
[221]. However, these considerations introduce constraints (encoded as task instructions in
the LLM prompt) like the predicted event is from the provided list, the predicted trigger
phrase is in the input text, and the output generation follows the JSON format, as technically

described below.

Y = fyen(X:E) where

Y = “[(e1,t1), ...(en, tn)]” (5.1)
te X  Vted{t,..t,} (5.2)
ec& Vee{e,..e,} (5.3)
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We argue that these structured constraints inherent to ED (Eq. 5.1-5.3) increase the
cognitive load on LLMs, making reasoning more difficult [205]. This is one of the contributing
factors to LLMs’ subpar performance for ED [86]. To address this, we propose DiCore, a novel
multi-agent pipeline that decouples and reduces constraint adherence by designing sub-agents
to induce divergent open-ended discovery, convergent alignment, and constrained decoding.
DiCoRe is lightweight, does not require additional training, and can be seamlessly applied to
any LLM. Specifically, DiCoRe comprises a three-stage pipeline of a Dreamer-Grounder-Judge,

as illustrated in Figure 5.2, and described below.

5.2.1 Dreamer

Our first agent, Dreamer aka Divergent open-ended thinker, is designed to promote open-ended
divergent discovery, encouraging the LLM to achieve high recall by freely identifying potential
events without being constrained by the predefined event ontology. Specifically, the Dreamer
fa removes the task-specific event constraint (Eq. 5.3), relaxes the trigger constraint (Eq. 5.2),

and prompts the LLM to extract event mentions directly from the input sentence X as

Yo = *[(e1,t1), (e, tn)]” = fa(X)

where each ¢, is a free-form LLM-generated natural language event name. Notably, e, need not

adhere to the event ontology £. We provide an illustration of the LLM prompt in Figure 5.3.

By removing explicit references to the event ontology, the instructions become less
restrictive and more semantically intuitive for the LLM. This simplification enables the model
to divergently reason on the underlying semantics of the text, rather than rigidly aligning with
predefined categories. This open-ended setup encourages broader event discovery, improving
recall by allowing the model to identify diverse or implicit event types. Though it may lower

precision, it produces a rich candidate set for downstream refinement.
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You are an event extraction model, looking to
extract events from a sentence.

This is an event extraction task where the goal is to
extract structured events from the text. A structured
event contains an event trigger word and an event
type.

Below is a sentence from which you need to extract
the events if any. Only output a list of tuples in the
form [(\"event_type_1\", \"event_trigger_word_1\"),
(\"event_type_2\", \"event_trigger_word_2\"), ...] for
each event in the sentence. Try to be liberal and
increase the coverage as much as possible. | will
filter and improve the precision in the next step. Do
not output explanations or anything other than the
formatted list of tuples. If there are no events in the
sentence, output empty list[]. Be very open and
output all possible events that are potentially
mentioned.

People who live in crowded or poorer areas are
more likely to test positive for Covid - 19, according
to a (url) study of infection in the general
population (url)

System Prompt | | User Instructions | | User Query

Figure 5.3: Illustration of the prompt utilized for the Dreamer agent. To encourage divergent
thinking, we remove event-based constraints from the model instructions. Furthermore, we
add sentences that encourage the model to be liberal and open in its predictions.

5.2.2 Grounder

The second agent, Grounder aka Convergent constraint aligner, convergently aligns the
Dreamer’s open-ended predictions Y, with the closed, task-specific event ontology £, while
filtering the events that are not mappable. Technically, the Grounder f, infuses the original

task-specific constraints into the prompt to generate the grounded event mentions Y} as

Y;] = “[(elvtl)’ "'(ematmﬂ” = fg(X;gaYd)

An illustration of the Grounder prompt and expected output is shown in Figure 5.4.
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You are an event extraction model, looking to map
provided trigger words to potential event types.

This is an event extraction task where the goal is to
extract structured events from the text. Given the
sentence and possible event triggers, map these
triggers to corresponding events from the provided
event list. Omit triggers which are not mappable or if
the mapped event is not mentioned in the sentence.
The event list comprises 7 events. These events are:
Infect ... Spread ...

Below is the sentence and the list of trigger words.
Map each trigger word from this list to a single event
from above and output a list of tuples in the form
[(\"event_type_1\", \"event_trigger_word_1\"),
(\"event_type_2\", \"event_trigger_word_2\"), ...]. Be
conservative in your outputs - If a trigger word cannot
be mapped, skip that trigger word. If the mapped
event does not happen in the sentence, skip that
trigger word. Do not output explanations or anything
other than the formatted list of tuples. If no triggers
can be mapped, output empty list[].

Sentence: | hope this pandemic ends soon ...
Trigger List: ['ends']"

| System Prompt | | User Instructions | | User Query |

Figure 5.4: Tlustration of the prompt utilized for the Grounder agent. To encourage
convergent thinking and alignment, we add event-based constraints in the model instructions.
Furthermore, we add sentences that encourage the model to be more conservative in its
predictions.

FSM-guided decoding for constraint enforcement: To reduce the burden of constraint-
following on the LLM and ensure strict adherence to the task format, we incorporate
a constrained decoding mechanism guided by a finite-state machine (FSM). Inspired by
recent work [227, 248|, the FSM explicitly encodes structural and task-specific constraints
(Eq. 5.1-5.3) within the decoding process. We construct and demonstrate an FSM to encode

constraints for our ED task in Figure 5.5.

The FSM states represent decision points (e.g., whether the sentence contains an event,
which event type e € € to choose, which trigger w € X to assign, etc.), and the transitions
denote valid LLM generations at each point (e.g., list of event types in &, trigger words in

the sentence). As shown in Figure 5.5, generation proceeds step by step: starting with the
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Figure 5.5: Finite state machine (FSM) illustration for guiding decoding to enforce constraints.
Here ey,..., e € & represent all the possible event types and wy, ..., wx| € X represent
the atomized phrases in the sentence X.

Select
Trigger

event /no-event decision (state A), followed by selecting an event type (state B), then its
trigger (state C), and finally deciding whether to generate another event mention or terminate
(state D). To ensure that the generations are natural, the FSM states are partitioned in
alignment with the LLM tokenizer, i.e., the states are chosen such that the sequence of

transition tokens is the most probable tokenization of the output text Y.

We implement this FSM using the Outlines library [227] integrated into a vLLM inference
framework [102|. The module takes as input the ontology, input sentence, LLM, and output
JSON schema (potentially expressed as a grammar). Each FSM state transition is encoded
as an Outlines choices list, thereby restricting the LLM’s output vocabulary to only valid
strings for that transition. For example, the set of possible event types or candidate trigger
words is directly provided as the restricted vocabulary, and transitions with a single option

are handled deterministically. The selected string then determines the next FSM state.

This design enforces structural validity during decoding: at each step, irrelevant tokens
w.r.t. FSM transitions are zeroed out, ensuring the LLM can only generate ontology-compliant
outputs. Our implementation currently supports JSON tuples of the form (event type, trigger),
making it directly applicable to any ED dataset. More generally, because the transition and

state mappings can be automatically constructed from the grammar of task constraints, the
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You are an event extraction verification model,
looking to verify the provided trigger word triggers
the event type in the given sentence.

This is an event extraction verification task where
the goalis to verify if the extracted structured event
is mentioned in the text. Given the sentence, a
possible event mention with its trigger, verify if the
event mention is correct or not.

Event Definition: The event of interest is infect. The
eventis related to the process of a
disease/pathogen invading host(s).

Event Trigger: infection

Below is the sentence. Verify if the above trigger
word triggers the above mentioned event in this
given sentence. If yes, then output 'Yes' else output
‘No' Do not output explanations or anything other
than 'Yes/No'.

People who live in crowded or poorer areas are
more likely to test positive for Covid - 19, according
to a (url) study of infection in the general
population (url)

System Prompt | | User Instructions | | User Query

Figure 5.6: Illustration of the prompt utilized for Judge agent. To encourage convergent
thinking and alignment, we add event-based constraints in the model instructions. Further-
more, we add sentences that encourage the model to be more conservative in its predictions.

approach can be adapted for other output formats and structured prediction tasks.

5.2.3 Judge

The final agent of our pipeline, Judge aka High precision verifier, serves to ensure each
predicted event mention adheres to the original task instructions. Specifically, for each
candidate pair (e;, t;), the Judge f; evaluates the hypothesis that the trigger ¢; expresses the

event type e; in the context of the input sentence X as
y; = “Yes/No” = fj(e;, t;, X;&)

All predictions with y;- = “Yes” are accepted into the final output, while the others are

rejected. We provide an illustration of the prompt in Figure 5.6.
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Dataset Domain # Doc # Event Avg. Doc
Mentions Length

MAVEN  General 250 623 24.5
FewEvent General 250 250 30.5
ACE News 250 71 13.2
GENIA  Biomedical 250 2472 251.3
SPEED  Epidemiology 250 258 324
CASIE Cybersecurity 50 291 283.1

Table 5.1: Data Statistics of the various ED datasets used in the experimental setup for
extensive evaluation of our proposed multi-agent framework DiCoRe.

This verification step plays a crucial role in ensuring the semantic validity and task
alignment of predictions at a holistic level. By filtering out irrelevant or uncertain outputs,
the Judge substantially improves the precision of the overall system without requiring

additional supervision or training.

5.3 Experimental Setup

In this section, we briefly describe the experimental setup comprising the datasets, baselines,

evaluation metrics, and implementation details.

Datasets: We benchmark our model across six ED datasets spanning five diverse domains,
listed as: (1) MAVEN [220] and (2) FewEvent [32] from the general domain, (3) ACE [37]
from the news domain, (4) GENIA [95], from the biomedical domain, (5) SPEED [164], from
the epidemiological /social media domain, (6) CASIE [185], from the cybersecurity domain.

We provide statistics about the test splits of the different datasets in Table 5.1. To avoid
any distributional biases, following TextEE [86], we uniformly sample 250 datapoints from the
combined train-dev-test splits of each dataset for evaluation. Since CASIE is a smaller dataset,
we only use 50 test samples for this dataset. The table highlights the domain diversity of the
datasets covering common domains like news and general, while also focusing on technical

domains like biomedical and epidemiology. The datasets also show variation in the density,
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with ACE, FewEvent, and SPEED being sparse, with up to 1 event mention/sentence. On
the other hand, MAVEN, CASIE, and GENIA are denser with 2.5-10 event mentions/passage.
Finally, we also show the variation in token length, with ACE being the lowest with an
average of 13 tokens, while GENIA and CASIE are longer with 250-280 average tokens per

input document.

Baselines: We consider two major baselines, described below: (1) Multi-event Direct (MD)
[57] directly prompts the LLM to provide the final output in a single pass, and (2) Multi-event
Staged (MS) [165] decomposes the task into two stages, where the first stage identifies the event
and the second stage extracts the corresponding triggers. We also compare with other works
like: (3) Binary-event Direct (BD) [133, 122] prompts the LLM to do binary classification
for each event, (4) Decompose-Enrich-Extract (DEE) [193] utilizes instruction enrichment
with schema information for ED, (5) GuidelineEE (GEE) [198], similar to Code4Struct [221],
converts ED into a code-generation problem using Python classes and instantiations, and (6)
ChatlE [226] decomposes ED via multi-turn conversations. We ensure consistent, structured
outputs for each baseline to maintain fair comparisons. Furthermore, we add the Judge

component to each baseline, if not already present, to ensure robust benchmarking of DiCoRe.

Base LLMs: We use the following LLMs for our base experiments: Llama3-8B-Instruct
and Llama3-70b-Instruct from the Llama3 family [43], and Qwen2.5-14B-Instruct; Qwen2.5-
72B-Instruct from the Qwen2.5 [235] LLM family; and GPT3.5-turbo and GPT-4o [19, 153]

from OpenAl.

Evaluation Metrics: Following Ahn [7], Parekh et al. [165] we report the F1 scores for
the following three metrics: (1) Trigger Identification (TI) - correct identification of triggers,
and (2) Event Identification (EI) - correct classification of event types, and (3) Trigger
Classification (TC) - correct identification of the trigger-event pair (event mention). To

maintain consistency with traditional span-based evaluations, we used string matching to
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Prompt | MAVEN (168) | FewEvent (100) ACE (33) GENIA (9) SPEED (7) CASIE (5) Average

LLM Style T TC EI|TI TC EI | TI TC EI |TI TC EI | TI TC EI | TI TC EI | TI TC EI
ChatlE |33.7 7.3 13.8[20.8 102 27.6|30.6 249 46.8| 86 3.2 113|284 155 43.3|/10.8 3.6 204|222 10.8 27.2
GEE 191 19 6.8 |11.7 59 14.0 30.0 21.3 274|254 15.8 26.735.9 27.7 387|115 9.2 458|223 13.6 26.6
DEE 33.7 6.0 9.2 (211 106 17.8 269 19.8 36.1|253 169 32.5/29.1 203 39.2| 87 7.6 483|241 13.5 305
Llama3-8B  BD 54.5 10.7 1231223 99 150|342 195 31.4|28.1 11.2 30.2|353 247 372|168 74 445|319 139 284
MD 459 28 40 1252 95 152|356 224 30.1]228 153 254|349 27.8 424|103 88 47929.1 144 275
MS 46.2 103 11.2]20.2 102 17.0|26.7 17.6 23.1|27.6 19.7 30.5|34.1 27.3 40.6|11.9 10.3 483|278 159 284
DiCoRe |53.5 14.4 17.4(26.1 15.7 25.0 |40.3 36.3 47.9|25.8 154 30.0|35.5 23.6 42.4|18.5 16.8 58.8|33.3 20.4 36.9
ChatIE |47.9 19.8 24.8 |33.3 20.8 40.6 455 37.9 47.0|14.6 6.4 17.3|41.8 31.0 509|129 10.2 48.9|32.7 21.0 38.3
GEE 283 15.7 17.5]26.2 16.3 31.1 |47.0 423 522|325 242 385 |43.7 347 46.0|11.1 10.7 43.2|31.5 24.0 381
DEE 60.8 14.8 16.4|34.0 21.3 33.6 | 474 383 454|39.2 30.5 46.0 |41.7 322 447|16.6 16.4 63.140.0 25.6 41.5
Llama3-70B BD 63.0 13.9 15.2]34.0 145 22.6|49.1 36.6 41.7|39.4 26.5 454 |49.2 33.6 45.7|16.5 11.7 48.8|41.9 228 36.6
MD 63.5 14.2 14.7|34.0 209 326 |51.2 40.2 46.8|36.8 289 43.0 454 36.8 49.0|13.9 13.7 64.4|40.8 25.8 41.8
MS 33.9 21.6 2231353 249 399|499 428 46.9|37.4 31.0 45.0|43.8 355 49.6|14.0 14.0 59.5|35.7 283 43.9
DiCoRe |62.5 27.8 30.6|40.4 25.1 36.1 |57.2 49.5 55.1|38.6 31.0 48.5|45.0 36.5 51.8|17.3 16.6 66.6|43.5 32.8 48.1

Table 5.2: Main results comparing the zero-shot ED performance of our proposed DiCoRe
with all other baselines for the Llama3-8B-Instruct and Llama3-70B-Instruct LLMs. TI:
Trigger Identification, TC: Trigger Classification, EI: Event Identification. bold = best
performance. (XX) = number of distinct event types.

map the generated outputs to input spans.

Implementation Details: We use TextEE [86] for our benchmarking, datasets, and
evaluation setup. To restrict LLM’s generation choices for the FSM-guided constrained
decoding, we utilize Outlines [227| over vLLM inference [102]. We use Curator [136] to query
the GPT family of LLMs. We deploy a temperature of 0.4 and a top-p of 0.9 for decoding.

We report the averaged results over three runs for robust benchmarking.

5.4 Results and Analysis

In this section, we provide our main results and findings, and later provide supporting

evidence through our analyses.

5.4.1 Main Results

We present the main zero-shot results for all baselines on the six datasets for Llama3 LLMs
in Table 5.2. As seen from the average results (last three columns), DiCoRe performs

the best, surpassing the best baseline of multi-event staged (MS) by a significant margin
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Prompt| MAVEN (168) | FewEvent (100) ACE (33) GENIA (9) SPEED (7) CASIE (5) Average

LLM Style T TC EI | TI TC EI | TI TC EI |TI TC EI | TI TC EI | TI TC EI | TI TC EI
MD 53.0 17.6 20.9|28.8 21.1 34.2|283 245 421|248 188 26.7|37.7 33.0 51.2|158 15.8 61.5|31.4 21.8 39.5
Qwen2.5-14B  MS 46.5 20.8 24.6|24.8 189 32.1|33.6 26.3 325|254 19.2 27.7|389 343 46.1|16.3 16.1 54.5|30.9 22.6 36.2
DiCoRe |53.1 23.3 27.6|29.7 19.3 30.4 |38.4 37.7 48.8/29.9 22.6 38.6|42.9 35.3 46.5|19.7 19.5 58.8 |35.8 26.1 41.8
MD 494 216 241|170 123 21.0|28.8 258 30.3|30.5 27.0 36.3|41.4 37.4 45.4|11.0 104 579 |29.7 224 358
Qwen2.5-72B  MS 39.9 236 254|250 21.0 34.2|425 404 42.5|26.7 23.6 34.1|40.6 355 452|105 10.5 49.1|30.9 25.8 38.4

DiCoRe |54.1 27.5 30.2|30.8 22.3 32.9 |46.8 44.8 47.8|33.6 29.8 43.9|40.6 34.7 41.4|15.9 15.8 59.3|37.0 29.2 42.6

MD 50.9 174 204|232 14.6 27.0 |40.9 36.2 42.5|27.0 19.9 31.4|36.5 30.6 41.810.0 99 51.1|31.4 214 35.7
GPT3.5-turbo MS 48.2 155 17.2]23.7 159 29.8 |40.7 374 423|232 19.0 26.3|33.0 23.7 355| 7.7 7.1 444|294 198 32.6
DiCoRe |48.1 21.6 26.1|25.3 15.6 31.1|41.7 41.7 48.9|26.2 19.5 36.3| 324 272 49.0|11.4 10.6 55.7|30.9 22.7 41.2

MD 61.8 28,9 31.9]30.6 239 354|523 523 52.3|41.0 36.5 49.5|44.1 40.2 48.0|10.1 10.1 55.7|40.0 32.0 455
GPT4o MS 494 30.8 33.3]25.6 20.6 322|362 36.2 38.3|36.6 33.2 45.0|45.7 40.4 50.1|13.4 134 46.9 345 29.1 41.0
DiCoRe | 58.5 32.2 35.6|36.1 28.4 38.5|54.9 54.9 56.6|40.7 354 51.2|43.3 37.3 46.1|16.7 16.7 58.841.7 34.2 47.8

Table 5.3: Generalization results for zero-shot ED performance comparing DiCoRe with
the best baselines for four other LLMs of Qwen2.5-14B-Instruct, Qwen2.5-72B-Instruct,
GPT3.5-turbo, and GPT40. bold = best performance. (XX) = number of distinct event

types.

of 5.5-8% TI, 4-8.5% EI, and 4-5% TC. The performance disparity across different task
decomposition methods of ChatlE, MS, and DiCoRe highlights how our divergent-convergent
decomposition of Dreamer-Grounder provides a stronger inductive bias. Other baselines
perform relatively better on datasets like GENIA /SPEED, as these are simpler datasets
with fewer event types, thus requiring less cognitive reasoning. However, on the high-event
datasets like MAVEN /FewEvent/ACE, which require more complex reasoning, DiCoRe, with

its divergent-convergent reasoning, shows more significant improvement over the baselines.

Generalization across LLMs: To demonstrate the generalizability of DiCoRe, we bench-
mark it with the top-performing baselines on four additional LLMs from the Qwen and
GPT families and show our results in Table 5.3. We note how DiCoRe performs the best
across all LLMs with an overall average improvement of 5.5% TI, 6.5% EI, 4% TC over the
multievent-staged baseline and 3.3% T1, 5.4%, 4.6% TC over the multievent-direct baseline.
Across different LLMs, we note the strongest performance on GPT4o, followed by Llama3-
70B-Instruct and Qwen2.5-72B, indicating how more parameters help better reasoning with

DiCoRe.
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Model Setting Average F1

TI TC EI

Test on GENIA, SPEED, CASIE
GOLLIE-7B 6.0 5.3 15.3
GOLLIE-34B 156 11.7 294
Llama3-8B DiCoRe 26.6 18.6 43.7
Llama3-70B DiCoRe 33.6 28.0 55.6

Test on all but ACE dataset

ACE-trained DEGREE 20.9 11.0 21.3
Llama3-8B DiCoRe 31.9 17.2 34.7
Llama3-70B DiCoRe 40.8 274 46.7

Test on all but MAVEN dataset

MAVEN-trained DEGREE | 31.8 25.0 38.6
Llama3-8B DiCoRe 29.2 21.6 40.8
Llama3-70B DiCoRe 39.7 31.7 51.6

Table 5.4: Comparison of pure zero-shot DiCoRe with fine-tuned transfer-learning baselines.
Underline indicates scenarios of DiCoRe improvements.

5.4.2 Comparison with Fine-tuned Transfer-learning Methods

Various works utilize transfer-learning and universal Information Extraction (IE) training for
zero-shot cross-dataset ED [20, 124]. These works train on selected IE datasets and show
performance on unseen IE datasets. We provide a comparison of DiCoRe with two such
transfer-learning approaches: (1) DEGREE [73], a generative framework utilizing text-based
event templates to generalize, (2) GOLLIE [183], a universal IE framework, fine-tuning LLMs
on various IE instruction datasets. For DEGREE, we consider two versions where the source
data is ACE and MAVEN, respectively. For GOLLIE, we consider the fine-tuned GOLLIE-7B
and GOLLIE-34B models. We provide the averaged results across target datasets (not
included in the source data) in Table 5.4. Through these results, we demonstrate how, despite
no fine-tuning, DiCoRe consistently outperforms the fine-tuned transfer-learning baselines
across all settings. On average, DiCoRe improves by 3-10% F1 using Llama3-8B-Instruct
and 10-22% F1 using Llama3-70B-Instruct and GPT4o.
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Agent TI TC
P R F P R F
Llama3-8B-Instruct
Dreamer 85 64.3 15.0| 0.0 0.0 0.0
+ Grounder 204 479 286|155 37.1 21.9
+ FSM Decoding | 22.3 56.8 32.1 | 16.2 42.3 234
+ Judge 41.8 39.0 40.3|37.5 352 36.3
MD Baseline 48.4 282 3561302 17.8 224
MS Baseline 22.0 33.8 26.7|144 225 17.6
Llama3-70B-Instruct
Dreamer 155 77.5 258 | 0.0 0.0 0.0
+ Grounder 28.6 65.7 404|225 534 31.8
+ FSM Decoding | 32.3 66.7 43.5|26.2 54.0 35.3
-+ Judge 52.8 62.5 57.2|45.7 54.0 49.5
MD Baseline 57.2 46.5 51.2|44.0 37.1 40.2
MS Baseline 66.4 399 499 (57.0 34.3 42.8

Table 5.5: Ablation Study on the ACE dataset highlighting the significance and contribution
of each component of DiCoRe. P: Precision, R: Recall, F: F1 score.

5.4.3 Comparison with Reasoning baselines

Reasoning by verbalizing thoughts using additional tokens has commonly helped improve
performance across a wide range of tasks [98, 104]. We evaluate the utility of reasoning,
specifically Chain-of-thought (CoT) [224], along with thinking-based models like Deepseek-R1-
Distilled-Qwen-32B (DS-Qwen-32B), Deepseek-R1-Distilled-Llama3-70B (DS-Llama3-70B)
[31] and O1-mini [89] on our task of zero-shot ED in Table 5.7. We demonstrate how the
baselines improve with additional reasoning; however, DiCoRe with the base models (Llama3-
70B) consistently outperforms all these reasoning baselines (even O1l-mini) while using 15-55x
fewer tokens on average. We also show how our method is complementary to reasoning by

demonstrating further improvements up to 1-2% F1 using reasoning with DiCoRe.
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Sentence Best Baseline | Dreamer Grounder Judge
Prediction Prediction Prediction Prediction

cass apd ra gave | [("Life:Be- [("Birth", "gave"), | [("Life:Be-Born", | [("Life:Be-

birth to her first | Born", ("Birth", "birth")| | "birth")] Born",

daughter. "gave")] "birth")]

After passing the | [("Change", | [("Movement", [("Change time", | [("Dispersal",

island, the hur- | "turned"), "turned"), ("Tran- | "turned"), "dissipat-

ricane turned to | ("Change", sition", "became"), | ("Becom- ing")]

the northeast, and | "became"), ("Dissipation", "dis- | ing_a_ member",

became extratrop- | ("Dissipat- sipating")] "became"), ("Dis-

ical on September | ing", '"dissi- persal", "dissipat-

8, before dissipat- | pating")] ing")]

ing two days later.

Covid-19 has led | [] [("Social Distancing"], [("prevent", [("prevent",

to social distanc- "distancing"), "distancing"), "distanc-

ing, but we can ("Quarantine", ("control", "quar-| ing"), ("con-

still be together "quarantine"), antine")] trol", "quar-

through the quar- ("Gaming", "gam- antine")]

antine with online ing")|

gaming!

Table 5.6: Qualitative examples comparing DiCoRe’s predictions (per component) with the
best baseline. We highlight the correct predictions in green and incorrect ones in red.

5.4.4 Ablation Study

To demonstrate the role of each component of our pipeline, we ablate and show the model
performance as we add each component in DiCoRe for the ACE dataset for Llama3-8B and
Llama3-70B LLMs in Table 5.5. For reference, we also show the precision/recall splits of the
baselines. Dreamer achieves a high recall for TI (albeit a low precision) - demonstrating the
utility of divergent unconstrained reasoning. Grounder helps align the predictions, causing
a slight drop in recall while improving the precision. FSM Decoding helps largely improve
the recall for Llama3-8B-Instruct by improving the mapping, and precision for Llama3-70B-
Instruct by fixing any constraint violations. Finally, Judge largely boosts the precision of the
model. Analysis of the baselines reveals that they are conservative, making a low number of
high-precision predictions. In comparison, DiCoRe makes many more predictions, largely

improving recall while maintaining reasonably high precision.
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Base LLM Prompt Average F1

Style TI TC EI
Chain-of-thought Baselines
Llama3-8B MD + CoT 25.0 135 27.1
Llama3-8B MS + CoT 284 17.6 31.9
Llama3-70B MD + CoT 41.0 309 48.0
Llama3-70B MS + CoT 40.5 31.6 47.1
Qwen2.5-72B MD + CoT 349 27.1 436
Qwen2.5-72B MS + CoT 36.2 28.8 40.8
Thinking-based model Baselines
DS-Qwen-32B  MD 39.2 30.0 46.3
DS-Qwen-32B  MS 39.5 304 45.2
DS-Llama3-70B MD 29.0 233 36.1
DS-Llama3-70B MS 33.3 27.0 378
O1-mini MD 40.2 32,5 44.7

DiCoRe base model results

Llama3-8B DiCoRe 33.3 204 36.9
Llama3-70B DiCoRe 435 32.8 48.1
Qwen2.5-72B DiCoRe 37.0 29.2 42.6
GPT4o DiCoRe 41.7 34.2 47.8

DiCoRe improvements with reasoning

Llama3-8B DiCoRe + CoT | 33.1 21.1 36.2
Llama3-70B DiCoRe + CoT | 43.0 33.1 49.8
Qwen2.5-72B DiCoRe + CoT | 37.0 29.1 43.5
DS-Qwen-32B  DiCoRe 43.1 33.3 495
DS-Llama3-70B DiCoRe 414 33.0 48.3

Table 5.7: Comparison of DiCoRe with reasoning-based baselines like Chain-of-thought (CoT)
and thinking-based models. Underline indicates DiCoRe improvements over baselines.

Qualitative Study: We provide some qualitative examples for each component of DiCoRe,
while comparing the best baseline across the datasets in Table 5.6. We see how the best
baseline often reasons incorrectly, leading to precision loss, or remains conservative, predicting
nothing, leading to recall errors. The split across the three components shows how Dreamer
generates many plausible event mentions, Grounder aligns and removes some, while Judge
verifies and filters irrelevant ones. These examples provide the internal workings of DiCoRe,

highlighting the significance of divergent-convergent reasoning.
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5.5 Conclusion

In our chapter, we introduce DiCoRe, a novel multi-agent divergent-convergent reasoning
pipeline of Dreamer-Grounder-Judge, aimed at decoupling the LLM from task-specific con-
straints, and indirectly better exploiting LLMs’ reasoning. Through experimentation on
six ED datasets from five domains across nine LLMs, we confirm how DiCoRe provides a
stronger inductive bias, improving over other zero-shot baselines, fine-tuned transfer learning

methods, and reasoning-focused approaches.
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Chapter 6

SNaRe % Domain-aware Data

(Generation for Low-Resource Event

Detection

ED frameworks are generally data-hungry, requiring costly, labor-intensive expert annotations.
While zero-shot inference models have been developed [166], their performance is subpar
relative to fully trained supervised models [57, 86]. To this end, synthetic data generation
[231] (i.e., generating sentence and event annotations) has emerged as a promising alternative,

particularly for practical use-cases in specialized domains.

However, existing generation approaches often focus on general-domain settings and fail
to address the distinct challenges of specialized domains [197|. Weak supervision methods
[68, 25] that use LLMs to generate labels for unlabeled sentences frequently introduce label
noise (Figure 6.1(a)), where incorrect or incomplete labels arise due to weak LLM reasoning
[86] or limited domain knowledge [197]. Downstream training on such incorrect labels can
cause spurious bias propagation. Conversely, recent generation approaches [92, 134] that
utilize LLMs’ self-knowledge to jointly generate labels and sentences struggle with domain

drift (Figure 6.1(b)), often synthesizing sentences that are misaligned with the target domain.
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@ LABEL NOISE
Missing Event

In-domain sentence: Three people L1  Event: Death
from Tripura were hacked to death

for allegedly practicing witchcraft.

Incorrect Trigger
| Correct: hacked

Event: Attack Trigger: witchcraft T

@ DOMAIN DRIFT

The fish led her to a pond where she )
soon found herself drowning.

The sentence is
J news-related and

Event: Death Trigger: drowning ] not related to the
death due to

-[ Domain: Epidemiology q’ epidemics

@ SNaRe# [Just today, a young mother )

succumbed to the viral disease.

J

@4 No LABEL NOISE | _
[ Event: Death  Trigger: succumbed ]:

NO DOMAIN - h .
DRIET [ Domain: Epidemiology ]-

[ Synthetic Input Sentence ][ Synthetic Label ][ Domain ]| Discussion |

Figure 6.1: Highlighting the errors of existing data generation approaches. (a) Using LLMs
to generate the labels from in-domain sentences leads to label noise owing to poor LLM
reasoning. (b) Utilizing LLMs to generate sentences conditioned on event and domain causes
domain drift, wherein the synthetic sentence is not aligned with the target domain. Finally,
in (c), we illustrate how SNaRe minimizes both errors to generate higher-quality synthetic
data.

This can be attributed to the lack of utilization of target domain information for generation
and can drastically hamper model training as lexical and structural cues are highly influential
for ED [212]. Overall, label noise and domain drift reduce synthetic data quality, eventually

leading to subpar supervised downstream model performance.

To this end, we propose SNaRe ®, a novel domain-aware, three-stage data synthesis LLM
pipeline comprising the Scout, Narrator, and Refiner agents. Scout surveys unlabeled target
domain data to identify salient triggers via prompt-based trigger extraction. Using corpus-level
statistics for automated aggregation and filtering, Scout curates a list of high-quality domain-
specific triggers per event type. Next, Narrator samples from these domain-specific triggers

and utilizes LLMs to synthesize diverse sentences for each event type. Utilizing specialized
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and diverse domain information for conditional generation aids Narrator in generating more
domain-aligned sentences, eventually reducing domain drift in the synthesized sentences. Since
Narrator sentences could mention additional events apart from the input set, we design the
Refiner to utilize LLM inference to annotate such missing events in these sentences. Narrator’s
conditional text generation and Refiner’s missing label annotation aid in reducing the label
noise and ensuring high data quality. We provide an illustration of SNaRe’s generation in
Figure 6.1(c).

We benchmark SNaRe on ED datasets from three domains: ACE [37] (news), SPEED
[164] (epidemiology), and GENIA2011 [95] (biomedical). For evaluation, we report the ED
performance of DEGREE [73| trained on the synthesized data. Across the zero-shot and
few-shot settings, SNaRe performs the best, outperforming the previous state-of-the-art
baselines [36, 134] by an average of 3-7% F1 points. Under multilingual generation for Arabic
and Chinese, SNaRe outshines even more, with improvements of 4-20% F1 over the best
baseline. Our analysis reveals how SNaRe’s synthesized triggers overlap 4-11% more (relative
to baselines) with the gold trigger set, demonstrating the reduction in domain drift. Finally,
human evaluation provides qualitative evidence for SNaRe’s superior data annotation quality

and domain alignment.

We start with discussion of relevant related works in Section 6.1. Next, we provide our
proposed multi-agent data synthesis pipeline SNaRe in Section 6.2. Then, we describe our
extensive experimental setup in Section 5.3, followed by results and extensive analyses in

Section 5.4. This chapter’s work has been published as Parekh et al. [165].

6.1 Background and Related Work

Here, we discuss specific related works discussing data generation paradigms for information

extraction and low-resource event detection in general.
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Data Generation for Information Extraction LLM-powered synthetic data generation
has been successful for various NLP tasks [123, 222, 229, 190|. For information extraction,
works have explored knowledge retrieval [22, 9], translation [162, 105], data re-editing [106, 80],
and label extension [252]. Recent works utilize LLMs to generate labels for sentences
[25, 245, 217, 206|, while some other works explore the generation of sentences from labels
[92, 134]. Our work introduces SNaRe, focused on infusing better domain-specific information

for data generation.

Low-resource Event Detection To address the growing need for event detection across
expanding domains, prior works have explored transfer learning via Abstract Meaning Repre-
sentation [87]|, Semantic Role Labeling [250], and Question Answering [133]. Reformulating
ED as a conditional generation task has also aided low-resource training [73, 76, 85]. Recently,
LLM-based reasoning [112, 56, 221, 166] and transfer-learning [20] have been explored, but
their performance remains inferior to supervised models [86]. This motivates efforts in

LLM-powered synthetic data generation for low-resource ED.

6.2 Methodology

In this chapter, we focus on domain-aware synthetic data generation using LLMs to alleviate
the need for expert-annotated training data. By generating a large dataset D; = {(X,Y)},
we can train domain-specific downstream ED models using minimal supervised data.
Existing weak-supervision approaches [141, 223| utilizing automatic methods to assign
labels to unlabeled sentences often generate incorrect labels (label noise). This can be
attributed to the domain-specific context understanding and deep reasoning requirement of
ED, leading to poor automatic label quality, even when using recent LLMs [86]. Another
route of approaches that utilize LLMs to generate sentences conditioned on labels [187, 92],
i.e., synthesize X for a designated Y, often curate sentences that are distributionally divergent

from the target domain (domain drift). This is mainly because these approaches focus on the
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Figure 6.2: Model Architecture Diagram highlighting the various agents of SNaRe. First, Scout
extracts and filters domain-specific triggers, then Narrator generates passages conditioned on
these triggers. Finally, Refiner adds any missing annotations and sample N data points per
event type for downstream training.

general domain and fail to utilize any target domain signals in their generation. Both label
noise and domain drift hurt the synthetic data quality, in turn, diminishing the downstream

supervised model performance.

To mitigate these issues, we propose SNaRe &, a domain-aware multi-agent data synthe-
sizer, that generate and verifies LLM generations to ensure high-quality data 77|, comprising
three agents: Scout, Narrator, and Refiner: Scout studies unlabeled target domain data
D!, to curate domain-specific triggers, in turn, reducing domain drift. Narrator generates
domain-specific sentences conditioned on Scout’s curated triggers, while Refiner adds ad-
ditional annotations to ensure high-quality labels. Overall, SNaRe is a training-free LLM
inference pipeline that is easily deployable and scalable across domains. We provide our

architectural diagram in Figure 6.2 and explain each agent of our pipeline below.
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Task Definition

p
You are an event detection system, looking to

decide whether a sentence mentions or

discusses an event from a specific list of events.

Full Event Ontology

(Events of interests: )

[infect, spread, symptom, prevent, control, cure,
death]

An "infect" eventis the process of a disease or
pathogen invading host(s).

Query

- . . N
Does the following sentence discuss or mention
any of the events of interest?

sentence: "If health officials tell people to wear
\masks to help stop the spread and save lives ...... /

Figure 6.3: Prompt setup for stage 1 of Event Classification for the Scout agent.

6.2.1 Scout

Scout is tasked with the curation of domain-specific triggers that are later utilized for sentence
generation. Events can assume a wide range of triggers depending on the domain and context.
For example, an "Attack" event can be triggered by war, killed in news, or breach, phish in
cybersecurity, or infect, transmit in epidemiology domains.

Thus, unlike past works [134] that utilize only LLMs’ internal knowledge for trigger
generation, we develop Scout, which extracts high-precision domain-specific triggers using
unlabeled target domain data D’.. Specifically, trigger extraction involves a two-stage prompt
setup: (1) The first stage is tasked with identifying and filtering possible event types mentioned
in the target domain sentence, and (2) The second stage aims to find the most appropriate
trigger word from the unlabeled sentence for each filtered event type. We provide the prompts
for Scout in Figure 6.3 and 6.4.

To ensure high precision of the triggers, we develop an aggregation and filtering mechanism

by incorporating corpus-level statistics. Specifically, for each event type, we aggregate the
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Task Definition

-~
You are a writer, looking to extract a potential

event trigger from a given sentence. Event

trigger is the word that most clearly expresses

the occurrence of the given event in the

sentence. Event trigger is often only a single
word in length.

\

Related Event Ontology
(" A

Event of interest: "spread”
A "spread" event is the process of a disease
\spreading/prevailing massively at a large scale.

Query

;. .

Given that the sentence mentions the event
"spread", extract the trigger word in the
sentence corresponding to this event type.

sentence: "If health officials tell people to wear
Cwasks to help stop the spread and save lives ...... L

Figure 6.4: Prompt setup for stage 2 of Trigger Extraction of the Scout agent.

counts of the triggers at the corpus level and filter out the top ¢ = 10 triggers as the curated
list of high-quality domain-specific event-indexed triggers. These triggers carry important
target domain signals that help in generating domain-specific sentences (§ 6.2.2), in turn

reducing domain drift of our synthetic data.

6.2.2 Narrator

Narrator is tasked with the synthesis of domain-specific sentences for our synthetic dataset.
Existing works [92, 134] do not utilize any target domain information, which causes domain
drift in their synthesized sentences. Instead, in our work, we condition the Narrator to
utilize the rich and diverse domain-specific triggers from Scout to synthesize domain-specific
sentences, which, in turn, reduce domain drift.

Specifically, Narrator samples 1-2 event types per synthetic data instance and correspond-
ing domain-specific triggers from Scout’s curated trigger list - constituting the label Y. Next,

it prompts the LLM with the task instructions and the event definitions, and asks it to
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Task Definition
" )
You are an writer, looking to write sentences

that contain specific events and event triggers.
An event is a specific occurrence involving
participants. An event is something that
happens. An event can frequently be described
as a change of state. Event trigger is the word
that most clearly expresses its occurrence.

Event triggers are often only a few words in
length.

\. J

Related Event Ontology

An "infect" eventis the process of a
disease/pathogen invading host(s).

A "death" event signifies the end of life of
individuals due to infectious disease.

Query

Generate a new sentence using trigger 'fumble’
for event infect, trigger 'drowning' for event
death.

J

Figure 6.5: Prompt setup for conditional data generation for the Narrator agent.

generate a passage X’ that mentions the sampled events using the sampled triggers (V). We
illustrate this prompt in Figure 6.5. The generated sentences are naturally more aligned
with the target domain owing to the conditioning on the domain-specific triggers (qualitative
examples shown in § 6.4.8). Further domain-specific adaptations are possible by fine-tuning

the LLM on unlabeled domain-specific data (analysis in § 6.4.7).

Generation Trigger: M]“‘J‘l
“Positive” Event: infect ]]\le
‘1‘1 gg:l :
Ok, I just got a fever... got
Theres a possibility Im Event:
COVID-19 Positive symptom

Figure 6.6: Illustration of how inverse generation can produce unannotated event mentions.
Blue box = target event mention, red box = unannotated event mention.
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Task Definition

-
This is an event extraction task where the goal is

to extract structured events from the text. A

structured event contains an event trigger word

and an event type.
\

Full Event Ontology
e p

Events of interests:
An "infect" eventis the process of a disease or
pathogen invading host(s).

- )

. . ™\
(Below is a sentence from which you need to

extract the events if any. Only output a list of
tuples in the form [(\"event_type_1\",
\"event_trigger_word_1\"), (\"event_type_2\",
\"event_trigger_word_2\"), ...] for each eventin
the sentence.

sentence: "If health officials tell people to wear
\masks to help stop the spread and save lives ......

Figure 6.7: Prompt for Refiner.

6.2.3 Refiner

While the Narrator ensures the sampled triggers are mentioned in the passage, it could
potentially introduce new unknown events in the passage, leading to under-annotated (X’,Y’)
data instances. We illustrate this in Figure 6.6 where the sampled trigger positive for infect
event is mentioned, but the sentence also mentions the missing symptom event triggered by
got.

To account for such missing annotations, we introduce Refiner - tasked to annotate
missing events in the generated sentence. Here, we simply prompt the LLM to find all event
mentions in the generated sentence (illustrated in Figure 6.7) and append them to the original
sampled Y. Since these new refined labels can be noisy, we avoid updating them for the
already present events from the Scout, and only add them for newly discovered events. To
further improve data quality, we apply an automated rule to remove passages that do not

mention the target trigger. Additionally, we standardize trigger annotations by correcting
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variations in trigger word forms. Such normalization and conservative filtering further aid in
ensuring high data quality. Finally, we apply a greedy sampling algorithm to sample N = 50

instances (X', Y") per event type to create our final synthetic dataset D;.

Downstream Model Training: The final component utilizes the generated synthetic data
D, to train downstream ED models in a supervised manner. The trained ED models are
then used to infer on the test set and for eventual evaluation. Since we use small language

models, our inference time computation is negligible compared to LLM inference methods.

6.3 Experimental Setup

Datasets: We consider three ED datasets from diverse domains for our experiments: (1)
ACE [37], in the news domain, (2) SPEED [164], in the social media domain, and (3) GENIA
[95], in the biomedical domain. We simplify GENIA by converting the original document-level
annotations to sentence-level annotations. We consider the Arabic and Chinese versions of
ACE for cross-lingual experiments. For the few-shot setting, we sample k£ few-shot examples
from the training data.

For our unlabeled data, we consider two sources: (1) Train - annotation-free training
splits (i.e., only the text) of each dataset and (2) External - unlabeled data from other
external sources. For this external data source, for ACE, we utilize News Category Dataset
[142]| comprising Huffpost news articles from 2012-2022. We filter articles corresponding to
political, financial, and business articles. For SPEED, we utilize COVIDKB [257|, comprising
tweets from the Twitter COVID-19 Endpoint. Finally, we utilize GENIA2013 [96]. We

provide statistics about these datasets in Table 6.1.

Baseline methods: We consider three LLM-based techniques for low-resource ED as the
baselines for our work. (1) Inference [56]: LLMs are used to directly infer on the target test

data using their reasoning capability. (2) STAR [134]: The state-of-the-art generation model
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Data # Sents # Event Average

Source Mentions Length
Test Data
ACE - test 832 403 22.9
SPEED - test 586 672 28.1
GENIA - test 2,151 1,805 29.7
Unlabeled Train Data
ACE - train 17,172 - 15.6
SPEED - train 1,601 - 33.5
GENIA - train 6,431 - 30.1
Unlabeled External Data
HuffPost 43,350 - 17.4
COVIDKB 7,311 - 30.6
GENIA2013 6,542 - 17.4
Multilingual Test Data
ACE - Arabic 313 198 24.6
ACE - Chinese 486 211 44.2
Unlabeled Multlingual Train Data
ACE - Arabic 3,218 - 26.1
ACE - Chinese 6,301 - 45.5

Table 6.1: Data Statistics for the various test and unlabeled datasets used for benchmarking
our proposed model SNaRe. # = Number of.

for ED utilizing LLMs for trigger and passage generation without using any unlabeled data,
(3) Weak Supervision (Weak Sup) [36]: LLMs are utilized to synthesize labels for unlabeled
data. For an upper bound reference, we also include a Gold Data generation baseline wherein

we sample from the gold training data of each dataset to train the downstream ED model.

Base models: For our base LLMs, we consider three instruction-tuned LLMs of varying
sizes, namely Llama3-8B-Instruct (8B model), Llama3-70B-Instruct (70B model) [43], and
GPT-3.5 (175B model) [19]. For our downstream ED model, we consider a specialized low-
resource model DEGREE [73], a generative model prompted to fill event templates powered

by a BART-large pre-trained language model [109].
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—e— Supervised Inference —e— STAR —e— Weak Sup —e— SNaRe
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Figure 6.8: Few-shot results comparing SNaRe with other baselines across three datasets
using Llama3-8B-Instruct as the base LLM. Except for Inference, all other evaluations are
performances of the downstream DEGREE [73] model trained on data generated by each
technique. Tri-C: Trigger Classification F1, #/: Number of.

Evaluation: Our primary evaluation metric is supervised model performance trained on
the synthesized data. We consider two low-resource settings - zero-shot (no labeled data) and
few-shot (k datapoints per event type are used). For Inference baseline, the LLM is directly
run on the test set to procure model predictions. We report the F1 scores for two metrics |7]:
(1) Event Identification (EI) - correct identification of events, and (2) Trigger Classification

(TC) - correct identification of trigger-event pairs.

Implementation Details: We follow STAR for the implementation of the baseline models
and most hyperparameter settings. For SNaRe’s passage generation, we select the top ¢t = 10
triggers (except t = 8 for GENIA) for passage generation. We generate N = 50 datapoints
per event type for each generation strategy. All our experimental results are reported over an

average of three runs.

6.4 Results and Analysis

Here, we now present the results for our zero-shot, few-shot settings, and cross-lingual

experiment below.

84



Unlabeled ACE SPEED | GENIA | Average

Base LLM — Method Data Source| EI TC | EI TC | EI TC | EI TC
Inference - 30.2 23.8|39.8 2541219 17.2]30.6 22.1

STAR - 449 35.0(21.0 10.1|{259 19.0(30.6 214

Llama3-8B Weak Sup train 41.7 37.8|45.6 31.5]26.9 214|381 30.2
SNaRe (ours) train 57.4 50.2 |44.6 31.5[35.2 28.9|45.7 36.9

SNaRe (ours) external 57.7 52.6|47.8 32.9|33.6 24.6 |46.4 36.7

Inference - 46.9 41.346.9 35.6 |34.2 282|427 35.0

STAR - 50.0 42.3|18.3 13.8]23.3 16.9|30.5 24.3

Llama3-70B Weak Sup train 53.2 48.0 152.8 39.6|36.2 29.1 |47.4 38.9
SNaRe (ours) train 58.1 53.8 49.9 38.7(38.0 29.7|48.7 40.7

SNaRe (ours) external 59.7 55.6|50.1 39.239.2 31.5|49.7 42.1

Inference - 33.0 26.2 442 329|31.2 24.7]36.1 279

STAR - 45.0 36.6 |21.3 14.6|21.8 143|294 21.8

GPT-3.5 Weak Sup train 49.7 44.6 |50.7 37.5|37.7 30.1 |46.1 374
SNaRe (ours) train 54.8 48.3|50.3 36.8|39.3 31.1|48.1 38.7

SNaRe (ours) external 54.0 48.5|50.1 36.1 | 38.7 29.4|47.6 38.0

(Upper Bound) Gold Data - |64.6 61.6|64.0 53.5|51.3 44.0|60.0 53.0

Table 6.2: Zero-shot results comparing downstream performance for data generated by SNaRe
with other baselines across three datasets and three base LLMs. Except for Inference, all
other evaluations are performances of the downstream DEGREE [73] model trained on data
generated by each technique (50 datapoints per event type).

6.4.1 Zero-shot Results

We present the main zero-shot results comparing the baselines across different LLMs and

datasets in Table 6.2 and discuss our findings below.

SNaRe performs the best: On average, SNaRe outperforms STAR by 17.3% Eve-1 F1
and 16.3% Tri-C F1 points — demonstrating how domain-specific cues from unlabeled data
aid in tackling domain drift. Compared to Weak Supervision, SNaRe provides average gains
of 3.6% Eve-I F1 and 3.3% Tri-C F1, suggesting that cleaner label quality can help improve

model performance.

External data source is effective: Assuming access to the training data as the unlabeled

data source can be a strong assumption and bias for SNaRe. To verify the robustness of
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Figure 6.9: Few-shot results comparing SNaRe with other baselines across three datasets
using Llama3-8B-Instruct as the base LLM. Except for Inference, all other evaluations are
performances of the downstream DEGREE [73] model trained on data generated by each
technique. Tri-C: Trigger Classification F1, #/: Number of.

our approach, we also evaluate SNaRe with external data sources. Surprisingly, as seen in
Table 6.2, SNaRe with external data provides similar gains of 4% Eve-I F1 and 3.4% Tri-C
F1 over the best baseline. We posit that the higher volume of external data leads to the
extraction of cleaner domain-specific triggers, which eventually aids in better downstream

performance.

6.4.2 Few-shot Results

We also study the various methods in the presence of small annotated data as part of our
few-shot experiments. Specifically, we study the &k = 2 and k = 5 few-shot settings, where k
annotated examples per event type are utilized. We utilize the k-shots as in-context examples
in the LLM prompts and append these few-shot examples to the synthesized training data
as well. Additionally, we consider another baseline (Supervised) of downstream models
trained only on the k-shot examples. We present the Tri-C results for all the datasets for
the Llama3-8B model in Figure 6.9. Similar to zero-shot results, we observe that SNaRe
consistently outperforms all other baseline models. On average, SNaRe outperforms STAR

and Weak Sup by 5.4% Tri-C F1 and 7% Tri-C F1, respectively.
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LLM Method Arabic Chinese
EI TC | EI TC

Inference 21.5 134 | 15.0 11.8

STAR 11.5 10.5 | 19.7 16.0

Llamad-88 ok Sup 215 16.2 | 26.3 19.1
SNaRe (ours) | 40.1 33.6 | 35.9 31.1

Inference 37.5 277|320 29.1

STAR 37.1 309 | 26.0 22.0

Llamad-70B vk Sup 30.0 204 | 28.1 263
SNaRe (ours) | 47.5 44.0 | 40.4 33.1

Table 6.3: Comparing SNaRe with zero-shot inference for other powerful LLMs for the ACE
dataset.

Method ACE SPEED GENIA
SNaRe 50.2 31.5 28.9

— Scout 43.2 27.8 28.2

— Narrator 37.8 31.5 21.4

— Refiner 47.4 23.3 22.0

Table 6.4: Ablation study for SNaRe’s Scout, Narrator, and Refiner agents measured as Tri-C
F1 performance across the three datasets.

6.4.3 Zero-shot Multilingual Results

To highlight the utility of our work, we apply our work across languages, specifically Arabic
(ar) and Chinese (zh). We used multilingual ACE data [37] for this experiment and utilized
TagPrime [74], powered by XLM-Roberta-large [28], as the downstream ED model. We
present our results for Llama3-8B-Instruct and Llama3-70B-Instruct LLMs in Table 6.3.
Surprisingly, SNaRe performs the best out-of-the-box, with improvements ranging between

10-20% F1 for Arabic and 4-12% F1 for Chinese, highlighting the broader impact of our work.

6.4.4 Ablation study

Table 6.4 shows the ablation study for Scout and Refiner. For ablating Scout, we replace it by
prompting LLM to directly generate triggers. Ablating Narrator is similar to the Weak Sup

baseline, while adding additional refiner and dataset statistics to remove noisy datapoints.
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LLM + Method Eve-I Tri-C

Llama3-70B + Inference 46.9 41.3
Llama3.3-70B + Inference 48.9 43.0
Qwen2.5-72B + Inference 40.9 34.2
GPT4o0-mini + Inference 34.5 28.8
GPT40 + Inference 51.4 47.7
QwQ-32B + Inference 49.7 43.5
Deepseek-R1-L3-70B + Inference 41.8 36.6
Llama3-70B + SNaRe (train) 58.1 53.8
Llama3-70B + SNaRe (external) | 59.7 55.6

Table 6.5: Comparing SNaRe using Llama3-70B with zero-shot inference for other reasoning-
based LLMs for the ACE dataset.

Method ACE SPEED GENIA
STAR 9.6% 15.3% 15.1%
Weak Supervision 19.1%  38.4% 44.8%
SNaRe 23.2% 49.4% 52.5%

Table 6.6: Reporting the hit rate of synthesized data triggers relative to gold test triggers for
various data generation methods on different domains and datasets.

We observe how all the agents are critical, with average performance reductions of 3.8% F1,

6.6% F1, and 6% F1 upon removing the respective agents of Scout, Narrator, and Refiner.

6.4.5 Comparison with Reasoning LLMs

To further highlight the efficacy of SNaRe, we compare it with zero-shot inference using more
recent reasoning-based LLMs for the ACE dataset in Table 6.5. As seen, Llama3-70B with
SNaRe significantly outperforms stronger LLMs like GPT40 and thinking-based models like
QwQ-32B by 8-10% Eve-I F1 and 8-12% Tri-C F1 scores, respectively. This highlights the
strong efficacy of synthetic generation SNaRe over zero-shot inference even when using more

powerful LLMs.
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Method Naturalness Event Annotation

Relevance Quality
STAR 3.1 3.4 3.1
Weak Supervision 4.2 - 2.9
SNaRe 3.6 4.0 3.6

Table 6.7: Human evaluation for sentence naturalness, relevance of event in generated sentence,
and the annotation quality for the different data generation methods. 1 = worst, 5 = best.

6.4.6 Analyzing domain drift and label quality

ED models have a strong tendency to over-rely on lexical relations between triggers and
events [212]. Thus, we compare the synthetic data triggers with the gold test triggers as a
raw study of the domain drift of triggers in the synthesized data. Specifically, we extract
triggers per event type in the synthetic datasets and measure the hit rate/overlap of the
synthesized triggers with the gold set of triggers, as reported in Table 6.6. STAR’s low hit
rate indicates the poor overlap with the gold triggers, which is a primary reason for its domain

drift. Furthermore, the consistently stronger coverage of SNaRe explains its lower domain

drift.

To further study the quality and relevance of the label, we performed a human evaluation.
Specifically, a human expert in ED is tasked with scoring generations (between 1-5) on the
naturalness of the sentence specific to the target domain, the relevance of the event to the
semantic actions described in the generated sentence, and the annotation quality evaluating
the selection of triggers. We provide the averaged scores across the three datasets for 90
samples in Table 6.7.! Weak Supervision has high sentence quality but poor label annotations;
STAR suffers from poor event relevance, indicating domain drift. Overall, SNaRe performs

the best with high annotation quality and event relevance.

1Since Weak Supervision annotates the unlabeled target domain sentences, event relevance is analogous to
annotation quality, and we do not explicitly evaluate it.
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Method ACE SPEED GENIA

EI TC| EI TC | EI TC
SNaRe 57.4 50.2 | 446 31.5 | 352 28.9
+ SFT LLM | 55.2 51.7 |46.9 35.8|36.7 29.1

Table 6.8: Measuring performance improvement by fine-tuning an LLM on unlabeled train
data for SNaRe.

Dataset Event Method Trigger Sentence

STAR raid As the rebels embarked on a daring trek across the
desert, they launched a surprise raid on the heavily
guarded fortress, catching the enemy off guard.

SNaRe  shooting As the rival businessman signed the contract, a
sudden shooting erupted outside, causing chaos in
the midst of the transaction.

ACE Attack

STAR asphyxiation The hiker’s life was tragically cut short as asphyxi-
ation occurred after she became stuck in the narrow
cave crevice.

SNaRe  killed The patient’s feverish state was triggered when they
tested positive for the virus, which ultimately led to
their being killed by the rapidly spreading infection.

SPEED Death

STAR merge The regulatory protein’s ability to activate a specific
region of the DNA triggers the merge of two pro-
teins, leading to the modification of gene expression.

bound During the phosphorylation of the enzyme, it bound
to the DNA sequence, initiating the transcription
process.

GENIA Binding SNaRe

Table 6.9: Qualitative examples demonstrating STAR and SNaRe’s trigger and sentence
generation quality.

6.4.7 Domain-adapted LLM Fine-tuning

We fine-tune the base LLM for Narrator on the unlabeled target domain train data D/, to
better align the generated passages. Naturally, this can be applied only for smaller LLMs
owing to fine-tuning costs. We present the results of fine-tuning Llama3-8B-Instruct on
the unlabeled train data in Table 6.8. On average, we observe that target data fine-tuning
additionally improves SNaRe by 0.5-2% F1. Qualitative studies indicate that the generated

passages are distributionally closer to the target domain, further reducing domain drift.
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6.4.8 Qualitative analysis of generated data

We provide qualitative evidence for SNaRe’s reduction in domain drift by Scout’s domain-
specific triggers in Table 6.9. We compare with STAR, which uses LLM’s internal knowledge
to generate the triggers. Lack of domain grounding often results in STAR’s triggers and
sentences being misaligned (e.g. asphyziation for death event related to pandemics) relative
to the target domain. In contrast, SNaRe’s triggers are better aligned to the target domain

corpus, resulting in better quality data and reduced domain drift.

6.5 Conclusion

We introduce SNaRe, a domain-aware synthetic data generation approach composed of Scout,
Narrator, and Refiner. Utilizing Scout’s domain-specific triggers for synthesizing sentences,
along with Narrator’s conditional generation and Refiner’s annotations, helps reduce domain
drift and label noise. Experiments on three diverse datasets in zero-shot, few-shot, and
multilingual settings demonstrate the efficacy of SNaRe, establishing SNaRe as a strong data

generation framework.
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Chapter 7

SPEED: A Multilingual Event Extraction
Framework for Epidemic Preparedness

using Social Media

Early warnings and effective control measures are among the most important tools for policy-
makers to be prepared against the threat of any epidemic [27]. World Health Organization
(WHO) reports suggest that 65% of the first reports about infectious diseases and outbreaks
originate from informal sources and the internet [71]. Social media is an important information
source here, as it is more timely than other alternatives like news and public health [103],
more publicly accessible than clinical notes [132], and possesses a huge volume of content.!
This underscores the need for an automated system monitoring social media to provide early
and effective epidemic prediction, tying back to the application motivation of this thesis.
To this end, in this chapter, we introduce SPEED and SPEED++ (Social Platform
based Epidemic Event Detection), the first multilingual EE framework designed for epidemic
preparedness using social media. Compared to existing simple epidemiological keyword and

sentence-classification approaches [108, 132|, EE requires a deeper semantic understanding.

LA daily average of 20 million tweets were posted about COVID-19 from May 15 — May 31, 2020.
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Figure 7.1: Zero-shot multilingual epidemic prediction in Chinese for COVID-19 pandemic.
(Top) Number of epidemic events extracted in Dec-Jan 2020. Arrows indicate SPEED
epidemic warnings. (Bottom) SPEED warning with respect to the general timeline of major
moments of the COVID-19 pandemic.

This enhanced understanding aids in more effective disease-agnostic extraction of epidemic
events from social media. By reporting sharp increases in epidemic-related events, we can
provide early epidemic warnings, as shown in Figure 7.1, where we detect COVID-19 epidemic

warnings zero-shot in Chinese - highlighting the applicability of ED for epidemic prediction.

Existing EE datasets are unsuitable for establishing a framework to extract epidemic-
related events from social media, as they focus on general-purpose events in news and
Wikipedia domains, while other epidemiological works are disease-specific and too fine-
grained, as we discuss in § 7.1. Instead, we construct our own epidemic EE ontology and
dataset for social media. Our created ontology comprises seven event types - infect, spread,
symptom, prevent, cure, control, death - and 20 argument roles (e.g. symptoms, control
measures, infected, etc.) chosen based on their relevance for epidemics, frequency in social
media, and their applicability to various diseases. We further validate our ontology through

clinical sources and public health experts.

For the dataset, we chose Twitter as the social media platform and focused on the COVID-

19 pandemic. Apart from traditional English, we also annotate on three other languages
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- Spanish, Hindi, and Japanese - to benchmark multilingual EE models. Leveraging the
enriched ontology and expert annotations, we develop our SPEED/SPEED++2 dataset
comprising 5.1K tweets and 4.6K event mentions across four different diseases (COVID-19,
Monkeypox, Zika, and Dengue) in four languages. Using our SPEED /SPEED-++ dataset,
we develop English-only and zero-shot cross-lingual models. For English-only models, we
train existing ED frameworks [42, 73|; while for zero-shot cross-lingual models, we empower
TagPrime [74]| with multilingual pre-training and augmented training using pseudo-generated
multilingual data from CLaP [162]. These models are trained realistically on limited English
COVID-specific data and expected to provide predictions cross-disease, cross-language, in a
zero-shot manner - a more realistic evaluation. Benchmarking on SPEED reveals how our
trained models outperform various baselines by an average of 10-16% F1 points for unseen
diseases across four different languages.

To demonstrate the utility of our multilingual EE framework, we apply it to two epidemic-
related applications. First, we utilize the framework’s cross-disease extraction for early
epidemic prediction by aggregating epidemic events across time. Comparing our extracted
events with the actual reported cases, we show that our English-only cross-disease framework
can provide warnings up to 4-9 weeks earlier than the WHO declaration for the Monkeypox
epidemic (Figure 7.2). Applying our cross-lingual framework for COVID-19 to Chinese Weibo
posts, we successfully detected early epidemic warnings by Dec 30, 2019 (Figure 7.1) - three
weeks before the global infection tracking even began. By incorporating tweet locations,
we construct a global epidemic severity meter capable of providing epidemic warnings in
65 languages spanning 117 countries. Such early warnings, aided by timely action, can
potentially lead to a 2-4x reduction in the number of infections and deaths [93| - signifying
the role of our framework for global epidemic prediction.

As another application, we repurpose our framework as an information aggregation system

for community discussions about epidemics such as symptoms, cure measures, etc. Leveraging

2Note that this dataset was created in two phases. The first phase SPEED focused on English ED and the
second phase SPEED++ focused on Multilingual EAE annotations.

94



wn

= 10000 WHO DECLARES ) SPEED 500 g
O MONKEYPOX AS COVIDKB o
> GLOBAL HEALTH SN — ©
LiCl_) 8000 CONCERN \ - Keyword 400..,_
o ; A Clustering 8
L ,I \\

o 6000 / 5 MAVEN 3009
Q OUR ,'I ----- True Trend g
g EPIDEMIC / S
c 4000 WARNINGS 200%
-o II \\

S \ J \\\ 8
T 2000 1005
g gL = = 0 «

May Jun Jul Aug Seipﬁ Oct Nov
Date (in 2022)

Figure 7.2: Number of reported Monkeypox cases and extracted events by our trained ED
model from May 11 to Nov 11, 2022. Arrows indicate how our system could provide early
epidemic warnings about 4-9 weeks before the WHO declared Monkeypox as a concern.
MAVEN = Data Transfer model trained on MAVEN. Keyword = epidemiological keyword
baseline.

the EAE capability of our framework, we meticulously extract these event-specific details from
millions of tweets across diseases and languages. Similar arguments are then agglomeratively
clustered to generate an aggregated ranked bulletin. We demonstrate that this bulletin
can aid misinformation detection (e.g., cow urine as a cure for COVID-19) and public
attention shift monitoring (e.g., rashes as symptoms for Monkeypox). Such an automated
disease-agnostic multilingual aggregation system can significantly alleviate human effort while

providing insights into public epidemic opinions.

Overall, we discuss two works in this chapter, pioneering the utilization of Event Extrac-
tion in social media for Epidemic Preparedness. In turn, we make the following wholistic
contributions: (1) we create a disease-agnostic social-media-tailored ontology and the first
multilingual Event Extraction dataset for epidemic prediction SPEED /SPEED++ encom-
passing four diseases and four languages, (2) we extensive benchmark existing methods

to demonstrate their inadequacy and the substantial improvements achieved by our pro-

95



posed models trained on SPEED, (3) we demonstrate the robust utility of our framework
through two epidemic-centric applications, facilitating multilingual epidemic prediction and
the aggregation of epidemic information.

We organize our work by discussing the background and related works in Section 7.1.
Next, we discuss our process to create the ontology, annotate the data, along with some
data analysis in Section 7.2. Then, we discuss our first major results for zero-shot Event
Extraction for epidemiology in Section 7.3. Post this, we provide two applications of our
work in Section 7.4 and Section 7.5. This chapter has been published as two works - Parekh
et al. [164], and Parekh et al. [163].

7.1 Background and Related Work

Here, we provide a brief background of the shortcomings of existing Event Extraction
(EE) datasets. We also discuss relevant epidemiological ontologies, datasets, and developed

information extraction systems.

Event Extraction Datasets FEarliest works for this task can be dated back to MUC
[204, 61] and the more standard ACE [37]. Over the years, ACE was extended to various
datasets like ERE [196] and TAC KBP [47, 48]. Recent progress has been the creation of
massive datasets and huge event ontologies with datasets like MAVEN [220], RAMS [45],
WikiEvents [121|, DocEE [212|, GENEVA [161] and GLEN [122]. While most of these
datasets are only in English, some datasets like ACE [37], ERE [196], and MEE [171| provide
EE data in ten languages for general-purpose events in the news and Wikipedia domains.
Overall, these ontologies and datasets cater to general-purpose events, are primarily English,

and are not suitable for multilingual epidemiological EE.

Epidemiological Ontologies FEarly epidemiological works [126, 176] defined highly rich

taxonomies for describing technical concepts used by biomedical experts. Further develop-
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Source Sentence Trigger Social Personal Social Media Disease

Dataset Level Present Events Events Granular agnostic
COVIDKB [257] Twitter v v v

CACT [132] Clinical v ~ v
ExcavatorCovid [140]  News v v v

BioCaster [27] News v v v
DANIEL [108| News ~ ~ v 4
SPEED (Ours) Twitter v v v v v v

Table 7.1: Objective comparison of various epidemiological datasets COVIDKB [257], CACT
[132], ExcavatorCovid [140], BioCaster [27|, and DANIEL [108] with our dataset SPEED.
We objectify the source of data (Data Source), the level of annotation granularity (Sentence
Level), the presence of trigger information (Trigger Present), the presence of social and
personal events (Social Events and Personal Events), the suitability of ontology for social
media (Social Media Granular), and whether the dataset is disease-agnostic (Disease-agnostic).
v indicates present, X indicates absence, and ~ indicates partial presence.

ments led to the creation of SNOMED CT [199] and PHSkb [40] that define a list of reportable
events used for communication between public health experts. BioCaster [27] and PULS [41]
extended ontologies for the news domain. Recent works of NCBI [38], IDO [13], and DO
[189] focus on comprehensively organizing human diseases. In light of the recent COVID-19
pandemic, CIDO [69] defines a technical taxonomy for coronavirus, while ExcavatorCovid
[140] automatically extracts COVID-19 events and relations between them. Most of these
ontologies are too fine-grained or limited to specific events, and can’t be directly used for ED

from social media, as also shown in Table 7.1.

Epidemiological Information Extraction FEarly works utilized search-engine queries
and click-through rates for predicting influenza trends [49, 60]. Information extraction from
Twitter has also been quite successful for predicting influenza trends [194, 103, 169]. Over the
years, various biomedical monitoring systems have been developed, like BioCaster [27, 139],
HeathMap [55], DANIEL [108], EpiCore [152]. Extensions to support multilingual systems
have also been explored [108, 144, 181]. For the COVID-19 pandemic, several frameworks
like CACT [132] and COVIDKB [257] were developed for extracting symptoms and infection

statistics, respectively. While most of these works are English-focused, some other works
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Figure 7.3: Illustration for the task of Event Detection for detecting epidemic-based events.
Event mentions: Event symptom and trigger sneezed (1st sentence), Event infect and trigger
positive (2nd sentence), Event death and trigger died (2nd sentence).

[108, 144, 181] support multilingual systems by using keyword-based and simple classification
methods. Overall, most of these systems are English-centric, disease-specific, focus on news
and clinical domains, and use keyword /rule-based or simple BERT-based models, as shown
in Table 7.1. In our work, utilizing disease-agnostic annotations and powerful multilingual

models, we develop models that can detect events for any disease mentioned in any language.

7.1.1 From Event Detection to Epidemic Prediction

Given a social media post, Event Detection (ED) [204, 37| extracts and classifies significant
events of interest. By designing disease-agnostic epidemic-based events, we aim to train
ED models to extract epidemic events from social media posts for any possible disease, as
illustrated in Figure 7.3 for three epidemic events symptom, infect, and death. By detecting
abnormal influx in the trends of extracted epidemic events from social media, we can thus
provide early epidemic warnings for any possible disease, as we show for Monkeypox in
Figure 7.2. Existing epidemiological approaches [108, 132| are simple keyword or sentence
classification-based and generally less accurate. Other works like COVIDKB [257] and
ExcavatorCovid [140] are disease-specific and utilize events for building knowledge bases, as
shown in Table 7.1. To the best of our knowledge, we are the first ones to leverage event
detection to extract epidemic events from social media and provide early warnings for any

possible disease.
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7.2 Ontology Creation and Data Collection

We choose social media as our document source as it provides faster and more timely worldly
information than news and public health [103] and is more publicly accessible than clinical
notes [132]. Owing to its public access and huge content volume, we consider Twitter® as
the social media platform and consider the recent COVID-19 pandemic as the primary
disease. Since existing epidemiological ontologies and standard ED datasets can’t be utilized
to exploit ED for epidemic prediction (§ 7.1 and Table 7.1), we create our own event ontology
and dataset SPEED for detecting disease-agnostic epidemics from social media. Furthermore,
we extend to three other languages apart from English - Spanish, Hindi, and Japanese - to
enhance the multilingual capability of our framework. We construct our ontology/dataset in
two stages - in the first stage, we create an English-centric ED ontology, and in the second
stage, we augment it with EAE components and multilingual data. Figure 7.4 provides a
brief overview of our first stage, while Figure 7.5 provides a high-level overview of our second

stage.

7.2.1 Ontology Creation

First, we create our event ontology for the task and describe the steps as follows:

1. Curation of event types: We scan through existing medical ontologies like BCEO
[27], IDO [13], and the ExcavatorCovid [140] and curate a large list of event types for

infectious and epidemic-related diseases.

2. Merge event types across ontologies: Since these existing ontologies may have
repetitive event types, we perform a merging step. Specifically, two human experts
manually examine and merge event types that are exactly similar in our curated list of

event types (e.g. Qutbreak event type).

3https://www.twitter.com/
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Figure 7.4: Overview of the first stage of our SPEED dataset creation process with three
major steps: Ontology Creation, Data Processing, and Data Annotation.

3. Filter out disease-specific event types: Some event types in our curated list are
specific to certain diseases. We identify and filter out such event types (e.g. Mask
Wearing for COVID-19 which may not be observed for other diseases). We utilize
opinions from public health experts to aid this step ensuring our event types are

disease-agnostic.

4. Definition Correction: Utilizing aid from public health experts, we add and refine

definitions for the curated set of event types and ensure they are disease-agnostic.

5. Organization: Following ExcavatorCovid [140], we organize our curated list of event
types into three larger categories: social (events involving larger populations), personal

(individual-oriented events), and medical (medically focused events) types.

Our complete initial event ontology comprises 18 event types along with their event
definitions organized into three abstract categories as shown in Table 7.2.
To further enhance our ontology with argument roles, we initially drafted event-specific

roles through a crowdsourced survey with 100 participants. Through manual inspection, we
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Event Definition Action for Final
name Ontology
SOCIAL SCALE EVENTS

Prefigure The signal that precedes the occurrence of a poten- | Discarded
tial epidemic.

Outbreak The process of disease spreading among a certain | Merged into
amount of the population at a massive scale. Spread

Spread The process of disease spreading among a certain | Final Event
amount of the population but at a local scale.

Control Collective efforts trying to impede the spread of a | Final Event
epidemic.

Promote The relationship of a disease driver leading to the | Discarded
breakout of a disease.

PERSONAL SCALE EVENTS

Prevent Individuals trying to prevent the infection of disease. | Final Event

Infect The process of a disease/pathogen invading host(s). | Final Event

Symptom Individuals displaying physiological features indicat- | Final Event
ing the abnormality of organisms.

Treatment The process that a patient is going through with | Merged into Cure
the aim of recovering from symptoms.

Cure Stopping infection and relieving individuals from | Final Event
infections/symptoms.

Immunize The process by which an organism gains immuniza- | Merged into Pre-
tion against an infectious agent. vent

Death End of life of individuals due to infectious disease. | Final Event

MEDICAL SCALE EVENTS

Cause The causal relationship of a pathogen and a disease. | Discarded

Variant An alternation of a disease with genetic code- | Discarded
carrying mutations.

Intrude The process of an infectious agent intruding on its | Merged into Infect
host.

Respond The process of a host responding to an infection. Discarded

Regulate The process of suppressing and slowing down the | Merged into Cure
infection of a virus.

Transmission| The process of a pathogen entering another host | Discarded

route from a source.

Table 7.2: Complete initial epidemic event ontology comprising 18 event types organized into
3 higher-level abstract categories. We also present details about the event definitions and the
action taken for each event type in the final ontology.
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Figure 7.5: Overview of the second stage of our SPEED++ dataset creation process with
three major steps: Ontology Creation, Data Processing, and Data Annotation.

extract the frequently mentioned roles in the responses. These are augmented with more
typical roles like Time and Place. We further expand the ontology with epidemic-specific roles
(e.g. Effectiveness of a cure, Duration of a symptom) from a fine-grained COVID ontology
ExcavatorCovid [140]. Finally, the roles are renamed to reflect corresponding events (e.g.,

the person who gets infected in the infect event is named Infected).

7.2.2 Social Media based Filtering and Validation

Our initial ontology (Table 7.2) was constructed using previous ontologies and human
knowledge. But the relevance of each event type for social media (specifically Twitter)
remains unknown. To evaluate this relevance, we first associate each event type with event-
specific keywords. Then we utilize frequency and specificity as two guiding heuristics for
further filtering/merging of event types in our curated ontology. We utilize the base Twitter

dataset for conducting this analysis and describe each of these steps in more detail here:

1. Keyword Association: To objectively conduct this analysis, we associate each event

type with a set of keywords. This association involves two simple steps:
(a) Human expert curation: For each event type, a human expert curates 2-3 simple
yet specific keywords for each event based on commonsense knowledge.

(b) Thesaurus-based expansion: For each human-expert curated list, we utilize an
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external resource - Thesaurus* to further find event-relevant keywords.

2. Frequency-based filtering: Using frequency, we aim to filter out event types that
are less mentioned in social media. To approximately estimate the frequency of each
event type in social media, we count the number of social media posts containing any
of the curated keywords for each event type. We observe that most events under the
medical abstraction occur much lesser than others. Since such low-frequency events
(e.g. Variant, Cause, Prefigure, etc.) are less likely to be mentioned in a smaller sample
of data, we discard or merge such events for our final ontology. We repeat this step

similarly for event-specific argument roles.

3. Specificity-based filtering: Specificity ensures that each event type is uniquely
identifiable with a good confidence and mainly aims to reduce ambiguity and make the
event types more distinct. To estimate specificity, for each curated keyword of an event
type, we randomly sample a small number of non-duplicate social media posts and
annotate them with human experts. For example, the Control event comprises high
specificity keywords such as quarantine, protocol, guidelines. On the other hand, the
event Prefigure doesn’t have any high specificity keywords, but only medium specificity
keywords such as foreshadow and low specificity keywords such as foretell. Since medium
and low specificity keywords are more likely to give false positives, we filter /merge event

types that have a high number of low-confidence keywords (e.g. Intrude, Promote).

Thus, with the above filtering and merging, we shrink our ontology from 18 event types to
seven event types that are distinguishable, frequent, and have a low false-positive rate. We
provide details about the action taken for each event type with respect to the final ontology

in Table 7.2.

Ontology Validation and Coverage Elemental medical soundness is ensured for our

ontology since it is derived from established epidemiological ontologies. To further certify this

4https://www.thesaurus.com/
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Event Type ‘ Argument Roles

Infect ‘ infected, disease, place, time, value, information-source

Spread ‘ population, disease, place, time, value, information-source, trend

Symptom ‘ person, symptom, disease, place, time, duration, information-source

Prevent ‘ agent, disease, means, information-source, target, effectiveness

Control authority, disease, means, place, time, information-source, subject, effec-
tiveness

Cure cured, disease, means, place, time, value, facility, information-source,
effectiveness, duration

Death ‘ dead, disease, place, time, value, information-source, trend

Table 7.3: Final Event Ontology for SPEED++ comprising 7 event types and 20 argument
roles.

soundness, two public health experts validate the sufficiency and comprehensiveness of our
ontology and event definitions. To verify if our ontology is characteristic of any disease, we
assess our ontology coverage for four diverse diseases by estimating the percentage of event
occurrence in disease-related tweets. Notably, we observe a high coverage: 50% for COVID-19,
44% for Monkeypox, 70% for Dengue, and 73% for Zika, confirming robust disease coverage

of our ontology. The final ontology of event types and roles is presented in Table 7.3.

7.2.3 Data Processing

To access a wide range of tweets related to COVID-19, we utilized the Twitter COVID-19
Endpoint released in April 2020. We used a randomized selection of 331 million tweets
between May 15 - May 31 2020, as our base dataset. We utilize dumps from Dias [35] as
the Zika+Dengue base dataset and Thakur [208| for Monkeypox. For preprocessing tweets,
we follow Pota et al. [170]: (1) we anonymize personal information like phone numbers,
emails, and handles, (2) we normalize any retweets and URLSs, (3) we remove emojis and

split hashtags, (4) we filter out tweets only in English.
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Event-based Filtering Most tweets in our base dataset expressed subjective sentiments,
while only 3% comprised mentions aligned with our event ontology.® To reduce annotation
costs, we further filter these tweets using a simple sentence embedding similarity technique.
Specifically, each event type is linked to a seed repository of 5-10 diverse tweets. Query
tweets are filtered based on their sentence-level similarity [177] with this event-based seed
repository.® This step filters about 95% tweets from our base dataset, leading to a 20x

reduction in the annotation cost.

Event-based Sampling Random sampling of tweets would yield an uneven and COVID-
biased distribution of event types for our dataset. We instead perform a uniform sampling -
wherein we over-sample tweets linked to less frequent types (e.g. prevent) and under-sample
the more frequent ones (e.g. death). Such a uniform sampling has proven to ensure model
robustness [161] - as also validated by our experiments - and in turn, would make SPEED
generalizable to a wider range of diseases. In total, we sample 1,975 tweets which are utilized

for ED annotation.

7.2.4 English ED Data Annotation

For English-only ED annotation (first stage), annotators are tasked with identifying whether a
given tweet mentions any event outlined in our ontology. If an event is present, annotators are
required to identify the specific event trigger. We design our annotation guidelines following
the standard ACE dataset [37] and amend them through several rounds of preliminary

annotations to ensure annotator consistency.

Annotator Details To ensure high annotation quality and consistency, we chose six experts
instead of crowdsourced workers. These experts are computer science students studying NLP

and well-versed in ED. They were further trained through multiple rounds of annotations

5Based on a keyword-based study conducted on 1,000 tweets
6We use a filtering threshold of 0.9.
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and feedback.

Inter-annotator agreement (IAA) We used Fleiss’ Kappa [54] for measuring IAA and

conducted two phases of TAA studies:

1. Guideline Improvement: Three annotators participated in three annotation rounds to
improve the guidelines through collaborative discussion of disagreements. IAA score

rose from 0.44 in the first round to 0.59 (70 samples) in the final round.

2. Agreement Improvement: All annotators participated in three rounds of annotations to
boost consistency. IAA score improved from 0.56 in the first round to a strong 0.65 (50

samples) in the final round.

Quality Control Apart from extensive IAA studies, we deploy two mechanisms to ensure

the high annotation quality:

1. Multi-Annotation: Each tweet is annotated by two annotators, and disagreements are

resolved by a third annotator.

2. Flagging: Annotators can “flag” ambiguous annotations, which are then resolved and

annotated by a third annotator through collective discussion.

Both these mechanisms, along with a good TAA score, ensure the high quality of SPEED’s

ED annotations.

7.2.5 Multilingual EAE Data Annotation

We conduct two sets of annotations to create our multilingual EE dataset: (1) EAE annotations
for existing SPEED English ED data and (2) ED+EAE annotations for data in Japanese,
Hindi, and Spanish. For ED, annotators were tasked to identify the presence of any events in
a given tweet. For EAE, annotators were further asked to identify and extract event-specific

roles that were also mentioned in the tweet.
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Annotators and Agreement To maintain high annotation quality, our annotators were
selected to be a pool of seven experts who were computer science NLP students trained through
multiple annotation rounds. Of these seven, we had three annotators who were bilingual
speakers of English and Japanese/Hindi/Spanish, respectively. These three annotators
handled the multilingual ED and EAE annotations. The remaining four annotators, along
with the bilingual English-Hindi annotator, focused on English EAE annotations.

To ensure good annotation agreement, we conduct two agreement studies among the
annotators: (1) ED annotations for multilingual annotators and (2) EAE annotations for
all annotators. Both these studies were conducted using English data (even for multilingual
annotations) to ensure that agreement could be measured in a fair manner. Agreement scores
were measured using Fleiss” Kappa [54]. For ED agreement, two rounds of study for the 3
multilingual annotators yielded a super-strong agreement score of 0.75 (30 samples). For
EAE, the agreement score for the 7 annotators after two annotation rounds was a decent 0.6

(25 samples).

Annotation Verification To mitigate single annotator bias, each datapoint in the English
data is annotated by two annotators, with a third annotator resolving inconsistencies. Owing
to the scarcity of multilingual annotators, we hire three additional bilingual speakers to verify
the multilingual annotations. These verification annotators were selected through a thorough
qualification test to ensure high verification quality. They were requested to judge if the
current annotations were reasonable. If the original annotation was deemed incorrect, they
were asked to provide feedback to correct the annotations. This feedback was finally utilized

by the original multilingual annotators to rectify the annotation.

7.2.6 Data Analysis

Comparison with other datasets SPEED/SPEED--+ comprises 5,106 tweets with 4,674

event mentions and 13,815 argument mentions across four diseases and four languages. We
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Dataset # Langs # ET #];ﬁ:sg # Sent # EM A];l%/[ # Args i:gs Domain
Genia2013 1 13 7 664 6,001 429 5,660 809 Biomedical
MLEE 1 29 14 286 6,575 227 5,958 426  Biomedical
ACE 3 33 22 29,483 5,055 153 15,328 697 News
ERE 2 38 21 17,108 7,284 192 15,584 742 News
MEE 8 16 23 31,226 50,011 3126 38,748 1685 Wikipedia
SPEED-++ 4 7 20 5,107 4,677 668 13,827 691 Social Media

Table 7.4: Data statistics for SPEED /SPEED++ dataset and comparison with other standard
EE datasets. Langs = languages, # = number of, ET = Event Types, Avg. = average, Sent
= sentences, EM = event mentions, Args = arguments.

Lang # Sent Avg. Length # EM # Args

en 2,560 32.5 2,887 8,423
es 1,012 32.4 614 1,485
hi 716 30.0 627 2,344
ja 819 89.2% 549 1,575

Table 7.5: Data statistics for SPEED /SPEED++ split by language. # = number of, Avg =
average, Lang = language, Sent = sentences, Args = arguments, *character-level.

present the main statistics along with comparisons with other prominent EE datasets like
ACE [37], ERE [196], Genia2013 [117], MEE [171], and MLEE [173] in Table 7.4. We note
that SPEED++ is one of the few multilingual EE datasets, notably the first in the social
media domain. Overall, SPEED-+ is comparable in various event and argument-related

statistics with the previous standard EE datasets.

Multilingual Statistics We provide a deeper split of data statistics per language in
Table 7.5. Owing to cheaper annotations, English has many more annotated sentences
compared to other languages. This is also a design choice, as we will solely utilize English
data for training zero-shot multilingual models. In terms of event and argument densities
(i.e. # EM / # Sent and # Args / # Sent), we notice a broader variation across languages,
with English and Hindi being denser. The average lengths (in terms of the number of words)

are similar across the languages.
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Figure 7.7: Distribution of the number of arguments (# Args) per sentence for
SPEED/SPEED-++ relative to other datasets ACE, ERE, and MEE.

Comparable Datasize Since we only focus on 7 event types, SPEED has a relatively
smaller number of sentences and event mentions. However, SPEED has a high 668 average
mentions per event type (column 7 in Table 7.4), more than most other standard datasets.
We compare the distribution of event mentions per sentence with other ED datasets like
ACE and MAVEN in Figure 7.6. We observe that the event density of our dataset is less
than MAVEN but better than ACE. This shows that SPEED is a fairly dense and reasonably

sized ED dataset.

Argument Role Study We deep-dive to study the density in terms of arguments per

sentence by comparing with standard EE datasets ACE and ERE, and a multilingual EE
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‘ Disease Language # Sent # EM

Train | COVID English 1,601 1,746
Dev | COVID English 374 471
Spanish 534 365

COVID Hindi 416 412

Japanese 542 395

Monkeypox English 286 398

Test English 299 272
. Spanish 478 249

Zika + Dengue Hindi 300 215
Japanese 277 154

Table 7.6: Data split for epidemic event extraction using SPEED /SPEED-++. # = number
of, Sent = sentences, EM = event mentions.

dataset MEE in Figure 7.7. Noticeably, SPEED/SPEED++ is more dense (has a higher
mean argument per sentence value) and has a broader distribution with sentences up to 18
arguments as well. Furthermore, following GENEVA [161], we add 4 non-entity roles, which
make up 20% of the total arguments. Such non-entity arguments are not present in any other
multilingual datasets. Overall, the high and broad argument density and the existence of

non-entity arguments render SPEED /SPEED++ to be a more challenging EE dataset.

7.3 Zero-shot Event Extraction

To validate the effectiveness of EE for epidemic events, we benchmark various EE models
using SPEED/SPEED++. We focus on the setting of zero-shot cross-disease evaluation
to realistically benchmark the practical utility of our framework. Specifically, we focus on
training the models on COVID-19 and evaluating them on Zika/Dengue/Monkeypox. These
diseases are fairly distinct, as Monkeypox causes rashes and is rarely fatal, Zika causes birth
defects, and Dengue causes high fever and can be fatal. Given the infeasibility of procuring
quality data in all languages for all diseases, we benchmark in a zero-shot cross-lingual
cross-disease fashion, i.e., we train models only on English COVID data and evaluate on the

rest. We provide the data split for our benchmarking in Table 7.6. For evaluation, we report
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F1-score for event classification (EC) and argument classification (AC) |7], measuring the

classification of events and arguments, respectively.

7.3.1 EE Models

Most EE models solely focus on English and can not be directly utilized in the cross-lingual
setting. To this end, we adopt the following models using multilingual pre-trained models
and tokenization: (1) TagPrime [74], a sequence tagger priming words to input text to
convey more task-specific information. (2) EEQA [42], a classification model utilizing label
semantics by formulating event extraction as a question-answering task. (3) DyGIE++ [216],
a multi-task end-to-end classification-based model using span graph propagation to aggregate
local and global context. (4) OnelE [125], a joint-training model training a single model for
various information extraction tasks. (5) XGear [85]. a language-agnostic generative EAE
model which applies generative methods for EE. Since XGear is an EAE-only model, we
combine it with the TagPrime ED model. To further improve the models, we train them with

pseudo-generated data using a label projection model CLaP [162].

7.3.2 Baseline Models

As baselines for English-only ED, we consider zero-shot ED models (ZERO-SHOT) that do
not train on any supervised data and solely utilize the event definitions. We consider the

following zero-shot models:

1. TE [133], a pre-trained model that uses event definitions to formulate ED as a textual

entailment and question-answering task.

2. WSD [241] which encodes the contextualized trigger and event definitions jointly and

uses a classification head atop for event detection.

3. ETypeClus [191], a pipeline that extracts salient predicate-object pairs and clusters the

embeddings of these pairs in a spherical latent space.
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We also consider transferring from existing datasets (TRANSFER FROM EXISTING
DATASETS) by training models on standard ED datasets like ACE [37] and MAVEN [220)]
without fine-tuning on epidemic ED data.

As stronger baselines, we also consider models utilizing epidemic ED data. Here, we con-
sider models using few-shot target disease data without any model training (NO TRAINING)

like:

1. Keyword [108|, an epidemiological model utilizing curated event-specific keywords to

detect events.

2. GPT-3.5 18], a large-language model (LLM) using GPT-3.5-turbo with seven target

disease in-context ED examples.

Finally, we consider super-strong baselines training ED models on limited 300 tweets for
the target disease (TRAINED ON TARGET EPIDEMIC). Noting that these models are
added for comparison, but they are practically infeasible for epidemic prediction, as it takes
4-6 weeks after the first infection to collect such target disease data.

Additionally, for wholistic EE evaluations, we also consider two other baselines of DivED
[20], a Llama2-7B model fine-tuned on a diverse range of event definitions, and COVIDKB
[257], an epidemiological work using a BERT classification model. Since the original output

classes are different, we train it to simply classify tweets as epidemic-related or not.

7.3.3 Results

We present the results for our English-only ED models in Table 7.7. Firstly, none of the
existing data transfer, zero-shot, or no training-based models perform well for our task,
mainly owing to the domain shift of social media and unseen epidemic events. Overall, ED
models trained on SPEED perform the best, thus demonstrating the capability of our ED
framework to detect epidemic events for new diseases. Compared with models trained on

the target epidemic, SPEED-trained models provide a gain of 10 F1 points for Monkeypox

112



Monkeypox | Zika + Dengue

Model Tri-I Tri-C | Tri-I  Tri-C
ZERO-SHOT

TE 16,70 12.11 ] 12.69  9.06

WSD 22.04 4.35 | 2793 585

ETypeClus 18.31 6.78 | 13.99  5.33

TRANSFER FROM EXISTING DATASETS

ACE - TagPrime 4.80 0 23.64 0
ACE - DEGREE 12.15  5.14 | 14.47 0
MAVEN - TagPrime 29.16 0 33.97 0
MAVEN - DEGREE 27.94 0 32.04 0
No TRAINING
Keyword 36.40 25.09 | 25.93 21.69
GPT-3.5 42.23 35.33 | 53.22 14.27
TRAINED ON TARGET EPIDEMIC
BERT-QA 59.8  54.08 | 94.92 80.89
DEGREE 59.58 54.12 | 86.21 78.76
TagPrime 55.57 49.65 | 96.67  84.43
DyGIE++ 55.83 50.31 | 73.24  65.65
TRAINED ON SPEED (OUR FRAMEWORK)
BERT-QA 67.38 64.1796.77  81.97
DEGREE 62.95 61.45 | 88.52 77.69
TagPrime 64.71 61.92 | 95.24 75.54
DyGIE++ 62.76 59.82 | 91.8 80.34

Table 7.7: Evaluating ED models trained on SPEED for detecting events for new epidemics
of Monkeypox, Zika, and Dengue in terms of F1 scores.

and at par performance for Zika and Dengue. This outcome is particularly encouraging, as it
demonstrates the resilience of our framework, making it highly applicable during the early

stages of an epidemic, when minimal to no epidemic-specific data is accessible.

We present our per-disease per-language results in Table 7.8 and 7.9. The GPT-based LLM
baseline performs better in English but exhibits poor performance across other languages. On
the other hand, we observe stronger performance by the supervised baselines trained on our
SPEED/SPEED-++ dataset, with TagPrime providing the best overall average performance.

We also note how CLaP further improves performance by 2-3 F1 points in the cross-lingual
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COVID MPox Zika + Dengue Average
Model hi ‘ ip ‘ es en en ‘ hi ‘ ip ‘ es

BASELINE MODELS

ACE - TagPrime 0.0 | 0.0 | 0.0 0.0 0.0 { 0.0 | 0.0 | 0.0 0.0

DivED* 0.0 | 0.0 | 27.0| 36.7 |47.7| 44 | 1.3 | 128 16.2
Keyword* 15.2 | 28.6 | 26.3 | 41.3 | 39.3 | 18.6 | 39.7 | 20.6 28.7
COVIDKB' 45.2 | 42.3 | 24.2 | 185 | 45.5 | 47.5| 34.0 | 34.6 36.5

GPT-3.5-turbo* 35.7 364 | 43.2 | 46.4 | 56.6 | 45.5 | 29.0 | 39.6 41.6

TRAINED ON SPEED++ (OUR FRAMEWORK)

TagPrime 60.1 | 35.3 | 62.0 | 70.2 |66.7 | 65.0 | 27.2 | 49.9 54.6
TagPrime 4+ XGear | 60.1 | 35.3 | 62.0 | 70.2 |66.7 | 65.0 | 27.2 | 49.9 54.6
BERT-QA 04.7 | 21.2 1 60.6 | 66.1 | 63.0|50.8 | 4.6 | 41.9 45.4
DyGIE++ 61.0 | 382 | 61.7 | 674 |64.1|61.4| 275|456 53.4
OnelE 61.9| 12.0 | 445 | 68.8 [66.7| 61.9 | 12.0 | 44.5 46.5

TagPrime + CLaP | 58.6 | 48.4 | 62.6 | 70.2 |66.765.2|39.2 | 49.7 | 57.6

Table 7.8: Benchmarking Event Classification (EC) of EE models trained on
SPEED /SPEED++ for extracting event information in the cross-lingual cross-disease setting.
Here, hi = Hindi, jp = Japanese, es = Spanish, and en = English. *Numbers are higher due
to string matching evaluation. "Binary classification evaluation.

setting, especially for character-based language Japanese.

7.4 Epidemic Prediction through Epidemic EE

As a practical validation of the utility of our framework, we evaluate whether SPEED-trained
models are capable of providing early warnings for an unknown epidemic. More specifically,
we aggregate the extracted event mentions by our framework over a time period and report
any sharp increase in the rolling average of detected events as an epidemic warning. For
evaluation, we compare it with the actual number of disease infections reported in the same
time period. Naturally, the earlier we provide an epidemic warning, the better the framework

is deemed.

'English-based Llama performs poorly multilingually.

114



COVID MPox Zika + Dengue Average
Model hi ‘ ip ‘ es en en ‘ hi ‘ ip ‘ es

BASELINE MODELS

ACE - TagPrime 0.0 | 0.0 | 0.0 0.0 0.0 { 0.0 | 0.0 | 0.0 0.0
GPT-3.5-turbo* 14.5 | 15.0 | 16.8 | 24.0 | 33.0 | 20.0 | 11.0 | 15.1 18.7

TRAINED ON SPEED++ (OUR FRAMEWORK)

TagPrime 39.0| 79 |37.1| 45.1 |48.5|40.7| 7.5 |28.2 31.8
TagPrime + XGear | 27.1 | 9.7 | 36.0 | 42.0 | 45.8 | 31.9 | 8.8 | 26.6 28.5
BERT-QA 339 | 40 | 281 | 39.0 | 455 |31.1| 0.8 | 24.1 25.8
DyGIE++ 357 2.0 139.1| 39.3 | 464|322 | 04 | 227 27.2
OnelE 343|114 | 373 | 426 | 479|385 | 5.0 | 254 30.3

TagPrime + CLaP | 32.9 [19.1| 37.7 | 45.1 |48.5|40.6 |18.8|28.1 | 33.9

Table 7.9: Benchmarking Argument Classification (AC) of EE models trained on
SPEED /SPEED+ + for extracting event information in the cross-lingual cross-disease setting.
Here, hi = Hindi, jp = Japanese, es = Spanish, and en = English. *Numbers are higher due
to string matching evaluation. 'Binary classification evaluation.

English-based Monkeypox Prediction For the first evaluation, we chose Monkeypox as
the unseen disease and its outbreak from May 11 to Nov 11, 2022, as the unknown epidemic

period. We utilize our English-only SPEED models to extract epidemic events and provide

epidemic warnings. As our baseline models, we consider:

1. Keyword [108|, an epidemiological model utilizing curated event-specific keywords to

detect events.
2. Data transfer model trained on the standard ED dataset - MAVEN [220].
3. Epidemic-based classification model trained on the COVID-KB [257] dataset.

4. Unsupervised clustering model ETypeClus [191] utilizing a pipeline that extracts salient
predicate-object pairs and clusters the embeddings of these pairs in a spherical latent

space.

We report the number of epidemic events extracted by the BERT-QA trained on SPEED,

along with the actual number of Monkeypox cases reported in the US 7 from May 11 to Nov

As reported by CDC at https://www.cdc.gov/poxvirus/mpox/response/2022/mpx-trends.html

115


https://www.cdc.gov/poxvirus/mpox/response/2022/mpx-trends.html

1110000 500
e, .. BERT-QA .. DEGREE 0
% 8000 . AN 400 U
5 300 8
Y
5 200 5
_ 100 %
() )
Q 0 LED
10000 500
E . DyGIE++ S
— 8000 AR 400
8 6000 \ 300 8
+5 4000 200 &
‘ o)
© 2000 100 Q.
+ / Q
X 0 L—er 0
L 2022-05 2022-08 2022-11 2022-05 2022-08 2022-11

Figure 7.8: Number of reported Monkeypox cases and the number of extracted events from
our four trained models from May 11 to Nov 11, 2022.

11, 2022, in Figure 7.2. As indicated by the arrows, our model could potentially provide
two sets of early warnings around May 23 (9 weeks earlier, when first cases were detected)
and June 29 (4 weeks earlier, when cases started rising) before the outbreak reached its
peak around July 30. Comparatively, the MAVEN-trained model fails completely, while
the other models’ trends are too weak to provide any epidemic warnings. In fact, all our
trained ED models are capable of providing these early signals as shown in Figure 7.8. This
robust outcome underscores the practical utility of our framework to provide early epidemic

warnings and ensure better preparedness for any potential epidemic.

Zero-shot Chinese-based COVID-19 Prediction We examine the earliest stages of
the COVID-19 pandemic, analyzing Chinese social media posts from Dec 16, 2019, to Jan
21, 2020, using Weibo data from Hu et al. [81]. Using our trained TagPrime model, we infer
on Chinese in a zero-shot fashion (i.e., without prior training on Chinese). We aggregate
the 7-day rolling average of our extracted event mentions across time and report any sharp

increases as epidemic warnings, as illustrated in Figure 7.1. Since case reporting had not
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Chinese Posts Translation

EIX R BEE T H L [infect]Z | Multiple cases of pneumonia of unknown origin
MANBAERE R F], EFBEA] | have appeared [infect] in Wuhan’s Huanan Seafood
BEEY, RILI, BHMEE | Market. Please be more vigilant, detect and isolate
[prevent| [prevent| them as early as possible.

T H, B PCHE N BGE A | Recently, Wuhan has entered a period of high
[spread]|, £ ZKIEREEE [symp- | influenza incidence [spread|, and the number of
tom| & LRHEE EE R - patients with colds [symptom| and fevers in many
hospitals has increased sharply.

Table 7.10: Sample Weibo posts in Chinese with their translations identified by
SPEED/SPEED++ framework as epidemic-related from late December 2019. Event types
and their trigger words are marked in blue.

begun, actual COVID-19 case numbers are unavailable for this period. Instead, we also plot
the total number of Weibo posts and active users [64]. Additionally, we compare trends with
baselines from COVIDKB [257] and a keyword-based approach [108].

As demonstrated in the figure, we see how our SPEED /SPEED-++ framework provides
epidemic warnings three weeks before the global tracking of infection cases began. While the
keyword-based method also provides some signals, they are relatively weaker. Furthermore,
Table 7.8 shows that the keyword baseline performs worse for morphologically richer languages,
making it less robust. Additionally, the number of posts and active users do not provide any
epidemic-related signals. For further validation, we present sample event mentions extracted
by our framework in Table 7.10. In the bottom timeline® in Figure 7.1, we demonstrate the
efficacy of our framework as it provided epidemic warnings 6 weeks before the "COVID-19"
term was coined and used in social media. Overall, we show how our framework can provide
early epidemic warnings multilingually without relying on any target language data, making

it suitable for global deployment.

Global Epidemic Monitoring Validating our framework for each language is resource-
intensive and infeasible. Instead, we perform a preliminary study of the broad language

coverage of our framework by demonstrating its capability to detect COVID-related events

8https://www.cdc.gov/museum/timeline/covid19.html
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Figure 7.9: Number of extracted events plotted against the number of reported cases for each
country. Both of them are in log scale.
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Figure 7.10: Geographical distribution of the number of reported COVID-19 cases as of May
28, 2020 in Europe. Red depicts more spread, and yellow /white indicates less spread. The
blue dots indicate the events extracted by our model, and their size depicts the number of
epidemic events for the specific country (log scale).

across 65 languages. We analyze tweets across all languages from a single day (May 28, 2020)
and extract epidemic events using our framework. Utilizing user locations, we map the tweets
from these languages to 117 countries. For reference, we plot the extracted events for each
country with the actual number of reported COVID-19 cases? in Figure 7.9. Countries with
significant COVID-19 spread appear in the top-right, while some outliers are also shown in
the figure. Our framework achieves a healthy correlation of 0.73 with the actual reported
cases, indicating strong performance across a broad range of languages.

We further extend these plots geographically in Figure 7.10. Each country is color-coded
according to the number of COVID cases, with lighter shades indicating fewer cases while
darker shades indicate a massive spread. The extracted number of events from the country-

mapped tweets by our framework is plotted as translucent circles. Bigger dots indicate

Shttps://www.worldometers.info/coronavirus/
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Figure 7.11: Information Assimilation Bulletin as extracted by our SPEED/SPEED++
framework and agglutinatively clustered. The first column represents different diseases, the
second column represents different argument roles, and the third column represents the
different languages. We also highlight the utility of these bulletins for two applications of
Public Attention Shift Monitoring and Misinformation Detection.

more events extracted for the given country. In this plot, we observe extracted events and
COVID-19 spread more in Western European countries like the United Kingdom, France,

Spain, Italy, and Germany, while fewer events spread in Eastern European countries.

7.5 Epidemic Information Aggregation using Epidemic

EE

Our framework possesses a strong EAE capability to extract detailed information about
epidemic events such as symptoms, preventive measures, cure measures, etc. Aggregating
such information from millions of social media posts can provide insights into public opinions
regarding various epidemic aspects. To this end, we develop an information aggregation
system for community epidemic discussions. Specifically, we use our framework to extract
arguments for various event roles, project them into a representative space, and merge similar
arguments using agglomerative clustering. The final arguments and their counts for different

diseases and languages, extracted from 6M tweets, are presented as a bulletin in Figure 7.11.
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Tweet Translation
Hinpr - COVID-19 - Curke MEASURES

FILET & FFATH TH ITGT a7 & IT & Become a warrior against Corona and defeat it

FILET & FLTAT 7 through yoga
giga &EHET diaied, &rdd AT9[s  Sambit is corona positive, condition is critical,

AT AR & aga Tl o F ;ﬁ?' and is being treated by gargling with cow urine

FTATHRT TTEATT B - %’I under the self-reliant campaign.
giad ST & &ILET THTad &1 &0 Received the news of Sambit ji being affected by

FaT el | ST §:F 89T, afeT & Corona! Sorry to hear, but he’s recovering in the
STETATT & e \é_ o %‘ 5 hospital, and is much better now.

AT TgT T7AL &

SPANISH - COVID-19 - CuUrE MEASURES

Cientificos rusos sugieren que una proteina Russian scientists suggest that a protein present
presente en la leche materna puede ser clave in breast milk may be key in the fight against
en la lucha contra el covid-19 (url) covid-19 (url)

Este transplante de pulmones a un pa- This lung transplant to a patient with COVID-19
ciente con COVID-19 es una operaciéon re- is an operation carried out so far only in China
alizada hasta ahora s6lo en China y que and is being carried out for the first time in
por primera vez se lleva a cabo en Europa Europe.

el mundo acumula mas evidencia de la the world accumulates more evidence of the ef-
efectividad de la ivermectina para el fectiveness of ivermectin for the home treatment
tratamiento en casa de pacientes con es- of patients with mild stages of #(COVID)-19
tadios leves de #(COVID)-19

Table 7.11: Illustration of some actual tweets in Hindi and Spanish mentioning various
cure measures related to COVID-19. The terms related to cure measures extracted by our
framework are highlighted in red.

Our framework effectively extracts various arguments for COVID-19 in English (middle
column of Figure 7.11), including cure measures such as hydrozychloroquine and remdesivir,
control measures like lockdown and quarantine, and symptoms such as pneumonia. Addition-
ally, this capability extends to other diseases, such as Monkeypox, Zika, and Dengue (left
column), and across languages, including Hindi and Spanish (right column). This condensed
information is crucial for Public Attention Shift Monitoring, aiding policymakers in devising
better control measures [128]. We demonstrate this in the form of extracted symptoms such
as rashes and lesions for Monkeypox and fever and shock syndrome for Dengue (left column).

Simultaneously, our framework can assist in Misinformation Detection [138|. Shown as
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Figure 7.12: Disease profiles of public opinions generated by plotting the percentage of
extracted event mentions by our SPEED/SPEED++ framework for COVID-19, Monkeypox,
and Zika.

caution signs in the figure, we highlight various potential COVID-19 cure misinformation, such
as cow urine rinse, cannabis, and transplants extracted across languages by our framework.
As evidence, we also provide some of the actual tweets in Hindi and Spanish flagged by our

framework for mentioning these terms in Table 7.11.

Event-based Disease Profiling Our framework offers the additional utility of generating
event-based disease profiles using public sentiments. These disease profiles can be generated
by plotting the percentage of mentions per event type extracted by our framework. Using
500k tweets, we depict the profiles for COVID, Monkeypox, and Zika+Dengue in Figure 7.12.

Distinctive profiles emerge for each disease; COVID-19 majorly comprises control, Mon-
keypox exhibits a bias toward infect and spread, while Zika+Dengue emphasizes control
and death. These trends align with the higher fatality rate of Zika and Dengue [156], recent
discoveries of transmission routes of Monkeypox [100], and the need for mass public control

measures for the COVID pandemic [62]. Relatively, Monkeypox also shows low mentions for
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Disease

Infect Event Example

Symptom Event Exam-
ple

Keyword-based COVID-19 Three students infected COVID-19 symptoms in-
with COVID-19 clude fever, cough, ...

Keyword-based Monkeypox How do you catch Monkey- Monkeypox may cause
pox? rashes and itching ...

SPEED (Ours) COVID-19 Three students infected COVID-19 symptoms in-

SPEED (Ours)

Monkeypox

with COVID-19
How do you catch Monkey-
pox?

clude fever, cough, ...
Monkeypox may cause
rashes and itching ...

Table 7.12: Qualitative analysis for annotation difference between previous keyword-based
epidemiological datasets |27, 108] and SPEED’s Event Detection based annotation schema.
Our annotation schema is less disease-specific and thus, better generalizable to a wide range
of diseases.

death, cure - which aligns with low fatality and no available cure for Monkeypox [97]. Overall,

these profiles can provide policymakers with valuable insights about new and unknown

outbreaks to implement more informed and effective interventions.

Why does SPEED generalize? We provide a qualitative analysis of why COVID-
based SPEED helps detect epidemic events for other unseen diseases compared to previous
epidemiological works |27, 108] and attribute it to the difference in the task formulation and
annotation schema. We demonstrate this difference (highlighted in bold) through illustrative
examples for Infect and Symptom events in Table 7.12. As is evident, keyword-based modeling
requires annotating highly precise but disease-specific keywords like COVID-19, fever, etc. On
the other hand, our ED annotation formulation emphasizes the annotation of disease-agnostic

triggers like infected, symptoms, etc. This provides SPEED and our framework superior

generalizability without new annotations to unseen diseases.

7.6 Conclusion

Overall, in our work for this chapter, we pioneer the creation of the first multilingual Event

Extraction (EE) framework for application in epidemic prediction and preparedness. To
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this end, we create a multilingual EE benchmarking dataset SPEED/SPEED++ comprising
5K tweets spanning four languages and four diseases. To realistically deploy our models,
we develop zero-shot cross-lingual cross-disease models and demonstrate their capability
to extract events for 65 languages spanning 117 countries. We prove the effectiveness of
our model by providing early epidemic warnings for Monkeypox from English Twitter and
COVID-19 from Chinese Weibo posts in a zero-shot manner. We also show evidence that our
framework can be utilized as an information aggregation system aiding in misinformation
detection and public attention monitoring. In conclusion, we provide a strong application of

multilingual EE for global epidemic preparedness.
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Chapter 8

Future Work

In my dissertation, I have proposed various methodologies utilizing synthetic data curation
and multi-agent frameworks that significantly improve the generalization and application of
Event Extraction. In this chapter, we outline broad directions for future work to further
expand the horizons of Universal Event Extraction, categorized across its two foundational

pillars: advancing open-domain generalizability and broadening real-world applicability.

8.1 Towards Adaptive Event Extraction

Current event extraction frameworks, including the core methodologies developed in this
dissertation, largely operate under the assumption of a static, predefined event ontology.
Deploying these systems "in the wild", however, exposes them to a constantly shifting
information landscape where novel event types — such as unprecedented cyber-threats or
emerging epidemiological phenomena — frequently arise. A critical future direction for
advancing generalizability is the development of autonomous schema evolution mechanisms
that move beyond fixed taxonomies. Drawing inspiration from open information extraction
paradigms [244] and recent advances in generative schema induction [118], future multi-agent
systems could dynamically detect out-of-ontology triggers and collaboratively propose new

event nodes.
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To support this dynamic ontology without suffering from catastrophic forgetting, the
extraction framework must be coupled with self-improving data loops. Leveraging inverse
data generation pipelines akin to the SNaRe framework introduced in this thesis, an adaptive
system could actively monitor its own extraction confidence on live text streams. Upon
identifying low-confidence zones or newly proposed event classes, the framework would trigger
a targeted synthesis process to generate synthetic "booster" datasets for those specific edge
cases. This closed-loop paradigm — where the model identifies its own semantic gaps and
orchestrates synthetic data generation for continuous fine-tuning — mirrors recent successes
in self-instruction and iterative alignment [222, 83]. Ultimately, this would transform event
extraction from rigid structural snapshots into fluid representations that organically expand

their semantic boundaries in response to real-time, streaming data.

8.2 Improving Discriminative Reasoning in LLMs

While large language models demonstrate profound generative fluency, their discriminative
generalization remains a significant bottleneck in structural tasks like event extraction. As
the cardinality of event ontologies increases, models often struggle with boundary resolution,
conflating semantically proximate event types. Recent advancements have demonstrated that
scaling inference-time compute — also called "System-2" reasoning [240, 195] — can substantially
elevate performance on complex reasoning tasks. However, applying unconstrained test-time
scaling to event extraction is inefficient and often insufficient without targeted structural

constraints.

A critical future direction to mitigate the performance degradation associated with high-
density schemas is tackling scale through advanced, post-trained multi-agent collaboration.
Rather than relying on a single LLM to parse an entire massive ontology, the extraction
workload can be distributed across decentralized agent swarms [230, 256]. In this paradigm,

distinct "expert" sub-swarms are dynamically instantiated to specialize in specific semantic
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subspaces — such as corporate, legal, or geopolitical events. Although orchestrating a swarm
of specialized LLM agents introduces higher computational inference costs, it intrinsically
circumvents the context-window dilution and "lost in the middle" degradation that direly
affects single-pass prompting. By synthesizing the localized, discriminative intelligence of
these expert swarms through a centralized orchestration agent, we can construct highly robust

event graphs that maintain high fidelity even as the target application scales.

8.3 Event-Centric World Modeling

Transitioning to the applications of Universal EE, as large language models increasingly
generate long-form text and complex narratives, assessing their true semantic comprehension
remains a significant challenge. A vital future direction is leveraging extracted event graphs
as a structural gold standard for event-centric evaluation. By formalizing text into discrete
event skeletons, we can systematically benchmark LLM-generated outputs directly against
human narratives. This approach shifts the evaluation paradigm from surface-level fluency
to structural fidelity, allowing us to rigorously quantify narrative depth, event density, and
causal consistency. Such methodologies will expose whether models merely mimic statistical
distributions of language or genuinely capture the underlying mechanics and logic of a complex
story [94, 157].

Beyond passive evaluation, these unified event graphs offer a foundational substrate for
active world modeling and Al simulation. By mapping the intricate causal edges between real-
world occurrences, these graphs can function as interactive, counterfactual sandboxes. Future
research could systematically perturb specific seed events (e.g., simulating a sudden port
closure or an unpredicted epidemiological shift) and computationally propagate these changes
through the graph to generate a counterfactual world state. Integrating these structured
environments enables the rigorous training and auditing of Al agents in hypothetical, high-

stakes scenarios. Overall, this positions universal event extraction not just as a retrospective
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analytical tool, but as a critical foresight engine, equipping policy-making agents with the

causal grounding necessary to safely navigate simulated futures [167, 239].

8.4 Scaling EE for High-Stakes Clinical and Financial
Applications

While existing literature has explored the utility of Event Extraction in clinical domains for
drug discovery [219], adverse case detection [178], and workflow optimizations [78], as well
as in the financial sector [46, 63, 258|, a significant opportunity remains to deploy modern,
generative EE models for more expansive, end-to-end applications in these fields.

This cross-disciplinary direction is purely application-driven, aiming to identify practical
bottlenecks in specialized disciplines and provide robust solutions utilizing Universal EE as

the core computational engine. Potential high-impact applications include:

e Financial News Analysis: Tracking, summarizing, and linking global events to
specific firms and corporations to power automated trading, risk management, and

regulatory compliance.

e Earnings Call Diagnostics: Extracting structured event timelines from corporate
communications to help investors and analysts systematically evaluate company perfor-

mance and financial health.

e Clinical Documentation: Deploying on-the-fly event extraction to summarize the vast
amounts of unstructured clinical data generated daily, thereby improving administrative

efficiency and patient record compliance.

e Clinical Decision Support: Providing succinct, historically grounded event trajecto-
ries from patient profiles to assist healthcare providers in making informed diagnoses

and treatment decisions.
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Overall, pursuing these localized implementations will critically bolster the applicability of

event extraction across diverse, high-stakes industries.
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