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Abstract: Being able to translate and communicate consistently
from one language to another would have been the ultimate goal
of an intelligent system. With recent advancement of Neural
Machine Translation (NMT), it has shown a promising solution to
the problem of machinetranslation. NMT generally requireslarge
size parallel corpora to obtained a good trandlation accuracy. In
this paper, we would like to explore a Translation system from
Khas to English language using both supervised and
unsupervised technique. Unsupervised was inspired to help
attaining a better translation accuracy for low resource language.
It was influenced by the recent advancement of unsupervised
neural machine trandation which primarily relies on
monolingual corpora. In this work, Supervised NMT technique
was also implemented and compared with the standard OpenNMT
toolkit. Here, we also use Statistical Machine Tranglation (SMT)
tools like Moses as a standard benchmark to compare the
translation accuracy. When considering monolingual corpus, we
obtain an accuracy of 0.23%. Given the small size monolingual
corpus the result was lacking but showed promising rooms for
improvement. We obtain much better accuracy of 35.35% and
41.87% when we use parallel corpus in supervised NMT and
OpenNMT respectively. On comparison with SMT system with
Blue score of 43.76%, the supervised NMT system was on par in
its performance. Lastly, with improvement in corpus size and
better adaptation of preprocessing steps on the source language
(Khasi) the result can be tune to a better outcome.

Keywords: Khasi to English NMT, machine translation,
supervised NMT, unsupervised NMT .

I. INTRODUCTION

Neural Machine Trandation (NMT) has become a very

popular mechanism for language Trandation during these
last few years [1], [6]. NMT is trained in an end to end
approach for tranglating from one language to another [16],
[6],[8]. Basicaly, NMT takes a conditional language model
by modelling the probability of target sentence given asource
sentence [11]. It has two main components, encoder which
computes a hidden vector for each source sentence and a
decoder then generates the tranglation. More precisely, an
encoder-decoder architecture consists of a Recurrent Neural
Network (RNN) and an attention mechanism that aligns
target with source tokens [1], [11]. On recent findings, NMT
has shown great improvement compared to Statistical
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Machine Trandation Approach [27].

In this paper, a neural machine translation from Khasi [3]
language to English was implemented on different scenario
base on the type of corpus. NMT in general requires a large
corporasize to train the model [18]. Unfortunately, for aLow
Resource language it is slightly difficult to get accessto such
large corpora size, for example, Khasi language which is
spoken in North Eastern State of Meghalaya, Indiais alow
resource language.

The first aspect of thiswork considered only monolingual
corpus to create a NMT system which was inspired by an
Unsupervised Neural Machine Trandation [12]. The basic
am is to use only monolingual corpus to train the
unsupervised trangation model. Unsupervised NMT remove
the needs of cross lingua information [20] and make use of
only monolingual corpus to train the translation model. This
Unsupervised Neural Translation has been possible because
of recent development in unsupervised cross-lingua
embeddings [13], [14]. The second aspect of NMT system
used parallel corpusto train asupervised trandation model.

We performed atrandation from Khasi to English. First, in
an unsupervised trandation techniques wusing only
monolingual corpus with a seed dictionary. We obtain a Blue
score [10] accuracy of 0.23%. Secondly, in a supervised
neura trandation approach using general domain paralle
corpus. We are able to obtain an accuracy of 35.35% using
NMT [12] and 41.87% using OpenNMT [29] toolkit. Finaly,
the model was aso train in a phrased based dtatistical
machine tranglation using Moses toolkit [28] and obtain an
accuracy of 43.76%. The objective of using Moses tools for
our work was to treat the result obtaining from Moses as a
comparison benchmark with regard to our Neural Machine
Trandation system of Khasi to English language.

[I. RELATED WORK

A. Unsupervised Neural Machine Trandglation

Unsupervised Trandation system [12] wasimplemented to
trandate French to English and German to English using the
WMT 2014 standard corpus and was able to attain a better
outcome as compared to the previous existing system. The
same work was extended by using a combination of
monolingual and parallel corpus and was able to show
impressive result.

B. Supervised Neural Machine Trandation

NMT using attention model [1] has been avery successful
improvement over the classic encoder decoder architecture
which is a sequence to sequence recurrent neural network
technique. Meaning, attention model is an improvement over
the existing encoder decoder architecture.
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It solve the problem of overloaded hidden vector encoding
of asource sentence and thus help in efficient trandation. As
an outcome the tranglation accuracy was drastically improve
specially in long source sentences.

OpenNMT [29], an open source tools for Neural Machine
Trangdation. This toolkit was design for easy extensibility of
itsexisting functionality. Due to its high community support,
thisis one of the current state of the arts open source tool for
NMT system.

C. Statistical Machine Trandation Moses Toolkit

Phrased based statistical machine trandation is one of the
most successful machine translation technique. It is still a
popular and efficient tools for translation system specially for
long source sentences. The paper [28] describe the details
working of Moses and its corresponding translation example
for trangdlating English to Spanish and vice versa.

1. KHASI LANGUAGE

Khasi is the name of the language, the community, and its
traditional religion aswell. It stands as a cover term for many
variations spoken in Khasi Hills, Jaintia Hillsand the Ri Bhoi
District of the State of Meghalaya [3]. The Khasi language
belong to the Austro- Asiatic group of the Monkhmer
language family [9]. Written Khasi literature started with the
trandation of the Bible and other Christian literature from
Welsh and English into Khasi by Christian Missionaries. The
latter part of the nineteenth century saw a number of
trandated works, poems, plays and fiction from other
languages, by many Khasi writers. The twentieth century also
witnessed a rapid growth in the number of books written in
the Khasi language which include translation works from
different languages. Dictionaries, book on grammar, poetry,
fiction, drama, literary theory and criticism, science,
geography and history are found in plenty in the Khasi
language. During the latter half of the twentieth century many
writers published books on linguistics, culture, folklore,
environment, mathematics, science, geography and history in
Khasi. This contributed to the introduction of Khasi as an
academic subject in schools, then later in colleges, and in the
university in the 1980s, few decades after the Roman script
was adapted. Currently, The Khasi Language is used as a
medium of instruction and a subject in Khasi medium
Primary Schools. Standard Khasi has been accorded the
status of an Associate Officia Language in the State of
Meghalayain 2005.

IV. CORPUS

The Corpus for this work was mainly taken and
constructed from the English-Khasi Bible. Few parallel
corpus was collected from Tatoeba project? which is an open
and free collection of sentences and its trandations. The
remaining corpus were constructed from Books, newspaper,
articles and so on. More precisely, monolingual corpus was
mainly taken from the Khasi-English Bible and the parallel
corpus was a combination of Khasi-English Bible and the

1
https.//www.bible.com/en-GB/bible/296/GEN.INTRO1.GNB ?paral |e| =186

5
2 http://www.manythings.org/anki/
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remaining sets of resources as stated above.

V. IMPLEMENTATION

Below we describe the necessary details required for
running our trandation system. Our main focusis on both the
unsupervised and supervised learning to create a trandation
model using the constructed corpus.

A. Cross-lingual embedding

The main building block of Unsupervised Neural Machine
trandation is the fixed cross-lingual embedding [12]. For the
corpus considered in this paper, we obtained the fixed
crosslingua embedding using a method which was
influenced by the work on unsupervised cross lingual
embedding [13], [14]. Before generating the fixed-cross
lingual embedding as depicted in Figure 1, we need to
perform text preprocessing to clean up words e.g. stop words,
specia characters etc. which are not contributing in the
embedding outcome. Further, the Bilingual word embedding
takes the source and target language word embedding with an
optional seed dictionary as input to produce a fixed
cross-lingual embedding which are desired for training an
unsupervised trandation model.

Source Corpus

Target Corpus
4 4

Corpus
Preprocessin

v v

Word Embedding

v v

Bilingual Word
Embedding

Seed >

Dictionary

Source map  Target map
embedded  embedded

Fig. 1: Fixed Cross-lingual
embedding

B. System Architecturefor Unsupervised NMT

The architecture for this work was based on the
unsupervised neural machine trandation [12]. It follows
standard encoder-decoder architecture with attention
mechanism [1]. It uses a two layer bidirectional Recurrent
Neural Net (RNN) in the encoder, another two layer RNN in
the decoder and a global attention method proposed by
Minh-Thang Luong and his colleague [11], with general
alignment functionality. The encoder which is shared by both
the source and target language [ 12] isinput with a pre-trained
cross-lingual embedding that are fixed during training.
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The shared encoder aims at producing a language
independent representation of the input text whereas the two
separate decoders should then transform into its
corresponding language.

The objectives of fixed embeddings in the encoder isto
provides language independent word-level representations,
and the encoder only requires to learn how to compose them
to build representations of larger phrases.

NMT model are generally trained using parallel corpus to
trandate from source to target language [2]. The modified
architecture made it possible to train the system using
monolingual corpus only [12], hence, suitable for low
resource language. The training is summarized in the
following steps:

Denoising: The shared encoder and the dual structure
decoder can be trained to recreate its own input [12].
Meaning, the system can be optimized to take an input
sentence in a particular language, encode it using the shared
encoder and rebuild the original sentence using the decoder
of that language. Since the shared encoder is fed with a
previously trained cross-lingual embeddings, the encoder
should learn to create the embeddings of both languagesin a
language-independent manners, and each decoder should
learn to decompose this representation into their own
corresponding language. At inference time, simply replace
the decoder with that of the target language, so it generates
the trandation of the input text from the language
independent representation given by the encoder. The
training procedureis merely acopying task and it isincapable
to capture knowledge of the language involved. In order to
learn the compositionality of its input words in a language
independent fashion, random noise is introduced in the input
sentence [1].

On-the-fly backtrandation. Denoising alone cannot
fulfill the trandation capability as the training is still a
copying task. Hence back-trandation approach [12] was
used. Given an input in one language and then use inference
mode with greedy decoding to trandate to other language.
Thiswill create pseudo-parallel sentence pair, making use of
thisgenerated pseudo-parallel sentence wetrain the systemto
predict origina sentence.

C. System Architecturefor supervised NMT

The encoder decoder architecture is the standard method
adopted for most of the neura machine trandlation [6], [8].
An encoder in a recurrent neural network takes a source
sentence as input and transforms it into a fixed length vector.
The decoder used thisfixed length vector and trandateit into
atarget sentence. This architecture in its base form overload
the encoded hidden vector since the input sentenceis encoded
injust asingle fixed length vector for example hsin its basic
structure (below diagram) is overloaded by all the input
words of a source sentence. Infact, all the hidden vector from
each word of a input sentence are carrying some useful
information for tranglating into a target sentence.
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Nga bam soh apple <eos>

I ate an

apple

Fig. 2: Example of Attention
Taken from the lecture notes on “Sequence to Sequence
models: Attention Models”, 2018.°
In Fig. 2, hyisinitidlize to 0 and it is a learnable parameter,
S1= hsin its simplest form and > w(t)h(i) is the weighted

<eo0s>

combination of al the hidden outputs from an encoder which
isinputted to the decoder. The weights wi(t) is a scalar value
and must automatically highlight the most important input
component during the decoding process so as to obtain the
best possible trandated sentence. Below equations briefly
suggest the method to calculate the weights and its detail can
be found from the work by Dzmitry Bahdanau [1].

gt)=9(h,s,) @
[9(h,s.,) =h's_, initssimplest form]
exp(e(t) (2

) =
0= S expte, 0)

V1. EXPERIMENT SETUPS

Training and testing data size are summarized in Table-l
and Table-1l. These corpus are classified into two class. They
are General Domain Monolingual corpus constructed from
the Khasi to English Bible with a seed dictionary to improve
it learning capabilities. The General Domain parallel corpus
was extracted from Khasi to English Bible and other
resources like books, newspaper, article etc.

Table- I: Training corpussize

Khasi English
Size Size Size | Size
(No.of | in | (No.of | in
CorpusType | Lines) | MB | Lines) | MB
Generd
Domain 38363 | 5 44869 | 4
Monolingual
Generdl 38697 |38 |38697 |31
Domain Parallel ' '

3 https://www.youtube.com/watch?/=0iNFCbD_4Tk&t=17s
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Table- 11; Test corpussize

Khasi English
Size Size Size Size
(No of in (No of in
CorpusType | Lines) | KB | Lines) | KB
Genera
Domain 6302 | 722 | 6302 589
Monolingual
Genera
Domain 12900 | 1300 | 12900 | 1000
Parallel
VIl. RESULTSAND DISCUSSION

To determine the accuracy of our model we performed a
Blue score using Perl script from Moses tool. Based on the
type of corpus namely Genera Domain Monolingual and
General Domain Parallel corpus, four class of model were
trained and the result are illustrated in the Table-111.

Table-111: Blue Score for Khasi to English Monolingual
Trandation Model

Khasi to English
Trandation
Combine
Corpus Type Test | Train | Test and
Data | Data Train
(%) (%) Data
(%)
General
Domain UNMT 0.23 | 0.17 0.28
Monolingual
General
Domain NMT 35.35 | 73.66 64.48
Parallel
General
Domain OpenNMT 41.87 | 86.43 74.56
Parallel
General
Domain SMT(Moses) | 43.76 | 90.59 78.15
Parallel

In Table-lll, we calculate the accuracy of the trandation
model which were trained using Genera Domain
Monolingual and General Domain Paralel corpus. The
model were trained in four platforms. The first model,
UNMT (Unsupervised Neural Machine Trandation) [12] was
implemented and trained using monolingual corpus whereas
the remaining three model were based on parallel corpus. The
second model i.e. second row of Table-111 were implemented
using the attention mechanism of NMT which is included as
a separate module in Unsupervised Neural Machine
Translation [12]“. The third model was tested on OpenNMT
toolkit [29] and the last model used statistical machine
learning toolkit Moses [28]. The accuracy were performed by
feeding three sets of input to these model. These inputs are
testing data, training data and a combination of testing and
training data, summarised in Table-Il, training data had been

4 https://github.com/artetxem/undreamt
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used to train the model whereas here we used it to test the
accuracy of the trandation system and similarly we take a
combination of both testing and training data as input in
calculating Blue score. In Table-111, the Blue score for model
trained using General Domain Monolingual corpus is0.23%
for testing data, 0.17% for training data and 0.28% for
combination of testing and training data. The model trained
using General Domain Parallel corpus yields the following
accuracy. First, for the model train in supervised Neural
Machine Translation system (second row of Table-lll)
produced an accuracy of 35.35 % for testing data, 73.66 %
for training data and 64.48% for combination of testing and
training data. Secondly, when model trained on OpenNMT
toolkit we obtained a Blue Score of 41.87% for testing data,
86.43% for training data and 74.56% for combination of
testing and training data. Lastly, model trained in SMT
system using Moses yielded an accuracy of 43.76% for
testing data, 90.59% for training data and 78.15% for
combination of testing and training data.

Accuracy

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%
40.00%
30.00%
20.00%
10.00%

0.00%

a L

UNMT NMT

BLUE SCORE

OpenNMT SMT(Moses)

General Domain General Domain General Domain General Domain
Monalingual Parallel Parallel Parallel
MODEL TYPE
Combination of Test and Train Data

W Test Data Train Data

Fig.3: Accuracy Graph

Fig.3, shows the Blue score accuracy of the four different
model namely (UNMT, NMT, OpenNMT, Moses). The
accuracy of an UNMT was very low as compare to the other
three model. Thiswas deeply affected due to the monolingual
small corpus size and improper preprocessing steps deploy
for the source language (Khasi) but this does not discourage
usin carrying out further work on this area as it open many
opportunities on exploring NMT for low resource languages.
Because of thelatest advancement in NMT research we could
see that the model train in supervised NMT system has a
competitive results to that of the Statistical Machine
Trandation system.
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Table-VI: Sample Khasi to English Trandation for a kajingrwai aHymn of a Song of
supervised NMT ainguh Thanksgiving Thanksgiving
Khasi (Source) I?g]eélg;a T'\r/laicsrlléll::d Table- VIII: Sample Khasi to English Trandation train
(English) _ In Moses |
nangtaki im and livein they also livea Khasi (Source) Reference Machine
tymmen shong | Peace their long long life (English) Trandated
prah Life for long s = " = (Engl;s?]
suk kitaki briew | happy arethe | happy arethe I'shakrijongu | nis servants IS Servants they
kibaU Blei u people whose | people whose God Ki jubab Ym | answer ed answered We
longu Tra God isthe isthe LORD shym lalen aa Nathing has have not done.
LORD nakabyntajong | been done for anything for him
. . - . u him
Eﬁlfﬁana ;’;ﬂg{e isthe where is the toilet uiam pangnud | broken hearted one people with
=< - i wel briew Weeps alone him
kum I§| fiut kiba | like weeds like <OOV> who bad farohiaka | and praiseyour | and praise your
f‘ﬁ’lhr'anl? ’ tEat sp:]ea: al | spread up over kyrteng bakhuid | holy name holy name
ylleng ka kper ;;r%lé% the jong me
wat ai bau keep the dont let him
ngalathoh | wrotealetter | | wroteyou letter to lurstep un morning star lurstep will shine
shithi sha phi for you you tyngshaifi from shining
kajakariehjong | my refugeis | my <OOV>isto kumbakalong asitisthereare | asitishasmany
ngade haU God God don shibun ki many parts but parts but only one
Blei dkhot hynrei one body body
balei baki why should | why nations would tang kawei ka
jaitbynriew kin | the nations ask us met
kylli Tangi ask us hynrei pynban but then they but then they will
kin will beterrified | beterrified
Table- VII: SampleK hasi to English Trandation trainin | Sngewshyrkhei
OpenNMT shikatdei eh
Khas (So ) R Magh shaei u director | wheresthe where is director
as (Source erence achine director
(English) T(:E?;iasthfid kajingrwai aHymn of a Song of
: ainguh Thanksgiving Thanksgiving
:ﬁa%hha'rﬁ kt]’a” bsa glfr??z trg\fvied :gzgass tofeedit kabuit aiu khun | what trickery is | Whatre trick son
kum kata this my son such
ki shakri jongu | hisservants his servants Y
I;JUb?b I\;hm . Enstvr\:_er edh an;yersd l;l]_o Table-VI, Table-VIl and Table-VIII shows the sample
naylg ba nta. %ﬁ' be?an Iggneisor matter for him output for the Khasi to English machine trandation.
u yntajong him Reference trandation are the manually target sentence
U iam pananud broken hearted | he called a constructed with human intervention who have language
wei brlioewg Weeps alone neighbour knowledge whereas machine trandlation is the outcome when
Wat ai bau keep the the dont et the trandation are performed by a machine. OOV in the tables
lurstep un morning star Monster shine stand for Out of Vocabulary Words in which the models
tyngshaifi from shining could not find a corresponding translation for a particular
kumbakalong | asitisthereare | itsitisthere many source word.
don shibun ki many partsbut | parts but one body
tang kawel ka This paper focused on NMT system implementation
hmet i B Bt thenh Bt thenh T perspective with the intension of improving trandation
ynrer pynoan ut then they ut then they wi accuracy for low resource languages. Unsupervised neural
kin svrkhe will beterrified | be terrified machine translation [12] was highly inspired in this paper.
iglg;’ q 'y;h “ Moreover, the technique allows to train both unsupervised
h ! r e e K - I and supervised learning. The former made use of only
bﬁpevve%g ing(l)n Ika fﬂ?}gﬁ beL:?] < \rllva\elgeOp € sy we monolingual corpus while the later use parallel corpus.
o gvvthuh we have 9 understanding we The same parallel corpus was aso train in OpenNMT and
Jngigdo?w ka understanding have meaning our SMT _(M oses toolkit) to have a better performance
jingmut ngi ka | we have our hope evaluation.
jingkyrmenia plans and hopes
kaba shadien and dreams for
the future
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It was observed that supervised NMT accuracy was very
closed to that of the SMT system speciadly in the case of
model trained in OpenNMT. The accuracy of unsupervised
trandation model is low as compared to supervised model.
The main reason of this poor result is due to less corpus size.
Secondly, since the monolingual corpus was directly taken
and constructed from the internet with only minimal
preprocessing hence the accuracy of the translation was
affected. On the contrary result for supervised learning was
comparatively better which is based on the parallel corpus
for training the model. To increase the trandation accuracy
more corpus should be accumulated into the current work.
Since Khasi isalow resource language, more features should
be added in the existing module of the preprocessing steps
and hence more exploration on the subject is recommended
so that word embedding efficiency will be increase and
ultimately contribute to better accuracy of the trandation
system.
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