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Abstract

Question Answering, with its potential to make human-computer interactions more intuitive,
has had a revival in recent years with the influx of deep learning methods into natural
language processing and the simultaneous adoption of personal assistants such as Siri,
Google Now, and Alexa. Unfortunately, Question Classification, an essential element of
question answering, which classifies questions based on the class of the expected answer had
been overlooked. Although the task of question classification was explicitly developed for
use in question answering systems, the more advanced task of question classification, which
classifies questions into between fifty and a hundred question classes, had developed into
independent tasks with no application in question answering.

The work presented in this thesis bridges this gap by making use of fine-grained question
classification for answer selection, arguably the most challenging subtask of question answer-
ing, and hence the defacto standard of measure of its performance on question answering.
The use of question classification in a downstream task required significant improvement to
question classification, which was achieved in this work by integrating linguistic information
and deep learning through what we call Types, a novel method of representing Concepts.

Our work on a purely rule-based system for fine-grained Question Classification using
Types achieved an accuracy of 97.2%, close to a 6 point improvement over the previous state
of the art and has remained state of the art in question classification for over two years. The
integration of these question classes and a deep learning model for Answer Selection resulted
in MRR and MAP scores which outperform the current state of the art by between 3 and 5

points on both versions of a standard test set.
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Introduction and Motivation

The indexed surface web is estimated to contain around 4.68 billion pages (de Kunder,
2008, 2015). Admittedly the vast majority of this information might have little relevance
to a particular individual, however, given that just the popular Al journals publish over five
thousand articles a year (SCImago, 2016), it is safe to assume that individuals have access to
vastly more information than they can sift through.

Existing solutions to this information overload range from search engines to (human)
personal assistants. With no indications that this explosive growth in information is likely to

diminish, the need for an alternate solution is more urgent than ever before (Etzioni, 2011).

1.1 The Current Limitations of Web Search

Web Search, in its current form, is tremendously useful in specific contexts. Finding infor-
mation on the web was initially accomplished by use of directories such as Yahoo! As the
number of web pages grew, this soon became impossible, and search engines became the pre-
ferred solution. Web search continues to be good at providing a list of web pages that contain
specific information. Until recently, searching for “pizza delivery” did not provide one with a
list of pizza outlets that are currently open and deliver to the user’s location (D’ Assisi, 2016).

This has radically changed in the last couple of years with local and geotargeted listings
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becoming the norm. Similarly, search engines now provide more emphasis on recency and
context rather than just relevance.

Despite these advances, searching for information on the web continues to be a sig-
nificantly different experience from asking someone for the same information. Bridging
this gap in experience has the potential to save users an incredible amount of time while
simultaneously increasing the number of people interacting with content. A more intuitive
way of exploring information can also help businesses augment their support teams so saving

money while providing 24-hour support.

1.2 Beyond Search

Several competing approaches have the potential to provide a more exciting and intuitive
way of interacting with web-data than search does. The most prominent amongst them is
Chatbots (Dale, 2016). Chatbots provide a method of interaction that is similar to everyday
conversations. While these systems can provide a more intuitive way of interacting with
web-information, in the context of accessing information, it is reasonable to assume that the
majority of interactions between users and chatbots are in the form of questions from users
that are to be answered by the chatbot. However, chatbots additionally require techniques
of extending conversations with users, motivating further interaction and other elements of
human-human talk. To avoid these additional research requirements of Chatbots, this thesis
focuses on Question Answering, which is arguably a prerequisite for effective chatbots. This
thesis describes experimentation with and methods of improving Question Answering (QA)
systems.

The significant improvement in the accuracy of QA achieved through methods described
in this thesis relies on the use of linguistic and cognitive information that had, until now,
been thrown by the wayside due to over-reliance on pure machine learning methods. We

hope that these improved results show that linguistic analysis continues to play an important
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and impactful role in NLP in general and QA in particular, and will, even if in a small way,

reverse the trend of exclusively using deep learning methods.

1.3 The Shift to Statistical Methods in NLP

In December 2013 Tomas Mikolov presented the now famous paper “Distributed representa-
tions of words and phrases and their compositionality” (Mikolov et al., 2013a). The use of
context to represent words was not new (Firth, 1957), and neither was the use of vectors to
represent the meaning of words (Bengio et al., 2003; Levy et al., 2015). This work, however,
additionally described an analogy task and the resultant embeddings, captivatingly called
‘word2vec’ which were publicly released by Google !. The technical advantage of word2vec
is speed. However, it was the ease of availability and the media attention that drove adoption.
Google released pre-trained vectors, trained on a part of the Google News dataset, containing
about 100 billion words and very soon word vectors were being used in NLP tasks from
Semantic Text Similarity (Section 2.2) to Answer Selection (Chapter 5).

Two years later, at the same conference, Neural Information Processing Systems, re-
searchers from Oxford and DeepMind, by then a subsidiary of Google, presented a paper
titled “Teaching Machines to Read and Comprehend” (Hermann et al., 2015), in which
they introduced the idea of “attention”, from machine vision, to vastly improve accuracy
in reading comprehension. Their analysis included results using traditional models such as
frame-semantics, exploitation of word embeddings, and deep learning models with attention.

As can be seen from Table 1.1, a reproduction of Hermann et al. (2015)’s results, deep
learning models performed vastly better than the other two models. These works, in addition
to the deep learning methods not needing annotation, led research in nearly every subfield of
NLP to quickly shift to deep learning models that used pre-trained word embeddings as input

and consisted of CNNs, RNNs, LSTMs, several layers, and attention. This not only led to

Thttps://code.google.com/archive/p/word2vec/
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Validation | Test
Maximum frequency 30.5 33.2
Exclusive frequency 36.6 39.3
Frame-semantic model | 36.3 40.2
Word distance model | 50.5 50.9
Deep LSTM Reader 55.0 57.0
Uniform Reader 39.0 394
Attentive Reader 61.6 63.0
Impatient Reader 61.8 63.8

Table 1.1 Accuracy of Reading Comprehension of models and benchmarks on the CNN
dataset (Hermann et al., 2015)

the lack of exploitation of existing research into linguistics but also resulted in researchers

being faced with shortcomings inherent to Learning models.

1.4 Deep Learning - The Problems

The significant advantages provided by purely deep learning methods, including their ef-
fectiveness (Pereira et al., 2009), come not without their drawbacks. The ability of deep
neural networks to approximate extremely complicated functions has also meant that error
analysis has become a near impossibility. The popularity of deep learning has translated
into its ubiquitous usage across domains, including those that require rigid error analysis,
such as medicine and autonomous cars and recent projects have started to emphasise the
need for these models to be explainable (Gunning, 2018; Wierzynski, 2018). The problem of
neural networks generating bizarre results is exemplified by Google Translate as shown in
Figure 1.1 '. A similar difficulty in performing an error analysis is explored in the context of

a different task in Section 2.1.6.

ISource: https://motherboard.vice.com/en_us/article/jSnpeg/why-is-google-translate-spitting-out-sinister-
religious-prophecies
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< English - 0O o
English

dog dog dog dog dog dog dog dog dog Doomsday Clock is three minutes at
dog dog dog dog dog dog dog dog dog twelve We are experiencing characters
dog and a dramatic developments in the

world, which indicate that we are

increasingly approaching the end

times and Jesus' return

omall ~ - English ~ [_[j <)
i Irish

ag ag ag ag ag ag ag ag ag ag ag ag As the name of the LORD was written

ag ag ag ag ag ag ag ag ag ag ag ag in the Hebrew language, it was written

ag in the language of the Hebrew Nation

Fig. 1.1 Google Translate Acting Bizarre (2018).

Additionally, there is reason to believe that the improvements in accuracy provided by
deep learning systems are plateauing. A look at state of the art in Answer Selection ! shows
significant improvements in accuracy between 2013 and 2016, followed by almost two years

of stagnation - until work done as part of this project improved on the state of the art in 2018.

1.5 Integrating Classical Natural Language Processing with
Deep Learning

Methods that exploit the systematic analysis of language, its semantics and syntactic structure
are referred to, especially in this work, as traditional methods in natural language processing.
These methods do make use of machine learning; however, they do not do so without
linguistic information in the way that deep learning methods do. They often rely on carefully
selected features, which are then fed into machine learning models.

The superior performance of deep learning models shifted the emphasis away from the

use of classical methods; however, this work shows that the use of traditional methods to

1https://aclweb.org/aclwiki/Question_Answering_(State_of_the_aﬂ)
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engineer some features, while simultaneously making use of the implicit feature extraction
provided by deep learning models, provides a method of achieving a significant increase in
accuracy of some NLP tasks.

This break from pure machine learning methods implicitly provides the work presented
in this thesis with additional advantages, namely: a) better error analysis, and b) access
to decades of work into language structure, semantics, language learning and cognitive

processes associated with language.

1.6 Research Questions

The preceding sections have discussed the recent resurgence of deep learning techniques and
the consequent gains achieved across several NLP tasks. While most current state of the art
techniques utilise deep learning, it is not clear if this implies that traditional methods are
unable to match the achievements of deep learning methods. This leads to the first research
question explored in this work:
* Research Question 1: Has the success of deep learning methods made it impossible
to improve upon the state of art of various NLP tasks without the use of deep learning?
The answer to this question will have far reaching implications to research in NLP as
it will determine if it is worth pursuing research that does not exploit deep learning. If
traditional methods cannot achieve the performance of deep learning models, this will imply
that computational linguists are better off exploring methods of creating features for statistical
models rather than exploring the nature of language.
A related line of exploration is based on the fact that, unlike in other fields, such as vision,
the impact of deep learning on NLP has been limited!. This is not to say that deep learning
models have not had an impact on NLP tasks, but that the improvement in performance has

not been as significant as in other domains. In addition the biggest contributor to NLP has

Uhttps://www.reddit.com/r/MachineLearning/comments/2fxi6v/ama_michael_i_jordan/
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been the introduction of Distributed Word Embeddings rather than the exploitation of the
generalisation capabilities of deep learning models (Manning, 2015), which leads us to our
second research question:

* Research Question 2: Given that the success of deep learning methods lies in their
ability to abstract learning, and that learning abstraction is not where the gains in NLP
stem from, are there other forms of generalisation that might be more suitable to NLP?

Despite the interest in finding such an alternative, this work does not fail to recognise the

contribution and potential of deep learning models. In the four years since Manning (2015)
wrote his piece, deep learning models have continued to improve upon the state of the art in
NLP. Given this, the final line of enquiry explores the possibility of bringing together these
methods and decades of work that has gone into traditional NLP research, which leads to the
final research question:

* Research Question 3: How can features discovered through the analysis of language
and language structure be fed into deep learning models without fundamental changes
to those models?

Section 6.2 of this work’s Conclusions (Chapter 6) discusses how this work addresses

these questions and what that implies in terms of the contributions of this work.

1.7 Novel Methods and Contribution

This work has resulted in the creation of hundreds of rules that outperform all machine
learning methods for Question Classification - a task that classifies questions based on the
type of answer expected (see Section 2.4). The generation of these rules was made possible
by using the idea of concepts, which are generalisations or abstractions that allow the use of
previous experience in new situations (see Chapter 3). The resultant Question Classification

system achieved an accuracy of 97.2%, close to a 6 point improvement over the previous
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state of the art of 91.6% (Tayyar Madabushi and Lee, 2016). This system has also been made
available publicly through an APL!.

These question classes were subsequently integrated into a deep learning system for
Answer Selection, which outperformed the then state of the art by between 3 and 5 points
on both versions of a standard test set. These results were presented at COLING 2018 (Tay-

yar Madabushi et al., 2018) (see Chapter 5).

1.8 Thesis Structure

As discussed in this chapter, deep learning methods have had a tremendous impact on research
into natural language processing during the course of this project (2014 to 2018). However,
this work provides novel methods of integrating information obtained through traditional
NLP methods into deep learning to improve accuracy and simultaneously make deep learning
models more transparent.

Chapter 2 explores research related to this work, including related work in the field of
QA, the different subproblems in QA, and the approaches to these problems (Section 2.1).
The same chapter then provides an overview of work related to tasks that this work explores
such as Semantic Text Similarity (STS) (Section 2.2), Question Classification (Section 2.3)
and Answer Selection (Section 2.4).

Chapter 3 provides the theoretical foundation for the work presented in this work. It
explores the idea of Concepts, their utility, their implementation through Types before then
providing an empirical evaluation using the STS task.

Chapter 4 and Chapter 5 detail the central contributions of this work with regard to the
tasks of Question Classification and Answer Selection respectively.

Finally, Chapter 6 provides our conclusions and ideas on how the work presented in this

thesis can be extended in future projects.

! Available at http://www.harishmadabushi.com/research/questionclassification/
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Related Work

This Chapter explores recent research into the field of automated Question Answering. There
is significant variation in the kind of questions that various systems attempt to answer and
the methods they use to do so. This Chapter starts off by providing an overview of the topic
before providing a more in-depth analysis of specific methods related to the work presented

in this thesis, namely Question Classification and Answer Selection.

2.1 Question Answering - An Overview

Question Answering is a simple problem to define and yet has remained the focus of research
for decades (Simmons, 1965). This complexity has led to the subdivision of the problem
into several sub-problems, each of which has been addressed using a variety of methods.
An exploration of various surveys of automated QA shows that researchers do not agree
on either the criteria for classification or the classification within any given criterion. This
section provides an overview of some of the (subjectively) more interesting criteria and the
classification associated with each criterion.

Before exploring these criteria, we discuss some of the surveys on Question Answering
systems starting with the earliest by Simmons (1970). Simmons (1970) explores five Question

Answering systems that were state of the art in the late 60s, including one capable of making
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geometric inferences. These early systems were limited to a subset of English and often
relied on basic template matching (Section 2.1.4) and trivial semantic distance based on
thesaurus word frequencies. The next survey into Question Answering by Androutsopoulos
et al. (1995) focused on how natural language questions can be answered using database
systems. The next survey was that by Hirschman and Gaizauskas (2001) which coincided
with their introduction of the TREC Question Answering track (Voorhees, 2001b), data from
which is still used today.

The introduction of the TREC QA track reignited interest in Question Answering which
was captured in surveys by Andrenucci and Sneiders (2005), which continued to focus on
research into converting natural language into structured data, and that by Prager (2007).
Prager (2007)’s work explored different kinds of Question Answering (i.e. factoid, list, ...)
which we discuss in more detail in Section 2.1.2.

In line with the computer science zeitgeist at the time, research in to Question Answering
then focused on methods involving Information Retrieval, such as work by Molla and Vicedo
(2007) and Kolomiyets and Moens (2011). Simultaneously, there was an emphasis on domain
specific Question Answering capture in the survey by Athenikos and Han (2010).

Finally, the survey by Yao (2014) explores various features which are useful in Question
Answering, a popular direction of research before the popularity of deep learning methods.
The latest available survey on Question Answering is that by Mishra and Jain (2016) which

includes an overview of deep learning techniques which we discuss in Section 2.5.

2.1.1 Domains

The specific domain that a QA system can answer questions regarding is often the most
general criterion for classification. Closed domain QA systems answer questions related

to specific domains such as medical questions (Athenikos and Han, 2010). Open domain
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QA systems, such as the one presented in this work, on the other hand, impose no such
restrictions.

The need for this distinction arose from the fact that domain-specific data often requires
domain specialisation that a generic system might not have or require. Popularly used tools,
such as pre-trained word vectors, are trained on generic text making them less effective in a

domain-specific context.

2.1.2 Types of Questions

Questions can be of different types, for example, the question ‘What is the name of the
actress who has won the most Oscars?’, requires the answer to be a fact and hence is referred
to as a factoid question. The question ‘What is the meaning of life?’ requires a longer answer
and so is called a descriptive question. Table 2.1 provides a list of typical classes of questions

and references to the subjectively more striking works associated with each.

2.1.3 Answer Generation

A QA system might either extract an answer from existing text or generate text containing
the answer. The first method is more popular as it ignores the additional task of, and
consequently the additional possibility of errors in, generating coherent and grammatically
correct sentences. The latter, more difficult method is called Generative Question answering
and requires specialised natural language generation algorithms.

Methods exploiting Answer Selection (Bian et al., 2017; Yu et al., 2014) are examples of
those that extract answers from existing text. Work by Yin et al. (2016) into neural generative
Question Answering is an example of a popular method in generative Question Answering
where the task is treated as a sequence to sequence problem that is solved using neural

networks, in a method similar to that used in machine translation.
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Type

Description

Related Work

Factoid

List

Yes or No

Multiple Choice

Descriptive

Expected answers are short,
usually a single word of
phrase.

Expected answers are a list or
a part a list. Sometimes
considered to be Factoid QA.

Questions require a simple
yes Or no as an answer.
Sometimes considered to be
Factoid QA.

Multiple choice questions,
answers are one or more of
several options. Sometimes
considered to be Factoid QA.

Questions require detailed
explanations as answers.

(Iyyer et al., 2014)

(Schone et al., 2005)

(Srihari and Li, 2000)

(Jansen et al., 2016)

(Tan et al., 2015)

Table 2.1 The Different Types of Questions.

2.1.4 Approaches to Question Answering

Each of the above kind of questions and answer generation methods is addressed using several

approaches. Some approaches are naturally better suited for certain kinds of questions;

however, the classification provided in this section ignores this and presents all possible

approaches to solving Question Answering.

Template Matching

Early QA systems (Simmons, 1970) relied on creating templates for questions and extracting

answers based on related answer templates. For example, the question “Who is the prime

minister of the United Kingdom?” can be generalised using the template who be <role> of

12
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<entity> (Hovy et al., 2000). Similar patterns presented by Hovy et al. (2000) are listed in

Table 2.2.

Question

Question templates

Who was Johnny Mathis’ high school
track coach?

Who was Lincoln’s Secretary of State?

Who was President of Turkmenistan in
19947

Who is the composer of Eugene Onegin?
Who is the CEO of General Electric?

who be <entity>’s <role>

who be <role> of <entity>

Actual answers

Answer templates

Lou Vasquez, track coach of ...and
Johnny Mathis

Signed Saparmurad Turkmenbachy
[Niyazov], president of Turkmenistan

... Turkmenistan’s President Saparmurad
Niyazov...

...1n Tchaikovsky’s Eugene Onegin. ..
Mr. Jack Welch, GE chairman. ..

...Chairman John Welch said ... GE’s

<person>, <role> of <entity>
<person> <role-title*> of <entity>

<entity>’s <role> <person>

<person>’s <entity>
<role-title> <person>. .. <entity> <role>

<subject>l<psv object> of related
role-verb

Table 2.2 Question and Answer Patterns (Hovy et al., 2000, p. 6)

Some templates were manually defined, like those described above, and others were

learned using large corpora including the web (Wu et al., 2005). Templates and patterns have

been used in a variety of tasks, most notably by Hearst (Hearst, 1992) for the discovery of

hyponyms. This work by Hearst was the motivation behind the template based Question

Classification system developed by the author and detailed in Chapter 4.
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Matching templates has been attempted by use of machine learning techniques by re-
searchers including Li et al. (2010), who use a semi-supervised method of matching while
Yih et al. (2013) provide a method dependent on word alignment. Several of these methods
make use of Hearst patterns.

Template based systems, often criticised for their inability to adapt to new domains or
language, have the advantage of being explainable. Chapter 4 presents a novel method of
using templates on the parse trees of questions for Question Classification, which achieved

state of the art results.

Question Classification and Answer Selection

Question Classification consists of classifying questions based on the class of the expected
answer. For example, the question “Which year did the first world war begin?” can be
classified as “Numeric Year” as the answer is a year. Answer selection is the related, yet
independent task, of selecting, from a list of sentences some of which contain the answer
to a given question and some that do not, that subset which does. As this work follows this

model, these methods are explored in greater detail in Sections 2.3 and 2.4.

Web Redundency

Work by Brill et al. (2002) showed that redundant information in web results is a powerful
signal in determining the answer to a given question. They proposed a simple method of
translating a question into a web query before then using redundant n-grams in web results
to extract the answer. They also showed that mapping the type of n-gram to the question
class improved the results dramatically, as it cut down on noise inherent to web data. Brill
et al. (2002), however, used an extremely simplistic Question Classification system. As an
example of this method, given the question “Where is the Louvre Museum located?”, they

query a web search engine with the queries “the Louvre Museum is located”, “the Louvre
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29 <&

Museum is in”, “the Louvre Museum is near’”’, and “the Louvre Museum is”’. The results
are mined for n-grams, which are pruned based on the type of the question. The results are
then tiled to combine smaller phrases into larger ones (e.g. phrases A, B, C and B, C, D are
combined to form A, B, C, D) and sorted by frequency to extract the answer.

Roussinov et al. (2005) subsequently used a similar method of exploiting redundancy
in web results for QA. Recently, Tsai et al. (2015) showed how significant improvements
in search engine technologies have significantly improved this system. They also use a
simplistic version of WordNet hierarchies similar to Types (Chapter 3).

Chapter 6 presents one possible method of combining the work presented in this thesis
with a system that makes use of a web search engine and redundancy to create an end to
end Question Answering system capable of competing with the very best QA systems in the

market today.

Tree and Graph Matching

As parsing technologies improved, it was natural to look to the structure of questions and
sentences which possibly contained the answer (called candidate sentences). The primary
objective of these methods was to use only the structure and match the structures of the
question and the sentence using different metrics such as mutual information (Lin and Pantel,
2001) or alignment (Cui et al., 2005).

At first glance, the idea of using only structure to find answers seems misguided. However,
research into pattern grammar (Hunston and Francis, 2000) has shown that words that appear
in similar structures tend to have the same meaning. Other work in this regard involved the
use of different methods of finding similarities such as kernel-based classifiers (Severyn and
Moschitti, 2013).

Some of these methods involve merging the structure of the question and existing struc-

tured databases such as those described previously in this Section (Yih et al., 2014). An
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interesting extension is work by He et al. (2014), who use Markov Logic Networks, as

described by Richardson and Domingos (2006), for reasoning.

Matching over Existing Structured Databases

Querying databases for answers to user questions is arguably the easiest method of automati-
cally answering questions. Unfortunately, translating information and questions from natural
language to database data and queries has been fraught with difficulty.

The limited amount of information available in database form stifled initial attempts to use
database systems for QA. This changed with the introduction of Freebase and DBpedia, both
Linked Data structures. Linked Data is a method of interlinking data to include additional
semantic information. Freebase was a sizeable structured knowledgebase which accumulated
information from several sources including Wikipedia and online collaboration (Bollacker
et al., 2008), which was acquired by Google and subsequently shut down (Google+, 2015).
DBpedia (Auer et al., 2007) is a project aimed at extracting and storing structured information
from Wikipedia, primarily by use of Wikipedia’s infoboxes.

The introduction of the Free917 dataset, a set of 917 questions associated with information
available on Freebase shifted the focus of database reliant question answering to Freebase.
Yao and Van Durme (2014) have shown that methods using Freebase can often outperform
some sophisticated approaches while Berant et al. (2013) have shown how question-answer
pairs can be used to boost semantic parsing. Fader et al. (2014) have shown how data from
Freebase can be combined with automatically extracted tuples to improve the quality of
Question Answering systems. Several other researchers have developed systems based on
Freebase (Bao et al., 2014; Berant and Liang, 2014; Cai and Yates, 2013; Kwiatkowski et al.,
2013)

There have been several attempts at creating Question Answering Systems using DBPedia

(Walter et al., 2012; Yao et al., 2012). While most of these methods first create triples
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(Sections 2.1.4) before then matching them, Unger et al. (2012) have proposed a method
that extracts information from DBpedia by going beyond the representation of questions as
triplets. Fader et al. (2014) provide an overview of systems that use similar KBs.

Work by He et al. (2014) has explored the use of First-order Logic in finding answers
within Linked Data, a method that has since come to be known as Logical Forms over Linked
Data. Other recent work in this area has revolved around an attempt at converting natural

language to a logical form (Yang et al., 2014).

Triples

Another method of representing and reasoning over data for QA is to store information in the
form of Triples. For example, the question “Who wrote The Neverending Story?” can be
represented as:
<[person,organization], wrote, The Neverending Story>
The system would then use similarity metrics to match the relevant sub-graph from a Linked
Data repository (Unger et al., 2012). The most recent and influential work in this regard has
been by Fader et al. (2011). In their paper, they describe ReVerb!, a system that provides
a method of extracting relevant triplets from natural language text. Fader et al. (2013)
subsequently described a method of mapping Open Domain Questions onto the relations
extracted by ReVerb. Fader et al. (2014) then combined these two methods to implement a
Question Answering system that was, at the time, state of the art.

There have been others who have represented information as tuples, such as Yih et al.
(2014), who use Convolutional Neural Network models to find similarities between entities

and relations.

IReVerb is available at http://reverb.cs.washington.edu/
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2.2 Semantic Text Similarity

2.1.5 Community Question Answering

Community QA (cQA) refers to the large number of forums and websites dedicated to
allowing users, or the community, to answer questions posed by other users. Matching new
questions to existing questions on such websites has recently gained tremendous popularity
(Nakov et al., 2017, 2016) with cQA websites investing heavily in research into the field.
Additionally, companies have started using similar techniques to provide automated chat

support by matching questions by users on a chat system to existing FAQs.

2.1.6 Visual Question Answering

Visual Question Answering (VQA) (Antol et al., 2015) is the task of automatically answering
natural language questions about an image and so requires a multidisciplinary approach to its
solution. Despite results that can appear surprisingly accurate, the task is representative of
the problems inherent to pure deep learning methods, which is the lack of understandability.
Deep networks fed with elements of the images and vector representations of words are
trained to generate answers to questions about the images, making it near impossible to get to
the source when errors present themselves. Figure 2.1! provides examples of vQA.2 One of
the primary contributions of the work presented in this thesis is in making Answer Selection
(Chapter 5) more transparent by use of Question Classification (Chapter 4). The necessity of

explainable Al is further explored in Chapter 3.

2.2 Semantic Text Similarity

The goal of Semantic Text Similarity (STS) is to find the degree of overlap in the meaning of

two pieces of text, which ranges from text fragments that are exact semantic equivalents, to

'Visual QA Demo: https://vqa.cloudcv.org/
’Image Source: https://www.dreamstime.com/editorial-photo-coonoor-tamil-nadu-india-january-th-nilgiri-
mountain-railway-runs-mettupalayam-udagamandalam-south-image95527956
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2.2 Semantic Text Similarity

What game is this? m

Predicted top-5 answers with confidence:

tennis ...
soccer ol
frisbee e
tennis court oo
baseball L

(a) Visual QA is, at first glance, magical (Lu et al., 2016).

what is in the picture? m

Predicted top-5 answers with confidence:

train (T
boat -
people |
elephant | L

skateboarder #e%*

(b) ...and can be surprisingly accurate.

‘What is the boy looking at?| m

Predicted top-5 answers with confidence:

camera (22T
trees ]
train ==
elephant -
sign L

Where was this picture taken?| m

Predicted top-5 answers with confidence:

z00 [ |
outside [
city RN

park =%

africa [

(d) ...analysis and debugging is near impossible.

Fig. 2.1 A Demonstration of Visual QA and its Shortcomings which are Representative of
the Shortcomings of Deep Neural Networks in General.
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others that have no semantic relation. STS has a wide variety of applications, including text
summarisation (Aliguliyev, 2009), machine translation (Kauchak and Barzilay, 2006), and
search optimisation (Sriram et al., 2010).

The STS task, which was set by the SemEval conference for a number of years (Agirre
et al., 2014, 2015), requires that submitted systems assign a score between 0 (the sentences
are on different topics) and 5 (the sentences mean exactly the same thing) that reflects how
similar two sentences are (Agirre et al., 2014, 2015, 2013, 2012).

Most systems that tackled SemEval’s STS task consist of three main approaches: The
first 1s text alignment, based on the content words” meaning (Sultan et al., 2014b, 2015). The
second represents text as vectors, which are used to find the similarity score using a vector
similarity metric (such as cosine). Third, machine learning approaches are used to compute
multiple lexical, semantic, and syntactic features to classify each sentence pair’s similarity.

Work on STS done as part of this project is presented in Section 2.2.

2.3 Question Classification

A crucial element of QA is Question Classification (QC), which is the task of classifying
a question based on the expected answer. As an example, the question “Who is the prime
minister?” could be assigned the class “person”, whereas the question “Where is the prime
minister?” could belong to the class “location”. Since the task involves identifying the type
of answer, it is sometimes referred to as Answer Type Classification. While there do exist
QA Systems that do not make use of QC, QC has been shown to significantly improve the
performance of QA systems (Hovy et al., 2001).

Work on QC, as in most NLP tasks, can be broadly divided into three categories: a) those
that make use of machine learning, b) those that rely purely on rules, and ¢) those that are a
hybrid of the two. With the increased popularity and success of machine learning techniques,

most recent work on QC has been limited to methods that make use of purely statistical
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methods. While there continues to be some exploration into semantic information contained
in sentences, such information is often converted into features for statistical models.

While several Question Taxonomies are available for use in training and testing QC
systems, the most popular is the one introduced by Li and Roth (2002). This popularity stems
from the 5,500 training questions and corresponding classification they provide, in addition
to the classification of the 500 TREC 10 (Voorhees, 2001a) questions. Their classification is
a two-level system which contains a coarse and a fine level of classification for each question.
Table 2.3 lists the classification introduced by them. In this thesis, specific classes are referred
to in the following way: Coarse:Fine. For example, the class animal, contained in the coarse

class ENTY, is referred to as Enty: Animal.

Coarse Fine
ABBR  abbreviation, expansion

DESC definition, description, manner, reason

animal, body, color, creation, currency, disease, event, food, instrument, language, letter, other,

ENTY plant, product, religion, sport, substance, symbol, technique, term, vehicle, word
HUM description, group, individual, title
LOC city, country, mountain, other, state

code, count, date, distance, money, order, other, percent, percent, period, speed, temperature,

NUM size, weight

Table 2.3 Question Taxonomy introduced by Li and Roth (2002).

The original method proposed by Li and Roth (2002), relies on machine learning and
first classifies questions into coarse classes, before then using the coarse class as a feature in
fine-grained classification. They also report their results for both the coarse and fine classes.
This work, however, is on fine-grained classification.

Metzler and Croft (2005) provide a detailed analysis of statistical methods of QC before
2005 while dismissing rule-based systems as “cumbersome and inflexible”, and a more
recent survey by Loni (2011) details QC methods using more recent Machine Learning

techniques. Work on QC over the last couple of years has involved either reducing the
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number of features (Pota et al., 2016, 2015), focusing on specific domains (Feng et al., 2015)
or using new methods in machine learning such as Convolutional Neural Networks (Kim,
2014) and Skip-Thought Vectors (Kiros et al., 2015).

State of the art in fine-grained classification, before the publication of work done as part
of this project, on Li and Roth (2002)’s data was 91.6% and was achieved by Van-Tu and
Anh-Cuong (2016), who base their work on using semantic features in a linear SVM. Of
specific relevance to work presented in this thesis is the work by Silva et al. (2011), who
first extract headwords, before then mapping these headwords into various categories using
WordNet (Miller, 1995) (discussed in further detail in Section 3.2) to achieve an accuracy of
90.8%. Previous work by (Huang et al., 2008), which also makes use of both headwords and
WordNet, while using slightly different methods, achieves an accuracy of 89.2%.

Work on QC done as part of this project achieved an accuracy of 97.2%, close to a 6

point improvement over the previous state of the art and is detailed in Chapter 4.

2.4 Answer Selection

Most QA systems consist primarily of three components: a) a question analysis component,
b) an Information Extraction (IE) component that extracts a set of candidate sentences, and
¢) an answer extraction component that prunes this set of sentences to extract the answer.
QC is performed in the first component. Its results are sometimes used in the IE component
but generally used in answer extraction. The other important aspect of the answer extraction
component is the analysis of linguistic features. Together, these two elements can be used to
prune a set of sentences, some of which might contain the answer to a given question.

This task of selecting, from a list of sentences produced by an IE component, a subset A
which contains the answer to a given question is called Answer Selection (AS). For example,
given the question “Where is the group Wiggles from?”, and two possible sentences (called

candidate sentences): “the Wiggles are four effervescent performers from the Sydney area:
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Anthony Field, Murray Cook, Jeff Fatt and Greg Page”, and “six of the Wiggles’ videos have
reached multi-platinum status in Australia”, the task would require one to return the first
(positive) candidate and not the second (negative) candidate. AS leaves the task of extracting
the Answer from a positive candidate to a downstream task.

Methods of AS rely on establishing some form of relation between the question and
each of the answer candidates, such as bag-of-words, tree edit models (Heilman and Smith,
2010), semantic distances based on word embeddings (Wang and Ittycheriah, 2015), or
deep learning methods such as Convolutional Neural Networks (Rao et al., 2016). To the
best of our knowledge, however, this task has not been attempted with the extensive use of
fine-grained QC.

A lot of the work in using QC for QA took place before the resurgence of Machine
Learning. For example, Kwok et al. (2001) introduce a QA system “MULDER”, that
makes use of wh-phrases, which they define as the interrogative word followed by the words
associated with it. Hermjakob (2001) used an extensive QC system consisting of 115

elementary question classes in their work on QA.

2.4.1 Question Taxonomy and Classification

The specific system of classes used by a QC system is known as a taxonomy, and while
several taxonomies are available, this work makes use of that proposed by Li and Roth (2002),
for two reasons: a) This is one of the most widely used taxonomies, possibly because of
the large training set that Li and Roth (2002) provide, b) while it has been pointed out that
this taxonomy might not have the widest coverage (Mishra and Jain, 2016), it is shown in
Chapter 5 that it is most suited for domain-independent QA.

This taxonomy originally consisted of fifty fine classes divided amongst six coarse classes.
Table 2.3 provides a complete list of these classes along with the changes made in this work

(described in Section 5.2.1).
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While this work on QC is an extension of previous work done as part of this project on
AS (Tayyar Madabushi and Lee, 2016) that achieved an accuracy of 97.2%, other work on
the same taxonomy has involved the use of Linear SVMs by Van-Tu and Anh-Cuong (2016)
and Pota et al. (2016) which achieved accuracies of 91.6% and 89.6% respectively. Work
using Convolutional Neural Networks (Kim, 2014) and Skip-Thought Vectors (Kiros et al.,
2015) has not focused on fine-grained classification.

Work on answer selection, done as part of this project, achieved state of the art results

and is detailed in Chapter 5.

2.5 Deep Learning for Answer Selection

Except for the methods presented in this work, all recent improvements to the task of Answer
Selection have been achieved by use of deep learning models. This section describes deep
learning components used by Rao et al. (2016) in their method for Answer Selection - We
use their method as a baseline, and significantly improve upon it by integrating linguistic
information as detailed in Chapter 5. While deep learning methods have become a popular
choice across NLP tasks, it is our opinion that a return to linguistic analysis will significantly

help in several tasks, even if thay are integrated into deep learning methods as we have done.

2.5.1 Deep Learning

Deep learning refers to a family of deep architectures that learn high-level feature represen-
tations. Although deep learning can be achieved using methods such as Markov random
fields (Jordan et al., 1999; Kindermann and Snell, 1980), the most popular of deep learning
methods is the use of Artificial Neural Networks with hidden layers. These hidden layers
provide a way of abstracting the input and learning representations of the input features, thus

doing away with the need to construct features manually.
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2.5.2 Convolutional Neural Networks

Convolutional neural networks (CNN) (LeCun et al., 2004, 1990), first used in image
processing, provide dense representations of sections of input. This method of dividing up
the input into a grid and finding compact representations for each section of the grid for use in
classification has since been used in several domains such as recommender systems (van den
Oord et al., 2013) and NLP (Collobert and Weston, 2008; Young et al., 2017).

CNNss consist of four different operations: a) Convolution, b) adding non-linearity, c¢)
Pooling or sub-sampling and d) classification (a fully connected layer). Convolution is the
process of applying a convolutional filter to the input to extract features. The use of different
“filters”, which consist of a matrix that is multiplied by sections of the input matrix, result in
detecting different kinds of features. Figure 2.2' illustrates the use of a convolutional filter. 2.
While there exist convolutional filters for standard operations such as sharpening and filtering

images, the filter is learned during training. Convolution filters are also called Kernels.

———
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Fig. 2.2 A Convolutional filter.

CNNs next introduce non-linearity into the model which allows the modelling of non-
linear functions. The prefered non-linear function in CNNs is f(x) = max(0,x) and is

introduced by a layer consisting of Rectified Linear Units (ReLU) due to its speed (Krizhevsky

ISource: http:/adventuresinmachinelearning.com/convolutional-neural-networks-tutorial-tensorflow/
2 A more illustrative visual is the animation at https://ujwlkarn.files.wordpress.com/2016/07/convolution_schematic.gif
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2.5 Deep Learning for Answer Selection

et al., 2012) over other non-linear functions such as logh and sigmoid due the its relative
simplicity.

Before the final classification through a fully connected layer, the result of the previous
step 1s downsized using some down-sampling method, the most common amongst which is
max-pooling. Max-pooling consists of replacing a grid with the maximum value contained

within it.

2.5.3 Convolutional Neural Networks for Natural Language Process-
ing

Words are typically input to neural networks as (dense) vectors called word embeddings.
Creating a representation for sentences from such word embeddings is done using Recurrent
Neural Networks (RNN) (Mikolov et al., 2013b), Long Short Term Memory Networks
(LSTM) (Hochreiter and Schmidhuber, 1997) or CNNs. The relative speed of training CNN's
has led to their adoption in natural language processing. Figure 2.3 (Zhang and Wallace,
2015) illustrates typical CNNs used in Natural Language Processing.

In NLP, convolutions are performed on the matrix of word embeddings as opposed
to the image matrix in image processing. These convolutions are learnt during training.
Max-pooling remains the most common pooling method in NLP after the introduction of
non-linearity. The number and size of the kernels in a CNN are hyper-parameters that are

handcrafted.

2.5.4 Multi-Perspective Convolutional Neural Networks

The method for answer selection used by Rao et al. (2016) makes use of Multi-Perspective
CNNs introduced by He et al. (2015). Also, Rao et al. (2016) make use of a “Siamese”
structure in which two sentences are processed in parallel by two subnetworks that share all

their weights (Bromley et al., 1993). Figure 2.4 provides an overview of their network.
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Fig. 2.3 Depicts three filter region sizes: 2, 3 and 4, each of which has two filters. Every
filter performs convolution on the sentence matrix and generates (variable-length) feature
maps. Then 1-max pooling is performed over each map, i.e., the largest number from each
feature map is recorded. Thus a univariate feature vector is generated from all six maps,
and these six features are concatenated to form a feature vector for the penultimate layer.
The final softmax layer then receives this feature vector as input and uses it to classify the
sentence; here binary classification is assumed and hence two possible output states are
depicted. (Zhang and Wallace, 2015).

Instead of applying convolutional filters on multiple words across the sentence, (He et al.,
2015) additionally apply convolutional filters to individual dimensions of word embeddings.
The intuition they provide is that, while humans may not be able to understand what individual

dimensions of a word embedding represents, there might be information within a single
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Fig. 2.4 Model overview: Two input sentences (on the bottom) are processed in parallel by
identical neural networks, outputting sentence representations. The sentence representations
are compared by the structured similarity measurement layer. The similarity features are then
passed to a fully-connected layer for computing the similarity score (top). (He et al., 2015).

dimension of an embedding that the model can exploit. The application of convolutional
filters across a single dimension of word embeddings is interpreted as over a new perspective,
hence the name. They also note in their work that this multi-perspective convolution provides

the most gain. Figure 2.5 illustrates the different perspectives used over word embeddings.
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Fig. 2.5 Left: a holistic filter matches entire word vectors (here, window size is 2). Right: per-

dimension filters match against each dimension of the word embeddings independently. (He
et al., 2015).
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2.5 Deep Learning for Answer Selection

He et al. (2015) also include a layer for finding the similarity between the representations
of the two sentences along each of the “perspectives”. The result of this is passed through a

fully connected layer to find the similarity between two sentences.

2.5.5 Pairwise Ranking and the Triplet Ranking Loss Function

Rao et al. (2016) introduce a method of pairwise ranking for answer selection where prior
methods relied on pointwise classification. They do this by learning a joint representation of
the triplet input (question, positive answer, negative answer) before stacking a triplet ranking
loss function on top, whose objective is to minimise the total number of inversions in the
rankings. This method also uses the “Siamese” structure described in Section 2.5.4 with the
difference that it takes a question-answer pair as input. Rao et al. (2016) make use of the
Multi-Perspective CNN used by He et al. (2015) to train pairwise rankings. An illustration of

this model is provided in Figure 2.6.

Triplet Ranking Loss
I
|— Fully-Conntected Layer —|

ConvNet/LSTM ConvNet/LSTM

| e |

Pos Answer Question Neg Answer

Fig. 2.6 Architecture of the pairwise ranking model, which is trained on triplets comprised of
(question, positive answer, negative answer) (Rao et al., 2016).

In essence the encoding of a positive or negative answer candidate and the question are
passed to a CNN or an LSTM to create a combined representation of the two. This resultant

representation consists of the high-level features extracted from the data, which are passed
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2.6 Linguistic Theories

through a fully connected layer to extract non-linear combinations. These features are used
by the triple ranking loss function as described below. It should be noted that the same model
is used for creating representations for the positive and the negative candidates. We note
that Rao et al. (2016) also use a word-level component in their experiments, which is not
described here as we do not use word-level representations.

The triplet ranking loss function introduced by them is a function f(.) that captures the
similarity scores, such that, given some question g, positive pairs (¢, p*) and negative pairs
(g,p~), the objective is to ensure that f(.) assigns a larger similarity score to positive pairs

than negative pairs:

flg,p")> flq,p”).Nq,p",p~ (2.1)

The triplet loss function, which ensures equation 2.1 holds true by minimising the distance
between the question and the positive answer while maximising the distance between the

question and the negative answer, is given by equation 2.2

min Y, Y, max(0.1=(f(g.p") = f(g.p")) + AW (2.2)

(¢,pT)p~€eN

where A is a regularisation parameter, and W is the parameters of the neural network model
fC).
2.6 Linguistic Theories

The work presented in this thesis makes use of two preexisting resources, WordNet and
Dependency Parsing. This section provides the theoretical linguistic background for these

resources.
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2.6.1 WordNet

The first resource we make use of is WordNet, a lexical database we use for rule generalisation.
While Section 3.2 details the use of WordNet for this purpose, this section focuses on the
linguistic and psycholinguistic underpinnings of the WordNet project.

WordNet organises nouns, verbs, and adjectives using a different method. The way in
which nouns are represented is of particular interest as this work exploits this structure for
generalising learning. The independent handling of nouns as a lexical subset is backed by
the observation that patients suffering from anomic aphasia, a condition often resulting from
stroke, are left unable to name things or otherwise use nouns in speech, while otherwise
unaffected (Caramazza and Berndt, 1978).

Nouns in WordNet are organised in a hierarchical structure, one that is very relevant to the
work presented in this thesis. This organisation is based on psychological experiments that
showed that people store semantic information in a hierarchical structure so as to optimise the
amount of information that is required to be stored. As a consequence people took less time
to verify that canaries could sing than to verify that they could fly and even longer to verify
that they had skin (M. Collins and Ross Quillian, 1972). This increased time is associated
with the increased distance across a semantic hierarchy. M. Collins and Ross Quillian (1972)
also argued that this difference in reaction time implies that information associated with
different nouns is stored in an inheritance system, much like the system we use to define
Types ( Section 3.7.1).

However, this notion of inheritance has been questioned by other researchers such as
Conrad (1972) who point showed that while “can move” and “has ears” are both properties
that people associate with animal, “An animal can move” is confirmed more rapidly than is

“An animal has ears”.
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2.6 Linguistic Theories

Despite this, the creators of WordNet assume that information is both hierarchical and
that the inheritance assumption is indeed correct, but that reaction times probably indicate a

difference in word use rather than word meaning (Miller and Charles, 1991).

2.6.2 Dependency Parsing

Dependency Parsing is the process of extracting dependency relations, which are based on the
linguistic notion of grammatical relationships, from a sentence. Modern statistical parsing
algorithms are based on the Eisner algorithm (Eisner, 1996) for finding the dependency parse
of a sentence and employ deep learning methods to estimate the parse tree significantly faster
than the original algorithm. Eisner (1996) provided three statistical models which are used
as the basis for generating the dependency parse of a sentence. Unlike previous work, they
establish these probabilistic models not on what is observed in training data, but base them
on linguistic analysis. Of the three models they describe and test (A, B and C), the first
two assume that a speaker (or writer) focus on the hearer’s needs (comprehension) whereas
the last emphasises the speaker’s needs (i.e. ease of generation). Their experiments show
that Model C, with its emphasis on the speaker’s needs, produced the best results implying
that “speakers should not hesitate to add extra prepositional phrases to a noun, even if this
lengthens some links that are ordinarily short, or leads to tagging or attachment ambiguities”.

The list and scope of relationships between various elements of a sentence developed
by linguists, while extensive, are often contradictory. Recent work, such as the Universal
Dependencies project (Nivre et al., 2016), has focused on providing a list of relations that
are linguistically motivated and computationally useful. In this work, we analyse sentence
structure using the Stanford Parser (Chen and Manning, 2014). The Stanford parser generates
dependencies that adhere to the Stanford typed dependencies representation (de Marneffe
and Manning, 2008). This representation was developed with the aim of ensuring that the

description of relationships must be accessible to any user who could benefit from text
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understanding. de Marneffe and Manning (2008) provide a detailed analysis of the design
choices and trade-offs along with a comparison against other frameworks such as PARC (King

et al., 2003).

2.7 Summary

This chapter provided details on current Question Answering systems and their shortcomings
before introducing two tasks, Question Classification and answer selection. An overview
of the related work on these tasks was provided with specific emphasis on a couple of deep
learning methods for answer selection that this work relies on (Chapter 5). The final sections
of the Chapter explored certain linguistic theories that this work is based on.

The next chapter introduces the theoretical basis for our work into a hierarchical structure
of concepts before then detailing its implementation through what we call Types. An
empirical analysis of the effectiveness of Types for the task of Semantic Text Similarity is
provided as a proof of concept. Subsequent chapters explore the use of these Types in the

tasks of Question Classification and Answer Selection.
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Conceptual Hierarchies and

their Representation through

Types

This chapter provides the theoretical foundation for subsequent work into Question Classifi-
cation and Answer Selection. Cognitive psychology and philosophy provide several models
of cognition and reasoning within the human mind. Without relying on any one of these
hotly debated and sometimes contradictory theories, this work merely assumes that concepts

exist and they can be hierarchical.

3.1 Concepts

Concepts are generalisations or abstractions that allow the use of previous experience in

new situations. For example, a person might have a concept of a dog based on some general
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characteristics of dogs, such as them having four legs, barking or being living beings. Such
characteristics are the default set of characteristics associated with the concept. A dead dog,
for example, has different characteristics as does a blind dog. Figure 3.1! provides a visual
representation of the concept of a TREE. Prototype theory postulates that such abstractions
(Concepts) are represented by their “best” example (Hampton, 2006), which while useful

when thinking about Concepts as presented in this chapter is not central to this work.

N\ //

Fig. 3.1 The Concept TREE is created in the mind by collecting similarities from different
examples and so creating a generalisation.

Concepts are related to other Concepts providing us with ways of making use of the
experience we accumulate. Such relationships between Concepts can be represented using se-
mantic networks which are expressed as