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New Approaches to Event Detection and Extraction from News Articles
Sneha Mehta

(ABSTRACT)

Event extraction refers to extracting specific knowledge of incidents from natural language
text and consolidating it into a structured form. Some important applications of event ex-
traction include search, retrieval, question answering and event forecasting. However, before
events can be extracted it is imperative to detect events i.e. identify which documents from
a large collection contain events of interest and from those extracting the sentences that
contain the event related information. This task is challenging because it is easier to obtain
labels at the document level than finegrained annotations at the sentence level. Current ap-
proaches for this task are suboptimal because they directly aggregate sentence probabilities
estimated by a classifier to obtain document probabilities resulting in error propagation. To
alleviate this problem we propose a method to compute document embeddings from sentence
embeddings by leveraging attention and training a document classifier on those embeddings
to mitigate the error propagation problem. However, we find that existing attention mecha-
nisms are inept for this task, because either they are suboptimal or they use a large number
of parameters. To address this problem we propose a lean attention mechanism which is
effective for event detection. Current approaches for event extraction rely on finegrained
labels in specific domains. Extending extraction to new domains is challenging because
of difficulty of collecting finegrained data. Machine reading comprehension(MRC) based
approaches, that enable zero-shot extraction struggle with syntactically complex sentences
and long-range dependencies. To mitigate this problem, we propose a syntactic sentence
simplification approach that is guided by MRC model to improve its performance on event

extraction.
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(GENERAL AUDIENCE ABSTRACT)

Event extraction is the task of extracting events of societal importance from natural language
texts. The task has a wide range of applications from search, retrieval, question answering
to forecasting population level events like civil unrest, disease occurrences with reasonable
accuracy. Before events can be extracted it is imperative to identify the documents that are
likely to contain the events of interest and extract the sentences that mention those events.
This is termed as event detection. Current approaches for event detection are suboptimal.
They assume that events are neatly partitioned into sentences and obtain document level
event probabilities directly from predicted sentence level probabilities. In this dissertation,
under the same assumption by leveraging representation learning we mitigate some of the
shortcomings of the previous event detection methods. Current approaches to event ex-
traction are only limited to restricted domains and require finegrained labeled corpora for
their training. One way to extend event extraction to new domains in by enabling zero-shot
extraction. Machine reading comprehension(MRC) based approach provides a promising
way forward for zero-shot extraction. However, this approach suffers from the long-range
dependency problem and faces difficulty in handling syntactically complex sentences with
multiple clauses. To mitigate this problem we propose a syntactic sentence simplification

algorithm that is guided by the MRC system to improves its performance.
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Chapter 1

Introduction

1.1 Motivation

We're living in an information age; where there’s a constant influx of information from social
networks, online news, blogs, search engines etc. This has led to a surge in research related
to utilizing this vast assortment of data to support decision making processes by encoding
and forecasting upcoming events. Moreover, in recent times with the advancement of large
scale data processing technologies both in terms of compute and algorithms it has become
possible to leverage the large amount of data in novel ways. However, to make the data
useful for downstream applications, it is important to parse unstructured text and convert
it into a structured form. This can be facilitated by information extraction(IE) technology
which enables automatic identification and classification of instances of user-specified types
of entities, relations, and events from unstructured text. In this dissertation, our focus is on
extraction of events which has a wide range of applications from question answering [93],
knowledge base construction [89] and named entity recognition [77] to informing critical
decisions in domains ranging from national security to cyber security [91]. We leverage the
recent advancements in the field of machine learning and propose linguistically motivated

solutions for detecting and extracting events. We first begin by reviewing in brief, the history
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of event detection and extraction, followed by term definitions that will be used throughout
this dissertation. We then identify the failure modes and shortcomings of the current state-
of-the-art event extraction systems. Next, we motivate and define three problems to address

some of these shortcomings. The rest of the dissertation addresses these problems.

1.2 Event Extraction Overview

Modern computational event extraction(EE) has its roots in efforts stemming from the infor-
mation extraction(IE) task which is defined as the automatic identification and classification
of instances of user-specified types of entities, relations, and events from text. The output
is a structured database. Specifications are either examples or verbal descriptions of the
information to be extracted. Since the information is restricted to specific individuals or
specific events this is termed as closed domain IE. This is distinguished from open domain
IE [3, 63] where normally the focus is on extracting two entities and a relationship between
them. E.g. given a sentence ‘Teachers protest against government’ open domain IE sys-
tems aim to extract a tuple such as; (Teachers (entity), government (entity), protest against

(relationship).

Early evaluation efforts for information extraction were led by US government via MUC(Message
Understanding Conference) [85] which began in 1988. MUCs involved filling a number of
slots on predefined templates for a few topics such as Navy exercise message traffic(MUC
1,2), Terrorism in North America(MUC 3,4) joint ventures(MUC 5), microelectronics(MUC
5), executive succession(MUC 6), rocket launches(MUC 7). Systems were judged on how
accurately they filled these templates and F-measure was used for system evaluation. How-
ever, with growing number of slots and growing complexity of systems in order to fill these

monolithic templates ACE [24] was started in 2001 whose focus was extracting a set of
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elementary events and their arguments. The goal of ACE was to develop technology to
automatically infer from human language data the entities being mentioned, the relations
among these entities, and the events in which these entities participate. There are seven
types of entities, six types of relations, and eight types of events (33 event subtypes) in the
the ACE-2005 dataset which includes six different document categories: newswire, broadcast
news, broadcast conversation, weblog, usenet, and conversational telephone speech. Each
document in the corpus belongs to one of them. Relations are binary; events may have
any number of arguments. With minor exceptions, arguments must be entities or temporal
expressions. ACE made a sizeable investment in corpus annotation to support supervised
training of extraction systems. New corpora were released annually. The largest, for ACE
2005, was 300,000 words of English and comparable amounts of Chinese and Arabic. Event
extraction involved the interaction of the trigger (the principal word defining the event) and
multiple arguments. It is consequently a structured prediction task. The simplest solution
is to decide first on the type of event, if any, and then to analyze the arguments [1]. Sys-
tems taking such an approach are termed as pipeline systems. However, pipeline systems
lose considerable accuracy because for many common verbs their meaning depends on the
arguments it takes. A better solution is to use joint inference: optimize for a combination

of label choices if these choices interact.

ACE was a success in terms of producing annotated corpora and research results, but it
treated documents separately, whereas many realistic tasks involved large numbers of inter-
related documents. Information about an individual may need to be pieced together from
several documents. To address these questions, NIST (the US National Institute of Stan-
dards and Technology) organized the annual “Text Analysis Conference” and its central task,
“Knowledge Base Population” (KBP) [34]. KBP participants were tasked with building a

graph from a large collection of unannotated documents. Each node in the graph represented
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an individual, organization, GPE (Geo-Political Entity), location, or facility mentioned in
the test collection. Associated with each type of node were a set of properties whose value
could be a number, a date, a string, or another node in the network. In addition, partic-
ipants had to link the entities to the arguments of events appearing in the test collection.
Compared to ACE, the test corpora were about two orders of magnitude larger and since it
was unannotated scoring was done via sampling i.e. NIST selected some names mentioned
in the test corpus and checked whether (1) the system had created a node for this name and
(2) the node had the desired property. Large volumes of unannotated data lack of annotated

training encouraged experimentation with semi-supervised methods—learning from partially

labeled data.

With advances in deep learning and ability to scale neural network training IE community
embraced deep learning like a lot of other areas of NLP. Event extraction can involve multiple
interactions which may benefit from joint inference. These interactions can be captured
directly by a neural network through a set of “memory matrices” whose values are assigned
as part of the network training and then used for event trigger and argument prediction [69].
These methods used static word embeddings [66] which weren’t capable of capturing sense
distinctions. With introductions of contextual word embeddings such as Peters et al. [72]
event extraction performance further improved [59]. Traditional approaches to the task of
ACE event extraction usually depend on manually annotated data, which is often laborious to
create and limited in size. Therefore, in addition to the difficulty of event extraction itself,
insufficient training data hinders the learning process as well. With the success of large
pretrained language models [17, 48, 57] on a variety of downstream NLP tasks most modern

approaches to event extraction have adopted them in their model architectures [14, 61, 88].

Besides broadcast and newswire other domains in which event extraction has be studied

include — Biology, Finance, Cyber security, Politics etc. In the Biology domain, GENIA
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event extraction is a main task in the BioNLP Shared Task which focuses on events relevant
to protein biology, and it defines 9 event types in BioNLP 2009 [40, 41] and 13 event types
in BioNLP 2013 [41]. In the finance domain, event extraction has mostly concerned with
extracting descriptions of events pertaining to a specific company, and analyzed how such

events correlate with measures of that company’s stock (price, volatility etc.) [22, 23, 94].

1.2.1 Event Coding

A closely related task to event extraction is event coding. Event coding refers to automated
production of high-volume, near-real-time political event data [50, 79]. Event coding is
more focused, usually discussed in the context of political science, social science, conflict
and international crises domains and is real-time. Event coding makes use of the event
extraction technology to populate event knowledge bases by extraction and mapping to a
predefined taxonomy such as CAMEQ (Conflict and Mediation Event Observations) !. State-
of-the-art event coders use statistical as well as linguistic and lexicographical approaches for
event extraction and include encoders such as TABARI ? (Textual Analysis by Augmented
Replacement Instructions)[74], BBN’s SERIF (Statistical Entity and Relation Information
Finder) [8] and more recently Petrarch ? which is a parser-based coder, successor to TABARI

which was pattern-based.

1.2.2 Related Tasks

One of the most exciting applications of event coding is event forecasting. EMBERS [76]

is an event forecasting system that ingests data from various sources such as social media

Thttp://eventdata.parusanalytics.com/data.dir/cameo.html
Zhttp://eventdata.parusanalytics.com/software.dir /tabari.info.html
3http://eventdata.parusanalytics.com/tabari.dir /petrarch.html
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(Twitter’s public API, Facebook’s event pages), traditional media(RSS news and blog feeds)
and other sources such as Healthmap’s alerts and reports, Talkwalker alerts, NASA satellite
meteorological data, Google Flu Trends etc. and predicts civil unrest in the future. Civil
unrest as defined by Ramakrishnan et al. [76] is a large concept intended to capture the
myriad ways in which people express their protest against things that affect their lives and
for which they assume that the government (local, regional or national) has a responsibility
(e.g., cost of urban transportation, poor infrastructure, etc.). One of the early steps in
EMBERS is event extraction. The extraction system in EMBERS is a multi-step process
and deviates from the traditional extraction followed by mapping to a predefined ontology
approach. The extraction model in EMBERS aims at detecting civil unrest events from
traditional media and from social media. The model filters the input streams by matching
to a custom multi-lingual lexicon of expressions such as preparaci”on huelga, llam "o a acudir
a dicha movilizaci on or plan to strike which are likely to indicate a planned unrest event.
The event type and population are forecast using a multinomial naive Bayes classifier and

the location information is determined using the enrichment geocoders.

1.3 Definition of Event

In this dissertation, our central goal is to investigate novel data driven methods using state-
of-the-art advances in machine learning to improve the event extraction technology as used
in event coding which includes event detection and event extraction in the domains of civil
unrest, insurgency, politics and crises. With this goal is mind, we define an event of interest
as any significant societal event that has happened in the recent past and is reported in a

national news paper of repute. Societal events of interest include military action, non-state
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actor, civil unrest and political events including the ones defined in the CAMEO * ontology.
An event record generally contains information regarding — who(Actor/Target), why, when,

where and other event attributes (population group, protest type etc.).

We call any source of text from which an event is extracted as an ‘event document’ or
just document. In a typical document, not all sentences contain an event. Some sentences
might just provide supporting information about the main topic of the topic. There exist,
but a small set of key sentences that provide detailed information for a specific event. We
define such key sentences as ‘event extent’. Each article typically also contains a small
set of key words or phrases that invoke the event and that typically are contained within
an event extent. We call these words as ‘event trigger’ or just trigger for short. Event
extents can form the basis of automated event encoding as we can extract the final event
based on the identified salient sentences. An ‘event argument’ is defined as a participant
involved in an event that can be found in an event extent. In this dissertation specifically,
we're interested in event arguments such as ‘Actor’, ‘Target’ of a political event. An ‘event
attribute’ is additional metadata about an event that can be inferred from certain words
or phrases in the extents. For example, ‘population type’ and ‘protest type’ are attributes

of a civil unrest event. Table 1.1 lists the key terms and their definitions.

1.4 Definition of Event Detection & Extraction

Before an event can be extracted it is important to detect which documents from a large col-
lection of documents obtained contain an event of interest. Event analysis can be categorized
as a hierarchical task where the coarser level task is event detection — identification of doc-

uments containing a specific event, and identifying event extents and the fine-grained task

4 http://data.gdeltproject.org/documentation/CAMEQ . Manual.1.1b3.pdf
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Table 1.1: Event terms and their definitions as used throughout this dissertation.

Term Definition

A political occuring of importance pertaining to domains such as civil unrest,

Event . .
insurgency or crises.

A text document whose origins can be traced to online news blogs, news
Event Document  articles or social media, that contains one or
more events of interest.

Event Extent A sentence from a document that contains an event of interest.

A main word or phrase in text, typically a verbal or nominal one, which most

Event Trigger .
8 clearly expresses an event and occurs in an event extent.

A participant or attribute in text, typically a noun or a noun phrase, which is

Event Argument involved in an event.

Event Attribute Additional metadata about an event.

A clause in text that describes an event, and includes both an event trigger

Event Mention
and arguments.

of event extraction — identifying event arguments. This process of classifying the documents
as either containing an event of interest or not is termed as event detection. Additionally,
extracting event extents and event triggers from those documents also falls under the um-
brella of event detection. Extracting event arguments from event extents is termed as event

extraction in this dissertation.

Event
Extents

AN
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Figure 1.1: The process of event detection and extraction.
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1.5 Limitations of Existing Systems

We motivate the contributions of this dissertation by shedding light on some limitations of

existing systems for event detection and extraction.

1.5.1 Limitations of Existing Event Detection Systems

Event detection can be cast as a document classification problem when a corpora of labeled
documents can be collected. Event extent extraction can be cast as a sentence classification
problem if sentence-level labels are available. Most available event corpora contain fine-
grained labels for a restricted domain [24]. Such fine-grained labeled training data is hard
to obtain for a variety of domains and different types of events. On the other hand, labels
at the document level are easier to obtain. Wang et al. [92] and Kotzias et al. [45] leverage
this insight and have proposed instance-level Multiple Instance Learning (MIL) solution to

partly alleviate the problems and relax the requirement of collecting sentence level labels.

MIL is a machine learning paradigm that concerns with classifying bags of instances. In
the context of event detection and extraction a bag is a document which is a collection of
instances, where an instance is a sentence. A bag can also refer to a sentence in which case it is
a collection of words. Deep learning based MIL approaches can be categorized into two classes
- instance-level and embedding-level [33]. In instance-level MIL a sentence-level classifier
returns scores for each sentence and then individual scores are aggregated by MIL pooling
to obtain the bag-level score. Instance-level MIL uses hard aggregation of instance-level
probabilities using sentence embeddings to obtain a bag-level probability and hence doesn’t
take into account the complete context of the document resulting in erroneous predictions
because event occurrences are not neatly partitioned into individual sentences. Hence, there

is a need to explore other MIL approaches for the task. In embedding level MIL, sentences
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are mapped to a low-dimensional embedding using a function f. MIL pooling is used to
obtain a bag representation that is independent of the number of instances in the bag. The
bag representation is further processed by a bag-level classifier to provide the bag probability.
The MIL pooling operator can be defined using an attention mechanism [90]. Hence, event
detection can be modeled as a hierarchical classification task using attention mechanism. We
find that existing attention mechanisms [54, 96] are not the best choice for the event detection
task. Simple dot-product attention mechanisms [96] are suboptimal whereas existing multi-
head self-attention mechanisms [54, 87] which can learn richer representations contain too

many parameters to be trained effectively in a hierarchical framework for event detection.

Another motivation for using attention-based methods for event detection is that systems
trained on available labeled datasets such as ACE naturally cannot be scaled to real-time fore-
casting and coding systems such as EMBERS [76] and EMBERS AutoGSR [78]. Particularly,
while developing hybrid coding systems such as AutoGSR one of the major considerations
is to reduce the level of effort that analysts must place in steering such a human-in-the-loop
system toward satisfactory performance. One way to do this is to provide explanations in
terms of important subtexts useful in annotating a document. Such explanations can be used
in various ways in an interactive system including human judgements to increase or decrease
the importance of contextual patterns and using feedback to improve the annotations. For
this purpose, we propose to utilize weakly-supervised feature importance methods such as
attention [54, 60] as a tool towards providing these explanations since obtaining fine-grained

supervision is an expensive endeavour.

Limitations of Existing Attention Mechanisms for Text Classification

In recent times, the most effective systems for NLP tasks such as machine translation [87],

question answering [80] and text classification have attention as an essential component.
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Moreover, with the success of self-supervised large pretrained models [17, 57] attention has
established its place in state-of-the-art NLP systems. Although these models work well on
a variety of tasks there are two major limitations: 1) they are computationally expensive
to train and attention computation is a major bottleneck and 2) they usually have a large
number of parameters that greatly increases the model size and memory requirements. For
instance, the multilingual BERT-base-cased model has 110M parameters, the small GPT-2
model has 117M parameters [73] and the RoOBERTa model was trained on 160GB of data
[57]. It is natural to see how task specific training (ELMo) or fine-tuning (BERT, GPT-2)
can be limiting when the training data and computational resources are scarce. Further,
running inference on and storing such models can also be difficult in low resource scenarios
such as IoT devices or low-latency use cases. Hence, supervised learning for task-specific
architectures which are trained from scratch, especially where domain specific training data
is available are useful. They are light-weight and easy to deploy. With this motivation,
we focus on learning compact attention-based supervised language representations with text

classification as the downstream task.

1.5.2 Limitations of Existing Event Extraction Systems

Current State of Event Extraction

Prior event extraction work [13, 68] has focused on extracting entities, detecting trigger
terms (or keywords), and matching up event slots on such predefined templates. As dis-
cussed earlier(§ 1.2), approaches to event extraction can be categorized into two - (i) the
pipeline approach that first performs trigger prediction and then identifies arguments in
separate stages and (ii) the joint approach where event extraction is formulated as a clas-

sification problem, aiming to locate and categorize each event trigger/argument [13, 51, 69|
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simultaneously via a sequence-labeling approach using either structured prediction mod-
els such as CRFs [47] or more recently BERT [17]. A lot of efforts have gone into the
joint modeling approach because of error propagation problem with the pipeline approach.
For example, Liu et al. [56] propose a framework to jointly extract multiple event triggers
and arguments by introducing syntactic shortcut arcs to enhance information flow between
multiple event occurrences with a sentence. Despite many advances, classification based
methods are data-hungry, and require a great deal of training data to ensure good perfor-
mance [12, 51, 56]. Moreover, such methods generally cannot deal with new event types
never encountered during train time [32]. Generating ground truth data for new event types
can be expensive and time consuming. A variety of event domains, types and definitions
combined with the multiple sources of data, scarcity of fine-level labels and unstructured

data makes this task challenging.

Difficulty of Extending Event Extraction to New Domains and Emergence of a

New Paradigm

In recent years, with the success of large pretrained models for the tasks of reading compre-
hension [17, 57] reading-comprehension (MRC) based approaches for event extraction have
begin to surface [26, 55]. This approach models event extraction as a MRC task where a
question is generated for each argument to be extracted for a detected event and given the
event extent an MRC system generates an answer. This paradigm for event extraction, be-
sides alleviating the need for pipeline extraction systems that rely on other upstream systems
to extract entities/triggers and hence sidestepping the error propagation problem also gives

rise to the very promising possibility of zero-shot event extraction.
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Zero-Shot Event Extraction

In zero-shot event extraction, at test time, the input to the MRC system are questions about
arguments previously unseen during train time [26]. However, in most research on zero-shot
event extraction [26, 32] both the seen and unseen roles are from the same domain and the
MRC-systems still need domain specific data to train. Another challenge with the MRC-
based approach is the task of generation of questions for each event argument. Recent studies
have proposed approaches for question generation [26, 55] although investigations are still
in a very nascent stage. A more practical zero-shot scenario is by leveraging MRC-systems
trained on large publicly available corpora such as SQUAD [75] which is albeit in a different
domain. This is called cross-domain data augmentation. We premise that zero-shot event
extraction using cross-domain data augmentation presents a promising direction towards

scaling event extraction to new domains.

The Long-Range Dependency Problem

A recurring problem observed by event extraction studies is capturing the long-range depen-
dency, specifically, the connection between an event trigger and a distant event argument.
Efforts have been made to incorporate syntactic dependencies into the models in an effort
to mitigate this problem [56, 61, 82]. The drawback of long range dependencies has been
shown to strung-along MRC-based approaches as well, specifically their vulnerability to syn-
tactically complex sentences, containing multiple clauses and each clause containing event
arguments [26, 55]. This raises the question of how can we use syntactic information to guide

the MRC models to correctly answer the generated questions.
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1.6 Goals and Contributions

To address the above challenges, in this dissertation, we focus on three problems in obtaining
event-related information from news articles. (1) In the first problem we perform an analysis
of existing weakly-supervised feature importance methods such as attention for general text
classification tasks and find that existing (esp. multi-head attention mechanisms) which
can be used as a useful tool for event detection are parameter inefficient and can hinder
the application of such methods at scale and in low-resource scenarios. We propose a new
and efficient multi-head attention mechanism for general text classification tasks; (2) In the
second problem, we aim to answer the question - are existing MIL-based methods effective for
event detection and extraction? We use the proposed attention mechanism in a hierarchical
framework for event detection that we present which can also be used to extract event extents
and triggers (3) In the last problem we study ways to enhance zero-shot event extraction by

using syntactic sentence simplification.

1.6.1 Compact Multi-Head Self-Attention for Text Classification

First, we focus on improving methods for text classification. We will later use these methods
for event detection task. In particular, we develop a novel multi-head self-attention mecha-
nism, LAMA, for learning text representations. We show that — (1) the proposed mechanism
is more effective than existing single-head mechanisms, (2) the proposed approach is more
parameter efficient than existing multi-head approaches. We first establish the effectiveness
of multi-head attention mechanisms over single-head attention mechanisms for certain text
classification tasks. We then address the computational inefficiency of existing multi-head
attention mechanisms by proposing a novel multi-head attention mechanism that is compu-

tationally cheaper than existing approaches. We then verify the effectiveness of the proposed
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approach on several text classification benchmarks.

1.6.2 Event Detection using Hierarchical Multi-Head Attention

Event detection as defined earlier is the task of identifying documents likely to contain an
event from a collection of documents. It also entails identifying event extents and event
triggers. If labels for documents and finegrained labels for extents and triggers are available,
these can be formulated as classification tasks. However, finegrained labels for event extents
and triggers are not available and only event labels at the document level are assumed. Exist-
ing event detection systems [92] use instance-level MIL, that first obtain sentence(instance)
embeddings via a convolutional neural network. Sentence-level probabilities are predicted
by sentence-level classifiers. Document probability of containing an event is estimated by
aggregating sentence-level probabilities. However, since labels are available only at the doc-
ument level sentence-level classifiers might be insufficiently trained resulting in the error

propagation problem.

To counteract the problem, we formulate event detection as an embedding-level MIL task.
We consider a sentence as a bag-of-words and compute a sentence representation by leverag-
ing the proposed attention mechanism LAMA as the MIL pooling operator. We show that
using single-head mechanisms [96] can be suboptimal and using existing multi-head atten-
tion mechanisms [53] can result in poor performance since these mechanisms contain a large
number of parameters which can be insufficiently trained. Finally, different from previous
methods, instead of estimating document level probabilities from sentence level probabilities
we compute a document representation via weighted aggregation of sentence embeddings.
The weights are given by another attention mechanism. This helps compute rich document

representations that not only contain information from event extents but also possibly from
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surrounding sentences which is useful because the assumption that events will be neatly

partitioned into individual sentences might not always hold true.

1.6.3 Zero-Shot Event Extraction using Sentence Simplification

Recent work has proposed to model event extraction as a reading comprehension (MRC)
task and shown promising results [26, 55]. One of the advantages of using this formulation
is the ability to extract previously unseen events (zero-shot extraction). However, most
previous approaches addressing zero-shot event extraction [26, 32| consider an in-domain
setting, where training data is assumed for a given domain and a few event types in the same
domain are unseen during test time. A more practical setting is in which one leverages MRC
systems based on large pretrained language models [18, 57] finetuned on large-scale publicly
available MRC corpora [75]. However MRC systems stumble when context is complex for
example when containing relative clauses and appositives or when there are long range
dependencies between an argument and a trigger a.k.a the long range dependency problem.
How can we guide the MRC systems when sentences are syntactically complex? We show
how syntactic properties of language can be leveraged to simplify context guided by the
MRC systems. Simplification candidates are generated by pruning constituency parse trees
to discard vestigial subtrees and unimportant parts of the sentence such as relative clauses
and appositives. A comprehensive score function is designed that takes into account MRC-
system’s feedback, a fluency score by a syntactic language model, and other components to
guide candidate selection. In each iteration a higher scoring candidate is selected until it is

no longer possible to generate a better candidate.



Chapter 2

Attention for Text Classification

In this chapter, we perform a comprehensive analysis of existing attention mechanisms on
general text classification tasks and analyse the effectiveness and efficiency of different type
of attention mechanisms such as single-head and multi-head. We propose a new way of
computing multi-head attention which we show to be more parameter efficient (by an order
of magnitude) and equally or more effective than existing state-of-the-art multi-head self-

attention mechanisms.

2.1 Introduction

Learning effective language representation is important for a variety of text analysis tasks
including sentiment analysis, news classification, natural language inference and question
answering. Learning language representations has made substantial progress in recent years
with the introduction of new techniques for language modeling combined with deep models
like BERT [18], GPT-2 and GPT-3 [9, 73]. These methods have enabled transfer of learned
representations via self-supervised pre-training to downstream tasks. Although these models
work well on a variety of tasks there are two major limitations: 1) they are computationally
expensive to train and 2) they usually have a large number of parameters that greatly
increases the model size and memory requirements. For instance, the multilingual BERT-

base cased model has 110M parameters, the small GPT-2 model has 117M parameters [73]

17
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and the RoBERTa model was trained on 160GB of data [57]. It is natural to see how
task specific training (ELMo [72]) or fine-tuning (BERT, GPT-2) can be limiting when the
training data and computational resources are scarce. Further, running inference on and
storing such models can also be difficult in low resource scenarios such as [oT devices or low-
latency use cases. Hence, supervised learning for task-specific architectures which are trained
from scratch, especially where domain specific training data is available are useful. They
are light-weight and easy to deploy. Supervised learning using neural networks commonly
entails learning intermediate sentence representations usually using an attention mechanism
followed by a task specific layer. For text classification tasks; this is usually a fully connected
layer followed by an N-way softmax layer where N is the number of classes. In this chapter,
we focus on learning compact attention-based supervised language representations with text

classification as the downstream task.

Computation at attention layers of modern neural networks can get prohibitive. Especially,
multi-head self-attention mechanisms [29, 54, 87| (multiple attention distributions over a
given sentence) that form an integral part of many state-of-the-art architectures for NLP
tasks [18, 87| can be expensive to compute. We argue that the attention layer giving rise
to multiple attentions in these methods is over-parameterized. In this work, we propose
a novel low-rank factorization based multi-head attention mechanism (LAMA), which is
computationally cheaper than prior approaches and sometimes exceeds the performance of

state-of-the-art baselines.

Contrary to previous approaches [29, 54] that are based on the additive attention mecha-
nism [5], LAMA is based on the multiplicative attention [60] which replaces the additive
attention by the dot product attention for faster computation. We further introduce a bi-
linear projection while computing the dot product to capture similarities between a global

context vector and each word in the sentence. The function of the bilinear projection is to
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capture nuanced context dependent word-importance as corroborated by previous works [12].
Next, we use a low-rank formulation of the bilinear projection matrix based on hadarmard
product [42, 97] to compress the attention layer and speed up the computation of multiple
attention distributions for each word. We leverage this approach to decompose a single
bilinear matrix to produce multiple attentions between the global context vector and each
word as opposed to having a different learned vector [54] or matrix [98]. We evaluate our
model by performing experiments on multiple datasets spanning two different tasks namely
Sentiment Analysis and Text Classification. We find that our model restores or in some cases

outperforms state-of-the-art approaches with fewer parameters for efficient computation.

We organize the rest of the discussion as follows. In the next section we describe the proposed
model (§2.3). Next we describe the experiments and the datasets (§2.4), followed by results

and discussion (§2.5), before concluding (§2.7).

2.2 Background

Multimodal tasks such as image captioning [52], visual reasoning [35] and visual question
answering [97] (VQA) are challenging because they require simultaneous processing and
modeling of interactions between high dimensional multimodal inputs. The approaches used
to represent the images and text in a fine-grained manner and to fuse these multimodal
features play a key role in performance. Bilinear pooling based models [86] have been shown
to outperform traditional linear models (e.g., concatenation or element-wise addition) for
VQA. However, these approaches are computationally intensive with a huge number of model
parameters that may seriously limit the applicability of bilinear pooling. Approaches such
as MCB [27], MLB [39] and MFB [98] have been proposed to make this operation more

computationally efficient.
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Figure 2.1: LAMA as unimodal feature fusion. Each dimension in the output z represents a
score between context ¢ and an input term u;

Bilinear pooling has been less explored in modeling text to text interactions. One instance is
when Chen et al. [12] use a bilinear term to capture the similarity between each paragraph

term and the question for open-domain question answering.

The proposed approach, LAMA shown in Fig. 2.1, can be viewed as unimodal pooling i.e.
fusing feature vectors from two text sources. Each dimension in the fused output can be
viewed as a separate score between a global context vector ¢ (input 1) and a term in the text

u; (input 2).

2.3 Methods

A document (review or a news article) is first tokenized and converted to a word embedding

via a lookup into a pretrained embedding matrix. The embedding of each token is encoded
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via a bi-GRU sentence encoder to get a contextual annotation of each word in that sen-
tence. The LAMA attention mechanism then obtains multiple attention distributions over
those words by computing an alignment score of their hidden representation with a word-
level context vector. Sum of the word representations weighted by the scores from multiple
attention distributions then forms a matrix sentence embedding. The matrix embedding
is then flattened and passed onto downstream layers (either a classifier or another encoder
depending on the task). Since we model all tokens in the text together without using any
hierarchical structure, without loss of generality the terms sentence and document are used
interchangeably in the rest of the chapter. Upper-case bold letters indicate matrices, lower-
case bold letters indicate vectors and lower-case letters indicate scalars. Please use table 2.1

to cross-reference the important notations in this chapter.

2.3.1 Sequence Encoder

We use the GRU [5] RNN as the sequence encoder. GRU uses a gating mechanism to track
the state of the sequences. There are two types of gates: the reset gate r; and the update
gate z; . The update gate decides how much past information is kept and how much new

information is added. At time ¢, the GRU computes its new state as:

ht: (1—Zt)®ht_1+zt®fl (21)

and the update gate z; is updated as:

Zy — O_(WZ * Xy + UZ * ht—l —+ bZ) (22)
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The RNN candidate state h, is computed as:
Ht = tanh(WhXt + I ® (Uhht—l + bh) (23)

Here r; is the reset gate which controls how much the past state contributes to the candidate

state. If r; is zero, then it forgets the previous state. The reset gate is updated as follows:
ry = O'(Wrxt + Urht—l + b'r) (24)

Consider a document D; containing T words. D; = {wy,..., Wy, ..., wr}. Let each word be
denoted by wy, t € [0,T] where every word is converted to a real valued word vector x;
using the pre-trained embedding matrix W, = R™WVI x, = W_w,, t € [1,T] where d is
the embedding dimension and V' is the vocabulary. The embedding matrix W, is fine-tuned
during training. Note that we have dropped the subscript ¢ as all the derivations are for the

i document and it is assumed implicit in the following sections.

We encode the document using a bi-directional GRU (bi-GRU) that summarizes information
in both directions along the text to get a contextual annotation of a word. In a bi-GRU the
hidden state at time step t is represented as a concatenation of hidden states in the forward
and backward direction. The forward GRU denoted by G—R[} processes the sentence from

e__
wi to wyp whereas the backward GRU denoted by GRU processes it from wr to ws.

Xt — Wewt (25)

Fl
I

GRZj (Xt7 h(t,]_), 0) (26&)

=
I

Z§RU(Xt, h(t+1), 0) (26b)
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%
Here the word annotation h; is obtained by concatenating the forward hidden state h; and

the backward hidden state E

2.3.2 Single-Head Attention

To alleviate the burden of remembering long term dependencies from GRUs we use the global
attention mechanism [60] in which the sentence representation is computed by attending
to all words in the sentence. Let h; be the annotation corresponding to the word x;. First
we transform h, using a one layer Multi-Layer Perceptron (MLP) to obtain its hidden rep-
resentation u;. We assume Gaussian priors with 0 mean and 0.1 standard deviation on W,
and b,,.

u; = tanh(Why + by,) (2.7)

Next, to compute the importance of the word in the current context we calculate its relevance

to a global context vector c.

fi=c" W, (2.8)

Here, W, € IR*"*?" i5 a bilinear projection matrix which is randomly initialized and jointly
learned with other parameters during training. h is the dimension of the GRU hidden state
and u; & c are both of dimension 2h x 1 since we’re using a bi-GRU. The mean of the word
embeddings provides a good initial approximation of the global context of the sentence. We
initialize ¢ = %Z;‘le w; which is then updated during training. We use a bilinear model
because they are more effective in learning pairwise interactions. The attention weight for
the word x; is then computed using a softmazx function where summation is taken over all

the words in the document.
exp(fi)

= S enp(fy) (29)
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Table 2.1: Important notations. Unless specified bold upper-case letters indicate matrices,
bold lower-case letters indicate vectors, unbolded lower-case letters indicate scalars in this
dissertation.

Notation | Meaning

N Corpus size

T # of words tokens in a sample
m # of aspects

fi alignment score

oy attention weight

uy word hidden representation

C global context vector

h GRU hidden state dimension

T 5 R O B DO O [ > 2

Structured Sentence
Embedding

Sentence Multi-Head Attention MLP.
Encoder Classifier

NN
ZLHI

Figure 2.2: Figure describes a schematic of the model architecture and its major compo-
nents including the Sentence Encoder, proposed multi-head attention mechanism LAMA,
Structured Sentence Embedding and finally the MLP classifier. The attention computation
is demonstrated for a single word.

2.3.3 LAMA

The attention distribution above usually focuses on a specific component of the document,
like a special set of trigger words. So it is expected to reflect a component of the semantics
in a document. This type of attention is useful for smaller pieces of texts such as tweets or
short reviews. For larger reviews there can be multiple semantic components that describe
that review. For this we introduce a novel way of computing multiple heads of attention

that capture different aspects.



2.3. METHODS 25

Suppose m heads are to be extracted from a sentence, we need m alignment scores between
each word hidden representation u; and the context vector c¢. To obtain an m dimensional
output f;, we need to learn m weight matrices given by W = [Wy, ..., W] € Rmx2x2h
as demonstrated in previous works. Although this strategy might be effective in capturing
pairwise interactions for each head it also introduces a huge number of parameters that may
lead to overfitting and also incur a high computational cost especially for a large m or a large
h. To address this, the rank of matrix W can be reduced by using low-rank bilinear method
to have less number of parameters [42, 98]. Consider one head; the bilinear projection

matrix W; in Eq. 2.8 is factorized into two low rank matrices P & Q.

k
fi =c"PQ"y, = Z c'pagtu, = 17 (PTco Q'uy) (2.10)
d=1

where P = [py,...,px] € R** and Q = [qu, ..., qx] € R** are two low-rank matrics, o
is the Hadamard product or the element-wise multiplication of two vectors, 1 € IRF is an

all-one vector and k is the latent dimensionality of the factorized matrices.

To obtain m scores, by Eq.2.10, the weights to be learned are two three-order tensors P =
[Py,...,P,] € R¥ ™ and Q = [Q,...,Q,,] € R*¥* ™ accordingly. Without loss of
generality P and Q can be reformulated as 2-D matrices P € R*™ ™ and @ e R
respectively with simple reshape operations. Setting & = 1, which corresponds to rank-1

factorization. Fq.2.10 can be written as:
f, =P coQ"u, (2.11)

This brings the two feature vectors u; € R?", the word hidden representation and ¢ € R?",

the global context vector in a common subspace and are given by u; and ¢ respectively.
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f, € R™ now is a multi-head alignment vector for the word x;. For computing attention for
one head, this is equivalent to replacing the projection matrix W; in Eq 2.8 by the outer
product of vectors P; and Q; - rows of the matrices P and Q respectively and rewriting it
as the Hadamard product. As a result each row of matrices P; and Q; represent the vectors

for computing the score for a different head.

The multi-head attention vector a; € IR™ is obtained by computing a softmax function

along the sentence length:

exp(fy)

=S eap(fy) (2.12)

Before computing softmax, similar to [42, 98] to further increase the model capacity we
apply the tanh nonlinearlity to f;. Since element-wise multiplication is introduced the values
of neurons may vary a lot so we apply an [, normalization layer across the m dimension.
Although [, is not strictly necessary since both ¢ and u; are in the same modality empirically
we do see improvement after applying ls. Each component k of a; is the contribution of the

word x; to the k" head.

Let H = (hy, hy,...hy) be a matrix of all word annotations in the sentence; H € RT*2h,

The attention matrix for the sentence can be computed as:

A = softmazx(12(tanh(PTC, o QTH"))) (2.13)

X

where, C, € IR2"™T is ¢ repeated T times, once for each word, lo(x) = T and softmax is
applied row-wise. A € IR™*7 is the attention matrix between the sentence and the global

context with each row representing attention for one head.

Given A = [y, ay, ...ar], the multi-head attention matrix for the sentence; A € IR™ T,
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The sentence representation for an aspect j given by a; = {a;1, @j2, ..ajr} can be computed

by taking a weighted sum of all word annotations.

T
s;= Y _hyxa (2.14)
k=1

Similarly, sentence representation can be computed for all heads and is given in a compact
form by:
S=AH (2.15)

Here S € IR™*?" is a matrix sentence embedding and contains as many rows as the number
of heads. Each row contains an attention distribution for a new aspect. It is flattened
by concatenating all rows to obtain the document representation d. From the document

representation, the class probabilities are obtained as follows.
g = softmax(W.d + b,) (2.16)

Loss is computed using cross entropy.

C
L=—) welog(y.) (2.17)
c=1

where C' is the number of classes and . is the probability of the class c¢. The final training

loss is given by:
L=>)1 (2.18)
d

The summation is taken over all the documents in a mini-batch. We use the mini-batch
stochastic gradient descent algorithm [38] with momentum and weight decay for optimizing
the loss function and the backpropogation algorithm is used to compute the gradients. Fig.

2.2 illustrates a schematic of the model architecture. A single document and its flow through
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Table 2.2: Dataset statistics. # words indicates the average number of tokens per document
in the corresponding datasets.

Dataset  # Classes # Train # Test # words
YELP 5 499,976 4,000 118
YELP-L 5 175,844 1,378 226

2

2

8

4

YELP-P 560,000 38,000 137
IMDB 25,000 25,000 221
Reuters 4,484 2,189 102
News 151,328 32,428 352

various model components is shown. The middle block illustrates the proposed attention

mechanism for one word w; of the document.

Hyperparameters

We use a word embedding size of 100. The embedding matrix W, is pretrained on the corpus
using word2vec. All words appearing less than 5 times are discarded. The GRU hidden state
is set to h = 50, MLP hidden state to 512 and apply a 0.4 dropout to the hidden layer. We
use a batch size of 32 for training and an initial learning rate of 0.05. For early stopping we

use patience = 5.

2.4 Experiments

We evaluate the performance of the proposed model on two tasks with six different datasets.

Table 2.2 gives an overview of the datasets and their statistics.
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2.4.1 Sentiment Analysis

For the sentiment analysis task we chose two datasets - the YELP Ratings dataset and the

IMDB Movie Sentiment Dataset.

Yelp The Yelp dataset ! consists of 2.7M Yelp reviews and user ratings from 1 to 5. Given
a review as input the goal is to predict the number of stars the user who wrote that review
assigned to the corresponding business store. We treat the task as 5-way text classification
where each class indicates the user rating. We randomly selected 500K review-star pairs as
training set, 4,000 for the dev set, and 4,000 for test set. Reviews were tokenized using the
Spacy tokenizer 2. 100-dimensional word embeddings were trained from scratch on the train

dataset using the gensim 3 software package.

Yelp-Long Multi-head attention capturing multiple heads is more useful for classifying
ratings that are more subjective i.e. longer reviews where people express their experiences
in detail. We create a subset of the YELP dataset containing all longer reviews i.e. reviews
containing longer than 118 tokens which we found to be the mean length of the reviews
in the dataset. The training set consists of 175,844 reviews, the dev set consists of 1,416
reviews and the test set consists of 1,378 reviews. The goal is to predict the ratings from
the above subset of the Yelp dataset. We refer to this dataset as Yelp-L (Yelp-Long) since
it consists of all longer reviews. We hypothesize that having multi-head attention would
benefit in this setting where more intricate foraging of information from different parts of
the text is required to make a prediction. The model hyperparameters and training settings

remain the same as the above.

Thttps://www.yelp.com/dataset challenge

https://spacy.io/
3https://radimrehurek.com/gensim/
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Yelp-Polarity The Yelp reviews polarity dataset [99] is constructed by considering stars
1 and 2 negative, and 3 and 4 positive from the Yelp dataset. For each polarity 280,000
training samples and 19,000 testing samples are taken randomly. In total there are 560,000

training samples and 38,000 testing samples. This datset is referred as Yelp-P in the paper.

Movie Reviews The large Movie Review dataset [62] contains movie reviews along with
their associated binary sentiment polarity labels. It contains 50,000 highly polar reviews
(score < 4 out of 10 for negative reviews and score > 7 out of 10 for positive reviews) split
evenly into 25K train and 25K test sets. The overall distribution of labels is balanced (25K
positive and 25K negative). In the entire collection, no more than 30 reviews are allowed
for any given movie because reviews for the same movie tend to have correlated ratings.
Further, the train and test sets contain a disjoint set of movies, so no significant performance
is obtained by memorizing movie-unique terms and their associated with observed labels.
From the training set we randomly set aside 1000 reviews for validation. We refer to this

dataset as IMDB in the rest of the Chapter.

2.4.2 News Classification

For this task we use two datasets News Aggregator and Reuters.

News Aggregator This dataset [19] contains headlines, URLs, and categories for news
stories collected by a web aggregator between March 10th, 2014 and August 10th, 2014. News
categorsies included in this dataset include business; science and technology; entertainment;
and health. Different news articles that refer to the same news item (e.g., several articles
about recently released employment statistics) are also categorized together. Given a news

article the task is to classify it into one of the four categories. Training dataset consists of
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151,328 articles and test dataset consists of 32,428. The average token length is 352.

Reuters This dataset * is taken from Reuters-21578 Text Categorization Collection. This
is a collection of documents that appeared on Reuters newswire in 1987. The documents were
assembled and indexed with categories. We evaluate on the Reuters8 dataset consisting of

news articles about 8 topics including acq, crude, earn, grain, interest, money-fx, ship,trade.

2.4.3 Comparative Methods

Table 2.3 shows the result of ablation experiments with and without LAMA. We use a bi-
GRU [15] model with maxpooling referred as BiGRU as a baseline i.e. first we encode the
given text with a bi-GRU and then take max over all hidden states of the GRU over each
hidden state dimension giving us a fixed sized embedding. We use a 2-layer MLP classifier

for prediction.

Next, we compare LAMA against strong established baselines. The first baseline method
uses a simple average of word embeddings (AVG) [83] to get a fixed dimensional embedding
followed by an MLP classifier layer. The recently proposed BERT model [18] is used as
another baseline. We use a pretrained BERT implementation ° and finetune it with a task-
specific classifier. This finetuning is performed for 10 epochs using the ADAM optimizer [44]

with a learning rate of 5e-6.

Next, we use convolutional neural network with maz-over-time pooling [43] as another base-

line. We refer to this as CNN. We use three kernels of size 3,4 & 5 with 100 filters each.

Among attention-based multi-head models we use the Self Attention Network proposed

in [54]. We refer to this baseline as SAN. Following the original paper we have used 30

thttps://www.cs.umb.edu/ smimarog/textmining/datasets/
Shttps://gluon-nlp.mxnet.io
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Table 2.3: Performance with and without usage of the proposed LAMA mechanism. LAMA
leads to improved performance over BiGRU alone.

Methods News Reuters Yelp IMDB Yelp-L. YELP-P
BiGRU 0.905 0.867 0.663 0.876 0.608  0.943
LAMA 0.922  0.965 0.697 0.895 0.653  0.947

LAMA + Ctx 0.923 0.973 0.716 0.90 0.665 0.952

Table 2.4: Table reports the accuracy of the proposed models (LAMA, LAMA-+ctx) against various
baselines on sentiment analysis and news classification tasks. +D, refers to LAMA 4 Ctx with
position-wise regularization whereas +D, refers to LAMA + Ctx with regularization over embed-
dings.

Methods | News  Reuters Yelp IMDB Yelp-L Yelp-P
SAN ( Lin et al. [54]) 0.876 0.942  0.68 0.831 0.638 0.945
CNN ( Kim [43]) 0.914 0.96 0.693 0.874 0.672 0.953

TE ( Vaswani et al. [87]) | 0.899 0.901  0.655 0.817 0.569  0.925
BERT ( Devlin et al. [18]) | 0.92 097  0.715 0.894 0.672 0.97
AVG (Aroractal. [4]) | 091 0795  0.653 0.874 0.652 0.928
LAMA 0.922 0965  0.697 0.895 0.653 0.947
LAMA + Cix 0.923 0.973 0.716 0.90 00665 0.952

attention heads and MLP hidden size of 512 for this baseline. For the next baseline, we
use the scaled dot product multi-head attention proposed in [87] over sequence of pretrained
word embeddings. We use one encoder layer and m = 16 attention heads, d,,oqe; = 1024 such
that d,edqer/m = 64 as used in the original paper. We name this Transformer Encoder(TE)
For our attention-based models we performed a grid search to identify the optimal number

of attention heads to get the best performance.

2.5 Results

Table 2.3 reports the performance with and without using LAMA and 2.4 reports the accu-

racy of the baseline methods as compared to LAMA. Numbers highlighted in bold represent
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best performing models. Tables report the accuracy of the best model on the test set after

performing a 3-fold cross-validation.

We observe that a BIGRU with LAMA and global context initialization (LAMA+-ctx) outper-
forms a BiGRU-only baseline by 2.0%(News), 12.2%(Reuters) 7.9%(Yelp) and 9.4%(Yelp-L)
and 2.7%(IMDB), which confirms the value-add of self-attention for text classification tasks.
The improvement is especially large on larger datasets (9.4% on Yelp-L and 7.9% on Yelp

datset).

Table 2.4 compares the proposed models against a vareity of baselines from CNN to attention-
based(SAN, TE) to language models(BERT). From the table it can be noted that LAMA+ctx
outperforms SAN [54] on all tasks from 3.3% (Reuters)to 8.2% (IMDB). Proposed models
outperform the TE baseline on all tasks. It should be noted that this performance im-
provement also comes with fewer parameters (§2.5.5). When compared to large pretrained
language models such as BERT we find that LAMA outperforms BERT on News, Reuters,
Yelp and IMDB datasets. On YELP-L and YELP-P BERT outperforms LAMA. However,
it should be noted that besides being trained on large-scale text corpora and having a large
memory footprint compared to LAMA, BERT models also take a longer time for training.
For instance, for Yelp it took 8.5 hours as opposed to 25 mins for LAMA on one Nvidia Tesla
P100 GPU. For the non-contextual baseline of average of word embeddings there’s an im-
provement of 1.4% (News), 22.4%(Reuters) 9.8% (Yelp), 11.4% (Yelp-L) and 3.0%(IMDB)
which confirms that contextual information captured by BiGRU or CNN models are in-
deed important for these tasks. Compared to CNN models an improvement of 1% (News),
1.4%(Reuters) and 3.3%(Yelp) and 3.0%(IMDB) can be observed. On the Yelp-L dataset

our model and CNN perform similarly.
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2.5.1 Contextual Attention Weights

To verify that the proposed model captures context dependent word importance, we plot
the distribution of the attention weights of the positive words ‘amazing’, ‘happy’ and ‘rec-
ommended’ and negative words ‘poor’; ‘terrible’ and ‘worst’ from the test split of the Yelp
data set as shown in Figure 2.3. We plot the distribution when conditioned on the ratings
of the review. It can be seen from Figure 2.3 that the weight of positive words concentrates
on the low end in the reviews with rating 1 (blue line). As the rating increases, the weight
distribution shifts to the right. This indicates that positive words play a more important role
for reviews with higher ratings. The trend is opposite for the negative words where words
with negative connotation have lower attention weights for reviews with rating 5 (purple
curve). However, there are a few exceptions. For example, it is intuitive that ‘amazing’ gets
a high weight for reviews with high ratings but it also gets a high weight for reviews with
rating 2 (orange curve) . This is because, inspecting the Yelp dataset we find that ‘amazing’
occurs quite frequently with the word ‘not’ in the reviews with rating 2; ‘above average but
not amazing’, ‘was ok but not amazing’ Our model captures this phrase-level context and
assigns similar weights to ‘not’ and ‘amazing’ ‘not’ being a negative word gets a high weight
for lower ratings and hence so does ‘amazing’. Similarly, other exceptions such as ‘terrible’
for rating 4 can be explained due to the fact that customers might dislike one aspect of a

business such as their service but like another aspect such as food.

To further illustrate context-dependent word importance Table 2.5 lists top attended key-
words for Yelp and Reuters datasets. It can be seen that certain words that often occur in
pairs such as ‘would recommend’, ‘very professional’, ‘very delicious’ appear in the list for
Yelp and ‘exchange rate’, ‘trade deficit’ for Reuters. This is because the model assigns close
attention weights to the words in these phrases because they occur frequently together. Note

also that superlatives such ‘100 stars’ appear in the list which are strong indicators of the
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Table 2.5: Top attended words for Yelp dataset from reviews with ratings 1 and 5 (indicated
in parantheses) and Reuters(r8) Dataset.

Yelp(1) Yelp(5) r8(ship) r8(money)
inconsiderate recommend kuwait currencies
rudest trust gulf monetary
goodnight referred south miyazawa
worst downside tanker stoltenberg
ever professional cargo accord
boycott 100 warships louvre
loud happy pentagon fed

livid attentive says cooperation
some stars begin rate
hassle please iranian poehl
friendly delicious shipping exchange
ugh safe from stability
dealership worth demand currency
brutal very salvage german
rather would trade reagan

1 blown production pact

pizza sensitive japan policy
slow removed gulf support
torture impressed india trade
absolute looks combat deficit
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Figure 2.3: Attention weight (z-axis) distribution of the positive words ‘amazing’, ‘happy’
& ‘recommend’ and negative words ‘poor’, ‘terrible’, & ‘worst’. Positive words tend to get
higher weights in reviews with higher ratings (3-5) whereas negative words get higher weights
for lower ratings (1-2)

sentiment of a review.

2.5.2 Why Multiple Heads?

Having a structured embedding with multiple rows, provides for more contextual representa-
tions. To verify this we evaluate the model performance as we vary the number of attention
heads m from 1 to 25. Specifically, we plot the validation accuracy vs. epochs for different
values of m, for the Yelp-L and IMDB datasets. We vary m from 1 to 20 to get 5 models

with m =1, m =5, m = 10, m = 15 and m = 20. The plots are shown in Figure 2.4. From
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Figure 2.4: Figure shows the effect of using multiple attention heads. Validation accuracy
of LAMA is plotted for different values of m for the Yelp-L dataset(left) and the IMDB
dataset(right). xz-azis indicates the number of epochs, y-azis indicates the accuracy. Accu-
racy peaks at m = 15 for both Yelp-L and IMDB.

the figure we can see that for the Yelp-L dataset model performance peaks for m = 15 and
then starts falling for m = 20. We can clearly see a significant difference between m = 1
and m = 20, showing that having a multi-aspect attention mechanism helps. For the IMDB
dataset model with m = 15 performs the best whereas model with m = 1 performs the worst

although performances for m = 5,15, 20 are similar to each other for this task.

2.5.3 Runtime

It should be noted that since LAMA is applied on top of RNN the computational bottleneck
is the sequential computation on RNNs since attention cannot be computed unless all RNN
hidden states are available. Hence, the computational time increases linearly with input
length and quadratically with hidden state dimension (O(n x h?)). Once RNN hidden states
are available the complexity of the attention layer LAMA is O(n*m=h). In comparison, the
complexity of the self-attention mechanism in Transformer is O(n?xh), where h is the hidden

state size. It increases quadratically with increasing input length and linearly with hidden
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Figure 2.5: Figure shows the average run time per epoch in seconds (averaged over 10 epochs)
for LAMA Encoder (LE) and Transformer Encoder (TE) models as a function of input sequence
length (50 to 250). It can be seen that TE (green) is more computationally expensive compared
to LAMA (blue). LE is LAMA attention mechanism applied directly to word embeddings without
computing GRU hidden states.

state dimension. In this section, we plot the runtimes of LAMA and a 1-layer TE. For a fair
comparison, we compare the runtimes of LAMA free from RNN. We propose, LAMA Encoder
—a model that doesn’t use RNN to model sequential dependencies and directly operates on
the word embeddings of the inputs. That is, the hidden state matrix H in Eq. 2.13 is
populated by the pretrained word embeddings. Figure 2.5 shows the average runtime per
epoch (averaged over 10 epochs) of LAMA Encoder (LE) and Transformer Encoder (TE)
when sequence lengths are increased from 50 to 250 for IMDB and Reuters datasets. It can
be seen from the figure that TE is computationally more expensive per epoch than LE. LE
is also a competitive model with test accuracies of 83.0% on IMDB and 93.9% on Reuters

as compared to 81.7% (IMDB) and 90.1% (REUTERS) of TE.
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Figure 2.6: Figure shows the accuracy (y-axis) of the models LAMA, SAN, TE and BERT models
on YELP-P dataset when viewed against the model parameters (x-axis). LAMA outperforms SAN
and TE while also being more parameter efficient. BERT outperforms LAMA by 1.8% but by more
than an order of magnitude increase in parameters.

2.5.4 Parameters vs Accuracy

On the YELP-P dataset our model is outperformed by BERT by 1.8 %. However it it worth
noting the cost of this performance improvement. Fig. 2.6 shows the accuracy of different
models and their corresponding parameters on the YELP-P dataset. It can be seen that
LAMA+ctx outperforms SAN & TE with fewer parameters (difference being linear). BERT
slightly outperforms LAMA+ctx however with more than an order of magnitude increase in

parameters.

2.5.5 Attentional Unit Efficiency

Now lets compare the number of trainable parameters in the attention layer of three multi-
head attention mechanisms — proposed model (LAMA), Self-Attentive Network (SAN) and

TE (Figure 2.7).
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Figure 2.7: Comparison of number of trainable parameters in the attention layer of SAN,
LAMA and TE. Number of parameters increase linearly for SAN and LAMA, where as
number of parameters in LAMA are less than SAN by a constant. Number of parameters in
TE exceed LAMA by an order of magnitude.

Other variables such as input sentence length and dimension of the hidden state represen-
tations held constant, the computational complexity depends on the attention layer. Here,
we show how the proposed model LAMA compares to the self attentive network (SAN) [54]
and TE with respect to the number of parameters needed to compute an attention matrix

for a sentence. In SAN the attention matrix A can be computed as:

A = softmax(W,,tanh(W, HT)) (2.19)

where, H is a matrix of word annotations with the shape T-by-2h, Wy, is d,-by-2h and Wy,
is m-by-2h where m is number of heads. So the total number of parameters needed to be
learned are 2hd, + 2hm (= 2hd, for h, > m). For the proposed model, to compute the
attention matrix given by Eq. 2.13 the parameters to be learned are matrices P, Q and the

context vector c. So the total number of parameters required are 2hm + 2hm. Comparing

do+m
2m

do

T Even
m

the above terms the reduction factor is . For m << d,, reduction factor is

though, both are O(m) the parameter savings come from the constant factor Qd—;jm. For the
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Transformer model [87], the multi-head attention in one layer is given by:
Multihead(Q, K, V) = Concat(heady, ..., head,, )W? (2.20)

where head; = Attention(QWY KWX VW) (2.21)

)

where the projections are parameter matrices W? & WZK € RdmoderXdk WY € Rdmoderxdv
and WO € R™dvxdmoaer T the self-attention case, all of Q, K, and V are the input rep-
resentations from the previous layer. The number of parameters required to compute the
multi-head attention in Eq. 2.20 are O(m?). It should be noted that even though the at-
tention computation in Transformer is an order of magnitude higher, it does not contain
any GRU layers. So the overall complexity depends on the choice of the input layer such as
convolutional or recurrent layers. However,our experiments indicate that LAMA-Encoder
(where LAMA is directly applied over a sequence of word embeddings is equally effective on

some tasks).

Figure 2.7 illustrates the attention computation in LAMA, SAN respectively. In LAMA the
number of trainable parameters are proportional to 2 x m % h, where in SAN the number
of trainable parameters are proportional to 2 % h * d,. For comparison, Figure 2.7 plots the
number of parameters for some standard values of the the quantities h = 512, m = 12,d, =
350. As can be seen the number of parameters in TE are significantly higher than number
of parameters in SAN which is higher than number of parameters in LAMA. Such high
number of parameters perhaps explain the difficulty that we observed in training TE for

text classification tasks.
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2.6 Related Work

The practice of applying attention has a history particularly in computer vision problems [16,
49, 95]. Attention mechanism can be of two types. “Hard” attention model learns to put
attention to only specific parts of the sequences or images [67] whereas, ‘soft” attention learns
the attention weights over the entire sequence. Gulcehre et al. [28] enhance the attention
mechanism by incorporating a planning mechanism. Based on the past actions and current
observation the model makes a plan of future alignments. Xu et al. [95] use attention to
automatically generate description of images. They have explored both “soft” and “hard”

attention mechanisms.

Spearheaded by their success in neural machine translation [5, 6, 28, 60, 87] attention mech-
anisms are used in problems involving sequence to sequence models such as question an-
swering [20, 31, 80] text summarization [12, 71] and visual question answering [97, 98]. In
sequence modeling, attention mechanisms allow the decoder to learn which part of the se-
quence it should “attend” to based on the input sequence and the output it has generated
so far [5]. A special case of attention known as self-attention [54] or intra attention [96] is
used for text classification tasks such as sentiment analysis and natural language inference.
A by-product of self-attention mechanism is visualization of words being attended leading

to the explanability of the models.

Models have been proposed that compute multiple attention distributions over a single se-
quence of words. In multi-view networks proposed by Guo et al. [29] they use a different
set of parameters for each view which leads to a large increase in the number of parameters
with increasing number of views. Lin et al. [54] alleviate this problem by producing a matrix
embedding from a single set of parameters. Both these methods use a special case of additive

attention proposed by Bahdanau et al. [6] in the context of neural machine translation. Lu-
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ong et al. [60] simplify additive attention operation by introducing multiplicative attention
which is faster to compute. In multiplicative attention, score between two feature vectors
is learned using a bilinear projection matrix. Dot product attention [60] is a special case
of multiplicative attention where the score between two features vectors is computed by a
simple dot product between them. Yang et al. [96] use dot product attention to compute
the similarity of word hidden representation to a word-level context vector which is learned
with the rest of the model. In this work we compute the score between the context vector
and the word hidden representation using a bilinear projection matrix and then we use an
approach inspired by multi-modal low rank bilinear pooling proposed by Kim et al. [42] to
factorize the matrix into two low rank matrices to compute multiple attention distributions
over words. Contrary to Guo et al. [29] we use matrix factorization to alleviate the problem
of increasing parameters with increasing views and our approach uses fewer parameters than
Lin et al. to compute multiple attentions and performs superior to their approach. We call
this as multi-aspect attention as it attends to different aspects or parts of a sentence for

constructing a sentence embedding.

2.7 Discussion

In this chapter, we presented a novel compact multi-head self-attention mechanism and
illustrated its effectiveness on text classification benchmarks. The proposed method com-
putes multiple attention distributions over words which leads to contextual sentence rep-
resentations. The results showed that this mechanism performed better than several other
approaches including non-contextual unsupervised baselines such as average of word embed-
dings, contextual baselines such as LSTM-based methods and CNNs and also other attention

mechanisms with fewer parameters. We further demonstrated the computational superiority
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of our approach in comparison to previously proposed multi-head mechanisms in computing
attentions and hence is more amenable in low-resource scenarios. In the next chapter, we

will see how LAMA can be used to learn rich representations for event detection.



Chapter 3

Event Detection

In this chapter, we model the tasks of event detection (event document classification, event
extent and event trigger extraction) from news articles in a unified framework without explicit
labels at the sentence level by leveraging the implicit hierarchy in the text. We model this
task in a hierarchical MIL framework. We show that using the LAMA attention mechanism
proposed in Chapter 2 as the word-level MIL aggregator function leads to more effective

event detection performance.

Positi
. ositive [ ] Positive Bag
@ Negative [ ] Negative Bag

(a) Supervised Learning (b) Multiple Instance Learning

Figure 3.1: Supervised learning and multiple instance learning(MIL). In MIL a bag is positive
if alteast once instance in the bag is positive and a bag is negative if all instances are negative.

45
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3.1 Introduction

In event detection, we’re interested in identifying documents containing event mentions as
well as the event extents and event triggers. We can use the framework of multi-instance
learning(MIL) for this task. MIL is a bag-level supervised learning task. The training data is
a set of labeled bags, where a bag refers to a document, and each document contains several
instances where an instance refers to a sentence. Formally, we have a dataset D = (X, y;),,
where X; = {s;}72,,y; € {1,0} is the label of X; indicating whether an event is mentioned in
the document or not, N is the number of training documents, n; is the number of sentences

in X;. Bach S; € I is an instance, where I denotes the instance space. Fig. 3.1 illustrates

the difference between standard supervised learning and MIL.

Deep Learning based MIL approach consists of three steps: (i) a transformation of instances
to a low-dimensional embedding, (ii) a permutation-invariant (symmetric) aggregation func-

tion, and (iii) a final transformation to the bag probability.

The model can be trained by optimizing the log-likelihood function where the bag label is
distributed according to the Bernoulli distribution with the parameter 6(X) € [0, 1], i.e., the

probability of Y = 1 given the bag of instances X.

For a given aggregation function there are two main approaches to MIL: i) The instance-
level approach: an instance-level classifier returns scores for each instance. Then individual
scores are aggregated by MIL pooling to obtain §(X). (ii) The embedding-level approach:
instances are mapped to a low-dimensional embedding. MIL pooling is used to obtain a
bag representation that is independent of the number of instances in the bag. The bag

representation is further processed by a bag-level classifier to provide 6(X).

Prior approaches to event detection employ the instance level approach [92]. However, since

the individual labels are unknown, there is a threat that the instance-level classifier might be
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trained insufficiently and it introduces additional error to the final prediction. To alleviate
this issue we use embedding-level approach. Moreover, prior approaches use non-differential
and non-trainable MIL pooling operators such as max or mean operators to obtain the
bag level probability. A flexible and adaptive MIL pooling could potentially achieve better
results by adjusting to a task and data. Ilse et al. [33] show that attention mechanisms can
be used as differential MIL pooling operators. Attention-based MIL pooling allows to assign
different weights to instances within a bag and hence the final representation of the bag could
be highly informative for the bag-level classifier. Moreover, this allows us to mitigate the
drawbacks of the strong assumption that event extents are self-contained i.e. all the event
related information is neatly partitioned into individual sentences. If some event related
information is contained within peripheral sentences attention weights will be trained in

accordance for those instances.

Moreover, in the case of a positive label, X; = 1, high attention weights should be assigned
to positive instances i.e. S; =1 (key instances). The attention mechanism allows to easily
interpret the provided decision in terms of instance-level labels. In fact, the attention network
does not provide scores as the instance-based classifier does but it can be considered as a

proxy to that.

Event detection can be modeled as a hierarchical MIL task where the coarser level task is
identification of documents containing an event and identifying key sentences(event extents)
and the fine-grained task of identifying trigger words from the detected key sentences. For the
fine-grained task, each sentence is a considered as a bag of words, and sentence embeddings

are obtained by using an attention mechanism over word embeddings.

A deviation from prior MIL based approaches especially for vision tasks [33] is that we

don’t assume the bag embedding to be permutation-invariant. We use an RNN to compute
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instance embeddings which makes them dependent on the position in the bag .

To summarize, we use a recurrent neural network (RNN) based hierarchical model with at-
tention mechanism at both levels in the hierarchy that constructs sentence and document
representations using RNN based encoders. The sentence representation is constructed by
attending to all words in the sentence, whereas the document representation is constructed
by attending to all sentences. The model inherently weighs words and sentences and hence
can construct a representation that captures the entire context of a document. To capture
richer sentence representations we use the LAMA multi-head attention mechanism proposed
in chapter 2 that allows for multiple attention distributions over words. Simple dot-product
attention mechanisms [96] might be suboptimal whereas existing multi-head self-attention
mechanisms [54, 87| contain too many parameters to be trained effectively in a hierarchi-
cal setting. Hence, LAMA mechanism which learns richer representations than single-head

approach and is more parameter efficient than existing multi-head approaches can be used.

Figure 1.1 gives an overview of the propose approach. Proposed model consists of five
main components: 1) A sentence encoder that uses a bi-directional GRU [7] to construct
word representations, 2) the previously proposed LAMA mechanism that helps construct
sentence representations and extract trigger words, 3) a document encoder that constructs
contextual sentence representations using a bi-directional GRU, 4) a sentence level attention
mechanism that helps construct document representations and extract key sentences and

finally 5) a multi-layer perceptron (MLP) classifier that predicts document labels.

A given news article is first segmented into sentences and each sentence is encoded via the
bi-GRU sentence encoder to get a contextual annotation of each word in that sentence. The

LAMA attention mechanism then obtains multiple attention distributions over those words

'We stick to the terms ‘bag’ and ‘instance’ to be consistent with the literature, even though it is not a
‘bag’ in the strictest sense of its usage as in ‘unordered collection of items’.
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by computing an alignment score of their hidden representation with a word-level context
vector. Sum of the word representations weighted by the scores from multiple attention
distributions then forms a matrix sentence embedding. The matrix embedding is obtained
for each sentence, flattened and then passed to a GRU document encoder. Contextual an-
notation of each sentence is obtained by concatenating the forward and backward hidden
states of a GRU. A single pass attention distribution is obtained over sentence hidden repre-
sentations to finally obtain a document representation using a weighted sum of the sentence
annotations. Finally a classifier is used to predict whether the resulting document embedding

represents an event or not. Please refer to fig. 3.2 for a schematic of our model.

In the following sections we describe each model component in detail. Matrices are denoted

by bold capital letters, vectors by bold small letters and unbolded small letters are scalars.

3.2 Hierachical Model for Event Detection

3.2.1 Sequence Encoder

We use the GRU [7] RNN as the sequence encoder. For detailed description of GRU encoder
please refer to §2.3.1. Consider a news article containing n sentences and each sentence
contains 7" words. A sentence consists of word tokens wy, t € [0,7T] where every word is
converted to a real valued word vector x;; using the pre-trained embedding matrix W, =
R>WVI x;, = W,owy, t € [1,T] where d is the embedding dimension and V is the vocabulary.
The embedding matrix W, is fine-tuned during training. We encode the sentence using
a bi-directional GRU (bi-GRU) that summarizes information in both directions along the
sentence to get a contextual annotation of a word. In a bi-GRU the hidden state at time step

t is represented as a concatenation of hidden states in the forward and backward direction.
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B NTYL
The forward GRU denoted by GRU processes the sentence from w;; to w;r whereas the

%
backward GRU denoted by GRU processes it from w;r to w;.

Xit = WeW;y (3.1)
by = GRU (x;1, hie_1., 6) (3.22)
—
hit = GRU(XZt, hi(t+1)a 0) (3213)

—>
Here the word annotation h;; is obtained by concatenating the forward hidden state h;; and

the backward hidden state E

3.2.2 Intra Sentence Attention

Event triggers should be given in a sentence should be assigned higher weight than other
words while computing a sentence representation. Since an event related trigger can occur
anywhere in a sentence we choose the global attention mechanism [60] in which the sentence
representation is computed by attending to all words in the sentence. Let h;; be the anno-
tation corresponding to the word x;;. First we transform h;; using a one layer Multi-Layer

Perceptron (MLP) to obtain its hidden representation u;.
u;; = tanh(Wyhy + by,) (3.3)

We measure the importance of word by computing an alignment score of u; to a word level

context vector u,, using a bilinear model:

fir = uf, Wiuy (3.4)
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Here, W; is a bilinear projection matrix, u,, is randomly initialized and jointly learned with
other parameters during training. Similar to Yang et al. [96], u, can be seen as a high
dimensional representation of the fixed query ‘What is the informative word. u, € IR/,

u; € R?" and W, € R>?,

The attention weight for the word x;; can be computed through a softmax function.

exp(fit)

i S eap(far) (3:5)

The attention distribution above usually focuses on a specific component of the sentence,
like a special set of trigger words or phrases. So it is expected to reflect a component of
the semantics in a sentence. To capture richer sentence representations we use a multi-head
attention mechanism. However, since this mechanism is deeper in the hierarchy and the
word attention weights will only be trained via document-level supervision it is important
for this module to be lean. For this, we use the low-rank multi-head attention mechanism,
LAMA proposed in the previous chapter. Concretely, the multi-head attention matrix for

the sentence ¢ can be obtained using Eq. 2.13.

A; = softmaz(12(tanh(PTC, o QTHT))) (3.6)

Here, H; = (h;;, hy, ...h;p) is a matrix of all word annotations in a sentence; H; € IR7*?",
P and Q are parameters of the model and C, is context matrix, the rows of which is the
word-level context vector u,. Let A; = [ay; aus;...aur]; A; € R™T and each Q;j is a
column, be the multi-head attention matrix for the sentence. The sentence representation

corresponding to one head j given by ay; = [ay1, o, ..ajr] corresponding to a row in A;,



52 CHAPTER 3. EVENT DETECTION

can be computed by taking a weighted sum of all word annotations.

T
Sz’j = Z hzk * Ok (37)
k=1

Similarly, sentence representation can be computed for all heads and is given in a compact
form by:
S, = AH, (3:8)

Here S; € R™*?" is a matrix sentence embedding and contains as many rows as the number
of attention heads. Each row contains a sentence representation corresponding to a different

attention head. This matrix can be flattened by concatenating all rows for further processing.

3.2.3 Intra Document Attention

News articles consist several sentences with a few of them being event extents and the rest
describing supporting facts. The event extents should be assigned higher weights while com-
puting document representation. Instead of hard selecting top K sentences and aggregating
their probabilities as in prior instance-level MIL approaches such as [92] we use the global
attention mechanism over the sentence annotations to get the document representation.
Specifically, given a document containing sentence embeddings {si, ..., s;, ..., 8,,} where each
s; is a flattened representation of the matrix sentence representation S; as given by eq. 3.8

we get the document vector as follows.

HZ = GRU(S“ hi—l; 9) (393)
E = GRU(S“ hi+1, 0) (39b)
b, = {h, I} (3.9¢)
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The sentence annotation h; is obtained by concatenating the forward and backward hid-
den representations of the bi-GRU. Document representation is obtained by attention over
sentences.

u; = tCL?’Lh(VVShZ + bs); (310&)

exp(uluy)
o = =t
Z; exp(uluy)

d=>ah; (3.10¢c)

(3.10Db)

Here ug, the sentence level context vector, is randomly initialized and learned along with
other model parameters while training and d is the document representation that summarizes
all the information in the article. Given the document representation, we use a two hidden

layer MLP with dropout to get the class scores.
j=W.d+b.. (3.11)
Loss for the document is computed using the standard cross entropy.

I =—(ylog(g) + (1 — y)log(1 — 7)) (3.12)

The sentence embedding given by eq. 3.8 can suffer from redundancy issues if the attention
mechanism always provides similar weights for all the m aspects. To attend to a small
set of trigger words in each aspect and to encourage diversity in different aspects we use

penalization as described by Lin et al. [54] that is added to the loss:

Y

n

P

(3.13)
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Where ||.||» stands for the Frobenius norm of a matrix and the summation is taken over all

sentences in the document. The final training loss is given by:
L=>) 1+AP (3.14)
d

The summation is taken over all the documents in the batch and A is a hyperparameter. We
use the mini-batch stochastic gradient descent algorithm [38] with momentum and weight
decay for optimizing the loss function and the backpropogation algorithm is used to compute

the gradients.

Hyperparameters

We use a word embedding size of 100. The embedding matrix W, is pretrained on the

2 implementation of the widely used distributed representations

corpus using the gensim
model word2vec [66]. All words appearing less than 5 times are discarded. The GRU hidden
state is set to h = 50. In LAMA the dimension of u; is given by the dimension of the GRU
hidden state, but the dimension of u, can be tuned. Empirically we find that setting the
dimension of u,, to 32 gives us the best results. We set the classifier MLP hidden state to
512 and apply a 0.4 dropout to the hidden layer. We use a batch size of 64 for training and

an initial learning rate of 0.05. For early stopping we use patience = 5.

Zhttps:/ /radimrehurek.com/gensim/
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Figure 3.2: An illustration of the model architecture. The LAMA component is used at the
word level to get the matrix sentence embedding.

3.3 Experiments

3.3.1 Datasets

To evaluate our approach we use three event datasets - (i) the Civil Unrest Gold Standard
Report labeled manually by analysts from MITRE corporation for the experimental evalu-
ations [76]. It contains encodings of civil unrest events from 10 Latin American countries
in Argentina, Brazil, Chile, Colombia, Ecuador, El Salvador, Mexico, Paraguay, Uruguay,
and Venezuela. The encodings are obtained from major national newspapers as identified
by 4imn.com. It contains a total of 24,110 news articles out of which 18% mention a protest

event while the rest are non-protest articles. All the articles are in Spanish and we refer
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to this dataset as CU (Spanish) (ii) The AutoGSR dataset — This dataset comes from the
Embers AutoGSR system [78] which is a web based system that generates validated civil
unrest events extracted from news articles. It contains a total of 32,019 news articles out of
which 18% describe protest events (protest articles) and the rest do not describe any protest
events (non-protest articles). We refer to this dataset as CU (English). For each protest
article, the CU English & Spanish datasets contain the population type and protest event
type. The population type indicates which class of population are involved in the protest

and the event type indicates the main reason behind the protest. These are listed in table

3.1.

Table 3.1: First row indicates population classes participating in a protest in the CU dataset.
Second row indicates the causes of protest.

General Population, Business,Legal, Labor, Agricultural, Education,

Event Population Medical, Media

Government Policies, Employment and Wages, Energy and Resources,

Event Type Economic Policies, Housing

Finally, we evaluate on iii) the Military Action and Non-State Actor (MANSA) GSR dataset
which is in English and Arabic. This contains event encodings from gulf countries namely,
Bahrain, Egpyt, Iraq, Jordan, Lebanon, Qatar, Saudi Arabia and Syria. The event types
include ‘Military Actions’ (MA) which are actions by military, police, or security organiza-
tion and ‘Non-State Actor’(NSA) which are actions initiated by non-governmental groups or
individuals to further political, social, religious or ideological objectives. These events are
encoded from news articles collected from the web and print media. Event collection tech-
niques include Google Advanced Search (limited to the newspaper website), Nexis queries,
and THS Janes. Google Advanced Search is used to collect events in online media. Nexis
and THS Janes are used to collect events in print media. About 34% articles describe an

event and rest are non-event articles. We refer to this dataset as MANSA dataset. MA &
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Table 3.2: Dataset statistics. Total number of news articles, average number of sentences
per article and average number of words per article in the datasets.

Datset # articles +# sents # words
MANSA 1,05,858 6.3 250.3
CU Spanish 24,110 11.4 337.1
CU English 32,019 10.1 358.2

Table 3.3: Various baselines and their key characteristics.

Feature | hierarchical key key bilinear multi-aspect
Method words sents attention attention
MICNN v X v X X
MIGCNN v v v X X

HAN v v v X X

BSA v v v v X

HSA v v v X v
LAMA v v v v v

NSA events are further divided into subtypes. In this work we combine NSA & MA events

together for detection. Please refer to table 3.2 for the overview of our datasets.

3.3.2 Comparative Methods

Table 3.3 shows the different approaches that were evaluated in this study along with their
key characteristics. CNNs within a multiple instance learning (MIL) framework have been
used by Wang et al. [92]. We consider the MI-CNN model proposed by Wang et al. and
its variants as our baselines. The MI-CNN approach first constructs a sentence vector by
applying convolution in the temporal dimension followed by k — maxpooling. Then a doc-
ument vector is formed from sentence vectors in a similar way. Instance representation for
each sentence is constructed by concatenating the sentence representation and the docu-

ment representation. Finally probabilities at instance level are estimated and aggregated to



58 CHAPTER 3. EVENT DETECTION

Table 3.4: Results Event Detection. LAMA refers to the proposed model. BSA refers to the
Bilinear Single-aspect Attention mechanism presented in eq. 3.4, MI-GCNN refers to our
MIL model, where the CNN encoder is replaced by the RNN encoder followed by simple dot

product attention to extract key words. HAN, HSA & MI-CNN are other baselines.

Dataset Method Precision (std.) Recall (std.) F1 (std.)
MI-CNN (Wang et al.) | 0.731 (0.012) 0.785 (0.004)  0.686 (0.021)
ML-GCNN (Ours) 0.793 (0.003)  0.622 ( 0.013)  0.697 (0.007)
HSA (Lin et al.) 0.733 (0.001) 0.823 (0.009)  0.775 (0.003)

MANSA HAN (Yang et al.) 0.740 (0.007)  0.831(0.007)  0.783 (0.004)
BSA (Ours) 0.737 (0.007) 0.834 (0.003) 0.782 (0.003)

LAMA (Ours)

0.747(0.003)

0.831 (0.003)

0.787(0.002)

MI-CNN (Wang et al.)

0.742 (0.036)

0.813 (0.041)

0.775 (0.006)

MI-GCNN (Ours) 0.834 ( 0.011) 0.721 (0.009)  0.773 (0.005)
HSA (Lin et al.) 0.763 (0.009) 0.745 (0.016)  0.754 (0.011)
CU (Spanish) | HAN (Yang et al.) 0.811 (0.011) 0.775 (0.011)  0.793 (0.005)
BSA (Ours) 0.812 (0.015) 0.779 (0.011)  0.795 (0.007)
LAMA (Ours) 0.816 (0.017) 0.784 (0.010)  0.800 (0.008)
MI-CNN (Wang et al.) | 0.824 (0.01)  0.644(0.009)  0.723 (0.009)
MI-GCNN (Ours) 0.815 (0.006) 0.68 (0.017)  0.742 (0.011)
HSA (Lin et al.) 0.746 (0.008) 0.710(0.017)  0.727 (0.010)
CU (English) | HAN (Yang et al.) 0.779 (0.012) 0.746 (0.024)  0.762 (0.015)
BSA (Ours) 0.786 (0.008) 0.757 (0.007) 0.771 (0.006)
LAMA (Ours) 0.785 (0.006) 0.745 (0.007)  0.764 (0.005)

compute the document level probability. This model extracts key sentences but does not
extract trigger words from the document nor attends to those words while constructing a
sentence representation. In our first baseline we replace the convolutional sentence encoder
by a GRU sentence encoder followed by a simple attention mechanism that attends to words
while constructing a sentence representation. We refer to this model as MI-GCNN and it

extracts both trigger words and key sentences.

Since, the proposed model is a multi-aspect attention mechanism, we compare it with another
multi-aspect attention mechanism proposed by Lin et al. [54]. We refer to as Hierarchical Self
Attention (HSA) where we replace the word-level attention mechanism by the Self-Attentive

mechanism proposed by them.
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We also evaluated the Hierarchical Attention Network (HAN) model proposed by Yang et.
al. [96], which attends to both trigger words and keys sentences while constructing sentence
and document representations respectively but it only consists of a single aspect attention

mechanism at both levels.

Finally, we replace the word level attention in the HAN model with the bilinear attention
mechanism given by eq. 3.4. Having bilinear attention not only enables the model to learn
better pairwise similarity between the word level context vector u,, and the the word hidden
representations u;; but it also gives us the flexibility to vary the dimension of u,. We refer

to this model as Bilinear Single Aspect Attention model (BSA).

We compare the performance of these models with the proposed model(LAMA). In all the
datasets, the event class is a rare class and hence we report the precision, recall and F1
score of that class for the test set. For each dataset we trained our model using 5-fold
cross-validation with an 80/20 train/test split and employed early stopping. Models took
less than an hour on a single Tesla P100 GPU to train. In our experiments all models were

implemented using the Pytorch? open source framework.

3.4 Results

3.4.1 Event Detection

Table 3.4 reports the performance of our models compared to the baseline approaches. On av-
erage, the proposed model outperforms the instance-level MIL-based MICNN and MIGCNN
models by 14.2 % & 12.9% on MANSA, 32.2 % & 3.5 % on CU Spanish and 6.6% & 3.9%

on CU English datasets respectively. The proposed model also outperforms HAN across

3https://pytorch.org/
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the three datasets. Moreover, unlike HAN our model attends to different aspects while con-
structing a sequence representation, which results in an increased model size due to added
parameters. One key aspect of our model is the ability to tune the dimensionality of the
word level context vector u,,. We find that models with [ < 2h where [ is the dimension of
u,, and 2h is the dimension of the word hidden representation tend to outperform models
with [ > 2h. The LAMA model is forced to learn a more compact representation of the

word-level context vector and thus, retains only the most relevant information.

LAMA also outperforms HSA on CU English, CU Spanish & MANSA datasets by 5.1 %,
6.1 % and 1.5% respectively. Moreover our attention mechanism uses fewer parameters than

the Self-Attentive model proposed by Lin et al. [54].

We also observe that the simple bilinear attention models outperform the dot product based
attention models in HAN. For the CU English dataset, the BSA approach outperforms HAN
& MIL-based baselines by 1.2% and 6.4% & 3.9% respectively. For the CU English and CU
Spanish datasets we set | = 2h, whereas for MANSA dataset we set [ = 64. These values

were empirically found to perform best on the corresponding datasets.

3.4.2 Event Probabilities

For event encoding it is important that models have a high precision otherwise it may lead to
false-positives and incorrect representations. This is also an issue with traditional detection
approaches that detect events based on occurrence of certain set of trigger words from a
pre-curated list, without taking into account the sentence context or relationship between
different entities. Hence, it is important for the models to assign a high confidence to
positive articles and a low confidence to negative articles. We present a distribution of event

probabilities assigned to the positive articles by the LAMA, HAN and MICNN models for the
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Figure 3.3: Comparison of event probabilities assigned by LAMA, MICNN and HAN on
the CU English, Spanish and MANSA datasets. We can clearly see that mean probability
is greater for LAMA in all the datasets for the event class. This depicts that LAMA is
usually more confident than other methods in classifying the event articles. We also observe
MANSA dataset contains some outliers (shown in red dots at the bottom).

test sets for all the three event datasets in Figure 3.3. We observe that generally the average
probability assigned by LAMA is higher than MICNN and HAN confirming our hypothesis
that having multi-aspect attention for each sentence increases the model confidence for a

positive article.
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Figure 3.4: Event Extraction accuracy for event type detection and population class detection
from key sentences extracted by different models. LAMA outperforms all the methods.

Table 3.5: Event Visualization. Green color highlights refer to Event Type keywords, Pink
Color highlights refer to Population Keywords and Yellow Color highlights refer to Protest
Related Keywords. These are top attended key words by an attention-based classifier picked
from the top sentences selected by our model indicating that our model picks the most
informative keywords.

Sentence Population Class Event Type

congress and left workers at a rally in kolkata to protest against

post in the state Labor Government Policies

however traffic was affected in certain pockets within the city limit

owing to road picketing members of - unions staged

demonstration picketed roads and attempted rail roko to show their

protest against the central government Labor Employment & Wages

traffic movement in and around majestic area was disrupted for several

hours following a rally organized by karnataka rajya raitha sangha

demanding - for the poor and landless farmers the rally comprising
over 5,000 members was flagged off by freedom fighter doreswam Agriculture Energy & Resources

hundreds of teachers of delhi university took to the streets on friday
again to protest a university grants commissions
that could lead to around 5,000 temporary teachers losing their jobs Education Employment & Wages

Rawalpindi: The residents staged a protest demonstration against

prolonged _ and blocked Adiala road yesterday. The

commuters and pedestrians faced hardships and vehicular movement

remained suspended for many hours as violent protestors placed trolleys

and trucks in the middle of the road. According to details a large

number of residents... General Population Energy & Resources

dalit organizations have called for a bandh on wednesday to protest
the brutal thrashing of the _ youths in una Ethnic Government Policies
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3.4.3 Event Extent and Trigger Extraction

One of the advantages of our approach is the ability to identify key sentences and trigger
words. Sentences and trigger words with high attention weights can be used to enhance the
recommendation models of semi-automated event encoding systems such as AutoGSR [78§]
and also increase the efficiency of human encoders. In this section we demonstrate how we
use the event extents or the key sentences identified in the event detection stage to extract
more relevant information about the event such as ‘who’ and ‘why’ of the event. Specifically,
we demonstrate the use of our model to identify the population class and the event type
from the summaries of the articles for the Civil Unrest (English) dataset. Each trigger
word corresponding to the event type and population class might have multiple references
throughout the article but might not be contributing to the event. Our hypothesis is that the
key sentences extracted by our model would be more informative of event related information

and hence would do a better job in identifying the relevant mentions.

3.4.4 Event Attribute Extraction

In the previous section we saw how we can extract event extents and triggers. In this section,
we look into how we can extract event attributes such as population type and event type

from the extracted event extents.

For a subset of articles in the CU English dataset, we have labels for the population type
that participated in the protest, and the type of event. The population classes corresponding
to one of the 11 classes are listed in Table 3.1, including ‘Education’; ‘Labor’, ‘Legal’ etc.
The event type refers to the cause of the event and belong to one of the 5 event types like

‘Government Policies’, ‘Economic Policies’ etc. listed in Table 3.1.

Each news article is first summarized by selecting K; sentences based on the article length,
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where K; is dynamically computed as K; = max(1, [z;] * ) where 7 is a predefined value
in (0,1]. We set n = 0.3 which selects top 2 or 3 sentences from each article. Our goal is to
predict the population class and event type labels from the summary of the article. This is

a multi-class classification problem and we pick the HAN classifier for this task.

We train all models using 3-fold cross-validation with early stopping and use the same set of
hyperparameters as for detection. Performance is evaluated based on the summaries chosen
by our model against other baselines. We compare this approach to the following baselines:
(i) Random, where we randomly select K; sentences from an article as our summary. (ii)
Start/End; News articles tend to organize key information in the beginning and end of the
article so another baseline uses K? sentences from the top and K? sentences from the bottom
of the article. (iii) MI-CNN We use the top K sentences ranked by the MI-CNN model and
the HAN models as other baselines. Figure 3.4 shows the accuracy of the classifier trained on
LAMA summaries vs. baselines. Classifier trained on LAMA summaries outperforms other

baselines indicating that our model picks the most informative key sentences containing event

related information.

For qualitative visualization we highlight the words assigned the highest attention weight in
each sentence, by the binary attention-based classifier, the protest classifier and the popu-
lation class classifier in Table 3.5. The words highlighted in pink indicate the population
specific words, the words highlighted in yellow show the protest trigger words and the words
highlighted in green show the protest type specific words or the ‘why’ of the event. As can
be seen in Table 3.5 words such as ‘teachers’ for education population, ‘residents’ for general
population, ‘workers’ for labor population indicating the ‘who’ of the protest are assigned
the highest attention weights. The event type classifier attends to the words indicative of
the reason for protest such as ‘poll violence’ for Government Policies, ‘trade’ for Employ-

ment and Wages, ‘power outages’ for Energy and Resources. The event detection classifier
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overwhelmingly attends to protest trigger words such as ‘protest’, ‘rally’, ‘strikes’, ‘demon-
strations’. Tables 3.6 and 3.7 give a complete list of top 5 triggers attended from event

spans extracted by LAMA for population type and protest type of the event.

3.4.5 Transfer Learning for Attribute Extraction

Inspecting Tables 3.6 and 3.7 it can be seen that population and protest type identification,
both these tasks share common features. For instance. Employment and Wages(protest
type) and Education (population type) both have the common feature “teacher”, Housing
(protest type) and Media (population type) have the common feature “policemen” and Legal
(population type) and Government Policies (protest type) share the feature “advocates”
This alludes to the fact that there is correlation between a few of these categories between
both these tasks. To help our models pick up on this correlation we experiment with transfer
learning where we first train a model on one task only and then initialize layers of the model
for second task by the trained weights of the first task. Finally we finetune all the layers of
the model for the second task till convergence. For both tasks we use the HAN model trained
on top — K sentences extracted by the LAMA model. The results are indicated in Table 3.8.
When sentence GRU layers are transferred from the population type prediction model to
protest type prediction model we find that we get the most performance improvement(1.1%)
over no transfer learning. When we perform the reverse transfer i.e. transfer sentence GRU
layers from trained protest classifier to population type classifier we find that the performance

decreases.
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Table 3.6: Top triggers extracted from sentences extracted by LAMA for each population
type.

Media Medical Legal Agriculture Labor Religious  Education Ethnic
. Doctors Advocates Workers Hindu

Journalists . . Students Maratha

. Medical Lawyers Farmers Employees Muslim .
Police . . Teachers Dalit

. Nurses Bar Raitha Trade Catholic
Assistant . . . DU Jat

. Patients Madras Kisan Congress Christians .
policemen . . . Parents Tribal

Pharmacies court unions Bishops

Table 3.7: Top triggers extracted from event spans extracted by LAMA for each protest
type.

Housin Energy Employment Government Economic
& &Resources & Wages Policies Policies
Compensation Cauvery pay advocates price
. Land teachers
Violence Suppl salaries government  bank
Evacuation PP BJP liquor
) Power Congress
Policemen arrest loan

Karnataka  Union

3.5 Related Work

In event extraction supervised approaches usually rely on manually labeled training datasets
and handcrafted ontologies. Li et al. [51] utilize the annotated arguments and specific key-
word triggers in text to develop an extractor. Supervised approaches have also been studied
using dependency parsing by analyzing the event-argument relations and discourse of event
interactions [64]. These approaches are usually limited by the availability of the fine-grained
labeled data and required elaborately designed features. Different from these approaches our
method uses attention mechanism to implicitly weigh words and sentences and is able to
extract the event extents and trigger words with labels only at the document level. This for-
mulation is suitable because labels at document level are easier to obtain than per-sentence
level or word level. This makes the task of event extraction also amenable to Multiple In-

stance Learning (MIL) [21] solutions. In MIL ‘bags’ are groups of ‘instances” which are to
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Table 3.8: Results of transferring different layers of the HAN model trained on the Population
Type prediction task to Protest Type prediction task. For protest type prediction different
layers as list in the first column were initialized from the corresponding weights in the
population type model followed by finetuning the model.

Transferred Layer Accuracy

No Transfer Learning 81.5 %
word GRU layers + sentence GRU layers 81.0 %
sent GRU layers + sentence attention layers 81.9 %
sent GRU layers + word attention layers 82.3 %
sent GRU layers 82.4%

be classified. In standard MIL formulation individual instance level labels are not available
and labels are provided only at the group/bag level. Each bag is labeled positive if it con-
tained at least one positive instance and negative otherwise. Kotzias et al. [45] focus on
instance-level predictions from group level labels and allow for the application of general
aggregation functions for sentiment classification. Wang et al. [92] use a similar idea and
have the previous state-of-the-art results on one of the datasets we evaluate on. Contrary to
these approaches our method is hierarchical and computes the feature representation for the
next level in the hierarchy using a weighted average of feature representations in the current

layer [84].

3.6 Discussion

In this chapter, we presented a framework for event detection and extraction. We used hi-
erarchical attention based models for the task because of their ability to attend to words
and sentences while constructing sentence and document representations respectively. With
the hierarchical models we used our proposed LAMA mechanism which computes multiple

attention distributions over words which leads to contextual sentence and document rep-
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resentations. Our results showed that this mechanism performed better than several other
approaches and especially single-head mechanisms that miss out on the context because
there is only one attention distribution. We saw how LAMA extracted event-spans were the
most informative for population and protest type prediction. Finally, we saw how transfer

learning between related tasks can help improve subtask results.



Chapter 4

Event Extraction

In the last chapter, we saw how we can use hierarchical attention-based models for event
detection(§ 3.2) and event extent and trigger extraction(§ 3.4.3). In this chapter, we look
into event extraction. Specifically, we propose a solution to address the long-range depen-
dency problem in event extraction systems introduced in Section 1.5. We first motivate the
paradigm of MRC-based event extraction(§ 4.1), then we propose a context simplification
algorithm(§ 4.2.1) to mitigate the long-range dependency problem and finally we present the

results in Section 4.5.

4.1 Introduction

Traditional methods of event extraction rely on techniques such as syntactic parsing, inducing
frame-roles etc. Recent successful approaches to event extraction are based on dense features
extracted by neural models [13, 56, 69] as well as contextualized lexical representations
from pretrained language models [88]. These approaches also however, rely on pipeline
entity extraction systems for argument extraction which result in error propagation from

downstream tasks.

On the related task of semantic role labeling, to alleviate the need for predefined frames or
thematic role ontologies, researchers have proposed to formulate it as a question answering

task [30]. For each predicate in the sentence, they propose to label it with a question/answer

69
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TARGET

) ) o ) Q-Actor | Who sued someone?
A businessman detained for his links to disgraced army Q-Target | Who was sued by

general Xu Caihou has been sued by his former employees.

. - someone?

PREDICATE ACTOR

Figure 4.1: An example of an event of the type ‘Bring lawsuit against’ from the ICEWS
dataset (left). A generated QA record for that event (right).

pair. For example, the verb “propose” in the previous sentence would be labeled with the
questions “What is proposed?”, and “Who proposed something?”, each paired with the

phrase from the sentence that gives the correct answer.

Moreover, great progress has been made recently in reading comprehension facilitated mainly
by the success of large pretrained language models such as BERT [17] and its variants [48, 57].
These independent developments make an appealing case for modeling event extraction as a
span-based extractive reading comprehension (MRC) task. Besides alleviating the problem
of error propagation due to pipeline systems MRC systems can also be used as zero-shot
event extractors. Figure 4.1 gives an example event from the ICEWS dataset(§ 4.3) and the

corresponding QA-record generated for that event.

In the recent past, a few studies have attempted to model event extraction as a MRC
task [26, 55]. The input to the MRC model is the event extent and a question corresponding
to each argument and the task is to extract a span from the sentence as an answer to that
question. These approaches mainly focus on generating questions corresponding to different
argument roles that adapt to the context. The aim of these studies is to generate questions
that take background information from context into account and create an overlap between
the tokens in the context and the question. However, these systems may still result in

non-natural, syntactically incorrect questions.

Recent studies have also observed that MRC-based event extraction systems struggle from
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the long-range dependency problem where there is a large distance between a trigger word
and its argument in terms of number of words. For instance, Liu et al. [55] observe that one
typical error from their MRC-based extraction system is related to long-range dependency
between an argument and a trigger, accounting for 23.4% errors on the ACE-2005 event
dataset [24] (here “long-range” denotes that the distance between a trigger and an argument
is greater than or equal to 10). Du and Cardie [26] observe that one of the failure modes
of their extraction system is sentences with complex sentence structures containing multiple

clauses, each with trigger and arguments (such as when triggers are partial or elided).

Moreover, scaling event extraction to new domains is challenging due to difficulty in collecting
good quality labeled training data. MRC-based event extraction offers a promising way

forward by enabling zero-shot event extraction.

In this chapter, we first propose a method for generating questions grounded on the event
type for extracting event argument roles. Next, to mitigate the long-range dependency
problem in MRC-based EE systems and to make sentences syntactically less complex we

propose an unsupervised sentence simplification approach.

Our premise is that MRC models will benefit from simple sentences and reduced syntactic
complexity and perform better or on par on simple sentences as compared to original sen-
tences. To reduce the complexity and to perform simplification we propose an unsupervised
approach that is guided by a scoring function that incorporates syntactic fluency, simplicity
and the performance of the MRC model. Moreover, we seek to investigate if the simpli-
fication model can be guided by the said MRC model in a reward-based framework. Our
analysis sheds light on the brittleness of ubiquitous models such as BERT. Specifically, we
find that language prior can still help the models answer questions without having the com-
plete details in the context. We perform follow-up analyses and show that simplification can

be controlled based on desired factors such as preference for high performance for a certain
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argument role. Figure 4.2 gives an overview of the proposed approach.

—

}|Syntactic LM
J

Input Sentence:
P v < Simplified Sentence:
Simplification
Algorithm

Baghdad security source said
unknown gunmen assassinated an
employee working in the secretariat
of Baghdad near her home in ur
district northeast of Baghdad

unknown gunmen assassinated
an employee working in the
secretariat

MRC

system unknown gunmen assassinated —an

Q-Actor: Who assassinated someone? . -
employee working in the secretariat

Q-Target: Who was assassinated by
someone?

Actor: gunmen
Target: employee

Figure 4.2: Proposed approach.

4.2 Methodology

Reading comprehension models can be brittle to subtle changes in context. They can be
thrown-off by syntactic complexity, especially when the questions are not specific and do
not include words overlapping with the context. Moreover, long range dependencies between
the trigger/predicate and the argument can also throw the model off. For this purpose,
we propose an MRC-guided unsupervised sentence simplification algorithm (RUSS), that
iteratively performs deletions and extractions from the context in search for a higher-scoring
candidate. The score function incorporates components that ensure sentence fluency, infor-

mation preservation and the confidence of the target MRC model.

The algorithm assumes that an event has been detected in the sentence and the task is
to identify the arguments of the detected event. For instance, for the example shown in

Fig. 4.1 the task is to identify the arguments ‘Actor’ and ‘Target’ of the event ‘Bring lawsuit



4.2. METHODOLOGY 73

Table 4.1: Table lists the ICEWS event types used and their corresponding predicates that
were identified for generating question templates.

Event Type Predicates

Abduct, hijack, or take hostage kidnapped, abducting, abducted, captured

Accuse blame, blaming, accused, alleged, accusing
Apologize apologize, apology

Assassinate carried out assassination of, assassinate

Bring lawsuit against is suing someone, sued, has sued, filed a suit against
Demonstrate or rally condemn, protest, demonstrate

arrested, sentenced, detained, nabbed, captured, arresting,
capture, jailed, routinely arrested, prosecuted, convicted
Use conventional military force killed, shelled, combating, shells, strikes, strike, kill

Arrest, detain, or charge with legal action

against’. The algorithm also assumes that QA pairs corresponding to each argument role to
be extracted are available. The QA generation procedure for the dataset used for evaluation
is outlined in section 4.3.1. For the RUSS algorithm we assume that we have a record that
contains a question for each argument role for an event in a sentence. Input to RUSS is
a sentence(event extent) and a question corresponding to each argument to be extracted.

RUSS outputs a simplified sentence.

4.2.1 Unsupervised Context simplification

Given an input sentence s and a list of questions {qi,...,¢,} corresponding to different
arguments, our algorithm iteratively performs deletions and extractions in search for a higher-
scoring candidate and outputs a simplification c¢. For generating candidates, the algorithm
first obtains the constituency parse tree of the context using a span-based constituency
parser [36]. It then sequentially performs two operations on the parse tree — deletion and

extraction.
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Deletion

In this operation, the algorithm sequentially drops subtrees from the parse tree corresponding
to different phrases. Note that the subtrees with the NP (Noun-Phrase) label are omitted
because it is expected that many entities will be noun phrases and deleting them from the

sentence would result in significant information loss.

Extraction

This operation simply extracts a phrase, specifically corresponding to the the S and SBAR
labels as the candidate sentence. This allows us to select different clauses in a sentence and

remove remaining peripheral information.

These operations generate multiple candidates. Candidates with fewer than a threshold of
t words are filtered out. We heuristically determine ¢ = 5. From the remaining candidates,
a highest-scoring candidate is chosen based on the score function described in the next sec-
tion(§ 4.2.2). The algorithm terminates if the maximum score assigned to a candidate in
the current iteration does not exceed the previous maximum score. The simplification algo-
rithm RUSS is outlined as Algorithm 1 and the candidate generation algorithm is outlined

as Algorithm 2.

4.2.2 Scoring function

We score a candidate simplification as a product of different scores corresponding to fluency,

simplicity and its amenability to the downstream MRC model.
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Algorithm 1 Context Simplification Algorithm — RUSS

Input: sentence := s, questions = {q1, ..qn}
Output: simplification := ¢
Function RUSS(s):
maxlter < M
for iter € maxlter do
candidates < generateCandidates(c)
scores + ()
maxScore < 0
for cand € candidates do
‘ scores <— scores U v * ygmity KV oa 11 Vpeli

end
currMaz < max(scores)

if currMax > maxzScore then
maxScore < currMax

¢ « candidates|argmax(scores)]

end

end
return c

LM Score (V)

This score is designed to measure the language fluency and structural simplicity of a candi-
date sentence. Instead of using LM-perplexity we use the syntactic log-odds ratio (SLOR) [10,
70] score to measure the fluency. SLOR was also shown to be effective in simplification to
enhance text readability [37, 46]. Given a trained language model (LM) and a sentence s,

SLOR is defined as

SLOR(s) = ’i’(ln(PLM(s)) ~ In(Py(s)) (4.1)

where Ppy is the sentence probability given by the language model, Py(s) =[], c, P(w) is
the product of the unigram probability of a word w in the sentence, and |s| is the sentence
length. SLOR essentially penalizes a plain LM’s probability by unigram likelihood and the
length. It ensures that the fluency score of a sentence is not penalized by the presence of
rare words. A probabilistic language model (LM) is often used as an estimate of sentence
fluency. In our work, instead of using a plain LM we use a syntax-aware LM, i.e., in addition

to words, we use part-of-speech (POS) and dependency tags as inputs to the LM [101]. For
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Algorithm 2 Candidate Generation Algorithm

Input: sentence := s
Output: candidates
Function generateCandidates(s):
parseTree < getParseTree(s)
toRemove + ()
extractions < ()
candidates < ()
phraseTags « getValidPhraseTags()
for pos € parseTree.positions do
if parseTreelpos] € phraseTags then
| toRemove < toRemove U parseTree[pos).leaves
end
if pos.label € [S, SBAR)] then
| extractions < extractions U parseTreelpos].leaves
end
end
for phrase € toRemove do
candidate <+ s.replace(phrase, ()
if candidate.length >t then
| candidates < candidates U candidate
end
end
for phrase € extractions do

if phrase.length >t then
| candidates + candidates U candidate

end

end
return candidates

a word w; , the input to the syntax-aware LM is [e(w;); p(w;); d(w;)], where e(w;) is the word

embedding, p(w;) is the POS tag embedding, and d(w;) is the dependency tag embedding.

Note that our LM is trained on the original train corpus. Thus, the syntax-aware LM helps

to identify candidates that are structurally ungrammatical.

Entity Score (Ventity)

Entities help identify the key information of a sentence and therefore are also useful in

measuring meaning preservation. The desired argument roles are also entities. Thus, if any

entity detected in the original sentence is omitted from a candidate the entity score for that

candidate is 0, else it is set to 1.
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Predicate Score (Vpeq)

This score preserves the event predicates in a candidate simplification. It checks if a candidate
contains any predicate of interest corresponding to the event detected (Table 4.1. If it does

not then v,,.4 is set to 0, else it is set to 1.

MRC Score (v;.)

Transformer-based MRC models can be brittle to subtle changes in context. To make the
context robust to the MRC model this score allows us to control the complexity of context
with respect to the confidence of the MRC model. It is computed separately for each role.
Each argument of an event is a span in the context. Vo, is the score of the best span
in the context for the argument role 7, where the score of a candidate span is defined as
ST, + E-T, where S € RH is a start vector and E € RY is an end vector as defined in
Devlin et al. [17]. T, and T}, are the final layer representations from the BERT model of the
2" and y'" tokens in the context. Note that for a valid span, y > . This score is computed
separately for each argument role (Actor and Target in Example 4.1). The importance of the

i'" role can be controlled by the exponent r;. The total contribution of each role is computed

as the product of score corresponding to each role, given by [] v/

TCrole; :

The final score of a candidate ¢ is computed as follows:

V(C) = Vlm(c)a * Vgntity(c) * V;red(c) * H V:‘i?mlei (C) (42)

Note that b,c can be either 1 or 0 since Vepury and vp,.q are binary. In later sections, we

evaluate how the simplification can be controlled by varying the constants r;’s.
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4.2.3 Reading Comprehension Model

For the supervised experiments we finetune a BERT-based reading comprehension model for
event extraction. Let ¢ = {q1,¢2,...q,} be the query and ¢ = {c1, cs,...c,} be the context.
First ¢ and c are jointly encoded to learn input representations by constructing a sequence
“[CLS)q|SEP]c” as input to BERT. Given the joint representation H? of ¢ and ¢, two
probability vectors containing the start and end positions of the answer over every position
in ¢ are computed.

pgtart = Softmax(H;Wstart) (43)

Pena = softmax(H;Wena) (4.4)

The score of a span i, j is given by pi,,, + pind. The highest scoring span is selected as the
answer with the constraint that the position of start index should be smaller than end index
lLe. 1< ].

We finetune all the layers of BERT with an initial learning rate of 3e-5 with the AdamW

optimizer [58] on four Nvidia V100 GPUs with early stopping and patience = 5.

4.3 Datasets

We evaluate RUSS on the ICEWS event dataset! from years 2013 to 2015. Event data con-
sists of coded interactions between socio-political actors (i.e., cooperative or hostile actions
between individuals, groups, sectors and nation states). Events are automatically identified
and extracted from news articles by BBN-SERIF (statistical Entity and Relation Informa-

tion Finder) encoder to identify triplets of type actor-subject-target from article text. Note

Thttps://dataverse.harvard.edu/dataverse/icews
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that SERIF is not publicly available. These triples consist of a source actor, an event type
(according to the CAMEO ? taxonomy of events), and a target actor. From the ICEWS
dataset, we aim to extract the Actor and Target roles for event types shown in Table 4.1.
We use the data from years 2013-2015 as train data and 2016 for test in section 4.5.3. See

Appendix for distribution of event types.

4.3.1 Question-Answer pair Generation

For the ICEWS dataset, we create one question template per predicate per event type for
each slot. For each event type we identified a list of most common predicates (triggers)
for that event type since trigger labels are not available in the ICEWS dataset. For exam-
ple, for ‘Demonstrate or rally’ event type the predicates identified are ‘condemn’; ‘protest’,
‘demonstrate’ and for ‘Accuse’ event type the predicates are ‘blame’, ‘blaming’, ‘accused’,
‘alleged’, ‘accusing’ Table 4.1 enumerates all of the ICEWS event types used and their
identified predicates. For each of the predicates identified for each event type we use one
question template for each of the two argument roles Actor and Target. For the Actor role,
the template used an active construction ‘Who $predicate$ someone? and for the same event
for the Target role the templated used a passive construction — ‘Who was $predicate$ by
someone?’. This results in 37,894 records with a sentence and two questions one each for the
Actor and Target roles respectively. The list of entities for the ICEWS dataset comes from

the ICEWS actors and agents dictionaries?®.

Zhttps://parusanalytics.com/eventdata/data.dir /cameo.html
Shttps://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/28118
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4.4 FEvaluation

We evaluate the performance of an MRC system before and after context simplification in the
cross-domain zero-shot setting. In this setting, we do not finetune a pretrained MRC model
with the generated QA dataset. Rather, the aim is to assess the model performance in a zero-
shot setting, without using any training data from the target domain whatsoever. We used
the pretrained BERT model finetuned on the SQUAD 2.0 dataset [75] and use the predictor
API provided here *. We further conduct follow-up analysis to study the controllability of
simplification by performing ablation analysis and assessing model performance for different
values of score component coefficients. For evaluation, we extracted the best span(s) and

computed an exact match F1 score [81] matching the span against the ground truth answer.

4.5 Results

The results of zero-shot extraction on the ICEWS dataset are layed out in Table 4.2. In
the baselines used, simplification is performed with score function exponents for v, as
a = 1.5 and Veptity as b = 1 held constant while varying c for vp,cq, 71 for veeor and ry for
Viarget- With no simplification we get F1 scores of 0.412 and 0.354 for actor and target roles
respectively. For the most basic setting for simplification with ¢ = 0, r; = 1 and 79 = 1 scores
improve by 4.6% for actor prediction to 0.431 and by 10.4% to 0.391 for target prediction
respectively which shows that simplifying context can still help a powerful model like BERT
in a cross-domain zero-shot setting. For actor prediction, out of 37,894 records we find that
for 10.99% records, F1 score improves after simplification, for 6.54% records F1 decreased
after simplification and for the rest the score remained unchanged. For target prediction,

for 17.4% records scores improve where as for 7.9% records the scores decreased and for the

“https://docs.allennlp.org/models/v2.4.0/models/rc/predictors/transformer_qa/
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rest of the records, the scores remained unchanged. After introducing the predicate score
(¢ = 1) we see that these improvements drop slightly. This is counter-intuitive, because
one would expect model performance to improve when relevant predicates are present in the
context. We attribute this behavior to the MRC model leveraging the language priors in the
training data to predict the answers. For instance, the model could predict the subject of

the predicate as an answer for ‘Who’ type of questions.

Next, we increase the coefficients of Actor and Target roles from 1 to 3. The reason why we
choose an odd number for this exponent is because sometimes for bad candidates the MRC
scores can be negative and since all the scores are combined in a multiplicative way, raising
a negative score to an even power would reverse the desired effect. Observing the results in
rows b & 6 of Table 4.2 we can see that percentage of sentences with similar scores before
and after simplification have increased. We can also observe that percentage of sentences
for which scores decrease after simplification have also decreased. We can conclude that by
raising the coefficients of role specific scores we can make the simplification models more
robust to inaccurate simplifications for those roles. We also observe, when r; = 3, we get the
highest F1 for actor prediction, an improvement of 5.6% over no simplification and for ro = 3
we can an F1 on-par with the highest obtained in row 2. Our results clearly indicate the
benefit of simplification over no simplification and also the gradual improvement in scores

when the argument coefficients 7, ro are varied from 0 to 3.

4.5.1 Long Range Dependencies

Fig: 4.3 shows the distribution of lengths of sentences before and after simplification.

Mean length of the original sentences is 32 words where as mean length of the sentences

after simplification is 22 words (row 2 setting). This indicates that simplification doesn’t
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Table 4.2: Results of zero-shot event extraction on the ICEWS dataset. v, coefficient
a = 1.5 and Ve coefficient b = 1 for all settings in which simplification is performed. A
+ve indicates the % of records for which F1 improves after simplification, A —ve indicates
the % of records for which F1 becomes worse after simplification and A same indicates the
% of records for which F1 remains unchanged.

Actor Target
Method F1 A +ve A —wve Asame | F1l A +ve A —ve A same

No simplification 0.412 - - - 0.354 - - -
c=0,r1=1,7r9=110.431 10.99% 6.54 % 82.45% | 0.391 17.35% 7.9% 74.9%
c=1,r1=0,7r0 =0 | 0.429 10.81%  6.57 % 82.61% | 0.390 16.54%  7.53%  75.93%
c=1,r1=1ro=110.424 10.5% 6.3 % 83.1% 0.387 16.29% 7.64% 76.05 %
c=1,r1=3,r1,=010.435 9.72% 5.67% 84.6% | 0.391 16.89% 7.97% 75.12%
c=1,r1 =0,79 =3 | 0.427 10.54%  6.95%  82.5% 0.391 16.12% 7.29% 76.59%

ST W N

make sentences too short as is intuitive because cutting relevant information would harm

the performance.

Let’s see if simplification has addressed the long-range dependency problem. We look at
statistics concerning the distance between the predicate and its arguments (Actor and Target)
for the setting ¢ = 0,7 = 1,ro = 1, that is, when the predicate score(v,..q) is not taken
into account. As Table 4.2 indicates for 11% of the records performance increases after
simplification. We find that for those records the average distance between the predicate
and its argument Actor is about 13 words and the average distance between the predicate
and target in the simplified context is about 10 words. For the argument Target the average
distance between the predicate and target is about 8 words for original and about 6 words

for the simplified context.

We see that RUSS cuts about 3 words for Actor prediction and 2 words for Target prediction
on an average. We conclude that a certain percentage of improvement comes from cutting
down the distance between the predicates and arguments hence mitigating the long-range

dependency problem.
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Moreover, we observe that actor prediction performance is better than target prediction.
This could be attributed to the fact that for sentences that are in active construction, the
subject of the predicate is a candidate for the actor and in active constructions the distance
between the predicate and its subject will be small. However, for a complex sentence a
clause or a phrase can occur between the subject and the predicate. In this case, the
distance between them increases and hence we expect the performance to go down. We
quantitatively verify this as follows — the average length in the simplification between the
actor and predicate for which the scores improve is about 7 words and for which the scores
decreases is about 8 words. Hence, whenever the distance between the predicate and actor

is large the performance tends to become worse.

Original Disambiguated
Context Type

Figure 4.3: The length distributions of sentences before and after simplifications.

4.5.2 Qualitative Analysis

Let’s look at some failure cases and some successful simplifications of the proposed method.
Table 4.3 lists some cases in which simplification helps MRC system perform better. In
the first example, the original context was “Islamabad prime minister Nawaz Sharif person-
ally apologized to the opposition today for what he called unfortunate comments made by

Chaudhry Nisar Ali khan against PPP’s Aitzaz Ahsan”, our model simplified the context
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to “Islamabad prime minister Nawaz Sharif apologized to the opposition today for what he
called unfortunate comments made against PPP’s Aitzaz Ahsan”. The question posed to the
zero shot MRC model was “Who is being apoloized to by someone” and the ground truth
answer is “the opposition”. For the original context the model extracts “Nawaz Sharif” as
the answer which is the wrong answer, whereas after removing the adverb “personally”, it
gets the correct answer. Note that this is decreasing the distance between the predicate
apologized from its argument Nawaz Sharif. We also observe that after removing “Islamand”
as well MRC model extracts the correct answer. This example highlights the brittleness
of the ubiquitous Transformer based models and underlines the need for the simplification
approach proposed. In the second example, MRC model extracts the closest noun “Xu Cai-
hou” as answer which is incorrect. simplification deletes the PP “to disgraced army general
Xu Caihou” aiding the MRC model in extracting the correct answer. Note that in this case
it was especially important to delete the above phrase due to the inherent ambiguity of the
construction. This case also highlights the limitations of the current MRC systems as the
system was not able to successfully associate employees with businessman and predicted the

NP closest to the predicate sued.

Error Analysis

From 6.54% records for which the score decreased after simplification (row 2 of Table 4.2)
for 39.5% records from those the prediction from the original context is a substring of the
prediction from the simplified context. This means that for some cases, both the original and
the simplified context facilitate the correct answer, rather it is the case that the answer from
the simplified context contains extra information for which it is penalized during F1 score
computation. For example consider the context “baghdad security source said unknown

gunmen assassinated an employee working in the secretariat of baghdad near her home in ur
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district northeast of baghdad” which after running the simplification algorithm is shortened

to “in—baghdad-security—souree—said unknown gunmen assassinated an employee working

in the secretariat

strikethrough text represents the text deleted by the proposed algorithm. For the question;
“Who was assassinated by someone?” when presented with the original context the MRC
model extracts “an employee” whereas after removing the strikethrough text, MRC model
extracts “an employee working in the secretariat”. The ground truth answer for this is
“employee”. As can be seen both answers are correct but the simplified contex is penalized for
extra words. Interestingly, such cases make up 48% of records for cases for which performance
improves after simplification. This is intuitive, because since context becomes shorter and
more precise after simplification and hence one expects MRC models to extract more precise

answers. The fact that this happens in 39.5% cases in the reverse scenario is surprising.

4.5.3 In-Domain Training

In sections 4.5.1- 4.5.3 we saw how RUSS improved zero-shot event extraction performance in
the cross-domain data augmentation setting. In this section, we consider the scenario when
we have labeled in-domain training data available and we wish to investigate if simplification
still helps improve performance when the MRC system has been finetuned on in-domain
data. We use the BERT-base-cased model [17] as our base model and finetune it on the
ICEWS train dataset. We finetune all layers as opposed to just the classification layer
as we observe large improvement in the former case as compared to the latter. We use
an initial learning rate of 3e-5 and use early stopping with patience = 5 to find the best
model. For training we use the ICEWS dataset from years 2013-2015 and the year 2016 for
testing. The QA generation procedure is described in section 4.3.1. There are total 75,788
(37,894 x2) examples for training and 5,906 (2,953x2) for test. BERT-MRC in Table 4.4
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Table 4.3: Qualitative examples of zero-shot performance of MRC model before and after
simplifying the context using the proposed algorithm. Underlined words are ground truth
answers, emphasized words are predicates(triggers) and strikethrough indicates that words
were removed by the algorithm.

Question  Who is being apologized to by someone?

Sentence Islamabad prime minister Nawaz Sharif personally apologized to the opposition today
for what he called unfortunate comments made against PPP’s Aitzaz Ahsan

Answer Nawaz Sharif

Simplified Islamabad prime minister Nawaz Sharif petsenally apologized to the opposition today
for what he called unfortunate comments made against PPP’s Aitzaz Ahsan

Answer the opposition

Question Who is being sued by someone?

Sentence Scmp a businessman detained for his links to disgraced army general Xu Caihou has
been sued by his former employees

Answer Xu Caihou

Simplified Semp-a businessman detained for his links to-disgraced-armygeneral Xu-Caihou has
been sued by his former employee

Answer businessman

Question  Who is being accused of something?

Sentence Thus after having attacked the two elected to his party ump Brice Hortefeux and
Claude Goasguen it was accused of pressure and insults. Rachida Dati has accused
Claude Goasguen to take to her because she had refused to sleep with him and this
during an altercation proved by the Canard Enchan.

Answer Rachida Dati

Simplified hus—alter-having attacked-the two-elected to-his partv—uwmp Bri eterx—and

i acecused—of pressure-and—insults: Rachida Dati has accused

Claude Goasguen to-taketo-her because she had refused to sleep with him and this
during an altercation proved by the Canard Enchan.

Answer Claude Goasguen

indicates the performance of the model on the original test set. We use the RUSS algorithm
to obtain simplifications of the test set. BERT-MRC-Simple indicates the performance of
the model on this simplified test set. It can be observed that simplification brings about an

improvement(1.4%) even on a model that’s finetuned on in-domain data.
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Table 4.4: Table shows the performance of a BERT-base-uncased model finetuned on in-
domain dataset. It can be seen that even after finetuning, RUSS approach improves model
performance (BERT-MRC-Simple).

Model F1

BERT-MRC 0.776
BERT-MRC-Simple 0.787

4.6 Related Work

Event extraction(EE) has been an active area of research in the past decade. In EE, su-
pervised approaches usually rely on manually labeled training datasets and handcrafted on-
tologies. Li et al. [51] utilize the annotated arguments and specific keyword triggers in text
to develop an extractor. Supervised approaches have also been studied using dependency
parsing by analyzing the event-argument relations and discourse of event interactions [64].
These approaches are usually limited by the availability of the fine-grained labeled data and
required elaborately designed features. Recent work formulates event argument extraction
as an MRC task. A major challenge with this approach is generating a dataset of QA pairs.
Liu et al. [55] propose a method combining template based and unsupervised machine trans-
lation for question generation. Du and Cardie [26] follow a template approach and show that
more natural the constructed questions better the event extraction performance. However,
none of these methods directly aim to address the long-range dependency problem using

simplification.

Automatic text simplification (ATS) systems aim to transform original texts into their lexi-
cally and syntactically simpler variants. The motivation for building the first ATS systems
was to improve the performance of machine translation systems and other text processing
tasks, e.g. parsing, information retrieval, and summarization [11]. In the context of extrac-

tion, Zhang et. al. [100] show that pruning dependency trees to remove irrelevant structures
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can improve relation extraction performance. Efforts have been made to incorporate syn-
tactic dependencies into models in an effort to mitigate this problem 2018, 2020, 2016.
Recently, Mehta et al. [65] have used sentence simplification as a preprocessing step for
improving machine translation. Edit-based simplification has been investigated to a great
degree to improve the readability of the text [2, 25, 46]. To the best of our knowledge
this is the first work that studies sentence simplification for improving MRC-based event

extraction.



Chapter 5

Conclusion

In this dissertation, we studied three problems and current state-of-the-art approaches to
event extraction in Section 1.5 and proposed novel solutions to each of the problems. Below
is the conclusion of this dissertation with respect to the goal and contributions described in

Section 1.6:

1. (Chapter 2) We performed a comprehensive analysis of attention mechanisms as used
for text classification. We introduced a compact multi-head attention mechanism and
illustrated its effectiveness on text classification benchmarks. The proposed method
computes multiple attention distributions over words which leads to contextual sen-
tence representations. The results showed that this mechanism performed better than
several other approaches with fewer parameters. We also verified that the model cap-

tured context-dependent word importance.

2. (Chapter 3) We presented a hierarchical MIL framework for event detection. We used
attention based models for the task because of their ability to attend to words and sen-
tences while constructing sentence and document representations respectively. Within
the hierarchical models we used LAMA attention mechanism proposed in Chapter 2
which computes multiple attention distributions over words which leads to contextual
sentence and document representations. Our results showed that this mechanism when

applied at the event extent level makes for rich representations as shown by the ef-
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fectiveness on downstream task of event extraction (specifically, population type and
protest type prediction). Finally, we saw how transfer learning between related tasks

can help improve subtask performance.

. (Chapter 4) We demonstrated how the long-range dependency problem ubiquitously

faced by event extraction models including MRC-based formulations can be addressed
by using syntactic disambiguation specifically in a zero-shot setting. We also demon-
strated how this disambiguation can be guided by the MRC system itself and can be

controlled for different argument roles.

5.1 Future work

We highlight some of the immediate future directions below. With respect to improving the

mechanism LAMA and hence further improving event detection performance, we envision

three directions for future work;

1. Currently, LAMA relies on RNNs that makes it slower due to their sequential nature

computation. We seek to investigate ways of adapting the proposed mechanism in self-
supervised language models without dependency on RNNs by incorporating positional

embeddings [87] for faster and efficient learning of language representations;

. Currently, the model uses a single global context vector as the query vector that

conflates the entire sentence into one vector which could lead to information loss.
Transformer models on the other hand use query every token in the sequence for
each candidate token. Even though this may help develop direct connections between
relevant words it might get redundant. In the future work, we seek to investigate

ways of incorporating phrase-level queries as a middle ground between a single global
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context vector like the proposed approach and fine-grained queries like Transformer

providing a balance between complexity and context

3. Another important research question concerns with the making the different attention
heads more discernible with respect to each other for better interpretability. One of
the obstacles in learning attention in an unsupervised way is that there is no implicit

mechanism to impose structure on different rows and it merits further research.

With respect to improving the the proposed MRC-guided disambiguation approach we en-

vision the following directions for future work.

1. Albeit, the proposed method can be useful when offline computations can be afforded,
it may be difficult to deploy such systems in real-time use cases. Reasons include — 1)
MRC system inference time while running the algorithm; 2) call latency if using APIs
and 3) search algorithms such as beam search are sequential and can be computation-
ally expensive. A more efficient way of performing syntax disambiguation would be
guide the MRC model during the pretraining or finetuning stage. This can be done by
using attention masks over the deleted words obtained using the the disambiguation

algorithm.
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