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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 

Amharic 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 Amharic 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-aI-Speech, Amharic Part-afSpeech taggeI', Tagsel, POS tagger. 
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1.1 Background 

Chapter One 

Introduction 

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 Amharic 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, inteljections, 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 

particularpart-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 

known as "tags", and the process of attaching them to a word is called tagging. Let's elaborate 

these concepts using the Amharic sentence; ",eU l7D7\(h~ 'UD-" (This is a book). The tagging 

process accepts this sentence as input and then generates ",eU/AD V l7D7t~rll~1N ~OJ '/A UX" as an 

out put. The codes ADV, Nand AUX represent an adverb, noun and auxiliary verb respectively 

so as to indicate part-of-speech of a word in a given sentence [29]. 

- 2 -
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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 taggi ng 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 focu ses 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 
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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 Amharic 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 

Amharic 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 Amharic 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. 
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~ Develop prototype. 

~ Test and anal yze the performance 0 f 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 Amharic. 

1.5 Methodology 

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

following methodologies have been employed. 

~ 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, 

- 5 -



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 pas 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 

di sambiguation 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]. 
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Furthermore, it is used in parsing of texts to quickly find names, times, dates, or other named 

entities for the information extraction app lications [29]. Finally, corpora that have been marked 

for parts-of-speech are very useful for lingui stic research . In general , POS tagging is often 

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

1.7 Organization 9f 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. 

Amharic 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 tlu·ee 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. 

Chapter four discusses in detail the design process, algorithm and architecture of the Amharic 

POS system. Design goals, approaches, and tec1miques 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. Fmthermore, the chapter deals with the implementation aspects and tools 
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that are utili zed in the training and testing stages. Finall y, conclusions and recommendations of 

th is thes is work are presented in the sixth chapter. 
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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 

di scuss the widely utilized approaches in tackling part of speech problems in general and those 

that are used for Amharic language in pat1icular. 

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 algoritluns. These approaches are discussed below. 

2.1.1 Statistical approach 

Statistical approach is one of the widely applicable approaches in the POS tagging development 

environment [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 probabi lities 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 
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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, refening 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 teclmiques, using both tag 

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

The main goal of the probabilistic methods, given a sequence of words WI. .. Wn is to find the 

sequence of tags TI. .. Tn that is the most likely tag sequence for these words, i.e. the sequence 

TI. .. Tn that maximizes P(TI. .. Tn I WI. .. Wn). It is possible to estimate P(TI. .. Tn I WI. .. Wn) using the 

probabilities P(Ti I Wi) and P(Ti I Ti.ITi.2) [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 I 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 l , i.e., P(Ti I Ti-I) or P(Ti I Ti-ITi-2), respectively. The lexical and contextual 

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

tagged, training corpus [57]. 

I An n-gram is a sub-sequence ofn word from a given sequence; bigram and trigram are a 

special case of the n-gral11, where N is 2 and 3 respectively [l4}. 
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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 - t where w. - j j= argmax P{(W1t 1 ) ... (w.tk) ... (w t , ) 
" I " n , ] 

1 I ~ 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, ti, and words, Wi, are emitted each time a state 

is visited. The training of HMM-based taggers involves estimating lexical probabilities, P( Wdti), 

and tag sequence probabilities, P(ti I ti-l ... 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 

algorithm2 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] . 

2ft is an algorithm for finding the most likely sequence of hidden slates thaI result in a sequence 
of observed events, especially in the context of hidden Markov models [19]. 
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III 

POS Taggillg witlt Markov Models 

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

» Look for tJ 12 ... In that maximizes P(t! t2 ... tn\w l w2 . . . wn) 

» Using Baye's Rule: 

o P(t1t2'" tn/wIW2 ... w n) = pew) W2 ••• wn/t) h· .. tn) * P(t)t2 ... tnl 
P (W)"'2" • W n) 

» Find tlt2 ... tn that maximizes the numerator 

» Two main independence assumptions: 

• Words are independent of each other: 

• The probability of a word depends only on its tag: 

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/t). by the application ofBaye's law [40]. 

The probability of the tag i.e. peT) 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 

[14] 

To summarize this topic, two sources of information are required to decide a POS of a word 

concerning this approach [431: 
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• Contextual In/ormation: Look at tags of other words in the context of the word of 

interest. 

• Lexical In/ormation: Predicting a tag based on the word concerned. For words 

with a number ofPOS, 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 model s 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 

di sambiguation 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 rul e-based tagger has many advantages over stochasti c; including [) )] 

• a vast reduction stored information required 

• the perspicuity of a small set of meaningful rules 

• ease of finding and implementing improvements to the tagger, and 

• 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 

perfo rmance. The tagger initially tags by ass igning each word to its most likely tag, estimated by 

examining a large tagged corpus, without regard to context [10 , 57]. But this approach requires 

initi ally manuall y aJU10tated corpus and large size data. And it generalizes rules to a small set of 

ru les. 

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. N eurons work by processing informati on, i.e., receive and provide information in the 

form of spikes . An artificial neural netwo rk is composed of many artificial neurons that are 

linked together according to specific network architecture. The obj ecti ve of the neural network is 

thus to transform the inputs into meaningful outputs [8 , 27]. 
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An Artificial Neural Network (Al\JN) 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 process ing 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]. 

Learning, 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 to 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 cOlmection 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 ANNs 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 tlu'ough bidden to output layers; no values 

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

Inputs 
Hidden layer Outputs 

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 tbey reach an equilibrium 
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po int. 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 thi s type of network 

topo logy [49, 58], as shown in Figure 2.2. 

Hk1dan 
Neurons 

W",'O 

Figure 2.2 An example of a feedback network 

2.1.3.2 Multi-layer Perceptron Model 

Output 
Neurons 

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 cOlmected 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 previ u uni t. The behavior of the output units 

depends on the activity of the hidden units and th e weights between the hidden and output units. 

The weights between the input and hidden units determine when each hidden unit is acti ve, and 

so by modifying these weights, a hidden unit can choose what it represents. Each layer is full y 

connected to the succeeding layer. The netwo rk is feed fo rward . 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 / ... xp ) is presented to the input layer. The 

in put 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 vari abl s, 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 (Wji) , and the resulting weighted values are added 

together producing a combined value Uj. which is the activation value. The weighted sum (Uj) is 

fed into a transfer function, 0, which outputs a value hj- The outputs from the hidden layer are 

di stributed 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 (Wkj) , and the resulting weighted values are added together 
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producing a combined value vi" The weighted sum (Vj) is fed into a transfer fu nction, 0, whi ch 

outputs a value Yk. The Y values are the outputs of the network. 

In MLPs, learning is supervi sed with separate training and recall phases. During training the 

nodes in the hidden layers organi ze themselves such that different nodes learn to recogni ze 

different features of the total input space. During the recalling phase, the network will respond to 

inputs th at exhibit features similar to those learned during training. Incomplete or noisy inputs 

may be completely recovered by the network. In its learnin g phase, a training set of examples 

with known inputs and outputs wi ll be given [27] . 

In a multi-l ayer perceptron topology, neurons are grouped into di stinct layers as depicted in 

fi gure.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 whil e the outputs of the last layer, form the 

output of the network. 

x2 

x3 

input 
layer 

hidden 
layer 

1--03 

Figure 2. 3 Multilayer Perceptron Network 

A multi-layer perceptron is especiall y useful for approximating a class ification function that 

maps input vector (X l,X2, .,. XI!) to one or more classes C I, C2, .. , Cm .. By optimizing weights and 

tlu'esholds for all nodes, the network can represent a wide range of classification functions. 
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Optimizing the weights can be done by supervi sed 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 

adj usted, proportional to their contribution to the error made at the respective output. One of the 

most widely used algoritlm1s 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 adays POS taggers are designed by considering two or more approaches, which are 

di scussed above . Basically, one approach is not full fl edged 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 rul e-based approach together. Neuron tagger and rule­

based corrector are used to assign a part of speech for Thai language. Neuron tagger is used as 

initial state aru10tator 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 taggin g. 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 % 
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2.2 Related works 

The task of POS tagging is to assign unique POS tags to sentences that are presented as a linea r 

string of words. POS tagging systems, which all llotate corpora written in various languages, are 

used as components in many applications including phrase recognition, word sense di sambiguate, 

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 ass igned 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 ger:.erate 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 

lex ical and transitional probabilities required for the knowledge base. Thi s 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 di sambiguate with an accuracy of 

77% [25]. A rule-based POS tagger which automatically infers rul e 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 rul es 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 rul es, transformations as he calls 

them, where the grammar is induced directly from the training corpus without human 

intervention or expert knowledge [11] . The on ly 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 fi gure out the most likely POS tag for a word. 

After the training is completed, the tagger can be used to annotate new, unaImotated 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 teclmique, 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 refl ects the fact that the tagger is based on transformations or 
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ru les, and learns by detecting errors. The T ~ L begins with an unannotated tex t as input whi ch 

passes through the initi a l state annotator whi ch assigns tags to the input. The output of the initi al 

state annotator is a temporary corpus whi ch is then compared to a goa l corpus that has been 

manually tagged. For each case, the temporary corpus is passed through the lea rner; 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 thi s process, the learner produces an ordered li st of 

ru les . The tagger uses TEL twice: first in the lexical modul e deri ving rul es for tagging unknown 

words, and second in the contextual modul e fo r deri ving rules that improve the accuracy. Both 

modul es use two types of corpora: the goa l corpus, deri ved from a manuall y 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 li st of words containing 

information about the frequencies of tags in a manuall y annotated corpus. A temporary corpus, 

on the other hand , is a list consisting of the same words as in the goal co rpus, tagged in some 

fashion. In the contextual learning module the goal corpus is a manuall y annotated rulming text 

whi le a temporary corpus consists of the same rUlming text as in the goal co rpus 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 

li ke ly tags for unknown words, given the most likely tag fo r 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 manuall y annotated 

tra ining corpus and the method for predi cting the most li kely tag for unknown words, contextual 

ru les are learned for di sambi guate. The learn er di scovers rules on the basis of the parti cul ar 

environments, or the context, of word tokens. 

The contextual learning process needs an initi ally annotated text. The input to the initi al state 

annotator is an untagged corpus. The initial state annotato r needs a li st, thus so call ed training 

lex icon. 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 3lU1otated 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 

tags the known words, i.e. the words occurring in training lexicon, with the most freq uent tag for 

the word in question. The tags for the unknown words are computed using the lexical rul es. The 

annotated text obtained is the initial temporary rUlU1ing 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 algoritlU11 was 

designed because of its capabilities of expressing non-linear decision. This work considered 

neighborhood context, localized informati on, 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 resul t of the MLP-part of speech tagger was an averag 

accuracy of 93 % on words in tes t data th at are not seen during the training proce . The accuracy 

may increase if it were tested with a large data. 

2.3 Summary 
It has recently become clear that automati call y ex tracting lingui sti c info rmati on from a sample 

text corpus can be an extremely powerful method of overcoming the lingui sti c knowledge 

acquisition bottleneck inhibiting the creation of robu t and accurate natural language process ing 

system. POS tagging is one of the tasks perfo rmed on natural languages, whi ch ass igns the 

correct POS to each word in the context of the sentence. Several kinds of POS taggers using rul e­

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

The stati stical approach requires considerable training samples to estimate the probabilities of 

word sequence and considerable memory capacity to process these probabilities. Additi onally, it 

is diffi cult to predict unseen data, which never appeared in the training data. Rule - based 

approach is another alternative to ass ign tags to words by set linguistic rules or automatic 

generation of rul es through machine learning process. Neural networks are also interesting 

mechanisms which can learn general characteri stics or patterns from limited sample data. It is 

also exerci sed 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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3.1 Amharic POS 

3.1.1 Overview 

Chapter Three 

Amharic pas and Tagsets 

Amharic served as a government language more than a century. It has also relatively b en studied 

than other Ethiopic languages. But there is no clear cut on Amhari c part of speech 

categorization. One of the most cited class ical work on Amharic gram mar, written in Am haric , 

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 

Am haric has only five word classes . They did by leaving out inteljection from the inventory and 

putting together prepositions and conjunctions in one class and cons idering pronouns as a sub-

class of nouns. Baye's [7] reduction of Mersehazen 's [41] classification seems based on the ro le 

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

According to a study in [23] , Am haric has only fo ur basic word classes . These are nominals, 

verbs, adpositions-conjunctions and inteljections. As it is the case in any language, the above 

four classes can be divided into sub-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 mean ing 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 additi on the same word can be us d in 

different sentences and belong to a di fferent wo rd class in each sentence. 

Three basic criteri a are considered in order to categori ze 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 criteri a to determine the categori es 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, adj ective, and adverb . Pronouns and conjuncti ons are put under noun and preposition 

categories respectively. Intelj ections are words without syntactic functions. In thi s categori zation, 

interj ections 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 th ings , such as a real thing (for example, cat), an 

imaginary thing (for example, ghost), an idea (fo r example, love), person name (fo r example, 

'Abebe'). Amharic nouns, like Engli sh, 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 morphologicall y the most 

complex POS in Amharic, with many inflectional forms; numerous words with other POS are 

derived primarily from verbs. There are two major criteri a 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 descri bing words or phra s that add extra info rmati on to a noun. Adjecti ves in 

Amharic usually precede the nouns that they modi fy or descri be. Let's look at the fo ll owing 

example. 

Example: 7011 r'~ lTI'}t '10)' (He is a clever student). In thi s example, the adjective" 1fl71" 

(clever) precedes the noun " " ··lf1Jt" (student) whi ch it mod ifies. But this does not mean that a 

word is an adj ective just because it precedes a noun . For instance, in the entence ",e:f1. ,,·U11t 

'1 m ·" (thi s is a student), the word ",e"fl." (thi s) pr cede the noun "r,.O'7t" (student). Although 

the word "~"fI," functionally shares the feature of an adj ecti ve, modi fier , 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 adj ective . 

Prepositions can appear as: 

>- A simple prepositions that stand alone as separate words 

Example: itt! ')~9"UC+ (for the sake of education) 

mf. fb1' (to the house or home) 

>- A simple preposition prefixed or attached with other words (e.g. nouns and verbs). 

Example: O-uo/"L C; (by car) 

t!-"'~ lf1J t (to/for the student) 

>- As compound prepositions hav ing two parts, prepos itional prefixes and post 

positions. The postpositions can either be single preposition that stand by their 

own or a preposition not separated from a noun . 
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Example: fl 1'\'1"/. OH'11' 

/i ~ 
" inside the box 

Preposition box (noun) a preposition (noun)-in ide 

"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 mod ifi er. Adverbs function to add more 

information to verbs, other adverbs, adjectives, and even to whole sentence. In Amharic, 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 a an adverb depending on their 

context. 

Examples: ro.e. ro·il'1' 711 (he went to inside). In this case, " ro·{l'T' '' is used as a noun. 

fl,1-- ro·{l1' ,ent·t\ (he works in the house). In this case, ro·{l'1' is used as an adverb. 

As it can be seen from the above examples, noun adverbs or adverbs of position such as "ro'{l'1''' 

(inside) can function alone as an adverb or as a noun. If noun adverbs are used alone without 

prepositions, like "fl", "ro.e.", "h", they are mostly treated as nouns. On the other hand, noun 

adverbs prefixed with prepositions are treated as adverbs. That is, "ro' {l1' '' is a noun while " fl -

ro.{l1' '' is an adverb. Adverbs can also be formed from nouns and adjectives by prefixing " fl " as 

in " fl -'P,et\" (by force) and " fl .e.u'l" (being well) respectively. 
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3.1.3.6 Conjunction in Amharic 

Conjunctions are words that link word , phrases and clau to create larger grammatica l units. 

Conjunctions were treated as a separate category [41]. However, conjuncti on are treated al 0 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 

Inte rj ections are words that function to suggest sudden, often un xpected emoti on. Li ke Engl i h, 

Amharic has many words or pbJ.-ases used to ex press such emoti on a udden surpri e, pleasure, 

annoyance and so on. Such Amharic words are call ed interj ecti ons. These Amharic interj ecti ons 

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

Example : ''/t'i ! 

3.1.3.8 Numerals 

These are words representing numbers. In Amhari c, the ordinal numbers are fo rmed from the 

cardinal numbers by adding the suffi x " ~,<;! ". 

Example: cardinal 

~,I.e: (one) 

V·1\1' (two) 

ordinal 

~,I.e. <1 (fi rst) 

V'1\1' <1 (second) 

Like English, compound Amharic numerals are put separately. The fo llowing are examples to 

illustrate this. 

Example: ~\Ig: (71J'I~ ~\I .e.' (one hundred one) 

~l I .e.' (71J 'r ~\ I.e. <1 (10 ll11) 

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

di stributive numerals. Example: ('Ill ')' ('Ill '} (three three). 
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There are al so special numerals in Amhari c that corre pond to the Engli sh "haIr , , quarter', tc. 

Example of these include '1rfl/'(1 (half) and O.('l (one third) . 

3.1.4 New approach to categorize Amharic word class 

As it is highlighted in the introducti on part of thi chapter, Amhari c wo rd class is categorized in 

to four classes according to [23]. These are nominal, adposition-conj uncti on , prepositions and 

interjections. In syntax , since pronouns act li ke nouns, categoriz ing pronouns under the clas of 

nouns seems appropriate. Moreover, since most pr position in Amhari c functi on also as 

conj unctions, putting these two into one word class again seems logical. In terj ections are wo rd 

that function beyond syntax. Leaving out thi s word class from the inventory of word classes, 

therefore, can also be justifi ed if the focus is only on syntactic words. However, even fro m 

syntactic point of view, Baye's [23], class ification cannot be considered as a refined and 

complete. For instance, adj ectives in Amhari c, in fact, in other Semitic languages too , 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, adj ectives, adverbs, verbal nouns, i.e. infi nitives, proper nouns, common nouns, etc. 

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

of nouns is based on the facts stated below. 

Adjectives and Adverbs as sub-class of nominals 

In Amharic, adj ectives function as subjects and objects of a clause besides inflect fo r grammatical 

categories that are associated with nouns such as gender, number, and case. Adverbs also can be 

categori zed as a sub-class of nouns for two major reasons. First li ke other Semitic languages, this 

class of words in Amharic, are not many in number. Second , those limited words may function 
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also in syntax as subj ects and as obj ect in clause, i.e. being a lex ica l head [ uch phra es li ke 

other nominals do. 

It is important not totall y to abandon the categori es of adj ectiv s and adverb in Amhari c. Thi i 

because these classes of words have di stinct properties that di ffe rentiate th m from other 

subclasses of nominals. For instance, whil e adj ecti ves can modify nouns without any additi onal 

element, i.e. prepositions, other sub-classes of nominals do not. imil arly, adv rbs can modi fy 

verbs without a preposition whil e other class of nominal cannot with ut a prepos itional element 

or without being marked for case. 

3.4.1.2 Types of Adverbs 

Under the category of adverbs, words, such as "tVI' ", are included which do not give sense when 

they stand alone. Thi s type of words in Amhari c can be used a a base fo r the deri vation of other 

words by taking derivational morphemes as in " lYI';t·" ('being qui et'), " '!-I'7°;1"" (being sil ent). 

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. Thi s is 

especially true in their appearance with the semantically dummy verbs " ~\/I " (he said) and 

" ~, .e.L7" (he does), as can be inferred from constructions such as " '(1.(':"7 ~,I.e.-~\/I " (as he was/is 

standing) where the complementizer " ~,1.e. " is attached with the dummy verb " ~,/l " as is also 

the case with other verbs. In this type of construction, although the word " ·0.e.'''7 '' must go w ith 

" ~,/l " or " ~\ .e.L7" but not with other verbs, the fo rm "'O.e.'''7 ... ~,/l " Ca J1J10t 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 inserti on of " ~,/.e." separating the two which 

is purely a syntactic operation. Hence, " -o.e.' ''7 '' in th is type of construction must be a phrase on 
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its own. As mentioned above, words that modify a verb with ut a prep si ti n are onl y adv rbs. 

Hence, considering words like "1l.e:"')" as an adverb seems logica l. 

Beside the above type of adverbs, we may consider words uch a "qt." (today) , " /I?ue;' " (l as t 

year), " :I'e;',r)," (yesterday), "I,V"" (now), etc. which mostl y mark time and rea li zed unli k the 

above type of adverbs on their own, i.e. being a prosodicall y complete grammati ca l word. 

The third types of adverbs are words that mark degr e. The e are n t many in number in the 

language. It includes words such as" i,:c>.·'?" (extremely), " (lf1l?O" (very). Un li ke the ab ve two 

types, these adverbs do not have lexica l content on their own ri ght. Thi s makes them to be 

different not only from other types of adverbs but also with any other nominals. They can al 0 

modify verbs by their own. 

3.1.4.2 Verbs 

In Amharic, words that are used as a predicate in a clause and inflect fo r 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. 

Th . 1· d d h " i .... 0" " }-,A " " ', r " " roO " W d J "roO " d " }-,A " ese mc u e wor s suc as 1 I ...... , 1111 , 1 ~ , ....... or s suc 1 as ...... an 1111 are 

only used as adpositions and words such as "ile;' " and ""'), " are used only as conjunctions. Most 

other words in thi s category, however, can be used as conjunctions and adpos itions. 

3.1.4.4 Interjections 
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These are words, such as"f\,e" (no) ,"f\91 "(ye ), and ' ·f~ L (oh) that xpre emoti ns and ar 

not bound within sentential syntax . 

3.2 Amharic Tagset 

Based on the discussion in the first secti on of thi s chapter, it i appr pri ate t c me up with the 

tagsets for automatic assignment of POS for Amharic texts. Three main pints ar c n idered to 

decide the tagsets for thi s thesis work. First and most is the Am hari c w rd categorie and their 

classification by different Ethiopian lingui sts [7 ,2223, 41). Previou attempt n ctting the tag 

are also other determinant factors . Mesfin [42] ha come up with 23 tag plu two fo r all 

punctuation marks and unknown words. Other researchers in [51 , 55] al 0 adopted tag et which 

were used in [42). 

The most recent work in [24] shows 30 tagsets. The main [ul1cti n of thi s tagset was fo r the 

annotation of 10, 000 news items which are acquired from Walta Information C nt r. For thi 

work, these tags are adopted because of the fol lowing reason. 1 he e tag ets are done for the 

Ethiopian Language Research Center so that it was done by lingui sts 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, inteljection are the basic classes . In addi tion , numeral , punctuation, and 

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

NOllns 

Nouns can be proper nouns or pronouns. They have attributes li ke gender number case and 

definiteness. But for thi s study all the e attributes are not taken int con ideration . Verbal noun 
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verbal noun with propositions, verbal noun alta hcd with c nJun 

noun with preposition and conjunction are sub classes under thi s nun . 

n un includin rb I 

• In Amhari c language nouns might come with pr po ition and onjuncti n that cann t b 

separated from the nouns. Nouns affixed with prepositi n ar n idered a n un 

preposition and tagged as NP. Example: O--,·.eIlO/· ro:e: :/. o,rm'~/' "" 1/.\ 711°,.-'/ . 

. e 0 j> 1\. --",01\ 0/' ~\ '} J? {/'/. m 0 1: i", iI;J' (II' <I' q) A : : 

• Likewise, nouns may be attached with c njuncti on and wh n th c njuncti on can' t be 

separated from the noun, it is considered a noun c nj uncti n. N i the tag for uch 

occurrence. Example: r i",i'iCltf:1J:r~i J'.'C"l.:I· r i"" :,·r·Pt·.r rm'}"Ji/:"li' ;h1/'0 ~\~:"J 

~\'}·V.(JJ1IlOJ' 1AOlfA:: 

• Some nouns can also be formed from any verb fo rm li ke acti ve, passive, by attaching 

prefi x and tagged as VN. Example: !"H-:e:ou<'" 12 Te~h'f'::i' ou'lhA i""OIl~:':': 

--hnli'cl'm' 'l9"lt ',lftfJJ":i·'} ·1'm.1H1 '1. "7l:::G,::Jrm- --"'11\7. :: 

• Nouns are coming with prepos ition 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: :r'1c::r'~i l\.e .. ,·o,' r(/'/,J;J ~'I,.V,,·r Ooutf',· hYV'}ZlloJ-YV 

OOl\m "1'*Ol/(C OJ-ItL9J'1: .e""It 1\ "i, 1\. 'Ol\m- ~\ ,}f.o'/.m·Ocf: i",iI ~I·.er:'· r'la,1.9J:r 

"1'li''1l.lfA: : 

• Proper nouns, like personal names, geographic names, organization names Amharic 

initials such as Ato, Wlo, Wit, day of the week, months of the year, directions 

compound words, either mul ti wo rd or fu sed words, ar simpl considered as noun and 

tagged by N. N is the general tag fo r nouns if a word can not b categori zed under ub-
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....... 

Pronouns 

Pronouns are special types of nouns. They occur frequent ly in any d cumcnt. 

treated independently. There are tlu'ee sub categori es and one g n ra l tag. 

that they ar 

These are: 

Verbs 

o Pronouns which come with prepos iti n (PRONP) 

Example: t\9"C9"C M) ~"CJt\ (JII&.4'$'. c"tt\°'lffim·(J1· )",()u·C }j '},£f.tJ-f/" 

t\)",hfl·9" '/01' A -1- .... . 

o Pronouns attached with conjunction (PRON ) 

Example: t\&.mu· j»u·!)J·:;· ounb-h:/' )",c"t,,·(PIJi. 0'l(J C h;.:J, :f 01' "} 

)",c"tLJ': ~"(PA:: ,eu·'e;' )",'1(, " : 'v'I:" r~';h (j·t\"j.'I~ r,:: 1'\ 'I:" 

)",,~C )",,,(JII(,'~:f: f~&.mu· p.'u·fJJ:r· ... .. . 

o Pronouns with a procJitic preposition and encli tic conj unction ( PRONPC) 

Example: If,]9'' nu-,,·r hAn":'" (J~'C(J· (J "'·Y.L1 ~jjmb- .. . 

o PRON is assigned for the rest of the pronouns which is the general tag 

Example: (Ji·t\.e9" Ir '}.t;,}f.- r p.'b- ;}I'\~!)J',):. ouL~ )", ,()~9" fl.t\· 

ratz.(JJ()J~"CJ:r;OI·' I\C9"~ ... 

Verbs are the main components of any text including Amharic. The e verbs indicate the act ion 

that is done by the subject. We can say that without verbs there x ists no sentence. Due to hi gh 

occurrence of verbs, one general tagset and five subcat gori are a igned to tag verbs. The ub 
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categories indicate the role of the verb and it 

conj unction. 

app aran \ ith th r p rt- f-sp 

• Auxiliary verbs are one sub categori es which are tagged by A OX. A X i u ed t 

such verbs in all forms without any di stincti on li ke number end r tcn 

Example: r )",1t-l: UlJ&,1' llro£} :t"r~ rmlj.(I . .f' /,ou:,: /O}, :: 

h In 

• Verbs which are attached with conjunction ar tag d a V G r any typ of v rb 

auxi liary or relative. 

Example: r°'l.UlJllh;:FfOl· )",f'lta;[· II 'Hn:lJ:r );~lJrl'1~o}1:-1'f'u :: 

• VP is used to tag verbs which are uffi xed by pI' P iti n . xample: ... . ho·U',G 101' 

~\ 1+flj'fI, (H-·{,f.\,D'It {Jrhn'7hG ;hn9"t;' lIulJflm:" hWG'(~ ~,t'lh "' (lit f,GP,' tall. 

ra1'7 "'·m(9)";j· p'Am'7 ,eOn/tI '(lII'PA:: 

• Relative verbs are tagged by VREL 

Example: r rl'j!UUGOJ' ruuhtahA ~,1:"fI :h), r'-"(wl!9J :r'1 c'1! 'f'C IIUl) <I",t'l 

.ffl '-f· ta A ,nil £FA: : 

• Any verb including relative and auxi liary mi ght come with proclitic preposition and an 

enclitic conjunction. In such case, it is tagged as Vpc. 

Example: fllI<f'J?9'J;,· )",f]f·:r- ;:rth (l r[·t'l'-'·i-Jhf\'7 t'lCo,:[· £}IIOI' uvAh· '?11I(l,OJ-1 

f\or/·ewC .... 

• All other verbs whi ch can not belong to the above catagories, it is simpl tagged as V. 

Example: ... r),,8.t'l )",Of] ffl)·lI.r9" (IC'l;J~ ;/'C(l';f1 (IuIJO·(lo·n ta,e ~,1f.°'l,1:~ 

);ontlh"'£FtI :: 

Adjective 



Adjective is also another word category in Amhari I n u 

general tag and tlu'ee sub categories are designed . Th 

without considering attributes like gender, num ber, and d 

. I n rd r t ta u h 

d t t 

• ADJP is the tag to assign adjecti ve prefix d by PI' P siti n . 

I'd n 

r "I'I\,rr. '1,e ffllfj1' ",'h;J,r,',;', 1\'(11/- C}rJU;J':/' "',:r'/I/{/)' r(l,/.(;'-;,(),.,. V'Ir: 

(Juutf',.lp ... 

• Adjectives also suffixed by conjuneti nand ADJ IS U d t ta tiv 

Example: ... (lIl.U·9" uu'-j"IfI:)'(/:i"( m"jdlfl;J'(/~ ,fAU"" .<.':c~:,r:.f 

• Adjectives with a proclitic prepos iti n and an n liti njun ti n a i ned ADJP 

Example: ... f);}//'I·:f£f 00 I-) hl\ ;;: ~l.'}P,'()'}t::JJ:r- I, 'P;.mi"«/'<I: 

• All adj ectives which cannot fall in either f th e su cate rie are tagged a ADJ . 

Example: .. . ,eU9" (lV1t'l: fJI,"}()i'l-"/' '/'(1:/' 'I,e lI'i>/'7,"' 'I"{~:" ()1\(J'IY5?,C() 

Prepositions 

It is very difficult to tag prepositions because prepositions ar 11 t eparated from nouns, erbs 

and adjectives [43]. But PREP is assigned to tag prepo itions a separate word. 

Example: (J~~jf 05':11' )-,6. fllmC 1,e :r,"}C (Juu~m<;· 

Adverbs 

ADV is used to assign all adverbs. If cOl11pound adverb appea r as l11ulti-word the tag D IS 

ass igned once at the end of the compound adverb. AD is appl i d m re widel and as u h it 

does not differentiate among adverb of time place mann I' and ad rb. 

Example: ,.l-£f'},.l, (J1,}~C h'-I,ffll (I "I'II,:J ~ fi, "j.(>:· <I''} :I'm'm"?' uuJ.:'Gn 



Conjunction 

Like prepositions, tagging conjunctions is also another challen In ta k in Amh ri c Ian ua . 

This is because most of the conjunctions are al so prepositions and th ya re attached with ther 

words. So that conjunction appeared separately as a single word will be a sign d th t g ONJ . 

Multi word and compound conjunctions are al so assigned the ame ta . 

Example: V'tl1' VI, m.ell 'I'{J:,' VI, .em6-- ()<1I1.tlm· '/l}·(l. ..... 

Numerals 

Amharic numerals can be expressed as ordinal or cardinal. In such ca e NUM R i a sign d t 

ordinals and cardinals like one, two are assigned the tag NUM R. Numeral may b attached 

with prepositions, conjunctions, proclitic preposition and enclitic conjuncti n in the e ca e , 

NUMP, NUMC, and NUMPC are assigned respectively. 

Example: 

• n'lt.m· ~\tl1' n(l'}Pi' ulJi')hA n ""'}~J?(IJ· fOl· 6 r.' 9"'}'It., ); 'JJ:' f~\o'lti')'} 

• 

• 

• 

• 

~t\C ... 

11:::m- U1C~\cl'~ f1'9"Vi.1' '!-lU" 11/0 ... 

/1);rll,'}' cf'l]1' ()<11A~{)OJ' nll.V' 'FUI> hv-tl·9" fV1t~': nAno i', f .. t'o}·fllm-

h()t\l) nt\,e f9"C9"C n'J';i)':r, n.. r;J <;,9" :Pt.;r fa'l .. e·/'Cn,:/· );,},e-t;" V'tl1' 

'n3F uvtfl]:fOJ·'} mcf!UlJ(PA .. 

... FtJ'/1r/:r wi..v, ',Cft9J :l: f'}j1.·V UlJm'r' OJ"I "-"'n:.l>o1. If''I'PA:: 

Inteljection 
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lntelj ections, words or phrases used to express elllot' Ion , can tand by th m I n pp a r 

anywhere in a sentence. INT is the tag assigned to interj ection. 

Punctuation Marks 

To all Amharic punctuation marks like :-, :, ::, ?,! are ass ign d the tag p . 

Example: 

'Ol\ cPA:: 

Unknown words (Unclassified words) 

For words not found in the lexicon of the tagger, UNe a I ncd b cau e there might be 

unrecognized words. 

3.3 Summary 

Amharic part-of-speech can be categori zed into eight, fi ve or ~ ur cia es according to the 

thoughts of the early and the recent studies . From thi di cussion, we can nclude that, though 

Amharic is used as the language in most areas in Ethiopia, still there is no consen us on the 

number of classes of this language. The purpose of the classification in each tudy 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 categori es are tri ed to consider for the tagging 

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

Without understanding Amharic grammatical stru cture it is very di fficul t t de in a ystem lhat 

might serve the user of the language. Amhari c tagsets, which are e entia l in lagging the w rd s 

are extracted from the Amharic POS. This indicates that to prop se a belt r tag et kno led e f 

the language is the key factor. In thi s thesi rk, it i tri ed t u e "0 tag et that e the 
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Amharic language in tagging process with minimal modificati on. The ta ct ar L1l11 m riz d in 

tabular fo rm below. 

Table 3.1 Summery of the Tagsets 

No. Basic Class Code of the tag 

1. No un VN 
NP 
NC 
NPC 
N 

2. Pronoun PRONP 
PRONC 
PROUNPC 
PRON 

3. Verb AUX 
VREL 
VP 
VC 
VPC 
V 

4. Adjective ADJP 
ADJC 
ADJ 

5. Preposition PREP 
6. Conj unction CONJ 
7. Adverb ADV 
8. Numerals NUMER 

NUMOR 
NUMP 
NUMC 
NUMPC 

9. Interjection INT 

10. Punctuation PUNC 
II. Unclass~fied UNC 
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Chapter Four 

Design of Amharic POS Tagger 

A pos tagger is a program that assigns part of speech to Amhari 

which they appear. As it is described in chapter , hybrid ta 

nl t i 11 

neural network and rule-based. In thi s chal tel', th de i n r th h ri j La I r a ,, ~ 

approaches and design goals are discussed. 

4.1 Design approaches and techniques 

Part of speech tagging is the process of marking up the w I'd in a t ' I a rr I nd i 11 I t a 

particular part of speech, based on its defi niti n a well a its nl xl i.e. I' lati l1sbiJ with 

adjacent and related words in a phrase, sentence, or paragraph. Parl- f- pe h ta in i n t a 

mere list of words and their parts of speech, since ome word can r pI' nt m r than n part 

of speech at different times. There are many approache and techn iqu t ta kl 

such as rule-based, statistical, and neural networks. The e appr ache hclp u t de ic a P 

tagger for a specific language like Amharic. 

Rule-based approach is the earliest from others in tagging words. Thi appr ach can be la iii ed 

in to two: linguistic and machine learning. Lingui tic approach c nit ding the ne e ar 

knowledge in a set of rules written by lingui sts. Thi s appr ach i m re r Ie manual tim 

taking, tiresome and requires expertise in th e domain. In add iti n t th [a t it i in n isten t 

and subjective since it is determined by the under tandin f p iali t and th ir lin ui tic 

background of the specific language. The appr ach pr po ed In 

learnina can be cateaorized under thi s group a machine Ieamin 
D' D 

. It I am th s 
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... 

transformations (rules) exercising these tl'a (.". . , nSlOlll1atlons and til n I't n ra t rul t h I h I r> t 

tag words to their most appropriate category [10]. 

Statistical approach is the most widely applicable and succe ful In d I durin th I t 

decades in POS tagging [14, 20, 42]. In comparison to the lingui ti c appr a h, it r Ulr InU h 

less human effort. Hidden Markov Model and related tcchniqu ha d n uildin I 

probabilistic models of tag transition sequences in a sentence. This app r ch ha a sh rl min 

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

The third family, Artificial Neural Networks, use learning alg rithm that a quir a Ian ua 

model from training corpus. It is the recent approach that attracts att nti n in 

computational linguistics problems [36]. It has been applied ucce [ully D r th a si nm nt 

POS tags due to its advantages over others, as it is di scu ed in chal ter 2. 

POS tagging systems aim at classifying input sequences of lex icons by a I1ln each sequ nc a 

corresponding sequence of most probable POS tag. It is often as umed that D r each input 

lexicon there is a set of priori possible POS tag categorie , or a pr babi I ity functi n ver them 

and the tagger has to choose from this limited set of candidate categ ri e . In recent v rk [20], it 

is indicated that two ways can be used to obtain lexicon: data-driven and lexic n ba ed appr ach. 

Data-driven approaches employ the lexicon only implicitly when ex tractin fea tures n po ible 

POS tags from annotated corpora that are used for training the PO tagg r. Lexic n ba ed 

approach uses the lexicon that is extracted from a manuall y con tructed 111 rph I 

Techniques of tagging can also be categori zed as SUI er i ed and un Up r 

Supervised tec1mique usually relies on pre-tagged corpora to aut mat th tagoin 

7]. 

m 

these pretagged corpora, it requires linguistic informati n in th 
~ rm f pr a iliti a t 

f . t I 'que r quir 
perform the training. Such type 0 tagging ec 1111 

pr iii ti quir d In h 
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training phase to assign tags to the words T · . . d . lamIng an te t ar I I' rm d a cd n ta' , d 

corpus. 

Taggers that do not require pre t d - agge corpus during th lea min , pr ar 

unsupervised. Unsupervised teclmiques do not require pre-tag d rpus but u 

computational tec1miques. Induction of dictionary and tags t are p s ibl In (hi t hni qu 

without having tagged training data. As a ;esult, tagging of t t data an p r rm d u in 

iliduced dictionaries. It is characterized by rand oml y g n rat in la and u uall y h s I \ 

accuracy [56]. 

These approaches and techniques have direct implication and reO ti n n th d n PI' In 

particular and the development of the tagger system in general [ 4]. As a r ult th [ thi 

thesis work is dependent on mixed approach that comprise machine I amin rul e-ba d and 

neural network. Artificial Neural Network approach enable the sy tem t am th pall rn 

through the training period. Based on pattern information, the system an cia i r y " rd th j r 

appropriate category unlike the statistical approach. But it is very diffi ult t train the eural 

Network up to 100% [46,49]. To fill thi s gap, rul e-based appr ach i intI' du ed . This i t 

maximize the expected output by filling the gap of one approach by the ec nd. Beca use each 

approach tackles the POS tagging differently, it is advantageous in minimi zin th ir limitati n. 

4.2 Design. Goals 
In general, prior to designing a POS taggeI', it is recommended t et th de i n i LIes and al 

for evaluating the system. This equally works for Amharic P tagg r. Th u h man g al can 

be set in developing POS tagger, only few of them are con id red. The fir t 

tagger having two approaches is to achieve better accLlrac than t ger \. hi h 

d ign in th 

n ider nl 

approach. Accuracy refers to the c10senes of agreem nt b t\ nat t r LIlt and th ac pt d 
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--
reference value. The other issue is adaptability which i 01 en t 

rn . rr m th 

twisting Neural Network with rule-based a . I . pploac 1, It mak til rk 

approaches are open to learn from the given training data t and adj u t them el 

time by correcting errors. This is also hi ohl), sl·glll·fi ca t· ... I 
Co n In maX ll11l Zln t 1 H ura 

tagger. Speed is also another crucial issue in designing tag r r 111 th user pint 

E. [10] stated, taggers which are developed using rul c-ba d app r 3ch ar t n til11 

the fastest stochastic approach. In addition to that, tagg r 

rs c ti v ' 

us lh 

r 111 ti m t 

th h rid 

ri II 

I r thaI 

nd 

rule-based approach requires less storage than tagger d vel p d usin tal i li al af)pr a h. 

The main goal of designing hybrid POS tagger (rule-ba ed and 11 ural 11 tw rk a hi 

better performance in tagging Amharic text. In add ition to thi th 

to implement and increase speed in responding a tagged text, and a y In btainin th r qu i!" > 

knowledge that can be estimated using large tagged corp ra [2 ]. 

4.3 Designing Neural Network Model 

As it is explained above, the tagging process of Amharic tex t ha ne thr ugh lhe neural 

network first. After a word is tagged by the neural tagger, it has al pas ed th t" u h l"uJ e-ba ed 

tagger for further correction. This is to enJlance the accuracy of a Igl1ln the ri ght Lagger th aL 

indicates the role of the word in the given context. The design is ues are th maJ r c I1cem f the 

tagger developer. The process of designing Neural etwork model is an iterati ur e fa ti n 

that achieves an optimal result by adjusting the parameters of the net\ rk . 1n neral de i nin 

an ANN model consists of the following decisions and acti viti e : 
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• 

• 

• 

Deciding network topology, which involves deciding th nU I11 r r In cr. in th nel' rk, 

the number of neurons in each layer, and the type of nn ti n nd mil un i ti n 

among neurons for different layers as well as all1 0ng th . . I ' I , n ur n 'It 1111 t 1 an 

Deciding the learning algorithm, which is a prescribed set r " d In d rul 

solution of learning problem 

la r. 

r lh 

Encoding schema, which refers to deciding the way a neur n I' I V in put and PI' lu C 

output: how the input and output data are repre ented or enc i a maj r mp 11 I1t t 

successfully instructing a network. 

In thi s section, the design of the neural tagger and the sel cted alg rithl11 ar addr d. 

4.3.1 Feature Extraction 

Feature extraction is the process of mapping the ori ginal features int D w r fcatur that in Iud 

the main information of a given word. With the advent of neural n lw rk m r and m r 

problems are solved by simply feeding large amounts of 'raw data' t a n ural netw rk [52 5 J. 

During training, the network learns what value to place on what [ealur . The fealure are 

extracted from the tagged corpus and pre defined tagset . Mainly, the featur s ar xtracted fr 111 

the following infom1ation. 

o POS information: the candidate POS tags of the current w rd and rd equence which 

is centered on target word and consider the ri ght and left word . Th input length has 

elastic nature to be extended from a small to a large size. The andidate P are 

determined in advance for each word using the Amharic co rpu . 

o POS and order in/ormation: The pair of cand idate PO tag and th Ir 
unen e rei r In 

the current and adjacent words are taken in ela tic manner t rtin fr m th m t nearb 
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word in both directions. The occurrence order indi cate the fr qu nc 

the training data when it is used for the current word . 

o Word information: besides the POS tags of the current and urT undin 

rd r 

by itself is also important information. Not only the UIT nt w rd ut al 

words are also essential to understand their associati on . 

Words, tags, and associated tags are very essenti al informati on in P ta In 

th P ' ill 

rd til \ I'd 

fin ' 

. 1\ it i 

mentioned in chapter three, 30 tags are identiued for thi the is w rk. ~ r a h 

occurrence is calculated to be one specific tag. This i ca lcul ated u in I xi al pr b ilit 

concept, i.e., word frequency approach. It is based on the probability that w rd urs ith a 

particular tag. Frequency measurement, i.e. (p (word/tag)), i the pr bab ili ti [a w rd iv n a 

category. The lexical generation probability is the probability that a iven ate ry is r ali z d by 

a specifi c word and is estimated simply by counting the num ber f ccurrence [ ach w rd b a 

category: 

P (WiITi) = number o[times Wi appears in tag Ti 

Total number words with lag Ti 

For each word, there are 30 values, as it is shown in Table 4.1. , indicates the pre ence of 30 inpu t 

vectors in each word 

Table 4.1 Probability of words given a tag 

Word/tag T1 T2 T3 ... T30 Total 

WI 
W2 
W3 
... 

Wn 
Total 

. 
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The second feature extracted for each word is represented from the nt xtu I il1~ rl11 . ti n 

which is calculated by transitional probabilities The best tag C . . lor a gIven w 

calculating the probability that the word occurs with n-previous tags. Ta 

indicate the probability of one tag to follow another tag. This is estimated impl 

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

unt in th 

P (tag1, tag/ tag1) = the number oftimes lag I and tag 2 occur logelher in Ih 
Number of times tag l occur in the corpus 

'OipUS 

In thi s case, the left and the right tags for a given word have to be can id r d (I t r) wh r I i. 

the left tag, t is the tag for the current word and r is the right tag to the current w rd . A a re ult 

there will be many sequences of tags in the ri ght and left of the CUlT nt ta . 

reasons, it is very difficult to consider all sequence of tags in both side. Thu , nl y th ma Ilnum 

two tags on the left and another two tags on the right are considered and ev n arran em nts ar 

found . These are: 

o (0, t, 0): adjacent tags to the left or right side are not con idered. The tag f th 

word is assigned based on the input of the current word and tag which i purel 

unigram and it is represented by 30 input vectors 

o (1, t, 0): Only one tag which is found on the left is considered and 60 number 
[ 

neurons are required as input. 

o (0, t, 1): 60 input vectors from the target word tag and the ri ght tag. 

o (1, t, 1): one word in each side is considered and 90 input e t rs. 

o (2, t, 1): a total of 120 input neurons where 60 from left, 0 the larg t v rd and 

30 neuron from right side are considered. 
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o (1, t, 2): similar to the previous scena .' 11 0 exc pt m 

considered. 

o (2, t, 2): equal size input neuron is given in each id [ th targ t \ d <n l a 

total of 150 input. neurons are considered includ in 

4.3.2 Representation of input for MLP _tagger 

The tagging of POS can be tackled in two levels: at sentcnc I v I and at \ 

of word level tagging, the problem can be posed as a clas iii ati n PI' I 

of sentence level tagging, a series of tags corresponding to th equcn c 

need to be found. In this case, the context provided by the wh Ie cntcn 

assignment. 

th urr ' l1t \ d. 

l1S 

I'd in th 

In this thesis work, the MLP-Tagger with back propagation algorithm addr s th ' las iii a I n 

problem posed by the word level POS tagging. The input to thi netw f \. rd that 

fall into a window of pre-specified size centered on the target w rd t b ta f 

the network is the corresponding tag for the target word. The n tw rk I arn the rd -ta 

mapping as a complex function; F (target word, context) = tag. The ntext r ers t th s t f 

words in the immediate neighborhood of the target word, i.e, it per£ [In ta in u in a fi d 

length context. 

Each word W from the corpus is encoded as n-element vector W = PI P2 P3 ... . .. Pn , , 

where n corresponds to the total number of tags and Pk i the pri 

probabilities) that the word W corresponds to the tag Tk. Pk i e tim 

word in a text document is processed and represented in a form 

30 tag categories are considered in this study. 

-!!!: 
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Generall y, the input IN to the MLP taager that L I f 
b uses e 1 context and R ri ght nt t r \V rd 

at index t is represented as: 

where an n dim 

vector. 

Hence, the elements of a target word and the elements of its context w rd( ) ar 

together to fo rm an input vector to the neural network. Input K(R+L+l) wh I' R and ar 

lengths of the left and right context for the target word t and K is 30. Rand L will d t I'm i n d 

after experiment. 

4.3.3 Representation of output for MLP _Tagger 

The expected output is from the defined 30 tagsets. These tags are given numeri c de in d ilTlal 

number. The decimal number is converted into binary number, which ha 5 bit be au th t ta l 

tagset is 30. The output is expected by these 5-bits binary number. Each tag has it n uniqu 5 

bit representation. 

4.3.4 Back Propagation algorithm 

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

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

neurons. These two layers connect the network to the outside world . In addition t th s t\ 

layers, usually it has one or more layers of hidden neurons. These neuron ar n t 

accessible. The hidden neurons extract important features contained in th input data. The 
al 

this type of network is to create a model that correctly maps the input to the utput u ing train in 

data so that the model can be used to produce the output when the desired utpu t i unkn Wl1 . 
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The back propagation algorithm has a number of properties that made it t b hi ,hi priat 

to use. The network does learning and re-learning, i.e., if the network i di t rt d t a parti ul r 

performance level, it re-Iearns faster than a new network starting at the amc p r~ I'man 1. 

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 wei ght t b mall num r . 

Next, the input pattern is applied and the output calculated. The calculati n giv san utput \ hi h 

is completely different from what is expected, since all the wei ght are rand 111 . ~ rr r r a- II 

neuron is calculated, which is essentially: Target - actual output. Thi crr r th n u d 

mathematically to change the weights in such a way that the error will gct mall r. In til r 

words, the output of each neuron will get closer to its Target. This proce s ir pea ted aga in and 

again until the error is minimal. 

The algoritlun works as the following: 

1. First apply the inputs to the network and work out the output 

2. Next work out the eITor for neuron. 

Assume neuron B; 

Errors = Outputs (1- Outputs)(Targets _Outputs) 

. . b e of the igmiod FUJ1ction- it 
The "Output(1- Output)" is necessary 111 the equatIOn ecaus 

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

+ (trained) weight and W AB be the initial ighl. 
3. Change the weight. Let W AS be the new 

w+ AS = W AB + ( EITors x OutputA) ' 

-
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~ =, "'ftt 

4. Calculate the Errors for the hidden la . yel neurons. Thi 

the output neurons and running them ba k tl . c lrough the \N I 

errors. 

For example if neuron A is connected to Band C then the 

an error for A can be taken. 

ErrorA = GutputA ( 1- GutputA) (ErrorB W AB + Error W A ) 

Again the factor "Output (i-OutpuI)" is present becau e of th 

== 
takin I the b I 

t th I i den I 

m id un ti 11 . 

5. Having obtained the Error for the hidden layer neurons n w PI' d a in 

change the hidden layer weights. By repeating this meth d w an train a n t\ rk . an 

number of layers. 

BP algorithm helps to know some features of it when training neural n tw rk . In t'ma ll , 111 

BP networks work with values between 0 and 1. Ifinputs have a different ran it v ill al 'a h 

input variable minimum to 0 and maximum to 1. The al gorithm changes th \ ht ea h time b 

some fraction of the change needed to completely correct the error. This era ti n I the I arnin 

rate. High learning rates cause the learning algorithm to take large tep n the rr r urface, \ ith 

the risk of missing a minimum, or unstably oscillating across the err r mInimum. mall t ps, 

from a low learning rate, eventually find a minimum, but they take a J n et the 

minimum. Some neural network simulators can be set to reduce the I arnin rat the err r 

decreases . 

The algorithm finds the nearest local minimum, not always the 10 e. t minimum . 
mm nl 

used solution in BP is to restart learning every so often frol11 a ne\ 

somewhere else in the weight space). It finds the local minil11um fr 111 

of the best minimum found. 
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4.4 Design of Rule-Based Tagger 

The neuro tagger tries to tag based on the complete COllt t H ex . owever, th P a \ rd 11 

determi ned with certainty only by using the word on the left. What the n ur ta g r n 

acquire by learning is the rules whose conditional parts are con truct d b all inpu t th t ar' 

joined with AND logical operator. In other words, it is difficult [or the neur ta 'er t I rn rul 

whose conditional parts are constructed only by a significant input. 'V n th u h XI al 

information is very important in tagging, it is difficult for the neur ta I' t us it, aLIS 

doing so would make the network enormous. That is, the neuro tag er ann t a qui I' rul 

Furthermore, because of convergence and over-training problems, it is al tra in 

neural nets to an accuracy of 100%. The training should be stopped at an appr priat I f 

accuracy. Thus, neural net may not acquire some useful rules. Ru le-based is din d in thi s 

work to alleviate this limitation. Transformation-based error-dri ven is th te hniqu whi h is 

selected fo r developing rule-based tagger. 

4.4.1 Transformation-based learning 

The rule-based tagger makes up the aforementioned crucial shortcomings by acquiring rule fr m 

a training corpus using a set of transformation templates by transformati on-ba ed error-dri n 

learning. The templates are constructed using only those that supply the rules 
hi ch the n ur 

. I 'th ' Ie input with lexical inD rmati II and 
tagger can hardly acquire. It acqmres the ru es WI smg , 

with AND logical input of POSs and lexical information. 

. I t a . 19 of an initial basic tagger ar learnt r 111 a 
Sequences of transformations to Improve t 1e at>gu 

D II \i in tri gg ri n 
tagged corpus . 

. . th D rm of rul es: if th 
The transformatIOns are m e 0 

. . Th main advantage is that the tran D nna i 11 rul 
condItIons match, then change tag X to tag y. e 
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can use much more specific information and context 1'11 det " ernl1l11n ) 

applied. 

Transformation based learning starts with, less accurate, rul es that learn b tt r 11 r In la I" 

corpus. A word is tagged initially with the most likely POS. ach r111ati 11 . 1. 

examined to see which rule improves tagging deci sions compared to ta rpu . Th 

goes iteratively: retag corpus using best transformation and repeat until p rG r111 , 11 

more improved. The result will be used as tagging procedure (ordered li st r tran G r111 a(i n 

which can be applied to new, untagged corpus. 

As it is shown in Figure 4.1, this type of learning goes through a number r sta . ir t th 

unannotated text has to be given, and then initial is applied on the e unann ttat d h 

rule-based tagger learns from the annotated corpus and the truth . Then iterati v Iy appli d 11 

already mmotated text. Finally, rules are generated from this process. 
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Un ann otated T ex t 

( 

Initial sta te I 
! 

l~ __ ~ ___ , 

Jl 
/ 

Figure 4.1 Transformation-based learning process 

4.4.2 Learnin(J AI(Jorithm b b 

Rule-based tagging using transformation-based learning requIres two main c mp nenl : 

constructing the set of valid possible transformation triggering condition and th learnin 

algorithm. 

The inventory of transformations is a function of the types of possible triggers D r appl Ing a 

transformation. The most common types of triggers are: 

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

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

> Morphological conditions on preceding/foJIowing words 

> Combinations (multiple conditions) of the above 
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The learning algorithm for our rule-based 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 en-ors E(C). 

4. Apply each possible transformation U to the entire corpus and for cach o calcul at th 

number of tagging errors in the transformed corpus E (U(C)). 

5. Select V, the transformation for which E (V (C)) is minimal. 

6. IfE(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 

o Iteratively compute the error score of each candidate rule (diffe rence between the 

o 

o 

o 

number of errors before and after applying the rule) 

Select the best (higher score) rule. 

Add it to the rule set and apply it to the text. 

b ve a given threshold that is, unt il appl in Repeat until no rule has a score a 0 

1 . I . then upp sed t be th fin al new rules leaves the text in the same state, w 11C 1 IS 

state of the tagging. 
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According to thi s algorithm, the rules are a)Jplied on tl 
le annotated tex t and rul I' lak n < I nc 

time learning. But rules which generate minimal error are considered in tran ~ rl11 a i /1 -

learning. 

4.5 Architecture of Hybrid System tagger 

cd 

The hybrid system consists of a neuro tagger, which is used as an initial-st t ann tat r an a 

rule-based corrector, which corrects the outputs of the neuro tagger. When a v rd 
,I 

given, the neuro tagger output will have a tagging result TN (wt) for the tar t w I'd "'( at If" l. Th ' 

result of the neuro tagger is given to the output analyzer. Depending n the thr < lUI; th 

output analyzer makes decision. If the threshold value of a given w rd i b I w th xp I I 

confidence level, a word is given to the rule-based corrector. Otherwi e, the r ult f th nellr 

tagger is taken as a final tag for a given word. This is accepted when the lhre h Id alu i qual 

or above to the expected confidence level. The threshold is used as a lower bound , i.c. la ilh 

lower probabilities are given to the rulel-based tagger. As it is seen in fi gure 4.2 the archil tllr 

of the hybrid tagger is discussed briefly so as to get the expected result u in the abo 

mentioned approaches. 

N I -

Wt r-. 
TN(Wt~ Output 

( 

-V Neuro Tagger Analyzer II 
TN (W,) < t.J\ Rule-Based TR ( \ ,) 

J -v Corrector 

Figure 4.2 Hybrid Tagger architecture. 

. d d a text which is tagged b appr The intention of this work is to gIve an pro lice 
riat ta 

h Siollllent at high level of de ri pti n th 
depending on context. But to perform suc as 0 ' 

tem 

. TI e next step is processing thi s text t should take Amharic text as !l1put. 1 
a t n ta that 
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describes words' role in a given sentence or I p lrase. The taager wI ' I . 
b , lICl I made up th n ur 

and rule - based taggers, is taken as processo t tl' rOllS task T " . wo mall1 mputs are n c 

to process the word to assign tag as shown in Fi ur g e 4.3 . These are: the text to be la d nd the 

knowledge which is acquired from the trainin d ' . g ata. FlI1ally, by account1l1g the tw Inp ut it 

Knowledge Base module and Tagg r m dul are 

found in this system plus different inputs and t 

produces the output which is a tagged text. 

. ou puts to and from the system. 

Knowledge 
Base 
and 
Rule 

Hybrid 
system 

Tagged Text 

Figure 4.3 High level description of hybrid 

4.5. 1. Knowledge Base Module 

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

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

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

information from the training data as it is shown in Figure 4.4. Lexical and contextual 

information of words and their taos from the training set are the basic component to make the 
o 

knowledge base. Lexical information is gained by taking in to account a word gi en cat 
r , 

tagset, in a given corpora, training set. 
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In a clear term, th is oives us the p b b'I ' . b ro a 1 ItJes of a . gIven Amharic word i . 

b b 

n a given Ir inin d 

e a noun, ver or others. Conte -t I' . x ua mformatlOl1 is also another essential lement I 

knowledge base. Given one or more . th preVIOUS tags th . . , ere IS a potential of . . a tag t be pres nl d -

summan ze, the knowledge base h dl I . an es t 1ese two im . pOltant data by analyzing the relali n hi p 

each word and tag against the tagset ti h .. s rom t e trall1mg data. 

Input Text 

I 
j 
I 
I 

~~ L 
\ 

TAGGER r 
I 

~ 
L,. 

Training 
Corpus t _ _ ===.-J, { Analyze r 1 

~ T 

Tester 

G-. -.. ---. "--:: 

Knowledge 
Base 

----

Tagg ed text ~==:::;~. TEST Data 

Test 
Result 

Figure 4.4 Process of Hybrid 

4.5.2 Tagger Module 

Tagger module is the second core module to the system of the hybrid tagger. It has a dire t 

attachment to the knowledge base because it is an area that the tagger can get the nece ar 

information about each word and tagset. Both approaches, neural and rule-based, are d \11 b 

learni h . Af ' . ng so t at these information are necessary to do the tagg1l1g processes. ter acqulfln lhi 

Important information, the next step is to perform the actual tagging task. But 1 0 inpul mu t 

-
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there add iti onally for the pre-defined tagsets and tl t le ext to be tagged. Tag et i a s t ta 

which are a co ll ection of distinct codino or tags fI II I 
::> or a c asses of word havin di stin 

grammatical behavior. The possibility of one word to b . d · .· . e assigne at a tllne req uIre nc ta nl 

from the tagset. Within the tagger, there are sub module t I . I aggers w liC 1 are re[eren cd as n u r 

and rule-based tagger one after the other respectively. After the tagger is go ing all th s thr ugh 

it generates the tagged text 

4.6 Summary 

MLP-Network learns by adapting the weights of the connections between unit , until th 

output is produced. One widely used method is the back propagation algorithm which perf, rm a 

gradient descent search on the error surface. The BP algorithm uses the gradi ent d c nt t 

change link-weights in order to reduce the difference between the network output vect r and th 

desired output vectors. In general, MLP -network with hidden layers are more powerfu l than 

networks without one. In this network types, the tagging of a single word i performed by 

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

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

unit which has the highest activation value. 

Besides this, Transformation- based learning process is adopted to design the rule-based tagger. 

Tl 
. k h t hybrid This system is expected t 

le II1corporation of these two approaches ma es t e sys em . 

b 
. . t f neural network and rule-based ap r ach 

e better because no tagger is deSIgned that conSIS s 0 

. . fd· I I a better accuracy than a system de ign d 
concernmg Amharic language. TIm type 0 eSlgn le ps 

by single approach . 

... 
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Chapter Five 

Experimentation and Discusion 
In chapter four, the design of Amharic part of speech t· d . . 

agglllg an algonthms are dl cu ed. Thi 

chapter presents the process of data preparation and the e· d . 
xpenments con lIcted. Ex periment 

done in different scenarios so that the results are displayed ac d· I . I I · I . cor lI1g y WIt 1 t lelr exp anatl n . 

The foll owing two sections describe these phases. 

5.1 Data preparation 

Most of the time Natural Language Processing is a data-intensive field. The succes or failur r 

most NLP applications depend on the quality and availability of appropriate data. The data liS d 

in computational linguisti c tasks generally takes the form of corpora. Corpora can be di vided int 

two categories: annotated corpora and unannotated corpora. Unannotated corpora are simply 

large collection of raw text, where as annotated corpora add additional info rmati on 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 

ews University, Ethiopia. ELRC conducted a project called "The Annotation of Anlharic 

Documents" [24]. This project was meant to tag each Amharic word in its context with the mo t 

. . . d t annotate 210 000 prosodic words appropnate part of speech manually. The project alme 0 , 

.. t The news documents were obtained from Walta 10und in 1065 Amharic news documen s. 

I I d· Addis Ababa Ethiopia, that make da il nfo rmation Center, a private news agency ocate JJ1 , 

. ... [24] The news items, as a ailable in th 
news IJ1 Amharic and EnglIsh through theIr webSIte . 

.. . (Fdel) and were archived according to th 
website, are represented using Etl1l0PIC scnpt I 
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Ethiopian calendar. A number of works have been dOlle t b ·' I 

o ling t le nc\. s I xl Jl1 

Walta Information Center for tagging and making it finally available in a way ca i I' ~ I' us r . 

Neural network requires large amount of data in order to do success ful training pI' c . Thu il 

is important to have large size data which is annotated. The data is prepared mainl t upp rt 

researches conducted on Amharic Natural Language Processing. This is the fir t and m t rit ri a 

to use this data. Secondly manual annotation of text requires language xpert and (im . Th 

manually annotated corpus by ELRC avoids such burden. At the same time, (hc data i ann (at I 

by linguists and even evaluated by senior experts in the domain. So (hat it i m r I' li a I and 

available data to those who are interested to do their researches on Amhari c languag in lhi 

specific area. Due to these main reasons, the sample data for training and le tin c me fr m 

ELRC. 

5.1.2 Lexicon preparation 

A lexicon is prepared from the sample corpus which is tagged manuall y. Thi s lex ic n is 

b b'l' . 1 . Table 5 I important to prepare the matrix of lexical pro a 1 ltles as s lown 111 . . 

Table 5.1 The lexical probabilities 

Words N V ADJ PREP ADV Total 

Wi 5 1 0 0 1 7 

W2 1 4 2 0 2 8 

Total 6 5 2 0 3 15 

horizontal part provides the frequenc 
As we can observe from the above table, the 

. s Each entry al so indi cate h 
in association with each part of speech 111 the corpu . 

I d the sum of the word in the q u . It i 
each word occurred in each part of speec 1 an 
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get additional information from the vertical part of tl bl . 
1e ta e because It sh w the nu mb r 

words in each part of speech category. 

5.1.3 Lexical probabilities 

Each word in a text document is represented in a (:: f . 10rm 0 vector with 30-elements. Th XIC n 

probabilities are essential to represent each word il tl Tl' . . . 1 10se vectors. 1ese lexicon pr babtlltl 11 

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

The lexicon probabilities are estimated simply by counting the number of OCCUlT ncc f ach 

word by category. The probability values were computed using the informati n in Table 5.1 and 

the formula: 

P (Wi \ C) = number oftimes Wi appears in category Ci 
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 

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

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

lexicon contains di stinct words of the corpus with their corresponding lexical J robabilities. The 

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

5.1.5 Representation oflnput for MLP Tagger 
The input to the neural network is the set of words that fall into a window of pre-specified si ze 

centered on the target word to be tagged. ~?e output of the network is the corresponding tag fo r 

the target word. The network learns the word-tag mappings as a complex fun cti on like the 

following: 

-
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F (target wo rd, context) = tag. Here, the context refers to the set of word in the imm di t 

neighborhood of the target word; i.e. it performs tagging us' fi d I I 
lI1g a Ixe engt 1 c nt x l. F I' 

example, in order to determine the tag of the target word fl'I~ in the Am haric enten c ' 

1\1'101' can be taken as context words i.e. F (')'9"UC')'_ t'lU·t'l·?" _ IL;J _ fi';J( 

Each word W from the corpus is encoded as n-element vector W= (P I , P2, P3 , .. ,Pk" J> n), wher 

n corresponds to the total number of tags and Pk is the lexical probabil ity that the word W 

corresponds to the tag Tk. Pk is estimated by using: 

P(wordl tag= Pk = P(w/llcJ = n(Tk, w)lnfi;) 

Where 

• n(Tk, w J is the number of occurrence of the word W labeled as the tag Tk in the 

corpus and 

• n(w) is the number of occurrences of the word W in the corpus . 

For example, PC [Jj?,IUN) = 8/9 = 0.889 and P(tJfi.1./NC)= 119 = 0.111 because n( tJfi.1., N) = 8 

n ( lJ.et1, NC) = 1 and n( tJfi.1.) = 9. 

. f vector with 30-elements because there are 
Each word is represented and processed 111 a form 0 

30 tags in this work. 

be represented as follows: 
Generally, the input IN to the MLP tagger can . 

IN=(W W W w WT+J,WT+2, .. · ,WT+R) T-L,· ·· T-2, T-I , T, 

-
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Each element Wk (Wk I WT-L, .. . WT-2, WT_} , WT Wl' W W ) . , + }, T+2, ·· · , T+R IS an n- I m nt 

lex ical probabili ty vector encoded as described ab . ove. Thus, the mput IN to the MLP-ta r 

comprises information about the target word W L T, - number of words on its left and R -numb r 

of words on its right. 

Hence, the elements of a taraet word and of its cont ,t d( ) t> ex war s are concatenated together t ~ rm 

an input vector to the neural network. 

-

• 

• 

Scenario 1: An input vector with 60-elements for a target word and one w rd il11m cd iat Iy 

before it as its context. This can be represented as previous word_larget word ( I_T_O; 

L=I and R=O) . 

Scenario 2: An input vector with 90-elements for a target word and two w rds 

immediately before it as its context. This can be represented as second previous 

word Jirsl previous word_target word (2_ T_O; L==2 and R==O). 

• Scenari o 3: An input vector with 90 -elements for a target word and one w rd 

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

represented as previous word _target word _next word (1_ T _I; L== 1 and R == 1). 

• Scenario 4: An input vector with 120-elements for a target word, two words immediately 

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

second previous word Jrrst previous word _target word_next word (2_ T _1; L=2 and 

R= l). 

• S 
. 5 A . t 't1 150-elements for a target word, two words immediately 

cenano : n 1l1put vee or WI 1 

b 
f' . d' d' t I after it as its context. This can be represented a 

elore It and two war s Imme Ja e y 

2 T 2' L=2 and R==2. - - , 
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5.1.6 Representation of output for MLP TaggeI' 

The output of each word is expected from the defined 30 tagsets. Each tagsct is r PI' cnt d b 5-

digit binary number. The decimal and binary representation of each tag is pre nt d in tabl 5.2 

Table 5.2 Binary and decimal number representation of tags 

NO. Type o/tag Binary representation Decimal representation 

I N 1IIII 31 

2 VN 11110 30 
.., NP 11101 29 ,) 

4 NC 11100 28 

5 NPC 11011 27 

6 PRON 11010 26 

7 PRON P 11001 25 

8 PRONC 11000 24 

9 PRONPC 10111 23 

10 V 10110 22 

II AUX 10101 21 

12 VREL 10100 20 

13 VP 10011 19 

14 VC 10010 18 

15 VPC 1000 1 17 

16 ADJ 10000 16 

17 ADJP 01111 15 

18 ADJC 01110 14 

19 ADJPC 01101 13 

20 PREP 01100 12 

21 CONJ OJOII II 

22 ADV 01010 10 

23 NU MCR 01001 9 

01000 8 
24 NUMOR 

25 NUMP 00 111 7 

00110 
6 

26 NUMC 
00101 

5 
27 NUMPC 4 
28 INT 000100 

3 
29 PUNC 000011 -
30 UNW 
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The output for MLP _ Tagger can be repre t d D sen e as ollows: OUT= (OJ, 02, 03, 04, 

example: F (target word, context) = N if OUT = ( . 11111) =31. It IS the ame for all ta and 

fi nally otherwise F (target word context) =UNW ( k , un nown, word). 

5.2 Experiment 
omg IS carne out by u Ing Artifi cial N ural In thi s study the problem of part of speech tago " . d ., . 

Network and Rule-based technique. BrainMaker is a tool that is selected for modeling and t tin 

purposes concerning the Artificial Neural Network approach; and Bri ll 's Tagger is the t I u cd 

for the Rule-based approach. 

5.2.1 BrainMaker Neural Network Software 

Brain Maker is des igned by seven Caltech mathematicians and engineers at Cali fo rni a cientiiic 

Software Company [12]. This tool is selected because of the following reasons. It is fo r peoll 

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 ea il y 

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

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 

neural network and then reduce or increase the number of hidden neurons without having to stal1 

training all over. BrainMaker cuts out the least significant neuron. This helps us to train a 

network that generalizes well [12]. 

5.2.l.1 How BrainMaker Works? 

B
. 'nM ft . h t vo programs known as NetMaker and BrairMaker. 
131 aker Neural Network so wale as \ 

A
SCII EXCEL Text, dBase Binary etc. B th 

NetMaker can import data file from Lotus, ' ' 
. d b NetMaker and converted into a representati n that 

numenc data and text data can be accepte Y = 
- - 68 -



the neural network d can un erstand in the range of 0 alld 1. The imp ned iii s ar n n 

NetMaker as a spreadsheet After im f . por I11g the data set in to N tM ak r th in puL Ii Id 

(independent variables) and pattern field (d d . s epen ent vanables) are determin d and la led. F r 

th is thesis, the independent variables are feat f . ures 0 a target word and It c nl xt while a p tL rn 

1a m Icates wh ther the La i n un v rb t . (dependent variable) is the classification field tl t ' d' 

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

Three BrainMaker files are created based on the file *.dat. The first fil i the definiti n iii 

(* .def) that has the definition information for training such as what c lumn ar input an 

patterns, and how the information is displayed. The second BrainMaker fi Ie i the fact fi Ie (* .£ t) 

for training and the last one is running fact file (* .in) created to predict future rec rd . Aft r the 

above three files are created, we have to move from NetMaker to the BrainMaker pr ram t 

accomplish the training and testing activities. 

The Brainl\1aker program has different parameters with di fferent poss ible value £ r 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 f 

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

Operate/Train Network command after determining those parameters. Whi le training is in 

progress, statistical information are provided on the screen like whi ch fact the BrainMaker is 

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

tol d 1 b f run Tll
ere are also two graphs that di splay the pI' gres of trai ni ng. 

erance, an t 1e num er 0 . 

H
. grapl1 tl1at presellts the distribution of err r 0 er an enti re run. The 
Istogram is the first 

. t the error level and the vertical ax is signifie the number f output 
horizontal aXIs represen s 

.' .' progress and fewer fact are cIa ified a in rr t 
values at a particular level. As trammg IS m 

= 



--~ · ZS ;:;;; nw 

=- •. --~ 
and the bars move to the left The sec d h 

. on sows the progress of the error rate as IlClw rk tr III . 

In this graph, the horizontal axis shows tl b. . . 
1e num el of runs whtle the vcrti ca l ax i r I rc J1l th 

overall error level (root mean square (RMS)). F 
or good training, the va lu r RM w ul d 

decrease as the number of runs increase. 

Training can be stopped at any time without instruction to terminate the training. Th d faul t G r 

stopping training process is when the incorrect classification of fa ct in a ingl ru n (el h) i 

zero. Better network model can be obtained before the criteri a ~ r pp ing trainin are m l. 

Therefore, it is advisable to test and save a network model periodi ca ll y. 

5.2.1.2 Experiments With BrainMaker Software 

This part discusses the experiment conducted using BrainMaker neural network oftware b r 

predicting the type of tag for each word in a given sentence. 210, 000 word are con ider d D r 

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 maj r 

variation in the result is observed as the test data is above 10%. The Bra inMaker software ha the 

facili ty where data are classified in to training and testing sets. The suppliers of this software al 0 

suggested that BarinMaker performs better when the test data is 10% of the tota l data[ 12]. 

Training and testing a neural network model for part of speech tagger can be done using the 

following procedure [9J: 

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 

network using the back propagation alg rithm and th el t d 
4. Training the neural ~ 

training data set. 

!! 
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5. If training time, enor goal or epochs are sati sfactory save . I , welg ltS. 

6. If not, vary number of hidden nodes and/or re-initial' ' 1 d ( Ize wClg 1tS an go t st p 4. 

7. Test network 

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

9. If not, go to step 6. 

Using this procedure, the number of input nodes is determined a 60, 90, 90, 120 and 150 1} I' 

scenario one, two, three, four and five respectively as described in secti on 5.2.6. The number f 

output nodes is 5 for each scenario. 

The fi rst training is conducted using scenario one that is an input vector with 60-element to 

represent a target word and one word immediately before it as its context (Previolls lVord Taroet _ b 

word). Initially, training is started based on the default network parameters. The default 

parameters for the neural network are: training tolerance=O.lOO; learning rate= 1.0; training 

noise=O.OO; smoothing factor=O.9; number of hidden layers= l ; number of neurons in hidden 

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

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

Tile training process can be intenupted when the distribution of errors and the root mean square 

elTor 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 

by considering various options suggested to improve the performance of neural network models. 

For example, the vendors of BrainMaker software suggested that when a netwo rk model got a 

sufficient number of training facts , correct and perform fairly well in test ing proce s bui ld 

another network model by changing number of nodes in the hidden la er add noi to the 
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network, by changing the number of I 'dd I . I .. 
11 en ayels, c lange tralJ1lJ1g tolerance and lea rning 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 mod I al 0 

fa ils to learn all the training facts and the accuracy deteriorated slightl y in compari son to the 

above network. 

Secondly, by keeping the default value for other parameters constant, the default value f 

training tolerance was changed to 0.01. But in thi s experiment, the default value smoothing factor 

(0.900) had not been changed for any of the network models because the providers of thi s 

software stated that adjusting the smoothing factor has not been found to red uce 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 (l_T_O), 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. 
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Table 5.3 Performances of Network Models for different values of parameters 

Scenario type HL==l HL==2 HL== I HL== I 
HN==60 HN==60 HN==60 f-fN ==60 
TT==O.l TT==O.l TT=O.OI TT=O.OOI 

1 T 0 93.1 % 91.2 % 93 .9 % 93. 11 % 

2 T 0 92.7% 91.1 % 92.8 % 91.5 % 

1 T 1 94.1 % 93.8 % 94.3 % 95 .4% 

2 T 1 93.4 % 92.6% 92.1 % 92.0 % 

2 T 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 scenari o i.e. 1 T 1. 

The neuro tagger assigns the more appropriate tag to each target word when it con iders 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 thi s scenario. 

' Average Accuracy 

Figure 5.1 Average accuracy in each scenari o 
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5.2.2 Experiment with Brill's Tagger 

Transformation-based learning method is chosen to evaluate the rul e- ba d approa h. Brill ' s 

tagger is used to train and test data. This tool was developed by Eri c Bri II ft r such r ea rch 

purposes specifically on transformation-driven rule-ba ed 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 li sted below, an ordered li st f trans[, rmati on rules IS 

acquired by applying the template set to a training corpus. After the transformati on rule ar 

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 ru les on the corpu , 

which is then updated, until all rules have been applied. 

Procedures for learning trans/ormation 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 rul es. 

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 . Thi s resul t shows the rule-ba ed tagger accuracy is 

less than a neural tagger. Due to thi s, the rul e-based tagger i used a a correct r after a word i 
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taaaed by a neural taager and its I . b I . . 
b b b va ue IS e ow a 1l11111mUIl1 threshold va lLie which makes it a 

hybrid tagger. 

5.2.3 Result of the hybrid tagger 

As it is stated above, rule-based tagger is considered as a corrector in thi thes i wo rk. It is LI ed 

to post processes the outcome of the neuro tagger if the value of the tag i bel w a given 

threshold value. The experiment is done by setting di ffc rent threshold valLi s [r m tarting fr m 

0.5.0.5 is set as a threshold value because there is no significant change when the thre hold 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 ar above 

the given threshold value. MJ of them are correctly tagged by the neural tagger and M2 = M-M J 

are wrongly tagged words. Let K=M- N words which are below the thresho.ld are given to the 

rule-tagger and KJ of them are correctly recogni zed and K-KJ = K2 is wrong. Table 5.4 shows the 

result at various thresholds. 

As it is shown in Table 5.4, columns 5, 6, 10 and 11 show the varioLls 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 is 0.9 
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Table 5.4 Performance of the l\'N , rul e-based and hybrid system at va ri ous thr sh Id value. 

TIr res/wid M MJ M2 MJ M! K KI K2 KI Ml + KI 
Values M N K N 

0.5 15 ,704 13,741 1,963 85.7 65.4 5,296 4,565 73 1 86.2 87 .17 

0.6 14,872 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 36 1 96.33 95 .65 

0.9 8,816 8,816 239 97.3 40.8 12, 184 120 13 17 1 98.6 98.05 

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

the hybrid tagger scores the hi ghest performance as the thJeshoJd value goes up, a it is indicated 

in Figure 5.2. 

The performance of hybrid tagger at various threshold 
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Figure 5.2 The performance of hybrid tagger at vari ous tlu·esholds. 
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In conclusion, the hybrid system achieves better perform ance than the ,94.4%, and the rule-

based tagger, 91 %. The performance increases because of the combinati n of th e tw approaches . 

5.3 Summary 

Iri this chapter, an MLP-tagger is presented for Amharic language a initi al ann tator. Th re ult 

of neuro tagger is given as input to rule-based tagger when it is below a given threshold va lue. 

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 ou tput c uld be a promising 

result for further research in the same directi on for Amharic language corpora . Changing the 

default values of different parameters did not give significant improvement. imilarl yen larging 

the context more than (l_T_1) did not give improvement. The MLP-part of peech tagger which 

is modeled on the scenario l_T_I is selected and gave average accuracy of 94.4 % on words in 

test data that are not seen during the training process. But thi s accuracy i more than 98 % thi s 

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

considering two approaches. 
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Chapter Six 

Conclusions and Recommendation 
6.1 Conclusions 

Part-of-Speech tagging is one of the research areas in Natural Language Process ing (NLP) which 

annotates natural language sentences or tex ts with part-of-speech. In thi thes is w rk, an Amhari c 

tagger that scores better accuracy using ANN and Ru le-based api r achcs, hybrid appr ach, has 

been designed. 

Grammatical knowledge of the language is very useful in de igning the PO tag and tagsets. 

POS tags have also been presented from Amharic language per p ctive. These tagsets do not 

indicate features like gender, number, person, tense, definitene s, 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 Amhari c POS tagger. MLP Neural 

Network and Transformation-Based Learning Rule-based type have been taken into account fo r 

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 2 10,000 words have been used in 

this thesis work. Using such large size corpus increases the perfo rmance 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 ar 9 1 %, 94%, and 98% respecti vel . 
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Though Neural Network approach provides better result than Rul c-ba d al pr ach the I tt r nc 

corrects most of the errors ge t d b I I . nera e y t le neura network. A a r sui t, the hyb rI d appr ach 

became more efficient than both approaches used separately. Hence hybrid appr ach ha been 

chosen to develop Amharic POS tagger in thi s thesis work. 

In conclusion, the combination of two approaches for dey lop ing a taag r rc ult in a bettcr 

accuracy than a single approach. Furthermore, thi thesis work indicates thc p tcntial of rul c-

based approach to minimize the limitation of the neuro tagger. 

6.2 Recommendations 
There are many research areas on computational lingui sti c concerning language poken 111 

Ethiopia. To avoid obstacles on this aspect, some points are recommended. 

• Language resource center bas to be set up by concerned b di es that will be ea il y 

accessible to researchers. 

• NLP is now a research area so that NLP team should be organi zed under faculty or 

departmental level in collaborati on with lingui sti cs department. This will benefi t 

practically implement what has been done before and to bring continui ty and in tegrity on 

research conducted at this or higher level. 

As a future work of this research, the following suggestions are fo rwarded. 

• Extend this work by acquiring well-annotated and large size data so as to increase thc 

efficiency. 

• Conduct researches for other Ethiopic languages by adopting thi s work. 

• This type of tagging system can be used fo r the construction of mul tili ngual corpora. This 

also one potential area to researches. 
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• Comparison study on the three approaches ( tat isti al rul -ba d and A ) ~ r th r 

Ethiopic languages based on their language family h uld be d nco 
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