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ABSTRACT: With the rise in the use of Indian languages, visualizing and improving translation tasks is essential in order to 
narrow the gap between the comprehension of these languages globally. In this paper, approaches of sequence-to-sequence models 
including attention mechanism and long short-term memory are explored and compared with other state-of-the-art models such 
as transformers. Previous work has explored multiple Indian languages including Bengali, Hindi, Marathi, Telugu, and Kannada. 
Due to the overall increase cases of use of the Hindi Language, a comparison between models is done through a custom pre-
processing of a Hindi-English dataset and normalizing the data to the required needs. While some systems are focused on specific 
end-to-end language translations, some are large-scale systems with translation capabilities of multiple languages. The paper 
proposes that adding attention to the basic encoder-decoder architecture can not only improve the translation tasks with higher 
accuracies, but also reduce training times and make it possible to train with larger datasets. Additionally, certain challenges with 
Hindi translation such as word sense disambiguation are also explored by looking at examples of previous work and some of the 
results produced by them.  
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Attention Models.

�   Introduction
Neural Machine Translation (MT) is one of the essential 

applications of Natural Language Processing that has been 
ongoing for the past 50 years. During this time, there have 
been several advancements by linguists and computer scientists 
in the field. The main aim of MT models is to translate 
literature or a given piece of text from a source language to a 
target language, thereby making the text available and usable 
for a larger group of people globally. Making rich resources 
of literature available to various target groups helps to remove 
language barriers around the world.

Since India is a large multilingual society, there is great 
demand for the translation of documents from one language 
to another language. There are 22 constitutionally approved 
languages,¹ which are officially used in different states with 
about 1652 dialects spoken by different communities and 
around 14 Indic scripts. All of these languages are rich in 
content and well-developed. However, most of these languages 
do have similar grammatical structures and hence similarly 
comprehensible scripts of literature.

In the last two decades, most of the machine translation 
systems were based on statistical machine translation 
approaches. In these systems,²,⁴ the basic units of the translation 
process are phrases and sentences. The first neural approach 
started with a basic feed forward network, but translation 
between sentences of different lengths required the innovation 
of encoder-decoder models.

The first implementation of this type of model used 
continuous recurrent representations to build robust language 
models by capturing syntax, semantics, and morphology. After 
this, the LSTM (Long Term Short Memory) network was 

introduced,⁵ which is a type of RNN that uses special units 
in addition to standard units. LSTMs include a memory 
cell that can maintain information in the memory for long 
periods of time, and a set of gates are used to control when 
the information enters the memory, when it outputs, and 
when it is forgotten. This architecture helps to learn longer-
term dependencies. However, a few improvisations that were 
needed in RNNs then marked the beginning of Attention 
models.⁶ The attention mechanism allows the decoder to look 
at an entire sentence and selectively extract the information 
needed during decoding. And while they may work for shorter 
sentences, RNN based architectures are hard to parallelize 
and inefficient in learning long-term dependencies within the 
input and output sequences. Hence, transformers use multiple 
attention distributions and multiple outputs for a single input 
in order to improve the problem.

With the availability of such models, MT has become an 
emerging research area in NLP for Indian languages. Indian 
language processing started more than a decade ago. There 
have been a number of attempts in MT for English to Indian 
languages and Indian languages to Indian languages using 
different approaches.⁷,⁹ Hindi-English translation can be 
considered a relatively high resource pairing given the increase 
in the creation of parallel sentences as compared to other less 
common Indian Languages.¹⁰ 

Many researchers are working on the task of NMT for Indian 
languages lately. The Technology Development for Indian 
Languages (TDIL) Programme initiated by the Ministry of 
Electronics & Information Technology, Govt. of India is a 
prime example of state-of-the-art machine translation projects 
being conducted nationally.¹¹ TDIL has the aim of developing 
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Information Processing Tools and Techniques to facilitate 
human-machine interaction without language barriers. It 
also serves in creating and accessing multilingual knowledge 
resources and integrating them to develop innovative user 
products and services.¹² Adding to TDIL, many such 
initiatives and experimentations have been undertaken for 
Indian language processing.

Previous work has made the use of the similarities and 
data availability of Hindi to produce efficient Hindi-English 
translation systems. The ANGLA-BHARTI represents a 
machine-aided translation methodology specifically designed 
for translating English to Indian languages.¹³ It uses a pattern 
directed approach using context free grammar-like structures. 
It analyzes English only once and creates an intermediate 
structure called PLIL (Pseudo Lingua for Indian Languages). 
The PLIL structure is then converted to each Indian language 
through a process of text-generations. Additionally, machine 
translation of Bilingual Hindi-English text, that is the mixing 
of both languages called Hinglish is also proposed in previous 
work apart from singular English-Hindi NMT models.¹⁴ 
It aims to present a mechanism for machine translation of 
Hinglish to pure (standard) Hindi and pure English forms.

Another line of work explores other traditional languages 
such as Bengali for aiding in specific Indian translation tasks, 
both between two Indian languages, and from English to 
an Indian language. The VAASAANUBAADA is a project 
to translate bilingual Bengali-Assamese news texts using 
the Example-Based Machine Translation technique.¹⁵ The 
work involves machine translation of bilingual texts at the 
sentence level. Moreover, the Anubharti Technology is an 
English to Bangla translation system that takes a paragraph of 
English sentences as input sentences and produces equivalent 
Bangla sentences.¹⁶ EB-ANUBAD system is comprised 
of a preprocessor, morphological parser, semantic parser 
using English word ontology for context disambiguation, an 
electronic lexicon associated with grammatical information 
and a discourse processor, and also uses a lexical disambiguation 
analyzer.

Along with specific language models, previous work has also 
been aimed at larger systems for multiple Indian languages. 
The Anusaaraka system makes text in one Indian language 
accessible in another Indian language.¹⁷ The machine presents 
the source text in a language close to the target language. In 
the image, some constructions of the source language (which 
do not have equivalents) spill over to the output. Anusaarakas 
are currently being built for various Indian Languages. The 
approach for the translation in this system is divided in two 
parts: a) The Anusaaraka system which is based on language 
knowledge, and b) the domain specific knowledge based on 
world knowledge, statistical knowledge etc.

While these are some of the relevant works published on 
Indian language translation, machine translation among 
Indian languages is still an active research area due to the 
semantic and word-based ambiguities involved with a lot of 
the languages. Certain works talk about resource constrained 
word sense disambiguation (WSD), which is related to lexical/
sense ambiguity in languages.¹⁸ Moreover, it also explains the 

stages of NLP and ambiguities such as morphology analysis 
of speech tagging, named entity recognition, parsing (deep 
and shallow), semantics extractions, pragmatics, and discourse 
processing.

In addition, English to Indian language machine translation 
poses the challenge of structural and morphological diver-
gence.¹⁹ Structural difference is due to the dissimilar word 
orders in these languages. Specifically, English uses the sub-
ject-verb-object order, whereas most of the Indian languages 
primarily use subject-object-verb. The suffix separation is used 
to tackle the morphological divergence between English and 
highly agglutinative Indian languages.

Hence it can be said that NLP in Indian languages have a 
long way to go before ambiguities and semantic differences 
can be matched for better translation accuracy. However, In-
dian languages do have certain datasets already, having parallel 
corpus of the input and output language, which makes it rela-
tively easy to understand translation tasks currently.²⁰,²²

Additionally, while performing translation tasks such as part 
of speech tagging, parsing, etc., WSD takes a sense ID and 
marks it on a target word WT, where the sense ID comes from 
Wordnet. Below is an example:

Example 1: Conversation between a mother and her son:
Mother: Son, get up quickly. The school is open today. Should 

you bunk? Father will be angry. Father John complained to 
your father yesterday. Aren’t you afraid of the principal?

Son: Mummy, it’s a holiday today!
In example 1 as shown,¹⁸ the word ‘Son’ has a sense of am-

biguity, whereas in WordNet, it has two senses – one of an 
offspring and the other of the Son of God. Hence, as clearly 
seen, the first lingual sense should be applied here. Next comes 
the phrasal verb/multi word which is ‘get up’. We cannot use 
the individual meanings of ‘get’ and ‘up’ since the phrase is 
supposed to be considered as a single entity to understand 
its true meaning. Individually extracting the meaning of both 
words would not make factual sense to the phrase. Hence, such 
ambiguities of grammatical sentence structure and multiple 
semantics of words make it a challenging translation task.

With so many languages at play, Hindi-English translation 
serves as the benchmark to connect Indian languages with a 
high resource language like English and develop the trans-
lation task to reach better performance and accuracy with 
seq2seq models. With the rising concerns of translating be-
tween diverse Indian Languages, there are fewer approaches 
that discuss the approaches and challenges in the task, espe-
cially for Hindi and English translation. As there is a rising 
need to explain the aforementioned problems in a concise 
and effective manner, this paper aims to compare effective ap-
proaches and the challenges of MT between Indian languages 
due to the lack of availability of parallel data and precise com-
parison of various language models and architectures in the 
open source today. This is done through comparing recurrent 
neural networks with attention encoder-decoder models.
�   Methods
Dataset:
The experiments in this paper use the IIT Bombay English-

Hindi Parallel Corpus.²³ This dataset consists of an 
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English-Hindi Parallel Corpus that has been pre-processed 
for machine translation. The Hindi side of the training, dev, 
test sets as well as the monolingual corpus have been nor-
malized to ensure canonical Unicode representation using 
the Indic NLP Library.²⁴ The corpus contains 1.49 million 
parallel segments. The existing sources used to compile the 
corpus were: (a) Judicial domain corpus 1 - translation of legal 
judgements by in-house expert translators, (b) Judicial domain 
corpus 2 - student translated sentenced, (c) Mahashabdkosh 
- an online official terminology dictionary consisting of En-
glish and Hindi terms,²⁵ (d) Indian government corpora, (e) 
Hindi-English Linked WordNet - contains bilingual dictio-
nary entries from hind and English linked wordnets,²⁶ and (f ) 
Gyan-Nidhi Corpus - multilingual parallel corpus of Hindi 
and English sentences that combines sentence-length models 
and word-correspondence based models, and requires no lan-
guage or corpus specific knowledge. The moses tokenizer for 
English, and the IndicNLP tokenizer for Hindi was used to 
prepare the data.²⁷,²⁸ Table 1 shows the size of the dataset used 
for both languages.

Experiments:
In order to perform the translation task, two approaches 

have been used: Recurrent neural networks (RNN) such as 
Long Short-Term memory (LSTM) and Attention Models. 
Varied results and challenges have been observed with both 
of these methods. To understand machine translation mod-
els better, a sequence to sequence (seq2seq) network is one in 
which two RNNs work together to translate one sequence to 
another.²⁹ Here, an encoder network maps the input sequence 
to a vector of a fixed dimensionality and the decoder network 
decodes the target sequence from the vector. 

In order to train the LSTM model, the preprocessing of 
data was done by compiling pairs of English and Hindi sen-
tences and shuffling them. Below are two sample pairs created 
wherein the English sentence is the input, and the translated 
target sentence is in Hindi. 

For target sentences, a <START> token and <END> token 
will be added for the sequence to know when to start and stop 
the text generation. Two different approaches have been taken 
to process the data. One of them is character level predictions. 
Here, the punctuation is separated from the words.

Table 1: Language specific statistics of dataset.23 

On the other hand, in the world level predictions the target 
sequence is appended without change, and this is commonly 
used to predict a fixed set of words from the training corpus. 
With both the input and target tokens, feature dictionaries 
are then created for both the tokens that store key-pair values. 
This helps encode the input sentences into one-hot vectors. 

Coming to the encoder-decoder structure, the encoder re-
quires an input layer that holds the one-hot vector defined by 
a matrix and an LSTM layer that holds hidden states. The 
decoder is similar to the encoder but with its own inputs. 

For the attention model, the training dataset used was re-
duced to 124,999 sentences each for Hindi and English, while 
the testing dataset was unchanged and had 2507 sentences 
each. The original dataset for Hindi and English was merged 
into 2 columns in 1 file with the respective lengths. In order 
to train the vast amounts of sentences, the length constraint 
was of 22 words including punctuation and certain English 
prefixes such as “I am”, “He is”, “she is”, etc. were added to filter 
sentences translating to these beginnings. After normalizing 
and filtering the text, the dataset was trimmed to 120,396 sen-
tences which included 7732 English words and 9329 Hindi 
words. 

The training process of the attention model used the op-
timizer Stochastic Gradient Descent (SGD) for the encoder 
and decoder, along with a learning rate of 0.01. The loss func-
tion used was Negative Log-Likelihood (NLL), along with 
a dropout of 0.1. Unlike a single RNN wherein the input is 
matched to a respective output, seq2seq models remove the 
barrier of sequence length and order of words, making it more 
accurate for translation tasks. For example:

Here, most of the output words have a direct match with 
the input words, however the order of sentence construction is 
different. For instance, “am not” is before “stranger” in English, 
however after “अजनबी” (stranger) in the Hindi sentence. Hence, 
sequence to sequence models make translation easier by ac-
counting the sentence order and not outputting single words 
for an input in the same order.

For every input, the encoder outputs a vector and a hidden 
state which is used for the next input word. The decoder takes 
the encoder’s output vector and outputs a sequence of words to 
create the translation. The last output of an encoder is called 
a context vector since it encodes context from the entire se-
quence. A basic decoder in the seq2seq model uses the context 
vector as the initial hidden state. Hence at every step of de-
coding, an input token i.e., start-of-string <SOS>, and the first 
hidden state which is the context vector is given. 

The problem with such an architecture is that the single 
context vector is responsible for encoding the entire sentence. 
Hence, an attention decoder is added to the existing model. 
The attention mechanism, shown in Figure 1, allows that with 
each output of the decoder, it can focus on specific parts of the 
encoder’s output at every step. This helps lower the burden on 
the decoder for each step. In order to achieve this, special 
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attention weights are calculated, which are then multiplied by 
the encoder’s vectors to get weighted combinations.

Both the LSTM and Attention model also use the concept 
of teacher forcing which is used by seq2seq models during 
training. The teacher forcing for both was set to 0.5. The main 
aim of this is to use the actual target outputs as the next input 
instead of using the generated prediction from the decoder as 
the next input. This helps it to converge faster than normal.
�   Results and Discussion
Prediction Analysis:
By collecting the data for both the LSTM and Attention 

model experiments, getting training and validation accuracies 
and losses made it clear that the attention mechanism was 
generally more successful in predicting the correctly translated 
word. As the metrics and data processing done was not similar 
to the original paper, the results with that could not be fully 
compared. However, for the attention model, the cumulative 
n-gram scores and the BLEU score were calculated for sen-
tences, and below is the data for two of those:

In the first example in Table 2, the translation of the first 
word i.e., “existing” is missing, while in the second example 
the last word is missing. However, given the small dataset the 
model was trained on, the n-gram scores and translation task 
were carried out with a high enough accuracy. 

The attention mechanism can also be individualized. Since 
it is used to weight specific encoder outputs of the input sen-
tence, it is helpful to look at the input token the network is 
focused on from each time step. 

Figure 2 is generated through the translation of “did you 
do your”. This shows the focus through the similarities be-
tween the predicted output and the target sentence at each 

axis. Hence, the diagonal focus of the visualization helps to un-
derstand the mapping of each word of the prediction with the 
actual output. In this case, the starting portions of the sentence 
were more accurate, as can be seen by the overall diagonal color 
grading, representing the input words matching the translated 
sentences at each time step.

Moreover, the understanding can be enhanced by adding 
axes to the translation sentences, which further improves 
comparisons by showing word by word analysis of input and 
output sentences.

Example 1:
input = at least two file names are equal
output = कम से कम फाइल नाम

The white areas in Figure 3 represent accurate translation 
as shown by the grading key on the right. Upon viewing the 
translation, the words “are equal” and “two” are not translated 
by the model, leaving “at least file names” as the translated out-
put, hence the last 2 words are black in the diagram.

Example 2:
input = weather: snow
output = मौसमः बर्षा

Both words are accurately translated in Figure 4 and thus 
the white marker on the complete sentence is seen. 

As evident through the experimentation and previous works, 
attention models outperform sequence-to-sequence models. 
Although due to computational constraints an ideal compar

Figure 2: Visualizing Attention of a sentence. This shows the level of 
translation at each step in a sentence, with the color grading indicated 
successful translations. 

Table 1: Encoder-decoder with attention: feeding.30

Table 2: Prediction Scores of 2 sentences. This shows the respective 
cumulative n-gram and the BLEU scores of both sentences to compare the 
efficacy and accuracy of translation from Hindi to English. 

Figure 3: Example 1 sentence. The white bands show the level to which 
the sentence matches. Here, the translation shows some problems with a few 
words, while it is accurate for the majority of the sentence. 

Figure 4: Example 2 sentence. This sentence shows the accurate translation 
of both words involved. 
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ison between both couldn’t be made, past research does show 
that this is the case.

Sentence Analysis:
In addition, a qualitative look at sentences produced through 

this attention model help to represent the overall efficacy of the 
model in the translation task:

In Table 3, most sentences are predicted close to the actual 
one, however a common trend is the missing of one to two 
words, having wrong punctuation, or repeating words. For in-
stance, in the first row, the word ‘option’ is missing and ‘one’ is 
repeated an extra time in Hindi. In the second row, the word 
‘two’ is missing, and so on for all examples.

Previous works have also compared seq-2-seq models with 
attention and transformer models. As the experiments suggest, 
self-attention transformers and attention models perform bet-
ter with higher BLEU scores than stand sequence models.

As seen in Table 4, the BLEU scores of the attention model 
are 21-23% more than seq-2-seq models, and the self-attention 
transformers are 50-60% more, making them far more accurate 
in both English to Hindi and Hindi to English translation 
tasks. Thereby, both original results and previous works high-
light that adding attention to the model increases accuracy. 
�   Conclusion
In this paper, initially the importance of neural machine 

translation in Indian languages was discussed. Then, it was 
followed by current Indian language processing models and 
systems that have been released for translation tasks between 
several other Indian languages, finally coming down to the 
relevance of English to Hindi translation. Then, the dataset 
and the experimentation including the comparison of LSTMs 
and Attention Models were examined. Later, an attention 
model with visualizing the attention was proposed and scores 
of multiple translation tasks performed. Finally, the results 
from a previous work were compared to see the performance 
difference in seq-2-seq with attention and transformer models. 

The project can be improved by using a larger dataset, which 
would help to train more types of sentences and increase the 
lingual diversity of the model. In addition, expanding to self-
attention transformer or transformer models like mBART 
could aid with comparing other approaches for English-Hindi 
translation.
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