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Abstract— Latterly, there has been a dramatic increase in
the amount of text data which demands effective
summarization. This paper proposes a method of using English
text summarization frameworks and Vietnamese pre-trained
language models for Vietnamese single-document extractive
summarization. The experiments were conducted with three
frameworks namely BERTSUMEXT, MATCHSUM, and COLOEXT,
and two pre-trained language models namely PhoBERT and
BartPho. Our models are evaluated on two well-known
Vietnamese summarization benchmark datasets, namely
Vietnews and Wikilingua, and achieved state-of-the-art results
on Vietnews with a maximum ROUGE-1/2/L score are
57.15/26.23/39.76. The results on Wikilingua also show the
effectiveness of our methods.

Keywords—  extractive text summarization,
language model, single-document
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In the last two decades, language models have been
widely studied for language understanding and generation [1].
With the development of deep learning and self-supervised
learning, many neural networks such as convolutional neural
networks (CNNs), recurrent neural networks (RNNs) or
graph-based neural networks (GNNs) [2], [3], [4] have been
used for pre-trained language models. These models are able
to learn the contextual representation of the word, which is the
core objective of language model, but they still have some
drawbacks. Convolutional models and recurrent models are
not suitable for capturing the long-range interactions between
words due to their focus on the local context of words [5]
While with graph-based models, constructing a good graph
structure is a challenging problem [6]. In 2017, Vaswani et al.
[7] proposed Transformers architecture which opened a new
stage for pre-trained language models. With non-recurrent
sequence-to-sequence (seq2seq) architecture, self-attention
mechanism, and other features Transformers can take
advantage of parallel capabilities of high-performance
computing devices [8], learn long-range dependencies of
words in a sequence and make it possible to train a deeper
network [7]. So far, many Transformers-based pre-trained
language models have been proposed such as GPT [9], BERT
[10], ROBERTa [11], BART [12], and T5 [13] and achieved
state-of-the-art results on almost all NLP tasks. Using
Transformer-based pre-trained language models as the
backbone in NLP tasks has become a standard procedure [8].

INTRODUCTION

Despite the expeditious development of pre-trained
language models in English, there are some papers that
developed pre-trained language model for Vietnamese. In
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2020, Nguyen and Nguyen [14] proposed PhoBERT as the first
public large-scale language model pre-trained for Vietnamese.
PhoBERT improved many state-of-the-art in Vietnamese NLP
tasks such as POS tagging, Dependency parsing, Named-
entity recognition, etc. Following PhoBERT, Bui et al., 2020
[15] proposed viBERT and VELECTRA based on BERT and
ELECTRA architectures. Recently, Nguyen et al. presented
sequence-to-sequence models BARTpho based on BART [16]
and Long et al. presented ViT5 based on TS5 [17]. Both
BARTpho and VIiT5 outperformed previous works on
abstractive text summarization task. The good performance of
Vietnamese pre-trained language models motivates us to
explore further the effectiveness of applying them for
downstream NLP tasks. This study focuses on Extractive Text
Summarization task.

Nowadays, the amount of textual material is growing
extremely fast. Searching for information has become a time-
consuming activity because of the large quantity of textual
data which can include irrelevant content or noise [18].
Automatic text summarization (ATS) becomes one of the
solutions to help people filter out unimportant data and save
their time. ATS aims to condense the ideas from the input
document into a shorter version while preserving the essential
information from the original document. Text summarization
has two main approaches: extractive and abstractive. With the
abstractive approach, the summarizers analyze the main
concepts in a document using NLP methods, then paraphrase
the document in fewer words, so the generated summary can
contain new words and phrases that do not appear in the source
text [19]. With the extractive approach, the model chooses the
most important words and sentences from a document and
concatenates them to create the summary [18]. This paper
focuses on extractive text summarization since it usually has
higher accuracy in content and grammar because of direct
extraction from the text input while computing is faster.

Recently, language model-based frameworks have been
significantly developed for English text summarization tasks
and achieved state-of-the-art performance on many datasets.
With the extractive text summarization task, in 2019, Liu and
Lapata [20] formulated it as a sentence-level sequence
labeling task and proposed a general framework for text
summarization. Their extractive model BERTSUMEXT
employed BERT [10] as its encoder. A special token [CLS] is
inserted at the beginning of each sentence so that vectors of
those [CLS] tokens from the encoder will be the representation
of sentences. The representations of sentences then are fed to
output layers which contain 2 inter-sentence Transformer
layers [7] and a sigmoid classifier to capture document-level
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features for extracting summaries and scoring the sentences.
In 2020, Zhong et al. [21] formulated the task as a semantic
text matching problem and proposed a re-ranking framework
called MATCHSUM which follows a two-stage paradigm. In
the first stage, a “content selection module” chooses salient
sentences to generate summary candidates. In the second
stage, MATCHSUM used two BERTs with tied-weights as
encoders to match input documents and summary candidates
in a semantic space. Then, the output layer which is a cosine-
similarity layer chooses the candidate which is closest to the
input document. In 2022, An et al. [22] followed the idea of a
summary-level framework and proposed a one-stage
paradigm called COLO [22], their extractive model COLOEXT
is a one-stage re-ranking model which combines both a
summarizer to score sentences and a re-ranker to choose
summary candidates. It deploys the encoder of BART as the
encoder. For output layers, 3-layer MLP and a sigmoid
classifier are used to implement the summarizer and re-ranker
respectively. To train both the summarizer and re-ranker at the
same time, candidates are sampled from changing model
during training instead of sampling from fixed model.

Regarding Vietnamese, to the best of our knowledge, there
are four studies on extractive text summarization. In 2016,
Nguyen et al. [23] presented VSoLSCSum — a dataset for
social context single document summarization. They
validated their dataset on social context summarization
methods and learning to rank (L2R) methods then concluded
that formulating sentence selection as a L2R task benefits the
summarization. In 2019, Nguyen et al. [24] were the first to
publish a large benchmark dataset of single summarization
called Vietnews. They evaluated several extractive and
abstractive methods on the dataset. Their results showed that
there were small margins among unsupervised and supervised
learning methods: unsupervised method Sumbasic has the
highest ROUGE-1 score (52.65) while supervised method
SVR achieves the highest results in ROUGE-2 and ROUGE-
L (23.67/35.02). In multi-document summarization task,
Nguyen et al. [25] experimented with many extractive
methods in three directions: unsupervised, supervised, and
deep learning on two datasets, namely VN-MDS and ViMs.
Their results showed that there was no method that obtained
the best results in all cases, but L2R methods achieved very
promising results in various settings. In 2021, Huy et al. [26]
compared multilingual and monolingual BERT models in
Vietnamese extractive multi-document summarization on
VietnameseMDS dataset. The results indicated that BERT
models are always better than other systems.

The above studies tend to use unsupervised methods, such
as LSA, LexRank, TextRank, Luhn, KL, and Sumbasic,
LexRank models. The commonly used supervised models are
SVM, SVR, and RankBoost. Two deep learning models, CNN
and LSTM, were tested in 3 out of 4 studies. There is one
paper that used BERT-based models (PhoBERT and
BERT4News) for multi-document text summarization
problem and showed the potential of language model for
Vietnamese extractive summarization task. It is clearly shown
that no research has applied an effective way to use language
model for single document summarization in Vietnamese,
while in English, this approach has achieved many state-of-
the-art results. This study proposes combining English text
summarization frameworks with Vietnamese pre-trained
language models and evaluates their effectiveness for
Vietnamese extractive text summarization. Two Vietnamese
pre-trained language models PhoBERT and BARTpho are res-
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Figure 1. Overview architecture of extractive text summarization system

pectively adopted as encoders of three well-known extractive
text summarization models: BERTSUMEXT [20], MATCHSUM
[21], and COLOEXT [22]. The experiments were conducted on
two mainstream datasets to evaluate the effectiveness of our
models: Wikilingua and Vietnews datasets. On the Vietnews
dataset, our models outperformed previous methods.

The contributions of this paper are:

This is the first study to propose extractive methods
that apply pre-trained language models for Vietnamese single-
document summarization.

Results on the popular Vietnews dataset show that
our models outperform previous methods by a large margin.

II. METHOD

A. Overview architecture

In general, our extractive summarization system includes
two modules: preprocessing module and summarizing module
which contains one or two encoders and output layers as in
Figure 1. The input document goes through a preprocessing
module where it will be segmented into words and sentences
before being fed into the summarizing module. At
summarizing module, the preprocessed document is computed
by the encoder to get the contextual embeddings of each
sentence. Output layers calculate on them to score every
sentence or summary candidate. The final summary will be
based on those scores. Our models use two well-known
Vietnamese pre-trained language models, specifically
PhoBERT and BARTpho, to implement the encoder of the
summarizing module. Following, we will give details of both
modules.

B. Preprocessing module

The first module in our text summarization system is the
preprocessing module. In Vietnamese writing system, a word
can contain many syllables which are separated by spaces.
For example, a 6-syllable text “Chutng t6i 1a nhitng sinh vién”
(We are students) is just a 4-word text “Chung_t6i” (We),
“la” (are), and “nhlrng”, “sinh_vién” (students). Therefore, to
preserve the meaning of the text, a Vietnamese document
need to be segmented into words before it can be
summarized. In this study, RDRSegmenter [30] from the
VNCoreNLP toolkit [31] was used for word segmentation.
The preprocessing module takes a raw document as input and
returns a word-segmented document later will be fed into the
next summarizing module.

C. Summarizing module

The summarizing module uses the output of the previous
preprocessing module and returns a summary of the
document. The summarizing module was experimented on
three approaches: general approach, re-ranking one-stage
approach and re-ranking two-stage approach. All of our
models are listed in Table 1

1) General approach

With the general approach, this study uses the architecture
of BERTSUMEXT which follows the architecture in Figure



1. PhoBERT, a Vietnamese pretrained language model and
has the same architecture as BERT, is used to implement the
encoder in the experiment. This model is called
BERTSUMEXT- PhoBERT. The output layer's architecture of
BERTSUMEXT is reused. These output layers generate
sentence-level scores for each sentence, and sentences with
the highest score are selected to form the final summary. This
strategy could make the selected sentences share the same
meaning. To overcome this drawback, the re-ranking one-
stage architecture of COLOEXT was considered.

2) Re-ranking one-stage approach

A re-ranking one-stage model contains both a summarizer
to score sentences and a re-ranker to choose summary
candidates. In this approach, COLOEXT’s architecture was
used for our models. PhoBERT and encoder of BARTpho were
applied to implement the Vietnamese encoder. Our models
are named COLOEXT- PhoBERT and COLOEXT- BARTpho.
For output layers, our models use the same architecture as
COLOEXT*s output layer which contains summarizer’s output
layers and re-ranker’s output layers. Both summarizer model
and re-ranker model share the same encoder, that means our
pre-trained language models are fine-tuned for two tasks. In
spite of benefits in training and inference efficiency, one-
stage paradigm could decrease performance on accuracy.
Therefore, the third approach: re-ranking two-stage paradigm
was experimented.

3) Re-ranking two-stage approach

Re-ranking two-stage paradigm distinguishes between
summarizer and re-ranker. At the first stage, the summarizer
or “content selection module” will choose salient sentences
independently to generate summary candidates. In the
training phase, a salient score of each sentence is used to
select and generate summary candidates for the second stage.
Given the sent; which is the i-th sentence in the document,
its salient score is:

score; = Rl (sent;,G) + R2(sent;,G) (1

where RI and R2 compute ROUGE F1 unigram and bigram
respectively of i-th sentence with gold summary G. In testing
phase, the summarizer of our COLOEXT- BARTpho model is
used to generate score for each sentence to compare re-
ranker’s performance of our one-stage models and our two-
stage models. At the second stage, we use MATCHSUM’s
architecture, both PhoBERT and BARTpho are applied as the
encoder. These models are named MATCHSUM-PhoBERT and
MATCHSUM-BARTpho. The same output layer architecture of
MATCHSUM is used for the re-ranker models.

Subsequently, encoder of our models in Table 1 are
further fine-tuned while output layers are trained from scratch
on Vietnamese text summarization benchmark datasets,
specifically Vietnews and Wikilingua, using the same
training pipeline of the original models which our models are
based on.

III. EXPERIMENT

A. Datasets

This study evaluated all models on two benchmark
datasets, namely Vietnews [24] and Wikilingua [29]. Table 2
shows the statistics of these datasets. Vietnews [24] is a single-
document abstractive summarization benchmark. It contains
articles from three sources: tuoitre.vn, vnexpress.net, and
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Table 1. BASE ARCHITECTURES AND ENCODERS OF OUR
PROPOSED METHODS

Vietnamese
language model

Name of our Base architecture

proposed model

BERTSUMEXT- PhoBERT BERTSUMEXT [20] PhoBERT[14]
MATCHSUM-PhoBERT ~ MATCHSUM [21] PhoBERT [14]
MATCHSUM-BARTpho ~ MATCHSUM [21] BARTpho [16]
COLOEXT- PhoBERT COLOEXxT [22] PhoBERT [14]

COLOEXT- BARTpho COLOEXT [22] BARTpho [16]

nguoiduatin.vn. The dataset’s authors filter out articles
related to questionnaires, admissions, analytical comments,
and weather forecasts which are not so important to document
summarization. The default splits of Vietnews’s authors for
training, validation, and testing (105,418/22,642/22,644) was
used. Wikilingua [29] is a large-scale, multilingual dataset for
abstractive summarization systems. The dataset consists of
article and summary pairs in 18 languages from WikiHow,
including Vietnamese. The Vietnamese guides on WikiHow
are translated from the corresponding English versions by
human writers and further reviewed by WikiHow’s
international translation team to ensure quality. The
preprocessed dataset and splits of [17] for training, validation
and testing (13707/3926/1957) was used in the experiments.
In Vietnews, the text is already segmented and can be
separated by white spaces. With Wikilingua, RDRSegmenter
[30] from the VNCoreNLP toolkit [31] was used for word
segmentation. The input documents were truncated based on
the maximum position embedding of each encoder.

B. Implementation details

For BERTSUMEXT- PhoBERT, PhoBERT-base version was
used to implement the encoder. The summary is created by
selecting the top-2 sentences for Vietnews and top-3 sentences
for Wikilingua. For models based on COLOEXT and
MATCHSUM framework, both PhoBERT-base and encoder of
BARTpho-word-base version of BARTpho were used to
implement their encoders. In the inference process, the
number of top sentences k to create summary candidate and
number of selected sentences for a candidate N are set
respectively to 5, {3,4,5} for Wikilingua and 5, {2,3} for
Vietnews.

To the best of our knowledge, there are not any works that
experiment extractive text summarization on Wikilingua and
only one experiment on Vietnews which is from the authors
of Vietnews. So, this study intends to compare the results of
our models with the results from the authors of Vietnews. To
ensure a fair comparison and evaluate the effect of oracle
summary on our models, two kinds of oracle summary were
generated for each document in Vietnews to train our models.
The first one is called ORACLE-Sentence which is obtained
by salient score of sentences used in [24]. The second one is
called ORACLE-Candidate which is obtained by a greedy
algorithm [27][20]. The algorithm tries to choose a candidate
which maximize sum of ROUGE 1 and 2 againts the gold
summary. ORACLE-Sentence is used to train
PHOBERTSUMEXT, COLOEXT-BARTpho and COLOEXT-
PhoBERT on Vietnews datasets, ORACLE-Candidate is used
to train all our models on both Vietnews and Wikilingua
datasets. The experiments use the same optimizer and learning



Table 2. DATASET OVERVIEW

# Docs Avg. doc length?® Avg. summary length?
Datasets Train Valid Test Words Sentences Words Sentences
Vietnews 105,418 22,642 22,644 418.74 17.72 28.59 1.23
Wikiligua 13,707 3,926 1,957 416.14 24.58 3445 5.21

* Avg. doc length and Avg. summary length indicate the average length of document and summary in test set.

rate schedule of the original models that our models follow.
Our models are trained on single 11GB GEFORCE GTX
1080 Ti GP.

C. Results

ROUGE-1, ROUGE-2, and ROUGE-L [33] are used to
evaluate the summarization quality of models. ROUGE-1 and
2 measure unigram and bigram overlap. ROUGE-L measures
the longest common subsequence against gold summary.

Results on Vietnews are shown in Table 3. The first
section includes LEAD-2!, ORACLE-Sentence, two models
which have the highest ROUGE score in [24] and our models
training on ORACLE-Sentence. Our models outperform both
SVR and SumBasic methods by a large margin. The second
section includes ORACLE-Candidate and our models which
are training on ORACLE-Candidate. It is not a surprise that
models based on MATCHSUM and COLOEXT’s architecture
have higher scores than BERTSUMEXT-PHOBERT. As in
II.C.1, BERTSUMEXT- PHOBERT does not care about the
summary-level score of candidates, this drawback affects its
performance compared with the re-ranking system. The
results prove the effective of re-ranking strategy on
Vietnamese summarization task but still fall behind oracle
summary. MATCHSUM-based model’s ROUGE-1 score is
two point higher than CoOL0O-based model, that means training
re-ranking model independently still benefits accuracy.
Additionally, ORACLE-Sentence’s ROUGE score is five to
six points lower than ORACLE-Candidate, the reason could
be the algorithm of ORACLE-Candidate which generates
summary-level score is better than the algorithm of
ORACLE-Sentence which generate sentence-level score. It is
observed that with better oracle summary, our models get
better results.

Results on Wikilingua are shown in Table 4. The first
subsection includes LEAD-3 and ORACLE-Candidate and
the second subsection includes the results of our models.
Because of limits in computing resources, MATCHSum-
BARTpho was only trained on Wikilingua dataset. Models
which are based on MATCHSum and COLOEXT’s architecture
still have the highest results. ROUGE-1 and ROUGE-L of
MATCHSum-BARTpho are about 2 scores higher than
COLOEXT-based models. Additionally, on both dataset,
models using encoder of BARTpho are slightly better than ones
using PhoBERT while BARTpho and PhoBERT are pre-trained
on the same corpus. The reason may be the position
embeddings in the BARTpho model have maximum length of
1024, this helps models using encoder of BARTpho have
access to most of full input documents and therefore be able
to learn the whole input document representations and sellect

Table 3. ROUGE F1 RESULTS ON THE VIETNEWS TEST SET

Model R-1 R-2 R-3

LEAD-2 [24] 5.86 4.77 5.80

ORACLE-Sentence 57,28 34,69 43,11
Sumbasic [24] 52.65 19.13 2632
SVR [24] 50.41 23.67 35.02
BERTSUMEXT- PHOBERT(len? = 256)  52.79  25.61  36.08
COLOEXT- PhoBERT (len = 256) 5442  26.75 38.57
COLOEXT- BARTpho (len = 1024) 54.84 26.79 38.69
ORACLE-Candidate 63,24 39,83 48,18
BERTSUMEXT- PHOBERT(/en = 256) 5429  26.15 37.03
COLOEXT- PhoBERT (/en = 256) 54.66 2690 38.76
COLOEXT- BARTpho (len = 1024) 55.05 2682 38.89
MATCHSUM-PhoBERT (/en = 256) 57.02  26.50 38.24
MATCHSum-BARTpho(/en = 1024) 57.15 2623 39.76

Table 4. ROUGE F1 RESULTS ON THE WIKILINGUA TEST SET

Model R-1 R-2 R-L

LEAD-3 51.68 20.32  46.29
ORACLE-Candidate 60,92 33,34 55,46
BERTSUMEXT- PHOBERT(/en = 256) 54.14 22.51 47.82
COLOEXT- PhoBERT (len = 256) 54.61 22.88 4839
COLOEXT- BARTpho (len =1024)  54.90 23.39  48.83
MATCHSum-BARTpho(/len = 1024) 56,53 23,93 50,53

0.5 N ORACLE

COLO BARTPHO
BN MATCHSUM PHOBERT
BN PHOBERTSumEXT

Propotion selected sentences

123456 78910112131415
Sentence position

16 17 18 19 20 21 22 23 24 25

Figure 2. Proportion of selected sentences according to their position in the
original document in test set of Vietnews

!'is common baseline in extractive text summarization task, it means
selecting the first two sentences of a document to form a summary

970

2 Indicates max input length of the document
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Figure 3. Proportion of selected sentences according to their position in the
original document in test set of Wikilingua

better candidates.

D. Discussion

The position of selected sentences for summary is
important, it can show how well our models learn the whole
input document representations. Figure 2 and Figure 3 the
proportion of selected sentences according to their position in
the original document on test set of Vietnews and Wikilingua
respectively. As it can be seen in the figures that the sentences
in ORACLE summary are widely distributed across
documents and the probability of being selected decreases
quite smoothly when the position of sentence increases.
Although our models concentrate on the first sentences of the
input document, the probability of being selected still
decreases smoothly when the position of sentence increases.
COLOEXT- BARTpho and MATCHSum-BARTpho use the
same summarizer to choose summary candidates, but
MATCHSum-BARTpho tends to select more widely than
COLOEXT- BARTpho and its behavior is the most like
ORACLE-Candidate.

IV. CONCLUSION

This paper proposes several text summarization methods
for Vietnamese documents by using pre-trained PhoBERT
and BARTpho as encoders in three state-of-the-art extractive
text summarization frameworks. This is the first study that
fine-tunes pre-trained language model for Vietnamese
extractive single document text summarization. Experimental
results of two datasets show that our models achieve state-of-
the-art for the Vietnamese extractive single document text
summarization task on the Vietnews dataset and good result
on Wikilingua dataset. In the future, we would like to explore
the capability of language model for abstractive text
summarization which we believe will be the main focus of
interest in ATS field.
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