International Journal of Advanced Research and Publications

ISSN: 2456-9992

N 1JARP

Optimal Alignment For Bi-Directional Afaan
Oromo-English Statistical Machine Translation

Yitayew Solomon, Million Meshesha, Wendewesen Endale

MSC, Yitayew Solomon, Addis Abeba University,
School of information science Addis Ababa, Ethiopia,
yitayewsolomon3@gmail.com

PhD' Million Meshesha Addis Abeba University,
School of information science Addis Ababa, Ethiopia,
million.meshesha@aau.edu.et

MSC, Wendewesen Endale, Addis Abeba University,
School of information science Addis Ababa, Ethiopia,
wendwesenendale768@gmail.com

Abstract: Statistical machine translation is an approach that mainly use parallel corpus for translation, in which alignment of
the given corpus is crucial point to have better translation performance. Alignment quality is a common problem for statistical
machine translation because, if sentences are miss-aligned the performance of the translation processes becomes poor. This
study aims to explore the effect of word level, phrase level and sentence level alignment on bi-directional Afaan Oromo-
English statistical machine translation. Experimental results show that better performance of 47% and 27% BLEU score was
registered using phrase level alignment with max phrase length 16 from Afaan Oromo-English machine translation and vice
versa, respectively. Grammar structure and variation in concept definition and correspondence are the major challenge during

machine translation (MT) which need further research.
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1. Introduction

Natural language is one of the fundamental aspects of
human behavior and a crucial component in our lives. It is
a tool for communicating all around the world. Natural
language processing (NLP) can be described as the ability
of computers to generate and interpret natural language
[1]. Machine translation is the application of computers to
the task of translating text and speech from one to another
human language [2] such as from Afaan Oromo to English
or vice versa. Afaan Oromo is one of the languages of the
Low land East Cushitic within the Cushitic family of the
Afro-Asiatic Phylum [3], [4]. It is also one of the major
languages spoken in Ethiopia. According to Gene [5] and
Hamid [6], Afaan Oromo is the third most widely spoken
language in Africa after Arabic and Hausa. Oromo
language, also referred to as Afaan Oromo or Oromiffaa
has more than 20 million speakers, is the second most
widely spoken Indigenous language in Africa [7]. More
than two-thirds of the speakers of the Cushitic languages
are Oromo or speak Afaan Oromo, which is also the third
largest Afro-Asiatic language in the world [7]. In spite of
its usage, as a vernacular, the language is widely spoken
in the Horn of Africa [7]. Afaan Oromo is rich in
morphology; that is, the language in which significant
information concerning syntactic units and relations is
expressed at word-level [7]. Machine translation (MT) has
different approaches, such as rule-based, corpus-based and
hybrid [2]. Rule-based machine translation, also known as
Knowledge-based MT, is a general term that describes
machine translation systems based on linguistic
information about source and target languages. Corpus-
based MT approach, also referred as data driven machine

translation, is an alternative approach for machine
translation to overcome the problem of knowledge
acquisition problem of rule-based machine translation.
Corpus-based machine translation uses, a bilingual
parallel corpus to obtain knowledge for new incoming
translation. By taking the advantage of both corpus based
and rule-based translation methodologies the hybrid MT
approach is developed, which has a better efficiency in the
area of MT systems [3]. Machine translation has its own
challenges and still an active research area [8]. The
challenges are translation of low-resource language pairs,
translation across domains, translation of informal text,
translation of speech and translation into morphologically
rich languages. Such challenges are emanating from the
unavailability of standardized parallel corpus which has a
great effect on alignment between source and target
languages. Hence, in this study an attempt is made to
prepare large corpus and explore optimal alignment for bi-
directional Afaan Oromo-English statistical machine
translation.

2. Related works

Machine translation (MT) systems have been developed
by using different methodologies and approaches for pairs
of languages [15], [16]. The state-of-the-art shows that
researcher attempted to design a machine translation
system for English, European languages, such as French
and Portuguese [9]-[11] and Asian languages, such as
Chinese and Japanese [12]-[14]. However, though there
are more than 80 languages, few studies are conducted
mainly for Amharic and Afaan Oromo languages.
Teshome [1] conducted an experiment to come with a bi-
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directional English-Amharic  statistical ~ machine
translation. Performance result shows that on the average
88% BLEU score for English-Amharic translation and
93% BLEU score for Amharic-English translation was
achieved. English-Afaan Oromo statistical machine
translation is attempted by Adugna [11]. Lack of
utilization or accessibility of online collection for
information need of Afaan Oromo speakers is considered
as the main problem that initiate the study. The
experimental result shows 17% BLEU score from Afaan
Oromo to English. The scholar cited as a major challenge
unavailability of large corpora from different domains and
the alignment quality which are left as future research
direction. Daba [12] explored a bi-directional English-
Afaan Oromo machine translation [12]. The author
compared statistical and rule-based machine translation
approaches. Accordingly, the experimental result shows
that rule-based approach register better results with an
average of 45% BLEU score. The performance of
statistical machine translation is reduced because of the
use of limited parallel corpus for the experimentation.
Both researchers [11], [12] emphasized that the poor
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quality alignment of the prepared dataset affects the
performance of English-Afaan Oromo  machine
translation. This is due to the unavailability of well-
prepared corpus for the statistical machine translation
task. This shows the need for undertaking further study to
identify an optimal alignment for the prepared Afaan
Oromo-English parallel corpus towards a bi-directional
statistical machine translation.

3. Alignment Challenge of English — Afaan

Oromo languages

Alignment plays a critical role in statistical machine
translation by mapping source sentence to target sentence
[3]. However, automatic alignment of parallel sentence
pair is not a simple task. For most parallel texts, choosing
the sentences in one language to be the translation of
another language is a challenging activities. Words may
have different levels of alignment; one to one, one to
many, many to one and many to many. Figure 1 below
shows the alignment properties of English and Afaan
Oromo text.

mana kitabaa deemaa jiraa wali

Caalaan
~o _—
/\\

“Cala is going;;:: library

each other

Figure 1: Alignments of English and Afaan Oromo sentences

As shown in figure 1, all alignment options are possible in
the two languages; this means that, a given word in one
language, say English can be written in multiple words
say Afaan Oromo. English word “library” is written in
Afaan Oromo using “Mana kitabaa”. This and also
multiple words in English that are translated in to multiple
words in Afaan Oromo. Based on the analyses we found
that many-to-one or one-to-many alignments are common
in English-Afaan Oromo translation. Afaan Oromo and
English have also differences in their syntactic structure.
In Afaan Oromo, the sentence structure is subject-object-
verb (SOV), where the subject comes first, followed by
the object and the verb comes at the end of the given
sentence. For example, if we take Afaan Oromo sentence
“caalaan midhaan nyaate”, ‘“caalaan” is the subject,
“midhaan” is the object and “nyaate” is the verb of the
sentence. In case of English, the sentence structure is
subject-verb-object. For example, if the above Afaan
Oromo sentence is translated into English it will be
“caalaa ate food” where “caalaa” is the subject, “ate” is
the verb and “food” is the object [17]. This difference in
the syntactic structure affects effectiveness of the
alignment task during text translation process from source
language to target language.

4. Methodology
This study follows experimental research which requires
data preparation, tool selection for experimentation and

evaluation for measuring the performance of the
translation.

4.1 Data collection and preparation

To perform the experiments, the data set or corpus was
collected from Ethiopian criminal code and constitution;
Megeleta Oromia (a document describing the power of
Oromia Regional Government) and Holy Bible. The
reasons to select these sources of data for corpus
preparation are, they are easily accessible from the web
and they are parallel corpus which is suitable for the SMT
task. A total of 6400 sentences are used for the SMT
experiments. The corpus passes through sentence splitting,
merging and tokenization so as to preprocess and make it
ready for creating parallel corpus, based on which to
explore the different alignments, word level, phrase level
and sentence level alignments.

4.2 Approaches

Statistical approach for machine translation is
economically wise, which does not require linguist
professionals for corpus preparation, the translation
process is done by using parallel corpus. It is especially
suitable for under resourced languages such as Afaan
Oromo language. The basic tools we used for
accomplishing the machine translation task is Moses for
mere mortal; freely available open source software which
is used for statistical machine translation. This software
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integrates different toolkits which could be used for
translation purpose such as IRSTLM for language model,
decoder for translation. We used MGIZA++ for word
alignment, Anymalign for phrase level alignment and
hunalign used for sentence level alignment in order to
align the prepared corpus at different levels and explore
their effect on the performance of SMT using BLEU score
metrics.
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5. Architecture of the system

This section presents the proposed system starting from
input corpus until the translation output and activities
performed at each stage. Figure 2 shows the architecture
of the proposed bi-directional Afaan Oromo-English
statistical machine translation system.

MGIZA++ Input

d Hunalign

|

M Corpus

1

Word level
aligned corpus

Anymalign

i d
Phrase level

Sentence level
aligned corpus

aligned corpus

Monolingual

Corpora
Language
model
Afaan Oromo text Translation

model

P(O) argmax/O(P{OIE)"P(O)) I P(OIE)
Decoder
P(E) argmax/E(P(E|O)*P(E) — P(E|O)
T

English text

Figure 2: Architecture of the system

Given input corpus, the system align the corpus at three
levels such as word, phrase and sentence level using
MGIZA++, Anymalign and hunalign respectively. The
output of each alignment tool is used for translation
model. The translation model takes word, phrase and
sentence  alignments and  computes  conditional
probabilities of occurrence of target text given source text;
that is, p (S|T) — the probability of occurrence of source
language given target language. For language model we
used monolingual corpora prepared for the two languages,
English and Afaan Oromo language. A corpus with 19300
sentences is used for English and 12200 sentences for
Afaan Oromo used for language model. The language
model collects prior information about the probability of
occurrence of source and target language texts in the given
monolingual corpora. In this study tri-gram model was
applied for creating the language model using IRSTLM
tool. Tri-gram computes the frequency of co-occurrence of
three words in the given text. Decoding is a search for the
shortest path in an implicit graph [1]. A decoder searches
for the best sequence of transformations that translates
source sentence to the corresponding target sentence. It
looks up all translations of every source word or phrase,
using word or phrase translation table and recombine the
target language phrases that maximizes the translation
model likelihood probability, P (S|T) multiplied by the
language model prior probability, p(T), i.e. P(T|S) =
argmaxyP(S|T) = P(T). (1) The activities at each level

of alignment and the language and translation models are
discussed as follows:

6. Alignment of English & Afaan Oromo text

In this study word level, phrase level and sentence level
alignments are done using MGIZA++, Anymalign and
hunalign tools respectively. MGIZA++ align the prepared
corpus at word level by using IBM models (1-5) [19].
Hunalign, aligns the sentences based on their length and
lexical similarity. In order to make the corpus more
suitable for the tool we prepared the corpus of both target
and source language in to balanced sentences in terms of
length. After this the tool aligns the corpus at sentence
level by using length of the sentences and lexical
similarity [20]. Then the output is used for translation
model. Anymalign is a multilingual sub-sentential aligner.
It can extract phrase equivalences from parallel corpora.
Its main advantage over other similar tools is that it can
align any number of languages simultaneously [21]. This
algorithm align the given corpus at phrase level by using
coma and hyphen respectively as main delimiters or end
of line (EOL) to find the phrases of both the source and
target language. This two delimiters, comma and hyphen
used in both Afaan Oromo and English languages to
identify phrases in the sentences, but, another delimiter of
phrases in the sentences in both languages are semi colon
and colon. In order to use these marks as additional
delimiter we modified the algorithm to find better aligned
phrases by including semi colon and colon to algorithm as
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additional delimiters. The result of the alignment at
different levels (word, phrase and sentence) are used for
creating and testing the translation model. In order to
evaluate the performance of the proposed system, first we
prepare the translated document by the system. Second
human translated document which is used as reference
translation. By using these two documents BLEU score
evaluate the performance of the system.

7. The Experiment

We perform three experiments using word level aligned
corpus, phrase level aligned corpus and sentence level
aligned corpus from both directions. The logic behind the
three experiments is to measure the effect of the different
phrase length aligned corpus on the performance of the bi-
directional translation for English and Afaan Oromo text.
The results of the experiments is presented in table 1
below:

Table 1: Summary of performance results.

BLEU score
Alignment | Phrase length in | English- Afaan
level words Afaan Oromo| Oromo-
MT English MT
Word 1-4 21% 42%
Phrase 5-16 27% 4%
Sentence 17-30 18% 35%

Experimental results shows that the performance
registered at maximum phrase length 16 is better than the
other experiments in both directions. The result confirms
that phrase level alignment is better than word level and
sentence level alignment. This is because most of the
correspondence between English and Afaan Oromo
language is word to phrase. This means that a combination
of multiple words in Afaan Oromo have single word
meaning in English; for example, “Mana kitabaa —>
Library”. In this study we found that, for designing a bi-
directional English to Afaan Oromo SMT with a better
performance the alignment level needs due attention, as
word correspondence is not only one to one rather it
includes one to many, many to one and many to many.
Also the observed difference in the syntactic structure of
the two languages, where English language follows
Subject-Verb-Object (SVO) but, Afaan Oromo construct
sentences with Subject-Object-Verb (SOV), increase the
complexity of text translation between both languages.
This creates an added complexity during the alignment
process since the alignment tool is expected to go in non-
linear fashion to identify word correspondence. The
system achieves better performance when Afaan Oromo is
the source language and English is target language. This is
because of getting better alignment probability of the
words. When the system is trained by taking Afaan
Oromo as source language and English as target language,
it gates more number of aligned words. As noted by
Koehn and Hieu [22], better translation performance is
registered in translation from morphologically rich
language such as Afaan Oromo to morphologically poor
language such as English. If the source language is
morphologically richer than the target language, it helps to
stem or segment the input in a pre-processing step, before
passing it on to the translation system [22]. It is also
observed that position sensitivity of the two languages has
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a great impact on the overall performance of the proposed
bi-directional Afaan Oromo-English statistical machine
translation. This creates an added complexity during the
alignment process since the alignment tool is expected to
go in non-linear fashion to identify word correspondence.

8. Concluding remarks

The performance of statistical machine translation have
strong relation with properly aligned parallel corpus. In
this study, we explored an optimal alignment for a
bidirectional Afaan Oromo-English statistical machine
translation in the text domain. The design process of bi-
directional English-Afaan Oromo statistical machine
translation involves collecting English-Afaan Oromo
parallel corpus. The corpus collected from freely available
on-line sources are cleaned and aligned. Corpus
preparation involves activities of preprocessing the corpus
such as sentence splitting, sentence merging and true
casing. Aligning the prepared corpus consider the
structure of both languages. MGIZA++ tool is used for
word level alignment, multilingual aligner (Anymalign)
used for phrase level alignment and Hunalign used for
sentence level alignment. Moses for mere mortal is used
for the bi-directional translation process. In order to
identify the optimal alignment, experiments are conducted
at word level, phrase level and sentence level in both
directions. Experimental result shows that phrase level
alignment with 16 max phrase length is an optimal level
of alignment for the study with 27% and 47% BLEU score
from English-Afaan Oromo and from Afaan Oromo-
English respectively. The reason for this alignment to be
optimal is that, it manages to identify more phrases for
phrase translation table than the rest level of alignments
for better performance of statistical machine translation.
Differences in grammar structure and variation in word
correspondence has a great contribution for miss-
alignments. Hence we recommend for further research
context and semantic aware aligner for language, like
Afaan Oromo with grammar variation and complex word
correspondence.
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