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Abstract
Romanized Nepali is the dominant medium of social media communication in Nepal, yet most multilingual NLP
models are trained on Devanagari, creating a noticeable drop in performance in informal settings. To address
this script mismatch, we develop NepaliXlit, a transliteration model fine-tuned from IndicXlit to better handle the
phonetic variability of Romanized Nepali. Trained on 2,943 informal word pairs and evaluated on 736 held-out pairs,
NepaliXlit improves transliteration accuracy by 8% and reduces character error rate by 11%. We use sentiment
analysis as a testbed to understand whether transliteration actually helps downstream NLP tasks. We curate
over 6,500 Romanized social media comments and construct a balanced subset of 1,518 manually annotated
instances. Baseline experiments show that multilingual encoder models struggle with Romanized input; however,
transliterating text into Devanagari using NepaliXlit consistently improves sentiment classification accuracy with
mBERT and MuRIL. Comparative evaluation against large language models (LLMs) further reveals that generative
models such as Gemini and GPT variants exhibit strong cross-script generalization and outperform encoder-based

baselines.

Our results indicate that adaptive transliteration enhances conventional multilingual models, while

modern LLMs offer a better alternative for multi-script, low-resource settings.

Keywords: Transliteration, Romanized Nepali, Cross-Script NLP, Sentiment Analysis

1. Introduction

The Nepali language, historically referred to as
Khas Kura or Gorkhali, is the lingua franca of
Nepal and is spoken by millions across South Asia
and the global diaspora (Sarkar, 2026). The De-
vanagari script is the official writing system for
Nepali and is deeply embedded in the nation’s
administrative and literary history (Dahal, 2000).
Devanagari exhibits relatively strong grapheme-to-
phoneme correspondence and forms the founda-
tion of standard Nepali orthography (Kumar et al.,
2010).

However, the digital age has introduced a signifi-
cant divergence between formal written standards
and informal online communication. Despite the
availability of native language keyboards, the Ro-
man script has emerged as the dominant mode of
digital communication for many Indic languages,
including Nepali. This shift is largely driven by
the global ubiquity of QWERTY keyboards on mo-
bile devices and computers. As noted by Mad-
hani et al. (2023a), the learning curve associated
with native keyboard layouts is often cumbersome
for multilingual South Asian users, leading to a
strong preference for Romanized input. This re-
sults in a vast volume of user-generated content
on platforms such as Reddit, Facebook, and Twit-
ter created using Romanized Nepali, a phonetic
approximation of the language using Latin charac-
ters (Sitoula et al., 2025).

This widespread reliance on Romanized input

creates a structural mismatch for Natural Lan-
guage Processing (NLP). Most state-of-the-art
NLP models for Nepali are pre-trained primarily
on Devanagari corpora (Pudasaini et al., 2024),
meaning that the script gap between user input
and model training data presents a substantial bar-
rier to effective text analysis in informal domains.
While Devanagari maintains orthographic stabil-
ity, Romanized Nepali is highly unstructured. Al-
though formal Romanization systems exist, such
as those documented by Shrestha (2012), they are
rarely adhered to in casual social media discourse.
Instead, users employ non-standardized phonetic
spellings that vary heavily based on individual pref-
erence, creating noisy text that lacks consistent or-
thographic rules.

For example, in the sentence 31T &9 It ®,
meaning “Today is a good day,” the word 3iTsf
(/ar.dza/) may appear as aaja, aja, aajaa, or aaj.
Similarly, & (/ts"a/) may be written as chha, cha,
chh, xa, xaa, or simply x. Such variability intro-
duces significant noise and further exacerbates
the gap between real-world usage and model train-
ing distributions. In addition, the Devanagari script
itself presents specific challenges and biases in
NLP due to its structural complexity and the linguis-
tic diversity of the South Asian region (Khadka and
Bhattarai, 2025). Together, these factors highlight
the need for approaches that explicitly address
script mismatch in Nepali NLP.

To bridge this gap, transliteration, the conver-
sion of text from one script to another based on
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phonetic similarity (Madhani et al., 2023a), can
be employed as a preprocessing strategy. By
converting Romanized inputs into native Devana-
gari, noisy social media text can be normalized
and made compatible with multilingual encoders
and large-scale Indic language resources (Baral,
2025). However, existing transliteration tools are
not tailored to the informal, phonetically inconsis-
tent Nepali found on social media. As we demon-
strate in this work, this limitation necessitates the
development of a domain-adapted transliteration
model capable of handling non-standard spellings.

To evaluate the efficacy of this approach, we
use sentiment analysis as a simple but effective
way to test downstream performance. Sentiment
analysis is the computational study of people’s
opinions, sentiments, and emotions toward enti-
ties and events (Anderson et al., 2024). The
rise of internet usage has generated a large vol-
ume of opinionated social media content, mak-
ing automated sentiment detection valuable for re-
search and industry alike (Pudasaini et al., 2024).
Importantly, sentiment analysis also provides a
controlled framework for assessing model perfor-
mance to informal and noisy language (Barbieri
et al., 2022). By applying sentiment analysis to
both raw Romanized text and transliterated De-
vanagari text, we systematically evaluate whether
bridging the script gap results in improvements in
downstream NLP performance in low-resource set-
tings.

Our core contributions are:

* We develop NepaliXlit, a domain-adapted
transliteration model fine-tuned from IndicXlit
to natively process informal, phonetically vari-
able spellings.

» We compile and annotate a balanced three-
class Social Sentiment Analysis dataset of Ro-
manized Nepali social media comments.

* We demonstrate via systematic experiments
with mBERT and MuRIL that transliteration
consistently improves downstream classifica-
tion accuracy.

» We evaluate multiple frontier Large Language
Models (LLMs) against these datasets, provid-
ing a comprehensive cross-script evaluation
for Nepali sentiment analysis.

2. Related Work

Prior work relevant to this study falls into four in-
tersecting areas: Nepali transliteration systems,
large-scale Indic transliteration models, sentiment
analysis for Nepali and multilingual settings, and
cross-script modeling challenges. Together, these

strands illustrate both the progress made and the
gap in handling informal Romanized Nepali.

2.1.

The computational processing of Nepali and De-
vanagari scripts traditionally focuses on bridg-
ing the gap between phonetic representation and
standardized digital formats. Early efforts in
this domain relied heavily on rule-based systems
that applied deterministic character-level map-
pings (Shrestha, 2012). These systems used
handcrafted grapheme-to-phoneme rules to con-
vert between scripts, often employing predefined
transliteration tables and finite-state style process-
ing to ensure consistent one-to-one correspon-
dences (Bhalla et al., 2013; De Mel et al., 2025).
Similarly, Khanal et al. (2021) utilized a manually
curated mapping table to convert printed Nepali
text into audible speech. While these rigid map-
pings work effectively for formal and predictable
text, they struggle with the linguistic nuances of col-
loquial language.

Recent advancements have shifted toward so-
phisticated normalization pipelines designed to
handle the inconsistencies of Romanized Nepali.
The NEPTUN framework by Chaudahry et al.
(2025) represents a significant step in this direc-
tion by integrating phonetic normalization with lex-
ical validation. This system converts Romanized
input into Devanagari to verify it against an estab-
lished Nepali lexicon before producing a standard-
ized Romanized output. By stabilizing the input
text, this method significantly enhances the accu-
racy of downstream tasks such as sentiment clas-
sification. Despite these improvements, existing
systems remain optimized for either formal text
or lexicon-constrained normalization, and do not
explicitly address the extreme phonetic variability
and non-standard shorthand prevalent in informal
Romanized Nepali social media.

Nepali Transliteration

2.2.

The most significant advancement in Indic
transliteration came through the Aksharantar
project (Yash Madhani and others, 2022), which
compiled the largest publicly available translitera-
tion corpus of 26 million word pairs across 21 Indic
language pairs. This dataset was used to develop
IndicXlit, a multilingual Transformer-based model
achieving a 15% accuracy improvement over
previous evaluations. IndicXlit has since become
the de facto evaluation standard in the field and
infrastructure for data generation, producing lower
token fertility and better embedding alignment
than rule-based systems (Jaavid et al., 2024).
However, because Aksharantar is constructed pri-
marily from formal, dictionary-sourced word pairs,

IndicXlit and Its Limitations
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IndicXlit is not optimized for the highly inconsistent
spellings characteristic of informal social media
input Baruah et al. (2024). Our NepaliXlit model
addresses this domain gap by fine-tuning IndicXlit
on social media-derived Romanized-Devanagari
word pairs, specializing it for the phonetically
inconsistent spellings common in casual digital
discourse.

2.3. Models Used for Sentiment Analysis

Because our objective is to evaluate whether
transliteration improves downstream performance,
the choice of sentiment classification models must
reflect current standards in Nepali NLP. While
early sentiment analysis relied on probabilistic
classifiers such as Naive Bayes and SVMs (Rish
et al., 2001; Forman, 2008), and later deep
learning architectures such as CNN-BILSTM hy-
brids (Hashmi et al., 2024), the field is now dom-
inated by pre-trained Transformer-based models.
These models consistently outperform traditional
approaches in multilingual and low-resource set-
tings, including Aspect-Based Sentiment Analysis
tasks (Narayanaswamy, 2021).

In the Nepali context, Sitoula et al. (2025)
demonstrated that multilingual transformers such
as XLM-RoBERTa and DistiiBERT outperform
SVM, Random Forest, CNN, and LSTM base-
lines on Reddit sentiment classification. This es-
tablishes transformer-based multilingual encoders
as the appropriate and competitive baseline for
Nepali sentiment analysis. Building on this foun-
dation, our work evaluates mBERT (Devlin et al.,
2019) and MuRIL (Khanuja et al., 2021) to sys-
tematically assess whether transliterating Roman-
ized input into Devanagari improves performance
within this model family. We further assess frontier
LLMs to examine whether large generative models
exhibit stronger cross-script generalization without
explicit normalization.

2.4. Cross-Script Modeling

A fundamental structural challenge in Nepali NLP
lies in the mismatch between model training data
and real-world usage. Most available models are
optimized for Devanagari corpora or high-resource
multilingual data, whereas informal digital com-
munication is dominated by Romanized Nepali.
This asymmetry creates performance degradation
when models trained on standardized script dis-
tributions encounter phonetically variable Roman-
ized input. Large multilingual encoders are further
affected by the “curse of multilinguality” (Xu et al.,
2021), where model capacity is diluted across
many languages, disproportionately impacting low-
resource ones such as Nepali. Within the Nepali

ecosystem, NepBERTa (Timilsina et al., 2022) rep-
resents a strong monolingual Devanagari model
and has shown effectiveness on YouTube com-
ments (Pudasaini et al., 2024). However, it was
not designed to process Romanized input. Sim-
ilarly, NepaliGPT (Pudasaini et al., 2025) was
trained on a strictly filtered Devanagari corpus that
excluded non-Devanagari tokens, rendering it un-
suitable for Romanized or code-mixed settings.

Some work has explored Romanized Nepali
directly. For example, Pradhananga and Sah
(2023) demonstrated that BERT outperforms tra-
ditional classifiers on Romanized reviews. How-
ever, these approaches do not address the struc-
tural script mismatch between training corpora
and informal usage. Rather than training sep-
arate models per script, our work investigates
whether domain-adapted transliteration can bridge
this divide and restore compatibility with existing
Devanagari-trained encoders, while also compar-
ing performance against modern LLMs that may
inherently generalize across scripts.

3. Methodology

This section outlines our three-phase methodology
for sentiment analysis of Romanized Nepali text.
First, we detail the architecture and fine-tuning of
our transliteration model, NepaliXlit. Next, we de-
scribe the dataset creation and annotation process
for social media comments. Finally, we present
the experimental setup used to evaluate model per-
formance across different script configurations.

3.1.

The core challenge in processing Nepali social me-
dia text is the script gap between informal Roman-
ized input and models trained on Devanagari (Pu-
dasaini et al., 2024). Without normalization,
Transformer-based classifiers encounter highly
variable Romanized forms, resulting in degraded
performance. To address this, we develop Nepal-
iXlit, a domain-adapted transliteration model that
converts noisy Romanized strings into standard-
ized Devanagari'. Following the transliteration-as-
normalization paradigm validated by Sampath and
Supriya (2024), NepaliXlit is specifically fine-tuned
to handle the high phonetic variability of informal
“Internet Nepali,” mapping non-standard strings to
their correct linguistic counterparts. Example map-
pings are shown in Table 1.

By normalizing these variations at the pre-
processing stage, text becomes compatible with
downstream Devanagari-trained models such as

Development of NepaliXlit

"NepaliXIit is publicly available on
https://github.com/Supriya090/NepaliXlit/tree/master/cli
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Romanized Devanagari Phonetic (IPA) English
manxe qs /mam.ts" e/ person
hunxa gD /hun.ts" o/ okay / happens
garnaw ™ /gar.na/ to do

Table 1: Sample transliteration word mappings from the NepaliXlit training dataset.

Romanized Input

Transliterated Results

English Translation

Priyanka le kati ramro boleko k fORieRT & opfar TaT Sictent & Priyanka speaks so well.

Rekha thapa mam lai leuna paro T TAT A TS &G ORI We need to bring Rekha Thapa
Ma’am.

mahina vaisakyo ghar dekhi AT YT TR SR MR Ment B It's been months since | left the

baahira gako xaina house.

Nepal ma kam garni manche na <UT HT & T A 7 I8l U §O He is the one who works in Nepal.

uha parnu hunxa

Priyanka kati choti yo maan jetcheu  fididnT &fd ®ICT It A Sicds T Priyanka, how many times will you

Mero

win my heart?

Table 2: Qualitative examples of transliteration generated using NepaliXlit. The first four samples demon-
strate accurate conversion of informal social media text, while the final sample (italicized) highlights a
model error where “jetcheu” was incorrectly mapped to "Sig@3" instead of the contextually appropriate

mBERT (Devlin et al., 2019) and MuRIL (Khanuja
et al., 2021).

3.1.1. Architecture and Corpus Preparation

We selected IndicXlit (Madhani et al., 2023b) as
the base architecture due to its transformer-based
encoder-decoder design and native support for
Nepali script. To adapt it for informal social
media text, we employed a domain-adaptation
strategy via fine-tuning, retaining general Indic
transliteration capabilities while accommodating
the orthographic variability in our dataset (Baruah
et al., 2024). The fine-tuning corpus consists of
3,679 parallel Romanized—-Devanagari word pairs,
sourced from 2,500 social media comments col-
lected across Facebook and Reddit. We prior-
itized high-frequency terms with observed infor-
mal spellings. Each mapping was manually veri-
fied by two native Nepali speakers to ensure cor-
rectness. Character-level tokenization was ap-
plied, with space-separated characters, allowing
the model to capture diverse spelling variations
without relying on a fixed vocabulary. We parti-
tioned the dataset into 80% training and 20% test-
ing splits. The held-out test set contains informal
spellings representative of real-world social me-
dia usage, allowing us to directly evaluate domain-
specific transliteration performance.

3.1.2. Fine-tuning and Evaluation

We fine-tuned the model using the Fairseq frame-
work (Ott et al., 2019), retaining the sequence-to-

sequence Transformer encoder-decoder architec-
ture of IndicXlit. NepaliXlit was trained on the 80%
training portion of the Romanized—-Devanagari cor-
pus and evaluated on the held-out 20% test split
consisting of informal social media word forms.
Training was conducted on an NVIDIA GeForce
RTX 3060 (8GB).

We evaluated transliteration quality using Top-1
Accuracy and Character Error Rate (CER). Com-
pared to the base IndicXlit model evaluated on the
same test set, NepaliXlit achieved a relative im-
provement of approximately 8% in Top-1 Accu-
racy and a relative reduction of 11% in CER.
These improvements indicate that domain-specific
fine-tuning enhances robustness to noisy and pho-
netically variable Romanized Nepali text. While
this work focuses primarily on the downstream im-
pact of transliteration on sentiment classification,
these results confirm that NepaliXlit provides a
stronger normalization layer than the base IndicXlit
model. Some examples of the transliteration done
by NepaliXlit is given in Table 2. A more extensive
re-evaluation of transliteration performance with
additional metrics and larger evaluation sets is left
for future work.

3.2. Sentiment Dataset Creation

3.2.1. Data Collection and Filtering

We collected Romanized Nepali comments from
multiple social media platforms, primarily target-
ing Facebook, followed by YouTube and Insta-
gram. To ensure a high density of Romanized
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Nepali text, we specifically focused on content pop-
ular among youth audiences. On Facebook, we
scraped comments from high-engagement pages
such as Routine of Nepal Banda®. On YouTube,
we targeted popular podcasts and vlogs, select-
ing channels such as Surakshya KC® and Priyanka
Karki*, where viewers frequently interact using Ro-
manized script.

Using the YouTube Comment Exporter exten-
sion®, along with manual extraction for Facebook
and Instagram, we conducted 69 collection runs
across 69 distinct posts. Although the exporter has
a maximum capacity of 100 comments per post,
we retrieved an average of 80 comments per run
to maintain data quality, resulting in an initial pool
of 6,566 raw comments. The raw dataset con-
sisted of a mix of emojis, pure English text, De-
vanagari Nepali, and multilingual content. We uti-
lized Gemini Pro (Comanici et al., 2025) to filter
out non-target content, specifically removing emo-
jis, English-only sentences, and Devanagari text to
isolate a cleaned Romanized Nepali dataset.

3.2.2. Sentiment Annotation and Balancing

We manually labeled each comment as Neutral
(0), Positive (1), or Negative (2), following standard
three-class sentiment analysis practices (Ander-
son et al., 2024). The annotation was conducted
by two students who are active social media users,
ensuring they were well-versed in the slang and nu-
ances of modern Romanized Nepali.

Sentiment Initial Count Final Count
Neutral 582 515
Positive 510 501
Negative 409 502

Table 3: Sentiment class distribution before and
after balancing.

As shown in Table 3, the initial filtering of the
6,500+ comments resulted in a distribution where
the negative class was significantly underrepre-
sented (409 samples) compared to neutral and
positive classes. To address this imbalance and
prevent model bias (Sitoula et al., 2025), we per-
formed a targeted second round of scraping. Dur-
ing this phase, we specifically sought out posts

’https://www.facebook.com/
officialroutineofnepalbanda/
Shttps://www.youtube.com/
@SURAKSHYAKCOFFICIAL
*https://www.youtube.com/
@PriyankaKarkill
5https://chromewebstore.google.
com/detail/youtube-comment-exporter/
hfkfcomfcfeanhckcdohojjjlaagmgpd

with controversial topics or heated discussions
likely to yield negative sentiments. By repeat-
ing the collection and cleaning process for these
specific sources, we successfully increased the
negative sample size to match the other classes.
The finalized, balanced dataset consists of 1,518
comments, providing a foundation for evaluating
transformer-based and large language models®.

3.3. Experimental Setup

We designed experiments to compare sentiment
analysis performance across Romanized Nepali,
Devanagari Nepali, and combined script datasets.
We evaluated both fine-tuned Transformer models
and LLMs for this comparison.

3.3.1. Transformer Models and Training
Configuration

We fine-tuned two Transformer-based encoders,
selected for their strengths in multilingual and
Indic-specific contexts.  Specifically, we used
mBERT, pre-trained on 104 languages us-
ing masked language modeling (Devlin et al.,
2019), and MuRIL, pre-trained on 17 Indic
languages along with their transliterated counter-
parts (Khanuja et al., 2021). MuRILs architecture
is optimized for Devanagari text, making it suitable
for transliterated datasets.

All models were trained on datasets consist-
ing of text paired with corresponding sentiment la-
bels. We enforced strict train—test separation to
prevent data leakage. Notably, this test set differs
from the “held-out” test set used for finetuning In-
dicXlit. MuRIL was trained exclusively on translit-
erated Devanagari data, while mBERT was evalu-
ated under three configurations: Romanized only,
Devanagari only, and a combination of both scripts
(Table 4). All models were trained on Google Co-
lab using GPU acceleration.

Configuration Train Test
Romanized only 1200 318
Devanagarionly 1200 318
Combined scripts 2400 636

Table 4: Fine-tuning configurations for sentiment
classification.

3.3.2. Large Language Models Evaluation

We selected LLMs via OpenRouter” for multilin-
gual support and efficiency. We evaluated them

®Social Sentiment Analysis Dataset is pub-
licly available at https://github.com/
anynomousresearch/Data

"https://openrouter.ai/
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in a zero-shot setting using the following prompt:

Classify the sentiment of this Nepali com-
ment: {comment}

Labels: 0 Neutral; 1 Positive; 2 Negative.
Answer with only the label.

We included Gemini 2.5 Pro (Google Deep-
Mind) (Comanici et al., 2025) for its advanced han-
dling of mixed scripts, effective with both Roman-
ized and Devanagari text. We used LLaMA 3.3
70B Instruct (Meta) (Grattafiori et al., 2024), an
open-source instruction-tuned model capable of
multilingual tasks, and Qwen3 Max Thinking (Al-
ibaba) (Yang et al., 2025), optimized for reason-
ing and multilingual processing. Claude Haiku
4.5 (Anthropic) served as a low-cost model suit-
able for short classification tasks, while Grok
4.1 Fast (xAl) provided speed and efficiency for
bulk processing. We further incorporated GPT-
OSS 120B (OpenAl) (Agarwal et al., 2025) as an
open-source baseline and GPT-5.2 (OpenAl) as
a high-performance model for sentiment analysis.
This careful selection balanced high-accuracy with
cost-efficient bulk classification.

3.3.3. Experimental Workflow

We designed a four-stage pipeline to ensure sys-
tematic evaluation and reproducibility. First, we
applied Script Standardization, using NepaliXIit to
transliterate Romanized comments into Devana-
gari, which created parallel datasets to minimize
orthographic noise. Second, during the Dataset
Configuration stage, we organized these outputs
into Romanized, Devanagari, and combined sub-
sets with fixed train-test splits. Third, we con-
ducted Transformer Fine-Tuning on mBERT and
MuRIL using consistent hyperparameters, ensur-
ing a fair comparison across scripts. Finally, we ex-
ecuted the LLM Evaluation stage, utilizing an asyn-
chronous zero-shot protocol to evaluate frontier
models. We employed concurrency controls and
batched processing in this final stage, ensuring
stable and scalable inference across all dataset
variations.

4. Results

This section presents the results we obtained from
the experimental configurations described in Sec-
tion 3. We evaluated performance using over-
all accuracy as the primary metric, maintaining
consistency with prior Nepali sentiment analysis
evaluation studies (Sitoula et al., 2025; Pudasaini
et al., 2024). We report the results separately for
encoder-based models and LLMs.

NepaliXlit Translitera-
tion & Parallel Datasets

}

‘ 2. Dataset Configuration ’

‘ 1. Script Standardization ’

Romanized, Devana-
gari, & Combined Splits

e ~

3. Transformer Fine-Tuning 4. LLM Evaluation
mBERT & MuRIL Evaluation Asynchronous Zero-Shot Protocol

Figure 1: Four-stage experimental workflow. The
pipeline sequentially advances from script stan-
dardization and dataset configuration to trans-
former fine-tuning and LLM evaluation phases.

Model Input Script Baseline (%) Finetuned (%)
mBERT Romanized 35.85 49.69
mBERT Devanagari 34.91 53.77
mBERT Combined 36.16 50.00
MuRIL Devanagari 31.76 60.06

Table 5: Comparison of baseline and fine-tuned
model accuracy for the sentiment analysis task
across different input scripts. Bold values indicate
the performance improvements after fine-tuning.

4.1. Impact of Script Normalisation on
Encoder-Based Model Performance

Table 5 presents a comprehensive comparison of
encoder-based model performance across differ-
ent input scripts and normalisation strategies. In
the baseline configuration lacking script normali-
sation, both mBERT and MuRIL exhibited notably
low accuracy on Romanized input, scoring 35.85%
and 31.76% respectively. These results highlight
the significant difficulty these models face in pro-
cessing informal Romanized Nepali text.

We evaluated NepaliXlit on a held-out transliter-
ation test set, where it increased Top-1 accuracy
by 8% and reduced character error rate by ap-
proximately 11% compared to the IndicXlit base-
line. Applying this transliteration as a prepro-
cessing step created standardized Devanagari in-
put, which improved encoder performance across
all configurations. Notably, the Devanagari-only
transliterated configuration for mBERT achieved
higher accuracy than the Romanized-only setup,
confirming the benefits of script standardisation.

MuRIL achieved the strongest overall perfor-
mance among encoder models, reaching 60.06%
accuracy on the transliterated dataset. Despite
these overall improvements, classifying the neu-
tral sentiment class remained the most significant
challenge across all configurations, as detailed in
Table 6.
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Model Training Configuration Overall (%) Neutral (%) Positive (%) Negative (%)
mBERT Romanized-only 49.69 40.87 51.49 57.84
mBERT Devanagari-only (Translit.) 53.77 50.43 51.49 59.80
mBERT Combined (Roman. + Deva.) 50.00 33.04 65.35 53.92
MuRIL  Devanagari (Translit.) 60.06 38.26 74.26 70.59

Table 6: Accuracy performance comparison after transliteration-based fine-tuning. We can see that
neutral is consistently the worst performing label (denoted by an underline).

Model Romanized Devanagari

Overall (%) Neu. (%) Pos. (%) Neg. (%) Overall (%) Neu. (%) Pos. (%) Neg. (%)
Gemini-2.5-Pro 73.14 37.39 97.03 91.40 68.27 31.30 92.93 86.73
GPT-5.2 72.06 30.36 96.04 94.12 69.52 34.78 90.10 88.89
GPT-OSS-120B 63.92 38.94 84.16 71.57 62.10 40.87 75.26 73.53
Grok-4.1-Fast 61.95 20.00 83.17 88.24 60.26 19.13 80.00 88.24
Qwen3-Max 60.58 22.61 85.26 80.39 60.90 28.44 81.19 75.49

Table 7: Sentiment analysis performance across scripts (bold indicates highest value per column).

4.2. LLM Performance Results

Table 7 presents the zero-shot evaluation results
we obtained by evaluating multiple large language
models on Romanized and transliterated Devana-
gari datasets. Gemini-2.5-Pro achieved the high-
est overall accuracy of 73.14% on Romanized
input, and GPT-5.2 followed closely at 72.06%.
Furthermore, GPT-5.2 demonstrated strong cross-
script consistency by maintaining a competitive
performance of 69.52% on Devanagari input. This
strong cross-script performance of frontier LLMs
supports the broader findings of Azam et al.
(2025), who concluded that large general-purpose
language models exhibit stronger cross-script gen-
eralization than specialized fine-tuned models for
Indic languages. The persistent difficulty with neu-
tral sentiment classification across all LLMs mir-
rors the pattern we observed in encoder-based
models and aligns directly with the research of
Sitoula et al. (2025).

4.3. Comparative Analysis

Our results reveal that LLMs substantially outper-
form encoder-based models in overall accuracy
for Nepali sentiment analysis. Furthermore, a
clear divergence in optimal preprocessing strate-
gies emerged between the two model families.
While transliteration to Devanagari proved essen-
tial for maximizing the performance of encoder-
based models like mMBERT and MuRIL, frontier
LLMs exhibited superior performance when pro-
cessing the original Romanized input.

As illustrated in Figure 2, the highest-performing
models Gemini-2.5-Pro and GPT-5.2 achieved
their peak accuracy on Romanized text, experienc-
ing a performance degradation when evaluated
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Figure 2: Zero-shot performance of LLMs across
Romanized and Devanagari datasets. Gemini-2.5-
Pro and GPT-5.2 outperform other models; most
LLMs show higher accuracy on Romanized input.

on transliterated Devanagari. These findings in-
dicate that while adaptive transliteration remains
a critical bridge for conventional multilingual en-
coders (Madhani et al., 2023b), it may be less
critical for modern generative models that demon-
strate stronger cross-script generalization (Azam
et al., 2025). This divergence suggests that the
script gap” affects discriminative and generative
architectures differently, a trend we explore further
in the Discussion.

5. Discussion

Our experimental results offer meaningful insights
into handling informal, Romanized Nepali within
modern NLP pipelines. Our findings validate the
hypothesis that transliteration remains a vital pre-
processing step for encoder-based models. Si-
multaneously, we reveal that state-of-the-art LLMs
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possess an inherent adaptability to script varia-
tion that challenges traditional adaptation strate-
gies. This section discusses the implications of
these findings within the context of existing litera-
ture and identifies key areas for future research.

5.1. The Efficacy of Domain-Adapted
Transliteration

The significant performance gain observed in
encoder-based models following transliteration un-
derscores the persistence of the script gap in low-
resource languages. The difficulty standard mul-
tilingual encoders face with raw Romanized in-
put suggests a lack of sufficient exposure to infor-
mal Romanized orthographies during pre-training,
likely due to the historical dominance of Devana-
gari script in their training corpora (Khanuja et al.,
2021). Furthermore, non-standard spellings typ-
ical of social media platforms cause severe to-
ken fragmentation. In these instances, the model
fails to recognize informal Romanized words as
Nepali, treating them instead as out-of-vocabulary
or noise (Rust et al., 2021). By utilizing Nepal-
iXlit to convert text into standardized Devanagari,
we allow the model to operate within its intended
linguistic and structural environment, leading to
the observed jump in accuracy. These results ex-
tend the arguments of Madhani et al. (2023b),
who posited that effective transliteration tools are
a prerequisite for Indic NLP. However, our find-
ings specifically demonstrate that generalist mod-
els like IndicXlit are often insufficient for the "noisy”
social media domain. Consistent with Baruah et al.
(2024), our success confirms that effective domain
adaptation requires more than simple script con-
version; it requires the normalization of sociolect-
driven spellings that characterize modern digital
communication in Nepal (Sitoula et al., 2025).

5.2. The Shift from Fine-Tuning to
Zero-Shot LLMs

The fact that Gemini-2.5-Pro outperformed the
best fine-tuned encoder (MuRIL) by over 13 per-
centage points without task-specific training sig-
nals a paradigm shift for low-resource language
tasks. This outcome supports the broader obser-
vation by Azam et al. (2025) that large general-
purpose language models exhibit stronger cross-
script generalization than specialized fine-tuned
models.

Building upon our analysis in Section 4.3, we at-
tribute the LLMs’ native proficiency with Roman-
ized text to three primary factors. First, internet-
scale LLMs are extensively pre-trained on informal
social media data (Shi et al., 2023), making them
inherently robust to Romanized Indic text com-
pared to encoders trained on formal Wikipedia cor-

pora. Second, modern LLM tokenizers are heavily
biased toward Latin scripts; in contrast, Devana-
gari script often suffers from token fragmentation,
which can degrade semantic processing (Kanjiran-
gat et al., 2025). Finally, evaluating LLMs directly
on Romanized text avoids the error propagation in-
herent in any intermediate transliteration pipeline.

However, it is important to qualify these find-
ings to avoid overgeneralization. While transliter-
ation appears redundant for high-capacity frontier
models in this informal domain, it remains a vi-
tal bridge for deploying specialized encoder mod-
els (Sampath and Supriya, 2024). Smaller mod-
els like MuRIL and mBERT remain necessary for
tasks requiring high speed and lower costs, es-
pecially in localized technology projects in Nepal
where hardware resources are limited (Schwartz
et al., 2020). Therefore, while frontier LLMs of-
fer a streamlined, preprocessing-free alternative,
domain-adapted tools like NepaliXlit remain essen-
tial for maintaining a sustainable and diverse NLP
ecosystem.

5.3. The Ambiguity of Neutral Sentiment
in Low-Resource Contexts

Across all model architectures and script configura-
tions, the neutral sentiment class consistently pre-
sented the greatest classification challenge. This
systematic difficulty mirrors the findings of Sitoula
et al. (2025), who observed similar ambiguity in
Nepali Reddit data. We attribute this to the lin-
guistic nature of neutral social media comments,
which often lack explicit sentiment-bearing lexi-
cons and rely heavily on context-dependent inter-
pretation. Current models fail to capture the prag-
matic cues that differentiate informational state-
ments from mildly positive or negative expressions
in Nepali. We suggest that future annotation ef-
forts prioritize inter-annotator agreement metrics,
such as Cohen’s Kappa, to better quantify the in-
herent subjectivity of the neutral class (Anderson
etal., 2024). Furthermore, researchers might yield
more reliable outcomes for neutral instances by
adopting a more granular annotation scheme or
utilizing emotion detection rather than broad sen-
timent polarity (Pudasaini et al., 2024).

6. Limitations and Future Directions

While this study establishes a new baseline for Ro-
manized Nepali sentiment analysis, several limi-
tations remain. First, the dataset size of 1,518
annotated comments, though balanced, is rela-
tively small for training deep transformer models
from scratch, which typically require large-scale
data to generalize effectively and avoid overfit-
ting (Devlin et al., 2019). Second, our evaluation
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of LLMs was limited to zero-shot prompting; in-
corporating few-shot or chain-of-thought prompt-
ing could better leverage the reasoning capabilities
of advanced models such as GPT-5.2 and Qwen3-
Max (Azam et al.,, 2025). Third, the study fo-
cuses exclusively on monolingual Romanized and
Devanagari Nepali text, explicitly excluding code-
mixed Nepali-English data during preprocessing.
While this ensured a controlled experimental setup
for analyzing transliteration, it limits ecological va-
lidity, as code-mixing is highly prevalent in real-
world Nepali digital communication. Additionally,
we did not empirically measure token fragmenta-
tion across scripts, instead relying on assumptions
from prior studies that Devanagari text may exhibit
higher fragmentation; a systematic analysis could
reveal important insights into model performance
differences.

Future work should address these limitations
by scaling the dataset, incorporating more ad-
vanced prompting strategies, and extending the
framework to handle code-mixed Nepali-English
text. Furthermore, evaluating tokenization behav-
jor across scripts and expanding the pipeline to
other downstream tasks such as hate speech de-
tection (Khadka et al., 2025), named entity recogni-
tion and text-to-speech (Khadka et al., 2023) would
help validate the broader applicability of the Nepal-
iXlit tool in real-world scenarios.

7. Conclusion

This paper addresses the challenge of senti-
ment analysis on informal Romanized Nepali
social media text. We introduce a balanced
dataset of 1,518 annotated comments and de-
velop NepaliXlit, a domain-adapted translitera-
tion model fine-tuned for sociolect-driven spellings.
Our evaluation demonstrates that bridging the
script gap through transliteration consistently im-
proves encoder-based sentiment classification.
Specifically, MuRIL achieved 60.06% accuracy on
transliterated Devanagari data. However, com-
prehensive zero-shot evaluation reveals that fron-
tier LLMs substantially outperform fine-tuned en-
coders directly on Romanized input. Notably,
Gemini-2.5-Pro reached 73.14% accuracy, sug-
gesting inherently adaptable cross-script repre-
sentations without task-specific adaptation. De-
spite these advancements, accurately classifying
neutral sentiment remains a persistent challenge
across all model architectures. Ultimately, special-
ized tools like NepaliXlit fill a critical gap for low-
resource encoder pipelines. Yet, the strong per-
formance of frontier LLMs indicates a shift in how
systems will process informal digital communica-
tion in the future. The dataset, model, and eval-
uation results we present in this work serve as

a foundational resource for advancing multilingual
NLP and cross-script sentiment analysis in under-
served contexts.

8. Ethical Considerations

This study was conducted with strict adherence to
ethical standards regarding data privacy and re-
search integrity. The dataset consists of publicly
available social media comments, and to ensure
the anonymity of users, all personally identifiable
information, such as usernames, profile links, and
specific mentions, was removed during the prepro-
cessing phase. Furthermore, the manual anno-
tation process was conducted objectively to min-
imize demographic or linguistic bias. The fine-
tuning of the NepaliXlit model and the analysis of
LLMs were performed for academic research pur-
poses, ensuring that the results are used to im-
prove linguistic accessibility for low-resource lan-
guages without promoting harmful or biased senti-
ment classification.

9. Data/Code Availability Statement

All the data and code supporting the findings of this
study is publicly available on GitHub.
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