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Abstract

News summarization presents a significant challenge in Natural Language Processing (NLP). Lengthy news articles not only
consume valuable time but also lead to confusion regarding key points. The ideal news summarization should swiftly produce a
succinct summary while retaining the essence of the information conveyed by the news writer. While intelligent chatbots like
ChatGPT and Gemini offer user-friendly text summarization, their embedded Large Language Model (LLM) cannot be
downloaded for private use. Moreover, implementing them in a business process can be expensive, both in terms of pay-per-use
costs and response time. The objective of this research is to develop a private Thai news summarization that effectively extracts
sentences encapsulating the main idea and abstractly summarizes them. The proposed model consists of two components. The first
extracts a contiguous region containing important sentences using the TextRank algorithm, while the second employs the finetuned
mBART as an LLM to generate the abstractive summary from the previously extracted sentences. In other words, the proposed
model extracts an important news region before passing it to mBART. This approach produces a news summary with key
information and a syntactic style akin to the natural Thai language. We evaluate the summarization quality by ROUGE scores and
BERTScore (precision, recall, and F1-score). The evaluation metrics Experimental results on the ThaiSum dataset show relatively
high ROUGE scores and BERTScore for the proposed model compared to most of the other approaches. Furthermore, it

significantly reduces the runtime, keeping it within a reasonable limit.
Keywords: News summarization, Natural language processing, TextRank, TF.IDF, mT5 model, mBART model

1. Introduction between similar Thai words make it difficult to accurately

News undoubtedly plays a crucial role in our daily measure the similarity of two summaries. Moreover, there

lives. Reading lengthy news articles to grasp the main is a scarcity of annotated datasets and pre-trained models

points can be time-consuming. Hence, there is a need for a for Thai, compared to more commonly spoken languages.

system that can summarize news, highlighting only the key According to a survey by Allahyari et al. [1], text

points and maintaining correct grammar. In the context of summarization can be broadly divided into two strategies:

Thai news summarization, language complexity poses a extraction and abstraction.

significant challenge. The length of Thai phrases often Extractive summarization involves selecting sentences

complicates summarization while the subtle nuances or phrases that encapsulate the main idea without altering
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or rewriting the extracted text. While this method is
relatively easy to implement, the syntax of its summary
may lack the lexical flow or coherence found in summaries
manually crafted by humans. On the other hand, the
abstractive model linguistically creates logical texts to
condense the original posts into a well-structured
summary. However, the abstractive approach may generate
a summary that includes extraneous information.

The literature reviews of text summarization are
presented starting with the extractive strategy. Wong et al.
[2] employed a method that extracts sentences by
amalgamating various features such as extraneousness,
content conveyance, events, and relevance. They found
that both supervised and semi-supervised learning models
yield similar performance. Qazvinian et al. [3] introduced
a graph-based extractive summarization to generate a
summary for a scientific document. The cited sentences are
modeled as a graph, with their vertices and edges
representing  sentences and lexical  similarities,
respectively. They discovered that the citation contains
vital information that is not accessible from other sections
of the paper. Jain et al. [4] used a neural network to predict
sentences that correspond to the summaries of the provided
text. Ten features, such as sentence length, position, and
cohesion, are gathered from the document and used as
inputs for the neural network. Despite their method
requiring numerous precalculated features, the
experimental results of their strategy outperform other
online summarizer tools in terms of ROUGE-1, ROUGE-
2, and ROUGE-L.

The abstractive approach is another category of text
summarization. Nallapati et al. [5] utilized attentional encoder-
decoder recurrent neural networks to abstractly summarize a
document. Their method significantly outperforms others on

two datasets, and they also introduced a new dataset for the

abstractive summarization task requiring multiple-sentence

summaries. Tan et al. [6] introduced a graph-based attention
mechanism for the seq2seq model to identify the salient
information of a document. Their hierarchical decoder with a
reference mechanism effectively produces abstractive
summaries. When compared to the experimental results on two
large datasets (CNN and DailyMail), their method yields
superior ROUGE results than existing neural abstractive
models. Gehrmann et al. [7] developed a bottom-up content
selector for abstractive summarization. Their content selector
not only selects the appropriate content but also requires a
minimal number of training instances. The experimental results
on CNN-DM and NYT corpora show a significant
improvement over existing methods. Two convolutional-
seq2seq-based models are demonstrated by Zhang et al. [8] and
Hao et al. [9]. The first model generates keywords and key
sentences simultaneously using a hierarchical attention
mechanism, while the second architecture employs both
memory and nonlocal networks to construct the feature-
enhanced seq2seq model. Liu et al. [10] pretrained mBART by
applying the BART model [11] to extensive monolingual
corpora across multiple languages. mBART (Multilingual
BART) is a versatile sequence-to-sequence model that can be
fine-tuned for various tasks, including text summarization,
across different language pairs. It features a transformer-based
encoder-decoder  architecture, pre-trained on extensive
monolingual corpora using a denoising objective. This pre-
training helps the model generate coherent and contextually
accurate summaries. Consequently, mBART excels in
multilingual tasks such as translation and summarization. Yang
et al. [12] developed a generative adversarial model for
abstractive summarization with multi-task constraints. Their
architecture effectively generates grammatically correct and
informative summaries. The experimental results on
CNN/Daily Mail and Gigaword corpora indicate superior

performance over baseline methods. Yang et al. [13] emulated

three stages of human reading: skim, in-depth reading, and post-
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editing. The post-editing stage involves a refining process to
make the information in the summary clear and salient.
Interestingly, the result from human evaluation shows that
summaries from their architecture have better informativeness
and fluency compared to baseline methods. Xue et al. [14]
proposed a multilingual version of the T5 model [15] called
mT5 that covers 101 languages by pretraining in a similar
procedure as the original T5 but on the mC4 corpus. The mT5
model has achieved state-of-the-art performance on many
cross-lingual NLP tasks, including the XTREME zero-shot
classification, structure prediction, and question-answering
tasks. Its encoder-decoder is fine-tuned for Thai sentence
summarization, named “mtS-cpe-kmutt-thai-sentence-sum”,
and implemented in PyThaiNLP [16]. Ngamcharoen et al. [17]
applied a bidirectional LSTM to predict keywords for use along
with the original text to generate a summary abstractly. The
experimental result on the ThaiSum dataset indicates that their
model outperforms the traditional encoder-decoder model.

In this paper, we introduce a fast hybrid approach that
merges both extractive and abstractive strategies. Initially,
we identified all significant sentences in the news using
TextRank. Sentences with a high TextRank score are
typically important due to their relevance to other
sentences. Subsequently, the smallest contiguous region,
extending from the first sentence to a position near the last
significant sentence, is extracted. These extracted
sentences are fed into the abstractive summarizer, i.c., the
finetuned mBART model, to generate the final summary.
Our hybrid approach introduces a novel technique by
leveraging TextRank to extract a crucial news region
before feeding it into the mBART model. This
combination aims to enhance the runtime while the
correctness of the news summary is still preserved.

Our research contributes in three ways. First, the
proposed model consumes significantly less runtime than

other leading abstractive models. Second, the quality of

news summaries it produces is promising, in terms of
ROUGE, precision, recall, and F1 score, and competitive
with those of other models. Lastly, it is well-suited for
summarizing Thai news as it was finetuned on the
ThaiSum dataset. The experimental results show a notable
improvement over baseline and other models.

The remainder of this paper is structured as follows.
Section 2 provides a brief explanation of the fundamental
knowledge necessary to comprehend the contents of this
research. The proposed model and the experimental results are
discussed in Sections 3 and 4, respectively. Finally, Section 5

presents the conclusion and potential future work.

2. Fundamental Knowledge

Five fundamental concepts and the dataset related to
this research are briefly described in this section.
2.1 Thai Word Segmentation

A sentence is made up of a sequence of words. Unlike
many languages, the Thai language does not use spaces to
separate words within a sentence. This presents a
significant challenge for both novices and researchers in
computational linguistics. A straightforward approach is to
perform maximal matching, which involves searching for
the longest prefix characters in the dictionary. In essence,
the longest string of characters found in a dictionary is
recognized as a single Thai word.

PyThaiNLP [16] offers three famous implementations of
Thai word segmentation, namely AttaCut [18], Deepcut [19],
and Newmm. The Newmm algorithm is simple and
deterministic, while the other two methods segment a sentence
into words based on the surrounding context. Consequently,
the same string of characters may not be tokenized into the
same sequence of words when it appears in different contexts.
2.2 TextRank

Mihalcea and Tarau [20] introduced a graph-based

algorithm for identifying important keywords and
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sentences from the source text. This algorithm considers
both the local context and the global information among
words/sentences throughout the text. A key advantage of
this algorithm is that it doesn't require linguistic knowledge
for keyword and sentence extraction. The algorithm
divides the text into tokens (a token can be either a word or
a sentence) and computes similarities between vector
embeddings of tokens in a matrix format. From this
similarity matrix, a graph is created, with vertices and
edges represented by tokens and the similarities between
tokens, respectively. Finally, the PageRank algorithm [21]
is applied to this graph to obtain token scores for the token
T,, as shown in Eq. (1). The top N tokens based on their

scores are selected to form a set of important tokens.

Wji

Score(T)) = (1—d)+d*}; Score(T;), (1)

YkWijk
where T; is the neighbor of the token T, d is a damping
factor used in the PageRank algorithm (d=0.85), wji is the
weight between the token T, and its predecessor Tj, and Wi
is the weight between the token T, and its successor T,.
TextRank can be utilized to identify significant sentences
from an article by treating sentences as tokens and forming
a similarity matrix among them.
2.3 Term Frequency-Inverse Document Frequency (TF.IDF)
TF.IDF is a measure of the statistical relevance of a specific
word in a document, relative to all documents in a corpus [22].
It is calculated as the product of the term frequency and the
inverse document frequency. The term frequency (TF)
quantifies how frequently a particular word appears in a
document relative to other words. However, high-frequency
words may not necessarily be important to the document as
they could be stop words. This is where the inverse document
frequency (IDF) comes into play. IDF is defined as the
logarithm of the ratio of the corpus size to the number of
documents in which a specific word appears. In other words, a

word that appears infrequently in a corpus is likely to be

important. The formula for calculating the TF.IDF of a given

term i in document j is formally defined in Eq. (2)—(4).

—_Ji
TFi' - maxg fkj’ (3)
IDFL = logz %; (4)

where f; is the number of appearances of term i in
document j, and n, is the number of appearances of term i
in a pile of N documents. Note that TF; is normalized by
the maximum number of appearances of any term k in the
same document.

2.4 Recall-Oriented Understudy for Gisting Evaluation

(ROUGE)

Lin [23] introduced ROUGE as a metric for evaluating
the quality of text summarization, including machine
translation, in comparison to reference summaries. Three
well-known ROUGE metrics utilized in our research are
ROUGE-1, ROUGE-2, and ROUGE-L. ROUGE-1 and
ROUGE-2 assess the overlap of unigrams and bigrams
between the generated summaries and the reference
summaries, respectively. ROUGE-L evaluates the overlap
of the longest common subsequence of words between the
generated summaries and the reference summaries. Unlike
ROUGE-1 and ROUGE-2, ROUGE-L can measure the
nonconsecutive matching of the word sequence, allowing
it to assess similarity at the sentence-level structure.

2.5 The ThaiSum Dataset

The ThaiSum dataset [24] is a collection of 3GB of data
from online news websites such as Thairath, Thai PBS,
Prachatai, and The Standard, gathered between January 2014
and August 2020. It consists of 358,868 pairs of original news
and its summary, all written by professional writers. The
average word lengths of the news and summary are 529.5 and
37.3, respectively. The dataset covers a wide variety of news

topics such as politics, business, economics, and sport.
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3. Proposed Model

The proposed Thai news summarization process is
depicted in Figure 1. Initially, we tokenize Thai news into
a sequence of sentences using a Thai-Segmenter from the
Python Package Index (PyPI). Subsequently, we use
TextRank to measure the importance of each sentence.
Sentences that rank above the average are deemed
important and are selected (these are represented in red

sentences in Figure 2).

News
!

Sentence Segmentation

I

TextRank

i

Choose Important Region

1

mBART

v
Summary

Figure 1 Proposed Thai news summarization model
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Sentencel7 Sentencel8 Sentencel9 Sentence20
Sentence2] Sentence22 Sentence23 Sentence24

News important region

Figure 2 Selecting the important news region

According to Chumpolsathien [24], the majority of the
significant sentences extracted from a document are
typically found at the beginning. We select a series of
sentences, from the first to the last significant sentences, as
the important region (highlighted in yellow in Figure 2).
It's worth noting that the contiguous news region may
include sentences that are not important, as we aim to
maintain a smooth flow of content within the segment. For
completeness, a few sentences following the last
significant sentence are also included in the important
region, as shown at the bottom of Figure 2. Sentences 23
and 24 are included in the important region, while
sentences 25-36 are omitted.

Finally, the important region is fed into the finetuned
mBART to generate an abstractive summary. We selected
mBART as our news summarizer because it was trained as
a multilingual sequence-to-sequence model with a primary
focus on translation tasks. Our use of the TextRank
technique to reduce the news input to mBART plays a
crucial role in decreasing the runtime required to generate

an abstractive summary.

4. Experiments

The experimental setup and results are given in
sections 4.1 and 4.2, respectively.
4.1 Experimental Setup

The experiments in this section are carried out on the
ThaiSum dataset using a machine with the following
specifications: CPU Core i5-13500 4.8 GHz, RAM 64GB, GPU
RTX A5000 24 GB. We examine four methods (TF.IDF,
TextRank, mT5, mBART) and the proposed method (a news
important region from TextRank is fed to mBART). Both
mBART and mT5 models are fine-tuned to the ThaiSum
training and validation sets to ensure a fair comparison.

Additionally, we perform hyperparameter tuning to identify

the optimal setting before fine-tuning each Large Language
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Model (LLM). Table 1 enumerates all hyperparameters for
both models. Figures 3—4 depict the loss value during the fine-
tuning process of mMBART and mTS5, respectively. To prevent
overfitting, the fine-tuning process is halted at the epoch where
the training loss diverges from the validation loss. Interestingly,
both mBART and mT5 stop training at the Sth epoch

coincidentally.

Table 1 Hyperparameters for finetuning LLMs

Hyperparameters mBART mT5
learning_rate 1.00E-05 1.00E-05

weight decay 0.061 0.044

label_smooth_factor 0.051 0.053
optim adamw adamw
learning_rate 1.00E-05 1.00E-05

4.2 Experimental Results

To examine the number of common words between the
actual summary and the news summary produced by each
model, we employ the Newmm algorithm to tokenize words in
the news summary and measure the ROUGE-1 metric as shown
in Figure 5. Both mBART and the proposed model excel over
other methods by competitively generating words common to
the actual summary. For the sake of clarity, mBART is an off-
the-shelf LLM text summarization that is finetuned to the
ThaiSum dataset while in the proposed method a news
important region is extracted by TextRank and then fed to the

finetuned mBART.

3.6 —Validation Loss
——Training Loss

34
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Figure 3 Loss during finetuning of mBART
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Figure 4 Loss during finetuning of mT5
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Figure S ROUGE-1 comparison

A high ROUGE-1 score alone is insufficient to indicate
a good summary, as the common words may not be in the
correct sequence. For instance, “I ate an apple” and “An
apple ate I” have the same ROUGE-1 score, but they
convey different meanings. Therefore, we require
ROUGE-2 to measure the word order in the news
summary.

As shown in Figure 6, the ROUGE-2 scores for all
models are approximately one-third lower than the
ROUGE-1 scores. We observed that many of the news
summaries from TextRank and TF.IDF overlook the
secondary theme sentences present in the ground truth,
producing only one or two main sentences as a summary.
As a result, the ROUGE-2 values for TextRank and
TF.IDF are low and unacceptable. In contrast, the
ROUGE-2 scores for LLM-based models are acceptable
and significantly higher than those of both TextRank and

TF.IDF methods.
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Figure 6 ROUGE-2 comparison

However, ROUGE-2 might not be sufficient to assess
the quality of a news summary as it strictly evaluates the
bigram order of the text. A sentence with a slightly
different word order, but similar sentence structure, might
convey the same meaning. For example, “You are
beautiful” and “You are so beautiful” have different
ROUGE-2 scores but convey a similar meaning.

To capture the similarity in sentence structure, we
examine ROUGE-L, which measures the longest common
subsequence between the ground truth and the news
summary. Figure 7 shows that both mBART and the
proposed model continue to outperform other models, as
their ROUGE-L scores are significantly high. Therefore,
we will only consider these two models, i.e., nBART and
the proposed model, for further experiments to identify the

best method for Thai news summarization.

ROUGE-L
0.45
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0.35
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0.25
0.2
0.15
0.1
0.05
0
TextRank TF.IDF mBART mT. Proposed

Figure 7 ROUGE-L comparison

It appears that mBART is on par with the proposed model

in all ROUGE scores. The subsequent experiment aims to

differentiate them. We collected 1000 longer external Thai news
articles from the internet and used the cutting-edge ChatGPT to
generate the reference summaries. The selection criterion for
these news articles is that their length must be significantly
greater than that of articles in ThaiSum. On average, the word
count in an article is twice that of ThaiSum. News articles
equally cover a wide range of categories, e.g., politics,
economics, business, technology, health, sports, environment,
education, science, law, and entertainment. The experimental
outcomes for mBART and the proposed model are reported as
follows.

Figure 8 presents a comparison of precision, recall,
and F1 measures calculated by BERTScore, a metric that
computes a similarity score for each word in the news
summary against each word in the ground truth text. These
three metrics are more delicate than ROUGE scores since
they not only measure the exact match but also the
similarity between words. Both the proposed model and

mBART demonstrate competitive performance.

0.8
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0.78

0.77
0.76
0.74

Precision Recall

w

EmBART ® Proposed

Figure 8 Precision, recall, and F1 comparison

The final comparison is particularly crucial. Figure 9
presents a comparison of the ROUGE scores and average
runtime between the proposed method and mBART. As
shown in Table 2, while the proposed method’s ROUGE
scores are approximately 3.4% lower than mBART’s, its
average runtime is significantly 32% less. This tradeoff
suggests that although the proposed method occasionally

removes potential sentences from the original news (resulting
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in slightly lower ROUGE scores than those of mBART), its

substantial runtime improvement makes it a viable choice.
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0

ROUGE-1 ROUGE-2 ROUGE-L  Avg. RunTime
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Figure 9 ROUGE scores and runtime comparison

Table 2 Percentage of ROUGE scores and runtime

improvements
Metric Percentage of improvement (%)
ROUGE-1 -3.35
ROUGE-2 -3.70
ROUGE-L -3.25
Runtime 32.10

Consequently, the proposed model can compete with
the mBART regarding the quality of news summary and
surpasses MBART in terms of runtime. This makes the
proposed model ideal for summarizing lengthy news at a
promising speed. This improvement highlights the
influence of the important region extracted by TextRank.
If the region size is too small, the resulting summary might
miss key points from the original news. Conversely, if the
region’s size is too large, it could include unnecessary
information, leading to longer runtimes and an overly
detailed summary.

To visualize the news summaries produced by all
models, we display the original news in Figure 10 and the
corresponding summaries in Figure 11. The proposed
model and mBART create identical summaries,

encompassing approximately the first 3 sentences of the

original news. This aligns with the ThaiSum report [24]

stating that the main idea of articles is typically contained
within the first three to four sentences. This is a common
news presentation format that most writers follow, where
the first paragraph serves as a summary of all the facts.
Upon a quick look, mT5 appears to generate a
summary similar to the previous two models. However,
it struggles with summarizing news that includes
numbers, as indicated by the red underlined text. This
misinterpretation of numerical data could be due to the
original mT5 not receiving sufficient numerical data
samples before finetuning with the ThaiSum dataset,
leading to difficulties in comprehending the context and
significance of numbers in a text. Consequently, the
ROUGE scores of mT5 are significantly lower, about 30—

40%, compared to the proposed model and mBART.
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Figure 10 Original News#1
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The other two models, TextRank and TF.IDF, are
based on the extractive approach. TextRank provides the
first 9 sentences of the articles as a summary. However,
some of these sentences delve into the finer details of the
news and should not be considered as the main points.
TF.IDF, on the other hand, generates a poor summary by
focusing on the minor elements of the news. Furthermore,

it includes fragments that do not form a complete sentence
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Figure 11 News#1 Summaries

To further visualize the performance of each
summarization model, we provide an additional news
example in Figure 12, along with its summaries from various
models in Figure 13. Both the proposed method and mBART
yield the same summary, which is made up of several
sentences from the original news. These sentences encapsulate

the details in the subsequent sentences.
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Figure 12 Original News#2
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Figure 13 News#2 Summaries
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The mT5 summary is akin to those of the proposed
model and mBART, except it includes a date fragment
from the next sentence. In contrast, TextRank and TF.IDF
produce extensive texts, many of which do not convey the
main concept of the original news. TextRank tends to
select sentences, some overly detailed, from the initial part
of the article, while TF.IDF extracts fragment sentences
from the entire document.

The final evaluation assesses human judgment on the
satisfaction of news summaries generated by various models.
Table 3 presents the average satisfaction scores, ranging from 1
(lowest) to 5 (highest), based on evaluations from 10 volunteers
who each reviewed the same set of 100 news summaries. These
100 samples are randomly picked from 1000 external news
articles in the previous experiment. The results in Table 3 align
with the ROUGE scores, precision, recall, and F1-score
comparisons from earlier experiments. Both the proposed
method and mBART achieve similarly high scores, while
TextRank and TF.IDF receive lower scores due to their lengthy

summaries containing unnecessary information.

Table 3 Average satisfaction scores from volunteers

Method Average satisfaction score
Proposed 4.71
mBART 4.83
mT5 3.15
TextRank 2.25
TF.IDF 1.87

5. Conclusion

In this paper, we introduce a fast hybrid Thai news
summarization model capable of extracting significant
sentences from the original article and abstractly summarizing
these sentences into a coherent Thai paragraph, as suggested by
the fine-tuned Large Language Model (LLM). Experimental

results on the ThaiSum dataset indicate that our approach

outperforms existing models in terms of Rouge-1, Rouge-2, and
Rouge-L scores. Our research contributes in three ways. First,
our proposed model consumes significantly less runtime
compared to the state-of-the-art abstractive mBART model.
Second, the news summaries it generates are of high quality and
can compete with those produced by state-of-the-art LLMs.
Lastly, our model is particularly effective for summarizing Thai
news, as it has been fine-tuned on the ThaiSum dataset.
Furthermore, our proposed model can handle lengthy Thai news
by eliminating unnecessary sentences before using the LLM to
summarize it abstractly. Our technique can be applied to other
LLMs with text summarization services to reduce the runtime.
It is worth noting that the training data's bias may cause ethical
implications. When the data is biased towards specific
perspectives, the resulting summaries might mirror these biases,
potentially causing a skewed portrayal of the news. One
limitation of our approach is that it may not reduce the LLM
workload when important sentences are uniformly distributed
throughout an article, as the important region will encompass all
sentences in the original news. A potential solution could be to
summarize all key points within the article by selecting multiple
important regions, each representing one key point. A possible
future work is an adaptation of the proposed method to other
languages by replacing the Thai sentence segmenter with an
appropriate algorithm and finetuning the mBART model using

anews summarization dataset in the target language.
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