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Abstract

Recently, Transformer-based models have sig-
nificantly improved the performance of ab-
stractive summarization across many high-
resource languages. However, for low-resource
languages like Nepali, progress in this task
has been limited by the lack of annotated
data and language-specific pretrained models.
To address this gap, we introduce NepSum,
the largest Nepali abstractive summarization
dataset to date, created by scraping article
and headline pairs from multiple online Nepali
news portals. We then evaluate the perfor-
mance of various transformer models on this
task. The model selection includes vanilla
Transformer, mBART, mT5, mT0, BLOOMZ,
Nepali GPT2, and Nepali GPT2 Instruct. We
trained the vanilla Transformer from scratch,
fully fine-tuned the smaller Nepali GPT2 mod-
els and adapted the larger multilingual models
using Low-Rank Adaptation (LoRA). We find
that mBART outperforms all the other models
across both ROUGE and BERTScore metrics.

1 Introduction

Automatic text summarization is an important ap-
plication of Natural Language Processing (NLP).
The ever-growing ocean of digital textual data has
made its importance even more evident. Automatic
summarization involves generating a concise ver-
sion of a source document while preserving its key
information. It can be categorized into two dif-
ferent approaches: extractive and abstractive. In
extractive summarization, the summaries are gener-
ated by extracting the most salient segments from
the source document and concatenating them with-
out any modification (Shakil et al., 2024), while
abstractive summarization focuses on generating
human-like summaries by using new words and
phrases that may not appear in the source document
(Nallapati et al., 2016). This requires the model to
have a contextual understanding of the document
and then express its core meaning in a concise and

coherent summary. As a result, abstractive sum-
marization is much more complex and challenging
than extractive summarization.

The Transformer-based architectures have been
very effective in tackling the task of abstractive sum-
marization (Almohaimeed and Azmi, 2025). The
readily available standardized datasets (Narayan
etal., 2018; Hermann et al., 2015) have further con-
tributed to these advancements. However, these
advancements have been limited to high-resource
languages, and the lack of annotated datasets and
pretrained models has become a major hurdle for
low-resource languages like Nepali. Even though
a lot of multilingual pretrained models have been
developed recently, they often do not support the
Nepali language. Besides, these models themselves
face challenges of morphological richness, syntac-
tic variation, and lack of annotated datasets in mul-
tilingual abstractive summarization (Almohaimeed
and Azmi, 2025), which is the case for the Nepali
language. Regardless, multilingual models such
as mT5 (Xue et al., 2021) and mBART (Liu et al.,
2020) have been shown to be highly effective in ab-
stractive summarization of low-resource languages
like Hindi (Kumar, 2024), Urdu (Masih et al., 2025;
Tahir et al., 2025), and Bengali (Hayat et al., 2023).
For Nepali, existing work on abstractive summa-
rization remains limited. Only a few studies have
explored Transformer-based models (Dhakal and
Baral, 2025; Bhattarai et al., 2025; Thapa et al.,
2025). However, the limited selection of models
and the use of non-standardized datasets have left a
significant gap in research.

This study aims to address these limitations by
establishing a performance benchmark for Nepali
abstractive summarization. We achieve this by
first overcoming the problem of data scarcity. For
this, we compiled a novel abstractive summariza-
tion dataset, NepSum, by scraping news articles
and titles from multiple online news portals. The
dataset consists of approximately 368K unique



article-headline pairs, making it comparable to the
widely used English benchmark datasets, such as
CNN/DailyMail (Hermann et al., 2015), and XSum
(Narayan et al., 2018) in terms of scale. We then use
NepSum to evaluate a diverse set of Transformer-
based models to establish a baseline for future re-
search. We first trained the vanilla Transformer
(Vaswani et al., 2017) from scratch, and then fine-
tuned a range of pretrained models. For efficient
fine-tuning, the larger multilingual models, mnBART
(Liu et al., 2020), mT5 (Xue et al., 2021), and
the instruction-tuned BLOOMZ and mTO (Muen-
nighoff et al., 2023) were adapted using LoRA
(Hu et al., 2021), whereas the relatively smaller
Nepali GPT2 (Thapa et al., 2025) models were fully
fine-tuned. These models allowed us to compare
performance across different architectures, model
sizes, and pretraining objectives, which we report as
ROUGE (Lin, 2004) score and BERTScore (Zhang
et al., 2020).

2 Related Works

Early research on automatic text summarization
of Nepali language articles focused on extractive
approaches. The introduction of Sequence-to-
Sequence models (Sutskever et al., 2014) and atten-
tion mechanism (Bahdanau et al., 2016) enabled the
shift towards abstractive approaches. Recently, the
Transformer-based (Vaswani et al., 2017) models
have replaced the RNNs as the primary architec-
ture across a wide variety of NLP tasks including
summarization.

Mishra et al. (2020) were the first to investigate
Nepali abstractive summarization. They utilized an
encoder-decoder architecture and trained the model
to generate Nepali news headlines using a dataset of
approximately 138K article-headline pairs. To over-
come the vanishing and exploding gradient problem
in traditional RNNss, they used a Bidirectional GRU
in the encoder and a unidirectional GRU in the de-
coder. The word embeddings were trained using
the FastText continuous bag-of-words model. To
decrease the number of parameters, they formulated
the task as regression rather than classification, so
each decoder step would generate a word embed-
ding instead of the probability distribution across
the vocabulary. Finally, the generated word vec-
tors were converted back to words using FastText
to obtain the output headline, which was evaluated
using BLEU (Papineni et al., 2002) score. However,
this regression-based approach comes with limita-

tions, as slight variations in vectors could result in
a completely different word selection.

Timalsina et al. (2022) presents an LSTM-based
encoder-decoder architecture with the attention
mechanism (Bahdanau et al., 2016). First, they
compiled a dataset consisting of approximately
128K article-headline pairs by scraping different
Nepali news portals. Using this dataset, they per-
formed a comprehensive empirical evaluation of
nine different models with varying encoder layers
and RNN hidden units. Among them, a single lay-
ered encoder-decoder model with 256 hidden units
achieved the highest ROUGE (Lin, 2004) score.

Earlier studies relied on RNN-based architec-
tures that are limited by their ability to capture long-
term dependencies, which is crucial for abstractive
summarization. While the inclusion of attention
mechanism helped mitigate this problem, the se-
quential nature of RNN still prevented paralleliza-
tion, making them computationally very expensive
to train as context size grows. To overcome these
challenges, modern transformer architectures rely
on multi-head self-attention (Vaswani et al., 2017).
Dhakal and Baral (2025) introduced these modern
transformer architectures to Nepali abstractive sum-
marization. Specifically, they utilized two multilin-
gual pretrained transformers, mT5 (Xue et al., 2021)
and mBART (Liu et al., 2020). They fine-tuned
these models using Parameter-Efficient Fine-Tuning
(PEFT) techniques such as LoRA (Hu et al., 2021)
and QLoRA (Dettmers et al., 2023) on a dataset of
72K news article-headline pairs. They evaluated
their models using the ROUGE (Lin, 2004) metric
as well as human evaluators, and report the 4-bit
quantized mBART with LoRA as the best perform-
ing model.

Thapa et al. (2025) utilized a monolingual GPT
model for abstractive summarization. They trained
the GPT-2 architecture (Radford et al., 2019) on
a corpus of 30.4 GB Nepali textual data. They
further instruction tuned this model, and fine-tuned
both the pretrained and instruction-tuned variants
on the Nepali subset of the XL-Sum dataset (Hasan
et al., 2021), consisting of around 7.26K samples.
The models were evaluated using the ROUGE (Lin,
2004) metric. The authors report that the models
tend to hallucinate for longer sequences resulting
in relatively lower ROUGE scores.



3 Methodology
3.1 Data Collection

For this study, we compiled NepSum, a large-scale
Nepali summarization dataset consisting of approx-
imately 368K samples. To ensure diversity in con-
tent and writing styles, we scraped news articles
and headlines from 12 popular online Nepali news
portals across 10 different categories.

3.2 Data Cleaning

After compiling the dataset, we processed it through
a data cleaning pipeline, where we removed null
entries, duplicates, HTML tags, emails, emojis, and
English characters (a-z, A-Z). We also discarded
very short articles, and to maintain consistency with
the Devanagari script, we replaced the Arabic nu-
merals (0-9) with Devanagari numerals (0—X).

Depending on the model, we handled the special
characters differently. For fine-tuning, they were
kept intact, considering the ability of pretrained
transformers to handle them effectively. However,
to train the Transformer from scratch, we removed
all special characters except %,:,?,$, and - as they
carry task-relevant significance within the articles
and headlines (e.g., in Nepali words §:Xd (grief)
and J: (again), questions, sports scores, financial
figures, etc.).

Finally, for fine-tuning instruction-tuned models,
mT0, BLOOMZ, and Nepali GPT2 Instruct, we
appended natural-language instruction prompts at
the beginning of the articles.

3.3 Dataset Analysis

After processing the dataset, we were left with
348,409 clean article-headline pairs. The dataset
was split into training (85%), validation (10%), and
test (5%) sets. Table 1 presents the summary statis-
tics of the final dataset. The distribution of article
length is positively skewed, with a mean and me-
dian length of 236 and 176 words respectively.

3.4 Tokenization

For the vanilla Transformer, we trained a Sentence-
Piece (Kudo and Richardson, 2018) tokenizer using
the Byte-Pair Encoding (BPE) algorithm (Sennrich
etal., 2016) on the news articles and headlines from
the training data, with a vocabulary size of 30,000.
The SentencePiece tokenizer creates a vocabulary
of subwords, allowing it to represent unseen words
as a combination of known subwords. This makes
tokenization much more efficient, especially for

Statistic Value
Total Samples 348,409
Average words in article 236
Average words in headline 8
Median words in article 176
Median words in headline 7
Training Samples 296,147
Validation Samples 34,493
Test Samples 17,769

Table 1: Summary statistics of cleaned NepSum dataset.

morphologically rich language like Nepali as com-
pared to word-level tokenizers which often result
in large vocabularies and many out-of-vocabulary
(OOV) tokens. This tokenizer was used to tokenize
the input articles and target summaries to a max-
imum length of 512 and 16 tokens, respectively.
We used a shorter 16-token limit for summaries,
as we needed to train our decoder from scratch,
and shorter sequences would simplify training and
result in faster convergence.

For pretrained models, we used their respective
pretrained tokenizers. For Nepali GPT2 specifically,
the authors noted the tendency of the model to hal-
lucinate with inputs exceeding 400 tokens (Thapa
et al., 2025). Therefore, we limited the maximum
combined article-headline length to 400 tokens, us-
ing 374 tokens for articles and 26 tokens for the
headline. For the rest of the models, we limited the
maximum lengths to 512 tokens for articles and 26
tokens for summaries. Table 2 presents the average
sequence lengths and tokens-to-words ratios across
different model tokenizers.

3.5 Models

3.5.1 Vanilla Transformer

We implemented the original Transformer architec-
ture as described by Vaswani et al. (2017), with
three key modifications. First, we adjusted the
model parameters to suit our dataset and compu-
tational resources. Second, we replaced the ReLU
activation function with the GELU (Hendrycks
and Gimpel, 2023), which has been shown to im-
prove training stability and model performance
(Lee, 2023). Third, we used learned positional en-
codings instead of sinusoidal ones, allowing the
model to generate positional information specific
to our dataset. The resulting model has approxi-
mately 15 million parameters. The overall model
architecture is summarized in Table 3.



Average Tokens

Average Tokens-to-Words Ratio

Tokenizer Article Headline Article Headline
Vanilla Transformer 123 8 1.1 1.1
mBART 396 16 1.68 2.18
BLOOMZ 362 13 1.53 1.78
mT5 / mTO 604 22 2.56 2.89
Nepali GPT2 / Nepali GPT2 Inst. 275 9 1.16 1.23

Table 2: Tokenization Statistics Across Model Tokenizers

Component Value
Encoder Layers (Nep.c) 4
Decoder Layers (Nge.) 4
Model Dimension (d;,0der) 256
Attention Heads (h) 8
Feedforward Dimension (d ) 1,024
Activation Function GELU

Encoder Sequence Length (Ley.) 512
Decoder Sequence Length (L ge.) 16

Table 3: Vanilla Transformer Architecture Details

3.5.2 Pretrained Models

Abstractive summarization requires a model to gen-
erate text sequences, which is possible only through
a decoder. We have two choices, an encoder-
decoder transformer or a decoder-only transformer.
There have not been enough studies on Nepali gen-
erative pretrained models. Much of the research has
been focused on the non-generative encoder-only ar-
chitectures. To our knowledge, only two prior stud-
ies have been conducted on monolingual Nepali
generative models, both of which experimented
with the GPT2 architecture (Thapa et al., 2025; Pu-
dasaini et al., 2025). For our work, we used the
Nepali GPT2 (Thapa et al., 2025) model as it was
trained on a much larger corpus of 30.4 GB and also
provides an instruction-tuned model variant, which
we also utilized. The lack of monolingual model
choices led us to also rely on multilingual models.
These models were trained on multiple languages,
including Nepali, and have shown promising re-
sults in generative tasks. We experimented with
four such multilingual models, mBART-large-50,
mT5-base, mTO-base and BLOOMZ-560M. While
larger, more powerful versions of these models exist,
they were not feasible for us to fine-tune using our
computational resources. These models allowed
us to conduct a thorough model assessment across
multiple architectures and pretraining objectives,
providing a baseline for future studies in Nepali

generative Transformers and summarization.

* Nepali GPT2 (Thapa et al., 2025) is a mono-
lingual decoder-only model with 124M param-
eters. It was pretrained using the Causal Lan-
guage Modeling (CLM). It has an instruction-
tuned variant, Nepali GPT2 Instruct created
by instruction-tuning the base model on the
Nepali alpaca dataset (Saugatkafley, 2024).

* BLOOMZ-560M (Muennighoff et al., 2023)
is a multilingual decoder-only model with
560M parameters. It is an instruction-tuned
version of BLOOM (Workshop et al., 2023),
which was pretrained with an objective of
Causal Language Modeling (CLM).

 mBART-large-50 (Liu et al., 2020) is a mul-
tilingual encoder-decoder model with 611M
parameters. It was pretrained with an objective
of denoising the entire input sequence, which
was corrupted using word span masking and
sentence permutation.

mTS5-base (Xue et al., 2021) is a multilingual
encoder-decoder model with 580M parame-
ters. It was pretrained using the span corrup-
tion objective, where, unlike mBART, the de-
coder learns to generate only the corrupted
spans. The model was instruction-tuned on
the xP3 (Muennighoff et al., 2023) dataset to
create mT0-base (Muennighoff et al., 2023).

3.6 Training and Fine-tuning

3.6.1 Vanilla Transformer

The vanilla Transformer was trained with an objec-
tive of summarization. The encoder learned to pro-
duce a contextual representation of input text arti-
cles, while the decoder was trained to generate sum-
maries autoregressively using teacher forcing. We
used the Adam optimizer (Kingma and Ba, 2015)
with 81 = 0.9, B2 = 0.999, and € = 10~7. The
learning rate was varied according to the schedule



proposed by Vaswani et al. (2017). We set warmup
steps to 5000 and used a batch size of 32. The
model was trained for 20 epochs (=185K steps),
at which point the improvement in validation loss
plateaued, indicating convergence. Additionally, to
prevent overfitting and improve generalization, we
employed label smoothing of ¢;; = 0.1 (Szegedy
et al., 2016), dropout of Py, = 0.2 (Srivastava
et al., 2014) and a weight decay factor of A = 0.01.

3.6.2 Pretrained Models

The pretrained models were fine-tuned for 4 epochs
using the Adam optimizer (5; = 0.9, 82 = 0.999,
and € = 107®). We used a linear schedule that
increased the learning rate from 0 to 2x 1075 during
warmup and then decreased linearly to O for the
remainder of training. To maximize the hardware
utilization, we set the maximum possible batch size
that would fit within our GPU memory for each
model.

For the larger multilingual models, we employed
Low-Rank Adaptation (LoRA) (Hu et al., 2021) to
make training faster and more resource-efficient.
We applied LoRA to the attention projection layers
with a rank » = 16, and a scaling factor a = 32.
In contrast, the smaller Nepali GPT2 models were
fully fine-tuned. For regularization, a weight decay
of A = 0.01, and a dropout of 0.1 was also applied.

3.7 Evaluation Metrics

The ROUGE (Lin, 2004) metric scores the quality
of summarization by measuring the lexical overlap
between the generated and reference summaries.
Since it relies on exact n-gram match, it fails to
account for synonyms and morphological varia-
tions, and penalizes semantically correct outputs
that use different phrasing. Despite these limita-
tions, it is still used as a standard metric for eval-
uating summarization due to its established base-
lines, interpretability and computational efficiency
(Almohaimeed and Azmi, 2025). So, alongside
ROUGE, we also decided to use the BERTScore
(Zhang et al., 2020) metric which uses the mBERT
(Devlin et al., 2019) embeddings to measure the
semantic similarity between the outputs and the ref-
erence human summaries. Using these two metrics,
we can quantitatively measure both the text overlap
accuracy as well as semantic similarity, providing
a comprehensive evaluation of model performance.

3.8 Experimental Setup

Data collection was performed on a local machine
using the Selenium API for Python. The training
and fine-tuning procedure required significant com-
putational resources and was not feasible with our
local hardware capabilities. For this, we utilized
Kaggle’s freely available cloud computing environ-
ment. The environment came with 30 GB of RAM
and a P100 GPU with 16 GB VRAM. The GPU
usage was limited to 30 hours/week, while each
computing session was limited to 12 hours. To
overcome these constraints, we used model check-
pointing to train the model across multiple ses-
sions. Mixed precision FP16 was used for fine-
tuning the pretrained models, except for the mT5
and mTO models as they would result in O training
loss and NaN validation loss. While switching to
BF16 would solve the problem, the available GPU
didn’t support it, so they were trained using FP32
precision. The experiments were performed using
different Python libraries such as Pandas (McKin-
ney, 2010) for data processing, Tensorflow (Abadi
et al., 2016) for setting up and training the vanilla
Transformer, and the Hugging Face Transformers
(Wolf et al., 2020), and PEFT for fine-tuning the
pretrained models.

4 Results

Table 4 summarizes the ROUGE and BERTScore
F1 scores for all the tested configurations. The
mBART + LoRA model with beam width 5
achieved the highest score across all metrics, in-
dicating its ability to generate summaries that are
both lexically and semantically aligned with the ref-
erence summaries. The performance was followed
closely by the vanilla Transformer and BLOOMZ.
Despite having significantly fewer parameters, the
Vanilla Transformer at beam width 3 outperformed
all the other models in ROUGE scores except
for mBART in ROUGE-2, with a marginal differ-
ence of 0.05. It also maintained a relatively high
BERTScore across different beam configurations.
These results suggest that a comparatively small
model trained from scratch on a specific task can
be as effective as fine-tuning larger pretrained mod-
els. However, this does require a sufficiently large
training dataset, which is often the major hurdle for
low-resource languages.

The mT5 and mTO models achieved relatively
lower scores. While the instruction-tuned mTO
showed a slight improvement over mT5, the overall



Model ROUGE-1 ROUGE-2 ROUGE-L BERTScore
BW=3 BW=5 BW=3 BW=5 BW=3 BW=5 BW=3 BW=5
Vanilla Transformer 41.10 41.19 2254 2261 39.66 39.76 8096 81.00
Nepali GPT2 37.99 3857 20.19 20.69 3657 37.17 79.75 80.02
Nepali GPT2 Inst. 37.58 3838 1993 20.73 36.14 3697 79.83 80.09
mBART + LoRA 40.69 41.19 2259 2320 3932 39.77 8123 81.33
mT5 + LoRA 36.98 37.04 20.08 2021 35.63 3572 79.72 79.73
mTO0 + LoRA 38.01 38.07 20.76 20.86 36.62 36.67 80.15 80.17
BLOOMZ + LoRA 39.88 4041 2215 2257 3842 3895 81.10 81.21

Table 4: Model Evaluation Results for Beam Width (BW) 3 and 5

performance remained well below the top models.
This gap can be attributed to their pretraining ob-
jective. As mentioned by Chirkova et al. (2024),
mTS5 often lags behind mBART in summarization
as itis trained to generate short, fragmented masked
spans rather than full sequences. In contrast, the
BLOOMZ + LoRA model, which was instruction-
tuned on the same dataset as mTO, showed com-
petitive performance with higher ROUGE scores,
despite it being susceptible to the attention degen-
eration problem (Fu et al., 2023). These results
further consolidate the limitations of the span cor-
ruption as a pretraining objective.

The monolingual Nepali GPT2 models also un-
derperformed despite being fully fine-tuned, likely
due to their relatively small size and the additional
constraints faced by decoder-only models (Fu et al.,
2023). While there was a noticeable performance
boost in mTO over mT5, such a boost was not ob-
served in the Nepali GPT2 models. The perfor-
mance of Nepali GPT2 model was comparable to
the performance of its instruction-tuned variant,
with one outperforming the other in each metric,
with a marginal difference. These results suggest
that the impact of instruction tuning was almost
negligible in Nepali GPT2 for the task of summa-
rization.

While we achieved varying ROUGE scores, the
BERTScore remained relatively high and mostly
stable across all models. Manual inspection of
a small subset of the generated summaries from
the test set also showed that the models generally
produced clear and concise summaries with a few
instances of text degeneration, hallucination, and
truncation. Table 5 and Table 6 present instances of
successful and erroneous generations respectively.

* Text Degeneration: This issue was specific
to the Nepali GPT2 models, where they gener-
ated random characters and words at the end of

the sequence. Although there were instances
where using a beam width of 5 solved it, the
issue occasionally persisted across both config-
urations. This random text often started with
TR (Picture). News articles use phrases
suchas 94 TR (15 pictures), TRARE® Aled
(with pictures) at the end of headlines to in-
dicate that the article contains additional pic-
tures. However, such samples were very rare
in our dataset (276 samples). Since the base
model was also pretrained using news articles,
the model likely learned this pattern during
pretraining.

* Hallucination: A common problem that
haunts almost all generative models. We ob-
served a few instances where the models pro-
duced a fluent summary with factually incor-
rect details.

* Truncation: This issue was specifically ob-
served in the mT5 and mTO models where their
outputs were prematurely cut off before com-
pleting the summary. As presented in Table 2,
their tokenizer resulted in a relatively higher
tokens-to-words ratio as compared to others
which led to longer target sequences, increas-
ing the likelihood of exceeding the maximum
generation threshold. This particular issue was
not very significant as simply increasing the
threshold would resolve it.

5 Conclusion

In this paper, we introduced NepSum, a large-scale
dataset for Nepali abstractive summarization to ad-
dress the lack of standardized resources for this
task. The dataset consists of diverse articles com-
piled from multiple Nepali news portals across a
variety of news categories. Furthermore, to pro-
vide a comprehensive performance benchmark, we



Sample 1 Sample 2 Sample 3 Sample 4
Reference S SMART 8T YS9 HT $0% 9 JeIgeUrSd  YRIATSHT ATl
qgoeedliad S ST PRA GEINISICE] SfRTESH TR
gof 991 AGHHUI AT gl RAHT
TR
Translation Multi-purpose 479 people 21 two-wheeler Boxing
covered hall to be  infected with vehicles handed preparations for
constructed in COVID-19 in over to their Asian Games in
Dallu housing Province 1 respective owners  India
area
Vanilla S OART & WA A A AT QO] BRI A Tl IS Il
Transformer EESEADIDECR I Rl HART A1 Gioll AR
g HghHU il
TR
mBART I Ffa T T 9 7T O] ERIUPT 9 I Gy UNIATS TIRIDT
Eeefig pus  SHMI BRI YR ored AN deE AT Adredt
& cIfthan i creft
TR WRTHT
mT5 S OMART & WS A T O] BRI 9 dcIgs a3 vt
CESEAIR ST HRIAT UISy TN WIEe  WeApadl el
HHSEA o2 g Y Gt ™Y efthes AUTel! SfRTS
T B YeATS! TR
WRTHT
mT0 S AR &1 U 9 AT 8] BRI 9 gergs  9%3T uftaed!
P T ST AR IR ored) e e SeAgeT
EESEATID) GIof T gl AuTel! sfare
PSS Tl TR [CISEARS IR
WRTHT
BLOOMZ S AT &FFT S T A A YR JUISMI SIS ARGHT g
el e S FAR ATE @il Ui
& g9 AGHHI I eI AT
BRI CIESCRCCINIE
GRIN]
Nepali GPT2 S AT & WA 9 AT O BRIUPT 9 AcI§s  TUTell gk clel
qgoeelig oS STTHI BRA IS AR e R Sla
g1 991 o=y AT geleTTs BTNl
Nepali GPT2 S AN & R 9 HT R ERIUDI 9 FeT YTl
Inst. IE9eflg pUS  SHMET BRI REIRISIER AP AT
= P GATelTS BEA-RU  gfeRTS TeTreld!
TART AR

utilized this dataset to evaluate seven different trans-
former models in terms of textual overlap and se-
mantic similarity. Our results demonstrate the im-
pact of model architecture, model size, and pretrain-
ing objectives on summarization quality. We found
that the encoder-decoder model with denoising pre-

training objective (mBART) consistently outper-

Table 5: Cases of Successful Generation Across Models with Beam Width 5.

formed all other model configurations. Notably, the
vanilla Transformer model that was trained from
scratch performed remarkably well despite its small
size. Finally, we also observed three distinct fail-
ure modes: text degeneration, hallucination, and
truncation.



Model Reference Ref. English  Generated Gen. English  Remarks
Vanilla ST AEYE Ward STHSHT Tb  Duplicate Hallucination:
Transformer =TSl Uh Chairperson ICEESIER citizenship Wrong
Rhells Nembang AFTRGAT recommended location and
SR found recom- ARG in Lamjung on timeframe.
ARSI f&4 mending the same day  Incident
ARG WRep! duplicate occurred in
G TTAT citizenship for Taplejung in
same 2016 and
individual 2022.
BLOOMZ AR Uh American man U/ SodIfgd  Wife commits  Hallucination:
TRhGRT commits GISASEICA] suicide after Wrong
URGRGT AT suicide after ERICIE killing seven perpetrator.
ST killing seven sfiefter TR including five
ERILIES family JATHERT children
ATHET members
Nepali GPT 9 gﬂcﬁ:l'l":ﬂ 34 injured in ﬂz@:ﬂ 9 34 injuredin  Degeneration:
3¢ SHTETSd bus accident §€|‘E7|T gaT 38 busaccident Model
ST TS in Tanahun generates
THIR) afR) Image) Image) irrelevant
tokens.
mT5 PRVIEY I{EQCbI Rajasthan PRVIE[Y I{ENCbI Punjab’s 2 Truncation:
QTvﬁ &g chase down QT W hundred 42 Model fails to
TSRS massive target LGl §Fﬁ run target complete
RS to secure an GERREIRS chased by Rajasthan
NEISEANG] exciting win RTOTRAT R Rajasthan Roy Royals.

over Punjab

Table 6: Cases of Text Degeneration, Hallucination and Truncation Across Models with Beam Width 5.

Limitations

Despite our findings, the study has a few limitations.
First, we mostly rely on multilingual models due to
the limited availability of Nepali pretrained genera-
tive models. While these models have demonstrated
strong performance, Nepali represents only a small
fraction of their pretraining data which may limit
their overall ability for low-resource language pro-
cessing. Second, due to computational constraints,
our evaluation was restricted to smaller models and
utilized LoRA for fine-tuning the multilingual mod-
els to improve computational efficiency. Finally,
although the dataset consists of a variety of news
sources and categories, it remains limited to the
news domain. As a result, the dataset and the perfor-
mance of the evaluated models may not generalize
to other domains, such as legal, medical, or conver-
sational texts. To address these gaps, future work
should focus on evaluating larger language models,
building monolingual Nepali generative transform-

ers, expanding the dataset beyond the news domain,
and providing a more comprehensive analysis of
failure modes.
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A Code and Resources

To support reproducibility and future research, the
code, dataset, and models developed during this
study have been made publicly available.

* Source Code: The code for scrap-
ing, cleaning, model training, and
evaluation are available on GitHub at
https://github.com/SaskarKhadka/
Nepali-News-Headline-Generation.

e Dataset and Models: The dataset and
trained models are available on Hugging
Face Hub at https://huggingface.co/
saskarkhadka/datasets and https://
huggingface.co/saskarkhadka/models
respectively.
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