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Abstract

A question answering system is one of the disciplines under an information retrieval that displays
precise expected answers from the huge documents for a specific question. The existing QA system
doesn’t support visually impaired Amharic monolingual speakers. Hence, those users cannot able
to access the required information. Therefore, this study focused on developing an interactive
interface using both Amharic speech recognition and synthesizer for factoid question answering
with an automatic question classification. Besides, it gives an emphasis particularly on designing

audio application for visually impaired Amharic monolingual speakers.

This study is conducted for designing and constructing to automatic question classification for
speech-based Amharic question answering. To this end, concatenate phoneme unit selection
methodology is used for speech synthesis and SVM for question classification. After all, speech
recognition, question answering, and speech synthesizer are combined to construct the study.
Accordingly, various tools were using in order to construct a prototype of the system. For speech
recognition, sphinx4 decoding tool; for question answering Lucene, LibSVM, and for developing

the whole system, java NetBean 7.1.1 were used.

We have used 22600 news articles from different newspapers (Ethiopian News Agency, Ethiopian
Reporter, and from the cloud) which are prepared in 4542 files for training and testing. In this
study, used 2,016 speech question sentences corpus by 24 (9 Female and 15 Male) different
peoples, each having read 84 question spoken words and the questions are numeric and person
related. The experimental results of speech recognition system achieved 85.58% of accuracy.
Furthermore, the speech synthesis correctly pronounced 80.86% with 3.17 and 3.45 accuracy in;
intelligibility and naturalness based on MOS. In addition, the SVM question classification provides
73.91% precision and 94.44% recall and 82.92%F-measure.

In general, the speech-based Amharic question answering system achieves 72.75%. The challenge
of these study is, it didn't use a synonyms words to parsing a query. Therefore, as recommendation
designing and developing semantic similarity using ontology based structure is needed to enhance
the performance of Speech based Amharic question answering system.

Keywords: ASR, Question Answering System, Question Classification, TTS.
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CHAPTER ONE
INTRODUCTION

This chapter presents the overall concepts of the thesis and it is organized into seven sections. The
first section illustrates the background of the study, and the remaining sections present statement
of the problem, objective of the study, significance of the study, methodology, scope and limitation

of the study.
1.1 Background of the Study

The internet can run one or more applications that are published and retrieved using WWW from
all over the world. The web has a large number of databases that can store multimedia information
in the form of text, image, audio, and video in different repositories. The repositories are containing
a number of Amharic documents on the web. In recent years, the technology is growing very fast
and the people are able to easily access information using the internet from their computers, such
as a laptop, desktop, mobile, etc. [1]. The reason for easy accessibility of information on the
internet is due to two mechanisms [1, 2, 3]; Information Retrieval (IR) and Information Extraction
(IE). As a result, Information Retrieval and Information Extraction are becoming very important

for effectively looking up and making use of this information.

The IE technique involves NLP tools for precisely indicating a correct text. IE is a deep analysis
of queries (i.e., user questions) to understand the users’ intention as well as deep analysis of the
document to extract correct answers (sentences or passages). The users’ were not satisfied with the
performance of the search engines since they are only able to return ranked lists of the related
document [4]. In order to return exact answers which are asked using natural language, relevant

documents should be retrieved using question answering system.

In the above-mentioned issues in search engines as a solution varies scholars propose question
answering (QA) system [5, 6]. QA is one of the IE techniques that is used to extract precise answers
for a specific question. It is a task in NLP that will automatically deliver answers to questions

posed in natural language [7]. QA system was also proposed in different local language [8, 9].

For a question given in a natural language, the question type and the expected answer type should

be analyzed. There are different question types, such as acronym, counterpart, definition [9],

1



famous, stand for, synonym, why, where, when, who, what/which, how, yes/no and true/false.
Where, who, when, which, yes/no, true/false, etc. are kinds of factoid questions. As an example,
“where is Mt. Ras Dashen located?” is a factoid question type seeking location. The study focused
on the factoid question answering system. Two types of QA system that are an open-domain or

closed-domain [6, 8].

Open-domain QA system supports any domain questions and answers which are collected from
different sources, such as; internet, reporters, newspaper, and articles. Open-domains which are
questions almost about everything. In closed domain QA system, it is designed only for a specific
domain such as medical, Agriculture, Law, and Aerospatiale. There is a different type of questions
in QA, such as factoid (like who, when, where, how much, etc.), definition (like How, why),
opinion, comparative and evaluative questions [6]. The answers are extracted from the document

in the form of passages based on the question type.

A QA system includes; question processing, document processing, and answer extraction
components. The question processing module is responsible for determining the question types,
the expected answer types, question focus, and determines the proper question to be submitted to
the document retrieval component. Determining the question type, i.e., about what the question is,
and what be able to done with the help of SVM question classification. The SVM question
classification is known with the help of the question focus. The expected answer type is directly
related to the question type and the question focuses. The crucial goal of determining the expected
answer type is to easily extract the correct answer by the answer extraction module. The question
processing module also generates a proper question that will help in matching relevant documents
that might allow the correct answer. The document retrieval component is responsible for
retrieving relevant documents from a collection. It is comparable to IR systems where IR systems
such as search engines deliver relevant documents to the user based on the question submitted. It
is clear that the document retrieval component is essential as an irrelevant document result in a
wrong or NO answer. The document retrieval component might incorporate paragraph/sentence
retrieval depending on the needs and techniques used in the QA system. The answer extraction
module, which is the very core component of QA systems, involves different techniques in
extracting the correct answer. This module will apply different algorithms and techniques to

correctly determine the exact answer. It applies maximum effort in selecting the best answer and



incorporates a number of techniques. The performance of question answering system is evaluated
from different angles. The main evaluation criterion is correctness of the returned answer. The
correctness of the returned answer has different variations based on different systems. Some QA
systems need the answer to be exactly such as person name and place name whereas others
consider sentence or paragraphs bearing the correct answer is acceptable as an answer. Some QA
systems also accept ranked answers so that the system will be evaluated based on the availability
of the correct answer among the top n answers while others strictly require only the top answers
as acceptable. The second evaluation criterion is the efficiency of the system towards processing
time and memory space. Most of the time, QA systems will take a considerable amount of
processing time and negatively affect the response time.

QA is regarded as requiring more complex natural language processing (NLP) techniques than
other types of information retrieval, such as document retrieval [10]. Users expect very concise
answers for factoid questions. For example, a question “Who was the first person to climb Everest?
Or Where is Taj Mahal located?” are factoid questions which need a brief answer; “Edmund
Hillary and his Sherpa guide Tenzing Norgay were the first humans to reach Earth's highest point:

the summit of Mount Everest in the Himalayas. “Taj Mahal is located in Agra, India” respectively
[11].

1.2 Statement of the Problem

Nowadays, there are 1.28 million visually impaired persons living in Ethiopia [12]. And also, as
to the World Bank and World Health Organization, there are estimated 15 million children, adults
and elderly persons with disabilities, representing 17.6 percent of the population [13]. Those
visually impaired users cannot access the internet to get information from the information
repositories. In the previous year’s visually impaired users extract information using a screen
reader that was working only on DOS operating system, not in a graphical user interface [14].
Screen readers are expensive, and not installed on most computers. These problems collectively

limit the accessibility and usability of information for the blind users.

Furthermore, the intended research covers the problem behind visually impaired users especially
for those who can understand and speak the Amharic language. Currently, there is a significant

number of Amharic documents on the Web. The software which allows the users to extract the



information from the web such as; screen reader presents web content visually, it converts text into
'synthesized speech’ allowing the user to alternatively listen to content. However, the content is
not localized, which can’t be understood by users other than the one who can understand and speak
the English language. Due to this problem usage of a web page can be difficult for the visually

impaired users and illiterate that speak local languages, such as Amharic.

A Question answering (QA) system is a great solution to get essential information to the users’
with the help of IE. Seid Muhie [8] done a research of Amharic factoid Question Answering
System. This work was done using a rule-based approach to formulating natural language queries
classification. Even though the traditional question answering systems developed in the local
language, still, the contents are text based thus they cannot support all users such as visually

impaired, aged, handicap and illiterate people.

Moreover, most of the mobile users prefer mobile devices to perform their tasks. Mobile devices
are becoming the dominant mode of information access despite being troublesome to input text
using small keyboards and browsing web pages on small screens [15]. The text based question
answering system was time-consuming and users are not interested as compared to speech-based
QA systems [15, 8]. The speech-based question answering systems have worked in different

languages in the world and it solved the problems of text-based.

Various studies have been done on a voice-enabled search on different languages to address the
issue particularly with disable people. The research done by Mishra and Bangalore [5] is based on
“Speech-based Question-Answering system on Mobile Device” which is used to bootstrap
methods to distinguish dynamic questions from static questions and he showed the benefits of tight
coupling of speech recognition and retrieval components of the system. In addition to that, the
research was done by Hu, Dan, and Wang [16] conducted an open domain question answering
systems with a speech interface. The developed prototype is constructed with three separated
modules; speech recognition, question answering (QA), and speech synthesis in which the speech
interface improves the utility of QA system.

Belisty [15] come up with a prototype of “Towards Amharic Speech Based Factoid Questions
Answering” that takes speech questions and provides answers in the text form. That means the

system doesn’t support visually impaired Amharic monolingual speakers. The speech recognition



training data was with a limited a speech corpus. Thus, it is difficult to recognize a speaker
independent [17]. He had done using manual question classification. A rule based which is difficult
for construing based on a rule to classification of a question. Inarule-based question classification

attempts to manually that all rule must be exits otherwise, didn’t working a QA systems.

This research, therefore, aims to design a prototype of Automatic question classification for speech
based Ambharic question answering and to reduce the challenge of visually impaired users for

access information from large documents.
To this end, the following research questions are explored and answered in this study:

+ How a question classification can be constructed for question answering?

+ How a continuous Amharic speech recognition system can be constructed for factoid
question processing?

+ How a speech synthesis can be integrated for factoid question answering?

+ To what extent a speech based Amharic question answering prototype is effective?
1.3 Objective of the study
The general and specific objectives of this study are discussed as follows;
1.3.1 General Objective

The main objective of this study is to design a prototype of Automatic question classification for
speech based Amharic question answering that allows visually impaired users.

1.3.2 Specific Objectives

In order to achieve the general objective, the following step-by-step specific objectives are

accomplished to complete the research in this study;

» To review the literature and related works so as to identify the gaps, suitable techniques, and
approaches in the area.
» To analyze and identify the methods, techniques, and tools in the research components,

such as speech recognition, speech synthesis, and question classification for QA system.



» To construct a model for speech recognition, QA, and speech synthesis with an Automatic
question classification on Amharic speech question corpus, documented data, and
phonemes recorded database.

» To integrate both Amharic speech recognition and speech synthesis within enabled
Ambharic question answering system.

> To develop a prototype of Automatic question classification for speech based Amharic
question answering.

> To evaluate the performance and user acceptance of the proposed prototype.
1.4 Scope and Limitations of the Study

The scope of the study is to designing an Automatic question classification for speech based
Ambharic question answering that can retrieve and extract information using Amharic speech so as
to get information from Amharic documents and produce in the form of audio. Hence, it integrates
STT and TTS into question answering systems for converting speech to text for searching and text
to audio for providing a search result.

The proposed systems are developed by the medium vocabulary that uses a Speaker independent
continuous Amharic speech recognizer and a speech synthesizer. The collected corpus is prepared
using recording techniques from different users living in Debre Berhan University staff and
students for training and testing. In addition to Amharic question answering document with its
corpus developed by [15], add more data in this study for training.

The major challenge of the system is due to structure matching algorithm, the questions are not
clear and they don’t have semantic similarity with WordNet. Wrong answer or no answer results
in type’s answer of the indirect question. It is better to use semantic similarity parsing analysis in

terms of ontology concepts.

Furthermore, a question classification is focused only person and numeric data for the sake of data
limitation. Because, it is difficult to gather corpus that means there is no standard Amharic corpus.
In this study is not focused on Amharic dialects.



1.5 Methodologies of the Study

The term methodology is derived from a Greek word, denoting the practice of analyzing different
methods, implying a set or system of methods, principles, and rules for regulating a given
discipline [18]. As explained in [19], research methodology is a way to systematically answer the
research problem. It is able to understand as a science of studying how research is done
scientifically. Therefore, the following approach, methods, techniques, and tools were used with
the aim of achieving the general objective of this study. The following methodologies were used

in the course of this study.

1.5.1 Research Design

This study follows design science research approach, which is commonly used in design and
development integration sciences, such as information technology, computer science, information
sciences and software engineering etc. It is a collection of research designs which uses design and

develop to understand fundamental processes.

The design science research methodology is worked by different researchers [20, 21, 22]. The
DSRM presented here incorporates; principles, practices, and procedures required to carry out such
study. It meets three objectives; it is consistent with prior literature; it provides a nominal process
model for doing DS research; it provides a mental model for presenting and evaluating DS research

in software engineering and information systems.

Therefore, in this study we focused on more related Design Science Research Methodology
(DSRM) that was done by Peffers et.al [21]. Peffers et.al [21]DSRM process includes six steps:

Problem identification and motivation;
Definition of the objectives for a solution;
Design and development;

Demonstration;

Evaluation;

o o~ wbd

Communication.



The study is designing as a result of the researcher’s activities. The artifact is then evaluated, giving
feedback about what is good or bad about it, telling us what can be done to improve it, and gives

further understanding of the problem.

1.5.2 Literature Review

Before build and evaluate the system, gathers a related literature from journal articles, books,
conference papers, and the Internet have been reviewed for understanding concepts related to
automatic speech recognitions, speech synthesis, question answering and Amharic language
phonetics and writing systems. In addition, we reviewed also conducting to be similar to with the
previous research for Amharic factoid QA system [8, 15]. Then, the best techniques and tools were

analyzed, selected, adopted and adapted that modified with the intention of constructing a system.
1.5.3 Corpus Preparation

These study uses large number of Amharic documents and speech corpus for training and testing
purpose. The first tasks are a voice or text corpus source data was prepared. The text corpus is
collected from Seid and Belisty [8, 15] and from the internet, newspapers, fiction, books, etc. Then,
these sentences are recorded while spoken by the target groups. Then the recorded data pass

through segmentation and labeling steps for each sentence.

The researcher used 22600 news articles from different newspapers (Ethiopian News Agency,
Ethiopian Reporter, and from the cloud) which are prepared in 4542 files. In this study, used 2,016
speech question sentences corpus by 24 (9 Female and 15 Male) different peoples, each having
read 84 question spoken words and the questions are numeric and person related. The research
design methods that are important for developing a speech based Amharic factoid question

answering.
1.5.4 System Development Methodology

After prepared data, the prototyping approach is followed to build the speech-based Amharic
question answering system. The components have to integrate and coordinated to construct the

architecture of a speech based Amharic factoid question answering.



1.5.4.1 Automatic Speech Recognition

The first procedure is to design Amharic speech recognition that able to identify the incoming
voice (question) from the user and convert into a written text form. Reviewed literature papers that
used a speech recognition approaches (i.e. Acoustic Phonetic; Pattern Recognition Approach;
Artificial Intelligence approach). Most research also used pattern recognition approach which is
stochastic Hidden Markova Model. The adopted techniques have (i.e. speech signal analysis,
feature extraction, speech capturing, acoustic front end, lexical model, language model and

Decoder) process into the text-based question.
1.5.4.2 Question Answering

The second task is formulating an Amharic factoid question answering system. In QA system
obviously, there are three fundamental processes [8]: question processing, document processing,

and answer selection and extraction.

In the question analysis component responsible for determining question type (such as a person,
time, place, or quantity) of the income user’s requests. It is working by Automatic question
classification using machine learning (statistical) approach. Support Vector Machine was using to
classify the question. In this research, there are two class to classify by question classification thus

are; person and numerical data.

Document retrieval is a component which receives generated queries and looks for documents
containing information related to what the user asked. This searching is made in the index directory
containing indexed documents. When relevant documents are found, they will be ranked and

returned to the answer extraction component.

The answer extraction is a component that extracts facts which are believed to be an answer to the

user’s question.
1.5.4.3 Speech Synthesis

The last task in this study is a synthesizer convert resulting answers (strings character) into an
audio waveform. In speech synthesis, there are several approaches and methods, such as acoustic

synthesis, articulatory synthesis, formant synthesis, and concatenate synthesis (Domain synthesis,



Diaphone synthesis, and unit selection synthesis). But in this study, concatenate unit selector
approach in phoneme based is used.

Finally, design and formulating of the proposed architecture of automatic question classification
for speech based Amharic question answering. Besides, to design the study used to different

implementation tools were used.
1.5.5 Implementation Tools

Software and tools were used to build the designing and constructing the system to accomplish the
research tasks. Most of the techniques and tools are adopted and added some software tools from
the previous researches’. To design a model of the study are used NetBeans 7.1.1 Programming
language tools. Java is a robust and independent platform. In addition, Lucene was used for

question answering.

The speech recognition was used these tools sphinx-3, sphinx-base and sphinx-Train, and sphinx4
for the purpose of training phase. Most of those tools have a clear procedure to construct STT and
TTS in this system. LibSVM is used for Automatic question classification and prepared SVM
model, which is written in java programming language. Wave Surfer also a speech analysis tools
were used to analyze the speech and extract the formants and other relevant information from the

speech file.

Based on in the above implementation tools, the researcher can be designed and constructed
prototype with the three separate components which are integrated using java programming
language NetBeans 7.1.1 in windows10 for the corei5 computer. Next, the implementation of the

prototype is to demonstrate further system evaluation.
1.5.6 Evaluation Methods

The system evaluation procedures follows two general performance testing methods. The first

method is evaluating the performance of the system and the next is user acceptance testing.

In the training part, 37 and 45, person and numerical question data types are used for question
classification. Furthermore, the test dataset use of 23 question sentences with two speakers. In the
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synthesis part, 10 users were used for testing a naturalness & intelligibility of the system, and user
acceptance testing.

Initially, the accuracy of the system performance is measured based on the Amharic speech
recognition, the Amharic question answering system and Amharic speech synthesis are tested
independently. The evaluation of speech recognition in terms of the word or sentences that are
accurate matches by using sphinx tools. And also, the accuracy of the question answering system
model is evaluated based Precision, Recall, and F-measure. In addition to evaluating the question
classification before and after the integration. In the speech synthesis part, two tested
measurements were used those are correct pronounced, and based on MOS accuracy of
intelligibility and naturalness.

Lastly, User acceptance testing (UAT) is the last phase of the software testing process, the aim of
undertaking user acceptance testing is to make sure how well speech based Amharic question
answering is performing on the users so as to make sure that the system is accepted and usable by
users. Ten users were selected to test the system.

1.6 Significance of the Study

This research shows some interesting results in this direction. It is supposed that the STT and TTS,
However, are mainly developed for a general audience, could be a great support to the visually
impaired users, disable and non-literate communities of the social order who have been put aside

in recent technology.

The study is able to find out the required information from larger documents. The most significance
of the study reducing the gap between a physical challenge of the people and the World Wide Web.
The SBAQA usually has different intentions than a person using traditional Amharic text-based
retrieval. Similarly, while the fundamental search algorithm is the same for both voice and
traditional search. The research provide a solution for visually impaired users who prefer Amharic
speech based for a blind person to access Amharic document. And also, the importance of the
study is uses to in different commerce application through speech based human-machine

interaction.
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The findings of this study could contribute to the understanding of speech recognition components,
question classification techniques in QA systems and speech synthesis components that are
important for the designing of the system. The study can serve as a reference tool for people in
academia to know what accounts question classifier for speech based local language QA system

and operations in both study areas.

The findings of the study will be of enormous benefit to different application area government,
multi, and bilateral development partners, for education purpose and towards designing future

studies, and Ethiopian disabilities peoples especially to visually impaired users’ and illiteracy.
1.7 Thesis Organization

This thesis is organized into six chapters. The first chapter discusses the background of the study
and statement of the problem. It also presents general and specific objectives of the study, the
methodology of the study, scope, and limitation of the research and significance of the formulated

results.

In Chapter two, literature is reviewed to get a good understanding of the topic and find gaps
related to the topic. Comparison and contrast of information retrieval and information extraction
are stated. Related to Automatic speech recognition, speech synthesis, and Amharic language
towards QA system are also described in this chapter. This Chapter present what a question
answering mean to have a good understanding of QA and details about factoid question. We
present the high-level architecture of a typical question answering system and its components.
ASR is also discussed in detail in a subsection of this chapter. Speech synthesis is also briefly
discussed in this section. The tools and techniques used in designing speech based Ambharic
question answering are stated here. Finally, related works done on the study in different languages

are presented by different scholars.

Chapter three discusses the basic components of the proposed architecture for designing a speech
based Amharic question answering and their interaction. Different components of the proposed
system were discussed. ASR component, Question answering components and speech synthesis

used for proposed architecture are briefly discussed in this chapter.
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Chapter four is about the detail designing (implementation prototype) of the system. It discusses

the algorithms we used in achieving the goal of every component in the system.

Chapter five deals with the experiments done in every component and the results achieved

together with explanations of how such results happen.

Finally, based on the findings of the study, conclusion, and recommendations for the research are

stated in chapter six.
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CHAPTER TWO
LITERATURE REVIEW

This study reviews the state of the art in designing an automatic question classification for speech
based Amharic question answering especially to visually impaired users and handicap peoples to
get relevant information from the large documents. It is a kind of information retrieval systems
that retrieve precise information from large documents. Information retrieval (IR) is the way of
finding documents of an unstructured nature (usually text) that satisfies users an information need

from large collections (usually stored on computers) [3].

This chapter provides a review of the literature and related works so as to identify the gaps,
approach, and techniques in five areas related to this study: question answering systems, Automatic
speech recognition, speech synthesis, the Amharic language phonetics & writing systems and the

integration of the systems.
2.1 Question Answering Systems

Question answering (QA) is the discipline of information retrieval that is characterized by
information needs that are concerned with the retrieval of accurate answers to natural language
questions from a textual corpus [7]. The purpose of a QA system is to find the correct answers to
user arbitrary questions in both non-structured and structured collection of data [23], [24]. It takes
the question of natural language as input search and extracts precise answers from the large
collections of the document within the corpus. The previous information retrieval techniques
display the ranked list of documents, not the precise answer to the users of questions. QA system
is related to Natural Language Processing, Information Retrieval, Machine Learning, Knowledge

Representation, Logic and Inference, Sematic Search [25].

In recent years, many international questions answering contests have been held at conferences
and workshops, such as Text REtrieval Conference (TREC), Cross Language Evaluation Forum
(CLEF) and NII Test Collection for IR Systems (NTCIR) [16]. QA system are classified into two

main categories from the domain of the application (open domain or closed domain) [6].

Open domain question answering studies everything and rely on general ontology and world

knowledge. Closed-domain question answering deals with questions under a specific domain (for
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example, medicine, sport, weather forecasting, etc.) and can be seen as an easier task because NLP
systems can exploit domain-specific knowledge frequently formalized in the ontology.

QA system attempts to deal with a wide range of question types including; fact, list, definition,
how, why, hypothetical, semantically-constrained and cross-lingual questions [10]. The research
attempt to an open domain of Factoid question answering since the research studied with such kind
of questions. These include questions, such as “Who is the President of Ethiopia?”’/“?A F¢-%f
TSHA T 917 1027 and the expected answer is a person, and “How much does one kilo of sugar

cost?” or “PA7L hude AC P2 O 1@-?” The expected answer is numerical.

There are two types of semantic resources that have been utilized to answer factoid questions [7]:
the first one is syntactic parsing techniques to analyze questions for syntactic structures and to find
phrases in the knowledge source that match these structures. The second one is Ontologies to
extract terms from questions and corpus sentences and to enrich these terms with semantically
similar concepts [26]. This research, other than focusing on semantically similar ontology concepts,

it focuses on syntactic parsing techniques which extract answers from a set of documents.
2.2 QA System Component

Figure 2.1 shows that QA system consists of three separate modules [6] [2]; question processing,

document processing, and Answer Processing.

Question processing is the module which identifies the focus of the question, classifies the
question type, derives the expected answer type, and reformulates the question into semantically
equivalent multiple questions. Reformulation of a question into similar meaning questions is also

known as question expansion and it boosts up the recall of the information retrieval system.

In Document Processing Information retrieval (IR) system can retrieve the top and related
documents that will be subjected to the passage filtering which extracts passages that pinpoint
possible answer strings. IR recall is very important for question answering because if no correct
answers are present in a document, no further processing could be carried out to find an answer
[8]. Precision and ranking of candidate passages can also affect question answering performance
in the IR phase.

15



Answer Processing is one of the question answering system model, which is a distinguishing
feature of question answering system and the usual sense of text retrieval system. This module is
responsible for identifying answers, and then answer extraction will be applied to get the exact
answer then finally validating the answer will be done. Answer extraction technology is becoming

an influential and decisive factor on question answering system for the final results.
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Figure 1-1 Architecture of an Open Domain QA System (adopted [6])

2.2.1 Question Processing Module

First, the ASR system posts a question as an input to the QA system, and the overall function of
the question processing module is to analyze and process the question by creating some
representation of the information requested. Therefore, the question processing module is required

for [6], [2] question analysis, question type classification and question reformulation.
2.2.1.1 Question Analysis

Question analysis is also called “Question Focus”. For some questions, classifying the question
and knowing its type is enough to find answers to the given question. The question formulated by
“Who” obviously indicate the person. But, for example, a question was written by “What” is
ambiguous and it doesn’t tell about the information of the question [2]. To address this ambiguity,
an additional component which analyzes the question and identifies its focus is necessary.

Question types can be broadly categorized as location, person/entity, definition, numeric,
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explanation/list, true/false, time/event, choose, and so on. The focus of a question has been defined
by [27] to be a word or sequence of words which indicate what information is being asked in the
question. For instance, the question “What is the longest river in Ethiopia?” has the focus “longest
river”. If both the question type (from the question classification component using SVM) and the
focus are known, the system is able to more easily determine the type of answer required.
Identifying the focus can be done using pattern matching rules, based on the question type

classification [8].
2.2.1.2 Question Type Classification

In order to answer the question correctly, it is required to understand what type of information the
question asks. Because knowing the type of a questionable to provide constraints on what
constitutes relevant data (the answer), which helps other modules to correctly locate and verify an

answer.

The question type classification component is, therefore, a useful, if not essential, a component in
a QA system as it provides significant guidance about the nature of the required answer. Therefore,
the question is first classified by its type: what, why, who, how, when, where questions and used
pattern matching techniques. For instance, an example of a Question is (A&éh +ta¢ A1C 717 10-?
(What is the largest country in Africa?), the question focus is A&sh, A1C (Africa: Country) and the
expected type of answer is ‘+&¢ (Country).

The SVM model based question classification takes benefit of flexibility over the Rule-Based
question classification. It needs to modify hard-coded rules to handle new cases while the language
model can be automatically maintained [28]. In Rule-Based, a pattern matching techniques if

didn’t get the wanted keyword now cannot predict the expected answer types.
Question classification

Support Vector Machine (SVM) Classifier was developed by [29] in 1995 based on classification
and regression theory. SVM is a supervised learning algorithm typically used for classification
problems like prediction, text categorization, handwritten character recognition, image

classification, facial expression classification, and so on. This means if we have some sets of things
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classified but we know nothing about how we classified it, or we don't know the rules used for
classification and when a new data comes, SVM can predict which set the data should belong to.

SVM is basically a binary classifier and it’s worked using the numerical statically number. It takes
a set of input data and predicts, for each given input, which of two possible classes forms the output,
making it a non-probabilistic binary linear classifier. 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. There are other supervised
learning algorithms like Naive Bayes, Neural Networks, and Decision Trees. But for text

classification purposes, SVM is proved to give better performance [29].
Support Vector Machine (SVM)

A support vector machine (SVM) is a supervised machine learning algorithm. It can be used for
classification and regression. An SVM performs classification by finding the hyperplane [30]that
separates between a set of objects that have different classes. This hyperplane is chosen in such a
way that maximizes the margin between the two classes to reduce noise and increase the accuracy

of the results. Figure 2-2 shows how an SVM classifies objects:
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Figure 2-2 Classifying objects with a support vector machine

The perception behind SVM that to classification and regression [3]:
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e The vectors that are on the margins are called support vectors. Support vectors are data points
that lie on the margin, points (instances) are like vectors p=(X1, X2, X3, X4.............Xn)

e SVM finds the closest two points from the two classes (see figure 2-2), that support (define)
the best separating line or plane.

e Then SVM draws a line connecting them

e After that, SVM decides that the best separating line is the line that bisects and is
perpendicular to the connected line.

The data sets represented as D= {(X1, ¥2),(X2,¥2)s+ v evveveerirannnn.. (Xn, Yn)} n is the number of
instances, xi is the i"" point (example of vector ) and i is the class associated with the point yi can

either -1 or +1 [3]. A key concept required here is the dot product between two vectors.
A=[al,a2,a3, ................. an], B=[b,b2,b3, ................. bn]
A.B=al.bl+a2.b2+a3.b3.......... +an.bn

It can define separating (decision) hyper plane in terms of an intercept term b and a normal vector

W which is perpendicular to the hyper plane (commonly referred to as the weight vector). Then
to choose among all the hyper planes that are perpendicular to the normal vector, we specify the
intercept term b. all points vector X on the hyper plane satisfy W' - X = —b as the hyper plane is
perpendicular to the normal vector. Then represent the training data set as D= {( x1 - y1 )} asa

pair of a point and a class label corresponding it. Finally, the linear classifier becomes

f(x )=sign(W" - X +b).

There are different types of SVM [31]; C-SVC (multi-class classification), nu-SVC (multi-class
classification), one-class SVM, epsilon-SVR (regression), nu-SVR (regression). Furthermore,
different kernel functions in SVM [31]; linear: u*v, polynomial: (gamma*u'*v + coef0) ~degree,
radial basis function: exp (-gamma*|u-v|*2), sigmoid: tanh (gamma*u'*v + coef0), precompiled

kernel (kernel values in training set file). In this study used one-class SVM and LibLinear kernel

type.

The most challenges of SVM question classifier are taken a huge amount of time to train a large

dataset and doesn’t work well when there is no clear separation between target classes.
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2.2.1.3 Expected Answer Type Classification

Answer type classification is a subsequent and related component to question classification.
Answer type classification is based on a mapping of the predict question classification. Once a
question has been classified, a simple SVM classifier mapping would be used to determine the
potential answer types. Again, because question classification can be ambiguous and match word
missing, the system should allow for multiple answer types. For example, for the question (NA&sh
thd A1C 917 10?) the expected answer classification will be country (A1) but the country

answered should be ta<.
2.2.1.4 Question Reformulation

Once the “focus” and “question type” are identified, the module forms a list of keywords to be
passed to the information retrieval component in the document processing module. The process of
extracting keywords could be performed with the aid of standard techniques such as named-entity

recognition, stop-word lists, and part-of-speech taggers, etc.

2.2.2 Document Processing Module

The document processing module in QA system is also commonly referred to as paragraph
indexing module, where the reformulated question is submitted to the information retrieval system,
which in turn retrieves a ranked list of Top relevant documents. The document processing module
usually depends on one or more information retrieval system to gather information from a
collection of document corpora which almost always involves the WWW as at least one of these
corpora. The documents returned by the information retrieval system is then filtered and ordered.
Therefore, the main goal of the document processing module is to create a set of candidate ordered
paragraphs that contain the answer(s), and in order to achieve this goal, the document processing

module is required to information retrieval, paragraph filtering then final paragraph ordering [6].
2.2.2.1 Information Retrieval (IR)

The goal of the information retrieval system is to retrieve accurate results in response to a question

submitted by the user and to rank these results according to their relevance.
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QA systems do not depend on IR systems which use the cosine vector space model for measuring
the similarity between documents and queries. This is mainly because a QA system usually wants
documents to be retrieved only when all keywords are present in the document. This is because
the keywords have been carefully selected and reformulated by the Question Processing module.
IR systems on the other hand based on cosine similarity often return documents even if not all

keywords are presented.
2.2.2.2 Paragraph Filtering

Paragraph filtering can be used to reduce the number of candidate documents and to reduce the
amount of candidate text from each document. The concept of paragraph filtering is based on the
principle that the most relevant documents should contain the question keywords in a few
neighboring Paragraphs, rather than dispersed over the entire document. Therefore, if the keywords
are all found in some set of N consecutive paragraphs, then that set of paragraphs will be returned,

otherwise, the document is discarded from further processing.
2.2.2.3 Paragraph Ordering

The aim of paragraph ordering is to rank the paragraphs according to an acceptability degree of
containing the correct answer. Paragraph ordering is performed using standard radix sort algorithm.

The radix sort involves three different scores to order paragraphs [6]:

Same word sequence score: the number of words from the question that are recognized in
the same sequence within the current paragraph window.

Distance score: the number of words that separate the most distant keywords in the current
paragraph window.

Missing keyword score: the number of unmatched keywords in the current paragraph
window. The purpose of minimizing for shortening documents into paragraphs is making a

faster system.
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2.2.3 Answer Processing Module

As the final phase in the QA architecture, the answer processing module is responsible for
identifying, extracting and validating answers from the set of ordered paragraphs passed to it from
the document processing module [6].

2.2.3.1 Answer ldentification

The answer type which was determined during question processing is crucial to the identification
of the answer. Since usually, the answer type is not explicit in the question or the answer, it is
necessary to depend on a parser to recognize named entities (e.g. names of persons and
organizations, monetary units, dates, etc.). And also, using a part-of-speech tagger (e.g., Brill
tagger) can help to enable recognition of answer candidates within identified paragraphs. The
recognition of the answer type returned by the parser creates a candidate answer. The extraction
of the answer and its validation are based on a set of heuristics.

2.2.3.2 Answer Extraction

The parser enables the recognition of the answer candidates in the paragraphs. So, once an answer
candidate has been identified, a set of heuristics is applied in order to extract only the relevant
word or phrase that answers the question. Extraction can be based on measures of distance between
keywords, numbers of keywords matched and other similar heuristic metrics. Commonly, if no
match is found, QA systems would fall back to delivering the best-ranked paragraph.
Unfortunately, given the tightening requirements of the TREC QA track, such behavior is no

longer useful.
2.2.3.3 Answer Validation

Confidence in the correctness of an answer can be increased in a number of ways. One way is to
use a lexical resource like WordNet to validate that a candidate response was of the correct answer
type. Also, specific knowledge sources can also be used as a second opinion to check answers to

questions within specific domains.
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2.3 Automatic Speech Recognition

Automatic Speech Recognition (ASR), as described by [32], is the “decoding of the information
conveyed by a speech signal and its transcription into a set of characters”. Nowadays, Automatic
speech recognition applications are becoming more and more useful. ASR [33] system allows a
computer to identify the words that a person speaks into a microphone or telephone and decoding

that convert it into written text.

Automatic speech recognition systems can be separated into several different classes by describing
the type of speech utterance, type of speaker model, type of channel and the type of vocabulary
that they have the ability to recognize [33]. The types of speech categories’ are speech utterance,
speaker model, and types of vocabulary [15, 33, 34].

2.3.1 Types of Speech Utterance

Isolated or continuous speech: both are types of a speech utterance. In isolated word recognizers,
a user must pause between words, which mean artificial pause should be inserted before and after

each word, whereas in continuous speech recognizers, a user speaks naturally [35].

Read or spontaneous speech: a speech recognizer may be designed to recognize only read the
speech or to recognize spontaneous speech. Spontaneous speech can be characterized by varied
speaking rate, filled pauses, corrections, hesitations, repetitions, partial words, dis-fluencies,
“sloppy” pronunciation but read speech requires prepare the reading material, ready for reading
and reading properly. The major differences between spontaneous speech and read speech are (1)
readers tend to make the boundaries between tone units at different points, (2) the position of the
stresses differs, and (3) there are fewer pauses in reading speech, and the location of these differs

between readers [33].

2.3.2 Types of Speaker Model

Speaker dependent or independent: Speaker-independent systems are capable of recognizing
speech from any new speaker. Speaker dependent systems, on the other hand, recognize speech

from those people whose speech is used during the development of the recognizer [17].

23



2.3.3 Types of Vocabulary

The size of the vocabulary of an automatic speech recognition system affects the complexity,
processing requirements and the accuracy of the system. Some applications only require a few
words (e.g. numbers only), others require very large dictionaries (e.g. dictation machines).

Small, Medium or Large Vocabulary system: small vocabulary recognition systems are those
which have a vocabulary size of 1 to 99 whereas medium and large vocabulary system have a

vocabulary size of 100 - 999 and 1000 or more words, respectively [34, 36].

As mentioned above part of speech constraints, and the environment variability, channel variability,
speaking style, sex, age, the speed of speeches makes the ASR system more complex. This study
is now focusing on ASR systems that incorporate three features: medium vocabularies, continuous

speech capabilities, and speaker independence [34].

2.3.4 Approach of Automatic Speech Recognitions

For developing ASR system, four basic approaches such as; acoustic phonetic, template matching
(pattern recognition), stochastic approaches, and Artificial Intelligence should be considered.

2.3.4.1 Acoustic Phonetic Approach

It is based on the theory of acoustic phonetics that postulates there exists finite, distinctive phonetic
units in spoken language and that the phonetic units are broadly characterized by a set of properties
that are manifested in the speech signal or its spectrum over time. Even though the acoustic
properties of phonetic units are highly variable, both with speakers and with neighboring phonetic
units (the so-called co-articulation of sounds), it is assumed that the rules governing the variability

are straightforward and can readily be learned and applied in a practical situation [37].

In this approach, the research of [38] stated four stages. The first stage is the speech spectral
analysis that parameterizes the speech signal into feature vectors; the most popular set of them is
the Mel Frequency Cepstral Coefficients (MFCC) [39]. The next stage is a feature extraction stage
that converts the spectral measurements into a set of features that describe the acoustic properties
of the different phonetic units. The third stage is segmentation and labeling stage in which the

speech signal is segmented into isolated regions, followed by attaching one or more phonetic labels
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to each segmented region. The last stage finds a valid word from the phonetic label sequences
produced by the segmentation to labeling. The acoustic-phonetic approach has not been widely

used for Automatic speech recognition [40].
2.3.4.2 Pattern Recognition Approach

According to [37], Pattern recognition approach is used to extract patterns based on certain
conditions which separate one class from the others. It has four stages i.e. feature measurement,
pattern training, and pattern classification and decision logic. In order to define a test pattern, a
sequence of measurements is made on the input signal. The reference pattern is created by taking
one or more test patterns corresponding to speech sounds. This can be in the form of a speech
template or a statistical model i.e. HMM and can be applied to a sound, a word, or a phrase. In the
pattern classification stage of the approach, a direct comparison is made between the unknown test
pattern and class reference pattern and a measure of distance between them is computed. Decision
logic stage determines the identity of the unknown according to the integrity of match of the
patterns.

There is two type of pattern methods [38]; i.e., Template and stochastic method. In template
method, unknown speech is compared against a set of templates in order to find the best match. A
template method provides good Automatic speech recognitions performance for a variety of
application. Stochastic methods depict the use of probabilistic models to deal with incomplete
information. In ASR, incompleteness arises from various sources. For example, speaker variability,
contextual effect, etc. The most popular stochastic approach nowadays is hidden Markov modeling
(HMM) (see section 2.3.4.3 for a brief description).

2.3.4.3 Artificial Intelligence (Al) Approach

The Artificial Intelligence approach is a mixture of the acoustic-phonetic approach and pattern
recognition approach. Most of the time, some scholars developed recognition system by using
acoustic-phonetic knowledge to construct classification rules for speech sounds. While template
based methods provided little insight into human speech processing, these methods have been very
effective in the design of a variety of ASR systems. On the other hand, linguistic and phonetic
literature provided insights about human speech processing. However, this approach had only

partial success due to the complicatedness in quantifying expert knowledge. Another problem is
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the integration of levels of human knowledge; i.e., phonetics, lexical access, syntax, semantics,
and pragmatics [38].

Stochastic modeling involves no direct matching between stored models and the input. Instead of
that, it is based on complex statistical and probabilistic analyses to extract patterns inductively
from the given speech data. A well-known and most widely used stochastic model is the Hidden
Markov Model (HMM) [34]which is also used in this study unlike template matching, stochastic

modeling.
2.3.5 Hidden Markov Model

Hidden Markov Model (HMM) which is also called Markov sources or probabilistic functions of
Markov Chains is one of the key technologies developed in the 1980s at Princeton University [41].
It uses a stochastic approach to recognizing speech. HMM has been applied with great success in
the field of ASR during the last three decades [42]. The widespread use of HMM modeling for
ASR is due to the availability of efficient algorithms for parameter estimation procedures that
involve maximizing likelihood (ML) given the model. HMM provides a simple and effective
framework for modeling time-varying spectral vector sequences [43]. Moreover, Gales and Young
have indicated that HMM is the best and more appropriate approach to develop speaker
independent medium vocabulary continues word recognition. Supporting this idea, Huang, and
Deng [44] indicated that HMMs have improvement popularity because of their ability to estimate
parameters from a large amount of data automatically, their simplicity as well computational
feasibility. Thus, it was used to develop the required prototype Amharic (A77C%) recognizer for
converting speech question into the text to search for relevant element document that contains

answers.
HMM is defined by the following elements [44]:

> N, the number of states in the model. Individual states are labeled as {1, 2... N} and the
state at time t are denoted by qt.

» T, the number of distinct observation symbols per state. Observation symbols correspond to
the physical output of the system being modeled. Individual observation symbols are
denotedas Y = {yl, y2,y3 ..., yT}
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» The state transition probability distribution A={ aij } where
0ij=p(Qe+1 = jlor=1), 1<i, j<N
» The observation symbol probability distribution, B={ bj(k)} in which
bj (k)=P (Ot=yk/qt=j), 1 <k<M
bj(k) defines the symbol distribution in state i, j=1,2,...,.N
» The initial state distribution z {zi} in which

Ili=p(qi=i), 1 <i<N
2.4 Speech Synthesis Methods

A speech synthesis is an application that converts text into spoken word, by analyzing and
processing the text using Natural Language Processing (NLP) and Digital Signal Processing (DSP)
technology [45]. There are two main approaches to speech synthesizers [46]: rule-based and data-
driven methods. Rule-Based speech synthesis approach aims at re-creating the same sounds as
those created by human speech system in modeling the human speech production system. In
contrast, data-driven synthesizers generate a speech by arranging various segments of prerecorded

speech in a specific order.

The TTS system gets the text as input and then analyses, pre-processes and speech synthesis the

text. The TTS engine usually generates sound data in an audio format as the output [45].

The major purposes of speech synthesis techniques are to convert a chain of phonetic symbols into
artificial speech that transforms a given linguistic representation and to generate speech
automatically with information about intonation and stress i.e. prosody [45].The research of TTS
is studied in a different field: from acoustic phonetics (speech production and perception) over
morphology (pronunciation) and syntax (parts of speech, grammar), to speech signal processing
(synthesis) [47].

2.4.1 Architecture of TTS

Basically, a speech synthesizer has two major measurement points; natural and intelligent. The
text to speech conversion involves the following steps: Text pre-processing, text analysis, text
phonetization, prosody generation and then the speech synthesis using various algorithms [48].
The steps followed to convert text to speech are described in Figure 2.3.
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Figure 2-3 Steps in TTS System adopted from [49]

Figure 2.3 depicted that, TTS system contains two components: the Natural Language Processing
(NLP) and the Digital Signal Processing (DSP) [45].

2.4.2 Natural Language Processing (NLP)

The NLP component consists of three processing stages: text analysis, automatic phonetization
and prosody generation [49].

A. Text Analysis

It is the first stage of natural language processing by which it consists of four modules: pre-
processing module, a morphological analysis module, the contextual analysis module and

syntactic-prosodic parser [49].

In a pre-processing module, the input sentences are organized into lists of words. The system
must first identify these words or tokens in order to find their pronunciations. In other words, the
first step in the text analysis is to make chunks/split out of the input text - tokenizing it. There are
many tokens in a text that appear in a way where their pronunciation has no obvious relationship
with their appearances such as abbreviations, acronyms, and numbers. Apart from tokenization,

normalization is needed where a transformation of these tokens into full text is done.

In a morphological analysis module, all possible part-of-speech categories for each word are
proposed on the basis of their spelling. For example, inflected, derived and compound words are

decomposed into their morphs by simple grammar rules. The token-to-word conversion creates the
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orthographic form of the token. For the token “Mr.” the orthographic form expand the token and
formed “Mister”, the token “12” gets the orthographic form “twelve” and “1997” is transformed

to “nineteen ninety-seven” [50].

A contextual analysis module considers the word in their contexts. This is important to reduce
possible part-of-speech categories of the word by simple regular grammars using lexicons of stems
and affixes.

In a syntactic-prosodic parser, the search space is examined and the text structure is found. The
parser organizes the text into clause and phrase like constituents. Subsequently, the parser tries to

relate these into their expected prosodic realization [49].
B. Phonetization

The second module is the Letter-to-Sound module (LTS), where the words are phonetically
transcribed. In this stage, the module also maps sequences of graphoneme into sequences of
phoneme with possible diacritic information, such as stress and other prosodic features that are
important to fluency in naturally sounding speech

C. Prosody Generator

The last module, the prosody generator, is where certain properties of the speech signal, such as
pitch, loudness, and syllable length are processed. Prosodic features create a segmentation of the
speech chain into groups of syllables. This gives rise to the grouping of syllables and words in

larger chunks.

2.4.3 Digital Signal Processing (DSP)

The second TTS component is DSP [50] that enables after the preprocessed and analyzed the
phonetic representation of phonemes with correct intonation, duration, and stress is used to
generate speech. Speech sound is finally generated with one the methods: articulatory synthesis,
formant synthesis, concatenation synthesis, Hidden Markov Model (HMM) and Unit Selection

Synthesis.

29



The speech synthesis [51] techniques can be classified by generation, The First Generation
techniques includes Formant Synthesis and Articulatory Synthesis. Second Generation Techniques
incorporates concatenate synthesis and Sinusoidal synthesis. The third Generation includes Hidden
Markov Model (HMM) and Unit Selection Synthesis. These have been classified on the basis of
how they parameterize the speech for storage and synthesize [47]. Even if it is hard to find the best
method that satisfies the naturalness and intelligibility for each method fall into one of the above

categories.
2.4.3.1 Formant Synthesis

Formant Synthesis works by using individually controllable formant filters, which can be set to
produce correct estimations of the vocal track transfer function [51]. In at runtime formant
synthesis does not use human speech samples [52]. A formant synthesis system synthesizes speech
using acoustic models of speech production and it is also called parametric based synthesis.
Formant synthesis uses a relatively simple system to select from a small number of parameters, to
control a mathematical model of the speech sounds. A set of parameters is picked for each speech
sound and they are then joined up to make the speech. This stream of parameters is turned into
synthetic speech using the model [53]. Formant synthesis generates highly intelligible, but not
completely natural sounding speech [52] [47]. A formant synthesis uses a smaller amount of
memory and microprocessor power requirement compare with other techniques; therefore it is

suitable for the limited devices [54].
2.4.3.2 Articulatory Synthesis

The idea in articulatory synthesis is also mathematically modeled speech production, but models
the speech production mechanism itself use a complex physical model of the human vocal tract.
Articulatory synthesizers, rather than modeling the sound, they model human speech production
mechanisms; in some cases, they might give a more natural sounding speech than formant
synthesis. They classify speech in terms of movements of the articulators, the tongue, lips and
velum, and the vibrations of the vocal cord. Text to be synthesized is converted from a phonetic
and prosodic description into a sequence of such movements and the synchronizations between

their movements calculated. A complex computational model of the physics of a human vocal tract
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is then used to generate a speech signal. Articulatory synthesis is a computationally intensive

process and is not widely available outside the laboratory [53].
2.4.3.3 Concatenate Synthesis

Concatenate synthesis generates speech output by concatenating the unit selector segments of

recorded speech from diaphone database.

Generally, concatenate synthesis generates the natural sounding synthesized speech [51]. This
speech synthesis technique uses actual snippets of recorded speech that were cut from -+
recordings and stored in an inventory called voice database, either as waveforms (uncorded) or
encoded by a suitable speech coding method. Elementary units i.e., speech segments are, for
example, phones (a vowel or a consonant), or phone-to- phone transitions (diaphones) that
encompass the second half of one phone plus the first half of the next phone (e.g., a vowel-to-
consonant transition). Concatenate synthesis itself then strings together (concatenates) units
selected from the voice database, and, after optional decoding, outputs the resulting speech signal.
Because concatenate systems use snippets of recorded speech, they have the highest potential for
sounding "natural™ [48]. However, differences between natural variations in speech and the
automatic segmentation of the waveforms can cause audible glitches in the output and can disturb
the intelligibility [54]. Unit selection is part of concatenating approach. The unit selection
paradigm is a cluster based technique where units of the same type are clustered based on the
acoustic differences. The clusters are then indexed based on higher level phonetic and prosodic
context. During synthesis, an appropriate unit is chosen from multiple instances of that unit based

on minimization of joining cost and concatenation cost. [55]
2.4.3.4 HMM-Based Speech Synthesis

Hidden Markov Model (HMM)-based speech synthesis can be generated from a concatenation of
mathematical models that represent the statistics of the acoustic parameters of each phonetic unit.
Furthermore, unlike the acoustic models of formant synthesis, these statistical acoustic models
have created automatically from real speech data. As a result, HMM-based speech synthesis has
gained the advantage from both the flexibility of formant methods and the quality of concatenating
synthesis [56]. Knife [57] worked on Sub-word based Amharic word recognition and for an

experiment using Hidden Markov Model (HMM).

31



Hidden Markov Models have proven to be efficient parametric models for the scientific study of
speech in the framework of speech synthesis [58]. It is a familiar model which can capture the
dynamics of the training data by using states where each state has the capability to generate all
possible observable values [23]. HMM attempts to model the probability distribution of a feature
vector according to its actual state, and it also models the dynamics of vector sequences with
transition probabilities between states.

The aim of this research has been to produce acceptably natural sounding speech, for the speech

synthesis component developed by using unit selector concatenate synthesis approach.
2.5  Amharic Writing Systems and its Phonetics

Ambharic is the working language of the government of Ethiopia that can be a written language for
at least 500 years. In 1998, there were 17.4 million (17 million in Ethiopia and 400,000 in other
countries) first language speakers worldwide and estimated 5 million as second language speakers.
It is the second most spoken Semitic language after Arabic. There are five dialects: Gondar
Ambharic, Gojam Amharic, and Showa Amharic (standard written and spoken Amharic) [59].

Ambharic is one of the languages which has its own script called Fidel.

2.5.1 Amharic Writing Systems

As mentioned in the above topic, Amharic is one of the languages that have its own writing system.
It was written with a version of the Ge'ez script known as &.24 (Fidel) [60]. Amharic has its own
characterizing phonetic, phonological and morphological properties. For example, it has a set of
speech sounds that is not found in other languages. For example, the following sounds are not
found in English: [p'], [tS'], [s'], [t'], and [q] [60]. Amharic writing phonetics allows anyone to
write Amharic texts if s/he can speak Amharic and has the knowledge of the Amharic alphabet.

The Ambharic writing system has the following limitations, however [61],

1. There are several duplicate characters that are normally used interchangeably.
2. It lacks a mechanism to mark germination of consonants
3. There exists ambiguity between sixth-order symbols with and without a vowel in different

contexts.
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These problems need to be properly addressed to realize an ASR system that accurately recognizes
and transcribes Amharic Speech. The intuitive solution for the first problem is to use one form of
the duplicate characters. For instance (a, »), (8, &), (7, -, U, 1, 2), (0, %, A, &) are duplicates. These
symbols which are used for writing are not adequate to denote the frequent germination
encountered in Ambharic speech. For instance, the Amharic word “19” gives completely different
meanings based on whether the sound “N” is geminated or not. “19” gEna (meaning Yet, Still),

and the second meaning is “19” gEn-na (meaning Christmas).

The Amharic orthography, as represented in the Amharic character set also called Fidel consists
of 276 distinct symbols. In addition, there are 20 numerals and 8 punctuations marks. It is
characterized by a quite homogeneous phonology distinguishing between 234 distinct Consonant-
Vowel (CV) syllables [36].

Grammatical Structure

According to Getahun [62], the Amharic language has word categories in its grammar as ag° (noun),
a0 (verb), o, (adjective), +a@-ah h (Adverb), apatPL.L, (preposition), and +@-a.m (g° (pronoun).
Those categories can be combined and construct statement, phrase or integrative sentence using

question marks.

Factoid questions need answers that are nouns most of the time and understanding the structure of
a sentence in which a noun can be easily indicated to extract the correct answer is very important.
The Ambharic basic sentence is constructed from noun phrase (0“€ vZ) and a verb phrase (19€
ve) [8].

Integrative Words

There are many integrative words to construct a question in the Amharic language. Seid and
Mulugeta [8] have collected sample questions from Radio and Television puzzle, television
Question and Answer Game and Linguistic resources. As shown in Table 2:1. These Amharic
question particles are classified into WH question types in consultation with language
professionals [15]. It is Rule-Based question classifier. But, in this study used independent

question classifier model using SVM (Support Vector Machines) is used.
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Table 2-1 Sample Classification of Amharic Question Particles in Rule-Based

What | Why | Where Which | When Who/whom How
gv7, A7 | ek, 0et, netrgo-, | aoF, a9y, 0977 1@+, W197%, 9977, oIV,
TT o0, PHGm-, | AdhaoF, K197, 1077, Ok, TV ek, ark, Ok
, $9°7 oLt het, | 9°r7, avif, (oo, | Ok, TP, Ok, 0977, ATT7, nart, A8t
APt ng°7, AT, OPE, OGP, OHEE, PO @-, A8,
wLLeF oYL, Ne+FE, °77, 9°707,
mLIv7, AhQngey, oG¢Fu-7, 9%,

2.5.2 Amharic language Grapheme to Phoneme

In the case of the TTS and STT systems, a language correlated between grapheme to phoneme
means to convert a target word from its written form (grapheme) to its pronunciation form
(phoneme). The conversion prearrangement is designed based on the orthographic ordering of the
writing and the acoustic similarity of the letters. There is a translation of Amharic symbols to use
in English symbol characters. Solomon and Wolfgang [60] noted that in Amharic orthographic
structure a one-to-one correspondence amongst the sounds and the graphic symbols exist, except
for the germination of consonants and some redundant symbols. Amharic languages is a tone (or
tonal) language, where similarly written words have different meanings based on the tone (high or
low) with which they are pronounced.

The phone set of the language is defined with the corresponding features like voicing, tongue
position, tongue height, place of articulation, and manner of articulation. From the studies reported
in [62], the researcher derived a set of phonetic features for the 39 phones. A set of 38 phones, 7
vowels, and 31 consonants have seven orders. Six of them are CV combinations while the seventh
is the consonant itself, makes up the complete inventory of sounds for the Amharic language. One
additional consonant /v/ included summing up to a total of 39 phonemes [62]. Amharic has a rich
variety of vocalic sounds. The two major categories of Amharic phones are consonants and vowels
[36]. This representation of each character in 7 different forms makes the number of core characters
to be 231 (33 * 7), shown in appendix I, also called syllographs (&.24\).

Consonants
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Ambharic consonants are generally classified as stops, fricatives, nasals, liquids, and semi-vowels
[36]. Table 2:2 shows the phonetic representation of the consonants of Amharic as to their manner

of articulation, voicing, and place of articulation.

Table 2-2 categories of Amharic consonants

Labial | Alveola | Palatals | Velars | Labio-velar | Glottals
S r
Stops Voiceless p|T |T [T K| h |[Kx |™ Ax |0
Voiced b|fN |D G Gx H |V
Glottalized |p |4 |T Q ox |® Hx |
X X
Affricatives | Voiceless FI& |[X |0 [Sx |1
Voiced via | Z ZX
Glottalized X
X
Affricatives | Voiceless c |+
Nasals Voiced J e
Glottalized N|7 |Cx [P
Voiced M %® [L|Cc [Nx |7
Liquids Voiced R | &
Glides w| @ Y |[#&

Vowels

In Amharic phonetics, there are 7 vowels. These are A [A], & [u], A. [i], 4[a], & [€], &4[l], A[0]. Those

seven vowels are categorized according to the place of articulation as shown, in figure 2.4.
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¥ a

Figure 2-4 Vowels with their features (mainly adopted from [15])

According to figure 2-4 above, the high vowels are A. [1], & [1], & [u], low vowels is 4[a] and A [A], &
[e], & [0] are mid vowels. In combination, CV and C of the phoneme in ASR and speech synthesis are

used.
2.6 Software Tools

There are different tools available for constructing speech based Amharic question answering, such
as sphinx-4 tools for speech recognizing and decoding, Lucene for question answering system &

LibSVM for question classification and general, integrating all modules are used NetBeans.
2.6.1 Sphinx Tools

The Sphinx ASR system is an open source, high-performance ASR system developed by the CMU
Sphinx project that can be used in building ASR applications [63]. It also includes related
resources, such as acoustic model trainer, and language model builder. Therefore, Sphinx is
available as a complete ASR trainer and decoder. It has different versions available for training

and decoding. Here are the different sphinx versions and their difference below [64].

Sphinx-2 is a high-speed large vocabulary speech recognizer. It is usually used in dialogue systems

and pronunciation learning system.

Sphinx-3 is a slightly slower but more accurate Large Vocabulary ASR System. It is used as a
server implementation of Sphinx for evaluation. It uses HMMs with continuous output PDFs. It
supports several modes of operations. The more accurate model, “known as the flat decoder”,

comes from the original Sphinx-3 release.
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Sphinx-4: is completely written in Java. It provides high accuracy and speed performance
comparable to the state of the art. It uses HMMs with continuous output PDFs. Sphinx-4 uses

models trained by the sphinx-3 trainer.

PocketSPhinx: is speech recognizer which can be used in embedded devices. It is highly
optimized for CPUs, such as ARMs. PocketSphinx is CMU’s fastest speech recognizer system. It
uses HMMs with semi-continuous output PDFs. Even though it is not accurate as Sphinx-3 or

Sphinx-4, it runs at real time, and therefore it is good for live applications.

SphinxTrain: is a suite of tools which carry out acoustic model training. It is CMU sphinx training
package. It trains continues or semi-continues models with vector quantization for SPHINX
decoder versions 3 or 4, which is also used by PocketSphinx. The sphinx-3 format can also be
converted to Sphinx-2 format under some conditions related to sphinx-2 limitations. SphinxTrain

supports MFCC and PLP coefficients with delta or delta-delta features.

CMU-Cambridge Language Modeling Toolkit is a suite of tools which carry out the language

model training.

Sphinxbase provides a common set of the library used by several projects in CMU sphinx.
According to the tests performed at CMU which compares Sphinx-4 with 33 Sphinx-3 (flat
decoder) and to Sphinx3.3 (fast decoder) in several different tasks, ranging from digits recognitions
to medium-large vocabulary, Sphinx-3 (flat decoder) is often the most accurate, but Sphinx-4 is
faster and more accurate than Sphinx-3 in some of these tests [64]. The decision about which

version to use depends on the type of application being developed.

Concerning Programming language, Sphinx-2 and sphinx-3 are written in C and Sphinx-4 written
fully in Java programming. Accuracy and Speed of the different sphinx versions are reported by
different scholars [63]. The accuracy can be summarized as Sphinx-4 > Sphinx-3>Sphinx-2; and
in terms of processing time, Sphinx-4 > Sphinx-3 > Sphinx-2. Therefore, Sphinx-4 used as a

complete ASR decoder for this study.
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2.6.2 Lucene Indexing

Lucene is free open source implemented in java. It is a member of the Apache Jakarta group of
projects and it is under the license of the liberal Apache Software License. Lucene can index any
text-based information we like and then find it later based on various search criteria. Although
Lucene only works with text, there are other add-ons to Lucene that allow us to index Word
documents, PDF files, any text files, XML, or HTML pages. It is with high performance and
scalable IR library which can help to add indexing and searching functionalities to different
applications. In this study, the document retrieval prototype will be implemented using Lucene
API. Related to IR the basic functionalities of Lucene include Indexing, Question parsing, and

Searching are discussed [65].

Lucene is not an application but it is specifically an Application Programming Interface (API).
This means that all the hard parts have been done, but the easy programming has been left to us to
develop towards our application needs. The following explanation is partly adopted from the
Lucene tutorial in [65]: Let's take a look basic Lucene classes that are useful to build a search

engine.

Document - The Document class represents a document in Lucene. We index Document objects

and get Document objects back when we do a search.

Field - The Field class represents a section of a Document. The Field object will contain a name
for the section and the actual data. For example, (E:\AmharicSVMspeechQA 1\datadir\textdata)

is one Field object for a document representing.

Analyzer - The Analyzer class is an abstract class that is used to provide an interface that will take
a document and turns it into tokens that can be indexed. There are several useful implementations

of this class but the most commonly used is the Standard Analyzer class.

Index Writer - The Index Writer class is used to create and maintain indexes. We put data into
the Index, and then do searches on the Index to get results out. To build the Index, we use an Index
Writer object. Document objects are stored in the Index, but they have to be put into the Index at

some point. We have to select what data to enter in, and convert them into Documents.
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Index Searcher - The Index Searcher class is used to search through an index which was created
by the Index Writer.

Question Parser - The Question Parser class is used to build a parser that can search through an
index. Queries can be quite complicated, so Lucene includes a tool to help generate Question
objects, called a Question Parser. The Question Parser takes a question string, much like what we

would put into a search engine, and generates a Question object.

Question - The Question class is an abstract class that contains the search criteria created by the
Question Parser. The search itself is a Question object, which we pass into IndexSearcher.search().

IndexSearcher.search() returns a Hits object, which contains a Vector of Document objects.

Hits - The Hits class contains the Document objects that are returned by running the

Question object against the index.
Generally, Lucene handles the indexing, searching and retrieving, but it doesn't handle:

o Managing the process (instantiating the objects and hooking them together, both for indexing
and for searching)

o Selecting the data files, parsing the data files

o getting the search string from the user

o displaying the search results to the user

2.6.3 LIBSVM

LibSVM is an integrated LibSVM classifier software to support vector classification, (C-SVC, nu-
SVC), regression (epsilon-SVR, nu-SVR) and distribution estimation (one-class SVM). It supports
multi-class classification. LIBSVM provides a simple interface where users can easily link it with

their own programs. Main features of LIBSVM include [66]:

e Different SVM formulations.

o Efficient multi-class classification.

e Cross-validation for model selection.

e Probability estimates.

e Various kernels (including precompiled kernel matrix).
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e Weighted SVM for unbalanced data.

e Both C++ and Java sources.

e GUI demonstrating SVM classification and regression.

e Python, R, MATLAB, Perl, Ruby, Weka, Common LISP, CLISP, Haskell, OCaml,
LabVIEW, and PHP interfaces. C# .NET code and CUDA extension are available. It’s also
included in some data mining environments: RapidMiner, PCP, and LIONSsolver.

e The automatic model selection which can generate a contour of cross-validation accuracy.
2.6.4 Wave Surfer

It is an open source tool which allows users to edit the Audio file. It includes the usual actions in
this kind of software: convert, amplify, normalize, echo, invert, fade in, fade out, and more. It
supports many kinds of formats, like WAV, AU, AIFF, MP3, CSL, SD, Ogg/Vorbis, or
NIST/Sphere.

2.7 Review of Related Works

In this section, a related literature is reviewed that discussed the Amharic question answering and

Speech Interface Integration within Question Answering.

2.7.1 Text Based Amharic Question Answering

Different researches were done on question answering, the research of [9] attempts to construct an
Ambharic question answering for definitive questions. The researcher proposed Question
Answering which deals with Amharic definition question by applying surface text pattern method.
The researcher achieved nugget precision of 85.6 %, nugget recall of 73% and F-measure of 78.8%.

Usage of surface patterns is effective to answer Amharic definition questions.

Seid and Mulugeta [8] studied on Amharic question answering system that identified a distinct
technique used to determine the question types, the possible question focuses, and expected answer
types as well as to generate proper Information Retrieval question, based on our language specific
issue investigations. An approach in document retrieval focuses on retrieving three types of
documents (Sentence, paragraph, and file). The algorithm has been developed for

sentence/paragraph re-ranking and answer selection. The named-entity-(gazetteer) and pattern-
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based answer pinpointing algorithms developed help to locate possible answer particles in a
document. The Rule-Based question classification module classifies about 89% of the question
correctly. The document retrieval component shows greater coverage of relevant document
retrieval (97%) while the sentence based retrieval has the least (93%) which contributes to the
better recall of our system. The gazetteer-based answer selection using a paragraph answer
selection technique answers 72% of the questions correctly which can be considered as promising.
The file based answer selection technique exhibits better recall (91%) which indicates that most

relevant documents which are thought to have the correct answer are returned.
2.7.2 Speech Interface Integration within Question Answering

Various researchers have been held with reference to question answering system which is

integrated with speech interface in different languages.

Until the work of Schofield and Zheng [67], no research work is done on speech based question
answering system. They have been described a multimodal interface to an open domain QA system
designed for rapid input of questions using a commercial dictation engine, and indicate that speech
can be used for automatic QA system by their evaluation. He recommended for modifying a

question-answering system for improving robustness to spoken input and spoken output.

The scholars of Mishra and Bangalore [5] stated that Mobile devices are becoming the dominant
mode of information access despite being cumbersome to input text using small keyboards and
browsing web pages on small screens. The research of Qme, A speech-based question-answering
system that allows for spoken queries and retrieves answers to the questions instead of web pages.
They presented bootstrap methods to distinguish dynamic questions from static questions and
showed the benefits of tight coupling of speech recognition and retrieval components of the system.

Moreover, the researchers of Hu, Dan, Liu, and Wang [16] have developed a new and valuable
research task: open domain question answering system with speech interface and first prototype
(SpeechQoogle) is constructed with three separated modules: ASR, QA, and speech synthesis.
There have been 600,000 QA pairs that are collected. Then corresponding acoustic model and
language model is particularly developed for speech recognition module which promotes the
character ACC to 87.17%. Finally, in open-set testing, the integrated prototype successfully
answers 56.25% spoken questions.
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Belisty [15] proposed a prototype of towards speech based Amharic question answering system
for open domain factoid questions. [15] Used to Sphinx tool for speech recognition, Lucene tool
for question answering and NetBeans to integrate speech recognition and question answering. The
experimented result shows that the performance of continuous Amharic speech recognition
developed for question corpus registered 4.5% WER using development testing and 84.93%
recognition performance used live speech input data. The performance of question answering is
76% average precision in retrieving correct answers. After integrating the speech recognition and
question answering, the performance registered used speech based question answering system is
75% average precision in the retrieving correct answer of a given question. The study of [15] done
on speech to text limited training data, those are difficult to recognize for speaker independent.

And also, used manual question classification for identifying question types.

Therefore the study attempts to designing a prototype of an automatic question classification for
speech based Amharic question answering that to support visually impaired Amharic monolingual
speakers. We are going to integrate ASR and TTS with Question Answering using Amharic

language.
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CHAPTER THREE
AUTOMATIC QUESTION CLASSIFICATION FOR SPEECH BASED
AMHARIC QA

The aim of this study is to design and construct an automatic question classification for speech
based Amharic question answering. This is accomplished by integrating machine learning question
classification, automatic speech recognition, question answering, and speech synthesis systems.
The proposed system is advancing toward such that attempts to reduce the societal gap in which
the tradition document retrieval techniques do not support all users. Speech technology is the most

relevant ways for human-computer communication environments.
3.1 System Design and Architecture for Integration

Figure 3.1 shows a number of modules those which are connected to each other. In the processing
part of the system, the output of one module becomes an input to another module. The major three
core modules are ASR, QA system, and speech synthesis. Each module has a number of

components and they have their own tasks.

The first task is ASR module contains such as; Speech Capturing, Acoustic front-end, Acoustic
Model, Language Model, and Speech recognizer (decoder). The ASR component is converted
speech question into text and passing to QA system modules.

The second task is a question answering module which contains five major components, such as
Documents pre-processing, Question processing, Searching, Ranking and Answer Selection [8].

Our study Modified independent question classifier component using automatic SVM.

The last process is speech synthesizer which that integrates contains three major sub-modules,
such as Text Analysis (Tokenization, Symbol expansion (Numbers, acronyms), Homograph
disambiguation), Linguistic Analysis (Pronunciation (lexicon/letter to sound rules), Prosody
includes phrasing, intonation, duration) and Waveform Synthesis (Unit concatenation, prosodic
modification, HMM-based speech synthesis). Amharic speech synthesis system that has been
developed using a concatenated speech synthesis and unit selection method. The reason we select

concatenated speech synthesis approach is to keep the naturalness of the wave [68].
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Figure 3-1 Architecture of Automatic Question Classification for Speech Based Amharic QA
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The above Figure shows the architecture of a speech based Amharic question answering. In this
study, we identify the required algorithm and methods to create an interface between the user and

the system.

The system accepts input question from the users and processes it by using recognized that
converts speech into text question. Then, the question answering system analyzes the text question
and process using suitable techniques to question classification and retrieve the precise answer.
Finally, the speech synthesizer, using Amharic voice reads the answer to the target users. The

detail description of how the system work will be described as follows.
3.2 Amharic Speech Recognition

The ASR component takes an acoustic waveform as input and it was processed and produced an
output as a sequence of texts. The ASR systems have components such as speech capturing, feature
extraction, acoustic model, language model, and decoder (search). Figure 3.2 shows statistical

speech recognizer components [43].

Feature

Speech Input —_—— Extraction
Feature vectors Y
~
Acoustic o Decoder W Recognized
Model word sequences
Language Pronouncation
Model Dictionary

Figure 3-2 Components of ASR adopted from [44]

3.2.1 Speech Capturing

An utterance is any stream of speech between two periods of silence. Utterances are sent to the
Acoustic front-end for digitizing and extracting features for further process. Silence, in speech
recognition, is almost as important as what is spoken, because silence delineates the start and end
of an utterance. Here's how it works. The speech recognition engine is "listening™ input speech.

When the engine detects speech signal, the beginning of an utterance is signaled.
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3.2.2 Feature Extraction

The microphone accepts a voice gquestion from users and translate into a speech signal. Feature
Extraction is the process of converting the speech waveform to some type of parametric
representation to extract features of the speech signal [43]. Feature extraction requires much
attention because recognition performance relies heavily on the feature extraction phase. Different
techniques for feature extraction are [38], LPC, MFCC, AMFCC, RAS, DAS, AMFCC, Higher
lag autocorrelation coefficients, PLP, MF-PLP, BFCC, RPLP etc.

The waveform data were parameterized into sequences of feature vectors and Mel-Frequency
Cepstral Coefficients (MFCCs) which are derived from Fourier Transform based log spectra was
used in this study [43]. The difference from the real cepstral is that a nonlinear frequency scale is
used, which approximates the behavior of the auditory system. Additionally, these coefficients are
robust and reliable to variations according to speakers and recording conditions. MFCC is an
audio feature extraction technique which extracts parameters from the speech similar to ones that
are used by humans for hearing speech, while at the same time, deemphasizing all other

information [69]. Figure 3.3 shows the way MFCC works in the representation of the speech signal.

Speech Signal

|

Pre Emmphasis, Framing_ & Windowings

b Mel Filter
FFT o Bank
M=l Cepstrum - DWCTTIFFT |- Log()

Figure 3-3 MFCC Derivation

The speech signal is first divided into time frames consisting of an arbitrary number of samples.
In most systems, overlapping of the frames is used to smooth transition from frame to frame. Each

time frame is then windowed with Hamming window to eliminate discontinuities at the edges [69].
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Afterward, the windowing, Fast Fourier Transformation (FFT) is calculated for each frame to

extract frequency components of a signal in the time-domain.
3.2.3 Acoustic Model

The acoustic model is the main component for an ASR which accounts for the most of a
computational load and performance of the system. The acoustic model establishes a mapping
between phonemes and their possible acoustic manifestations. It is developed for detecting the
spoken phoneme. Its design involves the use of audio recordings of speech, their text scripts and
compiling them into a statistical representation of sounds which make up words [38]. The acoustic
model training process takes four main types of data as input, such as a set of speech recorded files,
phonetic dictionary, a text file containing a parallel transcription of these speech files, and a list of

phones.

Recorded Speech Files establishes question recording data are required to be in NIST or, WAV
format. For building question speech, questions which are identified for the training and recording
of those texts have to be prepared. For the duration of the recording period, the following
parameters of the wave file have been maintained: Sampling rate of the audio: 16kHzBit rate (bits
per sample): 16 (16 bit per sample will divide the element position into 65536 possible values.)

Channel: mono (Single channel).

Dictionary Files establishes the word to phonetic transcription mappings. There are two types of
the dictionary in training process. The first one is transcription dictionary which contains a list of

words followed by phones per a single line for each word.

The second dictionary file is Filler dictionary that contains filler words. For example, the words
for mentioning silence and special sounds like a cough, breathe, the chair creaking, door closing,
etc. The researchers have defined non-speech utterances. In the filler file the start of the utterance

silence <s>, the end of the utterance silence <\s> and the middle of the utterance silence <slI>.

Phone File: defines all the phones used in the dictionary file including the silence SIL. There

should be no empty lines in this file. E.g. v, 7, v, T .......... , 77, 0, SIL.
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File IDs Definition file: in the training and testing files, all audio file ids without extension with
references to the root folder defined. For examples:

Wav/sl_test/spll filel
Wav/sl_test/spll file2
Wav/sl _test/spll_file3

Transcription File: establishes sentence to utterance mappings in each file. Each line starts with
<s> and ends with </s> followed by speech fields (filed file) in parentheses. These are not phone
to audio mappings but mapping between the words in the left column of the dictionary file and the

audio files. The files should be in the same order as described in the training file ids file.
3.2.4 Lexical Models

Lexical Models provide the pronunciation of each word in a given language. Lexicon is developed
by various combinations of phones which are defined through lexicon model to give valid words

for the recognition [38].
3.2.5 Language Model

The language model is the key element functioned on millions of words, consisting of millions of
parameters and with the help of pronunciation dictionary, developed word sequences in a sentence.
An ASR system uses n-gram language models which are used to search for correct word sequence
by predicting the likelihood of the nth word on the basis of the n—1 preceding words. According

to [38] the probability of occurrence of a word sequence W is calculated as:
PW)=PWLl,wW2,.............. , wm-1, wm)

=P(w1).P(W2|w1). P(W3WIW2).....oooeriririerirrnennn P(wm [wiw2w3................ w m-1).......(1)
3.2.6 Decoder

In the part of developing the speech recognition system, we have used of Amharic words and
speech capturing. There are different ASR tools such as; HTK, Sphinx and etc. The HTK tools

don't support direct Amharic Unicode scripts. HTK is worked or selected Amharic words, then
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transliterate to Ambharic and Latin. But sphinx tools support Amharic Unicode without
transliterating the language so due to this reason we used, sphinx-4 for decoding.

Afterward, we are follow-up using the above-required data to training was prepared using the three
sphinx tools, such as sphinx3, sphinxbase and sphinxtrain were put in the same folder. After all
the system setup and data preparation are done, the next step is to train the system. Initial
configured the training setting and to start the training and testing, the following command was

used in command prompt and it went through all the required stages.
Python.../sphinxtrain/scripts/sphinxtrain run

After training, showed the seven files, are converted into a jar file. To implement in NetBeans and
sphinx-4 used decoding. We have copied all the training files and model files to a folder called
WSJ 8gau_13dCep_ 16k _40mel_130Hz_6800Hz and also dict folder which contains the
dictionary (bekeledb.dic) file. Then, the following command was used for converting files to the

jar file.
JAR cf WSJ 8gau_13dCep_16k _40mel_130Hz_6800Hz.jar / WSJ_8gau_13dCep_16k 40mel_130Hz_6800Hz

The Decoder used sphinx-4 tool because it has been written in java programming language and

simple to import the .jar training file on the NetBeans environment.
3.3 Question answering Systems

QA is concerned with a building system that automatically answers questions arranged by speech
recognition. This study uses a syntactic analysis for processing a question and retrieving the
expected answer. In QA system, different tasks such as question analysis, question classification,

the question generated, searching, indexing, answers extraction, and answers retrieve.

3.3.1 Ambharic Natural Language Analysis

The Amharic text analyzer is the principal section in indexing Amharic documents using Lucene.

The following are the tasks performed in the Amharic analyzer in their order of use;
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Tokenizing

The Ambharic documents in the repository are tokenized before going to the indexing process.
Tokenization breakdowns the stream of characters into raw terms or tokens. This process detects
word boundaries of a written text. In Amharic, words can be separated using a whitespace, tab,
Ambharic punctuation marks, or by a new line. Therefore, using tokenization, we identify separate
terms from the document. In the process of tokenization, alternative Amharic characters found in
the current token normalized to a unique character. The known Amharic alternative alphabets are
then replaced by a normal one throughout the documents in the repository. The normalization is
similar to the one in [8]. Example: characters “v”, “1”, and “ch”, are normalized into “v”. “0” &

“w” are normalized into “a0”.
Stop words Removal

Stop words commonly occur in a document. As stop words have no document discrimination value
for information retrieval purpose, they have to be removed. A new list is also added to include
question particles like #77 (who), @& (when), ¢+ (where), and a7zt (how much) so that they are

not removed as a stop word.
Stemming

Stemming is a technique whereby morphological variants are reduced to a single stem. It is
language dependent and should be tailored for each language since languages have a varying
degree of differences in their morphological properties. As Amharic is a morphologically rich
language, designing a perfect stemmer is not an easy task. So far, different efforts have been made
to come up with a full-fledged stemmer for the Amharic language. For the question answering task,
we should keep proper nouns, dates, and numerals un-stemmed because these are the terms with a

potential to bear an answer. So, for this purpose, the stemming algorithm developed in [8].

We have used the stemming technique for identifying stem/ root of a word. The technique first
identifies the prefix list and the suffix list from a word, through the identification process of the
prefix and the suffix word, stem/root is identified. For example, if we have a word “?A. 781+ the

stemming technique identifies “A.784C” as stem/root of a word. The prefix word is “?” and the
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suffix word is “&F”. Furthermore, the stemming technique is used for improving the effectiveness

of IR and text mining and reducing indexing size.
3.3.2 Question Processing

In the process of question processing, four steps are followed to build a sub-component, such as
question analysis, question classification, question reformulation and question generation.
Ambharic natural language analysis has used Amharic tokenizing, stop words removal, and

stemming.
3.3.2.1 Question Classification

In order to define the question and identify the expected answer, language analysis should be
developed and classifies a question based on training data. To determine answer types (person,
time, place, and number), the previous researchers [8] [15] use rule-based question classification.

However, this study uses automatic question classification.

The first step we took to determine the expected answer were understanding the question. The type
of queries is a person, number value, time or place. Then, we designed decision Question Model

based on the answer type.

The decision model is constructed from question classification using the SVM (Support Vector
Machines) algorithm with a dataset of 80 questions. The aim of this classical model is to return the
answer type of a question. For instance, if the system gets the question “270+ 8 2001 (-+nZLa-
PmPAA 0% hé4- Parmet +@ne-T 07 ¢Fo and the expected answer type of this question is “&TC
[numerical]” which goes to the class “number”. Therefore, the system would search for a “&1C
[numerical]” as an answer to the given question. The question classifier and decision model
generation are ensured by two components. The first component is the question classifier which
pre-processes the question dataset and trains it by the SVM algorithm. And the second component

is the decision model generator which establishes the models that we use in the proposed question.

An important module of any Question Answering system is question classifier. The question

classification significance is worked based on the expected answer types. The significance of the
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answer type; decreases processing and effort and also offers a possible way to select correct

answers from among the possible answer candidates.

In the literature review, many methods and methodologies have been used in question
classification. Based on the literature review, SVM model for question classifier is constructed.
However, machine learning approaches (especially SVM) provided to get to the closest answer

type of a question.

Table 3-1 Coarse-grained and Fine classes

Coarse classes Fine classes

Person, place (ag°) 02 [a1¢( btol, hintel, o8, 00, O7TH ee, Ve8P, OPETO, 1A NAA,
LLaCA, PA, h@dT, &0Le, ROt T/, 08, L H-hCOELY, AA), TART,
L:CPH], hAC/avAn, £2-16, VBTISH, 1k, prelav@, A@+ [AANDTETLHATE,
TP, Lo, VAL, PTE A, NTE/ANTE44, A4 ], AF, a2, 929, ATOAT,
hd [P, h@-CTAT, AA], AA

Person, place 07°Ct) | FenPTF, Atdt, 032090, (527, AAATT, AC O APAA

Person [a>H.4] avvig @ (190, HéTh, ACEAE, 84-0,EATP

Number, time (®m?) | 1Lh,CPT,THA, DI TeC, &P 1T a0 b AdvF, RPCE A

For the highest accuracy/precision, we use the SVM algorithm to train the system question
classification. And also, we have developed the coarse-grained classes and the fine-grained classes
of answers types. We used four coarse-grained classes and sixty-five fine-grained classes. All

classes are listed in the above Table 3.1.

The Question classification predicts the expected class based on the training data. For instance, the
following are examples of Amharic Factoid question answering system (see appendix IlI). The
first question is PA &L A%C M 4.%407 THHATT 717 2040 Root Class: a person (a9°) [a@-]; Fine
Class: president (T¢H47F), the second examples are PAA4C&E PAPC TFé-dh HEMNLPTF avu(C AT

Aov 7 AhNg? Root Class: number (e2m% ) Fine Class: year (heet). LibSVM classifier tool to

identify a question type and generate a decision model based on the training data.
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As we discussed above, the system finds the question from a given question. However, knowing
the question type only is not enough to find the appropriate answer. For example, the questions
can be relatively unclear (ambiguous) for the classifier in terms of the required answer. Therefore,
to discuss using that kind of ambiguity and reduce the search non-stop words based on keywords,
further explanation techniques that are used which extract the question focus is crucial. The
question focus in our situation is represented by Keywords. From this time, we build keywords

which are extracted from the question.

To support the above statement let us see this example, the question “m®AL 950 +C o7 L7 F 0@+

nart hovt 1AL 10-?”Root Class: number ( @2m%); Fine Class: year (Ae>t). This information is not
sufficient, therefore, we need to find the focus of the question which is “a2P7 L9LFAD- Aavt (1AL
and “mPAL “L1.07HC” as the keyword.

Keywords Extraction

Keyword extraction involves Amharic text tokenizing, part of speech tagging, chunking, stop word

removal and resources extraction for a question.

4 )

; Stop Word
‘ Part of speech Chunkina | Removal

tagging l

y

Question

Extracted
Keyword

- J

Figure 3-4 Keyword content extraction

In the extraction of keywords from the question, the system chooses any word in the question that
satisfies one of the following seven conditions [70]:
1. All non-stop words in quotations.
. Words recognized as proper nouns.

Complex nominal and its adjective modifiers.

. All nouns and their adjectival modifiers

2
3
4. All another complex nominal
5
6. All other nouns

5

. All verbs.
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3.3.3 Training Data for Question Classification

To fill the gap of rule-based question classification, we used machine learning algorithm.
Moreover, LibSVM linear library is used because [66] it is faster and more accurate classifier. The
first procedure is preparing data in the training.

Training the classifier SVM, initially designed for binary classification (classification into one of
the two classes). Different approaches have been proposed to use the binary classifier for multi-
class classification tasks. The Windows version of the command SVM classifier, LIbSVM, were
developed by [66], and those are used for our question classification task. It is freely available for
research purpose and can be smoothly integrated with our system. The more training data prepared

for the classifier, the more accurate the classifier becomes.

SVM, as a statistical approach, needs a large amount of training data so as to train the machine it
is preferable to make accurate classifications for the unseen test data. For this, we prepared 82
questions from the two classes of factoid questions (“person”, and ‘“number”) for training the
classifier for further clarification see appendix V. LibSVM data format is not supported non-
numerical data’s, so we have changed a question text form to numeric within corresponding
training vocabulary. The general step we took to classify the question is, listing the words of the
training question and giving them index number for more see appendix V. Then we continue to

classify the question in the format of the LibSVM which is stated below.
<Classes> <index1: labell> <index2:label2>......................

We assign class 0 for the 35 question which is person type and class 1 for the 47 question which
is a numeric type. For examples, the expected answer type of “Ca & A%C W .%& 07 TSHATE
a7y £0AA” are a person. Therefore, the training data’s are look like; 0 1:1 2:1 3:1 4:1 5:1 6:1 7:1.
Zero (0) indicates person class and 1:1 indicates index and label of the term “¢a-1¢-%¢” etc. The
finally, result in the training model, libSVM generated statically data 0. That means a question is

a person. If the question is numeric, 1 is generated as the LibSVM model.
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3.3.4 Searching

The generated question is then passed to the document retrieval component for searching
documents related to the question generated and believed to contain candidate answers. QA system
usually wants documents to be retrieved only when all existence keywords are present in the
document. Filtering a paragraph of the highest question keyword matching to document and
paragraph ordering based on the three criteria, same word sequence score, distance score and

missing keyword score.

3.3.5 Indexing

Indexing is defined as the processing of the original data into a highly efficient cross-reference
lookup (index) in order to facilitate searching [71]. To search a large amount of data rapidly, it
requires index terms that can represent each document in an index in a suitable format. Lucene is
an open source software used to index term from large data. Lucene uses an indexing mechanism
called inverted index. The purpose of an inverted index is to allow a fast full-text search, at a cost
of increased processing when a document is added to the database. In this study, file, paragraph,
sentences based indexing level were used. So as to do the indexing, the Lucene API uses five basic

classes: Index Writer, Directory, Analyzer, Document, and Field [71].

To index term using Lucene, first, we add Document(s) containing Field(s) to IndexWriter which
analyzes the Document(s) using the Analyzer and then creates/open/edit indexes as required and
store/update them in a Directory. IndexWriter is used to update or create indexes. It is not used to

read indexes.

3.3.6 Answer Selection

After retrieving documented index, it will reduce paragraph filtering and paragraph ordering by
using distance vector. The answer extraction method is based on hybrid approach pattern matching
and gazetteers from the most simple and commonly used group of answer extraction methods.
Retrieving top ranked answer is based on counts the number of expected answer type in a sentence
and the number of terms matches a question did with the document terms. Answer extractions

extract relevant word based on measuring a distance between keywords.

55



3.4 Speech synthesis

As we illustrated on section 3.3, the questions were processed and retrieve expected answer using
the Amharic factoid question answering system. Text based answers can be produced in the form
of audio. As shown in figure 3.1, various input speech units are recorded in the Amharic language,
and the quality of the synthetic speech produced when using the speech units are presented. The
speech units of Amharic language are taken into phonemes. However, diphones, syllables, Words,
phrases, and sentences are not taken because there are a lot of such units in the Amharic language.

From this time, storing numerous unit’s needs a vast amount of storage space.

The basic goal of speech synthesis is to produce natural sounding and intelligible speech for any
input. And also, the most challenging things of speech synthesis are naturalness, intelligibility,
cost-effectiveness, and expressivity. The previous researcher [72] used Rule-Based and corpus-
based methods. This research used concatenation synthesis because it solves the above problems
[55]. Concatenation of stored speech units is common of speech synthesizer that is in use for any
applications [73].

Therefore, selects the phonemes as a unit for concatenation, especially in an environment where
resource (processing and storage capacity) is limited, there come issues like how much of the unit
are there in the language (in this case Amharic language), how much storage space is needed to
store the units, and also how CPU intensive the synthesis process (generation of the waveform).
All these issues should be considered keeping in mind the quality of the spoken word which is the

design goal of a speech synthesizer and produced after the synthesis process has taken place.

3.4.1 Preparation of Phoneme Wave File

As it is previously discussed, the main goal of speech synthesis is producing natural sounding and
intelligible speech output. An Amharic phoneme speech has two types, context-dependent, and
context-independent phonemes. As stated in section 2.5.2, there are 233 Amharic phonemes. In
speech database building, a Recording for all Amharic phoneme is done using Wave surf speech

synthesis analysis tool at DBU (Debre Berhan University) office environment See appendix V1.
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The major reason for the selection of phonemes as basic speech unit is that phoneme is smaller
than word and syllables. So, phoneme gives less number of speech sound as compared to words

and syllables, thus requiring less storage space.

The context independent phoneme directly recorded Amharic phoneme and saved with the name
of Amharic phoneme stored in the same folder. In context, a dependent phoneme is recorded both
Ambharic phonetic list and IPA equivalence and its ASCII Transliteration equivalence See
appendix Il. In the recording phase, designing the input wave parameters add and remove wave

files based bit size, sample rate, channels, data headers and the file of phoneme wave files.

3.4.2 Input Wave Parameters

The creation of a wave audio file includes bit size, sample rate, channels, data, headers and the
file. AWAV (RIFF) file is a multi-format file that contains a header and data parameters. A WAV
file contains a header and the raw data, in time format. The wave file have different factors to

record a phoneme (size, sample rate, channels, data, header, etc.)

Bit size determines how much information can be stored in a file. Most of the bit size has 16 bit
and 8-bit files are smaller but have less resolution. Bit size deals with amplitude. In 8 bit
recordings, a total of 256 (0 to 255) amplitude levels are available. In 16 bit, a total of 65,536 (-
32768 to 32767) amplitude level is available. The greater the resolution of the file is, the greater
the realistic dynamic range of the file. The recording Audio files have used 16-bit samples.

The sample rate is the number of samples per second. The recording Audio files have a sample
rate of 44,100. This means that 1 second of audio has 44,100 samples. When seeing at frequency
response, the highest frequency can be measured to be 1/2 of the sample rate.

Channels are the number of separate recording elements in the data. For a real quick example, one
channel is mono and two channels are stereo. In this document, both single and dual channel

recordings were used.

The header is the opening of a WAV file is used to provide specifications on the file type, sample
rate, sample size and bit size of the file, as well as its overall length. Examples of one wave files

include the following header format:
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Table 3-2 Wave Input Parameters

Positions Sample Value Description

1-4 "RIFF" Marks the file as ariff file. Characters are each 1 byte long.

5-8 File size (integer)  The size of the overall file - 8 bytes, in bytes (32-bit integer). Typically,
you'd fill this in after creation.

9-12 "WAVE" File Type Header. For our purposes, it always equals "WAVE".

13-16 "fmt " Format chunk marker. Includes trailing null

17-20 16 Length of format data as listed above

21-22 1 Type of format (1 is PCM) - 2 byte integer

23-24 2 Number of Channels - 2 byte integer

25-28 44100 Sample Rate - 32 byte integer. Common values are 44100 (CD), 48000
(DAT). Sample Rate = Number of Samples per second, or Hertz.

29-32 176400 (Sample Rate * BitsPerSample * Channels) / 8.

33-34 4 (BitsPerSample * Channels) / 8.1 - 8 bit mono2 - 8 bit stereo/16 bit
mono4 - 16 bit stereo

35-36 16 Bits per sample

37-40 "data" "Data" chunk header. Marks the beginning of the data section.

41-44 File size (data) Size of the data section.

Sample values are given above for a 16-bit stereo source.

In the intended study, recorded and used as the researcher voice speaker of Amharic recorded that
the selected phoneme. The quality of audio depends upon the quality of recorded sound and also
the quality of extracted audio units from this recorded audio. The recording was done in the
WaveSurfer with the following characteristic: Sample rate: 44,100Hz, Bit Depth: 16 bit, Channels:

Mono.
3.4.3 Text-to- Phoneme

In our study, we used unit selection synthesis in which the prerecorded words are stored with
corresponding names and preserved in a database. Based on the input text from the user interface,
the phonemes wave files are selected from the database and concatenated audio wave files using
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java code to create the resulting output. Compare text input phoneme within recorded phoneme
and select the required wave files.

3.3.3 Concatenate Wave Files

The input text of any length is segmented into Amharic phonemes by using substring java code.
After phonemes are searched in the prepared database and corresponding instant’s time location is
retrieved. After, these second’s location search in audio wave file is stored in the resources folder.

Finally, the concatenate word wave files produce in the form of wave format.
3.5 Integration of speech recognition and Speech Synthesis for QA

Speech based Amharic question answering offers the important potential for finding information
on a laptop and mobile phone. Figure 3.5 shows that the code snapshot that instantiates the
recognizer to accept speech from the user using a microphone and then tries to recognize as per

the configuration and grammars defined.

Integration module of the existing system is used to integrate the Amharic ASR with question
answering. It takes recognized utterances from the Ambharic speech recognition as input. The input
needs further processing due to the speech recognition performance that results in insertion,
substitution and deletion errors. Inserted words removed, deleted words are replaced and
substituted words are mapped using a dictionary. Correct questions are automatically passed to the

question answering module using QAnswering().

59



) NetBeans IDE 7.1.1 — O P

File Edit View Mavigate Source Refactor Run Debug Profile Team Tools Window Help |Q‘ Search (Ctrl+1)

EI E‘ = -_I <default config> w I:tT 2&9 |> T Glg "

Projects x | Files Services Favorites = ...a\u'aI @ reader java = I @Testllljava x I @ plays.java = ] @ example.java x | @ ASBQA.java = EZ| E] @
TR o g TR ECC Y EN SN I
F@ CreateDictionaryFromVocabulary java a7 ~
@ Main.java - R .
F@ MewClass.java 28 *+ largs.iengea >
- [#, PhoneList.java 22
F@ ReadFileFromDir. java e
SBQAS. config.xml il config.pml™)
E] amharicsQA_gram.gram 32 } -
E] grammer2.gram 33
E] helloi.gram 34
D hello2.gram 35 Recognizer recognizer = (Recognizer) cm.lookup("recognizer™);
[ helloworld 1.config. xml 36 recognizer.allocate(};
- pos_tagged v 37
lucene - Navigator = = 38 . . .
39 start the microphone or exit if the programm i t p ible
40 Microphone microphone = (Microphone)} cm.lookup("m
41
42 if (!microphone.startRecording())} {
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Figure 3-5 Speech recognition integrated with QA system

A QAnswering () function received input text question from ASR. The input texts are searched the
right answer with further processing due to Amharic Natural language analysis, SVM classifier
and question generated using both IE and IR techniques. QAnswering () function retrieved list of

answers with their source document.

The codes on figure 3.6 show how a retrieved answer automatically passed to the speech synthesis
module using ASynthesis () function. ASynthesis () function produces top five answers in the form

of an audio.
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Lo public ArrayList«<String» list = new ArrayList<String>();
418 ] puklic void QAnswering (String guestion) |

413 ASynthesisz As=new ASynthesis();

420

421 jTexthreal.setText (question);

423z jTexthAreal.setText ("");

423 jTexthreal.setText ("");

424 Thkmarachmeli=zl.=zetText ("");

425 Thkmarachmeli=z2.zetText ("");

426 Thkmarachmeli=z3.=zetText ("");

427 Thkmarachmeli=z4.zetText ("");

428 search(indexDir, gq);

4239 list.add{jTexthreal.getText());

430 list.add{Timarachmelisl.getText ()} ;
431 list.add{Timarachmelis2.getText ()} ;
432 list.add{Timarachmelis3.getText ()} ;
433 list.add{Timarachmelis4.getText());
434

435 for (int i=1; i<5;it++)

436 {

437 ArrayList<String> x= Asz.ASynthesis (Arraylist<String»> list.get(i));
438 System.cut.println(x.get(i});

439 1

Figure 3-6 QA system integrated with Speech synthesis

3.6 Performance Evaluation

Evaluation measures that are used for measuring the performance of the system are targeted to the
aims of the research. The concept of evaluation for question answering requires the creation of
questions and correct answers for each question, given a corpus and some pre-defined criteria for

judging correctness in the question answering part.

The Amharic speech recognition, the Question Answering system, and the speech synthesis are
evaluated independently. The Amharic speech recognition evaluated based on the rate of word

errors (WER), which is computed using the following formula [74].

total Error

WER (Word Error Rate) =

total words uttered

total correcly recognized

Accuracy =
y total words uttered
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The Question Answering performance is evaluated using precision and recall. Precision is
calculated as the number of correctly answered documents over the total list of answers (correct
(correct and not exact answer), wrong, and No Answer). The recall is also calculated as a number
of correctly answered questions among the list of expected answer sets where documents are first

analyzed for the presence of correct answers.

Correct answers

Precision = ,
Total answer retrieved

Correct answers

recall = -
correct answer+missed answer

The most evaluation measured in question answering is F-Measure which is a utility class for
evaluators which measure precision, recall, and the resulting f-measure. Evaluation results are the
arithmetic mean of the precision scores calculated for each reference sample and the arithmetic

mean of the recall scores calculated for each reference sample [26].

(Recall * Percision)

F—measure =2« recall + percision

The performance of the speech synthesis system is evaluated in two steps. First, the accuracy of
the system is tested to observe its prediction capability of a given text. Then, the overall quality or
acceptability of synthetic speech can be measured. Literature suggests three techniques: Mean
Opinion Score (MOS), Modified Rhyme Test (MRT), and Diagnostic Rhyme Test (MRT) [75].
Intelligibility and naturalness are factors which measure the overall quality of synthetic speech.
The synthesized Amharic speech is tested based on its intelligibility and naturalness. Among the
identified testing systems, MOS is preferred in this study to test the prototype TTS for the Amharic
language because it is the most widely used and the modest method to evaluate the overall speech
quality [75]. MOS is a five-level scale: bad (1), poor (2), good (3), very good (4), and excellent
(5). For the evaluation of the system using MOS, ten native listeners of the language are asked to
give their opinion on the naturalness and intelligibility of the synthesized sentences with respect
to scales used in MOS.

Finally, the overall performance of automatic question classification for speech based Amharic

guestion answering is measured based on user acceptance testing of the systems based on criteria.
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CHAPTER FOUR
IMPLEMENTATION OF SPEECH BASED AMHARIC QUESTION
ANSWERING

In this chapter, construct a prototype of automatic question classification for speech based Amharic
question answering. The system recognized a question and convert it into text form and pass into
the question-answering module. Question answering module classifier the question type and
predict the expected answer. Then, the system received top-ranked answers in the form of text. To
achieve the objectivity of the study, we used different models as well as software tools. In the
previous chapter, we covered the architecture and basic explanations about the components of the

system. This chapter basically deals about the algorithm which we use to develop the system.

Following, we discussed the setting up system environment and a detail view of the sub-parts in
the system and discuss how these parts are formulated with the following order; speech recognition,
question answering process (indexer, question analysis, question classification, question
reformulation and question generated, document retrieval, answer extraction) and finally, speech

synthesis (text analysis, phonetic analysis, unit selector, concatenate wave and audio wave out).
4.1 Development Environment

This study is written in java programming language. The implementation and experimentation of
the prototype have been taken place on a Toshiba Laptop with the windows-7 32-bit platform in a
core i5laptop with CPU speed 2.5GHz, 6GB RAM capacity. There are different softwares;

Netbeans7.1.1: is used to write the java codes and building GUI for the whole system.
Lucene: an open source tool that is used for a searching and indexing.
SphinxTrain1.0.8: is a set of tools used for acoustic modeling.

Sphinxbase0.8: is a common set of the library used by several projects in CMU Sphinx.
Sphinx4: adjustable, modifiable recognizer written in Java.

Sphinx 3 trainer: - to build the Amharic acoustic model.

Active Perl: to run Perl scripts while the training was performed.

Active Python: to run python scripts during the training session.

Cygwin: is free software that provides a Unix-like environment and software tool set to users of
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any modern x86 32-bit and 64-bit versions of MS-Windows. We have used it to setup the
configuration file and run Sphinx-Train to start the training.

Visual studio 10: to compile Sphinxbase0.8, SphinxTrainl.0.8.

Wavesufer 1.8.5: is a really good open source tool which allows you to edit as if you were a
professional any audio file.

Libsvm: used question classifier and it supports multi-class classification.
4.2 Prototype system Components

Figure 4.1 shows three major components of the sentence level speech-based factoid question
answering system retrieval. The prototype integrates speech recognition, question analysis using
natural language processing, machine learning for classification, information retrieval techniques

for answer selection and speech synthesis for produce an audio waveform.

Pseudo code
Spéech
Start Question

1.
2. User asking a question &
... . . | Recoanize Question (STT) |
3. Speech recognition recognize a user question
4. Subsequently, recognize text question call Question Question analysis and Process
Answering function
\ 4
5. Question answering system processing Answer selection
6. Selecting for answer of a specific question v
7. Synthesizer can produce answer in voice and back to SRR D SR (1)

Step two l
Answer in
8. End / speech form /

Figure 4-1 system flow chart

64



4.2.1 Recognize Question

The first step to constructing a speech input interface requires initialization. It took steps to make
the recognizer to recognize the speech uttered by the system user. The microphone accepts speech
and convert into a speech signal. The extract features of the speech signal and waveform data were
parameterized into sequences of feature vectors. Based on the probability and statistics which
depends on language, dictionary, and lexical model the decoder decodes the utterances and

converted it into texts.

23

9= public static woid main(String[] args) ﬂ

25 ConfigurationManager cm;

26 cm = new ConfigurationManager (RSBOR.class.getBResource ("RECQRS.config.xkml™));
27 Recognizer recognizer = (Recognizer) cm.lookup("recognizer");
28 recognizer.allocate();

29 Microphone microphone = (Microphone) cm.loockup("microphone");

30 if (!'microphone.startRecording(}) {

31 System. out.println{"Cannot start microphone.™);

32 recognizer.deallocate () ;

33 System.exit(1);

34 ]

55 System.out.println("Say: With Rmharic Language");

36 while (true) {

37 System.out.println("Start speaking. Press Ctrl-C to gquit.\n");
38 Result result = recognizer.recognize();

33 if (result !'= null) {

40 String resultText = result.getBestFinalResultNoFiller();
41 System.out.println("You said: " + resultText + "‘n');
42 speechg=resul tText;

43 0AS(speschg) ;

44 } elze {

2hE) System.out.println("I can't hear what you said.\n");

46 }

47

ag L }

Figure 4-2 Recognized for a Voice question

The codes on figure 4.2 show how the user asked a speech question, and how the system
recognized the question based on the model constructed during the training phase and converts the
question into texts. The first steps are Configuration which is used to supply required and optional
attributes to recognize using ABQAS.config.XML. The XML files included those parameters,
such as Sphinx-4, frequently tuned properties, word recognizer, Decoder, linguist, Grammar,
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Dictionary, acoustic model, unit manager, front end, live frontend and front-end pipelines are

configured for the understanding of a user voice question.

The system accepts user's specific question using a microphone. Then, the system recognized the
voice question and converted into the text-based question. After, recognizing a complete text

question, the text question passes to question answering systems using QAS (speechq) function.

The most importance is to recognize question and converted the speech to text. As the search
engine only accepts input text, the user's speech based question is converted into text. The system
works well when there is no interruption such as noise. If the system won’t recognize the word
due to some interruption, based on the utterance the system automatically replaces, add and modify
words which fit the unrecognized word.

4.2.2 Question Analysis and Processing

Figure 4.3 shows how the QA system receives the text question from the speech recognition
component. QAnswering (String question) before generated answer, processed a question
normalized (), analyzequestion(), generated SVM() model to identify answer based on question
type, DocumentNormalization() and finally extract and retrieve the expected answers. The

importance of the code is extracting answers from the corpus.
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121 Hpublic void QAnswering (String guestion) {
122 JTextAreal .. setText (guestion) ;
123 JTexthreaZ.setTextc ("") ;
124 JTexthreal3.setTextc ("") !
125 Tamarachmelisl.secTexc("")
126 TAamarachmelis2 . secTexc("")
127 Tamarachmelis3.secTextc ("")
128 Tamarachmelis4.secText {"")
129 File indexDir = new File ("SEIndexes"})
O QueryGenerator ggen = new QueryGenerator()
AnalyzeQuestion an = new AnalvzeQuestion()
SVMmodel sv=new SWVMmodel ()
DocumentNormalization dn = new DocumentMNormalization() r
= if (jTextareal.getText() .tcoString() .equals("")) {
JoptionPane.showMessageDialog(nnll, "FPlease Enter a Questcion!!!.");
36 1 else {
7 gquestiontype = an.S5VM{dn. (jTexthreal .getText () .toString{}})
g8 [H if (guestiontype =— null) {
=} JoptionPane . showMessageDialog{null, "Not Factoid Question!!!.");
140 JTexthreal.setTextc ("""} ;
141 T else {
2 String g= ggen.{ueryExpand ((jTextAreal .getText () .coString(}))
2 fueryword = g
4 =l try { search(indexDir, o) :
15 System.out.println{(Queryword)
146 = } L |

Figure 4-3 question answering process and answer extraction

In question answering system, the system has used information extraction and information retrieval
which it is to get top-ranked answers and appeared on the user interface. The system retrieved one

accurate answer, four alternative answers, and the resources of the document See figure 4.4.
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Figure 4-4 QA System User Interface
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Figure 4-4 shows the user interface of the system; the first text field accepts a question from the
user in the form of voice, the second text field shows the exact answer for the question and the

four text fields fetches alternative answers for the question.

The QA system generates proper answers for a specific question. Figure 3.6 shows that the QA

system is passed to speech synthesis module.
4.2.3 Speech synthesizer

For the development of Amharic speech phoneme database, an Amharic language containing the
usable phonemes with the combination of vowels (V) and consonant-vowel (CV) and their

equivalent audio positions are stored in the database file.

The moment’s initial and ending position for V and CV are marked from the recorded wave file.
The input text of any length is segmented based on Amharic phonemes, later phonemes are
searched in the prepared database and the corresponding position is retrieved. Next, it will
concatenate these position based on each input header and the sound wave file and stored it into

the resources folder. Then, finally, produce the wave files.
4.23.1  Text Analysis

The text analyzer accepts text data from the user interface and splitters words into character based
on Ambharic dictionary. The importance of the code is to identify Amharic character and

corresponding phoneme wave file search from the database.
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Ek:'_;b'_'_c ArrayList<String> ASynthesis(ArrayList<String> txt) throws FileNotFoundException, ICException{

2 ArrayList«<5tring> re = txt:;
2z for (int 1 = 0; i < re.lastIndexOf(i); i++)
2 = i
2 String a = re.substring(i, i)
2 for (S5tring prime : list) // Loop through List with foreach
26 = {
27 E if (prime — a)
28 [ i single letter.add(prime) ;
2 break:
r ¥
else

32 = { continme;

e = }

4 r ¥

S r ¥

& for(String sample : single_ letter)

El {
S (Iterator<String> sample = list.iterator(); sample.hasNext(); )} {
#f String item = sample.next();

- String k = sample;
4 String sa = k + exten;
42 String red = sMediaPath + sa:
= result.add(red) ;
44 = ¥
45 Wavell wa=new WawvelO()

L wa.Merge (result, "F: "reRTH" . wav™)

Figure 4-5 snapshots of Convert Text to Phoneme

Figure 4.5 shows how Synthesis (ArrayList<String> text) function accept input text which is
passed from the question answering using ASynthesis() function. The texts then convert to
phoneme using substring (i, i+1) java method, and it will add into array list and iterate until finished.

Example that shows, splitting words into phonemes are illustrated as follow;

AONNC ®AL 1.CLO ---—--- ShaNIC DAL 1L.&C1LAaO

4232 Text to Phonemes

The database required for a character to phoneme wave file is recorded alphabets (v-T), digits (O-
9) in the form of wave files (.wav). For each and every phoneme, it will search corresponding
wave (.wav) files from the database. After finding each phoneme wave, all phoneme wave files
are stored in array list “result” and calling the merging function using wa.Merge(result,

"FA\"+txt+".wav").

Examples A1 C @ & £ 1. C 1. (1 search and select the unit recorded from database A.wav, d.wav,
.wav, C.wav, ®.wav, A.wav, £.wav, 1..wav, ¢.wav, c.wav, ..wav, d.wav. The next step is
margining those wave files. All the data is stored on the resources folder in the name of incoming
text like E:\ Bekele\reading\ai-1ic @AL. 1.9-C1.0 .wav.
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4233 Concatenate Wave Files

For the concatenate approach less memory and less run time were used. Therefore, the separate

wave phoneme files are merging or concatenating in order to incoming text sequences, and pass

to audio to play function.

80
21 throws FileNotFoundException, ICException
&2 1 {
83 WaveID wa_ IN = new WaveIO();
a4 WaveIO wa_out = new WaveIG();
85 wa_out.DataLength = 0;
&6 wa_out.length = 0;
a7
a8 for (String path : files)
89 {
a0 wa_IN.WaveHeaderIN(path) ;
o1 wa_out.DataLength += wa_ IN.DataLength;
@3 wa_out.length += wa_ IN.length;
a3 H
94
as wa out.BitsPerSample = wa IN.BitsPerSample
=15 wa_out.channels = wa_IN.channe
a7 wWa out.samplerate = wa_ IN.samplerate;
98 wa_ out.WaveHeaderOUT {outfile) ;
99
100 for (String path : files)

(=Y {java.io.FileInputStream fs = new java.ioc.FileInputStream(path);
102 byte[]l] arrfile = new byte[path.lengthi{() — 44];
103 fs.getChannel () .position (44);

104 fs.read(arrfile, 0, arrfile.length};

105 fs.close () ;

106 java.io.FileCutputStream fo = new java.io.FileCutputStream{outfile,
107

108 BufferedCutputStream bw = new BufferedCutputStream({fo) ;
109 bw.write (arrfile);

110 bw.close () ;

111

112 fo.close () ;

113

114

public final weoid Merge (ArrayList<String> files, String cutfile)

Figure 4-6 Concatenate Wave files

true) ;

Figure 4.6 show, the code which indicates concatenated phoneme wave files. There were two tasks

that are done for merging a single phoneme to the word. The first task is gathering header data

based on the recording phone wave files. The second task is reconstructing new header based on

the input header. Finally, concatenate the wave files in terms of a new header.

4234 Audio Generation

The system reads each sentence corresponds to the wave. Then the .wav files concatenated and

played according to the input header of the waves. The text file contains a number of lines. Line

by line, the words are concatenated and played. For instance, figure 4.5 are shown as played A6-C

@A L 1.2-C1.0 .wav audio utterances files. For example, the system produced the retrieved answer in

the form of a wave in below figure 4.7 the answer is AG-NC ®AL 1.£-C1LA.
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Figure 4-7 speech utterance each phoneme

Figure 4.7 shows how the phoneme wave files are concatenated the appropriate text and produce
speech utterances. The wave files are extracted from the database and merged until the input text
finished. At that point, the systems that produce the text will concatenate the audio wave format.

To this end, speech recognition and speech synthesis tasks are integrated for Amharic question

answering with an automatic question classification.
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CHAPTER FIVE
EXPERIMENTATION AND EVALUATION

The experiments of the system were conducted in order to evaluate an automatic question
classification for speech based Amharic question answering system. The system can produce the
retrieved answer in the form of Audio-based. The reason behind taking performance evaluation is
to identify the extent to which the study work and for the further recommendation. This chapter
presents the detailed experimentation criteria for the subsystems of speech recognition, question

answering system, and speech synthesis. Those components are independently tested.

A prototype system based on the proposed method has been constructed and an experiment on 84
natural language questions, 2016 corresponding speech corpus, and 233 phoneme & digits wave
files was prepared. Then, we discussed experimental results and findings of the study.

5.1 Experimentation and Evaluation for Speech Recognition

Primarily, the speech recognizer accepts speech inputs and recognize sentences. A speech
recognition systems are composed of speech database, Amharic dictionary, language model,
lexical model, and acoustic model that are used to transfer voice into sequence text using sphinx

decoder.

For this study, the recording has been taken place using 24 different speakers. These speakers were
from Debre brehan whose first language is Amharic. Table 5.1 shows a training speaker
information. Three different data sets were taken from the database as a training set, a development
set, which was used for testing and fine tuning during development of the system and an evaluation
test set to evaluate the final performance of the system. Table 5.1 below summarizes the type and

size of data set used for this work.

Table 5-1 Dataset used for training

No No of Speakers Age Range Sex
1 8 15-30 M
2 7 15-30 F

3 9 31-50 M
Total | 24
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The speech corpus included 2,016 question sentences spoken by 24 (9 Female and 15 Male)
different speakers, each speaker reads 84 questions utterance for the training purpose. A speech
corpus was generated by recording and cutting, the sentences. The prepared and parameterized
speech samples are then recognized using wave surfer tools. For testing and training speech

recognition, 84 questions were classified into two parts, such as person and numeric.

In this study, training of a speech recognition system depends on the collected data (text corpus
and speech corpus). The data we used for the system were collected by the previous researchers.
Additionally, five speaker’s speech corpus data’s were added to the training. The result of the
training shows that 90% is error sentences and 10% is word error. From the training, we observed
that the researcher used manual word aligner because there was no any Amharic (Unicode) aligner
that modifies and delete the words. Hence, during the training we measured the accuracy speech

recognition with 91.65% and word error rate, 6.35% is registered.

Table 5-2 Experimental result of speech recognition

Speaker | Number of | Number of | Number of | Number of | Number | Number | Accuracy
questions | Speech recognized | substituted | of of
Word words word deleted | inserted
utterances word word
1 23 191 167 19 10 14 87.4%
2 23 191 160 24 8 12 83.7%
Average accuracy= 85.58%

Table 5-2 shows the experiment result of speech recognition. The evaluation is measure based on

how many words are recognized over total words (see section 3.6).

23 questions were asked by two speakers. The first speaker has trained and achieved the
performance of 87.4% accuracy and 12.6% word error rate. And also the second speaker is non-
trained and achieved the performance of 83.7% and 16.3% word error rate. The average accuracy

of speech recognition system performs 85.58%.
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The major challenges of the system not to perform more than 85.58% for speech recognition was
due to the noise environment, the age of the participant different accents and the distance between

speaker and microphone which reduced the system performance.
5.2 Experimentation and Evaluation for QA System

The previous’ study used rule-based question classification approach. When the user asks any
question, the system automatically classifies a question based on expected keyword like (¢77). In
this classification, the word @77 can be “person” or “place”. In rule-based classification, the system
does not accurately classify the question due to the wrong classification. For example, when the
user asks “Pa e A%IC ™A 4Ll TE&HATT 917 £0AN” the expected answer should be “person”.
But, the ASR system is recognized a voice question and convert into the text as “?a271£ 00 4,24 07
TEHATT 977 £0AA” the first answered will be “place” as shown in figure 5.1. However, the system
mistakenly classifies a question, which means it outputted “place” as the expected answer rather
than “person”. And also the speech recognition system has not recognized all question keyword,
in this moment the question classification is based on keyword. These things are the main gap we

identified from the rule-based question classification.
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Figure 5-1 Rule-Based Question Classifier
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The correct answer should be the one which is displayed on the second text field, but the system
displays the first answer as if it is the correct one. In rule-based question classification, if the speech
recognition systems are not uttered the classifier keyword, the system will not retrieve the correct

answer.

We have evaluated the performance of the question answering system based on rule-based and
SVM in speech recognition. There are 87 training questions for two types of question “person”

and “numeric “ and for testing, we use 23 questions shows as in appendix IlI.

Table 5-3 Speech recognition retrieval on Rule-Based and SVM question classifier

Algorithm | Questions | Correct Not Not No precision | Recall F-measure
answered | Answered | Exactly Answer
Answered S

Rule-based | 23 17 2 2 2 82.60% 95% 88.36%

SVM based | 23 15 5 2 1 73.91% 94.44% | 82.92%

The performance of question classification for speech based Amharic question answering system
retrieved 82.60% precision and 95% recall on Rule-Based question classifier. Also, the study of

the system retrieved 73.91% precision and 94.44% recall using SVM classifier.

The challenge of SVM question classification is a query is exist in different class so, SVM is not
clear classifies a question and also, some question didn’t have an answer, due to pattern matching
algorithms challenges and their questions have unclear and indirectly there haven’t semantic
similarity WordNet. For example, as Figure 5.2 depicted the QA system did not generate an answer
for the question “?hLé- &AI° PS 12 QU4 977 S++.2” For the next investigation, we recommend using

semantic ontology analyzer.
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Figure 5-2 No answer of specific question

5.3 Experimentation and Evaluation for Speech Synthesis

In the part of speech synthesis, concatenate unit selector approach were used. The speech synthesis

performance was measured in two ways. The first of these tests was performed to see how many

words are pronounced and not.

Table 5-4 speech synthesis performance measure

Performance Measure on the Test Data

Total Correctly Partially Not Correctly | Not answer and
words Pronounced | Pronounced | Pronounced Not pronounced
No. of Words 47 38 5 2 2
Accuracy % 80.86 10.64 4.25 4.25

The performance measurement of the speech synthesis on the test data achieves 80.86% correctly

pronounced, 10.64% partially pronounced, 4.25 % not correctly pronounced and 4.25% results as

not answer and not pronounced.

The purpose of TTS system is producing the audio of the input text with less response time.
Furthermore, to get quality output with naturalness and intelligibility and to concatenate speech

synthesizer, we use unit selection approach. To measure the overall ineligibility and naturalness
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of the system we have used MOS (Mean Opinion Score method). Performance evaluation scale is
given as follow: 1 = bad, 2 = poor, 3 = good, 4 = very good and 5 = excellent. The testing

evaluation takes five queries and five answers for each question.

There are ten listeners who are used to test the synthesizer. The synthesizer scores averaged on
MOS rating. The synthesizer is rated as: excellent if it has an MOS value greater than or equal to
4.5, very good if it has an MOS value greater than or equal to 3.5 and less than 4.5, good if it has
an MOS value greater than or equal to 2.5 and less than 3.5, poor if it has an MOS value greater

than or equal to 1.5 and less than 2.5, or bad otherwise.

Table 5-5 Experimental results of speech synthesis for Naturalness

Listene Test Data

rs Question 1 Question 2 Question 3 Question 4 Question 5 Scores
Answer 1-5 Answer 1-5 Answer 1- 5 Answer 1-5 Answer 1-5
3 slelaela [(slalalaslela [(2l2lalz]lal2lza]2]2]72]7] 28
3 a2 ez [alalz2legle]=a]2 [alalz]zzl2]z]2]a]z2]2]2]2&
4 4 5 2 34 3 5 3 345 5 3 455 4 4 35 45 45404
2 2lzlee [elelz2lzlslale [aldlalalalalalala]a]z]z 2z
3 Sle ez [alz2lalzlalzle [Z2lalaz2laaaza] 2 [E] e 272
_3 3 3 3 23 333 333 3 333 3233332 3 3288
1 5 5 2 44 3 4 4 344 5 2 4 4 4 2 4 35 45 4537
_1 4 4 2 33 4 4 4 345 4 45 43 2 33 4555 5372
_1 5 5 3 44 3 45 433 5 4 4 2 25 4 35 4 4 45 38
4 4 5 2 34 3 4 4 444 5 5 4 4 4 4 5 4 4 4 4 5 5 408
Average scores % 3.45
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Table 5-6 Experimental results of speech synthesis for intelligibility

Listeners Test Data

Question 1 Question 2 Question 3 Question 4 Question 5 Scores

Answer 1- 5 Answer 1- 5 Answer 1- 5 Answer 1- 5 Answer 1- 5
44325334435332334435344453.6
22335233333333232334343242.96
21243324223232323234333332.68
33525324335432543335344453.6
32222322332323332342333332.64
_23333433443443344443433453.48
-12333233223332223234533332.72
_43525334435432545335344433.72
_12241332333233333333232332.64
- 4 4 2 4 3 2 4 4 35 4 3 2 4 3 4 4 35 3 4 4 35 364

The complete result of speech synthesizer achieved 80.86% accuracy using concatenate approach.
The general intelligibility and naturalness of the system. Out of five questions, ten listeners
perform 3.17% and 3.45% accuracy. Which means the goodness of the synthesizer achieves based
on the scale of MOS.

To produce understandable and natural sounding synthesis speech, connecting the prerecorded
natural utterances is enhanced. However, we observed that the output 19.14 % quality becomes
in a weak position due to the problems occurred by concatenation of phonemes and words in the
concept of Stops, Affricatives, Nasals, and Liquids. And also the recording speech tools and noise

environment in the recording time and a variety of phoneme recording time problems.

5.4 User Acceptance Testing (UAT)

User acceptance testing (UAT) is the last phase of the software testing process, the aim of task
user acceptance testing is to make sure how well an automatic question classification for SBAQA
is performing on the users to make sure that the system is accepted and usable by users. Ten
visually impaired users were selected to test the system. The technology acceptance model (TAM)
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is an information systems theory that models how users come to accept and use a technology. The
model suggests that when users are presented with a new technology, a number of factors influence
their decision about how and when they will use it [76]. The evaluators evaluated an automatic

question classification for SBAQA by using the following standards [76];

1. Using an automatic question classification for SBAQA system enable to better informed
more quickly

2. Do you find the automatic question classification for SBAQA system useful for receiving
knowledge

3. Using an automatic question classification for SBAQA system would improve access to
question answering service performance

4. It would be easy to get an automatic question classification for SBAQA system to do what
I want to get answer

5. Itis easy to use an automatic question classification for SBAQA system with training

6. Do you like the idea of using an automatic question classification for SBAQA system

7. will you use an automatic question classification for SBAQA system in the future

Evaluation of the system using user acceptance testing is done to make sure how the users ‘view
the system on the base of the above-mentioned evaluation standards. Different researchers have
used different types of user acceptance testing evaluation criteria. But for this study, the evaluation
criteria suggested by [76] is customized and used to ease the evaluation process. The weights scale
Suggested [76] has been used such that strong agree = 4, agree=3, neutral=3agree =2 and

disagree=1 Table 5-7 depicts that summary of user acceptance evaluation of the system [76].
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Table 5-7 summaries of Users’ evaluation of the system

No- | Criteria of evaluation disagr | neutral | Agree | Strong | Average
ee(1) 2 3 agree
(4)
1 Using an automatic question classification for SBAQA | 2 4 4 0 2.8

system enable to better informed more quickly

Do you find the automatic question classification for 1 3 4 2 2.7

2 SBAQA system useful for receiving knowledge

Using an automatic question classification for SBAQA | 2 2 4 2 2.6
3 system would improve access to question answering

service performance

4 it would be easy to get the automatic question 1 3 4 2 2.7
classification for SBAQA system to do what | want to

get an answer

5 It is easy to use the an automatic question classification | 0 3 4 3 3.0

for SBAQA system with training

Do you like the idea of using the SBAQA system 0 2 4 4 3.2
6

will you use the SBAQA system in the future 0 2 3 5 3.4
7

Total Average=2.91

5.5 Discussion

As table 5-7 shows, 20% of evaluators replied disagree for “using an automatic question
classification for SBAQA system enable to better inform more quickly”. 40% of respondents
replied neutral and agree for it. With regard to the second question, which is “Do you find the
automatic question classification for SBAQA system useful for receiving knowledge” 10%,
30%, 40%, 20% of evaluators replied disagree, neutral, agree and strong agree. The third question
is about Using an automatic question classification for SBAQA system would improve access
to question answering service performance 20%, 20%, 40%,20% of evaluators replied disagree,

neutral, agree and strong agree
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The fourth evaluation criteria are about it would be easy to get the automatic question
classification for SBAQA system to do what | want to get the answer 10%, 30%, 40%, 20% of
evaluators replied disagree, neutral, agree and strong agree. The fifth question is about it is easy
to use the automatic question classification for SBAQA system with training 30% of evaluator
scored natural and 40% of them as agree. Whereas 30% of the evaluator scored the system as
strong Agree.

The other evaluation criterion is Do you like the idea of using the automatic question
classification for SBAQA system. Among the evaluators, 20% replied neutrally for SBAQA and
40% of them replied agree and 40% are strong agree.

The last criterion is will you use the automatic question classification for SBAQA system in
the future 20% of evaluators replied neutral, 30% replied agree and 50% replied strong agree.
This implies that the contribution of a constructing system like SBAQA is important in the area of
question answering. Finally, according to the evaluation filled by target users, SBAQA has
registered 2.91 out of 4(72.75%) which is taken as agree on achievement.

Weakness

» Some user thinks using automatic question classification for SBAQA system not helping
them to better inform them quickly

> It is the rigid amount of data they get from the system. They think it’s better they get more
information rather than the available data in the system (need to receive more knowledge)

» They don’t believe that the automatic question classification for SBAQA system would

improve access to question answering service performance.
Strength

» The users surely believe that they can use the system with training. (They think the system is
usable).

» As the system is not available here in our country Ethiopia the users are more satisfied and
like the idea of using the system

» The users are willing to use the system for the future due to system availability and

accessibility and performance.
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5.6 Findings and Challenges

In this research, we attempt to integrate Amharic speech recognition and speech synthesis with
Ambharic question answering system using automatic question classification that enables the
question answering to accept speech query and retrieves precise textual answers and then produce

answers in the form of audio to the users for a specific query.

The key findings in this research are developing Amharic continuous speech recognizer and
synthesis, using question classification techniques of the question answering by applying Support
Vector Machines (SVM) Algorithm based on the performance achieved, and integrating the speech

synthesis with the question answering.

Experimental result shows that, the Amharic speech recognizer for question corpus resisted 85.58%
recognition rate. Compared with other related works such as Amharic Speech recognizer for
question answering question rate of 84.93% [15], SpeechGoogl with recognition rate of 87.17%

[16] and Ikkyu with recognition rate of 84.5%, the performance is almost appreciable.

The other finding is related to the Question classification with question answering system. The
experiments are done on rule based and SVM based question classification techniques with a
specific query. Consequently, SVM based question classification technique that registered 73.91%
precision is selected. It also shows less performance result compared with the previous research’s
[15]that is registered 76%.

The speech synthesis are used a concatenate approach and better performance registered 80.86%

word pronounced and naturalness (3.17) and ineligibility (3.45) comparing with the other system.

This study achieved good results in speech based Amharic question answering. Some challenges
have encountered that delay the system from scoring a better achievement. The limitation of this
study is no semantic similarity parsing. Speech recognition and speech synthesis problems are one

challenge of the study.

82



CHAPTER SIX
CONCLUSION AND RECOMMENDATION

6.1 Conclusion

This study show the possibility of constructing a prototype of automatic question classification
speech based Amharic question answering explored. The user provides the question in the form of
Ambharic natural language using STT. The user questions are compared with the documents to
extract the required answer from question answering systems and produce the answer in the form
of audio waveform (TTS). The first input processing was done by speech recognition that used
speech corpus for training and testing. This study uses speech recognition method. This method
includes different components like feature extraction, acoustic model, language model, dictionary
model and decoding. In preparing the language model, we used online tools and sphinx3, sphinx-
base, sphinx-train for training tools and also sphinx4 are used for the decoder. Finally, the question

answering systems integrated using NetBeans java programming language.

The second task was designing factoid question answering systems for information retrieval and
information extraction. The question answering part has three main components, namely, question
analysis, document retrieval, and answer extraction. The question analysis component takes in
user’s request, identifies the type of fact the user needs as a person, time, place, or quantity. This
is called question classification and it is done in a machine learning (statistical) approach used in
the training and testing LibSVM library tools easily and fast classifier support in java platform.
Document retrieval is the component which receives generated queries from the preceding
question analysis component and looks for documents containing information related to what the
user has asked. This searching is made in the index directory containing indexed documents. When
relevant documents are found, they will be ranked and returned to the answer extraction component.
Finally, the answer extraction is a component responsible for digging out the fact which is believed

to be an answer to the user’s question and to return these facts in a certain order back to the user.

Speech synthesis is a continuously developing technology since many years. This paper has
presented various aspects of speech synthesis, such as methods, tools, techniques, applications
which are currently available in various languages. Speech synthesis is producing natural sounding

and intelligible speech output. The study used Amharic phoneme units which have recording and

83



processing and the approaches are concatenate speech synthesis approach to constructing and
concatenate the phonemes into words. In question answering retrieved ranked top, five answers
and TTS components can produce in the form of audio to users. In the implementation, TTS is
done by java programming language. Finally, we integrated all components to fulfill the gaps using

those methodological and archived their objectivities.

The performance resulted in shows that the ASR is 85.58% accurate. The first challenge is very
high, noise environment and speaker distance. In the testing part, we used two users; trained person
and non-trained person. Trained person has a high performance and non-trained is less because of
this research does not deal with the Amharic five dialects. If the speech corpus is more focused on

five dialects, the performance of the speech recognized would increase.

The performance of question answering system retrieved 73.91% precision and 94.44% recall on
SVM-based question classifier. Also, the system retrieved 82.60% precision and 95% recall on
rule based classifier. Finally, we tested the speech synthesis and the performance measurement of
the speech synthesis on the test data achieves 80.86% correctly pronounced, 10.64% partially
pronounced, 4.25% not correctly pronounced and 4.25% results as not answer and not pronounced.
Based on the scale of the MOS test, the intelligibility is 3.17. Which means the synthesizer is
“good” which is based on the scale of the MOS test and naturalness of the synthesizer found to be

3.45 which also approach to “Good” MOS scale.

The system has register 72.75% overall accuracy according to the system performance and user
acceptance tests using ten visually impaired users were used. The performance analysis shows that
automatic question classification for SBAQA registers acceptable performance. The QA based
system also provides precise information to the target groups. This system is limitation on retrieves
the expected answers in the case of a question keyword is no semantic similarity with the document.

In the speech recognition dialects problem, a distance of speaker and noise environment were
challenging. In the speech synthesis, the difficult is germination come across in Amharic speech
when the low tone and high tones. However, further exploration and study have to be done to
refine and yield a better in this system which can be deployed more focused visually impaired
users and provide information for a specific question, so that they can take timely and appropriate

actions.
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6.2 Recommendation

Based on the experimental results and what has been learned throughout the research the

following recommendations are forwarded:

>

We recommend semantic similarity praising ontology-based domain-specific natural
language question answering should be used that applies semantics and domain knowledge
to improve both question construction and answer extraction.

Working on other question types. Our research aims at factoid questions answering of type
“Person”, and “Numerical”. But, “Place”, “Time”, in factoid question and there are other
question types like “Definition”, “List”, “How”, “Acronym”, and so on. So, we believe they
are potential concepts for research in having a complete question answering system.

Noises: There are no perfect noise detection techniques, which are applicable to natural
language processing in part of speech technologies for question answering. So for the next
investigation, we recommend removing noises when question speech are greater than noise.
The system could be customized in different ways; as a Web service, mobile application,
web application or even as a java API, robotics dialog systems will be better for to alleviate
the problems.

More information can be utilized in question answering module, especially, the answer part
of QA pair. Besides, deeper syntactic and semantic parser, such as question-type and
expected answer prediction also can be considered in the ranking function of QA pairs using
different machine language model like artificial neural network, Naive Bayes, and Decision
Trees etc.

The system will be deployed with different areas likes; online learning application, Ethiopia
Aircraft Corporation, in the agriculturalist area etc. to alleviate the real life of visually
impaired users.

In question classification for speech based Amharic question answering system is fixed based
on question corpus. We recommend using different methods or techniques to distinguish
dynamic questions from static questions not depend on training question.

The research is done on illiterate and visually impaired users for monolingual Ambharic
language speakers. But, in Ethiopia, there are more than 80 languages so the next researchers’

will propose a multilingual audio interface.
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Appendices

Appendix I

The Amharic Phonemes, Unicode representation

Order 1

Order 7

Order 6

Order 5

Order 4

Order 3

Order 2
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Appendix I

Ambharic Phonetic List, IPA Equivalence, and it's ASCII Transliteration.

IPA Transcription Equivalence
Ambharic
Consonants
[p] [P] T
[1] [1] +
[k] [k] h
[7] [ax] 0
[b] [b] N
[d] [d] &
[g] [g] i
[p’] [pX] &
[t'] [tx] T
[c’] [ex] ‘5"
[q] [q] "*"
[f] [f] ®
[s] [s] 0
(1] [sX] 0
[h] [h] v
[s] [xx] X
[t]] [c] t
[g] [i] &
[m] [m] r
[n] [n] U
[n'] [nx] ki
[1] [1] a
[r] [r] c
[i] [v] L
[w] [w] @
[v] [v] A
[] [] i
[z'] [24] i
Vowels

[E] [e] A
[u] [u] b
[r] [ii] A
[a] [a] A
[e] [ie] b
[i] [ix] h
[o] [o] A
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Appendix 111

List of Question Used: This appendix shows factoid questions from the two question types
person and numerical.

Questions Question
Types
L | oniref AC D £,2.6T7 TGHETE 977 2044 ? Person
2| en8A ANQ P MLT AAAAMT PS A AANLE: TT7 £AAA: P Person
3 | PAAC ML AT RABUETD PS BLLNHC TTF £AAA ? Person
4 | onee 2O PG IR AUE TTT G P Person
5 | aa k% MO-LP0 P 1N 1.0 OL KIICT PH¢HT0- T 102 Person
6 | enirekp PALC edh HEMAMLPTE aoYNC PHIB DY LA Pavldit a1 G- P Person
T | RACHE OREC edh TMMEPT UG TEUSTE 7Y 10+ 2 Person
8 0200 hAA PFIPUCT AT hPL: HIABF NHTAG 9197 Pg- .81 NAaD- 997 LOAN ? Person
9 | epT nIFGNTT AaPeC RAA T £0AN ? Person
10 | enen ANO o7 AAFELC PRFA NHEA 977 £0AN: ? Person
11 | 22429 0o 07k 797 L0AA? Person
12 | noem1gT hah AST LAD-T 0av 718 10T ATIMGPP PULOATA PU-AT oo V9 Al TLAST NC Person
OF°I°1t Ptd.i-Lar@- 977 jD-?
13 A0 ANA PT ¢ KON 977 GSTFD? Person
14 LA Ta0 TP W8I0 S NTC T TFD? Person
15 PhdoL07 PG OUL 717 STD? Person
16 | eFPUCT TLLOEC PUNA ATTEF VAL 917 SFO? Person
17 ALV T PP, 0C A PaPINC 777 GTFD? Person
19 | eRT DUVFGNT? UALYE SO PUANLT TIUNC ATPC AOA S 917 GFO-? Person
20 | 220N hAA PHPUCT ATIT APL HIAB-F NEFAG 19°19 00c- 18T NAaD-P a9 L.0AA? Person
21 04970 hAA LG H? 00T° @44 Alt844 717 LOAN? Person
22 | o6 P90 U AAHS TWNC APaPINC TTT LOAN? Person
23 67h 7 k0 APF@- 977 £OAN? Person
24 | 2o, hel 70 avgPL® QUL APE OTEA aPhAnA PS P 1Lt QAN 9T o2 Person
25 | 70 A0 ha ehe.a: AT9Y 102 Person
26 | 70 A70¢70 0CE ANANL 977 LOAN? Person
27 51 10 AP0t (LALST O1C NAL OTHA ANPHI: TEEhPT .98 eama- 977 1@-? Person
28 | AR ATANTIVTE GBI TCTNS PUHA AITTTF aP9°40 SeLhtC 977 LOAA? Person
29 | agPcem LaPhe-L LA PAD- 9T hD-? Person
30 | PAMPXL ARG BB T97 £0AA? Person
31 N791L5 A 7%0148 TLL0EC 2710 F0RL0G UHA T FrE SVét (L VAL 977 107 Person
32 | 0339 A 781470 DUVEENTT TSAL PG A ANNLES 977 LNAA? Person
33 | §40A% OIS Ot +PRA TTUNC APaPINC TT7 LOAN? Person
34 PATIAL TSHATE 777 £0AN? Person
35 | Phef AAPR AP PATEF NG %8I0, PS +ONE 917 LOAN? Person
36 Ut Q7h TSNS TE 977 £0AN? Person
37 TGHATE &htC AONC ANTT L2 79C AW19.08CT TI0H? Numerical
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39 P2N1C ANNCT LaPAPEE 791°1C Hnrtde &4 0O ACIPE PAMNET aPPRT PINRT Ndé Numerical
eronnt APF Ot SFO?
41 PATLSN ANTP APS: PATTT &COT PPLND ANVTFRL L ACAT I°7 SUM 10?7 Numerical
42 L48 WA A&TLD- (7T 10?7 Numerical
43 AT DIRCNAT AOTE A AT ONEF P02 AN avhdst FA? Numerical
44 AT DIHENAT A7 AOAT Ade? Numerical
45 OASF U-AT Aae -t 104D+ avgPYC +914 TI°4+ A INCT? Numerical
46 | A%<t HM™T Ot OPF PATRE £LF avquet Jtav<? Numerical
47 PAOLP PALC Fe-dhn +EMNMEPF avuU(C OrHE AavkT 1@+ PNl D-? Numerical
48 aA A% 1A0-LP0 1 NFIAH PH94.0+ (0TS D heA Havy 1@-? Numerical
49 A tC AGNC WAL 1.9CLA AANTTFDT LA AT PUA LEF TI9C h&LT? Numerical
50 044 &5+ hCF avhlt &hbC AANC LPTh ALPMr PTLAD- P07 h7Ps ArFT aPAlt £R41 Numerical
1o-?
51 770+ 8 2001 NH1ZLD- PmPAA 0% hdd- Paomet +@neF At SF@-? Numerical
52 PATESN AATP APG PATTTE &CPT ATLED- O PUA 19°F PAD- ACA S helN? Numerical
53 PATLSN ANTP APS PATTT &GO~ 9°7 CUA £9°9 ACS T Am? Numerical
54 (LAC (LAL 2707100+ a0 8 CHav-k I°7 PUA 1007 Numerical
55 (LAC (LA 717100+ av 718 (1k I°7 PUAN 107 Numerical
56 | ANcdue-® &4 a7t Laod AT NLLPT Ade? Numerical
57 | A0 06 QUIC MO AT TEENRT .98 am? Numerical
58 | NPheok ATF (LT AGPTINE AL OPRAN? Numerical
59 | a7t TCEPT IR h@-PG AT PA? Numerical
60 | NPFD- O9PCeR NCE POLLD TCHEPT art STF@-? Numerical
61 ST DMHSNAT VAL TR OO0T UNLT TTUNOC PANAT & TC 07T 10?7 Numerical
62 | P00 hAA TIPUCTH (LE 9°7 PUA P15 848 +014PT avg V& hdrtap? Numerical
63 PAAP 14 AOAT ANOLLTFOT AT AR T 2l PA? Numerical
64 | POA @28 OTIA ATE NATF TLde TBHC TCPAT? Numerical
65 POA 9o HS~T AOATS ANAT € TC O 10?7 Numerical
66 POA 9o HAS T AATS 0RLP AL ¢ hPCOT NP7 07 10?7 Numerical
67 POA 9o HAS~T AOATS CANAT POC 0. O 10-? Numerical
68 | ATNA Phto? Ad-R(10 I°F PUA AD-PO-0FT mT1? Numerical
69 PATNA AD-HH0 AL AT AOS-C PEavl@- NOYF aphav 1@-? Numerical
70 h&d eTLI0@< h@-F (0 OrE RTC 10-? Numerical
71 h&é AOP(0 e &40 OrF ATEI° PANSFAA? Numerical
72 AN AO-P0 NAU-F ARt 097 PUN AO-PO-OTF APOS- 10-? Numerical
73 | PHILC NBEP 2ASPT NAmPAL O Pavd AT MO LPF Advt? Numerical
74 | 0A%0 ANO @OT 0AevT NAFF 0AL (LT ARTIOT L A? Numerical
75 NAU-r OPF PAD- PR ILde NG PO 0T 107 Numerical
76 AL L ANC GO LAPaPM@- PavTA WG Pav Ll PD (1PATF AP LPLOL-A? Numerical
77 | Q0FF hovk HM™T Ot @-OT OFF TCERAT PATANF P 4,98 ONLPA? Numerical
78 f46AAP° POHTG Ot APEA NG AT AT H? Numerical
79 €LAATP° LOTTG O +PEh TWWNC AVAT 0. O 107 Numerical
80 PAAY® OFN - ANLATLET ARFELP 27 PUA TTHAN Aaeam AANPA? Numerical
81 U T OTh O HPHD- OB Aaot 07T SAC ATT? Numerical
82 eNCLe A8 ATHCET A1NINT ParavH(LE h&ET NN AGAA? Numerical
84 | A AL PTT DA 927 LUA IC LPNA? Numerical
85 220, N7 A0 AP (b 4TAA? Numerical
86 | ANt avalt £4C PORT PATRNE LU TRHC 00T AT 08 8C N9°7 Phd A% AL TF? Numerical
87 £ A&C A7 £hA L OOC 0T LPLA? Numerical
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Appendix 1V

Vocabulary list used in Automatic question classification: A vocabulary for SVM question

classifier in training phase for the purpose to give the Wight of each term and index number for a
specific question.

[ C\Users\Bekeleh\Desktap'svm\qa\wight.tit - Notepad-++ - a X

File Edit 5earch View Enceding Language Settings Macro Run  Plugins  Window 7 X
Q] =) e®| D| |ﬁﬂbﬁ|% 3||_'l‘l_t_!_ = ;EL:IBI_I" |E| IE' |@
& svm trin £3| [ wight ¢ E3 ‘
1 Patekp A
2 I
3 nh
4 AR
5 T&HETF
&
T ENAG
8 Ph&h
g kNN
10 oyeF
11 NAhAMY
12 Pq
13 he
14 khhfE
15 ENAAK
16 PAKC
17T A
18 kEh
18 KAEYNT
20 BzdhtC
21 PhR&
22 dagm
23 =
24 ndé
25 %
26 hA
27T K
28 TAR-EThH
29 @t v

Normal text file length : 5778 lines: 384 Ln:1 Col:1 Sel: 0|0 Dos\Windows UTF-8 INS
e
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Appendix V

Automatic question classification in the training phase. There are two classes the first person and

the second one is a number, the libSVM format is 0 and 1 for respectively.

[ C:\Users\BekeleM\Desktop'\svm'\qa\svm.train - Notepad++ - O X
File Edit Search View Enceding Language Settings Macro Run  Plugins Window 7 X
cHHER LA s hDoe ity *2EBE ST ERAo® QENNE|GE
Eﬂsvmlmmiﬂl

1 0 5%4:1 55:1 92:1 93:1 94:1 95:1 56:1 57:1 96:1 6:1 42:1 ~

0 87:1 44:1 45:1 46:1 47:1 48:1 49:1 50:1 51:1 52:1 53:1 &6:1 15:1

oo m

2 0 98:1 44:1 99:1 100:1 101:1 102:1 103:1 6&:1 15:1

21 0 104:1 105:1 48:1 106:1 95:1 91:1 6:1 15:1

22 0 107:1 58:1 61:1 108:1 &:1 15:1

23 0 109:1 58:1 110:1 111:1 112:1 113:1 114:1 115:1 12:1 51:1 52:1 116:1 6:1 35:1

24 0 117:1 118:1 1198:1 120:1 121:1 35:1

25 0 122:1 118:1 123:1 124:1 6:1 15:1

26 0 125:1 126:1 127:1 128:1 76:1 129:1 130:1 131:1 132:1 133:1 134:1 6:1 35:1

27 0 1:1 135:1 136:1 137:1 85:1 86:1 111:1 20:1 6:1 15:1

28 0 138:1 139:1 140:1 141:1 &:1 35:1

29 0 1:1 142:1 136:1 &:1 T:1

30 0 143:1 144:1 84:1 145:1 85:1 86:1 146:1 147:1 87:1 6:1 35:1

31 0 148:1 19:1 55:1 149:1 12:1 13:1 14:1 6:1 7:1

32 0 150:1 151:1 152:1 153:1 95:1 91:1 6:1 15:1

33 0 154:1 5:1 6:1 15:1

34 0 155:1 156:1 113:1 157:1 158:1 136:1 12:1 159:1 6:1 15:1

35 0 94:1 160:1 5:1 6:1 7:1

36 1 5:1 161:1 162:1 163:1 164:1 165:1 166:1 167:1

37 1 168:1 169:1 170:1 165:1 171:1 172:1 173:1 174:1 175:1 176:1 177:1 178:1 179:1 180:1 181:1 42:1

38 1 182:1 155:1 156:1 113:1 183:1 184:1 185:1 186:1 187:1 188:1 189%:1 35:1

39 1 190:1 181:1 182:1 181:1 35:1

40 1 193:1 55:1 163:1 13:1 19%4:1 195:1 51:1 1%96:1 197:1 198:1

41 1 193:1 55:1 181:1 189:1 200:1

42 1 201:1 202:1 203:1 204:1 205:1 206:1 207:1 181:1 208:1

43 1 201:1 209:1 210:1 181:1 211:1 212:1 213:1 214:1

44 1 1:1 36:1 37:1 38:1 39:1 215:1 216:1 35:1 217:1

45 1 26:1 27:1 28:1 29:1 30:1 218:1 219:1 220:1 221:1 35:1

46 1 161:1 162:1 222:1 223:1 224:1 225:1 226:1 18%9:1 164:1 165:1 227:1 v
Nermal text file length: 4318  lines: 85 Ln:1 Col:1 Sel:0]0 Dos\Windows UTF-8 INS
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Appendix VI
Ambharic phoneme audio files.

| = | Music Tools ~ Resources - o X

Home Share View Play - 0
U o Cut < x IEE T} New item - G open - [ selectall

w.| Copy path ﬂ Easy access ~ | Edit S0 Select none
Pinto Quick Copy Paste _ Move Copy Delete Rename Mew Properties
access EI Paste shortcut tor toT - folder - 47 History E‘E'In\rertselection

Clipboard Organize Mew Open Select
&« v 4 » java » Resources v O Search Re.. 0@

3 Quick access r:;l”;e # Title Contributing ™

£3 Dropbox G,
E
@ OneDrive @ -
& This PC g i
Ll
|_j MNetwork @ *
@]
& ¢
[l
[@ 4
@
@y
€ &
@
@
[@ a
@«
=
< b3
227itemns  1item selected 17.9 KB
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APPENDIX VII

Questionnaire for user acceptance testing:

Questionnaire to test and validate the performance of the speech based system on factoid QA

system to providing information in the form of audio for visually impaired users.

1. Using an automatic question classification for SBAQA system enable to better inform more
quickly.
1. Disagree 2.Nutrual 3.Agree 4.strong Agree
2. Do you find an automatic question classification for SBAQA system useful for receiving
knowledge
1. Disagree 2.Nutrual 3.Agree 4.strong Agree
3. Using an automatic question classification for SBAQA system would improve access to
question answering service performance
1. Disagree 2.Nutrual 3.Agree 4.strong Agree
4. It would be easy to get an automatic question classification for SBAQA system to do what
I want to get answer
1. Disagree 2.Nutrual 3.Agree 4.strong Agree
5. Itis easy to use an automatic question classification for SBAQA system with training
1. Disagree 2.Nutrual 3.Agree 4.strong Agree
6. Do you like the idea of using an automatic question classification for SBAQA system
1. Disagree 2.Nutrual 3.Agree 4.strong Agree

7. will you use an automatic question classification for SBAQA system in the future

1. Disagree 2.Nutrual 3.Agree 4.strong Agree
8. What issues are covered by an automatic question classification for SBAQA retrieval of the
system?
9. Do you feel any uncovered areas by the prototype about an automatic question classification
for SBAQA retrieval system? If you feel please state them.
10. Does the system has any significance in the information retrieval?
11. What is the strength of an automatic question classification for SBAQA system?

12. What are the limitations an automatic question classification for SBAQA system?
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