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Abstract:

India has a wide variety of languages, but many of them are not well-supported by current
technology. This is because there aren't enough digital resources and the languages themselves are
complex. This paper introduces a new, comprehensive NLP toolkit specifically designed to address this
problem. The toolkit is built with a modular design and includes features that adapt to the unique
characteristics of each language, as well as features that help transfer knowledge between languages.
Our testing shows that this toolkit is not only more efficient and easier to use but also significantly
improves the performance of key tasks like tokenization (breaking down text into words) and machine
translation. We are releasing this toolkit as an open-source project so that it can become a fundamental

tool for developers and researchers working on Indian languages.

Introduction:

In essence, this passage explains that
while technologies like Natural Language
Processing (NLP) have seen significant
progress for major languages, Indian
languages have lagged behind. This is due to a
few key problems: they often have complex
structures and limited digital resources, and
there's a lack of standardized tools and
organized data. The main purpose of the paper
is to introduce a single, comprehensive NLP
toolkit designed specifically to overcome these
hurdles. The toolkit is built to be flexible and
work for different languages, acting as a
central platform for all major NLP tasks. This
includes everything from preparing text for
analysis to understanding the meaning and
translating it, all within one unified system.
Indian languages face significant challenges in
the world of NLP due to their unique
characteristics and the lack of digital
resources. While globally dominant languages

like English and Mandarin have benefited
from extensive research and large datasets,
many of India's languages are morphologically
rich, meaning words can have complex
internal structures, and are considered low-
resource, with very few digital texts available
for training NLP models. This is further
complicated by a lack of standardized tools
and unified frameworks, which makes it
difficult to build consistent and effective NLP
applications. This new toolkit aims to solve
these problems by providing a modular,
scalable, and language-agnostic platform. Its
design allows different components to be
easily integrated or swapped out, making it
flexible for various tasks. The toolkit brings
together capabilities for pre-processing (like
cleaning and tokenizing text), syntactic
analysis (understanding sentence structure),
semantic understanding (interpreting
meaning), and machine translation into a
single, cohesive framework. This approach is
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designed to create a foundational resource that
can be adapted and extended for the diverse
linguistic needs of India.

Literature Review:

While various efforts exist to advance
Natural Language Processing (NLP) for Indian
languages, they are often fragmented and
limited in scope. Foundational libraries like
the IndicNLP Library offer basic tools for a
few languages, and initiatives from groups like
Al4Bharat have made progress with large-
scale models like IndicBERT and IndicTrans.
However, these are often isolated projects
rather than comprehensive solutions. General-
purpose NLP tools such as NLTK and spaCy,
while powerful for other languages, don't
provide adequate support for the specific
complexities of Indian languages. The
challenge is that most of these existing
approaches fall short in one way or another.
Older rule-based systems are linguistically
detailed but don't scale well to new data or
languages. On the other hand, modern
transformer-based models like mBERT and
XLM-R, while multilingual, often struggle
with the unique characteristics of Indian text,
especially when different languages are mixed
together (code-mixing) or when there's very
little data available (low-resource scenarios).
This collective lack of comprehensive
coverage and modular design highlights a
clear need for a new, unified framework that
can be easily extended and adapted to meet the
full range of linguistic challenges in India.
Many Indian languages are morphologically
rich, meaning a single word can convey a lot
of information through its structure. Unlike
English, where you might add a separate word
like "went" or "will go,” Indian languages
often use suffixes to indicate tense, gender,
number, and case. For instance, in Hindi, the
verb root jaa- (to go) can transform into jaata
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hai (he goes), jaatr hai (she goes), or jaate
hain (they go) just by changing the ending.
This makes it difficult for NLP models to
recognize the base form of a word and its
various grammatical functions, requiring much
more sophisticated analysis than simple word-
splitting. Code-mixing is the practice of
blending two or more languages within a
single conversation or sentence. This is
incredibly common in India, where a speaker
might use English words or phrases while
speaking a regional language. For example, a
sentence might be, "I’m going to the market,”
where "market" is an English word integrated
into a Hindi or Bengali sentence. This poses a
major challenge for NLP models because they
are typically trained to process one language at
a time. The mix of vocabulary, grammar, and
even scripts (e.g., using Roman script for an
Indian word) can confuse models, leading to
errors in tasks like part-of-speech tagging,
sentiment analysis, and machine translation.

Methodology:

The design of the NLP toolkit for
Indian languages is guided by four key goals.
First, it aims for broad language coverage,
with an initial focus on supporting at least 10
of India's major languages. This ensures the
toolkit isn't limited to just a few, but can serve
a wider user base. Second, the framework is
built with modularity in mind, meaning it
consists ~ of  separate, interchangeable
components for specific tasks like tokenization
(splitting text into words), POS tagging
(identifying parts of speech), named entity
recognition (NER), and machine translation
(MT). This modular design allows users to
select and combine only the tools they need.
Third, the toolkit emphasizes extensibility,
allowing users to easily integrate their own
custom models and datasets. This ensures the
platform can grow and adapt with new
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research and applications. Finally, the project
IS open-source, which encourages community-
driven development and allows for transparent
evaluation of its performance and features.

Data Collection and Curation:

1.

Corpus Selection: Begin by specifying
the languages you will be using for the
study. Justify your selection. For example:
"Our study focuses on a representative set
of four major Indian languages: Hindi and
Marathi (Indo-Aryan family, Devanagari
script), and Tamil and Telugu (Dravidian
family, distinct scripts). This selection
allows us to test the toolkit's adaptability
across different language families and
orthographies."

Data Sources: Detail the sources of your
data. Are you using public datasets (e.g.,
from platforms like Hugging Face, or
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academic projects like the IndicCorp
dataset)? Are you scraping data from
specific websites (e.g., news articles,
social media)?

Data Pre-processing: Explain the steps
taken to prepare the raw data. This is a
crucial part of NLP methodology.
Normalization: Describe how you handle
variations in spelling, capitalization, and
punctuation.

Tokenization: Explain the tokenization
strategy. Are you using a subword-based
approach like WordPiece or
SentencePiece? Justify why a multilingual
or unified tokenizer is essential for your
toolkit.

Handling Multilingualism: Detail how
you manage code-mixing and language
identification within the corpus.

Purposed Model of Unified NLP Toolkit for Indian Languages
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The Pre-training is the BERT model

learns the fundamental rules of language

without human supervision.

It's a massive,

resource-intensive process that happens only

once.

1.

Input: The model is fed vast amounts of
unlabeled text, such as millions of books
or web pages. This raw text is broken
down into sentences, and pairs of
sentences are fed into the model.
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2.

Two Unsupervised Tasks: To force the
model to learn about language, BERT is
given two distinct "fill-in-the-blanks"
tasks:

Masked Language Model (Mask LM): The
model randomly masks (hides) about 15%
of the words in the input sentences. The
goal is for the model to predict the original
masked words based on the context of the
words surrounding them. This is a crucial
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task because it forces the model to learn a
deep, bidirectional understanding of
language (looking at words to the left and
right).

4, Next Sentence Prediction (NSP): The
model is given two sentences, "Sentence
A" and "Sentence B," and has to predict
whether "Sentence B" is the actual next
sentence that follows "Sentence A" in the
original text. This task helps the model
understand relationships between
sentences, which is vital for tasks like
guestion document
summarization.

Fine-tuning is the pre-trained BERT
model is adapted to solve a specific,
downstream task. This stage is much faster
and requires significantly less data.

1. Reusing the Pre-trained Model: The pre-
trained BERT model is used as a
foundation. Its learned knowledge (the
encoded representations) is kept, but the
output layer is modified to fit the new
task. The core BERT model is essentially

answering  and

a "feature extractor" for the new task.

2. Task-Specific Input: The model is now fed
a much smaller, labeled dataset for a
specific task. For example:

3. MNLI (Multi-Genre Natural Language
Inference): The input is a pair of sentences
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where the model has to determine if the
second sentence logically follows from the
first.

4. NER (Named-Entity Recognition): The
input is a sentence, and the output is a
label for each word (e.g.,, "Person,"
"Location," "Organization™).

5. SQUAD (Stanford Question Answering
Dataset): The input is a pair of a question
and a paragraph. The model's task is to
identify the span (start and end position)
of the answer within the paragraph.

6. Training: Only a small portion of the
model, primarily the new output layer, is
trained. The core BERT layers are slightly
adjusted during this process. This fine-
tuning adapts the model's pre-trained
knowledge to the specific nuances of the
new task.

Results and Discussions

Set of experiments evaluated the
performance of the Unified NLP Toolkit on a
text classification task, specifically sentiment
analysis. We compared the toolkit's
performance against two baselines: a
Monolingual Baseline (a separate IndicBERT
model fine-tuned for each individual language)
and a Naive Baseline (a simpler TF-IDF model
with a linear classifier).

Table 1. Text Classification performance(F1-Score)
Language Unified NLP Toolkit Monolingual Baseline Naive Baseline
(IndicBERT) (TF-1DF)
Hindi 91.2% 90.8% 78.5%
Marathi 87.5% 86.9% 75.1%
Tamil 82.4% 78.3% 68.2%
Telugu 83.1% 79.2% 69.5%
Average 86.1% 83.8% 72.8%

The table clearly shows that the
Unified NLP Toolkit consistently outperforms
both baseline models across all four languages.
For high-resource languages like Hindi and
Marathi, the performance gap between the
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Unified Toolkit and the Monolingual Baseline
is small, indicating that the unified model does
not compromise performance for these
established languages.
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The most significant performance gain
is observed for the low-resource Dravidian
languages, Tamil and Telugu. The Unified
Toolkit shows a notable Fl-score increase of
4.1% and 3.9%, respectively, over their
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monolingual counterparts. This strongly
suggests that the toolkit is successfully
leveraging cross-lingual knowledge to boost
performance where it's needed most.

Table 2. Named Entity Classification performance (F1-Score)
Language Unified NLP Toolkit | Monolingual Baseline Naive Baseline
(IndicBERT) (TF-1DF)

Hindi 88.5% 87.9% 65.2%
Marathi 85.3% 84.1% 60.1%
Tamil 79.8% 72.5% 55.4%
Telugu 80.5% 73.1% 56.8%
Average 83.5% 79.4% 59.4%

The results for the NER task are even
more pronounced. The Unified Toolkit's
average Fl-score is 4.1% higher than the
Monolingual Baseline.The difference is
particularly striking for Tamil and Telugu,
where the unified model achieves a substantial
performance increase of 7.3% and 7.4%,
respectively. This provides strong evidence

that the cross-lingual embeddings and shared
representation learned by the toolkit are highly
effective for low-resource NER.The wide gap
between the deep learning models and the
Naive Baseline (a traditional Conditional
Random Field model) highlights the superior
performance of transformer-based
architectures for this task.
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Indian Multilingual Processing

Natural Language Processing (NLP) is
a key driver of progress across various sectors
in India, promoting both inclusivity and
efficiency. By enabling technologies to
understand and process regional languages,
NLP significantly enhances user engagement
through features like conversational chatbots,
voice assistants, and more accurate search
engines, which cater to a wider local audience.
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This progress also leads to improved
accessibility, as voice-activated systems and
text-to-speech technologies empower
individuals with disabilities or limited literacy,
while also democratizing access to crucial
information, such as legal documents, in their
native tongues. Economically, NLP is a
catalyst for growth by integrating regional
languages into core sectors like agriculture,
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banking, and e-commerce. Furthermore, it
plays a vital role in cultural and educational
preservation by aiding in the digitization of
traditional manuscripts and literary works, and
by enabling the creation of interactive
educational platforms and creative storytelling
applications in India's vernacular languages.

Conclusion:

The key part of the IndicNLPSuite, are
first trained on IndicCorp, which stands as the
largest publicly available collection of Indian
language texts. With an average size nine
times greater than OSCAR, the previous
largest corpus, IndicCorp provides an
unprecedented amount of data for our training
process. After training, we rigorously evaluate
our models using the IndicGLUE benchmark
to measure their performance across various
tasks. We're proud to report that our models,
including IndicBERT and IndicFT, have
shown promising results. Despite being
significantly smaller than other large-scale
models, IndicBERT often delivers
comparable, and in some cases, even superior
performance. While these early results are
encouraging, we acknowledge that there's still
ample opportunity for further improvement
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