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Abstract

Machine Translation is one of the major problems in the field
of Natural Language Processing. In due course, many
approaches have been applied in order to solve this problem
ranging from the traditional rule-based approach, statistical
methods to the more recent neural network based methods.

Neural network based methods have produced comparable
results to that of the existing phrase based model and in some
language pairs they have even outperformed the latter.

A huge amount of parallel corpus is required for both the
SMT and NMT models in order to produce reasonable results.
For some language pairs, the required data is readily available
but for many others it is not necessarily the case.

This research work focuses on the comparative study of
how SMT and NMT based machine translation models
perform and compare to each other in case where the language
pair is under resourced in terms of the availability of the
parallel corpus.

Index Terms: SMT, NMT, English-Nepali language pair

1. Introduction

Machine translation is a field of study focused on primarily
building a system that is capable of translating from one
language to another accurately and without losing information.
Traditional systems using dictionaries and rule based ordering
of words have not been able to achieve the required level of
accuracy. Hence, corpus and statistical techniques have led to
developing systems that result in better translations.

The process of translation usually consists of reading the
input language (source language); applying certain approaches
to translate the language and produce the corresponding output
language (target language). Current machine translation
systems are nowhere near of providing quality translations as
compared to a human translator. But; there has been
improvement with the current statistical machine translation
system and more recent neural machine translation that is able
to produce an understandable translation though not accurate.

1.1. Nepali Language

Nepali is one of the official languages of Nepal. It is the
mother tongue of little more than half of the population of
Nepal and a lingua franca for the rest. Nepali is also spoken in
the neighboring countries of Nepal like India, Bhutan and
Burma. The Nepali language belongs to the Indo-Aryan
branch of the Indo-European language family. It is written in
the Devanagari script and is a free word order language. There
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are 11 vowels and 33 consonants in Nepali. It is a highly
inflectional and agglutinative language [1].

Machine translation research for English-Nepali language
pair is limited to just a few research projects in the past.
Nepali is a morphologically rich but at the same time an under
resourced language in terms of the availability of language
resources like the corpus.

Today, there is abundant information available in the
internet but the problem is that the information is largely in
English which is a language barrier for many people not
knowledgeable in English. This clearly suggests the need of a
machine translation system so that there is a wider access to
information among the global audience. This applies equally
well to Nepali as well.

1.2. Statistical Machine Translation (SMT)

SMT is the most researched approach and is still used in
present day machine translation systems that have been
developed. In statistical machine translation system, the goal
of the system is to find a translation f given a source sentence
e, which maximizes

p(fle) x plelIp(f) @)

Where, p(e|f) is called the translation model and p(f) the
language model [10]. In practice, however, most SMT systems
model log p(f|e) as a log-linear model with additional features
and corresponding weights. There are also different models to
SMT including word-based model, phrase-based model and
syntax-based model. And currently the phrase-based SMT
system produces better translation.
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1.3. Neural Machine Translation (NMT)

More recently neural network based machine translation
system is being researched extensively and has been
delivering promising results at least in the case where huge
amount of parallel corpus is readily available. Using neural
network to learn statistical models was achieved in [2].
Recurrent neural networks have been used successfully for
natural language processing tasks and has achieved close to
the state-of-the-art accuracy in machine translation [3].

Works in NMT are based on recurrent neural network and
convolutional deep belief network. Deep learning approaches
often take an encoder-decoder approach to learn translation. In
this model, an encoder neural network reads a source sentence
and encodes it into a fixed length vector. A translation is then
made by the decoder, which decodes the fixed length vector
into a sentence of variable length in the target language. The
system is trained to maximize the conditional probability of a
correct translation given the source sentence.

Until recently research efforts in statistical machine
translation have relied on the use of phrase-based approach as
described in [4]. However, recently an entire new deep
learning approach has been proposed which has produced
more promising results compared to the existing phrase-based
statistical machine translation [5] [6] [7].
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Figure 2: NMT Framework

2. Previous Works in the English-Nepali
Language Pair

The first ever work on English to Nepali machine translation
was conducted under the “Dobhase” Project [8]. It was a rule-
based MT system. Further works on enhancement of Dobhase
was also undertaken [9]. Another MT system that translates
between English-Nepali has been developed by Google and is
popularly known as Google Translate [10]. It is a free
multilingual machine translation service provided by Google.

2.1. Dobhase

It is a rule-based MT system which was developed in 2006.
The system takes a sentence in the source language, analyzes
it, parses it to form a parse tree and then generates syntax of
target language and finally applies morphology generation
rules to form sentence in target language. The system
comprises of modules as shown in Figure 3.
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Figure 3: Dobhase system architecture

2.2. Dobhase Enhancement

Works on the enhancement of Dobhase was undertaken to
improve the existing Dobhase system. The enhancements were
accomplished by building an independent module on top of
the Dobhase system. Even after the improvements, the system
was still unable to resolve ambiguous words, handle multiple
conjunctions and was also unable to handle single word joiner.

2.3. Google translate

Google  Translateis a  free  multilingual machine
translation service provided by Google to translate text,
speech, images, or real-time video from one language into
another.

Nepali language support was added to Google translate in
the 36th stage which was launched in December 2013 and
made publicly available. Google Translate has been trying to
improve the translation quality by involving native speakers in
the correction of translated output and its verification in order
to improve the translation quality.

3. Experiments and Results

3.1. Data Set

For conducting the experiments regarding the given work, we
borrowed the parallel corpus distributed as part of the Nepali
National Corpus (NNC) [11]. This corpus consists of a
collection of national development texts in English and
Nepali. Apart from the parallel corpus provided under NNC
corpus; we have collected additional sentences with the help
of linguists. This data set was manually cleaned and a sentence
level parallel corpus of 6535 sentences was created. This
parallel corpus was then randomly shuffled and divided into 3
parts namely training set, development set and testing set.
Each set of the corpus consists of respectively 5724, 358 and
453 English-Nepali parallel sentences. Additionally, 503
English sentences were collected and categorized as the
second test set in order to test how the performance of the
systems could be generalized.

3.2. Data Preprocessing

The parallel corpus consists of two separate text files. One file
consists of the English sentences and the corresponding line in
the other text file is the translation of that sentence in Nepali.



For the preprocessing step the sentences have been lower
cased and tokenized into tokens and then the tokenized
sentences are used for the purpose of training both the SMT
and NMT systems.

3.3. SMT system

We trained Phrase based SMT system with Moses [12]. We
used GIZA++ toolkit for word aligning the parallel corpus.
We trained 5-gram language models with Kneser-Ney
smoothing using KenLM [13]. Both GIZA++ and KenLM is
included within MOSES. We used Nepali segments that were
used to train the system as the monolingual corpora to train the
language model.

3.4. NMT system

We used lamtram[14] toolkit for training our NMT system.
We trained an encoder-decoder architecture based NMT
system with attention [15].The network contains a single
hidden RNN layer, containing 100 LSTM unit. The model is
trained with a batch size of 256 sentences using Adam
optimizer [16] with a learning rate of 0.001. We used early-
stopping as well as rate decay of 0.5. We also used
regularization by setting dropout rate of 0.5. We ran the
experiment for 10 epochs. For decoding we used a beam size
of 10 with word penalty of 1.

3.5. Evaluation

BLEU [17] is the most commonly and widely used evaluation
metric in machine translation. It is one of the first metrics to
report high correlation with human judgment of quality and
therefore, one of the most popular in the field of MT. BLEU
metric calculates scores for an individual segment, generally
sentences; the final score is calculated by averaging over the
whole corpus. It has been shown to correlate highly with
human judgments of quality at the corpus level. No other
machine translation metric is yet to significantly outperform
BLEU with respect to correlation with human judgment across
language pairs [18].

The translated output from the both the systems have been
detokenized and then the multi-bleu.perl script available in the
MOSES Toolkit has been used to get the BLEU score for this
purpose. Table 1 shows the results of our experiments.

3.6. Results

Table 1: BLEU Scores.

System TestSetl TestSet2
SMT 5.27 251
NMT 3.28 1.73

Google Translate 4.68 6.28

4. Discussion

SMT and NMT perform well when we have a large amount of
parallel corpus available to train the systems. They do not
perform as good when there is a limited amount of parallel
corpus as is evident from the results. English-Nepali language
pair being under resourced in terms of the availability of
parallel corpus, the performance of both the systems is not that
significant. But, if we compare both the systems trained using
limited corpus we can see that SMT system outperforms the
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NMT based system in both the test sets. As can be seen from
Table 1, it is also worthwhile to note that Google Translate
which is a NMT based system outperforms both the SMT and
NMT system for TestSet2. This result can be attributed to
Google having larger training corpus to build their NMT
systems and also, the nature of TestSet2 which was collected
exclusively and not as part of an existing parallel corpus
dataset. So, given that we have a large dataset that we can use
to build our system and we want it to be able to generalize
better, NMT is the better option.

Table 2 and Table 3 show some examples of the test
sentences and their corresponding translations generated by
the SMT and NMT systems. The words in the translated
output that are present in the reference Nepali sentence have
been highlighted.

Table 2: Sample Translation result for TestSet2

Example 1
English Sentence:  We were poor.
Nepali Sentence: g} TifYe |
SMT Translation:  gTHal TR T |
NMT Translation:  greft it TRk T |
Example 2
English Sentence: ~ We'll always be under pressure.
Nepali Sentence: gl O& aTaHT g1
SMT Translation: gt W& gaTaHT YWY g9 TS |
NMT Translation: gt & 9 g1 a1

Table 3: Sample Translation result for TestSet1

Example 1
English Another major cause of accidents is the poor
Sentence: maintenance of vehicles.
Nepali gdcTd! HRU HaR!
Sentence: TG Ifd FHd R T 81|
SMT Bl I HRU  gHcAH! 3R Bl
Translation: JaRI 8l
NMT P! BT HROT GHeATH TR T
Translation:

Example 2
English The security system in the country should
Sentence: be very good.
Nepali I GRET TSR e I g IEB |
Sentence:
SMT ) AT JR&M gomelt % I 31
Translation:
NMT ST JRET ! b I 551
Translation:

5. Conclusion

Researchers have been trying to find ways to improve upon
the existing machine translation systems with the goal of being
able to build a translation system that can efficiently and
effectively translate sentences form source to target language.
Several approaches have been used in developing such a
system and new approaches are being studied so as to achieve
the goal. Deep learning approach is the more recent idea that
is being researched and the initial finding makes the approach



seem impressive. However, we can see that in the case where
the language pairs are under resourced SMT still outperforms
the NMT system.  Therefore, further investigation into
statistical as well as deep learning approaches for under
resourced language pair is necessary for building a MT system
with better performance for such language pairs.
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