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Abstract— Machine Translation (MT) has become a critical tool 

in the digital world, yet many low-resource languages remain 

underrepresented. Dogri, an Indo-Aryan language spoken primarily 

in India’s Jammu region, is one such language with minimal prior 

work in MT. This paper presents a Hindi-to-Dogri neural machine 

translation system designed to address this gap. Leveraging deep 

sequence learning techniques, the system learns translation patterns 

from a parallel corpus of annotated Hindi-Dogri sentence pairs. The 

study evaluates multiple architectures—Embedding LSTM, 

Bidirectional LSTM (BiLSTM), Embedding BiLSTM, Encoder-

Decoder GRU, and BiLSTM with Repeat Vector—focusing on 

translation accuracy and fluency. The Embedding BiLSTM model 

achieves the best performance (95% accuracy, BLEU score of 

52.46), demonstrating the potential for effective Hindi-Dogri 

translation. The results indicate that expanding the parallel corpus 

could further enhance model performance. 

Keywords— Machine Translation System, Natural Language 

Processing, Hindi-Dogri Language Pair, Machine Learning, 

Neural Machine Translation (NMT). 

I. INTRODUCTION 

A longstanding goal in computer science has been to 
enable real-time, accurate machine translation between 
languages. Advances in artificial intelligence (AI), natural 
language processing (NLP), and computational power have 
brought us closer to achieving this objective. Over the past 
decade, machine translation (MT) has evolved from a 
theoretical challenge into a practical tool, transforming cross-
linguistic communication in academia, industry, and everyday 
life. [1] , [2]. 

 

Figure 1. Advantages of Machine Translation system with NLP 

 

As a branch of artificial intelligence, natural language 
processing enables effective cross-linguistic communication 
through computational methods, and has emerged as a 
powerful tool for overcoming language barriers. This 
interdisciplinary domain draws upon computer science, 
linguistics, statistics, and related fields. By the late 20th 
century, what was once a 17th-century dream - machine 
translation of natural languages - had become a reality [1]. 
While debates persist regarding the reliability and quality of 
machine translation (Figure 1 illustrates its key benefits), its 
advantages are undeniable. 

The most notable benefit is speed: modern systems can 
translate large volumes of text rapidly [3], [4]. Although 
machine translation cannot yet match human translators in 
accuracy, its efficiency makes it indispensable for many 
applications. While the initial investment in translation 
software might appear substantial, it proves cost-effective 
compared to ongoing human translation services. Moreover, 
users gain permanent access after purchase, and numerous 
free alternatives exist for basic needs. Modern systems also 
demonstrate learning capabilities, memorizing terminology 
and applying it consistently [5], [6]. 

Despite numerous digital initiatives by the Indian 
government to enhance regional language accessibility, 
computationally low-resourced languages like Dogri remain 
inadequately represented on these platforms. Consequently, 
non-English speakers must depend on intermediaries or 
manual information sources. Notably, even with Dogri's 
official language status, no government websites in Jammu 
and Kashmir currently offer content in this language. The 
primary challenge lies in the labour-intensive process of 
manual content conversion. This gap underscores the critical 
need for advanced automated machine translation systems 
capable of efficiently and cost-effectively translating diverse 
materials – including government documents, educational 
resources, literary works, and media content – while 
significantly reducing the time and expense associated with 
human translation. 

The development of a more sophisticated translation 
system for the Dogri language has been difficult for the 
researchers. This is mostly due to the language being 
relatively unexplored and the lack of digital linguistics tools. 
Dogri is still a growing language, and computing linguistics 
and natural language processing have not yet been applied to 
it. Devanagari scripts are used with certain extra symbols for 
the Dogri language [7]. Preeti D. [8] developed a rule-based 
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machine translation system (RBMTS) that utilizes bilingual 
dictionaries and handcrafted linguistic rules to convert Hindi 
text into Dogri text is shown in Figure 2. The text is first pre-
processed in the original language. The preprocessing stage 
comprises normalising the Hindi text, identifying proper 
nouns, and locating collocations within the same text. In 
Hindi, there are numerous words that have the same meaning 
but are spelt differently. This is known as text normalisation, 
whereas collocation refers to sentences that cannot be 
translated word for word because the words' meanings would 
alter. After the text has been further provided for by the 
tokenizer and translation engine, grammatical fixes are made 
in post-processing, and we get our desired text in the Dogri 
language. The proposed system generates ambiguous Dogri 
text for polysemes Hindi words. 

Machine translation systems may be developed using a 
variety of methods [9], [10]. A statistical-based translation 
system that creates translations based on statistical models 
whose variables are obtained from bilingual text analysis is 
recommended in [11] (English-Hindi, Hindi-Marathi, Hindi-
Konkani, and Bengali-Hindi language pairs), [12] (Sanskrit to 
Hindi), and [13] (Hindi, Tamil, English, and Marathi). Finding 
links between words, sentences, and paragraphs in the source 
and target texts is its main objective. Statistical machine 
translation (MT) should only be utilized for basic translation 
since it ignores context, which frequently results in inaccurate 
translations. 

Rule-based machine translation systems provide a 
different approach that gets over these drawbacks. A Dogri 
and Gujarati Hindi language NLP strategy that is based on a 
rule-based approach is proposed in [14], [15] study to create 
output utilizing linguistic rules. It necessitates a thorough 
comprehension of the languages used. It makes use of 
computer-readable dictionaries. Grammar rules are used in 
rule-based machine translation (MT). It does a grammatical 
examination of the source and the target languages to produce 
the translated sentence. Rule-based MT has a number of 
significant flaws. First, because of its dependency on lexicons, 
effectiveness is only obtained after a considerable amount of 

time. Second, languages have to be individually added. Third, 
because of its low quality, it requires a large amount of post-
editing by humans. As a result, it has certain uses in simple 
circumstances when a rapid understanding of meaning is 
needed. 

Hybrid techniques are suggested in [16], [17], [18] studies 
to address these drawbacks. Multiple techniques are used in 
the development of hybrid machine translation systems. A 
system created via this technique may make use of linguistic 
rules from corpora as well. MT hybrid HMT, as its name 
suggests, combines rule-based and statistical MT. Because 
translating memory is used, the quality has greatly increased. 
Hybrid MT still has certain disadvantages despite combining 
the benefits of both empirical and rule-based MT. Among the 
most crucial is the requirement for thorough proofreading by 
human translators. These days, academics are focusing on 
more sophisticated techniques, such as deep learning machine 
translation systems (MTS). The chosen strategy is determined 
by the languages utilized and the accessibility of computer 
capabilities. The well-known deep neural-based MT system 
for translating Sanskrit to Hindi was suggested and shown in 
[12]  For this language pair, we also compare how neural MT 
performs better than the statistical baseline system. Another 
deep learning approach is also addressed in  [19] for English 
to Punjabi translation. 

The improvement of a novel translator that translates 
between Hindi and Dogri language is the paper's contribution. 
The following is a description of the main characteristics of 
this interpretation methodology: 

1. In this paper, a Hindi-Dogri corpus is collected and 
developed. 

2. The paper suggested a Hindi-to-Dogri translation 
system based on machine learning and natural language 
processing that identifies the appropriate relevance of an 
objective term. 

3. The paper utilized the sentence structure of each 
language to determine the actual meaning of the phrase. 

 
Figure 2. Basic Working of Hindi to Dogri Translation 
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4. Then the paper has implemented the five deep 
learning models with an embedding encoder and decoder 
module for Hindi-Dogri translation. 

5. The suggested model successfully translates words 
from Hindi to Dogri with high accuracy and produces superior 
word predictions. 

The remainder of the paper is organized into four sections: 
Section 2 discusses related work in the field of machine 
language translation (MLT). Section 3 outlines the proposed 
methodology along with the corresponding flowcharts. 
Section 4 presents a comparative analysis of the results 
obtained from various state-of-the-art models. Finally, Section 
5 provides the conclusion and outlines potential directions for 
future research. 

II. LITERATURE REVIEW 

Thukroo and Bashir [20] proposed a CNN-based approach 
to identify six languages spoken in Jammu and Kashmir—
Kashmiri, Urdu, Dogri, Hindi, English, and Ladakhi—using a 
hybrid dataset of TV recordings (for regional languages) and 
standardized corpora (IIIT-H for Hindi, VoxForge for 
English). The model pre-processed speech segments (5-
second duration, noise-filtered), converted them into mel-
spectrograms via FFT, and achieved 100% training/testing 
accuracy at 100 epochs, demonstrating resilience to variations 
in speech duration, speaker demographics, and acoustic 
conditions 

Gupta and Jamwal [21] developed the Dogri language's 
stemmer using an unsupervised machine learning 
methodology. In addition to being widely utilised in 
morphology analyses, stemming and lemmatisation are 
important NLP methods that are also applied in information 
extraction for query optimisation, text summarisation, word 
meaning identification, document segmentation, and 
computational linguistics. The majority of NLP activities are 
rule-based, need linguistic monitoring, and have an average 
accuracy of 69%. Additionally, it is believed that by including 
language-specific rules into the domain expertise, the degree 
of accuracy may be significantly raised. 

Dubey [8] created a machine translation system (MTS) to 
translate Hindi text into Dogri, which is included in this 
publication. The preprocessing stage, part of speech tagging, 
transcription, and other crucial steps are all part of the machine 
process of translating; however, they are not all required in 
every MTS. This research has aided in the choice of the 
translation strategy, the preparation tasks to be performed on 
the source document, the creation of guidelines for inflectional 
assessment, as well as other tasks for handling certain unique 
Dogri circumstances. This research analyses Hindi and 
Dogri's grammatical and lexical structures. 98.54% of the 
phrases are understandable, according to the users' evaluation. 
The average of all sentences with a score of two or above is 
shown below. These are sentences that scored a 2 or higher on 
the accuracy test. Consequently, 98.71% of the test sheet's 
statements were correct. 

Jamwal et al. [22] recognised the finite adjectives and all 
of their inflectional variants, as well as determining if the 

finite verb in the literature is appropriate in its situation. The 
hybrid approach for Dogri verb production is presented and 
used to produce all of the verb's inflected forms. Researchers 
discovered throughout the process of the research that there is 
no one widely accepted model which can account for the 
derivational events for the formation of the verbs. The way 
that the contextual qualities are expressed syntactically varies 
amongst Indian languages. For the automated production and 
identification of verbs, the linkage between syntax and 
semantics is crucial. The findings of the discovery of the 
suggested model for the creation of the verbs in Dogri are 
tested using the corpus-based technique. They evaluated the 
model on five different sets of data, and after computing the 
average of all the results for accuracy, precision, recall, and F-
score, we found that they were, respectively, 69.213, 93.861, 
75.278, and 83.500. 

Bawa [23] used a hybridised type of direct and rule-based 
translation software to deliver an MTS between Sanskrit and 
English. The disparity between Sanskrit and English is also 
discussed in this paper along with a suggestion on how to 
address it. Sanskrit-English and Sanskrit-UNL multilingual 
lexicons, a labelled Sanskrit corpus, a Sanskrit analytic rule 
basis, and an ELGR base have all been employed in the 
developed framework. Additionally, a unique technique that 
builds a parse tree from the parse tables is presented in this 
paper. The target language phrase is produced using the ELGR 
basis and bilingual lexicon. The suggested system received a 
BLEU rating of 0.7606, a fluency score of 3.63, and an 
adequacy score of 3.72 when assessed using Python's Natural 
Language Toolkit API. The proposed method works better 
than current systems when compared to cutting-edge systems, 
according to the assessment. 

Singh et al. [24] suggested a brand-new corpus-based 
translation method for Sanskrit to Hindi conversion using the 
Bhagavad Gita—the Lord's Song—as data input. In this study, 
deep neural networks are utilised for training. After data 
processing and analysing, the input data are provided to the 
neural networks, which subsequently carry out auto-tuning to 
improve the model. Using this proposed framework, the target 
text is created with an improved BLEU score and word error 
rate. The suggested MTS performs better than the rule-based 
MTS by 39.6% because it has a lower WER. 

Goyal et al. [25] created an MTS based on CNN and 
bidirectional gated recurrent units (Bi-GRU). Additionally, 
they conduct a number of studies using multilingual Punjabi 
and Hindi data. The experimental tests were carried out in this 
work's results show that the bidirectional GRU and CNN-
based design, alongside enhanced word embeddings (EWE), 
has excelled, with precision at 0.926, recall at 0.907, and F-
score at 0.9164. Despite the absence of a huge feature set or 
any kind of spatial information, improved word embeddings 
enhance the performance of a named entity identification 
system built on the foundation of the proposed method. 

Bisht and Solanki [26] suggested effort seeks to illustrate 
several deep learning algorithms and methods that may be 
used for the most accurate and effective caption translation 
from English to Hindi. According to the findings, transformer-
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based methods perform better than sequence-to-sequence 
methods on all measures (with around 5-20% higher accuracy 
ratings). Additionally, pre-trained transformer-based 
techniques are also particularly good at handling ambiguity. 
Findings further demonstrate that text-only techniques are 
adequate in these low-resource circumstances, but multimodal 
techniques are not able to enhance translation quality. 
Therefore, for the majority of English-to-Hindi picture caption 
translation systems, text-only pre-trained converters are 
advised. 

Ahmad and Singla [27] utilised multinomial Naive Bayes, 
decision trees, and SVM to identify languages at the word 
level in social media material that was code-mixed with 
English, Hindi, and Urdu. The challenge of NLP is made more 
difficult and complicated by the fact that people, particularly 
in multilingual countries, prefer to write in numerous 
languages and strategies to communicate their ideas 
effectively. This diversity in language usage poses a 
significant obstacle for machine translation systems, which 
must be able to accurately interpret and translate text in 
multiple languages. As a result, researchers continue to 
explore new methods and technologies to improve the 
accuracy and efficiency of multilingual translation systems. 
An MTS is therefore very necessary for developing 
sophisticated NLP systems employing code-mixed data. 
Machine learning techniques have recently attracted a lot of 
interest in the area of categorisation issues. SVM outperforms 
the other two methods with an accuracy of 83.58% for Hindi-
English and 75.79% for Urdu-English, correspondingly. 

Jamwal and Sen  [28] performed the transformation of the 
Dogri language query to its corresponding SQL query format. 
The basic and frequently utilised selection of queries that the 
developed scheme receives as input and afterwards transforms 
have been highlighted. After preprocessing the data by 
removing stopwords and tokenising the data, the Dogri 
language question was divided into clauses. Due to the 
considerable ambiguity of natural languages, 150 enquiries 
were tried, with each inquiry being tested in around five 
different ways. The suggested model successfully transformed 
Dogri language queries with an accuracy of 88%. 

Shen [28] examined an intelligent data-driven MTS 
system. It is advised to refer to English linguistic expressions 
as functioning noun phrases based on their brief syntactic 
properties. In other words, systemic functional grammar bases 
its definition of noun phrase borders on the structural role of 
linguistic expressions in phrases. The F value is 98.88%, and 
the classification result is good. The investigation's findings 
may make sentences easier to understand, make analysis less 
hard and complicated, serve as a foundation for further 
research, and improve MTS's capacity to handle structural 
ambiguity. 

III. METHODOLOGY 

A. Overview of Machine Translation System Using Deep 

Learning 

Machine translation (MT) refers to the automated process 
of converting text from a source language to a target language. 

Our work focuses specifically on Hindi-to-Dogri translation, 
which presents several unique challenges: significant 
differences in alphabets and grammatical structures between 
the languages, the inherent complexity of sequence-to-
sequence conversion (particularly for phrases rather than 
numerical data), and the absence of single "correct" 
translations (e.g., Hindi's gender-neutral pronouns complicate 
conversion to Dogri). 

When implementing machine translation, several key 
considerations emerge: First, while MT quality has improved 
significantly, human translators remain the gold standard for 
accuracy; we recommend incorporating human review into 
the translation workflow. Second, despite common 
perception, machine translation is not a new field - systematic 
efforts to develop automated translation systems date back to 
the 1970s. Three main methods have evolved throughout time: 

 Rule-based Machine Translation (RBMT): 1970s-
1990s 

 Statistical Machine Translation (SMT): 1990s-2010s 

 Neural Machine Translation (NMT): 2014-till date 

Rule-based machine translation systems (RBMTS) suffer 
from several limitations, including: heavy reliance on 
comprehensive dictionaries, the labour-intensive process of 
manual rule creation (requiring linguistic expertise), and  
increasing system complexity as additional rules are 
incorporated. Statistical approaches present their own 
challenges, particularly: dependence on large bilingual 
corpora, difficulty in correcting specific translation errors, and 
poor handling of language pairs with substantial syntactic 
divergence in word order.. 

Consequently, researchers are increasingly focusing on 
deep learning-based machine translation systems to overcome 
these limitations. In recent years, deep learning has 
transformed numerous fields, ranging from computer vision to 
artificial intelligence in gaming. Following this trend, machine 
translation (MT) has shifted from rule-based systems and 
statistical phrase-based approaches to neural-based techniques 
using deep learning. Modern neural machine translation 
(NMT) models leverage vast training datasets and 
unprecedented computational power to comprehensively 
analyze source sentences, automatically identifying relevant 
features at each stage of target text generation. This 
advancement eliminates previous independence assumptions, 
leading to substantial improvements in translation quality. In 
some cases, neural translation has even approached human-
level performance for isolated phrases. 

To create a better machine translation system, many deep 
learning methods and libraries are needed. The system that 
will translate the sentence from the source language to the 
target language is trained using RNNs, LSTMs, etc. It is a wise 
decision to adapt the appropriate networks and deep learning 
algorithms since it tailored the system to maximise the 
translation system's accuracy in comparison to others. We are 
proposing Hindi-to-Dogri translation using deep learning. 
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Deep learning is a cutting-edge method that is used in 
many machine learning applications. With training, it allows 
the system to learn just like a human and to become more 
effective. Even deeper and more abstract layers may be used 
in deep learning techniques to represent features utilising 
supervised and unsupervised learning. Deep learning is being 
employed in voice recognition, machine translation, data 
analysis, image applications, etc. Deep neural networks are 
neural networks with several hidden layers (DNNs). The 
above connections first enter into the training stage, then are 
executed to deal with the issue, as shown in Figure 3. The 
provided task affects the structure and training process of 
DNNs.  

The major goal here is to create a system that serves as a 
translator. Unlike traditional approaches that rely on extensive 
rule libraries, our method employs a trained deep neural 
network that leverages contextual patterns and learned 
linguistic representations. Alternative machine translation 
techniques include word alignment, rule-based reordering, 
and language modeling, among others. 

B. Proposed MTS 

The Hindi-to-Dogri MTS proposed in our work is divided 
into three tiers (Figure 4), i.e., data cleaning, dictionary 

generation and finally machine translation using deep learning 
translation. 

 

Figure 5. Data Cleaning 

 

1) Dataset  / Corpus Used in the Study 

The study utilizes a Hindi-Dogri parallel corpus 

containing approximately 100000 sentence pairs 

(approximately 0.1 million), with each sentence limited to 80 

words or fewer. The dataset was compiled from multiple 

sources like: conversational sentence pairs from the Dogri-

Hindi Conversation Book published by the Central Hindi 

Directorate (digitized using OCR techniques), sentences 

extracted from major Hindi newspapers (Amar Ujala, Dainik 

 
Figure 3. Training and implementing of MT using Deep leaning 

 
Figure 4. Workflow 
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Jagran, BBC Hindi, Dainik Bhaskar, and Hindustan), and 

vocabulary items including collocations, dictionary entries, 

and proper nouns. This comprehensive corpus totals 510,086 

Hindi tokens and 522,747 Dogri tokens, providing balanced 

coverage of conversational, journalistic, and lexical content. 

The same dataset was used to five neural machine translation 

(NMT) models, enabling direct performance comparison 

between approaches. The dataset creation methodology was 

originally published in [29]. 

2) Data Cleaning 
Data cleansing is the process of identifying and removing 

invalid data from a dataset. Invalid data may include incorrect, 
duplicate, incomplete, corrupt, or improperly formatted 
entries. This process is critical for maintaining data integrity 
and ensuring the reliability of subsequent analyses. 

In machine translation systems, which learn linguistic 
patterns from training data, certain elements can hinder 
algorithm performance. Non-translatable components like 
emojis, usernames, and quoted text may confuse the model, as 
can excessive capitalization and irregular punctuation. The 
cleansing process typically begins with quote removal, 
followed by data normalization - which involves eliminating 
language-agnostic elements (e.g., numbers, special 
characters) and standardizing formatting (e.g., removing extra 
spaces). These steps help optimize the training data quality, 
enabling more effective model learning and improved 
translation accuracy. 

Data cleansing typically accounts for over 30% of the time 
required to achieve data integrity. This substantial investment 
is justified by its crucial role in ensuring dataset quality: 
without proper cleansing, data-driven systems risk producing 
erroneous outputs that undermine decision-making processes. 

3) Dictionary Generation 
An effective machine translation system typically 

requires three key dictionaries: a source language dictionary, 
a bilingual dictionary, and a target language dictionary. 
Constructing comprehensive dictionaries is significantly 
more time- and data-intensive than developing grammatical 

rules. Translation accuracy improves substantially with more 
extensive bilingual dictionary coverage, yet most Indian 
language systems lack electronic bilingual dictionaries, 
necessitating manual or automated entry addition. 

For automated dictionary construction, a substantial parallel 
corpus is essential. When unavailable, manual entry becomes 
the only option. Domain-specific systems allow focused 
entry addition, while domain-independent systems require 
exhaustive vocabulary coverage 

4) Machine Translation using Deep Learning 

Machine learning translation is the final stage of machine 

translation. Figure 6 depicts the model's overall design. The 

encoding and decoding module, in addition to the attention 

module, are the primary components of the neuro-machine 

translation system for Hindi to Dogri that was designed and 

implemented in this section. Figure 6 presents the overall 

architecture of the system. The end-to-end neuro-machine 

translation process is only possible thanks to the collaborative 

efforts of all of the modules. The following is a description 

of the functions that each component possesses: 

Encoding module: such a module is included as a component 

of the "encoder-decoder" framework that is used for end-to-

end neuro-machine translation. For instance, a bidirectional 

LSTM/GRU network is typically employed for the purpose 

of mapping the word ID sequence corresponding to a 

sentence onto a continuous, dense, high-dimensional vector 

representation. 

Attention module: When generating words in the target 

language, the attention module pays dynamic and selective 

attention to different parts of the source language sentence. 

This is done to obtain more accurate context vectors, which 

serve as the basis for translation. 

Another component of the "encoder-decoder" framework, the 

decoding module is analogous to the encoding module and 

serves the same purpose. The semantic representation in 

vector form will have to be remapped to sentences in natural 

language as one of this module's functions. 

All these modules are divided into the following layers: 

 
Figure 6. Proposed Machine Language Translation 
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 Input Layer: User-defined as h for Hindi text features and 

dictionary-defined items as I. The first layer, known as 

the input layer, used this vector, I. 

 Embedding Layer: The interaction vector, xcnn, was 

created. 

 Convolution Layer: The convolution layer was used to 

extract context data. Using the interaction vector xcnn, the 

context of the input vectors was evaluated using the 

convolution structure. 

𝑧𝑛
𝑚 = 𝑓(𝑤𝑧

𝑚 ∗  𝑥(: 𝑛:(𝑛+𝑤−1))
𝑐𝑛𝑛 + 𝑝𝑧

𝑚 )  (1) 

Where, f is an activation function, * is a convolution 

operator. The following might be used to create the feature 

latent vectors: 

𝑧𝑚 = [𝑧1
𝑚, 𝑧2

𝑚 , 𝑧3
𝑚 ………𝑧1𝑛

𝑚  , 𝑧1𝑘−𝑤+1
𝑚 ]    (2) 

Pooling Layer: This layer extracts relevant features from the 

convolutional model, where a contextual FV describes an 

interaction. 

𝑥𝑓
𝑐𝑛𝑛 = [max(𝑧1) ,max(𝑧2)……max(𝑧𝑗)]  

  

(3) 

The mth shared weight obtains the contextual feature vector. 

The vector is constructed as follows: 

𝑥𝑓
𝑐𝑛𝑛 =  𝑓(𝑥𝑓

𝑐𝑛𝑛) (4) 

Output Layer: After analyzing the data from the previous 

layer, this layer calculates the probability score for the final 

prediction. It is shown mathematically as: 

𝑃̂ℎ𝑖 =  𝜎[ℎ𝑇 𝑥𝑓
𝑐𝑛𝑛]    (5) 

In which 𝜎 is the sigmoid function given by  𝜎(𝑎) =
1

1+𝑒−𝑎 
 

is the weights of the output layer. 

 

Encoding Mechanism: The context information of the source 

language translation should be carefully considered 

throughout the translation process. By sequentially scanning 

the input sequence, the cyclic NN may memorize context data 

and keep temporal information. Furthermore, the word vector 

produced using this approach only considers the context on 

the left side of the word, ignoring the context on the right. 

Translation by neuro-machines is carried through using 

bidirectional recurrent NN. Two circular NN can the input 

data in various ways, and the hidden layer state sequence is 

collected in two of such directions. By combining the two 

directions, a whole background vector sequences are finally 

produced. Depending on this concept, this research builds the 

encoder component of the neuro-machine translation system 

utilizing the bidirectional LSTM/RNN/GRU network 

structure. The structure is a forward- and backward-

transferring. The structure is a forward- and backward-

transferring. The forward network creates the forward hidden 

layer state sequences ℎ⃗ =  (ℎ1
⃗⃗ ⃗⃗⃗⃗  , ℎ2

⃗⃗⃗⃗  , ℎ3
⃗⃗⃗⃗  --) by scanning the 

input sequence X=(x1, x2----xn) from front to backward. The 

backward network simultaneously creates the reverse hidden 

layer state sequence ℎ⃗ =  (ℎ1
⃗⃗ ⃗⃗⃗⃗  , ℎ2

⃗⃗⃗⃗  , ℎ3
⃗⃗⃗⃗  --)  and examines the 

input sequence from backward towards the front, or from xn 

to x1. The source language end words are expressed as h by 

connecting different hidden states. Because of this form, the 

background vectors used this to describe the input sequence 

data may simultaneously contain all the context's data. 

Attention Mechanism: Although neuro-machine translation 

has significantly increased effectiveness, accurate coding 

remains a problem. Because the encoder transfers the 

sentence to a fixed-dimension vector regardless of how long 

it is, in order to address this issue, attention-based neuro-

machine translation is presented, which uses an attention 

model to concurrently train the alignment and translation 

processes. Instead of using the entire source language 

sentence each time, the decoder dynamically considers the 

context of the source language sentence while generating the 

target language word yi. An end-to-end neural machine 

translation model with an attention mechanism. 

The design of an attention-based context vector C is essential 

for the integration of an attention mechanism in neuro-

machine translation. The source language hidden state 

sequence e and the attention weight an are added to produce 

the context vector Ci that corresponds to the word Yi at the 

source, whereas an is produced by the interactions of the 

target hidden state dt-1 and the source hidden state “e” at time 

t-1. The mathematical model explains how the three 

mentioned intermediary variables were computed:  

𝑐𝑡 = ∑𝑎𝑡, 𝑗𝑒𝑗

𝑛

𝑗=0

 

𝑎𝑖,𝑗 =
exp(𝑏𝑖,𝑗)

∑ exp (𝑏(𝑡, 𝑘))𝑛
𝑗=0

 

𝑏𝑖,𝑗 = 𝑚 (𝑑𝑡−1, 𝑒𝑗) 

(6) 

Where h and f are non-linear activation functions and exp is 

an exponential function depending on e and m. The 

conditional probability distributions of the hidden state t d of 

the current time decoding and the target word t y to be created 

at the current time may be solved by the following 

expression, accordingly, after getting the context vector t c: 

𝑑𝑡 = ℎ𝑑𝑒𝑐𝑜𝑑𝑒𝑟(𝑑𝑡−1, 𝑦𝑡−1, 𝑐𝑡) 
𝑝(𝑦𝑡 𝐼 𝑡 < 𝑡, 𝑋) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑓(𝑑𝑡−1, 𝑦𝑡−1, 𝑐𝑡)  

(7) 

Decoding Mechanism: It will consist of two reasonably 

natural languages, or two relatively independent language 

models, because it is a machine translation technology. The 

upgraded bidirectional network in the encoding module is 

used to generate the hidden layer sequence. The identical 

decoding module s' requires extra output gates so this 

function has already been represented in the output module. 

However, if this were the only step, there would be no 

communication between the encoder and decoder and no 

translation: 

𝑧𝑖 = 𝜎(𝑊𝑧 𝑒𝑖−1
𝑦

+ 𝑈𝑠 𝑆𝑖−1 +  𝐶𝑧 𝐶𝑖) 

𝑟𝑖 = 𝜎(𝑊𝑟  𝑒𝑖−1
𝑦

+ 𝑈𝑠 𝑆𝑖−1 +  𝐶𝑟 𝐶𝑖) 

𝑠′𝑖 = 𝑡𝑎𝑛ℎ(𝑊𝑟 𝑒𝑖−1
𝑦

+ 𝑈𝑟  [𝑟𝑖 𝑜 𝑆𝑖−1]  𝐶𝑠 𝐶𝑖) 

𝑠′𝑖 = (1 − 𝑧𝑖)𝑜 𝑆𝑖−1 +  𝑧𝑖  𝑜 𝑠′𝑖) 

(7) 

where 𝑒𝑖
𝑦

∈ Rm is the m-dimensional word embedding vector 

of target language; o is point computation; 𝑊𝑟 ,𝑊𝑧,𝑊𝑠  ∈ Rmxn 

, 𝑈𝑟 , 𝑈𝑧 , 𝑈𝑠  ∈ Rmxn  and 𝐶𝑟 , 𝐶𝑧, 𝐶𝑠  ∈ Rmxn are weight matrix; 

Because the output module will output the target language 
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sequence in translation one at a time, the decoder's computing 

for the bi-directional language modeling is not necessary. 

IV. RESULTS AND DISCUSSION 

The designed machine language translation for Hindi-
Dogri language is designed and implemented with five 
models, such as embedding LSTM, bidirectional LSTM 
(BiLSTM), embedding BiLSTM, encoder-decoder GRU and 
BiLSTM with repeat vectors. The designed framework is 
implemented in Python using Google Colab. The minimum 
batch size of the training module was 32. Adam optimiser for 
training the models. The training is done for the 20 epochs. 
The implementation is done in Keras, using TensorFlow as the 
backend. All networks are trained on the Tesla P100-PCIE 
GPU.  

A. Dataset Description 

The dataset consists of approximately 100000 Hindi Dogri 
sentences in the corpus. The TensorFlow framework has been 
used for the implementation task for the performances. Fig. 7 
shows the Hindi-Dogri sample of corpus datasets. The dataset 
will be split for training and testing purposes in a ratio of 
70:30. 70% of the dataset was used for training, and 30% of 
the dataset is used for testing. 

B. Result Analysis 

In this section, five deep learning models were 

implemented and evaluated using the Hindi–Dogri bilingual 

corpus. The models include: Embedding LSTM, 

Bidirectional LSTM (BiLSTM), Embedding BiLSTM, 

Encoder–Decoder GRU, and Bidirectional LSTM with 

Repeat Vector. 

 

Figure 8 presents the training and validation accuracy of the 

Embedding LSTM model. Over 20 epochs, the accuracy 

gradually increases and stabilizes around 0.95. Figure 9 

shows the corresponding loss, which decreases from 5.0 to 

0.6, with a final validation loss of 0.64. 

 

Figure 10 illustrates the training and validation accuracy for 

the Bidirectional LSTM model, which also stabilizes around 

0.95 after 20 epochs. As shown in Figure 11, the loss 

decreases from 2.0 to 0.4, with a final validation loss of 0.42. 

 

Figure 12 displays the accuracy for the Embedding BiLSTM 

model, which reaches approximately 0.953. The loss curve in 

Figure 13 decreases from 10 to 2, with an average validation 

loss of 2.27. 

 

The Encoder–Decoder GRU model's accuracy remains 

steady at around 0.95 across 20 epochs, as shown in Figure 

14. The corresponding loss, shown in Figure 15, decreases 

from 0.5 to 0.3, with an average validation loss of 0.408. 

 

Figure 16 shows the accuracy curve for the Bidirectional 

LSTM with Repeat Vector model, which also converges 

around 0.95. Figure 17 indicates a loss reduction from 0.7 to 

0.4, with an average validation loss of 0.47. Table 1. 

summarizes the performance of all models.  

 

Figure 18 compares model accuracies. Bidirectional LSTM 

achieves the highest accuracy (95.5%), followed closely by 

the other models, all of which exceed 95%. Although all 

models perform comparably, Bidirectional LSTM 

demonstrates slightly superior accuracy. 

 

Figure 19 presents the loss comparison. Bidirectional LSTM 

records the lowest loss (0.426), indicating the best 

generalization among the models. Figure 20 provides an 

overall comparison of the proposed models with existing 

state-of-the-art approaches  
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Figure 8. Training and Validation Accuracy of 

Embedding LSTM 

 
Figure 9. Training and Validation Loss of Embedding 

LSTM 

 
Figure 10. Training and Validation Accuracy of 

Bidirectional LSTM 

 
Figure 7. Training and Validation Loss of Bidirectional 

LSTM 

 
Figure 12. Training and Validation Accuracy of 

Embedding Bidirectional LST  
Figure 13. Training and Validation Loss of Embedding 

Bidirectional LSTM 

 
Figure 14. Training and Validation Accuracy of Encoder-

Decoder GRU 

 

 
Figure 15. Training and Validation Loss of Bidirectional 

LSTM 
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Figure 16. Training and validation accuracy of 

bidirectional LSTM wit repeat vector 
 

 
Figure 17. Training and Validation Loss of Bidirectional 

LSTM 

 

 
Figure 18. Accuracy Comparison of Different Techniques 

 

 
Figure 19. Loss Comparison of Different Techniques 
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                                          TABLE 1. PERFORMANCE EVALUATION 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Models Accuracy Losses 

Embedding LSTM 0.954 0.6461 

Bidirectional LSTM 0.955 0.426 

Bidirectional Embedding LSTM 0.953 2.27 

Encoder Decoder GRU 0.953 0.408 

Bidirectional LSTM with Repeat Vector 0.953 0.475 

 
Figure 20. Comparative State-of-Art 

 
Figure 8. Sample of Hindi-Dogri Corpus 
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V. CHALLENGES IN MACHINE TRANSLATION 

Effective machine translation requires more than word-for-

word substitution; it must achieve human-level accuracy in 

conveying meaning. This presents significant computational 

and linguistic hurdles, including: 

 

Resource Scarcity: Developing a machine translation 

system for Hindi to Dogri is particularly challenging due to 

the scarcity of linguistic resources. Essential components 

such as bilingual dictionaries, parallel corpora, and 

morphological analyzers are either limited or nonexistent for 

Dogri, a recognized yet low-resource language. As a result, 

creating these foundational resources from scratch requires 

significant time, effort, and financial investment. This 

scarcity not only impacts the quality and scalability of 

machine translation models but also highlights the urgent 

need for focused resource development to support Dogri and 

similar under-resourced languages. 

 

Lexical Ambiguity: Natural languages like Hindi are rich in 

polysemous words—terms that carry multiple meanings 

depending on context. Accurately translating such words into 

Dogri poses a significant challenge, as the correct 

interpretation often depends on subtle contextual cues. This 

ambiguity becomes especially problematic in low-resource 

language pairs, where limited training data may restrict the 

model’s ability to learn nuanced distinctions. Effectively 

addressing this issue remains a core difficulty in developing 

reliable and context-aware Hindi-to-Dogri machine 

translation systems. 

VI. CONCLUSION 

This research presents a neural machine translation 

(NMT) system for Hindi-to-Dogri, a language pair with 

shared syntax but limited digital resources. Among the five 

NMT models evaluated, the Bidirectional Embedding LSTM 

demonstrated superior performance. While deep learning 

offers promising results, the scarcity of high-quality Dogri 

corpora remains a significant challenge. Our work not only 

introduces a functional Hindi-Dogri translation system but 

also highlights unique linguistic aspects of Dogri that require 

further exploration. Future efforts should focus on expanding 

the training dataset, improving ambiguity resolution, and 

enhancing translation accuracy to bridge the resource gap for 

low-resource languages like Dogri. With larger and more 

refined datasets, NMT systems can achieve even greater 

precision, solidifying their role as the future of machine 

translation. 
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