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Abstract—Automatic headline generation remains a 
challenging task for low-resource languages such as Khmer due 
to the limited availability of annotated datasets and language-
specific resources. This study investigates Khmer headline 
generation by comparing traditional extractive approaches, 
neural sequence-to-sequence, multilingual Transformer-based 
models. A Khmer news dataset of 65,393 article–headline pairs 
was collected from official Cambodian government websites and 
used to train and evaluate five models: Lead-1, TextRank, RNN-
Attention, mT5, and mBART-50. Performance was evaluated 
using ROUGE-1, ROUGE-2, ROUGE-L, and BERTScore 
metrics. Results demonstrate that zero-shot Transformer 
models fail catastrophically on Khmer (mT5 ROUGE-1: 22.99; 
mBART-50 ROUGE-1: 12.55), while LoRA fine-tuned 
Transformers significantly outperform all extractive and 
recurrent approaches. Fine-tuned mT5 achieved the highest 
ROUGE-2 (65.17), ROUGE-L (66.68), and BERTScore (92.29), 
while fine-tuned mBART-50 obtained the highest ROUGE-1 
(79.28), representing superior performance across all metrics. 
These results indicate that multilingual pre-trained language 
models are effective for low-resource headline generation and 
suggest that task-specific adaptation is essential to activate 
latent multilingual knowledge in low-resource settings. This 
approach can be applied to other low-resource headline 
generation tasks, and the benchmark is relevant for future 
Khmer NLP research. 

Keywords—Khmer official news, News Headline Generation; 
LoRA Fine-Tuning; Low-Resource Languages; Multilingual 
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I. INTRODUCTION 
The rapid growth of digital news platforms has 

significantly increased the volume of information available to 
readers, and automatic headline generation has consequently 
attracted considerable attention as an important task in Natural 
Language Processing (NLP). Headlines play a major role in 
helping readers quickly identify relevant content [1], and 
effective headline generation offers substantial benefits for 
digital journalism, information retrieval, and content 
accessibility. Headline generation can be categorised into 
extractive approaches, which select important sentences from 
the original article (e.g., Lead-1, TextRank [2]), and 
abstractive approaches, which generate new text (e.g., 
sequence-to-sequence models with attention [3] and 
Transformer-based models [1]). Multilingual pre-trained 

models such as mT5 [4] and mBART-50 [5] are particularly 
promising for low-resource languages because they can 
transfer linguistic knowledge from high-resource languages. 

Researchers have studied and improved many aspects of 
automatic headline generation. Mihalcea and Tarau [2] 
proposed TextRank for graph-based sentence ranking, 
Bahdanau et al. [3] introduced attention mechanisms for 
neural sequence-to-sequence generation, and Raffel et al. [1] 
presented the T5 text-to-text framework. Xue et al. [4] 
extended this to 101 languages with mT5, Tang et al. [5] 
developed mBART-50 as a multilingual denoising 
autoencoder, and Hu et al. [6] proposed LoRA for parameter-
efficient fine-tuning. In Khmer NLP, existing work has 
addressed word segmentation [7], [8], sentiment analysis [9], 
and text classification [10], while headline generation has 
received limited attention [11], [12]. 

However, although considerable progress has been made 
for high-resource languages, Khmer remains a low-resource 
language in NLP. No study has systematically compared 
extractive, neural, and Transformer-based approaches for 
Khmer headline generation under a unified experimental 
setting, and the effectiveness of zero-shot versus fine-tuned 
multilingual Transformers for this task has not been evaluated. 

Therefore, this study investigates Khmer headline 
generation by comparing Lead-1, TextRank, RNN-Attention, 
mT5-base, and mBART-50 on a dataset of 65,393 article–
headline pairs using both lexical metrics (character-level 
ROUGE [13] and semantic metrics (BERTScore [14]). The 
contributions are: (1) providing a benchmark comparison of 
multiple headline generation approaches for Khmer, (2) 
assessing the effectiveness of multilingual Transformer 
models in a low-resource setting, and (3) contributing to the 
advancement of Khmer language technologies, supporting 
broader efforts toward digital inclusion and sustainable 
development. 

II. RELATED WORKS 
Automatic headline generation has attracted much 

attention in recent years as a specialised task within text 
summarisation, which plays a major role in enabling efficient 
information access from news articles. Existing approaches to 
this task can be broadly categorised into extractive methods, 
which select important words or sentences directly from the 
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source document, and abstractive methods, which generate 
new text that captures the semantic meaning of the original 
content. 

Extractive methods identify the most salient content in a 
document and use it as the headline. The simplest approach, 
the Lead baseline, selects the opening sentence, which 
remains a strong baseline because journalists typically place 
key information at the beginning. Graph-based approaches 
such as TextRank [2] adapt the PageRank algorithm to rank 
sentences by inter-sentence similarity and select the highest-
ranked one as the summary. TextRank has been shown to be 
competitive without labelled data and serves as a common 
benchmark. However, extractive methods are inherently 
limited to selecting existing text and cannot produce headlines 
that rephrase or compress the source wording. 

The emergence of sequence-to-sequence (Seq2Seq) 
architectures with attention mechanisms [3] significantly 
advanced abstractive headline generation. Attention-based 
RNNs, particularly those using LSTM units, enabled decoders 
to focus on relevant parts of the source during generation and 
produced more natural headlines than extractive methods. 
However, RNN-based models suffer from sequential 
computation, difficulty modelling long-range dependencies, 
and performance degradation on lengthy documents. These 
limitations motivated the development of transformer-based 
architectures. 

Transformers have become the dominant architecture for 
natural language generation due to their self-attention 
mechanism, which enables parallel processing and effective 
modelling of long-range dependencies. T5 [1] unified NLP 
tasks under a text-to-text framework, and its multilingual 
variant mT5 [4] extends this to over one hundred languages. 
BART [15] introduced denoising pretraining for seq2seq 
generation, and mBART-50 [5] extended this strategy to 
multilingual settings. Owing to their extensive pretraining and 
powerful contextual representations, transformer-based 
models are expected to outperform recurrent architectures in 
headline generation. 

Khmer NLP research has grown considerably across 
foundational and applied tasks. For preprocessing, Chim et al. 
[7] applied deep learning to word segmentation, Taing and Li 
[8] proposed a bi-directional RNN segmented, and Chim et al. 
[16] released the largest morphologically annotated dataset for 
tokenization and POS tagging. For downstream tasks, Vann et 
al. [9] constructed a sentiment lexicon using PU learning, 
Kaing et al. [17] developed a BiLSTM-based sentiment 
analysis framework, Chhum et al. [10] demonstrated that 
segmentation-aware embeddings improve text classification, 
and Pottier et al. [18] built a Khmer NER benchmark. More 
recently, pretrained Khmer models have emerged: Jiang et al. 
[19] introduced KhmerBERT and KhmerELECTRA, and 
Kaing et al. [20] developed PrahokBART, a Khmer-specific 
seq2seq model incorporating linguistic components such as 
word segmentation, which outperforms multilingual baselines 
on generative tasks including headline generation. In 
summarization, Paul et al. [11] released a benchmark dataset, 
Navy et al. [12] evaluated extractive methods on Khmer news, 
and Palen-Michel and Lignos [21], [22] provided multilingual 
summarization resources and comparisons for less-resourced 
languages including Khmer. 

However, although considerable progress has been made 
in Khmer NLP, studies on Khmer headline generation 

specifically remain scarce. Prior work either evaluates 
headline generation alongside other tasks without comparing 
across approach generations, or focuses on general 
summarisation rather than headline-specific evaluation. It 
remains unclear how traditional extractive methods such as 
Lead-1 and TextRank compare with neural abstractive models 
such as RNN-Attention and modern transformers such as 
mT5-base and mBART-50 under a unified experimental 
setting. There is a need for a comprehensive comparative 
evaluation of these approach families. 

III. METHODOLOGY 
This flowchart as shown in Fig. 1 illustrates the overall 

research methodology pipeline for Khmer news headline 
generation. The process begins with data collection and 
preprocessing, proceeds to model development comprising 
three approaches—extractive methods (Lead-1 and 
TextRank), a neural network method (RNN + Attention), and 
transformer-based methods (mT5 and mBART-50 with zero-
shot and LoRA fine-tuning configurations), then moves 
through training and fine-tuning, followed by evaluation using 
metrics (ROUGE-1, ROUGE-2, ROUGE-L, BERTScore), 
and finally concludes with results and discussion. 

 
Fig. 1. Flowchart of the research for Khmer news headline generation. 

A. Data sources 
The dataset used in this study was collected from official 

news articles published by the Ministry of Information of 
Cambodia through its publicly accessible news. The ministry's 
website serves as the primary government communication 
channel, providing authoritative Khmer-language articles 
covering government activities, public policies, national 
events, diplomatic relations, economic development, social 
affairs, education, health, infrastructure, and other public-
interest topics. The editorial style of the published articles 
follows a consistent format: each article is published with a 
human-written headline that concisely summaries the main 
content, followed by a body text that typically begins with a 
location and date attribution before proceeding to the 
substantive news content. This consistent structure ensures a 
reliable mapping between article bodies and their 
corresponding headlines, which is essential for training and 
evaluating automated headline generation systems.   



B. Data Cleaning and Preprocessing 
The raw news articles collected from the Ministry of 

Information of Cambodia underwent a series of data cleaning 
and preprocessing procedures to improve data quality and 
ensure consistency for model training. Since web-scraped data 
often contains formatting artifacts and duplicated content, 
preprocessing is a crucial step in preparing a reliable dataset 
for headline generation. 

First, duplicate records were identified and removed to 
prevent repeated article–headline pairs from influencing the 
learning process. Articles with missing headlines, empty 
content fields, or incomplete text were also discarded. This 
step ensured that each data instance contained a valid news 
article and its corresponding headline. Next, HTML tags, 
hyperlinks, special symbols, and unnecessary formatting 
elements introduced during web scraping were removed from 
the article content. Unicode normalization was then applied to 
standardize Khmer character representations and eliminate 
inconsistencies caused by different encoding formats. 
Excessive whitespace, line breaks, and non-textual characters 
were also cleaned to improve text quality. 

The cleaned articles and headlines were subsequently 
transformed into article–headline pairs, where the article body 
served as the input sequence and the corresponding headline 
served as the target sequence. For Transformer-based models, 
tokenization was performed using the model-specific 
tokenizer, converting text into subword units suitable for 
multilingual language modeling. Finally, the dataset was 
divided into training, validation, and testing subsets to 
facilitate model training, hyperparameter tuning, and 
performance evaluation. 

These preprocessing procedures resulted in a high-quality 
Khmer news corpus consisting of 65,393 article–headline 
pairs, providing a reliable foundation for the headline 
generation experiments conducted in this study, as 
summarized in Table 1. The dataset was randomly split into 
training (80%), validation (10%), and testing (10%) sets at the 
article level.  

TABLE I.  SUMMARY STATISTICS OF DATASET 

Summary Statistics Article Headline 
Count 65,393 65,393 
Mean 359 23 

Std dev 370 8 
Min 22 1 

25th percentile 177 18 
Median 316 22 

75th percentile 463 28 
Max 2,364 75 

 

C. Model Selection 
To comprehensively evaluate Khmer headline generation, 

this study selected five representative models spanning 
traditional extractive methods, deep learning approaches, and 
modern Transformer-based architectures.  

1) Classical Methods 
a) Lead-1 

Lead-1 extracts the first sentence of the article as the 
predicted headline, exploiting the journalistic inverted 
pyramid structure in which key information is placed at the 
beginning [1]. For Khmer, sentences were segmented by 

splitting on the full stop character "។" (U+17D4) using a 
positive lookbehind regex (? <=។). The extracted sentence was 
truncated to 64 characters, which approximates nearly max 
tokens of reference headline lengths in the dataset (average 23 
characters). If no sentence boundary was found, the first 64 
characters of the article were used instead. This parameter-free 
baseline requires no training and provides a deterministic 
reference point. 

b) TextRank 
TextRank [2] ranks sentences using a graph-based 

adaptation of PageRank [23]. In this study, the article was first 
segmented into sentences on "។"; articles with fewer than two 
sentences fell back to Lead-1. Each sentence was represented 
as TF-IDF char-bigram vector, which was chosen because 
Khmer lacks word boundaries and character-level features 
avoid the need for word segmentation. A pairwise cosine 
similarity matrix was computed with zero diagonal, then row-
normalized to form the transition matrix. PageRank iteration 
was run with damping factor 0.85, a maximum of 100 
iterations, and convergence tolerance 10-4. The top-ranked 
sentence (truncated to 64 characters) was returned as the 
headline. 

2) Neural Network Model 
The RNN-Attention model generates headlines 

abstractively using a sequence-to-sequence architecture [24] 
with Bahdanau attention [3]. Unlike the extractive baselines, 
this model can produce novel text that paraphrases the source 
article. 

The encoder is a 2-layer bidirectional GRU [25] with 512 
hidden units per direction and 128-dimensional character 
embeddings. Character-level tokenization was adopted to 
avoid dependency on Khmer word segmentation; the 
vocabulary was constructed from all unique characters in the 
training set plus four special tokens (<PAD>, <SOS>, 
<EOS>, <UNK>). The final forward and backward hidden 
states were concatenated and projected through a linear layer 
with tanh activation to produce the decoder initial state. 
Packed sequences were used to handle variable-length inputs 
efficiently. The attention mechanism is Bahdanau additive 
attention [3] with dimension 256, computing alignment scores 
between encoder states and the current decoder state. A source 
mask was applied to exclude padding positions. The decoder 
is a single-layer unidirectional GRU (512 units); at each step, 
the GRU input is the concatenation of the embedded previous 
token and the attention context vector. A deep output layer 
[26] combines the decoder state, context, and embedding to 
produce vocabulary logits, as illustrated in Table 2. 

Training was performed using cross-entropy loss with 
padding tokens masked. The AdamW optimizer [27] was used 
with a learning rate of 3×10-4 and weight decay of 10-4. 
Gradient clipping was applied at a maximum norm of 1.0 to 
prevent exploding gradients. Teacher forcing was annealed 
linearly from 0.9 to 0.1 over training to improve robustness at 
inference. A ReduceLROnPlateau scheduler (factor=0.5, 
patience=2) and early stopping (patience=5 epochs) were used 
to prevent overfitting. Model parameters were initialized 
using Xavier uniform initialization [28]. The maximum input 
length was set to 1,024 characters and the maximum target 
length to 64 characters. The batch size was 32, and training 
ran for a maximum of 30 epochs. At inference, beam search 



with a width of 4 was used. Key hyperparameters are 
summarized in Table 2. 

TABLE II.  HYPERPARAMETERS OF RNN-ATTENTION 

Component Setting 
Encoder 2-layer BiGRU, 512/dir, emb=128 
Attention Bahdanau, dim=256 
Decoder 1-layer GRU, 512, deep output 

Tokenizer Character-level (from training set) 
Optimizer / LR AdamW / 3×10⁻⁴ 
Teacher forcing 0.9 → 0.1 (linear annealing) 
LR scheduler ReduceLROnPlateau (factor=0.5, patience=2) 

Early stopping Patience 5 epochs 
Max input / target 1,024 / 64 chars 

Beam search Width 4 
3) Transformer-Based Models 

a) mT5-base 
mT5 [4] extends T5 [1] to 101 languages via span-

corruption pretraining on mC4, including Khmer. The base 
variant (580M parameters, 12/12 encoder/decoder layers, 12 
heads, dim 768) uses a SentencePiece tokenizer with 250K 
tokens, providing subword tokenization suited to Khmer 
morphology. 

For zero-shot inference, articles were prefixed with 
"summarize: " following the T5 convention and decoded with 
beam search (width=4, length penalty=1.5, repetition 
penalty=1.2). A repetition penalty was included to mitigate 
repetitive loops common in low-resource language 
generation. 

For LoRA fine-tuning, rank r=32, α=64 (α/r=2), and 
dropout=0.05 were applied to attention and feed-forward 
modules (q, k, v, o, wi_0, wi_1, wo). The relatively high rank 
was chosen to provide sufficient adaptation capacity for 
Khmer morphology. Training used AdamW [27] with lr=10-4, 
cosine schedule, β1=0.9, β2=0.98, ε=10-6 (matching mT5 
pretraining [4]); per-device batch 2 with gradient 
accumulation 4 (effective batch 8); warmup ratio 0.1; weight 
decay 0.01; max 10 epochs. Generation used beam search 
(width=4, length penalty=1.5, repetition penalty=1.2). 
Padding tokens in labels were masked with -100. Table 3 
summarizes the configuration. 

TABLE III.  HYPERPARAMETERS OF MT5-BASE 

Component Setting 
Base model google/mt5-base (580M) 

LoRA r / α / dropout 32 / 64 / 0.05 
LoRA targets q, k, v, o, wi_0, wi_1, wo 
Task prefix "summarize: " 

Max input / target 1,024 / 64 tokens 
Optimizer / LR AdamW / 10⁻⁴ (cosine) 

Effective batch / precision 8 / bfloat16 
Early stopping Patience 3 (ROUGE-L) 

Beam / len penalty / rep penalty 4 / 1.5 / 1.2 
 

b) mBART-50 
mBART-50 [5] extends BART [15] to 50 languages via 

denoising pretraining. The large-50 variant (680M 
parameters, 12/12 layers, 16 heads, dim 1,024) uses a 
SentencePiece tokenizer with 250,048 tokens. Unlike mT5, 
mBART-50 specifies language via token identifiers rather 
than task prefixes; both source and target were set to 
"km_KH". 

For zero-shot inference, the forced BOS token was set to 
"km_KH" to instruct the decoder to generate Khmer text. 
Beam search was used with width=4, max 64 tokens, length 
penalty=1.2, and repetition penalty=1.2. 

For LoRA fine-tuning, the same rank and alpha as mT5-
base were used for fair comparison: r=32, α=64, 
dropout=0.05, bias="none". Target modules were q_proj, 
k_proj, v_proj, out_proj, fc1, fc2 (naming follows the 
Hugging Face BART convention). A lower learning rate 
(3×10-5) was used compared to mT5, as preliminary 
experiments showed that mBART-50's denoising pretraining 
required more conservative adaptation to avoid destabilizing 
the pretrained representations. The effective batch size was 32 
(per-device batch 4, gradient accumulation 8). The 
no_repeat_ngram_size was set to 0 (disabled) because Khmer 
morphology involves legitimate n-gram repetitions that 
should not be penalized, as shown in Table 4 summarizes the 
configuration. 

TABLE IV.  HYPERPARAMETERS OF MBART50 

Component Setting 
Base model facebook/mbart-large-50 (680M) 

LoRA r / α / dropout 32 / 64 / 0.05 

LoRA targets q_proj, k_proj, v_proj, out_proj, fc1, 
fc2 

Source / Target language km_KH / km_KH 
Forced BOS token km_KH 
Max input / target 1,024 / 64 tokens 

Optimizer / LR AdamW / 3×10⁻⁵ (cosine) 
Effective batch / precision 32 / bfloat16 

Early stopping Patience 3 (ROUGE-L) 
Beam / len penalty / rep 

penalty 4 / 1.2 / 1.2 

 

D. Evaluation Metrics 
Recall-Oriented Understudy for Gisting Evaluation 

(ROUGE) framework was adopted as the primary automatic 
metric due to its wide use in summarization research. This 
study reports the F1 scores of three ROUGE variants: 

• ROUGE-1: Overlap of unigram tokens between 
generated and reference summaries. 

• ROUGE-2: Overlap of bigram sequences, reflecting 
phrase-level accuracy. 

• ROUGE-L: Longest Common Subsequence (LCS), 
measuring fluency and sentence-level structure. 

ROUGE-N score is computed as: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 − 𝑁𝑁 =
∑ ∑𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚ℎ(𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑛𝑛 )𝑆𝑆∈{𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅}𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑛𝑛∈𝑆𝑆

∑ ∑𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑛𝑛 )𝑆𝑆∈{𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅}𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑛𝑛∈𝑆𝑆
             (1) 

ROUGE-LCS F1 score is computed as: 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 − 𝐿𝐿𝐹𝐹1 =  �1+𝛽𝛽
2� × 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ×𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅+ 𝛽𝛽2 ×𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
                     (2) 

 
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  𝐿𝐿𝐿𝐿𝐿𝐿(𝐶𝐶,𝑅𝑅)

|𝐶𝐶|
          (3) 

 
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  𝐿𝐿𝐿𝐿𝐿𝐿(𝐶𝐶,𝑅𝑅)

|𝑅𝑅|
         (4) 



Where: 

𝐶𝐶   : candidate (model-generated) summary 
𝑅𝑅   : reference (human-written) summary 
 

ROUGE is a commonly used baseline for summarization 
evaluation, but it relies on lexical overlap and cannot capture 
semantic similarity between generated and reference texts. To 
address this limitation, this study also uses BERTScore as a 
complementary metric. 

BERTScore leverages contextual embeddings from 
pretrained transformer models to measure token-level 
semantic similarity using cosine similarity [14]. Unlike 
ROUGE, it matches words based on meaning rather than 
exact form, allowing it to reward semantically similar 
expressions even with different wording. This is particularly 
useful for Khmer, where multiple valid expressions can 
convey the same meaning. 

 
Formally, given a candidate summary which is generated 

from the model 𝐶𝐶 = {𝑐𝑐1, 𝑐𝑐2, 𝑐𝑐3 … , 𝑐𝑐𝑚𝑚}  and reference 
summary 𝑅𝑅 = {𝑟𝑟1, 𝑟𝑟2, 𝑟𝑟3 … , 𝑟𝑟𝑛𝑛} , the contextual embeddings 
are first obtained from a pretrained model. The precision, 
recall, and F1 score are then computed as follows: 

 
𝑃𝑃𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 = 1

|𝐶𝐶|
∑ max

𝑟𝑟𝑗𝑗∈𝑅𝑅
𝑐𝑐𝑖𝑖∈𝐶𝐶  cos(𝑐𝑐𝑖𝑖 , 𝑟𝑟𝑗𝑗)        (5) 

 
𝑅𝑅𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 = 1

|𝑅𝑅|
∑ max

𝑐𝑐𝑖𝑖∈𝑅𝑅
𝑟𝑟𝑗𝑗∈𝑅𝑅  cos(𝑐𝑐𝑖𝑖 , 𝑟𝑟𝑗𝑗)        (6) 

 
FBERT = 2 × PBERT×RBERT

PBERT+RBERT
         (7) 

 
Where 𝐶𝐶𝐶𝐶𝐶𝐶�𝑐𝑐𝑖𝑖 , 𝑟𝑟𝑗𝑗�  gives the cosine similarity between 

the contextual embedding of token 𝑐𝑐𝑖𝑖  in the candidate 
summary and token  𝑟𝑟𝑗𝑗 in the reference summary. 

In this study, BERTScore was computed using xlm-
roberta-base as backbone model with the language settings 
configured for Khmer (lang=”km”). The choice of XLM-
RoBERTa is well-suited for summarization due to its strong 
multilingual representation capabilities, having been 
pretrained on a large corpus spanning over 100 languages 
[29]. The F1 score of BERTScore (𝐹𝐹𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵) is reported as the 
primary BERTScore result, as it balances both precision and 
recall of semantic content between the generated and 
reference summaries. 

IV. RESULTS AND DISCUSSION  
As described in Section 1, the aim of this study was to 

compare extractive, neural network model, and Transformer-
based approaches for Khmer news headline generation. Five 
models such as Lead-1, TextRank, RNN-Attention, mT5 
(LoRA), and mBART-50 (LoRA) were evaluated using 
ROUGE-1, ROUGE-2, ROUGE-L, and BERTScore on 3,271 
test samples. Overall, the Transformer-based models achieved 
the highest scores, while extractive and neural models 
exhibited a tradeoff between surface-level overlap and 
semantic fidelity. 

Table 1 presents the evaluation results. The Transformer-
based models outperform all other approaches across every 
metric. mBART-50 achieves the highest ROUGE-1 (79.28), 

while mT5 leads on ROUGE-2 (65.17), ROUGE-L (66.68), 
and BERTScore (92.29). The two models differ by less than 
1%, suggesting that both the text-to-text (mT5) and denoising 
autoencoder (mBART) pretraining objectives are equally 
effective when combined with LoRA fine-tuning. Among 
non-Transformer models, RNN-Attention achieves the 
highest BERTScore (88.44) while Lead-1 achieves the highest 
ROUGE-1 (70.29), a pattern consistent with the extractive–
abstractive tradeoff [21]. 

TABLE V.  COMPARATIVE RESULTS OF KHMER NEWS HEADLINE 
GENERATION ACROSS EXTRACTIVE, NEURAL NETWORK, AND 

TRANSFORMER-BASED MODELS 

Model ROUGE
-1 

ROUGE
-2 

ROUGE
-L BERTScore 

Lead-1 70.29 45.06 46.63 86.9 

TextRank 68.33 37.72 40.96 85.43 

RNN-Attention 65.82 48.95 52.68 88.44 

mT5-base (Zero-shot) 22.99 10.11 16.4 76.9 

mT5-base (Fine-tuned) 79.06 65.17 66.68 92.29 

mBART-50 (Zero-shot) 12.55 7.44 9.33 74.38 

mBART-50 (Fine-tuned) 79.28 64.82 66.37 92.19 

 

Lead-1 outperforms TextRank across all metrics, with a 
particularly pronounced ROUGE-2 gap (45.06 vs. 37.72, a 
16.3% relative difference, as shown in Table 1). This may be 
attributed to the editorial conventions of Khmer news writing, 
where the most newsworthy information is placed in the 
opening sentence following the inverted-pyramid structure 
[4]. Among abstractive models, RNN-Attention surpasses 
extractive methods on ROUGE-2 (48.95) and BERTScore 
(88.44) but underperforms Lead-1 on ROUGE-1 (65.82 vs. 
70.29), suggesting that it generates semantically equivalent 
but lexically different output [21]. Both fine-tuned 
Transformers resolve this tradeoff, achieving high scores on 
both surface-level and semantic metrics simultaneously. 

The superior performance of mT5 and mBART-50 can be 
attributed to their self-attention mechanisms, which capture 
contextual information across the entire article, and their 
multilingual pretraining, which enables knowledge transfer 
from other languages, a capability particularly valuable for 
low-resource Khmer. The near-parity between the two models 
is comparable to findings by Oguez et al. [30], who observed 
that different Transformer architectures converge to similar 
performance when fine-tuned for headline generation. 
However, occasional errors including information omission, 
word repetition, and factual inaccuracies were observed in the 
abstractive models, which is a common problem in neural text 
generation [22], ; representative output examples illustrating 
these failure modes are provided in the Table 6 of Appendix. 

V. CONCLUSION 
Prior research on low-resource language headline 

generation has reported that extractive methods tend to 
outperform abstractive methods on surface-level metrics, 
while abstractive methods achieve higher semantic fidelity 
[18, 19]. However, these studies have either focused on 
higher-resourced languages or have not investigated whether 
multilingual Transformer models can resolve this tradeoff for 
Khmer. In this study, five headline generation approaches, 
namely Lead-1, TextRank, RNN-Attention, mT5 with LoRA, 
and mBART-50 with LoRA, were compared on a dataset of 
65,393 Khmer article and headline pairs. The results 
demonstrate that LoRA fine-tuned Transformer models 



substantially outperform all other approaches, with mT5 and 
mBART-50 achieving ROUGE-1 scores of approximately 79 
and BERTScore above 92 (Table 1). Both fine-tuned 
Transformers resolve the extractive and abstractive tradeoff, 
achieving high surface-level overlap and semantic fidelity 
simultaneously. 

These findings extend those of Palen-Michel and Lignos 
[21], confirming that the extractive and abstractive tradeoff 
documented in less-resourced language summarization also 
applies to Khmer. The tradeoff pattern is consistent with 
results obtained in English summarization research [22], and 
the near-parity between mT5 and mBART-50 is comparable 
to Oguez et al. [30], who observed that different Transformer 
architectures converge to similar performance when fine-
tuned for headline generation. Our results therefore lend 
support to the view that multilingual pretraining provides an 
effective foundation for low-resource NLP, and expand prior 
work by demonstrating that this holds for Khmer, a language 
with a non-Latin script and no word boundaries. 

We have demonstrated that LoRA fine-tuning effectively 
activates the multilingual knowledge encoded during 
pretraining for Khmer headline generation, regardless of 
whether the pretraining objective is text-to-text (mT5) or 
denoising autoencoder (mBART). To our knowledge, this is 
the first study to investigate the comparative effectiveness of 
these approaches for Khmer headline generation. The 
resolution of the extractive and abstractive tradeoff by fine-
tuned Transformers is a novel finding, which provides 
compelling evidence that multilingual pretrained models can 
remove the need to choose between surface-level and 
semantic quality in low-resource settings. Our study provides 
a framework for future research to assess Transformer-based 
headline generation in other low-resource languages, and the 
character-level evaluation methodology adopted here may 
serve as a reference for NLP research in languages without 
word boundaries. 

However, some limitations are worth noting. Human 
evaluation of fluency, grammaticality, and factual consistency 
was not conducted; generalizability to other domains was not 
investigated; and LoRA configurations were not extensively 
tuned. Further work is needed to incorporate human 
evaluation, and future work should explore domain adaptation 
across diverse Khmer text types and validate these results with 
Khmer-specific pretrained models such as PrahokBART. The 
approach presented in this study has potential for headline 
generation in other low-resource languages, and could 
eventually lead to practical applications in automated news 
production for underserved language communities. 
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APPENDIX 

TABLE VI.  COMPARATIVE OUTPUT EXAMPLE OF KHMER NEWS HEADLINE GENERATION ACROSS EXTRACTIVE, NEURAL NETWORK, AND 
TRANSFORMER-BASED MODELS 

Model Output Example 

Article 

 
ក្នុងខណៈដកឹនាគំណៈ្របតភូិជានខ់្ពស់ៃនរជរដ្ឋ ភិបាលកម្ពុជាបេំពញទស្សនកិច្ចផ្លូវករេនេលីទឹកដីៃនសធារណរដ្ឋ្របជាធបិេតយ្យ្របជា
មានិតឡាវេនាះ នារេសៀលៃថ្ងទី១៣ ែខកុម្ភៈ ឆា្ន ២ំ០២៣ សេម្តចអគ្គមហេសនាបតីេតេជា ហុ៊ន ែសន នាយករដ្ឋម�ន្តី ៃន្រពះរជាណា
ច្រកកម្ពុជាបានអេ�្ជ ីញចូលជួបសែម្ដងករគួរសម ជាមួយឯកឧត្តមបណ្ឌិ ត Xaysomphone Phomvihane ្របធានរដ្ឋសភា ៃន
សធារណរដ្ឋ្របជាធិបេតយ្យ្របជាមានិតឡាវ។ េនះេបីតមករឱ្យដឹងរបស់អ្នកយកព័តម៌ានរបស់ទូរទស្សន៍ជាតិកម្ពុជា។ក្នុងជំនបួេនាះ ឯក
ឧត្តមបណ្ឌិ ត្របធានសភាឡាវ បានមាន្របសសន៍សែម្ដងនូវករស្វ គមនយ៉៍ាងកកេ់ក្ត បំផុត ជូនចេំពះសេម្តចេតេជានាយករដ្ឋម�ន្តី និងគ
ណៈ្របតភូិជានខ់្ពស់រជរដ្ឋ ភិបាលកម្ពុជា ែដលបានអេ�្ជ ីញបំេពញទស្សនកិច្ចផ្លូវករ េនសធារណរដ្ឋ្របជាធបិេតយ្យ្របជាមានិតឡាវ។ 
ឯកឧត្តម្របធានរដ្ឋសភា បានចតទុ់កថា ដំេណីរបំេពញទស្សនកិច្ចផ្លូវកររបស់សេម្តចេតេជាេទកន់្របេទសឡាវេនេពលេនះ នងឹជួយ
ជំរុញនិងព្រងីកបែន្ថមេទៀតនូវទំនាកទ់ំនងកិច្ចសហ្របតបិត្តិករ្រគប្់រជ�ងេ្រជាយ ឱ្យកន់ែតរងឹមាេំទ្វេឡងីែថមេទៀត ក្នុងនាមជា្របេទសភូមិ
ផងរបងជាមួយ នងិជា្របេទសដន្លងជាមយួគា្ន  ែដលមាន្របវត្តដិ៏យូរលងណ់ាស់មកេហយីេនាះ។ឯកឧត្តម្របធានរដ្ឋសភា បានផា្ញ េំផ្ញី
សកសួរសុខទុក្ខជូនចំេពះ សេម្តចអគ្គមហពញាច្រក ីេហង សំរនិ ្របធានរដ្ឋសភា សេម្តចវបុិលភក្ត ីសយ ឈុ ំ្របធាន្រពឹទ្ធសភា ៃន្រពះ
រជាណាច្រកកម្ពុជា ។សេម្តចេតេជានាយករដ្ឋម�ន្តមីាន្របសសន ៍ែថ្លងអំណរគុណ ជូនចំេពះឯកឧត្តម្របធានសភាឡាវ ែដលបានទទួល
ជួបេធ្វកីិច្ចសន្ទនាជាមួយសេម្តច។ សេម្តចេតេជានាយករដ្ឋម�ន្តីមាន្របសសន៍ចត់ទុកថា ដំេណីរទស្សនកិច្ចរបស់សេម្តចេទកន់្របេទស
ឡាវេនេពលេនះ នងឹជយួជំរុញកចិ្ចសហ្របតិបត្តិករេលី្រគប់វស័ិយ ៃន្របេទសទងំពីរឱ្យកនែត រងឹមាេំទ្វេឡងីែថមេទៀត។ សេម្តចេតេជា 
បានមាន្របសសន៍អរគុណចំេពះស្ថ បន័និតិ្របតិបត្តិឡាវ ែដលបានគា្ំរទដល់រដ្ឋ ភិបាលឡាវ ក្នុងករផ្តល់សច្ច បន័ផ្លូវច្បោប់នានា ក្នុងករ
រមួចំែណកជយួដល់ករស្ត រនិងអភិវឌ្ឍនេ៍សដ្ឋកិច្ចរបស់្របេទសកម្ពុជា។បនា្ទ ប់មកេនរ្រតីៃថ្ងដែដលេនាះែដរ សេម្តចអគ្គមហេសនាបតី
េតេជា ហុ៊ន ែសន នាយករដ្ឋម�ន្តីៃន្រពះរជាណាច្រកកម្ពុជា បានអនុ�� តឱ្យ្របតភូិសមាគមមិត្តភាព ឡាវ-កម្ពុជា ចូលជួបសែម្ដងករគរួ
សម។ សេម្តចេតេជានាយករដ្ឋម�ន្តីមាន្របសសនថ៍ា កម្ពុជាមានេសចក្តីេសមនស្សរកីរយចំេពះភាពរកីចេ្រមីន ៃនកិច្ចសហ្របតិបត្តិករ
រវងសមាគមមតិ្តភាព ឡាវ-កម្ពុជា ែដលបានលះបងនូ់វេពលេវលដ៏មានតៃម្ល ក្នុងករជួយគា្ន េទវញិេទមក ពិេសសទំនាកទ់ំនងរវង្របជា
ជន និង្របជាជន ៃន្របេទសទងំពីរ។ សេម្តចេតេជានាយករដ្ឋម�ន្តីបានេលីកេឡងីថា សមាគមមតិ្តភាព ឡាវ-កម្ពុជា និងសមាគមមិត្តភាព 
កម្ពុជា-ឡាវ បានេធ្វកីិច្ចករជាេ្រចីនេលីែផ្នកមនុស្សធម៌ និងករជួយគា្ន េទវញិេទមក។  
 
Source: J. Narı and K. Chandan, "Cambodia-Laos leadership express satisfaction with strong friendly relations and good 
cooperation between the two countries," Ministry of Information, Kingdom of Cambodia, Feb. 14, 2023. [Online]. Available: 
https://www.information.gov.kh/articles/97452 
  

Reference សេម្ដចេតេជានាយករដ្ឋម�ន្តី ហុ៊ន ែសន អេ�្ជ ីញជបួសែម្ដងករគួសម ជាមួយ្របធានសភាៃនសធារណរដ្ឋ្របជាធិបេតយ្យ្របជាមានតិឡាវ  

Lead-1 
ក្នុងខណៈដកឹនាគំណៈ្របតភូិជានខ់្ពស់ៃនរជរដ្ឋ ភិបាលកម្ពុជាបេំពញទស្សនកិច្ចផ្លូវករេនេលីទឹកដីៃនសធារណរដ្ឋ្របជាធបិេតយ្យ្របជា
មាន   

TextRank 
ក្នុងជនំួបេនាះ ឯកឧត្តមបណ្ឌិ ត្របធានសភាឡាវ បានមាន្របសសន៍សែម្ដងនូវករស្វ គមន៍យ៉ាងកក់េក្ត បំផុត ជូនចំេពះសេម្តចេតេជា
នាយករដ្ឋមន ្ 

RNN-Attention សេម្តចេតេជា ហុ៊ន ែសន អេ�្ជ ីញចូលជបួសែម្ដងករគួរសមជាមយួ្របធានរដ្ឋសភា   
mT5-base (Fine-tuned) សេម្តចេតេជា ហុ៊ន ែសន អេ�្ជ ីញចូលជបួសែម្ដងករគួរសម ជាមួយ្របធានរដ្ឋសភា ៃនសធារណរដ្ឋ្របជាធិបេតយ្យ្របជាមានិតឡាវ  

mBART-50 (Fine-tuned) សេម្តចេតេជា ហុ៊ន ែសន អេ�្ជ ីញចូលជបួសែម្ដងករគួរសម ជាមួយ្របធានរដ្ឋសភា ៃនសធារណរដ្ឋ្របជាធិបេតយ្យ្របជាមានិតឡាវ  
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