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Abstract

The paper deals with the implementation on the recent
studies made on using DNN (Deep Neural Networks) to
map sequences to sequences and implementing the same
to automate Language translation process without the re-
quirement of expert attention or statistical model. The
paper deals with the demonstration of production ready
end-to-end NMT (Neural Machine Translation) model us-
ing multi-layered Bidirectional RNN (Recurrent Neural Net-
work), Long Short-Term Memory (LSTM) to encode the
source statement to a sequence of numbers and the train
another such RNN to decode the same to the target lan-
guage statement. Our initial attempt is to build a vanilla
NMT model and then further build the best possible NMT
model using TensorFlow best practices. We reach this po-
sition by: i)Using the recent decoder / attention wrapper
API, TensorFlow 1.2 data iterator, ii) Incorporating Bidirec-
tional LSTM, iii) Making use of TensorFlow methods such
as batching, bucketing, beam search as well as deploying the
model to multiple GPUs using GNMT attention. The main
test bed is on 3 language conversions, English-Vietnamese,
German-English and English-French.
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1 Introduction

In a human involved translation, it is common practice to go through
the sentence and produce a translation as a whole. While automat-
ing the process through a machine, we commonly employ maxim-
dependent demarcation of a sentence and take various lumps of
these and translate maxim by maxim[8][9]. This model has shown
a higher level of accuracy for an automated procedure but mostly
results in a wrongly translated sentence. Thus to properly imitate
the human-like translation process into a machine automated one,
a Neural Machine Translation[10][18][19] model is employed. The ex-
act process in which an NMT models works is by creating a median
layer called a ’thought’ vector which depicts the sentence provided
to it in a collection of numbers. This process is typically called
encoding. This vector is then subjected to another process, i.e.,
decoding, where the sequence of numbers is again mapped back to
a sentence of another language, thus providing a translation. This
is usually called an ”encoder-decoder architecture” [1][5] (Figure 1).

Figure 1. Encoder Decoder Architecture

These models can actually remember a long range of data thus
giving correct translations like humans. They are evidently better
than maxim-based models. The NMT model may employ various
architectures but most common one is to use an RNN (Recurrent
Neural Network)[7] to build the encoder and decoder.
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Figure 2. Sequence to Sequence Architecture

Here, we consider an example where we translate an English state-
ment to French. The internal architecture block diagram (Figure
2) explains the same. There are various types of RNN that can are
used for the purpose. In this model, a RNN called Long Short-term
Memory (LSTM)[16] has been employed. These RNNs specialize in
gathering long range patterns of data thus making them perfect for
Language Translation purposes.

2 Embedding

For the reason that the nature of the language is unpredictable,
analogous translation of the work chunks are mapped for every
word distinctively. For the aforementioned idea we have a vocab-
ulary. Let’s reckon a vocabulary of size V. The most habitually
used V words are pursued and the other words are placed the
equivalent embedding weight. The other words are renewed into
tokens. Embedding weights can be cultured for the duration of
training or we can pre initialize them with previously trained word
representations.[2]

[3]
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3 Encoding

Firstly the word segments are extracted which are afterwards given
as input into two RNN with multiple layer. Previous one is used for
encoding[5], which is amending the source language and the later
one is used decoding, working for translating the required to the
target language. Encoder RNN[1] will initiate from a NULL vector.
Both the RNNs can own idiosyncratic constraints, but typically
rake-off equivalent weights[11]

[12].

4 Decoding

The decoder[5]
[6] has a requirement to contact the source informa-

tion in sequence. So it is being fed, the most modern branded state
of the encoder. In figure 2 we are feeding the concealed condition
of the encoder at source word ”student”. The chief element of the
decoder is the Basic Decoder entity which receives the decoder unit
and the encoder condition of the previous iteration.

5 Gradient Computation and Optimiza-

tion

A significant procedure in RNN training is gradient cutting. For
this we make use of the international rule. Then we decide on the
optimizer. Adam Optimizer[4] is a well-liked preference. A learning
tempo is required to be selected. We lay down this denomination in
the assortment of 0.0001 to 0.001. This denomination is prepared
to diminish as the training progresses. For the purpose of this
project we have utilized a gradient optimizer with a learning curve
that steadily diminishes. Taking L (t) as Loss, w (t) as gradient is
obtained by:
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6 Loss

The technique to gauge the loss is by taking the negative log prob-
ability and the remaining sum of squares of regression and clas-
sification[21]. Our point is to curtail the loss function’s quantity
with regard to the parameters like the attention weights. We can
diminish the loss function by optimization. We can presume that
the loss will lessen with each iteration. Loss is computed when the
model is not being trained. Loss is the metric which advises us how
suitably or deficiently the model performs.

7 Attention Mechanism

The NMT model persevere in duplicating human-like translation
process, thus making it more and more difficult in fine tuning for
grater nuances of the language. One such action that model re-
quires is the ability to provide attention to the encoding process
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for further lucid decoding process. Humans, while translating a
statement do not read the root statement once and keep translat-
ing. Rather they keep going back and forward to the root sentence.
Thus this behavior explains that the encoding and the decoding
process cannot be kept atomic and alienated of the others pres-
ence. Attention mechanism (Figure 3) makes use of various tools
and criteria to provide a machine automated translation model the
ability to bring together the encoding and decoding process. The
main algorithm of this functionality is to calculate two more se-
quences of numbers called Context and Attention vectors during
the encoding process. This results to a more informed decoding
process which makes use of these vectors and Attention weights to
clear volatility of language in shear nuances.

Figure 3. Architecture for Attention Mechanism

Figure. depicts the visualisation of the attention model
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Figure 4.Visualization of attention mechanism

8 Beam Search

In a more traditional NMT approach, we make use of Greedy
Search[28] process to find relevant vocabulary maps in the decoding
process. This process looks for heuristics to find the best possible
solution in the local scope at each step. This does not necessar-
ily produce an optimized solution. Thus to counter this and ob-
tain a much preferred solution Beam Search[31] is employed. In
Beam Search, best possible candidates providing partial solutions
are stored in each stage. This reduces memory constrains and de-
velops better and optimized solutions. It also reduces step time of
decoding.

9 Results and Discussion

As mentioned before, the test beds for the above NMT model are
for the following translation:
1. English to Vietnamese:
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This translation model is the smallest dataset (IWSLT English
Vietnamese); 133KB. 2. German to English:
This translation model is the moderate dataset (WMT German-
English); 4.5MB. 3. English to French:

This translation model is the complex dataset (TEDx Parallel Cor-
pus French-English); 6.2MB.
All such model had been trained on the following parameters:
• Number of training steps: 12000
• Steps per statistics: 100
• Number of LSTM Layers: 2
• Number of LSTM units: 128
• Dropout: 0.2.
The models for the following dataset has been trained for 40 hours,
235 hours and 210 hours respectively. Each dataset thus trained on
this time frame resulted in BLEU[24] scores of 29.9, 24.4 and 18.2
respectively.

10 Related Work

Research is being carried out on Neural Machine Translation in
Stanford University. They have released their code base which fab-
ricates state of the art solutions. Their NMT support English-
German and English-Czech. Open NMT is a MIT initiative for
neural machine studies. Open NMT was launched in December
2016. Currently Open NMT has three implementations,
• Open NMT-lua: This is the original project and is developed with
Lua Torch.
• OpenNMT-py: This project is an OpenNMT-lua clone using the
more modern PyTorch.
• OpenNMT-tf: This is a TensorFlow alternative to the Open
NMGT-lua
A study named Massive Exploration of Neural Machine Transla-
tion Architectures ” talks about how NMT can be used for process-
ing data sets and finding long distance relations among the word
chunks.
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11 Conclusion

The paper chalks a proper procedure to implementing a production
ready language translation model based on Neural Machine Trans-
lation Model scoring significant BLEU scores of 29.9. The model
can be improved further with longer hours of training and providing
various datasets. The model is also capable of multi lingual tran-
scription. However, the model is resource extensive, i.e., requires
heavy GPU access to reduce training time frame.
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