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Abstract

Neural machine translation (NMT) models have recently been shown to be very successful in
machine translation (MT). The use of LSTMs in machine translation has significantly improved
the translation performance for longer sentences by being able to capture the context and long
range correlations of the sentences in their hidden layers. The attention model based NMT system
has become state-of-the-art, performing equal or better than other statistical MT approaches. In
this paper, we studied the performance of the attention-model based NMT system on the Indian
language pair, Hindi and Bengali. We analysed the types of errors that occur in morphologically
rich languages when there is a scarcity of large parallel training corpus. We then carried out
certain post-processing heuristic steps to improve the quality of the translated statements and
suggest further measures.

1 Introduction

Deep Neural Network has been successfully applied to machine translation.The work of (Cho et al., 2014;
Kalchbrenner and Blunsom, 2013; Sutskever et al., 2014) have shown that it is possible to build an end-to-
end machine translation system using neural networks by introducing the encoder-decoder model. NMT
systems have several advantages over the existing phrase-based statistical machine translation (SMT)
systems (Koehn et al., 2007). The NMT systems do not assume any domain knowledge or linguistic
features in source and target language sentences. Secondly, the entire encoder-decoder models are jointly
trained to maximize the translation quality as opposed to the phrase-based SMT systems in which the
individual components needs to be trained and tuned separately for optimal performance.

Although the NMT systems have several advantages, their performance is restricted in case of low-
resource language pairs for which sufficiently large parallel corpora is not available and the language
pairs whose syntaxes differ significantly. Morphological richness of language pairs poses another
challenge for NMT systems that do not have any prior knowledge of the languages as it tends to increase
the number of surface forms of the words due to inflectional attachments resulting in an increased
vocabulary of the languages. Moreover, the inflectional forms have their semantic roles that have to
be interpreted for proper translation. In order to enable the NMT systems to learn the roles of the
inflectional forms automatically we need sufficiently large data. However, sufficiently large parallel data
may not be available for low-resource morphologically rich language pairs. Most of the Indian languages
are morphologically rich and there is lack of sufficiently large parallel corpus for Indian language pairs.
Given our familiarity with Bengali and Hindi, we took up this task as a case-study and evaluated the
performance of NMT models on Indian language pair-Hindi and Bengali. We then analyzed the resulting
translated sentences and suggested post-processing heuristics to improve the quality of the translated
sentences. We have proposed heuristics to rectify the incorrect translations of the named entities. We
have also proposed a heuristic to translate and predict the position of untranslated source words.

This work is licensed under a Creative Commons Attribution 4.0 International License. License details: http://
creativecommons.org/licenses/by/4.0/
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2 Related work

Neural machine translation
Neural machine translation models attempt to optimize p(e|f) directly by including feature extraction

using a single neural network. The entire translation process is done using an encoder-decoder
framework (Cho et al., 2014; Kalchbrenner and Blunsom, 2013; Sutskever et al., 2014) where the
encoder encodes f into a continuous space representation and the decoder uses the encoding of f and
decoding history to generate the target language sentence e. The encoders and decoders are essentially
recurrent neural networks (RNNs)(Mikolov et al., 2010; Mikolov et al., 2011) or its gated versions
(Gated Recurrent Unit (GRU) (Chung et al., 2014; Chung et al., 2015) or Long-Short Term Memory
(LSTM) (Hochreiter and Schmidhuber, 1997)) capable of learning long-term dependencies.

Cho et al. (2014) proposed to use the final state of the hidden layer of the encoder as the encoding of
the source sentence. Sundermeyer et al. (2014) used a bi-directional RNN in the encoder and used the
concatenation of the final states of the hidden layers as the encoding of the source sentence. Sutskever et
al. (2014) proposed to train the encoder using the source sentence in the reverse ordering of words and
the decoder in the correct word ordering of target sentence.

Bahdanau et al. (2014) and Luong et al. (2015) have proposed the attention-based translation model.
The encoder of the model is a bi-directional RNN (Schuster and Paliwal, 1997). The annotation vectors
hT

j (where hj encodes the jth word with respect to the other words in the source sentence) are obtained by

concatinating the two sequences of hidder layers
−→
hT

j and
←−
hT

j which are obtained by training the forward
RNNs on the orginal sequence of input sentences and the backward RNNs on the reverse sequence of

input sentences, such that hT
j = [

−→
hT

j ;
←−
hT

j ]. The decoder consists of a single layer GRU. At time step t,
the alignment layer decides the relevance of the source words for the word to be predicted. The relevance
(αtj) of the jth annotation vector at time t is determined by a feed-forward neural network that takes the
previous state of the hidden layer of the decoder (st−1), embedding of the last predicted word (yt−1)
and the jth annotation vector (hj) as input. The hidden state of the decoder at time t is computed as a
function fr of the previous hidden state st, the context vector ct and the previous predicted word yt−1,
where fr is a GRU and ct is the context vector for the tth word is obtained as a sum of the annotation
vectors weighted by the corresponding relevance scores.

st = fr(st−1, yt−1, ct) (1)

Finally, the conditional distribution over the words is obtained by using a deep output layer.

p(yt|yt−1,x) ∝ exp(yT
t (Wofo(st,yt−1, ct) + bo)) (2)

where, yt is the indicator vector corresponding to a word in the target vocabulary. Wo and bo are the
weights and bias of the deep layer and fo is a single-layer feed-forward neural network with a two-way
maxout layer (Goodfellow et al., 2013).

Once the model learns the conditional distribution, then given a source sentence we can find a
translation that approximately maximizes the conditional probability using, for instance, a beam search
algorithm.

3 Proposed Method

In this paper, we studied the performance of attention-model based NMT system (Bahdanau et al.,
2014) on Bengali-Hindi language pair. The attention-based NMT models have shown near state-of-
the-art performance for the language pairs, English-French and English-German. One of the advantages
for these language pairs was the availability of good-quality, sentence aligned parallel corpora from
WMT’14 dataset. We implemented the same attention-model based NMT system (Bahdanau et al.,
2014) and studied its performance on the Indian language pair, Bengali and Hindi. Both Hindi and
Bengali belong to the same family of language and share some high-level syntactic similarities such as
Subject-Object-Verb (SOV) sentence structure which lead us to believe that the attention model will be
useful for this language pair.
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3.1 Resources used
Monolingual Hindi and Bengali corpora were used to train word2vec (Mikolov et al., 2013) to obtain the
word embeddings. The monolingual Hindi corpus was obtained from the ILTP-DC (www.tdil-dc.in/)
which consists of about 45 million sentences. The FIRE 2011 (http://www.isical.ac.in/ clia/2011/)
monolingual Bengali news corpus consisting of about 3.5 million sentences was used to obtain the
Bengali word vectors. The Bengali-Hindi parallel corpus was obtained from ILCI (sanskrit.jnu.ac.in/ilci),
comprising of 50000 sentences obtained from tourism and health domains was used for the experiments.
From the 50000 Bengali-Hindi parallel sentences, 49000 sentence pairs were randomly selected for
training and remaining 1000 sentence pairs were used for testing. In order to reduce the size of the
vocabulary we replaced all the numeric values by the ’NUM’ token.

3.2 Our implementation of the Attention-Model
The attention-model based NMT model (Bahdanau et al., 2014) was implemented in Theano (Theano
Development Team, 2016). The number of hidden layer units (n) was taken as 1000, the word embedding
dimensionality as 620 and the size of the maxout hidden layer in the deep output was 500. The number
of hidden units in the alignment model was 1000. We used gradient-clipping with a clipping threshold
of 5. The model was trained using stochastic gradient descent with a learning rate of 0.0627 and batch
size of 1. The model was run on a Nvidia Tesla K40C GPU machine.

4 Results

MOSES (a phrase-based SMT model) (Koehn et al., 2007) was used as a baseline system for comparison
of the NMT model. The Bengali-Hindi parallel corpus obtained from ILCI (sanskrit.jnu.ac.in/ilci)
comprising of 50000 sentences obtained from tourism and health domains was used for the experiments.
From the 50000 Bengali-Hindi parallel sentences 49000 sentence pairs were randomly selected for
training the model and remaining 1000 sentence pairs were used for testing. Out of the 49000 sentence-
pairs in the training set, 15000 pairs (tuning set) were randomly selected for tuning the model parameter
(weights) using MERT system (Minimum Error Rate Training) (Och, 2003) which searches for weights
optimizing a given error measure which is BLEU score in our case. The SRILM (Stolcke, 2002) language
model was trained using the entire training dataset comprising of 49000 sentence pairs.

We compared the performance of the attention-model based NMT system with that of the baseline
MOSES phrase-based SMT system. We ran the NMT model for 25 epochs. Table 1 summarizes the
results.

Table 1: Comparison of 1) attention-based NMT model and 2) MOSES phrase-based SMT system.
Translation model BLEU score Iterations

MOSES 14.35 -
Attention-based translation model 20.41 25

As the BLEU score suggests, the translation quality of the NMT system surpasses that of the
MOSES (Koehn et al., 2007) by a significant margin. Out of the 1000 sentence pairs used for testing,
we randomly picked up 8 sentences and present them in Appendix 1. We observe that in five of the eight
examples the translation results of the attention model are clearly better than that produced by MOSES.
The translation by MOSES is slightly better in two cases whereas in one example, both models have
almost similar translation results. This was the general trend in all the test examples with the attention
model performing relatively better than MOSES in cases of longer source sentences (Figure 1).

We also compared the BLEU score of our NMT model over 25 iterations with the MOSES system and
saw that only after 5 iterations, the NMT model started performing better than MOSES (Figure 2).

5 Analysis

Our implementation of the attention based NMT model significantly outperforms MOSES in terms of
BLEU scores. However on manual inspection of some random samples, we observed significant errors
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Figure 1: Variation of BLEU score with sentence length. The plot shows the BLEU score against the
source sentence length.

Figure 2: Comparison of BLEU score of the NMT model over 25 iterations with the baseline MOSES
system.
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in translation of named entities. Due to the limited size of the corpus, many named entities were absent
from the vocabulary and hence the model was not able to find a suitable translation for them. Thus the
quality of the translated sentences suffered. We propose the following algorithm as a post processing
step in order to deal with named entities.

5.1 Dealing with named entities
Algorithm 1 summarizes the steps for correcting the errors due to wrong translation of the named entities
for a test Bengali sentence.

Algorithm 1: Correction of errors due to wrong translation of the named entities
input : Bengali sentence (B = {b1, b2, · · · , bM}), translated Hindi sentence, word alignment

scores (α values) for the translation
output: Corrected Hindi sentence

1 for each word bj in B do
2 if bj is named entity then
3 Tag bj as NE
4 end
5 end
6 for each tagged bj do
7 Transliterate the tagged bj into the target language (Hindi) using any open-source transliteration

tool.
8 Find the index i in the translated sentence for which the value of αij is maximum. /* This

hi corresponds to the word in the target language sentence
whose translation has been most highly influenced by bj. */

9 Replace hi with the transliterated word of bj

10 end

The named entities in the test sentences were identified manually. For transliterating the Bengali words
to Hindi we used a Bengali-Hindi transliterator developed at our institute. We are working on developing
a good quality NER system for Bengali and automating the process of identification and transliteration
of the Bengali named entities. On manually observing the target sentences after performing the heuristic,
it was found that the overall quality of the translated sentences had gone up and they were more relevant
to the context of the source sentences. However this post-processing step resulted in slight decrease
in the BLEU score. Part of this may be due to the fact that direct transliteration of the named entities
from the source language to the target language without stemming or lemmatization could not take into
account the inflectional differences in the source and target language. In Appendix 2 we present five
examples. Words like কেĮর (kachchh-of) in Bengali when transliterated directly into Hindi results in
कच्छरे (kachchher), which is indeed the direct Hindi transliteration of the Bengali word including the
inflection -of but fails to capture the context in which it is used and how it should be used (with proper
inflection) in the target language sentence. Similarly in the third example sentence, the Bengali word
এিশয়ান (Asiyan) transliterate directly to एशियान (Asiyan) in the target language but the word एशियाई (Asia-
of) was more suited to the context of the sentence. But as we mentioned earlier, it was manually observed
that the relevance of the target sentences in relation to the source sentences was found to be more than
those of the translated sentences before correction.

5.2 The problem of untranslated words
The lack of sufficient amount of training data meant that we had to work with a limited vocabulary size
for the source as well as the target language. This resulted in many phrases in the source sentences not
getting translated simply because our model was not able to find words in the target language vocabulary
for that phrase. Algorithm 2 summarizes the post-processing heuristic to deal with such untranslated
words.
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Algorithm 2: Prediction of translations for untranslated words
input : Bengali sentence (B = {b1, b2, · · · , bM}), translated Hindi sentence

(H = {h1, h2, · · · , hN}), word alignment scores (α values) for the translation
output: Corrected Hindi sentence

1 for each word in bj in B do
2 if bj is NOUN then
3 untranslated = false for all hi in H do
4 if αij > threshold then
5 untranslated = true
6 break
7 end
8 end
9 if untranslated then

10 Find the index i in the target sentence for which the value of αij is maximum.
11 Insert the transliteration of bj in Hindi into the target sentence at the ith position.
12 end
13 end
14 end

The intuition behind this heuristic is very simple. The index which is most highly influenced by the
untranslated word in the source sentence is the probable position for the translation of that word to occur.
We simply transliterated those words and put them at position that they influence the most in the target
sentence. We show five randomly selected examples in Appendix 3 (αij = 0.2). Out of the five examples,
we find that the quality of 4 sentences improved, while for one sentence, it did not improve much.

We observed that the NMT system is better at translating the postpositions than the SMT system. We
need to further investigate this observation. The reason is not yet clear to us and we are working to find
the explanation for this observation.

6 Conclusion

In this paper we showed that the performance of the attention-model based NMT system for the Indian
language pair, Bengali and Hindi is better than the existing SMT model of MOSES. We then analysed the
output translated sentences and observed that there were significant translation errors in case of named
entites and rare words. In order to improve the results, we implemented certain post-processing heuristic
steps and manually observed that we were able to make the translated sentences more relevant in context
to the source sentences.
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Herbst. 2007. Moses: Open source toolkit for statistical machine translation. In Proceedings of the 45th Annual
Meeting of the ACL on Interactive Poster and Demonstration Sessions, ACL ’07, pages 177–180, Stroudsburg,
PA, USA. Association for Computational Linguistics.

Minh-Thang Luong, Hieu Pham, and Christopher D. Manning. 2015. Effective approaches to attention-based
neural machine translation. CoRR, abs/1508.04025.

Tomas Mikolov, Martin Karafiát, Lukás Burget, Jan Cernocký, and Sanjeev Khudanpur. 2010. Recurrent neural
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Appendix A. Comparison of output of attention-based NMT model and MOSES.

Bengali এরা হেলন সাধারণ বােজেটর পযóটক ৷
MOSES ये चंदोला आम बजट वाला पर्यटक है ।

Attention-based TM ये आम बजट के पर्यटक है ।
Ref. translation ये सामान्य बजट के पर्यटक हैं ।

Bengali Ȳপাটó ȲɊলয়াের পযóটকেদর থাকার জনô Ȳছােটা Ȳছােটা Ȳহােটল আর Ȳগƀ হাউেসর বôবŻা আেছ ৷

MOSES

पोर्ट ब्लयेर में पर्यटकों के ठहरने की के लिए छोटे छोटे होटल और गेसट् हाउस के की
व्यवसथ्ा है है ।

Attention-based TM पोर्ट ब्लयेर में पर्यटकों का ठहरने के लिए छोटे होटल होटल और गेस्ट हाउस की सुविधा है ।
Ref. translation पोर्ट ब्लयेर में पर्यटकों के ठहरने के लिए छोटेछोटे होटल व गेस्ट हाउसों की व्यवसथ्ा है ।

Bengali

Ȳপেট Ȳচাট লাগেল Éত হেত পাের যা মাংসেপশী ও হাড় পযóŒ Ȳপƾেছ যায় আর পােয় পুজঁ হেত পাের
আঙুল গেল Ȳযেত পাের বা কােলা হেয় Ȳযেত পাের ৷

MOSES

पेट में चोट लगने पर जख्म हो सकती है हो सकता है है जो की मांसपशेियाँ तथा की हड् डी तक
पहुँच जाती है और पैरों में पीप हो सकती है हो सकता है गल के की अंगलुियों के जा
सकता है या फिर काले हो जा सकता है ।

Attention-based TM

पेट में चोट लगने पर जख्म हो सकते हैं जो मांसपेशियों तथा हड्डियाँ तक पहुँच हो और पैरों में
मवाद हो पाती है या काले हो सकते है ।

Ref. translation

पेट में चोट लगने से नासूर बन सकता है जो मांसपशेियों व हड् डियों तक पहुँच जाता है और पैर में
मवाद पड़ सकती हैं अँगलुियाँ गल सकती हैं या काली पड़ सकती हैं ।

Bengali

কšুôটার যতই উŘত বা বুিĿমান Ȳহাক না Ȳকন ও ǀধু Ȳসই কাজই করেত পাের যার িবিধটা
আমরা ŏয়ং জািন ও ওেক িদেয়িছ ৷

MOSES

कंपय्टूर चाहे कितना भी या कुशागर् के उन्नत से ही क्यों न हो तथा सिर्फ उस के काम ही
कर सकता है जिससे में स्वयं ������ हम जानते हैं तथा उसे दी और है ।

Attention-based TM

कंपय्टूर चाहे भी बेहतर या फायदेमंद साबित हो न हो या सिर्फ वही काम कर सकते हैं
जिसे हम हम स्वयं जानते हैं ।

Ref. translation

कंपय्टूर चाहे कितना ही उन्नत या चतुर क्यों न हो वह केवल वही काम कर सकता है जिसकी
विधि हमें स्वयं ज्ञात है और जिसे हमने कंपय्टूर को सिखा दिया है ।

Bengali ȳতল িচিকɃসায় খিনজ Ȳতেলর Ȳকানও বôবহার Ȳনই কারণ তা ňেক ċেবশ করেত পাের না ৷

MOSES

तैलीय के इलाज में खनिज तेल के किसी का इस्तमेाल नहीं है क्योंकि उसे त्वचा में के प्रवशे के
लिए भी नहीं कर सकता ।

Attention-based TM तैलीय चिकित्सा में खनिज तेल का उपयोग न है क्योकंि यह त्वचा में प्रवशे नहीं है ।
Ref. translation तैलीय चिकित्सा में खनिज तेलों का कोई उपयोग नहीं क्योकंि वे त्वचा में प्रवशे नहीं कर सकते ।

Bengali আমােক বাইের দাঁিড়েয় থাকেত Ȳদেখ এক জন মিহলা এেলন আর মসিজেদর Ȳভতর Ȳডেক িনেয় Ȳগেলন ৷

MOSES

मुझे के बाहर खड़े हो महिला से निर्णय लिया था रह को देखकर के एक जॉन और मस्जिद के के
भीतर ले पड़े ।

Attention-based TM मुझे बाहर खड़े होकर देखकर एक सौ आए थे और मस्जिद को भीतर ले गए ।
Ref. translation मुझे बाहर खड़ा देख कर एक महिला आई और बुलाकर मस्जिद के अंदर ले गई ।

Bengali Ȳহমারঘাট িঝেল Ȳনৗকায় বেস িঝল Ďমণ করা আর আেশপােশর ċাকৃিতক দৃশô Ȳদখেত ভােলা লােগ ৷

MOSES

हेमारघाट झील में नाव में बैठकर झील का भ्रमण किया और के आसपास के के प्राकतृिक
दृशय् देखने को अच्छा लगता है है ।

Attention-based TM

बरैला झील में नौका में बैठकर झील भ्रमण करने और आसपास प्राकतृिक दृश्यों को देखना अच्छा
लगता है ।

Ref. translation

हेमारघाट झील में नाव में बैठकर झील का भ्रमण करना और आसपास के प्राकतृिक दृश ्यों को
देखना बहुत अच्छा लगता है ।

Bengali

ȳভরবনাথ মিŖর Ȳসান ċয়াগ Ȳথেক NUM িক িম পের আর Ȳকদারনাথ Ȳথেক NUM িক িম
আেগ পােয় Ȳহঁেট হল এক অতôŒ ƿǁňপণূ ó তীথó এবং িবēাম Żল ৷

MOSES

भैरवनाथ मंदिर सोन प्रयाग से NUM किमी की मी के बाद और केदारनाथ से NUM किमी की मी
से पहले पैदल चलकर एक अत्यतं महत्तव्परूण् तीर्थ एवं विश्राम स्थल है ।

Attention-based TM

भैरवनाथ मंदिर सोन महादेव से NUM किमी आगे और केदारनाथ से NUM किमी आगे पैदल यात्रा
अत्यतं महत्तव्परूण् तीर्थ है ।

Ref. translation

भैरवनाथ मंदिर सोनप्रयाग से NUM किमी आगे और केदारनाथ में NUM किमी पहले पैदल पड़ने
वाला एक अत्यतं महत्वपरू्ण तीर्थ एवं विश्राम स्थल है ।
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Appendix B. Example of sentences containing named entities before and after post-processing.

Table 2: Target sentences after transliterating the named entities in the source sentences
Bengali কেĮর Ȳছােটা মǁভূিম হল জাদুনগরী ৷

Attention-based TM कचछ् का छोटा रेगिस्तान भी है ।
After transliteration कचछ्ेर का छोटा रेगिसत्ान जादुनगरी है ।

Ref. translation कचछ् का छोटा रेगिस्तान `` जादुईनगरी `` है ।

Bengali
এƿিলর নাম হল কাফিন িহমবাহ িপĺারী
িহমবাহ লাবন িহমবাহ ও শলাঙ্গ িহমবাহ ৷

Attention-based TM इनके नाम है कि हिमनद ग्लशेियर हिमनद हिमनद है ग्लशेियर और हिमनदों ग्लशेियर भी है ।

After transliteration
इनके नाम है काफनि हिमनद ग्लशेियर पिण्डारी हिमनद
लाबन ग्लशेियर और शलाङ्ग ग्लशेियर भी है ।

Ref. translation इनके नाम हैं कफनी ग्लशेियर पिंडारी ग्लशेियर लावन ग्लशेियर और शलांग ग्लेशियर ।

Bengali
িতনিট এিশয়ান গĺােরর মেধô পাওয়া সবেথেক বড়
গĺারিটেক Ȳদখার জনô পযóটকেদর Ȳবশ িভড় জেম ৷

Attention-based TM
तीन चार गैंडे के पाए जाने के सबसे
बड़े गाँव को देखने के लिए पर्यटकों की काफी भीड़ है ।

After transliteration
तीन एशियान गण्डाररे के पाए जाने के सबसे
बड़े गाँव को देखने के लिए पर्यटकों की काफी भीड़ है ।

Ref. translation
तीनों एशियाई गैंडों में यहाँ पाया जाने वाला सब से
बडा़ गैंडा देखने के लिए पर्यटकों की अच्छीखासी भीड़ जुटती है ।

Bengali
Ȳপাটó ȲɊলয়াের পযóটকেদর থাকার জনô Ȳছােটা
Ȳছােটা Ȳহােটল আর Ȳগƀ হাউেসর বôবŻা আেছ ৷

Attention-based TM
पोरट् ब्लयेर में पर्यटकों का ठहरने के लिए छोटे होटल
होटल और गेसट् हाउस की सुविधा है ।

After transliteration
पोरट् ब्लयेारे में पर्यटकों का ठहरने के लिए
छोटे होटल होटल और गेसट् हाउस की सुविधा है ।

Ref. translation
पोरट् ब्लयेर में पर्यटकों के ठहरने के लिए छोटेछोटे
होटल व गेसट् हाउसों की व्यवस्था है ।

Bengali সšূণó গôাঙ্গটক পারšিরক মুেখাশ পের লামারা নৃতô কের ৷
Attention-based TM सपंूरण् पर्यटन पारम्परिक जीवन की पश् चात बाद लामाओं के नृतय् करते हैं ।
After transliteration सपंूरण् ग्याङग्टक पारम्परिक जीवन की पश् चात बाद लामारा के नृतय् करते हैं ।

Ref. translation सम ्परूण् गंगटोक में पारम्परिक मुखोटे पहने लामाओं द्वारा नृत्य किए जाते हैं ।
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Appendix C.Example of sentences with untranslated words before and after post-processing.

Table 3: Target sentences after transliterating and inserting the untranslated words
Bengali মুবারক মĺী পôােলস মহেল সবেথেক ċাচীন ইমারত হল NUM সেনর ৷

Attention-based TM मबुारक मंडी महल महल में सबसे प्राचीन इमारत NUM वीं सदी में है ।
After transliteration मबुारक मंडी प्यालसे महल महल में सबसे प्राचीन हल इमारत NUM वीं सदी में है ।

Ref. translation मबुारक मंडी पैलसे महल परिसर में सबसे प्राचीन इमारत NUM की है ।

Bengali
ওজন কমােনা বা ňেকর Ȳদখােশানা ċসঙ্গ যাই Ȳহাক না Ȳকন খাবাের তাজা
ফল খাওয়ার পরামশó সব বôাপােরই Ȳদওয়া যায় ৷

Attention-based TM
वजन घटाना या त्वचा की देखभाल का चाहे चाहे क्यों न ताजे आहार को
खाने की सलाह हमेशा ही दी जा है ।

After transliteration
वजन घटाना या त्वचा की देखभाल का चाहे चाहे क्यों न ताजे फल आहार को खाने
की सलाह हमेशा ही दी जा है ।

Ref. translation
बात वजन घटाने की हो या त्वचा की देखभाल की खाने में ताजे फल खाने की सलाह
सभी मामलों में दी जाती है ।

Bengali
পজূারী সাদা ধুিত সাদা পাĴাবী ও মাথায় রাজŻানী ভঙ্গীমায় পাগড়ী ধারণ
কের খািল পােয় মিŖর আেসন ৷

Attention-based TM
पजुारी सफेद धोती सफेद तथा सिर में राजस्थानी रूप में
धारण करके ऊपर से पैदल मंदिर हैं ।

After transliteration
पजुारी सफेद धोती सफेद पाञ्जाबी तथा सिर में राजस्थानी
रपू में धारण करके ऊपर से पैदल मंदिर हैं ।

Ref. translation
पजुारी सफेद धोती सफेद कुरत्ा व सिर पर राजस्थानी स्टाइल की पगड़ी
धारण कर नंगे पैर मंदिर परिसर में आए ।

Bengali
ǌদ Ȳরাগ খুব ȴলাŒ হেয় পড়া উেËজনা Ȳমজাজ অিŻর Ȳবাধ করা ċচĺ িনরাশা ঘুম কম
হওয়া উƢ রĝচাপ ইতôািদ উেËজনাজিনত সাধারণ Ȳরাগ ৷

Attention-based TM
दिल रोग रोग बहुत थक जाना उत्तजेना उत्तजेना का भय अत्यधिक गर्मी से कम नींद कम
नीदं उच्च रक् तचाप आदि आम तौर पर आम बीमारी है ।

After transliteration
दिल रोग रोग बहुत थक जाना उत्तजेना उत्तजेना का भय अत्यधिक गर्मी निराशा से कम
नीदं कम नींद उच्च रक् तचाप आदि आम तौर पर आम बीमारी है ।

Ref. translation
दिल की बीमारी बेहद थकान उत्तजेना के दौरे बारबार मूड बदलना बेचनैी की अवस्था
घोर निराशा नींद कम आना उच्च रक्त चाप आदि तनाव की आम समस्याएँ है ।

Bengali রেĝ অিধক শকó রা দীঘóকালীন জিটলতা ৷
Attention-based TM रक ्त अधिक मात्रा अधिक जटिलताओं उत्पनन् होती है ।
After transliteration रक ्त अधिक मात्रा शर्करा अधिक जटिलताओं उत्पन्न होती है ।

Ref. translation रकत् में शर्करा की अधिकता दीर्घकालीन जटिलताएँ ।
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