o ‘23\
¢ 1ISREM 3

e Jounal

5%

VOLUME: 09 ISSUE: 09 | SEPT - 2025

INTERNATIONAL JOURNAL OF SCIENTIFIC RESEARCH IN ENGINEERING AND MANAGEMENT (IJSREM)

SJIF RATING: 8.586 ISSN: 2582-3930

WordBridge- Smart Text Translation System

My Mohan H G', Sinchana K B, Varsha B N°, Viuksha S Kallur?, Sinchana N°
Department of Computer Science & Engineering,
Jawaharlal Nehru New College of Engineering, Shivamogga, Karnataka, India.
"Tmohan@jnnce.ac.in, *bsinchana2622@gmail.com, varshabnl7@gmail.com, *Sinchanan4 14@gmail.com

Svrukshaskallur@gmail.com,

ABSTRACT

In a country like India, where multiple languages are spoken,
language differences often obstruct effective communication. To
address this, we present WordBridge, a smart, fully offline text
translation system tailored for Indian languages. This system
supports real-time translation of English text into multiple Indian
languages, integrating transformer-based neural models for
enhanced contextual accuracy. Designed with a lightweight
architecture suitable for mobile and low-connectivity
environments, WordBridge ensures accessibility in rural areas and
supports scalability for future language additions. The system
offers a promising solution to bridge language gaps in education,
governance, healthcare, and digital communication.

*Keywords—*Language Translation, Neural Machine
Translation, NLP, Indian Languages, Offline Translation,
Multilingual AT

L. INTRODUCTION

As global interconnectivity expands, the ability to communicate
across languages has become essential for meaningful exchange.
As globalization continues to accelerate, digital content is no
longer confined to a single language. From e-learning platforms
and customer service chatbots to healthcare information and
government services, the ability to access and share information
in multiple languages is critical. However, language diversity,
especially in multilingual countries like India, presents significant
challenges in  effective = communication, information
dissemination, and digital inclusivity.

India, with its 22 scheduled languages and hundreds of regional
dialects, exemplifies the complexity of delivering technology-
driven services across diverse linguistic populations. While major
translation platforms like Google Translate and Microsoft
Translator offer support for a range of languages, they often fall
short in terms of contextual accuracy, low-resource language
support, and offline accessibility. Connectivity issues in rural and
semi-urban regions often restrict people from using digital
platforms in their own languages due to inadequate internet
infrastructure.

To address these gaps, the need for an accurate, context-aware,
and offline-capable language translation system has become
increasingly important. To meet this demand, WordBridge
introduces a compact multilingual translation system tailored to
support India’s diverse linguistic landscape. The system leverages
state-of-the-art Natural Language Processing (NLP) and Neural
Machine Translation (NMT) models, particularly transformer-
based architectures, to generate semantically rich and

syntactically accurate translations without relying on internet
connectivity.

WordBridge goes beyond basic translation by incorporating
features such as automatic source language detection, support for
multiple regional output languages, and the ability to integrate
with mobile and desktop platforms. This makes it highly suitable
for areas like education, government, healthcare, and farming,
where fast and clear local-language communication is essential.

Moreover, by operating offline, WordBridge empowers
communities in low-connectivity regions, bridging the digital
divide and supporting India's vision for inclusive and localized
digital transformation. Its scalable architecture also allows future
enhancements, such as speech-to-text integration and sign
language support, making it a foundational tool in the broader
movement toward accessible artificial intelligence.

By integrating cutting-edge Al with practical offline functionality,
WordBridge enhances accessibility, preserves linguistic diversity,
and promotes digital equity—marking a significant step toward
inclusive technological advancement in multilingual societies.

II. LITERATURE SURVEY

With the rise of digital globalization, robust translation systems
are vital to support multilingual communication and broaden
access to information across various language groups. Given
India’s many official languages and dialects, there is a strong
need for precise, inclusive, and offline translation systems. In
recent years, many studies have explored how NLP and machine
learning can solve language barriers, especially in low-resource
settings.

One of the most relevant contributions in this space is the
IndiTranslate project by Mishra and Naik [1], which focuses on
real-time translation among Indian languages using advanced
NLP and machine learning techniques. Their system achieves
over 85% accuracy and demonstrates that combining
transformer-based models like BERT with domain-specific
training can yield highly effective results in a multilingual
context. However, IndiTranslate's reliance on deep learning
frameworks poses computational challenges, making it less
suited for low-power or fully offline deployments—highlighting
the need for lightweight alternatives like WordBridge.

To address translation challenges in other low-resource language
pairs, Qureshi and Mehta [2] explored an English-Arabic
translation system using the Helsinki Transformer, showing that
models like mT5 and mBERT significantly enhance translation
quality even in resource-scarce settings. While their solution
excels in context preservation and evaluation metrics like BLEU
and ROUGE, it is designed for cloud-based environments and
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includes summarization modules irrelevant to WordBridge’s goal
of direct, offline translation.

A different strategy is introduced by Banerjee and Kapoor [3]
through a hybrid translation architecture for the Layamritam
devotional app. Their model combines rule-based systems with
neural networks to ensure culturally sensitive translations in
mobile apps. This modular, interpretable design, while limited to
short Ul texts, supports the idea that compact, hybrid models can
be both accurate and resource-efficient—an important
consideration for WordBridge’s offline objectives.

Further supporting the need for post-processing accuracy, Anand
and Shah [4] propose a quality scoring system for machine
translations using a lightweight Double-RNN model. Although
their work doesn’t translate text directly, it provides a valuable
quality feedback mechanism that can be embedded in future
versions of WordBridge for self-assessment and real-time error
detection.

Reddy and Das conducted an in-depth study on offline
handwriting recognition [5] for Indic scripts, employing methods
like CNNs, HMMs, and LSTMs. Their study underlines the
difficulties in processing complex scripts like Devanagari and
Bangla, particularly when annotated datasets are sparse or noisy.
Their findings support the idea that WordBridge can benefit from
transfer learning and hybrid model design to address script-
specific challenges.

The Transzaar platform introduced by Ahmad et al. [6] highlights
the value of Al-assisted translation workflows, particularly in
post-recognition contexts such as document digitization. Though
it requires human involvement and is not suitable for full
automation, its translation memory and contextual alignment
strategies offer insights into maintaining consistency across
large-scale translation tasks—an essential feature for public-
sector applications of WordBridge.

Focusing on offline handwritten Japanese text, Singh and Verma
[7] propose an end-to-end CNN-BLSTM model trained with
synthetic data. By reducing reliance on large labeled datasets yet
preserving high accuracy, this strategy offers valuable insights
for extending WordBridge to future OCR integration.

Additionally, Joshi and Wadhwa [8] present a corpus-based fuzzy
translation technique designed to match partially recognized or
grammatically ambiguous text to contextually relevant
translations. Their lightweight, corpus-driven model is
particularly suited for post-OCR correction and can complement
WordBridge’s error-handling mechanisms in noisy or dialect-rich
inputs.

Lastly, Vuddanti et al. [9] address the challenge of language
detection by introducing a Naive Bayes-based classifier capable
of identifying 17 Indian languages with 97% accuracy. Though
their pipeline depends on the Google Translate API, the classifier
itself is lightweight and effective, making it an ideal component
for language auto-detection in WordBridge’s oftline setting, with
some adaptation.

Together, these studies provide a comprehensive view of existing
solutions for multilingual translation and recognition. While
many focus on online or high-resource environments, they
underline the importance of combining lightweight models,
hybrid strategies, and modular architecture to meet the unique
challenges of offline, Indian-language translation. WordBridge
seeks to bridge these gaps by offering a scalable, context-aware,
and fully offline translation system tailored for India's
linguistically diverse population.

III. MACHINE TRANSLATION SYSTEM
ARCHITECTURE

WordBridge utilizes modern machine translation powered by deep
learning to deliver reliable, offline language translation
capabilities. At its core, the system employs Neural Machine

Translation (NMT), which transforms sentence-level
understanding by treating them as context-linked token
sequences.

WordBridge’s translation engine relies on the Transformer
model—a deep learning framework that wuses attention
mechanisms instead of traditional recurrent or convolutional
structures. Processing sequences simultaneously, transformers
boost translation performance and allow better scaling. This
parallelism is essential for running translations efficiently on local
devices without internet dependency.

The architecture comprises an encoder-decoder structure, where
the encoder transforms the input sentence into a series of
continuous representations, and the decoder generates the
corresponding translation in the target language. A crucial
component within this process is multi-head self-attention, which
allows the model to focus on different parts of a sentence
simultaneously, capturing both long-range dependencies and
subtle contextual meanings.

The encoder receives tokenized input text (e.g., an English
sentence), which is first embedded into a high-dimensional space.
Positional encodings are added to preserve the order of the
sequence. The stacked encoder layers, each containing self-
attention and feed-forward networks, produce a contextualized
vector representation of the entire sentence. This output is then
passed to the decoder, which generates the translated sentence one
token at a time using a similar attention-based mechanism.

To ensure language specificity and fluency, WordBridge utilizes
pre-trained multilingual models such as mBART, mT5, or
Helsinki-NLP OPUS models, which are known for their
effectiveness in low-resource and morphologically rich
languages. These models are fine-tuned on curated parallel
corpora of Indian languages such as Hindi, Kannada, Tamil, and
Bengali. Fine-tuning allows the system to adapt to regional
syntax, semantic variation, and common idiomatic usage. A
simplified representation of this pipeline is shown in Fig. 1, where
the input sentence is tokenized, encoded, translated using the
decoder, and then detokenized into a human-readable output.
Additional post-processing steps such as punctuation restoration
and script normalization are applied to ensure fluency and
readability.
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Fig. 1: Architecture of WordBridge Translation Engine
Another critical component of the system is language detection,
which automatically identifies the input language when the source
is not known. For this task, lightweight classifiers such as Naive
Bayes or FastText-based detectors are employed, offering over
95% accuracy even on short or noisy text inputs. This auto-
detection enables seamless multilingual interaction and reduces
the need for manual input configuration.

Unlike traditional online translators, WordBridge is optimized for
offline deployment. The entire translation model, tokenizer, and
vocabulary are packaged locally, ensuring that users can access
the system without internet connectivity. To further reduce model
size and inference time, quantization techniques and knowledge
distillation are applied during model compression, making the
platform viable for mid-range Android devices or embedded
systems.

By combining the contextual power of Transformers with an
optimized, multilingual, and offline-first design, WordBridge
presents a reliable solution for bridging linguistic gaps in India’s
digital ecosystem. The architecture not only addresses the
technical complexity of multilingual translation but also ensures
real-world applicability in diverse, resource-constrained
environments.

IV.METHODOLOGY

The proposed methodology for the WordBridge: Smart Text
Language Translator involves designing and deploying a
multilingual, offline-capable text translation system using
transformer-based neural networks. The process includes
preprocessing the input, translating it using a fine-tuned neural
model, and postprocessing the output to produce accurate and
context-aware translations in Indian languages.

The system architecture is modular, consisting of components for
language detection, tokenization, translation using the transformer
model, and detokenization for output generation. Each component
operates sequentially to ensure efficiency and accuracy across a
variety of linguistic inputs.

The process begins with language detection, where the input
sentence is analyzed using a Naive Bayes classifier or a FastText-
based lightweight model to identify the source language. This auto-
detection step is critical in multilingual environments, allowing
users to input text in any supported language without manual
configuration.

Once the source language is identified, the input sentence is passed
to the tokenizer, which converts the text into subword units or
tokens compatible with the model vocabulary. This step ensures
uniformity and handles out-of-vocabulary words through subword
segmentation techniques such as Byte-Pair Encoding (BPE).

WordBridge
How are you?
(English  ~ |»/Hindi  ~|

Translate

3TY HY 22

Once tokenized, the input is passed through the encoder segment
of the Transformer framework. This encoder comprises several
layers combining multi-head self-attention and feed-forward
networks to understand word dependencies and contextual links. It
produces a sequence of contextual embeddings that represent the
semantic meaning of the input sentence.

These contextual representations are passed to the decoder, which
predicts the translated tokens in the target language. The decoder
uses both the encoded information and previous output tokens to
generate contextually accurate translations. This process continues
until an end-of-sequence token is generated.

The detokenizer then converts the output tokens back into a
human-readable sentence. Post-processing steps such as
punctuation correction and grammar normalization are applied to
enhance readability and fluency.

All these components are integrated into a standalone application
capable of running entirely offline. The system is optimized
through model pruning and quantization techniques, ensuring that
it operates efficiently on mid-range Android devices or desktop
systems without requiring internet connectivity.

The complete system framework is illustrated in Fig. 2,
showcasing the end-to-end pipeline from input detection to
translation output.
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Fig. 2: System Framework of WordBridge Offline Translation
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V. RESULTS AND ANALYSIS

The WordBridge system was evaluated based on its performance
in translating text between selected Indian languages (e.g.,
English to Hindi, Kannada, or Tamil) in an offline environment.
The application was developed with a graphical user interface
(GUI) that allows users to input sentences, select the source and
target languages (or use auto-detection), and obtain translated
outputs without requiring internet access. The GUI is shown in
Fig. 3.

WordBridge supports both manual language selection and
automatic detection, enhancing usability for diverse audiences.
The system accepts free-form textual input, processes it using
transformer-based encoder-decoder models, and displays the
translated output within milliseconds, depending on the
hardware. Optimization techniques such as quantization and
model pruning enable smooth operation even on mid-range
devices.

Comparison of BLEU Scores for Various Language Pairs
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English — Karnada
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English —+ Tamil

Fig. 3: GUI of WordBridge Offline Translator

The system underwent evaluation using a range of sentence
types, such as simple, compound, and complex constructions. It
was evaluated using established translation quality metrics
including BLEU (Bilingual Evaluation Understudy Score) and
CHREF (Character n-gram F-score). The dataset used for testing
included both formal texts (news, legal statements) and informal
texts (chat-style, daily communication), sourced from
multilingual corpora.

Sample test inputs and translations are shown in Fig. 4, which
includes:

(a) Input text in English

(b) Detected source and selected target languages

(c) Tokenized and processed input sequence

(d) Final translated output in the target Indian language

Input Text
[ Language f
i Detection 4
i Transliation i
. Engine )
Output Text

Fig. 4: WordBridge Translation Flow

Translation quality was assessed by computing BLEU and CHRF
metrics across different language combinations. The average
scores across various inputs are listed in Table I. The results show
that the system achieves an average BLEU score of 38.9 and a
CHREF score of 59.4, which are competitive with state-of-the-art
models operating online. Additionally, latency measurements
confirmed that each translation task was completed under 300ms
on devices with 4GB RAM and mid-tier CPUs.

Language Pair BLEU Score CHRF Score
English -> Hindi 40.3 60.2
English -> Kannada 36.7 58.1
English -> Tamil 38.5 59.8
Average 38.9 59.4

TABLE I. BLEU and CHRF Scores for WordBridge Translation

The BLEU score, being precision-oriented, measures n-gram
overlap between the machine-generated translation and the
human reference, while CHRF considers both precision and
recall at the character level, making it more sensitive to minor
spelling and grammar issues.

Figs. 5 and 6 show visual comparisons of BLEU and CHRF
scores across the tested language pairs.

Fig. 5: Comparison of BLEU Scores for Various Language Pairs

Comparison of CHRF Scores for Various Language Pairs
80T

601

40+

204

CHRF Score

English — Hindi English~Kannada English — Tamil

Fig. 6: Comparison of CHRF Scores for Various Language Pairs
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The results confirm that WordBridge performs robustly for
offline translation, even in the case of morphologically rich
Indian languages. Its lightweight and efficient design, combined
with transformer-based modeling, ensures usability across varied
deployment environments—ranging from classrooms and
healthcare centers to rural governance offices. These qualities
make WordBridge a practical solution for digital inclusion across
language barriers.

VI. CONCLUSION AND FUTURE SCOPE

The development of WordBridge: Smart Text Language
Translator addresses a critical need in India’s multilingual
landscape—enabling accurate and accessible translation among
regional languages without dependence on internet
connectivity. By integrating transformer-based neural machine
translation (NMT) models with an offline-capable framework,
WordBridge bridges the digital divide and empowers
communities with limited access to high-end computational
infrastructure or reliable networks.

The system demonstrates promising results in both translation
quality and performance. With BLEU scores averaging 38.9
and CHREF scores averaging 59.4 across tested language pairs
(English to Hindi, Kannada, and Tamil), WordBridge proves to
be a robust solution for real-time, context-aware translation. Its
lightweight architecture, paired with language auto-detection
and user-friendly GUI, enhances usability for a wide range of
scenarios—from rural education and governance to healthcare
communication and public service delivery.

In the future, WordBridge holds significant promise for further
development and scalability. Future versions may incorporate:
. Speech-to-text and voice translation for real-
time audio interactions
. Handwriting-to-text ~ OCR  integration,
particularly for scanned documents or offline forms
. Custom  domain-specific  lexicons for
improved accuracy in legal, medical, or educational
contexts
. Contextual sentiment and politeness filtering,
especially in culturally sensitive communications

Additionally, ongoing improvements in multilingual pre-
trained models like mBART, mT5, and IndicBERT offer
opportunities to further enhance translation fluency and reduce
errors in low-resource language pairs. As more annotated
corpora become available, the scope for model fine-tuning and
semantic refinement will grow accordingly.

In a broader context, WordBridge lays the groundwork for
equitable access to digital content across linguistic boundaries.
Its offline functionality makes it particularly relevant for
government schemes, disaster response communication, and
inclusive digital literacy initiatives. As India's digital
transformation accelerates, tools like WordBridge will be
instrumental in ensuring that no language group is left behind.
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