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Abstract

Modern Translation Systems heavily rely on high-quality, large parallel datasets for state-of-the-art performance.
However, such resources are largely unavailable for most of the South Asian languages. Among them, Nepali and
Tamang fall into such category, with Tamang being among the least digitally resourced languages in the region. This
work addresses the gap by developing NepTam20K, a 20K gold standard parallel corpus, and NepTam80K, an
80K synthetic Nepali—-Tamang parallel corpus, both sentence-aligned and designed to support machine translation.
The datasets were created through a pipeline involving data scraping from Nepali news and online sources,
pre-processing, semantic filtering, balancing for tense and polarity (in NepTam20K dataset), expert translation into
Tamang by native speakers of the language, and verification by an expert Tamang linguist. The dataset covers
five domains: Agriculture, Health, Education and Technology, Culture, and General Communication. To evaluate
the dataset, baseline machine translation experiments were carried out using various multilingual pre-trained
models:mBART, M2M-100, NLLB-200, and a vanilla Transformer model. The fine-tuning on the NLLB-200 achieved
the highest sacreBLEU scores of 40.92 (Nepali — Tamang) and 45.26 (Tamang — Nepali).

Keywords: Nepali-Tamang Parallel Corpus, Machine Translation, Nepali-Tamang Machine Translation, Low-

resource Languages
1. Introduction

The advancement in Artificial Intelligence (Al) and
Machine Learning(ML), with the rise of Deep Learn-
ing techniques, has significantly transformed the
domain of Natural Language Processing (NLP),
including Machine Translation (MT). The improve-
ment of results in contemporary MT systems is the
driving force for researchers worldwide, pushing the
boundaries of language technologies for resource-
rich languages, thus opening the possibilities of ex-
tending the models trained in the resource-rich lan-
guages to low-resource languages. The Tamang
language, native to the Sino-Tibetan language fam-
ily and the Tibeto-Burman group, is spoken by over
1.42 million native speakers in Nepal (Central Bu-
reau of Statistics, 2021) and by the smaller commu-
nities in parts of Northeast India, including Sikkim,
West Bengal and Assam. As of the 2021 census,
Tamang is the fifth most spoken language of Nepal,
making up about 4.88% of the total population. De-
spite the large population of Tamang speakers, it
remains a low-resource language in terms of the
availability of digital footprint and datasets, along
with computational tools. This has resulted into
challenges both in terms of linguistic preservation
and technological inclusion of the language. The
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lack of appropriate digital tools and technologies
has led to poor usage of the language in digital com-
munication, especially among the younger genera-
tions. Consequently, the language and its speak-
ers have largely fallen behind in terms of utilizing
the best benefits and potentials of modern internet
technology, as the vast resources of knowledge are
essentially in the English language globally, and
the Nepali language in the case of Nepal. This dire
state of the language can be addressed following
sound approaches to data collection and adoption
of modern ML techniques, including different MT
deep learning architectures. In this context, we aim
to develop a Tamang-Nepali parallel corpus and
conduct baseline machine translation experiments
to validate the effectiveness of our efforts in the
development of the corpus.

Although Tamang traditionally uses the Tamyig
(Tamang Alphabet) script (Tamang, 1998), very
closely related to the Tibetan script, our corpus em-
ploys the Devanagari script, which is more widely
adopted in Tamang literature. The former script,
on the other hand, is largely confined to religious
writings and thus lacks widespread use and prac-
tice. Besides Tamang, the Nepali language (which
is written in the Devanagari script), an Indo-Aryan
language of the Indo-European family, and the of-
ficial language of Nepal, serves as a counterpart

8850

Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 8850-8861
11-16 May 2026. ©ELRA Language Resources Association (ELRA), 2026



language in our parallel corpus. Nepali possess
a relatively richer set of linguistic and digital re-
sources compared to Tamang and is more widely
spoken (Central Bureau of Statistics, 2021). Hence,
it has been appropriately selected as a suitable
pivot language for developing an MT language
pair in the project context. The development of
a Tamang-Nepali parallel corpus thus strengthens
linguistic resources for Tamang and contributes to
the broader NLP ecosystem for underrepresented
languages in Nepal.

The major contributions of this work in-
clude the development of a 20K gold-standard
Nepali-Tamang parallel corpus aligned at the
sentence level. Next, baseline machine trans-
lation experiments are conducted using state-of-
the-art multilingual models, including mBART (Liu
et al., 2020), M2M-100 (Fan et al., 2021), NLLB-
200 (Costa-jussa et al., 2022), and the baseline
Transformer (Vaswani et al., 2017), to establish
performance benchmarks for future research on
Nepali-Tamang translation. Finally, we also de-
veloped a NepTam80K synthetic Tamang-Nepali
parallel sentence-aligned corpus built by the best-
performing model from our experiments.

The rest of the paper is organized as follows:
Section 2 presents related works, followed by the
corpus development methodology in Section 3.
Sections 4 and 5 present the details of the experi-
ments and a discussion of the results. Finally, the
paper concludes with conclusion and future work
in Section 6.

2. Related works

NLP for low-resource and endangered languages
is getting increasing focus as researchers around
the world are working to bridge the digital gap in
linguistically diverse regions. But it should be noted
that many South Asia languages remain under-
represented due to limited resources. Poria and
Huang (2025) notes the lack of standard datasets,
benchmarks, and corpora, especially for Tibeto-
Burman languages, which pose tonal, morphologi-
cal, and script challenges. There have been some
efforts like IndoLib (Timalsina, 2022) trying to ad-
dress this, though progress depends on data quality
and availability. Amidst these hurdles, research is
expanding in languages such as Nepali, Tamang,
Sinhala, Dzongkha, Maithili, Assamese, and Kash-
miri. A substantial number of works are under-
way in the Nepali language for application like Ma-
chine Translation (Poudel et al., 2024), Speech
Recognition (Poudel et al., 2026; Ghimire et al.,
2023b,a, 2025), Sentiment Analysis (Shrestha and
Bal, 2020), NER and POS Tagging (Subedi et al.,
2024), and Image/Video Captioning (Subedi and
Bal, 2022; Subedi et al., 2023). Nevertheless, de-

velopment remains constrained by limited linguistic
resources, making gold-standard corpora and par-
allel datasets crucial. In this vein, Dongare (2024)
highlights persistent issues in corpus creation, in-
cluding data scarcity, domain bias, code-mixing,
and linguistic diversity, though growing initiatives
continue to improve resource availability.

Several initiatives have expanded resources for
Indic and other low-resource languages, enhancing
their linguistic and technological value. Ramesh
et al. (2022) introduced Samanantar, a 49.7M-
sentence parallel corpus for 11 Indic languages,
built from OPUS, localization materials, religious
texts, subtitles, and web-mined pairs, filtered using
semantic similarity and human evaluation, though
issues like noise and uneven coverage remained.
Kunchukuttan et al. (2020) developed the Indic-
NLP Corpus, containing 2.7B words from 10 Indic
languages via web crawls of news and Wikipedia.
Gala et al. (2023) advanced this with IndicTrans2,
creating the Bharat Parallel Corpus Collection with
230.5M bitext pairs across 22 Indic languages (in-
cluding Nepali), combining 2.2M human-translated
gold pairs with web data and quality filtering. Sim-
ilarly, Frankenberg-Garcia and Santos (2003)
built the COMPARA English—Portuguese corpus
through OCR, text cleaning, and formatting for
structured retrieval.

Recently, Gaustad et al. (2024) combined transla-
tion (50%), crawling (42%) and sourcing of existing
parallel data (8%) to construct an English—Tshiv-
enda corpus. The corpus was also cleaned and
filtered to remove overlapping or low-quality sen-
tences. These cleaned sentences were translated
into Tshivenda by linguists and a language expert.
In Allaberdiev et al. (2024), the data collection pro-
cess for the Uzbek—Kazakh parallel corpus was
carried out in three stages. In the first stage, a
small set of existing parallel resources was col-
lected, totalling 138 sentence pairs. The second
stage focused on automatic alignment, where paral-
lel texts from bilingual web news articles and trans-
lated literature were crawled, cleaned, and aligned.
Finally, the third stage involved large-scale man-
ual translation of 100,000 Uzbek sentences into
Kazakh by bilingual students, followed by expert
cross-checking to ensure translation accuracy.

In the Nepali context, several monolingual
Nepali corpora have been created such as IRIIS-
RESEARCH/NepaliText_Corpus (Thapa et al.,
2025), OSCAR dataset (Suarez et al., 2019), and
NepBERTa (Timilsina et al., 2022). These datasets
contain plain text without sentence-level catego-
rization, while our objective requires each sen-
tence to be assigned a specific category. Moreover,
data collection methodologies reveal persistent
gaps in scale, quality, and diversity. For instance,
Acharya and Bal (2018) compared phrase-based
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SMT and RNN-based NMT for English-Nepali us-
ing a small 6.5K parallel corpus borrowed from
the Nepali National Corpus (NNC) (Yadava et al.,
2008), which was augmented with linguist-collected
sentences. Similarly, Duwal and Bal (2019) aug-
mented an English-Nepali corpus to 1.8M sen-
tences by cleaning available data corpus such as
GNOME/Ubuntu/KDE (Tiedemann, 2012), in which
they reduced the data from 500K to 58K by man-
ual editing. They also created a synthetic corpus
of about 1.6 million parallel sentences using back
translation.

Domain-specific efforts, such as Poudel et al.
(2024), built a 125K English-Nepali legal corpus.
The paper highlights some gaps, including the ab-
sence of linguistic verification, lack of diverse data,
domain bias, etc.

Most relevant to our study, Chaudhary et al.
(2020) constructed a 15,000 sentence level bilin-
gual corpus for Nepali-Tamang. The data collec-
tion process involved extracting raw texts from di-
verse sources such as child storybooks, Tamang
language magazines, and spoken dialogues, fol-
lowed by collaboration with Tamang linguists for
accurate translation and sentence alignment.

The development of translation systems is in-
creasing day by day. In the South Asian context,
it has been proven through the project such as
Ai4Bharat (Gala et al., 2023), Bhashini (Gupta
et al., 2023), and Aksharantar (Madhani et al.,
2023) for Indic languages. Acharya and Bal (2018)
has worked with an English-Nepali parallel corpora
of size 6.5K, comparing the results of SMT and
NMT-based systems in the case of low resource
availability. Itis found that SMT based systems tend
to outperform NMT-based systems on the BLEU
evaluation metric, with a respective BLEU score of
5.27 and 3.28 in the direction of English to Nepali.

Similarly, work done by Poudel et al. (2024)
presents a Bidirectional English-Nepali Machine
Translation System for the Legal Domain where
they utilized a Neural Machine Translation (NMT)
System with an encoder-decoder architecture, de-
signed for legal Nepali-English translation. Lever-
aging a custom-built legal corpus of 125,000 par-
allel sentences, their system achieved the BLEU
scores of 7.98 in (Nepali — English) and 6.63 (En-
glish — Nepali) direction. Another work by Nemkul
and Shakya (2021) includes the development of
English to Nepali sentence translation using long
short-term memory (LSTM) cells, in its encoder
and decoder with attention. The LSTM cells with
two layers of neural network and 256 hidden units
were found to have the highest BLEU score of
8.9. Chaudhary et al. (2020) developed a bidirec-
tional Transformer-based NMT system for a Nepali-
Tamang MT translation, achieving BLEU scores of
27.74 (Nepali — Tamang) and 23.74 (Tamang —

Nepali), contributing to the inception of formal work
in Nepali and Tamang translation.

Building on the broader landscape of multilingual
NMT, several studies have implemented pretrained
multilingual models for low-resource Indian and
related languages, including NLLB-200, mBART,
and M2M-100 (Ramesh et al., 2022; Bhattachar-
jee et al., 2025; Graham et al., 2019; Mujadia and
Sharma, 2024; Singh et al., 2023; Dabre et al.,
2022; Gala et al., 2023). However, these models
have not yet been explored in the context of the
Nepali—-Tamang language pair. Chaudhary et al.
(2020) primarily applied Transformer-based models
trained on small and domain-neutral datasets with-
out expert review or linguistic diversity and inclu-
siveness. To address this gap, we compile a 20K
Nepali-Tamang parallel corpus featuring linguis-
tic diversity, expert validation, and broad domain
coverage, and evaluate state-of-the-art multilingual
pretrained models to assess their performance on
this underrepresented pair.

3. Corpus Development and Data
Preparation

3.1.

In recent years, the digital transformation has led
to a significant increase in Nepali-language con-
tent across various websites. Our goal lies in using
this content to prepare the translation dataset in
five categories: (1) Agriculture (2) Health (3) Ed-
ucation and Technology (4) Culture, Tourism and
Society, and (5) General Communication (derived
from Stories, Literature, Arts). Some related cat-
egories were combined to create broader groups
that capture diverse aspects of data and address
the issue of data scarcity within individual domains.
In order to meet the requirements, we created a text
corpus maintaining the metadata, including cate-
gory, published date, author, keywords, etc. During
this phase, we collected data from the popular news
portals of Nepal and stocked approximately 10 GB
of text with their associated metadata.

The resource development process of our 20K
parallel corpus starts from text collection, followed
by pre-processing and finally data verification and
translation. The overall process of resource devel-
opment is summarized in Figure 1.

Our initial approach involved collecting article
data directly through Common Crawl’s index'. We
collected 4.35 million de-duplicated URLS. The con-
tents of these URLs are then extracted using a
general parsing script that works across all 154
top-level domains. While it is generally a straight-
forward process to detect the article body and ti-
tle, designing a general script to extract metadata,

Text and Metadata Extraction

"https://commoncrawl.org/get-started
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Source Identification URL Extraction
Raw Text
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Text and Metadata
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-

Rule based sentence categorization and filtering
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Nepali sentence Corpus

Sentence Corpus
of Base Language
(Nepali)

Expert level verification of
Base Language Sentences

Domain wise manual
verification of sentences

Expert level Review of Base
Language Sentences

[ Translation Verification ]4—{

Translation
Nepali --> Tamang

Bi-lingual Sentence
aligned Corpus
(Nepali, Tamang)

<

Data Verification and Translation

Figure 1: Overall procedure of the proposed Nepali-Tamang Machine Translation resource development

particularly the article category, is much more chal-
lenging. Each domain uses unique tags, attributes,
or structures to represent such information within
its HTML document. To address this, a layered
funnel architecture based on conditional logic is
implemented to handle domain-specific variations
effectively. This approach successfully captures the
article categories for the majority of the source do-
mains. Moreover, the extracted categories extend
beyond the intended scope, as the study focuses
on five primary categories.

3.2. Preprocessing and Filtering

3.2.1. Segmentation, cleaning, and

classification

In the first step of the data pre-processing pipeline,
the articles are converted into sentences using the
tokenizer from the Indic NLP library. The sentence
cleaning pipeline is made to refine and standard-
ize Nepali text data for further processing. Initially,
the sentences containing English words are re-
moved with the help of language detection tools
to ensure the resulting sentences are explicitly in
Nepali. Then, the regular expressions (regex) are
applied to eliminate unwanted information such as
numbers (0-9,0-%), textual advertisements("gaT
aor gaa” (Notice and Suggestions)), excessive
special characters, and other unwanted phrases.
Irrelevant symbols like ellipses (...), outer quota-

tion marks, and unwanted leading characters such
as “-”, ", and “_” are also removed. Common
typographical errors are spotted and corrected us-
ing regex-based replacements (e.g., "1" instead
of mistyped "9::") or manual intervention. In or-
der to maintain uniform formatting, unnecessary
spaces and commas before the period " 1" are re-
moved. Additionally, leading location markers (e.g.,
"hIeATS!:" (“Kathmandu:”),"aieRT -" (“Pokhara -”)
are discarded to keep only the meaningful sentence
content. The sentences that do not end with verbs
are discarded, as they often represent incomplete
or irrelevant fragments. Additionally, we used the
regular expression patterns to identify verbs derived
from Prasain (2011). We also matched non-verbal
forms that share similar endings, potentially lead-
ing to the inclusion of a few sentences that do not
actually end with verbs. The sentences are then
checked for duplication. Some examples are listed
in Table 1.

To ensure the systematic organization of
category-specific articles, all collected sentences
are classified into five primary categories based on
their semantic relevance and associated metadata.
Due to inconsistencies in category naming across
different sources, a regex based keyword mapping
technique is used to regularize these categories.
Moreover, to include sentences of different lengths,
we classified them into the following types:

» Short Sentences: 3-7 words
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PHISHTST: HToTeht AT I B (Nepali)
Before
Kathmandu: Today’s weather is good

kathmandu: aajako mausam ramro chha

3ToTeRt AtgH El @1 (Nepali)
aajako mausam ramro chha.
Today’s weather is good.

After

_ERH1 @M1 Uahr8as , | (Nepali)
_gharma khana pakaudaichha , |
_Making food at home , .

Before

ERHAT @M Uehldao | (Nepali)
gharma khana pakaudaichha|
Making food at home.

After

Table 1: Example of Text Before and After pre-
processing

» Medium Sentences: 8-15 words
» Long Sentences: 16-21 words
* Very Long Sentences: > 21 and <40 words

The sentence lengths are arbitrarily selected as per
the suggestion of the Nepali linguist expert. Very
long sentences are included in a limited number
to maintain diversity in terms of sentence length.
As far as the data borrowed from Chaudhary et al.
(2020), we did some basic cleaning, de-duplication,
and handled punctuation issues to some extent.
A small portion of this corpus (around 350 sen-
tences) contains only two words. These very short
sentences are retained to preserve coverage of the
source material.

3.2.2. Semantic filtering

The data collected from various news domains may
contain semantic duplicates resulting from the rep-
etition of identical content across multiple sources.
To address this issue, the semantic similarity be-
tween each pair of sentences is computed, and
in cases where the similarity score exceeds the
threshold of 0.8 (as determined by a Nepali lin-
guist through sampling), only one of the similar
sentences is retained. This process involves n x n
pairwise comparisons within the category, where n
denotes the number of sentences. Text embed-
ding models, jangedoo/all-MiniLM-L6-v2-nepali?
and LaBSE (Feng et al., 2022), which are fine-tuned
on Nepali text, are used to calculate the similarity
vectors followed by FAISS (Facebook Al Similarity
Search)? for semantic filtering. It helps to search
for similar vectors efficiently in large datasets. This
approach ensures the inclusion of sentences with
diverse levels of semantic similarity within each cat-
egory. However, semantic filtering was not applied

2https://huggingface.co/jangedoo/all-MiniLM-L6-v2-
nepali
Shttps://faiss.ai/

to the parallel corpus from Chaudhary et al. (2020)
to avoid removing valuable translation pairs and
compromising its representativeness.

3.2.3. Rule-based classification of tense &
polarity

Each sentence is classified based on tense and po-
larity using a rule-based classifier that analyzes the
morphological inflection patterns of verbs in the De-
vanagari script. Following the approach of Prasain
(2011), tense is categorized as Past or Non-Past,
and polarity as Affirmative or Negative. Table 2 and
Table 3 show the list of patterns(verbs) for tense
and polarity classification used in this study. Each
sentence is first cleaned and tokenized to identify
the final verb or verb phrase, which contains the
tense and polarity information. Then the system
checks the endings of verbs (inflections) against a
set of regular expression patterns that show how
common Nepali verbs are conjugated. The pres-
ence of auxiliary verbs like "f=t/fag" (past) and
"®/a9" (non-past), as well as past-tense markers
like "8", "@", "ThI", to name a few, determines the
tense. Polarity detection also depends on being
able to spot negative prefixes like "9" and negative
inflections such as "&4," "gad," "fagT". When aux-
iliary verbs are missing, the classifier uses suffix-
based inflection rules to figure out the tense, giving
longer pattern matches more weight for accuracy.
Although we aimed to exclude sentences without
a verb at the end, some non-verb words may ex-
hibit similar patterns or inflections, causing such
sentences to remain in the dataset.

Tense Pattern (Verb)

Non Past o, ©l, 89, 89, 8, 8, ¥, 8, &,

Past T, o 4, 39, @, 4, g, T, &, &,
Tl 519, 1, T, &9, T, §

Unknown Does not end with the pattern

Table 2: Tense Classification based on Verb Pat-
terns (Prasain, 2011)

Polarity Pattern (Verb)

Affirmative o, ©l, 89, 89, 81, 8, ¥, &, &,
Q, ot 4, 59, 4, 41, €, T

Negative &, &1, 37, &, T, &, @A, 2,
9, &1

Unknown Does not end with the pattern

Table 3: Polarity Classification based on Verb Pat-
terns (Prasain, 2011)

To achieve balanced distributions among differ-
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ent linguistic variables such as sentence type, sim-
ilarity category, tense, and polarity and to ensure
linguistic diversity within the dataset, the data is dis-
tributed according to established patterns. Short,
medium, and long sentences are represented in
proportions that favour medium-length sentences
while maintaining sufficient examples of short and
long forms. Similarly, sentences are organized to in-
clude a mix of low, medium, and high similarity. The
tense and polarity are also intended to be evenly
distributed. Given that the dataset may not always
perfectly satisfy these targets, proportions are dy-
namically adjusted to maximize diversity. Moreover,
existing data from Chaudhary et al. (2020) being
limited and specific, does not fully follow the tar-
get distributions, but it adds valuable translation
examples and improves coverage.

3.3. Translation and Verification

After pre-processing and filtering, the data are man-
ually reviewed and verified by a linguist expert. Sen-
tences that are inconsistent in writing format or se-
mantic meaning were excluded. After that these
sentences are assigned to the experts proficient in
the Tamang language capable of accurately con-
veying contextual and semantic nuances.

The translation team consisted of five trained
translators with formal training in linguistics and
a strong command of both written and spoken
Tamang and Nepali. Tamang translations were car-
ried out by linguistics graduates, while the Nepali
source text and corresponding English translations
were finalized by a Professor and Senior Compu-
tational Linguist. The Tamang translations were
further verified and finalized by a senior expert
holding a Master’s degree in Linguistics, a long-
standing social worker and activist in the Tamang
language community, author of more than 70 books
on the Tamang language, grammar, and culture,
and former Editor-in-Chief of a Tamang-language
magazine for over 20 years.

Both Nepali and Tamang languages are written
in the Devanagari script for consistent orthographic
representation. Following the translation process,
a group of linguistic experts verified the translated
corpus to ensure consistency, accuracy, and quality.
Furthermore, the translators and reviewers were
supported by members of the Tamang community,
ensuring linguistic reliability and cultural authentic-
ity throughout the process.

The parallel corpus developed by Chaudhary
et al. (2020) was reviewed by a Nepali linguistic ex-
pert from our team, as their original work involved
only Tamang linguists. We selected 10K sentences
out of 15K sentences after the manual review pro-
cess mentioned above.

3.4. Dataset Details

Throughout this work, we developed two primary
datasets for Nepali-Tamang translation: a gold-
standard parallel dataset NepTam20K and a syn-
thetic dataset NepTam80K. The gold-standard
dataset consists of 20K sentence-aligned and trans-
lated parallel sentences. Half of this data (10K
sentences) is created following our methodology,
ensuring coverage across five categories, with 2K
sentences in each category. The remaining 10K
sentences were sourced from the parallel corpus
of Chaudhary et al. (2020) and underwent clean-
ing, de-duplication, and manual review by a Nepali
linguist to ensure consistency and quality.

Following the strategies for corpus development
for low-resource languages described in Bal et al.
(2024), we augment the dataset to create a syn-
thetic parallel corpus, NepTam80K, consisting of
80K sentence pairs through translation of Nepali
sentences into Tamang using our best-performing
translation model. Its tense/polarity distribution re-
flects the underlying monolingual data and model
generation. As shown in Table 4, NepTam80K
is skewed toward non-past and affirmative forms,
mainly because the scraped monolingual data were
not balanced and contained a higher proportion of
such forms compared to other tense and polarity
categories.

Table 4 shows the details of the final corpus.

4. Experiments

4.1. Language Tagging Strategy

Tamang is not included in the pre-trained NLLB,
M2M, or mBART vocabularies, so we used the
Hindi language tag to represent Tamang text dur-
ing fine-tuning. We emphasize that all training data
remained in Tamang, and the model was fine-tuned
on genuine Tamang sentences. Using the Hindi
tag was a practical workaround to enable training
with pre-trained multilingual models that lack a ded-
icated Tamang token. While this does not perfectly
capture language-specific features, it allowed effec-
tive fine-tuning and transfer of multilingual knowl-
edge to the Tamang—Nepali translation task. Exist-
ing research highlights the utility of leveraging high-
resource language tags as a technical workaround
for low-resource ones (Khemchandani et al., 2021;
Kunchukuttan et al., 2018). Khemchandani et al.
(2021) shows that transliterating low-resource text
into the script of a Related Prominent Language
(RPL), such as Hindi, enhances performance. Like-
wise, Kunchukuttan et al. (2018) claims that Indic
languages with orthographic and phonetic similarity
benefit from shared embeddings, enabling transfer
to unseen languages.
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Category

NepTam20K

Train

Test

NepTam80K

Sentence Length

Short 5,863 (39.1%) 1,954 (39.1%) 15,941 (19.9%)

Medium 6,793 (45.3%) 2,266 (45.3%) 52,122 (65.2%)

Long 1,552 (10.3%) 518 (10.4%) 10,640 (13.3%)

Very Long 823 (5.5%) 262 (5.2%) 1,396 (1.7%)
Tense

Non-Past 6,781 (45.2%) 2,282 (45.6%) 55,542 (69.4%)

Past 6,436 (42.9%) 2,131 (42.6%) 24,295 (30.3%)
Polarity

Affirmative 11,939 (79.6%) 3,978 (79.6%) 74,871 (93.6%)

Negative 1,278 (8.5%) 435 (8.7%) 4,966 (6.2%)

Unknown 1,784 (11.9%) 587 (11.7%) 262 (0.3%)

Total Sentences

15,000

5,000

80,099

Table 4: Category-wise Data Distribution in NepTam20K and NepTam80K Dataset.

4.2. Training and Evaluation

For the experiment, three multilingual MT models -
mBART, M2M-100, and NLLB-200 were fine-tuned
using the Hugging Face library. On the other hand,
a baseline standard Transformer was trained from
scratch using the fair-seq library (Ott et al., 2019).
The models were trained on 15K and tested on 5K
sentence pairs from the NepTam20K dataset. The
training and fine-tuning hyperparameters used are
listed in Table 5. Standard text pre-processing and
tokenization pipelines were employed based on the
respective original model’s tokenizer.

For convenience, we use the following naming
conventions to denote specific models:

* NepTam oy : fine tuned M2M-100 model

* NepTammparr : fine tuned mBART-50 model
* NepTamnrrp : fine tuned NLLB-200 model

* NepTamrransformer . Vanilla transformer model

To further evaluate the model’s ability to leverage
a larger dataset, re-training was performed on a
NepTam80K pair where Tamang sentences were
synthetically generated by translating Nepali sen-
tences using the previously trained best-performing
checkpoint (NepTamyrrp). Using this synthetic
parallel data, the models were re-trained from their
previous best checkpoints. This procedure allowed
for assessing the impact of synthetic data augmen-
tation on translation quality and the model’s capac-
ity to generalize beyond the limited original dataset.

All the models were evaluated using sacreBLEU,
chrF, chrF++, METEOR, and COMET. Use of these

Model Hyperparameter Value
NepTammpBaRrT Epochs 7
Batch size 8
Grad. accumulation 2
Learning rate 7e-5
Weight decay 0.01
NepTamMgM EpOChS 5
Batch size 8
Grad. accumulation 2
Learning rate 7e-5
Weight decay 0.01
NepTamNLLB EpOChS 5
Batch size 16
Learning rate 5e-4
Dropout 0.3
NepTamrransformer  ENCoder layers 5
Decoder layers 5
Embedding size 512
FFN dimension 2048
Attention heads 8
Epochs 50
Learning rate 5e-4
Dropout 0.3
Weight decay 1e-4

Table 5: Training and fine-tuning configurations for
all models on NepTam20K.

complementary metrics together provides a well-
balanced evaluation across both translation direc-
tions.

5. Result and Discussion

We performed experiments on various pre-trained
models and summarized the results in Table 6.
Among the evaluated models, NepTamyy, 15 Out-
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Model Parameter Direction sacreBLEU chrF chrF++ METEOR COMET
Size

NepTamonm 418M ne—tam 40.24 73.30 69.27 60.81 75.67
tam—ne 42.73 72.21 68.74 61.07 79.13

NepTamnrB 600M ne—tam 40.92 73.98 69.94 61.44 75.89
tam—ne 45.26 73.71  70.30 62.31 80.19

NepTam,,pArT 610.9M ne—tam 40.14 72.91 68.92 60.46 75.60
tam—ne 42.96 7165 68.25 60.43 79.04

NepTamrrans former 49.07M ne—tam 37.71 71.71 67.74 58.20 75.00
tam—ne 38.01 69.89 66.30 57.60 77.37

Table 6: Performance of translation models trained on NepTam20K (Train), evaluated on NepTam20K
(Test) set for Nepali-Tamang (ne—tam) and Tamang—Nepali (tam—ne) directions

Model Direction sacreBLEU chrF chrF++ METEOR COMET
NepTamonm ne—tam 40.56 73.70 69.62 60.55 75.68
tam—ne 44.03 72.83 69.34 60.50 79.28
NepTamnrB ne—tam 41.79 7458 70.60 62.19 76.12
tam—ne 48.28 75.57 72.31 64.25 81.26
NepTam,,BArT ne—tam 41.44 74.07 70.10 61.21 75.83
tam—ne 46.68 7459 71.17 61.96 80.70
NepTamrrans former ne—tam 37.72 72.13  68.01 57.13 74.61
tam—ne 38.24 69.32 65.60 54.26 75.76

Table 7: Performance of translation models trained on NepTam80K(Train), evaluated on NepTam20K Test
set for Nepali-Tamang (ne—tam) and Tamang—Nepali (tam—ne) directions

performed all other models across sacreBLEU,
chrF, chrF++, METEOR, and COMET metrics in
both translation directions for the Tamang—Nepali
language pair. For the Nepali — Tamang direc-
tion, it reached a sacreBLEU score of 40.92 and,
while in the Tamang — Nepali direction, it reached
a sacreBLEU score of 45.26. Our models achieve
competitive scores on several metrics within this
new test set. This demonstrates the model’s
strong multilingual capability and adaptability to the
low-resource Nepali-Tamang pair. On the other
hand, the Transformer baseline produced the low-
est scores across all metrics, confirming the im-
portance of leveraging large-scale multilingual pre-
training for under-represented languages. Models
such as NepTampap and NepTam,,parT also
performed competitively, indicating that multilin-
gual pre-training helps in bridging the linguistic gap,
even when direct training data for the target pair is
scarce.

Across all evaluated models, translation in the
Tamang — Nepali direction demonstrated superior
performance compared to Nepali — Tamang. The
results further highlight that fine-tuning pre-trained
models, even with limited data, can yield substan-
tial improvements in translation quality. These find-

ings provide a solid baseline for future research on
Nepali-Tamang translation, where model adapta-
tion and data augmentation techniques could be
explored to further enhance performance.

Furthermore, we also performed fine-
tuning of the NepTampon, NepTampyrprs,
NepTammparr and NepT amrrans former MOdels
using the synthetic NepTam80K dataset. We
then evaluated these models on the NepTam20K
(Test) dataset. We observed that the perfor-
mance of all models improved except for the
NepTamrransformers Which —exhibited similar
results as in baseline experiments, as shown in
Table 7. NepTamyrrp performed better than
other models with BLEU scores of 41.79 in (Nepali
— Tamang) and 48.28 in (Tamang — Nepali)
direction.

6. Conclusion

This work introduces the first large-scale
Nepali-Tamang parallel dataset: NepTamZ20K,
a gold-standard corpus and NepTam80K, an
80K synthetic corpus, offering extensive domain
diversity and comprehensive coverage of linguistic
phenomena, thereby providing a richer and more
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representative resource for machine translation
research. Both datasets are sentence-aligned and
were used to fine-tune state-of-the-art multilingual
MT models such as mBART, M2M-100, and
NLLB-200, on which we conducted baseline
experiments to demonstrate their effectiveness.
We achieved promising results across standard
translation metrics. The corpus creation pipeline
from multilingual data scraping, pre-processing,
semantic filtering, and linguistic annotation to
manual translation ensures data quality, linguistic
diversity, and domain balance. The experimental
findings confirm that multilingual pretrained models
can effectively adapt to low-resource settings,
offering a strong baseline for Tamang-Nepali
machine translation and a foundation for future
NLP applications involving underrepresented
languages.

Future work can focus on expanding the cor-
pus via community-driven translation efforts, back-
translation and data augmentation to improve
the model generalization. Further gains may be
achieved through domain-specific fine-tuning and
exploring cross-lingual transfer learning from re-
lated Tibeto-Burman or Indo-Aryan languages. It
is also worth exploring the use of the instruction-
tuned LLMs for Nepali-Tamang translation and for
controlled synthetic data generation. The released
data splits also enable future comparison of the
dataset and translation performance with multilin-
gual MT baselines. Moreover, statistical signifi-
cance testing should be conducted in future to con-
firm whether the observed gains, especially the
smaller ones, are reliable.

Dataset and Models: The NepTam Corpus,
along with the associated model training notebooks,
is publicly available for research purposes. The
complete dataset and experimental notebooks can
be accessed at the following repository: https:
//github.com/ilprl/NepTam—-A-Nepali-T
amang-Parallel-Corpus—and-Baseline—-M
achine-Translation-Experiments.
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8. Limitations

The proposed approach is primarily based on fine-
tuning existing multilingual machine translation
models, and thus the main contribution is the con-
struction of the Nepali—-Tamang parallel corpus

rather than methodological innovation. In addition,
the system uses Hindi language tag for Tamang
and incorporates synthetic data, automatic metrics
such as sacreBLEU and chrF++ may not fully cap-
ture true translation quality. Human evaluation and
qualitative error analysis were not included and will
be considered in future work.

9. Ethical considerations

This study develops a Nepali-Tamang machine
translation system using a corpus constructed from
publicly accessible online sources. The Nepali data
were carefully curated by a senior linguist to ensure
quality and appropriateness. Tamang translations
were produced by a dedicated translator/linguist
team. Only publicly available text was collected,
and no private or personally identifiable informa-
tion was intentionally included. Nonetheless, web-
sourced data may reflect domain imbalance or em-
bedded societal biases. We acknowledge potential
risks of mistranslation, semantic distortion, or cul-
tural misrepresentation, particularly in low-resource
settings. Accordingly, the system should not be
deployed in high-stakes contexts without human
oversight. The primary objective of this work is to
promote linguistic inclusion and digital support for
under-resourced language communities.
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