Entropy-guided Script-aware Mixture-of-Experts to Tri-lingual Sentiment Analysis of
Marathi Hindi English communication

Dr. Aniruddha Shelotkar?, Dr. Sai Kiran Oruganti?

1LUC/CPGS/PDF/2025150801 Post-Doctoral Researcher, Computer Science Engineering, Lincoln University
College, Malaysia; 2Associate Professor, Lincoln University College, Malaysia
Email ID: 'pdf.Aniruddha@lincoln.edu.my, *saisharma@]lincoln.edu.my

Abstract: Multilingualism in the Indian online platforms are a problem that involves script-switching and
transliteration as it is a complex phenomenon that presents a challenge to sentiment analysis systems.
Indicatively, both Devanagari and Latin scripts can be used in one discourse unit in Marathi, Hindi and English.
By representational interference and distributional mismatch, the performance of traditional multilingual
transformer models is reduced when exposed to romanized data with mixed scripts. This paper provides Tri-
Indic MoE-Sent, an early entropy-based script-aware mixture-of-experts (MoE) model of tri-lingual sentiment
analysis. The framework is comprised of three neural experts of English, Devanagari (Marathi/Hindi), and
romanised/code-mixed scripts and a lightweight gating network, which is operated by the ratio of scripts and
entropy of the data. Also, there is a lexicon-based, symbolic, sentiment-analytical branch, which explains the
effects of linguistic negation, emotional intensity through negation, and emojis. In the case of Hindi, Marathi,
English and Hinglish, the findings reveal that performance is improved in Hindi and mixed script strength is
increased in comparison to the multilingual baselines (XLM-R [12] and IndicBERT [5]). The suggested
framework and the findings were based on the theory that multilingual sentiment could be addressed as a
combination of the various distribution of different regimes of script, which could be used to conditional
computation. Ablation and calibration analyses demonstrate that expert specialization regime-sensitive is
more efficient and stable than monolithic multilingual encoders.

Keywords: Multilingual Sentiment Analysis, Code-Mixed NLP, Script Entropy, Mixture-of-Experts, Marathi NLP,
Hindi NLP, Hybrid Neural-Symbolic Modeling.

INTRODUCTION

One of the main activities in NLP is the sentiment analysis, and it is an essential component in social media
analytics, public sentiment analysis, brand analysis, and recommenders. Recent studies in the field of deep
learning and transformer architecture in particular over the last 10 years have enhanced the performance of
the sentiment classification in monolingual case [11,12]. But this is true of only a more or less large variety of
languages and dialects that are homogenously distributed with not very different writing systems and
orthographic practices. The multilingual society of India is an example, with this digital linguistic phenomenon
being defined by massively fluid multilingual and transliterated communication that are major sources of
hassles, and are not measured, by the common rule of thumb in NLP models. The prevailing social media and
e-commerce review systems in India are bilingual multilayer interfaces in which free-flowing usage of Marathi,
Hindi, and English is a commonplace on websites such as Twitter, YouTube, Instagram, and others.

This diversity poses a basic issue of modeling. Multilingual transformers Multilingual transformers, such as
BERT [11] and XLM-R [12], are fine-tuned on large multilingual data sets and have been demonstrated to have
great cross-lingual transfer.. Experiments done with code-mixed sets, such as SentiMix [6] and Hinglish
datasets [7] have demonstrated that multilingual encoders fail in scenarios where the script distribution is
very variable. Models that pay attention to Indics such as MuRIL [4] and IndicBERT [5] have attempted to
address the issues by incorporating transliteration and corpora of Indic languages in their pretraining. Such
approaches do enhance the quality of representation of native-script Hindi and Marathi, but, nevertheless, it
remains a monolithic encoder.
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Neural network classifiers also require the use of calibration and reliability. Devoid of distributional shift [16].
The routing errors within conditional models are heightened in the different multilingual environment due to
the confidence of miscalibration. The LLMs have led to a radical improvement in the sphere of Natural
Language Processing (NLP) [26].

Tri-Indic MoE-Sent for Sentiment Analysis
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Figure 1: Tri-Indic MoE-Sent for Sentiment Analysis

The major contributions of this study are:

Script-Aware and Entropy-Based Routing Mixture.

We describe a combination of expert’s model plus script entropy values and proportion measures of
expert routing and later specialization to a regime.

The Multilingual Sentiment Formal Mixture Distribution Model.

We offer a formal model of tri-lingual sentiment classification as a mixture distribution and, therefore,
rationalize the application of conditional computation.

HNSI, Hybrid neural symbolic integration.

We additionally combine lexicon-based polarity cues with experts in neural networks to enhance noise
and code-switching resistance.

Evaluation and Calibration Analysis by Regimes.

We compare the performance of script regimes and also evaluate the calibration stability in a
profound manner instead of just considering the accuracy.

Efficiency and Robustness Empirical Results.

We demonstrate the best Hindi classification and mixed-script strength and outperform multilingual
baselines XLM-R [12] and IndicBERT [5].

RELATED WORK

The sub section provides a context of the proposed Tri Indic MoE-Sent framework in relation to the above-
mentioned streams of research.

Marthi and Hindi Sentiment Analysis Resources.

The lack of an annotated dataset has significantly affected sentiment analysis of texts using the

Marathi and Hindi languages. When Kulkarni et al. [1] released their L3CubeMahaSent database, it contained
the first publicly available Marathi tweet-based sentiment data with three levels of polarity (positive, negative,
neutral) and allowed to benchmark and elucidate the phenomenon specific to Marathi social media text, e.g.,
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informal spelling and morphological richness. Pingle et al. [2] suggested the use of L3Cube-MahaSent-MD
which is a multi-domain extension, in which tweets, political discourse, subtitles, and reviews are modeled to
address domain variability.

The Al4Bharat project introduced the IndicSentiment [3], the first open-source multilingual sentiment dataset
to enable cross-lingual sentiment benchmarking with a shared sentiment annotation schema.

Ready to use Indic Language Models.

The transformer model neural network architecture which is trained on a large corpus has become a
seminal and fundamental part of NLP today. Cross-lingual BERT [11], and XLM-R [12], can be considered strong
examples of cross-lingual transfer because they use shared subword vocabularies. Nevertheless, these models
fail to deal with the issues of script variability and unpredictability of transliteration. Khanuja et al. [4]
suggested the solution to these problems in the form of MuRIL (Multilingual Representations for Indian
Languages). The difference between MuRIL and other models is that it is pre-trained with the help of
transliterated text to enhance its resistance to code-mixing and romanization. In turn, IndicBERT [5] offers an
architecture that utilizes an ALBERT-based one, yet incorporates an Indian multilingual language model, whose
parameterization is far more efficient. These two models have a significant enhancement in quality of
representation of native-script Marathi and Hindi.

Single-Mixed Sentiment Analysis.

Concerning code-mixed data, there is a lot of research done on samples with Hindi and English, or Hinglish.
The SemEval-2020 Task 9 (SentiMix) shared task [6] established the consistency in the performance appraisal
on the topic of classifying sentiment in code-mixed text, in which the transformer and ensemble-based models
outperformed the classical methods. The alterations in the performance caused by amplified code-mixing,
however, underscored the fact that it is hard to acquire such a complex structure in the input data. The more
recent works focused on frameworks that were constructed directly on a code-mixed text body. HingBERT [7]
is a specialised transformer, which has been trained on the corpus of Hindi and English in large Roman-script.
The same happened to Marathi and English mixed corpora in MyBoli [8]. The activities of the FIRE shared tasks
have also advanced the Indian code-mixed sentiment and language identification studies [13].

A majority of code-mixed systems support a limited number of language pairs. They do not generalize too well
to the tri linguistic situations, where English, Marathi and Hindi come into play. In addition, they tend to
consider code-mixing as a specialized set of data and not as a single phenomenon in a broader heterogeneous
space of heterogeneous data.

Conditional Computation and Mixture-of-Experts.

Mixture-of-Experts (MoE) architectures give a consistent treatment of conditional computation. Shazeer et al.
[9] suggested sparsely-gated MoE layers, directing inputs to experts of a specific nature, growing the model
size without growing the computation linearly. According to this, Switch Transformers showed a simpler
routing architecture and more stable training of large models (cite 2021switch). Other studies, such as GShard
[14] and sparse MoE versions [15], demonstrate that conditional computation can lead to improved
specialization and fewer parameters can interfere with each other in certain data subspaces.

Calibration and Transfer Learning.

The other central concern is the reliability in cases of distributional changes. Guo et al. [16] demonstrated the
poor calibration of modern neural networks; the authors depict that modern networks are overconfident. The
authors of [17] are interested in getting uncertainty information through ensemble. Calibration becomes more
important in multi-lingual cases where the script distribution is not uniform, in which case false-calibration
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produces increased mis-routing in the conditional architectures. The example of cross-linguistic transfer
learning and domain adaptation [18,20] also demonstrates the challenges of model transfers between
languages and domains. It depicts the fact that distributional heterogeneity requires adaptive mechanisms
that deal with it in a meaningful manner, which is of importance to Tri-Indic MoE-Sent design.

PROBLEM STATEMENT AND THEORETICAL FORMULATION

Sentiment analysis within multilingual Indian contexts has issues that differ from itinerant issues that can be
managed using single language classifications. Marathi—Hindi—English digital communication is an example of
input text created across varied linguistic and orthographic borders. In this part, the problem is formalized,
and the rationale for a script-informed mixture-of-experts method is explained.
Task Definition
Let the labeled dataset be defined as:
D = {(x, yOHLs
where:
e (x) represents an input text sequence (tweet, review, or comment),
e y € {positive, neutral, negativelis the sentiment label
The objective is to learn a classifier (fy (x)) parameterized by © , such that:
fo(x) -y
minimizing expected loss under distribution (p(x, y)):
E(x,y)~]]])[l(f9 (x)'Y)]
where (I(.) is typically cross-entropy loss.
In monolingual settings, (p(x)) is assumed to be relatively homogeneous. However, in the present tri-lingual
scenario, this assumption does not hold.
Multilingual Sentiment as a Mixture Distribution
Communication in Indian digital spaces has multiple latent frameworks in relation to language and script. We
therefore represent the marginal input distribution as a finite mixture.

p() = Y mp(xir)

TeER
where:

R ={DV,EN,ROM,CM}

represents:

e DV: Devanagari-dominant (native Marathi/Hindi),

e EN: English (Latin-dominant),

¢ ROM: Romanized Marathi/Hindi (Latin script for Indic words),

e CM: Code-Mixed Marathi/Hindi—English (often mixed-script).
The mixture weights 1, reflect the proportion of each regime in the data. This formulation aligns with
empirical observations in code-mixed NLP research [6,25], where language and script mixing introduce sub-
distributions with distinct structural properties.
Under this mixture model, a single classifier optimized for the aggregate distribution may be suboptimal. The
Bayes-optimal classifier under mixture partitioning can be expressed as:

) =) pElnf)

reRrR
where:

e f7(x) isthe optimal classifier for regime (r),

e p(r|x) is the posterior probability that input (x) belongs to regime (r).
This decomposition directly motivates conditional computation architectures such as Mixture-of-Experts
(MoE) models [9,10].
Script Proportion Modeling
To estimate regime membership, we derive low-cost orthographic signals based on Unicode character
statistics.
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Let:
e (C) denote the set of non-space characters in input (x),
e (Cgev) denote characters within the Devanagari Unicode range,
e (Ciat) denote characters within the Latin Unicode range.

We define script proportions as:

|Cdev|
(x) =
Pdev | |C||
Clat
(x) =
Pilat |C|

These proportions approximate the orthographic composition of the input. In purely Devanagari
text, pger, (Xx) = 1, whereas in English text, p;,:(x) = 1,. Mixed-script text yields intermediate values.

Script proportion modeling has been widely used in code-switch detection tasks [25] and provides a
computationally efficient proxy for regime identification.

Script Entropy as Mixing Intensity

To quantify the degree of orthographic heterogeneity, we define script entropy:

Gsm(x) = — Z ps(x) log ps (x)
s€{dev,lat}

This entropy measure captures mixing intensity:

e ¢Pem(x) = 0 for single-script inputs,

e ¢sm(x) increases when both scripts are present.
Script entropy provides a principled information-theoretic metric of regime uncertainty. Unlike binary
language detection, entropy captures continuous mixing intensity, which is particularly useful in code-mixed
contexts [6,7].
Risk Minimization under Regime Partitioning
The expected risk of classifier (f(x)) under mixture distribution becomes:

R(F) = Er-pr) |[Expem 1F (), 9]
If we assume regime-specific optimal classifiers f,.(x), then:

) =) p0fi)

TER
This formulation mirrors the mixture-of-experts paradigm [9], where:

e Experts approximate f,.(x),

e A gating network approximates (p(r|x)).
Under this framework, the Tri-Indic MoE-Sent model estimates (p(r|x)) using entropy-driven routing and
script features, allocating probability mass to regime-specialized experts.

PROPOSED ARCHITECTURE

The Tri-Indic MoE-Sent framework processes sentiment at the script level by using an entropy guided Mixture-
of-Experts (MoE) model for efficient sentiment analysis for Marathi-Hindi-English digital texts. The model is
designed based on the selective computational paradigms formulated for sparsely gated MoE networks [9]
and subsequently refined in Switch Transformers [10] and GShard [14]. In contrast to monolithic multilingual
encoders such as BERT [11] and XLM-R [12], our architecture strategically allocates representational capacity
based on script and linguistic regime.

The model consists of three primary components:
1. Neural Expert Modules

2. Lexicon-Based Hybrid Component
3. Entropy-Guided Gating Network
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Tri-lndic MoE-Sent Architecture
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Figure 2: Overview of the Tri-Indic MoE-Sent architecture
Expert Modules
We define the expert set as:
€ ={Een, Egevs Ecm}
Each expert (Ex) is implemented as a transformer-based encoder [11,12], initialized from multilingual or Indic-
pretrained checkpoints such as MuRIL [4] or IndicBERT [5].
(1) English Specialist (E,,,)
This expert is optimized for Latin-dominant English text. It captures syntactic and semantic patterns
characteristic of English sentiment, including adjective-noun polarity constructs and negation handling typical
in English corpora.
(2) Devanagari Specialist (E4.,,)
This expert models native-script Marathi and Hindi text. Marathi and Hindi exhibit rich morphology and
compound word formation. Native Devanagari modeling reduces tokenization fragmentation and preserves
sentiment-bearing morphemes that are often distorted in romanized text.
(3) Code-Mixed / Romanized Specialist (E ;)
This expert handles Romanized Marathi/Hindi and mixed-script input. Code-mixed corpora such as SentiMix
[6] and HingBERT resources [7] demonstrate that romanized Indic words require specialized modeling due to
orthographic variability.
Each expert produces class probabilities:
pre(ylx)

where (k € {en,dev,cm}).
By allocating specialized encoders, the architecture reduces representational interference that arises when a
single model attempts to encode all regimes simultaneously.
Lexicon-Based Hybrid Component
Purely neural encoders may struggle with short, informal, or emoji-rich inputs common in social media.
Therefore, we integrate a symbolic polarity branch inspired by the NRC Emotion Lexicon [21] and VADER
sentiment model [22].
The lexicon component extracts:

e Negation markers (e.g., ”:If?f”, ”:|'|_Eﬁ”, “not”)
Intensifiers (e.g., “dgd”, “GU”, “very”)
Emoji polarity scores

e Sentiment lexicon counts
Let the lexicon feature vector be:

Zjex (X)
The lexicon branch produces:

Diex (Y |x)
This hybrid integration aligns with findings that rule-based signals improve robustness in noisy social media
contexts [22].
EXPERIMENTAL RESULTS AND DISCUSSION
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This part shows extensive analysis of the suggested Tri-Indic MoE-Sent architecture over the monolingual and
code-mixed sentiment datasets. For analysis, we mostly report Macro-F1 due to class imbalance and also
include Accuracy for the sake of completeness. Calibration-aware metrics are analysed where applicable
[16,17]. Overview of proposed model shown below.

Entropy-Guided Script-Aware Mixture-of-Experts for Tri-Lingual Sentiment Analysis
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Figure 3: Overview of Entropy guided script aware mixture of expert for tri-lingual sentiment analysis

Overall and Per-Dataset Performance

Marathi Hindi English Hinglish Av
Method (Macro-F1 /||(Macro-F1 /||(Macro-F1 /|(Macro-F1 /[ Magcro-Fl
Acc) Acc) Acc) Acc)
0.7633 /110.6333 /1|0.7654 /110.7498 /
TF-IDF +5VM 0.7824 0.7006 0.7152 0.8502 0.728
Single Transformer|(|0.6322 /110.7437 /10.6642 /110.7057 / 0.6864
(IndicBERT/MuRIL) 0.8286 0.6501 0.7759 0.7339 )
. 0.6744 /1/0.8145 /110.8076 /110.7882 /
XLM-R (single model) 1}y o7, 0.7590 0.6718 0.7396 0.7712
Code-mixed pretrained||0.6022 /|0.6854 /110.6706 /10.6510 / 0.6523
(HingBERT/MeBERT) 0.6863 0.7812 0.8190 0.8167 '
. . 0.7309 /110.8356 /110.6409 /110.7108 /
Tri-Indic MoE-Sent (Full) 0.7637 0.7373 0.8193 0.7271 0.7296

Table 1 reports sentiment classification results across Marathi, Hindi, English, and Hinglish datasets.
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Figure 4: Overall performance across datasets.
There are multiple findings worth noting:

(1) Hinglish Results Improvement

Tri-Indic MoE-Sent scores at a new high of 0.8356 in Hindi Macro-F1 which means it beats XLM-R [12]
and IndicBERT/MuRIL [4,5].

(2) Stronger Consistent Results Along Diverse Data frames

Tri-Indic MoE-Sent has more strong consistency scores than XLM-R which has the highest
encompassing Macro-F1. Tri-Indic MoE-Sent is especially more consistent scores than XLM-R with data frames
that have more mixing of scripts than others.

(3) Code-Mixed and Romanized Frameworks

Pre-trained code-mixed models (HingBERT/MeBERT) [7,8] distinguished performance in Hinglish but
reduced it in monolingual situations. This shows over-specialized models. However, Tri-Indic MoE-Sent
achieved consistency of scores among different data frames.

Per-Regime Robustness: Native vs Romanized vs Code-Mixed

To directly evaluate the mixture-distribution hypothesis, we partitioned test instances using script entropy
(sm (x))) and script proportions:

e Devanagari-dominant: p;.,,(x) = 0.8
e Latin-dominant: p;,;(x) > 0.8
e Mixed-script: otherwise

‘Method HLatin-dominant HMixed-script ‘
‘Single Transformer (IndicBERT/MuRIL)HO.3274 HO.428 ‘
IXLM-R (single model) 0.3182 0.3464 |
[Tri-Indic MoE-Sent (Full) l0.3337 l0.3829 |

Table 2. Robustness by script regime
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Interpretation
These results directly confirm the theoretical decomposition:

) =) pOI0fG)

TER
By approximating (p(r|x)) via script entropy features, the model dynamically selects regime-specialized

representations.
Ablation Study: Component Contribution

To isolate architectural contributions, we conducted systematic ablations.

‘Variant HScript FeaturesHCode-Mixed ExpertHLexicon Branch“Avg Macro-FlHHininsh F1|
[Full Model ¥ v v 02738 o268 ]
[ No Lexicon ¥ ¥ I o-269 lo.2aa2 |
‘— No Code-Mixed ExpertH\/ HX H\/ H0.2753 HO.2562 ‘
‘— No Script Features HX H\/ H\/ HO.2708 HO.2475 ‘
luniform weights ~ |[x ¥ ¥ 02692 o.2516 |

Table 3. Ablation Results
Ablation Interpretation

¢ Removal of (Ecm) means Hinglish F1 is lowered - validates expert specialization.

¢ Removal of script features means mixed-script performance is lowered - validates entropy-guided
routing.

¢ Removal of lexicon features means performance on short/noisy texts is lower - affirms hybrid neural-
symbolic advantage [21,22].

¢ Uniform averaging performs worse than softmax gating - confirms conditional computation theory [9,10].

Discussion and Findings
The empirical data illustrates three theoretical constructs:

< Multilingual Sentiment is Mixture-Distributed

The performance variation across different regimes reinforces the fact that a single encoder is
suboptimal.

Entropy is a Strong Regime Signal

Script entropy is an effective estimator of (p(r|x)), resulting in a better routing.

Conditional Computation Improves Stability

Expert specialization leads to less parameter interference as opposed to shared multilingual models
[9,10,14].

The results reveal that entropy-guided script-aware mixture-of-experts modeling has offered a more potent
and reliable sentiment classification in comparison to monolithic multilingual models across tri-lingual Indian
digital communication.

X3

%

X3

%

CONCLUSION

Here, an entropy-directed, script-conscious mixture-of-experts model of Hindi-Eng-Marathi digital
communication tri-lingual sentiment analysis, tri-Indic MoE-Sent, is suggested. The framework is also distinct
compared to the majority of other multilingual transformers such as BERT [11], XLM-R [12], MuRIL [4] and
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IndicBERT [5] that share a single strong encoder to capture heterogeneous inputs; our architecture employs
many encoders to capture sentiment in other languages with multilingual sentiment being a mixture
distribution across script regimes. The framework models the regime-partitioning version of the Bayes-optimal
classifier due to the use of entropy-based routing, regime-specific transformer experts, and the combination
of a hybrid lexicon as in Section 3. Tri-Indic MoE-Sent has been indicated to be superior to other models
available empirically. To be more precise, the MoE-Sent model also performs superiorly compared to most
multi-lingual models, such as XLM-R [12] and IndicBERT [5], in terms of having the highest Macro-F1 on
sentiment classification of Hindi. This suggests that the representational interference that is generally an issue
of monolithic encoders was dealt with in model construction specialized in Devanagari. Besides, the strength
analysis between the script regimes demonstrates that the performance of the mixed-script and the Latin-
dominant (romanized) subsets is significantly better, which is directly connected with the increased
performance of the entropy-guided gating and the special code-mixed expert. The benefits of the architectural
design decisions are reflected in the ablation studies in the case of the Indian social media where the majority
of the code-mixings and romanizations are beneficial [6, 7, 25]. The elimination of the code-mixed professional
indicates the deterioration of Hinglish performance which further highlights the necessity of the regime-
specific specialization. The lack of entropy capabilities also led to a drop in robustness to mixed-script that
proves the fact that entropy signal was being used to route. In addition, the extension of functionality, based
on the NRC Emotion Lexicon [21] and VADER [22], enhances stability in the case of short input, high emojis,
and noise, which are characteristic of social media sentiment analysis. The scope model is, in a theoretical
perspective, also, aligned with the theoretical principles of conditional computation seen in Mixture-of-
Experts literature [9,10,14]. The Tri-Indic MoE-Sent model together with the special aims of this model can
selectively offer representational capacity depending on the composition of the script and the extent of mixing
that would lessen the interference of the parameters and enhance stability to the calibration [16,17]. This
form of adaptive specialization is what differentiates this model among other static models which share the
same parameters. This model can offer more successful learning and more generalization to different
orthographic diversity as compared to other models that do not change sets of parameters.

Overall, it can be seen that the results support the claim that the explicit modeling of linguistic and
script heterogeneity offers a more useful and reliable framework of the tri-lingual sentiment classification in
contrast to the existing multilingual single structures. The model does not only offer superior classification
accuracy on some regimes but also superior classification reliability and interpretability.
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