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The NTNU Taiwanese ASR System for
Formosa Speech Recognition Challenge 2020

Fu-An Chao*, Tien-Hong Lo", Shi-Yan Weng",
Shih-Hsuan Chiu*, Yao-Ting Sung**, and Berlin Chen*

Abstract

This paper describes the NTNU ASR system participating in the Formosa Speech
Recognition Challenge 2020 (FSR-2020) supported by the Formosa Speech in the
Wild project (FSW). FSR-2020 aims at fostering the development of Taiwanese
speech recognition. Apart from the issues on tonal and dialectical variations of the
Taiwanese language, speech artificially contaminated with different types of
real-world noise also has to be dealt with in the final test stage; all of these make
FSR-2020 much more challenging than before. To work around the
under-resourced issue, the main technical aspects of our ASR system include
various deep learning techniques, such as transfer learning, semi-supervised
learning, front-end speech enhancement and model ensemble, as well as data
cleansing and data augmentation conducted on the training data. With the best
configuration, our system obtains 13.1 % syllable error rate (SER) on the final-test

set, achieving the first place among all participating systems on Track 3.

Keywords: Formosa Speech Recognition Challenge, Deep Learning, Transfer
Learning, Semi-supervised Training

1. Introduction

Due to the rapid developments of deep learning, deep neural network (DNN) based techniques
have enjoyed widespread adoption in the automatic speech recognition (ASR) community.
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ASR has also found its applications in many different areas, ranging from interactive voice
response (IVR) services and personal assistants, for which people can interact with the
machine naturally by using their own voices, meeting transcription, speech translation to
speech summarization. Nowadays, some top-of-the-line ASR systems can even reach the
performance level of professional human annotators in English, a dominant language in the
world. However, in real-world scenarios, there exist some languages that are resource-poor or
even endangered. For example, although both Mandarin (a.k.a. Putdonghua and Huayl) and
Taiwanese (a.k.a. Taiwanese Hokkien, Hoklo, Taigi, Southern Min and Min-Nan) are Chinese
dialects spoken by large populations of people, the latter is underexplored and has far less
ASR training data made publicly available than the former, which causes the performance of
Taiwanese ASR systems to fall short of expectations. Furthermore, distinct from Mandarin,
Taiwanese has a wide variety of pronunciation traits that can be attributed to the influences
from disparate languages like Formosan, Dutch, Japanese, and among others (“Taiwanese
Hokkien,” 2021). Despite there are still 70% of the population in Taiwan who use Taiwanese
to communicate, most of the people, young generations in particular, have only limited
vocabulary and cannot speak Taiwanese fluently. Therefore, in addition to the continued
promotion of the Taiwanese language and the preservation of its associated culture in the 21st
century, how to empower Taiwanese ASR applications in daily life, like voice command
control and automatic TV show subtitling and IVR, to name just a few, remains to be of prime
importance.

This paper describes the NTNU ASR system participating in the Formosa Speech
Recognition challenge 2020 (FSR-2020) supported by the Formosa Speech in the Wild'
project (FSW). Figure 1 outlines the major components of our system submitted to FSR-2020.
The high variety existing in the pronunciation characteristics of Taiwanese and the varying
noise-contaminated test conditions of the FSR-2020 datasets make this challenge intrinsically
much more difficult. In the setting of the Track 3 competition, the output hypotheses of an
ASR system have to be tonal syllable sequences, with a tone index, ranging from 1 to 9,
attached to each syllable. Apart from the training data provided by the organizer, all
participants were allowed to build their systems with additional data outside the FSR-2020
training dataset. Instead of recourse to extra in-domain speech data, we stick to conducting
Taiwanese ASR on a resource-scarce assumption. To this end, we explore the joint use of
several ASR modeling strategies, including data augmentation, transfer learning,
semi-supervised training and model ensemble. In addition, to alleviate the negative effects of
ambient noise and reverberation that may mix with the test utterances of Track 3, speech
enhancement is also applied to generate augmented data for training the acoustic models.

! https://sites.google.com/speech.ntut.edu.tw/fsw
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Finally, our system with the best configuration takes the first place among all participating

systems on Track 3.

The remainder of this paper is organized as follows: Section 2 sheds light on our main
contributions and the strategies that were employed, from front-end processing to back-end
acoustic and language modeling. Section 3 presents the details of the experimental setup,
results and discussion. Finally, we conclude the paper and envisage future research directions
in Section 4.

2. Strategies for Building a Taiwanese ASR System

In this section, we present our main strategies for building a Taiwanese ASR system for
FSR-2020, which consist of two preprocessing procedures, viz. lexicon augmentation and data
cleansing, training data augmentation, front-end speech enhancement, acoustic modeling and
language modeling. Each of the aforementioned components will be elaborated on in the

following subsections, respectively.
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Figure 1. An overview of the NTNU system for FSR-2020.
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2.1 Lexicon Augmentation and Data Cleansing

First of all, through a careful inspection of the training dataset and baseline recipe’ provided
by the FSR-2020 organizer, we noticed there were a few syllable patterns in the given lexicon
missing their pronunciations. In order to make the lexicon more complete, we used a greedy
approach to performing lexicon augmentation. Specifically, we first enumerated all distinct
tonal syllables that appeared in the reference transcripts of the training dataset and then
augmented the lexicon with those tonal syllables that were not found in the lexicon. As a side
note, we excluded none-Taiwanese lexical patterns that appeared in the transcripts of the
training dataset, such as English words and proper nouns (e.g., Google), from consideration in
this study.

The acoustic model of our ASR system was built with a hybrid deep neural network and
hidden Markov model (DNN-HMM) structure, which employed a DNN in place of Gaussian
mixture model (GMM) for modeling the state emission probabilities in a traditional
GMM-HMM structure. Hybrid DNN-HMM acoustic models have shown to be significantly
superior than the conventional GMM-HMM acoustic models on many ASR tasks. It is
arguable that Hybrid DNN-HMM acoustic models still have to resort to GMM-HMM acoustic
models to obtain good forced-alignment information for better estimation of their
corresponding neural network parameters. Inspired by this practice, the GMM-HMM acoustic
model of our best system was trained with the audio segments that were screened out from
speech training dataset with high recognition confidence scores generated by an existing
hybrid DNN-HMM system. As we shall see later, the empirical ASR results confirm this
intuitive data-cleansing therapy.

2.2 Data Augmentation
The training dataset for the Track 3 of FSR-2020 was provided by the organizer, which

consisted of about 50 hours of Taiwanese utterances. This amount of dataset would be
insufficient when training a hybrid DNN-HMM acoustic model for Taiwanese ASR. To enrich
the speech training data and increase the robustness of our ASR system for the Track 3
competition, we thus set out to leverage various data augmentation strategies based on

different label-preserving transformations.

In addition to utterance-level speed perturbation (Ko et al., 2015) used in our baseline
system, we also adopted other data augmentation methods, including spectrogram
augmentation and noise injection. As we shall see in the experimental section, these data
augmentation strategies collectively lead to promising results that further push the limits of
our ASR system.

2 https://github.com/t108368084/Taiwanese-Speech-Recognition-Recipe
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2.2.1 Spectrogram Augmentation

Apart from the augmentation strategies that operate in the waveform domain (Ko et al., 2015),
feature-based augmentation that is conducted in the feature-space domain (e.g., spectrum or
spectrogram) is another active line of research for acoustic modeling in past few years. One of
the most celebrated feature-space augmentation methods adopted for acoustic modeling is
vocal tract length perturbation (VTLP) (Jaitly & Hinton, 2013). VTLP employs a linear
warping transformation along the frequency bins, simulating the effect of altering the vocal
tract lengths of speakers that produce the training utterances. More recently, SpecAugment
(Park et al., 2019) has drawn much attention from the ASR community. With the inspiration
from computer vision (CV), SpecAugment treats the spectrogram of an utterance as an image,
which first performs warping along the time axis (time-warping) and then masks blocks of
consecutive time and frequency bins in different axes (time-frequency masking). The whole
operations of SpecAugment jointly lead to considerable word error rate reductions on several
benchmark ASR tasks.

In this paper, we made use of the component “spec-augment-layer” of the Kaldi toolkit
(Povey et al., 2011) along with speed perturbation to generating label-preserving, augmented
data for training our acoustic model. Note here that “spec-augment-layer” consists of only
time and frequency masking operations. This is probably because the time-warping operation
is conceptually similar to speed perturbation conducted in the waveform domain, but costs a
larger amount of computation and may not lead to substantial improvements (Park et al.,
2019).

2.2.2 Noise Injection

To alleviate the deteriorating effects of time- or frequency-varying noise when testing our
system in an unseen environment, we also injected different types of noise into the training
speech utterances, which were compiled from a few online-available noise datasets (Snyder et
al., 2015) (Thiemann et al., 2013) (Dean et al., 2010) (Saki et al., 2016) (Saki & Kehtarnavaz,
2016). In doing so, we can not only increase the diversity of training data but also prevent the
hybrid DNN-HMM acoustic model from encountering the overfitting problem. Specifically,
we randomly selected a signal-to-noise-ratio (SNR) ranging from -5 to 15 dB when
contaminating each speed-perturbed utterance with a certain type of noise, totally creating a
6-fold augmentation of the training dataset for estimating the acoustic model. In addition,
these corrupted utterances were also used to train our front-end speech enhancement

component (see Section 2.3 that follows).

2.3 Front-end Speech Enhancement

In a wide variety of realistic situations, the input to an ASR system might be
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noise-contaminated speech. As a solution to mitigate the undesirable noise-contamination
effects, speech enhancement (SE) is arguably a crucial modeling paradigm to improve noise
robustness of acoustic modeling. Particularly, time-domain SE methods have drawn much
attention from both the academic and commercial sectors in past few years and have exhibited

outstanding noise-reduction performance on many ASR tasks.

As such, we used the fully-convolutional time-domain audio separation network
(Conv-TasNet) (Luo & Mesgarani, 2019) as a preprocessing component for noise suppression,
which was originally proposed for the speech separation task intended to separate an input
mixture to individual speech signals. Conv-TasNet has shown superior performance over
many frequency-domain approaches. The main architecture of Conv-TasNet is composed of
an encoder, decoder and masking network, jointly processing a raw waveform signal in an
end-to-end manner. As we shall see later, with the adoption of Conv-TasNet, we can obtain

marked improvements in both front-end and back-end ASR evaluations.

2.4 Acoustic Modeling

The DNN component of our hybrid DNN-HMM acoustic model involves several layers of
factorized time-delay neural network (TDNNF) (Povey et al., 2018), optionally prepended by
several layers of convolutional neural network (CNN). Such a pairing of neural networks is
denoted by CNN-TDNNF hereafter. TDNNF is viewed as an effective extension to TDNN
(time-delay neural network), with the purpose of obtaining better modeling performance and
meanwhile reducing the number of parameters by factorizing the weight matrix of each TDNN
layer into a product of two low-rank matrices. As a side note, it is worth mentioning that our
hybrid DNN-HMM acoustic model can also be estimated with the so-called flat-start,
end-to-end training setup suggested by (Hadian et al., 2018) (denoted by E2E-TDNNF
hereafter). This setup facilitates the training of a hybrid DNN-HMM acoustic model without
resort to any previously trained acoustic models and forced-alignment information, while the

estimated model can still work pretty well especially in noisy test scenarios.

In addition, the objective function for training the acoustic model is lattice-free
maximum mutual information (LF-MMI) (Povey et al., 2016)

P(0;|L)*P(L)
Fuen = Zl 8L POOILYP(L) M

where O; and L; are the acoustic feature vector sequence and the corresponding phone
sequence of the i-th training utterance, k is a weighting factor, and P(L;) is the phone

N-gram language model probability.



The NTNU Taiwanese ASR System for 7
Formosa Speech Recognition Challenge 2020

2.5 Language Modeling

For language modeling, we first adopted the SRILM toolkit (Stolcke, 2002) to train N-gram
based language models, for which both the Good-Turing (Gale, 1995) and Kneser-Ney (Ney &
Essen, 1991) N-gram smoothing methods were considered. In our experiments, we observed
that using a four-gram language model yielded considerable improvements than a tri-gram
language model in terms of both the perplexity and ASR error reductions. Also worth
mentioning is that both these language models were trained solely on the text corpus provided
by the organizer.

3. Experiments
3.1 Experimental Setup

Table 1. The statistics of TAT-Vol1 and NER corpus.
TAT-Vol1 (Taiwanese)

Speakers Utterances Duration

Train 80 22,605 41 hours
Pilot-test - 2,617 5 hours
Final-test - 5,663 10 hours

NER (Taiwanese Mandarin)

Speakers Utterances Duration

Vol1-2-3 - 57,387 360 hours

In the FSR-2020 challenge, the training dataset released by the organizer for developing our
ASR systems is TAT-Voll (Liao et al., 2020), which is a publicly-available Taiwanese speech
corpus. We made use of the whole TAT-Voll corpus as our training dataset (about 41 hours)
and evaluated our system and various modeling approaches with the pilot-test dataset (about 5
hours; released by the organizer for the warm-up evaluation). To further utilize off-the-shelf
audio data, we adopted NER corpus (Liao et al., 2017) into this work, which contains about
360 hours Taiwanese Mandarin speech. The detailed statistics of the corpus are summarized in
Table 1, and all the ASR systems with different modeling approaches were developed with the
Kaldi toolkit (Povey et al., 2011).

In order to verify the effectiveness of our modeling approaches, we evaluated our
systems with two distinct metrics for front-end SE and back-end ASR, respectively. In the
front-end experiments, we will evaluate our SE component with the scale-invariant
signal-to-noise ratio (SI-SNR) metric, which has been previously shown to be closely related
to recognition error reduction (Kinoshita et al., 2020): the higher the SI-SNR score the better
the ASR performance. On the other hand, we will use syllable error rate (SER) followed by
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the rules suggested by (Liao et al., 2020) to evaluate our back-end ASR systems with different
modeling approaches. All the SER results depicted in the following experiments will take into

account the correctness of the tone index attached to each syllable.

3.2 Experiments on Data Cleansing and Lexicon Augmentation

Table 2. SER (%) results on the pilot-test dataset with different baseline acoustic
models.

Acoustic Model Parameters  Data Cleansing Lexicon Augmentation SER (%)
TDNN-F 17M - - 19.21
TDNN-F 17M X - 17.16
TDNN-F 17M X X 17.15

TDNN-F(M) 19M X X 16.73
TDNN-F(L) 21IM X X 17.24

In the first set of experiments, we intend to examine the two preprocessing approaches
mentioned in Section 2.1, namely data cleaning and lexicon augmentation, whose
corresponding results are shown in Table 2. As can be seen from Table 2, when the data
cleansing approach is applied, our DNN-HMM system can yield a relative SER reduction of
10.7% compared to the baseline system (TDNN-F) provided by the organizer of the FSR-2020
challenge. By comparison, when data cleaning is further paired with the lexicon augmentation,
only a moderate improvement can be obtained. We hence conjecture that data cleansing is an
indispensable component in the preprocessing stage for acoustic modeling. In addition, we
also conduct a model ablation study to check whether stacking more layers to form a deeper
neural network for acoustic modeling can lead to better performance. We find that it is not
always the case when we add more layers to form a deeper neural network for acoustic
modeling. On top of the best result drawn from Table 2, we will use TDNN-F(M) as our

default acoustic model for the following experiments.

3.3 Experiments on Data Augmentation

Table 3. SER (%) results on the pilot-test dataset with disparate data augmentation
methods.

Noise Injection SpecAugment Training epochs SER (%)
- - 6 16.73
X - 6 16.36
X X 6 15.22

X X 12 14.68




The NTNU Taiwanese ASR System for 9
Formosa Speech Recognition Challenge 2020

In addition to the speed perturbation technique that is employed in the baseline setup, we also
consider the use of another two data augmentation methods in building our ASR systems, viz.
noise injection and spectrogram augmentation (cf. Section 2.2). Notably, we used our default
acoustic model for this purpose, while the corresponding results are depicted in Table 3. It is
evident from these results that the inclusion and combination of these two data augmentation
methods can considerably boost the ASR performance. Among other things, due to the
under-fitting problem incurred by SpecAugment (Park et al., 2019), a further increase of the
training epochs from 6 to 12 leads to the best relative SER reduction of 12.2% in relation to

the baseline system.

3.4 Experiments on Acoustic and Language Modeling

Table 4. SER (%) results on the pilot-test dataset with different
combinations of the acoustic and language models.

SER (%)
Acoustic Model
pilot-test noisy-pilot-test
Baseline (TDNNF) 14.68 26.49
+ Four-gram LM 13.47 25.13
E2E-TDNNF 16.09 24.08
+ Four-gram LM 14.58 21.71

To make our pilot-test dataset consistent with the final test dataset which will be corrupted by
varying noise sources, we also inject different types of noise, with SNR levels ranging from 5
to 20 dB, into the pilot-test dataset to form a noisy version of the training dataset that can be
additionally exploited for training the acoustic model. Furthermore, we also evaluate two
kinds of acoustic models, viz. baseline (TDNNF) and E2E-TDNNF (cf. Section 2.4), with the
same model architecture and the best data augmentation setting made in Table 3. The
corresponding results are shown in Table 4, from which an interesting phenomenon can be
observed: when with the clean-condition testing setup, E2E-TDNNF performs worse than
TDNNF that is based on the regular training configuration. On the contrary, in the
noisy-condition testing setup, the E2E-TDNNF demonstrates superior noise-robustness

performance.

On the other direction, when we adopt the four-gram language model (in replace of the
trigram language model) for the ASR system to decode syllable sequences, a significant SER
reduction can be obtained (cf. the last two rows of Table 4). As a side note, we also put effort
into training variants of the recurrent neural network (RNN)-based language model for
second-pass lattice rescoring (Xu et al., 2018) (Wang et al., 2019) (Chiu & Chen, 2021). Their
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performance, however, was not as good as expected, and we thus omit the details on the lattice
rescoring experiments. From now on, unless otherwise stated, all variants of our ASR system
discussed in the following experiments will use the four-gram language model for the

decoding of syllable sequences.

3.5 Front-end Speech Enhancement

Table 5. SI-SNR (dB) results on the noisy pilot-test dataset with the
front-end SE component.

SI-SNR (dB)
SE model
dev noisy-pilot-test
No processing 6.82 7.26
Conv-TasNet 16.43 17.37

(Luo & Mesgarani, 2019)

Table 6. SER (%) results on the noisy pilot-test dataset with the
front-end SE component.

SER (%)
Acoustic Model noisy-pilot-test
no process enhanced
E2E-TDNNF 21.71 20.93
E2E-TDNNF-ENH 20.76 19.57

In an attempt to confirm the noise-robustness ability of our ASR system, we conduct a set of
experiments with the front-end SE method, viz. Conv-TasNet, which aims at noise
suppression. To train Conv-TasNet, we randomly set aside a portion of the training dataset as
the development set, and followed the best criterion for training Conv-TasNet that was
suggested by (Luo & Mesgarani, 2019), viz. minimization of the negative SI-SNR loss. Note
here that the so-called permutation invariant training (PIT) was not employed. As can be seen
from Table 5, when Conv-TasNet is applied, the SI-SNR results on both the development and
pilot-test datasets can be considerably improved. Meanwhile, the SER performance of our
ASR system can be substantially promoted (cf. the first row of Table 6).

To further enhance the acoustic modeling of our ASR system, we additionally augment
the training dataset with a copy of the noisy training utterances which was processed by
Conv-TasNet. As such, the augmented training dataset includes the original training data
released by the organizer, its noise-contaminated counterpart and its noise-contaminated
counterpart further enhanced by Conv-TasNet. We refer to this acoustic model as
“E2E-TDNNF-ENH” in contrast to the original one (viz. E2E-TDNNF); E2E-TDNNF-ENH is
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created to simulate the effect of retraining of the acoustic model on enhanced speech signals.
Inspection of the last row of Table 6, we can see that E2E-TDNNF-ENH can bring about a
substantial SER improvement in comparison to E2E-TDNNF when the test utterances to be
fed into the acoustic model were also enhanced by Conv-TasNet a priori. Nevertheless, in our
experiments we spot-checked a few utterances of the pilot-test dataset that were enhanced by
Conv-TasNet, and found that Conv-TasNet sporadically eliminated the speech portions of test
utterances (viz. most of the speech portions became silent), which probably would lead to
deteriorated ASR performance on the unseen test utterances. To secure a reliable performance
level of our ASR system on the final test dataset, Conv-TasNet was merely used to obtain an
enhanced-copy of the noisy training data, with the purpose of data augmentation for training
E2E-TDNNF-ENH. Namely, Conv-TasNet will not be used to enhance the utterances of the
final test dataset.

3.6 Transfer Learning and Semi-supervised Learning

Table 7. SER (%) results on the pilot-test dataset with transfer
learning and semi-supervised learning.

SER (%)
Acoustic Model
noisy-pilot-test
TDNNF-NER 25.15
CNN-TDNNF-NER 23.69

CNN-TDNNF-NER

(with semi-supervised training) 22.68

In this paper, we also seek to capitalize on more training techniques for acoustic modeling in
the context of Taiwanese ASR. To this end, we adopt the strategy proposed in (Lo & Chen,
2019), which in essence involved two techniques: transfer learning (Ghahremani et al., 2017)
and semi-supervised training (Manohar et al., 2018). In implementation, we first used the
weight transfer strategy (Ghahremani et al., 2017) to train an acoustic model with parts of its
model parameters transferred from a source model that were well-trained on the NER dataset
(Liao et al., 2017) beforehand. On a separate front, we also attempt to make use the
label-agnostic final test dataset (viz. the corresponding reference transcripts of the final test
dataset were not provided) to perform semi-supervised training of the acoustic model. In
implementation, the recipe proposed in (Manohar et al., 2018) was adopted, which used the
entire lattice pertaining to each unlabeled training utterance as the supervision. The
corresponding results are shown in Table 7, from which several observations can be drawn.
First, when the TDNNF-based acoustic model was trained with transfer learning (denoted by
TDNNF-NER), the SER result is slightly degraded compared to the result (25.13%) listed in
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the second row of Table 4. Second, if the acoustic model was built on top of the CNN-TDNNF
structure, transfer learning can offer a considerable SER improvement on the noisy pilot-test
dataset (cf. the second row of Table 7). It should be noted here that the CNN-TDNNF-based
acoustic model, merely trained on the 50-hour training dataset offered by the FSR-2020
challenge, yields SER results significantly lower than 25.13%. This to some extent reveal that
as opposed to TDNNF, CNN-TDNNF requires a larger amount of training dataset to achieve
better ASR performance. In addition, when the label-agnostic final test dataset was
additionally exploited to fine-tune the acoustic model, the performance of our ASR system on

the pilot-test dataset can be boosted by a significant margin.

3.7 System Combination

Table 8. SER (%) results achieved by our two system-ensemble approaches on the
noisy pilot-test dataset and final-test dataset.

SER (%)

Combined systems —
noisy-pilot-test final-test

+ CNN-TDNNF-NER
+ E2E-TDNNF 19.33 13.60
+ E2E-TDNNF-ENH

+ CNN-TDNNF-NER (Semi-supervised)
+ E2E-TDNNF 19.10 13.10
+ E2E-TDNNF-ENH

In the last set of experiments, we report on the results of our ASR systems submitted to
FSR-2020 challenge, which were built based on two system-ensemble approaches that make
combinations of different ASR systems previously evaluated in the above subsections. To be
specific, we first performed lattice combination to merge all of the word lattices generated by
different ASR systems into a single one with equal prior weights. Then, minimum Bayes-risk
(MBR) decoding was conducted to obtain the ultimate ASR output for each test utterance.
Here we combine the first three of the best systems according to their performance on the
noisy pilot-test dataset. Table 8 shows the SER results of our two system-ensemble
approaches on the noisy pilot-test dataset and final-test dataset. It is clear that these two
system-ensemble approaches can substantially improve the ASR performance of our system
on the pilot-test dataset.

3.8 Summary of the Experiments

Finally, we summarize the SER results of the participating teams on the final test dataset of
Track 3 in the FSR-2020 challenge. Figures 2 and 3 show the SER evaluations of Track 3 with

and without consideration of the correctness of tone transcription, respectively. Note here that
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although each team could submit two disparate results for evaluations, we only list the best
result of each team here for brevity. Our ASR system has achieved the best performance

among all participating teams for the two evaluation settings.

60.0%
52.8%

50.0%
44.8%

40.0%
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23.9%  24.2% 25.4%

20.0% Do
131% 13.1% 13.5% 143% 150%
- I I
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m Ours

Figure 2. SER (%) results of all participating teams submitted to Track 3 in the

FSR-2020 challenge (with consideration of the correctness tone transcription).
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Figure 3. SER (%) results of all participating teams submitted to Track 3 in the
FSR-2020 challenge (without consideration of the correctness tone transcription).

4. Conclusion and Future Work

In this paper, we have presented the modeling details of the NTNU ASR system that
participated in the FSR-2020 Challenge. Through a series of experimental evaluation, the
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promising effectiveness of the joint use of data cleansing, data augmentation, front-end
approach, transfer learning and semi-supervised learning methods for Taiwanese speech ASR
has been confirmed. As to the future work, we plan to investigate more sophisticated
end-to-end approaches for use in acoustic modeling of the Taiwanese language, as well as to
apply our modeling strategy to other resource-poor ASR tasks.
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composed of Multi-head Attention to construct an end-to-end speech recognition
system and combine it with Connectionist Temporal Classification (CTC) for
end-to-end training and decoding. We have also built a deep neural network
combined with a hidden Markov model (DNN-HMM). We use Time-Restricted
Self-Attention and Factorized Time Delay Neural Network (TDNN-F) for the deep
neural network in DNN-HMM. The best performance we have achieved with the
proposed methods is the character error rate of 45.5% for Taiwan Southern Min
Recommended Characters (55307 5) task and syllable error rate 25.4% for
Taiwan Minnanyu Luomazi Pinyin (5 ZEHF%) task.

BRS¢ HEIEE S YR - Transformer ~ Conformer ~ FHGEVERFFF /3 )E - BEEfH
gt}

Keywords: Automatic Speech Recognition - Transformer - Conformer -~
Connectionist Temporal Classification ~ Acoustic Model

1. 45 (Introduction)

AR AT TR AE IR R LA R EEE (Deep Learning) BHGRAVEFHE - A LHE
FCRy T RTINS - fam EE S - T SEEEEM LR ERIENNY - BEREE
YE# (Automatic Speech Recognition, ASR) E/4EEEE T —(HETWVIER » FBEFEE
{5 F P& = v R A - S B R & #57 (Hidden Markov Model-Gaussian Mixture Model,
HMM-GMM) AT FEEHRRET » 2RI REEEHIVEE - HIR TGRS e
# (Deep Neural Network) HJ DNN-HMM - BFZEMHIZE4EEE (Time Delay Neural Network,
TDNN) DLR & HIECHE (Long Short-Term Memory, LSTM) Frifilchy (L 48R e A 11
DNN-HMM &5 7 A $EHY 5% (Peddinti et al., 2018) - {fi i ] IR 4 B 7 8 0 H%
(Time-Restricted Self-Attention, TRSA) #7887 DA IR 48E& 7 TDNN =% LSTM
(Povey et al., 2018) - JTFE AR H BB E Wk imE s (End-to-End) J37ARCR T 55—
HIMHFETE E Ui B Y 55 5 Pk S St i i i o sl A 22— (R 2 (58 ] L iy o S0
INSCERRS) o EEENS A 5388 (Connectionist Temporal Classification, CTC) (Graves et al.,
2006) DL K BL A 2B UE L B J7i%&] (Multi-head Attention) /Y Transformer Z2K (Vaswani et
al., 2017) (Dong et al., 2018) & A i Ryl F| it & PradaV =R » Hrp R T4 &M E/
E R e B [E TR SR S 54 (Karita et al., 2019) -

HESMNEEE PR AR L R P EERE ENES O &R ERR TS
WERT o HEHNGEEEREMAHEM VIS Al AA B HHIT - M7 558
FEE WEERIEIEE FSR-2020 (Liao et al., 2020) » G §H ¥ & SOEFAERE T In 2l 5 hss
BRI DU ST G P B B SRESEIL 7 DNN-HMM DK I By (5 58 2 & B
AT o RSOy R VUEEN 7 - B0y Reklam 5 BB By R SE U708 0 1 48m B EE
B R AL DU DNN-HMM AR RIZERE S5 =800 BB B - ERE
DUR B EREER - BBUUE oy Feblam o
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2. % 57E (Research Methods)
2.1 IHEHEAISEM% (End-to-End Model Architecture)

2.1.1 Transformer&zi%2S (Transformer Encoder)

FAHEE A o B I A TR 228 F Transformer Y8R5 28 DN it 23 BT EK - 3 BA FH 4mtihes
By S B NS M /0 3H  (Connectionist Temporal Classification, CTC) » 51 ZE 41 &
1 AR o BeAM s AV 2245 0 80 4EHY Fbank (Filter bank) fil1_F 3 4EAY#EH (Pitch) » &
FeRMGRLINE att [H&TE~Z (kernel) ~ P& (stride size) 2 ~ B AN 3 V&
TE4E4EES (Convolutional neural network, CNN) [Z{Eiim ARHEITHEE » 52 ETVRHE
Xsub g gseaxatt ok gtt Fyid B JIHEGINVEHEAEE RN B REIERS T BRI T ¢

Xo = X0 + PE (1)
X = Layernorm(Xl- + MHA(Xi,Xl-,Xi)) 2)
Xy = Layernorm(Xl-’ + FF(X{)) 3)

Outputs - Softmax R Linear

4 1

~—*  Add & Norm

CTC )
? Feed Forward
Linear Networks
T e
—*  Add & Norm
—  Add & Norm +
* —\— I Multi-Head
Feed Forward Attention
Networks *
? ~—» Add & Norm
—# Add & Norm
4 Masked
Multi-Head Multi-Head
Attention Enc Atteption Dec
Tosit?ional Positional
Encoding Encoding
Character
s Embedding
B
Inputs Outputs

B 1. Transformer-based fEIIZ1E

[Figure 1. Transformer-based model architecture]
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FHIA 20 50 B I AU S0 A PPN RT R AL B S o It A SRS as iV RS F A
Y b B 4RH% PE (Positional Encoding) (Vaswani et al., 2017) - 25585 S7t%#H] MHA
HIETE T AF ¢

. QKT
attention(Q, K, V) = softmax (ﬁ) 1% e
H, = attention(QW,1, KWK, VW) )
MHA(Q' K' V) = [HllHZI --'tHhead]Whead (6)

/E\:EF‘ K,V e Rkxatt PAR Q€ RYXatt = MHA E@ﬁﬁﬁ]\ , th,Wé{,Wfl; € Rattx(att/head)
BUF. Wheat € Rat<art SufSSEIGSH - att B R THEBIIAERE A - head [8
3= I RIET EAV4E S H), W ERBEE AR - Bl MHA AVl AETTIE72 %45 (Residual
connect) 1% i E[E1E#E(L (Layer Normalization) (Ba et al., 201652 48 AT H o A=
(3) Hfy FF HIZRieEHL4EEE (Feed-Forward Neural Network) » HH Wi g 4 i#3 fg DL K
Rectified Linear Unit (ReLU) JEUE REIFTHERR - (EHEUBRIESRIEE %R > S5 RLUN
URTESRES X, € Rseaxatt

2.1.2 Transformer f&fEZ% (Transformer Decoder)

3% Transformer 4Ri5250VHH X, 1% > Transformer fREGESELL X, DLRHT—{EFFZIHY
FooRAl Y[Lu] SFET— i For Y+ 1] a9t j s astIst B2 a .

E = Embed(Y[1:u]) (7)
Z,=E +PE ®
Z; = Layernorm (Z]- + MHA(ZJ-,Z]-,Z]-)) ®
Z;' = Layernorm (Z]’ + MHA(Z]-’,Xe,Xe)) (10)
Zj,1 = Layernorm (Z;’ + FF(Z}’)) (11)

Hep A7) R T ICr v s A (Word Embedding) E € R™ > Jiil BT E4RHS

B — RS EI A Zo - T —EEmHTIT Yu+ 1] agatgRstE =0T ¢
[Ps2s (VI21IY[1], Xe), .., Psas (Y [u + 1|V [1: 1], Xe)]

= softmax(Z,; W + patt) (12)

Ps2s(Y1Xe) = [Ty Psas (Y [u + 1]1Y[1: u], X,) (13)

Hrp Z, Ryl —@REESEsrnImt - wert e Rattxtoken patt g proken QiR w] DI S
B 1EEKH softmax HYE 1% AT LIS B (E AT 5 5 e A LA -

2.1.3 Conformer4gHEEs (Conformer Encoder)
T Transformer {RAEES4 Bt E 5 454 CNN Ei Transformer #Y Conformer 455
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22 (Gulati et al., 2020) > EiELFER4H (Convolution Module) DL ZHUEF & JIH4H] »
Conformer §E 547 FVELAS B ER LA 2 FYERE » BIRIZEREAIE 2 Fior © 55 i J@ Conformer
IS ESHVETERAZAT ¢

X =X+ %FF(Layemorm(X ) (o
X{" = X] + MHA (Layernorm(X;)) o
X{" = X{" + Conv(X{") (10
X;+1 = Layernorm (Xi'” + %FF(LayemOHn( i’”))) (an

Conformer { F 5 REE4EES (Macaron-Net) (Lu et al., 2019)FYZEHE » <5 W (il i 5 S 4%
B misasiViEE - I R AT A ERE R rY ReLU JBUSRECE A Sy Swish UG RKEL
(Ramachandran et al., 2017) » 554} Conformer £ 5} X Transformer-XL FYFH ¥ B §705
(Relative Positional Encoding) (Dai et al. 2019) » FHEIFA—RXAI( B 4REE » FHEHT B RiEE
[T A (6] = AV Ha AR HUS B B & - 2T R JI#H 2 1% » Conformer fiIA
T AL GIEEAHIE B GTEE (Pointwise Convolution) DK FI#E4RMEEETT (Gated
Linear Unit, GLU) (Dauphin et al., 2017)fF44 - HE @ H&LMEEELEFEE (Depthwise
Convolution) ~ #.E1ZE#E{; (Batch Normalization) ~ Swish J8JE ER# Bz BE (T A5 & -

f !
Layernorm — o+
' A
- + l
172 % 4 Pointwise Conv
Feed Forward ‘
Networks .
Swish Activation
- 4 4
4 BatchNorm
Convolution Module ~a A
L =l | 1D
> 4 Deplhw}se Conv
4 '
Multi-Head GLU Activation
Attention A
4
- + Pointwise Conv
172 % 4 4
Feed Forward o
Networks Y T
[E] 2. Conformer FEAIZ24E

[Figure 2. Conformer model architecture]
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2.14 JBET)I%E K &M% (Hybrid Training and Decoding)

bR T e asiyEn i oh - Pt G H FHmeSasvin Lt BEER P8 (CTO) » H5tE
FEAT

C = softmax (X, W ct¢ + pctc) (18)
p(mlX.) = 12 C[t, m[t]] (19)
pctc(ylxe) = Zneﬁ—l(}’)p(nlxe) (20)

Hrp wete g gattxtoken pete g proken S Hl D) BR8] o A ARV EE g A
A YRS R & 2R AT REAV4E & B s At B A (19)F Clen[t]]
K= Xe BV ¢ {@iEdmE nlt] A98ER - p(n) 2 —EZEH WX > &K o FITERRY
FICMER > B0 B(aBaabb) = aab - AFQ20)H BH(Y) = {n|Y = B(m)} RFRFATH WL
FOCFRA Y B E - B RMTRP R &SR LU CTC 1 - 152185 bR

Ly = —alogpss (YX,) — (1 — a) logpee (Y1Xe) 21

Het a RS2 ZEHIFSES 5 CTC FEIEK BT ATIEHIELH] o FEARIBIRELES - B T
fiEsas LUk CTC Byt oh - RMTBRSMINAGE SRR FERETTARES - AR 5040 T -

Y= arg max{Alogps,s (Y|X,) + (1 — ) logpec (Y|Xe) + v logpy, (V)3 (22)
Ey*
Hepy* RFEEHHIVEETES DY) AIREFESEAIRGEEFRS Y R 1 &
Y EBSE > oy BRI RGPS ER IS ARRESS - CTC DL EE S HAIFTEAIELE] -

2.2 DNN-HMM

2.2.1 RIS IEMLEAEER (Factorized Time Delay Neural Network)

bR T U E A A AR - TP E S & P (%5 0T DNN-HMM HYE & Palis
T o FEBREMSURICE 5 (P I E] T 4 BRI AE AL 48RS (Factorized Time Delay Neural
Network, TDNN-F ) (Povey et al., 2018) » [Ft a5 R4 S f-fffigd— R HRF FIE 11 48 e % 1 A8 B Bt
2 19 HR  FR R o (B R SR R TE 5 DAY SR e RR S - (i
M RSHEM > RMERKX P=MML,Q=P—-1 > UHEEBSEENR/NE
f=u(QQ") {15 M {RFFIER « SEEHITANXAT

MM ——(MMT - a?M 23)
Hra ZHEHS8 > &Ry u(PPT)/c(P) - [E 3 iy TDNN-F AYRRIZRAE » 1536 4RV

JE G R Ry 1536x160x1536 > Horn 55 —(EREE AR & fRFFIEXCIR S - Z & F L
ReLU FUS et ¥ - BB ELUREEEEE -
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— 4 —>

Batchnorm

t

6

T TF 2 R T A M
1536

S

Input

[E] 3. TDNN-F fE7I205%
[Figure 3. TDNN-F model architecture]

2.2.2 BERFRAIE & J7t%4&] (Time-Restricted Self-Attention)
7 TDNN-F 4 » Bt (s B 7 iSRRI B2 & M| (Time-Restricted Self-Attention,
TRSA) (Povey et al., 2018) » JLFEFFRNY B E B I HIEET R AR (I IR FIE AR E
#ilE » HetH =T :

Ve =2tk (D, (24)

(1) = exp(qe-ke//dk)
t 2 exv(arky /dx)

(25)

HPL R EREFEESIHHIFTRER AR AL G HIE q, kv A2 A TRSA [gHyE =
dy BlasE qk LR -y, BFEE v, BUIIREN - HEE g ARE q, BRTER
L+R+1 {# k :tEAEZE M softmax [FARLATEE] > 2 & FE#E ReLU BUE L
Rt B AL S R R A I Y - [EIEEAY TRSA thA] LU T2 0E (Multi-head) #HE - [
BE B B IR HIRV &S SR BEE ARG Bl o
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2.2.3 fEAIZERE (Model Architecture)

TP (e A =R B R 2R AR 4 Ao B ARV E2RHEUR 40 4ERY MFCC A 3 4
HYE S (pitch) fii b 100 #ERY i-vectors o B 5ol A g u&lid—fg K/ Ry 816 » PHEEE
(splicing window) %5 (-1,0,1) A TDNN » 5 @@ 6 J& TRSA-Transformer 225 » Bil—
fi% Transformer ZEREA[EIEHAT AT B2 B ISR B PR & 2 E B IS - H
TRSA Jgiim A | = q, k BI4EE /N R 40 > v B4EE AN B 60 - ZTREENEE
Bk 12 0 BEREIRFIOVEE LR A AR R 5 DUk 2 - BriItZAh » I ESE TRSA
Ji& K AT AR AS ARG 2 I A —J& TDNN-F - DK E sl (o A W 51 6 1A AR 1 B R FE 4
P& o Hrft TDNN-F [ty 4E AR/ Ny 1536 X 160 X 1536 » Fi B (A 4ERE AT 45 AN
HIzE B 1024 - B BT (E H oY B A2 i 8 B Lattice-free Maximum Mutual Information
(LF-MMI) $£[CAE XN (Cross Entropy) HYE#HBNIEAR (LS (Povey et al., 2016) » LF-MMI
SIS A B G & (Maximum Mutual Information, MMI) W R 25 B 5840 7 4 5] [H]

(Word Lattices) - 23| & 18 F

EAOPRER

t

Linear
t {
¢ Linear Add & Norm
Linear T I
Feed Forward
T Add & Norm Networks
—* Add & Norm Feed F+ d
e orw
’ Iile(workzr LERE-¥
Feed Forward ')
Networks — Add & Norm
? TDNN-F !
—» Add & Norm 'I‘ TRSA
4 Add & Norm # x6
TRSA - TR+SA — Add & Norm
—T x6 4
A
R Feed Forward
Networks
A TDNN
A —1
Input !
Input TD:IN
Input

4. BERELHE

[Figure 4. Acoustic model architecture]
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3. EEs (Experiments)
3.1 EFE (Dataset)

3.1.1 Taiwanese across Taiwan (TAT) corpus

TAT-Voll-train-lavalier DL 5 TAT-Voll-eval-lavalier 548 B EIEHIERE » $F35EE
BERAETE  HEMERE 6kHz  XABEXEFTREEHT - Hi
TAT-Voll-train-lavalier 3£ 80 {7FE3E > &I E4Y 41.76 /NI » 3t 23,104 ZEZFE -
TAT-Voll-eval-lavalier 805 E4 4.78 /NI » 3 2,664 ZE2ZFE - TAT-Voll-train-lavalier &
BHERSORS » TR T ECEF UK G EIFERANEIE o B 1 EE—E AR —
B BT SCET SR HIRIEG SCET T MIbR - BRI S EP SR
W HERIE B P E YA FIER o BEAMRMIHRIER T SCA AR EE 55

3.1.2 PTS_TW-train

PTS_TW-train E§RME AR GRES [ &8 EH ) DUk T &8HiRA | METERNS > X
RKEGEIET » HUEEMAR R 16kHz » 4t 95 FEEHE - JAFREY 85.39 /NIF o TAT DIk
PTS_TW-train ERMENEIZAIF 1 - £ PTS_TW-train ERIEET » FHSOR BH HEERN
BFERT - (R W IF T g iR - HAS OSBRSS AF oL HEEFAFIE
F CTC-Segmentation (Kiirzinger et al., 2020)E ¥ ¥ HE R EN XA KR -
CTC-Segmentation F| ] &G4k 52 H BA CTC iy AR S AE Rt » WEt B e —id
B A AR SOR T IR > FE IS SCOARIIEF &R « FRPIFIA CTC-Segmentation #f
PRI HY BT (Log Probability) RS EER S HER BIRE » RS MRBERER
B0 R R E S5 T & RME PTS-1.5 UK, PTS-5.0 » ERIMEREIRNZE 2 -

Z 1. TAT & PTS TW-train ZEFEE B
[Table 1. Details of TAT and PTS TW-train dataset|

B HHER RLES S XA
TAT-Voll -train-lavalier 23,104 41.76 80 ax -~ Bk
TAT-Voll-eval-lavalier 2,664 478 - ax -~ B
PTS_TW-train 95 85.39 - ax

35 2. PTS-1.5 ] PTS-5.0 EHIELE

[Table 2. Details of PTS-1.5 and PTS-5.0 dataset]
EHE B RRERE HER RLES
PTS-1.5 -1.5 7,665 16.92

PTS-5.0 -5.0 23,363 52.71
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3.2 E#s%E (Experimental Setups)

?jdf' (e FH R E R 58T T30 0 e Al E ST ¥ SRR R EE) (Speed-Perturbation) (Ko et
, 2015) » BEHAPEAEFEER 1.1 K 0.9 WYEAE 5 DU TS AHEE BT Bl DL T ey
SpeCAugmem (Park et al., 2019) » H A+ SRR AT e By 30 ~ &y 2 » $HEIG ]
FERHI R/ INGE By 40 ~ & Ky 20 SPEIFRIHERAY A/ NAIEE B 5 o $HEImEImtEL] » 200
SEE MR head 3% 4> Conformer (Y& FEIRAR o 8 8 G RE E H G A/ NS B
32 RATYIRFHESE o 35E 0.3 FRIEMEEAIHESE X DIk vy 73hlEe ks 0.5 DIk
o A Adam {B{E#S (Optimizer) (Kingma & Ba, 2014) » Z5RAVE ¥ 5=041
(Vaswani et al.,, 2017) - FAEALLEAY 25,000 T EE 20 B > BEIR (HERIE TR -
TE ARSI B - FRAFI(E FAVEE S8 Ry g 1024 (EETHYRERIECTE (Long Short-Term
Memory, LSTM) - FlISREES BRI SIAR B K H TAT-Voll-train-lavalier 5z PTS_TW-train
BERHE o SIEGEPIE T - BT HIRE IRV RE S PR » IR DR T et
AYEEH#E (lexicon) FyREEEEETT T DNN-HMM HYRE S PRy - 56 di Dl e s P v RE DL
BRI EEF R E R & o FR{FIFII4R 77— (& monophone 1y HMM-GMM #5484 DL Kz 77 {[E]
triphone ) HMM-GMM #5754 L) By 75314 DNN B eE AR BERE4; (State Label) » 75 fRHE
Pe& B I {5 FH tri-gram 5B S 1R o I B I i5 AL (5 FH B R &4 ESPnet (Watanabe et al., 2018)
7 WifE Nvidia GeForce GTX 1080 Ti GPU _EFl|4% 50 [ epochs » it & A /]\(Batch Size)
2% By 32 - DNN-HMM #5 AU HIj 255 F B J5 & F Kaldi (Povey et al., 2011)Z&77. - i {F Nvidia
GeForce GTX 2080 Ti GPU _F3/l|%F 12 { epochs » fiL&E A/Ne%ky 16 -

3.3 FE4EE (Results)

3.3.1 830EFEEGEE (Han-j1 Task Results)

P ESCETFER AR mHYEE S PR - E  FM#E % Transformer
J¢ Conformer ZEFERYBEL ~ X B SIHEHINVEHEEE AR/ N LUK T BE A AR I 4 FE RN
MRS E B T TR I 2 - £ 3 S EEASENHE M EN T T
R HEEAVYISHEE TAT-Voll-train-lavalier » i fF TAT-Volel-eval-lavalier &}

EHE - HEREG R AT ET] - AT SEE R/ N o fEH] Conformer 4RbS52SRES1S
FI{EJY Transformer 4RI ESAVEER o FEETATRIEAE ha/| Sk G2 TR 22 52 > FRAMiF
FNSREEFHIMIA PTS-1.5 LUK PTS-5.0 > {SE|HVE BR4S RAIFR 4 Ao o TAMIP{sd AV
ZERE Ryt 3 PEp Lol s R RS > (i EERGER T UEY I ASS MY E RIS ETT
SREEZ BV BAIAYRUEE - B 5 RSBz HE%4 K CER ©
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3. T2 E BT ERRER
[Table 3. The results of different model parameters|

e A Transformer =~ Conformer

SHEM) 29.5 9.9 29.6 30.7 45.4
A5 2 12 10 12 14 12
NI 4 6 4 6 4 6
PRS- WLy elIE S 256 128 256 256 256
AIEETACAEREAEE | 2048 1024 1024 1024 2048
CER(%) 36.3 27.1 26.6 26.9 28.7

4. T AGNREL B GEETE
[Table 4. The results of the different training dataset|

BlIEG &S CER(%) Final-Test CER(%)

TAT-Vol1-train-lavalier 26.6 -

TAT-Vol1-train-lavalier + PTS-1.5 21.2 48.0

TAT-Vol1-train-lavalier + PTS-5.0 19.1 434

=54
90.0%
75 3%?9'?%
80.0% 69.8%71.2%71.3%
70.0% 65.6% 65.9% 66.2% 66.4% 67-9%
! 61.0%631%
58.6%
60.0%
50.0% Ay AT TR0
e 37.5% 38.6%
30.0%
20.0%
10.0%
0.0%
T21 T22 522 Our 521 v22 U2l Our G21 M21 A2l A22 W22 Wil X22 X21 D21 c22 c21 B21 D22

5. &XEFHEGR
[Figure 5. Han-ji challenge result]

332 EEPHZEEHSSE (Tai-16 Task Results)

Bt A A > FAMIEL#EL Transformer 475 a8 LK Conformer 4RHH VRS » LA
RIEg ALY S o E TR 5 R B E L R BT E 7T (Char-based) @ 155
— 3 37 [EAR[EFIT » BEERME SR E &I BEAL (Syllable-based) » 1553 2212 {EF
FEIMNEZ T R MER A T4 4EE (Byte Pair Encoding, BPE) (Sennrich et al., 2015) »

HBE SR o i R A ELAE T & BERCHTY Subword o BB RS EHE 987 (ER[E Y
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Subword - & 5 Bylim Bt A A B B 4S5 - Fe B {55 AN Transformer 45 i%E2% & Conformer
URHE S22 o B 3% 3 th 28 & By 29.5M DR 29.6M HIREAY - FE[EBEATIERIZLRE TR »
{5/ BPE REf5F (8~ Ho g ) B A7 9455 o e (E H E Ay S BE iz BF > Transformer
Amitsas RS TR YRR » Hoh DI T R BEALHY Conformer 7Y HIFR T S AU SL T B
o i &8 FAM LA BPE Y Transformer #5584 /% Final-test FHUS T 25.4% HYEEISERS -

#14%f DNN-HMM > FHFPHIET B 4 h =fEeg 2 R Ze gy 2 52 BRsER 0% 6 Frr
‘& F A% TDNN-F Jji A TRSA-Transformer 0] DS ZI{E 7> B 4fi{# | TRSA-Transformer [
GESR 0 A S -REEMRS 1% o] DAL — D BRI RE o et Mt T A PTS
BERHMEARUER » HINZERMER IR B & 30EY » RIELEAIFIH TAT-Voll-train-lavalier
BORHERS L 2728 (& SOEFHIEN G PFE  #E LS PTS BERHMEEN AP E UK -

FEGEEWNFE 7 o - Al eV EimiE R &z DNN-HMM #8153 /] B3 5 23k 6
o B PR R R R RV ] DUE AR S 2 U B e 1Y 6 & WS B2 & DNN-HMM 158
B R B R S R R A B I MR A ARG - Hoh X P s B s R A ER AR
FORHAS - [B 6 RS2 HE# K SER -

5. Bt BT R
[Table 5. The results of the end-to-end model]

Ui s Aot iy CH B SER(%) Final-Test SER(%)
Char-based 20.8 -
Transformer Syllable-based 20.9 -
BPE 18.3 25.4
Char-based - -
Conformer Syllable-based 23.6 -
BPE 19.3 -
7 6. DNN-HMM Erfp4sE
[Table 6. The results of DNN-HMM]
U2 SER(%) Final-Test SER(%)
TRSA-Transformer 16.3 -
TRSA-Transformer 154 )
+ TDNN-F
TRSA-Transformer
+ TDNN-F 15.3 27.1

+ B RHENEES
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K 7. FEFNFER BT
[Table 7. The results of the different training dataset|
A LR HIECES SER(%)
TAT-Vol1-train-lavalier 18.3
Ui B et B s TAT-Voll-train-lavalier + PTS-1.5 15.9
TAT-Vol1-train-lavalier + PTS-5.0 14.3
TAT-Vol1-train-lavalier 15.3
DNN-HMM B & HifsE i TAT-Voll-train-lavalier + PTS-1.5 14.4
TAT-Voll-train-lavalier + PTS-5.0 13.7
BHEFH (EEH)
60.0% 523%54_3%
50.0% 44_3%4?.1%
40.0%
31.3%
30.0% 23 55 24,25 25:4%27-1%
19.9%20.2%
200% 3 19613.1%13.3% 13 .5%13.6%14.3%14.9% 15.0%15.3%15.6%
’”‘°*"IIIII|||||||
0.0%
B32 T31 T32 W32 B31 S$32 S$31 €32 W31 C31 H32 H31 A32 G31 Ow our A31 131 132 Q31 Q32

B 6. GEHEFBFeRAaR
[Figure 6. Tdi-16 challenge result]

4. 453% (Conclusion)

TR T 20 FSR-2020 Frff HAVEE SR ASE » S G OEFAVEBIMTETL T i
P VEEE e H R AR5 25 Conformer 224 » fRH5 25 Il Sy Transformer Z24# -

(G-t (5E F CTC #5256 pf Bt [ AET T340 - Fe Mt A1l CTC-Segmentation ¥f PTS_TW-train
BRI TRIER - DS E 22 0V3IISRE R » S8 M EUS B 471 CER £y 43.4% - §1#f
BEEPEFE G 2 A 2 (A Transformer 4723 > i H 2L BPE BSCARGRES 5 BR
[t /ML T T DNN-HMM (Y55 S Pl » B2 R f] TRSA-Transformer Z2#45
# TDNN-F DURE-REEAEES - 1E S P17 RIS 471 SER £y 25.4% -
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Wei-Zhe Chang, Wei-Kai Huang and Kuan-Yu Chen

T

B SEE AE SEE T R B B S U R SET RREAE  RA
TSR I 2020 1 HJE /b 2 3 3 7% HE 385 7% (Formosa. Speech Recognition
Challenge 2020, FSR-2020)FIr ik 25 33 IR (TAT-VoI1) bR /A 16 255
BHIGEEE AR ESPnet 81 Kaldi » @SR 4RE « 1407 A5 2807
EEE TR K o AR > 1E 2020 TR DR MRS > RN
A BT (Track?) s LS 66,1955 » Ti1EES 2R U8 (Trackd)
HE > IR ESI45 5 5 28.6% -

Abstract

In order to study the effectiveness of the current deep learning-based speech
recognition models in the speech recognition tasks of Taiwanese Southern Min
Recommended Characters and Taiwan Minnanyu Luomazi Pinyin, this study uses
the corpora provided by the 2020 Formosa Speech Recognition Challenge 2020
(FSR-2020) to evalutae some neural-based ASR systems by ESPnet and Kaldi
toolkits. In the end, our system achieved a 66.1% error rate in the Taiwanese
Southern Min Recommended Characters recognition (Track2), and the error rate
we got in the Taiwan Minnanyu Luomazi Pinyin recognition (Track3) was 28.6%.

EILEER AR E R TIE A
Department of Computer Science and Information Engineering, National Taiwan University of Science
and Technology
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BRSEE © 200 BEPY > EEEET YRR

=
Keywords: Taiwanese Southern Min Recommended Characters, Taiwan Minnanyu
Luomazi Pinyin, Taiwanese ASR

1. 4&3% (Introduction)

2 if(Taiwanese) )i 22855 ~ 2B FEE - E2EMEH S NREE (K3
HF B R EEEBERAYEE > F13Z(Mandarin Chinese) 2 HU S BERE - BIFEERE ~ &
FeB R B2 FEREE » BROREE B ERAVEBES < 28 sednfliE FHEs
SEY NBURE TR - DU & BB SCAH @ 58 = 1R Ay T AF R F5 12 (Intergenerational
Language Transmission)zZk7E » Z:EC R E HHE (Definitely Endangered) (F5/NZAH
MR FNEIEEREE—REEH LSS ) E2REHE (AAHCEEEZE—FENA GG
BE  REE A TREER - EAgE/NMZER) 2 - JHib AR/ NEAFEE
et 2 - ZEaBiiA ATREE 2T R i R Fe AR ORAR (Extine) HYEE = -
AR AR ERE N ELEE - {E56 5 Ha#k(Speech Recognition)<iisHy » R SLE 5
Rt R R - fERF S BRI L R ORI EG A B E TN
PR - sEEPERE R EANMEREA S o sERAVEEEE (Labeling) i 2 /EG & L - 2358
RN ETERES - BIEAREEN A TR - SR EIIAE S - Kt
U TEREE S PRI SR > SRR (Low-resource) 2 2 M EUREAVRRE » B
s ZaEoUb o JLRERERB T & EEH sk EE (Taiwanese Across Taiwan corpus, TAT
corpus) (Liao et al., 2020)if 2 T =55 35 % Y% 5% £ (Formosa Speech Recognition
Challenge 2020, FSR-2020) » EEZEIH H Rl 93 Fs = RHARY - o3 Al Kol S ah st B Bt s fo B
BE S Hy Trackl (RIENERER ) - DAURGRFE RS R Z S0 Track2 BLED BRI h 48 5 7
PFEHY Track3 » fEE(EWTFEF - FAMTDURF Z 56 Ry 2= 50HY Track2 B2 & pE sE 4 -
PHERY Track3 (ZEETH - N EREEFHFHE D) RAFTIE - E5UEN H AT R 2 In
I (End-to-end)sE & Wik g3 1T = 5ERE S Wk 2 AEA5 -

2. 7575 (Methods)

i

2.1 BE2: EHEE, (Track2: Taiwanese Southern Min Recommended
Characters Recognition)

FA AT AT eE B Ml AR RS > B EhRE S iaes &35 = (Watanabe et al., 2017,
Gulati et al., 2020; Dong et al., 2018) - {£5F % EFHEE L #EF| L E GBI E FaIpcR - i
DRI FE 78 26 7 VA 2 M B T &R AR U R (o4 R =0 RS 7T 5% (Hidden Markov Model,
HMM)f A (Bahl et al., 1986) ) - (L » FEAHHFE G - FRAFI PR A B 7Y 45 0 e o0 ME
(Connectionist Temporal Classification, CTC) DL K 3 & J71#%H( (Attention Mechanism)i & &
ZufE(Watanabe et al., 2017; Watanabe et al., 2018) » £ ERHIE S YR EAI N E BT
s IR @
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2.1.1 fEAEIZERE (Model Architectures)

Fed BRI B At ¥ b of 5 PSS ALY R4S - B CTC LUK Attention HY)R G54
(Hybrid CTC-Attention based Models) (Watanabe et al., 2017) » 3 {sf FH i 2 E S BRI T
E. ESPnet(End-to-end Speech Processing Toolkit) (Watanabe et al., 201 8)#{TE{F - ESPnet
A AR SRR S W ~ 5B G RCE (LR - (R 7 ESPnet £24L T 1R 2 &L By R (it
B s > 40 ¢ Transformer (Watanabe et al., 2017; Vaswani et al., 2017; Dong et al.,
2018)~ Conformer (Gulati et al., 2020)~ RNN (Elman, 1990; Hochreiter & Schmidhuber, 1997;
Cho et al., 2014)55 284#% ; {ERERITE GV A HEREAEZS A Pytorch Kz Chainer R{E i 4% mT fik
B ERE S RHEHIR L T - (A Kaldi ZREEHGEE B R R SR — (8 E R AV BHIREES -
ESPnet thF2{ik T 5725 ahE Piak & Rl 4E 2 sl A (41 AISHELL ~ Librispeech ~ WSJ
%) o HELE ESPnet - BT LUFE B & (BB AR 2 — B R ARSI 2048 » ] DUELL
FGIRIAS - U AT LA ORI R RS SR — B 0 sE E Hes -

Output
Probabilities
Encoder
Outputs @ %
S r— [ lnear |
| layerNorm |
| LayerNorm |
= Lo b di iy
\ e 1
_____ S i o
| Feed Forward
Networks | Feed Forward
~F Netwarks
[ LayerNorm | e —
| LayerNorm |
Ny x b5
Multi-Head
Attention
L Ny x
|_LayerNorm | | LayerNorm |
Positional
Encading @ ¥ Masked
kpist Multi-Head
Encoding Attention
o e
Conv/z rRell | | (taverNorm | ||
“Conv/2+Relll | “Positional
Output Encoding
Inputs Encoding

Outputs

B 1. ESPnet 247 Transformer /2055 /E -
[Figure 1. Model architecture of the ESPnet.]

1 R3eMER AT ESPnet ZEHE[E - [E 75 J7 4R 1 &5 (Encoder) 45 7 F i b5 25
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[Figure 2. System diagram of the Rover.]
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2.2 BE3: BEEPIEMER (Track3: Taiwan Minnanyu Luomazi Pinyin
Recognition)
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[Figure 3. Model architecture of the HMM-TDNN.]
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[Table 1. Statistics of the dataset]
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[Table 2. Character error rate (CER) on the preliminary dataset.]

A Fr M
Transformer Model 21.8 21.7
Pre-train Model (char) 16.0 16.5
+ Speed Perturbation 15.0 15.3
Pre-train Model (BPE) 14.7 14.9
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HETHAI SR AR Z R - FrLUE S B SR TRE I A S IR 5 sUAET TRl
K 3. FHIEBRERE S F TR CER) -

[Table 3. Character error rate (CER) on the intermediate dataset.]

TR Bt HIEAEE
Transformer Model 16.0 16.3
Pre-train Model (BPE) 14.8 15.1
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[Table 4. Character error rate (CER) on the final dataset.]

AL GRS S
Transformer 26.4 26.4
Conformer 25.8 25.6
RNN 29.2 29.5
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AISHELL-1 1 Librispeech &L » i HAE FEMIRF AR R EE S HAIREE 451N 5
R - BEGEREUR > S BAEER 0.2 B o558 Foolsr®g 20.8% iR E -
Feffttbi 7 Conformer Z2 %8 Transformer ZE 71 A HEL T FH N SR AT A (5 FH SR 2R BB Y
?dﬁ%ﬁ EERERAFE 6 A - TMEB T EREERER 0.1 B o] DUESRIFIIGER

HEESHAREEN R b5 VS RIEE T -

72 5. Transformer HZEFH 1 G55 S 1R #EE 2~ F i 4%CER) -

[Table 5. Character error rate (CER) for Transformer model with different
language model weights.]

SRS IR M 125 M
0 20.9 21.2 9.9
0.1 20.6 20.9 9.6
0.2 20.7 20.8 95
0.3 20.8 20.9 9.6
0.5 21.6 21.7 9.9
0.7 24.5 24.3 10.6
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[Table 6. Character error rate (CER) for Transformer model and Conformer model
with different language model weights.]

Transformer Model

AR GRS A
0.1 22.4 22.4
04 24.1 23.9
0.7 26.4 26.4

Conformer Model

i o AU E FEEEEs g
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0.7 25.8 25.6
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[Table 7. Statistics of the dataset.]
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728, EEHEWEH TS CER) -
[Table 8. Character error rate (CER) for Track3.]

fHAY GRS e
Baseline 4.97 6.13
N-gram LM 2.77 3.75
RNN LM 2.85 391

4. %53 (Conclusions)
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Textual Relations with Conjunctive Adverbials in
English Writing by Chinese Speakers:
A corpus-based Approach

Tung-Yu Kao" and Li-Mei Chen*

Abstract

The study aims to investigate the use of conjunctive adverbials (CA, hereafter)
performing various textual relations in the English writing by Chinese speakers
across genres and over time. To begin with, a corpus of one million word was
compiled and the corpus interface was constructed. Later, 45 pieces of writing by 5
college students during 4 semesters were selected for data annotation and analysis,
with each student contributing 9 pieces for 9 text genres. The results show that
there exists a distribution norm of CA-performed textual relations based on CA
occurrence frequency and that the distribution is independent of genre and time
effects. Compared with literature, the found distribution is also considered free
from the first language influence. This suggests that the found distribution is a
mental representation of mature human cognition, underlying English writing on
global and coherent levels. Therefore, the found distribution is of great potential for
developing automatic tools of discourse diagnosis.

Keywords: Conjunctive Adverbial, Textual Relation, Text Genre, English Writing,
Corpus Compilation, Automatic Discourse Diagnosis.

1. Introduction

Implemented in August 2019, Curriculum Guidelines of 12-Year Basic Education (MOE,
2014) has ushered in a new era of the English education in Taiwan. In the past, the English
education in school was under severe criticism for overemphasizing sentential grammaticality
and understating discoursal and pragmatic aspects. The concern has received attention and
been addressed. In the spirits of the curriculum reform, the Guidelines for the English
education (MOE, 2018) specifies that students should be taught to identify text genres through
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text features, pay attention to cohesion and coherence across sentences, and employ reading
strategies, such as skimming and inferring, to comprehend the text as a whole. In other words,
the focus of the English education in Taiwan evolves to direct students to the importance of
textual relations on the discourse level.

In fact, in higher education, the emphasis of textual relations in classes for English
writing had been well addressed. It is found that most writing textbooks (Connelly, 2013;
Langan, 2010; Lannon, 2007; Morenberg & Sommer, 2008; Reid, 2000; Smalley et al., 2012;
Wyrick, 2008) introduce various genres by indicating that some conjunctive adverbials (CAs,
hereafter) are more prominent in certain genres than other CAs based on the textual relations
they perform. For instance, CAs, such as firstly, next, and in addition, are thought to appear
more in the process genre to show progressive relations across sentences or paraphrases. All
things considered, learning to recognize and employ CAs that signal textual relations in genres
can be said to become a highlighted component throughout the English education in Taiwan.

Also, to respond to the enormous demand of English writing by native speakers (NS,
hereafter) and by non-native speakers (NNS, hereafter), writing-assisting online platforms and
software packages, such as My Access!, Grammarly, StyleWriter, and WhiteSmoke, have been
developed for the purpose of automatically facilitating and advising writers to compose better.
As seen in Table 1, My Access! is a process-oriented writing platform where people are guided
through scaffolds, like brainstorming charts and revision requests, for contents development,
and provided with human-graded scores and feedback as reference. The other three are
product-checking writing software to proofread writing forms, including punctuation, spelling,
and sentential grammaticality, for correctness, and to offer possible alternatives for more
concise sentence rephrasing and better word choice.

Table 1. Functions offered by the four writing-assisting software.

Functions  Form Style  Writing Score & Unique
Tools Checker Options Scaffold Feedback Feature
My Access! * + _ + + Previous writing pieces analyzed

based on grammar mistakes

Different options provided based

2
Grammarly * * - - on desired tones
StvleWriter® + + 3 : Statistics, such as word count and
y sentence length, provided
WhiteSmoke* + + 3 Full-text and word-to-word

translation available

Note: *https://www.myaccess.com/myaccess/do/log
*https://www.grammarly.com/
3https:/iww.editorsoftware.com/stylewriter.html
*https://www.whitesmoke.com/
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With these textual foci in the English education in Taiwan and technology advances in
the English writing, however, few empirical studies has been conducted after Chen’s (2006)
seminal work to examine whether the difference in the occurrence of CAs across different
genres is on a significant level, and existing writing tools are still inadequate to automatically
diagnose a writing text and generate comments on the discourse level. In a preliminary
database search on Linguistics and Language Behavior Abstracts (LLBA), the results for
peer-reviewed articles after 2007 with conjunctive adverbial and writing in the abstract
produced 92 entries. On closer inspection, none investigated various textual relations across
different genres. Although there were studies explored the use of CAs, the CA items were
pre-selected and belonged to the same textual relation, such as Phoocharoensil (2017)
exploring resultive CAs THUS, THEREFORE, HENCE, and SO in written academic English.
In another database search on Academic Search Complete (EBSCOhost), the results for
peer-reviewed articles after 2007 with automatic, evaluation, and discourse in the abstract
produced 88 entries. On closer inspection, the only study dedicated to computational text-level
discourse analysis is Morey, Muller, and Asher’ (2018) study. Yet, their study was based on
Rhetorical Structure Theory (RST), rather than textual relations performed by CAs.

Therefore, the present study aims to take a corpus approach to investigate (1) whether the
distribution of CA-performed textual relations in the English writing by Chinese speakers is
significantly subject to text genres, and (2) whether it significantly varies over time with
learning and practicing. Ultimately, the data collected and the results are hoped to serve as
training data and calculating principles for developing automated discourse-evaluating
application.

2. Literature Review

This section consists of two parts, with the first part focusing on the working definition of
CA:s, short for conjunctive adverbials, employed in the present study and the other reviewing
previous studies on their distribution in the English writing by native and non-native speakers.

2.1 Working Definition of CAs (Conjunctive Adverbials)

In Halliday and Hasan’s (1976) cohesion framework, CAs are one type of cohesion to achieve
textual coherence by which sentences are grouped together and considered an integrated
discourse unit. The type of cohesion differs from other types in the way it functions to make
connections among sentences. CAs relate sentences by providing one possible interpretation to
confine the effect of sentences on one another, rather than using anaphoric relation to ensure
the involvement of the same topic in sentences.

For example, the two sentences in (1) are regarded as one unit for the pronoun in the
second sentence refers back to the subject in the first sentence and establishes a link between
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the two sentences. Unlike both sentences in (1) staying with the topic of the person, sentences
in (2) deal with different topics but are still viewed as a unit because the CA, however, offers
one kind of textual relation to denote how the two propositions in (2) are related to each other.
From the discussion, CA, therefore, can be defined as one text-creating mechanism indicating
the inter-sentential textual relation, and accordingly exclude the discussion of coordinators or
subordinators, which signal the intra-sentential textual relation.

(1) Barack Obama was inaugurated as the President of the United States on January 20,
2009. He is the first African American president in the history of the country.

(2) May is the plum rains season in Taiwan. However, the rainfall this year reaches a
historic minimum.

Nevertheless, the definition is not exclusive enough. As seen in (3a) and (4a), both
however and later indicate how the second sentence is related to the first sentence in
respective examples, with the former yielding a contrastive effect and the latter designating
the temporal order. Yet, not both are considered CAs. According to Quirk, Greenbaum, Leech,
and Svartvik (1985), one common feature shared by CAs, sentence adverbials in Quirk et al’s
term, is that the type of cohesion cannot occupy the focus of a cleft sentence. In this sense,
after tested in (3b) and (4b), however remains a CA while later would be excluded from the
scope of the present study.

(3) a. When the Tae Kwon Do contestant Li-wen Su sprained her knee in Olympics,
people thought she would quit the contest. However, she continued fighting to the
end.

b. *It is however that she continued fighting to the end.

(4) a. Landing on the moon was first ridiculed as an impossible mission. Later, people
realized this could really work.

b. It is later that people realized this could really work.

Given the semantic and syntactic criteria for defining CAs, an additional criterion is
employed in the present study. According to Halliday and Hasan (1976), CAs fall into three
kinds of language form: adverbs, prepositional phrases, and prepositional expressions with
reference items, as presented in (5a) to (5c), respectively. It is clear that (5a) and (5b) are
linked to the first sentence because of the adverb in (5a) and the prepositional phrase in (5b)
specifying textual relations between sentences. However, the link between (5c) and the first
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sentence is established based mainly on the presence of the reference in the prepositional
expression. The language form that Halliday and Hasan also regard as CAs works more like
lexical cohesions than CAs. Therefore, the third criterion supplemented in the present study is
that a CA must be lexicalized and self-contained. In other words, the present study only
investigates CAs in the form of adverbs and prepositional phrases.

(5) The captain had steered a course close in to the shore.
a. Therefore, they avoided the worst of the storm.
b. As a result, they avoided the worst of the storm.

c. As a result of this, they avoided the worst of the storm.

Ultimately, the working definition of CAs in the present study is as follows, and Table 2
shows how the three criteria delimit the investigating scope in the present study.

Criterion 1: A conjunctive adverbial must semantically indicate the relation between the
sentences before and after it.

Criterion 2: A conjunctive adverbial must be syntactically forbidden to be the focus in a
cleft sentence.

Criterion 3: A conjunctive adverbial must be lexicalized and self-contained.

Table 2. Working definition delimiting the investigated CAs.

_The CAformsin Examples Tested base_d on the To be examined in the
Halliday and Hasan (1976) three criteria present study
Adverbs therefore Satisfying the criteria Yes
Prepositional phrases as a result Satisfying the criteria Yes
Prepositional expressions with as a result of that  Violating criterion 3 No

reference items

2.2 Previous Studies on Textual Relations Performed by CAs

The significance of CAs lies in the fact that they direct the interpretation among sentences in
text, which leads to the attempt to classify textual relations explicitly indicated by conjunctive
adverbials. According to Halliday and Hasan (1976), Additive, Adversative, Causal, and
Temporal were the four types of textual relations regulated, with various subdivisions in each

type. Later, the various subdivisions were collapsed, and the taxonomy was simplified by
Celce-Murcia & Larsen-Freeman (1999).
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Table 3. CA taxonomy in the literature.

Systems Researchers Types

Four-type Halliday & Hasan (1976) Additive, Adversative, Causal, Temporal

classifying Celce-Murcia &
system Larsen-Freeman (1999)

Additive, Adversative, Causal, Temporal

Listing, Summative, Appositional, Resultive,

More-type Quirk et al. (1985) Inferential, Contrastive, Transitional

classifying
system Biber et al. (1999)

Enumeration, Addition, Summative, Appositional,
Result/Inference, Contrast/Concession, Transitional

Compared with Celce-Murcia and Larsen-Freeman collapsing subdivisions, Quirk et al.
(1985) revised Halliday and Hasan’s four-type system as a system of seven types, namely,
Listing, Summative, Appositional, Resultive, Inferential, Contrastive, and Transitional.
Similarly, Biber et al. (1999) developed their own classifying version, which was very much
the same with Quirk et al.’s except separating Listing in Quirk et al. as Enumeration and
Addition, changing Contrastive as Contrast/Concession, and combing Resultive and
Inferential into Result/Inference. Table 3 summarizes CA taxonomy based on the four-type
and the more-type classifying systems.

With the four-type and the more-type classifying systems, empirical studies involving
investigation into the distribution of CA-performed textual relations in the English writing are
reviewed. Table 4 and 5 present studies that employed the four-type framework of CAs for
analysis, with the former based on the English writing by NS and the latter based on the
English writing by NNS. As shown in Table 4, the distribution patterns of CA-performed
textual relations in Field and Yip (1992) and in Chen (2006) are identical. CAs of Adversative
occur the most frequently, followed by Additive, Causal, and Temporal in a descending order.
This may suggest that there exists a distribution norm in NS cognition, and that the norm is
independent of genre and time influences.

In contrast, the writing by NNS does not present such a distribution norm of textual
relations carried out by CAs. As seen in Table 5, the five studies present four distribution
patterns; in other words, the results in these studies differ from one another. In addition, genre
and time influences fail to account for the lack of distribution pattern consistency. Consider
genre influence. Field and Yip (1992) as well as Liu and Braine (2005) investigated the same
writing genre, and so did Xie (2014) and Huang (2018). Yet, neither sets of studies found the
same distribution pattern. Now, consider time influence. Field and Yip (1992) as well as Xie
(2014) collected data from the same time period, and so did Liu and Braine (2005) as well as
Huang (2018). Again, neither sets of studies found the same distribution pattern.
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Table 4. Distribution of textual relations in the NS writing based on four-type
framework.

Researchers Field & Yip (1992) Chen (2006)
Framework H & H (1976)* C & L (1999)
Genre Argumentation Research articles
Data Source High school students in Sydney Journal articles on TESOL
T Adversative > Adversative >
Distribution of Additive > Additive >
Textual
. Causal > Causal >
Relations
Temporal Temporal

Not 'Halliday & Hasan (1976)
e:  ?Celce-Murcia & Larsen-Freeman (1999), the simplified framework of Halliday and Hasan

The symbol “>” means “more occurring frequencies than.”

To account for the lack of distribution pattern consistency, first language background is
suggested to be the cause. After comparison, it is found that the distribution pattern exhibited
in the NNS writing in Field and Yip (1992) is the same as that in the NS writing shown both in
Field and Yip (1992) and in Chen (2006). The consistency may be explained by the fact that
the so-called NNS group in Field and Yip (1992) should be considered Chinese-English
bilingual natives. They lived in once-UK-colonized Hong Kong and were immersed in the
English-speaking environment growing up. Consequently, they may share the same
distribution pattern with NS in cognition in terms of English writing. The language
background also account for why the NNS writing in Liu and Braine (2005) exhibits the same
distribution pattern as that in Chen (2006) since Mandarin is the first language for both data
sources.

Table 5. Distribution of textual relations in the NNS writing based on four-type
framework.

Field & Yip Liu & Braine

Researchers (1992) (2005) Chen (2006) Xie (2014) Huang (2018)
Framework H&H((1976) H&H(1976) C&L(1999) H&H(1976) H & H (1976)
Genre Argumentation  Argumentation  Various kinds Exposition Exposition
High school College MA TESOL High school College
Data Source  students in students in students in students in students in
Hong Kong Beijing Taiwan Taiwan Taiwan
o Adversative>  Additive> Additive> Additive> Temporal>
Distribution of . o
Textual Additive> Causal> Causal> Temporal> Additive>
. Causal> Temporal> Temporal> Causal> Adversative>
Relations

Temporal Adversative Adversative Adversative Causal
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However, for the four studies with data sources taking Chinese as the mother tongue, the
distribution patterns in Xie (2014) and in Huang (2018) still differ from the pattern exhibited
in Liu and Braine (2005) and in Chen (2006). The difference may lie in writing length. The
length of one piece of writing collected in Xie (2014) is 120 to 170 words, and that in Huang
(2018) is 150 to 200 words. Since the writing collected in Chen (2006) is research-related,
including literature reviews, research proposals, and pedagogical “how-to” papers, the average
length is much longer, between 3000 and 4000 words. Given the above observation and
discussion, it might be inferred that while time and genre differences do not impact the
distribution pattern of textual relations, first language and writing length might have a role in
affecting it.

Table 6. Distribution of textual relations based on more-type framework.

Researchers Tanko (2004) Altenberg & Tapper (1998) Shen (2006)
Framework  Quirk et al. (1985) Quirk et al. (1985) Biber et al. (1999)
Genre Argumentation Argumentation Research articles
NS: NNS: NS: NNS: NS: NNS:
Data Source 'NO Hungarian College Swedish Journal articles Conference
data college students college on TESOL papers by
students students Taiwanese
Listing> Contrastive>  Contrastive>  Contrastive>  Listing>
Resultive> Resultive> Resultive> Appositive>  Contrastive>
Contrastive> Listing> Appositive>  Result/Inferenc Result/Inferenc
Distribution of Summative> Appositive>  Listing> e> e>
Textual Appositive>  Corroborative Corroborative> LIsting™> Appositive>
Relations Inferential> > Summative>  Corroborative> Summative>

Transitional> Summative>  Transitional>  Transitional>  Transitional>
Corroborative Transitional (0) ynferential (o) Summative  Corroborative
(0 case) Inferential (0)

*The Additive and Enumerative textual relations in Shen (2006) were collapsed into Listing in comparison with
the other studies.

Tanko (2004), Altenberg and Tapper (1998), and Shen (2006) are the studies taking the
more-type system as the framework for analysis. Although the former two studies were based
on Quirk et al.’s (1985) classification and the last was on Biber et al.”s (1999), the frameworks
they employed were much the same. The only difference is the use of category hames without
substantial contents changes. For example, Additive and Enumerative in Shen (2006) could be
collapsed and equate Listing in the other two studies. Moreover, the three studies all referred
to Granger and Tyson’s (1996) classification and designated one more textual relation,
Corroborative, conveying writers’ attitudes toward and comments on the text, in their
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frameworks. In terms of text genre and time period, Tanké (2004) as well as Altenberg and
Tapper (1998) limited their data to the argumentative writing by college students with the
former taking the latter’s NS data as benchmark, while the data in Shen (2006) were research
papers from academic journals as benchmark and conference papers by Taiwanese
postgraduates as the NNS samples. The research design and results of the three studies are
summarized in Table 6.

Based on Table 6, despite genre, age, and first language differences in data sources, a
distribution norm of CA-performed textual relations in English writing can be identified, when
textual relations are considered in groups. In the distribution norm, Contrastive, Resultive,
Listing occur most often, Appositive and Summative ranks moderate in the order, and
Transitive and Inferential are seldom used.

From the observed distribution norm, three points are induced as well. Firstly, fine
classification of textual relations might be able to clarify nuances in occurrence frequency
better than generic classification, and to manifest the underlying distribution norm. The
inference is made due to the difference in the observed results based on the four-type and
more-type frameworks. While the distribution patterns of CA-performed textual relations
based on both frameworks might be not susceptible to text genre and time period, first
language might have an influence on the distribution in the former framework but not in the
latter. Secondly, it makes sense that Biber et al. (1999) combined Resultive and Inferential in
Quirk et al.’s (1985) classification for the inferential relation has the lowest occurring ratio,
e.g., the zero occurrence in Altenberg and Tapper (1998). Lastly, it is found that NS use the
Corroborative relation in their writing more frequently than NNS do. This might originate in
the fact that writers would exhibit a higher level of authority when writing in their first
languages than in other languages (Chen, 2006). With corroborative adverbials serving to
express writers’” opinions, the kind of conjunctive device, therefore, is used more often in the
NS writing for establishing authority.

3. Methodology

The present study takes a corpus-based approach to explore the distribution of CA-performed
textual relations in the English writing by Chinese speakers across genres and over time. For
the research goal, the section first reports how the corpus in present study was compiled, and
then elaborates how the selected data were annotated with the coding scheme through the
coding procedure. The section is wrapped up with an introduction to statistical measures for
data analysis.



52 Tung-Yu Kao and Li-Mei Chen

3.1 Corpus Compilation

A corpus-based approach was employed in the present study. The corpus compilation was
based on the first four stages in Atkins, Clear, and Ostler’s (1992) corpus building, which are
specifications and design, hardware and software, data capture and mark-up, as well as corpus
processing.

In the Specifications and Design stage, the corpus formation in the present study was
designed based on the OLAC Metadata Set. OLAC Metadata Set is an exclusive protocol
framed by the Open Language Archives Community, regulating the information for digitally
archiving language resources and basing its digital storage on the XML format (Simons &
Bird, 2008). It was XML format’s extensible features that allowed the present study to tailor
its own format for the research purpose.

Three kinds of specification were formatted in the present study. They are Informant
Background, Article Message, and Text Annotation. Informant Background offers a basis for
possible research directions, while Article Message helps select suitable materials for research
analysis. Table 7 lists the complete specifications for Informant Background and Article
Message.

Table 7. Specifications for Informant Background and Article Message.

Informant Background

Article Message

Aspects Specifications Aspects Specifications
Account Account
Chinese name Author Chinese name
Basic - .

Information English name English name
Gender Academic year
Age Genre
\ocation / Speciality Attribute Draft

) Level of education Title

Education —
University Word count
Department Outline
Mother tongue English abstract

Text

Language Use

Known languages

Learning experience

Chinese abstract

Text body

Revising Process

Teacher’s feedback

Author’s response
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Unlike the first two formations dealing with the sources of text, the third kind of
formation, Text Annotation, copes with text itself and preserves the linguistic information
annotating the text it is attached to. As illustrated in the following instance, the CA is tagged
within a pair of pointed brackets, and the metalinguistic coding information is annotated in the
first pointed brackets.

<tag Y Enu CA annotation="""">First</tag >, children who have nasal allergy always
have some mental problems to some extent.

In the Hardware and Software stage, the programming language Perl was chosen to
develop the corpus interface because Perl is well known for text processing, such as dealing
with files, strings, and regular expressions (Suehring, 2006). The construction of the corpus
interface consisted of two phases, which were requirements analysis and system
implementation. The former analyzed functions the interface should offer to serve the purpose
of the present study, whereas the latter used program modules to assemble the required
functions.

Based on requirements analysis, researchers, students and teachers were the three
identities involved. Figure 1 visualizes the layout of the interface, where functions required by
different identities are specified. Note that the block highlights the functions directly related to
the purpose of the present study, and only the functions in the block are further depicted in
Table 8.

Coding Area. i : -tagging.
Researchers. g Tagging Page Re-tagging
Quantitative Statistics Frequency count:
Reliability calculation.
Writing Area. Uploading page- Overwriting.
_ Performance Checking
Homepage | Bt Checking
Reference Tools «
& Useful Links.
Editing Personal Info.
Teachers. Reviewing frees Tagging page.  Re-tagging.

Course Records. Assigning writing

Uploading score.

Figure 1. Interface layout.
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Table 8. Description of each function.

Interface Function Description
Tagging Page Annotate the data with meta-information
Re-tagging Retrieve annotated data for reviewing and revising earlier annotation

Search the corpus by an analyzing code or a specific word, show all the

Frequency Count matched cases and tally the total occurring frequency.

Present two researchers’ annotations of the same text in parallel and

Reliability Calculation calculate all the combination situations of agreement and disagreement.

Uploading Page Upload compositions.

Overwriting Retrieve uploaded compositions for overwriting earlier drafts.

Following the requirements analysis was the system implementation of the interface.
Table 9 presents and defines eleven modules that help execute functions required.

Table 9. Execution of each program module.

Program Module  Abbreviation Execution
Highlight High Distinguish annotated information from raw data
Input In Receive the input data
Hash Hash Calculate agreement frequency of coders’ annotation
Match Mat Compare annotations of coders based on units
Output Out Present the retrieved data on screen
Import Imp Import the enquired data from the corpus
Save Sav Save the uploaded data in the corpus
Filter Fil Sift data entries that match the search instruct
Login Log Secure the legitimacy of users
Split Spl Break down the text into units (sentences or words)
Tagger Tag Annotate the raw data with meta-information

Given the eleven program modules, Figure 2 visualizes how each function is modulized.
In the figure, squares and cambers, respectively, represent the desired functions and the
assembling modules. The correspondence between abbreviations and modules is presented in
Table 9.
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Researchers. Coding Area. ing Page.

mh&dm& Tag.)JSav. JHish) JOut.)
- Restagging:

Quantitative 1 Frequency Count.
Statistics. JLog,/J Eile/ Imp, ) High/JOut./
|

Rellabzllu Calculation.

Students- |Writing Area. ‘e ploading Page.
JLog.)J In../iSay.)Oute)

e Overwriting.
ye— y—
TLoz) [Eile) Jimp.JOut.) LIne.) JSavs) JOuL)

Figure 2. Assembly of modules.

To this point, the construction of the corpus interface was completed. Table 10
demonstrates how the eleven program modules assemble all the functions.

Table 10. Module Assemblage of Functions.

Function Tagging page  Re-tagging Frequency Reliability ~ Uploading  Over-
Module count calculation page writing
Highlight + + +
Input + +
Match +
Hash +
Output + + + + + +
Import + + + + +
Save + + + +
Filter + + + +
Login + + + + + +
Split +
Tagger + +

With the corpus interface was constructed, the Data Capture and Mark-up stage ensued.
Students in the Department of Foreign Languages & Literature at National Cheng Kung
University in Taiwan agreed to participate in the present study, contributing their writing
pieces to compile the corpus of English academic writing by Chinese NS. The genres of all the
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writing pieces collected belonged in 13 types, including process, summary, essay question
writing, cause-effect, comparison-contrast, definition, description, narration, classification,
multiple strategies, argumentation, problem solving, and research article. For each genre,
each student wrote 3 or 4 pieces of composition, which could be independent of one another or
revised drafts for the prior draft.

Figure 3 presents the Uploading page where students upload their writing pieces as raw
data. While the system would automatically import information on Author, students needed to
manually select labels for Attribute, and typed their writing in the text-editing area. Once
students clicked the bottom Save and all the information would be automatically marked up
and converted into machine-readable text.

Account: dodofishlenet @hotmail com

ChiName: BN
EngName: Null | Allthor'
Student 1d: 11 “"“‘/
Academic Year: - .
Assignment: - ) .
e | Specification.
e ¥] Library Notes 1 Outline M —2XHDEE 0 Intensive Writing 38 IS0 SNIRFFinal Revi i
Title: \‘/
Outline: - -
Text &-

| Revising process:

Figure 3. Uploading page.

After collecting the raw data came the Corpus Processing stage. Two most relevant
data-processing functions provided on the corpus interface are Tagging page and Frequency
count.

Figure 4 presents Tagging page, where researchers proceed to analyze the data. Part A is
the tagger. Part B shows the coding scheme to attach to the language form in text. It is worth
mentioning that the coding scheme shown on the tagger is replaceable, and can be changed
according to different research purposes. Part C demonstrates the annotated text after tagging.
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L lod more problems. < tag ¥ App CA anmotation=" *>For --..-.,l--(.ﬁ-..-').c‘J

[Comar - Coemaon CA . . .
Trassimon CA b tween gangs TR PTER T TV IO R TR TR T T oeRe T e
‘—"‘-w*‘*;'_:hﬂ te be selated 1o sach othes, Take Macew for example, i1 has been
F————TY since i3 prosperity of casines. According 10 & questionnsise on the

D - B C—
Enumerston DOW ade by Tchool of Jeunmalise and Comsanication, Chinese Univessivy of
f"*"""" Dow ity students think the mest sericus secial problem in Macas is the

Texi: Appoeiton DOW Ihe government can make sewe seformation on this issue as primary. If

Forsuls bufevesor DOW
L Ccmtna b Conaorn o DIOVW brosn imagine ihat Pengls changes ihe image of beauniifel skies and
Tranasmon DOW
[ Cowrcboranon DOW
Loxcamom DiOW Pengha s & geographical independent svea, If we' o aiming 'e make
Cemedw ey DaOW
AT T ¥ P A— [@s than Macas, which is near Talwan, wo wast have 1o 50 reng then sany |
[ rmcmrugenherma e :
s P 0t “:d"““"‘“"""“"""' T pe periods outside the second part of the tags.

on
Akiion, between the liist pait of the tags and the end of the previous senlences,
Sty w ~
TN E Cital ug A -

Figure 4. Tagging page.

Frequency count helps researchers obtain descriptive statistics for study results, as shown
in Figure 5. Part A provides two ways to get the statistics. The frequency count can be either
based on a specific tag or based on a specific word. Subject options aims to limit the search
scope. The default search scope is the whole corpus, but researchers could narrow the search
by clicking the column. Part B reports the frequency count, whereas Part C presents and
highlights all the data matching the search instruction.

Frequency Count
Search by Tag P e o >  You search either by tag or by word, not both at the same time.

Search by word

Subject options Az _‘_'! You can either leave it blank or choose one subject.

SearchTag: <tag ID NS B
SearchSubject: B24941041

<tag ID NS ¥> appears: 11 times,
D o oocars: O tlimes.

There are 6 aiticles tagged.

sy ILLEZ 00T Syl

CauseEftect
Dwaft 1
The Effects of Masal Allergy

Acoording b0 <tag D IU_FN_OU N annotation =" sn” > the fecen! survey <<Aag >, thete it theee denth of <tag ZA ZN Y annotation="">>children <fag
> in<tag TA ZFN Y annotation="">> Taiwan <<Aag>-that have <tag ZA ZF Y annotation="">>nasal allergy <Aag>.<ug D IU_FN_OU N
annotation ="s sn” > the disease <Aag >>caused by <tag ZA ZN Y annotation=""> weathes change <Aag >, <tag ZA ZN Yunnotation="">dirty
stmosphete <Mag >, <hg ZA ZN ¥ annotation=""">dust <Aag >, <tag ZA ZN ¥ annotation="">mold <Mg>or <tag 3 ZMN ¥ annotation=""">
pollen <Aag>. <tag ZA ZF ¥ annotation=""> Nasal allergy <Aag>brings abour<tag ID NS Y annotation="">> a series > <tg ZA ZF Y

="> painful «<Aag>such sa-<tag ZA ZO N annotation=" "> pose dropping <<Aag >, <tag ZA ZN Y annotation=""> nasal

obstruction <<Aag >, and <tag ZA ZN Y annotation="">> coughing <<Aag>. Besides, <tag ZA ZF Y annotation="">> nasal allergy <Aag > will have <tag
iy annoulbw!'_' “>=a lot <Aag>of bad impacts on <tag D HA Y annotation="">the m.md and body c:l <hag>childien. Let' s <nug IDIDY

Figure 5. Frequency count.
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3.2 Data Selection

After three years of data collection, the compiled corpus reached one million words. It consists
of 2290 pieces of English compositions by Chinese speakers, belonging to 13 different genres.
The total word count is 1429397 words.

Since the present study was targeted at exploring whether text genre and time period play
a role in the distribution of textual relations manifested by CAs in the English writing by
Chinese speakers, it was better that data provided by students covered all the genres and time
periods for the purpose of minimizing individual differences and various writing instructions
they received during different time periods. As a result, 45 writing pieces by 5 college
students were selected to annotate and analyze. Each student contributed 9 writing pieces for 9
genres, with one piece dedicated to one genre, over 4 semesters. Table 11 shows nine genres
collected, expected writing length, data word count, data sentence count, and the time period
when the piece was written.

Table 11. Selected data for analysis in the present study.

Genre Abbre- Piece Lgr;%th Total word sez?éilce Semester for
viation number . number data collection
piece number

Comparison- nd
Com-Con 5 450-500 2380 114 2

contrast

Cause-effect Cau-Eff 5 450-500 2494 132 2"

Description Des 5 450-500 2206 117 31

Definition Def 5 450-500 2512 123 31

Narration Nar 5 450-500 2742 177 31

Classification Cla 5 700-750 3474 173 4"

Multiple- Mul-Str 5 700-750 3595 168 4t

strategies

Argumentation Arg 5 900-1000 4682 213 5"

Problem-solving Pro-Sol 5 900-1000 4857 232 5t

3.3 Coding Scheme and Coding Procedure

A coding scheme was developed to annotate the selected data with linguistic information. The
classification of textual relations adopted in the present study followed Quirk et al.’s (1985)
taxonomy with modification. In Quirk et al.’s taxonomy, there were seven types distinguished,
including Listing, Transitional, Appositive, Summative, Resultive, Inferential, and Contrastive,
whereas the present study collapsed Resultive and Inferential into one class as well as
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supplemented one additional semantic class, Corroborative. As a result, in the present study,
textual relations indicated by the CAs encompasses seven types, which are Listing,
Transitional, Appositive, Summative, Resultive/Inferential, Contrastive, and Corroborative.
Table 12 lists all the textual relations with their definitions and the possible language items
performing these relations.

Apart from presenting the textual relations, Table 12 also shows that one language item
may serve more than one textual relation. For example, the language item then may perform
either the Listing relation or Resultive/Inferential. In other words, the semantic coding must
depend on the relation performed by the CA, not on certain fixed language items.

Table 12. Textual relations and their definitions.

Textual relation Definition Example
- Mark the next unit of discourse with or without first, moreover, then,
Listing . L . -
relative priority or temporal sequence. in addition
. Serve to shift attention to another topic that does not  meanwhile, in the
Transitional . - .
follow directly from the preceding event. meantime, now
. Provide an example or an equivalent of the preceding in other words, for
Appositive
text. example
Summative C_onclude or sum up the information in the preceding in conclysmn, to
discourse. summarize
Resultive/ Mark the second part of the discourse as the result or  accordingly, then, as
Inferential consequence of the preceding discourse. aresult, so
Show incompatibility between information. however, on the

Contrastive
contrary, anyhow

Express writers’ attitudes toward and comments on the in fact, of course,

Corroborative text. actually

Note: The classification is based on Quirk et al.’s (1985) taxonomy with modification.

Another issue regarding the annotation of the textual relations is register use. Take the
CA besides as example. While besides performs the Additive relation between sentences, it is
considered spoken register and should be avoided in formal writing. Therefore, the coding
scheme designed also takes register differences into account, and marks CAs as Written or
Spoken. Later, to make the coding scheme applicable to the computerized interface, the
scheme needs converting into the Text Annotation format as mentioned previously.

Table 13 presents the complete coding scheme and its electronic format. With CAs
enclosed in the two pairs of pointed brackets, the word tag signals the beginning of a piece of
annotated linguistic information while /tag the end. As for a piece of the annotated linguistic
information, it constitutes three layers, separated by space. The layers specify register
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difference, textual relation, and supplementary annotation if necessary.
Table 13. The Complete Coding Scheme.

Textual relation

Eletronic Format

Type Abbreviation

Written Register

Spoken Register

<tag W Lis annotation="">

<tag S Lis annotation=""">

Listing Lis < [tag > < [tag >
Transitional Tra <tag W Tra annotation="">  <tag S Tra annotation="">
< [tag > < [tag >
. <tag W App annotation="">  <tag S App annotation=""">
Appositive App < ltag> < Itag>
Summative sum <tag W Sum annotation="">  <tag S Sum annotation="">
<[tag > <[tag >
Resultive/ Res <tag W Res annotation="">  <tag S Res annotation="">
Inferential < Itag > <[ltag>
. <tag W Con annotation="">  <tag S Con annotation="">
Contrastive Con

< ltag>

<[ltag>

Corroborative Cor

<tag W Cor annotation="">
<ltag>

<tag S Cor annotation="">
<[tag>

In addition to the design of the coding scheme, two pitfalls need to be tackled before data
analysis as well. One is misuse of CAs, and the other is ill-formed sentences in learner
writing.

Since the data sources are Chinese NS learning to write in English, misusing CAs to
wrongly indicate textual relations among sentences is inevitable. When a CA misuse happens,
textual coherence breaches, the reading flow is interrupted, and the text becomes difficult to
comprehend. The pitfall is how to code the misused CA. The use of the CA is incorrect, so it
cannot be coded with the textual relation it usually designates. To code the linguistic item with
the actual textual relation between sentences is not reasonable, because the coding of the item
would be researcher’s interpretation. Due to the fact that there is no way to know what textual
relation the writer intended to construct between sentences, the misuse occurrence of CAS is
excluded from the investigation scope.

The other pitfall is concerning ill-formed sentences in learner writing. CAs indicate
textual relations across sentences, but it is found that the environment where CAs occur varies
a lot. For instance, a period is used to end not only sentences but also natural constituents of
language, say, a noun phrase. Sometimes it is not a natural constituent of language at all, but a
grammatical mistake, such as a pseudo sentence without a finite verb. As opposed to
fragmental strings of words, it is also found that sentences may not be separated properly. For
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example, semicolons are purposefully used to juxtapose a series of unrelated sentences which,
in fact, should be severed by periods, or run-on sentences are made without proper
punctuation or conjunction (Tseng & Liou, 2006). Due to this ubiquitous structural deficiency,
the CAs examined in the present study are those that function and indicate textual relations
across units, and a unit is decided as a group of words delimited by a period no matter whether
the unit is a complete sentence, a fragment, or a multi-sentence compound.

After taking care of the pitfalls, Figure 6 visualizes the four-filter procedure of coding.
Each filter identifies CAs with a linguistic label. The top filter ratifies a CA based on the
working definition proposed previously. The second filter judges whether or not the CA is
correctly used. The third and last filters identify its register and the textual relation it
performs.

Is it a conjunctive adverbial?

No. . Yes.

Is the use correct?-

No. ¢ Yes.

Is the register written or spoken?-

Written. _ Spoken.
Which relation Which relation
is connoted?. is connoted?.
il _ Select.| + Select.
Discard. Discard. W Lis. S Lis.
W Tra. S Tra
W Sum. S Sum.
W App. S App-
W Res. S Res.
W Con. S Con:
W Cor- S Cor.

Figure 6. The coding procedure.

One researcher of the present study was the primary data annotator, responsible for
annotating all the selected data for analysis. The selected data for analysis were 45 writing
pieces by 5 college students. Each student contributed 9 writing pieces for 9 genres, with one
piece dedicated to one genre, over 4 semesters. To ensure the reliability of data annotation,
one native speaker was recruited as the inter-annotator and annotated 10% of the selected data.
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The 10% of the selected data consisted of 5 pieces, with 3 pieced randomly selected from the
first three semesters and 2 from the last semester. Following the coding procedure presented in
Figure 6, both annotators first decided whether a lexical item satisfied the three criteria of
defining a CA, proposed in Section 2.1. Then, annotators elicited their own knowledge to
decide whether the CA item was used correctly and what its register was. Lastly, annotators
selected a suitable tag to annotate the CA item.

The interface provides a function called Reliability Calculation, as visualized in Figure 1,
to automatically report interrator agreement. The function automatically compares both
annotators’ annotations by examining whether both annotators tag one CA with the same
textual relation. When both annotators tag one CA with the same textual relation, it is
considered one match. The result shows that the matching agreement is 92.7%. Two reasons
might account for the high agreement. First, the working definition of CAs provides clear
semantic and syntactic criteria for CA identification. Second, since most CAs convey only one
textual relation, both annotators are destined to tag most CAs with the same textual relations.
Mismatch may happen only when one CA conveys more than one textual relation, yet the kind
of CAs are few.

3.4 Statistical Analysis

After coding the selected data and tallying the counts, all the obtained figures were further
analyzed via inferential statistical measures on SPSS to answer the two proposed research
questions in the present study.

To begin with, all the raw counts of different textual relations were transformed into
the-same-denominator figures to avoid the influence of writing length of the collected data in
the different genres. However, while most corpus-based studies obtain the occurrence
frequency ratio by using the total word count as the denominator and the CA use count as
numerator, the calculation is criticized to be “fundamentally flawed” (Bolton et al., 2002)
because CAs function at the discourse level. Therefore, the present study employed the unit
count as denominator to normalize the occurrence frequency. As previously defined, a unit is
delimited by a period regardless of the sentence structure of the unit. The unit may be a
complete sentence, a cluster of words, or a multi-sentence compound.

After attaining normalized occurrence frequencies, various statistical measures were
performed to answer two research questions raised. To answer research question one
concerning whether genre plays a significant role in the distribution of textual relations
expressed by CAs, a two-way within-subjects ANOVA was conducted, with two independent
variables being textual relation and genre while the dependent variable being the CA
occurrence frequency. To further examine the effect of register, the ANOVA design was
calculated again, with the dependent variable becoming the written-register CA occurrence
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frequency. To answer research question two regarding whether time has a significant influence
on the distribution of CA-performed textual relations, a two-way within-subjects ANOVA was
carried out. Textual relation and genre were the two independent variables, whereas the CA
occurrence frequency was the dependent variable. The ANOVA design was implemented once
more to further explore the register effect. Textual relation and genre were still the two
independent variables, yet the dependent variable was replaced with the written-register CA
occurrence frequency. A significant level of p<.05 was chosen.

4. Results

This section reports whether the distribution of CA-performed textual relations varies across
genres and time.

4.1 Distribution of Textual Relations Performed by CAs Across Genres
Since the use of CAs can be characterized by written and spoken registers, the distribution of
CA-performed textual relations across genres is presented in three conditions, including CAs
without register differentiation, written-register CAs, and spoken-register CAs.

4.1.1 Distribution of Textual Relations Through All CAs Across Genres

Table 14 presents the occurring counts of the seven CA-performed textual relations in each of
the 9 genres. The raw occurring counts are signaled by n, and to evade the influence stemming
from various writing lengths of the 9 genres, the raw occurring counts are transformed into
occurring counts per 1,000 units.

Table 14. Occurring counts of textual relations performed by all CAs across genres.

Textual
Relation |, n per n per n per n per n per n per n per n per n per

Com-Con Cau-Eff Des Def Nar Cla Mul-Str Arg Pro-S

ol

1,000 "1000 "1000 " 1000 " 1000 " 1000 " 1000 " 1000 " 1,000

Lis 18 157.9 16 121.2 15 128.2 13 105.7 12 67.8 18 104.1 18 107.1 29 136.2 33 142.2
Tra 0o 000 o002 172 1 81 2 113 0 00 O 00 2 94 1 43
App 0 00 3 227 3 256 8 650 0 00 2 116 5 298 8 376 9 3838
Sum 2 1yY51 751 851 81 0 001 581 591 47 1 43
Res 3 263 7 530 1 85 4 325 3 169 4 231 6 35712 56314 603
Con 14 1228 5 378 7 59.813 1057 7 39.6 14 80913 77418 84521 905
Cor 1 87 3 227 2 171 43252 5 283 5 289 0 00 5 235 5 216
Unit 114 132 117 123 177 173 168 213 232

Count
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Based on Table 14, a two-way within-subjects ANOVA is calculated to examine the
effects of textual relation and genre. The two independent variables are textual relation and
genre, while the dependent variable is the CA occurring counts per 1,000 units. The results
show that there is no interaction between textual relation and genre (F(48, 192)=1.070,
p=0.366) as well as no main effect from genre (F(8, 32)=1.697, p=0.137). However, there does
exist a main effect from textual relation (F(6, 24)=10.476, p<0.05).

Given a main effect from textual relation, Table 15 pinpoints pairs of textual relations
with significant differences, and presents related descriptive statistics. It is shown that Listing
and Contrastive have the highest occurrence frequency while Summative and Transitional
have the lowest. The occurrence frequencies of Resultive/Inferential, Appositive and
Corroborative are between the two groups.

The reason of presenting the distribution with different compartments rather than in a
linear sequence lies in the fact that the 3 textual-relation compartments significantly differ
from one another but that there is no significant difference between textual relations within the
same compartment. For example, in terms of occurring frequency, Listing and Contrastive are
the highest and second highest, and both textual relations are significantly different from the
other textual relations. Yet, the two are not significantly different from each other.

Table 15. Significant differences between textual relations performed by all CAs and
related descriptive statistics.

Lis Tra App Sum Res Con Cor Mean SD

0.022* 0.035* 0.025* 0.060 0.228 0.037* Lis 2359 6.625
0.022* 0.037* 0.937 0.001* 0.005* 0.038* Tra 1.147 0.512
0.035* 0.037* 0.035* 0.183 0.024* 0526  App 4.849 1.369
0.025*  0.937 0.035* 0.000* 0.002* 0.002* Sum 1200 0.565
0.060 0.001* 0.183 0.000* 0.014* 0.004*  Res 6.953 0.610
0.228  0.005* 0.024* 0.002* 0.014* 0.003* Con 14.153 2.199
0.037* 0.038* 0.526 0.002* 0.004* 0.003* Cor 4073 0.917

4.1.2 Distribution of Textual Relations Through Written-Register CAs Across
Genres

Table 16 presents the occurring counts of the seven textual relations performed by

written-register CAs in each genre. n designates the raw occurring counts, which are then

transformed into the occurring counts per 1,000 units.
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Table 16. Occurring counts of textual relations through written-register CAs across
genres.

Com-Con Cau-Eff Des Def Nar Cla Mul-Str Arg Pro-Sol

Textual
Relation |, n per n per n per n per n per n per n per n per n per

1,000 " 1000 " 1000 " 1000 " 1000 " 1,000 " 1000 " 1,000 " 1,000

Lis 16 1404 11 833 11 94.010 813 9 509 18 1041 12 71.4 24 112.7 27 116.4

Tra 0 000 00O O0OO1 810 00O 00O 00 1 47 1 43
App 0 00 3 227 3 256 7 569 0 00 2 116 5 298 8 376 9 3838
Sum 2 1751 76 1 86 1 81 0 00 0 00 1 59 1 47 1 43
Res 2 175 6 455 1 86 4 325 3 169 4 231 6 35712 56314 60.3
Con 13 1140 5 379 6 51310 813 5 28314 80913 77417 79820 86.2
Cor 1 88 3 227 2 171 4 325 5 283 2 116 0 00 5 235 5 216
Cl':)ti;t 114 132 117 123 177 173 168 213 232

The transformed figures in Table 16 are calculated through a two-way within-subjects
ANOVA to examine the distribution of textual relation performed by written-register CAs
across genres. The two independent variables are textual relation and genre, while the
dependent variable is the normalized occurring counts per 1,000 units. The results show that
there is no interaction between textual relation and genre (F(48, 144)=0.969, p=0.537) as well
as no main effect from genre (F(8, 24)=2.062, p=0.082). However, there does exist the main
effect from textual relation (F(6, 18)=8.585, p<0.05).

Table 17 presents related descriptive statistics and pinpoints pairs of textual relations
with significant differences. At first glance, there seems to be a distribution norm of textual
relations performed by written-register CAs, much similar to that based on all CAs.
Nevertheless, the seeming distribution norm is an illusion, because most textual relations do
not differ from one another on a significant level. Take Listing and Transitional as an example.
The former does not significantly differ from any textual relations while the latter only differs
from Contrastive and Resultive/Inferential, which is very different from what happens in the
distribution of textual relations performed by CAs without differentiating registers.
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Table 17. Significant differences between textual relations through written-register
CAs across genres and related descriptive statistics.

Lis Tra App Sum Res Con Cor Mean SD

0.050 0.065 0.050 0.111 0.393 0.080 Lis  20.465 6.458
0.050 0.084 0.759 0.008* 0.012* 0.075 Tra 0514 0.299
0.068  0.084 0.056 0.283 0.045* 0519 App 4974 1.659
0.050 0.759  0.056 0.003* 0.009* 0.033* Sum 0391 0.231
0.111 0.008* 0.283 0.003* 0.024* 0.005* Res 6.672 0.906
0.393 0.012* 0.045* 0.009* 0.024* 0.009* Con 13.966 2.445
0.080 0.075 0.519 0.033* 0.005* 0.009* Cor 4028 1.169

4.1.3 Distribution of Textual Relations Through Spoken-Register CAs Across
Genres

Table 18 presents the occurring counts of seven textual relations through spoken-register CAs
in each genre, with n referring to the raw occurring counts and its transformed counts per
1,000 units. Based on Table 18, in most genres, few textual relations are performed by
spoken-register CAs except for Listing and Contrastive. Moreover, the occurrence of
Contrastive is limited, with only one or two cases. It is Listing that appears most frequently in
the spoken CA form. Due to the scarce occurrence of spoken-register CAs, statistical analysis
is not employed in this part.

Table 18. Occurring counts of textual relations through spoken-register CAs across

genres.
Textual Com-Con Cau-Eff Des Def Nar Cla Mul-Str Arg Pro-Sol
Relation |, Nper . nper  nper . nper _ nper _ nper . nper . nper _ nper
1,000 1,000 1,000 1,000 1,000 1,000 1,000 1,000 1,000
Lis 2 175 5 379 4 342 3 244 3 170 0 00 6 357 5 235 6 257
Tra 0 000 00 2 171 0 00 2 113 0 00 O 00 1 47 0 00
App 0 000 00O 001 810 00O 00O 00O 00 O 00
Sum 0 000 00O 00O 00O 001 58 0 000 00 O 00
Res 1 88 1 76 0 000 00O 00 O 00O 00 O 00 O 00
Con 1 88 0 00 1 86 3 244 2 113 0 00 0O 00 1 47 1 43
Cor 0 000 00O 00O 00O 00 3 173 0 00 O 00 O 00
Unit 114 132 117 123 177 173 168 213 232

Count
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4.2 Distribution of Textual Relations Performed by CAs over Time

This part seeks to answer whether or not the distribution of CA-performed textual relations
would vary in accordance to different time periods on a significant level. First, the results are
presented without differentiating CAs in register. Then, the results are shown in terms of CAs
in written register and in spoken register.

4.2.1 Distribution of Textual Relations Through All CAs over Time

To investigate the distribution of CA-performed textual relations over time, a temporal unit is
set to be a semester. The data collected are sorted according to the semester when participants
wrote the piece of writing. Table 19 presents the occurring counts of the seven textual
relations performed by CAs in each of the four semesters. Again, the raw occurring counts are
signaled by n, and transformed into the occurring counts per 1,000 units.

The results of examining the effects of textual relation and time on the distribution are
attained via a two-way within-subjects ANOVA, with the two independent variables being
textual relation and time as well as the dependent variable the occurring counts per 1,000 units.
No interaction between textual relation and time (F(18, 72)=0.912, p=0.567) is found, nor is
any main effect from time (F(3, 12)=2.147, p=0.147). Nevertheless, there exists a main effect
from textual relation (F(6, 24)=11.318, p<0.05).

Table 19. Occurring counts of textual relations performed by all CAs over time.

Time

Textual Semester 2 Semester 3 Semester 4 Semester 5
Relation 0 n per 0 n per N n per 0 n per
1,000 1,000 1,000 1,000
Lis 34 13821 39 9353 36 105.60 62 139.33
Tra 0 0 6 1439 0 0 2 4.49
App 3 1220 10  23.98 7 2053 16 35.96
Sum 3 12.20 1 2.398 2 5.87 2 4.49
Res 7 28.46 8 1918 10  29.33 26 5843
Con 18 73.17 23 55.16 26 76.25 35 7865
Cor 4 16.26 11 26.38 5 14.66 10 22.47

Unit Count 246 417 341 445

Table 20 presents descriptive statistics of the occurring counts of CAs signaling 7 textual
relations, and locates pairs of textual relations with significant differences. The results show
that the distribution of CA-performed textual relations is the same as that found in the
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previous section. Listing and Contrastive occur the most frequently, Summative and
Transitional appear the least frequently, and the occurring frequencies of Resultive/Inferential,
Appositive and Corroborative rank in the middle. The results also show that while there is a
significant difference among different compartments, no significant difference between textual
relations within the same compartment is found.

Table 20. Significant differences between textual relations through all CAs over time
and related descriptive statistics.

Lis Tra App Sum Res Con Cor Mean SD

0.019* 0.029* 0.022* 0.055 0.218 0.033* Lis  23.832 6.405
0.019* 0.033* 0.676 0.003* 0.003* 0.028* Tra 0.944  0.399
0.029* 0.033* 0.033* 0.136 0.017* 0546  App  4.633 1.267
0.022* 0.676 0.033* 0.000* 0.001* 0.002* Sum 1.248  0.589
0.055 0.003* 0.136 0.000* 0.010* 0.004* Res 6.770  0.761
0.218 0.003* 0.017* 0.001* 0.010* 0.003* Con 14161 2.023
0.033* 0.028* 0546 0.002* 0.004* 0.003* Cor 3.989 0.839

4.2.2 Distribution of Textual Relations Through Written-Register CAs over Time

Table 21 presents the occurring counts of textual relations conveyed by written-register CAs
in each semester. The raw occurring counts are symbolized by n, and then transformed into the
occurring counts per 1,000 units.

After calculating a two-way within-subjects ANOVA, with the two independent variables
being textual relation and time and the dependent variable the occurring counts per 1,000 units,
it is found that no interaction between textual relation and time (F(18, 72)=1.154, p=0.322).
However, there exist main effects from textual relation (F(6, 24)=11.344, p<0.05) and from
time (F(3, 12)=4.524, p<0.05).

Table 22 presents related descriptive statistics and shows pairs of textual relations with
significant differences in occurrence frequency. The results show that there exists a
distribution norm, with Listing and Contrastive being the most frequent textual relations
performed by written-register CAs. Resultive/Inferential, Appositive, and Corroborative are
the second most. Finally, Summative and Transitional are the least frequent.

Table 23 presents related descriptive statistics and indicates the occurrence of significant
difference among semesters in terms of written-register CA use. The results show that, except
for semester 2, the use of written-register CAs significantly grows semester after semester.
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Table 21. Occurring counts of textual relations through written-register CAs over
time.

Time
Textual Semester 2 Semester 3 Semester 4 Semester 5

Relations 0 n per N n per 0 n per n per
1,000 1,000 1,000 1,000
Lis 26 105.69 28 67.10 30 88.00 52  116.90
Tra 0 0 2 4.80 0 0 1 2.25
App 3 12.20 9 21.60 7 20.53 16 35.96
Sum 1 4.07 1 2.40 1 2.93 0 0
Res 6 24.39 7 16.80 10 29.33 26 58.43
Con 17 69.11 20 48 26 76.25 33 74.16
Cor 4 16.26 11 26.40 2 5.87 10 22.47

Unit Count 246 417 341 445

Table 22. Significant differences between textual relations through written-register
CAs over time and related descriptive statistics.

Lis Tra App Sum Res Con Cor Mean SD
0.023* 0.033* 0.025* 0.074 0.355 0.040* Lis 18.883 5.260
0.023* - 0.036* 0.771 0.003* 0.002* 0.036* Tra 0.352  0.233
0.033* 0.036* - 0.028* 0.123 0.011* 0.373 App 4513 1.244
0.025* 0.771 0.028* -—- 0.123 0.011* 0.373 Sum 0.470 0.203
0.074 0.003* 0.123 0.001* 0.005* 0.001* Res 6.446 0.844
0.355 0.002* 0.011* 0.002* 0.005* 0.001* Con 13374 1774
0.040* 0.036* 0.373 0.026* 0.001* 0.001* Cor 3549  0.923
Table 23. Significant differences between semesters through written-register CAs over
time and related descriptive statistics.
Semester 2 Semester 3~ Semester 4 Semester 5 Mean SD
0.290 0.817 0.124 Semester 2 6.620 1.226
0.290 0.390 0.007* Semester 3 5344 1553
0.817 0.390 0.045* Semester 4 6.368  0.959
0.124 0.007* 0.045* Semester 5 8.860 1.270
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4.2.3 Distribution of Textual Relations Through Spoken-Register CAs over Time

Table 24 presents the occurring counts of seven textual relations performed by spoken-register
CAs in each semester, with n referring to the raw occurring counts and then transformed into
the occurring counts per 1,000 units. Owing to the zero occurrences of many textual relations
performed by spoken-register CAs, no statistical analysis is performed. Nevertheless, it is
found that the use of spoken-register CAs and the types of textual relations performed by
spoken-register CAs are diminishing in a steady fashion.

Table 24. Occurring counts of textual relations through spoken-register CAs over
time.

Time
Textual Semester2 Semester3 Semester4 Semesters

Relations 0 n per N n per N n per 0 n per
1,000 1,000 1,000 1,000
Lis 8 32520 11 26.379 6 17.59 0 0
Tra 0 0 4 9.592 0 0 1 2.247
App 0 0 1 2398 0 0 0 0
Sum 2 8.130 0 0 1 2.932 2 4.494
Res 1 4.065 1 2398 0 0 0 0
Con 1 4.065 3 7.194 0 0 2 4.494
Cor 0 0 0 0 3 8798 0 0

Unit Count 246 417 341 445

5. Discussion

This section respectively discusses the attained results concerning the distribution of
CA-performed textual relations in the English writing by Chinese NS across genres and over
time, and is wrapped up by a general discussion.

5.1 Discussion on Distribution of Textual Relations Through CAs Across
Genres
A two-way ANOVA is calculated to examine the influence of genre and textual relation on the
distribution of textual relations manifested by CAs. It is found that while genre has no role in
impacting the distribution, there exists a norm distribution of textual relations across genres.
In the norm distribution, textual relations are compartmented into three groups based on
occurrence frequency. Listing and Contrastive occur most frequently. Resultive/Inferential,
Appositive, and Corroborative have the second most occurrence frequency. Summative and
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Transitional are the least frequent. The occurrence frequencies of the three groups
significantly differ from one another, but for textual relations within any group, their
occurrence frequencies do not differ from each other on a significant level. In addition, no
significant difference among the three groups of textual relations is found when CA counts are
differentiated by register. That is, the use of written-register CAs does not present a norm
distribution of textual relations.

Table 25 presents a comparison between the norm distribution found in the present study
and that in the previous studies. It is found that the two distributions highly resemble each
other. Despite some differences in classification, Listing and Contrastive still occur most
frequently, and Transitional is still the least frequent. Yet, Resultive and Summative in the
present study occur less frequently than those in the previous studies.

Table 25. Comparison between the distributions of the textual relations.

Distribution Most frequent Moderate frequent Least frequent
o . Resultive/Inferential .
Distribution of the Listing S Appositive S Summative
present study Contrastive Transitional

Corroborative

Listing . -
Distribution of the i Appositive Transitive
. .«  Contrastive > . > .
previous studies . Summative Inferential
Resultive

*The distribution is based on Table xx in Section 2.2.

The lack of genre influence might be in relation to textual-relation-creating mechanism.
Textual relations can be manifested by various mechanisms. For instance, CAs can be easily
replaced with and rephrased by discourse-organizing words (McCarthy, 1991; Winter, 1977;
Yu, 2007). As shown in the following example, the CA in (1) can be rephrased as the noun
phrase in (2), and the listing relation is still conveyed. Thus, while various genres may have
their own distinct discoursal characteristics, the CA use alone may not be sufficient to
distinguish genres.

Taiwan officially becomes an aged society.
1) Firstly, the birth rate is substantially declining.
2) The first reason is that the birth rate is substantially declining.

Another reason to explain the lack of genre influence is that genres are not mutually
exclusive. Even though different genres may be constructed with different discoursal
characteristics, they may also incorporate characteristics from one another, especially when
writing length becomes longer. Considering that some of the writing pieces are twice the
length of the others in the present study, the nine genres investigated may share many
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characteristics, which, in some sense, makes the nine genres a general superordinate genre.
Therefore, no genre influence is found.

As opposed to lack of genre influence, CA-performed textual relations present a constant
distribution norm across genres. Two explanations are proposed to account for it. The first
explanation is that the nature of different textual relations has forecast their occurrence
frequencies. For example, it is understandable that Summative is in the group where textual
relations occur least frequently, because Summative indicates a conclusion which only appears
at the end of a text no matter how long the text is. In contrast, Listing occurs most frequently,
because writers can always employ Listing CAs to indicate more ideas to come without
limitation.

The second explanation for a norm distribution of textual relations is that there exists a
preference programmed in human cognition for employing CAs to convey certain textual
relations. Take Contrastive as example. The textual relation is relatively complicated because
it requires an effort to analyze two events and to locate the contrastive points. Therefore, it
would take more energy to describe the relation in text compared with writing in the common
temporal sequence. Due to the extra energy required, Economy Principle is applied in order to
minimize the energy consumption while to successfully achieve communication (Ungerer &
Schmid, 2006). Based on the rationale, it is inferred that the tendency to select CAs, rather
than other textual-relation-creating devices, to convey the contrastive relation is programmed
in human cognition since one or two words of CAs are enough to minimize the energy
consumption and to express the textual relation clearly. Ultimately, Contrastive becomes one
of the textual relations most frequently performed by CAs.

Two pieces of evidence may support the preset preference of certain textual relations
manifested by CAs in human cognition. The observational evidence is that regardless of genre
difference, Contrastive has the highest occurrence frequency in all NS data and some NNS
data from previous studies (Chen, 2006; Altenberg & Tapper, 1998; Field & Yip, 1992; Shen,
2006) reviewed in section 2. The statistic evidence is that a distribution norm of textual
relations is found through all CAs, but not through written-register CAs. Because register is a
manmade literary concept, neither written-register CAs nor spoken-register ones can
completely reflect human cognition. Therefore, deliberately exploring written-register CAs
alone and ignoring spoken-register CAs fails to construct a distribution norm of textual
relations on a significant level. Only when all CAs are considered without register
differentiation can human cognition be fully represented by a norm distribution of textual
relations across genres.
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5.2 Discussion on Distribution of Textual Relations Through CAs over

Time

To explore whether time and textual relation affect the distribution of textual relations
conveyed by CAs, a two-way ANOVA is calculated, and the results are similar to those found
when exploring the effects of genre and textual relation on the distribution. A distribution
norm of CA-performed textual relations free from time influence is found. The distribution
norm is divided into three groups. Listing and Contrastive are the most frequent textual
relations manifested by CAs, Resultive/Inferential, Appositive and Corroborative are the
second most frequent, and Summative and Transitional are the least frequent. The three groups
are significantly different from one another in terms of occurrence frequency, and textual
relations within any group do not. However, when CAs are separated from written register
from spoken register, time is found to have a main effect on the CA use, with more use of
written-register CAs in later semesters.

The lack of time influence on the distribution of textual relations might be in relation to
cognitive development. According to Inhelder and Piaget (1999), the development of logical
thinking reaches maturation after adolescence. Therefore, it may be assumed that once the
logical thinking becomes less variable, an innate distribution norm of textual relations to
express ideas in human cognition may emerge accordingly. Since the data sources in the
present study are college students with mature cognition, time is no longer a factor affecting
their use of CAs to perform various textual relations. Instead, a distribution preference is
reflected when textual relations are performed by CA.

In contrast, according to the statistic results, time has a main effect on the register use of
CAs. Over time, the use of written-register CAs is significantly increasing while that of
spoken-register CAs is decreasing. The result is understandable. Since register is often taught
and then acquired by writing learners through education, the more time students stay in school
and receive writing training, the more skillful students are to write in written register and
avoid spoken register. Moreover, the fact that register use can be taught over time while the
distribution of textual relations via CAs is immune to time highlights the possibility of a norm
distribution existing in human cognition, because the norm distribution cannot be taught and
changed over time.

5.3 General Discussion

According to the results, neither genre nor time has an effect on the occurrence frequencies of
CAs manifesting various textual relations. Instead, a distribution norm of CA-performed
textual relations across genres and over time is found. In the distribution norm, Listing and
Contrastive have the highest occurrence frequency. Summative and Transitional have the least.
Resultive/Inferential, Appositive and Corroborative rank in the middle of the frequency order.
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As reviewed in section 2, previous studies also reported similar results. A distribution
independent of genre and time was found in the NS writing in studies based on four
CA-performed textual relations (Chen, 2006; Field & Yip, 1992) as well as in both NS and
NNS writing in studies based on more CA-performed textual relations (Altenberg & Tapper,
1998; Shen, 2006; Tanko, 2004). Moreover, the formations of these found distribution patterns
are very similar as well. Contrastive which is based on the more-type framework and equates
Adversative in the four-type framework, usually occurs most frequently. Summative and
Transitional happen least frequently.

The striking similarity between the results in the present study and those in previous
studies is in support of the contention that there exists a preset distribution preference of using
CAs to manifest various textual relations in human cognition. It reflects how the human mind
perceives these textual relations in terms of logical complex. In other words, the distribution
norm of CA-performed textual relations based on CA occurrence frequency is a mental
representation of human cognition. The register factor provides more evidence to support the
contention. When CAs are divided by register, no distribution pattern of textual relations
performed by written-register CAs can reach a significant level. This is because, without
elements embodied by spoken-register CAs in real world, the mental representation becomes
flawed, and it is this incomplete mental representation that no distribution pattern exactly
reflects.

Since the data source in the present study is the English writing by Chinese NS, another
relevant issue is whether the found distribution norm also underlies the English writing by its
NS. In light of the fact that the found distribution norm in the present study is very similar to
the distribution identified in both NS and NNS writing in studies with a framework of fine
classification (Altenberg & Tapper, 1998; Shen, 2006; Tankd, 2004), it is suggested that the
found distribution pattern may be insusceptible to the first language influence. That is to say,
the found distribution is universal in the English writing in spite of writers’ language
background. Any English writing pieces where the found distribution cannot be extracted may
be regarded as ill-composed whether the writers are English NS or NNS.

The finding has great application potential in automation of discourse diagnosis. Up to
date, researchers has attempted to develop automatic tools to diagnose English writing on a
discourse level based on sentence length, syllable counts, and difficulty levels of vocabulary
(Chall & Dale, 1995; Klare, 1984). The outcome has not been satisfactory for these linguistic
characteristics are on local and shallow levels (Bailin & Grafstein, 2001). Benjamin (2012)
points out that only by taking into account factors on global and deeper levels can automatic
tools judge whether a writing piece constructs a coherence mental representation and produce
reliable discourse diagnosis. On that note, the distribution found in the present study can serve
as a crucial criterion for automatic tool development. Such a possible tool can extract CAs in a
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piece of writing and compare the distribution pattern of textual relations performed by these
extracted CAs to the found distribution norm. Based on the matching degree, how
well-constructed the piece is can be evaluated accordingly. What’s better, since the found
distribution is not subject to genre, time, and the first language influence, tools featuring the
distribution criterion can be available to an all-inclusive variety of users.

6. Conclusion

The present study began with an investigation into the use of CAs performing various textual
relations, and discovered that a distribution norm of CA-performed textual relations based on
CA occurrence frequency persists across genres and over time. The found distribution can
serve as an indicator of discoursal coherence. For a piece of English writing presenting the
found distribution during discourse analysis, it may be considered potentially coherent.
Instructors can also point out the incoherence in learners’ writing by referring to the deviation
from the found distribution. The study ended up suggesting using the found distribution as an
evaluating criterion for developing automatic tools of discourse diagnosis.

For further research, two possibilities await. Firstly, Listing and Contrastive are two
textual relations with highest occurring frequencies. While the high frequency of Contrastive
can be explained by the cognitively economic reason, that of Listing is said be rooted in
teaching instructions (Shen, 2006). Due to the insufficient English proficiency of NNS, NNS
might be encouraged to employ more Listing CAs because it is quick to construct the textual
structure, which leads to Listing ubiquity in the NNS writing. Thus, even though genre and
time have no influence on the found distribution, whether teaching instructions plays a role in
the distribution remains unknown. Secondly, the mechanisms to realize textual relations are
not limited to the CA use. Whether the found distribution still holds after including the derived
and paraphrased forms of CAs, such as preposition expressions with references and
discourse-organizing words, is also worth pursuing.
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The Analysis and Annotation of

Propaganda Techniques in Chinese News Texts

WG ~ B AR - s

Meng-Hsien Shih, Ren-feng Duann, Siaw-Fong Chung
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K7 BUATLY  REFEEE Y - BN EE ST AME 2 b oGER
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Abstract

In political news media, propaganda techniques are often employed to express
one’s political view, or to influence the audience’s stance. Chinese corpora with the
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annotation of propaganda techniques are yet to be developed. In this paper, with an
explainable approach, we annotated the use of propaganda techniques in Chinese
political news texts, and enlarged the dataset by bootstrapping using a small set of
manually annotated data. To ensure the validity, we manually corrected the
bootstrapped dataset and ran a pilot machine-learning experiment using a naive
Bayes classifier trained with the bag-of-words feature. A precision of 74.26% was
reached for the binary classification (with or without propaganda technique). The
manually annotated data with propaganda techniques is available online for the

application of machine training and learning to predict the stance of new texts.
BREER : THEL (115) ot~ SEEER - EfTE - aERTHEEE

Keywords: Sentiment (Stance) Analysis, Language Resource, Propaganda
Techniques, Taiwan News Media

1. 4&5% (Introduction)

E {#(propaganda)—i' » [FISTREHE - FREER ERGIEBCER) - 1 19 P T
el A N BUAEK > HB 6T A2 B (Diggs-Brown, 2011)  Lasswell (1927, p. 9 E
HEFR TEHEEORFCRHER, * - KETReEtR 2 EER THE (HE
A~ wE s FEE > s ) AR o DR EE S | (Smith, 2020) © Zollman (2019, p.
335)5[ 4l Bussemer (2005, pp. 29-30) » M E(HERFy " B BB ENERIERE > BUmEh it
AP R BUaSG & EEG S FBA RR R ) DU T SRR E M IR ) 1Y
175 - MEBRHEFAFEHZEA » Riegel (1935, p. 206)H[15H > BHELHEIEM IS
FRARENENE —EAE HEUGHYZER] - MR A B BT PR REEUa = - Wi
HIIARA BIBHATRE - Riegel WL T HERIE L —HEESSHIEE - 55— J7H » Ziw X
HEHERYN MBI E @R TE - REER T8 - AU EAEN25 )55
(p. 202) - AATEWIFEEE IR L — B4/ FEVI TR E AT (4 Lee & Lee, 1939;
Weston, 2018 ) « ¥T-2K » B E R LAY R nBile AR ROy e - ST BB PR R 7 0%
DIFE > — BRI R R SR i 2 Ae T VB [ FA (40 Barrén-Cedefio et al., 2019;
Da San Martino etal., 2019) = ZX(fi - iZLEWTFEARE LATSOHT IS R PRaT S 5 - st
SRR RG R B TEERA AR Z B -

A2, Da San Martino et al. (2019)FFRH AT 18 FHE (T34 By Hi 5B - &8
R EBCATT S R AR AR R — AR T o R BRI E % - B

'Diggs-Brown (2011)#5 > propaganda {745 1622 4K T2 &rFrAlHJ Congregatio de propaganda
fide (FEFEHHAEME T BAHRAITTECERAL > HEBRIER EREEZIITRGEL) - 1790 FK -
propaganda AYFESCHE K IEREEH - 19 4L PEER N N BUGEE > HBHARE - &
S propaganda FlsER TEEE, -

RS A S SRR S R B B RS -
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—RRLAERHESRIE ~ BRI SO IR B FOAMIRSE o RIRSemikRm A B &
AR H 1% B EECHIRTEI SRR - THZEEEE > (AR VEFE > Da San Martino et al.
(2019)VEEZ T /AN AR HERAE AR FEaER - 5 > Mt 3E3RAE Da San Martino et al.
FRHIFEZAN > SRR R A TRE A - (1) SIRRESE - ks AR EEFEA
Yy o EREE S - HILERTSE LS BRI EEEE 1Y (2) THERIE © AR
7 &R ) (rhetorical question) FIFE(E a0 (evaluative marker) K FRIFHFHEL 1S - #5
DIRE R s B8 W B R EE - BUP SCRERE s EE T4 ARt TE
BHRENVEE S RIVESR - FIRE > R FAHIRIOE > M BHE LIE R R -

AR EFEOE NI = (a5 fE -
— ~ PSCEUEHTREISCAR T E ROV EE T R 2
Z o EEUEHESRANEE R AAEFE ?
=~ DL Bootstrap J7 RS SCBU AT B L 2 B 2

AR 2 EO R AR B E BRI S DG EE S 2 AR
55 3 FEEREAAWFCERFEER ~ st 77A ~ R i B E G © 56 4 ERUMAS RS
0 58 5 BEHIERIH AR BB ELIR & -

2. X BRElEE (Literature Review)

1735 {5 H(stance detection)EH % & 57 #fr (sentiment analysis)=FHEE{E R G TAF » BEOHT
W EEPNAE SR KIEH ~ &P o ILSE IR E R HERE SR = 1R 2 B 52
IRBI T 3785 - MAHEMN IS TEKHERNESRE Wl BHNES RE
(Mohammad et al., 2017) » M A B B SR IE B TR HAL Y - RIS EAA
HEF EEM > H BT E M & H(information  retrieval) B 37 7S i 2 (text
summarization)%g81g

H R T B AT — AR S - LR 2 (.55 (propaganda techniques)
RIS TP EH L2 % « Zollmann 2019, p. 32925 0 T HIVY
LRI S EEREEE 07 T #rE SRR R IRB E F0VE E | - 2480 > Zollmann
st - TEAERE - EEASRE RS AR 2 RS T RS B B B I Ay
EAYAE ) .

Zollman (2019, pp. 337-341)732:7% | Kromrey (2009) %72 B A A Y B % #2050
B T B = (R A
M 1 SRS E RIS (FEREIR BRI DIEZE 2R - 3EE
SHLE bR EEN R > (EREESRIPE E R FEMEES > fl T8 - TUgE TR
s T rEAE T SR T BT B & T2 5% )(Herman & Peterson, 2010; Keeble,
1997; Zollmann 2017 » §5[H Zollmann, 2019, p. 337) -

HE 2 ARIGHETHER E 0 B (i ST  B(LEE R0 ) (Zollmann, 2019,
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p. 340) -

THH 3 : KRB E(demonising) ¥ AS E LS T (A REIFE - BEfE4 ) (Zollmann, 2019, p.
341) -

DU B 53 M7 (discourse  analysis) s B AW ZEAE P F A 1970 £ & H(Hodge,
1979) H @ EEEZE S 540 Fowler (1991)~ Fairclough (1995)+van Dijk (1988, 1995)~
van Leeuwen (2008)--- 55 » & $+ ¥t FR AV H 7 S B A 3R > A8 B A EEZ B
fE o fEHF ~ ST RIRAEN R E M B LR S 5 > Wang (2007)£€5T 7 H SR CEUND 37
SCERARES 911 F R R AV SRR SR B SCER o M RA (2014) R 537 e S B 5E S R 4R
iR E RS A TR WERREAERES N EEE 8 WA
MRy EE o S R HT R STE {5 7% > Patrona (2018)#EET T A i
FERF 15 4F T M s i Ui i > SRR AR T TEAR R BT TR
T WETHEERE ) AUERS(p. 185)  HE > FHCEE M ABUEEMEN " HEE, - WA
B AEAITTHEE o [4] 1)4%E Patrona (2018, pp. 190-191)45%4f7 2015 4E 6 H 28 H SKAI
SEEAET R H (AR LR > PR H)

(Bi1]

H the prime minister used the word shame, addressing
it to the European institutions
(0.1)

P
((gesturing)) maybe - but here it is clear, (.)and
unfortunately, (.) we must see it as it is -
((raised pitch)) it’s being revealed before our
eyes (.) and we will not be able to say on Sunday
night, we didn’t see it - it’s being revealed, that
Mr Tsipras has a plan which he is keeping ((raised
pitch)) secret
((turns omitted))

[ 5] 1] > Patrona :RHEAEJE4RAYEEZE ‘institutions’ - ‘unfortunately’ - ‘it’s being
revealed -~ ‘oureyes’ -~ ‘secret % > WIFHFUAEEELM  HE 0 BLEERELIRE
AR > oD ~ MEE - T - #a)EEsR > EEAEHNES RN E—F -

Bensa & Wijaya (2017)#5 7 2016 F [ £ 5EAY JLEF 45 (nine-dashed line » 9DL)4K A
T ENJEAYARH: 47K 8 (Natuna waters) » E[JJE [A] F1 B E JE (H 8E [ BEPLER % » EDJEAY Kompas
IR EE T R - PEIFIENEAYRA{% - Bensa & Wijaya 73 HrENfE #LAG R 0 E
FE - BE TR, - THEEA, - TERE, - THERZE, - TEEEE, - TEE
o TIRBRUE ) K TEREEETE L F o R B CEE L TTAR E SR B -
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1. PR 8 B 5 1EF A Bensa & Wijaya, 2017, p. 3)
[Table 1. Eight media propaganda techniques (Bensa & Wijaya, 2017, p. 3)]
PPt | F& EE ]
L. Name Calling | FEEURAGES - HEFREEFE | EEEHETEBES
(HEFEE) B TE o WEEEBRUAEMSE | T3S TR TR

ERAR LA AP -

it

2. Glittering
Generality (£

{EFHIEFFHE RS S E S - JTUER
TRHIIEE >t H PEEUR ESE IR A

ENe 2 E R RIS |

AR IE R % > NSNS
HESH AT RE A EH ST -

g ) Tk - ST B R EE A
75 e
3. Transfer (8% | Kok B ENEYINZEBAISAE0ELS | (EARE R LRI
) RESK - DICEZ BV S - EEF | BEREL -
AT EE R ERE R e
4. Testimonial ma N CEE/BUaAY)) BEEiEm | B R e s
(&&FA) B hfEEE ARG - B —FATREBUR | 484t -

5. Plain Folks
(CHREZE)

HEEBENPREE R FREOE - #
BOGLhEEEEHCH T I
MEEHEEHRERE - FRTE -

Maspion JElJE®liE -
A A EI e B -

6. Card Stacking/
Selection (35

BER S EACH T E A AR ED
Mgk BGEEHHHDIERTS 5

H E TSy S AU -

BE)
7. Bandwagon O EHERR A T E AP EERIAR 8 | T EHE A S 0 R
(PERUE) | A—E » EEENEAAEEOEE - | WaZEFE - |
N R p e VIR N = N =
P BME B TR -
8. Frustration of | ‘F[EHFARS » HEEERSAIEEE | THEM H(EHT)-
Sca}pe:goat (8| DMEE A A R RERR G At Y - 31
SERTE) FiE AT LIS [ S5 R AV ER -

Bensa & Wijaya HEHEH THUBMEMT I ARRIMOIHRELE M TS 4
FARIRYBRI % L (YRR SR -
SHEHGER S E M - SISO SRR - KSR B R
(document level) (EHIZ (508 »  E MR B UBET BE MACH  THRFZICRATH
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XEFEME - {H Horne etal. (2018)f5H » B {HHY S EACR & e Hi# if ZrB JE 5
NELIREZ AT Z AHERE  [Ah - DO g AR ECHN 9k AR 2 st B AL = v fe i
1% (explainability) °

55— 71 » Barron-Cedeflo et al. (2019) $2H—ELUHEEFEME ~ a3 MG
& M R AR S E (R SR S R AR S ' H 0 TR HE #r #(propaganda
score) © X IAFLAE R B » IEE RSB EEAVEN 24 - (H 2 S R A R 2R R A AT
F5E AEE A HY B JE@ R (fragment level) & HEHCHT I SCAE(HT0% - AL » Da San
Martino et al. (2019, pp. 5637-5639)F FEREH A 7 Efg X - K E B E ¥ AR
PEHYSCEE T AIfENERAIE ~ MEMERE R EESE  FIER 21 18 MEET
% AR ARAR 372 RSSO (4935 #5d) -

2. IR 18 FEEEFA(Da San Martino et al., 2019, pp. 5637-5639)
[Table 2. Eighteen propaganda techniques in English news articles (Da San Martino

etal., 2019, pp. 5637-5639)]

1. Loaded language® 7. Flag-waving 13. Whataboufism
2. Name calling 8. Causal oversimplification | 4. Reductio ad Hitlerum
3. Repetition 9. Slogans | 5. Red herring
4. Exaggeration or 10. Appeal to authority | 6' Bandwagon
minimization 11. Black-and-white fallacy . .
b o 17. Obfuscation
5. Doubt 12. Thought-terminating 18. Straw man
6. Appeal to fear cliche ’

ABHFELUE 18 TEF-7A Ry H 3B - 1727 Da San Martino et al. (2020) SHEEC2 550
R RS AR > DA SR AR R S T - % 2 A 18 (B EE T
EY EEBIEFIEER T3 L hrFE4 -

DA 2R RS HUAH BT 2T 2 2 fL th B YL B A RS AR B 1 - Knockel et al. (2015)
PRSP Bl et T & ERE 1 - sk se st i P B E F BV EH B R B 6 e T
2 (reverse engineering) » il F Uil A S wal i A IS - AGERANHE 7 B /S AR - (BUA -
g AW~ B B FETE) $hEF 17,547 BASESERARR  sE SRR RESEA B
THEEMEAESEIHEYE » 535 0 B TERTE), 1 T HLTEEUT , MBSO REE
FEf o Arefi et al. (2019) 35F T Knockel et al. (2015)1JzH35 » FRAEEEE « Hfgusk
4% 7€ fiL(CNN localization) 5z H ZA%E = i R R fiT(NLP techniques) » $13%f 14 {#Z38 &EHIH
B BT h R M 2 2R AR 2 B A ARG BLE F - %1525 > 15 El(sentiment)

P2 DUHHES T B E Y EE AN ARS8 G IS A T

4 RS RS REE A 22 L 48 E hitp://propaganda.qcri.org/semeval2020-task11 o

YiE 14 (EER R (1) HER -~ (2) BUNE -~ (B) KK~ (D) FETEE ~ (5) BIBEN - (6) BIE
() ARKE Q) F L9 HiF - (10) &% #FEE - (A1) FHR - (12) /NEgE - (13) F
AT~ (14) FEwEE -
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R AR E F BN AE TS AR FE2EAERRESE - M2HFERREC
RV =N RS SN R o Rt SE P AV S - B DA B B RESCERE R
YA DIEEFAE KR FEA R BB Ry A A A i — 0 5 -

LB E B AR ESH R E - EEFE BN T
T4 (sequence labeling)[iH - FEIRF R A ERE 2 ¥ Mk /T4 > DUKZE
& HEE S TRZEE > SREFEEARNEELE R EE I E R SN - AR
Mathet, Widlocher & Métivier (2015, pp. 441-447)fEH v FERILARHS HE R PR S A
LA 2 - AU BRSPS EE AR - BRHEYD SPRE & gt
HE—{THVE L & — 2 E 47EE(Scott, 1955, p. 323; Artstein & Poesio, 2008, p. 558) &%
AV FEHIES S RS T4 5 R BlE TR, -

3. BH%5E /7% (Methodology)

RSN PSR B BB BUATISE R I R HAR © B R REE & - 5 hiF
i fo =) pH S E M0 SO > EEIREE L EREE R > R e AR
BSERAUOR B RRFE e I SRl o B R e > 90 E 1912 TP EER
» S R B R AH B SRR By i

AFFTEE AR R B AR CER A At A - BEEE R YRR > J9fR 5 Smith (2020)
SRHA > T am oI R BRI (covert) Y B {5 > BIRIHE A B B E 5 B0 SR —MEFT Al - Riegel
(1935 FeEEHam A EENRE  DMEIRAEHEm{E A EENRTT (Fla0 > > 1965 5
HEARZE > 2001) o WA ARG RACH RS EE—8 -

KGRy — 5 R A T HAYr s ERNVERIHEE (PEERE)
TEIL AR A BN S BN RS E S e (G TIRYE ) - EEpESRIEEE
BN RERSE AAEERERRIE g R EE /N MR #EATDER  (GEI0E
P EiE 24 K22 2(2014 43 H 18 HE 4 H 10 H > Lin & Hsieh, 2017) > &l F & &FE s -
ILEBHAEENTE B -

AMFTHIFEE R AR 5 B8N E R L & Ragnh - = HE R 2014 £ 3 A
18 HE 2016 4212 H 31 HZ[H » & "HRE | 80" KIGIE | BESEGE 2 tham - 0% 3 Fr
H A 78 8 (G ARBRHE ST ZHY 34% ) 3 147,562 5a (G ASERHEE B 41%) -
53Ry 17,098 17 5 Br& A 150 i (I ARSERHE TR 66% ) £ 213,437 5 > ([EARE
THERFEI R 59% ) » 53 K 17,888 17 « LB REa0 R 17 ERr 4k H HAE: F-AYRT 10%tt5% (H
FHEREREH 2014 4E 3 H 18 HZE 2015 423 A 20 H4L 8 /&% 1,073 17 H#iiH 2014 3 H
18 HE 2014 £ 4 H 5 HIL 15 7% 1,825 17) WEMEF/A 2 1% > {553 > Da San Martino
etal. (2019)F2 H iy FFAMESC HE S Iy 18 TS (B 0400 R 58 & BRI Th SO R SeAR = -
FHAARHTFE s I eE e Bl ek am - ittem E 2 A T it B R S R AT AR
2 FfR > ILRMDFRRE - SREER > W 2RISR L BOTER RS
LT A IREE R8I o (URIUSE, 2003, pp. 18-19) 5 ttEwE
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FIZRAE BB B T 5k - WAL PR T EEEE O ~ HEERFSEAEES | (p. 358) »
Rl - 54078 5 i (B[R 5 (Causal oversimplification) ~ T A Y EEEER | F FF(Whataboutism) ~
ZI| Z R B E 5 (Obfuscation, intentional vagueness, confusion) - ##f% EE BL(Red herrings)...
FHhZ HM AR BT RS e 0 BN AR AR g R AR s s

7o 3. AUIFLE H HIFF BRI S R o3 1 B F R L R A T

[Table 3. Basic information of the editorials of the Liberty Times and the United
Daily News]

SHEs]isE S il
NEH 78 (34%) 150 (66%) 228 (100%)
Gk 147,562 (41%) 213,437 (59%) 360,999 (100%)
T8 17,098 (49%) 17,888 (51%) 34,986 (100%)

B M AR e R » 3 B LA EE FE M ARSI Da San Martino et al. 2]
1Y 18 T4 MR BE BT EANEETA WL 2 B s Wy pldn s
B TSRS ) RO THERRALYS ) 0 ZKEREAT ¢ (1) SIRIES - ARG [HESRES (6]
W EREBM - REFIEH) V) BERER T TE (8) Ry +FEEEFAH
2 T EAAE - TEIRR . ) o SERPEEE e T~ T~ TAEER
SREE A BILhERI B RRE LB - BREREEE Y Q) HRILE - HmAUEH
& EE 1 R a) (rhetorical question)FIEF B (evaluative marker) 3R FRBAELTEES 175 » 5 LIRS
G EE B W B E L o BN EarER A - RIS EM(1981) 5k - BEERYEER
] 4y R BEREIERY T EERM A, FIREREIER TIEEER A, o BEHER AR IR
e ) — > B iR A > (E5REEE FRIFRREANEEECE L > GBS
R & e BE M B 2 M IR 4] © 55— J71 > Bednarek (2006, p. 67)52 H 7S TEE Al 923045
B TR E 2%, o H A FE A% (Expectedness) Y sE(H AR SC 41 strikingly  #1
unexpectedly » BIHEE|FSCHESCAT T8 (Z8) | ~ TEAR ) EENEHEERL B
P Ay > RSCHT R B SRR AR L B R A Y TR DL -

% 4 51|t} Da San Martino et al. (2019)2 11y 18 FEE H % » DUCAHFE S BT F 52
WA 2 EETE - EE AL - FICER - Fef1E5] Patrona (2018) » FIRITAE
EERAVEEEEUAREIE 2 - FTLUE R - JEE ~ T8 © BRAh - IRTEARDT IR E
AN R HIAE R P FERALUREE T2 - AR eE R 4 ZERNEGHE
TR B A 2 B TAE ¢
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8. F~ IR BT E A F AT ) #/¢Da San Martino et al., 2019 JE/=475F)

[Table 4. Propaganda techniques in English and Chinese new articles (In the order of
that in Da San Martino et al., 2019)]

(NCL, AhfE
iy

HET B R BGEGHIRE
(FEF o] IFEEC AR » LS
7 FEEH] » KBRS
/#modifier-modified) - 77 L{Z
ANHIERs - 11 A LLETT
73 R EGEFHIER - )

HHFE TEF% FRARE D HSCERARE B
(AR 20 )
Loaded LUGAIER, AREHEAEE | “[-]alone BHEEIT
language =t N Ny - i lawmgker’s childish | T )& a8 d 52
(LL, BPE | g mrge /it - fask | shouting” H TGS ) (B
S T o £ 2014-03-22) 5 TF
(At L Pt 7 HEESHIBT T3
+ - ARBEEHECEAE @@%@%AETE
£ HE RIS ) F, (BEH
2014-03-26) -
. Name o B (EPEEHY H AL E38E | “Republican B HEEEABT
calling or ERUi ~ JBREE - ¥ > o | congressweasels”, FE-REL4% ,(H
labeling “Bush the Lesser.” HH2014-03-26);7

Bowig Bl (e
2015-08-02) ; IEH
NG - T EDA
o (s
2014-03-22)~" K
B2+, (HH
2014-04-04) -

even stomach being
in the same room as
the president”; “I
was not fighting
with her; we were

. Repetition | [Z 7B EI B A8 | Farrakhan RFERERIR L
(RE, 1) | Bagmrazang - repeatedly refers to | e 3% -
Jews as “Satan.” He
states to his
audience [. . . ] call
them by their real
name, ‘Satan.’

. Exaggeratio | FiEHY T ABEIREMH: - {# | “Democrats bolted F—& 2/ (e
nor HEHART o5 E » #Efj | as soon as Tmmp’s 2014-06-09) o
minimizatio | sy speech ended in an
n (EM, % apparent effort to
KELRAE) signal they can’t
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just playing.”

5. Doubt (DT, | #ERSEEEEUEAYEEEA] | A candidate says TR TERER
D) {57 (credibility) » #7753 | about his opponent: | 45, 2 | (EifH

EVROE S “ﬁs he read{)}:’to be 2015-03-20); &3
TR the Mayor? i T T
tRERBHE 2 L (s

& 2014-04-17) -

6. Appeal to (EHS A E M w7 | “stop those TaEk, (EH
fear/prejudic | w57 » sz s | refugees; they are 2014-03-18 )" /&
e (ATF, f VEHIBSE - terrorists.” sk | (B
sEME M 2014-03-22)

)

7. Flag-waving | SfichRl RS (FEfE « | “stop those TRERT(HH
(FW, &% | MERskBCaEes) MEEfR | refugees; theyare | 2015-04-15)-" &%
K i > DMEEHEE T g | terrorists.” 9 LHE 2 ECFA

& X RRZEREEE () FTPP  (Bi&
E{E B - 2014-03-23) -

8. Causal a—TEEERAEVER (R AEE 2Rk | “If France had not REHFEEERIR IR
oversimplifi SRS E A& H | declared war on BT -
cation (CO, | ., SEE B - Blug | Germany, World
LA f@%‘/{b;!{t ! War II would have
) - never happened.”

9. Slogans [ERfERE AR S AR | “Make  America | ARFFEEERR T
(SL, BPLT | g4 » HepolRefA e | ereatagain!” HEERFIE -

%) AN SL

10. Appeal to BENRH(EMEEEEZAY | Monsignor PR BEAETURE

?Xth:m})’? y Fr B A EERAE JLeanilFfanCOIS N JREFEH ) (HH
TA, s / 1 5851 antheaume, who 2014-03-26)
et (FIE S0 By | e )

LRGN FEH A 577 )

Counsellor of the
Nunciature in

® ZAR3#%5] Da San Martino et al. (2019) ¥ "ol ) FANES - B L BRI
P RN E - HARR "5IRACR ) ZRAER > 5 AR T REZR B R R4 B 11

AN LEERE (PlaErER Ak s MR - HREEAEES)

i T ETRERER ) HUE

am AR E NREB L /BRI - HErea R ER R 3 S AR HEsW
EHVEEAEE BEEN - AR AR SRS EEA T EEEH ) AT -
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Washington,
confirmed that
“Vigano said the
truth. That’s all”

89

11. Black-and-w | 5[ EEEN HEF/EREA] | “You must be a (1) JEABIB: T
hite fallacy, | g5 > (HE=E F{y7EfEEA "] | Republican or RS R EE
dictatorship fE o A LUTFRIEZCER] : (1) Democrat; you are R B I LA
(BW. JEE | 3k A Bl B (Black-and-white %‘}’lte';‘elz)?:o"satm ; L 2 | (I
HIE) fallacy, BWF) » Q) A SFE A | '3 Repu’bﬁc‘;n,,;u £52014-03-25)

(Dictatorship, DS) ° “There is no () ASIEA iz
alternative to war.” NEAE L

HEE? 5 (e
2014-03-19) -

12. Thought-ter | { FILELEEEEE S H SRAYSC | “itis whatit is”; CRFT SR, (HH
minating T HETE Rt iREE | “you cannotjudge it | 2014-08-15);" FJE
cliche (TTC. | e - iy @ity - | Without EURAE AR |
G ) experiencing it”;

RS RyflR ~ A
(AT Rt e
FHEEAYEE - A AR
FHAMFTEE -

“it’s common
sense”, “nothing is
permanent except

change”, “better late

than never”; “mind
your own
business”;
“nobody’s perfect”;
“it doesn’t

matter”; “you can’t

change human
nature.”

sk, (BE
2014-03-27)




%0 iz &

13. Whataboutis | Ei5EEE R EFENEEF | Russia Today had a | AEHZEEER R IR
m (WH, "0 | 55 s FarfiR | procliviy for | prerpgs -
NERFEE — T HIEE S T R Al whataboutism in its
¥#) RE o coverage of the

2015 Baltimore

and Ferguson
protests in the US,
which revealed a
consistent refrain:
“the oppression of
blacks in the US has
become so
unbearable that

the eruption of
violence was
inevitable”, and that
the US therefore
lacks “the moral
high ground to
discuss human
rights issues in
countries like
Russia and
China.”

14. Reductio ad | BE/RILELATHIEAENEZFA | “Only one kind of | ARWFFEEERIAR IR
Hitlerum T EREEAYE B AT S HE > #Effj | person can think this | B ETFE o
(RH, 7555 | Sl sUR SRF (THhsfe | Way: @ communist.”

25 k.

15. Red herring | BEf5%3 [ A\BT3 150 8 M | “You may claim that | AHF5esmkIA 13
(RD, [F3C | (ks - DAEiRSf g faEG o | the death penalty is | i 5% -
AR 3 an ineffective
KrEEp deterrent against

r $§_$§7E crime — but what
o about the victims of
)

crime? How do you
think surviving
family members feel
when they see the
man who murdered
their son kept in
prison at their
expense?...”
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16. Bandwagon | ffj " E{E LS, FUER | “Would you vote | ABFZERERIA IR
(BA, 188 | > sIREF A for Clinton as HEHEFIE -
BUHE) president? 57% say

yes.”

17. Obfuscation, jﬁEﬁfm%?lJﬁ@FH?F EEERYE | “Ttisa good ideato | AHFFEEER}AFHIR
intentional HLEESNI T - $E5% | listen to victims of | - & {#HF3k o
vagueness, 5 8 s R 22 theft. Therefore, if
confusion the victims say to
(O1ve, have the thief shot,

SR then you should do
%) it.”

18. Straw man | FIRR{AVEERHUASE Y | “Take it seriously, | AHfFFEaERIALE
(SM, TEE | EERACHILART > Mk EHE | but with a large HEEFIE -

IN) E BRI TR - grain of salt.”

Which is just
Allen’s more
nuanced way of
saying: “Don’t
believe it.”

19. Historical s EEA - HAESES | Da San Martino et ) N
allusion PR AY) - SlEEEEE T [ al 2019) K | ¢, (EHH
(HA, 51 RS S L S T 2014-03-26 )~ {5411
FRES) E-sdBErEh 'Te O8) =T EFRIEREE

F 4 +}?EE$#F%%J 5 R EHIEIRR L (B H
SEELE T B B 2014-04-04 )~"H A
{SE LB S T4 ISR YN R (e S
"B, TR El— Lo YT
HEgEme (B
& 2014-04-05) -

20. Presuppositi | P EEA o FIFHEEHE | Da San Martino et (1) 1EEEMR A
on (PS, ¥ | 45 (rhetorical question, RQ) [ al. (2019) ARAZH TSR
ERaveZZ)) FIFHEREEC (evaluative % 2 (Ha

marker) ¢ {E 22 AR FHE L 2014-04-29 ) ;

5 o B (EEEER AHIEE () spfEfEr T
SRS ESMYNEZ BT —EfR
FEpnfaa) - mEHEEEEC R = B TE

PSCHEIE AT T 5
"EAA ) B

= ()

Bl (HH
2014-03-18) -
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ABFFEHBLE A AR IEE = (R B B R T A LS O3
# > YRS EBNIESSARERE - 5 eI SR a s
RAREESE B MR OE E SR R M T ABRT » S
HEBFE M TR IR e S R T —
Bk -

PRI TR 2 A - TRIFSELLPIIEE CKIP HBTA S Se T A 1
S S T LIS TSR AR » UBT R AL - BPIRL ( 1 2)
9

(51 2] R £ RATIRALD - B EEANBO ST IR AR R

EET CRADES, 2 (HH 2014-03-18)

S CKIP Wi BT TAVAERAI T -

(g2 )

B BE BRT 0 ORE P

B E K e EA N BE W OEF BIPT MR

FEGORT M OBR K ER N T WR 2 OFE L 7

HERRAGHARER LT & RPHEIBIRN » AR BRATR - IR RS

EHFE - AR - ESTE SRR - P BT HE 2R
19 REL P SOEGTERRE DR SEEA AR o B TR H
IELRL ) PR (Loaded language) » B (BRANIMEF » @ G BIGAFTV AT
IRTIEL - PRI TPy DREL, ST S S -

B (TN AR R B EE A > L TREE SN T
o B (03] @& T WIEFEEE M B TR, TS, 0 (4]
BT — (AL ITES JUB\AGE ) » FIRERPEE 2 0 T SR ot ) B — AT

(53] DIBGSIEISER T HE@TER (B 2014-03-22)

07 41 JUBSE S (R sTsic] ~ —BEALT - (E I 2014-04-04)

RTINS © TE5ISER © R R IRISATLR 4 X A
SE AR — (S0P T AIRE - 55 R MR H R s - 1
PR 8 SR — BB MURA A 2 BT - = AR E s - BN — B DU
9= (R A B BT & U 57 E (unanimous percentage)HEFT R -

T R EAEESARE TR ~ AR EAL » AL ST BB Ry 28 e A7 R R

SRR B E AR 2 ST o B ERIEES D TE - LA — 1T 2 AT
TRITARES - BRI B TARRC Z M8 - 55 RS AR Z AR RS - AN AR &
TH B > SRR _LNAYES FHEY Da San Martino et al. (2019) 2 #8481 > LUFEF 23/l SRAR
BRESENEIBTHRR MR TR SRRHEEA LB R IR SRRIEC Z (B8 - REINTFET
&S ERIEERNEE AR Z iTREN: -
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B TIPSO 2R B A AR s > )20 N AL 5ERT 10%HYSLF 1% » DL Bootstrap
T N TR TE T - LhfEAM 90% M XEEEEAE A TEHEE ZNE 35
T IR SR 2 BEEE T ERE ) 0 B[Rl —EREEEEE R AR EE T
5 MRS = PR EERC BN o Bl - FESE PR R SR RCE —BGEA TEE 1 [
5] HREHERES ¢

(51 5]) i ESNMEREREEEE (Bia 2014-03-30)
Bootstrap B[IDL T #EfE | —&5] > CL¥F 90% A48 N TAEECAYSCE - 68 (61 6] — [#1 12]
TR DB | fERC B eHERES

(51 6] IRz BRI IS ELEEHHE S © (e 2014-04-09)

(51 7] SAEFEDT R EEM AR RS R &k - (Bd 2015-03-18)

(5] 8) 3 £~ ia 1 B EUNHIBEEE ST + (B 2015-08-03)

(51 9) 24 SHEs - SRR BURITTE) - (S 2015-10-22)

[ 10]) R R U IS R0 IE 3 E - (& 2016-05-26)

(50 11] EEFEEA: DL S SHs B e s > (& 2016-07-01)

(51 12] Fofr] & BRE2 A B B e i Ry Dt > (B 2016-11-04)

283 Bootstrap fEREMIELE R DA Ttk 7 SR eV E - fErsEiEd - 3%
it Ee3R DLEE A £y EAVAEEC 4 Bootstrap HYBCRUEREE > BIAIREIES ~ 55 K8URIE ~ &
St~ ofiea2VE - SRR - SIS - MeHMERE S FITER LSS s (0" A
ETMRE ) s (a0 TRFIL TR ENEERALE ? ) RIEET A EEE - B
TENTARZIHELE - B0 BRI e 2 SRR B E 2 — -

R ECREERC BRI RE - IRITET S E TR LR MIBEES « FFIEEREE —FEERE
HMATER - BESAEEFAERNSEE T ANFTATTERMETIREREE > W hlEE
It &Rt > BN EA B AN S EE AR MITER 2 & 70% » (F Retesil
GEER - B B4l H M EE5(Naive Bayes classifier) 81375345 Bi(bag of words feature)
HELTIRERERE o TEMERERE ST - S RRENHEE RIS IMY 30% TER RV FT AR
RIS TREREEEETE - ERERBERNGE 4 2 TR, -
4. SRSy (Results and Discussion)

AT R R iftfe CKIP Eraa 248 H% - 58] 5 itk am 3t 17,098 17 > Bia#
thamdt 17,888 17 o LRI > HHEFHRILE 2312 T A EEF AR > Brawsits
2,413 TTEHEEF AR - BN AL LRI e s R RE R - 55— PR B IR
A 8 it 1,073 17f » S5 AEEl E HAEE T 445 (B EE 74 » 5 s & HIE 86 {E

? EFAERE R RS R B RV IR R TR P R E A E E TR REA -
e FEE E AR T > REE SR - IR T —PEERAYBISE 8T -
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EEFAER  Hop A so4 TR e E Bl R A a5l 105 A 28 M i &
S EWEM TR BT 15 Rt 1825 {7 B ER L T 57T (HEE A

FoMIEEECEA 104 (EEEAEC o 55— B R L £ 50 & I AY — 21 (inter-annotator
agreement) (£ 42 63.3%"" « = {EF 53 B pR B IR BRI S -

5. =fEER T TR R LR R

[Table 5. Number of markers at the three stages]

SEElisE Bz | HB AL & B | HAr
e T HEEE | fEsCEL
R 1,073 449 86 1,825 577 104
FPEEE | FEFE TR - - 6] 55— P EL
55 = I EY 2,312 - - 2,413

BN S — PR AR A B A E EVER AR E &l A
i /R TH B AR E AT 0 2B RO E (E ST BT AT - B
B e B AR sC & Tam - WV A EETAERE BT ER (RIEEHeE
THEAMEESEEETE)  UHEFECE TSN SR MRS IR Z RS - &%
R A ] — B DU B Y (AR SC B E T AL & — 2V 43t (unanimous
percentage) #E1TEFL > Jll o3I By 5 A 14.9% (7 67 ([ =& & — 2 EE
FIEIERS ) AR & 9.9% (57 {lil 58 & — BV E H TAIERD) - & FETTEE =R LA
Bootstrap J7 2\ ZRMERLEIE » 6 LA T IE HELR Bootstrap fET A0 E -

AN TALEHIFEEAFR 6 AR BL Bootstrap 5 U (H i e - F LA T 8L
T3 Ry E R 266 SELUR G & 328 55 55 H HIRF ¥ 77 S5l &9 105 5 Bootstrap
AR A LA THEIE - i Bootstrap BRfEZ 59 5 (HHF#HR) B 66 F (i
G - PRI R R AR Z E Y LLEE 85.2% ([ FHEFHR) "LIR 82.1%
(BE&H) -

10 KBTS R R L - B B A TR S R S B E L - AR
(3T RS SO AR K B S AT I R F B (3% R S 1 278 T AT BT 45504 -
"' (i Bootstrap #E A% > H77> Bootstrap AIEEEHEHUR R » RILFEELA TRIERETE » AL

o T Fes ELAE 48 ER = i A S ) B 1A T -

12 E AR SCHY Bootstrap 77 2 AR AR 5 I BRI A TAZRC R AKHA - LL A E RS sE T
AR REHOREST - RS PR ERAY A TAERE (3 R %8 - 100%IERE) » Ak Bootstrap
% IEREMAAZESE 1,969 4 - HANSIERTESEN K 266+77=343 2 » PRLEFESS M (&
JF AN TRESCH) A MESCIERER B 1,969 / (343+1,969) = 85.2 % - JHFf 47 EL7RER Bootstrap
J7 IR -
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7 6. N LICIER#ER a0 L B AR F /AR e
[Table 6.The statistic of the manual correction of the propaganda technique
markers in the Liberty Times and the United Daily News]

EIEFT = SPEElSEH iaseait

HHE(A) 266 (11.5%) 328 (13.2%)
FIE(Y) 77 (3.3%) 105 (4.4%)
1EHE 1,969 (85.2%) 1,980 (82.1%)
&Gt 2,312 (100.0%) 2,413 (100.0%)

F1. BRFFR & EEFFEN 2 Bootstrap [EHERSE (CIAEEEHES)
[Table 7. The statistic of the Bootstrapped markers of the propaganda techniques of
the Liberty Times (In the order of the total number of each technique)]

HHFE FIFEH PGS IERESEEl MAEH IR
1 FHERES 15 199 1,116 1,330 83.9%
2 =HEXNE 0 16 416 432 96.3%
3 AGREER 2 39 90 131 68.7%
4 FERHIE 0 3 127 130 97.7%
5 oIFeEME 0 4 123 127 96.9%
6 THSILE 0 4 42 46 91.3%
7 FrEERERL 1 0 34 35 97.1%
8 SIS 0 0 12 12 100.0%
9 tEEimas 0 0 6 6 100.0%
10 H5 0 0 3 3 100.0%
11 HFAREGRIE 0 1 0 1 0.0%
12 EAth(X) 59 0 0 59 .

Ha 77 266 1,969 2,312 85.2%

7~ R8I EIR W SIS 74 Bootstrap IFHER (LA Tigizltir) » H
R IESEER R Bootstrap fEGCHE IR ~ &N TR IERLIERERIESC RS M EH L
Bootstrap SRR Z 250 &N T 2 AR 80 HMURAEE SRS R IEEEE -
HEBOIARRRSECRAT - ZEMETADEREE - EER 2 FUEATR IEEERR
DARESES - RARPER 12 BHEEC B EAM(X)E > FoREL Bootstrap J7AMEACHHER - S4TTIEAR
eHEMNEHETE -

LIZE 7 B it im T PR S S AL ABT  F 1S 24 Bootstrap J7
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PR Ry Hth 0% 1B 2REE AN T IE Ry ERE S 15T ¢ 55 Bootstrap R 199 EFHEE S
A0 MERB A TPEEE » &N T AaHEE S0 s ® T 1,116 28521 Bootstrap
FREEEETE 2 I » AEEA TSI EEEY  &EE dFEtmT o EEEDT
1,330 SE5HERES » EERE 1,116/1,330=83.9% -

8. B Httan S EREFAIELZ Bootstrap [EAEESG AT (HcIEEEE L)

[Table 8. The statistic of the Bootstrapped markers of the propaganda techniques of
the United Daily News (In the order of the total number of each technique)]

HEHFE FIFEH Wi IEMEER SR R
1 FHEES 13 278 1,449 1,740 83.3%
2 JREEIE 15 0 257 272 94.5%
3 THERAI 0 9 146 155 94.2%
4 JIGEEER 10 23 26 59 44.1%
5 SrEERE 0 4 31 35 88.6%
6 =EHEEANH 1 3 27 31 87.1%
7 EREGR(E 0 0 17 17 100.0%
8 tESimae 0 4 9 13 69.2%
9 GIMEE 0 1 10 11 90.9%
10 E%¢E 0 3 7 10 70.0%
11 etk 0 3 1 4 25.0%
12 HAh(X) 66 0 0 66
AR 105 328 1,980 2,413 82.1%

e 7 FIF 8 ] B> Wit am L Bootstrap EL3T 2L HY P IEHER B 2 ) (R A
E CE Ry 85.2% » BiE Ay 82.1%) » MEHANRL Bootstrap FI1THIM A I REEH
IR ©

HFE3R T R EETAZ B0 9 Aral - A& Da San Martino et al. (2019, p.
5641) TEHSCHHHVERCAE R - GRS IR " SHERE S | I FANBRRE
B o MG AN EBAEVER © BEb "B, SEEH] - SOCRRE = 5
=B EEPIRTFE ARy RS, ~ TIEREURME ) A TERE ) o M SRR
= BEAEEEEPIRT AR TR, N TIRREE ) o PURRAETSCH
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tHERAY T THERILSS ) -
K. 1~ X I EAFTFIALELE (IR XA E 7 L)

[Table 9. The comparison between the propaganda techniques employed in the
Chinese and English news articles (In the order of the percentage of each technique
in the Chinese news articles)]

HEFE SYElEE N ey AfEsrEr H4thk| DaSanMartinoetal.  EH43EL
1. 1B4EES 1,330 1,740 3,070 65.0% 2,547 34.1%
2. SEEKIE 432 31 463 9.8% 330 4.4%
3. JREAIE 130 272 402 8.5% 134 1.8%
4. TSI 46 155 201 4.3%
5. BB 131 59 190 4.0% 1,294 17.3%
6. STHCIE 127 35 162 3.4% 367 4.9%
7. SR e 35 4 39 0.8% 169 2.3%
8. 5| FmEH 12 11 23 0.5%
9. t& S e 6 13 19 0.4% 95 1.3%
10. 5 REGRAL 1 17 18 0.4% 571 7.6%
11.B5¢ 3 10 13 0.3% 562 7.5%
12. HAttr (X) 59 66 125 2.6% 1,411 18.9%
Hagy 2,312 2,413 4,725  100.0% 7480  100.0%

SNEREFALHY S B B BRdt IREUT - LABR AT B U e FERC s SR U TR ARAR - s
HIEATAERER T 74.26% > BURAE @ TAELEREEA N RS a g HEEE T
e

5. &5 (Concluding Remarks)

ALEEE TR = EbTFerE - Bt P X BrasEED 11 EEEFE X
e TSI, R T HERALY A RIRTES  BH SO EE R  EE T - TR
5 PR A LI 5 e 3t 228 7(360,999 58 KI5 E S EANRH (L am AU SE SR GuEt » th ISR bR
TEREEM TEHEES ) A2 BEMEETIAEHEERENIM o A
SO U E PR fEsm bt — 308 > 81 Da San Martino et al. (2019)F7 £/ HI = AFT R4
vhZ SR FBAHE > NI ey o~ AT R 2 e & A IR o RAAESCIHEE
b TR & EEVERY SO - MRET i LRSI ~ HeE s Apil ] B B R B
PRIFAINEN ZF & -

DL Bootstrap b3 77 245 0 1250 2 TE M4 i i B 22 )\ B e S > (B A MR &K
Bootstrap EE¥fHH Z 178 - W[ REEHEE T4 - RPIRKKESERHIAEH AR
K B MAHACREE T AR - TR -



98 WHE &

AR E RS T S EETEZNIE - HAHEOeP R & S E —fTHIE
SRR EAVE TR - MARF R EMAET R L v SEH > SRR B R
SCEBMETTRRMN L RAWIP L Z RG] REMIFAEAERL TIAERZEE L > ATH
EREREC B BATAVIIG - WHRAUE PR 2 BERLAE - DU s e - B 0 ]
NEEFEFGCZEME > AR TR -2t Z gt - B AT Z 5
FEE R Bootstrap TR R E R - SR ETT AL - B E I tEs T BB L
FUIREEC Z vl REME » RS Ry R AT e 2 3R -

ASCATHES 2 EEF AR SRR E ST AL AERE" - IR H
AP T L RE I 2 BPAE o ARITERAGR S B pifY S ERRRC » WHHHE T H R 258
S OB EHECRAES ) - BB HIBEEACRIEEOR R - AR Z 5
Fik e
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Mgkl (Appendix 1)
F—REATECNE BNHEE AU ENERR,E5E /74 (RT3
)
Appeal to authority (ATA, SFeEMERD : ( 21 mEE BT ) (B ) T &5 |
MR ( AR ) PE BE ERE By &K g 2 EfEEHE T OKOF £
A o HHAE E4% Beg FEHEHE BIE &8 Bl% EHEHER 58 S &
& fAREE BRSO A S FEMHHER &R L 58 0y Hx Bk
Appeal to fear/prejudice (ATF, sfFzERVE) @ —
Black-and-white fallacy, dictatorship (BW, JEEEEIA) : {Ffo] — (& F#hE Y BHZFEX E1
oFF TR =M SfEm - NE BIE B B R EE B 8 &3k 2
Doubt (DT, E%8):H b =~ &8 F 2 WAk " 2% B K& , ? #HE 2 2 1 &
A2
Flag-waving (FW, mZA0H) ' BRE HE BE & AR 8 BRE BHX
YF RE RE TR OE RE RE EE RE EF B =3
B
Historical allusion (HA, SIFIfE) « E£REE FHH KZM EHE T 5] B AR
Loaded language (LL, H{EFES) © MAE Bk A iy " & Bk RE , B&=mE &
BB —EAT o M R E A =E OBE CEM AW weH PAFTEE B
| PR PERN HIE JEZE S A B RIEE BREMINk BRERINR - EERE OFE PP
KB BB FE I Bl —BI0T Bk f3R BE W A0 B S Kk
RIEH BT W 0 R RETR mEE kK %k AR B A B 1Y 2 58 AR
H fit BHR BA MHZF 58 8 BHL #23% (5F @SR - e MO s S8 5
E R K BE EE AR BE R M B BE &% sk 5H R Ei o
T MeE , BIRK K B BE iy BE R KR R 8% 8k 5 B
B EE BN W% ERER B R HE R Bk E TATRYE MR 4 EL
e B CERERE PRSI B mE mby SRRz #iE piE R B SRt R
Bl AE—FE KpeE - AR ERE U7 B & =R AT JEER R 0 RHY
WiE EUEENE BE s 188 ks R R 'EE R B0 & 98 7
M 18 TIZ BLUE - etk B &k 2 B Ek RE KR OM HEE R
e Mk JER BB R ANE KB BE W OER BUE B B BEEER B
H ORI BF K 517 A— 78 £ b5 —BIUT EFE 5% b 5 Mo
= B TR ffn B2AEGE 218 £ - B AR ME B B R Fn
BEE Bay PEER TR BOE (L R R bt BUD @R R WK W EIE HPE
FHFE &h T B B, R BE ERE Bl e SR B B buF R VAR
#dE T DL E B, ER - EE RS EE 2 B R RPTER B oE
B E ¥ B B whSR rHEEC EHREL WL PG REER o R SREE AR

!
N
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B Eh BRI K KEEH AR dab —EERE EEe Bt 28 i BkErsC EEE Rle &
T & BERE T R o, MEBL YEE | PR SR B E KWW 5 W B
FIEER B 48 2 B 0 mea b 20 —$#tRiin =8 EHE FIF ﬂf@'ﬁ v &
& Bh o Hie FFRaEE B KR BE e mE S ~F HH FE HE
HEIEAE X R EE O N & iU fE MIE R Be mE T BE
#a U ofmeE |, R B R OJREEE HEAL S PR %k RS

Name calling or labeling (NCL, REfE%R) : @ F 4o £ R >kl " & o, §
P EEkE T OBERE %4 0 T AR RE , BEEA TE G KE
B TR KB T JL B\ 88&E BIKF N E f9ESL M B M B EE
Ot fERE WY OB BUN B BOR B BK T & i— W B3 T SH
B T — & BE L U B Bl 2RT = PR ER BGE HE 88
HE BN " BB REM FH o, AR W ETF OBE A T AR AN R
¥ o, HEERE N BN B AR E T BEE UK ER N NE R R
WE B OEE HEHm RSN K RE MR A BRE & Az 7=l & #s 5
EE T OREEE , ¥ 4 K T b ER #EF 0 BoAt 40H A T B
X HLBE KIS 16 21 2 T wE ) L P B BRI B 88 N B2 T &
PE O, hEE T e HE EH  BLA K EME T B N BEA 0 W BUF &
F mE D N B T OsE B OER 2R B o k¥

it
ﬁ
"
H
A
S

%

Presupposition (PS, THEX1/%5) : F/A K & % EZ PAFEE ~ Wil #f8H 1 2 &
BEEg OB AERYE ? R EEFEME g AR ARBER 2 &
B W HEHR SF M0 T A CEE , ? AE B R EFE ? REE g
—E FE LB\ ? R E EAE - R BERE ? A B g FE
R MG 2 B N ERE ? E S8 SREA M 503 fipg ¥ OIREd R 7 Bl B WEE
FEEE ?BA SV FE N I A E DM EE EE #4E 2 BE E 2
AR ® T #h & , 1§ 2 B A 2 0k LRE 1§ 2

Thought-terminating cliché (TTC, & Samse) : A 3k Y RETEA » B EA 2 &

E 0 BEARE

Mi#k2 (Appendix 2)

FBEA AN SR E AT EU AR K B B, EeE /T o A F R )

Appeal to authority (ATA, SFEEMERD) @ B &&F M ks =2+ & WE b T F

B e, B @ RE R BG%h & B 1 Ak

Black-and-white fallacy, dictatorship (BW, JEEAEIH) 1 J8F (F] B{F #E B %8 =

HEF TZ BREIEE - R B OE A &R - FEEE 5 F HEE i s B $#

75:@ e B E R 2 REE N T RAL, 2 MAE 2?2 E @ ER SFF
EOE TR MR B OBRE 8 Wit R B3 Ak ? &R B4 R ZERK 2 FHiIRRE
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He mE KRE ? i R EE 2 88 E A 2 REE D T RRAMLR L 2T
7

Doubt (DT, E%E) - 4l 15 = # &8 L 8k 2 4 &3 &5 B8 5 & 581 °?
NOIE 4EE (T £ 1y 504 IEx: 2 ? X U0 BE BRAR B2E 2 g8 X &H
PRE B ®IR > & &8 FH M ? B MK gfg g > £ BE (T
& By AR EE ?

Exaggeration or minimization (EM, # AKE %) @ @il — 2 kig

Flag-waving (FW, S K0H) © " #6545 K% s, " 84 K RkRE | &8 1Y HE
= B ECFA Z TPP - Hlg EFE2REEXTHEREEN K& R
EEHE o HEg REOHMERE o T AR, T EHERE ) RE K EE
mE ®Bf Bk A% 19 Bl T &8 2IK(h #E | KERE RERE E 24
1 P2 # [EF] 2 K FE | | T 2R 8% 0 BRE B T AR
Historical allusion (HA, S{FFESE) © T SEHIE Eay , T Ao BE | ¥ $TE +
TR OFEE N AL E M o E 2 F OB T FAT 19 B Ea eSS
Loaded language (LL, s¥{ERES) © fien] 208 (Tl MEEE M1 A B R4 iR B
5 RS T OBUR MK RE B V] BE L e bUE Mt 5
% B AEAEEE @k £ 8 WX BB TR 28 RIR &4 BEEX FHE
R g BIEAE BFE BE ER EE R P BRE sl &0 iR =25
SR ERE DL BE Bl 815 0 RE thE R B UR BE - BE BT W
KE FREY P W ESEY MM B IR =L EAE BUE MRE By # B2 EH
= Xk BE Ry Te 588 SIEELE WE WE 2R BE M 85 —#E—
ng EEET BRE M8 ElE Uik RE R F5 Wme BF @k DL SE 5
BT HehE k4% Bhil EESE RE Sk BIERME EE Wme KK i 85 — 5%
A OFE %2 = f# LT K BW 5 W e ey e MP MG B 5t K
B OHAAE ER K B Bt O Bl m o T BE v R, BTER B
2 OPERE HEET. BEET B 5 BTER LR RIU LR AR mHE HiE |RE
EE % bk N KRE 2 b R FIE By RROE M B F BEREE K
REE $515 R FREES [EX Fis @ 86 o X 6F BE 8% 3l
T e Kk E2F By - #F RE BAEGFE o & Bk 5 #FRK
R #E P g ~E g SrELS - SR ARKXE EE R9F A2
FE MRS Ket B KB MR ERER ORE WAL KR EE PP OER
e T 6 B EE HEH BRE RE S M 8BS T R ER ) TR B E
W R EE —FIERE SR BUR 1B Ak SR JREL 2R ME S A RO
0 BRE Bua KEE KR e SR EE B > RA RAEEEE B RAR #E
£H18 BN WA Lduas] T T Wt B F 5 HIE S FIEZE L EE
Bk B I M OMIE R OAR R B o BEE 2 T OTHE T @ KA
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i © AN = e BR& B L (R mmER it F SN BB G ORE BUA
faik% B M8 HH Fdh BR flis i = Wid WE RF 1B/ 448 )5y
Wy v Mo FELE T BEE ER R B M RET R RE T OBEE
PhaR B R B MFESSE Bt AL FHITK 5% Wil KE B
BN B BLT i PR B3R Arik R EE R B8 A B0 1880 AMER
FHEH M R BN BV R RE RE R HE R b Bl —E R ROk R
FIsE B 5 B A o B FES WEe 4% BFE #T B EESE BE T T
Y RGE R KE BEAME 2 0 RE R R OES BRI
e ik

Name calling or labeling (NCL, RhfEE%) : " St &% T E2 FE | W g T
BHRY 0 IEFE Z BB H B B T B8 g Bo o W BR EHid
HOcHM FIENS T MR & B O RE AT, EEKE FIES T DL RS B
Z fir &b # BrEe b R S HEN N BRE K &= B & & &
TS E AN 2 RE M OARE 48 Sk 1 BE RE BE T KT OB
o, By EEE MR R B o0y R AR B 2 3 K RE K ok EE RE A
7 BE ERE DA 2 B RE B T MR & RE B

Presupposition (PS, FH¢178%): T HeH Elg , ¥t g8 FHE » T HE Hx 1§ ?
TOEE EZR , HE N RE KA AR ER I 2, EEREFNEMRA
J1 W7 R BiE A P BUA By gl s 2 R 2 U7 R EF KA HAK
kR REW ?2 W RS AN B R R RE I ZR RE B g R i
R B BC B B W 7 [H % E BUF RV B RTRL a1Bh o ESES UE °
R B B A RA W 2 X5 8 88 AF 2 8 B 88 AFf ?
B8 1 BUF Radl FTRL s B0 B BB G oK f5iE 0 7 &R B8 5 A
"R ATH — & T R ERN &, RGP B BES &b BEg B K
g 24 26 EE A  RE £ 84t 2f S3F E AR e ERT 2 ' A
EHEHEESEE " ZEE WA ? 8FE R DM BE N T ER
EFE , BE opoFE H fEe] o gy T 88 2 B8, > = HEIE pE
BT T Mg 0 e w7 7 #E RME CREE B9 1Y #E Sib RE R —
X ? EFNEK BC FreElE ey AN ? E K 2 TE [HEr &8 A TPP &
RCEP Z & ? SFAEHEN A ERE EHFEL ? 2 & Fa H
TR RE L o8 Ogt ? 2 SIF B Bra 1Y i 2 2 HE Of 2 BRE
R 72 B N A RRE BN B4E 1Y w2 B AR B4 K B
Hy (GRIE B 7 el JEE S4B AHA 2 B

Thought-terminating cliché (TTC, #&S5wag) @ A/ AHMAl Hah ZEMEERT
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