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Abstract: To bridge the language constraint of the people
residing in northeastern region of India, machine translation
system is a necessity. Large number of people in this region
cannot access many services due to the language
incomprehensibility. Among several languages spoken, Assamese
is one of the major languages used in northeast India. Machine
trandation for Assamese language is limited compared to other
languages. As a result, large number of people using Assamese
language cannot avail lots of benefits associated with it. This
paper has focused on the devel opment of the English to Assamese
transglation system using n-gram model. The n-gram model works
very well with the language pair having high dissimilarity in
syntax compared to other models. The value of n has a very big
role in the quality and efficiency of the system. Bilingual
Evaluation Understudy (BLEU) score differs significantly with
the change of the n-gram. This model uses tuples to reduce the
consumption of excess memory and to accelerate the translation
process. Parallel corpus has been used for training the n-gram
based decoder called MARIE. The number of trandation units
extracted using n-gram model is much less than the trandation
units extracted using phrase based model. This has a high impact
on system efficiency.

Keywords: Statistical Machine Translation, N-gram, MARIE,
English-Assamese Translation, Tuple Extraction

I.INTRODUCTION

Machine trandation is a subfield of computer linguistics
that dealswith the trandation carried out by the computers. In
the context of text trandation, user inputs texts of one
standard language and the system translates the sameinto the
texts of another standard language. During this process, the
system needs to follow some rules specifically applicable to
the target language. Since the syntax of different languagesis
different, the system should understand the rules of different
languages. The position of noun, verb and object of different
languages are different; hence, it should be taken care of such
that the sentences are tranglated with proper meaning without
violation of grammatical rules. The quality of the trandation
is measured on the basis of some factors like handling the
linguistic typology, translation of the idioms and how the
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anomalies are isolated. Now-a-days, machine trandation has
got much importance in different fields. Earlier, language
was a very big barrier in sharing ideas and knowledge
between diverse language speakers. Machine trandation has
attracted various domain of work dueto its ability of bridging
the gap created by that barrier. The significant demand for
trandation of electronic text on the internet, such as web
pages, e-mail, socia media, electronic chat, officia
document trandlation etc. is being noticed from past few
years. To fulfill the need of trandation, the following well
defined approaches are referred by the research community
in the area of machine trandation (Please refer to Fig.1 for
pictorial view of the approaches).

e Direct approach: The direct approach isthe simplest
one. Trandation is done word-by-word basis. In this
approach, no linguistic analysis of the source sentence is
taken into consideration for producing a target sentence.
Now-a-days this approach has been abandoned even in the
corpus-based framework.

e Rulebased approach: Thisapproach is based on the
rules generated by the human experts [11], [17]. Different
human experts may specify different rules for trandation
process. Hence, for different persons, the system will be of
different configuration and of different efficiency. This
approach can be subdivided into:

- Transfer approach: The transfer approach has
three phases. First oneisthe analysis phase where analysis of
the source sentence is done to produce an abstract
representation. Second one is the transfer phase where
abstract representation of the first phase is being transferred
into the equivalent representation in the target language.
Third one is the generation phase where target sentence is
generated from the intermediary representation.

- Interlingua approach: This approach produces the
target sentence based on the Interlingua representation
created by thorough analysis of the syntax and semantics of
the source sentence. This approach analyses the source
sentence deeply. The advantage of Interlingua approach is
that once the meaning of the source sentenceisgrasped, it can
be articulated in any number of target languages.

e Corpus based approach: This type of system
extractsthe knowledge by analyzing the trandation examples
from parallel corpus. A parallel corpusisacollection of texts
of more than one language, each of which is an exact
tranglation of each other. The parallel corpusis developed by
human experts. Here, the trand ation system can be devel oped
as soon as the required technique is ready for a given pair of
languages. A corpus-based approach generally follows direct
or transfer approach. The Corpus
based approach can be further
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Fig. 1. Approachesto Machine Translation

subdivided into the following two categories:

- Satistical: It uses the examples from the paralle
corpus for the training of the system. Statistical approach
initially worked only on word-by-word fashion. But
now-a-days, it aims to introduce linguistic analysis to some
extent.

- Example based: It uses the examples from the
parallel corpora. Trandation is provided by choosing and
combining the examples.

e Knowledge based: This approach requires
ontological knowledge and lexical knowledge. Ontological
knowledge means the description of the concepts and
relationships that can exist for the agents and lexicd
knowledge means all the information that is known about the
words and the relationships among them [5].

In recent research, rule based and corpus based approaches
have got importance as these approaches have shown
significant improvement in the quality of the trandation. Due
to the high syntactical dissimilarity between English and
Assamese languages, the researchers have found the corpus
based approach as the suitable one. To accomplish the
trandation, different models extract trandlation units in
different way (please refer to section 3 for details). In the
earlier works on English to Assamese trandation, the
researchers extracted the translation units as the phrases. That
worked well but the following limitations have been found:

e The extracted trandation units (phrases) are more in

number and hence consuming more memory.

¢ Finding the desired translated words from more number

of units resulted more time to trandate.

To address these issues, this work proposes an n-gram
based approach which will certainly improve the capability
of the trandlation system in terms of the memory consumption
aswell asthe trandation time.

The focal points of this approach are:

¢ Reduction in the number of extracted translation units

(tuples) without compromising the quality of trandation

¢ Reduction in the trand ation time.

In thiswork we are focusing only on English to Assamese
tranglation because we have found that for other languages, a
significant level of works in the field of machine trandation
has already been carried out and the people acrossthe globeis
availing the benefits. But the work is lagging behind for
Assamese language and hence a very big number of people
cannot avail lots of benefits associated with it.

The remaining portion of this paper is arranged into 5
sections. Section 2 is about the related works, section 3
presentsthe proposed work, section 4 showsthe experimental
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setup and section 5 is about the results and discussions, while
section 6 concludes the paper.

II.RELATED STUDY

Machine translation system was constrained being used in
early days and could be seen uniquely in some areas like
military  administrations, national and international
legidative administrations. For trandating Russian military
scientific and technical documentations into English, the US
Air Force introduced Systran in 1970 [21]. Later, the
trandation system got importance in different fields and
many works have been carried out for various languages.
Only afew of those have been mentioned here. Using n-gram
model, Spanish-English, Arabic-English and
Chinese-English trandation system was developed in the
TALP Research Center under Speech Processing Group in
the Signal Theory and Communications department of
Universitat Polit ecnica de Catalunya. MARIE, the n-gram
based machine tranglation decoder was also been devel oped
there [5]. English to South Dravidian translation system was
developed at Computational Engineering and Networking
Department, Amrita Vishwa Vidyapeetham, Coimbatore,
Tamil Nadu, India [23]. English to Sanskrit trandation
system has also been developed using lexical parser at
Information Technology Department, Bharati Vidyapeeth
University College of Engineering, Pune- 43, Maharashtra,
India [1]. Trandation system for English to Hindi was
developed at Thapar University [20]. Likewise many more
can be mentioned for different languages other than
Assamese language. It has been seen that many popular
trandation systems like Google Trandate, Bing Translator
etc. have not worked for the Assamese language (Fig.2).
During past a few vyears, the development of
English-Assamese trandation system has come into the
interest of research community. Using phrase based decoder,
tranglation system for English-Assamese and vice versa has
been developed at Gauhati University [3] as well as at
Dibrugarh University [19]. Both the systems have been
implemented using very small corpus and MOSES as the
decoder. MOSES is a phrase based machine trandation
decoder. In Gauhati University, a work using rule based
machine translation approach for English-Assamese has also
been done [9]. Till date limited works have been carried out
for English to Assamese translation using n-gram model.

= Google Translate

Hp, Text B Documd
= Microsoft
DETECT LANGUAGE
Translator Text
<«
We are updating our ter
~~ Detectlanguage -]
Afrikaans
Auto-Detect
Auto-Detect Albanian

Afrikaans,
Arabic
Bangla

Amharic
Arabic
Armenian

Azerbaijani

Basque

Fig. 2.Google and Bing Translator
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Phrase based systems consume high amount of memory
and takes more time to trandate. Hence, n-gram based
approach has been embraced to overcome these constraintsto
some extent.

1. PROPOSED WORK

Most of the existing trandation systems for English to
Assamese and vice versa have used the phrase-based
approach. But for the language pair with high dissimilarity in
the formation of sentences, phrase based system may produce
inefficient trand ation. Hence, n-gram based system has been
proposed.

Both n-gram based and phrase-based systems use
word-by-word alignment of the corpora. After alignment, the
tuples or trandlation units are extracted for n-gram based
system and for phrase based system the phrases are extracted
for performing the trandation. The following paragraph
shows how the tuples and phrases are extracted from the
aligned sentence.

From the Fig. 3 we can extract the tuples (tl...tn) as
follows:

t1: Dispur_is#oe=s3

t2: the_capital_of Assam #3115 SISENat

Any pair of the source sentence words and the target
sentence words satisfying the following two constraints can
be termed as phrase.

e Wordsshould be consecutive along both the sides of the

bilingual phrase, and

e Wordson either side of the phrase should not be aligned

to aword which is out of the phrase [5], [8].

So, keeping these two constraints in mind, the extracted
phrases (pl....pn) from Fig. 3 are asfollows:

pl: Dispur_is#fu=s

p2:

Dispur_is_the capital_of A ssam#fis_arse_srswiet

p3: the_capital#iﬂ?ﬁﬁ

p4: the_capital_of Assam#eTsiia_ oA

p5: of Assam#alsisg

From the above, it isobserved that the number of extracted
tuplesis significantly less than that of extracted phrases. Itis
clear that the sentence pair can be segmented into multiple
phrases ([pl+p4], [p2]). But, only single segmentation is
possible when extracting tuples ([t1+t2]). This makes phrase
based approach more robust than the n-gram approach. But
the problem is that, phrase based approach consumes more

1 1
1 1
1 1
1 1
I====17
1 1 1 1
1 1 1 1 1
1 1 1 1 1
1 1 1 1 1
1 1 1 1
%quq r==-- == it At Dt Bty |
R i
1 1 1 1 1 1 |
1 1 1 1 1 1 I
NULL | : : : ' : l

NULL Dispur is the capital of Assam

Fig. 3.Sentence alignment to show the extraction of
tuple and phrase
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memory than the n-gram based approach as the number of
phrase is more than that of tuple. Another problem is the
search time. N-gram based system accomplishes a similar
level of trandation in less time than that of phrase based
system.

A. Background

All statistical machine trandation system essentially goes

through three phases as follows:

e Language modeling: Thisphaseinvolvesthe calculation
of the probability of each word present in the target
language corpus.

e Trandation modeling: This phase takes care of the
calculation of the probability of words present in the
target language corpus given the probability of the words
present in the source language corpus.

e Decoding: This phase involves the maximization of the
probability to get the correct trandation.

Phase-l: Language model

The language model provides the context of selecting the

most prominent word to be placed after a sequence of words
from many choices. The theoretical concept can be
understood by this example. Consider an English sentence:
My phone is ringing. One trandated sentence in the
Assamese language is (T (B JM& & In the
tranglation process, after placing (319, the next word to be
placed may be F& or JM& or WM&, But during the
probability calculation, probability of getting (&1 will be
greater than fF and A= i.e. P(&H) > P(I) and also
P(&19) > P(3?). So the next word will be (&1, After
getting (T (%14, the probability of getting & will be
greater than that of STz, So the next word will be JfS.
After (TT (&9 J1fE, the probability of getting 3Tz will
be 1 (one), as there is no remaining word. i.e. P(3%R)=1.
Therefore, 3= will be put next to get the full transated
sentence [12]. There is a provision of getting equal
probability also. In that case any one of the equi-probable
words can be put. For a single sentence of a particular
language, there may have more than one translated sentence.
In that case, word order plays an important role in handling

the situation.
e Word order

Assume that in the above case, obtained translated
sentences are (N (FW JMG aM®, (N IMEH @
&, (M 9= (B9 JI etc.. In this situation, there
will be an ambiguity in producing the output. To handle this,
the analysis of the text corpusis necessary as the appropriate
order of the wordsto be placed in the sentences of a particular
language can be learned from there. From the above three
sentences, (T (B9 F1f& & has the appropriate order
of each words compared to (T I A® (H1F and T
M= (®E JIM9. Hence, it is expected to get (T (H1F
& A= as the ultimate output [19]. Other than this

problem, there is a chance to encounter another problemi.e.

getting more than one meaning of a single word. In this case,
word choice resolves the issue.
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e Word choice

In the previously considered sentence, the word phone can
have many synonymous words in Assamese like (HT,
YIS, YR, [Redl, (Gfiwe etc. Therefore, it is
possible to get many trandations based on these words.
Since, each and every word in the text corpus has a specific
probability; the choice of the word is done for the maximum
probable word out of all the choices available on that corpus
[19].

During the probability calculations in different steps of
trandation, data sparsity creates a major problem. Due to
data sparsity, most possible word sequences may not be
observed in training phase. As aresult, the testing phase may
show low efficiency. One solution is to make an assumption
that the probability of aword depends only on the previous n
words and this is called as n-gram model. The following
section enlightens the n-gram model.

e N-gram

An n-gram can be termed as a contiguous sequence of n
number of items from a particular sequence of text or speech
[14]. Different applications may be having different types of
items like phonemes, syllables, letters, words, base pairs etc..
Ann-gramwith size Lislabeled asunigram, size 2 islabeled
as bigram or digram, size 3 islabeled as trigram [14]. After
these, the n-grams can be labeled as per the value of n like

four-gram, five-gram, six-grametc. [14], [9]. One exampleto
understand this concept is given in Table- I.

o N-gram models

Ann-gram model is based on the calculation of the
probability and it is used to predict the next item for a
sequence in the form of Markov model of order (n - 1).

The n-gram models and the agorithms that use the
n-grams have the following two main advantages:

- Thesearerelatively smple and

- These are having the ability to scale up. It can be
efficiently scaled up by simply increasing the value of n
[12].

To make it clearer we can say that an n-gram model
predicts Y;by looking into Y _,_1y, ...., Yj_; .Probability term
for thisis P(¥;|Y;_(n-1y, --- .-, ¥;—1 ). Independent assumptions
are made during the language modeling so that each word of a
particular sentence isdependent only onthelast n — 1 words.
These assumptions are important because:

- It significantly simplifies the problem associated with

learning the language model from the data.

- The nature of the language is open and it is obvious to
group the words together that are unknown to the
language model.

It is to be noted that, in basic n-gram language model, the

probability of a word from a sentence, with respect to some
number of previous words from the same sentence (one word

Table- I: Demonstration of n-gram (up to 3-gram)

2-gram
1-gram sequence sequence 3-gram sequence
(bigram or
Type Sample Sequence (unigram) digram) (trigram)
be e, i,in,n,
_t,th,he,e, d, | be,ei, inin_, nt, th,the
b,e ,i,n,_,t,h,e | deeb bt t, o he , e d, de, deb, ebt, bt _,
Character be in the debt of ,d,ebt ,of of t o, of
bein, inthe, the | beinthe, inthe debt, the debt
Word be in the debt of be, in, the, debt, of debt, debt of of

for bigram model, two words for trigram model, etc.) can be
described as a multinomial distribution or categorical
distribution [14].
The probability P(W,, ..., W,,), observing the
sentence W; ... Wy isapproximated in n-gram model as:
P(Wy, ..., W) = [Tk, P(Wj Wy, ..., Wy) =
[y POW W noayy e Wya) (1)
where, W,isthe k**word of the given sentence.

Using the n-gram frequency counts, the conditional
probability can be calculated as follows:

count(Wj_(n—n ........ Wi W
Py W) =

count(W ; )j) (2)
j-m=1) Wiy

This can be clarified with the help of the following
example:

Let us consider a sentence “I visited Gauhati University”.
The probability of this sentence using bigram (n — 2) can be
approximated as-
P(l,visited,Gauhati,University)=P(l|<s>)P(visited|l)P(Gau
hati|visited) P(Univer sity] Gauhati)P(</s>|University)

The approximation for the same sentence in trigram (n =
3)is
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P(l,visited,Gauhati,University)=P(l|<s> ,<s>)P(visited|< s>
,)P(Gauhati|l visited)P(University|visited, Gauhati)P(</s> |
Gauhati,University)

It can be noted that, thefirst (n — 1) n-grams contexts are
filled with < s > known as start-of-sentence marker.
Without the end-of-sentence marker (</s >), the probability
of asmaller sequence | visited Gauhati would always be
higher than that of the longer sequence | visited Gauhati
University [14].

o Count smoothing

During the counting of n-grams, we may encounter that
some n-grams do not appear in the corpora. Those n-grams
contribute O (zero) probability to the corpora. This may yield
avalue 0 (zero) whileretrieving and if it is needed to multiply
the probabilities with the n-grams having non-zero
probabilities. To get rid of this, 1 (one) is added to the
numerator and the number of types is added to the
denominator. So, the new count will look like the following:

P(Wi|Wj_n-1y, -, Wj-1) =
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FJF e | My phone is ringing
(%FG’—H } Ilypolne is ringin

Fig. 4.Example of Sentence alignment

Where, t is the number of types present in the vocabulary.
This makes sure that each n-gram has a minimum count of 1.
Hence, a sequence that does not even occur in the corpora
will aso have a hon-zero probability [19].

Phase-11: Trandation model

Trangation model aimsto generate the sentence d of target
language from the sentence ¢ of source language by
computing the conditional probabilityP(d|c). It can be

thought that the target sentence is being generated from
source sentence word-by-word [12], [4]. The following
example can be considered for better understanding:

If an English sentence My phoneisringing istrandated to
an Assamese sentence, one result is (T (T & A=

One possible aignment for the sentence pair can be asin Fig.
4. A number of aignments are possible for every sentence,
such as word-by-word, phrase etc. For better understanding,
the word-by-word aignment can be considered. If m
numbers of words are present in source sentence and n
numbers of words are present in target sentence, thenm x n
different alignments are possible. All connections towards
the target position are equi-probable. Therefore, the order of
words in the target sentence and the source sentence do not
affect the probability of target given source. i.e
P(target|source) [20].

After word-to-word alignment, the tuples are extracted.
The bilingual units are generally referred to asthe tuple. The
probabilities of the trandation model are approximated by the
n-grams of the tuples at sentence level asfollows:

P(T,S) =
[T P((t )i 16, D=1, (& )iy v oo (8, S)k—ns1) (4)

Where, t represents target and s represents source.
The(t, s), refersto k*" tuple of bilingual sentence pair [15].

Phase-I11: Decoding

The process of probability maximization for the trandlated
text can be termed as the decoding. The words having
maximum likelihood are chosen. A target sentence search is
performed that maximizes P(T|S) . i.e P(S,T) =
arg max [P(S|T) x P(T)] should be satisfied for getting the
target sentence [12].

In the above formula, S and T denote source and target
respectively. There is a possibility that a problem of infinite
space search may arise in this case. To cope up with this
problem, a method called stacked search is generally
suggested. Here a partia alignment hypothesis list is
maintained and the search is prompted to start with null
hypothesis. That means we get the target sentence from an
unknown source word sequence [12]. One example is as
follows:

(e IETET TR | #), where, # is a place holder

for an unknown source word sequence. As the search moves
forward, one or more words are added to the hypothesis to
extend the list of entries [12]. Exampleisasfollows:

(ST FoRTEr 7% | The Capital of Assam)
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Extract-tuples

Tuples

SRI LM\l/
Bilingual
L anguage M odel

Source )
Gizat+ Source
Target to

\L SRILM
Target
Language M odel

—> Output

Input ————>/

MARIE

Fig. 5.Block diagram of the proposed system

The # can take any combination of the words in the list.
But the search will terminate with amore promising complete
alignment than any of the incomplete alignments [20].

B. Architecture of the Proposed System

The architecture of the proposed system (Fig. 5) has two
parts. The upper part of the dotted lineisfor training and the
lower part of the dotted line is for testing purpose. In the
training phase the developed system is trained with the
available data. In this case, the data is the English-Assamese
parallel corpus. The more the data in the training phase, the
better the efficiency of the system. Here, a corpus of about
15000 sentences has been used. From the architecture it can
be said that the alignment of English words to Assamese
words, the extraction of the tuples, creation of the target
language model, creation of the bilingual language model and
feeding these language models into the decoder falls under
thetraining phase. The testing phase comprises the uses of 10
to 20 percentages of the training data to test the system,
whether it is working properly or not. It is just an
approximation that the system will work as desired.
Basically, providing input to the decoder (MARIE) and
getting output from the decoder falls under the testing phase.

From the block diagram (Fig. 5), it has been seen that
parallel corpus of source and target language has been
word-by-word aligned with the help of trandation model
toolkit called Giza++. From the aligned corpusthetrandation
units are extracted. The trandation units are called tuple in
n-gram based statistical machine trandation system. After
extracting the tuples, the bilingual language model is created
with the help of Stanford Research Institute L anguage Model
(SRILM) toolkit. Also target language model is created with
the help of SRILM from the target language corpus. The
MARIE (n-gram based decoder) is then trained with the
language models. After training, the decoder (MARIE) is
ready to trandlate and accepts input from the user and yields
the output accordingly. The details of the tools used in this
work are described in the following section.

IV.EXPERIMENTAL SETUP

A. Tools Used

GlZA++ and SRILM have been used for translation model
and language model respectively. For the decoding part
MARIE has been used. The details regarding the tools have
been given below:
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GIZA++

In [16], it has been mentioned that GIZA was a part of the
statistical machine trandlation toolkit called EGYPT. It was
developed at the Center for Language and Speech Processing
during the summer workshop in the year 1999 by the
statistical  machine trandation team of Johns-Hopkins
University [16]. GIZA was extended to GIZA++ by Fran
Josef Och adding some new features[16]. Theideas about the
extensions to GIZA which are included in GIZA++ can be
found below:

- A new model named as Model 4 [16].

- Another new model named as Model 5 [16].

- Depending on word classes some Alignment models

have been included [16].

- Implementation of the HMM alignment model:
Baum-Welch training, Forward-Backward algorithm,
empty word, dependency on word classes, transfer to
fertility models etc. [16].

- New form for Model 3 as well as for Model 4 which
allowsthe training of the parameter p_0[16].

- For fertility, distortion or alignment parameters, many
smoothing techniques have been included [16].

- Fertility models have been trained more efficiently than
the previous ones [16].

- The pegging described in [4] has been accurately
implemented. It is a series of heuristics to make the
pegging efficient enough [16].

SRILM

It isawidely used language modeling toolkit. It calculates
the n-grams of the corpus. The n may be of any value. Default
value of nis 3. It requires huge monolingual corpus (In our
case: Assamese) inwell aligned manner. Also it can calculate
the n-grams for bilingual corpus, such that the words are
aligned and there is no gap between the aligned words.

The primary objective of SRILM is to support the
estimation of the language model and evaluation. The
creation of a model from the training data is termed as the
estimation and the computation of the probability of a test
corpus or corporaistermed as the evaluation.

The basis of SRILM is the n-gram statistics. Three main
functionalities of SRILM are:

- To generate the count file of n-gram from the given

corpus

- To train the language model with the help of the count

file of n-gram

- To caculate the perplexity of the test data using the

language model that has been trained.

For this system, SRILM has been used to get the target
language model and also the bilingual language model. For
target language model we have used Assamese text corpus.

Training

S N-gram Count Count File | Step1
Lexicon N-gram Count LM Step 2
|
\!
Test Data N-gram PPL Step 3

Fig. 6.Language model development steps
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For bilingual language model we have used the file
containing the trandation units (tuple). These units are
extracted from the alignment file of Giza++. After getting the
tuples with the help of extract-tuple (a tool comes with
MARIE), some modifications are needed to get the
appropriate format for getting correct n-gram from the file.
The SRILM tool caculates the n-gram in three steps as
shown in the Fig. 6 [22].

MARIE

It is a statistical machine translation decoder based on the
n-gram model. It implementsthe beam search strategy, which
is based on the dynamic programming technique [15]. The
decoding is guided by the source and it is performed
monotonically [15]. While decoding, the partial translation
hypotheses are generally arranged into distinct stacks as per
the total number of source words they are covering [15]. The
hypotheses covering the same source word competes with
each other [15].

To tract the decoding a every step, MARIE uses
Threshold pruning and Histogram pruning methods. In
Threshold pruning method, each and every partia trandation
hypotheses having low scorethan a preset threshold value are
eliminated [15], [7]. And in Histogram pruning method, the
maximum number of partial trandation hypothesesto be used
is decided and the K-best ranked ones are considered [15].
Hypothesis recombination is also been alowed by MARIE.
Here, exactly coinciding partial trandation hypotheses in
both the present tuple and the tuple trigram history are
recombined [15].

B. Steps Carried Out under the Proposed Work

e Creation and preprocessing of the cor pus

Parallel corpus of English and Assamese language is
required for this trandation system to work. Here, a parallel
corpus of about 15000 sentences has been used. The domain
of the corpus is mixed, comprising maximum part from
tourism in India. The raw corpus may have some different
format than the tool’s format. That’s why, before using the
raw corpus, it is necessary to process it to get the desired
format for thetools. If thisisnot done, the tools may not work
properly and as a result it may not produce desired output.
Some tools may need only the lowercase letters, some may
need uppercase letters, some tools may require separate
guotation mark etc.. Depending on the need of the tools, the
data or the training data have to be processed first. Here, the
following preprocessing steps are carried out:

o Tokenization

For correct alignment, the corpus should be in tokenized
form. Tokenization means separation of the words,
punctuations, extra spaces from the sentences of the corpus.
This works by following some rule for the concerned
language. The special rules are assigned in the
nonbreaking-prefix file. For this purpose a perl script has
been used. The perl script works only for some particular
languages. So, for tokenizing Assamese corpus, some
modification is needed. Since the structure of English and
Assamese sentences is not same, hence direct use of the
tokenizer results into break down of the composite words of
Assamese sentence.
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This is not desirable. Therefore, dight modification has
been doneinto the code of the perl program to get the desired
result for Assamese language. The commands for
tokenization are;

Jtokenizer.perl -l sre<srccorpus>srccorpus.tok

Jtokenizer.perl —I trg<trgcorpus>trgcorpus.tok

Here,

src—source language abbreviation (e.genlas|hi|je|de etc.)

srccorpus — source corpus file along with the path

srccorpus.tok— tokenized source file along with the path
trg — target language

abbreviation (e.gen|ashi|je|deetc)

trgcorpus — target corpus file along with the path

trgcorpus.tok — tokenized target file along with the path

o Lower casing

Lower casing of the words in the corpus is necessary for
better result from Giza++. The uppercase letters are turned
into lowercase letters using the inbuilt function of Ubuntu.
The syntax for lower casing is:

tr ‘[:upper:]’ ‘[:lower:]’ <srcfile.tok>srcfile.tok.low
Here,
tr— refers to translation, i.e translate from upper to lower
case
[:xxxxxx:]— this varies depending on the operation
performed
srcfile.tok— refers to tokenized file to be lowercased
srcfiletok.low— refers to output file after lowercasing.

Generally, this operation should be performed for both the
source and the target file. But in Assamese language, thereis
no concept of lower and upper case. Thislanguageis not case
sensitive. Yet this operation can be performed on the
Assamese language corpus. Thiswill not show any changein
the corpus.

¢ Creation of thetranslation model

A magor part of this system is the trandation model.
Basically, in this case, the calculation of the probability of the
target sentence given the source sentence is performed. For
this purpose Gizat++ has been used. The details of creation of
the translation model are discussed below:

o Trandatethe plain text to Giza format

Gizat++ works only on textswhich arein Gizaformat. The
plain text i.e. the tokenized and lowercased text is converted
into Giza format with the help of the following:

Jplain2snt.out srcfiletrgfile
Here,
srcfile—refers to the source language tokenized and
lowercased file along with path
trgfile—refers to the target language tokenized and
lowercased file along with path

This will create the files srcfileveh, trgfilewvch,
srcfile_trgfile.sntandtrgfile_srcfile.snt. The descriptions of
the files are asfollows:

srcfileveb file contains the information from the source
language corpuslike, each word, frequency count and unique
id.

trgfileveb file contains the information from the target
language corpuslike, each word, frequency count and unique
id.
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srcfile_trgfile.snt file contains each of the sentences from
the parallel corpus (source and target) trandated into the
unique numbers for each of the words.

trgfile_srcfile.snt file contains each of the sentences from
the parallel corpus (target and source) trandated into the
unique numbers for each of the words. It is just the opposite
of srcfile_trgfile.sntand vice-versais aso correct.

o Create coocurrencefile

The coocurrence files are created from the above Giza
format file. The syntax for creating the coocurrence fileis as
follows:

Jsnt2cooc.out srcfilevebtrgfilevcbsrcfile trgfile.snt
>st.cooc

Thiswill create the coocurrence file and write into the file
st.cooc. The filename may be defined by the user i.e. it may
be other than st.cooc.

o Make classes

One package named as mkcls makes different classes of
the text in the corpus based on similarity of the words. The
number of class may be defined by the user. If the number of
class is not defined, then the default number of class is
created. The syntax of creating classesby mkclsisasfollows:
Jmkcls —C80 —n10 —psrcfile.tok.low —Vsrcfile.tok.low.veh.classes
or
Jmkcls—n10 —psrcfile.tok.low —Vsrcfile.tok.low.veb.classes

The first command will create 80 numbers of classes using
10 numbers of rounds and the second command will create
mkcls’ default number of classes using 10 numbers of
rounds. The number of rounds may vary. Higher the numbers
of rounds better the result. This will create two files
srcfile.tok.low.veb.classes and srcfile.tok.low.veb.classes.cat
in the specified directory. The descriptions of thefiles created
are asfollows:

srcfile.tok.low.veb.classes files hold the list of all wordsin
aphabetical order along with the punctuations and also the
frequency counts of all the words.

srcfiletok.low.veb.classes.cat  files hold the
frequencies and the collection of words for
corresponding frequency.

o Alignment of the corpus

Once al the configuration files needed for the alignment
are ready, the alignment process of the source and target
corpus can be initiated. Since, .vcb files, .snt files,
CoocurrenceFile and class files are obtained from earlier
operations, Giza++ can align the corpus now. This is done
using the following:

JGIZA++ -S srcfiletok.low.veb —T trgfiletok.low.vch —-C
srcfile_trgfile.snt —CoocurrenceFilesrc_trg.cooc

list of
that

The above will align the source and target corpus with the
help of source vcb, target vch, source and target snt file and
the coocurrence file. The files created by this are described
below:

.a3.final file has atable with the below mentioned format:

xyztP(x|y zt)

where,

x —Source sentence position

y —Target sentence position

z —Source sentence length

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication



https://www.openaccess.nl/en/open-publications
http://www.ijeat.org/

N-gram based M achine Trandation for English-Assamese: Two L anguages with High Syntactical
Dissmilarity

(9]

#Sentence pair (1) source length 19 target length 11 alignment score: 7.38552e-16
SIS (AFAR TRIFF A S GIT , ASZ qMeuq St |

NULL ({}) ({12345 }) Jaipur ({6 }), ({ 7 }) popularly ({ }) known ({ }) as ({ }) the ({ }) pink ({ }] city
({ D city ({3), ({ ) is ({}) the ({ }) capital ({ 10 }) of ({}) rajasthan ({ 8 }) state ({9 }), ({ }) india ({}) -

#Sentence pair (2) source length 22 targetlength 19 ..........ccccoc.....

Fig. 7.Alignment Probability ((A3.final) file

t »Target sentence length

P(x|y,z,t) »The

probability that a source word in the position x ismoved to
the position y in a sentence pair with length z and ¢[18]

A3 final contains-

The matchesfor the source sentence to the target sentences
and give the match an alignment score. It is the desired
alignment file. It creates three lines for a particular sentence.
It shows the number of words present in the source sentence
and also in the target sentence along with the alignment score
(Fig. 7).

Source corpus words, their unique id and frequency counts
are shown in .trn.src.veb. It matches with srcfile.vcb.

Target corpus words, their unique id and frequency counts
are shown in .trn.trg.vch. It matches with trgfile.vch.

.tst.src.vebis empty.

.tst.trg.vchis empty.

.perp file contains the list of perplexity for each iteration
and model. The form of the fileis asfollows:

"trsz tssz itr mdl tr_pp ts_pp tr_vit_ pp ts_vit p”

where,

- trsz—size of training data

- tssz— size of test data
itr— no. of iteration
mdl—model
tr_pp—perplexity of thetraining
ts_pp—perplexity of the test
tr_vit_pp-viterbi perplexity of the training
ts vit_pp-viterbi perplexity of the test

.d3final is alike .a3.final but the position of x and y are
switched.

.n3.final is having the probability of all the source tokens
with 0 fertility, 1 fertility,.................... , N fertility.

Thetable created after all the iterations of Model 4 training
iskeptin .t3.final.

The probability for the insertion of null after asource word
iskeptin.p_03.final.

The trandation table associated with Model 4 is kept in
.d4.final.

The distortion table associated with IBM-4 is kept in
.D4.final.

The parameter settings used in the training are stored in
.gizacfg.

o Extraction of thetrandation units (tuples)

For n-gram based trandation system, trandation units
(often called as tuple) are extracted. A tool caled as
extract-tuples comes with MARIE. This is used to extract
tuplesfrom the alignedfile. i.efrom the .A3.final file. But this
tool cannot provide the tuplesin correct format asthe SRILM
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tool needs to create the bilingual language model. This
extracts the tuples as follows [6]:
srcword # trgword # 0
where,
srceword— denotes the source word
trgword— denotes the target word

The # between the words experiences two spaces before
and after. Also an extra # 0 comes with it. This is not
desirable. If we apply SRILM to count the n-gram on this
type of file, then SRILM will break this into srcword,
<sgpace>, #, <space>, trgword, <space>, #, <space>, 0. And
will calculate the n-gram for al of these. To get rid of this,
some modification in the file is needed. The
“<space>#<space>0" has been removed and also the
“<space>#<space>" has been replaced by “#”. Then n-gram
has been calculated for the file (Fig. 8).

e Language model creation

After getting the trandation model, creation of language
model is necessary for training the system. Without the
language model, working of statistical machine trandlation
system is not possible. Creation of language model means
calculation of the n-gram of each word in the corpus. For this
system a tool caled SRILM has been used to calculate the
n-gram of the words in the corpus. The n-gram has to be
calculated using the following:

Ingram-count —order n —text filel —Im file2

or

Ingram-count —text filel -Im file2

Thefirst one calculates the n-gram of order n. The value of
n is user defined. The second one does not have the order
field. Inthiscase SRILM will calculate up to 3-gram. 3-gram
is the default value of SRILM. filel is the input file and the
file2 isthe output file, i.e the language modé file. The format
of the output file is ARPA (Advanced Research Projects
Agency) [22].

Two types of language modd have been created in this
case. These are: Target language model and Bilingual
language model. These models are discussed below.

o Target language model

#BROIAS (STFTHIT TSI A 4

Jalpur=ETTF

theNULL

capital of rajasthan state*JPrIH IT IBRAT

indiaZNULL

Zl

is"NULL

famous for its majestic forts , palaces and beautiful lakes# 9% BT Yﬁ'ﬂ ﬁﬂ"{,@ﬁm@]{
A Z9ERE A1E [0S
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Target Language model is the language model created
using the target language corpus. In this case it is Assamese.

The corpus is first tokenized and lowercased then target
language model is created using SRILM. As it is mentioned
previously that Assamese is not a case sensitive language,
therefore, lowercasing this corpus can be skipped.

o Bilingual language model

Bilingual Language model has been created using the file
containing the tuples extracted from the aligned corpus. The
parallel corpus of English and Assamese has been processed
using Gizat++ to get the desired aligned file. The aligned file
isthen processed through the extract-tuples and the tuples are
extracted. Here, the extracted tuples were in the decoder’s
format. Therefore, one more step mentioned under the
heading Extraction of the trandation units (tuples) has been
implemented to rectify this problem. After that the bilingual
language model has been created.

e Decoding

After getting the language models, the decoder called
MARIE has been trained. Once the decoder has been trained
the system isready to translate. The training of the decoder is
very easy. Simply copy the language models to the directory
of MARIE. Then take the test file of source sentences to be
used astheinput file for the system. The output is obtained by
the following:

Jmarie-v1.1-i inputfile -fBMbilingualLMfile

or

Jmarievll i
—fTMtargetL Mfile

The first one does not contain the target language model
file. It yields the output based on the Bilingual Language
model only. The words in the input file are matched by
searching the Bilingual Language model file. The second one
contains the Bilingual Language model file and the Target
Language model file. The use of target language model file
can help in producing better result. Decoding part ismainly to
produce the result. The produced result is discussed in the
results and discussions section.

inputfile  —fBMbilingualLMfile

V. RESULTSAND DISCUSSIONS

The system was trained with amost 15000 sentences from
parallel corpus of English and Assamese. In the testing phase,
15% of the training data have been used. Table - Il shows
some of the translated sentences.

Some sentences are correctly translated and some of them
are partially trandated. The system has been tested using four
ordersin the SRILM. The order means the level up to which
the n-gram is being calculated during the language model
creation by SRILM. The output was produced by using only
Bilingual Language Model (BLM) and also by Bilingual
Language Model and Target Language Model (TLM)
together. For all those produced output, BLEU score has been
calculated and the variation is shown in the Fig. 9. It hasbeen

Input Sentence Output Sentence
Mizoram isaland of great femEm  gogfes o
natural beauty. v

Khimsar isafine tourist
destination in Rajasthan.
Mumbai is a cluster of seven
islands.

Khimsr IEFTET 93d  S9F
ERITE

TR e6T GF TR
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seen that, for orders 1, 2 and 3, the system performs same for
only BLM and also for BLM & TLM together. But for the
order 4, trandation using only BLM is performing better than
that of the trandation using BLM and TLM together.

The system is able to trandate the English text to
Assamese text, but the trandated Assamese text is not up to
the mark of desired trandation. The problems we have
noticed in the trandlated text are as follows:

- Some words of the input sentence are not trandated at

all

- Some proper nouns are not transl ated

The first problem arises because of the alignment of some
words to NULL. It is due to the high dissimilarity in the
formation of the sentences and smaller corpus. Secondly,
some of the proper nouns are translated as desired but some

Variation of BLEU Score with the order of SRILM

BLEU Score

Oeder n SRILM

Fig. 9.Variation of BLEU scorewith the order of SRILM
are left out. One possible solution to the left out proper
nouns is to translate the letters directly like A—3l, B—T,
C—Tetc.
By increasing the training data set, it can be expected that
the system will produce better result than the current result.
Table- 11: Output from the user defined input

V1. CONCLUSION

The demand for the machine trandation is increasing
day-by-day. The machine trandation for English-Assamese
language pair is lagging behind the other language pairs.
Assamese speaking peoples of northeastern Indiaare not able
to access many facilities due to language
incomprehensibility. Keeping thisin mind, a noble approach
to trandate English text to Assamese text using n-gram model
has been initiated. Though this system has aso been
developed using phrase based decoder, yet the same system
has been developed using different decoder hoping to get a
better system in terms of the speed and less memory
consumption. The performance and quality of translation
vary with the change of used method and the dataset. In
recent research, the accuracy of trandation has shown
significant improvement with the use of neural network and
deep learning techniques.
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