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Abstract—With the rapid increase in digital news consumption,
generating concise and informative headlines has become essen-
tial in the present world. Social media users are increasingly
getting news from their respective platforms. This study uses
mBART, a multilingual transformer-based model, to automati-
cally generate headlines for Nepali news articles. For effective
fine-tuning, the model was trained on 86,628 news articles
scraped from various Nepali news portals, utilizing a sequence-
to-sequence architecture and LoRA. By using a self-attention
mechanism, the model captures more context and performs better
than conventional methods. To guarantee data quality, it was
first subjected to filtering, pre-processing, and tokenization. The
model performed well in capturing the structure and relevance
of the content, as evidenced by its 0.4545 ROUGE scores. Flutter
was used to create an intuitive user interface that made it
possible to input and view generated headlines with ease. Social
networks, content aggregation platforms, and news portals can
all incorporate this research. The work promotes automation
in digital journalism and advances Nepali natural language
processing.

Keywords—Digital Journalism, Fine-tuning, Flutter, LoRA,
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I. INTRODUCTION

News Headline Generation refers to the process of creating
a brief and engaging title that encapsulates the core message
of a news article. This procedure is essential since headlines
provide readers with a quick overview of an article’s content
and serve as their first point of engagement. The goal of
Nepali News Headline Generation using the mBART Model
is to distill long texts into summaries while maintaining the
essential information and meaning. Large amounts of news
content are processed effectively by this technology in Nepali,
resulting in headlines that are closely matched summaries. To
ensure a broad range of topics and styles are covered, the
system uses web-scraping techniques to gather large datasets
from various Nepali news sources.
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Figure 1: System Block Diagram

Traditional summarization techniques, such as term frequency,
TF-IDF, and graph-based algorithms like TexRank and
LexRank, played a foundational role by leveraging shallow
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linguistic features and statistical heuristics to identify
important content within a document [1]. These methods
frequently fall short in capturing the nuance of human
language, leading to summaries that could be inconsistent
and incoherent. Conversely, the mBART model emphasizes
how deep learning transformed Natural Language Processing
(NLP). It is especially useful for complicated languages like
Nepali because of its pre-training on big datasets, which
allows it to pick up nuances and patterns unique to the
language.

In Natural Language Processing (NLP), text summarizing is an
essential process that seeks to preserve the essential informa-
tion while distilling vast amounts of text into concise, relevant
summaries. Effective summarizing methods, both extractive
and abstractive, are now crucial for efficient information
retrieval and comprehension due to the explosive growth of
digital content [2]. The traditional methods established the the-
oretical and algorithmic groundwork for modern approaches
by demonstrating how surface-level features and unsupervised
techniques can be effectively used for summary generation.
However, the shortcomings of extractive methods, such as
repetition, a lack of abstraction, and incoherent summaries,
led the way for a shift toward neural and deep learning-based
models, which try to emulate human-like comprehension and
summarization [3].

II. RELATED WORK

Text summarization has evolved significantly over the years,
with early works primarily focused on extractive methods.
From the original news articles, the seq2seq LSTM model
successfully produced succinct and pertinent news headlines.
The generated headlines maintained good quality in terms
of fluency, informativeness, and resemblance to human-
written headlines, according to the ROUGE and BLEU
scores. When it came to capturing the primary idea of news
items, abstractive summarization outperformed extractive
strategies for creating headlines. The work demonstrates
that deep learning-based sequence models can be effectively
used for automatic headline generation in Nepali and other
low-resource languages [4]. Babar et al.(2013) present an
overview of text summarization approaches, highlighting key
concepts, types, and challenges of properly summarizing
big textual data. Their findings highlighted the benefits
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and drawbacks of extractive summarization, which selects
key sentences directly from the source text [5]. Based on
these ideas, Khanal et al. (2022) suggested an extractive
summarization strategy for Nepali literature that merged
standard text ranking algorithms like TextRank with Long
Short-Term Memory (LSTM) networks. When tested on a
Nepali news corpus, their model received a ROUGE-1 Fl
score of around 0.45, indicating a 10-15% improvement
over traditional statistical methods by applying deep learning
for greater contextual awareness. [6]. Similarly, Patil et al.
(2022) created a general-purpose extractive summarizer with
NLP techniques like part-of-speech tagging and named entity
recognition. Their system achieved a ROUGE-2 recall score
of around 0.40 across multiple domains, indicating effective
sentence selection but limited abstractive ability due to its
extractive nature [7].

With the emergence of deep learning, the focus switched
to abstract methods. Mishra et al. (2020) developed an
encoder-decoder architecture with attention mechanisms
specifically designed for Nepali news headline production.
Their model earned a BLEU score of roughly 0.30, indicating
that it can generate coherent headlines despite morphological
and syntactic difficulties, though further improvements would
require bigger annotated datasets [8]. Similarly, multilingual
transformer models marked a significant step forward. Dhakal
and Baral (2024) used pre-trained multilingual transformers
(mBART and mT5) for Nepali abstractive summarization.
Their model achieved ROUGE-1 F1 and ROUGE-L scores of
around 0.52 and 0.48, respectively, exceeding earlier LSTM
and extractive models by effectively capturing semantic and
long-range dependencies [9]. The field of NLP for low-
resource languages has benefited greatly from the creation
of the Nepali news headline summarization corpus and the
improvement of multilingual models. Bhuktiyarov and Gusev
(2020) improved transformer-based models, including BART
and TS, for real-time headline generation. Their approach
outperformed typical sequence-to-sequence models in creating
fluent, contextually relevant outputs on Nepali headlines, with
a BLEU score of around 0.35 [10]. Li et al. (2021) developed
the HG-News model, which uses generative pre-training and
domain-specific fine-tuning to increase headline coherence
and relevance. On multilingual datasets, including Nepali,
HG-News achieved a ROUGE-2 F1 score of 0.44 and a
METEOR score of around 0.33, indicating significant gains
over baseline transformer models [11].

Liu et al. (2022) introduced the CPT framework, which
allows mBART to continuously learn from multiple datasets.
This strategy enhanced adaptability to low-resource languages
such as Nepali, resulting in ROUGE-1 and BLEU scores of
around 0.50 and 0.32 in headline generation tasks, despite little
Nepali data. [12]. Timalsina, Paudel, and Shahi(2022) suggest
using an attention-based recurrent neural network (RNN). A
seq2seq architecture with an attention mechanism allows the
model to concentrate on the most pertinent portions of the

input text, resulting in summaries that are both logical and
educational. In order to train and assess the model, the
authors created a Nepali news corpus. They showed that, in
contrast to conventional RNN-based seq2seq models, attention
greatly enhances summary quality with Rouge Score 0.44
[13]. Panthaplackel et al. (2022) created a system that uses
extractive and abstractive methods to generate headlines in
updated articles. The Headline Refinement Evaluation Net-
work (HREN) benchmark revealed that their model earned a
ROUGE-2 F1 score of around 0.42, efficiently balancing con-
tent relevance and linguistic quality in dynamic news contexts.
[14]. Awasthi et al. (2021) present a comprehensive survey
on NLP-based text summarization, categorizing methods into
abstractive and extractive approaches. It was found that
extractive techniques like TF-IDF, TextRank, and Word2Vec
remain useful for keyword extraction and sentence rating.
While extractive approaches typically score between 0.40 and
0.48 on ROUGE-1, abstractive and hybrid models outperform
them by producing more cohesive and human-like summaries.
The authors draw the conclusion that although deep learning
and transformer designs have advanced significantly, multi-
lingual summarisation, domain-specific applications, and en-
hanced assessment methods should be the key areas of future
study [15].

III. METHODOLOGY

The methodology adopted in this study is designed to ensure
a robust and reproducible framework for the development of
the system. It involves collecting textual data through web
scraping, followed by preprocessing to enhance data quality.
The processed dataset is divided into training, validation,
and test sets for model development and evaluation. The
model is trained, fine-tuned, and tested to ensure optimal
performance, and finally deployed through an interface for
practical application.
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Figure 2: System Workflow Diagram
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A. Data Collection

Data was scraped from the Nepali news portal Online Khabar,
BBC Nepali, and Ratopati, resulting in a dataset of 86,628
rows and 3 columns. For web scraping, libraries like Beau-
tifulSoup were used. Data in each portal was in a different
format, and different strategies had to be adopted to extract
data from them. The data were filtered to remove duplication
and stored in CSV format containing the article text and a
human-written headline. A sample of the dataset obtained
from this process has been presented in Table I.

Table I: Sample Dataset with Nepali News Headlines

URL News Article Headline
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B. Data Preprocessing

The scraped data was cleaned, removing HTML tags, special
characters, and symbols. In particular, Arabic numbers (0—
9) and Latin letters (a—z, A—Z) are among the undesirable
characters. These characters have been eliminated from the
dataset in order to lessen these problems. In the tokenization
process, the source article is truncated to a maximum length of
512 tokens, while the target headline is limited to 50 tokens.

C. Model Training and Fine-Tuning

We selected the multilingual transformer models mBART-
large-50 with around 600M parameters for our Nepali summa-
rization because they provide robust multilingual comprehen-
sion, flexibility in low-resource environments, and controllable
processing demands in contrast to larger versions. Since it was
still expensive to fully train these models, we combined LoRA
with QLoRA’s quantization approaches to lower resource
consumption and trainable parameters without sacrificing per-
formance [16].QLoRA enables memory-efficient fine-tuning
of a quantized large language models with performance close
to full precision training [17].

D. Model Evaluation Module

The model was checked at the end of each training epoch to
see how well it was learning. A custom function was used
to measure its performance by calculating ROUGE scores to
evaluate the quality of headlines. ROUGE (Recall-Oriented
Understudy for Gisting Evaluation) measures overlap between
generated and reference headlines. The testing set evaluation
helps in understanding the model’s ability to generate accurate
and coherent headlines from Nepali news articles.

e F1 Score:
F1 score is the harmonic mean of precision and recall.
It provides a single metric that balances both precision
and recall. A high F1 score means the model has a good
balance of accuracy and completeness. The F1 score is
calculated as:

2 x Precision x Recall

F1= (1)

Precision + Recall

o Precision:
It measures the accuracy of positive predictions of a
model. It shows how many of the predicted positives
are correct. The Precision score is calculated as:

Overlapping n-grams
n-grams in candidate

Precision = 2)
o Recall:
It measures how many of the actual positives were
correctly identified. It shows the model’s ability to find
all positives. The Recall score is calculated as:

Recall — Overlapping n-grams

3)

n-grams in reference

E. User Interface and API Module

o Backend: FastAPI is used to provide endpoints for real-
time headline generation. It handles requests efficiently
and ensures smooth communication between the frontend
and the model.

o Frontend: It was developed using Flutter, the interface
allows users to input news text and view generated head-
lines instantly. The mobile-friendly design ensures an
intuitive and responsive user experience across devices.
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IV. MODEL ARCHITECTURE

mBART is a sequence-to-sequence model for text production
and comprehension developed by Facebook Al It is an
extension of the BART (Bidirectional and Auto-Regressive
Transformers) model that supports multiple languages. This
paradigm builds on the strengths of both BERT (Bidirectional
Encoder Representations from Transformers) and GPT. The
model is pre-trained on huge multilingual corpora, enabling it
to perform tasks such as machine translation, summarization,
and text synthesis in many languages. This multilingual fea-
ture allows mBART to transfer information from high-resource
to low-resource languages, making it extremely useful for jobs
involving multiple languages. It employs a denoising autoen-
coder architecture, with the model trained to reconstruct text
from noisy input. This denoising objective assists the model
in learning strong, generalized representations of language as
well as improving its ability to handle missing or incomplete
text data. The self-attention mechanism is used in both the
encoder and the decoder of the mBART architecture. Self-
attention in the encoder allows the model to capture long-
term dependencies and context by processing the full input
sequence at once. The decoder guarantees that the generated
tokens are contextually meaningful by taking into account both
the input and previously created tokens.

Qutput
Probabilities

Add & Morm

Add & Morm

Mulli-Head
Feed Attention
Forward Nx
Add & Morrm
Add & Morm Masked
Multi-Head Multi-Head
Attention Attention
LY 2+ A r
. /
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Embedding Embedding
Inputs Quiputs
(shifted right)

Figure 3: Architectute of Transformer Model [18]

A. Sequence-to-Sequence Probability

mBART models the probability of generating a headline
y = (y1,92,...,yr) given an input news article z
(z1,22,...,ZN) as:

T
P(y|z) =[] Pw | y<s,x)

where y.; represents all previously generated tokens, and
P(y¢ | y<t, ) is computed by the decoder using the encoder’s
contextual embeddings.

B. Self-Attention (Scaled Dot-Product)

For each token, self-attention computes a weighted sum of all
token embeddings in the input sequence:

Attention(Q, K, V') = softmax (QKT> Vv
) ) \/dik

where

Q=XW? K=xwK v=xwV

are the query, key, and value matrices, and dy, is the dimension
of the key vectors.

The formal definition of how mBART creates a headline from
a news story is given by the sequence-to-sequence probability
equation. The transformer architecture, which employs self-
attention processes to capture relationships between tokens,
is used by the model to accomplish this. These methods are
explained in depth in the sections that follow.

C. Encoder

The mBART encoder uses the BERT architecture to process
text in both directions. Each of its six identical layers has two
sub-layers: a position-wise feed-forward network and a multi-
head self-attention mechanism. To stabilize training, residual
connections and layer normalization are used around each
sub-layer. It takes the input tokens and generates contextual
embeddings that capture the relationships and dependencies
between all tokens in the sequence. These embeddings provide
a meaningful representation of the input text, which the
decoder can then use to generate accurate output.

D. Decoder

The decoder generates text one token at a time in an autore-
gressive manner, much like GPT. It includes six similar levels
as well, but each layer has three sub-layers: a feed-forward
network, encoder-decoder cross-attention, and masked self-
attention. Masking ensures that forecasts rely solely on already
created tokens by preventing tokens from attending to future
positions. Each token is produced based on the context of the
input and the sequence of tokens already generated, ensuring
coherent and contextually relevant output.

Table II: Encoder vs Decoder Comparison

Feature Encoder | Decoder
Layers 6 6

Sub-layers | 2 3

Attention Self Self + Cross
Masking None Yes

Purpose Encode Decode

V. RESULT AND DISCUSSION
A. Dataset Sourcing:

A CSV file containing URL, News Article, and Headlines
from Nepali news website sources such as Online Khabar,
BBC Nepali, and Ratopati with total of 86628 news articles.
The categorized form of the news article is given below.
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Table III: Data Statistics

S.N. Category Count
1 Education 2960
2 Opinion 2720
3 Health 3920
4 Entertainment | 19160
5 Sports 22168
6 Economy 35360

B. Data Distribution:

The dataset is splitted into training(90%) and validation (10%).
The mBart50TokenizerFast is used as tokenizer.

Table I'V: Data Distibution in Training and Validation

Dataset Type Count
Training Set 77965
Validation Set 8663

C. Model Training Setup:

Seq2SeqTrainingArguments is used to configure the training
arguments. LoRA reduced the amount of trainable param-
eters while effectively fine-tuning the model. This method
maintains excellent efficiency and accuracy while lowering
memory utilization and expediting training without sacrificing
model performance.

Table V: Training Parameters Summary

Parameter Value
Model Name facebook/mbart-large-50
Source Language en XX
Target Language ne NP
Max Length (Article) 512
Max Length (Headline) 50
Batch Size (Train) 8

Batch Size (Eval) 8
Learning Rate 0.0002
Num Train Epochs 3
Evaluation Strategy epoch
Gradient Accumulation Steps 2
Warmup Steps 250
Quantization 4-bit
Model dtype bfloat16
LoRA rank (r) 16
LoRA alpha 32
LoRA dropout 0.05

D. Visualization:

The training and validation loss are plotted using matplotlib
to visualize the model’s performance during training. These
plots help in monitoring how well the model is learning over
time, identifying issues such as overfitting or underfitting.

Table VI: Training and Validation Loss per Epoch

Epoch | Training Loss | Validation Loss
1 0.475100 0.454159
2 0.444300 0.441768
3 0.432600 0.437308

The above table shows model’s performance changes during
training, as the table displays the training loss and validation
loss values over three epochs. Effective learning without
overfitting is indicated by the steady decline in both training
and validation loss.

Training Loss vs Epoch

0.4751

Loss

0.4443

0.4326

1 2
Epoch

w

Figure 4: Graph Obtained from Training

The curve in Figure 2 illustrates training loss over epochs for
a machine learning model. As the model learns and performs
better in the training data, the training loss gradually drops
from 0.47 to 0.43 throughout the epochs.

Validation Loss vs Epoch

0.47

0.4542

a
] 0.4418

0.4373

e
w

2
Epoch

Figure 5: Graph Obtained from Validation

The curve in Figure 3 illustrates the validation loss over epochs
for a machine learning model. The validation loss drops from
0.45 to about 0.43, indicating that the model is effectively
generalizing to new data.
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E. Output Generation:

The sample news articles from the validation set are tokenized,
and the trained model generates Nepali headlines. The results
are displayed alongside the original input and articles.

Table VII: A Sample of Manual and Machine-Generated
Headlines for Nepali News Articles

Machine Gen-
erated Head-
line

News Article Manual Headline
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F. Model Performance Evaluation:

The model is evaluated based on ROUGE score. The score
obtained is shown below.

Table VIII: Rouge Score for 1000 Samples

For 100 samples
ROUGE Recall | Precision F1
Rouge 1 0.4736 0.4699 0.4682
Rouge 2 | 0.3037 0.3033 0.3014
Rouge L | 0.4649 0.4671 0.4545
The model’s ROUGE-1, F1 score of 0.4682 indicates

good single-word overlap for the 100 sample dataset. With a
ROUGE-2, F1 score of 0.3014, word pair capture is somewhat
challenging. With a ROUGE-L, F1 score of 0.4545, the
model shows good performance for a smaller dataset and is
able to capture the longest common subsequence.

Table IX: Rouge Score for 2000 Samples

For 2000 samples
ROUGE Recall | Precision F1
Rouge 1 | 0.4704 0.4372 0.4428
Rouge 2 | 0.2886 0.2625 0.2671
Rouge L | 0.4465 0.4154 0.4205

With a ROUGE-1, F1 score of 0.4482 for the 2000 sample
dataset, the model’s performance is very steady and only
slightly lowers single-word overlap. As the dataset size

increases, the ROUGE-2, F1 score decreases to 0.2671,
suggesting a minor difficulty with word pairs. Additionally,
the ROUGE-L, F1 score decreases to 0.4205, indicating a
minor decline in identifying the longest common subsequence.

Despite the larger dataset, the model performs well overall
with minor variation.

VI. CONCLUSION

The system focused on enhancing the generation of Nepali
news headline generation using multilingual model such
as mBART, and incorporating techniques like LoRA and
quantization. In the study, a diverse dataset of Nepali news
article was collected and preprocessed to ensure its readiness
for model training. The 4-bit quantised mBART with
LoRA performed the best, generating accurate and cohesive
headlines, according to evaluation using the ROUGE with
score of 0.45.

This research paves the path for more effective and scalable
news publishing by automating content creation in Nepali
media. It guarantees consistency, lessens manual labor, and
aids in the digital transformation of the Nepali news sector.
This model’s ability to generate high-quality native headlines
has been astounding, demonstrating Al’s potential in the
Nepali language.
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