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Abstract

Pronunciation variation is one of the main factors that degrade the performance of Amharic
ASRS. It is caused either by intra-speaker or inter-speaker variability. This paper describes how
the performance of a speaker dependent continuous Amharic speech recognizer is enhanced by
modeling pronunciation variation. It uses three methods to design Amharic pronunciation

dictionaries.

The first method is a grapheme based canonical pronunciation dictionary that contains a single
pronunciation for each word in the lexicon. The second method is a grapheme based multiple
pronunciation dictionary that contains alternate pronunciations for some of the words in the
lexicon. The pronunciation variants in the second method are generated using knowledge based
approach. The third method is a grapheme based multiple pronunciation dictionary where the

pronunciation variants are generated using data-derived approach.

Using the second and third methods has led to a larger improvement in SER compared to the
benchmark first method. The SER rates measured for the first method are 39%, 41%, 42% and
449% for speakerl, speaker2, speaker3 and speaker4 respectively. The SER rates measured for the
second method are 31%, 33%, 35% and 38% for speakerl, speaker2, speaker3 and speaker4
respectively. Compared to the first method, a statistically significant decrement of 8%, 8%, 7%
and 6% SER is measured in the second method for speakerl, speaker2, speaker3 and speaker4
respectively. Using the third method for only one of the four speakers has led to a 6% SER
which is a further decrement of 25% SER compared to the second method. Using the acoustic
evidence transcription of this speaker to the other three speakers has led to 12%, 17% and 19%
SER for speaker2, speaker3 and speaker4 respectively. Compared to the second method, a
statistically significant decrement of 21%, 18% and 19% SER is measured in the third method

for speaker2, speaker3 and speaker4 respectively.

Key words: Automatic Speech Recognition Systems, Pronunciation Dictionary, Pronunciation

Variation, Pronunciation Variation Modeling.
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CHAPTER ONE

INTRODUCTION

1.1 General Background

Speech is the physical production of sound units. These sounds units are produced to represent
letters, words and sentences of a given language. Automatic Speech Recognition (ASR) is the
decoding of information conveyed by a speech signal into a set of characters (words). ASR is a
complex task and as a result, different constraints may need to be imposed during the
development of speech recognition systems. Based on the constraints, ASR systems may be
categorized as speaker dependent or independent, isolated or continuous speech, small, medium
or large vocabulary system, read or spontaneous speech and noisy or noise free speech (Deller

et al., 2000).

Using a lot of speakers during the training phase of the Acoustic Models will result in speaker-
independent systems. They are capable of recognizing speech from any speaker enrolled or not
during the training phase. The opposite is to tailor the system to one speaker using only speech
data from this particular speaker during training resulting in speaker-dependent systems. Such
speech recognition systems recognize speech of a speaker whose speech is used during the
development of the recognizer. While they usually perform better for this speaker, the

performance for other speakers will be worse.

If only single words are to be recognized, i.e. the words in a sentence are spoken with long
pauses in between so that each word can easily be isolated from each other; they are called
isolated word recognition systems. This mode of operation is often used in command and
control systems where devices are controlled by speech and in high quality dictation systems. In
this case, all the words in the dictionary are equally probable to be spoken at any time. Systems
that do not require pauses between the words and that allow complete sentences to be spoken
are called continuous speech recognition (CSR) systems. Here, all words are not equally

probable, but a Language Model is employed to predict the likelihood of word sequences.
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Small vocabulary recognition systems are those which have a vocabulary size of 1 to 99 words
whereas medium and large vocabulary systems have a vocabulary size of 100 — 999 and 1000 or

more words, respectively.

Broadly speaking, there are three approaches to speech recognition namely acoustic phonetic
approach, pattern recognition approach and artificial intelligence approach (Rabiner and Juang,
1993). The Acoustic-Phonetic approach is based on the theory of acoustic phonetics that
postulates that there exists finite, distinctive phonetic units in spoken language and that the
phonetic units are broadly categorized by a set of properties that are manifested in the speech
signal, or its spectrum, over time. The Pattern-Recognition approach is basically the one in
which the speech patterns are used directly without explicit features. It consists of two steps-
namely, training of speech patterns and pattern recognition via pattern comparison. Artificial
Intelligence approach is a hybrid of acoustic phonetic approach and pattern recognition

approach in that it exploits ideas and concepts from both methods.

The typical ASR system mainly consists of the acoustic model, pronunciation model, language
model and decoder components. The acoustic model provides the probability that when the
speaker utters a word sequence, the acoustic processor produces the representation of the word
sequence. The pronunciation model specifies the words that may be output by the speech
recognizer. The language model provides an estimate of the probability of a word sequence W
for a given recognition task. The decoder takes the acoustic model, the pronunciation model and

the language model and output the most likely sequence of words.
1.2 Statement of the Problem

Ambaric, which belongs to the Semitic language family, is the official language of Ethiopia. In
this family, Amharic stands second in its number of speakers after Arabic (Ethnologue, 2004).
Amharic has five dialectical variations (Addis Ababa, Gojjam, Gonder, Wollo, and Menz)
spoken in different regions of the country (Bender et al., 1976). For various reasons, words in
Ambaric are pronounced differently and varied from one speaker to another and from one
situation to another. This is termed as pronunciation variation and is one of the major factors

that degrade the performance of Amharic ASR systems.
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The objective of ASR is to derive the correct string of spoken words from an acoustic signal.
However, pronunciation variation makes it more difficult to achieve this objective, as the
variation can result in recognition errors. The goal of pronunciation modeling is to minimize the
recognition errors due to pronunciation variation and thus improve the performance of the ASR
system. The recognition errors can be a direct result of variants that are pronounced but not

included in the lexicon.

A canonical pronunciation dictionary contains a single pronunciation for each word. However,
some Amharic words have more than one pronunciation. Table 1.1 shows some examples of

Amharic words that have multiple pronunciations.

Table 1.1: Sample Amharic words that have more than one pronunciation

Word Pronunciation 1 Pronunciation 2
Yours father ? Al1V/yeabath/ £0-1V/yabath/
Aloes W /ixriet/ o [riet/

Merciful $-V$-v/ruhruh/ Cv<-V/rhrub/
After growing | haL/keadege/ he1/kadege/
Refuse A9°./ixmbii/ A9°N,&/ixmbiiy/
Country n'1C/ager/ U1C/hager/

Idea UA-/asab/ ad-/asab/

Forever HAAY®/zelalem/ HAANY®/zelealem/
Vow Nont/sixixlet/ NA-/sixlet/
Minister 99 301C/miinsixtixr/ | @2.%.071C/miiniistixr/
Salary £.9°1/demoz/ L.oo@’ll/demewez/

These pronunciation variations can be the result of either intra-speaker variability or inter-
speaker variability. Intra-speaker variability is the variation in pronunciation for one and the
same speaker where as inter-speaker variability is the variation among different speakers. Inter-
speaker variability can be due to factors such as vocal tract differences, age, gender, regional

accent, voice quality etc. (Biemans, 2000).

There are also cases where contaminations of phone models caused by a mismatch between the
acoustic signal and the corresponding transcription during training due to phone insertion,
phone deletion or phone substitution degrade the performance of Amharic ASR. Some Amharic
words as shown in Table 1.2 may have a different transcription acquired from acoustic evidence

in contrary to language grapheme transcription. While acoustic evidence transcription is
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acquired from acoustic data, language grapheme transcription is acquired from transliteration

Table 1.2: Sample Amharic word transcriptions from transliteration scheme and

acoustic evidence

Ambharic Language grapheme | Acoustic evidence
Word transcription transcription
9V T(education) /tmhrt/ /tixmhixrt/
“1é\(private) /gl/ /gixl/
7°C97°C(research) /mrmr/ /mixrmixr/

0 J+4%.0-9°(stadium) /stadiiyom/ /sixtadiiyom/
1 (Ethiopian currency) /brr/ /bixrr/

°NC (advice) /mkr/ /mixkr/
070 (patience) /tixgst/ /tixgsixt/
“INZ(clear) /glxx/ /gixIxx/
A (vice) /mktl/ /mixktixl/

These epitomize how pronunciation variation causes problems for ASR and consequently why it
should be modeled. Although there are many factors that affect the performance of ASR system,
the existence of pronunciation variation is one of the main factors that degrade the performance
of Amharic Speech recognition systems. Pronunciation variation is not modeled for Amharic
ASR systems so far and the performance of Amharic Speech Recognition System has not
reached its maximum possible performance when compared to technologically favored
languages. Hence, this research focuses on pronunciation variation modeling to enhance the

performance of Amharic Speech Recognition Systems.
1.3 Motivation

One of the major difficulties in speech recognition systems is the variability in speech data, due,
among other reasons to alternate pronunciation of words, even within the same speaker
(Wooters and Stolke, 1996). The lexicon is usually composed of a set of words and a single
pronunciation for each of them. This pronunciation is considered to be the standard or correct
one, but it usually doesn“t have to do very much with the actual pronunciation of the word in a

real environment (Westendorf and Jelitto, 1996).

Words are pronounced differently by different people, a phenomenon called pronunciation

variation. Pronunciation variation has been studied in the speech recognition field and reports
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show that pronunciation variation can cause the performance of automatic speech recognition
systems deteriorate if it is not well accounted for. This is due to the fact that variants of a
pronunciation are not included in the lexicon. This failure to capture an important source of
variability is potentially a significant cause for the relatively poor performance of Amharic

ASR.

Studies by McAllaster et al. (1998) and Saraclar et al. (2000) have shown that large
improvements are feasible, if there is match between the acoustic models used during
recognition and the transcription in the lexicon. In other words, these experiments show that

substantial improvements are possible through pronunciation variation modeling.

No research has been done to the best of our knowledge to enhance the performance of Amharic
ASR through pronunciation variation modeling. Hence, this research work focuses on solving
the pronunciation variation problem by adding multiple pronunciations to words that have more
than one pronunciation in the corpus and acquiring the actual pronunciation for each word in the

lexicon from acoustic evidence in order to fit the acoustic data better.

1.4 Objectives

The general and specific objectives of this research are described below.

1.4.1 General Objectives

The general objective of this research work is to enhance the performance of Amharic ASR

system.

1.4.2 Specific Objectives

The specific objectives of this research work are:
e Selecting appropriate speech recognition model.
e Designing enhanced Amharic ASR system.
e Incorporating multiple pronunciations into Amharic lexicon.
e Incorporating acoustic and linguistic evidence into the multiple pronunciation Amharic
lexicon.
e Integrating the pronunciation dictionary with the ASR.

e Training the ASR model using Amharic parallel corpus.
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e Testing and analyzing the performance of enhanced ASR model.

1.5 Scope of the Study

The scope of this study is limited to modeling the pronunciation variation of Ambharic to
minimize the recognition errors due to pronunciation variation and thus enhance the
performance of large vocabulary, continuous, speaker dependent Amharic speech recognition

system.

1.6 Methodology

In order to achieve the objectives of the study, the following methods are employed.
1.6.1 Literature Review

Extensive literature review is conducted to get a deeper understanding of pronunciation
variation modeling to improve the performance ASR systems for other languages and review

works done on Amharic ASR.
1.6.2 Data Collection

A speech corpus is one of the fundamental requirements for any speech recognition research.
The speech corpus is collection of speech recordings which is accessible in computer readable

form, and which has an annotation and documentation sufficient to allow re-use of data.

The speech corpus is designed according to best-practice guidelines established for other
languages. Standard speech corpora consist of a training set and evaluation test sets. The
training set is intended to collect speech data for training the recognizer and the evaluation test

set is for the purpose of final evaluation of the recognizer.

The selection of sentences aims at both a phonetically rich and balanced collection of sentences.
To accomplish phonetic richness, we select 800 training and 100 evaluation test sentences. The
training sentences consist of 3309 distinct Amharic words of which 190 of them have
pronunciation variants. They are selected from 8 different Amharic sources (political news,
economy news, sport news, health news, fiction, Bible, penal code and 100 Federal Negarit

Gazzeta) which contribute to the inclusion of all Amharic phones. The text corupus is shown in
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Appendix K. Phonetic balance of the corpus is achieved by selecting those sentences which

contribute to the preservation of the distribution of phones in the Amharic language.

Having obtained the text, some problems that are encountered are solved. These include
abbreviations are expanded and numbers are textually transcribed. To avoid elongated sentences
that create difficulty for the readers, sentences with a maximum of twenty words in length are

chosen from the available sources.

Having the text corpus, a sample of 800 training sentences are selected for recording. Hence, a
parallel Ambharic speech corpus is prepared. The corpus is recorded by four speakers (two male
and two female). The evaluation test sets consist of 100 distinct sentences. The training and
evaluation test sets are recorded by speakers in the age range of 22 to 30.Though the scope of
the research is limited to speaker dependent ASR, the recording of the four speakers is used to

perform various analysis as per the design of the pronunciation variation stated in section 1.6.4

The prepared sets of training and evaluation test sentences are recorded using Audacity software
with the sample frequency of 48 kHz, sample size of 16 bits and Mono channel. The training
and evaluation sentences are saved in the Resource Interchange File Format (RIFF). Both the
training and test data are carried in a quite resident environment using microphone. Since the

training and test data are recorded in the same environment, the effect of noise is not significant.
1.6.3 Modeling

HMM-based systems are currently the most commonly used and most successful approach for
ASR. The research uses phoneme based HMM model with three emitting states and without

skip arcs as it is the state of art number of states and topology for phoneme based ASR systems.
1.6.4 Design of Pronunciation Variation Methodology

The research has designed three pronunciation dictionaries for the Amharic ASR. They are

described as follows:

The first pronunciation dictionary has a single pronunciation for each word in the corpus
collected for training and testing purpose where the pronunciation of each word is blindly

defined as the transliteration of the language grapheme. It has distinct 3009 Amharic words. For
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example, the Amharic words “T9*VC-1" and “-?4” are pronounced as “t m hr t” and “t e m

arii” respectively. We call this as grapheme based method with single pronunciation.

The second pronunciation dictionary has multiple pronunciations for words that have more than
one pronunciation in the first pronunciation dictionary. The multiple pronunciations in the
second pronunciation dictionary are collected from Ambharic linguistic literature and
dictionaries. It has distinct 3499 Amharic words .For example, the Amharic words “T0“201”
(patience) and “L9°H” (salary) can also be pronounced as “T01” and “Lov@N”
respectively. Hence, the Amharic words “-F0°201-1’and “£9°H” will have two pronunciations.
Each pronunciation is represented as the transliteration of the grapheme sequence of the
alternate pronunciation word. We call this as grapheme based multiple pronunciation method

without acoustic evidence.

The third pronunciation dictionary has multiple pronunciations for some of the words in the
lexicon where the pronunciation of each word is manually transcribed from acoustic evidence in
addition to the alternate pronunciations obtained above. Acoustic evidence is collected from the
speech corpus for one of the speaker and it is used for the other speakers to see the effect of the
acoustic evidence transcription of one speaker on the other. We call this as grapheme based

multiple pronunciation method with acoustic evidence.

The three pronunciation dictionaries are tested by building ASR model for each of the four

speakers independently.

1.6.5 Tools and Techniques

The research uses the Hidden Markov Model Toolkit (HTK) that is a portable toolkit for
building and manipulating HMM. HTK is primarily used for research in speech recognition. It
consists of a set of library modules and tools available in C source code. The tools provide
sophisticated facilities for speech analysis, HMM training, testing and results analysis. The
HTK tools are prepared for all the processing steps involved in speech recognition system. The
main phases or steps are: data preparation, training, recognition and performance analysis. In
data preparation, all of the speech data needed both for training and testing are recorded. The

training phase defines the topology required for each HMM. The recognition phase outputs a
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transcription file against which the recognizers performance is analyzed. The performance
analysis phase enables to evaluate the performance of the ASR system. The research uses
Audacity software for recording and editing sounds, Cygwin software for executing HTK
commands on Windows operating system and praat software for transliterating words manually

from acoustic evidence.
1.6.6 Evaluation and Analysis

The research evaluates the performance of the developed ASR system using the Sentence Error
Rate (SER) and Word Error Rate (WER) criterion. The SER tells us the rate of wrongly
recognized sentences. The WER metric is the ratio of the number of word recognition errors to

the number of words in the reference.
1.7 Application of the Results

Speech recognition systems are applied in different application domains. Some of the most
common application areas of speech recognition systems include dictation systems, command
and control systems, telephony systems, as an assistive technology for disabled people like the
handicapped that cannot use keyboard or any pointing devices, audio based information
retrieval systems etc. Dictation system includes medical transcriptions, legal and business
dictation, and general word processing. Command and control systems use speech input to
perform functions and actions. Telephony systems allow callers to speak commands instead of

pressing buttons to dial a number.

In general, apart from being a natural way of interfacing with machines (like PCs, Telephones,
Television etc), ASR renders the following advantages: it helps to speed up inputting
information (much faster than using the ubiquitous, keyboard even for the fastest possible
typists); it avoids pains related to typing (like repetitive stress injury); using ones voice, the

hands and the eyes are free and movement is unconstrained.
1.8 Organization of the Thesis

The rest of the thesis is organized as follows. Chapter 2 discusses about the major components
of ASRs, errors made by speech recognizers, the Amharic language, types of ASR, HMMS,
approaches to the development ASR, types of HMMs, pronunciation variation, pronunciation

variation modeling for ASR and issues in pronunciation variation modeling. Chapter 3 discusses
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about related works done on pronunciation variation modeling to improve the performance of
speech recognition systems for other languages and review works done so far on Amharic
ASRs. Chapter 4 discusses about the design and implementation of the research. It describes
about the description of the system design, major components, data preparation, training,
recognition and analysis. Chapter 5 discusses about the experimental result and analysis.
Chapter 6 concludes the thesis by outlining achievements, drawbacks and possible future works

to improve the work carried out by this research.
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CHAPTER TWO

LITERATURE REVIEW

The statistical approach for speech recognition (Huang et al., 1993) has virtually dominated
Automatic Speech Recognition (ASR) research over the last few decades, leading to a number
of successes (Rabiner and Juang, 1993). The problem of speech recognition is defined as the
conversion of spoken utterances into textual sentences by a machine. An utterance that is given
as input to an Automatic Speech Recognition (ASR) system is digitized and processed using
signal processing algorithms to extract representational vectors X = Xj, X,...X;. The problem of

speech recognition can be formally stated as (Young et al., 2006):

with W being the set of possible word sequences. Thus, the problem is to maximize the

conditional probability over all possible word sequences W given the acoustics X.

Because of the extremely large number of possible word sequences in natural language and the
enormous range of variation in the acoustic signals that is produced when different speakers
pronounce the “same” sequence of words, P(W|X) cannot be computed directly. In order to deal

with this problem, Bayes* mle is used to break up this probability into components:

As the prior probability P(X) in the denominator of equation 2.2 is constant over all W,

equation. 2.2 may be simplified to:
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Thus, the ASR system must model two probability distributions: P(X|W) which is the posterior
probability of the acoustics given a string of words, and is modeled by the acoustic models; and

P(W), the prior probability of a string of words, which is modeled by the language model.

Since hypothesis W is a sequence of words W = w, ws...wn,

The statistical approach is itself dominated by the powerful statistical technique called Hidden
Markov Model (HMM). Words in utterances are represented by sub-word units called phones.
If w; is a word model, then P; = py,p,...pn 1s corresponding sequence of phonemes. Each
phoneme may further be realized as a sequence of states, Q = qi, qz...qs. Thus models of

utterances are deconstructed into a phoneme state sequence Q;.

An HMM consists of N hidden states, M distinct types of observations, state transition

probability matrix A, probability distribution of the observations B and the initial state

distribution 7t parameters. Together, these parameters are denoted by A = (A, B, 7).

The operation of an HMM is characterized by the hidden state sequence Q= {q1,q2,......... ,qn}
and the observation sequence O= {0;,0,,......... ,On}
N-1
P{Q A ::' = Mg - H Ogpgner = Ty " Qgygs " Qgags -+ - " Qgn_q.qx
n=1
The probability of a state sequence Q= {qi,q2,......... ,qn} coming from an HMM parameters A

corresponds to the product of the transition probabilities from one state to the following.

To decode the best state sequence, a Viterbi approximation is often employed. The Viterbi
algorithm tries to find the state sequence which has the highest posterior probability on the

observations.
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2.1 Components of ASR

Although there are different kinds of speech recognition systems, most have similar major
components (Rabiner and Juang, 1993). Figure 2.1 shows the general architecture of ASR

system. It is described as follows:

Figure 2.1: The general architecture of ASR systems (Rabiner and Juang, 1993)

Feature Extraction: It converts the speech signal into a sequence of acoustic feature vectors.
The goal is to extract a number of features from the signal that have a maximum of information
relevant for classification. That means features that are robust to acoustic variation but sensitive
to linguistic content are extracted. Put in other words, features that are discriminant and allow
distinguishing between different linguistic units (e.g., phones) are required. On the other hand,
the features should also be robust against noise and factors that are irrelevant for the recognition
process. The number of features extracted from the waveform signal is commonly much lower

than the number of signal samples, thus reducing the amount of data.

Acoustic model: The acoustic models are statistical models which capture the correspondence
between a short sequence of acoustic vectors and an elementary unit of speech. The elementary
units of speech that are most often used in ASR are phones. Phones are the minimal units of
speech that are part of the sound system of a language, which serve to distinguish one word

from another.

The predominant approach to acoustic modeling in speech recognition is to use Hidden Markov

Models (HMMs). An alternative to the standard HMM approach is a hybrid approach in which
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Artificial Neural Networks (ANN) and HMMs are employed. In order to recognize speech, the
acoustic models must first be trained. During training, the parameters for the models are
estimated from recorded speech material which has been orthographically transcribed (i.e., at
word level). Additionally, a phonetic transcription of the words is needed. Transforming a word
sequence to a phone sequence is accomplished by looking up the phonetic transcription for a

word in the lexicon (Rabiner and Juang, 1993).

An HMM is a stochastic automaton, consisting of a collection of states connected by transitions.
Two sets of probabilities are associated with each state: a transition probability, which gives the
probability of taking the transition from one state to another, and an output or emission
probability density function, which specifies the probability of emitting each output symbol at

each state. An HMM is trained for each recognition unit (e.g. phones) defined in the system.

Pronunciation Model: It consists of the orthography of words that occur in the training
material and their corresponding phonetic transcriptions. It specifies the finite set of words that
may be output by the speech recognizer. The transcriptions can be obtained either manually or

through grapheme-to-phoneme conversion.

A pronunciation dictionary can be classified as a canonical or alternative on the basis of the
pronunciations it includes. For each word, a canonical pronunciation dictionary includes only
the most probable pronunciation that is assumed to be pronounced in read speech. It does not
consider pronunciation variations such as speaker variability, dialect, or co-articulation in
conversational speech. On the other hand, an alternative pronunciation dictionary is a
pronunciation dictionary that includes all the alternate pronunciations that are assumed to be

pronounced in speech (Fukada et al., 1999).

Language Model: The language model contains rudimentary syntactic information. Its aim is to
predict the likelihood of specific words occurring one after another in a given language. Typical
recognizers use n-gram language models. An n-gram contains the prior probability of the
occurrence of a word (unigram), or of a sequence of words (bigram, trigram etc.):

unigram probability P(w;)
bigram probability P(w;|wi-)
ngram probability P(wy|Wy-1,Wn-2, ...,W)).
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Decoder: The decoder is the speech engine that takes the acoustic model, the pronunciation
model, the language model, and observation sequence and outputs the most likely sequence of

words.
2.2 Errors Made by Speech Recognizers

Though ASR research has come a long way, today*s systems are far from being perfect. Speech
recognizers are brittle and make errors due to various causes. L. L. Chase (1997) attempts a
detailed characterization of errors made by speech recognizers. Accordingly, most errors made

by ASRs fall into one of the following categories:

1. Out of Vocabulary errors: Current state of the art speech recognizers are closed
vocabularies. So, they are incapable of recognizing words outside the system®s
vocabulary. Besides misrecognition, the presence of an Out of Vocabulary in an input
utterance causes errors to its neighboring words.

2. Homophone Substitution: These errors are caused if more than one lexical entry has the
same pronunciation (phone sequence). While decoding, they may be confused with one
another causing errors. In general, the language model disambiguates in the event of
such confusion.

3. Language model bias: Because of an undue bias (effected by high language weight)
towards the language model, the decoder may be forced to reject the true hypothesis in
favor of a spurious candidate. These errors may occur along with analogous acoustic
model bias.

4. Multiple acoustic problems: This is a broad category of errors comprising those due to
bad pronunciation entries; disfluency, mispronunciation by the speaker himself/herself

or confused acoustic models (possibly due to noise etc.)
2.3 The Amharic Language

Ambaric, the official language of Ethiopia, is a Semitic language that has the greatest number of
speakers after Arabic. It is believed that Amharic has 17.4 million speakers as a mother tongue

language and 5.1 million speakers as a second language (Ethnologue, 2004).
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2.3.1 Consonants

A set of 38 phones, seven vowels and 31 consonants, makes up the complete inventory of
sounds for the Amharic language (Baye, 2010). Consonants are generally classified as stops,
fricatives, nasals, liquids and semi-vowels. Table 2.1 shows the phonetic representation of

Ambharic consonants as to their manner of articulation, voicing and place of articulation.

Some of the Amharic consonants have similar phonetic transcriptions like English. These
include 1[b], & [d], & [f], 2 [g], v [h], A [k], & [1], 9 [m], 7 [n], T [p], C [r], & [s],* [t], -0
@<[w], &[y] and H [z]. They correspond to English consonants b,d,f,g,h,k,I,m,n,p,r,s,t,v,w,y,and

Z.

There are also sounds that have similar sound as English sounds, but are represented using
different symbols. These include F[ch], ¥ [nx], T [sx] and ‘[zx]. Sounds that are the
characteristics of Amharic but not found in English are & [px],7[tx],6 [xx],“®{cx] and ¢ [q]
(Solomon, 2006).

In Ambharic, all consonants except v /h/ and ¢ /ax/ may occur in either a geminated or a non-
geminated form. The gemination of Ambharic is not shown in the orthography. Gemination is the

lengthening in time of the consonants.
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Table 2.1: Categories of Amharic Consonants

Labio-
Labials | Alveolar | Palatals | Velars Velar Glottals
Stops Voiceless |p [T |t + k h kwa N | ax 0
Voiced b |0 |d kY g 9 gwa 3
Glottalized | px | & [tx [T q P qwa &
Fricatives Voiceless |f [& |5 a [sx |4 h v
Voiced z " | zx |7
Glottalized XX | & hwa |5
Affricatives | Voiceless c |+
Voiced j 3
Glottalized cxX | ®
Nasals Voiced m|[% |n 7 [nx |
Liquids Voiced 1
Voiced r C
Glides w | @ y [
2.3.2 Vowels

The seven vowels, along with their representation in Ge*ez characters, are shown in terms of
their place of articulation in Table 2.2. In addition to the five vowels common among many
languages, Amharic has two central vowels, /e/ and /ix/, the latter with a mainly epenthetic

function. The epenthetic vowel /ix/ plays a key role in syllabification.

Table 2.2: Categories of Amharic Vowels

Front Central | Back

High |a.[ii] |&[ix] | & [u]

Mid | & [ie] | Ale] |&[o]

Low A [a]

The vowel /A/ is pronounced like /e/ in ,,vowel*: the word £ch¥€ [deheye] ,,become poorer” can
be transcribed as & AV AL A. The vowel A= /u/ is pronounced approximately like the English
/o/ in ,,to": For example, @o-f[muya] ,,profession”. The vowel [ii] is pronounced like the /ee/ in

English ,,feet”. For example, A.-F¢-%.¢ [iityopxya] ,,Ethiopia®. The vowel 4 [a] is pronounced
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like the /a/ in English ,man. For example, AC [sar] ,,Grass”. The vowel #/ie/ has a
pronunciation approximately like that the vowel /a/ in the English ,gemination®. For example,
(- [siet]“Female”. The vowel & [ix] is pronounced like the /e/ in English ,,code”. For example,
“(1[bixb] ,,goal. The vowel A [0] is pronounced like the /o/ in English ,,or. For example, &
[doro] ,,".

2.3.3 Amharic Writing System

Ambaric uses the Ge“ez (or Ethiopic) writing system which is originated with the ancient Ge*“ez
language. In the writing system, even if the symbols are consonant-based, they also contain an
obligatory vowel marking. Most of the symbols represent consonant vowel combinations. Each
Ambharic consonant is associated with seven characters (referred to as “orders”) for the seven
vowels of the language. It is the sixth-order character that is the special symbol, representing the
plain consonant. The basic pattern for each consonant is shown in Fig. 4.1, where C is

consonant and [ ] shows vowels.

Table 2.3: Ambharic syllabic structure with example for consonant

1st 2nd 3rd 4th 5th 6th 7th
order order order order order order order
ml[e] m[ul m[ii] ml[a] mlie] m m[o]
ao gv-. ' 7 a 9g° q°

Gemination and Epenthetic vowel insertion are the two main ambiguities in Ambharic
orthography. Gemination in Ambharic is one of the most distinctive characteristics of the rhythm
of the speech, and also carries a very heavy semantic and syntactic functional weight. If we take
Ambharic word ,/19°“, it may have two meanings. The first meaning is [gena] ,,still/yet™ and the

second meaning is [genna] ,CChristmas®.

Epenthesis is the process of inserting a vowel to break up consonant clusters. Epenthesis, unlike
gemination, is not contrastive. Although it carries no meaning, the Amharic epenthetic vowel
/ix/ (in Ambharic ,QAC1 11 Baye, 2010) plays a key role for proper pronunciation of speech

and in syllabification.
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2.4 Types of ASR

Speech recognition systems can be classified on the basis of the constraints under which they
are developed and which they consequently impose on their users. These constraints include:
speaker dependence, type of utterance, size of the vocabulary, linguistic constraints, type of

speech and environment of use. We will describe each constraint as follows:

Speaker Dependence: Speaker dependent speech recognition system requires the user to be
involved in its development whereas speaker independent systems do not. Speaker independent
systems can be used by anybody. Speaker dependent systems usually perform much better than
speaker independent systems. This is due to the fact that the acoustic variations among different
speakers are very difficult to describe and model. There are approaches to make a system
speaker independent. The first one is the use of multiple representations for each reference to

capture the speaker variation and the second one is the speaker adaptation approach.

Speaker adaptation is the modification of speaker independent model parameters using a small
number of adaptation sentences from the new speaker so that the parameters are adjusted to the
new speaker. Speaker adaptation techniques examine the speech from the new speaker and
determine the difference between his/her way of speaking and the ,,average™ way of speaking
which is reflected by the speaker independent models. Once these differences are known, either
the speaker-independent models or the incoming features are modified so that they better match

the new speakers acoustics.

Type of Utterance: A speech recognizer may recognize every word independently. It may
require its user to speak each word in a sentence separating them by artificial pause or it may
allow the user to speak in a natural way. The first type of system is categorized as an isolated
word recognition system. It is the simplest form of a recognition strategy. It can be developed
using word-based acoustic models without any language model. If, however, the vocabulary
increases sentences composed of isolated words to be recognized, the use of sub-word acoustic
models and language models become important. The second one is the continuous speech
recognition systems. It allows the users to utter the message in a relatively or completely

unconstrained manner. Such recognizers must be capable of performing well in the presence of
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all the co-articulatory effects. Developing continuous speech recognition systems is, therefore,
the most difficult task. This is due to the following properties of continuous speech:
1. word boudaries are unclear in continous speech; and

2. co-articulatiry effects are much stronger in continious speech

Vocabulary Size: The number of words in the vocabulary is a constraint that makes a speech
recognition system small, medium or large. As a rule of thumb, small vocabulary systems are
those which have a vocabulary size in the range of 1-99 words; medium, 100-999 words; and

large, 1000 words or more (Deller et al.,1993).

Large vocabulary speech recognition systems perform much worse compared to small
vocabulary systems due to different factors such as word confusion that increases with the
number of words in the vocabulary. For small vocabulary recognizers, each word can be
modeled. However, it is not possible to train acoustic models for thousands of words separately
because we cannot have enough training speech and storage for parameters of the speech that is
needed. The development of large vocabulary recognizers, therefore, requires the use of sub-
word units. On the other hand, the use of sub-word units results in performance degradation
since they cannot capture co-articulatory effects as words do. The search process in large
vocabulary recognizers also uses pruning instead of performing a complete search. Pruning,

however, increases recognition errors.

Linguistic Constraints: Most, if not all, of the present speech recognition systems are unable to
reliably determine the identity of a speech unit (a phone or a word) based on the speech signal
alone. To improve reliability, linguistic constraints are put on a recognizer by using a language
model and a pronunciation dictionary. They capture syntactical and lexical constraints,

respectively.

The pronunciation dictionary determines how the smallest units of recognition form words. For
example, it contains the sequence of recognition units for every word of the vocabulary. Small
vocabulary speech recognition systems generally do not rely heavily on language models to
accomplish their tasks. A large vocabulary speech recognition system, however, is dependent on

linguistic knowledge included in the input speech.
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Type of Speech: A speech recognizer can be developed to recognize only read speech or to
allow the user speak spontaneously. The latter is more difficult to build than the former due to
the fact that spontaneous speech is characterized by false starts, incomplete sentences, unlimited

vocabulary and reduced pronunciation quality.

The primary difference in recognition error rates between read and spontaneous speech are due
to disfluencies in spontaneous speech (Junqua and Haton, 1996). Disfluencies in spontaneous
speech can be characterized by long pauses and mispronunciations. Spontaneous is, therefore,

both acoustically and grammatically difficult to recognize.

Environment: Speech recognizers may require the speech to be clean from environmental
noises, acoustic distortions, microphones and transmission channel distortions or they may

ideally handle any of these problems.

While current speech recognizers give acceptable performance in carefully controlled
environments, their performance degrades rapidly when they are applied in noisy environments.
This noise can take the form of speech from other speakers; equipment sounds, air conditioners
or others. The noise might also be created by the speaker himself in a form of lip smacks,

coughs or sneezes.

2.5 Approaches to the development of Speech Recognition

Broadly speaking, there are three approaches to speech recognition namely acoustic-phonetic
approach, pattern recognition approach and artificial intelligence approach (Rabiner and Juang,

1993).
2.5.1 Acoustic-Phonetic Approach

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

variability are straightforward and can readily be learned and applied in practical situations.
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The Acoustic-Phonetic approach assumes that the phonetic units are broadly characterized by as
set of features such as voiced/unvoiced and pitch. These features are extracted from speech

signal and are used to segment and label the speech.
The process of recognition in this approach involves three steps (Rabiner and Juang, 1993):

The first step is a spectral analysis of the speech combined with a feature detection that
converts the spectral measurements to a set of features that describe the broad acoustic

properties of the different phonetic units.

The next phase is segmentation and labeling phase in which the speech signal is
segmented into stable acoustic regions, followed by attaching one or more phonetic labels

to each segmented region, resulting in a phone lattice characterization of the speech.

The last step attempts to identify a valid word (or string of words) from the sequence of

phonetic labels produced by segmentation and labeling.

The Acoustic-Phonetic approach has not been widely used in most of the ASR systems. Rabiner
and Juang (1993) mentioned four major problems that account for the lack of success of this

approach in speech recognition systems. These are:

1. Itrequires extensive knowledge of acoustic properties of phonetic units.
The choice of features is mostly based on adhoc considerations.

The design of sound classifiers is also not optimal.

el

No well defined, automatic procedure exists for tuning the method on real, labeled

speech.
2.5.2 Artificial Intelligence Approach

It is a hybrid of acoustic phonetic approach and pattern recognition approach in that it exploits
ideas and concepts from both methods. The Al approaches tries to mechanize the recognition
procedure according to the way a person applies his/her intelligence in visualizing, analyzing,
and finally making a decision on the measured acoustic features. The basic idea of Al approach
is to compile and incorporate information drawn from a variety of knowledge sources into the
system. Thus, for example the Al approach to segmentation and labeling would be to augment

the generally used acoustic knowledge with the other high level information sources, like
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phonemic, lexical, syntactic, semantic and even pragmatic knowledge. That is, the Artificial
Intelligence approach incorporates knowledge about the world and the background of the

speech into the ASR system.

According to Rabiner and Juang (1993), among the techniques used within this class of methods

are:

1. The use of an expert system for segmentation and labeling such that this crucial and
most difficult step can be performed taking more and other knowledge into account

rather than just the acoustic information used by pure Acoustic-Phonetic methods;
2. Learning and adapting over a period of time;

3. The use of neural networks for learning the relationship between phonetic events and all

known input, as well as to discriminate between similar sound classes.
2.5.3 Pattern-Recognition Approach

The most known and well performing method for speech recognition is the pattern recognition
approach. In the pattern recognition approach, the speech patterns are used directly without
explicit determination of phonetic feature and segmentation. It requires no explicit knowledge
of speech. This approach has two steps, namely, training of speech patterns based on some
generic spectral parameters and recognition of patterns via pattern comparison. Speech

knowledge is brought into the system via the training procedure.

In the pattern-recognition approach, all acoustic realizations of units, words and sentences are
considered as patterns consisting of sequences of feature vectors. Sentence recognition is,
therefore, accomplished by performing pattern matching at unit, word and sentence levels in an

integrated manner. This approach is the most common one for three basic reasons:

1. Simplicity of use: The method is easy to understand, and it is rich in mathematical and
communication theory justification for individual procedures used in training and
decoding, and it is widely used and understood.

2. Robustness and invariance to different speech vocabularies, users, feature sets, pattern

comparison algorithms and decision rules: This property makes the algorithm
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appropriate for a wide range of speech units(ranging from phoneme like units all the
way through words, phrases and sentences), word vocabularies, background
environments, transmission conditions, etc.

3. Proven high performance: It has already been shown that the pattern recognition
approach provides high performance than the other approaches (Rabiner and Juang,

1993).

The most successful and popular method of pattern recognition approach in the area of speech
recognition is the Hidden Markov Model (HMM). An HMM is a collection of states connected
by transitions. An N-state Markov Model is completely defined by a set of N states forming a
finite state machine and an N x N stochastic matrix defining transitions between states whose

elements a;; = P(state j at time t | state 1 at time t-1) are the transition probabilities.

Its output symbols are probabilistic, and all symbols are possible at each state. Therefore, each
state or transition is associated with a probability distribution of all possible symbols. An HMM
is composed of a non-observable “hidden” process (a Markov chain) and an observation process
which links the acoustic vectors extracted from the speech signal to the states or transitions of

the “hidden” process. In that sense, an HMM is a doubly stochastic process.

The mathematics framework of the HMM method enables us to combine modeling of stationary
stochastic process (for the short time spectra) and the temporal relationship among the

processes, (via a Markov chain) together in a well defined probability space.

Another advantage of HMM comes from the fact that it is relatively easy and straight forward to

train a model from a given set of labeled training data.

Flexibility is also an attractive feature of the basic HMMs. It is manifested in three aspects of
the model, namely: observation distributions, model topology and decoding hierarchy. We can
develop either discrete HMMs or continuous HMMs. In discrete HMMs, distributions are
defined on finite spaces while in continuous HMMs; distributions are defined as probability
densities on continuous observation spaces. We do also have different alternatives of HMM
topologies with different number of states. It is also possible to build HMMs that can decode

speech in various hierarchies that range from phones to sentences.
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These strengths have made HMMs the predominant method in current automatic speech

recognition technology and research.

An HMM has the following five basic parameters (Rabiner and Juang, 1993):
1. N, the number of states in the model. We denote the set of all possible states as

S={S1,S2,...., SN}, the state at time t as qt.

2. M, the number of distinct observation symbols per state, i.e., the discrete alphabet size
of the output set. We denote the set of all possible output symbols as V = {vl, v2,
....,vM}, the output symbol at time t as O;. The sequence of observed symbols is

denoted as

0=0,0,....07.
3. The state-transition probability distribution A = {a;;} where
aij = P[q+1 =]/ q = 1], 1<i, j<N
4. The observation symbol probability distribution, B = { bj(k)}, in which
bj(k)=P[o, = vi| q¢ =j], 1<k=M,

defines the symbol distribution in state j, j=1,2, ...., N.
5. The initial state distribution © = P[q; = i], I<i<N

The HMM model in the Figure 2.2 is a model of five emitting states that are numbered from 2
to 6 and output probability distributions associated with them. States number 1 and 7 are non-

emitting states and serve only to join models together.

Figure 2.2: Example of HMM (Solomon, 2006)
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The arrows from one state to the other and the indexed letter ,,a* indicate the transition lines and
their probabilities respectively. For example a;; means the probability of transition from state 1

to state 2 and a,; means the probability of looping in state 2.

In a first order hidden Markov model, there are two assumptions. The first is the Markov
assumption. It states “the probability that the Markov chain is in a particular state at time t + 1
depends only on the state of the Markov chain at time t and is conditionally independent of the
past”. The second is the output-independence assumption according to which the probability
that a particular symbol will be emitted at time t depends only on the state at the time and is
conditionally independent of the past. Although these assumptions severely limit the memory of
the first-order hidden Markov models, they reduce the number of parameters and also make

learning and decoding algorithms extremely efficient.

There exist three problems when constructing HMM. For an HMM model to be useful in
building speech recognizers, three fundamental problems must be solved (Rabiner and Juang,

1993). These problems are

Problem 1: Given the model parameters, how do we compute the probability of a particular

output sequence?

Problem 2: Given the model parameters, how do we find the most likely sequence of hidden

states which could have generated a given output sequence?

Problem 3: Given an output sequence, how do we find the most likely set of state transition and

output probabilities?
In order to deal with these problems, HMM possesses elegant and efficient algorithms; namely,
1. The forward algorithm

2. The Viterbi algorithm
3. The Baum-Welch algorithm

Probleml is a problem of evaluating how well a given model matches a given observation
sequence. To solve this problem, the forward algorithm is used. The forward algorithm is an

inference algorithm for HMMs which computes the posterior marginal of all hidden state
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variables given a sequence of observations/emissions i.e. it computes, for all hidden state

variables, the distribution.

To solve problem 2; that is, to find the single best state sequence, Q = {qiq2... qr} for the given
observation sequence O={0,0;...01}, the Viterbi algorithm is used. The Viterbi algorithm
chooses the best state sequence that maximizes the likelihood of the state sequence for the given

observation sequence.

Problem 3 is solved by using the Baum-Welch re-estimation algorithm. Baum-Welch re-
estimation algorithm computes maximum likelihood estimates and posterior mode estimates for
the parameters (transition and emission probabilities) of an HMM, when given only emissions

as training data.
2.6 Types of HMMs

HMMs can be classified in a variety of ways:

1. The left-to-right, directional HMM vs. Ergodic Models
2. Continuous Density vs. Discrete Density HMMs
2.6.1 Left-to-right vs. Ergodic Models

The most common HMM architecture found in speech recognition systems is the left-to-right,
directional HMM (Markowitz, 1996). The fundamental property of all left-right HMMs is that
the state-transition coefficients have the property:

a;; =0, where j<i

1.e. no transitions are allowed to states whose indices are lower than that of the current

state(Rabiner and Juang, 1993).

VAP0 NNVAVAOLY,

N~

Ergodic HMM Left-right HMM

Figure 2.3: Ergodic and Left-to-right HMM (Young et.al, 2006)
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The ergodic or fully connected HMM is another common HMM architecture in which every
state of the model could be reached from every other state of the model. Ergodic models are

non-directional and link every state to every other state.
2.6.2 Discrete HMMs vs. Continuous HMMs

HMMs may be based on either:
1. Discrete probability distributions (Discrete HMMs)

2. Continuous output probability density functions (Continuous HMMs)

An HMM consists of states. Each state j has an associated observation probability distribution
b;(Oywhich determines the probability of generating observation O; at time t and each pair of
states i and j has an associated transition probability (Young et al., 2006). The transition
parameters in HMM model temporal variabilities while the output distributions model spectral

variabilities.

The observation probability distribution may be a discrete output probability distribution, b;(Oy)
for discrete HMMSs or continuous output probability density function b;j(X) for continuous

HMMs.

HTK is designed primarily for modeling continuous parameters using continuous density
multivariate output distributions (Young et al., 2006). It can also handle observation sequences
consisting of discrete symbols in which case, the output distributions are discrete probabilities.
In continuous density HMMSs, each observation probability distribution is represented by a

mixture of Gaussian density.
2.7 Pronunciation Variation

Speech is variable. The way in which a sound, word or sequence of words is pronounced can be
different every time it is produced (Strik and Cucchiarini, 1999). This pronunciation variation
can be the result of either intra-speaker variability or inter-speaker variability. While intra-
speaker variability is the variation in pronunciation for one and the same speaker, inter-speaker
variability is the variation among different speakers. Inter-speaker variation can be caused due
to factors such as vocal tract differences, age, gender, regional accent, dialect, voice quality etc.

(Biemans, 2000).
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There are numerous factors that influence the degree of intra-speaker pronunciation variation
that is encountered in speech. These include speaking style, speaking rate, co-articulation, state

of health of the speaker, emotional state of the speaker, external conditions etc.

e Speaking style: this type of variation depends on whether the speech is scripted, planned
or spontaneous (Weintraub et al., 1996). For example, an Amharic sentence may be
pronounced differently when it is read or spoken spontaneously.

e Speaking rate: it has been shown that speaking rate can have a dramatic impact on the
degree of variation in pronunciation (Greenberg and Fosler-Lussier, 2000). For example
in the Amharic sentence, ““779° A®- 07L& OTEA U-AT LN AL+MI®”, the word
07 (only once) can also be pronounced as (A7£ (only once). This variation is
normally caused by whether the speaker speaks fast or slow.

e Co-articulation: the overlapping of adjacent articulations affects the way words are
pronounced and variation in the degree of co-articulation causes pronunciation variation.

e State of health of the speaker: factors such as whether the speaker has a cold or is
fatigued influences how the words are pronounced.

e Emotional state of the speaker: whether the speaker is happy, sad, or excited.

e External conditions: for instance noise, which causes speakers to modify their speech:

the Lombard effect (Junqua et al., 1993).

These sources of variation all contribute to the fact that a word is never pronounced in exactly
the same way by the same or different speakers. This is referred to as pronunciation variation.
The objective of automatic speech recognition (ASR) is to recognize what a person has said,
i.e., to derive the string of spoken words from an acoustic signal. Due to the above described
variation, this objective becomes more difficult to achieve, as the pronunciation variation may

lead to recognition errors. Therefore, avenues are sought to model pronunciation variation.
2.8 Pronunciation Modeling for ASR

The objective of ASR is to derive the correct string of spoken words from an acoustic signal.
However, pronunciation variation makes it more difficult to achieve this objective, as the
variation can result in recognition errors. The goal of pronunciation variation modeling is to

minimize the recognition errors due to pronunciation variation and thus improve the
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performance of the ASR system. This section illustrates in what way pronunciation variation

can have a negative impact on speech recognition both during training and recognition.

In ASR, the continuous speech signal is described as a sequence of discrete units, which in
general are phones. In the studies presented in this thesis, we deal with pronunciation variation
that becomes apparent in a careful phonetic transcription of speech, in the form of insertions,
deletions or substitutions of phonemes relative to the canonical transcription of the words. This
type of pronunciation variation can be said to occur at the segmental level. All of the variation
that takes place below the level of the phonetic transcription (for example, the variation due to

vocal tract differences) is implicitly left to the HMMs to model.

Figure 2.4: Contamination of phone models caused by mismatch due to A(ix) insertion

Figures 2.4 and 2.5 exemplify the way in which pronunciation variation at the segmental level
causes problems for ASR during training, and consequently why it should be modeled. The
Figures show how phone models become contaminated when a word"s pronunciation differs
from the canonically expected pronunciation. The first example illustrates the effect of an
insertion, and the second example illustrates a deletion. The resulting phone models are
contaminated due to the mismatch between the acoustic signal and the phoneme label assigned

to it, indicated by the darker shaded of the phone models.

In the example in Figure 2.4, the word “tmhrt” (education) with its canonical transcription /t m
h rt/is pronounced as /t ix m hix r t/, i.e., ix-insertion has taken place. This means that, during
training, parts of the acoustic signal corresponding to /ix/ are used to train models for /t/ and /h/

causing contamination of the models for /t/ and /h/. In the example in Figure 2.5, “keixsat”
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(from fire) with its canonical transcription /k e ix s a t/ is pronounced as /k e s a t/, i.e., ix-

deletion has taken place. During training this leads to contamination of the /ix/ model.

Figure 2.5: Contamination of phone models caused by mismatch due to A(ix)-
deletion

During recognition, pronunciation variation may also cause errors. The recognition errors can
be a direct result of the fact that contaminated models are less effective in distinguishing
between different phones. Another reason why errors may occur is that variants can be
pronounced which are not included in the lexicon. For instance, if /k e s a t/ is pronounced but
the baseline transcription is /k e ix s a t/, the possibility exists that the baseline transcription of
another word in the lexicon will match the acoustic signal better, for example, /k e s e a t/

(“keseat” meaning “in the afternoon”).

Taking all of this into account, one may wonder whether modeling pronunciation variation at a
segmental level can contribute to the improvement of recognition performance. Studies by
McAllaster et al. (1998) and Saraglar et al. (2000) have shown that large improvements are
feasible, if there is a match between the acoustic models used during recognition and the
transcriptions in the lexicon. In other words, these experiments show that substantial

improvements are possible in principle through pronunciation variation modeling.

In a nutshell, the reason for carrying out pronunciation modeling is because of the mismatch
between the acoustic signal and the transcription of the signal (i.e. phone transcriptions in the
lexicon). In our study, an attempt is made to reduce this mismatch by ensuring that the different

pronunciations of a word are accounted for during recognition.
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2.9 Issues in Pronunciation Variation Modeling

Issues that play a role when performing pronunciation variation modeling for ASR are
described. There are two questions which cover most of the issues that must be addressed when

modeling pronunciation variation (Strik and Cucchiarini, 1999):

1. How the pronunciation variation knowledge that is required to describe pronunciation
variation is obtained?

2. How the knowledge is incorporated into the ASR system?
2.9.1 Approaches to acquire Pronunciation Variation Knowledge

There are two major approaches to acquire pronunciation variation knowledge. These are

knowledge based and data-derived approaches.

The knowledge based approach derives the pronunciation variation knowledge from
phonological or phonetic knowledge and/or linguistic literature (Cohen, 1989). It also includes

existing dictionaries.

The idea behind data-derived approach is that information on pronunciation variation is
obtained directly from the acoustic signals. The acoustic signals are analyzed in order to

determine all possible ways in which the same word or phoneme is realized.

Although both knowledge based and data-derived approaches are used for generating
pronunciation variants, they have their drawbacks too. The linguistic literatures, including
pronunciation dictionaries are not complete i.e. all pronunciation variations are not described in
the linguistic literature or present in pronunciation dictionaries. Furthermore, a knowledge-
based approach is subject to discrepancies between theoretical pronunciations and phonetic
reality. The major drawback of data-derived approach is it is labor intensive, and therefore
expensive. Moreover, manual transcriptions tend to contain an element of subjectivity.
Transcriptions made by different transcribers, and even made by the same transcriber, may

differ quite considerably (Cucchiarini, 1993).

This research acquires pronunciation variations of Amharic words using both the knowledge-
based approaches and data-derived approaches. The research tries to find the different Amharic
pronunciation variants of words from Ambharic linguistic literature and Amharic dictionaries for

the grapheme based approach with single pronunciation and grapheme based multiple
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pronunciation approach without acoustic evidence The research uses databases of Amharic real
speech to find the variations present between words for grapheme based multiple pronunciation
approach from acoustic evidence. The research uses data driven methods because some of the

transcriptions derived using knowledge based methods do not match with the acoustic signal.
2.9.2 Incorporating the knowledge into the ASR

After the pronunciation variants are obtained, the next question that must be addressed is how
the information should be incorporated into the ASR system. One of the major ASR

components where the acquired knowledge is incorporated is the lexicon.
2.9.2.1 Adding variants to the Lexicon

As speech recognizers make use of a lexicon, pronunciation variation is often modeled at the
level of the lexicon. In this research, variations that occur within a word are dealt with in the
lexicon by adding variants of the words into it. A single word may have different phonetic

transcriptions.

Although adding variants to the lexicon increases the chance that one of the transcriptions of a
word will match the corresponding acoustic signal, adding variants may increase lexical
confusability. It has been shown in many studies that simply adding variants to the lexicon does
not lead to improvements, and in many cases even causes deteriorations in WER. For instance,
in the studies of Kessens et al. (2001), it has been shown that when the average number of
variants per word in the lexicon exceeds roughly 2.5, the system with variants starts performing

worse than the baseline system without variants.

Confusability in data-derived approaches is often introduced by errors in phonetic
transcriptions. These phonetic transcriptions are used as the information source from which new
variants are derived. Consequently, incorrect variants may be created. One commonly used
procedure to alleviate this problem is to smooth the phonetic transcriptions by using decision

trees (D-trees) to limit the observed pronunciation variation (Fosler-Lussier, 1999).

Forced recognition is employed in various ways in pronunciation variation modeling. The main

objective of using forced alignment in pronunciation modeling is to clean up the transcriptions
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in the training material, i.e. to obtain a more precise transcription given multiple transcriptions

for the words in the lexicon.

This research models the Amharic pronunciation variation at the level of lexicon by adding the
Amharic pronunciation variants and their transcription into it for grapheme based multiple

pronunciation dictionary approach.
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CHAPTER THREE

RELATED WORKS

In this chapter, we will present related works on pronunciation variation modeling to enhance
the performance of ASR systems done in other languages and review the works done in
Ambharic ASR so far. To the best of our knowledge, there is no research work done for Amharic

on pronunciation variation modeling.
3.1 Introducing Multiple Pronunciation in Spanish Speech Recognition Systems

Javier et al. (1998) describes variability in speech data as one of the major difficulties in speech
recognition systems. The work has described that the lexicon is usually composed of a set of
words and a single pronunciation for each of them and therefore suggests that specific

techniques must be developed to handle them.

The work has first generated the standard pronunciations from the orthographic forms and
applied a set of phonological rules to introduce pronunciation variation for each word in the
lexicon. The rules were manually developed according to expert linguistic knowledge. Then an

automatic grapheme-to phoneme system was used to generate alternate pronunciations.

It incorporates the pronunciation alternative for both continuous and isolated word speech

recognizers.

The continuous word speech recognizer has a training set size of 600 phrases trained by 4
speakers (2 male and 2 female). It used 100 phrases per speaker, uttered by the same 4 speakers
for test set. It had a base dictionary size of 979 words (standard transcriptions only). It then
extended the dictionary size to 1211 words (adding multiple pronunciations, resulting in a

23.7% increase in dictionary size).

The isolated word speech recognizer has a base dictionary size of 1175 words. It then extended

the dictionary size to 1266 words resulting in a 7.7% increase in dictionary size.

The work has reported improvements of up to 20% decrease in error rate, for the continuous

speech task, while for the isolated word recognition task, no significant effect has been found.
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The results obtained from the work clearly show that the use of multiple pronunciations has a

direct and significant impact on the performance of continuous speech recognition system.

3.2 Improving the Performance of a Dutch CSR by Modeling Within-Word and Cross-
Word Pronunciation Variation

J.M. Kessens et al. (1999) describes how the performance of a continuous speech recognizer for
Dutch has been improved by modeling pronunciation variation. It consists of adding
pronunciation variants to the lexicon, retraining phone models and using language models to
which the pronunciation variants have been added. First, within-word pronunciation variants
were generated by applying a set of five optional phonological rules to the words in the baseline
lexicon. Next, a limited number of cross-word processes were modeled, using two different
methods. While the first method added cross-word variants to the lexicon, the second method
added multi-words. Finally, the combination of the within-word method with the two cross-

word methods is tested.

The starting point of the research was to measure the CSR"s baseline performance since any
improvements or deteriorations in recognition performance due to modeling pronunciation
variation are measured compared to the results obtained using the baseline. Their baseline
lexicon contained one pronunciation for each word. The lexicon was automatically generated
using the Text- to-Speech (TTS) system developed at the University of Nijmegen. Phone
transcriptions for the words in the lexicon were obtained by looking up the transcriptions in two
lexica with proper names and a lexicon with words from mainly fictional texts. The grapheme-
to-phoneme converter was employed whenever a word cannot be found in either of the lexica.
There was also the possibility of manually adding words to a user lexicon if the words did not
occur in either of the lexica and were not correctly generated by the grapheme-to-phoneme
converter. In this way, transcriptions of new words were easily obtained automatically and

consistency in transcriptions was achieved.

The general procedure for testing methods of modeling pronunciation variation consisted of
three steps: the baseline lexicon was expanded by adding pronunciation variants; the multiple

pronunciation lexicon was used to perform a forced recognition.
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The method used to model within-word pronunciation variation is described as follows:
pronunciation variants were automatically generated by applying a set of optional phonological
rules for Dutch to the transcriptions in the baseline lexicon. The rules were applied to all words
in the lexicon. All of the variants generated by the script were added to the baseline lexicon,
thus creating a multiple pronunciation lexicon. The work modeled within-word variation using

five optional phonological rules.

The two different methods used to model cross-word pronunciation variation are explained

below:

Method 1 consisted of selecting the 50 most frequently occurring word sequences from the
training material. Next, from those 50 word sequences, it chose those words which are sensitive
to the cross-word processes: cliticization, contraction and reduction. The variants of these words

were added to the lexicon.

The second method the work adopted for modeling cross-word variation was to make use of
multi-words which are joined together and added as separate entities to the lexicon. These

multi-words were added to the lexicon.

In addition to testing the within-word method and the two cross-word methods in isolation, the
work also employed and tested the combination of the within-word method and cross-word

method 1, and the combination of the within-word method and cross-word method 2.

The training and test material consisted of 25,104 utterances (81,090 words) and 6267
utterances (21,106 words) respectively for the experiments conducted using methods within
word and cross word variation. The training material was used to train the HMMs and the LMs.
Then the training corpus was expanded with 49,822 utterances leading to a total of 74,926
utterances (225,775 words).

The single variant training lexicon contained 1412 entries, which are all the words in the
training material. Adding pronunciation variants generated by the phonological rules increased
the size of the lexicon to 2729 entries (an average of about 2 entries per word). Adding 50
multi-words plus their variants led to a lexicon with 2845 entries. The maximum number of

variants that occurs for a single word is 16.
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The single variant test lexicon contained 1158 entries, which are all the words in the test corpus,
plus a number of words which must be in the lexicon because they are part of the domain of the
application. The testing corpus did not contain any out-of-vocabulary (OOV) words. This is
because the work did not want the recognition performance to be influenced by words which

could never be recognized correctly as they are not present in the lexicon.

The results of the study for modeling within-word variation are described as follows. Adding
pronunciation variants to the lexicon leads to an improvement of 0.31% in WER compared to
the baseline. When, in addition, retrained phone models are used, a further improvement of
0.22% 1is found. Finally, incorporating variants into the language model leads to an
improvement of 0.15%. In total, a significant improvement of 0.68% was found for modeling

within-word pronunciation variation.

The results of the study for modeling cross-word variation are described as follows: in contrast
to the within-word method, adding variants to the lexicon leads to deteriorations of 0.25% and
0.33% WER for cross-word methods 1 and 2 respectively. Although for cross-word method 1,
part of the deterioration is eliminated when retrained phone models are used, there is still an
increase of 0.14% in WER compared to the baseline. Using retrained phone models for cross-
word method 2 leads to a further deterioration in WER of 0.25%. Adding pronunciation variants
to the language model leads to improvements of 0.30% and 0.54% for cross-word method 1 and
2 respectively. Compared to the baseline, the total improvement is 0.16% WER for cross-word

method 1, and 0.30% WER for cross-word method 2.

The results of combining the within-word method with the two cross-word methods is described
as follows: adding variants to the lexicon improved the CSR"s performance by 0.05% and
0.04% for cross-word methods 1 and 2 respectively. Using retrained phone models improved
the WER by another 0.12% for cross-word method 1, and 0.07% for cross-word method 2.
Finally, the improvements were largest when the pronunciation variants are used in the
language model too. For cross-word method 1, a further improvement of 0.44% is found, and

for cross-word method 2, an even larger improvement of 0.67% is found.
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For the combination of the within-word method with cross-word method 1, a total improvement
0f 0.61% is found compared to the baseline (SSS). For the same test condition, the combination

of the within-word method with cross-word method 2 leads to a total improvement of 0.78%.
3.3 Review of works done so far on Amharic ASR

Kinfe (2002) developed sub-word based isolated word recognition systems for Amharic using
HTK. The sub-word units used in the experiment are phones, triphones and CV-syllables. It
considered 20 phones (out of 39) and 104 CV syllables, which are formed using the selected
phones. Speech data of 170 words, which are composed of the selected sub-word units, have
been recorded by 20 speakers (speech of 15 speakers for training and the remaining for testing).
Speaker dependent phone-based and triphone-based systems have an average recognition
accuracy of 83.07% and 78% respectively. Phone-based and triphone-based speaker
independent systems have an average recognition accuracy of 72% and 68.4% respectively.
In addition, a comparison of the different sub-word units revealed that the use of CV syllables

has led to relatively poor performance.

Zegaye (2003) investigated the possibility of developing large vocabulary, speaker independent
and continuous speech recognizer for Amharic language. The recognizer was developed using
both phone-based and tri-phone based recognizers using HTK. For the training and testing of its
recognizers, it used the speech data of 8000 sentences read by 80 people. In order to support the
acoustic models, a bigram language model was constructed. In addition, pronunciation
dictionary was prepared and used as an input. Since the recognizer was meant to recognize large
vocabulary and continuous speech, phonemes were opted as the basic unit of recognition. The

best recognizer was a tri-phone based recognizer which has 76.2% word recognition accuracy.

Martha (2003) explored the possibility of developing an Amharic speech input interface to
command and control Microsoft Word. It required a speech recognizer and a communication
interface between the recognizer and the application. 50 command words were selected from
different menus (File, View, Insert, Tools, Table, Window, and Help), translated to Ambharic
and used to develop the prototype system. To develop and test the required Amharic speech
recognition system, speech data were recorded from 26 people (10 female and 16 male) in the

age range of 20 to 35. 76.9% of the recorded data were used to train the recognizers and the
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remaining data were used for testing the performance of recognizers. To test the performance of
the system, 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.

Hussein and Gamback (2005) developed an Amharic speaker independent continuous speech
recognizers based on an HMM/ANN hybrid approach. The model was constructed at a context
dependent phone level with the help of the CSLU Toolkit. It used part of the data (5000
sentences) recorded by Solomon et al. (2005). The recognizers were tested with a total of 20
sentences read by 10 speakers (2 sentences each) who also read the training data. When the
same recognizer was tested for another ten speakers who were not involved in the training, the
recognition rate degraded. The best result obtained with this test data was 74.28% word

recognition accuracy.

Solomon (2006) developed an Amharic speech corpus that can be used for various kinds of
investigations in the development of ASR for Amharic. It explored various possibilities for
developing a Large Vocabulary Speaker Independent Continuous Speech Recognition System
for Amharic. The work assumed that, due to their highly regular Consonant Vowel (CV)
structure, Amharic syllables lend themselves to be used as a basic recognition unit. Indeed, it
has been able to show that syllable models can be used as a competitive alternative to the
standard architecture that is based on triphone models. The acoustic model of the syllable-based
recognizer requires 15MB memory. Together with the language model and use of speaker
adaptation, it has a word recognition accuracy of 90.43% on the 5,000 words evaluation test set
at a speed of 2.4 minutes per sentence. While the acoustic model of the triphone-based
recognizer requires 38MB memory and has a word recognition accuracy of 91.31% on the same
test set at a speed of 3.8 minutes per sentence. Although this is the state-of-the-art recognition
performance in Ambharic, it still sees the room for improvement because the word recognition

accuracy of ASR in the technologically favored languages is approaching to 100%.

Solomon (2006) developed a multiple pronunciation model for Amharic speech recognition

system based on the five dialects of Amharic language (Gonder, Gojam, Shewa, Menz and
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Wello). The research was based on Hidden Markov Model (HMM) and was guided by the
assumption that incorporating variations of pronunciation from the Amharic dialects in ASRS
can improve performance of Amharic Speech Recognition Systems. The study used 731 and
129 utterances for training and testing respectively. The research found that using Amharic
phone-based system with five emitting states multiple pronunciation dictionary together with set

of acoustic model and language model obtained a word and sentence recognition accuracy of

85.54 %.
Summary

Although there are many Ambharic ASR systems that are done by many researchers, the
performance of Amharic ASRS is low compared to the performance of ASRS for
technologically favored languages. The major reasons for the poor performance of Amharic
ASRS are most of the pronunciation dictionaries are canonical, do not handle the problem of

gemination of consonants and irregular realization of the six order vowel.

This research is different from other Amharic ASR researches in that it has an alternate
pronunciation for 190 Amharic words that have more than one pronunciation in the corpus and
tries to handle the problem of irregular realization of the six order vowels as the transliteration

of words 1s mainly acquired from acoustic evidence.
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CHAPTER FOUR

DESIGN AND IMPLEMENTATION

4.1 Description of the System Design

This research is mainly concerned with speaker-dependent continuous Amharic ASR system i.e.
it is tailored to one speaker using only speech data from this particular speaker during training.
It recognizes speech of a speaker whose speech is used during the development of the

recognizer.

Even if we collect similar training and evaluation test sentences from four people (two male and
two female), we have trained and tested each speaker™s training and evaluation test sentences
independently. This is mainly done to understand and analyze the effect of pronunciation
variation on the performance of Amharic speech recognition systems and generalize from the

results found.

Based on the pronunciation dictionary used for the research, we have designed three different

ASR systems for Amharic. These are:

1. Grapheme based ASR with single pronunciation for every word in the lexicon. We refer

this ASR system as ASR system with Type I pronunciation dictionary.

2. Grapheme based ASR with multiple pronunciations for some of the words in the lexicon
where the multiple pronunciations are derived from Amharic linguistic literature and
dictionaries. We refer this ASR system as ASR system with Type II pronunciation

dictionary.

3. Grapheme based ASR with multiple pronunciations for some of the words in the lexicon
where the multiple pronunciations are derived using Amharic linguistic literature,
dictionaries and acoustic evidence. We refer this ASR system as ASR system with Type

IIT pronunciation dictionary.
4.1.1 Description of Type | Pronunciation Dictionary

Type 1 pronunciation dictionary of this research is a canonical one that has a single

pronunciation for each word in the corpus used for training and testing purpose. It transcribes
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distinct 3309 Ambharic words. The Amharic words in Type I pronunciation dictionary are
transcribed blindly as the transliteration of the language grapheme using the transliteration
scheme proposed by Sebsbie et al. (2004) as shown in Appendix A. Type I pronunciation
dictionary does not consider both intra-speaker and inter-speaker variability. It contains only
one transcription for each word in the lexicon. It also does not handle the variation of the
pronunciation of the sixth order grapheme and the difference between geminated and non-

geminated consonants.
4.1.2 Description of Type Il Pronunciation Dictionary

Type II pronunciation dictionary of this research is an alternate one that transcribes distinct
3499 Ambharic words. The Amharic words in Type II pronunciation dictionary are transcribed
blindly as the transliteration of the language grapheme using the transliteration scheme
proposed by Sebsbie et al. (2004) as shown in Appendix A. Its major difference with Type I
pronunciation dictionary is that the former tries to consider both intra-speaker and inter-speaker
variability from Ambharic linguistic literature and dictionaries i.e. it contains alternate
transcriptions for some of the words in the lexicon. But it does not handle the variation of the
pronunciation of the sixth order grapheme and the difference between geminated and non-

geminated consonants.
4.1.3 Description of Type 111 Pronunciation Dictionary

Type III pronunciation dictionary of this research is an alternate one that transcribes distinct
3499 Ambharic words. Its major difference with Type II pronunciation dictionary is that the
Ambharic words in the former are transcribed manually from acoustic evidence. Since the words
are transcribed from acoustic evidence, Type III pronunciation dictionary tries to handle the
variation of the pronunciation of the sixth order grapheme and the difference between some of
the geminated and non-geminated consonants. In Type III pronunciation dictionary, acoustic
evidence transcription is extracted only from one of the four speakers and the knowledge
extracted from this speaker is used to the other three speakers without analyzing whether the

obtained acoustic evidence is valid to the other three speakers or not.

For example, if we take the Amharic word “0J%.¢-9°” (stadium), the transcription acquired

using the transliteration scheme shown in Appendix A for Type I and Type II pronunciation

Enhanced Amharic Speech Recognition Systems Page 43



dictionaries is /stadiiyom/. But, the transcription acquired from acoustic evidence for Type III
pronunciation dictionary is /sixtadiiyom/. Here, the epenthetic vowel “A”/ix/ is inserted between
the phones “0’/s/ and “J*”/t / /a/. If we take another example that has gemination of consonants
like “/(1C” (Ethiopian currency), the transcription acquired for Type I and Type II pronunciation
dictionaries is /br/. But, the transcription acquired from acoustic evidence for Type III
pronunciation dictionary is /bixrr/. Here, the epenthetic vowel “A”/ix/ is inserted between the

phones “(1”/b/ and “C”’/r / and the phone “C”’/r/ is geminated.

The main reason why the research implements the research using three different pronuciation
dictionaries is that some of the words in Type I pronunciation dictionary do not match with the
actual acoustic signal. This is one of the major reasons for the poor performance of Amharic
speech recognition systems. Although Type II pronunciation dictionary tries to incorporate
some words that have more than one pronunciation in it, there is still a problem of mismatch
between the acoustic signal and the words in the lexicon. To solve this mismatch, the research
uses acoustic evidence transcription in Type III pronunciation dictionary which has greatly

enhanced the performance of the Amharic Speech Recognition Systems.

4.2 Major Components

Although there are different kinds of speech recognition systems, most have similar major
components. Figure 1.1 shows the general architecture of ASR system. This research mainly
focuses on the pronunciation model of ASR component. The research uses both knowledge
based and data driven approaches to model the pronunciation variation. We will describe the

major components as follows:
4.2.1 Feature Extraction

The feature extraction component of an 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.

To apply digital signal processing techniques to the speech waveform, the analogue wave form
is firstly converted into a digital signal. This is done via sampling and quantization of the

waveform. Once the digital signal has been obtained, a variety of techniques can be used to
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extract features which are useful for the speech classification task. These speech analysis
techniques usually assume that the characteristics of the speech signal are stationary over a short
time period, typically of the order of 25 milliseconds. The resulting features are a representation
of the speech signal over this short time period. Parameterization is performed not only for size
reduction of the original speech signal data but also for pre-processing of that signal that fits
into the classification stage. An important property of feature extraction is the suppression of
information that is irrelevant for a correct classification such as information about speaker and
transmission channel. Currently the most popular features are Mel Frequency Cepstral Co-
efficients MFCC. We have used MFCC for our experiment in developing our research. The
speech signal is divided into frames of size 25ms with a frame rate of 10ms.We have used 12

MFCC coefficients and delta.
4.2.2 Pronunciation Dictionary

The development of a large vocabulary speaker dependent recognition system requires the
availability of an appropriate pronunciation dictionary that encompasses a large number of
words with their pronunciation. The pronunciation dictionary, which is the lexical model, is one
of the most important blocks in the development of large vocabulary speaker dependent
recognition systems. A pronunciation dictionary is a machine-readable transcription of words in
terms of sub-word units. It specifies the finite set of words that may be output by the speech

recognizer and gives, at least, one pronunciation for each.

In pronunciation variation research, one is usually confronted with two types of lexica: a
canonical (or baseline) lexicon and a multiple pronunciation lexicon. A canonical lexicon
contains the normative or standard transcriptions for the words; this is a single transliteration
per word. A multiple pronunciation lexicon contains more than one transliteration variant per

word, for some or all of the words in the lexicon.

We have prepared a canonical pronunciation for Type I pronunciation dictionary as shown in

Table 4.1.
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Table 4.1: Sample Type I pronunciation dictionary

Ambharic English Canonical

words ] ) ] Pronunciation
Equivalent | Transliteration

0J-4%.¢0-9° Stadium /stadiiyom/ stadiiyomsp

0 In short /bacxr/ bacxrsp

Nnagen-r By five /beamst/ beamstsp

nre: By double | /betxf/ betx fsp

We have prepared Type II pronunciation dictionary as shown in Table 4.2.

Table 4.2: Sample Type II pronunciation dictionary

Ambharic | English Alternate Alternate
words Equivalent Transliteration Pronunciation

0J%.¢-9° | Stadium /stadiiyom/ stadiiyom
0-L4%.0-9° /stiediiyom/ stiediiyom
O In short /bacxr/ bacxr
hep C /beacxr/ beacxr
a9y N By five /bamst/ bamst
Nh9°0 /beamst/ beamst
Nnre: By double /betxt/ betxf
NAPe /beixtxt/ beixtx f

We have prepared Type III pronunciation dictionary from acoustic evidence as shown in Table

4.3.

Table 4.3: Sample Type I1I pronunciation dictionary

Amharic | English Alternate Alternate

words Equivalent Transliterations Pronunciation
034%.0-9° | Stadium /sixtadiiyom/ sixtadiiyom
0t 4.0-9° /sixtiediiyom/ sixtiediiyom
Ospr(: In short /bacxixr/ bacxixr
NacrC /beacxixr/ beacxixr
agen-t By five /bamsixt/ bamsixt
Oh9° 0T /beamsixt/ beamsixt
Nre By double /betxixf/ betxix f
NAPs: /beixtxixt/ beixtxixf
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4.2.3 Language Model

Language model is one of the most important knowledge sources for large vocabulary speaker
dependent recognition systems. It incorporates knowledge of the language, such as its syntactic
and semantic information in ASR by providing the probabilities that a word or string of words

is/are followed by another word in a given text.

The way the words are connected to form sentences is modeled by the language model with the
use of a pronunciation dictionary. The language model of our system is a statistical based
language model. By assuming that the next word in the sequence depends only upon one
previous word, we have created a bigram (2-gram) language model. Finally using this bigram
language model, a network which contains words in the training data is created. The process of

language modeling is shown in Figure 4.1.

Statistical .
. Bigram Language
Word List
) | Language |—> Model
Modeling

y

Word Lattice

Figure 4.1: Block Diagram of the Language Modeling process.

The Language Model used in this study is a backed-off bigram language model. It is developed
using the HTK tools HLstats and HBuild. HLstats is primarily used to generate the bigram
probability matrix. It reads in a sorted file and generates a bigram language model. The
probability matrix is prepared by using the word level transcriptions and statistics on the

number of occurrences of each word and each combination of two words.

These statistics are then used to create backed-off bigram language models for the training and
test using the HBuild tool which translates the gathered statistics into HTK Standard Lattice
Format that are used for storing word models and multiple hypotheses from the output of a

speech recognizer.
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4.2.4 Acoustic Model

Acoustic models are statistical models which capture the correspondence between a short
sequence of acoustic vectors and an elementary unit of speech. The elementary units of speech
that are used in our research are phones. Phones are the minimal units of speech that are part of

the sound system of a language.

We use HMM to model the acoustic component in this research. During training, the parameters
for the models are estimated from recorded Amharic speech corpus which is transcribed at word
level. We have created the acoustic model using audio recordings of speech and their text
scripts and compiling them into a statistical representation of sounds which make up words.
This is done through modeling the HMMs. The process of acoustic modeling is shown in Figure

4.2.

Acoustic
Data

)

Monophone ::> Triphone |::> Tied-State

HMMs HMMs HMMs

Figure 4.2: Block Diagram of the Acoustic Modeling process

4.3 HMM Topologies and Initialization

There is no general rule for the number of states of HMM model that can be taken as a rule of
thumb for modeling syllable HMMs, especially, for Amharic Consonant Vowel (CV) syllables.
It needs conducting an experiment to select the optimal model topology to have a good model
for Amharic CV syllables as a recognition and the amount of the training speech data (Solomon,

2006).

Designing an HMM topology consists of choosing an appropriate number of states, the allowed
initial states and the allowed transitions. This has to be done with proper consideration of the

size of the unit of the recognition units. This is due to the fact that as the size of the recognition
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unit increases and the size of the model (in terms of the number of states and number of

transitions) grows, the model requires more training data.

For phone-based systems, a good topology to use is 3-state left-right with no skips. We initialize
the model with the flat start method and use it for all monophones. The monophone models are

then retrained, short-pause models are added and the silence model is extended slightly.

4.4 Basic Unit Definitions

Type I and Type II pronunciation dictionaries are transliterated by substituting each Amharic
grapheme by the corresponding phoneme sequence as shown in Appendix A. For example, if
we take the Amharic word “Y°AR-I> (symbol), we transliterate the grapheme “9™” by the
corresponding phoneme /m/, “A” by /l/ /, “0” by /k/ and “I” by /t/ which gives us the
phoneme sequence /m/ /1/ /k/ /t/. Type III pronunciation dictionary is on top of the surface form
representation and is mainly transliterated using acoustic data evidence from one of the four
speakers. We transcribe the above Amharic grapheme “9°” by phoneme /m/ and /ix/, “&\” by /l/,
“I” by /k/ and /ix/ and “"” by /t/ which gives us the phoneme sequence /m/ /ix/ /I/ /k/ /ix/t/.

4.5 Tied state

Having a set of monophone HMMs, the final stage of model building is to create context
dependent triphone HMMS. This is done in two steps. Firstly, we convert the monophone
transcriptions into triphone transcriptions and create a set of triphone models by copying the
monophones and re-estimating them. Secondly, we tie similar acoustic states of triphones to

ensure that all state distributions are robustly estimated.

Context-dependent triphones are made by simply cloning monophones and then re-estimating
using triphone transcriptions. Then we tie states within triphone sets in order to share data and

thus be able to make robust parameter estimates.

Although adding variants to the lexicon increase the chance that one of the transcriptions of a
word will match the corresponding acoustic signal, adding variants may increase lexical
confusability. It has been shown in many studies that simply adding variants to the lexicon does

not lead to improvements, and in many cases even causes deteriorations in WER (Kessens et al.,
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2001). Therefore, we limit the average number of variants per word in phase II and phase III of

our lexicon to be 2.

We have trained the acoustic models on the basis of the output of forced alignment to obtain
more accurate acoustic models and to achieve a better match between the Amharic multiple
pronunciation lexicon and the Amharic acoustic models used during recognition. We also try to
optimize the acoustic models so that they better match the Amharic transcriptions to reduce the

mismatch between the Amharic acoustic models and the Amharic transcriptions.
4.6 Data Preparation

The first stage of the Enhanced Amharic Speech Recognition System research is data
preparation. Speech data is needed both for training and testing. In this research, all of the
speech data are recorded from scratch by four people (two male and two female) in the age
range of 22 to 30. The test data provides the reference transcriptions against which the
recognizer's performance can be measured. The training data are used in conjunction with the
pronunciation dictionary to provide the initial phone level transcriptions needed to start the
HMM training process. Before recording the data, we have defined a phone set, task grammar
and constructed a dictionary that covers both training and testing. Since the research requires
that arbitrary Amharic words be added to the recognizer, training data with good phonetic
balance and coverage is needed. Here for convenience, the prompt scripts needed for training

are taken from eight different Amharic sources.
4.6.1 Task Grammar

The goal of this research is to enhance the performance of Amharic Speech Recognition
Systems. Thus, the recognizer must handle the different inputs uttered by a speaker. Examples
of inputs might be

yeneqgemtie sixtadiiyom gixnbata sixlsa bemeto tetxenaqeqe
axxede bedubay maraton ledixl kemiitxebequt atlietoc andwa nec
txixrunesx beiedenbra ager aqwaracx wixddixr asxenefec

HTK provides a grammar definition language for specifying simple task grammars. It consists
of a set of variable definitions followed by a regular expression describing the sentences to

recognize. The suitable grammar for this research is

Enhanced Amharic Speech Recognition Systems Page 50



$word=yeneqemtie sixtadiiyom gixnbata sixlsa bemeto tetxenageqelaxxede bedubay
maraton ledix] kemiitxebequt atlietoc andwa nec|txixrunesx beiedenbra ager agwaracx
wixddixr asxenefec|beiityopxya yenietbol sixport ixndiisfafa ixngixliiz
tixdegfalec|yemeqelie sixtadiiyom yemejemeriiyaw mixraf gixnbata tetxenageqe|haylu
betokiiyo maraton asxenefe|.....................oeoeiln. |txeyba bebosten maraton ledixl
tixtxebeqalec ;
(NS_B (<$sentence>) NS _E)
where the vertical bars denote alternatives, NS B and NS E correspond to the silence that
occurs just before the utterance we want to recognize and after, and sentence is the actual

sentence to be recognized.

The HTK recognizer requires a sentence network to be defined using a low level notation called
HTK Standard Lattice Format (SLF) in which each sentence is listed explicitly. This network is
created automatically from the grammar using the HTK tool HParse. The lists of HTK

commands with their parameters used in this research are shown in Appendix J.
4.6.2 Dictionary

The first step in building pronunciation dictionary is creating a sorted list of the words
contained in the grammar, one per line, with pronunciations (the phonemes that make up a

word).

To create the pronunciation dictionary in HTK, we have followed the following steps:
o We create a prompts file which is the list of sentences to be recorded;
e We derive a file from the prompts file which is a sorted list of the unique words that
appear in the prompts file;
e We create the pronunciation dictionary by adding pronunciation information to the

words in word list.

4.6.2.1 Prompts File

First, we need to create a prompts file that includes the grammar words to create a phonetically
balanced corpus. This file basically contains the list of sentences to be recorded and the names

of the audio files. The sample prompts file of the research is shown in Appendix H.

The first column of the prompts file contains the name of the audio file to be created, and the

next column contains the text transcriptions of what to be recorded in the audio file.
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4.6.2.2. Word List File

The HTK Perl script prompts2wlist takes the prompts file created, and remove the file name in

the first column and print each word on one line into a word list file as shown in Appendix E.

4.6.2.3 Pronunciation Dictionary

We then add pronunciation information (i.e. the phonemes that make up the word) to each of the
words in the lexicon, thus creating a pronunciation dictionary. HTK uses the HDMan command
to go through the word lists shown in Appendix E, and look up the pronunciation for each word

in a separate lexicon file, and output the result in a pronunciation dictionary.

For HTK to compile the acoustic model, we need to make sure that we have at the very least 3
to 5 usage counts for each phone. If there are phones that only have one occurrence, we must
add words that use these phones to the prompts file. The sample output of Type III

pronunciation dictionary is shown in Appendix F.
4.6.3 Recording the Data

Before we begin, we make sure that the resident we were recording in was as quiet as
possible. In addition, we turned off speakers while recording to avoid acoustic feedback in

audio files.

The training and test data are recorded from 4 speakers (two male and two female) in the age
range of 22-30. It is important to note that no analysis is made in determining the age range.
Only availability of speakers was considered. The training and test sentences are recorded by

speakers whose first language is Ambharic.

The data were recorded using Audacity, which is free, open source software for recording and
editing sounds, at a sampling rate of 48 KHz. Audacity is preferred over HSLab (HTK"s
recording tool) since the quality of speech data recorded by Audacity is better than that of

HSLab. The microphone used was headset, close-speaking, noise canceling and monophone.

The recorded data was classified into training and test sets. The research uses 800 training and

100 evaluation test sentences.
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4.6.4 Creating Transcription Files

Since HTK toolkit cannot process prompts file directly, we create a Master Label File (MLF)
that contains a label entry for each line in the prompts file. We use the HTK script prompts2mlf
that outputs each word on a single line and each utterance terminated by a single period on its

own as shown in Appendix G.

Next we need to execute the HLEd command that expands the word level transcriptions to

phone level transcriptions as shown in Appendix I.
4.6.5 Coding the Data

The final stage of data preparation is parameterizing the raw speech waveforms into sequences
of feature vectors. Since HTK 1is not as efficient in processing wav files as it is with its internal
format, we need to convert the audio wav files to another format called MFCC (Mel Frequency

Cepstral Coefficients) which are more generally referred to as feature vectors.

We use the tool HCopy that automatically converts the wav files into MFCC vectors. We create
a file containing a list of each source audio file and the name of the MFCC file it will be
converted to, and use that file as a parameter to the HCopy command. To do this, a
configuration file (wav_config) is needed which specifies all the conversion parameters. The

settings of wav_config file are shown in Appendix D.

The configuration file specifies that source format is wav vile, the target parameters are to be
MFCC, the output should be saved in compressed format, and a cyclic redundancy check (CRC)
checksum should be added.

4.7 Training

The second step of the enhanced Ambharic speech recognizer is defining the topology required
for each HMM by writing a prototype definition. HTK allows HMMs to be built with any
desired topology. The purpose of the prototype definition is only to specify the overall
characteristics and topology of the HMM. The actual parameters will be computed later by the

training tools.
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We will describe the creation of a well-trained set of single-Gaussian monophone HMMs. The
starting point will be a set of identical monophone HMMs in which every mean and variance is
identical. These are then retrained, short-pause models are added and the silence model is

extended slightly. The monophones are then retrained.
4.7.1 Creating Flat Start Monophones

The first step in HMM training is defining a prototype model. The focus here is to create a

model structure, the parameters are not important.

The topology of this research model consists of start and end states and three emitting states,
using single Gaussian density functions. The states are connected in a left-to-right way, with no

skip transitions.

We have chosen a five state topology because it is the state of art number of states for phoneme
based ASR systems. The prototype model used in this research is adopted from Young et al.
(2006) HTK book and is attached as it is in Appendix B.

The HTK tool HCompV scans a set of data files, compute the global mean and variance and set
all of the Gaussians in a given HMM to have the same mean and variance. Executing the
command HCompV replaces the zero means and unit variances by the global speech means and

variances.

We then re-estimate the flat start monophones using the HTK command HERest. HERest loads
re-estimate them using the MFCC files.

4.7.2 Fixing the Silence Models

In 4.7.1, we created HMM models that did not include short pause silence model which refers to
the types of short pauses that occur between words in normal speech. However, we did create a

silence model which are typically of longer duration, and occur at the end of a sentence.

Steve Young et al. (2006) mentions that the short pause model needs to have its emitting state
tied to the centre state of the silence model i.e. we need to create a new short pause model that
uses the centre state of silence, and then they both need to be 'tied' together. This is done by

copying the centre state from the silence model and adding it to the short pause model, and then
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running a special tool called HHED to tie the short pause model to the silence model so that
they share the same centre state. By tying, it is to mean one or more HMMs share the same set

of parameters.
4.7.3 Realigning the Training Data

Type II and Type III pronunciation dictionaries contain multiple pronunciations for some
words. The phone models created so far can be used to realign the training data and create new
transcriptions. This is done with a single invocation of the HTK recognition tool HVite that
transform the input word level transcription to the new phone level transcription using the
pronunciations stored in the dictionary. The key difference between this operation and the
original word to phone mapping performed by HLEd in 4.6.4 is that the recognizer considers all

pronunciations for each word and outputs the pronunciation that best matches the acoustic data.
4.7.4 Creating Tied-State Triphones

Given a set of monophone HMMs, the final stage of model building is to create context
dependent triphone HMMs. This is done in two steps. Firstly, the monophone transcriptions are
converted to triphone transcriptions and a set of triphone models are created by copying the
monophones and re-estimating. Secondly, similar acoustic states of these triphones are tied to

ensure that all state distributions can be robustly estimated.
4.7.4.1 Making Triphones from Monophones

In the dictionary file we created in 4.6.2, the pronunciation of a word was given by a series of
phonemes (also called monophones - 1.e. a single phone). To generate a triphone (i.e. a group of
3 phones) declaration from monophones, the "L" phone (i.e. the left-hand phone) precedes "X"
phone and the "R" phone (i.e. the right-hand phone) follows it. The triphone is declared in the
form "L-X+R".

We are therefore moving to an improved level of recognition accuracy. With such a model, we
are not looking at the context of the monophone. The speech recognition engine is trying to

match the sound that it has heard to a single phone.

With a triphone acoustic model, we are essentially looking for a monophone in the context of

other monophones i.e. the one immediately before and the one immediately after. This greatly
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improves recognition accuracy, because the speech recognition engine is looking to match a
specific sequence of 3 sounds together (a triphone), rather than only one sound. Triphones
reduce the possibility of error caused by confusing one sound with another, because we are now

looking for a distinct sequence of 3 sounds.

We execute the HLEd command that converts the monophone transcriptions we created in 4.7.3

to an equivalent set of triphone transcriptions.
4.7.4.2 Making Tied-State Triphones

The phone models described so far were context independent. There was a big assumption that
the phonemes are more or less the same in every situation. In reality, this is not the case as two

neighboring phonemes may influence each other in Ambharic.

To capture these effects, called co-articulations, models are needed that take into account the
context of a phone. One way of modeling co-articulation effects is using triphones. Triphones
model the context by taking in to consideration the left and right neighboring phones. If two
phones have the same identity but different left or right context, they are considered as different
triphones. The context-dependent triphones are prepared by simply cloning monophones and

then re-estimating using triphones transcriptions.
4.8 Recognition

HTK provides a recognition tool called HVite that allows recognition using pronunciation
dictionary, language models, and output a transcription file against which the recognizer's

performance is analyzed.

4.9 Analysis

After the enhanced Ambharic Speech recognizer is completed, it is necessary to evaluate its
performance. The recognition network and dictionary have already been constructed, and test
data has been recorded. Thus, all that is necessary is to run the recognizer and then evaluate the
results using the HTK analysis tool HResults which uses dynamic programming to align the two
transcriptions and then count substitution, deletion and insertion errors. Sample output of the
recognizers performance for speaker 1 for Type III pronunciation dictionary is shown in Figure

4.3.
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% HResults -1 ..~ test3/testref.mlf monophonesl recout.mlf
HTK Results Analysis
Date: Tue Jun 14 16:81:37 2811
..~testi testref.mlf
recout .mlf

Overall Results
#“Correct=94.80 [H=94., S5=6, H=1881]
#Corr=99.21, Acc=99.21 [H=7%6, D=8, S5=6, I=B, H=7621]

Figure 4.3: Recognizer's performance of Type III pronunciation dictionary for speakerl

As shown in Figure 4.3, the line starting with SENT indicates that of the 100 test sentences, 94
(94%) are correctly recognized. The following line starting with WORD gives the word level
statistics and indicates of the 762 words in total, 756 (99.21%) were recognized correctly. There

is 0 deletion error (D), 6 substitution error (S) and 0 insertion error (I).
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CHAPTER FIVE

EXPERIMENTAL RESULT AND ANALYSIS

5.1 Recognizer Evaluation

As mentioned in data collection, 100 distinct Amharic sentences are recorded for the purpose of
testing from four speakers for the three different Amharic pronunciation dictionaries. Before
starting the test, the acoustic data files and word level transcriptions are generated for the test
speech set. Acoustic data files that contain extracted speech features from the test set are

generated by executing the HCopy tool.

Next, the acoustic data of the test set is input to the decoder and recognized using the Viterbi
decoding algorithm. In HTK, this is done by executing the HVite tool. The inputs to the HVite

tool are the acoustic model, acoustic feature of the test set and the pronunciation dictionary.

After generating these files, the performance of the Enhanced Amharic Speech Recognition
System is measured by comparing the manually created transcription files that contain the
transcriptions of the input utterances and the reference output transcription files that contain
transcriptions of the recognized utterances. HResults matches each of the recognized and
reference label sequences by performing an optimal string match using dynamic programming.

The designed ASR model is evaluated under the Word Error Rate (WER) and Sentence Error
Rate (SER) criterion. The WER metric is the ratio of the number of recognition errors to the
number of words in the reference. The number of recognition errors is calculated as the
minimum number of insertion, substitution or deletion operations required to obtain the same
string as the reference from the recognizer output. The general difficulty of measuring
performance lies in the fact that the recognized word sequence can have a different length from
the reference word sequence. The error rate is therefore derived at the word level instead of the

phoneme level.

Substitutions +Deletions+ Insertions

WEER = X 100

#words in reference
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Sentence Error Rate (SER) is the number of sentences with at least one word error.

# of sentences with at least one word error

SER = X 100

Total number of sentences

The starting point of this research is to measure the performance of Type I pronunciation
dictionary for the four different speakers independently. This is done since any improvements or
deteriorations in recognition performance due to modeling pronunciation variation are measured

compared to the results obtained using this pronunciation dictionary.

The recognition results of the four speakers for Type I pronunciation dictionary are shown in

Table 5.1.

Table 5.1: Recognizer*s performance of Type I pronunciation dictionary

Speaker % of words % sentences
Code accurately accurately
recognized recognized
Speaker 1 94.23 61
Speaker 2 93.83 59
Speaker 3 93.76 58
Speaker 4 93.18 56

As shown in Table 5.1, the percentage of sentences correctly recognized for Type I
pronunciation dictionary are 61%, 59%, 58% and 56% for speakerl, speaker2, speaker3 and
speaker4 respectively. The percentages of words accurately recognized are 94.23%, 93.83%,
93.73% and 93.18% for speakerl, speaker2, speaker3 and speaker4 respectively. The average

percentage of words and sentences accurately recognized are 93.75% and 58.5% respectively.

The main reasons why the performance of the recognizer is low in Type I pronunciation
dictionary is the transliteration of words in Type I pronunciation dictionary fail to incorporate
cases such as epenthetic vowel insertion and gemination. Moreover, pronunciation variation is
not captured in this pronunciation dictionary though the same word may be pronounced

differently.
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Table 5.2: Recognizer*s performance of Type Il pronunciation dictionary

Speaker % of words % of sentences
code accurately correctly
recognized recognized
Speaker 1 95.28 69
Speaker 2 94.75 67
Speaker 3 94 65
Speaker 4 93.36 62

As shown in Table 5.2, the percentage of sentences correctly recognized for Type II
pronunciation dictionary are 69%, 67%, 65% and 62% for speakerl, speaker2, speaker3 and
speaker4 respectively. The percentages of words correctly recognized are 95.28%, 94.75%, 94%
and 93.36% for speakerl, speaker2, speaker3 and speaker4 respectively. The average

percentage of words and sentences accurately recognized are 94.35% and 65.75% respectively.

As shown in Table 5.2, the performance of Type II pronunciation dictionary leads to decrement
of 1.05%, 0.92%, 0.24% and 0.18% WER for speakerl, speaker2, speaker3 and speaker4
respectively. It leads to decrement of 8%, 8%, 7% and 6% SER for speakerl, speaker2,
speaker3 and speaker4 respectively. The average decrement of WER and SER are 0.6% and
7.25% respectively.

The main reason why the performance of Type I pronunciation dictionary is lower than Type 11
pronunciation dictionary is that the latter™s pronunciation dictionary contains alternate
pronunciations for some of the words in it which the former does not. Since different people
may pronounce the same Amahric word differently, an alternate Amharic pronunciation

dictionary improves the performance of Amharic ASRS.

Although there are both WER and SER reductions in Type II pronunciation dictionary, the
decrement can be take is not significant and its performance is negligible compared to the

performance of speech recognition systems for technologically favored languages.

An error analysis was done to identify the causes for the incorrect recognitions for the above
two pronunciation dictionaries. When the incorrectly identified utterances are manually

compared with the correct ones, on most of the utterances, only few phones happened to be
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incorrectly identified. This is due to the fact that most of the words in manual utterances miss
the epenthetic vowel “A”/ix/. Very few utterances are incorrectly recognized due to gemination

problem.

As shown in Table 5.1 and 5.2, there are variations in the percentage of words and sentences

accurately recognized for each speaker.

Since Type II pronunciation dictionary has alternate pronunciations for only 190 Amharic
words, the decrement in both WER and SER is not significant. Hence, the research uses
acoustic evidence transcription for all words that are found in Type II pronunciation dictionary.
Transcribing all words manually for speakerl from acoustic evidence leads to word and
sentence accuracy rate of 99.21% and 94% respectively as shown in Table 5.3. It leads to a

further decrement of 3.93% WER and 25% SER for speakerl as shown in Table 5.3.

Table 5.3: Recognizer's performance of Type III pronunciation dictionary for speakerl

Speaker % of words % of sentences
Code accurately correctly
recognized recognized
Speaker 1 99.21 94

The acoustic evidence transcription of speakerl is used for the other three speakers. As shown
in Table 5.4, the percentages of sentences correctly recognized for Type III pronunciation
dictionary are 88%, 83% and 81% for speaker2, speaker3 and speaker4 respectively. The
percentages of words correctly recognized are 98.3%, 98.1% and 97.7% for speaker2, speaker3
and speaker4 respectively. It leads to a further decrement of 21%, 18% and 19% SER for
speaker2, speaker3 and speaker4 respectively. The percentage of WER reductions are 3.55%,
4.1% and 4.34% for speaker2, speaker3 and speaker4 respectively. The average WER and SER

acquired from acoustic evidence is 3.98% and 20.75% respectively.
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Table 5.4: Recognizer*s performance of Type III pronunciation dictionary

| Average | 9833

Speaker % of words % of sentences
Code accurately correctly
recognized recognized
Speakerl 99.21 94
Speaker 2 98.3 88
Speaker 3 98.1 83
Speaker 4 97.7 81
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CHAPTER SIX

CONCLUSION AND RECOMMENDATION

This paper describes a study to enhance the performance of a speaker dependent continuous
Ambharic ASR system. This section discusses the achievements of the research, drawbacks and

possible future works to improve the work carried out by this research.
6.1 Conclusion

The primary objective of this research is to enhance the performance of speaker dependent
continuous Amharic ASR system. As this is the first work on pronunciation variation modeling
through both knowledge based and data driven approaches to enhance the performance of
Ambharic ASR, it can be said that the primary goal of the research has been achieved to a
considerable and sufficient extent. The test results show that adding pronunciation variants to
the lexicon using knowledge based approach has enhanced the performance of the Amharic
ASR for the four speakers. The test results also show that the system achieves 94% sentence
recognition accuracy and 99% word recognition accuracy for one speaker when the whole
words in the lexicon are transcribed from acoustic evidence. Using the acoustic evidence
transcription of this speaker to the other three speakers has also decreased both the WER and
SER.

Of all 3309 words in Type I pronunciation dictionary, 190 of them have pronunciation variants.
Incorporating these 190 pronunciation variants in Type II pronunciation dictionary has led to
performance increment. This shows the impact of pronunciation variations on the performance

of Amharic ASRS.

According to the error analysis, it shows that most of the incorrectly identified utterances differ
from the correct ones only by few phones especially for Type I and Type II pronunciation
dictionaries. A better n-gram based language model could potentially help reduce such error

further.

Since this research”s ASR system is trained only from four speakers (two male and two female),

the above results are accurate only for the speakers who were involved in the training. It gives a
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very low sentence and word accuracy for speakers who were not involved in training. This can

be alleviated by training the system using a variety of human voices of speakers.

6.2 Recommendation

The performance of the continuous, speaker dependent Amharic Speech Recognition System
can further be enhanced by adding pronunciation variants to all words that have pronunciation
variants in the pronunciation dictionary. This is due to the fact that the research has got
performance increment for the four speakers after adding pronunciation variants to words that

have pronunciation variants in the pronunciation dictionary.

As mentioned in Experimental Result and Analysis, the speech recognizer's performance
reaches to its highest level for one speaker when the words in the lexicon are transcribed from
acoustic evidence. Therefore, we recommend that transcribing all the words for the other three

speakers from acoustic evidence will enhance the performance of Amharic ASR for them.

In addition to these, the trained ASR model can be improved to build a speaker independent
speech recognition system by training the system using a large speech corpus representing
voices from various kinds of human voices. To gain this target, the speech corpus should consist
of not only many speakers, but also should be representative in respect age group, gender,

education levels, and dialects.

Finally, we recommend using Grapheme to Phoneme converter to transcribe all words in the
multiple pronunciation dictionary and compare its performance with the acoustic evidence

transcription performance of this research.
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Appendices

Appendix A: Transliteration Scheme

(Adopted from Sebsbie et al. (2004) work)

Ambharic | Etop Ambharic Word
symbol | font Example

T p /profieser/ professor’

T+ t /tixmhixrt/ 'education’
n k /kixb/ 'circle’

0 ax /axda/ 'credit’

gl b /bixrr/ 'Ethiopian Currency'
£& d /dixmet/ 'cat’

? g /gixl/ 'private’

& pX /pxapxas/ 'bishop'

T tx /txixtx/ 'cotton’

sg» cX /cxixra/ 'tail'

+ q /qixIliet/ 'scandal’

4 f /fixndata/ 'explosion’

0 S /sixm/ 'name’

[ SX /sxixnkurt/ 'onion’

v h /hixnd/ 'India’

X XX /xxixnu/ 'Determined'
T c /exixgixnx/ 'seedling’

e j /jixb/ 'hyena'

A m /mixn/ 'what'

7 n /nixb/ 'bee’

% nx /monx/ 'fool'

A 1 /lixb/ 'heart’

(& r /rixhruh/ 'merciful'

£ y /ayn / 'eye'

- w /wixsxa/ 'dog’

A v /nerv/ 'nerve'

N z /zixnb/ 'fly'

ar 7X /zxereggege/ | ,.stripped off"
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h /deheye/ 'he become poorer’
he u /mulu/ 'full '

A, il / iityopxya/ 'Ethiopia’

A a /arat/ 'Four'

h ie /meriet/ Land'

A X /ixnat/ 'Mother'

h 0 /bota/ "Land'
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Appendix B: The Prototype HMM

~0 <VecSizes 25 <MFCC_0_D_N_Z>

~h "proto”
<BeginHMM>
<Numstates> 5
<5tate> 2
<Mean= 25
0.0 0.0 0.0
<variances> 25
1.0 1.0 1.0
<State> 3
<Mearn= 25
0.0 0.0 0.0
<variances> 25
1.0 1.0 1.0
<State> 4
<Mean= 25
0.0 0.0 0.0
<variances 25
1.0 1.0 1.0
<TranspP= 5
0.0 1.0 0.0 0.0
0.0 0.6 0.4 0.0
0.0 0.0 0.6 0.4
0.0 0.0 0.0 0.7
0.0 0.0 0.0 0.0
<EndHMM>

oo oOD = =]

[= RV = e ) [=] [=]
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Appendix C: Fragment of the tree.hed script

RO

TR

QS
QS
QS
QS
QS
QS
QS
QS
QS
QS
QS
QS
QS
QS
QS
QS
QS
QS
QS
QS
QS

QS

QS

TR

TB
TB

TB

TR

AU
CO

ST

100.0 stats

0

"R NonBoundary" { *+* }

"L NonBoundary" { *-* }

"R Silence" { *+sil }

"R Silence" { sil-* }

"L Stops" {b-*,d-*,g-*,p-*,t-*,k-*,px-*, tx-*, *+q}
"R Stops" {*+b, *+d, *+g, *+p, *+t, *+k, *+P, *+tx, *+gq}
"L Fricatives" {v-*,z-*,Z-*,f-*,s-%, sx-*, h-*, *+x}
"R Fricatives" {*+v,*+z,*+zx,*+f,*+s, *+sx, *+h, *+x}
"L Affricates" {j-*,C-*, *+cx}

"R Nasal" { *+m, *+n, *+nx}

"L Nasal" { m-*,n-*, nx-*}

"R Ligquid" { *+1,*+r}

"L Liguid" { 1-*,r-*}

"R semivowels" {*+w,*+y }

"L semivowels" {w-*,y-* }

"R Vowel" { *+e,*+ii, *+o,*+u, *+a, *+ie, *+ix }

"L Vowel" { e-*,ii-*,o-*,u-*,a-*,ie-*,ix-* }
"y,oa" {a_*}

"R:a" {*-I-a}

", " {b—*}

"R:b" {*‘l‘b}

"L oix" {ix-*}

"R oix" {*+ix}

2

350 "ST a 2 "
350 "ST b 2 "

(nau, u*_a_'_*n, na+*n, n*_an) .State[2]

{ }
{ ("b", H*_b+*", "b+*", "*—b") .state [2] }

350 "ST_4_" { ("u, u*__|_*","+*n, n*_u) .State[4] }

"fulllist"
"tiedlist"

"trees"
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Appendix D: The Configuration Parameter
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Appendix E: Sample Word List File

abeie
gbsrskac
gbiskuta

ghlixkxa

Zix
zixrgawoc
ZOI
oottt
zonal
Sttt A

zuriiga
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Appendix F: Sample Type 111 Multiple Pronunciation Dictionary

MS_B [] 571

MNS_E [] 571

ab [ab] absp

aba [aba] a ba S?

abal [abal] aba sp

abalat [abalat] abalartsp
abat [abat] abatsp

aba :abag] aba g sp

abeba [abeba] abe a sp
abebe [abebe] abebesp
abedhu [abedhu] abedhusp
abedku [abedku] abedkusp
abeje [abeje] abeijesp
aberetac [aberetac] aberetacsp
abietuta [abietuta] abietutasp
ablixtxa [ablixtxa] ablix tx a sp
abnet [abnet] abnetsp
abrixham [abrixham] abrixhamsp
zonal [zonal] zonalsp
Zuriiva [zuriiya] Zur ii va sp
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Appendix G: Sample Master Label File

FROEE
"% /Sentencel. lab"
yeneqgemtie
sixtadiiyom
gixnbata

sixlsa

bemeto

tetxenagege

"+ /SentenceZ. lakb"
axxede

bedubay

maraton

ledixl
kkemiitxebegut
atlietoc

andwa

nss

"% /Sentencellddd. lakb"™
tekesasxu

kixrsixtvan

heno

sayfata
bebietu
i at

yasgemetxe

beixsrat

Yixgetxal
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Appendix H: Sample Prompts File

* /sentencel
* /sentence?
# fSentencel
* /Sentenced
* /sentences
* /sentences
* /Sentence?
* /sentencesd
* /sentenced
* /fsentencell
* /Sentencell
* /sentencel?
* /sentencell
* /sentenceld
* /Sentencels
* /sentencels
* /sentencel?
* /sentencels
* /Sentenceld
* /sentence20
* /sentence2l
# fSentence2
* /Sentence23
* /sentence?d
" /Sentence2s
* /Sentence?d
* /sentence??
* /sentence?l
* /sentence2d

Enhanced Amharic Speech Recognition Systems

ge
wWa nec

yenegemtie sixtadiiyom ?ixnbata sixlsa bemeto tetxenage
axxede bedubay maraton Tedix] kemiitxebequt atlietoc an
txixrunesx beledenbra ager agwaracx wixddixr asxenefec

beiityopxya yenmietbol sixport ixndiisfafa ixngixliiz tixdegfalec
ﬁemeqe1ie sixtadiiyom yemejemeriiyaw mixraf gixnbata tetxenagege

aylu betokiiyo maraton asxenefe
txeyba bebosten maraton Tedix] tixtxebegalec
gefiediera1 maremiiya bietoc sixport kixleb adiis yesra askiiyaj komiitie meretxe

egana yehiiyusten maratonn kixbre wesen bemasxasxal asxenefe

haylie bemancester yegodana rucxa ledix1 yixtxebegal

bixzunesx bemumbay maraton Tedix] tixtxebegalec

fiedieriesxixnu baxxedegacew memeriiyawoc kebaledrixsxa akalat gar teweyaye

haylie beniiwyork gixmasx maraton wixddixr yixkafelal

hunenxaw besﬁﬁen yeager agwaracx wixddixr asxenefe

belaliibela ketema talaqu rucxa tekahiede

keafriika haya amixst mixrtx sixportenxoc iityopxyawyan gixnbar gedem sixfra yixzewal
genzebie begient yeand sxii amixst meto mietixr rucxa asxenefec

5iiraj berom yemaraton wixddixrn bebado ixgixru bematxenageq tariik asmezegebe
iityopxya ledoha wixddixr bemeseret defar yemiimera budixn tixlkalec

tawagii atlietoc bemiigenxubet behawasa ketema yerucxa wixddixr yixkahiedal

1ewe1dﬁx%a sixtadiiyom gixnbata yemiiw]l gebii masebaseb tejemere

xxe?aye ebede belenden maraton asxenefe

haylie yetalagu mancester rucxa wixddixrn asxenefe

geneniisa bedohaw yedaymend 1iig wixddixr aysatefixm

jityopxya beolompiik lemesatef zixgjixt ixyaderegec new

beager agef dereja beteleyayu ¥esg0rt aynetoc sixltxena ixyetesetxe new

sixqien yealem wancxan yasxenefecbat gwas becxereta seba arat sxiih dolar awetac
lealem wancxa bekokebnet asixr tecxawacoc tacxu

jityopxya be asixra sostenxaw yealem wetxatoc sxampiiyona yeamsixtenxa derejan agenxec
i sko betekabiedu werucxa wixddixroc asxenefu
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Appendix I: Sample Phone Level Transcription
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Appendix J: List of HTK commands used

HTK command Function
HParse It generates a word level lattice file from a text file
HDMan It prepares a pronunciation dictionary from one or more sources.
It reads in a list of editing commands from an edit script file and then
HLEd makes an edited copy of one or more label files.
HCopy It automatically converts wav files into MFCC vectors
HCompV It calculates the global mean and covariance of a set of training data.
HHEd It is mainly used for applying tyings across selected HMM parameters.
It is used to perform a single re-estimation of the parameters of a set of
HERest HMMs
It is a general-purpose Viterbi word recognizer. It s match a speech file
HVite against a network of HMMs and output a transcription for each.
It is the HTK performance analysis tool. It reads in a set of label files
HResults from a recognition tool and compares them with the corresponding
reference transcription files.

HDMan Parameters

e -m: It merges pronunciations from all source dictionaries.

e -n monophonesl: It outputs a list of all distinct phones encountered to file
monophones1.

e -l dlog: It writes a log file to dlog. The log file will include dictionary statistics and a
list of the number of occurrences of each phone.

e -w wordlist: It loads the word list stored in file wordlist.

HLEd Parameters

e -] "' It causes a label file named xxx to be prefixed by the pattern"*/xxx" in the

output MLF file.
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e -ddict: It reads a dictionary from file dict and use this for expanding labels when the
EX command is used.

e -i mlf: It specifies that the output transcriptions are written to the master label file
mlf.
HCopy Parameters

e -C wav_config: It specifies a configuration file wav config

HCompV

e -C config: It calculates cluster-based mean/variance estimate.
o -ff: It creates variance floor macros with values equal to f times the global variance.
e -m: It updates the means and variances.

e -M hmmO: It outputs HMM macro model files in the directory hmmoO.

HHEd
e -H filename: It loads the file filename.
e -M dir: It outputs the files in the directory dir.
HVite
e -l dir: It specifies the directory to store the output label files.
e -bsilence: It uses silence as the sentence boundary during alignment.
e -H file: It load HMM file.
e -ialigned.mlf: It outputs transcriptions to MLF aligned.
e -y lab: It sets the extension for output label files to lab.
e -[words.mlf: It loads the master label file words.mlf.
HResults:

e [ mlif: It loads the master label file mif.
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Appendix K: Amharic Text Corpus

1. Q199> AF909° 1103 60 Noof +mGPd

2. AL 0502 9917 ALA Tt AtAAT A28, T

3. P& NAL7NE AIC ARG O-R0:C AT

4, WAEXE 0 H0A A7 CF AT8.044 A7I0H TLAGNT

5. Papp(, (409 Qa0 AL 0D+ JONCG: TV F Haf b

6. 224 AP TIeF7 A,

7. 20 ANOHT TIAT ALA T PAT

8. P48l T171L (LT AZ°CH DA AN 247 RANLEE: 1ok aodm
9.09G LT TRTT N ONT NTTATA AlTIE.

10. 20 NTFFATC 028G 47 ALA LMOFA

11. QKT (9o90L, TI4RT AL TN PAT

12. 4,860 NRLFFD- avavlePF NANLCAH ANAT IC T02P

13. 220 050+ ©Ch 97T T16F7 O-22C LndAA

14, 0150 OAFT PAIC ARG D-££:C AT

15. 0AA.NA 0197 FAdk o8 Hnch.L

16. hhgdh 25 °CT A7 CHET AFEK P07 TIC PLI° Gl LHPA
17. THHO O3 01500 9%C $8 AQ14TF

18. (LE-F* (TP 0TI FT D-LLCT 102 A4 NTInG PP F¢h AharHIN
19. AFPRE ALY O-L&C oPw it R4C 071004 (F£7 TFAAT

20 3P¢ AttetT NCLTTOF (7P o7 9408 M.LLC LNESA

21. ADALS AFA09° 10T eT1.@-A 1. “INNAAN +E oL,

22. 22% N0L NAILT TR AT,

23. 280, 1A%k TIPENHC 407 DL LCT A1

24. P70 (&Y D+ 088,077 (7 OLLC ALATEIP

25. A& NANIPTH AGPATe HTB T AP LLTT 1M+
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http://www.ena.gov.et/AmharicNews/2011/Feb/01Feb11/132637.htm
http://www.ena.gov.et/AmharicNews/2011/Jan/02Jan11/130199.htm
http://www.ena.gov.et/AmharicNews/2010/Jan/09Jan10/104000.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/24Mar11/136558.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/09Mar11/135310.htm
http://www.ena.gov.et/AmharicNews/2011/Feb/27Feb11/134628.htm
http://www.ena.gov.et/AmharicNews/2011/Feb/13Feb11/133447.htm
http://www.ena.gov.et/AmharicNews/2011/Feb/04Feb11/132839.htm
http://www.ena.gov.et/AmharicNews/2011/Jan/31Jan11/132531.htm
http://www.ena.gov.et/AmharicNews/2011/Jan/21Jan11/131738.htm
http://www.ena.gov.et/AmharicNews/2011/Jan/07Jan11/130641.htm
http://www.ena.gov.et/AmharicNews/2011/Jan/04Jan11/130353.htm
http://www.ena.gov.et/AmharicNews/2010/Jan/21Jan10/104750.htm
http://www.ena.gov.et/AmharicNews/2010/Jan/11Jan10/104087.htm
http://www.ena.gov.et/AmharicNews/2010/Jan/11Jan10/104079.htm
http://www.ena.gov.et/AmharicNews/2010/Jan/07Jan10/103847.htm
http://www.ena.gov.et/AmharicNews/2010/Feb/15Feb10/106486.htm
http://www.ena.gov.et/AmharicNews/2010/Mar/22Mar10/108901.htm
http://www.ena.gov.et/AmharicNews/2010/Mar/02Mar10/107545.htm
http://www.ena.gov.et/AmharicNews/2010/Apr/30Apr10/111550.htm
http://www.ena.gov.et/AmharicNews/2010/Apr/09Apr10/110107.htm
http://www.ena.gov.et/AmharicNews/2010/Apr/25Apr10/111183.htm
http://www.ena.gov.et/AmharicNews/2010/May/16May10/112806.htm
http://www.ena.gov.et/AmharicNews/2010/May/09May10/112208.htm
http://www.ena.gov.et/AmharicNews/2010/May/07May10/112076.htm

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

OAC APG £LE OFALR 007 CT A2 rRT 27AmS heHam 10+

OF7 PAA9° PromyY PTIATOT i Nemud S 740U £AC AONTF
AGAT° P58, ANt 10 +BPYF Fems

AFCXP N13F @ PGAI° ONPF GIOTLG PATPNET £LET ATTT
KL P@-P7 (POD (HNLS. 0467 DL LT Ali14«

PATERP NEEP PhIC Wi (877 AAATT ATFIANHE 10+

Av 3@ 0h%.0 AN PhART NAhAF APPTOT PE9% M.L.L0C %L
PASA ANO P84 PONA O-L&C A5 AL SNEIA

A8 RLACHTE AF91 OMETF 207" CF NAMS APAM 10+

PAGAGC POMTF AN9PTH ACTEG ((L2D7°C hOTHNLL 10

260 O0CA7 070 ALY TBHC AN,

ALA NAHAT 971 7177 A4,

L0-N Asgh LOHGITF D AAI° Pr, FAP Ot eHaPHINOF ATRING 4.4 AR
Pavp, (19090 AAT APHLLIN Tt 10

aow (it 09avd: PG WHATTE 9PComT NP9l AL T

PAACLE hOIC Tl 4,24 T7 MPAA TOh, HEaVL,

¢~ A1 RICT 007" CF QPTG P avc,

PHILCD- 030k 4B, @R L:C °HIN +mGPP

a0k OCH hHY AAT° (92 AP

AHAOLDG (1 O AR 7 DT AlT19«

P80, 47, 001037 ThDAT LH A7RIICDPD- 51,

Lol NPT AN IFT AL HULD-T ACIPE AZLTLONL 1A
2.0, PANTTTT PIPTLILI POCT O WA T TP, 18900 AT, hPaPE- 1D
Altén PAG SN 0900t el R PF A +iAaP

V1C hbg P&+ APV +E0E 007G LN 078G HBave,
PhadeT 007G @8 2:C 9°CT 07 CHTTT 01661 LaTFAA

V1C hbé- PhetG +ouCt +2o9t 007 CF &0EAN TGP
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http://www.ena.gov.et/AmharicNews/2010/Jul/24Jul10/117807.htm
http://www.ena.gov.et/AmharicNews/2010/Jul/18Jul10/117356.htm
http://www.ena.gov.et/AmharicNews/2010/Jul/10Jul10/116823.htm
http://www.ena.gov.et/AmharicNews/2010/Jul/26Jul10/117883.htm
http://www.ena.gov.et/AmharicNews/2010/Jun/28Jun10/116067.htm
http://www.ena.gov.et/AmharicNews/2010/Jun/27Jun10/116038.htm
http://www.ena.gov.et/AmharicNews/2010/Jun/13Jun10/115033.htm
http://www.ena.gov.et/AmharicNews/2010/Jun/01Jun10/114194.htm
http://www.ena.gov.et/AmharicNews/2010/Aug/25Aug10/120090.htm
http://www.ena.gov.et/AmharicNews/2010/Aug/15Aug10/119326.htm
http://www.ena.gov.et/AmharicNews/2010/Aug/23Aug10/119905.htm
http://www.ena.gov.et/AmharicNews/2010/Sep/27Sep10/122230.htm
http://www.ena.gov.et/AmharicNews/2010/Sep/26Sep10/122152.htm
http://www.ena.gov.et/AmharicNews/2010/Sep/16Sep10/121455.htm
http://www.ena.gov.et/AmharicNews/2010/Oct/26Oct10/124388.htm
http://www.ena.gov.et/AmharicNews/2010/Oct/08Oct10/123019.htm
http://www.ena.gov.et/AmharicNews/2010/Oct/04Oct10/122680.htm
http://www.ena.gov.et/AmharicNews/2010/Oct/16Oct10/123718.htm
http://www.ena.gov.et/AmharicNews/2010/Dec/16Dec10/128801.htm
http://www.ena.gov.et/AmharicNews/2010/Nov/21Nov10/126618.htm
http://www.ena.gov.et/AmharicNews/2010/Nov/03Nov10/125124.htm
http://www.ena.gov.et/AmharicNews/2010/Nov/05Nov10/125311.htm
http://www.ena.gov.et/AmharicNews/2010/Nov/15Nov10/126073.htm
http://www.ena.gov.et/AmharicNews/2009/Jan/18Jan09/78254.htm
http://www.ena.gov.et/AmharicNews/2009/Feb/21Feb09/81233.htm
http://www.ena.gov.et/AmharicNews/2009/Mar/22Mar09/83379.htm
http://www.ena.gov.et/AmharicNews/2009/Mar/08Mar09/82397.htm

53. PAFEXE WIC W 4Ll ANGPLSR DTIE NG U137 ATT

54, AATLC PALALS A7, Z3 k8.0 ANO 10

55. P41 AGAI° AD-L0 AZ°CH A%, QAT et

56. T30 4AI° PGavd: hin(l R PF e A

57. .40 KC B0 AT08 AR Fhedt aPhmk? Al o

58. Wttt T4T0 N0OTT 48 FatdAT

59. AT471.LC A+ @-2C 27 (F&FTT ATLTLNLN L. Ll Tl AT OP

60. A% PAACKEL A%IC Ml 4,867 276-0-7 (184 Bavl,

61. PAFLRL A%C A0 4.84107 MPAL T0% PARIP av\sB), AT

62. NASEN P, 99 (17 (0T P

63. A0t POt £4C (13 LY “LHC 0T OO O-£8:C AT

64. PACTLE hAA O7°CH AT 087 taq +eav,,

65. Attt 520, hAa zacatk Phnc 494 -Hihao

66. A4 NAAT ONAD- A4 AT 29I043F QAT am

67. Attt 208 DL 0T340 TIRT DL &C 4NF A% (710 HI AT
68. LE 7 ATLNELD- AP Th AFEXE ANLALDT HE (1992:4°1 AL G
69. N71Len.0« N+97 +TIND- PhFALNA TIAAME TIONA +avlb

70. (& F PRA hlC (L& U-0F AW Al

71. AHe%P 0100 TG POILT -2 C W1 T

72. 165 @+ Phesn AtAthi PTG £99% A7LINC 10

73. CAHEEE Nchd- (1877 1970 LCHT 1\ AOSTE Al

74. 0A%.0 ANA T QA 48417 PHIE D Gav P 0 7°CF O-LL:C +mTPe
75. ARHO%A 2°Chl HAL h-0Z0AT ANLT

76. 0&NZ NCY? 9T v-AT0 HaOGP (F8.8:9° he-+T710 -

77. &4 hP%E7T NANI°hPs: MRRTS A1 L.

78. P&10 09687 o oo T

79. 1 NF6 AdPLavs P LH, PANIPTH “L8AL ATTT
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http://www.ena.gov.et/AmharicNews/2009/May/26May09/88412.htm
http://www.ena.gov.et/AmharicNews/2009/May/17May09/87655.htm
http://www.ena.gov.et/AmharicNews/2009/Apr/18Apr09/85461.htm
http://www.ena.gov.et/AmharicNews/2009/Jan/18Jan09/78254.htm
http://www.ena.gov.et/AmharicNews/2009/Jan/11Jan09/77731.htm
http://www.ena.gov.et/AmharicNews/2009/Jan/09Jan09/77608.htm
http://www.ena.gov.et/AmharicNews/2008/Jan/25Jan08/48733.htm
http://www.ena.gov.et/AmharicNews/2008/Jan/18Jan08/48191.htm
http://www.ena.gov.et/AmharicNews/2008/Jan/03Jan08/47074.htm
http://www.ena.gov.et/AmharicNews/2008/Feb/10Feb08/49995.htm
http://www.ena.gov.et/AmharicNews/2008/Feb/05Feb08/49528.htm
http://www.ena.gov.et/AmharicNews/2008/Mar/10Mar08/52300.htm
http://www.ena.gov.et/AmharicNews/2008/Apr/23Apr08/56165.htm
http://www.ena.gov.et/AmharicNews/2008/Apr/07Apr08/54646.htm
http://www.ena.gov.et/AmharicNews/2008/May/30May08/59102.htm
http://www.ena.gov.et/AmharicNews/2008/May/29May08/58936.htm
http://www.ena.gov.et/AmharicNews/2008/May/05May08/57019.htm
http://www.ena.gov.et/AmharicNews/2008/May/01May08/56717.htm
http://www.ena.gov.et/AmharicNews/2008/May/03May08/56931.htm
http://www.ena.gov.et/AmharicNews/2008/Jun/23Jun08/60982.htm
http://www.ena.gov.et/AmharicNews/2008/Jun/30Jun08/61483.htm
http://www.ena.gov.et/AmharicNews/2008/Jul/30Jul08/64049.htm
http://www.ena.gov.et/AmharicNews/2008/Jul/28Jul08/63927.htm
http://www.ena.gov.et/AmharicNews/2008/Aug/22Aug08/66123.htm
http://www.ena.gov.et/AmharicNews/2008/Aug/12Aug08/65310.htm

80.

AC 0 24T AANAMET Pav<@ a9q7P AAMS LAMA

81 PANTPS LY RCP 4160 PATIC ' hAN AOAT FdaD:

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

10k (-CP hA18T

@O/t MOETFICT O HNEL®- it QLU TLC o8 Aid T

PO P41 200G AT AUF LO0F A ACYHT NEL

NAACEE A9C W .2l TF AG 44 aPNA P10 A0t ao§AY AT
OLE 7 Aeg®Th A+até a1t +am

PHAE o8, M-L&C ANTCHG LH (A%0 ANO et +hEL

L0 (ATZN OHNELAy ¢ T8 MRLE Al é.

T4 00 AG 124 MPA AGAT° P°CT AT Fems

PEHNLECLA PAAGLPT AGE P17 ARFERE (G WH8.aPAN OV :
ANQ 780 NSRELL LTIDTET b @<L 2C Al1E.

PA%IC W0 AL 09T ATIRRIP N9LLOTA Lbd 70 AL DLLT heHNYL h-
NAACEL A9C W Lol T WG &4 aPhhA PHNELM- M-2.27+ PA DMt +mGPd
A0 PRI AOCTLTTIP 0 OO O-8C FdANT

PAVLLT ATAAT OATELP ATPIOL P8

KO N1CYS 1808 99887 PTTTO7 POCP TB8AL AWIMM T946L09° AT
PATEEP NG (87 NGL B 6D WFD- +{1e.
RSP (4G LT ATE.

4P 3.0 bhl 20\ AL U1

100. PA%.0 ANO AF4EI° AeFLA 10

101.

NATEXPS NGA9° O7h avahd PNLC AIPFOLT td.lav:

102. PA4.0 718 AR OHC +héot

103. 71904 14w 50047L0AM: APTF 0 A&A ANTTEA A

104. Pe31C @28 ACH ALCT NP0 AVA &ATFAT Fie

105. N7728C 097 P 0P TII°LF AERERI° 100

106. h17 A 224 (AL 0AC Athat 9°CT +anan
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http://www.ena.gov.et/AmharicNews/2008/Aug/06Aug08/64583.htm
http://www.ena.gov.et/AmharicNews/2008/Aug/06Aug08/64577.htm
http://www.ena.gov.et/AmharicNews/2008/Sep/20Sep08/68391.htm
http://www.ena.gov.et/AmharicNews/2008/Sep/15Sep08/67959.htm
http://www.ena.gov.et/AmharicNews/2008/Oct/26Oct08/71420.htm
http://www.ena.gov.et/AmharicNews/2008/Oct/16Oct08/70554.htm
http://www.ena.gov.et/AmharicNews/2008/Oct/02Oct08/69378.htm
http://www.ena.gov.et/AmharicNews/2008/Nov/23Nov08/73837.htm
http://www.ena.gov.et/AmharicNews/2008/Nov/11Nov08/72790.htm
http://www.ena.gov.et/AmharicNews/2008/Nov/06Nov08/72351.htm
http://www.ena.gov.et/AmharicNews/2008/Nov/30Nov08/74447.htm
http://www.ena.gov.et/AmharicNews/2008/Dec/21Dec08/75994.htm
http://www.ena.gov.et/AmharicNews/2008/Dec/04Dec08/74751.htm
http://www.ena.gov.et/AmharicNews/2008/Dec/25Dec08/76417.htm
http://www.ena.gov.et/AmharicNews/2007/Dec/27Dec07/46434.htm
http://www.ena.gov.et/AmharicNews/2008/Jan/30Jan08/49162.htm
http://www.ena.gov.et/AmharicNews/2010/Apr/30Apr10/111577.htm
http://www.ena.gov.et/AmharicNews/2010/Dec/23Dec10/129364.htm
http://www.ena.gov.et/AmharicNews/2009/Apr/27Apr09/86076.htm
http://www.ena.gov.et/AmharicNews/2009/Apr/23Apr09/85785.htm
http://www.ena.gov.et/AmharicNews/2009/Apr/14Apr09/85121.htm
http://www.ena.gov.et/AmharicNews/2009/Apr/08Apr09/84679.htm

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

127.

128.

129.

130.

131.

132.

133.

(ACA. F7 n145 ALY te2d4 9°CP HC HTThA

(070, @24 400 B oot NATA THha HIEGA

POAT AT TEENT A170 TLY BT £2¢- P& M7 TLi0ES A F 0P
AACLLS (1497 aPhhd PAD- 07918 TTFI +mShe PTAA
PATIINN QAV-OPT QAR AT00TF ATILL &A1 KISATFO- 1R
a0t AT LCERFT OL 10 LHI ATIHPOC FPLA

ne-Nl hAd h43 A #7 e7L0AT (6 ATIANAR 109 4N

PA4.0 ANO av4 TAT he-+hAa 10

At DI 490 A9°G Aot L4 h&LT

avp, RUACAL NETT 00T £9G AT

PAPRS APC 9071 OL FTHU- W80 (14é- Bave.

908 O7h 0.0, nHo7 AT PCTRE Ndot

PR DA 1PSPF LM QUA ALLT 10+ +0A

M1e9°E 0t AQAUORT .98 +am

(A4-C hAA 968 BLY 1A 9°CT +TT

PACTLY ATHFCTASA O7h (E nho? $CTRe ot

0L:&L2P CRCFPRCP 4040 I F AFav,,

OCP NG Phe AR E PO TS NG LT hEATT 10

fict? 15 LAL7 NC P9I04-4.9 103 A.FN%L 10~

W28 PHATT 0PI PATS ATILITT PULEATA chl ATCAT FCANT
PY7C MICS 9°CIC TI0NA PN TILAN FNTAE, APNG4- 10
LLNT TIRNE 426710 +RI° A1 (LAPT NC NLC Am

GAP° APE P71L ACh hed

ACTLE ATINC PLI° ACH KhRCT AT +am

0A877 QAT 10T AL P41 e9°hinC D757 ThEL

PAGC DA PARTHS HEINECTLAT AP L AD-LLT PN

av PNt AN @+ 77\ A, PACNF ALS VRO hPTADM 10+
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http://www.ena.gov.et/AmharicNews/2010/Dec/29Dec10/129866.htm
http://www.ena.gov.et/AmharicNews/2009/May/31May09/88785.htm
http://www.ena.gov.et/AmharicNews/2009/Aug/22Aug09/95220.htm
http://www.ena.gov.et/AmharicNews/2009/Aug/02Aug09/93784.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/28Mar11/136944.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/28Mar11/136953.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/28Mar11/136907.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/20Mar11/136188.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/15Mar11/135811.htm
http://www.ena.gov.et/AmharicNews/2010/Nov/05Nov10/125326.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/07Mar11/135178.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/07Mar11/135166.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/04Mar11/135020.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/04Mar11/135008.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/02Mar11/134836.htm
http://www.ena.gov.et/AmharicNews/2011/Feb/28Feb11/134695.htm
http://www.ena.gov.et/AmharicNews/2011/Feb/28Feb11/134710.htm
http://www.ena.gov.et/AmharicNews/2011/Feb/23Feb11/134285.htm
http://www.ena.gov.et/AmharicNews/2011/Feb/23Feb11/134301.htm
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http://www.telecom.net.et/~ena/archiveamharic/MESKERME2001/73302.0810.htm
http://www.telecom.net.et/~ena/archiveamharic/PAGUME2002/96085.0609.htm
http://www.telecom.net.et/~ena/archiveamharic/NEHASE2002/95719.0109.htm
http://www.telecom.net.et/~ena/archiveamharic/HAMLLE2002/93957.0308.htm
http://www.telecom.net.et/~ena/archiveamharic/HAMLLE2002/93674.2907.htm
http://www.telecom.net.et/~ena/archiveamharic/HAMLLE2002/92973.1707.htm
http://www.telecom.net.et/~ena/archiveamharic/HAMLLE2002/92841.1507.htm
http://www.telecom.net.et/~ena/archiveamharic/HAMLLE2002/92699.1207.htm
http://www.telecom.net.et/~ena/archiveamharic/MEYAZI2002/86988.1504.htm
http://www.srsinfo.gov.et/index.php?option=com_content&view=article&id=197:2010-01-21-20-49-24&catid=68:news-in-amharic&Itemid=158
http://www.srsinfo.gov.et/index.php?option=com_content&view=article&id=222:2010-01-25-13-50-27&catid=68:news-in-amharic&Itemid=158
http://www.srsinfo.gov.et/index.php?option=com_content&view=article&id=204:2010-01-23-17-11-27&catid=68:news-in-amharic&Itemid=158
http://www.ethiopianreporter.com/index.php?option=com_content&view=article&id=5482:2011-03-27-07-24-58&catid=98:2009-11-13-13-41-10&Itemid=617
http://www.ethiopianreporter.com/index.php?option=com_content&view=article&id=5485:2011-03-27-07-31-30&catid=100:2009-11-13-13-45-06&Itemid=619
http://www.ethiopianreporter.com/index.php?option=com_content&view=article&id=5508:2011-03-27-08-13-01&catid=125:2009-11-20-12-44-23&Itemid=605
http://www.ethiopianreporter.com/index.php?option=com_content&view=article&id=694:2009-12-23-07-52-57&catid=98:2009-11-13-13-41-10&Itemid=617
http://www.ethiopianreporter.com/index.php?option=com_content&view=article&id=552:2009-12-09-11-36-21&catid=98:2009-11-13-13-41-10&Itemid=617
http://www.ethiopianreporter.com/index.php?option=com_content&view=article&id=482:2009-12-02-11-12-44&catid=98:2009-11-13-13-41-10&Itemid=617

299. NFA® (Lt 2727 A0F110 PAD- (VF AATEEP MPAL TLLNFCT otk 10A

300. A& L AAYTR WIC 1T -F0A

301. 778C eu0CAA LATIN@D- HOPGR 9927 VRIS PATHA +avld
302. PALP hBL MG NP HIPGP AP0 NACST ATT

303. P40 9°F (A7 Aevhahd Wi+ Aetam 1o-

304. (kG PG N7 AgPhAhA A7L7Le0TA Havaht

305. %A 0ho? A28 OEHE At (v VAGHT NNAT° +1470

306. 1h4C PAINNVT U &TC NONT TLAL? 6,07

307. AhAAT APPO-ATOTFT TIN4L7 PG TN TLLAEC A0TOP
308. il tO: Tot AAD- 8mu§ TEI° A1ANCT TITTH £10PA

309. N29°0.4 hAd Pne™iS 07708 0t HavF @ avs,

310. P778C RLACA PATHA PURSTH 0427 UNIG TI8hA Ahet -
311. 0A4C hAA 12 MG +279 he+110- 10+

312. 0437 P AM,S @ HCE PParm- AI0FY AT ShHA 7PGE +damd
313. PRANLANCY? SdL-i PTHA SN PUNIPG ATA AT APAM 10+
314. P87 HGA PATHA ALLT Vava97 12 hh9°G hLL1

315. TUNLOA APE MG LYY HU0LP ATIRLA TLA a0 AN
316. PA871 POTHA 0420008, UNIPG aageP T +ha

317. Neé-® 0221 P°H (W EES TEI® Ot heOaPHIN 10+

318. P40 (LB PATHA <1703 25 havd PUA +hGO-GA

319. PAA9° P 7AC P77 N9TPANT DA ANO PACIC TH +NLL

320. GA9° AP PLOCA.WNTT N4 (A5 ANO +neot

321. PANAI® LT TICLT® Le.L- PATHA 1AL 170 95 (oot +nG DY
322. NaT AL 1L AN P91L9°E APT &TC KPP0 10

323. P0197¢- PG 4270 hAE N80 (1AL 1CATY Adavle

324. N9P0LA ACTIPP @24 ATLTIND- PATHA Pavlt £7308 +MA

325. +8. H7 h38 Ly NAL APT PhT ARIL. PRI° J°CaVL h&LT
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http://www.ethiopianreporter.com/index.php?option=com_content&view=article&id=5476:2011-03-27-07-15-24&catid=98:2009-11-13-13-41-10&Itemid=617
http://www.ena.gov.et/AmharicNews/2011/Mar/16Mar11/135843.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/03Mar11/134894.htm
http://www.ena.gov.et/AmharicNews/2011/Jan/24Jan11/131920.htm
http://www.ena.gov.et/AmharicNews/2011/Jan/16Jan11/131304.htm
http://www.ena.gov.et/AmharicNews/2011/Jan/08Jan11/130699.htm
http://www.ena.gov.et/AmharicNews/2011/Jan/04Jan11/130409.htm
http://www.ena.gov.et/AmharicNews/2011/Feb/18Feb11/133907.htm
http://www.ena.gov.et/AmharicNews/2011/Feb/18Feb11/133901.htm
http://www.ena.gov.et/AmharicNews/2011/Feb/18Feb11/133877.htm
http://www.ena.gov.et/AmharicNews/2011/Feb/04Feb11/132798.htm
http://www.ena.gov.et/AmharicNews/2011/Feb/03Feb11/132771.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/25Mar11/136707.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/19Mar11/136150.htm
http://www.ena.gov.et/AmharicNews/2011/Mar/01Mar11/134757.htm
http://www.ena.gov.et/AmharicNews/2010/Jan/29Jan10/105350.htm
http://www.ena.gov.et/AmharicNews/2010/Jan/29Jan10/105372.htm
http://www.ena.gov.et/AmharicNews/2010/Jan/24Jan10/104938.htm
http://www.ena.gov.et/AmharicNews/2010/Jan/03Jan10/103634.htm
http://www.ena.gov.et/AmharicNews/2010/Feb/28Feb10/107427.htm
http://www.ena.gov.et/AmharicNews/2010/Feb/27Feb10/107384.htm
http://www.ena.gov.et/AmharicNews/2010/Feb/24Feb10/107165.htm
http://www.ena.gov.et/AmharicNews/2010/Feb/13Feb10/106380.htm
http://www.ena.gov.et/AmharicNews/2010/Feb/13Feb10/106362.htm
http://www.ena.gov.et/AmharicNews/2010/Feb/08Feb10/106021.htm
http://www.ena.gov.et/AmharicNews/2010/Mar/31Mar10/109571.htm

326. NAFEEP 2hAGTH MG AT NG FPPUCTH 700 T10PE 84 1P
327. 00937 7IC 20010 POT.HA VIR 0£ATT 7101440 TG
328. 22014 TICHN L4.L-0 PATFA PUNIPG avAL PP T (\ACST ATT
329. 099°0LA hAA ANC MG NOLLEPT +1il

330. 099°0LA DAA PhL0 ACFFT AP T LA W19.84° Tanfd
331. A9°aeP @A) eHTIO0 POT.FA Havdd

332. A%0 ANO @A &S PATHA A710 10

333. 9A9° A4 140D 7 AN AND OO F0 PA

334, 0mu.G TRV §AFF aow et 9841 a0t TG hPCOT ALHLD 10+
335. NARS @24 h7 TLA87 NG 0AL S+710 8myS +RTt g Favs.
336. P2A9° PhAAF 7 A%0 ANO @A OAHAR A-NAN A0 PA
337. 0AL?P 4 TLAL7 1C N9.m,2 emuG NLE 710

338. PPt 478G APCOT KLU PAAD AI0C hPNGLA 10
339. NA.577 B L7100 MG NPT avhnd 62+ taGdd

340. N0A H7 1100 “9.A4.87 1C M5 +R9F 0705 he+NEL 1o
341. 0A71- hAA 0O @248 -0t MG NLEPT 120 +msbd
342. NavA Y16+ 2953 MG NLPF 1203 19°4-m7 AL 10

343. P949° 8m,§ 7 PnHIOT ALTHS MG NTLA av4 A 11 2NNA
344. 03 170 6 TLAL7 OC P10 MG NLLPTF Aé- Bavs

345. AA9° AP& (D¢ PT1L6RNNT 7 NAFTES LNNSA

346. 07¢- MGG OPLF AAOY® (NTF PTIOAT 0L GG -

347. 0904 hLCH B MG AR 03 heHN3EL, 10

348. 19°he-0l OAD BY HT10+ 19 MG NPT +avld:

349. A &P 135@7 3AP° 4PE MG AmAOP 1% FOFGAKAT
350. PPATH0T A1t S6ECT° 24 841

351. 8m.597 G HavF A NLL: 10

352. (+G ao MM SATPFS PRI NIACT AgvhAhA 24840
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http://www.ena.gov.et/AmharicNews/2010/Mar/30Mar10/109504.htm
http://www.ena.gov.et/AmharicNews/2010/Mar/30Mar10/109483.htm
http://www.ena.gov.et/AmharicNews/2010/Mar/27Mar10/109321.htm
http://www.ena.gov.et/AmharicNews/2010/Mar/27Mar10/109258.htm
http://www.ena.gov.et/AmharicNews/2010/Mar/26Mar10/109243.htm
http://www.ena.gov.et/AmharicNews/2010/Mar/26Mar10/109195.htm
http://www.ena.gov.et/AmharicNews/2010/Mar/25Mar10/109114.htm
http://www.ena.gov.et/AmharicNews/2010/Mar/12Mar10/108205.htm
http://www.ena.gov.et/AmharicNews/2010/Mar/12Mar10/108190.htm
http://www.ena.gov.et/AmharicNews/2010/Mar/12Mar10/108222.htm
http://www.ena.gov.et/AmharicNews/2010/Mar/11Mar10/108134.htm
http://www.ena.gov.et/AmharicNews/2010/Mar/05Mar10/107722.htm
http://www.ena.gov.et/AmharicNews/2010/Apr/30Apr10/111562.htm
http://www.ena.gov.et/AmharicNews/2010/Apr/27Apr10/111283.htm
http://www.ena.gov.et/AmharicNews/2010/Apr/27Apr10/111269.htm
http://www.ena.gov.et/AmharicNews/2010/Apr/21Apr10/110849.htm
http://www.ena.gov.et/AmharicNews/2010/Apr/15Apr10/110490.htm
http://www.ena.gov.et/AmharicNews/2010/Apr/06Apr10/109917.htm
http://www.ena.gov.et/AmharicNews/2010/Apr/06Apr10/109886.htm
http://www.ena.gov.et/AmharicNews/2010/May/30May10/114043.htm
http://www.ena.gov.et/AmharicNews/2010/May/28May10/113972.htm
http://www.ena.gov.et/AmharicNews/2010/May/11May10/112354.htm
http://www.ena.gov.et/AmharicNews/2010/May/06May10/111997.htm
http://www.ena.gov.et/AmharicNews/2010/May/04May10/111864.htm
http://www.ena.gov.et/AmharicNews/2010/May/04May10/111761.htm
http://www.ena.gov.et/AmharicNews/2010/Jun/28Jun10/116071.htm
http://www.ena.gov.et/AmharicNews/2010/Jun/23Jun10/115797.htm

353. (19°00, OL8 110 MG LTV A0t Bavd.

354. DACINGG @AL: OC (HEH AT av Pt LANTFD-9° +0A

355. NA9%7 778C 215 MG NOLPF 1903 het+hiLe -

356. MA 4P ChT. P27 P2 aPhADe DT AL0T 10

357. AAPLP OO PO F74F LarhAng W0t avamet +-gavs,

358. A4 P MG av@ut ACYT 4910 AP 100

359. NAFe%P NCh T AT ANTLAT ACTHS 20N

360. 120+ O PM.S AT 147 95 (1avf L0

361. 109°0,A4 hAA ©07 AgPhANA P11 Pt MMe 1 WP 10
362. PALA bl PATHA 110 +mSGPd

363. Pavt o7 PATHA 1103 +mGPbed

364. IR LAY LCP-F MO0 hAGT MM.ST AT AL AP 10
365. AA9° AP met TIPOT 7 (AS0 ANN F+h(d

366. AR LT MN& NSO HCF 06 NTLASE 23 AR @22+ AhgS.

367. AFEXP AL 18 YT

368. PhegP .60 POTHA 170 1974 m7 AL -

369. (19°A¢ héCB HY D227 LV NAL PAAD ANC H(l-6h,
370. 970 k9 073 170 1 79487 G PATHA AT10 1o
371. (ooA®- Y14k CAGHT 9T HP NAA::

372. 0A°%7 TP HY one™ hhat A

373. 00N AHOT hAA P& avhah® Wkt 8 anl,

374. 080 HWIFT 099741 HovF +nBeL
375. P24 TavH DA PG 1147 78 (oo L4N
376. PaAAI° APG PAOIPC MG 7 A0 ANO +h0d

377. ¢hE avFa(l 7 TPIOT 5 2h(ld-A

378. en70C N F Nh%en AP T0144 1a-

379. MaT AR Tl b0 27101 APT RPTC A0PIN 10
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http://www.ena.gov.et/AmharicNews/2010/Jun/09Jun10/114697.htm
http://www.ena.gov.et/AmharicNews/2010/Jul/31Jul10/118305.htm
http://www.ena.gov.et/AmharicNews/2010/Jul/15Jul10/117116.htm
http://www.ena.gov.et/AmharicNews/2010/Jul/12Jul10/116939.htm
http://www.ena.gov.et/AmharicNews/2010/Jul/15Jul10/116973.htm
http://www.ena.gov.et/AmharicNews/2010/Jul/02Jul10/116341.htm
http://www.ena.gov.et/AmharicNews/2010/Aug/27Aug10/120233.htm
http://www.ena.gov.et/AmharicNews/2010/Aug/25Aug10/120071.htm
http://www.ena.gov.et/AmharicNews/2010/Aug/23Aug10/119934.htm
http://www.ena.gov.et/AmharicNews/2010/Aug/17Aug10/119498.htm
http://www.ena.gov.et/AmharicNews/2010/Aug/17Aug10/119498.htm
http://www.ena.gov.et/AmharicNews/2010/Aug/08Aug10/118819.htm
http://www.ena.gov.et/AmharicNews/2010/Aug/04Aug10/118551.htm
http://www.ena.gov.et/AmharicNews/2010/Aug/03Aug10/118467.htm
http://www.ena.gov.et/AmharicNews/2010/Sep/27Sep10/122199.htm
http://www.ena.gov.et/AmharicNews/2010/Sep/19Sep10/121661.htm
http://www.ena.gov.et/AmharicNews/2010/Oct/31Oct10/124838.htm
http://www.ena.gov.et/AmharicNews/2010/Oct/27Oct10/124510.htm
http://www.ena.gov.et/AmharicNews/2010/Oct/23Oct10/124193.htm
http://www.ena.gov.et/AmharicNews/2010/Oct/22Oct10/124174.htm
http://www.ena.gov.et/AmharicNews/2010/Oct/10Oct10/123158.htm
http://www.ena.gov.et/AmharicNews/2010/Oct/08Oct10/123002.htm
http://www.ena.gov.et/AmharicNews/2010/Oct/05Oct10/122774.htm
http://www.ena.gov.et/AmharicNews/2010/Nov/26Nov10/127008.htm

380. 1770 AR ©Z4 0710t MG NOLLPT hévk AT Bavs
381. A2C ol PATAHA AT10 10+

382. 2C%t 27 N9PM TG OF ALENT TE1EI° AL TP+ 104
383. Hooq R PAGf6 APl AP A°CYt TR aPUPy Bavd,

384. P44k PATHA (164.04\ L5 2UNIPS ATddeT avhmt Bavl,
385. PAG Lol MM+ AIPLT-T TIUNC I°CHT AD-R 0P ALPCN 10+
386. NOTIN.L P7AS ACTT NRTPC AC PA

387. 2209 1L 7 +h0s

388. PAA9° Ph-AN T P77 +hd

389. GAP° APE (1,94 LTILeRANT 7 HhNL

390. AT A & Tl avl8 aPAPOH, vl Hé B4 1

391 0A°%7 AP H? P04-520 AT h £ 1. A0 T -t hPAP 10
392. P99.4,2007 8M,G &AEAA A9 hAA WIC APE £LF 2Nh0c-A
393. PA71¢- hAA PmyG A1 10T Ti47 194 (lovf AL £40

394. (G N5 TLALT NC PHTIND- 04, 0rkA VNGOG avsm, TIONA +avlb
395. @AM MG NLPTT L8 PTINL ¢~ hOTHN%L. 10+

396. N9°44-N AP OOT AGPSAMC PHNSOY 24P F @M, 397 1Pl
397. ach eF110@- M5 AL ARIATNCT 1P

398. N9°04-N NAA DA PG R A1t APAM- 10

399. A%én (@ P°h 78T 1997t 112 (LALY (AL &AC ATL7LOM +I0R

400. MF°heA ACA © MG +RIF 0 F 1994 mT AL 10+

401.A% VL PANTVUT 9°NC hLI°P:

402. 700 (1PALNNE X PT he JLCINT:

403.A% VL FPVCET ATCA TRUET (AN mNP

404.9PCS Ul bk AeARY

405.70-017 P97 015 T TIVEPATIC TIHA P97 LLCHT Ao 4 1o-
406.AL UL PAMANNCT TR ATTP MHAGI® hTavldC
407.Phao il T N74.C NovenlA RIL hél Taovp™T

408.0A %1 “7.0 TV &0 LOAY avtF HoTC eChY
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http://www.ena.gov.et/AmharicNews/2010/Nov/09Nov10/125618.htm
http://www.ena.gov.et/AmharicNews/2010/Nov/05Nov10/125290.htm
http://www.ena.gov.et/AmharicNews/2010/Dec/29Dec10/129813.htm
http://www.ena.gov.et/AmharicNews/2010/Dec/16Dec10/128747.htm
http://www.ena.gov.et/AmharicNews/2010/Dec/12Dec10/128408.htm
http://www.ena.gov.et/AmharicNews/2010/Dec/09Dec10/128156.htm
http://www.ena.gov.et/AmharicNews/2008/Mar/26Mar08/53676.htm
http://www.ena.gov.et/AmharicNews/2008/May/18May08/58009.htm
http://www.ena.gov.et/AmharicNews/2008/May/17May08/57945.htm
http://www.ena.gov.et/AmharicNews/2008/May/09May08/57405.htm
http://www.ena.gov.et/AmharicNews/2008/May/09May08/57401.htm
http://www.ena.gov.et/AmharicNews/2008/May/05May08/57030.htm
http://www.ena.gov.et/AmharicNews/2008/Apr/29Apr08/56625.htm
http://www.ena.gov.et/AmharicNews/2008/Apr/26Apr08/56437.htm
http://www.ena.gov.et/AmharicNews/2008/Apr/24Apr08/56260.htm
http://www.ena.gov.et/AmharicNews/2008/Apr/10Apr08/54930.htm

409.AMANNC PRE PTG avP1L LmPA

410.2L27 U7 MAMANLC L0 LNAT-

A1.m0A AT LT Twea T Haa Al 7 0 AR J4.CAaPATT

412.m0.07 NAPIT Ho-ST o 0

A13.AMANNC ARNCYTY° amAT

A14. A MANNC “NALYI° WHTT A9°A AL PT WP ARICA AA R1EET AI°4-A0 Ad::
415. 00807 “11/7G 0L LEA 09 hhdo-

416.0v-, QL1 (ZkA 015°E 0R2TTH0T AL oM

AM7.2MANIC AALOT (000 1940 0L AL OOLo-

418.AMANMC (Y Féd & hA

419.A9°ANV7 AMANLCT 028 a7 VAL mAP

42010 LANTT N6 @L9° 019 NACA HFL AN AL 106 AR AN AAMANIC ATwP
421.0AMANDC &1 aohA hé.09°h hhAC

422.0FF L PANTT 9°NC AL me: A ANATFU- hov: TINTEPTI VIHA ALCF
423. 20,7 Nov-a. AANY PH: TAULTY° mANP M Lo T 15 40D

424 AMANNCT oGl N7 aopAT o

425.01% AET Qo7 LLNLA T+ AET V7 NhAITT Lavma.

426 LA MANAC avP1L ARL:PT aom P 10

427.C1%71 O EC 15 AT

428. AM.ANNC AN M 17 LAPEA

429 444 (@ RN@- @4 Co-r LIoP0IA

4301001 A7 AF eOG4A PON 7 9°ACT M1°2P0A- 7L TI15 AT

431.471 P720A HAd- A7 LATIA

432.0F AVTF o7 “7019° (14.7° L 2770 A% PVA 10772 NI Py

433. MAMANNC & (T TF T AL Phboomd 10 hét: NIVNPTFI° 0990 T ARG AR ANLC 0185
434. MUVF PIOLARYC WP INLT PO hAw-

435.049°k: £ PPIw7 Ga: Ahé-he OPr 18T AL (A Love ATLCS0F FP0AAT::
436.A% NCAE:PT o7 PRI 7 1L AT aviing® ATE. LATTT TINLAT CANTYIC::
437.08 AMANNC (wAAL CTILN RIC U7

438.AG° 717 ANJ- 00U RPC A9°ANT hao5AY-

439.WAM.ANAC DANIT7: W2 9° DALAN NCATN A2 NA9° ARSTHT LU
440.F4. PGV RECr ATE G212 ANF ST &ATU7 R JAA
A1, @7 &P T UL BI Adh oM L4Ln g

442 M avlorl: awNN9°7 4 AANTLAT €40 W78 T W70 AhTo A

443077 LT VL 023 A9° CFGTUAAT 1001 Pavh-§ P11 A0, ALCITU- tavdlrk:
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444 000, DL (1AA PA.CHT PAR AR aoON7 AT AL A

445 .00+ LY awl't RILILNE P L AhC7 MRt 1014

446.ACA NCATVU A78 ©7LT1VT PRS-

447.0% AnC TV 111 LI NAMANNLC A LTV NANNTV-9° mART 10470+
448.00 ASFF (M TPOAV-T ovhd hU79° L0 LATA

449 . WTSTIET AT NR- RIAL oS ENTIT PRT T FPUCT WIRYLDTA. oo 1IAT L5T1EA
450.PAM.ANC 4.2 L HovoF CPTFU AT T PR T0-

451. oo Q-

452.9:¢C J-010 10 £IP® FC o

453 41PCNG A0 hbdot 1A 0L 019 FTo- tooddo- PG+ AASTSE TI02F CAT07 VA Mo
454.hPC LT MU oot Al F9°6-P SPANTTTG &7P 126PTT hREK
455.P¢A770 AN P 1C A7 0T AnEC LI md 100

456.02F (A% 9°07.01T LALAFV . LALL TG o7 v-A MhOT O LOA04TV N7 TV
457.a¢ oo APLT: (MOt ATIA: NAMANNC & POINT079° mP A7L 0A A9°ITAA
458.097.09°7 VA LAMPA: POLLAN CIFA A“2.07009° (14 Lhé Al aTA

459.01077 ¢ PAwm-7 07 4.F L 4.& ov-

460.0770°T MAad. 1AA TICL9° awILAPTS AAP “ICLI° avP4T) A LR LS

461.hPC LT NALAN P TN Pwidl7G e 15 T7 U 1% T

462.A. P0G &b aofov-C-l: P18 A4S A LN OL W7L awFLC 10

463.07L 7 ALMN &8 D27 Com YC: 28190 NoMAT MR LSa- Ao TG dOY Ao
464.0AM.ANC DANITT 225 A9 ARG T LU

465.07 LT L awhnATy- aopPP 1 ACH NCATVI° A7L- 1000 AAANTFVAY-
466.07L T VL -hmé- v+ L 9°7 A7L 104T0 Adk Adllk

467.020T1 1Lk A7 °1 G0 VZ NA ~C oLPy-

468.0.0-9° Yool (4A9° ALNT hadl: L4

469.0-0.7 F e I h9°ANG (I 0P LA, AA Ut M08 @-AT 0T aoP i AAPY-9°
470.ATP Af0° hAaoMAY: PI% NA: W7 AA ARLTS TSI Wil il aom’y ANGEAPAY-
47180 A78 @LLY VA A9’ ORLATU: 1GPL T4z

472.0AM.ANC AN DASTT79° hACOHFA APAN 225 AA9° L7

473.02F ATICTST AQANANST A7 AAND T o-

A74.AR°ANTTG AROIT7 hHAAY® Anh HAAY® D0C LU7 hoL7

475 AANCYI° MA°7 T PAR A0 Ao} 1P

476.07L 7 AR (A A NG &1 ABov- oo Lk QLTI ovpf (oohhAFo- $ov
477 NNawBavd @AM A NDC A"1L5 N19°LC b.md
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Pav ) ot FRIC aoll D (00 9790 64 avf.l AT ::

N 775 0-9° oo 7T ARI° OO AT NS T Fmé PP Po0r AGT LRBIIN::
Pao Vo AR PP AT NEA DAL T NS AP0 INCL LHTIA::
W AT ARTVT PPN M Polav AT ool CoT LONTAE

AwS TNt PPE PULLeW Ll AN 0LI° CCBT ot

LCET TN AVIP 9077 PhERav (K1 haovlC PN AR o

Prole @ hVT7 TP ET AT ol WAL

AT Wl MR 25T 9°R701T PN e AR 91849 heTFAY:

w7 Mol AL ALY ALLCANT NLTA AT AT145.04 “1€:47 V1 0T 10
Awlm: 190X ALLPL hrvd I TN a0 V1 OF 10-::

0r~é- AL ANE oo 17T PARA T0-

LANE 7°070 1 Croe A% T RATTNNC hrvd- LOAODSA

LT M@ 1VTE 0-9° CAw Lo T4 T AA0NA aomdd® hrve- POODSA
CTCE AT 74 NEP I8 LIPH ALPMCY°::

- HAP AP QUATLLT NPC Lavwd Nrd- P75 Mo N3 LNEAA::
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771.
772.
773.
774.

775.
776.
777.

778
779
780
781.
782
783
784.

785.
786.
787.
788.
789.
790.
791.
792.
793.
794.
795.
796.
797.
798.
799.
800.

PICE A% NP Lot avhd.f (Todie 7 LhéAA::

NG 0-9° wAF AT PG L 00T hYe Ré T A% 2910770 P19 045 P15
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Pl @A PFRLm wiotE PAOONLD P00l 4P L S0 0TI LhEAPA::
AL+ Prole U8 O LNNE R Pl T 4.2 LI A LOTAAG LTAA::

190 m-C PUTT AT WS i 4 A% Aah 704 12 A% Qe LH 1wl RETFAYC::
190 C PUTT O werbE T (e @A, rtavdbrtbor €26 03P oo Qwidt hLFNI°::
C1RAMC PP Wl hovo-n L, (14T hD9° AT ICE NHN hRE P IC AT LANIA::
. AL T 114 Yoot W PP aobC NARA 102 :

. PONT WA ET a0 P2 A% T €7 AT A% T avlAT POAMY®::

DYE 0 0Nt Wb E Mt %40 7 TIw i DAhA o

. PRNA LS TINT Covpo ot a0 T 19LeANTA 24 AL PULRCA 15T T
AT ARLANT Wt PavBavd @ RNICT NTF 090 Al 0CA I M ha: aoam T AT
N7t Cadd i ANTNL T Wt TT Po20me- OR5T 021 (A7 UL MAw o LhéAA::
@ (IF aoFLP NI TINT PRTL Ao ooFLP 0 jar::

PATEXL BT OhD A7%07 PPL0 “TavnF LT 158 holb LA
090 hhha aoom? CRLON PRACX S 1) CL1T v odf ol T LAMPA::
PrE 090 hhha oom? CLLN CATCE S D TAZCT oomPPd LTOA::

ARhA o7 PALLA AET (@AE aooJ@df olddT AL a1l AAVTFe-::
M ABTT A(FFE OP PPPET POP PRCIA::

NIED9° ALK LP D AQA a0t FANG RTSOT ALRLNIO::

MIE09° RACKRE BUVrET Caomdo T ool LTLPA::

Paow I P oo @ AMT TTEVRI A7 NE776 WAoo LT “I0AmMT To-::

07 e 70T P07 A0S RC POlavd PG 24 RNEAOL. 100

PLLAP T AN holTICT 9°NTA bl T1C 16.Lul-A\ 18T “LLOTC LOTIA::
TELUT LW AT Tt Cav it CATYT LCEATT Mo o-

MNIF 09 PPNl 26 T1INC CTIPLA AN AT T LA

PA L POANLT 126 GLTET V16 1915 61 oo HCET 00 ALEE LTAA::
PYE 09 T1INC Dol 00T P77 EIPC mIP Ao PIFA

PPE ool TN DRZL N Polavtel PROGO) ool s
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Evaluation Test Sentences

1.
2
3
4.
5.
6
7
8

9

10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.

23

23.
24,
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.
40.
41.

42.
43.
44.
45.
46.
47.
48.
49.
50.

Pavp, NESEI° TS FmGPP
VLA PATIC AR LT @-L:0:C A4,

IS0 I0E? 48 ALA SMOPA

ANHIA No29°0L, T9eF7 AL TN PAT

4ot NAASCA ANAT OC +@£P

Noop, 09 41 a8

nAgsh 9°CT A7 CHET A e PD-07 1760 SHPA

P14 1AIL7T 91487 Al

ADALP AF9.09° 0. “I0N0N +Bave,

AACZ LD (9PON 0455 @-L LT h14-

29¢- NAGIG AICT A7 CF APTPS A+ Pave,

PATERS AOC Ml 48407 NPNT AN DIFT AL ACIPE ATLTLONLE: 104
Ph&t+s TPUCT T2 007 CT AN QUPA B avd,

0897 g eatastna TI0AmE “10ha +avld

02N NCY7 oD v-A1) HoPG P (rE8.%9° APHT10 1@+

NAFEL0G QA9 QFh avhhd PNLC AIPIOTET Hd.lav

90 ath $Cr7& hdt

PAS.0 AN o4 TAT heHNAG 10+

Pem0 QUA APL7 10 +0A

PATEXP 798 OTh NN 1890 PCroRe héot

NA4C PACNT ALCT 7 +hid

FRG Gury (990t P89, UI1C PTT

PATE&S hPC P78 PGavET POCT TIATTF ATT

NP totéd 10 TUALT NC TCE ATT

PATEXP 798 OTh PCToRe héot

02904 POy +RIE ALTI 10+

P4-9.8° 4G 29°04 3 N9 +hd

0970, @7 ATIMePI® 18 AP Tl 10+

Pt RPC aror (WIC AL AL TEAT eahaA
AVRG TG OMEF PALIC mvPrt Thdl aamT LOLAIA
MWé7T MAACRP A°00 héAT

0154 hAE 70 €787 A5 TFO AAQT +HNA® ¢+mémé- - PH-

TEHSTT G heany t+avpn.

LAY ARI° (NG hlé

09°ne-P A Aw4LPF PCA (b APHNG-4.4 Yo+

0o0G AT ANTHPP LT MEGPF Hiiaov-

mPAL L TC PAn AT HNA-

A460.f mCrt ATESPA O1FF CTLAMO ACST PTAA
eOINTCNUT A0 T Hhéot

N7 VAP Athnto eCP CSI TamAT

P57 PCA NGO 29T NNA9° 94890 T Lib 2P0 AR
TILC LLACME HOPSR AJP(FATN NACRT ATT

1286 eLCAA PAT A £L7T UhIS T90hA Ahet 1o+

P20C 77 NTINGPADT A8 ANA POIC FH TNBL.

GAP° APe AT ALML. ANAN NASA ANQ et

AT AL T ALN P9Ik APTF RTC APP10 10+

NALP 110 PATHA tavld

9vA A1k 0m.G MOLEPT 1103 19v4m? AL 10+

PGAT PNt P7 ASA AN TAT FO0 PA

MALP ?m.S MLE +110

NCIHGS DAL IC O HLLH hGPF avqot PAQFD-9° 40
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