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Abstract

The accumulation of information in this electronic age is rapidly increasing. Yet we have very
little intelligent tools that will help individuals manage this giant information. Natural Language
Processing researches are looking closely at this problem and try to build systems that can
understand natural languages. Part-of-speech tagging is one attempt in the effort of understanding
human languages. It is the assignment of a category to a word which indicates the role of the

word in a given context.

There are a lot of part-of-speech taggers for many languages but is not for Amharic language.
This study proposes a hybrid method of Neural Network and Rule-based approach for tagging
Ambharic words. So this method is based firstly on Neural Network and then anomaly is corrected
by Rule-based approach. Back Propagation algorithm and Transformation—Based learning

method are adopted for the development of Amharic tagger.

Building the tagger with hybrid approach can improve the performance of the tagger. This study
sets better Ambharic tagsets, large size corpus and uses two methods for better accuracy. To
evaluate the proposed method, a number of experiments have been conducted. A large number of
data are used to train and test the tagger. The experimental result of this thesis work indicates that
91% and 94% for rule-based and neural network tagger, respectively. But the result reaches to

98% when the experiment has been conducted on the hybrid tagger.

Keywords: Part-of-Speech, Amharic Part-of-Speech tagger, Tagset, POS tagger.
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Chapter One

Introduction
1.1 Background
Natural language is a language that is spoken, written, or signed by humans for general-purpose
communication [37]. It is any language that human beings learn from their environment and
make use of it to communicate with each other in their day-to-day activities. Natural language is
used to express our knowledge and emotion in order to convey our response to others. English,
French, Arabic, and Ambharic are examples of natural languages that have their own structural,

lexical, semantic, syntactic, morphological, and other descriptions [1, 2].

Natural Language Processing (NLP) is an area of artificial intelligence research that attempts to
reproduce the human interpretation of language by machines [37]. Natural language processing,
as a field of study, studies ways to understand how information is represented in a given instance
like word, phrase, sentence, of a natural language. Specifically, it deals with devising a
mechanism that captures structural information of the natural language. The goal of natural
language processing is designing and building systems that will analyze understand and generate
natural languages. Having such types of systems will enable to communicate with machines as
though one is communicating to human agent [29]. The machine should understand first the
natural language before processing it. But, understanding a natural language by machine is not
easy and straight forward task. The complexity and richness of human language make the
language understanding process very difficult [2]. It involves large number of classes and
relations whose existence is not transparent from the surface structure of the natural language.
This fact makes the assignment of words to their appropriate classes difficult and also to identify

the relation they have with each other in the sentence, paragraph or document. Another major
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reason is that understanding natural language by machine has ambiguity at structural, semantic

and lexical level.

Though, understanding natural language by machines is a complicated problem, there are various
approaches under investigation and some of them have succeeded to some extent in making

machines to understand natural language [4].

Amharic, which belongs to the Semitic family of languages, is one of the most widely spoken
natural languages in Ethiopia. However, it is among the least researched languages [42].
Recently, researches in the development of different NLP tools for analyzing Amharic text have

begun [4, 48, 50, 51]. Part-of-speech tagging is one of the research areas on natural languages
[31].
Part-of-Speech is a category of words based on their grammatical function such as nouns,

pronouns, verbs, adjectives, adverbs, interjections, prepositions and post positions. A part-of-

speech or word class is defined as the role that a word plays in a sentence [32].

Part-of-speech tagging is the process of marking up the words in a text as corresponding to a
particular part-of-speech based on its definition and context, i.e., relationship with adjacent and
related words in phrase, sentence, or paragraph [56]. In this process, special codes or labels will
be attached to each word in the corpora indicating its particular category. The codes attached are
kﬁown as “tags”, and the process of attaching them to a word is called tagging. Let’s elaborate
these concepts using the Amharic sentence; “£U @oAh&: 1@-" (This is a book). The tagging
process accepts this sentence as input and then generates “&U/4DV oo hG/N 1M/AUX” as an
out put. The codes ADV, N and AUX represent an adverb, noun and auxiliary verb respectively

so as to indicate part-of-speech of a word in a given sentence [29].
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Tagging can be done either manually or automatically. Part-of-Speech (POS) tagger is a tagging
system which assigns a tag for each word in a sentence automatically [16]. POS taggers have been
successfully applied to assign a single POS to every word in a corpus by considering the context
of the word [2]. There are various approaches which are used for building POS taggers for
different languages. The most popular ones are: Stochastic, Rule-based, Artificial Neural

Network, and hybrid approaches [2, 24].

Stochastic, statistical, approach tries to define the class label probabilistically for a word and the
word categories in their contexts. Rule-based tagging is another approach to tackle the problem of
automatic POS tagging. This approach requires set of rules to define the appropriate tag for a
word. The rules can be designed either manually by linguists or using machine learning
techniques. Artificial Neural Network can be used to extract patterns and detect trends that are
complex to be noticed by humans. Hybrid approach uses two or more of the above approaches for
determining the class of a given word. This research focuses on hybrid approach which combines

Artificial Neural Network and Rule-based approaches

1.2 Statement of the problem

POS tagging is one of the tasks in the area of NLP which needs to be given attention. The
absence of POS tagging system limits the effort to conduct high level researches such as parsing
and machine translation which helps to quickly and easily retrieve information. It also limits
works related to morphological analyzers, morphological synthesizers, phrase recognizers,
indexer, stemmers, speech recognizers, speech synthesizers, grammar and spelling checkers in
the area of Amharic language. Moreover, the absence of POS tagging system costs much time
and effort of researchers for annotating large corpora manually in order to address different issues

in computational linguistics. Manual annotation of corpus also requires annotators to have deep




knowledge of the structure of the language. Thus, having mentioned all such pitfalls, it is worth

to conduct a research and develop an automatic part-of-speech tagger.

Researches have been conducted on POS tagging by different researchers for different languages;
among these, two of them, [42] and [55], are on Ambharic language. Stochastic Hidden Markov
Model (HMM) and multi-layer perceptron Neural Network approaches have been used in [42]
and [55], respectively. Though these two approaches require large size corpus, the researchers
haven’t used enough size which in turn makes the research activity complicated and inefficient.
Besides this, these two approaches, by themselves, have their own limitation which hinders to get
better performing tagger. Hence, it is necessary to conduct research on POS tagging for Amharic
language in order to alleviate the above limitations and enhance the researches done by other

researchers.

1.3 Objective of the study

1.3.1 General Objective

The major objective of this study is to enhance the performance of an automated POS tagger for

Ambharic language using a hybrid POS tagging approach.

1.3.2 Specific Objectives
In order to achieve the above general objective, the following specific objectives are set.
> Collect an appropriate corpus for the research.
» Determine Ambharic tagset.
> Determine appropriate features for tagging
> Design neural tagger and rule-based corrector.
> Construct hybrid POS architecture.

> Adapt an algorithm for the development of Amharic tagger.
M_
B s
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Develop prototype.

Test and analyze the performance of the system.

1.4 Scope of the Study

The study would have been very interesting if it compared all the approaches for POS tagging.

However, due to time constraint this study focused only on exploring the efficiency and potential

of a hybrid approach, (Rule based and Artificial Neural Network), for automatic part-of-speech

tagger for Ambharic.

1.5 Methodology

Since this thesis work is intended to develop an automatic POS tagger for Amharic language, the

following methodologies have been employed.

AN
r

Y

Literatures have been reviewed on Amharic word classes and approaches of POS tagging.
Related works are also assessed.

Data collection: manually annotated corpus has been collected for training and testing
purpose.

Design approach: to enhance the performance of Amharic tagger, Artificial Neural
Network and Rule-based approaches have been taken into consideration in order to design
the hybrid tagger.

Development tools: Programming languages; Python 2.5 and MS-Visual Basic 6.0 ,and
database management system; Ms-Access have been used to develop the prototype.
Experimental Analysis: experimental analysis has been conducted according to the result

of the neural tagger, rule-based corrector, and hybrid system. To conduct the experiments,
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Brain Maker and Brill’s tagger are used as a tool for Neural Network and Rule-based

respectively. Charts have been used for displaying results.

1.6 Application of POS Tagging

POS tagging is necessary in most applications of NLP such as speech synthesis, speech
recognition, machine translation, etc [6, 29]. It is also useful for further linguistic study like
analyzing the syntactic structure of sentences in a text, statistical work such as counting the
distribution of different word classes in text corpora, etc. POS tagging, not only assign a word to
the accurate part-of-speech tag, but also provides other relevant information such as the
inflectional categories of the classes, for example, number, person, and case [11]. Words are
often ambiguous in their part-of-speech. This ambiguity is normally resolved by the context of a
word. POS tagging is vital for word-sense disambiguation. The task of word-sense
disambiguation is to examine word tokens in context and specify exactly which sense, meaning,

of each word is being used.

POS tagging is useful to discover the linguistic structure of large corpus which facilitates higher
levels of language processes like parsing, morphological analysis and synthesis, stemming,
information retrieval, and so on [19]. A word’s POS is also used to improve the level of precision
in word-based indexing and retrieval systems by disambiguating search terms. Part-of-speech can
also be used for stemming in information retrieval systems since knowing a word’s POS can help
to know which morphological affixes it can take. Part-of-speech tagging is the first full-fledged
process which helps to develop parser so as to perform syntactical analysis. POS tagging is also
primary step for semantic analysis in machine translation systems. It can also be a component for

works related to spelling and grammar checking [3, 35].



Furthermore, it is used in parsing of texts to quickly find names, times, dates, or other named
entities for the information extraction applications [29]. Finally, corpora that have been marked
for parts-of-speech are very useful for linguistic research. In general, POS tagging is often

considered as the first phase of a more complex natural language processing application.

1.7 Organization of the Thesis

The rest of the thesis covers a broad range of topics that are organized in six chapters. Chapter
two presents literature review on part-of-speech, importance of POS tagging, and various
approaches; like statistical, rule-based, artificial neural network and hybrid, with their advantages
and limitations. Related works, specifically on Amharic language part-of-speech tagger, are also
addressed in this chapter. This chapter gives more coverage for rule-based and artificial network

which are the interest of this thesis work.

Ambharic part-of-speech is an issue that is addressed in the third chapter of this thesis. This
chapter sets up the classification mechanism of Amharic word categories which is important for
building the POS system. Besides, chapter three includes a more detailed description of tag sets
which are necessary and important for the design of the POS tagger. After the part-of-speech and
tag sets for Amharic language are identified, the next step is to design Amharic POS tagger.
C.hapter four discusses in detail the design process, algorithm and architecture of the Ambharic

POS system. Design goals, approaches, and techniques are also included in this chapter.

Chapter five presents the data collection process and procedures of the experiments. Training and
testing procedures are also given attention. The results section presents a summary of outputs

from the various tests. Furthermore, the chapter deals with the implementation aspects and tools



that are utilized in the training and testing stages. Finally, conclusions and recommendations of

this thesis work are presented in the sixth chapter.



Chapter Two

Literature review and Related works

During the last two decades, many Part-of-speech (POS) tagging researches have been performed
with regard to their problem to a particular language. In this chapter, an attempt is made to
discuss the widely utilized approaches in tackling part of speech problems in general and those

that are used for Amharic language in particular.

2.1 Approaches of Part-of-Speech tagging

A number of approaches have been proposed for automatic tagging. The most common and
widely used approaches are: Statistical, Rule-based and Artificial Neural Networks (ANN). There
is also a hybrid of these approaches so as to make the tagger accurate by considering the good
qualities of two or more approaches [46]. Several kinds of POS taggers using rule-based [11],
statistical [40], memory-based [17], neural network [49], and hybrid [46] models have been
proposed for different languages. These approaches consider linguistic methods which consist of
coding the necessary knowledge in a set of rules written by linguists, frequency of the word in a
given part of speech, or learning algorithms. These approaches are discussed below.

2.1.1 Statistical approach

Statistical approach is one of the widely applicable approaches in the POS tagging development
ellwironment [44]. It is a probabilistic approach that works based on the frequency information of
words and tags in a given context. Based on frequency of words and tags, it calculates the lexical
probabilities, i.e., the probabilities of a part-of-speech given the word, and contextual
probabilities, i.e., the probabilities of a part-of-speech given the previous part-of-speech. These

probabilities are trained on a manually tagged corpus. This method provides the capabilities of



M
resolving ambiguity on the basis of most likely interpretation. But, it requires statistical
information to capture contextual information in order to exploit the power of probabilities and
tag sequence of words. Several researchers used statistical methods to model relations between

words, tags and context [40, 43].

Statistical approach tags words based solely on the probability that a word occurs within a
particular tag. In other words, the tag encountered most frequently in the training set is the one
assigned to an instance of that word. An alternative, to the word frequency approach, is to
calculate the probability of a given sequence of tags occurring. This is sometimes referred to as
the n-gram approach, referring to the fact that the best tag for a given word is determined by the
probability that it occurs with the “n” previous tags. The next level of complexity that can be
introduced into a stochastic tagger combines the previous two techniques, using both tag

sequence probabilities and word frequency measurements [18, 33].

The main goal of the probabilistic methods, given a sequence of words Wi...Wu is to find the
sequence of tags Ti...T that is the most likely tag sequence for these words, i.e. the sequence
T:... Tathat maximizes P(T1...Ta| Wi...Wa). It is possible to estimate P(T1...Tn| Wi...Wh) using the
probabilities P(Ti | Wi) and P(Ti | TiiTi2) [33]. These two probabilities are called lexical and
contextual probabilities, respectively. Lexical probability is the probability of observing a tag
given a specific word P(Ti| Wi). Contextual probability, on the other hand, is the probability of
observing a specific tag (Ti) given the surrounding tags. They are typically implemented as
bigrams or trigrams', i.e., P(Ti| Ti1) or P(Ti| Ti1Tiz), respectively. The lexical and contextual

probabilities, frequency-based information, are often estimated from a correctly annotated, pre

tagged, training corpus [57].

! An n-gram is a sub-sequence of n word from a given sequence; bigram and trigram are a
special case of the n-gram, where N is 2 and 3 respectively [14].

—/—M;
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Stochastic (statistical) approach tries to define the class label of a word as a joint probability of
the word and the classes in their contexts and choose the one that maximizes the probability.

Mathematically this can be described as [19]:

t\V . = lj where j = arg max P { ( WI,I] ), '”(wl',tk ),__.(wn, ’)‘) }
1 1<k M

where M is the number of tags available.

A common formulation of a statistical POS tagger takes the form of a Hidden Markov Model

(HMM), where the states correspond to POS tags, t, and words, W;, are emitted each time a state
is visited. The training of HMM-based taggers involves estimating lexical probabilities, P(wilt),

and tag sequence probabilities, P(t; | ti.j ... ti-n). The ultimate goal of HMM training is to find the
model that maximizes the probability of a given training text, which can be done easily using the
forward-backward process. These probabilities are then used in conjunction with the Viterbi
algorithm? to find the most probable sequence of POS tags for a given sentence. When estimating
tag sequence probabilities, an HMM tagger, typically takes into account a history consisting of

the previous two tags [14].

Applying HMM to tagging aims to find the most likely sequence of POS on the sentence level. It
brings every word’s probability and context of information together by finding the tag sequence
that maximizes the likelihood of the product of word probability ( p(word/tag)) and a tag

sequence probability ( p(tag/previous n tags) [ 16].

It is an algorithm for finding the most likely sequence of hidden states that result in a sequence
of observed events, especially in the context of hidden Markov models [19].

f

N




POS Tagging with Markov Models
The basis for all Markov Models for POS Tagging [14, 42]:

» Look for t7 r2...tn that maximizes P(t/ t2. . . te\w/ w2. . . wn)
» Using Baye’s Rule:

O P(tltz. o tn/W1W2 -t Wn) = B(\_V[ Wo.. Woltith. .. t,) * P(tita. .. tg)
P (wiwa...wp)

» Find t/t2...tnthat maximizes the numerator

» Two main independence assumptions:
= Words are independent of each other:

P(wiwa ... Wi/tita .. .ty) = P(wi/tita . ... ty) * P(wa/tity . . . ty) *...* P(wy/tity . . .ty)
* The probability of a word depends only on its tag:

P(wi/tita . .. th) = P(wi\ty)

A POS tagger based on Hidden Markov Model (HMM) assigns the best sequence of tags to an
entire sentence. Generally, the most probable tag sequence is assigned to each sentence following
the Viterbi algorithm. The task of POS tagging is to find the sequence of POS tags T= { tl, t2,
t3,.....tn} that is optimal for a word sequence W= {wl,w2, w3....wn}. The tagging problem

becomes equivalent to searching for argmaxt P(T)*P(W/). by the application of Baye’s law [40].

The probability of the tag i.e. P(T) can be calculated by Markov assumption which states that the
probability of a tag is dependent only on a small, fixed number of previous tags. If it is n-gram
the probability of a tag depends on n previous tags, then we have

P(T) = P(tl)*P(tz\tl)*p(t3/t],tz)*P(t4/t2,t3)*, e .*P(tn/tn_z,tn_|) [14]
To summarize this topic, two sources of information are required to decide a POS of a word

concerning this approach [43]:
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B Contextual Information: Look at tags of other words in the context of the word of

interest.

® Lexical Information: Predicting a tag based on the word concerned. For words

with a number of POS, one POS is assigned at a time in a given context.

In addition, these taggers usually take a large manually annotated corpus from which
probabilities are extracted. In spite of the fact that statistical models are less accurate than rule-
based models, most existing POS analyzers have been based on a probabilistic model because

these systems can be automatically trained [38].

2.1.2 Rule-Based Approach

Rule-Based approach is one of the earliest approaches in developing POS tagger system to solve
the problem of tagging. In contrast to the probabilistic method, the rule-based approach for
disambiguation uses rules created by linguists or automatically by computer programs. The rules
may contain a large number of morphological, lexical and/or syntactical information. They are
based on linguistic knowledge about the structure of the language on specific languages. With
human rule creation, there is a large set of manually constructed rules based on a specific
grammar, written in a formal notation so that they can be used by the computer for further
parsing. Many systems also use trial-and-error method, i.e. finding sentences where the rules

have failed in order to manually add further rules to the system for higher accuracy [11, 39].

Adding a rule to the 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 some limitations: requires hand-written rules, costly and time-
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consuming. Rule-based methods are time-consuming and require a great knowledge of a specific

language being tagged in general.
The rule-based tagger has many advantages over stochastic; including [11]

e avast reduction stored information required
o the perspicuity of a small set of meaningful rules
e case of finding and implementing improvements to the tagger, and

e better portability from one tag set to another

Rule-based tagger is robust and the rules are automatically acquired. The tagger works by
automatically recognizing and correcting its weakness, thereby incrementally improving its
performance. The tagger initially tags by assigning each word to its most likely tag, estimated by
examining a large tagged corpus, without regard to context [10, 57]. But this approach requires
initially manually annotated corpus and large size data. And it generalizes rules to a small set of

rules.

2.1.3 Artificial Neural Network (ANN)

Animals are able to react adaptively to changes in their external and internal environment, and
they use their nervous system to perform these behaviours. An appropriate model/simulation of
the nervous system should be able to produce similar responses and behaviours in artificial
systems. Neurons work by processing information, i.e., receive and provide information in the
form of spikes. An artificial neural network is composed of many artificial neurons that are

linked together according to specific network architecture. The objective of the neural network is

thus to transform the inputs into meaningful outputs (8, 27].
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An Artificial Neural Network (ANN) is an information processing paradigm that is inspired by
the way biological nervous systems process information. It is composed of a large number of
highly interconnected processing elements, neurons, working in unison to solve specific
problems. Learning in biological systems involves adjustments to the synaptic connections that
exist between the neurons. Neural network is composed of a large number of highly
interconnected processing elements, neurons, working synchronously or asynchronously to solve
a specific problem. This is true for ANNs as well. An ANN is configured for a specific
application, such as pattern recognition or data classification, through a learning process. Neural
Networks can also be used to extract patterns and detect trends that are too complex to be noticed

by either humans or other computer techniques [37,47].

[earning, in the context of ANNs , refers to adaptation of different behaviour on the basis of the
data that is given to the network. Unlike telling the network how to react 10 each data vector
separately, as would be the case in the conventional programming, the network itself is able to
find properties from the presented data. Network learning will proceed as new data becomes
available. Learning, in this case, is said to be adaptive. As data is given to the ANN, it organizes
its structure to reflect the properties of the given data. The way the internal structure of an ANN
is altered is determined by the implemented learning algorithm. Several distinct Neural Network
models can be distinguished both from their internal architecture and from the learning
algorithms they use. Basically, three entities characterize an ANN: the network topology or
interconnection of neural ‘units’, the characteristics of individual units or artificial neurons, and
the strategy for pattern learning or training. According to their connection geometries, Neural

Networks can be classified as feed forward and feedback topologies [58].

/
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2.1.3.1 Topologies of Neural Networks

2.1.3.1.1 Feed-forward networks

Feed-forward ANNs allow signals to travel one way only; from input to output. There is no
feedback, i.e., the output of any layer does not affect that same layer. Feed-forward ANNSs tend to
be straight forward networks that associate inputs with outputs. For feed-forward networks, every
neuron in a given layer receives inputs from layers below, that is, from layers nearer to the input
layer, and sends output to layers above, that is, to layers nearer the output layer. For such
networks, given a set of inputs, the input vector, from the neurons in the input layer, the output
vector is computed by a succession of forward passes, which compute the intermediate output
vectors of each layer in turn using the previously computed signal values in the earlier layers.
Single-layer and multi-layer preceptor can be taken as a typical example of this topology. “Feed
forward” means that the values only move from input through hidden to output layers; no values

are fed back to earlier layers. A simple feed forward network can be seen in Figure 2.1 [59].

Hidden layer Oulputs

Figure 2.1 An example of a simple feed forward network

2.1.3.1.2 Feedback networks

Feedback networks can have signals traveling in both directions by introducing loops in the
network. Feedback networks are very powerful and can get extremely complicated. Feedback

networks are dynamic. Their 'state' is changing continuously until they reach an equilibrium

e ——————————
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point. They remain at the equilibrium point until the input changes and a new equilibrium needs
to be found. Feedback architectures are also referred to as interactive or recurrent, although the
latter term is often used to denote feedback connections in single-layer organizations. Self-
organizing map and associative network can be taken as examples of this type of network

topology [49, 58], as shown in Figure 2.2.

Input Hidden Qutput
Neurons Neurons Neurons

Figure 2.2 An example of a feedback network

2.1.3.2 Multi-layer Perceptron Model

It is one of the most widely used network models that links together processing units into a
network made up of layers: input, output, and typically one or more hidden layers. A layer of
"input" units is connected to a layer of "hidden" units, which is connected to a layer of "output"
units. The activity of the input units represents the raw information that is fed to the network. The

activity of each hidden unit is determined by the activities of the input units and the weights on
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the connections between the hidden units and the previous unit. The behavior of the output units
depends on the activity of the hidden units and the weights between the hidden and output units.
The weights between the input and hidden units determine when each hidden unit is active, and
so by modifying these weights, a hidden unit can choose what it represents. Each layer is fully
connected to the succeeding layer. The network is feed forward. When using or testing a trained
network, the input values set the values of elements in the first hidden layer, which influence the

next layer, and so on until it sets values for the output layer elements [8].

In short multi layer perceptron networks has the input layer, output layer and in between hidden
layer [5].

Input Layer — a vector of predictor variable values (x}...x,) is presented to the input layer. The
input layer or processing before the input layer standardizes these values by subtracting the
median and dividing by the inter-quartile range and distributes the values to each of the neurons
in the hidden layer. In addition to the predictor variables, there is a constant input of 1.0, called
the bias that is fed to each of the hidden layers; the bias is multiplied by a weight and added to

the sum going into the neuron.

Hidden Layer — arriving at a neuron in the hidden layer, the value from each input neuron from
previous layer is multiplied by a weight (w;;), and the resulting weighted values are added
together producing a combined value »; which is the activation value. The weighted sum (u) is

fed into a transfer function, o, which outputs a value h;. The outputs from the hidden layer are

distributed to the output layer.

Output Layer — Arriving at a neuron in the output layer, the value from each hidden layer

neuron is multiplied by a weight (wy), and the resulting weighted values are added together

f
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producing a combined value v;. The weighted sum (v) is fed into a transfer function, ¢, which

outputs a value yx. The y values are the outputs of the network.

In MLPs, learning is supervised with separate training and recall phases. During training the
nodes in the hidden layers organize themselves such that different nodes learn to recognize
different features of the total input space. During the recalling phase, the network will respond to
inputs that exhibit features similar to those learned during training. Incomplete or noisy inputs
may be completely recovered by the network. In its Jearning phase, a training set of examples

with known inputs and outputs will be given [27].

In a multi-layer perceptron topology, neurons are grouped into distinct layers as depicted in
figure.2.3 [36]. Output of each layer is connected to input of nodes in the following layer. The

first layer, input layer, passes inputs to the network while the outputs of the last layer, form the

output of the network.

hidden
layer
output

/ N yer

Figure 2. 3 Multilayer Perceptron Network

A multi-layer perceptron is especially useful for approximating a classification function that
maps input vector (XnX2, - x,) to one or more classes C1,Ca,...Cm.. BY optimizing weights and

thresholds for all nodes, the network can represent a wide range of classification functions.
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Optimizing the weights can be done by supervised learning, where the network learns from the
large number of examples. Examples are usually provided one at a time. For each example the
actual vector is computed and compared to the desired output. Then, weights and thresholds are
adjusted, proportional to their contribution to the error made at the respective output. One of the
most widely used algorithms is the Back-Propagation method, in which the errors are propagated
in iterative manner. Error in this context is the difference between desired output and the output

of actual ANN [27].

During training, error information is propagated back through the network and used to update
connection weights. Different neural network architectures use different algorithms to calculate
the weight changes. Back propagation (BP) is a commonly used algorithm in MLPs. BP solves
the problem of how to calculate the hidden layer errors; it propagates the output errors back to the

previous layer using the output element weights [13].

A Back Propagation algorithm updates weight from example. Examples of the target are given to
the algorithm. And then it changes the network’s weights so that when training is finished, it will
give the required output for a particular input. The principal advantage of back-propagation is

simplicity and reasonable speed [35].

The BP algorithm consists of two phases : the forward phase, where the activations are
propagated from the input to the output layer, and the backward phase, where the error between
the observed actual and the requested nominal value in the output layer is propagated backwards

in order to modify the weights and bias values [15].
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2.2.4 Hybrid Approach

Now a days POS taggers are designed by considering two or more approaches, which are
discussed above. Basically, one approach is not full fledged by itself to achieve the best accuracy.
In order to fill the gap and the shortcoming of the specific method, additional approaches are

incorporated. Due to this better accuracies are achieved [54].

Ma et al. [46] has been used neuro and rule-based approach together. Neuron tagger and rule-
based cor’rector are used to assign a part of speech for Thai language. Neuron tagger is used as
initial state annotator and rule-based is done to correct the tags, which are outputs of the neuron
tagger. Neuro tagger, especially elastic neuron tagger, uses different lengths of contexts on
longest context priority in order to perform POS tagging. Three-layer perceptron with elastic
input was selected so as to develop the model as it is shown in Table 2.1. The elasticity enables it
to use variable length of context for tagging. Transformation rules are used to come out the rule-
based corrector in order to increase the accuracy of the hybrid system. The neuro tagger is
corrected by the rule-based corrector that will apply to minimize the errors done by the neuro
tagger. The result of the experiment indicated that the hybrid system is best when it is compared
to HMM, Rule-based, and Neuron as it is shown in Table 2.1. The errors made by the neuro
tagger are corrected by the rule-based corrector. This contributed to have the hybrid model to

achieve highest accuracy than others.

Table 2.1 Result of different approaches

Model Baseline HMM Rule-based Neuro Hybrid

accuracy 83.6 % 89.1 % 93.5% 94.4 % 95.5 %

2



2.2 Related works

The task of POS tagging is to assign unique POS tags to sentences that are presented as a linear
string of words. POS tagging systems, which annotate corpora written in various languages, are
used as components in many applications including phrase recognition, word sense disambiguate,
grammatical function assignments and many others. Today, taggers of different kinds have been
developed for different languages. Researches have been attempted on a very small corpus using

stochastic and neural network approaches on Amharic language [42, 55].

A stochastic approach that considers Hidden Markov Model (HMM) is used to develop Amharic
tagger [42]. In HMM approach, the most likely sequence of tags is considered as the most
appropriate sequence of tags for the sequence of words in a given sentence. This sequence of tags
is assigned to each word in the input sentence. The Markov assumption states that in calculating
the probability of any sequence of categories, the probability of a category occurring in the
sequence must depend only on the “n” categories where “n” is the number of categories before
the category under consideration. The bigram model was considered for this thesis work. The
Viterbi algorithm is used to generate the most likely sequence of tags for the sequence of words
in a sentence. This algorithm depends on the assumption that the probability of a particular
category occurring in a corpus depends solely on the immediate category preceding it. This
algorithm helps to determine the optimal path of tags through the search space ranging from one
unambiguous tag to the next. 25 tagsets were designed for this study. Manually tagged text was
used to get the training and test set for the experiment. The training set was used to estimate the
lexical and transitional probabilities required for the knowledge base. This set, the training set,

consists of 90 percent, 210 words, of the total data. The test set used in the experiment consists of
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10 percent of the total data to be tagged. Experiments were conducted in two phases, one on the
training set and the other on the test set. The result obtained based on the small sample was high
(97 %) on the training set and approximately 90% on the test set. Although the accuracy of the

tagger developed is high, the tagger developed was not trained on such huge data.

TAGGIT was one of the first systems which used rules for disambiguate with an accuracy of
77% [25]. A rule-based POS tagger which automatically infers rules from a training corpus
based on transformation-based error-driven learning is presented in [11]. It avoids most of the
limitations of traditional rule-based taggers because it automatically infers rules from a training
corpus and it utilizes some corpus statistics. It takes less space than probabilistic taggers. Hence,

the system has become a competitive alternative to probabilistic tagging models [10, 21].

Eric Brill introduced a POS tagger in 1992 that was based on rules, transformations as he calls
them, where the grammar is induced directly from the training corpus without human
intervention or expert knowledge [11]. The only additional component necessary is a small,
manually and correctly annotated corpus - the training corpus - which serves as input to the
tagger. Lexical and contextual information is derived from the training corpus. Having such
information enables the system to learn how to figure out the most likely POS tag for a word.
After the training is completed, the tagger can be used to annotate new, unannotated corpora
based on the tagset of the training corpus. This tagger does not use hand-crafted rules or pre-
specified language information, nor does the tagger use external lexicons or lists of different

types. According to this technique, there is a very small amount of general linguistic knowledge

built into the system [10].

The general framework of Brill’s corpus-based learning is called Transformation -based Error-

driven Learning (TEL). The name reflects the fact that the tagger is based on transformations or
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rules, and learns by detecting errors. The TEL begins with an unannotated text as input which
passes through the initial state annotator which assigns tags to the input. The output of the initial
state annotator is a temporary corpus which is then compared to a goal corpus that has been
manually tagged. For each case, the temporary corpus is passed through the learner; the learner
produces one new rule. This rule is applied and replaces the temporary corpus with the analysis
that results when this rule is applied to it. By this process, the learner produces an ordered list of
rules. The tagger uses TEL twice: first in the lexical module deriving rules for tagging unknown
words, and second in the contextual module for deriving rules that improve the accuracy. Both
modules use two types of corpora: the goal corpus, derived from a manually annotated corpus,
and a temporary corpus whose tags are improved step by step to resemble the goal corpus more
and more. In the lexical module of the tagger, the goal corpus is a list of words containing
information about the frequencies of tags in a manually annotated corpus. A temporary corpus,
on the other hand, is a list consisting of the same words as in the goal corpus, tagged in some
fashion. In the contextual learning module the goal corpus is a manually annotated running text
while a temporary corpus consists of the same running text as in the goal corpus but with

different tags [38].

The rule has two parts: a condition and a resulting tag. The rules are instantiated from a set of
predefined transformation templates. The ideal goal of the lexical module is to find rules that can
produce the most likely tag for any word in the given language, i.e. the most frequent tag for the
word in question considering all texts in that language. The problem is to determine the most

likely tags for unknown words, given the most likely tag for each word in a comparatively small

set of words [10, 11].
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Once the tagger has learned the most likely tag for each word found in the manually annotated
training corpus and the method for predicting the most likely tag for unknown words, contextual
rules are learned for disambiguate. The learner discovers rules on the basis of the particular

environments, or the context, of word tokens.

The contextual learning process needs an initially annotated text. The input to the initial state
annotator is an untagged corpus. The initial state annotator needs a list, thus so called training
lexicon. It consists of a list of words with a number of tags attached to each word. These tags
are the tags that are found in the first half of the manually annotated corpus. The first tag is the
most likely tag for the word in question and the rest of the tags are in no particular order. The
initial state annotator assigns to every word being in the untagged corpus the most likely tag. It
lzigs the known words, i.e. the words occurring in training lexicon, with the most frequent tag for
the word in question. The tags for the unknown words are computed using the lexical rules. The
annotated text obtained is the initial temporary running text that serves as input to the contextual

learner [10, 11, 38].

According to [55], Artificial Neural Network approach that employs a supervised learning
mechanism was selected to build the Neural Network model for part of speech tagger. It is three
layer MLP network. Multi layer feed-forward network with back propagation algorithm was
designed because of its capabilities of expressing non-linear decision. This work considered
neighborhood context, localized information, for tagging of words in a small tagged corpus. The
input to the network is the set of words that fall into a window of pre-specified size centered on
the target word to be tagged. The output of the network is the corresponding tag for the target
word. The study used 24 tagsets which were developed in [42]. Manually tagged corpus

consisting of 159 sentences was prepared, 136 sentences, 2429 words, for training and the other
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23 sentences, 392 words, for testing. The result of the MLP-part of speech tagger was an average
accuracy of 93 % on words in test data that are not seen during the training process. The accuracy

may increase if it were tested with a large data.

2.3 Summary

It has recently become clear that automatically extracting linguistic information from a sample
text corpus can be an extremely powerful method of overcoming the linguistic knowledge
acquisition bottleneck inhibiting the creation of robust and accurate natural language processing
system. POS tagging is one of the tasks performed on natural languages, which assigns the
correct POS to each word in the context of the sentence. Several kinds of POS taggers using rule-

based, statistical, neural-network have been proposed for some languages.

The statistical approach requires considerable training samples to estimate the probabilities of
word sequence and considerable memory capacity to process these probabilities. Additionally, it
is difficult to predict unseen data, which never appeared in the training data. Rule —based
approach is another alternative to assign tags to words by set linguistic rules or automatic
generation of rules through machine learning process. Neural networks are also interesting
mechanisms which can learn general characteristics or patterns from limited sample data. It is
also exercised to pass through two approaches in order to achieve better accuracy. The next

chapter is describing the Amharic word categories which are the bases for the building of

automatic POS tagger.
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Chapter Three
Amharic POS and Tagsets

3.1 Amharic POS

3.1.1 Overview

Ambharic served as a government language more than a century. It has also relatively been studied
than other Ethiopic languages. But there is no clear cut on Ambharic part of speech
categorization. One of the most cited classical work on Amharic grammar, written in Amharic,
put the word classes of this language as eight [41]. These are preposition, noun, conjunction,
interjection, verb, adjective, pronoun and adverb. Recent works in [7, 2], have stated that
Ambharic has only five word classes. They did by leaving out interjection from the inventory and
putting together prepositions and conjunctions in one class and considering pronouns as a sub-
class of nouns. Baye’s [7] reduction of Mersehazen’s [41] classification seems based on the role

of words in syntax, i.e., considering words that have clear role in Amharic sentence grammar.

According to a study in [23], Amharic has only four basic word classes. These are nominals,
verbs, adpositions-conjunctions and interjections. As it is the case in any language, the above
four classes can be divided into sﬁb—classes. The subclasses in turn can be divided into mini-sub-
classes and subdivision process may be continuing iteratively depending on the level and aim of

the investigation.

3.1.2 The Need for Categorizing Words

Words are 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 words are rarely used

alone. Words more often work together in small groups which together make up whole sentence.
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These small groups possess a single coherent meaning. In addition, the same word can be used in

different sentences and belong to a different word class in each sentence.

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 [26].

3.1.3 Baye’s Classification of Amharic Words

Baye [7] shows the categorization of Amharic words reduced to five. These are: preposition,
noun, verb, adjective, and adverb. Pronouns and conjunctions are put under noun and preposition
categories respectively. Interjections are words without syntactic functions. In this categorization,

interjections are not considered as part-of-speech.

3.1.3.1 The Amharic Noun Class

A noun is a word which is used to label things, such as a real thing (for example, cat), an
imaginary thing (for example, ghost), an idea (for example, love), person name (for example,
'Abebe'). Amharic nouns, like English, are words used to name or identify a class of things,

people, places or ideas.

3.1.3.2 The Amharic Verb Class

Verbs are words that tell us the state of doing or being. Verbs are morphologically the most
complex POS in Ambharic, with many inflectional forms; numerous words with other POS are
derived primarily from verbs. There are two major criteria to identify verbs from other word
categories. These are: syntactically and morphologically. 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.
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3.1.3.3 The Adjective Class

Adjectives act as describing words or phrases that add extra information to a noun. Adjectives in
Ambharic usually precede the nouns that they modify or describe. Let’s look at the following

example.

Example: 70U 1994 4@+ (He is a clever student). In this example, the adjective 747/
(clever) precedes the noun “1?7¢4” (student) which it modifies. But this does not mean that a
word is an adjective just because it precedes a noun. For instance, in the sentence “0 1974
Y- (this is a student), the word “&T.” (this) precedes the noun “1*“74” (student). Although
the word “@T,” functionally shares the feature of an adjective, modifier, it is a demonstrative

pronoun.

3.1.3.4 Prepositions in Amharic

Prepositions are small words which will have meanings only when they are attached or used

together with other words such as nouns, verbs, pronouns and adjectives.
Prepositions can appear as:

> A simple prepositions that stand alone as separate words
Example: N T9°0CT (for the sake of education)

> A simple preposition prefixed or attached with other words (e.g. nouns and verbs).
Example: 0-@ohG (by car)

A-199¢  (to/for the student)

» As compound prepositions having two parts, prepositional prefixes and post
positions. The postpositions can either be single preposition that stand by their
own or a preposition not separated from a noun.

e ]
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Example: n At o0t “inside the box”
Preposition box (noun) a preposition (noun)-inside
h A NLaNdC ,M;\With God”

Preposition  noun (God)  preposition noun (with)

3.1.3.5 The Adverb Class in Amharic

An adverb is another word class that acts as a modifier. Adverbs function to add more
information to verbs, other adverbs, adjectives, and even to whole sentence. In Ambharic, adverbs
can be found in either primitive form, i.e., as separate words or in compound forms as
combinations of prepositions and some other words. In both cases, they refer to place, time,
circumstance, etc. There is also what is called adverbs of position, which may be referred to as
noun adverbs. Noun adverbs can be used either as a noun or as an adverb depending on their

context.
Examples: @& @-0T 10 (he went to inside). In this case, “ M-0T is used as a noun.
W @0F L0é-d (he works in the house). In this case, @-(‘T is used as an adverb.

As it can be seen from the above examples, noun adverbs or adverbs of position such as “@-0T"”
(inside) can function alone as an adverb or as a noun. If noun adverbs are used alone without
pfepositions, like “N”, “@L”, “h”, they are mostly treated as nouns. On the other hand, noun
adverbs prefixed with prepositions are treated as adverbs. That is, “@-0‘F"” is a noun while “(l -
®-0T” is an adverb. Adverbs can also be formed from nouns and adjectives by prefixing “(1” as

in “0 =584 (by force) and “0l LVG” (being well) respectively.
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3.1.3.6 Conjunction in Amharic

Conjunctions are words that link words, phrases and clauses to create larger grammatical units.
Conjunctions were treated as a separate category [41]. However, conjunctions are treated also as
a subclass of prepositions [7, 21]. Conjunctions in Amharic are coordinating or subordinating.

They coordinate words, phrase, clause and sentences.

3.1.3.7 Interjections

Interjections are words that function to suggest sudden, often unexpected, emotion. Like English,
Amharic has many words or phrases used to express such emotions as sudden surprise, pleasure,
annoyance and so on. Such Ambharic words are called interjections. These Amharic interjections

can stand-alone by themselves outside a sentence or can appear anywhere in a sentence.

Example: i
Y M9 T @l 1
3.1.3.8 Numerals

These are words representing numbers. In Ambaric, the ordinal numbers are formed from the

cardinal numbers by adding the suffix e >

Example: cardinal ordinal
a7 (one) WL (first)
U-A (two) U-0 % (second)

Like English, compound Ambharic numerals are put separately. The following are examples to

illustrate this.

Example: A3 oot h7% (one hundred one)
n e aot WILE (101"

In Amharic, there are also numerals that indicate distribution. These numerals are called

distributive numerals. Example: At adel (three three).
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There are also special numerals in Amharic that correspond to the English “half”, “quarter”, etc.

Example of these include %7977 (half) and (.0 (one third).

3.1.4 New approach to categorize Amharic word class

As it is highlighted in the introduction part of this chapter, Amharic word class is categorized in
to four classes according to [23]. These are nominal, adposition-conjunctions, prepositions and
interjections. In syntax, since pronouns act like nouns, categorizing pronouns under the class of
nouns seems appropriate. Moreover, since most prepositions in Ambharic function also as
conjunctions, putting these two into one word class again seems logical. [nterjections are words
that function beyond syntax. Leaving out this word class from the inventory of word classes,
therefore, can also be justified if the focus is only on syntactic words. However, even from
syntactic point of view, Baye’s [23], classification cannot be considered as a refined and
complete. For instance, adjectives in Amharic, in fact, in other Semitic languages 100, can be
categorized as a sub-class of nouns. Adverbs too can be categorized as a sub-class of nouns, as is
also the case in the traditional treatment of these word classes in Arabic [53].

3.1.4.1 Nominals

Pronouns, adjectives, adverbs, verbal nouns, i.e. infinitives, proper nouns, common nouns, etc.

are categorized under nominals. The sub-categorization of adjectives and adverbs under the class

of nouns is based on the facts stated below.

Adjectives and Adverbs as sub-class of nominals

In Amharic, adjectives function as subjects and objects of a clause besides inflect for grammatical
categories that are associated with nouns such as gender, number, and case. Adverbs also can be
categorized as a sub-class of nouns for two major reasons. First, like other Semitic languages, this

class of words in Amharic, are not many in number. Second, those limited words may function

f
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also 1n syntax as subjects and as objects in clause, i.e. being a lexical head of such phrases like

other nominals do.

It is important not totally to abandon the categories of adjectives and adverbs in Amharic. This is
because these classes of words have distinct properties that differentiate them from other
subclasses of nominals. For instance, while adjectives can modify nouns without any additional
element, i.e. prepositions, other sub-classes of nominals do not. Similarly, adverbs can modify
verbs without a preposition while other class of nominal cannot without a prepositional element

or without being marked for case.

3.4.1.2 Types of Adverbs

Under the category of adverbs, words, such as “0F , are included which do not give sense when
they stand alone. This type of words in Amharic can be used as a base for the derivation of other
words by taking derivational morphemes as in “0F'J*” (‘being quiet’), “N?°2" (being silent).
Due to this, these words are categorized as a sub-class of adverbs even if they require another
word to give full sense. Their composition is not always observed in the lexicon. This is
especially true in their appearance with the semantically dummy verbs “AA” (he said) and
“n€.47” (he does), as can be inferred from constructions such as “1&7 h7%-hA” (as he was/is
standing) where the complementizer “A7£” is attached with the dummy verb “AA” as is also
the case with other verbs. In this type of construction, although the word “1€7” must go with
“HA” or “ALeT but not with other verbs, the form “f1€7 ... AA” cannot be considered as a
compound word which is formed in the lexicon because these words do not behave as a single
(compound) word in syntax, as is evident with the insertion of “A7£” separating the two which

is purely a syntactic operation. Hence, “12:%” in this type of construction, must be a phrase on
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its own. As mentioned above, words that modify a verb without a preposition are only adverbs.

Hence, considering words like “f1€7” as an adverb seems logical.

Beside the above type of adverbs, we may consider words such as “Hé” (today), “A2°G “ (last
year), “TG 3 (yesterday), “AU-7" (now), etc. which mostly mark time and realized unlike the

above type of adverbs on their own, i.e. being a prosodically complete grammatical word.

The third types of adverbs are words that mark degree. These are not many in number in the
language. It includes words such as” A% (extremely), “NMI>” (very). Unlike the above two
types, these adverbs do not have lexical content on their own right. This makes them to be
different not only from other types of adverbs but also with any other nominals. They can also

modify verbs by their own.

3.1.4.2 Verbs

In Ambharic, words that are used as a predicate in a clause and inflect for person, gender and

number in agreement with an NP subject being marked also for aspect mood or sense can be
categorized as verbs.

3.1.4.3 Adpositions- conjunctions

Words do not have lexical content and attached with noun phrase, words that form prepositional
phrase, and words that make a clause subordinate to another can be considered as prepositions.
These include words such as “A7£”, “0A”, AT ”, "@ML”. Words such as "ML and "N are
only used as adpositions and words such as "A% ” and %77 > are used only as conjunctions. Most

other words in this category, however, can be used as conjunctions and adpositions.

3.1.4.4 Interjections

-Ade
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These are words, such as”a%” (no),”A% “(yes), and Al ™ (oh), that express emotions and are

not bound within sentential syntax.

3.2 Ambharic Tagset

Based on the discussion in the first section of this chapter, it is appropriate to come up with the
tagsets for automatic assignment of POS for Amharic texts. Three main points are considered to
decide the tagsets for this thesis work. First and most is the Amharic word categories and their
classification by different Ethiopian linguists [7, 22 23, 41]. Previous attempts on setting the tags
are also other determinant factors. Mesfin [42] has come up with 23 tags plus two for all
punctuation marks and unknown words. Other researchers in [51, 55] also adopted tagsets which

were used in [42].

The most recent work in [24] shows 30 tagsets. The main function of this tagset was for the
annotation of 10, 000 news items which are acquired from Walta Information Center. For this
work, these tags are adopted because of the following reason. These tagsets are done for the
Ethiopian Language Research Center so that it was done by linguists and reviewed by scholars on

the domain. In addition, the training and testing data are annotated with these tagsets. Thus, the

discussion in this part is according to these 30 tagsets.

The tagsets are classified as basic class and subclasses under the former one which depends on
the word categories for Amharic context. Noun, pronoun, verb, adjective, preposition,
conjunction, adverb, interjection are the basic classes. In addition, numeral, punctuation, and

unclassified or unknown word tagsets are also incorporated with the above main classes.

Nouns

Nouns can be proper nouns or pronouns. They have attributes like gender, number, case, and

definiteness. But for this study all these attributes are not taken into considerations. Verbal noun,

s
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verbal noun with propositions, verbal noun attached with conjunctions, noun including verbal

noun with preposition and conjunction are sub classes under this noun.

In Amharic language nouns might come with preposition and conjunctions that cannot be

separated from the nouns. Nouns affixed with prepositions are considered as noun

preposition and tagged as NP. Example: (-"CHa- COEA Govl ALIA P07
LOAPA ANAD A7L97m0E ANI - PPA::

Likewise, nouns may be attached with conjunction and when the conjunction can’t be

separated from the noun, it is considered as noun conjunction. NC is the tag for such
occurrence. Example: CAGAEPTT LCUT ChACHL a3 0TG A A D
ATSoMMa VAOPA::

Some nouns can also be formed from any verb forms like active, passive, by attaching
prefix and tagged as VN. Example: h-l'€owd. 12 TEEN4T oo A-MIGE
TmGPea- Y9°0 1PEPTT APl DL 1IN

Nouns are coming with preposition and conjunction as we saw it above but when the

preposition and conjunction is procliti, is grouped as noun preposition conjunction and

tagged as NPC. Example: F2CT7 ALdw- L0791 (w0 ho°3thaw-9°
NNam AL9P 042 e1A0GA MA@ A7L%m A A0 LT (e 2T
TGTVPAN::

Proper nouns, like personal names, geographic names, organization names, Ambharic
initials such as Ato, W/o, W/t, days of the week, months of the year, directions,

compound words, either multi words or fused words, are simply considered as noun and

tagged by N. N is the general tag for nouns if a word can not be categorized under sub-
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categories. Example: AT04 0 €1 CUFFary NCL. - PAY T A3 POP 02T

Pronouns
Pronouns are special types of nouns. They occur frequently in any document. So that they are

treated independently. There are three sub categories and one general tags.

These are:
o Pronouns which come with prepositions (PRONP)
Example: A°CI°C ACTAA NELL NA“LomOT hOeC ALY
ARNAI® Yo
o Pronouns attached with conjunctions ( PRONC)
Example: Adeée &P oA A0TPOr  “I0CHI T}
ANCLAPA:: LUTS WGl At CEhSaes et
ATRC WNGE Pl 2P
o Pronouns with a proclitic preposition and enclitic conjunction ( PRONPC)
Example: U'S?° Ay-A-7° naneT NePcns AL $me- ...
o PRON is assigned for the rest of the pronouns which is the general tag
Example: (FTAQ9° AZ47L Crve- SALDT wlE ROT A
PN VTar7 ACPF ...
Verbs

Verbs are the main components of any text including Amharic. These verbs indicate the action
that is done by the subject. We can say that without verbs, there exists no sentence. Due to high

occurrence of verbs, one general tagset and five subcategories are assigned to tag verbs. The sub

’
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categories indicate the role of the verb and its appearance with other part-of-speech in

conjunction.

* Auxillary verbs are one sub categories which are tagged by AUX. AUX is used to show
such verbs in all forms without any distinction like number, gender, tense etc.
Example: CA16-1: a0l A0 1575 avg( 0 hew'ls s

¢ Verbs which are attached with conjunction are tagged as VC for any type of verb,
auxiliary or relative.

Example: ¢e7.avadFa- hhAT AV 2T Adnd-tadds -

* VP is used to tag verbs which are suffixed by prepositions. Example: ....h°78410-
ATPALPO, TS PTmThE MN9PS Aovhn hodS Aoh POA 248 A
PG TMEPT oS La94 APA::

e Relative verbs are tagged by VREL
Example: P-I'€avl@- PavhAhA A7 P00 CLmE P77 ¢rC Aavdyn

LOATAN 7NPA::

e Any verb including relative and auxiliary might come with proclitic preposition and an
enclitic conjunction. In such case, it is tagged as VPC.

Example: QAL LI° T AQFT Jeh O-401hhaS ACST QAo aoodh 2907
aT780C ...

e All other verbs which can not belong to the above catagories, it is simply tagged as V.

Example: ... PA40 ANQ ool P9 (CHD PCATT NawaNAN AL ALY

HAPANTPA : ¢

Adjective

- 3R
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Adjective is also another word category in Amharic language. In order to tag such word, one

general tag and three sub categories are designed. The general tag is used to tag adjectives

without considering attributes like gender, number, and definiteness.

¢ ADJP is the tag to assign adjectives prefixed by prepositions. Example: A4 ¢
PEALR VeTTT AN A Gov e oM U0l UG
o+ ...

e Adjectives also suffixed by conjunction and ADJC is used to tag such adjectives.
Example: ... (IU-P° oo 3 QNI PG a3 0P LAV LCHAT

* Adjectives with a proclitic preposition and an enclitic conjunction assigned ADJPC.
Example: ... PAITTT avhhAG A 25-0TCPT RH5.mG P

e All adjectives which cannot fall in either of those sub categories are tagged as ADJ.

Example: ... LU Q0161 CRTIOANT Y01 AL heAF 151 OA“LLLCN

Prepositions
It is very difficult to tag prepositions because prepositions are not separated from nouns, verbs

and adjectives [43]. But PREP is assigned to tag prepositions as separate words.

Example: (184% 62171 hdNAmC 4L TC ovsms-

Adverbs

ADV is used to assign all adverbs. If compound adverbs appear as multi-words, the tag ADV is
assigned once at the end of the compound adverbs. ADV is applied more widely, and as such it
does not differentiate among adverbs of time, place, manner and adverb.

Example: 7424 1178C Wt NP8 CATE 77 Taorad avlih |

<39



Conjunction

Like prepositions, tagging conjunctions is also another challenging task in Amharic language.
This is because most of the conjunctions are also prepositions and they are attached with other
words. So that conjunction appeared separately as a single word will be assigned the tag CONJ.
Multi word and compound conjunctions are also assigned the same tag.

Example: U-AT 1L @0 »01 L Land- N720m- 1aA1......

Numerals

Amharic numerals can be expressed as ordinal or cardinal. In such case NUMOR is assigned to
ordinals and cardinals like one, two are assigned the tag NUMCR. Numerals may be attached
with prepositions, conjunctions, proclitic preposition and enclitic conjunction, in these cases,

NUMP, NUMC, and NUMPC are assigned respectively.

Example:

r (Mém AAT N07hT aohhin (1WLLo- Carelr 9° b A2L Ph2LeNT

BAGxI
s 115w VICHhTE P9Vl 10 U ...

«  ALTNA PG N9 SPo (LD M0k Q0-A9° POV NAKNT Po-Tm-

. hAAAd 148 PCTC ML LG49° Do COLOPCOT AZLG VAT

NF wPSTod meaPAh ::

Py 0lS 1PEPT A oo @ APl VTP

Interjection

-40 -



Interjections, words or phrases used to express emotions, can stand by themselves or can appear

anywhere in a sentence. INT is the tag assigned to interjection.
Example: ... A&7 0MI* K901 ¢pC LAT@- 199 TS8P

Punctuation Marks

To all Amharic punctuation marks like :-, :, ::, 2, | are assigned the tag PUNC.

Example: ... (P%av-l: @f 18F holom-1 A74C AL 97 AN LPLLPA

NAPA

Unknown words (Unclassified words)

For words not found in the lexicon of the tagger, UNC is assigned because there might be

unrecognized words.

3.3 Summary

Ambharic part—of-speech can be categorized into eight, five or four classes according to the
thoughts of the early and the recent studies. From this discussion, we can conclude that, though,
Ambharic is used as the language in most areas in Ethiopia, still there is no consensus on the
number of classes of this language. The purpose of the classification in each study has not also
been clearly defined. The classification type can be vary according to the objective set by the

researchers. For this thesis work, all essential word categories are tried to consider for the tagging

process. These are very important to set the tags for Amharic language.

Without understanding Amharic grammatical structure, it is very difficult to design a system that
might serve the user of the language. Amharic tagsets, which are essential in tagging the words,
are extracted from the Ambharic POS. This indicates that to propose a better tagset, knowledge of

the language is the key factor. In this thesis work, it is tried to use 30 tagsets that serve the

e —— e ]
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Ambharic language in tagging process with minimal modific

ation. The tagsets are summarized in

tabular form below.

Table 3.1 Summery of the Tagsets

No.

Basic Class

Code of the tag

Noun

VN

NP

NC

NPC

N

Pronoun

PRONP

PRONC

PROUNPC

PRON

Verb

AUX

VREL

VP

VC

b4

\

Adjective

ADJP

ADIC

ADJ

Preposition

PREP

Conjunction

CONJ

Adverb

ADV

22 5[ '] L

Numerals

NUMER

NUMOR

NUMP

NUMC

NUMPC

Interjection

INT

10.

Punctuation

PUNC

11.

Unclassified

UNC

.




Chapter Four
Design of Amharic POS Tagger

A POS tagger is a program that assigns part of speech to Amharic words based on the context in
which they appear. As it is described in chapter 3, hybrid tagger is developed that consists of
neural network and rule-based. In this chapter, the design of the hybrid tagger as well as

approaches and design goals are discussed.

4.1 Design approaches and techniques

Part of speech tagging is the process of marking up the words in a text as corresponding to a
particular part of speech, based on its definition as well as its context i.e. relationship with
adjacent and related words in a phrase, sentence, or paragraph. Part-of-speech tagging is not a
mere list of words and their parts of speech, since some words can represent more than one part
of speech at different times. There are many approaches and techniques to tackle this problem

such as rule-based, statistical, and neural networks. These approaches help us to device a POS
tagger for a specific language like Amharic.

Rule-based approach is the earliest from others in tagging words. This approach can be classified
in to two: linguistic and machine learning. Linguistic approach consists of coding the necessary
knowledge in a set of rules written by linguists. This approach is more or less manual, time
taking, tiresome and requires expertise in the domain. In addition to these facts, it is inconsistent
and subjective since it is determined by the understanding of specialist and their linguistics

béckground of the specific language. The approach proposed in [11], transformation-based

learning, can be categorized under this group as machine learning process. It learns the series of
>
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transformations (rules), exercising these transformations, and then it generates rules that help to

tag words to their most appropriate category [10].

Statistical approach is the most widely applicable and successful model during the last few
decades in POS tagging [14, 20, 42]. In comparison to the linguistic approach, it requires much
less human effort. Hidden Markov Model and related techniques have focused on building
probabilistic models of tag transition sequences in a sentence. This approach has a shortcoming

in that it assigns a tag by considering only the frequency.

The third family, Artificial Neural Networks, use learning algorithm that acquires a language
model from training corpus. It is the recent approach that attracts attention in solving many
computational linguistics problems [36]. It has been applied successfully for the assignment of

POS tags due to its advantages over others, as it is discussed in chapter 2.

POS tagging systems aim at classifying input sequences of lexicons by assigning each sequence a
corresponding sequence of most probable POS tags. It is often assumed that for each input
lexicon there is a set of priori possible POS tag categories, or a probability function over them,

and the tagger has to choose from this limited set of candidate categories. In recent work [20], it

is indicated that two ways can be used to obtain lexicon: data-driven and lexicon based approach.

Data-driven approaches employ the lexicon only implicitly when extracting features on possible

POS tags from annotated corpora that are used for training the POS tagger. Lexicon based

approach uses the lexicon that is extracted from a manually constructed morphology.

Techniques of tagging can also be categorized as supervised and unsupervised [30, 37].

Supervised technique usually relies on pre-tagged corpora 1o automate the tagging process. From

these pretagged corpora, it requires linguistic information in the form of probabilities so as to

perform the training. Such type of tagging technique requires probabilities acquired in the

f—
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training phase to assign tags to the words. Training and tests are performed based on tagged

corpus.
Taggers that do not require pre-tagged corpus during the learning process are called
unsupervised. Unsupervised techniques do not require pre-tagged corpus but use sophisticated
computational techniques. Induction of dictionary and tagset are possible in this technique
without having tagged training data. As a fesult, tagging of test data can be performed using
induced dictionaries. It is characterized by randomly generating tags and usually has low

accuracy [56].

These approaches and techniques have direct implication and reflection on the design process in
particular and the development of the tagger system in general [34]. As a result, the design of this
thesis work is dependent on mixed approach that comprises machine learning rule-based and
neural network. Artificial Neural Network approach enables the system to learn the pattern
through the training period. Based on pattern information, the system can classify words to their
appropriate category unlike the statistical approach. But it is very difficult to train the Neural
Network up to 100% [46, 49]. To fill this gap, rule-based approach is introduced. This is to
maximize the expected output by filling the gap of one approach by the second. Because each

approach tackles the POS tagging differently, it is advantageous in minimizing their limitation.

4.2 Design. Goals

In general, prior to designing a POS tagger, it is recommended to set the design issues and goals

for evaluating the system. This equally works for Ambharic POS tagger. Though many goals can

be set in developing POS tagger, only few of them are considered. The first goal of designing the

tagger having two approaches is to achieve better accuracy than tagger which considers only one

approach. Accuracy refers to the closeness of agreement between a test result and the accepted
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reference value. The other issue is adaptability which is open to le

arn. From the perspective of
twisting Neural Network with rule-based approach, it makes the work better because both
approaches are open to learn from the given training data set and adjust themselves from time to
time by correcting errors. This is also highly significant in maximizing the accuracy of the hybrid
tagger. Speed is also another crucial issue in designing taggers from the user point of view. Brill
E. [10] stated, taggers which are developed using rule-based approach are ten times faster than

the fastest stochastic approach. In addition to that, taggers developed using neural network and

rule-based approach requires less storage than taggers developed using statistical approach.

The main goal of designing hybrid POS tagger (rule-based and neural network) is to achieve
better performance in tagging Ambharic text. 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 that can be estimated using large tagged corpora [28, 33].
4.3 Designing Neural Network Model

As it is explained above, the tagging process of Amharic text has gone through the neural
network first. After a word is tagged by the neural tagger, it has also passed through rule-based
tagger for further correction. This is to enhance the accuracy of assigning the right tagger that
indicates the role of the word in the given context. The design issues are the major concern of the

tagger developer. The process of designing Neural Network model is an iterative course of action

that achieves an optimal result by adjusting the parameters of the network. In general, designing

an ANN model consists of the following decisions and activities:

-46 -
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¢ Deciding network topology, which involves deciding the number of layers in the network.

the number i : ey Lo
of neurons in each layer, and the type of connection and communication

among neurons for different layers, as well as among the neurons within the same layer.
e Deciding the learning algorithm, which is a prescribed set of well defined rules for the

solution of learning problem

e Encoding schema, which refers to deciding the way a neuron receives input and produces
output: how the input and output data are represented or encoded, is a major component to

successfully instructing a network.

In this section, the design of the neural tagger and the selected algorithm are addressed.

4.3.1 Feature Extraction

Feature extraction is the process of mapping the original features into fewer features that include
the main information of a given word. With the advent of neural networks, more and more
problems are solved by simply feeding large amounts of ‘raw data' to a neural network [52, 55].
During training, the network learns what value to place on what feature. The features are

extracted from the tagged corpus and pre defined tagsets. Mainly, the features are extracted from

the following information.

o POS information: the candidate POS tags of the current word and word sequence which

is centered on target word and consider the right and left word. The input length has

elastic nature to be extended from a small to a large size. The candidate POS are

determined in advance for each word using the Amharic corpus.

o POS and order information: The pair of candidate POS tags and their occurrence order in

tl rent and adjacent words are taken in elastic manner starting from the most nearby
e cur

/
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word in both directi ) Igiss
irections. The occurrence order indicates the frequency order of the POS in

the training data when it is used for the current word
o Wordin ion: besi
tformation: besides the POS tags of the current and surrounding words, the word

by itself is i i :
y also important information. Not only the current word but also neighboring

words are also essential to understand their association.

Words, tags, and associated tags are very essential information in POS tagging process. As it is
mentioned in chapter three, 30 tags are identified for this thesis work. So, for each word, its
occurrence is calculated to be one specific tag. This is calculated using lexical probability
concept, i.e., word frequency approach. It is based on the probability that a word occurs with a
particular tag. Frequency measurement, i.e. (p (word/tag)), is the probabilities of a word given a
category. The lexical generation probability is the probability that a given category is realized by
a specific word and is estimated simply by counting the number of occurrence of each word by a

category:

P ( Wi\Ti) = number of times Wi appears intag Ti

Total number words with tag Ti

For each word, there are 30 values, as it is shown in Table 4.1., indicates the presence of 30 input

vectors in each word

Table 4.1 Probability of words given a tag

Word/tag | T1 Ry T3 130 Total
Wi _

w2

W3 Hinicsbilos iabiaBhatint.

Wn P e RN T

Total SRR

.
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The second feature extracted for each word is represented from the contextual information
which is calculated by transitional probabilities. The best tag for a given word is determined by
calculating the probability that the word occurs with n-previous tags. Tag sequence probabilities

indicate the probability of one tag to follow another tag. This is estimated simply by counting the

number of times each pair of tags occurs compared to individual tag count.

P (tag;, tagy/ tag;) = the number of times tag | and tag ; occur together in the corpus
Number of times tag loccur in the corpus

In this case, the left and the right tags for a given word have to be considered (1, t, ) where | is

tlie left tag, t is the tag for the current word and 1 is the right tag to the current word. As a result,

there will be many sequences of tags in the right and left of the current tag. Due to several
reasons, it is very difficult to consider all sequence of tags in both sides. Thus, only the maximum

two tags on the left and another two tags on the right are considered and seven arrangements arc

found. These are:

(0, t, 0): adjacent tags to the left or right side are not considered. The tag of the
word is assigned based on the input of the current word and tag, which is purely

unigram and it is represented by 30 input vectors

(1, t, 0): Only one tag which is found on the left is considered and 60 numbers of

neurons are required as input.

o (0,t, 1): 60 input vectors from the target word tag and the right tag.
i) iy

: i ide is considered and 90 input vectors.
o (1,t,1): onewordin each side is co D

120 input neurons where 60 from left, 30 the target word, and

o (2,t,1): atotal of

30 neuron from right side are considered.

e i
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o (1,t, 2): similar to the previ Gl i : _
i Previous scenario except more from the right side is

considered.
o (2,1, 2): equal size input neuron is given in each side of the target word and a

total of 150 input neurons are considered including the tag of the current word.
4.3.2 Representation of input for MLP _tagger

The tagging of POS can be tackled in two levels: at sentence level and at word level. In the case
of word level tagging, the problem can be posed as a classification problem. Whereas, in the case
of sentence level tagging, a series of tags corresponding to the sequence of words in the sentence
need to be found. In this case, the context provided by the whole sentence influences the tag

assignment.

In this thesis work, the MLP-Tagger with back propagation algorithm addresses the classification

problem posed by the word level POS tagging. The input to this network is the set of words that

fall into a window of pre-specified size centered on the target word to be tagged. The output of

the network is the corresponding tag for the target word. The network learns the word-tag

mapping as a complex function; F (target word, context)

words in the immediate neighborhood of the target word, i.e, it performs tagging using a fixed

length context.

[ = so sPhxssPnls
Each word ,W, from the corpus is encoded as n-element vector W ( P15 P2 P3» -+Pk-+-Pn)s
where n corresponds to the total qumber of tags and Pk is the prior probabilities ( lexical
probabilities) that the word W corresponds (0 the tag Tk. Py is estimated from P(wor d/tag). Each
or with 30 elements, since

i rm of vect
word in a text document is processed and represented in a fo

30 tag categories are considered in this study:

e
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Generally, the input IN to the MLP tagger that uses L left context and R right context for a word

at index t is represented as:

( Vt—l,Vl‘—L-Fl"“’ VI—I,VI,VI-H,“'a Vf+R) where  V;4; is an n dimensional
vector.

Hence, the elements of a target word and the elements of its context word(s) are concatenated

together to form an input vector to the neural network. Input  K(R+L+1) where R and L are
lengths of the left and right context for the target word t and K is 30. R and L will be determined

after experiment.
4.3.3 Representation of output for MLP_Tagger

The expected output is from the defined 30 tagsets. These tags are given numeric code in decimal
number. The decimal number is converted into binary number, which has 5 bits because the total

tagset is 30. The output is expected by these 5-bits binary number. Each tag has its own unique 5

bit representation.

4.3.4 Back Propagation algorithm

Multi-layer perceptron model (having three layers) and Back Propagation algorithm is selected as

a supervised learning algorithm. MLP has an input layer of source nodes and an output layer of

neurons. These two layers connect the network to the outside world. In addition to these two

; ; o are not directly
layers, usually it has one or more layers of hidden neurons. These neurons are n )

o i ata. The goal of
accessible. The hidden neurons extract important features contained in the mput data. The g«

i using training
this type of network is to create a model that correctly maps the input to the output using g

i t is unknown.
data so that the model can be used to produce the output when the desired outpu

B e e
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The back propagation algorithm has a number of properties that made it to be highly appropriate

to use. The network does learning and re-learning, i.c., if the network is distorted to a particular
performance level, it re-learns faster than a new network starting at the same performance [45].

Due to this reason, this algorithm is selected for this thesis work.

In BP algorithm, the network is first initialized by setting up all its weights to be small numbers.
Next, the input pattern is applied and the output calculated. The calculation gives an output which
is completely different from what is expected, since all the weights are random. Error of each
neuron is calculated, which is essentially: Target - actual output. This error is then used
mathematically to change the weights in such a way that the error will get smaller. In other
words, the output of each neuron will get closer to its Target. This process is repeated again and

again until the error is minimal.
The algorithm works as the following:

1. First apply the inputs to the network and work out the output
- 2. Next work out the error for neuron.

Assume neuron B;

Errorg = Outputg (1- Outputg)(Targets _Outputp)

The “Output(1- Output)” is necessary in the equation because of the Sigmiod Function- it

would just be ( Target = Output) if threshold neuron was used.

i i W A be the initial weight.
3. Change the weight. Let W ap be the new (trained) weight and Wap be

W'ag = Wap + (Errorg X Outputa).

e cerm—
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4. Calenlate the Emaiiitedss Ndde layer neurons. This is done by taking the Errors from

the output neurons and running them back through the weights 10 get the hidden layer

errors.

For example if neuron A is connected to B and C then the errors from B and C to generate

an error for A can be taken.
Errora = Outputa ( 1- Outputs) (Errorg Wap + Errore Wac)
Again the factor “Ouitput (1-Output)” is present because of the sigmoid function.
5. Having obtained the Error for the hidden layer neurons now proceed as in stage 3 to
change the hidden layer weights. By repeating this method we can train a network of any

number of layers.

BP algorithm helps to know some features of it when training neural networks. Internally, most
BP networks work with values between 0 and 1. If inputs have a different range, it will scale cach
input variable minimum to 0 and maximum to 1. The algorithm changes the weights each time by

some fraction of the change needed to completely correct the error. This fraction is the learning

rate. High learning rates cause the learning algorithm to take large steps on the error surface, with

the risk of missing a minimum, or unstably oscillating across the error minimum. Small steps,

from a low learning rate, eventually find a minimum, but they take a long time 1o get the

M 2l Q » > ‘ o
minimum. Some neural network simulators can be set 0 reduce the learning rate as the error

decreases.

ini e lowest minimum. The commonly
The algorithm finds the nearest local minimum, not always th

used fro ew se andom weights (i.e.
sed solution in BP is to restart learning every s often from a new set of randon
n in

ini i ew start keep track
somewhere else in the weight space). It finds the local minimum from each n I

of the best minimum found.

i
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4.4 Design of Rule-Based Tagger
The neuro tagger tries to tag based on the complete context. However, the POS of a word can be

determined with certainty only by using the word on the left. What the neuro tagger can easily

acquire by learning is the rules whose conditional parts are constructed by all inputs that are
joined with AND logical operator. In other words, it is difficult for the neuro tagger to learn rules
whose conditional parts are constructed only by a significant input. Even though lexical
information is very important in tagging, it is difficult for the neuro tagger to use it, because
doing so would make the network enormous. That is, the neuro tagger cannot acquire rules.
Furthermore, because of convergence and over-training problems, it is also not advisable to train
neural nets to an accuracy of 100%. The training should be stopped at an appropriate level of
accuracy. Thus, neural net may not acquire some useful rules. Rule-based is designed in this

work to alleviate this limitation. Transformation-based error-driven is the technique which is

selected for developing rule-based tagger.

4.4.1 Transformation-based learning

The rule-based tagger makes up the aforementioned crucial shortcomings by acquiring rules from

a training corpus using a set of transformation templates by transformation-based error-driven

learning. The templates are constructed using only those that supply the rules which the neuro

tagger can hardly acquire. It acquires the rules with single input, with lexical information, and

with AND logical input of POSs and lexical information.

: LR . or are learnt from a
Sequences of transformations to improve the tagging of an s R 7

o ¥ ing triggering
tagged corpus. The transformations are in the form of rules: if the following triggering
5 o

antage is that the transformation rules

.. i V
conditions match, then change tag X to tag Y- g o
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wuch more ific 1 1 i
can use n specific information and context in determining whether they should be

applied.

Transformation based learning starts with, less accurate, rules that learn better ones from tagged
corpus. A word is tagged initially with the most likely POS. Each set of transformations is
examined to see which rule improves tagging decisions compared to tagged corpus. The process
goes iteratively: retag corpus using best transformation and repeat until performance becomes
more improved. The result will be used as tagging procedure (ordered list of transformations),

which can be applied to new, untagged corpus.

As it is shown in Figure 4.1, this type of learning goes through a number of stages. First, the
unannotated text has to be given, and then initial is applied on these unannottated corpuses. The
rule-based tagger learns from the annotated corpus and the truth. Then iteratively applied on

already annotated text. Finally, rules are generated from this process.
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Figure 4.1 Transformation-based learning process

4.4.2 Learning Algorithm
Rule-based tagging using transformation-based learning requires two main components:

constructing the set of valid possible transformation triggering conditions and the learning

aigoritm,

The inventory of transformations is a function of the types of possible triggers for applying a

transformation. The most common types of triggers are:

> Tag X occurs/doesn't occur in one of the previous/next Y positions.

> Word X occurs/doesn't occur in one of the previous/next Y positions.

> Morphological conditions on preceding/following words

> Combinations (multiple conditions) of the above

,\—_—W—_____/______———/—f-—e——_'_/”‘——
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The learning algorithm for our rule-baged can be set as follows
1. Create the collection of all possible transformation rules.
2. Create an initial tagged corpus C using the initial tagger.
3. Calculate the current overall number of tagging errors E(C).
4. Apply each possible transformation U to the entire corpus and for each; calculate the
number of tagging errors in the transformed corpus E (U(C)).
5. Select V, the transformation for which E (V (C)) is minimal.
6. If E(C) <E(V (C)) <e then halt.
7. Add V to the end of the sequence of transformation rules
8. Replace the corpus C with V (C), and go to (4).
In other words, the above algorithm can be put simply as follows:
+ Initialization:
o Each word is tagged with the most likely tag.

+ Learning Phase

Iteratively compute the error score of each candidate rule (difference between the
number of errors before and after applying the rule)

o Select the best (higher score) rule.

o Add it to the rule set and apply it to the text.
Repeat until no rule has a score above a given threshold, that is, until applying

new rules leaves the text in the same state, which is then supposed to be the final

state of the tagging.
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According to this algorithm, the rules are applied on the annotated text

and rules are taken at one

time learning. But rules which generate minimal error are considered in transformation-based
Jearning.

4.5 Architecture of Hybrid System tagger

The hybrid system consists of a neuro tagger, which is used as an initial-state annotator, and a
rule-based corrector, which corrects the outputs of the neuro tagger. When a word sequence W, is
given, the neuro tagger output will have a tagging result Ty (w,) for the target word w, at first. The
result of the neuro tagger is given to the output analyzer. Depending on the threshold value, the
output analyzer makes decision. If the threshold value of a given word is below the expected
confidence level, a word is given to the rule-based corrector. Otherwise, the result of the neuro
tagger is taken as a final tag for a given word. This is accepted when the threshold value is equal
or above to the expected confidence level. The threshold is used as a lower bound, i.c., tags with
lower probabilities are given to the rulel-based tagger. As it is seen in figure 4.2, the architecture

of the hybrid tagger is discussed briefly so as to get the expected result using the above

mentioned approaches.

T (W) for Ty (W) >t

4y
v (W) Output

Analyzer

Neuro Tagger

Rule-Based
Corrector
b,

Figure 4.2 Hybrid Tagger architecture.
ich i / riate tagset
The intention of this work is to give and produce a text which is tagged by appropriate tagse
i i escription, the system
depending on context. But to perform such assignment, at high level of description, the syste
i i is tex assign a tag that
should take Amharic text as input. The next step Is processing this text to assig g

N—’
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describes words’ role in a given sentence or phrase. The tagger, which is made up of the neuro

and rule —based taggers, is taken as processor to this task. Two main inputs are necessary in ord
e ssary order

to process the word to assign tag as shown in Figure 4.3, These are: the text to be tagged and the

knowledge which is acquired from the training data, Finally, by accounting these two inputs, it

produces the output which is a tagged text. Knowledge Base module and Tagger module are

found in this system plus different inputs and outputs to and from the system.

Knowledge
Base
and
Rule

SRS A G B e
system
B

Figure 4.3 High level description of hybrid

45.1. Knowledge Base Module

Training data has to be ready to acquire the necessary information in the tagging process. The

neural network is trained based on the information collected from the training in order to assign

tags to words. The knowledge base is constructed by extracting necessary features and

: we A i d contextual
information from the training data as it is shown in Figure 44. Lexical a

' o i rents to make the
information of words and their tags from the traming set are the basic compor

g y i g i Li /€N CalCLO \’,

tagset, in a given corpora, training set.

— e it
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In a clear term, this gives us the probabilities of a oiy
g robabilities of a given Amharic word in a gi
a given training data t
be a noun, verb or others. C informa 8
. Contex ion i
xtual information is also another essential el
| § element to the
knowledge base. Given one or more previ n a
previous tags, there is a potential of a tag to b p i
5 e presented. To

summarize, the knowled ;
ge base handles these two important data by analyzing the relationship of
ship o

each word and tag against the tagsets from the training data

| Tréhﬁn Mo
Input T o R
put Text Corpus e [ Analyzer
1 1
| l
| |
| |
& 7 é
\’ Y
% p :
TAGCGER { = e S T
% PR e s R Knowledge

Base

' w

|

A bt ( Test
Taggedtext | TEST Data {::EE%E: %;"T; Result
Ll L

Figure 4.4 Process of Hybrid

4.5.2 Tagger Module

to the system of the hybrid tagger. It has a direct

Tagger module is the second core module

n area that the tagger can get the necessary

attachment to the knowledge base because it is a
information about each word and tagset. Both approaches neural and rule-based, are doing by
ocesses. After acquiring this

learning so that these information are necessary t0 do the tagging pr

m the actual tagging task. But, two inputs must be

important information, the next step is t0 perfor

iy
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there additionally for the pre-defined tagsets and the text to be tagged. Tagset is a set of t
i Bn Saselo ags,

jbich are & collection of disting shtieg oy tags for all classes of words having distinct

grammatical behavior. The possibility of one word to be assigned at a time requires one tag only
from the tagset. Within the tagger, there are sub module taggers which are referenced as neuro

and rule-based tagger one after the other respectively. After the tagger is going all these through,

it generates the tagged text

4.6 Summary

MLP-Network learns by adapting the weights of the connections between units, until the correct
output is produced. One widely used method is the back propagation algorithm which performs a
gradient descent search on the error surface. The BP algorithm uses the gradient descent to
change link-weights in order to reduce the difference between the network output vectors and the
desired output vectors. In general, MLP —network with hidden layers are more powerful than
networks without one. In this network types, the tagging of a single word is performed by

copying the tag probabilities of the current word and its neighbors in to the input units,

propagating the activations through the network to the output units and determining the output

unit which has the highest activation value.

i i i > rule-based tagger.
Besides this, Transformation- based learning process 13 adopted to design the rule-based tagg

i i is expected to
The incorporation of these two approaches makes the system hybrid. This system is €xp

i -based approach
be better because no tagger is designed that consists of neural network and rule pp

by single approach.

— e
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Chapter Five
Experimentation and Discusion
In chapter four, the design of Amharic part of speech tagging and algorithms are discussed. This
chapter presents the process of data preparation and the experiments conducted. Experiments are
done in different scenarios so that the results are displayed accordingly with their explanations.

The following two sections describe these phases.

5.1 Data preparation

Most of the time Natural Language Processing is a data-intensive field. The success or failure of
most NLP applications depend on the quality and availability of appropriate data. The data used
in computational linguistic tasks generally takes the form of corpora. Corpora can be divided into
two categories: annotated corpora and unannotated corpora. Unannotated corpora are simply
large collection of raw text, where as annotated corpora add additional information to the text,

such as phonetic transcription, part-of-speech tags, parse trees, etc. Annotated corpora with

appropriate part of speech are useful to train part of speech taggers.

5.1.1 Source of Sample Data .
The sample data is acquired from Ethiopian Languages Research Center (ELRC), Addis Ababa

University, Ethiopia. ELRC conducted a project called “The Annotation of Ambharic News

Documents™ [24]. This project was meant to tag each Amharic word in its context with the most

appropriate part of speech manually. The project aimed to annotate 210,000 prosodic words

: ined from Walta
found in 1065 Ambharic news documents. The news documents were obtain

i i iopia, that makes daily
Information Center, a private news agency Jocated in Addis Ababa, Ethiopi

i i as available in the
News in Amharic and English through their website [24]. The news items,

i i chived according to the
Website, are represented using Ethiopic script (Fidel) and were ar

u_\wf
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A number of wo :
rhs have been done to bring the news texts obtained from

Ethiopian calendar.

Walta Information Center for tagging and making it finally available in a way easier for users

Neural network requires large amount of data in order to do successful training process. Thus, it
is important to have large size data which is annotated. The data is prepared mainly to support
researches conducted on Ambharic Natural Language Processing. This is the first and most criteria
to use this data. Secondly manual annotation of text requires language expert and time. The
manually annotated corpus by ELRC avoids such burden. At the same time, the data is annotated
by linguists and even evaluated by senior experts in the domain. So that it is more reliable and
available data to those who are interested to do their researches on Amharic language in this

specific area. Due to these main reasons, the sample data for training and testing comes from

ELRC.

5.1.2 Lexicon preparation

A lexicon is prepared from the sample corpus which is tagged manually. This lexicon is

important to prepare the matrix of lexical probabilities as shown in Table 5.1.

Table 5.1 The lexical probabilities

Words N [V [AD] | PREP |ADV [ ... |Total
w1 O i Y TR 7
w2 I TR T 2 8
2 dn 15
Total | 6 2

: i > fre r of each word
As we can observe from the above table, the horizontal part provides the frequency o

indicates how many times
in association with each part of speech in the corpus. Each entry also indic

i rpus. It is possible to
cach word d in each part of speech and the sum of the word in the corpus Itisp
word occurred 1n ea

— e ——————
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get additional information from the vertical part of the table because it shows the number of

words in each part of speech category.

5.1.3 Lexical probabilities

word in a text i : . . :
Each wo e document is represented in a form of vector with 30-elements. The lexicon
probabilities are essential to represent each word in those vectors. These lexicon probabilities can

be obtained from the lexicon which is shown in Table 5.1.

The lexicon probabilities are estimated simply by counting the number of occurrences of each
word by category. The probability values were computed using the information in Table 5.1 and

the formula:

P(W;\ C;) = number of times W;appears in category C;
total number of words with category Ci

5.1.4 Database design

As it is described in chapter 4, knowledge base is one aspect to store the information which are

important to train and test the tagger. A simple database that has three tables is constructed using

Microsoft Access software. These are lexicon table, training table and testing table. The full form

lexicon contains distinct words of the corpus with their corresponding lexical probabilities. The

train and test tables contain words for training and testing respectively.

5.1.5 Representation of Input for MLP Tagger

K is the set of words that fall into a window of pre-specified size

The input to the neural networ
i rresponding tag for

centered on the target word to be tagged. The output of the network is the corresponding tag

n like the

' i complex functio
the target word. The network learns the word-tag mappings as a p

following:

.

F e
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arget wor €)=
F (target word, context) = tag. Here, the context refers to the set of words in the immediate

neighborhood of the target word; ie. it performs tagging using a fixed length context. For

example, in order to determine the tag of the target word 174 in the Amharic sentence *
'.1‘9“UC'I' (\U'h'?“ ILQ ﬂ'IZ ﬂnﬂm'?‘ hnnfl.” the WOI'dS '7'9“1)(."‘,', nU'h“)“, "...)‘
aofim1and  AANT can be taken as context words je. F uCT_ ava9_ o M8

_ao\ml*_ hANT) = tag.
Each word W from the corpus is encoded as n-element vector W= (P, P», Ps, ...Pk...Py), where
n corresponds to the total number of tags and Py is the lexical probability that the word W

corresponds to the tag Ty. Py is estimated by using:

P(word/tag= Py = P(W/T, )=n(Tk,w)/nf)
Where

e 1n(Tk,w) is the number of occurrence of the word W labeled as the tag Ty in the

corpus and
. W is the number of occurrences of the word W in the corpus.
For example, P( #,€A/N) = 8/9 = 0.889 and P(Z,€A/MNC)=1/9 =0.111 because n(Z,6A, N) =8,
N (4LA,NC) =1 and n(/e4)=9.
Each word is represented and processed in a form of vector with 30-elements because there are
30 tags in this work.
MLP tagger can be represented as follows:

Generally, the input IN to the

INS(Wr.1,... Wiy, Wr.1, W, Wret, WTe2s ., WT4R)

- —
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Each element Wk (Wk £ Wy, ... W '
T-L T2 Wr.p, Wr, Wi, Wria,...,Wrig) is an n-element

Jexical probability vector encoded as described above, Thus, the input IN to the MI P-tagger

comprises information about the target word Wi, L- number of words on its left and R-number

of words on its right.

Hence, the elements of a target word and of its context word(s) are concatenated together to form

an input vector to the neural network.

e Scenario 1: An input vector with 60-elements for a target word and one word immediately
before it as its context. This can be represented. as previous word _target word ((1_T 0;
L=1 and R=0).

e Scenario 2: An input vector with 90-elements for a target word and two words
immediately before it as its context. This can be represented as second previous
word_first previous word_target word (2_T_0; L=2 and R=0).

e Scenario 3: An input vector with 90 —clements for a target word and one word

immediately before it and one word immediately after it as its context. This can be

represented as previous word_targel word_next word (1_T_1; L=1 and R=1).

o words immediately

e Scenario 4: An input vector with 120-elements for a target word, tw

before it and one word immediately after it as its context. This can be represented as

' : - T 1; L=2 and
second previous word_first previous word_target word_next word (2_T_

R=1).

i diately
s Scenario 5: An input vector with 150—elements for a target word, two words immediately
t. This can be represented as

] . - 1 its contex
before it and two words immediately after it as its

2 T 2;L=2and R=2.

B e
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5.1.6 Representation of output for MLP Tagger

The output of each word is expected from the defined 30 tagsets. Each t

Table 5.2 Binary and decimal number representation of tags

NO. | Type of tag | Binary representation | Decimal representation

1 |N 11111 31

2 | VN 11110 30

3 | NP 11101 29

4 |NC 11100 28

5 | NPC 11011 27

6 | PRON 11010 26

7 | PRONP 11001 25

8 PRONC 11000 24

9 PRONPC | 10111 23

10 |V 10110 22

11 | AUX 10101 21

12 | VREL 10100 20

13 | VP 10011 19

14 | VC 10010 18

15 | VPC 10001 [ ]
16 | ADJ 10000 L’_,___
17 | ADIP 01111 e i Tl t0 )
18 | ADIC 01110 Fl .
19 | ADIPC | 01101 e T
20 | PREP 01100 o it o ik
21 | CONI 01011 e g
22 | ADV 01010 R
23 | NUMCR | 01001 G T R
24 | NUMOR | 01000 e, e SR
25 | NUMP 00111 _7,//
26 | NUMC 00110 ,6,/"
(27 | NUMPC [ 00101 e G
28 | INT 000100 /
29 | PUNG Lo IO, s fe o=
30 | UNW P ok B D o e

agset is represented by 5-
digit binary number. The decimal and binary representation of each tag is presented in table 5.2
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The output for MLP_Tagger can be represented as follows: OUT= (01, 02, 03, 04, 05). For
example: F (target word, context) = N if OUT = (11111) =31. It is the same for all tags and

finally otherwise F (target word, context) =UNW (unknown, word)

5.2 Experiment

In this study the problem of part of speech tagging is carried out by using Artificial Neural
Network and Rule-based technique. BrainMaker is a tool that is selected for modeling and testing
purposes concerning the Artificial Neural Network approach; and Brill’s Tagger is the tool used

for the Rule-based approach.

5.2.1 BrainMaker Neural Network Software

Brain Maker is designed by seven Caltech mathematicians and engineers at California Scientific
Software Company [12]. This tool is selected because of the following reasons. It is for people
who demand the most highly powered development tools and greatest ease of use. This software

uses Back Propagation Algorithm in developing neural network model. It allows one to easily

find a network that tests well and terminates at a predeﬁned point. Network Progress Display

shows graphically how well the network is learning. This tool helps to determine the accuracy

level, how soon it will do training, and how well it is doing at any time. It is possible to train a

: i i ing to start
neural network and then reduce or 1ncrease the number of hidden neurons without having

nt neuron. This helps us to train a

training all over. BrainMaker cuts out the least significa

network that generalizes well [12].

52.1.1 How BrainMaker Works?

C d BrainMaker.
BrainMaker Neural Network software has tWO programs known as NetMaker and Brair
Binary, etc. Both
NetMaker can import data file from Lotus, ASCII, EXCEL, Text, dBase, Binary

y NetMaker and converted into a rcprcscntation that

numeric data and text data can be accepted b

——— s R
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> neural network :
the 1 etwork can understand in the range of 0 and 1. The imported files are seen on

NetMaker as a spreadsheet. After importing the data set in to NetMaker, the input fields
(independent variables) and pattern fields (dependent variables) are determined and labeled. For
this thesis, the independent variables are features of a target word and its context while a pattern
(dependent variable) is the classification field that indicates whether the tag is noun, verb, etc.

Then the prepared file is saved as a .daf extension.

Three BrainMaker files are created based on the file *.dat. The first file is the definition file
(*.def) that has the definition information for training such as what columns are inputs and
patterns, and how the information is displayed. The second BrainMaker file is the fact file (*.fct)
for training and the last one is running fact file (*.in) created to predict future records. After the

above three files are created, we have to move from NetMaker to the BrainMaker program to

accomplish the training and testing activities.

The BrainMaker program has different parameters with different possible values for each

parameter that are essential in neural network training and testing. Training tolerance, learning

rate, smoothing factor, number of hidden layers, number of neurons in hidden layer, and type of

function are the most important parameters in BrainMaker. Training 1s started using the

Operate/Train Network command after determining those parameters. While training 1s 1n

progress, statistical information are provided on the screen like which fact the BrainMaker is
o H]

processing at specific time, the number of facts which meet and did not meet the training

tolerance, and the number of run. There are also two graphs that display the progress of training.
, an :

Histoor s the first graph that presents the distribution of error over an entire run. The
gram 1

: R ) ¢

horizonil med sents the error level and the vertical axis signifies the number of outpu
rizontal axis repre

gress and fewer facts are classified as incorrect,

values at a particular level. As training is 1n pro

e
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and the bars move to the left. The second shows the progress of the error rate as network trains.

In this graph, the horizontal axis shows the number of runs while the vertical axis represents the

overall error level (root mean square (RMS)). For good training, the value of RMS would

decrease as the number of runs increase.

Training can be stopped at any time without instruction to terminate the training. The default for
stopping training process is when the incorrect classification of facts in a single run (epoch) is
zero. Better network model can be obtained before the criteria for stopping training are met.
Therefore, it is advisable to test and save a network model periodically.

5.2.1.2  Experiments With BrainMaker Software

This part discusses the experiment conducted using BrainMaker neural network software for
predicting the type of tag for each word in a given sentence. 210, 000 words are considered for

the experiment of this thesis work. 10 % of the total data is for testing and the rest is for training.

The main reason is that performance declines when the test data is below 10% and no major

variation in the result is observed as the test data is above 10%. The BrainMaker software has the
facility where data are classified in to training and testing sets. The suppliers of this software also

suggested that BarinMaker performs better when the test data is 10% of the total data[12].
Training and testing a neural network model for part of speech tagger can be done using the
o

following procedure [9]:
1. Determine neural network size (number of input, hidden and output nodes).
2. Decide on the node activation function to be used
3. Initialize the network weights
he back propagation algorithm and the selected

4. Training the neural network using t

training data set.

:
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5. If training time, error goal or epochs are satisfactory, save weights.

6. If not, vary number of hidden nodes and/or re-initialize weights and go to step 4.

7. Test network

8. If the network is at expected performance level, stop it

bl

If not, go to step 6.

Using this procedure, the number of input nodes is determined as 60, 90, 90, 120 and 150 for
scenario one, two, three, four and five respectively as described in section 5.2.6. The number of

output nodes is 5 for each scenario.

The first training is conducted using scenario one that is an input vector with 60-clements to
represent a target word and one word immediately before it as its context (Previous word_Target
word). Initially, training is started based on the default network parameters. The default
parameters for the neural network are: training tolerance=0.100; learning rate=1.0; training
noise=0.00; smoothing factor=0.9; number of hidden layers=1; number of neurons in hidden

layers=60 which is the same as number of nodes in the input layer by default; type of neuron

function=sigmoid; network weights=small randomly chosen numbers and gives the progress.

The training process can be interrupted when the distribution of errors and the root mean square
o

error value stopped to decrease. The model constructed using the default values predict 93 % on

average. Since the test result of this network model was encouraging, the experiment continued

F e : i i e the performance of neural network models.
by considering various options suggested to 1mprov p

For example, the vendors of BrainMaker software suggested that when a network model got a
xample,

erform fairly well in testing process, build

sufficient number of training facts, correct and p

he hidden layer, add noise to the

another network model by changing number of nodes In

i it S SEE EE
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network, b i :
» by changing the number of hidden layers, change training tolerance and learning rate |

12].

First, it is tested whether an additional hidden layer in the network would improve the accuracy
of tagging by keeping the default values for other parameters constant. This network model also
fails to learn all the training facts and the accuracy deteriorated slightly in comparison to the

above network.

Secondly, by keeping the default value for other parameters constant, the default values of
training tolerance was changed to 0.01. But in this experiment, the default value smoothing factor
(0.900) had not been changed for any of the network models because the providers of this

software stated that adjusting the smoothing factor has not been found to reduce training time or
improve prediction power of the network in every case.

This network model also fails to learn all the training facts and resulted in a little bit better
performance than the network model under default values. Again when the training tolerance was
changed to 0.001, it is resulted in a little bit better performance than the network model under
default values.

Generally, numerous experiments were carried out by varying the values of parameters. From all
the experiments for scenario one (1_T_0), it became clear that variation of default values was not

resulting in a significant change to the performance of the network model. This is true for

scenario two, three, four and five as it is displayed in Table 5.3.

T



W

Table 5.3 Performances of Network Models for different values of parameters

Scenario type HL=1 HL=2 HL=1 HL=1

HN=60 HN=60 HN=60 HN=60

TT=0.1 TT=0.1 TT=0.01 TT=0.001
1 TO 93.1% 91.2% 93.9 % 93.11 %
2TQ 92.7% 91.1% 92.8 % 91.5%
e 94.1 % 93.8% 943 % 95.4%
2T A1 93.4% 92.6 % 92.1 % 92.0 %
2.1 2 91.1% 78.3 % 83.2% 86.7 %
Legend:

HL= number of hidden layers TT= training tolerance

HN= number of nodes in the hidden layer

As it is observed from Figure 5.1, better accuracy is achieved on the third scenario i.e. 1_T 1.
The neuro tagger assigns the more appropriate tag to each target word when it considers one
word immediately before it and one word immediately after it as its context. Even tough there are
minor variations when the number of hidden layers and nodes in hidden layers, training tolerance

and default values are changed, its accuracy reaches 94.4% on average on this scenario.

80%

1.7T.0

MVerage Accuracy | 92.80%

Figure 5.1 Average accuracy in each scenario

_________—-——————-—'__—_
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5.2.2 Experiment with Brill’s Tagger

Transfi ion- i i

ormation-based learning method is chosen to evaluate the rule-based approach. Brill’s
tagger 1s used to train and test data. This tool was developed by Eric Brill for such research
purposes specifically on transformation-driven rule-based approach [11]. The next step is

applying the templates to the training corpus which had already tagged by the neuron tagger.

According to the learning procedure listed below, an ordered list of transformation rules is
acquired by applying the template set to a training corpus. After the transformation rules are
acquired, a corpus is tagged as follows. The tagged corpus is then corrected by using the ordered
list of transformation rules. The correction is a repetitive process applying the rules on the corpus,
which is then updated, until all rules have been applied.

Procedures for learning transformation rules:

1. Apply neuro tagger to training corpus, which is then updated.

2. Compare tagged results with desired ones and find errors.

3.. Match templates for all errors and obtain set of transformation rules.

4. Select rule in corpus with the maximum value.

5. Weight to control the strictness of generating the rule.

5. Apply selected rule to training corpus, which is then updated.

6. Append selected rule to ordered list of transformation rules.

7. Repeat steps 2 through 6 until no such rule can be selected i.e. rules that transform
correct tags to incorrect ones.
Based on the result of this experiment, the rule-based tagger achieved around 91% without

considering the neural network information. This result shows the rule-based tagger accuracy is

less than a neural tagger. Due to this, the rule-based tagger is used as a corrector after a word is

f
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tagged b - ; . 1%
£g y a neural tagger and its value is below a minimum threshold value which makes it a

hybrid tagger.
5.2.3 Result of the hybrid tagger

As it s stated above, rule-based tagger is considered as a corrector in this thesis work. It is used
o post processes the outcome of the neuro tagger if the value of the tag is below a given
threshold value. The experiment is done by setting different threshold values from starting from
0.5.0.5 is set as a threshold value because there is no significant change when the threshold value

is below this value. The experiment is conducted in the following procedure.

Let N be the total word to be tagged by the hybrid tagger, 21,000 words and M of them are above
the given threshold value. Mj of them are correctly tagged by the neural tagger and M, = M-M,
are wrongly tagged words. Let K=M- N words which are below the threshold are given to the

rule-tagger and K of them are correctly recognized and K-K; = K, is wrong. Table 5.4 shows the
result at various thresholds.

As it is shown in Table 5.4, columns S, 6, 10 and 11 show the various performances. Column 5
shows the performance of the NN among the words above the threshold value and Column 6
shows the performance of the NN out of the total words, N. Column 10 indicates the performance
of the rule-based tagger on the K words whereas Column 11 shows the performance of the entire

hybrid system. As shown in Table 5.4, the hybrid system shows the maximum performance when

the threshold value 1s 0.9
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Table 5.4 Performance of the NN, rule-based and hybrid system at various threshold values.

Threshold | M M, M, M, M, K K, K, K, M1 + K,
Values M N K N
0.5 15,704 | 13,741 | 1,963 | 85.7 65.4 5,296 | 4,565 | 731 86.2 | 87.17
0.6 14,872 1 12,968 | 1,904 | 87.2 61.7 6,128 | 5,460 | 668 89.1 87.75
0.7 13,457 | 12,461 | 996 92.6 59 7,543 | 7,068 | 475 93.7 |92.99
0.8 11,241 | 10,690 | 551 95.1 50.9 9,759 [9398 | 361 96.33 | 95.65
0.9 8,816 | 8,816 |239 97.3 40.8 12,184 | 12013 { 171 98.6 | 98.05

As the threshold value increases, the rule-based tagger corrects more words. As a result of this,

the hybrid tagger scores the highest performance as the threshold value goes up, as it is indicated

in Figure 5.2.
The performance of hybrid tagger at various threshold

120

100

R A s L
8 - ¢ -mil/m
é | —&—m1/n
el X kik
§ -~ (m1+k1)/n

40 Gl

20

0
0.4 0.5 06 0.7 0.8 0.9 1

Threshold values

Figure 5.2 The performance of hybrid tagger at various thresholds.

S



———

L i L,
s a5 ——

In conclusion, the hybrid system achieves better performance than the NN, 94.4%, and the rule-
based tagger, 91%. The performance increases because of the combination of the two approaches.
5.3  Summary

In this chapter, an MLP-tagger is presented for Amharic language as initial annotator. The result
of neuro tagger is given as input to rule-based tagger when it is below a given threshold value.
The current work uses neighborhood context for tagging of words in a large tagged corpus. The
MLP-tagger combined with representation scheme for inputs and outputs could be a promising
result for further research in the same direction for Amharic language corpora. Changing the
default values of different parameters did not give significant improvement. Similarly enlarging
the context more than (1_T_1) did not give improvement. The MLP-part of speech tagger which
is modeled on the scenario 1_T_1 is selected and gave average accuracy of 94.4 % on words in
test data that are not seen during the training process. But this accuracy is more than 98 % this

because of the rule-based tagger. This indicates the potential of achieving better accuracy by

considering two approaches.

LT,




Chapter Six

Conclusions and Recommendation
6.1 Conclusions

Part-of-Speech tagging is one of the research areas in Natural Language Processing (NLP) which
annotates natural language sentences or texts with part-of-speech. In this thesis work, an Amharic
tagger that scores better accuracy using ANN and Rule-based approaches, hybrid approach, has

been designed.

Grammatical knowledge of the language is very useful in designing the POS tags and tagsets.
POS tags have also been presented from Amharic language perspective. These tagsets do not

indicate features like gender, number, person, tense, definiteness, etc. A total of 30 tags have

been set in this thesis work.

The other core part of this thesis is the issue of designing Amharic POS tagger. MLP Neural
Network and Transformation-Based Learning Rule-based type have been taken into account for
the design of the Amharic tagger. In order to design the POS tagger two algorithms, Back-

propagation and Transformation-based learning, have been adopted. Moreover, architecture of
the system has been presented.

Data is one of the basic inputs in conducting research. About 210,000 words have been used in

this thesis work. Using such large size corpus increases the performance and efficiency of the

system.

Experiments using Rule-based, Neural Network, and hybrid approaches have been conducted.

The achieved results of the above approaches on average are 91%, 94%, and 98%, respectively.

f
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gh Neural Network approach provides better result than Rule-based approach, the latter one
corrects most of the errors generated by the neural network. As a result, the hybrid approach
became more efficient than both approaches used separately. Hence, hybrid approach has been

chosen to develop Amharic POS tagger in this thesis work.

In conclusion, the combination of two approaches for developing a tagger results in a better
accuracy than a single approach. Furthermore, this thesis work indicates the potential of rule-

based approach to minimize the limitation of the neuro tagger.

6.2 Recommendations
There are many research areas on computational linguistic concerning languages spoken in

Ethiopia. To avoid obstacles on this aspect, some points are recommended.
o Language resource center has to be set up by concerned bodies that will be easily
accessible to researchers.
e NLP is now a research area so that NLP team should be organized under faculty or
departmental level in collaboration with linguistics department. This will benefit to

practically implement what has been done before and to bring continuity and integrity on
research conducted at this or higher level.
As a future work of this research, the following suggestions are forwarded.
e Extend this work by acquiring well-annotated and large size data so as to increase the

efficiency.
e Conduct researches for other Ethiopic languages by adopting this work.

This type of tagging system can be used for the construction of multilingual corpora. This

also one potential area to researches.

—_/__—!_’—/_-—___’——————————_—“7—_
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Comparison study
p dy on the three approaches (statistical, rule-based, and ANN) for other

Ethiopic languages based on their language family should be done.
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