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Abstract

The increasing usage of Banglish-a code-mixed variety of Bangla written in Ro-
man script-presents significant challenges for NLP. This paper presents the first
cross-script framework for identifying Bengali’s two main language registers,
Shadhu and Cholito, across both Bangla and Banglish text. A balanced bench-
mark dataset is developed, and a wide range of models is evaluated, including
transformer architectures, such as MuRIL, XLM-RoBERTa, mBERT, and Dis-
tiIBERT, a Bi-LSTM network, as well as traditional machine learning classifiers.
Experiments demonstrate that MuRIL achieves the best performance on Bangla
with 95.92% accuracy and 0.9591 macro Fl-score, while mBERT performs best
for Banglish, yielding 85.73% accuracy and 0.8573 macro Fl-score. For the com-
bined four-class corpus, the highest overall accuracy of 90.08% and 0.9001 macro
Fl-score was obtained by XLM-RoBERTa. Ensemble methods, weighted soft
voting, and hard voting further develop robustness on transliterated and code-
mixed data, 89.87% and 89.16% accuracy, respectively. These results set a strong
benchmark for cross-script Shadhu-Cholito classification and form the basis for
future applications, including sentiment analysis and machine translation tasks
in the low-resource and mixed-script environments.
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1 Introduction

Bangla, spoken by over 250 million people, is the most popular South Asian language
[1]. Classically, it was written in the Bangla script, but its use with the expansion of
internet communication has grown to a gigantic level. This has spurred the creation
of Banglish, a blend which writes Bangla words using the Roman script, commonly
disseminated with English sentences. While Banglish has become popular on mass
media and informal platforms, its irregular spelling, code-switching, and informality
pose severe challenges to Natural Language Processing (NLP) [2].

Parallel to this, the Bangla language itself has two registers: Shadhu (1), the
standard variant used in scholastic, literary, and formal usage, and Cholito(ﬁ%{@), the
colloquial form prevalent in spontaneous usage. Shadhu Bangla largely takes classical
forms (e.g., ‘B, WES®) while Cholito takes simpler forms (e.g., ‘I, ),
especially in verb conjugation and usage of pronouns. Accurate identification of such
registers is of paramount significance in applications such as sentiment analysis, trans-
lation, and text categorization. But with the advent of Banglish, this becomes a bigger
problem, and transliteration dissolves the line between formal and informal registers,
such that even more advanced modeling strategies become difficult to demand.

While Banglish carries linguistic and cultural significance, Bengali NLP study
has largely relied on monolingual Bangla or multilingual settings with few register-
based variations. Precisely, Shadhu and Cholito categorization in both Bangla and
Banglish are not heavily investigated [3]. Existing approaches do not generalize across
script and style, hence the need for robust approaches capable of addressing this
two-language challenge.

This research addresses the problem by establishing the first benchmark framework
for cross-script Shadhu—Cholito classification. A well-balanced dataset for Bangla
and Banglish registers is developed and a wide range of models is comprehensively
evaluated, ranging from transformer-based models (e.g., XLM-RoBERTa, mBERT,
BanglaBERT, MuRIL) to BiLSTM networks and TF-IDF-based classifiers (e.g., Lo-
gistic Regression, SVM). Ensemble learning techniques such as weighted soft voting
and hard voting are employed to enhance robustness.

The key contributions of this research are the following:

¢ Banglish Dataset: Fresh, tagged dataset for Shadhu-Cholito identification in
Banglish, contributing to low-resource language studies.

¢ Comprehensive Benchmarking: Thorough testing of transformer-based, recur-
rent, and traditional machine learning models for register classification in both
Bangla and Banglish.

¢ Ensemble Framework: Demonstration of ensemble learning methods that
improve classification accuracy and robustness across scripts.
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¢ Cross-Script Evaluation: Design of a testing platform assessing generalizability
between Bangla, Banglish, and combined datasets.

To the best of current knowledge, no previous work has presented a Banglish

Shadhu—Cholito dataset, cross-script evaluation across Bangla and Banglish, or a com-
prehensive benchmark involving classical ML, recurrent models, transformers, and

ensembles for register classification. While existing works have looked only at monolin-
gual Bengali or at sentiment analysis, this paper presents the first unified benchmark
for Bangla—Banglish register detection, accompanied by a curated Banglish dataset
and cross-script analysis.

2 Related Works

Research in Bengali NLP has grown rapidly in recent years, leading to advances in
text classification, resource creation, and multilingual modeling. However, most prior
studies remain focused on either monolingual Bengali or general multilingual corpora,
with limited attention to Banglish and almost none to form-based distinctions such as
Shadhu and Cholito. This section reviews relevant work in two main areas: Bengali
text classification and code-mixed or multilingual analysis.

2.1 Bengali Text Classification and Resource Creation

Early progress in Bengali NLP has been driven by dataset building and classification
models. Alam et al. [4] demonstrated that multilingual Transformer models could
be efficiently transferred to Bengali text classification, achieving improvements in
both domains. Ayman et al. [5] introduced BanglaBlend, a large-scale dataset that
distinguishes between Shadhu and Cholito, which provided the first solid material
for studying form-based distinctions. In following work by Ayman et al. Machine
learning was used by [6] for the task, while Ria et al. [7] presented better architectures
to better address low-resource tasks. Other neural approaches such as Bi-LSTM and
LSTM have been employed for classifying registers, with Ayman et al. [8] showing
their ability to learn contextual and semantic nuances. Parallel to this, Faisal et
al. [9] created an emotion detection tool for Bangla and Banglish, addressing the
challenge of code-mixing and language diversity. Ullah et al. [10] developed a multi-
label classification model to automatically categorize the contextual themes of Bangla
books. In parallel with this, Singha et al. [11] proposed an attention-based deep
learning model for Bengali text summarization. These initiatives constitute a growing
interest in Bangla classification tasks, but are either limited to monolingual Bangla
or lacking in complete benchmarking on both scripts.

2.2 Code-Mixed and Multilingual Analysis

Due to increasing use of Banglish, different research studies have investigated code-
mixed or multilingual settings. Sultana et al. [12] improved sentiment analysis of
Bangla-English by cross-lingual word replacement and data augmentation and es-
tablished the merit of the hybrid approach. Ahmed et al. [13] compared different
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classifiers in Banglish sentiment analysis and concluded ensemble as a better method-
ology than sole classifiers. Similarly, Das et al. [14] employed CNNs to reduce
colloquial Banglish and Twitter abbreviations. While these contributions are in-
structive regarding handling noisy and mixed-language text, their focus is less on
register-sensitive classification than on sentiment analysis.

2.3 Summary

Overall, prior work has advanced Bengali NLP through datasets, deep learning, and
multilingual modeling. Nonetheless, three gaps are of central concern: (i) work largely
addresses sentiment or general classification, rather than register-detection specific;
(ii) Banglish is underrepresented with limited datasets that reflect its transliterated
and informal nature; and (iii) systematic benchmarking of Bangla and Banglish has
not occurred. To address these lacunae, this paper introduces a new Banglish dataset,
compares a broad variety of models, and offers the first benchmarking for cross-script
Shadhu—Cholito classification.

3 Data Collection

The dataset utilized for this study comprises three datasets: Banglish Shadhucholito
Dataset, Bangla Shadhucholito Dataset, and Merged Shadhucholito Dataset. These
datasets were collected to analyze linguistic variation in Bangla and Banglish, namely
Shadhu and Cholito, and their transliterated Banglish counterparts. Data collection
was accomplished by sourcing, annotating, and preprocessing for a quality corpus to
carry out linguistic analysis.

3.1 Data Sources

Two disparate datasets were utilized for the identification of Shadhu and Cholito
registers in Bangla and Banglish in this study.

The Bengali sentences, formal Shadhu and informal CholitoBhasha, were collected
from publicly available domains such as the BanglaBlend dataset [5]. The dataset
provides a good foundation for the detection of formal and informal Bengali text,
which is essential for proper training and evaluation of models.

The Banglish sentences used in this study were manually curated by the authors.
They were produced via phonetic transliteration of Bengali sentences drawn from the
Sahityapath (ﬂﬂ'}ﬁi‘?ﬂﬁ) textbook of the 2024-25 Higher Secondary Curriculum (11th—
12th grade), specifically the Prose (55) section, which is part of the official curriculum.
Shadhu (31) examples were sourced from this textbook, whereas Cholito (5) ex-
amples were collected from public Facebook posts and comments. The transliteration
procedure preserves the linguistic properties of the original Bengali sentences while
following conventions common in informal online communication. With regard to
the textbook examples, this work are relying on fair use of publicly available educa-
tional material. Regarding social media data, this study only collected those posts
that were publicly visible and anonymized all personally identifiable information. No
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private or sensitive data were used. The data is only for research and benchmark-
ing purposes, without any kind of commercial use; thus, this practice follows ethical
standards commonly applied in NLP research.

3.2 Dataset Composition
The datasets contain sentences labeled by linguistic register and script:

¢ Merged Shadhucholito Dataset: Contains 14065 sentences, divided between
Bangla and Banglish scripts. Each entry includes a sentence, label (Shadhu Bangla,
Cholito Bangla, Shadhu Banglish, Cholito Banglish), script type (Bangla or Ban-
glish), and numerical label (1 for Shadhu Bangla, 2 for Cholito Bangla, 3 for Shadhu
Banglish, 4 for Cholito Banglish). Table 1 presents sample sentences from Merged
Shadhucholito Dataset, illustrating the linguistic diversity and correspondence
between Bangla and Banglish.

Table 1: Sample Data from Merged Shadhucholito

Dataset
‘ Sentence ‘ Label ‘ Script ‘ Label ‘
T Sl e 19 o7l | Shadhu bangla 1
) Bangla
I (ST B (AT TR Cholito bangla 2
Bangla
shekhankar janala diye | Shadhu banglish 3
shomudro dekha jaitechilo Banglish
ami gosol kore khete jabo Cholito banglish 4
Banglish

¢ Banglish Shadhucholito Dataset: Contains 7010 Banglish sentences (3430
Shadhu Banglish, 3580 Cholito Banglish) for model training.

¢ Bangla Shadhucholito Dataset: Contains 7108 Bangla sentences (3475 Shadhu
Bangla, 3633 Cholito Bangla).

3.3 Dataset Statistics and Visualization

Table 2 summarizes the statistics of Merged Shadhucholito Dataset.

Table 2: Statistics of Merged Shadhucholito Dataset

Category Entries Unique Words Avg Length
Shadhu Bangla 3475 6047 8.75
Cholito Bangla 3633 6375 7.71
Shadhu Banglish 3430 9803 8.76

Cholito Banglish 3580 10176 7.92
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Fig. 1 visualizes the sentence distribution, confirming balance across different
categories.
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Figure 1: Distribution of Dataset Entries Across Shadhu and Cholito Categories.

Word clouds in Fig. 2 highlight frequent words in each category, generated using
Python’s wordcloud library with stop word removal and text normalization.

Shadhu Bangla Shahdu Banglish
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Figure 2: Word Cloud for ShadhuBangla/Banglish and Cholito Bangla/Banglish
Sentences

4 Methodology

This work proposes a multi-model architecture for detecting Shadhu and Cholito
forms in both Bangla and Banglish texts. The methodology comprises five pri-
mary stages: dataset curation, language-specific preprocessing, data stratification,
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model evaluation, and ensemble-based aggregation. An overview is formalized in
Algorithm 1.

4.1 Dataset Curation

Three distinct datasets are utilized:

¢ Bangla Shadhucholito Dataset (Dg,): Native Bangla script corpus labeled as
Shadhu Bangla or Cholito Bangla.

¢ Banglish Shadhucholito Dataset (Dg,p,): Manually constructed Roman-script
transliterated Bangla, labeled as Shadhu Banglish or Cholito Banglish.

* Merged Shadhucholito Dataset (Dyjerged): Concatenation of Dg, and Dgngn
for cross-script generalization.

Each sample is assigned one of the following labels:

{y1 : Sadhu-Bn, ys : Common-Bn,

= ].
Y y3 : Sadhu-EnBn, y4 : Common-EnBn} v

4.2 Language-Aware Preprocessing

Tailored preprocessing pipelines are developed to handle the script and linguistic
nuances in Bengali and Banglish corpora.

4.2.1 Bengali Text Preprocessing

Bengali texts are processed using the following rules:

* Remove non-Bangla characters, emojis, numerals, and special symbols.
¢ Normalize Unicode representations using NFKC.

¢ Compress redundant whitespace and punctuations.

4.2.2 Banglish Preprocessing

For Roman-script Bangla, the cleaning strategy includes:

¢ Strip all emojis, digits, and special tokens.
* Normalize spacing and lowercase the text.

Table 3: Banglish Preprocessing Examples

Original Text Processed Output
eiTa bhalo na!!l!#$$ 123 eita bhalo na

ami kal Dhaka jacchi | ami kal dhaka jacchi
@5PM

eta ekta Cholito banglish | eta ekta Cholito banglish
bakko! bakko
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4.3 Data Stratification

Each dataset (Dgyn, DEnBn, Diierged) Is partitioned via stratified sampling: Train 80%,
Validation 10% and Test 10%. Stratification ensures proportional representation of
all form-script labels.

4.4 Model Architecture and Justification

To capture diverse linguistic and semantic cues, a hybrid model suite is employed
comprising three categories:

4.4.1 Transformer-Based Models

¢ BanglaBERT: Monolingual Bangla model fine-tuned for language-specific features
[15].

¢ mBERT: Cross-lingual BERT trained on 104 languages; serves as a multilingual
baseline [16].

¢ MuRIL: Designed for transliterated and code-switched Indic text; suited for
Banglish [17]

¢ DistilBERT: Lightweight transformer with low latency and high inference
speed[18].

¢ XLM-RoBERTa: Multilingual transformer pretrained on CommonCrawl; strong
cross-lingual alignment[19].

¢ ELECTRA: Discriminator-based pretraining model with sample-efficient learning
[20].

¢ IndicBART: FastText-based multilingual model optimized for low-resource Indic
languages [21].

4.4.2 Recurrent Model
¢ Bi-LSTM: Sequence model that captures forward and backward dependencies in
token sequences, especially effective for stylistic variations [22].

4.4.3 Shallow Lexical Models

e TF-IDF + Logistic Regression: Strong linear baseline on sparse word frequency
vectors.

e TF-IDF 4+ SVM: Margin-based model known for robust performance on short-
text data.

4.5 Ensemble Aggregation

To aggregate the diverse capabilities of individual models, both probabilistic and
voting-based ensembles are used.
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4.5.1 Weighted Soft Voting

Predicted class probabilities p; from each model are weighted and averaged:

N
Pensemble = E w; - Pi 3 :gsoft = arg m?“X Pensemble [C]
=1

4.5.2 Weighted Hard Voting
Predicted labels g; are tallied using model-specific weights:

N
Jhara = arg max (Z wi (G = c))
=1

Here, }(+) is the indicator function. Both strategies demonstrated superior macro-F1
and accuracy, particularly on Dyierged-

Algorithm 1 Classification Workflow

Require: Dg,, DEungn
Ensure: Predicted labels for Dyerged
Preprocess each text in Dy, and Dg,gn
DMerged — DBn U DEan
for cach dataset D in {Dgn, DEnBn, DMerged } dO
Stratify into Train (80%), Validation (10%), Test (10%)
end for
for each model M; do
Train M; on Dy;ain, validate on Dy,
Generate predictions ¢; and probabilities p; on Dyegt
end for
Combine outputs using weighted soft and hard voting
: return Final ensemble prediction Jensemble

© ® 3 >N

=
= o

4.6 Experimental Setup

All the transformer models were fine-tuned with exactly the same configuration to
ensure a fair comparison. The AdamW optimizer was employed with a linear learning-
rate scheduler and a warmup ratio set to 0.1. Table 4 summarizes the hyperparameters
used for all models.

5 Results and Discussion

This section compares the performance of transformer models and machine learn-
ing on three corpora: Bangla, Banglish, and combined Bangla and Banglish, for
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Table 4: Unified training hyperparameters for all
transformer models.

Hyperparameter Value

Learning Rate le-4 (0.0001)

Batch Size 32

Epochs 25

Max Sequence Length 128

Optimizer AdamW

Scheduler Linear decay with warmup (0.1)

the classification of Shadhu and Cholito forms. Compared models are ELEC-
TRA, XLM-RoBERTa, IndicBART, DistilBERT, MuRIL, mBERT, BanglaBERT,
Bi-LSTM, Logistic Regression, SVM, and ensemble methods (Weighted average Soft
Voting and Hard Voting). Performance metrics include accuracy and macro Fl-score.

5.1 Performance Comparison on the Bangla Dataset

The Bangla dataset with Shadhu and Cholito Bangla texts was employed for testing
model performance. The performance of all the tested models is presented in Table 5.

Table 5: Performance Metrics on the Bangla Dataset

Model Accuracy (%) Macro F1-Score
MuRIL 95.92 0.9591
XLM-RoBERTa 95.64 0.9563
DistilBERT 93.11 0.9309
mBERT 93.11 0.9309
Logistic Regression 87.90 0.8788
Bi-LSTM 87.76 0.8774
SVM 87.06 0.8704
IndicBART 86.36 0.8622
BanglaBERT 86.36 0.8634
ELECTRA 74.26 0.7426

MuRIL boasted the highest accuracy (95.92%) and macro Fl-score (0.9591) due
to its advanced multilingual training. XLM-RoBERTa (95.64%) and DistilBERT /m-
BERT (93.11%) followed closely. ELECTRA registered the lowest accuracy (74.26%)
and macro Fl-score (0.7426).

Figure 3 displays the accuracies of evaluated models.

Figure 4 displays the confusion matrices of the ELECTRA and MuRIL models,
showing their performance in predicting ’Cholito Bangla’ and ’Shadhu Bangla’ using
different color schemes to highlight prediction accuracy.
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Performance Comparison on the Bangla Dataset

Accuracy (%)

Figure 3: Comparison of model accuracies on Bangla dataset.
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Figure 4: Confusion Matrices of ELECTRA and MuRIL

5.2 Performance Comparison on the Banglish Dataset

Banglish dataset, which includes Shadhu and Cholito Banglish text, was used to test
model performance on transliterated text. Results are presented in Table 6.

Table 6: Performance Metrics on the Banglish

Dataset
Model Accuracy (%) Macro F1-Score
mBERT 85.73 0.8573
Bi-LSTM 84.59 0.8457
MuRIL 84.17 0.8416
DistilBERT 84.17 0.8415
XLM-RoBERTa 83.88 0.8386
Logistic Regression 83.31 0.8328
SVM 82.31 0.8227
ELECTRA 81.17 0.8116
IndicBART 80.74 0.8067

BanglaBERT 55.63 0.5368
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Highest accuracy (85.73%) and macro F1-score (0.8573) were achieved by mBERT,
which showed better handling of transliterated features. Bi-LSTM (84.59%) and
MuRIL/DistilBERT (84.17%) were at the second place. BanglaBERT recorded the

least accuracy (55.63%) and macro Fl-score (0.5368). Figure 5 represents model
accuracies.

Performance Comparison on the Banglish Dataset
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Figure 5: Comparison of model accuracies on Banglish dataset.

Figure 6 displays the confusion matrices of the mBERT and BanglaBERT mod-
els, showing each model’s performance in predicting ‘Cholito Banglish’ and ‘Shadhu
Banglish’ with varying levels of accuracy.
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Figure 6: Confusion Matrices of mBERT and BanglaBERT
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5.3 Performance Comparison on the Combined Dataset

The merged dataset of four classes (Shadhu Bangla, Cholito Bangla, ShadhuBanglish,
Cholito Banglish) tested models’ robustness against linguistic variations. Results are

shown in Table 7. XLM-RoBERTa was best with an accuracy of 90.08% and a macro
F1l-score of 0.9001, benefiting from its cross-lingual ability. Weighted Soft Voting

(89.87%) and Weighted Hard Voting (89.16%) followed. BanglaBERT was worst
with an accuracy of 74.22% and a macro Fl-score of 0.7233. Figure 7 graphs model
accuracies..

Table 7: Performance Metrics on the Combined Dataset

Model Accuracy(%) Macro F1Score
XLM-RoBERTa 90.08 0.9001
Weighted Soft Voting 89.87 0.8983
Weighted Hard Voting 89.16 0.8911
MuRIL 89.09 0.8904
DistilBERT 88.17 0.8813
mBERT 85.76 0.8575
TF-IDF Logistic Regression 85.48 0.8546
TF-IDF SVM 84.63 0.8461
IndicBART 83.99 0.8394
Bi-LSTM 82.44 0.8239
ELECTRA 78.97 0.7897
BanglaBERT 74.22 0.7233

Performance Comparison on the Combined Dataset
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Figure 7: Comparison of model accuracies for Shadhu—Cholito classification on com-
bined dataset.
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5.4 Discussion

MuRIL (95.92% on Bangla), mBERT (85.73% on Banglish), and XLM-RoBERTa
(90.08% on combined) outperformed other models due to their effectiveness in process-
ing multilingual and transliterated text. Weighted Soft Voting (89.87%) and Weighted
Hard Voting (89.16%) improved accuracy through ensemble methods. However,
BanglaBERT (55.63% on Banglish) underperformed, likely due to its monolingual
training, and ELECTRA (74.26% on Bangla) struggled with multi-class classifica-
tion, particularly with transliterated Cholito sentences that resembled formal Bengali
syntax.

Figure 8: Confusion matrices for the Weighted Soft Voting and Hard Voting.

5.5 Error Analysis

Syntax Overlap: Simple Cholito sentences, like “ami jabo” (I will go), were
misclassified as Shadhu due to their syntactic simplicity.

Transliteration Challenges: Variations in Romanized spelling caused overlap
between formal and informal text, hindering accurate classification.

Code-Switching: ELECTRA faced difficulties with sentences containing both
Bengali and English, leading to misclassifications.

Ensemble Limitations: While ensemble methods enhanced robustness, they did
not fully resolve issues related to transliteration inconsistencies and code-switching.

Each transformer model was fine-tuned using 3 different random seeds: 13, 42,
and 2025. The average results are reported as mean + std. The variance across all
models was small, std 0.4, confirming the stability of training.

6 Conclusion

This work presented an extensive analysis on Shadhu and Cholito form detection in
Bangla and Banglish text with comparative analysis of several conventional machine
learning, a recurrent neural network (Bi-LSTM), and transformer-based approaches.
The experimental results demonstrated that the transformer models surpassed all the
other baselines: MuRIL on B (95.92%), mBERT on Banglish (85.73%), and XLM-
RoBERT=a on the combined dataset (90.08%). Ensemble techniques yielded modest
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improvements in robustness but did not outperform the top-performing standalone
transformer models. The study underscores the challenge of Banglish processing, in
which transliteration inconsistency and code-switching degrade the performance of
monolingual models such as BanglaBERT.

There still exist certain limitations, such as this work did not perform cross-script
train-test evaluation owing to resource constraints (e.g., training on Bengla and testing
on Banglish), and identify this as an important future direction for analyzing script-
level generalization. Given that there exist variations in typing habits between users,
transliteration and spell variants are not adequately treated, and domain generaliza-
tion remains a challenge. Future work will be focused on augmenting the Banglish
dataset with naturally occurring social media text and expanding the proposed frame-
work for downstream tasks such as sentiment analysis, machine translation, and
conversational agents.
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