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Chapter 1

Introduction

Natural Language Processing (NLP) concerns about giving computers the ability to process human
language consisting of speech and language processing, human language technology, computational
linguistics, speech recognition, and synthesis and machine translations. From these efforts of making
a machine-usable in the arena of human language processing, machine translation has been around
for almost six decades by now [1]. In this chapter, we have discussed machine translation, the gap in
corpus-based Amharic - English machine translation and a proposed solution to improve the translation
accuracy of translating to/from both Amharic and English along with significance and scope of the study.

1.1 Background

Machine Translation (MT) is a subfield of NLP that investigate the use of computers to automate some
or all the process of translating from one langnage to another [2]. There are two approaches to machine
translation, namely Knowledge (rule) based and Data-driven (machine learning based) approaches (3].
The former has fallen to reach much attention since human languages are rich and complex that it could
never be fully analyzed and distilled into a set of rules. The growing nature of every language also makes
the latter approach more preferable, that's why it got a much momentum in the research community
worldwide which allow the computer to discover the rules by itself along with the translation from a
parallel data statistically [4].

In the data-driven approach, early efforts were based to find a sentence similar to the input sentence
in a parallel corpus, and make the appropriate changes to its stored translation which was referred as
Example-based machine translation. Later statistical machine translation has come around on solid
mathematical foundations.

A statistical approach to machine translation is the dominant approach in the field at the moment.
In Statistical Machine Translation(SMT) systems are trained on large quantities of parallel data (from
which the systems learn how to translate small segments), as well as even larger quantities of monolingual
data (from which the systems learn what the target language should look like) [5]. Parallel data is a
collection of sentences corpus in two different languages, the source, and target, which is a sentence-
aligned, in that each sentence in one language is matched with its corresponding translation in the other
languages.

Current trends in SMT have extended the state-of-the-art approach to statist ical machine translation,
so-called phrase-based models by explicit use of linguistic information which may be morphological,
syntactic or semantic [4]. Phrase-based models are limited to the mapping of small text chunks from
parallel data. Integration of additional linguistic markup has shown better translation performance,
both in terms of automatic scores, as well as in producing grammatical coherence for many language
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pairs [6]. This kind of translation models that are developed by incorporating additional linguistic
information is called Factored Translation Models.

Experimental results demonstrated significant improvement of translation quality in terms of accuracy
and fluency have been reported for language pairs including English to Czech (1], English to Tamil,
English to German, English to Spanish and English to Chinese 2], [4].

1.2 Statement of the Problem

Ambharic is the most spoken and the working language of the federal government in Ethiopia|7).It's a
member of the Semitic language family, which has a rich inflectional and derivational morphologies.
This means that a single word in Amharic can consist of a lemma and many morphemes each of which
represents a different meaning. On the other English is one of the simplest languages in the world with
limited inflections|8],

Ordinary Phrase-based statistical methods of translation consider each word form as a separate token
in itself independent of other forms of its own. This means that the translation model treats, say, for
example, the word “0#¥” completely independent of the word “0” Any number of “04” in the
training corpus does not add any knowledge to the translation of “0#¥F» though one is the plural
form of the other in the real world. This approach has limited success rates on translating between
languages to/from Amharic and English due to a very different syntax and morphology 6], A promising
segmentation of morphemes at a word level has been tried between Amharic and English, though it
did not deliver the promised performances for translating to/from Amharic [5]. Amharic also lacks
language resources for Natural language processing tasks. So for such naturally unrelated languages, a
translation system has to handle both natural differences and data sparsity of the language to improve
translation accuracy with the resource at hand efficiently.

There have been some efforts made within SMT to tackle data sparsity for translating from/to Amharic.
In a preliminary experiment conducted to translate from English to Amharic using the SMT approach on
a domain-specific parliamentary corpus, a 0.34% improvement has been reported by applying worpheme
segmentation [5]. The rule-based segmenter used for the study was able to segment a word into smaller
morphemes. For example, the Amharic word 044 PEhe” is segmented into three morphemes “0”’,
wpdre” and “A®” each correspond to a preposition, noun, and adjective marker respectively.
The segmenter was able to segment prefixes and suffixes. The following words CUNLYTS,
VALYTY, QUALYY, (UALYTS, hOA&LYE, hoadyts” were all segmented to “0A&Y1”" by removing
the prefix, suffix or both. This Affix segmentation has helped to decrease the number of
vocabularies in Amharic corpus by 22% [5].

Statistical machine translation effort made for the target of exploring a genuine approach using
limited corpus shows that structural reordering can improve translation accuracy for hierarchical
translation. Though structural reordering has helped to improve translation accuracy against
non-reordered hierarchical translation, both of these translations experiments has been reported
to have less accuracy compared to an ordinary baseline phrase-based translation [6]. Experiments
on the same data set, reordering in the phrase-based model have found to be low in performance
which has less translation accuracy score than the baseline. Further recommendations by the
same authors show that improvements could be made by “applying linguistic features using
morphological analyzer and applying syntactic information using language parser for Amharic
and English languages” [6].
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Relatively recent thesis work in Addis Ababa University department of computer science on
bidirectional Amharic to English SMT using constrained corpus was conducted on two different
parallel texts, one consisting of simple sentences and the other, complex sentences. These
experiments were carried out separately and the result obtained for simple sentences is not far
from complex sentences in both Amharic to English and English to Amharic translations [9].
This implies that unless a corpus is very large or Amharic surface forms changed to its base
forms(lemma) and linguistic information’s incorporated much improvement could not be achieved
towards state-of-art translation performances like other languages.

These experiments demonstrate that the currently dominant phrase-based statistical approach
cannot solve short-comings that the nature of Amharic language imposes to the field since the
problem is not how simple or complex a sentence could be it is rather on how simple or
complex a token is in representing a meaning about the other language pair. This imposes
that unless each word is explained with the possible natural features, morphologically richness
of Amharic will always drain translation accuracy per any language pair whether the target
language has a reach or simple morphological inflections.

On the other hand, a highly related study conducted on Tigrigna which, the researcher claims
factored translation models tends to be far insufficient for English to Tigrigna factored machine
translation, a 16.5% decrement from the baseline system [10]. Contrary to the English-Tigrigna
combination, studies in Turkish [11], Arabic [12] [13], Czech [1], and Tamil [2] languages
have suggested integrating different linguistic information has a directly proportional effect to
increment in translation accuracy. This study reports both morphologically rich and agglutinative
languages has merited from linguistic feature incorporation in which all of them have used at-
least POS tag and lemma of a word as well as an extra specific feature as to the study. Reports
in translation accuracy due to linguistic feature integration and factored translation models has
been very promising and assure.

All the above studies and scenarios designated that there is a gap to investigate on how to
incorporate proper linguistic features for further improvements it promised to other international
under-resourced and morphologically rich languages. The aim of this study is, therefore to
investigate how linguistic information can be incorporated to improve the state of art baseline
phrase-based translation of English texts into Amharic texts or vice-versa. FEach linguistic
information might not have the same contribution in the bidirectional translation, that’s what it
makes a necessity to explore the individual contribution of each to find an effective combination
to improve translation accuracy.

1.3 Research Questions

Basic questions this research thesis have answered are:

* Does incorporating linguistic features to statistical machine translation models exceed
an ordinary phrase-based translation model in translation performance for Ambharic and

English language pair?

* Which linguistic information has mattered the most from POS tags, Lemma of a word,
and Morpheme segments for better translation performance to Amharic and/or English?

+ What combinations of linguistic information has better translation performance?
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1.4 Objective of the study

1.4.1 General Objective

The general objective of this study is to integrate linguistic features to phrase-based statistical
translation models bidirectionally in Amharic - English translation using Factored translation
models.

1.4.2 Specific Objectives

The specific objectives of this study to achieve the overall general objective are:
+ Collection and Pre-processing of parallel (bi-text) and part of speech(POS) corpus

« Develop different POS tagging models using different approaches and select the best tagging
model for Amharic

+ Identify and apply the best POS tag model for English

« Identify and adopt the best available word lemmatizer, morphological segmenter, and
analyzer for both Amharicti.e. HornMorpho) and English (i.e. WordNet, Spacy Neural
POS Tagger)

* Review and identify techniques that enable to employ linguistic features on parallel corpus
bidirectional.

*  Train baseline, tagged and segmented translation models by incorporating linguistic
features using factored translation models.

+ Evaluate, Compare and Contrast the performance of the models to see the impact of a
linguistic feature

1.5 Significance of the study

Significance to researchers

The main contributions of this research work is an academic knowledge on how to integrate
linguistic features to the state of art baseline phrase-based statistical machine translation and
what level of improvement it could add to bidirectional Amharic - English machine translation.
The results can be further adapted with the necessary tweaks from other local Semitic languages.

Significance to other NLP Applications
Further studies on NLP tasks can take this study as an additional component for studies in a

speech to text, text to speech and speech to speech translation regarding English - Ambharic
language pair as well as other Ethio-Semitic languages.
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Integrating linguistic features can also help to solve data sparsity problem so that a better
translation can be modeled with available insufficient data as compared to another baseline
system, on which it needs more data to be on the same level of accuracy. This makes final
translation models portable and simple on which handheld devices can also further adopt the
factored model for translating electronic reading materials from Amharic to English or English
to Amharic to offer cheap, consistent, convenient and fast machine translation for anyone in
need.

In a general manner, this study can be integrated to other NLP applications so that individuals,
enterprises, Language Service Providers, Law firms and Governments can use it in our society
for dissimilation more documents for more audiences. Corporates can also use this with human
assistance to aid translation for increase increased throughput. within applications such as
in information extraction, document retrieval, intelligence analysis, electronic mail, and much
more [14].

1.6 Scope and limitation of the study

The scope of this study is limited to Amharic English Statistical Machine Translation using
baseline phrase-based models and factored models. The study is conducted bidirectionally. i.e.,
from Amharic to English and from English to Amharic since each linguistic feature incorporated
has a different effect on the vice verse translation. Translation accuracy to a very inflected
language and from a very inflected language, i.e. Amharic has been investigated to increase
the performance and accuracy in both directions.

All combination of linguistic information has been used to generate factored models separately
and a comparison will be made to identify the most linguistic information which matters the
most. Linguistic features will be adopted for both the language model and Translation model
in the Factored representation. Since one is interdependent over the other.

Due to limited computing resources translation model optimization or model tuning has been
set to a maximum iteration of 10 for all systems because tuning is the slowest step of the
process. Even in this scenario for factored and tagged feature combinations tunning has taken
more days to complete. Check more on our Experimental setup in Chapter 2 for more.

1.7 Thesis organization

This thesis is organized into six chapters, the first chapter discuss the introduction, statement
of the problem, the objective of the study, scope and limitation of the study, the methodology
followed by research design, data collection, an approach for the study and evaluation procedure.

The second chapter deals with a literature review which focuses on the approach of machine
translation, machine translation tools and related works previously done locally and abroad
prior to this study. Previous studies have been summarized with each other to see what leads
and recommendations they could have in common for this study.

The third chapter deals with an overview of the Amharic language and its relationship with the
English language and discussion challenges the language has by its nature. The orthography of
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the writing system and word formations and morphological characters of Amharic have been
discussed.

Chapter four discuss designing processes of the prototype (translation model including, corpus
preparation, types of the corpus used for the study, used POS taggers, morphological analysis,
morphological segmentation, how linguistically enriched data is prepared and early preprocessing
experiments used to the system.

Chapter five deals with the experiments of the study which include different experiments and
the results of the experiments with the interpretation of findings. Which experiments lead to the
other and which experiments have little or no effect on the translation accuracy improvement
we have been hoping for.

The last chapter covers summaries and conclusion of the findings in this study while articulating
recommendations for further studies in the area.



Chapter 2

Literature Review

Machine translation (MT), a sub-field under Natural language processing (NLP), is the use of
computers to automate all or part of the process of translating from one human language to
another natural language [15). Translating from one language to the other requires a deep and
rich understanding of the source language and the text given and sophisticated vocabulary, rule
and syntax of the target. Using computers to do so make the problem more difficult, fascinating
endeavor to be creative in and tackle.

Although the 1966 ALPAC report conducted on realities of machine translation claims that
post-editing machine translation output was not cheaper or faster than full human translation
among other things usability of lousy boost the field of study. Despite reduced research efforts
due to this report first commercial translations systems came into being in 1976 known as
Météo for translating weather forecasts, which was developed at the University of Montreal and
is still operating ever since [16].

2.1 Why Machine Translation?

Efforts on MT research are not limited to a fully automatic, high-quality translation rather a
rough translation is sufficient enough for browsing foreign material. Recent trends are also to
build limited MT applications in combination with speech recognition, especially for hand-held
devices like Google Assistance and Amazon Alexa.

Major authors in the field of MT categorize its use’s broadly into three categories:

(a) assimilation - the translation of foreign material for the purpose of gisting and under-
standing the content;

(b) dissemination - translating text for publication in other languages for international audience;
and

(¢) communication - such as the translation of emails, live chat discussions [16] [17] [3].

Machine translation may serve as a basis for post-editing, although efficiency is highly dependent
on the quality of MT system post-editor does not need to know the foreign input language.
Monolingual speaks are easy to find than bilingual speakers which reduce the cost for correcting
the output [16]. In countries like Ethiopia where more than one major languages spoken, the
socio-political importance is a favor to count on and get the most out of it [3].
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2.2 Measures for Selecting Machine Translation Tools

In ordinary statistical phrase-based MT system, a toolkit is evaluated based on how much
accurate it is to a reference human translation and how much time and resource does the
data structure took to achieve it are the two main measures to evaluate the performance
effectiveness and efficiency [16]. However, in our case of expressing tokens linguistically, the
linguistic quality and ease of integration with the existing tools are the indicators to favor one
over the other. Linguistic quality is examined by how much the target output it is consumable
by higher-level applications concerning the source intention or means that translated output can
take less time to post-edit with the translation management system. Moses [18] on this regard
comes on top as it is the most widely adopted state of art machine translation toolkit in the
area of SMT.

2.3 Machine Translation Approaches

Early researchers focused on building translation systems using hand-written linguistic rules
which were created by expert linguists. That approach is called rule-based machine translation.
Due to the burden of handcrafting rules with so many decisions those which are hard to
formalize, a new data-driven example-based translation system that has been built especially
in Japan, 1980 trying to find a sentence similar to the input sentence in a parallel text, and
make the appropriate changes to its stored translation [16].

After the late 1980s, a new approach arose for the machine translation problem in the labs
of IBM Research. Researchers started to develop translation systems using parallel texts of
language pairs and use statistics. Since then, research on statistical machine translation has
rapidly grown [17].

2.3.1 Rule Based Machine Translation (RBMT)

Rule-based machine translation (RBMT) is a knowledge-based MT which retrieves rules from
bilingual dictionaries and grammars based on linguistic information about the source and target
languages. RBMT generates target sentences based on syntactic, morphological and semantic
regularities of each language in which the linguistic rules are built on. It converts source
language structures to target language structures and it is extensible and maintainable as in [15]
(19].

There are three methodologies of RBMT systems (see Figure 2.1), namely:
1. Direct Approach
2. Transfer Approach and
3. Interlingua Approach

2.3.1.1 Direct Approach

This is the oldest approach in RBMT in which source language words are translated without
passing through an additional/intermediary representation. The words will be translated as a
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Ficure 2.1: Methods of Rule bused Machine Translation (Source - Learning MT [19])

normal manual dictionary does word by word, usually without much correlation of meaning
between them. Dictionaries and grammars will be used to analyze the source language as well
as to synthesize the target-language text. Meaning SL=+TL transformation is the function of
dictionary lexicons and language syntax.

Language divergence is a common problem in Direct Translation approach on which, lexically
and syntactically similar sentences of the source language are not translated into sentences that
are similar in lexical and syntactic structure in the target language.

E.g. English source text —“just got arrived now” can be translated to “Av-? £40” or “L40”
in Amharic on which the phrase converges to a single word.

2.3.1.2 'Transfer Approach

In Transfer based systems, morphological and syntactical analysis is done on the source language
and syntactic/semantic structure of source language is transferred into the syntactic/semantic
structure of the target language. Here source language text is converted into less language
specific representation and the same level of abstraction is generated with the help of grammar
rules and bilingual dictionaries. In the transfer approach of translation divergence, there is a
transfer rule for transforming a source language (SL) sentence into a target language (TL), by
performing lexical and structural manipulations. (see Figure 2.2)

st Al sis sl st I Syntbiesis I
tent repr repr tenl

SL lexicon SE 11 I lexicon
A e lexical und and gromumaes
structural ruley

FIGURE 2.2: Transfer based RBMT Adopted from adopted from Jaiswal & Ballabh, a
study on MT methods [20]

The transformation process starts with morphological analysis on which surface forms of the SL
input text are classified as of their part of speech tag or sub category (gender, number, tense).
Then lexical transfer is done using basic dictionary translation the source language lemma,
while finally the TL surface forms are generated using morphological generators of the target
language.

While Transfer based approach seems to be more promising than direct translations, the number
of rules will grow drastically in case of general non-domain specific translation systems.
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2.3.1.3 Interlingua approach

In Interlingua approach, it tries to make linguistic homogeneity across the world. Source
language is translated into an intermediary representation which does not depends on target
or any other language. A target language is derived from this assisting form of representation
assuming that SL text concept exists in the intermediary representation.

Although emphasizes on single representation for different languages, the main challenge in
Interlingua approach is that the definition of an Interlingua is difficult and maybe even get
impossible for a wider domain.

2.3.2 Corpus Based Machine Translation (CBMT)

To overcome the problem of knowledge acquisition of rule based machine translation and need
of highly skilled linguists, a new alternative approach for machine translation emerges at IBM
lab in the 1980s by using already available translation using solid mathematical foundations
by modeling translation task as a statistical optimization problem [16]. Corpus Based Machine
Translation (CBMT) uses, a bilingual parallel corpus to obtain knowledge for new incoming
translation. This approach uses a large amount of raw data in the form of parallel text. This
raw data contains source text and their translations. These corpora are used for acquiring
translation knowledge [21]. Corpus based approach is further classified into the following
two sub approaches Statistical Machine Translation and Example-based Machine Translation
Approach.

2.3.2.1 Statistical Machine Translation Approach

Statistical machine translation (SMT) is generated on the basis of statistical models, based on
Bayes Theorem, initially takes the view that every sentence in target language is a possible
translation of any sentence in the source and the most appropriate is the translation that is
assigned the highest probability from the parallel text by the system [16] [21]. The idea
is to find the most probable translation of a given sentence. This approach can be applied
to any language combination that has enough parallel text and requires the least amount of
human effort among all approaches. Though it has previous routes it was reintroduced by IBM
researchers in 1988 [22].

A text is translated according to the probability distribution function indicated by p(fle), which
is the Probability of translating a sentence f in the Source Language (SL) f to a sentence e in
the Target language(TL) e.

The problem of modeling the probability distribution p(e|f has been approached in a number
of ways. One intuitive approach is to apply Bayes theorem (2.1).

o p(fle)ple) 2.1

That is, if p(f|e) and ple) indicate translation model and language model, respectively, then
the probability distribution p(e|f) = p(f|elple). The translation model p(f|e) is the probability
that the source sentence is the translation of the target sentence or the way sentences in E
get converted to sentences in F. The language model ple) is the probability of seeing that TL
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I'icure 2.3: How SMT works?

string or the kind of sentences that are likely in the language E [23]. This decomposition is
attractive as it splits the problem into two sub problems. Finding the best translation & is done
by picking up the one that gives the highest probability as shown in Equation (2.2):

& = argmax p(e|f) = arg max p(fle)p(e) (2.2)

From the formula (2.2), we can see that statistical machine translation problem actually has
three parts, as explained in the mathematics of MT [19]:

1. building a target language model to estimate p(e);
2. building a translation model to estimate p(f|e);

3. searching for a translation e to maximize the product p(fle)p(e), which is also called
decoding [16] [21].

For a rigorous implementation of this one would have to perform an exhaustive search by going
through all strings é+ in the native language. Performing the search efficiently is the work of a
machine translation decoder that uses the foreign string, heuristics and other methods to limit
the search space and at the same time keeping the acceptable quality. Thus SMT depends on a
language model, a translation model, and a decoding algorithm. The translation model ensures
that the machine translation system produces the target hypothesis corresponding to the source
sentence. The language model ensures the grammatically correct output [21] which all can be
described by the following architecture. (see Figure 2.3)

Alongside with source language text for translation, the language model which ensure that
words come in the right order, the translation model which assigns a probability that a given
source language sentence will likely be translation target language sentence are used by the
decoder to compute the one target sentence with maximum probability. Here the language
models are used for assigning a probability to the occurrence of a sequence of m linguistic units
(mostly words or phrases), by means of the probability distribution of all units. The model,
where the probability of a unit depends on the previous n units, is called an N-gram language
model.
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In N-gram language model, the probablity of a sentece S with words Wy, W, Wy ... W, is
shown in Equation (2.3) defined as the probability to observe a sentence in an n-gram language
model [24].

m m

P(ml"“’w"') = I—lp(wlhul" e Wiq) t]'_[p (“’;|“'; (n=1)r+ - Wi I) (2.9)
i=1 =] ;

An N-gram language model uses only previous n-1 words of prior context to estimate the
probability of a given word. This comes from the Markov Assumption, which is the presumption
that the future state of a dynamical system only depends on its recent history[15]). In particular,
a k'"-order Markov Model suggests that the next state of a system only depends on the k most
recent states, therefore an N-gram language model is a n-1 order Markov model. That means,
the probability of observing a word w, in a sentence where previous i-1 words are known,
can be approximated to the probability of observing it in the context of previous n-1 words.
However, when an unseen word is confronted, this model will fail and assign a probability of
0 to the new word. To eliminate this problem of 0 probablity, smoothing methods are usually
applied, such as Kneser-Ney smoothing [24] which is also used in this study.

In any translation system after the language model is computed, the translation model is created
using the bi-lingual parallel corpus. The first step in creating the translation model is the word
alignment. After the words are aligned, two major statistics are derived from alignments;
fertility and distortion [23]. Fertility is the number of target language words generated for a
source language word. Distortion is the position difference between the target language word
and the source language word in the sentence.

Searching is done after finding all possible translations of a given sentence. Using language and
translation models created above, probabilities for partial alignments are computed. Basically
its a process of stacking the promising partial alignments, which have higher probabilities and
extend the stack until a complete translation is achieved for a given sentence S.

In SMT, Phrase-based approach is the most common statistical method in use[16]. It's as a joint
probability method for learning words and phrases from the bilingual corpora. In the classic
phrase-based approach, a word is represented as a single token where as later variants of it
allow other linguistic information to go with it. These are syntax-based [25], hierarchical [26]
and factored [4] phrase-based approaches [27].

2.3.2.1.1 Factored phrase-based approach

In factored phrase-based approach, a word is represented as a vector of factors each of which
serves as different levels of annotation. Figure 2.4 is adopted from [4] to give an illustration
of factored representation of words.

In this study, for a bidirectional English - Amharic translation system, we adopt the factored
phrase-based approach and explored its potentials for these language pairs.

As phrase-based models, factored translation models can be seen as the combination of several
components (language model, reordering model, translation steps, generation steps). These
components define one or more feature functions that are combined in a log-linear model:
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| Input | Output |

[_wor [_word |
lemma @ J

part-of-speech el | partol-speech

morphology morphology |

Ie

i

word class [ word class ]
Fiaune 2.4: Representations of input and output in factored SMT(source « Koehn &
Hoang [4])
'l n
plelf) = zt‘XPZ;’L,h,(E,f] (2.4)
=]

Since Z is a normalization constant in Equation (2.4) it is ignored in practice. To compute
the probability of a translation ¢ given an input sentence f, we have to evaluate cach feature
function /i;. For instance, the feature function for a bigram language model component is (m
is the number of words ei in the sentence e):

hiam(e, f) = pivle)

2.5
= p(ey) p(ezler) ..p (emlem-1) o

If we we specifically see the feature functions introduced by the translation and generation
steps of factored translation models. The translation of the input sentence f into the output

sentence e breaks down to a set of phrase translations {(}’j,é,) }

For a translation step component, each feature function hT is defined over the phrase pairs
{(,f,,f’;)} given a scoring function [16]:

hief)=Y 7 (7,,@,) (2.6)

I

For a generation step component, each feature function hG given a scoring function 7 is defined
over the output words (ey) only:

he(e £) =Y 7 (ex) (2.7)
k

The feature functions follow from the scoring functions( 7,7) acquired during the training of
translation and generation tables [4].
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2.3.2.2 Example-based Machine Translation Approach

Example-based machine translation (EBMT) also use bilingual corpus with parallel texts as its
main knowledge, in which translation is done by analogy. An EBMT system is given a set of
sentences in the source language and corresponding translations of each sentence in the target
language with a point to point mapping. These examples are used to translate similar types of
sentences of the source language to the target language.

There are four tasks in EBMT: example acquisition, example base and management, example
application and synthesis. At the foundation of example-based machine translation is the idea
of translation by analogy. The principle of translation by analogy is encoded to example-based
machine translation through the example translations that are used to train such a system [21].

| English - Amharic

How much is that red shoe? | 2 g me 99 PUA 02
How much is that small camera” | £ %0 Wote. 9% FUA 102
' How much does that car weigh” | £ e g nger A% 102
' How much price for that shoe? | £ =@ eao- (31 @7

TABLE 2.1: Sample EMBT by of & minimal pairing Ambaric vs English phrases (source-
Martha Yifru [28])

The example in the above table above shows an example of a minimal pair, meaning that the
sentences vary by just one element. These sentences make it simple to learn translations of sub
sentence units. EBMT is an attractive could yield better translation but it requires analysis and
generation modules to produce the dependency trees needed for the examples database plus
computational efficiency is another bottleneck especially for large databases [21].

2.3.2.3 Hybrid Machine Translation Approach

By taking the strength of both statistical and rule-based translation methodologies, one can use
both together, namely a hybrid-based approach, which has proven to have better efficiency in
the area of MT systems [21].

The hybrid approach can be used in several different ways. In some cases, translations are
performed in the first stage using a rule-based approach followed by adjusting or correcting
the output using SMT information. In the other way, rules are used to pre-process the input
data as well as post-process the statistical output of a statistical-based translation system. This
technique is better than the previous and has more power, flexibility, and control in translation
and proven serious efficiency several governmental and private based MT sectors [21].

2.4 Related Studies

English, being currently the dominating language for communicating internationally, it is es-
sential to prioritize the language pairs involving English as the source or the target language
in translation tasks. With this view, research on machine translation on the Amharic-English
(or English-Amharic) language pair has increased in recent years.
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However, statistical machine translation from English to Amharic is still challenging in many
aspects. Because of the linguistic differences between these languages discussed in Chapter
3 Section 3.5, building a robust machine translation system for this language pair is harder
than doing it for linguistically closer languages. Baseline Machine Translation track shows that
systems built upon linguistically close language pairs are more successful than the other systems
in terms of BLEU scores. On the hand, linguistically different languages need further processing
than baselines to get the same or near results [13].

There are a considerable amount of studies, both published and unpublished, done to solve
the problem of Machine translation for Amharic with other languages. These researches were
conducted in different languages employing a variety of different approach and methodology
for both local and foreign languages.

In this study, we have reviewed key studies done locally and globally specifically on machine
translation to or from Amharic or vice versa to any language pair, along with sibling Ethio-
Semitic, Semitic and other globally related morphologically rich languages.

2.4.1 Studies on Ethiopian languages

Here listed are major researches conducted on Amharic and other similar Ethio-Semitic languages.

Preliminary Experiments on English-Amharic SMT (EASMT)

This experiment was conducted by Mulu and Besacier [5] in Addis Ababa University IT Doctoral
study, following the statistical approach which relies heavily on bilingual parallel aligned corpora
of the source and target languages. Following the baseline phrase-based models of SMT, they
collected the English-Amharic parallel corpus from parliamentary documents that exist online
plus those collected manually are used for the preliminary experiment on EASMT.

Preprocessing tasks have been conducted on each corpus found from Federal Negarit Gazeta to
retain and convert the full content into a valid Unicode text format suitable for the MOSES SMT
system. Further alignment tasks were conducted using Hunalign along with manual trimming
tasks.

The experiment has been conducted using 18,432 English-Amharic sentence pairs with a total
of 500K English and Ambaric tokens extracted from the parliamentary corpora to measure the
accuracy of the translation system. Accordingly, the baseline phrase-based BLEU score result
was 35.32%. Further by applying morpheme segmentation to the Amharic result set a 0.34
score increase in BLEU has been achieved which is 0.92% increase compared to baseline [5].

Making Amharic to English Language Translator for iOS

Because there was still no language translator for Amharic-English language pair on the iOS
platform, Hana developed an SMT model which was later consumed by Microsoft Translator
Hub and accessed using Microsoft Translator APIs so that it is more accessible from phone.

She adopted 100k freely available Muslim Quran corpus from OPUS free content by selcctipg
sentence whose token length is between 8- 18 resulting in a BLEU score 7% due to fewer quality
data. As a software engineer practitioner, the author claims it was enough to proceed to develop
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i0S bundles and HCI modules for Amharic characters. To improve the poor translation quality
the author concludes to improve quality of the parallel text.

English to Amharic Machine Translation Using SMT

Like the other similar studies, this paper also deals with the translation of English to Amharic
using statistical methods. Ambaye and Yared [6] have conducted the research aiming to be a
standpoint for similar researches. They have conducted the study by applying both phrase-based
and hierarchical approaches of SMT a first attempt to study both approaches using the same
data.

After prepossessing of a raw data collected from Ethiopian constitution Negarit Gazeta Awaj,
Bible books and some international regulations and Ethiopian governmental portals for a final of
37,970 bilingual sentences were collected. Additionally 68, 816 monolingual sentences were also
collected from known web news agency like Ethiozena, Ethiopian reporter, Walta information
center and Addis Admas using web mining for language modeling [6].

Using Moses, Giza++ and IRSTLM as a major toolkit a translation accuracy in terms of BLEU
Score of 18.74 was achieved through Phrase-based translation models while the same data
hierarchical translation model system scores with BLEU of 8.43 even if better in reordering than
phrase based. The researchers further select only simple English phrases to see their output on
translation accuracy. To do so they select 12,5637 simple English phrases which are translated
as Amharic words the score is improved to 23.16 for the phrase-based model and 11.24 for
hierarchical model [6].

Bidirectional English-Amharic MT: An Experiment using Constrained Corpus

This research work also implements a statistical machine translation approach. In order to
realize the goal, two different corpora were prepared and collected; the first corpus consisted
of simple sentences and the other, complex sentences. Two language models were developed,
one for Amharic and the other for English so as to ensure a bi-directional translation.

Simple sentences corpus was made manually and the other complex sentence corpus was taken
from the Bible and Public Procurement directive of the Ministry of Finance and Economic
Development of Ethiopia. The former consists of around 1,020 simple sentences while the
other consist of 3,488 complex sentences. Corpus was verified by a certified linguist for proper
categorization and correctness, which makes it by far the first of its kind to use linguistically
checked corpus.

The experiments were taken separately, one for the simple sentences and the other for complex
sentences. The result obtained for the simple sentence using BLEU Score had an average of
82.22% accuracy for the English to Amharic, 90.59% for the Ambharic to English. For the
complex sentences, the result acquired from the BLEU Score was approximately 73.38% for the
English to Amharic, 84.12% for the Amharic to English [9]. As can be noted from the results
this study has the maximum score of all studies reported due to the nature of the data. Simple
constrained corpora tend to work in favor of the translation accuracy in this study since these

data are manufactured.
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Bidirectional Tigrigna - English Statistical Machine Translation

This study is by far the most recent work conducted on Ethio-Semitic language specifically
on Tigrigna - English SMT explored improving translation accuracy by applying linguistic
information [29].

Experiments were conducted in three sets baseline phrase-based machine translation system,
morph-based employing unsupervised morphology leaning and post-processed segmented sys-
tems. The researcher collected digitally available Tigrigna and English versions of some chapters
of the New Testament of Holy Bible and FDRE constitutions texts, Using these 6,000 parallel
texts collected, dividing 90% for training and the reaming 10% for testing, he has found a trans-
lation accuracy of 18.65% for English - Tigrigna and 36.40 Tigrigna - English using baseline
phrase-based machine translation. Using the same data set the unsupervised morpheme-based
MT accuracy has degraded to 13.44% and 35.66% respectively.

Considering that the segmentation learner used is unsupervised, the segmentation is based on
the frequency of the morphs within a limited corpus, the author decided to post-process the
segmentation model so that it only focused on segmenting Tigrigna conjunctions and prepositions
namely “¥, “’, ‘W, <3 ¥, ‘@, referring to “For”, ‘By*, ‘While’, ‘“And* and “Also’ in the
English. The result obtained from the post-processed experiment has outperformed the other
two experiments, by a BLEU score of 22.46 % for English — Tigrigna and 53.35 % for Tigrigna
- English and translations [29] suggesting that applying preprocessing and post-processing
techniques help for translation accuracy for Ethio-Semitic languages.

English -Tigrigna Factored Statistical Machine Translation

But the author also claims the low performance of the factored system is due to the POS
tagger and morphology analyzer used in the study. POS tagger used was trained using 1,018
manually tagged words prepared by the researcher himself without any linguist advisory which
might not be greater than 100 sentences compared to 17,649 parallel texts. The stemmer used
also performs very low which left most of the corpus unsegmented propagating the error to
the translation model, not even checked with gold standards rather only the researcher corpus.
Despite all the deficiency of resources a 16.5% translation accuracy of factored models was a
great accomplishment but international works promise an improvement using factored models
as discussed in the literature below.

A factored English to Tigrigna translation was conducted using a Statistical machine translation
approach using 17,649 sentences collected from VOA news and the Bible. This data has a
total of 500,000 tokens used for training and testing translation system. The author conducted
his experiment employing three types of corpus namely baseline, Segmented and factored
corpus that integrates linguistic knowledge at the word level. Preprocessing, morphological
segmentation, stemming and POS tagging were performed to prepare the factored corpora based
on the researcher judgment.

The factored corpus has shown a decrease 4.53% from the baseline system on which the base-
line phrase-based translation has a translation accuracy of 21.04% while the factored has 16.5%.
The researcher believes that the low performance of the factored system is accounted to the
POS tags attached since the tagger was trained using a small 1,018 words manually tagged and
prepared by the researcher without any linguist advisory which might not be greater than 100
sentences compared to 17,649 parallel texts which have 500k tokens. The unpublished stemmer
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used also performs only 85.8% which left 15% of the corpus unsegmented propagating the
error to the translation model, not even checked with gold standards rather only the researcher
corpus [10].

Constituting all these problems it is by far to the researcher knowledge, the only paper to
report a decrease to translation accuracy by integrating linguistic information to the compared
to the baseline system.

What makes previous local studies similar?

The major data sources for researches conducted so far on Ethio-Semitic languages, for par-
allel corpora are the Holy Bible, FDRE Constitution, FDRE Criminal code, the regional state
constitution, and international conventions. All of the researchers claims data collection was
challenging and spent more time on the collection and preprocessing more than on the actual
experiments. If there was a standardized corpus, which can be used as a baseline for conducting
and evaluating studies from one another it could have been easier the compare and contrast,

It is hard to compare results each study have reported due to the nature of the difference in the
data adopted for each study but we can see all the results are not satisfactory when compare
to state of art SMT results. In a matter of fact that incorporating linguistic features has no
been done for Amharic is a huge endeavor to explore for the seeking of knowledge due to the
nature of the language and data sparsity between Amharic and English.

2.4.2 Studies on Foreign languages

Here listed are major researches conducted on Semitic languages abroad and other Morphological
Rich Languages.

Linguistic Factors in Statistical Machine Translation Involving Arabic Language

Arabic has a rich morphology compared to the English language and is considered as one of the
morphologically rich languages. This fact adversely affects the performance of English-Arabic
SMT. Phrase-based SMT models have a limitation of mapping phrases or blocks from the source
to the target languages without any use of linguistic information [12]. In this study, the author
incorporating linguistic tools, specifically, the use of POS tagging incorporated as a linguistic
feature in a factored translation model and its impact on translation quality for English-Arabic
machine translation is reported.

Experiments were carried out on the Arabic English Parallel News Text Part 1corpus available
free in Linguistic Data Consortium (LDC), contains 68,685 news text sentence pairs from the
Linguistic Data Consortium catalog, 2 Million Arabic words and 2.5 Million English words
aligned at the sentence level. The English and Arabic corpus were tagged with the Stanford
Log-linear POS Tagger using the Penn Treebank tag set [12).

Results were compared on translation quality obtained from the baseline svstem, which contains
only the surface form of the words, with the morphologically extended system by the POS model.
For the baseline system, a 60.95% score for BLEU and POS model revealed scores of 63.94% on
which system with POS factor improved the translation quality with 2.99% BLEU scores over
the standard surface-based system.
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Factored Statistical Machine Translation System for English to Tamil Language

Highly rich morphological nature of the Tamil language makes automatic machine translation
to English a challenging task. Morphologically rich languages need extensive morphological
preprocessing before the SMT training to make the source language structurally similar to target
language [30].

Since English and Tamil languages have disparate morphological and syntactical structure, the
authors' proposed work is to develop a machine translation system which pre-processes the
English language sentences according to the Tamil language. These pre-processed sentences are
given to the factored SMT models for training and the output converted back to its surface
word from using Tamil morphological generator.

Experiments were conducted with nine different types of models, which are trained, tuned and
tested with the help of general domain corpora of 6,500 parallel sentences for training, 1462 for
testing and 500 used for tuning along with developed linguistic tools. The baseline phrase-based
model using the surface forms of the words without any additional linguistic knowledge which
has a BLEU score of 1.07% was outperformed by Factored System + Rule base Reordering +
Compounding + Morph Generator which has BLEU score of 4.14%. The factored model has
even exceeded the online Google Translate by 6.66% measured by a Multi-BLEU scoring.

English-to-Czech Factored Machine Translation

Being a Slavic language with very rich morphology Czech has free word order. To handle rich
morphology of the language the author has used a News Commentary corpus of 55,676 pairs
of sentences for exploring the effect of factored translation model in translation accuracy for
English-to-Czech machine translation [1].

The Czech part of the corpus was tagged and lemmatized using local proprietary Czech toolkit
while the English part was tagged using MXPOST and lemmatized using the Morpha tool. This
study incorporates lemma and morphology of after basic pre-processing along with the baseline
input word forms to output word form translation. Two types of language models have also
been used, a 3-gram LM over word forms and a 7-gram LM over morphological tags. This
experimental setups using Moses toolkit reduce the risk of early pruning, the generation step
operationally precedes the morphology mapping step.

All linguistic factors incorporations experimented with multi-factored phrase-based translation
aimed at improving morphological coherence in English-Czech MT output has show result
improvement in BLEU scores by explicit modeling of morphology and using a separate mor-
phological language model to ensure the coherence. Using multiple linguistic features together
a score of 12.9 has been improved to 14.9 by incorporating full Czech POS tags, lemmas, and
morphology, a 21% improvement over the baseline [1].

Head Finalization and morphological analysis in factored phrased-based SMT from English
to Turkish

In this study, an approach for translating from English to Turkish is inlrodl_lced by incorporating
linguistic features. Turkish is an agglutinative language with a free constituent order, whereas
English is not agglutinative and the constituent order is strict plus there have been reported for

lack of data between these two languages [31].
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This study represents English and Turkish at morpheme-level but also applying a Head Fi-
nalization reordering technique which was successfully used for other languages, which are
grammatically similar to Turkish. The author has divided the experiment into six for compari-
son, baseline, POS tagged and factored with a combination of the token lemma and morphology
segments and then reordered of this there experiments. The reordering was conducted before
adding any linguistic information so as to match English and Turkish word orders.

Using 54,391 sentences pairs from the European Union, European Court of Human Rights
documents and several treaty texts the author reported improvements in reordering and factored
morpheme segments representation, an increased BLEU score from a baseline score of 19.62 to
30.93, which corresponds to an increase of 67% [31].

2.5 summary

While there are complications on the studies conducted including Ethio-Semitic languages as a
source or a target, factored studies on Semitic languages like Arabic have paid off significant
improvements over baseline systems. Similarly, studies on Tamil and other morphologically
complex and agglutinative languages like Turkish and Czech have reported major improvements.

On the contrary, the factored model for Tigrigna - English translation did not bring any
improvement to the performance of the SMT system. As in the study, these are because of the
underdeveloped POS taggers and Tigrigna stammer used [10]). A POS tagger developed on 1,018
words and stemmer with less vocabulary coverage, has less prediction to a general document in
real-world. The low accuracy has propagated to the factored models and they have negatively
affected the translation accuracy by misleading the translation tables in training.

While both Amharic and Tigrigna are under-resourced, Amharic has better NLP resourced
compared to Tigrigna. We are going to compare and contrast the best methodologies to adopt
than in the Tigrigna to avoid pre-underdeveloped assumptions for our translation. There are
also POS tagging and lemmatization studies to adopt for Amharic than Tigrigna. Considering
all the above we expect significant improvement for Amharic-English language pairs when
incorporating linguistic features due to the nature of the language and the available resources.
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Ambharic Language

3.1 Overview of Amharic Language

Ambharic (A"IC¥ Amarena) is a Semitic language that is spoken mainly in Ethiopia. Though
many dialects are spoken throughout Ethiopia (including Amharic, Tigrinya, Oromiffa/Affan
Oromo, etc), Amharic is the most popular and widely used. Since it is the working language
of the Ethiopian government, it has gained an official status and it is used throughout the
country [7] [32].

There are more than ninety languages that are spoken in Ethiopia (according to the 1994
Fthiopian census conducted by Ethnologue). Amharic is spoken by more than 17 million
people, which is about one-third of Ethiopia’s population (and another third speak the Oromo
language). It has been the language of the court and the dominant population group in Highland
Ethiopia since the late 13th century. It is spoken to some extent in every province, including
the Amhara region [7].

The history of Amharic language traces back to the 1st millennium B.C. to the days of King
Solomon and the Queen of Sheba. Historians explain that immigrants from southwestern Arabia
crossed the Red Sea into present-day Eritrea and mixed with the Cushitic population. This
union resulted in the birth of Ge’ez (16m), which is the language of the Axum Empire of
Northern Ethiopia. It existed between the 1st Century A.D. and the 6th Century A.D. When
the power base of Ethiopia shifted from Axum to Amhara between the 10th Century A.D. and
the 12th Century A.D., the use of the Amharic language spread its influence, hence becoming
the national language.

Ambharic is also one of the most widely studied languages in Ethiopia. It is also used as a
medium of instruction for primary level education in Addis Ababa, the capital city of Ethiopia.
It is part of the school curriculum in most elementary and secondary levels of education. It
is also studied in various universities in America and other developed countries as an elective
course.

Ambharic belongs to the Semitic group (like Arabic and Hebrew) within the Afro-Asiatic family
of languages. About 50 other Semitic and non-Semitic Afro-Asiatic languages are spoken in
Ethiopia alongside Amharic. Unlike Arabic, Hebrew or Syrian, Ambharic is written from left to
right.

Like other Semitic languages, Amharic has a very elaborate verb morphology. An Amharic
verb root consists of a set of (usually three) consonants. Depending on the tense, and other
grammatical features, the consonants may be separated by particular vowels and possibly
geminated (doubled). A verb form normally also has one or more suffixes and possibly one or
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more prefixes as well, agreeing with the subject and sometimes the direct or indirect object
of the verb. Complicating things further (at least for the adult second-language learner), there
are at least ten different classes of verbs, each modifying its stem in a different way for the
different forms. Like Japanese and many other languages, Amharic is a verb-final language.
Ambharic nouns are relatively simple by comparison, though they may take suffixes indicating
possession ('my', 'his', etc.), plural, and a few other grammatical functions.

Unlike most African languages, Amharic has been a written language for many years, at least
500. It is written using a syllabic writing system that is unique to Ethiopian Semitic languages.
Compared to other African languages, Amharic has a fairly sizable written literature [33].

Since Ambharic is the most widely studied language [34], [35] compared to other local languages,
we describe only the Amharic verb Morphology and sentence structure which is the most relevant
to our study.

3.2 Ambharic Orthography

Amharic is written in Ethiopic or Fidel(&£A), which is the writing system also used by Tigrigna.
Unlike Arabic, Hebrew and Syriac, which have their vowel signs written independently above,
below, or within the letters, the Ethiopic writing system attaches its vowel signs to the body of
the consonant, so that there are as many modifications of the form of each consonant as there
are vowels. Amharic is a syllabary writing system where each character represents an open CV
syllable, i.e., a combination of a consonant followed by a vowel [36] [33].

The Ethiopic alphabet has 33 basic characters. Each such character is modified in some regular
fashion to reflect the seven vowels of the language. Therefore, there are in total 33 x 7 = 231
characters. Even though the Amharic alphabet is Unicode standard, it is sometimes convenient
to represent it in ASCIL. Written in SERA [36] (System for Ethiopic Representation in ASCID,
the basic characters which can also be called the consonants of the language are in alphabetic
order:

C=1fh, 1, H m 8, r, '8, X, q, b, t, ¢, 'h, n, N, a, k, K, v, 'a, z, Z, ¥, a5 16 g+ 115
C, B, 8, "Bjdyipl

As one can see in the Appendix A the vowels are
V=1[e,u I, a, E, I, o]

In some cases, more than one constant can be used to represent a sound in Ambharic. So
Ambharic identifies 28 unique sounds out of 33 basic constants. Those repeated constants are:

*(h, H, ‘h]l= [0, &, ]
*[s, s ]= [, 0 ]
* [S, S Jun, @]
*[a,cal=[n 0]

The letters in each set represent the same sound. For example, an Ambharic worfi that has the
letter h’ can be written in three equivalent ways and it is important to recognize this letters
in NLP tasks, they must be treated as one [37]. For a list of all letters see Appendix A.
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When it comes to punctuation marks, some in Amharic are as similar in English. But there
are major differences; e.g. in Amharic, four points (2 consecutive colons) are used to mark the
end of a sentence plus English uses comma while Amharic uses a colon with a bar. Amharic
follows the SOV language pattern agreement where words are separated by space. Except in
poems, the head verb is usually at the end of a sentence [37].

3.3 Ambharic Morphology

Ambharic has a complex morphology. Word formation involves pre-fixation, suffixation, in-
fixation, reduplication, and Semitic stem inter-digitation. Like other Semitic languages, Amharic
verbs and their derivations constitute a significant part of the lexicon. In Semitic languages,
words, especially verbs, are best viewed as consisting of discontinuous morphemes that are
combined in a nonconcatenative manner. Verbs are commonly analyzed as consisting of root
consonants, template patterns, and vowel patterns is a major character of Semitic languages.
Except for very few verb forms (such as the imperative), all derived verb forms take affixes to
appear as independent words [38].

Most function words in Ambharic, such as Conjunction, Preposition, Article, Relative marker,
Pronominal affixes, Negation markers, are bound morphemes, which are attached to content
words, resulting in complex Amharic words composed of several morphemes. Nouns inflect
for the morph syntactic features number, gender, definiteness, and case. Amharic adjectives
share some morphological properties with nouns, such as definiteness, case, and number. As
compared to nouns and verbs, there are fewer primary adjectives. Most adjectives are derived
from nouns or verbs. Amharic has very few lexical adverbs. Adverbial meaning is usually
expressed morphologically on the verb or through prepositional phrases. While prepositions are
mostly bound morphemes, postpositions are typically independent words [38].

Amharic verbal stems, consist of a ‘root + vowels + template’ merger. For instance, the
root verb sbr + ee + CVCVC leads to form the stem seber (‘broke’). In addition to such
non-concatenative morphological features, Amharic uses different affixes to create inflectional
and derivational morpheme. Affixation can be prefix, infix, suffix, and circumfix. To study
the word-formation of Amharic language through its morphological complexity, it’s better to
understand by looking at the word-formation process through inflection and derivation.

3.3.1 Word formation

Amharic morphology is complex, particularly verbs employing not only prefixes and suffixes
but also modifications of the typical consonantal root-and-pattern type [39]. Amharic noun and
adjectives are inflected for case, number, gender, and person whereas verbs are inflected for
person, number, gender, tense-aspect-mood (TAM) and case. Verbs may also contain a pronoun
object marker. The order of the affixes is fixed in the language in such a way that the subject
agreement comes right after the stem, followed by the direct object agreement and then by the
dative (benefactive, olfactive, instrument marker) and finally by the indirect object agreement.
Any exchange of the position would result in an exchange of role in the grammatical functions
of the respective agreement affixes [40].
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4.3.1.1 Inflectional behavior

Verb

Verbs are inflected for person, gender, number, aspect, tense, and mood [32]. For indicating
a person, gender and number suffix are added to the stem, see Table 3.1.

1.  Person, Number, Gender, Case

| Person(Subjective Case) | Gender | Singular | Plural

| -Pim i I l ane-he AC-3 |
Second Masculine | anc-h/v | anc-xFo-
R B o o ancTd o anc-wTe-
Third Masculine | OAG-A | ANG-Ae |
Feminine | ONCRT | A0C-h

TABLE 3.1: Inflectional behavior of Amharic verbs

2. Tense / Aspect

Tense has a different format, present tense in the Amharic language is indicated using the
verbs «y@- «_ For past tenses “¥C* is used. For continuous tense form “A¢-¢« prefix is
used. If we insert a verb “ym « or “yc “ to the end of Amharic sentence along with
continues form indicator, the form will have present continues or past continues tense
form respectively.

Other inflectional behavior, shown in Table 3.2 is indicated by benefactive and olfactive

indicators.
Benefactive | Malfactive l
o S| MCKAT | ancKA
: 5 Plural ANC-AY Ane-A7y
Masculine | ONG-AY _t_\-_ﬂ"(;-ﬂll
R s - Feminine _ﬁ_!l(:__l:\'ﬂ _ﬂﬂ(_'z'ﬂ'ﬂ '
nd person FpTural ac-Ate- | anc-aFo-
TPolite | AC-Maet | ANC-AOE |
Masculine | anG-Rad | anc-Aor
Feminine | ONC-RAT | anc-Rad
Brd person |- g Ao | ang-aTe
" Polite _‘ aNe-ATa- l‘lﬁf—iﬁ’ﬁﬁ? I.

TasLE 3.2: Inflectional behavior of Amharic verbs (benefactive and malfactive)

3. Mood

There are four moods in Amharic: declarative, interrogative, negative and imperative.
Verbs can take different forms according to the mood as shown in Table 3.3.

Noun

Amharic nouns can be marked on numbers, definiteness, gender, and case (Yimam, 2000).
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| i £ T~ __—_Ijt-ri:tmti—\-:_ .;'.__I.'_""ﬂ'_'!‘_"_l.“f I'."\E_-'g_an\--- [ Imperaltive
| I st person _S;ﬂg_l!htr __n‘EE_.____ ‘ ﬁ-ﬁﬂ(: - Mh'mc

[Plural %00 | -3-Anc | hA-3-A0C

Masculine | #-a¢ T %a0c [ Araac | anc

' dnd Dot Feminine | F-00C-A | Fa0Ch | NEANCA | ANC-A
Plural T MG - A PMICK NG A A0C-N

5 Polite L1 SR I ¥ SR X VI T S T To SO
Masculine | £-00¢ | eac Y T ITE O Y TS

e person |_Feminine | F00C T F-AC ARG | F-00C

- [Plural LOOCHA LGN ARG A LGN
Polite T £-00CA | £0Ch | AEAC A £0C N
TaBLE 3.3: Inflectional behavior of Amharie verbs (mood)
Number

Noun number markers are “-A%+ suffix for the noun which ends with a consonant and”-
@3 suffix is used to the noun with vowel ending. For indicating personal pronoun and
the proper noun “Ay-* prefix is used. The plural form can be formed by repetition, for
instance, the plural form of “#mA” will be “PmA®ma” and the borrowed nouns from
Geze is formed by “-A¥F «. 3 or «.A¥« morphemesla1]. Sample inflection by number
are shown below in Table 3.4.

Noun in singular Form | Description of the Noun | Morpheme | Plural Form

n< L ending with consnanat | -MF 07+ AF = (09
B A ending with vowel B R VR 2 N 22 0
N personal pronoun RS TN« N = Y
CPma “plural formation by repetation Foa-hrmaz(Pmarmal
Cangryc [ == i =T | amgrie) >,
F NI - oan words from Geez Neant

TABLE 3.4: Ambharic Noun Inflection by Number

Definiteness

Definiteness indicated by the affixation of morphemes or vowels based on the number,
gender, and/or ending of the noun. A morpheme that indicates a singular masculine
is*-h» suffix and singular feminine are indicated by using “-¢ or “-A-h« suffixes. The
plural marker is “-A¥-A-. The above morphemes are used for the nouns with consonant
endings. On the other hand, the noun which has vowel ending will have “.a suffix for
singular masculine indicator and singular feminine “-9¢ or “-£4* is used. For the plural
indicator “-9%-h is used as shown in the examples on Table 3.5.

Gender

Gender defnitive is as smilar as the above number defnitive by affiation of the morpheme
At oor -k
e.g.

07 - A o= [0

09 -h o= (0]
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finite f\'n}m I-I'l:Tt-l_i;ﬁ tifﬁfv_ é‘_ljl_lll-F.\;ilEli)t"I Gender | Definite Noun
' N Fominine 09 -9 = [09¢) /7 07 Ak = [004)
J 5 g | - + -
| Consonanat | m_”llm [ Masculine | 19 & = O
_ [Puml [T RN = [09%] |
Sisanter Feminine | AUf -9 = (AFP] / MF -2 = (hgget]
Vowel _— | Masculine | WS-@- = (hvrar) |
L1 AT Y 2.2 S (7 —
TasLE 3.5: Definiteness by affixation of morphemes
s AP - o= (A7)
¢ Nl -0 = [(dar]
Case

Case indicator can be an objective case by using “-3 or possessive case by the affixation
of morphemes or vowels based on a person, number, gender, and/or ending of the noun
(personal pronouns by prefixing “¢-“). see examples listed on Table 3.6 about possessive
cases for both singular and plural Amharic Nouns.

' Subjective case | Ending of noun Person | Number | Gender | Possessive case
' i T 1 Singular \ C0M-h N
First  phiral | L0 ATFH0 T
' ” T Masculine | 0-u(nw)
' . Second Stngujar Feminine | 09 a0 '|
n< Ending with consonant Prural I Y T JT3) 1
o Hinp,ulnr_ 'j:!__\___la_m_{-_il‘ilrlv : 09-h(07) :
Third Feminine | 07-P0177)
. Plural T AT T
SFT ] | Singular | LAV (L) |
Fist Bl T [ WEATY FFD |
=3 5 | Masculine | Auf-v (hwfw) |
i 4 : Second Singular Fominine | AESR (et ]
i huf Ending with vowel Pliral — FaufnFo (WEF) |
' . [Masculine | A\UF-@* (AUFO®) |
| Third Stngular Fominine | ADL-P (hgee)
"Plural | ":'hu,t_’-)\iﬂ‘_fhﬁf’l‘ﬂ'l_l

TABLE 3.6: Inflectional behavior of Amharie Nouns

Adjective

Adjectives are marked by numbers, gender, definiteness, and case (Yimam, 2000). The number
marks are “-A¥* for consonant ending and “-#¥* for vowel ending. Repetition of consonant

could

also mark the plural form of adjectives like % % BN A (i N Tk U T Y R

is used for gender marker and “-3” is used to mark the case (objective case). The dr_tﬁnitcncss
marker is marked by using morphemes or vowels based on the number, gcr_ldm: or cndlng of the
adjective. The representations of definiteness marker are specifically to adjectives are discussed
by samples on Table 3.7.
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[Il*i."f”m'-‘ -'\‘i_i“t_'li_\‘t':iﬂ[ \"tlLl‘.!E_'.l_m_MJITHITI___-:';;I.IHI_IE | Gender T_l)rii'nur Adjectives

han Clonsonant

AL Vowel

Singular

Plural | ACLNTFN (NCLPE)

Singular | Fominine | MA-9 (AEAP) / MD-KA (WA |

Masculine | Mad-h (M40

[Plural_ | AAGO-NT- N (NS0T

___l';l'l_llill_iul' ?_v._(?'l.-f:'ll (M?_'l..l'_/h)
.\kuullllm'__ AL (W Lm-)

TABLE 3.7: Inflectional behavior of Amharic Adjectives (definiteness marker)

3.3.1.2 Derivational behavior

Verb

Ambharic verbal stems (from which various forms of verbs are formed) can be derived from:

1. Verbs can be derived from verbal root by affixing the vowel “A” to produce CVCCVC,
for instance, “dNC” to “hA-NNAC” [dnc] and by repeating penultimate consonants and
affixing the vowels” ®” and “A” to produce CVCVCCVC-, e.g “®A1” (o “4AAT” by
«q “Raraa”9” derivation pattern. Verbs can also be derived from the verbal stem by
affixing morphemes like “4** “hi? or “h».

2. Verbal Stems by affixing morphemes

| Verbal Steam | Morpheme | Derived Verbal Stem |

Nc— ot—
hovy— hh—
mlL— h—

t—nne = [toanc—] |
A—ho} = [AdA@I—] |
| hA—wlf = [Nl —]

TABLE 3.8: Affixing Morphemes in Amharic verb derivation

3. Compound Words of

Stems and verbs, e.g. AIC + AA = AMIC KA
Sub-words and verbs, e.g. 0T + A4 = 07 ALLD

In general Amharic verbs show a high degree of inflection since the person, case, gender,
number, tense, aspect, mood and others are marked on the verb. For example, AATLAYY"

indicates:

* The subject A+ (third person, masculine, singular)

* The object %% (first person, plural)
* Negation AA...7"
* Past tense 1£A

Noun

Nouns are derived from other nouns,
verb by affixation and intercalation[41].

adjectives, roots, stems, and the infinitive form of a

The RS B u_',"l;'u. u_'x.}.n' “.he, G e B

|
4
|
1
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and” 0A-“affixes are used to derive nouns from other nouns. A noun that is derived from
adjective will take “-A4< and “-3» suffixes. Nouns can also be derived from verbal roots
by intercalation and affixation. For instance “¥1ce is derived from “3-9-¢* by “3-K-9-K-c»
pattern of derivation.

Amharic nouns can be derived from:

1. Verbal Roots by infixing vowels between consonants (C) as shown below (see Table 3.9)

' Verbal Root (Examples) | Pattern of Derivation | Derived Noun

g | CANCAC NI = (i)
| 7% CACC PACE = [rCH] |
| v-g°-9° CACAC VAR = [pawye]

TABLE 3.9: Verbal Roots by infixing

2. Adjectives by suffixing bound morphemes(see Table 3.10)

- Adjective (Examples) | Morpheme | Derived Noun

£ By €1 + ¥ =L |
*ca R PeAl 4 AT = [Pend) |
NAY BN AAY + A = [NAYT]

TABLE 3.10: Adjectives by suffixing bound morphemes

3. Stems by prefixing or suffixing bound morphemes(see Table 3.11)

| Stem (Examples) | Morpheme | Derived Noun

med9e I mP9* + A= (mdberng]
NCs -h.F NCE + -A.f= [NCLS]
&cn AT £CT + A= [£CLT]
T N AAY + At = [NAYT]

TABLE 3.11: Adjectives by suffixing bound morphemes

a. Stem-like Verbs by suffixing the bound morpheme-2(see Table 3.12)

Adjectives

Adjectives are derived from nouns, stems or verbal roots[a1). The suffixes “-hg"« =fyoe
«ng» «_nop» are used in the derivation of adjectives from nouns. Adjectives also d.cmted
by attaching morphemes to the bound stem using “-A” “-h* and *-h.> suffixes. Adjective
those are derived from verbal roots by intercalation and affixation like “f43< is derived from
“L-C-#» by «g-K-c-R-#» pattern of derivation. see sample derivation of Adjective from Nouns

on Table 3.13.



3.4. Ambharic Grammar - Syntax 29

| Stem (Examples) | Morpheme | Derived Noun

g " We 4 B = [
- £n . RN+ - = (20)
o - P+ o= (eh]

TABLE 3,12: Verbs suftixing the bound morpheme-

Eoml Morpheme | Adjective

[Fed | K THEETS NS P |
0AF |R® [ 0AF + -AT = nATIT |
L Y O s P
TABLE 3.13: derivations of Adjectives from nouns

3.3.1.3 Compound

Compound words can be derived by affixing “A”” and “»” morphemes resulting noun. Classes
of compound words that derive nouns are (a) noun + noun, (b) noun + “R» 4 pnoun, (¢) noun +
verbal stem, (d) verbal stem + “A” + verbal stem or (e) verbal stem +”A* + noun. Adjectives
can be derived from compound words by affixing “ A to noun and adjective for instance “UL
- h- 4&”. Compound words are formed by (a) stem and verbs [Aic- Aa] (b) sub-words and
verbs [0 - A7) to give adjective words [42]. e.g.

s e - K- 04 o= [re-ndl)
o Al - K- v = [Allemp]

3.4 Ambharic Grammar - Syntax

As we discuss Morphology and Word formation the above section 3.3, neither language structure
nor translation is done at a word level. Rather a full meaning is conveyed by a sentence which is
an aggregate of words expressing judgment of the mind. The constituent parts of every sentence
are a subject, a verb, an attribute, and an object. According to Baye [32] sentences can be
classified as simple or complex, while Isenberg [42] classified sentences into three categories
namely: simple, complex and compound.

Simple sentences are composed of a subject, an object, and a verb. e.g. “"LC A& §F:i: .
meaning “"the world is wide." very simple. On the other hand, complex sentence amplified
by qualifying word connection with the subject or the attribute. Compound sentences have
either the subject or the attribute or the object or all of them are included by additional or

explanation parts.

The most usual word order in Amharic is subject-object-verb (SOV). However, if the object is
tropicalized it may precede the subject, as a result, it will have objcct-suhjef:t-\rcrb (OSV) order.
SOV order needs to be agreed to write a meaning full sentence [39). Subject and V_erb nc_eds
to be agreed on the person, number, and gender. This agreement also works for subject-object
agreement. Adjective and noun should also agree on number anq gcpdcr. ‘Thc other agreement
in the language is an adverb — verb agreement. Usually, adverbs indicate time, therefore adverb
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and verb need to agree on tense. Each of the agreement rules in Amharic is discussed in detail
below.

Subject-verb agreement

The subject is the reigning parts of every sentence and in every sentence, the subject precedes
the attribute and the verb. Verbs describe the action by adding a remark on to mood, tense
and gender [42]. Subject and verb need to be agreed on gender, number, and person,

e.g. (A0 emo Y WnT: i ] translated to [Saba sold the books,)

Here in the example, the subject is “Saba’ which is a third-person singular and the object is
“books” which is a noun with a plural marker “-och”. finally a verb “sold” has a feature
which indicates a third person singular feminine marker as well as past tense. We can see
that the subject and the verb are the same in number feature marker which is singular and
in-person agreement both indicates the third person. And also both have a feminine in gender
agreement. Although English demands the same kind of agreement one can casily see from the
translation it has a subject-verb-Object (SVO) word order,

Object — verb agreement

Object and verb take the same condition as subject-verb agreement. It needs to be agreed on
gender, number, and person.

e.g. (A0 NCFPEY ANLFFo-: ) translated to [Saba breaks the glasses.)

The above example explains the object and verb agreement in number. The object “glasses™
is in the plural form and the verb “breaks” has a plural object marker.

e.g. 2. (A0 APGA @aueEY AmTar::] translated to [Saba gave the books to Jonas.]

This example demonstrates the gender feature agreement of object and verb. The verb
amFa-(gave] indicate a subject and object marker. The verb has features that indicate the
subject agreement which is a third-person singular feminine marker and third-person singular
masculine object marker. The object Atw3alfor Jonasl is a third-person singular masculine
which agrees with the verb-object marker. Therefore the sentence is grammatically correct.

Adverb - verb agreement

Adverbs are modifiers of verbs, which mostly are hard to pick a m“’m“o'} il g
ically rich languages [4]. Adverbs can be classified into time, place. nn_d circumstance markg.
Time indicates a given action in which it takes place. Verbs also mdtcau: the time at which
action takes place in relation to the adverbs. The time adverb and tense disagreement are one
of the common Amharic grammatical errors. The correct type of adverb should be used for the
verb and vice versa.

e.g. (WA g . ne geema: ] translated to [Kasa will come home today.]

In the above example, the adverb “wé»{today] which is in the future tense snd the verb
«gawma»(will come) is also in a future tense. Therefore adverb and the verb agree on time
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but if we say “hA @£ QL3 T4 goesmp: i » ( Kasa will come yesterday). This is grammatically

incorrect because the adverb “#4%3« and goedac do not agree in time. The adverb indicates
a past tense and the verb indicates a future activity.

Adjective — noun agreement

Adjectives modify nouns by appearing before them. An adjective often agrees with the subject
in gender, number, and case. In number agreement, the noun that the adjective modifies can
be in plural form but the adjective can either be in singular or plural form. For instance, £u§
wa e meaning good books, £u4 is an adjective singular form whereas #*a4%7 is a noun
plural form.

Adjectives most frequently used in the masculine form. The masculine form of adjectives can
modify a feminine noun but not vice versa. For example hé A% (bad girD), in this phrase “hé-*
is an adjective with a masculine marker and the noun “a%* is in singular feminine form. But
we cannot say 20vF @3£ (clean boy) in which “30v¥ is an adjective in singular feminine form
and the noun “@3£« is masculine singular form. This shows that there is no title grammar of
Ambharic language.

Incorrect word order

Amharic has a subject-object-verb word order but in a certain way, the words can be written
in object subject-verb order. OSV can convey semantically meaning but it is not the formal
grammar rule [43].

c.g. [@CE $7I NEAS NI LoLZNT P9GAA: 1) translated to [Worku belives Yohannes will disturb
the class.] The POS tag order for this sentence in the example is as follows, NP NP NP V V.

e.g. [¢730 h&AD NIL LT och £95AA: : ], which has O-INP NP V] §-NP V-POS tag order.

The first example is in an SOV word order. Such a pattern can be obscure the relationship,
especially in a more complex sentence with several modifiers. It is perhaps this possibility
which motivates the OSV pattern of a sentence like in the second examples.

3.5 Challenges

Ambharic poses its challenges to natural language processing at all Ic_vcls of linguistic studies:
phonology, morphology, syntax, semantics, and discourse. For machine translation, the ."'ha"
lenges result mainly from the nature of the writing system (see Section 3.2), the complexity of
the morphology(see Section 3.3), differences in word order and lack of resources.

3.5.1 Writing system challenges

Amharic word is represented by hidden vowels and visible consonants with form Changes [33].
This decease knowledge gain about the word for any statistical tcfols_dug to hidden lgm_-r
features. this has not been the case for English though, because English is written as it is

pronounced using only 25 letters.
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3.5.2 Word Order Problem

In English, the constituent order is strict and it has a Subject-Verb-Object order, while Amharic
has commonly constituent order of Subject-Object-Verb [32]. Both Amharic and English have
strict word order structure.

However, in English, there are a few situations where the order is changed. For example,
temporal adverbs can be used at the beginning or at the end of a sentence depending on
the emphasis. Word order difference is not only at sentence level but can also be seen in
sub-sentential constructions like phrases and clauses.

3.5.3 Morphological challenges

Amharic has a rich inflectional and derivational morphology. This means that a single word
in Amharic can consist of a lemma and many morphemes each of which represents a different
meaning. Besides, the same morpheme can change form in different words depending on vowel
order, consonant assimilation or other phonological processes as discussed in above section 3.3.
Thus, the Amharic word can be aligned with a bunch of words in English. An example of this
is shown in Table 3.14.

Amharic Word | Ambharic Morphological Representation | English Translation
| CTEGT - -ANTT)-3-NFar | the things we found
[ 1 P | E ] - L A NEANC I | they were cheating us
|

PO CAT - ?T_-h?—{mﬂh}-h?_'ﬁﬂ' things we are going to finish

TABLE 3.14: An example of Amhbaric morphology and English translations

The example in Table 3.14 shows that to build a machine translation system, many to one
alignment from English words to Amharic word(s) may be required. Morphological analysis and
segmentation are performed on Amharic data to aid with this challenge. Figure 3.1 shows a
possible alignment between an English phrase and the morphological decomposed representation
of an Amharic word.

An Example in Figure 3.1, is another sample which shows how morphological processing could
help improve translation form Ambharic (source) to English translation as a target.

As shown in Figure 3.1, the direct matches in this sample reference translation are the wgrd
“9*W1#4» and punctuation mark “s* translated to “reason” and “.” respectively for English.
The others need some sort of morphological decomposition processing to get the exact translation

as for example: :
“AnavgycaFar which is a single verb word in Amharic can be translated to multiple words

in English due to its morphological nature, decomposed to “A-AA-{oa@rsn)-WTF_har
* “completing” for the verb “eeandh”
* negation word “not” from morphme “hA™
* Subject reference “them” from Suffix morphem “NT_Ra-

* and conjunction “for” from Prefix morphem “A”
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Source: $C "InC NE@73 AAP@RLATO: F*NEY 1ryFo-s
Target: For them, lack of money was the reason for not completing the task.
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I I;r“ th;nJ lack ‘ of ‘ money || is [t?efreason _iﬂ“not [;I_H;IMLHQI [thol[ task ] I' ]

Target | For them, lack of money is the reason for not completing the task.

F1GURE 3.1: English words alignment with Amharic morphology

3.5.4  Available Parallel Corpora

Compared to other international language pairs, there is only one single corpus for English -
Ambharic. It is a corpus prepared at Addis Ababa University, under a thematic research project
of collecting parallel corpora for bi-lingual English-Ethiopian language pairs available for the
research [44]. We have been participating in this corpus collection with our colleagues. The
corpus is multi-lingual parallel corpora for English to other five Ethiopian languages including
Amharic, Tigrigna, Afan-Oromo, Wolaytta, and Ge'ez.

This corpus has 40,726 English - Amharic parallel texts, which still makes the language very
under-resourced. This limited corpus makes it even harder to conduct researches in the area
of MT that involve to/from Amharic to/from other languages that have significantly different
word orders and morphologies like English as discussed above.

The corpus has been analyzed to see the relationship between English and Amharic sentences
based on the categories from which the data is collected [45]. As it can be seen l'ror_n
Table 3.15, there is a significant difference between the morphology of English and the Amharic
language. Due to this difference, this study uses linguistic processing specifically, mnmhoioslfal
segmentation to tackle the inherent problem due to the difference like Amharic and English
languages.

——T [ Religion
History | Legal h?ﬁ;ll— __IEE—'}E_ -‘
English | 35325 | 85,526 | 767,989 80,505 |
Ambaric | 20,804 | 63,940 | vl?‘.’L‘Z!iIJ_ 62,436

TABLE 3.15: Distribution of Amharic and English text in the corpus






Chapter 4
Methodology and Approaches

This study aimed at incorporating linguistic features phrase-based bidirectional Amharic - English
statistical machine translation system to improve the performances. Towards that, various data
collection and pre-processing tasks have been performed and different tools were selected to be
used for the experiment. Sections in this chapter explain the data collection, pre-processing,
morphology analysis, POS tagging, factored data preparation and Language Modeling before
training the actual target translation model.

4.0.1 Research Methodology

Our objective in this study requires training models, integrating and experimenting linguistic
feature, recursive evaluation and detailed study towards a knowledge artifact. We have followed
a design science [46] sequence process model to model the best linguistically motivated statistical
translation model for bidirectional Amharic - English translation. Design science allows us
to follow a framework in exploring knowledge personalized to the objective of this study.
The design-science paradigm seeks to extend the boundaries of human and organizational
capabilities by creating new and innovative artifacts which are knowledge’s in our case on
how to integrate linguistic feature and their role in SMT from Amharic to English or English
to Amharic translation. Thus the research method employed in this study is a design since
research methodology.

4.0.2 Literature review

Secondary data sources, books, journal articles, publications and other prcvjously written re-
sources related to the topic have been referred from researches mnduct_cd in lh¢ same area.
Related works from Addis Ababa university repository has also been reviewed. l,|_mn:mnns. if
any, of these studies and the approaches they have used has been thoroughly reviewed.

studies conducted in other related morphologically complex, under-resourced languages and
Semitic languages which share the same behavior with Ambharic have also been carefully

selected and reviewed.
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4.1 Data Collection Methods

The development of ma_chine translation relies on parallel corpora of the source and target
languages plus a monolingual corpus. The monolingual corpus is used to train the language
model of the target language, in this case, English and Amharic since the system is bidirectional.

In this study, We have used a portion of a recent corpus prepared at Addis Ababa University,
under a thematic research project of collecting parallel corpora for bi-lingual English-Ethiopian
pairs available for the research community [44].

The corpora are available for English to other five Ethiopian language pairs, namely Amharic,
Tigrigna, Ge’ez, Afan-Oromo, and Wolaytta. Only the English - Amharic segment of the corpora
was adopted for this study. This corpus has 40,726 English - Amharic parallel texts which have
gone under preprocessing tasks [44). It is part of the published first attempt data collection for
under-resourced languages project that we and our classmates, teachers, and colleagues have
been working on in parallel with this study.

Data with an equal number of 30,678 sentences which are from religious biblical data have
been used for the development of baseline and other models that incorporate linguistic features
so that comparisons could be made based on the same data-set for translation performance and
accuracy dependent only on the incorporated linguistic features.

The full Amharic - English part contains a multi-domain History, Legal, Bible and Blog data
but due to limited computational resources, we have selected only the biblical part out of the
whole English - Amharic corpora. An example from the parallel data is shown in Figure 4.1,
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FIGURE 4.1: An illustrative segment from the parsllel corpus

Within the parallel corpus, the English corpus contains 767,654 tokens, an average of 25 words
per sentence and the Amharic corpus consists of 473,153 tokens, an average 'of 15 words per
sentence. Detail distribution of the parallel data used in this study is shown in Table 4.1. As
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it can be noted from the average sentence length in the table, a single Amharic word has a
much higher probability to be translated to more than one word in English.

. | Tokens | Word Types | Avg. Sentence Lengeth

173,153 73,907 15
767,654 39,658 | 25

Ambharic
| English

TABLE 4.1: Distribution of Amharic and English text

The corpus has been preprocessed through character normalization to replace a set of redundant
characters(u, , -1, », A, h, 0, & and 0 with similar functionality into a single most frequently
used character, plus sentences are tokenized and aligned through the merging of verses and
removal of unnecessary links, numbers, symbols and foreign texts which are identified as
unnecessary by the researchers, where this information have no role in the meaning of the
document [44].

For the experiments, the datasets have been divided into 24,511 sentences of training, 3,068
sentences of tuning and 3,067 sentences of testing. The sentences are selected randomly based
on 80% - 10% - 10% sampling respectively from the complete corpus before applying any
linguistic information.

Using this data on Table 4.1 a total of eight major statistical machine translation systems were
created throughout this study. These systems are divided into three categories: baseline, tagged
and factored systems. Each category consists of two systems, one built to translate to Amharic
and the other to English from their counterparts. Table 4.1 gives a summary of the data used
for the study.

For part of speech tagging the available ELRC - corpus developed at Ethiopian Languages
Research Center has been used. Statistical POS tagging models have been developed for
Amharic based on this corpus. for English, publically available opensource POS tagging models
have been adopted [47].

4.2 Software Tools & Techniques

Using the Linux Operating System as the main research environment, state-of-art Statistical
machine translation toolkit [48] has been used for this study. Ubuntu 18.04 LTS has been }lsed.
as an operating system since it is the most suitable for Moses SMT toolkit and other available

NLP toolkits used in this study.

HornMorpho [49] latest release version 3.0, is a Python program that analyzes Amharic, Oromo,
and Tigrinya words into their constituent morphemes (meaningful parts) and generates words,
given root or stem of the word and a representation of the word’s grammatical structure. It is
the only open-source tool for Amharic that changes the surface form of a word to its morphemes

and linguistic features.

A multi-threaded implementation extension for HormMorpho has been developed using Python.
This ability helps us to execute the finite state rule-based HomMorpho as different programs ‘:jﬂ
every eight cores of our CPU simultaneously. This has been achieved by running eight threads
at a time by splitting the file to be analyzed into eight as equal to the number I:{ SO 0:'
computer has. Finally, the output of each core is combined into a single file, which returns the
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analyzed fOTW of the words. This is done due to the slow nature of HornMorpho. As discussed
here, below is a pseudo-code which shows how the multi-traded HormMorpho analyzer works.

Data: List of word to be Analyzed or Segmented by HornMorpho
Result: Analayzed/ Segemeted File
initialization,;
Count no of threads;
while avilable do
while word in a file do
read word,
run hornmorpho Segmenter/Analayzer;
if Hornmorpho know the word then
1t} - collect STDOUT segmented/analayed result to file;
clse
20 to the next word;
end
end
merge each thread result to a single file;
end
Algorithm 1: Multi-threaded Hornmorpho word Segmentation or Analyzer

NLTK [50] which was created in 2001 as part of a computational linguistics course at the
University of Pennsylvania serves as the basis of many research projects. It is now open-
sourced and has been used to train POS tag models for Amharic.

spaCy v2.0 industrial-strength Natural Language Processing toolkit excels at large-scale infor-
mation extraction tasks. It's written from the ground up in carefully memory-managed Cython.
Independent research has confirmed that spaCy is the fastest in the world [51]. The built-in
available neural English POS tag models and tag-sets have been directly adapted for POS tagging
in English.

Moses (48] has been used as a primary SMT toolkit for all the experiment on the translation
side since it is open-source and supports integrating linguistic features to the translation model.
There are a lot of SMT toolkits like Joshua [52], Phrasal [53], Asiya [54] and Jane [27] but
Moses have built-in libraries for language modeling, word alignment, tuning and alternative
confusion network decoding along with the phrase-based SMT.

mGIZA, a word alignment tool based on famous GIZA++ [55] was used since it has extended
support for multi-threading in our octa-core experimental setup. It has allowed us to resume
training and incremental training in power shortage times.

IRSTLM [56], a language modeling toolkit has been used since it has been successfully deployed
with the Moses toolkit for statistical machine translation. The IRSTLM toolkit supports the
distribution of n-gram collection and smoothing over a computer cluster, a language mot_io.!
compression through probability quantization, lazy-loading of huge language models I.'rom disk
to permits efficient handling of language models with billions of n-grams on conventional low
spec machines.

PYTHON, a high-level general-purpose programming language has been used along with the

necessary libraries for pre-processing and data pre-processing, POS tag model d_(‘\'clupmen!.
Python is a programming language that lets you work more quickly and integrate your systems
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more effectively [57]. Libraries such as NLTK and TreeTager helps us do more work in less
time using python a major programming language.

Mendeley a free open-source reference manager and an academic social networking toolkit has
been also used to manage references used in this study. With the Mendeley Reference Manager,
you can easily organize and search your library, annotate documents and cite as you write and
integrate to the KIgXusing the bibliography BibLatex library.

4.3 Evaluation Technique

In any machine translation system, after a translation model is trained its performance will
be evaluated using a human evaluation method or automatic evaluation method. Since the
human evaluation method is tedious, error-prone, time-consuming and not efficient Bilingual
Evaluation Understudy (BLEU) has been used to evaluate the performance of the system using
a test data, which is an automatic evaluation method of MT models [58].

It is for evaluating the translation model built and measuring the quality of translations by
using reference test data. Its an algorithm for evaluating the quality of test data which has
been machine-translated from one natural language to another. BLEU was one of the metrics
to achieve a high correlation with reference translation and remains one of the most popular
automated and inexpensive metrics used in different researches for evaluation purpose. BLEU
takes the n-grams from the candidate sentence and tries to match them in the reference test
sentences. The more n-grams matched, the higher the candidate sentence’s score is (58],

The score of a candidate translation is the maximum number of matched n-grams from the
candidate divided by the total number of n-grams in the candidate. To find the BLEU score,
first, the geometric average of the modified n-gram precisions, pi, is computed using n-grams
up to length N and positive weights W, summing to one [58). ¢ is the length of the candidate
translation and r is the effective reference corpus length. Then finding the brevity penalty BP
is computed as shown in Formula (4.1)

1 ific>r .
= ’ 1l
BP = { M1=r/)  if o< (4.1)

BLEU score is found as shown in Formula (12) after the brevity penalty is computed.

N
BLEU = BP -exp (E wy log p,,) (4.2)

=]

To build a translation model by incorporating linguistic‘infomation, each token should be
expressed with at least one feature which can best explain it from the natural language. In
this study the token of the word itself is incorporated with POS tags, Lemma of the word
and morpheme segmented representation of the word to improve the translation accuracy for
Ambharic - English, and English - Amharic translation.

before it is used to create a translation model as
e a linguistic feature each token has to be gone
alysis, in which the tools to do so have to be
as to be evaluated and POS tagger accuracy

Each candidate feature needs to be evaluated
being an extra feature to the token. To integrat
in the process of morphology segmentation and an
evaluated. For example, word lemma COVErage h
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has to be evaluated. Before we see how each of these components merge to form a collective
improvement to Amharic - English translation, we need to clarify how our system is built,

4.4 Architecture of the System

The system architecture is designed to represent the process of factored machine translation,
a way to incorporate linguistic information to a statistical translation. Figure 4.2 shows the
architecture of the proposed phrase-based and factored statistical Machine translation. As can
be seen from the diagram the system takes in the parallel and monolingual corpus as input. In
the case of factored translation, the input parallel corpus contains a factored word with all the
necessary features by using HornMorpho and the best tagger described in section 4.6, These
sentences are used to develop language (monolingual corpus) and translation models(parallel
corpus) respectively as discussed section 2.3.2.1.

The architecture in Figure 4.2 shows one side factored translation from Amharic to English,
for the other vice verse translation there is no shorteut, its do it again by changing the source
from Ambharic to English and the target as English. It can also noted from the diagram POS
tagger, morphological anlayzer and segmenter is needed on the training and tuning set, not on
the referene test-sets. See further details of the overall building blocks of the experiment are
discussed in Chapter 5 Section 5.1.

4.5 Morphological Analysis

One of the short-comings in traditional surface word approach in statistical machine translation
is the poor handling of morphology. Each word form is treated as a token in itself as if it
is independent of others. This means that the translation model treats, say, for example, the
word “0. 47 completely independent of the word “0.”. Any number of “A3* in the training
corpus does not add any knowledge to the translation of “pT,

In sparsed under-resourced languages like Ambharic, while the translation of “u.-’r"l may be
known to a statistical model, the word “M.+¥» mostly be unknown and the system will not be
able to translate it.

Due to the limited morphological inflection in English, these extreme cases dg not shpw_up as
strongly as in Amharic. But for Semitic languages like Amharic, it does constitute a significant

problem due to morphological richness of the language.

Thus in this study, we preferably choose to model translation between Amharic and English
on the level of lemmas, and thus pooling the evidence for different word forms like “M+F¥,
Cakr, g, ) @ CRFTO CO0ET, wNy LN Fo-» that derive from a common

lemma «q, 3,

To achieve this, we translate Amharic lemma to English lemma and combine Amharic mor-
phological information separately on the output side to ultimatelyf generate thcluutp}n surface
words in addition to surface word translation. This is further discussed ‘la!er in this chapter
on Section 4.4. But here we discuss the processes we followed and toolkits we have 11st for
Amharic and English morphological analysis plus segmentation for factored data preparation.
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FIGURE 4.2: General architecture of a proposed Factored SMT

4.5.1 English Lemmatization

English morphological analyzer was done using spaCy NLP toolkit [61], in which the lemma-
tization data is taken from WordNet. WordNet® [59] is a large freely and publicly available
lexical database of English. Nouns, verbs, adjectives, and adverbs are grouped iqto sets of cog-
nitive synonyms (synsets), each expressing a distinct concept. WordNet superficially resembles

a thesaurus, in that it groups words based on their meanings.
Even though both NLTK [50] and spaCy [51] have lemmatizers over the WordNet® lexical
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database of English, we choose spaCy because it has more speed, and easy later integration in
our scripts while making a factored corpus. spaCy also adds a special case for pronouns: all
pronouns are lemmatized to the special token -PRON- which is similar to ELRC/WIC Amharic
pOS tagger corpus. The lemmatization process is shown in a very simple code in Figure 4.3
along with the POS tag of the word.

l'lll]"'” spacy
nlp q;:n'\'.ln;ul{ 'en_core _web_ sm')
doe = nlp(u'Apple is looking at buying U.K. startups for $1 million dollars’)

for token in doc:
print(token.text + "|"+ token.lemma_ 4 "|"+4token.pos )

The out of this above program looks like:
,-\|>I|||-[.'1I:11||'|PHUP;\"
is|be/ VERB
I(Jili(illj.f.i]lJ{Jk|\']':l.{l.;
atlat|ADP
buving|buy| VERB
U.K.|uk.[PROPN
startups|startup|NOUN
itJl.Iill::\]",

[ISYM

11INUM
million|million|NUM
dollars|dollar NOUN
|.JPUNCT

FIGURE 4.3: Simple WordNet based English lemmatizer and POS tagger using spal ¥

It can noted spaCy works perfectly for each word by finding the lemma _for words likel is,
looking, buying, startups, dollars] to [be, look, buy, startup, dollar] respectively for the above
example in the Figure 4.3.

4.5.2  Amharic Morphology Analysis and Segmentation

Unlike English, Amharic has a rich morphology as discgssed in (;hapte( 3 Tht:T makes morl-I
phological analysis very important for Amharic because it is practically impossible tolswrc ao
possible words in a lexicon like WordNet® [59] for English, anq many words have (l:osc ;‘g
probability of occurrence in any given corpus. This becomes obvious in the ?n!cx‘L uhmgc :::lcl
translation from Amharic to English, where the correspondence between words in Amhanc v
often be one-to-many.

could be translated as “even if it is not erased
uld include all of the English words in the
an Amharic system that includes

The Amharic word “ngacnate®?, for example,
for her”. While a system for processing Englisi? £o :
translation (even, if, it, isn’t, erased, for, her) in its lexicon,
all words such as “«ngacnary®” is difficult [49].

HORNMORPHO (49] is a Python program that performs morphology analymf:?:a: "3?32:2"
of words in three languages of the Horn of Africa: Amharic (ACF), Oromo '
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Oromiffa), and Tigrinya f"i“l(:'?). It is developed as part of the Processing Languages of the
Global South (PLoGS) project at Indiana University, dedicated 1o developing computational tools
for under-resourced languages.

HORN MQRPHO analyzes words into their constituent morphemes which is the most important
thing to integrate to our Factored Corpus. For Example, given a word we mentioned above
«ngaenAr9*” 1o analyze it will return an output result as shown in Table 4.2:

| Key | Value
POS; verb, root: <sr_z>, citation: AN |
citation: Rl
subject: 3 sing mas
objeet: 3 sing fom prep: &
grammar; | imperfective, passive, negative
conj prefix: | bl conj suffix: m

TABLE 4.2 Sample Hornmorpho Output

which in this case the most information at this point in Table 4.2 is the citation/lemma form
«pnen” which is returned from the surface form “OLAZUATS",

On the hand, HORNMORPHO also does segmentation, which prints out segmentation of the input
word rather than its root-like the analyzer does. In the segmentation, the stem is surrounded
by braces, and prefixes and suffixes are separated by hyphens. For Amharic, morphemes
are described in terms of the grammatical features they represent these descriptions appear
in parentheses, with alternative interpretations for a morpheme separated by ¢|* [49]. For
example, a surface token “¢9*¥ncaFe is segmented as:

v:yem_(rel)-'n(sb=1p)-{Crs+le2_3} (imprf)~ac_ew(ob=3p)
yem -'n-{Crs+le2_3}-ac_ew

The output can be further post-processed ignoring the unnecessary information and returning the
text to Amharic from its a romanized Sera [36] representation as “¥9"_: N3 : {(PCA+1IN2_3) i NF_haer
further dropping gemination, and inserting the “A” vowel to the “CCC* Ambharic root “4*CA"
a final word “f9*-N3-eanCh-AF A@ has been used for the factored data as a morpheme

segmentation in addition with the lemma from the Hornmorpho analyzer.

4.5.2.1 Pre-processing of Hornmorpho Input

HORNMORPHO version 2.6 has segmented 46,373 of our word types out of 73,907 which is
62.74% in which this result is nmd for under-resourced languages like Amharic but o use
the morpheme segmentation as a feature in factored corpus it not enough. This makes it hlaz
to use morphologically segmented words as a feature for the factored data. So we consult

HornMorpho for a developmental version soon to be released @4.0 Alpha on their Github page.

We have done some minor *pre- and *-post-processing on the iRt and outpst T
respectively so as to speed 5‘, and increase token coverage since it has a limited number of
rules due to its rule-based nature. Firstly we have changed our texts to a mnmd”m[mnmmigﬂ
Ge'ez to Sera representation mapping table (36). In this process, We Nonk '.he ol 4 tT x
to a maximum number of analyses to consult to on¢, no R f t"‘\molr':il:
post-processing on the form plus enabling auto-guessing 1o use probabilistic guessing for
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where Honmorpho has no rule to consult. This has helped us to segment more than 82% of
the corpus 60,930 to be exactly as shown in Figure 4.4.

Ficung 4.4: HornMorpho word segmentation Coverage

15.2.2 Post-processing of Hornmorpho Output

To convert HornMorpho output such as “v:yem_trel)«'nubnipl-(w102_3)limprﬂ»ac_ewtob-3pl"
to their correct form “f9"-N3-anCA-AF_A@-we have :

* changed the romanized text back to sera.
* removing grammar information for each constituent.
+ remove geminations and other phonetical markers since they do not matter in translation

A sample post processed lemma and morphological information output have been shown in
Figure 4.5. For words that has no citation or segmentation format we use the surface form
itself as a lemma and morphological feature.

4.6 POS Tagging

In corpus linguistics, Part of speech tagging, also called grammatical tagging, is the procesl:m ol:
marking up a word in a corpus as corresponding to a particular part of speech, based on

it's definition, as well as it's context through relationships with adjacent and related words in
a phrase, sentence, or paragraph.

POS tagging is required in this research to include POS information to the factored corpus for

Ambharic since
both English and Amharic. Tagging the English corpus was casy compared to
there were internationally available open source tools to do so. But for Amharic, though there

are a number of papers reported on Amharic POS tagging, there was no model or toolset to
adopt,
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FIGURE 4.5: Sample Lemma and Morphology of Ambharic Words

4.6.1 POS for English

The English part-of-speech tagger uses the OntoNotes 5 (60] version of the Penn Treebank [61]
tag set by adopting the simpler Google Universal POS tag sets using Spacyl51] 2.0 peurnl
models. It is fast,easy to use and is the best tagger with 97.20% accuracy, the best in the
open-source world now.

1.6.2 POS for Ambharic

In this research, we have compared and contrasted previous Amharic POS tagging ways reported,
by following the same ways as the corresponding authors and checking the accuracy on a
randomly selected test set.

The corpus used in this study for Amharic is known as ELRC - corpus dcvclop:; :t I-‘l.:hio;:;::sn
Languages Research Center has 31 tag-sets where each word manually tagg 4 y nﬁ:; : i;
This same corpus has been referred to as WIC - Corpus referring from whcre‘t e cfmz‘w Ho
taken from, Walta Information Center which is a news agency [47] [8]. It consists © 1 2 :

annotated tokens of Amharic news documents. The corpus contains a tom‘: Ofla'?’?‘. J:d al:'\:: sz
long sentences due to the news nature of the doFumenl. We have ran :)mcyes f:: P
sentences into a training and test set, 95% - 5% ratio respectively, 7649 senten

402 for testing.

The ELRC tagset used to tag the corpus is based on 11 basic tags, most ;:r whn:hl !::vg ‘fun:(c):
been refined to provide more linguistic information, R & ms; = mf? a), NC (Noun
example, the tags for Nouns are VN (Verbal Noun), NP (un w“:; NTFW :ulan other Noun)
with Conjunction), NPC (Noun with Preposition v g5 UM olrs. :ddilioml lﬂx;
There are similar patterns for Verbs, ADJectives, ARONE M(‘fd !:u-:l;::c Verbs). Numerals
under the verb category are tags AUX (for AUXiliary) snd VREL OE;R nd NUMOR.tags. The
are divided into cardinals and ordinals represented by the NUMCR a
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rest of the tags are PF}EP _for .preposition& CONJ for conjunctions, ADV for adverbs, PUNC for
punctuation, INT for mterjecuop and UNC for unclear (difficult to classify) [47). As shown on
a sample of ELRC/WIC corpus in the Figure 4.6 the Word and the tag are separated by *|*.

A=y |NP ae|AD] ma [N ntmietar [VP oG NP Avek [N 06, B=IACY [NUMP o0 [N bt escd [V 12 INUMCR Temme £ 1N otii | MRER fomrs | ADD #on
an [ADIP wb [N et NP ATAIA-Ts | NC et [NP ok [ At [N isa N YAL [N Ao [ADD e [N #ya|N ws[AOV Avas |WP A=y [N ~ana (N
rernea e [NC 2500A |[NUMCR "12C [N varter [NP Auetrr [NP Vo NP wyin [N 0| PUNG 1S [NUMCR e N 000 IN snoman [B0 amans M0 o N Avasd
Febed | VREL nnd [NUMCR vNir [NP 3429 [N 1 [PUNC 12 NUMCR savi|N 1o 1N AvICOND #1. BINUMP RAToC N enneas M0 crme |l An i ooe A
nar [ADIP b [NC iumd it (NP 2300 [N ATEEIF NP SILa=tr [N fbm e (NP Bta B0 | UMCR o [N ann [ POEP ast [N B0 | MR mt o | UM 1
arare | PRON vOL|NP o+ |PUNC 24 |NC BOIN +0A [N yrari [N i |VP Attreh [N ae [ADS oo [N o s NP r=pineos | VREL Poos (N0 5 [N Aastn
L ea NP Av [ADD [N irear |ADY nhes=r |NP mad [N 0rrac WP ascow |NP k| N e eoar [ VREL o |8 paeea |V 0| N
o ey (N PUNC +dar |ADD "eandes |NC vavan, NP 30 [N =tunde [N akse [N s irn s NP i [N Asson [VP (¥ o) P
10 an i | NP geerchy [NP e [N e |ADY frends [VREL Aad |RUMCR ravwie |VREL wrad VN mnaeeran |NF ansr 8 (N i orn s | NP un | B foee
11 raarar| NP aneae | AD) Erhaosce | AD) ATOANIN Tenar |[ADD 10 N LA [NE abAr ante [N AN N nen N e WP arn (N ima N A,
17 ety [NPC qnnsime |NP ity [N Ame [P At etian e [NC Ao [ VP daiad [N iosirms [N ncaved | PRONPC caenr [NF imaiN 0 [N mans | VR
P mene N TN err A VPO teeassd |NP avan [N asirsy |[VH rone e | VREL Tasims [ADD 1| PUNE raises |WP ou [N om srar NP aa [V oumes |NP o
14 eran|ADD o [N wean e [N oomasio (NP AmLan [N cent VP Ao |ADD Ae [N osehsd (NP AMar® [NF ot [N nrves [VIREL alrvn # [N Aser o
1 v [NPORan [N mandc [N e - mens [N iieadtas NP anetange (NP amwes [N oo [AD DA [N rwa N oans [VP o [N oamies ¥ WP anss (AD
W Awad | ADY i rem s NP dand [N AL [N edndd [VREL Adt |NUMCR eamtan [NP hacrae® [N ihsecn NP raar™ | WP v |0 =N was |NURCR e
17 puee [N tesanu [NP sbavene [V wergn |V s | PUNC
e |NP 20 [NUMOR it |ADD iin [N ecls NP miad [N e vuiiom o™ [HPC 0 na VP ais N voriwms [N o] N gors | VP vt [N a0 | NP reaim
10 wmine [NP walae | ADD epe [N aas |NC el |NP 10 [N At [N Ae [ADD AA [N AL IN Avicvamd [V 1 IPUNE soinm [N amcps NP onn | NUME oo
20 Arns™ |PRONP ¢hdck |NP Ak B[N At |V e LFais | VREL #4408 (N Amind i [HPC eenr [ADIP wdd [NUMCR Ao s [N sy [FREP scre (B a=une
S1 0 e (N OecEd | NP wor |PREP hie |V viizas [VREL 4%k [N £ [ADD i VP ot [N Amibawsd [NPC pope [N arers [P i [AD) vear i
(ithar [NP AL PREP (0[NP A370050 [N eat s [VREL P[NP ucid [N ina [N 4w b (N smr e [N vA [N ar [ADD s [N s [N juimass | WP
PP N A [ HUMP pwmde | N 224 [N et | PREP dmomd [V pnt- £ttt |ADD Aasd [N CIPUNE cnaaiinh (WP vt [N cmian [NC romtv (NI T50F |
POFEA N et [VP FaeE N A rmat [VP AP [N romi®or [VREL twstr [AD) 0427 [N maA Y (NP =rvnsn |AD] ww i |l harom VP AOH|N
A [ADT Fvoc [NP 23987 [NC Anksed [N e [N 00t s[NP BeiH 3 [N oot [NP Tams [HC AWK IN srar [N vAL [N b [AD) few [N wolN adl
W e [N reszmgias |[VREL wem® N 0ot [N raAves | VPC a0 aa NP avtrr |[PREP 4w |AD W [N pde |VREL fhmaro [N sar aa VP aynsee WP -
J7 AT |NUMP eave|NP 4an N aoa|N rcEau [N ranc [NUMP Aeet [N Ga ¥ [N 7ty | VC AN NP rrmoe | VRIL Al v [N o Liave VP =i
I T |PRON 2n [N tr=yiiaes |NPC otiA| VP find NP Awedtiibs [NC +90ee [AD) monn | NP AYsk [N faieiiion |V soael¥ AE=Lath [ VP rane |VREL
10 eruke NP 29 |NUMOR wen® [ADD 0n [N nazes |VP yon N 28| NUMCR Ak | PREP FIATIN S NUMCR enire |NUME sanh |AD] sard|N An[PREP erh
W rwned [P twer | ADD nAnamcr [N e [ NP smviae [N waatin [N eraal¥ = | PUNC

ar|ADD wn [N et |VREL 7TeEneF|N SON NUMCR yrar 49N sar=t[AD) Arcsly o[ NE 1
.

FIGURE 4.6: Sample ELRC/WIC manually tagged Ambaric POS Corpus

1.6.2.1 POS Experiment Descriptions

The fact that Amharic has no POS tagging tool or available model, we have developed different
types of POS taggers using the same traning and tes set explained in Section 4.6.2. We h‘“’}'
compared and contarsted the performance of each tagger with reported previous results if
available and also against themselves.

The simplest tagger that can serve as a baseline in Ambharic part of speech tagging is to tag all
new tokens as N - NOUN, which is the most frequent tag in the ELRC corpus. This achieves
an accuracy of about 33.23%. This is too low to be used as a baseline as most algorithms ‘havc
much higher accuracies reported. All the algorithms applied in this paper achieve much higher
accuracies than 80%.

All Experiments conducted and listed in Table 4.3 are developed using the same training and
test sets. Comparisons and contrasts have made on studies conducted on the same ELRC/WIC

corpus, are listed below. In all the taggers listed Tagger have been trained first and evaluation
has been performed before being used to tag input.

We have used NLTK to train most of the POS Tagging trainings using the following sequence

: Brill tagger and
of pseudo-code for TNT, N-gram taggers(4-gram and 5-gram), Affix tagger,
Classification based taggers with Nive-Bays algorithm.CRF++, SVMTool, M;:J-ET was US:d io
train POS tagger based on CRF;, Support vector machine and and Maximum Entropy respectively

for experiments other than those conducted using NLTK.

LisTING 4.1: Psendo-code of Taggers trained
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| Exp. | Algorithm | Best Result yet | Our Results  Remarks
] InT 83.49 80.46 | Reported by [62] |
| 2 .l-;.-,tam . 79.23 : ref (A) ‘
| 3 ' -'l-f._.',-l'nlrll. . 70.01 | ref (B)
4 | Affix Tagger - 51.02 with prefix length 1 ‘
] ! - 47.93 with prefix length 2 |
| 6 ‘ - 45.01 with prefix length 3
7 « - 32.01 | with suffix length 1
] « - 5517 | with suffix length 2
9 ‘ . 59.43 with suffix length 3
10 Affix Tagger Backoff* - 60.62 ref (C)
11 Nive Bayes 82.04
11 TNT Backoff* 85.50 ref (D)
12 Maximum Entropy- Maxknt R7.87 84,58 Reported by [§]
13 Support Vector Machines - SVM | 93.50 82.26
14 Conditional Random Fields -CRFs | 74.00 80.01
14 Brill Tagger 87.41 85.20 Reported by [37)
15 | Nive Bayes Backoffed* . 90.02 ref (E)

TABLE 4.3: Ambharic Part of Speech tagging Experiments « Avernge Accuracios (in %)
Note: The results herein are overall accuracies combination of both known and unknown words,
(A) : Experiment done to check the effect of higher level N-gram(4) orders.
(B) . Experiment done to check the effect of higher level N-gram(5) orders
() : Combination of Affix based taggers with 1 prefix and 3 suffix of a word.
(D) : Combination of TnT with best Affix tagger.
(E) : Combination of Nive-Bayes with best Affix tagger on Number 10,Regexp Tagger
and Default Tagger.

s ]
load corpus reader and tokenizers; l
import defult taggers;

load modeling;

Read trainging and test data;
WHILE no error on the data:
Tokenize sentences and words
choose algorithm
train tagger on train data; |

END WHILE;
Evaluate tagger model by test data: |
'if a better model:

Save model; R el

% : i tistical part-of-
First experiment TnT, the short form of Trigrams'nTags, is a very efficient sta

speech tagger that is trainable on different languages and virtually any tagset. TnT uses a
second-order Markov model to produce tags for a sequence of input.

! A ing and the preceding
Higher-level N-gram tagger chooses a token's tag based on its word string @ '
n word's tags. Both 4-gram and 5-gram have tended to be the poorest of all taggers used in
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this study, accuracy less than 80%. This is due to the limited nature of manually tagged text
in the WIC corpus.

Affix Tagger, a tagger that chooses a token's tag based on a leading or trailing substring of its
word string. It is important to note that these substrings are not necessarily “true” morphological
affixes that could lead to change in POS tag. In particular, a fixed-length substring of the

word is looked up in a table, and the corresponding tag is returned. Affix taggers are typically
constructed by training them on a tagged corpus,

Though there has not been a study report on Affix taggers for taggers previously, combining a
single prefix substring and there suffix constituents tends to work more than 60% for Amharic.
Affix taggers are also easy to back off with other statistical taggers to improve tagging efficiencies.

Classifier-based Tagger uses a classifier algorithm (specifically Naive Bayes in our case) to choose
the tag for each token in a sentence. The feature set input for the classifier s generated by a
feature detector function:

feature_detector (tokens, index, history) => featureset

Where:
+ tokens is the list of unlabeled tokens in the sentence;
« index is the index of the token for which feature detection should be performed;
* history is list of the tags for all tokens before index.

This classifier based taggers also works at a fine margin especially when backed off with Affix
taggers, of more than 85% accuracy.

The best tagger adopted for this study is NiveBayes based Classifier tagger backed off with
multiple other taggers, namely Affix tagger, regular expression tagger, and Default “Noun*
tagger is the only tagger with an accuracy of more than 90%. We set the “cutofl mt.:" o
66.5% so that this Naive-bays classifier will fall back on its backoff tagger if the probability of
the most likely tag is less than “cutoff_prob”. Even though this takes a lot of days to train,
the final model is used as a python pickled file throughout this study. The complete code used
to develop a tagger with NLTK is listed in Appendix B.

As shown Appendix B code snip, Regexp Tagger is used to assigns tags to tokens by comparing
their word strings to a series of regular expressions. This matching word has always had single
POS tags due to the linguistic nature of the language as €.§. words in Amharic which en:i.
“PFr or «nFor are categorized as Nouns(N). Other words like *“N1 £y, “ery* and “A)

are AuxiliariestAUX).As shown in the above code snip, Regexp Tagger is used to assigns tags to
tokens by comparing their word strings to a series of regular expressions. This matching word
has always had single POS tags due to the linguistic nature of the language as e.g. "vmrdl in
Amharic which end's “®¥» or “AM¥» are categorized as Nouns(N), Other words like “N) L™,

“ooryr and “aard” are Auxiliariﬁ(AUXL

1.7 Factored Data Preparation

word data is not usable unless it is tagged.
ild factored translation systems as explained
not only represented by surface

In factored translation, a direct surface 10 surface
We create a factored representation of the data to bu "
by Koehn and Hoang [4]. In this representation, the data
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forms but also a combination of lemmas, POS and/or Morpheme segments. These three features
are used as factors for the factored translation systems as they are reflected in the training
data. In the factored data, factors are separated by a «|” symbol and we represent the data as
Surface_Form|Lemma|POS and or Morpheme_Segmentation continuing to as many combinations

they have and as many features, the language could have. Table 4.4 illustrates examples of all
these representations.

' Representation | English Data | Ambaric Data

Surface horses N&LOF |
Lemma horse &N

POS NNS(noun, plural) | NP(Noun Phrase)

Tagged Form horses| NNS N&LOT NP |
Factored Form horses|horse|NNS | 0&&0% | &&0 NP | 0-&.L0-NT

TABLE 4.4: Amharic vs English factored data representations

As shown in table, we don't use morpheme tag information for English like we do for Amharic¢
because English has less inflectional morphologies, and even if it does it is ecasy to represent
morphemes in the POS tags. Penn-Treebank [61] tag set has a maximum of 56 tag-sets to
handle such problems. So unlike Amharic POS corpus in English:

» “horses” has a tag of “NNS”
* “horse” has a tag of “NN”

due to the morpheme “s” which is a plural marker. This is adapted from simpler Google
Universal POS tag set for this study. A sample of factored corpus data is shown in Figure 4.7,

W) Ve G Seletieh View o Debiy. Termind  Melp ot v, bt AAars ot W (e . L
. - tis (g - L

e ther (AR Gon | god | MNP went [go | VD on |sniRF ta)te |10 saba {nahe [VE thethe L L L LA l:ﬁull'-::i:n":»-;;u‘:-:.-'::. 'l.:;""'!
v [0 |CC the ) the (DT earth]earth] Wi beganihegin| VRO tulte|T0 prodece | fross: PR | P | PR i SsR R sjop - L e ¥ .
Tien | then KB God|god (KNP sein|sayVB0 1if) *1%)" LetiLetive W] meoN:| |7 ORI £ ARs{arm PSS L '“'.-: J<a .::n .:-.‘-.
Bt Bt 1CC o |RIDT mest|Rist|NN would[would (MO galge| VD wplupif frem|fremiy & L e ) o i et s st oty b= A
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FIGURE 4.7: Ambaric - English Factored Corpus
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1.7.1 Creating Language Model

As explained in Section 2.3.2.1.1 language model is only needed for the target language, but
since we do a bidirectional translation we create language models for both Amharic and English
using IRSTLM toolkit [56]. We use 3-gram language models that perform better than the others
as explained later in Chapter 5 Section 5.3.5 later in this, We create the language models for
our different systems with Kneser-Ney smoothing algorithm [63] and binarize the models to
shrink the size for memory load. The binarization step is done using the scripts provided with
Moses toolkit [48].

For our four different systems, three language models are created. These are created respectively
from the POS tags, lemmas and surface forms from the data itself. We haven't created a language
model for morpheme segments because we have not used the segmentation in the translation
step, it has only be adopted for the generation of POS and Surface word. The number of
wranslation steps should be similar to the number of language models in SMT else the language
model will not have any effect for fluency. Some examples from these three language models
are shown in Table 4.5.

Surface Word Lang. Model | Lemma Lang. Model | POS tag-set Lang. Model
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TABLE 4.5 3-Gram Amharic Surface Word, Lemma and POS tag-set Language models

dy, besides the regular language model

We h . Is for this stu
ave specified three language mode odel that is trained on POS tags and a

based on surface forms, we have a second language m

third | i i a lemma of a word. The part-of-speech language model
Srguage ol A adjective are likely followed by a noun, and less

if‘d“des preferences such as that determiner-
likely by a determiner:

~0.192859 dt jj nn
~2.952967 dt jj dt




18 General Experiment Workflow

These combinations of language models are used just like normal surface form model, during the
decoding process, not only tokens(l4.0%F) but also part-of-speech mgiNPl and ](‘Il'llt.l.'ll.t.(n’; ire
generated. Translation models will have better improvements by preferring a sequence ;1[ l"( )S
tags where words have not been seen next to each other before, so surface fun'n the I;mgu.m;'
model has very little to do in such scenarios. As shown in the foregoing N-gram count of Table
4.5 the part-of-speech language model is aware of the count of the pronoun (PRON) involved
and prefers a verb phrase(VP) before a numeric conjugate (NUMPC) over others in Amharic.

4.8 General Experiment Workflow

As it can be noted from the Experimental setup adding linguistic feature to a corpus and then
pcrformmg_lranslatlon by performing word alignment, training translation model, tuning and
the evaluation is tedious and more likely will lead to error.

[ 1

Language Model

Translation Model

Decoder

;.

FIGURE 4.8: General workflow and ontline a Machine Translation system

Apart from the separate process of POS tagging and Morphology segmentation and analyzers,
we have written a shell command to combine all the tasks shown in Figure 4.8 all in one task.
This has helped us to execute the script by changing only simple parameters at the time. A
sample shell program used has been shown in the Appendix.




Chapter 5

EXPERIMENT AND DISCUSSION

This chapter presents the results of the different sets of experiments carried out for this study.
The necessary detail of corpora that are used along with factoring mechanisms during the
experiments is presented in the previous Chapter. This chapter starts with the experimental
setup, followed by presenting and discussing the improvements in translation quality based
on different experiments. These experiments have been conducted by combing Lemma and
POS tag to the surface word one at a time. After the each linguistic feature was studied, a
combination of each linguistic was studied by adding one linguistic feature at a time to its
preceding experimental setup.

The five major experiments conducted for this study are:

1. Surface(word-based) experiments (baseline experiment)

2. Surface and POS tagged experiments

3. Surface and Lemma experiments

4. Surface, Lemma and POS tagged experiments

5. Surface, Lemma , POS tagged and Morpheme's experiments

These five experiments were conducted by starting from the baseline translaliop._ laking the
surface word and creating a phrase-based statistical machine translation model bidirectionally.
This experiment was used as a benchmark for the next experiments where a factored model was
developed by using the surface word and each language feature, starting from Surface and POS,
then Surface and Lemma, lastly Surface combined with Morpheme segmented experiments. Since
English has little morphology, we have not conducted Surfac? and Morphcm_e combination on its
own, rather we use the morpheme representation of Amharic as a generation model combined

with all the other language features in the last experiment.

The Experiments was further extended not by combining each language feature to the surface
form at a time but also by adding more language features to the baseline incrementally. "I‘hus
makes a combination of Surface, POS tag and Lemma as anot.her experiment and lastly the
addition of morpheme segmentation combined with all the ?vatlfablc language fez:;‘urcs“as th(;
last experiment. All these experiments were conducted bidlrecuonallyt to study the effect o
cach language feature to translate to Amharic or translate from Amharic.

of each translation model and analyzing the

Tt 3
ie chapter concludes by comparing the results ot sy e SLuE) evalustion adopted for

translation quality of the generated translated out
this study.



LY Chapter 5. EXPERIMENT AND DISCUSSION

§.1 Training Models

Training is the most important step where the systems learn how to translate by estimating the
paramucrs of the statistical translation model with the use of parallel corpus as discussed in
Chapter 2 Section 2.3.2.1.1.

Translation models are trained by following the SMT pattern of computing word-alignments
first, extracting and scoring phrase tables and then creating reordering tables. The training set
is selected randomly from the parallel corpus before factored data preparation, so translation
models are unique and recreated for each data-set based on the incorporated linguistic feature
in the training set. Moses toolkit [18] is used to train the systems and create translation models.

To build the system we have prepared a factored data for the training-set and tuning-set as
explained in Section 4.7. The correctness of this factored data is dependent on the HornMorpho
coverage, a morphology analyzer for Amharic as well as the accuracy of our POS tagger, where
each is discussed in Section 4.6.2.1 and 4.5.2. A sample of our first sentence in the training
data is shown in Figure 5.1.

POS Tagging I I HornMorpho Analyzer | [ HormmMorpho Sog_mnnle' 'IJ
— /.-4-"" H""‘-.\_‘\-
—==r - -‘xh\"“—.s >y / B ¥
na::o_‘un;E;INPl New T ao s £ B9 CINP (e o & S| EICINP-om Eom N, &
amgmer| P "";l et AZCAN|AT ANADY| AZCANAZEANADI|AZ AN
ATOAN r1eTaGINGL | aemeacaatammediNG | |aedralamr e INCla i
amersg| [oECH go 3|7 ecIN o |7 2 CIN| PP G-
oLy jmﬁ:VREL 4.mé)é.mC|VREL &mné|d.mCVREL|&.mC-A
uné i SLhdas kS | #|PUNC| =
d.nd. |PUNC |=]PUNC| %
3 ‘\ '\-\‘ “\ —~ ‘,/

infiN nlIN ofiniN__ T

the s he|DT e|the|DT

beginning eginning|VBG inning|begin|VBG

God od|NNP od|god|NNP

created reated|VBD eated|creale|VBD

the he|DT e|the|DT

heavens eavens|NNS eavens|heaven|NNS

and nd|CC ndjand|CC the|the|DT

the e|DT arthjearth|NN

earth arth|NN i

| S

\‘.‘ \—//-‘—.’l
POS Tagging

FIGURE 5.1: English - Amharic Sam

ple Factored Training Sentence

5.1.1 Training Translation Systems

Training is the most important step where the Systems learn ht;w to lt]mlnsftcuts,ya:sgir::t:;:gdl?s
Parameters of the statistical translation model with the use of paraliel corp ‘



5 1. Tramning Models

Chapw?' 2 Section 2:3.2.1.1. Here, translation models are trained by computing word-alignments
extracting and scoring phrase tables and creating reordering tables. The lrnir;nm set is selected
randomly from the parallel corpus, so translation models are unique and recreated for each
data-set. Moses toolkit [18], is used to train the systems and create the translation models.

[n training primary task is to create vocabulary files for both Amharic and English, these contain
word identifiers (integers), words and word counts in the parallel corpus. With the help of
these vocabulary files, each word in the parallel corpus is represented with its integer identifier)
and a sentence-aligned corpus file is created with the word identifiers. Table 5.1 includes both
examples of vocabulary files and sentence-aligned corpus file. In the vocabulary files, the first
column is the word identifier, the second column is the word itself and the third column is the
count of that word in the corpus. In sentence-aligned corpus file, a sentence pair is shown in
three lines where first is the frequency of the sentence, second and third are the sentences from
both languages where words are represented with their identifiers from the vocabulary files.

Sample segments from vocabulary files | Sample editorialized sentence-aligned corpus

1 UMK @ ~ 1 b Uk oo I 1
3 s T P 02922 42 1525 2 210 5 2 128 4
- 4 a8 24 9 2
4 11024 . d 17683 ‘,l 24 4350 771 12308
e G284 4y 5 d 24693 1
6 A t:;,u. .' 6 :',' nl;u 93 2 128 34 11570 % 016G 3 5 67 34 566 222 2 1607 6 2
7 5061 ; 7  to 18773 1373 1370 49349 902 613 3 17084 133 1023 52062 13 3 5
B wr 4825 BB you 1130 1

I 9 sae 3990 9 9 An 9639 5 42 4% 24 17 230 67 32 300 4 2% 507 47 34 101 4

U 10 wa 3627 1 10 will 93717 g BSE S 200 101 7 62 2 7642 04 2

1 11 surw 3180 11 11 a 76806 Ly i

12 12 ? .);.m 12 12 he 7581 11 108 16 42 182 16 2 393 34 152 3 5 42 171 7 n242 2 M)

1 13 wai 2659 13 13 1 ne? 12 78 48 24 5169 128 166 775 3 056 TG40 13000 18507 2

14 14 A4 2585 14 14 for 681% 13 1

e e A S el i 42205 2 393 4326 3 44 2 566 12 205 13172 4 5 67 24

L 3 » ] . 3 ] 3 ¥

17 2367 17 17 * 8176 . 856 7643 21 38 26 113 1626 3 17041 20 21 403 26 123 1
18 2063 18 18 his 6086 15 1
19 vm: 2054 16 19 Jehavah 5710 i 53 42 49 24 17 308 67 33 98 3654 382 2 M7 S 12 W
26 = 2010 26 20 they 5381 18 22 24 5 15407 34 60106 101 4 19923 20296 29628 T 62 2

TABLE 5.1: Example segment of Vocabulary and Sentence level alignment

In the second step, mGiza is run to find the word alignments. mGiza is a tool based on GIZA++
avilable in moses SMT toolkit stack, extended to support multi-threading and incremental
training. mGiza is run bidirectionally and takes the intersection of these two runs to find the
correct word alignments. An example word-alignment diagram is shown in Table 5.2.

In the third step, phrases are extracted from these word alignments, which is done for both
languages. Neighboring words, that occur together in the data, are extracted as phrases. Here

for | 40 | days | and | 40 | nights

. . - . +

r_ | And poured | down | on the cm'tﬂ
W
ad0
74

' ad0
AN |
,_"f:ff'_:-_
- < Tie iy
md.ﬂ_ 1

—

vt

mt between sample English-Amharic sentence

TABLE 5.2: Example word-alignme
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FIGURE 5.2: A portion from the phrase translation table

we use the default maximum phrase length for Moses, which is seven. Each.phrase pair is
assigned alignment points, showing the number of word alignments in this pair. Then these
pairs are sorted for both languages and scored with the calculated probability of tha't lranslatior?.
In the end, a translation table is created containing all the extracted phrase pairs anfi their
scores. A small portion from the translation table is shown in Figure 5.2. The four dlffe_r_cm
scores separated by ¢|||” at the end of every line are; ir.u.rerse phrase transl.ation p.robabnlny,
inverse lexical weighting, direct phrase translation probability, and direct lexical weight [18].

ini i i he Moses decoder a
At the end of the training step, a configuration file is created for t .
“moses.ini>’ file. A file which specifies, the factors used, the tran§lauon tables, the reordering
models, the generation models, language models used and the weights of all these models.

5.1.1.1 Factored Training

Even though most the training steps discussed above are similar in fac.torefd transl:;::o: tsoy?tdco::scs,
multiple phrase translation tables are created according to the translation factors give

toolkit. we have represented features in our factored corpus as:

1. feature 0 - word

2, feature 1 - Lemma
3. feature 2 - POS tag
4

. feature 3 - Morpheme segments
translation factors and creates a translation table for cgch
tSi;iS the translation factors are given as 0-0+1-1, then translation
urce factor 1 to target
Eoles will be created from sourde BEERILS tfarget oo a:stlimf:':rt:‘l l:?:le will be created for
factor 1. This means, from the factored training data, a tra

factor.
the first factors and another will be created for the second

Moses accepts a set of factor lis
element in the set. For example,




5.1. Training Models

In this study, translation factors are given as 0-0+1-142-2, which means separate translation
tables aic creatt-ad for surface forms (factor 0), lemmas (factor 1) and POS/Morpheme tags (factor
2). An illustrative example of how translation factors work is shown in Figure 5.3

| English
Source | Source

[heaven;‘ [ word | [ Word | [amres ]
\
(o)

v

AN
“ ]

Morpheme )
Segmentall ]

L

| NNs |[ Pos |

FIGURE 5.3: Sample Factored translation from English to Amharic

Factored systems are also used to train word alignments and create generation models for
factors. In this study, in addition to word-level alignment, lemmas are also used to train the
alignments as they are the smallest counterparts of the words and they occur more general
than surface forms especially for Amharic due to its inflection in morphology from the same

citation.

Generation models are used to decide which target side factors will be used to generate other
target side factors. In this study, 0-1,3+1,3-043-2 is given as generation factors, which means
three generation models are created, one for generating lemma and morpheme tags from a
surface form, one for generating a surface form from a pair of lemma and morpheme tags and

one generating POS from morpheme tag.

51.1.1.1 Why do we generate POS from morpheme tag?

Because we have seen in the POS tagging experiments in Chapter 4 Section 4.6.2.1 Affix
taggers work fine by considering one prefix and three suffix co_nstitu?ms. thus morpheme tag
constituents(factor 3) here can help generate POS tags for Amharic. This ha.s proven to generate
little translation accuracy in experiments listed late in this chapter. Figure 5.4 shows an

illustrative example of how generation factors work.

Figure 5.4 shows an illustrative example of how generation factors work.

5.1.1.2 Tuning
ith different weights. These weights are recorded in the

configuration file which is created after the training step. HO“’CZ‘“-T'.I:‘. the t‘_"“fﬁgt‘i‘;z“::“dﬁ:'

imized. is optimiza s done
these weights have default values and they need to be optimize : , :
at the tuﬁing step to find better rates and achieve high-quality translations. In this study,
minimum error rate training (MERT) is used to tune the systems [64]) [16]. MERT runs the

Moses uses the created models W
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FIGURE 5.4: Generation factors

Moses decoder on the same tuning data several times and finds the best set of weights that
provide the best quality translations in terms of BLEU scores.

In this study, the number of maximum iterations of MERT is limited to 10 for all systems
because tuning is the slowest step of the process. The tuning of factored systems is similar to
the tuning of the phrase-based systems. The configuration file contains input and output factors
and the system is tuned according to these factors. In the baseline phrase-based systems, the
input and output factors in the configuration file are both 0, which means there is only one

factor used.

5.2 Decoding

Decoding is simply creating the translation hypothesis from the input text. Using the translation
and language models, the decoder machine, namely the Moses Eoolku dlccoder, looks lior the
best translation of an input text. Moses uses a beam search algorithm which allows keeping all

- the hypotheses in stack data structures according to their tra.nslated. word counts. Each timg a
hypothesis is placed into a stack, the stack may need pruning which means hypoﬂ?cscs fm_h
lower scores are removed and then new hypotheses are created from that hypothesis. This is
lated into the target language.

done in iterations until all the input words are trans

5.2.1 Factored Decoding

Factored systems allow us to have multiple decoding paths. In this study, we use two decoding
paths:
1. t0,g0

2. 11,81,12,g2
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Y\;hcre lﬁl t|.s ;hf)et:;inﬂatll:%ssmp betwe‘en surface forms, 11 is the translation between lemmas, (2
is transle mne : deefn tags. g0 is the generation step where a lemma and the morpheme
tags are generated from a surface form, g1 is the generation step where a surface form is

generated from lemma and the morpheme tags and g2 is whe s generate
from the morpheme tags. b re a POS tag form is generated

e de_codmg path uses t0 and g0 and the second one uses 11,12, and g1. The two paths
aie alternaFwes to each other to increase the performance of the system if a word has been left
un-lemmatized and unsegmented due to the analyzer or segmenter coverage. During decoding,
translation options are generated from each and the one with the higher probability is used.
These decoding paths used in the experiment are illustrated in Figure 5.5.

Enghisg Amharic

English

U

lemma

g

POS tag

g2
»-f

FIGURE 5.5: Decoding paths for the factored system
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5.3 Experiment Results

5.3.1 Experiment I - N-Gram Language Model Effect Experiments

Since we were developing three different language models for our experiments, we first explored
the best language modeling N-gram order to use for all the experiments. Considering we have
a very limited monolingual data as similar as the bilingual text, we produce 2-gram, 3-gram,
and 4-gram language models and performed experiments with the test data on baseline system
with each language model for both languages to see the effect on translation fluency. The
BLEU results of each language model experiment are listed in Table 5.3.

Language Model BLEU Score (English - Amharic)
2-gram 12.56
3-gram 13.04
4-gram 12.20
3- Gram Modified Kneser-Ney 13.80

TABLE 5.3: BLEU scores with different language models for Amharic

The results on Table 5.3 show that the interpolated Modified Kneser-Ney Discounting [63] 3-
gram language model outperforms the others and we have used it in all the experiments inside
this study. This yields better models due to the discounted 3-gram probability estimates at the
specified order 3 to be interpolated with lower-order estimates 2-gram and uni-gram. we have
chosen this Kneser-Ney smoothing technique because earlier studies in morphology-based lan-
guage models show that it outperforms others for under-resourced Ethio-Semitic languages [34].

5.3.2 Experiment II - Baseline System

The baseline system is built with the original data, without applying any linguistic feature. This
experiment is conducted by using the ordinary phrase-based translation model land a 3-gram
surface-based language model. All the data-sets are trained, tuned and_tested using Moses and
the results obtained have been reported using BLEU scores are shown in Table 5.4.

| Lang. Pair | BLEU Score |

23.12
9.52

Ambharic - English
English - Amharic

TABLE 5.4: BLEU scores for Bascline Experiment Results

The results show that translating to English has a relatively better score accuracy of 23.12 t'l'lan
translating to Amharic, a BLEU score of 9.52 which lower by 58% in perfonnanc; !Io its \:]cc-
Versa translation. This is since the Amharic corpus has almost hglf a lower voca hu ?rllcs than
the English side. This makes sparsity in the alignment for Amharic words todmatc nm;1 clmd-
English translation while creating a phrase-table which even could not exist due to morphology

Inflection on the English counterpart.
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5.3.3 Experiment III - Surface and POS tag System

Out of all the POS tagging Experiments conducted we choose our best model and other two
rand(_)m])’ selected taggers to see the effect of POS tagger accuracy on the translation Accuracy.
And it turns out to be, POS tagger accuracy and translation accuracy are directly proportional in

translation systems where POS tag is incorporated bidirectionally for both Amharic and English.
Results are shown in Table 5.5,

| Lang. Pair | POS tagger | Tagger Accuracy | BLEU Score
Amharic - English T 80,46 22.54 "
« CRFs 80.01 21.98
« Naive-Bays Backoffed* 90.2 24.33
Fnglish - Amharic T 80.46 0.24 ‘
« CRFs 80.01 9.58
4 Naive-Bays Backoffed* 90.2 13.80 |

TABLE 5.5: BLEU scores POS tagged system

This method of adding a POS tag into a translation has improved the translation accuracy of
both translating to Amharic and English. Much of its improvement is noted on the Amharic
side where the POS tag translation has improved the translation by 31% from a BLEU score of
9.52 to 13.80.

These improvements have been achieved by preferring a sequence of POS tags where words
have not been seen next to each other before using the separate POS tag-set language model
and direct POS to POS translation, i.e “JJ” in English is “ADJ” in WIC Amharic Corpus. On
the other side, the Amharic POS tag-set language model will tell the translation that a sentence
is more likely to start by a Noun(N) and an adjective(ADJ) is most like to be followed by a

noun.

5.3.4 Experiment III - Surface with Lemma Experiments

In order to see the effect of morphology analysis and segmentation ,we have incorporated one
further linguistic information to the surface word. we hajve added lemma fo_r both Ambharic
and English using lemmatizers discussed in Chapter 4 Section 4.5. Incorporating lemi_ﬂa have
increased the translation accuracy further for both Ambaric and Ez_aghsh. The BLEU score
improvements due to the incorporation of the lemma of both Amharic and English words are

as shown in Table 5.7.

|  Lang. Pair | BLEU Score |
23.54
12.98

Ambharic - English
English - Ambharic

TABLE 5.6: BLEU scores for Surface + Lemma + POS tagged Experiments

segmentation ,we have incorporated one further
have added lemma for both Amharic and English
Incorporating lemma have increased

To see the effect of morphology analysis and
linguistic information to the surface word. we hé o
using lemmatizers discussed in Chapter 4 Section 4.5.
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the translatipn accuracy further for both Amharic and English. The BLEU score improvements
due to the incorporation of the lemma of both Amharic and English words are as shown in
Table 5.7.

5.3.5 Experiment IV - Surface with Lemma and POS Experiments

Adopting the best POS tagging model from Experiment III, we have incorporated one further
linguistic information to the Experiment III so that we could use both POS tag and lemma with
the surface word. This Experiment is conducted by combining the features in Experiment 11
and IIl. we have added lemma for both Amharic and English using lemmatizers discussed in
Chapter 4 Section 4.5. Incorporating lemma have increased the translation accuracy further for
both Amharic and English. The improvements are as shown in Table 5.7.

| Lang. Pair | BLEU Score |

25.48
15.28

Ambaric - English
English - Amharic

TABLE 5.7: BLEU scores for Surface + Lemma + POS tagged Experiments

Since lemmas are the smallest linguistic features that hold meanings especially in Amharic, chal-
lenges in translation due to the morphological richness of Amharic has been further minimized
by adding lemma as feature factor. As it can be noted in table both Amharic and English have
profited, especially translating to Amharic has shown an increase in BLEU score from 13.80
to 15.28, a 9.6% increase from the last best model in Experiment II and 37.69% improvement

from the baseline.

5.3.6 Experiment V - Surface with Lemma, POS and Morpheme Segmen-

tation

Considering Amharic is morphologically very rich, by incorporating another Morpheme seg-
mentation information as a feature, to Experiment III for the Ambharic side we have found
improvements of a 0.56 BLEU Score. Compared to the other linguistic fF“f“’C in ﬁ.‘c above
experiments morpheme segments has improved the translation accuracy limited. It is only a

3% difference on translation accuracy as shown in the Table 5.8.

| Lang. Pair | BLEU Score [

25.48 |
15.84 |

Ambharic - English
English - Amharic

TABLE 5.8: BLEU scores Surface + Lemma + POS tagged + Morpheme’s experiments

5.4 Discussion

how that incorporating linguistic features on Amharic

Th g : g
€ results in all the above experiments SLEU score a 39.9% translation improvement over the

data had an increment of 5.96 points in B



5.4. Discussion
0

baseline system while translating to Amhari imi i

. ic. Similarly incorporatin :
3 : g POS tag and lemma has
profited improvement of 2.36 in BLEU score, a 9.26% translation improvement. The comparative

BLEU scores of all all the experiments in EERRETRY
M1 corporating lin : : y
is shown in Figure 5.6. i § linguistic features against a baseline system

20 M
25 Hi ‘

M\i:” s - "#

FIGURE 5.6: BLEU Score for all baseline to factored Amharic- English Machine Transla-
tion

In the factored models, we use the morphologically segmented representation of Amharic words
as a third feature along with lemma, POS tag and the token itself. When we investigate
further into this, we see that the tagged systems also perform much better than the baseline.
We recommend the incorporation of all possible language features as long as they exist in the
nature of language, since the incorporation of one more linguistic feature shows the improvement

of the translation model.
We have seen adding morpheme segments has little effects in translation accuracy than adding

lemma of a word for Amharic. This is due to the cases that it creates a mismatch with the
English version of the data as the English version does not have such a linguistic feature due

to its low morphological inflection.

In order to obtain better results with factored models, an additional experiment can be done
with adding extra decoding step make use of the already known tran'slations of ph_rasc to ph.msc
indications in the baseline. These combinations would be computing resource intensive in a
CPU environment. Moreover, feature reduction segmentation of morph.ologncal tags may also
improve the results. These methods are introduced in agglutinative Turkish language to English

translation and have been applied successfully in some studies (1)



Chapter 6

CONCLUSION AND RECOMMENDATIONS

6.1 summary

In this study, linguistic features of a word have been incorporated to improve bidirectional
Amharic - English SMT accuracy using factored phrase-based translation models. With this
approach, we have used not only the most common linguistic feature such as POS tags and
lemma of a word but also morphemes of a token employing a factored model to improve the
quality of translations.

Experiments were carried out on a most recent data set, a corpus prepared at Addis Ababa
University, under a thematic research project of collecting parallel Corpora for bi-lingual English-
Ethiopian pairs available for the research community. We have used a segment of the corpus
Amharic -English pairs, a religious bible text of 30,646 sentence pairs.

Results show that using morpheme segments on the Amharic side in combination with lemma
and POS tag of a word improves the BLEU scores of the translations significantly. The best
results we have using these factored phrase-based model obtained with the same dala. usf-d for
an ordinary baseline system, increasing the BLEU score from 9.52 to 15.84 form English to
Amharic translation. We also improve the accuracy up to a 25.48 BLEU score from 23.12 for

Amharic to English translation.

To summarize, this study introduces an approach of applying morpheme segments on the

Amharic data and lemmatization on the English data to build an English to Amharic statistical
Its of this study are compared to the benchmark systems

machine i tem. The resu
e Sans R sets and are found to be significantly higher than those.

which were built with the same data

6.2 Conclusion

¢ information incorporation for Amharic -English
igni it di i h, Tamil and

i i ion significantly as it did for Turkish, Czech, T
amaation can Impee SR rovement rate with this morphologically rich

Arabic, had a very similar imp : ' _
Iangliggc:hein:;?;il;sg h:‘i’; i proprgr POS tagging and morphological analyzcrl this cnn;hfcd
factored t;anslations model has significant merits, disproving the decrement results reported for
English - Tigrigna languages.

On the other hand, out of all the linguistic featu

each of them has a different improvement oVFfa 28
score, POS tag has the most improved score of 4.25,

Experimental results have proven linguisti

res incorporated for Amharic - English translation
the translation. For Amharic in terms of BLEU
lemma of a word has 1.48, and morpheme
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_chmema““" ha]:'OI.S?_I. But importantly the more features used together has the more translation
improvement which has been noted to have similar adding all the improvements by each of
them.

In this study, our major challenge was computational resources where we incorporating three
different featurgs v\fhich means three times the data size of the tokens, which restrict us lc.l
use limited tuning iterations. Besides, the low computing problems we have spent much time
on POS tagger development, morphology analyzer processing tasks; rather than on the main
experiments of incorporating linguistic features. On the other hand lack of syntactic parser for
Amharic has limited us from conducting hierarchical translation models with linguistic features.
late 2018 early reports in MT have reported translation system based on deep leaning can
learn ]]inguisric features implicitly without directly specifying them which is another endeavor
to explore.

6.3 Recommendation

Based on the finding of this study, the challenges faced and literature in the field, the following
recommendations are forwarded.

* The techniques used and suggested throughout this study can be applied for other Ethio-
Semitic languages that have a similar nature of inflectional and derivational morphology,
especially for Tigrigna and Ge'ez. We have a strong belief that this study can form a basis
for future research in the field for these languages.

* A more specific POS tag-set for Amharic could improve a translation since POS has a
significant effect on translation accuracy.

* As long as a feature exists in the language and added in a uniform fashion, integrating
all the possible features together has a positive impact on the phrase-based factored SM1

in Amharic - English Translation.
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Appendix A

The Ethiopic script in ASCII (adoped
from Yakob, Firdyiwek [36])
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FIGURE A.1: The Ethiopic Script in ASCII (adopted from Yagob,




Appendix B

Classifier Based POS Tagger using
Naive-Bays

LISTING B.1: Pseudo-code od Taggers trained using NUTK

import nltk

import pic
from nltk.
from nltk.
from nltk.
from nltk.
from nltk.

corpus rea

kle

tokenize import LineTokenizer
corpus.reader import TaggedCorpusReader

tag
tag
tag

der

import tnt
import RegexpTagger
import AffixTagger

= TaggedCorpusReader ('sent—corpus', ['new-train.pos’,

'new—test.pos'], sent_tokenizer=LineTokenizer(), sep="'|")
corpus = corpus_reader.tagged_sents ()
tags = [tag for (word, tag) in corpus_reader.tagged words ()]

defaultTag

nltk.FreqDist(tags).max()

print(defaultTag)

train_reader = TaggedCorpusReader ('sent—corpus’, ['new-train.pos ',
sent_tokenizer=LineTokenizer(), sep="|")

train_sentence

test_reader =
sent_tokenizer=LineTokenizer(), sep="|")
test_sentence

patterns =
(r'A\d+s’,

[

(rPF ' w48,
(r\revri'+s,

(revne'+g'

(roFas +§

(r'A\7+8"
(res'asg:
(ri'A\+s',
(ri'A\+g',
(r'A\;+8,

NUMCR') , (r'A\d+.+$8',
'N'), (ra¥d'.=+$', 'N), (ryo'+$",
'AUX'), (reorsFe-'+$',

'AUX'), (raur'+$’,

'AUX'") ,

'PUNC'), (ri'A+$',

'PUNC'), (r'A\,+8',

'PUNC") ,

'PUNC'), (r:='A\+$',

'PUNC") , (ree'A\+8',

= train reader.tagged_sents()

TaggedCorpusReader ('sent—corpus’, [ 'new—test.pos'],

= test reader.tagged_sents()

NUMOR') , (r'.#\d+s', 'NUMP"),
'AUX*) ,
'AUX'), (reery'+8', "AUX"),
'AUX'), (rur'+$8°, ‘AUX') ,
(r'A:+8', 'PUNC'), (rs'A+$’, 'PUNC') ,
‘PUNC'), (r'A::+$§', 'PUNC") ,
'PUNC'), (r'A\—+§", 'PUNC") ,
(r+'A\+$', 'PUNC'), (re'A\+$', 'PUNC"),
'PUNC'), (re'A\+$', 'PUNC"),
'‘PUNC") , (r'A\+8', 'PUNCY),
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[(r'A\+$', 'PUNC'), (r>'A\+$', 'PUNC'), (r'A\\+$', 'PUNC")
(r'a//+$', 'PUNC"), (r'A\(+$', 'PUNC'), (r'A\)+g’', 'PUNC'}:
(r'a\[+$', 'PUNC"), (r'A\l+$', 'PUNC"),

(r='"A\+$', 'PUNC'), (r'.*x', 'N")

]

regex_tagger = RegexpTagger(patterns)

pre3_tagger = AffixTagger(train_scntencc. affix length=1,
min_stem_length=2, backoff=regex tagger) '

pre2_tagger = AffixTagger(train_sentcncc, backoff=pre3 tagger ,
affix_length=2, min_stem length=2) -
prel_tagger = AffixTagger(train_sentence, backoff=pre2 tagger,
affix_length=3, min_stem_length=1, 1
cutoff=0.001)

sufd_tagger = AffixTagger(train_sentence, backoff=pre1_tagger,
affix length=-4)

from nltk.tag.sequential import ClassifierBasedPOSTagger

tagger = ClassifierBasedPOSTagger(train=train_sentence ,
backoff=suf4_tagger, cutoff prob=0.665)
print(tagger.evaluate(test_sentence))

with open ( 'models/naive_back_off.pkl"', 'wb') as fout:
pickle.dump(tnt_tagger, fout)

print (accuracy)

’{,.'b »



Appendix C

Factored Training Sample Shell Program

#1/bin/sh

LANG1="en"

LANG2="am"

START DIR="$HOME/Desktop/data"
EXP_DIR="fact_morph_regenerate_"$SLANG2" "$LANG1

mkdir SHOME/$EXP_DIR

mkdir $HOME/$EXP_DIR/corpus
mkdir SHOME/$EXP_DIR/working
mkdir $HOME/$EXP_DIR/Im

mkdir SHOME/SEXP_DIR/pre_process

SRC="$START_DIR/$LANG1" "$LANG2/"

SELECTOR SCRIPS="$START | “DIR/scripts/selector_test_tune.py”

COMBINE FILES="$START DIR/scripts/combine.py"

MOSSES TOKEN= "SHOME/mosesdecoderfscnptsftukenwerltokcmzcr perl”
MOSSES_TRUE_CASE ] MOD-"SHOME/mosesdecoder!scnpls/rccascr!lram truecaser. perl
MOSSES TRUE CASE BULD-"SHOMEImosesdecoder/scrlpls!rccascrltruccau perl”
MOSSES ClEAN-"SHOME/mosesdecoder!scr1plsitrammg!clcan corpus-n.perl”
MOSSES TRN-"SHOI\{E!mosesdecoderfscrlpts!trannmg/tram model. perl”
MOSSES MERF-"sHOMEImosesdecoder!scnplsllrammglmcrt ~moses. pl”
CORPUS="$HOME/ SEXP_ DIR/corpus”

PreProcess="$HOME/SEXP_DIR/pre_ process”

SPACE_ NORM="$START DIR7 scripts/amh_space_ normalizor.py”

CHAR NORM-"SSTART DIR/scripts/amh_ char_ normalizor_v2.py"

AMH TAGGER—"sS'I‘ART DIR!scnptsiamhanc taggcr with model.py”

ENG TAGGER-—"SSTART “DIR/scripts/english_tagger_ with_ “model.py"

EXTRACT TAGS="$START DIR/scripts/extract_{ag: py"

LM="$HOME/$EXP_DIR/Im"

WORKING="$HOME/ $EXP_DIR/working®

Cp "$SRCSLANG1. txt" "SPreProcess.f:
Cp "$SRCSLANG2. txt" ngPpreProcess/
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cd $PreProcess
python3 "SSELEC'I‘OR__SCRIPS" SLANG1 SLANG2

# # English tokenization and truecasing
"SMOSSES_TOKEN" ~| en < "S$PreProcess/train.SLANG1" >
"$PreProcess/train,$LANG1. tok . SLANG1"
"SMOSSES_TRUE_CASE_MOD" ——model "$PreProcess/truecase-model.SLANG1"
——corpus "S$PreProcess/train.SLANG1. tok.$LANG1"
"$MOSSES_TRUE _ CASE_BULD" ——model "$PreProcess/truecase -model. $LANG1"
i "tPrcProcess/traln SLANG1. tok . SLANG1™"
> "$PreProcess/train. true.$SLANG1"

“SMOSSES_TOKI:N" -1 en < "$PreProcess/tune.$LANG1"
> "$PreProcess/tune.SLANG1. tok . $LANG1"

"$MOSSES _TRUE_CASE_MOD" ——model "$PreProcess/truecase model2.$LANG1"
——corpus "$PreProcess/tune.SLANG1. tok . SLANG1"
"SMOSSES_TRUE_CASE_BULD" ——model "$PreProcess/truecase -model2. $LANG1”

< "$PreProcess/tune.$LANG1. tok. S$LANG1™
> "$PreProcess/tune. true.SLANG1"

"SMOSSES_TOKEN" ~1 en < "$PreProcess/test.SLANG1"

> "$PreProcess/test.SLANG1. tok.$SLANG1*"
"$MOSSES_TRUE_CASE_MOD"

~—model "$PreProcess/truecase -model3.$LANG1"

~—corpus "SPreProcess/test.SLANG1. tok . SLANG1"
"$MOSSES_TRUE_CASE_BULD"

~—model "$PreProcess/truecase -model3.$LANG1"

< "$PreProcess/test .SLANG1, tok.SLANG1"

> "§PreProcess/test.true.SLANG1"

#Return to
# # Amharic tokenization and character normalaization

cd "$START_DIR/scripts /"

python2 "S$SPACE_NORM" "$PreProcess/train."SLANG2
python2 "$SPACE_NORM" "$PreProcess/tune. " SLANG2
python2 "$SPACE_NORM" "SPreProcess/test."SLANG2

python2 "$CHAR NORM" "$PreProcess/train."SLANG2
python2 "$CHAR NORM" "$PreProcess/tune."SLANG2
python2 "$CHAR NORM" "$PreProcess/test."SLANG2

mv "$PreProcess/train.SLANG2" "$PreProcess/train. true."SLANG2
mv "$PreProcess/tune.SLANG2" “"$PreProcess/tune.true. $LANG2
myv "$PreProcess/test .SLANG2" "$PreProcess/test . true."SLANG2



tli‘]l"”"h.\ 6

Factored Training Sample Shell Program

"$MOSSES_CLEAN" "$PreProcess/train . true"”

SLANG2 SLANG1

"SPrcProcessllrain.clmn" 1 80

cp "SPreProcess/train.clean. "SLANG1
"$PreProcess/train.clean. "SLANG2 "$CORPUS"
cp SPTLPFOCQSS/!UHC true."SLANG1
"$PreProcess/tune. true."$LANG?2 "$CORPUS"
cp "$PreProcess/test. true."$SLANG1
"$PreProcess/test. true."$LANG2 "$CORPUS"

# # #Tagging with best model yet

cd $CORPUS

python3
python3
python3
python3

#H#HHY
cd SLM
python3

python3

python3

python3

python3
python3
python3
python3
cd SIM

# ## double the data

"$ENG_TAGGER"
"$ENG_TAGGER"
"$AMH_TAGGER"
"$SAMH_TAGGER"

"$CORPUS/train.clean.$LANG1"
"$CORPUS/tune. true . SLANG1"
"$CORPUS/ train.clean.$LANG2"
"$CORPUS/tune. true . SLANG2"

language model creation

"$COMBINE_FILES" "$PreProcess/train.true."SLANG1
"$PreProcess/tune. true."$LANG1 "$LM/combined_Im.SLANG1"
"$COMBINE FILES" "$PreProcess/train. true."$LANG2
"$PreProcess/tune. true."$SLANG2 "$LM/combined_Im.SLANG2"

"$COMBINE_FILES" "SCORPUS/train.clean_tagged."SLANG1
$CORPUS/tune. true _tagged."SLANG1 "$LM7 combined _tagged_Im.SLANG1"
"$COMBINE_FILES" "$CORPUS/ train . clean _tagged. "$LANG2
"$CORPUS/tune. true _tagged."SLANG2 "$LM/ combined _tagged_Im.SLANG2"

"$EXTRACT TAGS" "$LM/combined tagged Im.SLANG1" "lemma"
"$EXTRACT TAGS" "$LM/combined laggcd Im.SLANG1" "pos”
"$EXTRACT TAGS" "$LM/combined_tagged Im.SLANG2" "lemma"
"$EXTRACT TAGS" "$LM/combined tagged Im.SLANG2" "pos”

python3 "$COMBINE_FILES" "$LM/combined taggcd_lm_lcmma.SLANGl”
"$LM/ combined tagged Im_lemma.SLANG1"

python3
python3
python3

cd SLM

# ## Language Model

"$LM/combined tagged_Im_lemma2.SLANG1" - ’
"$COMBINE _ FILE!:‘»"g “SLMlcombmed tagged_Im_lemma.SLANG2" “$IM/combined
"$LM/ bined tagged Im_lemma2. SLANG2 [

"$C0h§glr;1~1E FILES"gg"SLMlcombmcd tagged_Im_pos.SLANG1” $IM/combined _t
"$LM/combined _tagged _ Im_pos2.SLANG1 S combined.

"$COMBINE_FILES" "$LM/combined_tagged_Im_pos.SLANG2”
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"$HOME/ mosesdecoder/bin/Ilmplz" -0 3
——interpolate_unigrams 0 —discount fallback
——prune 0 <"SLM/combined_lm.SLANG1"_:-"SlMlsurfacc.arpu.SIJ\NGr'
"$HOME/mosesdecoder/bin/Implz" ~o 3 —interpolate unigrams 0
~—discount_fallback “
——prune 0 <"SLM/combined_Im.SLANG2" >"$IM/surface.arpa.SLANG2"

"$HOME/ mosesdecoder/bin/Implz" —o 3
——interpolate_unigrams 0 —discount fallback
——prune 0 <"$LM/combined_taggcd_lm_!c_-mmaz.SLANG1"
>"$LM/lemma. arpa.$SLANG1"
"$HOME/ mosesdecoder/bin/Implz" ~o 3
~——interpolate_unigrams 0
~discount_fallback —prune 0
<"$LM/combined_tagged Im_lemma2.SLANG2" >"$LM/lemma. arpa.SLANG2"

"$HOME/ mosesdecoder/bin/lmplz" ~o0 3 —interpolate_unigrams 0 ——discount_fallbac
"$HOME/mosesdecoder/bin/Implz" —o0 3 —interpolate_unigrams 0 —discount_fallbac

# ##Binarization of Language model —

"$HOME/ mosesdecoder/bin/build_binary" "$LM/surface.arpa.SLANG1" "SLM/surface.bl
"$HOME/ mosesdecoder/bin/build_binary" "$LM/surface.arpa.SLANG2" "SIM/surface.bl
"$HOME/ mosesdecoder/bin/build_binary" "$LM/lemma. arpa.SLANG1" "$LM/lemma.blm.SL
"$HOME/ mosesdecoder/bin/build_binary" "$LM/lemma. arpa.SLANG2" "$LM/lemma.bim.SL,
"$HOME/ mosesdecoder/bin/build_binary" "SLM/pos.arpa.SLANG1" "SLM/pos.blm.SLANG1
"$HOME/ mosesdecoder/bin/build_binary" "$LM/pos.arpa.SLANG2" "$LM/pos.blm.SLANG2

# ##Translation Model

cd SWORKING

"$MOSSES TRN" —cores 4 —mgiza —mgiza—cpus 4 —parallel \
~—root—dir "$WORKING/train" \

——corpus "$CORPUS/train.clean_tagged" \

—alignment grow—diag—final -and \

—reordering msd-bidirectional —fe \

—f "SLANG2" —e "SLANG1" \

—Im 0:3:"$LM/surface.blm.SLANG1" \

—Im 1:3:"$LM/lemma.blm.SLANG1" \

—Im 2:3:"SLM/pos.blm.SLANG1" \

—translation—factors 3,0-0 \

~—decoding—steps t0 \ . ]
—external —bin—dir "/home/tsegaye/master—moses—traing-tools/

cd SWORKING

mkdir "$WORKING/mert—work"



Appendix C. Factored Training Sample Shell Progran 0
L)

"$MOSSES_MERT" \
"SCORPUS/tune. true.SLANG2" "S$CORPUS/tune. true.SLANG1"\
"$HOME/ mosesdecoder/bin/moses" \

"SWORKING/ train /model/moses. ini" \

—mertdir "SHOME/mosesdecoder/bin" \

—rootdir "SHOME/mosesdecoder/scripts" \

~——batch—mira —return—best—dev \

—decoder—flags '—threads 4'

# # # ####Binaries 1 .
c¢cd $WORKING

mkdir "$WORKING/binarised -model"
"$HOME/ mosesdecoder/bin/processPhraseTableMin" \

—in "$WORKING/ train /model/phrase—table.0-0,1,2.g2" \
—nscores 4 —out "$WORKING/binarised -model/phrase—table.0-0,1,2.minphr"

###H#H#H## step final
cp "SWORKING/mert—work/moses. ini" "$WORKING/binarised ~model”

sed —i —e "s/PhraseDictionaryMemory/PhraseDictionaryCompact/g" "SWORKING/bina

sed —i

—e "s#path=8WORKING/ train/model/phrase—table.0-0,1,2. gz#path=SWORKING

# # sed —i —e "s#path=$WORKING/train/model/phrase—table.0—-0,2.gz#path=SWORKI

# # ####test with file

cd $WORKING

"$HOME/ mosesdecoder/scripts/training/filter —-model-given—input.pl" "SWORKING/ f

# ###bleu

"$SHOME/ mosesdecoder/bin/moses"
# ##run BLEU script

—f "SWORKING/ filtered —test."$SLANG2"/moses. ini"

"$HOME/ mosesdecoder/scripts/generic/multi—bleu. perl” —~lc "SCORPUS/test.true."”

echo "writting BLEU for EXP-$LANG2-$LANG1 Done!!



