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Abstract

The significance of computers and handheld devices are not deniable in the modern world of
today. Texts are entered to these devices using word processing programs as well as other
techniques. Text prediction is one of the techniques that facilitates data entry to computers and
other devices. Predicting words a user intends to type based on context information is the task of
word sequence prediction, and it is the main focus of this study. Word prediction can be used as
a stepping stone for further researches as well as to support various linguistic applications like

handwriting recognition, mobile phone or PDA texting, and assisting people with disabilities.

Even though Ambharic is used by a large number of populations, no significant work is done on
the topic of word sequence prediction. In this study, Amharic word sequence prediction model is
developed using statistical methods and linguistic rules. Statistical models are constructed for
root or stem, and morphological properties of words like aspect, voice, tense, and affixes using
the training corpus. Consequently, morphological features like gender, number, and person are
captured from a user‘s input to ensure grammatical agreements among words. Initially, root or
stem words are suggested using root or stem statistical models. Then, morphological features for
the suggested root or stem words are predicted using voice, tense, aspect, affixes statistical
information and grammatical agreement rules of the language. Predicting morphological features
is essential in Amharic because of its high morphological complexity, and this approach is not
required in less inflected languages since there is a possibility of storing all word forms in a
dictionary. Finally, surface words are generated based on the proposed root or stem words and

morphological features.

Evaluation of the model is performed using developed prototype and keystroke savings (KSS) as
a metrics. According to our experiment, prediction result using a hybrid of bi-gram and tri-gram
model has higher KSS and it is better compared to bi-gram and tri-gram models. Therefore,
statistical and linguistic rules have quite good potential on word sequence prediction for Amharic

language.

Keywords: Hornmorph, Keystroke Saving, Natural Language Processing, Parts-of-Speech, Word
Prediction
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CHAPTER ONE

INTRODUCTION

1.1 Background

Ambharic is a Semitic language of Afro-Asiatic Language Group that is related to Hebrew, Arabic
and Syrian. It is a native language for people who live in north-central part of Ethiopia. It is
spoken and written as a second language in many parts of the country, especially in urban areas
and by significant number of Ethiopians living in the Middle East, Asia, Western Europe, and
North America [1]. Next to Arabic it is the second most spoken Semitic language with around 27

million speakers [2, 3].

Ge‘ez alphabet is an ancient language used for liturgy of Ethiopian Orthodox Church and is used
as a script for Amharic language. Amharic language has thirty-three basic characters with each
having seven forms for each consonant-vowel combination. Among these, twenty-seven have
unique sounds, being characterized in terms of their sound creation and their graphic symbols. It
is unique to Ethiopia and written from left to right unlike Arabic, Hebrew or Syrian. Manuscripts
in Amharic are known from 14™ century and the language has been used as a general medium for
literature, journalism, education, national business and cross-communication. A wide variety of
literature including religious writings, fiction, poetry, plays, and magazines are available in the

language [1, 4].

Amharic is an under-resourced African language which has very complex inflectional and
derivational verb morphology with four and five possible prefixes and suffixes respectively. It is
morphologically complex and makes use of both prefixing and suffixing to create inflectional
and derivational word forms which also requires some degree of infixing and vowel elision [1, 2,

4, 5].

So far some researches have been conducted on the language including design and development
of Amharic word parser[6], automatic part of speech tagger [7], morphology based language

modeling for Ambharic [8], automatic morphological analyzer [9], automatic sentence parsing for




Amharic text [10], Amharic speech recognition [11], and stemming [1]. These researches help to
obtain a crisp understanding about characteristics of Amharic language in order to incorporate
them in this study. As the working language of the Federal Government and some regional
governments of Ethiopia most documents in the country are produced in Ambharic. There is also
enormous production of electronic and online accessible Amharic documents [3]. Amharic texts
are usually entered to computers with the assistance of software packages like Power Geez and

Visual Geez.

Data entry is a core aspect of human computer interaction. Images, documents, music, and video
data are entered to computers in order to get processed. Data entry can be through the use of
keyboard, or other means. Text prediction provides better data entry performance by improving

the writing mainly for people with disabilities [12, 13].

Text prediction is the task of estimating missing letter, word, or phrase that likely follow a given
segment of text. Statistical information which is based on probabilities of isolated or more
complex words, syntactic knowledge which considers POS and phrase structure, semantic
knowledge which can be used through assignment of categories to words and finding a set of
rules that constrain possible candidates for next word are few of the processes to make

prediction. Word frequencies can be acquired from a corpus or from the user itself.

A research on Word Prediction for Amharic language using bi-gram model is conducted by
Nesredin Suleiman and Solomon Atnafu [14]. The main focus of the work is to complete a word
currently being typed by a user. Here, characters are suggested to complete the word using
dictionary of words with their frequency. However, such approach has critical limitations for
inflected languages [15]. For example, it is not possible to store all word forms in a dictionary,
and doesn‘t use context information when predicting words. Due to this, it has high possibility of
suggesting syntactically wrong output. In this work, Word Sequence Prediction implies
predicting a word a user wants to type based on previous words. Word prediction, word
completion, character prediction, letter prediction, text prediction are some of the terminologies
used to express similar concepts. Text prediction is one of the most widely used techniques to
enhance communication rate in augmentative and alternative communication. However, due to
the absence of Word sequence prediction for Amharic language; it lacks core benefits of word

sequence prediction.




1.2 Motivation

There are various word prediction software packages to assist users on their text entry. Swedish
[26, 37], English [38], Italian [18, 19], Persian [20] are some of word prediction studies
conducted lately. These studies contribute in reducing the time and effort to write a text for slow

typists, or people who are not able to use a conventional keyboard.

In Ethiopia usage of computers and different handheld devices are growing from day to day.
However, most software programs used with these devices are in English. On the contrary, a
great number of people in Ethiopia communicate only using Amharic language. With this in
mind, having alternative or assistive Amharic text entry system is useful to speed up text entry,
and helps those needing alternative communication. Hence, in this study we will focus on word
sequence prediction to address this issue. Morphological characteristics of Amharic language are
a major challenge for most researches. In the case of non-inflected languages or less inflected
languages, possible word forms can be stored in a lexicon since word forms are not vast like non-
inflected languages. Hence, word sequence prediction program can use stored lexicon without
any complications. However, languages like Amharic have enormous inflection possibilities and

it is impossible to capture all word forms and store it in a lexicon.

For example: If we look a simple Amharic verb: -47e?M9°”/” ‘anmeTam ” which is equivalent to
the English sentence -We will not come”, it is an aggregate of root or stem: —#M”/”meTa”,
prefix: —47"/’an” and suffix: -”/”m” as shown in Figure 1.1. The affixes give additional
meanings to root or stem of the word, which can be gender, number, case, person or other

information.
W7 ; o) ; go

come

will not

Figure 1.1: Morphemes of Amharic Verb




The purpose of this study is to design and develop word sequence prediction model for Amharic
language with inclusion of context information. Hence, the word sequence predictor will propose
root or stem word and morphological features internally with the aim of offering appropriate
word form to the user. The developed model can be used in predictive text entry systems and

writing aids.

1.3 Statement of the Problem

In this work, word sequence prediction generally refers to the task of suggesting a word a user
intends to type based on a given segment of text. In Amharic, a research has been done to
complete a word a user is currently typing using dictionary of words with their frequency. One of
the drawback in the existing approach is it is impractical to capture all word forms due to the
language‘s rich morphology. Moreover, it doesn‘t consider context information. This results in
syntactically wrong word proposal causing extra cognitive load to adjust suggested words to
appropriate form as well as causing reduction in speed of text entry. These problems are not
addressed in the existing study and needs further research to support users of the language on

their text entry techniques.

Implementation of word sequence prediction for one language has enormous advantages. This
includes auto completion, mobile phone or PDA texting, handwriting recognition, speech
recognition and communication aids. The purpose of this research is to design and develop
Ambharic word sequence prediction model with the aim of predicting appropriate word forms by
considering context information. Furthermore, this study will be a stepping stone for further

researches that can bring the aforementioned advantages for the language.

1.4 Objectives

The general objective of this research is to design and develop word sequence prediction model

for Amharic language.

To achieve the above mentioned general objective the following specific objectives will be

performed.




e Conduct literature review on word prediction, approaches to word prediction and
structure of Amharic language.

e Review related works on word sequence prediction for other languages and
supplementary researches conducted on Amharic language with the aim to find the best
approach for this study.

e Collect representative corpus for training and testing the model.

e Morphologically analyze the training corpus.

e Construct root or stem word, affixes, aspect, tense and voice tagged corpus.

¢ Build language models of root or stem word sequences, root or stem with affixes, root or
stem with aspect, root or stem with voice and root or stem with tense.

e Develop a prototype.

e [Evaluate the performance of the word sequence prediction model using collected test

data.

1.5 Methodology

1.5.1 Literature Review

Researches and related works will be thoroughly reviewed to grasp a firm knowledge with the
intention of developing appropriate word sequence prediction model for Amharic. Word
sequence prediction, word sequence prediction approaches, Amharic grammar and morphology,

are some of the works that will be reviewed while conducting this research.

1.5.2 Document Collection

A training corpus containing 298,500 sentences which is equivalent to 125 MB will be used to
train the Amharic word sequence predictor. In addition POS tagged corpus containing 8067
sentences will be used to extract representative sentences for testing by means of random
sampling method. Simple random sampling method is chosen since every sentence has equal
chance of being selected. These corpora are collected from Walta Information Center (WIC) in

previous linguistic studies.




1.5.3 Tools

Hornmorph morphological analyzer and generator program will be used to analyze the corpus
and to produce surface words. Moreover, Python programming language will be used to develop

prototype for demonstration.

1.5.4 Prototype Development

To develop prototype, supporting tools are required. Hence, python programming language and
Hornmorph morphological analyzer and generator program will be used. As previously stated,
Hornmorph will be used to morphologically analyze collected training corpus. It will also be
used to morphologically analyze user entered texts from the testing data, so that required features
like gender, number, and person will be captured and used to generate proposed words in correct

grammatical form.

Python programming language will be used to implement statistical language models (tri-gram,
bi-gram, and hybrid). As part of the prototype development a user interface will be designed that

allows users to type their text and choose from the list of suggested words.

1.5.5 Evaluation

Prototype development is one of the objectives of this study in order to demonstrate and evaluate
the developed model. POS tagged test data will be used and the prediction activity is evaluated
through calculation of keystroke savings. A Keystroke Saving (KSS) estimates saved effort
percentage and is calculated through comparison of total number of keystrokes needed to type a
text (KT) and effective number of keystrokes using word prediction (KE) [19, 21, 22]. Hence,

KT—KE
KT

KSS = * 100 (Eq.1)

Therefore, the number of keystrokes to type texts taken from the test data with and without word
sequence prediction program will be counted to calculate keystroke savings accordingly. The
obtained KSS will be compared for tri-gram, bi-gram and hybrid models. The model that shows

maximum keystroke saving is considered as better model.




1.6 Scope and Limitations

This research will be undertaken with the aim to model word sequence prediction for Amharic
language based on statistical methods and grammatical agreement rules of the language.
Statistical models of root or stem, affixes, aspect, tense, voice and rules of the language like
subject-object-verb, adjective-noun, and adverb-verb agreement will be incorporated in this
work. This research will not deal with errors either in the training corpus or the output of

Hornmorph program while building the language model.

1.7 Application of Results

Word sequence prediction benefits people with severe motor and oral disabilities, on handwriting
recognition, mobile phone or PDA texting, etc. Therefore, the model will be helpful to develop
different applications and hence users of this language can gain the abovementioned benefits.
Furthermore, it will support researchers to use important features of the developed word
sequence prediction model for more NLP studies like speech recognition, handwriting

recognition and more.

1.8 Organization of the Thesis

The rest of this thesis is organized as follows. In Chapter 2, literature review briefly states
fundamental concepts of word prediction, methods of word prediction, structure of Amharic
language and its grammatical rules. Chapter 3 presents researches conducted by different
scholars on the topic of word sequence prediction, their approach, and findings. In Chapter 4,
architecture of the proposed word sequence prediction model, its approach, and related concepts
are clearly explained. Experiment is presented in Chapter 5. Finally, conclusion and future work

are stated in Chapter 6.




CHAPTER TWO

LITRATURE REVIEW

This Chapter discusses fundamental concepts of word sequence prediction and ideas associated
with Amharic language. Prediction methods like statistical, knowledge based, and heuristics are
presented in order to grasp clear overview of the topic. The main target of this study is to design
and develop word sequence prediction model for Amharic language. Hence, morphological
characteristics, grammatical properties, and parts-of-speech of the language are discussed in

respective sections of this chapter.

2.1 Word Prediction

In humans® day to day life, massive amount of text and other documents are produced
electronically and due to this, computers and technologies are becoming an essential part of day
to day activities for most people. It has been more than a decade since people started processing
Ambharic documents using computers. Because of this, more and more documents, information
and databases are being produced and are available in electronic form [4]. Texts can be entered
to computers through the use of keyboard, or other techniques. Text prediction provides better
data entry performance by improving the writing mainly for people with disabilities [12, 13].
Improving and enhancing text entry and interaction with computers for disabled users had been
investigated for many years and many systems are proposed to facilitate and simplify text input

process [23].

Dictionaries define prediction as an act of forecasting a thing with present or past experience. In
natural language processing the task of prediction is to guess missing letter, word or phrase that
likely follow a given segment of text. Different terminologies like text prediction, word
prediction, and word completion have been used to express similar and related concepts.
Predictors are those systems that display a list of most likely letters, words, or phrases for current
position of a sentence [15, 24, 25]. Word prediction software is a writing support where at each
keystroke, it suggests a list of meaningful predictions, amongst which a user can possibly

identify a word he or she is willing to type. A user picks a preferred word from list of proposals,




and then the software will automatically complete a word being written, thus saving keystrokes

[24].

In the context of assistive communication, a predictor is a system which tries to anticipate next
block of characters a user wants to express based on previously produced blocks. These blocks
can be letters, syllables, words, phrases, etc. and its core point is to reduce effort and message
composition time. Reducing number of keystrokes needed for composing a message is a major
issue to ease the effort. The number of characters included into text as a result of single
prediction should be larger than the number of characters written by a single selection to reduce

the needed time [13].

Word prediction is very helpful to enter utterances spoken in Augmentative and Alternative
Communication (AAC) device to speed up text entry. It deals with the next word or words a user
wants to write by offering a list of possible options and it is especially useful for movement
impaired users who need help writing very common social phrases fast and often [15, 16, 22,
26]. The thought of automatic completion or auto completion has become increasingly pervasive.
Based on current input of users, an auto completion mechanism discreetly prompts a user with
set of suggestions, and this helps to avoid unnecessary typing, to save time and reduce user‘s

cognitive burden [27].

The main purpose of word prediction software is to speed up text entry in different kinds of
applications through minimum keystrokes. It can also be effectively used in language learning by
means of suggesting correct words to non-native users and reducing misspellings for users
having limited language proficiency. In augmentative and alternative communication, there is a
need to apply different techniques to augment communication rate, and text prediction is one of

the most widely used techniques [13].

The major issues in the development of word prediction systems include prediction methods and
user interface issue. Prediction methods include decisions on prediction units (characters, words),
information sources and structure (both lexical and statistical), levels of linguistic processing,
size and type of corpora and learning methods [16]. Word prediction is facing a very ambitious

challenge, as the inherent amount of arising ambiguities (lexical, structural, semantic, pragmatic,




cultural and phonetic ambiguities for speech) is complex problem to be solved by a computer

[24].

Word prediction and text input methods have been studied for diverse languages using different

approaches like statistical as well as linguistic rules.

2.2 Approaches to Word Prediction

The methods for word prediction can be classified as statistical, knowledge based and heuristic
(adaptive) modeling. Most of existing methods employ statistical language models using word n-
grams and POS tags. Word frequency and word sequence frequency are the methods that are
commonly used in prediction systems, especially for those developed commercially [15]. All
prediction methods require lexical data that can be acquired from corpora along with word
frequencies and lexical databases. Garey-Vitoria [13] presented a survey on text prediction

techniques to provide systematic view of the topic.

2.2.1 Statistical Word Prediction

In statistical modeling, the choice of words is based on probability that a string may appear in a
text. The statistical information and its distribution could be used for predicting letters, words,
and phrases. Statistical word prediction is made based on Markov assumption in which only last
n-1 word of the history affects succeeding word and it is named n-gram Markov model. It is
based on learning parameters from large corpora. However, one of the challenges in this method
is when a language that is written with the help of word prediction system is of a different style

than the training data [16].

Word frequency and word sequence frequency are commonly used methods in word prediction.
The early predictive systems use frequency of each word independently to complete a word in
the current position of a sentence being typed without considering context information. In other
words the system uses unigram word model with a fixed lexicon and same suggestion is offered
for a particular sequence of letters. However, prediction is better if context is taken into account.
In the past, various studies are conducted to develop systems that consider previous history of

words based on bi-gram or tri-gram model [15]. Although statistical techniques can be robust in
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computing the suggestions in word prediction, machine learning can assist in re-ranking and

reducing the number of suggestions [15, 23].
Statistical Word Prediction using Frequency

Building a dictionary containing words and their relative frequency of occurrence is the simplest
word prediction method. It provides n most frequent words beginning by this string in the same
way they are stored in the system. This method may need some correction by a user in order to
adjust its concordance when applied to inflected words since context information are not
considered. In other words this method uses unigram model with a fixed lexicon and it came up
with the same suggestion for similar sequences of letters. To enhance accuracy of word
prediction result, indication about recency of use of each word may be included in the lexicon. In
this way, the prediction system is able to offer most recently used words among most probable
words. Adaptation of each word to a user‘s vocabulary is possible by updating frequency and

recency of each word used [15, 17].

Most probable words beginning with the same characters are offered when a user has written the
beginning of a word. If the required word is not available among options offered by the system, a
user may continue writing, else the required word is accepted from the given list and it may
automatically adapt to user‘s lexicon by means of simply updating frequencies of words used and
assigning an initial frequency for new words added to the system. In order to enhance the
outcome of this approach, recency field is stored in a dictionary with each word and frequency
information. Results obtained with recency and frequency based methods are better than the ones
based on frequency alone. However, this method requires storage of more information and

increases computational complexity [13, 17].
Statistical Word Prediction using Word Probability Tables

Prediction using word probability tables consider probability of appearance of each word after
the one previously composed. This method builds a two dimensional table, where conditional
probability of word Wj after word Wi is stored. Therefore, if the system has N words, there are
N? entries in this table, where most of them are zero or nearly zero. By using this strategy, the

system offers predictions before a user starts writing the initial character of a word and these
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results may be improved via integration of recency. This method is based on restricted

vocabulary size and one of its challenges is difficulty of adaptation to user‘s vocabulary [13, 17].

2.2.2 Knowledge Based Word Prediction

Word prediction systems that merely use statistical modeling for prediction often present words
that are syntactically, semantically, or pragmatically inappropriate and impose a heavy cognition
load on users to choose the intended word in addition to decrease in writing rate. Syntactic,

semantic and pragmatic linguistic knowledge can be used in prediction systems.
Syntactic Knowledge for Word Prediction

In this approach, Parts-of-Speech (POS) tags of all words are identified in a corpus and the
system uses this knowledge for prediction. This approach requires a set of linguistic tools such as
POS taggers and lemmatizes. However, these are not available in all languages. Statistical syntax
and rule-based grammar are two general syntactic prediction methods, where statistical syntax
uses the sequence of syntactic categories and POS tags for prediction. Therefore a probability
would be assigned to each candidate word by estimating the probability of having this word with
its tag in the current position and using most probable tags for previous one or more words. In
rule-based grammar, syntactic prediction is made using grammatical rules of the language. A
parser will parse current sentence according to grammar of the language to reach its categories

[15].

Syntactic prediction using probability table takes syntactic information inherent to natural
languages into account. This approach makes use of probability of appearance of each word and
relative probability of appearance of every syntactic category after each syntactic category.
These systems offer words with most probable syntactic categories at the current position of a
sentence and results are usually better than the ones obtained using purely frequency based word
prediction methods. Probability of appearance of the categories after each category is stored in
two dimensional table stores. This table is much smaller than the one presented in frequency
based approach and the number of probabilities which are nearly zero is also lower. The
probabilities of table and frequencies in lexicon can be updated for adaptation of these systems

[13, 15].
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Syntactic prediction using grammars analyzes sentences using grammars either top-down or
bottom-up, and natural language processing techniques are applied in order to obtain categories
having highest probability of appearance. Each natural language has a set of syntactic rules
which usually have right to left structure. The sequence that occurs in right category helps to
decompose categories in left part of the rule. All categories are defined in the system if at least
one category has to happen in right side of arrow. Among categories on right side of a rule, it is
possible to define a number of morphological agreement constraints. So that, proposals offered
by the predictor are in appropriate morphological characteristics. The dictionary requires
inclusion of morphological information in order to enforce morphological agreement. These
systems have a higher computational complexity than the previous ones, mainly due to the fact
that they take the entire beginning of a sentence into account (while previous systems take, at
most, last entirely composed word). Word probabilities and weights of syntactic rules can be

updated to adapt these types of systems [13, 15, 17].
Semantic Knowledge for Word Prediction

Semantic prediction is to semantically analyze sentences as they are being composed, where each
word has an associated semantic category or a set of semantic categories. The working method,
complexity, dictionary structure, adaptations, etc. are very similar to syntactic approach using
grammars. It provides comparable result to syntactic approaches though it has much higher

complexity, and due to this these methods are not commonly used [13, 17].

In semantic word prediction, Lexical source and Lexical chain are two methods that are used.
The first method is lexical source, like WordNet in English, which measures probability of
words to get certain that predicted words is related in that context. The second method is lexical
chain that assigns highest priority to words which are related semantically in that context with

removal of unrelated words to that context from the list of predictions [15].
Pragmatics Knowledge for Word Prediction

Predictions can be correct syntactically or semantically but wrong according to discourse.
Pragmatics affects capability of the predictor and taking this knowledge while training the

system enhances accuracy of predictions [15].
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2.2.3 Heuristic Word Prediction

Heuristic (adaptation) method is used to make more appropriate predictions for a specific user
and it is based on short term and long term learning. In short term learning, the system adapts to
a user on current text that is going to be typed by an individual user. Recency promotion, topic
guidance, trigger and target, and n-gram cache are the methods that a system could use to adapt
to a user in a single text. However, in long-term prediction the previous texts that are produced

by a user are considered [15].

Comparison of word prediction approaches is presented in Table 2.1.
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Table 2.1: Comparison of Word Prediction Approaches

Word Prediction Approaches

Knowledge Representation

Strength

Weakness

Statistical | Frequency Based | A dictionary  containing | v" Simplicity v It doesn‘t consider context
words and their relative | v' Good for non-inflected information.
frequency. languages. v’ Cause extra load on a user in order
to adjust concordance when
applied to inflected languages.
Probability A dictionary  containing |v' Offers a word before a | v"Can offer a word syntactically,
Table probability of appearance of user starts typing the semantically or pragmatically
each word after the one first character of a word. wrong output.
previously composed.
Knowledge | Syntactic Probability of appearance of | v' Considers relative v POS tagger and Lemmatizer are
Based Knowledge each word, sequence of | probability of not available in all languages.
syntactic categories and POS appearance and provide | v' High computational complexity
tags or grammatical rules. better result than pure when applying rule based since it
frequency based. considers the entire beginning of a
sentence.
Semantic Words with their associated | v/ Provide better result | v Higher complexity and provides
Knowledge semantic category. than pure frequency similar result with Syntactic
Lexical source, Lexical based. knowledge
chain
[ )




Word Prediction Approaches

Knowledge Representation

Strength

Weakness

Knowledge | Semantic v Difficult to implement in real time
Based Knowledge system.
v' Slow in making predictions.
Pragmatic Words tagged with their v" Increase in accuracy v Increase in complexity as pragmatic
Knowledge pragmatic knowledge. since it filters words that knowledge is added.
are wrong in discourse.
Heuristic Recency , topic, trigger and  |v* Considers user‘s

target, and n-gram cache

preference and enhance
prediction output.

v’ Reduces cognitive load.

——
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2.3 Evaluation of word prediction systems

Keystroke Saving (KSS) is primarily used evaluation means in word prediction. The common
trend in research is to simulate a —perfect” user that will never make typing mistakes and will
select a word from the predictions as soon as it appears [18, 22]. A Keystroke Saving (KSS)
estimates saved effort percentage in keys pressed compared to letter-by-letter text entry and it is

calculated using (Eq.1) [19, 22].

Keystrokes Until Completion (KUC) is another metrics to evaluate word prediction systems
where, ¢; ... ¢, being number of keystrokes for each of the n words before the desired suggestion
appears in the prediction list [18]. It is the average number of keystrokes that a user enters for
each word before it appears in the suggestion list [28]. Lower value of KUC shows better

performance. KUC is computed using (Eq.2).

tn ¥100% (Eq.2)

KUC = C1+Ci...+

Hit Rate (HR) is an additional word sequence prediction measuring metrics. It is the percentage
of times that the intended word appears in the suggestion list and if its hit rate is high as the
required number of selections decreases, the predictor is considered to have better performance

[16, 28].

Accuracy is the percentage of words successfully completed by a word prediction system before
a user reaches the end of a word. It is the ratio of words correctly guessed to total words guessed.
A system that completes words in early stages of typing is considered to have better performance

[28].

Perplexity is a means of measuring how well something is predicted and it computes average
size of the word set over correctly recognized words. A model having low perplexity value is
considered the best one and it is defined as 2 to the power of entropy, where entropy measures

uncertainty of information content.
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The existing word prediction work in Amharic is evaluated based on Accuracy. Furthermore, a
number of researches on word prediction use Keystroke Saving (KSS) as a primary evaluation
metrics [9, 11, 12, 13, 30]. Considering this fact, we have selected KSS to evaluate our word
sequence prediction model. Other evaluation metrics are suggested to be incorporated in future

works.

2.4 Structure of Amharic Language

Phoneme, morpheme, root and stem are word units of Amharic language where phoneme
represents a basic sound or unit of sound. A phoneme is every glyph or consonant form and
morpheme is the smallest meaningful unit in a word which is a phoneme or collection of
phonemes. Morpheme can be free or bound, where a free morpheme can stand as a word on its
own whereas a bound morpheme cannot. An Ambharic root is a sequence of consonants and is the
basis for the derivation of verbs. On the other hand, a stem is a consonant or consonant-vowel
sequence which can be free or bound where a free stem can stand as a word on its own whereas a
bound stem has a bound morpheme affixed to it. A word, which can be as simple as a single

morpheme or can contain several of them is formed from a collection of phonemes or sounds [1].

2.4.1 Ambharic Parts-of-Speech

Parts-of-speech are particular classes of a word in a text or corpus. POS tagging is one of the
important applications of natural language processing. POS tagger is an application which helps
to assign words to their appropriate word class like noun, adjective, verb, etc. In many word
prediction studies [16, 18, 19, 20, 33, 38], POS tagging and POS n-gram models are used to

optimize word prediction task.

In Amharic free morphemes and words are generally categorized in different word classes. The
common word classes or part of speech (POS) are noun, pronoun, adjective, verb, adverb,
conjunction, and preposition. Part of speech tagging is a task of assigning an appropriate word

class for each token in a text.
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Nouns

Nouns are free morphemes which are used to identify different objects, like names of a person,
place and things. Amharic nouns have the possibility to have up to two prefix and four suffixes
for each stem. Nouns can be identified based on their suffix, since they can be suffixed by bound
morphemes like ="/ E”, =&"/"’u”, ==1"/"0c”, 42F°/woc”. Gender, number, and case marker
suffixes are used in inflection of nouns, so that a noun is of the form
stem+{GMS,NMS,CMS,DMS},where GMS, NMS, CMS, DMS are gender marker suffix,
number marker suffix, case marker suffix, and definiteness marker suffix respectively [1, 29].

Table 2.2 shows examples of gender, number and case marker suffixes for Amharic nouns.

Table 2.2: Examples of gender, number, and case marker suffixes for Amharic nouns

Gender marker Number marker Case marker
Word Masculine | Feminine | Singular | Plural Nominative | Accusative
AL/ A8/ —AS-h17 | B/ —AB-AT/ A8/ A7/
157 15 ?)j-¢it” )5 lj-_oc’ 157 ”lj-n”
-1/ -1/ —A1-h | A/ w1 | A n1-7/
“beg” “beg” “beg-it” “beg” “beg-_oc” | "beg” “beg-n”

Pronouns

Pronouns are words or morphemes that can be used in place of nouns. Pronouns are limited in
number and they can be categorized in different sub categories like personal, possessive,
interrogative, demonstrative pronouns and the like. Personal pronoun represents speaker, listener
and third party in any speech. It is classified based on gender, number, person and can be
prefixed with prefix "A1—29]. Table 2.3 shows list of representative pronouns based on person,

number and gender.
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Table 2.3: List of Representative Pronouns

Person Gender Singular Plural

Ist 2"/’ nE” -5/ Na”

2nd Masculine —#7rt”/” ante” —&G7H’/” nante”
Feminine —#7rE”/”anc1”

3rd Maculine (/7 su” 10"/ nesu”
Feminine —+4./’sWa”
Polite —H#COAP”/ 7’ 1swo”,

&7’/ ‘antu”

Reflexive pronouns are words that are used combined with representative pronoun [29].

Examples:

Singular: "A% &0.7/”’nE rasE”, -7t &0/ ante rash”, -7E 400"/ anci rasx”

Plural: =457t ¢4Fu<"/”enante rasachu”, =& &AF@/"nesu rasacew”

Demonestrative pronouns indicate objects in reference to the place it is found. The indicated

object can be found near or far from a person indicating the object or for the observant.

Therefore this kind of pronouns are classified based on their distance as well as based on the

indicated objects gender [29]. Table 2.4 shows examples of demonestrative pronouns.

Table 2.4: Examples of Amharic Demonstrative Pronouns

Number, Gender Near Far

Masculine —8v”/”yh” —£’/ya”
Singular

Feminine —&/yci” -8t/ yhe” |7/ yaci”
Plural 11U/ nezih” 1.7/ nziya”

——
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Interrogative pronouns are used when we need to ask questions about something or some one. In
English there are pronouns like who, when, what, where, whose and whom that are used to ask
questions. Table 2.5 shows list of interrogative pronouns in Amharic which are classified based

on the kind of questions to be asked [29].

Table 2.5: Examples of Amharic Interrogative Pronouns

For person | For things | For For time | For For
place condition | reasoning
-7/ -7/ 7/ —avig”/ #7817/ —-A9°7”/”lemn
“man” “mn” ’yet” “mecE” ”‘ndEt” ”?
Singular | <477’/ 277/ DLt/
”mann” ”mnn’’ ”wedEt”
977/ —907”/ et/
”yeman” “yemn”’ “keyet”
—R1-977/
”‘ne-man”

Plural —&1-9777/

”‘ne-mann”’

—*1-0997/

”‘ne-yeman’

Negation | —€7%79°”/ ol £ A —p+g07/

“manm’” mnm ’yetm”

90/

”yemanm”

Possesive pronouns are used to show possesion of something and they are formed with the

addition of prefix ¢/ —=¢e” on personal pronouns [29].
Examples:

Singular: —#x%”/”ye‘nE”, #nrt”/’ye‘ante”, -#h(+"/"ye’su”, etc.
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Plural: ”¢A%”/’ye‘Na”, -#hqr’/’ye ‘nante”, etc.
Verb

Verb can be described as a word used to show that an action is taking place, a word to indicate
the existence of a state or condition. Amharic verbs are very complex consisting of a stem and up
to four prefixes and four suffixes and are inflected for person, gender, number, and time with the
basic verb form being third person masculine singular. Verbs in passive voice are marked by

suffixes that depend on person and number [3, 29, 30].
Adjectives

Adjective is a word that describes or qualifies a noun or pronoun and it appears before a word it
modifies. It gives more information about noun or pronoun it modifies. Objects are differentiated
from one another by different attributes like shape, behavior, color, etc. and this difference is
described using adjective word class. Adjectives are inflected for gender, number and case in a

similar fashion to nouns [1, 29].

Examples:

“1p &¢” /” neC doro” /”white hen”

“Y1H +996”/ “gobez temari” / “clever student”

In the first example above, the word” 198*”/”’neC”’/’white” is an adjective that modifies the noun
—&/’doro"/”hen”, it gives more information about color of the hen. In the second example, the
word —H11”/”gobez”/’clever” is an adjective that qualifies noun —+974”/’temari”/”student”, it

gives more information about the student, which is clever.
Adverb

Similar to adjectives which qualify nouns, adverb is a word that modifies a verb. Adverbs can be

classified based on time, place, circumstances, etc. [29].
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Example:

In the sentence, -&%. 0&Trt aoM”/lju befTnet meTa”/’The boy came quickly”, the word
“N& 1t "befTnet”/” quickly” is an adverb that modifies the main verb “e»@”’’meTa”/”’came”. It

tells more about how the boy came, which is quickly.
Conjunction

Conjunction is a connecting word that is used to link words, phrases, clauses, sentences, etc.

They are limited in number and can be used with verbs, nouns and adjectives.
Example:”aq ”/” ‘na”, -4\P19°”/’slehonem”, —#C 17/’ negergn”, etc.
Preposition

Prepositions are words that are usually used before nouns to show their relation to another part of
a clause and they are limited in number. The following are examples of prepositions, and list of
prepositions with their probability of occurrence in the training corpus are extracted and shown

in Annex 3.

Examples: -4”/”le”, 478/”‘nde”, -/”/’ke”, etc.

2.4.2 Amharic Morphology

Dictionaries define morphology as the structure of words in a language including patterns of
inflections and derivations. Morpheme is the minimal unit of morphology which includes root or

stem form and other meaningful parts of a word [1, 3, 29, 31].

For example, the word —®081“/"wesedec” has morphemes —®01L“/”wesede—and” -/ -¢”, which

stands for root or stem word and other meaningful piece of the word respectively.

Morphological analysis is one of the fundamental computational tasks for a language, where its
goal is to derive root and grammatical properties of a word based on the internal structure.
Morphological analysis, especially for complex languages like Amharic, is vital for the

development and application of many practical natural language processing systems such as
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machine readable dictionaries, machine translation, information retrieval, spell checkers, and

speech recognition [1, 3].

The morphological analyzer takes a string of morphemes as an input and gives an output of
lexical forms which is underlying morphemes and morph-syntactic categories. Amharic has a
rich verb morphology which is based on tri-consonantal roots with vowel variants describing
modifications to, or supplementary detail and variants of the root form. A significantly large part
of vocabulary consists of verbs, which exhibit different morph-syntactic properties based on the

arrangement of consonant-vowel patterns [32].

Morphological analysis can be performed by applying language specific rules, which may
include a full scale morphological analysis with contextual disambiguation, or when such
resources are not available, simple heuristic rules, such as regarding the last few characters of a
word as its morphological suffix [33]. Inflectional and derivational affixes are removed to
identify a word stem from full word. It is very helpful for various NLP applications like textual

IR, text summarization, word prediction, etc.

Morphological analysis is segmentation of words in to their component morphemes and
assignment of grammatical morphemes to grammatical categories and lexical morphemes to a
lexical level, where as morphological generation is the reverse process. Both processes relate a
surface level to a lexical level and relationship between the levels has traditionally been viewed

with in linguistics in terms of an ordered series of phonological rules [34].
Inflectional Morphology

Nouns, verbs, and adjectives can be marked for person, gender, number, case, definiteness, and
time. Gender, number and case marker suffixes are used in inflection of nouns. Verbs are
inflected for person, gender, number, and time with the basic verb form being third person,
masculine, and singular. The perfect tense normally expresses past tense. Prefixes are used for
first, second, and third person future forms and suffixes are used to indicate masculine and
feminine subjects, respectively. Adjectives are inflected for gender, number, and case in a

similar fashion to nouns [1, 29].
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Affixing is used to derive nouns by adding prefixes, infixes or suffixes to basic nouns, adjectives,
verbs, stems and roots. In Amharic morphemes can be free or bound; where free morphemes can
give complete meaning by themselves whereas bound morphemes need to be attached with free

morphemes in order to be meaningful.

Examples:
Free Bound Free + Bound
_49-0”/,’lam,’ —-';b”/,’-=E’ _A-a-%”/”lamE’7
0729 /”wendm” —y”/”-h” —-@0729°Y”/”wendmh”

Derivational Morphology

Nouns can be derived by adding prefixes, infixes or suffixes to basic nouns, adjectives, verbs,
stems and roots. Adjectives are derived from verbs, nouns, verbal roots, and stems by adding
suffixes. Infixing is used when deriving adjectives from verbal roots and unlike other word
categories, the derivation of verbs from other POS is not common [1]. Nouns, verbs and

adjectives can be marked for person, gender, number, case, definiteness, and time [29].

Ambaric has a rich verb morphology which is based on tri-consonantal roots with vowel variants
describing modifications to, or supplementary detail and variants of root form. A significantly
large part of the vocabulary consists of verbs, which exhibit different morph-syntactic properties
based on arrangement of consonant vowel patterns. Amharic nouns can be inflected for gender,
number, definiteness, and case, although gender is usually neutral. Adjectives behave in the same
way as nouns, taking similar inflections, whereas prepositions are mostly bound morphemes
prefixed to nouns. The definite article in Ambharic is also a bound morpheme, and attaches to the

end of a noun [3, 35, 36].

There have been a lot of studies done on the topic of morphological analysis for Amharic
language lately [1, 3, 31, 32]. Among them, Hornmorph is a set of Python programs for
analyzing and generating words in Ambharic, Tigrinya, and Oromo. It is a work in progress and
users interact with the programs through Python interpreter. For each language, Hornmorph has
a lexicon of verb roots and (except for Tigrinya) noun stems. It accepts a word to be analyzed

and shows analysis result which includes root or stem form of the word, POS, usually grouped in
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noun or verb word class, and grammatical structure. It marks words for person (singular, plural),
gender (feminine, masculine), person (first, second, third), definiteness (indefinite, definite), etc.
In addition to this, Hornmorph helps to generate words given root or stem and grammatical

features like tense, voice, aspect, gender, number and the like [34].
Affixes in Amharic words

Affix is a morpheme fastened to a stem or base form of a word, and modifies its meaning or
creates a new word. In Amharic affixes can be prefix, suffix, and infix. Prefix, is a morpheme
added at the beginning of a word whereas suffixes are added at the end to form derivatives.
Infixes are inserted in the body of a word causing a change in meaning, which can be easily

observed in iterative and reciprocal aspect of a root word in Amharic language [1, 29, 30, 34].

Ambaric verbs can have up to four prefix and up to four suffixes as shown in Figure 2.1.

Prefix Suffix
— A ~ _— A —
prep/conj | rel neg sbj ROOT | sbj obj/def | neg/aux/acc | conj

Figure 2.1: Placement of Affixes in Amharic Verbs

As shown in the Figure 2.1, prefix part has four options. First, second, third, and fourth options
represent preposition or conjunction, relative, negation, and subject in terms of number, gender,
person and definiteness respectively. List of conjunctions and prepositions with their
probabilities are extracted from the training corpus and can be observed in Annex 2 and Annex 3
respectively. Relative verbs are marked using 77 /=ye-”, 7?91”/’yemi-", "A9L”/’Imi-" and

negation is marked with prefixes like "A2” /—ay-", "Ad\”/"al-", etc. [3, 29, 34].

Similarly suffixes have four options, where the first and second option represents subject and
object, in terms of gender, number, person, and definiteness respectively. The third option
represents negation or auxiliary or accusation, where negation can be marked with ”-9°”/—m”,

auxiliary is usually marked with morpheme ”AA” /—h € and it usually appears with imperfective
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and gerundive tenses, and accusative is marked with morpheme 7’/—n”. The fourth option

represents conjunction like ”-9°”/ —m”, ”-0""/”-s” etc. [29, 34].

Ambharic nouns have up to two prefixes and up to four suffixes. Similarly the prefix and suffix
slots have two and four sub-slots respectively. Figure 2.2 shows placement of affixes in Amharic

nouns [29, 34].

Prefix Suffix
A
A
4 A . ™
prep/gen | distrib STEM | plur poss/def acc conj

Figure 2.2: Placement of Affixes in Amharic Nouns

prep/gen option of the prefix represents preposition or genitive, where genitive is marked using
morphemes —ye-—¢-". In the second option of prefix, distributive (distrib) is marked using
-ty e-—h?-” morpheme. In case of suffix, option one, represents number information. Option
two represents possessive or definiteness information. The third and fourth options represent

accusative and conjunction respectively [34].
Aspect, Voice and Tense

Aspect is a grammatical category that expresses how status of an action or event is denoted by a
verb. Aspect of a verb shows whether an action is completed or continuing and its relation with
flow of time. Root words can be modified in two ways through introduction of vowel”A-"/—&”
and, in Ambharic, aspect is represented using infixes. Root words of Amharic language can have
reciprocal, iterative, or simplex aspect. Simplex aspect is plain form where no vowel”-4-""/—a-"
is inserted. Reciprocal aspect is obtained when vowel”-A-"/—a-" is inserted between third and
second consonant from the end of a word. Reduplication of second consonant from end of a root

word and inserting vowel”-A-""/—a-" between duplicated consonants produce iterative aspect [29,

34].
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Examples:
Simplex: 020"/’ sedebe”
Iterative: -4+4.L0"/’sedadebe”
Reciprocal: —4L0"/"tesadebe”

Voice is a form of a verb which expresses an action that a verb describes and its relation with a

subject or other participants. Four voice values are possible in Amharic root which can be

29

marked with™+-" /—te-—"h0-""/-as-5h-""/—aprefixes. Simplex voice represents plain form with
no prefix. Transitive, causative, and passive voice is marked with ”A-"/—a5"h0-"/-as-" and “t-

[ —te-"prefix respectively [29, 34].
Examples:
Simplex: -m$L”/"Tqore”
Causative: -wm®<”/”aTeqore”
Transitive: -«Oim$<L”/’asTeqore”
Passive: —+m&d”/’teTeqore”

Tense is a verb form expressing different times at which an action takes place relative to the
speaker or writer. Perfective, Imperfective, Gerundive, and Jussive/Imperative are the four

possible values of tenses in Amharic language and are marked via prefixes and suffixes [29, 34].
Examples:
Perfective: -®0L"/"wesede”
Imperfective: -8@04%40"/—wesd-al”
Gerundive: ”2@-0L"/y-wsed”, —-@01L"/"wsed”

Jussive/Imperative: -@0&"/’wesd-0”
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2.4.3 Amharic Grammar

Grammar is a set of structural rules governing the composition of sentences, clauses, phrases,
and words in a given natural language. These rules guide how words should put together to make
sentences. Word order and morphological agreements are basic issues considered in Ambharic
grammar and are used as part of our word sequence prediction study. A sentence is a group of
words that express a complete thought. Sentences are formed from verb phrase and noun phrase
and can be classified as simple and complex sentences. Phrase is a small group of words that
stands as a conceptual unit. Simple sentences are formed from one verb phrase and one noun
phrase whereas a complex sentence contains one or more subordinate verbs other than the main
verb, where subordinate verbs are verbs that are integrated with conjunctions. A sentence is said
complex because it has capability to contain other sentences within it [29]. Table 2.6 shows

examples of simple and complex sentences in Ambharic.

Table 2.6: Examples of Simple and Complex Sentences

Simple sentence “a00 °A@-7 (A::/”“abebe msawn bela”/” Abebe ate his lunch”

“ANN PA@-7 A20A adh ANFLOANT BL::/ abebe msawn _yebela
Complex sentence slk sletedewelelet hEde”/”Abebe received a phone call while

eating his lunch and he left”

Sentences are basic components of Amharic text and to give proper meanings for readers all the
words with in it should be in proper order and also they should be in proper grammatical
agreement. One of the basic task of word prediction software is to offer most likely word options
with correct grammatical agreement based on past experience. Therefore gender, number,

person, tense, etc. should be consistent throughout the sentence.
Order of Words

Formal Ambharic texts follow subject-object-verb (SOV) word order unlike English language

which follows subject-verb-object (SVO) sequence in a sentence. Although in some Ambharic
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texts, there can be OSV sequence like —4%8.7 ANN 9°hs@-/”ljun _dbebe mekerew”/”The boy is
advised by Abebe”, where in this case the object is suffixed by object marker =% *’/—H, however
this word order is not commonly used in formal Ambharic texts. Table 2.7 shows example of

word order in Amharic simple sentence.

Table 2.7: Order of words in Amharic simple sentence

o-q@- AE.7 thao- (SOV) / '
The dog bite the boy(SVO)
Wxaw ljun nekesew

Subject -0/’ wuxaw” —Fhe dog”
Object —%5.7°/"ljun” —bite”
Verb —0o-"/"nekesew” —the boy”

Adjective and noun word order, Adverb and verb word order, main verb and sentence end are
some of the common word sequences that should be considered in NLP studies. For example,
adjectives should always appear before a noun it modifies even though other words can happen

between them. Likewise an adverb always appears before a verb it qualifies[29, 34].
Subject and Verb Agreement

Subject is part of a sentence or utterance, usually noun, noun phrase, pronouns or equivalent that
the rest of a sentence asserts something about and that agrees with verb. It usually expresses an
action performed by a verb. In Amharic sentence, subjects more often occur at the beginning of a
sentence. The subject of a sentence should be in accordance with verb in gender, number, and

person.
Example:

In a sentence,~A(IN A%.7 ALN@"/"*abebe ljun sedebew“/”Abebe insulted the boy”, the subject
—(10"/"‘abebe”/”Abebe” shows person, gender, number information which is third person,
masculine, and singular respectively. This morphological properties are reflected on the verb,

-AL0@"/sedebew”/” insulted”. If one of this information is wrongly used on the verb, the
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sentence cannot be in proper grammatical format and causes ambiguity to readers. For example
if the above sentence is wrongly written as, “A00 A%.7 ALNT®/"‘abebe ljun sedebecw—"*Abebe
insulted the boy”, gender information is wrongly reflected on the verb as feminine and it shows
disagreement with subject. Disagreement in person and number can also cause a consistency
problem in Amharic sentences. For example a sentence, -4l A% ALN-T"/"’abebe ljun
sedebut—’Abebe insulted the boy”, shows disagreement in number since singular subject of the
sentence is wrongly reflected on the verb as plural. Amharic verbs can have second or third
person singular subject or third person plural subject to indicate politeness. For example, in a
sentence —f ANO AS7 AL/ ato ‘abebe ljun sedebut—"Ato Abebe insulted the boy”, the verb
aL0-1"/”sedebut—"insulted” shows politeness and it is in agreement with the subject. However,
politeness is not considered while checking subject verb agreement in this work. Therefore in
order to predict words in proper morphological information, morphological properties of subject
of a sentence should be captured and properly used on the verb while providing word

suggestions.
Object and Verb Agreement

Object is a noun, pronoun or noun phrase denoting somebody or something that is acted on by a
verb or affected by action of a verb. If a noun is used as an object in a sentence it can be suffixed
by the suffix . The object of a sentence should be in accordance with the verb in gender,

number, person, and case [29].

Example:

” 6

If we look this concept using the same sentence above,—&(0 A%7 (ALN@/‘abebe ljun
sedebew“/”Abebe insulted the boy”, the object —-4%.7"/"ljun” shows person, gender, number and
definiteness information which is third person, masculine, singular, and definite respectively and
these morphological properties are reflected on the verb -4LN®~"/sedebew”/” insulted”. If one of
this information is wrongly used on the verb, the sentence cannot be in proper grammatical
format. For example if the above sentence is written as, “400 A%.7 ALNF1/’abebe ljun
sedebecat—"Abebe insulted the boy”, the gender information is wrongly reflected on the verb as

feminineand it shows disagreement with the object. Disagreement in person and number can also

cause a consistency problem in Ambharic sentences. For example the sentence, -4l AZ.7
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0LaFo“/” Abebe ljun sedebacew—"Abebe insulted the boy”, shows disagreement in number. The
object of the sentence is singular but on the verb it is reflected as plural. Therefore
morphological properties of object of a sentence should be captured and properly reflected on the

verb while providing word suggestions.
Adjective and Noun Agreement

Ambaric adjectives should be in agreement in number and gender with the noun it modifies.
Ambaric adjectives may mark number (singular or plural) and gender (feminine or masculine) of

a noun it qualifies and hence it should agree with number and gender of the noun [29].
Example:

In noun phrase " T®&C O F—+"TqWaqur wefoc”/”Black birds”, the word »P®+&C”/” TqWaqur” is
an adjective that modifies the noun -®eF/ —wefoc™/ —birds”. It is marked for plural number and
is reflected on the noun. It is inappropriate to write the above phrase as ”r®&C @& TqWaqur
wef’/’Black bird”, since it shows number disagreement between the adjective and noun. To
write this in correct grammatical format either the adjective should be marked with singular
number —#¢C @&~ Tqur wef”/’black bird” or the noun should be marked with plural number.
Noun phrase, —#A® (&”/-qu berE”/—Th big ox” , the word —#&+”/’tlqu”/”The big”, is an
adjective that modifies the noun -84/ berE”/” ox”. It is marked with masculine gender and is
in agreement with the noun. However if we take a phrase —Fi®:1 1&7”/-Hqitwa berE”/—Thbig
ox”, the adjective is marked with feminine gender while the noun it modifies is masculine.
Therefore the adjective and noun are in disagreement and to avoid this kind of inconsistency
either the adjective should be marked with masculine or the noun should be marked with
feminine gender. For this particular example an appropriate phrase is either —+0® 1&”/-Hqu
berE”/—Th big ox” or —FiEL A9®”/—tlqitwa lam”/—Theig cow”, where there is agreement in

number and gender between the adjective and noun.
Adverb and Verb Agreement

Ambaric adverbs usually modify the first verb that comes next to it. Time adverbs describe the
time a certain event or action occurred. Amharic verbs take certain tense form to indicate time.

Time adverb should agree with the verb it modifies [29, 31].
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Example:

In a sentence —&%. 11 £avMA”/’lju nege ymeTal”/”The boy will come tomorrow”, the word
—1”/"nege”/” tomorrow” is an adverb that modifies the verb —8oPMA\’/’ymeTal”/”” will come™.

The adverb and verb are in agreement taking imperfective tense form.

2.5 Summary

In this Chapter we have reviewed the challenges and opportunities of word prediction. We have
also discussed existing approaches to word prediction, their weakness and strength. Furthermore,
evaluation methods for word prediction systems are discussed and KSS is selected to assess our
word sequence prediction work. Finally, we reviewed concepts associated with Amharic

language like Ambharic Parts-of-Speech, Amharic Morphology, and Amharic Grammar.
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CHAPTER THREE

RELATED WORK

This Chapter presents word or text prediction researches with their approaches and obtained
results. Word prediction studies conducted for Western, Persian, Russian, and Hebrew languages
are some of the works thoroughly reviewed to grasp satisfactory knowledge and to look for the

finest approach for Amharic language.

3.1 Word Prediction for Western Languages

There are some researches conducted on word prediction for western languages like Italian,
Swedish, English, German, French, and Dutch. Aliprandi et al. [18, 19], focuses on designing
letter and word prediction system called FastType for Italian language. Italian has large
dictionary of word forms, which go with a number of morphological features, produced from a
root or lemma and a set of inflection rules. Statistical and lexical methods with robust open-
domain language resources which have been refined to improve keystroke saving are used. The
user interface, predictive engine and linguistic resource are main components of the system. The
predictive engine is kernel of predictive module since it manages communication with the user

interface keeping trace of prediction status and words already typed.

The morpho-syntactic agreement and lexicon coverage, efficiently accessing linguistic resources
as language model and very large lexical resources are core functionalities of the predictive
module. In addition, to improve morphological information available for prediction engine, POS
n-grams and Tagged word (TW) n-grams are used. The prediction algorithm for Italian language
is presented by extending combination of POS tri-grams and simple word bi-grams model. A
large corpus prepared from newspapers, magazines, documents, commercial letters and emails
are used to train Italian POS n-grams, approximated to n = 2 (bi-grams) and n = 3 (tri-grams) and

tagged word n-grams, approximated to n = 1 (uni-grams) and n = 2 (bi-grams).

Keystroke saving (KS), Keystroke until completion (KUC) and Word Type Saving (WTS) are

three parameters used to evaluate the system. The researchers indicate that 40 texts disjoint from
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training set are used for testing. However, the size or number of words available in the testing
data is not clearly specified. The result shows 51% keystroke saving, which is comparable to
what was achieved by word prediction methods for non-inflected languages. Moreover, on
average 29% WTS, meaning at standard speed without any cognitive load saving in time and 2.5

KUC is observed.

Moreover, Matiasek et al. [26] have done a multilingual text prediction study and a system
named FASTY is developed. The aim of this work is to offer a communication support system to
significantly increase typing speed, which adapts to users with different language and strongly
varying needs. It follows a generic approach in order to be multilingual so that the concept can
be used for most European languages. However, this study focused on Germen, French, Dutch
and Swedish languages. The predictor and language specific resources are separated by the
language independent prediction software, which helps the system with potential application to
many European languages without sacrificing performance. Preliminary experiments with
German as well as experiences with a Swedish system have shown that n-gram based methods
still offer quite reasonable predictive power. N-gram statistics, morphological processing and
backup lexicon, and abbreviation expansion are core components of this system. The frequency
tables of word n-grams are easily constructed from text corpora irrespective of the target
language and incorporating Part-of-Speech (POS) provides additional precision. The
combination of different n-gram statistics constitutes the base of FASTY predictor providing a
baseline performance for all target languages. Other modules interact with these results and

improve on them.

Morphological analysis and synthesis are performed and morph-syntactic features needed by the
components dealing with checking syntactic appropriateness are extracted since one of FASTY's
goals is to be able to suggest only word forms appropriate for the current context. Also
compound prediction needs morph-syntactic information of compound parts to correctly predict
linking elements. Last but not least, if frequency based lexica run out of words with a given
prefix, the morphological lexicon provided will serve as a backup lexicon and deliver additional
solutions. Morphological processing is implemented via infinite state-transducers, which provide
very fast, bi-directional processing and allow for a very compact representation of huge lexica.

The grammar-based module is used to enhance the predictive power of FASTY and improve its
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precision using syntactic processing in order to deliver only predictions that are not in conflict

with the grammar.

Carlberger et al. [37] conducted a study on constructing a database for Swedish language called
Profet via extension of available word prediction system which uses word frequency lexicon,
word pair lexicon, and subject lexicon. Profet is a statistical based word prediction system that
has been used for a number of years as a writing aid by persons with motoric disabilities and
linguistic impairments. It gives one to nine word alternatives as a user starts spelling a word
based on the selected settings. The main task of this work is to enhance the available prediction
capability through extension of scope, addition of grammatical, phrasal and semantic information
and using probability based system. This allows information from multiple sources to be
weighted appropriately for each prediction. The predictor scope is extended considering
preceding words in the prediction. Therefore, prediction is also based on previous words even
after typing any letters of the new word. This leads the word suggestions to be grammatically
more correct than those presently given. Since the available database lacks grammatical
information as well as statistics for the occurrence of sequences longer than two contiguous
words, a new database is built. Besides bi-grams (word and grammatical tag pairs with co-
occurrence statistics), tri-grams as well as collocations (non-contiguous sequential word and
grammatical tag bi-grams with 2-5 intervening words) are included. All information in the new
database including collocations must be extracted from one single corpus in order to warrant
implementation of a probabilistic prediction function. This work extends the previous version of
profet which presents one word per line by displaying more than one word per line. It is briefed
that choosing words from the word alternatives can result up to 26% keystroke savings (KSS)

and up to 34% in letters when only one word is typed.

Agarwal and Arora [38] proposed a Context Based Word Prediction system for SMS messaging
for English language in which context is used to predict the most appropriate word. The
development of wireless technology has made available different ways of communications like
short message service (SMS) and with its tremendous increase of use there comes a need to
efficient text input methods. Various scholars came up with frequency based text prediction
methods to attempt this problem. However, using only frequency based word prediction may not

grant correct result most of the time. For example, considering a sentence “give me a box of
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chocolate” and “give of a box of chocolate”, appropriate word after the word —give” is a word

I3

‘me”’. However, the system proposes the word “of” since it has higher frequency than the word
“me”. Similarly the appropriate word after the word —box” is “of” than “me” and here
frequency based is acceptable. Therefore incorporating context information is helpful to offer
suitable word and this work models first order Marcov dependency between POS of consecutive
words. A machine learning algorithm is used to predict the most probable word and POS pair,
given its code and previous word‘s POS. Considering the fact that short emails resemble SMS
messages closely, the algorithm is trained on 19,000 emails and testing is done on 1,900 emails

which are collected from Enron email corpus. The results show 31% improvement compared to

the traditional frequency based word estimation.

Al-Mubaid and Chen [23] conducted a research using machine learning method to address the
problem of word prediction for English language. This work integrates supervised and adaptive
learning to enhance text entry for physically disabled users and having minimized cognitive load.
The process of browsing and reading the anticipated words imposes an extra cognitive load on a
user especially when the number of suggestions is larger. This research focuses on minimizing
cognitive load by offering, in most cases, only one suggestion, but no more than three
suggestions in any case. In this research, two classes of learning methods, supervised and
adaptive learning methods, are investigated, designed, and implemented. These two classes of
methods are integrated into a comprehensive learning architecture that will be capable of
acquiring reliable and relevant knowledge automatically and efficiently. The key objective is to
allow the system to learn from prior training texts (supervised learning), and from the user
(adaptive learning), so it can reliably predict words a user intends to input. The adaptive learning
paradigm learns user‘s specific writing style and word usage to assist in word prediction. The
proposed method allows for fast text entry and more accurate text communication with

computers and reduces cognitive load due to less number of suggestions.

Trnka [21] made a research on a topic adapted language model for word prediction, which
improves keystroke savings over a comparable baseline. This work is planned to develop and
integrate style adaptations from the experience of topic models to dynamically adapt to both
topically and stylistically. Topic models are language models that dynamically adapt to testing

data, focusing on most related topics in training data. The first stage of this study is identifying
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relevant topics and the second stage is tuning the language model based on relevant topics. Here
a language model is adapted to most appropriate topics in training text and it is tuned to the most
relevant portions. According to the evaluation, topic modeling can significantly increase
keystroke savings for traditional testing as well as testing on a text from other domains. The
problem of annotated topics is also addressed through fine-grained modeling and found a

significant improvement over a baseline n-gram model.

Al-Mubaid [39] studied a learning classification based approach for word prediction. This study
presents word prediction using highly discriminating context features and machine learning.
Feature extraction method is adapted from Mutual Information (MI) and Chi-Square(xz). These
methods have been used successfully in Information Retrieval (IR) and Text categorization (TC).
Thus, word prediction problem here is treated as a word classification task in which multiple
candidate words are classified to determine the most correct one in a given context. First for a
given occurrence of a word w, representation of w involves recording occurrence of certain word
features extracted from the training corpus using new feature extraction technique adapted from
MI and x*>. The encoding is used in the training phase to train word classifiers using SVM
learner. The word classifiers are then employed by word predictors to determine the correct word
given its context. One of the properties of this method is that it performs word prediction by
utilizing very small contexts. As per the evaluation, best performance is obtained with context of
size 3 using only the preceding 3 words. Additionally the best performance resulted when using
20 features (i.e., using the top 20 words having the highest 20 MI 2, or x?). Thus, results
reported here are generated using the preceding 3 words (context size = 3) and the top 20 MI 2,

or x> words.

A word prediction study via a clustered optimal binary search tree is conducted by El-Qawasmeh
[36]. Word prediction methodologies heavily depend on statistical approach that uses uni-gram,
bi-gram, tri-gram, etc. However, construction of word n-grams requires large size of memory
which is a challenging task for many existing computers. Therefore, this work intends to use
cluster of computers to build an optimal binary search tree that will be used for statistical based
word prediction. The suggested approach uses a cluster of computers connected to build
frequencies. This system is evaluated based on keystroke saving and according to the experiment

keystroke saving is improved.
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Garay-Vitoria and Abascal [17] conducted a research on word prediction for inflected language,
specifically Basque language, based on three approaches. Various word prediction techniques
and their difficulties to apply to inflected language are briefed. The Basque language is mainly
inflected using suffixes eventhough there is a possibility of infixes and prefixes. The first
approach needs two dictionaries one for lemmas and the other for suffixes since it predicts
lemmas and suffixes separately. The first dictionary stores lemmas of the language alphabetically
ordered with their frequencies and some morphologic information in order to know which
possible declensions are possible for a word. The second dictionary stores suffixes and their
frequencies. The system starts prediction by providing lemma of next word and when accepted
the system offers most probable suffixes, since the number of suffixes in Basque language is 62.
Possibilities of recursively composed suffixes are some of the challenges in this approach even
though hopeful results are obtained. In the second approach syntactic information is added to the
dictionary of lemmas and some weighted grammatical rules on the system. The main idea is to
parse a sentence while it is being composed and to propose most appropriate lemmas and
suffixes, where parsing allows storing and extracting information that has influenced in forming
a verb. The third approach treats beginning of sentences using statistical information while
advancing in composition of a sentence, and uses this information to offer the most probable
word including both lemma and suffix. Three tables are used; one with probabilities of syntactic
categories of the lemmas to appear at the beginning of a sentence, probability of basic suffixes
to appear after those words and probabilities of basic suffixes to appear after another basic
suffix. Adaptation of the system would be made by updating the first table while suffixes would
be added to a word and the other two tables are also updated. As the researchers state, to predict
whole words it is necessary to determine syntactic role of the next word in a sentence, which can
be done using syntactic analysis. However, the results are not good enough compared with

results obtained in non-inflected languages.

3.2 Word Prediction for Hebrew Language

Netzer et al. [16] conducted a research on word prediction for Hebrew language as part of an
effort for Hebrew AAC users. Modern Hebrew is characterized by rich morphology, with a high
level of ambiguity. Morphological inflections like gender, number, person, tense and construct

state can be shown in Hebrew lexemes. In addition, better predictions are achieved when
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language model is trained on larger corpus size. In this work the hypothesis that additional
morpho-syntactic knowledge is required to obtain high precision is evaluated. The language
model is trained on uni-gram, bi-gram and tri-gram, and experiment is made on four sizes of
selection menus: 1, 5, 7 and 9, each considered as one additional keystroke. According to the
result, the researchers state that syntactic knowledge does not improve keystroke savings and
even decreases them, as opposed to what was originally hypothesized. The result shows
keystroke savings up to 29% with nine word proposals, 34% for seven word proposals and 54%
for a single proposal. Contrary to other works, KSS is improved as the size of selection menu
reduced. We believe that an increase in number of proposals affects search time. However, effect

of selection menu‘s size on KSS is not clear and no justification is given by the researchers.

3.3  Word Prediction for Persian Language

Ghayoomi and Daroodi [20] studied word prediction for Persian language in three approaches.
Persian language is a member of the Indo-European language family and has many features in
common with them in terms of morphology, syntax, phonology and lexicon. This work is based
on bi-gram, tri-gram, 4-gram models and it utilized around 10 million tokens in the collected
corpus. The first approach uses word statistics, the second one includes main syntactic categories
of a Persian POS tagged corpus, and the third uses main syntactic categories along with their
morphological, syntactic and semantic subcategories. According to the researchers, evaluation

shows 37%, 38.95%, and 42.45% KSS for the first second and third approaches respectively.

3.4 Word Prediction for Russian Language

Hunnicutt et al. [40] performed a research on Russian word prediction with morphological
support as a co-operative project between two research groups in Tbilisi and Stockholm. This
work is an extension of a word predictor developed by Swedish partner for other languages in
order to make it suitable for Russian language. Inclusion of morphological component is found
necessary since Russian language is much richer in morphological forms. In order to develop
Russian language database, an extensive text corpora containing 2.3 million tokens is collected.
It provides inflectional categories and resulting inflections for verbs, nouns and adjectives. With

this, the correct word forms can be presented in a consistent manner, which allows a user to
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easily choose the desired word form. The researchers introduced special operations for
constructing word forms from a word‘s morphological components. Verbs are the most complex
word class and algorithm for expanding root form of verbs to their inflectional form is done. This

system suggests successful completion of verbs with the remaining inflectable words.

3.5 Word Prediction for Sindhi Language

Mahar and Memon [41] studied word prediction for Sindhi language based on bi-gram, tri-gram
and 4-gram probabilistic models. Sindhi is morphologically rich and has great similarity with
Arabic, Persian, and Urdu Languages. It is a highly homographic language and texts are written
without diacritic symbols which makes word prediction task very difficult. The corpus of any
language is very important for statistical language modeling. Hence, in this work, word
frequencies are calculated using a corpus which approximately contains 3 million tokens and a
tokenization algorithm is developed to segment words. Add one smoothing technique is used to
assign non zero probabilities to all probabilities having zero probabilities. 15,000 sentences are
randomly selected from the prepared corpora to evaluate developed models based on entropy and
perplexity. According to the evaluation, 4-gram model is more suitable since it has lower

perplexity than bi-gram and tri-gram models.

3.6 Word Prediction for Amharic Language

Nesredin Suleiman and Solomon Atnafu [14] conducted a research on word prediction for
Ambharic online handwriting recognition. As the researchers state, the study is motivated by the
fact that speed of data entry can be enhanced with integration of online handwriting recognition
and word prediction mainly for handheld devices. The main target of the work is to propose a
word prediction model for Amharic online handwriting recognition using statistical information
like frequency of occurrence of words. A corpus of 131,399 Amharic words and 17, 137 names
of persons and places are prepared. The prepared corpus is used to extract statistical information
like to determine value of n for the n-gram model, average word length of Ambharic language,
and the most frequently used Amharic word length. Hence, n is set to be 2 based on statistical
information, and in retrospect to this, the research is done using bi-gram model, where the

intended word is predicted by looking the first two characters. Finally, a prototype is developed
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to evaluate performance of the proposed model and 81.39% prediction accuracy is obtained

according to the experiment.

3.7 Summary

In this Chapter, we have discussed works related to word sequence prediction for different
languages. A word completion study specifically targeted for online handwriting recognition of
Ambharic language and done using pure frequency based method is also presented. This approach
is very challenging for inflected languages due to large possibility of word forms. In addition
wrong morphological output will be offered since no context information is considered.
Therefore this research aims to fill the unattained gap in the existing work so that words can be
proposed in the correct morphological form by considering context information and linguistic
rules. User interface, prediction module, and linguistic resources are main components of word
prediction systems where the linguistic resource embraces statistical or other information
depending on the target language. From the reviewed works, we also learnt that considering only
frequency of words is not enough for inflected languages, root or stem words and morphological
features can be treated separately, incorporating context information increases effectiveness of

prediction output, and n-gram models have good capacity to capture context information.

42

——
| —



CHAPTER FOUR

WORD SEQUENCE PREDICTION MODEL FOR
AMHARIC LANGUAGE

This Chapter presents details of the Amharic Word Sequence Prediction Model. Architecture of
the proposed Word Sequence Prediction Model and its components with their respective
algorithms are described in this Chapter. N-gram statistical language model is applied to offer
most expected root or stem words, and morphological features like aspect, tense, and voice. In
addition grammatical rules of Amharic language, such as Subject-Object-Verb, Adjective-Noun
and Adverb-Verb agreement are used to inflect the proposed root or stem words to appropriate
word form. The Amharic Word Sequence Predictor accepts user‘s input, extract root or stem
word and required features by analyzing a user‘s input, propose the most likely root or stem
words with their most probable features and finally generates surface words using the proposed

root or stem words and features.

4.1 Architecture of Amharic Word Sequence Prediction Model

The model shown in Figure 4.1 is designed to predict words a user intends to type by considering
previous history of words. Constructing Language Model and Generation of Predicted Words are
the two major parts. First the training corpus is morphologically analyzed using Hornmorph.
Subsequently, using the morphologically analyzed corpus we built a tagged training corpus.
Then, language models like root word sequences and root word with features are built based on
the tagged training corpus. Morphological Analysis of User Input, Word Sequence Prediction,
and Morphological Generation are key components of the Generation of Predicted Words part.
Here, a user‘s input is accepted and analyzed using Hornmorph. Subsequently, root and
morphological features of words are extracted so that the word prediction component uses this
information to propose words by interacting with the language model. Finally the morphological

generator produces surface words to the user given root and feature words proposal.
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4.2 Morphological Analysis of Corpus

This module analyzes words in a given training data to identify root or stem form and component
morphemes so that required features and root or stem word are extracted to build a tagged
corpus. This tagged corpus is used to construct statistical language models. A corpus is a large
collection of written or spoken material in machine readable form which can be employed in
linguistic analysis and is the main knowledge-base. Language models built from large corpora
tend to perform better, particularly for words that are infrequent. Word prediction task requires a
large size of corpus inorder to have sufficient statistical information for training the system. In
this study, text collection containing nearly 298,500 sentences which is gathered from Walta

Information Center (WIC) is used.

Morphological analysis is the process of assigning each word found in a corpus to their
morphemes which can be affix, root, stem, etc. It is useful to annotate words to their root form
and other required morphological information. Morphological analyzer is a program used to

analyze a separate word or words in a file to their component forms.

Ambharic is a morphologically rich language as described in previous chapters. A verb lexeme
can appear in more than 100,000 word forms [30], and it is impractical to store all forms of
words in probabilistic models. For this reason, the training corpus is pre-processed to hold only
the root or the stem and selected morphological features of words. Features are selected by
studying structure of Amharic words and method of producing variety of words from the base
word. As described in Section 2.4.2, Amharic verbs have four prefix and four suffix options.
Similarly, Nouns in Amharic have two prefix and four suffix options. Subject, object,
definiteness options can be handled using ~ grammatical agreement rules of the language.
However, other prefix and suffix options, and features like voice, tense and aspect are selected to
be incorporated in the tagged training corpus since they have effect in inflection of Amharic

words. Hornmorph is used in this study to analyze the training corpus.

Through morphologically analyzed training corpus, a tagged corpus consisting only root or stem
form, affixes, aspect, voice and tense is constructed. However, words that cannot be analyzed

using Hornmorph are taken as they are, to keep consistency of root or stem word sequences.
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Hornmorph analyzes words as a verb or noun group and affixes have different characteristics for

verbs and nouns. Therefore verbs and nouns are represented differently in the tagged corpus.

In this module prefix and suffix options of words except subject and object or definiteness, are
handled statistically by embracing them in the tagged corpus. Here, we represented all words
existing in the training corpus in six slots, where slot 1, slot 2, slot 3, slot 4, slot 5, and slot 6
stand for root or stem word, prefix, suffix, tense, aspect and voice respectively. The prefix and
suffix slot have three and two sub-slots in that order for a verb and two and four sub-slots
correspondingly for a noun. Figures 4.2 and 4.3 show how a verb and a noun are represented in

the tagged training corpus respectively.

root or stem ” Fep/con{l reljneg) ” neg/aux/acc|conj ~ tense ” aspect ” voice

Slot 1 Slot2  Slot3 Slot 1 Slot 2
N J
Y
Slot 1 Slot 2 Slot 3 Slot4  Slot5 Slot 6

Figure 4.2: Representation of Amharic Verb in Tagged Corpus

root or stem ” prep/gen|distrib)  plur|poss/def|acc|conj ™ tense ” aspect ” voice

tr it

Slot 1 Slot 2 Slot1 Slot2 Slot3 Slot4
—— \ J
v
Slot 1 Slot 2 Slot 3 Slot4  Slot5 Slot6

Figure 4.3: Representation of Amharic Noun in Tagged Corpus

Algorithm 4.1 describes an algorithm to construct tagged corpus.
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INPUT training-corpus
ANALYZE training-corpus using Hornmorph and WRITE in analyzed-corpus
INITIALIZE keywords for prefix, rootWord, suffix, aspect, tense, voice,newWord
INITIALIZE prefix, root, suffix, aspect, tense, voice, value to O,newWord,
newWord2 to FALSE
READ morphologically-analyzed-corpus
FOR each line in morphologically-analyzed-corpus:
ADD each word in the line to a list
FOR each word in the list
IF word is in newWord key word and newWord2 is FALSE
SET newWord to TRUE
ELSE IF newWord is TRUE
newWord=FALSE
newWord2=TRUE
rootWord=word
ELSE IF newWord is TRUE and word is in prefix Keyword:
prefix=word
ELSE IF newWord is TRUE and word is in suffix Keyword:
suffix=word
ELSE IF newWord is TRUE and word is in aspect Keyword:
aspect=word
ELSE IF newWord is TRUE and word is in voice Keyword:
voice=word
ELSE IF newWord is TRUE and word is in tense Keyword:
tense=word
ELSE IF word in newWord key word and newWord?2 is TRUE
WRITE (rootWord+'M'+prefix'N'+suffix+''+tense
+'N'+aspect+'N'+voice) on tagged-training-corpus
SET newWord?2 to FALSE and newWord to TRUE
OUTPUT tagged-training-corpus
END

Algorithm 4.1: Algorithm to Build a Tagged Corpus
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The output of Algorithm 4.1 is a tagged training corpus, segment of the tagged corpus containing

root or stem form of words and grammatical features is presented in Figure 4.4.

(970."be|0|°0|0]0[0"0"0 ha&~0]0[*0]0]0]0"0"0 w'b”gen|0|*0|0]0]0"00 iNA0|0]0]def]0]0"0"0
og1"gen|0"0/0]0/070"0 @71"0|0] plr|00]0~0"0 mW1'"0]0|0"0|0"gerundive0"0
Tllglq”be|0]"0]|def]0]0"0 transitive A<+ be|0[*0]|0]0]0~0"0 @Z4"0|0[ plr|0]0]0~0"0
vHN"0]0/~0|0]0[0"0"0 7N +"0]0]~0]0]0]0~0"0 42"0[0*0]0|0]0~0"0
gwWd'~0[0]0"0|0Njussive/imperative”* 00 drs”0[0["0|0]acc|0"0"transitive haégen|0|*0[0]0]0"0"0
£2,°0/01°0/0]0/0"0"0 k1k1*0]0]"0]0]0J0"reciprocalpassive H1&.r"0[0"0|0|0]0"0"0

~ 0.”0[0%0]0]0/0"0"0 'wq"0]0]0"0]0"perfective”0"transitive

Figure 4.4: Segment of Tagged Corpus

Representation of each tagged word is briefed in Table 4.1. Each word is denoted in six slots,
which are root or stem, prefix, suffix, tense, aspect and voice. In addition to this, prefix and
suffix slots consist sub slots. The value 6" in each slot indicates null value for that particular
slot, however, 9" value for aspect and voice is equivalent to simplex value. A prefix, -6/0|0”
represents preposition or conjunction, relative, and negation slots having null value. The suffix
-0|0” represents negation or auxiliary or accusative and conjunction slots holding null values.
Therefore this particular word does not have any prefix and suffix; it has Jussive or Imperative

tense, simplex aspect, and simplex voice.

Table 4.1: Representation of Words in the Tagged Corpus

Tagged word Root | Prefix | Suffix | Tense Aspect | Voice
gWd'*0/|0]0"0]0"jussive/imperative”0"0 gWd* | 0|00 0|0 Jussive 0 0
/imperative

4.3 Building Language Models

Language model is a storage consisting of statistical information which serves as a knowledge

base when predicting suitable words. The word sequence prediction task is accomplished in two
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phases. In phase one, root or stem form of words are suggested using root or stem n-gram
models. In the next phase, morphological features of proposed root or stem words are predicted
using statistical methods as well as linguistic rules to ensure grammatical agreement among
words. The proposed root or stem word and features are used later while generating appropriate
surface words. Therefore building language model is one of the main components of our word
sequence prediction model. Statistical models of root or stem word sequences and morphological
features are constructed using the tagged corpus. A number of word prediction researches are
conducted using bi-gram and tri-gram models [16, 18, 19, 41]. Accuracy of word predictor
improves as n in the n-gram model increases due to its ability of suggesting words with more
context information. However, its complexity and data size increases causing a reduction in
response time. Therefore, based on related works experience and characteristics of n-gram

models, we have decided to use bi-gram and tri-gram models.

4.3.1 Root or Stem Words Sequence

Bi-gram, tri-gram and hybrid of bi-gram and tri-gram statistical models are constructed for root
or stem words sequence using the training corpus. Each n-gram model is separately kept in its
own repository and they hold root or stem word sequences for each value of n with their

probability of occurrence in the corpus.

Probabilities of all unique root or stem word sequences with this respective value of n is
calculated by counting occurrence of n word sequences and n-1 word sequences in the corpus
where n is 2 for bi-gram and 3 for tri-gram models, and then calculating their ratio. Bi-gram and

tri-gram probabilities are computed using (Eq.3) and (Eq.4) respectively.

C(wawy)

P(w,|wy) = Cwy)

(Eq.3)

where,w;, w, are words , P(w;|w) is probability of a word w, given w, c(w,yw)) is frequency of

word sequence wow; in a corpus, c¢(w) is frequency of wl in a corpus.

C(wzwowq)
P = —_ Eq.
(ws|w,ywy) Covpw) (Eq.4)
( )|
L ¥ )



where,w;, wy, w3 are words , P(w3w,w1) is probability of a word w3 given wow, previous words,
c(wswow)) is frequency of word sequence wiw,w; in a corpus, ¢(w,w) is frequency of wow; in a

corpus.

For example: Probability of a word given previous two words, —&vé.t (L1, where n=3(tri-gram)

1s calculated as shown below:

C (AU 0 UA&) =6166
C (Rv&i 0F) = 28765

C(avest bt vAg) 6166
C(&vet ) 28765

P (A4 | &vét (bt) = = 0.2144
where, C(&vé-t (bt VA4) and C(&vést (bt), are number of occurrences of words sequence
—&vé- (b VAS” and —&vdst LF” in a given corpus respectively, P(VA4 | &vést (bF) is probability

of word —¥A4.”, given previous words sequence —&U4.-t (L1 in a given corpus.

In a similar way, each unique word sequences probability is calculated. Along with this, bi-gram,
tri-gram and hybrid probabilistic models are constructed and stored in a separate repository.
Figure 4.5 shows sample of tri-gram root or stem probabilistic information. Consequently, using
these prepared probabilistic models, fifteen most likely root or stem words are proposed as part

of our word sequence prediction task. We set the number of suggestion to be fifteen empirically.

mordl Word2 Word3 Probability\

ATe&e e A1\t 0.9541
e A1\t glS 0.5486
Zvéqt 0+ 'wq 0.1782
Zvéqt 0+ glS 0.0957
A knawn hwn 0.1536

\ /

Figure 4.5: Sample of the Tri-gram Root or Stem Probabilistic Information
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Algorithm 4.2 describes the algorithm to construct n-gram root or stem words probabilistic

model.

BEGIN
INPUT root-or-stem-word-file
READ value of N
FOR each sentence in a file:
EXTRACT N sequences
WRITE each sequence in root-stem-word-sequence file
READ root-stem-word-sequence file
FOR each unique sequence:
COUNT number of its occurrence, and ASSIGN value to frequency
WRITE the frequency with their respective sequences in a freq-sequence file
READ N and N-1 sequences with their frequencies from freq-sequence file
CALCULATE probability of N sequence of words by taking ratio of frequency of N
sequence words with N-1 sequence words
WRITE probability with their respective sequences in a file
OUTPUT root-or-stem sequence n-gram probabilistic model
END

Algorithm 4.2: Algorithm to Construct n-gram Probabilistic Models

4.3.2 Root or Stem Words with Aspect

Bi-gram model of root or stem words with their respective aspect is constructed by extracting
and counting occurrence of unique root or stem word with its aspect sequence. This model stores
frequency of each root word with its aspect. Aspect of a verb can be simplex, reciprocal, or
iterative. The most frequent aspect for a particular root or stem word is used when producing

surface words. Algorithm 4.3 describes an algorithm to construct root and aspect bi-gram model.
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BEGIN
INPUT tagged-training-corpus
FOR each word in tagged-training-corpus:
SPLIT each word by A’ and ADD each item to a list
EXTRACT root and aspect using the item having ‘0’ and ‘4’ index from the list,
WRITE root-aspect-sequence in a file
READ root-aspect-sequence file
FOR each root-aspect-sequence in the file
ASSIGN frequency=0
IF root-aspect-sequence is new
COUNT root-aspect-sequence and ASSIGN it to frequency
WRITE root-aspect-sequence and frequency in a file
OUTPUT root-with-aspect n-gram model
END

Algorithm 4.3: Algorithm to Construct Root or Stem and Aspect bi-gram model

4.3.3 Root or Stem Words with Voice

Unique occurrence of root or stem words with their respective voice is counted from the training
corpus to build root or stem word and voice bi-gram model. This model stores frequency of each
root or stem word with its respective voice. The voice can be simplex, transitive, or passive. The
most frequent voice for a particular root or stem word is used when suggesting most probable
features for a given root or stem word. Algorithm 4.4 describes an algorithm to construct bi-gram

model for root or stem and voice.

INPUT tagged-training-corpus

FOR each word in tagged-training-corpus:
SPLIT each word by ‘A’ and ADD each item to a list
EXTRACT root and voice using the item having ‘0’ and ‘5’ index from the list,
WRITE root-voice-sequence in a file

READ root-voice-sequence file

FOR each root-voice-sequence in the file
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ASSIGN frequency=0
IF root-voice-sequence is new
COUNT root-voice-sequence and ASSIGN it to frequency
WRITE root-voice-sequence and frequency in a file
OUTPUT root-with-voice n-gram model
END

Algorithm 4.4: Algorithm to construct Root or Stem and Voice bi-gram Model

4.3.4 Root or Stem Words with Prefix

Tri-gram statistical information is built for three consecutive root or stem word sequences where
the last root or stem word is taken with its prefix. This model stores frequency of successive root
or stem words with prefix. This information is used to predict the most probable prefix for
suggested root or stem words so as to produce suitable surface words. Algorithm 4.5 shows the

algorithm to construct root or stem and prefix tri-gram model.

BEGIN
INPUT tagged-training-corpus
FOR each sentence in tagged-training-corpus
ADD each word in tagged-training-corpus to a list,words
FOR i in RANGE O to length of the list(words-2)
WRITE(words|i][0],words[i+1][0],words|[i+2][0],words[i+2][1]) in root-
prefix-sequence/ /index ‘O’ is for root word and index ‘1’ is for prefix
READ root-prefix-sequence file
FOR each root-prefix-sequence in the file
ASSIGN frequency=0
IF root-prefix-sequence is new
COUNT root-prefix-sequence and ASSIGN it to frequency
WRITE root-prefix-sequence and frequency in a file
OUTPUT root-with-prefix n-gram model
END

Algorithm 4.5: Algorithm to construct Root or Stem and Prefix tri-gram Model
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4.3.5 Root or Stem Words with Prefix and Suffix

Frequencies of each root or stem word with its respective prefix and suffixes are identified and
kept in its own repository. Based on this information, the most likely suffix for a given root or
stem and prefix is predicted. The proposed suffix is used by Hornmorph morphological generator

while producing surface words. Algorithm 4.6 describes an algorithm to construct this model.

BEGIN
INPUT tagged-training-corpus
FOR each word in tagged-training-corpus:
SPLIT each word by A’ and ADD each item to a list
EXTRACT root, prefix and suffix using the item having ‘0’, ‘1’ and 2’ index
from the list,
WRITE root-prefix-suffix-sequence in a file
READ root-prefix-suffix-sequence file
FOR each root-prefix-suffix-sequence in the file
ASSIGN frequency=0
IF root-prefix-suffix-sequence is new
COUNT root-prefix-suffix-sequence and ASSIGN it to frequency
WRITE root-prefix-suffix-sequence and frequency in a file
OUTPUT root-with-prefix-and-suffix n-gram model
END

Algorithm 4.6: Algorithm to Construct Root or Stem, Prefix and Suffix Tri-gram Model

4.3.6 Root or Stem Words with Tense

Root or stem words with their respective tenses are extracted from the tagged training corpus and
bi-gram model is constructed by counting each unique sequence. Here, frequency of each root
word with its respective tense is constructed. Perfective, imperfective, gerundive, and imperative
or jussive are possible tense categories. Based on this information, the most likely tense for a

given root or stem is predicted. This statistical information is used when adverb-verb agreement
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rule is not applicable. Algorithm 4.7 shows the algorithm to build root or stem words with tense

bi-gram model.

BEGIN
INPUT tagged-training-corpus
FOR each word in tagged-training-corpus:
SPLIT each word by A’ and ADD each item to a list
EXTRACT root and tense using the item having ‘0’ and ‘3’ index from the list,
WRITE root-tense-sequence in a file
READ root-tense-sequence file
FOR each root-tense-sequence in the file
ASSIGN frequency=0
IF root-tense-sequence is new
COUNT root-tense-sequence and ASSIGN it to frequency
WRITE root-tense-sequence and frequency in a file
OUTPUT root-with-tense n-gram model
END

Algorithm 4.7: Algorithm to Construct Root or Stem and Tense bi-gram Model

4.4 Morphological Analysis of User Input

This module analyzes Ambharic texts accepted from a user and extracts required morphological
features. Context information like gender, number, person and definiteness is captured from a
user‘s input to predict appropriate morphological features for the coming root or stem word.
When a user enters a text, the system identifies the last phrase and morphologically analyzes
each word found in it. Hornmorph is used to analyze user‘s entered text, so that words found in
input text are tagged with their respective gender, number, person, definiteness, root or stem and
POS information automatically, where POS is fetched from the user input in our case. This
tagged information of a user‘s input is used further in word sequence prediction task to keep
morpho-syntactic agreement. These words are tagged in five slots as shown in Figure 4.6, where
Slot 1, Slot 2, Slot 3, Slot 4, and Slot 5 represent POS, gender, number, person and definiteness

information respectively.
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Slot 1 Slot 2 Slot 3 Slot 4 Slot 5

| N

<POS> gender number person definiteness

Figure 4.6: Placement of Captured Morphological Features from a user’s Input

Slotl:

This slot stores word class of every analyzed word which can be <N>, <NC>, <V>, etc. The
complete list of POS is listed in Annex 4. Here our main need is to look for adjectives, adverbs
and nouns. This is because; the morphological generation component uses POS information to

ensure subject-object-verb, adverb-verb and adjective-noun agreement among words.
Slot2:

This slot contains gender information of every analyzed word. It basically has three possible
values, MASC, FEM, and UN, which stands for masculine, feminine and unknown respectively.
The value of this slot is used when it is necessary to be reflected on next word based on

adjective-noun, adverb-verb and subject-object-verb agreement rules.
Slot3:

This slot contains number information of words analyzed. Possible values for this slot are SING,
PLR, and UN, which stand for singular, plural and unknown respectively. The value of this slot
is used when it is necessary to be reflected on the coming word based on adjective-noun, adverb-

verb agreement and subject-object-verb agreement rules.
Slot4:

Person information of analyzed words is stored in this slot. This slot basically has four possible
values, P1, P2, P3, and UN, which stands for 1% person, 2" person, 3™ person and unknown
respectively. The value of this slot is used when it is necessary to be reflected on proposed word

according to rules of adjective-noun, adverb-verb and subject-object-verb agreement.
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Slot 5:

This slot contains definiteness information of analyzed words. It can have definite and UN
values, which stands for definite and unknown respectively. The value of this slot is used when it

is necessary to be imitated on the coming word according to subject-object-verb agreement rules.

Figure 4.7 illustrates how a word accepted from a user is represented in five slots and Algorithm

4.8 presents the algorithm to capture morphological features from a user input.

Example: The noun -&2E”/”lijochu” is tagged as:-

Slot 1 Slot 3 Slot 5

| } }
<N>|Ul|\I|PLR|Pf|DEF

Slot2 Slot 4

Figure 4.7: Placement of Morphological Features of a Noun “A2E”/”lijochu”

BEGIN
INPUT last- phrase-analyzed file and POS list
INITIALIZE keywords for root, person, gender, number, definiteness, new-word
INITIALIZE person, number, gender, definiteness, pos, new-word to “UN”
INITIALIZE feature-collection = []
FOR each word in last- phrase-analyzed file
IF word is in new-word keyword
ASSIGN word to new-word
ELSE IF word is in person key word
ASSIGN word to person keyword
ELSE IF word is in number key word
ASSIGN word to number keyword
ELSE IF word is in gender key word
ASSIGN word to gender keyword
ELSE IF word is in definiteness key word
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ASSIGN word to definiteness keyword
ASSIGN feature to new-
word+'|'+POS+' | '+person+' | +number+' | '+gender+' | '+definitness
ASSIGN person, number, gender, definiteness, pos, new-word to “UN”
ADD feature to feature-collection
OUTPUT feature-collection for words in the last phrase of user-input

END

Algorithm 4.8: Algorithm to Capture Morphological Information from User Input

4.5 Word Sequence Prediction

This module predicts the most probable root or stem words and their morphological features
using previously constructed language models. Bi-gram model predicts root or stem word based
on previous single word from current position, whereas tri-gram predicts root or stem word
based on preceding two words. Hybrid of bi-gram and tri-gram model predicts the future word

by considering preceding one or two words.

4.5.1 Root or Stem Word Prediction

Morphologically analyzed user‘s input and previously constructed root or stem words bi-gram,
tri-gram and hybrid probabilistic models are used to propose suitable root or stem words. Here, n
last root or stem words are fetched from analyzed user‘s input, and then, top highly occurring 15
root or stem words following a given n root or stem words are extracted from the language
model, where, n is 1 for bi-gram and 2 for tri-gram model. Algorithm 4.9 describes an algorithm

to predict root or stem word.
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INPUT root-stem-word-model and user-input// bi-gram or tri-gram and user-input
READ last n words from a user-input//n=1 for bi-gram and 2 for tri-gram
INITIALIZE root-stem-keyword
INITIALIZE root-word to “”
ANALYSE the last n word using Hornmorph and WRITE it last-n-analyzed-input file
READ last-n-analyzed-input file
FOR each word in the last-n-analyzed-input

IF word is in root-stem-keyword

CONCATINATE word with root-word

READ root or stem words probability model
FOR each word-sequence in root-stem-word-model

SPLIT the word-sequence to n

IF root-word == (n-1)trword or CONCATINATE (n-2)t word with (n-1)t word

IF size of proposed-root-words list is <15
ADD the nth-word to proposed-root-words list

OUTPUT proposed-root-or-stem-word list

END

Algorithm 4.9: Algorithm to Predict Root or Stem Form of a Word

4.5.2 Morphological Feature Prediction

Proposed root or stem words and previously constructed root or stem words with aspect, voice,

tense, prefix and suffix n-gram models are used to propose the most probable morphological

feature. Here, each proposed root or stem word is checked for the most frequent aspect, tense,
voice, prefixes and suffixes in the language model. In addition the proposed prefix and suffixes

needs to be represented in a way that the morphological generator can understand it. For this

purpose suggested prefixes and suffixes are calculated in order to denote them in the required

format. We have used similar algorithm to predict aspect, voice, tense, prefix and suffixes.

Algorithm 4.10 and 4.11 show the algorithms to predict morphological features, specifically

aspect, and an algorithm to calculate prefix and suffixes to the required representation

respectively.
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BEGIN

INPUT root-with-aspect n-gram model and proposed-root-word list

FOR each proposed-root-word in the list

FOR each root-word in root-with-aspect n-gram model
IF proposed-root-word equals root-word in the aspect model

READ aspect that comes with proposed-root-word
ADD aspect to proposed-aspect list

OUTPUT proposed-aspect list

END

Algorithm 4.10: Algorithm to Predict Aspect for Expected Words

BEGIN
INPUT proposed-prefix list and proposed-suffix list
FOR each prefix in the proposed prefix list
SPLIT each prefix by ‘|’ and ADD it to pfx1
FOR each value in pfx1
ASSIGN value to affix-feature with appropriate representation of
preposition,
conjunction, negation etc.
FOR each suffix in proposed suffix list
SPLIT each suffix by ‘|’ and ADD it to predSuffix1
FOR each value in predSuffix1
ASSIGN value to affix-feature with appropriate representation
ADD affix-feature to affix-feature list

OUTPUT affix-feature list

END

Algorithm 4.11: Algorithm to Calculate Affixes
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4.6 Morphological Generation

This module produces surface form of words with a given root or stem and morphological
features. Morphological Generator is a program used to produce required form of a word. In this
work, Hornmorph morphological generator is used to produce correct words based on the
proposed root or stem and morphological features. In addition this module employs Subject-
Object-Verb, Adjective-Noun, and Adverb-Verb agreement grammatical rules of Amharic
language. Here, to ensure morphological agreement among words, POS of words needs to be
considered. Morphology and syntax interact considerably in many languages and languages with
rich morphology need to pay attention to interaction of morphology and syntax in order to arrive
at suitable computational models. In this study, interaction between syntax, particularly POS and

morphology, is used to propose appropriate word form.

POS n-gram models assist to filter proposed root or stem words, through selection of only those
root or stem words expected to have required POS. Although there are few researches made in
Ambaric part of speech tagger, there is no commercial or any available POS tagger in order to
incorporate it in our study. Hornmorph analyzes words and assigns their POS to verb group and
noun group. Nouns and adjectives are treated the same way in this program. Due to this we used
POS tagged corpus for demonstration, so that it helps to keep morphological agreement of our

word sequence prediction task.

4.6.1 Subject-Object-Verb Agreement

Amharic subjects and verbs must agree in gender, number, person, and definiteness. If there is a
disagreement in one or more of these features, the sentence becomes ambiguous and cannot give
proper meaning. Subjects are usually noun, or pronoun, and in this work the most probable
subject from user input is identified based on POS of words and order of words. Morphological
information like gender, number, person and definiteness of the subject is extracted from
morphologically analyzed user‘s input. Subsequently, if predicted word‘s POS is verb, features

of the subject are used to inflect it to an appropriate word form.

For example: let‘s assume subject of a sentence is a noun, —401"/abebe”, and the most probable

root words are estimated to be verbs “0Ad”/’bl*”, and 1"/'mT” by the system. The word
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—4{(10”/”abebe” has morphological features of gender: masculine, number: singular and person: 3.
Therefore this morphological information is used to generate words from the root word
“000”/’bl*”, and -1”/"mT”. Finally appropriate form of words —A4”/"bela”, and —#>M”/”"meTa” are

offered to a user.

Objects in Amharic language must agree in number, gender, person and definiteness with their
respective verbs. Objects are nouns and may or may not be suffixed by an object marker —¥’/“n”.
In this work, object of a sentence is identified using POS and word order. Accordingly its
grammatical features like gender, number, person and definiteness are extracted from a user
input. Finally, a verb is inflected to appropriate word-form using captured morphological

features and by maintaining its agreement with the object.

For example: let‘s assume subject and object of a sentence to be nouns —&{10"/"abebe”, and
“€E8.7’/"ljun” respectively. Along with this, we assumed the most possible word a user wants to
type is a verb having root or stem form, “9®+”/"mt”. The word —#(01"/” abebe ”* has morphological
features, gender: masculine, number: singular and person: 3 and word -&%.7’/’ljun” has
grammatical features of gender: masculine, number: singular, person: 3 and definite. Therefore
this captured morphological information is used to generate words from root word, -1/’ mt”.
Finally, the word”ovd-@-“/“metaw” is proposed to a user, where the complete sentence becomes

(0 A7 v @ /” ‘abebe ljun metaw” and there is object-verb agreement.

To propose words in appropriate word form, agreement among subject, verb, and object should
be considered. Here, we analyze a given phrase from user‘s input to identify the most probable
subject and object based on word order and POS. Moreover, if proposed word falls in verb
category, its morphological features are predicted from the identified subject and object.
Subsequently, the predicted feature is used when producing surface words. Algorithm 4.12
describes an algorithm to predict grammatical features of verbs in agreement with subject and

object of a given user‘s input.
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BEGIN
INPUT feature-collection, proposed-root-words
INITIALIZE subject, object to |]
FOR each value in feature-collection
IF value.
IF length of subject == length of object
ADD feature in subject list
ELSE
ADD feature in object list
IF subject list is not null and unknown
SET subject-feature = last value from subject list
IF object list is not null and unknown
SET object-feature = last value from object list
SET feature-for-next-word by concatenating subject-feature and object-feature
FOR each word in proposed-root-words list
IF word has verb-POS-category
RETURN feature-for-next-word
OUTPUT feature-for-next-word
END

Algorithm 4.12: Algorithm to Propose Features Based on Subject-Verb-Object Agreement

4.6.2 Adjective-Noun Agreement

Adjectives are modifiers of a noun. In Ambharic, adjectives should agree with their respective
nouns in gender and number. In this work POS is used to identify adjectives from a user‘s input
and features like gender and number information is extracted from morphologically analyzed
user‘s input. This captured morphological information is used for declension of the first

appearing noun after an adjective.

Example: Considering a phrase "Fa% A®“/“tigWa lam”, an adjective "tA%L”/” tiqWa” and a noun

“lam”/’a9°* has feminine gender. Therefore, agreement in gender is noticeable between the
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adjective and noun. Similarly, there is an agreement in number since both the noun and adjective

are in singular form.

To propose words in appropriate word form, agreement between adjective and noun should be
considered. Here, we analyze the last phrase from a user‘s to identify if there is a word having an
adjective POS. Along with this, if the proposed word falls in noun category and if it is the first
noun which appears after the adjective, its morphological features are predicted using features of
the adjective, and it is helpful when producing surface words. Algorithm 4.13 is an algorithm

used to predict morphological features of a noun which is preceded by an adjective.

BEGIN
INPUT feature-collection
FOR each feature in feature-collection
IF POS of last feature is in adjective group
GET gender-number-feature
IF gender-number-feature is different from unknown
ASSIGN feature-for-next-word gender-number-feature
OUTPUT feature-for-next-word
END

Algorithm 4.13: Algorithm to Propose Features Based on Adjective-Noun agreement Rule

4.6.3 Adverb-Verb Agreement

Adverbs are modifiers of a verb. In this study, list of time adverbs with their respective tense
and probability is used from previous studies on —Amharic Grammar Checker” [42]. Here, a
word is checked if its POS is an adverb and if it is in time adverbs category. Next, mostly

occurring tense for that adverb is used on the expected verb.

Example: In a sentence, -4%. £ /-Hju gedmo ”, —pLq°/-gedmo—is an adverb and it
mostly appears with imperfective tense type. Therefore, if we assume the expected root word to

be -mT”, =¢l-meTal”/*“£apMA” is proposed to a user.
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To propose words in appropriate word form, agreement among adverb and verb should be
considered. Here, we analyze a given phrase to identify if the last word is time adverb.
Moreover, if the proposed word falls in verb category, its most likely tense is predicted using
time adverbs probability. Algorithm 4.14 is an algorithm used to predict morphological features

of a word given its previous word as time adverb.

BEGIN
INPUT feature-collection list, time-adverb list, input-words, proposed-root-words
IF last-word from a user input is in time-adverb list and proposed-root-word has verb
POS

FOR each word in time-adverb list

IF last-word from a user input==word
ASSIGN tense with highest frequency from time-adverb list to

tense-feature
OUTPUT tense-feature
END

Algorithm 4.14: Algorithm to Predict Tense of a Verb Given Previous Word to be a Time Adverb

4.6.4 Generation of Surface Words

Surface word is a morphologically suitable word that the user intends to type. Surface words are
offered to a user using proposed root or stem words, aspect, voice, tense, prefix, suffix and
features obtained from grammatical agreement rules described earlier. Algorithm 4.15 presents

an algorithm to produce appropriate surface words.
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BEGIN
INPUT proposed-root-words list
READ proposed-affix-features
READ proposed-aspect, proposed-voice, proposed-tense list
FOR each word in proposed-root-words list
IF proposed root or stem word is in verb category
CALCULATE features using subject-verb-object agreement checker,
adverb-verb checker, proposed affix, aspect, voice and tense
GENERATE surface-word given root-words and features
ADD generated word to proposed-surface-words list
ELSE proposed root or stem word is in noun category
CALCULATE features using adjective-noun agreement checker,
proposed affix, aspect, voice, and tense
GENERATE surface-word given root-word and features
ADD generated-word to proposed-surface-words list
OUTPUT proposed-surface-words list
END

Algorithm 4.15: Algorithm to Generate Surface Form of Words
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CHAPTER FIVE

EXPERMENT

Prototype development is one of the objectives of this study. Here, prototypes are designed and
developed for bi-gram, tri-gram and hybrid of bi-gram and tri-gram models in order to
demonstrate as well as evaluate the developed Amharic Word Sequence Prediction Model. This

section presents testing data, the implementation, and experimental results.

5.1 Corpus

To evaluate the proposed model, there is a need to have POS tagged testing data since there is no
any available POS tagger for Amharic language. The testing is done using Amharic news text
having a total of 107 sentences. We couldn‘t conduct the experiment with more test data due to
low response time of the predictor. However, we believe the sentences used are representative.
Here, 87 sentences are taken from the collected POS tagged corpus and 20 sentences are taken
from the training data. Two test cases are prepared, where test case one encloses texts within the
training data and test case two contains texts disjoint from the training corpus. Test case one and
two contains 20 and 87 sentences respectively. Besides, words found in test case one are
manually tagged to their respective POS with the assistance of linguistic experts. Furthermore,
spelling errors, wrong POS information and some typographic errors found on the testing data

are manually checked and corrected.

5.2 Implementation

Prototype is developed using Python programming language. The main purpose of this prototype
is to demonstrate and evaluate the developed word sequence prediction model. Figure 5.1
illustrates prediction result using hybrid model. Components available on these figure are

described below.
° Input area: It is used to accept texts from users.

e List box: It is used to display list of most probable predicted words.
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° Reset button: It is used to reset entered values in the list box and text box.

Here, users type their text in the input area and when space bar is pressed, most frequently
occurring fifteen words are displayed in a list box. Subsequently, a user clicks his or her
preferred word from a given list of word options instead of typing each character. However, if
the required word is not listed in a given option, then a user continues typing in normal way. In
this work, statistical language model is used to predict grammatical features like aspect, voice,
tense, prefix and suffixes, in addition to predicting mostly apparent root or stem words. Subject-
verb-object, noun-adjective, adverb-verb agreement rules are incorporated while generating
surface words. Finally the system offers list of possible surface words with appropriate

grammatical features like gender, number, person, aspect, voice, etc.

PhAEERF <NP> & <>

Figure 5.1: User Interface of Word Sequence Prediction using Hybrid Model




5.3 Test Results

The developed models are evaluated in two ways. In the first case, prediction is accepted as
appropriate if the proposed words are exactly as needed by a user. In the second way, if root
form of the proposed word is proper, then prediction is assumed to be appropriate, even though
its word form is wrong. This is done to assess capability of the model to predict root words and
morphological features separately. Here, we assumed a perfect user who doesn‘t make typing
mistake and picks the appropriate word right away when it is displayed in the list of word

proposals.

The experiment conducted in this research exhibits obtained results based on keystroke savings
(KSS) and using bi-gram, tri-gram, and hybrid models. Keystroke Saving (KSS) estimates saved
effort percentage which is calculated based on (Eq.1) by comparing total number of keystrokes

needed to type a text (KT) and effective number of keystrokes using word prediction (KE).

Table 5.1 shows test result when proposed words are exactly as needed by a user and Table 5.2
illustrate experimental result when root form of proposed word is correct even though its word

form is not appropriate.

Table 5.1: Test Result when Proposed Words are exactly as needed by a User

Testing data Model KT KE KSS
Bi-gram 2118 1804 14.8%

Evaluation  based M) 2118 1564 26.1%

on

test casel Hybrid of bi-gram and tri-gram | 2118 1546 27.0%
Bi-gram 9214 8007 13.1%

Evaluation  based 'p 9214 7608 17.4%

on

test case 2 Hybrid of bi-gram and tri-gram | 9214 7322 20.5%
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Table 5.2: Test Result When Correct Root Word is Proposed though the Surface Word may

not be Appropriate

Test data Model KT KE KSS
Bi-gram 2118 1533 27.6%
Tri-gram 2118 1124 46.9%

Evaluation based on Hybrid of bi-gram and tri-

(et casel 2118|1099 | 48.1%
gram
Bi-gram 9214 6924 24.8%
Tri-gram 9214 6568 28.7%
Evaluation based on - "Hyprid of bi-gram and tri-
9214 6281 31.8%

test case? gram

Figure 5.2 shows sample text written with the assistance of word sequence prediction model. The
text found in Figure 5.2 contains words in italic and underlined. Underlined words are predicted
words exactly as desired by a user and words in italic are words having correct root or stem

proposal but wrong word form.

8ofololit <N> Hé <ADV> IAM@* <VP> JHME <ADJ> av9Asm), <N> Ag, <PREP> ¢-thzh <NP>
hed <N> PG <ADJ> 7Ad <N> 49°0A <N> &, <N> B <N> A780 0+ <VP> harré
<NUMCR> aAf°0vt <NUM> ¢4 <N> (1A <PREP> Lh%Lo- <VP> (v <ADJ> A4Teq
<N> +hé.e <VP> PPk <VP> 32 <NUM> Attt <N> fLFdpd <VP> Arr? <VP> 9167
<ADJ> AT <N> §CF@- <V>

Figure 5.2: Sample Text Written with Assistance of Hybrid Model
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5.4 Discussion

Word sequence prediction using a hybrid of bi-gram and tri-gram model offers better keystroke
savings in all scenarios of our experiment. For instance, when using test data disjoint from the
training corpus, 20.5%, 17.4% and 13.1% keystroke savings is obtained in hybrid, tri-gram and
bi-gram models respectively. The chance of predicting appropriate root or stem is higher even
though it is in wrong word form as shown in Table 5.2. In all cases, KSS is greater when using
test data within the training corpus. However, speed of prediction is not considered in this
experiment due to the fact that Hornmorph takes much time while analyzing a user‘s text and
generating surface words. In cases where Hornmorph couldn‘t generate words that are analyzed
using the same tool, we made an assumption to consider root or stem word itself as the right
suggestion. Word predictors for English [38], Swedish [37], Hebrew [16] and Persian [20] shows
31%, 26%, 29%, and 38% KSS respectively. The approach used in these studies and complexity
of the language varies from ours. Due to this, it is difficult to draw a firm conclusion based on
their findings. However, we believe that the result in this work is promising and can be enhanced
with addition of more linguistic resources in the language model. In this work, the testing result
highly depends on the training data, and due to this the outcome can differ when tested on other

training corpus. Rooms for improvement and extension of this work are presented in Section 6.2.
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CHAPTER SIX

CONCLUSION AND FUTURE WORK

6.1 Conclusion

In this study, Amharic word sequence prediction model is developed using statistical methods
and linguistic rules. Word sequence prediction assists people in their text input means, and there
have been a number of researches done on the topic for various languages as briefly stated in
Chapter-3. Even though there are diverse linguistic researches in Amharic language, there is no

work on the topic of word sequence prediction that considers context information.

This study is set out to suggest the next word to be typed by a user, based on previous history of
words. This is done using n-gram statistical models which are developed using Amharic news
corpus, and grammatical rules of the language. For this purpose, we built n-gram statistical
models of root or stem words, and morphological features like aspect, voice, tense and affixes. In
addition, rules of Amharic grammar like subject-verb-object, adjective-noun, and adverb-verb
agreement rules are incorporated to predict words in appropriate morphological form. Root or
stem words and their respective features are predicted first and then surface words are generated

accordingly.

According to our evaluation better Keystroke saving (KSS) is achieved when using a hybrid of
bi-gram and tri-gram models. In conclusion, the developed model has potential advantages since
an effective word prediction can be carried out using very large corpus size, statistically based
techniques, and linguistic rules. We believe that application of this technology is ample, and
among them, it has capability to bring benefits of fast text typing to virtual keyboards, portable

devices like Smartphone‘s or PDAs, and in assisting people with disabilities.
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6.2 Future work

This work can be extended in many ways to optimize the task of Amharic word sequence

prediction. The following points are suggested for future work.

e Hornmorph program is a work in progress and it has some limitations. For example, there
are words that cannot be analyzed, wrongly processed or cannot be generated at all. Due
to this, training done with wrong morphological analysis result brings erroneous
prediction output. Therefore using high performance morphological analyzer and
generator is recommended to upgrade Amharic word sequence prediction work. This can
help to come up with a reasonable speed word sequence predictor and speed of text entry
can be considered as an evaluation metrics.

e Lack of POS tagger or sufficient size of POS tagged Ambharic corpus makes this task
challenging to keep morph-syntactic agreement complete. We used POS tagged test data
to evaluate our proposed model. However, Amharic word sequence prediction can be
optimized if good Amharic POS tagger is incorporated and if the model is enriched with
POS.

e Word sequence prediction requires quite good quality and quantity of training data. A
model trained with a corpus having errors offers wrong prediction output. Even though
we have used massive size, 125MB, of Amharic text for training, it contains misspelled
words and typographic errors which are almost impossible to correct all of them
manually.We believe using high quality corpora or automatic spell checker while pre-
processing the raw corpus will help to have more proficient Amharic word sequence
predictor.

e In this work, when predicting features like aspect, voice, tense and affixes for a given
root or stem word, the first highly frequent feature is used, but it is not necessarily correct
proposal. Therefore we recommend considering other methods along with highest
frequency to make more precise feature prediction in future studies of this topic.

o Keystroke saving is used to evaluate the developed word sequence model in this work.
However, other evaluation metrics can also be used and we suggest considering other

evaluation metrics in future studies.
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ANNEXES

Annex 1: List of Conjunction Suffixes with their Probability

N Suffix  Probability
0 na T  0.6513
1 m ° 0.2593
2 S 0 0.0744
3 nl 7 0.0083
4 ma “17 0.0043
5 sa a  0.0023
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Annex 2: List of Conjunction Prefix with their Probability

Prefix Probability
Indl &7% 0.4705
I A 0.1249
sl (L 0.3337
IskI &Aah.  0.0032
bl (L 0.0677

A~ W NN = O Z
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Annex 3: List of Preposition with their Probability

wede @L 0.001
Iske Aah 0.0031
slle an 0.005

N Preposition Probability
0 be n 0.4998

1 le A 0.1689

2 Inde &%7%  0.1024

3 ke n 0.1078

4 Iyye Af 0.0305

5 | h 0.0135

6

7

8
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Annex 4: List of POS Tags with their Description

No POS tag Description

1 <ADJ> Adjective

2 <ADJC> Adjective attached with conjunction

3 <ADJP> Adjective attached with preposition

4 <ADJPC> Adjective attached with conjunction and preposition
5 <ADV> Adverb

6 <AUX> Auxiliary verbs

7 <CONJ> Conjunction

8 <ENDPUNC> Sentence end punctuation

9 <INT> Interjection

10 <N> Noun

11 <NC> Noun attached with conjunction

12 <NP> Noun attached with preposition

13 <NPC> Noun attached with conjunction

14 <NUMC> Number attached with conjunction

15 <NUMCR> Number cardinal

16 <NUMOR> Number ordinal

17 <NUMP> Number attached with preposition

18 <NUMPC> Number attached with preposition and conjunction
19 <PREP> Preposition

20 <PRON> Pronoun

21 <PRONC> Pronoun attached with conjunction

22 <PRONP> Pronoun attached with preposition

23 <PRONPC> Pronoun attached with preposition and conjunction
24 <PUNC> Punctuation

25 <UNC> Unclassified

26 <V> Verb

27 <VC> Verbs attached with conjunction

28 <VN> Noun formed from any verb form

29 <VP> Verb attached with preposition

30 <VPC> Verb attached with preposition and conjunction
31 <VREL> Relative verb
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Annex 5: SERA Transcription System to Romanize Amharic

Language using ASCII

) U (A 7 % v v
ha hu hi ha hE h ho
A s A A 0 [\ e
le Iu li la 1IE 1 lo
ch dv ch, h h ch ch
Ha Hu Hi Ha HE H Ho
a av- a1, a a3, 7 P
me mu mi ma mE m mo
w w- L, vl v, Yo bl
"se su Asi "sa "sE s S0
(A + é & & C c
re ru ri ra rE r ro
0 (x (L q (b 0 (
se su si sa sE S SO
a [ 0. q [ a g
Xe Xu X1 xa xE X X0
P ® ¢ & 4 ¢ $
qe qu qi qa qE q Qo
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