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Abstract

The Nepali language has a rich and complex morphology. Existing lemmatization research focuses on tradi-
tional rule-based or TRIE-based approaches. These methods often fail when encountering out-of-vocabulary or
misspelled words. This paper investigates neural lemmatization for the under-resourced Nepali language using
multilingual transformer models. We formulate lemmatization as a text-to-text generation problem and evaluate
its impacts on downstream tasks by finetuning mBART-large-50, mT5-base, and mT5-small. The models were
trained on a combination of publicly available and human-annotated word-lemma pair (8,000 instances) dataset.
The performance is evaluated using Character Error Rate (CER), accuracy, character-level Bilingual Evaluation
Understudy (BLEU), and morphological coverage. The mT5-base model achieved the highest overall performance.
The model achieved 96.1% accuracy and a 1.1% CER using a learning rate of 5 x 1074, However, it showed
slightly weaker performance in handling complex morphological variations. The mBART-large-50 model followed
closely with 96.0% accuracy and 0.970 morphological coverage. To assess the efficacy of these models, we applied
lemmatization to downstream tasks. In Hindi-Nepali cross-lingual alignment, performance improved significantly
from 12.86% to 41.61% using mBART model. In information retrieval, the Mean Average Precision (MAP)@1
using binary index increased from 0.71 to 0.90 using mBART model. These results demonstrate that multilingual
transformers effectively learn morphological transformations for low-resource languages through text-to-text
generation.
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1. Introduction zation, this specific canonical form of verb is pre-
ferred as this is widely accepted in published dic-
tionaries for Nepali. The T} (gar) ‘to do’ variant is

popular in every rule based method as this form is

In Natural Language Processing (NLP), lemmati-
zation transforms inflected words into their base

or root forms which reduces data sparsity and im-
proves model performance across tasks such as
sentiment analysis, text classification, and informa-
tion retrieval(Bhat and Rai, 2012; Dave and Balani,
2015; Ghimire et al., 2024). Similarly, studies on
word embeddings (Koirala and Niraula, 2021) have
emphasized the need for robust lemmatization al-
gorithms to reduce morphological complexity and
improve semantic representation. This is particu-
larly important for morphologically rich languages
like Nepali, where a single lemma possesses nu-
merous inflected variants (Prasain, 2011a).

As an Indo-Aryan language written in the De-
vanagari script, Nepali presents unique challenges
for lemmatization. These include complex in-
flectional patterns, adpositional suffixation, ortho-
graphic variation, and scarce annotated resources
(Yadav and Shakya, 2020). Table 1 provides repre-
sentative examples of Nepali inflections and their
canonical lemmas. For instance, consider the verb
root TR (gar) ‘to do’: it yields inflected forms such
as & (garchha) ‘does’, TRent (gareko) ‘did/done’,
& (gardai) ‘doing’, and TR (gariraheko) ‘has
been doing’. All of these map to the canonical
lemma T (garnu) ‘to do’. In an ideal lemmati-

easy to work with suffix stripping method. Similarly,
nouns take case-marking postpositions (e.g., ¥3dT
(gharama) ‘in the house’ — ¥R (ghara) ‘house’),
creating additional surface variation.

Inflected Form Lemma Gloss

TS (garchha) T (garnu)  ‘does’

TReh! (gareko) T (garnu)  ‘did/done’

& (gardai) T (garnu)  ‘doing’

@3 (khanchhu) @ (khanu) ‘| eat

YRAT (gharam&)  ©X (ghara) ‘in the house’

Table 1: Examples of Nepali inflections and their
canonical lemmas.

These constraints highlight the need for scal-
able, data-driven methods capable of learning mor-
phological transformations directly from linguistic
examples, motivating the transition toward neural
and transformer-based architectures.

Despite this complexity, Nepali remains a low-
resource language with scarce annotated datasets
for morphological analysis. To address this, we
look toward multilingual encoder—decoder archi-
tectures such as multilingual Text-to-Text Trans-
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fer Transformer (mT5) (Xue et al., 2021) and mul-
tilingual Bidirectional and Auto-Regressive Trans-
former (MBART) (Liu et al., 2020a). These models
utilize large-scale cross-lingual pretraining. This
process transfers linguistic knowledge from high-
resource languages to low-resource ones. Such
architectures have already improved performance
in machine translation and text normalization for
Indo-Aryan languages.

By leveraging pretrained representations, these
models reduce the need for massive manual anno-
tation. They provide increased robustness against
linguistic noise. Furthermore, they generalize ef-
fectively across diverse inflectional patterns. This
allows the models to mitigate vocabulary sparsity
and handle previously unseen word forms. Their
ability to learn shared linguistic structures makes
them ideal candidates for Nepali lemmatization.

This paper provides empirical insights into the
suitability of these transformers for Nepali and
makes the following contributions:

1. A systematic evaluation of multilingual
encoder-decoder models for Nepali lemmati-
zation.

2. A comparative analysis of mT5 and mBART
for morphological normalization in a low-
resource Nepali language.

3. An extrinsic evaluation via cross-lingual align-
ment and information retrieval improvements.

2. Related Work

Early research on Nepali lemmatization relied
on rule-based and dictionary-driven approaches.
Foundational systems such as (Bal and Shrestha,
2004; Bal et al., 2004; Bal and Shrestha, 2007)
used handcrafted morphological analyzers which
were built upon spelling and grammar checking
tools. These systems applied manually designed
linguistic rules to analyze and normalize inflected
word forms. Subsequent studies introduced TRIE-
based or hybrid affix-removal approaches (Bhat
and Rai, 2012; Sitaula, 2013; Paul et al., 2014;
Koirala and Shakya, 2020). These methods com-
bined prefix—suffix stripping rules with dictionary
lookups and achieved up to 90% accuracy on cu-
rated datasets.

However, these systems faced significant limita-
tions. They lacked scalability and struggled with
out-of-vocabulary (OOV) words. They also failed
to process informal and misspelled text. Their per-
formance further degrades when applied to raw
text corpora due to inconsistent suffix usage is
common in Nepali.

Modern NLP relies on tagged datasets like Uni-
versal Part-of-Speech (UPOS), eXtended Part-
of-Speech (XPOS), and lemma-tagged corpora.

These resources are widely available for high re-
source languages like Hindi and English. Unfortu-
nately, they remain unavailable for Nepali (Nivre
et al.,, 2020). For example, IndoWordNet (Bhin-
gardive and Bhattacharyya, 2016) has only 6,000
synsets for Nepali compared to 40,000 for Hindi.
This resource scarcity limits the development of
word sense disambiguation tools. Some lexical
resources exist within tools such as the Hunspell
dictionary, which contains approximately 37,000
normalized word forms primarily developed for
spelling correction (Bal et al., 2004). However,
these are not well studied and optimized for com-
plex morphological tasks. Research on transform-
ers and neural models has highlighted the need for
sentence or phrase level morphological studies as
morphological processes are not confined to just
words (Acikgoz et al., 2022).

Recently, several studies following multilingual
transformer models have shown promising results
for low-resource languages. The Cross-lingual
Language Model-RoBERTa (XLM-R) (Conneau
et al.,, 2019), Trankit (Nguyen et al., 2021), and
other Bidirectional Encoder Representations from
Transformers (BERT) based models can gener-
alize effectively to various Devanagari-script lan-
guages and downstream tasks (Acharya et al.,
2025; Subedi et al., 2024). Despite progress in
neural lemmatization for high-resource languages,
the systematic exploration of encoder-decoder
based models such as mT5 and mBART for Nepali
remains limited.

Existing approaches for Nepali lemmatization
generally fall into two broad paradigms. The first
includes rule-based and affix-stripping stemmers,
which rely on predefined linguistic rules and suffix
lists. While computationally efficient, these meth-
ods often fail to capture the full range of linguistic
variability present in naturally occurring text. The
second paradigm consists of neural morpholog-
ical analyzers, which attempt to model morpho-
logical transformations using supervised learning
frameworks. However, these approaches typically
depend on rich linguistic annotations that Nepali
lacks.

We address these limitations by treating lemma-
tization as a pure sequence-to-sequence gener-
ation task. This allows encoder-decoder models
to learn the mapping between inflected forms and
their lemmas. We investigate multilingual trans-
formers without requiring explicit morphological
tag supervision or POS conditioning, considering
the low-resource constraints of Nepali. This ap-
proach is well suited for low-resource languages
such as Nepali. We perform a comprehensive
evaluation of this method using multiple perfor-
mance metrics. Furthermore, we assess the prac-
tical impact of our models on downstream NLP
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tasks, including information retrieval and cross-
lingual alignment.

3. Methodology

3.1. Data Collection

We curated a dataset from human-annotated and
publicly available sources to support the core
lemmatization experiment. The primary dataset
consists of 5,000 gold-standard word—lemma pairs
obtained from the publicly available Nepali Lemma-
tization dataset (dpakpdl, 2025). To increase lex-
ical diversity and expose the model to a broader
range of morphological variations, we added 3,000
additional samples based on common Nepali mor-
phological transformation rules and suffix varia-
tions observed in inflectional patterns (Prasain,
2011b). These additional pairs were manually ver-
ified for linguistic correctness by a native Nepali
speaker with linguistic background. These 8,000
unique word-lemma pairs were then split into 80%
and 20% for training and evaluation. We ensured
strict separation between splits, with no overlap be-
tween the train and test split to prevent data leak-
age.

For the error analysis, we prepared an isolated
error evaluation set of 100 words from each of the
7 parts of speech, totaling 700 words, from a dic-
tionary where the input word itself acts as the gold-
standard lemma (Nepal Academy, 2022). Their
frequency data was obtained from the fineweb2
web corpus (Penedo et al., 2025).

3.2. Data Preparation

To frame lemmatization as a sequence-to-
sequence generation task, each input word in the
corpus was reformulated as an instruction-style
prompt (e.g., ‘“lemmatize: <word>”) to explic-
itly condition the model for the lemmatization
task. We inserted the SentencePiece boundary
marker (“_") between tokens before tokenization
to preserve morphological boundaries and ensure
consistent subword segmentation. All Nepali text
was normalized to Unicode Normalization Form
C (NFC) to maintain canonical representation for
the Devanagari script.

Tokenization was performed using Sentence-
Piece for both models (mT5 and mBART), which
provides language-independent subword segmen-
tation and supports shared multilingual vocabu-
laries (Kudo and Richardson, 2018; Liu et al.,
2020b). Each input—output pair was truncated
or padded to a maximum sequence length of
32 tokens to match the subword-level nature of
the tokenizer. Although the input typically con-
tains only one word, multilingual tokenizers often

split Devanagari words into multiple subword to-
kens. A maximum sequence length of 32 en-
sures sufficient capacity while avoiding unneces-
sary padding. Padding token IDs were replaced
with -100 to exclude them from loss computa-
tion. The final preprocessed dataset was built with
the datasets library and stored as model-ready
input-target pairs for supervised fine-tuning.

3.3. Model Implementation and
Fine-Tuning

The lemmatization models were implemented and
fine-tuned using the Hugging Face Transform-
ers library, leveraging encoder—decoder architec-
tures designed for text-to-text generation. Specifi-
cally, two multilingual sequence-to-sequence mod-
els were employed: mT5-base (~580M param-
eters), mT5-small (~300M parameters) (Xue
et al., 2021) and mBART-large—-50 (~610M pa-
rameters) (Liu et al., 2020b). Although both ar-
chitectures are Transformer-based, they differ in
pretraining objectives and multilingual coverage.
Each model was fine-tuned on the lemmatization
dataset described above. The input was format-
ted in a prompt-based structure (e.g., lemmatize:
“"Ebrg " —» “™Wig ”) to enable instruction-based
conditioning during training. To ensure consis-
tency across models, the same data preprocess-
ing pipeline was applied as discussed in the above
section.

This comparative fine-tuning approach allowed
the assessment of mT5 and mBART in handling
morphological normalization tasks under a unified
text-to-text framework, highlighting differences in
their multilingual pretraining strategies and trans-
ferability to low-resource Nepali text.

3.4. Evaluation

In this paper, we have used intrinsic and extrin-
sic evaluation methods. The intrinsic methods
include: accuracy, which estimates the propor-
tion of exact matches between predicted and gold-
standard lemmas; Character Error Rate (CER)
provides fine-grained measures of orthographic
differences; and character-level BLEU assesses
subword correctness in partial matches. Morpho-
logical coverage measures whether the predicted
lemma preserves the correct morphological end-
ing. Because Nepali lemmas typically end with
characteristic suffixes, matching the final three
characters provides a simple heuristic for evaluat-
ing morphological correctness.

For extrinsic evaluation, we evaluated our mod-
els firstly on the error analysis set. This set was
used to evaluate how the model behaves with dic-
tionary base forms. Secondly, we evaluate our
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model on two downstream tasks as described in
the results and discussions section below.

4. Experimentation

All experiments were conducted in a GPU-enabled
environment with access to NVIDIA Tesla T4
GPUs (16 GB each) and ~30 GB system RAM.
The fine-tuning experiments evaluated the multi-
lingual encoder—decoder models mT5 and mBART
across a hyperparameter grid.

We searched learning rates in {1 x 1075,5 x
107°,1 x 10745 x 107} and batch sizes
{2,4,8,16}, training each configuration for 5-20
epochs. Optimization used AdamW (Loshchilov
and Hutter, 2019) with weight decay = 0.01 and
gradient clipping to stabilize training. The best
checkpoint was selected by the lowest evaluation
loss. For this task, we treat CER as the primary
metric because it directly measures character-level
edit distance between predicted and gold lemmas;
accuracy, BLEU char, and morphological cover-
age are presented as complementary metrics.

5. Results and Discussions

The evaluation results in Table 2 show that
mT5-base achieves the best overall performance,
with the lowest Character Error Rate (CER) of
1.1% and the highest accuracy of 96.1%. De-
spite a slightly lower BLEU (Char) score (0.980)
compared t0 mBART-large-50, its combination
of low CER and marginally high accuracy indicates
stronger consistency in surface-level prediction. A
learning rate of 5 x 10~ with batch size 16 yielded
optimal convergence, benefiting from mT5’s lighter
regularization.

The mBART-large-50 model follows closely,
attaining a CER of 1.6%, accuracy of 96.0%,
and the highest BLEU (Char) score (0.986). Its
superior morphological coverage (0.970) reflects
stronger generalization across inflectional forms,
confirming mBART’s denoising pretraining advan-
tage for morphologically rich languages. The
model needed a lower learning rate (1 x 10~5) for
stable optimization.

The smaller mT5-smal1l variant performs com-
petitively with a CER of 1.7% and accuracy of
95.2%, demonstrating efficiency despite reduced
capacity. lts slightly lower morphological coverage
(0.955) indicates limited performance in handling
rare suffixes.

Overall, mT5-base excels in precision and has
low error, while mBART-1arge-50 offers greater
morphological robustness and fluency. Both ex-
periments confirm the effectiveness of multilingual
encoder—decoder pretraining for Nepali lemmati-
zation. The following sections present extrinsic

evaluation results using our fine-tuned mT5-base,
mT5-small, and mBART-large-50 models.

Metric mBART-large-50 mT5-small mT5-base
CER 0.016 0.017 0.011
Accuracy 0.960 0.952 0.961
BLEU (Char) 0.986 0.983 0.980
Morph. Coverage 0.970 0.955 0.964

Table 2: Comprehensive evaluation of multilingual
transformer models for Nepali lemmatization.

While direct comparison is limited by differing
evaluation datasets and preprocessing pipelines,
the consistent superiority of neural methods
across all metrics suggests that data-driven ap-
proaches better handle the morphological variabil-
ity and spelling inconsistencies characteristic of
real-world Nepali text.

5.1. Error Analysis

The model when evaluated on error analysis
dataset showed a failure rate of 23.8% (167 out
of 700 words). Crucially, cross-referencing these
errors revealed that 106 of the 167 failed words
(63.4%) had a corpus frequency of zero, represent-
ing Out-Of-Vocabulary (OOV) scenarios.

Without sentential context to resolve Part-of-
Speech (POS) ambiguity, the neural architecture
defaults to a strong Corpus Frequency Bias as
shown in Table 3 below. Rather than perform-
ing a conservative identity mapping for rare or un-
seen lemmas, the model aggressively overwrites
them with orthographically similar, high-frequency
stems from its training distribution.

This frequency-driven fallback behavior high-
lights a structural vulnerability in subword-level
neural lemmatization for low-resource languages
using a multilingual transformer: the model learns
to aggressively strip complex affixes or morpho-
logically alter valid, low-frequency noun and verb
roots (e.g., stripping the zero-frequency noun kata-
granthi into the broken stem katagra, or mapping
the rare postposition khatira to the common verb
khanu) where it attempts to satisfy its decoder’s
probabilistic language modeling prior.

5.2. Downstream Task Evaluation

5.2.1. Task Overview

We now turn to extrinsic evaluation to assess the
impact of lemmatization in the following down-
stream tasks:

» Hindi—Nepali cross-lingual word alignment

* Nepali information retrieval

content matching)

(headline-to-
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Dictionary Lemma Predicted POS Shift Error Type Transliteration
3f&afag (0) 3t (1.2M)  Verb — Pronoun  Frequency Bias usinninu — uni

Fd (15) 7 (1.7M)  Adj. — Noun POS Ambiguity kureta — kura

FHeU (0) ¥ (0) Noun — Noun Overstemming katagranthi — katagra
@TfeR (64k) @ rg (260k)  Postpos. — Verb  Context. Omission  khatira — khanu

Table 3: Representative lemmatization failures when processing rare lemmas. Numbers in brackets

represent corpus frequency.

These tasks were used exclusively for extrinsic
evaluation and did not influence lemmatizer train-

ing.

5.2.2. Hindi-Nepali Cross-Lingual Alignment

VecMap is a tool that maps words from two differ-
ent languages into a shared mathematical space
to find translations (Artetxe et al., 2018). We used
Hindi and Nepali word embeddings from official
Fasttext implementation (Mikolov et al., 2018).

5.2.2.1 Data: A supervised Hindi—Nepali word
alignment dataset comprising 14,500 bilingual
pairs was constructed from a dictionary (Shivara-
makrishna, 1977) to facilitate alignment learning
for the VecMap model. For evaluation 3,000 val-
idation word pairs were derived from a Nepali—
Hindi parallel corpus generated synthetically from
Nepali sentences (for Indian Language Technol-
ogy), 2025). Exact translation matches were ex-
cluded as they are implicitly used during semi-
supervised training. This data of Hindi-Nepali
word pair consists of inflected word form as used
in sentences. The Nepali counterpart obtained
from corpus is considered to be the desired golden
translation against which candidates from VecMap
model will be compared.

5.2.2.2 Evaluation Settings: Three compari-
son conditions were evaluated. Firstly, the raw
Nepali counterpart from parallel corpus was com-
pared with the candidates from VecMap model.
Secondly, only the Nepali counterpart from cor-
pus was lemmatized and compared to candidates.
Thirdly both the Nepali word and the Nepali can-
didates were lemmatized. Performance was mea-
sured using Top-1 accuracy, Top-5 accuracy, and
MAP@5.

5.2.2.3 Example: Given the Hindi word g
gaon ‘Village’, the VecMap model gives a list of
Nepali counterparts (AT, TR, I, TG, -
a9, T3, ) (available in the raw fasttext word vec-
tor) via cosine similarity. The raw prediction shall
not match the gold translation TS gaunlai ‘For
village’ as per parallel corpus, but after lemmati-
zation, the prediction is reduced to (T3, T3, TN,

T4, mfag, TR....) and the gold standard to
TS gaun ‘Village', yielding a correct match.

The results in Table 4 demonstrate that lemma-
tization is critical for improving low-resource cross-
lingual word alignment. In the baseline condition,
matching raw Nepali words to raw VecMap can-
didates yields a low Accuracy@1 of 12.86% due
to morphological sparsity. Lemmatizing only the
gold target degrades performance further by forc-
ing an unnatural comparison between canonical
roots and highly inflected candidate vectors. Con-
versely, lemmatizing both the gold Nepali words
and the candidate outputs have effectively reduced
this inflectional variance. This approach increases
Accuracy@1 to 41.61% and more than doubles
the MAP@5 score (from 0.2031 to 0.4883) us-
ing mBART. Consistent with our intrinsic evalu-
ations, mBART-large-50 marginally outperforms
mT5-base which shows that robust lemmatization
successfully maps dispersed morphological vari-
ants into singular, alignable semantic representa-
tions.

5.2.3. Nepali Information Retrieval

5.2.3.1 Data: 600 randomly selected Nepali
news headlines and their corresponding arti-
cle snippets were compiled from open-domain
sources (Disisbig, 2025). The headline-to-content
matching task is highly morphology-sensitive be-
cause headlines often use abbreviated or in-
flected forms that need to be matched against the
differently-inflected forms in the main text body.

5.2.3.2 Methods: Two information retrieval (IR)
baselines were evaluated:

» Term Frequency—Inverse Document Fre-

quency (TF-IDF) vectorization
* Binary term indexing

For preprocessing, we first applied a standard
stopword removal and tokenized the text using a
whitespace-based approach. We then compared
the IR performance on the original (unlemmatized)
text and the lemmatized text to measure the effec-
tiveness of our lemmatization as a stemming alter-
native.
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Evaluation Condition Acc@1 (%) Acc@5 (%) MAP@5
Gold Nepali word vs. Candidates 12.86 29.60 0.2031
L. Gold Nepali vs. Candidates (mT5-base) 10.57 17.91 0.1338
L. Gold Nepali vs. L. Candidates (mT5-base) 40.80 59.08 0.4809
L. Gold Nepali vs. Candidates (mBART-50) 10.38 17.81 0.1318
L. Gold Nepali vs. L. Candidates (mBART-50) 41.61 59.99 0.4883

Table 4: Cross-lingual translation accuracy under various evaluations (L. = Lemmatized). Symmetric
lemmatization (L. vs. L.) provides the most significant gain in alignment.

5.2.3.3 Evaluation Metrics: Performance was
evaluated using Accuracy@1, Accuracy@5, and
MAP@5.

IR Method Preprocessing Acc@1 Acc@5 MAP@5
Lemmatized(mT5-base) 0.5345 0.7884  0.6491

TF-IDF Lemmatized(mBART) 0.5533 0.7821  0.6594
Unlemmatized 0.4984 0.7821  0.6243
Lemmatized(mT5-base) 0.8245 0.9467  0.8779

Binary Index Lemmatized(mBART) 0.8574 0.9702  0.9064
Unlemmatized 0.6317 0.8166 0.7159

Table 5: IR performance on headline-to-content
matching task.

The results in Table 5 demonstrate that lemma-
tization consistently improves retrieval perfor-
mance across both methods. The Binary Index
method benefits most substantially, with mBART-
based lemmatization improving Accuracy@1 from
0.6317 to 0.8574 (+35.7%). This is expected,
as Binary Index relies on exact lexical matches,
making it highly sensitive to morphological varia-
tion that lemmatization resolves. TF-IDF achieves
more modest improvements, as its weighted
term frequency partially compensates for inflec-
tional differences. Across both methods, mBART-
based lemmatization slightly outperforms mT5-
based lemmatization, consistent with mBART’s
higher morphological coverage observed in the in-
trinsic evaluation.

6. Conclusion

The findings of this study establish a strong
case for multilingual encoder—decoder architec-
tures and their effectiveness in Nepali lemmati-
zation. By framing lemmatization as a text-to-
text generation task, we demonstrate that multilin-
gual transformers can learn morphological trans-
formations effectively, even with limited training
data. Among the models that were evaluated,
mBART-large-50 achieves better performance
in terms of morphological coverage, reaffirming
the capacity of denoising autoencoder-based ar-
chitectures like mBART to capture cross-lingual
morphological patterns, particularly between ty-
pologically similar languages such as Hindi and
Nepali.

The practical implications of these accurate

lemmatization models are substantial for down-
stream applications in Nepali. They can serve as
robust preprocessing modules for Machine Trans-
lation (MT), improve post-processing for Automatic
Speech Recognition (ASR), aid in OCR correc-
tion, and significantly enhance indexing for Nepali
search engines.

7. Limitations

While the presented results are promising, there
are several limitations to acknowledge. The
dataset lacks full morphological diversity and
should be considered insufficient but it was valu-
able for our experiment. Moreover, the current
study focuses only on word-level lemmatization,
excluding contextual dependencies that influence
meaning and cross part-of-speech morphological
transformations. Future work should expand the
dataset through expert linguistic annotation, incor-
porate sentence-level context for disambiguation,
and explore hybrid architectures that combine neu-
ral models with rule-based morphological analyz-
ers. Considering POS and polysemy awareness,
proper introduction of rare dictionary words for self
lemma representation in training, named and other
entities, spelling errors, and its proper standard
evaluation data are a must for a truly reliable and
more deterministic lemmatization system for any
language. This is often realized in a UPOS-style
tagging scheme.

8. Ethics Statement

This work focuses on developing morphological
tools for the Nepali language and does not intro-
duce novel ethical risks. The datasets utilized for
training and evaluation consist of publicly available
open-domain texts, such as news headlines and
snippets, which were responsibly sourced. We
manually reviewed a subset of this data to ensure
the absence of personally identifiable information
(P1) or explicit harmful content. While pre-trained
language models like mT5 and mBART may re-
flect societal biases present in their massive mul-
tilingual pre-training corpora, the task of lemmati-
zation primarily involves syntactic transformations
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rather than generating free-form semantic text, mit-
igating the risk of generating toxic outputs.

9. Data and Code Availability

To promote reproducibility and support future
research in low-resource language processing,
all artifacts associated with this study are openly
accessible. The code for generating the synthetic
morphology datasets, training scripts, and evalu-
ation data can be found in our official repository
at https://github.com/sunilRegmi-ai/
Nepali-Lemmatizer. Furthermore, the fine-
tuned models and corresponding tokenizers
are hosted on the Hugging Face model hub
(https://huggingface.co/sunilregmi/
nepali-lemmatizerVl-mT5-base), allowing
immediate access for the research community.
All curated datasets adhere strictly to the licenses
of their original sources.
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