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ABSTRACT

Nowadays there is an advancement in the field of machine reading compre-
hension task (MRC) due to the invention of large scale pre-trained language
models, such as BERT. However, the performance is still limited when the
context is long and contains many passages. BERT can only embed a
part of the whole passage equal to the input size. Thus, sliding windows
must be used, which leads to discontinued information when the passage
is long. In this paper, we propose a BERT-based MRC framework tailored
for a long passage context on a Thai corpus. Our framework employs the
multi-passage BERT along with self-adjusting dice loss, which can help
the model focus more on the answer region of the context passage. We
also show that there is an improvement in the performance when an aux-
iliary task is used. The experiment was conducted on the Thai Question
Answering (QA) dataset used in the Thailand National Software Competi-
tion. The results show that our method improves the model’s performance
over a traditional BERT framework from 0.7614 to 0.7742 in terms of F1,
especially on longer passages with more 2,000 tokens and more.

Article information:
Keywords: Machine Reading
Comprehension, Natural Lan-
guage Processing, Deep Learn-

ing, BERT

Article history:

Received: May 22, 2021

Revised: October 18, 2021

Accepted: March 4, 2022

Published: May 28, 2022
(Online)

DOI: 10.37936/ ecti-cit.2022162.247799

1. INTRODUCTION Besides the English language, large-scale MRC
datasets in other languages also exist, such as
DuReader [5], which is a Chinese MRC dataset. Al-
though there are many QA datasets in English, Thai
QA datasets are more scarce. An example of such a
QA dataset is [6], which is a Thai language dataset
from Thailand’s 22nd National Software Competi-
tion (NSC). Apart from other issues involving Thai
natural language processing (NLP) tasks, one of the
biggest challenges in this dataset is that each context
can span multiple passages. This can decrease the
model’s performance since the computational cost is
higher and there are more answer candidates.

In recent years, we have seen a surge in the avail-
ability and popularity of MRC research and datasets.
Such research creates a machine that possesses the
ability to read and comprehend a piece of document
and then is able to answer questions related to the
document. There are several types of subproblems
in MRC and different datasets have been created
having different objectives and motivations. SQuAD
(Stanford Question Answering Dataset) [1] is a no-
table example of a public, large-scale English MRC
datasets, composed of more than 100,000 extractive
question-answer pairs. Natural Questions [2] is sim-

ilar to SQuAD. It also utilizes Wikipedia articles as
context passages. Natural Questions tasks the model
to select both answers and paragraphs that contain
answers. TriviaQA [3] and SearchQA [4] are exam-
ples of datasets that deal with the problem of Open-
Domain QA where context passages are not paired or
matched with the questions. Models must query the
context or document passage themselves. This line of
research reflects the application more.

In earlier MRC research, models consisting of a
series of RNN variants and attention layers are nor-
mally used. Examples of this model include BiDAF
(Bi-directional Attention Flow) [7], and FusionNet
[8]. In 2018, an advanced pre-trained language model
called BERT [9] was released. BERT (Bidirectional
Encoder Representations from Transformers) is a
large, deep learning model consisting of multiple lay-
ers of transformer architecture [10] and is pre-trained

L.2The authors are with Department of Computer Engineering, Faculty of Engineering, Chulalongkorn University, Bangkok,
Thailand, E-mail: 6170932121@alumni.chula.ac.th and peerapon.v@chula.ac.th

2Corresponding author: peerapon.v@chula.ac.th



126 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.16, NO.2 June 2022

on a large amount of unlabeled corpus. BERT can
be applied to a variety of natural language processing
tasks including sentiment analysis, natural language
inferences, and MRC, and can achieve good results.
After the introduction of BERT, newer MRC research
focuses on the utilization of a large pre-trained lan-
guage model (LM) through task-specific fine-tuning.

Herein, our scope of the study is classified as ex-
tractive, multi-passage MRC. Similar to the extrac-
tive MRC problem, the MRC model finds the answer
to questions by predicting the starting and ending
positions of the answers which can be found in the
context of the passage. The difference from normal
MRC is that the length of the context of the passages
can span multiple paragraphs. This problem is chal-
lenging as it takes more time to train the model, and
there is a chance that most of the text that the model
has to read may contain information that is not useful
in answering questions. Fine-tuning BERT or other
pre-trained language models usually achieves strong
performance when context information is contained
in one paragraph or the length of the context pas-
sage is shorter than the sequence input size of the
pre-trained LMs. However, if the length of the pas-
sage is longer than the model’s input sequence length,
the performance of the model can deteriorate as the
context of the passage must be split into multiple win-
dows. When the context passages are longer than the
pre-trained LM sequence input size, sliding windows
are used to consecutively feed the context and ques-
tion into the model. The probabilities of starting and
ending positions for these windows are computed sep-
arately, so the scores may not be directly comparable
[11].

In this paper, the aim is to create a multi-passage
MRC framework for a Thai corpus. The multi-
passage BERT technique, therefore, is integrated into
our framework to tackle the questions contained in
the long passages. Multi-passage BERT uses the con-
cept of global normalization across different context
passage windows. This makes the computation of
starting and ending position probabilities more com-
parable across different windows. This concept is
further extended via the usage of self-adjusting dice
loss [12], which helps the model pay more attention
to the area of answer positions and predicted posi-
tions. This loss is more favorable to the traditional
loss (cross-entropy loss) that takes all tokens into con-
sideration, which may not be suitable for the multi-
passage setting. Similar to the original multi-passage
BERT work, a modified auxiliary task is also imple-
mented.

To summarize, the contribution of our work is
listed below:

- An MRC model is presented, which is based on
multi-passage BERT, designed specifically to han-
dle long context passages, commonly found in Thai
QA data sets.

- Self-adjusting dice loss is employed rather than a
traditional loss (negative log-likelihood) since it is
more suitable for long passages where the majority
of the tokens are negative examples.

- An auxiliary task is proposed and added to our net-
work to further improve accuracy. In a long pas-
sage, the input must be divided into several win-
dows. An auxiliary classifier can help to locate
whether or not an answer is in each window.

In Section 2, the related works are discussed. In
Section 3, details of our methodology are discussed.
Section 4 deals with details of the dataset and the im-
plementation of our experiment. Section 5 analyzes
the results and contains a discussion of the experi-
ment. The conclusion is found in Section 6.

2. RELATED WORKS

This section aims discusses the techniques in the
domain of machine reading comprehension (MRC),
especially for long passages (multiple passages).
There are two main parts, which include a traditional
technique (non-BERT') and a BERT-based technique.

2.1 Traditional MRC Techniques

Many works have been conducted which performs
MRC tasks in long context passages or multi-passage
MRC settings. Memoreader [13] has proposed a
model that can deal with long-range dependency in
MRC tasks through the use of memory controlling
units and encoding blocks, which utilize GRU and
self-attention. Wang et al. [14] have also conducted
research into the multi-passage aspects of MRC. In
addition, in order to span prediction tasks, the au-
thors have included auxiliary tasks in the model and
employ cross-passage answer verification through the
use of an attention mechanism. After that, Wang
et al. [15] proposed employing the use of reader
and ranker architecture coupling it with reinforce-
ment learning for the multi-passage MRC tasks. Has-
QA [16] proposed a hierarchical framework approach
for dealing with the Open-Domain QA tasks, where
answers are the product of the probability of a para-
graph containing the answer or not, and conditional
answer probability, which reflects the quality of a dif-
ferent answer span candidates for a given paragraph.
However, all of these works are not based on pre-
trained LM like BERT [9], so they do not have the
benefit of pre-training on a large unlabeled corpus.

In Thai MRC, most prior research has been based
on traditional MRC techniques, not BERT. Jitkrit-
tum et al. [17] developed a Thai QA system on data
collected from Wikipedia and implemented a rule-
based approach to match keywords to extract an-
swers. Kongthon et al. [18] tackled Thai QA tai-
lored for the tourism domain using an information
retrieval approach, converting questions to a unified
query and then using it to search for an answer in the
database. Recently, Noraset et al. [19] carried out an
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extractive approach for Thai QA using bidirectional
Long-Short-Term-Memory (LSTM) [20] coupled with
an attention mechanism. Such a rule-based approach
needs humans to manually create predefined rules,
which can be used for a specific domain. For the deep
learning approach, BERT has been proven to outper-
form other recurrent neural networks such as LSTM
and Bi-LSTM, especially for QA tasks [9], as well as
on similar MRC datasets in English (SQuAD).

2.2 BERT-Based MRC Techniques

BERT [9] is a pre-trained LM built upon a trans-
former architecture [10]. A transformer is a deep
learning network comprised solely of an attention
mechanism that differs from prior NLP works where
LSTM or bidirectional LSTM are used to process in-
formation before an attentional layer is applied. Us-
ing a transformer leads to better computational speed
and performance in machine translation tasks com-
pared to recurrent-based models [10]. Transformer
modules consist of self-attention and feed-forward
layers, layer normalization [21], and residual connec-
tions [22], as shown in Fig. 1. [23]

Layer Norm
Residual
‘ Feed forward ‘ Connection
Layer Norm
" Residual
Self attention Connection

Fig.1: Transformer module, consisting of different
deep learning network layers.

BERT is made of several transformer modules and
is designed to be a model that can be generally
adapted to fulfill various NLP tasks. BERT is thus
pre-trained on a large and unlabelled corpus using the
language modeling task. After the pre-training pro-
cess, BERT can be readily fine-tuned to various NLP
tasks such as MRC, semantic classification, and nat-
ural language inference. The number of transformer
modules can be varied in different versions of BERT.
In our study, we use normal BERT, which is made of
12 transformer modules and is illustrated in Fig. 2.

Similar to applications of BERT on other NLP
tasks [9], BERT for MRC works by introducing an
additional fully connected neural network layer, or a
fine-tuning layer to the architecture. In BERT MRC,
these dense layers process the representation vectors
produced by BERT and predict the probabilities of
certain tokens being the starting positions or ending
positions of the answer. The architecture of BERT
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Mask Language Modeling Task
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Fig.2: General architecture of BERT.

MRC is given in Fig. 3. In subsequent illustrations
of BERT architecture, the model architecture is sim-
plified down to a simple box representing one window.
During training, the negative log-likelihood is used to
calculate the loss.

For questions with multiple passage paragraphs,
the sliding window approach is normally used [11].
In this setting, multiple pairs of question-context are
created and fed into BERT to produce the starting
and ending positions of the answers. In the training
phase, each window has a pair of labeled starting and
ending positions, as shown in Fig. 4. If a window
does not contain an answer, the starting and ending
positions are changed to the position of the CLS token
instead.

During inference time, the window with the high-
est probability scores will be used as the final pre-
diction of the question. It must be pointed out that
that the output from each BERT window is processed
separately and information from other or nearby win-
dows is not used, so the scores from each window may
not be directly comparable [11], [24]. Multi-passage
BERT research tackles this issue.

Multi-passage BERT [11] is a technique that deals
with MRC tasks on Open-domain QA datasets, where
answers are normally located in multi-passage docu-
ments. In their work, BERT MRC was employed by
modifying the output vector normalization process
and using a passage ranking module. Additionally,
information retrieval by BM25 was used to select top
passages for the MRC framework. In this paper, our
model is based on Multi-passage BERT with several
custom modifications. These modifications are dis-
cussed in the following section.

3. METHODOLOGY

In this section, details of our algorithm based on
the multi-passage BERT are provided. It is specifi-
cally designed for Thai MRC having a long passage
context. There are three main modifications: (1) self-
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Fig.3: The architecture of BERT MRC. Question and context data are fed together into the model, separated

by special tokens.
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Fig.4: A long context passage is divided into several
fixed-size, overlapping windows. The output of each
window is a pair of starting and ending positions.

adjusting dice loss, (2) multi-passage score normaliza-
tion, and (3) an auxiliary task.

3.1 Self-Adjusting Dice Loss

Li, et al. [12] conducted research on the applica-
tion of dice loss in NLP. The authors tested several
variations of dice loss and proposed self-adjusting dice
loss. This self-adjusting dice loss was designed to be
used in tasks that have a large number of easy neg-
ative examples. These can be found in MRC prob-
lems where most of the tokens are negative examples
(non-answer positions), while there is only one start-
ing or ending position. Self-adjusting dice loss works
by taking only the answer and predicted tokens into
account, rather than taking tokens from all context
passages. For a long context passage, it is not suitable
to use traditional loss since the number of non-target
words is very large and can affect the performance of
the model. Thus, it is more appropriate to calculate
loss around the answer locations.

Self-adjusting dice loss is derived from the F1

score, which is shown in Eq.(2) below. The loss is
calculated based on the intersection areas of the text
that are actual starting and ending positions (positive
class) and predicted positive classes only, rather than
calculating the loss from all positions of the texts, as
shown in Eq (1):.

losscg = —Ypos * IOg(Ppos) - (1 - ypos)

s log(1 — Ppos) S

2*(1_Ppos)*Ppos*ypos+’y

2
(I*Ppos)*Ppos+ypos+’y ()

losspscg =1 —

3.2 Multi-Passage Score Calculation

In multi-passage BERT, the logit outputs, which
are from all BERT windows, are globally normal-
ized. This contrasts with single-passage BERT MRC
implementations where logit scores are normalized
across the values from the same BERT window only,
as shown in Fig. 5a. The process of normalizing the
scores across all passages from the same question is
illustrated in Fig. 5b. The target of loss calculation
in multi-passage BERT is similar to BERT MRC. For
example, if there are 10 windows for a question, there
will be 10 starting and ending positions for loss cal-
culation for that question.

Wang, et al. [11] experimented with different set-
ting configurations for multi-passage BERT, ranging
from using non-overlapping windows to the usage of
passage ranking. Similarly, it has also been found
that using multi-passage BERT with overlapping win-
dows leads to the best results in our preliminary ex-
periments.

Using the self-adjusting dice loss discussed in the
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previous section allows us to obtain better score cal-
culation. Instead of approaching the loss calcula-
tion by averaging the loss across different windows,
we concatenate all the window passages together and
pick only one starting and ending position as ground
truth labels, as illustrated in Fig. 5c. This approach
allows us to fully utilize the self-adjusting dice loss by
calculating the loss from the unified passage rather
than calculating the loss from separate, smaller win-
dows.

Since the sliding window approach is used for
multi-passage BERT [11], starting and ending an-
swer positions may appear more than one time in
the concatenated representations. We mark windows
that have starting and ending positions in the cen-
ter as final ground truth labels. Egs. (3) and (4)
describe that concatenation. This approach of com-
bining multiple windows is similar to [25]. It is ev-
ident that this label formulation, coupled with self-
adjusting dice loss [12], increases the model’s perfor-
mance.

Pstart = Softmax([W X hzl W x th Dy ]) (3)
Peng = Softmaz((W X hg1 - W X hea 5,0 ])  (4)

where h,,, represents the output representation from
BERT at the n** window. W is the collection of train-
able parameters of the fully connected layer. In our
method, all hidden representations are concatenated
together before normalization is carried out and be-
fore applying the loss calculation.

3.3 Auxiliary Classification Task

To improve the performance of the model, it is
common to incorporate an auxiliary task as in the
original multi-passage BERT. In this work, there is
a slight modification. For the auxiliary task, we pro-
pose using classification to decide if a window con-
tains an answer or not without ranking the passage.
Additionally, we share the model parameters for the
classification task with the model parameters for the
answer prediction task. Eqgs. (5) to (7) describe our
usage of the classification module:

Pcls =W x hCLS (5)
Pstart = Pstart X Ppassage (6)
Pend = Pend X Ppassage (7)

where hers represents the BERT output represen-
tation of the special token [CLS], which is normally
used in the passage classification task. W is collection
of trainable parameters of the dense layer. Ppassage
is the probability of a certain passage containing the
ground truth answer. The classification score of each
passage is normalized across all context passages hav-
ing the same question.

Our complete model can be seen in Fig. 6. This
model contains 3 modifications, which include the us-
age of self-adjusting dice loss, a new score calculation
method that uses only one starting and ending posi-
tion, and usage of the classification task.

4. EXPERIMENTS

This section aims to describe the experimental
dataset and its statistics, the implementation details
of our model which includes the hyperparameters,
and model performance evaluation.

4.1 Dataset

In this paper, the experiment was conducted on
the NSC QA dataset using only factoid questions
that have been matched with the context passages
already. Table 1 shows data statistics for all 15,000
factoid questions. It is evident that the context is
very long (containing multiple passages) and must be
divided into multiple windows. However, the answers
are quite short, so only a few windows contain an
answer (starting and ending positions).

Table 1: Dataset statistics of Thai NSC factoid
questions. It shows the number of tokens (length)

in each part including questions, context, and
answers.
#Tokens in Each Part | Min | Mean | Max
Question 3 14 52
Context 11 735 20,749
Answer span 1 1.7 33

Table 2 shows an example of factoid questions in
the NSC QA dataset. Additionally, Fig. 7 shows
a histogram of the number of passages. There are
around 1,300 out of 15,000 examples that are found
in one passage. Since the context is provided in one
continuous plain text paragraph, a passage is defined
as a set of 100 words.

4.2 Implementation Details

For Thai language text processing, before putting
text into the BERT model, a newmm tokenizer from
PythaiNLP is used [26]. The Thai tokenization pro-
cess is applied for both questions and context alike.
For the model, the hyperparameters for both BERT
MRC [9] and multi-passage BERT [11] are as follows:
1) for the model’s weight inside the BERT architec-
ture, the Thai version of the model is used, 2) Adam
[27] is utilized as an optimizer, the learning rate is
set at 3*10-5 and the epsilon is set to 1*10-8, which
are the default values for BERT MRC implementa-
tion, and 3) the dense classifier hidden dimension is
50. Using a max sequence length of 128 and a stride
length of 65 provides the best results for both BERT
MRC and multi-passage. The model’s checkpoint se-
lection bases its performance on the validation set.
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In terms of the multi-passage windows, the maximum
number of windows used during the training is 20 due
to memory limitations, and the batch size is set to 1.
The batch size for BERT MRC is set to 24. For the
self-adjusting dice loss implementation, gamma is set
at 1, similar to the original paper [12].

Table 2: Examples of Thai factoid questions in the
NSC QA dataset.

Question (#tokens = 33)
Thai: Aén wassn draazananiuEed "lasmamnusidia”

Wuaunulugruzussanmswananaiilevesdszine
WY

English: Peeta Mellark, the main character of the Hun
ger Games trilogy, is the representative tribute of whi
ch district?

Context (actual #tokens = 548)
Thai version: Wen waasn iuamazasuananlasaany

CRyRIRTERT 5 gV AORAUN widugnmovasausnsvuwuily
méTzJagj‘luwm 12 vasdsuinaniiin luniidarauusn wen
Aot NS TIA lug Iz UTIINMSINNILG 12

English version: Peeta Mellark is the main character
of the Hunger Games trilogy by Suzanne Collins. He
is the son of the bakers who live inside district 12 of
Panem. In the first book, Peeta must compete in the
hunger game as a tribute from district 12.

Answer

Thai: 1va 12
English: District 12

4.3 Evaluation Metrics

We use 2 main evaluation metrics normally used
in extractive MRC tasks, which are token-level F1
and Exact Match (EM). Token-level F1 measures the
partial overlap between the predicted answers and
ground truth answers. While EM score checks for
a complete match between the prediction and ground
truths. We report the results of our experiments
based on 3-fold cross-validation splits.

For token-level F1 calculations, the predicted to-
kens, as well as the actual (ground truth) tokens,
must be calculated from precision and recall. This is
shown in Table 3 and Egs. (8) to (10). The newmm
tokenizer from PythaiNLP is used [26].

# correctly predicted tokens

Precision — 3
reciston # total predicted tokens ()
. # correctly predicted tokens
Precision = (9)
# total actual tokens
Pl 2 x Precision * Recall (10)

Precision + Recall

Table 3: Token-level F'1 score calculation.

Predicted Tokens | - | # | nia
Actual Tokens | 1fin | f | ndjs
Precision 0.333
Recall 0.667
F1 0.444
EM 0

5. RESULTS AND DISCUSSION

From Table 4, results demonstrate that our model
indeed improves the performance from the baseline,
BERT (original), with 0.6287 exact match (EM) and
0.7742 of Fl-score. This aligns with the intuition that
the self-adjusting dice loss and the auxiliary task are
suitable for a question having a long passage context.

Additionally, Table 4 shows that the multi-passage
BERT (2nd row) surprisingly performs worse than
the original BERT (1st row), in which F1 scores are
0.7375 and 0.7614 respectively. Such a poor outcome
is due to the difference in batch sizes between the
two models. Since BERT MRC normalizes the prob-
abilities separately, each batch that is passed to the
graphic processing unit (GPU) consists of examples
from different questions. On the other hand, each
batch that is fed into the multi-passage BERT model
must be comprised of examples from the same ques-
tions. This may lead to better regularization and
make BERT MRC perform better than the multi-
passage BERT.

It is significant to note that multi-passage BERT
is still more suitable than BERT in many aspects
and shows better results when combined with other
strategies. Integration of the self-adjusting dice loss
helps increase the multi-passage BERT performance
as expected, increasing the performance from 0.7614
to 0.7728 in terms of F1, and 0.6160 to 0.6296 in
terms of EM.

Another point to note is that similarly to the orig-
inal multi-passage BERT, the incorporation of auxil-
iary task scores also gives better model results than
variants without the auxiliary classification tasks.
This shows that the auxiliary tasks are effective in
helping the model focus on the correct or relevant
window by assigning probability scores. Results ulti-
mately led to an increase in F1 from 0.7728 to 0.7742.

In Table 5, the effectiveness of our method in terms
of performance by context passage length is illus-
trated. The context of the passages is split into dif-
ferent groups based on the number of tokens that
the context passages had. Note that integration of
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Table 4: Results of the experiments. Values in bold
faces have the best performance. (DL denotes self -
adjusting dice-loss, Aux denotes Auxiliary task).

Model EM F1
BERT (original) 0.6160 | 0.7614
Multi-passage BERT 0.6082 | 0.7375
Multi-passage BERT + DL 0.6296 | 0.7728
Multi-passage BERT + DL + Aux | 0.6287 | 0.7742

the self-adjusting dice loss help boosts the perfor-
mance of the models, especially in question-context
pairs having long length. Even though our model
design is specifically aimed at longer passages, the
performance of our method can also be observed in
the group of questions with shorter context passages
which is shown in the first row of Table 5. This sug-
gests that our method is robust regardless of context
passage length.

Table 5: Fl-score breakdown by the length of the
context passage. The last column shows the improve-
ment of our model over the original BERT.

Group of BERT Our Improvement
passage (Original) | Model
(tokens)
0 - 1,000 0.7681 0.7781 0.0100
1,000 — 1,500 0.7521 0.7703 0.0181
2,000 + 0.7096 0.7407 0.0311

6. CONCLUSION

In this paper, we built a system designed specifi-
cally to handle question answering tasks in Thai hav-
ing longer context passages. In our model, it is evi-

dent that the combination of (i) multi-passage BERT,
(i) self-adjusting DICE loss, and (iii) an auxiliary
classification task leads to improvement in perfor-
mance. The experiment was conducted on the Thai
NSC QA dataset which contains more than 15,000
factoid questions. Our experiment demonstrates that
our proposed model with all combinations performs
better than the baseline BERT (from 0.6160, 0.7614
to 0.6287, 0.7742 in terms of exact match and F1, re-
spectively). Our model can improve performance of
F1 by 1% on a passage with less than 1,000 tokens.
On longer passages with 2,000 tokens or more, it can
improve F1 over by 3.11%.
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