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Abstract

The roles of attention and recurrent neural networks (RNN) in RNN-based neural

question answering (QA) systems are investigated. As an important component of

neural QA systems, attention provides a way for the most relevant words in the passage

text that are relevant to the question to be identified so that a subsequent module can

make use of this information to infer the answer. There are two main steps involved.

The first one computes similarity scores between the words in the question and those in

the passage. The second step generates the information that is relevant to the question

for subsequent layers in the QA model. Many different attention similarity functions

and relevant information generation methods have been used by various neural QA

systems. It is important to understand the characteristics of the similarity functions and

the relevant information generation approaches that perform well.

In order to make fair comparisons among similarity functions and among

relevant information generation methods, a novel baseline QA model is designed. It

captures all the major common characteristics of the leading RNN-based neural QA

models. It is made up of four parts – the embedding layer, context encoder, attention

mechanism, and answer predictor. In this way, the various similarity functions and

relevant information generation methods could be easily plugged in.

Using this baseline model, eleven existing similarity score functions are
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compared. Experimental results show that the group additive functions perform better

than the multiplicative functions. Based on this insight, a new similarity function, called

T-trilinear function, is proposed. It combines the strengths of both the additive and

multiplicative functions, and it generally outperforms all the other existing functions.

Regarding relevant information generation, five existing methods are com-

pared. Experimental results show that incorporating element-wise products into the

information concatenation helps to achieve better results. A new method is proposed,

which is able to produce better results than these five methods. Further investigation

reveals that using an FNN over the concatenation can further improve the performance.

This finding results in the second new method. Results show that it achieves better

performances than the other methods.

The role of RNNs in the neural QA systems is investigated using a represent-

ative of such systems known as DMN+. Although DMN+ performs well on most of the

20 tasks in the bAbI dataset, it is not able to tackle those tasks that involve multi-step

inductive reasoning effectively. Research results show that the RNNs in the attention

mechanism memorize the order of facts in the training data. As a result, the trained

model does not generalize well to the test samples with different orders of facts. This

problem is overcome by developing a new QA model called MoDMN+ which has an

RNN-free attention mechanism. Experimental results demonstrate that MoDMN+ has

better generalization ability than DMN+. Considering the adverse effect of the RNNs

in the attention mechanism on the multi-step induction tasks, a new QA model called

ff-DMN is proposed by discarding the RNNs from the input model in the MoDMN+

model. Experiments show that ff-DMN can successfully solve the inductive reasoning

tasks with a significantly higher predictive accuracy than DMN+ and the other existing

RNN-based QA models. Furthermore, an ensemble model is proposed and can tackle

all the 20 reasoning tasks in the bAbI dataset.
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Chapter 1

Introduction

1.1 Background

In recent years, artificial intelligence has been experiencing explosive growth in its

applications to various types of digital services that support human users [1]–[4]. One

of these services relates to providing customer services by conversing with customers

in the form of replying to their queries and responding to their comments. This can be

carried out through conversational agents [5], [6] such as chatbots [7], [8] and digital

(virtual) assistants [9], [10] using natural language [11], [12].

Currently the mainstream conversational agents rely on rule-based conversa-

tion (dialogue) flows created by dialogue engineers manually [13]. At the same time, in

order to provide answers to queries, the information need to be organised in a structured

manner. With the expanding volume of information, the process of extracting and

organizing such data is costly and time-consuming [14]. This task will be even more

arduous if we are dealing with free-form unstructured texts, such as regulatory or policy

18



Chapter 1. Introduction 19

documents. An automated approach in the form of a Question Answering (QA) system

is needed.

The history of QA systems can be traced back to six decades ago. An example

is the Baseball program [15] which was developed to extract the answer to a question

from a structured database. The format and expression of the questions have to be highly

constrained. Another well-known example is Eliza [16], a computer chatbot designed

to respond to the statements a human user entered by turning it into a question. More

capable QA systems emerged with advancements in linguistic analysis techniques. A

system called Lunar was developed by the NASA Manned Spacecraft Centre to answer

questions raised by a lunar geologist regarding lunar rocks collected by the Apollo

Moon Missions in 1970s [17]. At around the same time, a system called REQUEST was

developed by the IBM Watson Centre [18]. These QA systems require the questions to

be put in a particular format and answers are retrieved from well-formed databases.

After these initial efforts, the focus has shifted to the machine learning ap-

proach. This approach allows the answers to be inferred from a set of features extracted

from relevant natural language documents [19]–[21]. One of these QA systems applied

a Naïve Bayes classifier to select the correct answer from a group of candidates by

feeding a set of exclusively designed attributes based on the lexical information of the

question, passage, and the candidate answer fragments [22]. Another system utilised

two unsupervised machine learning techniques to compute the correlation between

a query and the document sentences depending on a feature set that was extracted

carefully [23]. These QA systems make the use of feature engineering to select a set of

inputs for the algorithms. Additionally, the types of questions they were designed to

tackle are limited to factoids and definitions.

More advanced QA systems typically combine natural language processing
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(NLP) technology with artificial intelligence techniques to form more complex system

architectures. With the availability of semantically labelled sources for training, these

systems are able to achieve higher levels of capabilities. An example is the Watson

system developed by IBM Research based on the DeepQA architecture. It competed

on the TV quiz show Jeopardy! against former human winners in 2010 and achieve

excellent performance [24], [25]. The DeepQA architecture consists of components for

question processing, answer source processing, evidence source proceeding, and answer

confidence ranking, etc. The confidence scores of these components are combined

by a hierarchical machine learning method that decide whether to buzz in to answer

a question. Although the Watson system performed well on the Jeopardy Challenge,

designing its highly sophisticated architecture took three years of intense research and

development by a team of about 20 researchers. This is mainly because it relied heavily

on feature engineering.

Although a lot of progress have been made, none of the aforementioned QA

systems is capable of learning knowledge from unstructured texts directly without using

pattern-based rules or feature engineering. Artificial neural networks, in the form of

deep learning, offer a way to learn directly from data. It has enabled a big leap forward

in natural language processing. Deep learning techniques have also been used to build

end-to-end QA systems.

1.2 Current Issues

The inputs to neural network-based QA systems (henceforth referred to as neural QA

systems) are typically a “passage” consisting of a number of sentences or statements,

and a question. The output is the predicted answer which may be a single word or
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a short phrase. These systems are trained in a supervised manner, meaning that the

training dataset consists of inputs together with their corresponding correct outputs.

Performance is then measured using previously unseen test data.

There are two main challenges for such neural QA systems. The first one

relates to the fact that the passage from which the answer is to be obtained can be

quite long. Therefore, looking for the right answer to the question can be difficult. A

technique that has been used effectively in many existing neural QA systems is to make

use of an attention mechanism. The purpose of the attention mechanism is to allow the

words in the question to be associated with those in the passage to generate information

that is relevant to the question. It can also be interpreted as a way by which the words

in the question pay attention to different parts of the passage that are considered most

relevant. This information could then be used in subsequent modules to infer the answer.

This approach has been used successfully in many neural QA systems [26]–[29].

An attention mechanism consists of two steps. The first one computes an

attention similarity score between various parts of the passage and the words in the

question. Many different similarity functions have been used by different neural QA

systems. It is not clear which similarity functions perform better than others.

The second step in an attention mechanism is the way by which information

relevant to the question is generated for subsequent layers in the neural QA network.

Two models, BiDAF and DCN, are among the first to propose methods for the relevant

information generation [27], [28]. It involves generating a question summary and a

passage summary. The relevant information is the integration of these summaries along

with other information. Different QA systems utilise different methods to perform this

integration. The relative effectiveness of these approaches is not currently known.

Although the recently emerged Transformer-based QA systems also contain
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the attention mechanism called self-attention, they are not the focus in this thesis.

Because in this type of QA systems self-attention is distributed and each layer contains

this attention. There are a number of such layers in a Transformer-based model. This

will result in a considerable amount of combinations of testing a method in self-attention.

For example, which layers are to be tested and which remain the same. These are a lot

more complex to investigate and require much longer time to undertake the investigation.

It is not feasible to fit into the time frame of the thesis. Therefore, the RNN-based QA

systems are chosen to be the focus.

The second challenge for neural QA systems is that obtaining the answer

to a question may involve reasoning across multiple statements in the passage. This

type of reasoning is usually referred to as multi-hop reasoning. There are three main

types of reasoning – sequential, deductive, and inductive. All three types of reasoning

are present in the bAbI dataset that is created by Facebook and is very extensively

used by researchers in QA systems [30]. Current QA systems are able to achieve

accuracies above 90% for the sequential and deductive reasoning tasks [20], [21], [31],

[32]. However, for the inductive tasks, the accuracies of these same systems are only

around 50%. QA systems that can perform all three types of reasoning equally well will

be important for practical applications.

1.3 Research Aims and Objectives

The main aim of this research is to study the issues related to attention mechanisms and

inductive reasoning for Recurrent Neural Network (RNN) based neural QA systems.

The goal is to gain deeper understanding of these issues so that better systems could be

designed. Five objectives of this research have been identified.
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The study of the attention mechanism is broken down into two parts. The first

part relates to the choice of attention similarity functions and the second is concerned

with relevant information generation methods. Since such similarity functions and

information generation methods are closely tied to the neural network architecture of

the associated QA systems, it is difficult to make a fair comparison of their contributions

to the performances of these systems. An approach to overcome this problem is to

construct a model that captures the common characteristics of these QA models and

allows the attention mechanism to be isolated as a separate module. Thus, the first

objective is to develop a baseline model that captures the common characteristics of

various RNN-based neural QA systems.

With an appropriate baseline model, comparisons between the performance

of various similarity functions found in the literature can be made. This comparison

will provide insight into the type of similarity functions that works well. The second

objective is to make use of the insight obtained from this comparison to develop a new

and better similarity function.

Different QA architectures aggregate different information to produce the

relevant information. The effects of different approaches to generate the relevant

information could be compared using the baseline model. The third objective is

therefore to propose a better relevant information generation method using this new

understanding.

The final two objectives relate to the unsatisfactory performances of existing

RNN-based QA systems on the multi-hop inductive reasoning task. The architectures of

such systems typically include both feedforward neural networks (FNNs) and recurrent

neural networks (RNNs). RNNs are used for two different purposes. Firstly, they help

to generate contextual representations in the attention mechanism. The fourth objective
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is to determine whether the RNNs in the attention mechanism adversely affect the

performance of the model in the inductive task. If so, then a better alternative is to be

proposed. The second purpose of RNNs is to enable the sequential dependency inform-

ation of the words from the input be captured. The fifth objective is to determine how

such RNNs may affect the performance of the model and to propose new alternatives.

1.4 Original Contributions

Corresponding to the five objectives listed above, the original research contributions of

this thesis can be summarized as follows.

1. A novel baseline QA model is proposed that captures the common characteristics

of the neural QA models with modular attention mechanisms. With this model a

fair comparison among different methods in the second and third objectives can

be conducted. This approach to investigating neural network architectures for QA

systems has never been attempted before.

2. Different similarity functions are compared for the attention mechanism using

the baseline model. Experimental results demonstrate that the additive similarity

functions perform better than the multiplicative ones. A new similarity function

T-trilinear is proposed by combining the strengths from both the additive and

multiplicative groups, and it outperforms the other functions.

3. It has been found that incorporating element-wise products into the information

concatenation helps to achieve better results. Furthermore, processing this con-

catenation through an FNN can further improve the performance. A new method

for relevant information generation is proposed based on these findings. It is able
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achieve better performances than all the existing methods.

4. The RNNs in the attention mechanism, known as attnGRU, have been found to

memorize the sequence of facts in the training dataset. As a result, if the order of

facts in the test data is not present in the training data, then the system performs

poorly. A new model called MoDMN+ is proposed with an RNN-free attention

mechanism. This model has better generalization capabilities in this respect than

the DMN+ system.

5. A new QA model called ff-DMN is proposed with an RNN-free input module,

building on MoDMN+. It is the first model that is able to solve the inductive

reasoning task with a high predictive accuracy. An ensemble model that makes

up of a conventional model and ff-DMN that can tackle all the 20 tasks in the

bAbI dataset successfully is constructed.

1.5 Thesis Outline

The rest of the thesis is organised as follows.

Chapter 2 reviews the developments of QA systems since they were first

introduced around 60 decades ago. After introducing the early rule-based and feature

engineering based systems, an overview of neural network based systems, including

RNN-based and Transformer-based models, is given. In addition, two important parts

of a neural QA systems – word embeddings and attention mechanisms, are discussed

in more detail. An extensive review of the characteristics of various datasets that are

available for experimentation with QA systems is also conducted.

Chapter 3 describes the design of the baseline model that captures the common
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characteristics of the neural QA models with modular attention mechanisms. It is

instrumental to the study conducted in the Chapters 4 and 5.

The focus of Chapter 4 is on the effects of similarity score functions on the

performance of the QA system. A new function is proposed which is shown to perform

better than other functions used in the literature. Chapter 5 continues to study the effects

of relevant information generation methods. A new method which is able to achieve the

higher predictive scores than existing methods is proposed.

Chapter 6 investigates the role of RNNs in the memory-augmented QA net-

works for the non-sequential tasks. An RNN-free attention mechanism is proposed

as a replacement of the RNN-based attention mechanism in the DMN+ model. The

resulting model, MoDMN+, is able to resolve the fact order preserving phenomenon

caused by the RNN-based attention mechanism and improve the generalization ability

of the model. Furthermore, the RNN in the input module of MoDMN+ is replaced by

an FNN which allows the resulting ff-DMN model to solve the inductive reasoning task

with 97.2% predictive accuracy, far above what can be achieved by other QA systems.

Finally, an ensemble model combining the powers of DMN+ and ff-DMN, allows all

the 20 tasks in the bAbI dataset to be tackled with high accuracy.

Chapter 7 concludes this thesis with a summary of its contributions and

discusses their significance. Several directions of further research are also suggested.
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Literature Review

Question answering (QA) systems have come a long way since its inception around

60 years ago. More recently, with advances in natural language processing (NLP)

techniques, deep learning and the computational capabilities of computer systems,

research in QA systems have experienced exponential growth. In this chapter, a review

of QA systems and models is presented. After briefly describing the early approaches

based on using rules and feature engineering, in Sections 2.1.1 and 2.1.2, the focus is

turned to neural network based QA models. There are two main types of neural QA

models. The first makes extensive use of recurrent neural networks. The second type

makes use of feedforward networks only and has architectures that are variants of a deep

network known as the Transformer. These characteristics and performances are reviewed

in Sections 2.2.2 and 2.2.4 respectively. Furthermore, some of the main techniques

used by neural NLP systems are also reviewed. They include word embeddings in

Section 2.2.1, recurrent neural networks in Section 2.2.2, and attention mechanisms in

Section 2.2.3. The main datasets used by researchers in QA system are described in

Section 2.3.

27
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2.1 Early QA Systems

2.1.1 Rule-based QA Systems

The history of QA systems traces back to 1960s. Surveys of these early QA systems

were published in 1965 [33] and 1970 [34]. These systems were designed based on

structured databases that were created with certain rules, such as lists and graphs with

specified entities. Queries were restricted to certain formats or templates in order the

answers could be found in the databases.

One of these rule-based QA systems is the Baseball program developed in

1961 [15]. The Baseball system was designed to answer English questions about the

scores, teams, locations and dates of baseball games. It used list structures to organise

the data, which summarized a Major League’s season’s experience. A snapshot of

this database is provided in Figure 2.1. The questions are restricted to single clauses

without logical connections and excluding a certain relations. Additionally, the Baseball

program contained a dictionary that helped to convert questions into a specification list

similar in format to the data structure [33]. The other list-structured database based QA

programs, like SADSAM [35] and DEACON [36], [37], developed at this stage used

similar techniques as Baseball by converting sentences into lists of entities or directly

constructing a list-structured databases.

Due to the advent of computer network and the growth of computer facilit-

ies and linguistic techniques, the explorations in QA systems ventured into realistic

applications from the experimental phase. It provided opportunities for researchers to

access a variety of computer facilities and databases located remotely by providing

answers to their questions. A representative of such practical QA systems is Lunar,

which was developed by the NASA Manned Spacecraft Centre to answer questions
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Figure 2.1: A snapshot of the Baseball program’s list-structured database [33]

raised by a lunar geologist regarding lunar rocks collected by the Apollo Moon Missions

in 1977 [17], [38]. The database is a table that contains 13,000 entries regarding the

analyse information of the Apollo 11 samples. Queries were translated into a symbolic

expression by a formal query language in order to be executed on the database. Another

QA system is REQUEST developed by IBM in 1976 [18], which was the precursor of

the famous IBM Watson system [24]. REQUEST required users to ask questions in a

formal query language, so that it was able to obtain answers from a small formatted

Fortune-500-type database.

1980s and 1990s experience the significant growth of linguistic techniques and

lexical resources, as well as their empowerment in QA systems, such as the development

of TELI [39], QUEST [40] and PARIS [41]. TELI was created to deal with comparatives

by transforming natural language sentences to executable expressions. QUEST was

designed to be a psychological model of QA, and produce answers that adults typically

produce. It depends heavily on an organization of knowledge structures and a series

of QA procedures that operated on the structure. PARIS extracts answers from a

large knowledge base structured around WordNet [42] based on its inference rules

implemented as chains of selected relations [41].

All these QA systems rely on highly structured databases build on a variety
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of linguistic resources for retrieving the answer from. The prime limitation of these

systems is that the knowledge is stored in structured databases, which allow them to be

only capable of answering questions within the restricted scope of information. Another

limitation is that the types of question expressions are strictly constrained in order to be

executed by the query transformation rules.

Figure 2.2: A snapshot of the conversation between ELIZA and a user

Another type of rule-based QA systems is based on pattern operation rules.

One of these systems is ELIZA developed by Weizenbaum in 1966 [16]. ELIZA was

created to simulate a Rogerian psychotherapist to converse with patients in natural

language. The responses it produced to the statements entered by human users were

based on a set of pattern transformations defined by a prepared script. The pattern

consists of keywords and the operations are the substitution of an English text segment

in conjunction with some portion of the user’s input sentence. A snapshot of the

conversion between a user and ELIZA is provided in Figure 2.2.

Following the advent of ELIZA, the other QA systems were developed, such

as Parry and Alice. Parry was developed by Stanford University as a paranoid patient in

1970s [43]–[45], which was written in a high-level programming MLISP and was limited

to linguistic communication by means of teletyped messages. Alice was developed

in 2001 [46] using Artificial Intelligence Markup Language (AIML) to converse with

human users with text-based rules.
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These early pattern-oriented rule based QA programs, acting as conversational

agents, are simply stimulus-response models, which recognise something in the input

and then just respond to it without inferring [47]. Their rules created ways for them to

converse with users, but also constrained them to a very limited scope of discourse.

2.1.2 Feature Engineering based QA Systems

Feature engineering based QA systems are characterized by the extraction of features

from natural language questions and answer sources. They reply on a variety of

linguistically-based NLP techniques, such as part-of-speech tagging [48], syntactic

parsing [49], and name entity recognition [50]. These QA systems retrieve relevant

passages to a question from document collections, extract candidate answers, and select

the top-ranked one [51], [52]. In general, they are made up of three main components as

shown in Figure 2.3, which are question processing, document processing, and answer

processing [53].

Figure 2.3: A general block diagram of feature engineering based QA systems

The goal of the question processing component is to classify a question into

the taxonomy of answer types based on the features extracted from the question. Some

early work undertook the classification through hand-craft rules or heuristics. This type
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of work usually used a shallow level of NLP techniques to analyse the surface form of

a question, and adopted the rules to assign the question to the corresponding type of

answers [54]–[58].

The document processing component first retrieves relevant documents to the

question, and then filters the retrieved documents and order the candidate paragraphs

based on manually defined features, such as same word sequence score, distant score,

and missing word score [59]. The answer processing component identifies the answer

candidates within the filtered ordered paragraphs through parsing, extracts the answer

by choosing the word or phrase and validates the answer by providing the confidence in

its correctness [56]. The performance of the whole system is contingent on the features

generated in each component.

With the advances in artificial intelligence, QA systems started to adopt ma-

chine learning techniques. One of the examples is in [60] which focused on improving

the accuracy of question classification by applying a machine learning based parsing.

Pasca and Harabagiu [61] fed a perceptron with seven manually created features to rank

the answer candidates. Juárez-González, et al. [22] trained a Naïve Bayes classifier to

select the answer from a set of candidates. Chali and et al [23] adopted two unsupervised

machine learning techniques – K-means and Expectation Maximization, to compute the

relative importance of sentences. In these QA systems, machine learning was used in

one of the components of the whole system, and linguistic features are crucial for the

performance.

Some advanced QA systems added more sophistication than that shown in

Figure 2.3. A representative archetype is the IBM Watson [24], which competed on the

TV quiz show Jeopardy! against former human winners in 2011 [24]. Its architecture is

demonstrated in Figure 2.4. All its components post features of computation and the
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associated confidence levels, and they are combined by a hierarchical machine learning

method that decide whether to buzz in to answer questions in the open domain. Watson

cognitive computing system has been serving as a platform for many applications in a

variety of areas [62], [63]. However, it still basically relies on feature engineering and

various external semantic resources. This requires considerable effort and time when

adapting it to new domains, particularly for the languages with very few such resources

available.

Figure 2.4: The DeepQA architecture [25]

The main limitation of these early QA systems is that they were designed to

perform on specific datasets according to the different attributes of the datasets. This

means that it is difficult to compare the performance of one system with another, as

there is no common test data that applies to all of them. More importantly, they are not

data-driven, which means that they cannot automatically learn from data.
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2.2 Neural QA Systems

Deep learning is a recent development in artificial neural networks (ANN) [64]–[66]. It

provides an alternative approach to build QA systems. Instead of having to manually

define the features to be extracted, deep learning can learn useful representations at

different scales automatically when presented with inputs and outputs [66]–[68]. Learn-

ing is conducted typically in a supervised fashion [69], [70]. Given labelled training

data, deep learning can learn useful representations for predicting the downstream tasks.

Some deep learning techniques are designed for unsupervised learning [71], [72]. The

training algorithms enable these deep learning models to learn features and patterns that

can provide better insights for understanding the data.

In the past decade, various types of neural network architectures in deep

learning, such as deep feedforward neural networks (FNNs) [71], [73], convolutional

neural networks (CNNs) [74], [75] and recurrent neural networks (RNNs) [76]–[78],

have been shown to perform unexpectedly well in a number of traditionally considered

difficult areas [79]–[83]. These areas include computer vision [84], [85], speech

recognition [81] and natural language processing (NLP) [86], [87]. Figures 2.5, 2.6 and

2.7 illustrate the architectures of these three main types of neural networks.

Figure 2.5: An example of a three layer FNN
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Figure 2.6: An example of a CNN [88]

Figure 2.7: The illustration of an RNN

Deep neural networks have provided the most significant advances in NLP

including the development of QA systems. These systems can be categorised into two

main groups according to the type of neural network architectures that they used. The

first group of systems makes use of RNNs to capture dependencies of words that are

far apart. The second group is based on an architecture known as the Transformer that

has a feedforward only architecture. RNN and Transformer based QA systems will be

reviewed in Sections 2.2.2 and 2.2.4 respectively. Since the subject of this thesis is on

RNN-based QA systems, they will be discussed in more detail.

In order to process natural languages which are symbols, they must be con-

verted into numbers so that neural networks can process them. A basic technique is to

represent each word as a numerical vectors known as word embedding. Techniques to
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compute word embeddings will first be reviewed.

2.2.1 Word Embeddings

Word embeddings are the learned representations of words, in the form of numerical

vectors. Ideally, these vectors should be close to each if the meanings of the words that

they represent are similar. In order to provide sufficient space to encode a large number

of words, these vectors are typically high-dimensional. They are obtained through

embedding models that are trained on large corpora. The two main categories of models

are described in the following subsections.

2.2.1.1 Matrix Factorization-based Methods

Word representations obtained by matrix factorization methods utilize low-rank approx-

imation to decompose large matrices that capture statistical information on a corpus.

The history of these methods can be traced back to 1990 when latent semantic analysis

(LSA) was introduced [89]. With LSA, a “term-document” matrix which describes the

occurrences of terms in documents. Each row of this matrix correspond to a term found

in the documents and each column correspond to a document. The dimension of this

sparse, high-dimensional matrix is then reduced using singular value decomposition

(SVD) while preserving the similarity structure in the columns.

An alternative strategy was introduced in 1996. It is known as Hyperspace

Analogue to Language (HAL) [90]. With this method, a word is represented as a vector

of other words co-occurring with it. A co-occurrence matrix is formed by sliding

a window consisting of several words over the source corpus and summing the co-

occurrence counts for each word pair as the cells of the matrix. Dimension reduction
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is achieved by retaining a relatively small number of principal components of the co-

occurrence matrix. As a result, words co-occurring have similar row structures. HAL

paved the way for the subsequent co-occurrence matrix based word vector approaches.

A main problem with HAL is that the most frequent but unimportant words,

such as the and a, can cause high variance in their respective columns. This means

that the information of these columns tend to be retained while those of other import-

ant but less frequently-occurring words tend to be eliminated through dimensionality

reduction. Several techniques have been proposed to tackle this problem. One of

them is COALS [91] where the co-occurrence matrix is first normalized by an entropy

or correlation-based method. A merit of this approach is that the raw co-occurrence

matrix is compressed so as to be distributed more evenly in a smaller interval. Other

subsequent methods also pursue this direction of improvement. For example, Bullinaria

and Levy [92] verify that positive pointwise mutual information (PPMI) is a good

normalization method. It is worth noting that they also showed that the cosine distance

measure is the best way to calculate word similarity along with the PPMI components.

In 2014, Lebret and Collobert proposed Hellinger PCA (HPCA) [93] by making a

square root type transformation called Hellinger distance, which was suggested as a

relatively simple but still effective way among the word embedding methods.

More recently a GloVe vector model has been introduced [94], which not

only makes use of the statistics of word occurrences in a corpus as the aforementioned

methods do, but also captures the global corpus statistics. After constructing the matrix

of word-word occurrence counts, the co-occurrence probabilities are extracted, which

indicate how often one word appears in the context of another. Then the ratio of these

obtained probabilities is calculated, which was verified to provide better discrimination

between two relevant words. The pre-trained GloVe vectors with 50d, 100d, 200d, and

300d have been released publicly by the authors, which were trained on a large corpus
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(Wikipedia 2014 + Gigaword 5). These pre-trained word vectors have become one of

the most prevalent options for a number of subsequent NLP tasks to represent words

[20], [95]–[98].

2.2.1.2 Neural Network-based Methods

Word representations learned by neural networks are usually called distributed word

embeddings, wherein words are embedded into a vector space. In the beginning, words

were represented as one-hot vectors, which have the same size of the vocabulary and

were assigned 1 to the position of a word and remain all other elements as 0. The

one-hot vectors require a lot of memory and cause the severe data sparsity problem.

Converting them into a dense latent feature with neural networks was a main concern of

the earlier NLP researchers.

One of the earliest work of distributed representation learning, which is later

applied to word embeddings, dates back to 1986 published in Nature by Hinton et

al. [99]. This idea was applied to a language model that learns word vector representa-

tions by Bengio in 2003 [100]. In 2008, Collobert & Weston brought the concept of

word embeddings that each word is embedded into a fixed dimensional space [101], and

since then word embeddings are commonly referred to word vectors obtained by any

methods. In this word embeddings approach, the training of word representations is

connected with the downstream multi-tasks learning in a unified deep neural network

(DNN). By training this unified DNN with labeled data in a supervised way, word em-

beddings are obtained, which can optimize the performance of the system. This method

not only establishes word embeddings as a useful tool for NLP, but also introduces

neural networks as an important approach for many subsequent NLP techniques.

Despite the abovementioned Collobert & Weston’s work plays a precursor
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role in neural word representations, neural networks became eventually popular in

word representations a few years later when Mikolov et al. presented two different

neural network models for learning word embeddings in 2013 [102]. These two

models are continuous bag-of-words (CBOW) and continuous skip-gram. The main

difference between these two models and Collobert & Weston’s work is that they do not

require labeled data that are expensive to access. They can be trained on large corpora

in an unsupervised fashion to obtain distributed word representations. The CBOW

architecture predicts the centered word with the surrounding words, and the skip-gram

architecture predicts the contextual words given the current word. The authors also

made 300-dimensional pre-trained word2vec embeddings publicly available by training

the CBOW architecture on a 100-billion-word corpus from Google News. The word2vec

has been leveraged by many succeeding publications [103]–[106].

2.2.2 RNN-based QA Systems

In the area of NLP, recurrent neural networks (RNNs) have been widely used to model

the dependencies of text which is essentially sequential in nature [86], [107]. RNNs have

the capability of modelling semantic and syntactic relationships over words, sentences,

or even larger chunks of texts.

A recurrent neural network (RNN) consist of layers of neurons that have

connections not only with the succeeding layer but also with its own layer [108] as

shown in Figure 2.7. This unique structure allows them to model sequences [109]. In

principle a large enough vanilla RNN should be sufficient to learn sequences of arbitrary

length. In practice, however, they are unable to learn the relationship between items

in a sequence that are substantially far apart. This is because of a numerical problem

known as the vanishing/exploding gradient problem during the training stage [110].
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Some variations of RNNs have been developed to tackle this issue, such as

Long Short-term Memory (LSTM) [111] and Gated Recurrent Unit (GRU) [112]. They

have specially designed gates that makes them capable of having a longer memory

without having the vanishing/exploding gradient problem. An LSTM has a forget gate,

an input gate and an output gate to help decide what information in a sequence to keep

and what to discard in each cell. A GRU has a reset gate and a update gate which play a

similar role in regulating the flow of information. They have been successfully applied

to a number of applications, such as language modeling [113], [114], neural machine

translation [115], [116], sentiment analysis [87], [117], and question answering [20],

[118].

The structure of a standard RNNs can only relate the current to the preceding

context in a sequence; they are unable relate the current with the succeeding context.

For instance, consider the following three sentences:

“Yesterday Mary went to school in the morning. She walked to the

bookstore after school. After that she took a bus to the cinema.”

With standard RNNs, the representation of the middle sentence can only contain the

information of the preceding sentence, but not the succeeding one. In order to let the

representation capture the context in both directions, bi-directional RNNs was proposed

[78]. They have been widely used in the forms of bidirectional LSTM and GRU [119]–

[122].

Many question answering models also consist of both standard and bid-

irectional RNNs. Some utilise them to capture the sequential dependencies among

words [27], [28] while others use them to capture dependencies among sentences [20],

[32]. In this thesis, they are referred to as RNN-based QA systems.
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RNN-based QA systems generally derive the answer to a question in the

following way. Words in the passage and question are first converted into word em-

beddings as described in Section 2.2.1. Then RNNs are utilised to capture temporal

dependencies between words, phrases or sentences. Next, the parts of the passage

that are most relevant to the question is focused on through the use of an attention

mechanism. Finally, the answer is inferred from the relevant information generated by

this mechanism.

Different systems use different ways to implement these steps. Some models

make use of pre-trained word embeddings like GloVe [20], [27], while [32] uses random

embeddings. Yet others incorporate linguistic features [26], [123], [124]. For the second

step, some QA models use standard RNNs to capture the contextual information in

forward direction [20], [28], while some adopt bi-directional RNNs [27], [32].

As for the attention mechanism, a variety of different methods have been used

in the literature as well. Some attention models contain only one hop of the computation

which is applicable if the answer could be found directly from the passage [26]–

[28]. Some others have multiple hops so that they are able to perform multi-step

reasoning [20], [32]. Even for those with only one computational hop, different methods

for calculating the attention similarity score are used. For instance, the BiDAF model

uses a trilinear function, while the DCN model makes use of a dot-product function.

Attention mechanisms are reviewed in more detail in Section 2.2.3. As for answers,

some system produces single-word answers [20], [21], [32], [125]. Other systems are

able to represent the answer as a span or range of word indices in the passage [26], [27],

[29], [124].
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Figure 2.8: The attention mechanism in the RNNsearch model

2.2.3 Attention Mechanisms

Attention mechanisms have become an increasingly influential technique in deep learn-

ing, and they have been applied to many application areas in recent years [126]–[130].

In NLP, handling long sequences of words is a crucial and challenging task. The tra-

ditional way is to compress long sequences into short fix-length vectors [112], [131].

However, this can potentially cause a loss of information, especially in the earlier stages

of the processing pipeline [115]. Attention mechanisms were proposed to circumvent

this problem by focusing on the information that is most relevant to the target.

One of the earliest work in NLP that introduced an attention mechanism is

the RNNsearch model which was developed for neural machine translation [115]. In

this model, the attention mechanism allows the decoder to determine which parts of the

source sentence to pay attention to at each time step. This is illustrated in Figure 2.8.

Technically, it involves two step –
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1. Calculate the matching scores between the target word in the previous time step

and each word in the source sentence;

2. Generate the word in the current time step by taking the sum of all the source

words weighted by their respective probabilities.

Another early work that makes use of attention is in [132]. Here, the authors used

different functions for calculating matching scores.

Although both of these attention mechanisms are used in machine translation,

their success has inspired its use in neural QA models [133]–[135]. The attention

mechanisms used in QA models can be categorised into two types. The first type is

known as modular attention. It is used in RNN-based QA systems. The second type is

known as self-attention. It is an integral part of the Transformer model which will be

reviewed in Section 2.2.4.

The differences in the way these two types of attention works is closely related

to the architectures of RNN-based and Transformer-based QA models. The question

and the passage text are separated in RNN-based systems. Therefore which part of

the passage is paid attention to depends on the words found in the question. In other

words, attention score is computed between these two entities. As a result, the attention

mechanism forms a distinct module within the QA model architecture. On the other

hand, in Transformer-based models, the question and the passage are concatenated as a

single input sequence. Consequently, one cannot distinguish between the two and hence

attention must be computed between all the words in this input sequence. Hence it is

called self-attention.

There are a number of different ways modular attention is implemented. A

simple but popular way is to use matrix multiplication operations. This can be found
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in [26]–[29]. Another way is to use RNNs to produce relevant vectors [20], [32], [136],

[137]. This is referred to as gated attention, as the attention weights are used to replace

a certain gate in a gated RNN such as GRU. This method can be found in [20], [32]. A

more detailed review of the operations involved in modular attention can be found in

Sections 4.1 and 5.1.

2.2.4 Transformer-based QA Systems

The Transformer model was first proposed in [133] for natural language processing. Its

structure consists of a stack of encoders and a stack of decoders as shown in Figure 2.9.

These encoders and decoders are feedforward networks. Hence, a Transformer does

not use RNNs to capture sequential dependencies in a sequence. Instead, it relies on a

position encoder to preserve the information of the position of each word within the

text. The encoders and decoders learn the contextualized representations of each word

in the sequence and map the representation of the original sequence to that of the target

sequence.

Figure 2.10 shows in more detail the structures of the sub-layers within each

encoder and decoder layer. Self-attention is a sub-layer of each of the two different types

of layers. The only difference between the decoder and the encoder is that the former

predicts the current word based on the preceding words in the sequence (unidirectional)

and the latter uses both the preceding and succeeding words (bi-directional).

Transformer has been shown to perform very well in natural language tasks.

Many variants based on this architecture have appeared in the literature. GPT [138],

developed by OpenAI, is among the first of these variants to utilise semi-supervised

learning. It was trained with unlabelled data from over seven thousand unpublished
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Figure 2.9: A block diagram of the Transformer model

books. Then the trained model was fine-tune with labelled NLP labelled data in a

supervised fashion. GPT has 117M parameters and only consists of decoders. Thus

it only uses a unidirectional context for the current word. Another variant known as

BERT was proposed by Google. It has a full encoder-decoder structure to make use

bi-directional contextual learning [139].

GPT-2 [140] has 1.5 billion parameters, ten times more than its predecessor

GPT. It was trained with ten times more data than GPT as well. It exhibits the impressive

ability of writing coherent essays better than any computer is able to produce. GPT-2

showed that having more parameters and trained on larger datasets help to improve the

capability of such deep learning networks for many NLP tasks. Thus its successor, the
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Figure 2.10: The sub-layers in the encoder and decoder of the Transformer model

GPT-3 [141], has ten times more parameters at 175 billion. It performs very well on

downstream NLP tasks in zero-shot and few-shot settings. It is difficult to distinguish the

articles written by GPT-3 from those written by humans. Other large-scale models have

emerged. One of them is the Switch Transformer with a trillion parameters, but without

increasing computational costs [142]. DALL-E [143] is a Text2Image system trained

on text-image pairs. Wu Dao 2.0 has both Chinese and English language generation

skills [144].

A drawback of the Transformer model is that the length of text dependency is

fixed at design time. In order to enhance its ability to learn longer-term dependencies,

recurrent structures are re-introduced in the Transformer-XL model [145].

Transformer-based models are first pre-trained on multiple large-scale lan-

guage corpora, such as BooksCorpus dataset [146] containing 7,000 unpublished books,
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Common Crawl dataset 1 and English Wikipedia 2. Then these pre-trained models are

deployed for specific downstream NLP tasks, including question answering. However,

the architecture of these Transformer-based models is such that the input is a single

sequence of text. Hence there is no distinction between the question and the passage.

Therefore, the question and the passage are concatenated into a single sequence. This

applies to BERT, GPT-3, XLNet [147] and T5 [148]. Thus the most significant differ-

ence with RNN-based QA models is that the passage and the question are not separated

but are treated as a single concatenated sequence of words. Furthermore, self-attention

is computed in each encoder layer rather than computed in one single part of the model.

This makes self-attention a distributed and integral part of each layer which cannot be

separated.

2.3 QA Datasets

Publicly available datasets are very important for the research in data-driven algorithms

and models. They allow researchers to compare the capabilities of different systems. A

number of datasets can be used for QA systems. They are categorised and reviewed

below.

2.3.1 Datasets with Text-span Answers

The most important characteristic of this group of datasets is that the answers to ques-

tions may span multiple words in the passages. The answers are therefore represented

by indices of the start and end (the span) words in the associated passages. The goal of

1https://commoncrawl.org/the-data/
2https://en.wikipedia.org/wiki/English_Wikipedia
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a QA system is to extract these spans, referred as span-extraction [149]. An example is

shown in Figure 2.11 where the answer is displayed in blue. The length of the spans for

different answers will typically be different.

Figure 2.11: Example of answer span extraction task

One of the most popular datasets of this type is SQuAD [149]. It consists of

107,785 question-answer pairs on 536 articles selected from Wikipedia. It is the first

large-scale dataset with span-based answers and natural (non-synthetic) passages. It has

become a benchmark for neural QA systems [26]–[29]. A more recent version of this

dataset is SQuAD 2.0. In addition to the data already in SQuAD, this version has over

50,000 unanswerable question. The main purpose of creating SQuAD 2.0 is to train QA

models to handle questions which have no answer.

The other span-based datasets includes NewsQA, TriviaQA and MS MARCO.

NewsQA [150] is a crowdsourced dataset with passages obtained from CNN news.

It has similar characteristics with SQuAD but the articles (passages) in NewsQA are

significantly longer. TriviaQA [151] contains over 650K question-answer pairs. The

questions originate from trivia enthusiasts. The passages are obtained independently

from various sources including encyclopedic entries, blog articles and news articles.

Some questions require multi-sentence reasoning. MS MARCO [152] comprises of

1,010,916 anonymized questions sampled from the search engine logs of Bing. There
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are 8,841,823 passages, extracted from 3,563,535 web documents retrieved by Bing.

2.3.2 Multi-step Reasoning Datasets

The first question answering dataset focusing on multi-step reasoning is a synthetic

dataset known as bAbI [30]. It is created and released by Facebook. The answer to a

question is a single word or entity, which is very different from the index-span datasets.

The dataset contains 20 different types of tasks. Each type requires different reasoning

abilities. Some of the tasks, such as sequential reasoning, deductive reasoning and

inductive reasoning, require reasoning across multiple sentences. The bAbI dataset has

aided the development of a number of neural QA systems that can conduct multi-hop

reasoning. Such systems are usually made of memory networks [31], [153]. Some of

the most successful ones include DMN [20] and DMN+ [32].

Another multi-hop reasoning dataset is HotpotQA [154], which contains 113k

Wikipedia-based question-answer pairs. The answers require reasoning over multiple

supporting paragraphs. The reasoning types are completely different from those in the

bAbI dataset. They are defined according to the type of bridges between the entity in

one hop and the following hop. They can be interpreted as knowledge graphs, and this

dataset is used for building a Wikipedia hyper-link graph.

Other datasets include QAngaroo WikiHop [155] and QAngaroo MedHop [155]

and COMPLEXWEBQUESTIONS [156]. The two QAngaroo datasets are constructed

using existing knowledge bases – WikiData and DrugBank respectively. As a result,

the answers are entities in these knowledge bases. The COMPLEXWEBQUESTIONS

dataset makes use of the web-based knowledge base and focuses on decomposing a

complex question into sequences of simple questions, that answer to each of which is
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Figure 2.12: A sample of the multi-choice QA task

extracted through a search engine. All these three datasets involve structured knowledge

graphs to a more or less extent.

2.3.3 Multiple-choice Datasets

There are some datasets that are formulated as multiple-choice questions and answers.

MCTest [157] is a representative in this group. A sample from MCTest is shown

in Figure 2.12. This dataset contains 2000 questions and 500 fictional stories. The

complexity level is limited to that of a 7 year-old child. Thus its size is too small for

modern data-driven intensive deep learning models.

A larger dataset known as RACE consists of 27,933 passages and 97,687

questions [158]. The samples in RACE are collected from English reading compre-

hension tasks for Chinese students in middle and high schools. Thus the required

understanding level is higher than that for MCTest. Another characteristic of RACE is

that the candidate answers are not restricted to be text spans in the original passage and

they can be words that do not exist in the passages.

A third multiple-choice QA dataset is QASC [159]. QASC contains 9,980

multiple-choice questions from elementary and middle school level science. In order to

answer some questions, common-sense reasoning is required. Hence it is beyond the
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Figure 2.13: A sample of the cloze-style QA task

scope of current QA systems.

2.3.4 Cloze-style Datasets

Cloze-style questions are statements with a missing segment. A sample of this type of

questions is shown in Figure 2.13. It is obtained from the CNN/Daily Mail dataset [160].

This dataset contains 1.38M cloze-tyle questions, constructed by blanking out entities

in abstractive summaries of CNN and Daily News articles. The answers can be found

in the original articles.

Another cloze-style dataset is the Children’s Book Test (CBT) [161]. CBT is

built from 108 freely available books. In each sample, twenty consecutive sentences

from a chapter of a book are excerpted for the context, and the twenty first sentence

serves as the question but with one entity or a common noun removed. The aim is

to choose the right answer from the candidate answers. Thus, CBT is a cloze-style

multiple-choice dataset. Another similar type of dataset is Who-did-What (WDW) [162].

One distinct characteristic of WDW is that for each sample two separate articles are

used, with one serveing as the passage and the other as the basis for the question.

Another characteristic is that the segment blanked out from the question is always the
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name of a person.

2.3.5 Other Datasets

There exist other datasets. Some require boolean (Yes/No, True/False) answers. Ex-

amples are BoolQ [163], AmazonYesNo [164], PubMedQA [165], ShARC [166], and

CoQA [167]. They are quite different from the datasets used in this thesis and serves

different purposes.

In neural QA systems literature, performances using SQuAD and bAbI data-

sets are the most commonly cited. Thus, these are the datasets that are used in this

research.



Chapter 3

The Baseline QA Model

This thesis aims to provide some understanding to the way each part of a neural QA

system contributes to its performance. One important part is the attention mechanism.

As the review in Chapter 2 shows, RNN-based QA systems are modular in nature.

Therefore they are a good vehicle for our studies.

It is vital to study the relative effectiveness of different methods that are used.

One of the obstacles to making fair comparisons is that the architectures of these systems

are different. This creates problems in making comparisons. The approach taken in this

research is novel. First, the common characteristics of the prevalent RNN-based QA

systems are identified. Then a baseline model with all these common characteristics are

designed for this study.

In this Chapter, the focus is on the design of the baseline model. It will be

used in the studies described in Chapters 4 and 5. The architectural characteristics of

the important RNN-based QA models are reviewed in Section 3.1. These characteristics

lead to the proposal of the baseline model detailed in Section 3.2. In order to verify that

53
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this baseline model is correct, the performances using this model are compared with

those produced by the original models. These results are presented in Section 3.3.

3.1 Architectures of RNN-based QA Systems

A number of RNN-based QA systems can be found in the literature. A representative

is BiDAF [27] which appeared in 2017. Its architecture is illustrated in Figure 3.1. It

consists of five basic layers. The first layer maps each word to a high-dimensional

vector by combining both word-level and character-level embeddings. The second layer

is the contextual embedding layer which makes use of a bidirectional Long Short-Term

Memory (biLSTM) to capture the temporal dependencies among words for both the

passage and the question. This is followed by the attention flow layer that act as an

attention mechanism to generate both context-to-query and query-to-context attention-

based summaries. The subsequent modeling layer applies another biLSTM to the output

of the attention mechanism, to produce query-aware context representations that capture

the temporal interactions among them. Finally, the output layer outputs a prediction of

the answer through two classifiers which produces the start and end indices of words in

the passage.

These layers in the BiDAF model are typical for a number of such QA systems.

However, in some models, two adjacent layers may be grouped into a single module.

An example is the DCN model [28] which has three modules – a document and question

encoder, a co-attention encoder, and a dynamic pointing decoder, as shown in Figure 3.2.

The first encoder serves the same functions as the first and second layers of BiDAF but

without the character-level embeddings. The co-attention encoder acts as an attention

mechanism. But it uses a different attention similarity function and a different approach
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Figure 3.1: Block diagram of the BiDAF model
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Figure 3.2: Block diagram of the DCN model
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Figure 3.3: Block diagram of the SAN model
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Figure 3.4: Block diagram of the DocQA model
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Figure 3.5: Block diagram of the QANet model
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to generate passage-aware query summaries. The decoder performs the same functions

as the modelling and output layers of BiDAF.

Other examples of such neural QA systems include SAN [26], QANet [29],

DocQA [124], DrQA [168], and FusionNet [169]. Some of these models include

additional linguistic features in addition to word embeddings [26], [123], [168], [169].

SAN extensively includes several linguistic features and pre-trained vectors, as well

as adds a self-attention layer after the attention mechanism, as exhibited in Figure 3.3.

DocQA adds an additional self-attention calculation following the attention mechanisms

well as displayed in Figure 3.4. QANet demonstrated in Figure 3.5 adopts an alternative

way of using RNN to encode sequences, whereas FusionNet focuses on making use of

the outputs of all the layers in a stacked biLSTM to create a so-called fully-aware fusion

mechanism. Some of these QA systems adopts linear feedforward neural networks

to classify the start and end positions of the answer text span [27]–[29], [124], while

others use the matrix multiplication to predict the answer span indices [26], [123], [168],

[169].

Even though the models mentioned above differ from each other in some

aspects, there are four common components in their architectures. First, words are

mapped into a high-dimensional vector space called word embeddings. Second, con-

textual dependencies among the words are captured by an RNN-based context encoder.

Third, relevant information from the passage is generated with an attention mechanism.

Finally, the output of the attention mechanism is passed into two separate classifiers,

which predict the start and end indices of the answer span in the passage, respect-

ively. Furthermore, the way these components are organised is the same as shown in

Figure 3.6.
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Figure 3.6: The relational illustration of the four components

3.2 The Baseline Model

The baseline model is designed to provide a fair comparison of the effectiveness of

various similarity functions detailed in Chapter 4 and several approaches for relevant

information generation described in Chapter 5 used in modular attention mechanisms.

A block diagram of this model is illustrated in Figure 3.7. It consists of four modules

that are used in a range of QA systems that have been described in the previous Section.

These modules – embedding layer, context encoder, attention mechanism and answer

predictor, are described in detail below.
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Figure 3.7: Diagram of the baseline model

3.2.1 Embedding Layer

Converting text symbols to word embeddings is required in any neural network-based

QA model [20], [26], [27], [31], [32], [169], [170]. Let a passage with M words be

denoted by {x1, x2,⋯, xM}, and a question with N words by {q1, q2,⋯, qN}. In the
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word embedding space, the passage is represented as {ep
1,e

p
2,⋯,e

p
M} ∈ RM×υ and the

question as {eq
1,e

q
2,⋯,e

q
N} ∈ RN×υ, where υ is the dimension of the word embedding

vector.

Figure 3.8: The possible usage of the FNN in the embedding layer

Pre-trained word embeddings can be used in line with a number of QA

models [26], [29], [124], [137]. Concerning the computational capabilities of the

hardware resources on which the baseline model is trained, an adjustment layer is

designed by using a feedforward neural network (FNN) to map the word embeddings

into another vector space. If the hardware with sufficient memory is available, the

dimension of the output layer of the FNN can be set as the same as that of the input

layer, referring to Figure 3.8(a). However, if only machines with limited memory can be

leveraged to train the model, the dimensionality of the word embeddings can be reduced

to the number that suits the hardware, referring to Figure 3.8(b). In the implementation,

according to the capability of the computational facilities option (b) is chosen to reduce

the 300-dimensional GloVe embeddings to 100-dimensional.
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3.2.2 Context Encoder

The context encoder module is used to fuse the positional information of the word

sequence into each word representation. Some QA models use unidirectional RNNs to

do this work [28], but more QA models adopt the bi-directional RNNs [26], [27], [171].

By using unidirectional RNNs the information on the past context is encoded into the

representation of the current time step as the illustration shown in Figure 3.9(a). By

using bi-directional RNNs, the information on both the past and the future context can

be encoded into the current step as shown in Figure 3.9(b).

Figure 3.9: Illustration of unidirectional and bi-directional RNNs

In this module, the sequence of words in the passage is passed to a bi-

directional LSTM (biLSTM) layer to fuse the positional and contextual information into

its hidden states, known as contextual embeddings H = {ht}
M
t=1 ∈ RM×d. The sequence

of words in the question is also fed into a biLSTM to generate its contextual embeddings
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U = ut
N
t=1 ∈ RN×d. The calculation of H and U can be expressed as:

ht = biLSTM(ht−1, w
p
t ), (3.1)

ut = biLSTM(ut−1, w
q
t). (3.2)

A more intuitive block diagram of a biLSTM layer is demonstrated in Fig-

ure 3.10. The black lines represent the forward direction of a LSTM layer, and the blue

lines represent the backward direction.

Figure 3.10: Illustration of a bi-directional LSTM layer

Figure 3.11: The structure of a LSTM cell

A LSTM cell is shown in Figure 3.11. There are three gates – forget gate,
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input gate and output gate, to govern what information to discard and what to flow into

the next cell. The computation of a LSTM cell at the time step t is as follows:

ft = σ(wfxt +ufht−1 + bf), (3.3)

it = σ(wixt +uiht−1 + bi), (3.4)

ot = σ(woxt +uoht−1 + bo), (3.5)

ct = ft ○ ct−1 + it ○ tanh(waxt +uaht−1 + ba), (3.6)

ht = ot ○ tanh(ct). (3.7)

Here ft, it, and ot represent the forget, input and output gates. wf , wi, wo and wa are

the trainable weight vectors associated with the input vector xt, uf , ui, uo and ua are

the trainable weight vectors associated with another input vector h(t − 1), which is the

hidden state of the previous cell.

In a biLSTM layer, each cell in one direction produces a hidden state vector.

It means at any time step, there are two LSTM cell, in the forward and backward

directions. Their corresponding hidden states are concatenated to pass into the next

module. The concatenation is shown in the following equation:

ht = [h
forward
t ; hbackward

t ], (3.8)

where the semicolon denotes the two vectors are concatenated along their dimension

direction.

The advantage of contextual embeddings is that they capture the positional

and ordering information of words within a sequence (a sentence or a paragraph) [27],

[28], [32], [172]. In other words, contextual embeddings contain the information on the

context (what goes before and after) of the current word. As a result, the same word
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appearing in different places and representing different meaning will have different

contextual embeddings.

3.2.3 Attention Mechanism

As the passage usually contains information that are irrelevant to the question, the main

objective of this attention module is to identify the relevant portions of the passage. An

example is shown in Figure 3.13. The highlighted parts are the relevant information,

which are supposed to be identified by the attention mechanism in this module. The

darker the color is, the more relevant the parts are to the question. Numerically this is

represented by the similarity scores in the attention mechanism. An attention mechanism

usually consists of two parts — similarity score calculation and relevant information

generation. They are described in the following subsections.

Figure 3.12: Illustration of identifying relevant portions of the passage

3.2.3.1 Similarity Score Calculation

The similarity score calculation component is the first step of an attention mechanism.

It computes the scores that quantify the extent of relevance between a piece of texts

in one sequence and that in another. More specifically, in this baseline model, this



Chapter 3. The Baseline QA Model 68

Figure 3.13: Illustration of attention similarity calculation

component calculates word-to-word relevance, each word in the question to each word

in the passage.

Given two vectors hi and uj representing the ith and jth elements of the

contextual embeddings of the passage H and of the question U respectively, the attention

similarity score between them is given by

sij = φ(hi,uj) (3.9)

where φ(⋅) is the similarity function. The attention score matrix S ∈ RM×N is obtained

by arranging these scores in rows and columns. A matrix illustration is demonstrated

in Figure 3.13. Each row represents the similarity between the corresponding word

in the passage and all the words in the question. Likewise, each column represents

the similarity between the corresponding word in the question and all the words in the

passage.

In this baseline model, this computational block purposely isolated from the

rest of the model so that φ could be easily replaced in the comparative study. Details of

the most common similarity functions are discussed in Chapter 4.
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3.2.3.2 Relevant Information Generation

Instead of using the similarity score matrix S directly, it is first normalized. The

normalized form of S is known as the attention weight matrix A ∈ RM×N with elements

given by

αij =
exp(sij)

∑
N
k=1 exp(sik)

. (3.10)

Such normalization yields 0 ≤ αij ≤ 1, and they represent the probability of each passage

word i being related to each question word j. Note that

∑
j

αij = 1,∀i (3.11)

This attention weight matrix A is used to generate attention based summaries. These

usually include the context-aware summary Ũ ∈ RM×d, and the question-aware summary

H̃ ∈ RN×d. The former is also known as context-to-query summary in some models [27],

[124], plays an important role in generating the relevant information in all related

attention mechanisms [27], [123], [134], [173]. The latter is only included by some

attention mechanisms [17]. Here in the baseline model the context-aware summary is

used. It is given by

Ũ = AU (3.12)

The relevant information used to predict the answer is function of Ũ and H and it is

denoted by O = oiMi=1 ∈ RM×dO , where

oi = f(hi, ũi). (3.13)

f is generally a nonlinear function with trainable weights such as an FNN and dO is

the dimension of the output of f. However, simple concatenation of the operands and

their derivative has been shown to yield good results and are used by a number of QA
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Figure 3.14: Illustration of Relevant Information Generation

models [27], [28]. There are two possible concatenation methods:

oi = [hi; ũi] (3.14)

with dimension dO = 2d, and

oi = [hi; ũi; hi ○ ũi], (3.15)

where dO = 3d, and ○ denotes the Hadamard product. In general, the relevant informa-

tion generation component can be illustrated in Figure 3.14.

3.2.4 Answer Predictor

An answer to a question is a text span in the passage for the answer span-based QA

tasks. An example is shown in Figure 3.15 with the answer span is highlighted in the

passage. The length of an answer span varies depending on the question as well as

the passage. Therefore, in order to clearly identify the answer span, its start and end
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locations in the passage are rigid and fixed indicators.

Figure 3.15: An example of the answer span in a passage

The answer prediction module is used to predict the start and end indices of an

answer span in the associated passage. It is usually carried out through two classifiers.

One classifier is for predicting the position of the first answer word in the passage.

Similarly, the other classifier predicts the position of the end answer word in the passage.

After finding out the start and end indices, the answer can be constructed by using the

text from the start position to the end position.

The relevant information generated by the attention mechanism is first passed

into a biLSTM to relate the representation at each time step with those preceding and

succeeding it. Thus,

zi = biLSTM(oi, zi−1). (3.16)

Each cell in this biLSTM also plays the important role of projecting the high-dimensional

representation from the attention mechanism to a lower-dimensional space. This layer

exists in many QA models with attention [26]–[28], [124], [134].

The probability distributions of the answer’s start and end indices in the

passage are denoted by Ps and Pe respectively. Ps is obtained from the output of a fully



Chapter 3. The Baseline QA Model 72

connected FNN followed by the softmax function. That is,

Ps = softmax(wPe[Z;H] + bPs), (3.17)

where Z = {zi}
M
i=1 ∈ RM×2d, wPs ∈ R4d are the weights of the FNN, and bPs ∈ R is its

bias. Ps = ⋃j{psj ∶ j ∈ Js}, where Js represents the set of all the possible indices that

can be taken, and psj is the probability at the jth possible value.

The probability distribution of the end index Pe is predicted using another

fully connected FNN followed by the softmax function. The inputs to this FNN are H

and G, where G is obtained through a biLSTM with input Z. Thus the prediction of the

end index is conditioned on that of the start index. This process can be expressed as

Pe = softmax(wPe[G;H] + bPe), (3.18)

where wPe ∈ R4d are the weights of the FNN, and bPe ∈ R is its bias. Pe = ⋃j{pej ∶ j ∈ Je,

where Je} represents the set of all the possible indices, and pej is the probability at the

jth possible value. G = {gi}Mi=1 is obtained by

gi = biLSTM(zi, gi−1) (3.19)

At the training stage, the two probability distributions are used to calculate

the loss function and the objective is to minimize it. The loss function is the sum of the

cross entropy [174] of the true and predicted probabilities of the start and end indices,

averaged over all the training samples. This can be expressed as

L(θ) = −
1

K

K

∑
i=1
(
Js

∑
j=1

ys
(i)
j log(ps

(i)
j ) +

Je

∑
j=1

ye
(i)
j log(pe

(i)
j )), (3.20)
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where θ is the set of all the training weights in the model, K is the number of samples

in a training batch, ys
(i)
j and ps

(i)
j are the true and predicted probabilities of the start

index at the jth possible value of the ith training sample, respectively. ye
(i)
j and pe

(i)
j are

the true and predicted probabilities of the end index at the jth possible value of the ith

training sample, respectively.

At the testing stage, the predicted start index with the maximum value of P (i)e

is chosen, and likewise for the predicted end index. This can be expressed as

start index = argmax
ps
(i)
j ∈P

(i)
s

(P
(i)
s ), (3.21)

end index = argmax
pe
(i)
j ∈P

(i)
e

(P
(i)
e ), (3.22)

where P
(i)
s represents the probability distribution of the start index of the ith testing

sample. Likewise, P (i)e represents the probability distribution of the end index of the ith

testing sample.

3.3 Experiment Results

Experiments are conducted to verify that the baseline model produces results that are

commensurate with the original models.

3.3.1 Dataset and Evaluation Metrics

The experiments make use of the SQuAD dataset which is a popular benchmark for

testing QA and machine reading comprehension systems [149]. Its passages were

collected from a wide range of articles in Wikipedia. The answer to each question
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can be found in the corresponding passage, identified by the text-span in the passage.

This dataset contains 107,785 question-answer pairs obtained by the crowd sourcing

based on the articles. Each answer to a question is the text span from the corresponding

passage. It covers a range of question types.

Two evaluation metrics are used – EM and F1. EM is a metric that measures

the rate or percentage of exact match with the ground truth. F1 measures the harmonic

mean of precision and recall. For each question, precision is the ratio of the number of

correct words and the number of words in the predicted answer. Recall is calculated as

the number of correct words divided by the number of words in the ground truth answer.

The F1 score is computed per question and then averaged across all questions.

F1 =
2

1
Precision +

1
Recall

, (3.23)

where

Precision =
number of correct words

number of words in the predicted answer
, (3.24)

Recall =
number of correct words

number of words in the true answer
. (3.25)

3.3.2 Training Setup

The baseline models in the experiment are trained using the following setup parameters.

The word embeddings are 300-dimensional GloVe vectors 1 pre-trained on 840 billon

tokens in Common Crawl [94]. The out-of-vocabulary (OOV) words are set to be

zero vectors. The output dimension of the FNN in the input module is set to be 100.

The training batch is set to be 60, and the number of epochs is 20. The Adadelta

optimizer [175] with an initial learning rate of 0.5 is used. A 0.2 dropout rate is applied

1downloaded from https://nlp.stanford.edu/projects/glove/

https://nlp.stanford.edu/projects/glove/
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to the input for each RNN and linear layers, except for the linear layers in the answer

prediction module. An exponential moving average (EMA) of all the trainable weights

with a decay rate of 0.999 are utilised. In the testing stage, these averages are used for

predicting the answers. The sum of the cross-entropy functions, one for the start index

prediction and the other for the end index prediction, are used as the loss function.

3.3.3 Results

The predictive EM and F1 scores of five existing models along with the baseline model

with the attention mechanism in each of these models are listed in Table 3.1. These

results obtained by the baseline model are lower than the existing QA models. This

makes sense because the baseline model only reflects the common invariant modules of

the existing models, which means the existing models contain some components that

are not included in the baseline model.

Table 3.1: Comparison of five existing QA models with the baseline model with their
attention

QA Models

Original Model Baseline Model with
existing model’s attention

EM F1 EM F1

BiDAF 67.7 77.3 65.6 76.3

DCN 65.4 75.6 64.3 75.0

DocQA 72.1 81.1 65.6 76.3

QANet 73.6 82.7 65.6 76.3

SAN 76.2 84.1 63.5 74.2

Another point is that the dimension of the word embeddings in the baseline

model is reduced from 300d to 100d to accommodate the computational capacity of
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the hardware. It means the scale of the overall model becomes 1/3 smaller, as a result,

the learning capacity of the whole model reduces. This leads to a natural performance

decrease of the model. This phenomenon is commonly shown in various neural network

based models, such as the different performance of the large, medium and small versions

of the GPT2 models [140].

Comparing with the baseline model, the BiDAF has two more components.

One is the character embedding and the associated network that integrate the character

and word embedding. The word embeddings are 300d, three times of those for the

baseline model. After integrating with the character embeddings, the dimension of the

input embeddings for BiDAF is 400d, while the baseline model’s are 100d. The hidden

state of the BiDAF and the baseline model is the same.

The one component in BiDAF is the modeling layer, which consists of two

layers of bi-directional LSTM. However, in the baseline model, this component is one

layer of bi-directional LSTM, contained in the answer layer. As the BiDAF uses the

outputs of both the two layers, this may contribute more information for the subsequent

answer prediction.

DocQA and QANet have the same attention mechanism as the BiDAF model,

but each of them have different additional components. DocQA has three aspects that

not contained in the baseline model. DocQA has the same input as the BiDAF model.

The second aspect is that DocQA contains a passage-to-passage self-attention after the

attention mechanism. This component allows the relevant information produced by the

attention mechanism to further interact with itself, which may be able to learn more

useful information for the subsequent answer prediction module. The third aspect is

that DocQA applies a unique dropout technique, called variational dropout, to the input

of some layers. This may helps to improve the performance of the model.
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QANet introduces an alternative way to RNNs by making use of convolutions

and self-attention to do what RNNs do in the other models. The overall architecture still

follows those of RNN-based QA systems, as QANet was developed as a recurrency-free

version of BiDAF. As a result, QANet has all the additional components that BiDAF

contains, besides, the non-recurrent operations replacing RNNs.

DCN uses 300d word embeddings as the input. Another point is that DCN

incorporated sophisticated components in the answer prediction module. It adopts a

LSTM-based sequential model and a new technique called highway maxout network to

predict the answer. This sophisticated techniques in the answer module may result in a

better performance.

SAN is the most complex model among the five existing ones, and has the

most additional components that are not included in the baseline model. First, SAN

included three different types of features into the input apart from the 300d pre-trained

word embeddings, which are linguistic features and passage-question exact matching

features and question enhanced passage word embeddings. In total, the input vector is

600d for passages. In addition, another pre-trained 600d vectors called CoVe are used as

part of the input for the context encoder module. Second, after the attention mechanism

there is a passage-to-passage self-attention layer. Next, before predicting the answer,

SAN adopts a multi-step reasoning memory network and a stochastic dropout strategy.

All these three points contributes to a higher performance of the model.

3.4 Summary

This Chapter described the design of a novel baseline neural QA model based on the

common characteristics of several representative RNN-based QA models. Experimental



Chapter 3. The Baseline QA Model 78

results using the SQuAD dataset verify that the baseline model produces results that are

commensurate with these original models. Thus this baseline model can be used for

further studies into the design of the attention mechanisms which will be discussed in

Chapters 4 and 5.



Chapter 4

Effects of Attention Similarity

Functions

The attention layer of RNN-based QA systems was discussed in Section 3.2.3. Two

steps are involved – similarity score calculation, and relevant information generation.

Studying how the attention similarity function affects the performance of such systems is

the focus of this Chapter. In Section 4.1, eleven similarity score functions are described.

They can be categorised into two groups – additive and multiplicative. Performance

comparisons using these functions are presented in Section 4.2. Based on the insights

obtained from these results, a new similarity score function is proposed in Section 4.3.

This new function shows superior performance to all the existing functions.

4.1 Similarity Score Functions

As discussed in Section 3.2.3.1, an attention similarity score is computed for the

contextual embeddings of the passage and the question. A number of different ways

79
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have been proposed to compute this similarity score. One of the early approaches is the

concatenation-based method proposed for machine translation by Bahdanau et al [176].

With this method, the two input vectors, as shown in Figure 3.13, are concatenated and

fed into an FNN to produce the similarity score. A slight variation of this method is

used in [137]. The two input vectors are first multiplied with their respective trainable

matrices. The results are then summed. Other variations could also be found. In [27],

the two inputs and their element-wise product are each projected onto a scalar value

and subsequently summed. All these aforementioned methods of computation would

be classified as additive attention.

A different approach is based on inner products. In [132], the dot product of

the two input vectors are computed. In other works [26], [123], [133], the inputs are

first transformed before taking their dot product. A simple transformation is to scale the

dot product by a factor dependent on the dimension of the input vectors [133]. Another

way is to include trainable parameters in the dot product [132], [177]. These methods

are classified as multiplicative attention.

These similarity score computation methods can be expressed as mathematical

functions. A summary of these functions are listed in Table 4.1. More details of these

functions are given below.

4.1.1 Additive Similarity Functions

The trilinear function is often-used in QA models [27], [29], [124]. It contains three

trainable weight vectors wp, wq and wpq, associated with hi, uj and their element-wise

product hi ○ uj respectively. Another form of this function is wφ[hi; uj; hi ○ uj],

containing only one trainable weight vector wφ that associates with the concatenation
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Table 4.1: Similarity score functions compared in this chapter

Group Types φ (hi, uj) forms

Additive trilinear [124] wphi +wquj + wpq(hi ○uj)

or wφ[hi;uj;hi ○uj]

FNN [137] wφtanh (Wphi +Wquj)

concat-FNN [176] wφtanh(Wp[hi;uj])

bilinear* wphi +wquj

Multiplicative dot-product [28], [31], [132],
[173]

hi
Tuj

cosine [178] hi
Tuj

∥hi∥2∥uj∥2

scaled dot-product [133], [179] hi
Tuj√
d

general-1 [132] hi
TWuj

general-2 [177] (W 1hi)
T
(W 2uj)

general-3 [26] ⟨f (W 1hi) , f (W 2uj)⟩

Hadamard [123] wT (hi ○uj)

Note: wp, wq, wpq, wφ and w are trainable vectors. W p, W q, W , W 1 and W 2 are trainable
matrices. f() is the ReLU activation.
* This is not generally used as an attention similarity function, but including it helps to gain more
insights into the other methods.

of the three vectors. The two forms are the same theoretically, as wφ is just the

concatenation of the wp, wq and wpq.

The FNN method first multiplies hi and uj with two trainable matrices Wp

and Wq respectively. From another perspective, this method passes hi and uj to two

different linear FNN layers. The outputs of these two layers are summed before being

compressed by the tanh function. The resulting vector is then passed into another linear



Chapter 4. Effects of Attention Similarity Functions 82

layer to produce the similarity score [137].

The concat-FNN function first concatenates the two input vectors hi and

uj . The concatenation is then fed to a nonlinear FNN to produce the similarity score

[115]. Comparing with the FNN function, the concat-FNN requires more computational

memory.

The bilinear function has not used as an attention similarity function. However,

it helps to show the effects of removing the element-wise product term from the trilinear

function.

4.1.2 Multiplicative Similarity Functions

The dot-product is the most commonly used similarity function for neural QA models.

The dot product between hi and uj can be expressed as hi
Tuj = ∣hi∣∣uj ∣cosθ, where θ

is the angle between the two vectors. Hence it is related to the cosine function by the

scaling factor 1
∥hi∥2∥uj∥2 . The advantage of the cosine function is that its magnitude is

limited to within ±1. It was used early on for neural Turing machines [178] to compute

the similarity of two representations.

The Transformer model [133] makes use of the scaled dot-product for its

self-attention mechanism. The scaling factor is
√
d, where d is the dimension of the

vectors. This scaling apparently promotes efficient learning. As the transformer-based

pre-trained language models are becoming ubiquitous, the scaled dot-product function

is also increasingly utilized [138]–[141].

The general-1 function generalizes the dot product function by introducing a

trainable weight matrix W . The general-2 function further incorporates two trainable
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weight matrices, one for each vector. These two methods make it possible to calculate

the attention score for the case where the two vectors have different dimensions. The

general-3 method rectifies the linearly transformed input vectors with the ReLU ac-

tivation function before computing the dot-product. The ReLU function is defined as

f(x) =max(0, x).

The Hadamard method has never been used as a similarity function of atten-

tion. However, it was used to calculate the similarity for generating word-in-question

features to augment word embedding representations [123]. It has been included to

see if other forms of multiplicative similarity functions may be useful. Here, w is a

trainable weight vector.

4.2 Experimental Comparisons of the Similarity Func-

tions

With the baseline model, fairly evaluating the effects of the similarity score functions

on the performance of QA systems can be conducted. The dataset and the evaluation

metrics used for the experiments here are the same as those described in Section 3.3.1.

The training configuration is the same as those in Section 3.3.2.

Two different ways of generating the output of the attention mechanism are

given by Equations (3.14) and (3.15). For the sake of convenience, these two ways are

denoted by O_1 and O_2 respectively. The best EM and F1 scores for models obtained

from five training runs are shown in Table 4.2. Figure 4.1 shows box and whisker plots

of the corresponding EM scores. The red circles and orange horizontal lines indicate

the average and median values respectively.
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Table 4.2: EM and F1 scores with different attention similarity score functions for O_1
and O_2

Groups Similarity Score Function
O_1 O_2

EM F1 EM F1

Additive bilinear 49.9 60.6 58.2 69.0

trilinear 64.4 75.0 65.1 75.5

FNN 64.1 74.6 64.8 75.2

concat-FNN 64.0 74.8 65.1 75.4

Multiplicative dot-product 63.8 74.5 64.2 75.0

cosine 54.5 65.7 60.7 71.8

scaled dot-product 63.3 74.0 63.5 74.4

general-1 63.9 74.5 64.8 75.0

general-2 64.1 74.9 64.0 74.7

general-3 63.5 74.2 64.9 75.3

Hadamard 64.3 75.2 64.7 75.3

The results in Table 4.2 show that, generally, using O_2 is better than O_1

for both EM and F1 score. The only exception is with the similarity score function

general-2. This indicates the element-wise product between the contextual passage

embeddings and the context-aware query representations in O_2 helps to improve the

performance.

The Hadamard function is the best performer overall, with the EM score only

slightly below general-3 for O_2. Figure 4.1 shows that the EM scores vary from 55.0

to 64.3 and the F1 scores from 67.0 to 75.5. In other words, the performance of the

models using the Hadamard function in the O_1 setting is not robust across different

runs. However, no such problem exists in the O_2 setting. This indicates that the
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Figure 4.1: The box plots of EM scores under O_1 and O_2

inclusion of the hi ○ ũi term plays a vital role in improving the robustness of the model

with this similarity score function. Recall that the output of the attention mechanism is

passed to a recurrent neural network. A possible reason is that the element-wise product

of two vectors contains some information that the neural network cannot learn from the

concatenation of the two vectors. Remember that the output of the attention mechanism

is passed to a recurrent neural network.

Comparing the results of additive and multiplicative functions, the highest
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scores are obtained from the additive group, especially the trilinear attention function.

The bilinear has the two terms, wphi and wquj , which are also contained in trilinear.

However, because of the lack of the hi ○ui term, it produces much lower scores. This

suggests that the relation between the two input vectors are not bilinear, and including

the hi ○ ui term into the bilinear transformation improves the predictive accuracy of

the model significantly, by 14.5 and 6.9 absolute points in EM under the O_1 and O_2

settings respectively. Another possible reason is that with more parameters, the trilinear

function has a higher capacity for improved accuracy. This aligns with the observations

in the literature on network design space [180], [181]. Although the FNN function has

similar parameters, it is more nonlinear than linear. Its slightly poorer results compared

to the trilinear function suggest that the information of the element-wise product of two

vectors may not be fully learned through passing the concatenation of the same two

vectors into a feedforward neural network.

It is interesting to note that the scaled dot-product function, a default pref-

erence in pre-trained language models, performs the same or slightly worse than the

simple dot-product. This could be due to the scaling factor, defined as the squared

root of the dimensionality of the vectors, which is quite large. This may cause the

magnitudes of the similarity score to be reduced to such an extent that their values are

too close to each other, especially after being normalised by the softmax function. In

order to confirm this hypothesis, the similarity scores for the dot-product, the scaled

dot-product, and the cosine function are retrieved from their corresponding trained

models for the same test sample. The histograms of their similarity scores are shown in

Figure 4.2. It clearly shows that the range of similarity scores produced using the scaled

dot-product function is significantly less than those produced using the dot-product.

Cosine is the other function which produces similarity score within a small

finite range by its nature. It produces the poorest results. Thus, it is clear that based



Chapter 4. Effects of Attention Similarity Functions 87

on this type of system architecture, the similarity function should be able to produce a

larger range of similarity values to be effective.

Figure 4.2: Histograms of the similarity scores for the three functions

4.3 Proposing A New Attention Similarity Function

The findings presented in the previous Section produced sufficient insight into designing

a better attention similarity function. In the additive group, the trilinear function achieves

the best results among all the similarity functions. While the bilinear shows the worst

performance. The only difference between these two functions is the element-wise

hi ○ui associated term. Projecting the element-wise product along with the two input

vectors helps to improve the performance of the model significantly. In the multiplicative

group, the ReLU function that is used to transform the two input vectors in the general-3

function helps to improve the performance noticeably in the O_2 setting.

A new similarity score function that combines these two advantages is pro-

posed. It makes use of the ReLU transformation together with the trilinear function.

This new attention score function is named T-trilinear (transformed trilinear). It can be

described mathematically as:

ht
i = ReLU(W 1hi + b1) (4.1)
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ut
i = ReLU(W 2ui + b2) (4.2)

φ(hi,uj) =wph
t
i +wqu

t
i +wpq(h

t
i ○u

t
i) (4.3)

where W 1 and W 2 ∈ Rd×d, b1 and b2 ∈ Rd×1, wp, wq and wpq ∈ Rd×1. The two input

vectors hi and ui are passed to a FNN with the ReLU activation before going through

the trilinear function to get the similarity score. The ReLU function deactivates the

neurons to get the desired output while keeping the efficiency of the computation.

4.3.1 Evaluation Results

Table 4.3: Comparison of EM and F1 scores for the best performing attention similarity
functions

Attention Score Function
O_1 O_2

EM F1 EM F1

trilinear 64.4 75.0 65.1 75.5

FNN 64.1 74.6 64.8 75.2

concat-FNN 64.0 74.8 65.1 75.4

general-3 63.5 74.2 64.9 75.3

T-trilinear 64.5 75.2 65.3 75.8

The EM and F1 scores of the T-trilinear function in comparison with trilinear,

FNN, concat-FNN and general-3, using the baseline model, are shown in Table 4.3. It

can be seen that the proposed T-trilinear method achieves the best results under both

O_1 and O_2 settings. Figure 4.3 shows the distributions of the results through different

runs. It demonstrates that the performance of the T-trilinear function is consistent

between runs, in particular in comparison with the Hadamard function.

The loss curves, which show the training convergence behaviour, with these
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Figure 4.3: The box plots of EM and F1 scores under O_1 and O_2

similarity score functions are shown in Figure 4.4. It can be observed that all the

functions converge faster in the O_2 setting than in the O_1 setting. In the O_1 setting,

the one that uses the trilinear function converges most rapidly in the early stage, followed

by general-3 slightly slower. All the others demonstrate quite similar convergence

patterns. The proposed T-trilinear function shows a similar trend to FNN and concat-

FNN in the initial stages. This is not surprising as the three have relatively more

trainable weights and the models need to search longer for the optimal combinations.

After that, their losses continue to decrease and end up at a similar level as the other

two functions. In the O_2 setting, all the functions display similar convergence trends

and T-trilinear reaches a relatively lower loss in the later stage.
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Figure 4.4: Loss curves of the baseline model with the similarity functions listed in
Table 4.3

In order to confirm that the proposed T-trilinear function works well with the

original QA models, it was implemented on BiDAF, DCN and QANet. The original

similarity functions for both BiDAF and QANet is the trilinear function and DCN uses

the dot product. The comparison results in Table 4.4 show that using T-trilinear function,

both the EM and F1 scores are higher for all three models. These results confirm that

the T-trilinear function is indeed more effective compared with the other similarity

functions.

A closer look at the extents of performance improvement in Tables 4.4 and

4.3 show that the improvement in the three existing models is more obvious than that

of the baseline model. This indicates that the proposed T-trilinear function may work

better in “real” models. This is likely due to additional components included in the

“real” models but not in the baseline model as the latter only consists of the common
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characteristics of these RNN-based QA models.

Table 4.4: EM and F1 scores of three QA models with their original attention similarity
score functions in comparison with the proposed T-trilinear function

Models Original similarity
function

Original similarity function T-trilinear

EM F1 EM F1

BiDAF trilinear 67.7 77.3 68.5 77.9

DCN dot-product 65.4 75.6 65.7 76.1

QANet trilinear 73.6 82.7 74.9 83.1

4.3.2 Heatmap Visualization

In order to find explanations why the proposed T-trilinear performs well, the similarity

scores between words in the passage, the question and the ground truth answer of a

test sample chosen from the dataset are examined. Figure 4.5 shows the passage, the

question, and the ground truth answer of the chosen sample. The similarity scores

between individual words in the passage and those in the question are plotted as

heatmaps in Figure 4.6. In comparison, those for trilinear and general-3 functions are

also plotted. The x-axis of the heatmap are words from the question and the y-axis are

words from the passage. The colour of each cell in a heatmap represents the attention

similarity score between the corresponding words in the x and y axes. The darker the

colour, the higher the score. Results in both the O_1 and O_2 settings are shown.

Intuitively the word “day” in the question should be more related to the word

span “February 7, 2016" in the passage. Consider Figure 4.6(a) which is for the O_1

setting. For the trilinear and general-3 functions, the cells corresponding to the answer

words “February 7, 2016" display no distinct darker colour compared with other cells.

This shows that these two attention functions fail to pay attention to the related text
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Figure 4.5: The chosen test sample of passage-question-answer

in the passage. However, the heatmap of the proposed T-trilinear function clearly has

darker colour in these cells. This shows that the T-trilinear function is more able to pay

attention to the right text span in the passage.

With the O_2 setting in Figure 4.6(b), trilinear’s darker colour seems to be

able to concentrate on a smaller area than in the O_1 setting. It shows slight darker

on the answer word range “February 7, 2016", but still has relatively high focus on

other words such as was, played and on, which are irrelevant to the question. The

general-3 function exhibits a very different heatmap with O_1. It shows high scores for

the relevant words in the passage, especially “February 7", but the pattern still seems

row-wise (passage-word-wise) like in O_1. The T-trilinear method can focus on the

answer words clearly and pay less attention to words that are irrelevant to the answer

except for the dot behind the answer span. This may be because part of the answer

information is transferred to the adjacent position (the dot behind 2016) of the answer

span through the RNNs in the model.
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Figure 4.6: Heatmaps of attention similarity matrices
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4.4 Summary

Attention mechanisms are prevalent techniques for neural network based NLP models

in recent years. Attention similarity calculation is an important part of attention mech-

anisms. In this chapter, several similarity calculation functions that have been used

in various NLP tasks are compared. They are tested in the QA context, using a QA

baseline model designed in Chapter 3, benchmarked on the SQuAD dataset.

The experimental results demonstrate that the additive similarity function

performs better than the multiplicative ones based on the baseline model using the

span-based dataset SQuAD. As Section 3.3.3 indicates that the baseline model produces

results that are commensurate with these original models, this discovery potentially

applies to the RNN-based QA models using the same types of datasets. The trilinear

similarity function in the additive group achieved the highest predictive scores. The

general-3 function, applying the ReLU operation on top of general-2, achieves the

highest EM and F1 scores in the O_2 setting. As for the Hadamard similarity function,

it achieved the highest predictive scores in the O_1 setting compared with those based

on the inner product and has competitive scores as general-3 in O_2. However, its

results are not consistent across multiple training runs in O_1. The two most commonly

used functions – dot-product and scaled dot-product functions are among the worst

performers.

Based on these results, a new function T-trilinear is proposed, which intro-

duces the ReLU transformation applied in general-3 to trilinear. Experimental results

show that T-trilinear demonstrates the highest predictive scores as well as has stable

performance across multiple runs. A heatmap visualization of the attention score matrix

explains why this T-trilinear function is effective.



Chapter 5

Effects of Relevant Information

Generation Methods

The second step of the attention mechanism is relevant information generation, as

described in Section 2.2.3. Two early approaches are proposed as part of the BiDAF [27]

and the DCN [28] QA models. Based on the similarity scores calculated, contextualized

representations of the passage and question are computed. These representations are in

the form of context-to-question summary (or simply question summary) and question-

to-context summary (or passage summary). Relevant information is generated by

aggregating these summaries and other information.

A common strategy to generate relevant information is by concatenation. The

information that are being concatenated differ from one QA system to another. Liu

et al. [26] proposed simply concatenating the passage representation and the question

summary. Xiong et al. [28] and Li et al. [171] also included the passage summary into

the concatenation beside the passage representation and the question summary. Some

other QA systems concatenate not only these three inputs, but also their element-wise

95
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products [27], [29], [182]. Instead of using the concatenated vectors directly, it can serve

as an input to a feedforward network (FNN) [124]. While any arbitrary information

generation methods can be utilized, it is not clear how they will affect the performance

of the systems.

In this Chapter, a study of the relative effectiveness of various concatenation-

based relevant information generation methods is presented. This study utilize the

baseline model designed in Chapter 3. The insights gained through this study allow

two new methods to be formulated. The first method includes additional terms into the

concatenation. In the second method, the concatenated information is further processed

by a feedforward network (FNN) with the ReLU activation function. Results show that

both these methods outperform all the existing ones, with the second one achieving the

highest predictive scores.

5.1 Relevant Information Generation

As discussed in Section 2.2.3, relevant information is generated as the output of the

attention mechanism. There are two steps involved. The first one is to generate the

context-aware summaries by using the similarity scores, and the second is to format the

output by aggregating the summaries along with other information.

5.1.1 Summary Generation

Two summaries are to be generated, which are query summary Ũ and passage summary

H̃ . The former aims to contain the relevant passage information based on the question

representations, and the latter the relevant question information based on the passage
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information. Recall that the input of the the attention mechanism is the contextualized

passage representations H and the contextualized question representations U .

5.1.1.1 Query Summary

The query summary, also knowns as context-to-query summary, is computed in the

same way across different QA models [27], [29], [172]. It is given by

Ũ = AU , (5.1)

where Ũ = {ũi}
M

i=1 ∈ RM×d and A is the attention weight matrix in Equation 3.10.

5.1.1.2 Passage Summary

The passage summary, also known as query-to-context summary, is utilized in some

neural QA models [27], [28], [171]. There are two ways of generating this summary

in the literature. One is to make use of the similarity score matrix once, denoted as

first-order in this thesis. The other method utilises the similarity score matrix twice,

which is called second-order in this work.

The First-order method

In the first-order method, the similarity score matrix is turned to be a vector b by

choosing the maximum values from each row [27], [124]. Then the softmax operation

is applied to this vector to compute the probabilities. The mathematical calculation is

expressed as

bi =max (Si∶) , (5.2)
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βi =
exp(bi)

∑
N
j=1 exp(bi)

, (5.3)

where Si∶ denotes the ith row of the matrix S, and bi is the ith element is the vector b.

The passage representations are weighted by the probability vector β and

summed to produce the passage summary vector h̃:

h̃ =
M

∑
i=1

βiH ∶i. (5.4)

where H ∶i is the ith column of H . h̃ is repeated M times in the row direction to

produce the summary matrix H̃ = {h̃i}
M

i=1.

The Second-order method

In the second-order method, the attention similarity matrix is leveraged twice [28], [29].

First, the similarity matrix is normalized with the softmax operation along each column

to produce the question-to-passage attention weight matrix

AH = {aHij}
j=1...N
i=1...M , (5.5)

where each column aH∶j indicates how much a word in the question is relevant to each

word in the passage. The passage representations are multiplied with AH to calculate

the query summary H̃ = {h̃j}
N

j=1 where

h̃j =
M

∑
i=1

aHijhi. (5.6)

The similarity matrix is then normalized with the softmax operation along

each row to produce the passage-to-query attention weight matrix AU = {aUij}
j=1...N
i=1...M

where each row aU ∶j indicates the relevance of a word in the passage to each word in
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Table 5.1: Output formation methods

Method Expression

RIG_1 [hi; ũi] [26]

RIG_2 [hi; ũi; h̃i] [28], [171]

RIG_3 [hi; ũi;hi ○ ũi] [123]

RIG_4 [hi; ũi; hi ○ ũi; hi ○ h̃i] [27], [29]

RIG_5 [hi; ũi; hi ○ ũi; h̃i ○ ũi] [124]

RIG_6 FNNReLU ([hi; ũi;hi ○ ũi; h̃i ○ ũi]) [124]

FNNReLU denotes a feedforward neural network with a ReLU activation function

the query. The query summary H̃ is then multiplied by AU to generate the query-aware

passage summary H̃ = {h̃i}
M

i=1 where

h̃i =
N

∑
j=1

aUijh̃j. (5.7)

5.1.2 Output Formation

After obtaining the summaries above, the output of the attention mechanism is to be

generated. The output is denoted byO = oiMk=1 ∈ RM×dO where

oi = f(hi, ũi, h̃i). (5.8)

Here, f() is the function that maps the input vectors into the output vector. Some

QA models do not generate a passage summary h̃i. For such models, Equation (5.8)

is reduced to oi = f(hi, ũi). Table 5.1 lists the six different concatenation-based

functions.
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5.2 Comparisons of Output Formation Methods

Using the baseline model, the effects of five pure concatenation based relevant informa-

tion generation methods can be fairly evaluated. These five methods are listed in Table

5.1. The dataset and the evaluation metrics used for the experiments here are the same

as those described in Section 3.3.1. The training configurations are the same as those

introduced in Section 3.3.2.

The best EM and F1 scores obtained from five training runs are shown in

Table 5.2. Figure 5.1 are scatter plots showing pair-wise comparisons. The second-order

method of passage summary generation is chosen to calculate h̃i as it gives better

performances than the first-order methods. Details comparing results using first and

second order methods are provided in Appendix A.

Table 5.2: EM and F1 scores of output formation methods RIG_1 to RIG_5

Method Expression EM F1

RIG_1 [hi; ũi] 64.4 75.0

RIG_2 [hi; ũi; h̃i] 64.9 75.4

RIG_3 [hi; ũi;hi ○ ũi] 65.1 75.5

RIG_4 [hi; ũi;hi ○ ũi;hi ○ h̃i] 65.6 76.3

RIG_5 [hi; ũi;hi ○ ũi; h̃i ○ ũi] 65.8 76.4

The following observations can be made from the pair-wise comparison

results:

1. Figure 5.1(a) shows that RIG_2 performs better than RIG_1 by 0.7 point for the

EM score. The corresponding gain in the F1 score is 0.8. This indicates that the

term hi ○ ũi contains useful information which is missing from [hi, ũi]. Thus,
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Figure 5.1: Scatter plots of Pair-wise comparisons of EM scores

including hi ○ ũi into the concatenation [hi, ũi] can improve the performance of

the model.

2. Figure 5.1(b) shows that RIG_3 outperforms RIG_1 by 0.8 points for the EM

score. For F1 score, RIG_3 is better by 0.9. This suggests that h̃i contains

information which is not in [hi, ũi]. Therefore, incorporating h̃i into [hi, ũi]

should improve the performance of the model.

3. The results of RIG_2 and RIG_3 show that RIG_3 performs marginally better.

This indicates that hi ○ ũi is a better option than h̃i.

4. Comparing RIG_3 and RIG_4 demonstrated show that RIG_4 performs better

than RIG_3. This implies that the term h̃i ○ ũi, contained in RIG_4 but not in

RIG_3, plays an important role in improving the performance of the model.
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5. Figure 5.1(e) shows that RIG_5 performs much higher than RIG_3. It indic-

ates that the term h̃i ○ ũi, contained in RIG_5 but not in RIG_3, carries more

meaningful information.

6. With RIG_5 performing better than RIG_4 as shown in Figure 5.1(f), it would

indicate that the term h̃i ○ ũi contains more relevant information than hi ○ ũi.

In summary, the two terms h̃i and hi ○ ũi contain the useful information that

is not held in the concatenation [hi; ũi]. Including hi ○ ũi produces slightly better

performance than including h̃i, so h̃i can be replaced by hi ○ ũi. hi ○ h̃i and h̃i ○ ũi

contain the information that is missing in [hi; ũi; hi ○ ũi]. Including h̃i ○ ũi helps

the model perform better than including hi ○ h̃i. Therefore, h̃i ○ ũi is a slightly better

replacement of hi ○ h̃i. As a result, the concatenation [hi; ũi;hi ○ ũi; h̃i ○ ũi] is the

best combination.

5.3 Proposing A New Method

In seeking a method to improve upon the concatenation [hi; ũi;hi ○ ũi; h̃i ○ ũi], in-

spiration came from a neural QA system called DMN+ [32], which will be presented in

Chapter 6. This system makes use of two terms: ∣hi − ũi∣ and ∣h̃i − ũi∣ in its attention

gates calculations. It will be interesting to find out if the absolute values of these

differences provide additional information that is not captured in the concatenation

methods. The addition of these two terms gives the following output formation:

oi = [hi; ũi;hi ○ ũi; h̃i ○ ũi; ∣hi − ũi∣ ; ∣h̃i − ũi∣] . (5.9)

The highest predictive scores across five training runs are obtained using this
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proposed method. The results in Table 5.3 shows that it performs better than RIG_5, the

best among the five methods. Its performance is similar to that obtained with RIG_6

which has the addition of a ReLU FNN. Thus, this suggests that these two terms capture

additional relevant information that is not contained in the other terms.

Table 5.3: EM and F1 scores of different output formation methods

Method Expression EM F1

RIG_5 [hi; ũi;hi ○ ũi; h̃i ○ ũi] 65.8 76.4

RIG_6 FNNReLU ([hi; ũi;hi ○ ũi; h̃i ○ ũi]) 66.3 76.9

Proposed New
Method

[hi; ũi;hi ○ ũi; h̃i ○ ũi; ∣hi − ũi∣; ∣h̃i − ũi∣] 66.5 76.9

Note that the only difference between RIG_5 and RIG_6, is that the concat-

enated output is put through an FNN. This indicates that applying an FNN with the

ReLU activation helps to improve the performance of the model. This suggests that the

performance of the new method could be further improved if an FNN is used to process

its outputs. Therefore, the new method is revised to

oi = ReLU (wbi + b) , (5.10)

where bi is obtained from Equation (5.9), w ∈ R6d×d∗ and b ∈ R. The output dimension

d∗ can be chosen flexibly, such as 6d or 4d, where d is the dimension of hi and ũi.

Table 5.4 shows the highest predictive scores across five training runs for

the proposed methods in comparison with RIG_6. It is apparent that the revised new

method achieves the highest scores than proposal-1. This confirms that applying an

FNN with the ReLU activation helps to improve the performance of the model.

The loss curves, which show the training convergence trend, are plotted in
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Table 5.4: EM and F1 scores of the proposed new methods

Method EM F1

RIG_6 66.3 76.9

Proposed New Method 66.5 76.9

Revised New Method 66.9 77.5

The dimension of the output of the FNN in the revised new method is the same as the
input.

Figure 5.2. It can be observed that the proposed new methods converge faster than all

the other methods. RIG_1 and RIG_3 are the slowest.

Figure 5.2: The loss curves of different methods

5.3.1 Effects of FNN Output Dimension

As the revised new method involves an FNN, it is important to investigate the effect of

the output dimension. In fact, this effect has not been discussed in related publications.
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The dimension of the input of the FNN is 6d. Six different output to input ratios, from

1:1 and gradually reduced to 1:6, are considered. The results are tabulated in Table 5.5,

and plotted as graphs in Figure 5.3.

Table 5.5: EM and F1 scores of the revised new method with different output dimensions

Output:Input
Ratio

Output dimension EM F1

1:1 6d 66.9 77.5

5:6 5d 66.8 77.5

2:3 4d 67.0 77.5

1:2 3d 66.7 77.4

1:3 2d 66.2 76.9

1:6 d 65.8 76.8

The input dimension is 6d.

Figure 5.3: EM and F1 scores of the revised new method with different output dimen-
sions

It can be seen that the EM and F1 scores do not exhibit much change as the

output dimension changed from 6d to 3d. However, as the output dimension drops
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further, EM score drops significantly. This indicates reducing the output dimension to

one third of the input dimension affects the predictive accuracy of the exactly matching

answers. Since the F1 scores decrease only slightly, the model can still predict the

answers that share some common words with the ground truth answers. Therefore,

compressing the input representation to a vector with a length less than one third of

the input dimension is undesirable. It may be because this causes a loss of useful

information in the output vector.

5.4 Summary

Relevant information generation is the second and important part of modular attention

mechanisms. In this Chapter several generation methods that have been used in various

neural QA models are compared. They are tested in the baseline model developed in

Chapter 3, benchmarked on the SQuAD dataset.

The experimental results show that including the element-wise products in

RIG_3, RIG_4 and RIG_5 into the output concatenation helps the model achieve better

results. On top of this, applying a FNN with the ReLU activation to the concatenation

can further boost the performance.

Based on these results, a new method is proposed by including two additional

terms into the best existing pure concatenation-based method. Experimental results

show that it outperforms the best EM and F1 scores among the pure concatenation

methods. This proposed method is further revised by applying an FNN with the ReLU

activation. Experimental results demonstrate that the revised version shows the best

performance among all the compared methods. In addition, an investigation on the

effects of different ratios of the output dimension of this FNN to its input dimension is
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carried out. The results suggest that setting this ratio to be between 1:1 and 1:2 helps

the model to achieve better performance than the ratio lower than 1:2.



Chapter 6

The Roles of RNN in Memory

Networks

As Section 2.2.2 describes that some RNN-based QA systems utilize the attention to

do multiple computational hops, this type of QA systems target the tasks that require

multi-step reasoning. They are usually known as memory-augmented networks, as

the multiple computational hops are wrapped in a memory module. This type of QA

networks mainly make use of RNNs to perform two roles. One is for producing the

contextual representations in the attention mechanism, and the other is to generate

sentence representations in the input module. In this Chapter, the effects of these two

roles of RNNs on the capabilities of the QA systems are investigated. The DMN+

QA model is used for this part of the research. Details of this and related models are

described in Sections 6.1 and 6.2.

It has been noted in Section 2.2.3 that RNNs can be used to produce relevant

information vectors in the attention mechanism. This type of attention is called gated

attention. It is developed to tackle a special type of tasks in QA called multi-hop

108
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reasoning, as reviewed in Section 2.3.2. QA systems with gated attention are able

to achieve very good accuracies on the tasks that requires sequential and deductive

reasoning skills in multi-step reasoning, using benchmark datasets such as the bAbI

dataset described in Section 2.3.2. Out of the 20 different tasks in bAbI, the only one

that these systems perform poorly is Task-16 which involves inductive reasoning. The

prediction accuracy is typically only around 50%. In this task, the order of the relevant

facts in the story is not important, which means reordering these supporting sentences

will not change the correct answer. This raises the question whether the presence of

RNNs in the system may actually adversely affect the performance of the system for

such tasks.

As will be shown in Section 6.3, the order of the supporting facts in the training

dataset does influence the predictive performance of the trained system. Two methods

are proposed to overcome this problem. The first one is through data augmentation. The

second one is by replacing the RNNs, in the form of GRU, from the attention mechanism

in the episodic memory module to one without RNN. The resulting model with an

RNN-free attention mechanism is shown to be able to resolve the fact order preserving

phenomenon and improve the generalization capability of the model effectively. This

will be discussed in detail in Section 6.4.

With the above modification, the only remaining RNN in the model is the

one present in the input module. By replacing this RNN by a feedforward network,

the accuracy for the induction task was found to improve significantly compared with

DMN+ and the other existing QA systems. For other non-sequential tasks, the results

indicate that the performance of this modified model is very similar to other RNN-based

systems. Details are presented in Section 6.5. By combining RNN-free and RNN-based

models as an ensemble system, good results could be achieved for all 20 tasks in the

bAbI dataset.
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6.1 Review of Related QA Networks

The precursor of the neural QA systems tackling multi-hop reasoning tasks is the

memory networks (MemNN) [153]. MemNN is the first to combine inference with

a memory component to tackle the multi-hop reasoning question answering tasks. In

the memory component, the memory can be updated from one computational hop to

another. This memory mechanism plays an important role of inspiring the subsequent

QA models. MemNN employs an RNN to predict the textual responses with being fed

the sequence of question and supporting memories. MemNN requires not only the input

and desired output but also the additional labels for the intermediate stage in the model

during the training process, hence it cannot be trained in an end-to-end setting.

Shortly later an end-to-end version of MemNN was proposed which is called

MemN2N [31]. This model does not require more labelled information than the input

and output. In each computational hop, the attention weighted sentence representations

are passed into an RNN to generate an internal context vector. The application of the

RNNs in MemN2N plays an important role of inspiring subsequent QA systems, such

as dynamic memory networks (DMN) [20]. However, DMN was still trained in the

same fashion as MemNN that requires additional labels. Hence, it is not suitable to be

used in real scenarios.

The end-to-end models was populated with the proposal of the DMN+ QA

system [32]. DMN+ fully makes use of RNNs for not only the attention mechanism, but

also the sentence encoding in the input module and the question encoding. It achieves

lower error than its competitor the MemN2N model. Since then several such end-to-end

neural QA models, including t-MEM-NN [21] and EnDMN [125], have been proposed.

The t-MEM-NN model imposes Students’tt-distribution to the priors of the parameters

of the MeMN2N model [31]. EnDMN focuses on the question module by incorporating
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Figure 6.1: The block diagram of the DMN+ QA system

a gated RNN to create the global and salient features for the question [125]. The RNNs

in these systems play an important role in learning sequential and contextual information

that are required for the multi-hop reasoning tasks.

None of the aforementioned end-to-end neural QA models are able to solve

the inductive reasoning tasks satisfactorily. As DMN+ is among the first to make fully

use of RNNs and has inspired several subsequent end-to-end RNN-based QA models, it

is chosen to be a case study.

6.2 The DMN+ QA System

The architecture of the DMN+ system is illustrated in Figure 6.1. All the words in stories

and questions are converted into the high dimensional space using word embeddings
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{wi}
v
i=1 ∈ Rd before being fed into the model, where d denotes the dimension of the

word embeddings and v is the size of the vocabulary.

6.2.1 Input Module

The input module aims to produce the sentence vectors by incorporating the positional

information of words within each sentence through the positional encoder (PE), and

the sequential information of sentences within a story through a bi-directional RNN.

The vector xt represents the sequence of word embeddings {w(t)k }
K

k=0
∈ Rd in the tth

sentence of the story, where K is the total number of words in the tth sentence and d is

the dimension of the embedding vector. xt is encoded into an initial sentence vector st

through a position encoder (PE) [153] in order to capture the positional information of

each word within a sentence and incorporate it into st. More specifically, the PE is a

weighting matrix PE ∈ RK×d. The sentence vector is calculated by

st =
K

∑
t=1

PE ○ xt, (6.1)

where ○ is the element-wise multiplication. The element in the kth row and jth column

in the matrix PE is calculated with this equation:

PEkj = (1 −
j + 1

J
) −

k

d
(1 −

2(j + 1)

J
), (6.2)

where J is the number of words in the sentence.

These positional encoded sentence vectors {st} ∈ Rd are fed into the context

fusion layer, which is made of a bi-directional GRU consisting a forward and backward

GRU. The outputs of the two unidirectional GRU are then passed through a summation

operation to produce the output of the context fusion module {ft} ∈ Rd, which is the
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contextualized sentence representations.

As a result, the information of the preceding and succeeding sentences is

fused into the current sentence in the story, so that each sentence representation contains

the context of the story.

6.2.2 Question Module

Different from the processing of the story, the question only consisting of one sequence

of words is passed through a unidirectional GRU. The final sate of this GRU is taken as

the question vector q. In this way, the contextual information of the question is encoded

into q. This can be expressed as the equations below

hi = GRU(hi−1, qi), (6.3)

q = hQ, (6.4)

where Q denotes the total number of words in the question, as the result, q is the final

hidden state of the GRU.

6.2.3 Episodic Memory Module

The episodic memory module aims to dynamically retrieve information from the

memory and update it. This dynamic and iterative nature of this module allows it

to take different facts at each hop to obtain the information for the next hop, and even-

tually to produce the relevant information for the answer module. The contextualized

sentence representations {ft} ∈ Rd form the input to the episodic memory. The episodic
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memory module consists of multiple computational hops to retrieve information from

the memory by paying attention to a subset of sentences. Each hop contains two com-

ponents – the gated attention mechanism and and the episodic memory vector update

layer. The gated attention consists of attention gates calculation and attention based

GRU to generate the contextual vector. The attention mechanism takes the sentence

representation, question vector and the current memory vector as the input and com-

putes the attention gate git ∈ R that represents the relevant extent of each sentence in the

current hop.

The attention gates {git} ∈ R are then used as the update gates in the standard

GRU to form the attention based GRU, called AttnGRU. The sentence vectors {ft} are

passed to the AttnGRU to obtain the final state as the contextual vector ci. In this way,

the positional and ordering information of the sentences as well as those sentences with

relatively higher attention weights are preserved in ci. This context representation is

then passed to the memory update layer which is a FNN with the ReLU activation to

generate the memory mi.

6.2.4 Answer Module

The episodic memory vector of the last hop mI and the question vector q is used to

predict the probability distribution of the answer:

P = softmax(W (a)[q; mI]), (6.5)

where ; denotes the concatenation of q and mI , I is the total number of the computational

hops, and W (a) is a trainable vector. P = ⋃j{pj ∶ j ∈ J }, where J represents the set of

all the possible indices that can be taken, and pj is the probability at the jth possible
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value.

At the training stage, the probability distribution is used to calculate the cross

entropy loss function and the objective is to minimize it:

L(θ) = −
1

K

K

∑
i=1

J

∑
j=1

y
(i)
j log(p

(i)
j ), (6.6)

where θ is the set of all the training weights, K is the number of training samples in a

training batch, y(i)j and p
(i)
j denote the true probability and the predicted probability at

the jth possible value of the ith training sample, respectively.

The answer to the question is the one with the largest probability in P (i). That

is,

answer = argmax
p
(i)
j ∈P (i)

(P (i)), (6.7)

where P (i) is the probability distribution of the ith testing sample.

6.3 Effects of Changing the Order of Facts

Experiments are conducted to study the effects of changing the order of facts on the

performance of the DMN+ system. Details of the experimental setup and the results

are described in this Section. A solution from the perspective of the training data, data

augmentation, is proposed for tackling the issue discovered by the experimental results.
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6.3.1 Dataset

The dataset used in the experiments is the bAbI dataset, created and released by Face-

book [30]. This dataset is the first and representative multi-step reasoning QA bench-

mark, and has encouraged the development of many neural QA systems [20], [21],

[32], [153]. It consists of 20 synthetic tasks and each task requires different reasoning

abilities to answer the questions. Each task contains samples of [story, question, answer,

indices of supporting facts]. As the models investigated and proposed in this Chapter

are trained in the end-to-end fashion, the indices of supporting facts are not used. This

dataset contains both English and Hindi languages. The English version (en-10k) is

used, which has 10k training samples and 1k testing samples. The 10k training samples

are split into an 8:2 ratio for training and validation purposes, respectively.

6.3.2 Training Configurations

The Adam optimizer [183] is used for training with a learning rate of 0.001. The

Glorot uniform initialization [77] procedure is used for all the trainable weights. The

word embeddings are randomly initialized with a uniform distribution in the range

[−
√
3,
√
3] and trained along with the other weights. Three hops are used in the

episodic memory to balance the predictive accuracy and the computational efficiency.

In order to compare the performance of the systems for individual tasks, they are trained

independently with the data for each task.
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Table 6.1: Possible orders of 3 supporting facts

Order patterns Orders of facts

1 F1, F2, F3

2 F1, F3, F2

3 F2, F1, F3

4 F2, F3, F1

5 F3, F1, F2

6 F3, F2, F1

6.3.3 Experimental Results

Task 16 in the bAbI dataset requires inductive reasoning ability of the model over three

supporting facts to infer the answer to a question. The accuracy on this task achieved

by neural QA systems is much lower than whose on the other tasks, thus, task 16 shall

be focused. For the data in this task, manipulating the order of the supporting facts

does not affect the answer. There are therefore 6 possible permutations of the order of

the three supporting facts, as shown in Table 6.1. F1, F2 and F3 means the first fact

needs to be found, the second and the third. Samples of the 6 patterns are shown in

Figure 6.2. The training set is categorized into these 6 order patterns. There are a total

of 1666 samples with each pattern, which are then divided into the training, validation

and testing sets. 20% of the samples are used for the testing set and the rest samples are

split with 9:1 for the training and validation sets.

A separate DMN+ network is trained with the samples of each of the 6 patterns

respectively, resulting in 6 different trained models. Each of these 6 models is then

tested with the test samples of all the 6 patterns. The test accuracies are shown in

Table 6.2 and plotted graphically in Figure 6.3.
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Figure 6.2: Samples of the 6 patterns of the orders of facts

It is obvious that the accuracy of each trained network is highest for the pattern

in which they are trained. For example, the highest accuracy for Network 1 is 73.3%

for the test samples with pattern 1. But its accuracy is significantly lower for patterns 2,

4, and 6. This trend is the same for the other five trained networks. This shows that the

trained models memorized the sequence of facts in the training dataset, and they do not

generalize well to other orders of facts which are not present in the training data.
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Table 6.2: The test accuracy (%) on each pattern of DMN+ trained on each pattern

Test pattern
Trained Network

1 2 3 4 5 6

1 73.3 43.3 65.7 34.7 43.7 38.0

2 51.3 68.0 55.0 55.7 67.3 51.7

3 73.0 46.0 78.3 38.3 41.7 37.0

4 38.3 44.7 30.0 70.0 42.0 67.7

5 54.7 67.3 46.7 53.3 64.7 48.7

6 36.0 45.3 28.7 69.3 42.7 72.0

Figure 6.3: Graphical presentation of the results in Table 6.2
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Table 6.3: The test accuracy (%) of DMN+ trained on different patterns

Test patterns
Trained Network

1 2 3 4 5 6 augmented

1 73.3 43.3 65.7 34.7 43.7 38.0 54.3

2 51.3 68.0 55.0 55.7 67.3 51.7 62.0

3 73.0 46.0 78.3 38.3 41.7 37.0 59.3

4 38.3 44.7 30.0 70.0 42.0 67.7 56.3

5 54.7 67.3 46.7 53.3 64.7 48.7 62.0

6 36.0 45.3 28.7 69.3 42.7 72.0 54.0

6.3.4 Data Augmentation Solution

Since the original training data may not present a full complement of the ordering of

facts, a well-known technique in artificial neural networks is to supplement these data

with augmented data. In this context, augmentation involves permutating the order of

the sentences in the original dataset, keeping the answer unchanged. The network will

then be trained by this larger, augmented dataset.

A network is trained on this augmented dataset and tested on each pattern.

The results are shown in Table 6.3. For the convenience of comparison, the results in

Table 6.2 are also included in this table. Figure 6.4 is a graphical presentation of the

results in Table 6.3.

These results show that the network trained with augmented data performed

more or less equally for all test patterns. This clearly demonstrates that the network

memorizes the order of the facts in the training samples. That is why the network

trained with augmented data is able to achieve the level of accuracies if it were trained
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Figure 6.4: Graphical presentation of the results in Table 6.3

and tested with the same patterns.

6.4 RNNs in the Gated Attention

Apart from seeking the solution from the perspective of the data manipulation, another

direction can be from the view of the structure of the model itself. As we know that

RNNs preserve the ordering information of sequences and there are two main places

in DMN+ that utilize RNNs to capture such information of sentences, one is the gated

attention and the other is the fusion layer in the input module. The former is to be

investigated in this Section, and the latter in Section 6.5.
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Figure 6.5: The gated attention mechanism in the episodic memory module

6.4.1 RNN-based Attention Mechanism in DMN+

The gated attention mechanism in the episodic memory module is responsible for

generating the contextual vector ci, which is then passed into the memory update layer

to update the memory. Figure 6.5 demonstrates the details in this gated attention

mechanism. the attention gates {git} are calculated through a FNN followed by a

softmax normalization as below

zit(ft,m
i, q) = [ft ○ q; ft ○m

i; ∣ft − q∣; ∣ft −m
i∣], (6.8)

αi
t = tanh(W

(1)zit(ft,m
i, q) + b(1)), (6.9)

git = softmax(W (2)αi
t + b

(2)), (6.10)

where mi is the memory vector in hop i, ○ represents the element-wise product, and ∣ ⋅ ∣

denotes the absolute value. W (1) and W (2) are the trainable weights in the FNN. b(1)

and b(2) are the biases.
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Recall that a standard GRU illustrated in the left side of Figure 6.6 has two

gates, the update gate zt and the reset gate rt. In this case the input xt is the sentence

vector ft. The calculation of the GRU cell is expressed as:

zt = σ(W
(z)ft +U (z)ht−1 + b(z)), (6.11)

rt = σ(W
(r)ft +U (r)ht−1 + b(r)), (6.12)

h̃t = tanh(Wft + rtUht−1 + b), (6.13)

ht = zth̃t + (1 − zt)ht−1, (6.14)

where W (z), U (z), W (r), U (r), W and U are trainable weights, and b(z), b(r) and b are

the biases.

Figure 6.6: The comparison of a standard GRU cell and the AttnGRU cell

In the attention based GRU – AttnGRU, the update gate in a standard GRU

is replaced by the attention gate git, which is illustrated in the right side of Figure 6.6.

Thus, Equation (6.11) should be discarded and Equation (6.14) needs to be modified to

the following one:

ht = g
i
th̃t + (1 − g

i
t)ht−1. (6.15)

In this way, the sentences with relatively higher attention gates along with their ordering

information within the story are preserved in the final hidden state of the attention based

GRU, which acts as the contextual vector ci. The retaining of the ordering information
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is very likely to cause the model to memorize the order of facts in the training data

demonstrated in Section 6.3.3.

6.4.2 MoDMN+: DMN+ with a New Attention Mechanism

The RNN in the form of AttnGRU in the episodic memory plays an important role of

preserving the ordering information of the sentences with relatively high attention in the

story. This may cause the phenomenon shown in Section 6.3.3, which demonstrates that

trained model cannot generalized well to the test samples with the orders of facts that

did not appear in the training data. Therefore, an attention mechanism without using

RNNs could potentially be an appropriate solution.

Figure 6.7: The proposed RNN-free attention mechanism

Here an RNN-free attention mechanism is designed by replacing the RNN

in the gated attention with a RNN-free operation, as shown in Figure 6.7. The way of

the attention gate calculation remains the same. The contextual vector ci is generated



Chapter 6. The Roles of RNN in Memory Networks 125

through a weighted summation operation in the following equation

ci =
t=K
∑
t=0

gitft, (6.16)

where ∑t g
i
t = 1, and K is the total number of sentences in the story.

A new model called MoDMN+ is proposed by replacing the RNN-based

gated attention with the new RNN-free attention. In MoDMN+, the information related

to the order of sentences is not incorporated into the contextual vector ci. Consequently,

it should have a better generalization capability when the trained model performs on

the test samples with different orders of facts.

6.4.3 Experimental Results

Six MoDMN+ networks are trained in the same way as in Section 6.3.3. The results

for the 6 test patterns are shown in Table 6.4 and graphically illustrated in Figure 6.8.

Comparing to the results shown in Table 6.2 in Section 6.3.3, the large variations in

test accuracies across six different test patterns of the model trained on each pattern are

significantly reduced.

For the convenience of comparison, six radar charts corresponding to six

training patterns are plotted in Figure 6.9. Figure 6.9(a) depicts the models trained on

the data of pattern 1 and test on data with all the six patterns, and Figure 6.9(b) trained

on pattern 2, and likewise for the remaining radar charts. The six testing patterns (1,

2, 3, 4, 5, 6) are shown around each radar chart. The red lines represent the results of

DMN+, and the blue lines depict those of MoDMN+. The circles from small (inside) to

large (outside) denote the test accuracies 20%, 40%, 60%, and 80%.
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Table 6.4: The test accuracy (%) on each pattern of DMN+ trained on different patterns

Test pattern Order of facts
Trained pattern

1 2 3 4 5 6

1 F1, F2, F3 61.0 52.0 54.3 52.7 54.7 51.0

2 F1, F3, F2 48.3 66.3 48.7 48.3 65.3 45.0

3 F2, F1, F3 53.7 49.3 60.3 55.7 51.7 50.3

4 F2, F3, F1 53.0 49.0 60.0 53.0 56.0 53.0

5 F3, F1, F2 51.7 69.0 52.7 51.7 64.7 44.3

6 F3, F2, F1 50.0 49.7 53.3 52.0 43.0 56.3

Figure 6.8: Graphical presentation of the results in Table 6.4
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Figure 6.9: Radar chart comparing the testing accuracies of DMN+ and MoDMN+

All the charts in Figure 6.9 indicate that MoDMN+ model (blue lines) has

more stable predictive accuracies across the six testing patterns than the DMN+ model.

Take Figure 6.9 (d) for example, MoDMN+ trained on the training data of pattern 4

demonstrates approximately equal results for all the test patterns. However, DMN+ has

very high results for test pattern 4 and 6 with accuracies 70.0% and 69.3% respectively,

while much lower for test pattern 1 and 3 with accuracies 34.7% and 38.3% individually.

The similar occurrence exhibits in all the other charts. This suggests that the RNN, in

the form of AttnGRU, in the episodic memory module does play an important role in

this fact-order preserving phenomenon. Replacing this AttnGRU with a non-recurrent

calculation does help to improve the generalization capability of the model for the tasks

where the order of facts is not relevant.
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However, the test accuracies of the MoDMN+ model are still far lower than

95% the passing threshold. This indicates that some other factor(s) is affecting the

model’s performance on the inductive reasoning tasks.

6.5 RNNs in the Input Module

This section focuses on the effects of the RNNs in the input module, in the form of

a bi-directional GRU. First, the RNN-based input module used by both DMN+ and

MoDMN+ is described in detail in Section 6.5.1. Second, an RNN-free input module

is proposed in Section 6.5.2. In the same Section a new QA model called ff-DMN

is designed with the RNN-free input module. Section 6.5.3 reports the experimental

results and analysis.

6.5.1 RNN-based Input Module

The input module shown in Figure 6.10 aims to produce the sentence representations by

incorporating the positional information of words within a sentence and the sequential

information of sentences within a story. The position encoder is employed to capture

the order of words into the initial sentence vectors si. The fusion layer comprised

of a bi-directional GRU is responsible for encoding the order of sentences into the

contextualized sentence embeddings fi.

The forward GRU expressed in Equation (6.17) captures the information of

the preceding steps (sentences in this case) to blend into the current step, so that each

sentence vector carries the preceding context. In the same way, the backward GRU in

Equation (6.18) integrates the succeeding context into the representation of the current
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sentence.

Ð→
h t =

ÐÐÐ→
GRU(ht−1, st), (6.17)

←Ð
h t =

←ÐÐÐ
GRU(ht+1, st), (6.18)

ft =
Ð→
h t +

←Ð
h t. (6.19)

Hence, the contextualized representation fi of each sentence captures the ordering

context of both the sentences before and those behind it. This may potentially affect the

performance the model when it is trained on the data with specific order patterns and

test on different patterns.

Figure 6.10: The RNN-based Input module in the DMN+ model
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6.5.2 ff-DMN: MoDMN+ with a New Input Module

In order to eliminate the impact of the RNN in the input module, a RNN-free method is

proposed to produce the sentence representations as illustrated in Figure 6.11.

Figure 6.11: The proposed RNN-free input module

In this RNN-free input module, the bi-directional GRU is replaced with a

feedforward neural network. Hence, the ordering information of the sentences in a

story is not retained in the sentence representations. The question is also encoded

by the position encoder as well followed by the feedforward network. By replacing

the RNN-based input module from MoDMN+ with the RNN-free input module, the

ff-DMN system is proposed. The overall block diagram of the ff-DMN model is shown

in Figure 6.12. There is no RNNs in this model, instead only feedforward neural

networks are utilised in the input module, question module, gate calculation and the

answer prediction.

In the episodic memory module, the input of the update layer is only the
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Figure 6.12: The block diagram of the proposed ff-DMN model

contextual vector without including the previous memory vector. This is because the

previous memory already takes parts in the generation of contextual vector at each hop

and including it into the update layer prevents the model to achieve good performance

on some tasks according to our preliminary experiments.

6.5.3 Experimental Results

The performance of the proposed ff-DMN model on the inductive reasoning tasks is

reported first, and then extend to the other non-sequential tasks.
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6.5.3.1 Inductive Reasoning Task

The prediction accuracies of the trained ff-DMN and the other QA systems benchmarked

on the induction task in bAbI dataset are shown in Figure 6.13, which clearly depicts that

the proposed ff-DMN outperforms all the other systems significantly. It improves upon

the basic LSTM by 74.2% and upon DMN+ by 42.5%. It suggests that incorporating

RNNs may hinder the system to learn to reason inductively.

Figure 6.13: Test accuracies of different QA systems on task 16 induction

Figure 6.14: Validation losses of ff-DMN and DMN+ on task 16

Figure 6.14 shows the validation losses of the two models on task 16 during

training. As training progresses, the loss for ff-DMN continues to trend downwards.
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However, for DMN+, after the first few epochs the validation loss starts to increase.

This suggests that DMN+ has a serious overfitting problem on this task.

6.5.3.2 Non-sequential Tasks

Out of the 20 tasks in the dataset, there are 8 tasks, which are task 4, 5 15, 16, 17, 18,

19 and 20. In these tasks the order of the facts is unimportant. A sample of each of

these tasks is provided in Figure 6.15.

Table 6.5: Prediction accuracies of ff-DMN and DMN+ on non-sequential tasks

Non-sequential Tasks ff-DMN DMN+ LSTM MemN2N t-MEM-NN EnDMN

4: Two Argument Relations 100.0 100.0 61.0 96.2 96.0 100.0

5: Three Argument Relations 92.7 99.5 70.0 85.9 88.0 99.4

15: Basic Deduction 100.0 100.0 21.0 100.0 100.0 100.0

16: Basic Induction 97.2 54.7 23.0 47.9 46.0 54.2

17: Positional Reasoning 96.9 95.8 51.0 49.9 53.0 94.9

18: Size Reasoning 99.5 97.9 52.0 86.4 91.0 98.5

19: Path Finding 98.3 100.0 8.0 12.6 14.0 100.0

20: Agent’s Motivations 100.0 100.0 91.0 100.0 100.0 100.0

Mean test accuracy 98.1 93.5 47.1 72.4 73.5 93.4

In order to see the performance of ff-DMN on the other seven non-sequential

tasks, the results of all eight non-sequential tasks are shown in Table 6.5. These

results clearly show that ff-DMN is very competitive with all the other QA models. It

outperforms all the other models on tasks 16, 17 and 18. This suggests that incorporating

RNNs could adversely affect the performance of the non-sequential tasks.
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Figure 6.15: Samples of 8 non-sequential tasks
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6.5.3.3 Sequential Tasks

There are 12 sequential tasks in the dataset. In order to compare the performance of

ff-DMN and DMN+, their results are reported in Table 6.6. The mean test accuracy

shows that DMN+ outperforms ff-DMN. This is understandable, because DMN+ makes

use of RNNs to capture sequential information of sentences, while ff-DMN does not

utilize RNNs at all. For sequential tasks, preserving the sequential information of facts

is critical for tackling this type of tasks.

Figure 6.16: Samples of task 3 and task 14

Take a closer look at the results of these tasks, ff-DMN does not demonstrate

lower accuracies on all the 12 tasks. It has very competitive performance to DMN+

on task 14. It would be interesting to know why this happens. A sample of task 14 is

displayed on the right side of Figure 6.16. Although the events happen in a sequential

way, each sentence – the description of each event, contains a time word or phrase. The

sequential information can be picked up through these time terms without using RNNs.
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On the contrary, ff-DMN has the lowest accuracy on task 3 three supporting facts. A

sample from task 3 is shown in the left side of Figure 6.16. There is no time term in

each sentence, so the sequential knowledge of these events needs to be inferred by the

order of the sentences. Without RNNs to capture such ordering information, ff-DMN

has difficulty to achieve satisfactory performance on such tasks.

Table 6.6: Prediction accuracies of ff-DMN and DMN+ on sequential tasks

Sequential Tasks ff-DMN DMN+

1: Single Supporting Fact 64.3 100.0

2: Two Supporting Facts 52.2 99.7

3: Three Supporting Facts 29.4 98.9

6: Yes/No Questions 90.5 100.0

7: Counting 90.4 97.6

8: Lists/Sets 96.1 100.0

9: Simple Negation 92.1 100.0

10: Indefinite Knowledge 84.9 100.0

11: Basic Coreference 71.2 100.0

12: Conjunction 54.5 100.0

13: Compound 52.9 100.0

14: Time Reasoning 99.8 99.8

Mean test accuracy 73.2 99.7

6.6 Ensemble Model

Since ff-DMN performs better on the inductive reasoning tasks as well as some other

non-sequential tasks and DMN+ works better on the sequential tasks and the remaining

non-sequential tasks, a complete QA system could be designed by combining the
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strengths of these two models.

Figure 6.17: Illustration of the ensemble model

An approach is to use the ensemble learning [184], [185] method, which is

very popular in machine learning to design an ensemble model. Figure 6.17 illustrates

the structure of this ensemble model. It consists of both ff-DMN and DMN+, which

are trained independently. At the prediction stage (also known as the testing stage),

the two models work independently to arrive at their independent predictions of the

probability distributions of the answer. There are two steps in the prediction combination

module. The first step is to aggregate the two predicted probability distributions. Here

the averaging ensemble method is utilized, which is one of the popular ensemble

strategies [186], [187]. The second step is to determine the answer with the maximum

value of the averaged probability distribution. These can be expressed as

P̂ (a) =
1

2
(Pff−DMN + PDMN+), (6.20)

answer = argmax
p̂j
(a)∈P̂ (a)

P̂ (a), (6.21)

where Pff−DMN is the predicted probability distribution of ff-DMN, and PDMN+ is that

of DMN+. P̂ (a) is the averaged probability distribution, and P̂ (a) = ⋃j{p
(a)
j ∶ j ∈ J }

where J represents the set of all the possible indices.

The results listed in Table 6.7 show that the ensemble model outperforms the

other systems on all the 20 tasks. The mean test accuracy of 99.6% is the highest among
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Table 6.7: Test accuracies of the proposed ensemble model and the other QA systems

Tasks Ensemble DMN+ LSTM MemN2N t-MEM-NN EnDMN

1: Single Supporting Fact 100.0 100.0 50.0 100.0 100.0 100.0

2: Two Supporting Facts 99.8 99.7 20.0 99.7 82.0 98.6

3: Three Supporting Facts 98.9 98.9 20.0 97.9 57.0 88.8

4: Two Argument Relations 100.0 100.0 61.0 96.2 96.0 100.0

5: Three Argument Relations 99.8 99.5 70.0 85.9 88.0 99.4

6: Yes/No Questions 100.0 100.0 48.0 99.9 78.0 100.0

7: Counting 98.8 97.6 49.0 98.0 81.0 97.7

8: Lists/Sets 100.0 100.0 45.0 99.1 89.0 100.0

9: Simple Negation 100.0 100.0 64.0 99.7 86.0 100.0

10: Indefinite Knowledge 100.0 100.0 44.0 100.0 84.0 100.0

11: Basic Coreference 100.0 100.0 72.0 99.9 97.0 100.0

12: Conjunction 100.0 100.0 74.0 100.0 99.0 100.0

13: Compound Coreference 100.0 100.0 94.0 100.0 90.0 100.0

14: Time Reasoning 100.0 99.8 27.0 99.9 89.0 98.5

15: Basic Deduction 100.0 100.0 21.0 100.0 100.0 100.0

16: Basic Induction 97.6 54.7 23.0 47.9 46.0 54.2

17: Positional Reasoning 97.3 95.8 51.0 49.9 53.0 94.9

18: Size Reasoning 99.9 97.9 52.0 86.4 91.0 98.5

19: Path Finding 100.0 100.0 8.0 12.6 14.0 100.0

20: Agent’s Motivations 100.0 100.0 91.0 100.0 100.0 100.0

Mean test accuracy 99.6 97.2 51.9 88.7 81.0 96.5

all the systems. The ensemble model passes all the 20 tasks by achieving the accuracies

above the threshold 95% defined in [20], while none the other models is able to do.
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6.7 Summary

In this chapter, by using the DMN+ QA model the role of RNNs is investigated. It is

shown that applying RNNs to preserve the positional and ordering information of facts

in RNN-based neural QA systems could cause substantial performance degradation in

some circumstances. This is caused by the RNNs memorizing the order of facts in the

training dataset. When these trained networks are presented with test samples where

the order of facts is not adequately present in the training data, they performed poorly.

The results showed that this problem can be alleviated by training data aug-

mentation without changing the original model. An RNN-free attention mechanism is

also proposed to replace the RNN-based attention mechanism in the episodic memory

module, which leads to the proposal of the MoDMN+ model. The results demonstrate

that MoDMN+ can effectively alleviate the problem.

After identifying the adverse effects of RNN-based attention mechanism,

RNNs in the input module are discarded and a new RNN-free input module is proposed.

This leads to the development of another new QA model – ff-DMN. The results show

that ff-DMN performs significantly better on the inductive reasoning tasks than the other

models. It also shows better performance on some of the other seven non-sequential

tasks in the bAbI dataset. Further, combining the strength of ff-DMN and DMN+ the

proposed ensemble model outperforms on all the 20 tasks.
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Conclusions

In this thesis, in-depth analyses of the attention mechanisms and of the roles of RNNs in

RNN-based QA models have been conducted. Through these analyses, improvements

have been proposed and evaluated. These improvements have been shown, through

appropriate simulation studies, to enhance the performance of such QA systems. They

also offer new insights into the inner workings of various parts of these systems. The

research contributions of this thesis are in line with the five research objectives that

have been identified in Section 1.3. They are summarised as follows.

1. Design of the Baseline Model

A novel baseline model that captured the essential ingredients of RNN-based QA

models was design. It has been verified, through simulation studies, to produce

performance results that are commensurate with five leading RNN-based QA

models in the literature. Therefore, it can be effectively used for further studies

that were conducted for the design of the attention mechanisms.

140
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2. Improved Attention Similarity Function

Using the baseline model, the effectiveness of eleven attention similarity score

functions are compared. The insights gained in this study inspired a new function,

called T-trilinear function, proposed by applying the ReLU operation to the

trilinear function. Experimental results confirmed that the proposed T-trilinear

function outperforms all the existing functions.

3. Improved Relevant Information Generation Methods

The baseline model has also been used to compare several relevant information

generation methods in attention mechanisms. A new method with the inclusion of

two additional terms has been proposed as a result. Its output is further processed

through an FNN which produced better performances in comparison with all

existing methods.

4. RNNs in Gated Attention

One important place that RNNs have been used in the RNN-based QA systems

tackling multi-hop reasoning tasks is the gated attention. Using the DMN+

QA model as a case study, it was found that RNNs in gated attention has the

undesirable effect of causing the model to memorize the order of supporting facts.

Consequently, the trained model does not generalize well to those order of facts

that has not appeared in the training samples. Two approaches were proposed

to solve this problem from two different perspectives – the training data and

the architecture of the model itself. By combining data augmentation with an

RNN-free gated attention, a modified DMN+, called MoDMN+, is proposed.

Experimental results show that MoDMN+ can effectively tackle the problem.

5. RNNs in the Input Module of DMN+

A new RNN-free input module was introduced into the DMN+ QA model. This

new model, called ff-DMN, is shown to be able to solve inductive reasoning tasks
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from the bAbI dataset with a predictive accuracy of 97.2%. In contrast, other

QA models can only achieve at most 54.7% for the same tasks. Furthermore, an

ensemble model was developed and it showed superior performance on all 20

tasks in this dataset.

The research presented in this thesis provides a better understanding of how

different ways to compute attention affect the performance of an RNN-based neural QA

system. It also offers new discoveries of the role RNNs play with regard to inductive

reasoning tasks. All these contribute to our understanding of such neural QA systems

and help us to design better systems such as what has been proposed in this thesis.

7.1 Future Work

This research could be extended further in several different ways. In the study of the

role of RNNs, the inductive dataset used was synthetic. It will be interesting to apply the

proposed models to a non-synthetic dataset which requires the similar type of inductive

reasoning. Furthermore, the inductive reasoning task used in the experiments requires

reasoning over multiple sentences within a story or paragraph. Future work could

explore reasoning over larger chunks of texts, such as multiple paragraphs within a

document or even over several documents.

The baseline model was only used to study attention mechanism in this thesis.

However, it could also be used to compare methods used in other modules. Comparing

different features as part of the input for the model would also be worth exploring.

The way self-attention in Transformer type of architectures works is different

from the modular attention that is studied in this thesis. Therefore, a possible direction



Chapter 7. Conclusions 143

of future research is to understand how self-attention works and what factors affect its

performance.
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QA Question Answering

RIG Relevant Information Generation

RNN Recurrent Neural Network

RNNs Recurrent Neural Networks

SQuAD Stanford Question Answering Dataset

SAN Stochastic Answer Networks
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Appendix A

Comparison of Passage Summary

Generation Methods

As stated in Section 5.1.1.2, there are two general approaches to generate the passage

summary. The two approaches are called the first-order and second-order in this work.

The output formation is chosen to be [hi; h̃i] and [hi; h̃i; hi ○ h̃i], which

only include the passage representations and the passage summary. The query summary

is excluded, since based on the empirical experience including the query summary may

affect the observation on the performance of the passage summary. In another word,

it is clearer to see the divergence of the performance of the two methods without the

query summary’s influence on the final results.

We denote the output formation [hi; h̃i] as O_1 and [hi; h̃i; hi ○ h̃i] as O_2

in the scope of this appendix. The predictive results of the two methods under O_1 and

O_2 conditions are listed in Table 5. It is clear that the second-order method outperforms

the first-order significantly in both O_1 and O_2 output formation conditions. The
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Table A.1: The EM and F1 scores of the two passage summary generation methods

Method
O_1 O_2

EM F1 EM F1

First-order 31.4 40.6 31.0 40.3

Second-order 61.8 72.9 62.3 73.4

absolute improvement is 30.4 for EM and 32.3 for F1 under O_1, and 31.3 for EM

and 33.1 for F1 under O_2. This indicates that the passage summary generated by

the second-order method capture much more information than that by the first-order

method. The first-order method seems not able to produce meaningful information on

the interaction of the passage and the query, which the second-order way is able to

provide a reasonable amount of information to produce the reasonable performance.

Take a look at the trends of the loss curves in the training stage illustrated in

Figure A.1. There are four pairs of comparison in this figure: (a) compares the loss

curves of the first-order method under O_1 and O_2 conditions; (b) compares that of the

second-order method under O_1 and O_2 conditions; (c) compares that of the first-order

and second-order methods under the O_1 condition; (d) compares that of the first-order

and second-order methods under the O_2 conditions.

Figure A.1(a) shows that under both conditions the two models encounter a

plateau period of convergence at around training step 10. In condition O_1 the model

stays in the plateau till around step 20, while condition O_2 seems to help the model

quickly find the direction to continue its convergence. After the two models surmount

their plateaus with different amounts of time, the losses continue to decrease till they

stop at the points of the similar loss levels.
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Figure A.1: Loss curves of the first-order and second-order methods under the O_1 and
O_2 condition

Figure A.1(b) demonstrates that the the model with the second-order method

shows the similar convergence patterns in the O_1 and O_2 conditions. Although during

the converging process there is one duration that O_1 outperforms O_2 and another

duration O_2 outperforms O_1, eventually both reach at the similar loss levels.

Figure A.1(a) and Figure A.1(b) display that no matter which passage sum-

mary generation method is adopted, the factor hi ○ h̃i in O_2 condition seems not be

able to help the convergence of the model obviously.

Move to Figure A.1(c) and Figure A.1(d). The second-order method helps the

model converge much more effectively than the first-order method in training in both

O_1 and O_2 conditions. Both methods end up with significantly different loss levels

where the second-order’s is much lower than the first-order.
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In summary, the passage summary generated by the second-order method

contains more meaningful information that reflects the interaction of the question and

passage, which enables to the model to converge more effectively than the first-order

method.
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