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ABSTRACT

Natural Language Processing (NLP) has emerged as a means of increasing computers
capability to understand natural languages, by which most of human knowledge is
recorded. Part-of- Speech (POS) tagging is one of the tasks of NLP, which is used for
labeling or classification on every word of a text with its correct part of speech category
like noun, verb, adjective, adverb, preposition, conjunction etc. based on its definition
and context of adjacent and related word. Awngi language is categorized under a Cushitic
language family which is spoken by more than 1.5 million people in Amhara and some
Parts of Benishangul Gumuz Regional states. This language has been one of the under-
resourced languages both in terms of electronic resources and processing tools. In this
regard, different natural language processing tasks are left for researchers for
investigation. Among the different research areas of NLP, we used to focus on part of
speech tagging since it is the primary and fundamental work. The output of POS tagging
will be used as an input for grammar checker, spell chucker, information extraction,

information retrieval, speech synthesis, parsing of text, semantic processing and e.t.c.

The main motivation for this resource is to obtain data for training automatic taggers with
machine learning approach. Hence, we take machine learning considerations into account

during tagset design and present training experiments as part of this paper.

Awngi language corpus is not available in organized manner. As a result, with the help of
experts, we have prepared and tag the training data set manually. The data was collected
from Injibara elementary and high school Awngi text books, from Amhara Mass Media
Agency Awngi radio and Television program, as well as from Awi zone administration
office. In order of reducing the complexity of part of speech tagging we have used the
Hidden Markov model statistical approach. For the selected approach N —gram Viterbi

algorithm is used for tagging purpose.

For result simulation, we have used python programming language with a tenfold cross
validation evaluation mechanism and finally the average accuracy of the tagger becomes
91.3% which is significant for the future researchers who want to investigate NLP

researches on Awngi language in particular and on other local languages in general.
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CHAPTER ONE: INTRODUCTION

1.1. Background of the study

Natural Language Processing (NLP) is a branch of computational linguistics which is
concerned with automated, computer processing of natural language such as speech acts
or texts. It concerns to process and understand natural language using computers and is a
theoretically motivated range of computational techniques for analyzing and representing
naturally occurring texts at one or more levels of linguistic analysis for the purpose of
achieving human-like language processing for a range of tasks or applications. Thus, it
performs useful tasks like enabling human-machine communication, improving human-
human communication, or simply doing useful processing of text or speech (D. Jurafky
,J. H. Martin, 2006). It includes techniques like word stemming (removing suffixes) or a
related technique, lemmatization (replacing an inflected word with its base form),
multiword phrase grouping, synonym normalization, part-of-speech (POS) tagging
(elaborations on noun, verb, preposition etc.), word-sense disambiguation, and role
determination (e.g. subject and object) (Anne Kao,Steve Poteet:). In addition it has many
applications including machine translation, speech recognition, question answering,
information retrieval system and parts of speech tagging. The above definition uses for all

natural languages to develop the part of speech tagging.

These days, due to growth of scientific and technical advances, there is large amount of
information that is retained and processed by business and organizations. Some of such
information is stored in the form of text. Processing and retrieving useful information
from such hugely available data and information is very difficult for human beings. To
tackle such problem professionals and scientists from different area of studies like
Acrtificial intelligence, information retrieval, natural language processing, data mining etc.
started to conduct research that mainly focuses on helping computers understand natural

languages (James, 1995).

Therefore, as a solution to problems of helping computers understand natural languages,
Natural Language Processing (NLP) has emerged as a means of increasing computers

capability to understand natural languages, by which most of human knowledge is
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recorded. It is used to design and implement tools, techniques and frameworks that
enable computers communicate effectively with each other and with humans. As
scientific study encompasses a set of related disciples like psycholinguistic, linguistic and
computational linguistic and other related fields to study and design effective components
like morphological analyzer, syntax parser, semantic analyzer, speech recognizer, part of
speech (POS) tagger and many more application that can help computers understand text,
sounds, images and other forms of information just like that of human being (Daniel J. et
al, 2018). NLP applications take advantage of machine learning strategies in order to
analyze large amounts of textual data. One of such tasks to be performed on textual data
is Part-of- Speech (POS) tagging, which is used for labeling or classification of every
word of a text with its correct part of speech category like noun, verb, adjective, adverb,
preposition, interjection etc. based on its definition and context of adjacent and related
word (Marcos G. et al , 2014).

So far many POS tagging researches have been done and different approaches have been
used for POS tagging, where the well-known ones are rule-based, stochastic, Artificial
Neural Networks and Hybrid Approach. Rule-based taggers, as their name implies, (Brill,
Eric, 1992) strive to assign a tag to each word using a set of handwritten rules that might
be specified by language experts or machine learned rules. These rules could determine,
for example, that a word following a determiner and an adjective must be a noun. In this
approach, what researchers should do is set and check rules properly with the help of
language professionals or to make the taggers learn rule during the training phase of the
system as it is in the case of the Brill tagger (Brill, Eric, 1992). The stochastic (statistic or
probabilistic) approach (Getachew M. , 2001)uses a training corpus to pick the most
probable tag sequence for a word sequence in a given sentence to be tagged. Some
stochastic methods are based on first order or second order Markov models and some are
based on a few other techniques which use probabilistic approach for POS Tagging, such
as the Tree Tagger (Schmid H. , 1994). Artificial Neural Network (ANN) uses a training
corpus and adaptively learns properties of words to pick the appropriate tag for a word in
a given sentence (Solomon, 2008).

Finally, the hybrid approach may either combine the rule-based approach and statistical

approach or the rule based approach and the Artificial Neural Network. The hybrid of
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rule based and stochastic approach for example may pick the most likely tag based on a
training corpus and then applies a certain set of rules to see whether the tag should be
changed to another tag or not. Besides it saves any new rules that it has learnt in the
process, for future use. One example of an effective tagger in this category is the Brill
Tagger (Brill, Eric, 1992).

1.2. Statement of the problem

Ethiopia is the home of more than 85 nations, nationalities and peoples speaking different
languages. The nature of those languages may vary in terms of structure like morphology,
phonology, syntactical and lexical rules. Among the different languages available in
Ethiopia, Awngi is a Central Cushitic language spoken by at least 1.5 million people in
an extensive area in northwest Ethiopia, including all of Awi Zone, but also some areas
of the Metekel Zone of the Benishangul-Gumuz National Regional State, and various
places in the Alefa and K’wara Woredas of the North-Gonder Zone of the Amhara
National Regional State. The Alefa and K’wara varieties have sometimes been called

Kunfal, but are dialects of the Awngi language. (Tsegaye, 2013)

Researchers tried to investigate in the area of natural language processing specifically on
POS tagging for Ethiopian languages like Amharic, Affan Oromo, wolaita and Tigregna
etc. Now a day, using this language, there is Educational curriculum starting from grade
primary to secondary schools, it is the working language for Awi zone and a lot of daily
radio and television news are broadcasting from the Amhara Regional state mass media

agency.

The daily increasing need of the society will lead to use technological practices like that
of natural language processing. From the different types of NLP tasks the absence of POS
Tagger system limits researches concerning the NLP of Awngi language such as parsing
(syntactic and semantic), machine translation, sentence grammar checker, spell checker,
speech synthesis etc as it is used as a pre-processing component for the aforementioned

NLP applications.



Awngi language uses geez writing system. The language uses both kinds of
morphologies, i.e. inflectional and derivational. As pointed out by (Willet, 2002)
depending on the morphological complexity of a language, both inflectional and
derivational morphologies can result in very large numbers of variants of part of speech
tagging for a single word. As a result, word form variations can have a strong impact on
the effectiveness of Part of speech tagging systems and on morphological analysis tools.
In Awngi, inflectional and derivational conditions, the morphological structure involves
suffixing.

Consider the following Awngi words example (A, B)

A. hR@TLANF ATPUCTLN TR0
English Meaning Let's talk by Awgi and by Amharic
Amharic meaning NAPL5 AT N AT9CE AT171C

Unlike Amharic and English language Awngi morphology has no prefix rather it will

consolidate after suffix or after root word.
When we see the morphology of the above single word A®-*L.NN
Root word = A",  Suffix = N Prefix added after suffix = NJ
AFPUCLN  Root word= A9RUCTL
Prefix found at the end of the word is the letter N
B. nta™HN-PI+h
Root word htam
Root word Hh+P7
Suffix +

Prefix added after suffix n

The Awngi language and grammatical structure words are created by adding suffixes to a
basic stem. It uses an extensive concatenation of suffixes. This characteristic of the
language make a very short stem into a long word. As it is evidenced by different authors,
such nature of the language indicates the complexity of the language’s morphology.

Hence, conducting a research on Part of speech tagging worth paramount significant.



Finally the researcher is supposed to answer the following research questions.
1.2.1. Research Questions

= How can we investigate the basic structures and rules of Awngi language for
easily tagging of part of speech?
= How to identify the Awngi tag sets that are used for labeling Awngi words?

= How to test and analyze the Awngi POS tagger system performance?
1.3.  Objectives of the study

1.3.1. General objective
The general objective of this research work is to develop Part of Speech Tagger for

Awngi language.
1.3.2. Specific objectives

In order to achieve the above general objective, the proposed research will accomplish

the following specific objectives:

= Review, Analyze and study the structure of the Awngi sentence.

= Study the morphological property of the language to identify properties useful to
POS Tagger.

= Collect and design corpus for training and testing of the system

= Design and model a POS Tagger for the language.

= Develop Awngi POS Tagger Prototype.

= Test the system performance
1.4. Methodology of the study

Here are the possible methodologies which are used to investigate part of speech tagging

for awngi language.



1.4.1. Literature review

For understanding the exact research gaps and for using the appropriate research
methods, tools and techniques for part of speech tagging, literatures are used as a
methodology.

1.4.2. Data collection

The primary as well as secondary data has been collected from Injibara elementary and
high school Awngi text books, from Amhara Mass Media Agency Awngi Radio and
Television program, and from Awi zone administration office. The content of the data
was both in the form of softcopy and in hardcopy. In order to understand the language
structure, to determine the tag sets and to tag the corpus manually, continuous discussion
with linguists and experts in the area of Awngi language was the basic task for the

researcher.

1.4.3. Modeling
Based on the amount of dataset and the linguistic experts we have available budget and
time, the researcher adopted HMM. The HMM based Tagger relies on the statistical
property of words along with part of speech categories. Such statistical property can be
distributional probability of words with tags which can be obtained during the training

phase of the system.

1.4.4. Tools and Implementation

To conduct research on POS Tagger for Awngi text, an open source Natural Language
ToolKit (NLTK) and Python programming language will be used. The rationale behind
the choice of these two tools is that they are suitable for processing different NLP tasks.
NLTK is an open source tool that contains open source python modules, linguistic data
and documentation for research and development in natural language processing
(python.org, 2018) Python is an easy to learn but powerful programming language
especially for text processing in NLP applications. It has efficient high level data
structures and a simple but effective approach to object-oriented programming
(python.org, 2018).



1.5. Scope and limitations of the study

1.5.1. Scope of the study
As it has been discussed on the above portions of the research in Awngi language there is
no available dataset that can be used as an input for natural language processing research
investigations. As a result, the scope of this research is to prepare necessary data set for
testing and training purpose to investigate part of speech tagging for Awngi text using
small manually tagged corpus by using Hidden Markov model statistical approach. At the
end of the research work, the performance of the tagger has been evaluated using tenfold

cross validation which is the most appropriate evaluation criteria’s for small dataset.

1.5.2. Limitations of the study

Awngi language orthography was prepared since 1990’s. As a result, it is under resourced
language and was difficult to prepare the training data set. In addition Lack of Awngi
language experts to tag large amount of data set for training set was a challenge, another
problem was lack of literatures and related works on Awngi language for example, some

of Awngi root word is not determined clearly so that the researcher faced a difficulty for

tagging.
1.6. Significance of the study

As POS tagging is a basic and the first NLP task for any language, it can be used as an
input for other high level NLP tasks such as sentence grammar checker, parsing, machine
translation, word sense disambiguation etc. This research can also be used as a reference

for other researchers who are interested to work on Awngi language.



CHAPTER TWO: LITERATURE REVIEW AND RELATED WORK

2.1.  Literature review

So far a lot of POS tagging researches have been done and there are different approaches
used. Among them the well-known ones are rule-based, stochastic, Artificial Neural
Networks and Hybrid Approach. Rule-based taggers, as their name implies, (Bird,
2006)target to assign a tag to individual word using a set of handwritten rules that might
be specified by language experts or machine learned rules. These rules determine that a
word following a determiner and an adjective must be a noun. In this approach, what
researchers should do is set and check rules properly with the help of language
professionals or to make the taggers learn rule during the time of training phase of the

system as it is in the case of the Brill tagger (Brill, 1995).

The other one is the stochastic (statistical or probabilistic) approach (Fahim Muhammad
et al., 2006) uses a specified training corpus to pick the most probable tag sequences for a
word sequence in a given sentence to be tagged. Some stochastic methods are based on
first order or second order Markov models and some of them are based on a few other
techniques which use probabilistic approach in order to POS Tagging, such as the Tree
Tagger (Schmid, Helmut, 1994).

The other one is Artificial Neural Network (ANN) which uses a training corpus and
adaptively learns properties of words to pick the appropriate tag for a token in a given

sentence (Solomon A. , 2008)e.

Finally, the hybrid approach may either combine the statistical approach and rule-based
approach or the Artificial Neural Network and the rule based approach. The hybrid of
stochastic approach and rule based for instance may pick the most likely tag based on a
training corpus and then applies a certain set of rules to see whether the tag should be
changed to another tag or not. Besides it saves any new rules that it has learnt in the
process, for future use. Among them the One example of an effective tagger is the Brill
Tagger (Hussen, 2010).



Part of speech tagging

Supervised Unsupervised
Rule based Stochastic Neural Rule based Stochastic Neural
Simple N-gram
\ /
HMM

Figure 2.1- The Common Methods for the POS taggers (HASAN MUAIDI , Levenberg-
Marquardt, 2014)

2.1.1. Approaches of Part of Speech tagging

2.1.1.1. Rule Based Approach
The rule based approach uses predefined rules to in order to disambiguate tags of words.
The rules are based on knowledge of the specific language experts which may consist of
a large number of morphological, lexical and syntactical information. These rules can be
obtained manually that are handcrafted by linguistic professionals or through machine
learning. The former way of getting rules is tedious, time taking since it requires
linguistic professionals to manually set rules. furthermore, it is inconsistent and
subjective as it is determined by the understanding of one or more linguistic specialists
and their skill and knowledge of the specific language (Solomon, 2008), the later way of
obtaining rules as it has been explained , transformation-error driven approach, is from a
training corpus. That means a model is made to automatically learn and store rules (also

called Brill transformations) from the training corpus to be provided. There is no way of



specifying the rules manually by linguistic professionals, what is needed is the tagged
corpus as an input to automatically drive its own rules so called transformations in Brill
tagger (Brill, 1995).

In addition to what has been discussed above, the rule based approach uses contextual
information to assign tags to unknown words. These rules are often known as context
frame rules. A context frame rule can be, if an unknown word is preceded by determiner
and followed by a noun, its correct tag is adjective. Moreover morphological information
can be used as a rule to aid in the tagging process. One specific example in this case is, if
a token ends with ,,-ing™ and is preceded by a verb the most probable tag of the token is
verb. (Levent Altunyurt , Zihni Orhan, 2006)

In fact, adding a certain rule to a system may involve over-generation, i.e., one extra rule
can result in more harm to the accuracy of general tagging in machine-learning rule-
based approach. The manual rule-based tagging system has also the aforementioned
limitations. Therefore, to conclude, the rule-based approaches are time-consuming and
require a great knowledge of a specific language experts being tagged. But it is also
possible to find some advantages of the rule based approach that is listed in the work of
(Brill, Eric, 1992). These are: Robustness, a vast reduction in stored information required
the lucidity of a small set of meaningful rules, ease of finding and implementing
improvements to the tagger, and also better portability from one tag set or corpus type to
another. Rule based approach has its own advantages. Among them it requires only small
amount of training data, Can be used with both well-formed and ill-formed input, High
quality based on solid linguistic and it is useful for limited domain. In addition it has also
several disadvantages namely, it relies on hand-constructed rules that are to be acquired
from language specialists and construction of these rules is tedious and time consuming,
development could be very time consuming, some changes may be hard to accommodate

and not easy to obtain high coverage of the linguistic knowledge.

2.1.1.2.  Stochastic Approach
The stochastic approach also called statistical approach is based on a probabilistic pattern
in order to assign a probable part of speech tag to a given text from a given training text
corpus. The goal of any stochastic approach is to pick the most probable tag for a word

10



from its context and its neighbors (Bird, 2006). They can build a probability matrix that
stores the probability of an individual word belonging to a certain part of speech and its
distributional probability. They can use this distributional probability to tag words that

are in the input sentence but not in the training corpus.

The probabilities are estimated from a tagged training corpus or an untagged corpus.
Stochastic tagging techniques can be of two types depending on the training data.
Supervised Statistical tagging techniques use tagged corpus for their training though it
requires large amount of tagged data so that high level of accuracy can be achieved.
Unsupervised Statistical techniques, on the other hand, are those which do not require a
pre-tagged corpus but instead use sophisticated computational methods to automatically
induce word groupings (i.e. tag sets), and based on these automatic groupings, they
calculate the probabilistic values needed by statistical taggers.

The basic idea of this approach is to find the probability (p) of a word along its tag from a
given sentences or text which can be represented mathematically as:

P(wi, Ti)|<S>Where Wi, Ti are the i word and the i tag in the input sentence or text
<S>,

The stochastic approach may use the most frequent tag, N-gram analysis or Hidden
Markov Models to disambiguate tag of words which can be derived from the above
mathematical representation.

The most frequent tag model as the name implies tries to pick the most frequent tag for a
given word in a given sentence. This model is the simplest model in the stochastic
approach as it simply finds the most frequent tag from the training corpus. This can be
done by counting the occurrence of the specific word Wi associated with a tag Ti and
dividing it by the total occurrence of the word Wi in the training corpus which can be
represented mathematically as:

count of (Ti,Wi)
count of Wi

P(Ti|Wi) =

This implies that the most frequent tag model computes the probabilities of observing
each word attached with every part of speech tags during the training phase. Then in the

tagging process of new text, it will pick the tag with most probable tag for that word. This
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model has very clear limitations as it does not try to look into the sentence structure. This
can be solved using the N-gram model that deals with local context of words in a
sentence.

The N-gram model is a mechanism of dealing local context of words in a given sentence.
It is originally conceived as a technique of predicting the next element of a sequence
given only the N-1 previous elements (D. Jurafky ,J. H. Martin, 2006). The elements can
be sequence of words, tags or both words and their corresponding tags. This implies that
it can be used for finding the tag sequence probabilities (probability of a tag Ti given the
previous N-1 tags (P(Ti|Ti-1,Ti-2, ..., Tn)) or word sequence probabilities ((P(Wi|Wi-
1,Wi-2, ..., Wn)). Moreover, the n-gram can also be used for finding the probability of
the tag of a current word given the previous n words (P(Ti,Wi |Wi-1, Wi-2, ..., Wn)). It
solves the problem of the most frequent tag model which ignores the local context of
words. This model decides the appropriate tag for a word by computing the probability
that it occurs within the n-previous tags, where the value of N is considered to be 1, 2, or
3 for practical purposes (Mamo, 2009). These are known as unigram, bigram and trigram
models respectively.

The Hidden Markov Model (HMM) is the most widely used model for part of speech
tagging under the stochastic approach (Sandipan Dandapat, Sudeshna Sarkar ,Anupam
Basu, 2004). The main idea of the HMM is to find the sequence of tags for a given
sequence of words. This can be done by combining the most frequent tag and the N-gram
model that considers the tag sequence probabilities i.e. considering the lexical category of
a word using its most frequent tag and its local context in the sentence from the training
corpus during the training phase. Generally speaking, from a statistical point of view, the
task of the HMM model is to find the most likely POS sequence T1, T2, ... Tn for a
given word sequence W1, W2, ...Wn . In other words, the model has to maximize the
conditional probability P() of the tag sequence given the word sequence over all possible
tag sequences Tn (D. Jurafky ,J. H. Martin, 2006). Putting it all together, this approach
tries to maximize the probability P(T1, T2, ....,Tn ...... Tn | W1, W2, ...,Wn ) which can
be achieved by the help of N-gram model and most frequent tag model.

Generally, the positive characteristics of the stochastic method are researchers may not

need language specialists; expertise coverage depends on the training data. The
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disadvantages are it requires large amount of annotated training data (very large corpora)
, Some changes may require re-annotation of the entire training corpus in the supervised
statistical learning, not easy to work with ill-formed input as both well-formed and ill-
formed are still probable.

2.1.2.1. Hidden Markov Model

The most common model for stochastic approach is the Hidden Markov Model (HMM).
It is the probabilistic function of Markov Process, a process which can move from state to
state, from left to right on the states, to find optimal state sequence. AHMM is
characterized by the following criteria (Christopher D., Manning Hinrich , 2000):
Transitions among the states are governed by a set of probabilities called transition
probabilities, a finite set of states each of which is associated with a probability
distribution and in a particular state an outcome or observation can be generated
according to the associated probability distribution. The observation is visible and the

states are hidden to the observer and hence the name Hidden Markov Model.

HMM is defined formally as a set {S, O, A, B, } where (Christopher D., Manning
Hinrich , 2000);

S denotes the set of states

O denotes the set of observation symbols.
A = {aij} is a set of state transition probabilities represented in transition probability
matrix in which each aij represents a probability of moving from state Si at time t into
state Sj at time t+1.
The state transition probabilities can be defined as aij = P(Si+1 = j|Si = i) for 1<=i<=n
where n is the total number of states, aij>=0 and
B = bj(k) is an emission or observation probability distribution in each of the state S.
bj(k) is the observation probability of observation k at the jth state.
The emission/observation probabilities bj(k) can be computed as bj(k) = P(Oi = k |Si =j)
for 1<=j<=n and 1<=k<=m. bj(K) is the probability of state j taking the symbol Oi and it

should be greater or equal to zero.
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The initial state distributiont = {mi} which is the probability of the first observation at a
given state Si. Generally an HMM is the set containing {S, O,A } where:

S ={S1S2S354,......, Sn)

0={01020304,......,0m)

A={A, B}

HMM takes three assumptions into consideration. The first assumption is called Markov
assumption that states the first order transition probability can be extended to the kth
order transition probability. It implies that, if it is possible to find the probability of state
Si given the previous state Si-1 (P(Si|Si-1)), it would be also possible to find the
probability of state Si given the previous K states (P(Si|S1, S2, ....Sk) (Jedlink, 2019).
The second assumption is called the stationary assumption that says: state transition
probabilities are independent of time and the output. It takes the due consideration of the
actual time at which the state transition takes place and the output symbol that can be
emitted being on the particular state (Jedlink, 2019). As a result, it considers that state
transition probabilities are independent of the actual time and output symbol, which can
be represented mathematically as:

P(St1+1|St1) = P(St2+1|St2) for any time t1 and t2.

The third assumption is the output independence assumption that states: the current
observation is statistically independent of the previous observations. This means the
probability of observing an output symbol Oi being in state Si is independent of the
probability of observing Oi-1 being in state Si. This can be represented mathematically as
P(Oi|S1, S2, S3...Sn). Because of these assumptions, HMM fails to accurately find the

most likely sequence of states for a given sequence of observations.

When the HMM model is taken to the application of POS Tagging, the hidden states are
the POS tags (tag sets) and the sequences of words are the sequence of observations. The
transition probability in POS tagging is the probability of moving from one tag to the
next tag and the emission probability is the probability of getting a word Wi being in tag
Ti. The main problem of the HMM from the POS tagging point of view is, finding the

sequence of tags thereby maximizing their probabilities given a sequence of words in a
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text. This can be done using the Viterbi Algorithm that will take the joint probabilities of
the lexical probability and the n-gram probability (Holen, 2009).

2.1.2.2.  Artificial Neural Networks (ANN)

According to (Richard P, Lippmann, 1988), a neural network is a system composed of
many simple processing elements operating in parallel whose function is determined by
network structure, connection strengths, and the processing performed at computing
elements or nodes. In addition, according to (Haykin, 1994)A neural network is a
massively parallel distributed processor that has a natural propensity for storing
experiential knowledge and making it available for use. It resembles the brain in two
respects:

1. Knowledge is acquired by the network through a learning process.

2. Interneuron connection strengths known as synaptic weights are used to store the
knowledge.

Though the field of Artificial Neural Network was established before the advent of
computers, the ANN simulations appear to be a recent development. This implies that the
information processing of ANN was known in biological nervous system before actually
applying it in information processing using computers applications. Hence, the basic idea
of ANN here is to process information in a similar way that the biological nervous system
process pattern. The key element of the ANN information processing scheme is the novel
structure of the information processing system which is composed of, like the biological
nervous system, a large number of highly interconnected elements called neurons
working in union to solve a specific problem (Mohammed, 2010). Artificial Neural
Networks learn from example by configuring for a specific application such as pattern
recognition or data classification.

The ANN can learn by adapting different behavior on the basis of the data that is given to
the network. It is possible to call the ANN learning an adaptive learning as the network is
able to find properties from the presented data. It is not necessary to tell the network how
to react to each data input separately like the conventional programming.

The common types of ANNs consist of three layers of units namely a layer of input units,
a layer of hidden unites and a layer of output unites (Parikh, 2009). The input layer which

is connected to the hidden layer represents the raw information that is fed to the network
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as an input so that it can learn and adapt properties. The middle layer, so called hidden
layer, connected to the output layer is determined by the activities of the input unit and
the weights on the connections between the input and hidden units. The output layer
represents the result of the learning properties from the input layer and hidden layer.

Taking the ANN approach to the application of part of speech tagging, first preprocessing
activities are performed before dealing actually with the ANN based part of speech
tagger. Such preprocessing activities can be tokenizing, feature extraction like POS
information, word information, POS category and order information etc. The results of
the preprocessing activities are given to the input layer of the network from which the
network can learn pattern. As mentioned above, the input layer is connected to the hidden
layer and in this layer different algorithms like error back-propagation algorithm, an
algorithm based on an error-correction learning rule specifically on the minimization of
the mean squared error which is a measure of the difference between the actual and the

desired output, can be used for training the system (Parikh, 2009).

This technique of tackling the problem of assigning part of speech tags to words has
some disadvantages compared to the HMM and rule based approaches. Some of these
are: The HMM method assigns the sequence of tags for the sequence of words in the
entire sentence i.e. it takes the due consideration of the sentence structure while most
ANNSs take the word to be tagged only. The same thing is true with rule based approaches
which tend to take the sentence structure and generally the linguistic patterns into
consideration (Schmid H. , 1994).

2.1.2.3.  Hybrid Approach

As its name implies, this approach takes the combination of either rule based approach
and stochastic approach or ANN and rule based by taking the advantages from both
approaches to improve the performance of the system. Works like (Daelemans, W., J.
Zavrel, and P. Berck, 1996) have used the hybrid approaches (rule based + stochastic) as

a result they have got better results than the corresponding uncombined approaches.
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2.2.  Application Areas of Part of speech Tagging

Some of the applications of Part of speech tagging are:

Parsing: Parsing is used to assign syntactic description of the sentence. Parsers are
useful for text analysis, corpora analysis, machine translation etc. The output of a POS
tagger can be used as an input for syntactic analyzer or parser and the output of a parser
in again can be used as an input for a semantic parser and automatic machine translation.
The output of a tagger is used as input for a sentence parser, the performance of the
parser will be improved. Since POS tagging assigns unique tag to each word this can help
to reduce the number of parses. (James, 1995)

Information Extraction: Information extraction, on the other hand, is a means of
retrieving certain types of information from natural language text automatically. The
main aim of information extraction is to process natural language text and to retrieve
occurrences of a particular class of objects or and occurrences of relationships among
objects. Information extraction is also a form of natural language processing in which
certain types of information must be recognized and extracted from text. It extracts their
semantic contents tagging and helps to identify useful terms and relationships between
them. In addition, POS references are used by patterns which are used for information
extraction from text. POS tagging helps Information extraction to identify useful terms
and relationships between the terms.

Information Retrieval: POS tagging provides information retrieval system with POS
information which helps information retrieval system with more refined information so
that information retrieval system can eliminate retrieval of irrelevant documents to the
query.

Question Answering: POS tagging helps to analyze a query to what type of entity the
user is

looking for and how this entity is related to other noun phrases mentioned in the question.
The study of question answering systems, which enable people to locate the information
they need directly from large free-text databases by using their queries, has become one
of the important aspects of natural language processing and information retrieval and it is

highly related to part POS tagging.
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Speech Synthesis and Recognition: The most important information about the word and
its neighbors (words that occur before and after the word) are useful in a language model
for speech recognition. Such information can be derived from POS tagging. POS of a
word can also indicate us something about how the word is pronounced depending on the
grammatical category of the word.

Machine translation: POS tagging has also great influences on the probability of
translation of word in source language to the word in target language in machine
translation. POS tagging is the first and the very important task and step in machine
translation and it can be part and component of machine translation system. In addition to
above mentioned areas of application, POS tagging has also been used in other

application like lexicography, word sense disambiguation etc.
2.3. Related work

The task of POS-tagging is attaching appropriate grammatical or morpho-syntactical
category labels to every token, and even to punctuation marks, symbols, abbreviations, . .
. etc. in a corpus. So POS is the first step in NLP that have different important application
can be used it. Such as in machine translation, spell checking and correcting, speech
recognition, information extraction, information retrieval, corpus analysis and text to
speech synthesis system ( HASAN MUAIDI, Levenberg-Marquardt, 2014). In this
section, researches that are conducted on different approaches of POS tagging for
different languages are reviewed. The purpose of this section is to see the development of

different POS approaches and take on the crucial tools and implementations for the study.

Earlier part of speech tagging using neural network was done for Hindi language and
compares them with two other machine learning approach, HMM and CRF (Ankur,
2009). In this research two network taggers are presented, the first one is single neural
tagger is a neural network based POS tagger with fixed length of context chosen
empirically is presented first. Then the second type of tagger is multi-neural tagger which
consists of multiple single-neural taggers with fixed but different lengths of contexts are
presented. Multi neural tagger performs tagging by voting on the output of all single
neural tagger. A multi-layer perceptron network with three layers is used as a single
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neural tagger and is trained in supervised manner with well-known error back
propagation learning algorithm. Java programs have been implemented in order to
prepare lexicon and implement MLP network and error back propagation learning
algorithm and to achieve the results shown in this paper. In this research the corpus is
divided in to three corpuses which are called development, training and testing corpus.
The size of the corpus was divided into training; development and testing corpus were
187,095, 23,565 and 23,281 words respectively .Percentage of unknown words in the
development and testing corpus were 5.33% and 8.15% respectively. Tools used for the
experiment in this research Categories-MAP, a tool which finds stem, suffix and prefix
from un-annotated text was used to handle unseen words. Brant’s Tn'T HMM based
tagger and CRF++, a CRF based tagger were used to compare performance of the
presented taggers. The performance evaluations was done on both the development
corpus and testing corpus for the three taggers called multi-layer tagger, HMM, CRF and
have for HMM tagger the performance was 95.18%, 91.58% for the development and test
corpus respectively. The Multi-neural tagger also has 95.78%, and 92.19% respectively.
The CRF performance was resulted with 96.05%, 92.92% for the development and test

corpus respectively.

A research work (HASAN MUAIDI,Levenberg-Marquardt, 2014) which has used
Levenberg-Marqurdt learning neural network for POS tagging of Arabic sentences was
done by Hassan Muaidi. In this research Levenberg-Marqurdt algorithm was used to train
the ANN. Levenberg-Marquardt algorithm is an approximation to the Newton method
used for training the neural network. In order to let understand the neural network and use
the tokens, all letters should be converted or transformed to numeric value. In this
research the binary coded method is used for the coding of the tag-sets. Input vector X =
(Xy,X, ... X1,) with its corresponding output Y = (Y;,Y, ...) are presented to the ANN
which is considered as experimental data. Using the input vectorX, the output O is
calculated this value is differs than the desired output Y and it is called the actual output
or the net output. The difference between the desired and the actual output is computed
and is called the error. After the error is calculated using the mean squared error (MSE)
the error is propagated backward to change the weights in order to reduce or minimize

the error rate. This process is repeated for a series of experiments until the error rates is
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acceptable. For this research a corpora of 24,810 words are collected and manually
tagged to train the neural network and to test the performance of the developed POS-
tagger. The tag-set used in this research was adopted the tag-sets done by other researcher
that contains a total 161 detailed tags and 28 general tags covering Arabic main POS
classes and sub-classes and the Arabic letters are coded to a numeric value. The
developed tagger achieved an accuracy of 98.83% when evaluated on the train set and
90.21% on the test set. And also the algorithm also compared with the existing Arabic
algorithm called Back-propagation algorithm so it has better performance and efficient

than the existing algorithm called Back-propagation algorithm.

A neural network based part of speech tagging for Hindi was done (Ravi Narayan, S.
Chakraverty, V. P. Singh., march 2014). In this research two steps are done to complete
the part of speech tagging; the first step is that the Hindi text are tagged using the rule
based approach. Afterwards the second step, the tagged texts are checked for detection
and correction of any anomaly using the neural network approach. The proposed tagger is
work first raw sentences are passes through the tokenize system. In this step it splits the
sentences into words and indexed it as token. The resulting words with tokens pass
through rule based POS, simply using the lexicon. For correction and accuracy it finally
passes through the ANN based POS tagger using the pattern recognition of corpus. To
analyze the effectiveness of the proposed approach, 2600 sentences of news items having
11500 words from various newspapers have been evaluated. The POS tags in the
sentences are represented using a numeric value. In this research uses binary
representation for the POS tag. During simulations and evaluation, the accuracy up to
91.30% is achieved, which is significantly better in comparison to other existing

approaches for Hindi parts of speech tagging.

The first Amharic part of speech tagger was done using hybrid (neural network and rule
based) approach by Solomon Asres (Solomon A. , 2008). The researcher has conducted
two steps to accomplish a better performance of tagger. The first step is that the Amharic
text is tagged using the Neural Network approach. Afterwards, the second step is, the
tagged text is checked for detection and correction of any anomaly using the rule based

approach. He has adapted a multilayer perception neural network with back-propagation
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algorithm and transformation based learning method for the development of Amharic
tagger. He has used 30 tag-sets and 210,000 words of text corpus. He has used both
lexical probability and contextual probability to find the most probable tag of a word. He
has used both the lexical and contextual probability to find the most probable tag of word.
The lexical probability is simply the probability of a word occurrence with a specific tag
(P(f]ﬂWi)) that can be calculated by dividing the occurrence of the number of
appearances of the W, and T; by the number of occurrences of W, in the Text corpus.
Contextual probability is the transition probability that can be determined by calculating
the probability that the tag occurs with n-previous tags. The researcher has collected data
from different source such as the Ethiopian Language Research center (ELRC), Addis
Ababa. He has collected around 210,000 words from one ELRC project called “The
Annotation of Amharic News Document” which is meant to tag each Amharic word in its
context with the most appropriate part of speech manually. The project in turn has
collected the sentences from Walta Information Center, a private News Agency located in
Addis Ababa, Ethiopia, that makes daily news in Amharic and English through its
website. To evaluate the proposed method, the researcher has conducted a lot of
experiments. Relatively a large number of data is used to train and test the proposed
tagger. As a result, the experimental performance of this work indicates that 91% and
94% accuracy for rule-based and neural network tagger, respectively. But the result
reaches to 98% when the experiment has been conducted on the hybrid tagger. Though
the text corpus taken for this thesis work is not as large size as that of brown corpus etc.,
it has achieved a higher performance on the hybrid approach.

According to (Adafre, 2005) part of speech tagging for Amharic using conditional
random fields was done by implying two tasks the segmentation and part of speech
tagging are carried out independently. This aim is to explore recent development in the
morphological analysis of related languages, such as Arabic, Hebrew and machine
learning approaches and apply them to the Amharic language. The tasks of Amharic word
segmentation and part of speech tagging is performed using a small annotated corpus of
1000 words. The given the size of the data and the large number of unknown words in the
test corpus (80%), an accuracy of 84% for Amharic word segmentation and 74% for POS
tagging.
21



Another work for Amharic (Bjorn Gambackand, Fredrik Olsson, Atelach Alemu Argaw,
Lars Asker) was done by applying the art of part of speech tagging to Amharic using
three different tag sets. The taggers are HMM model (TnT), SVMTool, Maximum
Entropy (MALLET). The datasets or corpus consists of all 1065 news texts (210,000)
words are used from different resources. It has been morphologically analyzed and
manually partof-speech tagged by staff at ELRC, the Ethiopian Languages Research
Center at Addis Ababa University. . The best results were obtained using a Maximum
Entropy approach, while HMM-based and SVM based taggers got comparable results.

According to (Martha Yifiru, Tachbelie Solomon, Teferra Abate , Laurent Besacier) is
conducted to identify the best method for under resourced and morphologically rich
language especially in case of Amharic language. In this research segmentation and tag
hypothesis combination have conducted to improve tagging accuracy. Different POS
taggers are used for the experiments, Disambig, Moses, CRF++, SVMTool, and MBT
(memory based POS tagger generator) and TnT Trigram ‘n’ Tags. The Pos tag-set and
the corpus used tokens are 210,000 developed within the AAND at the ELRC has been
used for the experiment purpose. The larger the corpus and the higher the accuracy of the
training set, the better performance of the tagger. TnT and SVM are affected by the
amount of data used in the training and MBT is less affected by the amount of data used
in the training. The result justifies that TnT works better with large training data size and
MBT is less affected by the size of the data used in the training data set and also
segmenting words which are composed of morphemes of different POS and which are
assigned compound tags is a mean of improving tagging accuracy for the under resourced
and morphologically rich languages. MBT and SVM based taggers have high
performance for unknown words depending on the amount of data used in the training
data set. The best accuracy was obtained using a Maximum Entropy approach when
allowed to create its own folds: 90.1% on a 30 tag tag-set, and 94.6 resp. 94.5% on two
reduced sets (11 resp. 10 tags), outperforming an HMM based(TnT) and an SVM-based
(SVMTool) tagger.

Tigrigna part of speech tagger was done using hybrid (Hidden Markov model and rule

based) approaches are done by Teklay Gebregziabher (Teklay, 2010) . The hybrid
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approach was done by combining the hidden Markov model and the rule based
approaches. He has used about 24,000 words from around 1000 sentences containing
8000 distinct words were tagged for training and testing purpose. The POS tag-sets used
in this research are 36 tag-sets are identified for the tagger to put the appropriate word
class. In this research first raw Tigrigna data are tagged using HMM tagger and
afterwards using the rule based tagger will be corrected. Viterbi algorithm and Brill
Transformation-based Error driven learning are adapted for the HMM and Rule based
taggers respectively. He has used both the lexical and contextual probability to find the
most probable tag of word. The lexical probability is simply the probability of a word
occurrence with a specific tag (P(f]ﬂWi)) that can be calculated by dividing the
occurrence of the number of appearances of the W, and 7; by the number of occurrences
of W; in the Text corpus. Contextual probability is the transition probability that can be
determined by calculating the probability that the tag occurs with n-previous tags. An
experiment of the tagger is done on the 24,000 words for the training and testing purpose.
From this amount of word 25% of the corpus was used for the testing purpose. As a
result, the experimental performance of this work indicates that 89.13% and 91.8%
accuracy for HMM and rule-based tagger, respectively. But the result reaches to 95.88%

when the experiment has been conducted on the hybrid tagger.

Like ways, Tigregna Part of speech tagger by Mulugeta Atsbaha Sium, (SIUM, 2016)
that uses a corpus containing 3100 sentences, 10000 distinct words and 56,151 total
tokens and they are balanced corpus (not a domain specific corpus). A total of 22
Morpho-Syntactic course-grained tag-sets were adapted to prepare the annotated corpus
using semi-supervised approach. Rule based, averaged perceptron taggers, and hybrid

of the two taggers are investigated. The hybrid tagger was constructed from the sequence
of the two taggers as averaged perceptron tagger followed by rule based tagger. The
models are trained in 75% of the corpus and tested on the remaining 25% for their
robustness and effectiveness. For each model several different experiments have been
conducted. Experimental result shows that reasonable tagger is achieved with modified
rule based tagger along to three combined initial state annotator. In this study state-of-

23



the-art tagging accuracy for morphological rich languages particularly Tigrigna with
Averaged perceptron tagger is achieved.

The Rule based tagger has found 94.8%, while averaged perceptron tagger achieved
95.5%. Thus, averaged perceptron tagger and rule based tagger achieved comparable
performance; however, the hybrid tagger improves the accuracy to 96.3%. The hybrid
tagger works as a sequence of averaged perceptron followed with rule based tagger as
error detection and correction sequence. In between the trained averaged perceptron and
rule based tagger there is output analyzer with a threshold value as output validation and
decision maker.

Another earlier work on Afaan Oromo language part of speech tagger was done by
Getachew Mamo in Addis Ababa University in 2009 (Getachew M. , 2009). In this work,
the researcher has used one of the known models, which is the generalization of the
stochastic approaches, HMM for tagging Afaan Oromo Texts. He has collected 159
Afaan Oromo sentences (with 1621 distinct words) from different sources and he has
used 17 tag-sets to annotate these sentences. He has divided these sentences as training
set and test set. The HMM based Afaan Oromo part of speech tagger was trained on the
training set in order to compute and store the lexical and contextual probabilities of words
in the training. The tagger then takes untagged Afaan Oromo text as an input and
tokenizes the sentences into words before actually assigns the part of speech tags
sequence. After this, each token in the sentence is assigned with a correct part of speech
tag sequence that is done using unigram and bigram models of the Viterbi algorithm by
taking the knowledge from lexical and contextual probabilities gained during the training
session. The researcher has tested the performance of the tagger by conducting
experiments and as a result he has got an accuracy of 87.58% and 91.97% for the

unigram and bigram models respectively.

There are also other works on Affan Oromo POS tagging by MOHAMMED-HUSSEN
ABUBEKER, (Hussen, 2010),the study customized Brill transformational error driven
learning tagger for Afaan Oromo. Some template in the original Brill tagger was
modified to fit Afaan Oromo morphological nature. After training data is analyzed for its
appropriateness using learning curve analysis, the study used 10- fold validation method

for the experiment. Moreover experiment was conducted to determine the percentage of
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training data for contextual and lexical rule learner. Best accuracy of the tagger was
achieved when contextual rule learner training data is 35% and lexical rule learning data
IS 65%.This shows the morphological rule dominance over contextual rule for the

language.

After modification on the templates of the Brill’s tagger about 2.44% improvements over
the original Brill tagger was achieved. This means 80.08% accuracy of the tagger was
achieved in modifying the templates where the accuracy of the original tagger is 77.64%.
Error of the modified tagger was also analyzed for further improvements using confusion
matrix for the tagger. The result obtained in both original Brill tagger and modified Brill
tagger is compared with Hidden Markov Model approach (bigram and unigram
approach).The comparison shows that Brill tagger is by far better than Hidden Markov
Model in all the cases for Afaan Oromo i.e Hidden Markov Model accuracy for bigram
approach is 70.63% and for unigram 68.08% whereas that of original Brill tagger without
modification is 77.64 and 80.08% for modified Brill tagger.

One of the latest research work on Affan Oromo langage by Getachew Emiru, (EMIRU,
2016)In this thesis, the development of part of speech tagger using hybrid approach that
combines rule based and HMM approaches was conducted for Afaan Oromoo. The
transformation based learner, which is a rule based tagger, tag the words based on rules,
or transformations induced directly from the training corpus without human intervention

or expert knowledge.

The HMM tagger, tags the words based on the most probable path for a given sequence
of words. The hybrid approach of Afaan Oromo part of speech taggers developed in this
thesis uses HMM tagger as initial annotators and Brill’s’ tag-ger as a corrector based on
fixed threshold value. NLTK 3.0.2 and python 3.4.3 were used for the implementation
and experiment. To minimize data requirement and the cost of data preparation they have

used bootstrapping method.

To train and test the model 1517 sentences were used, that is collected from Afaan
Oromo news agencies and Medias. For experimental analysis they have used 85% for

training and the remaining 15% was used for testing. The performance analysis of the
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three taggers, namely: HMM, rule based and hybrid tagger were tested with the same
training and testing set they achieved accuracy of 91.9%, 96.4% and 98.3%, respectively.
In conclusion, the accuracy of the hybrid tagger clearly shows that a clear improvement
performance rather than separated taggers. To increase the performance of the tagger
wide coverage/domain area of training data and morphologically segmented words were

recommended for future works.

A research work on Wolaita language POS tagger by Berhanu Herano Ganta (Berhanu H.
, 2015). The models or taggers were developed based on the review and the study made
on the Wolatia language word classes. The tags developed for this study were the first
attempt for the language and are based on the study and review of word class of Wolaita
language. In this research, 200 sentences were manually tagged and of these 200
sentences, 90% of the sentences (180 sentences) were used for training and the rest of the
sentences were used for testing the performance of the tagger. The result of this
experiment showed that HMM based taggers perform better than CRF based taggers. The
performance that have been achieved has accuracy of 83.58% and 74.63% using reduced
tag set for supervised Hidden Markov Model (HMM) and Conditional Random
fields(CRF) based taggers respectively.

In relation to Awngi language, (Tsegaye, 2013) did a research on developing a Stemming
Algorithm for Awngi Text using longest match approach supplemented by context-
sensitive and recoding matching principle. The stemmer is evaluated on Awngi text from
three domains; news articles, text books and a dictionary. According to the evaluation of
the stemmer, it is concluded that an overall accuracy of 91.41% is achieved which is a
very good result as it is the first attempt to develop the algorithm. As the stemmer is the
first kind for Awngi language, 8.59 % error is a number that can be minimized by
introducing more rules and exceptional rules. Further research is not only required in the

algorithm but also in the morphological structure of Awngi language.
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CHAPTER THREE: METHODOLOGY

3.1.  The Awngi Morphology

Morphology is the study of the structure of words, and of the way in which their structure
reflects their relation to other words: both within some larger construction such as
sentence and across the total vocabulary of the language. (Anderson, 1988). Each word
consists of morphemes which are the smallest unit of a language that cannot be
segmented further and contains a constant meaning. Root, suffix, prefix and ending or
flexion are the basic types of morphemes.

To understand the morphology of Awngi we have, reviewed different sources such as
textbooks, journals, articles and news papers. Additional information was also collected

through personal discussion with professional experts of the language.

3.1.1. Noun morphology

A. Gender
As shown in table 3.1 below, Awngi has two genders; masculine and feminine.

Masculine gender is marked by final /-i/ or a zero morpheme/ @ /. The feminine is
indicated by the ending/-a/. Most nouns referring to objects are masculine while use of

feminine gender for these objects has diminutive or derogatory connotation.

No Masculine Feminine
1 1% Gisen-@ ‘dog’ 17 Gisen-a ‘ bitch’
2. &N, Firisi ‘horse’ &¢N Firisa ‘ mare’

Table 3.1 inflection of gender

B. Number
Awngi has two numbers; singular and plural. There is no gender distinction in the plural.

The most plural marker is /Ni-ka/. It comes right after the stem.
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Table 3.2 shows plural nouns with /n-ka/.

No Singular Plural
1. £ Tay ‘ram/sheep’ 22 Tay-ka ‘sheep’
2. &2, Firisi ‘horse’ &¢NN Firis-ka ‘ horses’

&¢N Firisa ‘ mare’

3. AN likw ‘leg’ aAn-h likw -ka ‘legs’

4. A6 Instu ‘thin’ A76-n Instu-ka ‘thin’

Table 3.2 inflection of number

As we can see from the gender markers /-i/ and /-a/ are deleted before plural marker /-ka/.
In the words, /-ka/ is attached to the stem or base form. Awngi has some nouns which
reduplicate for plural, as NC sir ‘child’, h¢N¢ sarasiri “children’ , N, kisi “priest’ ,
hAnA, kisakisi ‘priests’, T4 xuna ‘woman’ , T4 T4 xunaxun, women. All adjectives

modifying plural nouns take plural marker suffix/-ka/, with rare exceptions where base

forms may optionally be used as plural as shown below.

AN AP B1+RT
Xisant-ka aq yintuna
Elderly people come

3.1.2. Morphology of Personal pronouns

The subjective forms are /A% an /and /A% int /while the oblique forms are /£ yi-/ and /h,
ki-/ respectively. The later appears only bearing case marking morphemes; they do not
appear independent of the markers. Plural pronouns suffix /0 -s /before they show
accusative commutative-directional and genitive cases. The singular of second and third
persons have reverent forms when used to express respect. These are: /A% into/ and /3

na / respectively.

3.1.3. Cases

Case is the syntactic feature that defines relation between noun phrases and their
predicates and it applies to all phonetically overt noun phrases. Case is the system of
marking dependent nouns for the type of relation they bear with their heads. The verb is
taken to be the head of the clause since it largely determines what dependants may be

present.
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A. Accusative case
Accusative case in Awngi is expressed by inflectional elements and suprasegmental

feature. The inflectional elements are/-o/,/-wa/,/-e/ and /-sa/.

Let us see the following examples

A) 1IP g

Gisena-wa ku-na

They Killed the bitch

In the above example (A), the accusative case marker/-wa/ is suffixed to Gisena ‘bitch’ to
mark case. The occurrence of /-o/, /-wa/ and/-e/ is phonologically conditioned. /-o/ occurs
after consonants or/u/; /-wa/ occurs following/a/ or/-e/ and /-e/ occurs with nouns ending
in /i/ which deletes after affixation of [-e].

B) a1 hq

Gisen-0 ku-na

They killed the dog

C) MF-n-P e

Gisen-ka-wa kuna

They killed the dogs

D) H& N+

Zagri +-e zagr-e ku-na

They killed the monkey

As can be seen from the examples (B, C, D), the accusative marker is/-o/ in nouns that
end in consonant, /-wa/ that end in a vowel/-a/ and /-e/ in nous that end in /-i/. The
occurrence of /-sa/ is grammatically conditioned in that they occur with possessive forms
that serve as qualifiers and with verbs of relative clauses. The following examples (E, F)
shows the accusative case marker for/-sa/

E) @A &PA N9

Yi-w-sa fiyal-o ku-na

They killed my goat

F) 2F4 & PAP -9

Yit-sa fiyala-wa ku-na
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They killed my female goat
B. Dative case
Dative is typically the case of indirect object. In Awngi, dative case is marked by the
suffix/-s/ that occurs attached to the indirect object, which comes following the direct
object and before the verb. Consider the following examples (G, H)
G) 771N TrqH £+ N9 Genzab-o xuna-s yitixwa-ma
Did u give the money to the woman?
H) 7780 $FA TrTh £+ Hhag
Genzab-o fuca-s xuna-s yitixwa-ma
Did u give the money to the white woman?
In (G), The dative marker (-s) is suffixed to the head noun xuna ‘women’ but in
(H) it is suffixed to both the qualifier and the head which is not common.
In (G), The dative marker (-s) is suffixed to the head noun xuna ‘women’ but in
(H) it is suffixed to both the qualifier and the head which is not common.
C. Comitative Case
Comitative case indicates the accompaniment in action. In Awngi, the suffix /-li/ is
expressed this case.

Consider the following examples (I, J)

) FNA BCA 270,

Tabli jer-li yintixwa

The father came with his son

J) ¢F Tr7A hAD

Fuca xunna-li kasixwa

He went with the white woman as shown in (1, J), /-li/ is suffixed to the noun jer and
Xuna.

D. Genitive case
Blake describes the genitive case as encoding the abdominal relation that subsumes the

role of possessor, and the label possessive case as a common alternative. The occurrence
of Awngi genitive marker is very complex. They vary in accordance with not only the
number and gender of the possessed nouns but also for phonological reasons. The

possession suffixes are /-u/,/-t/,/-ti/,/- kul, /-kw/ and /-sul.
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/-ul/ when the possessed noun is singular masculine.
/-t,-ti/ when the possessed pronoun is singular feminine.
/-ku,kw/ when the possessed noun is plural

/-su/ after the plural pronoun but only when the possessed is singular.
Consider the following examples (K, L, M, N, O, and P)
K) h$@® N<

Aqgga +u Agqga-w biri

The woman’s ox

L) AT AA,

Aqgi-t illwa

The man’s cow.

M) Ag-ti illwa

The men’s cow.

N) h&ha- £PAN

Agqga-kw fiyala —ka

The woman’s goats

0) A% &PAN

Ag-ku fiyala —ka

The men’s goats

P) ARE M 7

Innji-su nin

Our house

The phonological conditioning concerns /-u/ and/-w/, /-t/and/-ti/ and /-ku/ and/-kw/. /-

t/and /-kw/ occur following a vowel whereas /-ti/ and/-ku/ occur following a consonant.
The occurrence of suffix /-su/ is limited to plural pronouns.
E. Local cases

Local cases express notations of location (‘at’), destination (‘to”), source (‘from”) and
path (‘through’) . The distinguishable local cases in Awngi are locative, ablative,
directional, directional-comitative, and purposive. Locative case shows location and
shown by suffix /-da/ which is suffixed to a word referring to a noun. Ablative case
express the origin and is shown by suffix /-das/. Directional is self explanatory and is

expressed by suffix/-so/. Directional comitative shows not only direction but also
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accompaniment in that something or someone has gone or been taken to some other
person to live or stay with them and is shown by suffixes /-wla/,/-ula/ and /-sula/.
Consider the following examples (Q, R, S, T, U)

Q) ™9 178 Hh

Xuna nin-da zike

The woman is in the house

R) 74 1781 £7F N,

Xuna nin-das tintixwa

The woman came from the house

S) Trg 1A NEh

Xuna 1in-s0 katixwa

The woman went towards the house

T) 1 FANA NF

Di-tala-sula ka-ta

She has gone to her father

U) Ng h

Bin-a ka-ta

She has gone to river (for fetching water of washing clothes).

3.1.4. Verb morphology

In Awngi, there are two clearly identified aspect of a verb; perfect and imperfect. As
aspect is a term that covers how we view an event within a time frame. The perfect aspect
refers to temporally bounded situation whereas imperfect aspect refers to a situation
which is not temporarily bounded but which is rather an explicit reference to its internal
structure. Hence, perfect aspect is very often related to past tense while imperfect aspect
refers to habitual, continuity, progressivity, and etc. table 3.3 shows the perfect and

imperfect forms of the verb 7 sug ‘pound’.
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Person Verb aspect Aspectual suffixes
Perfect imperfect | perfective | imperfective | Jussive
1% | Singular Sugixwa Sug-a - ixwa -a Sug-is
Plural Sug-nixwa Sug-n-a iXwa a Sug-nis
2" | Singular Sug-tixwa Sug-t-a iXwa -a Sug-tis
d | Plural Sug-tun- a Sug-t-a -a -a Sug-tin-
Is
3" | Sing | Masculin | Sugixwa Sug-a - iXwa -a Sug-is
d lular |e
Feminine | Sug-tixwa Sug-t-a - iXwa -a Sug-tis
Plural Sugun-a Sug-an-a |-a -4 Sug-inis

Table 3.3. Awngi Verb morphology

3.1.5. Morphology of numerals
Numerals are those items that include the cardinals (one, two, and three...) and
the ordinals (first, fifth...). The process of forming ordinals from the cardinals is

as follows:

ATr - one AF°TAY - first

AJ - two A3 - second

AT - three i+t - third

(H - four AL H - fourth

AN, - five ATV - fifth

Pa\F - six Pa\FT+- sixth

The morpheme of the ordinal marker is /A%+/ which is suffixed to cardinal
numbers ending in a consonant and /7t/ is suffixed to those that end in a

vowel /A/.

In general, the morphological structure of Awngi language shows that both the
inflectional and derivational morphologies involve suffixing. Analysis of the Awngi
language and grammatical structure revealed that words are created by adding suffixes to
a basic stem. It is also shown that the language uses an extensive concatenation of

suffixes. This characteristic of the language make a very short stem into a long word. As
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it is evidenced by different authors, such nature of the language indicates the complexity
of the language’s morphology. The complexity of the language is one of the main reasons

for conducting a research on a Part of speech tagging.

3.2. Awngi POS tag sets

Awngi is an official language of Awi zone which is used as a medium of instruction in
elementary schools and it is given as a diploma program in Injibara Teachers Training
College. It uses a special character representation called Ge’ez. The Awngi language has
its own distinct way of grammar construction, character representation and sentence
formation. Awi people have been granted their own Nationality Zone in the Amhara
National Regional State and have decided to establish Awngi as the medium of
instruction for primary and higher education. Therefore, orthography was created in the
late 1990’s. Using this orthography, some textbooks were published and are now used in

primary schools.

3.2.1. Awngi sentence structure

One of the levels used in the analysis of natural language processing is lexical analysis.
Lexical analysis is used to interpret the meaning of individual words and it is used for
word level understanding. Part of speech tagging plays great role at this level by
assigning single part of speech tag to each word and the most probable part of speech to
words that have more than one part of speech based on the context in which the words
occur ( (GANTA, 2015).

Words are traditionally grouped into equivalence classes called parts of speech (word
classes, morphological classes, lexical tags. In traditional grammars there were generally
only a few parts of speech (noun, verb, adjective, preposition, adverb, conjunction, etc.)
Whereas, currently there are many more word categories added for natural language
processing in general and part-of-speech tagging in particular to identify words in

sentences with their specific identities.
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3.2.2. Word formation in Awngi

According to (Tsegaye, 2013), Awngi is mostly an inflective language and has nine

general categories or classes of words.

l. nouns (e. g. A% - a man, #7-a house);
AB k% N.4K 9 /two men’s entered into office.

I pronouns (e. g. A%+ - you, A7 - 1);
ATTNF AT ATRTAS ATACTN lets play together.

1. verbs (e. g. *7N& - to push, A7N - to read);
ATNN% PH AELP=/reading makes a full man.

IV.  adjectives (e. g. A® - sunny, £, - red, A, 1A, “.-tall);
ANN NNLEA A2NIP+::/Abebe is as tall as Kebede.
AT PNE NATENRY ¢NLET Phi/Ras Dejen is the highest mountain in
Ethiopia

V. numerals (e. g. A7h-P- five, AL -a thousand);

VI. adverbs (e. g.A2J - yesterday, A7T9E- nearly, F- tomorrow);

ARJ REAL Ad AT/ There was heavy rain yesterday.

VII. prepositions (e. g. A, - with);

VIII. conjunctions (e. g. AhF - and );

IX. particles (e. g. 2T - only, @, %%~ much? );

3.2.2.1.  Awngi noun class

A noun is a word that is used for labeling things, such as a real thing (for example, bird),
an imaginary thing (for example, ghost), an idea (for example, love), person name (for
example, “kebede”). Awngi nouns, like English, are words used to name or identify a
class of things, people, places or ideas. They typically function as arguments, subjects,

objects of transitive verbs or complements of prepositions.
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Examples of noun
A¥E(xqi) Man

AN (lehahi) Dark
2£(tay) sheep
F(caha) Bird
3.2.2.2.

Awngi Pronoun class

3.2.2.2.1. Personal pronoun

Like nouns, Awngi pronouns inflect for cases except for nominative which is unmarked.
The first and second person singular is suppletive for the oblique case. In the first and

second persons of the singular, there are distinct forms for subject and oblique pronouns,
but only one form for the rest. The subjective forms are /A% an /and /A%Fint / while the
oblique forms are /2yand /nki-/ respectively. The later appears only bearing case
marking morphemes; they do not appear independent of the markers. Plural pronouns

suffix /N -s /before they show accusative commutative-directional and genitive cases.

(Tsegaye, 2013)

Category Singular Plural

1 person AT (xne)(l) A% B (xenoji)We
2" person AT (xente)You A7$E (xenetoji) You
3" person 1.(gni ) He/she 58 (gnagi) They

Table 3.4. Personal pronoun subject position personal pronouns

For example the following sentence illustrates the above personal pronouns

Example 1: A7 wi3"rEMxnekenetanetyhe / | am a student.

&K L h=xenetegitsinyhe/ You are a merchant.

. K&NF BN gnixrysacanetehe /He is a farmer.
ATR. @-J-2-Chz:xenojiwetaderekahe / We are soldiers.
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3.2.2.2.2. Possisive personal pronouns of Awngi

Possessive pronouns are pronouns that indicate ownership of something

Category Singular Plural

1 person L@- (mine) AT P0-(ours)
2" person n@-(your) A FEN-(yours)
3 person T.-(her/his) | F9-(theirs)

Table 3.5. Awngi language possesive pronoun

3.2.2.3.  Awngi verb

Awngi language has generally a subject, object, verb (SOV) word order. The Verb is a
word that tells us the state of doing or being. Awngi verbs carry inflections of aspect and
mood and hence are morphologically the most complex. A lot of words with other POS
are derived primarily from verbs. There are two major approaches to identify verbs from
other word categories: syntactical and morphological approach. In the former case, verbs
function as predicates in a simple sentence and they are found at the end of a sentence. In

the later case, they reflect grammatical categories such as aspect, mood and agreement.

Examples 4761 / break

He2C%/ song
ho™h /took

3.2.2.4.  Awngi Adjectives

Terms or words that clarify nouns are known as adjectives. Awngi adjectives are words

used to express things of behavior, shape, quantity, color, e.t.c
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Examples of Some of Awngi adjectives

To express | To express | To express | To express | To express
Behavior Quantity Shape Color clan/factin
"L(segi)Goo | &AA.(teli)Samll P(wake) £:97(demi) Red | A& 24
d L7 Circle Ch. Ethiopian
£n.(deki) (denuli)Big av-AQ, (tarki)Black b FA T
Bad TUYE (mulali)Oval -(mosu) American
Lot (minei)Much Yellow

(giriti)Humle

Table 3.6. Awngi Adjectives

3.2.2.5.

Numerals are those items that include the cardinals (one, two, and

Awngi Numerals

ordinals (first, second, fifth...).

The process of forming ordinals from the cardinals is as follows:

three...) and the

cardinal numbers

ordinal numbers

AT(lahu) -

one
A5 (laga)- two

00 (shuha)- three

0H(seza)- four

A7 (Ankua) - five
PAJF(walta) - six

A9°TArL(emplanti) - first
A57l(laganti) - second
t7l(shuhanti) - third
OHFl(sezanti) - fourth
AP rl(ankuanti) - fifth
PAJFI(waltanti)- sixth

Table 3.7. awngi numerals

The morpheme of the ordinal marker is /[1J[1/ which is suffixed to cardinal numbers

ending in a consonant and /] 1/ is suffixed to those that end in a vowel /[1/.

3.2.2.6.

Adverbs

Adverbs are any words that explain or modify verbs. These can be adverbs of time, place,

manner, frequency etc.
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some of the examples of Awngi Adverbs are expressed in the following table

Adverbs of time Adverbs of | Adverbs of | Adverbs Manner
place frequency

00O (segela) | C10I(xfeda) 00 (1] (dekegna)

morning Outside 00 Badly

C10(hari) [0 (xhe) 00O (100 (watgna)

night Inside How

(10 (nura) (10100 (xeneda)

Always This

00 (xenekogna) | L0 (xneda)

last year That

Table 3.8. Awngi Adverbs

3.2.2.7.  Conjunction

A word that can be used to join or connect two phrases, clauses and sentences is known
as a conjunction. Conjunctions can be divided into coordinating and subordinating
conjunctions. Coordinating conjunctions are used to connect two independent clauses.
Mostly these conjunctions are used when the speaker needs to lay emphasis on the two

sentences equally.

Here are some of Awngi conjunctions
ANJ- (xeseta) and

20> (giseta)  like

£h(yahu) or

£h9n, (yahamaki)  therefore

3.2.2.8.  Awngi punctuation Marks
All Awngi punctuation marks like :-, :, :z, ? and ! are assigned the tag PUNCT.

3.3. Tagset for Awngi language

A sentence is composed of two components and these two components in turn consist of
words. Therefore, it is possible to conclude that words are the basic components of every
sentence. The meaning of a sentence is analyzed from the meaning of individual words
and the way they are arranged. This shows that words are rarely used alone. Words more

often work together in small groups which together make up whole sentence that possess
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a single coherent meaning. Moreover, the same word can be used in different sentences

and belong to a different world class category.

Three basic criteria are considered in order to categorize words in a language. They are:
the meaning of the word, the form or shape of the word, and the position or the
environment of the word in a sentence. These can be taken as the main criteria to

determine the categories of a given word (Teklay, 2010)

As far as the researchers™ knowledge is concerned, except that of Ethiopian languages i.e.
Ambharic, Affan Oromo, Tigregna, Wolaita, etc, for Awngi there is no readymade tagset ,
identified. This implies that identifying and developing tagsets for the language is
mentioned to be paramount significant for this thesis work. As a result, the researcher has
made continues discussion with Awngi Language professionals who have knowledge on
the language. The preparation of tagsets for a language is tedious and time consuming
task, which needs in fact, human experts in the language of interest, after continuous and
intensive discussion with them, the researcher have developed broad category of tag sets.
Moreover, the works of POS tagging on other Ethiopian languages are used as a
reference.

Examples of awngi sentences with part of speech

Wil KD bl G- / A student buy pen yesterday.

WiFrl:/nnprep heP/Adv P(l/nn Loh/vy #/punct

Table 3.9. Awngi sentences with part of speech tagging

Table 3.9. Awngi sentences with part of speech tagging

The tagsets that are discussed below are classified as a basic class and subclasses of the
basic class where noun, pronoun, verb, adjective, preposition, conjunction, adverb,
interjection are considered to be the basic classes. In addition, numeral and punctuation are

also included as basic classes in the process of identifying the tagsets.
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The concept hierarchy of the total tagset that are identified is presented in the following table.

No Main Derived Description Example
category Category/ta

gs

Noun NN A tag for all nouns A%E( man)
@G (chair)
1(bed)

NNNADJ | A tag for all nouns Ale-L7(red eye)
combined with Ab-0(unlucky)
adjective 9Ch.-2-£(black ship)

hbov-HnPrrh
(city residents)

NNCONJ | A tag for all noun LN Adov- (Kebede
combined with and Alemu),
conjunctions ANNL T hNL(Abebe or

Kebede),
9°¢-" (to the west)

NNPREP A tag for identifying | WCSCH
noun combined with | (from Bahirdar)
preposition hhov-B N0

(Like Alemu)

Table 3.10. Awngi noun tagset identified

No

Main
category

Derived
category/ta

Description

Example
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gs
Pronoun PR For Personal pronoun | A%(me)
ASE(we)
AFr(you)
£ (he/she)
5% (they)
For all demonstrative A7%(this)
pronouns 4j£(he/she)
A5 (those)
For all possessive L@-(mine)
pronoun na-~(yours)
AT E((for us)
APFE0(for you all)
B%.0-(for them)
For Interrogative AL(who)
pronoun A154-(what)
®%(where)
’z(when)
£m0(why)
Am-£(whom)
@71 (how)
PRCONIJ For pronoun + L5005 (like me)
. . Rr0d R
conjunction
(you and me)
PRPREP For pronoun+
preposition
Table 3.11. Awngi Pronoun tagset
No Main Derived Description Example
category | category/tag
S
Verb \AY A tag for all verbs 57710-"(Break)
‘W% 1(drink)
T¢-"h(sleep)
AT (light)
AT (sad)
VVPREP A tag for identifying £9n%0/to add
verb combined with h?7hA/in order to
preposition take
VVCONJ A tag for identifying

verb combined with
conjunction

NeOF73( to release),
4Lt (to require )
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Table 3.12. Awngi verb tagset

No Main Derived Description Example
category category/ta
gs
Adverb ADV A tag for adverb AT(inside)

4, 64(small),
hL3(yesterday),
£n3(badly)

ADVNN A tag for adverb and | “ZFFLH(Most of the
noun time)

ADVPREP | A tag for adverb and
preposition 7IP1/(this year),

TA“F40- (always)

Table 3.13. Awngi Adverb tagset

No Main Derived Description Example
category category/ta
gs
5. | Adjective AD]J A tag for all adjectives | &h.(Bad), &7 (big)

nn-A(circle)
£ (red)
9Ch.(black) e.t.c

ADJPREP | A tag for adjective and

preposition

A A(For this)

Table 3.14. Awngi Adjective tagset

No Main Derived Description Example
Category Category/ta
gs
6. | Preposition | Prep Preposition
7. | Conjunction | Conj A tag for identifying | £7Ih.(therefore),
Conjunction AlZ(and), £h(or)
0(for), %4(on)
8. | Numerals CD A tag for all cardinal | Af(one), A5 (two)
numbers M (three),0H (four)
OD A tag for all ordinal | A9"TAZL(1 ) AFPE(2)
numbers ok (34)
arrk (4)
9. | Punctuation | PUNCT A tag for identify | :-, LF i, 2, !
punctuation marks
10 Interjection | INT A tag for identifying | A%+(oh)
emotions
AY(waw)
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Table 3.15. Identified Awngi tag sets

As shown on the above tables, after we have explored the morphology of Awngi with
experts, for tagging purpose we identified main tagset and derived tagsets. Words
categorized under main tag sets are belongs to either of one of the part of speech tags. For
example, In Awgni if words that end in Nn(ca) are likely to be nouns (NN). The word
F£(sheep) and F-£N(sheeps) are both nouns(NN).

Derived tag sets are used to tag the composition of more than one word together. As it
has been discussed on the above sections, The Awngi language and grammatical structure
revealed that words are created by adding suffixes to a basic stem. It is also shown that
the language uses an extensive concatenation of suffixes. This characteristic of the

language make a very short stem into a long word. So that, in order to identify such types
of words we have used derived tagsets for example, the word NUCSCS(from Bahirdar) is
categorized under derived tag sets of NNPREP(a tag for noun and preposition).

3.4. Data preparation

The tagged corpus is the immediate requirement for different analyses in the field of
Natural Language Processing (NLP). Most of the language processing works like part of
speech (POS) tagging is in need of such large collection of texts, which provide a real,
natural, native language of varying types. Since there is no manually tagged corpus which
is useful for NLP tasks like POS tagging for Awngi language, it demands to collect and
prepare such a corpus to conduct POS tagging experiment. For the purpose of this
research, data is collected from different sources like elementary and high school text
books, from Amhara Mass media agency Awngi radio and television program, as well as
from Awi zone administration office. In addition we have used the books which were
prepared by Aysheshim Abate, 2018 and Gebre Bizuneh, 2018. The title of the book was
A@LONT A7THCTA which consists of 122 pages and PAREST AICE £12P5 KK P
115 156 pages respectively.

To conduct experiment in this research, only small sample of about 450 sentences and
more than 3500 tokens was used due to there is no corpus annotated with part of speech
for Awngi language and it is also time consuming, laborious and expensive to tag large

amount of corpus manually.
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The corpus prepared to conduct experiment was divided into two sets, training and test
set. The training set was used to develop the model and the test set was used to evaluate
the performance of the model. The training set consists of 90 percent of the total data set
and the rest 10 percent was for testing set.

3.5. Evaluation Procedures

The taggers were trained on training set which was prepared in the previous stage. The
result obtained on the training set was evaluated by comparing it with manually tagged
corpus. The taggers or the models were then tested on the test set with untagged data. The
test was used to see how well the models or the taggers perform on unseen data. Finally,
the output of the tagger was compared with that of manually tagged data. The
performance of the tagger was evaluated by dividing the number of correctly tagged
words to the total number of words in the test set. The performance evaluation was done
using tenfold cross validation which is used for evaluating of the performance of the

tagger.
3.6. Approaches and algorithm design

Unlike stochastic approach, rule based approach requires frequent involvement of
language experts in order to tag each token to the appropriate tag set. Among the different
types of approaches which are listed on the previous chapters, statistical (stochastic)
approaches are used. It is because most current part of speech taggers are probabilistic
and is referred to tag for a word by calculating the most likely tag in the context of the
word and its immediate neighbors. A stochastic approach includes most frequent tag, n-

gram and hidden Markov model (Milion Meshesha, Getachew Mamo, 2011).

HMM is the statistical model which is mostly used in POS tagging which enables to
estimate the most likely sequence of tags, making use of observed frequencies of words
and tags in a training corpus.

For algorithm design and implementation, HMM is used for the study since it does not
require detail linguistic knowledge unlike that of rule based tagger. From the different
tagging algorithms viterbi algorithm is selected. Viterbi algorithm is a dynamic
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programming algorithm that optimizes the tagging of a sequence, makes the tagging more

efficient in both time and memory consumption. (simon, 2000)
3.7.  Design of Awngi Pos Tagger

Awngi POS tagger is a program that assigns part of speech to words according to the
context of that word in a sentence. As it is discussed in chapter one, statistical approach is
used for this work, and it uses lexical and contextual rule to assign part of speech to a
given word. This POS tagger first uses statistical techniques to extract information from
the training corpus and then uses a unigram and bigram probability to automatically

estimate the appropriate tag set for a given word in the corpus.

Assigning grammatical categories to words in a text is an important component of a
natural language processing (NLP) system. Text collection tagged with Part of speech
(POS) information are often used as a prerequisite for more complex NLP applications
such as information extraction, syntactic parsing, machine translation or semantic field
annotation etc. Awngi POS tagging is a method of assigning a specific part of speech tag
to each word in a sentence to disambiguate the function of that word in the specific
context. In this section, a detail description of design issues and techniques of the Awngi

POS tagger are discussed.

3.7.1. Design goals

The main goal of designing HMM POS tagger is to achieve better performance in tagging
Awngi texts. In addition to this, the tagger is expected to be easy to implement and
increase speed in responding a tagged text, and easy in obtaining the required knowledge

for the future researchers in this area.

3.7.2. Lexical and Contextual Probability in Hidden Markov Model
3.7.2.1. The lexical model
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The goal of the lexical model is to prepare lexicon and the lexical probability of each
word for each tag in the training set. The lexical probability can be calculated with

count of(W1,Ti)
count of (T1)

relative frequencies using the following formula: P(wi|ti)=
Where Wi and Ti are the i word in the input sentence and the i" tag in the tagset
respectively. The relative frequencies for the lexical model can be found by counting
every word with a specific tag and divide it with the number of occurrences for this
particular tag, which gives the conditional probability of the word given the tag (Teklay,
2010).

3.7.2.2.  Contextual model

This model helps the HMM tagger gather the context of words in the training corpus as
lexical model only deals with the probability of the word given the tag. l.e. relying only
on the lexical model may degrade the performance of the tagger and hence it is important
to take context of words into consideration. The contextual model also called N-gram
Model that considers the sequence of part of speech tags is aimed to calculate the
transitional probability of tags. The training data contains small training corpora; it would
be convenient to use the N-gram model to be bigram or trigram model that considers the
previous one or two tags respectively. Since this research work has small training corpora
in comparison with the corpora for Amharic and brown corpus of English, a bigram
model is selected. Therefore the contextual probability is found via tracking the previous
one tag which can be calculated using relative frequencies by the following formula.

(Ti,Ti—1)

P(TiITi=1)= s

The relative frequencies can be calculated by counting the frequency of Ti and Ti-1 and
divide it by the number of occurrences of Ti-1 in the training corpus.

The HMM strives to find the optimal sequence of part of speech tags for a sequence of
words in an input sentence using Viterbi algorithm. The tagger gets the lexical probability
and contextual probability from the training corpus.
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Figure 3.1. HMM tagger trainer model

The above figure 3.1 Shows the HMM tagger trainer model. A supervised learning
method is used for training the HMM model. i.e. The training corpus is part of speech
annotated Awngi text. The tagged corpus is an input to the model, and then it is given to
the sentence splitter module in order to prepare it in a sentence level for training. The
segmented sentences are given to the Tokenizer for splitting each sentence to a word
level. After each sentence is tokenized into words, a tagset analyzer extracts the tags from
the words and stores them in the database. The lexical and contextual models compute
the lexical and contextual probabilities which are important for finding a sequence of part

of speech tags for the sequence of words in the input sentence.
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Figure 3.2. HMM Evaluation process and tagger

The untagged Awngi text is given to the sentence splitter module and tokenizer
preprocessing components so as to make ready for tagging by the Tag Sequence
Generator. Then, the Tag Sequence Generator selects an optimal part of speech tag
sequence for the given word sequences and gives the tagged word sequences as an
output. The tagged text is given to the tester component for comparison against a
manually tagged (so called reference text) and this component gives accuracy of the
tagging by counting the number of correctly tagged words.

The optimal sequence of part of speech tags for a given sequence of words in an input
sentence to be tagged can be found using the Viterbi algorithm (Milion Meshesha,
Getachew Mamo, 2011). The Viterbi algorithm is a dynamic programming algorithm that
finds the optimal path in the tagging process. It reduces the complexity of the HMM core
issue, finding the best part of speech tag sequence for a given sequence of words in the
input sentence, to polynomial time and the algorithm is linear in the number of words to
be tagged. (Teklay, 2010) In simple terms, the Viterbi algorithm calculates the
probability of all possible paths of the word tag pairs in the input sentence. Afterwards, it
will select the path of the word tag pair with the highest probability to be the best path. It
uses the lexical and contextual probabilities obtained from the lexical and contextual
model to find the best path.
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CHAPTER FOUR: RESULT AND DISCUSSION

After we have identified the possible tag sets of awngi language with Experts in the area,
Namely Mr. Ayenew W. and Mr. Tesfaye, we did manual tagging for training set. The
data set is then divided into two sets: the training set and the testing set. The former one
comprises 90% of the corpus while the remaining 10% are used for testing purpose. In
this chapter, the detail experiments conducted for this thesis work are discussed briefly.

To evaluate the model performance of the tagger we have used 10 fold cross validation. It

will split the training set into 10 folds when K =

test it on the last remaining fold. We can make 10 different combinations of 9-folds to

train the model and 1-fold to test it. Like this, we can train the model and test them all on

10 combinations of training and test sets.

What we can do afterwards is to take the average of different accuracies up to 10

evaluations and also compute the standard deviation to have a look at the variance.

| Data

h

10 and we train our model on 9-fold and

Fold 1 Training | Test |~.\

Y Average
-

Fold 4 | Test @

Py Final Measure
/ of Performance

Figure 4.1. fold cross validation
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4.1. System performance testing experiments with HMM

The entire training data set was divide into ten equal sizes (each size is 10% of the total
training set).The accuracy of the tagger was tested starting by the first 10% of the data
and repeating the process by adding 10% to the previous data until the entire training
corpus(100%)is used. For every 10 % data added the accuracy variation is recorded.

Average Fold Accuracy = sum(f1+f2+f3+f4+f5+f6+f7+f8+f9+f10)/10

Table 4.1. Shows the accuracy of the system for a given percentage of training data and

the error rate occurred in the tagging process.

cross validation fold | Fold Accuracy Error rate

Fold 1 87 13
Fold 2 91 9
Fold 3 81 19
Fold 4 91 9
Fold 5 88 12
Fold 6 93 7
Fold 7 95 5
Fold 8 95 5
Fold 9 94 6
Fold 10 98 2
Average 91.3 8.7

Table 4.1. 10 fold cross validation performance evaluation and error rate result
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The following image describes the average Awngi text tagger performance on python

programming language
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CHAPTER FIVE: CONCLUSION, CONTRIBUTION AND
RECOMMENDATION

5.1. Conclusion
In this thesis we have briefly discussed about Natural language Processing (NLP) and it’s
role towards enabling computers to understand natural languages by which most of the
human language is recorded. NLP, as it encompasses computational linguistics, important
in designing and development of part of speech (POS) taggers, parsers, morphological
analyzers etc.
Application areas of part of speech tagging like information extraction, information
retrieval, parsing, question answering, speech synthesis, recognition and machine
translation were also briefly illustrated. Different approaches used in part of speech
tagging like rule based, corpus or stochastic and machine learning (supervised and
unsupervised) methods were discussed. The advantages and disadvantages related to each
approach were also presented.
In order to understand the approaches used, the language structure and word classes to
determine the tag sets, the researcher reviewed different related literatures on the domain
area. In addition, related works done for global and local languages particularly on POS
tagging were observed.
Based on the literatures reviewed, Awngi is under-resourced language and a lot of
Natural language processing tasks are left for researchers.
Among the different types of NLP applications, POS tagging is the primary and the basic
research in which the absence of this task on every language will hinder the researchers
to conduct high level NLP researches. Due to this the researcher decided to do a research
on this area.
In addition to primary and secondary information sources, the research was done by the
help of Injibara zone educational administration experts. Starting from understanding the
morphological structure of the language, tag set identification and preparing a tagged
training dataset, the involvement of different experts on the area was paramount

significant to accomplish the research.
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In order to do the research we have used a HMM stochastic approach and a total of 24
tag sets identified,450 sentences and more than 3500 tokens(words) have used for
training data set. For the tagger performance evaluation purpose we have used tenfold
cross validation and the average performance of the tagger becomes 91% which can be
considered as significant for the advancement of the language and for the researchers

who want to conduct on Awngi and other poor resource local languages.

5.2.  Contribution

As it has been discussed on the first chapter, Part of speech tagging is the basic and the
primary research that is used as an input for other higher level natural language
processing research applications. In this regard, awngi is under resourced local language
in which a lot of research areas are open for researchers.

When we come to our research contribution, after a detailed study of Awngi
morphological structures, we just collected the necessary data sets which are used for
training and testing purpose of the tagger, we have identified the tag sets in order to tag
the Awngi sentences. Also the researchers who want to conduct a research on this area
this can be used as an input.

5.3.  Recommendation
The Awngi Pos tagger which has been investigated and developed is the first attempt for
the language and further researches remained and has to be done to improve the
performance of the taggers to operational level. In addition, this research has limitations
and gaps which can open the door for future researchers to develop POS tagger for
Awngi Language that has better performance. Therefore, the following are some of future
research directions.
= Due to time and language experts constraint, only tenfold cross validation
experiments have been conducted using the stochastic approach. So in the future
one can conduct more experiments to improve the performance of the taggers.
= One can do a research with increasing the size of the corpus for training the
taggers and increase the performance of Awngi language POS tagger.
= In this research reduction of tags was based on the number of occurrences of tags

in the corpus or tags that occur rarely are reduced to the nearest tag but in the
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future one can use error analysis to reduce tags and can observe the effect on the
performance result of the taggers.

Since most of the Ethiopian languages are under-resourced and do not have large
size POS annotated corpus, one can develop POS Taggers for other local
languages following approaches used in this thesis especially on Neural Network

approaches, Hybrid Approaches etc.
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Appendices
Appendex A: Sample data set(untagged)

AT @/9° R9PTAR PIMTT = Nk @A 81 EPH = AN FANNEN ATHTA 8L/
FANT kNt = AT AAFLED RP NC AL ARTNA @APL ANTRIRTE = ALARTR ASH
AICNE A%k NC AT AR AT AN ATHPAYL = @A A%t LY AARDT
£18 FIC LML ATT AR AN O HIT, @48, NAE NETHR-PIHN HA™F = AT T
NAAS 3°P6 AL PNFC ATrN, Nb AT FNCABN AT ESTH AT NAA INCLE N4 2AST
5 AMB.P NP FRAL TINTC BATC ANE AUTLANTF TLHETE AAPA AEDCNA THAP
ANGA TMBAPP AATTD = AALARN 9B &LIO™TN FFCAFTHNP 93M6ham Aoh
BoYFNF 4297t N9t S@NFT NA 2AON = 9t AhAN A R8P A9RNHTN
9N TFNF 4L9@A AJP AAE N9TFNA 1A ARN = FRG NNATIN ATRhN &CNAFTH-
A2 ALEF ANE NBIRT #F W AT BALN AB =
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Appendix B: Training set (tagged)

NA>/nn 649°/mn RIPTAF/nn £29100/v =/punct AFt/nn @-4/ad) SML/nn FEPR/v
z/punct AM/nn Fpadk0/ vy nFEEI0/nn 056TT/vv 0/ vy Ek/vy =/punct Adev/nn
OWAJum-/adj FP/Adj 0C/adj nPk/nn AH¥nA/conj @-APL/ad] AN29°4%/vv  =/punct
A2OT/VY  RGI/VY  ABCh®/nn A0/Ad] AC/adj PE/mn AfTe/conj  hilPel/adv
HoUk0/vy - AP s/vv  #/punct  hé@O/nn ADAWUeE/nn NGL/nn AARTDTT/ vV
34/mnprep  FIUC/nn LITL/vv Ahl/conj AP/mn MA0V/adj E6F%/nn  HD9%/nn

®L4%/nn NA%/nn beinPrrh/nnad) Hev§/vy =/punct A9THé/nn NAAS/nn 37P6/cd
48/ PnJC/nn Ahh/conj AMk/nn hiTha/Adj EhSeEh/nn A526%0/vv  hdT/vy
nAA/nn  MICL@-/nn  (4/nn  2AOT/nn  =/punct  A@-%.L/nn ALN.L/mn  TnAL/ad]
9u0rC/nn - £ntC/ad)  ANL/nn AVePLANI/nnprepcon) TEHLrFr/ad)  AALA/nn
KoChO/nnprep  7THFAP/adj  nll4O/adjprep  “22ALP/nn  AITFT/VV  =/punct
AALATY/ad)  LP/nn L2ovine/vv I CAFFEOP/nn THoh?l/vv A%M0/nnprep
521303 /vveonj  4LT¥t/adj 0Pr/nn W@-0J-F/adj hA/prep  Bhbh/vv  =/punct
Vrth/nnprep AhAh/nn hA/prep T4 /nn AT Y/adv VindT30F /vy 4-L90-0/nn
&IP/adj nAf/nn W7FhA/vvprep Th/adj ALh/vv  =/punct FEG/nn  hlAtLO/adv
A%%600/nnprep  SCANI /vy AfLh/ad] ALet/ad] MIC/nn RS IF/nn ATWI/vv
2020/adj A%-t/vv =/punct
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Appendix C: 10 fold cross validation performance evaluation and error

rate
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Appendix D: Average Result of tagger Accuracy

VALTDATIOMN MODE

[ HMMP robt
[POS

RUMMNING THE PAR D SPEEEH TAGGER FOR C
ralidation on fold no.: 1 !
ion on fold no.:

RUMNIMNG THE PART OF SPEEC \(
PLETED id; on on fold no.:
erformin i ion on fold no.:

= [HMMPro - ~ instanti:

COMPLETED wvalidation on fold no.:
formi ion on f

PLETED walid: n on
forming ion on
or insta
instantiated]
Ed:
SPEEC

65



|'||-'.t'r||,' 1 i

RUNNIMNG T
COMPLETED v

| HMMProbGener

[ FOST 1,

| Tokenizer

RUNNING THE
COMPLETED validat

Pertorming vallida

[ POSTaj

| Tokenlizer

RUNMING THE
COMPLETED wvalidat

Pertorming 1lida

| TokenlZe&r Af

RUMNMIMNG THE FAR

COMPLETED wvalidat
Perftormir

[ HFMPT

[ POST J

[Tokenizer

RUNMMIMNG THE
COMPLETED wvalidat
Pertormir

[ HMMPT

cenizer
RUNMMIMNG THE F
IPLETED
= |

tion on +old no.: ¥ please walt
[ HMMProbGenerat ]

lon on fold no 5% please

W+ 1NS

VAL LDAT DO

PEECH TAGGER CR
on fold no.: &5 ! 5 more
lon on fold no.: 6 please walt.
inst: ]

VALILIDAT IO

'EECH TAGGER OR CROSS VALIDATION
on on fold no,: & 4 more t )

instantiat

VAL LDATLON MO

'EECH TAGGER FOR CROSS W |

tion on +old no.: B please walt...

| HMMFrobGenerat

VALIDATION MODE

WEELH TAGGER | ( o WAL LLWA
ilon on fold no.: B ! 2 more to ROl
1o0n on told n : O please walt...
1 tanti
ted] [ VALIDATION MODE
] |
WEECH TAGGER FOR CROS5S VALIDA

1on on fold no.: 9 | 1 more to gol

ion on fold no.: 18 please wait...

LIDATION MODI

VAL LDAT LON

66

2.91




