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Abstract. Spelling correction (SC) is used to detect and correct misspelled words.
SC is considered a fundamental task in various Natural Language Processing (NLP)
applications, such as machine translation, chatbots, Optical Character Recognition
(OCR) systems, etc. Currently, there exists a limited number of research works
pertaining to spelling correction in low-resource languages, with a specific focus on
evaluating the efficacy of Thai OCR in processing PDF documents. The issues
pertaining to spelling correction in the Thai language involve not only the
availability of benchmarking data, but also extend to text extraction from PDFs and
the performance of models. In this study, we proposed a two-step spelling correction
framework that includes detection and correction steps from image dataset.
Experiment results revealed that in the error detection, Bi-LSTM revealed the
highest performance and achieved an F1-score of 93.20%. In the error correction,
Bi-LSTM with attention mechanism achieved Fl-score of 86.31% and
WangchanBERTa achieved F1-score of 81.36%. However, WangchanBERTa has a
faster inference time than the Attention mechanism (40 times) and can reduce WER
from 11.99% to 4.51%. The experiment results reveal that our proposed method
effectively detects and corrects the Thai language.

Keywords: Spelling correction, Tesseract OCR, Deep learning, Transfer learning.

1 Introduction

Spelling correction is an essential part of written communication since misspellings can
lead to misconceptions or even miscommunication. The process of spelling correction
involves identifying and correcting misspelled words in a text. Spelling correction aims to
improve the accuracy and readability of the text by fixing spelling, grammar, and
punctuation mistakes. There are various NLP applications that apply spelling correction
tasks, such as sentiment analysis [1], machine translation [2], and OCR [3]. The
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effectiveness of spelling correction algorithms can be evaluated using various factors,
including accuracy and speed [4]. Accuracy is the ability of the algorithm to correctly detect
and correct misspelled words, while speed is the time that it takes to complete the correction.

The task of spelling correction is challenging for low-resource languages such as Thai.
There are a few studies on Thai spelling correction, especially spelling correction from OCR
results. Due to the ambiguity and lack of data, as well as the complexity of the language.
The structure of the Thai language is quite complex due to the characters of the Thai
language consisting of 44 Thai consonants, 16 Thai vowels, 10 Thai numbers, 4 Thai tones,
and 10 Thai special characters, as shown in Table 1. The arrangement of Thai characters in
Thai writing has four levels, including tone level, upper vowel level, consonant level, and
lower vowel level. Furthermore, there are no spaces between words in Thai, making it
challenging to tell where one-word ends, and another begins. This can lead to incorrect
spelling when attempting to separate words and correct misspellings, as shown in Fig. 1.

[5].

Table 1: Thai characters.

Type List of characters
AYUANHNIINTFAYYINANUAA
Consonants
ansuvUnenranesadsyanios
Vowels Fea 888 do culdhllg,
Tones 28 8
Numerals oolomE &b 8
. 2
Special symbols fidqa
9 } Tone level
= g 7] } Lower vowel level
Y] } Consonant level
U } Upper vowel level

Fig.1: Example of a Thai sentence.

Spelling correction algorithms can be split into two main types: dictionary-based [6], [7]
and deep learning-based [8]. Dictionary-based spelling correction algorithms rely on a pre-
existing dictionary of correctly spelled words. When a word is misspelled, the algorithm
compares it to words in the dictionary to find the closest match, which is then suggested as
the correction. Hunspell is popular spell-check (dictionary-based) and support multi-
languages Deep learning-based spelling correction algorithms, on the other hand, use
statistical models to determine the likelihood of a word being spelled correctly. Currently,
Bidirectional Encoder Representations from Transformers (BERT) [9] has been used to
develop the spelling correction task [10], [11]. In Thai spelling correction, there are a few
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studies, such as using Genetic algorithm (GA) to correct the sentence that generated from
OCR [12] and using the sequence-to-sequence (Seq2seq) neural networks with context-
aware in error correction [13].

In this paper, we investigate suitable detection and correction models for the two-stage
spelling correction framework consisting of error detection and error correction. In error
detection, we provided a comparative benchmarking of the performance of two deep
learning models (e.g., LSTM and Bi-LSTM), and one machine learning model (CRF). In
error correction, we compared the performance of three deep learning models (e.g., LSTM,
Bi-LSTM, and Bi-LSTM with Attention mechanism) and one transfer learning model
(WangchanBERTa) for Thai spelling correction on a Thai academic writing dataset.

2 Literature Review

2.1  Optical Characteristic Recognition

Nowadays, PDF files are widely used as a format for storing and sharing information
from academic papers and reports [14]. The convenience and portability of PDF files make
them a popular choice for sharing information. However, the format of PDFs is not as easily
editable as text in other formats. To perform the text analysis in PDF or text as image files,
the first requirement is extracting text from those files.

OCR is a well-known technology that assists the user in terms of recognizing and
retrieving full alphanumeric recognition of printed, as well as handwritten character units
[15], [16]. OCR technology has been applied to many applications, such as license plate
recognition [17], [18], invoice processing [19], [20], and ID card identification [21], [22].
One of the most important aspects of OCR is the accuracy of text extraction. OCR accuracy
can be increased using a variety of techniques, including image processing [23], [24] and
Natural Language Processing (NLP) [3], [25]. OCR was utilized for a wide range of
applications and languages; hence, several techniques were employed to enhance its
performance. The differences in the structure of each language lead to different OCR
performances, especially in Thai, which has a rather complicated language structure.

OCR is the process of transforming the text contained in an image into text. In other
words, OCR creates a message from scanned documents in either type of handwritten form
[16]. There are currently several OCR tools available, such as Tesseract. The Tesseract
OCR engine [26] is a free and open-source technology developed by HP between 1985 and
1995. Tesseract-OCR can be used for text extraction from image files and scanned
documents efficiently in English, and there are several studies in other languages.
Nevertheless, there are few studies in the Thai language with regard to Tesseract OCR, and
the performance of the Thai language extraction is still required to be improved.

The performance of OCR was improved with many methods, such as image processing.
Li et al. proposed the adjustment of the Tesseract engine and preprocessing of the input
image to increase the accuracy of offline handwritten Chinese characters [15]. They
adjusted the Tesseract engine, including page layout analysis, blob finding, text lines and
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word finding, two-pass recognition, and recognition adjustment by generating multiple
candidate recognition results. Furthermore, image preprocessing techniques were used in
their preprocessing strategy, such as binarization, outline dilation and erosion, and image
enlargement and reduction. Their improvement strategy can increase the average accuracy
rate from 64% to more than 88%.

Lu et al. proposed a method that can get rid of the shadows that appear in the text images
for the Tesseract OCR engine [24]. They used the local adaptive threshold algorithm to
transform a grayscale image into a binary image. The noise between the texts and characters
was then removed using a projection technique and a median filter. After that, the image
was fed to the Tesseract engine. Their pre-processing method can increase the accuracy rate
of extraction by using Tesseract to 88.8 - 97.8%.

In addition, NLP tasks have been implemented to improve the efficiency of word
extraction. ONI and ASAHIAH et al. proposed a novel framework to recognize Yorubé text
[3]. They generated the Yoruba printed text image dataset that contains 4,800 images and
their corpus has more than 7,000 sentences. They developed an OCR model to recognize
Yoruba text by using LSTM and RNN methods. After that, they used the language model
based on Standard Yoruba as a spelling corrector to increase the performance of their model.
Their results reveal that the Character Error Rate (CER) was 1.182%.

2.2 Spelling Correction

Spelling correction is the correction of misspelled words in the text. The first step is
identifying the misspelled words and labeling each word in the text, whether it is spelled
correctly or incorrectly. After that, correct the misspelled words. It is the same with the
computer. In spelling correction, there are two main processes consist of error detection and
error correction.

Error detection is the process of extracting the words from the input text. There are many
approaches that can be used in error detection such as dictionary-based [27]. They used an
open-source dictionary, namely AraComLex, that contains nine million Arabic words. The
words will be checked against the AraComLex to see if they are included. Because the
dictionary does not contain special characters such as diacritical marks, text preprocessing
is required in this step.

Error correction is the process after error detection. The words that were labeled as
erroneous words will be corrected in this process. Traditional error correction techniques,
such as n-gram and noisy channel models [28]. Recently, n-gram technique was used to
understand the context of multiple languages [29]. They generated the candidates and
ranked them using Symmetric Delete Algorithm (SDA). Their proposed method was tested
with 24 languages and the Thai language showed the lowest accuracy.

Nowadays, sequence-to-sequence (Seq2Seq) neural networks (i.e., Bi-GRU [30], Bi-
LSTM) are utilized in spelling correction for end-to-end systems [13]. They proposed a
model with contextual Attention to error correction. The model was trained using data from
the Thai UGWC and outperformed the off-the-shelf models, such as Hunspell and
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PyThaiNLP. Furthermore, Zhang et al. proposed Chinese spelling error correction (CSC)
using BERT [11]. They proposed a novel architecture to increase the performance of CSC
by using soft-masking technique. The architecture consists of an error detection network
and an error correction network based on BERT. Their method outperformed the method
using only BERT.

3 Methodology

In this section, we summarize the research method and framework of this study. This
section is divided into three sub-sections including dataset, error detection, and error
correction.

3.1 Dataset

In this study, we emphasize the correctable errors in our dataset, which contains 133,757
different error sentences derived from the actual OCR results. The corpus has 11,591 unique
syllables, the total number of erroneous tokens is 224,361 tokens. The maximum syllable
length is 25, while the minimum syllable length is 4, and the average syllable is 14. We
split the dataset into 80,254 for the training set, 26,752 for the validation set, and 26,751 for
the test set. Due to privacy considerations, the data is a private dataset. The corpus statistics
are shown in Table 2.

Table 2: Statistical distribution of the corpus.

Descriptive Statistics Count
Count 133,757
Mean 14.58
Standard Deviation 3.64
Minimum 4
25% 12
50% 15
75% 18
Maximum 25

The data in this research was collected from the title and abstract of the public theses in
the Thai language that is available on the Thai Digital Collection (TDC) of ThaiLIS. There
are many academic documents in the Thai language from various universities and institutes
in Thailand. The keywords that were used are “study” (7nu) and “analyze” (3ws=+) to find

the theses that have relevant titles and were created within 2006-2021. There are 10,262
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academic writings that were collected. After data collection, we removed the duplicated
writings and performed data cleaning by using NLP tasks such as removing non-Thai
characters, removing special characters, sentence tokenization, and word tokenization.

We generated the text image dataset from our corpus by using three different font types
including Cordia New, Angsana UPC, and THSarabunPSK, and different font sizes,
including 12, 18, and 24 points. The text images were generated with two image types such
as JPG and PNG. For example, see Fig. 2.

waduaadanhbinmTudon

- y - Ly o ‘« =
waduganingsi Iluamiadou

4 a a ¥ 23
daduaanInssu uaiviladon

Fig.2: Sample of text image regarding to the mention fonts and points.

We performed Tesseract OCR to extract the text and collect the error sentences from
extracting text images. There are frequent errors in text extraction such as newlines and
some characters cannot be extracted. These errors significantly impact the error detection
process, and the number of erroneous characters is notably high. The cause of these errors
can be attributed to various factors, not only the complexity of Thai structure but also the
performance of Thai OCR, image quality, and the diversity of Thai font styles. Therefore,
we performed the postprocessing method for the results of text extraction to get rid of these
problems. The sample of results after performing the post-process method was shown in
Fig. 3.

Grognd truth: ‘
adugafanssulduaiuiefau
OCR result: oo
fafound. udrd
Wadugafanssnldualuilofau

OCR result with postprocess:
dadugafanssnldualuiafiau
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Fig.3: Different result between original result and after post-processing.

WER is one of the evaluation metrics that were used to evaluate the performance of
OCR. We used WER in data selection to eliminate results with too many errors. WER is
the number of errors divided by the total words. The formula is shown in Eq. 1.

WER = i+;dl+s (1)

Where i represents the number of words inserted, d represents the number of words
deleted, s represents the number of words substituted and n presents the number of words
in the reference text.

We selected the error sentences from the OCR result to generate the corpus by using
three criteria; WER lower than or equal to 20%, syllable length lower than or equal to 25,
and no non-Thai characters. This corpus will be used to build both the detection model and
the correction model.

In this study, we investigated the performance of machine learning and deep learning
techniques such as LSTM, Bi-LSTM, CRF, and WangchanBERTa. Our model consists of
an error detection phase and an error correction phase. Each phase will be studied separately
and be combined to be the spelling correction model.

3.2 Methodology
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IITha academic
writing

Generate text image
dataset

Data preparation ——» > Text extraction ~——»  Dala selection

Preprocessing: remove Generale text image Extract text using Tesseract l
new line, sent tokenize, etc dataset and text file Input: Image file
Qutput: Text
Metric: WER Text
dataset

Data Collection

Spelling Correction

]
(oo o]

Text preprocessing ———>»  Error detection ———>»  Error correction = ——» Evaluation

Preprocessing: word tokenize LSTM. Bi-LSTM, CRF LSTM-BI-LSTM, Attention, Metrics: Accuracy,
WangchanBERTa Precision, Recall, F1-score,
and WER

Fig.7: Overview research framework of our spelling correction model.

Fig.7 illustrates the proposed research framework including data collection and spelling
correction framework. After data collection, there are four steps of spelling correction
consist of text preprocessing, error detection, error correction, and evaluation.

The first step is text preprocessing, we processed our dataset by performing the syllable
tokenization to create a function for masking error words. Each sentence was split into
syllable structures and masked as erroneous syllables. For example, see Fig. 9. The result
from masking words was split into syllables and each syllable was labeled as either a correct
or erroneous syllable. The data from pre-processing will be used in the next step for each
model.

= . i d =
Sentence : sudswmnmamsilasduiiguniAatulasenis
- | 2 A o
OCR res : sudvwwamenmistlasnuiywintialuiasensg
= | o a d =
Mask word : TaufisuuINIINIS<mask>las</mask>Au<mask>1iai< /mask>wniinlulasenns

Fig.9: Sample of masking word.

The second step is error detection. To build the error detection model, we constructed
the neural network architecture and employed machine learning and deep learning
techniques such as CRF, LSTM, and Bi-LSTM to investigate their performance. The input
of the detection model is the text that contains both erroneous text and correct text. We
performed a syllable tokenization to split the text into a sequence of syllables. A sequence

of syllables including incorrect input text X = {X1, X2, ..., Xn} Where n is the total number
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of syllables. They are fed into the error detection model to predict the label for each

sequence Y = {yi1, Y2, ..., yn} Where y; is the label prediction of the corresponding syllable
xi. A syllable is labeled as correct or incorrect.

The third step is error correction. A sequence of syllable X and label ¥ from the error
detection model is the input of the correction model. The error correction model should
generate the proper corrected sequence while maintaining the originality of each correct
input. We performed Seq2seq and pre-trained models to investigate the performance of
error correction. The evaluation metrics for the error correction model are WER to compare
with the original result from OCR and correction from the model. We employed deep
learning approaches such as LSTM, Bi-LSTM, and Bi-LSTM with Attention mechanism
[31] models to investigate the performance of the correction model. Attention mechanism
is currently state-if-the-art NLP models which outperformed in machine translation task.
We implemented the Attention mechanism in seq2seq model with Bi-LSTM by performing
dot scoring function to calculate alignment score. The overview process of error detection
and correction was shown in Fig. 8.

Correct i 1 | Correction
Text 1+ Error Text | -
Text ' 4 Text
' . ’ ; .
ms [dao | Au | dy | ' T |<ERR-| U |<ERR-] W1
las ! H ilas
>
; ' [0 ]
H )
& A ‘ i [oa]
' [ ¢ 1o 1 ' Ay
s jdao | Au |y | i ' ms fas Au dg w
Error 1 Error
Input . ' . A Output
Detection Correction

Fig.8: Overview process of error detection and error correction.

Finally, model evaluation is the last step. WER was used as the evaluation metric for
evaluating the correction model. In addition, the accuracy, precision, recall, and F1-score
are also used in the evaluation that are calculated as follow:

TP + TN
Accuracy = —————— 2)
TP +TN + FP + FN
. TP
Precision = 3)
TP + FN
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TP
TP + FP

Recall =

4)

Precision X Recell

Fl-score=2x %)

Precision + Recell

Where True Positive (TP) represents a spelling error has been detected, False
Negative (FN) represents a spelling error has not been detected, False Positive (FP)
represents a correctly spelled word was detected as being a misspelled word, and True
Negative (TN) represents a correctly spelled word was detected as being a correct word.

For the correction model, True Positive (TP) represents a misspelled word has been
corrected, False Negative (FN) represents a misspelled word has not been corrected, False
Positive (FP) represents a corrected word has been changed, and True Negative (TN)
represents a corrected word has not changed.

4 Results

In this section, we split the experimental result into two phases: error detection and error
correction. We compared the performance of each technique with existing techniques from
Thai text correction.

4.1  Error Detection

In the error detection phase, we employed deep learning model such as LSTM and Bi-
LSTM to train with our training set. We trained the LSTM and Bi-LSTM models to
determine the optimal embedding size and hidden units in LSTM and Bi-LSTM layers. The
neural network architecture was set the embedding size and hidden units in LSTM and Bi-
LSTM layer to 300 units. The number of epochs that was set in this training is 10 epochs.

We performed a grid search to find the optimal parameter for the CRF model. The
parameters that were selected are algorithm and max _iterations. Table 3. shows the result
of the grid search that uses the F1-score as the evaluation metric.

Table 3: CRF model grid search results

Algorithm ~ Max_iter F1-score
(mean)
ap 100 0.9833
ap 200 0.9837
ap 300 0.9839

ap 400 0.9840
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pa 100 0.9825
pa 200 0.9827
pa 300 0.9828
pa 400 0.9828
Ibfgs 100 0.9678
Ibfgs 200 0.9763
Ibfgs 300 0.9792
Ibfgs 400 0.9801

According to Table 3, the Aggressive Perceptron (AP) algorithm and the number of max
iterations is 400 are the optimal parameters for this model. We trained the CRF model with
the optimal parameters.

Table 4: Comparative performance of detection models.

Train Test
Method
Acc. Prec. Rec. F1. Acc. Prec. Rec. F1.
LSTM 0.9800 | 0.9437 | 0.8788 | 0.9101 | 0.9801 | 0.9443 | 0.8784 | 0.9101
Bi-LSTM 0.9848 | 0.9611 | 0.9045 | 0.9319 | 0.9848 | 0.9615 | 0.9042 | 0.9320
CRF 0.9847 | 0.9574 | 0.9073 | 0.9317 | 0.9848 | 0.9577 | 0.9076 | 0.9320

Table 4. shows the comparative performances of the detection model using LSTM, Bi-
LSTM, and CRF. The performance of all three models is quite high, and there is not much
difference. Bi-LSTM outperforms with 99.11% accuracy, 96.11% precision, and 93.19%
Fl-score. CRF model achieved 93.32% F1-score and LSTM model achieved 91.01% F1-
score.

4.2 Error Correction

In the correction phase, we presented the experimental result of all methods on the same
dataset. We trained five models to compare the performance of them, including the encoder-
decoder using Bi-GRU, encoder-decoder using LSTM network, the encoder-decoder using
Bi-LSTM network, the encoder-decoder using Attention mechanism, and WangchanBERTa
finetune. The encoder-decoder model consists of an embedding layer with a size of 300, an
LSTM or Bi-LSTM encoder with 1,024 nodes, an LSTM decoder with 1,024 nodes, and an
output dense projection layer with a SoftMax activation function. The optimizer is Adam
with a learning rate of 0.001 on the cross-entropy loss. Another model using Attention
mechanism consists of an embedding layer with a size of 300, a Bi-LSTM encoder with
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512 nodes in each direction, an LSTM decoder with 1024 nodes, and the Attention layer
that score was calculated by the simple dot product. The optimizer is Adam with a learning
rate of 0.0003 on the cross-entropy loss.

Our proposed model has employed the tokenizer and model from wangchanberta-base-
att-spm-uncased. The tokenizer has been updated with new specific tokens, and the max
length is set to 50. The model has set the embedding layer size equal to the number of tokens
in the tokenizer. The model was trained with a learning rate of 0.00002 and 10 epochs. Table
5. shows the comparative performances of the correction model using LSTM, Bi-LSTM,
Bi-LSTM with Attention mechanism, and WangchanBERTa. The model using the Attention
mechanism outperformed all of them with an 86.31% F1-score. WangchanBERTa achieved
81.36% F1-score.

In addition, WangchanBERTa outperformed the other models in terms of precision.
shows that WangchanBERTa is more effective at accurately correcting with a lower rate of
false positives. WangchanBERTa's superior language understanding abilities, which are
optimized for specific tasks and help it to more accurately recognize relevant components
and context in the data. On the other hand, the Attention model may not have the same level
of contextual understanding or robustness when dealing with complex language constructs
particular to spelling correction.

Table 5: Comparative performance of correction models.

Train Test
Method
Acc. Prec. Rec. F1. Acc. Prec. Rec. F1.
LSTM 0.8929 | 0.5261 | 0.7331 | 0.6103 | 0.8934 | 0.5271 | 0.7345 | 0.6114
Bi-LSTM 0.8979 | 0.6006 | 0.6852 | 0.6335 | 0.8979 | 0.6016 | 0.6865 | 0.6345
Attention 0.9715 | 0.9494 | 0.7879 | 0.8611 | 0.9720 | 0.9506 | 0.7904 | 0.8631
WangchanBERTa | 0.9646 | 0.9989 | 0.6862 | 0.8129 | 0.9647 | 0.999 | 0.6872 | 0.8136

Table 6. shows the comparative performances of the correction model with Thai TC
techniques. The Bi-LSTM with Attention mechanism outperformed with 4.03% WER.
WangchanBERTa achieved 4.51% WER, Bi-LSTM achieved 11.26% WER, and LSTM
achieved 12.49% WER.

Table 6: Evaluation result of correction models.

WER
Method -
Train Test
LSTM 0.126+0.0234 0.1249+0.0234
Bi-LSTM 0.113+0.0658 0.1126+0.0672
Attention 0.0377+0.0013 0.0403+0.0013




Data Science and Engineering (DSE) Record, Volume 5, issue 1. 92

WangchanBERTa 0.0456+0.0043 0.0451+0.0045

The result of error correction was evaluated by using WER, and the result of each model
was compared with the OCR result. The Seq2seq with LSTM, and Bi-LSTM create a few
correct Thai sentences and possess altered meanings. An analysis of the output indicates
that the model tends to favor producing sentences or phrases that are prevalent in the
training dataset. The Seq2seq model with Attention mechanism frequently generates
accurate Thai sentences and outperformed which has WER of 4.03%. However, the
performance of our proposed model is not significantly different from the Attention
mechanism. WangchanBERTa can reduce the WER on the test set from 11.99% to 4.51%.
The evaluation result is shown in Table 7.

Table 7: Evaluation of the correction models.

Model WER (%) A WER (%)
OCR result 11.99 -
LSTM 12.49 417
Bi-LSTM 11.26 -6.09
Attention 4.03 -66.39
WangchanBERTa 451 -62.39

In addition, we compared the execution time for the correction of each model. We ran
this testing on Google Colab with GPU runtime, the GPU timing information is on an
NVIDIA Tesla T4. The time required by each model to perform inference on the test set is
shown in Table 8. There are 26,751 samples in the test set that were used to test the
performance of error correction. Our proposed model has the fastest inference time.
Although the Attention model performed the best, it took the longest time to infer.

Table 8: Inference time on the test set.

Execution Time

Model time for  per line Line per
. second
testing (ms)
LSTM 0:20:28 45.92 21.78
Bi-LSTM 0:21:45 48.77 20.51

Attention 6:28:01 870.29 1.15
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WangchanBERTa 0:09:16 20.80 48.08

The performance of the Attention mechanism and WangchanBERTa is quite high and not
different significantly. However, when compared to the inference time, WangchanBERTa
takes 9 minutes while the Attention mechanism takes 6 hours on our test set.

5 Conclusion

In this study, we investigated the performance of various techniques in Thai spelling
correction. Our dataset is based on the error text from the Thai OCR results that were
collected from Thai academic writing. We performed post-processing on the results from
the original OCR because they contain many errors for Thai characters. Our spelling
correction model consists of two-phases: error detection phase and error correction phase.

Our investigation into error detection shows high performance for each technique, such
as LSTM, Bi-LSTM, and CRF. Their performances achieve an average accuracy of 90%.
In the context of sequence labeling tasks, Bi-LSTM and stand out as widely employed and
effective techniques. Both methods have demonstrated considerable success in various
natural language processing tasks, owing to their ability to capture complex patterns and
dependencies within sequential data. Their utilization in the current study is well-founded,
given their proven track record in similar applications.

In the investigation of error correction, we investigated the performance machine
learning and deep learning models, such as LSTM, Bi-LSTM, Bi-LSTM with Attention
mechanism, and WangchanBERTa. We evaluated the performance and inference time of
each technique. The Bi-LSTM with Attention mechanism demonstrated superior
performance compared to WangchanBERTa. However, WangchanBERTa is faster in terms
of inference time compared to Bi-LSTM models due to its transformer architecture and
inherent parallelism. Token processing in Bi-LSTM models is sequential, whereby the
representation of each token depends on the preceding token, thereby resulting in slower
computations. In contrast, the transformer architecture of RoBERTa facilitates token
parallel processing, enabling concurrent handling of multiple tokens. Moreover, through the
application of self-attention techniques, the model efficiently captures global dependencies
without the need for sequential processing. Regarding the suitable application of our
proposed method, WangchanBERTa demonstrates several advantageous features, including
its capacity to effectively handle long-range dependencies, perform parallel processing
(resulting in improved inference time), and utilize effective pre-training techniques. These
attributes collectively enable WangchanBERTa to effectively process a wide range of
documents with diverse text representation units.
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