Kathmandu University Journal of Science, Engineering and Technology

Kathmandu University

Journal of Science, Engineering and Technology

Multi-Stage Fine-Tuning of mT5-Small for Nepali News
Summarization

Akarshan S. Shrestha, Albina Shrestha, Sophiya Shrestha, Yunika Bhochhibhoya, Arnav Bhatta, and Prakash Poudyal*

Department of Computer Science and Engineering, Kathmandu University, Nepal

Abstract

Nepali is alow resource language in the field of Natural Language Processing (NLP), with limited availability on labeled data and pre-training in lan-
guage models. With the growing use of social media and large language models (LLMs) for concise news delivery instead of actual news platforms,
there is a pressing need for methodologies for fine-tuning a usable and high-performing summarization model in low resource environments.
In this work, we fine-tune the multilingual text-to-text transformer model, mT5-small, to perform abstractive, 2-3 sentence summarization of
Nepali news articles. The model was trained on a custom dataset, which we collected extensively from Nepali news websites. Evaluation using
ROUGE metrics yielded the scores ROUGE-1: 46.74, ROUGE-2: 33.01, ROUGE-L: 41.96 and evaluation using BERTScore-F1 gave the score 80.14,

demonstrating viable performance for a low-resource language.
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1. Introduction

With the growing usage of social media, digital content has be-
come the primary mode of news consumption for many people[1].
Increasingly, users are relying on platforms such as social media
journalism pages and Al assistants like ChatGPT and Gemini to stay
informed, rather than visiting traditional news websites [2]. This
shift has created a need for news content that is concise, accessible,
and engaging. It needs to be delivered in a format that aligns with
the fast-paced habits of the modern generation.

This research was inspired by informal discussions with around
30 peers, who revealed that they predominantly consume news
from social media pages like Routine of Nepal Banda and Aawa-
jNews or through Al chat assistants. Few reported visiting actual
news websites, and when they did, it was infrequent. These con-
versations highlighted a clear gap that while news is abundant, its
current presentation often fails to capture attention, and users rely
on short and concise news sources. Hence, a solid and reliable text
summarization approach can serve as a solution to this problem.

Text summarization in Natural Language Processing (NLP) offers
a solution to this need. Broadly, summarization techniques fall
into two categories: extractive and abstractive. Extractive meth-
ods identify and reuse important sentences or phrases from the
source text, while abstractive methods generate new sentences
while conserving the core context. Abstractive summarization is
more human-like and challenging, especially for low-resource lan-
guages that lack large-scale datasets and pretrained models. This is
because abstractive summarization requires the language model to
learn how to create proper sentences with clarity and structure it-
self, while presenting the information required concisely. Despite
these challenges, recent research has demonstrated that adapting
pre-trained multilingual transformer models, such as mT5, for low-
resource languages can yield highly competitive results in abstrac-
tive and extractive summarization tasks [3].
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While short abstractive summarization work such as headline
generation has been done for the Nepali language, few works fo-
cus on producing 2-3 sentence summaries [4]. Addressing this gap
requires not only building high-quality datasets but also identify-
ing training strategies that maximize performance under resource
constraints. The objective of this study is to develop and evalu-
ate a multi-stage fine-tuning approach for the mT5-small model,
tailored to Nepali news summarization, by leveraging a curated
dataset pipeline that progresses from single-sentence to multi-
sentence summaries. The study assesses the performance of the
model using both lexical and semantic evaluation metrics and com-
pares the results with existing work.

The rest of the paper is organized as follows. Section II reviews
related work on mT5, multilingual summarization, and prior re-
search in Nepali NLP, highlighting the major gaps our study ad-
dresses. Section III outlines the methodology, including dataset
collection, model choice, and the multi-stage fine-tuning approach.
Section IV presents the experimental results and compares the per-
formance of the model with existing studies. Section V concludes
the paper with a discussion on practical applications and directions
for future research.

2. Literature Review

Transformer-based architectures have revolutionized NLP, en-
abling state-of-the-art performance in various tasks, including
summarization. Among them, Google’s mT5 model extends the
T5 architecture to 101 languages, trained on the mC4 corpus [5].
mT5 uses a text-to-text framework where all tasks, including
summarization, are framed as sequence-to-sequence generation.
Its multilingual nature and transfer learning capabilities make it
highly suitable for low-resource languages such as Nepali. How-
ever, a key gap that remains is the development of optimal and
resource-efficient fine-tuning strategies for complex, language-
specific tasks such as generating coherent, multi-sentence, abstrac-
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tive summaries in low-resource languages [3].

With the rise of transformer models and LLMs, several research
works have been conducted in the field of NLP for Nepali lan-
guage as well as other low resource languages in recent times.
[6] presents XL-Sum, a large-scale multilingual abstractive sum-
marization dataset covering 44 languages, including the Nepali
language and several other languages, thus enabling and facilitat-
ing research on summarization in traditionally under-served lan-
guages. [7] presents significant works in Nepali NLP by creating a
large text corpus and pre-trains three transformer models (BERT,
ROBERTa, and GPT-2) on it. It achieved state-of-the-art results
on Nepali language understanding and text generation tasks. [4]
works on training an abstractive model using quantized LoRA train-
ing configurations for multilingual models mT5 and mBART. Their
model was trained to generate headlines using a large collection
of scraped Nepali articles dataset from the web. Similarly, [8] in-
troduced a NepBERT4, a transformer-based model, which achieved
better performance on several NLP tasks for Nepali language, such
as Named Entity Recognition (NER), Content Classification, parts-
of-speech (POS) tagging, and Categorical Pair Similarity.

Outside the Nepali context, mT5 has been successfully fine-
tuned for abstractive summarization in other low-resource lan-
guages [3] [6] [9]. Nasution et al. [10] and Singh & Choudhary
[9] proposed multi-stage or hybrid fine-tuning strategies. These
works show that hybrid or multi-stage approaches for training an
abstractive model can give better results compared to linear ap-
proaches, showing improvements in factual accuracy and fluency.
However, these strategies have not been systematically explored
for Nepali, nor have they been optimized for multi-sentence ab-
stractive summarization. Our work addresses this gap by applying
a hybrid, multi-stage training strategy inspired by these prior stud-
ies.

3. Methodology
3.1. Dataset Collection

For constructing the dataset, we implemented custom scrap-
ing scripts using Python and BeautifulSoup. We targeted popular
Nepali news websites such as Setopati, OnlineKhabar, and Ekan-
tipur. Each scraper was tailored to handle the site-specific layouts
and content blocks. Over 5000 full-length articles were scraped and
saved from each website, including metadata such as publication
date, source, and raw text.

The preprocessing pipeline handled removal of HTML artifacts,
redundant headers, and formatting noise, as well as genre clas-
sification for organizing content into categories. We collected
datasets in two forms - a lead sentence dataset and a highlights
dataset.

Firstly, we identified that news articles have always had a sum-
marized structure in their first sentences - a standard practice in
journalism. We extracted the first sentence of about 5000 articles
to create the first-sentence dataset. However, to to prevent the
model from learning to copy the first sentence, we removed the
original first sentence or introductory paragraph from the article
input.

Secondly, we extracted highlight sections from some articles,
which served as reference summaries for training. The goal was to
create a model that creates a 2-3 sentence summary of a news ar-
ticle that is brief, clean and captures the key details of the article.
While scraping we noticed that certain articles from OnlineKhabar
and Ekantipur contained a highlights section containing key de-
tails in the article. The highlights were Al-generated and reviewed
by humans for OnlineKhabar, and human-written for Ekantipur.
We extracted these articles and their highlights section as the high
quality dataset.

3.2. Model Choice

We chose the mT5-small model from Google [5], designed for
multilingual sequence-to-sequence tasks. Given the constraints
of limited computational resources, mT5-small which contains ap-
proximately 300M parameters offered a good balance of perfor-
mance and feasibility. It is already trained on a massive multilin-
gual corpus, the mC4, and given the multilingual nature of mT5 and
its prior training on various language tasks, it was a suitable can-
didate for adapting to the Nepali language with relatively limited
data.

3.3. Multi-Stage Summarization Strategy

The training pipeline was divided into three distinct stages:

Stage 1: Lead Sentence Dataset - Since the standard conven-
tion by journalism practices on creating highly relevant first sen-
tences in news articles, we found it to start training on the lead
sentence dataset before moving on to the datasets with 2-3 sen-
tences, even though the goal was to create a dataset intended to
generate 2-3 sentences. We discovered that the model develops
better fluency and sentence structure when first trained on this
dataset before moving on rather than directly being trained on the
2-3 sentence datasets. The model also learns the importance of the
context given by the lead sentence for further information density,
a trait that would be crucial in the future stages for a good 2-3 sen-
tence output.

Stage 2: Highlights Dataset - After that, fine-tuning on high-
quality highlight-summary pairs was done to increase information
density along with factual accuracy. It is important to note that
training on this stage must be longer, i.e., for more epochs than
for stage 1, otherwise the model develops a bias to develop a single
sentence, which is expected behavior.

Stage 3 - With the strong foundation laid out by stages
1 and 2, further training on a portion of the public dataset
"Someman/news_nepali’[11] from Hugging Face was done to gen-
eralize the model to diverse writing styles. We used this dataset
due to time constraints which limited the size of the other datasets.
Also, the highlights dataset for Ekantipur did not include sentences
but rather points, so it was important to train the model on actual
sentence summaries as well.

3.4. Training Setup and Configuration

We used the Hugging Face Hub for model checkpointing, with
Weights & Biases (wandb.ai) for experiment tracking, loss monitor-
ing, and performance visualization.

The training conditions for each stage are as follows:

Stage 1 and 2: Learning Rate: 2e-05, Optimizer: AdamW, Train-
ing environment: Local Machine with GTX1660ti. To further
optimize training efficiency, we employed Low-Rank Adaptation
(LoRA) during Stage 1 and Stage 2. LoRA reduces the number of
trainable parameters by injecting low-rank matrices into the atten-
tion layers of the model. This enabled us to fine-tune the model
with reduced memory consumption and faster convergence, mak-
ing it ideal for training on limited hardware of the local machine.

Stage 3: Learning Rate: 5e-06, Optimizer: AdamW, Training en-
vironment: Kaggle Notebooks with GPU T4 x2. LoRA was not used
in Stage 3, as full fine-tuning was feasible due to the T4x2 GPU setup
provided by Kaggle.

4. Results and Discussions
4.1, Evaluation Metrics

Table 1 assesses the performance of the fine-tuned abstractive
summarization model for Nepali news articles for different stages.
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Table 1: ROUGE and BERTScore Results from Different Training Stages

Metric ROUGE-1 | ROUGE-2 | ROUGE-L | ROUGE-Lsum | BERTScore-F1
Base mT5-small 19.89 7.51 15.74 15.77 61.11
Stage 1+2 22.27 6.89 13.62 13.56 73.09
Stage 3 46.74 33.01 41.96 41.95 80.14
Table 2: Comparison of Summarization Models

Metric ROUGE-1 | ROUGE-2 | ROUGE-L | BERTScore-F1

Dhakal & Baral 35.90 19.99 34.88 NA

XL-Sum 28.70 17.26 26.23 75.68

Our model 46.74 33.01 41.96 80.14

Table 3: Example Summaries Generated by Our Model

Article (excerpt)

Generated Summary

3 IER, FHGATS! | AUt ferer Aguldeg dud afffom I et B | feres
TR fOfiR 3 wrafag Tganft iaxasgr gaTe Ay favg afafAfd gwret fe,
ey JuT a1 ufafer afafaar ISRt fegent g, | IS AgY gaffear 3 g=arerd wWegeh!
ATl ® | Zat forT TRt Fsare TR deRETS dUT STuch! 99 TG, TN ¢ JganT
THH, ERIAT Yech, TAIhRUT TEIRehT ATHAT IhH ISTYh! SRIT Iehdict TG B |
HETHeh! AT Ache STTaTeh ST T+ fAdadhehdiet HIT TReAT S |

e TEulaeg  dud  gfafomn
I Rew! B | et ARMUTETE AR
T G GEanft *ihREgigR  pHI
Hgregent fafafdr AR smaae sga-a
T fdgehehdicl AR TReAT B |

T — IR SMEdaIR WY Asfheer Aiféa Ffem=diand faer diffiereare srafaa
TRI SHTYER! B | ITeh! TXAT IhH © IS Lo ARG Selk Th! TdI3TR! © | TWAETE I 03y
T I et ggaife fereRye ¥ Raet =nfgee ufA for gearar Samgwea fag |
‘T AR W Stteent a1t s gt o1 g1, fethRa fsftheer Jfem=Siat ¥4 | 37t ST
gy GEETaTET §51eR TReh! SH1STHR & | Rae aifsrse 3ent it aidhen! tepger=T adiam
SIS S[fSASIeTS foTqeh! Yecifedhal STHTUGhI © | SIS S foheamT 3ent T 3d
ST IS | ‘T T &101 B, A At Ucler 1wl FY, Sraetrs g1 7+ are=< | at i
T TS B 9 T8 QeI ThUTS A UTeT §70 | SR = Adt JASqehl hRUMEITG 168 STerRt
W, At AR WelaTTs Gedal © | Siged Ui gTct SITUHT &TAdT &g dchent B+, | 4T AfdsT
I T AT B I’ 6 IV JfHAD! TASTSeR! TehaHIaTe TS YRt VeATs! g3 3t af
FASTERT ATHT R T 3§ TTT WcTchehl B | et TUTeh! AR eleltae Ui 3R Ueeh @fcreeher
B, | Y Uy X STl Feld SIS MYl SiHeren! Msfthead SffaAsict gl U@ a=
fayra e fed sréaal ® | JeA=Eat MU’ smeiace Hifdart sgafad
I ST I A AT SNSTEe STST SATehHeh HIR Wod UTH B+ | SaT RsieenT oy
ST AR 31 et @etret g1 | Sefiet MerRateh huT YRSTETemTeTs dexiiare for=argedhent
Bl

I Wi Msfhesr @ifdA
FfeaSiers R Siffeeare sgafad
TReh! STHTYeh! © | ITeh! TaT ThH © TS
4o TG FeR WYah! faat |

23 IR, HISHTS! | TIRTSTT FTA% ATl STST AT Co 3 ST ATent &+ | Fier Rarear
AT Yeh fAT ShRIchAHAT ATt SO STfee HATYeRT G, | SFIehT ST |l g7

d oSl S o Sff FHRA AATYSRT
© | Il SFHIGTHT WEHFT g1 g

g grfongeant aiael fie fOt | grdagsa drE SR gdRTST MEdrs e T |
SHIcHaeh! AT MMEd Jfgel AUTA T AUTeienT ATl UTiHT 719 W5 qen! SIdTq | gaxmei
TG AUTTHT ST AT ATt TG A= Tl = TG FHIfgd gIu I AUl AT AuTereht
TTIT ST Ui &g |

TdRgEd AT TR YIRS AEATS

IHRAAT ST |

The primary goals were to evaluate the accuracy, fluency, and se-
mantic similarity of the generated summaries compared to ref-
erence summaries. For that, we conducted both ROUGE (Recall-
Oriented Understudy for Gisting Evaluation) and BERTScore eval-
uations. ROUGE measures lexical overlap between generated and
reference summaries. BERTScore evaluates semantic similarity us-
ing contextual embeddings from the BERT model.

We constantly experimented with different checkpoints to con-
tinue from after each stage of the training. For example, stage 1
training loss flattened after 5 epochs, hence giving 5 checkpoints
to continue stage 2 training from. However, taking the best trained
5-epoch checkpoint from stage 1 would result in an early overfit-

ting from stage 2 onwards, with the resultant model heavily biased
to create only single sentence summaries, and that too with lower
evaluation scores in the end.

Our best result was obtained by training first in stage 1 by 2
epochs, proceeding with stage 2 by 3 epochs and finally training
in stage 3 by 3 epochs. The model can be retrieved from https:
//huggingface.co/aku47z/mt5-small-nepali-v3.1.

The results from Table 1 show a significant improvement in
both contextual overlap and semantic similarity in the final-stage
model. The improvement in BERTScore by the end of stage 2 re-
flects the model’s ability to grasp important contexts. It is impor-
tant to note that the reduced ROUGE scores do not reflect a reduc-
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tion in the quality of summaries after stage 1 and 2. This is due
to the highly abstractive nature of the model resulting from train-
ing on lead sentences from articles without first sentences or para-
graphs, as well as highlights. Also, the summaries produced by the
base mT5-small often lacked some if not all characteristics of sen-
tence structure and clarity, which was fixed by the end of stage
1 and 2. The significant improvements in scores in stage 3 indi-
cate a strong foundation from stage 1 and 2. The improved ROUGE
scores in particular indicate the model’s improved ability to cap-
ture multi-word sequences from the articles, which it learned from
the diversified dataset in stage 3.

Based on our experiments, we also believe that an excellent one
sentence summarizer model can be trained from the lead sentence
dataset if trained for longer and on an expanded dataset.

4.2. Comparative Performance Analysis

Table 2 presents a comparison of our best-performing model
against two past works on Nepali abstractive summarization. The
results for the XL-Sum model [6] were re-evaluated on our dataset
for a direct comparison, while the scores for the Dhakal & Baral
model [4] are taken directly from their paper. As the original
Dhakal & Baral paper did not report a BERTScore, this metric is
omitted for their model to reflect the original findings.

The results presented in Table 2 highlight the performance of
our multi-stage fine-tuning approach compared to other studies.
While a direct comparison with previous studies is challenging due
to variations in datasets and task definitions, our model’s perfor-
mance on multi-sentence abstractive summarization is notewor-
thy. Specifically, our mT5-small model, trained with the proposed
multi-stage strategy, achieved superior ROUGE and BERTScore-F1
scores compared to the XL-Sum Baseline, which utilized a larger
mT5-base model. This finding is significant for low-resource NLP,
as it demonstrates that a well-designed fine-tuning methodology
can enable a smaller model to perform well, and validates the
resource-conscious approach of this study. Approaches like this
can be invaluable for low-resource environments.

4.3. Qualitative Analysis

Some examples of the summaries generated by our multi-stage
fine-tuned model are shown in Table 3. Manual inspection of the
summaries show that the model was able to condense article con-
tent into fluent, grammatically correct, 2-3 sentenced summaries,
all while preserving factual information from the original articles.

However, in some edge cases (last example in Table 3), the model
occasionally omitted specific names or subjects from the sentence.
This limitation is consistent with other summarization systems, es-
pecially in low-resource languages. These can be overcome with
more consistent, higher quality and larger datasets for training and
stricter human evaluation.

5. Conclusion

This paper presented the design, development and evaluation
of a Nepali language summarization model by leveraging a fine-
tuned mT5-small transformer model. Our system demonstrated
the feasibility of performing abstractive summarization in a low-
resource language setting, yielding strong performance on ROUGE
and BERTScore metrics. Through our implementation of a multi-
stage training pipeline and with strategic training and implemen-
tation under low resources, it is possible to build language training
methodologies that can fine-tune pre-trained models to perform
effectively in low resource scenarios.

Beyond its academic contribution, this work has significant prac-
tical applications. Summarization models like these can be further
enhanced and used to automatically generate concise summaries

for news aggregation platforms and to improve information re-
trieval for Nepali search queries. Furthermore, this model can en-
hance accessibility to information for native Nepali speakers and
support content generation for social media platforms.

Future work can focus on: incorporating reinforcement learn-
ing with human feedback (RLHF) for improved multi-stage train-
ing strategies, fine-tuning larger models like mT5-base for compar-
ison, expanding and training with more diverse genres and paral-
lel summaries in the dataset, and training a versatile summariza-
tion model that can perform abstractive summarizations of vary-
ing lengths and tones.
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