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Abstract

Questions are used in different applications such as Question Answering (QA), Dialog System
(DS), and Information Retrieval (IR). However, some questions might be too complex to be
analyzed and processed. As a result, systems are expected to have a good feature extraction
and analysis mechanism to linguistically understand these questions. The retrieval of wrong
answers, inaccuracy of IR, and crowding the search space with irrelevant candidate answers
are some of the challenges that are caused due to the inability to appropriately process and
analyze questions. Question Classification (QC) aims to solve this issue by extracting the

relevant features from the questions and by assigning them to the correct class category.

Even though QC has been studied for various languages, it was hardly studied for the Amharic
language. This research studies Amharic QC focusing on designing hierarchical question
taxonomy, preparing Amharic question dataset by labeling the sample questions into their
respective classes, and implementing Amharic QC (AQC) model using Convolutional Neural
Network (CNN) which is part of the DL approach.

The AQC uses a multilabel question taxonomy that integrates coarse and fine grain categories.
This multilabel class helps us to be more accurate in retrieving answers compared to the flat
taxonomy. We constructed the taxonomy by analyzing our AQ dataset and also adopting the
standard taxonomies that were previously studied. We have prepared the AQs in three forms:
Surface, Stemmed, and Lemmatised forms. We train and test these datasets using a word
vectorizer trained on surface words noticing that most interrogative words appear to be similar
even when they are stemmed and lemmatized. As a result, we have achieved 97% and 90%
training and validation accuracy for Surface AQs. Scoring 40% for the stemmed AQs.
However, the word2vec model could not represent the lemmatized AQs appropriately. As a
result, no results were obtained during training. we also tried to extract features from AQs by
using different filters separately. This gave us an accuracy of 86% while requiring an

increasing number of training epochs.

Keywords: - Amharic Question Classification, Deep Learning, CNN, Fine grain, Coarse grain
Hierarchical Taxonomies, Word2vec.
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Chapter 1: Introduction

1.1 Background

Natural language is used to interchange ideas and establish communication between one
another in a written or spoken form. Natural Language Processing (NLP) involves
Artificial Intelligence and Linguistics to make computers understand the statements or
words written in human language. NLP draws from various knowledge areas: The sound
of words (phonology), word formation (morphology), sentence structure (syntax), and the
ontology of words (Semantics) are analyzed using NLP [1].

NLP gained much attention for representing and analyzing human language
computationally and bridge the communication gap between people and computers [2].
When we consider dialogues or human-computer interaction, we have to make the system
have lots of knowledge and strong inference mechanisms such as logical inference and
common-sense reasoning. Question Answering (QA), Dialog System (DS), and Search

Engines bridge the interaction gaps by analyzing queries and retrieving answers.

DS deals with responding to customers' questions and facilitates transactions by providing
an automated response in guiding users [3]. Question answering has also been used to
develop DS and chatbots to maintain a human-like conversation with machines. QA is the

extraction and retrieval of candidate answers automatically.

As search engines began to incorporate search over data into their algorithms, results have
evolved accordingly. The search pages include knowledge panels, answers to questions,
and more [4]. To create relevant content, determining the type of question the audience is

asking and how to supply the content for each type of question is very crucial.

There are several types of questions. The rhetorical question type makes a point rather than
demanding an answer. For instance, What's the problem with you these days? is a
rhetorical question. A question tag is a grammatical structure that has a declarative or an
imperative statement that is turned into a question by adding an interrogative fragment.

For example, you know Ethiopia, don't you?

The Non-interrogative grammatical structures do not use a question mark as the rest of the
question types to refer to questions. This tends to be difficult for machines that try to
identify questions using question marks as an identifier. For example, "tell me your name"

IS an imperative sentence asking the subject its name.

1



Confirmation (closed-ended) questions require answers in the form of a Yes or No answer
type. This shows the requirement of systems to have strong inference mechanisms, a
higher level of knowledge acquisition and retrieval techniques, world knowledge, and

common-sense reasoning to analyze questions.

Factoid questions include WH- questions, which consist of Hypothetical [What] and
Causal [how and why] question types respectively [5]. Open-ended questions include
advantage or disadvantage, cause and effect, comparison (evaluative), example,
explanation, identification, opinion, rationale, and significance. The non-factoid question
consists of a list, definition, acronym, and how type of questions. There are also question
types like cross-lingual, counterpart, famous, stand for, synonym, name-a, name-of, and

true or false.

Understanding questions by figuring out their complexities is one of the main tasks in
question answering. This requires analyzing questions, which incorporates Question
Classification, Query Generation, and Query Expansion. Question classification is a way
of assigning questions to the appropriate class category after understanding their semantic
meaning. Question classification plays an important role in applying detecting rules,

categorization, and identifying the critical elements of a question [6].

The class category that represents an answer type is known as a taxonomy. QC uses these
taxonomies to assign questions to a category that best fits the answer type of a query.
Taxonomy can be flat or hierarchical (multi-label). A flat-type question taxonomy consists
of only the coarse grain class. Flat question taxonomies also assign the question to only
one class category. The multi-label classes are used to classify questions by assigning more
than one class label. More than a two-label class is acquired by involving both coarse grain
and fine grain categories. The coarse grain categories are more generic that consist of fine
grain categories in them. For instance, Location. Fine-grain categories are more specific
than the coarse grain category. They are the subfields of the main category like State,
Country, City, and Provinces for the generic coarse grain class “Location” taken as an
example. A multilabel or hierarchical classification is important to get a more specific and

accurate retrieval system than the flat taxonomy.

Question Classification (QC) has been implemented using different approaches. Rule-
based and Machine learning are among the well-known approaches [7]. The authors
explained the approaches to question classification in three main groups: rule-based,



machine learning, and language modeling-based. In the machine learning approach, expert
knowledge is replaced by a sufficiently large dataset that gives information after being

labeled or tagged to retrieve data easily.

Deep learning (DL) is a dominant Artificial intelligence (Al) approach, especially for
classification purposes. DL can learn from a large set of data in a supervised manner. DL
outperforms other models by analyzing and extracting features using learnable weights

that act as a human brain to easily understand the input data.
1.2 Motivation

Ambharic is the working language of the Federal Democratic Republic of Ethiopia. It is one
of the most spoken Semitic languages next to Arabic [9]. The language is also used in
several states or regions within the federal system, including Amhara and the multi-ethnic
Southern Nations, Nationalities, and Peoples Region [10]. As the number of speakers
grows, the number of electronic transactions and data usage also increases. Hence, it
appears to be an increasing amount of demand for an automated system to exploit these

data appropriately.

To exploit data especially in information retrieval, it is necessary to understand questions
thoroughly. Amharic has a wide range of interrogative words as listed in Table 6.1. This
language is not limited to using interrogative words to form questions. It has a distinct way
of grammatical construction, character (Fidel) representation, and statement formation
[10]. If we see the word “2£?” it is written as “did he go?” in English. Who is/are the world
champion? can be translated as “¢%Ag® A>T 977 1077, “PGAI° AT°TE7 771@-2” Or “PAAI°
AOTET TIGFD?7, “PGAI° AIOTL7T 997 SFD-?” as well as “eaag® a9>Te~7 «71F? «, this shows
that Amharic uses different word formation, grammatical arrangement, and type of
question particles to ask a question having a similar semantic meaning. As a result, it is
inspiring to work more on this area to solve issues that happen in the question answering

and retrieval systems.

Researchers [9, 17, 18] have worked on QC for Amharic questions under different
applications like QA. However, the studies are not generic enough to analyze terms other
than the interrogative words that are used to form questions. Most researches on Amharic
QC are also made in a closed domain, or by just considering factoid or non-factoid question
types using rule-based or machine learning approaches like SVM.



However, these approaches can be difficult to work on a large amount of data and to
effectively extract features. Thus, we intend to work on a generic question classification
using a large set of AQs using the DL approach. This approach easily extracts features by
processing a large amount of data.

1.3 Statement of the Problem

The emergence of Artificial Intelligence and Information Technology has contributed to
the development of question analysis as well as QC. Researchers [11], have studied highly
informative phrases or words within a question, explored question taxonomies according
to the semantic features, and tried to solve the lack of information that caused

misclassifying instances of the minority class by proposing a multi-label QC.

QC is language-dependent. Each language uses its unique letter, words, grammatical
structure, question formation, and pattern. Researchers have developed QC for various
languages. Mohammad Razzaghnoori et al. [7] developed Persian QC. Yihe Yang et al.
[12] developed Chinese QC using deep learning. Alami Hamza et al. [13] developed
Arabic question classification using SVM. Syed Mehedi et al. [14] developed a question
classification for Bangladesh using SVM with a hybrid feature extraction method. [15, 16]
developed English QC using a deep learning approach.

However, The question construction and answering techniques in Amharic are different
from English and other languages. the QC developed for other languages cannot be

applied to Amharic.

Various authors [6, 9] have attempted to work on Amharic Question Classification under
QA and Dialog system. However, the study of Amharic question classification as a part of
QA or DS has limited the researchers' focus to be on a restricted domain, dataset, and to
consider only predetermined question types. If we see some of the works on QC under QA,
Definition, Description and Biographical question types were studied by Tilahun Abdisa
[6], factoid questions by using Ethiopian History dataset (closed domain) was studied by
Medhanit Getachew [9] and the study of List type questions for Ethiopian tourism was
made by Brook Eshetu [15].

The Question Classifications researched under QA for Amharic are either Pattern Based
rule-based or using machine learning approaches such as SVM [16]. The more data there

is, the more complex it is for the machines to train. In the meantime, DL has provided



better performance for classification problems. The DL algorithm can capture complex
phenomena: If fed the right amount of data, which tends to be a lot of data, deep learning
algorithms can learn the most complex patterns in the training data. Thus, we propose a
deep learning approach for the Amharic Question Classification (AQC model).

1.4 Objectives

General Objective

The general objective of this research is to design a generic Amharic Question

Classification model using a Deep Learning approach.

Specific Objectives
The specific objectives of this research are
e Review literature and related work on grammatical structures of Amharic questions,
QC, and the methods of classifying questions.
e Collect Amharic question dataset.
¢ Identify and redefine Amharic question taxonomies at a hierarchical level.
e Design a generic AQC model using a CNN a DL approach.
e AQC system prototype development.
e Test the performance of the system.

e Evaluate the model using AQs in a Surface, Stemmed, and Lemmatized form.
1.5 Methods

To conduct this research, we will review the nature of Questions specifically the
grammatical structure of Amharic questions, the interrogative words, and the taxonomies
we intend to use for categorizing (labeling) as well as classifying questions. The strategies
and approaches used for vectorizing data, extracting features, and classifying questions

will also be assessed to analyze the gaps and improvements in QC to identify problems.

After we identify problems, we will design and develop an AQC prototype model that will
address the gaps. This process initially involves collecting a large dataset of Amharic
questions from Ambharic electronic documents, websites (forums and news sites),
Ethiopian National Exams, and QA communication media like Tameson and Bahrdar FM
to get an archived generic Amharic question dataset. We will also reach out to researchers
that have previously collected questions for their work such as Tilahun Abdisa [6] and
Medhanit Getachew's [9].



Since we will study the Amharic QC using Surface, Stemmed, and Lemmatized datasets,
we will take the surface questions as they are and preprocess 2000 sample questions into
a stemmed and lemmatized form by using a semi-automated system developed by [17].
After having these datasets (Surface, Stemmed, and Lemmatized AQs), we normalize,
remove special characters, and tokenize them to feed the structured data into the AQC

model.

The proposed DL approach, i.e., CNN will be applied to extract features, train the model
and classify questions after representing the dataset into a vectorized form. We will use
python and Keras functional API to develop the AQC prototype. The model will be
evaluated using the Confusion Matrix system that evaluates a model that has a hierarchical
classification system. The implementation and evaluation will be discussed more in
Chapter 5.

1.6 Scope and Limitations

The AQC model focuses on classifying Amharic questions since we are more familiar with
the language. We study a generic type of questions that are not restricted to a specific
domain. As a result, we define taxonomies on a high level as ‘Number: date’ which
considers just the date and not just the specific domains like History or a person’s
Biography (birthdate). This indicates that the model mainly considers the taxonomies we
specified and the datasets it is trained on. Hence, the AQC will examine any domain related
to the hierarchical question taxonomies i.e., the coarse grain and fine grain classes defined
in Figure 4.2.

We use the word2vec model that is trained on Amharic surface words. Using word2vec
incorporates a wide range of semantically related words compared to other alternatives
where it is expected to encode every character with 0s and 1s (One-hot encoding.). Hence,
we analyze questions that are represented in a vectorized form by a word2vec model

represented sparsely.
1.7 Application of Results

The Amharic Question classification system can be a great help in areas that demand
processing inquiries and user requests. QA, IE, Search engine, and DS can leverage this
system. Dialog systems can process questions that come from users and create an

interaction with the computer system by identifying what the user needs. Search Engines



can focus on the core request once it gets the question class. An automated help desk
provides online help in the absence of an expert. It is similar to Customer service, chatbots,

and other bidirectional communications among the user and the machines.
1.8 Organization of the Rest of the Thesis

The rest of this thesis is organized as follows. Chapter 2 presents the literature we reviewed
on the fields related to QC. Chapter 3 reviews the researches done on QC for different
languages. Chapter 4 explains the proposed AQC model and its components. The
evaluation and implementation of the AQC prototype are included in Chapter 5. We
summarize and present the future work in Chapter 6.



Chapter 2: Literature Review

This Chapter focuses on explaining QC, the taxonomies used for classifying questions,
and the general architecture of QC. The classification of questions alongside the tools and
strategies used to accomplish each task will also be covered. Lastly, some of the DL
approaches used to classify questions such as CNN, LSTM, and RNN will be discussed as

follows.
2.1 Question Classification

We employ questions to find information and fill the gaps that result from a lack of
knowledge. Automated systems also utilize questions to retrieve, extract information, and
provide services by being integrated into a Human-Computer interaction system such as
DS. These systems process questions to understand their semantic meaning by using
question analysis. Question analysis consists of QC, query generation, and query

expansion [6].

QC is a process by which a system analyses a question by understanding the syntactical
and contextual basis. It is also known as Question Categorization because they categorize
questions based on the labeled categories to which they belong [18]. Classifying questions
is the task of assigning a label to an input question [7]. This is especially essential in
automatic question answering, document retrieval, and information extraction systems by

learning from several labeled or tagged question samples.

IR (retrieving documents) and IE (retrieving the contents in a document) integrate QA to
retrieve or extract the relevant answer to the user. Information can be retrieved by taking
questions and a sentence/paragraph which has the expected answer(s) in it. IR tackles the
problem of document retrieval based on the closeness of the document and the questions
submitted to the IR system. IE on the other hand involves deep analysis of queries (i.e.,
user questions) to understand the user’s intention for precisely indicating to extract correct
answers (sentences or passages) [10]. Hence, The advancement of this and E-Learning
calls for the need for QC that improves QA by reducing the search space of potential
answers by discovering answers more efficiently and accurately [8]. While research into
QC is fairly mature, a multilabel (hierarchical) QC is not always used for answering
questions [19]. Answer selection and QC are interdependent things that demand a higher

accuracy and flexibility in understanding the questions considering two or more candidate



classes by creating a relationship between the taxonomies, semantic classes, and the

questions [18].
2.2 Question Taxonomy

Question Classes are a strong signal to Deep Learning models. The specific system of
classes used by a QC is known as a Taxonomy [19]. Question taxonomies can be applied
in public services as well as e-government agencies that have several users. These users
can be managed using user-friendly interactive systems like DS, and Help Desk, as well
as QA that are expected to display the relevant response to the inquiries by categorizing
questions into the appropriate taxonomies such as Agriculture, Product, Health, Language,
Location, and Event after analyzing the question according to the trained QC model. This

helps the system retrieve accurate data for users.

Question taxonomies can be divided into Flat and Hierarchical. Flat taxonomies have only
one level of category. On the other hand, Hierarchical taxonomies consist of super- and
sub-categories [20]. Questions are classified into one or more classes that incorporate the
answer type. QC uses these classes to categorize queries after analyzing them. A set of
question categories of possible answer types is called a taxonomy [20]. Answer type
taxonomies can be divided into flat and hierarchical. Flat taxonomies have only one level
of categories and are therefore not taxonomies in the true sense of the word. Hierarchical
or multi-label taxonomies consist of super- and sub-categories. The hierarchy contains 6
coarse(super- or main) classes (Abbreviation, Entity, Description, Human, Location, and
Numeric Value) and 50 fine classes [21].

One difficulty QC task is, there is no a completely clear boundary between classes which
creates an ambiguity to classify questions. Question taxonomies have a semantically
related word list. Features will be extracted for the specific class if a word in a question
belongs to the list. For example, What do goats eat? Can belong to Food considering the

word eat, Plant (taking the words goat and eat), or Animal by analyzing the word goat [21].

Search engines receive keywords and return some relevant and irrelevant data to the users.
While QA systems were designed to get a natural language question and retrieve more
probable and appropriate answers. An appropriate answer has the characteristics of being
concise, comprehensible, and correct [7]. A common solution to constructing answer type

or taxonomies is to manually extract a subset of WordNet [20]. Another approach is to



manually analyze a specific corpus, i.e., a collection of texts or questions, and infer a

taxonomy from it [21].
2.3 The General Architecture of Question Classification

Question classification consists of Question Pre-processing, Feature extraction (Question
Processing), and Categorization as pictorially presented in Figure 2.1 Question
preprocessing is the initial step after a dataset collection. It is where the data can be
normalized, stemmed, tokenized to make the machine understand its inputs after they are
put in a vectorized form. A question analyzer is a sub-component of question processing
that processes and analyzes the question type to produce a set of keywords to help the
system predict the expected answer type [9]. Figure 2.1 shows the key difference between
the previous and the current knowledge-based designs and how the whole process is

simplified in the Machine Learning approach.

Question preprocessing

*

removal expansion

]

|

1

, Stop word Short word . . . :
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|
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|
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|
|
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_____________________________________________________________

Figure 2.1: The General Architecture of QC
2.3.1 Question Preprocessing
Question preprocessing is the first step after collecting data. It is the way of preparing the
data into a more analyzable and comprehensive way of presenting it to the machine

learning process. Normalization, Stopword removal, Short word expansion,

Lemmatization, Tokenization, and Stemming are some of the preprocessing steps in NLP.
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Normalization

Ambharic uses a writing system called Fidel or Abugida adapted from the Ge'ez language
[10]. Amharic Fidels have more than 380 Unicode representations (U+1200-U+137F)
which is an Ethiopic Unicode Standard). In Amharic, one word can be expressed using
different characters that have the same sound but different structural appearance like v/ch/1,
ale, wla, Alo,... PIAI<, 212, It and /2. A word could have different forms due to the
addition of prefixes, infixes, and postfixes, these affixes could change the role of the word

to be noun, verb, adjective, adverb [22].
Stop Word Removal

Most of the time, some of the stop words in a question or question particles are more
important in determining the correct content that might contain the answer. For example,
in the question “Ate&¢ @0t Ot Pernt LincALPT Ax?” (how many public
universities are available in Ethiopia?)” systems might consider the three words (A /F¢-&$
(Ethiopia), e»70t (Government) and ezacaqt (University)) that might help in detecting
the correct document where a7+ 1@+ (how many) is a very important word removed as
stopwords. For the question “Ca&s.9 P, aviF 8avs.0\? (When will African Football cup
start?)”, 2000-2002, eraihs9°-21% (September-August) that can be inferred from the
interrogative word > (when) [10, 24]. So, these terms are very practical in IR and other

applications that involve questions for searching their answer type.
Short Word Expansion

Short words in Amharic usually use “.” and “/”” while writing words in short form. “ch/a-0”,
“q.9°” represent “ch-14tAN” and “Gavt gyt respectively. The short word expansion is
needed because the word could appear in a short form within the question and fully written
in the answer source document or vice versa. So the short word expansion solves this

problem by expanding the words using a set of predefined short words [6].
Stop Word Removal

Documents and questions could contain stop words like “1@”, “¢F@-, “n5”, etc. [6]. They
are the most frequent words that appear in many sentences. The terminology for these
frequent words is known as stop words. These are considered to be impractical to
distinguish one sentence from another. On the other hand, these words are treated as being

very useful in classifying questions.
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Stemming and Lemmatization

Stemming is an NLP technique that is used with the assumption that morphological
variants represent similar meanings. It maps several words into one base form that can be
used as a term. This means that it increases similarities between documents and queries
because they have additional common terms after stemming. It is language-dependent and
should be tailored for each language since languages have a varying degree of differences

in their morphological properties [17].

In English, the number of possible inflected and derived forms is relatively small, and
variation is mostly restricted to the attachment of suffixes. Compounds that are not yet
lexicalized are in most cases written as separate words. Stemming, i.e., the removal of
suffixes using a list of possible suffixes, is therefore considered a practical way to map
related word forms to a common stem [23]. A simple stemming procedure gives the same

stem for various forms of the same word while lemmatization keeps them separate [24].
Tokenization

The question processing begins by performing tokenization to extract individual terms.
This is done by using different demarcations such as white spaces to chop up the input text
which will be ready for the next process. For example, Where do you live? Can be
tokenized as ‘where’” ‘do’ ‘you’ and ‘live’ by taking the words separately. This process

will help the retrieval process to get keywords easily [9].
2.3.2 Question Processing

Question processing most often consists of the construction of question representation,
derivation of expected answer type, and keyword extraction [20]. Question processing
helps the machine to easily represent words numerically, comprehend questions by
extracting features, and make accurate categorizations. We can extract features using
lexical, syntactical, and semantic linguistic information after representing the inputs into

a vectorized form.
Feature Vector Representation

Numerical representations are a prerequisite for most machine learning models or
algorithms that learn to approximate functions that map inputs to outputs. This is
alternatively referred to as “word embeddings”, “encoding”, and “vectorizing”. convert

symbolic representations (i.e., words, emojis, categorical items, dates, times, other features)
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into meaningful numbers or real numbers that capture underlying semantic relations

between the symbols [25].

Pretrained word embeddings are word representations that capture the syntactic-semantic
meanings by getting trained on a dataset [25]. Syntactic analysis analyses how words are
grouped into phrases, what words modify other words, and what words are of central
importance to the sentence. The semantic analysis involves the extraction of context-
independent of a sentence's meaning, including the semantic roles of entities mentioned in

the sentence, and quantification information.

There are different types of trained word embeddings. Pretrained word embeddings are
models that are trained on a large dataset. Pretrained word embeddings capture the
semantic and syntactic meaning of a word. SpaCy, FastText, GloVe, Flair, Char2Vec,
BERT, are some of the pre-trained word embeddings [25].

Word2vec is a language modeling that uses a neural network to learn associations in a
large corpus of data such as a text. Once the word modeling is trained, the model can detect
semantically related words or suggest additional words for a partial sentence. As the name
implies, word2vec represents each distinct word with the corresponding list of numbers
called vectors. The vectors use a simple mathematical function or a cosine similarity
between the vectors to indicate the level of semantic similarity between the words

represented by those mathematical functions or vectors [26].

FastText is a word2vec model that has a pre-trained resource for more than 154 worldwide
languages including Amharic trained on Common Crawl and Wikipedia using fastText.
These models were trained using a Continuous Bag of words with position-weights, in
dimension 300, with character n-grams of length 5, a window of size 5, and 10 negatives
[27]. CBOW (Continuous Bag of words) is a model that tends to predict the probability of

a target word given a context. A context may be a single word or a group of words [28].

The GloVe represents words in a vector form by learning features in an unsupervised way.
It trains the system on word-to-word co-occurrence statistics in a corpus. The resulting co-
occurrence statistics representations showcase linear substructures of the word vector
space. The word representation also takes the input and compresses it into a low-
dimensional vector. It has two parts: an encoder and a decoder. The encoder is responsible
for producing the low-dimensional embedding that helps the machine to understand a raw
text. The decoder inverts the vectorized representation that is the computation of the
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network and reconstructs the original input. The decoder is different from a feed-forward

network (FFN) because the mentioned network maps the embedding to an arbitrary label.
Feature Extraction

What is a feature? In machine learning, features are individual attributes extracted from an
input. They are used by feature extractors to get descriptive attributes. Models use such
features to make predictions.

In machine learning, new features can be obtained from old features [29]. Based on
linguistic information, these features can be grouped into three different: lexical,
syntactical, and semantic features. The Lexical features are extracted by using n-gram
combinations such as Unigram, Bigram, Trigram, Quadgram, and Pent-gram. These n-
grams extract n features from their inputs. For example, you are the assistant, aren’t you?.
Can be extracted by combining the combinations of the first and second word i.e. “aren’t

you” if the system considers a Bigram.

The syntactical feature is extracted by analyzing the grammatical structure of the sentence.
There are two kinds of syntactic features used for question classification. These are tagged
unigrams and headwords [29]. Tagging is labeling words in the questions grammatically
like Noun, Verb, and Subject. Headword is taking keywords in data that can be used as an
indicative word for classifying questions. For example, Labeling the data as LOCATION:
City Where do you live? The system can learn by identifying headwords like “live” can

and train to indicate Location.

Semantic features are useful in the case of sparse data like Word2vec [29]. These semantic
features are extracted after representing similar words with hypernyms to get a complete
meaning out of the extracted features at a different level. Sparse data representation or
vectorization is a convenient way to easily understand a wide range of different words with

similar contextual meaning with less computation for extracting features.
2.3.3 Question Classification

Question Classification is categorizing questions into one or more classes. The classes are
determined based on the taxonomies defined for the datasets the system trains on. The
performance of the QC mainly relies on the taxonomy of the answer types the questions
are to be classified, the correctness of labels for a corpus of questions, and an algorithm

that the classifier learns to make the actual predictions [20].
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2.4 Deep Learning and Artificial Neural Networks

Artificial Intelligence (Al) is a general field that encompasses machine learning and deep
learning. A machine-learning is trained rather than explicitly programmed [30]. Deep
Learning (DL) is part of machine learning. The central problem in machine learning and
DL is to meaningfully learn useful representations of the input data and transform the data

into representations that get us closer to the expected output.

DL uses the successive layers to learn representations from data and extract meaningful
representations [30]. Deep Learning is also known as layered or hierarchical representation
learning which is an evolution of machine learning that creates increasingly complex
hierarchical models intended to mimic thought processes in the human brain more than

simple machine learning models [39].

Modern deep learning unlike other machine learning often involves a number of its
successive layers to automatically learn representations from the exposure of sample
datasets. These layered representations are learned through models known as neural
networks [30]. When a set of processing units are assembled in a closely interconnected
network, they offer a surprisingly rich structure exhibiting some features of the biological
neural network. Such a structure is called an artificial neural network (ANN) [34].

The learning in DL happens by storing the specification of what a layer does to its input
data in the layer’s weights, which in essence are numerical representations of the input
data. Learning in DL refers to finding a set of values for the weights of all layers in a
network that will correctly map example inputs to their associated targets [30]. The Deep
Neural Networks do input-to-target representation mapping through a deep sequence of
simple data transformations or layers and that these data transformations are learned by

exposure to examples.

To maintain the output of a neural network, we need to be able to determine how far our
predicted output is from the expected target value. Determining the gap of the actual and
predicted value is the job of the loss function of the network, also known as the objective
function. This function computes captures how well the network has done by getting a
distance score of predictions and the true target of the sample data.

DL back propagates to minimize the achieved loss using the score as a feedback signal to

adjust the value of the weights in a direction that will lower the loss score. This adjustment
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is the job of the optimizer, which implements the central algorithm in deep learning what

is called the Backpropagation algorithm [30].

The learning units in the neural network are called neurons. Each neuron receives several
inputs, takes a weighted sum, passes it through an activation function, and responds with
an output [31]. DL also uses these neurons to extract features by giving weight values to
the input data. These weighted inputs are, summed together to produce the logit or a
function that represents probability values from 0 to 1, and negative infinity to infinity [32].
In many cases, the logit also includes a bias, which is a constant value used to adjust the
output along with the weighted sum of the inputs to the neuron. The logit is then passed
through a function to produce the output. This output can also be transmitted to other

neurons [33].

One of the main advantages of the algorithms implemented in NN is, they show good
performance due to their multidimensional nature and much communication among
elements on the classification of data with a lot of features [34]. Even though their main
drawbacks include a high cost, CPU utilization, and high physical memory. Regardless of
these drawbacks, Neural networks are used in a classification system. They determine the
error of the network and then adjust the network to minimize the faults [35]. By gathering
knowledge from experience, they avoid the need for human operators to formally specify
all of the knowledge that the computer needs. Al Deep Learning has many layers with the

learned features built on top of each other [35].

DL uses weights to learn features. These weights are initially assigned a random value to
implement a series of random transformations. The output at the beginning is mostly far
from what it should ideally be, and the loss score is accordingly very high. However, the
network progressively adjusts its value with the training sample it acquires. As the weights
are adjusted in the correct direction as the loss score decreases. A trained network is a
network with a minimal loss for which the outputs are as close as they can be to the targets
[30].

Training a DL neural network revolves around the following objects: Layers, which are
combined into a network or model, input data and corresponding targets, the loss function,
which defines the feedback signal used for learning, and the optimizer, which determines

how learning proceeds.
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2.4.1 Layers

A layer is the highest-level building block in DL. A layer usually receives a weighted input
and transforms them with a set of non-linear functions. The transformed non-linear
functions are then passed as an output to the next layer. A layer usually contains an
activation function, pooling, and a convolution. All the layers that lie in between the first
layer of the neuron's input layer and the last layer of neurons or the output layer in a

network are called hidden layers [36].

Layers can be used for different purposes —fully connected or dense layers often process
simple vector data, stored in two-dimensional tensors as (samples, features) [30]. It also is
a data-processing module that takes one or more tensors as an input and outputs one or
more tensors [30]. A tensor is a container for usually numeric data or it is a
multidimensional vector input matrix. Various layers are appropriate for different data

processing as well as tensor formats.

By clipping compatible layers together, we can build DL models to form useful data-
transformation pipelines. More often, hidden layers learn compressed representations of
the original input with fewer neurons than the input layer. In addition to this, hidden layers
make the network learn complex relationships by employing the neurons to learn
nonlinearity [33]. Nonlinearity is a neural network that can successfully approximate
functions that do not follow linearity. Nonlinearity can successfully let us predict the class

of a function divided by a nonlinear decision boundary [40].
2.4.2 Activation Functions

These functions are designed to highlight important data values from their input [37]. It is
a function that is used to get the output of the node or neuron. It is also known as Transfer
Function. Activation Functions can be divided into two: Linear Activation Function and
Non-linear Activation Functions [38]. However, three major types of neurons are used in
practice that introduces nonlinearities in their computations. These are Sigmoid, Tanh and
RelLu.

Sigmoid

This is especially used for models where we have to predict the probability only between

the range of 0 and 1 [33]. The logistic sigmoid function can cause a neural network to get
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stuck at the training time. Therefore, it is mostly used in the output layer or incase of binary

classification [39].
Hyperbolic Tangent Function (Tanh)

Tanh is a shifted version from the sigmoid function where its range is between -1 and 1
[33]. This function makes the training for the next layer easier and faster by making the
data more centered to have a zero mean by utilizing the activations that come out of the

hidden layers.

One of the downsides of both Sigmoid and Tanh is if our weighted sum input is either very
large or very small, then the gradient also called derivative or slope of this function
becomes very small and ends up being very close to zero which slows down gradient
descent [40].

RelLu

ReLu is faster to compute than the rest of the activation functions. As a result, it is usually
the default choice of activation functions. The gradient descent in ReLu does not get stuck.
One disadvantage of this activation function is that the derivative is equal to zero when the
weighted sum input is negative. The problem is known as the dying Relu. If the weights
in the network always lead to negative inputs into a Relu neuron, that neuron would not

effectively contribute to the network training [40].
Softmax

The softmax layer in DL is used for a multi-class classification purpose. It uses a
probability distribution by making the sum of all the outputs to be close to or equal to one.
A strong prediction is a single entry with a weighed vector close to one. While the
remaining entries close to 0 are seen as weak prediction would have multiple possible
labels [40].

This layer gives a better idea of how confident we are in our predictions. Unlike in other
kinds of layers, the output of a neuron in a softmax layer depends on the outputs of all the

other neurons in its layer.
2.4.3 Loss functions and Optimizers

To tackle the problem of training multilayer neural networks instead of just single neurons,

backpropagation was pioneered by [41]. Backpropagation uses gradient descent for error

18



reduction, by adjusting the weights based on the partial derivative of the error concerning
each weight [42]. The quantity that will be minimized during training is known as Loss

Function (objective function). It represents a measure of success for the task at hand.

Optimizers improve the learning process by determining how the network gets updated
based on the loss function. AdaGrad, RMSProp, and Adam are the three most popular

adaptive learning rate algorithms.
AdaGrad

AdaGrad optimizer adjusts the learning rate for each parameter. While AdaGrad works
well for simple convex functions, it is not designed to navigate the complex error surfaces

of deep networks [30].
RMSProp

RMSprop is a gradient-based optimization technique used in training neural networks.
This optimizer uses a window of fixed size over the gradients computed at each step rather
than use the full set of gradients [30].

Adam

Adam optimizer is known for its corrective measures and its ability to combine zero
initialization bias which is a weakness of RMSProp as well as the core concepts behind

RMSProp with momentum more effectively [30].
2.5 Deep Learning Approaches in Question Classification

QC uses well-known DL approaches to easily acquire knowledge through supervised,
unsupervised, and semi-supervised approaches. QC models use these approaches as
necessary to train their system. More about DL for classifying questions will be explained

below.

In Supervised Machine Learning, the program is “trained” on a pre-defined set of “training
samples”, Supervised learning is fairly common in classification problems. It provides
discriminative power by identifying patterns after being trained on the sample data. The
supervised approach always learns features from a labeled dataset either in a direct or
indirect form [43]. This approach like any other machine learning has a training and testing
phase. In the training phase, the machine learns from a labeled sample data by adjusting

the learning algorithm until it reaches the goal to predict and classify the target data without
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the knowledge of its label. Such a performance threshold is measured using a function
called objective function or loss function. In the testing phase, the learning algorithm
prediction accuracy is tested using unlabeled data. The loss function helps to minimize the
prediction error [44].

Unsupervised Learning intends to learn features capturing the correlation of the given data
for pattern analysis when there is no information about target class labels is available [43].
It is @ much harder mechanism because the computer learns to accomplish tasks that we
tell it to do. It has two approaches. The first approach is to teach the machine using some
sort of reward system to indicate its correctness. However, this type of training usually
faces a decision problem because it only aims to make decisions that maximize rewards
rather than coming up with an accurate classification system. Clustering is the second type
of unsupervised learning that intends to find similarities in the training data [35].

The semi-supervised approach has the properties of both supervised and unsupervised
learning approaches [45]. The training dataset used in semi-supervised learning mostly
contains a small amount of labeled data and a large amount of unlabeled data [46]. RNN,
Feed-forward network, LSTM, and CNN are some of the DL models that are used in
question classification by involving supervised, unsupervised, or semi-supervised learning

approaches.
Feed-forward Network

The Feed-forward network (FFNets) has achieved high accuracy on many classification
benchmarks [47]. The neural network in FFNets perceives the pattern of each category
from their input. The input passes through each layer until it reaches the output layer. The
classification happens as the model identifies the output category with a maximum value.
Models based on the feed-forward network view a text as a bag of words. They are among
the simplest deep learning models for text representation. But the main drawbacks include
huge computational power for training, exploding gradient, no backpropagation to correct

errors, and vanishing gradient problem as the number of layers increase [48].
RNN-Based Models

A recurrent neural network (RNN) is derived from FFNets. RNN based models view
questions as a sequence of words and intend to capture word dependencies and text
structures for classification purposes. Even though RNN models are used in NLP, to

identify the sequential characteristics of input data in addition to predicting the next most
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likely scenario, they do not work well and often underperform because they suffer from
recalling the extracted features of the sequence of words.

Among different kinds of RNNs, Long Short-Term Memory (LSTM) is the most popular
architecture, designed to capture long-term dependencies like sentences [47]. LSTM has
a memory cell that enables adaptive memory usage offering a way to capture relations
among words without missing information. LSTM was proposed to overcome the recall
issue in RNN to apply them for longer texts. This model achieves promising results on

language modeling, sentiment analysis, and Natural Language Inference (NLI) [49].
Convolutional Neural Networks

Convolutional Neural Networks (CNN) is the major building block used in DL that process
complex forms of data such as multiple arrays represented by a word vector. Convolutional

neural networks can automatically learn a large number of filters in parallel [50].

CNN has three layers to extract features and learn from the input data. These are the
Convolutional layer, Max pooling layer, and Fully connected (dense) layer. Convolution
in a convolutional layer apply a filter to an input word matrix and result in a map of
activations called a feature map. The feature map contains the locations and strength of a

detected feature in an input.

Fundamentally, the convolutional layer is inspired by the dense (fully connected) layer.
While the fully connected layer takes a one-dimensional vector as an input and outputs a
new vector using matrix multiplication. The convolutional layer receives inputs up to three
channels [51]. The basic computation in CNN is to convolve a window function applied
to the input word matrix. Each index in the output is obtained by performing the values of
the kernel element-wise by combining n-grams or two to five words at a time. with the
corresponding values in the input where the kernel is sliding on, then summing up the
extracted features. The full convolution is done by repeating the operation by sliding the
kernel over the input [51].

If we compare RNN with CNN, RNNs learn to recognize patterns across time to analyze
words sequentially. It works well for NLP tasks such as sentence analysis where the
comprehension of long-range semantics is required. Whereas, CNN trains to recognize
patterns in a sparse distribution across space [52]. They perform precisely where detecting
local and position-invariant patterns is important. These patterns might be phrases that

express a particular sentiment as “not pleasant” or topics like “Falling kingdom”.
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CNN is also starting to be a more popular model in classifying questions [47]. The
convolutional nets are made up of neurons, weights, and biases. The weights are shared
among neurons. The sharing of weights ends up reducing the overall number of trainable
weights [53]. Here, each neuron receives a certain vectorized data, takes a weighted sum,
and passes it through an activation function. Each neuron has an output after analyzing the
vectorized data with the weighted sum. The activation function ReLu exists between the

convolution and the pooling [54].

The pooling layer operates on each feature map independently [54]. This layer performs a
classification task based on the features extracted by the previous layer using filters. The
pooling layer provides a fixed size output matrix by applying a filter size of its own to
reduce features and extract the most valuable information. This allows us to have a variable
size input and kernels, but to always obtain the same output dimensions to feed into our
model [55].

The pooling operation is specified, rather than learned. There are two common pooling
operations: Average Pooling and Maximum Pooling. We might also use Global Pooling
to extract features. However, it is not as common as the average and max pooling
operations. The Maximum Pooling (max pooling) computes the maximum value of the
feature map. Whereas the average pooling considers extracting features by considering all

of the elements in the feature map.

The pooling layer identifies features that change position during feature extraction, by
using a local translation invariance functionality to the system [56]. Invariance to
translation means the positional change in elements while we extract features. In all
cases, pooling helps to make the representation approximately invariant to small

translations of the input [56].

After several convolutional and pooling operations, the feature map size is reduced and
more complex features are extracted. Eventually, with a small extracted feature map, the
contents are reduced into a one-dimensional vector and fed into a fully-connected for some

additional processing [49].

Fully connected neural networks (FCNNSs) are a dense layer where all the nodes, or
neurons, in one layer, are connected to the neurons in the next layer [57]. FCNN is also
highly trainable by combining weighted parameters with the connected input neurons [58].

The convolutional and pooling layers use the ReLu activation function to highlight features
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with valuable information. Fully connected (FC) layers usually leverage from a softmax

layer to classify inputs appropriately.

The softmax layer classifies data by transferring the vectorized neurons into a probability
from 0 to 1 [40]. The last layer of the CNN is also seen as a loss function layer that is used
to specify how the network training penalizes the deviation between the predicted and true
labels [49].

CNN is different from the feed-forward neural network because CNN convolves over the
input layer to compute the output using nonlinear activation functions like ReLU or Tanh
applied to the features. In a traditional feedforward neural network, we connect each input
neuron to each output neuron in the next layer. That is also called a fully connected layer,

or affine layer [55].
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Chapter 3: Related Work

The study of QC took place before the resurgence of Machine Learning. For instance.
Hermjakob in 2001 used an extensive QC system consisting of 115 elementary question
classes in their work [19]. This Chapter will go into detail about how QC progressed over

time for different languages with their taxonomies.
3.1 Question Taxonomies and Analysis

The basic foundation in QC was laid by [21]. The authors designed a generic question
taxonomy using the TREC dataset, which is domain-independent and a widely used dataset.
The question hierarchy designed using this dataset contains 6 coarse classes (Abbreviation,
Entity, Description, Human, Location, and Numeric value) and 50 fine-grained classes as
shown in Table 3.1 [21]. Each coarse class contains a non-overlapping set of fine classes.
The motivation behind adding a level of coarse classes is that of compatibility with
previous work’s definitions, and comprehensibility. The publishers also hoped that a
hierarchical classifier would have a performance advantage over a multi-class classifier.
One difficulty in the question classification task is that there is no completely clear
boundary between classes. Therefore, the classification of a specific question can be quite
ambiguous. For instance, What is the PH scale? could be a numeric value or a definition.
It is hard to categorize those questions into one single class. Mistakes will likely be
introduced in the downstream process if we do so. To avoid this problem, the authors
assign a single question to one of 50 possible classes. This method is better than mapping
to a flat taxonomy type [20].

Table 3.1: Question Taxonomy

Coarse grain Fine-grain classes
Description definition, description, manner, reason
Entity animal, body, color, creation, currency, disease, event, food,

instrument, language, letter, other, plant, product, religion, sport,

substance, symbol, technique, term, vehicle, word

Human description, group, individual, title
Location city, country, mountain, other, state
Number code, count, date, distance, money, order, other, percent, percent,

period, speed, temperature, size, weight
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Factoid questions are the most challenging type of questions to classify. Various
approaches have been proposed to enhance the identification and the classification of
factoid questions; The most popular classification taxonomy of factoid (‘wh-") questions
is Li and Roth’s categories [20, 61]. “What’s the world’s longest suspension bridge?” is
categorized under “Location” while we believe that it is more appropriate to consider a
bridge an entity. hierarchizing based on the accuracy of meaning is very handy during
these kinds of issues. The author [19] stated that prioritization is important as this particular
taxonomy does not allow a question to be a part of two classes The author also found the
need for a new class that constitutes either “Human: Individuals” or “Human: Groups”
such as companies, teams, and universities. This specific requirement is a direct result of
the restriction that a question must be classified without prior knowledge of the answer.
For example, the question “Who won the Nobel Peace Price in 2012?” is impossible to
classify without knowing if the answer was an organization or an individual, even if we

were to ignore the possibility of multiple individuals.
3.2 QC for Different Languages

We will review studies of QC for different languages by mentioning the strategies and the
methodologies used. The strength and weaknesses of each study will also be discussed as

follows.
3.2.1 QC for the English Language

The work in [19] shows the need to work on QC using fine grain taxonomies to reduce the
search space of potential answers and discover more accurate answers. The main focus
was to identify Entity classes and enhance the answer selection by redefining question
taxonomies designed by [21]. The taxonomies were defined after recognizing
categorizations that would make Entity class identification very hard. For example, the
question “What’s the world’s longest suspension bridge?” is categorized under “Location”
while it is believed that it is more appropriate to consider a bridge as an entity. It is also
indicated that the class Human needs a more clear boundary between Human: individual
and Human: group as a result, these two classes were redefined as Human:
IndividualOrGroup class category. The Fine-grain classes Year, Volume (Size), Volume
(Liquid), Time, Numeric range were also included under the Number coarse grain to make

classification more specific.
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The work in classifying questions primarily involves three tasks [19]. These include a)
extracting the Question’s Syntactic Map or structure b) identifying the headword of the
noun phrase in the question, while handling Entity Identification and phrase detection, and
c) using rules to map words at different positions in the Syntactic Map to question classes
using a hierarchical structure. The paper also explains mitigating question ambiguities by
modifying the system to make it return a second possible class when there happens a
misclassification due to ambiguous words. TREC dataset and DL approach were involved
to train the model while using GloVe word embeddings to encode and decode the data.
Training the model using a variety of fine-grain data has made DL models gain more from

increased data rather than homogeneous data.

Generally, the work has made more efforts in classifying fine-grain questions to identify
Entity classes to have the best answer selection mechanism. Even though the redefined
taxonomies by the authors were important, the paper doesn’t show a clear evaluation result.
It is also ambiguous to have a Human: IndividualOrGroup class as each individual and

group class have their distinct property.

QC was stated by [59] as mapping questions into one of the k classes where k represents
a list of question taxonomies. These question taxonomies were taken from [21] because of
the overall coverage of question types that can be used in different question answering
platforms. The publicly available datasets provided by the University of Southern
California, University of Illinois Urbana-Champaign, and TREC were used by manually
labeling all of the question dataset. Five thousand five hundred sample questions were
used for training and 500 of them for testing the system. The experiment in the paper shows
that SVM achieved higher results compared to other machine learning classifiers like
Decision Tree and Naive-Bayes algorithms.

The occurrence of words more frequently is given high value than the less occurring words.
But here, the authors take these rare words in the training dataset to possess as much
semantic information as the rest of the more frequently occurring words and achieved
85.5%.

3.2.2 QC for the Persian Language

Question Classification for the Persian question answering system was proposed by [7]
using a machine learning approach. Three methods were proposed by the researcher for

feature extraction. The First method uses clustering algorithms to partition vocabulary into
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clusters and acquires feature vectors corresponding to each question using clustering
information. Extracting features from questions using recurrent neural networks and
feedforward neural networks are proposed as a second approach, which has the advantage
of learning faster with less need for data. The questions are converted to a feature vector,
which is obtained by the Word2vec method and weighted by tf-idf coefficients. The third
approach considered Recurrent Neural Networks with a limited amount of data and
showed the experiment. The authors used three datasets extracted from Wikipedia to
evaluate the system’s performance. The extracted datasets contained 5452 questions which
were translated from an English question dataset, and the third included 5000 questions.
Using these datasets the system was trained using Multi-Layer Perceptron, SVM, and RNN
and gained an accuracy of 72.46 %, 72%, and 81.77% respectively. The major strength of
these Persian QC is that it has considered question datasets that are even hard to be
answered even by humans. Even though the Persian QC system involved three types of
feature extraction methods, it has not considered preserving the word orders for training

the system.
3.2.3 QC for the Chinese Language

Attention-based LSTM for Chinese question classification was developed by [12]. The
implementation used deep learning-based methods to be able to mine deep information of
a text. The model combines the characteristics and advantages of the convolutional neural
network, attention mechanism, and recurrent neural network to not only extract the
features of Chinese questions effectively but also learn the context information of
questions to solve the problem that the Text-CNN model can lose position feature. The
experiment was done by using Fudan University Chinese question classification data set
that includes 10,243 questions from thirteen question categories. Using these datasets the
attention-based CNN model has achieved 79% accuracy. After a comparative study,
Attention-Based LSTM did not show significantly better performance, but slightly better
than LSTM. The authors concluded that the Attention-Based LSTM model will be more
effective in long texts, while Chinese questions are all short. Even though implementing
the model preserving the positions of the words is very important, the experiments
conducted for these models did not use the same data set for training the system by using
CNN, LTSM, and the Attention-based model. This might affect the study since the
performance of the system is also highly dependent on the dataset. Thus, the variation of

the dataset also affects the result.
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The work in [60] developed question classification for the Chinese Language by preparing
a question corpus that contains 4394 Chinese questions and follows the two-layered
question taxonomy. The taxonomy has 6 coarse categories and 65 fine categories. The
authors removed stop-words from all question instances in the training set, and added up
the frequency of each word, such as noun, verb, adverb, adjective, from each question
category. The authors gave main focus on extracting features of the questions by using
Chinese word segmentation, keyword extraction by removing stop-words from all
question instances in the training set, and adding the frequency of each word, such as noun,
verb, adverb, and adjective. Bag of Words helped the authors to extract features by
grouping words in a question sentence to generate more meaningful chunks. As a result,
97.9% was achieved after training the extracted features using an SVM classifier. Here,
the main focus was made on feature extraction. However, if we see DL models, it might
not be necessary to go through all these long processes to extract features to get the

semantic meaning of questions.
3.2.4 QC for the Arabic Language

Arabic Question Classification using the SVM method based on new taxonomy and
continuously distributed representation of words was implemented by [13]. The
continuously distributed representation of words was used to capture the semantic and
syntactic relations between words in questions. The contribution of the paper is twofold.
First, building a taxonomy for open-domain Arabic questions to capture syntactic and
semantic relations between words by referring to the question taxonomies designed by
[21]. Second, implement an efficient method for classifying Arabic questions. The work
includes retrieving passages from documents by processing the input questions, retrieving
a passage, and processing the answers. Here, we can see that QC is important in retrieving
contents from documents by classifying the input questions to retrieve the relevant
documents and contents from the retrieved files. To evaluate the effectiveness of the
proposed method, the authors collected 1302 Arabic questions from data-sets TREC and
Moroccan school books and achieved 90% accuracy. Even though the accuracy is well

achieved, the system was built only for WH questions which is a restricted domain.
3.2.5 QC for the Bengali language

The Bengali QC system [14] was implemented using SVM and a Hybrid Feature
Extraction method for the Bengali language. The researchers gathered 1375 questions from
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the Bangladesh subject and 1118 questions. As the authors mentioned, the Bengali
language is not so rich to perform machine learning classification tasks but yet achieved
an accuracy of 89% by considering Wh- questions, the length of the questions, and their
position that might affect the system.

As Bengali question classification is at the early stage of development, a single-layer
taxonomy that consists of only nine course-grained classes was used. The researcher
indicated that it is possible to increase this accuracy with a larger dataset and applying a

neural network algorithm.
3.2.6 Question Classification for Amharic

Question classification for Amharic was implemented by [9] under the Amharic QA
system. Factoid and list type questions were studied by using SVM and HMM. The corpus
used for the study is only concerned about Ethiopian history as the research focuses on a
specific domain or closed domain question answering. The dataset was first preprocessed
by using character normalization, short word expansion, tokenization, stop word removal,
and text cleaning. To make the system understand the preprocessed gquestions question
analysis, classification, question type identification, and query generation were involved
under the question processing component. After training the system, 80% and 88%
accuracy was achieved in retrieving the answers using HMM and SVM respectively. The
accuracy of the system was competitive. However, considering the wider taxonomies in
this domain area would have been possible instead of applying the standard question

taxonomies to classify the questions.

Non-factoid question types were also studied by [6] using SVM and rule-based
classification approaches for classifying and retrieving data. The design involves
document preprocessing, and question analysis to retrieve documents. The preprocessing
includes character normalization, short word expansion, stop word removal, stemming,
morphological analysis, and indexing. The Question analysis includes question
classification, query generation, and query expansion. The question classifier identifies
three types of non-factoid questions Biography, Definition, and Description as shown in
Table 3.2 [6]. The rule-based algorithm determines the question type by using the
interrogative terms of the question and class indicative terms which can be used as a clue
to indicate the class of the question type. The SVM machine learning approach predicts

the type of questions based on the learned model. The performance of the SVM-based
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question type classifier is 83.3% and that of the rule-based question type classifier is 98.3%.
It is a remarkable result having used a rule-based and machine learning approach. However,
there needs to be a deeper analysis of the question types.

Table 3.2: Definition, Description, and Biography non-factoid question types

Question particles Question types

I°%7 TINE 1@< 9OUeT 10-F 9O SR P17 | Definition
Sfo-
T 1T 97 . AADJANTANTOE 9°7 | Description
AW 2408 WAV A VAT AR (VAT T Vo [ G S [ P
A7 2PN TaPTINT

aPy@-: 9IGFHT and TIGTFD- Biography

Ambharic question classification system was also used under the “Teteyeq” [16] QA system.
One thousand fifty Factoid questions were used to train and evaluate the system using a
rule-based approach. Normalization, tokenization, stemming, stop-word removal was
applied to preprocess questions. the question processing component has the
subcomponents question classification, expected answer type determination, and query
generation. The query generation is used to process the question to help generate a well-
structured query to find out the type of question it belongs to after analyzing questions to

determine the category the question belongs to.

Table 3.3 [16] shows the factoid questions used by the author. These questions could be
further classified into different question types based on the question particles. It is also
possible to expand the question taxonomies into more specific ones to get a more relevant
answer retrieval system. If we see Numer, 07t 0%k hart Adrr 9°7 PVA can have
taxonomies like Age (4£9%), Count (&1c), Date (¢7%), Distance (C#+), Money (17H1),
Percent (Tcazt), Time (1), Weight (h-0£F) and so on. It is also suggestible to use more
guestion datasets to implement the system. Regardless of this, the author has scored 89.9%
accuracy on correctly retrieving the answers after giving more focus on categorizing

questions.
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Table 3.3: Amharic factoid Question types

Question particles Question types

a7 AT7 TNI@- 0977 0977 Person name, place
e+ 00 L e ALt Place

av’f (1a0F Z(havF AavF Time

a7t 07k DTt AT 907 CUA Numeric, time

3.3 Summary

From the related work we have reviewed, it is shown that most authors [19] use question
categories designed by [21]. Even though this taxonomy is used in most studies, it is
considered to be far from a standard question taxonomy since there are classes not included
in the hierarchical question taxonomy. The researchers [21], studied the multiclass
taxonomy on the dataset published in the year 2002. Hence we need a more updated

standard question taxonomy that involves a wide range of question datasets.

The question taxonomy [21] was also adopted by authors [7] to use it to classify Persian
questions. The author used one of the DL approaches that is LSTM by additionally using
SVM for the QC. However, converting the question data into a vectorized form is a long
process that involves combining both a word2vec and a TF-IDF algorithm. While
converting the questions into a word2vec model to extract features, it is necessary to
consider the positions of words that might affect the semantic meaning. Even though the
work [19] focuses on increasing classifying questions accurately, the positions of the

questions that might affect the semantical meaning were not considered.

Nevertheless, we have seen QC for various languages, we couldn’t find an independently
studied QC implemented for Amharic as a broad subject. The studies were on a restricted
domain that is not generic. Nevertheless, QC is studied in Document retrieval [16], and
QA [9]. Studying Amharic questions under QA and other applications, the authors have
given much attention to extracting features from questions by using rule-based and bag of
words based semantic as well as syntactic analysis to extract features as presented in Table
3.4. Even though we have to study feature extraction methods to apply to the AQC model,
most DL approaches i.e. CNN is used for processing questions by extracting the necessary

contents that are useful for training and classifying the questions. In light of this, we
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propose a generalized AQC model that is trained on a more generic Amharic question

dataset and multiclass taxonomies.

Table 3.4: Related work on Amharic Questions

Proposed System Languag Dataset Question Type & Result Author & Date
e
SVM and Amharic = Documents from  Listing (non-factoid) Closed Brook Eshetu [17]
Heuristic rule- QA Ethiopian tourism = Result 55% domain (In 2013)
based approach
SVM HMM Amharic | Ethiopian History @ Factoid and Listing Closed Medhanit
QA books and (Non-factoid) domain Getachew [9]
websites (In 2019)
SVM 73% & HMM
65%
Java and Ambharic = Web & Ethiopian Closed Seid Mubhie [18]
gazetteer QA news papers Factoid domain (In 2009)
(instead of
named entity
recognizer)
Rule-based DS for 156 address Closed Fitsum Seyoum
approach, HMM | Ambhlaric | records from domain (In 2015)
websites
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Chapter 4: Design of Amharic Question Classification

This Chapter covers the design and prototype development of the AQC model using the

CNN DL approach. Question Preprocessing, Question Processing, and Categorization (QC)
are the major components in the AQC system architecture that are utilized to accomplish

the Amharic QC. We will discuss the AQC system architecture along with the system

interaction in the training and testing phase.

4.1 System Architecture

AQC possesses a similar system architecture as every other QC system in the machine
learning approach. The common components in various Question Classifications are
Question Preprocessing, Question Processing, and Question Classification. The only
difference with the DL approach is in the word representation and how the system extracts
as well as learns features. Figure 4.1 shows the overall system architecture of the AQC

model that involves the mentioned components.

Question Preprocessing is the first step in the AQC model. This component helps us get
more structured data by involving Normalization, Special Character Removal, and
Tokenization to the raw data. The next step in training the AQC model is to let the system
understand the preprocessed input data by representing them in a vectorized form. We use
Word Modeling in the training component to convert the preprocessed structured data into

a vectorized form.

The Word Modeling takes a preprocessed Amharic Question Corpus and extracts a
semantic relation of words using a sparse distribution. The Word Modeling also saves the
semantically related vectorized words in the Word2vec Model for later use in the Testing
component. This word vectorizer gives a richer semantic meaning to make the machine

understand the input questions well.

Question processing is where we make the machine understand and learn from the input
questions using a supervised CNN approach. The CNN extract features from the Amharic
Question Corpus after representing them in a word matrix. The learned features are then
saved in a Question Classification Model to evaluate the performance of the AQC model
by using new data that were never used in the AQC model before.

The Testing component shares similar architecture as the training component by using the

preprocessing and vectorization of words similarly. The Question Classification can
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automatically categorize questions without necessarily extracting or learning the features
again. Figure 4.1 shows how we evaluate the system by loading the AQC learned model

using the Question Classification Model.

Ambharic Question

Testing
Training / Preprocessing \
y
Normalization
[ Preprocessing \
. »| Normalization Special Character
Amahric 7 Removal
Question Corpus

Y v
Special Character Tokenization
Removal
; Q
Tokenization Word Word2vec L
\ / Modeling Model Vectorization

Question Processing

Feature Extraction Feature Learning
Convolution MP Merged Layer l_(aly’eéjl La;:)[ 2
Convl (2.300) [ _ _ (
Softmax Question
Conv2 (3,300) \ Merged Max me L Layer Classification | Question Classification
Pooling
/
Com (300 FeL || oL *
/ Question Classes /

Figure 4.1: Amharic Question Classification AQC Model
4.2 Training

The Training component is part of the AQC system architecture that is used to train the
AQC model using a labeled Amharic Question Corpus. Various tasks are performed to
train the system: Question Preprocessing, Question Processing, and Question

Classification.

Question Processing is the major component in training the AQC model using the CNN
approach. Question Processing is all about representing the vectorized words into a fixed
size word matrix, and train the AQC model to generate a learned knowledge base i.e

Question Classification Model as shown in Figure 4.1.

The AQC model learns from the labeled input data by managing its loss value.
Backpropagation plays the biggest role in minimizing the loss value and maximize the

training accuracy by letting the system learn the most valuable features with a minimum
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loss value. The AQC model obtains a loss value by looking at the difference between the

predicted value and actual labeled data when classifying questions.

This section will go into detail about training the AQC model by discussing each

component: the Preprocessing, the Word Modeling, and the Question Processing.
4.2.1 Preprocessing

Preprocessing is a process of structuring the raw data using different data cleaning and
formatting techniques to make them suitable for the learning process. The AQC model
uses the Amharic Question Corpus to classify questions by initially preprocessing them.
The Preprocessing component plays a vital role in letting the AQC model learn from well-
structured data.

The AQC model generally acquires 8000 Amharic Questions to train and evaluate the
system. Five thousand of them are labeled and stored in the Amharic Question Corpus.
These questions are prepared in three different forms: Surface, Stemmed, and Lemmatized
form. Even though stemming and lemmatization are usually included in the preprocessing
component, we let each dataset maintain their form by stemming and lemmatizing
questions independently using a semi-automated system. This helps us use a common

preprocessing component for each of them.

Annex A shows sample questions taken from the Amharic Question Corpus from the three
different forms: Abbreviation: expansion “ “A..4,.2.4.” THCHEC A% A% T 10?7 is the
surface form, Abbreviation: expansion “%.4,.8.4.” -+ HCHC A (. &% A7t 1077 is the
stemmed form, and Abbreviation: expansion “‘A..é,.2:.¢.” - H-C-H-C & (L &-V-& AT 1077
is the lemmatized form. Even though the questions have three different forms, we can use
a common preprocessing component to clean the data from special characters like the
quotation mark (“ ), normalize characters (4/%) by merging similar characters into a

common form and breaking down each question into a token to analyze them semantically.

If the questions were to be stemmed and lemmatized using the AQC Preprocessing
component, we would not have used a common preprocessor for each of the different
question datasets. Instead, would stem and lemmatize questions separately by designing
three different Preprocessing components. To overcome this issue, we stemmed and
lemmatized some of the Amharic Question Corpus using a semi-automated preprocessor

(stemmer and lemmatizer) outside the AQC model.
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Normalization: Amharic alphabets, like “%/&”, “715hh BV, “d T U, “Ld /L,
“RI07, CRIE7, BB CRYL”, AT, RV, &[G, AT, O CPLI, CHIAT, CULIO, IR,
“wl(”, and “%h0/k” appear interchangeably in different words without changing their
meaning. These characters have the same pronunciation or phonetics, having similar
meanings but different representations. If we see the word, “aget+ o1, it can be written
as “oavt eust and “aavt oMl by using characters A/ 0 / % and v/ch in different words

correspondingly.

Therefore, we normalize the alphabets that are used interchangeably using Algorithm 4.1.

We also removed unused extra spaces using the rstrip() function.

Algorithm 4.1: Normalization

Input: Filename

Output: Outputfile
FindReplace<-[('%"', "&"), (' [712h 0] ", '0"), (' [FT]", '0"),
("[uhR] L), (R, e, (TR, e (LR e, (VTARD T, ), (U

a1, ), (T[T, ), (&), e, (TRl ), (T[], e, (1 [
]'I'{‘L')I(' [1)1]""‘]')/(' ['}L]'I"’L')I( '[F,]'I'n')l( '[VJ]'I"“')I
("[%0]1", "a") ]

Readfile=Filename.readline ()
for CharPair in FindReplace
Outputfile<-
Readfile. (charpair (FinReplace[0],FinReplace[l]))
end for

return Outputfile

Special Character Removal: Characters other than alphabets are removed from AQs.
These non-alphanumeric characters are often found in punctuation marks like adding
quotations to refer to other people’s speech, as well as symbolizing currencies. These non-

alphanumeric characters add no value to the data other than causing noise to the system.

To get rid of these noises such as unwanted characters, we use a regular expression (regex).
Regex is usually used in strings to "find" or "find and replace™ characters as shown in
Algorithm 4.2.
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Algorithm 4.2: Special character removal

Input: Filename
Output: Outputfile
SpecialCharacter<-!@$%7&* () *&™ ]+, '
Readfile=Filename.readline ()
for (i=1, i<length(Filename), i++)
if (Filename[i]== SpecialCharacter):
Outputfile<-Remove (Filename[i])
end if
end for

return Outputfile

Tokenization: Tokenization helps us to analyze the semantic meaning of each word in

the AQs at a token level. We achieved this by using white spaces and the split() function

as we have presented in Algorithm 4.3. This function could also consider colons or “v-At+

101” (©) for this purpose. However, our dataset (the AQs) does not utilize these punctuation

marks to separate the words.

Algorithm 4.3: Tokenization

Input: Textfile
Initiate 1 to O
Textfile=Textfile.split into newline
Tokenizedarray <-[]
for 1 to len(Textfile) do
first element = Textfile[i].splitaftereveryspace
tokenizedarray.append(filename[i])
increment i
end for

return tokenizedarray
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4.2.2 Word Modeling

The Word Modeling in the AQC system architecture is a process used to represent words
in a vectorized sparse distribution after understanding their semantic relation. These words

are extracted from the preprocessed Amharic Question Corpus.

We use the Skip-gram word modeling tool to train the system to identify the semantically
related words by using the tokenized input words. We present each word using two
parameters (focus word, context word). Each word in the gquestion dataset is assigned a
unique number in the word vocabulary we create. We use one-hot encoding to transform
these numeric data into Os and 1s. The Skip-gram model helps our system learn the relation
between similar words by predicting the target or focus word from the rest of the words

that are taken as a context.

For example: “Entity: letter A7 +GaN, &9°2F PIIAFD- O+PE GFO?” we make the
machine understand the relation of each word by creating all of the possible focus words
and the context words out of the given question. (?AZ%, +600.), (PA7F, £9°2F), (+eaq.,
Lgoat), (&9oaf, PIINFWY), (PIINFD-, CHPE), (PTF7E, ¢Fw-), (SO, ?ATY), (&9°2T,
PATP), (9P F, (), (PIPINFO-, &9°2TF), (P15, PP 1AF®-), and so on. We then create the
word vocabulary by assigning each word in our dataset a unique number. i.e., ‘?A%29: 0°,
SO, &ead2’, ‘egeraFm-: 37, and ‘eHeE: 4. The words are distributed across the
column using one-hot encoding to make a 0s and 1s representation. The Skip-gram makes
use of the parameters (focus word, context word) and the represented words using the
binary number to create a vectorized sparse distribution.

The vectorized words are then fed into the CNN Question Processing component for
further processing to extract and learn features. The rest of the trained vectorized words
are stored in the Word2vec Model to automatically vectorize questions without modeling

other similar words again.
4.2.3 Question Processing

Question Processing represents the vectorized words into a 32*300-dimensional word
matrix, extracts features (keyword) and, derives the expected question type. This
component is generally very useful to let the AQC model learn from the vectorized
Ambharic Question Corpus by involving the mentioned operations in Question Processing.
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The question processor outputs trained models after learning features. The saved trained

AQC models are then used in the Testing component to evaluate the Amharic Questions.

The overall CNN architecture in the Question Processing component consists of two main
tasks. The first one is the feature extractor, which uses the convolutional as well as the
max-pooling layer to make the CNN understand questions and the classifier which is the
softmax layer that lets the system learn the features by referring to the predicted and actual
labeled data.

Feature Extraction

This is a mechanism where we identify valuable features (elements) from the questions.
The feature extractor uses the convolutional layer to slide across the word matrix, to extract

features from various combinations of words.

The questions in our Amharic Question Corpus have a maximum length of thirty-two. As
a result, we have a fixed input word matrix size to be 32 which is the maximum sequence
of words in the questions, and 300 is the dimension of the vector that is sparsely distributed
close to the input words by their semantic similarity. The convolutional layer represents
the vectorized words retrieved from the Word Modeling into a 32*300-dimensional

vectorized word matrix.

The height or region size of our filter considers bi-gram up to a pent-gram (2-5 words) at
a time. This means the machine learns using an n-gram: bi-gram, tri-grams, quad- grams,
and pent-gram filters during convolution. These n-grams are determined by the height of
the kernel. If the height quals to 2 then the kernel is learning a bigram word matrix. Bi-
gram filter learns two tokens at a time like “977 1@ “e+ 1@~ and “a%t 1@<, As the height
of the kernel increases, the network will be able to learn phrases of various lengths that

can help them effectively classify a given question.

If we consider n-grams for the phrase “@m,3-711U7 AAL7P 710G AATAT OLI° LNNLTA”,
It should be classified as a positive word. If we break down the phrase into a bigram
“@m,7rUT AAL7P 7, This should be classified as a negative phrase. However, if we
consider quad-grams, “@<m,2o1rtu7T AALTP TING AATAI® ” each will have a different
classification category. It again learns it as a positive category. Thus, the network will be
able to learn from various filters that are activated according to the phrases found in the

input questions.
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The convolutional layer is in charge of the operational combination of the input matrix as
well as the trainable weight matrix (kernel or filter). This layer extracts features by
analyzing the semantical relation from the amalgamation of words that give more meaning.
For each word in the embedding vector, a single convolutional layer with a four number
of filters is applied. Table 4.1 shows an instance of what the word matrix looks like for
AQs in Surface, Lemmatized, and Stemmed forms. As the word matrix shows, the Word
Modeling has represented these words having been trained on the surface words since the

words have maintained their similarity even after being stemmed or lemmatized.

Table 4.1: Word matrix of a word2vec model

Representing words in 300 dimensional
Amharic Questions semantically related words
Surface form | Stemmed | Lemmatized

eh} 1} Lk} 0.08 0.065 0.113

TCTI° TCTI° tCage - - -
etmeam- men TPO -0.33 -0.25 0.07
APE: APE: APE: 0.04 -0.28 -0.29
R PC ®PC ®TC -0.15 -0.112 0.14
azrt azrt azrt -0.04 -0.19 -0.13
AL AL AL -0.65 -0.54 0.47
1w- 1w- - -0.16 -0.20 -0.19

The word “tcr9°” in the second row of Table 4.1 shows a slight difference from the
surface and stemmed words by changing all the characters into a Sadis form including the
letter “+” (““Fc219°”). Even though the word modeling can represent the surface and
stemmed words similarly relative to the lemmatized words, it would not get meaning from

the lemmatized word such as “+ce19>”.

As Pedro [37] stated, Kernels record the accurate position of features. As the filter kernel
convolves across the word matrix, each position causes activation of the neuron usually a
non-linear activation function called Relu to form an output feature map. A feature is
extracted when the convolutional filter convolves across the entire input layer or the
vectorized word matrix by extracting features from the n-gram words. The convolution
operation lets the machine analyze the semantic meaning of questions by combining each
word at a different level (bigram to pent-gram). Feature extraction is applied using an

activation function Relu to obtain feature vectors. These activation functions improve the
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training of the neural network by activating the most accurate values while preserving the

completeness of the information during feature extraction.

The kernel learns by first taking the learnable weights randomly and by updating their
weight value by referring to their loss value to minimize the loss. The loss value is
determined by looking at the gap between the predicted output and the actual labeled

sample data.

While convolving across the word matrix padding is added for some scenarios. Padding
could either be the "SAME" or "VALID". When the input size equals "SAME", it requires
the filter window to slip outside the input map by adding zeros on the right and left sides
of the word matrix. It helps not to lose information. "VALID" padding is when the Filter
window stays inside the input map, which means when no padding occurs. We chose our
padding to be "VALID" because it still covers the information we need without adding

extra computation.

The max-pooling (MP) in Figure 4.1 extracts the most obvious or the highly weighted
values from the extracted feature maps resulted from the convolutional layer. The pooling
layer takes the maximum value acquired while convolving the input word matrix. The
maximum value represents terms that are activated by having the most valuable

information from the rest of the extracted features.

If we see the question “eh-1s +CHI° e+L111@ APE ¢1C 07 AL 10?7, the convolutional
layer first takes an input as a vectorized word matrix and outputs the learnable feature
maps by representing the combination of words by a specific vector. Table 4.2 shows
“en-s, -FCHIP, eLI1@” represented by a vector 0.18. This vector can represent the word
“meaning” in the sparsely distributed Word2vec model which represents the trigrams by a
common similar term represented by the vector. “AP8 &TC 07t represents questions by
having a maximum feature combination of its category Number. The tokens, “&1¢” and
“a7rt especially appear more frequently in the Number category in questions like “einc
SHF AVFRLC OtarAt ATP& RTC A7 AL FL7912407” or “Number:article eunN #me- bl
tmsrk AT WP MA@ (O rHT @ A% AL 1@-?”. i.e., Cat sitting and Dog resting,
both represent animal resting regardless of the difference of the pets. Thus, the Word
Modeling learns weighted filters that represent various terms by a common vectorized

word.
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Hence, we can easily get the meaning of the questions by taking the three tokens without
further processing the rest of the words. “Which part of the body gets easily affected by
diseases? “, “What is the most colored part of the eye?” or “¢age7 erPim- 9907757 had
97 LOAA? PTT D+ PO DFATT Fhe ONTF LMPA?”, “ALC aPF1L PTLEIPLD- KOC CTET
PAD1 377 AAE 7RG AL 102 All of them express a body part by just combining the
word “ea@-rt h&d” + the interrogative word and by learning the common tokens in the

dataset for Entity: body category.

Table 4.2: Feature extraction using a Trigram filter

Trigrams Vector
ez, +CHI°, PHLIMO- 0.18
TCTI° ORI hPE: -0.25
PTRITM AP &TC -0.112
APS &TC 0T 0.14
®PC A7 AL -0.13
a7t AL 10?7 -0.19

The feature extraction helps the system to easily assign questions into their appropriate
category without taking the whole value in our feature map. This lets the AQC model
reduce the less valuable features and speed up their computation. We then merge the max-
pooling layer to form the FC layer. The merged max-pooling layer combines all the
maximum values of each n-gram filter that convolve across the word matrix using the

concatenation function.
Feature Learning

The CNN learns the extracted features obtained by convolving and pooling the maximum
feature values. Learning the extracted features is known as feature learning. The CNN
learns features by applying weights to each input and by connecting all neurons in the
system. The neurons that incorporate input features with the respective weights are
connected using the FC dense layer. The more fully connected layer, the more the CNN
layer tends to work better [62]. As a result, we used two fully connected layers (FC) in the
AQC model.

The first FC layer receives the feature vectors extracted by the pooling layer, and the

second FC layer is used for classification by looking at the classification labels that are
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labeled in the softmax layer. The FC layers have a dropout of 0.5 and 0.7 to avoid
overfitting while we train the model. We chose these drop-out values, having the
understanding that the model learns well as the dropout value gets closer to 1 or between
0.5 and 0.8. The model learns relevant features by dropping the least valuable extracted

features. Dropout is useful in regularization by taking the relevant features.

The weights in the CNN training component are initially randomly assigned since the AQC
was not priorly trained on the system. However, as the training component continues to
learn from the extracted features, it starts to save the feature patterns with the activated
neurons in the FC layer. Hence, saving these patterns is important to identify features based
without necessarily going through the question processing component i.e., feature

extraction and feature learning.
4.3 The Testing Component

The Testing component is somehow similar to the Training component except that it uses
a learned Question Classifier Model to test the Amharic Questions. This component tests
unlabeled questions that were never fed into the system before to evaluate the performance
of the AQC model. The Question Classification Model gets saved and updated every time
the Training component passes through some training. The Testing component as shown
in Figure 4.1, retrieves the saved Question Classification Model to test questions without

necessarily going through feature extraction or the learning process.

The trained model can automatically predict the vectorized input questions by identifying
their pattern using the learned Question Classification Model. However, We can only test
the stemmed or surface Amharic questions using a trained AQC model on a stemmed or
surface AQs. We use the trained model with the corresponding Amharic questions that the

model was priorly trained on.

However, since we do not use a Softmax layer to store a numeric value for the class
categories, we assign a numeric value for each taxonomy in the testing component. The
learned model compares the predicted class with the learned features and displays the

evaluation as shown in Figure 4.3.
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['A?eF" "+EAR eri’ CRASCT' emFH IR im?']
Predicted: ENTY Confidence : 98.45%

Predicted Entity Sub Categ: sport Confidence : 90.824%
['Ag' ‘oM@’ 'zmy Ceraac' AZCHR P e 1o ]
Predicted: ENTY Confidence : 98.308%

Predicted Entity Sub Categ: sport Confidence : 75.314%

['aeeémmc’ 'wdge 'ag’ 'erioa’ 'hotha' '3 'e0aa?’ ]
Predicted: ENTY Confidence : 97.526%

Predicted Entity Sub Categ: body Confidence : 51.467%
['wrcan' '3 'agyr’ ‘gck’ AT

Predicted: ENTY Confidence : 99.475%

Predicted Entity Sub Categ: product Confidence : 51.104%

['aa' "Fa' 'ered’ i)

Predicted: ENTY Confidence : 98.505%

Predicted Entity Sub Categ: letter Confidence : 81.298%
['evheF 'graTC' CFAT IR iR ']

Predicted: ENTY Confidence : 64.61%

Predicted Entity Sub Categ: letter Confidence : 74.978%

Figure 4.2: Test component in AQC model

4.3.1 Preprocessing

The preprocessing component receives the Amharic Questions as input. The questions here
are also in three forms sharing a similar process i.e., Normalization, Special character
removal, and Tokenization as the training preprocessing component. Each of the

preprocessing components are discussed in Section 4.2.1.
4.3.2 Vectorization

After preprocessing the Amharic questions, we vectorize each question using the
knowledge base i.e., the Word2vec Model. Even though we have applied one-hot encoding
in the Word Modeling, it might not be applicable in getting the semantical relation of
words from the given questions. The trained Word2vec Model solves this issue by training
on a large amount of data to identify the semantically related words using the Word
Modeling.

The Word2vec Model stores the learned vectorized questions in a 300-dimensional word
vector. Its purpose is to mainly store the modeled words with their semantically related
vectorized words. The Vectorization in the Testing component of the AQC system
architecture converts the preprocessed raw data into a vectorized form by using the learned
Word2vec knowledge base Model. We get the word matrix from the stored vectorized
trained data using a lookup table functionality. For instance, The question “n¢+ eoMy?” is

mapped to the vectorized words using the lookup table that search for the words “h¢-+” and
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“av)y?”’ with close sparse distribution as “h¢+" =(0.2, -0.4, 0.7, ...) and “¢+" = (0.0, 0.6, -
0.1,..). Each word is mapped to a vector with multi-dimensional related vectorized words.
This makes the Testing process easier by getting the tokenized input words alongside the
related vectors.

On the other hand, words with a different meaning are represented with a vectorization far
from the target word. The Word2vec Model is trained on words having similar words
across the 300 dimensions. Even though there are 50, 100, 200, and 300-dimensional word
embeddings, we use a 300-dimensional word vector to get a more accurate representation
of the words. The represented words in the Word2vec model are loaded into our AQC
model to represent the input questions with a 300-dimensional word2vec word matrix

using the codecs tool.

Researchers [6, 10] used to rely on preprocessing (stem or lemmatize) data to train their
system using the preprocessed base words. The intention is to make machines understand
different words that vary due to affixes, quantifiers or tenses by extracting the base
equivalent term. Word vectorization has brought a better solution in representing these
similar words using a sparse distribution or representing similar words closer to each other
instead of depending on the base words only. As a result, we do not necessarily preprocess
(stem or lemmatize) our Amharic questions since the word vectorizer already lets the AQC

model understand all the semantically related words.

We intend to see the performance of the Word2vec Model that was priorly trained on the
surface Amharic Question Corpus by considering words that stay similar even when they
are preprocessed. This is to see how applicable the Word2vec Model is for the stemmed
and lemmatized words as well. If we see the interrogative words “g°7”, “9°2&7", “09°7",
“PIUY, “IOILGFD | “NICY, “PCFDY, “QTPE’, “QYTT®, “ONPTEE”, PTGy THCHE”,
“OLHZHC?, “avB”, “Qa7rt”, “ark’, “aartso”, and “harigo, they are stemmed and
lemmatized as “977’, “9°7’, “et”, and “a7t”. This indicates that the Word2vec Model
understands these words after lemmatization and stemming. The surface word “av/q+F
THCHE A2 A28 T 10?7 is stemmed or lemmatized as “eo/(u HCHC & A8 T 10?7 Or
“ao[(,F HCHC ZVUG W28 10?7, Even though we get some difference in the form of the
words like “HCHC”, “HCHC”, “a&” and “LA&” respectively, they continue to make use of the
Word2vec Model in representing the words.
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4.3.3 Question Classification

The Question Classification is like the intersection between the Question Classification
Model and the Vectorized Amharic Questions that we get from the Testing component.
The Question Classification Model stores the learned features using the labeled Amharic
Question Corpus. The model is a set of saved trained models after training on coarse and
fine grain categories. We load the saved knowledge base models using the Question

Classification to evaluate the Question Classification Model.

The Amharic Questions are classified at a hierarchical level. The taxonomies were
redefined by adopting the multilabel categories designed by [21] and also analyzing
various taxonomies studied by [20]. The hierarchical taxonomy consists of coarse grain

and fine grain taxonomies.

The Question Classes in a coarse grain category include generic classes like Abbreviation,
Description, Entity, Human, Location, and Number. The fine-grain taxonomies under the
coarse grain subcategory contain the classes listed in Figure 4.2. The AQC model is a
multi-class, single-label prediction using a categorical_crossentropy as the loss function
and softmax as the final activation function. The hierarchical level classification makes

the retrieval system to be more specific and accurate.
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Figure 4.3: AQC hierarchical taxonomies

The softmax layer classifies questions by converting the vectors (weighted sum) extracted
by the previous layers (convolutional layer and fully connected layer) into a probability

vector that adds up to produce a number close to one.
Summary

The Design of the AQC model was discussed by explaining the materials as well as
methods used for the prototype. The AQC model has three components the preprocessing,
question processing, and classification. The preprocessing component takes raw data to
preprocess them using Normalization, Special character removal, and Tokenization. The
Ambharic questions should always go through the preprocessing component to structure the

questions and prepare them for the next process.

The AQ dataset was organized in three forms: Surface, Stemmed, and Lemmatized. To
preserve the form of the three-question datasets, we have not included the lemmatization
and stemming processes within the preprocessing component. The main intention here is
that, to study each dataset using the AQC model as well as the trained word2vec model

and also see their performance. Even though the word2vec model was trained using the
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surface words, we have noticed that the stemmed and lemmatized words share common
interrogative words as shown in Table 5.2. Hence, we intend to see the possibilities of
training and testing the trained (stemmed and lemmatized) datasets using the word2vec
model that was priorly trained using the surface words.

The AQs were labeled hierarchically. We redefined these hierarchical question taxonomy
as shown in Figure 4.6, after studying the most used Question taxonomy [21] and the
answer types of our Amharic question dataset. We can use the AQC model for retrieving
an open domain or generic data by incorporating AQC as part of any Amharic question

analyzer within the question category scope.

The AQC model trains in a supervised way by using a tagged dataset. This model was
developed using a CNN DL approach. The CNN different layers for various tasks. It uses
a convolutional layer, max pool layer, and the classification or softmax layer for extracting
features and training the system. Researchers [12] use the Flattening layer after the max-
pooling layer to convert the pooled layers into a single 1D layer. What makes the AQC
model different from the rest is, it trains the system without the Flattening layer by using
the Global max-pool layer. This pooling layer extracts one feature that has the maximum

value from the whole extracted features of each n-gram model.
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Chapter 5: Implementation and Evaluation

This Chapter presents the development processes of the AQC model with the tools and
techniques used for the implementation of the prototype. We also have included the

experimental results gained from validating and testing the model.
5.1 Dataset Preparation

Machine Learning approaches train themselves from their inputs and performs other
related tasks without the need to learn everything. They improve their performance by
learning from their sample input data. Thus, data has a huge role in the machine learning
process. Stanford Question Answering Dataset (SQUAD) and Google Al have prepared
well-structured question datasets open to their users. We on the other hand could not find

a well-organized Amharic question dataset for this work.

Regardless of this issue, we have collected 8000 generic Amharic questions from
Websites, Amharic books, Ethiopian National Exams, Magazines, and communication
media like Tameson, Bahrdar FM Question and Answer radio program are also some of
the important sources for our work. Even though we tried to use the Spiderling corpus
tool to obtain questions from websites to build a question corpora, the installation

packages and dependencies were a challenge that took time and effort.

Among the data we collected, 5000 question samples were used for training by labeling
them into their respective taxonomies. Each taxonomy has its question set such as
Abbreviation 100, Description1000, Entity1600, Human 1000, Location 600, and Number
1100. Even though we have mainly used six of the multilabel taxonomies for this work,
we have also tried to study Verasity questions using a 300 question dataset. From the 5000
training samples, 20% of them were used for validating the model. While 3000 sample
data was used for testing the model during training and the other half for testing the already

trained model.

Even though stemming and lemmatization are mostly included in the preprocessing
component, we have independently preprocessed them by using a semi-automated system
developed by Tilahun Yeshambel [17].

The semi-automated preprocessor stems and lemmatizes words that were previously fed
into the system. Abbreviations, interrogative words, and stop words were some of the

words that were not included in the semi-automated system. As a result, we had to
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manually stem and lemmatize words that could not be altered by the system. Some of these
words are “@o/(+ AT, _AVZC W, +7H7 A, 77k, and A_HZHC.

We use stemming, to remove the affix and prefixes of the Amharic questions by analyzing
the derivationally related words that have similar meanings. As Melese Tamiru [61] stated,
stemming removes affixes that have changed their form by applying the tense, quantifier,
gender, and case of a word. Moreover, in the case of removing suffixes with vowels, the
last character of the word after the removal of the suffix is changed to “sades” (the sixth
order of a character). Stemming usually changes the forms of Amharic verbs. A word will
be stemmed only if it is not a Noun (a person or an entity name) [6]. For example, in the
question, “A% AL 917 SF@?”, ““FhA 2&P ao-CP 917 'R @?” and “A..éo.£.6.” -+ HCHC h (L
2-U-& A7 10-? Nouns like “A% A.L4”, ““FhA 2&¢”, and “A..4..£.4.” stays the same.

A root or lemmatized form is usually a sequence of three consonants known as radicals.
The lemmatization extracts the base words by doing a morphological analysis. The
question “CAA® APe LT7HA LCET NAVRCT (LAG A28 T 10?7 IS lemmatized as “AA9° A&
TN &CE-T AVXC V& W& T 107" extracting a root word gives the base words relative to
the stemmed ones. If we see “aMc” is the root or lemma of “anc, aNC, aNC, AANC, +AaNc,
and A0NC” while “a0c, a-0c, aac/ans, ane/a-e-, and aeanc” is what we get when we stem

the word “an¢” due to affixes.

The surface words as “A2 A9° A& P9°7 AUXCT PA 1077 | “PANTA O19.6- 09°7 ALTT HE
007 £HA?” are easily undersood by the AQC model. Since our word2vec model
represents them along with their semantically related words. As a result, we are not

expected to stem or lemmatize them.

To use these datasets for classification, we need to label them according to their answer
type. Hence, we redefined these taxonomies based on the most used hierarchical taxonomy
[21] because of the large training set the taxonomies were prepared on and which is seen
as most suited for domain-independent QA [19]. Our taxonomy was redefined by adding
Veracity(Yes/No & True/False) and Desc (List & Reason) and Number (Age & Atrticle)
classes. Based on this, the taxonomies prepared for AQC include 6 Coarse_grain and 43
Fine_grain classes. Abbreviation 2, Entity 18, Description 6, Human 4, Location 4,
Numeric 9 as listed in Annex B. That is, the training folder contains 6 different text files
for each broader class containing the question samples. For example, abbr.txt has questions
about abbreviations, desc.txt has questions about descriptions. We acquired the subclasses
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of our taxonomy by observing the characteristics of the Amharic question types with their

answer type.

Labeling or Tagging: The taxonomies we prepared were used to tag or label our
training samples. There are some techniques for "Automatic labeling™. One of them is the
"active learning" approach. The premise is that once we hand-label a few hundred points,
a model powered by embeddings will be pretty accurate when it thinks it is accurate and

can be trusted to label new points by itself.

Thus, we have labeled some sample data manually and applied active learning to

automatically label the rest of our dataset.
E.g. Location: city ?A%.0 400 PG h-to7 977 1@-? (Labeling)

However, it is recommended to manually label some of the automatically labeled samples
if the questions are ambiguous. The challenge we faced when we try to automatically label
the questions was dealing with some interrogative words that are used in different question
categories. Finding the word “g°7” in Abbreviation Description and Entity categories can
be a good example of why we might face issues during active learning for automatic

labeling. As a result, we manually labeled the questions to be more accurate.
5.2 Tools and Experiment setup

We used the Python programming language for implementing the AQC prototype. Python
accompanies many libraries for developing complex scientific, numeric applications and
is designed with features to facilitate data analysis and visualization. We also used Keras
to build and train our model utilizing Tensorflow as a backend. Numpy library helped us
to compute the numerical operations of the neural network. The Unicodes in the trained

word2vec model were encoded and decoded using the Codecs tool.

There are two ways to build models using Keras. One is sequential the other is functional.
Sequential is not flexible which means it can not create a model that: shares layers, have
multiple inputs have multiple outputs while the functional API is the opposite [37]. So we

implemented our model using the functional API to maintain its flexibility.

Machine learning requires a developmental platform with good computational power.
GPUs, CPUs, RAM as well as storage capacity. Fortunately, Googlecolab
(colab.research.google.com/) provides these resources for free with an estimated usage

time of GPU, i.e., allocation per user is restricted to a maximum of 12 hours at a time. The
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GPUs available in Colab often include Nvidia K80s, T4s, P4s, and P100s. However, to
choose the type of GPU, we are required to use the pro version. Using more resources like
datasets in Colab, are more likely to run into usage limits and have their access to GPUs

and TPUs temporarily restricted.

Our training has a minimum of 7- 14 epochs depending on the question category we train.
For example, the “ENTITY”, “DESCRIPTION” classes go 13 iterations and we limit
additional iterations to avoid overfitting. An iteration takes an average of 20 minutes. We

save the models every time we train them.
5.3 Evaluation Metrics

We used a confusion matrix for measuring the AQC model. It is constructed by comparing

the predicted class with the actual class [63].

Accuracy: The proportion of predictions that were correct. It is generally converted to a
percentage where 100% is a perfect classifier. For a balanced dataset, an accuracy of where
is the number of classes is a random classifier. An accuracy of 0% is a perfectly wrong

classifier.

Hamming Loss: If we score 0, this indicates that we have a perfect classifier. A score is a

random classifier for a balanced dataset, and 1.0 is a perfectly incorrect classifier.

Precision: This is the proportion of a class that was predicted to be in a given class and are
actually in that class. A value of 1 means that the classifier was able to perfectly predict,

for that class. A value of 0 means that the classifier was never correct, for that class.

Recall: This is the proportion of the True class predictions that were correctly predicted
over the number of True predictions (correct or incorrect). A recall of 1 is a perfect recall,
0 is a “bad” recall. Figure 5.1 shows an example of how we used the Confusion matrix in
our AQC model.

[[5 2 1 @ 0 @ o]
[@651 5 @ @ 1 @]
[@ 440 @ @ 0 0]
[0 1 113 @ 0 0]
[@ 0 0 @ 7 1 @]
[@ 2 0 @ @31 @]
[0 2 1 0 @ o 0]]

Figure 5.1: Confusion matrix- taken from the loss and accuracy of AQC model
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Each row of the matrix represents the true label and each column of the matrix represents
the prediction of the. The diagonal elements in the confusion matrix represent the number
of accurate classifications for each class, while off-diagonal elements represent
misclassifications classifier as we have presented it in Figure 5.3. The equations for

accuracy and loss are shown below.

N N

A 1 Yi N Zi| o] |YiAZi|
ccuracy = N |Yl 0 le ammingLoss = N |L|

Where A stands for the symmetric difference of two sets.

Y- true label, Z- Predicted class, and L the full set of labels used in the dataset.
5.4 Training and Experiment Results

We trained the AQC model using 5000 labeled Amharic questions. Twenty percent of the
training set was used to validate our model. We tested the model with 3000 test sets.1500
test sets were applied to evaluate the AQC model during training. While the rest 1500 test
sets evaluate the trained AQC model.

When evaluating the trained AQC model, it should output the coarse and fine grain
categories along with a confidence value. This shows the total number of questions,
number of correct predictions for primary categories, number of correct predictions of
secondary categories, and a confusion matrix for the primary categories.

The training process uses Adam optimizer to manage the weights when learning by
referring to the loss function. The gap between the predicted and actual training data is the
value assigned for the loss function. We use categorical_crossentropy to get the difference
between the labeled and predicted value. This function is usually applied for multiclass

classification models.
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Figure 5.2: Accuracy and loss of AQC

Figure 5.5 shows the accuracy and loss score of the AQC on training as well as validation
experiment. The evaluation of the coarse grain classification showed a promising result by
scoring 90% accuracy on the validation and remarking a training loss of 13% with good
training accuracy of 97%. The validation set is acquired by splitting 20% of the training to
improve its accuracy by looking at the validation and test results of the AQC model during

training.
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Figure 5.4:Training and Validation Result of
Number Fine-grain Category

Figure 5.3: Training and Validation Result
of Entity Fine-grain Category

Figure 5.3 and 5.4 shows the performance of the AQC model while training and validating
some of the fine-grain classes Entity and Number. Even though the AQC model has trained
well both for Entity and Number fine grains, the validation for Entity fine-grain class

showed the need for performance improvements by scoring 65% validation accuracy.

In this experiment, we also have tried to categorize Veracity type of questions, i.e., Yes/No
and True/False question types. However, they happen to have a great loss of value as a
result of their nature of similarity between each other (Yes/No or True/False).
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Yes/No question types usually use question indicators like A2LA? 1@0? AA? 249°?. While
True or False doesn’t usually use question marks but the nature of them is like a statement
type. For example: Al A1C ATCOI07T N0 VRIS LTLAT &-(+7 PFA AAMS AA?

The above example can be seen in two ways. One is like a statement type that needs a true-
false answer while avoiding the question mark and on the other hand considering the whole
sentence we can come up with a Yes/No answer. So we can see that this is the reason why

most taxonomies do not include these types of classes [20].

In this research, we tried to study some scenarios by changing the kernel and our

Architecture.

Scenario 1: We changed the n-gram filters into bi-gram and tri-gram filters by removing
the other two n-grams kernels. In the second training phase, we tried to remove the bi-
gram and tri-gram filters by substituting them with the quad- as well as pent-grams.
Training the system using both conditions displayed similar results as shown in Table 5.1.

Table 5.1: Scenario one experiment by changing filter size

Kernel filters Training scores
Bi-gram and Trigram filters Training_acc 0.92 Val_acc 0.86
Quad-gram and Pent-grams Training_acc 0.91 Val_acc 0.86

Scenario 2: The AQC model uses four max-pooling layers of different sizes to take the
maximum outputs of the activation function. In this experiment, we modified our
architecture by merging the convolutional layers into the fully connected layer removing

the max pool layer as shown in Figure 5.5
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Figure 5.5: The AQC Training component without the max-pooling layer

Modifying the architecture without the max pool layer has increased the number of the
training epochs and reduced the performance of the AQC model. It also requires the
convolutional output (Feature maps) to be of the same size. By taking one convolutional
layer, i.e., a bigram we achieved training and validation of 0.86 and 0.79 accuracies with

12 epochs.

Scenario 3: Simulation without the FCN.
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Figure 5.6: The AQC Training component without the FCL

The CNN without the Fully Connected Layers (FCLs) performed almost the same as the
AQC model design which consists of two FCLs. This model performed a training accuracy
of 97% with the validation accuracy of 88% with a five epoch cycle. This shows that the

model is not affected even if we are not utilizing the dropout regularization function.

In general, the AQC CNN model performance has a competitive result with or without the

FCLs. While the second scenario suggests a max-pooling layer for our CNN model.
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5.5 Effects of Preprocessing on AQC model

To see the performance of DL for Amharic, we studied the Amharic language by studying
the morphological structure, the phonemes, how it is combined with Amharic vowels
(A900,, i.e., A & & A & h &), consonants, and affixes, what the preprocessing rules look like
in verbs, nouns, adjectives, adverbs, to prepare both a lemmatized and stemmed data.

Normalization, Data cleaning, and tokenization are the basic components in the NLP
preprocessing task. However, stop word removal, stemming, and root-level word

extraction is dependent on the type of work the researcher is involved in.

AQC is mainly trained on stop words like 9°7 (What), azt(how many), ¢+ (where), 77
(who), a2 (When). We also use title names @gHe (Mrs), @g1é1(Ms), and A-+(Mr) to make
it identify the taxonomy “HUM: title”. So we can’t use stop word removal not to lose the

contents for training.

We stemmed and lemmatized the dataset to train the model with three different Amharic
datasets: AQs (Surface form), Lemmatized AQs, and Stemmed AQs. Even though three
of them have a difference in their form, the Stemmed ones are closer to the Surface AQs.
As a result, they showed a relatively better result than the Lemmatized AQs.

Table 5.2 shows the three Amharic question datasets having similar interrogative words
when even preprocessed. As a result, we tried to study if they can offer a promising result
regardless of the difference we see. The model showed an outstanding performance for the
AQs that are in a surface form. While the stemmed AQs AQs couldn’t progress more than
40% accuracy.

Table 5.2: Lemmatized and stemmed AQs

Interrogative words Lemmatized Words Stemmed Words
(Ve H AL TN IPTTF D % 7%
o787 F NAT°7
AT T T (A 1T -7 M7
01977 977
+Crav I HCRIRM-E +CATYE ’h-C-9]-9° +CTIP
+CTI:
HCH4F ALHZHCE aPHCHC HCHC HCHC
SN L NN AR S T -ty Tt
P EIACTT O NPT O G ot e
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Summary

In this Chapter, we have discussed how the AQ dataset was prepared and evaluated using
the datasets. The dataset includes Amharic questions in Surface, Stemmed, and
Lemmatized forms. We have experimented with these datasets and scored 90% accuracy
for Amharic questions that are in surface form. The stemmed datasets couldn’t progress
with more than 40% accuracy. Here, we tried to see the performance of the preprocessed
questions using a trained word2vec model on surface words, because these surface words
were trained on 25,000 Amharic surface words which might include some of the common
Ambharic words even when preprocessed. If we see the Amharic interrogative words in
Table 5.2, it shows how the preprocessed interrogative words are similar even when they
are in a stemmed and lemmatized form. Thus we aimed at leveraging from having these
common words in addition to the word2vec model, to put them in a vectorized form and

train them.

This study takes three scenarios for training the AQC model. First, by using bi and trigram
filters and by only having the quad and pent gram filters separately. Even though it has
performed well by scoring 86% validation accuracy for both, the speed was comparatively
slower than the model that extracts features using the four kernel filters at a time. Which
also required more epochs. The second scenario showed that it is very important to have
max-pooling layers to minimize the computational cost and increase the accuracy of
feature extraction. The last scenario showed the performance of the feature extraction and

training without having a fully connected layer.

We tried to compare our work with QC studied for Persian, Chinese, and Arabic languages
using DL. QC for Persia [7] was developed using LTSM and had an accuracy of 81.77%.
The performance of Chinese QC [12] was studied using the Attention-based CNN model
which scored 79% accuracy. The author [64] stated that CNN responses in text
classification have been rarely explored, as many approaches aim at explaining CNN
classifications based on the visualization of image areas. Hence, we studied CNN using

three scenarios by comparing their results as presented in section 5.3.
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Chapter 6: Conclusion and Future Work

Question Classification analyses questions by comprehending their semantic and syntactic
structure to categorize them into predefined taxonomies. QC is useful to retrieve precise
answers to the system. They are applied in the Dialog system, Information Retrieval,

Chatbots, Interactive game quizzes, and related fields that involve processing questions.

The main objective of this thesis work is, to design a generic QC for Amharic by using a
multiclass question taxonomy. We also aimed to provide QC taxonomy following the QC
standards used by researchers in addition to extracting the categories from the dataset we
collected. We prepared the question datasets in three different forms. The Amharic Surface
questions, Lemmatized and Stemmed forms, to explore the performance of AQC using a
trained word2vec model for AQs. We were triggered to study this since most Amharic

interrogative words are similar even when preprocessed.

To see the result of the AQC model to classify the generic Amharic questions into
hierarchical (multiclass) categories. The model was learned from the 6 coarse grain
(Abbreviation, Description, Human, Entity, Location, and Number) and 43 fine-grain
question samples Abbreviation (Abbreviation and Expansion), Description (Description,
Definition, Reason, List, Manner, Biography), Entity (Animal, Body, Color, Health, Event,
Food, Instrument, Language, Letter, Movie, Plant, Product, Religion, Sport, Substance,
Symbol, Technique, Term, Other), Location (City, Country, Place, Other) and Number
(Age, Count, Date, Distance, Money, Percent, Time, Weight, Article). The AQC model
was trained on 5000 labeled Amharic questions and validated with 3000 additional test
samples. The performance of the AQC model acquired 90% and 97% percent validation
and training accuracy. Having this result for Surface AQs, we tried to study the
performance of Lemmatized and Stemmed AQs but the model tried to process only the

stemmed ones with 40% accuracy.
6.1 Contribution

The main contributions of this thesis work include:

v" We have adopted the tools and techniques used to classify questions for various

languages to Amharic.
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v' We referred to question taxonomies designed by researchers and redefined a
hierarchical taxonomy for Amharic questions and also prepared a labeled AQ
dataset.

v The study showed the key components of the Amharic question classification and
identified the language-dependent components.

v" The AQC model can be a framework for factoid or non-factoid applications that
involve question analysis as well as classification since we have developed a
generic QC model from open domain datasets.

v The study showed the tools and techniques used for developing the AQC model by
including the algorithms.

v' We showed our experiment by using different combinations of n-gram filter
kernels and changing the AQC architecture by removing the dense layer as well as
the max-pooling layer.

v' This study contributed by using CNN for NLP question classification by
advocating the idea that CNN can also be used for natural language processing in
addition to computer vision tasks.

6.2 Future work

Deep learning performs well when it has more data. We will consider adding more
Ambharic question datasets by exploring a better way of collecting datasets. We also aim

to enhance the method we used to label our questions automatically.

This study presented the performance of our model using Stemmed and Lemmatized AQs.
We in the future will train word embeddings using the preprocessed Amharic questions to

compare them with our current result.

We developed the AQC model by grasping the syntactic and semantic structure of
Ambharic questions. We also have shown a glimpse of the AQC prototype by explaining
the development phases, tools, and methodologies used for this purpose. Keras supported
us in developing the AQC model with its APIs and libraries. Utilizing CNN, it is shown

that this development tool can also be used for NLP tasks.
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Annexes

Annex A: Coarse grain and Fine grain Amharic Question

Dataset

Root/Lemmatized questions

ABBR:abb v/av -+ H-C-H-C A Q. &-V-F A7&T 107

ABBR:abb e/ AT + H-C-H-C A O, &-VU-§ K787 107

ABBR:exp “h..do.2.8.” T H-C-H-C h (. &-U-§ W78 10?

ABBR:exp a/&/&/0F + H-C-H-C A A, &-V-§ K78 T 102

DESC:biodesc 719° @-&:'1v 9917 ‘A @-?

DESC:biodesc 79Ct7 &-HC 071 977 A @-?

DESC:def ve® 9°7 &7 10+

DESC:manner 724 @29 AICE AT & &-T-C hd\?

ENTY:body 87C-# 0M9° | §-7-7 &t 271, & A-&-1 R @ (1 ¢ § @ ¢ (@ v hed h AL 107
ENTY:dismed A +-C-& A787T 9°7 AT a&Y1 1 & (-7 AA?

ENTY:event 1 AA%° 517 AR A A-P-C LK © + h U-& R @ mC rF o 107

ENTY: event 0 AA9® Ah h-§ A, €+ 0 A-& A A @A A[hD<0F] 140 OF § O« 102

ENTY:food A At @29° h a1 (1 44 A ap JP-9)-A) 099, 9°-h-C A I°-1-01 KT 97 & 7 7 WFD-?
ENTY:food A A¢-T 21, 9°-0-C A P-A-0 © AA & 9°-91-() AT OTFE 7 KT O?

ENTY: food Ak ¢ £-9° A1 291, 9°-h-C k& -0 KT 9°% & 7 T KT O?

ENTY:food Ak ¢ &-9° A& 1 297 & 9°-h-C AT O-1-0 b 9°7 & 7 7 WFO-?

ENTY:lang 0 4727 442 § 0 00l 92060 AAL © 71 7-91-C & £7% PF OT00 © V-7 R @ Pk
107

ENTY:lang 0 a.gha &F ¢ o9, 7-91-C 7% 9°7 & 7 107

Stemmed Amharic questions

ABBR:abb v/av -+ HCHC & 0. & A28 T 107

ABBR:abb @/, & -+ HCHC k (L 4G A7 107

HUM:gr aon.§ 7 97 9°2+ O k1977 +8avC 'R?

HUM:gr +a® v7a 7 7 o OC At O A1977 +EavC R?

ENTY:word ¢ @7 &A A & 9°7 & 7 10?

ENTY:word &A PO & 9°7 & 7 107

NUM:count 1 2012 ¢ A&¢h P78 0 AmPAL A7 20 AT +EMC &2
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ENTY:event 0 4G 0%C A 0 N A%.0 €+ OAL A h97 vt 14H R (534 © 9, nkd R @« ~C%t
9o & 7 107

ENTY:event 0 ¥t Az @ Fh 0T F4&0IC AS 0 NCTLLP avahd 9°7 4Lt © QU mC T
+04L7?

ENTY:event 0 20 @0t TAP & hivk 7 & 10?

ENTY:event 0 725 @07 TAP A ¢ @Y TCENT 9°7 ALY hivtT 7 Ah 1618 R?
ENTY:event 1 AA%° &F7 AL A ARC L © -+ 0 28 A @ MC v 7 + A A & 0P RA?
ENTY:food 4.§ AT 0 1 At 09, £ HOP: At 291 927 & 7 102

ENTY:food h 11 ARP+ AG Pavaidavg® hf e-NAP © @1, HIB A O« ¢ 0 ALY 9°7 & 7 107
ENTY:food h a0t Adh Hn'™ @C At & A& A URT 977 AL P10 & FA AA?

ENTY:food &N At 9°7 & a1l A?

ENTY:instru 0+ @mc & hC AT ¢ 9% AC A ¢ AFCKE © a0 P a0 AC k., £ Ok 107

ENTY:lang ¢ A® H? ¢ A& a° &F A £7% 9°7 & 77 107

ENTY:lang ch9® A2 ¢ ¢+ F@- ¢ 7% (HAN 7a0 hed 102

ENTY:lang 0 a9%7 47840 0 A A, @~ ¢ 7%, mPP° A O KFO- héet 1R PTF 07 &7 KFO?
ENTY:lang 0 Av-7 & @FF O A 00 AT @ AFORE @ £ 7 0 9 11C et R1% P 927 AG 9°7 7
hF@-?

ENTY:lang 0 A%sh O H At © 99, 11C A @ £7% 9°7 & 107

ENTY:letter 26 - ¢ 9101 484 10 &% AT ¢ 71 0 AA AF[? 70 QA Aet] A1 977 GF@-?
ENTY:letter v-PA ARG ¢ ATICE A G0N A, &9°% AT © 90, 1 AA A-H[? 71 OA At] PH5E 7 AFO?
ENTY:letter A2 & ¢ A%CE A G0N A, &P AT ¢ 9, (1 A AH[0 91 QA ht] OHEE 7 WFO-?
ENTY:letter A & ¢ AZICE A SO0 A, &9°& AT ¢ 90 0 Ad AF[P 91 QA Aet] OHFE 7 KFO?
ENTY:letter 0 A3-C PCA &AIP A av BavC A, @ LH, © -+ 11C R @« PO °7 & 7 10?

ENTY:letter 0 72715 A A, £ © aPT A ¢ 1gh PO AF T 7 ATFO?

ENTY:letter 1 a0+ £ 2AG A4S @ AL i, O A+ 77 °7 42A & ATT Ad?

ENTY:letter 1 AAQLC SA. 4CI° A DOT TAP A LA I°7 & 107

ENTY:letter 0 57 O $UPH A @« ¢ @7 aoFm& £ AL T°7 .84 LFPA?

ENTY:letter 0 3274-21C AL ATPOAST (Al AT (| AT &LA VA & had AT & had AT @« 4840
a7 2

ENTY:letter 0 A99C5 £7% ooy AE A GO0 A, &% T © 71 (1 Ad AT[P 7L OA AT] OHFE 7
hTF@-?

ENTY:letter 0 279010 & @0 v-0F § @ A SO0 A, ¢ P7 A O &2A Ok 107
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ENTY:letter 0 hg°Lo-+C NOCE AT AL ATPOAE N b1 AT (1, &.8A TPUA & AP BT & AAP AT
@ 28N 717 1F?

ENTY:movie 2@ Eho?? ha®F R § 7 A O hCake? O © + st A @10 QVé 0 o+ §F o-
& OO 1NC?

ENTY:movie A.2 0L h AC A F0 Fo- A AT avnd 37 PO A?

ENTY:plant 0ng° 0 A& A, @ ¢ 97, ool R @ +héy 9°7 £ 107

ENTY:plant 478 A7 ¢ A@-0vté-AL -+ DAL 6Pt I°187 WFD-?

ENTY:plant b 27 2C ¢ +Hav& RS L0¢ PTF 091 we A (O0F © 4+ ARTE 977 (1 a0l A £
FoOP RA?

ENTY:plant ¢ A0S0 0746 © °7 4L 1F HE TPAAT &H b AA?

ENTY:plant ¢ ¢é-ah 11 &F 297, F@0P (F HG I°7 & 7 107

ENTY:plant ¢ ®27 m@ h 9°7 ALrt thé\ 1@~ 299, AC hD-?

ENTY:plant 0 2m7 A TAP HC ¢ Ad R @ +ha ¢F & @ 107

ENTY:product A &+ C &F h hoLhdy 1% & © 7 A W& ok 10-?

ENTY:product A1 &F 7 & a0 +hit € @9, 1094 ke TT07 KT OHEE 7 WFO?

ENTY:product >ahA9® A VH A § @ 7 Ll 9°7 AR 9°CT KT 7 0 PP b AT?

ENTY: :product a>a-AA9° § A&PF A28 AL 1 a° P7 A ° 6l A LH, £0 TPOP Aot a0 P (1 -k
107

ENTY: :product e1h&GaL ¢ + (1 Ad A hC7&07 € 71+ ADP R @ (1 7 I°CF b 10?7
ENTY:product 725 20 +P0P AT @« 9°7 A1t ¢ AQAQ A 9° M 10-?

ENTY: :product 97 AR¥ AT AQT° 10< 0 A NH AT @ nPTO-HC AT AL © o877 RO-?
ENTY:sport AAL20 @0 O At KT AP+ APP A, € P2 R © €IC 6P O 102
ENTY:sport Aa@,20 @Ot AM9° + APP A. ¢ V7 R ¢ ¢7IC nPH A Ok 107

ENTY:sport 0 1891 €g°0 GH.H I°7 AL ¢ A7°C 6Pt A damC R?

ENTY:sport 0165 97t ¢ AeXe TCOUC A UT6h © wC A+ BPF AT A1 917 7 KTFO?
ENTY:sport 0 9°7 981t A7°CH 1@ héd B0+ APP A, 1P? AD-?

ENTY:sport 0 a7°CF 9 AAm™ & PF 9°7 hert 07 CH & HOHC & A?

ENTY:sport 0 AP aeah AL ¢ 99, 84 A7°CF AL 6P A 9°7 & 7 107

ENTY:substance v-tt & @« PAA 7L 11C I°7 & 7 10?

ENTY::substance v-t & @ 0Ng® m7nC A @ 7L 11C I°7 & 107

ENTY:substance A Ax9°729° G A & OC A © 71 mPI° R @ 7TL 11C 9°7 & 7 107
ENTY:substance A & 700¢® A. 11C AT ¢ 71, @4\ & hoLhd\ b 90787 KF@-?
ENTY:substance A &AANHCALAN ¢ 71, & Al 40 & M0 &t KT 9°7 & 77 WFD?
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ENTY:substance A m§ 97 AT7t AT TCO ¢ 71 o°hC A @ 7L 11C 9°7 & 7 107
ENTY:substance A m.5 @1 AT7 AT hG TPCO KT 9°7 &1 7T 11C KT & DAL A?
ENTY:substance “9C-A h 9°7% + wC A?

ENTY:substance °¢-® 9°% 7 £htFA?

ENTY:letter 0 ¢+ & @ 4.2 10+ ¢ P28 0196~ £ BT RO?

Amharic Surface Questions

ENTY:symbol °h92 A7 AaP9& e9°1mbar@- Co%F 170 PARTF 015 0 10-?
ENTY:symbol 2645 ¢1C7 AgeALt P9, mPbavd- PPhDT Ok 10<?

ENTY:symbol a2& evpiaec Navqf\ 291, 3-0@- ANt Ok 10?7

ENTY:symbol ag° 7¢7 @29° +54 10 - OhéfT7 A“lavpnt eolmPar@- PPANT Ok 102
ENTY:symbol $A+7 0909220 AATC ARG PT1.01010D- (et 170 T2 107
ENTY:symbol 0t+hd22 eo1.a0m- 700 hét 7 AaPALTF 092 mbar@- FPART Ok 10-?
ENTY:symbol 079C AL e+ ImAMAT hé1 NLASD- AaoAR T 9 mbar@- PPNt ¢ 10-?
ENTY:symbol QAc&+ 11C aP1d AR ATY ¥ AlSt 114 +P0RTE PAAD- aPPrT 997, 0avAto-
oaht ek 10?

ENTY:symbol HaGe 2av$9°C & AL N AAD- PPANT Ok 1@-?

ENTY:symbol 01&9°% £25 NI P A&7 NTAL L5 aPPPLP WL 1T 091,040 AR oA Pk
107

ENTY:symbol 09179° 20+ avgoF A7 avenndl 099,100+ PPART Ok 10-?

ENTY:symbol ¢ @g9° A.hnc e+0A@- Anae 7t PPAh-E 77 107

ENTY:techmeth 0ched @O LAF7 GAPTF AaPRMC 7 ALY TP H&PT At?
ENTY:techmeth 09°28 @ Adt7 AdP&mC 7 ALY HE&WPT Ate?

ENTY:techmeth 0A7ICE 013-29°% 2994 MCOF @071 971877 12

ENTY:techmeth 0cs7 9114.2 Al a0718: P27 10?7

ENTY:techmeth A7AN NACTLAN a0 718 2914.MCOT HE IO 1D-?

ENTY:techmeth hé.Cov7EQT @-6n, 77 ALY TaPLR> HE&GPT hie?

ENTY:term v»-17 $a091AX S AgeAnnct oo 0 191t 9°7 LOAN?

ENTY:term a@-7 e99.mA (@ 9°7 +Nde &mé-A?

ENTY:term aahh0F 299.8mG Ag7h 9°7 L0AA?

ENTY:word £8av eATINHT PO PP11D-?

ENTY:word (oogh& $40 00T 46227 1LH, 801000+ P4\ J°7L:7 107

ENTY:word Q(A7I0HT £7% @< NM9° FPE@- 0B CavT PN IO 102

ENTY:word 0g+C AdnaeSNC £CAT AL TR PILTTD P 7187 107

69



ENTY:word At &84t PAF PATINHT PO 27187 102

ENTY:word <t 9 rneeF o« $oet 9°7 9°7 SF@-?

ENTY:word +@-Am ag° 09104+ ¢HEE PAt FO?

HUM:gr ?A4.0 A0Q ht9? Ad-H8LC 9°/0bt AOAT 01977 LavlMi?

HUM:ind hhg® 0ag? o¢ (aer? (1 9%2 APt 0-QT AP 2060 15D« A784h e bl +P5L
107

HUM:ind A% 070 1977 A +-0+D- 1102

HUM:Ind A2 11@-8,007% 21200 977 10?7

HUM:Ind A% 1M@-8.P0 2977 08 SF@-?

HUM:org (A.é.4.¢ U1 a07ivE av(idt ne s LOAMT AhA Fmdik AT 107
HUM:title 99h201E .3 0<¢-¢ NP e 077 7 LOAN?

LOC:country 235®- hgéh v+ 2o P T H0ks 01 UIC TEL?

LOC:city eh.z2-h. £4.40 7°Ch APFF@- It 2+CAA?

LOC:country AZ*H 2215 @« A1C PS hrto? 10-?

NUM:age 4191 A% A.L0 OAT7 AL LOMND- (A7F Aok 1@<?

NUM:age £CorsPm- nA 70977 OAFE havk 10+ ng+5 q10F7 Ladmio-?
NUM:age m/9%, avaq (&7 210+t (A7 hae 3 Fa- j@-?

NUM:article dA A% snd 2 FCHI° OFmPO@- APE R TC O7F AL 10?7
NUM:article aa Ahd U7t a1 0915140+ AP HE @« Wb 10-?
NUM:article aa APE +CTHI° CtmPAD- APE: 2TC O7F AL 107
NUM:article aa v732 $Ch ¢HL11@< APE: ¢TC 07 AL 107
NUM:count Aeov’ &U Gt A9°7 PUA 1LH 1028 10C?

NUM:count A7 L A2 F0Z 21507

NUM:count Aiché-® 4G 0 0avd 45 NOLPT hie?

NUM:count A.8GC& 4.0T48 9°7 PUA PANSTL, AATPRT AlT74A?
NUM:count A47 92+CO 7 LU A1C APA ANLAGTL &CEFT7 AaPCET OAT?
NUM:date 071+ Hovy 0A XS il avHav<C oo’ +34.?

NUM:date NA/ANON AgPBavs @ 11, eHndoth@+ €CoO10L NOTT 9.9° 10C?
NUM:money 4704 A@-#(0 (AUt Q& 7 PUA 1. hAD-?

NUM:money 478 &t A7k &AC 107

NUM:money 4728 §&¢- 0rt &AC 107

NUM:perc NA.59°.50 20c- 2.8+ 12008 4.9° 15 40l Gaot e+nd.A Pha h&P A7t aoG LIPGA?
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NUM:perc A7k ME 2CPF av§ favC @\ P19 e A A7 TCATT (LPAPh O-m,F7
LLLION?

NUM:perc (@20 @-QT 9°7 PUN TCATF L7LT 10 H6PT 107

NUM:perc HavSe & ACO (¢ @-OT 9°7 PUN TCATH LTI+ ALCAT DR, LOMA?
NUM:perc AHCTHS ALF NDAL: OPFG met (T1POF U ChTALA. (U@ NAGTH D ML VYR
PaDFANG APav: AP TCATE 107

NUM:perc N&CPF aof o-1 240 078 A7 P15 LIPGA?

NUM:time A0t aeadt 013650« 00579 T1etT <8847 W7 Akt AnGPPT?

NUM:time Attt eealt £4C PafT PAPAT TV “HC 0T @O @-22C N9°7 Chd A%F
AtT14.1?

NUM:time A78 aA+F a7t L4 10-?

NUM:time A78 AP 20,0 €& AevNAT NAT h A7 Adh A7 A9 T LOASA?

NUM:time A7 L2 07t AN7L 10?7

71



Annex B: Amharic Coarse and Fine Grain Interrogative Words

Table 6.1: Coarse and fine grain with their interrogative and indicative terms

72

No. Coarse grain Fine_grain Class indicative term Interrogative term
1.  Abbreviation Abbreviation AVRCT PO WURCT Pt 7 - PP
(Avaet-24) - (AWERCH $4) AP ARFE APC AT WIS
2. Expansion THCHE A& FAHLHC o7 - P77
(Hcmc) 977 LINAN? PR
3. Description  Definition TCToPE FCATRDE TCATRE oy - gOey
(FCT9®) TCHIPT (AHLA9P:
(70%) Wt 6T (L5
0280 and & FE@-
4, Description mPoLF i LCAT PPI: goy - IOILTE AIPT
(a0%) 4247 A1\ 91G%
T0CE Afléde? AE6F
ANGST 1007 NPT ANGE A1l AleSlhNdd
$2.8@F AININEE TG D3
+047 ECAD-T PP
4L8PT WILANET TLTPT AR AATB/ING:
LCAP: +90%F PPIPFD-
48 0 Wit Fos  h0A
TG FoE &CATFo: and T PR L T
+a0sFo-
5. Manner (rz)  @*net Wi 1002
°7
6. Reason (°h7¢+) °h7et: on2epFs A9 - APPLETING™
oNeAET AILIN 0T on2et
A28 RIS Io7- IOIRT T IOT IOUE
OAIP7: ATLITE P&y
102
7. Biography 997 - 1o+ 75+ and
(0
(A9<1e2) AT
8. Entity Animal o 2Me-AINIPILAAN? Ok - OG- NPT -3
(WHAF) AT
9% - NP TEPIRGF O
IOLT 102197
9. Body Pa@-1t hed: 9o oW, POV,
er-nerg o, e,
O @7 001G @, NG
10. Color (¢ae?t)  PA"?t 7, 097




11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Health(m.s) PLSTIACIPANRFLNTFE 907 - 92187 GF D+
av @77+ 17 N9 goy 0% 1<% gO7y goyE
Ng°7:\9°7,9°7%
PUN NI 187,290
OEIATG D"
Event havrtt,A2MT.: 090 Al L L'ab HA T'ay (1
D-: D-:
(ha 'I""I‘) Al (G a Al S
Food gool] : Rav(1:Po . NAD- goy - 9oy 12 NP7
(9°91) 07 A1
Ot OO NPTT D-3
Instrument 9oy - 97 9O
(arass) PG DT NP
PGy
Language 907 - POILIm-
(&7%) O -PRGD-T PIGIET Pkt
NG w1 PTG -1
Q1977
Letter O - PRINPTG @I 0HGE
PHEET Thetg m-:
(r%)
Y- PPIR YOI D
(VA e T digH
K197 1977
Movie g0y - P~
(2A9°) Pt - PEINP TS O PP
Plant o7 - PRI GTF D,
(1]
(hRPF) ST,
OO E, Ok PG m-
Product P PG, OTEE,
(°CT) oG @, NOTEE QPF
go7- 9P 7:907L7 103
Religion g°7 - O9°7%F T gOLeTE

(ATPVT 7RI

A1997% Okt 0GR

Sport o7 - O9°7 T OI@-
(b7 ct) Okf OTE PG -
Substance ot - herT -, OFPE,
(TTLIC) PG @, NPHGE *

go% - 77 IR GTFD-:
go1L7 102 NI°7E

Symbol (°aht)

aht
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24. Technique i€ o7 - APEPLTGICE
g H G R0 g
(HS)
25. Term (a) Fh ™7
26. Other
27. Human Title (97127 TR TIRCATTINCITOF IO - PP IO WE
(6o e YA VL VA H PoTATE POTTF D
N&INPNETI QNG INPPDT IO 1027 (19°7F
a3 av<PP -3 (1av< PP
(o> QF @00 HCF? (LNGE
o T HI° G YA/ F [ TU-
28. Group (+£7) ANATIFL P ITTF DR
(FeTTRN-LTT AR
PREIREIITT - A1
1T NI AT Y
n197%,919977%¢
29. Organization tEIri AN TR e t-ne T @< PP TE @3
(-+9v) NP HEET eI 0HT Do
PO T AT @F N9OFE
ATTTEATT IO
30. Individual 9y 907, AT, D,
a7y, 0977, NS -
00N : , :
( ) Y@, NGk, TP,
0977, h97% P o %:
PG @995 7 077
31. Location City (nta9) ety P00+ 0L et Pk
Con 8 AQNeH: OLPIRRTT -3
0 TR NeTT D215 @+
POFE PG @-F P
-G
32. Country (71C)  71CT7TiRICTAICT AT H 00T 08T
(GG H A
O POHG @ NP TTES
(A ¢ g KA
g i SV G L
N977:0977%
33. Place (02 AFhNALE PT PTIOFPTE JOILT 10+
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' (U GH T 3 S ([ a1
POt T PTG PINP 00T |
AOhet+

9oy
net L e+ netiOteE,




7°7 Tde 2mé-d, 03 7
20AN LA OT° IO9L7T

34. Numeric

Age (AL9)

Gavti hav-f:i ()av:::

a7zt -harkiartianrt:

0av - N7+ o-
35. Count (&TC) (UL LA B o a7k Ok, DR
RPLTDRTC TS (eNTHTE
a7k, hark, 00,
ANTHROD APHIONTE
N5 o
I°7 - 9°7 PUA, A9°7 fhi
h9°7 PUAINIT SUA
36. Date (¢7) +7:9.9°. 7 nGA Havy av’f, av’f, (oo, hAnavF:
AOhavE, AGvF, Aav’E:
PaviF hlin a0 N7
MA7HE o< DaTHT o
.9°.,a0F avf: havE xhih
aEI\NTE Gavt VLT
aAhn 7ROt
Aah arFiNgPT 7 190E
g e H (gl og
37. Distance (c#t)  CPt F “BHCE 9°7 PUAINIC7 PUNINTTE
anrt
38. Money (T7HQ)  @eRIPITULINGET: A7FhATTHINTT PUAE
NTHAT THAIATaPTLET  ArRIOOTT, P9°7 SUA
LNLAPANET (DALIPLT
30. Percent (TCAYT) TCOA7H hedihei 9o7 CUNINTT (I ao-fs
a7t e TR AT
azt 0ars
40, Time (1) AnE, 09T LT, 2P, 09°7 LUA:OTE
0LtP, L, L PP T, ARSI T
av’; (1avF WAoo’ Pav’f
Aa>F (Date)
arEITRF OO
AOTTIIOTLVA
41. Weight (h-0&+) h0&T art
42. Article (A7$%) ATP& RTCE N7 o\ Hg o3
AP [ K S (g i S
NPT O T o
43. Veracity Yes/No These two vary by the 0L, h7, U7, 103
question mark and AND-? LOLANTPA? W87
. True/False statement type structure o eraa:

respectively.
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