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Abstract

Today, hate speech is frequently seen on Thai social media platforms such as Facebook, Twitter, and even online video plat-
forms such as YouTube. In live video broadcasts of football news, for example, some Thais expressed hate speech toward
opposing football fans and players. This paper presented offensive language and hate speech detection for Thai in YouTube
live streaming chat with transformer-based language models by using five BERT models, including BERT, XLM-RoBERTa,
DistilBERT, WangchanBERTa, and TwHIN-BERT, which were trained with multilingual languages as well as Thai. In the
data labeling process, a two-step data labeling procedure was developed. The first stage involved automated data labeling
utilizing the WangchanBERTa model, and the second stage involved manual data labeling conducted by the researchers.
We developed text classification models using 11 different positive and negative class ratio datasets to get the most efficient
model. In terms of recall and F1 score, the results showed that XLM-RoBERTa performed the best. It yielded an average
recall and F1 score of 0.9669 and 0.9530, respectively. However, neither of the five models has significantly different perfor-
mance. When considering the purpose of the application, DistilBERT is most appropriate. Because of its similar performance

to XLM-RoBERT4, it has smaller model sizes and works faster.

Keywords Offensive language detection - Thai natural language processing - Text classification - Deep learning

1 Introduction

YouTube is widely utilized as a prominent social media plat-
form within the context of Thailand. In 2022, the number of
users of this platform reached 42.8 million, which accounted
for 61.1% of Thailand’s population (Digital 2022). This
platform serves as one among multiple channels for content
delivery, including mainstream content broadcasted through
free TV or digital TV, mainstream media broadcasts on You-
Tube, and sub-YouTuber content. Football, often known as
soccer, is widely regarded as one of the most popular sports
worldwide. In nowadays, football has emerged as a highly
esteemed and popular sport on worldwide. The football event
held in England’s top-tier league, commonly referred to as
the English Premier League, attracts a global viewership of
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roughly 3.2 billion individuals. A considerable proportion
of football enthusiasts in Thailand are included within the
aforementioned group. The growing popularity of football
and the substantial user base on YouTube has resulted in a
diverse range of content being offered by mainstream and
niche sports channels. This content includes news reports,
reviews, and analyses of competitive matches, presented
in video format and often streamed live. Viewers have the
opportunity to engage in real-time commentary while watch-
ing these streams, which can give way to comments express-
ing positive sentiments, negative feedback, and instances
of hate speech. Several studies on offensive language (Gao
et al. 2020; Hamdy 2021; Wei et al. 2021), abusive language
(Wanasukapunt et al. 2021; Kaur et al. 2021; Gashroo and
Mehrotra 2022), and hate speech (Kovécs et al. 2021; Yadav
et al. 2023) have addressed the issue of utilizing offensive
language, abusive language, and hate speech on social media
platforms, emphasizing the significance of natural language
processing (NLP) in resolving this concern.

Currently, YouTube has a solution to the hate speech
comment system, which detects users with inappropriate
comments, sends a warning message, and promptly bans
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a user’s comments for 24 h if they continue to post inap-
propriate comments. However, the system is still incapable
of detecting Thai comments effectively, requiring channel
administrators to manually ban hate speech, cyberbullying,
and offensive comments. Occasionally, the live performer
will need to respond to or communicate with a user who
has made an inappropriate comment, causing the content
broadcast to be interrupted.

According to the information presented above, no study
has been found on Thai YouTube live streaming, but analo-
gous studies have been discovered. Panchala et al. (2022);
Mnassri et al. (2023); Kovacs et al. (2021) have performed
hate speech detection in English. In Wanasukapunt et al.
(2021); Pasupa et al. (2022), there’s hate speech detection
in Thai. The majority of this research comes from other
social media sources. We can utilize this knowledge to
develop a Thai hate speech detection system for live foot-
ball news streaming that has not been found in any research.
The unique contribution of our study is as follows: (1) the
absence of prior research on Thai hate speech identifica-
tion specifically focused on YouTube live streaming chat.
(2) In the previous study (Wanasukapunt et al. 2021), a sin-
gle BERT model was employed for comparison with both
the deep learning model and the regular machine learning
model, while in this research, the performance is evalu-
ated by utilizing five BERT models. (3) This study aims to
employ a two-stage labeling approach for datasets, where the
initial step involves automated data labeling, followed by a
subsequent step of manual data labeling. (4) We conducted
experiments by training the model using various datasets in
order to determine the dataset that yields the optimal per-
formance for the model based on the proportion of fake hate
speech.

2 Related work

In recent years, researchers have made significant advance-
ments in the identification of offensive, abusive language,
and hate speech through the utilization of several method-
ologies. These methodologies encompass machine learn-
ing and deep learning approaches and have been applied
to research conducted in both English and Thai languages.
In the study performed on the English language, Gao et al.
(2020) utilized three transformer-based pre-trained models,
including BERT (Devlin et al. 2018), RoBERTa (Liu et al.
2019), and XLNet (Yang et al. 2019), to detect offensive
language. Among the models evaluated, RoBerta had the
highest level of effectiveness, as indicated by its F1-score
of 0.795%. Hamdy (2021) has also conducted research on
Offensive Language Detection in English utilizing the 2019
and 2020 OLD dataset, a text from Twitter, to create a clas-
sification using four techniques: BERT Embeddings, n-gram
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(range 1-3), TFIDF, and Doc2Vec. BERT embeddings with
an accuracy of 83.7% and an F1-score of 0.791% have the
highest precision and F1-score. Wei et al. (2021) conducted
another study on offensive language and hate speech detec-
tion in English text using deep learning and transfer learning
and the same Twitter data. In a comparison of the efficacy
of the BI-LSTM, DistilBERT, and GPT-2 models, the BI-
LSTM model was determined to be the most effective.

For the research on the Thai language, Wanasukapunt
et al. (2021) conducted a study on the classification of
offensive Thai language on social media using deep learn-
ing techniques. They compared the performance of tradi-
tional machine learning algorithms such as the Discrimi-
native Multinomial Naive Bayes (DMNB), Random Forest
(RF), the Maximum Entropy, the Support Vector Machine
(SVM), the Bernoulli Naive Bayes (BNB) classifier, the
Decision Table/Naive Bayes Hybrid (DTNB), the Repeated
Incremental Pruning to Produce Error Reduction (RIPPER),
the k-Nearest Neighbor (kNN) and the C4.5 Decision Tree
with deep learning models including the Bidirectional Long-
Short Term Model (Bi-LSTM) and DistilBERT. The evalu-
ation was conducted using both binomial and multinomial
approaches. The outcome indicates that the deep learning
module produces more accurate results (accuracy 0.8965,
precision 0.9128, recall 0.9006, F1-score 0.9067). Pasupa
et al. (2022) has also conducted a study of hate speech detec-
tion in Thai social media utilizing the WangchanBERTa
model, one of the RoBERTa architectures trained with a
set of Thai data. It was fine-tuned to optimize the model,
and its performance was evaluated using the F1-score and
a hybrid loss function comprised of the Ordinal regres-
sion loss function and Pearson correlation coefficients. The
F1-score results were 78.38-0.88%, which is significantly
greater than the conventional loss function, and the relative
improvement in average mean square error was 0.24-78.5%.

The results shown in references Gao et al. (2020); Hamdy
(2021); Wei et al. (2021) demonstrate that the utilization of
RoBerta, BERT, and BI-LSTM yields favorable outcomes
in the context of English hate speech detection. In the Thai
study, it was seen that the outcomes obtained from the appli-
cation of DistilBERT were superior to those obtained from
BI-LSTM, as reported in reference Wanasukapunt et al.
(2021). The study conducted by WangchanBERTa Pasupa
et al. (2022) employed a Thai-specific model and imple-
mented text processing rules suitable for the Thai language.
The outcomes obtained from this investigation were deemed
satisfactory.

Based on the aforementioned study, we intend to con-
struct a hate speech detection system tailored to the research
context. To achieve this, we will employ various models
including RoBerta, BERT, DistilBERT as a multilingual
version, and WangchanBERTa, a Thai-trained model. The
primary objectives are to evaluate the performance of each
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model and to compare the outcomes between an unimodal
model trained specifically in Thai and a multilingual model.

3 Dataset
3.1 Data collection & data pre-processing

The objective of this study is to conduct an analysis of the
Thai messages that are posted by viewers in the live chat
of Thai broadcasting videos during live streaming sessions.
The primary area of interest will be around news articles,
football critiques, and match analyses available on the You-
Tube platform in Thailand spanning the period from 2021 to
2023. The subject matter of attention relates to the five most
significant football matches in Europe, including Premier
League (England), Laliga (Spain), Bundesliga (Germany),
Series A (Italy), and Ligue 1 (France).

The five football leagues enjoy significant popularity
both within Thailand and internationally. Their weekly
competitions attract substantial viewership for live news
broadcasts and match review videos. Consequently, a sig-
nificant amount and diverse range of analytical data is gen-
erated. The duration of a live broadcast exceeds 30 min in
order to ensure a sufficient quantity of data is available for
analysis throughout each live session.

The data collection process involves gathering live
conversation text from live streaming videos on 11 Thai
YouTube channels that meet the specified criteria for live
video selection. This process (Fig. 1) begins with the
extraction of URLs using the Selenium library (version
4.8.3) to obtain all video URLs within each channel. Next,
in accordance with the research’s purpose, choose a URL
that is related to the subject matter. The demonstrated pro-
cess in Fig. 2 employs the chat_downloader library (ver-
sion 0.2.4) to collect and merge the messages acquired

video_url title date_time views
Duauanidugs-urdtiausui-15%
I INVW ? v -
hitps:/ v—2¥3‘::2‘:: COLTMBM Wod (52-PSG uvuwat | Siamsport Stveamead 51 hours 40K views
a il Halftime 03 05 66 9
Durudnigumde-Sraniwian®-
hitps "m:f'ég:??; :;;"'watmv JKaauyugm-aEmauting | S"“’:"g 1o 38K views
- B Siamsport Halfime 02.05.66 9
? -
AlnulmMair-mEmInaynoau-tun 4
https /mgﬁffsgggmmw hfu-uéehsyyuuad | Siamsport Stveamaed 5 days 30K views
v Halftime 28.04.66 00
SalaesineoanTu-woduovus-
hitps l/wmg«;ng%e&:nmatcﬂ AN ansthuw-Sh lnvudiugon 4| Styeam:doe days 55K views
. - 9 Siamsport Halfime 27.04.66 9
YouTube Selenium https:/ youtube. comiatch? Whidalulauwsi-wodrudau-Saata Streamed 7 days
Ch | Lb —arCxUZEUC mun-8afiaulinialy | Siamsport 42K views
anne ibrary . S Halftime 26 04 66 a0
Video URL with detail
Fig. 1 Video URL collection process
video_url
message
hitps://www.youtube.com/watch?
v=2b1cEdhjwjU
ERE LT

hitps://www.youtube.com/watch?
v=120tJZJB420

#adatunsaganaaiodauuuuu

v=PE6FGDKuitg

https://www.youtube.com/watch?
v=arCxUZEUC_s

Fig.2 Message collection process

.| chat_downloader
https://www.youtube_com/watch? library nay
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from individual URLs. The total number of messages
acquired is 2,028,434.

In the data pre-processing section, the data were sub-
jected to cleansing procedures. These procedures involved
the removal of special characters, stop words, pure numeric
records, and emoji. The purpose of these procedures was to
ensure that each text exclusively consists of understandable
phrases and sentences.

3.2 Datalabeling

The dataset has a grand total of 2,028,434 unlabeled mes-
sages. The process of assigning linguistic major students
(Wanasukapunt et al. 2021) or specialists (Pasupa et al.
2022) to categorize messages can be resource-intensive in
terms of time and budget (Zhang et al. 2021). While GPT-3
(Dou et al. 2021) and ChatGPT (Gilardi et al. 2023) have
demonstrated superior performance compared to human
crowd-workers in English text-annotation tasks, their per-
formance in Thai text-annotation tasks is yet to be estab-
lished. In this study, a two-step data labeling procedure was
developed. The first stage involved automated data labeling
utilizing the WangchanBERTa model, and the second stage
involved manual data labeling conducted by the researchers.
The specific details of this process are as follows.

3.2.1 Automated data labeling

For the purpose of automating data labeling, the model
selected was wangchanberta-base-att-spm-uncased. This
model has been trained using the most extensive Thai data-
set available, encompassing diverse information sources and
ensuring high data quality, and it has applied text processing
rules that are specific to Thai (Lowphansirikul et al. 2021).
We automated the data labeling process using the wangchan-
berta-base-att-spm-uncased, which was fine-tuned with the
Wisesight sentiment dataset. This dataset comprises text
data from Thai social media, enabling our chosen model to

perform sentiment classification in the Thai language. Utiliz-
ing this model on our unlabeled live chat messages allows
us to automatically assign sentiment labels, as depicted in
Fig. 3.

In Fig. 3, the sentiments of the message are catego-
rized as neutral, negative, positive, and question. From a
total of 2,028,434 messages, we can determine the number
of labeled messages in each category: neutral 1,751,285
(86.34%), negative 210,774 (10.39%), positive 65,083
(3.21%), and question 1,292 (0.06%), as shown in Fig. 4.
Since the ratio of questions is extremely low, the study only
includes neutral, negative, and positive messages.

3.2.2 Manual data labeling

When we have labeled all three types of messages, we have
an amount of 210,774 labeled negative messages containing
offensive language (https: www.lawinsider.com, dictionary,
offensive-language 2023) or hate speech (https: dictionary.
cambridge.org, dictionary, English, hate-speech 2023) by
filtering messages using commonly used negative terms
(blasphemy, cruelty, disrespect or sexual insult etc.) in Thai
social media such as NN, Wiy, @7, nyevan, Jrygyndau
s %1:61 (You are so mean. sucky, asshole, dick, beggarly,
retarded, gay etc.) that were collected from various sources
by researcher.

The demonstrated process in Fig. 5 yielded a total of
13,981 instances of hate speech messages, which accounts
for 6.63% of the overall 210,774 negative messages. In the
subsequent phase, the labeling procedure will be divided
into two distinct processes in order to enhance the precision
of the labeling outcome.

e For positive and neutral labeled messages, we use hate
speech keywords to filter out messages containing these
keywords in order to minimize information errors.

e For hate speech labeled messages, because the text con-
tains hate speech keywords, there may not always be

message message label
ERCLEET] aiadiafy neutral
. . wangchanberta-base- : : »
nuiadgauaauinaiy suiafgauasuinaiy positive
att-spm-uncased
mndume andume negative
watfilanaantuluuaiy watifilamaanulvuaiu question

Wisesight Sentiment

fintuned version

Live Chat Message
2,028,434 records

Fig.3 Automated data labeling process
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Fig.4 Automated data labeling /
result 86 34%

\ Neutral

10.39%

Negative Positive / Question
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ke, ke, 'me','Ane’,'wig','Tv','Tuw','wa

0v','wddv’,'ma’,'as=p0n’,'aaq Contain
a0, 'dudu’, Usyansau’, Juen » Hate speech

dau','duou’,'aauka’,'aumg’, ' surig’,' M

\

au','ver','Bau’, 10", 'axksa’, T’ Tran','U1n 13,981 records
Negatwe a','voe’,'Aae’,'AsK8’,'AIE’, 180", 139", KN
R','kaa','n:lUn’,'KaAde’,'wWav','duau’, 'l

210,774 records KU1','R','s=En','ana’,'aau’, 1), ' Kuilu
!
uan','da’,'aa’,'aannav’]
for example: red dog, sucky, asshole, dick,

| | Negative )
b ly, retarded, , loser, jackass, sc 5
eggarly, retarded, gay, loser, jacka rew Not Caritain

you, bitch, dick head, damn you, jerk, fuck you

e

/ 196,793 records

Offensive Language &
Hate speech keywords

Fig. 5 Filtering offensive language & hate speech in negative message by using offensive & hate speech keywords

intentional abuse or an inappropriate comment. The
researchers labeled the text by reading it to see what it
really meant.

Based on the hate speech label messages received from
the previous process in Fig. 6, 13,981 messages were
divided into 10,085 hate speech messages (72.13%) and
3,896 non-hate speech messages (27.87%). Finally, the
dataset we have includes five kinds of labels:

Positive is a positive or encouraging message.

e Neutral is a nonspecific text.
Negative is a text with a common negative meaning,
but not one containing obscene or offensive language.

e Hate speech is the use of words with offensive, rude,
contemptuous, or abusive meanings.

¢ Fake hate speech is a text that contains the hate speech
keyword in the message but is not abusive or impolite.

In the context of this study, binary classification is
employed, wherein the hate speech category is assigned a

label of 1, while the categories of positive, neutral, negative,
and fake hate speech are assigned a label of 0.

3.3 Split data

The entire dataset was first split into two distinct datasets:
the Training and validation dataset, and the test dataset.
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————( Hate speech |

Hate speech

13,981 records

Hate speech labeling
by researcher

10,085 records

*** Hate speech label == Offensive Language & Hate speech ***

Fig. 6 Classify the true hate speech messages by researcher

Given that we have all four subclasses of non-hate speech
labels, denoted as label =0, we have conducted multiple
variations on the proportions of each dataset. The specific
information pertaining to each dataset is shown in Fig. 7.

3.3.1 Training & validation dataset

Initially, a dataset comprising 9000 instances of hate speech
messages (label =1) is established. Subsequently, in order
to identify the datasets that yield the most optimal model
performance, the proportion of non-hate speech labels
(label =0) is varied across all four categories. Table 1 pre-
sents detailed information for each dataset.

From Table 1, we divide the dataset into two groups: (1)
balance class dataset (equal numbers of class 1 and 0) and
(2) imbalance class dataset (non-equal numbers of class 1
and 0). In fact, the model must accommodate all message
sentiments. In order to evaluate the efficacy of each model

4 )

Training&Validation Dataset

iy 3,000 - 9,000
Positive
records
3,000 - 9,000
Neutral records I
N # 3,000 - 9,000
Egatne records
9,000
kHate speech | s — e j

*** Every records are randomly selected

Fig. 7 Detail of initial datasets
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3,896 records

and prevent overfitting, we incorporated fake hate speech
into class 0 at 10%, 20%, and 30% of the total amount of hate
speech. For dataset types 1-8, we desire to fix the number of
data points. Therefore, when we increase the amount of fake
hate speech, we decrease the proportion of other sentiments
by the same amount. For dataset types 9—11, there is no
reduction in any sentiment because there is no fixed number
of data points. Finally, we configured the ratio of training
data to validation data to be 70:30 and made this a standard
test for every model.

3.3.2 Test dataset

The number of data points was set to 4000. Each sentiment
begins with a value of 1000. Class 1 has a constant value
of 1000, and class O has a ratio adjustment based on the
same method as training & validation dataset, as detailed
in Table 2.

; ™\
Test Dataset

=

A S

i

(o) 22 — @B
&4
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Table 1 Training & validation dataset detail
Training & validation dataset
Dataset group Dataset type %Fake hate Positive Neutral Negative Fake hate speech Hate speech Total
Balance class 1 0.00% 3000 3000 3000 0 9000 18,000
2 10.00% 2700 2700 2700 900 9000 18,000
3 20.00% 2400 2400 2400 1800 9000 18,000
4 30.00% 2100 2100 2100 2700 9000 18,000
Imbalance class 5 0.00% 9000 9000 9000 0 9000 36,000
6 10.00% 8700 8700 8700 900 9000 36,000
7 20.00% 8400 8400 8400 1800 9000 36,000
8 30.00% 8100 8100 8100 2700 9000 36,000
9 10.00% 9000 9000 9000 900 9000 36,900
10 20.00% 9000 9000 9000 1800 9000 37,800
11 30.00% 9000 9000 9000 2700 9000 38,700
Table 2 Test dataset detail Test dataset
Dataset type %Fake hate Positive Neutral Negative Fake hate  Hate speech Total
speech
1 10.00% 967 967 967 100 1000 4000
2 20.00% 933 933 933 200 1000 4000
3 30.00% 900 900 900 300 1000 4000
4 40.00% 867 867 867 400 1000 4000
5 50.00% 833 833 833 500 1000 4000

4 Proposed method

This research presented a text classification with trans-
former-based language models by using five BERT archi-
tecture models (Devlin et al. 2018), which were trained
with multilingual languages, including Thai, to compare
the results. The five models to be used in the experiment
are all available on the website Hugging Face. Includ-
ing bert-base-multilingual-cased (Devlin et al. 2018),
xIm-roberta-base (Conneau et al. 2019), distilbert-base-
multilingual-cased (Sanh et al. 2019), wangchanberta-
base-att-spm-uncased (Lowphansirikul et al. 2021) and
twhin-bert-base (Zhang et al. 2023).

The criteria for selecting the model for that experiment
are based on reliability and performance. Each model has
an international publication paper, and each model has a
different architecture (except bert-base-multilingual-cased
and twhin-bert-base), even though it is based on the same
BERT.

xlm-roberta-base, bert-base-multilingual-cased, and
distilbert-base-multilingual-cased are transformer-
based models that are the most downloaded on Hugging
Face (last accessed on August 14, 2023), which repre-
sent reliability and popularity from around the world.

Wangchanberta-base-att-spm-uncased is the best-perform-
ing model in Thai. And Twhin-bert-base is a model that
was just released in September 2022 and was trained with
social media data on Twitter, which is similar to the data
we brought into our research.

In this experiment, the researchers fine-tune a pre-train
model with the simpletransformers library (version 0.64.0),
which is a library built on the transformers library (ver-
sions 4.30.2) of Hugging Face, by processing with a V100
GPU 1 unit on Google Colab and setting the hyperparam-
eters of all models to the same values: random_seed =42;
learning rate=0.001; optimizer = AdamW; batch_size = 64;
epochs = 10; max_seq_length=128. We only adjust the
classifier layer; there is no configuration of the model’s
architecture.

To determine the most efficient model for classifying
offensive language and hate speech messages, the entire
experiment will consist of two major phases.

(1) Experiment on dataset type is experimenting to
determine the type of dataset that provides the best-
performing model.

Experiment on models is experimenting to determine
the best-performing model by using the dataset that
resulted in the previous section

@)
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4.1 Experiment on dataset type

DistilBERT (distilbert-base-multilingual-cased) (Sanh et al.
2019) will serve as the baseline mode for the dataset evalu-
ation because it has the shortest training time. We will train
a model using all eleven types of datasets. One model will
be evaluated with all five types of test datasets. Then, the
validation results and the average of the test results will be
used to evaluate the model’s performance.

From Table 3, we can see that the most efficient dataset
type for the model is the “Type 2” dataset. Consider the
recall value first, as we believe the model predicts false nega-
tives to be more negative than false positives, and then we
consider the F1-score. Although the “Type 17 dataset has the
highest validation recall and F1 score, it returns to a signifi-
cantly lower F1 score due to a decrease in precision value
during the test section. The model trained with the Type-1
dataset has never previously learned a fake hate speech text.
When evaluated with a test dataset containing all sentiment
text, the model performs insufficiently.

4.2 Experiment on models

In this section, we will use the Type-2 dataset to train and
compare the performance of the five previously mentioned
models. One model will be trained and evaluated in three

rounds by sequentially assigning the random seeds 42, 52,
and 62. The results will be displayed according to Table 4.

The performance achieved by five distinct models is pre-
sented in Table 4. The results indicate that the XLLM-Rob-
erta-base model had better outcomes compared to the other
models in terms of recall and F1 score. The obtained results
demonstrated an average recall of 0.9669 and an Fl-score
of 0.9530.

5 Experimental results & discussion

The results of the research indicate that the xIm-roberta-base
model has the highest efficacy in identifying hate speech, as
evidenced by its recall value. Nevertheless, the outcomes
of the comprehensive study examination revealed that there
were no statistically significant differences among the five
models.

The comparative results in Table 5 show that the appro-
priateness of utilizing XLM-Roberta-Base may not align
optimally with the objective of developing a real-time text
detection system. The training and prediction processes of
the model require a substantial investment of time due to
their size. The utilization of distilbert-base-multilingual-
cased is advised due to its efficient training time (~40 s per
epoch) and prediction time (~5 s for 4000 data) on a single
V100 GPU unit.

Table 3 The result of the

. Dataset type ~ Model type  Validation result Test result

dataset type that provides the

best-performing baseline model Precision  Recall  Fl Avg. precision  Avg.recall  Avg. Fl
1 Distilbert 0.9904 09963 09934 0.7673 0.9990 0.8655
2 Distilbert 0.9296 0.9630 0.9460 0.8448 0.9540 0.8950
3 Distilbert 0.9007 0.9441 09219 0.8693 0.9310 0.8985
4 Distilbert 0.8896 0.9226  0.9058 0.8756 0.9140 0.8940
5 Distilbert 0.9918 0.9859 0.9889 0.7764 0.9920 0.8685
6 Distilbert 0.9390 09519 09454 0.8577 0.9480 0.8995
7 Distilbert 0.9177 0.9289 09232 0.8891 0.9260 0.9065
8 Distilbert 0.8968 0.9048  0.9008 0.9089 0.8880 0.8979
9 Distilbert 0.9346 0.9530 09437 0.8570 0.9440 0.8973
10 Distilbert 09111 0.9296 0.9203 0.8877 0.9140 0.9000
11 Distilbert 0.8899 0.9096 0.8996  0.9008 0.8970 0.8984

Table 4 . Performance Dataset type Model name Validation result

comparison of models

Precision Recall F1

2 Distilbert-base-multilingual-cased 0.9307+0.0002 0.9644+0.0033 0.9473 +0.0017
2 XLM-Roberta-base 0.9394+0.0031 0.9669+0.0030 0.9530+0.0004
2 bert-base-multilingual-cased 0.9323+0.0029 0.9632+0.0013 0.9475+0.0019
2 Wangchanberta-base-att-spm-uncased  0.9410+0.0044 0.9609+0.0022 0.9508 +0.0031
2 twhin-bert-base 0.9349+0.0065 0.9636+0.0067 0.9490+0.0013
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Table 5 Comparative r?sult.s of Dataset type Model name Model run time
model training and testing time
Training (sec/epoch) Testing (sec/4000
data points)
Distilbert-base-multilingual-cased 39.3333 +£0.5774 5.3333+0.5774

NSRS ST ST SR S )

XLM-Roberta-base
bert-base-multilingual-cased
Wangchanberta-base-att-spm-uncased

Twitter/twhin-bert-base

78.0000+1.000

75.3333+£0.5774
74.3333+£0.5774
80.6667 +0.5774

12.6667 +0.5774
12.0000+1.7321
12.0000+1.7321
14.3333+0.5774

In this section of the data labeling process, a single exam-
iner does manual data labeling. The potential consequences
include the occurrence of misclassification errors and a
decrease in the overall predictive accuracy of the model. The
effectiveness of automated data labeling is contingent upon
the precision of the wangchanberta-base-att-spm-uncased
(Lowphansirikul et al. 2021) model. Various methods can
be employed to classify and assess the dataset for the pur-
pose of comparing outcomes and acquiring the dataset of
the highest quality.

Due to the purpose of the experiment, which was to
develop a model for real-time detection, and the con-
straints on computational resources, the model may not be
as efficient as possible due to the fine-tuned model, which
has a maximum sequence length of 128 tokens. If a suf-
ficient quantity of resources were available for training a
model with a higher token capacity, it may potentially yield
improved outcomes and facilitate the identification of longer
sentences.

6 Conclusion

For offensive language and hate speech detection in Thai,
we developed five Transformer-based language models,
including xIm-roberta-base, bert-bas-multilingual-cased,
distilbert-base-multilingual-cased, wangchanberta -base-
att-spm-uncased, and twhin-bert-based on a type 2 dataset,
which is a balance class dataset that contained 10% of the
fake hate speech sentiment. In terms of recall and F1-score,
the results showed that xIm-roberta-base performed the best.
However, neither of the five models has significantly differ-
ent performance. When considering the purpose of the appli-
cation, distilbert-base-multilingual-cased is most appropri-
ate. Because of its performance close to xIm-roberta-base,
it has smaller model sizes and works faster.

In the future, we will have a larger dataset and more
updated messages in the dataset, as the language used on
social media is evolving rapidly and there is a new move-
ment of meaning every year, necessitating a model update.
In the case of data labeling, we will employ more than one
person to label the dataset in order to improve its reliability.

And other approaches may exist to compare the outcomes
of additional experiments.
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