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Abstract
Machine translation (MT) has recently drawn attention to the automatic
translation of the text, documents, or webpages from one language to
another. Among various MT approaches, neural MT (NMT) is the most
feasible method, a data-driven approach consisting of special neural net-
works. Among thousands of natural languages, remarkable efforts on MT
are concentrated on a few languages only; and the research is very lim-
ited for many major languages such as Bangla. The study aims to build
an effective NMT system for Bangla-English MT. Bidirectional Long
Short-Term Memory (BiLSTM), a popular deep learning method for se-
quential data operation, is considered in the present study. Attention
mechanism with the BiLSTM model and a special data augmentation
mechanism, called Back Translation (BT), are the significant features of
the proposed model. The proposed model outperforms the prominent
models for Bangla to English MT while tested on a benchmark dataset.

Contribution of the Paper: A BiLSTM with attention mechanism
is proposed that is trained considering BT and found effective for low-
resource Bangla-English MT cases.
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1. INTRODUCTION

Content (e.g., voice, speech, texts) translation from one
natural language to another is essential in politics, busi-
ness, research, and other areas. Translation through hu-
man experts has been well known decades back. In line
with rapid globalization, developing an intelligent trans-
lation system is highly desired. In this context, machine
translation (MT) [1] has drawn attention recently for the
automatic translation of the text, documents, or webpages
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from one language to another. Among various MT ap-
proaches, neural MT (NMT) is the most feasible method
[2], which is a data-driven approach that consists of spe-
cial neural networks. Due to the fast development of deep
learning methods, NMT is becoming the most promising
MT field. Among thousands of natural languages around
the globe, remarkable efforts on MT are concentrated on
a few languages. The task of MT is inherently language-
dependent because data preparation (e.g., training data
for NMT) is a vital task. Furthermore, a particular MT
system might not be effective for other different language
pairs. A number of remarkable researches are available
with plenty of resources and have achieved reliable perfor-
mance for English-French [3], English-German [4], English-
Chinese [5]. On the other hand, MT resources and works
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on the Bangla language are very limited, although it is a
rich language with approximately 228 million native speak-
ers. Hence, it can be favorable to fill the gap and en-
hance Bangla-English MT towards its widespread use in
the global community.

Several methods have been reported on the Bangla-
English language pair in recent years. Pioneer Bangla-
English MT schemes can be categorized into the rule-based
MT (RBMT) and statistical MT (SMT). Most of the RBMT
schemes use the grammatical rules generated by human ex-
perts, underscoring verbs, propositions, phrases, and other
features along with linguistic information [6, 7, 8, 9]. Among
the SMT methods, the phrase-based SMT system [10] is a
notable one. Besides the pioneer MT schemes, a few recent
studies have been reported on NMT. Hasan et al. inves-
tigated the Bidirectional Long Short-Term Memory (BiL-
STM) approach and found its performance better than the
SMT scheme [11]. In another study [12], they also exam-
ined BiLSTM and Transformer-based NMT schemes. Mu-
min et al. investigated the attention mechanism with Byte
Pair Encoding (BPE) using NMT [13] and compared them
with the SMT. Attention-based NMT with BPE seems to
provide a good result on the benchmark dataset.

This study aims to build an effective NMT system for
the Bangla-English language pair. BiLSTM [14], the pop-
ular deep learning method for sequential data operation, is
considered in the present study. Attention mechanism with
BiLSTM model and a special data augmentation mech-
anism, called Back Translation (BT), are the significant
features of the proposed model. The proposed model out-
performs the prominent models for Bangla to English MT
while tested on a benchmark dataset.

The rest of the paper is organized as follows. Section 2
describes the proposed BiLSTM with the BT model. Sec-
tion 3 presents the experimental results of the proposed
model and compares the performance with prominent ex-
isting methods. Finally, Section 4 concludes the paper with
a few observed remarks.

2. BANGLA-ENGLISHMACHINE TRANS-
LATION (BEMT)

BiLSTM with an attention mechanism is proposed for
BEMT. Specifically, the BiLSTM is trained on the prepro-
cessed corpus considering the BT technique. The follow-
ing subsections briefly describe the data preprocessing, the
used model, and the BT training mechanism.

2.1. Data Preprocessing

Data preprocessing is an essential task for an MT sys-
tem. Preprocessing includes tokenization, true-casing, nor-
malizing punctuation, and removing non-printable charac-
ters from the data. The maximum number of words in a
sentence is limited to 40 in preprocessing, as long sentences
may cause problems. Byte Pair Encoding (BPE) algorithm
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Figure 1: The detailed operational view of BiLSTM with attention
mechanism for BEMT.

is applied to the corpus to handle the rare words. Prepro-
cessing depends on the specific data used, and the details
of the preprocessing method will be explained in the exper-
imental studies section. The dataset SUPara [15] is consid-
ered as the principal benchmark dataset in this study. Ad-
ditionally, GlobalVoices [16] is used as a secondary dataset
to use its English sentences for the BT purpose.

2.2. BiLSTM with Attention Mechanism

Bidirectional LSTM (BiLSTM) [17] is an improvement
of unidirectional LSTM. BiLSTM consists of two LSTMs
that receive inputs from both the forward and backward
directions. In this way, the output layer receives informa-
tion from both the backward and forward directions [18].
Thus, the input sequence is fed in the forward order for one
network and the reverse order for another. The outputs of
the two networks are usually concatenated at each train-
ing step, although there are other options, e.g., summation.
BiLSTM is useful for the scenarios where the output at a
certain time step depends on the previous and future time
steps, e.g., machine translation, speech recognition [19].

BiLSTM with attention mechanism is the latest NMT
model considered in this BEMT. The BEMT model is
roughly divided into three major modules: the encoder,
decoder, and attention modules. Fig. 1 depicts the block
diagram of the model showing interactions among the in-
dividual modules. The word sequence of the source lan-
guage (i.e., Bangla) goes into the encoder part. Then the
outputs of both the encoder and decoder pass to the at-
tention mechanism, which later helps generate the output
word sequences in the target language (i.e., English). Fig. 2
shows the detailed operational view of BiLSTM with at-
tention mechanism for BEMT where LSTM cells are the
main building blocks (square boxes in the encoder and de-
coder). Operations among the encoder, decoder, and at-
tention mechanisms are crucial in the model and are briefly
described below.

1) Encoder: The encoder reads a sentence, given as
X = (word1,word2, . . . ,wordt), from both directions. The
words are converted into an embedded form of definite size,
then fed into the LSTM blocks. The encoder consists of two
types of LSTM cells: forward and backward. The forward
LSTM cells read the sentence from word1 to wordt, and
the backward LSTM cells do the same in the reverse order.
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Figure 2: The detailed operational view of BiLSTM with attention mechanism for BEMT.

After that, the two hidden states are concatenated to get
the final source hidden states h1, . . . , ht. When the task of
the encoder comes to an end, the decoder starts working.

2) Decoder: The decoder decides the appropriate parts
and pays attention to them. Here, the last source hidden
state of the encoder is fed into the first target hidden state
of the decoder. In general, a decoder at a particular time
step n takes an attentional hidden state (h̃n−1) and output
(Yn−1) of the previous time step as inputs to generate em-
beddings. The output of the corresponding embedding and
the previous time step target hidden state (sn−1) help to
generate the current target hidden state (sn). Later the sn
and the corresponding context vector from the attention
module are simply concatenated to compute the current
attentional hidden state h̃n. The h̃n is then fed into the
Softmax layer to produce output, Yn.

3) Attention Module: The main task of the atten-
tion module is to calculate how much attention should be
paid to a particular input word to generate a particular
output word. The attention mechanism used in this study
is called the global attention mechanism [20]. The atten-
tion module consists of two vectors: a context vector and
a global alignment vector. The global alignment vector is
computed by comparing the current target hidden state sn
from the decoder module with all the source hidden states
(i.e., h1, . . . , ht). Then the context vector is calculated by
taking the weighted average of the overall source hidden
states, which contributes to the output of the target hid-
den state (sn).

2.3. Training with Back Translation (BT)

The BT technique [21] is employed in training the pro-
posed BEMT. BT is a simple data augmentation method
that can be used for a low resource language pair to im-
prove training performance [22]. The BT method requires
a unidirectional dataset of the target language. The pro-
cess is achieved by training the target on the source lan-
guage at first. After training, the unidirectional target
dataset is fed into the model to generate a dataset of the
source language. Finally, the generated source language
and unidirectional target language dataset are added to the
training data. Considering SUPara as the principal dataset
and GolbalVoices as a secondary dataset, the training steps
in the proposed BEMT with BT are as follows:
Step 1:
The model is trained from English to Bangla using the SU-
Para training dataset.
Step 2:
The English sentences from GlobalVoices are fed into the
model to obtain the outputs as Bangla sentences.
Step 3:
The GlobalVoices English sentences and the output Bangla
sentences (from Step 2) are added to the SUPara training
set (i.e., training set augmented); then, the model’s final
training is performed.

3. EXPERIMENTAL STUDIES

This section describes the experimental results of the
proposed NMT system. The performance has also been
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Table 1: Examples of original and preprocessed sentences for both modes (Bangla to English and English to Bangla) of translation.

compared with the notable existing methods.

3.1. Benchmark Data and Preprocessing

In this study, SUPara is used as the primary dataset,
and GlobalVoices is used as a supportive dataset for BT.
GlobalVoices dataset contains 126477 English sentences,
where some sentences contain non-printable characters and
words from different languages (e.g., Arabic). A total of
49695 sentences are chosen for BT from the dataset by
filtering out sentences containing non-printable characters
and words from other languages. Using the filtered English
sentences, a total of 49695 Bangla sentences were produced
by BT. The SUPara dataset contains 70861, 500, and 500
Bangla-English sentences for training, validation, and test
purposes, respectively. Therefore, the merged dataset con-
tains 120556 (=70861+49695), 500, 500 sentences for train-
ing, validation, and test, respectively. Next, the data to-
kenization, true casing, normalizing punctuation, and re-
moving non-printable characters are performed on the data
using Moses [23]. It changes the raw sentences into the
number of tokens where words and punctuation marks are
parted by a space.

Comparatively, a small-sized corpus may result in a
poor dictionary and can arise a large number of rare word
problems. Therefore, subword segmentation is applied us-
ing the BPE algorithm. The BPE algorithm counts the
frequency of each word in a corpus, and a special stop
symbol < /w > is added at the end of each token. Char-
acters are then separated. After that, the algorithm finds
out the most frequent consecutive byte pairs and merges
them into one token. Table 1 provides some example sen-
tences before and after preprocessing. For example, in the

sentence “Ignorance is similar to darkness,” the BPE al-
gorithm can distinguish ‘n,’ ‘o’, and ‘r’ as consecutive fre-
quent token pairs and thus merge them into one token
‘nor’. The same explanation goes for ‘I’, ‘g’ and ‘ance’ to-
kens. So, BPE algorithm divides the word ‘ignorance’ into
four sub-words: ‘I’, ‘g’, ‘nor’ and ‘ance’ by adding ‘@@’
between them. The maximum sentence length is kept at
40 words, as long sentences may cause problems. After
applying all the processes, the dataset retains 115550, 500,
500 training, validation, and test sentences, respectively.

3.2. Performance Evaluation and Experimental Setup

For performance evaluation, the Bilingual Evaluation
Understudy (BLEU) [24] score is measured, which is cur-
rently one of the popular evaluation methods in the MT
field. With a value in the range of 0 to 1, a BELU score in-
dicates the closeness of a translation to the reference ones.
BLEU is a precision-oriented measurement implemented in
mainly three steps. At the first step, n-gram or the number
of word matches are calculated at the system outputs and
the reference sentences. Note that in the computational
linguistics, n-gram is defined as a contiguous sequence of
n words (or items) from a given text or speech corpus.
Next, the candidate counts are trimmed by their corre-
sponding maximum reference values. Then the clipped n-
grams are summed and divided by the number of candidate
n-grams. Through this step, the modified precision score
(pn) is found as

pn =

∑
C∈{Candidates}

∑
n−gram∈C Countclip(n−gram)∑

C′∈{Candidates}
∑

n−gram′∈C′ Count(n−gram′)

(1)
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where Candidates denotes the complete corpus and C de-
notes a hypothesis sentence. The second step is the BLEU
Brevity Penalty (BP) factor calculation, which is give by

BP =

{
1, if c > r
e1−r/c otherwise,

(2)

where c is the length of the candidate translation, and r is
the length of the reference translation. Finally, the BLEU
score is the geometric mean of the precision scores and
calculated as

BLEU = BP · e
∑N

n=1
wn log pn (3)

where N is typically 4 and wn is a positive weight typically
set to 1/N .

The proposed NMT model is implemented using the
OpenNMT toolkit [25]. We use BiLSTM having a bidirec-
tional encoder and a unidirectional decoder architecture,
each containing two layers. Individual encoders and de-
coders consist of LSTM blocks. As an attention mecha-
nism, we considered a global one [20]. The Stochastic Gra-
dient Descent [26] is used to train the model. The learning
rate was 1, and the dropout was 0.3. The PC used to con-
duct the experiments has the following configuration: CPU
7th Generation Intel® Core™ i5-7400 3.50GHz, RAM 8
GB, and NVIDIA GPU Ge-Force GTX 1070Ti 8 GB.

3.3. Experimental Results and Performance Comparison

Training with BT is a fundamental task in the proposed
BiLSTM based BEMT model. For the effectiveness assess-
ment of BT, experiments were conducted with and without
BT. Fig. 3 shows BLEU scores of the model for both train-
ing and test sets, for varying training up to 100000 steps
with and without BT. For the training set, the achieved
BLEU scores at the end of 100,000 training steps are 49.18
and 89.28 for the cases with and without BT, respectively.
It is noticeable that the BLEU score is low when BT is
included. The reason is that the training is performed on
SUPara training sentences additionally to the generated
sentences through BT, but the performance is measured
on SUPara samples only. The BT inclusion has improved
the generalization ability of the model. Therefore, the BiL-
STM model with the BT performed better and achieved a
better BLEU score than the BiLSTM model without BT
on the test set, which is unseen in the training process.
The proposed BiLSTM model with BT achieved a BLEU
score of 23.12; whereas, the model without BT achieved a
22.88 BLEU score. In any machine learning system, per-
formance on the test set is more desirable as it indicates
the ability to work on unnoticed cases (i.e., generalization
ability). In this context, a better BLEU score on the test
set with BT is promising for the Bangla-English language
pair.

Table 2 compares performance on the test set of the
proposed model with other prominent works on BEMT
with the SMT and NMT approaches. For a fair compar-
ison, the BLEU score of the proposed model is measured
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Figure 3: BLEU score on both training and test sets with and without
back translation for BEMT.

on the SUPara test set only since the existing methods
BLEU scores are also on the same SUPara test set. An
individual model with embedding and dataset information
also has been mentioned for better realization of individ-
ual studies. Achieved BLEU scores are on 500 SUPara
test samples for any method, while the training sets are
different (in size and sample) among the methods. From
Table 2, it is observed that any NMT method outper-
forms the SMT method. The SMT method [10] earned a
BLEU score of 17.43, which is the lowest value in the table.
Among the existing NMT methods, attention-based NMT
and attention-based NMT with BPE [13] achieved the most
satisfactory BLEU scores, which are 22.38 and 22.68, re-
spectively. Among the existing BiLSTM models, BiLSTM
with word embedding [12] achieved the best BLEU score
of 19.98. This model consists of an encoder and a decoder
[14], and the parameters have been initialized by using a
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Table 2: Comparison of the achieved BLEU scores on SUPara test.

Work Ref., Dataset Train. / Val./ Model Embedding BLEU
Year Test Set Size Score

Mumin et al. SUPara, 197388 /500/500 Phrase based SMT – 17.43
[10], 2019 GlobalVoices
Hasan et al. SUPara 70861 /500/500 BiLSTM Bangla and 19.76
[11], 2019 English training

dataset
Hasan et al. ILMPC, SIPC, PTB 419109 /500/500 BiLSTM Bangla and 19.24
[12], 2019 SUPara, AmaderCAT English training

dataset
ILMPC, SIPC, PTB, 419109 /500/500 BiLSTM Bangla training 19.40
SUPara, AmaderCAT dataset
ILMPC, SIPC, PTB, 419109 /500/500 Transformer – 18.99
SUPara, AmaderCAT

SUPara 70861 /500/500 BiLSTM Bangla and 19.98
English training

dataset
Al Mumin et SUPara, GlobalVoices 197338 /500/500 BiGRU + Attention – 22.38
al. [13], 2019

BiGRU + Attention – 22.68
+BPE

The Proposed SUPara 70861 /500/500 BiLSTM + Attention+ – 22.88
Model BPE

SUPara, GlobalVoices 115550 /500/500 BiLSTM +Attention + – 23.12
BPE + BT

pretrained word embedding system. On the other hand,
the proposed model excels the existing models by achiev-
ing a BLEU score of 23.12 for the BiLSTM model with
the BT technique. BT helped to increase the training set
through data augmentation. Besides, the incorporation
of an appropriate attention mechanism and subword seg-
mentation algorithm BPE to handle the rare words have
increased the proposed model’s performance.

Another critical observation from Table 2 is that the
proposed model achieved the best BLEU score for a rel-
atively smaller number of training samples. A few exist-
ing models have used huge training datasets along with
SUPara training data. For example, the BiLSTM model
with embeddings [12] was trained with 419109 sentences
combining Indic Languages Multilingual Parallel Corpus
(ILMPC), Six Indian Parallel Corpus (SIPC), Penn Tree-
bank Bangla-English parallel corpus (PTB), SUPara, and
AmaderCAT. The best performed existing method [13]
(BLEU score of 22.68) considered 197338 training sam-
ples. On the other hand, the proposed BiLSTM model
with attention mechanism has been trained with SUPara
and GlobalVoices training samples (i.e., 115550), incorpo-
rated with BT. Then again, the proposed model has been
trained with only the SUPara training sample (i.e., 70861),
without BT. Achieved BLEU scores for both cases are bet-
ter than any existing method, reflecting the proposed mod-
els’ computational efficacy over others.

4. CONCLUSIONS

This study has presented the Bangla-English Machine
Translation scheme using the BiLSTM by incorporating
the attention mechanism. The BilSTM is sequentially trained
with the back-translation mode applying the augmented
sentences after preprocessing the original sentences obtained
from a benchmark dataset. The proposed MT scheme is
tested on both the datasets SUPara and GlobalVoices. It
is found that the back translation-based training signif-
icantly improved the training performance. Furthermore,
in the case of smaller training samples, the proposed model
achieved the best BLEU score. The proposed MT is also
compared with the other NMT methods, and the achieved
BLEU scores are found to be the best among the exist-
ing methods. Such experimental results demonstrate the
computational efficacy and translating performance of the
proposed models over others.
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