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ABSTRACT

Machine Translation using Deep Learning (Neural Machine Translation) is a newly proposed approach to
machine translation. The term Machine Translation is used in the sense of translation of one language to
another, with no human improvement. It can also be referred to as automated translation. Unlike the
traditional statistical machine translation, the neural machine translation aims at building a single neural
network that can be jointly tuned to maximize the translation performance. The models proposed recently for
neural machine translation often belong to a family of encoder—decoders and encode a source sentence into a
fixed-length vector from which a decoder generates a translation. In this approach Neural Machine Translation
technique will be used to translate Japanese language into English language. Tanaka corpus will be used in this
approach. Japanese will be translated into English using improved Recurrent Neural Network(RNN).
Keywords: Machine Translation, Neural Networks, Neural Machine Translation, Deep Learning

I. INTRODUCTION composed together at various levels which are

mapped to output. Each level represents set of

A. Deep Learning

Deep learning is part of machine learning methods
based on learning data representations, as opposed to
task-specific algorithms[9]. Learning can
be supervised, partially supervised or unsupervised.
Deep learning architectures such asdeep neural

networks, deep belief networks and recurrent neural

networks[1] have  been  applied to  fields
including computer vision, speech
recognition, natural language processing, audio
recognition, social network filtering, machine

translation and bioinformatics where they produced
results comparable to and in some cases superior

human experts.

Deep learning is one step further of Representation

learning in which there are multiple levels of features.

These features are automatically discovered and

IJSRSET1844500 | Received : 20 April 2018 | Accepted : 30 April 2018 | March-April-2018 [(4) 4 : 1480-1484 ]

features which are discovered from the features
represented in the previous level. In neural network
multiple layers are corresponding to multiple levels of
features. Today’s advanced deep neural networks use
algorithms, big data and computational power of
GPUs to change the dynamics of Represenatation
learning. Deep learning is used to help solve many big
data problems such as computer vision, speech

recognition, and natural language processing.

B. Deep Neural Networks

A deep neural network (DNN) is an ANN with
multiple hidden layers between the input and output
layers[1]. DNNs are typically feed forward networks
in which data flows from the input layer to the output
neural

layer without looping back. Recurrent

networks (RNNs), in which data can flow in any
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direction, are used for applications such as language
modeling. Long short-term memory is particularly
effective for this use. Convolutional deep neural
networks (CNNs) are used in computer vision. CNNs
also have been applied to acoustic modeling for

automatic speech recognition (ASR)[1].

C. Machine Translation

Machine Translation (MT) is a sub-field of
computational linguistics that investigates the use of
computer software to translate text or speech from
one natural language to another. At its basic level, MT
performs simple substitution of words in one natural
language for words in another. Machine Translation
system are needed to translate literary works which
from any language into native languages. The literary
work is fed to the MT system and translation is done.
Such MT systems can break the language barriers by
making available work rich sources of literature
available to people across the world[11]. Figure 1[11]
shows process of Machine Translation in the form of

pyramid.

Interlingua

Analysis /\ Generation
/ Transfer '\

Direct translation

rget

Figure 1. Machine Translation Pyramid

D. Neural Machine Translation
Neural machine translation is a newly proposed
approach for machine translation using special neural
called

Architecture. This section describes a simple encoder-

network  framework Encoder-Decoder

decoder architecture for neural machine translation

which is originally proposed by [Cho et al.2014b].

As we discussed in deep learning dynamics, the

neural machine translation doesn’t require predefined
features. Predefined features mean those features
which are designed, not learned from the data. The
goal of Neural Machine Translation is to build a fully
trainable model of which every component is trained
and tuned

together using paraller corpora to

maximize the transalation performance.

A fully trainable Neural machine translation model
starts with raw representation of source sentence.
Without loss of generality and for sake of simplicity
let us consider the smallest unit of source sentence is
word. A raw representation of source sentence is a
sequence of words. Each word is encoded by one-hot

vector, which is in simple terms a vector representing

its integer index in a fixed size vocabulary.

II. LITERATURE SURVEY

Revie Title Publicatio | Description
w n and year
Paper
Paper- | Deep neural | IEEE, 2015 | Various
1[1] networks in Neural
machine Networks
translation : used in
An Different
overview NLP
methods are
described
Paper- | Describing | IEEE Describes
2[2] multimedia | Transactio | Attention
content ns on Based
using Multimedi | Neural
attention a, 2015 Networks
based
Encoder-
Decoder
network
Paper- | Joint Layer | IEEE, 2015 | Use of Deep
3 [3] based Deep Belief
Learning Network for
Framework Transliterati
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Language English-
Model for Indonesian
English- Translation
Indonesian and shows
Machine comparison
Translation: of this
Experiment model with
al Study Statistical
based
language
model

for on task for
Bilingual Tamil and
Machine English
Transliterat languages
ion
Paper- | Multi-Sense | IEEE, 2017 | Shows
4 [4] Based comparison
Neural between
Machine RNN and
Translation Sense-based
model and
introduces
the multi-
sense
representati
on
Paper- | Neural IEEE, 2016 | Describes
5 [5] Machine two
Translation approaches
Research for trilingual
Based On translation
The with parallel
Semantic corpus based
Vector Of on RNN and
The Tri- attention
lingual mechanism
Parallel
Corpus
Paper- | A Class- IEEE, 2017 | Proposes a
6 [6] specific class-specific
Copy copy
Network network
for model to
Handling overcome
the Rare some issues
Word faced in
Problem in handling
Neural rare words
Machine
Translation
Paper- | Recurrent IEEE, 2015 | Uses RNN
717] Neural language
Network model for
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ITII. EXPERIMENT

Step 1 First of all collect Japanese-English
vocabulary data.

Step 2 : Create RNN for Encoding texts with help of
python.

Step 3 : Train the system with languge corpus.

Step 4 : Translate Japanese language into English

language.

Given figure shows Text processing in Machine

translation:

Word alignment

Translation Rule
Selection

Reordering and
Structure Prediction

Language Model

Joint Translation

Prediction

Figure 2
In basic RNN model the RNN Encoder reads the input
source sentence from say x1 to xr where T is length of
the source input sentence and compress into
history/summary vector hr .In proposed scheme the

bidirectional RNN encoder is used.
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Figure 3. Bidirectional RNN Encoder

A bidirectional RNN encoder consists of the forward
RNN and the backward RNN as shown in figure. The
forward RNN reads the input source sentence from xi
to xr and computes a sequence of forward hidden
The backward RNN reads the

input source sentence from xr to x1 and computes a

states from hi to hr .

sequence of forward hidden states from hr to h1 . An
annotation vector h; for each source word xj is
obtained by concatanating the hj and hj in order to
capture the summarization not only based on
preceeding words but also on the following words.
Since the RNN has a tendency to represent the recent
inputs well the annotation vector h j is more focused
on surrounding of word x;. In other words, each
annotation vector hi captures information about
whole sentence with

strong focus given on

surrounding of i-th word of the input sequence[17].

IV. RESULTS AND DISCUSSION

For training the RNN encoder decoder, we have used
Tanaka corpus. It contains 1,50,000 sentences pairs
and it is publicly available database.

Input: UNK & D& L ic BB £ INK T W& .

TargE-t: the }'EIKLIE WEere tl:IfTﬂEI'ItLI'Ig hirgshi . =

Input: UNK #f D3 L £ KB £ UNK T W3

Dutput: the 'F'-EH.IJZE WE e tufnentm-g hirpshi .

Figure 4. Sample training set translations
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Parsed Inmput: & W J2 4% —F £ 54 , <epss
0.@PEE3540713026: [She is going to the concert .
5.27218BEB4914: She is my proTessor .
6.06R46250971: She is UNK .

9.479032B5695: She is going iLs not my professor .
9.67T65036555: She is going to the He .

Input Sequence; B & | I IT¢ .

How many samples? 5

Parsed Input; & H W £ 74 . =eos>
B.201488269567: She is going to schoal .
1.76811346484:| She 15 going home |, |
2.53733918163: She Is nmy friend .

6.52@935B334B: She is my boss .

T.4B248BB3171: She 15 UNK .

Figure 5. Sample test set translations. The correct

translations are marked in red.

Deep learning application requires high computations
because there exists large matrix multiplication,
parallel processing and number of calculations during
training phase. Graphics processing unit (GPU) is very
good option for parallel processing and fast
computation as compare to the CPU. GPU not only
provides better energy efficiency but it also archives

substantially higher performance over CPUs.

V. CONCLUSION AND FUTURE WORK

In this approach we have tried to get accurate
translation from Japanese to English. We have used
small group of data to train the system. We can apply
this architecture to the large amount of data with
efficient processing unit. In future we will try to

translate accurately Japanese to Hindi.
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