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Abstract - Building high-performance text classification
models in low-resource languages is a challenging task due
to the scarcity of labelled data. Traditional approaches
rely on manually annotated corpora, which are expensive
and time-consuming to obtain. However, most existing
augmentation methods are language-dependent, leveraging
linguistic tools such as synonym replacement, word
embeddings, or grammar-based transformations, which
restrict their applicability to multilingual and low-resource
settings. Our approach leverages a combination of back-
translation, token-level perturbations, and contrastive
learning to create diverse, semantically meaningful
augmented samples that enhance model learning. Back-
translation introduces natural variations while preserving
meaning, token-level perturbations modify individual
tokens to improve robustness, and contrastive learning
helps the model distinguish between subtle differences in
text representations, leading to better generalization across
unseen data. Our results show that LiDA outperforms
traditional augmentation techniques by generating more
contextually relevant and linguistically diverse samples,
particularly in low-resource environments. Furthermore,
our method enhances model adaptability to multilingual
data, demonstrating its potential as a scalable and
language-agnostic augmentation strategy.

Keywords: LIDA, MBERT, SBERT, XLM-RoBERTa, LSTM,
Token-Level, Constructive Learning, Back-Translation.

I. INTRODUCTION

Text classification represents one of the most prevalent
tasks in natural language processing, with applications that
encompass, but are not limited to, spam detection, sentiment
analysis, emotion recognition, and topic classification. Recent
progress in deep learning has transformed the leading-edge
capabilities of text classification models. Nonetheless, these
models necessitate extensive labelled data, which is often
insufficiently available for resource-limited languages such as
Indonesian. This situation, however, is laborious and time-
consuming, as annotating a large-scale dataset is, in itself,
resource-intensive and costly. A promising solution that has
gained popularity in recent years is data augmentation, a
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technique utilized for generating synthetic data by modifying
existing datasets. In text classification, methods of data
augmentation typically modify the original sentences to
produce synthetic variants — either at the word level or
sentence level. Approaches at the word level usually involve
either simplistic methods like substituting words with their
synonyms or utilizing semantically similar words derived from
embedding representations or generating words according to
their probability as determined by a model.

Additionally, augmentation at the word level may also
entail structural modifications such as random deletion,
insertion, and reorganization within a sentence. One of the
most recognized strategies at the sentence level is back-
translation, in which a machine translation model creates a
purely paraphrased sentence that retains equivalent semantic
meaning. Another example is generative augmentation, where
a text generation model yields synthetic sentences by creating
tokens based on learned probabilistic distributions.
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FIG 1: Introduction to LiDA

Taking inspiration from data augmentation techniques
used in computer vision, which involve transformations like
flipping, shifting, rotating, and zooming applied to image
vectors, LiDA manipulates sentence embeddings to generate
new synthetic embeddings. In contrast to conventional word or
sentence-level augmentation, LiDA is language agnostic and
does not rely on any linguistic features or comprehensive pre-
trained language models.

These tests recreate low-resource conditions by altering
dataset sizes. The experimental findings demonstrate that
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LiDA indeed enhances the performance of LSTM and BERT
SBERT models. Our primary contributions are as follows:

An innovative data augmentation technique for text
classification that operates at the sentence embedding level
without relying on any specific language.

The removal of language-dependent elements, enabling
our approach to be utilized in various linguistic contexts.

Enhanced efficiency across different dataset sizes,
making it applicable in both high-resource and low-resource
language situations.

Il. PROBLEM STATEMENT

Deep learning is often viewed as the solution for creating
efficient models for text classification challenges in NLP.
Nevertheless, these models rely on being trained with a
substantial volume of labelled data to demonstrate optimal
performance. Unlike other high-resource languages, socio-
political issues have resulted in Indonesian lacking sufficient
annotated datasets. Therefore, it is essential to develop
potential strategies for data augmentation using methods such
as synonym replacement, substitutions with word embeddings,
structural modifications, back-translation, and generative
augmentation. synonym replacement, substitutions with word
embeddings, structural modifications, back-translation, and
generative augmentation.

2.1 Project Goals

Text classification plays a crucial role in NLP, utilizing
techniques like sentiment analysis, spam filtering, and topic
classification. However, in low-resource languages such as
Indonesian, there is a scarcity of labelled datasets, which
prevents the training of high-performance models. Traditional
augmentation techniques like synonym replacement and back-
translation are language-specific and, therefore, less effective
for these languages.

To tackle this, our project introduces LiDA (Language-
independent Data Augmentation)}—a novel approach that
operates at the sentence embedding level instead of modifying
the text itself. Inspired by methods from computer vision,
LiDA generates artificially created data in a language-agnostic
way, making it easy to scale and adapt to various languages.

Project Objectives:

= Formulate a text into a
Augmentation Method.

= Enhance Text Classification for
Languages.

Language-Independent

Low-Resource
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Avoid Language-Specific Dependencies.

= Improve Model Performance for Both Small and Large
Dataset Sizes.

= Test Across Multiple Languages and Models.

= Give Back to NLP Research and Practical Applications

By doing so, LiDA will facilitate effective text
classification in low-resource languages, resulting in enhanced
accessibility in NLP applications.

1. LITERATURE REVIEW

Character-level Convolutional Networks for Text
Classification — Introduces convolutional networks for
character-level text classification.

Siamese Recurrent Architectures for Learning Sentence
Similarity — Proposes Siamese recurrent networks for
measuring sentence similarity.

EDA: Easy Data Augmentation Techniques for Boosting
Performance on Text Classification Tasks — Explores simple
data augmentation techniques for text classification.

Lexical and Frame-Semantic Embedding-Based Data
Augmentation for Categorization of Annoying Behaviors Uses
lexical embeddings for augmenting text data.

Language-independent data augmentation techniques are
essential for enhancing the performance and robustness of text
classification models across diverse languages. Here are some
advanced references on this topic:

"A Survey on Data Augmentation for Text
Classification" by Markus Bayer, Marc-André Kaufhold, and
Christian Reuter. This comprehensive survey categorizes over
100 data augmentation methods into 12 groups, providing
insights into their applications and effectiveness.

= Categorizes over 100 data augmentation methods into 12
groups.

= Discusses their effectiveness across different text
classification tasks.

"Double  Mix:  Simple Interpolation-Based  Data
Augmentation for Text Classification" by Hui Chen, Wei Han,
Diyi Yang, and Soujanya Poria. This paper introduces Double
Mix, an interpolation-based approach that enhances model
robustness by generating synthetic samples through mixing
original and perturbed data in the hidden space.

= |ntroduces Double Mix, an
augmentation method.

interpolation-based
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= Generates synthetic samples by mixing original and
perturbed data.

"Data Augmentation Methods for Enhancing Robustness
in Text Classification Tasks" by anonymous authors. This
study proposes three novel methods—Cognate-based,
Antonym-based, and Antipode-based—to improve model
robustness by incorporating semantic and lexical diversity.

= Proposes Cognate-based, Antonym-based, and Antipode-
based augmentation.

= Enhances model robustness through lexical and semantic
diversity.

"Lexical Data Augmentation for Text Classification in
Deep Learning” by anonymous authors. This work presents
the Part-of-Speech focused Lexical Substitution for Data
Augmentation (PLSDA) technique, which utilizes part-of-
speech information to identify words and apply augmentation
strategies, resulting in improved classifier performance.

= Introduces PLSDA, a part-of-speech-based augmentation
technique.

= Improves classifier performance by applying targeted
lexical substitutions.

IV. EXISTING SYSTEMS

Data augmentation is a very common method of Natural
Language Processing (NLP) used to increase the performance
of text classification models, especially low-resource
languages, where there is limited labelled data. Data
augmentation includes artificially creating training data by
subjecting the provided dataset to several transformations in
order to enhance model generalization and resilience. It is
particularly significant for deep learning models, whose
performance largely depends on huge amounts of labelled
data.

Classifier

Linear
Transformation

Denoising

e gt Autoencoder

FIG 2: Existing System Architecture
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Conventional data augmentation methods are largely
word or sentence-level, using techniques like synonym
replacement, word embeddings, back-translation, and
generative models. These methods are effective in resource-
rich languages such as English, French, and Chinese but tend
to be based on language-dependent resources like WordNet
(for synonyms), pre-trained word embeddings (Word2Vec,
GloVe, or BERT), and machine translation systems. many
African, Indigenous, and minority Asian languages.

In addition, data augmentation techniques that are
language-dependent often encounter difficulty with languages
that are morphologically complex, have non-Latin writing
systems, or do not use spaces between words, like Chinese,
Japanese, or Arabic. It is this additional limitation on cross-
lingual applicability that makes it even more difficult to create
universal data augmentation techniques.

The existing system for text classification relies heavily
on supervised learning approaches, which require large
amounts of labelled training data. However, the scarcity of
labelled data, particularly for low-resource languages, hinders
the development of accurate and reliable text classification
models.

Language Increase  Dataset  Original LiDA Diff
Highest 5% 0.6704  0.7064 5.36%
English Lowest 100% 0.7689  0.7225 0.47%
Average 0.7371  0.7515 1.99%
Highest 60% 0.7686  0.7918 3.02%
Chinese Lowest 5% 0.7113  0.7186 1.03%
Average 0.765  0.7802 1.99%
Highest 5% 0.6844  0.7558  10.43%
Indonesian ~ Lowest 20% 0.7928  0.8031 1.30%
Average 0.8210  0.7515 2.61%

FIG 3: Existing System Dataset
4.1 Drawbacks in Existing System:
4.1.1 Quiality vs. Diversity Trade-off:

= Some augmentation methods, like back-translation,
generate sentences that are grammatically incorrect or
lose meaning during translation.

= Token-level perturbations (e.g., random  word
replacements, insertions, or deletions) may create
nonsensical or misleading training data, negatively
impacting classification accuracy.

4.1.2 High Computational Cost:

Back-translation requires multiple translation passes,
making it slow and resource-intensive, especially for low-
resource languages.
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Contrastive learning demands large datasets and high GPU
power, making it impractical for real-time applications or
smaller-scale projects.

4.1.3 Context-Awareness Limitations:

=  Word-level modifications (e.g., synonym replacement)
often ignore semantic dependencies, leading to incorrect
sentence structures.

= Some augmentations fail to preserve the original intent of
the text, leading to misclassifications in the model.

4.1.4 Language Generalization Challenges:

=  While designed to be language-independent, some LiDA
methods still rely on translation models, which may be
unavailable or unreliable for low-resource languages.

= Certain augmentations work well for syntactically similar
languages but struggle with morphologically rich or
context-sensitive languages.

4.1.5 Difficulty in Preserving Label Integrity:

= Augmented samples may alter sentiment, intent, or topic
labels, introducing label noise that reduces model
reliability.

= Some techniques create ambiguous or contradictory
augmented samples, confusing the classifier.

V. PROPOSED SYSTEM

5.1 Back-Translation — Sentences are translated into an
intermediate language and then translated back to the original
language. This process maintains semantic consistency while
introducing syntactic variation.

5.2 Token-Level Perturbations — Instead of modifying entire
sentences, the system applies changes at the word or sub word
level. This includes synonym replacement, word deletion,
word swapping, and noise injection, helping models generalize
better.

= It probably employs random synonym substitution, word
substitution, or noise injection.

5.3 Contrastive Learning — By training the model to
recognize similar and dissimilar sentence embeddings, the
system enhances feature extraction. This method creates
positive and negative sample pairs, improving semantic
understanding and classification accuracy in multilingual
settings.

= Encourages models to differentiate between the
augmented and the original samples.
= Helps generate semantically rich paraphrases that

improve classification accuracy.

Dataset

Baseline

LiDA

Improvement

language  Augmentation Method Coverage Accuracy Accuracy (%)
English Contextual Embedding 10% 0.7021 0.7514 7.01%
Augmentation
Adversarial Perturbation 100% 0.8423 0.8512 1.06%
Average = 0.8102 0.8325 2.75%
Chinese Token-Level Augmentation ~ 50% 0.8642 0.8895 293%
Phonetic Substitution 80% 0.8791 0.8983 2.18%
Average - 0.8429 08610 2.15%
Indonesian  Back Translation 20% 07254 0.7869 849%
Character-Level Noise 70% 0.8487 0.8593 1.25%

Average

0.8304

0.8491

FIG 5: Proposed System Dataset

5.4 Advantages of Proposed System:

5.4.1 Language Independence:

2.24%
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FIG 4: Process of Proposed System

= Using machine translation to translate words from one
language to another.

= Aids to maintain meaning when sentence structure
varies.
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Does not rely on language-specific rules or annotated
corpora, making it applicable to multiple languages.

5.4.2 Diverse Data Augmentation Techniques:

Combines back-translation, token-level perturbations,
and contrastive learning to create semantically rich and
diverse text variations.

5.4.3 Enhanced Performance Across Benchmarks:

Evaluated on multiple text classification benchmarks
across different languages and domains, proving its
effectiveness.
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5.4.4 Superior Low-Resource Support:

Works effectively in low-resource settings, making it a
valuable tool for languages with limited labelled data.

5.4.5 Better Generalization for Multilingual Tasks:

Provides robust augmentation strategies that improve the
performance of multilingual text classification models.

5.4.6 Improved Model Robustness:

By generating diverse augmented samples, the system
reduces overfitting and helps models generalize better to
unseen data.

Higher Accuracy Compared to Traditional Augmentation
Outperforms baseline models and traditional augmentation
techniques such as back-translation alone or word-level
augmentations.

5.4.7 Scalable and Efficient:

Unlike rule-based augmentations, this approach scales
well to multiple languages without additional linguistic
resources.

5.4.8 Works Across Different Domains:

The framework is domain-agnostic, making it effective
for tasks ranging from sentiment analysis to intent
classification.

5.4.9 Optimized for Modern NLP Models:

Works seamlessly with transformer-based architectures
(e.g., BERT, XLM-R), further enhancing classification
accuracy.

VI. METHODOLOGY

Methodologies for LiDA: A Language-Independent Data
Augmentation Technique To develop a language-independent
data augmentation technique (LiDA) for text classification,
our approach employs a structured methodology that ensures
scalability, effectiveness, and adaptability across various
languages. The approach integrates advanced NLP techniques,
deep learning architectures, and assessment metrics to
evaluate the performance of LiDA.

6.1 Data Collection and Preprocessing

= Collect multilingual datasets including English, Chinese,
and Indonesian data.

= Clean the text by removing noise, adjusting punctuation,
and standardizing formats.
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= Convert text data into sentence embeddings using pre-
trained language models ( BERT, RoBERTa).

6.2 Sentence Embedding-Based Augmentation

= Vector Space Transformation:

= Apply geometric transformations (methods inspired by
computer vision) on sentence embeddings.

= Utilize operations such as shifting, rotation, scaling, and
perturbation to generate synthetic embeddings.

= Latent Space Interpolation:

= Utilize interpolation between sentence embeddings to
produce new, meaningful variations.

= Retain semantic consistency while introducing variations
to enhance model robustness.

6.3 Model Training and Optimization

= Train deep learning architectures (LSTM and BERT)
using both original and augmented datasets.

= [Implement contrastive learning to ensure that synthetic
embeddings exhibit useful relationships.

= Enhance model performance through hyperparameter
tuning and regularization techniques.

6.4 Evaluation and Comparative Analysis

= Perform quantitative assessments employing accuracy,
F1-score, and various classification metrics.

= Compare LiDA with established augmentation methods
(back-translation, synonym substitution, generative
augmentation).

= Conduct ablation studies to evaluate the contribution of
each augmentation method.

6.5 Cross-Language Validation

= Assess LiDA's performance on English, Chinese, and
Indonesian datasets.

= Confirm language independence by analysing
performance on low-resource and high-resource
languages.

6.6 Real-World Application and Deployment

= Integrate LiDA into practical NLP workflows for spam
detection, sentiment analysis, and topic classification.

= Create an open-source platform for broader application
in both academia and industry.

= Publish research findings to support NLP advancement
and processing of low-resource languages.

By employing these techniques, LiDA ensures effective,
scalable, and language-agnostic data augmentation, leading to
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enhanced text classification performance across diverse
linguistic contexts.

VII. ARCHITECTURE
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FIG 6: Architecture of Proposed System
VIll. EXPECTED OUTCOMES
8.1 Improved Model Performance:

= LiDA enhances the accuracy of text classification models
across multiple languages.

= Experimental results show performance improvements of
up to 10% for various dataset sizes.

8.2 Effectiveness in Low-Resource Languages:

= LiDA works well even with small training datasets,
making it suitable for low-resource languages.

= |t does not require language-specific features, enabling
broader applicability.
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FIG 7: Accuracy of Training Dataset
8.3 Computational Efficiency:

= Compared to back-translation, LiDA is faster and
computationally more efficient.
= For instance, back-translation of 100 data points takes 30

seconds, whereas LiDA only requires 5 seconds.
8.4 Language Independence:

= LiDA is not restricted to any specific language.

= The augmentation process operates at the sentence
embedding level, allowing seamless integration with
multilingual text classification models.

8.5 Robustness Across Models:

= The technique is effective for both LSTM and BERT
models.

= |t consistently improves model performance in different
text classification scenarios.

8.6 Scalability and Adaptability:

= LiDA can be extended to support more languages by
training SBERT with new language data using.
knowledge distillation.
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FIG: 8: Performance of the Dataset
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