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Abstract

Question answering is a system that allows users to ask questions about some topic in natural
language and give exact answers by retrieving answers from collection of documents. Its main
aim is to assist human to get exact answers to questions they ask. In addition, it avoids going
through many documents to find a single answer to their questions. There are two types of
questions in QA namely factoid and non-factoid questions. The first one comprises of what,
where, when, who questions and the second one deals with list, definition, acronym, how

questions. The focuses of this study are factoid and list questions.

There are some researches conducted previously on question answering. Most of the researches
used only SVM algorithm for question classification and any of them did not make use of hamed
entity recognizer for answer extraction. In this study an attempt is made to design a list and
factoid question answering using machine learning approach and an answer extraction that

makes use of NER.

This research is a closed domain QA for Amharic that focuses on Ethiopian history. It has three
components. Question classification for identifying the types of questions which is done using
two algorithms; HMM and SVM, passage retrieval that is performed by selecting the relevant
sentences using sentence-level retrieval and answer extraction component selects answers from
the top ranked sentences using a NER which is developed for this research. Factoid questions are
answered by using key words matching and extraction using the NER from the question and the
list questions are answered by using co-occurrence of answer types and candidate answers in a

text.

The study achieved an F-measure of 73% using the SVM classifier for question classification
and an F-measure of 65% was achieved using the HMM classifier for question classification.
From the result we achieved, we realized that question classification using SVM has a better
answer extraction performance than the HMM. In addition, the use of NER tool helped answer

extraction in getting exact answers.

Key words: Amharic Question Answering, Question Classification, Answer Extraction, Factoid

Questions, List Questions
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Chapter 1

1 Introduction

Natural language processing is a field related to the area of computer science, artificial
intelligence, linguistics and human computer interactions by means of which computational
mechanisms are investigated and formulated[1]. These mechanisms allow the development of
systems that is capable of understanding the knowledge expressed in texts of a given language.
Natural Language Processing is a computational technique for representing and analyzing
naturally occurring texts at one or more levels of linguistic analysis for the purpose of achieving

human-like language processing for a range of tasks or applications [1].

The most common applications in NLP include machine translation, information retrieval,
information extraction, question answering, recognition of entities, classification of documents,

generation of summaries, etc.

Question answering is an automated technique to retrieve correct and short answers to the
questions asked by human in natural language. The main aim of QA system is to assist in the
interaction of human with machines[2]. There are two types of question answering systems.
Closed domain question answering deals with questions in a specific domain and open domain
question answering deals with questions almost about everything. The types of questions used in
a question answering are factoid questions (who, when, what, where) and non-factoid question

such as definition, list and acronyms.

The state of the art in QA technology combines machine learning with linguistic information
encoded by human experts in the form of rules in most of the QA systems’ components. By
developing fast and efficient algorithms and models for real-time processing of data, machine

learning is able to produce accurate results and analysis[3].



A typical architecture of a QA system consists of three components linked sequentially. The first
one question analysis identifies the type of the input question. Retrieval, which is the second
component, extracts number of relevant documents that are likely to contain the answers and this
component might incorporate paragraph/sentence retrieval depending on the needs and
techniques used in the QA systems. Finally, answer extraction extracts and ranks exact answers

from the previously retrieved passages [4].

This study attempts to design a factoid and list question answering for Amharic language using
machine learning approachs in the question classification components and other NLP tools are

used for answer extraction.

Humans ask many questions throughout their lives in order to know the world they are living in.
When someone asks a question, that person may want a specific answer to that particular
question. Seeking an answer from the web, a person might crawl through many links and pages
suggested by the web but still might not get any answer for that particular question. While
crawling the web, that person gets a bunch of documents that could hold the answers for the
questions raised but require reading one or more of the documents to get the answer. A question
answering system reduces the processes of going through number of documents to get a single

answer.

In the meantime, if a person inputs a question in Amharic to search through the web, that person
might not get any response or might get some documents that hold similar words in the question
or documents that might hold an answer to the question. However, the person will not get an
exact answer. An Amharic QA, just like any other QA systems, should return exact answers to

users.

Linguists put the formation of Amharic questions and answers differently. Accordingly, one can
raise questions about some action or condition, about the performer of an action, about the agent
who performed the action or time and place, about the cause of the action or aim of the action,

how the action is performed or techniques used to perform the action, and so on[6]. The basic

2



challenge in Amharic is the interrogative words which are multipurpose, in which a word used to
ask about a place might also ask about a person. For example, in the question, “¢ @\, @4

P el om (1977 hG 09T ahhd 10C77.

There is a research work done on Amharic question answering for factoid questions[6]. Hand
crafted rules and regular expressions were used for identification of question types and also a
gazetteer was used to get named entities. Other works such as a web based Amharic question
answering for factoid questions[7], Amharic question answering for list questions[8] and
Ambharic definitive question answering[9] applied machine learning approach and used SVM for

question classification task.

The research works mentioned above did not make use of POS tagging and NER tools, which
make the performance of question answering better and help in making the answer extraction and
retrieval easier. Instead, some of them used gazetteer based entity recognition. Even though there
had been researches undertaken to develop such tools (POS and NER), there are no systems
available to integrate to question answering systems since those studies were made as MSc
researches. For this study, we develop and use these tools to make the retrieval process easier

and to get a better performance.

The classification algorithm the previous works have used is only SVM but we investigate both
SVM and HMM and compare the performance of the two algorithms. Furthermore, since there
was no previous work done by combining both list and factoid questions we investigated a multi-
type question answering that comprises factoid and list questions. Moreover, in this study we
introduced a new design that is a multi-type question answering with a better answer extraction

using an NER tool and different classification algorithms.

» How can we integrate factoid and list questions and come up with a multi-type question
answering for Amharic?
» To what extent will the development and use of NER and POS tagger help gain better

performance?



1.4.1 General Objective
The general objective of this study is to design Amharic Question Answering system for factoid

and list questions.

1.4.2 Specific Objectives
To achieve the main objectives, the study has the following specific objectives:

a) To study the general features of Amharic factoid and list questions.
b) To construct a general architecture of Amharic Question Answering system.
c) To develop a prototype for the new system.

d) To evaluate the designed system and check performance differences.

1.5
This research has a great significance to the development of question answering system. It can be

an input for other researchers working on Amharic factoid and list questions and for others who

work on a full-fledged QA that integrates factoid and other non-factoid questions.

The scope of the study is limited to Amharic language as the title indicates because the
researcher is familiar to the language. The question types considered are only factoid questions
and list questions to come up with an integrated question answering. Since the study focuses on a
specific domain, it will only be about Ethiopian history covering topics from the ancient to
modern ages. We selected this specific domain because the researcher believes that in this
domain, many questions can be raised and used in QA. Taking the tools used for the study in to
consideration, only NER and POS tagger is developed and used from the NLP tools we need. In

addition, algorithms used in this study for question classification are only SVM and HMM.

The research methodology applied for this particular research is a design science approach.
Design science approach involves a strict process to design artifacts to solve observed problems,
to make research contributions, to evaluate the designs, and to communicate the results to the

appropriate audiences[10].

For better understanding of the work and the approaches that are available, techniques and

algorithms used and also to find the gaps from previous works, literature review is used. The
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dataset used for this research is an Amharic corpus of Ethiopian history, collected from different
books, newspapers, electronically available documents and the Internet. In addition, the possible
questions that people could ask about Ethiopian history is collected using different techniques.
The corpus gathered from different sources first pass through some pre-processing tasks and then
the appropriate machine learning approach is applied to go to the next steps, which are question
analysis, document retrieval and answer extraction. For the development of the question
answering, python programming language is used. Some NLP tools such as part of speech tagger
and named entity recognizer are developed and used, as both tools are very important for the
designed system. The experiment is evaluated and tested at each phases of the research and
performances are compared with previous works. The methodology we used is explained well in

chapter four of this research paper.

This thesis is organized into six chapters. The first chapter introduces the background of the
study and the statement of the problem that leads to this study. In addition, the objectives of the
study, significance, the scope and limitation and methodologies used in the study are presented.

The second chapter covers the literature review on question answering. This chapter discusses
the overview of QA, types of QA, the approaches and components of QA. In addition, it covers
related works from local and global level. Similarly, the third chapter presents about the Amharic
language. Formation of questions in Amharic, construction of sentences and the punctuation

marks used in Amharic are included in the chapter.

In the fourth chapter, we present the methodology and design that we used in this study. The
steps followed in design science are discussed in accordance with our study including the system
architecture and components used in designing QA using factual and list questions.

The fifth chapter, which is the experiment and evaluation, describes about the experiments we
performed and results found using the evaluation techniques. Finally, the last chapter is about the
conclusion we made after the findings of the experiments and recommendations that we

suggested to other researchers.



Chapter 2

2 Literature Review

Question answering is one of the tasks performed in natural language processing. It is a system
that allows users to ask questions about some topic in natural language and gives exact answers
by retrieving answers from collection of documents[5]. It has two interrelated goals: first
understand issues in natural language understanding and representation and second to develop a
natural language interface to computers. Natural language understanding and representation
enables users to address computers as they are addressing human using their native language or
natural language but this will not be possible if computers cannot understand the natural
language of human. So in order to make these goals happen, natural language processing
designing methods that can analyze, understand and generate languages that humans use
naturally must be developed in addition an interface to access all of these should be developed.

A question answering system is mainly used to provide short and precise answers to users’
questions using natural language. Therefore, users are able to ask questions and retrieve answers
using their native language. The system can be used to search over a fixed set of books, to search
over the web or for reading comprehension. Companies can use domain specific Question
Answering techniques internally for the employees who are searching out answers to provide
information for clients. Another application is in education and medical fields, it can also be used
for answering questions in fields where there are frequently asked questions that people want to
search [11].

Information retrieval is always mentioned when a question answering system is developed.
Information retrieval is related to question answering in which users use IR in order to find
answers to their questions but what they get on hand is number of documents to look for answers
for their questions. IR is used in question answering for two purposes. One on the stage of
passage retrieval, to get the relevant passages from the retrieved documents and the other is the

IR community has developed a methodology for evaluation, which are the annual Text REtrieval



Conferences (TRECS), run by the US National Institute of Standards and Technology. It is from

this methodology and community that the recent question answering evaluation is developed [5].

Question answering system deals with a wide range of question types including: factoid, list,
definition, How, Why, hypothetical and cross-lingual questions. There are however two basic

types of question answering systems [12].

2.2.1 Closed-domain Question Answering System
Closed-domain question answering deals with questions under a specific domain. It is a system

that accepts only limited types of questions. It has very high precision as it returns exact answers
but requires wide language processing and it is restricted to single domain [12]. In close domain
system, answers to question have to be stored since they are not available in public domain. we

cannot search them using any search engine.

The first step in closed domain system is to understand natural language questions so that
solution could be matched to the respective answer in the database or corpus[1]. Understanding
natural language will also help to answer questions accurately. Restricted or closed domain can
be taken as an efficient approach for improving accuracy of question answering systems since

the search will be on a specific area of focus.

2.2.2 Open domain Question Answering System
Open domain systems depend mostly on word knowledge and general ontologies and deals with

questions about nearly anything [1]. These systems usually have much more available data from
which answers can be extracted. The most important challenge of an open domain system is its
database. The efficiency of this system depends on how well the database is arranged and

maintained since it tries to answer almost everything.

While considering open domain systems, web based systems are also mentioned most of the time
because of the capability of the web to cover almost everything. In addition, majority of web
based systems are also focused in open domain. When other search techniques failed to provide
short and to the point answers to users’ queries, a web-based question answering systems were

developed [13]. Web based systems use search engines to get web pages that are expected to



contain the answers to users’ questions and then extract the most similar answer from all possible
answers returned as a search result. Each search result usually contains title, URL and some
strings of the related web document and that is called “snippets” [1]. Since downloading web
documents and analyzing them consumes more time, the system makes use of the snippets in the

search result.

START can be taken as an example of an open domain and web based QA system. The system
works by talking snippets containing possible answers. The possible answers are classified using
a vector space model then to find more accurate answer, ranking is also performed. Finally the

evaluation of the final answer will be done and returned to the system [1].

A typical architecture of QA is known to contain three components; question analysis, document
retrieval, and answer extraction as it is depicted in the figure below [14]. In this architecture, the
question analyzer which is a sub-component of question processing is the component expected to
analyze the question that determines the proper answer type and formulate proper queries for
document retrieval. The document retrieval component will retrieve the top related documents
according to the formulated question and then will be subjected to passage retrieval later. The
final component, answer extraction component is responsible to extract the correct answer from

the ranked extracted passages.
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2.3.1 Question Analysis
Question analysis is the most important component of question answering. This component

processes the question, analyzes the question type, and produces a set of keywords for retrieval.
Question processing includes the task of tokenization, POS tagging, named entity recognition
and natural language parsing and other pre-processing tasks. The question type further indicates
what will be the expected answer types. Correctly identifying the expected answer type will help
the later stage of answer extraction to identify answers correctly. In other way, if there is a
mistake in question identification it will result wrong answer. Identifying Keywords and
definition terms help the system to locate sentences where answers can probably be found [15].

Users could ask the same question in different ways. Depending on the retrieval and answer
extraction approaches, some question analysis components also try to recognize semantics of the
questions. The semantic context helps the system to decide between different possible answers
by comparing expected answer and probable answer. For this purpose, a WordNet based tool can
be used to process questions type. The semantic context also helps in approximating the type of
the expected answer when the analysis is unable to obtain it. It also allows sub-classifying
concepts which are broad for each particular question and it helps the system to decide between
different possible answers by comparing expected answer and probable answer semantic
contexts [15].

2.3.1.1 Question Classification
As indicated above the question analysis phase plays a great role in determining the answer type.

In order to fulfill this purpose, we use question classification to determine the type of answer the
user is expecting to receive from a given question. Question type is a semantic category of
questions, which are characterized by common properties such as Questions of type Place,

Person, Term Definition, Quantity, Listing, Explanation, True/False, and Time[8].

Question classification is concerned about assigning semantic classes to questions. This semantic

classification reduces the search space of possible answers. If we can determine the specific



semantic class of a question, we can then easily look for the instances of that particular answer

type. It can be done using hand written rules or using machine learning based approach.

2.3.2 Document Retrieval
Question answering systems use document retrieval in order to get documents that contain the

expected answer for user’s questions [5]. This indicates that question-answering systems depend
mostly on retrieval systems. Question answering mostly contains a retrieval subsystem that will
help in identifying documents or passages which may contain an answer for the question. The
document retrieval component provides ranked documents that can be used by answer extraction
component, which is the next component of the question answering system. Some question
answering systems use the retrieval system to retrieve related documents, which are further used

for another subsystem called passage retrieval.

2.3.2.1 Passage Retrieval
Although set of general documents are ranked by relevance, it does not mean the top ranked

document is the answer for a user’s question. This is because documents are not an appropriate
unit to rank with respect to the goal of a question answering system [3]. There are a number of
weighting schemes which can be used within vector space model for retrieval. The most
common term-weighting strategy is known as the tf-idf strategy, which stands for term frequency
and inverse document frequency. Term frequency refers to the number of times a term appears
within a document. The inverse document frequency of a term is a measure of how rare the term
is across the entire corpus. The insight is that if a term occurs frequently in a document, but not
frequently in the corpus considered as a whole, then that term does a good job of describing that
document. In tf-idf weighting, each term is weighted by the product of its term frequency and its

inverse document frequency.

The first stage in the passage retrieval is to leave out the passages that do not contain expected
answers from the retrieved documents and then rank the rest of the passages according to the
probability they contain to answer the question. So, the first step will be to run a named entity or
answer type classification on the retrieved passages. The answer type determined from the

question will indicate the possible answer type we should expect.
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The remaining passages are then ranked, relying on a small set of features such as: the number of
named entities of the right type in the passage, the number of question key words, the rank of the

document from which the passage will be extracted[16].

2.3.3 Answer Extraction
Answer Extraction is the last component in question answering, which is responsible for

identifying, extracting and validating answers from the set of ordered paragraphs passed to it.
Answer extraction is implemented by inspecting the candidate passages, which is full of
information including POS and named entity tags. If the named entity in the candidate passages
corresponds to an expected answer type, the entity will be picked out as a candidate answer.
When multiple candidate answers exist, the selection of the best candidate answer is performed
with an answer ranking scheme that relies on heuristics method [1].

Answer extraction component for non-factoid questions also extracts answers from a paragraph
of retrieved documents according to answer extraction patterns of each question type [17]. This
component searches for linguistic behavior of each question type, which are mentioned above for

each passage.

2.3.3.1 Named Entity Recognition for Answer Extraction
Named Entity Recognition is a specialized form of an information extraction task dedicated to

identifying phrases in text that refer to entities like people, organizations, date and currency
amounts, and extracting their semantics. It is also the most important task in question answering
so that answer types can be detected easily. Names appear frequently in many types of texts, and
identifying and classifying them simplifies further processing. Names are identified by a set of
patterns which are stated in terms of parts-of-speech, syntactic features, and orthographic
features (e.g. capitalization for English).

Combining the NER with semantic context will improve system performance by increasing the

amount and quality of the information obtained from the question; it also improves possible

answers detection and extraction.
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2.3.4 Answer Presentation
In TREC systems, the most relevant set of answers is presented in different forms such as

presentation of exact answers with a principle of one answer per one question, supported answer
and an answer with the document where the exact answer string presented with its corresponding
document. This component uses natural language generation for presentation of answers and

artificial intelligence for answer justification.

Approaches of QA systems are divided into groups based on the methods used. Some group of
QA system belongs to simple natural language processing and information retrieval methods,
while another group of QA systems depend on reasoning with natural language [11]. The
previous one uses techniques of NLP such as syntax processing, NER and information retrieval
techniques in order to achieve the goals of a question answering system; uses free text
documents as a data source; the questions are mostly WH- type and use the existing IR
evaluation techniques. However, the later uses higher reasoning techniques; knowledge base is
used as a source of data, mostly domain oriented; might be beyond WH- type of questions and no

evaluation techniques are introduced.

2.4.1 Rule Based Approach
In this approach, a wide coverage of NLP techniques is used in order to achieve accuracy of the

answers retrieved. These systems first generate training data and test data through a semantic
model. Some systems of this type generate rules for each type of questions such as the semantic
classes who, when, where and why type questions. “Who” rules look for names that are the class
of nouns. “When” rules consist of time expressions only. “Where” rules mostly look for
locations but might be different in the case of Amharic. These systems require learning rules
from training data and are mostly used in reading and answering comprehension questions. A
system called Quarc used some heuristic rules that look for sematic and lexical hints to identify

the question class [18].

2.4.2 Pattern Matching Approach
This approach makes use of text patterns in place of complex processing involved in other

competing approaches. Many of the questions answering systems automatically learn the text

patterns from passages rather than using linguistic knowledge or tools such as named entity,

12



WordNet, ontologies, etc. for retrieving answers. For example, the question “who is the founder
of Addis Ababa?” will look for the pattern “who is <person name > of <location>?" and the
answer be like “<person name> is the founder of Addis Ababa”.

Most of the patterns matching QA systems use the surface text patterns while some of them use

templates for response generation.

2.4.2.1 Surface Text Pattern
Initially, the surface text pattern based method was aimed at finding answers to factual questions,

as their answer is limited to one or two sentences. This approach extracts answers from the
surface structure of the retrieved documents by relying on some list of patterns. Answer to a
question is identified depending on the similarity between their patterns having certain

semantics. These patterns are like regular expressions.

Some systems used this pattern matching as an alternative approach for difficult questions like
acronym expansion questions, date of birth questions and location questions. A system was
developed by some researchers by integrating surface patterns with a named entity tagger.
Another system used a soft pattern matching based on bigram model and HMM instead of

regular expression. This approach can be applicable for a small and medium sized websites [2].

2.4.2.2 Template Based Pattern
A template-based approach makes use of preformatted patterns for questions. The focus of this

approach is more on illustration rather than interpretation of questions and answers. The set for
templates is built in order to contain the optimum number of templates ensuring that it
adequately cover the space of problem, and each of its members represents a wide range of
questions of their own type. Templates have entity slots, which are missing elements bound to
the concept of the question that has to be filled to generate the query template to retrieve the
corresponding response from the database. The response returned by query would be raw data,
which is returned to the user [2]. In template-matching precision of document retrieval is high

because the key words for finding answers are selected using human intelligence[19].
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2.4.3 Machine Learning Approach
Machine learning is one of the approaches of question classification in a question answering

system. It can automatically construct question classification program with a high performance,
which can be used for more features of questions[4]. Given more training data, the performance
of a learned classification program usually improves. For some tasks such as identifying the
question type, machine-learning classification can be taken as classical classification tasks that
can be solved by different ML algorithms. The advantage of using machine learning approach is
that because it is flexible, more adaptable and easily maintainable [20]. There is no need of
handcrafting rules to maintain and adapt to new changes every time, which is why this research
is using this approach. IBM Watson can be an example of machine learning based system;
Maximum Entropy model was used for question and answer classification based on N-gram
features [2].

In machine learning approach, a question classifier is trained in a supervised manner. Possible
choices of classifiers include but are not limited to Nearest Neighbors (NN), Naive Bayes,
Decision Tree (DT), Sparse Network of Winnows (SNoW), Hidden Markov Models (HMM) and
Support Vector Machines (SVM). We will look through each in the paragraphs below:

The Nearest Neighbors algorithm is a simplified version of the well-known KNN algorithm,
which has been successfully applied in document classification[21]. Given an unlabeled instance,
the NN algorithm finds its nearest or more similar neighbors among the training examples, and

uses the dominant class label of these nearest neighbors as its class label.

The Naive Bayes algorithm is a commonly studied algorithm in machine learning. It is
considered as one of the top performing methods for document classification. Its basic idea is to
estimate the parameters of a multinomial generative model for instances, then find the most

probable class for a given instance using the Bayes’ rule [22].
The Decision Tree algorithm is a method for approximating discrete valued target function, in
which a tree of arbitrary degree that classifies instances represents the learned function. The C4.5

software is a widely used implementation of the DT algorithm [22].
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The Sparse Network of Winnows (SNoW) algorithm is specifically tailored for learning in the
presence of a very large number of features and can be used as a general purpose multiclass

classifier. The learned classifier is a sparse network of linear functions [22].

Hidden Markov Model is very powerful from mathematical structure point of view and it has
formed many theoretical bases of different applications, also if the model is implemented well it
could be used for many applications, which is why we selected it as a candidate algorithm for
this research[21]. In HMM the state sequence cannot be identified meaning the status sequence
could not be observed and is hidden, so it is called HMM. It is one of the most important tools of
analyzing the random sequences of finite status structure and a good method for QA system. It
searches all documents according to the possibility of relation to the question and finally the lists
of the documents are presented to the user. It presents the highest similarity to the asked question

and one can say that it is guaranteed in HMM that the answer presented, is the accurate one[23].

HMM has 3 parameters: Start Probability, Transition Probability and Emission Probability[39].
Start Probability means the probability that a tag exists first in a sentence. Transition Probability
means the ratio of probability of transition from given tag to the next tag and the Probability of
occurrence of a given tag. Emission Probability is the ratio of probability of occurrence of
particular word with tag t and the Probability of occurrence of a tag t.

Support Vector Machine is a binary linear classifier, which takes in a set of training data and
classifies each member of the set into one of the two categories. The training algorithm builds a
model that can be used to classify the items from a test data set into one category or another.
Given a set of training examples, each marked as belonging to one of two categories, an SVM
training algorithm builds a model that assigns new examples into one category or the other. An
SVM model is a representation of the examples as points in space, mapped so that the examples
of the separate categories are divided by a clear gap that is as wide as possible. New examples
are then mapped into that same space and predicted to belong to a category based on which side

of the gap they fall on.
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Support Vector Machines are linear functions of the form f (x) = w « x + b, where w « x is the
inner product between the weight vector w and the input vector x. The SVM can be used as a
classifier by setting the class to 1 if f (xX) > 0 and to -1 otherwise. The main idea of SVM is to
select a hyperplane that separates the positive and negative examples while maximizing the
minimum margin, where the margin for example x; is y; f(xj) and y; € {-1,1} is the target output.
This corresponds to minimizing w « w subject to y; (W « X) + b > 1) for all i. Large margin
classifiers are known to have good generalization properties. To deal with cases where there may
be no separating hyperplane, the soft margin SVM has been proposed. The soft margin SVM

minimizes w « w.

Answers for factoid questions are mostly short answers that require factual answers such as
location, name and time. It was first proven by IBM Watson that supervised machine learning
can be applied for factoid question answering. Factoid questions usually carry some information
about the type of the answer. A factoid question has exactly one correct answer that can be
extracted from short text segments[24]. Answering factoid questions is much simpler than the
other categories. One of the important issues in the factoid question answering is the answer
ranking. The correct answer for a question should be in the top of the produced answer list by a

QA system.

A list question is a question, which requires a list as an answer to be collected from number of
documents. List questions are organized into questions in which each has its own target. The
instances of the answers to the list questions happen to occur with the target and question
keywords. Some systems treat list questions as an extended version of factoid questions and
answer a list question by simply returning the top N answers found by the factoid question
answering system. List questions can also be answered by using relationships between question
terms and answers [25].

A list question is answered in the following steps: First, the answer type of the question is

determined. For this purpose, each question is associated to one of the known entities such as
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person, country, organization, city and others. This is done by using lexical and semantic
patterns. After the type of answer is predicted, a number of documents are retrieved using a
query generated from the target and the question. Depending on the answer type, the candidate
answers are extracted using a named entity tagger [25]. A similarity value is then, computed for
each pair of candidate answers based on their co-occurrence within sentences. Candidates are
grouped into the same entity group and determined their similarity; then the final candidate

answers are selected.

An answer is judged correct if it is answered as expected. If collections of documents do not
support a correct answer, it is unsupported. If bits are added or missing, it is judged as inexact
answer. If a question does not have a correct answer in the document collection “no answer” is
returned [26]. For automatic evaluation, pairs of correct answer patterns and supporting

document identifier is provided for each question from sets of all correct answers.

There are four standard evaluation metrics used for evaluation of a question answering which
are: Precision, Recall, F-measure and Mean Reciprocal Rank (MRR). Precision is the measure of
the accuracy of an answer where proportion of the number of correct answers to the number of
returned answers is calculated, and Recall is the proportion of the number of correct answers to
the number of test questions. Both precision and recall are set based measures as they evaluate
the quality of an unordered set of retrieved documents. F-measure is the harmonic mean of
Precision and Recall. Mean Reciprocal Rank (MRR) considers the rank of the first correct
answer in the list of possible answers [24]. It is mainly concerned about correctness which is
denoted by O or 1.
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A question answering system has been designed for different languages in the world such as
English, Arabic, Chinese, and Hindi. Even though they are designed for fulfillment of an MSc
research there are some works in local languages such as Amharic and Affan Oromo as well.

In this section, we present some local related works.

2.8.1 Amharic Question Answering (AQA) For Factoid Questions
The work of [6] attempted the first Amharic factoid question answering system. The research

was conducted by taking the nature of Amharic questions in to consideration since construction
of Ambharic questions is different from English. Corpuses were collected from 15600 news
articles from different newspapers. The documents collected passed through some pre-processing
phase to put them in the appropriate format. The main pre-processing techniques used in the
research are sentence/paragraph demarcation (fixing boundary), Ethiopic number normalization,
character normalization, sentence based tokenization, stemming, stop-word removal and

gazetteer preparations.

After preprocessing, the documents were indexed using Lucence indexer, the next step is to
process the user question, which will help in generating a well structured query. User generated
questions are received by the system and a rule based question type identification carried out to
determine what type of question the user is asking and what type of answer is being expected
from that question. For question classification, algorithms are developed and implemented using
the Java programming language in the eclipse editor. After question classification, the document
retrieval component uses the Lucene API with some modifications. In addition to the core
Lucene APl components, some packages such as RegexQuery for regular expression based

searching were also used.

Rule-based answer selection techniques are considered for answering questions that cannot be
answered directly by the named entity recognition technique. In the rule-based technique, rules
have been developed to find some specific types of answer particles for some question types. The
rules developed help in extracting foreign person names and place names where the person name

and place name cannot be found in the gazetteer list.
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Evaluation of the system was mainly for correctness of answers. The researcher evaluated the
system using precision, recall and MRR. The rule based question classification module classifies
about 89% of the question correctly. For answer selection, the researcher used different selection
approaches and the gazetteer based answer selection using a paragraph answer selection

technique answers 72% of the questions correctly.

The researcher recommended that the development of NER, POS tagger, stemmer, parser and
Ambharic spell checker is good for performance improvement. Integrating with search engines,
incorporating with machine learning and statistical question classification and extending to other

domains to apply to different organizations was also suggested.

2.8.2 Amharic Question Answering for List Questions
The work of [8] was aimed at solving the problem of users struggling to find answers in IR

systems because what is returned after the search is a bunch of documents that are expected to

contain the answers for their questions.

Question answering system for list questions is designed based on the distributional hypothesis,
which states that “words occurring in the same contexts tend to have the same meanings” [8]. In
list questions, the answer to the question includes one or more entities of a given type. The type
is given as part of the question and used by the system to enhance the ability of addressing the
question. Since the type of the concepts of interests that answer a given question are often
obvious from the question itself, this form of information need representation using an answer
type.

In document retrieval module of the system, documents that are containing the answers will be
retrieved from the large corpus. For this task, a probabilistic IR system for Amharic language has
been applied with some modifications on customizing steaming and query generation modules.

Then the answer extraction module takes place to select the expected answer type.

After the answer extraction that is carried out next to document retrieval, unwanted answers are
found in the list even if all the correct answers also exist in it. The reason for this problem is the

co-occurrence module. Answer instances of a list question co-occur within the sentences of the
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documents related to the target and the question [8].This module is developed by using sentences
because answers co-occur within the sentences of the documents related to the answer type and

the question.

Once all the data regarding co-occurrences is collected, the similarity between each pair of terms
is computed to select candidate answers from the lists of the extracted answers. Candidate terms
that co-occur more often with other candidate answers are more likely to be the answer. So the
sum of the similarities of each term to other term is used as an indicator [8].

For evaluation purpose, the researcher used overall precision and overall recall because all
instances have equal weight while in precision and recall, each question is given equal weight
and the weight is further divided into the answer instances of the question. Therefore, instances
in questions with fewer answers have more impact than those in questions with more answers.
The overall precision of the overall system is 0.61 and the overall recall of the system is
0.636[8].

Verifying the list of answers using an already collected question answer match is recommended
by the researcher to enhance the performance of the system. Development an IR system that can
work for a small collection of documents as it provides the documents that contain the candidate
answers and decrease number of documents to be processed for answer and the development of

standard POS and NER is also suggested.

2.8.3 A Web Based Question Answering for Factoid Questions
Due to the richness of the web the researcher at [7] assumes it is feasible to construct a web

based question answering system that returns short answers for users’ questions. As the corpus
used for the research is gathered from Amharic web sites, a J-spider crawler is used to download
pages from the sites. Then, the language identification module will filter out non- Amharic
content pages in the search space. The Amharic documents are then indexed in a way to facilitate
information retrieval later in the system using the Lucene indexer. When the search space is

ready, then the question answering part will start playing its role serving the users [7].
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The system has two major parts, the search engine part (crawler and indexer) and the question
answering part. The web crawler used in the search engine retrieve web pages and downloads
them or their representations to a local repository used for searching. Language ldentification
Module (LIM) used for language identification takes the crawled web pages from the repository
and puts into another repository that is to be used by the Lucene indexer. Then the other part of
the search engine, the indexer, extracts a text from the downloaded documents. Lucene index
contains a sequence of documents, where a document is a sequence of fields and a field is a
named sequence of terms called strings.

In the question answering part, question classification is performed using a classifier algorithm
SVM. For training the classifier, 1200 questions from the four classes of factoid questions
(person, time, place and quantity) are used. For answer extraction, the researcher used pattern-
matching approach with proximity between the query terms and candidate answer terms. These
candidate answer terms are identified from the documents based on some pattern matching
technique.

It should be noted that the passage retrieval component is not much of important in this research
as it is an open domain QA and in such systems answers might be found from different

documents not only from a single passage.

The attained accuracy of the system with application of a machine learning based classification
algorithm, support vector machine (SVM), is 94.2% in question classification. In addition, the

overall performance of the system in answering users’ questions was of 77%.

The researcher recommended the improvement of Amharic stemmer, POS tagger and spell
checker would result to an improved performance. Since the researcher only used the SVM

classifier, trying out the other algorithms is also recommended.

2.8.4 Amharic Definitive Question Answering
The increase of electronic data made the IR system not to be helping in the retrieval of exact

information needed in a short period. The QA systems that are constructed for foreign languages

cannot be applied directly for Amharic language because the QA components are language
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dependent so, it is vital to develop one for Amharic. These and other problems initiated the

investigation of the researcher at [9] in Amharic question answering for definition questions.

The research focuses on a closed domain QA that answers questions about law. Amharic law
documents and training materials related to law are collected because law documents include
definitions and there is no standard Amharic corpus to experiment on open-domain definitions.
Corpus is collected from Ministry of Justice, Federal Supreme Court and websites. The
document collected contains proclamations, laws, directives and training manuals. For testing
purpose, documents are pre-processed using sentence extractor, character normalization,
sentence/ paragraph tokenization, lexical analysis with the aim of treating digits and punctuation

marks, stemming and also synonym indexing is used in place of WordNet.

A definition question is not a fully formed question, like a factoid question; rather it is just the
name of the thing the user wishes to define. Just like factoid questions the target of the definition

has to be analyzed to enable relevant documents to be located [9].

The system is composed of two components: indexing and definition searching. Under indexing
there are subcomponents for pre-processing of the corpus which deals with the language
dependent task which are listed above and extraction of all possible definitions from the Amharic
legal corpus. Definition searching component consists of question analysis, which extract the
definiendum from natural language question and retrieve the possible definition. In this
component, lexical patterns, that are constructed manually, are used to identify the candidate
definitions from the selected snippets.

Since the first step of every QA is question analysis this system also follows this approach. So
the result of this module is identification of the definiendum. To return the answer for the
definition question, the indexed file, which contains concept-description pair, is opened and
search for a match between the concept and definiendum is done. If the definiendum is found in
the dictionary catalog it display the answer otherwise it display an error message [9].

Definition type questions require word meaning, term definition, and description of term [9]. So

to provide full information, full sentences are extracted as answers for users’ natural language
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query. To identify defnitions with their descriptions hard pattern matching is used. In addition,
definition signal words at the end of the sentence like §F® 1 @-and &-+<47 9% are used to

identify the concept- description pairs.

The evaluation of the experiment was done directly by ten native Amharic speakers who
presented two questions each to the system and was judged by legal experts, for the correctness
of the answers. Result shows that normalization and stemming increase the effectiveness of the
system significantly. On the average, a precision of 85.6%, a recall of 73.0% and 78.8% F-

measure is achieved.

Finally, the researcher recommended that the development of a standard Amharic NER,
stemmer, WordNet, spell checker; preparation of standard corpus can improve the performance
of a question answering system. In addition, integration with query expansion techniques will
help improve the performance. He also noted that it is possible to construct an open domain QA

and integrate to a search engine.

2.8.5 Amharic QA for Definitional, Biographical and Description Questions
Ambharic non-factoid questions are questions with complex answers most of them require

definitions, descriptions, reasoning or procedural explanations. Amharic definitional,
biographical and description questions cannot be answered by Ambharic factoid question
answering because the answers are not only entity names and require complex question

processing.

The design and implementation of the system explored in this research comprises four major
phases, which are document preprocessing, question analysis, document analysis, and answer
extraction. Document preprocessing includes character normalization, short word expansion,
stop word removal, stemming, morphological analysis, and indexing using Lucene API.
Question analysis includes question classification, query generation, and query expansion.
Document analysis contains document retrieval and document filtering. The fourth phase in the

design process is answer extraction [27].
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The question classifier subcomponent of the system identifies the type of a question as
biography, definition or description. Rule-based and machine-learning approaches are used for
identification of the type of question. 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 machine learning approach predicts the type
of questions based on training models. The training and classifying tool used is Support Vector
Machine algorithm (SVM).

Since there are three question classes used in this research, the SVM classifier cannot be directly
used to identify the question type. For this reason, one class with other class technique is used to
train the classifier and prepared three question groups i.e., definition versus biography, definition
versus description, and description versus biography then; it constructs three models based on the
three grouped data. Testing is done with the three generated models and as a result, the classifier
returns a number that shows to which question type the classifier classifies the given question.

Then the total of the three numbers are generated.

Definition and description questions require complex response which is a short paragraph which
clearly defines the target or state concepts the user wishes to know more about [27]. Thus for the
answer extraction component finding snippets or piece of information about the current target,
ranking, selecting, and ordering them is very important. In order to perform these tasks, the
definition-description answer extraction is done. Then according to the question type the snippet
extractor sub-component extracts sentences from the tokenized sentences using manually crafted
indicative patterns for definition and 5 rules for description questions are crafted by inspecting
different Amharic definition and description bearing documents [27]. Gazetteer based NER is

also used for answer extraction.

For biography questions whose focus is a person, important dates in their life (birth, marriage,
and death), their major achievements and some other items are noted as ‘correct’ answer.
Therefore, to generate an answer biography answer extraction component first merges the
filtered documents, summarizes the merged document, and validates the summary. Finally, if the

result seems valid, the summary is displayed as an answer.
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In order to construct the final answer selection subcomponent ranks the sentences by their score,
selects the top ranked definition/description sentences according to the definition/description
length requirement which is 5 sentences for this research. In Biographical questions answers are

selected if the validation of the summary approves.

The performance of the SVM based question type classifier is 83.3% and that of the rule based
question type classifier is 98.3%. The answer extraction component is evaluated by 120 test
questions and 300 documents. The average recall, precision, and F-score of the answer extraction
component are 0.609, 0.683, and 0.592 respectively.

Finally, the researcher recommended that developing tools that are used for anaphora resolution,
lexical chains and discourse structure would keep coherence since different documents are
analyzed. For extraction of snippets well development of semantic analyzer will help increase
performance. Generating lexical patterns using machine-learning algorithms, development of
standard corpus, stemmer, morphological analyzer, POS, NER and Amharic spell checker are

also recommended by the researcher. The table below summarizes the survey presented above:
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Author Title Problem Method/tool Result
Seid Ambharic The question and answer | Java programming | 89% of
Muhie[6] question construction of Ambharic is | language to develop | questions are
answering  for | different from English and | algorithm using the | classified
factoid questions | other languages and need a | eclipse java editor, | correctly and
special consideration on the | gazetteer used | 72% of user
question answering system. | instead of named | questions
entity  recognizer, | answered
Lucene indexer for | correctly.
preprocessing.
Brook Ambharic Users struggle while looking | Machine learning | The overall
Eshetu[8] question for answers in Amharic | approach using | recall of the
answering  for | using IR systems because of | SVM classifier | system IS
list questions information overload | algorithm, answers | 0.636, 57.5%
problem, previous work | are extracted using | of F-score is
done on factoid questions | the tendency of co- | gained.
used a handcrafted | occurrence of
classification algorithm. candidate answers.
Desalegn A web Dbased | The previous work on | J-spider crawler to | 94.2%
Abebaw[7] question factoid question was a closed | retrieve web pages, | accuracy in
answering  for | domain and handcrafted | SVM classifier | classification
factoid questions | rules; due to the richness of | algorithm. and 7%
using  machine | the web it is more feasible to correctly
learning design a web based question answered
approach answering tool.
Wondwossen | Designing Previously constructed QA | Synonym indexing | Precision
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Teshome[9] | Amharic systems for foreign | used in place of | 85.6%, recall
definitive languages cannot be applied | WordNet, sentence | 73%, F-
question for Amharic and the existing | extractor and | measure  of
answering IR systems are not that much | character 78.8%

helping in getting precise | normalization used | attained.
answers for users’ questions. | for preprocessing,
pattern matching is
used for answer
extraction and
python 2.7 for
implementation.

Tilahun Ambharic Ambharic definitional, | Lucene APl for | SVM based

Abedissa[27] | question biographical and description | indexing, both rule | classifier
answering  for | questions cannot be | based and SVM | 83.3%, rule
definitional, answered by  Amharic | based approaches | based 98.3%,

biographical and
description

questions

factoid questions.

for question
classification, text
summarizer for
biographical
questions.

average recall
0.6009,
precision
0.683,

F-score 0.592
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2.9.1 QARAB: A Question Answering System to Support the Arabic Language

QARAB is a system that takes natural language questions expressed in the Arabic language and
provides short answers to users. Corpus was collected from a newspaper called Al-Raya which is

published in Qatar. The system has two parts: the IR system and the NLP system [28].

The IR system treats the question as a query that identifies the candidate documents that may
contain the answer. The IR system first processes the text collection from the Al-Raya
newspaper and constructs an inverted file system, from which the answers to the natural
language questions will be extracted. The purpose of the IR system is to search the document

collection to select documents containing information relevant to the user’s query [28].

The NLP system is composed of a set of tools to tokenize and tag Arabic text and to identify
proper names. The NLP techniques are used to parse the question and analyze the top ranked
documents returned by the IR system.

The basic process in QARAB is composed of three major steps: processing the input question,
retrieving the candidate documents (paragraphs) containing answers from the IR system,
processing each one of the candidate documents (paragraphs) in the same way as the question is
processed.

QARAB considers users’ question as a “bag of words” against which the index file is searched to
obtain a list of ranked documents that possibly contain the answer. The question processing
begins by performing tokenization to extract individual terms. The stop-words are removed,;
remaining words are tagged for part-of-speech. The main effort taking task is identifying proper
names because there is no capitalization in Arabic language. The interrogative words determine
the type of answer we should be expecting [28]. Input to the Answer Generator is the “bag of
words” and the paragraphs extracted from the ranked documents. Then it looks for keywords that
identify a person name using personal names key words.

The overall success of the system is limited to the amount of available tools developed for the

Arabic language.

28



2.9.2 IDRAAQ: Query Expansion and Passage Retrieval based QA for Arabic
The IDRAAQ system is a participant of a campaign called question answering for machine

reading evaluation (QA4MRE) at CLEF 2012. The campaign represents an evolution of
evaluation approaches in NLP. The test set is composed of 4 topics as a domain namely Aids,

climate change, music and society and the fourth one is Alzheimer.

The IDRAAQ system is fully programmed in Java and designed based on the typical modules of
a QA system. Question analysis and classification analyzes questions to extract key words,
identify structure of expected answer and form a query to pass to the next module. Passage
retrieval uses query passed from previous module and extract passages from information
retrieval process and is the most important component of the system. Then answer validation
module validates an answer from a list of candidate answers relying on passages that are

provided by the previous module [29].

The performance of IDRAAQ system depends on the passage retrieval module as it provides
candidate passages to the answer validation module for the answers to be selected. The passage
retrieval (PR) module of this system is formed by two implemented levels: keyword-based level
and structure-based level. The former integrates a semantic query expansion process and
keyword is replaced by its synonyms in the WordNet while the latter uses a Distance Density N-

gram based PR tool for re-ranking passages also new queries are generated[29].

For evaluation purpose, the type of questions used was factoid, causal, method and purpose.
Moreover, the system was evaluated based on overall accuracy. From the experiment, most of
the answered questions are factoid ones (When, Who, What, etc.) but failed in list and reason
questions. This shows that using Arabic WordNet mapped with a system that contains high
number of Named Entities has a positive impact on system performances especially when

processing factoid questions.
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2.9.3 Automatic Answering System for English Language Questions
The system at [19] tries to solve both open and closed domain problems for English language.

The system is developed to enable users to ask question from a mobile phone and it is also

designed to understand SMS language.

The overall architecture of the system is subdivided into three parts namely: pre-processing,
answer discovery and answering. The pre-processing part contains two operations: one
converting SMS abbreviations into general English words by referring a previously stored
frequently used SMS abbreviations and the other is removal of stop words and stem words as this
operation increases effectiveness of the system by saving time and disk space. For the stemming

purpose Porter stemming algorithm was used.

Question —template matching is used for Answer discovery module. Templates are created for
questions according to a specific syntax; words with synonyms are referred in a synonym file,
which can be modified whenever it is necessary. In addition, understanding of the problem
domain is not required for development of the system. A technique for enhancing the template
matching is used throughout the system and disemvoweling is one of the techniques. Most of the
spelling mistakes in English are said to occur because of omission, addition or out of order
vowels [19]. So removing vowels will reduce amount of spelling mistakes and is used in this

system for this purpose.

If users ask a question out of closed domain, search engine will search for an answer and return
to the user. For extraction of a web data JSON is used which is a universal language independent

format for data which translates html in to another format to make it easier for extraction.

After the answer discovery module, each template representing a question is stored in a database
with its corresponding answer, when best match is found the answer will be returned to the user
through SMS. NowSMS which is an SMS content delivery solution is used in the system for
sending SMS to users [19]. The result of this system was represented as a smart and user-friendly
automatic answering system, which is capable of answering any question forwarded in English

or SMS languages.
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Chapter 3

3 The Amharic language

Ambharic language is the working language of the Federal Government of Ethiopia and the
second most spoken Semitic language next to Arabic. It has been a written language for about
500 years. It is written in a style of script known as the Ethiopic alphabet, which is composed of
seven vowels, and 33 consonants that are always combined including ejectives that have no
sounds in English language. The consonant sounds /p/, /t/, /k/, and /s/ can be produced as
ejectives [30][31].

The Amharic language has been declared to have word categories as A 9° (noun), “1a (verb),

+8 &\ (adjective), +oah<a (Adverb), oo+ &£(preposition), and +@A ma 9° (pronoun)[9].

Nouns in Amharic represent gender, number, definiteness, case, and direct object status by
affixes prefixes and suffixes, mostly suffixes[30]. Amharic nouns may have a masculine or
feminine gender. Suffixes are added to denote a masculine or feminine noun gender. Some nouns
may have both masculine and feminine gender, while other nouns may only have one gender.
The feminine gender is used to indicate female as well as smallness. For example, vt 770

y+F:: Plurals are formed by adding £+ or 4+ whether the word ends with a vowel or

consonant.
Verbs are words derived from roots and affixes to inflect person, number, gender, mood, voice,
and polarity. Verbs agree with their subjects. Verb agreement with objects is optional. Verbs in

Ambharic are mostly placed at the end of the sentence.

Adverb: it can be used to qualify a verb by adding extra idea on the sentence. The Amharic
adverbs are limited in number and include +A7+: H&: 197 RAf ATR1G ...
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Adjective: any word that modifies a noun or an adverb, which actually comes before a noun

700 +9%: nag® 0. Other specific property of adjectives is, when pluralized, it repeats the

previous letter of the last letter for the word (e.g. ‘+70: +771).

Preposition: is a word which can be placed before a noun and perform adverbial operations
related to place, time, cause and so on; which can’t accept any suffix or prefix; and which is

never used to create a new word. It includes ha: ®2: A7L: h...

Pronoun: this category further can be divided as deictic specifier, which includes Af: A%*
A7t RTET AT G- quantitative specifier, which includes t&ti A7478F A7 L...; and

possession specifier suchas ¢ A7+: €5: ¢ (k...

A sentence in Amharic can be a statement which is used to declare, explain, or discuss an issue;
an interrogative sentence which can be used for questioning; exclamatory and imperative [9].
Sentences are constructed from the noun phrase and verb phrase combinations. The noun phrase
and the verb phrase further divided to different particles such as other sub noun phrase and verb
phrase, noun, adjectives and so on. The interrogative sentences also have the same structure with

little modifications and introduction of question particles (interrogative words).

The verb goes at the end of the sentence in subject/object/verb (SOV) order where in English the
word order is SVO. The sentences are short in number of words they contain because they have
lots of prefixes and suffixes. For interrogative sentences, if it is a yes or no question, the sentence
order stays the same but the intonation is that of a question and no question word is used. If not

the question word is placed right before the verb.
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The Amharic documents collected must be pre-processed before proceeding to the other
components of question answering system. Sentence, paragraph, and document indexing all
utilize different punctuation marks for separating one from the other [6]. In Amharic, there are
different punctuation marks used for different purposes. For example, sentence indexing will be
done with the help of the Amharic full stop (::) for separating different sentences. So the system

should understand this punctuation mark indicates the end of a sentence. In the old writing
systems, a colon (two dots : ) has been used to separate two words. These days the two dots are

replaced with whitespace. In addition, 1 m\aZ™H (¢ or +) is also used to separate lists of ideas

just like the comma in English.

Similarly, numerals have greater impact on Amharic question answering systems. Since numbers
are stored in different formats, some kind of standardization should be applied to help the
retrieval technique and searching. Ethiopic and Arabic numbers should be normalized to the
same standard to make a document suitable for the retrieval component. In Amharic, numbers
can be represented using Arabic symbols. It has also its own number representations, Ethiopic
number representations. Similarly numbers can be represented in a word alphanumerically which

is representation of numbers in words [9].

Questions might be raised to know what we do not know or to make sure that we know
something. To ask questions that we totally don’t know about in Ambharic, we use adverbs and to
be sure about what we know we use other words or tones that indicate the sentences are

interrogative [32].

h4 aof emnf? \When did Kasa came?
ha e we,? Did Kasa come?
h4 ar1? Did Kasa come?

The first example shows that the interrogator does not know when Kasa is coming so will add

the adverb when (eoF). Such kinds of questions expect answers that indicate time such as
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yesterday or today. In the second example, the interrogator knows that Kasa is coming but wants
to be sure. In this sentence the last word @2 indicates the sentence is interrogative and it can be

used to be sure about something also it is always placed at the end of the interrogative sentence.
The third sentence has no interrogative word the only thing that indicates it is a question is the
question mark and the sound (tone) of the interrogator and the way of the sentence is read[30].

Questions might be raised about some action or condition, about the performer of an action,
about the agent that performs the action or time and place, about the cause of the action or aim of
the action, how the action is performed or techniques used to perform the action, and so on[30].

All of these types of questions might be within a single sentence.

In every language, questions are constructed with the help of interrogative words and a question
mark (?), which is placed at the end of the question. The question mark is kept at the end of the
statement, indicating that the sentence is a question. The interrogative words in Amharic are
placed near the end of the sentence most of the time. Most of those words are multipurpose
where a single interrogative word is used for different types of question formations. There should
be extra information to determine the question type besides the interrogative words such as

question focuses or complex grammatical structure analysis of the sentence [8].

In English, the interrogative words (WH words) who, what, where, when, why, how ... are used
to construct a question. There are a number of interrogative words in Amharic that will help in

constructing a question [8]. The well-known Amharic interrogative words are shown below:

Ty, ATy, Th@; K197, T 9Ty, T, RO, K197, 9T, heig
MTW; TRk, NTP, TTFO®; 1977,

+e1C, PP, 106, HCHC, Té,

e, ek, O0F, O4, Ohk, OME, OT, NeTTO; 20k, CTT@; TP, ¢ TR,
ne+, hahe+, e+, ¢ +5m; NP +5F

oy 9o 87, P9, PIVT, PPrAT, IGTFUT, %, 9O, AAITY, AT 89T, A9V,

N9z, hah9z, 9™z, OLI7, 1L, "ILUA,
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aof (1avF, haheoF, AooF

arF, 07k, haTE

From the words listed above, some of them are used for list questions and others are used for
factoid questions.

There are different challenges in Amharic question answering. One of the main problems is that
question particles (interrogative words) may not help in determining the question type. For
example the question particle 72 might indicate a person or an organization. So in such kinds of

cases extra analysis is required to determine the question type, to know the expected answer
types. Secondly, some proper names belong to more than one word categories, such as verb and
noun (e.g. “n<+A” might be a person name and at the same time it has a context of growing up) so

that determining whether that word is the expected proper name or not is very difficult. This

problem sometimes increases, as there is no proper name capitalization in Amharic.
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Chapter 4

4 Design of Amharic Question Answering

As this research follows design science research methodology, it tries to create some artifact that
define the ideas and products through which the analysis, design, implementation and use of the
system being built can be effectively accomplished[33].Design science creates and evaluates
artifacts that are intended to solve the identified problems. The result of a design science research
is an artifact developed and implemented to address some problem. The design science process
includes six steps: problem identification, definition of objectives for a solution, design and
development, demonstration, evaluation, and communication[34]. This research takes these steps

listed above in to consideration.

Problem identification is the first step in design science research. It is a process of identifying
key areas and needs consideration while doing a research on some topic. To identify and
understand the problem we are working on, we did an observation and a literature review on the
topic. Relaying on the problems identified through observation, asking people some questions
about the study and literature review we attempted to design a solution out of them.

After identifying the problems one is working to overcome, the objectives of the research should
be well defined. Then knowing our objectives, we can design and implement the study we are
working on. Therefore, after having the problems identified, the objectives of this study are
defined well and keeping these objectives in mind, we continue to the design and development of

the study.

4.4.1 System Architecture
For designing the architecture, the architecture in [14] is adopted and some of the components

such as the POS tagger and the NER are included since these components are included in this

study. This architecture can be used for both the factoid and list questions since the components
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of both types of QA are the same. The differences are only in the extraction of answers where list

QA uses pattern matching and co-occurrence.
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Figure 4-1: Architecture of Amharic question answering
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4.4.2 Dataset Preparation
Before getting to the design and development steps, we need to perform corpus preparation,

which is the first thing in the architecture of the system. The corpus used for this study is only
concerned about Ethiopian history as the research focuses on a specific domain or closed domain
question answering. We collected a 5000 sentence corpus from different Amharic history books,

newspapers that have a history section, electronically available history books and from the web.

4.4.3 Preprocessing
After the data collection, preprocessing is the next thing that follows in order to make the corpus

that we have on hand in the appropriate format and to make it easier for the machine to read. The
preprocessing steps performed for this research include character normalization, short word
expansion, tokenization, stop word removal at the passage retrieval phase and text cleaning. In
addition, other tools such as POS tagger and NER are used before getting to the question

answering components.

Character Normalization: some Amharic alphabets use the same pronunciation with the same
meaning but have different symbols and are used interchangeably most of the time[30]. Some of
the characters suchas A and 0, v, chand -1, @ and w, 2 and @ are the Amharic alphabets that are

used interchangeably in a single word for example the words AA9° and 0 A 9°, G @-and wa-have

the same meaning of world and human/ person respectively but the alphabets are used according
to an individuals’ interest. Therefore, we must normalize these characters to a specific form of

alphabet in order to make the machine understand each meaning.
For the normalization of those characters mentioned above, we used a python code that replaces

the characters with the same meaning and come up with one representative. The figure below

shows the python code we used for normalization.
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B -+ coding: utf-8 -*-
# python

# find and replace many patrs of strings in a utf-8 file
filePath = ' /home/medi/codes/lelatarik. txt"

outPath = filePath + ".new’

findReplacePairs = [(u"0",u"8"), (u'e",u"&"), (U"2",0"R"), (u"4",0"8"), (u"2",0"&"), (U"8",u"R"), (u"#",u"8"), (U"d",0"0"), (u"d",u(u"h" 0"2")
(u"",0"0"), ("), (00U ), (e oY), (00N, (0T, (R, (U Y, (U, (et LUt (o
(P un), (umet ), (ot (et (ot (ot (ot (o), (et (Rt utet), (T
(""", (0]

inf = open(filePath, "rb")

fContent = unicode(inF.read(), "utf-8")

inf.close()

for patr in findReplacePairs:
outText = fContent.replace(pair[6], pair[1])
fContent = outText

outF = open(outPath, "wb")
outF.write(outText.encode( 'utf-8"))
outF. close()

Short word expansion is performed on those words that are written in short form for example
school +/0vt is expanded to -+9° ¢+ (- to make it easier for reading by the analysis component.

In Amharic historical writings short words might appear frequently such as; a/hca-+£ 7 should
be expanded to a-Fhcate7, /81 ¢ to NCP&L €1 ¢\, A/ 10 Aaet 9 4-F. Therefore, to

make the corpus available in a readable format short word expansion is performed manually.

Sentence tokenization is also another preprocessing technique performed since we need a single
sentence on a line for analysis purpose. Tokenization is done by using different sentence
demarcations such as question mark and full stop. For our study we used the Amharic full stop

(: :) to indicate a sentence end. Whenever the tokenizer gets an Amharic full stop it splits the

other sentences into a newline. This process will help the retrieval process to get key words
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easily. Word tokenization also might appear important to some tasks such as NER because a

word-tokenized data is provided to the named entity tagger.

As mentioned in the above paragraph, we used the Amharic full stop to split sentences. In the
tokenization process a python code is used. The code takes a full text as an input and tokenizes it
in a sentence level by looking for the sentence demarcation. In addition, word tokenization is
also performed by using a white space. The figure below shows a python code we used for word

tokenization.

import codecs
import sys

""" Run the programm from a command line using *** python word tokenize.py file name
Fni

def tokenize(cont):
tokenized =
word list = []
for line in cont.splitlines():
for word in line.split():
word list.append(word)

print '%d number of lines read ' % (len(cont.splitlines()))
print '%d number of words found ' % (len(word list))

for word in word list:
tokenized += word +'\n'
return tokenized

if name =="' main _
file_name = sys.argv[1]
fdata = codecs.open(file_name,'r', 'utf-8")
cont = fdata.read()|
fdata.close()
tokenized = tokenize(cont)
new_file = file_name + ' tokenized'
fob = codecs.open(new file,'w', 'utf-8")
fob.write(tokenized)
print 'Tokenized written to %s ' % (new_file)
fob.close()
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Sentence cleaning is also important, as there are, some texts that need to be corrected in which
there might be some spelling errors and other errors that should be corrected inside the data.
Some indexes and symbols found in our corpus are removed. These and other preprocessing
techniques and cleaning techniques were performed on the corpus to make it readable by the

question answering components.

Stop word removal: this is done to make the document retrieval processes easier[6]. In this
process, words that make no meaning change on a text are removed. There are lists of Amharic
stop words stored in the system. Before getting to the passage retrieval component, the input
question is checked for a stop word in the list. Then the stop word is removed from the question

for generation of a query. Words like §F@; -, 1 (014, 1 @:.. are considered as stop words and

removed from the query that is generated.

POS tagging

POS tagging is an NLP tool that used to identify the part of speech of words. Once a user enters
a question, answer type identification can be done using the part of speech of each word then the
candidate answers can be reduced and ranked according to their relevance. As this tool helps in
identifying answers quickly, researchers should consider it before entering to the other
components of a question answering system. In addition, POS tagger is important for Named
Entity Recognition as it helps the named entity recognizer to identify words that are nouns and

assign the appropriate tag to each nouns that are named-entities.

The part of speech tagger developed for this study is a hidden Markov Model part of speech
tagger using the tag sets noun, verb, adverb, adjective, preposition, pronoun, number,
conjunction and punctuation[35][36]. In the process, the tagger adds these part of speech tags or
other lexical class markers to each word in a text. Training data provided sentence-tokenized and
manually tagged. It consists of a text in the word/TAG format with words separated by spaces
and each sentence on a new line. The test data will be untagged development data provided
tokenized with words separated by spaces and each sentence on a new line. Then the tagger adds
the part of speech tags.
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There are two programs in the POS tagger used for this research; One program learns a Hidden
Markov Model from the training data and is invoked by using ‘python hmmlearn.py /path to
input/file containing training data’. The program will learn the model parameters to a file called
‘hmmmodel.txt’ as it is indicated in appendix F. The other program which is, the tagging
program is invoked by using ‘python hmmdecode.py /path to input/file containing test data’.
Then the program will read parameters of HMM from ‘hmmmodel.txt’, tag each word in test
data and write the results to an output file with the same format as the training data. The test data
may contain words that the tagger never encountered in the training data, which will have an
emission probability of zero for all tags. In addition, unseen transitions between two consecutive

words have a probability of zero.

POS tagging is not useful by itself but is accepted as the first step to understand a natural
language[36]. Other tasks such as question answering and NER heavily depend on it. NER needs
POS tagged corpus in order to find the nouns and the question type identification needs a POS
tagged data to know the type of the question.

Named Entity Recognition

NER is a very important tool that is incorporated with a question answering system as it is found
to be important to recognize names of different entities in the corpus in order to achieve a good
performance. Many of the fact-based answers are entity names that can be detected and extracted
using NER. Making use of this tool makes the process of answer extraction way better and
easier. The NER used in a QA system is developed as a stand-alone system designed
independently of the QA task[37].Most QA systems gradually reduce contents that are not
needed so, the NER is used to help in the reduction of unwanted strings that do not contain an
answer. Development of an NER basically has two approaches Rule Based Approach and
Statistical Approach. For this research, we used the statistical approach, which is based on

training corpuses.

The data used in order to build this tool is a POS tagged corpus in which the word and tag are

separated by a space (word TAG format) and tokenized at word level. Then the data used for
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training will be prepared by replacing the nouns, which are named-entities by the appropriate tag.
Since the NER is an HMM based there are some parameters used to model what the algorithm
has learned. The parameters taken from the training file are the word and its POS frequency,
POS and its frequency, the probability of POS transferring to the other POS and also the word
and its probability of being the head of sentence as a POS. Then the named entity tagger will
take the training data and the unseen test data, by checking for ‘NN’ (noun) in the test data and

assigns the tags to the proper nouns using the parameters that are learned from the training data.

For tagging named entities that are composed of more than one words used begginig and inner
entities in the training corpus. For example, the entity: “499% 9°.oh PO THA" is tagged as

"899%/B-ORG 97 &h/I-ORG i .34 /1-ORG” to represent a hospital and "4 A% °.oh"

is tagged as “4197/B-PER A &/I-PER 97 Ah/I-PER” to represent Emperior Minilik.

Since question-answering systems gradually reduce the amount of data considered after
receiving a question, it first selects relevant documents and filters out irrelevant pieces of text of
these documents gradually until answer is found. So NER is used as an aid to filter out unwanted
strings or strings that do not contain the answer.

As mentioned above we use NER to filter out candidate answers and it will remove only the
wrong answers or part of the corpus that does not have much importance. Therefore, in this case

recall will be preferred more than precision[37].

For this research we used an HMM based NER tool which recognizes the entities; person (PER),
organization (ORG), date (DATE), time (TIME), location (LOC) and entity (ENTY) to represent
other entities such as river, books and God which appeared in our corpus. The training data is
annotated corpora with the entities listed above and is given to the training program and a test

data of unseen POS tagged data that will be tagged using the program.

4.4.4 Question Processing
Different users ask questions in different ways. The ways might depend on the person asking.

Before preceding to answer the questions, there must be some analysis in order to understand

what the question is looking for. Therefore, this is why we need to perform question processing
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in order to understand the question before going to the other steps of question answering. The
question processing contains question analysis, classification, question type identification and

query generation as its components.

4.4.4.1 Question Analysis
According to the architecture of a question answering system, the first component is question

analysis and classification, which is a sub component of question processing. Question analysis
identifies the type of question from the accepted questions and type of answer that is retrieved
finally. Question type identification is performed using the Amharic factoid questions (772, 9°7,

a7, ¢, o, etc...) and list questions (T¢a, HCHC, ¢ F5E) as they are the question words used

throughout the question answering process. For example, a question that contains the word
where/? -+ is identified as a location question. This step also helps for the answer type

identification by looking at the pattern of the sentence in the corpus.

4.4.4.2 Question Classification
Question classification is one of the sub components of question processing and is very

important to identify the type of questions in order to know the type of answer expected.
Question classification is performed using the SVM and HMM classifier. For training the
classifier six classification models were generated (person/PER, location/LOC,
organization/ORG, time/TIME, quantity/NUM, entity/ENTY, date/DATE, list/LIST) are

developed and stored for use in testing the classifier.

One of the algorithms used in classification is, support vector machine (SVM). To apply this
algorithm set of training examples containing feature vectors of candidate answers should be
prepared. For the classification purpose n number of labeled questions containing the five classes
of factoid questions (person, time, place, date, quantity and organization) and the list questions
are given to the program that separates out the label or class and the question separately. Then
the questions are put in the classes they belong (such as PER, LOC, ORG etc...) in separate files
then the other program extracts word features, POS features and NER features and after that the
classifier checks for POS tag and NER of the words in the training questions and use them to

classify the unseen test questions using the SVM classifier.
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The other classifier used in addition to the SVM classifier is an HMM classifier. The classifier is
trained using questions labeled with the factoid questions we used and the list questions with the
question words mentioned in the above section. The training program builds a model which will
be used to classify the unseen data. Then 20% of the question we prepared is used for testing the
classification. Some of the contextual meanings of the questions appear different from the
question words in Amharic for example "¢ @8\, @A ¢ té.Lom- 0T AS 09T ahhd 1 0C?" IS

asking the countries that signed the Wuchale treaty but the question type is classified as

PERSON. Such cases could result the wrong answer to the question.

Classification of list questions is handled by checking a question if it is of a list type or not. The
classifier is trained for list type questions with the question words t¢0, HCHC, ¢ T5E, 9T T

and ¢ -+ ¢ -+ then it will identify the type of question as a list question when it encounters these

question words.

4.4.43 Query Generation
Once question types, question focuses and expected answer types are determined, the next stage

of question processing is to generate the proper query that will help in retrieving relevant
documents. The query generated, which is based on the question types and the expected answer
types, will be passed to the document retrieval component. This stage incorporates stop word
removal and character normalization to make the retrieval process easier. If character
normalization is not considered at query generation step it reduces recall as there would be
unmatched documents with the query[9]. In addition, short word expansion and removal of
interrogative words are important. For example, if the question is “?¢ A% 9°.Ah A% 977 97;

qFo?" Then the generated query will be "¢ A2 9%.Ah A" Then the retrieval component

further uses the queries generated for extraction of answer bearing sentences from a text file.

445 Document Retrieval
Document retrieval component return list of ranked documents, which are relevant to the asked

question, from the corpus and passage. The first step in this phase is document-based retrieval.
This avoids the amount of texts that should be handled sequentially. Only the best n documents

are used for retrieval. Next is the sentence selection step, which retrieves the relevant sentences.
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Since document based retrieval do not always return the target candidates, the retrieval technique

used for this study is more of sentence-based retrieval.

From the relevant documents found by the first phase, all sentences are ranked against the
question by using tfidf. Only the most relevant sentences that is the most similar sentence to the
query is returned according to their score. After having the relevant sentences, the system
searches for the exact answers. Some of the sentence selection methods, while computing the
distance, already find some possible answers. The remaining sentences after the sentence
selection are checked for named entities and possible answers are found using these named
entities then, answer selection will be performed[37]. For the answer selection, question is
analyzed to determine the type of answer expected then the best answer with the highest score

and matching answer type will be returned.

4.4.6 Answer Selection
After getting the most relevant sentences, we perform answer selection by using key words

selected from the question. Since the type of question and type of the expected answer is already
identified, answer selection component selects the appropriate answer by matching the key
words with named entity tagged corpus. As mentioned in the above sections NER is important in
question answering because it reduces the number of relevant sentences and words and limits the
answer to the question focus. So answer is selected from a sentence if there is a good match with

a query term and a sentence after the most relevant sentences are selected.

As mentioned in the architecture section, the system architecture of QA for factoid and list
questions is the same. However, list questions differ in answer extraction techniques. To select
answers for list questions, candidate extraction is performed by using pattern matching where,
answers are identified depending on the similarity between the patterns of key words in the
question and inside the retrieved sentence. After candidate answers are selected from the
passages retrieved, the system filters the answer by co-occurrence extraction and candidate
selection based on co-occurrence of answers and answer type. Then answer with the highest

priority will be presented to the user.
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As we have reviewed in the chapter two of this study there are different types of QA, approaches
and algorithms used in the system, tools and techniques. In this section, we discuss the different

techniques we use to deploy our system.

45.1 Approaches
The approach selected to this particular research is a machine learning approach as it can

automatically construct a question classification program with a high performance that can be
used for more features of questions. For some tasks such as identifying the question type,
machine-learning classification can be taken as classical classification tasks that can be solved by
SVM and other algorithms. Machine learning approach is used in a question answering because
it is more flexible in classifying questions and is easily maintainable[21]. From the possible
classifier algorithms, we reviewed and used SVM and HMM for this particular research.

HMM has 3 parameters: Start Probability, Transition Probability and Emission Probability[39].
Start Probability means the probability that the type that is labled as a tag exists first in a
sentence. Transition Probability means the ratio of probability of transition from given tag to the
next tag and the Probability of occurrence of a given tag. Emission Probability is the ratio of
probability of occurrence of particular word with tag t and the Probability of occurrence of a tag
t[39].

SVM: the basic idea of SVM is to maximize the margin between positive (correct answers) and
negative (incorrect answers) and mostly used in question answering for the purpose of answer
selection. To apply this algorithm set of training examples containing feature vectors of
candidate answers containing the key words, question type, question focus, question words,
named-entities are prepared.

45.2 Tools
Some of the tools considered for this research are POS tagger and NER explained in the design

section. These tools are very important for answer extraction in QA. Python programming
language used for the preprocessing and other tasks such as for developing the POS tagger and

NER, for the question classification, passage retrieval and answer selection tasks.
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Automatic evaluation of a question answering can be done using the standard evaluation
techniques such as precision, recall and F-measure. Precision measures the accuracy of an
answer, recall measures the exhaustivity[26], and F-measure is the harmonic mean of Precision

and Recall.

Evaluation of this study is mostly for accuracy or correctness of answers. Precision is calculated
as the number of correctly answered questions over the total list of answers (correct, incorrect
and no answer). The recall is also calculated as number of correctly answered questions among
the list of expected answer sets where documents are first checked for the presence of correct
answers[6]. Percentage computation is done for correct answers, wrong answers, and No answers
over the total answers which is the main evaluation criteria for many QA systems[6].

Correct answers

Precision =
Correct answers + Wrong answers + No answers

Correct answers
Recall =

Correct answers + Missed answers

2xPrecision*Recall

F — Score = —
Precision+Recall
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Chapter 5

5 Experiment and Evaluation

To make the experiment running we collected around 5000 sentences from different sources that
cover Ethiopian history. Then, as shown in appendix A we prepared around 118 questions that
comprises both factoid and list questions for testing the question answering. Out of the whole
questions, 21 are list questions and the rest are factoid questions. After the question preparation
the first task was question classification using two algorithms; one is done using the SVM
classifier and the other is using the HMM classifier. Then passage retrieval was performed using
tfidf to return the relevant sentecnes. The third task was answer extraction from the top ranked

sentence using NER. Then evaluation was done after both of the classifications.

We have used Ubuntu 16.04 as an operating system for development and testing. The hardware
component comprises of Intel core i7 CPU of 2.5 GHz, 8 GB memory, and 1TB hard disk.

The Python programming language (python 2.7 and 3) is used for developing the tools used in
this study such as the POS tagger and the named entity recognizer. In addition, the question

classification, passage retrieval and answer extraction components are implemented using
python.

As explained in the previous chapter an HMM POS tagger is developed to be used by the NER
and the question classification component. We trained the POS tagger with a sentence tokenized
and manually tagged training corpus and tested with a sentence-tokenized unseen test corpus,
which is 20% (1000 sentences) of the prepared corpus. Then the performance of the tagger is
evaluated automatically using accuracy and we come up with a 76% accuracy. The researcher
believes that the performance is reduced because it needs a large sized data for training. In
addition, the quality and type of the data also has an impact on the performance of the tagger.
Since the corpus is on Ethiopian history, there are different nouns referring different entities and
years representing events that occurred in the history of Ethiopia included inside it. After getting
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such a result, we have corrected some of the sentences manually in order not to affect the next
step (the NER).

The other tool used after the POS tagger was the NER as it is the most important tool in answer
extraction. A POS tagged and word-tokenized data is given for training and a POS tagged unseen
data was used for testing purpose. The NE tagger was trained using around 43,747 tokens and
11,500 tokens were used for testing. Then we got a precision rate of 72%. The quality of the

corpus we used has an effect on the result; for example, an automobile was written as “A @ (A"

and the NE tagger could not tag it with the appropriate class of named entities. The performance
of the POS tagger and the type of data for example: a name of a church that is tagged as an
organization, might also be a name of a place or a town that is tagged as a location affected the
precision rate of the NER. Since the corpus is a historical document there are different names of
people, places and organizations that are not encountered in the training data and the NE tagger
might just tag them as a noun or give them a wrong tag.

Evaluation of a question answering systems focuses on accuracy of answers returned. And
accuracy might be of different types as explained in [6]. Some of the question answering systems
might expect a full sentence as an answer. Other systems require exact answers with one word or
two. For example, for the question “¢ oo ¢ @% GAh ®L AFTeZe fh10@ 9Ty 1 @Y the

answer is retrieved as “¢-0 ath77". The full statement of the answer is "¢ ad6a, ¢ % (HAh @L
AP 2a104F &0 ahy7 §F®Y but in our case, as mentioned above the returned answer is

just an exact answer.

Evaluation could also contain how much of the questions are answered correctly, wrongly and
how much of it has retrieved no answer. Some of the answers are retrieved as their similarity
with the question type and named-entity with the asked question and end up being wrong. Some

questions might not return any answer because of the corpus or the answer extraction.

The experiment in this study focuses on correctness and exactness by computing recall and
precision. The actual performance of this system is evaluated by the number of correctly
answered questions from the corpus. The first evaluation is done on the question classification

phase as the more correctly classified the questions the more answer type can be identified easily
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and the more correct answer is selected out of the prepared corpus. Then the document retrieval

and answer selection phases are sequentially evaluated.

As mentioned in the previous section of this study, the evaluation of question classification is
very important as it determines the type of the expected answer and the extracted final answer. If

questions are classified wrongly, the retrieved answer will also be wrong.

The question classification with SVM classifier follows different steps. First, it separates out the
types of the questions in to their classes, then it checks for POS tag and NER of the words in the
training questions and use them to classify the unseen test questions using the SVM classifier.
Number of total questions used in the classification is 118 where we used 95 of the questions for
training and the rest 23 for testing. Given the training data, the SVM question classifier classified

88% of the questions correctly using automatic evaluation technique.

The HMM based question classifier is trained with 95 questions labeled with the types of
questions (°7z, 9°7, a7, ¢, a9 and list questions such as 9°7 9°7, ®+a, HCHC). Then the

classifier takes the training data and checks the probability of the type of question words labeled
according to the previous and next word then it will give the given label to the unseen test
questions. Then the classifier classified 80% of the questions correctly. We evaluated the
accuracy of the classifier using automatic evaluation technique.

Types of a7y gy a7t avf e+ List
questions questions
Distribution 38 6 10 19 24 21

51




Classifier Correctly classified Wrongly classified

SVM 88% 12%

HMM 80% 20%

As the documents we used for this experiment are sentence tokenized the retrieval process is
based on sentence level. Moreover, we run the question answering by selecting the type of
document, so there is no need of retrieval at a file level.

The document retrieval phase of question answering is also evaluated in terms of the relevant
sentences that are ranked on the top. In the document retrieval process, the most relevant
sentences are selected and the answer is further selected form the top sentence using NER.

Evaluation at a document retrieval level is important to check if the top ranked sentences or files
contain candidate answers so in the case of this study 82 of the top ranked sentences contain the
correct answers for the given questions and 36 of them do not contain correct answers. The
remaining three correct answers were retrieved from sentences that contain the answers but
according to the questions asked, the relevance of the top ranked sentences was not that

important.

To return an answer for a factoid question searching for a match in the NE tagged corpus will be
performed using the key word in the input question. For list questions, the search will be for the
co-occurrence of answer type with a candidate answer. If a match is found answer is extracted
from the top relevant sentences using a named entity recognizer, then the correct answer will be
displayed. Otherwise, nothing is returned. Sometimes a related sentence that could hold a key

word is retrieved as an answer.

This evaluation considers the correctness or accuracy of the final answer. We perform answer
selection based on the NER we have developed. The NER helps in getting the correct answer

type by looking at the named entities and it really affects the recall of the system. After this
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selection, answer was extracted and 85 out of 118 questions were answered correctly with in a
response time of 2 seconds. Then we calculated the precision and recall rate manually and

automatically.

Correctly Wrongly No Answer Precision | Recall F- Score
Answered Answered
85 questions 28 questions 5 questions 75% 72% 73%

The type of answer predicted using the SVM classifier helped the answer extraction well in order
to identify correct answers. As the two tables indicate the answer extraction component
performed well after the SVM classification than after the HMM classification. The HMM
classifier adds the type of the questions to the question words by looking at the previous and next
words. When it encounters different words around the question word, it behaves differently. The

researcher believes that the performance is lower because of this reason.

Correctly Wrongly No Precision | Recall F-Score
Answered | Answered | Answer
75 questions | 30 questions | 13 questions | 71% 63% 65%

¢RI AhAT PN TR T T i
PERSON

¥ AT AR afm [W2A VR NAT VTS,
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=11 MEUL=Nr=ray IO LELDULUR

3 simpleAnswering2 ListVer.py Lxt

P15 Al (17T haphl L4ENT
QUANTITY

80

The above figures show how the system returns answers to the asked questions. Both figures are
samples of the correctly answered questions. The system accepts a file containing the question

then prints the question type and then prints the answer.

Answer extraction component could be affected by the type of the question for example the
question “¢ @m\, @A P télLom- 19T AT 09T athhd 1 0C?” is asking for the countries that

signed the Wuchale treaty but the machine understands that the question is of a PERSON type. It
could also be affected by the retrieval component. If the retrieval component returns the wrong

sentence, the answer that will be returned is also the wrong one.

The overall performance of the system is affected at every stage or components. The accuracy of
the POS tagger is 76%. The rest (24%) of the corpus was not correctly tagged because the
training corpus was small and because of the quality of the corpus. This reasons resulted the
performance of the tagger to be low. Then this performance influences the NER in finding names
and tagging them appropriately, as the wrongly tagged parts of the corpus has some effect on the
NER. In addition, question classification is influenced as it uses POS and NER to determine the
type of the questions.

The performance of the NER is the result of the POS tagged training data, which affects the
answer selection and extraction component in such a way that if a place is tagged as an
organization the answer extraction might return a wrong, or no answer. In addition, some names
are not written correctly and the NER could not find and tag them. The NER also has an effect
on question classification as SVM uses both POS and NER for classification. The performance
of question classification affects the question answering by not returning the right type of
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question. If a question word is of person type and if it is classified as location, the question
answering cannot return any answer or will return a wrong answer. The performance of passage
retrieval affects the question answering by not ranking the relevant sentences at the top. This
could happen when the retrieval component finds the wrong sentences to be the top ranked. If the
top ranked sentence does not contain the candidate answer, the performance of answer selection
would also be influenced. As a whole the final performance or accuracy of the system is a result

of all of the components mentioned above.
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Chapter 6

6 Conclusion and Recommendation

In this study, we attempted to design a multi-type QA for Amharic by integrating factoid and list
questions. Both types follow the same architecture but have different answer extraction
techniques. After identifying the question types, we have extracted answers using co-occurrence
of answer types with answers in the corpus to return answer for list questions and a key word
matching technique for answering factoid questions. Using two algorithms for classification, we
have identified types of input questions. Doing this, SVM classifier returned a better result in
classification and answer extraction than an HMM classifier. The development of POS tagger
and NER also helps the QA in many ways as NER assists in getting the exact answer for the
proposed question. Therefore, we have realized that using NER helps gain a better performance
from previous works which attained an F-score of 72% [6] and 65% [8] and get exact answers

easily.

The performance of the QA system is affected by the different components as mentioned in the
experiment section. In addition, the type, quality and size of corpus used in the process
influences the performance of the tools mentioned above. From the experiment we did, we
realized that if the size of the corpus is increased the performance of POS tagger and NER will
also increase. Then the performance of answer extraction also increases. Finally, we conclude
that having a machine learning based question classification and using the appropriate NLP tools,

we can get a better performing QA for Amharic.
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After the results shown from the experiments the researcher believes that there are some

improvements that can be done for future works.

Having a quality corpus is a very important thing in designing NLP systems. Whenever
the size of the corpus increases the performance of the POS tagger and NER will also
increase. Therefore, researchers should prepare a corpus larger in size and in the domain
of their research with a good quality.

Ambharic WordNet should be applied as it contains word synonym hyponym and antonym
and this can increase the recall of a question answering. In addition, it assists in retrieval
of sentences containing candidate answers. If we have a WordNet a query expansion
technique can also be applied.

Question classification and answer type identification can be performed using other
machine learning algorithms and deep learning.

Researches done on closed domain question answering should also be applied on open
domain QA system and researchers should come up with an extended research work.
More over researchers should also integrate factoid and the other non-factoid question

and come up with a full-fledged QA.
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8 Appendices
A. Questions Prepared for Testing
1. %A A &PEO ¢ PLOAFO-OTEA 9°7 9°7 10C?
NANTS P NLTIL SAGA ANL+ hCOTPGH ¢ T G FD?
a0 7.8 ALt AT hakt R EA?
P oy A0 N4 10 T §FD?
AQNPT 18 aR(F PP ?
? A1 @-YHOTF AhAt +0A ¢ T et HCHC?
P80 AANA H47 AL gBF oap
PAANA P HDL AT LOAA?
PHER ACO av; 90+ ¢ a8 an @ @7+ 9T 1 @
10 N778C ¢4 ¢ A1 @UHAT 977 20A A7
11.0748 OChT+ oaT NAQFS A anhA (7T haot ARYT T LFTEA?
12. %0 AANA a5F DA L?
13. A% U070 09T A% P77 (42?
14.0A%0 A0 Aa%ars @ 1 H h OFNA 1 0 FO- avE ) @7
15. N AtFeS&P Aagary, @ 1.0 07 h ¢ +R Lo avF ) @7
16. vOTHA O & © e o, @-avE ) @F
17. A& PAA 703 LCET ANA ¢ U1 - avE 1 @7
18.20Ah av1 D149 am g P OL AFeAL L1 00T 1 @
19.¢ o e @ O (1C A40 ANA a5E 707
20.0AFeXe OAT HAG R Q+IUCTHC P HS 7O o) G FO?
21. AL T N2IAMCT A+ PO LDACOT 9T 1 0
22.2 h &P MC1 -+ avE +n%L?
23. 0 @B\, @A © 4L aDN9Tr AS 0977 1 0C?
24. 0K &P harh TRa@PR +LLTT ANLT MG AT 97 9% GFD?
25. 04 8P hah TRa@P? LT ANLST MG AT AT §FD?
26.0ATALG NAFERL MC anhA ¢ oo,  0-01.9 -+ 1 0C?
27.0h &P HIBF @ AH30 © MC ANDHT o7 977 1 (147
28.7 10 ThhA 0T QAT T 0472
29.A0 B4C PP+ QAQT G F@?
30.2 899 A% "L Ah AZT HCHC?
3189 A% L&D © tP0Gt 0T 1 @7
32.A% 00421170 oot hah a9 1 0C7?
33.0A4% 404 htam skt AN+ hCOEE ST FPEOE HCHC?
34.1718C ¢ ATAL PG NI Y F@-avE 1 (1C7?
35. A% 40 99E 1 1 (?
36. 4% 404 P0Gt kT 0?
37.h% 004 P tPN L@ T 1 @

© 0 NOUEWN
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38.2 A% NN4 ¢ 977 AR @7

39.2 A% 004 "Nt o FAAATF?

40.9 7 78C 09Ty ¢ o @ 17 0F @ A4t OTr o) G FO?

41. A% 004 29 @7 L1 NC?

42.004 V71 E7 £ANLOL T T ONC?

43.2 790 F PN AP 1 0C?

44 A& h 0T FG 9T 1 @7

45.0 8919 A% AP (+ AGT o FAAATF?

46. %17 A% AL A NATE AL ¢ OMD(NA7T+ Aavk 1 @

47.02 8917 K% AE P 4T A9° 977 LOAA?

48. A& WP P11 A@N9°7 A CD-a7; (T 1 @?

49.¢ Hayy a7+ THILL ¢ 1 C1T 97 1047

50. A% EPLCH ¢ PRt 0T 1 07

51. A% £EPLCH &0 AAT T AT .07

52.t2&ch 70 e 0Ty +b0?

53.2 A% ELL&CH AET 9T 9T G FD?

54.2 A% EPLLCH ACh+ 790 ?+hG o @9+ HhCAEST 1 @?
55.011848 .92 1 N & @ EPLCO MH+T L+ 2T fmPAN 1 0C?
56.¢ £0 AHTH @fl, PG hto90 -+ 1047

57.2Hav oM\ @7+ ¢ X @ A A Q-+ 9T ) @?

58.2 A% EPLCH OFLLP ATHDOTr 0AAN?

59.2 A% EPLCH P 4.LN NTHDOT; 2O0AAN?

60. &0 téé ahr 77 H oL e Ft 9% AhCateT 1 @?

61. 90,777+ UHN ah S HhEC NPCRNATEXE H4T AL ¢ a0 FTP 10Tt 9T G FO?
62. A% AN AT TWAC AOA ? 1P TO-a5E T 0?
63.NA7°I0H A1 C ¢ a4 & P LCH H 0L o Fam (1?
64.0009°7 AC@-av7 90+ @A TP N4 11703F PPO?

65. Ao, @ 11 (9%, Ah ai\h JFeaD-¢ Oad? 7 7HOF HCHC?
66. 281 ¢\ VEHL L AL NN M A °T) G F@?

67.¢ aBar, 0P ¢ WX ¢ MC o AN 97 FAAAT?

68.$47 1 4D TN 0-aRY & © 9T} 1 0

69.¢0 ANN ¢ +OA S ¢+ 1 @?

70. ¢80 £48 T TOAL?

71. 0146 09" h9°7 AH D8 & TFAN?

72. AL hAXPT 180910 O/ L T®-avE 1 @?

73. 0490k Aaot @ A e8P 01 AT T FUA OAT ? Thd- FAP ACNT o7 1 ©?
74 k%000 9T AP 1 0?

75. A% On@ P CNLL ¢ aay, ¢ @70 9T 1 @

76. 0%k A1 &TCO ¢ PLONAVFO-OTEAN 9°F 7 10C?
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77. 40 &PCh 7O 0EY? S Hookt @ 1 @

78. hE1 a1 NPSTR Y LANA G £ ZFOT ALT PN?
79.A0%4 Ao P hFeXeT MC L tPAPADNNT T Aaok T @F
80. PG PTPE ¢ NS KLET MhFeRE OAT LoD T+ ¢+ FhCATET 1 07
8L A%1 a7 ¢+ LHhCATETT AN ?

82. h-t1 a9 7 H 0L © -+ avE ) @7

83. 4% 72A0AN NAAT ¢ ® St avF ) @?

84. h 8.0 AN B +&L $LT?

85.790+ aq avF 11 AF?

86. 03P ANTALC LCA ¢ tom  +m-avE 1 @F

87.¢ L&KL AP C a1 & &CFF avF +am\ 4 +?

88.&hC 120 194 AFCXLET OW'TLHAT T F ¢ 0%t avF 1 @
89. ¢ adga; ¢ @-¢ YU ALZTI0F NASA ANA © +héot@-avE 1 @?
90.%%V AP 2T AN 147

9. AAAT HINOCP APSTR Y LANAN AT AF G FO?
92.P A 4AA ILTTA 170k P90 00T NC 9°7 LOAA?

93. N2k P40 A1 EPEAN AT HTFO-THCLCH §FD?

94. 070 AATY AT0F Th G 04 htA Fo0 FPF @+ G FD?
95.790+ a0 Ade&XeT AOTF Aok AN H8LC S0 F?

96. 10 ¢ &ALL N7 LK 1 @+ -0F

97.0 499 9", Ah ¢ 0 et o A+CT O o7y G F@?

98.0Ah4%0 ANA h-+o1¢ adar ¢ @9 oY Yy, -+ oy syasE -+n d+?
99. A0 am N7} O 9° P Tt © MC aw, 97 G FD?

100. h%1ADLPO ¢ 977 MG G TO?

101. P8R YA QAN AT 70 G FO?

102. Vs hUaR: @ 11 LADP + ) @F

103. A% TADRDONT 1 8ADT; 1 @Y

104. &7 WU aR: A TPOPD-P MC g gty 4 a9y ) @F
105. Ot & 9N & 29T TRt 1 04F?

106. ¢ AV ¢ AT &7 AT AP T 400 1 @?
107. Vs hUaR: @ 41 LA@-N9°7 MCY o+ 1 @?

108. A%HCA CASNATTT 710 1047

1009. PhSGHCh PASNPHDE AT LOAA?

110. A% HCA-P AN P TOAST ¢+ 1 @

111. PhS% HCh PASNAG FFOT) GFD?

112. Ph%HCh PhSNThFL o) 1 @7

113. A% HCh-2HhPNLLGT T 1 @F

114. A% HCh SASNONAHT T4 T T 0T @

115. A% HCh AN LLATFD0RY&T TPOT?
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116. LA NCY7 ¢ AFeXP PG 999 N4 FONTT: L1 T @F
117. A% HCh PASNTTIT A1 07?7
118. gk 207 AT Tk AteSP ACHENA TPVE ASP ? §L DN LH 1 @
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10.

11.

12.

13.

Sample Sentences Retrieved by the Sentence Retrieval
ok 7 ¢ TATOP P77k © ATOXL ACHENN TPV RSP 0 TLONLY-7 A Havt 1 (C

A% HCh £ASN7TN DUF N3A 70T ALY 11434 A1 (¥ NP 911436 H O/TFOY B

AN AAT VALIFOPLANL NCY T © ATERP PG N+ (4T

A% HCh £heNONHOL NTHFO-BOMT 770 NAWFFOPRTR SPT AT A G FFOTANT
NNz A9, 011399 A kb NAPH O7H A N +17 01 04 @<FAP +0NA 0 9%Fae-@-a7 L.C
P LCm4ATC NEA V1 C TOAS::

A% HCA £A®N NHOL A TFO-EAMT T? 0 NAQFFOPRTR SR+ AT NAG FFOT 0T
N2 A9 011399 A kb NAPTH @7 H A 0117 01 04 @FAP +0A 0 9%Fme-@-a7% L.C
P LCDEAIC NEA VTC TOAS L L4TIPNLD LOH: TG Y0P 1 D

A% HCA LA NHOL QATHFO-EAMT T? 0 NAQFFOPLTR SR AT NAG FFOT 0T
NNz A9, 011399 Ak.h NAPH ©7H A N F17 01 04 @<FAP +0NA 0 9%Fme-@-av L.C
P LCDLTIC NGEA V1C TOAS LL4FPNLD LOHE G Yo 1 D

A% HCA £heN NHOL QA TFO-SAMT T? 0 NANFFOPLTR SR+ AG NASG FFOT A0+t
NNz A9, 011399 A kb NAPTH @7H A N F17 01 04 @<FAP +NA 0 9%Fme-@-av L.C
P LCDLTIC NGEA V1C TOAS LL4FPNLD LOHE G V2P 1 O

AZ%HCA SASNNATCXEL 1103 26515 104

OHY LH P A% AN &TUNT A &PT a9t @ A avt @ 9127 OFLCT N&CY F TOmD-A ohi i
AN 47 ¢ A7 QXS TG ST F A-OHPE QANT AT 2PN TRLD 0 AT &7IAT

0 &Pt ha20 A0 80 hae 98-C L0 N &b N9 TONTAINE RS MCY T+ avo (1 1529
APANT A

NHY LH P A% AN &TUNT A &PT ad Nt @ A avt @ 9127 OFLET N&CY A+ +OmD-A i i
AN 4: 47T A7 NRGAS ST T A-HPE QANT A7 28N 9949 © AN £7AT
02T ha20 A0 80 hae 98-C L0 N &b NI TONTAINE RS MG T a2 (1 1529
APANT 4

OHY LH P A% AN &TUNT O &PT a0t @ A avt @ 9127 OFLET N&CY A+ +OmD-A i i
N4 187 A7 N&GTS ST+ A-HFPE QRN A7 2PN 9949 © A1 £791AT

0 &P nAa20 A0A 80 hae 98-C L0 N &P NPT TN TAINE RS MCY T+ aeo (1 1529
AJPANT A

0O IPRD-1 47T AV T A © TP DP@-P MC 0 gy (| PR Y 02 AT AAGLI° AADH. ALY
P Lo 1507 A.Phah Jvan 21 1543 A.9° (h.b.A) 1 OC

NHY PPF 0L 4G P AR 1ADRDA (&P MoK T +1 § 707 A FOF 0795 hC
Pkt 21 1543 ¢ 25 L0 MCY A+ e N PO D7t ALLAS 1477 11 LA
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C. A Sample NE tagged Corpus
1. 0114/B-PER ¢ +4°%/B-PER Afa/I-PER AS&/NN avr?/V ha/PRO  +£9YNN

1100V ¢47%®/B-PER +hAY 2K +5/I-PER 4Aa®/B-PER 4®+/I-PER @7 29YNN
10c/V /PUNC

2. 014/B-PER va717/NN fandofV ovy/B-LOC a9™/I-LOC AL2/PREP 10c/V
::/PUNC

3. re9™17/CONJ 070 /B-PER ¢am/I-PER a3 @/NN Havy/NN Aha/NN a+14/V
9CC/INN  af/NN hoviz/B-LOC AAMV hac/NN  e¢F/NN  ac/PREP
+ea+/V :/PUNC

4. 489V N/ A®LLT/ADV A74L110/V A¢7WINN AL/PREP m1a/NN
+82101/V :[PUNC

5. 17¢17/CONJ n1721/B-DATE @7 &efNN 4€+/B-PER adAa®/I-PER oz H/NN
aat1La/V nr 04tV +o08840F/NN Aa/PRO +ec/V 17104/V :/PUNC

6. 2A16FT/INN 720NN a9V +htalV Qee)V 7 omNN %07 2-+/NN n0h4/B-
PER Havz/NN ¢102F0/V Ate&P/B-LOC NaAeS/NN +7nhdA/NN ¢ -++0+0+/V
ATL10C/V 29NM/B-PER 04-0/1-PER ¢2t24/V :/PUNC

7. AHV/PRO gemaA/V (11h4/B-PER 195 /V @ [PUNC

8. Mm5/AD) f/PUNC ANNN ¢9®17%G/V 040/PRO 042NN o@FcT S /NN
Na/PRO 9MA/NN (qacFafV aoF/NN e+han/V xa7rer10nc/V  7h9B-PER
2I0/1-PER avioraA/V ::/PUNC

9. 07*r4/B-PER HG-02PA/B-ENTY AL/PREP ¢ddcofV v« /NN ¢ 7107 /B-PER
#4171 G /NN am\n9/NN Aa+8LC/INN LAV AA“W/NN <17/CONJ ¢ -t+aod/V
A7L10C/V 040/B-PER JHaA/V :/PUNC

10.07*+0/B-PER  0h4/I-PER  Havy/NN  H/ADJ  @C1+/NN  &A7T8A1045/V
AMHTO/AD) ¢7+0/B-PER h7&/INN f240/V ¢+70440%/V  £aa0E7/NN
YeA/INN anc/V eamhAT@o/NN a79a+7/NN Y2A/NN aemshc/V A7 8i1ac/V
F¢nINN A7 T0/NN 26 AL/B-PER AnZ/I-PER 261 44/V ::/[PUNC

11. 7¢h/NN AP @/NN 74/B-PER %71/I-PER n0ha/PRO Ahte52/B-LOC F4h/NN
Nn4/B-PER ¢encht+aofV Fa&/AD) Aa+P2/NN va+7@/NUM “ti+/NN 79a+/B-
PER 97 +®/I-PER A7 L1 04F/V eHa0ANV :/PUNC

12.2778¢/B-LOC  nt+e7?/I-LOC e e @/NN  a70F/NN  fas+/V 0145/B-PER
oy =/NN 9°% +P0/B-PER 1 04/V ::/PUNC

13.2014/B-PER ¢a®a, ¢ w/NN  “f-£/NN  ¢-+20HF@fV  AHV/IPRO A /V
vV72@0%/NN fa1100/V Aé0/PRO 004/B-PER 1 @fV 7TtTa/B-PER 0h4/I-PER
pasgar, /NN “R-+7/NN  h1a/V  0AA/ADV ¢ H47/NN  +hAA/NN  L4AT/V
://PUNC

14. +709ADV AHV/PRO aca+/NN: hNc/NN AQA/NN 0ka40/NN oa1/PREP
AOHNN ALCT/IV A0V “ttt/NN heZnofV 910/NN A7e0AF/NV Fowstq [\
@@y /ADV Al éA IV /PUNC
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15.hn14/B-PER 0&+/ADV 1 0@V 7+a/B-PER necH/NN aahe/V 2E99PRO
“RE/NN QHL ®/PRO A7 LPHF/V hetd/ADV ®4/NN ha+§ea/V hets/ADV
A-NC/NN ht+o+7 /NN A5 omt/V :/PUNC

16.014/B-PER QuvHN/NN H7?&/PREP hNC7?/NN ha17a+/V 0&@o/NN A74/NUM
NH/AD)  1LHE®Z/NN Qe P+5/V A7 /PRO 08/  (OadE/NN  uvi/PRO
A THP®Z /N Av++/INN ¢ +aco3/V @151/ 10C/V :/PUNC

17.0Hv/PRO uv2 /NN &A7&/NUM ¢7/NN +&08/V hag/B-LOC 72¢/I-LOC
0O+ e0/ADV a0V £4/B-LOC  AR/PREP  Jowg [N/ ha7&/NN  104/NN
0NN Al é/V ::/[PUNC

18.2H.2/PRO /NN aa+/NN ¢0CcY1/B-PER 91 &/I-PER  AQ+/NN  AUrr/V
A09YPRO  2oPw%/NN (01n4/B-PER +7haha/V  aaZ?+/NN  aansitofV
042 ®/ADV a10+/V :/PUNC

19.hA2/PRO  A7TL+aba@fVV  hagay, @ e:/NN  “Hi-+/NN  9%F/NN  0a/ADV
h&+5/ADV «c?+5/NN a-0c/NN g2e/V 10c/V :/PUNC

20.20/PRO QHU/PRO A78A/N 10C/N ACY1/B-PER ™ G/I-PER 09/NN ¢£4/V
07906 /NN a9INN 97 4+9-/B-PER +0A/V 40A/B-ENTY a/1-ENTY ¢1Fo/V
::/PUNC

21.0¢c7+5/ADV tCTM/NN 0+ /V h+eINN onv/PREP 21040%/V A815/ADV
(.¢/INN ve/PRO +2€99V 10C/NV 72477 /NN AmShe/V 0AA9ADV An+aek/V
ng&t+d/ADV An+P27 /NN £841F/V :/PUNC

22. R THPDL N ap g /N AN POV ANV k.h.AIB-DATE 1727/I-DATE A 2/PREP
e UHIT/NN a1 -aA0s/NN aaw+7/V 4a1/V :/[PUNC

23.AHV/PRO A74924@0/V ndacofV a0/NN oa+/PREP aefitia/V  a(H/ADJ
+5+/NN aese/V amd/V ::/PUNC

24.01.6@/NN 1 04/V a7 +/NN QHV/PRO +4&/NN 0eXq1 FFofV  9C9C/NN
+1a/V :/PUNC

25.0AHV9YCONJ ¢ h+ow/NN h7t0/B-PER at+evz9aa-+:/B-ORG wdé /NN HAN/NN
hAday\V :[PUNC

26.2v/PRO NHW/PRO A744/NV 7Ta/B-PER h+Ln¢ent/V ort/V oL/PREP L1.-
NCY77/B-ORG 0AM/I-ORG (hcatf?/1-ORG &.2a47/NN »2A0/V :/PUNC

27.0ra®/ADV ¢7/NN h7tao/B-PER A¢/CONJ ha/PRO 2C/PREP AN @+/V
e A4 T/V aoF/NN ¢ /NN &CL&/NN +.2 0 Faf\V :/PUNC

28.2 1147 /B-PER aorét/V thtddV h7E0og/B-PER 904/NN ANCE/NN F/ADV
aerr/V  eatew/V  vHM/PUNC  uv«/PRO  naWYAD)  +Lat/V &A7810CS/INV
N2A%ADV Qv eo+/NN o7/ afo:/NV an+oe+/NN  G0C/NN -1 at/V
NH@O/NN vHA/NN hh+29E/NN A7L00/V Yh9YB-PER 220/I-PER £514A/V
::/PUNC

29. 20715 /CONJ 7T+(/B-PER 2¢C G /NN 9 C+7/NN aadeL/V 0N4-/NN Q-fa/ADV
AL SV FaA/V :/PUNC
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30.2V7/PRO Atam\h-+/Vi 7+A/B-PER A51C/V ¢278C7T/NN vHNO/NN a7 Lowe/V
97/CONJ vHM/NN 0AZ4®/NN A7 Lot/ 09°%+/ADV +Sazh/V :[PUNC

31.a4004/B-PER HG-9"PAAN/B-ENTY A2/PREP &7 8+etintn/V 011726/B-DATE
A 2/PREP NaandV uvA+/NUM anawe 7 /V : [PUNC &ormren ¢ /B-PER 1.9C1.0/B-PER
: [PUNC ¢+04/V &h%0/AD) A1 +INN F700F/NN nag/B-LOC 7e#/I1-LOC
AL/PREP &A?+744.4/V ¢ 7/NN vHA/NN A/NN acePa/V ::/PUNC

32.01 00V 206G /NN ACA/NN 0CAH/NN PCTG/NN - %07 2-+/NN 00h4/B-PER
Havy INN NH/ADJ mC'1+/NN Adde 99V ::/PUNC

33.2u079/CONJ 049°+/B-LOC /PUNC n19%¢/B-LOC &4S/CONJ Aaz2/B-LOC
HauFo+7 /NN AhZ LAV :/PUNC

34.¢ ACB-ENTY (ST I-ENTY 72A/NN a1 3~+/NN aAdFA/V ™ &P/B-LOC
P/1-LOC 01 Fuv/PRO (&¢F/NN ¢prC/V aC/PREP ?a/V f /PUNC

35.4%99%YB-LOC ONHuv/PRO nht¢l@fV hed/NN ¢ +1 mr@fV (HV/PRO 1L.H/NN 1 @ofV
i [PUNC

36.A7¢2/B-LOC ¢+aam/V ehcatf7?/B-ORG A1C%INN ¢?ACNN & +/NN
aateane+/V hHv/PRO 0:AA/ADV AnPa+/V :/PUNC

37.0HV/PRO uve NN @aP/B-LOC ksa7/PRO FadV 07r0/B-PER  ANe/I-PER
a8 LCIV Eaw, [V /PUNC
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D. A sample POS Tagged Corpus

N0 4/NN ¢ +87/NN A2 /NN AZ/NN avrrz/CONJ ha/NN ¢L9V ¢%710+/V ¢4 /NN
+hAa? £9K 15 INN aha /NN 4 €+/NN o7 99NN 1 0c/V :/PUNC

N4/NNva71£7/NN £aAaLofV @y, /NN A9 /NN A &/PREP 1 nc/V ::/[PUNC

rT9YCONJ 17/CONJ 07+0/NN eami/NN e /NN Hovy /NN aha/NN Q-+1a/V
ACC/NN a2 /NN hovz /NN APV hacTYNN 15F/NN a ¢ /PREP +20+/V ::/PUNC

A28V Mo hf/V ADLLTINN 27421 10/V Ae7oINN 4 2/PREP mQa/NN +£410+/V
::/PUNC

77C7/NN 011721/NUM @7 £aoNN S 2+/NN aAAP/NN Qe H/NN aa+1L2a/V a1 04+/NN
+®.8.8 ¢4 ®F/NN A /NN +ac®/\/ 117 a/V :/PUNC

Pa16 7NN 720NN e@n9/NN +htadV QeeV o 7 omINN h7 £+/NN 00 4/NN
HavyINN €47 0ZFO/NN AFe&2/NN 0a&S /NN +7ha/NN ¢ ++a+aF/NN A7 0C/V
LM /NN 04-0/NN £+30/V :[PUNC

AHV/PRO eamaa/V 0né&/NN H9HG/ADJ  /PUNC M™mav.$/ADJ P /PUNC AM/NN
917GV (&ANN Q82/NN @32 TG /NN 0&A/NN 9MA/NN A FaofV  aoF/NN
e+hnn/Varernc/V Yy hgyNN 220/NN aoigaA/V :/PUNC

07 7+0/NN 1S -a2PA/NN A &/PREP ¢ (14.2®fV ZU&/NN ¢ 7107/NN &&71 +G /NN arvqa 99/NN
A0TSLCINN NLaes®V AAaTINN 97/CONJ ¢+ams/V w71 0C/NV N4a/NN JHANNV
::/IPUNC

07 7+a/NN 0h4/NN Havr /NN H/NUM @Gt +/NN A74AT 045V AHFo/ADJ ¢ 71+a/NN
h7&/NN  f240fV e+70s40%7/V ¢eaaqE7/NN  Y2A/NN aNc/V ¢ enhATo/NN
ay a7 /NN 7 2A/NN 09ns nc/V A7210C/NV F6n/INN A7To/NN 26 AL/NN AA7 /NN
251 &0/V /PUNC

F6nINN  APHo/NN  7A/NN 27H/NN 0nha/PRO  AAF%2/NN  F4h/NN  0hé/NN
enchtol/  FaR/AD) Aat+P2/NN  vat+t§o/NUM  9hi-+/NN - 79aa+/NN 97 +P-0/NN
A7TL1 0TIV eHaaAlV :/IPUNC

217 LC/NN n+o77 /NN ¢ e /NUM a7 0F/NN Last+/V 0nédG /NN efi+/NN 9°% +P0/NN
7 04/V :/IPUNC

? N14/NN 9®1/NN A80/NN : /PUNC ¢ 0n4/NN ¢ a86ars ¢ /NN /NN ¢ -+20H FafV
AHV/PRO Az /PRO U772 @% /NN 2011 Q@fV A &0/NN 114/NN 1 @/NN

7T0/NN 0 4/NN ¢ agarg ¢ NN “Hi£7/NN h7a/V 054 /ADV ¢ 147 /NN +h AA/NN L4A+/V
::/IPUNC
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¢P09YPRO AHYU/PRO aCh+H/NN h-0C/NN AQA/NV 14 %4¢0/NN oh v/PREP -0MINN & &C7 IV
AL 0.2V “ftE/NN heZ 0 ofV 10NN 277 20A T/ Jowsiq [V ai3ay [ADV A 24TV ::IPUNC

n0h4/NN 0&+HADV 2100V 71a/NN Qon/NN aaHS /NN eE99PRO e -/NN
AL o/PRO  A7LPHFINN  h&t5d/ADV  ©&/NN  aa+séa/V  hetd/ADV  a-0C/NN
N+ +7 INN A G om/V :/PUNC

Nn4/NN QuvHAO/NN H72/NN h0c7/NN ha17a+/V acofV a7 %/NUM /ADJ 1.H@% /NN
NN PHS IV aAét?/NN 08/ 09 E/NN v/NN A +HPDZ/N av++/NN ¢ +acso%/V
e N 1 0CIV IPUNC

NHU/PRO v% F/NN A7 &/NUM ¢7/NN +£08/V nas /NN 72#/NN (a-+9he0/NN 21V
% /NN A &/PREP Jowm [V a7 £/INUM 1 01 &/NN H/NN A cé./V :[PUNC

? L2/PRO (/NN aAQF/NN 2077 /NN 1 &/NN AQ+/NN Arr/V 249NN FoPiw% /NN
Nh4/NN+7haha/V am? i +/NN a0 SHFafV o8¢ o ADV A1 0+/V :/PUNC

hA@/PREP A7Ltaa@fV hogoy ¢ e+:/NUM i +/NN °F/NN 05A/ADV he+5/ADV
«CY71TS/NNTANC/NN g22/V 1 0c/V :/[PUNC

LU/PRO NHYV/PRO A7 4AN 1 0C/V NCY 't INN 1 (/NN 0972 /NN ¢2¢/V 07105 /NN 0 99NN
97 +P-UNN 04 /V 4AA/NN 29*/NN ¢ 7 a-FafV ::/PUNC

N&ec? S /INN PCTG/NN 0+ /V nt99INN oa/PREP ¢1 002 /NN AL15/ADJ) /NN
U/NN +2e9YV 1 0c/V YeA7/INN Aaghe/V n2a9yADV an+9+/NN  he+d/ADV
AatP27/NN 2221 +/V ::/[PUNC

AP THPOLINV a Mg/ A AN POV ANV h.b.0/ABBR 1727/NUM A &/PREP ¢ yH(KZ /NN ay -
A0S /NN Ao A+7/V .41 /V :/[PUNC

AHV/PRO 4749240/ 1 &ofV 990N/NN @oh 7/PREP nafii91/V a-/NUM ¢4 +/NN a g3e/V
mé/V :/PUNC

NLH@/NN 2704/ a7 +/NN QHv/PRO T+42/NN (0eX g7 aFof\/ <1ca1C/INN +1 a/V
::/PUNC

N AHYIYCONJ ¢ h+ow/NN 2 £Q/NN 0 0+a97 20 =/NN Hé £ INN HA/NN A$arV :/PUNC

2V/PRO NHU/PRO A74A/NN 7714/NN hteaent+/V ot/ of/PREP 2N0Z-NC?7/NN
AA QNN Hhcate 7 /NN 8.4 7 /NN pa0/V :/PUNC
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E. A Sample of the Question Answering

No_ | Test Questions Returned Answers Expected Answers Remark
1 NhLP HaoF @ hAeAP ¢ mC Pl (B PN AT (WL (R 6 0 Thhh 2
AONDHT 97y 977 1 (14?2 S0 a1 q 710 tha ah}y 0 o1 q Correct
7 27Kt 70 thA Y e 8T
2 70t A0 ATEXeT AQTT
2
havt A N8 LC $P 7 K e 31 Wrong
3 PANRT 74 aRF PPA? TAa aX.q AN
&0 TH A
- No
Answer
4 P aBas 0P AH&EL £ (MC
a1 907 A ATF?
Hég R40 Hé8 R0 Correct
5 ALP MC -t aVF B L7 1888 A .9° 1888 h.9° Correct
6 ¢ O, DA P T4.L 00Ty AG
?
em rnc: g ah 9% ah AICALS RN | Wrong
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F. The Training Code for POS Tagger
from read_data_from_file import *
from math import log
import sys
class CalProbabilities:
def __init__ (self):
self.word_tag_count = {} # dictionary to store the number of occurrences for a given word-tag comb
self.word_count = {} # dictionary to store the number of occurrences for a word

self.trigram_tags_count = {} # dictionary to store the number of occurrences of triplet or trigram of
tags

self.bigram_tags_count = {} # dictionary to store the number of occurrences of bigram tags
self.emission_probabilities = {} # dictionary to store the emission probability for a given word-tag
self.transition_probabilities = {} # dictionary to store the transition probability for a given trigram
# a dictionary containing all the tags for every word. So key is a word and value is a set/list of tags
self.word_tags_set = {}
self.unique_tags = set() # a set of all unique tags in the training corpus
# calculate the word-tag counts and word counts and populate the respective dictionaries
def populate_count_dicts(self, filename):
read_files = ReadFiles(filename)
all_tuples = read_files.word_tag_tuples()
self.word_tags set = read_files.word_tags
self.unique_tags = read_files.unique_tags
for sentence in all_tuples:
for i in range(2, len(sentence)):
# populate word-tag dictionary
if sentence[i] in self.word_tag_count:
self.word_tag_count[sentence[i]] +=1
else:
self.word_tag_count[sentence[i]] = 1
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# populate word count dictionary
if sentencel[i][0] in self.word_count:
self.word_count[sentence[i][0]] +=1
else:
self.word_count[sentence[i][0]] = 1
# populate trigram dictionary
words_trigram = (sentence[i-2][1],sentence[i-1][1],sentence[i][1])
if words_trigram in self.trigram_tags_count:
self.trigram_tags_count[words_trigram] +=1
else:
self.trigram_tags_count[words_trigram] = 1
# populate bigram dictionary
words_bigram = (sentence[i - 2][1], sentence[i - 1][1])
if words_bigram in self.bigram_tags_count:
self.bigram_tags_count[words_bigram] += 1
else:
self.bigram_tags_count[words_bigram] = 1
def _save(self):
dictionary = {"transition": self.transition_probabilities,
"emission": self.emission_probabilities,
"word2tag": self.word_tags_set,
"unique_tags": self.unique_tags,
"bigram": self.bigram_tags count}
output = open("hmmmodel.txt", "whb")
pickle.dump(dictionary, output)
output.close()
def run(self, filename):
self.populate_count_dicts(filename)
self.calculate_emission_probabilities()

73



self.calculate_transition_probabilities()
self._save()
# calculate emission probabilities
# p(word/tag)
def calculate_emission_probabilities(self):
# getting key value pair from dictionary word_tag_count
for word_tag, word_tag_count in self.word_tag_count.items():
# emission probability for a word-tag pair.
# no. of occurrences of a given word-tag divided by no. of occurrences of the word.

self.emission_probabilities[word_tag] =
log(float(word_tag_count)/float(self.word_count[word_tag[0]]))

# calculate transition probabilities - trigram probabilities - tag given previous two tags.
def calculate_transition_probabilities(self):
# getting trigram tuple(key) and count (value) pair from dictionary
for trigram_tuple, trigram_tuple_count in self.trigram_tags_count.items():
# getting bigram count
bigram_count = self.bigram_tags_count[(trigram_tuple[0],trigram_tuple[1])]
unique_tags_count = len(self.unique_tags)
# transition probability
# adding one to numerator and unique tag counts to denominator for smoothing

self.transition_probabilities[trigram_tuple] = log(float(trigram_tuple_count+1)/float(bigram_count
+ unique_tags_count))

if _name_ =="_ main_ "
filename = sys.argv[1]
prob = CalProbabilities()

prob.run(filename)
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