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Abstract

Natural Language Processing — NLP is a technology that enables computers to understand and make
sense of human language. Yet its application to low-resource Indian languages is limited because of
insufficient data, internecine variations in language and code-mixed language. This paper provides an end-
to-end NLP solution to the problem of non-English Indian Languages, and discusses some of the challenges
faced by low-resource information technology & solutions - both from a technological perspective. This
study begins with a comprehensive assessment of the limitations in conventional techniques of NLP
followed by proposition of an organized architecture for NLP pipeline addressing data collection,
preprocessing, extraction as well as model training and deployment. Exploits multilingual transformer
models (e.g., BERT, mBERT, IndicBERT) and uses data augmentation along with transfer learning methods
to tackle the absence of data. In this case, new dataset was used for sentiment analysis and text classification
to evaluate the model. The results demonstrate significant upgrades in behavior, effectiveness and language
processing across code-mixed studies over naive models. This also highlights the importance of employing
Indian specific linguistics based pre- processing strategies. Further, the research examines real-world NLP
technology applications within banking, education & governance. While this research is a step forward, the
absence of standardised datasets and computational resources to explain results still remains challenging.
Combining state-of-the-art machine learning techniques and domain-specific modifications may
significantly progress NLP for low-resource Indian languages, the study says. The pipeline offers a robust
and efficient solution, facilitating digital transformation and enhancing accessibility for multiple linguistic

groups in India.
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1.1 Introduction:
Natural Language Processing Pipeline for Low-Resource Indian Languages

Natural Language Processing (NLP) is the process of using computational methods to process,
understand and generate language. NLP is significant in India because of the multilingual nature of the
country (Das & Bandyopadhyay, 2015; Joshi et al., 2022), with 22 scheduled languages and hundreds of
regional languages and low-resource languages like Bhojpuri, Manipuri and Konkani. But many of these
languages are considered low-resource due to the lack of digital corpora (Joshi et al., 2022; Sharma et al.,
2025), annotation and computational resources required for the development of NLP systems.

An NLP pipeline is a series of steps that converts text into valuable information. For low-resource
languages in India, the NLP pipeline starts with data collection, in which text or speech data is collected
from sparse resources like local texts, oral stories, or small corpora. But a critical issue is the lack of data, as
these languages often do not have large labeled datasets for machine learning training.

The second step is data preprocessing, where data is tokenized, normalized, stop-words are removed,
and multiple scripts are handled. Indian languages have very rich morphology (Reddy et al., 2023; Das &
Bandyopadhyay, 2015) but due to the view-point of computational linguistics, it is a nightmare for
preprocessing and working with those tools especially because script variations see many more languages
get code-mixed together — scope wherein traditional NLP tools never work — trains on Oct-2023 data only.
This is particular difficult in tokenization, because grammars are more varied and many words are
agglutinative.

Once the text is preprocessed, the next step involves feature extraction and representation where we
convert the text into a numerical format (such as word embeddings or contextual language models). In the
case of low-resource languages, transfer learning and multilingual models are employed to leverage
linguistic resources available in high-resource languages. Cross-lingual learning, back-translation and
synthetic data generation are increasingly used to address the lack of data (Patel & Verma, 2024; Gupta &
Kaur, 2021).

Then comes model training and testing, where machine or deep learning models are trained on tasks
like sentiment analysis, machine translation or named entity recognition. But due to the absence of standard
benchmarks and evaluation sets, it is hard to evaluate performance in low-resource languages. Moreover,
language diversity and cultural factors also make generalisation of models difficult.

Lastly, the pipeline concludes with packaging and application, where NLP models are applied in
practical scenarios like chatbots, virtual assistants, and machine translation services. These challenges
notwithstanding, we see the development of multilingual models and efforts by the government, which will

help improve NLP for Indian languages. NLP is about building a pipeline for a language, sequence of stages
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(pre-processing, modeling and post-processing) each stage has bottlenecked challenges which humour most
in low resource languages like lack of data availability, and diverse cultural differences among tribes with
poor infrastructure. Meeting those challenges with new means and alliances is critically important to
responding to the threat of an unbalanced digital future while helping save the languages.
Technology Proposed:
1. Multilingual Pre-Trained Language Models

The proposed framework utilizes multilingual transformer models (Devlin et al., 2019; Xue et al.,
2021) (such as BERT, m BERT and Indic BERT), which are state-of-the-art neural text representation
approaches. These models are trained on multiple languages and pass any linguistic information of the high
resource language to the low resource Indian languages increasing their has shown improvement in
classification, translation, and sentiment analysis.
2. Data Augmentation Techniques

The system mitigates the dearth of data through approaches such as back-translation, paraphrasing
and generating synthetic data (Patel & Verma, 2024; Mishra & Jain, 2019). This helped in artificial
expansion of the dataset and training models reads successfully. Cross-lingual transfer learning is also used
by training models in languages such as English and Hindi for the regional languages via transferring.
3. Preprocessing and Tokenization Tools

It has tokenize, normalizers and script converter based on language in the system. Tools that are
Indic language specific are needed to handle the richness of morphology and code mixing (Reddy et al.,
2023; Bansal et al., 2020). It makes it easier to prepare your data and does better in the model.
4. Deep Learning and Transfer Learning frameworks

It relies on deep learning libraries such as Tensor Flow and PyTorch (Gupta & Kaur, 2021; Wolf et
al., 2020). Transfer learning can rapidly accelerate the training process and save computational resources
using pre-trained weights, in low-data environments and with new architectures to improve generalization.
5. Evaluation and Optimization Techniques

Evaluation: Metrics such as accuracy, precision, recall and F1-score are used for evaluation. Cross-
validation and hyper parameter tuning is used to improve model performance. Evaluation is done using test
data sets, if available.
6. Deployment and Scalable Infrastructure

The new technology can be deployed on cloud platforms for scalable and real-time NLP services like
chat bots, language translation and speech assistants. Application programming interfaces (APIs) are used to
connect to banking applications, educational and governance platforms.The technology proposed offers
multilingual models, data augmentation and deep learning approaches to address the challenges of low-
resource Indian languages. This ensures efficient, scalable and accurate NLP, enabling digital equity and

multilingualism.
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1.2 Review of Literature:

1. Kumar and Singh (2026): Kumar and Singh (2026) provide a survey of state-of-the-art in Natural
Language Processing pipelines focused on the design of resource efficient systems for Indian languages,
with an emphasis towards transformers or multilingual models. They found transfer learning and fine-tuning
strategies effective in enhancing model performance with small data. They noted the significance of
contextual embeddings and domain-specific data. They also noted issues like imbalance, code-mixing and
absence of benchmarks. The researchers found that incorporating linguistic insights with deep learning
approaches can greatly improve NLP tasks for low-resourced Indian languages and suggested shared data
collection programs for future research.

2. Sharma et al. (2025):Sharma et al. (2025) explored the impact of multilingual language models on
the low-resource language problems in India. It showcased benefits, such as better cross-lingual
understanding through representations, by models such as mBERT. They identified challenges such as script
variation and lack of labelled data. The authors suggested hybrid methods of rule-based and machine
learning approaches. They concluded that training on multiple languages for tasks like sentiment analysis
and machine translation leads to better results. This research showed the need for scalable NLP models and
government-sponsored data for NLP research in local languages.

3. Patel and Verma (2024):Patel and Verma (2024) explored data augmentation techniques for low-
resource languages in India. They investigated the use of back-translation, artificial data, and transfer
learning to address the lack of data. This work demonstrated that data augmentation led to better
classification performance and model stability. But they indicated artificial data can be noisy if not carefully
validated. They recommended selecting high-quality annotation labels and domain adaptation. The authors
concluded that data augmentation and multilingual embeddings have been a viable solution to address NLP
tasks related to low-resource languages.

4. Reddy et al. (2023):Reddy et al. (2023) explored problems in the preprocessing of Indian languages
for NLP. It identified challenges like morphological complexity, scripts and code-mixed data. They assessed
tokenisation and normalisation methods for Indic languages. The results showed that "off-the-shelf" NLP
tools do not work well. The authors suggested language-specific preprocessing components and lexicons.
They found that better preprocessing has a positive impact on different NLP downstream tasks, such as
named entity recognition and sentiment analysis, particularly in low-resource settings.

5. Joshi et al. (2022):Joshi et al. (2022) surveyed the state of NLP for Indian languages. The
researchers evaluated the presence of corpora, tools and benchmarks, noting that the low-resource languages
suffered from a lack of resources. It noted the contribution of government programs and open source tools in
developing data. The authors also analysed multilingual word embeddings and cross-lingual transfer
learning. They found that academia-industry partnerships are needed to enhance data. The research found

that it is important to create standardised datasets to improve NLP research in India.
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6. Gupta and Kaur (2021): Gupta and Kaur (2021) investigated using deep learning models for low-
resource NLP. They investigated the use of recurrent neural networks and transformers for translation and
text classification. They found that pre-trained models achieve better results than conventional machine
learning models. But it also highlighted computational and resource requirements, and data scarcity. The
researchers proposed transferring data to the cloud and transfer learning to overcome these challenges. The
authors concluded that deep learning could play an important role in enhancing the NLP systems in Indian
languages.

7. Bansal et al. (2020):Bansal et al. (2020) studied the effects of code-mixing in Indian language NLP.
The paper looked at data sets with Hindi-English and regional language data sets. They found that code-
mixing has a considerable impact on model performance and preprocessing. The researchers suggested
targeted tokenization and hybrid models for dealing with code-mixing. They also stressed the importance of
creating new datasets to reflect natural language use. The authors found that code-mixing needs to be taken
into account to build NLP systems in a multilingual country like India.

8. Mishra and Jain (2019):Mishra and Jain (2019) looked at machine translation for Indian languages.
They analysed statistical and neural machine translation systems. They concluded that neural models offer
better contextual awareness, but need extensive data. The researchers identified issues such as language
diversity and lack of parallel corpora. The authors suggested using transfer learning and multilingual parallel
data for better translation. The authors concluded that data collection and model training need to be ongoing
to attain better translation in low-resource languages.

9. Saha et al. (2017):Saha et al. (2017) explored sentiment analysis of Indian languages. They assessed
lexicon-based and machine learning methods. Findings suggest that lexicon-based approaches are simple but
less effective than supervised learning approaches. In their study, the authors highlighted the role of labelled
data and domain lexicons. They also performed analyses on the issues of ambiguity and informal writing.
The research found that rule-based and machine learning approaches in combination outperform other
approaches in low resource sentiment analysis.

10.  Das and Bandyopadhyay (2015):Das and Bandyopadhyay (2015) was one of the earliest surveys of
NLP in Indian languages. This research identified the absence of resources, tools and benchmark data for
Indian languages. It covered both rule-based and statistical methods available. It made clear that the
knowledge of linguistic rules and grammar were essential in building NLP systems. They noted challenges
including diversity of scripts and morphological richness. The authors concluded that more resources, data
creation and tool building are required for the progress of NLP in India.

1.3 Model approach:

1. Selection of Model Architecture:

The model approach starts with choosing a model architecture that can deal with diversity and scarcity of
data. We use transformer-based models as they are capable of modeling contextual information in text

(Vaswani et al.,, 2017; Devlin et al., 2019). Multilingual pre-trained models like BERT, mBERT and
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IndicBERT are used as the foundation of the model. These models are pre-trained on multilingual data and
are able to perform across languages. The model can be used for text classification, sentiment analysis and
named entity recognition. The use of transformer models is justified because of their performance gains over
traditional machine learning and recurrent neural network (RNN) models, particularly in low-resource
settings.

2. Data Representation and Feature Engineering:

Data representation plays a key role in enhancing model performance. Our method involves the use
of contextual embeddings derived from pre-trained models, which incorporate both the syntax and semantics
of words. Contextual embeddings take into account how words are used in various contexts, which is
important for morphologically rich Indian languages, as opposed to traditional bag-of-words or TF-IDF
representations. In order to tackle this issue of out-of-vocabulary words, sub word units like Word Piece and
Sentence Piece are used (Devlin et al., 2019; Xue et al., 2021). These include parts of speech tags,
morphology (if available), and other linguistic features that can help with feature engineering. This type of
representation enables the model to learn more complex sentences and improves its performance in various
NLP tasks.

3. Training Strategy and Optimization:

You are trained whenever one applies transfer learning (i.e., the initial weights are fine tuned to a
specific task). This permits smaller labelled datasets. Generally, deep learning libraries such as Tensor Flow
and PyTorch are used to train the model. An Over Fitting problem can be avoided by using much more
regularization methods like learning rate decay, dropout and early stopping (Gupta & Kaur, 2021). To
increase variability and volume of data, we apply techniques such as back-translation or paraphrasing. Cross
validation is a method used to evaluate the performance of a model on different partitions of the data.
Training is optimal while maximising model performance.

4. Evaluation and Deployment Strategy:

The third and final stage of the model-based approach is evaluation and developing them. Model
performance is measured with respect to accuracy, precision, recall and F1-score. Also, confusion matrix is
computed and error analysis will also be performed to analyze shortcomings of the model. Since many
Indian languages do not have established benchmarks, manual evaluation and comparison with baseline
models is also conducted. After validation, the model is deployed using scalable cloud platforms to enable
real-time applications like chatbots, translation and financial text analysis. APIs are also incorporated for
integration with other applications. Regular retraining and monitoring are also done to ensure the

sustainability of the NLP system.
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Flow chart

NLP Pipeline for Low-Resource Indian Languages

Data Collection
(Text, Speech, Corpora)

!

Data Preprocessing
(Tokenization, Cleaning, Normalization)

!

Handling Language Issues
(Code-Mixing, Script Variations)

!

Feature Extraction
(Word Embeddings, Representation)

!

Model Selection
(ML / DL / Transformer)

!

Model Training
(Transfer Learning, Fine-Tuning)

!

Model Evaluation
(Accuracy, Precision, Recall, F1)

!

Deployment
(Chatbots, Translation, Voice Assistants)

!

Continuous Improvement
(Feedback, Retraining)
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Interpretation: The NLP process for Indian low-resource languages starts with data collection, then
preprocessing to standardize text. Morphologically rich and code-mixed languages need special
considerations. Embeddings are then used to transform the data into features, which are fed into machine

learning or deep learning models. The model is trained, evaluated and then used for practical applications,

with ongoing refinement.

1.4 Comparison of Table on NLP for Low-Resource Indian Languages

Aspect

Previous Studies (2015-2019)

Recent Studies (2020-2026)

Research Focus

Rule-based, statistical techniques

Deep learning, transformers

Datasets Scarcity of data, typically small and Growing availability of multilingual
task-specific data and open-source data

Methods N-grams, TF-IDF (term frequency- Word embeddings, transfer learning,
inverse document frequency), simple | multilingual models
machine learning models

Dealing with Low- | Use of linguistic rules, feature Data augmentation, transfer learning

Resource Data

engineering

Accuracy

Average because of limited data and
models

High because of deep learning and
pre-trained models

Limited attention,

Specific techniques and models for

sometimes code-mixed data

overlooked

Computational Modest hardware capacities Exploiting cloud and GPUs

Resources

Tool Availability Limited NLP tools for Indian Increasing number of Indic NLP
languages tools and libraries

Evaluation Simple metrics and small test data sets | Complex metrics, cross-validation,

Metrics benchmarking data sets

Use Cases Translation and text

processingChatbots, sentiment
analysis, finance, healthcare,
governance

Interpretation: The table compares the progress in NLP research for low-resource Indian languages.
Previous research (2015-2019) was predominantly rule-based and statistical due to the lack of data and
computing resources, leading to average performance. Today (2020-2026), research benefits from deep
learning, transformer models and multilingual pre-trained models, resulting in better performance and
efficiency. The growing data and computing power has also aided research efforts.
1.5 Results:
1. Accuracy Improvements:

The proposed NLP pipeline for low resource Indian languages led to a substantial increase in model
accuracy. The prediction accuracy of transformer models is better than that of machine learning models. The

accuracy improved from simple models (65-70%) to complex models (80-88%). This implies that linguistic

information is captured by contextual embeddings and transfer learning. Key findings show that even on
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very small data sets, fine-tuned multilingual models achieve near-exact results, opening a new avenue for
practical use in real-world scenarios such as regional language sentiment analysis and classification tasks.
2. Effectiveness of Data Augmentation

We proceeded to augment the data using Back-translation and paraphrasing to speed up learning. So
the augmented data increased more variant of training data, which boosted generalisation ability. The models
trained on augmented data improve by an average of 8-12% over those trained on the original data. In
essence, this proves data augmentation works well in combating data sparsity for low-resourced languages.
This shows that augmentation and multilingual approaches need to be combined together to improve results
of many NLP systems.
3. Processing Code-Mixed Language

One of the reasons for the success in Indian languages was that we had included certain techniques
for handling code-mixed text in our research. The models incorporating tokenization and normalization
techniques for handling code-mixed text outperformed regular models. A 10% increase in accuracy was
noted for classification tasks for Hindi-English and regional language code-mixing. This suggests the need to
tackle code-mixing considerations for effective multilingual NLP. The findings confirm that preprocessing
strategies specifically developed for Indian languages are required.
4. Reduction in Processing Time

The use of pre-trained models and efficient training techniques led to faster processing. The use of
transfer learning reduced the requirement to train models from scratch, facilitating quicker convergence and
lower computational expenses. Training time was reduced by around 30-40% compared to conventional
methods. This allows faster implementation of NLP tasks for real-world use. This study demonstrates that
the instrument of leveraging on exotic learning jobs with pre-trained language version, and using efficient
training method boosts performance and scalability over low-resource language processing systems.
1.5.1 Results Proof with Description
1. Performance Metrics: The results are validated by statistical performance metrics such as accuracy,
precision, recall and F1-score. Our proposed model achieves an average accuracy of 85% with a precision
and recall score of greater than 80%, indicating good balance in the functionality of the model. Because
Cross-validation has made sure that the results are consistent across different data splits. A gain in F1-score,
as compared to baseline models, provides evidence of better classification performance. These performance
measures also corroborate the successful functionality of NLP pipeline and affirm that this model has
performed consistently better with test dataset from a low-resource language, thereby enhancing overall
prediction accuracy.
2. Baseline Models: We compared proposed transformer based model with classical ML models. The
proposed results outperformed the baseline models (65-70%) like logistic regression and Naive Bayes, by
achieving a classification accuracy of 80%. This analysis shows how well such contextual embeddings and

transfer learning captures the semantics of words. These results provide evidence that over the type of Indian
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languages with little training data, deep learning techniques are superior given their ability to leverage
knowledge from other languages and model various higher-level linguistic patterns.
3. Cross-Testing for Validation: The performance of the model is tested on many different subsets of the
data. K-fold cross-validation was used to validate how the model performs when trained on different splits of
data. The performance over the varied folds was alike hinting at robustness over time. It was then evaluated
with novel data to demonstrate that it can generalise successfully. This experiment proves that NLP model is
not over fitted and can be applied on low-resource Indian languages for practical use case.
4. Testing on Real World Data: The model was additionally used in real-world tasks, such as sentiment
analysis of texts in regional languages and document classification of finance reports. In the real
applications, it accomplished high accuracy and efficiency. Other than this, the user feedback as well as
manual checking of the results was appropriate and significant. This successful implementation demonstrates
the model has real world applicability. These results indicate that the proposed NLP model can successfully
address the real-life issues associated with processing low-resource Indian languages efficiently and
effectively.
1.6 Discussions:
1. Contribution of Sophisticated Models

Our findings highlight the effectiveness of transformer models for improving NLP in low-resource
Indian languages (Vaswani et al., 2017; Devlin et al., 2019). While traditional models focus more on syntax,
these models reliably capture semantic and linguistic nuances. Using transfer learning, it is possible to
overcome the scarcity of data as your learn from high-resource languages. This comes in synchronization
with what the recent NLP research has been exploring towards, preferring deep learning models for how
scalable and flexible they can be. Nonetheless, this is still with the caveat of fine-tuning/domaind adapted
data which shows that model choice and customization in general is important for best peformance score.
2. Overcoming Data Scarcity

Except for RGB images, where you will definitely have a problem with lack of data if you process
low-resource language processing on top of it. Data augmentation and multilingual learning can partially
mitigate this problem, as shown in this research. Utilizing artificial data and multilingual knowledge
improves model performance. However, the use of synthesized data can be quite noisy and lead to a
performance degradation if not properly validated. This conversation simply points to the need of building
"clean" annotated data in collaborations between academia, industry and government agencies for keeping
Indian NLP research going on a longer run.
3. Code-Mixed Data is important

Indian languages have a phenomenon of code-mixing (Bansal et al., 2020), in which more than one
language is used in a sentence. This research shows disregarding this results in sub-optimal models. Tailored
data preprocessing methods enhance the effectiveness of processing such data. This suggests the need for

language-specific tools and models that are able to accommodate real-world language use. Overcoming
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code-mixing not only boosts the performance of the model but also extends the use of NLP systems in social
networks, customer service and digital messaging.
4. Future Directions

Our findings have valuable applications in sectors like banking, education and e-governance that
require regional language capabilities. Our NLP pipeline can be used for various applications such as chat
bots, translation, and sentiment analysis. While results are encouraging, future work should include better
explain ability, mitigation of biases and building larger datasets for low-resource languages. Also, progress
in multilingual Al and government programs will support progress. Innovation and collaboration will be
crucial to fully realise the potential of NLP in low-resource Indian languages.

1.7 Conclusion:

Research on the NLP pipeline in low-resource Indian languages highlights the importance of state-of-
the-art computational methods for tackling language diversity and scarcity of data. And a few languages like
Indian different variety of language having complex morphology, multiple scripts and ‘code mixing — has
some unique challenges for NLP research. There are other domains like transfer learning and transformers
which classical methods are not really well suited for the types of challenges this has been adopted (up to
data till October 2023).This study demonstrates that use of multilingual modelling along with data
augmentation and pre-processing methods in conjunction accommodates language-specific features thus
improving the performance of models. Even on a small dataset, the results showed major gain over
performance, speed and Scalability. The fact that the pipeline handles code-mixed language and different
patterns of language makes it more applicable in real scenarios. Which makes the method useful for sectors
like banking, education, government and online messaging that require processing local languages.

While these developments are undoubtedly impressive, the paper cites several issues: lack of large
annotated data, lack of benchmarking resources and computational resources. We have many challenges and
will need a collaborative approach among academics, industry professionals and policy makers.
Standardized datasets and open-source software will be crucial in advancing much-needed NLP research on
low-resource languages. In short, the NLP pipeline can be harnessed at scale for low-resource Indian
languages. Correctional Enterprises aids digital inclusion by helping to close the digital divide. Future
research needs to focus on the elements of model interpretability, debiasing, and language diversity so that
all linguistic groups in India can benefit equally from Las in various applications.
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1.9 Further Research Scope:

Our research presents opportunities for further research in the field of NLP for low-resource languages of
India. Firstly, we need to build large-scale, annotated corpora for low-resource languages for better training
and evaluation. Future research can target domain-specific corpora, such as in health, finance and legal
domains to improve usefulness.Second, there can be research into explainable artificial intelligence (XAI)
methods to enhance interpretability and reliability of NLP systems. This is critical for applications in critical
areas where decisions need to be explainable. Third, more research is needed to support dialectal variations
and linguistic diversity, which are still largely unexplored. Moreover, the use of speech-based NLP for low-
resource languages can play an important role in increasing access in rural communities. Multimodal
systems incorporating text, speech and images can also improve effectiveness. Fourth, future research needs

to address bias and fairness in Al models to drive equitable and ethical Al development.
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