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Recently, researchers have been addressing Question Answering (QA) by utilizing
deep learning architectures, e.g., Recurrent Neural Networks (RNNs), Convolutional
Neural Networks, and attention mechanism. QA has several variants, for example,
document-based QA and cloze-style QA. In general, QA tasks could be addressed via
similar approaches. This is due to the nature of QA which needs a context and a ques-
tion to be analyzed so that an answer can be retrieved. In this thesis, we are tackling
cloze-style QA. In such tasks, a context and a query are given. Query is a sentence
that is missing a piece of information (e.g., a word). The missing information should
be inferred based on the given context. Hierarchical Attention Network (HAN) based
models employ hierarchical attention, so they are suitable for cloze-style QA task.

HAN models have two layers of text encoding and use Global Vectors (Glove) embed-
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dings. We propose a HAN model to address cloze-style QA. Our proposed HAN model
has a single layer of text encoding. We conduct experiments to compare proposed model
against a baseline model (HAN pointer sum attention) having two layers of text encod-
ing. Comparison is based on inference times (i.e., time needed to process and answer
a sample) and accuracy scores. We utilize two publicly available cloze-style datasets
which are two instances of Children’s Book Test (CBT), namely, Named Entity (CBT-
NE) and Common Nouns (CBT-CN). We also use simplified versions of Cable News
Network (CNN) and Daily Mail data. Results show that proposed model has lower
inference time compared to baseline while maintaining baseline’s accuracy score. Pro-
posed model achieves an average inference time reduction of 41.39%. Moreover, we
investigate effects of different Bidirectional Encoder Representations from Transform-
ers (BERT) embeddings on accuracy score of HAN. We find that embeddings extracted
from BERT’s first layer give the best accuracy score compared to embeddings extracted
from other layers. Then, we design and run experiments to compare BERT's first layer
embeddings against Glove embeddings. Erperiments show that the two techniques of

embeddings result in similar accuracy scores.
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CHAPTER 1

INTRODUCTION

The main concern of Natural Language Processing (NLP) is to represent semantics
and syntactics of a natural language to a computer program. NLP is important
because it automates tasks that are time consuming for humans such as searching
or translating documents. NLP tasks could be simple such as finding stop words or
extracting numbers from text because such tasks do not require semantic processing.
NLP tasks could be moderate such as suggesting a better phrasing of a sentence or
finding grammatical mistakes since these tasks do not need to understand the whole
document. Finally, NLP problems could be complex as in the case of providing
a summary of a document or answering a question based on a context within a
document. Such problems need to process documents and understand interactions
between words and sentences. Complex NLP problems are currently being solved via
applying deep learning architectures such as Recurrent Neural Networks (RNNs) and
Convolutional Neural Networks. One NLP task that is recently being solved with

deep learning is Question Answering (QA).



QA is where a computer program (or a system) is given a question, and the task
is to provide an answer. There are several variants of such programs. For example,
there exist systems that provide answers based on Knowledge Bases. As the name
implies, these systems analyze Knowledge Bases to provide users with answers. Some
other systems are given questions paired with corresponding input documents, and

their task is to answer questions based on the input documents.

Moreover, QA programs could be classified by the types of questions they are
answering. For instance, some programs answer multiple choice questions. In this
type of QA, programs are given questions, contexts, sets of possible answers. The goal
of programs is to process contexts and pick the right answers. Other QA programs
consider short-answer questions. To solve this task, a program is presented with a
context and a question. Then, it needs to provide a short answer (e.g., a sentence)
from the context. Also, there are systems that answer cloze-style questions. In such
systems, a context and a sentence with missing information (e.g., a name) are given,
and the task is to provide the missing piece of information. In cloze-style QA, the
missing information is a single word [3], [4]. The following is a simple cloze-style

example with a three-sentence context followed by a cloze sentence:

1. Cryptography is a field that aims to develop secure encryption algorithms.

2. Secure encryption algorithms are needed to provide safe communications over

the internet.

3. This is because the internet is not secure to communicate private information.



4. When a person wants to send sensitive information over the internet, they need

to use a secure XXXXX.

In the above example, XXXXX represents the missing information, and it should
be replaced with the correct word which is, based on the context, algorithm. A set of

approaches addressing different QA variants are discussed in chapter 3.

All mentioned classes of QA systems utilize similar deep learning techniques. This
is due to the nature of the problem. For instance, every QA system should analyze a
question based on a context then provide an answer. However, transforming a model
from one QA task to another is not straightforward and requires some changes,
especially on the input and output layers, [5]. As a result, we limit our research to
cloze-style QA as it has several datasets, and each set has more than 100,000 training
samples as shown in table 3.1. Hierarchical Attention Network (HAN) architecture
[1] is suitable for cloze-style QA since HAN based models as it uses a hierarchical

attention to learn semantics and syntactics properties of training data.

We improve HAN based model to address cloze-style QA tasks. There are several
aspects of HAN architecture that could be improved. HAN models use two layers of
recurrent text encoding which could be reduced to one layer. We argue that one layer
of text encoding is sufficient for a HAN model to learn interactions of words in a given
domain such as cloze-style QA. This is because HAN uses pre-trained Global Vectors

(Glove) embeddings [6] which already capture meaning of words. Also, having a single



layer of text encoding would improve inference time (i.e., time to process and answer
a single sample) as recurrent text encoding is time consuming since they process text
sequentially. In addition, accuracy scores of HAN architecture might be improved
by investigating the use of pre-trained Bidirectional Encoder Representations from
Transformers (BERT) [7]. BERT provides better embeddings than Glove in many
NLP tasks [7]. Thus, utilizing pre-trained BERT would be a better approach. In this
research, we aim to improve HAN models for cloze-style QA by studying effects of
text encoding layers and BERT embeddings. The following are the research questions

that will be addressed in this research:

o Q1: What effect does one-layer text encoding have on HAN’s inference time

compared to two-layer text encoding?

o Q2: What effect does one-layer text encoding have on HAN’s accuracy score

compared to two-layer text encoding?

e Q3: How to improve HAN models, in terms of accuracy, by utilizing pre-trained

BERT embeddings?

Corresponding hypotheses are formalized as:

e Hpi: One-layer text encoding HAN model and two-layer text encoding HAN

model have the same average inference time.

o Hiy;: One-layer text encoding HAN model and two-layer text encoding HAN

model have different average inference times.



o Hpo: One-layer text encoding HAN model and two-layer text encoding HAN

model have the same average accuracy score.

o His: One-layer text encoding HAN model and two-layer text encoding HAN

model have different average accuracy scores.

For the third question, a precise hypothesis cannot be formalized. This is due to
the fact that there are many ways to extract embeddings from BERT [7]. It is not
clear which way best fits HAN. As a result, it requires several experiments to identify

the best way to extract embeddings. More details are presented in section 5.3.



CHAPTER 2

BACKGROUND

This chapter gives some background information regarding deep learning archi-
tectures and Question Answering (QA). For deep learning, we give an overview of
commonly used models. The models are Global Vectors (Glove), Gated Recurrent
Units (GRUs), and Bidirectional Encoder Representation from Transformer (BERT).
In addition, we discuss Hierarchical Attention Network (HAN). Regarding QA, we
discuss how QA was being solved before the advancement in deep learning. Then, we
consider Knowledge Base (KB) QA systems. After that, we discuss document based

question answering. Finally, we provide some discussion on visual QA.

2.1 Deep Learning Architectures

2.1.1 Global Vectors

Glove is developed by Pennington et al. [6]. Glove is used in Natural Language
Processing as an embeddings layer. Embeddings refer to mapping words into vector

space such that vectors preserve meanings of words [6]. Pennington et al. construct a

6



word co-occurrence matrix to learn embeddings of words. An entry X;; in the matrix
holds the number of times a word; appears in the context of a word;. The context
is a window of size ten, and it considers five words before the word; and five words
after. This simple matrix is the basis for Glove. Pennington et al. trained Glove on a
dataset of six billions tokens. They called the model Global Vectors because it is able

to learn the global statistics of the training data.

2.1.2 Gated Recurrent Units

GRUs are type of neural networks that can work with natural languages, and
they are developed by Cho at al. [8]. They process a word at a time. GRUs have
gating mechanism which allows them to learn long-term dependencies [8]. Instead of
encoding every word, they just encode the words that contribute to solving the task
being addressed, for example, QA. As illustrated in section 3.2, researchers have been

using Bi-directional GRUs (BiGRUs).

BiGRUs consist of two GRUs. One GRU processes input from left to right, and
the other GRU processes input from right to left. Then, the outputs of the two models
are concatenated. The concatenated vector holds information of left to right and right

to left encoding. Hence, it is named bi-directional.



2.1.3 Bidirectional Encoder Representation from Trans-

former

BERT is proposed by Devlin et al. [7]. BERT consists of 12 layers. Each layer
performs attention text encoding [9] followed by a fully connected network. BERT
is trained on BookCorpus data having 800 million words [10] and English Wikipedia
data having 2,500 million words [7]. BERT has 110 millions parameters, and the large
number of parameters allows it to perform well on different NLP tasks [7]. The main
component of BERT is the attention based text encoding. Unlike GRUs, attention

text encoding processes input text in parallel, so it is faster than GRUs [9].

2.2 Hierarchical Attention Network

HAN is develop by Yang et al. [1]. The goal of the authors was to develop a model
for sentiment estimation and topic classification. Figure 2.1 shows the developed
HAN. It has two layers of text encoding. After each layer, attention is applied.
Attention operation is a dot product followed by a soft-max operation. In the output
layer, attention scores are added, and predictions are provided. The main advantage
of HAN is the attention operations which enable it to focus on relevant parts of the
input. Attention is illustrated in detail in chapter 4 and appendix A. Alpay et al. [2]

proposed a HAN model for cloze-style QA.

The proposed model is called HAN pointer sum attention (HAN-ptr). HAN-ptr is
shown in figure 2.2. It also has two layers of text encoding and attention operations

8
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Figure 2.1: HAN for sentiment estimation and topic classification [1].

after each layer. In the output layer, attention scores are added. Attention scores are
given to each word in the input context. The word with the highest score is predicted
to be the answer. More details about the operations of HAN are presented in chapter

4 and appendix A.

~ | Pointer Sum Attention

PO

( Attention

(" question

[ embedding j L embedding Jl

word
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Figure 2.2: HAN for cloze-style QA [2].



2.3 Question Answering

2.3.1 Question Answering before Deep Learning

QA and Natural Language Processing (NLP) in general were harder before the
advancement in deep learning. Researchers and engineers had to design complex
rules and regular expressions to extract useful information from input text [11], [12].
Moreover, they needed to have several modules working together to answer a single
question such as processing questions and retrieving information from Knowledge
Bases (KBes) [13], [14], [15]. To design a system, one needed experts not only in NLP

but also in the domain targeted by the system, and the systems worked with KBes.

Figure 2.3 shows a block diagram of a typical QA system. Complex rules are
applied on input questions to extract information. Then, a KB is searched to retrieve
answers. The answers are analyzed to select the best one(s). Finally, the best answer

is delivered.

= & & 85

Figure 2.3: A typical QA system before the advancements in deep learning based
models.

2.3.2 Knowledge Base Question Answering

KB QA systems answer questions based on some databases (i.e., KBes) holding

information regarding the domain addressed by the systems. Information is stored

10



in specific format in KBes, and the formats are not universal for all KBes [16]. So,
KB QA systems need some processing to extract information from input and match
it with the KB [17], [18]. After extracting the information, some deep learning
techniques (e.g., Recurrent Neural Networks) could be used to select the best piece
of information that answers the input question [19]. Although the systems provide

good results [20], they only work with the KBes that they designed for.

Figure 2.4 shows a block diagram of a typical KB QA system. Some rules are
applied on input questions to extract information. Then, the system searches a KB
to retrieve answers. The answers are analyzed using deep learning to select the best

one(s). Finally, the system gives the best answer.

23 3 5 5

Figure 2.4: A typical KB QA system.

2.3.3 Document Based Question Answering

Document based QAs are the simplest QA systems. They do not have KBes to
work with, and they do not require complex NLP rules to extract useful information
as this task is left for advanced deep leaning models [21]. A document based QA
system has two inputs which are a document and a question [22]. Input document
and question can be directly processed by recurrent, convolutional, or attention
networks [23], [24]. System designers can also have simple NLP processing before
the inputs are passed to the networks [25], [26]. Although document based QAs are

11



simple, they provide good results [27]. However, one drawback is that the systems

need large scale data sets and, hence, long training times.

Figure 2.5 shows a block diagram of a typical document based QA system. Op-
tional rules could be applied on input documents and questions to extract some useful
information. Then, inputs are processed by deep learning models. This allows the
system to give the best answer as it learns interactions between a document and a
question. For the optional rules, one might use Part of Speech tags before passing

inputs to deep learning models [4].

=3 €3

Figure 2.5: A typical document based QA system.

2.3.4 Visual Question Answering

Visual QA (VQA) is an interesting QA application as it involves images and
text, and it needs to learn interactions between them. VQA systems accept two
inputs, namely, an image and a question [28]. As a result, these systems typically
have two sub-modules. The first one considers processing images, and it consists
of Convolutional Neural Networks [29]. The second sub-module works with textual
contents, and it includes Recurrent Neural Networks [30]. To learn interactions

between visual and textual contents, attention is applied on the output of the two

12



sub-modules [31], [32].

Figure 2.6 shows a block diagram of a typical VQA system. Images and questions
are processed independently by two separate sub-modules. The results of the sub-
modules are analyzed further by some deep learning model. This gives a VQA system
the ability to learn how visual and textual contents interact with each other and,

hence, answer questions.

=3

Figure 2.6: A typical VQA system.

- v TV
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CHAPTER 3

LITERATURE REVIEW

Three common cloze-style question datasets will be discussed in this chapter. Also,
some related work in cloze-style QA systems and some general approaches towards
QA tasks will be briefly reviewed. For each study, we report proposed approach,
training data, and training and testing results. For studies addressing cloze-style QA,
we mention which optimization algorithm was used to update trainable parameters
of proposed models. Inference times of models addressing cloze-style QA were not
reported by researchers. In this review, we do not consider large language models such
as BERT [7] and Generative Pre-trained Transformer (GPT) [33] as these models are
not designed specifically for cloze-style QA. They are meant to be general purpose

language models (i.e., could be used in a variety of NLP tasks).

3.1 Cloze-Style Questions Datasets

The three commonly used Cloze-style data are Children’s Book Test (CBT), Cable

News Network (CNN), and Daily Mail datasets. Recently they have been utilized to

14



train and validate deep learning based models to answer Cloze-style questions. The

following discusses some information about these datasets.

CBT was collected from children books, and Hill et al. [3] argued that children
books provide a clear narrative structure. Each example in the data has a 20-sentence
context, a 1-sentence query with a missing word, and 10 candidate answers including
the true answer. Missing words in query sentences could be one of two types which
are named entities and common nouns. So, CBT has two instances, namely, Named
Entity (CBT-NE) and Common Nouns (CBT-CN) where the first has 108,719
training, 2,000 validation, and 2,500 test examples; and the second has 120,769

training, 2,000 validation, and 2,500 test examples.

The following is a data point from CBT-CN data. The context is
1 What is it 27
2 answered he .
3 “ The ogre is coming after us .
4 I saw him .~
5 ¢ But where is he ?
6 I dont see him . ’
7 ¢ Over there .
8 He only looks about as tall as a needle . ’

9 Then they both began to run as fast as they could , while the ogre and his dog kept

drawing always nearer .

15



10 A few more steps , and he would have been by their side , when Dschemila threw
the darning needle behind her .

11 In a moment it became an iron mountain between them and their enemy .

12 ¢ We will break it down , my dog and I , ’ cried the ogre in a rage , and they
dashed at the mountain till they had forced a path through , and came ever nearer
and nearer .

13 ¢ Cousin !’

14 said Dschemila suddenly .

15 < What is it ¢’

16 © The ogre is coming after us with his dog . ’

17 ¢ You go on in front then , * answered he ; and they both ran on as fast as they
could , while the ogre and the dog drew always nearer and nearer .
18  They are close upon us !’

19 cried the maiden , glancing behind , * you must throw the pin . ’

20 So Dschemil took the pin from his cloak and threw it behind him , and a dense
thicket of thorns sprang up round them , which the ogre and his dog could not pass
through .

The query line is

21 1 will get through it somehow , if I burrow wunderground , ~ cried

he , and wvery soon he and the XXXXX were on the other side . dog

Cousin/cloak|/dog/maiden/mountain/needle/path/pin/side/steps

which includes the query, the true answer (i.e., dog), and ten possible answers.

16



The other two datasets, CNN and Daily Mail, were collected by Hermann et al.
[4] from Cable News Network and Daily Mail websites. The authors noticed that
articles in CNN and Daily Mail websites are followed by bullet point summaries. So,
by removing an entity from one of the bullet points and having the other points as
queries, the researchers could construct a document-query-answer triple data. CNN
data consists of 380,298 training examples, 3,924 validation examples, and 3,198
testing examples; and Daily Mail data 879,450 training examples, 64,835 validation

examples, and 53,182 testing examples.

The following is an example from Daily Mail data. The context is
the ent381 producer allegedly struck by ent212 will not press charges against the “
ent153 7 host , his lawyer said friday . ent212 , who hosted one of the most - watched
television shows in the world , was dropped by the ent381 wednesday after an internal
investigation by the ent180 broadcaster found he had subjected producer ent193 “ to
an unprovoked physical and verbal attack . 7.
The query is
producer X will not press charges against ent212 | his lawyer says ..
The answer is
ent198,
and it should replace X in the query. The example includes the words ent followed

by numbers. These words replace names as names do not contribute to the meaning

of the sentences [4].
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Three common cloze-style data are CBT, CNN, and Daily Mail datasets. They

have been utilized recently to train and validate deep learning based models to answer

cloze-style questions. Table 3.1 provides a summary of these datasets.

Table 3.1: Summary of cloze-style question datasets.

Data Training Validation | Testing Context Sentence
Examples | Fxamples | Examples | Length Length
CBT-NE | 108,719 2,000 2,500 20 sentences | variable
CBT-CN | 120,769 2,000 2,500 20 sentences | variable
CNN 380,298 3,924 3,198 variable variable
Daily Mail | 879,450 64,835 53,182 variable variable

3.2 Cloze-Style Approaches

HAN was developed by Yang et al. [1] with a goal to perform text classification.
Alpay et al. [2] proposed two cloze-style QA models based on HAN architecture that
utilize Bi-directional Gated Recurrent Units (BiGRUs) to encode input sequences.
The main difference between the two models was in the final layer where the first
model used a soft-max based classifier to generate scores of predicted classes and the
second model used pointer sum attention to add attention scores of words. In this
work, the authors utilized Adam optimizer [34]. They used Glove embeddings [6] to
converted the input text into vector spaces and CBT data to validate their models.
Accuracy scores of the first model on validation and test sets of CBT-NE data were
62.9% and 57.7% respectively, and its scores on validation and test sets of CBT-CN
data were 60.4% and 56.4% respectively. Accuracy scores of the second model on
validation and test sets of CBT-NE data were 75.5% and 69.9% respectively, and its
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scores on validation and test sets of CBT-CN data were 69.1% and 67.7% respectively.

Fu et al. [35] proposed a model to answer cloze-style questions. The model was
based on BiGRU and intra-attention. Intra-attention was computed by applying dot
product between a word and every other word in a context. Intra-attention was
used to model long-term dependencies. The output (e.g., an answer) was provided
via inter-attention mechanism. The model was optimized using Adam. The authors
utilized CBT data to validate their model. The model achieved accuracy scores of
77.7% and 74.2% on validation and test sets of CBT-NE data respectively, and 75.9%

and 74.5% on validation and test sets of CBT-CN data respectively.

Fu and Zhang [36] developed a model that addresses cloze-style questions. The
model utilized multiple latent semantic spaces to process queries and documents.
Also, the model utilized bit-level attention instead of token-level attention. The
bit-level attention was computed using a fully connected layer with output dimen-
sionality equals to the size of the embeddings. So, the attention produced a score to
every number in an embeddings vector. Fu and Zhang argued that bit-level attention
is more effective than token-level attention. To train their model, Fu and Zhang used
Adam optimizer. They validated their model using CBT data. The model achieved
accuracies of 78.1% on validation and 73.1% on test sets of CBT-NE and 73.9% on

validation and 71.5% on test sets of CBT-CN.

Dhingra et al. [37] proposed a Gated Attention (GA) and BiGRU based model
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for cloze-style question answering. Gates in attention mechanism instructed the
attention whether to apply summation, concatenation, or multiplication of the output
provided by BiGRUs. The model had four layers of BiIGRUs and GA. Dhingra et al.
used Adam optimizer to train the model. The researchers validated their model on
CBT-NE and CBT-CN. The model achieved accuracy scores of 78.5% and 74.9% on
validation and test sets of CBT-NE data and 74.4% and 70.7% on validation and test

sets of CBT-CN data.

Kadlec et al. [38] proposed an ensemble model based on attention mechanism
and BiGRU to provide answers for cloze-style questions. The model was validated
on CBT data, and its parameters were updated using Adam optimizer. The model
achieved 76.2% and 71% accuracy scores on validation and test sets of CBT-NE data,

and 72.4% and 67.5% accuracy scores on validation and test sets of CBT-CN data.

Hermann et al. [4] proposed an attention mechanism and bidirectional long
short-term memory (BiLSTM) based model for cloze-style questions. Their model
applied attention on context and query after they were fully encoded. For parameter
updates, Hermann et al. utilized Root Mean Square Propagation (RmsProp)
algorithm [39]. The model was validated on data from CNN and Daily Mail websites
collected by the authors. The developed model achieved accuracy scores of 61.6%
and 63% on validation and test sets of CNN data, and 70.5% and 69% on validation

and test sets of Daily Mail data.
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Shen et al. [5] proposed an attention mechanism and BiLSTM based model to

address cloze-style questions. The authors introduced some reinforcement learning

techniques to dynamically instruct the model when to stop reading a document.

Adam optimizer was used to guide training process. The model was validated on

CNN and Daily Mail data. Proposed model got accuracies of 72.9% and 74.7% on

CNN validation and test sets, and 77.6% and 76.6% on Daily Mail validation and

test sets.

The presented work shows that there are several deep learning approaches towards

Cloze-style question answering systems. However, only one model—proposed by Alpay

et al. [2]—was based on HANs. Table 3.2 summarizes presented literature.

Table 3.2: Summary of approaches towards cloze-style question answering. AM stands
for attention mechanism, and DM stands for Daily Mail

References Architectures Optimizers Data \2 leéliz?;l SC%I;i
Alpay et al. [2] HAN and BiGRU Adam ggg:gﬁ gg?gj ggggj
Fuctal 55| g mtention | A0 [ORT-ON | 7500 7i9%
Fu and Zhang [36] | Bit-level attention Adam gg:?:gﬁ ;g;gj ;iégj
Dhingra et al. [37] Gjﬁg éféeﬁgon Adam gg%‘:gﬁ ;iigj ;32;2
Kadleo et al. (33 | AM and BIGRU | Adam [ fprien ZS:SZS Z;ﬁgjﬁ
Hermann et al. [4] | AM and BiLSTM RmsProp %1\1]\? géggz ggggj
Shen et al. [5] | AM and BiLSTM Adam %1\1]\1; ;?:252 Zg:ggj
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3.3 General Approaches

There are several approaches that have been used to design QA systems. The

following discusses some of recent work that is related to this research.

Du et al. [40] proposed a biomedical QA system consisting of four layers. The
first layer contains pre-trained BERT [7], the second layer Bidirectional Long-Short
Term Memory (BiLSTM), and the third layer an attention mechanism. The fourth
layer is the output layer. Since BERT was pre-trained, the authors fine-tuned it with
the BioASQ [41] dataset to improve its performance. The dataset had 1,799 questions
related to the biomedical field. The model was then tested using a biomedical related
dataset containing 1,799 questions and achieved an accuracy score of 33% and a

Mean Reciprocal Rank (MRR) score of 38%.

Li et al. [42] developed a Recurrent Neural Network (RNN) and Convolutional
Neural Network (CNN) based encoders QA system. The model was trained on
the NLPCC2016 which is a chinese language dataset containing training and
testing sets [43]. The training set has 181,882 question and answer pairs. The
testing set has 122,531 question and answer pairs. The model achieved a Mean Aver-

age Precision (MAP) score of 84.4%, an MRR score of 84.5%, and a precision of 77.1%.

Xiao et al. [44] proposed a QA system that utilizes both BiLSTMs and attention

mechanism. The input text was converted into vector space using Glove word
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embeddings [6]. Some features were added to the encoded paragraphs such as
Part of Speech (POS) and named entity tags. The authors used Stanford Question
Answering Dataset (SQuAD) [45] to train their model. The model achieved an F1

score of 79.7% and an Exact Match (EM) score of 71.4% on that dataset.

Peng and Liu [46] proposed an attention-based CNN model for QA tasks. The
main goal of the model is to re-rank candidate answers and remove factoid answers.
This task was accomplished by obtaining word-level and phrase-level interactive.
The model then generates probabilities to re-rank candidate answers. The model was
trained on TrecQA [47] which has 4,718 training examples, 1,148 validation examples,
and 1,517 testing examples. The model achieved an MAP score of 68.8% and an

MMR score of 77.3% on this dataset.

Yang et al. [48] designed an attention based Neural Matching Model (aNMM)
to tackle QA. The model mapped a question and an answer to their embedding
representations. Then, it constructed a matching matrix with rows and columns
equal to the lengths of the question and answer respectively. Element e;; in the
matrix measured how similar the i** word in the question to the j** word in the
answer. The similarity was computed using cosine similarity. After that, the model
applied attention and feed forward network. The final output of the model was a
score between 0 and 1 that indicated how likely the provided answer would be the
right answer. The model was trained and tested on TrecQA dataset. The model

could achieve MAR and MMR scores of 73.85% and 79.95% respectively.
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Bao et al. [49] developed a Knowledge Base (KB) based system to address QA.
The system translated questions to meaning representations using Cocke—Younger—
Kasami (CYK) parsing algorithm. This step was important as it allowed the system
to retrieve answers from the KB, and it was the main contribution of the research.
The authors used WebQuestions data [50] to validate their system. The system was

able to produce an accuracy score of 37.5%.

As discussed above, there are different approaches to build deep learning based
systems for QA tasks. However, attention mechanism is the common approach. Table

3.3 summarizes presented literature.

Table 3.3: Summary of general approaches towards QA.

References Architectures Data Accuracy
Metrics Scores
Du et al. [40] BERT and BilL- BioASQ accuracy, MRR 33%, 38%
STM
Li et al. [42] RNN and CNN NLPCC2016 | MAP, MRR 84.4%, 84.5%
Xiao et al. [44] | attention mech- SQuAD EM, F1 71.4%, 79.7%
anism and BiL-
STM
Peng and Liu [46] | attention mecha- TrecQA MAP, MMR 68.8%, 77.3%
nism and CNN
Yang et al. [48] | attention mecha- TrecQA MAP, MMR 73.85%, 79.95%
nism and match-
ing network
Bao et al. [49] | Knowledge Base | WebQuestions | accuracy 37.5%
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CHAPTER 4

PROPOSED MODEL

We describe proposed model in some details. We discuss overall operations of
proposed model. Then, we illustrate first and second level attentions. We do not

provide mathematical details in this chapter. Instead, we present them in appendix

A.

4.1 Model Description

Our proposed model is based on HAN pointer sum attention (HAN-ptr) model
for cloze-style developed by Alpay et al.[2]. Figure 4.1 shows a block diagram of
proposed model. Colored boxes indicate inputs or outputs, and white boxes indicate
operations. Dashed arrow going from a BiGRU indicates all hidden states of that Bi-

GRU, and solid arrow going from a BiGRU indicates last hidden state of that BiGRU.

First, context sentences and query are encoded word by word using two Bi-

GRUs. Then, attention is performed on all hidden states of encoded sentences
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Prediction

Attention Sum

CAs 2nd Attention
1st Attention
‘ BiGRU ‘ ‘ BiGRU ‘
‘ Context ‘ ‘ Query ‘

Figure 4.1: A block diagram of proposed model where CAs stands for Candidate
Answers.

and last hidden state of encoded query. This results in an attended context
vector (context after attention is performed on it) that has relevant information to
query. Another attention is performed on the encoded query and attended context.
This enhances the attended context vector because the operation reduces values
of irrelevant information compared to relevant. Then, first and second attention
scores are multiplied which results in word scores. After that, attention sum [38]

is performed on candidate answers (e.g., a list of 10 possible answers) and word scores.

Attention sum just adds scores of a word. To illustrate, a context could have
repeated words, and scores of these words might be different depending on their
locations in the context. As an example, if a context has the word “school” three times
with scores 0.05, 0.1, and 0.07, then the score of "school” would be 0.22. The output

of HAN is the word with maximum score, and it is predicted to be the answer to query.
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4.2 First Attention

First attention is illustrated in figure 4.2. Inputs to the operation are en-
coded context and encoded query. Encoded context is a matrix with shape
(sequence, output__space x 2) where sequence is the number of words in a context,
and output__space is the output dimension of a GRU unit. It is multiplied by two
because we concatenate outputs of two GRUs. Encoded query is a vector with shape
(1, output__space*2). Dot product is applied between encoded query and every row in
encoded context. Dot product returns scalar values, and these values are used as sim-
ilarity metrics between encoded query and each word in encoded context. So, the dot
product results in a vector of size (sequence, 1), and a soft-max operation is applied
on this vector. Soft-max operation produces attention scores of words. For example,
row; in attention scores vector has the score of i*® word in input context. Finally, each
row in encoded context is multiplied by the corresponding score using element-wise
multiplication which gives attended context. As indicated by colored boxes in figure

4.2, outputs of first attention are attention scores and attended context.

4.3 Second Attention

Operations of second attention are similar to first attention and are shown in
figure 4.3. Inputs are attended context, encoded query, and attention scores (input

attention scores). Dot product is applied between encoded query and every row in
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Figure 4.2: A block diagram of first attention.

attended context. The result is a vector of size (words, 1), and a soft-max operation is
applied on this vector to get attention scores (obtained attention scores). After that,
element-wise multiplication is performed between obtained attention scores and input
attention scores. Although the operation reduces values of input attention scores,
it decrease values of irrelevant words much more since values of these words will be
multiplied by smaller values. The output of second attention is the result of element-

wise multiplication which is word scores vector.

Word Scores

Attention Element-wise
Scores Product

Soft-max

Uk

Dot Product

)

‘ Attended ‘ Encoded ‘
Context Query

Figure 4.3: A block diagram of second attention.
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CHAPTER 5

EXPERIMENTAL SETUP

In this chapter, we describe data processing and design of experiments. We have
two sets of experiments. The first set is designed to compare one-layer text encoding
HAN models and two-layer text encoding HAN models. The comparison is based on
inference times and accuracy scores. The second set is designed to measure effects
of different BERT embeddings on HAN models’ accuracy scores. Furthermore, we

discuss some details regarding model implementation and training environment.

5.1 Data Processing

In this section, we describe utilized data. This includes structure and pre-

processing of data. We utilize CBT, CNN, and Daily Mail datasets.

5.1.1 CBT

We are considering both CBT-NE and CBT-CN. Each example of datasets has

21 lines. The first 20 lines are context sentences, the 21 line has three parts which
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are a query, true answer, and a list of 10 candidate answers.

CBT data is well organised. So, pre-processing is minimal. For each dataset, we
process data line by line as the following. For each line, we remove line numbers and
new line character. After that, we store each word of the line in a hash data structure.
Each entry in the structure is a tuple consisting of a word and its frequency. The
frequency of a word is updated as the processing progresses. For example, if a word
in some line has a frequency of 2, then its entry in the hash data structure would be
2. If the same word appears in another line with a frequency of 3, then its frequency
would be updated to be five (e.g., 2 + 3). At the end of this process, the hash has an
entry for each word in a dataset (e.g., CBT-NE or CBT-CN) and its corresponding

frequency.

We utilize these frequencies to sort words from the most common to the least
common. This allows us to assign Identification (ID) numbers to words. IDs range
from 0 to (max - 1) where max is the total number of words in a dataset. ID of 0
is assigned to the most common word in a dataset, and ID of (max - 1) is assigned
to the least common word in the dataset. Then, we convert data files from text
to integers by replacing each word by its ID. This process is not mandatory, but it
results in smaller file sizes. For instance, the original size of CBT-NE training data is

237 Megabyte (MB), while the size of the corresponding ID file is 168 MB.

After we read ID files, we convert them into vector space using an embedding
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matrix. Originally, embedding matrix is indexed by words row-wise. For instance,
row; has the vector representation of word;. So, we replace word indices by the corre-

sponding IDs.

5.1.2 CNN and Daily Mail

CNN and Daily Mail data have complex structure compared to CBT. For instance,
they have variable length documents, and a document might have several questions.
So, we transform CNN and Daily Mail data so that they would have the same
structure as CBT. To illustrate, each example of transformed CNN and Daily Mail
data has 21 lines. Context sentences are the first 20 lines, the 215 line contains a

question, true answer, and a list of 10 possible answers.

The process of transforming data is as the following. We ignore all questions and
answers and only consider documents. From the total documents of a dataset (e.g.,
CNN or Daily Mail), we extract 2000 documents as validation documents and 2500
documents as test documents. For each document, we extract the first 20 lines so
that we would have a 20-line context. For the 21% line (query line), we extract a word
as an answer to a query, and the query is the same line after extracting the word.
After that, we add a list of 10 possible answers to the query line. The list consists of
the true answer and nine words randomly sampled from the context. As a result of
this process, each document would have the same structure as CBT data. Then, we

convert words to IDs as described in section 5.1.1.
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We consider some criteria to transform data. If a document has more than 21
lines, the extra lines are ignored. If a document has less than 21 lines, the document is
ignored. To extract a word from the query line, the word must be a noun or a verb. To
ensure this requirement, we utilize a Part of Speech (POS) tagger. If a query line does
not have a noun or a verb, the corresponding document is ignored. These requirements
reduce sizes of training, validation, and test sets. Resulted samples for CNN are 61640
training samples, 1388 validation samples, and 1758 test samples. Training, validation,

and test sets of Daily Mail have 86612, 1738, 2191 samples respectively.

5.2 Text Encoding Layers

For the first set of experiments, we develop two HAN models. First model is our
proposed model. Second model is a replication of model developed by Alpay et al.
[2]. We develop it to the best of our knowledge and according to the description
provided by Alpay et al. Replicated model serves as a baseline for proposed model.
The only difference between proposed and baseline models is the number of text
encoding layers. For instance, proposed model has one layer of text encoding. On the
other hand, baseline model has two layers. Consequently, observed inference times
and accuracy scores would be caused by the difference in number of text encoding
layers. Experiments are done using the four datasets discussed in section 5.1. Table

5.1 illustrates objects, independent variables, and dependent variables of experiments.
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Table 5.1: Tllustration of text encoding layers’ experiments.

Objects Variables
Independent Dependent
HAN models | Number of text encoding | Inference times and accu-
layers racy scores

5.3 BERT Embeddings

We experiment with embeddings extracted from pre-trained BERT model [7].
BERT was trained on BookCorpus data having 800 million words [10] and English
Wikipedia data having 2,500 million words [7]. BERT has 12 layers, and each layer
has an output dimensionality of 768. BERT is designed to take two sentences as input
and to generate vector representations (embeddings) of them. There are different

ways to extract embeddings from BERT’s layers.

Devlin et al. [7] found that taking concatenation of outputs of last four layers
resulted in the best performance in Named Entity Recognition task. We try this ap-
proach, but it does not provide us with accuracy scores of more than 70% as shown in
table 6.3. Consequently, we take outputs of first layer, average of sixth and seventh
(middle layer), and last layer. We consider these layers because we want to observe
how embeddings extracted from deeper layers affect HAN’s accuracy. To obtain em-
beddings for all four datasets, we extract unique words from datasets and pass these
words individually to BERT so that BERT generates embeddings for words instead
of sentences. Table 5.2 illustrates objects, independent variables, and dependent vari-

ables of experiments.
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Table 5.2: Illustration of BERT embeddings experiments.

Objects Variables
Independent Dependent
HAN models | Embeddings layers of | Accuracy scores
BERT

5.4 Hyper-Parameters and Training

We set hyper-parameters as the following. We have GRUs with output spaces
of 384 and Glove embeddings with 200 dimensions. These values are among the
best values experimented by Alpay et al. [2]. We experiment with output spaces
and embeddings dimensions for one-layer text encoding HAN to confirm our choices.

Experiments’ results are presented in appendix C.

Regarding model optimizer, we use Adam [34] optimizer with learning-rate of
0.001, By of 0.9, and B2 of 0.999. We set these parameters after experimenting
with different values. Results of experiments are presented in appendix C. Gradient
clipping value of 10 is used. Training is done in batches each of size 64 samples.
Models are evaluated every 200 batches. Training process is terminated if a model

starts to overfits its training data.

We develop HAN models using TensorFlow. Models are trained on Colaboratory
(Colab). Colab is a cloud-based Python environment. Colab provides a machine with
a Central Processing Unit (CPU) of type Xeon with a 2.3-Gigahertz (GHz) clock
frequency and a cache memory of size 45 Megabytes (MB), a Random Access Memory
(RAM) of approximately 25.5 Gigabytes (GB), an NVIDIA Graphics Processing
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Unit (GPU) of type T4 with a 16-GB RAM, and a disk size of approximately 68.4 GB.
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CHAPTER 6

RESULTS

This chapter presents results of both sets of experiments. For text encoding layers,
we evaluate proposed and baseline models on test sets of all four datasets. To assess
our results, we compare inference times and accuracy scores of proposed model against
two models, namely, Gated Attention Readers by Dhingra et al. [37] and Attention
Sum Reader by Kadlec et al. [38]. Regarding BERT embeddings, we experiment with
embeddings extracted from different layers using CBT-NE data. Then, we take the
best embeddings to train models on the other datasets. This step is important to

ensure that observed behaviour could generalize to other datasets.

6.1 Test Results of Text Encoding Layers

Tests are performed by evaluating proposed and baseline models on batches of
64 samples from test data. We consider two criteria which are inference times and
accuracy scores. Inference time is expressed in seconds, and it is the time needed by a

model to process and answer a single test sample. Accuracy is computed as the total
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number of correctly identified answers divided by the total number of predictions in
a batch. CBT-NE and CBT-CN both have 2500 test samples. On the other hand,
CNN has 1758 test examples, and Daily Mail has 2191 test examples. Consequently,
models are tested on 39 batches (i.e., floor(2500 / 64)) of CBT-NE and CBT-CN test

sets, 27 batches of CNN test set, and 34 batches of Daily Mail test set.

Table 6.1 shows test results of the models. For CBT-NE test data, proposed model
gets an average inference time of 0.01255 seconds and an average accuracy score of
70.47%. Baseline model gets an average inference time of 0.02129 seconds and an
average accuracy score of 68.99%. This corresponds to inference time reduction of
41.05% and accuracy increase of 2.14%. Table 6.1 indicates that proposed model has
an average inference time reduction of 41.39% and an average accuracy increase of

0.4142%.

6.2 Additional Evaluation

To have a more comprehensive evaluation, we replicate two state-of-the-art
models which are Gated Attention Readers and Attention Sum Reader models
developed by Dhingra et al. [37] and Kadlec et al. [38], respectively, and com-
pare their inference times and accuracy scores with our model’s. The results
are illustrated in table 6.2. Accuracy scores of all models are similar. However,
inference times of proposed model are better than Gated Attention Readers. On

the other hand, proposed model and Attention Sum Reader have close inference times.
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Table 6.1: Test results of proposed and baseline models. IT stands for inference time,
and it is measured in seconds. AS stands for accuracy score.

Results
Test Data Models Average IT | Average AS
Proposed model 0.01255 70.47%
Baseline model 0.02129 68.99%
CBT-NE Reduction in IT 41.05% -
Increase in AS - 2.14%
Proposed model 0.01268 67.42%
Baseline model 0.02138 67.54%
CBT-CN Reduction in IT 40.69% -
Increase in AS - -0.1779%
Proposed model 0.01738 96.87%
ONN Baseline model 0.03039 97.01%
Reduction in IT 42 8% -
Increase in AS - -0.1466%
Proposed model 0.0118 90.34%
Daily Mail Baseline model 0.02002 90.48%
Reduction in IT 41.05% -
Increase in AS - -0.1569%
Average results Reduction in IT 41.39% -
Increase in AS - 0.4142%

It should be noted that accuracy scores of the replicated models in table 6.2 are
different from the results of the same models in table 3.2. This is because we only con-
sider the developed architectural designs (i.e., the main contributions of both studies)
of the models and ignore additional enhancements such as character level embeddings
and ensemble of models. Also, our implementations of the models use larger embed-
dings and BiGRU units. We follow this approach because we want our model and the
replicated models to differ only on the architectural designs so that observed scores

are not caused by other factors.
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Table 6.2: Test results of proposed model, Gated Attention Readers, and Attention
Sum Reader. IT stands for inference time, and it is measured in seconds. AS stands
for accuracy score.

Results
Test Data Models Average IT | Average AS

Proposed model 0.01255 70.47%

CBT-NE | Gated Attention Readers 0.03323 70.75%
Attention Sum Reader 0.0142 69.76%

Proposed model 0.01268 67.42%

CBT-CN | Gated Attention Readers 0.03294 67.42%
Attention Sum Reader 0.0144 64.78%

6.3 Test Results of BERT embeddings

Table 6.3 shows validation and test results of experimenting with embeddings
taken from different layers. We utilize CBT-NE data for training and testing. The
best performing embeddings are extracted from BERT’s first layer. In addition, table
6.4 presents results of training HAN models on all four datasets using embeddings

extracted from BERT’s first layer.

Table 6.3: Results of experimenting with different BERT’s embeddings on CBT-NE
data.

Layers Results
Validation Set | Test Set
First 74.85% 69.07%
Mid 70.82% 64.26%
Last 69.35% 62.58%
Last four layers 68.08% 63.95%
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Table 6.4: Results of experimenting with BERT’s first layer embeddings on all
datasets.

Data Results
Validation Set | Test Set
CBT-NE 74.85% 69.07%
CBT-CN 69.76% 67.22%
CNN 96.53% 96.61%
DM 89.87% 90.42%
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CHAPTER 7

ANALYSIS AND DISCUSSION

In this chapter, we provide interpretation of the obtained results. We test hy-
potheses corresponding to the first and second research questions. We also discuss
results of BERT embeddings and threats to validly of the research. The last section

of the chapter presents an issue with training models.

7.1 Hypothesis Testing

We conduct statistical tests on results of models to test hypotheses of this
research. We utilize Shapiro-Wilk test [51] to test normality of results. Outcomes
of Shapiro-Wilk are presented in table 7.1. Test shows that some of results are
not normally distributed. Consequently, we conduct a non-parametric test to test
hypotheses, and test is Mann—Whitney U test [52]. For normally distributed results,

we use t-test.

Results of statistical tests are shown in table 7.2. All statistical tests performed
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Table 7.1: Shapiro-Wilk test results. I'T stands for inference time, and AS stands for
accuracy score.

Data Model Samples p-value Normally distributed?
IT 0.007366 No
CBTNE Proposed model AS 0.0674 Vos
i Baseli del IT 0.1441 Yes
aseline mode AS 919%10° ® No
IT 0.2515 Yes
BTN Proposed model AS 03864 Vos
i Baseline model IT 0.04879 No
e AS 0.5337 Yes
IT 0.02423 No
. Proposed model AS 3177107 No
Baseline model IT 0.02914 No
aselne mode AS 0.06955 Yes
IT 6.258 % 1078 No
e ] Proposed model AS 0.0476 No
aly 2 Bl ol T 0.1433 Yes
aselilie fnode AS 10.73 % 10 ° No

on inference times indicate that inference times of proposed model are different
from baseline model’s. So, Hy; is rejected, and there is evidence that one-layer text
encoding HAN model and two-layer text encoding HAN model have different average
inference times. The answer to the first research question is "one-layer text encoding,

on average, reduces inference time by 41.39% compared to two-layer text encoding”.

Table 7.2: Results of statistical tests. I'T stands for inference time, and AS stands for
accuracy score.

Data Samples Test p-value Same distribution?
IT Mann—Whitney U | 1.539 * 10~ No
CBT-NE AS Mann—-Whitney U 0.04089 No
IT Mann-Whitney U | 1.539 * 10~ No
CBT-CN AS t-test 0.9274 Yes
ONN IT Mann-Whitney U | 1.515 % 10~ No
AS Mann—Whitney U 0.4708 Yes
Dailv Mail IT Mann-Whitney U | 1.846  10~*2 No
aly 2o AS Mann—-Whitney U 0.4228 Yes
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On the other hand, statistical tests done on accuracy scores show that accuracy
scores of proposed and baseline models are the same. The only exception is results
obtained from CBT-NE test data which have a p-value of 0.04089. Consequently, Hyo
is accepted, and there is evidence that one-layer text encoding HAN and two-layer
text encoding HAN have the same average accuracy score. The answer to the second
research question is "one-layer text encoding HAN and two-layer text encoding HAN

result in the same average accuracy score”.

7.2 BERT embeddings

According to table 6.3, first layer of BERT gives the best word embeddings. Table
6.4 shows validation and test results of BERT’s first layer word embeddings on all four
datasets. Results are very close to the ones obtained using Glove embeddings, table
6.1. Consequently, BERT embeddings do not improve HAN’s accuracy compared to

Glove embeddings.

The reason of such behaviour is that BERT is designed to work with sentences
rather than single words. We use BERT with words because it is not feasible to
use BERT for sentence embeddings. To illustrate, there are two possibilities to
have sentence embeddings with BERT. The first approach is to extract all unique
sentences in a dataset, generate embeddings for them, and then store the embeddings

on a hash object to be used as a lookup table. This approach has two drawbacks.
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First, extracting all unique sentences in a dataset results in taking all sentences in
that set, so one would end up storing the whole set in the lookup table. The second
issue is that the model cannot work in a real world setting as the lookup table does

not include entries for sentences that are not part of the training data.

The other approach is to add BERT as an embeddings layer instead of embeddings
lookup tables. This approach was used by Du et al. [40]. We argue that this approach
has redundant computations. Devlin et al. [7] showed that BERT could be fine-tuned
on a QA task. As a result, BERT could be used as a QA model instead of having it
as a sub-model (e.g., embeddings layer) on another QA model. However, BERT is
much larger than current QA models. For example, proposed HAN has 2.7 million
parameters, while BERT has 110 million parameters. So, it is not feasible to replace

current approaches with BERT.

One possible way to advance current approaches is to design attention based text
encoding layers. As shown by Vaswani et al. [9], attention text encoding is much
faster and provides better results compared to recurrent text encoding. Regarding

number of parameters, the two techniques are in the same complexity class [9].

7.3 Threats to Validity

Experiments do not have construct validity because models are sufficiently trained.

Experiments do not have internal validity as, for each experiment, only one indepen-
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dent variable is changed while other factors are fixed. As a consequence, observed
behaviours of models are caused by change in corresponding independent variable.
Regarding external validity, experiments have this type of threat since models are
trained and tested on two common datasets (i.e., CBT-NE and CBT-CN) and modified

versions of CNN and Daily Mail data, so results of experiments cannot be generalized.

7.4 Issue with Training

All trained models encounter local optimal points while training. They reach the
points when the loss is around 8. To escape the local optimal points when trained on
CBT data, our model, Gated Attention, and attention sum need three hours while
baseline model needs four hours. For CNN and Daily Mail data, our model needs six
hours, and baseline model needs eight hours. Gated Attention and attention sum are
not able to escape the local points even after more than 24 hours of training. For this

reason, we do not include their results on table 6.2.
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CHAPTER 8

CONCLUSION

QA has gained researchers’ attention recently. One reason is the advancement
of deep learning architectures. Cloze-style QA is a QA task where a model is fed
a context and a query as inputs. The model should infer an answer to the query
based on the context. As a candidate model, HAN model could be utilized for such
task. We develop a HAN model with a single layer of text encoding. We compare
our model against a baseline model having two-layers of text encoding. Results show
that developed model has better inference times, while it maintains accuracy scores.
This confirms our argument in chapter 1 which states that one layer of text encoding
is enough to learn interactions between words as Glove embeddings already capture

meanings of individual words.

Moreover, we study effects of different embeddings extracted from different layers
of BERT on HAN’s performance in terms of accuracy scores. We find that BERT
embeddings do not provide better performance over Glove embeddings. This is a

result of passing single words to BERT instead of sentences. As future work, we are
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going to design attention based text encoding. Attention text encoding is a promising
technique which could replace recurrent units. This would improve NLP systems

significantly in terms of both inference times and accuracy scores.
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APPENDIX A

MATHEMATICAL DETAILS

This section illustrates equations utilized to implement proposed and baseline mod-
els. Both models have two layers of attention. First layer of both models have two
Bi-directional Recurrent Gated Units (BiGRUs) and an attention operation. These

operations are defined mathematically as:

encoded__doc = all__states(BiGRU (doc)) (A.1)
encoded__query = last__state( BiGRU (query)) (A.2)
dot_product = encoded__query” - encoded doc (A.3)

exp(dot__product;)

> exp(dot__product;)

attention__levely; =
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attended_doc; = attention_levely - encoded doc; (A.5)

where doc stands for document, i in equation A.4 corresponds to ' element
of vector attention level;, and sequence in equation A.4 is the size of vector
dot__product which equals to the maximum number of words in all documents. It
should be noted that equation A.1 returns concatenated hidden states of BiGRU.
Consequently, encoded_doc is a matrix of dimension (sequence,output space * 2)
where output__space is the output dimension of a GRU unit. Equation A.2 returns
concatenated last state of BiGRU. So, encoded query is a vector of dimension
output__space x 2.  Equation A.3 performs dot product between transpose of
encoded__query and encoded__doc which results in a vector of dimension sequence.
Equation A.4 performs a soft-max operation on vector dot_product. Finally,
equation A.5 performs element-wise product between attention_level; and i*" row
of encoded__doc. The result of equation A.5 is matrix attended doc with dimension

(sequence, output__space % 2) (e.g., as the dimensionality of encoded_ doc).
For second layer, proposed model does not have text encoding operation, while
baseline model does. So, proposed model proceeds by performing the following set of

operations:

dot_product = encoded__query” - attended_doc (A.6)
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exp(dot__product;)

> exp(dot_product )

attention_ levely; =

word__scores = attention level, - attention level;

sequence

attention__sum = Z Z ((word__scores;)and(word == doc;)
wordeCA  j=1

prediction = CA(index__of _argmaz(attention__sum))

where C'A in equation A.9 stands for candidate answers, and it is a list of 10 possi-

ble answers. Equation A.6 performs dot product between transpose of encoded__query

and attended__doc. The resulted vector dot_ product has a dimensionality of sequence.

Equation A.7 computes second level attention vector attention_level, with dimen-

sionality of sequence. Equation A.8 computes word scores by performing element-wise

product between attention levely, and attention level,. Vector word scores has a

dimension of sequence. Equation A.9 performs attention sum operation by summing

all scores of a word € C'A. Consequently, attention_sum has 10 entries. Each entry

is a score that the corresponding word in CA is the answer to query. Equation A.10

takes index ¢ of maximum score and predicts C'A; as the answer to query.

Regarding baseline model, it performs the following set of operations:
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encoded__doc = all__states(BiGRU (attended__doc)) (A.11)

dot__product = encodedﬁqueryT - encoded. doc (A.12)

exp(dot__product;)

attention_ levely; = —smmenee A.13
T S exp(dot_product;) ( )
word__scores = attention_levels - attention levely (A.14)

sequence

attention sum = Z Z ((word__scores;)and(word == doc;) (A.15)

wordeCA  j=1

prediction = CA(index_of _argmax(attention__sum)) (A.16)

Equation A.11 performs text encoding, and encoded_ doc is concatenation of hid-
den states of BIGRU, and it is a matrix of dimension (sequence, output__space x 2).
Description of equations A.12-A.16 follow exactly the same description of equations
A.6-A.10. It should be noted that equation A.6 performs dot product between trans-
pose of encoded__query and attended__doc, whereas equation A.12 performs dot prod-

uct between transpose of encoded__query and encoded__doc.
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APPENDIX B

DISTRIBUTION OF TRUE

ANSWERS

True answers are not evenly distributed for all datasets. So, datasets are not
balanced. For instance, figures B.1a, B.1b, and B.1c show frequencies of true answers
of CBT-NE train, validation, and test data. The figures show that answers are not
equally distributed. Frequencies of other datasets are shown in figures B.2, B.3, and

B.4.
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Figure B.1: Frequencies of true answers of CBT-NE (a) train data, (b) validation
data, and (c) test data.
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Figure B.2: Frequencies of true answers of CBT-CN (a) train data, (b) validation
data, and (c) test data.
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Figure B.3: Frequencies of true answers of CNN (a) train data, (b) validation data,
and (c) test data.
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Figure B.4: Frequencies of true answers of Daily Mail (a) train data, (b) validation
data, and (c) test data.
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APPENDIX C

EXPERIMENTING WITH

HYPER-PARAMETERS

Tables C.1 and C.2 illustrate results of experimenting with GRU and embeddings
sizes respectively. We set embeddings to 200 while experimenting with GRU sizes
and set GRU size to 384 while experimenting with embeddings. The experiments are

conducted on CBT-CN data as this data was the one used by Alpay et al. [2].

Table C.1: Results of experimenting with GRU sizes.

GRU Sizes | Test Accuracy
256 64.1%

384 67.42%

512 62.41%

Table C.2: Results of experimenting with embeddings sizes.

Embeddings Sizes | Test Accuracy
100 64.82%
200 67.42%
300 64.86%
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Based on recent reviewed work addressing cloze-style QA tasks using deep learning
approaches presented in section 3.2, the most commonly used optimization algorithm
is Adam [34]. Adam has several parameters to be set appropriately. The parameters

are learning-rate and exponential decay rates of moving averages, namely, 8 and [,.

The default values of the parameters are 0.001 for learning-rate, 0.9 for 3, and
0.999 for By [34]. We measure effects of the parameters when the default values are
used. Also, we experiment with two values less and two values greater than defaults.
The justification of this decision is to measure effects of parameters when they are
decreased and increased. When we experiment with a parameter, we set the other
parameters to their default values. This is due to long training times (e.g., it takes a
model several hours to converge), so it is not feasible to check all possible combinations.

Table C.3 shows values of each of Adam’s parameters.

Table C.3: Values of Adam’s parameters.

Parameters Values
learning-rate | [0.0001, 0.0005, 0.001, 0.005, 0.01]
51 [0.8, 0.85, 0.9, 0.95, 1.0]

5o [0.9, 0.99, 0.999, 0.9999, 1.0]

Table C.4 presents results of experimenting with Adam’s parameters on validation
and test sets of CBT-CN data. Default parameters result in 71.02% accuracy on
validation set and 67.42% accuracy on test set. The table shows that default values
of Adam’s parameters give the best test accuracy. Learning-rate of 0.005 and (; of
1.0 result in unstable training. For instance, gradients become very small, and they

are represented by Not a Number (NaN) values. As a result, parameters of recurrent
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units get updated to NaNs.

Table C.4: Test results of experimenting with Adam’s parameters. Results are ex-

pressed in accuracy scores.

Results
Parameters | Values Validation Set | Test Set
0.0001 67.59% 63.662%
Learning-rate 0.0005 71.67% 67.389%
0.005 unstable unstable
0.01 60.43% 57.332%
0.8 68.95% 65.585%
0.85 70.72% 67.388%
b 0.95 72.18% 67.708%
1.0 unstable unstable
0.9 71.07% 67.268%
0.99 T1.77% 65.905%
& 0.9999 70.87% 67.14%
1.0 14.36% 14.183%
- Default 71.02% 67.42%
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