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Abstract

This study investigated ways of integrating an Amharic Automatic speech recognition (ASR)
system on mobile phones and demonstrated the possibility of using a connected word Amharic
ASR system that can be used to command and control mobile phone devices — devices which
currently have become not only a valuable means of communication, but also a common

computing device that we carry everywhere.

To this end, CMUSphinx’s Pocketsphinx is used to build a connected word, offline, small
vocabulary and speaker dependent Amharic ASR system. For the fact that CMUSphinx system
does not support whole word models rather word-dependent phone models, in this research work,
two distinct acoustic models namely, word-dependent phone (WDP) and word-dependent CV
syllable (WDCVS) models are built. And a total of 36 words are used in both models to recognize
the Ambharic digits from 0 to 100 and a limited set of command phrases, spoken in a connected
manner. A prototype Android application is also developed and used to integrate the developed
acoustic models with an Android phone. To model the sequence of words acceptable in the

prototype application, three different context free grammar files are created and used.

The approach used in implementing the recognizer is embedded speech recognition, or simply
ESR, using the Pocketsphinx tool — an open source speech recognition toolkit optimized to run on
embedded devices. The methodology employed to develop the recognizer is the most popular

statistical model which is the Hidden Markov Model.

In this study, two categories of performance evaluations are carried out. The first, Category I, is
conducted to determine the effect the three model types i.e. continuous, semi-continuous and PTM,
have on the two models i.e. WDP and WDCVS, and the second, Category Il, is conducted to
determine the best of the two models on a mobile phone using the prototype application. Hence,
in the second category of evaluations, the best recognition accuracies found for the two models
are, 98.07% for WDCVS model and 97.58% % for the WDP model.

Thus, according to the results gained, it is highly promising to fully deploy Amharic ASR systems

to command, control and perform other activities on mobile phones using Amharic language.

Key words: Amharic Speech recognition on mobile phones, Word-dependent phone model,
Word-dependent CV syllable model.
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Chapter One

Introduction
1.1 Background

Automatic speech recognition is a technology that allows a computer to identify the words that a
person speaks into a microphone or telephone and convert it to written text. It takes an audio stream
as input and turns it into a text transcription. To convert human voice into an on-screen text or
machine understandable language, computer must go through several steps. Vibrations in the air
are made when someone speaks and a sound is created. The system captures and filters the captured
sound which let the sound to be digitized to remove unwanted noise, and to separate it into different
bands of frequency. Frequency is the wavelength of the sound waves, heard by humans as
differences in pitch. People don't speak at the same speed every day, because of that the sound
must be adjusted to match the speed of the sample sound template that is already stored in the

system's memory [1] [2].

Speech recognition allows users to provide input to an application with voice. Just like clicking
with mouse, typing on a keyboard, or pressing a key on the phone keypad provides input to an
application, speech recognition allows to provide input by talking. In the desktop world, the user

needs a microphone to be able to do this.

The recognition process is performed by a software component known as the speech recognition
engine. The primary function of a speech recognition engine is to process spoken input and
translate it into text that an application understands. The application can interpret the result of
recognition as a command. In this case the application is a command and control application. An
example of a command and control application is one in which a caller says "check balance”, and
the application returns the current balance of the caller’s account. If an application handles the
recognized text simply as text, then it is considered a dictation application. In a dictation
application, if you said “check balance,” the application would not interpret the result, but simply

return the text “check balance” [1].



It is a fact that computing has revolutionized the way the world works and it is also clear that, as
technology is advancing, the scale of computer use is increasing and allowing the use of computers
in different ways and forms. Today, we use our mobile phones to carry out most of the tasks that
we used to do using our personal computers in the past. Tan and Lindberg [3] stated that,
“Computing is penetrating every corner of our life: Mobile devices bring computers all over the
place and networks connect everywhere to computing resources.” Another report by ITU and G3ict
[4] state that, Mobile communications have become ubiquitous, reaching out to the most isolated

and least served communities in developed and developing countries alike.

After several decades of intensive research and with the help of increasing processing power of
mobile phones just like that of the computers, the state-of-the-art speech recognition technology
has already reached a level where it enables the user to control mobile phones using speech
commands, to conduct dialogues and also to accurately dictate text (even when using large
vocabulary continuous speech), mostly in controlled situations [5]. ASR systems on mobile phones
can significantly improve the use of these devices not only by disabled, elder or illiterate people
but also by everybody else, since ASR systems utilize the most simple, common and yet
convenient method of interaction which is the speech, and also since every mobile phone has a
microphone and speech output which can readily be used in the speech recognition and synthesis

activity.

Speech Recognition System can be implemented in many different areas and methods. When it
comes to integrating an ASR Systems on Mobile Devices, there are three common approaches:
network speech recognition (NSR), distributed speech recognition (DSR) and embedded speech
recognition (ESR). In NSR, speech signal is transmitted to the server where feature extraction,
recognition and decoding are conducted. DSR adopts the client-server architecture by placing
feature extraction in the client and recognition and decoding in the server. In ESR, all ASR
processing are conducted in the target device [3]. In general, all the three methods have their own
advantages and disadvantages and the choice should consider the purpose and also the environment

that the speech recognition system is going to be applied or used.



Speech recognition systems can be separated in several different classes based on different
parameters, i.e. the type of speech utterance or the vocabulary size that they have the ability to
recognize. Accordingly, based on the type of speech utterance, ASR systems can recognize
isolated words, connected words or words spoken continuously or spontaneously, each with
different techniques and for different purposes. Rabiner and Juang [6], stated the primary goal of
connected word ASR systems as, “to create a robust system capable of recognizing a fluently
spoken string of words (e.g., digits) based on matching a concatenated pattern of individual

words”.

Research in automatic speech recognition for Amharic started in 2001 when Solomon [7]
developed isolated Consonant-VVowel syllable recognition system. Since then, many researches
have been done by different researchers and with different perspectives. However, when it comes
to incorporating an Ambharic speech recognition system to a mobile phone, an intensive
investigation of literature reveals that there are only two research works done by Tinbit [8] and
Mikhael [9].

The main focus of this research work is thus, to investigate an improved way of creating and
integrating a connected word Amharic ASR system that can be used to command and control

mobile phones using the Amharic language.

1.2 Statement of the Problem and Justification

Across the world, mobile devices, including mobile phones, laptops and PDAs, are quickly
becoming our primary means of communication, information processing and also sources of
entertainment. This transition has been driven by both the attraction of end users to these devices
and also by the continued advancement in the processor, memory, display and wireless data
network capabilities of these devices [4]. Modern mobile phones, even low-cost versions, now
come with more processor and memory than desktop PCs from a few years ago. And because of
these advancements, the mobile devices have become ubiquitous and people are relying on mobile
phones more and more in their daily lives [10].

However, despite the ubiquity of these devices, these devices lack the necessary features to be
fully used by the whole society creating a user interaction issues that can’t be fully solved by

extending the graphical user interface and keyboard on these small devices. Senior citizens and
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people with physical disabilities often are unable to operate and utilize mobile phones as these
equipments lack the necessary accessibility features or because the price of the adapted phones
and services remain unaffordable [4]. And from the foreseen alternatives, speech recognition
technology is, one of the promising solutions to this problem.

Though, research works to integrate speech recognition systems on mobile phones started a decade
ago for most of the resourced languages like English and most European languages and have
greatly enhanced the usability of the mobile phones, locally, there are only two research works
done by Tinbit [8] and Mikhael [9] to integrate an ASR system with mobiles for commanding

mobile phones and for phone dialing respectively, using the Amharic language.

The main focus of Tinbit’s [8] work is to command mobile phones using Amharic voice, and for
this, she used a small vocabulary consisting of 19 Amharic words, from which, 10 of them are
used to recognize the Amharic digit words from 0 to 9 and the remaining to form command words
in a connected manner i.e. “Google kefete” and “Tiri astelalf”. Tinbit has adapted the English
Acoustic model for Amharic language, that is, she used a cross-language adaptation technique to
map or represent the Amharic language sounds/phonemes using the English phone set. And an

accuracy of 72% is reported on Timbit’s [8] paper after testing the application by five people.

The other research work that relates to incorporating an Amharic ASR system with a mobile phone
is Mikhael [9]. Mikhael has designed a small vocabulary, speaker dependent and continuous
Ambharic ASR that can recognize continuously spoken digit strings and a limited set of names
spoken to a PC. The researcher has developed a voice dialing application on an Android mobile
phone to receive the processed signal from the computer through a GSM and make the phone call.
Mikhael [9] experiments yielded an accuracy of 99.38% word correctness, 98.75% word accuracy

and 90.0% sentence correctness by triphones model.

Although, the two researchers mentioned above have identified an important gap in the area of
Amharic ASR system for mobile phones and made their contribution to narrow the gap, further
research and development works still need to be done to ensure the maximum possible usability

of mobile phones by the whole community, as the case with the technologically favored languages.



And because, it is recommended that, future local research works in the area of speech recognition
should focus on the development of products that can benefit the community at large, and also
because, these days, mobile phones are becoming a very common computing and communication
devices, this research work has focused on investigating an improved way of integrating an
Ambharic speech recognition system with mobile phone devices [11]. Thus, this research work is
an extension to Tinbit’s [8] and Mikhael’s [9] works and has a goal of narrowing the gaps further
by improving the limitations of the two works, i.e. by improving the recognition accuracy, the case
with Tinbit [8]; and by making the recognizer a fully offline/embedded, the case with Mikhael [9]

and also by increasing the vocabulary size which is the case with both of the two works.

In light of this, in this study, a total of 36 Amharic words are used to build two acoustic models
namely, word-dependent phone (WDP) and word-dependent CV syllable (WDCVS) models. And
from the 36 words 21 of them, which in combination can form 101 Ambharic digits (digits from 0
to 100) as spoken in a connected manner, are used to train the models for Amharic digits. The
remaining 15 words, which can form 14 distinct commands, are used to train the models for

commonly used command and control phrases in Amharic language.

In general, this research work has investigated and explored an efficient way of implementing a
connected word, offline/embedded, speaker-dependent, small vocabulary Ambharic speech
recognition system for Mobile phones using the two models, WDP and WDCVS. The mobile
phones used to implement the ASR system are, mobile phones installed with Android — a platform
which is the most popular and adaptable mobile phone Operating System [12].

1.3 Research Questions

Based on the statement of the problem described above, this research attempted to provide answer
to the following questions: -
1. How can a better recognition accuracy be achieved in Amharic ASR system for mobile

phones?

2. How can the acceptable sequences of words in the recognizer be modeled efficiently?

3. Which one of the two models, WDP and WDCVS, is the best for building a connected
word Amharic ASR that can be used to command and control a mobile phone?

4. What are the challenges in building a connected word Amharic ASR system for mobile

phones?



1.4 Objectives of the Study
1.4.1 General Objective

To explore ways of creating and integrating a connected word, offline, speaker-dependent,
small vocabulary Amharic ASR system, that can be used to command and control mobile

phones.

1.4.2 Specific Objectives

To perform a comprehensive literature review related to ASR, ASR on mobile phones and
the language under study which is Amharic.

To identify and select some digit words and common mobile phone command and control
functionality phrases, translate them to Amharic, and prepare a speech corpus of these
words.

To design and develop an offline, speaker-dependent, small vocabulary, connected word
WDP and WDCVS based Amharic speech recognition system.

To test the effect the three model types i.e. continuous, semi-continuous and PTM, have on
the WDP and WDCVS models and select the WDP and WDCVS models with best
recognition accuracies.

To build a prototype Android application and integrate the developed ASR models.

To evaluate the usability and accuracy of the prototype application.
To forward conclusion and recommendation for further study in the area.

1.5 Methodology

In order to achieve the specified objectives, the following methods, approach, techniques and tools

are employed during the course of implementation.

1.5.1 Literature Review

Comprehensive literature review of books, journal articles, and relevant documents from the

Internet and other sources is performed in order to understand the underlying principles and

theories of the various approaches, techniques and tools that can be employed in integrating a

speech recognition system on mobile phones.



Literatures related to the language under study which is Amharic are also reviewed to gain a clear
understanding of the language since it is fundamental in building a speech recognition system for
the language. In addition, literatures related to integrating a speech recognition system on an
Android mobile phone for different languages are reviewed. Furthermore, research works done
both locally and internationally in the area of speech recognition are investigated as it helps the
researcher to have a good understanding of the problem area and to support the results in a

scientific manner and evaluate empirically.

1.5.2 Development Method, Tools and Techniques

In the development process of the prototype speech recognizer system, the researcher has used the
appropriate tools and techniques indicated in different literatures. Specifically, the researcher
employed the Hidden Markov Model (HMM) for developing the acoustic models. The reason why
HMM is selected for this experimental research is, its popularity and widespread acceptance [13]

and also because it is contained in the Pocketsphinx — the system chosen for this research.

The reason for choosing Pocketsphinx, a tool from CMUSphinx system is because it is an open
source speech recognition system which is targeted to be a lightweight speech recognition engine,
specifically tuned for handheld and mobile devices, though it works equally well on PCs with the
ability of recognizing speech in real-time. It is also trainable to recognize different languages and
dialects [14]. In addition to Pocketsphinx, Sphinxtrain — acoustic model training tool, and
Sphinxbase — a support library required by Pocketsphinx, both of which are also from
CMUSphinx, are used in the development and experimentation phases of this research work.

To deploy the developed recognizer, embedded speech recognition approach is employed. In this
approach, all speech recognition processing activity is carried out in the target mobile or handheld
consumer device. In other words, an ASR system deployed with this approach can be used without

needing to have a network connection, that is to say, at any time and place.

An Android application which acts as an interface between the recognition engine and the user, is
created using the latest version, version 2.3.3, of Android Studio. After the application is created,
the developed acoustic models are incorporated into the developed application to create the

prototype Amharic speech recognition system for mobile phones.



1.5.3 Data Preparation

As mentioned above, a small vocabulary consisting of 36 Amharic words is employed in this
research. This is mainly due to the fact that, this amount of words will cover the Amharic digits
from 0 to 100 when used in combination and other 11 commonly used phrases in commanding and
controlling a mobile phone. In addition, though WDP and WDCVS models are used in this
research, these models are equivalent with whole word-based models [15]; and thus, share some
characteristics of word based models. Therefore, in this study, it has been found necessary to limit
the vocabulary size as it is recommended to limit the number of words when building a word-

based speech recognition system [16].

Though, there are many commands in mobile phones that can be carried out by voice, we have
used our own observation and experience to select only some of the common commands (which
are 9 in number), and to employ in this research. Similarly, we’ve selected the digit words that can
form the Amharic digits from 0 up to 100, because these digits can form a two-digit combination,

which is often used in dialing a phone number in mobile phones.

A speech corpus is one of the fundamental requirements of any speech recognition system, and
because there does not exist a reference speech corpus that can be readily used in this research
work, a speech corpus of the selected words is prepared. The speech corpus is recorded from one
person using PC and also a mobile phone using the appropriate software. The recorded data is used
for both training and testing the models after dividing it into 82% and 18% for training and for

testing respectively.

In addition to preparing the speech corpus, all the components needed in developing a speech
recognition system i.e. transcription file, pronunciation dictionary, filler dictionary, phone file and
grammars are also created. In this study, the pronunciation dictionaries used are, word-dependent

phone and word-dependent CV syllable, as shown in Appendix 1-A and Appendix 1-B.

1.5.4 Evaluation and Testing Procedures
As clearly indicated in different literatures, testing activities are one of the important tasks to be
performed while doing an experimental research. The standard evaluation metric for speech

recognition systems is the word error rate (WER) [17]. Hence, in this study, two categories of



performance evaluations, Category | and Category Il, are conducted and WER is used in both

categories of the performance evaluations.

The first category of performance evaluation, Category I, is aimed at determining the effect that
the three model types CMUSphinx support: continuous, semi-continuous and PTM, have on the
two models used in this research work namely, WDP and WDCVS. Accordingly, a total of six
distinct performance evaluations are conducted, after training each of the two models with the
three model types. These performance evaluations are carried out objectively using the test set by
executing the appropriate commands on each of the trained models.

The second category of performance evaluation, Category 1, is conducted on a mobile phone by
incorporating each of the trained models into the developed application, and then by installing the
prototype application on a mobile phone. After the prototype application is installed, the evaluation
is conducted subjectively by speaking all the acceptable utterances to the prototype application.
This performance evaluation is thus, used to determine which of the WDP and WDCVS models
trained with the three model types have scored better recognition performance on a mobile phone,
and also to decide whether the WDP or WDCV'S model is the best.

1.6 Significance of the Study

This study will have its own contribution in supporting the efforts in making technology accessible
and convenient for the whole community. Since speech can be used to control electronic devices
like computer and smartphones by verbalizing text or commands, it offers convenience to users
such as those who are physically incapacitated, or those who suffer from tedious strain injury.
They can be relieved from having to worry about typing, touching or working in general with their
mobile phones since it allows them to control and command their mobile phone devices merely by

using their voice.

In addition, this study will have a great role in promoting researches and developments related to

Ambharic speech recognition for mobile phones.

Moreover, this study will also have a considerable importance in filling the literature gaps
associated to this specific research area, which was a big challenge while conducting this study;

particularly, the gaps related to the use of word-dependent phone models in CMUSphinx speech



recognition toolkit and also the literature gaps related to incorporating an offline ASR system with

a mobile phone.

1.7 Scope and limitations of the study

This research aims at investigating and exploring an enhanced way of integrating an automatic
speech recognition system that can be used in commanding and controlling mobile phone devices
using Amharic language. For this, a connected word, offline, speaker-dependent, small vocabulary
Ambharic speech recognition system is developed and therefore, all the other features of speech

recognition system are not part of this study.

This research work also does not consider the dialect differences in the Amharic language, mainly
because it needs performing a lot of acoustic tasks which could be beyond the financial and time
restrictions of this research work. Likewise, pronunciation variations of some words are also not

considered.

Currently, even though there are different kinds of mobile phones — from different manufactures
with different operating systems, that are common in both the market and the community, this
research work has only investigated the integration of an Amharic speech recognition system on

mobile phones shipped with an Android operating system.

1.8 Organization of the thesis

This thesis is organized in six chapters and the contents of each chapter are described as follows.
The first chapter which is chapter one introduces the whole paper and is consisted of the sub-
topics: background of the study, statement of the problems and its justification, objectives of the
research, research questions, methodology, significance of the study and finally scope and

limitation of the study.

The second chapter, which is review of related literatures, discusses the different underlying
principles and theories in speech technologies. It starts by discussing the speech recognition
systems and then discusses the Hidden Markov Model (HMM). Continuing, this chapter presents
the Amharic Language, related speech recognition on mobile phones and finally, previous related

works in the area of this particular research work are presented.
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In the third chapter, the approaches, architecture of the system and also the tools and techniques
used in the development of the prototype Amharic speech recognizer for mobile phones are

discussed in detail.

The fourth chapter, is all about the experimentation and evaluation carried out on the developed
models. And therefore, in this chapter, the researcher tried to show the results of the
experimentations in line with a discussion on the results obtained from the developed prototype

application.

The last chapter, which is chapter five, presents the conclusions arrived in by the researcher and

also the recommendations that need to be considered in future works in the area.
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Chapter Two

Literature Review

2.1 Introduction

This chapter presents an overview discussion of the speech recognition system found from
different related literatures. The first section presents definition, classifications and architecture of
the generic speech recognition system. Next, the Hidden Markov Model is discussed briefly.
Following, although speech recognition system on Mobile phone is almost similar in many ways
with that of the speech recognition on computers, there are some issues that are specific to speech
recognition on mobile phones, and these issues like the architectural designs of speech recognition
and speech recognition challenges in the mobile context are discussed in detail. Finally, previous

related research works, for both Amharic and other languages are presented.

2.2 Automatic Speech Recognition

Speech Recognition is one of the thrust research areas in speech processing and is also known as
Automatic Speech Recognition (ASR). It is a process of converting a speech signal to a sequence
of words (i.e., spoken words to text) by means of an algorithm implemented as a computer program
[16].

A source-channel mathematical model or a type of generative statistical model is often used to
formulate speech- recognition problems. As illustrated in Figure 2.1, the speaker’s mind decides
the source word sequence W that is delivered through his or her text generator. The source is
passed through a noisy communication channel that consists of the speaker’s vocal apparatus to
produce the speech waveform and the speech signal-processing component of the speech
recognizer. Finally, the speech decoder aims to decode the acoustic signal X into a word sequence

W, which is in ideal cases close to the original word sequence W [18] [16].
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Figure 2.1 A source-channel model for a speech recognition system (extracted from [19])

Modern speech recognition systems have been built invariably based on statistical principles, as
pioneered by the work of [20] and [21] and exposed in detail in [16] as cited in [18]. The work of
speech recognition can be succinctly described as follows by the fundamental equation of
statistical speech recognition:

W = argmax P(W|A) = arg max %X;'m
W v (2.1)

where for the given acoustic observation or feature vector sequence X = X1Xz . . . Xy, the goal of

speech recognition is to find out the corresponding word sequence W = wiwsz . . . W that has the

maximum posterior probability P(W|X) as expressed with Equation 2.1. Since the maximization

of Equation 2.1 is carried out with the observation X fixed, the above maximization is equivalent

of the maximization of the numerator:

~

W = arg max P(W)P(X|W)
W (2.2)

where P(W) and P(X|W) constitute the probabilistic quantities computed by the language modeling

and acoustic modeling components, respectively, of speech-recognition systems.

The practical challenge is how to build accurate acoustic models, P(X|W), and language models,
P(W), which can truly reflect the spoken language to be recognized. For large vocabulary speech
recognition, we need to decompose a word into a sub word sequence (often called pronunciation

modeling), since there are a large number of words. Thus, P(X|W) is closely related to phonetic
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modeling. P(X|W) should take into account speaker variations, pronunciation variations,
environmental variations, and context-dependent phonetic co-articulation variations. Last, but not
least, any static acoustic or language model will not meet the needs of real applications. So it is
vital to dynamically adapt both P(W) and P(X|W) to maximize P(W|X) while using the spoken
language systems. The decoding process of finding the best-matched word sequence, W, to match
the input speech signal, X, in speech-recognition systems is more than a simple pattern recognition
problem, since one faces a practically infinite number of word patterns to search in continuous

speech recognition [18].

2.3 Classification of Speech Recognition Systems

Different scholars classify Speech Recognition Systems into different classes based on some
parameters that are related to the task of speech recognition. Some of the classification based on

parameters are:

2.3.1 Classification based on Utterances

According to Saksamudre et. al. [22], speech recognition systems can be separated in different

classes based on what types of utterances they have the ability to recognize. Accordingly,

2.3.1.1 Isolated Words

These systems usually require each utterance to have quiet (lack of an audio signal) on both sides
of the sample window. It accepts single words or single utterance at a time. Isolated word
recognition is suitable for situations where the user is required to give only one word response or
command. It is simple and easy for implementation because word boundaries are obvious and the

words tend to be clearly pronounced which is the major advantage of this type.

2.3.1.2 Connected Words

Connected word systems (or more correctly ‘connected utterances’) are similar to isolated words,
but allows separate utterances to be ‘run-together' with a minimal pause between them [22]. The
primary goal of connected word ASR systems is to create an ASR system capable of recognizing
a fluently spoken string of words (e.g., digits) based on matching a concatenated pattern of

individual words [1].
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2.3.1.3 Continuous Speech

Continuous speech recognizers allow users to speak almost naturally, while the computer
determines the content. Basically, it's computer dictation. Recognizers with continuous speech
capabilities are some of the most difficult to create because they utilize special methods to

determine utterance boundaries.

2.3.1.4 Spontaneous Speech

At a basic level, it can be thought of as speech that is natural sounding and not rehearsed. An ASR
system with spontaneous speech ability should be able to handle a variety of natural speech
features such as words being run together with "ums" and "ahs", and even slight stutters.

2.3.2 Classification based on Speaker Model

Each speaker has unique voice due to several reasons i.e. physical body, health condition,
personality, age and etc. Thus, according to Saksamudre et. al., [22], based on speaker model,

speech recognition systems can be classified into three main categories as follows:

2.3.2.1 Speaker Dependent Models

Speaker dependent systems are developed for a particular type of speaker. They are generally more
accurate for the particular speaker, but could be less accurate for other type of speakers. These
systems are usually cheaper, easier to develop and more accurate. But these systems are not

flexible as that of speaker independent systems.

2.3.2.2 Speaker Independent Models

Speaker Independent system can recognize a variety of speakers without any prior training. A
speaker independent system is developed to operate for any particular type of speaker. It can be
used in systems that must accept input from a large number of different users. Its drawback is that
it limits the number of words in a vocabulary. Implementation of Speaker Independent system is
the difficult and also it is expensive and its accuracy is lower than that of speaker dependent

systems.
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2.3.2.3 Speaker Adaptive Models

Speaker adaptive speech recognition system uses the speaker dependent data and adapt to the best
suited speaker to recognize the speech and decreases error rate by adaption. They adapt operation
according to characteristics of speakers.

2.3.3 Classification based on Vocabulary

Another classification of speech recognition systems is based on vocabulary size. S. K.
Saksamudre et. al., [22] state That that size of vocabulary of speech recognition system can affect
the complexity, processing and the rate of recognition of the speech recognition system. Based on
the vocabulary size, [22] classify ASR systems as:

« Small Vocabulary - 1 to 100 words or sentences

« Medium Vocabulary - 101 to 1000 words or sentences

» Large Vocabulary- 1001 to 10,000 words or sentences

» Very-large vocabulary - More than 10,000 words or sentences

2.4 Speech Recognition Architecture

A typical speech recognition system is developed with major components that include acoustic
front-end, acoustic model, lexicon, language model and decoder as shown in Figure 2.2. Acoustic
front-end takes care of converting the speech signal into appropriate features which provides useful
information for recognition. The input audio waveform from a microphone is converted into a
sequence of fixed-size acoustic vectors is a process called feature extraction. The parameters of
word or sub-word models are estimated from the acoustic vectors of the training data. The decoder
operates by searching through all possible word sequences to find the sequence of words that is
most likely to generate. The likelihood is defined by an acoustic model P(O|W) and P(W) is
determined by a language model [23].

The functionality of automatic speech recognition system can be described as an extraction of a
number of speech parameters from the acoustic speech signal for each word or sub-word unit. The
speech parameters describe the word or sub-word by their variation over time and together they
build up a pattern that characterizes the word or sub-word. In a training phase the operator will
read all the words of the vocabulary of the current application. The word patterns are stored and

later when a word is to be recognized its pattern is compared to the stored patterns and the word
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that gives the best match is selected. This technique is generally referred to as pattern recognition
[16] [23].

Speech Ulterance

W Acoustic Model

l Feature l

Acoustic vector Search Algorithm > \?g;!:ﬁi’hlf(f;?;:e
Front-end > (Decoder)
7'y 7y
Language Lexicon

Model

Figure 2.2 Speech Recognition Architecture (extracted from [23])

2.4.1 Acoustic Front-end

Acoustic front-end involves signal processing and feature extraction. In speech recognition, the
main goal of the feature extraction step is to compute a parsimonious sequence of feature vectors

providing a compact representation of the given input signal [24].

The feature extraction is usually performed in three stages. The first stage is called the speech
analysis or the acoustic front end. It performs some kind of spectra temporal analysis of the signal
and generates raw features describing the envelope of the power spectrum of short speech intervals.
The second stage compiles an extended feature vector composed of static and dynamic features.
Finally, the last stage (which is not always present) transforms these extended feature vectors into

more compact and robust vectors that are then supplied to the recognizer [23].

In order to find some statistically relevant information from incoming data, it is important to have
mechanisms for reducing the information of each segment in the audio signal into a relatively
small number of parameters, or features. These features should describe each segment in such a
characteristic way that other similar segments can be grouped together by comparing their features.
There are many feature representations in use, but the most common is the mel-frequency cepstral
coefficient (MFCC) feature set [16].
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2.4.2 Acoustic Model

Acoustic model is one of the most important knowledge sources for automatic speech recognition
system, which represents acoustic features for phonetic units to be recognized. In building an
acoustic model, one fundamental and important issue is choosing of basic modeling units.
Generally speaking, when the target language of the speech is specified, there is several types of
sub word unit can be used for acoustic modeling. Different acoustic modeling unit can make a

dramatic difference on the performance of the speech recognition system [23].

Acoustic modeling of speech typically refers to the process of establishing statistical
representations for the feature vector sequences computed from the speech waveform. Although
there are many acoustic models, Hidden Markov Model (HMM) is one of the most commonly used
statistical models to build acoustic models. An acoustic model is a file that contains statistical
representations of each of the distinct sounds that makes up a word. Each of these statistical
representations is assigned a label called a phoneme acoustic model is created by taking a large
database of speech called a speech corpus and using special training algorithms to create statistical
representations for each phoneme in a language. Each phoneme has its own HMM. The speech
decoder listens for the distinct sounds spoken by a user and then looks for a matching HMM in the
acoustic model. Each spoken word is decomposed into a sequence of basic sounds called base
phones. The acoustic model describes the probability of a specific observation given a base phone
[23] [22].

2.4.3 Language Model

A language model is a collection of constraints on the sequence of words acceptable in a given
language. These constraints can be represented, for example, by the rules of a generative grammar
or simply by statistics on each word pair estimated on a training corpus. Although there are words
that have similar sounding phone, humans generally do not find it difficult to recognize the word.
This is mainly because they know the context, and also have a fairly good idea about what words
or phrases can occur in the context. Providing this context to a speech recognition system is the
purpose of language model. The language model specifies what are the valid words in the language

and in what sequence they can occur [23].
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Language models are usually trained, that is, the n-gram probabilities are estimated by observing
sequences of words in corpora of text that contain, typically, millions of word tokens and by

reducing perplexity on training data [17].

It has been observed however that reduced perplexity does not necessarily lead to better speech
recognition results. Therefore, algorithms that improve language models based on their effect on
speech recognition are particularly appealing a language model that specifies the probability
distribution of words the speaker may utter next, given a history of uttered words. Common
language models are bigram and trigram models. These models contain computed probabilities of
groupings of two or three particular words in a sequence, respectively. There are tools for language
modeling like CMU Statistical Language Modeling (SLM) Toolkit, Stanford Research Institute
Language Modeling Toolkit [23].

2.4.4 Decoder

In the decoding stage, the task is to find the most likely word sequence W given the observation
sequence O, and the acoustic-phonetic-language model. The decoding problem can be solved using
dynamic programming algorithms. Rather than evaluating likelihoods of all possible model paths
generating O, the focus is on finding a single path through the network yielding the best match to
0. To estimate the best state sequence for the given observation sequence, the Viterbi algorithm is

frequently used [1].

In the case of larger vocabulary recognition tasks, it would be challenging to consider all possible
words during the recursive part of the Viterbi algorithm. To address this, a beam search can be
used for Viterbi iteration, only the words with path probabilities above a threshold are considered
when extending the paths to the next time step. This approach speeds up the searching process at
the expense of decoding accuracy. The Viterbi algorithm assumes that each of the best paths at
time t must be an extension of each of the best paths ending at time t — 1, which is not generally
true. The path that seems to be less probable than others in the beginning may turn into being the
best path for the sequence as a whole (e.g., the most probable phoneme sequence does not need to
correspond to the most probable word sequence). This issue is addressed by extended Viterbi and

forward-backward algorithms [17].
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2.5 Recognition units

One of the important issues in designing a speech recognition system is the selection of appropriate
modeling unit for a recognition task. Different recognition units may be preferable in different
settings, such as high-variability conversational speech, high-noise conditions, low-resource
settings, or multilingual speech recognition. There are several recognition unit exist, such as words,
phoneme, di-phone, tri-phone, senone, syllable, demi-syllable, acoustic unit, morpheme, grapheme
[25].

According to Huang, Acero and Hon [16], the following criteria need to be considered when

choosing an appropriate modeling unit:

- The unit should be accurate — to represent the acoustic realization that appears in different
contexts.

- The unit should be trainable — we should have enough data to estimate the parameters of
the unit.

- The unit should be generalizable — so that any new word can be derived from a predefined
unit inventory for task-independent speech recognition.

From the various recognition units, phoneme, syllable and words are the commonly used

recognition units in many speech recognition tasks.

2.5.1 Words

As the most natural unit of speech, whole-word models have been widely used for many speech
recognition systems. A distinctive advantage of using word models is that we can capture phonetic
co-articulation inherent within these words. When the vocabulary is small, we can create word
models that are context dependent. For example, if the vocabulary is Amharic digits from “H¢” to
“Hm™”, we can have different word models for the word “472, to represent the word in different
contexts. Thus, each word model is dependent on its left and right context. If someone says “»a-t”,
“a18”, “v-at”, the recognizer uses the word model “A7£” that specifically depends on the left
context “»a-+” and right context “v-A-+”. Since the vocabulary is small (10), we need to have only
10*10*10 = 1000 word models, which is achievable when you collect enough training data. With
context-dependent, or even context independent, word models, a wide range of phonological

variations can be automatically accommodated. When these word models are adequately trained,
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they usually yield the best recognition performance in comparison to other modeling units.
Therefore, for small vocabulary recognition, whole-word models are widely used, since they are
both accurate and trainable, and there is no need to be generalizable. Though, words are suitable
units for small-vocabulary speech recognition, they are not a practical choice for large-vocabulary

continuous speech recognition due to the three facts mentioned above [16].

2.5.2 Phones

Most commonly used sub-word unit in speech recognition is the phone — a basic speech sound
such as a single consonant or vowel. Each word is then represented as a sequence, or several
alternative sequences of phones specified in a pronunciation dictionary [25]. Unlike word models,
phonetic models provide no training problem as there is a significantly less number of phones in
any given language as compared to the number of words. Moreover, they are also vocabulary
independent by nature and can be trained on one task and tested on another. Thus, phones are more

trainable and also are generalizable.

However, the phonetic model is inadequate because it assumes that a phoneme in any context is
identical. Although we may try to say each word as a concatenated sequence of independent
phonemes, these phonemes are not produced independently, because our articulators cannot move
instantaneously from one position to another. Thus, the realization of a phoneme is strongly
affected by its immediately neighboring phonemes. For example, if context-independent phonetic
models are used, the same model for t must capture various events, such as flapping, unreleased
stops, and realizations in /t s/ and /t r/. Then, if /t s/ is the only context in which t occurs in the
training, while /t r/ is the only context in the testing, the model used is highly inappropriate. While
word models are not generalizable, phonetic models overgeneralize and, thus, lead to less accurate
models. This, problem can be efficiently handled by making the phonetic models context
dependent, provided there are enough training data to estimate these context-dependent
parameters. Context-dependent phonemes have been widely used for large-vocabulary speech
recognition, thanks to its significantly improved accuracy and trainability. A context usually refers
to the immediately left and/or right neighboring phones [16].
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2.5.3 Word-dependent phones(WDP)

Word-dependent phones compromise between the two models discussed above, which are word
and phone models. Word-dependent phone models use phones; however, these phones are word-
dependent. That is to say, a phone model used for one word has different parameters from the
model of the same phone in another word; or in other words, in this model, a phone used in two
different words will have two different parameters. Like word models, word-dependent phone
models can model word-dependent phonological variations, but require considerable training and
storage [26].

WDP modeling is better than word modeling in two ways. The first is, when a word has not been
observed frequently, its parameters can be interpolated (or averaged) with that of context-
independent phone models. Second, a new word need not be repeated many times — context-
independent phone models can be used to get acceptable performance and this holds true for a

word in the vocabulary but not observed in the training data [26].

WDP modeling was proposed by Chow et al. [27] as cited in [26], and in their study Chow et al.
interpolated WDP models with context-independent phone models using empirically determined
weights. Their experimental results yielded error rates of 10% for the WDP models, 14% for word
models, and an error rate of 24% for phone models. Thus, the results clearly shows that the WDP
models actually outperformed the two other models.

2.5.4 Syllables

Syllable is usually a larger unit than a phone, since it may encompass two or more phonemes and
therefore, it can be taken as a compromise between the word and phonetic model. There are a few
cases where a syllable may only consist of single phoneme. Syllables are the phonological building
blocks of words. Syllables have a vital role in a language’s rhythm, prosody, poetic meter and
stress. The syllable as a unit, naturally accounts for the severe contextual effects among its phones
as in the case of words. It accounts for pronunciation variation more systematically than a phone.
Syllables are longer and less context sensitive than phones and capable of exploiting both the
spectral and temporal characteristics of continuous speech. Moreover, the syllable has a close
connection to articulation, integrates some co-articulation phenomena, and has the potential for
compact representation of conversational speech. Many ASR work carried out with syllable based

models in English, Chinese and Amharic. Japanese there are only 100 distinct syllables and 233
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distinct CV syllables in Amharic compared to English where number of distinct syllables are
30,000. When there is large number of syllables, it becomes difficult to train syllable models for
ASR [16] [25] [28].

2.6. Hidden Markov Model (HMM)
2.6.1 Definition

The hidden Markov model (HMM) is a very powerful statistical method of characterizing the
observed data samples of a discrete-time series. Not only can it provide an efficient way to build
parsimonious parametric models, but can also incorporate the dynamic programming principle in
its core for a unified pattern segmentation and pattern classification of time-varying data
sequences. The data samples in the time series can be discretely or continuously distributed; they

can be scalars or vectors [16].

According to L. R. Rabiner [29], hidden Markov model is a doubly embedded stochastic process
with an underlying stochastic process that is not directly observable (it is hidden) but can be
observed only through another set of stochastic processes that produce the sequence of
observations. Below, the mathematical formulation of Hidden Markov Models is presented as it is
crucial in building an HMM based speech recognition. The notations will be done to remain in the

contexts cited in [29].

Consider a finite set of states which may be described at any time as being in one of a set of N
distinct states s1, s2, ..., sSN. Figure 2.3 depicts the hypothetical example for five states HMM that
at regularly spaced discrete times, undergoes a change of state (possibly back to the same state)

according to a set of probabilities associated with the state.

az2

Figure 2.3 A Markov chain with 5 states (extracted from [13])
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2.6.2 Elements of HMM

1) N, Number of hidden states in the model: although the states are hidden, for many practical
applications there are some physical significance attached to the states or to the set of the states of
the model. In general, the states are interconnected in such a way that any state can be reached
from any other state. Here, we denote the individual states as:

S={S., Sy,.....,.Sn}

2) M, number of distinct observation symbols per states: the observation symbols correspond to
the physical output of the system being modeled. Therefore, we denote the individual symbols as:
V ={V1Va, ....Vm}

3) The state transition probability distribution A = {ajj} where,
Alj = P[gu1 = Silge = S I<i,j<N.

For the special case, where any state can reach any other state in a single step, we have aj; > 0 for

all i, j. For other types of HMMs, aj; = 0 for one or more (i, j) pairs.

4) The observation symbol probability distribution in state j, B = {bi(k)}, where
bi(k) = P[V« at gt = Sj], 1<j<N
1<k<M

5. The initial state distribution = = {mi} where
mi = P[g1 = Si], I <i<N.

Given appropriate values of N, M, A, B and =, the HMM can be used as a generator to give an
observation sequence

020102....OT

(Where each of the observation O is one of the symbols from V and T is the number of
observations in the sequence) as follows;
a. choose an initial state g1 = Sj according to the initial state distribution «

b.sett=1.

c. choose Ot = Vi according to the symbol distribution in state Si, that is, bi(k).

d. transit to new state gi=1 = Sj according to the state transition probability distribution for state
Si, that is, ajj.

e.sett =t+1 and return to step c, if t < T; otherwise terminate the procedure.
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It can be seen from the above discussion that a complete specification of the HMM requires,
specification of two model parameters (N and M), specification of observation symbol and the
specification of the three probability measure A, B and =. Therefore, the entire model is represented

as;
A=(A,Bm)

2.6.3 The Basic Problems for HMMs

According to R. L. Rabiner [29], given the above fact and discussions of the HMM, there are three
basic problems of interest that must be solved for the model to be useful in real-world applications.

These problems are the following:

Problem 1: Given the observation sequence O = O1 Oz .... Ot and a model A = (A, B,m ), how do

we efficiently compute P(O|A), the probability of the observation sequence, given the model?

Given a model and a sequence of observations, how do we compute the probability that the
observed sequence was produced by the model or how well a given model matches a given
observation sequence, that is, an evaluation and a scoring for how well a given HMM matches a

given observation sequence.

Problem 2: Given the observation sequence O = 01 Oz .... OT and the model A, how do we choose

a corresponding state sequence Q = Q102 ....qr Which is optimal in some meaningful sense?

Here, we attempt to uncover the hidden parts of the model or find the correct state sequences. In
case of practical situation, we search for optimality criteria to solve those problems. Typical uses
might be to learn the structure of the model, to find optimal state sequence for continuous speech

recognition.
Problem 3: How do we adjust the model parameters | = (A, B,p ) to maximize P(OIl)?

Here, the concern is optimizing the model parameters so as to best describe how a given
observation sequence comes about. In other words, problem 3 refers to the learning or training the

HMM to optimally adapt model parameters to observed training data.
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2.7 Amharic Language

Ambharic was the national language of Ethiopia until 1991 E.C. Currently, it is the official working
language of the Federal Democratic Republic of Ethiopia and thus has official status nationwide
and it is the official or working language of several regional states/regions, with the exceptions of
Tigray, Harari, Somali and Oromia. It was also, for a long period, the principal literal language
and medium of instruction in primary schools in the country, while secondary and higher education
is carried out in English. Throughout the country Amharic is taught as a subject in schools. Many
universities have also departments of Amharic to train Amharic teachers, journalists, and people
who work in public relations. Currently, different mass medias like radios, television broadcasts
and the press in the country use Amharic for disseminating information to the public [30].

2.7.1 The Phonology of Amharic

Phonetics is the study of speech sounds and their production, classification, and transcription.
Phonology on the other hand, is the study of the distribution and patterning of speech sounds in a
language and of the tacit rules governing pronunciation [16]. Articulatory phonetics deals with
how the human vocal apparatus is manipulated to produce sounds. The basic assumption of
articulatory phonetics is that sounds are best described in terms of the configurations of the vocal
tract necessary to utter the sounds. Sounds can also be classified as vowels and consonants which
are produced in different ways. While consonants are articulated with a substantial degree of

obstruction in the oral cavity, vowels are produced with a relatively free airflow [31].

2.7.1.1 Amharic Consonants
According to Voicing, Manner and Place of articulation Amharic consonants are described as

follows.
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Manner of | Point of| Bilabial | Labio- | Alveolar | Palatal | Velar | Labio- | Glottal
articulation | Articulation dental Velar
Voiced 0 /b/ £ /d/ algl |, /gW/
Stops Voiceless | T /p/ + 1t/ ikl e ()
Ejective & Ip’/ T /t°/ *IKT | e e
Voiced al/vl | Hl/zl 1zl
Fricatives Voiceless & /f/ a /sl a/s/ ) \{vh/:",
/h/
Ejective /s’
Voiced e /jl
Affricates | Voiceless T el
Ejective s [c’]
Nasals 9 /m/ 7 nl 7 IRl
Liquids alll cIrl
Glides @ /w/ e lyl

Table 2.1 Categories of Amharic Consonants (adapted from [32])

2.7.1.2 Amharic Vowels

VVowels are open sounds, made largely by shaping the vocal tract rather than by interfering with the

flow of air stream. VVowels are most usefully described in terms of the position of the tongue as they

are articulated. A vowel articulated with the body of the tongue relatively forward is classified as a

front vowel; one made with the body of the tongue relatively high is a high vowel. Vowels produced

with the body of tongue neither high nor low are called mid vowels. VVowels produced with the

tongue body front are called front vowels while those made with the tongue body back are called

back vowels. Those vowels made with the tongue body neither front nor back are called central

vowels. Vowels accompanied by lip rounding as in (u and o) are called rounded vowels while the

other vowels are called unrounded vowels. Amharic has 7 (seven) vowels their description is given in
the table below [31].

Front/Unrounded | Central/Unrounded | Back/Rounded
High Al alll A Ju/
Mid h lel A E/ A lof
Low A faf

Table 2.2. Amharic Vowel Articulations (adapted from [32])
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2.7.2 The Amharic Writing System

Written Ambharic uses a unique script called Fidel which has originated from the Ge’ez alphabet
(liturgical language of the Ethiopian Orthodox Church). The oldest Amharic inscription was
derived from the Sabean writing which has had twenty-seven symbols in its unvocalized shape.
But later Geez pursued the most original course taken Semitic script in denoting vowels by a
variety of changes in the structure of the consonantal symbol. VVowels have thus become an integral
part of Amharic writing which now assumed the character of a syllabary — consonant-vowel (CV)
phoneme pairs. The script also has a unique set of punctuation marks and digits, and some special

characters for labialized consonants [33].

Undergoing many transformations through the ages, the Amharic script has now 33 core characters
each of which occurs in seven orders (one basic form and six non-basic forms) (as shown in
Appendix 2). The seven orders represent syllable combinations consisting of a consonant and
following vowel sounds (A & A. & & & k). That is each of the 33 Amharic characters has seven
forms representing a consonant and a vowel at the same time which makes the Amharic script
syllabic. The first order is the basic form and there are 33 basic forms giving 231 characters [34]
cited in [35]. Other symbols representing labialization, numerals, and punctuation marks are also

available. These bring the total number of Amharic scripts to 310.

As an example, the symbolic representations of the seven forms of the Amharic characters n(be)

and 1(ge) are shown in Table 2.1 below.

Consonant | 1st 2nd 31 4t 5 Bt 7" | Description
order | order | order | order | order | order | order
n n 1§ (L l (8 1 n the seven forms of n
A Nk Na. | N4 Nk ( QA | Consonant-vowel
representation
Ba bu bi Ba be B bo Represented sound
1 1 T 1 D 1 1 T the seven forms of 7
Th VA A, Sk %Nk, ] Uk consonant-vowel
representation
Ga gu Gi Ga Ge G go Represented sound

Table 2.3 Seven forms of Amharic Characters Consonant (adopted from [36])

Solomon and Menzel [28] state that, speech recognition should only consider distinct sounds

instead of all the orthographic symbols, unless there is a need to develop a dictation machine that
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includes all of the orthographic symbols. Accordingly, in this research work, redundant

orthographic symbols that represent the same syllabic sounds are not used.

2.7.3 The Numerals

The Numerals in Amharic writing system are of two kinds, Cardinals and Ordinal. The Cardinals

specify the number of things which are the subject of speech: The Ordinals exhibit the order in

which they occur [37]. The Cardinal Numbers in the Amharic are shown as follows:

Arabic | Alpha- English Arabic Alpha- English
numeric numeric

1 A& One 20 79 Twenty

2 vt Two 30 A Thirty

3 7ot Three 40 ACQ Forty

4 het Four 50 ageajugea | Fifty

5 A0t Five 60 nAa/aga | Sixty

6 agt Six 70 an Seventy

7 ant Seven 80 AT7Le Eighty

8 agert Eight 90 HnG Ninety

9 % Nine 100 aof. Hundred

10 Anc Ten 1000 /v

Table 2.4 Amharic Cardinals (adopted from [37])

In Amharic compound cardinals are formed by connecting multiple cardinals as presented below:

Arabic | Alpha-numeric English
11 AlG K78 Eleven

12 Alé- U0 Twelve
13 Ahe- ot Thirteen
14 ANd- AeT Fourteen
15 Al K9P0t Fifteen

16 alé 0&at Sixteen
17 alé 0T Seventeen
18 Ale- 097t Eighteen
19 Al HM Nineteen

Table 2.5 Amharic Compound Cardinals (adopted from [37])
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And the same order is observed with all other digits of Ambharic; e.g. “7¢ A7£”, “0Ad v-AF”, “ACA
»0t” and etc.

Ambharic writing system does not have a symbol for zero, negative, decimal point, and
mathematical operators, and because of these the Hindu-Arabic numerals and Latin mathematical

operators are used for computational purpose [35].

2.8 Speech Recognition on Mobile Phones

Mobile devices are designed to be carried and used while in motion or during pauses at unspecified
locations. With significant technology advances in recent years, mobile devices of today are multi-
functional — capable of supporting a wide range of applications for both business and consumer
use. For example, PDAs and smart phones provide the user not only with the functionality of
making phone calls and sending SMS but also the access to the Internet for e-mail, instant
messaging and Web browsing. Mobile devices are now functioning as an extension to the PC to

enable people to work on the road or away from office and home [38].

In this ubiquitous computing environment, the use of keypad, stylus and small screen sometimes
becomes inconvenient, and speech-centric user interface is foreseen to be a desirable interaction
paradigm where automatic speech recognition is the enabling technology [5]. This has led to the

growing interest in deploying speech recognition on mobile devices.

As ASR technology has been optimized primarily for general computers in a centralized
architecture, specific care is required when incorporating the technology into mobile devices and
communication networks, both of which place significant constraints on the use of ASR to its full
potential.

According to H. Tan and Lindberg [3] the partition between the ASR components is sharp,
enabling flexible architectures when deploying it on the device and in the network. Speech is
always captured in the client and the application can reside either in the client or in the server. The
decision on where to place the remaining ASR components distinguishes the three approaches:
NSR, DSR and ESR, as shown in the bottom panel of Fig. 3.1. The choice of approaches is driven
by a number of factors including complexity of components, resources available on the device and

in the network, and location of the application.
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Figure 2.4 Architecture of an ASR system [3].

2.8.1 The Three Architectures and Techniques

Due to the challenges presented in the previous section, speech recognition on mobile devices is
deployed with different architectures and the techniques to deal with the hindrances of each
architecture is discussed below. The three approaches introduced are: network speech recognition
(NSR), distributed speech recognition (DSR) and embedded speech recognition (ESR) [3].

While ESR embeds the whole speech recognition system into the device, NSR and DSR make use
of the connectivity available in the device and submit the entire speech recognition processing or

part of it to a server. The three architectures are discussed in detail below.

2.8.1.1 Network Speech Recognition

Network Speech Recognition off-loads all recognition related tasks to a network-based server.
Speech signals are in most cases encoded by a mobile or Voice-over-IP speech coder and
transmitted to the server where feature extraction and recognition decoding are conducted as
shown in Figure. 3.4. NSR in its basic form is a concatenation of two systems: a speech encoding-
decoding system and a speech recognition system. This enables a plug and play of ASR systems
at the server side while no changes are required for the existing devices and networks. The NSR
approach has the advantage that numerous commercial applications are developed on the basis of
speech coding. It further shares all the advantages of server based solutions in terms of system

maintenance and update and device requirements [38].
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Figure 2.5 Architecture of a network speech recognition system [38].

The disadvantages of NSR are network dependency and distortion introduced by speech
transmission specifically by low bit-rate coding and error-prone channels. Coding distortion occurs
mainly since speech coders are optimized for receiver-side reconstruction and human listening
rather than for computer recognition. For instance, parameterization of speech coding is mainly
based on a speech production model and thus the use of linear prediction coding (LPC) coefficients
while speech recognition widely employs Mel-frequency cepstral coefficients (MFCCs) that are
extracted on the basis of human perception. This difference can be overcome by directly estimating

features from the bitstream of coded speech without re-constructing the speech [3].

The effect of packet loss on NSR has been extensively investigated in Mayorga P. et. al. [39] study.
The authors reveal that packet loss may imply substantial degradation of recognition performance.
In contrast, speech coding is a less severe problem, but when coupled with packet losses, it can
make ASR out of function. One of the reasons is that speech coders usually exploit inter-frame
correlation to achieve high compression ratio so that one frame loss affects subsequent frames —
the phenomenon of error propagation [40].

2.7.1.2 Distributed Speech Recognition

The high complexity of an ASR decoder makes it tempting to adopt a client-server architecture:
placing the front-end in the client and the computation-intensive back- end in the server. Since
feature extraction is located in the client, the process of speech coding and decoding is eliminated.
Instead, the feature vectors are directly compressed and sent to the server for recognition decoding.

32



As data transmission may take place via heterogeneous networks, the use of a DSR codec further

avoids the problem of transcoding [3].

To optimize DSR performance over adverse transmission channels, considerable efforts have been
made ranging from front-end processing, source coding/decoding, channel coding/decoding,
packetization to error concealment (EC) [41]. A diagram of a typical DSR system is shown in Fig.
3.3 below.
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Figure 2.6 Architecture of a distributed speech recognition system [38].

Research in DSR has been focused on source coding, channel coding and error concealment. A
very promising source coding technique is a histogram-based quantization (HQ). It is motivated
by the fact that acoustic noise may move feature vectors to a different quantization cell in a fixed
VQ codebook and thus introduce extra distortion. The histogram-based quantization dynamically
defines the partition cells based on the histogram of a segment of the most recent past values of
the parameter to be quantized. The dynamic quantization method is based on signal local statistic,
not on any distance measure, nor related to any pre-trained codebook. The method has shown to
be efficient in solving a number of problems associated with DSR including environmental noise,

coding, noise robustness and transmission errors [42].

2.8.1.3 Embedded Speech Recognition
Commonly, embedded speech recognition refers to a technique in which all speech recognition
processing is located in the target mobile or handheld consumer device. That is the case if no
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network connection is available and also for certain speech recognition applications even when a

communication link is available, while others may use NSR and DSR methods [3].

From a system architecture point of view, embedded speech recognition may be considered as the
simplest approach when implementing speech recognition. In contrast to network or distributed
speech recognition, there is no signal or data sent from the client device to a remote server based
engine. Hence the application is always ready to use, irrespective of radio link existence and
conditions. Given that, it becomes immediately clear that there is a price to be paid for the
architecture simplicity: the complex speech recognition algorithm has to run on a generically low-
resourced consumer device. Also, all maintenance and upgrading activity falls on the user or

service of the consumer device [3].

Fortunately, continuous advance in semiconductor technology implies a rapid evolution of
computing speed of microprocessors and improvement of power consumption of memory devices.
So, the complexity of speech recognition algorithms is expected to become less and less of a
bottleneck in the future when implemented in an embedded manner. Nevertheless, server-based

speech recognition will always have an advantage in terms of available resources [38].

2.8.1.4 Comparison of the three Architectures

From the above discriptin of the the three arctitectures, one can infer that, each of the architectures
have their own advantates and disadvantages. Tan and Lindberg [38], have summarized the pros
and cons of each of the architectures as shown in Table 2.4 below. Application scenarios are listed
in the table, though the boundary between them is indistinct, and the question of which type to

deploy will highly depend on the application and resources available.

NSR DSR ESR
Network dependence Yes Yes No
Transmission impairment | Yes Yes No
Coding effect Yes No No
Computation complexity | Very low Low High
on device
Memory footprint on | Very low Low High
device
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Battery consumption Very low Low High
Portability High Medium Low
Recognition performance | Compromised Maintained Compromised
Application scenarios Telephone and VolIP | Application scenarios | Telephone and VolP
applications, SMS applications,  SMS
dictation, voice search dictation, voice
search

Table 2.6 Comparison of the three architectures [38].

2.8.2 Speech Recognition Challenges in the Mobile Context

The challenges in deploying automatic speech recognition onto a mobile device are significant.
The most notable challenge is the limited computational resources available on mobile devices. In
comparison with contemporary desktop computers, mobile devices are inherently featured with
compromised computing power, reduced CPU (central processing unit) clock, limited-speed
memory access, small memory size and limited battery life. And the hope lies in the continuous
advance in semiconductor technology implying a rapid evolution of computing speed and memory

size so the complexity of ASR is expected to become less and less of a bottleneck in the future[42].

When it comes to real-world deployment of ASR technology on mobile phones, algorithmic
attention also needs to be given to the battery life and energy aware speech recognition as was
done in [42]. Speech recognition by machine is not perfect and errors inevitably appear in the
recognition results. However, error correction is a nontrivial problem, especially for mobile
devices with a small screen. This highlights the importance of user interface design for both voice
and GUI and of error correction through multiple modalities, which was shown to be more efficient
in [43].

Another challenge related to using ASR systems on mobile phones is the issue of speech data
collection. Most speech databases available are collected using either telephones or high-quality
headphones whose characteristics are considerably different from that of integrated microphones
on mobile devices. Also, microphones on mobile devices are used in a different way and close-

talking microphone setups are not convenient for the user. There is a significant lack of databases
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collected using mobile devices and the mismatch in training and test (application) acoustic data is

known to degrade the speech recognition performance [38].

Mobile devices are often used in varying noisy environment and while on the move. Robustness
against noise and degradation in speech quality is difficult to achieve under such conditions and

must also be attained with limited resources of mobile devices.

2.9 Related Work

The first research work in the area of automatic speech recognition for Amharic was Solomon’s
[7] isolated Consonant-Vowel syllable recognition system done in 2001. Thereafter, many
researches have been done by different researchers and with different perspectives. The only
attempt to incorporate a speech recognition technology with a mobile phone in an offline mode is
Tinbit’s [8] work. Tinbit has demonstrated the usability of Automatic Amharic Speech
Recognition system to command mobile devices shipped with an Android platform. Hence, the
researcher developed an android mobile application that can listen to predefined Ambharic
commands and perform actions accordingly like making a call, opening an email and opening
Google. For this, she used small vocabulary consisting of 19 Amharic words. From which, 10 of
them are used to recognize the Amharic digit words from 0 to 10 and the remaining words are used

to form command words in a connected manner i.e. “Google kefete” and “Tiri astelalf”.

Tinbit [8] has adapted the English acoustic model for Amharic language and also used a Cross-
language adaptation technigue to map or represent the Amharic language sounds/phonemes using
the English language phone set. The Speech recognition system developed is a small vocabulary
read speech recognizer which is done based on the popular Hidden Markov Model (HMM)
concept. The HMM core parts (acoustic model, lexical model and language model) were trained
using recorded speech corpus and their transcriptions. To implement the HMM concept,
Pocketsphinx library which is under the CMUSphinx Toolkit family and which is a light weight
speech recognition engine specifically designed for mobile and handheld devices is used. The
accuracy of the Amharic speech recognizer application is tested by five voluntary people and each
were requested to say each of the commands and also randomly say three distinct phone numbers
to test the dialing functionality. After testing, accuracy of the android mobile speech recognizer

was measured to be 72%.
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Another work that relates to Amharic speech recognition system and mobile phone is Mikhael’s
[9] work of 2015. As opposed to Tinbit [8] which is an offline, all the recognition tasks are carried
out on a personal computer and then the recognized data will be transferred to an Android mobile
phone through a GSM, which then be used for the phone dialing activity.

On his work, Mikhael has designed a small vocabulary, speaker dependent and continuous
Ambharic ASR that can recognize digit strings and a limited set of names of individuals and
organizations spoken continuously to a personal computer. For this, two additional components
namely dialog manager and phone dialer are incorporated. Once the speech recognizer correctly
recognizes the key words, the output of the recognizer will be integrated to phone dialing
application using the dialog manager. The dialog manager receives the recognized textual
representation and look up the associate phone number and invokes the phone dialer to make a
call.

Mikhael [9] has mentioned that, the Amharic speech recognizer were designed based on phoneme,
triphone and tied state triphone acoustic models and two different language models namely, parsed
task grammar and backed-off bigram language models are designed in order to test their correlation
with performance of the recognizer. Mikhael [9] experiments yielded an accuracy of 99.38% word

correctness, 98.75% word accuracy and 90.0% sentence correctness by triphones model.

Although, there are a number of research works on the area of speech recognition for Amharic
language, an intensive investigation of literatures reveals that, the two research works mentioned
above are the only works that relate to incorporating a speech recognition functionality with a
mobile phone using Amharic language. However, one research work that relates to applying an
Amharic ASR system with a computer application is Martha [44] study of 2003, which is
Application of Amharic Speech Recognition System to Command and Control Computer: An
Experiment with Microsoft Word. Hence, Martha’s [44] study is presented below and following,
some other research works done for other languages in the area of ASR system for mobile phones

are presented.

Martha [44] explored the possibility of developing an Amharic speech input interface to command
and control Microsoft Word. Martha has developed a HMM variable variance based, speaker

independent, small vocabulary, isolated Amharic word recognizer and used for the development
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of the prototype Amharic speech input interface system. The variable variance based models used

because they showed better recognition performance than fixed variance based models.

In Martha [44] work, 50 command words were selected from different menus (File, View, Insert,
Tools, Table, Window, and Help), translated to Amharic. And speech data of these 50 command
words were recorded from 26 people (10 female and 16 male) in the age range of 20 to 35. From
the recorded data, 76.9% were used to train the recognizers and the remaining for testing the

performance of recognizers.

The communication interface has been written using Visual Basic 6. To test the performance of
the system as a whole, 18 randomly selected command words were given to 6 people (3 command
words for each) and these people were asked to command Microsoft Word orally. The system
performed 16 commands accurately and only two command words were wrongly recognized and
thus Microsoft Word performed Wrong actions. Generally, Martha’s [44] study of 2003, has
demonstrated the usability of whole word modeling for developing Amharic speech recognizer

that can be used as a component of speech input interface.

Hugengl and Hansel [45], investigated the use of Indonesian speech recognition system to develop
Indonesian geography dictionary application on a mobile phone with an Android operating system.
The application uses a smartphone to receive input in the form of a spoken word from a user. The
approach H. Hugengl and E. Hansel used for developing the recognizer is Hidden Markov Model
which is contained in the Pocketsphinx library. The application can be used without internet access
or in an offline mode, which is pointed out as a one of the good characteristic of the application.

In data collection process, the researchers listed the words which are list of geographic terms; and
each word is then chopped into phonemes. These phonemes are included in a phonetic list. The
phonemes used in H. Hugengl and E. Hansel work are English phonemes which are adopted as
Indonesian phonemes. A list of sentences containing all the selected words is made in a text file
and each sentence line consists of ten words that could be repeated. The list of sentences is

processed using Sphinx Knowledge Base Tool to produce language model for training.

The researchers carried out the testing activity with four conditions to determine the level of

accuracy. The four conditions are near silent, near noisy, far silent, and far noisy. From the testing
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and analysis conducted, it can be concluded that the developed application can be built as a speech
recognition application on Android for Indonesian geography dictionary with an average word
recognition accuracy of: 52.87% for near silent condition, 14.5% for near noisy, 23.2% for far
silent and 2.8% in the far noisy condition.

Mulhern et al. [46], investigated the use of a speech recognition system and develop assistive
technology to help persons with disabilities. In their project, the researchers explored voice
recognition as a template upon which the independence of persons with neuromuscular disorders
can be expanded. For this, two Android applications were developed on a smart phone to operate
a television remote via an input/output (IO10) board. The developed voice-controlled applications
are online and offline, the reason for this is to insure the accessibility of the applications by those
with and without Wi-Fi and/or cell phone data plans. For the online or the internet dependent
application the researchers used Google’s Voice Recognition system and for the independent
application (offline) CMU’s Pocketsphinx is used.

Both the online and offline applications were tested for response accuracy with respect to distance
from the user's mouth and surrounding noise. Each Android application functioned to recognize
specific keywords, send appropriate signals to the 1010 board then trigger the remote. There were
seven keywords (commands) in total: channel increase, channel down, volume increase, volume
down, power on, and off. The “power” command for example, controls the cable box while “on”
and “off” control the television. Each of the seven commands are tested in different settings for

accurate recognition using both applications.

Though the researchers did not show the recognition performance of their system in numbers, they
have clearly illustrated the results with graphs. The graphs show, a general decrease in the
proportions of correct recognition when the distance of the phone to the subject is increased as
well as when level of ambient noise is increased, which is true for both the online and offline
applications. In general, the test results show that both online and offline applications provide
quality recognition and execution of desired commands within a reasonable distance and level of

surrounding noise.

Liuxinfei and Zhouhui [47], investigated the use of a small vocabulary offline Chinese speech

recognition system that can recognize a set of common voice commands used in voice controlling
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tasks in Android smartphone. Some of the Chinese voice commands used as a voice controlling
activity in the study include Play music, Turn off the music, Open the browser, EXit the browser,
Make a phone call, Send SMS and the likes.

For the acoustic model, the researchers adapted the existing English acoustic model using a one
person voice in order to improve recognition rate of the system and to fit for user’s voice. The
corpus contains several sentences which can be arbitrarily assigned but cover words or phonemes

to be recognized.

The testing results show that the system based on Pocketsphinx developed in the Android
development environment has excellent recognition reaching a recognition accuracy of 90% WER
for quiet laboratory environment. The researchers also have revealed that the recognition rate is
extremely affected by user's accent because only one person's voice data is used for adaptive
training of acoustic model and the system is easily to make mistakes because of high sensitivity to

noise around.
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Chapter Three

System Design and Architecture

3.1 Introduction

In this chapter, the approach, tools, techniques and procedures used in this research are discussed
in detail. As mentioned earlier, the methodology chosen to implement the speech recognizer that
converts the spoken Amharic words to a text on a mobile phone is the most popular statistical
model, which is the HMM. A detailed discussion of HMM is presented under Section 2.6.

3.2 Corpus Preparation

Speech corpus is one of the fundamental requirements of any speech recognition system. Thus, as
mentioned earlier, a speech corpus of all the selected words is recorded from one person using PC
and also a mobile phone using the appropriate software. The reason for recording the audio data
using both the PC and mobile phone is, to have a representative speech. With this respect, Tan and
Lindberg [3] stated that, an audio recorded with high-quality headphones has considerably
different characteristics from that of an audio recorded using the integrated microphones on a
mobile phone and also, microphones on mobile devices are used in a different way from that of
the microphones on computers. Hence, in this research we recorded the audio data using PC with
a goal of getting a quality audio, and using a mobile phone with a goal of capturing the environment

and context that the ASR system is going to be used, which is on mobile phones.

CMUSphinx website [15] states that, to train a speaker dependent model and a model that can be
used for command and control functionalities, a one hour audio data is enough. Accordingly, a
total of 1,218 sentences, containing multiples of words in different combinations are created and
a 1 hour and 18 minutes audio data of these sentences is recorded. A Sample of the sentences, is

presented under Appendix 3.

The recording is carried out in a semi-noisy environment. The recording on PC is done using
Audacity software and the microphone on Sony MDR-663MV headset. On the mobile phone, the
recording is done using Easy Voice Recorder application and the built-in microphone on a Huawel
G730-U00 mobile phone. The settings used while recording the audio on both the PC and the
mobile phone are shown in table 3.1 below:
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Format Sample rate Depth Chanel

MS WAV 16 kHz 16 bit mono

Table 3.1 Settings used in recording the audio

After all the sentences recorded continuously, Audacity software is used to segment and to label
the audio of each sentence into the corresponding sentence file id. And since, the recorded data is
used for training the acoustic models and also for testing their performance, around 82% of the

data is used as a training set, and the remaining 18% is used as a test set.

3.3 The Architecture of the System

A speech recognition system can be implemented in many different areas and methods. When it
comes to integrating ASR systems with mobile phones, there are three commonly known speech
recognition approaches namely, network speech recognition, distributed speech recognition and
embedded speech recognition. From these, the third one, which is embedded speech recognition
or simply ESR, is chosen in this particular study. In ESR, all speech recognition processing is
located in the target mobile or handheld consumer device. In other words, it is fully an offline and
can be used at any time and place without the need to have a network connection.

There are several reasons for choosing the ESR architecture in this study. Some of them are,
e It’s simplicity of implementation, as there will be no signal or data to be send from the
client device to a remote server based engine and vice versa.
e The steady increase in processing power and storage capacity of the mobile phones,
enabling all the decoding and recognition activities to be carried out on the mobile phone.
e The currently poor telecommunication services in local context, which can make ASR
systems deployed using the NSR and DSR architectures challenging, makes the ESR

architecture preferable.

Hence, the architectural design of the ASR system designed in this study resembles much the

architecture of an ASR system on a PC as it incorporates the same components of the general
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speech recognition system. Fig. 3.1 depicts the diagrammatical representation of the developed

Ambharic ASR system for mobile phones.
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Figure 3.1 The Amharic ASR system designed for mobile phones
3.4 Components of the ASR System

3.4.1 Front-end

The front-end component involves signal processing and feature extraction. The feature extraction

of the ASR system maps the speech waveform into a sequence of feature vectors. This sequence
of feature vectors is subsequently used to train acoustic model and decode input speech waveform.
In order to find some statistically relevant information from incoming data, it is important to have
mechanisms for reducing the information of each segment in the audio signal into a relatively
small number of parameters, or features. These features should describe each segment in such a
characteristic way that other similar segments can be grouped together by comparing their features.
There are many feature representations in use, but the most common is the mel-frequency cepstral
coefficient (MFCC) feature set, and in the developed system MFCC is used to extract features of

audio used during training the models and also during recognition [23].
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The MFCC is the most evident cepstral analysis based feature extraction technique for speech and
speaker recognition tasks. It is popularly used because it approximates the human system response
more closely than any other system as the frequency bands are positioned logarithmically [48].
Computing MFCC is based on the short-term analysis, and thus from each frame a MFCC feature
vector is computed. In order to extract the coefficients, the speech sample is taken as the input and
it is divided into number of frames. After that, the hamming window is applied to minimize the
discontinuities between the frames where Discrete Fourier Transform (DFT) is used to generate
the Mel filter bank. According to Mel frequency wrapping, the width of the triangular filters varies
and so the log total energy in a critical band around the center frequency is included [49]. Figure

3.2 below shows the steps involved in MFCC feature extraction.

)

Mel
fnpu? speech Fr:eume a-nd — Frequency [N LOG
signal Windowing .
Wrapping
— |
.
MFii{f;rwre == | Mel Cepstrum | 4= | |nverse DTF | 4= | |nverse DTF
—

Figure 3.2 Steps involved in MFCC Feature extraction [49]

3.4.2 The Lexicon

In Speech recognition systems lexicon model also called pronunciation dictionary, is mapping of
all the words to their corresponding pronunciation forms in terms of the recognition unit (i.e.
phone, sub-phone, or syllable) sequences. It specifies the finite set of words that may be produced

by the speech recognizer and gives, at least, one pronunciation for each.

In this research work, to train the two acoustic models, word-dependent phone (WDP) and word-
dependent CV syllable dictionary (WDCVS), 36 distinct words are employed. This number of
words is found to be enough for the research, as it investigates the use of small vocabulary ASR
system that can be used to command and control mobile phones. And to select these words, the

researcher used his own observation.

From the 36 words, 15 of them which in combination can make 11 commands as they are spoken

continuously i.e. “@P . hé A", “ovH.P ABO-+ or “AT¢ héaA”, which means open music, play
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music and open Opera, are used to train the system to recognize Amharic command and control
phrases. The remaining 21 words which in combination can represent Amharic digits from “H¢”
up to “e>f”, which means form zero up to hundred, making a total of 101 digit words as they are
spoken continuously, are used to train the models to recognize the 101 Amharic digits. For
instance, words “A7£”, “v-AT”, “aft” which means one, two, and three, can be used to form the
numbers “A0é AL, “hhé- v-AT”, “Ané- ok’ which means eleven, twelve and thirteen
respectively. Likewise, the same digits can be combined with “v¢” to form other digit words, i.e

“Vf AL, “UL vt “Uf adr” which means twenty one, twenty two, twenty three respectively.

In both the pronunciation dictionaries, WDP and WDCVS, all the 36 distinct words are transcribed,
and intra-speaker variabilities are not considered; in other words, only one transcription is used for
each word in the lexicon. Also, the two dictionaries do not handle the variation of the pronunciation

of the sixth order grapheme and the difference between geminated and non-geminated consonants.

3.4.3 The Acoustic Model

The Acoustic model refers to the statistical representations for the feature vector sequences
computed from the speech waveform. HMM, among others, is the most common type of acoustic
model, and in this research work HMM s used for acoustic modeling. Acoustic modeling also
encompasses “pronunciation modeling” which describes how a sequence or multi-sequences of
fundamental speech units (such as phones or phonetic feature) are used to represent larger speech
units such as words or phrases that are the object of speech recognition [18].

According to the CMUSphinx website [15], CMUSphinx system does not support whole-word
based models rather, word-dependent phone (WDP) models and the developers claim that these
models are equivalent with whole word-based models or even better sometimes. It is indicated in
the website that, word-dependent phone model is created by creating word-dependent phone
dictionary, and an example illustrates word-dependent phone dictionary is created by attaching the
word in the dictionary with each phone in the word with an underscore and then using them as the
sequence of phones for that word in the pronunciation dictionary. Accordingly, the word-
dependent dictionary is created. To get the phonemes for creating this dictionary, the transliteration

scheme proposed by [50], that is, using ASCII characters for the language graphemes, is employed.
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Sebsbie et al. [50] stated that, in Amharic language the CV syllables, among others, cover the large
majority of syllable distribution. And, [28] stated that, the use of CV syllables is a promising
alternative in the development of ASR systems for Amharic. In addition to this, [51] stated that,
CV syllable based recognizers outperformed the tied state Triphone based recognizer in accuracy,

and therefore, the use of CV Syllables is a promising direction for Amharic speech recognition.

Accordingly, the Amharic CV syllables are used to create another dictionary, word-dependent CV
syllable dictionary, by replacing the phonemes in word-dependent phone dictionary with this CV
syllables. And thus, in this research work, two pronunciation dictionaries, WDP and WDCVS
dictionaries are created (as shown in Appendix 1), and are used to develop the two acoustic models,
WDP and WDCVS.

In both dictionaries, the phones which are created by attaching each phone/CV syllable in the word
with the word itself by an underscore, are used to form the phone set in the respective models,
resulting 194 unique phones for the WDP model and 115 unique phones for the WDCVS model.
The Phoneset used in developing WDCV'S model is presented in Appendix 4.

To get the best of each of the two models, each model is trained with the three mode types that
CMUSphinx supports (continuous, semi-continuous and PTM), and then the recognition
performance of each model is computed and compared with each other to decide which one

performs best.

3.4.4 Language Modeling

A language model refers to a system’s knowledge of what constitutes a possible word, what words
are likely to co-occur, and in what sequence. The semantics and functions related to an operation
a user may wish to perform may also be handled by a language model. In continuous speech
recognition, the incorporation of a language model is crucial to reduce the search space of sequence
of words [18]. A language model can either be a statistical language model (SLM), such as an n-
gram model, or a grammar based language model, for example a context-free grammar (CFG) or
a finite-state automaton (FSA). Statistical language models try to predict all the valid utterances in
a language, by combining all the recognized words into every possible combination. Context-Free
Grammars are restricted forms of a language model, that restrict the recognized phrases to a
predetermined set, and discard those that do not fit that model [52]. While statistical language
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models are useful for open-ended applications, like dictation and general-purpose recognition,

context-free grammars are suitable for specific applications, like command-and-control systems.

Thus, in this research work to model the sequence of acceptable words in two different contexts
I.e. in either phone dialing or commanding, three separate context-free grammars are created. The
first grammar is for the digit words, the second is for the command phrases and the third which
served as a menu, is used to switch between the two grammar files — the digits and commands. All
the three grammars are created based on the Java Speech Grammar Format (JSGF). According to
[53], JSGF is a platform-independent, vendor-independent textual representation of grammars for
use in speech recognition to determine what the recognizer should listen for, and so describe the

utterances a user may say.

The digits grammar is used to describe the acceptable single or connected word from “H¢” to
“av4, |n these set of digit words, some of the digits are independent/single words and others are
formed in a connected manner which correspond to the larger proportion, i.e. numbers beyond 10
with the exception of multiples of 10. Any digit from the single or the connected digits set can be
uttered at any time, and this is handled by the digits grammar in such a way that, if a valid single
word digit is spoken, that respective word will be searched and the search ends. However, if the
spoken digit is a connected word digit, the first word will be searched first and then the second

word will be searched and matched with the first one and the search ends.

Fig. 3.3 below shows the JSGF grammar used to model the Amharic digits words from “m¢” to
“av£” and Fig. 3.4 illustrates the possible paths graphically.
EJdig'rts.glam [X] |E| commarnds.gram l

1 #J5GF V1.0:

grammar digits;

<il> = HE | & | BAF | pRF | AEF | RIRRE | AENF | ANF | A9RTE | HME | ARG |
UF | AAA | KGN | USRA | hah | AN | ATIYF | HMS | OoF | BORA | AECT | AT :

1 LNk

<iZ> = IR | AT | bR | Rt | RSERE | RERE | ANF | RGOSR | HME ;
<i3> = (shé) (<iZ>) ;
12 <id> = UF | fAA | RCN | USRA | RAA | AN | ATIIE | HME :

14 public <digits> = [ <il> ] | [ <i3> ] | [ <i4> ] [ <i2» ] :

Figure 3.3 JSGF grammar used to model the Amharic digits from “i.¢” up to “oo”.
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Figure 3.4 Graphical illustration of the possible paths in forming Amharic digits from “i.¢” to
“ﬂl)yf‘”

There are two reasons why this method is employed instead of simply including all the 101 digit
words in the JSGF grammar file. The first is, it limits the number of alternatives in the grammar
which in turn reduces the searches that the system needs to undergo. And the second is, this
grammar can be easily extended to incorporate the other numbers beyond 100. For instance, the
Ambharic digit words from 101 to 999 can be simply added to the grammar without increasing the
lexicon, just by altering the grammar to handle the word “e># with its acceptable right and left

digits which are already in the grammar.

For the command and control words, another JSGF grammar file is created. As it is shown in Fig.

3.5 below, the grammar file contains 10 distinct words and can be used to model 9 command
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phrases that are common in mobile phones. Fig. 3.6 graphically illustrates the paths in forming a

valid command phrase.

= digits.gram [=] commands.gram E3 }

#J5GF V1.0:

grammar commands;

public <command> = OHg | R4t | ASRGF | ARI0 | HI ) | KBS ( RAF | HI ) | NRe [ Al | ATE )

Figure 3.5 JSGF Grammar for the Amharic command words used in the recognizer

Figure 3.6 Graphical illustration of the possible paths to form a valid command phrase

Since it is possible to switch between searches at the time of recognition in the Pocketsphinx, a
third JSGF grammar is also created and employed in the prototype application to switch between
the two grammars files — the digits and the commands. Hence, this grammar has only two
alternatives, the two phrases that the user need to say i.e. “0£&9° a2L®A” or “NL:9°4 TIHN”, t0 gO

to ether the phone dialing or the commanding functionality.

3.5 Development Tools
3.5.1 CMU-Sphinx toolkit

CMU-Sphinx is a famous speech recognition toolkit used for various speech recognition research
works and also for developing several speech based applications. The toolkit is developed at
Carnegie Mellon University and includes the speech recognizers — Pocketsphinx and Sphinx-4,
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acoustic model trainer — Sphinxtrain and a library — Sphinxbase. According to CMUSphinx [15]
website, from the different packages, which one to use depends on the nature of the application.
Accordingly,

o Pocketsphinx — lightweight recognizer library written in C.

e Sphinxbase — support library required by Pocketsphinx

e Sphinxtrain — acoustic model training tool

For each of the above packages there are latest versions (5prealpha). And as the website [15]
recommends to use these latest releases, in this study, Pocketsphinx-5prealpha is used as a decoder,
sphinxtrain-5prealpha is used to train the models and sphinxbase-5prealpha a library needed by
Pocketsphinx is used.

The decoder used in this research work which is Pocketsphinx, is an open source speech
recognition toolkit optimized to run on embedded devices. Pocketsphinx runs locally on the
device; it is fast and requires comparatively modest computational resources. It has voice activity
detection functionality so that continuous recognition can be performed. Pocketsphinx can be fully
customized for different requirements. It also has the option of customizing the default American
English acoustic model by adapting the model using the toolkit SphinxTrain. Pocketsphinx is

open-source, comes with BSD license and can be used in commercial applications [15] [14].

3.5.2 Pocketsphinx Android Demo Application

It is a demo application from GitHub, Inc. [54], and it demonstrates how Pocketsphinx is used on
an Android mobile phones. The application has sample English acoustic model, Language model,
JSGF grammars and also a library compiled using Pocketsphinx. Hence, we have downloaded and
installed this demo application on Android Studio virtual emulator phone and experimented with
in order to become familiar with Pocketsphinx on mobile phones prior to developing the prototype
application. Moreover, we’ve used some of the source code in this demo application during the

development of the prototype application.
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3.5.3 Pocketsphinx-android

Pocketsphinx-android is a wrapper for Pocketsphinx for Android providing high-level interface
for recognizing the microphone input [55], and in this study, Pocketsphinx-android is used to
compile the Pocketsphinx library used in the prototype application. To compile the library, the

instructions in the CMUSphinx [15] website are followed.

3.5.4 Android and Android SDK

As mentioned previously, the mobile phones used for integrating the Amharic ASR are, mobile
phones that use Android as their operating System. From the several reasons for choosing this
platform, the main ones are, its dominance both in the market and the community, its adaptability
and also its capability to support a myriad of applications developed by developers all over the

world including an ASR system developed using the CMUSphinx speech recognition toolKit.

Android is a Linux-based operating system designed primarily for touch screen mobile
communication devices such as smartphones and tablets, though variants of Android are also exist
on different devices i.e. game consoles, televisions, wrist watches. Android was developed by
Google in collaboration with Open Handset Alliance and supports open source projects so that
many Android developers can build their own Android-based applications using the tools Android
Software Development Kit (SDK) and Native Development Kit (NDK) which can be obtained free
of charge [46].

The Android SDK includes a comprehensive set of development tools. These include libraries, a
handset emulator, documentation, sample code, tutorials & tools such as dx - Dalvik Cross -
Assembler, Android Asset Packaging Tool and Android Debug Bridge. Applications are written
using the Java programming language and run on Dalvik, a custom virtual machine designed for
embedded use which runs on top of a Linux kernel. The mobile device emulator lets the developer
prototype, develop, and test Android applications without using a physical device. The Android
emulator mimics all of the hardware and software features of a typical mobile device, except that

it cannot receive or place actual phone calls [56].

Hence, the latest version of Android SDK, version 2.3.3, is used to develop the prototype

application that served for integrating the Amharic ASR system with mobile phones. The
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application is designed and built using Java programming language in accordance with the
programming language guidelines for developing applications on Android operating system
(Appendix 5). After the prototype application is created, the necessary libraries, the developed
acoustic models and all the necessary files i.e. dictionary and the grammar files, are imported to
the application and the prototype Amharic ASR system for mobile phones is created. Following,
Android Studio’s virtual emulator phone, Nexus 4 with API level 22, is used to install the prototype
application and also to run and test its functionality, as shown in Fig. 3.7, before installing and
conducting the performance evaluation on a real/physical mobile phone.

3.6 The Prototype Application

The prototype Amharic ASR application for mobile phones primarily developed to demonstrate
the usability of the models and also to conduct an empirical performance tests on the models. In
view of this, the prototype application starts by first asking whether dialing or commanding by
voice is need to be conducted and waiting for an audio input signal. Based on the recognized word
the application automatically switches to either the digits or commands grammar files using the
third grammar file and again starts to listen for a spoken Amharic digit word or command phrase.
Finally, using the respective grammar file i.e. digits or commands, the prototype application
recognizes the spoken word or phrase, and then either displays it using a TextView! or a Toast?,

or performs the appropriate task.

Here, the act of asking for an input, accepting the input and then performing the appropriate
activity based on the accepted input data can be likened to any other command and control
activity where the user commands and/or controls his mobile phone using his voice. And thus,
this achieves the objective of this research, that is, investigating ways of integrating an Amharic
speech recognition system that can be used to command and control mobile phones.

After testing the operability of the prototype Amharic ASR application on a virtual emulator using

all the developed acoustic models, a physical mobile phone is connected to Android Studio and

L A user interface element that displays text to the user in Android.
2 Used to notify user about an operation with a small popup that displays for a small period of time, without
expecting any user input.
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the prototype application is installed on a physical mobile phone with each of the trained models

and the performance of each model is evaluated, as presented in detail in Section 4.3.2.

Android Emulator - Mexus_5X_AP|_26-2:5554 Android Emulator - Nexus_3X_API|_26-2:3554

NEFOP Ll wdcvs-c NEeP LHH wdcvs-c

NEIR oFNCMT FLATTY TNC MEMA SLATYY €M FOM-...
£9°m?
MEDA @LN TFHH? 09203068

Figure 3.7 Screenshots of the Prototype Amharic ASR system on Android emulator phone, Nexus
5X with API level 26
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Chapter Four

Experiment and Discussion

4.1 Introduction

This chapter presents the experiments and the procedures followed while conducting the
experiments in this research together with the results and discussion of the results. As the objective
of this research is investigating an enhanced way of integrating an Amharic ASR system on a
mobile phone, 36 distinct Amharic words are employed to build two acoustic models namely, word
dependent phone model and word dependent CV Syllable model. Thus, the speech corpus of these
words is recorded from one person and used for both training and testing the models. For this, the
corpus is divided into training and testing stacks with the training stack receiving around 82% of
the data and the testing stack the remaining 18%. All the training and testing conducted are

presented as follows.

4.2 Training the Models

A Hidden Markov Model based system, like all other speech recognition systems, functions by first
learning the characteristics or parameters of a set of sound units, and then using what it has learned
about the units to find the most probable sequence of sound units for a given speech signal. The
process of learning about the sound units is called training and the process of using the knowledge
acquired to deduce the most probable sequence of units in a given signal is called decoding, or

simply recognition.

CMUSphinx supports three different types of acoustic models: continuous, semi-continuous and
phonetically tied (PTM). Hence, the two models used in this research work namely, WDP and
WDCVS, are trained using the three model types to decide which of the model type perform best
on each of the two models, and therefor to select the best one. Consequently, six different
experiments are carried out; three for each of the WDP and WDCVS models.

The difference of the three model types, according to CMUSphinx [15] website is, the number of
mixture of gaussians used to compute the score of each frame. In continuous model, every senone

has its own set of gaussians, thus, the total number of gaussians in the model is about 150 thousand
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which is too much to compute the mixture efficiently. In contrary to the continuous, in semi-
continuous model, to compute the score of each frame 700 gaussians are used, which is small and
therefore, used only with different mixtures to score the frame. Due to the smaller number of
gaussians semi-continuous models are fast, but because of more hardcoded structure they are also
a bit less accurate, and this makes PTM models a good alternative. PTM models use about 5000
gaussians, thus providing better accuracy than semi-continuous, keeping the speed of continuous

model types.

However, since the effect that these three model types have on the WDP and WDCVS models
used in this research work, is not known beforehand given the corpus, and because each of the
three model types could be possible alternatives to train acoustic models for mobile phones, each
of the three model types are used to train the two models. This is important to investigate the effect
the three model types have on the two models and also to select and incorporate only the models
with good recognition accuracies into the prototype application if significant recognition
accuracies are observed. However, if no major recognition performance difference is observed
among the trained models, all the models will be incorporated into the prototype application and
testing will continue on mobile phone for all the trained models. It is because, minor recognition
accuracy variations may not persist in mobile phones and therefore may not have influence on the

recognition accuracy on mobile phones — the devices in which the models are intended for.

However, despite the fact that, the number of tied states (senones) and the number of Gaussian
mixture distributions (densities) used in the HMM can have a significant impact on the models’
accuracy, these parameters are not considered in this research, and therefore, all the six training
activities conducted are carried out with the recommended approximate values, shown in Table
4.1 below. The reason for not considering these parameters and experiment with to get optimal
recognition accuracies is that, doing so will obviously increase the number of experiments need to
be conducted, which in turn will take significantly much time that can be beyond the time limit of
this research work. Moreover, models trained with the approximate recommended values, have

achieved excellent recognition accuracies.

The recommended approximate number of senones and the number of densities for a continuous

model in different scenarios, according to CMUSphinx [15], are shown in table 4.1 below. For
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semi-continuous and PTM models, the website recommends using a fixed number of 256 for

densities.

Vocabulary | Audio in database | Senones Densities | Example
/ hours

20 5 200 8 Tidigits Digits Recognition
100 20 2000 8 RM1 Command and Control
5000 30 4000 16 WSJ1 5k Small Dictation
20000 80 4000 32 WSJ1 20k Big Dictation
60000 200 6000 16 HUBA4 Broadcast News
60000 2000 12000 64 Fisher Rich Telephone

Transcription

Table 4.1 The approximate number of senones and the number of densities for a continuous
model [15]

From the table above, it can be seen that the vocabulary size and the length of the audio data that

is somehow closer to the one used in this research is, the first one which is Tidigits Digits

Recognition, that uses 200 for senones and 8 for densities. Therefore, in all the six experiments,

200 is used as a number of senones. And for the number of densities, 8 is used for training the

continuous models, and 256 for semi-continuous and for the PTM models. Table 4.2 below

summarizes the number of senones and densities used to train the two models, WDP and WDCVS,

with the three model types.

Model Type Senones Densities
continuous 200 8
semi-continuous 200 256
PTM 200 256

Table 4.2 Number of senones and densities used to train the models
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As mentioned in the previous chapter, in this research work, three grammar files are created for
the two sets of words i.e. digits and command. However, for the sake of convenience, the three
grammar files are combined into one at the time of both the training and decoding/testing phases,
since doing so does not have impact on the result.

After all the environment variables and directory structure is set, the training is started by running
the command sphinxtrain -t db_name setup, where, db_name is the name of the database. This
command creates a configuration file which can be used to setup the different parameters,
including the ones discussed above.

After configuring all the necessary settings and values, i.e. the number of senones, densities, the
model type and file paths in the configuration file created using the above command, the second

command, sphinxtrain run, is executed to start the actual training.

At the end of the training, several new directories are created that contain files which are generated
in the course of the training. The decision tree built for “a_HmS” while the training phase of the
WDCVS model with continuous model type, for example, is presented in Appendix 6. An html
file is also created, with the named db_name.html, and contains status report of the executed jobs.
This file is used to verify what jobs are launched and completed successfully. The trained models

for all model types will be stored in model_parameters directory under the database directory.

Figure 4.1 and 4.2 below, show the status reports generated after training the WDP model with

continuous model type and WDCVS model with continuous model type, respectively.

MODULE: 65 MMIE Training (2017-09-27 06:24)

Skipped: $5T::CFG_MMIE set to 'mo' in sphinx_train.cfg

MODULE: 90 deleted interpolation (2017-09-27 06:24)

Skipped for continuous models

MODULE: DECODE Decoding using models previously trained (2017-09-27 06:24)

Decoding 218 segments starting at @ (part 1 of 1)
pocketsphinx_batch Log File

Aligning results to find error rate

SENTENCE ERROR: 1.4% (3/218) WORD ERROR RATE: 8.5% (6/1251)

Figure 4.1 Status report generated after training the WDP model with continuous model type
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MODULE: 920 deleted interpolation (2017-09-27 11:02)

Phase 1: Cleaning up directories: logs...

Phase 2: Doing interpolation...
delint Log File

Phase 3: Dumping sencnes for PocketSphinx...
mk_s2sendump Log File

MODULE: DECODE Decoding using models previously trained (2017-09-27 11:02)

Decoding 218 segments starting at @ (part 1 of 1)
pocketsphinx_batch Log File

Aligning results to find error rate

SENTEMCE ERROR: 3.7% (3/218) WORD ERROR RATE: 1.e% (12/1251)

Figure 4.2 Status report generated after the completion of training the WDCVS model with PTM
model type

All the training activities (and also the testing activities in section 4.3.1) are performed on a
Toshiba Portage 980 laptop computer with 8GB RAM and core i5 CPU model with 2.6GHz speed
installed with Ubuntu 16.04 LTS 64 bit. The compiler gcc v5.3.1, the decoder Pocketsphinx-
5prealpha (v0.8), a trainer Sphinxtrain-5prealpha (v1.0.8) and a library Sphinxbase-5prealpha
(v0.8) are used to train the models; all from the official repositories. The results of the trained
models are presented and discussed in the section 4.3 below.

One problem encountered during this training phase is, the number of phones used in developing
the WDP models which is 194 (as discussed in section 3.4.3), is greater than that of the maximum
number of phones which is 128, specified in the Pocketsphinx source code, and because of this,
the decoding at the end of the training and also the decoding carried out in section 4.3.1 for the
WDP models couldn’t be carried out successfully and the trainer/decoder exits out with a similar
error message shown in Fig. 4.3 below. Furthermore, this problem did not allow the WDP models
to be run on both the virtual emulator and the physical mobile phones, since the library used in the
prototype application is compiled using Pocketsphinx and Pocketsphinx-Android (discussed in

Section 3.5.3), with this maximum number of phones.
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MODULE: 62 Lattice Format Conversion
skipped: $ST::CFG_MMIE set to 'no' in sphinx_train.cfg
MODULE: 65 MMIE Training
Skipped: $ST::CFG_MMIE set to 'no' in sphinx_train.cfg
MODULE: 90 deleted interpolation
Phase 1: Cleaning up directories: logs...
Phase 2: Doing interpolation...
Phase 3: Dumping senones for PocketSphinx...

MODULE: DECODE Decoding using models previously trained
Decoding 218 segments starting at @ (part 1 of 1)
0% ERROR: FATAL: "fsg lextree.c", line 718: #phones > 128; increase FSG_PNODE_CTXT BVSZ and recompile

ERROR: Failed to start pocketsphinx_batch
Aligning results to find error rate
Can't open [home/bd/Desktop/models/phone/sc/am/result/am-1-1.match
word_align.pl failed with error code 65280 at /usr/local/lib/sphinxtrain/scripts/decode/slave.pl line 173.
bd@bd-ubuntu:~/Desktop/models/phone/sc/amS JJ

Figure 4.3 The error message at the end of training the WDP models and while trying to decode
these models.

Consequently, it is found out necessary to study the source code of the Pocketsphinx, and correct
the problem by increasing the maximum number of phones that Pocketsphinx support. Hence, in
this research, we have studied the source code of Pocketsphinx, increased the allowed maximum
number of phones in fsg_lextree.h file and then re-compiled both Pocketsphinx and Pocketsphinx-
Android to apply the changes. By doing this, the WDP models are decoded and their recognition
accuracy calculated successfully, and also the models are run on both the virtual emulator and the

physical mobile phones smoothly.

4.3 Testing the Models

S. Furui [57] states, speech recognition systems can be evaluated using subjective or objective
methods. The former directly involve human subjects during measurement, whereas the latter,
typically uses prerecorded speech, and thus do not directly involve human subjects. Accordingly,
in this research work both of these evaluation techniques are employed, the first technique on the
first performance evaluation which is Category | and the second evaluation technique on the

second performance evaluation which is Category II.

The evaluations in Category I, as mentioned previously, are carried out to determine which of the
three model types that CMUSphinx support perform best on each of the two models, WDP and
WDCVS, and if major recognition accuracy differences are observed to select the ones with best
accuracies and to incorporate them into the prototype application for the tests on mobile phone.

Performance evaluations in the second category, Category I, on the other hand are carried out on
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a mobile phone, to decide the best of the WDP and WDCVS models trained with the three model
type and then to decide whether the WDP or WDCVS model has the best recognition performance.

According to D. Jurafsky and J. H. Martin [17], the standard evaluation metric for speech
recognition systems is the word error rate. The word error rate is based on how much the word
string returned by the recognizer differs from a correct or reference transcription.

S+D+I1
N

Word error rate is can be defined as;: WER =

Where, S is the number of substitutions, D is the number of the deletions, | is the number of the

insertions and N is the number of words in the reference.

Hence, in all the performance evaluation activities in the two categories, WER is used to evaluate

recognition accuracy of each model.

4.3.1 Performance Evaluation: Category — |

This evaluation as indicated above is, the first category of performance evaluation and aims at
investigating the effect of the three model types on the two models and then determining which of
the WDP model trained with three model types scored the best recognition accuracy, and also
which of the WDCVS model trained with three model types scored the best recognition accuracy.
Hence, performance evaluations in Category | are performed by executing the sphinxtrain -s
decode run command on the Linux shell, where the path of the directory containing the created
models and the feature files of the test set are specified.

From the recorded speech data containing 1,218 sentences, around 82% (1,000 sentences) of the
data is used for training, and the remaining 18% (218 sentences, containing 1,251 words) is used
for testing. Hence, the 1,251 words, which are composed of all the 36 words, are used in computing
the WERs of the trained models.

The performance evaluation is started with the WDP model; therefore, three tests are done to get
the WERs of the three model types applied on the WDP model. Table 4.3 below presents their

recognition accuracies.
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Model Type Errors WER (%) Accuracy (%)

continuous 6 0.48 99.52
semi-continuous 6 0.48 99.52
PTM 15 1.20 98.80

Table 4.3 Recognition accuracies of the WDP model trained with the three model types

In like manner, other three tests are conducted to get the recognition performance of the WDCVS

trained with the three model types. Table 4.4 below presents the results of the tests.

Model Type Errors WER (%) Accuracy
continuous 6 0.48 99.52
semi-continuous 6 0.48 99.52
PTM 12 0.96 99.04

Table 4.4 Recognition accuracies of the WDCVS model trained with the three model types

From the test results presented in the two tables above, both the WDP and also WDCVS models
trained with continuous and semi-continuous model types have scored the best recognition
accuracies, which is also equal. Each of these four models have recognized 6 words incorrectly,
and scored an equal recognition accuracy of 99.52%. On the other hand, the two models, WDP
and WDCVS, trained with PTM model types have wrongly recognized 12 and 15 words and scored

a lower recognition accuracy of 98.80% and 99.04% respectively.

As it can be clearly seen that, both of the models have achieved excellent recognition accuracies,
whichever model type is used, and therefore, this shows the suitability of using the WDP and
WDCVS models for small vocabulary ASR systems. It is also evident that, these accuracy figures
are obtained by training the models with the recommended approximate values of number of
senones and number of densities presented in Table 4.2, and therefore, these recognition accuracies
can still be improved if further experiments conducted with different values of these and other

parameters.

61



Screenshots taken during the decoding of the WDCVS model trained with continuous and PTM
and WDP model trained with semi-continuous, are shown below in Figures 4.4, 4.5 and 4.6 below,
respectively. The aligned reference and hypothesis sentences, generated during the decoding phase
of WDP model trained with continuous model type is presented under Appendix 7.

a8

bd@bd-u: ~/Desktop/models/CVsyllable/c/am
bd@bd-u:~/Desktop/models/( Llablefcfam$ sphinxtrain -s decode run
Sphinxtrain path: fusr/local/lib/sphinxtrain

sphinxtrain binaries path: fusr/local/libexec/sphinxtrain

MODULE: DECODE Decoding using models previously trained

Decoding 218 segments starting at @ (part 1 of 1)

0%

Aligning results to find error rate

SENTENCE ERROR: (3/218) WORD ERROR RATE: ©.5% (6/1251)
bd@bd-u:~/Desktop/models; lable/c/ams |}

Figure 4.4 Screenshot of decoding result of the WDCVS trained with continuous

(ol bd@bd-u: ~/Desktop/models/CVsyllable/p/fam
bd@bd-u:~/Desktop/models/ /Llable/p/am$ sphinxtrain -s decode run
Sphinxtrain path: fusrflocal/lib/sphinxtrain
Sphinxtrain binaries path: fusrflocal/libexec/sphinxtrain
MODULE: DECODE Decoding using models previously trained

Decoding 218 segments starting at @ (part 1 of 1)

0%

Aligning results to find error rate

SENTENCE ERROR: 3.7% (8/218B) WORD ERROR RATE: 1.0% (12/1251)
bd@bd-u:~/Desktop/models Llable/p/am$ |}

Figure 4.5 Screenshot of decoding result of the WDCVS trained with PTM model type

Oe bd@bd-ubuntu: ~/Desktop/models/phone/sc/am
bd@bd-ubuntu:~/Desktop/models/phone am$ sphinxtrain -s decode run
Sphinxtrain path: fusr/local/libfsphinxtrain

Sphinxtrain binaries path: Jfusr/local/libexec/sphinxtrain

MODULE: DECODE Decoding using models previously trained

Decoding 218 segments starting at @ (part 1 of 1)

0%

Aligning results to find error rate

SENTENCE ERROR: 1.4% (3/218) WORD ERROR RATE: ©.5% (6/1251)
bd@bd-ubuntu:~/Desktop/models/phone/sc/am$ [}

Figure 4.6 Screenshot of decoding result of the WDP trained with semi-continuous

As discussed above, because all the six experiments yielded very good recognition accuracies and
no significant variations are observed among the recognition accuracies, we decided to conduct
the next category of performance evaluation, which is Category I, on a mobile phone using all the
six models by incorporating each model into the prototype application.
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4.3.2 Performance Evaluation: Category — |1

In this category of performance evaluation, the evaluation is done on an actual physical mobile
phone, after each model is incorporated into the prototype application and after the application is
installed on a mobile phone. Unlike the performance evaluations in Category I, here the
evaluations are conducted not only to determine and select the best of the WDP and the WDCVS
model trained with the three model types, but also aims at determining whether WDP or WDCVS
is the best for implementing a connected word ASR system on mobile phones.

Before the prototype application is installed on a mobile phone, it is tested on a virtual emulator
phone (as shown in Fig. 3.7) to insure its functionality on the computer where some of the speech
corpus is collected, all the training activities are carried out and where the prototype application
itself is developed. And, this is important to handle and deal with if any technical and operational
issues will be encountered. The microphone used in this preliminary test is the same headset used

to record the audio data on computer.

The three grammar files combined in the training and decoding phases above, are separated back
into three: menu, commands and digits, since the prototype application first chooses the type of
utterance need to be recognized i.e. digit or command, and because it uses the grammar files for

this separately.

After installing the prototype application on a mobile phone, all the six acoustic models are tested
turn by turn using the prototype application. Unlike the performance evaluations carried out in the
first category, where the evaluations are conducted by running commands on the trained models,
here, all the utterances that the recognizer recognizes are spoken to the prototype application. And
for this, the same person’s voice, whose speech is used for training the models, is used in this
performance evaluation phase also. Similarly, the environment where the evaluations are carried

out is the same with that of the environment where the speech corpus is collected.

Though, subjective measures include level of intelligibility, general impression, annoyance, user-
friendliness, intuitiveness and the likes, in this research work, subjective evaluation technique is
used to only evaluate the recognition accuracy of the models or the prototype application on mobile
phones [57].
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The prototype Amharic ASR for mobile phones developed, is designed to recognize all the digit
words 0 through 100, 12 command phrases and also 2 command phrases i.e. “0&°% a»@H” and
“nggeg ann”, for switching between the phone dialing and commanding activities, making a total
of 115 utterances (23 single and 92 connected words) that can be recognized by the prototype
application. And these 115 words and phrases are consisted of 207 words formed by all the 36
words used in this study. Thus, in this category of performance evaluation, all the 115 utterances
are used in testing the performance of each of the six models and the 207 words are used to
calculate the WER of each model.

The testing is performed subjectively, by first listing all the 115 words and phrases sequentially
and then by speaking each utterance to the prototype application and registering all correctly
recognized words as correct and all incorrectly recognized words i.e. substituted, deleted or
inserted, as error. And finally, the WER of each model is computed using these numbers. Table
4.5 below presents a summary of the recognition accuracies of the two models trained with the

three model types, together with the words recognized incorrectly.

~ Model [Modeltype  [Errors  |WER (%) | Accuracy (%)
Continuous 6 2.89 97.11
WDP semi-continuous 8 3.86 96.14
PTM 5 242 97.58
Continuous 4 1.93 98.07
WDCVS semi-continuous 5 2.42 97.58
PTM 5 242 97.58

Table 4.5 Recognition accuracies of all the models on mobile phone

As it can be seen from Table 4.5 above, the accuracies obtained in this testing, which is conducted
on mobile phones, have shown minimum decrease in recognition accuracy from that of the
recognition accuracies obtained when testing the models using the test set. However, despite the
accuracy reductions, all the models have still achieved an excellent recognition accuracy. In this
category of tests, the best recognition accuracies for the two models is found to be 97.58% for
WDP trained with PTM and 98.07% for WDCVS trained with continuous model type.
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In general, it can be concluded that, WDCVS model particularly a WDCVS model trained with a
continuous model type is the best to be used in deploying an Amharic connected word, speaker
dependent, small vocabulary speech recognition system that can be used to command and control
mobile phones in an offline mode; though, WDP model is also a possible alternative to be
considered. Screenshots taken during this performance evaluation phase are shown in Fig. 4.7

below.

2:49 AM

AR <l il O 2:50 am

Ne6P LHH wdcvs-sc

NGO LAY TNC NEIPR
SNAT....
APAN "0 ANG/AMG"

Figure 4.7 Screenshots of the Prototype Amharic ASR system for mobile phones, installed on a
physical mobile phone: Huawei G730-U00 mobile phone

In addition, although recognition speed and storage space are not considered in this research work,
both of which place significant constraints on the use of ASR systems on mobile phones, the two
models have showed a very fast recognition speed and also an acceptable file size. For instance,
the file sizes of each of the two best modes are 1.79 MB and 5.66 MB, for WDCVS model trained
with continuous and WDP model trained with PTM, respectively.
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Chapter Five

Conclusion and Recommendation

5.1 Conclusion

The primary objective of this research work is to explore ways of creating and integrating a
connected word, offline, speaker-dependent, small vocabulary Amharic WDP and WDCVS based
ASR system, that can be used to command and control mobile phones using Amharic language.
Previous research works in the area of Amharic speech recognition, have identified different gaps
and explored different methods to narrow and fill the gaps that exist in the area. Besides the
different methods and techniques, different recognition units i.e. phones, triphones [32] , CV
syllables [7], [28], [32], whole words [44], are also used by the researchers as a means to achieve
their objectives. In like manner, in this research work, a new method towards recognition unit, that
is the use of WDP and WDCVS, for acoustic modeling is explored with a primary goal of
investigating way of creating and integrating an improved Amharic connected word ASR system
with mobile phones. For this, a total of 36 words are used in both the models to recognize the
Ambharic digits from 0 to 100 and a limited set of command and control words/phrases spoken in

a connected manner.

To model the acceptable sequence of words in any given context three distinct JSGF grammar files
are created and used, the first for the digit words, the second for the command words and the third
to switch between the two sets of words since it is possible to switch between grammars in CMU

Pocketsphinx at the time of recognition.

In this research work, two categories of performance evaluations are carried out. In the first
category, six tests are conducted to see the effect the three model types, i.e. continuous, semi-
continuous and PTM have on each of the two models, i.e. WDCVS and WDP, and then select the
WDCVS and WDP models with best recognition accuracies and then test their performance on a
mobile phone. These tests the WDP and WDCVS models trained with continuous and semi-
continuous model types have scored the best (which is also equal) recognition of 99.52%. And the
WDP and WDCVS, trained with PTM model types have scored a lower recognition accuracy of
98.80% and 99.04% respectively.
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Because no significant recognition accuracy differences observed among all the six models, all the
models are incorporated with the prototype application and the second category of performance
evaluation is carried out on a mobile phone with the aim of deciding the best of the WDP and
WDCVS models trained with the three model types and then which of the two models have scored

the best accuracy on mobile phones.

In light of this, performance evaluations conducted on mobile phones using the prototype
application have yielded the best recognition accuracy of 98.07% WDCVS trained with continuous
model type and 97.58% WDP trained with PTM. Thus, the WDCVS model trained with continuous
model type is found to be the best for developing an Amharic ASR system on mobile phones,
given the speech corpus used in this study, and the recommended number of senones and densities

used to train the models.

From the challenges in conducting this study, lack of adequate literatures in the area, lack of a
reference speech corpus, and some technical challenges like the one we encountered while the

training and decoding of the WDP model, were the main ones.

In general, this study has demonstrated the integration and also usability of an enhanced connected
word Amharic ASR system that can be used in commanding and controlling mobile phones using
the two models; and therefore, it can be concluded that the primary objective of the research is

fully achieved.

5.2 Recommendation

Research and developments in the area of ASR system for mobile phones for local language
including Amharic language is almost untouched when compared to the ever-growing prevalence
of mobile phones, and therefore demands more focus. Generally, based on the findings of the
study, the following recommendations are formulated as a future research direction in the area of

Amharic ASR systems for mobile phones:

e The development of a speech recognition based application for mobile phones, an area
which has not been covered in this particular study, can be investigated and the findings of

this study can be used, to fully deploy an Amharic ASR system on mobile phones.
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This study investigated the use of speaker dependent ASR system form mobiles, hence,
speaker independent system can be investigated by training the system with a large speech

corpus representing voices of various people.

The development of ready-made corpus or reference database for researchers, is also an
area worth considering. A good corpus contains speech samples from significantly large
number of speakers with different demographic and socio-linguistic groups. Here, since an
ASR system on mobile phones are usually used in different environment and context from

that of PCs, particular emphasis need to be given to have a representative speech corpus.

Even though, there are different pronunciation for some of the words used in this particular
research work i.e. “afé Ac-T” for “Ahé-¢T” and “aAncgeat” for “ane- ageat”, these
pronunciation variations are not taken into account and it would be better to incorporate

this feature as it would have an impact on the recognition accuracy.

To train a model properly, different values of the different parameters, i.e. number of
senones and the number of Gaussian mixtures need to experimented, which also are not
considered in this particular research work. Hence, we recommend future works in this
area to consider investigating the effects of these parameters, and select the ones which
result in the best accuracies for the particular development set used, as the optimal numbers

depend the development set.
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Appendixes

Appendix 1

Appendix 1-A Word-dependent phone dictionary
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z_HMS aa_HMS tt_HMS aa HMS n_HMS a_ HMS

m oo aa 4 ¢ 0f g oo

d B0-4 aa P04 w_B0-4 ee B4 1 B4 ee 20-4

nh A4 a2 AT Tt T4 ee ATE I ATE 2 ATE

h_WECT % KECT C_WECT T_hECT

nh KT o KEG D KRS & & T NTE 2 NG

k Pt ee_ndt £ hdt aa_hdt t©_hdt ee Rdd

m OrHg u O-He z OrHe i O g O-Ho g O-Ho

hh_ heBl-F a k@I oo AT a @S0t w AEET e AEET © AERDT ee hEROET
nh AT 2 AT g ARTD U ARTD m AROD ee AEGD

b N*4 a N*é £ NFE ee N4 r e i N

nh & a AN b AN ee e r Ae a Al

z H7 ee HY g H? a HJ

b _NEE az NEZ% d NEFEEF se NEFEF m NEEE ce NEFF ts NEEF ee NEEF
m THH a THH z THH aa THH z THH ee THH

m CEM4 aa R4 d MEDA aa (PEGA w PE04 aa (P04 1 MR ee PRDE
t_+0PAN aa +MAR m H0PAR aa +OPAR 1 40RAR aa +0PAR s +0RAD ee END +0PAR
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Appendix 1-B, Word-dependent CV syllable dictionary

[ T T I

L G ol L o G Cad i R RI R R ORI ORI ORI ORI ORI R 2

L Ry

oy N s

[ T ¥ IS =

Ly PR3 =2

[ LT ¥ IS =Y

[ T e I

L R

[ R T ¥ 3 IS =

H.®
BhE
Uit
it
bt
ROTft
fEh+
i+
f1ee
HiTiS
RNC
ke
r
L]
RN
Lgod
i
f1n
f1a93F
HMS
ao-f-
¥}
B
hECT
KEé-
ndt
O g
LER I
KD
ik
B4
HI
negog
TYHH
o Em4,
+O0Af

H_HE C_HE

h_ENE Y ENE B NE

U A+ A_UhéE Ak

f_ART hARE F ARE

b hdF & hEF F ReF

h_KIORF GO AGORE h_AGONE T RIOAF
h_heht B hENF h ABRE F ARNF
A_ANE AN F ANE

h_NgoTd 9o AgEYE T AdRYE R AgRYE
H_HM% M_HM% % HMT

A RNC N_AAC C_AAC

b RNe h_khe & kb

U_UF § UF

A_NAA A_NAA A_AAA

h_KCN C_ACN N_KCN

U Uged 4o uged A Uged

h_nan 4 _han A_had

A AN n_An

f_NT9%F 09_ATYTE 3 ATYIF FATYIF
H_HMS M_HMS §_HMS

gu gog 4 Oog

B BO-A O~ BORA 4 BO-A

A RTE T ATE & RTE

h_RECT & RECT (O AECT T_AECT
h_FT& T_KEL b WTé

A Rt £ PR T nGE

O OHp H OHe & OoHob

A RO B RO B REEOT b RO
h_RBID @ AROD G0 AEgD

N ke + e & N

A kfle A _bAE & A

H_HA 3_H3

N_Negez £ Nz 8 NEEg & e
@ S9HH H_SIHH H_T9HH

M mEmA B MEGA (B MEGA 4 MUEMA
4 _+OUAR OB 4ODAR A_+0BAR H_END -+OBAR

74



Appendix 2

Appendix 2, Amharic Alphabets

v v tyY 2or

AN ANl AN

d A
w av- 9 7 go o

h e h A

vumry

wow. v, v
4L ELEE
Ot af o
Annanann
+ & ¢ F & PP
Annnan-Anop
I I R
TEEFEFT
1T*1L 314

v

T L9 2TY
TERERTEINY
h b hA h h b

o o PP C o P
00 % % % 0 °

HHHLHBLMNAR
T T T e Tl U
f PR PR EE
LR A /L R

I N
7% 122171
Mmmm TN m T m

AR A R KRR
06 9 9 % 06 °
b4 bbb e

TFT>»rTT™>
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Appendix 3

Appendix 3, Sample transcription sentences used for training the models

E| am_train transcription E3 E am_test transcription ,_jl

]

I
[T % I

1 1 1 1 1 1 1 1 1
[ Y S Y
SO S T % T T s T N T 5 1 o LN s

1 1
i O O o O T T o O O o O T 3 O Y
1 o LN Wf

T T IR

1 1 1
[ T 4]
L R}

1 1
oo
[T

Ta8a

<s>
<8>
<8
<s>
<2>
<8
<35>
<2>
<8
<3>
<3x
<3>
<3>
<3x
<3>
<8>
<8
<s>
<8>
<8
<s>
<2>
<8
<35>
<2>
<8
<35>
<3x
<8
<3>
<3x
<3>
<3>
<8
<3>
<8>
<8

HMS K1E HMS WA HMS AA% HME At HME ATAR </=> (mO027-1-100)
hEh® ANF ASDTE HMR RAC </8> (mO030-1-100)

Bhd EYE Rhd PA® BNd PR RAd héF BN AIOAF </=> (mO31-1-100)
hhd RER® Rhd ANF Rhc MIDYE Rhs HMS UF </s3> (m032-1-100)

UF &% UF LPA% UF AR% UF ket UF A9RAT </=> (mO033-1-100)

Uf hEN® UL ANF UF N9OTE UP HME AAN </=> (m034-1-100)

AAR AIE AR LFAE AAA PR AAh RAT AAM REDAT </s> (mO35-1-100)
AAR AEZHF AAA ANT AAM ASETE AAM HR ACN </=> (mO36-1-100)

KON K3E KON UMk ACH MDA ACH A4F ACN RODAT </3> (MO3T-1-100)
KON AZHT ACN ANT ACN ATPRT ACN HMA URA </s> (m038-1-100)

UgRd &8 USBA LA UGBA ARG USDA ke U9DH RGRAF </s> (m038-1-100)
ugod AEhd USDA AN USDA A9DOE UG HME N4d </ /s> (mO040-1-100)

hat K32 hah AT pad DA hah A&T DAM REDAT </s> (m041-1-100)

AN RERT AN ANF AN AGESE AN HAE AT9IF </s> (m044-1-100)

AMTE ETE ATIIE AT ATITE ARF ATTE RATF ATITE ATRAT </s> (mO45-1-100)
AENE AERT AMINE ANF ATEIF ASDTE ASEYE HME HMS </ s> (m046-1-100)
HMS K1EZ HMS AT HMS A% HME AeF HME AMAT </=> (m047-1-100)
HMS AZh® HME ANF HME A9R%F HME HME mf </s> (mO048-1-100)

i AT ARF RS RODRAR <=y (m049-1-100)

AZAF ANF ATRTF HME KAC </s8» (mO50-1-100)

hhd YE Rhd PA® Bhd A% kb ke RN ATOA%F </s> (mO51-1-100)
Uf heh® UP ANF UF h9DTH UP HMA AAN </=> (m054-1-100)

AAR BIE AAA URAF QAR PR AAR BAT AAA RODAT </3> (mO55-1-100)
AAh AZHT AAA ANE AAA ASDRE AAA HR ACN </s> (mOS56-1-100)

KON ARE ACN A4 ACN MA% ACN k4T ACN RERAT </s> (mOST-1-100)
KON NENT ACN ANT ACN AFETT ACN HMA USSA </s> (mO58-1-100)

Ugnd &% UGRA LA USDH ARF USDA k% U9DY RO0A%F </ s> (m059-1-100)
Uged hEhd USRA AN USEA A9RRE USRA HW Nad </s> (mO060-1-100)

Nad A3 han Uk pad PR Nah B4t NAA RIDAT </3> (mO61-1-100)
hat AZhT hah ANT A4d ASERE AAd HMR AN </s> (mO062-1-100)

AN ETE AN AT AN ARF AN ke AN AR </s> (mO63-1-100)

AN AERE AN ANF AN ASEOE AN HME ATIIF </8> (mO64-1-100)

AMNE ATE ATYIF PAT ATITE ARF ATITE AT ATITF ATRAT </s> (mO65-1-100)
AMNE AERE AMNE ANF ATYIF ASDYER ATEYE HME HMS </=> (mO&6-1-100)
HMS K1 HMS UAT HMS NA% HME AsF HME AMAR </=2> (mMO6T-1-100)
HMS AZh* HME ANF HME %% HME HNG Mm% </=> (m068-1-100)

EiE OETE MR </sy (m063-1)
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Appendix 4

Appendix 4 — The Phonset used in developing the WDCV'S model

SIL e v _hedt
H_He _0AQ av-_avfi, P
C_he A_(AA H_ovH.$
h_W7%: a_fad $_ovP
7RI h_hCA h_heBo-t
& A C_AcA 8),_heB@-t
U_uk 0_Aca @ ABD-T
A_vtvk U_v9Pa T_hBO-F
t_vtvt g°_ygea h_hkP
oA A_vgea &_hego
a_onck a_naa 9°_heg®
+_onk A_NAA a_ats
h_het A_fAa T_0F¢

b ket a_an 6_te
ket a_aa h_hQe-
h_hPo0rt a_(971¢ 0_hle
go_hooirt @ _AT97e ¢ _hlle
a_hPP0t 7 09779 h_hTé

T+ AP0k £ aT7g T_ATé
a_aent H_HmS 4 A4
& 0Lk m_HmS H_HD
+_O&nrt ¢ _HmS Mo
a_aat av_aof a_negyex
a_aat +_aof. Ll (R dsy
+_aat L Lm °_0L&r%
a_agert @ L & N9
o AT A_LDA @)_o9HH
7P h_hTé H_“9HH
+_agert T_ATé H_“IHH
H_Hm™ 4 h7é av_av LM\
m_Hm™ A_hRCT £_mEDe
5 Has % A%CT D EDA
h_hC C_hCr QPRD
O_ANC T_ARCT i
_ _ av_-+avp\Q
C_ANC h KB A_taean
h_hle T e END_tavAf
A_Adc- AN A

& _hie h_hest

U_vg é._hedr



Appendix 5

Appendix 5, Sample of the code used in the development of the prototype application

public class PocketSphinxActivity extends Activity implements
RecognitionListener {

/* Named searches allow to quickly reconfigure the decoder */
private static final String KWS_SEARCH = "wakeup";

private static final String DIGITS SEARCH = "N&°F MMLMA";
private static final String PHONE SEARCH = "N£9°&% TMHH";
private static final String MENU _SEARCH = "menu'";

int STATES ;

/* Used to handle permission request */
private static final int PERMISSIONS REQUEST RECORD AUDIO = 1;

private SpeechRecognizer recognizer;
private HashMap<String, Integer> captions;

@Override
public void onCreate (Bundle state) {
super.onCreate (state);

// Prepare the data for UI
captions = new HashMap<String, Integer>();
captions.put (MENU SEARCH, R.string.menu_caption);
captions.put (DIGITS_SEARCH, R.string.digits caption);
captions.put (PHONE SEARCH, R.string.phone caption);
setContentView (R.layout.main) ;
((TextView) findViewById(R.id.caption text))
.setText ("APHIE 1M~ . . . ") ;
// Check if user has given permission to record audio
int permissionCheck =
ContextCompat.checkSelfPermission(getApplicationContext (),
Manifest.permission.RECORD AUDIO) ;
if (permissionCheck != PackageManager.PERMISSION GRANTED) {
ActivityCompat.requestPermissions (this, new
String[] {Manifest.permission.RECORD AUDIO}, PERMISSIONS REQUEST RECORD AUDIO) ;
return;
}
runRecognizerSetup () ;
}
private void runRecognizerSetup() {
// Recognizer initialization is a time-consuming and it involves IO,
// so we execute it in async task

new AsyncTask<Void, Void, Exception>() {
@Override
protected Exception doInBackground (Void... params) {
try {

Assets assets = new Assets (PocketSphinxActivity.this);
File assetDir = assets.syncAssets();
setupRecognizer (assetDir) ;
} catch (IOException e) {
return e;

}

return null;



Appendix 6

Appendix 6, Decision tree built during training the WDP with continuous model type

Current configuration:

[NAME] [DEFLT] [VALUE]
-allphones no no

-cntthresh 0.00001  1.000000e-05
-csplitmax 100 2000
-csplitmin 11

-csplitthr 8e-4 0.000000e+00
-example no no

-fullvar no no

-help no no

-meanfn

ont_untied/means
-mixwfn

ont_untied/mixture_weights
-moddeffn

/home/bd/Desktop/m2/am2/c/am/model_parameters/am.cd_c

/home/bd/Desktop/m2/am2/c/am/model_parameters/am.cd_c

/home/bd/Desktop/m2/am2/c/am/model_architecture/am.unti

ed.mdef
-mwfloor le-4 1.000000e-08
-phone a_HmS
-psetfn
/home/bd/Desktop/m2/am2/c/am/model_architecture/am.tree
_questions
-ssplitmax 57
-ssplitmin 11
-ssplitthr 8e-4 0.000000e+00
-state 0
-stwt 1.0,0.05,0.0,
-treefn
/home/bd/Desktop/m2/am2/c/am/trees/am.unpruned/a_Hm¢S-
0.dtree
-ts2cbfn .semi. .cont.
-varfloor 0.00001 1.000000e-05
-varfn

ont_untied/variances

/home/bd/Desktop/m2/am2/c/am/model_parameters/am.cd_c

INFO: main.c(223): Reading: /home/bd/Desktop/m2/am2/c/am/model_architecture/am.untied.mdef

INFO:
INFO:
INFO:
INFO:
INFO:
INFO:
INFO:
INFO:
INFO:

model_def_io.c(573): Model definition info:
model_def_io.c(574): 825 total models defined (183 base, 642 tri)
model_def _io.c(575): 3300 total states

model_def io.c(576): 2475 total tied states

model_def io.c(577): 549 total tied Cl states

model_def io.c(578): 183 total tied transition matrices
model_def_io.c(579): 4 max state/model

model_def _io.c(580): 4 min state/model

main.c(242): Building trees for [a_HmS n_HmS SIL e] through [a_HMS n_HMS z_Hm™ e]
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INFO: main.c(269): Covering states |[918 950]| == 33

INFO: main.c(275): Reading:
/home/bd/Desktop/m2/am2/c/am/model_parameters/am.cd_cont_untied/mixture_weights

INFO: s3mixw_io.c(173): Read
/home/bd/Desktop/m2/am2/c/am/model_parameters/am.cd_cont_untied/mixture_weights [33x1x1 array]
INFO: main.c(311): 11 of 11 models have observation count greater than 0.000010

INFO: main.c(95): nrm stwt: 0.952 0.048 0.000

INFO: s3gau_io.c(169): Read /home/bd/Desktop/m2/am2/c/am/model_parameters/am.cd_cont_untied/means
[2475x1x1 array]

INFO: s3gau_io.c(169): Read /home/bd/Desktop/m2/am2/c/am/model_parameters/am.cd_cont_untied/variances
[2475x1x1 array]

INFO: main.c(549): Reading: /home/bd/Desktop/m2/am2/c/am/model_architecture/am.tree_questions
INFO: main.c(588): 172 total simple questions (164 phone; 8 word bndry)

INFO: main.c(590): 40 Left Only questions, and 40 Right Only questions

INFO: dtree.c(1439): stop. leaf nodes are specific

INFO: dtree.c(1478): Final simple tree

| ( QUESTIONO_18 R 1-3.475e+05 2.319e+03 1.831e+03

| (QUESTION4 1 -7.054e+03 1.456e+02 3.528e+01

| (--6.222e+0350)

| (--6.863e+0210))

| (QUESTIONO_17_R1-3.381e+05 9.820e+02 1.796e+03

| ( QUESTION2 1 -2.662e+03 1.815e+02 1.398e+01

| (--1.444e+03 10)

| (--1.036e+03 1 0))

| ( SILENCE 1 -3.345e+05 2.068e+02 1.782e+03

| (--8.396e+04 1 0)

| (--2.503e+05 2 0))))

s> (QUESTIONO_18 R 1 -3.475e+05 2.319e+03 1.831e+03

s> ( QUESTION4 1 -7.054e+03 1.456e+02 3.528e+01

s> (--6.222e+0350)

s> (--6.863e+02 1 0))

s> ( QUESTIONO_17_R 1 -3.381e+05 9.820e+02 1.796e+03

s> ( QUESTION2 1 -2.662e+03 1.815e+02 1.398e+01

s> (--1.444e+0310)

s> (--1.036e+03 1 0))

s> ( SILENCE 1 -3.345e+05 2.068e+02 1.782e+03

s> (--8.396e+04 1 0)

s> (--2.503e+05 2 0))))INFO: dtree.c(1315): Comp split O

INFO: dtree.c(1439): stop. leaf nodes are specific

INFO: dtree.c(1478): Final simple tree

[ ( SILENCE 1 -3.345e+05 2.068e+02 1.782e+03

| (--8.396e+0410)

| (--2.503e+05 2 0))

s> ( SILENCE 1 -3.345e+05 2.068e+02 1.782e+03

s> (--8.396e+04 1 0)

s> (--2.503e+05 2 0))INFO: dtree.c(1439): stop. leaf nodes are specific
INFO: dtree.c(1478): Final simple tree

|( QUESTION2 1 -9.803e+03 1.484e+02 4.926e+01

| (--1.444e+0310)

| (QUESTION4 1 -8.210e+03 1.230e+02 4.128e+01

| (--6.222e+03 5 0)

| ( QUESTIONO_13_R 1 -1.865e+03 1.428e+02 1.000e+01
| (--1.036e+03 1 0)
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| (--6.863e+02 1 0))))

s> (QUESTION2 1-9.803e+03 1.484e+02 4.926e+01
s> (--1.444e+0310)

s> ( QUESTION4 1 -8.210e+03 1.230e+02 4.128e+01

s> (--6.222e+0350)

s> ( QUESTIONO_13 R 1-1.865e+03 1.428e+02 1.000e+01
s> (--1.036e+03 1 0)

s> (--6.863e+02 1 0))))INFO: dtree.c(1315): Comp split 1

INFO: dtree.c(1315): Comp split 2

INFO: dtree.c(1439): stop. leaf nodes are specific

INFO: dtree.c(1478): Final simple tree

|( QUESTIONO_13_R 1 -7.375e+03 1.170e+02 3.728e+01

| (--1.036e+0310)

| (--6.222e+03 50))

s> (QUESTIONO_13_R1-7.375e+03 1.170e+02 3.728e+01
s> (--1.036e+03 1 0)

s> (--6.222e+03 5 0))INFO: dtree.c(1439): stop. leaf nodes are specific
INFO: dtree.c(1478): Final simple tree

|( QUESTIONO_13_R1-2.278e+03 1.473e+02 1.198e+01

| (--1.444e+0310)

| (--6.863e+0210))

s> (QUESTIONO_13_R1-2.278e+03 1.473e+02 1.198e+01
s> (--1.444e+0310)

s> (--6.863e+02 1 0))INFO: dtree.c(1315): Comp split 3
INFO: dtree.c(1315): Comp split 4

INFO: dtree.c(1315): Comp split 5

INFO: dtree.c(1318): stop. leaf nodes are specific

Wed Sep 27 06:21:48 2017
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Appendix 7

Appendix 7, Aligned reference and hypothesis sentences generated during the decoding the
WDP model trained with continuous model type

oo
L

Lt I I
[

Words: S5 Correct: 5 Errcrs: 0 Percent correct = 100.00% Error = 0.00% RAccuracy =
Inserticns: 0 Deleticons: 0 Substituticns: 0

Ahice KT8 BN At kA ORF AN At khid R9PAT (am test-R3T1-11-100)

whe BTE Bhe UPAF RRd DRt BRe Adt Rhd R9PAFT (am test-R3T1-11-100)

Words: 10 Correct: 10 Errors: 0 Percent correct = 100.00% Error = 0.00% Accuracy
Inserticns: 0 Deletions: 0 Substituticons: 0

khe- WERT RDd ANF khé NFETE RO HME UF {am test-A372-11-100)

she- MWENE AN ANF khé NTDTE RN HME UP {am_test-A372-11-100)

Words: 9 Correct: 9 Errcors: 0 Percent correct = 100.00% Error = 0.00% Accuracy =
Inserticns: 0 Deletions: 0 Substitutions: 0

UF KIE UF kA UP NRF UP ket UF K9DAT  (am test-R3T73-11-100)

UfF RIZ UF Lk UF MR UP ket UF A9PAT  (am_test-A373-11-100)

Words: 10 Correct: 10 Errocrs: 0 Percent correct = 100.00% Error = 0.00% Accuracy
Inserticons: 0 Deletions: 0 Substitutions: 0

UF hEh® UF HNF UF  AI0TE LS HME AAd (am_test-A374-11-100)

Ug hehd® UF ANF UF A9RTE UF HME AAA (am test-A374-11-100)

Words: 9 Correct: 9 Errcrs: 0 Percent correct = 100.00% Errocr = 0.00% RAccuracy =
Inserticns: 0 Deleticons: 0 Substituticns: 0

fAf KAE AR A AAR ARF N4 ket AN RFRAT (am test-R3T75-11-100)

fiAfl KR1E AAA kAt AAR ARF AAN ket AAAN RIPRT (am test-R3T5-11-100)

Words: 10 Correct: 10 Errors: 0 Percent correct = 100.00% Error = 0.00% Accuracy
Inserticns: 0 Deletions: 0 Substituticons: 0

fAd AEhF AAh ANE AAA AFRTE AAA HTR ACN (am test-A376-11-100)

fAh RERF BAR ANF AAR ATRTE AAA HME ACH {am test-A376-11-100)

Words: 9 Correct: 9 Errcors: 0 Percent correct = 100.00% Error = 0.00% Accuracy =
Inserticns: 0 Deletions: 0 Substitutions: 0

ACN KTE RCN Lk KCN AR KCN ket ACN A90ATF {am test-R3T7-11-100)

KON BYE ACA Lk BCN AR RCN ke ACN A9RAF  (am_test-A3T77-11-100)

Words: 10 Correct: 10 Errocrs: 0 Percent correct = 100.00% Error = 0.00% Accuracy
Inserticons: 0 Deletions: 0 Substitutions: 0

KON REDF RCN ANF ACN ATETF RCN HMA UIRA {am_test-A37&-11-100)

KON AEHF RCO ANF KON AFRTF ACN HME U9RA (am teat-A373-11-100)

Words: 9 Correct: 9 Errcrs: 0 Percent correct = 100.00% Errocr = 0.00% RAccuracy =
Inserticns: 0 Deleticons: 0 Substituticns: 0

fan AERF AAY ANF DAn AFRTE RAA HME AN (am_test-A332-11-100)

hah hERF hAd ANF hat hIRTE hAf HME AN (am_test-A382-11-100)

Wnrdsa: 9 Correct: 9 Frrora: 01 Percent correct = 100.00% Frror = 0_.0N% Rormiracy =

100.00%

= 100.00%

100.00%

= 100.00%

100.00%

= 100.00%

100.00%

= 100.00%

100.00%

1N0._NN%

MNormal text file length : 63,677

lines : 876
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