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Welcome Message from ROCLING 2020

On behalf of the organizing committee, it is our pleasure to welcome you to National
Taipei University of Technology (NTUT), Taipei, Taiwan, for the 32nd Conference on
Computational Linguistics and Speech Processing (ROCLING), the flagship
conference on computational linguistics, natural language processing, and speech
processing in Taiwan. ROCLING is the annual conference of the Association for
Computational Linguistics and Chinese Language Processing (ACLCLP) which is
regularly held by different universities in different cities of Taiwan.

ROCLING 2020 features two distinguished keynote speeches from the renowned
researchers in natural language processing as well as speech processing. Prof. Tomoki
Toda (Professor, Information Technology Center, Nagoya University, Japan) will give
a keynote on the “Recent Trend of Voice Conversion Research and Its Possible Future
Direction”. Prof. Hiroyuki Shinnou (Professor, Department of Computer and
Information Sciences, Ibaraki University, Japan) will talk about the “Use of BERT for
NLP tasks by HuggingFace's transformers”.

ROCLING 2020 is going to provide an international forum for researchers and industry
practitioners to share their new ideas, original research results and practical
development experiences from all NLP areas, including computational linguistics,
information understanding, and speech processing. To facilitate more cross-domain
communication and collaboration, we organize a special session on Natural Language
Processing for Digital Humanities with Taiwanese Association for Digital Humanities
(TADH). In addition to the regular sessions during the first two days, the Al Tutorial
organized by SIG-AI (Artificial Intelligence Special Interest Group) of ACLCLP and
the Science & Technology Policy Research and Information Center (STPI) will provide
Artificial Intelligence Courses that focus on speech processing and NLP applications
on the last day. It’s sure to be an exciting event for all participants.

This conference would not have been possible without the tremendous effort of
organizing committee and program committee who have worked closely to put together
the attractive and intensive scientific program. Their great achievements have
contributed much to the visibility of ROCLING 2020. We would like to express our
sincere thank and gratitude to all of them. Special thanks to organizers who have
worked hard to produce the proceedings, communicate with participants/authors, and
handle the registration, budget, local arrangements and logistics. Thanks to all
organizers including Program Chairs: Lung-Hao Lee and Kuan-Yu Chen, Tutorial Chair:
Hung-Yi Lee, Industry Chair: Chi-Chun Lee, Demo Chair: Syu-Siang Wang,
Publication Chair: Hen-Hsen Huang, Web Chair: Chuan-Ming Liu. Thanks to special
session organizer: Chao-Lin Liu, and the invited speakers: Jen-Jou Hung, Su-bing
Chang, and Wu, wan-yi. Thanks to all participants, authors, and program committee
members and reviewers who contributed their valuable time and effort to provide timely
and comprehensive reviews. Finally, we thank the generous government, academic and
industry sponsors and appreciate your enthusiastic participation and support. Wih the
best for a successful and fruitful ROCLING 2020 in Taipei, Taiwan.

General Chairs
Jeng-Haur Wang and Ying-Hui Lai



Keynote Speaker I

Toﬁmki Toda

Professor, Information Technology Center, Nagoya University, Japan

Biography

Tomoki Toda was born in Aichi, Japan on January 18, 1977. He earned his B.E. degree
from Nagoya University, Aichi, Japan, in 1999 and his M.E. and D.E. degrees from the
Graduate School of Information Science, NAIST, Nara, Japan, in 2001 and 2003,
respectively.

He is a Professor at the Information Technology Center, Nagoya University. He has
also been a Visiting Researcher at the NICT, Kyoto, Japan, since 2006. He was a
Research Fellow of JSPS in the Graduate School of Engineering, Nagoya Institute of
Technology, Aichi, Japan, from 2003 to 2005. He was then an Assistant Professor
(2005-2011) and an Associate Professor (2011-2015) at the Graduate School of
Information Science, NAIST. From 2001 to 2003, he was an Intern Researcher at the
ATR Spoken Language Communication Research Laboratories, Kyoto, Japan, and then
he was a Visiting Researcher at the ATR until 2006. He was also a Visiting Researcher
at the Language Technologies Institute, CMU, Pittsburgh, USA, from October 2003 to
September 2004 and at the Department of Engineering, University of Cambridge,
Cambridge, UK, from March to August 2008. His research interests include statistical
approaches to speech, music, and sound information processing.

He received more than 10 paper awards including the 18th TELECOM System
Technology Award for Students and the 23rd TELECOM System Technology Award



from the TAF, the 2007 ISS Best Paper Award from the IEICE, the 2009 Young Author
Best Paper Award from the IEEE SPS, and the 2013 Best Paper Award (Speech
Communication Journal) from EURASIP-ISCA. He also received the 10th Ericsson
Young Scientist Award from Nippon Ericsson K.K., the 4th Itakura Prize Innovative
Young Researcher Award from the ASJ, the 2012 Kiyasu Special Industrial
Achievement Award from the IPSJ, and the Commendation for Science and
Technology by the Minister of Education, Culture, Sports, Science and Technology,
the Young Scientists' Prize in 2015. He served as a member of the Speech and Language
Technical Committee of the IEEE SPS from 2007 to 2009 and 2014 to 2016. He has
served as an Associate Editor of IEEE Signal Processing Letters since Nov. 2016. He
is a member of IEEE, ISCA, IEICE, IPSJ, and ASJ.



Keynote Speech A

Recent Trend of Voice Conversion Research and Its Possible Future
Direction

September 24, 2020 (Thursday) 9:30-10:30
Venue: The Lecture Hall, GIS Convention Center

Abstract

Voice conversion is a technique for modifying speech waveforms to convert non-
/paralinguistic information into any form we want while preserving linguistic content.
It has been dramatically improved thanks to significant progress in machine learning
techniques, such as deep learning, as well as significant efforts to develop freely
available resources. In this talk, I will review recent progress of voice conversion
techniques, overviewing recent research activities including Voice Conversion
Challenges, and then, I will also discuss possible future directions of voice conversion
research.



Keynote Speaker 11

Hiroyuki Shinnou
Professor, Department of Computer and Information Sciences, Ibaraki University,

Japan

Biography

Prof. Hiroyuki Shinnou worked as a researcher in Fuji Xerox Co., Ltd. and Panasonic
Corporation during 1987 and 1993. He joined the Faculty of Engineering, Ibaraki
University in 1993, as a research assistant. After receiving his Ph.D. degree in Tokyo
Institute of Technology in 1997, he worked as a lecturer, and an associate professor in
Ibaraki University, respectively. He is currently a professor at the Department of
Computer and Information Sciences in Ibaraki University.

Prof. Shinnou has long been active in the academic associations related to natural
language processing, including ACL (Association of Computational Linguistics), JSAI,
and IPSJ. Now, he serves as the director of the Association for Natural Language
Processing (ANLP), and serves as the conference chairman in the annual conference
NLP 2020 this year, which is the most important conference on Natural Language
Processing in Japan.

Prof. Shinnou has published many academic papers in international journals such as
ACM TALIP, and Natural Language Processing (in Japanese), and international
conferences including ACL, PACLIC, LREC. His research interests include Bayes
statistics, machine learning, natural language processing and image processing. Since

he integrates theory with practice, he also published many books (mostly in Japanese),



which have great impact in related fields. Recently, he is actively researching deep

learning technology, especially transfer learning.



Keynote Speech B

Use of BERT for NLP tasks by HuggingFace's transformers

September 25, 2020 (Friday) 9:30-10:30
Venue: The Lecture Hall, GIS Convention Center

Abstract
The pre-trained BERT model has been improving states of many NLP tasks. I believe
that the use of BERT is essential when we build some kind of NLP system in the future.
Initially, it was hard to use BERT because the concept of the pre-trained model was
unfamiliar, and BERT was available only by using TensorFlow which is cumbersome
for beginners. However, today, there is the HuggingFace's transformers library.
Thanks to this library, everyone can utilize BERT easily.

In this talk, first I will explain what BERT is and what we can do by BERT, and then I
show some examples of the use of BERT by HuggingFace's transformers. As an
application, I will do fine-tuning of BERT for a document classification task.
Additionally, I will show the technique to learn just some of the layers in BERT. As
one of the improvements of BERT, the study on smaller BERT model have been active,
for example, QS8BERT, ALBERT, DistilBERT, TinyBERT and so on. Even simple
pruning of BERT is effective. [ will introduce these studies and show that some of these

models are available through HuggingFace's transformers.



Contents

Oral Papers

Analyzing the Morphological Structures in Seediq Words . . . . . . . . 1
Gated Graph Sequence Neural Networks for Chinese Healthcare Named
Entity Recognition . . . . . . .. . ... oo 4
Improving Phrase Translation Based on Sentence Alignment of
Chinese-English Parallel Corpus . . . . . . . .. ... .. ... ... 6
Mitigating Impacts of Word Segmentation Errors on Collocation Ex-
traction in Chinese . . . . . . . . . .. ... 8
Japanese Word Readability Assessment using Word Embeddings . . . . 21

A Hierarchical Decomposable Attention Model for News Stance Detection 35
Combining Dependency Parser and GNN models for Text Classification 50

A Preliminary Study on Using Meta-learning Technique for Informa-
tion Retrieval . . . . . . . .. .o 59

NLLP for the Understanding and Prediction of Construction Litigation
Based on Multiple BERT Model . . . . . . ... ... ... ..... 72

Real-Time Single-Speaker Taiwanese-Accented Mandarin Speech Syn-
thesis System . . . . . . ... 87

Taiwanese Speech Recognition Based on Hybrid Deep Neural Network
Architecture . . . . . . ... 102

NSYSU+CHT Speaker Verification System for Far-Field Speaker Ver-
ification Challenge 2020 . . . . . . . . . . .. ... L. 114



A Preliminary Study on Deep Learning-based Chinese Text to Tai-
wanese Speech Synthesis System . . . . . . .. .. ..o

The preliminary study of robust speech feature extraction based on
maximizing the accuracy of states in deep acoustic models . . . . .

Multi-view Attention-based Speech Enhancement Model for Noise-
robust Automatic Speech Recognition . . . . . . .. ... ... ...

A Preliminary Study on Leveraging Meta Learning Technique for Code-
switching Speech Recognition . . . . . .. ... ... ... ..., ..

Innovative Pretrained-based Reranking Language Models for N-best
Speech Recognition Lists . . . . . . . .. .. ... ... ... ...

Lectal Variation of the Two Chinese Causative Auxiliaries . . . . . . .

The Semantic Features and Cognitive Concepts of Mang2 ‘Busy’: A
Corpus-Based Study . . . . . . . ... ...

An Analysis of Multimodal Document Intent in Instagram Posts . . . .

Posters and System Demonstrations

A Chinese Math Word Problem Solving System Based on Linguistic
Theory and Non-statistical Approach . . . . . . .. ... ... ...

An Adaptive Method for Building a Chinese Dimensional Sentiment
Lexicon . . . . . . .

Nepali Speech Recognition Using CNN, GRU and CTC . . . . . . . ..
A Study on Contextualized Language Modeling for FAQ Retrieval . . .
French and Russian students’ production of Mandarin tones . . . . . .
Sentiment Analysis for Investment Atmosphere Scoring . . . . . . . ..

Exploiting Text Prompts for the Development of an End-to-End
Computer-Assisted Pronunciation Training System . . . . . . . ..

Combining Hybrid Attention Networks and LSTM for Stock Trend
Prediction . . . . . . . ...



Low False Alarm Rate Chinese Misspelling Detection Model Based on
BERT Task Model . . . . . .. .. ... ... ... ... ....

The Analysis and Annotation of Propaganda Techniques in Chinese
News Texts . . . . . . . . .

Exploring Disparate Language Model Combination Strategies for
Mandarin-English Code-Switching ASR . . . . . .. ... ... ...

Scientific Writing Evaluation Using Ensemble Multi-channel Neural
Networks . . . . . . .

Building A Multi-Label Detection Model for Question classification of
Auction Website . . . . . ..o

Email Writing Assistant System . . . . . . . . .. .. ...

Aspect-Based Sentiment Analysis Based on BERT-DAOA . . . . . ..

Special Session: NLP for Digital Humanities
Natural Language Processing for Digital Humanities . . . . . .. . ..

The Opportunities and Challenges of Natural Language Processing
Technology in the Field of Digital Humanities—Taking the Study
of Buddhist Scriptures as an Example. . . . . . ... .. ... ...

The Taiwan Biographical Database (TBDB): An Introduction . . . . .

How to Analyze the Related Materials of Traditional Chinese Drama
in the Early 20th Century (1900-1937) from the Perspective of
Digital Humanities—Focusing on Newspaper Databases, Record
Databases, and Script Collections . . . . . . . . ... ... .....

Optical Character Recognition, Word Segmentation, Sentence Segmen-
tation, and Information Extraction for Historical and Literature
Texts in Classical Chinese . . . . . . . . .. .. ... ... .....



The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
Taipei, Taiwan, September 24-26, 2020. The Association for Computational Linguistics and Chinese Language Processing

BV ERE S B EIENT

Analyzing the Morphological Structures in Seediq Words

#J1#% Chuan-Jie Lin®
BRI E R TR A
Department of Computer Science and Engineering

National Taiwan Ocean University

cjlin@email.ntou.edu.tw

KEEMS Li-May Sung’
EARVE=0 PNt
Graduate Institute of Linguistics
National Taiwan University

limay@ntu.edu.tw

JE =5 Jing-Sheng You, F-¥% Wei Wang, ZE(Ej Cheng-Hsun Lee,
BEF## Zih-Cyuan Liao
BT EEE AR E R TR A
Department of Computer Science and Engineering

National Taiwan Ocean University

{10857039, 00657120, 00657140, 00672042} @email.ntou.edu.tw

RS

JFERGE S IR IR R C H 2 2 FIE A - AR AERH & R (E RIGEHE 5 2458
SRR AR EREE R ORI E S TF - BEEGEP (b E

i Horp—REB oy EEE Ry 7R B SRR 5 - BESE R - TR ARG - SRR

e R - N RIS EER A A BeE 2R A G ZWI G B REREN P2

HEHYH BRI RS > PlEE E R EE -

T 38 {E& corresponding authors



The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
Taipei, Taiwan, September 24-26, 2020. The Association for Computational Linguistics and Chinese Language Processing

—(EEE s RS R g LUE TS S I E I s LR » & - RERAVEH AR EIR - 28000
s sE AR A s B RS s P M RE A B S B 2 BRIV A - SR
BIRYE > B s A T el s M A LR e aa) N E B R e R sa 2 _E Al Rt
15 o INIEAGSCHY 15 H AR 2 H BT B v s VIS S0 » (48 — (B v s R
SH R EERT > RESER AT A B s T IR AYATSR ~ ThER R BRAH G

tEAh > FE R A TR TP AR R S LA - e s S TP AT AR
AT > I AR SR R sa D 0 G B R B b FIEEE T BT ER R T 58
JFIE Jo Ry s A I R ASm S S PRa T A S A — (BB e sa Y R B R -
T Eh EFEAREREEEIEE T B UEE A ) MBI R R B GhF %

" EESTRB RSN = L R baA

BoHEEAS B AR MR RSB R AR A - A DU IEEISRAY 3R - S R Al
T A g th 255 6] — [P EalRy A [F B e e 4l - 18 SIS R ST AR
T SRS EAR R R A el S B AR S IR« sal SR R R T IR T A EAE IS RS
TR E: 98.66% > 1 4[] E: 88.29% o

ZBIAATERATE A R Ry IRl — (B 48T 55 ol BE T DASRAgE o 2 Fe A (5] Y R SR AH o if 728 A2 57 22
1B > R AR 223 7 =TT « TR ST 7 7A1% » BRI B ARS8
LB ORISR o R BARRA T A R IS 2 — o e (REEEER Sy o) » T — T
FRIFRL i R 7575 ) LA Lidstone smoothing SYREE 4 (FHFRIENIEE 1)  HISK
A B B (AR IERER By 76.92% -

Abstract

The issue of preservation and revitalization of the indigenous languages is gaining attention
from the public in recent days. Developing NLP techniques related to the indigenous
languages will help to preserve and promote these languages. Word inflection or
morphological forms in Seediq are plentiful. Major categories of the inflections are mainly
for representing the focus or aspect, such as perfective aspect, active voice, patient voice,
locative voice, etc. The focus system of the Austronesian languages is quite different from
Chinese. It is important to identify the information of focus or aspect in words if we want to

study machine translation among Taiwanese indigenous languages and other languages.

The morphological structure of a Seediq word consists of its word root, prefixes, infixes, and

suffixes. This kind of information cannot be obtained directly from the surface of a Seediq
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word. Dictionaries only offer the information of word roots. Furthermore, due to the rule
of vowel reduction in Seediq, the surface of a Seediq word is not the same as the concatenation
of affixes and word root. This paper focuses on automatically analyzing the morphological

structure of a Seediq word given its word root.

Moreover, there are also rules of vowel neutralization and final consonant variation. During
the research, we found that a word root would return to its original form when combining with
the suffixes. We define the original form of a root word as a “deep root”.  Since there is no
information about deep roots in the dictionary, this paper also proposes methods to predict deep
roots of Seediq words. The experimental data come from the works of Prof. Li-May Sung:

the grammar book “E{E v sEzE A NS (An Introduction to Seediq Grammar) and the online
dictionary “Z{HE v sE{E & ZE M 77 = (Tgdaya Seediq) from the Council of Indigenous
Peoples.

First, several morphological analyzing rules were created from the knowledge provided in the
grammar book. These rules were used to detect the occurrences of affixes. Deep roots were
learned from the set of different words referencing to the same root words. The mapping of
root words with their deep roots could be further used to derive deep-root-prediction rules for
unknown words. The rule-based system successfully detected the deep root and the existence

of affixes with a precision of 98.66% and a recall of 88.29% on the test data.

Because one prefix string can be divided into several different structures, we used machine
learning methods to solve the ambiguity. The best system was developed by bigram model
where grams were atomic prefixes. Zero probability in the bigram model was replaced by the
unigram probability (weighted by a), where the unigram model was also smoothed by the
Lidstone smoothing method (with an addition of A to the frequencies). The best prefix

analysis system achieved an accuracy of 76.92% on the test data.
BRI  FRETCEE o SR E BT - RERE - 2 8REREE B AES R

Keywords: Seediq, automatic analysis of morphological structures, deep root, natural language

processing for Taiwanese indigenous languages
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Abstract

Named Entity Recognition (NER) focuses on locating the mentions of name entities and
classifying their types, usually referring to proper nouns such as persons, places, organizations,
dates, and times. The NER results can be used as the basis for relationship extraction, event
detection and tracking, knowledge graph building, and question answering system. NER
studies usually regard this research topic as a sequence labeling problem and learns the labeling
model through the large-scale corpus. We propose a GGSNN (Gated Graph Sequence Neural
Networks) model for Chinese healthcare NER. We derive a character representation based on
multiple embeddings in different granularities from the radical, character to word levels. An
adapted gated graph sequence neural network is involved to incorporate named entity
information in the dictionaries. A standard BiLSTM-CRF is then used to identify named
entities and classify their types in the healthcare domain. We firstly crawled articles from
websites that provide healthcare information, online health-related news and medical
question/answer forums. We then randomly selected partial sentences to retain content diversity.
It includes 30,692 sentences with a total of around 1.5 million characters or 91.7 thousand
words. After manual annotation, we have 68,460 named entities across 10 entity types: body,
symptom, instrument, examination, chemical, disease, drug, supplement, treatment, and time.
Based on further experiments and error analysis, our proposed method achieved the best F1-
score of 75.69% that outperforms previous models including the BILSTM-CRF, BERT, Lattice,
Gazetteers, and ME-CNER. In summary, our GGSNN model is an effective and efficient

solution for the Chinese healthcare NER task.

Keywords: Named Entity Recognition, Graph Neural Networks, Information Extraction,

Health Informatics
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Abstract

This thesis presents a phrases searching system, PrecisePhraseBook, which provides Chinese
translations and example sentences of English phrases with a noun and preposition to assist
learners in learning English or Chinese. PrecisePhraseBook provides researchers a reference tool
for generating grammar rules. We propose a method for extracting Chinese translations of English
phrases from bilingual parallel corpora. We use statistical methods to extract translations of nouns
and prepositions from bilingual parallel corpora with sentence alignment, and then adjust the
translations according to the Chinese collocations extracted from a Chinese corpus. Finally, we
generate example sentences for the translations. At run-time, the user enters an English phrase
with a noun and a preposition, and the system retrieves translations and example sentences from
the database and presents the results to the user. The evaluation 1s done using randomly 30

selected phrases. We used human judge 1n assess the translations.

Keywords: Sentence Alignment, Grammar Patterns, Collocations, Phrase Translation
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Abstract

The prevalence of the web has brought about the construction of many large-scale,
automatically segmented and tagged corpora, which inevitably introduces errors due to
automation and are likely to have negative impacts on downstream tasks. Collocation
extraction from Chinese corpora is one such task that is profoundly influenced by the quality
of word segmentation. This paper explores methods to mitigate the negative impacts of word
segmentation errors on collocation extraction in Chinese. In particular, we experimented with
a simple model that aims to combine several association measures linearly to avoid retrieving
false collocations resulting from word segmentation errors. The results of the experiment show

that this simple model could not differentiate between true collocations and false collocations
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resulting from word segmentation errors. An ad hoc case study incorporating information from
FastText word vectors is also conducted. The results show that collocates resulting from correct
and erroneous word segmentation have different profiles in terms of the semantic similarities
between the collocates. The incorporation of word vector information to differentiate between

true and false collocations is suggested for future work.

BRG] - FERCEARIEL ~ o ~ SR

Keywords: Collocation Extraction, Chinese Word Segmentation, Word Vector

1 Introduction

A collocation, in Firthian sense, is a combination of words that tend to occur near each other
in natural language [1]. To measure the tendency for words to co-occur, various statistical
measures are proposed to quantify the association strengths of word pairs. These association
measures are often used to rank and extract collocations from corpora. As the concept of
collocation was developed in the western world, which has a writing system that clearly
delimits word boundaries, the adoption of the concept of collocation in languages where the
notion of wordhood is not clear necessitates a preprocessing step that segments the text into
sequences of “words”. Computing association measures based on the segmented text to extract
collocations thus requires an additional assumption—the word segmentation must return
correct results. Otherwise, the collocations extracted might be nonsense—instead of being
recurrent “word” combinations, the “collocations” may in fact be “character” combinations
that have a tendency to co-occur.

With the prevalence of the internet, large corpora constructed from texts collected from
the web has become common. At the same time, manual checking of the automatic
segmentation and tagging of the corpora to ensure the quality has become nearly impossible,
as the amount of data collected is enormous. In addition, out-of-vocabulary words such as
named entities, new terms, and special usage of particular subcultures frequently appear in web
texts [2], further casting doubt on the performance of automatic segmentation of the
constructed corpora.

Since manual checking and corrections are not practical solutions to counter automatic
preprocessing errors in large corpora, it is crucial to be aware of the negative impacts that such
errors could have on downstream tasks. For instance, collocations extracted from Chinese

social media texts may contain several instances of false collocations that resulted from word
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segmentation errors. Table 1 lists the top 16 collocates of the node word = ‘three’ retrieved

from the social media PTT (see section 2.1 for the data). Strikingly, the top 10 ranked
collocations in Table 1 all resulted from word segmentation errors. In other words, there are
only 37.5% of the word pairs in this list that count as “true” collocations. The others are not
even “word” pairs.

In this paper, we explore the potential of leveraging existing association measures,
originally designed to quantify the association strengths between words, to detect or filter out
false collocations resulting from word segmentation errors in collocation extraction. The
assumption is that false collocations may behave differently from true collocates in the patterns
of association measures. In particular, we explore the possibility of constructing a new
association measure from existing ones that is robust against retrieving false collocations

resulting from word segmentation errors.

Table 1. Top 16 collocates that have the highest tendency to co-occur (as measured by MI)

with the node word = ‘three” in PTT corpus.

Word1 Word2 Frequency Ml Rank | Word1 Word 2 Frequency Ml Rank
= &k 17 10.062 1 = 7T 219 9.154 9
HR 5 10.062 2 HH 18 9.022 10
HEE 7 10.062 3 Xt 24 7.559 11
FH5H 20 9.683 4 B’ 261 7.457 12
Nz 8 9.603 5 /N 2367 6.585 13
NG 52 9.496 6 b 82 5.655 14
fi5 ik 8 9.477 7 &} 95 5.563 15
DEl 12 9.325 8 7 716 5.377 16

2 Combining Association Measures

The purpose of this research is to explore the possibility of constructing a robust association
measure by combining several association measures, with the aim of mitigating the impact of
retrieving false collocations resulting from word segmentation errors in Chinese. Below, we
describe the data, the model for combining several association measures, and the training of

the model.
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2.1 Data

As a preliminary study, we focus here only on association strengths of word pairs occurring in
a running window of two (i.e., bigrams). The corpus used to calculate various association
measures was constructed from 36,000 texts from PTT forum?, which is one of the largest
online forums in Taiwan. The texts were collected from 12 categories (BabyMother, Boy-Girl,
gay, Gossiping, Hate, HatePolitics, Horror, JapanMovie, joke, LGBT_SEX, NTU, sex)?, with
3000 texts sampled from each category. The corpus was segmented with Jseg®. Word pair
frequencies were then calculated from the corpus.

Eight association measures—MI, MI3, Ml.log-f, t, Dice, logDice, AP1jp, AP2n—Wwere
calculated from the corpus. The first six measures follow the statistics used in the Sketch
Engine [3], and the last two measures, APy and APz, are directional association measures
proposed in [4]. The MI measure measures the ratio between the observed frequency (O = fag)
and the expected frequency (E = fa-fa/N) of a word pair (wa, wg) on a logarithmic scale. Since
MI tends to assign low-frequency word pairs (having low value of E) high scores, varients of
the MI measure are proposed to counter this effect. MI® achieve this by taking the cube of the
observed frequency to strengthen its influence relative to the expected frequency, and Ml.log-
f counters MI’s low-frequency bias by multiplying the M1 score with In(O + 1). T measures
the discrepancy between the observed and expected frequency against the square root of the
observed frequency. The Dice coefficient compares the cooccurrence frequency of the word
pair against the summed frequencies of the words in the pair. As proposed in [4], APz and
APz are different from the other measures in that they are “directional” while others are
“symmetric”. That is, instead of assigning a single score that indicates the strength of “mutual”
attraction between a word pair (w1, w2 ), APy and AP21 assign two separate scores to a single
word pair—AP12 indicates how predictable w1 is given wz, and APz indicates how predictable

W2 IS given wi.

MI = log2(O/E) M3 =logz(O3%E) Ml.log-f = MI-In(O + 1)
t= (0 - E)/O%® Dice = 2-fag/(fa + fg) logDice = 14 + logz(Dice)
AP = p(w2 | wy) - p(w2 | not wi) AP1p = p(wz | W2) - p(wz | not wy)

Figure 1. Formula of the association measures used in this study. fa is the frequency of a word

! https://www.ptt.cc/bbs
2 https://www.ptt.cc/bbs/{category}
3 A modified version of Jieba trained with Sinica Corpus. https://github.com/amigcamel/Jseg
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wa in the corpus; O (or fag) is the observed frequency of a word pair (wa, wg); E (equals
fa-fa/N, where N is the corpus size) is the expected frequency of a word pair (wa, wg); p(Wa |
ws) is the probability that wa occurs before wg, and p(wa | not ws) is the probability that wa

occurs before words other than we.

Due to the limitation of computing power, only word pairs with one of the words being
a single-character word occurring in the Chinese Lexical Database [5] were calculated for the
association measures. In addition, word pairs with frequencies below or equal to 3 were
excluded from the calculation. This resulted in a dataset of 334,686 word pairs with their

corresponding eight association measures.

2.2 Model

As a preliminary investigation, the model used in this study was intended to be simple and
transparent. The model Mcoms IS a simple linear combination of several association measures,

as shown in equation (1).
Mcomb = a1 M1 + a2 M2 + a3 Mg + ... + an- My (1)

In equation (1), M; is the percentile rank of one of the eight association measures mentioned in
the previous section, and a; is the weight of M; on the model Mcomb. The weights a; are
determined by a grid search [9] that finds the best configuration of (a1, 0, ..., 0n).

The goal of the model is to retrieve a list of collocations that has a low portion of false
collocations resulting from word segmentation errors. To achieve this, we score the model
during the grid search as the portion of “correct” collocations in a list of top n collocations
ranked according to Mcomb. “Correct” collocations are defined as collocations that (1) do not
result from word segmentation errors, and (2) have ranks below 100 in at least m association
measures (the parameter “low rank num” in Table 2). Word segmentation errors are defined
using a dictionary constructed from tokens in ASBC [6], lexical entries in the Chinese
dictionary compiled by the Ministry of Education®, and Chinese Wikipedia page titles®. A
word pair is defined as a false collocation if it results from a single lexical entry in the
dictionary that is split apart due to a word segmentation error. Note that this definition is

limited in that only a certain kind of word segmentation errors (e.g. “Z% | F£32”) is captured.

4 https://github.com/gOv/moedict-data
5 https://dumps.wikimedia.org/zhwiki/20200620
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Other kinds of segmentation errors such as “Ei'E & | #1”, which segments a string of two
words (“BE'E” and “E{”) into two words in a wrong way (“E5'EE.” and “#£7”), would not

be captured by this dictionary checking approach. This restricted definition is a compromise

since a more precise definition would require costly human annotation of the word pairs.

2.3 Training

The dataset described in section 2.1 was split into 80% for training and 20% for testing. The
training set was used to perform the grid search to find the optimal weight configurations for
the component association measures. For each iteration (a set of weights ai), an Mcomb SCOre
can be calculated for each word pair in the training set. The top n collocations were then
retrieved according to the Mcomb scores, from which a score (the proportion of “correct”
collocations) could then be assigned to this weight configuration. After the grid search, weight
configurations with the highest score were then used to retrieve the top n collocations from the

testing set, from which the model was evaluated.

3 Evaluation
To see whether combining several association measures in a linear fashion could improve the
results of collocation extraction, we evaluated the top n collocations retrieved by the model
against the top n collocations retrieved by each association measure constituting the model.
Ninety percent of the testing data were sampled and used for the retrieval of the top n
collocations. For each set of top n collocations retrieved by the model and its component
association measures, the proportion of “correct” word segmentation was calculated. This
process was repeated 100 times, and the distribution of the proportion of the “correct”
collocations for the model and its component association measures were compared.

Several configurations of the model were tested, most of which show qualitatively
similar results. In the following sections, we describe two versions of the model—one
consisting of three component association measures and the other consisting of eight. Table 2

summarizes the models and their performance.

3.1 Model 1: Linear Combination of Three Measures

The first model is a linear combination of three association measures—MI, logDice, and AP1p:

Mcomb = a1 - Percentile(MI) + a2 - Percentile(logDice) + as - Percentile(AP1p) (2

13
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3.1.1 Model Parameters

During training, the weight configurations (a1, o2, az) were searched over the space:
{(i, 3, k) | Vi, j, k € S}, where S={-1,-0.95,-0.9, ..., 0.9, 0.95, 1}

For each weight configuration, 20 collocations with the highest Mcombn Scores were retrieved.
The score of a weight configuration is the proportion of “correct” word segmentation in this

list of top 20 collocations.

3.1.2 Comparing with Single Association Measures
Training with these parameters resulted in eight weight configurations that reached an optimal
score of 0.7 in the training set. For each of them, the distribution of the proportion of the
“correct” collocations in the testing set is shown in Figure 2. The optimal Mcomn model on the
testing set has a mean of 46.7% “correct” collocations.
Retrieving the top 20 collocations with the component measures of the Mcomb model,
on the other hand, yields better results—two of the three measures performed better than
46.7%, and even the least performant measure (MI) has an average score of 45.9% (Figure 3).
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Figure 2. The distribution of the proportion of the “correct” collocations retrieved by each of
the eight optimal Mcomb Scores in the testing set. Among these eight optimal weight

configurations (on training set), the configuration 1.0 - Percentile(MI) +
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0.05 - Percentile(logDice) + 0.0 - Percentile(AP1p) (the subplot in the 3rd row and the 2nd

column) achieved the best performance (46.7% “correct”) on the testing set.

Mean: 0.459 Std: 0.039 Mean: 0.784 Std: 0.081 Mean: 0.534 S5td: 0.049
50 L__ deltaPl2 N |ogDice

Frequency
&
Frequency

10

04 0s 06 o7 08 09 04 05 06 or 08 09 04 0s 06 o7 08 09

Figure 3. The distribution of the proportion of the “correct” collocations retrieved by each of
the component association measures of the Mcomp model—MI, APyp, and logDice. The
component measures, at least for 4P1)2 (the center subplot, 78.4% “correct”) and logDice (the
rightmost subplot, 53.4% “correct”), performed better individually than combining together

into Mcomb ON the testing set.

3.2 Model 2: Linear Combination of Eight Measures

The setup of Model 2 is identical to Model 1 except that there are now 8 components in the

model:

Mcomb = a1 - Percentile(MI) + a2 - Percentile(logDice) + as - Percentile(APyp) +

o4 - Percentile(AP2p) + as - Percentile(MI®) + os - Percentile(MI.log-f) +
a7 - Percentile(t) + ag- Percentile(Dice) 3)

Due to the huge search space resulting from the eight weight configurations, instead of a full
grid search, 1/10,000 of the search space was sampled and searched on. In addition, the space
of the possible values for oj was set smaller to S = {-1, -0.875, -0.75, ..., 0.75, 0.875, 1}.
Evaluated using the procedure identical to Model 1, Model 2 showed no qualitatively
different results. Several configurations of the parameters of Model 2 all resulted in models
that do not perform better than their component association measures, again, showing that
combining several association measures in a linear fashion cannot protect the model from
retrieving false collocations resulting from word segmentation errors. Table 2 summarises

several parameter settings of Model 1 and Model 2 and the results of the evaluation.

Table 2. Parameter settings and performance of the models in the experiment. For most
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models (except 1-3), the performance is worse than at least one of their component measures.

Parameters Training Testing (max correct % )

AR s
1-1 | MI, APz, logDice 20 2 {1,-095,..,0951} | 101 0557 0.568
1-2 | MlI, AP1p, logDice 20 2 {1,-0.95, ..., 0.95, 1} 8 0.462 0.794
1-3 | MI, t, logDice 20 2 {1,-0.95, ..., 0.95, 1} 261 0.632 0.555
1-4 | MI, MI3, t 20 2 {1,-0.95, ..., 0.95, 1} 436 0.504 0.554
2-1 | All 10 1 {-1,-0.875, ...,0.875,1} | 10 0.613 0.796
2-2 | All 20 3 {-1,-0.875, ..,0.875,1} |3 0.503 0.793
2-3 | All 20 2 {-1,-0.875, ...,0.875,1} |1 0.552 0.787
2-4 | All 10 2 {-1,-0.875, ..., 0.875, 1} | 13 0.632 0.797

4 Discussion

As seen in Table 2, generally, the model performs worse than its component measures. The
only exception is Model 1-3, which by combining MI, t, and logDice, attained better
performance than its component measures in 3 of 261 weight configurations. Hence, at least in
the case of MI, t, and logDice, the combination of association measures may lead to better
collocation extraction.

The general failure of the model suggests that if combining association measures could
indeed capture patterns of word segmentation errors in collocation extraction, combining the
measures in a linear fashion is too simple to capture these patterns. One direction for future
research then is to use more complicated models, such as adding interaction terms to the model
and see whether these more complicated models could capture word segmentation errors in the
collocations. This approach, however, suffers from the exponential growth of the search space,
making it computationally expensive or even impossible to find the optimal configurations.

Another direction of future work is to incorporate information additional to association
measures into the model. Word vectors are promising candidates for this direction of work, as
word segmentation errors might result in nonsense “words”, and these nonsense words might
reveal themselves from the pattern of semantic similarities between normal and nonsense
words, and between the words in each of these categories. To confirm our intuition, we carried
out a pilot case study to inspect the semantic similarities among the words in two lists of

collocations. The word #£ ‘Lin (family name)’ and = ‘three’ were used in the two lists
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respectively as the node word, and their right collocates were extracted. For each of the two
lists, collocations were extracted using seven measures (the eight measures except Dice
mentioned in section 2.1)—20 collocations ranked as highest were retrieved for each measure,
resulting in a list of 140 collocations (with duplications). Then, collocations that appeared less
than 3 times were removed from the list (i.e., a collocation needs a rank of at least 20 in at least
3 measures to retain in the list). We then calculated the semantic similarities (cosine similarity
of word vectors) between all words with FastText pre-trained word vectors [7]. The results are
represented as network plots shown in Figure 4 and 5. The node in the network represents a
word (either a node word or its collocates) in a list of collocations. The thickness of the edge
between a pair of words indicates the degree of similarity between them, with higher similarity
represented by a thicker edge.

One feature that instantly pops out from the figures is that correctly segmented
collocates (blue nodes) form clusters. That is, these collocates are similar to each other in terms
of semantic similarities as measured by the cosine similarity of their word vectors. On the other
hand, collocates resulting from word segmentation errors are much more spread out throughout
the network. This contrast between correctly and erroneously segmented collocates makes
sense since word vectors are known to capture the extent to which words are replaceable (i.e.,
second-order, or paradigmatic, similarity) [8]. Thus, the collocates appearing within the same
paradigm, such as M{[EIE2/ZAM/EE 4=} or ={INL/24/1R/FFVIN\EE}, are expected to have
high pairwise similarities. Word segmentation errors, on the other hand, distort the well-
formedness of the words, which may result in noisy patterns in similarities between these
anomalous words, and the patterns are likely to vary case to case for collocations retrieved with
different node words.

This simple ad hoc study, which shows that erroneously word segmented collocates
may have a different profile to correctly segmented collocates, thus hints at a potential direction
for future research by incorporating word vector information to improve the quality of
collocation extraction. In addition, this pattern of similarities between collocates, which is
observed in collocations that are defined with word pairs occurring in a window size of two
(bigrams), is expected to generalize to collocations defined with word pairs occurring in larger
window sizes. This is because the pattern observed seems to result from the well-formedness
of the collocates. As long as word segmentation errors produce nonsense collocates, this
approach is likely to capture the pattern of semantic similarities between true and false

collocates.
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BRX

Figure 4. Semantic similarities between right collocates of #£ ‘Lin (family name)’. The
thickness of the edge indicates the degree of similarity between a pair of nodes (edges with
higher values of similarity are thicker). The orange node indicates the node word. Blue nodes
indicate words of collocations that are correctly segmented, and red nodes are words resulting

from word segmentation errors.

A

R =4

el

Figure 5. Semantic similarities between right collocates of — ‘three’. See the caption of
Figure 4 for the meaning of the edges and the node colors. The nodes JE &, A= 52, JHEE

are isolated (i.e., similarities with other words cannot be measured) because word vectors of
these words cannot be constructed due to the absence of necessary subword information in

FastText pre-trained model.
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5 Conclusion

Word segmentation is an important step in the NLP pipeline for Chinese, as the result of word
segmentation largely influences the downstream tasks in the pipeline, such as PoS tagging,
NER, and collocation extraction. In addition, with the prevalence of the internet, large corpora
are constructed from texts collected from the web. With automatic word segmentation and PoS
tagging performed on such large corpora, it is nearly impossible for manual checking on the
correctness of such results. Thus, it is crucial to explore ways to mitigate the impacts of
erroneous results stemming from such automatic tasks on downstream tasks.

In this paper, we investigated methods for improving the results of collocation
extraction in automatically word segmented Chinese corpora, which suffers from retrieving
false collocations resulting from word segmentation errors. A simple model, which combines
several association measures in a linear fashion, are explored. Experiments with the simple
linear model show that this model could not capture the necessary patterns to distinguish
correctly word segmented collocations from erroneously segmented ones, as in most cases, the
model performed worse than the association measures constituting the model. Facing this null
result, we explore the potential for word vectors to capture the patterns of word segmentation
errors in a list of collocations. An ad hoc case study of two lists of collocations shows that, in
a list of collocations retrieved with a node word, correctly word segmented collocates are much
more similar to each other in terms of semantic similarities computed from word vectors
compared to erroneously segmented collocates. In future work, a study that investigates formal
methods of incorporating word vector information to mitigate impacts of word segmentation

errors on collocation extraction is suggested.
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A LISEI2. 5 BRI -
Abstract
In text analysis, text readability has been an important research topic for many years. However,
most studies focus on the document readability rather than the word readability. To decide the
readability levels of words, linguists need to spend a large amount of human effort and assessment time.
The most challenging problem faced in the task of automatic word readability assessment is the lack of
research on readability for each word. In this study, we propose a novel assessment model for word

readability called WR-KNN based on the word embedding technology by calculating the word vectors
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and classifying them with a k-nearest neighbor model. Since the resource of word readability corpus is
rare, this study uses a Japanese corpus to discuss. The experimental results show that WR-kNN can
predict the word readability with 42.50% accuracy. Compared with a co-occurrence-based approach,

WR-KNN can achieve an improvement by a factor of 2.51.

Ay HEEEREENE > SRR > HAAESRE - REERTE

Keyword: Word Readability, Word Embedding, Natural Language Processing, performance evaluation
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Algorithm 1 kNN classification
Input: ¢;: target word; W': vocabulary with readability ; k: # of nearest neighbor;

Output: [;: readability level of ¢;;

1:for (t;,l;)) €W do

2:  calculate the similarity Sim(¢;, t;);

3: end for

4: Sort W according to the similarity;

5: Count the number of occurrences of each class [; among the k nearest neighbors;

6: Assign to t; the level l; which is the most frequent class;

[El4 ~ KNNIPREEDE ©
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SR - S DA S B Y AT R M o AR > FIFIAT R [ B AVRHE - fERKNN
Trifes et —(EH Y B AT R MR A RS A SR 22 E I WR-KNN o 8 B IL3R 385
Ayt E T AT TR - EERAE TREEUR » WR-KNNAY B AT M o0 e R i %% ] DA E]
42.50% - EEARY BRG] BN SOEE SRR R A R UG R SUERIEGE -

FEARIRFEIAE T - FeMIFHE TR oAt ) SRS iEeaT - i RETR A A T Y AE R
SUAE © Pl IR AEE A SR B 2 SORARHET TR SRELAIG » A SERES IR M8 K B SUARAY ISR -
RE SR AR B HHURE R R (4

ARG i}

AW ZEREHFHRCE T E4RSE MOST 109-2221-E-155-028 #i {7 3F
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A Hierarchical Decomposable Attention Model for News Stance

Detection
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TS

ISR H B R A8 — R RSB SRR IS 2 T ~ B E S -
BEIE(EAS B E 28BS #EEE (Natural Language Inference, NLI) (ER53(L - H ARG E /{1
BT FIETNE 2 MR SRR SRS ~ PG RR o AsesC LU R ISR R R
HAVERME /2% - (EERE AT SCEE LB R SRR E B NS - B RHE
AR T -7 - AR Em (2 Hierarchical Decomposable Attention Model /i
DTSR - LA+ B BAL D BRI S = - Wi AL)S Decomposable
Attention HYJFEER Y, S & Y ARl B e S RE U RR (% - ST EDRER IR -
MBI AV - W T B AEaOi il ¥ S SR m 15 - DICE AT RE - B EaAS
REUR - FAPTHR AV A EE (B Eo A -

Abstract

The goal of News Stance Detection task is to detect whether the stance of a news article is
neutral, approval or opposition with respect to a given query. The task is similar to Natural

Language Inference (NLI) task, which aims to determine if one given statement (a premise)
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semantically entails another given statement (a hypothesis). Since most news articles hold
neutral stances with respect to the given query, the training data is often unbalanced. In this
paper, we proposed a Hierarchical Model based on the Decomposable Attention Model for
NLI tasks to compare individual sentences with the given query and jointly predict the stance
of the complete article. For the data imbalance problem, we heuristically create opposite
gueries and label supporting news articles from unrelated ones of the original query to
identify unrelated news articles. The experiment result showed that the performance of our

architecture is better than other models.
BESEE - BrRATIGYES > BAAGESHEE > BEOMT o JEE I

Keywords: News Stance Detection, Natural Language Inference, Discourse Analysis,

Attention Mechanism.

—~ =
W I:IHH

FEHT N5 (News Stance Detection ) H - FfM AR 45 & S8R SOR I SCEE - XA
BT R T R 1355 B R T B R R () RGBT - AL CUP 2019 HUTREITIG IR 8 »
Bk #E— =52 (EHE R A RS (R SRR CE R B e
B8 L1785 — S RIS CE - B BRI A BB S A (AR5 (R E A T
BAEF RS © B T RO PR BRI AT R 4 ST - B 1L SR FaR s E
BB SRE H DU AESC I AU AR - Fo— Ry TR EEALER AR SR & L] - FEE R
Eratoed ~ WTEICE DL S R B HIERAREE - AERHERYER D > EIREALER A MAP@300( Mean
Average Precision at 300 ) f5REAREEAL Z4R8RUBE - MAP@300 FY(E /5~ 0 B 1 2 [ » {HAX
oMY SR - BRI AR 2 S -

HATE SRR SRR 3T 2 TR 5, > 40 Solr A1 Elasticsearch » J7{#Fk ("
FRIG AT E Sk s AHRIEY S - 28000 - AEFHBRRY SO PP Ersd s A LR
REAHRR - AH LS AIE S AT IS S » (072 —HY D1 » Z NS HEZAEL T BRATAEA fry M ik B
AUREMERE - (BEE T T SRR ORI ML il > NI S RS T SR AT
R RINELES | VR EAE SRS - I HAEEC A Irrelevant
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£ - FEILE ]
Query  FFEBRATAEAEI RS
A 521K I P 7 L s B A T 5 P B ... R T

Pl st s s o SR R - - Irrelevant
oy  TTEESBUKRIER RS HCERRE - BRI

e JmEAVE T FRtEZER T RIE L -

RIS ARG SRS HAAE L A el A EERE R - Phs—E4s
TEHIBRIL (premise ) {EREFR LB E4Rk 55— BRI (hypothesis) « 21 » FHFSHT S E S
NHZ TSR (RE) > Kt - EERERE R CESERE > MR % B3
R EHE )T B RE R R R (B R AR KA S T > A0fel 2545 & B )T R RE R 4
Bl o LLUSGE ARV A% (Discourse Relations ) il Ry ATEE SN EE L iz © 55—
JiH A LU LS R S B R LB R E Rdl I 2 275 (ISR &k
H s ST N A B REN 1285 R BV ERIELBITR D - BRI GE R ISR EIR 5 » 2 ATE
ERHIR S~ BR -

R LRI RERE - ${f£27% T Decomposable Attention Model[1] » #&HE% A 5 ¥
i A\HY R (i &) T 4Rti5 AR H] TR (Sentence Representation) » W45 & Durmus ZE A[2]
TENLSS MR R R T e e U 2Ry ARU% - $2H1 Hierarchical Decomposable Attention
Model » [& = B ) BRI (% o $HE BRI PErAIREE - FeMetE o
AHT AN A SIS M AR E R R &R FE R HE IR AE R &R AYRIAE -

=~ HHEADTFE
(—) Natural Language Inference (NLI)

1F NLI AHREHIRHSE H » Parikh 25 A F2H Y Decomposable Attention Model[1]- &5 A SR 1Y
RESIHT AL A 2 - s 28 EL S © Attend ~ Compare DLk, Aggregate —{[EHE} ) » i
AR WA F (PlafibZR) » it R i & BER T (LLy=RoR) - Bt » 1F Attend HYH]
73 ¥17% (soft-align) afbrf 45 - B£E - 41 Compare HYHES > & LR A HY A 7-F1_EAH
B ArE T RV 5] EX( aligned subphrase )- i 1% » 1. Aggregate HYH 73 €74 & Compare
A& S Y B 1 AVAREC « AEE BB A R4 - HIJY Decomposable Attention Model
Frasall| SR 285 /) - )l SR AN IR R s A - (B SRR A REE B LAt B R (E AL < 2877
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Y EEZRANIET - HIEREEE T RN maHRS -
(—) Stance Detection

1534 (Stance Detection ) BB —EF A TLIGHYSCA  RERE EE (20 588,
) BT (A0 BRECE ) FYRTRE o H RTEEA LIS R RS B E]
PLorpk =fEsER[6] » 47 HI:E : Generic Stance Detection - Rumour Stance Classification [}

2 Fake News Stance Detection -

Generic Stance Detection HJ{5F- & SemEval 2016 stance dataset[7] > 3% & RHEENEE
Bl — BRSO DU H AR PHAERSHT B AV ELEAR S DL sk B R & B B AR
IIE5E favor ~ against BiE: neither - Eil Rumour Stance Classification 8y R 58 H AT
RumourEval task[8] » sZ (LB VVEMRIBEEFES (rumour) HYZREHESCHI[E — 3 EH4R A2
HIHESL > R EFEEARAR Y HE SR S L5 8L supporting ~ denying ~ querying BX,
& commenting  Fake News Challenge N353k (55 (A5 R el (Bo IRy 0 B -
H B2 B — (AT AR AR E ERFT & A L5 BB L A4 - 113577 Ryl -
agree F L ENFEENEANIY—5 disagree T ) EEN BN 35~ —8L discuss

TR BENESmENE-E - [HRN&HF 1138 5 unrelated TR L ENE G Ao imENER—E -

Durmus £ A[2I'EF | S5 E1LGHREAIEFS © Claim Stance Detection © 1-3% (175
t o QVEIREE Argument Path ERYFTIRWA(E T o5& » HIET&ERY IS 2 S S i -
EERGEREUR - EElE/E=0 (hierarchical ) [fi3EFHZ (flat) 2K Argument Path |
HIAN AT LLUEZ BTSSR -

(=) Discourse Parsing

REITEITRER 0 2 MR B REGEENGERRM G I TR ET SR ENERS -
s EIMT (Discourse Parsing ) 1584 DISEECATHY i B HIATEERHEE/E Foall SREDR] » 209520
Rhetorical Structure Theory (RST)[9]F1 Penn Discourse Tree-bank Project (PDTB)[10] » Hij%& LA
fHIRGERE (tree structure ) RFEREE 4] 2 EIAVRAN - 128 LI IHESHE(flat structure )
Ton oA U RE R SRS =B RE SR Y W (8 &) 7 2 SV 8% © F13CHY Chinese Discourse
Tree Bank (CDTB)[11]5BHEEHIJEE RST AL > LUSHRAE SR TR R B R (4 - AR I -
SR (Causality ) ~ #8#f7 (Transition ) ~ fi#&5fi (Explanation) DLRl%1 (Coordination ) ©
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RELINTH AR SVUED SR - RARERUAUIE - Bkl - AR A
REEC DA S UL BAR IR « EEAR E B ( Elementary Discourse Unit > EDU ) » X ff Fy+4] »
R ESINTRE LAY FEES - R EITE 1% 0 FTE A g LIRS R RHR A E R - &
1% » FEECHIAT S AR 1 2 [EIAYRH % (Sense Label ) (%01 MG51 ~ RIS ~ BEHT /AR )
LUK R R {RIEEC (Center Label ) (4 ¢ R UEREAERT ~ FEREAETE ) -

= ~ AR

ISR B Y R RIS S E Y S EE B WS & I 52 A ] - AR L
FefMFEH Hierarchical Decomposable Attention Model - &4t » Z:jY Decomposable Attention
Model[1] » ¥t A BT R {E 5T T 4RI A B AJ ¥ 72~ (Sentence-Pair Representation ) -

» 52 %] Durmus Z£ A [2]1E Claim Stance Detection (£ H {2 T P& /@ ={4eREn B S » B
MILAPE =Y 5 2R BT SCE - i i SO oy &) R L R R % - 2T FIE S =
BRI < TR T35 A5 FH A - A ZR RS — P » & 1 AU 597 - Embedding Layer ~
Intra-Sentence Attention - Sentence-Pair Encoder [/ 5 Prediction Layer o F57I g A T
[ S EE BB TR i Ry BRI A S AR R B 1L S 2 S (] -

P(same_stance|snt_pair)
A
Prediction [ Fully Connected Layer

Layer f

Concatenate

)
[ ]
Sentence-Pair { w1 Dﬂj Dﬂj

IIIIIIIIIIIIIIIIIIIIIIII

Intra-Sentence -
Attention [ Intra- ][ Intra- ]( Intra- ][ Intra ] [ Intra ]( Intra ]
Attention Attention Attention Attention Attention Attention

Encoder

Embedding t t
e o 3 R o e [ I

o4 b

I S - L

snt_pair, snt_pair, snt_pairy

[&— - Hierarchical Decomposable Attention Model ZEf#[E]

(—) Input Representation

g AR BT R e > DU(Q, D)FET DS TnfEA T DD = {8y, ..., Sy}
R B BRI EI TSRS 50 DlyFm  JISERLIES{QM™, D™, yMIN_ =57
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Hrpy € {0,1} - FHHSSCEFIIRE Ry 53 (B8 T J1ESCEE dhnlpe Bl & B R fi
BREIER Sy PRILERTE S DL T EE » (8P BERU(E )T > PAR = {Sy,, ., S, JFT 0 fic
RO EIN A TS o By TRIERSE > BMIOR; = Sp, > WLAR = {Ry, ..., R JFRNHIE
HUE(H kA )5 o

1.  Original order: fRIB S F1E X EHRIFEHINER » BERHTR(E )T -
2. Cosinesimilarity: fRIEEME ) FRIZERYEE R A (Word Embedding ) » &R & 7 [H]
ERZALIE > RSB DUEHET - SR Tk (SR Oy A) £ -

3. Discourse parsing: {fi F /& &2 #1157 RYNN-CYK2 Seq-EDU + self-attentive Model[12]
BRERET RSO - A AR I ER 1) - BAAEEEC (Sense Label ) FIHULBA(AEEED (Center
Label ) - FHFYFRAMEE Ry 275 “Causality (AISR)”#1“Transition (#54f7)" [ {5HY &) T FESCE
T EFRAHEENVEN - NEERMETEERGRT k #4585 “Causality ()" HI
“Transition (#]7)" Bl (A HY 014 -

B TEBERUF AT TMILARESCE TP R ) T ECEsnt_pair; > {F R BRAUHER A -

1. Parallel: &% @ Q Bl 4 {H % 2 H | #Y &) 7 R={Ry,...R.} It ¥ - ¥ ik
{@ R, (@R, (Q RO} -

2. Series: i Q€ BLR, Fic ¥ - #LEE HUEI Ay &) 7 R AR IR IE 7 B - P2 Bk
{(@Q R1), (R, Ry),+,(Ri—1, Ry}

(—) Embedding Layer

FHERE BmeRiEQMIEY TR, » DAFISREFHY Word2Vec AR REHEREI A& - 7351
BQ = (g1, -, @m)FIRs = Wy, ..., w), Vs €[1, ..., k] > q;, w;€R™ > d,, By Word2Vec 57
HIHERS -

( =) Intra-Sentence Attention

TR E A S EFE AR E - S AR S E AR - WAL Q)FTR > ¢ /A
— (&) 8 5 ] R A A A P G Fiy e R SENTEIVEE SR 5 7508 softmax ZEE > 7EH
JEARM G S TS &R > 15q flw] - FEREMNEE T > FITEEA G A 28
qiAlw 3H R - (F Ry ivEl A & > Phqi=1qs, qi 1 fw;=[w;, wi1FoR - Hrpr> Wy eflb; € R
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& Ryt Al T RAY 228 -

Cij = Fintra(Qi)TFintra(Qj)

T (1)
Fintra(CIi)zReLU(Qi Wi + bl)

m
gl = exp (Cij) B
l k=1 €xp (Cix) J

(2)

(PO) Sentence-Pair Encoder

FfM{i F§ Decomposable Attention model[1] ( LLDAZFR R ) {E /B Sentence-Pair Encoder » £}
¥snt_pairifE{T4REELARUS S EN A mus € R o fi% > Tl A 2B A
Fu € R > 41D R AR
ug = DA(snt_pairy,), vs €[1, .., k] 3)
u= [ul,uz, ...,uk] (4)

(#) Prediction Layer

] Eusl i Prediction Layer 51RO EE BAERE Ry R TS HVIERP - 40 N A AR W, €
Rkduxhidden .y e Rhidden . p e RMAden]Gh, € RE BIERIF SN > ok
BN Y o

P(same_stance|snt_pair) = a(ReLU "W, + b, )W, + b, ) ©)

FRTUAER/ SRE AL TP TR bR EUR S Xl (cross-entropy) » AT L2 TEME{E (FEEE
FsN) > 0 BRI ARV 2R S > N RallISRE R AN » sHEITHATT

L) = ) [z™ - logP™ + (1 —zM™)-log(1 — PM™)]+A|0|] (6)

M-

FEASERET - WA A HT A SOFFEE FR T DR » ML R e R B A s SR B
SIS RRATEE - Bl o TRISHEIR E TR AT 2 T - Hoh M T =,
PEERR R -
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(—) HrtE

AREHZERTE FAVE R E Al CUP 2019 AT RITZ SR 28 B A (LAY fEIEE AR (NC)
LUk SREERL (TD) - FiEsERE S T 80 EimH 4Ryt LS #ss - FMIRIZ L
JEHL T ERYSCE - JIISREERME S T 4,662 EERL ERMEHIAIFR R B& Query
News_Index~ Relevance ={[E#{7 > Query )l #f & 20)7E H > News_Index £y4F5% » Relevance
FFERARRREE - AHBARERE 0~ 1~ 2~ 3 3 BIfCRAHRER (0) ~ B0 HHRE (1) ~ AHRE (2) ~ FFE
HHER (3) - Query WEBHILYS » A XIFZ N Query NHYEGEARE - (B35
Query ~—2 > {515 B AHRE (0) -

ey [ i

Query News Index | Relevance
BRI E R news_000109 3
VU FERZ B news_000156 1
BIEREE THEFERE TEHRER | news 000684 0
EEATEBEMIE N E news_000091 2

R = e SREE T B 2 SCEHIARRE AR &a T - Bedf (s A it ealEE NHTE BReY T
B T - WL “ o -~ 1?7 R OE AT -

R~ SRR T A SRR RS T

Mean
# Sentence / Article 53
# Word / Article 383
# Char / Article 704
# Word / Sentence 7
# Char / Sentence 13

I SREER S AR S 4 A 2 A B RHE BRI R - (R B IEEI T SREERHE 7
S BRAHRARR & B — R T R S LS P BRI EE B IEm R (R BERE r S EE S
A S E SR  —JTHER o 55— 7 AR MAP@300 BT E AH R AR
1 DL ERIE R ILGHHE » HEL » AHFT S T PEE AT AVRTAGIEAE - AR5 [F B 2k
TYREETREDCE - TN A B AYARRARR R - EIRIAIE T BB RIE AR HY
Original f#{iL AR » HPS M AEBA TS HTERIEL BIARLY RAEEERG EORIY 12% - & 7 piiifH
F o BIHER 7 &R SE#ARE & (Data Imbalance Problem ) ©
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FUU ~ GBS E R LR B
Relevance #Articles | Pic%

0 (“RFHREH) 546 12%
1(EB53AHRE) | 2071 | 44%

2 (tHREH) 1537 | 33%
3 (JEEAHRE) | 508 11%
Total 4662 | 100%

T~ RIBE TSR B R[Sk EE R B R A BRI
Relevance | Original Opposite | Original+Opposite
0 (RAHRE) | 546 (12%) | 4559 (98%) 4615 (55%)
1 (tHRE) | 4116 (88%) | 103 (2%) 4219 (45%)
Total 4662 4662 9324

TR PR MR IIREEEC Ay TR HRE ) AV RHEE L &R -
ML F By A =UE A R ARSI R UEE (LUTTE Opposite Query ) » i HA
I SREEREY Query (LA Original Query ) iy —EbEal s i B #8105 « flan - T 52
FF ) OB T RS T ERL ) AR T RIERZ ) - fIRILIEHE < FTA 17858 Original Query

"HHRH | FYSCE  #f Opposite Query HYTI358 F T R AHRH | "5 E % Original Query " R
MHEE  ISCERREEE ISP IINEE - W RMAE A TR I7E » B EH
Opposite Query HY17.5; © W13 71HY Original+Opposite f{iZFT7~ » RIS IR E R EL {15
19 By o

(=) EfEdlEn

EER AR T > A ATE HERAVAEHE DL _url "9t - WEkRIEFTA
S~ FELDA R DIIMNTFSR o fEsaER AT > FHRTRE IR AT EIEERHE (NC) 1F Rl
SREH} > 22 window size £y 55 37 DL Skip-gram ZETT 45 £ 100 HY Word2Vec fE#I[12] -

TEESHEIE 5 - B ABYHEZE Ry 32 ~ Epoch 50K 8y 300 ~ AU ERss & RHVAEE
Z5#83H 60 {# Epoch ;@ HHET » BHE 1%k - Hidden Size /& 100 ~ Dropout /£ 0.3 ~ B34
P 163 « (LA Adam - L2 TEAR{LHEE A S5y 1e-4 -

R LA PR HEAVEIIRREE R P L& T 20 FER[EIHY Query - Ry AHIEIHY Query [EHS
EERAESISRELAENE R - REE IR EE Query HYR[EIE &R S EE LN N UIEITT
T TOREHEEAY @ 40RNFTR > FAMBETIEERL Original Query Hf 80%HYE LK H:
query-article pair {FRy3llISRER] ; HEERHVER T - AT i oiElE B - —fE
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Original Query F/lISREARL LYY 20% (DL T 1 £ Original Test ) - —f#E I/ Original Test
FH¥ESE Opposite Query (DL 7% & Opposite Test ) o

TN~ ISREBLHEE R 7
Split | # Original queries | # Opposite queries

Train 16 (80%) 16
Test 4 (20%) 4

8 S RHE W B A = N et > FMIEIRFETE T macro-average F1 micro-
average Fl-score » i AR E W EIINE B2 E ESRIEE 504 ¢

1 .
Avg F = 5 (Marco_F + Micro_F) 7)

(=) HEIEEELEL

ASERF B TE HAt = R AR BLA R SCER HAVIA R E T TEER  [FIRF LR E NI AGISRE L Z %
BPENAENYR R - (EARIVERR T - R SCEACERE AT (LARFoR) B Fy 5 » Bl
EEHy = FRAME AT TPt -

Decomposable Attention model[1] ( 1L DA (Flat)Z=773) © JE 446G A0 E) T-EC % (a, b) BBk
B FERCE(Q, RY) » Q Fyaerd > R'EHCER Y RHIK{E A FR' = {Ry, ..., R JEBFEMB 0 LA
Flat {20 A > s B E R KRS B 5% € £y 100 ([ -

Fine-tuned BERT[14] ( LA BERT (Flat)&7 ) : i A P51 Ry (Q, R B [t A S B~ 5i%[SEP] »
G AT EERFIR[CLSIVE By P IBREE » MAE[CLSIH Y A B b — (4R MR o fHEs - s
BN RS By 100 (BT © [ FESISRFRY BERT HRSZiERY » HSHEETE Transformer
=28 ks 12 ~ Hidden Size £ 768 ~ Multi-Head $& /& 12 -

Fine-tuned BERT (hierarchical)[2] ( [L Hi-BERT 7% ) : ¥ sentence pair 4%7#% BERT & %%
HEHU#F sentence pair representation Ry, » #8E » B A GRU FR IR g4 2 FEHY
BA% > Bef% o B LA e & I FEUMISE SR © Bi-GRU Y Hidden Size &y 100 - [i5) &
SRR RESE Ry 30 {EFTT (Z[CLSIFF5 B [SEPITF55E ) ©

et B AF Original Train FIfjI A Opposite Train WWiE ST T 3l|4if5EAI1% » {F Original
Test {1 Opposite Test FifE & RHEEHEAAVAEE - H0 > P SR > FRAFTEEIHELAELL
BERT A RLfyiiAY ( BERT (Flat)f{l Hi-BERT ) > L Decomposable Attention /& ELREA AU
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A LLZFRFHIREE (DA (Flat)fll Hi-DA) » F£E - {EFAMF DA (Flat) Ry P JE =0y A5
Z 1% > ARE RN R RHEEATRRE SR et - &k > A LESREATAEAN S > &

{& L Original Train

Fll%R - HEAUAE Opposite Test LHVEERIEIAE - MR ERZ EN

Original Train % {75 /D85 T R AR | B0kt » DRIBLISORSE DL B (T stk AR
it BRI Opposite Train 3R %% » FIABIFBULBERL TR AR, HYER
RLH£F Opposite Test 45 FL A AREIETF -

T~ AEEEIAENIA Opposite Train {&HYRTAEELEL

Avg. F1 score

Trained with Org. Dateset Trained with Org.+ opposite Train

Model Original Opposite Total Original  Opposite Total
Test Test Test Test

BERT (Flat) 0.6556  0.0385  0.3471 0.4319 0.5345 0.4832
Hi-BERT (Parallel) 0.6567  0.0389  0.3478 0.3326 0.5671 0.4498
Hi-BERT (Series) 0.6554  0.0386  0.3470 0.3407 0.5599 0.4503
DA (Flat) 0.6522  0.0498  0.3510 0.6046 0.4973 0.5509
Hi-DA (Parallel) 0.6605  0.0387  0.3496 0.6571 0.5040 0.5806
Hi-DA (Series) 0.6559  0.0380  0.3470 0.6592 0.6245 0.6419

Ry T HE—F BRI A Opposite Train BEFFETANAE - FMELEAHEI{E[E Original
Train Lk Original + Opposite Train 5l[SRAVEL SRR > 400 —FrR - (28 —/2-FE > A
ATERIH AL B2 A e BRI i BT FEE A FEl SRR RE S Re A R
FEFEREF > [EIRE o AREF AT R REERY o Hi-DA (Series)AYSAE KL - HEE &RV T
BTt AR RIS S YA EE

F1 score (Total Test)
o
3

(a) Org. Train

= DA (Flat)
-4 - Hi-DA (Parallel)
Hi-DA (Series)

F1 score (Total Test)

60% 80% 100%

% of Training Data

(b) Org. + Opposite Train

= DA (Flat)
-4 - Hi-DA (Parallel)
Hi-DA (Series)

20% 40% 60% 80%

% of Training Data

100%

—-
() BRI AREE

F 4k &R By Original Train LA Kz Original + Opposite Train HY245 45

BEERRF AT B MR R I S EE P EE A) TRy =Fd 7% (BU T/ Sentence Filter) 1T
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¥a)FHINTERE (DL N Sentence Pair Setting ) ¥EAIRGAERYEZ2E - Wi Er LA Original
Train + Opposite Train E A3l &R} -

{E Sentence Pair Setting CLERHYE R > ELEE H)5 LA Flat f1 Hierarchical BV AE
Rl A% > DL Decomposable Attention BB REERIEYFEIR » WIE =FR -
AILABRZR B E )7L Series BT AL ERE > &5REELL AR =4F - R Series
HY 5 E AR EA IR 704 - B B A A 1 S B ) 7 Z A A - S —
H s R A 1T IS A [E B -

The effect of sentence pair setting &k

= DA (Flat)
0.70 -4 - Hi-DA (Parallel)
Hi-DA (Series)

F1 score
o
o
o

w

1 2 3 4 5 6 7 8 9 10

# sentence (k)

B = - N[5 Sentence Pair Setting ¥R GE A 5 28

{E Sentence Filter EEERAYE B » LA =7 Sentence Filter : {KI&H)F1E &
HFEAHRINEF (Original Order ) ~ S G) RARYMHUE (Cosine Similarity ) DK%
R EATE A g EE (Discourse Parsing ) 75 AN i SCEE HH B R U(E 5] 7-1% > LEEC Hi-
Decomposable Attention (Series) R HIENERIEYFRIR » MBI VURTR » 0] DASEFRFE DL
st BT RIHVAR{LUEE (Cosine Similarity ) {F Ry BEHE 0] FAYMKIR - &3 < k < 5iF »
RS EAL R 5 50 AT AU Y 45 5 - ERLIEL » FRAFTRR Ry (s AR EURE ( Cosine Similarity )
T AIREEE R ) A RER T 2 AT BN © 55— 71 - BTt
B IR AR PR SCE (Discourse Parsing ) {&HEETETIAEHYIR S -
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Hi-DA (Series)
0.70
/S
065 &._ %L __~ D = = S
',." [ g - ,31\.:/4‘;‘\ S
o g o. 'Y a .- --"
— .
8 060 B
)
i 0.55 - Ori_ginal_o_rde.r
—a— Cosine Similarity
---@--- Discourse Parsing
0.50
1 2. 3 4 5 6 7.8 9 10
# sentence (k)

[BEPU ~ Hi-DA (Series){E{#i FH R [5] Sentence Filter 1% {455

i~ s BRI A

K& SCHe Y Hierarchical Decomposable Attention Model » AR L T 5 HERTTS »
(G0 #E B B bb iR [F iy 5 SR AR S R S S ) - IR E RS R - F9E2
ARG BE BN AR 2 A1 » SRR I AGISERHE - REEEA T -

A CHE VIR AT AT Bl Solr B Elasticsearch = P 545 & B e

s MHRAHY S R » F DA ISR A TS s A 5 A 2 S R B 1T S e 6 — 2
1B H A FA™ E it 5 B 802 BE A P (R R H AV ED » IR AR AR B FH R
TRLER - MR SRS A R SRR R B = S RIS AR, - 55— 71 » ST
(E R RS R R B S B R A AR TR IR 52 - IR LA N AN - & —

N TR )T 2R B A AR VRSO TS » DAL R E R AR A 5 55
{EFAHRARY ISR I (40 B SO REEEE B (AUTUSD ) [15]) ZRBEES S E Ay &)+
BN E RS T E e TR RE S —B > AR BRI -

SR
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WEE iR BV - A R SO T SR A & MRy » INIEE B B BRSO T f s
ST EE > HEREEEH - RO - 1B E - HRlBE A8 S T REEE
AR S 57 Ry Wi%H * sequential 1 graph based > sequential f7 3 & &2 [ H RNN Al
CNN » DL ARAE S T HIEN R ZEHIHY BERT 58U K HEEFd 5 AT AFF RIS » B
Y61 graph based HYZEEERERIE AT NLP | - Fl|FH 05 2 fEi#Y co-occurrence {4 > 1ETT
ERRCFNDORHVR R DUETT 0 - AEmSCE S A RNN GHR AR H S F
& BT S EE node » W ST MIHVIE AR 52 graph > {#1F] graph model ZE47
SFECCFRE > TSR -

BT » B ZFEE R - MR ~ R8 ~ R52 N1 Ohsumed {F Ffiss » B2 fRHAY -
TF-IDF+LR ~ CNN ~ LSTM ~ PV-DBOW -~ PV-DM - PTE - fastText - SWEM -~ LEAM £
Text GCN #ETTLERS - £ MR _FIERGHHAFHVASER (Accuracy: 79.42% ) ©
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BRS¢ (RAFEEIIAT B ALAEES - SR I

ABSTRACT

As the amount of data increases, manually classifying texts is expensive. Therefore, automated
text classification has become important, such as spam detection, news classification, and
sentiment analysis. Recently, deep learning models in natural language are roughly divided into
two categories: sequential and graph based. The sequential models usually use RNN and CNN,
as well as the BERT model and its variants; In recent years, researchers started to apply the
graph based deep learning model to NLP, using word co-occurrence and TF-IDF weights to
build graphs in order to learn the features of words and documents for classification.

In the experiment, we use different datasets, MR, R8, R52 and Ohsumed for verification.

Comparing with sequential and graph-based models, the accuracy of our proposed method on

MR can achieve 0.79.

Keywords: dependency parser, graph neural network, text classification

— ~

PEE ARy s e > BRI AR T B R PRV I SRR s A Bk > I ARy
BUTE > (BB EFR AR EE R, fEMR A L2 &R - Alp D
FHBHVRIE - [FIREHBY &SRS SRR AR e — (BE AR HT -

SR GRS T IE PR AYAZL, » Email 808 5 F 0 e 2K & o B A R R e A
Bt > FTLUHZRE AR NSRS & R Ak e - BB NS S B S i A
afam S EIaEs - SOERSCF T TESORPTGER L -
ISR A EEE A bag-of-word R SCARYEE - BIEFECOR T HZR L
T ARNE R SORBYZRR > ST A AR B Ty B R0 B i e e s Ay
HGES > FAgAIER 7 RNN NI CNN JERIESCAR T E - AT AT I - R
EAHEESEFIAE graph IVERIETE L - 5 R{EHAE knowledge graph ~ FLEFHEES « SLFES]
I~ o TaE. o EESOR L RN T ECCEAR S FERES R - SRR
AHETTRR L - H o TSR ST RIS E Ry graph #Y node > DILIHY co-occurrence
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TERiE - DUBHE VB SORRH L > 2RI SO RIS - graph &8R- 35
L B HRCIRAG A AR graph 5 So—fEJ77ARIEE A denpendency parser ¥4 7-{fjz
B> (HEHSERY tree HULHHE - FAEITIRENTE -

MRIEAG R SCE S > (£ dependency parser Y45 S4F5 & & tHAC 48RS ( Graph Neural Network
, GNN) fEIE4E5 38504 MR | > Accuracy T] DAFIE 79.42% -

.~ HHEARSE

Mikolov %5 A [1]#2H} Word2vec i ik m EHUEA - FIARRH ORI AFIEA &
AR A A S 2 T A AH BA MR [EIHF ¥ 52 1 bag-of-word HYGEREE ; Omer T A [2]f
dependency parser B word2vec 454 0 B2 F|)7E (Syntax ) Fi{E s Melamud 2 A [3)f2H]
context2vec > {15 X FRHEE & T HI{E LA > BER Peters FE A[4]5:72 bidirectional
language model (biLM)WYRENEEEE S FHFHE > £ NLP &4 task F1GE(5 57 » Kim FEA
[S]F CNN FRAAYfE FIAE A T H5

AEARA ) GNN ERIERAE NLP #Y(£7# | - Kipf % A[6]#2H GCN %) » GCN
A Ry —TE 2 B HUZEME - FEHH node EAATRE node 7 fJfY aggregate > ZKEHHT node HYFF
f# > 7£ knowledge graph F15 [SCHgES FHUS TIRGFAT R  Velickovie S A[71H2H
GAT 541 » K attention F1 multi-head HH[81/1F] GCN o » {F aggregate [&ES - 45 T4
{lél node N[EJHYEHE - R H GON © fE{£{H A K GNN H dependncy parser 45 >
JEFH1E aspect level sentiment classification[9, 10]#{1 word embedding[11] - Yao Z A [12]#2
t textGCN HIljRF GCN J&E Y —ReHYSCAS 348 -

REmSLEwRF dependency parser Bl GAT 456 » I FAE— MY SCAR T3 HH » I H B TextGCN

HELTELE  HHEG R A R

=~ WA

ARTFEF Ry TIRAER - A0 Nl — > B4t - {1 dependency parser HH SCAS tP & SCFHY
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fEafifA (% > FIFH SRR (% graph (Y edge - [ SCAFHISCFRIERy graph (Y node  1£

A\

Feature Extraction [E% - & 5(dH RNN EASE] word embedding - FE1% & HE R #I4a
Y node embedding > ¥ graph —[aE]#ig A 2l GAT 5% 1 » 15513149 node(word) embedding ;
1£ Pooling [EES » F /%] node embedding #:1T pooling {F £y #4(E document FYEFZL » gy A

FIST IS b -

Feature
Extraction

Node
i Embeddini
dependency Graph g . I
Documents parser Construction Poaoling Classification
—
e ——]

Word
Embedding

B — - ZAAEIE
dependency parser HY&SESRAE R » BHE A FE0AE root X » NMEERHEHAM S » 40
[] s — Y movie » [ EA A SC R E AEERIEAHYSC S » 4 fascinating ~ a #1 landmark

G A {26fi movie > endlessly {8 fascinating » H{FIict & AE R A F S HERH (4 graph -

an endlessly fascinating , landmark movie

DET ADV ADJ NOUN NOUN

— ~ dependency parser 7~ = [

Y graph 40 —FT7K > JRA dependency parser HYEERH{AE A T HAY > IR EA IR
HR Bk T im0 BT [ RS R YR RIERE > %5 node 72 A ] 55— node >

RIEAIREE T By 0~ (E X TR EI4E & > moive & {54 LL#: % an- fascinating Fll landmark
[VHRF > 17 endlessly j& movie [y 2-hop neighborhood » F{E 25 I BV R (% -
REIRFHEE SR/ © ¥ fascinating (S - HREEEAIE (A > ATLIEES movie A
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endlessly FVH5E > FHEEZREEE E node embedding °

& = - dependency graph 7~ E[E]

#(E node embedding FYEEH{EH GAT ZETHE - AIAF(DAIR2) - A x & node
embedding > [ Fy EURTHYREL > © SRS PEEEA - o fy node Z[EIAVHEEE » N(i) /% node i B
J& node » {EEAE A ZKFE > FTA node embedding 45— R &R MR - A% ETE node i FI
I FTA kS nodej < FEIHUREE - SR SEMEE 2 1% - 3 E node embedding /4% - LA
=B » movie EETE an ~ movie - fascinating A1 landmark 2 [EFVHEEE - 75 movie
fascinating 1 landmark F{5AYREEE# S > HIBHHY movie FEHIE1 & T movie ~ fascinating
F1 landmark FAEF{ -

PEERET R AN AR QRS IR Y node Rifdix, x; (F &5 > FER IR £ —(H
weight vector d > FF&53E—(E LeakyReLU activation » 3 N2 {s ] softmax SKHEER -

Xl{(H—l) = ai,i@xi(l) + Z ai,ijj(l) (1)
JEN(®

R 2

exp (LeakyReLU(aT[G)xi(l)||®xj(l)]) @)

Y ken; €Xp (LeakyReLU(&T[G)xi(l) | |®x,((l) D

@ij =

Mi )Y node embedding » x© » FfFIHEF bIRNN[13]HYZLEAEUS S ECFRE BT
SCHEHE - RNN (Y8553 R F GRU[14] > 21AT3) » wo, Wi, .., Wy B SOA IS 408
word2vec SHHBITE R » n B SUAN R -

x0 = [ho, Ay, o, ] = BIRNN(wg, Wy, ..., W) )
1F pooling FEESFRFIHISLRIREMHCE » 1.0 root S 7E FyRa(E ) TR AN AZ(4) » WA
il » dependency parser 75— root UF » H-Erw HA U FASERE R BRI EAT - 1E
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€3 node embedding HYEFTHHE{Z > root SLFAGFEL S T Bz AR - 2. IR FTA
iy node embedding MHANHCFS - {EREEAIEEAVRFEANAZ(S) » BERE AT F5 Edn AZ]

—J& NN {788 > a8 7(6) °

doc = xl,,, @)
1 n
doc=— x! (5)
n .
i=0
class = sof tmax(@d—oé) (6)

Y~ EERGER

AL 208 TextGCN[12]FT{# ARYERIEE » EFE ¢ MR ~ R8 ~ R52 1 Ohsumed - MR &
RHE BT TR E RIS A AR R ELE 5331 &> ARilG4S 5331 &

R8 Fll R52 f Reuters-21578 #i5y &kt » o3 I HHY 8 FHAI 52 FEBHHIIE R ERHE -

Ohsumed RS E4i % - €A E[12] > R SCEAN Al — i LI S B - #8823 1

Vil

T BEUR AR SOt YRR R A oAt A RU R Sy FA A SR R [12]

K > AR TR -

I EE R SR 10

Fo— ~ B{EEIY B EEREERY accuracy
Model RS R52 Ohsumed MR

TF-IDF+LR 0.9347 0.8695 0.5466 0.7459
CNN-non-static | 0.9571+0.0052 | 0.8759+0.0048 | 0.5844+0.0106 | 0.7775+0.0072
Bi-LSTM 0.9631+0.0033 | 0.9054+0.0091 | 0.4927+0.0107 | 0.7768+0.0086
PV-DBOW 0.8587+0.0010 | 0.7829+0.0011 | 0.4665+0.0019 | 0.6109+0.0010
PV-DM 0.5207+0.0004 | 0.4492+0.0005 | 0.2950+0.0007 | 0.5947+0.0038
PTE 0.9669+0.0013 | 0.9071+0.0014 | 0.5358+0.0029 | 0.7023+0.0036
fastText 0.9613+0.0021 | 0.9281+0.0009 | 0.57704£0.0049 | 0.7514+0.0020
SWEM 0.9532+0.0026 | 0.9294+0.0024 | 0.6312+0.0055 | 0.7665+0.0063
LEAM 0.9331+0.0024 | 0.9184+0.0023 | 0.5858+0.0079 | 0.7695+0.0045
Text GCN 0.9707+0.0010 | 0.9356+0.0018 | 0.6836+0.0056 | 0.7674+0.0020
Dep-GAT-root | 0.9654+0.0025 | 0.9263+0.0062 | 0.6194+0.0118 | 0.7942+0.0059
Dep-GAT-avg | 0.9611+0.0075 | 0.9229+0.0066 | 0.5630+0.0146 | 0.7839+0.0029

55




The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
Taipei, Taiwan, September 24-26, 2020. The Association for Computational Linguistics and Chinese Language Processing

TF-IDF+LR R fE4iHRY - [[] TF-IDF {E R SCAFRHE » {4 Logistic Regression 735 -
LDA+LR S SRR ER-E M {F R > # AZ Logistic Regression 734 5 sequential
deep learning AYFEAIAS CNN[5]# bi-LSTM[15] » PV-DBOW #{1 PV-DM % doc2vec[16]
R SCAAE By—4H R 3R » {1/ Logistic Regression 7
SWEM[ 1911 LEAM[20]{s FiR[E] 77052 E word embedding » i3 XA R A SC5HY word
embedding H HIHCF-H 2 EAML pooling #Y T2 » AREHSUAH A&  graph deep learning
AR By TextGCN[12] » Dep-GAT-root fil Dep-GAT-avg Fy A e iy ik -

GEREURAE MR ERHEE EHUS TEIFHVSR » accuracy £y 0.7942 » BiRNN H] AE#E
HYSCAR A FFAIAESR - [FIEF graph Z2HH2KHYT embedding WAERAFHVEEEN 734 5 ZRIMAE
RS ~ R52 F{l Ohsumed K487 ifi R4 TextGCN » HJHK ATREEHA B4f LSTM 1 GRU
FERSORE ETESCRAZ(RYEF » H. dependency parser BSR4 5 BUCAA A
) (e EEENLE - dependency parser £t root S5 » R HRFHAT iy b] 76 EE ST (Y
HAMEEEE) - (5 B AN R E R RS - H A g L= -

HELTSr8E 0 PTE[17] ~ fastText[18] »

T~ HEAERERGEIE(L) I ERY accuracy

Dataset : 2 3 4 >
MR 0.784+0.006 | 0.786+0.009 | 0.790+0.078 | 0.794+0.005 | 0.788+0.006

RS 0.965+0.002 | 0.965+0.004 | 0.964+0.003 | 0.960+0.004 -

R52 0.926+0.008 | 0.926+0.006 | 0.922+0.012 | 0.911+0.127 -

Ohsumed 0.619+£0.011 | 0.611£0.015 | 0.591+0.012 | 0.572+0.014 -

Ry Dep-GAT-root HY&EER - A [FEIHVEIRRERE S node HYSE T REL - FIHFHA
R B node &% T 270 hop neighborhood Iy FR#f » AT &I PUFTTR >
node [HARFFE|EAM node 752 - & L=1 Hf > AIfGE] T 1-hop neighborhood FYFF{E - LA
M BZHERGT

& 1=0 B¥F > movie

A& E 2% noise ° £F R8 ~ R52 F1 Ohsumed > E{{5: root FI{ZEf root
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FISCFHR R AR B E IR  7E MR BT B2 Zay iz R miEtE
efisa thE FER B SE TR AR > FTATR R LA REL -

L=0 L=1 L=2

BP0 ~ node embedding 45 &~ E E]

1~ 4w
A SCE SR dependency parser Bl GAT HY4E& E AL XA AT » TEIELE 3 BVE R
£ [+ » dependency parser SEEEFF /T FEBER 2 5] 0.794 accuracy » {HIE(E—f AR HE o

ETEEERNYREF02 A ARIVE D) - 152 graph 2 3G FH dependency relation -
72 R4 (] attention ZK45 ¢ node embedding » ARAKEGET 7] FH 71IfdE 77 20K relation HY%F
AR - I B HEAE B EHBI S -
S5 38
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e

Fifli@Z (Information RetrievalEHERFENYSCIET » (IR A& TR IR A (Query) [ i
o AT B ER R 9 A R Y S > iE (A 7 /2 B 2A5E = Jid B (Natural Language
Processing, NLP) A E B R ANTFT 51 - AEE IR - (LD 25l & A
S EEEFINERGE AN EREA - FrLAAWFE 2t T 5 E (Meta Learning) i EAAE R
FERANY TS R A(Model-Agnostic Meta-Learning, MAML) Y B ERAR 2R (145 » 15 A5
RISERRAY TS E T FUATEA [F ERERT RSB AIG 2 B0 B LB R
R FE SRR RE ST - AEE BT o BAFIHY T VA A S 1 4L 4 8 (Deep Neural
Networks)ZR iU IR (&7 Deep Structured Semantic Model, DSSM)
PR AU SRRRY TSR DA HEI TR - A4F TREC Robust04 ke LHEITEVEL - &
S RAT) 20 F I (o0 ] B R e Bl T B2 U SRR SR 7 U AR Y (45t R A
M BaeTt - BERMIBT A - AWTFEE S L AT B Rl E A E R e R s BT
REHTEHIRTIT A -

BRI - EAR R ~ JuSRE - BUERIEREH TR Y - A ERE R
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Abstract

Information retrieval aims at searching documents to satisfy a user’s query from a large
collection of documents. The research subject is a fundamental challenge in the context of
natural language processing. We all agree upon that obtaining a neural network-based retrieval
model usually needs a large amount of training examples. To modulate the problem, in this
study, we make a step forward to leverage the meta learning strategy for training a neural
network-based retrieval model. More formally, the model-agnostic meta-learning algorithm
(MAML) is employed to learn a set of model parameters from a set of training queries. After
that, the model is easily to be adapted for each test query. By doing so, query dependent
retrieval model can be simply obtained and achieves better results than conventional retrieval
models. In the experiments, a simple neural network-based retrieval model (i.e., deep structured
semantic model, DSSM) is adopted, and the resulting model is evaluated on the TREC
Robust04 dataset. Preliminary results show that the use of model-agnostic meta-learning
algorithm training method has a significant improvement compared with traditional training
methods. As far as we know, this research is the first one, which introduces the meta-learning

technique to information retrieval task.

Keywords: Information Retrieval, Meta-learning, Model-agnostic Meta-learning, Deep

Structured Semantic Models

N AN
~H G

PEFEE O A Y 2 P AL AR SO AR - - S [ B B =g 2L T RE -
T A PR B s R M 2 — - RS HY R b (AR SRR A BT
EEEER > MR ARCRESEINE BRSO SRR AP EHeE
(Information Retrieval)fyEEZZHTFEERE - EAURRARITRE AT Loy By = K38 © ZHAG
FilR R - ERERR IS ETIRE - AUT5E EZEEI RIS E MR S & iR
LAl o NOLPHREZEAHRBRE S R &R R i DE R B gs TP A5 [ R EIE T
FoE B ES [E PREE /  Efe Bt & (Query) BHIE S - AR =S B G iHE)
50 FH 2 DR 2R BRI BRI S S 7 AHRE (Relevance) HYSEES SCIFEER

AT AAE R RS B2 I A — (5 BB GE /5 1) © JTEEE (Meta Learning) » EHHEL
AT S FF AT AR e B2 Y & RIS S T B2 YaT & - TeEREWIRE S 2elikes 28 T 1
{a] £33 (Learning to Learn) ; HYAES] » B —fAVIRESE2E e RV RIER e E g /el
F—ESeBRIE 15 G B S A STV - RESE TR A BT Y S - FEE TR
E=ZHEllRE R B T - TR EAAE R 2 S RS T A SEHYEER - B4
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s AR T T[] ~ PSRN T T (2] RIEE E pa BT I [3-6] » SLEFIFTAL - BIH Al Atk >
b FTEES R TR E R B e R B T B TERZEIE—5E 7| > AR ZEHE
{52 FTCEE AT B e i R AL - SIS ] DU pesi 27T -

— ~ MBIV

() FFE BRI

1~ A 8225 (Vector Space Model, VSM)

7E 7] B 22 AT o > B E R E A RIS AE B0 - Hrpig—(E 7 B4R i
A EER S AR 2= SEATHY I B AR &R BB AT » AR & kR s s
[ BB [E] b 2R S [ B I BRSZAH U (Cosine Similarity) 1T AFHRR » SEHHEN -
B A —(E 0 & o 8 A RS — 8] S 45 (Term: Frequency-Inverse Document
Frequency, TF-IDF){y )7 & Bl ¢

tfij =1+ log(count(wl d-)) 2)
idf; = lOg[1+df( )] (3)

Hrp» TF — IDF, ;R B FEw E 3 d; 1) & RS - sE (B R S R (ef, ) F1 25
HESE (id £, UFRFEFITAR R - J5 0 22 2 DA B salw £E 5L dj v HER SR count (wy, d; ) 483
PRI R 2/t e AE LB selw, Y BRAE B SRR Ay S R d f (wy ) I (E L
PEEMSTEREN - BB EAET RN - FL AR w £ S d; o B R =
I H e DB SR P R - Rt — S R E E AN 2 - HEEw IR
R HE R BORAE MR d, TR R EIRE » £ 252 0 > AR —BEEH
frd;iE AR EE -

2 ~ FFEUCHEAY 25(Best Match 25, BM25)

A FEVCACHEAY 25(Best Match 25, BM25)/2 & afl s 2 s I A T R & sm S Bt 2oL R
DL Ty S S U o (R VCRC IS AT R BRI Y LI T — RV B BRfE A2y -

B R VTR 1~ BFRAEEVCRCHAAY 11 ~ R RAEVCRCEAY 15 DUR A FEVCACHARY
25 FHAL o fREUCRCEAL 25 2 —(ERl &5 A EDCARRERN « s &L &
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FEREAEA AR R AR

BM25(dj,q) = ) tfl X tfZ x idf,

4)
WiE{djﬂq}
tfil = (K; + 1) Xleczt(l;t)(wi, d) }
Kl X [(1 — b) + b X m + count(wi, d])

_ (K3 + 1) X count(w;, q)

.2 —_—
tfiq K5 + count(w;, q) ©

N —df(w;) + 0.5
f(wy) + ) )

df; = l°g< df(w;) + 0.5

Hot o d; BRI q BRI - NBFIERZEHFNEE - count(w;, d;)Fl
count(w;, )73 3 By BRI w AL PRy M AR g h RV RE dff (wy) Rsw HERARRE (B
PSR > len(d) B X dHIRIE (58D avaocien HPTAIFHIFERE (57
%0 0 Ky~ KsFIb By rT BRI 28 o iR EVERCIEAY 25 AUTRT=CAT AT - Faal R
EA S qWERE N FE R R e T E A% Hh S B g5 85T
sl 1 LHER P AR S R > M H B A — 20 bR Rl A s s o R AR R I
MBS RESE RS, RIS TR A S B S 3 [ L B A TR TR R S Y B
Mo Al HESC PR AR FEEEITIRARE - SR H a2 8K AR TR E IREHEE - (8
XA E RN fiE AR IE — {8 5 e S R & 2 & hnsR s D i
FruHUREE - (i HISELEEE MR R A B S

(=) E R

HHE AR TTEE B MR ASEER - AR EEENES AN > RE | N BRI KA
(N-way K-shot) ~ =73 55(Support Set) ~ A FH/EE(Query Set) ~ TLEEEJISE(Dmera—train) A
KT E MEAEE (Dmeta—test) ° N 3B K BEASEAEEEI T/ VAR E i REVEERE > &
TEIEAYEISR— UL e BV E R DI E IS T FonEEHI SRR &
& NAESER - 3 B SEER 5 AIA K EsEr - Rt SEFISEFILEEAN x K
FEPE TSR - TR EISKERTZ B SRR R Sk - B SRER E E
S FENEHSE - BEREEE S HEA R EERNERAGETEA TG - e
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HNEE RS BB RN AR ST - EEER T RIS L &%
A& e BT R R T E R SRR 1 21— (ETEE [ SRAy R A B 2 — AR AU 28 32
SE AT E A TR SAE SR TR - S (R T B M B T A Ay SR T
THEEIHIE, -

114

a

TCERE AR ET R =351 + BEHYEE B (Metric-based) ~ ZEfA A (Model-based) MIZL 2
2818 (L(Optimization-based) « AT REHYTTEE AR HEEZER AR HILE
RERATHIE AT S = A3 A R R o A T e - (S E AT > 20
BEAEHE - BRI AR 7 7A B S 4 491 (Siamese Neural Networks)[7] ~ JRZU4ERES
(Prototype Network)[8] ~ TUT At 49 P& (Matching Networks)[9] F1 8 14 48 B& (Relation
Network)[10] o ELA S RIHYTTEEE I AR — (@Y T 2 i A - i — gl SR
BIERE 28 » BRI B2 80e A AR - IR E T AEE T E R
JHEC 8 (Meta Learning Long Short-term Memory)[ 11] » E (B b 2B TEE TR 5
T ECA RS PR P RS B DA - BRI AR D7 7E R TR T2 H I RDA
(Reptile)[12] -

SEMEC S BN AN EBAYTEEE Tk o SNBSS (R E S A A B
(Supervised)#y 7 2 SR EL A WA {8l A YA RHAL RIS - 51140R R 28 A (5] B R i A
AHETTHIGR - W (i A A oy B e 2T ELE 5[ R (Meta-train) ) 715 55 (Support Set) (]
A (Query Set) > FER (R — [ B[ SRATS R E B A R 2 THOUESE > H
ErEM BN F—(ER i H 2 A SRR I - RS R N BN R
HTTEEETT A YRR R ES A SRR - W& Z RV Z= BIE R SR R
AFFRE R BB R A RE R - 11 IR R4 e i A B A E A A1 e DAy AR DL B
e} o FRESGEES AR/ SR > BEREEA T AV EER U - AR B R GFIHE e T E
ZEfi] > FERE R A G EN BRI A P T EER - MR EEES B R E
B — (AR AR E R E ERRH A e 2 MER AR SR RIS FHE R 2
[ > AR B 2 R AR (E R R R A S e T AR U S TR SR ME TS ST 3R
RACE W8S - UCRCErS BN AN E RN TEEE 7R  CHYEE R R AR R
L W& Z R Z IE R R R A e i A SR R R o B B - 1T UCHC AR
AIE i A B A s Y B R —AE B - N S USROS S8 50 ARV B RH L G AEA
B (% o SR8 (B2 2 UEEC AL AT R I B R > G 448 202X (Multiple Hop)Hpz
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iz (& PR AR M R K (L ER B (Softmax Function)fS- EI &R AMHETFEAVIEAIIR - B4
HEBN AN RN TSR E A CRVEEFEEA AR RO & AR 2R
R SIS ERATHE E R UL & B VR B RGBSR A
AR AR > St 8838 5o — (BT AR i 3 | R 5 A RO g a4
BRI DIE 2/ o

JUERE RAHARCIE (Meta Learning Long Short-term Memory) &> 5 Y ALY T2
Bk RIS A RAEIECE (Long Short-term Memory, LSTM)ZKEY
R BB R RO OB TR 2B 3 - iE (8774 B #2248 IR U A (5 R A B R 5
LLR 2/ D BHVERIEIGR  AREET AL A LAY AR (A T AF Y #)4a 28 - 1]
PR H T HE A Reptile) @B AT LB LA TE B HEL - CRVEEFREES
ER AR LS B T7 7% - S ey BT B (&R BT
SISk ] DUS S HYEE R - nl iR Ay T B T BUARYAE I E )T R B TS T R
—RKABEIEERIE T[4 (Stochastic Gradient Descent, SGD) SR FENEHE i 1B FUZA(Adam):
(S EIRREACERE SRS '

(VO B A AR 41 B8 1) T B2 3 8 B A (Model -A gnostic Meta-Learning, MAML)

BRI REAY e EUA I3 R BN AN B b2 BT E U7k » S 748
T E FE ST AR AR I USRS b - H B2 A SR Hh o ] B B SRR T SR R DA E
PRBLIRIE > SRR TSR (L - SRR BRI 28 10 H Rk
BRI 2 BE TSG2SR LR AEI T (Fine-tuning)
BF > LR RV EBS T Ao IR 1S 2 PR E R A (AR TR S5 =V S 4 Y
SR o R TTEY RN A B SUREEJRE = (Low-resource) H{F:#5_EH#ETTHI14K - 281
FERETRAERS AT RIGI R i 18 RAYIS R o] gE & 34 AL R A S S & (Overfitting)
YRR G - SRR A T SR A TR A AU R (BRI G RIS
R72 - AT AT A 5T 2 8 BRI E R e A A R B = RS E1S 2 Riiés - T
SR BRI TREADHTAV IR o S AHRRAYERET TSR - 1 H &K iR/ DRAAS
J& N A(Gradient Descent) 1T S8 ¥ - A& HUS RAFHZ AR - HEVA—2
BRI E R T LB U R R RS

BELETH p(T)ERAE TR B IS EE (I Dimeta—traim) TAEBHI AR - a ~ B1EAT
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Algorithm 1 Model-Agnostic Meta-Learning

Require: p(7): distribution over tasks
Require: « - f: step size hyperparameters
1: Randomly initialize 6

2: while not done do

3:  Sample batch of tasks T;~p(T")

4 for all 7; do

5 Evaluate VgLg(fg) with respect to K examples

6: Compute adapted parameters with gradient descent: 6; = 8 — aVy Ly, (fp)
7 end for

8: Update 8 « 6 — BV X5 pir Ly, (f9z')

9: end while

HRE— ¢ B RRE R T A R A B -

BT NEANEE KBS - SRR R TSR R A G SR e 42
BEFEINETIRSE > HEET A HVERET > Jefd p(T) PEH—HEER - A
REHHEERS T H SRS T R SR - I H S E piEs PR A28 RS
BB IE S BURONEAIBRIG T - He 2 M ERE - SR EE I A
e 5 8 22 B A S MRS B A T SR IS - IMR (IS B BB A S S B R O AL
R EUBRE R SRR M A T2 80 TS E et EH S B E (FHEBH
RIS > RETTIEIIERENF -

=~ FRCSEEEE AN RIS R

FEAYGET » PR AT AR IEA FR &R G R BRIV - EE MRS
(&SR S ER R A E SRR B E R SO il DA Ry a2 ]
RN EYERL  ERAIT RS 2 E R S REREIRAR (L - AR Mt I & e R
Y IETT R G oo B Y SR AUSRRRA T SR R DL © MRy EEaR - FeMIfE A B
TR TR E B AAGIRE S R R SRR A S B The R (L o] UG
SFERIER ©

[ — Ry FAIFTER th 7 7ARY Z e 2R - B Ry e (6 P A FEUCACHE R 25 AR A
(EEHETRE > IR SE G E A AT AT B T A i — TR S TRy
BT B R AR RS R ANE RS A L -
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Top 1000 candidates

Collection Searcher
TREC Robust04 BM?25
Reranker
MAML-DSSM

Results

& — ~ MAML-DSSM 48 205 -

(—)FEfE4EEREFR A (Deep Structured Semantic Models, DSSM)

g (Deep Structured Semantic Models, DSSM)[ 14172 £ (AL GEFR Y
EHERRRRIEA - TR E NS 2 RGN ERR - HiEBesRZHOEHE

AR R S AIARDAEE » B4R E0 =] FEUH WA () RisE R AR D A R4 e 3B 52 1w
BB o EHANEN - R AE IR FE A F S8R R BE (Word Hashing)?ﬁ » R AEHEL
SR RN R — B SRR R B R 0 PATR R B 1 1] 2 4K AR A AR
(Fully-connected Neural Network) 1 T[# 4% » 5L 7] DUBISREEHEER B0 & - B K>
TERINGRET - oA — R AR — R IEAE A AR R S DL S MU S A B A 2 S 45 A A iy
1% - 7 AERHRAERE N R B FoRE » HERBERZHOEHE » nLUERE TR
B E A EHEE 3 8 &SRS T EEUE BB M R e (Softmax Function) » £
g H— AR i - TR AR ok B A2 > B E A S IEARRE AR S ol DU SR 12
AT 108 BERVURIFHRA S AR S E BT 0 Y0 B - B — Ry R dE s i
RIS A AR -

(Z)&h & B R BRI o B TR R A B g i st e P Y

AR T L (8 ] B A S B e B2 R FUA R SRR R d e R A E AR E Ui R
AIERS 2 gt > PEIR AP fy it — 575 MAML-DSSM » £ MAML-DSSM 1 > Fff ]
DU IR B} A [F] Y &SRR A RV 51 » aE i r R AR AT SRR Y T B T A
o R FERERY TR - Fr A ER & — B RE R & - — R &R
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ERIZRBUEE T R(Q, DI7) R(©,DI) R(Q, D2) R(0, D3) R(Q, D4)
] . % ’
_— , : | |
L 128 | | 128 | 128 128 | | 128
i 1 1 1 i
300 30 300 | 300 300 o300
sy 300 300 | C300 300 300 ©300
1 9 i u f i
3 [ 35k 35k 35k [ 35k ] |3k J [ 35k J
L | I | 1 I | [ | 1
wAmR | 76k | | 7sek | | 7sek | | 7sek | | 756k | | 756k |
0 DI+ DI D2 D3 D4
B~ PRIES TR R R AR AR ]

TR S LR U RIS SRR SO AR S TR - AR MIAEE F - B — TSR U8
RISk 32 EERS - FEER T HIEEEL 10 R - Rt e 10 [EE] - &HE
FHT G2 5 EERHEITHIG 5 EERHETHIED B —EER & — K6k
2 50 FER (RISTEE) - MR IS LB R E SR RE R T B AT YA R R &
HEFT 10 RS N AACE AR 28 B e EER G R 5590 50 EER

(BNEs8E) stRIEL - A B IR RS TEMBET - S EES IR )
GSBEEF —HB(E - FrEAERT - —J0AEHEH 32 EEBEEARVE
HKAE - BGENENEBEIER L - & R4 EA A S EHES E A s E MR S A
TSNP R AT S 8 B fR BSe AR EUE - TRITRAETL S8 R ACARIERT (T
B EAETRES - AENEGERET > ARFEA R ARG SRS A EI 2R > B DURFE
EAE R R L SR U BUA S RNV R S B E R e Rl MISVE Y | ESSCARIRER L
oy RS HIEEIGE] 128 B RN R & > AR ESTEM B RIAVERZHE UL > f1&
b H] AT SR A AR BLRE S 8

o~
(—)TREC Robust04 &lHEE

TREC Robust04 &4 FilF#z (Financial Times) ~ BfFH/\#y 94(Federal Register 94) ~ 7842
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AT (LA Times)R14 N & RHIE (FBIS)V X PRH G B — AT RIS - ZERIED
& 250 {El FRESCHR © SCH4RSE 301 FI] 450 £ TREC6 % TRECS ERMERY TSI » XX
dmat 601 £ 650 Kyt 2003 FEENTEEERYHT ZRESCH SUIFGR5E 651 £ 700 /5 2004 4
Frag ey ERESCM - 15 L RSO B SO AR R (Title)sB &) & B E B b FTC B HY
AR o S MR SRS AR g AV E R ESREE MR - 344 528,155 =
S 3 HLE SO P RS 8 B (TEXT) & (E B SR L B AT E A B 2 5L - Hoofr» TREC
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Abstract

This research uses the multiple BERT model to propose an construction litigation case
screening and summary table creation and case prediction system, which is divided into three
parts. The first part is the screening of construction litigation cases. From the judgment data
provided by the Judicial Court of the Republic of China, the cases belonging to the construction
litigation are selected through the BERT based model structure, and the accuracy rate reaches
93.55%. The second part is summary table creation, which uses regular expressions to extract
information from the judgments and integrate them into a case summary table, with an accuracy
rate of 86.75%. The third part is the case prediction. The multiple BERT model framework is
used to predict the outcome of court judgments, and to find similar cases and statistical tables
of the same case type. The accuracy rates of judgment prediction in terms of amount and time

are respectively 82.22% and 88.89%.

Keywords: Case Screening, Information Extraction, Text Similarity, Judgment Prediction,

BERT
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eSS RS G P LRI EE S G R AR R BRI SR e 7 i B g R A
& 7w S aes - SR — (M R ARG E FeE S ok ARG 2s - Hok - TMER
{EF GST Tacotron-2 & jikas F4% Griffin-Lim EEaSgs - fEHCAFIVE RS - BfEILE
HOEE R B HE T OGERIEE o DU FERYEISR DT 30 EiEE S = 82 E (Transfer
Learning) B & S 223 (Ensemble Learning) %55 - 1T | =T A 4acE B o REETAT
{F Tacotron-2 &3 Griffin-Lim 288 3 5ER - B Bp/e 5 (50 I THE SR 4 (Pretrained
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g o ERHESES1E Griffin-Lim i WaveGlow » SF{E I fE IS 25 ¥ MOS 52
2 o WMEANERSEEEE AP 12 /NFAEEEER ~ B AFSC 4.5 /NEFAY(E A 8%
BIEERL ~ BEAHRSL 22 /N B ERR R GEERE - DU A SE57 24 /Ny LISpeech 55
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LA 10 70 48kHz 1YEE = H7H 1.3 70 » (NI ARIEFEESE SR ARSR -
Abstract

In this paper, we study a real-time single-speaker Taiwanese-accented Mandarin speech
synthesis system. This system uses an end-to-end sequence-to-sequence model from the text
sequence to the Mel spectrogram sequence, and a vocoder to map the Mel spectrogram
sequence to synthesized speech waveform. We first use the GST Tacotron-2 sequence-to-
sequence model and the Griffin-Lim vocoder. The system is trained with several datasets, such
as Mainland-accented Mandarin corpus and Taiwanese-accented Mandarin corpus, and with
different training methods including transfer learning and ensemble learning. In this stage, three
experiments were carried out. In addition, we use Tacotron-2 and Griffin-Lim with the same
data sets and experimented with using model pretraining. In this stage, two experiments were
carried out. Finally, the system setting with the highest MOS in the experiments is selected,
and the Griffin-Lim vocoder is replaced by WaveGlow vocoder. The datasets we use include
12-hour Biaobei Mandarin corpus, 4.5-hour personal recording Mandarin corpus, 2.2-hour
National Education Radio Mandarin corpus, and 24-hour LJSpeech English. At the end of day,
the Real-Time Single-Speaker Taiwanese-Accented Mandarin Speech Synthesis System with
the highest MOS we achieved is the system as follows: Tacotron-2 is pretrained with the
Biaobei corpus, and then trained with the National Education Radio corpus, and the WaveGlow
vocoder is pretrained with the LISpeech corpus, and then trained with the Biaobei corpus. This
system achieves the MOS score of 4.32 and generates 10 seconds of 48kHz speech in 1.3
seconds.

REfisE © Tacotron-2 ~ GST Tacotron-2 ~ Griffin-Lim ~ WaveGlow - Transfer Learning ~

Ensemble Learning ~ Pretrained Model

— ~

REERRHCHVEIZR - ZRERERAFTRE L —  AMEEFHERTREE K > 62
BABHE - FHREEM - LR AEEEFS - HEEEZNEMNET - 585 S RHEIEMT
Py AR A - AR S EEVE R 0 HREEA TOGEE R AR E
A BERE TGRS RERZHE T AR SGEY | 0 SIPUE R E
RN Ry i KR EHUSEY P OGER > 2 R IUR ERAYEE S sk Mk - NIzt 7ee
S A (AR A B EE & BRIy - P U E i B R ER B SO B R B R 1 S FE R A
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2.  GST Tacotron-2
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K
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2. WaveGlow
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Abstract

In this research, we developed the Taiwanese speech recognition system which used the Kaldi
toolkit to implement. The Taiwanese corpus was collected by Taiwan Taiwanese National
Reading Competition and Classmate Recording, and a total of about 11 hours of audio files
were collected. Because the training data is small dataset, two audio augmentation methods are
used to increase the training data, so that the acoustic model can be more robust and more
effective training. One method is speed perturbation, which speeds up the original data by 1.1
times and slows it down by 0.9 times. Another method is to use multi-condition training data
to simulate reverberation of the original speech and add background noise. The background
noise includes music, speech, and noise. The acoustic model is trained for different hybrid deep
neural network architectures which can use the advantages of each neural network by hybrid
different neural networks, including TDNN, CNN-TDNN and CNN-LSTM-TDNN. In the
experimental results, the CER in the domain of language modeling reaches 3.95%, and the
CER of online decoding test is 3.06%. Compared with other researches on Taiwanese speech

recognition of similar dataset size, the recognition results are better than other studies.

Keywords: Speech Recognition, Taiwanese, Data Augmentation, Deep Neural Network

Acoustic Model.
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1. Introduction

In the past few years, more and more products using speech recognition technology. Because
these speech recognition applications make people's lives more and more convenient, no longer
need to type to allow the machine to receive our message input. Taiwanese language is one of
the commonly used languages of Taiwanese. From [1], we can know that in 2013, the social
change survey results showed that 31.4% of the people in the family spoke Mandarin Chinese
most often, and 44.2% of them spoke Taiwanese most often. 19.5% of the people advocate
using both Mandarin and Taiwanese, but the proportion of the older generation is much larger
than that of the younger generation, which shows that Taiwanese is still the main language for
the elderly. Most of them are learning by word of mouth, which leads to relatively scarce
resources in Taiwanese. It makes the research of Taiwanese-related technologies much more
difficult, and also causes people who speak Taiwanese to not enjoy these conveniences.
Therefore, we have established a Taiwanese dataset and a Taiwanese speech recognition system

for this problem.
2. Related Work

Establishes a deep neural network architecture in kaldi[2], the input features used in addition
to the Mel frequency cepstral coefficients[3] will also concatenate the ivector feature [4], which
is a feature vector that can represent the speaker. First, a general background model is trained
on the data of all speakers. The universal background model(UBM) is a Gaussian mixture
model containing many components, and then the UBM is modified with the speech features
of different speakers to achieve the speaker adaptation model, and the expected values of each
Gaussian component are concatenated to form a GMM super-vectors. A section of GMM super-
vectors can be used to represent the feature vector of a speaker. Finally, the GMM super-Vectors
of the general background model are related to the speaker. GMM super-Vectors calculates

1vectors.

Inrecent years, more and more DNNs have been used to replace GMM to increase the modeling
capabilities of acoustic models, indicating that DNN-HMM is better than traditional GMM-
HMM, and Kaldi continues to update the DNN architecture to build acoustic models, such as
Time Delay Neural Network (TDNN) [5], CNN-TDNN or LSTM-TDNN [6], etc. TDNN is a
deep neural network structure. It can include historical and future outputs and model long-term

dependent speech signals. It was first proposed to classify phonemes in speech signals. Used
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for speech recognition [7]. For TDNN, increasing the number of layers allows the network to
capture features for a longer period of time; usually it is desirable to deepen the number of
network layers of TDNN to achieve better results. However, previous experiments have found
that the deeper the network is, the more often the problem of degradation is, so that the increase
in the depth of the neural network will result in a decrease in accuracy. Therefore, another
TDNN network architecture [8] is proposed. The Matrix Factorization training of the network
can make the network training more stable, in order to achieve better speech recognition

performance.

Traditional Discriminative Training requires cross-entropy training to obtain a lattice, which
must take extra time. Therefore, the extended framework of CTC is proposed, Lattice-free
maximum mutual information [9]. The principle is the same as the method of MMI, the formula
is as formula (1), and the following changes are made: (a) The denominator FST uses training
text to generate a 4-gram phone language model, and does not use backoff less than 3-gram,
instead of lattice.(b) Use different training techniques to avoid Overfitting, like: L2
regularization on the network output, Cross-entropy regularization and Leaky HMM

P(Ou|Sw )P (Su)
Sgr P(0y|S",)P(S")

FMM! = ¥, 10g P(Sy]0y,4) = Xy 1o (D

3. Proposed system

The overall architecture of this system is shown in Figure 1, which include Pre-processing,

Deep Neural Networks Acoustic model, Decoding Graph and Recognition.

Deep Neural Netword

MU RIE Acoustic Model
]’ F concatenation T
Training Audio Feature GMM Model DGett N?NdN\
Speech Augmentation ~ 7| Extractor Traning ‘[ Allgr?n?ent Tra‘ljmig
Transcription —————» FEE?::re ?I’:I(IJS
Pre-processing l

HCLG Decoding Graph and Recognition
DNN

Lexicon l— Model Cutput
Transcription

TR Decoder

Language Graph Decoding
Model Graph T—; Test

Feature

Figure 1. System Flow diagram
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3.1 Pre-processing

In the field of speech recognition, the data augmentation is commonly used to increase the
quantity of training data, avoid overfitting and improve robustness of the models. The system
uses two types of data augmentation, including speed perturbation [10] and using multi-
condition training data [11].In this system, the speed perturbation first generates 3 times the
amount of original data, and then this data generates 15 times the amount of original data by
adding multi-conditional background noise. Increase the original 10 hours of training data to
150 hours.

The 39-dimensional MFCC feature is used in the GMM-HMM system, and with the addition
of Cepstral Mean and Variance Normalization, the standard features of mean 0 and Variance 1
are obtained to solve the effects of different microphones and audio channels. The DNN-HMM
system uses high resolution MFCC and ivector. The ivector extraction process is: (1) use 40-
dimensional features and 512 Gaussian training diagonal universal background model to obtain
final.dubm (2) use the obtained UBM to train ivector extractors (3) Use ivector extractors to
extract the ivector of each training data. Feature parameter of TDNN architecture is shown in
Figure 2. In order to obtain more context information when inputting deep neural network
training, the input will be (t-1, t, t+1) three times 40-dimensional high resolution MFCC feature

stitching, followed by 100-dimensional ivector features.

input feature
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Figure 2. TDNN input feature
The feature parameters of CNN-TDN and CNN-LSTM-TDNN architecture will first convert
40-dimensional high resolution MFCC into Mel-FilterBanks features through Inverse discrete
cosine transform layer. Linear transform a 100-dimensional ivector into a 200-dimensional
ivector and concatenate with Mel-FilterBanks features. Finally, convert 240-dimensional input

features into 40*6. input feature map, such as Figure 3.
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Figure 3. CNN-TDNN and CNN-LSTM-TDNN input feature

3.2 Deep Neural Networks Acoustic model

In this chapter, before training the deep neural network acoustic model, the GMM-HMM
system must be pre-trained, and the alignment result obtained by the GMM-HMM system
should be used as the training target of the deep neural network acoustic model. This system
models HMM at the phone level. Each phone HMM model has 3 states. In the Taiwanese Pinyin
system, there are 85 phones including initials and finals. If the tone is considered, the system
has 299 HMM models and GMM-HMM model training steps are mono, tril, tri2, tri3[2].
This research establishes three DNN architectures, including (a) TDNNF, (b) CNN-TDNNF,
(c) CNN-LSTM-TDNN.

3.2.1 TDNNF Architecture

The data alignment obtained by the GMM-HMM system is used to establish a decision tree,
and the number of leaves corresponds to the output dimension of the deep neural network.
Therefore, the architecture output dimension of this chapter is 2776. The TDNNF architecture
is shown in Figure 4. This architecture refers to the WSJ recipe and uses the TDNNF
architecture proposed by Povey, Daniel, et al. [9], which uses a total of 13 layers of TDNNF
layer. The first layer will be 100-dimensional ivector Features and three consecutive 40-
dimensional MFCC features make up a total of 220-dimensional input features. Layers 2-4 are
(t-1,t, t+1) three-time input vectors, and layers 6-13 are (t-3 , t ,t+3) three time input vectors,
so each frame output can get the information of the first 28 frames and the last 28 frames. The

dimension of each layer is 1024, and the SVD decomposition dimension is 128. The internal
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architecture of each TDNNF block is shown in Figure 3-10, and the output is divided into chain

output and Cross-Entropy output as shown in Figure 4.
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Figure 4. TDNN Architecture

3.2.2 CNN-TDNNF Architecture

In this section, the TDNN architecture used in section 3.3.1 is added to the CNN architecture.
The CNN operation method is shown in Figure 5, which is characterized by a 40*6 matrix, and
consists of 3 consecutive times to form 3* 40*6 three-dimensional input matrix, before doing
convolution, first zero-padding the height to become a 3*42*6 matrix, using 48 3*3*6 size
filters for convolution, the output is the first layer The output of the convolutional layer, if there

is subsampling, will only reduce the dimension of the height.

3*40*6 3*42*6
. . Using 48 filters
t+1 zero-padding e of size 3*3*6 to
; on height perform 1*40*48
406 42"6 Convolution Speech
=pesh I Speech w——) feature

feature feature

Figure 5. Convolution Neural Network Operation
The output dimension of the CNN-TDNNF architecture in this chapter corresponds to the
number of decision tree leaves is 2776. The CNN-TDNNF architecture is shown in Figure 6.
This architecture refers to the mini_librispeech recipe, uses 6 layers of convolution layer, and
the first layer receives three consecutive times 40*6 The dimension of the speech feature matrix
is 3*40*6. After the first layer of convolution layer operation, the output is 1*40*48. After that,
each layer uses three consecutive input times, and at the 3rd, S5th and 6th layers, the height will

be subsampled, and finally the output dimension will be 1*5*128. After the CNN, 9-layer
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TDNNF layer is used, where each layer has a dimension of 1024, and the SVD decomposition
dimension is 128 dimensions, and each layer of TDNNF layer uses (t-3, t, t+3) three Time is
used as the input vector, so each output can get the information of the first 30 frames and the

last 30 frames.
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Figure 6. CNN-TDNNF Architecture
3.2.3 CNN-LSTM-TDNN Architecture

CNN-LSTM-TDNN is a deep neural network architecture designed by us. Using CNN can
effectively extract feature parameters from a small corpus, and LSTM can model the
advantages of long-term sequences to find out this deep neural network architecture. The
output dimension of the CNN-LSTM-TDNN architecture in this chapter corresponds to the
number of decision tree leaves is 2776. The CNN-LSTM-TDNN architecture is shown in
Figure 7, which uses 6 layers of convolution layer, 8 layers of TDNN layer and 2 layers of
LSTM layer, among which the convolution layer The architecture parameters are the same as
in CNN-TDNNF. The TDNN layer is a general TDNN non-matrix decomposition, and the
LSTM cell dimension is 1024. The dimensions of the recurrent and non-recurrent projection
layer are all 256, so the input gate, forget gate and output gate input are 1024+256=1280, and
then the 1024-dimensional vector is output to the Cell state and Hidden state through the
Nonlinear activation function, and the final output is r_t and p_t concatenation. Each TDNN
layer has a dimension of 1024 and receives (t-3, t, t+3) three time inputs, so each output can
get the information of the first 33 frames and the last 33 frames, and finally output to the chain

output and Cross-Entropy output.
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Figure 7. CNN-LSTM-TDNN Architecture
4. Experimental Results

4.1 Taiwanese Dataset

The audio files and the corresponding transcriptions of Taiwanese characters were collected by
Taiwan Taiwanese National Reading Competition [12] and recorded by classmates in the
laboratory. The sampling frequency is 16kHz, the sampling accuracy is 16bit, and the number
of channels is 1 (mono). 11.23 hours, 10439 utterances, 101596 syllables. The experimental
part divides the corpus into 10.22 hours of training data and 1.01 hours of testing data.

Lexicon grabs each word and corresponding phone from Taiwanese transcription, and adds the
Taiwanese vocabulary of the text of the language model to lexicon, a total of 31331 words are

obtained.

The language model text dataset of this system has about 540,000 words, including: 29724 uni-
grams, 22123 bi-grams, and 66118 tri-grams.

4.2 Evaluation Method

We use Character Error Rate metrics to evaluate model accuracy in Taiwanese. Character
Error Rate (CER), is a common metric of the performance of a speech recognition or machine

translation system. The formulas to calculated accuracy as follows:

S+D+I _ S+D+I

CER = =
N S+D+C

2

Where S is the number of substitutions, D is the number of deletions, I is the number of
insertions, C is the number of correct words, N is the number of words in the reference

(N=S+D+C).
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4.3 Experimental Results

The Taiwanese corpus of this system is a small dataset, and the amount of data is far from the
size of other language corpus, so consider whether to use tone to label phones. If tones are
considered in the part of the dataset marked with phones, the number of phones will increase.
This will cause more HMM models, and vice versa, reduce the number of HMM models. And
this experiment is to explore whether tones are added to the dataset as the Taiwanese corpus
used by this system. The number of HMM models without adding tones is 86, which is much
smaller than the HMM with adding tones, which is 299. This experiment uses 1.01 hours of
testing data to test the performance of the model. The testing data has a total of 9692 syllables.
Table 1 shows the experimental results of whether the corpus adds tones. It can be seen from
the experimental results that in the case of the same language model, the traditional GMM-
HMM system does not add tones better than tones, but the acoustic model of the deep neural
network is the opposite. It can be seen that the architecture of the deep neural network has a
better ability to model speech signals, so all subsequent experiments will consider the tone as

the pinyin label of the Taiwanese corpus.

Table 1. Compare whether the dataset adds tones

Model With tone(CER%) Without tone(CER%)
Mono 36.32 29.94
Tril 27.24 26.06
Tri2 24.39 23.68
Tri3 19.13 17.33
TDNNF 10.21 12.12

However, in training speech recognition systems, overfitting problems are often encountered.
In order to solve this problem, the easiest way is to add training data. But this is a thorny
problem in the case of limited data and manpower, so training data is often obtained through
data augmentation. This experiment compares two data augmentation methods, including
speed perturbation[10] and using multi-condition training data[11]. The increase in training
data can make the model training deeper and more efficient. Table 2 shows the comparison
results of adding different data augmentation methods. The first column is a different system.
Take the TDNNF architecture as the acoustic model and add SP and multi respectively, where
SP stands for speed perturbation and MULTI stands for using multi-condition training data,
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The second column shows the amount of data after data augmentation. The TDNNF + SP +
MULTI system adds SP first and then MULTI, which increases the total amount of data by 15
times. The third and fourth columns represent the character error rate of the testing data. It can

be seen that for the same acoustic model system, the character error rate decreases as the data

increases.
Table 2. Comparison of data augmentation methods

System Duration of data (hours) CER (%) Error/Total
TDNNF 10 10.21 991 /9692
TDNNF + SP 30 8.91 864 /9692
TDNNF + MULTI 50 8.14 789 /9692
TDNNF + SP + 150 7.94 770 /9692

MULTI

In order to explore the impact of different deep neural network models on acoustic models,
four sets of models were set up in this experiment, including TDNNF, CNN-TDNNF, LSTM-
TDNN, and CNN-LSTM-TDNN. The recognition results of each deep neural network acoustic
model are shown in Table 3. It can be seen that the effect of LSTM-TDNN is worse than the
other three, and the best model is the CNN-LSTM-TDNN mixed three deep neural network
architecture acoustic models. It can be seen that the effect of the LSTM-TDNN architecture is
very poor, possibly because the number of training data in the corpus is too small. Although
LSTM is an algorithm for time series training, it requires too many parameters, so a larger
amount of training data is needed for training. The disadvantage of CNN is that there is no
concept of time series, and the use of too many parameters leads to an increase in training time.
But shows that for acoustic models, convolutional neural networks can effectively help feature

extraction in small dataset and overall deep neural network learning.

Table 3. Comparison of different model recognition results

Model CER (%) Error/Total ins del Sub
TDNNF 7.94 770 /9692 79 91 600
CNN-TDNNF 7.68 744 /9692 80 56 608

LSTM-TDNN 10.20 989 /9692 91 103 796
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CNN-LSTM-TDNN 7.61 738 /9692 88 49 601

Finally, a total of 10 people in the laboratory are asked to do an online decoding test. Each
person tests 15 sentences. The test text is a daily language in Taiwanese, and the training text
of the language model has been added. There are 150 sentences and 1078 syllables in total. The
recognition results are shown in Table 4. The online decoding test text example is shown in

Table 5

Table 4. Online decoding test results
CER (%) Error/Total ins del Sub

Online decoding test 3.06 33/1078 6 e 18

Table 5. Online decoding test text

Testing data number Text
1 gua?2 beh4 khi3 tai5 pak4
2 gua2 siunn7 beh4 tshut4 khi3 tshit4 tho5
3 gua? siunn7 beh4 tsiah8 mih8 kiann7
4 kin1 a2 1it8 thinn1 khi3 be7 bai2
5 u7 siann2 mih4 ho2 tsiah8 e5
150 gua?2 beh4 khi3 siong?2 kho3 ah4

5. Conclusions

In this paper, we collected a Taiwanese corpus and use the architecture of the deep learning
HMM model to build a Taiwanese speech recognition system. Finally, the CNN-LSTM-TDNN
architecture is the best. The language model can be changed according to the domain used to
greatly improve the accuracy. In our experiment, the character error rate of the testing data of
inside domain is 3.95%. The experimental results show that if the text is inside domain, the
Taiwanese speech recognition system does get good results. Finally, in actual application, the

laboratory classmates were asked to test the online decoding character error rate of 3.06%.
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Abstract

In this paper, we describe the system Team NSYSU+CHT has implemented for the
2020 Far-field Speaker Verification Challenge (FFSVC 2020). The single systems are
embedding-based neural speaker recognition systems. The front-end feature extractor
is a neural network architecture based on TDNN and CNN modules, called TDResNet,
which combines the advantages of both TDNN and CNN. In the pooling layer, we

experimented with different methods such as statistics pooling and GhostVLAD. The
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back-end is a PLDA scorer. Here we evaluate PLDA training/adaptation and use it
for system fusion. We participate in the text-dependent(Task 1) and text-
independent(Task 2) speaker verification tasks on single microphone array data of
FFSVC 2020. The best performance we have achieved with the proposed methods are
minDCF 0.7703, EER 9.94% on Task 1, and minDCF 0.8762, EER 10.31% on Task 2.

B G EE - B EEE S -~ IR AEES  BIESAEES - B R A A AR
GhostVLAD

Keywords : Speaker Verification, TDNN, CNN, TDResNet, GhostVLAD
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Abstract

This paper focuses on the development and implementation of a Chinese Text-to-Taiwanese
speech synthesis system. The proposed system combines three deep neural network-based
modules including (1) a sequence-to-sequence-based Chinese characters to Taiwan Minnanyu
Luomazi Pinyin (shortened to as T4i-10) machine translation (called C2T from now on), (2) a
Tacotron2-based Tai-16 pinyin to spectrogram and (3) a WaveGlow-based spectrogram to

speech waveform synthesis subsystems.

Among them, the C2T module was trained using a Chinese-Taiwanese parallel corpus (iCorpus)
and 9 dictionaries released by Academia Sinica and collected from internet, respectively. The
Tacotron2 and Waveglow was tuned using a Taiwanese speech synthesis corpus (a female
speaker, about 10 hours speech) recorded by Chunghwa Telecom Laboratories. At the same
time, a demonstration Chinese Text-to-Taiwanese speech synthesis web page has also been

implemented.

From the experimental results, it was found that (1) the best syllable error rate (SER) of 6.53%
was achieved by the C2T module, (2) and the average MOS score of the whole speech synthesis
system evaluated by 20 listeners gains 4.30. These results confirm that the effectiveness of
integration of C2T, Tacrtron2 and WaveGlow models. In addition, the real-time factor of the

whole system achieved 1/3.5.

Keywords: Machine Translation, Taiwanese Speech Synthesis, Tacotron2, Waveglow
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Abstract

In this study, we focus on developing a novel noise-robust speech feature extraction
technique to achieve noise-robust speech recognition, which employs the information from
the backend acoustic models. Without further retraining and adapting the backend acoustic
models, we use deep neural networks to learn the front-end acoustic speech feature
representation that can achieve the maximum state accuracy obtained from the original
acoustic models. Compared with the robustness methods that retrain or adapt acoustic models,
the presented method exhibits the advantages of lower computational complexity and faster
training.

In the preliminary evaluation experiments conducted with the median-vocabulary TIMIT
database and task, we show that the newly presented method achieves lower word error rates
in recognition under various noise types and levels compared with the baseline results.

Therefore, this method is quite promising and worth developing further.

Keywords: noise-robust speech feature, speech recognition, deep learning
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AL BRES FTHE AT 704 B B AR EAI I RS 7% - BT S - & WEh aik
EEFs-5dB ~ 5dB ~ 15dB fY=FFEREE | - (AR 2 J77A T E )l 4R (Retraining) 2 B E2
AU (Acoustic Model, AM) » BLECTAIFIHY J7 2 AHELES » 1 ELAIFERATHIENSE » 23 A4
B SER T 3.4% ~ 2.5% 0 1.6% ;5 MAEARFIFEHIVHIEEE - AIEMH B8R R
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TRET 3.8% ~ 4.8% 2 2.2%

Abstract

Recently, many studies have found that phase information is crucial in Speech
Enhancement (SE), and time-domain single-channel speech enhancement techniques have
been proved effective on noise suppression and robust Automatic Speech Recognition (ASR).
Inspired by this, this research investigates two recently proposed SE methods that consider
phase information in time domain and frequency domain of speech signals, respectively. Going
one step further, we propose a novel multi-view attention-based speech enhancement model,
which can harness the synergistic power of the aforementioned time-domain and frequency-
domain SE methods and can be applied equally well to robust ASR. To evaluate the
effectiveness of our proposed method, we use various noise datasets to create some synthetic
test data and conduct extensive experiments on the Aishell-1 Mandarin speech corpus. The
evaluation results show that our proposed method is superior to some current state-of-the-art
time-domain and frequency-domain SE methods. Specifically, compared with the time-domain
method, our method achieves 3.4%, 2.5% and 1.6% in relative character error rate (CER)
reduction at three signal-to-noise ratios (SNRs), -5 dB, 5 dB and 15 dB, respectively, for the
test set of pre-known noise scenarios, while the corresponding CER reductions for the test set

of unknown noise scenarios are 3.8%, 4.8% and 2.2%, respectively.
pASEGE  shEsa(h - BEEEE YRR - FREEE - BEEE TN - EllR - A

Keywords: Speech Enhancement, Automatic Speech Recognition, Deep Learning, Single-

Channel Speech Enhancement, Re-training, Acoustic Models

— s ‘Z\‘%“E‘ﬁ

AR > BEE RSB ETN R - BS(0 H Z B R R B 2R Y B B bR S ek
(ASR) 2% AF fedfe s HEAYIBF I T AP NBRAIK AR - (22 18
HERIG P s s e S T8 B IIRE T - (L SES0TII4RHY ASR 247 -
HrtesE nTRE B E N - B T RIEEHERUE - REIDIKRE SR T 2 HE
FERANT > TAEE L FEAHR ST > 555 5% (Speech Enhancement, SE) J&—{[& 3%
AR - A Rl 5 (£ 5 SR B2 R (Acoustic Models, AM)RIT7E R AR B HY FH I 2
(Preprocessor) » J&—JH{f§Z EHARHYBFT T [A]

IR FERZ Y D 2R Y EEE N - B SE {{ii(Single-channel SE)
AR AR mne i E AR SR - PIAIEE S B BY EVAIEE (S (Perceptual
Evaluation of Speech Quality, PESQ)F1%5 i % #H %[5 (Short-time Objective Intelligibility,
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STOI) > fi{E 15 LRl SE IHEAA TRt WA FEA SOt LA E &b AM AUHERES R -
HIFRRE y Wit © — ~ FEEEF AR SE FEAURS 2 4= 3 Y MY - H (Distortion) L K4
TR (Artifacts) - EMIRCE T &0 AM AYPEB © — ~ TE8ll%f SE MRINF - HAEE
(Objective) s s (B LB UFEZ FERFRAYELE - {2 AM (Y3114 B AR R/ MB35
s ~ RIS PEaRA - WIREAYEISR B AR AR — B - AR IR UCBCHY R « By T
BRI S BB BRI A &3S (Joint Training)#y7572% - 41[8] » 4
A0fAT 3SR — (5 (Robust) 1Y BR 378 SE A1 DUR/ Dt ny R B > B —TE{ESH RN
J31E[9]

AR (EHHR IR A 3 - SRR B RE S SERAVIEDE - 5 e T BOR B L IR
[6]107]> o » S FBREHRH & 5153 BE494% (Fully Convolutional Time-domain Audio Separation
Network, Conv-TasNet)[ 7]£5E & 77 #fE(Speech Separation, SS){E#5 EHUS | BIEHIECR
HE T AR A - s EREE s Y B E SE HYAHRBANTSE - M [EIREERES AT
ASR %45 F[10] » HEFE > (i F 215553 46 (Multi-condition Training, MCT) #J AM » {f
ek RS EEE D - SR o 2B RS DRSS SRR F Bl A - EAS 0l L (Feature
Extraction)f25 BR (& FERE #I4E 481& (Convolution Neural Network, CNN)fFE R « P/ [it:
B H RSN BRI EUR AR B S R Ml - LA R A T RS R AR
SR > HIGSRR RIS T AR 1] -

AL TEAER SR FAMIHIE T ISR Z R — TR — 4 R Ak A
(Convolution Neural Network, CNN)I &R 2840 15 EIVRHEG £ 55— F8 Ry {84 STFT 15
FURBRISAH L %% Ry N 1T F512(Hand-crafted Feature) - [A|[EL 35 R fEFf2007 Bl R ATl SR
DURE FERY » BEZ B AR T 2050/ 0 B 1% 45 % 28 (Multi-view Attention-based
Encoder) » BiREHEEFEIA EHE (Frame-wise) Z R & HF KB — S8 EAVEE S TR E Ry
Fid 0 DAl A Z SE A -

Ky 1 SRR LAY 7 A HEE - AP R BRI 2 SCEE LR AISHELL-1[12] » WG
EH MR ERE - GRS TERIRAYEE S (F Rl Sk LR EE R - AR HE BB RS
K1 MBS RAVEIIE A - (BRI A BT AR 2 A SR (AM) > A ELRIERRAY
SHIENEE » P=FESAIREL © -5dB ~ 5dB ~ 15dB 2T > 43 RIS B FH B S5 5 3.4% -
2.5%F¢ 1.6%HY & s MAEARFFEERAVHIE S - RIS SRR Al T % T 3.8%4.8%
T 2.2% o

122



The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
Taipei, Taiwan, September 24-26, 2020. The Association for Computational Linguistics and Chinese Language Processing

=~ RRIEIER
e — B E B A e rh > AZ Il MR B R A R B A ARy (€ H AU
y(@) = x(t) +n(t) (1)

Hrpx(t)/& IR Z e/ a0at - n(O) B (Additive Noise) » /EiFHEIZRS] - 3

{5 HPR AT RRE Aty (O SRRV PERER N () > DABRIERZ a6 S alaix ()
FERZEAITFE T BEEIA ARG R 17 FE 8% (short-time Fourier transform, STFT) -

DAFE AR08 BRI IR AR AT(Time-Frequency Analysis) 73 Ao st s » Ho AT Rt

AP ER > AT

[0e]

Xt [f)= f w(t — Dx(t)e /2 qdr ()

— 00

Hrp w() REgerE > ATSRFERSEEGE » x(v) Ry RFEE AR ERETE - B R B2 0 fa A e T i
A% o RIEERSER B T &5 R B D o i B R o ()R — AV IR
x(t) 35 38 B (0 T BE R SR 15 X (¢, f) € € > T8 Ry 1 B A [E] (complex-valued
spectrogram) » & DUSAEAEZRIR - BI{FX (L, f) = |X (¢, )]e/PxED - B AR RS pE
i ] B LAY IR B2 (Magnitude) | X (¢, £)| SR (Phase) Ox (¢, f) » —fAER > AHALAE
{0 EER PRI - PRIEEARISE EAYRE S S s ROiT 48 5 S ST R0 E R 2 - RSl R aaiH
fAHnLLES) -

{H&EHY SE £y + et im A GRS Fast ot - slEE Rz F# S a1t - WERDH
2% (Spectral Subtraction) ~ 4E&AREY 25(Wiener Filter) <[ 1] - AL 12 L EH & 7 7AF#E M
HEEET TRy - E LR AEAEES (Deep Neural Network, DNN)A H 47 R
EEE ) - D EZERTN SE WHUS THEIZECR - [21E L5 I A TR g A H B4R
(Deep Denoising Auto Encoder, DDAE) » [31&H T 481 & 37(Time-frequency Masking, T-
F Masking) - (1% {H)15E 5 (RS E T T8 5E - 1B T7 A0 EH %= DNN 5
RIS EME SN RIRRER - R DURER H H ARy B S (Mapping) 574 B AR 7 =5 (T-F
Masking) J7,%[4][5][6] -

ATHARF 2 W 5E 383 - AR B SR RE 2 5 by oae ERAEZE[4](5][13] - K5 MM E
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Multi-view

. Mask Estimation Network Decoder
Attention Encoder
- - skip-connection
Noisy d = dilation rate
Signal _ 9X-1
ga d=2 | [ Enhanced
‘ 1-D Conv Ll ‘ 1-D Conv l_l | 1-D Conv l‘l Signal
|Ix1Conv] | STFT | : | : | - | [ PReLU
d=2 i | t 1 4 1 l
1 1
Wer  We \ 1-D Conv ﬁ | 1DConv | | [ 1-DConv 1
d = ' t 1 R 1 1x1 Conv 1x1
- | !
‘ 1-D Conv Fl ‘ 1-D Conv |—: | 1-D Conv |—' Conv
1
4  — [ ReLU
1X1 Conv | o o oo - i, a
[+]
Layer norm | :
L X |

[ — ~ AR T IHEE S Y SRR A
afl > PP R AR R RS SRS P [R5 R I (Magnitude) AIH 2 (Phase) - SR BEFE E 13
FERRFIER P AT EREsk - R DT A RS IR AR - I ELB R SR 8 5 R R E A sh
SEALRINT - AEAISGEE T SRIETAT » (13152 T (o8 F W {18 73 S &5 18 7 ] FRUII 8 288 55 AAH
frAyJ572% - RN ERREAEL - [SIERAEE A - FUAEE LA 2 (Complex Ratio
Mask, CRM) - [10]f2H{ T Denoising-TasNet » HERFH[ 7] B m S es ~ AEISESAIZRA -
FERRpIEk BB EEE AR GR(L - BRI ERY AL - HE R FERRZ (Kemel) DLRD
£ (Strides) A /M FE 51 2 5 (Convolution) » JE DU R {# 37 5 28 5 (Short-time Fourier
Transform, STFT) > &MLt 58 1 HERHIAH Az (Phase) & & ~ K H 4mbf /B £ 7o~ ={(Latent
Representation) o HFmEE BN (g £F EH5% 2 E LL(Signal-to-distortion Ratio, SDR)FS1EA Fit

feIt - EEREEAE H hRE 5 PER(ASR)_E ARO[ 58 #5344 (Word Error Rate, WER) -

=~ BV TE | SRAF R IR Rt

TEARE S AR 2 AR B MIRE S by sy » AR ] R — » W] DAYRARAY
% 58 = 7 45 TE 25 (Multi-view Attention-based Encoder) ~ = i &1 4/ % (Mask
Estimation Network) DL #5523 (Decoden)#1[7] » FEEL$HEm AGRSRAEITERR - E >
el A\ 2 B B R LB REF S R R L T EE R B &R B Xy, €
RVUEFOR - HpmPFBor G @5 BAVERS - m € (1,..., M} » MIBHER B - JATEFrE R

124



The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
Taipei, Taiwan, September 24-26, 2020. The Association for Computational Linguistics and Chinese Language Processing

Fftim R E—iL » TR R —SEHX € R HAeg—FIR R, o

(=) ZHAEEIHFESES
AR IR RS eSS e T IR L RS IS T A [FIHRE S R e — - B
LLC LG, For > RTEIF B AU 20 B A 150 Ry — 4R VA - 5 5 IHaRF (U2 78 Hh AR FAE
T XA ENTIVRHEUERC, € RVMUIT

C, = F(UX) (3)

Hrhu € RVM Ryl 55l > f& N (B %E(Basis Function) » B EZ|— 2517
sl SR —4ERETAJE (1-D Convolution Layer) {8 - I L(+) Ry ] BE=RA IS A EL(Activation
Function) » 7= 38  BEFEER MR BE T (Rectified Linear Unit, ReLU)[ 7] RU s el &) »
DINECRRFEURIERE - AN - SRR REUEIRC, 2 AR (4T STFT sk s AR X 4
TS - AHERY AT RAVIRF SR OB R C, - SRR RHBOE R G )2 S E =AY - INH KRBT
A BT SR RO Ry BOH R -

128 MY 2 » 2 13 (Attention) 50781 [ % 4t 8 1 FF 51 % F ) (Sequence-to-
sequence LTS » HAPTEREIERRAEAL IG5 T AP - AN - PRI
LRSS SRR E R RIRE T BB TN » (3515 —
FHECROTAT Rl AR - ASLBMSEREIHH] > (8 SE U DU IR 0 AR
o2 8 Variants) IHERS SE HIMERE © B T 3HFUERRE - RITE SIS EAIEHERS RBiA
HE /I (Projection Layen) i EAHFI4ERERIR » 401 Tt -

dyi = WekCr,i + bey 4)

Hrp o RsBE S RHEUERC 2 (BRI EHERY R BRI & | R FHEZR S [(Frame index)~ Wy, »

by 73 B2 Jg I RE EE A (Weight Matrix) F1{F 72 (Bias) « #&HFEAE] 2 M & d,; » 3

P R] LA 80 B B 4% (Temporal Attention Mechanism)3 B0 EE S Eay ;
exp (V)

ko exp(Vi,)

By 2 dy M EA dy, (K # ROEAYAR R (Similarity) » K2R EHESHAES - 55

IR S RIS R B L T K =2 » RV E R - F(FT5 8 7 =R [FEAE L 5%

sFEAF  FR—FR

®)

Upi =
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T AREB DGO 285 E GWEREINS > k=0,1)

PR =Wl il ATt
IR (Additive) Vi = witanh(Wydy; + Bydy_; + by)
B (Concatenate) Ve = wltanh(Weldys; diy] + be)
4 I BEFE (Scaled dot-product) Vi = d’{l’/‘%—k.i
d

E,jWA B,qﬁﬂ%%%ﬁ[@— by ~ bc#&fﬁ? Wy wc%ﬁi’nd%ﬂ@’ﬁizﬁﬁﬁ

EJ%?%%UW@FJ%E%(Dot-product)?ﬁﬁB’J%ﬁ“ﬁﬁﬂ%ﬁﬁz °

TR PRI PSR T I T o S S R DORERR AT - (550
BB ST ¢

1

2= ) @dy (©)

k=0

(Z)  HEEMEETHER
FEAERY SRR SE #5280 > 3 E £RA] DNN BA b ATFIReE S R B iE s - FEIL
AT EERERN LA © Ry 7 St AR e ] AR =5 e e 2 P R B OE P (Long -term
Dependency) EATA{GHEEE - AHE 3 BN ST i HE B 48 A R A0 TR0 18 & (Bidirectional Long-
short Term Memory, BLSTM) 8 {55 f81& & (Dilated Convolution Layer)sK &3, o Hifig;H ]
LIEREE BB S R BRI E M, - ] DUSEFSag L 5B E R R T 18 25 5 B B8 M, M,
[My, My, ] = Mo (Z), (7
HfMy () REELETERS > Z Mt AsB SR EUEM > 1] BzU(6)FTs Z (&5 HERF EHY
P8 Z = 24, z,, ..., z,)  AESEIEET 2R - TR AT DURRE & R B AR B2 2T
MRS R LR VEE S R BUED, € RV
Dy=M, © Z ®)

Hrh» OQFRZFE T EHIEE E (Element-wise Product) ©
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(=) f#ases
BRI LBHIFEE R D 1% - FAMIA B RS 85 (Decoden) R IR Mg BRI 1
B WP ER AT DI RBP4 =
S, =VD, 9)

HepS, € RM*V sl e A LA R S5 - T es sty € RM V2 iR B M
N EES B HEF T B« (EFRI - REREY o] DLE J S 2 {77 BE#4% (Inverse Short-time
Fourier Transform, iSTFT) » {4 » 4BV QI 2 — 4t B FE 8 E(1-D Transpose
Convolution) « & {%F A F FABAHII(Overlap-add)Ay )77 1E 1 BLAERES, B g5 = 3R 5%

g~ EEREE

Bl A AISHELL-1[12]58 R A TaT Al B s AU M HRHA TR A w2t
HIBRIEH S ASR EERHE » f1 8 400 fiZsB& A 170 B/ NPV OGEES » K 17 aHEFFHE
AV TTA » B HE AT SR & AR Bl T — e e A Bl SRR - I (oE A S AR A
HHEAE A FIRYEHFELL(SNR) B RS 2 IR RE R agat 1 VUREIH B A HIE S -

B T EEFTHISR > BRI B MUSAN[14] - DEMANDJ15] « QUT-NOISE[16]
FIEREE R SRAEENERIE[17][18] - 484k 2553 FlFfEEN - 823 5B S NIFER S8 S BB 2
16kHz - FeAKrE LA 5dB 2 SNR {EJE AR 4GSR E R RV EERER) » SRR
ZRMHEIET SNR 5 dB [ 120098 {E7A5153E )92 16 31(Multi-condition Training,
MCT)ERHEL N £ "MCT &) -

HEREVE R AR o PPIRERGHEEEEE S ) Bl FEah > fRIZ=7E SNR {H&%

:-5dB ~ 5dB Bl 15dB fILUES » 73 AlEEL T = (EEESMHEEE « 5540 » Rl
AARKIFERAVIF - TFIEH T A FERVEERERHE : Nonspeech #EEHERIEE[19] > LA SNR
5dB A Sk A IURE I -

(—) sEEWSsHEEEE
FHEFESZ IR 245 - FRM(EIE 4G AISHELL-1 |4 Efss e dr » F{EEE Bk 20
RIEEA] (5371 Fs 6800 K 800 FllEEA)) A ISR FAMAYEE S I 58 58 » FirA B RHI ATl
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MCT #EREA 5dB 2 SNR JILUR S © IISRAVPTA BB B v R ez a8 3Ilek S
N FEE S BT E [ 7] B B AR 885l 4f (Permutation invariant Training, PIT) » HJg%
PR B By & bR 4R s EE(Scale-invariant Signal-to-noise ratio, SISNR) > FHEE /A =040 F :

(S,s)s
s =002 (10)
target ”S”Z
€noise = S — Starget (11)
”Starget”2
SISNR = 1010gg 57— (12)
”enoise”
‘CSISNR = _SISNR(S, §) (13)
Hrs e R ~s € R SR A THARE SRt & iz FE e ot a & > TRt &

& o Stargetj%gﬁé\SZTQ?\i@% °

Bl RE T =HEA FERHEEEE S W Rt ay - Fra A B A 5 T4 s B (0 PR R PE AR
4% (Temporal Convolution Network, TCN)[7] » ‘Bl & 5E 7 %5 (Residual-connection) DL % &
J&g 1845 (Skip-connection) » 1 & — o fHEH 228 (hyperparameter)sX'E X =8 *R =
3.B=128 H =512 -5 =128 - P = 3> A[7]-P R LEATHIIRTE » FIE2 BRAER 405
R ARG 5. A

1. STFT-TCN
FESEI SE B E B FRPIEE STFT BUR: iSTFT {F B 4RTS 2 SURIE S  #5ri STFT
FRAT 15 0 9 B 3 (Complex-valued Spectrogram) {F £ SRS B » 5 BT H i
(1, o, N/2)E T B B (Real Value)i54) + 14 FEB(N/2 + 1, .., N)F T HE i (Imaginary
Value)ih 43 » BA[TIAIE - RIS (I SERmughy 512 B BB T
(Hanning Window) » HUET £ 5 64 ([EREA) » 558 5 32 (EEEABDMREUEE: » 195
512 46 BEISRETA -

2. Denoising-TasNet(M)
TR SE UM [ > M2 (10J§2HH Denoising-TasNet = %24 » (i i —4E 8%
I R R (B RS S RS 25 - ELARILT) » TS UM e o PR N
RO LIAREERTRER - WL EE &R 16 ([EHEAR) - Bk 8 ([EEAR)RH
HURSRL » TEEREO 5120 AR 512 de ISR - RV B
[16]3e tHEVIERL - 2% 7 5 g BaE H A3 FAFA8CR > Fifi H A8 2 & Denoising-
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TasNet(M) o

3. Multi-view-TCN
R iR 2 SR AR AR S sa it JMIEEA T 2R AR
ARt es S 1-D EEREEE(F HiRiSes - HL 256 4EAVSIST(EE 256 4ERVRIFERHE0E
fTRLE > R T EEREZEEER BMIREREEESER 16 (EREAB) LU
8 (EREAE) - WLt > 4eFEs B Ry 128 > AR5 128 4ERL &R -

(Z) BT AEE

FR1& Ut B A4 FfM{E A Kaldi 244% Hybrid DNN-HMM EE2A5A0 > j8 g 18] £2 (I
[ GMM-HMM 3| &A% 15 DNN AELRY 711460 - e e A8 7 g =R A (e 4L 4945 (Factorized
Time Delay Neural Network, TDNN-F) » £% HY za] [&] 4 58 £ A 3C G & ={(Lattice-free Maximum
Mutual Information, LF-MMI) HARREHETTHIGR - FHAT{ERE T2 ft 2 Mg B4
FAEER(7.46% F 6.51% 2 F-gianais » CER) AL 21401 F R B M B By A4 (Baseline) -
SN TATTEIGR T W e g B A (AM)HEL T L — R SRE R & R AGEI SRE R MCT
&kl BEIEESZ AM 0 L MCT-AM #oR © B—flSE kR a &R sk
MCT ERIAI(E F¥E SE AU 58 MCT ERHSEIRY ENH &k} > DUfFRE SR & HRHE
EUERIAUCECHI RS - Sy EHrH)ll SR (Retraining) 2 AM > DL ENH-AM 01K -

i~ BEBRER KT
FMIER SISNR E 5y SE ZaFfli 5 » BaN(1S) - Bfirfy dB E{EME LT ¢ ASR
HAMIRIPR A 55355 (Character Error Rate, CER){E Ry (i LAF 77 LR » (B Ryl (Bt -

(—) REEBIHFIZELER
T REDER SIS Z ELEL

Test (5dB)
AM Model SE Model Attention Mechanism
CER SISNR
Baseline — — 43.81 5.02
MCT-AM - - 18.75 5.02
Additive 17.05 14.81
MCT-AM Multi-view-TCN Concatenate 16.92 14.88
Scaled dot-product 16.49 14.91
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BFTE P HEHRHAY Multi-view-TCN 58S > EREEA FEDER IHEHIHECR - PRt E ik
FIAEHEC AR & 5dB SNR ZEEE - SE A EARN RS BRIk —Frr-
HEFR 25—~ AR ISR > MR AEREE R > (EH MCT-AM > fErr I ER S H al BL
Nt CER » FEAh - ARIREE — EDUSIZ BHR Rl A1 - £ B[R AR A A il
T Fr#ett 2 Multi-view-TCN JEE =R FELER IS T > AMEFRTEE S R TEEE
SISNR - [E]HF I I 1555 B (E CER [#(EK) - Hodr > DU 4EEEf%E (Scaled dot-product)
EEIIRHISR A Rl - NI - TRMEREIRAVESR - 7Y Multi-view-TCN 53 - B (i
EEH kR Ry =Ly il

(Z) ERFERREZ BT PRER
PR BB B R > P TR SRR E AR B A FIRARECRERES - Sy hl et HeE &
W5 KBS R RS TG > EhaEREERR = -

R EAEEREREE 2 sE Z et R

Test (-5dB) Test (5dB) Test (15dB)
AM Model SE Model
CER | SISNR | CER | SISNR | CER | SISNR
Baseline — 81.41 -4.94 43.81 5.02 15.14 15.02

- 58.19 | 494 | 18.75 5.02 8.66 15.02
STFT-TCN 49.78 5.43 18.92 | 13.71 9.42 18.73
MCT-AM Denoising-

TasNet(M)
Multi-view-TCN | 46.62 5.01 16.49 | 14.91 8.90 19.83

47.47 4.52 16.99 | 14.69 9.14 19.52

RIBER =2 8% > B RAVRER £ Frig ey Muliti-view-TCN FE BRI HAL R
J7ERFH RS E AT SISNR B - UEE -5dB 2 SNR HYHIEA SRR B RISHY U704
(STFT-TCN)3% ; 1EEE Yk aAE b » Multi-view-TCN FHEZEA R )7 74 155 5 = Ay B
skim TER » FHIEHTAT - SISNR FEERAVEETHHEA BESE = SWAE CER BY T > (HAZHE —
PNER SR - ZRIfT - FrAEAUAE 15dB 2 SNR BBBE T » B PRRFIR B LL/E 4G MCT-AM
7= MPE AR R VRIS sE S Bl s 2 s A S A R S B MY R -
ER RIS 2 A UCECIE 52 » N LT R AR 3 SRAY U572 - (SR ALE R MCT
BRI AGISRER, - BRI T REN T -

(=) EFmllRESERE 7 &R
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R0~ BTl AR SE R

Test (-5dB) Test (5dB) Test (15dB)
AM Model SE Model
CER
MCT-AM — 58.19 18.75 8.66
MCT-AM 49.78 18.92 9.42
STFT-TCN
ENH-AM 40.20 12.69 7.81
MCT-AM Denoising- 47.47 16.99 9.14
ENH-AM TasNet(M) 40.41 12.02 7.79
MCT-AM 46.62 16.49 8.90
Multi-view-TCN
ENH-AM 39.03 11.71 7.66

FRIGFR DU AT SR E S o/l R B AUTR - (£ [FIEHIREE Z WEIRET [ R B by
b PR > HAEEEHIRELAVEREE(SNR 15dB) > FrA AL L MCT-AM (£ - (NILERE
T ENTISREREARRINY A > ] PARPRAT &I UERCAYER R - M AT#ie ey Multi-view-
TCN fEE AR BRI A (£ - AHEHY Denoising-TasNet(M) > £-5dB ~ 5dB }¢ 15dB =
f8 SNR JIGIERGE | o[ JE15 3.4% ~ 2.5% f 1O%HEf FHhaR N -

(PU) RAFERER Z B Prlas R

R~ RAFENRE 2

Eatawst
E=g=]

PEEREE R

Test (unseen) Test (unseen) Test (unseen)
AM Model SE Model (-5dB) (5dB) (15dB)
CER |SISNR | CER | SISNR | CER | SISNR
Baseline - 88.42 -4.97 50.58 5.01 16.92 15.01
MCT-AM — 70.90 -4.97 25.37 5.01 10.45 15.01
MCT-AM 60.56 5.98 25.86 13.79 11.80 19.09
STFT-TCN
ENH-AM 47.40 5.98 15.51 13.79 8.62 19.09
MCT-AM Denoising- 56.88 5.73 22.82 14.54 11.44 19.96
ENH-AM TasNet(M) 47.31 5.73 14.88 14.54 8.63 19.96
MCT-AM 55.38 6.10 22.08 14.71 10.92 | 20.15
Multi-view-TCN
ENH-AM 45.49 6.10 14.16 | 14.71 8.44 20.15

RV ARFIENERIEAVE BRGE A (LRI T DU R - IR AR IREE T > &7
AR PR R B AT B B — 2SS > HAERENERLEERIR(-5dB SNR)IF > ¥ 77
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TEHRIA B SAISEY STFT-TCN 74 KR8k Denoising-TasNet(M)J% - AL > Arfrie
fY Multi-view-TCN> B3 T AEARRIFENAVERST [ 202 {b(Generalization)#JFE /7> #£ SISNR
Fo CER HYFHE EE1SRIRAFAIEER - AHELHY Denoising-TasNet(M) » ££ SNR £-5dB

5dB £ 15dB IR T > AJ458] 3.8% ~ 4.8% % 2. 2% FH ¥ - #EaRa N R -

(71) EEHEBORELRER
etk » FAELIR [F SR 4R ERE & 98 EHIRER - HEE&Es T &' - 5340 FMItbEcR
B R E AR 12 AV SALE] (Spectrogram) - A1IE 7R - B LABIERAT ARG JTHERY
HlE > S Z STFT-TCN JAG R 3T 2 FafVIHRE - MR LE [ HE TP ez aE S B AR
S —HEERR 5 AR IHRAY AL Denoising-TasNet(M) » BEREH T8 52/FHHEE K - (H
[FEREth a1 MR R 43 © Multi-view-TCN > BB EAE /& > iy » RS
13 7 LRI AR SRR ©

Frequency (kHz)

Time(s)

STFT-TCN Denoising-TasNet(M) Multi-view-TCN

B~ BEE SR S L RPSAIEILEEL (BAC009S0764W0193, HAIPUAEE, SdB SNR)

AR =i
AT et 7 20 AR I HEE S b SR A ol (e 552 e - [R5 58 T
BRI (1R B AR E]) LU RHERAVRT (2 B BT AR i & R el & R B — R

U https://smildemo.csie.ntnu.edu.tw/rocling demo/index.html
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FEER Aishell-1 BEJRSPOSGEEEREAYEHE B - BB S REA RV - BEER
[E R B A E Rl Sk SO, - Fe sy BURIELHT 7 7A S BN B s sE H 3 50 057 - 1T
FEE SR A s EE T > F2-5dB ~ 5dB ~ 15dB =7f& SNR B85 - {5 FH 5 7|40 i
R MBS ERY VA TR 3B MR T R 3.4% ~ 2.5% K 1.6% ¢ [AE
RAFEHATEE - PSS AHE SR 3.8% ~ 4.8% K 2.2%HY N -

{EEBRaS RT3 > PRSI B HRE S R - MEBEE SRR B R - [FINY
R P& e B PRI - ORI TSR B b9t - W5 %eE
B R ERT R 2 E AR IS 2 R R & U7k MR R — 20 i i 2 pm B

FEAHEER(Convolution Noise) @ 41E2E(Reverberation) ” T8 -
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n i Code-switching) Y 58 & HFER AT F AR AT AR 2 BN FE B Y B0 PR A PIE
B A S T P B RS AR 5 T 2 I B2 T LA A [ ReE i i A o  ai ea sh
FEE PN EARNVERES (A0 JEhEkb =) shft ER 2 b BRI RREE
st (Labeling M E R 1T [y T e TaRBiA 2 s S W Es e - FEADTFE
o BRI A AT SRR TS (Meta Learning) /574 - #5722 7] IR R R L
SRS R o T BRSSP S 2 Bl - B - IR SEAME
(South East Asia Mandarin-English) &ft 5 > £ 18 0 £2 35 iy BLIE RUERE 2 ST 528K
(Model-Agnostic Meta-Learning, MAML)#E{ 755 & B3l 6k - EERaEREEH - 1HAYRES
TR B B &S Y B RSE A SE E R S -

[Bel k] - SEAGEEM > SR RS TERE
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Abstract

In recent years, code-switching speech recognition has become an important research topic.
Code-switching in conversation speech is gradually increasing in our daily lives. However,
compared with monolingual languages (e.g., English or Chinese), only a few resources can be
obtained for training a code-switch speech recognizer. To mitigate the deficiency, in this paper,
we propose a meta-learning approach for code-switching speech recognition. In other words,
following the model-agnostic meta-learning (MAML) procedure, we first train the speech
recognizer by using monolingual corpora, and then a fine-tune stage is performed to obtain the
final code-switching speech recognizer by using code-switching data. We evaluate the
proposed method on the SEAME (South East Asia Mandarin-English) dataset. A series of
experiments show that the meta-learning method can improve the performance of the low-
resource code-switching speech recognition task.

Keywords: Code-switching, Speech Recognition, Meta-learning

— N A
~H G

a2 e SR S EE A Code-switching) YRR RE H BRI A Z R B - fE B BHVERE Z T
N E SR S HE VBt RT R B A1TEEE B o5 T & B2 sk o B B i P
RS AR S (RS ZINER R EERRER = NER A MR EhR E LR
SRR AT RETE H 258 0 > PASlE Rl IREF A REES S AT eSS0 S
IRF PG 42 B A TP IS sE T NENIBF I - (IERFEHRr E & 2 5 TERS T
SERRARICZMS K > N L &5 sE O AR sE 2 Wl B 2808 = SHIBa R A —(E B2
] -

ATFEAR > AR FE AR Y BEE - PREER B e R LIS TIRE (B FHH
4 > HEBCENER R E RS MO - NI e S PIBaaa b A (5 R R
e e M Ah 2 e r NSRS T EESL, 2, 3, 4, 5] WIFEREREUR > BNAREEE
FIRARY H] DU S i A S AR A AR INTTT RS VAR B B T AT B 8RB S
FeHy B, -

FE (5 R FEERE D5 A ARSIy - 8 R R BRI E R TRII6R > 4 AE
HIpR DOl ok it R A e iR A > BRI E R @R iE ) > MBS EERG A e

Kt
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(Underfitting) Y[R - (EEAIEIISREEMUAERRIFRIRE A S0 B ar - M52 PR (£
o SR ESEIAERE S ERHE W) B S R (8 R B AT H s
BIRARE S > WILAFT 2 UG & A sE IS BT RE Z Pl R R E TR (Low-
resource) Y {LH5 > B A [FEIRVHISH T A BAAR A EE IS (E R - AL > A
SCEH R TTEE S (Meta Learning)HY 5 UAGET T & A wEHSEHHARRE S Wi - WEHIEH
H Al F A B oo 8238 U5 04 v B B S 2 JT 22 7% (Model-Agnostic Meta-Learning,
MAML)[8] B E R 2 SEE ik » S A] AR TaE 2 iy AR -

.~ HHEEbTTE
(—) JCEE (Meta Learning)

JUEEE (Meta Learning) @ AT SR AR M BLEEAY — AL E 53 - JrE B RV S e SR
FeEA SRR AR B AN - RES A AR ARV EEET T R - NI E — (R &
PIRYRE ARGE - I A GRS A R E R R ESEERA RS R fla
APUHE B IR E SRAVEFBEE REHET R ZBHIE RS HE R ES 2R
B —(ESPIRIEES - LRSI R LA E S8 IR RN - TeE8 B e
Fs N2 P DARES R B R i » RN R EAE R TR S e B E HU4EER - At AA AE
HyE F PRERELE (Rapid Learning){RE /T - (NIEL » (2 LS B Em T > & T (HIERIRE B IES
PRIEREREHIRE ST » R AR ERS MY ISR E o A=A [F RN GR LS (Task) - AU T 223840
{a]E23E (Learning-to-learn) |, (SEFHRIE AT H AT HFILA S L BHRI0EHE 2R T
FE BN EREG, - R B T —E R iRt - WS 1T T B | fyLLEREL
Ry Ry T BB ENEEE - ARHBEE T  REEEFAMERACEE H T
Bilks > (ER DIAH D BRI Z S REEEAIRCR -

AHAR TR E R 2 B E W AR T R = KR E R ITE » Al
PLEA IR MED AR AR ARS - AfsE I B RAHHRC IR R A e A AR 18] ~ P4 e
# f#%(Neural Turing Machines, NTM)[ 192K B 2 S 6 75 [ /775 (Black-box Adaptation)[6,
7] 5 DARESA i (B (Optimization-based)iy 722 777A(8, 9] » (G2 B AIMERR ~ TE2H
(Model-Agnostic Meta-Learning, MAML)[8H1 F] [ i T 22 E B A (Reptile) 915 J5 7%
1% A HS M (Metric-based ) B i Y 3 E 2 80 b (Non-parametric) 7575 » fIU15 #4 1%k
4R (Siamese Network)[10]55 o Horpr » BRSTRSRRH ~ ST 2238 77 AT Ry B AR 1RV 77
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B BUERIRERE ST A RN R AT AR RO TR B SR A
TLERE B AR RS ISR — [EE A e dr HUERE R (RITTEE & (Meta-learner) ) » ££
FAEELEER T A RREA R BRVEIISRE R g m] DD A D s e — (B ey B2 (T
B o WA EEAMEIR A TE S B RES G NI — 1% - BESAE/V B AR/ OR N 2R R
AREZEA HAR S I B A SR 2 T SR i B A(E S e ) T — e B R R Y T 2R T R
HF A RUAR R T B e 50 B A RE > [N E PR M Re S FIRERE A s/l o5 =4
EL PRI P AR AT — FE S S R NI AY E - 140 © 53%5(Classification) ~ 22 (Regression)
H158(EE%E (Reinforcement Learning) 3 & RAYAFEI(ERH - MILMESEHTTEE AL
A [EIESAE R SRR IR 2 ST AN G IR S8R - A TR IR A A2
PRI RIA 2[R > 25 AR A e A - 7 ] DARI 4238 3% (Fully-connected ) fi 4L 4 B8 B
FEHEEEES (Convolutional Neural Network, CNN)ZEA [E1HIREAEREHE TR & o 2548 S5
MEfE 2 ST SR E EBUARRNIGR - m] ASE ISR HIIA R E &G E —(EPR HIER B 5T - REFth
AR TR EAER (L8 ERE A RUrAvEER -

(=) B EEE PR 370

B4 B AR A T B I A E S IS I 2 A E DR S A S S X
JE ] KAE A (Gaussian Mixture Model-Hidden Markov Model, GMM-HMM)[ 208 2 /455558
THER 4 PR 45 & [ gk =X S 1] A5 Y (Deep Neural Network-Hidden Markov Model, DNN-
HMM)HsEZ s [15,16] AT AR H i i Uim(End-to-end Y56 5 Hafas i Rt 72
TR RIEHT AR B i S iy SE RS AE 2 aias i) - BINESRY CTC DARIER
M35 & B (Hybrid CTC-Attention based Models)[12, 17] » 1 &5t4E & AE =1
#9(Language Identification, LID)#E1T 2 {T-55£2 % (Multitask Learning) Y5/l 8f 5EHE - 2K =
n IS HA SR PR B HE S

=ik

HHY H AEA B 5 B A KSR R sE it Erl e BN R EEE
FYEE S AR RS DUE SERSEHANY R A BAFAYRIA - FT=EaVE - MR dn B Ra Y
TLEE A HEME RS AV BRI RE AR A —% - £/ D BRVERE N Res itk
REBEWEET Ry > WIER B T2 BT A B aEAENRERN AL - KER
(Low-resource) YERE{LH[13, 14] - FERBISEIRAAVEES WETH L > WM RIEREAY
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e b ALK S A eE AR RE S U — A S - ERMTR e BT S
REFR B SRES R B ERE (R S A HRE S S 1E A RIS - BhE(EE
2 BAPI AT IR R TS 5 WIS, - A RSt B S S ekl SR L AU AY - mES b i i
FER BT - 2 & A B E B S R L - AN AR EER T
EEh > BUFERRRE 2 ST S EACEITEE S Mk V19K - JHSEAE SRR S el RVaIIsR T -
B DUSERG—(E SEAr HYSE S EAGE S ke i — D MR T B EASE 2 P R -

(—) BEfERIERE > T2 (Model-Agnostic Meta-Learning, MAML)

RSB A TEE R TR (8] » TR RS - ATDEFRNTE - AT
i A2 BT B8 Lty » R 1 7T B O (T B R A
7] > 3172 T 53 B T3k (Meta-training) 57T M54 (Meta-testing) R AH 53 > 1EHEFT T3
RIS T AR B DA B MR 78 23 % R IR T-2RHED, = (G y),
e, Gy )} » IEE A (] T LR T LA D43 PRI S 4 (B0 By S 8(Support Set))

DI = {(xp,y1), ) (o yi)} BURHEAZER! (A% 22345 (Query Set)) DE = {(xy, 1),
e, Gy} o BEEEE T DU — (8 TR s — R OB T  taE R
Dimetatrain = { D1, ) Dp} = (DY, DLS), -, (DY, DEN} = {Ty, -, T} » ApERE—
{815 75 09 311 S0 RHEE DI 308 K B G20k) - BPTH TTRG 2 By K B4R 52 78 (K-shot
Learning) * Ti{E T AT B Dmeta—rest = (D, D) » sk RFFIEEIER H 11
SESER B LR SRR RS » SR & i Eep ISR 2o D 3 GRSy » ofsi
B R AT LRt » B (T LS B PR B (A I e o e 7
> DS T A -

I - BT ERESAE T SR E R E Dimeta-train LIREN—(HELAFHITTSEE
FIFH 2 BAER I ER ERE—(EdrrvR I 28 ¢ - fEBE ARy T B E R AT -
WFTRAHEEI W b 2B Rt 280 - FHEIIEC Ry fo - B R — (B8 LT > BB
sl SR B e e B LA T R Y IRR Ly > AT DR RS N Ry 5 U IR AL Y 22 8
i T — 2 Bt n] E MR Ry 25 O ) » A SR AL SRR Y e B A
SR HTEETOI TR AE S B R, > i = 0 — aVeLlsr(fp) » Hfla
FoBIE Ay AT R 28 - BRI SRRANY TS E T AR E A E 2 MO R K
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Meta-Learning

8 Learning or Adaptation

Yo

‘¢3
+ BRI R T T AS BUE LR E] -

Gt BEFIEITEART, A BAFAVERIR - I EMTR] DA TE tH e 22 E 07T HAR R i (Meta
Objective Function) £ :

meinz Ly (fo) = ZLTi(fe—aveLTi(fe)) & ()

B R A — (ER Vs L2 80 (RIS BUEN (£ AR EE — T M
HEFTSBE R - SRR S DA RS VRIE - R R R IME - BESN - FR(bIT
S8 H AR B RS — (i A B R > T T LIRS R T Ry 5 U e 8 H
TN T R b (U Ry i (B (Meta Optimization) ) » {{ZRITSH6 FI{RIFAF(6 <
60 — BVo Ly, (fo JRETTEE T - HrP IR BB MR nI R 28 - SR RLIERE R T E Ty
ENEEE A LI2S E — 2 R R ERE -

SEEEHY B AVRRARY TS E A L EBUARI 2 E LU N EEVE 1 Z RS (HF—12
HIE » BUEAVRRARY T U7 AN E Rl B g A ER (L B L EREA
1 BB E TG AU E T < R RV EERL o X AN R
(Inner Loop Optimization) ; 55 “fHAE(LIVEEDE | F155 8 17 - AR A HEFEIEES TR
HOBEEN TS - (FEARIRERY By — (B R 4 Y ERE E W E(E - XUl Ry N B i E1b
(Outer Loop Optimization) «

B RSB Y T AR B A R S B S » (L R A S TN
PR L LI AR S F BV L, (' VTBRIES » TV 0 Lo (fp ) 93 FELRIL A U AR T HE R T
—JE§f#53 (Second-order Derivatives) » SEE S 4E[ ([ 8 22T pEFT — IS HILOVE

Fi 826 Tr HHEL 52 BE A A 8 SE e (Hessian Matrix) » (SR MEf T4 BB LIS B 8
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EEDE 1 : Model-Agnostic Meta-Learning (MAML )
WA ap
BEt I LA 228 0
while FlI&R[EARSER do
EA—E (BZE) FEE T
for all 7; do
FIFH DI &1E VoL (fo)
STESE ¢ =0 — aVgLy(fo)
end for
A LS 0 « 0 — BVo Ly (fp,)

end while

HEE 1~ BUSAVRRHRY TS E A HEE -

—

A A i

AR MO E SRR ZE M > (B R AR R SR AR T - By T RERET
HHSE BRI - TR AT R A A — P AT {LA(First-order Approximation)fy 5 2K
HVo L, (fo, JAVITIME  DUESR AR  FE R ARNIBREE S H T B ¢ = 6 — aVeL(fp)

PRI SeF F g R B - BRI IR —TE Y, (6 — aVoe L(fp) IIRRERTEL - EA
0 < a < UEaVeL(fp){REEAT 0 > JLIHAG 53201V, (0) » AL R DU RS ST R TH Y
HEYREE > E LAV (0) AT AT - 1 )LIAVe(0) = I At LLELHE — S 4T B 1% T 15

VoL(fs) = Vo L(fy)

VoL(fy) = (Vf,bL(fc,b)) (Vo)
(V6L(fp)) (Vo(6 — a¥sL(fe))) (@)
)

Q

VoL(f3)) (Vo (0)) = Vo L(fy)

FIF— P& B 5 A (A B A A BR Ay T 52 U A SRR Fy— PG BB R S A Y T 2R
BE B A (First-order MAML, FOMAML) - BIfEG T8 ELLO « 6 — BVg, L, (fo, ) B A
FOERDE 1 P Es 8 ATAVE = » RI R p—FE AT D8] -

(=) AFrEE e R GE S PR R4
H A 7y S RE SRS HH 58 FH T B2 8 Rl s i R s s R B e TR PR RS
REEEE ERHME Ry HARERS » BTG T TSRS B valIsR - alIskEE e & A i
Z BEEE AR Tealll SR PE By I SRA TR T - AT TTa ISRPE Bl - 3 — DR e

|
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[ ~ AT S RIS e AR PR S T

BHRE S B Bt U R o BORE > R T B T R AR R — (B8 U RE 2 e LA > %
& (o B B 7 ST B A AGHNIR ~ ST o R A (AR B R AT (T R A e
B (&R EEF PR TR 2 - SR AT TIPS B, - R & A sB s R B HUsE et
AT > (EHAES BN R 2 B iR B g A R i
JEF A EIHTE S PR > NI BB RIS R A B S B % A
RARRES LR B E N SE A RE S PR 75 - HREs A B iR - B B AT
BRI SE S AEE Z R AR EE]

g~

By T W F T ) R S AR SIS A DR 4 s pS s S e R - FR P
HRF LAS(Listen, Attend and Spell)[4142H5/F B e Witk » 3 (65 FH LB AU ee > 7T
SRR TR » A SR TR A BT -

(—) =k

FfM{EF SEAME (South East Asia Mandarin-English)[ 11, 12)/E BB EHIERE » i tE
T TR E SRR AR T S O AR - FPTRFE R TR E SR E R T S

EEE S B S e b A R AR SR & o B R B 73 73 Bl B A L
AR S BB AR A I RS R AR - HIEEERIEH] SEAME
H1HJ dev_man 8 dev_sge B GFETTHIE - MHEAGET &R AR —FR « &% > FFIE
PR3 (Character Error Rate, CER) 8155 $575:3%(Word Error Rate, WER){E sl fE4E -
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/INEE(EEBT)

JINKFEY — e
airhs IR vg oy
train 101.13 16.18 (16%) | 16.18 (16%) | 68.76 (68%)
devyan 7.49 1.04 (14%) 0.52 (7%) 5.91 (79%)
devg, 3.93 023 (6%) | 1.61(41%) | 2.08 (53%)

F— ~ SEAME &RMESETERR -

Model CER WER

LAS 55.0% 63.4%

LAS+MAML 49.7% 58.9%

F - BBsERE -

(=) s MR

FEFHE I Google 72 2015 g H 2 LAS(Listen, Attend and Spell, LAS){5HAI[4]1E
ForB B WEaREs (0 > LAS AL 8 55 o B /Y (3 & 20 1 50 78 (Long Short-term
Memory){F R4t e (Encoder) - LUK & 7EE JI(Attention) BTHIHY ARG 25 (Decoder)&H &
MR > & PLE IR R R R R B Pk EHUS T IRE i RVEER - Eigrh LAS UK
BRDL e i TR B > FESmbS s T (3 ] = m 2 180 dERVRIGHIECHR - (AR T
FARAJE 360 SEVRAHAGCIE - 5ai A(Word Embedding) &R /N Ry 180 & > LL Uniform

Distribution [-0.1,0. 1] #E{ THEEIAG(E - HErpe ESH FIHRGE -

(=) HE&ER

Higrh > AR A LAS AN E A th S B E &R 5 (E iR (Epoch)
& - FEH(Fine-tune) R SERBHEARTERE 5 (E Q> SARHYF SRR Ky 55.0% ~ &l

AR Fy 63.4% o EIRIRITEE VAN B EHA 2 SRR PR AR BRI E
st = AP E RICHIE R E D peta—traim * B TELRHBEIE LAl SRR TP BEARHUH 8 25
TEHE Rodl ISR LU 8 FEORME R MIEVERL - SN R i FHERE =R 0.001 By fE MR (S

STEEA(Adam) T EAL - NGBS ER 0.1 ZEEEEE T %A (Stochastic
Gradient Descent, SGD)EfT{EAL - Z & RIRFEEISIHANY ERHE KT Dmeta-rtese THIF

FEFSEREIEHARY H RS - St AE e B
Al Ty 58.9% © S HBRATIRAIFR AR -

SRERRLESR S E A BRI R
M > BARH T REEARE Ry 49.7%
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Uy ~ 4EEA

[ EHH

A SCHE S DT ERE 7 A\ B i AE S ey U0k T AT T Ty £ 5
TR B RIERE 2 ST B E A TRE S PSR SR > E H AR AR SRE R AL
DLTeE B 7 e TR mDEA EIRTEISRERHEE 2 T o SISk S AT SR s
REBPERMIFTetHY Tk - A DME TR Bt R IS IGE » fEERAINTITES
RN WM BBt RS PRI 0t T — R A A AR MBS (T 5T
JilE - IS AT DASE & HAA RS 5 R R SR B B RHE T & RN (Data Augmentation) »
DLk g% et — B B R rB iR s E F aas i T H EER - Rsb Sk Tsieft—
{EFHT Y [ B RE AT T T !
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Innovative Pretrained-based Reranking Language Models for N-best

Speech Recognition Lists

bl t52; Shih-Hsuan Chiu, [§fH¥#f Berlin Chen
BRI = ERT R EEE EH TAEEE 2
Department of Computer Science and Information Engineering
National Taiwan Normal University
{shchiu, berlin} @ntnu.edu.tw

ik

Am e ALY BERT HYEE S FEFPHAL > I e B3R R B Bah Pl 2 (2
SEERCHET DL N-best FIFRHVPHAFTR) » FEBETEAINIFET - CACGEITHH e AR
BSHIAY N-best FIIFAETTEFHERT 7T LABHEA N WP B A HVEE S s 241 - AT RS —
JiH - BEE R A B SCRTHINGRAY BT SGE S AN EGE - EMHE B 28 S R B HYH
SRS T AR HERANAE - B B A BB - (H R AR DA B PR I
THHISREE SR AE GBS WA A U - IRIEAE AR SO » FefER A T BERT LAGAEfE
BITARAITE ¥ N-best FIFRMTENTERE - BRRME - AATETLIE N-best EHHE
Fe R f BERT BRI N - 42 7 WA BERT HYE S HRFHAL 7 hiiE
Fy(1) uniBERT: 45 7%E —{lE N-best 51|3% - gy Hi % B AH AY — 755 (Ideal Unigram) - (2)
classBERT: 457E —{i#l N-best 51|55 » 1 fp—iE B » fp S r 288544 (Oracle &I
PR o E R A E S BERT 258K J{EEEB—E i e - KEHHF S

—PEEEE P LY N-best F113% o FfMTaHH AN AMI &bl - W thE
T2 H ELTRATEAE LSTMLM U T 252 3.14%F WER fH¥ TR

Bt - HERE SR - SES R4S > BERT » N-best FIREH PR

Abstract

This paper proposes two BERT-based models for accurately rescoring (reranking) N-best
speech recognition hypothesis lists. Reranking the N-best hypothesis lists decoded from the

acoustic model has been proven to improve the performance in a two-stage automatic speech
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recognition (ASR) systems. However, with the rise of pre-trained contextualized language
models, they have achieved state-of-the-art performance in many NLP applications, but there
is a dearth of work on investigating its effectiveness in ASR. In this paper, we develop simple
yet effective methods for improving ASR by reranking the N-best hypothesis lists leveraging
BERT (bidirectional encoder representations from Transformers). Specifically, we treat
reranking N-best hypotheses as a downstream task by simply fine-tuning the pre-trained BERT.
We proposed two BERT-based reranking language models: (1) uniBERT: ideal unigram
elicited from a given N-best list taking advantage of BERT to assist a LSTMLM, (2)
classBERT: treating the N-best lists reranking as a multi-class classification problem. These
models attempt to harness the power of BERT to reranking the N-best hypothesis lists
generated in the ASR initial pass. Experiments on the benchmark AMI dataset show that the
proposed reranking methods outperform the baseline LSTMLM which is a strong and widely-

used competitor with 3.14% improvement in word error rate (WER).

Keywords: Automatic Speech Recognition, Language Models, BERT, N-best Lists Reranking

— ~ &Em

FFAR - TE 2 3 BB B &l RE 51 AN - H 855 2 Bt 3 (Automatic Speech

Recognition, ASR, 7JRfEfEzEE W02 TR MIERAVAR » A7eEE PRy S e

FH (B FERE S SR LB 250 R HUS T ERAVHER (1, 2] - @M PIEUS TR K
AUHES » (HRAE IR T - IR AR TP T B M U (Casual-style) [I5E H13h
TR PR 0 IR ASR RERAVEEREMET AL S N ORE3, 4] «

TEHE LT B BB ] o 75 = 2 R Y. ASR » BEER T S (I8 5B W as 8 8 1%
(Hypotheses) (5[751)) » 2 tefk 556 fp 5l & DAL AR - fiIA05A & (Lattice or Word
Graph) ~ N fxfE%72(N-best List)5( & 508 E 4914 (Word Confusion Network, WCN) [5]3K&
HUH o BT B R R R — P A sE 2 WS R (1-best) I RE S BB EF 2 8820 AE

ALY ER IR T o (HR AR AL E kP (Reranking or Rescoring) » RIFfE 2 {ll g2 &) o >
A i) LAk E5E § 2 (Word Error Rates, WERs)BHZA({EY 1-best YA {5758 5) - ZRHIZHCS
FEIE S BRI AN 3E 5 W (T CHIME-4 [6] » {£ ASR (B IRPEES - wh{sh F T ME A 4L 4g
== &1 (Recurrent Nerual Network Language Models, RNNLMs) > $4{7 N-best 5§ 2 3]
AIEEHTHERE « N-best FIFAAEIREHEE 2GR [T, 8]

AR FRMTELE B S PRI N-best ZEHHEF - HAT > £ Rl T
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N-best B HEFPHIIEAL Sy RNNLMs [9, 10] (ZARESAM T LSTM cell [11], JRAIHH &
LSTMLMs) [12] » SIS RITEAT S 2 5] T e e MERT AR » CLAERTRER A E R T
HYEERIEIR n H#EE R (Back-off n-gram) [13, 14, 1S58 KAV » 52N RNNLMs
BE#7% Jig 2 B R Y | SC& #l (Long-term  Context) © (1% > §F Z W EENHE
LSTMLMs Y3 (Adaptation) /772 » DUETEEAERERY N-best BHFTHET - (HEZLEEH
&+ B LSTMLMs 1 N-best B HEFPRIAEEL - (H BRI R T TN —(E B EEm
BEEE > AR T N-best S HEFE (LIS T B 280 -

fE55—JiH > & B 24356 = ia 2 (Natural Language Processing, NLP)AYRZ i K & 5%/
EHT ASR R EEA N-best (ZEEAHIRE S BEE R AV AN ENEZMEEAR - f£H
PREB S PR BRI - FFEHE X NI AT SRE SRR A A (Pre-trained Language
Representation Models) » {E#T 8 FAIFR & FE MAVHH » 522 ELMO (Embeddings from
Language Models) [16] > GPT (Generative Pre-Training Transformer) [17] > BERT
(Bidirectional Encoder Representations from Transformers) [18]... 555 3/l G5 - AcFLHL
|~ 32 48 B (Context-dependent or Contextualized) [ 34 % A (Word Embedding) - Ji: f&
Contextualized Falfix A LS WS EAE R T lF NLP BULFS NSl T i e Enyaiss - g
CIRESE S HE[19] ~ SORHR01FIRI BT [21].. 555 - 2RI - BIAMPTS - e A4
BAbTFCERE T LA THR SiEE S A - FERITY ASR R rillifRaT AR - RILTEAR
sl FATE I Google #AkEEHIHY BERT ¢ ASR SE—FEESAE AN N (%
BEGI|F(N-best List) » H{TEHHET » A HES ASR IYATAE -

FARH T RITEESS BERT HYsE = HEP AL #0271 N-best B HTHEF 17 55 BERT (1
NS #EESAE BERT 2 b (& (81— g 215 #£ & (Fully Connected Layer, FC) »
53 7178 By (1)uniBERT: 45 7E —{[ N-best 51155 - i H B AR Ay — 255 (Ideal Unigram) il
(2)classBERT: %57 —{lE N-best FIIF% » i A% BeHE 4 (Oracle HIHE# - Oracle fR3%
R B2 IERE SR B - WER i/ NS 880 - 3 W R R 2 g o 1 S MU B A 4l
Y7144 - 1 BERT BYTHANSRFS ELHh » L BRI TSR LATE B30 AT B Y
BaEE o DACHISAYRE S Rl & /e A HYFRR - BLLIRTHY bi-LMs (B145 bi-RNNLMs) [22, 23]
R > 1% {5 & 77 T Y BT 4R 22 08 & 1% (Shallow Concatenation) » RIS P RE
PR bi-RNNLMs (19787 « ALt - 505 BERT 4 N-best 5= EHHEF = AHI
#RAY > PRI T WSS BERT AYE S HEF AL - 15 SSRGS (5 5)) BERT 2 JJ{# 8
4B {YEE (Fine-tuning) — T INAYE g - FRMTEERERERHE AMI_EEFAEFMIRIBEL » 6
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RHFTE AR R R HEDZ i FHEY LSTMLM J&15 1 S AFAYPERE -

=~ SURRIENRR

ARG FAPTRAEGZE [CIRAA R ASR Z&iH N-best EEHTHEFF JTVARIJERHIIIGE - BEE AT
FEACAR AR A4 Y BEGEE - RNNLM (LSTMLM) [12] e 858 = AU S Rl T HUE
SZERITY N-best EHTHER » BB EGAVSRETI n-gram FHEI[13, 14, 15] » RIHTERE
B8 RIEEEIVERN - RIA STt E AR LSTMLM RYFHE 7% - DUETTE
AEWERY N-best EBHTHERE » BB — L7412 &5 (History Information)¥f RNNLM
{EsE = A HE[24, 25] « A B 25807 EREEFR(Topic Information){FzE =18
TS > {5140 Mikolov [26]{5 F = T g7 & (Context-aware Vectors){E £ RNNLM
YN > DABEIE R EIE Y EREE N o [EIBEHY » Chen [27 158 FREERBTE > DRI E
RERHEE Ry RNNLM AR A - R 2R A B R i ok A 75 - SR AU T R Y 78
Ma [28]HRZ T &t LSTMLM Y =FH{FH RME - Lam [29]1%f LSTMLM A8 el 8
(Activation Function){F & 7 ffiia #(Gaussian Process) » {52 I LAY - Irie [30]i
T ALY LSTM HYBIRENIHE 2R & a5 (Mixer) » -l E R RIE T E S8 (Specific
Domain)_F7r BIAETTHISR - WA EHREAIREE - ] DU AR RS BRAVER M (E - 2 1% » Li[31]
{(EH _Ballpi= Y505 - Bt ESUs e FI AR Transformer 1Y LM BUIFER & 25 -
{HEDEEAYE > B LSTMLM £ N-best BT HEEREE - HERYIIRG
TRy T YRR —{E B G B - A2 R T N-best EIHEFFALAFMBAZEN - FrAA
WoCE B H B Ry N-best EFTHEFEBMSETVES - G2 ESHEY
(Discriminative Language Models, DLM) [32-35|5 5k 5 B N-best B8 ¥R B &84 »
THIFT ASR HY$E 3R & SRR 9k 7= EE S 1A - Ogawa [36]52 DLM Bt » HIL R HIE
J b8 (Loss Function)asatAREHE - R MIBH S T —(E 6 S AT 4Rt 85 - 0 MH e Al
( Encoder-Classifier Model ) » a2 AUG/ SR — {6 73 FH a8 41T — ¥ — AV BB A ELEL GRIEHE
F7(Bubble Sort)) 5K {T N-best B HEF o Tanaka [37]%2 H 7 — 78 K I £ Ui (End-to-
End)ASR Z &t 1y —(E1H&EE = FDCAEE 51548 (Neural Speech-to-Text LMs, NS2TLM)
FVARVE » 2R Dl A BV ER R UM R - MEAF ECHT Y S DNN-HMM hybrid ASR Z:45¢
AR ACHY N-best #E{TEHTHRR © Song [38]%2 &l Z (Information Retrieval, IR) FFEYRZ L
[ > BIFE# 52 (Learning-to-Rank, L2R)AYRLES » F2H 7 #5152 (Learning-to-
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Rescore, L2RS) ] » 2255 —(ETTHRF N-best W HFF 1R f—THELE M (Learning
Problem) i/ Gandhe [39]7f 2020 £ H—TEEE T T (Attention-based) A3
RIFGEESEA > ZRRE ISR 150 LSTM Ip & [R5 8 Faa Bl U 2 RE 2
e B U 80 F AiTaA B R B R R ORI AT A 52 T A ASE T EERY
HTAEAR > BB TR SRS = o AR AR BGES H R Ry UR] - {572 BERT [18] > £ 2018
TP EREFTHE 12 THER S HERRERY NLP (£75 - [NIE{E 2019 £F - Wang [40] & EHE &2
AT LUK BERT 226/ F 4] 5550 (HRMATILZ A BRI - A A1% » E/KEE Shin %
A[41] > DUFEHIEE i B A e ([MASK D EIRR ISR By ) TH 3 8L - B 2R (e
LM EREE IR A F1#%5 - (BT8R LUE By N-best BT HEFT © 1% » Gif5 #A Salazar %5
AN[42] - HAE[MASK]EZHITA N - #4) 173 8E $ Fy PLL (Pseudo-log-likelihood) - 3if:
DIBERIE A GG 7R > AR R I A TR > #& R85 8 (Knowledge
Distillation)sl[&f— (& FH TS AE iz ((MASK]) i B a1y 2R hie )5S AR - B2 R
SoE T HIEHEEMERO(IW] - V) (HpW RaTRE > VESFEHA/NEEI0) -
HEEEY T 2B TR SR ALY RE - E R RER Shin S5 A[43] » 2% Salazar FYR(# » A [F]
AR 46 BERT 21 EATHERL T T HI(Mask-and-Predict Repetition) » £ BERT P self-
attention Ji2 ] FH ¥ A5 il (Diagonal Masking) g S22 21 R SeThE HIIPRERE - i BBt
% JTEANME Ry N-best BT HERPIOTR T 6 (& 2 H R IS 2R - AE I - T(™
et TRt BERT AY5E S FEPAR Y - 5 St A7 S2E) BERT 58 K2 J1E#E (& &

—EN I L - B SR VR ER A 4 o N —E el 148 BERT -

= > BERT

BERT (Bidirectional Encoder Representations from Transformers)/&—{#7THi#$F% H & F{f
FIHEE SRR EH 2 B[] Transformer [44] 645525 (Encoder) FraH ALK -
ifij Transformer & —{EZFY 1R IHHI(Attention-based) V& - HLAE#=5 i8 2380V A
B H AR (R - FIISK BERT SrpRRAEFE L - 53 5lE THAENIGR (Pre-training) AI{EH (Fine-
tuning) » FEFHGISRPEE > 73 AR SRAE 1] B RIS R & H R0z ERER i SO &
wt o —{EE A T = 2 5 (Masked Language Modeling, MLM) - 555 T & ]
(Next Sentence Prediction , NSP) » Filg /e —fEIHZE(LH > S2E AAHEHE ERARKE BT
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S (Context) FE At # 28 i HY 5l 2 (1180 5e] 5 > 12 B B2 E W 2 [y A T2 A E 1
(Contiguous) - BERT 77524/ MLM HYFIIER 5= » Ry T RES Rl & (Fuse)fE S ELR
AGAHTERN - AREGHY LM HFE ST 0 5E bi-RNNLM H g3 e 5% (Shallow
Concatenation){y {[f /7 [ Y | SCE& R - ££ {7 (Fine-tuning) P& B » THA ISR 52 £iHY BERT {2
1% A BT 0 — f& ¥ & (Output Layer) $+¥HRF EEFH R & NIFER - BiseZh s Ky
BERT - it j& (£ 557 [ 4R(Training from Scratch) - [fif BERT A#GHY2E&E # 41" - BERT
TE2TH NLP HYSEISIS 3 T BoirERVREE » BT 224 (Question Answering, QA), H A
ST s (Natural Language Inference, NLI), i4THE 2 ]2 (Neural Machine translation,
NMT) FAIEEE57 {:H2(Spoken Document Retrieval, SDR).. 5% « PR N-best
EH PR R NLP {155 - 585 BERT 2 —{HAEIIVE FGE S HA(bi-LMs) - K
N-best EHTHEF1E By BERT HY [NHEHS -

Oracle unigram Oracle ranking
INNENRNNEN LIV ]
1

[ FNN + softmax ] [ FNN + softmax ]
——— . ® R s
®® ® ® ® ® @ ®
= =< I =—"o=BERT

(tm) (m) (g BERT () J () o) (@) (o)

I 1T 1 11 11 11711 11
[CLS] Top 1 [SEP] [CLS] Top2 ... [CLS] TopN [CLS] Top1 [SEP] [CLS] Top2 ... [CLS] TopN

&— : uniBERT Ei classBERT HYZE4%E

/g ~ Eji¥ BERT Z:ESHEFEEI(BERT-based Reranking Language Models)

A CEE Y S a5 B BERT (455w SCH H “bert-base-uncased” i 4%) Z ST HE Y 58— P& B,
ZABE AR N-best EHTHRR o fEAETT - FATRAHZ L RITEELY BERT Y N-best 22
WrHEFERE > 43 FIf8 B uniBERT Rl classBERT o i BE 338 » 4% F FE3)I146 BERT £
BB LZAEAL  ZR% (0 FARSC A YA SREDRE - (R O — RS M yiha H g B =] 3 Fs 140
) BERT #E{T{#a(Fine-tuning or Adaptation) - BAGM = » ¥yt &Rt (e 55l Sf(Training
From Scratch) » 755/ 4k BERT AT THE

153



The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
Taipei, Taiwan, September 24-26, 2020. The Association for Computational Linguistics and Chinese Language Processing

4.1 uniBERT

BAFTAE I 46 (Vanilla) THEI $REY BERT 2 FABAN T — g Aif 65 2 4 24 3% & (Feed-forward
Neural Network, FNN) » F##H V 4E(GE SR/ N S FRARHY— 255 (Ideal Unigram) - ELAS
ARER - G5 7E—4H N-best HI[F% - BAUEESHIE N-best HIIFR it "4 (Oracle)HyfiEEq)
(9 unigram o PRI BERT SKEEHUH N-best 51|Z 1 - Zelfipi5E b o iy e Bl & o2
Ea)EA] Y R o S —(E B ARAY unigram > FRAIREHFE Ay uniBERT - FEAIZE
FEUNE—Z ZEE PR o FEEE (Fine-tuning) B ES » — 2 A N BJ(FEASER LB s e /s N
= 10){E=EE 4] - NG AE 2 A Y BAER R 70 A I AR R FF 5[ CLSIFI[SEP]) » uniBERT 22
B0 e A AEHY unigram o [ASEAYEG A N-best {&HYRAZA AL - —fsEf) e
FeAEHI[CLS] token » BERT HEWRIHH A FFomiZh (ME | B R ITIPHUR) » M2

(NFRiEh, & T AHZ A (Element-wise) (W HU - > BERAHEBEHEAR(FE B B & LLEGZ
TEI7%) » A B4R E(FC layer)H softmax [ unigram TERLCREHEZR A
2 AR 1) > FREE/SEIBAEAY unigram - uniBERT A8 EETR DEEE R FRma T

(A, Ry, ey heo] = BERT([hyp[ICLS],hyp[ZCLS]' ey hyp[lcoLs]D
h™ = Average([hy, hy, ..., hyg]) or Concat([hy, hy, ..., hip])
z™ = linear(h™?)

Pyere,,; C [h™) = Softmax(z"?)

(1)
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ASLEAERERE R EE AR 7€ SR (L1 B BEa & “cause” M1 ‘let’ ZfEHVZZRE -
AT W B @ B o SCRE T T R R A 7317 > 58 R EE R (8 B Ehae] 2 fRI Y 22
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TESET RN 5 A Cuh 28 H E R B B2 (A G ARG - So— 7 AL AR
BF TERRER > REBEEENE AL a2 BN E - W HR T EEE 5
IV HoAth— S BR B AR th BB I SRR A

Abstract

This paper aims to investigate the variation between two Chinese causative auxiliaries shi g’
and rang ‘3%’ from a corpus-based perspective. We conduct a logistic regression analysis to

the Chinese data extracted from two corpora and propose a direct/indirect distinction
(Verhagen and Kemmer 1997) between the two auxiliary verbs. The results retrieved by the
regression model show that the theory of direct/indirect causation provides a reasonable
account for the characteristics and lexical meanings of the verbs. We indicate that the verb shi
is correlated with “direct causation” because it is typically used when inanimate participants
are involved in the causing event, in which the force initiated by the cause inevitably and
directly leads to the resulted stage of the causee. On the other hand, the verb rang should be
classified as “indirect causation” because it is typically used in scenarios where animate
participants are both involved, and some extra force besides the causer also plays a role in the

effected event.

iR - SRS - (1SR o IR > REES T

163


mailto:r08142004@ntu.edu.tw

The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
Taipei, Taiwan, September 24-26, 2020. The Association for Computational Linguistics and Chinese Language Processing

Keywords: language variation, causation, logistic regression, R statistics.

1. Introduction

The causative construction has been a debatable subject in linguistic studies. It is widely
accepted that there are two participants encoded in a causative construction, which are the
causer and the causee. The causing event led by the causer, and the caused event formed by the
cause, are two components of a causative construction [1]. Verhagen and Kemmer [2] described
the causative verb as a ‘causal predicate’, and the infinitive in the construction is called
‘effected predicate’, which includes two varieties: intransitive and transitive. In Mandarin

2EE 9

Chinese, causative verbs shi ‘{#’ and rang ‘3%’ can form causative constructions, see (1).

() a  {RIGR 728 HREIREN R LIRS

ni you shuo-le ji-ju rang wo
you again say-PERF several-CL  make me
yinxiang shénke de hua

impression  deep MOD  words

“You again say something that has deeply impressed me.’

b, AR E T AT AR K s

xiandai tongxun keji shi women
modern communications  technology  make us
kéyi tiantian tonghua

able every.day call

‘Modern communications technology enables us to call every day.’

In (1), the subject before shi or rang is the causer, and the object after the predicate is the
causee. Constructions with causal predicates shi and rang are categorized as direct and indirect
causation, respectively. Most of the time, direct causation is more likely to indicate non-human
interaction than the indirect one is. To clarify the usages of the two causal predicates, this study
is going to demonstrate a corpus-based regression analysis to explore the word choice between

shi and rang. Furthermore, the regression analysis explains how the property of the causal
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predicates influences the tendency of choosing direct or indirect causation.

This paper is organized as follows. Section 1 is the introduction. Section 2 briefly reviews
related literature. Section 3 describes our research methods. Section 4 presents our results. A
direct/indirect dichotomy is argued for and a comparison between Chinese and Dutch causative

predicates is made. Section 5 concludes this paper.

2. Literature Review

The structure of causative construction reflects human’s real-world experience of the
relationship between the cause and the result. It is widely discussed from the typological aspect
and the cognitive aspect. From the typological point of view, causatives are widely classified
into three different types: (i) lexical causatives, (ii) morphological causatives, and (iii) analytic
causatives [3]. From the cognitive point of view, Croft [4] explained the Idealized Cognitive
Model (ICM) based on Lakoff [5]. Croft [4] views the causative construction as a single event,
and it falls into three categories: (i) causative, (ii) inchoative, and (iii) stative. Both Comrie’s
[3] and Croft’s [4] classifications of causative construction are defined as a continuum, which
expresses that a linguistic expression does not always neatly fall into one of the three types.

Instead, it can fit in between the two adjacent types.

Croft [6] schematized the causation types proposed by Talmy [7, 8], as shown in Figure
1. Two dimensions distinguish the four causation types. The first dimension makes distinctions
between the initiator and endpoint in a causative construction. The other dimension shows
differences between the animate and inanimate. Animates are seen as the mental dimension,
and inanimates are physical. As demonstrated by Figure 1, the two arrows starting from the
physical entity, which are affective and physical, are rather straight and direct. It shows that
physical entities can act on other entities directly. On the other hand, the two arrows starting
from the mental entity are not straightforward. The arrow of mental-on-mental causation,
which is inducive, is rather bent. Also, the arrow of mental-on-physical causation, which is
volitional, is slightly bent. It shows that mental entities cannot act on others as directly as

physical entities.
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INITIATOR ENDPOINT

'MENTAL’ * #*

Inducive Affective

Volitional

'PHYSICAL'’ * Physical

Figure 1. A Model of Causation Types (Croft 1991: 167; based on Talmy 1976)

The model of causation types ([6, p. 167]; based on [7]) is used in the study of Verhagen
and Kemmer [2] to analyze the causative constructions in modern standard Dutch formed by
doen and laten. According to the estimate of Verhagen and Kemmer [2], /aten should indicate
inducive (mental-on-mental) causation and should have more animate causers than inanimate
ones, for it forms indirect causation. By contrast, doen should have more inanimate causers,

for it is thought to be the component of direct causation.

3. Research Methods

To understand the usages of the two predicates under different circumstances, the data that
contains shi and rang were extracted. The traditional Chinese data is collected from Academia
Sinica Balanced Corpus of Modern Chinese, and the simplified Chinese data is from The
Chinese Web Corpus (zhTenTen). The data contains four categories, which are traditional shi,
traditional rang, simplified shi, and simplified rang. Two hundred items of each category are
selected randomly for further analysis. After removing the data in which shi and rang are not

used as causative verbs, the remaining 606 data were annotated.

First of all, whether the subject and the object of the data are mental or non-mental will
be decided. If the subject, usually a human being or an institute that is operated by humans, can
conduct the causing event of their own will, it is a mental subject. By contrast, if the subject is
inanimate, it is marked as non-mental. A mental object is decided when it spontaneously

executes the caused event. Otherwise, it will be considered as non-mental. The properties of
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the causal predicates are decided by subjects and objects in causative constructions. If the
causative construction contains a mental subject and a mental object, its property is annotated

as inducive, as exemplified in (2), repeated from (1a).

(2) IRNER T 2RI R AR

ni you shuo-le Jji-ju rang wO
you again say-PERF several-CL  make me
yinxiang shénke de hua

impression  deep MOD  words

“You again say something that has deeply impressed me.’

In (2), the causer is ni ‘you’, which is a mental subject, and the causee is wo ‘me’, which
is a mental object. The causer can directly influence the causer, while the causer can decide to

perform the influence of his or her own will.

As shown in (3), volitional causation is defined when the construction contains a mental

subject and a non-mental object.

(3) BB FHIEREE AR,
ta rang shijian  de zhongdian déngyt qidian
he make event MOD  end.point equal.to starting.point

‘He makes the endpoint of the event equal to its starting point.’

In (3), the causer is #a@ ‘he’, and the causee is ‘the endpoint of the event’. This causative

construction contains a mental subject the performs influence on the non-mental object.

If the construction features a non-mental subject and a mental subject, it is considered

affective, as demonstrated in (4), reproduced from (1b).

(4) BB E R AR KIS
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xiandai tongxun ke&ji shi women
modern communications  technology  make us
kéyi tiantian tonghua

able every.day call

‘Modern communications technology enables us to call every day.’

The example given in (4) contains a non-mental subject xiandai tongxun ‘modern
communications’ and a mental object women ‘us’. The non-mental subject does not voluntarily

act on the object; however, the object has influenced.

Finally, physical causation is found when both the subject and the object are non-mental,

as shown in (5).

(5) EFREFEULRERTE
changshou  néng shi wénhua chéngji jiao wanzhéng
longevity can make culture inheritance  more complete

‘Longevity can make cultural inheritance more complete.’

Both the subject and object in (5) are non-mental. It presents an indirect act which is done

by the inanimate subject to the object that is also inanimate.

After the properties are recorded, the transitivity variable is annotated by the transitivity
of verbs after the causal predicates. The verb expresses the function of an ‘effected predicate’
[2], and it can be transitive or intransitive. If the verb requires an object, it is marked transitive

(TR). Otherwise, it will be considered intransitive (INTR).

Finally, the varieties of the data are being marked for further analysis. There are two

varieties, Chinese Traditional (CHT) and Chinese Simplified (CHS), based on their sources.

The annotated data is then being fitted to a logistic regression model (cf. Levshina [9],
Geeraerts [10]). We choose to adopt the model because logistic regression is suitable for
modeling a set of binary dependent variables. In this study, the statistics returned by the logistic

regression model will be examined for the analysis of the word choice between two auxiliaries.
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4. Results

4.1. Evaluation

The output retrieved by the regression model is given below in Table 1, which contains several

columns with different statistics.

Table 1. A Logistic Regression Analysis to the Two Chinese Causative Auxiliaries

Model Likelihood Discrimination Rank Discrim.
Ratio Test Indexes Indexes
Obs 606 LR chi2 152.46 R2 0.297 & 0.777
rang 278 d.f. 5 g 1.324 Dxy 0.555
shi 328 Pr(> chi2) <0.0001 gr 3.759 gamma  ©.600
max |deriv| 3e-07 gp 0.274 tau-a  ©.276
Brier 0.190

Coef .E. Wald z Pr(>]|Z])

S
Intercept 0.4308 0.2172 1.98 0.0473
Property=inducive -1.3660 0.3091 -4.42 <0.0001
Property=physical 1.5052 0.2146 7.01 <0.0001
Property=volitional ©.1508 ©.3704 0.41 ©.6839
Transitivity=TR -90.2606 ©.1913 -1.36 ©0.1733
Varieties=CHT -0.8006 0.1971 -4.06 <0.0001

As illustrated in Table 1, the column on the upper left reports the total number of
observations and the frequency of each verb in our dataset.

The “Model Likelihood Ratio Test” column in the middle of the upper part of Table 1
provides an overall picture of whether the model is significant in general. In this column, one
can find the Likelihood Ratio test statistic, the number of degrees of freedom, and the p-value.
Since the p-value is smaller than 0.05 ( < 0.0001), our model is significant, i.e. at least one
predictor is significant in our model.

The rightmost column of the upper part of Table 1 contains the concordance index C,
which is the proportion of the times when the model predicts a higher probability of sAi for the
sentence with shi, and a higher probability of rang for the sentence with rang. The statistic C

in our model is 0.777. This means that for 77.7% of the pairs of shi and rang examples, the
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predicted probability of sAi is higher for the sentence where the speaker actually used s4i than
for the example where rang occurred. According to the scale proposed by Hosmer and

Lemeshow [11, p. 162] given in Table 2 below, the discrimination in our result is acceptable.

Table 2. A Scale for the Index C (Hosmer and Lemeshow 2000: 162)

Cc=0.5 no discrimination
0.7=C<0.8 acceptable discrimination
0.8=C<09 excellent discrimination
=09 outstanding discrimination

Finally, the lower part of Table 1 contains the figures of coefficients. These values
represent the estimated log odds of the outcome when all predictors are at their reference levels,
which correspond to affective causation, intransitive effected predicates, and CHS materials.

If the coefficient is positive, the level specified in the table boosts the chances of shi and
decreases the odds of rang. If the coefficient is negative, the specified level decreases the odds
of shi and boosts the chances of rang. For the predictor of Causation Property, the reference
level is ‘affective’. We can see that only inducive causation has negative coefficients. This
means that inducive causation decreases the odds of shi, and, conversely, boosts the chances of
rang, in comparison with affective causation. Physical causation has the biggest positive
estimate, so it seems to significantly boost the chances of ski, i.e. has a strong preference for
choosing shi instead of rang, in comparison with the reference level. Transitive effected
predicates seem to disfavor shi when compared with intransitives, though the difference is
merely subtle. The odds of sAi in the CHS variety are much higher than those in the CHT variety.

These findings can be nicely accounted for if we adopt a direct/indirect distinction [2]
between shi and rang. As the verb shi is correlated with “direct causation”, it is typically used

when inanimate participants are involved in the causing event, in which the force initiated by
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the cause inevitably and directly leads to the resulted stage of the causee. Therefore, the fact
that physical causation, characterized as having both a non-mental causer and a non-mental
causee, particularly favors the use shi but not rang is not difficult to imagine.

In contrast, since the verb rang should be regarded as “indirect causation”, it is typically
used in scenarios where animate participants are both involved, and some other force besides
the causer becomes the most immediate source of energy in the effected event. This explains
why inducive causation, which features both a mental causer and a mental causee, has a strong
tendency for choosing rang rather than shi.

A plot for the outliers and discrepancy values in our dataset is provided in Figure 3 below.
One can see that there are a few observations with large discrepancies and large Cook’s distance

values distributed around the borders of the plot. The outliers are extracted in Table 3.

R N 57)_ ) o b
<Y . Y
: @
S 7 i
B o & ! :
[J] 1 1
o | i
R B R RhSEnhCRl EEEEEEEESEEE
S : :
c (@] i H
[ @] | i
2 <4 O O 1O :
o @ | \
MEEAN e“: 77777777777777
T T | T | T T
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Figure 3. Plot with Outliers and Discrepancy Values

Table 3. Outliers in the Dataset

ResuPred Property Transitivity Varieties

shi inducive TR CHT

shi inducive TR CHT
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ResuPred Property Transitivity Varieties
shi volitional TR CHT
shi volitional TR CHT

Table 3 presents contexts that are not typical of shi. As mentioned previously, shi is
typically used with physical causation but not inducive or volitional causation. This is an
indicator that the dataset we collected may be too coarse-grained for subtle conceptual
differences, a common problem for corpus-based semantic studies.

To avoid undermining the value of the logistic regression model, overfitting is also tested,
and its performance on new data is checked. The methods used in this study is to validate the
model with bootstrapping (cf. Levshina [9]). The function refits the model 200 times, and the

results are shown in Table 4.

Table 4. The Results of Testing for Overfitting

## index.orig training test optimism index.corrected n
## Dxy 9.5451 0.5462 ©.5392 0.0070 9.5381 200
## R2 0.2893 0.2954 9.2822 0.0132 8.2761 200
## Intercept 0.0000 0.0000 0.0041 -0.0041 8.0041 200
## Slope 1.0000 1.0000 0.9691 0.0309 8.9691 200
## Emax 0.0000 0.0000 0.0077 0.0077 8.0077 200
## D 0.2423 0.2486 @.2355 0.0131 8.2292 200
## U -0.0033 -0.0033 0.0002 -0.0035 0.0002 200
## Q 0.2456 0.2519 0.2353 0.0166 8.2290 2080
## B 8.1922 0.19685 ©.1942 -0.0837 8.1959 200
## g 1.3e11 1.3168 1.27e@ 0.0467 1.2543 208
## gp 08.2693 0.2695 0.2642 0.0853 8.2640 200

The model is more likely to be overfitted if the ‘optimism’ of the estimates is high. As
shown in Table 4, the optimism value is 0.0386 in the line with ‘Slope’, which is relatively

small. It indicates that the estimates of the regression coefficients should be trustworthy.

4.2. A Comparison between Chinese and Dutch

This subsection showcases a comparison between our results and Levshina’s [9] work on the
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two causative verbs doen and laten in modern Dutch. First of all, Chinese and Dutch behave
very differently with respect to the transitivity of the matrix verb. Generally speaking, in
Chinese, the CHT variety seems to favor the use of rang, i.e. indirect causation, while the CHS
variety prefers to use shi, i.e. direct causation. However, CHT speakers tend to use rang when
the matrix verb is transitive, whereas CHS speakers are more inclined to use shi when the
matrix verb is transitive.

In Dutch, the indirect variant /aften is more frequently used than the direct variant doen in
both dialects, the reason why Geeraerts [10] regarded laten as the default form in causative
constructions. Besides, the two dialects behave the same with respect to transitivity as both
dialects are particularly more likely to choose /aten when the main verb is transitive. The
interactions between the predictors of Varieties and Transitivity in Chinese and Dutch are
schematized below in Figure 2 and Figure 3, respectively.

INTR TR
CHS CHT

f(Transitivity)

INTR TR

Transitivity

Figure 2. Interaction between Varieties and Transitivity in Chinese
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Intr Tr
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f(EPTrans)
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|
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Intr Tr
EPTrans

Figure 3. Interaction between Varieties and Transitivity in Dutch (Levshina 2015: 269)

The second difference between Chinese and Dutch has to do with causation types. In
Chinese, physical causation tends to use shi, while inducive causation will opt for rang.
Affective and volitional causation, however, have no obvious preference. No obvious
difference between the two dialects is observed either. On the other hand, in Dutch, affective
and physical causation are more likely to choose doen, while inducive and volitional causation
favor laten. Again, no clear dialectal difference can be observed. The interactions between the

predictors of Varieties and Causation Types in Chinese and Dutch are schematized below in

Figure 4 and Figure 5, respectively.

affective inducive physical volitional
1 1 1 1 1 1 L 1

CHS CHT

f(Property)
o
1

T T T T T T T T
affective  inducive  physical  volitional

Property

Figure 4. Interaction between Varieties and Causation Types in Chinese
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Affective  Inducive Physical  Volitional
1 1 1 1 1 1 L 1

NL BE

f(Causation)
1

2 4 foam—

T T T T T T T T
Affective  Inducive  Physical Volitional

Causation

Figure 5. Interaction between Varieties and Causation Types in Dutch

5. Conclusion

Although the causative construction has been a frequently discussed subject in linguistic
studies and has been widely studied in the literature, it remains unclear when it comes to the
difference between its variants. This paper managed to fill the gap by providing a direct/indirect
dichotomy in differentiating causation types.

We conducted a logistic regression analysis of the two Chinese causative auxiliary verbs
shi and rang. The results retrieved by the regression model showed that the theory of
direct/indirect causation provides a reasonable account for the characteristics and lexical
meanings of the verbs. We propose that the verb shi is correlated with “direct causation”
because it is typically used when inanimate participants are involved in the causing event, in
which the force initiated by the cause directly gives rise to the resulted stage of the causee. On
the other hand, the verb rang should be considered “indirect causation” because it is typically
used in situations when animate participants are involved, and some extra force besides the
causer also participates in the causal event.

In natural language processing tasks, it can be difficult to recognize how causers interact

with causees in causative constructions. The results of this study explain the different usages
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of direct shi and indirect rang. It is hoped that this research as well as the annotated data can

make improvements to the performance in other related tasks.

To conclude, the findings help shed light on the nature of the two Chinese causative

predicates. We demonstrate that the word choice between the two verbs in different contexts is

influenced by the intimate relation between cognitive factors, pragmatic contextual effects, and

even lexical semantics as well. A cross-linguistic survey on causation in more other languages

is also necessary for future work with a view to verifying our proposal.
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Abstract

This study utilized the written data from the ‘2017 Corpus of Contemporary Taiwanese

Mandarin’ to analyze the semantic features and cognitive concepts of mang?2 ‘busy’. Through

URHFE 58 —ME & 2 BRI EfETEE MOST 109-2410-H-004-163 #7335 821778 » #5HE5EH -
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random sampling, 1,314 instances were obtained, and among which, 220 instances, including
the ones of bangimang? ‘help’, four-character idioms, etc., were removed. Finally, there
were a total of 1,094 instances analyzed. For analysis, the study firstly analyzed the semantic
features and categorized the meanings of mang2. Next, the complements following mang?2
were analyzed. The results of the study showed that the semantic features of mang?2 can be
sorted into three types: (1) to describe someone taking a great effort and time to do something;
(2) to describe someone seizing the time to finish something urgently; and (3) a dense
condition given a specific period of time. There are three categories of cognitive concepts of
mang?2: the state of events, physical performances, and emotions. The semantic features and
cognitive concepts of mang?2 display its urgency, consumptiveness, and density. It is expected
that this paper should provide a more complete interpretation of mang2 and a corpus-based

method for lexical analysis.
FAgERE - T iU EEERE AT - shRHE

Keywords: *busy’, semantic features, cognitive concepts, corpus
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RATRATE SIS FOE FR e AR B S B A o ATaal B Y S 2T AR B
EF 0 MessE AT 7T HH MARVS 5 (The Module-Attribute Representation of
Verbal Semantics ) » Bz Z R - MEAHELRE S " EEEY (Event Types ) " ¢
'EEM: (Inherent Attributes) ~" ZEifE {1t (Roles) " AEANEE M (Role-internal
Attributes ) ;o (AU THEAR  TRRE TR T IR ) TR 4HBC 40T
FEERER (k) A RERrEET OBR2) - 8L T - ) ForB g - e S
MR R OB BT IEE » 40 T 08 B RE AR IEN R - BrxEhEE B
R EN: - 28 LEENGRTAC (EEE ) T2EE O TEEE F) AR
WE AT 2 A O SRR - MEFEHREREE L - EfTE At i
Bk (volition) &M [6] © A4t MARVS Mg i Afrdfsnl » A S BB 22 B2 HisE i
HEFTRNE T > P BRI AALIRE (BERBLIRE ~ WiRBLIRES) ~ ShUcBE B > IR
Bl (H FRIR L REAR IS B - M & BRI i &) T4t [7] -

LUIRREBE f ol > SR8 (2018) HYBHIE EZAA] (B E M ERERER ) K (P
SCEA SRS ) BRI TR AV - (R ATAE T P P SRR

"R TR RIRREEIEERYER R - MR T = T R THE TR T
TR T T EEE T R TR R TRERE (D TR T iR

&
N

Y

W
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FemdE T HAt ) o BEE P DL MARVS BEEROTATESE TR BYIE - P Tk
EAFRERONASE TR S AR BIAYASL “grand (K) 7 Z FIHEITHILL > W EKVARE LSRR
GBI G A - BEREEEYE “grand” HYREHITEIE - FEHWEDI 7O ARERERE
FEE S TR AEERNG R AR R (8]
DIRIE AR R SR AR L MARVS BERHETT/0AT - TREERE - v fdl ==
(2000) LLLERISEEIARGIRREE ] T HREE S~ Bl ) Rl > BRIHLL MARVS B o1
R Y 77k o ARG T AERE - & o) B W (s sy S 3R ~ 50 - (B AR R
ERBEL I TEEALIRE (AYHE - BEEETHAE ~ MBI ~ IRRBLORE ~ ERETIRE) ~ &RUT
GERERGEE AT (fIn T ) AR 0 iR TT A AERE ) - [EBERRTTHIAVE
2 Qi A s Arss a2 (B A R ATHRER A& HC 2 oy + (D)ERERFFTElCAYIRGE ~ st
FAIRL ~ fFAREEEARERTECAYEDRE U LaE ~ G)EERER AT Y Zd tfuLsd - Bl
Tyl ERE > AR EE RIS Z S A ERIAR > AR (ERE s f2 ( MARVS HiEm S
ites S B RSt 2 B RAlRE [6] -
(=) SR REEERE
TR (2012) DIGERHEEERIZR T IR Ry o~ " IS S AE S SCHRHY AT ~ RIVATHREEAGERE »
s GBS TCHTEZ AL AT R 5] - 1B AR AT A & B R e/ R S (B B AU RS FC IS T » S8R T IR A
B TR RN ) AR T ) AVEEERECN T assR e, [9]
FEURZS (2008) ZWHFE AR 18 2T BIE o T RIE TS TR T TR
"HEE ) CERRAIENEE - B A P B R AT SRR B Y B SR ~ AATIRE R
FEAIREA RO - ot iE CEERRIEh A HIRE R R AR WIStE R E T
(EEFEAREMOE S BA IRESE ) T RIEZER ) 5 TR FIRERER I [10]
(P9 SRR A
Bog— (2007) SR RsE A A A 2R - WILHY > 85 BRI By
B % o AEIERGEUREE A H B SRV - EBRERFRFHR M RNEY) - BEHRELA

FEEES ~ SBE AR S BOREE [11] © P2 0HEZERM - B - SEHTIREFRSLE
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ey T (mappings ) | PRASZEEFES VRSN (creativity ) » Ry lZEFIEE 2 HIEY -
NEE B EEERE SN RIS PRI [12] -

EEA DL BN » — B RE I Ml BT E IR ERE S T S YA S R
AL - SRS - Pl ~ D AREIAIRIASE (2016) SRAER « B ~ EASHIRAS
ABET -~ H B SREEARB G T - RIS RBURI TR 2 5 AR
RS — I Ry e AR 0 FIEAE R REYONE RO RERILIRZE
s RHLEOIE Rh M - e 2l B D EYIE - R OIE RSB — 4 - B4Ry
FoSt s~ B o SHEA Caa)iy s ARE S SO L A [ERB R PR BR BB AR S, RELLREHE —
BT N R AR BB E [13] -

TI5 ~ REES -~ BIF - B F - RISSHBNIERSE (2012) BOREE ~ SR Z6EE
i 62 {IELERaS el o35 - M DASEFR 2= (HI ] ~ Sy AehiRE 2R eGSR - (OB R (RIS
PR A R A FE R PO BRI S - SRR B BRI E Bk - U
B EE AR ER BT s LS - HRERE AR RTE - Bl - L EER
HY AR - P el S R AE SR AR - SRR B ERVE - T BB S
sl A [E R B a8 B (AR R S LU A g S B 2 [14] -

EB EAGIREESDE ~ BRI S ~ sEE T » SRAIERAHREANT ST » SRS HELT
sBEHER Ry ARHIBTSE  (EsBALERE « SEER RO UIA - FEERE T IT ) BRI
AR R MR T AT TR IR B2 DU SIS TR T ) YERAIRE S, -
=~ WA

AHFEEEA T BIEPE SRR RS [H A4, /Y T COCT EEaEaElHE 2017 ) FAEH
T CQP syntax 5 Fy[word="fC" & pos="VH"] - &G RILAT 19,711 Fahkt > Rk

“Thin” HYMNL - DABEHA BRI R E 4a ket el 2 8 - B 19,711 S8k iy 1,314
Z (FTAFEENTE—F) > WLIESE TT ) BEAET N o oWriEie R
220 FEERL > HpEafabny T G o o) ~ e Can TET T ITER D)
FPUga (40 PACHETCHY ) ~ fREMER A EER A REER R 1,094 2 -
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FIIF Excel {E2EH0 1,004 SARGERIESHT » B CRIS A IRTR 5 > &
B TR (V) TRENL s TRV TRV T (AR~ TR (Adv.) +V. )~ Tt
18T RAESGERUE - X A EBR SRR T, BRI RE—E -
e BRI R R -

R4S TR HORERE  ALESTITAEE - BRI 10.32% (113 98) (9 T, Bigess
SEATRESHY B B TG A 105 5 TS B S IBDL T
BT S HT R T RS - ILISERERT T COCT ETERBRIE 2017 > # A[word="
=" & pos="VH"][word="£3"] ( CQP Syntax ) H4 " t-f5 , (T} » FLEER 1,715 Bk} -
BEETERTR AT E “collocations” —f{fl » 15 TS | EMIE—(E S A I
HEED MI (E703R5 - R0 MI ST 40 BTG (A E S B EER T 4)
SR R PSRRI R T, AT -

IR SRE S
(—) MU, ZEEES e Al AR E

KSR T, BTEE AN B E T, HOERE R (R -
BT SRR RN AR L R o (REEM: - P
MEr 33.85%0 T 9T ErBE LR R (SR FRACERSERE - 1 () R -
TR RS % T AR s ARy - A8 T -
541 66.14%( 340 48 IH IV IKFAE A ISR A 1 IS 340 ZESBRIA 34.11%
FRERIEER Tt EBL T RCEL TR Y SR RS SR
AR+ 0 TR ERERRIES S TR A ) - BRI ek d
TEATRIGHEREPY  ETESRAETESE | RS BREARSY » T1 AR
BRI 2N > REERTAT R - T EOEIE R L TR B S
e i aE kg s T, SR TR T TR SEOHE R EEES - 6
SHERE T RS | IS DU A DA AR S A B R -
(RIEATE R drl - I S AEFTATSY BT - ARG b lBs T, FRIDL
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TR EIHNENREBE S S04 LB HAT S HRIRRE - fIan " sahdE

(T > ARERFTHEAM ) -
e anBely  AIRTZEA SR RN ER T B2 %, f9HE - Ak
TONE] ) Rl o W2 U 288 0 R T AT BV

Sl VEMBEIAERR (T, BB & T, B

IRAICIEE:D)
EENEAE T EEZE

CREEHI) REEES -
H= TR HERE
Al | Bt EREH %
“ R (1C) (B -
- R R B E T )R
o e ?z;gw Rl 556 kR
AR . 0 A EL/ \\ H L //»/\ -
(5147%) 4””’gfibﬁﬁfﬁ:gi-w<ﬁ>maa%%u&W%
% - GET -
U (R) B STEERE
% -
. 2%%%?7%ﬂ%%%%1'ﬁﬁxﬁfﬁ<ﬁ)LﬁEl
sy | 2787 | P90 EMUEISRIAGE | RARR (1) 1T
B 15 TREE 2 |
I MBS RS
M ORAERRIERE W |
- i e | SEIEE (D) ST
(275—%> 25.13% | SRS EAI DY) -
Tt MBS AR |« AEREA (10) o (ARERLT
A R S | R -
REEESERN | - SEEHATER () -

(—) r h-:J Zl:l/b %D*E%)Ln/\*ﬁ‘

HEE GG R BRIt 1032% (113 ) #9 T | BIRAEFALIRAEN

E BTG ER BPE 105ER TG Wit BAESE TR BTN

o T COCT EHEEEERIE 2017 ¥ A[word="1t"" & pos="VH"][word="%3"]( CQP

LU 1,715 S50 - BEHVGERHEE 7 1l — > JEREL T
5 ARSI ERE R s M EE R (R -

Syntax ) 3 “collocations”
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FVU TS B2 M {BEHE

LI A MI {§ FLIH G 5 MI {§
AHTFRE 14.137 — iR 8.138
HGHE 14.025 K8 8.093
NIREGEF- 13.121 FirHEL 7.848
o e 12.812 EAE] 7.521
FETR G 12.659 — R EE 7.307
=N 11.785 KT 7.307
PAR=g=a () 11.666 T 7.093
B IE ] 11.458 LS 7.075
NS ER 11.237 It 7.048
AT 10.641 =yl 6.72
G ] 10.459 R 6.661
Sk 10.288 b 6.308
(ERNERSE 10.025 PN 5.969
e 9.902 FhH 5.709
T S 9.764 BizgE| 5.68
PH B AR 9.086 = 5.02
fif 8.479 EE 5.011
Peis 8.45 £ 5.003
AFT 8.315 fR 4.948
fiEE 8.193 (s 4.68

it EEE COCT HHaEFHEE 2017 5 A =45 SRHUTT 40 & MIE SHEE % - 1048
B -

AW FEE— S IRE R L alisa e RSB HE st T EAMERS T E
i~ PO Tl TSR TR TEIE L B TIT ) RS i T IT L ABERR
5 (BRSO SRIFHRREE 8 (Madse ke 1T ) —a&d - dEEREEIATE - DL (E e B EAREE
BEILEETA ) B — A a2 B Fe WKLy REBAHIREE - A BRI & = (R
SRS PR S B aie (Z R ) xS AT 2RAREE - (HEZIRRE SR
A E R AR B RAN - (LR R s AR T 1T SRRl ~ EEDUIR S HUIRAE -
FRBEL MG NEEE B AR E AR - L EN T ETETHER -
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https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E4%B8%8D%E5%8F%AF%E9%96%8B%E4%BA%A4&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E4%B8%80%E5%A1%8C%E7%B3%8A%E5%A1%97&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E6%B2%BE%E5%9C%B0&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E8%B5%B7%E5%8B%81&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E4%B8%8D%E4%BA%A6%E6%A8%82%E4%B9%8E&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E6%89%8B%E5%BF%99%E8%85%B3%E4%BA%82&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E5%9C%98%E5%9C%98%E8%BD%89&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E5%9C%98%E5%9C%98&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E7%84%A6%E9%A0%AD%E7%88%9B%E9%A1%8D&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E4%B8%80%E5%A4%A9%E5%88%B0%E6%99%9A&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E6%98%8F%E5%A4%A9%E6%9A%97%E5%9C%B0&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E5%A4%A7%E6%B1%97&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E5%88%86%E8%BA%AB%E4%B9%8F%E8%A1%93&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E6%A8%82%E8%B6%A3&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E6%98%8F%E9%A0%AD%E8%BD%89%E5%90%91&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E6%95%B4%E5%A4%A9&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E4%BA%BA%E4%BB%B0%E9%A6%AC%E7%BF%BB&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E5%96%98&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E6%BB%BF%E9%A0%AD%E5%A4%A7%E6%B1%97&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E8%92%BC%E8%A0%85&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E6%9A%88%E9%A0%AD%E8%BD%89%E5%90%91&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E6%95%88%E7%8E%87&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E9%9B%9E%E9%A3%9B%E7%8B%97%E8%B7%B3&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E6%B2%BE&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E5%80%BC%E4%B8%8D%E5%80%BC%E5%BE%97&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E5%A4%A9%E5%A4%A9&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E6%B2%92%E7%A9%BA&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E6%8A%BD&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E5%A4%A9%E6%98%8F%E5%9C%B0%E6%9A%97&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E8%A7%80%E5%AF%9F%E5%88%B0&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E9%A0%AD%E6%98%8F%E8%85%A6%E8%84%B9&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
https://coct.naer.edu.tw/cqpweb/yl2017v2/collocation.php?collocSolo=%E5%BF%98&collocCalcAtt=word&collocCalcStat=1&collocCalcBegin=-1&collocCalcEnd=4&collocMinfreqTogether=5&collocMinfreqColloc=5&maxCollocSpan=5&qname=gib8hc6ez8&collAtt_pos=1&uT=y
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Abstract

Present-day, a majority of representation style on social media (i.e., Instagram) tends to
combine visual and textual content in the same message as a consequence of building up a
modern way of communication. Message in multimodality is essential in almost any type of
social interaction especially in the context of social multimedia content online. Hence,
effective computational approaches for understanding documents with multiple modalities
are needed to identify the relationship between them. This study extends recent advances in

authors intent classification by putting forward an approach using Image-caption Pairs
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(ICPs). Several Machine Learning algorithm like Decision Tree Classifier (DTC’s), Random
Forest (RF) and encoders like Sentence-BERT and picture embedding are undertaken in the
tasks in order to classify the relationships between multiple modalities, which are 1)
contextual relationship 2) semiotic relationship and 3) authors intent. This study points to two
possible results. First, despite the prior studies consider incorporating the two synergistic
modalities in a combined model will improve the accuracy in the relationship classification
task, this study found out the simple fusion strategy that linearly projects encoded vectors
from both modalities in the same embedding space may not strongly enhance the
performance of that in a single modality. The results suggest that the incorporating of text and
image needs more effort to complement each other. Second, we show that these text-image
relationships can be classified with high accuracy (86.23%) by using only text modality. In
sum, this study may be essential in demonstrating a computational approach to access
multimodal documents as well as providing a better understanding of classifying the

relationships between modalities.

Bt SRRSO - BAAGE SR - TRORA > ERRAR AL

Keywords: multimodal documents understanding, contextual relationship, semiotic
relationship, authors intent, Natural Language Processing, Decision Tree Classifier, Random

Forest, Sentence-BERT, image embedding

1. Introduction

Up to date, a majority of representation style on social media tends to combine visual and
textual content in the same message, the growing of multimodal documents is thus at a
staggering rate. The developing multimodal document builds up a modern way of
communication. The fact is that social multimedia, such as Instagram, inevitably hosting the
way for information conveying. When reading a post on a multimodal social media, a simple
question is raised: how do people analyze the relationship between image and text?
Regarding the meaning of a word, we found out that it would help to know the difference
between denotation and connotation, which can be something suggested or implied by a word
or constructions of words. As in semiotics, the terms denotation and connotation may be seen
as different ways comprising a particular semantic domain, making up of the two obligatory
relata of the sign function - (1) the expression and content, and (2) of a portion of the world in

correspondence of the content, that is, the referent (Wason & Jones, 1963).
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To access multimodal data in a computational way, an essential inclination of current studies
utilized an amount of data with annotation for solving different scales of computer science
problems in data mining and multimedia (Jin et al., 2010). Besides, a substantial body of
related research documents the tendency of assuming images accompanied by basic text
labels or captions such as interpreting author intent (Kruk et al., 2019). With the growing
volume of multimodal social media, the detection of the relationships between text and image
has become more critical. Research engaging fully with the multimodal aspects of the texts
and images on social media is still in its infancy. Some researchers (i.e., Castro et al. (2019),
Kruk et al. (2019), O'Halloran et al. (2019), Phan et al. (2019)) considered image and text as
both the primary content, viewing that incorporating multimodal features can result in
Meaning Multiplication, hence improving the automatic classification. Unfortunately, there is
little general consensus on how does Meaning Multiplication (Lemke, 1998) comes with
online multimodal documents, and few empirical studies have been done on this issue. In
addition, more people consider that ignoring images means ignoring a large portion of
potential meaning (Summaries & Panel, n.d.). Castro et al. (2019) further indicated that
multimodal information can reduce the relative error rate compared to the use of individual
modalities, thus motivating the purposes in this study - to clarify whether there is Meaning
Multiplication in the multimodal documents and to distinguish the alignment between the

image and text modalities.

As a consequence, two major sets of research questions are addressed in this study. The first
purpose is to describe whether the combined modality “stronger” - means which has better
performance in the multimodal classification task - than individual modalities or not, and in
what way and how? This study uses the text-only feature, image-only feature, and combined
model from both modalities of Image-caption Pairs (abbreviated as ICPs) to develop an
automatic classification system, aiming to classify the presence of the contextual relationship
between the literal meanings (referred to what is said) of the image and caption, the semiotic
relationship between what is signified by the image modality and text modality, and the
author’s intent hiding behind the ICPs. The second purpose is to access the relationship
between text and image, and their combination given Meaning Multiplication of multimodal
documents. Given the complex nature of multimodal documents, many researchers are
motivated to develop a framework to classify different relationships in the multimodal
documents (Chancellor et al., 2017; Illendula & Sheth, 2019; Kruk et al., 2019; Zeppelzauer
& Schopfthauser, 2016). Among these recent advances, Kruk et al. (2019) proposed a
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framework for a sounder theoretical bases to solve this problem. In this study, we adapt the
taxonomy designed by Kruk by modifying existing taxonomies (Bateman, 2014; Marsh &
White, 2003) to explore the relationship of the posts of Key Opinion Leaders (KOLs) in
Instagram, and establish a new dataset with 936 posts from a variety of KOLs. We further put
forward a multimodal approach that can classify the relationships between multiple

modalities.

2. Literature Review

2.1 Taxonomies

Since this study focuses on exploring the ways that images and text interact, we adapt three
taxonomies extracted by Kruk et al. (2019), which are possible to identify their relationships
applicable to all subject areas and document types according to the closeness of the
conceptual relationship. In the three proposed taxonomies introduced by Kruk et al. (2019),
two (contextual and semiotic) are taken advantages to capture different aspects of the
relationship between image and caption, and one to capture speaker intent (Kruk et al., 2019)
while the three taxonomies address the underlying concept of Marsh and White (2003) —
framing the image only as subordinate to the text. A survey was conducted to identify those

three relationships in the Instagram contexts.

First, it is investigated that the contextual taxonomy claimed to report the relationship
between the literal meaning of the image and text (Kruk et al., 2019; Marsh & White, 2003).
Kruk et al. (2019) considered three categories of Marsh and White (2003) taxonomy which
generally captured the closeness of the relationship between image and text essential; hence,
they further generalized them to three top-level categories to make them symmetric for the
Instagram domain: minimal, close, and transcendent. Second, to answer questions concerning
the more complex forms of meaning multiplication, capturing the relationship between what
is signified by the respective modalities turned out to be the priority of the semiotic
relationship. Kruk et al. (2019) categorized the semiotic relationship between ICPs as
divergent, parallel, and additive by taking advantage of the earlier 3-way distinction
(Bateman, 2014; Kloepfer, 1976) and the two-way (parallel vs. non-parallel) classification
(Zhang et al., 2018). Third, with the advantages that prior work has drawn on author’s
intent, like Goffman’s proposal of self-presentation (Goffman et al., 1978; Mahoney et al.,
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2016), eight illocutionary intents had been developed (Kruk et al., 2019). Details of the eight

intents are quoted below:

Advocative: advocate for a figure, idea, movement, etc.

Promotive: promote events, products, organizations, etc.

Exhibitionist: create a self-image for the user using selfies, pictures of belongings, etc.
Expressive: express emotion, attachment, or admiration at an external entity or group.
Informative: relay information regarding a subject or event using factual language.
Entertainment: entertain using art, humor, memes, etc.

Provocative/Discrimination: directly attach an individual or group.

Provocative/Controversial: be shocking.

2.2 Multimodal Document Understanding

The literature is full of discussions surrounding the definitions of modality, and scholars have
debated its nature for decades. “A modality is a communication channel, for instance, related
to the human senses or the form of expression (Bongers & van der Veer, 2007)”. Modality,
which most people associate sensory modalities with, is to represent our primary channels of
communication and sensation, such as vision or touch (Baltrusaitis et al., 2018). The objects
we see, the sounds we hear, the odors we smell are different modalities that we received in
the surrounding world. For example, text and images are sometimes considered from a
different modality, that is, different “modes” of communication. Text-image relations and
their related work hence fall within the general area of multimodality - the investigation of
diverse modes of expressions and their combinations. Additionally, the research regarding
multiple modalities of document understanding is hence called multimodality document

understanding.

As discussed in the last paragraph, such a combination of diverse modalities sometimes
results in Meaning Multiplication, a metaphor first promoted by the socio-functional
semiotician Jay Lemke (Lemke, 1998). Prior work (Bateman, 2014) states that “under the
right condition, the value of a combination of different modes of meaning can be worth more
than the information (whatever that might be) that we get from the modes when used alone.
In other words, text ‘multiplied by’ images is more than text simply occurring with or
alongside images. (...) Somehow the meanings of one and the meanings of the other resonate

so as to produce more than the sum of the parts”. As for NLP perspective, Morency and
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Baltrusaitis (2017) provided the view that, with the goals of recognizing language and vision
projects such as image and video captioning, Multimodal Machine Learning is, inevitably, a
vibrant multi-disciplinary research field for Artificial Intelligence, for example, integrating
and modeling multiple communicative modalities, like linguistics, acoustic, and visual
messages. In this study, we focus primarily on two modalities: the natural language that can
be written, and visual signal which is represented with images. So far, seminal work on

defining modality was carried out.

In order to interpret and reason about multimodal messages, it is necessary to develop a
computational model that can not only deal with the heterogeneity of the data and the
contingency often found between modalities but understand the dependencies across
modalities. Additionally, in this study, it also requires the knowledge of the multimodal
language, and thus, a multimodal framework was created and briefly introduced below. Most
researchers working on exploring the relationship between text and image and extracting
meaning often assigning a subordinate role to either text or images, i.e., image captioning,
visual question answering, which claimed that text is a subordinate modality to image. Thus,
our work builds on the framework of Marsh and White (2003) who offers a taxonomy of the
relationship between image and text which Kruk et al. (2019) draw on to create a new one.
With respect to this, Baltrusaitis et al. (2018) brought out five unique challenges regarding

the research field of Multimodal Machine Learning as follows.

Representation: The first challenge state how to represent and summarize multimodal data
to highlight the complementarity and synchrony between modalities. To construct
multimodal data representations, the researcher may face several difficulties like combining
the data from heterogeneous origins and dealing with different levels of data noise and
missing data. In place of author intent on Instagram, almost all researchers explore
classification tasks on Instagram by taking advantage of word embedding by Word2vec (Le
& Mikolov, 2014). With reference to image representation, some Singla et al. (2018) exploit
ResNet50 (He et al., 2016) to convert the images into vectors based on the different research
purpose and essence. However, word-embedding seemed to be out of state now. With the
target of modeling intra-modality dynamics, Yu and Jiang (2019) first apply Bidirectional
Encoder Representations from Trans- formers (BERT) (Devlin et al., 2018) to get target-

sensitive textual representations. In the context of multimodal language understanding, a
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majority of multimodal research (Rahman et al., 2019) find this model outperforms several

highly competitive approaches.

Translation: The second difficulty announces how to translate, or say, map, data from two or
more modalities. On one hand, the data is disparate due to the way of representations between
modalities. On the other hand, the relationship between modalities is often open-ended or
subjective. For instance, although there are several ways of translation to explain an image,
there may not be one. In addition, the evaluation and characterization of the multimodal

translation may be subjective.

Alignment: The third obstacle indicates how to confirm the direct relationships between
(sub)elements of instances from one modality to another. For example, given an image and a
caption, the mission is to align which part of an image could be corresponded to the caption’s
representation. With reference to combining information from visual image and text,
incorporating two synergistic modalities in a combined model is a high-efficient way adapted
by most researchers, no matter in ICPs (Kruk et al., 2019), emoji-text pair (Barbieri et al.,
2018), or feature-extraction for multimodal sentiment analysis (Soleymani et al., 2017).
These studies, in fact, most studies, employ a competitive architecture in many image
classification tasks, Convolutional Neural Networks (CNN) (Baltrusaitis et al., 2018; Lin et
al., 2014; Russakovsky et al., 2015) or Random Forest (Breiman, 2001). What’s more,
Residual Networks (abbreviated as ResNets afterward) (He et al., 2016) is involved with
CNN showed to be one of the best CNN models for image recognition. However, existing
approaches to this task primarily rely on the textual content, but ignoring the other
increasingly vibrant multimodal data sources, like images. This kind of ignoring will
somehow enhance the robustness of these text-based models. Inspired by the recently
proposed BERT architecture, a multimodal BERT architecture is applied, firstly by (Yu &
Jiang, 2019), to obtain target-sensitive textual representations in order to model intra-

modality dynamics.

Fusion: The fourth face-off remarks on how to combine information from two or more
different modalities to perform a prediction, discrete or continuous. Take an image for
example, the visual description of an image is fused with a caption to predict authors intent.
The varying predictive power and noise typology may be the consequence of information
coming from different modalities. Baltrusaitis et al. (2018) claim that two types of

multimodal representations - joint and coordinated. Joint representation often projects
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multimodal input into a common space while coordinated representation project each
modality into a separate but coordinated space where only one modality is present at test

time.

Co-learning: The last challenge suggests transferring knowledge between different
modalities, their representation, and their predictive models. It will be unexpectedly dominant
when one of the modalities has limited resources such as a lack of annotated data, noisy data,

and unreliable labels.

3. Methodology

3.1 Datasets

The study comprises data labeling and text analysis of a corpus published posts from the
discourse community Instagram. The primary criterion for selecting objects was that they are
100 famous Key Opinion Leader (KOLs) in Taiwan in 2019. Ten posts are crawled
employing each KOL’s Instagram official web page using a python package beautifulSoup.
Corresponding posts from April 20 in 2020 are collected with the goal of developing a rich
and diverse set of posts. Since the posts contain not only texts and images, but hashtags,
emojis, and name-taggings, those features would be directly analyzing by being integrated.
Although the posts include a variety of texts, images, hashtags, emojis, and name-taggings to
convey information, only under two circumstances are the posts collected. First, to ensure
some homogeneity of meta-data, this study only includes images of photos, rather than any
short video or long video in a post. The second circumstance is that we only recruit the first
photo of multiple photos in a post if have ones. Currently, an amount of 906 posts are

extracted from Instagram.
3.2 Annotation

Data were pre-processed, converting all albums to single ICPs. A simple annotation toolkit
built on an online google sheet was developed and displayed with the form of ICPs. The
annotators, who are non-expert in linguistics, are asked to confirm whether the data was
acceptable and if so, to identify the post’s intent, the contextual relationship, and the semiotic
relationship. Every image was labeled by at least two independent human annotators. We

retained only those images on which all annotators agreed. From the collected datasets,
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exploratory analysis can be conducted by an amount of analysis and visualizations. We take
advantage of Cohen’s Kappa to measure the agreement between different annotators who
classify 936 items into three taxonomies. The scores of Cohen’s Kappa calculated on the
three taxonomies are 0.5803 (the contextual relationship), 0.5834 (the semiotic relationship),
and 0.6223 (the author’s intent). The scores for three taxonomies are all complied to the
moderate agreement. The scores are used to ensure that annotators have high enough

reliability in giving the same degree of annotating.

3.3 Model

After obtaining and annotating the caption and image on Instagram, it is necessary to
compute embeddings when working with both contextual and image data in the machine
learning pipeline. For text embedding, we utilize Sentence-BERT (Reimers & Gurevych,
2019) which is pretrained character-based contextual embeddings. For image embedding, we
use ResNet50 (He et al., 2016) which has a model pretrained on ImageNet as the image
encoder by implementing a Python package pic2vec to convert the image modality to
embedding. After, based on the collected datasets, two Machine Learning models are applied
to train the classifiers: Decision Tree Classifier (DTC’s) (Swain & Hauska, 1977) and
Random Forest (RF) (Breiman, 2001). In this study, both Machine Learning models were
trained on both multimodal features. Our model takes input image (Img), text (Txt), or both
(Img+Txt), plus modality-specific encoders, a fusion layer, and a class prediction layer.
Consistent with our purpose that caption is seen as an integration, BERT sentence embedding
fits the most because it considers caption as a whole sentence. For the combined encoding
model, we take advantage of a simple fusion strategy that linearly projects encoded vectors
from both modalities in the same embedding space and then adds two vectors (Kruk et al.,
2019). According to Kruk et al. (2019), despite naive, this simple strategy has demonstrated
high effectiveness at different related tasks. At last, we use the fused vector to predict scores

with a fully connected layer.

4. Result and Discussion

We use a 906-sample dataset and only use a corresponding image and text information which
is aligned manually for each post. Due to the small dataset, 10-fold cross-validation is
conducted in our implementation. In order to report the result, the classification accuracy

(ACC) and area under the ROC curve (AUC) are reported, using micro-average across all
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classes (Jeni et al., 2013; Stager et al., 2006). Additionally, for image, we use 2048
dimensional vectors trained from scratch. For character-based embeddings, we use a
pretrained model with layers resulting in a 512-dimensional vector. The results will be shown
after training in DTC and RF models. Due to the small dataset, we conducted a 10-fold cross-
validation. To report the result, I'll present the classification accuracy (ACC) and area under
the ROC curve (AUC) with micro-average across all classes. There will be two tables

summarizing the main results as follows.

Table 1. Results with DTC’s models — image only (Img), text-only (Text-BERT) and
combined model (Img+Txt-BERT)

Method Contextual Semiotic Intent
ACC AUC ACC AUC ACC AUC
Img 50.54 50.70 51.37 49.86 67.23 50.00
Txt-BERT 72.67 69.08 73.63 67.67 82.20 65.14
Combined 70.97 67.88 71.94 64.49 81.82 64.89

First, the result with Decision Tree Classifier is shown in Table 1. Overall, the result shows a
striking effect of text embedding on performance. For all the taxonomies, text embedding
was significantly superior to the other models. It outperforms consistently than just using
images embedding and the combined model. Following Kruk’s work, we hypothetically
assume that the combined model would help across the board. However, it has been
disproved from several 'aspects of the result. For the contextual and semiotic relationship,
text embedding and combined model both performs much better than image model for more
than 20%. Toward this result, this might because Sentence-BERT is originally designed for
text classification, so it outperforms in the text classification task. As for author's intent, the
performance of text embedding (82.20%) is just slightly higher than image embedding
(81.02%), and reaches almost 15% difference from the combined model (67.23%). The
reason might be that the data of author's intent is more homogeneous than the others. Digging
into the annotation details, when annotating the author's intent, annotators tend to label the
target with high identical consistency, hence making the high performance in the author's

intent.

Table 2. Results with RF models — image only (Img), text-only (Text-BERT) and combined
model (Img+Txt-BERT)

Method Contextual Semiotic Intent
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ACC AUC ACC AUC ACC AUC
Img 62.45 84 60.37 83 81.02 92
Txt-BERT 84.43 94 83.99 91 86.23 95
Combined 78.31 93 80.48 90 82.36 95

Next, the results with the RF models are given in Table 2. Overall, like in Decision Tree
Classifier, the result also shows a powerful performance of the text embedding. For the three
taxonomies, text embedding (average 84.88) was significantly superior to those other models.
It outperforms than the image embedding for 16.93% and than the combined model for 4.5%.
For the contextual relationship, text embedding (84.83%) and the combined model (78.31%)
both perform much better than Image model (62.45%) for at least 15.86%. As for semiotic
relationship, text embedding (83.99%%) and the combined model (80.48%) both perform
also much better than image model (60.37%) for more than 20%. Likewise, sentence-BERT
again performs its advantage in the text classification experiment. As for author's intent, the
performance of text embedding (86.23%) is just slightly higher than image embedding (82.36
%) and the combined model (81.02 %). The result of the Random Forest model tends to show
its advantage in training the features, especially in the intent relationship (average 83.20%).

Concerning the RF model, the author intent again displays its advantage of this task.

On one hand, compare the result of DTC's and RF, the accuracy of the text embedding of RF
is even 8.71% higher than that of DTC's. The image embedding is 11.57% higher, and the
combined model is 5.7% higher, in that RF is constructed on the foundation of multiple
decision trees. Resulted from the growing ensemble of Decision trees, in this study, RF
combines 100 tree predictors and makes them vote for the most popular class. By selecting
features on randomly training and creating an amount of decision trees, it has significantly
improved the classification accuracy. On the other hand, in comparison to the result of Kruk,
this study performs better than Kruk's in both single modalities and combined modality. For
text embedding, Kruk uses ELMO model, while this study uses Sentence-BERT architecture,
showing an absolute advantage by improving the performance for 24.95%. For image
embedding, this study utilizes ResNet50 instead of ResNet18 and makes progress on the
performance by 15.65%. For the combined model, RF in this study outperforms Kruk's
DCNN for 17.04%. Kruk has set the baseline classifier models as a preliminary effort, while
this study examines dataset from a different domain and adapts more sounder classifiers,

making outstanding performance in the multimodal document classification.
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5. Conclusion

This study utilizes a computational model to capture the complex relationship between text
and image modality, and how they cue authors intent in Instagram posts. In response to the
first research question that if the combined modality stronger than individual modalities, text
did assign a subordinate role to image. Toward this result, this might because Sentence-
BERT is originally designed for text classification, and it performs very strong in the text
classification task. Up to this point, these results are consistent with the prior studies which
indicate that either text or image should be assigned a subordinate role. Although these two
modalities encode different information on the use of classifying the relationship, the result
suggests that the incorporating of text and image needs more effort to complement each
other. The second main finding is that we present the results of the relationships of author’s
intent, the contextual relationship and the semiotic relationship between the ICPs.
Furthermore, among the all studied modalities, the captions are no doubt the strongest feature
for classifying relationships, in that the caption encoder (Sentence-BERT) shows its powerful
advantages in text classification. In addition, we make two comparisons: the results between
the two Machine Learning models and the result between this study and that of Kruk et al
(2019).

Even though there are a variety of tasks being carried in the study, the design of the present
study is not without limitations. The first limitation concerns the data size used in this current
study. 906 posts might be too small to make a classification with high accuracy. The deep
learning model used in these tasks needs more data to get better training. This may probably
be one of the reasons that we cannot reach better performance in classifying the relationship
with the image embedding model. The second limitation is rooted in the labor for annotation.
The Kappa score in this study is to the average of 0.5953 (moderate agreement). If it may
reach a substantial agreement (0.61-0.80) or even almost perfect agreement (0.81- 1.00), the
result should appear to be better. In order to raise agreement between annotators, we should
have completed more annotating norms with an abundance of details besides the two norms
applied in this study. Third, a more stable architecture to build the image describer is needed.
To characterize the images by representing an n-dimensional feature vector, it is necessary to
explore the image describer to better generalize the results. Last but not least, the synergistic
model in our task did not outperform the model of single modality. This issue might because

the linearly project vectors did not highlight the significance of image embedding. Having
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acknowledged the limitations above, future studies should be alerted to the disadvantages of
this study.

For future studies, new possibilities can be listed. Since sentence-BERT is good at processing
the text input, the literal meaning of the image automatically generated from the computer
vision technique should be involved as a part of the image encoder to reach a possibly better
performance. Additionally, it is suggested that future research should explore more linguistic
features of multimodal documents to improve the working. More solid visual features and
other meta-data features are needed. Further, considering a large amount of literature in
predicting sentiments of multimodal documents, the key challenge is to collect a sufficient
amount of training labels to train a discriminative model for multimodal prediction. Although
preliminary research in the area is already being undertaken by researchers, more extensive

research would be necessary to make any definite claims along these lines.
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EHEHZ ]  So— 05 > AEBSKEEEET - MIRAPAEEEE (Formal Semantics) HY
HEFEITAIE SR T AVERIT (argument) 565 - BB H HAHBIRYER T
HUHi1% - EEEHE SRR s T B E R -

MIgEET Bt E2E U7 /AMEL - ARy T hRE-TE=URE 24 ) A R EABEHIIE
g5 - JRRELUHE /D HYERHES TR SRE A HUS8 RAVEIE /T HEE R - (R AR
YLAYRART - B/ N AR NIRGE S EL Ry B 22 P R R B RE IE MR 22 5] 99.29% -

A E AR LY TR LB R P AT RE AT S PR &g TR R E S TR % R VAE R
BN ABHY Github HZEEHHEH o A EEERAT © (1) RH—ANEE S 2HE
e ZGE S TEEERRIRM T EBEFI A4 Q) DARKEIFEHEBEEN 2L
Eran] e i f. POS/NER HEaC1% » A BURIE 32 2 TR S5 U mT BRIl ol Jmy A AT el
AERRHEEREOTEC ) Q) FRHEEN B8 N R SRR P Y B B R PR T R S Y
HE FROCHIBUENER - AEDL MIT FZRERE -

Abstract

Aside from statistics based and NN machine learning based approaches, this paper presents a
Chinese math word problem (CMWP) solving system that is implemented with linguistic
reasons. On one hand, the system adopts the functional approach to keep the relation between
form and meaning for intent detection. On the other hand, its argument extraction design

follows how formal semantics calculate meanings of languages.

The proposed system shows great flexibility with minimal training data requirement. When
applying the model to 1st-year elementary level CMWP, the correct rate is between 98.57%
and 99.29%. This paper also presents an adjustment procedure to reveal the potentials of the

system to improve edging problems.

The proposed hybrid system provides an operational webpage, its source codes are also
accessible on Github.com. The main contributions of this paper are listed: (1) It implements a
working system that is based on linguistic knowledge to solve CMWP. (2) The system proves
that with proper Chinese word segmentation and POS/NER tagging, the divergence between
form and meaning can converge to a set of human-readable regular expressions. (3) The CMWP

based on Taiwan elementary math textbooks are released under MIT license on Github.com.

G §fA - Loki - EEIEM > BERERSGE - sES 5 e > FREREATTE -
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— ~ 4w

HIEREDE (Big Data) rEhHVEHRSES) 7 UL - 572 DIBURBRENHIAE TR TT7ALL
K ERERE AT BB sBE8I7A MR B B S B 7 A BB - 24T
1950 FFHEESEE 2020 2 [ - SEEREA THEAVEE © BESETEDTIT
o HEFZAE 1950 FREEERILHEE S N ERAIMASEE SR IHE BRI > £5H
HEE ST T AR AT T B2 B2 4w

KIHFEERH 3 H Chomsky $2HAYEFNER&ERE X-bar AYEIEL [1] 0 M7 DARSE) G
(light verb) FYAER&ERE [2] AP SCEIEA N ER B F4SREMNEE Ry [7] EIFE T 8
57 (Chinese Word Segmentation, CWS) JZFMAEEE (Part-of-Speech, POS tagging) HJ4H
RIIBLRAR > DL T aa BAEa AT EC TR - Articut [16]° DA Articut Sy 5LRE  FE{K Sinclair
& Coulthard HYFEE A BB L 3] E—PITEE T EEBEMANTE - Loki
( Linguistic Oriented Keyword Interface) [17, 18] A2/ M 42fE Fi T 2B T B Loki |
AR e B o S B2 R B Y AR B 0% -

(B H B E I HRE (Math Word Problem, MWP) WHFEE L LR EAVEE | - Bl
HEAFE S (Natural Language Processing, NLP) £flyiEfT MWP HsEE 3T S &
ST » 2 (R TREE AR - A aE R A S L1 B T HR PR Y B B AR R 45 R G| SR A -
A% BRI R AR ETREAR [14] - TR E N )T AR L HE S A
figit 2017 EEHUR End-to-end A1 [11] JEFIE MWP HYRHZEH [12] » 7& TARER
(B4R EE B AR 55— IRES - AR E T BE ) A7 AR MWP - SfE
R H SRR R R FETEERER - 2BINGEEEM AN MWP /T -

BEAh - FAHY MWP BER > A R EE#AY /77020 End-to-end 15AY » FRAEH] THER
FRAAG SRE R TSR - AT FEIE R Ry o SClrss] ~ SR aC e R B A
SA S LSRR TGS SR - SR S Al > 1. (R8RS S 220y S sm (BUAE X-bar
SEE - R ADE - FERAD KE(E NLP @i TH » B 2. FER#ERER » 52
EN S NP SAE

DL AA A IEREATRIE NLP PR » R 7 SA RIS - P DA 5
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BHNRIEE ; R DMSRERITNGET - 3 NLP BRGNS — 5l - Wi aeR
PRI B AR - R Tia B DA S SRR -

MEREMHE Z T~ > MWP ¥ AN S Z2IFE B S EE - H MWP % NLP Al
NLU #ffralEim ABRERr—Eh5eEis - BRiFTAr MWP TR5T B & DU/ N
B RyEiE (12, 15] #BERA Math23k GUERIE [13] SRS RITIMIEEA - Z&
F| Math23k ERIEE RS BEF LB MBI & &R E A2 A A
A« KGRI S B BN B N— R BIEENE - S5 T 76 B8R S R E R
R AU E R A B E « AR e B N— AR T IEE L B
SHE ARSIV A » MR KR IATE ABA Y ArticutAPI Github HZEHE S [16] «
k7 5 (L RE R A2 R IR R 5] 99.29% (commiit code: 0a4057a)

- Articut B TS Loki EEIBA T H
(—) Articut B3 MAm S0 T AL

Articut J&— {8 F T S8 kgt ~ ap A ERGAEEC LA [16] - Articut {X Chomsky #f
BTN EREE I IBES > B T X-bar SESRHIRGEREIER (1] FERHm AR TH T
My st > 3 2 4H T SCEEsH AR R A (2] DRAE AR 5 - DLRE AR AT A A A = Bl By
fHES R -

AR E (R AI > — (38 Sl e (LA A AR L BB R - Hoaa M IRE E A -
RILLERLZ Ry 3 5 > 2 srsHAY 357 0 EESHIALE > SR T sl MRy HERLEE SR - IE
b Articut fEagaT ESANESE T — A LIFORGIEHAL - 8RR  TARRS ]
HELLRe 32T BB B (string pattern) DLRe o] ({5 A4 #hREEE Y WikiData ] {FRA]
BURF A B EDR R Y 52 BhA4 T8 B aR Ry S MR = i DA SE Bl 44 B RS ey LA -

G PLLAE - Articut BB s PERRSC AR a4 B ASIRE (20 Se BT 05 o Y -
Hig S RbR T4 - NERERE ~ AREFEN -

(=) Loki #&af/H#H

Loki [17, 18] % Linguistic Oriented Keyword Interface 7 g 4H &5 o HEst > HAE
BRI - DU KEERE R T R AT R Vs U 28 DUEERA T WR-EEE
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HYEE S RIRRE R Z bR - L RERREL L BASE SR e Ryt R L Z P

Loki E[EHr T EAYZERE » B4 Sinclair, J. & Coulthard, RM. 1975 #£4f Toward an
Analysis of Discourse. [3] EFHFTHE » JFEFINERE FHENHEL ~ I =58 G 8hiEm
aat o AT A =8B T B A -

R (Act) - il T H R h e A T E) |~ BB SER AR L ERR -

IhRE (Function) : {540 " RIELEMVEE) , ~ " RSB EIEE)

E| (Example) : i1 "#ET: THAH MURE? 5 B4 Ty,

15 —{E/EZAF David Nunan (1993). Introducing Discourse Analysis. Penguin Group [4]—3

i

=t (Discourse) HfFEREE (Act)
HEERYEESE (Context) #ffEISEE (Function)
HEEIVEPENZ (Utterance) ¥EERS (Example)
ARTEAERETHF - fEH NLP SR/ » REEEE T =g - o iliE
HZEXH (Project) : FAHERIEANVS = - PIAEFENEEHS R - BEHER
- BEEE - HAEEEEERE o HE Nunan 1Y "5 -
BEAE (Intent) © FE—fEEE - FIAEENEESTRHISEZRE - HE Nunan
HIRESR -
sb= i (Utterance) : —4HATDIAISREREE -SSR T - T—EEAVEESERE - 7L
TE TN ) TR AN SRR )T o $fE Nunan HUSEEEIVEEAS -
B AWFEAI Loki 17 " R ERIRTRE | M B4 (Project name) @ SHHE —
AH R N B E I RERYEE = 55 (Discourse) « HEE 1L T MINECE | AR $47H
(Intent name) - 7572 =& 1 > FrABYE]FHE o T MIDECE (HUSES#22 (Utterance)e
Bl T EE W EESE R | T HEFE =R ) B T EFEE AR,

i85 Loki WRIY Articut #E{THERE - S AERC S ar A H AR PR BRI - A YA 18R
LR A RSO R AR IRV IEAR R UR - DL T ESIZEMBEAR | R -
AR ZE AR AR By

JFA] BRI |
!
Articut <ENTITY_pronoun> <ACTION_verb> <ENTITY _classifier> | <ENTITY_nouny>
PR R4S R B8 73 ! BaR
</ENTITY_pronoun> </ACTION_verb> </ENTITY classifier> | </ENTITY_ nouny>
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l

Loki <ENTITY UserDefined>|  <ACTION_verb> | <ENTITY _classifier> | <ENTITY UserDefined>
FE AR A [A<]*7 ["<RIFIZE] [N <R [A<]*? [A<]*?

</ENTITY_UserDefined>| ~ </ACTION_verb>  |</ENTITY _classifier>|</ENTITY_UserDefined>

£ Loki allSRa]ny ' E &R R | BEA

<ENTITY UserDefined>["<]*?</ENTITY_UserDefined>((<ACTION_verb>["<]*?[IZ ][ <
AR]*?</ACTION_verb>)|(<VerbP>["<A]*?[lZ$][ "<

R1*?</VerbP>))<ENTITY _classifier>["<]*?</ENTITY _classifier><ENTITY_ UserDefined>["<]*?</ENTITY
_UserDefined>

AYIERRFR IR - TR B s Ry LUTFESRAERCHY [1Z8E] B e e AL LA 42
REERAEE > BUEEE Tz fyEhE g AREoR D ) BEE > FRHESER
Ay T ) SIS RIS AR T LABER - ANLEERET o (R D RYERL - B AR IR R
=% (Utterance) HJRIAY T =RIE /3B EEIE - EERARHIHAEN -

=~ WITHARERR

AHFERE Loki Tl 3 35 T BRI F AU 53 VU I (73 A 2 AR B 52 FH el R A

MWP 2 =piyrse] seaal AR aC THEE R (Articut)

SERRTEE RS » BT Loki Z[EfHA! Loki_Math.atm

sea T EEEE I CRFERL T ImASA ) f1 DRCESEA: ) ZREEHEIECE)
i Loki_Math.atm #E{T iR SCEEE FE R [ REA G RE

Jike 1 TR > /£ Loki HEIIMT TATERTNEREEE -

T rwp

H
(—) #1r Loki E[EMA! Loki Math.atm

Loki FYZRFETREZE AT (Project) BB (Intent) FIFESZFEE (Utterance) =Jg -
ARFGeET —HELE TE/NGE | BRI A TR B T E R B T E

TEIE - oAl

a. FAdET [ EHERER (Definition) | 1YEE
b. FiZkit TE M (Caloulation) | fIETE
c. FFHRI TREEER (Question) | (EE

DIBRE - T s B =R Nz — R SRR IR 7 ) AR > sBis R
e R EEERER O SRR NIz KEBEEEE T EEREER
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RAFEMASFR N—FRBEERA R EFEE - STRBVERMEEE [16] 55
EL RIS o AR A A UFRRE REERIGR a1 Bl T/ NHA W
R B = BRI o I AE FsB RSyt (Definition) HiE T AHRBHEE (Intent)
AL FREE R SRR RETRUEIRR a1 Bl T SE MR ) 20 T EHE T
T L EATO i ASTEIBE (Calculation) FYEE T A& ERERI R #R B ISR AT
Bian T BRI A R E S ) BT RIS 2 DR RS | i A KRR EEE (Question)
ZETL Loki_ Math.atm %1 A7 Loki EEHE » FFEfis R aRIHIS T » S
Loki 434/ Definition =& - DAILEAHE - T 4545 FH4a M =1E | st & #5385k Calculation
R T ARESER , AE Question EEfE -

fH H S =FiE#pY Definition, Calculation, Question =ff = BV ERIGSHEW NE— =~ =

Definition

Calculation Question|

Classifier I ................ ’
] et
ty. Classifier ]

[ Classifier }

ENTITY ]—{ Possessor }—r
Qty.

_______________

o [ , :
E T [ ENTITY ] E v
: ! Classifier ' E i
. =3
el enTTY F:Possgmr-_[ Classifer POSSESSOR |
: ! 5

1 | POSSESSOR | ¢

......

o | Lo |

& — ~ Definition EEER B - Calculation EEE * Question = [EIER}
&t (R Gtk
TEJE Fene ittt (Definition) HYEEF - OB HLEAG AT (Entity) ~ VIRSRFA A
(Possessor) ~ 734/ &34 (Classifier) DU HEE (Quantity) - DIER - RIFEFZEF & -
T BB 5 Entity " 5 7 52 Possessor:" BH && Classifier: [fj” — & Quantity-
SERE—EHTAEZHEESR - Fla THEHER ZRBAR - kA AR HIfEES4E

[
1]

i
+

4

it
i

TR (Caleulation) HYEEH - KA BUHUH HE#G A% (Entity) ~ PJEGRFA A
(Possessor) ~ 7345/ & 7 (Classifier) DURHEE (Quantity) « FAE[F—# H A Z 4 H
wig > Bl T HEE BRRECSRE - TRRE TR RIRES IR LIECHE AR
% o

FEK i H A (Question) 1Y & of - (A BYHU I G 4 F8 (Entity) ~ VG A A
(Possessor) ~ 7345/ &5d (Classifier) DURHEE (Quantity) « FAE[F— H A Z 4 H
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MR o BN " HAEARIEIZ T SRR SRR 2 VRS o AR A KR H R LLRE
TR MR R AT -

TRV TI 1% - Loki %40 & B LR Loki Math.atm EEFEENG » [EREE 4 HUR RS
) TAPE - R GRS A B AR T TR (g W
F o 2R ) AUREEHS -

() 8t "IWESEF ) AT RGESEA ) Bt

N EEEL > A T AERNERETTER (eg. HAR)  STERM (e.g, B) MEF
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WREF(FHIRE > DA E A IR TR A X BT et Y L
X+Y DUk TR X REE o fR&EEEE Y 52, Y X-Y HY TImEASM TR0
E L WIRK -

RN G 5 T I~ EAEESS B R RS R -
KIEHT MWP RSB B (SRR BN A R IE - A SC DA E R A )
HELTSRIA -

TETE S S (D B AHSE B B i 285 St ( Event Pool) 1
SR - SEEPNA B RS T BEE T ROEE AR | AUEIBRIE -
BRI ORI S BRI » B 4 A S T T -

substraction() addition()
EEEAEER Qty BINEtE BRIEEEE Qty IBMAETE
EfE RS0 EfF MEMAEL
e.g. lIZiEMEERE e.g . BTHEER
EfE=-2 EiE=+9

i

referential()
RIBERINZRRIER Qty HEtE
EfE MEERE, else()
e.g., tEIRIk S EER
| = RIK_T|iHE +7

ElY ~ B4 (Event Poll)
T T3 B TR | B TR ARSRSCRIERA IS [19] s REYR[EA g o
— AL T BRI AR DOKEEEEREZA T ETIISR > 2l T BRI
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RS DU SR R A T s UE TSR - R AR A R IR (EEh s # e T —
REAHER B0 " 45T ) BIFUREZREINE ~ T 1T ) FOAERIRINE TS
BFRESRENE. . - AR EIER DA St B— I A= &S Loki
SRS R IE RSOy BIRERIR T AE L BN - IERFORA Bl (B T4 T
W) AV T H RS A T RSB R A E RN AT ) HYDIRE » WL —2KC - (%RE
WA FERERIYFR K > ARGt R/ NRRAVEL > BERFEFA (eventpool) o - iR (H
FHRIA] o A 75 22— BAARLIRA B VB SR A FIAVHESAS

(=) (M Loki_Math.atm [y S8 E2NE A E]RE R RE 2045

A S VEER I ARG MWP W15 [18] - AWTFEHY Rduiiite - f£ T SCBEREA
FEEAR  RGREE TR T — R — A T 2 EwHY Loki_Math HZ >
Loki_Math HZRiH)T4E Articut I 57 POS/NER FEGCHIAE R & > FHEEE Ry n]
TONEEH AR - LEEEIEZ HE T AR E BN R SR AR &R o R EEE R
FY R A B — 2K [ -

AU EHEAY R B /2012 RIRE(RAIE 20 Ay A B IR TR s U 3% A B o m R
EatHEsmyTHUERITER » IR RN A BRENEE > BB T INESEG ) 20 TR0
B RIS A T EY ek = AR AR Cl AT TR - BIRESKAE -

DA s BA=RE8E5 /NI —FE > BT T AR U E R o RATIURTE - &
SR TR BAE =AU/ Nz R FO TR AR =T
EENG LY Loki Mathatm HZE% - T £ A =FHEE | BElE " E#ZEREE
(Definition) ; HYE[E > DR AR R e EE BV A f " 5 b (Possessor) |~ T #E R
(Entity) ; 1 " = (Quantity) §H (Classifier) ; = {lm7T o 41N EAFR

Definition
| - ]
—[ me ]—[ st ]—r
N

& F. ~ Definition ZEEEGFEIEE R REE]
5] T/NEAZ A —E ) FEE T ST EERE (Caleulation) | HYEE] > Sl bl LT E
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HyzaE s AT By T /NHH (Possessor) |~ T #8552 (Entity) |~ " — (Quantity) 8 (Classifier) | &
st R TizE R TEOEEM 0 BT — ) ILEESERECR -1 G T ESATR

Ca culation}

Falgrg

[& 7S ~ Calculation ZEEREFEIEERIREE
i —n] BRI TR SR Loki Math.atm HZE/SE K2 HE (Question) |
A EOE - A EAEE T (%) 85 B EREAE TEE - RaTPaa3RaE
BHE WM gz - e NETHUR -

[Question} [Question}

&1 ~ Question ZREEAFERERI RER &/  Question B FEIRERI R EE]
oKt~ > HaalinvEReE R o e T EFREERSR | FGETHE > 58] T 3E
R =3 B, WHRES - B EAGTERE > 58 THER -1 1ETESEE - RIgAH
THETEBERE » #i5F] 3-1=2 > BRI T 2 FHERNREEE -

AR TER TN AR o R T/ NGRS SRR o HI TR AR E AR
(Question) ; & /ZlE /\AY45R -

HIETEGERE T KB T E%EEEE (Definition) | HYERH R RIEE T/NERFAHEE |
MECEE: - RIL SR E TR 5 > RO A T5IE#EE (Calculation) | HYERIF > HY
& TNHFFERAR SO -1 BUECEk - AR Tzl B— TRUESG ) RIEUERYE
EZEFMEASE - B2 1" & <17 BUNRgEizig T 1 FHER ) RAEE -
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VU~ B B RRAE R

ENZI0% - A0S E AR R Math23k &EiRHE ¢
1. HEERE  Math23k EE RSB/ NEFL » BRI ERE/ N—F4 H
P o
2. A - Math23k 1Y H & ERG RS WA S s &8
HYEIZER[E] »
3. FTFE:R © Math23k HYEE H tha S0 a) TN S eE T sEaR -

R HTLN R T > A2 S BN —FRBERATIEFEE - SiT4E
140 ERFELL T IEGE ) STEEENESR TN ) EEREREEEEE

FEERBET AR RER T T ITESEME ) (Bl " 5 X E GRS ) -
DRGESEAE S (BT TR EnzkE—(E ) PUR T EEARVINER(: ) (BN T SEIREE/KEL S R )
3t 3 fEFEM -

£ 140 FEEEH S > HF 464 (EET - fEFHUH 99 A4 Loki_math.atm &7
ZH o A EREAIEAER =18
1. BETHFEEMEE S0 flU > SEIEMFEZE "50 FER, - AETES
SRHY 750, WVHBL IS ZE—EL -
2. B BIEE R - fla0 > BSEMEFEEE T50 R, - AlEtEss
Ry TR VHEIERER SR
3. HREHMFIEEMERE 2 fli - EEMEFREEE T50 R, - AlEtEss
Ry THER  DHBLEREER R
N =P R R Hrh— - SLERUSH EHERRE BB R - AR - RHRE
140 FEHSCHERE AT E Y 464 {@a)+rf > (EF T H AR 99 {#4aT > BIFES

SIE Y 138 RH o

BEEEANE > A[GHIEATEET] T /NS2A 33 SRR - 4545 45 5 5% - /NEIRAER
ok ? U HE > NBRZ T/ NEIRAEA 25R ) BRI RIEIGR - 1 REUH T T BAER R
AR > FE S R RE A CNSERIEEHE) - 1T " BRAE A AR ) AV RE N
B H X AA - AYRIREEL - NI R RE s 1

%« EERMIEE L BB Github commit code

et

FKER FKE

i

pil
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AR ERHE 2 ERERIELE] (F114R 99 /464 = 21.33% 100 / 464 = 21.55%
G} ST oY)

AT TERER (B AR 2 B 138 /140 = 98.57% 139 /140 = 99.29%
ArticutAPI [16] commit code 46edb4f 0a4057a

FERTEE T NSIRAE A ATR R R B R ISR RHE » Bk A BUEBEEAE 99 £271E] 100
] o ST A EHEE AL 138 F2FFE] 140 B o (R E Bt B AR gk T A -
B AR St ESRTTAY TR o] DS S R SRS AR R IR AN DA SRR AY DU 254
BB - i REBIENR PR -

1~ BT FE

Mandal 1£ 2017 §Y[EIEERFZES [14] > B MWP fJ NLP 658 53 4 HAPS B (Early
Stage, 1964-2006) F1Hrth{t (New Era, 2007-2017) F{EFEEL - 2007 > & HIRHZEH B &
T NLP MRS B RO EE B R LA REAVEN » (15 MWP AR iy A &
WA R P E S R EE A o ££ Mandal fY[alEES - FTAHTZEEyaE IO (E
[EHI B

1. 3 NLP Fipgse « ¥ B FOCET A EAERE REERENT NLP FRE - fiEATER

HYREREGN

2. WOBBRARYT | JSIRADBITE RN MR R (o
i) BB RS REECE T DAY o
3. EAMEANEES B ST &S R R TR -
4. REETELER - BT o REERN RS Kot EE%E (JFESCHI
PRIPRE ) o FTEAER -
R B 2017 &5 RBREEEERE ETRE > A ElE (End-to-end) 5
A [11] FERREEEERE - Infln (End-to-end) fEAUBKHR T _FAAYVO{E R » H#E
eat—{E Y ¥ 5] (Sequence-to-sequence/End-to-end) 7Y [12] » #EFEHFFTA " EH
F AT ENEEE R SRR ) AVISRERE > (AR RS B SR AR o B REY
TET A EHEFERENME  (LES A EHT KRB > BIn EEI4R - fEaifE
2017 FLER] LSTM ZERSFIISK 17 SCHy R E2 e Math23k [13] #Y MWP 5D A5
TR 58% HYfRREIERER [12] -

HFAEE A (End-to-end)PHAAIER =~ AUEYEE R ERARHY T /EARE - IR o] AR E WIHAPE
B (Early Stage) FIHTHE(T (New Era) 21275 = (ElEEL -
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B T s = (RS RS RS - 1¢ MWP BEZ SR - HRTFTAHITENE B/ (elementry
school) JEFI#EEE H S HAR - LSS BRI AREZKE - IEAM NLP HE—# - firA
MWP HYBHFCEEIETESCRRLG - HRoCHY MWP AIZ S5 e R R - FRHETT %2
ifizk « Mandal GYRFZE[EIEE [14] fFATESEATIASE > ELEMSLC MWP RS - fE8THE
13 MWP YRR E o STHRRY R AR RR B OHTE [19] > e CKIP EXAYHT
7% [10] ~ &K MiuLab HYRH5E [15] > DUR A REsR ST BIRRURCR [12] -

PRIRRAGE T —( /NI R M ARE 24T Demo | 5 [19] EUSHE T E)
st R HERR (Frames) | BeB BT EIRO0 » iR EGE MWP T REREA) | BRG - 6
I R L e Y B (5 o P 225 5 PR o S P A 2R A R N LA B B2 R -
FHIE E L E A S A B MR %GEES (meta language ) » [NIEEA & DAEA S R 57
AR - FEE BT - BOAEYE -

T JEAE Mandal FEEH) MWP VU(EPEET - Aem CHYWTZE 774 - FIdle CKIP [H
RAE 2015 FEH2HHAYHZE [10] AYELES -
%— }:I‘ _LF‘%Mtti){

MWP #7208 [14] Aem X HERE CKIP EXRE [10]
1. 32 NLP mijgEH Artlcut s ~ saMAE0 Kedy  [Language Analysis module:
HEREE Sinica Treebank
E-HowNet
2. BT Loki E[E{fHAY Problem Resolution module:
(Definition, Calculation, Question|Logic Form Structure (LF)
Structures)
3. EABEAREITE B (Event Pool) Problem Resolution module:
Inference Engine (IE)
4, {REZEFTELGER ¢ Question Structure 474HTHT |Explanation Generation module
BAERIETE (Question & Answer Mapping)

CKIP E[X{E NLP gipa B &R - (E/H 7 bt be 1T 2 40y tf SRy a5 (Sinica
Treebank ) DL R B2 4148 (E-HowNet) AGfETT MWP R HAYSEEA#AT - hoCméitefil
& 1 61,087 {EhChelE ke 361,834 {5 [5,6] o MEFAMEE T ILE S ERIEIH
[8, 9] - FHESR AT FEEERIAY Articut Eirsa Ksa MR K Loki Bl TH > FEELUES
ERARAEETL - Ml Chomsky fRHHAYALERSE X-bar - HAFRUEERAHUE L E
T e

£ TR ) R T AR SEETE TR, WIEREEL - CKIP AYBTFTIafE AR
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TR AT RERY T HESE SR - AABTTEAERTA FE B AN A (8 A MRS HABRLE — 2
H ATHAHERTE A RE R BEAY 22 & RREAE A - IR ] AP ST PR AE I EERY MWP B4
REZL R o GRERAIIAIE E RN GRS E A A ERMEH F - 5
a1 o] F e B B B NP AR R ]

L NN -2
N énﬁ

F

AEwSCHRH T — (A T EE S B ) T T IR | DT AR E IR T RS R e
IREREATT | 240 - T35 DAWSUR R H VR R 57k T BRI & / Definition |~ #22
sf & /Calculation | LUK " i /Question | =fHEE - &S Loki HILEEEHIFL -
FHERCEAA » T REEN 5T TS E R AR - R AR A HY o

ETATRENET RS S -

AHFE(E &/ NE— AR R H B - W0 LAIAREGE R B B F T AT AN i -
ATT BB N R ARIRGE e FE R B e e P R R IE R 22 5] 99.29% -

Agm SCRE Y R S R PR E H I RE AT A PR (4R LR FAR B AN TN 3% A AE R
TRIE/NFEFY ArticutAPI Github (commit code: 0a4057a) EHZEEHE W [16] -

\
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E R T A A R e Bl 2 21T

An Adaptive Method for Building a Chinese Dimensional

Sentiment Lexicon

PRFERE  Ying-Lung Lin
TLREREENEHE R
Department of Information Management, Yuan Ze University
fxm900206216@gmail.com

B & Liang-Chih Yu
TUEREENEHE A

Department of Information Management, Yuan Ze University
lcyu@staurn.yzu.edu.tw

RS

TESCARRYIB R AT (Sentiment Analysis)AY(E#5 - BRRAGaHLAY T AR B A = o] ket H.
B > PRI e B (Chinese Valence-Arousal Words, CVAW) EL/2 B B2 Y AL
TH - KR T2 H VRIS 45 B —7E B 8 E J775(Adaptive Method ) 76 7% 175 Bl 4L -
{5k AT 4 e M A P S [R] <EIEK » SCASEHSE A AR B2 1Y ik A (Embedding)ffly - f
PRI RSO A R AUSHr a4 fE AU 15 R(Dimensional Sentiment) » §f5 7e 11 SC 4 [ AU
JBNE By (5 A P S BB RN B o BiS i 7 A AR BRI A S S R R
sl B Fy B4 (Baseline) » AEAMASZHZ (A E1%(Support Vector Machine, SVM) Ko fiFRAT &
27 (Extreme Gradient Boosting, XGBoost) S 20 THELAMEITELEY - EIRGERAUR - Bl
JEE R S 4 P TR A7 IR LA S X g B g h 2 3977 3% 7% (Mean Square error, MSE) £ 0.95 ~
FZ B AR AP {3 (Pearson’s Correlation coefficient) £y 0.71 » SUAEHS B FL&R fe AN ZS 2
EHEEE - RATNGEE GIEECHERE 248 562 B 7 [0 MRS R BB R » (B EIE T
SCHERE B IREA B S I SR

FritEE  EAENE o SERERYIBRLIT > BRGEEHE  BIRERA - (REREUR
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—~ EBERHD

CP S P R 1R [R e B T A i Y SRk > AT REdR D IR R A I S T ] -
BERBRINTHIRE > SRR A B A E S et — B EE A > IER
TELF AR RE » BRI EIR AR B 4 RS R (B RIE A
SR SR A FE R IR R S > 5R(BIR RO TR AE B IR R -

= SRR

FESCRHITS LSRR o » BT 3 A (Lexicon-based)[ 1] 3 Leaming-
based)[2 ~ 3~ 412 2 BT - B AL AIR B R AR HLA S FRLS] » 7R AT
ASERNERBIN J7AT6] » A4S £ FE B (Attention mechanism)3 (LSUHAYAREELT ~ 81 » B
SO RSN BT B - BB » R TSR T A -

ST LR RO AT > o S FE RS [REA S O 1R 2 FHHUASBE T, > T 4EfE
RUBRANE —FR - (REE R EERE 2 B R - EBI RN HET IR R E R m R H s - X
i 1L ~ RIAFEE (Valence > 1-9 73) ~ Y Bl Ry @I (Arousal > 1-9 77) » X #liAT = 732X
1R - AR AR Y A o AU E) > AR AR - TE AR SRR RO AT

MR REVEEREIRRUE « AR > Al P @ BE B S HE > WA AR 1R
MHEARVRAE - BEBDHIE B R ATV IEREN: - BIERVEMSILE - SEtREns - @ HEh Ek
s o SR AR -

=,

R
9
2
3
®
° 4
‘e
S
6 ° &m‘”g
i L] e
o &f g
& .
E 8
4
-
1 2 3 4 S 6 7 8 9

EREER

[ — ~ EFERY R R
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HP S P P15 R L AR A FH Y B FIT YL Y - AR X S o Pl ] e AT = <R 175
sl HEUFRO TR - MEA TR e S 10] a8 L Lt R RE - (EASERC SRI7S IEE R A
s > DRIEANHT Fe 4 fee— e m] (o & P Y 1 fela it B h i 7e S B R A (RIS 7 %

FEEEAT T - BAMTIDASZ IR M B ~ BRI (12155 AR5 E
(Machine Learning)/E RUAMETERRS » MifE A T FEERE TR TIRRER A » S8
B ARy BB E(Kernel Function) & 5 EORHE (R AE LR B8 = 4EFERYZEE - (4
811l (Hyper Plane) R]{EBREF 12 HY ZE ] fie/IMERR 22 -~ FEAHTFE 8 FH A [A) Bk el B (radial
basis function, RBF)E Ryt b8 HxPRIBIESETHHITE A S (Decision Tree) 5Eh4(Ensemble)
KA TH(Boosting)dy—Fl 574 > EiBA G55 E 75 (Weak Learner) SR SRAELE BORIATAL
{EER sy AR R E RS9 E e B A A B E SR E B ERH

MBI (Voting) i HI 8RR - ITHEUASR R S ER AR T BB ERE > nIEE

PRIEERTE Fy— T (AT AR 200  HL H B By B IR RV A %G T B fWaH (Fine-tune)[ 14~ 15~

16~ > {53 (End-to-End) 5] {8 4% (Back-propagation) 2 1 » [ BH8 4L
TCHIS BB/ MBS - TTEZRAE EATRET] 73 Ry émb 25 (Encoder) K fif# 5 25(Decoder)
2 EE Sy - gmiSEREl o BRI FIAE R ZEHUR L ARES a3 Al S B T 2R IS AT 12
FRES Ry HARE - RSS2 EEBARRIS - HiE B Mapping) 1] {) B F
(Representation) » NELHEA (BFRAVREEEHRE[19 ~ 20 ~ 21] -

WaAE#R A (Word Embedding)[22 ~ 23 ~ 241815 [ #AE = e M (Natural Language Processing,
NLP) <GSk 8 AR S B BUS R B B2 0704 BB TEHIAT - eI e e

(Projection Layer) » {F3I|%f 52 5l 1%:5% J& HIL HH B o 5] ] &:(Word Vector) » #5 b Ea] 7 | 4 5L
AR ~ 1&EEAE L - RIIEE SR U R - IRILOREE T AT - 1%35 & ER - AHEL One-
hot 4RHGA T V& NE - H IR F[EE REAT R EZER - fHE One-hot 4R7H% AT K/ )

N AR

HEE o

A FE P #E R B2 HUBR ARE T JE FHAE B 0 T S e FE AU 5 ] i 77878 5
S5 (eI SRRt p R ASErsR B IR EL » 58 o ST &k FEE AU 175 JRlia] it w1 [ i 7o ] ST A e
N[5 FH 98k - 5 B PRSI RRE - T 17 RGEAI L B e - AR E A N ERUA
[25]BCARFEERE B AL26 ~ 27 ~ 28] > AT FE(E A H Eh4mAH129 ~ 30 ~ 31 EIRIFRLE HHE -

ﬁf
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AT D

=~ B

Ry B B b S R A lRGE > FORRRANIE R o Ao R A AR S (Ground
Truth) ~ E2ERAN ~ BsgR A R EFIRAISE 4 (EPEEL - 55 1 PEBGRHE AR S A
REEREZEA S WHEST N ARG > 56 2 P EL( R as 8 MR e I R A B R RUE
SR BUSERE S ZARA > 5 3 FEELRILIEHLFEIEEaRari AN AL - SARAYER 4 PEES
SIS B el e FE TR IR FE F AR IR RO T > B3I 4 (P ERHIfife > EIR AR H
JE - OB RO AT B o

jﬁﬁj %ﬁ Hi 5 .

FELE  SmERTAlL A

pial]

Ti

iy

.,‘.

HEEEE  REE
(Lt

mﬁ 4B

[ — ~ AR P S TR R B B AR
FEBRRER 7y BB SR 6 7 A AU E IR BUREE [ 3L 6,920 RIS > i &K 4
BAC Ry 1,200 TR - FHEIZFSIT RSB HS E B ST AT P R IR PRBURREISHY 2 AT 7E A&
FRECER] > B LALIF Ry RO S5 ST b SO R U7 [Elar] SRS RE L (F F BR AR - PEE IR
FIRph T A B B es S E R W1 FEELE AR AfZ ek (Latent layer) HU{S#rad
] BT o ST e e AR 155 TR i o 1] R AR Sk Y 3] 2 S IR el T S A FEE A 175 ] i 4
TE Ry B BN O FE R R 8

FERRCHIF T B TGRS & > By TS TIFEARCR - SR T 4 (B2 BRAvER
KegR7% % 1 EFBRAEERATREENEGEN 2 SIEEENG T e THRE
T BEE S N RESCEEE TR - 56 2 (BPBR R AR > P ER R iRV E

$25C > LA One-hot &t Ry ar) (A E 1% 5T FLE 2 E 5 #E#E(Euclidean Distance) » M /N7
W (AR 2 AR SRR AR DU A > PR LT 1 ([ - 58 3 (EXP BR B S IR IR AT >
P AR A 208 P 5 o A R T L T 175 TR RS » AP S (58 P o S e P 2 s B TR e
FE—E TR S RUE SRR S ROBEE R B aEt R S A Ry P ([ AR = T ataT
B > kR 100 = > WDUERRHISGEHE BRGGEHERT R - (FREFmE > &
1000 KPR vk 12 B E AR R B SRR AR - DT AMECRATER 1R 15 R S AR B @ e

226



The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
Taipei, Taiwan, September 24-26, 2020. The Association for Computational Linguistics and Chinese Language Processing

FEREEHEER R ACE HERAHAT - 5 4 (EP B AR A TP R & 0F - A0k —
AR > 6 (EEHFIAE 106 L4 600 &R ~ 107 427 600 EER] - 4k 1,200 S&EFY -
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Abstract

Communication is an important part of life. To use communication technology
efficiently we need to know how to use them or how to instruct these devices to perform
tasks. Automatic speech recognition plays an important role in interaction with the
technology. Nepali speech recognition involves in conversion of Nepali speech to its
correct Nepali transcriptions. The purposed model consists of CNN, GRU and CTC
network. The feature in the raw audio is extracted by using MFCC algorithm. CNN
is for learning high level features. GRU is responsible for constructing the acoustic
model. CTC is responsible for decoding. The dataset consists of 18 female speakers.
It is provided by Open Speech and Language Resources. The build model can predict
the with the WER of 11%.

Keywords: Nepali Speech Recognition, Automatic Speech Recognition, Gated
Recurrent Unit (GRU), Convolution Neural Network (CNN)
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1 Introduction

Speaking and writing are the two important things that help us to communicate among us.
Deficient of either writing or speaking affects our daily activates. Most of the people in
rular area are able to speak properly but not able to write properly. Most of communication
technology (gadgets, mobiles, computers etc) needs text as an input for their operation. To
make familiar with the technology Automatic Speech Recognition (ASR) can play significant
role. The Nepali ASR converts the spoken Nepali voice to its textual representation.

The ASR can built by two different approaches. The first approach is traditional based
that implement Hidden Markov Model (HMM) and Gaussian Mixture Model (GMM). The
input feature vector is efficiently processed by the GMM and calculated the emission proba-
bilities for each HMM states[1]. The second is to deep learning approach to build the acoustic
model. The use of deep learning approach significantly increases the performance of the ASR,
system[2]. Traditional ASR system needs separate block of phonetic/linguistic constructs,
acoustic model and the language model. The requirement of separate phonetic/linguistic
constructs is eliminated by the deep learning approach|3].

Previously, a work is carried out to recognised the ten Nepali unique words[4] and another
work is carried out taking the dataset of sports news. It consists of 1320 words among which
617 are unique[5]. The second model could not recognised the characters 'g, 3, &,
that occurs very close together suggesting that the network learned them as single sounds
although they are multiple characters. The CNN is used to learn the features that can easily
distinguish those close words.

This paper presents an idea to build the Nepali ASR system that can convert spoken
Nepali language to its textual representation. The model used MFCC as input feature vector.
These MFCC features area used by CNN to generate more spatial features. CNNs are used
beacuse they are exceptionally good at capturing high level features in spatial domain[6].
GRU is used to develop an acoustic model. Training duration for GRU is less compared to
LSTM network. CTC is used because it is alignment free[3]. The loss function used is CTC
loss and decoding is carried out thorough the CTC network. The use of CTC eliminate the

use of framewise labeling.

2 Review

Starting from single speaker based digit recognizer the modern Automatic Speech Recog-
nition (ASR) reaches to speaker independent Hidden Markov Model based ASR[7]. With

evolve of the deep learning the accuracy of the ASR system further increases[8]. Deep Neural
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Network (DNN) domination in ASR started, which showed that feed-forward DNN outper-
forms (Gaussian Mixture Model) GMM in the task of estimation of context-dependent HMM
state emitting probabilities|9].

The development of ASR for speech recognition passes through series of steps. Devel-
opment of ASR starts from digit recognizer for single user , passing through HMM, GMM
based and reaches to deep learning[10, 9]. Some research work has been carried on Nepali
speech recognition and Nepali speech synthesis. The initial work on Nepali ASR is carried
out by using HMM based approach. This system is trained with 10 different words. Four
female and four male speakers record the data. This models is able to predict limited words
only[4]. Since limited word based ASR system is not able to generalised unseen words. In-
creasing the size of vocabulary and building own dataset a model is built. The model is not
able to predict the some words 'g, o, ‘&, T that occurs very close together suggesting
that the network learned them as single sounds although they are multiple characters[5]. To
eliminate the wrong prediction on close character a CNN layer is added. The accuracy of the
Nepali ASR model can be further increased by using n-gram language model. The n-gram

model, which defined the probability of occurrence of an ordered sequence of n words[11].

3 Method

Speech Feature Acoustic fext

Decoding
(CTO)

Extraction modeling
(MFCCO) (CNN+GRDU)

Figure 1: Architecture of proposed ASR system

The proposed ASR system involves in the conversion of speech input feature vector
X = [z1, x9, x3, ,, T,] into its textual representation (label)Y = [y1, o, ¥3, , , Ym] as shown in in
Figure 1. The label is group of Nepali characters. The MFCC feature vector x; of dimension
D at time frame corresponds to label sequences L = [, L — 2, Ls,,, Ly]. If vocabulary of
labels is V| [,eV is the label at position u in L, then V* represents the collection of all label
sequences formed by labels in V. From these information the ASR need to find most likely

label sequence L for given X This can be represented by the equation 1:

argmax

L=—2""
LeV*

p(L/X) (1)
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The the main objective of an ASR is to established a model that can accurately calculate
the posterior probability p(L/X).

3.1 Feature Extraction

Features are the elements that represents the phonemes in the speech. The features presents
in the raw audio speech is is extracted by using the MFCC feature extraction algorithm.
MFCC features are sequence of Acoustic feature vectors where each vector representing
information in a small time window of signal[12]. The first step is pre-emphasis of the
signal. The emphasis is carried out by choosing the value of &« = 0.97. Pre-emphasis boost
the amount of energy present in high frequency signal. A signal is said to be stationary
if its frequency or spectral contents are not changing with respect to time. Speech signal
are non-stationary in nature because its spectral is constantly changing. So to simplify
things it is assumed that on short time scales the audio signal doesn’t change much, i.e.
statistically stationary, obviously the samples are constantly changing on even short time
scales[13]. Windows is taken to make them stationary signal[14]. The size of the window is
25 ms. 512 point FFT is taken from windowed signal. Thus obtained signal now model with
human auditory system.26 filter-bank is implemented as the set of triangular shaped band-
pass filters arranged in non-uniform frequency scale. This MFCC filter-bank is responsible
to make them similar to human auditory system[15] and is converted to Log scale because

human are less sensitive to higher energy change.

3.2 Feature Learning

CNN is used to capture high level spatial features from the image. The plot of MFCC can be
view as a transformed intensity of frequencies over time which resembles to images|[6], hence
CNN can be used to capture high level feature in spatial domain. 1-dimensional CNN of
filter size 200, kernel size (K) 11 and dilation 1 is used. Compared with conventional speech
features, CNN can use local filtering and maximum pooling techniques to get more robust
features[16].

3.3 Acoustic model generation

Gated Recurrent Unit (GRU) is used to learn the sequential data[17]. GRU manage the
input weights to solve the vanishing gradient that present in RNN and consists of two gates:

reset gate and update gate[18] which can be represented by the Egn. 2 and 3 respectively.

zi=0o(W [hi— 1, 4]) (2)
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re =o(W.lhy — 1, 24]) (3)

The reset gate is responsible for determining how much amount of past information to
be forgotten. The update gate is responsible for determining how much amount of past
information should be forwarded to for future[19]. The current memory and the final memory

at current time step is given by the Egn. 4 and 5 respectively.

~

h = tanh(ry. W,.[hy — 1, 2]) (4)

h=(1—z)%h —1+zx%h (5)

3.4 CTC layer

The decoding is carried out is using CTC network. The CTC is based on the Bayes’ on
decision theory[2]. It receives output from softmax function. For each output layer, posterior
probability (that represents 89 symbols) is computed. The character (symbol) having highest
probability is given as the output. The decoding is carried out by the CTC network[20]. The
output is generated in the form of numeric form. This output is mapped to the character.

This is predicated output. CTC loss is computed by using true label and predicated output.

3.5 Evaluation

The Word Error Rate (WER) and Character Error Rate (CER) indicate the amount of text
that the applied model did not read correctly. WER is the common evaluation metric for

speech recognition system|21] which lies in the range between 0% and 100%.

4 Experiment

The experimental setup is carried out on the GPU MX150. For the pre-processing, feature

extraction, training and testing, python and its library has been used.

4.1 Dataset

Speech recognition need the label data. It consist of audio corpus and its label file[8]. Every
voice clip consists of phoneme transcription aligned with the sentence transcription label.
The dataset consists of high quality female spoken corpus which is provided by Open Speech
and Language Resources[22]. The dataset contains Eighteen unique female speaker records.
The dataset is divided as 80% train and 20%. test set.
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4.2 Result and Analysis

At first MFCC feature is taken from the raw audio. These features are passed to CNN to
extract high level features. These features are used to generate the acoustic model. Sev-
eral experiments has been conducted by varying several hyperparametser such as batchsize,
learning rate, number of epochs. The size of CNN filter is 200, kernal size is 11 and in GRU
units is 200.

The first experiment is carried out keeping 16412 as training utterance out of 26000
utterances. The learning rate is 0.03, momentum is 0.9, batch size is 100 and total number
of epochs is 400. Total training duration is 1.5 days. The training is carried out in CPU
Intel Core i7-8550U. The model get overfitted. It can predict well for train data but doesn’t
predict well for unseen data.

The second experiment is carried out keeping 16412 as training utterance out of 2064
utterances. The learning rate is 0.03, momentum is 0.9, batch size is 300 and total number of
epochs is 100. Total training duration is 1.5 days. The other conditions remain unchanged.

The third experiment is carried out keeping 16412 as training utterance out of 2064
utterances. The learning rate is 0.015, momentum is 0.9, batch size is 50 and total number
of epochs is 100. Total training duration is 1.5 hrs. The other conditions remain unchanged.
The Batch size is changes to observe the effect. The result can be summarised by the Table 1.
The parameters from this experiment is considered and some sample outputs are tabulated

as shown in Table 2.

Table 1: Summary of experiments with the results

Experiment | learning rate | batch size | total epochs | WER
1 0.03 100 44 90
2 0.03 300 100 80
3 0.015 50 100 11

4.3 Model validation

The performance of the model is validate with the RNN-CTC model [5].
work is carried out to enhance the performance of the existing model. The Character Error
Rate (CER) of that model is 52% and our CNN-GRU-CTC model gives the CER of 1.836%.

Based on these results, it can be concluded that our model provides the better generalization

This research

capabilities.
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Table 2: Sample output of the System

Sample | Ground Truth Model prediction WER

1 AR TSHITHT S T AR FHAHT B T 0.00
HAERRIeT GEHT grAiFHAT T ARRTRIeT GEAT AT {2
UGHETE qTferd fergent fag AEHETE ATferd fergent fag

2 Sl ETel! UYdT UTwHT Yadh! Sl ETel! UYdl UTwaHT Taahl 0.167
A fge A Fges

3 | SIS B AT A TATISHT R AAHT Th 0.111
ST ShISUCTATS UM o] Ulgds | ISTaedl™ higeldlellg U ave] UTs-s

4 3Tl 35 BT SHHT ST aTHT g% gl ITel 8 BoTR AT STToidTHT &g 0.25
& AT | ol ored T ZATHCHT HRTT oTed

5 Conclusion

On performing several experiments it seem the performance of model depends upon several
factors such as learning rate, number of epochs, momentum, batch size, training duration
etc. The system predict the unseen data with the WER of around 11% which is quite
satisfactory. It can be conclude that CNN-RNN architecture can be used for speech to teach
conversion. The quality of the model depends upon the quality of the data. So before the
training phase the data must kept clean by preprocessing on data. The model depends upon
several factor. From the experiment it seem the batch size and learning rate greatly effect
on model development. Several parameters must be hypertuned to obtain the best model.
Finally it is concluded that CNN-GRU model can be implemented to develop Neplai ASR

systm.
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Abstract

Recent years have witnessed significant progress in the development of deep learning
techniques, which also has achieved state-of-the-art performance for a wide variety of natural
language processing (NLP) applications like the frequently asked question (FAQ) retrieval task.
FAQ retrieval, which manages to provide relevant information in response to frequent
questions or concerns, has far-reaching applications such as e-commerce services and online
forums, among many other applications. In the common setting of the FAQ retrieval task, a
collection of question-answer (Q-A) pairs compiled in advance can be capitalized to retrieve
an appropriate answer in response to a user’s query that is likely to reoccur frequently. To date,
there have many strategies proposed to approach FAQ retrieval, ranging from comparing the
similarity between the query and a question, to scoring the relevance between the query and
the associated answer of a question, and performing classification on user queries. As such, a
variety of contextualized language models have been extended and developed to operationalize
the aforementioned strategies, like BERT (Bidirectional Encoder Representations from
Transformers), K-BERT and Sentence-BERT. Although BERT and its variants has
demonstrated reasonably good results on various FAQ retrieval tasks, they still would fall short
for some tasks that may resort to generic knowledge. In view of this, in this paper, we set out
to explore the utility of injecting an extra knowledge base into BERT for FAQ retrieval,

meanwhile comparing among synergistic effects of different strategies and methods.
FASEEE ¢ REBERE - NEER - BAGES R EillleR - REEE

Keywords: Frequently Asked Question, Knowledge Graph, Natural Language Processing,

Information Retrieval, Deep Learning
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FAQIRZ A L r[ 5 Ry LA E 2858 = &afl /s AV E R (Information Retrieval) 7 i
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Abstract

This paper discusses the tone acquisition of Chinese by students in the context of Indo-
European languages. This paper conducted two experiments: (1) Using Zhang (2006)'s
‘Somatically-Enhanced Approach’(SEA) to conduct small-scale teaching experiments to the
effectiveness of SEA on error correction of intermediate French and Russian students.
"Somatically-Enhanced Approach" is centered on the body, teaching through humming,
clapping, rhythm and movement to increase learners' sensitivity to tone and rhythm through
language rhythm. The data in this thesis comes from the output of a Chinese class oral test of
six French and Russian exchange students in a private university in Taiwan. (2) In the second
experiment, all the spoken language corpus of French and Russian students were provided to
ten native speaking Chinese teachers for analysis. After a one-semester study of the
"Somatically-Enhanced Approach" in this research, Russian students and French students
demonstrated that they could correctly pronounce the correct tones when speaking Chinese,
with enhanced fluency in natural speech. The results of this study will be presented through
quantitative (statistical data) and visualization and Praat was used to analyze the collected

classroom spoken data and explore the sources of the errors.

Keywords: tone analysis, French and Russian students, interlanguage, Somatically-Enhanced-

Approach.

1. Introduction

Tone is an important feature for distinguishing meaning in Chinese, and it is also one of the
evaluation criteria for the accuracy of Chinese pronunciation. Chao (1930) also pointed out that
Chinese tones have a distinguishing function, and the accurate mastery of Chinese tones can
eliminate ambiguity and communicate effectively. Tones are supra-segmental components
attached to syllables which are realized in pitch. To depict tones graphically to facilitate
understanding, in Chinese language teaching the "Tone letter system" designed by Chao (1930)
is usually adopted.
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Figure 1: A system of tone letters

In Figure 1, the vertical axis represents a person’s voice range which can be divided into five
equal levels represented by 1, 2, 3, 4, and 5. Among them, 1 means the lowest, 2 means the
second lowest, 3 means the 3rd highest, 4 means the second highest, and 5 means the highest
level of pitch. EE{%HH (2005) pointed out that tones are realized by the pitch of speech which
is determined by the frequency of the sound wave. Therefore, the higher the number for
frequency, the higher the pitch for the sound, and vice versa. It is related to the number of vocal
cord vibrations. The pitch ranges of a person also vary by gender. For instance, for males, it is
roughly between 100 and 200 Hz, while for females, it is roughly between 150 and 300 Hz.
There are four tones in Mandarin Chinese, five if neutral tone is included.

Using Figure 1 as an illustration, Tone 1is represented as 55, which means a word with a 55
tone tends to be high and flat like ‘mal: mother’. Tone 2 is represented as 35 which means that
it starts at level 3 and increases in pitch until the voice reaches level 5 (ma2: hemp). Tone 2 is
not of a vertical upward shape. Its shape goes from level 3 to level 5 across the entire horizontal
axis. Tone 3 has a zigzag shape which goes from level 2 down to level 1 and then back up to
level 4 like ma3: horse. Finally, Tone 4 is represented by 51 which means it starts at level five
and then go straight down to 1 across the horizontal axis.

These tonal representations represent tones of citation form of characters consisted of single
syllables. However, in real running speech, tones are affected by words surrounding that tone.
This is most evident in the realization of tone 3. Even for native speakers, Tone 3 is often mixed
up with Tone 2 and is the last tone to be acquired (Guo, 1991). For foreigners learning Chinese
as a second language (TCSL), the mastery of Tone 3 is notoriously difficult with Tone 2 and
Tone 3 equally unstable and error prone (Z£{ZHH, 2005).

There is also strong evidence that the beginnings and endings of sentences were a problem area
for learners whose mother tongue was English and especially when Tone 4 occurs in the final
positions of a sentence or a question (Zhang, 2006). This finding agrees with Wang’s finding
that large discrepancies exist between the tonal patterns of Tone 2, Tone 3 and Tone 4 before
internal phrase boundaries and those at the end of the utterances exist (Wang, Jongman, &
Sereno, 2001; Wang, Sereno, Jongman, & Hirsch, 2001). Such tonal problems also occur with
students from other nationalities such as Russian and French learners of Mandarin (§[HT{E,
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2014; WhzEF [, 2014; PRER, K 101; [F{&EEF, 2012). Regardless of which tone posed
most difficulty for which students, the majority of the foreign students investigated in previous
research demonstrated that especially students from non-tonal languages, i.e. those from
alphabetic languages, their voice ranges for their native languages are consistently narrower
than what is required to speak native level Mandarin Chinese. Zhang (2006) demonstrated that
Mandarin native speakers’ voice range is about 35% wider than those of the English speakers’.
This suggests that the widening foreign learners’ voice range is necessary in order for foreign
learners to successfully acquire tones in Mandarin Chinese. This was also true with Russian,
French, Italian and Polish students (& Egk, 2018; T, 2014; F=EF]w, 2014; SEooss,
2007; [&{&#S, 2012). Given this universality, Zhang (2006) used a movement oriented active
approach known as the Somatically-enhanced Approach (SEA) in her study. The results of her
study showed that using the body to enhance students’ perception and production of Mandarin
tones was largely successful except for Tone 3. The steps in SEA are intended as tools for
implicit learning without help from pinyin, tone diacritics or English explanation. To solve the
problems regarding Tone 3, this study employed an explicit learning paradigm in which the
different realizations of Tone 3 are explained, with the aid of Pratt. to the student and then

intensely practices immediately following the explanation.

2. Research methods

The research utilized a pre-posttest research design. The pre-test was held during the mid-

semester test period and the post-test was conducted in the semester final period.

2.1 Setting and participants

Participants were 6 Russian and French exchange students who came to a private university in
Taiwan to study Chinese. They usually only stay in Taiwan for about 6 months. Therefore,
opportunities to collect oral data were limited which limits the effectiveness of this research.
The participating students in the course had already acquired a certain level of Chinese with
the Russian students having taken HSK level 3 exam in China. The teaching material was
created by this researcher. The purpose of the course was to correct their language errors. Oral
data analyzed came from mid-semester and final semester oral exams. Table 1 shows the basic
information of the participating students.

Table 1: Basic information of the participating students

Student age gender Length of studying Chinese Certification
1 20 Female 2 years HSK level 3
2 19 Female 2 years HSK level 3
3 19 Female 3 years HSK level 3
4 19 male 2 years None
5 21 Male 2 years None
6 20 Male 2years None
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2.2 Data collection instrument

Data was collected through mid-semester and end of semester oral tests in a 36-hour Mandarin
course. The mid-semester test consisted of three parts. The first task was to read a passage,
which only consisted of characters. The second task was for students to use natural speech to
describe a house and the third task was a prepared monologue narrating ten things one must
not do in French or Russian cultures. In the end of semester test, only two tasks were chosen.
Task 1, the same passaged used in Task 1 of mid semester test was used. With the content of
the passage under control, it was possible to more accurately compare tonal errors between the
two tasks. The second task was a pre-prepared monologue on taboos in French and Russian
cultures. The rationale for the design of the controlled and natural tasks was to see whether

errors made under controlled environment were transferred to free natural speech tasks

2.2.3 Auditory analysis

In order to explore in more detail, the nature of L2 learner errors in Mandarin, an auditory
analysis was also conducted. This analysis was done by two native speakers of Mandarin who
are also experienced teacher of Mandarin. Markers marked according to her judgment, the
deviant tonal production of each syllable using Chao’s tone letter system (Chao, 1930). They
were allowed to listen to each utterance as often as she wanted. From the detailed auditory
analysis, it was possible to observe the patterns of errors made by the student. An inter-rater
coefficient is calculated to ensure the consistency between the markings of the two markers.

ICC was used to calculate the interrater correlation coefficient for the two markers.

2.2.4 The perceptual experiment

In the perceptual experiment, speech productions produced by the student were given to 10
native speakers of Mandarin in Taiwan in random order. The researcher was not one of the ten
judges. The native speaking judges were TCSL trainee teachers of Mandarin from Taiwan who
were asked to listen to the speech production with no script and mark the “naturalness” of the
speech from each recording according to a scale of 1 to 9. They were not specifically asked to
mark tones or intonation or prosody as any judgment of these aspects of the language required
specialized knowledge of the Mandarin phonological system. “Naturalness” is defined as how
close the utterances are to native speaker speech in terms of rhythm, tones, intonation, stress
and discourse features. The results obtained from the perceptual experiment represent
subjective judgment of TCSL student’s performances from native speakers of Mandarin. The

judges did not know which oral performances were produced at which time.

2.2.5 Teaching procedure

The course consisted of two-hour per week for 18 weeks, a total of 36 hours of Chinese
language instruction. In the first few weeks, the teacher found that the 6 students had some

problems with tones, especially in Tone 3 of Chinese through oral recording assignments.
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Before launching into phonetic correction, the teacher decided to find out whether the large
number of errors with Tone 3 was caused by students not being able to hear the different
realizations of Tone 3 or from the fact they have been taught to annotate the Tone 3 always with
the diacritic [ ~ ].
First, the teacher verbally explained the different realization of tone 3 based on Miracle’s
research (Miracle, 1989) based on native speaker samples, i.e.:

e when in the word initial position, the NSs produced the low level contour (22);

e while in the word final position, the low falling contour (21) was more prevalent.

e A consistently falling contour was found preceding the neutral tone (21) and Tone 1

(212).
e In all other combination environments there was variation among the NSs between a
falling and level contour.

Secondly, she illustrated these phenomena by using Pratt so that students can confirm with their
eyes how these Tone 3 combinations are realized in reality. Then the teacher asked students to
notate what they hear of the Tone 3 using [22] when tone 3 appears in the initial position; [21]
when tone 3 in the final position; [21] before a neutral tone or tone 1. Of course, she also
reminded them of the tone sandhi phenomena that when two or a series of third tones together,
the preceding tone 3 change to a tone 2 with the last tone 3 preserving its 214 shape. Thus when
two tone 3s are together such as in [ni3hao3], therefore its tones are represented as 35 for ni3
and 214 for hao3.
Thirdly, the teacher then read out 87 tone 3 combinations and asked them to note on the sheet
what tone 3 combinations they hear and annotate them according to the new rules and

notational system they established.

ER g dbw ST Bl B Bm W | BB/ £ W L W
AR 33 BROC \E 7)) B b wreh, A i

\:ﬁ-_‘;_(@i i ) 5k WE WA R R PR 0H il ok RER HEDE
TR AT WA %&?@@\iﬁ;—éj "

A = L 2 B 1w | T2 ans) meR W B S RE

2w BRAR HR AHE
AV e SV

FEk, [FRS)

AR

Figure 2: 87 tone 3 combinations used in the pre-testing stage. (& =, 2002, p. 130)
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This perception exercise established that most of the errors that these students made, with
regards to Tone 3, came from the fact during their course of learning Chinese, the different
realizations of Tone 3 were not explained to them adequately. This confusion with Tone 3 is
further compounded by the convention of notating Tone 3, no matter what realization, with the
tonal diacritic [ ~ .

Having found the source of Tone 3, the teacher then introduced them to the famous poem by
Li ging zhao (Z&}EHH) » shenglshengl man4, xun2xun2midmi4 (S » == E 5)(EH 3,
2002, p. 132). Again, they were asked to listen and note the tones of the poem using the new
system, then they used movements in the “Somatically-Enhanced Approach” to correct their
tones. They were not allowed to read the text. In the ‘walking in circle’ procedure, they hummed,
clapped and used movements to perceive tones. When the teacher finds that there is a problem
with the tone, the teacher will use the movements to correct errors. For example, after ‘X_ita%jfn

get off work’, the Russian students are always unable to pronounce Tone 4 xia4 properly. So

the teacher asked them to use the "stomping" method of physical teaching to correct it.

2.2.5.1 A brief sketch of the Somatically-enhanced Approach to Mandarin
prosodic correction

This study was about how L2 learners learn to ‘structure’ L2 language input in the L2 learning
process. Trubetzkoy defined the tasks of phonology as how the infinite variety of physical
sounds fit in with the finite nature of language structures that govern a particular language
(Trubetzkoy, 1939). As far as perception is concerned, structuring happens when a learner is
called upon to select different acoustic stimuli through the senses in order to integrate the
message. In other words, in terms of perception, the structuring activity implies re-ordering,
usually in an unconscious way, by selective filtering out of redundant data that are usually
perceived globally. For instance, in production, the learner must structure the non-linguistic
experiences that he/she wants to talk about so that the available extra-linguistic and linguistic
means can be applied to it.

Before we describe the structuring activity through SEA in detail, it is essential to understand
what makes up a speech sound. Take the sound [i] in French. If it is recorded and listened to
successively through octave filters: at different frequency ranges, different sounds can be heard.
This is to illustrate how one’s ears are trained to hear sounds at a particular frequency which

makes sense to the person by his/her mother tongue.
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between 150 and 300 cps, we hear [u]
between 300 and 600 cps, we hear an intermadiala sound
o between [u!l and [o]
between 400 and 800 ¢ps, we hear [0}
between 600 and 1,200 cps, we hear [2]
belween 8§00 and 1,600 cps, we hear [g]
belween 1,200 and 2,400 cps, we hear [c)
between 1,600 and 3,200 cps, we hear (e]
between 2,400 and 4,800 cps, we hear [i] lax
between 3,200 and 6,400 cps, we hear (i] téense — Cf. R. RENARD,

Figure 3: “L’appareil Suvaglingua, instrument de recherché et de correction phonétique”,
R.P.A., 4, 1967, notes 13 and 14, pp. 62 and 63. Taken from(Renard, 1985)

According to the above figure, the French [i] is made up of all those sounds, each sound
occupying a different frequency. Yet when French speakers were asked to identify these sounds,
all the sounds were identified by French speakers as productions of the phoneme /i/. This
manipulation of the French [i] sound showed very clearly the superabundance of the acoustic
sound in reality. Through perception a distinction between what is necessary for [i] to be
recognized ([1] is recognized between 3200 Hz to 6400 Hz, previously in cps: cycles per second)
and French NSs would filter out the other superfluous frequencies.

However, when it comes to a L2 learner learning French, the learner would perceive a sound
through hearing all the frequencies that are contained in a sound. When it comes to perceiving
a sound in L2, he/she is likely not to recognize the sound /i/ at the frequency recognized by a
French person but is likely to recognize the sound /i/ at a frequency dictated by his/her mother
tongue such as between 300-600 Hz because his/her perception is likely to be mediated through
his/her mother tongue, Thus, he/she is in danger of confusing /u/ (between 300-600 Hz) with
/1/ (between 3200 and 6400 Hz), or with /o/ (between 400 and 800 Hz) as these sounds also
occupies part of the spectrum that contains /i/ at different frequencies.

In order for L2 learners of French to perceive [i], the sounds at frequencies above 300 Hz could
be eliminated and only leave frequencies between 3200 and 6400 Hz through a process of
filtering so that L2 learners can be exposed to the French [i] at the correct frequency. This was
a strategy similar to the strategy adopted by McCandliss et al in the perceptive training Japanese
speakers to discriminate between the difference between [r] and [1] in English (McCandliss,
Fiez, Protopapas, Conway, & McClelland, 2002) in which exaggeration was used to highlight
the difference. A filtering process was also used in the Verbo-tonal method (VTM) of phonetic
correction, developed at the Institute of Phonetics of the University of Zagreb by the late
Professor Petar Guberina. Filtering in VIM (Renard, 1975) is a load lightening measure
through which only the “relevant frequencies” for a particular sound, in this case, that of /i/ in

French, is allowed to remain. In the teaching of Mandarin Chinese, the researcher in this study
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did not have the equipment to supply students with a filtering mechanism. However, within the
sensitization process of SEA, steps have been taken to prioritize the tonal aspects of Mandarin
Chinese perceptually through the employment of humming, clapping and gestures. With the
specific aim of defeating the ‘phonological sieve’ postulated by Trubetzkoy (1939), the
following procedure was employed so as to develop a ‘feel’ for Mandarin prosody in TCSL
students. The following descriptions has been simplified from Zhang (2006).

Step 1: Relaxation

The first step in the learning process is a relaxation procedure adapted from the success of
Suggestopaedia in the 1980s. This relaxation step also is designed to reduce the language shock
experienced by many learners especially when they are required to speak in the target language.
In this first step, students are asked to lie on their backs on the floor and if possible, with the
classroom darkened, then carry out mind-calming exercises for some five to ten minutes. This
constitutes the relaxation phase of the classroom procedure.

Step 2: Humming

“Now, get up and stand in a circle.” The teacher joins the circle. The teacher says “I will hum
to the sentence and please hum with me while walking slowly in a circle”. This is done for 5
times. (Step 2)

Step 2 involves humming to the intonation of the sentences without the vowels and consonants
(5 times). This is used to highlight the intonation and tones of Mandarin. At this stage, students
take an explicitly active part in the proceedings through humming along to the model. They are
asked to repeat by “humming along” to the intonation. This is a way for them to produce an
uncluttered sound string free from interfering vowel and consonant sounds.

The removal of vowel sounds is particularly important for learners of Mandarin from alphabetic
language backgrounds because it forces them to prioritize the tones and prosodic aspects of
Mandarin. As the input and output of the language uttered mutually reinforce each other, the
language structure to be hummed should be a maximum of 5 to 7 syllables.

Step 3: Clapping to the rhythm of the sentences

“Now, I will clap to the rhythm of the sentence and then you can clap after me while walking
in a circle.” (Step 3) This is done for 5 times again. The intonation of the sentence is again
hummed in this fashion while the clapping is taking place.

The students, while listening to and “feeling” the intonation patterns, begin to move in harmony
with the rhythm and intonation of the sentences modelled by the teacher. The teacher provides
the beat and the rhythm of the sentences according to the stress and discourse features of the
sentences. For instance, in teaching the sentence “ni jiao shénme mingzi? What is your name?"
in spoken speech “shénme:what” always go together. If a learner only learns this through
reading then it is highly likely that he/she will always introduce a pause in between “shén” and
“me” and another pause between “ming” and “zi”. However, in prioritising the spoken over the

written language in this course, the teacher demonstrated the beat of this sentence by providing
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a beat for that group of words in the following manner:

[ni] [jido]  [shénme] [mingzi]?

Ibeat 1beat 2beats 2 beats

The clapping to the intonation patterns create a rhythm that students could follow while
walking in a circle. This also allow students to observe and experience how stress, realized by
length and loudness in Mandarin, is tied to meaning. This also allow them to observe the key
words in a sentence and realize that not all words were of equal value and that in making oneself
understood, some words are more important than others. This training was also essential in
equipping them with the strategies of prediction and advanced planning in listening
comprehension.

Step 4: Incorporation of movement and gesture

“Self-synchrony” refers to a process whereby the body of a speaker moves closely in time with
speech (Condon & Ogston, 1966). For instance, spoken English is produced in groups of words,
typically averaging about five in length, where there is only one primary vocal stress, conveyed
principally through changes in pitch, also through changes in loudness or rhythm (Bull &
Connelly, 1985). English, French and Russian are stress timed languages (Nespor, Shukla, &
Mehler, 2011) To learn Mandarin Chinese successfully, they need to change their vocal and
bodily behavior from speaking a life time of a stress-timed language to that of a syllable time
language. Russian and French both are perceived as stress-timed languages and Mandarin a
syllable time language.

Zhao (1987) described the four tones of Mandarin in terms of varying degree of tenseness of
the vocal cords. For instance, in order to produce Tone 1, the vocal cords should be kept tense;
to produce Tone 2, the vocal cords at first neither tense nor lax, then tense rapidly; to produce
Tone 3, the vocal cords become lax immediately after being tensed, and then tense again; to
produce Tone 4, the vocal cords suddenly tense, and then lax gradually.

Thus the corresponding gestures have been developed to produce the various tensions of the
four tones in a sentence environment are as follows:

Tone 1: requires the vocal cords to be tensed and to be kept tensed. In order for students to
experience the tensing of the body tension when pronouncing the Tone 1, students and the
teacher need to tense up their hands, with the fingers spread out and the palms facing upwards.
The elbows should be vertical and held close to the body. Students then push upward as though
trying to touch the ceiling and keep to this posture, when pronouncing Tone 1.

Furthermore, as Tone 1 starts at a higher frequency with the tensing of the body greater than
what most foreign speakers are used to, extra physical efforts need to be made to remind one
that one must start high. To stretch one’s muscular system to express these Mandarin tones,
one must not slouch in seats. By asking students to stand up straight and walk in a circle with
various gestures would enable them to experience the coordination and synchronization of

various muscles with the sounds uttered.
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Tone 2: the vocal cords are at first neither tense nor lax, then become tense rapidly.

In order for students to experience the gradual tensing of the vocal cords, students are advised
to adopt a forward slumping of the shoulders or a forward motion of the head initially, using
very tense hands with the fingers spread out and the palms facing downwards, then tense up
their arms and the whole of the upper body with the elbows held close to their body, then
gradually push their hands up directly over their heads while pronouncing the Tone 2. This
movement was used a great deal when practicing counting from one to ten in Mandarin because
ten is pronounced in Tone 2 as “shi”. The movement thus reproduces the tonal contour of this
tone. The key is to start the movement from the waist level and go up gradually until tenseness
in the muscles are experienced.

Tone 3: the vocal cords become lax immediately after tense, and then tense up again. However,
this description is only accurate on a lexical level. In running speech, Tone 3 is either realized
as a lower level tone before a Tone 1, Tone 2, Tone 4 or a neutral tone or a Tone 2 before another
Tone 3 according to the tone sandhi rules. Therefore, it is more accurate to describe Tone 3
before Tone 1, Tone 2, Tone 4 or a neutral tone as a lower level tone which requires the body
to relax; and as a Tone 2 before another Tone 3 thus requiring the same movement as those
described for Tone 2.

In instructing students to produce the low level Tone 3, students were advised to adopt a
Relaxed posture with the shoulders accompanied by a forward motion of the head while
producing the sound. In instructing students to produce the Tone 3 before another Tone 3, the
movement adopted in producing Tone 2 was recommended with the first Tone 3 syllable.
Tone 4: the vocal cords suddenly tense, and then lax gradually. When it is necessary to go from
tense muscle to lax muscle very quickly such as producing Tone 4, they were instructed to first
raise their hands up high like what they were doing in Tone 1, then stamp their foot and if this
movement fails for students to pronounce the Tone 4, throwing their arms downwards quickly
while stamping their foot proved to be effective.

Step 5: Mouthing the words

In this step, the teacher instructs students by saying “Continuing with the movements, now
mouth the sentences while I say them out loud.” (Step 5)

For the first time in the learning sequence, so far, students were hearing an intelligible sentence.
They were asked not to say anything but merely to mouth the words.

Mouthing the words gives students the opportunity to practice the articulation of the sounds of
the words without, in fact, placing them on an intonational background actually produced
themselves.

Step 2-5 isolates each element of articulation e.g. filtered intonation, humming and mouthing
before restoring them to a normal context has the further advantage of eliminating as many
difficulties as possible in terms of comprehension of the sentence. Consequently, by the time

students are actually asked to repeat a full sentence, they will have practiced each of its

269



The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
Taipei, Taiwan, September 24-26, 2020. The Association for Computational Linguistics and Chinese Language Processing

constituent elements many times. They will look forward to achieving success in the next step
of the process which will follow naturally and which should present little additional difficulty.
Step 6-7: Adding words to the intonation patterns

The teacher then says “Now repeat after me, and then add words to the intonation.” This again
is done for five times. (Step 6)

The teacher then instructs each individual to repeat the sentence by themselves; checking that
each student is reproducing the sentence correctly (Step 7).

The prosodic patterns are hummed again by the teacher for a further 5 times, and students are
asked to say the sentences at the same time as they hear the prosodic patterns. This provides a
transition between the kinds of exercises performed so far and the production of normal speech.
3.Results

Due to lack of space in this paper, the results of this research will provide most of the results
in a simplified form but will comment in detail on the following two issues: (1) What are the
causes of tonal errors in Russian and French students? (2) Are their errors a result of first
language interference?

3.1 Result of perceptual experiment by ten native speakers of Mandarin Chinese:

Did the ten native speakers of Mandarin Chinese also perceive the students’ improvement as a
result of conducting experiment two?

Table 2 Assessment of 6 students’ Mandarin Chinese production by 10 native speaking Chinese

teachers
No. of students Average Standard deviation
Pretest 6 6.1 1.02
Posttest 6 7.3 1.01

The T-test shows that there was a significant difference between the pre-test and the post-test,
and there was a significant growth in the post-test of students’ production. The scoring criteria
was to score on “naturalness” ranging from 1=totally unnatural and 9=natural like a native
speaker. The mean value of the difference in the perceptual rating scores given by the teachers
has a significant level (p =0.011) where p <0.05, which proves that the use of the "Somatically-
enhanced approach can successfully improve foreign students’ Mandarin tone acquisition.

3.2 Causes of tonal errors:

To answer the question concerning the causes of student errors, the analysis of the production

of the sentence

zaiméiguéméitianzaoshangjitdid xiawUwudidnxiaban . .
" E% FRE E LS EYE ) F4FA &S N was used. According to the mid-semester

oral data (pre-test), all students made errors with the word £[E. All pronounced ‘mei3’ with
35 rather than the 21.
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Table 3 Frequency of tonal errors in the sentence

ML (pretest)

EEEFRFE LAY PO

Errors: French students (n3) | Errors: Russian
(time) students (n3) (time)
F (21) B (35) 1 (s3) 1 (s4)
& (21) X (55) 1 (s3) 0
B (214) E (51) 2 (sl~s2) 2 (s4-~s6)
JL(35) B (214) |1 (s3) 1 (s4)
B (51) BE (55) 1 (s3) 3 (s4-~sb~sb)
T (51) 4 (214) 0 2 (s4~sb)
Fi (35) & (35) 2 (sl-~s3) 0
T (51) B (55) 0 0
total 8 9

key : sl, s2, s3=French students ; s4, s5, s6=Russian students

Examples of errors made are as follow:

(1) Comparison of [52[E]] between a male native speaker teacher and student 3.

—

== =]

Figure 4, Male native speaker

(2) Comparison of

L

d=g= T

/f\

"BX

—

i PN

Figure 5: student 3 (pretest)

between a male native speaker teacher and student 3.

Figure 6 Male native speaker Figure 7: student 3 (pretest)

(3) Comparisonof " 3T | between a male native speaker teacher and Russian students

4 and 5.
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| e = [— ==

Figure8: NS female teacher  Figure 9: student 4 (pretest) Figure 10:student4 (posttest)

B B E

Figure 11: Student 5 (pretest) Figure 12:student 6 (posttest)
The above results clearly demonstrate that errors with _3f(shang4banl) persisted. In order

to investigate what might be the cause of this persistent error, the researcher asked a native

speaker Russian to say " fEFEESEKFE LS EPE > TS NPT | in Russian.

300 H=z

10 H=z
L

A - R
=— 1 111e| Idevnat urra R

rica 5/ 5)

5. 486368
o WVisible part S. 488354 seconds 5.488354'
Ttal charntinn S ARXIEA cmcnnd 1

Russian : V Amerike rabochi den nachinaetsa v deviat urrd » a zakanchivaetsa v piat vecher
q e

Figure 13 : (] AFHECGR " 2GR R ESURE EIE - AR TIE - |

The Praat figure 13 clearly shows that for the word ‘America’, the pitch goes up and similarly

for the words ‘deviat urra’ the pitch goes up as well.

3. a89638 0609 |3 ossssT

- s s A e

o.Ss16

o

-0. 2631
o.ss1s

o
-0.4531

—a— N - 1923 Ex

— 10 Hix

— - Et:—‘lts—UI)iI
=

sEEEESRY French
atir <3 a>

3. as9oc3s o s09 2. 649393
o Wisible part & 748250 seconds s . Tas2s0|
Toeal i s . 7as2s50

= 1 | ==l e N -

French : Aux Etats-Unis, le boulot commence 4 9 heures du matin et finit 4 5 heures du soir.
Figure 14 : JER AFVASCGR T IEEBEIG R T ESURE BDE - NFRAETHE -

Similarly, when the same sentence is spoken in French, figure 14 “Aux Etats-Unis” means
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America, the intonation also goes up. For “du matin” it also goes up. In French ‘9 ‘clock’ goes

before ‘in the morning”.

5. Conclusions

Tone 3 errors produced by the French and Russians may be due to poor or none existent
explanation of Tone 3 realizations in real running speech. However, the Russians’ fourth tone
errors is most likely affected by their mother tongue’s intonation. Like the Russian, when
French people want to change sentences, their intonation usually goes up, which causes tonal
problems in Chinese. Zhang (2006) pointed out that when students are saying a series of things,
the end of each phrase, regardless of the tone present, always rises, while the trend of the last
syllable at the end of the same phrase of native speakers is downward. In this study, the fourth-
tone errors of Russian students confirmed the conclusion of Zhang (2006). To further confirm
this conclusion, it will be advisable to conduct a comprehensive experiment involving a larger
number of students be recording them both in Chinese and Russian.

This study also proves that the same problem occurs in the language of Russian-speaking
Chinese students. When saying a series of things or to pick up the next sentence, they would
raise the tone of the ending sound, just like the phrase "N 3f". The French students in this study
are also affected in the same way. Therefore, it may be said that if a student’s mother tongue is
an alphabetic language, most of the tonal errors that occur when they speak Chinese may be
related to the intonation of their mother tongue. Since intonation and stress are more important
than tones in their mother tongues, these features of their mother tongues are a likely to persist
even in advanced speakers of Chinese’s Mandarin speech. The job facing teachers and
phoneticians is still how to suppress the ‘phonological sieve’ (Trubetzkoy, 1939) of the first
language in the second language process of Mandarin. In terms of research method, this study
has demonstrated that the use of running speech to analyze students’ oral production is the way

to allow first language interference errors at phrase junctures to appear.

6. Suggestions for teaching

The data contained in this paper suggests that Tone 3 is teachable and information about the
realization of Tone 3 in sentences has always been available from Miracle’s research (Miracle,
1989). To avoid confusing students during the instructional process, the researcher suggests
that the following strategies to be included in teaching practice:

(1) Given that it is likely that many topics related to one’s family and friends will be the content
of a zero beginner’s course, the different realizations of Tone 3 need to be explicitly shown to
students and discussed with them through Praat. At the initial stage, avoid reliance on pinyin
and tone diacritics in the printed textbook or the use of a language laboratory.

(2) In the teaching process, it might be advisable to introduce Chao’s system of tones after the
common 20 questions about oneself have been introduced. Once the tone letter system is

introduced, use ‘21’ to represent the lower third tone; ‘24/14 as the change to a second tone
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when the next character is another third tone. Then conduct perception exercises with third tone
words or phrases to sensitize students’ perception of third tone realizations. Then always ask
students to look for rules about what third tone combinations cause changes in the realization
of third tones. Always correct using gestures in student production.

These measures serve to expand the support system to include body, movement, gesture and
other forms of technical support for students. More importantly, through the use of these
support systems, learners will learn new strategies for learning Chinese on their own.
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Abstract

The correlation between Internet financial texts and financial commodity investment income
has been an emerging research topic in recent years. Sentiment analysis is a useful technique
to accomplish the investment psychology. In sentiment analysis, there are two main
approaches to emotion state representation: categorical and dimensional. The dimensional
approach can be further divided into single dimension and multiple dimensions. This study
investigates the use of categorical, single-dimensional and multi-dimensional approaches to
quantifying the Internet financial texts as investment atmosphere scoring. Experimental
results show that the multi-dimensional method achieves the best correlation between the
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investment atmosphere scoring and stock price trends.
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Keywords: Natural language processing ~ Sentiment analysis ~ Correlation coefficient
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#NFE S B (Natural Language Processing) FHV{EIE /74T (sentiment analysis) [3], [4], [5]
TR, -

TGRS AT o3 R R B R 4 FE AU 2 F o I BY R R RN 53 Ky 1E 1] (positive) ~ &[]
(negative)2 # » BUZNN LT (neutral) sy Fy 3 # o M4EETUFRLIHT » 0I5 B4 e Bl
U 2 AN TTT A » BRAEFE R AR PR — (S B FE (B 2R o3 A » DU ASE
REETIBE RV IEAR - T2 4R 2 FH 2B B R EOR 04 > Russell[6]38 F 1B RUEFAE
RS - AHREM:AES3E#8 —(# Valence-Arousal(VA) —4EZS REEIIACFR - 41fE — - Valence
RFIEA KA RVIEE » Arousal RIFHE) FOLRFHVIZE « BRES 1R - "I1E% —
HEZEREIY BN o ST HVIB R TR TR SR s A B - il T SERE B
Ak BT BRI HREAPAER > HETENRE AR KERE > HEREEEY A =
B MBI B AT TS RO » 25 4B RN AT e X B BRI AR 22 22 LH SR R e FE TR AT
SlEs=Elich-
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AT FERYBIIL R A S bl B = RE R AT T AR A SO BAERVER IR HEYE
B PR RO R R it i SO B R R A b B R v oy LB B 5 U BRas i o
&Iy BLEETE M BATEIRIAHRR T - NIEEAHH e R st 5 DA 3 BT iR BiPRET -

Arousal

excited

1 Tense Excited I
High-Negative High-Positive

Angry Delighted

Frustrated Happy

<«—negative neutral positive—» Valence

Depressed Content

Bored Relaxed
1 v

Low-Negative Siired Calm Low-Positive

calm

v

[El— ~ Valence-Arousal — 4% AR R EE][7]

1~ FERERS A LSO AR | > AT ({58 P 48RS 08T R - BRFFEJIER ] B 2017 48 1 H 2
2020 5 H o

2~ B EOR R TR Mt e Ay T 8888 | > AT i ~ e ~ R
KT ~ FETE ~ BONE 6 (A o ARF A 2 BT 7 T (e B s

PHESIARIB R HIE B > AW FEa0 R (B S s 5 2 1 D B RR N LAY 7
PESGEEE o TR R I B 0 D BN T - BB R K& I T 5 B
feE HEE -

3 FEREIRERF TR L AWSURETEITE o R - BRAEE R BAEE 3 fEETE
HE0 E s s+ T 2R SRS B d R B R &R S 1%
EH RN e BAHER 1 -

— ~ R

AREREE TP RVRCR S - WO E R Z PR - i@ F O EE R - NI T
Fo > BRI SRR A RSN TN - EREF 2Tt E R A L E AR
RKIEE EE TIRER NIRE ARG L EZ S B e R 5 A A] Sihey—
57 o ARSIV SRR B R hn e B R YRR MR AT RV e BT o 47T - HT4E
AU gET AR SRR E > A R R 25 TR [BIAYB T (A (s FH S IR RA EERESL
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Qu et al. FYIHFE(R{E ] Yahoo Financial News[9] » 48 & E 218 LAY 75 (4 8 LSS
EEDIHIOAR[10] » tHEREERS AL S ~ 5 HRYRASE A Zhao et al AYWZE[11IMAE B
= B RASE - o FEPRETMH BR M BCTRRINY S S AV 8852 | > KR SRR PAERE Ry 40
Hwang et al.[12]AYHHFE5E FIFFHTALRGAE » B OB PR — 3545 % 40 > Bourezk et
al.[13]AYBHFE (R B S EHE R - SCARHYIB R T (Sentiment Analysis) » X EE RAZHREL
B RPEE)(Opinion Mining) » J238# [ 5 7455 = Fa P (Natural Language Processing) ~ SCFHR
{h(Text Mining) 55t HAKEE S 525 Rl AETFEIOEHRRESCA P EEIBR A TEE
R, & RAVIE R AT TR P HY R E A] o Ry B T B R~ BER B IONI S E g R I R AT 5
7% o BB R A A HREBISE - Hwang et al.[12] » 48R SO HY I A 55 AT & ]
aalat 8 DT IESEE - T AR RETRIERES - RBERT BRI 0 0 AISCARES
By TIE 0 05N 0 AIDCAEEC By " & o S RNB R TR & Gris 2 JE SR 2%
R (HEALERERIEEH > 4 ¢ Affective Norms for English Words (ANEW)[14] ~ Extended
ANEW[15] 5% 5Ef5}HEg » 401 : Affective Norms for English Texts (ANET) [16]+ EmoBank[17] »
MR IF RREA [ & (18], [19] 5 A ERREAI[20], [21], [22], [23], [24], [251tAHHEANTFE3E% -
FE AT A o P B SRR A P B B R i = BT -

=~ WA
(—) R

AT F S B R CVAW (The Chinese Valence-Arousal Words VAE{ TSRS H7[16] »
CVAW Z— {8 & 5512 B4 EMNFil . GEFExSas —8H 40
Valence-Arousal H#({H > 4E[S Valence AYHIE S 1 £ 9> {H 1 1 9 /3R R & H MR
IEHMIEERIA - (B 5 rSHFIE BRI HEEE R - 452 Arousal HYHEIE fy 1 2
9 {H 1 f19 SRR FEFESE) o (5 CVAW TR B ERAS SRR » BB
NARBROTESIEE R A E[26] -

(OMEE RS
AWFTRE T RERE | E R R ECSCRRIIERL - A R E R RO 2
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TP EeE ~ o ~ PEFRIEY - B R~ choet - SORHER -~ RS RIE  HEET
SR Y > A G~ R TEE ~ S - R~ RS - BRG BT R
A EN T EXEV NI K

RS OO - HAE T TR & HAY Valence f Arousal #1{H - &t
BEE RO R H T VAR E H AR Valence I B A |
REFHATAEMESCA Arousal HYSFS{E » B " Pos_num | (FRAEH A ERFFEESC
B (Valence [E AR EERY 5.5 2 3CE P RIER) » Hifiz " Neg_num , (AR HTH
B [ A LS SRR (Valence (E/ N BUERIL 4.5 2 X2 S B AR » TR SCEEAE AR
HRFIAGTE B Pos V A HFATA E R4S SCA Valence HISEII(E i’ Neg V|
REEFHATE ARWEESCA Valence HYVHS(E - i " Pos_A | RFREHATA ERIEE
SCA Arousal HYPIEE - M " Neg A | (RFRE HFTA AR EOCA Arousal HYPIEE -
fi#lfiz " Pos_VA , B HFTAIERMESCIA Valence fE3EEL Arousal {H.Z PHE - L
"Neg VA | ZgHFrA & RMECA Valence {E3ELL Arousal {57 “FH51H -

Date ‘ v ‘ | Pos_num ‘ Neg mum ‘ Pos V‘ Pos_A ‘ Neg_‘-" Neg A ‘ Pos_VA | Neg VA
20170101 5.320 5.820 3 2 6600 5833 3400 5800 27200 -18.640
20170102 6200 4.300 2 0 6200 4300 0000 0000 10440 0.000
20170103 5.626 4.485 20 4 0l145 4600 3600 4775 106475 -27.020
D0170104 5721 4.629 11 2 6255 5055 3575 3550 716100 -10905
D0170105  5.806 4.727 17 2 6232 5059 3600 4100 110023 -11.880
D0170106  5.863 4315 20 0 6002 4583 0000 0000 92458 0.000
0170107 None None 0 0 0000 0000 0000 0000 0.000 0.000

& — ~ &SSO H Valence 2 Arousal #{E R

i CVAW IYIB RV TSR > DL T & RIE/EHT 700 B, A5l > Valence {H £ 1.5 > Arousal
BEh 8.5 EIEEIAEMIELE - T " GHEERE4T , Valence {E £ 9 > Arousal {H 5
8.3 EIRMENIEMEAVIELE -

2~ EORER TR

AR E R R P st B o Ry A ~ BRLEE A R S 4 A0 =T - oy Bt IR A B
LU ) BRBEAL > 50 2 R R S S BRI G 48 2 2 - T m ek D4 ies A 48 S04 H Bk
REHERERNTE -
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(VBRI * AT 2 2 SRR - PSR S B E R A - FERIER
R T RRRE IR - 350 X (B I 0 SRR A — A SR » 1
BASATT ¢

n Pos_num;

(1)

1=1 pos_num;+Neg_num;

(B RER © AHIIEE S MR EORIE » 2L Valence (B HUR RIE/HOIKES -
Valence {17 1 25 9 2 REATIBSIRIE « S RBET | RAEDIRIAEH - BIA D
i 9 (RRNEVHLIE R - 38 3 h— BT E IS0 Valence (HAVSRIN L—BPI
L IBISCEE Valence [EAVHRAT » Bkbl—JBPIFTA SCRERY - FRRFAS SHEEE(L A 0 5 1 98K
A - AT :

n Pos num;xPos_Vi+Neg num;xNeg V; 1
1=1 Pos_num;+Neg_num;

- @)

Q)B4 AWIFUE R Z S ERITERE - B 7 B EARFEIEAFAY Valence (€
Gh B R IBEULENTEE Arousal {E 1A Arousal (H %71 1 2 9 7 A EUERIEHE
BE AR | URIBRGECAS > B dpar 9 RRIBREHE) - A5 —EANEH
FTA IE[RSCERY Valence {HFELL Arousal {EAHANE » MI_E—HEANEH A &R SCEH
Valence {H7€ LA Arousal {H » FRRIEGERAEE(LR 0 2 1 VEUE - 5HREAZATT

X =it Pos VA, + Neg VA; 3)

Xnorm = X Amin_ € [0,1] 4)

Xmax—Xmin
3~ HEETS25EH
FIRAFEBEEE 6 (E TGRS 2 MBS HERERERER » ohl A= E (GRS -
MSCI Taiwan Index) ~ 35 [E|(S&P500 ~ Nasdaq) ~ A H ZE[E 15, (FTSE Greater Chinese Index -
MSCI Gold Dragon Index) ~ gl &£ E 1 (MSCI Asia Pacific Index ~ FTSE Asia Pacific
Index) ~ #FrELHTE5(MSCI Emerging Markets Index ~ FTSE Emerging Index) Kz BH(MSCI
Europe Index ~FTSE Europe Index)> £Z+58 E L) MSCI K FTSE Fra{THYfaE A -

ZESEEFE &M% Yahoo Finance 7 Investing.com H{f5 -
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FERER SRt BT =UEE oy AW SeE R 3 fE5 =0 Syl Ry~ B el ~ 4
JERY » FE T RSB 3 A 72 5545 6 f(Ell& ik - A ik b oy lIBEE 2 TR 545 % 4G
12 SHIRE > ESHIEBURBGEI ST RE oy R AU (ER E R -

1~ EigEr}

AIHTE(E P AR SO je 25 158 SREERFRT Ry 2017 £ 1 1 H & 2020 £ 5 H
31 H - R XARLKETHESE Valence {H 5z Arousal {H% > St Valence [HAAEEER 5.5
ZILESTBURIER » INRECEERS 4.5 ZIESBURAR - 0T 4.5 B 5.5 ZICESEE
MR ARBFERE TP I SRR TS 0 ST 13 5 2,564 IRAERSIT AR -

2 - Fpf e

AHHFTER F K7 Bl A AH B (A 85 () (0 Ry P BR 1A AL A48  FEAE 0.1 DU BN ey Bt
1£ 0.1 2 0.39 B MEEEFER £ 0.4 2 0.69 & FEAHRE 0.7 2 0.99 [H/E = EAHR -
(D) EERGE R BT

- EERGE R
Fe& R sy B B ik S e R B S i AH B A E 4SRN R — o -
(D4R AR Ryt 8 77 &S SRR R R dT -
OE4EERIERESE o o SRS RS st B e R ZEIER T ERE
R ER S R4 - 78 12 (EfE B E RS R A 11 [HESHEAHE T > B

FEAERTHFEERISHI MSCI Gold Dragon Index AHREE AR E B B T {4 DL B4 AL & B S
RPOYRCET - (HE S 4 R P EOR E SV AHRR R B AR ZE 0.002 -
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T SRERERFT S H IR RURPAR e E SRR

&R bl HRlE | BEgE | SaE
- ELdIl SiEE 0.687 0.730 0.839
= MSCI Taiwan Index 0.705 0.741 0.830

. S&P500 0.564 0.615 0.810

5= —
Nasdaq 0.574 0.615 0.751

KHHE FTSE Greater Chinese Index 0.725 0.752 0.754
[ MSCI Gold Dragon Index 0.725 0.751 0.749
oA | MSCI Asia Pacific Index 0.688 0.721 0.800
165 35, FTSE Asia Pacific Index 0.682 0.716 0.798
ST MSCI Emerging Markets Index 0.659 0.684 0.717
FTSE Emerging Index 0.649 0.673 0.713

B FTSE Europe Index 0.443 0.501 0.717
MSCI Europe Index 0.391 0.459 0.666

- BB E R R T
=B EIE ETHRR (A3 R 0.839 Ror=s FEAHRE  ARRBETE AT ERE T A ForaEl s > £ 51
RFfER A TR HAEREME: © 2018 £ 2 H > BeriiRiEis « iy TR « AEEFR L
ok o SRR Akt 0 2 A 6 A B35 6 BRig - 2018 42 10 H » SRR ~
25 2019 FEH TP EINERETR > 10 H 11 H S Al B KB - 2018 52 12 H - FERff
B > 5B 58 12 HERIE 2.16% > [y 2001 S22 - 2019 £ 5 H - £PHE S
BCHR 0 5 H 14 HERERBER - 2019 5 8 H > JIRE NS REHHTE - 8 AGHkE

Heidn 380 h - 2020 =2 H o B AYEGIRT R A R = ERACRHE AT -

&= ~ RO B 2 4 R R AR A
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3 EE B R R

B AR I 0.810 BEREMR MBI G E F R T nE - £ 5
IR R AR 2018 22 B> 2 H 4 1 5 HIIEHARE 1,800 %25 - 2018 4F 12
A SR E SN > 3 SEEK - 12 FAl 10 FARMEESH - 2019
8 R I FSEMRHEE - HE 8 HZREME/D 2.5%LLE » 2020422 A

HT e R AT SR 8 I BREGE R

---------------
NNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNN

—S&P500 —FL AL S HESE
[ PY ~ S&PS500 £l 25 4t RUTG &) FE A R [

4~ KRR E R R

R i AR AR BNy 0.757 Ry EAHRE - MHBETELUTER B AT anE )\ £ 1
FIRFRERE AR AR - 2018 &2 2 H - ieiiiRiE#s - B HTR - 513K
Bk 0 2 H 8 HBRLBHAR R 800 &L ~ _E5E 50 BRO-FAELR - 2018 4 10 H - SEEIFHE 2019
FEAERRAGET PEINERAR - 10 H_ B A BERIE 9.6% > BRERIE 7.97% > SIEIEHTTE
TEBOERIE 12.26% - 2019 52 5 H > 2 BB SETL - B3G5 S HAl 2011 4
DIFmeA=rY 5 HARIE > e 5 H T Bk 2584 B8 8.7 - 2019 F 8 H » JIRE 43R4
HH R - R 8 H T ATAT Nk 2000 B > BRiE 7.6% © 2020 £ 1 H S RUERAT R AR
BiPNZEA IEap
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[& 71 ~ FTSE Greater Chinese Index EiZ% 4 & U & B S AH 68 [

5 BRI B BRsE R

SN I A FE A R BN 0.800 Fors FEAHRE < AHRBHEME DAAT4R )7 X Fom &l . -
£ MY IR R A TREAAERBETE © 2018 £ 2 A > eiiiRiEaEs ~ B TR » 51555
HeRER 2 H 6 HEiReB\p—f - EEETaEUEL 4.05% - FAWE AR 3% HiL
BRid 2% > SEACER 1.8% > SHLUXEL 156 Hh - 2018 £ 10 H » FHEITHE 2019 LA
HIPEIOEGRERE - 10 A 11 HoofessiBimy - H&E 225 fe8uEk 3.89% @ R TiUX
Bk 4.44% > Ky 2011 4 11 FLRECKRERIE 2019 55 7 - EEIEARE 2,000 {F3TH
R AU ET R - s S H 6 HE#E - 2020 45 2 - B8l iRAl R A s Bk

BRI ©

—MSClI Asia Pacific TR -2 e

[& 7 ~ MSCI Asia Pacific Index Hi2% 4 i UL H R AHRE &
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6 ~ HrH TS s B B SR o T

T L T 455 G S FEAR R (R Uy 0.724 Ry FEAHRA  AHRBRITELATER BT AFon i@+ - 12
NYRFERA R S AUAHBEE < 2018 £ 2 H > BeiRiEE S ~ TR © 515855
Rk RFCRFEEHBLITTISESREEINA - 2018 £ 10 H > HEIFHE 2019 FHEERG
HI PR - 10 AT SR E RIS - 2019 5 5 H > = BRI 5UE
o FTERTTE 5 H B RN 2019 SERIGEELEI: © 2020 £ 2 H B AL AR R AR 4

BRIV

—MSCI Emerging Markets ORI - YRS

Bt - MSCI Emerging Markets Index Eil 2% 4ft & FRUREE5 5 1 AH B [

7~ BRI SR R T

B b S EEAHRR (R BRy 0.717 FRor= FEARRE - FHBEME DT ERED A For gl +— > £ 1
FIRFERSATREHIAHRRME : 2019 ££ 8 H - )[R MRt el > =S S EZEHEL -
55 =Rk TR > Bt B EIEERTT - 2019 4 10 H > JEEIEAFEHARECHT 52
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& /\ ~ FTSE Europe Index Eil 264 FE HU PG5 B e AH RE &
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BRICCAR TN I I 5% 5 o [ SR e 2 FE

Exploiting Text Prompts for the Development of an End-to-End
Computer-Assisted Pronunciation Training System

B &% Yu-Sen Cheng, zE X7~ Tien-Hong Lo, [k Berlin Chen
EIRVRED (I TWNE Tt
Department of Computer Science and Information Engineering
National Taiwan Normal University
sam841009@yahoo.com.tw
teinhonglo@gmail.com
berlin@csie.ntnu.edu.tw

RS

PR  BEiSERB %)% (Computer assisted pronunciation training, CAPT) Z4tHY35 K
Hzs BT o 28000 BRPE B I Ui (End-to-End) JEHHEE A ER AR 2 S SRAESERASE S im
H(Mispronunciation detection) 5 RE I ARER 5 » HIFNZ A A SRY A EHEIAE F
h BN B E#EE S YR (Automatic speech recognition, ASR)fERI - ASR H AV & & 1 i
PR EEE PR NS MEE R E A REAAY 5 T CAPT HAVIETIM - EZAEER
IEHERN DRI EE R Y $EEREET - AENIE > RS SCERY CAPT (15 & A ARy
FRiRtE - B SR SORTE R & R A7 I ¥ U £ B 200 - P 0A 22 (50 FH W9 {8 4R 15 5
(Encoders) 7 Jil] Jat B 5% ¥ 47 f2l DA R SO 2 > 3l BA 4y Jig 20% 5 77 8% A1l (Hierarchical
attention mechanism, HAN)ZEREIN4E & [F Rt ez AR EEROR » RS UIE— B
EEEEREET — 25 B EE A SRR PSS REUR - IMIATe iy J5E
WA T A AR E R S B AR -
Abstract

More recently, there is a growing demand for the development of computer assisted
pronunciation training (CAPT) systems, which can be capitalized to automatically assess the
pronunciation quality of L2 learners. However, current CAPT systems that build on end-to-end

(E2E) neural network architectures still fall short of expectation for the detection of
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mispronunciations. This is partly because most of their model components are simply designed
and optimized for automatic speech recognition (ASR), but are not specifically tailored for
CAPT. Unlike ASR that aims to recognize the utterance of a given speaker (even when poorly
pronounced) as correctly as possible, CAPT manages to detect pronunciation errors as subtlety
as possible. In view of this, we seek to develop an E2E neural CAPT method that makes use
of two disparate encoders to generate embedding of an L2 speaker’s test utterance and the
corresponding canonical pronunciations in the given text prompt, respectively. The outputs of
the two encoders are fed into a decoder through a hierarchical attention mechanism (HAM),
with the purpose to enable the decoder to focus more on detecting mispronunciations. A series
of experiments conducted on an L2 Mandarin Chinese speech corpus have demonstrated the
effectiveness of our method in terms of different evaluation metrics, when compared with some
state-of-the-art E2E neural CAPT methods.

BRS¢ U R e RSB IR ~ U RO s el R
]

Keywords: end-to-end speech recognition, Computer assisted pronunciation training,
hierarchical attention mechanism, mispronunciation detection, mispronunciation diagnosis.

— ~ s

PR A VB ERE B E RS AR B MRS (Internet)_E£275 » EIAYFIRER
BRI H s ST 2 N B SRR R TR B RE e T~ 45 EN
FYNEBA Sl IR ] _EERAY A > # A DUE B A IR s F BE Y HUS SRE &R - 4 B8 F
FEEFEZ 1R BB DB TEES EIAM 8 COVERE - HEEEEE T
o H AT ARSI BE A HET TERE - 22 F 24 /N R FERE (Immersive learing)Hy5CR - 3l
H AT U e R R BT e 2 A R - ZA1T H ATSR B2 EROT EsE 5 28 - 08
FAEEAR - sBERE LI RIS ~ 31 SRR IUAE 7 - i H g SR R R - iR
EEFRDETRERERT R — R B A R B S TS A e A
ELEWIRCR © INIEAECIRRAYER (D > A SO 5 ] DARE S Bn AR - i 22
EHISE RS - DU EE T IR - SR AT st 61 /R 6 M i B 5% = 31l 4R

(Computer assisted pronunciation training, CAPT) [1][2] -
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1E CAPT #5532 R [3-5] » SLERFEE S W (Automatic speech recognition, ASR)
FELAEREE B (Likelihood ratio) - [y B R {5 S TR S R UGS & e =0 m] LA A
(Gaussian mixture model-hidden Markov model, GMM-HMM) [3][4] =55 48 s g PR 45
&k =0 BT K57 (Deep neural network-hidden Markov model, DNN-HMM) [5][6] - 1F
a2 PR T AT B MRt R 4w R FE A (Edit distance) K5 RS FEOHIGE R B ARE 208
#1725 (Forced alignment) - {5 R ¥R (& HyGE SOFIET (8 B R S P E S S 883 2] - 55—
I - AR EEBIRIE DA A SRS 5 k= L AR Y GOP (Goodness of pronunciation) [7]
B Ry R4 o ATEEAR > Y DNN-HMM AU SR8 i BN 910 2 > bt se&2][8] %3
bt 4w H B bt E sk (End-to-end ASRY) [9]fE LGB EAEHIHIIGURAR -

PRI > A iEUEE A5 T CAPT B ASR Y B EAHSM: - CAPT MY E L2 2=
IERE (R S Y R S8 5 (H ASR fE(E By M E IRt sk Ll SE B AT N &
e H B T AR > AL ASR &G RIS B RS EERS - N Ll
J7 A ASR £ §# & 5% & f M (Mispronunciation detection) DL Kz §f &= 5% & &2 &
(Mispronunciation diagnosis)_f- &7 2 £l iz FELAVEER - 55— 7 » EHHE4EHY ASR 75
BT CAPT (£ » A0 7 CAPT (LA HHETH47 ASR HA 4% & s 5 iH FERY SRR
o Rt AHE 22 2 [10] [ ER IR e SO i il CAPT (ERsHYE 2 -
FE[L0]HYBHFEF » KU RV E RN A B 754 (Attention model)fFEEEETEL » K
BA ST IR 2 TR 22 7] & (Audio hidden vector) PR AR S22 H 5B 2 » X%
F Rt e i AETT TN o [LLIER A AR (Multi-view) 28248 » 1 SCASER 1R Ry BRA D
AR NG A BILAY RS ES (Encoder) H AL St 25 (Decoden) HY 28 > 45 &ty
EERRR LR (B & CTC NI Attention) - F DUBHEH AR Y HE A& 5 A IEREER AT

AR E RS E b w5 CAPT HYSCARTR R a e R 28 S ol
FRAIER FH 2 4rff 3 (Encoder) 2R PATHERUCASZ R Y B 2 (Phone) SO (B 4 2 1Y
BN B HE 4y e =03 B % (Hierarchical attention mechanism, HAN)[12][13]45 &
WATEARF L - B HAN FE[13] o i 7Y 25 2 oe R\ 51O 5 e s - 28 iR T Al
(Attention)[14][15][16]Fh 78 73 Fo B2 45 2K B A [ 28 oo Y & 3R H & fF Ry BE— %1 » K
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s LA A HAN By S HFE VR - BIRRSE S B A [Fl dmbi 2y SO s B2y
B YA AN o RS A U BT R B AN 2 (O] FrdE LAY 2R B8 o (50 P A BRI o3
(Connectionist temporal classification, CTC)[1 7R+ 52 I HI4E FAET TRRHIAHUS
S HIRAE o B BREUR PR SO R B T AE 25 (8l (5 A7 24 (F-measure, accuracy,
precision, and recall) v » S (MIFTHE LAY T RS A A AR R SR S A ARG AE -

L~ B sARR S M i o Ui 5 o B 1M

G E R O SR A [2] (8] [O] [ IAH IR I i 2 - A AL o/ 4HER AR
TR AEBRAY BRI -

S

2.1 HEERF I A(CTC) A
EEENF P oy S T 2006 FEFH[L7]142H > {0l DNN-HMM 224 » B e 8ar Eas (s
FHERAREAFR R KSR iRR - HEfE =K 5t (0 ~ BEreiER)FIIC =
C1, Cop wors Cp, AR AWVEELRF T AIX = Xq, Xg, o, Xp » SFAENGFHIEAVE AR - W HA
AT LG i T J7HYE 25

P (CIX) ~ ZSP(C|S)P(S|X) 1)

HepSHEREE S EANIERFY] - Ty CTC Ky 15 B IR A IS it staR - 1E5/I 4R
e 5 AT #S MY BE (blank) 23 < b > B Ry R aRiE VRS - LSRR RS = {seU U

{<b>}t=1,..T}-

2.2 7 EEJIERI(Attention model)

RIS AT S EIEE(Machine translation) EHUG TSI RA - AT A AERES
IS EIEFSHIRR [14][15]  HLAFRLVE 7] DUEA FR R R MBI G IE L P ERE TR
A e AR B YRS RIER - R IR R e

PaC1) = | [Pl cran) @
=1
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302 FIEYP (X, cq-1 ) FEH mbG RS BRI ESHY S AL E RS » AT DL RAIZTH8E

h; = Encoder(X) (3)
e;; = Attention(q_4,h, a;—1) 4)
exp(veu)

i =a—— 5

« 2 exp(yer) ®)
T

I = Z a;chy (6)
t=1

p(clX, ¢14-1) = Decoder(r;, q;, ¢;—4) (7

Frh, B RIS BHBREE I » a2 Fhen AEH Softmax sl B Hs A 4 IR EIFETS
JHEHIRESE » T v Sharpen Factor » FFIATESRSHERERI S » q,/2 Decoder &—I@HIHE
R -

2.3 CTC-Attention JE&15EA (Hybrid CTC-Attention model)

AEEIIEILETIR Y IMEAVETES - IS S BRR B A SR A I 2 A Tl
ZRIM > S WS Y AR - NI R SR AP e Hall skl st » EER
TIRARIA R AN R R (R L B > SENNRGAT B B BRI N A iy v ARSI 23 -
ELZ MR - CTC BA W A Bi& HEn SR - 2R - E4 B CTC MR ACH A
BOMYEE S BE P ERCR - HIFRNE CTC MR G e (I B E H R
il S REAE P R T2 B - IRE Wb S22 (Ol th T 45 & W 2 B (B RGBTy
CTC-Attention JE&HA - FEHEE A A USRIV ATR &N > A HFEH
CTC HyES B IEIRGNEE AT RauE - [ E R > EhaviRAEE
SRR AR PR S B S HYAKRE - PARYGII SRS AALE Ry M fE TR % el B4R A
N8 > FEEREBE R T

Lere-arr(CX) = AnPe (C1X) + (1 — DInPyy (C1X) (8)
FEEEN R FENAFTE CTC Ay - FrllASm S S Rt es it iy S
ARUER IR > A CTC #HEp -

uK
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=~ SORSE A i 5 5 e M B2 (58 1
AESGRHEAR BT A2 F[13]HY 2 dmtleas AR EL HAN BEgHURR A SO R 2 4Rt

=R
it i A IS R R W (A B BV 4RTS 25 70 Bl R 2 B At es U AR 4R 25

25 W B b as o0 BT U SRRSO R - #5518 HAN St BReig S RifEA [H
HEFERVRFEL o DUNEL R AR AR Bl o F TR -

Attention,

Attention, Attention,

1~ Z4RiS I i bR 5% E A H 28

3.1 SURFE RV

W& 1 FR > SRR S REREFFRFIIL = 24, 2y, .., 2, B0 A B 22 (A B A
Fo¥ R & M A FHRAHEC R A4 EE (Long short-term memory, LSTM)[18][19]
AR L > 2MRRSOR R A Z] HAN Jg thBiRE o BBl SRR S pFAVREEE -
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2 BRI
SRR R IE - AR 2581917y CTC-Attention JRESHARIZRAS - £*A VGG-
LSTM HYZEHE - 1578 VGG JEfe HUEE 20 282 F LSTM S8R SR P VB P &
A& b Y B S AR S ek ) B A E] HAN g BSOS BF

3 rJE=) 3 = S (Hierarchical attention mechanism, HAN)

H R BRI S AV ZE AR [E] » A E RSO ASwSURA HAN Bl &
AR A [FE RV ER - AFUEFRAT

h = Encoder,(X), h? = Encoder,(Z) 9)
T1, 12
M= 2 alhi,i € {1,2) (10)
t=1
i = Bun + Bt (11)
Bi = Attention(q;_1,7}),i € {1,2} (12)

N )Y (E Encodery 5y 57 il 3% B BLUSUOR R REVRGES - EAEUESR € {1,2}E RiwiS
as LA RSl I AV 5| - 55 (10)ZUrP HY oo A {18 4 5 25 25 H HY B2 ek im) & i AU E B 715
AT 2 > Basst BliEn 2R A4 H(E) - EilAZ((12)B A =0(10) Ay {E0
feE ST EREE » WA AZ QL) AENIE HRA HI I B By (F R A 2(7) SRS SR (A -

$}

P~ EERSOE

FEE(EEETG /A A E BT HEVEEREE » DU Bt 2 Ba e 8 A F s A4 » LU
PNHAAT TR AE R 2 &52R -

4.1 =Bk

AN S [ FH S E R # RSB A THAR N BB G T 2 HEnB S8 LIERE R [20] - HoohmT DLy
Ry gEahBEEEE (L1 speaken) DA R BRI EREREE (L2 speaken) iy - HefPIis L1 SBRHIH R
IERESEE - 1 L2 BYEL D ARG A AR DA R B EIES S - K 1 MGATH SREBLH
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AR > FefFIRF L1 BlIIREEEL L2 BlIREE & OF(F R IR MIAVEISREE » U E A E B
Ay L2 Jsde - SRt &Rk 1 For

R~ FEREEEEEERE 2 IR - S EaEE

BFREICNR) | GBEE BEYUE | RN ETEREE

L1 6.7 44 72,486 ]
Al BREE ’
IR 115 17.4 82 133,102 29,377

Ll 1.4 10 14,186 -
B

L2 - - - -

L1 3.2 25 32,568 -
AEEE :
PR 75 44 55,190 14,247

4.2 HRIRSE

\

A S H B R P B i S Ui o R LR “Espnet”[21]52 5l fE 28 HARERHEL 13 275
[21EVIRAASEE - B AT PR VGG EipztEm) LSTM > i HEE 1 e > Bl AR [2]
AYETRIE RIS B AP AR - SORER 5 B0 B E U SRR VGG JE s R 1)
BREESORE RS - BAGSCEAIR 2 AR > AEd o275 “Espnet s E TR (2 4

2~ BRSUEE
EEESFE (. Encodery) SOARFERI( Encoder)
FHE 80-dim fbank + 3-dim pitch pytorch word2vec
dmbE e tE s VGGBLSTMP BLSTMP
SmiEas g Hy 3 3
AR ES A RGEY 1024 (BLSTMP) 1024 (BLSTMP)
FEE S e el LSTM LSTM
A 2
fAG 25 RN 1024
CTC/Attention JE&LE 0.5/0.5 0/1
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ho~ BERGE R

ARG R o~ i R BRI Ty — 20 BB BdRas R - I H 3
#ELT nbest DL EESRAERE S22 BRI -

5.1 HEEEE R

By ISR FISURTRRE - R4 CAPT (EBHVARME: - AE R A4 1) a4
2R FEAE(F-measure, accuracy, precision, and recall)B5t » EEECEAR RoR IR SOASR
ANEY G S CTC-Attention SRS HHAI[8][9] » H 228 i B2 dRtth et A th AR B2 7y
AEIE o

TERTAt & 51 ] DASS R A Sm SCHR L VIS A AE S (ER AR A T BB R R AR A BRI 5L
AERRHYESR o IESNAER LI T8 A A CTC S El o B HVEE IR - S AE
precision HYERIFFE] THETT - AR A B 2 NRERY - BT DAHIETE )9 CTC 281l - &

O HHERES R G AT IB RS - BEREIESREE 3 -

S » ASwSCRABATI SR [11)49 A bLE: - S35 A E By B8 BcREE R T50A
REAEA[ 11/ el es N\ iSO R B 2R A0 i s S RE SR VSSRGS - HIA
Ry/D T NTEHBEHVAETRR - AR R B D © So—J71H > (e[11]8V80E A] LIRS
{5 A DNN-HMM {7 (GOP+MFC)HY F1 65.2%fH#s (I Al S £ 4505 F169.2% » FiT 1L

H i A E SRR S S A > BRI E ZHARAY DNN-HMM 574 © 559011

FHATHSE[10]0 7T SaEEE 5 » E AR X E BB EEREEEE AN CAPT » REAFIA
EE#Z -
#23 ~ L2AG B B i n R B S i R
Correct pronunciation Mispronunciation
Recall | Precision F1 Recall Precision F1
GOP [11] - - - 51.8% 63.5% 57.0%
GOP+MFC [11] - - - 69.5% 61.3% 65.2%
CTC-ATT(SR) - - - 70.8% 67.9% 69.2%
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CTC-ATT(SR)
- - - 71.8% 68.4% 70.2%
+PS [11]
Baseline 87.7% | 89.1% 88.4% 70.7% 67.7% 69.1%
Multi-encoder
. 86.9% | 89.2% 88.0% 66.4% 71.2% 68.7%
(without CTC)
Propose
: 88.3% | 89.4% | 88.9% 71.3% 69% 70.2%
(with CTC)

5.2 N-best 455

SERI1EER - A OER3TEA CTC IAEERBA! - $RAH T N-best {E 5
bLd > AT DL ERBE E R E B CAPT RIS EE AR - BN SEREE S

= BfEZR Precision 275 7 > {H Recall € &8 %k - BEEEHE HAFES -

75 ~ N-best ¥}t CAPT (EBHIRHER &

Correct pronunciation Mispronunciation
Recall | Precision F1 Recall Precision F1
1-best 88.3% | 89.4% | 88.9% | 71.3% 69% 70.2%
2-best 61.3% | 85.8% 71.5% 40.5% 72.3% 51.9%
3-best 55.0% | 87.3% 67.5% 38.8% 78.1% 51.8%
4-best 53.7% | 88.6% 66.9% 39.0% 81.1% 52.7%
5-best 53.3% | 90.0% 66.9% 39.5% 83.7% 53.7%

5.3 AT

A S LARE S S A E AT B3 EEREE ST » AESR 7 hiRET R RE(Initial) E2EE AL (Final) {2

PURE ISR AT BN - EHSRIRE AT

1. IERERESZ(True accept, TA):
2. $EERPEZ(False accept, FA):
3.  IFHEE4E(True rejection, TR):

4,  $EERIE4E(False rejection, FR):
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EHSRETER G ISEE 6 - Hip CP (AR IEMRET - MP ({FEHH:R%%% > Ground
Truth B CAFER -

=6 ~ sEEREE EHIRIR
Ground Truth
CP MP
Model CP True accept (TA) False accept (FA)
Prediction MP True rejection (TR) | False rejection (FR)

R EREREEENSR R A

TA FA TR FR
Initial 19595 (76%)| 1318(05%)| 3347(13%)| 1615(06%)
Final 14364 (54%)| 2701(10%)| 6654(25%)| 2874(11%)
Total 33959(65%)| 4019(08%)| 10001(19%)| 4489(09%)

B L] DS AE B AR B A AR SRS (2R LAY IEREREL
= o A SNSRI R ERR R3S LR A (Tone) » FrLAAFIR EAZE#E - H
AR S HEak - RILAETR 8 th AR S E SR 42 T SCHY 5 MR B a2 & - 1]
DIEEAE — R EADURR Y TA EEBIESS - 1o =R SRR LR P » FL PR N R EORt AT
GEEBR ) - FTLLAE ZHIEsaR - Am O — VR 9 SR E R Hsaay > L2 828
FAETATES ST SRl TR RE I T ARER S AR 3 iRRA IR Hoh None
FIEHE L2 25BN AR E R T - AR M MR 2 > B
FyZ B L1 sEE s BRVERR - (3R 9 nJDUBRE =B E S BRE - AmCHEr
TEAFE RN Rt A - =Ry FO dmERablne V FFRI[22] > REX E5Hor
BEWAR Ry o Hrh DS S R A HIEE BIERAR > AGm SCHE 2 R Ry AR HoAth i 3 -
VUREAHSEHESH - R W] DA AN B DAR AR RISELS 5 2 s AR HEr -

R8 ~ HE R ERIR A
TA FA TR FR

300



The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
Taipei, Taiwan, September 24-26, 2020. The Association for Computational Linguistics and Chinese Language Processing

Tone 1 4413(66%)| 536(08%)| 1142(17%)| 592(09%)
Tone 2 2544(47%)| 603(11%)| 1498(28%)| 726(14%)
Tone 3 2386(35%)| 885(13%)| 2677(40%)| 789(12%)
Tone 4 4780(67%)| 604(08%)| 1047(15%)| 700(10%)
Tone 5 241(36%) 73(11%)| 290(43%) 67(10%)
Total 14364(54%)| 2701(10%)| 6654(25%)| 2874(11%)
O ~ PGS AR R R A b
Non-native Pronunciation
Tone 1 Tone 2 Tone 3 Tone 4 Tone 5 None
Tone 1| 6071(91%)| 183(03%)| 95(01%)| 234(04%) 9(00%)| 91(01%)
Tone 2| 335(06%)| 3840(71%)| 1010(19%)| 27(01%) 8(00%)| 151(03%)
Canonical | Tone 3|  86(01%)| 2239(33%)| 4088(61%)| 122(02%) 7(00%)| 195(03%)
Tone4| 101(01%)| 16(00%)| 110(01%)| 6757(95%)| 82(01%)| 65(01%)
Tone5| 178(27%)| 20(03%)| 24(04%)| 101(15%)| 344(51%)| 4(01%)
N~ G

AemSCE 5 T A I e %

HEL HAN e & A FIACRAVERN - HERE
HHUS T RIFHV#ES
=N -%ut SN ey =N
BT LR B A IS

RIS HER -

E e 24 b 2 AR s 4 pe B SO PR R L 6

S T B BT R « BT (P TR AR

=54
e = gEI =]

Gk o NS EHAHRE
SR AT A - ST SO B SE S R E G T
=L IC: N (N2

FEEZRUERE LREGH N RN -

W

FX

=

BH

FTN

T AR Ui i R AR AE R P ARAE

T

AHEEESR o FEARRHVER ST - B B H
HENIN B AN D A T =t
ARG > AR
75 AR ARSOAR R Y 2 B S R 2 7 S TGS SR fm B A

mei% o A S H AT A A ER (SRR T E i > RS AT LU
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SRR A o MR EERASIR - M & B AL R B R E R A
B> 0 AR RE 3R RS R s U AR A S RE S R A TROHIR (R T 35l 3 - 12
EERAES G B HAN ~ LSTM BEIEEL - BB F 80% » B m s
ATHET | 40%HYAERERE -

Abstract

Our research merge two different models of the Hybrid Attention Networks (HAN)
and the Long Short-Term Memory (LSTM) to improve the stock trend prediction. The
combination of the two algorithms helps leverage the advantages of both models to
learn sequential information in time series and news articles. The experimental results
show that the best accuracy score, combined with news and stock prices, is 80 %. The
performance of the proposed model compared to HAN and LSTM model increased by
up to 40%.
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(=) . AU Z B EETEH
PEE B 28GR = n 2 (Natural Language Processing) HYS%/E - (HEEHGIEE AR S
ERCH BRHIRFSRAIR 4 - R H HAYFEHE - Heeyoung Lee % A\B1EAE
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HI(NLP) 1 Al AR - 2R el aies n] DU #2238 B [ B 2CE ROt £ R
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techniques(Open IE)2H{EE {4 Event Extraction i H F§ WordNet #{1 VerbNet 5
GERE(L R DUR/D EAFRERME » Xiao Ding 5 A [STHEH % 7 A0S » 5
AR B 4% (Neural Tensor Network) 5Ks/l [T BIFRREAVE A > AEME
TEAHECAE4S (CNN) R TEHT S&P 500 K HLple eIz B2 » Hu Liu %5 A[6] A1
[e &2 A B A B3 1k ) GRU AU SR FEUHIRG: SE0Y H R Eh = - A4t i st
B S RS ERR AT SR E T RS E H A S B M U i i &
(AR [ TEOHIAY AR

(=) . ARSI R ST

Yuzheng Zhai A [7]{s8 I 5Z4% [ A% (Support Vector Machine)y 5 - fEtH4E &
A T8 By 87 [ AR Al 15 452 w2 5 e SR Y T RO > B E S HE AT -
Xiaodong Li % A[8]{ HZREEEH T » &5 & CEAIESE - RlofeiEmpg:
& B AFS LSTM LTl SRAITEN - IR SGEE - Ao SR E Y AR
(& {50 ) B — S e B A E A s AV A » WSS R R OE S G - B o R E Y e
kY B 455 #1(Loughran - McDonald Financial Dictionary) % 1546 #E7T | 4
e - B = (I Ga dUAEED - m] DU st s vEOAI M RE

GRS IR 572 AP RIS P AR UM R B T LAy Ry =K (s ~ ]
PUR &5 Eor i RS - ARATE R - TR E 4 & MR B (E DU TR R 2
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B 200 RRLEREHEE -

2. WfEERAERE

AR R EZ RIS R F IR - 48 Z 73 8U(Z-Score) BRAEAL{E » A=
(1) > B SR H &7 ffii(Standard Normal Distribution) » F[E# Z 738
AR A (E S R (E ALY B - BORAOEEERRE LR - BRI R
BB FEFHERISIARE - SRS BAIIE R -

X—-

Z=~—FL .6%0 (1)

By Tl AR SO T AR ARG (LS TM) AR - FR AP A DL T BRI
S8 TERSR A N RATERE - TEHES Nt AR Vi B « BROCR
o BERAAE T B+ N - LRIVEHEE R R R (X » o Xiya] - TERIE
BEREY M X, YD) #HIE LSTM a4 pg s A - A& —[12]F77R > window size
RER 4 RIVBFEIURERE -

Sliding window algorithm of sequence length 4, for data (X) and corresponding labels (Y).

= A AR EE

3. Fusion Model &I FijEH

£ BV NEREATA T EAE] > SHEETRECE Ry TR Model Sl SRiRFHYECIEAG (5
5 > AP Doc2Vec [RHEFESCERHE Ry 200 4E/E 2 FEb - $HETHLE Ry T HR
BRI FEEEA RGN - BfIERH Z 2 BiF4E(B(Z-Score
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Fusion Model FHAE4& & MITER —1 2 (A - PR At O E MR A RE(H
Fusion Model #1734k » Fe00 /0 St S m) 2 BRE (AT - My T 2
AU RE S [RIH SE T Rl S 200 4 2 FHEFIRLE [ =5 - WOl R B
{55 FH 22 B#(Concatenate) 1y T &G S IR &R} - 38 4 RV E R —FE
BT S AR L

4. WERESITHH

He BB TENAE A Bk ~ 75°F ~ TER=ESREE - DUNrEis 2 77k - $iY
S HI t MIE(E s > 25 Ziniu Hu FE A[6) BN SRR 8 HHEHE 50k - 18
AL AFRETER ERE T - AFA0F(2) - 185 H B ES BT —RAYBEER
{EFEAHI - BRUAET— KRR RS - n] DSt H ERAVE 3 EEiERE » RIS
VR oy BEER R A [E RS -

Open_Price i1y~ Open_Price

Rise_Percent; = (2)

Open_Prices

Ry T ERURIRHIERRES G129 34T - IR E Ze R (E 2 E B HI 2 Ersde » 408

B > 337 0.45%ME - BEE=(EERICE ~ BE ~ FP U ERERE 95
q-,'? °
® k(Up):

B Rise Percent(t) > 0.45%

ER(Down):
B Rise Percent(t) < -0.45%
® JF . (Preserve):
B -0.45% < Rise Percent(t) < 0.45%
NTEU3) By S&P 500 FrA A EI{E 2016~2017 FHAR - B EEES RikaTE R
HREL ~ AFU(4) By S&P 500 AT A EI{E 2016~2017 4EHAM > B (HBES RpkaTE R
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totalp.rese.rve = Z?:l PreservelthreShOZd (5)

AFU(6) Ry S&P 500 ArAAFIAE 2016~2017 5 > AREBSAREREER ~ &
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S BRI E R 2 R R ATE VB 7t ~ A O)ERIEEES R IR
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Ry 0.45%0F » RECERG(EES ik ~ Bk ~ FRPIVERHRAE 2 E B R R ATE Y B
SrEEETARE -
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__ totalyp

Distrubition_Percent,, = 0 (7)
. . :
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1 it total
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(=) HARE 2 B
A EEERRE S 45 e SR (E A 7 238958 > DU BRI -
1. JEEFEJIHE(Hybrid Attention Networks)
HIiA Zichao Yang 25 A [10]#2H, T Hierarchical Attention 7530 E#Ef T SCARST4E »
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AR SR R ISR (LSTM) » 275 Kai S ARINVEGET - Ky THENH
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(PU) . Hierarchical LSTM A&
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Average Accuracy 0.72 0.46 0.65
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. . Close/Open/High/Low
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Average Accuracy 0.68 0.42 0.55
Average F1 Score 0.56 0.39 0.51
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Average Accuracy 0.77 0.47 0.62
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Model HAN Fusion Model
With Reuters With Reuters + S&P 500
Average Accuracy 0.4 0.77

Average F1 Score 0.33 0.71
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Average F1 Score 0.33 0.7 0.79
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RS

S AR T DUE AR S R R T 2 BB o BEZRNTIRF 29Tt 1
—EERESE S AE YIRS - (H 15 SRS 2 SR iR fm = I BAES o (EEEAVER T -
DS A IR E Y > AR E BRI > —E A - G
RS A AT LA A Rl RER R H SRV IEAY > ol B — R B R - A
SCERA] BERT £ Single Sentence Tagging {EBSIE AU SRl (MRS - Sfc &
BERREE T RE R RTE - BRREURASIATE 7755 SIGHAN 2015 JiEUE
FHERY SR (False Alarm Rate)Z#%] 0.0297 - BLJemi A RERERRITAMEE - IE5AR
A (EAVERECR LUK S [ER

Abstract

Chinese misspelling detection technology can be applied in fields such as education
and publishing. This research topic has garnered considerable attention. Recently, although
many studies have proposed models that are based on deep learning and that are capable of
improving detection accuracy, these models have the disadvantage of high false alarm rates.
In real application scenarios, it is important to reduce the occurrence of false alarms because
false alarms, while using the system, lead to poor user experience. Therefore, it is important
to create a model with low false alarm rate and high efficiency. In this paper, BERT Single
Sentence Tagging task model is used to solve the Chinese misspelling detection problem. To
work with this model, mass training data generation methods were designed. Experiments

showed that the method employed in this study has a false alarm rate of 0.0297 for the
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SIGHAN 2015 test set. Compared to other previous methods with low false alarm rates, this

method has the lowest false alarm rate and the highest recall rate.

BA#ES  BERT > HoSCl (] » s

Keywords: BERT, Chinese misspelling detection, low false alarm rate

g
wH A H:H

s R — R 2 Flal e B 2R - RS s 8 E L - — R AT EE I+
JEST R > —BFIPAG R EFRIHEY - AR A ST E g YA
o B NB B & R 2B A B RS A A% - BT AAS G e R B AE Al
FAEM - HAIE&ART 2SI AR L, - 280 - SERIT AR AR A E B e i
BEREACH A IRATECR - P14 Wang, Song, Li, Han, & Zhang (2018) it K H 5 AR HER
(precision) ~ A o2 (recall) Bl F1 < =IASEE 55 B & 057 ~ 0.70 ~ 0.62 ; FASPell
(Hong, Yu, He, Liu, & Liu, 2019) RIF%|EH =TE51= 435 F 0.68 ~ 0.60 ~ 0.64 - RMAFEIE
FERIth - B R SIRRAYPREK - Hrh BN B A BRI R DR R R
(False Alarm Rate)f@ & A - 152N IR EIFEE a5 HES P E D ErEE
EREHE AR IEME T IR R R EE 02 - AVERIER 10 AgtA —ERlw HE
oy Z Efk o B TAEER G ERHEH 2 ()2 AR a AR ERERN R
TEHYEE PG - NI EERHRIE 5 H BEHIRE A E A s ek Y EE N R -
A28 s Devlin, J., Chang, M. W., Lee, K., & Toutanova, K. (2019) fZHiHy BERT for
Single Sentence Tagging Task (LA f## BSST)ZtetH & i & A H Bl - (AN e A i (1
[fIRE - DL BERT AU Sy BBy 7RI AR AE ST 2 H AR5E 2 ia B (NLP) R RE_E B Ry s O fidi A
2 » BSST 2H. i 2— o« BSST [R46 R 2 —E a4 E fas 5|(Name Entity Recognition,
NER) - 2IAESR » A HAREAR o EyForak 5 81 - oAl Aasaea s ~ Haasaes -
AR E ~ PR - [RE%4E BSST —la) " SRAKREL, » Al BSST
HY B st S R S A A e o T 545 5
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=2 PN PN SR = 4
s AsEEr ResE AelsEr =ty PEEE

IR > FFTT AERIER 0 - B A—(@5) 7 > BSST Ayl R 2 hl+
DURCASE R M R © 40— 2K BSST {8 ] AR50 -

R > ASCHY HEYE e it — (8 2L BSST AL B BLBEAY Bl 7 M 50k - Widt ¥
BSST AR EAYAREFISERHEH —(EIREEE IR © PUTN S EIRVEEAT T 7256
2 EEAM TR R EM S Ay — )77 R R - 55 3 G il BERT 81 BSST HyZk
AZEHE o HRFIISR BSST FBEREAWVERE - (ERIFHUSBRERREZAIR - KIS 4
EEi AR EE A4k BSST &ERIAYITE » Wiftes 5 Eisi HESRGER - mIEHATHRT
FEEETE

> SURRIE] R

PR AN — B2 EI0E H T FEErE - AR S AR - AR S iR
BT IS B AR MR S (WU, Liu, & Lee, 2013; Yu, Lee, Tseng, & Chen, 2014;
Tseng, Lee, Chang, & Chen, 2015) = Chang (1995)feth 1 FSHHT S0 F B BHEHIRIAAE -
BENA AR HPRACK ~ EMIR R AR - (B0 Ry S SFURBH R T W FEiEss - IR
MAPRFETREAH T > R R mEE AT 2R BEEFIRRTE 75
R A FRARIDEAE TR - 2ZE/ e T P SETERBTRPT &
& FH ARG RATA EEU AR -

iSRS T - FIEEER R BT A A SEHIRCR - Liu, Lai,
Tien, Chuang, Wu, & Lee (2011) Fr 1 fEAH[RZ HYF R ERCR A TS - AT A0
At - HEYE I DA PR ARt BT UE  Chang, Su, & Chen (2012)Fk /> —{El{E
i AR FHIEA TR R G VB R SAE B 5] - s - T AENE AT
G R > (FE— P IS B BB IR e A ~ AR AR el B3]
MEHEHER - HIEEGAR]T - Wang, Liao, Wu, & Chang (2013)Jcfg &) T HESH
R AT ST - 21 CRF A FETEE - R FE (I tri-gram fEAL#E
TTHIET - FlErsete gt/ i 3 [ Ich R E e nFRY A EEY - WRIBFIP TS
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REHE ey - HEE A ti-gram BAINSTRE > BRI RE o E A
F o

&I 2 W72 2 AL AT M (E B e AR A 2R HE T R EUZ IE  Chang, Chen, &
Zheng (2014) #E—Z1E T Chang et al. (2012)fy7574 » PRAISEEGEMEUCHL PRAETEY
EFEAHIVE ~ WA T8 RS 55 RAIF57% © Xiong, Zhang, Zhang, Hou, &
Cheng (2015)8%72Hy HANSpeller £ SCaT—E 5 7AMYEAHEE - R —(E WS B4R
o BPEEIL AR & 0T A —(ERGERAY M0 - B IIEA 2 88 i - ry 2
THAGERBERE o 55 PRSI A T RIRRAIE L - PR RRRRHYBL S A A Microsoft
Web n-gram Service » Kt EIFOCHIEERY n-gram Jr8 > (RS (8 73 8 ERgsR] MY ATEE

- FEDI0 A2 A Chu, & Lin (2015)E17 Xie, Huang, Zhang, Hong, Huang, Chen, &Huang
(2015)f2 Y574 » Chu, & Lin ZJeikf a1 Erad » Braa &R &)1 A By 5 2 FR A 5
M - H{HFH Google n-gram Viewer E:+E A vl gEH HIFAVEETE - Xie et al.
(2015)AIZERA Chang et al. (2012) A% - JeftfyTBrad - FRHETE A EER

T WRAHETHIEL - §ERKHIMCRE R H Y - ZRFEREATE
BASERHERMUELE > FefR (A bi-gram AT tri-gram 5500 PSS IERER &)1 -

Wang, Song, Li, Han, &Zhang (2018) /2 ] LA 5 51 R el A — {8 o3 4525 71
ARIFH R DZEE - B ERAEE R LSTM BAY(BI-LSTM)IE S F0HIES - RIEFREER
G o Aultt - L A E 5 %R(Optical Character Recognition, OCR) #1H &
SEZ Pk (Automatic Speech Recognition, ASR){EWERIF & I FI A S FH 1 B
fREFEN R - EAFEFAVEETE  WEBREEIREIIRETHE XTI Bi-
LSTM - HEER4E FATRHEHER (precision)f1 4 [B]3% (recall) 73 A7 5] 7 0.54 F10.69 - 1= 184
N A AT ELE 8 A Y SRR R R Y

AT A Y R SR R A B Y S o AT ZE B da R B STE AR 5 - B
FASPell (Hong, Yu, He, Liu, & Liu, 2019) {§f] BERT /Y masked language model > A&
Yl B R By SRS AT BE Y - FEAR PR i 2 (T » A1ERTH
HIEER I LA R Sl i iaE - A E #5255 - SpellGCN (Cheng, Xu,
Chen, Jiang, Wang, Chu, & Qi, 2020)t7/&£%F BERT 1Y masked language model > FLERANE]
HE > M Z TR CUE ffsigraphs - FE{iHgraph convolutional network (GCN)ZEGHH
Ae(Ef# - Zhang, Huang, Liu, & Li (2020)AEASEEL TR BRI - (I (s A
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GRU 5 (BI-GRU) » FIIEIBI#FIBERTIE ; (ESHIGHYH AR )T embedding » B2t
RIB(FF A BRI - BRI soft masking FUSHEE » SEIRS RN ARIEN -
FeIE B 2 TR » PO LA S A AFrTembedding F11T - 1F 2/
B HORAS, - iz AF] softmax 43555 » T/ EES S Am ST B A
2  BAEHE AT -

SRR B SR Y RE B R AiT1& SCRE B RFEUE R FIR RS - IR SR 3 7R Fr R

A1) E R A L B S (s A S B T [ AR e — (R R TR ~ R s

TR EIEEL n-gram FAILLSNFETT- - i 24sE SARREY FLEHVAE A $EHIRER
BRI A BT BRI R SRR E

— ~ BERT for Single Sentence Tagging Task

BSST 22 BERT AR tH 0 - — & RS BEAV 4R M4 o3 e Pkl - Wi 1 o < 3%
R —2e — (@A) A > A ALRTSE CLS DUER BERT &AM o HHFMEEA]
FREA— BUESRCE—[EAME n RAE/ND n 65 - RIEEER zero padding J7=
fi o BERT Mg H Y aE SR e — Dl A4S n {453 885 (Linear classifier) » 7246
SRR G KIS BERT BiHAVGER R EUE B EF MR G RAIFHRE - DIE 1
e e 0 B IERET 1 BRIT -

0 0 0 1 0 0
Linear | Linear | Linear | Linear | Linear Linear
classifier| classifier| classifier! classifier|classifier classifier
BERT
[CcLs) IR A A N
"+

1 ~ BERT for Single Sentence Tagging Task .~ Z2f# &

323



The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
The Association for Computational Linguistics and Chinese Language Processing

EEEAIAIRZ0 BERT 2125 Transformer /Y Encoder (LA g TE)FTAH AT -
Y0lE 2 Frors o @ EL F] En Ry ASFHY embedding > fitHEY T1 2 Tn & E1 £En {1t
s PHVEER R 0 n B AT T RENEAE - AR TR FREEER 12 8
1y TE > PEHIETERRIRAIEER] Self-Attention (Vaswani et al., 2017) - SZiSHIE B S
BRI IR R - WA R R E A A E REY - BEFEET B
Transformer Z2{f 12 {ii Head Y Self-Attention » 7#2 12 {[i§ Head fy Self- Attention 4552

EOE R AZ] T — ) Transformer of - (& HZ THIRE R AE -

. - .

/ BERT \

‘ Transformer ’

Encoder

f

1

Transformer
Encoder

1

Transformer
Encoder

A A A

E1 E2 En‘

& 2 ~ BERT Z:f&[E

VO~ SR A R

FE 25 o G SR BB A B R A R A el A Bl SR B A R SR R - Bl
AR ARE R W E R - BREREREEER - M > SLHAIEAERENS
BRETANE - Wb EEBREHRANEEEEN  HHNENE A e HE
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HIEREE PR 7S AR RRH S R A e - Ml SR E R 7 2 [E A S5 5 LU A Rl I A
TEE(L T oAl Ry (I B 7 45) » LR 1wl - R EMEEAVIEERER - R
i BAERK - ASCRE—ERISRE R ARG - R A R E BRI A R R B R E
SREEIEE -

B > JMIE A & 2002~2009 S EIHE RaB R AR (LA Il R JREE R © 12
{EARAMEA e HHIEE R > 1 HERREN TR P2 22707 - FrblESERETE
IEFEEACH - FOWEIREEE PR 40 S AJHARIERSE -

IR T « 55— ST A S TR T
TR )  BETAT AT ST A AR - H AR
{#F) Chang et al. (2014)(fy)53% - (k52 E 2 FIFIRAIBIHEERE « 116 « BERRTE
FHEIRISEAEL S 3T — (R - 10T PRI S MU RS4RI TS 1(LCS)
SR TR SRS - ST E TS - RIS 2
SETHARLLE - RIS AR AR K BT RFETE - 5
= LR T T B R R 40 1Y - S5 - HRNEERI TR -
HHL IS TP T B R AR MR B L BRI P P i B A - [
I PR R IRE - BRI B RT R R - B s R -
3 (TR AR R (R S D B P R T = S0 - (s e
o B (B S AR I <

ho~ Hhe

AL SIGHAN 2015 (Tseng, Lee, Chang, & Chen, 2015)&RHENE B3 E AT FTHE )5
EATHIEEE - IRAEEEILA 1100 4 » HARIEE AJBEH A& 550 4] o HRE(fIHIE
IR R R 60 Ay a1 - RIS E &R LA IEH A)A 538 4] » HlF
HJH 534 4 o

B/E BSST &4 F MRl Wolf et al. (2019)fJ HuggingFace's Transformers Fiizk
&t #Y BERT for Token Classification [ i i o &t 2 15 Y Bl 55 = 1y 5 £i5 5 132 Bl

SIGHAN 2015 #H[F] » BHafEat B R AR -
sy (False-Alarm Rate) : FP / (FP+TN)

325



The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
The Association for Computational Linguistics and Chinese Language Processing

IEREZ (Accuracy) : (TP+TN) / (TP+FP+TN+FN)
T HE (Precision) @ TP / (TP+FP)
HE%(Recall) : TP/ (TP+FN)
F1 : 2* Precision* Recall/( Precision+ Recall) -
Hrp
TP : AR A A Bl FHIGIF R E -
TN © A s By IE A IE R EE -
FP : J2 A Al 3 Bl FRIIEE 78 E -
FN AR A R 5 A 53 -

R 1 REAS e 7 A B SR 3 (False-Alarm Rate){r 0.1 FYSERITTIANAY
BE ° JCAI 7 AE S NTOU (Chu, & Lin, 2015) 2L 5z NCTU+NTUT (Wang, & Liao, 2015)/Y
WAfE Run - S TTAREEES [H SIGHAN 15 $FRIEI AT E ERsE R (Tseng, Lee, Chang, &
Chen, 2015) » HIA SERERZFRAVTEIEEA _EHIRS] - FEREAFIALLEL - 3R 1 \1R1
AR T A LSRR i (RO AR EeRIg K 42% > {HA[03REL F1 BRI T AR
EEES 12% - BERURASTE AR RS EeR FER e te A R - Bz

F 1~ BRI 0.1 BRI R

Models AR | IEEER | RREER | AOR F1
AT % 0.0297 | 0.6446 | 009135 | 0.3165 | 0.4701
NTOU 0.0909 | 0.5445 | 0.6644 | 0.1800 | 0.2833

NCTU+NTUT-Runl 0.0509 0.6055 0.8372 0.2618 0.3989

NCTU+NTUT-Run2 0.0655 0.6091 0.8125 0.2836 0.4205

R 2 SHASCATR A FFISRE R E AR NS RATREEE R o —(EFIE
BRI FEM A IR SO ML E) S EE TR AT EEE ¥
SN EMPEERTE - NRIEBETRETPREE - MR EREREE— ST (B
NREAEEETAE) o R 2 WAL SRR SRR AR - PR e R
BCRAEEIEE 4T - LENZE/CAESRN AT P ERSMEES 20
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LG HHIETR A - B AV RIS 2= - Tl R R NS A Ry btk e o
FITTH T A E TSR A E RIS - T BRI AR ey
REMENGA & AL &) TP AV E L & > SRR S R A TR AT SR B AR AL
n e N BRI - B A IR M B R R - ] DGR LR S e
HAFEEA —EHIER

% 20 gk E R E A TR R S RE TR
FlleRGREE A= BREeR | IERER | R | gREX F1

ARk A 0.0297 0.6446 0.9135 0.3165 0.4701
M F R 0.6022 0.4534 0.4564 0.5094 0.4814
fHEISE AR 0.5428 0.3246 0.2589 0.1910 0.2198

N~ Sam AR LA

ASCERH (B L BERT R ZRBEAVRIFHM 574 » BUR— (AL AR/ SRR AT IR &
RHYBREE R AR T A © #F120 HYEBREERBURA ST 7 AR A R R R - At
HERTRAAGSRE - TR RAE A ERAVRCR » B T RSB R ERAVHER TR > e Sry
SRR R e T B AR R E R T3 R RS RE R AN R -

BEASRECR AR, (B R R A AR - R A slEhRs o] DU R ©
so A & ESSSIHVITA © B—  ERAVERN 2R ZGHRET > BTV AR
BN LU ERET - RARMAE ] DURFELEREB I DAL B - & & B sl S iy
Bk REE PRI RGA T o 52 ARE R A DD IR [F AR SR
Bkt EA A A IR REER - EHHBERTZE&A Bt - 1R
Hoe R SRR RERE ] © = IR TS RS R R B T SRR
ATHAER P AR FE BB IR 7 A 2 H R i B B A T e G > A s 574y
PNEREFE B PAR U2 — I S S AR B R R B R I R A R Y 50
{50 A2 EetRe i~ BAPIme Ry T PUE S AE R TR P B & R T (RTS8 0~ FRAPT T LA
ifE—Uhati H AT EPERAY B BAHVRHE - AP ME R R EeRHaET
WA LLE SUE— D T R HEHRRAY R 6] - BREALFE HARARIREIR - #
ket [EPRAY Tk -
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RS

HrE SR FAEBUEHT ESOR T EH E & T4 (propaganda techniques ) LG AL 2
BUA1LY » EFZEEE 211 - Al ER EE T A 2 TOGERE LS T -
RS E A AR G 2 - AN TAEEAC oSO8 M SO (8 2 5 Tk ~ M2
Bootstrap J7 =(RERECAURNVE R - IR A TR ZmE - AEETFA
Z NTHEECERE AR - AT R AR AR g6/ SRELEL B TN XA Z 38 -

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 annotation of propaganda

LA 88 R HY ETE 2 MOST 109-2811-H-004-503 7 109-2410-H-004-163- #HE) » Filtaksst -
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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. We also manually corrected the
bootstrapped dataset to increase the data quality. The data manually annotated with propaganda
techniques is available online for the application of machine training and learning to predict

the stance of new texts.
REgEEE - ERL (1285) ot - BEEER - EETFA

Keywords: Sentiment (Stance) Analysis, Language Resource, Propaganda Techniques.

H{#H (propaganda) —? » [FASEZHEE - 7 19 40 ch By sa i i BU G 48,

HBAtH AR S (Diggs-Brown, 2011) - Lasswell (1927, p. 9) MEMEERR " (HHE
FINFFIRARERIER ) - REEMEENKZERR "HE (FE w35 -+
HE -~ Hais ) HYERE > D2, (Smith, 2020) - kiR EHAYF B HZ
2/ > Riegel (1935, p. 206) RfEH - HabirEENN S - SRENEE —ENE HEUE
YR - TSR A5 8 58 e SR e SR SR ER BUG E(H - N s B 6437 5E -
Riegel ffE1L T #ERIE R [EEFSIRIVEE » 55— 5H > %3 (p. 202) BEREE HR
REBLPUE E NIRRTk - REEARTE - WL HAEEN2E T - B

-

anE et — A - FETTE R E EAVETS (41 Lee & Lee, 1939; Weston, 2018) -

AT > BEERH S R aB R SR R oy s » ST RS ER L L - Dl - —
L ZERIAE AR s B R A AG T Y = 5~0% (40 Barron-Cedefio et al., 2019; Da San
Martino et al., 2019) - 24 » B EEWFFEENE AT SOl fiiae R iRaT 85 - ¥ 508
[ AR Y B T AR AR Z B4 - AWTFELL Da San Martino et al.  (2019) Ay
TEtHAY 18 EE AR IR > i EEMEEBUE 1L S A AR A —E SRy

2 Diggs-Brown (2011) #5H4 > Propaganda #5774 1622 4H K - #r&r gl Congregatio de propaganda fide
B R T BEH R IITTECEAL » HAEB AR EBIEBRR PTG B o 1790 FX - skl dvT- iR
JESFHZIH > 19 tHhad SR SEMNE F N BUAES » BRRTEAIZE - ASCK propaganda #EE Ry T EH
&, -
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PR OO E R EE T - B R UEERIELRRST - 1R P SO
B S TEAINTT - ARTTERT Y AR g o AR & B Eh IRV SREE R -

WFeEssE - N Ha L EmUErE - DaSan Martinoetal. (2019) HYEEZ J7 AR
BAEARFEEER T - B P EEHEAE Da San Martino et al. f2HHHY 375240 » f13C
A ERAE TRIE T4 © (1) SIS @ aks RS - Sl E St
BRSBTS BEREEEE IS (2) THRIY - MAUE BRI A FIEE
{EREEC (evaluative marker ) sRFEIHETHRELE » #ELI R o BB E L BRIV E L -
FEEL Sy SR AR A E 0L - AFRAS T EIHMENSE S LAVER - FiY - Fib
FIEMBTIE - PRI ST L IOFER GIER A -

AL FH BB T HN = (@A
1 oBuaHE SR P E A R 2
2. W~ ENBUAHTEBRANEEFEAMRE ?
3. DA Bootstrap J7 2 S 1 SCBUA M B F R 2 Bs e ?

o~ SURKIE]RH

17515 H] (stance detection ) Bl L4347 (sentiment analysis) ‘& fH[EH{EHAEHY T
1 » 1B R i & B R E AR Z IR ~ BEECH S - YOS EARITE R R E SR
FARES S o JREN TG, o MAHEIISG T RE S HHIEAIEE S #E - rlgEll&
HHEE=Z3 (Mohammad, Sobhani & Kiritchenko, 2017 ) » Sk B BEEE d S A0S

ot EREILS > WG ENAE S SR EEM - HEZEMHNE S
(information retrieval ) EE 7 A$EEE (text summarization ) &3

HESRNIIGHRRA —ERwE )] > BE#EHREEF L (propaganda
techniques ) FEHITYE - HEMPEEELEEFZBE - FHILIISORTZE LAY
SRR REBESAHYEZ (document level ) (HHIEESCE - & 2B CE TR
TR E AR  THRFZ AR A SCE S - {2 Horne et al. (2018) #5iH » EEHAY
NEAR GBS MR ENIFEEXEDRESZAIEZ SR o B DR R
T SC Il G H 2R 2 BT RS AL ik = AT AR (explainability ) - 55— J5[E - Barron-
Cedefio et al. (2019) fRH—ELURIRMEEL - AlEMEGE RS S M AR HE -
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alE (A RS e SR 5 ER > WatEHE#H% (propaganda score) -
FUEREBUR > BEERGENRBEENEN RS - (HZS AR 22 AR T 78 AsE
YA BE R (fragment level ) ARG SO E(E T4 - AHEHNIL > Da San Martino
etal. (2019, pp. 5637-5639 ) FEEEFEEAINY A Bl 2R - TR H B E M R AG N5
SCEE > AIENEANE ~ EZEIMERRE SZ iR Z EESCE - IR Y 18 FEETL
AR AR 372 RIS (2935 &5 ) -

Fe— ~ FLCHTRAY 18 S {#F-£ (Da San Martino et al., 2019, pp. 5637-5639 )

1. Loaded language® 7. Flag-waving 13. Whataboutism

2. Name calling 8. Causal oversimplification 14. Reductio ad Hitlerum
3. Repetition 9. Slogans 15. Red herring

4. Exaggeration 10. Appeal to authority 16. Bandwagon

5. Doubt 11. Black-and-white fallacy 17. Obfuscation

6. Appeal to fear 12. Thought-terminating cliche = 18. Straw man

AREHZELLE 18 flE T8 a4 8E » 2232 Da San Martino, Barron-Cedefio, Wachsmuth,
Petrov, & Nakov (to appear) ¥ii%act> 550 B HtSIAERY > DLori h SOk ammy
EEFE - (3 > Da San Martino et al. (2019) 2t HY R RRC S SCHTEIAY 18 Fé
EAHTFENARSE & MBS TP S SOR | o AT e SR R Ry it
tham /o TR BT R R R AE R FTIP FE o IE R DU - BRE R o
REsth S BRI L HOVTER B B S ax s 2 1055 WA AR B PR — 2L
fYIL35 - 5 (2R, 2003, pp. 18-19) i ff3m o] FHARAE BRI E5R - WA - HH

FEMEEEEI )~ R ERFPHYRESE ) (p. 358) o (AL > EATAEEREAIR (causal
over simplification) ° ~ " H W /EEEER | T2 ( Whataboutism ) © ~ ZI| & 5k B )R 5

$ Rl g BAE AT Sy oS It HIR 2 BTk 0 A MR RSt seiE
ENEPFESE "= - WRTE, -
At R RS 5 A 22 R 49 E http://propaganda.qcri.org/semeval2020-task11

® U — TR IR+ TSR AN M — - SRR » B R B (LR -
© SHUHLETR] A whataboutism 33k T THRSUEIERE ) o EISSERE R B T
%5 - T T2 (TR TOMISE S T IS (5 -
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( obfuscation, intentional vagueness, confusion ) 7 -~ #Ef%EBE (red herrings) 8. 56 = H

VESREBES BER A ST AR AR G B E AT AT -

PLAr SRy G MHEA B 98 2% P 3 R o B B 11 B A S h A /) /& - Kinockel et all.
(2015) FRETH BT TE R E R - SZHFTSIE UE A E B B G
ZER i E TR (reverse engineering) - WS S by EA sl fe A - SERSN L o0 8
ARFE (BUE ~ 118 ~ AP~ B0 B #H) Shat 17,547 BHsaalsals - sxifot
HH > AEFPEHMITEE A SEREYE - HBl T ERRTE), 1 T HEEEUE M
REOTRE SO Ry B 22T - Arefi et al. (2019) SFHT Knockel et al. (2015) s -
PR EE - GREMHLE4Erg E Mz (CNN localization ) f:H B F B £iffr (NLP
techniques) - $1¥# 14 [EZFAEAVER > BT PEPHCRIMIEZ HEERAZEEIIAEL
B o sZIHFTEE - 1BEL (sentiment) Ry A [E EREMIE—IIBFEEIERE - KEE—EH
2 FREBRERE - M2EENUER /DI =/ NSRS AR - Rt
Fir{E FHAVRASESE - & R DB M FE R B AL - DIEETAF Rds#h
1 BB s oy R A B SR B PS5 T -

R E VMR E B ARINMESN RS - B A2 EBNT
YIfEE (sequence labeling) [/ » FIERFEMASL AN ERE 2T » PRZLFZIE
# > HEFEAFRRCE 2SR BB S - AL - Mathet, Widlocher &
Métivier (2015, pp. 441-447) $EH y SEHIE DS HEEP P IRE SV sC & — 2ok - 1
KM R E RS T CEETA T - HANEYP sP ISR & g ¥ A — ) iyiEs
EA 2 ESTEE (Scott, 1995, p. 323; Artstein & Poesio, 2008, p. 558 ) » EEANAYEEHIEL
B AT 7 S5 BT o -

R Wb
AR T OCHRER R BB W Oy BUSTLE M S Tk © B ey B o -
E R R 1 ph B B s A S R SGRE E] SR EEE 1L - (NI B &

TR E AR AR AR E S EERNN T FEEA O TR R ZER -

® R4 (red herring) - BSERE S | A BT st REARRAMTEN - DISSRS S et -

S 32 14 {EERNRy ¢ (L) HERAK ~ (2) B/INE ~ (3) K~ (4) 3BT /15 - (5) BIBER - (6) BEH ~ () A
RAG - (8) B & - (9) JiF ~ (10) tuff /4RE - (11) &5 ~ (12) /MBKETE ~ (13) BT ~ (14)

e
E

HE o
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HAHRBH S B PRI PR HYRRTE © Tk e A ) PR oh B RS SR PR - 5EF] 1912 A2
VLHYTEEREL > B R AR R A -

ARG B b K B B A Tk 5 - BRSO > Ty Smith
(2020) 338 » K36 T BIERTE (covert) AR » HIRIIE \ 2 (2 5 (3 AR —
SR - Riegel (1985) Rerihsn B B MAVEE » LUAIVE H3h (6 5 2 (MITHTE
(40 > 8> 1965 5 3% > 2001) » SRR TIHHRATH 30 B B — 48 -

KIGACERE Ry — 35 R EE L & g - SRR ERAVEEE (P EEIRE )

FEIL ARt B B W F I B S e (e "I, ) - BT E R
A BN RER R AR EERRL S G R aE /N - MR ALERE (53
TEREREZE 24 K24 (201443 H 18 H# 4 H 10 H > Lin & Hsieh, 2017) - gl &
EE S EILEBE AL AT E B -

iF

T ARWTFEIE E FRRFEOAG  HAUS RS LB AR B L s ARE T

H R TrerR HEF
SrERE 78 (34%) 150 (66%) 228 (100%)
T 147,562 (41%) 213,437 (59%) 360,999 (100%)

AWFERTEE R H SIEHY B dkr A o gt - = HIH R 2014 £ 3 H 18
HZ 2016 4 12 H 31 HZfE > & THRE ) 2 T RIGAE ) BEdss 2 1dam - R _Fs
HERFERA 78 K ((GAGBRIESCER AT 34%) 3t 147,562 5 ({(hASEERHE R 8y
41%) > BreHEA 150 5% (GASERESCEEEY 66% ) $t 213,437 56 ({EAGEESHEH L
[y 59%) - &CHEFIPEREC H FiR R LB & i H I R PR 10%(tem (B HfF#EE 2014
F.3H 18 HZE 20154 3 H 20 HiL 8 7% 1,073 1) » & H 2014 42 3 A 18 H £ 2014
F4H 5 HI 150 1,825 /) WYEETAEZIL » HAPHEL T SOREY 11 S E 3% -
TEFRMEBEANT - WS EFN S ETEE AR TR

1. Loaded language (LL - [F%&5ES ) @ UFABEREES ML A « EECGEHE
MR AIRERE G ~ MR T o itsm EE LGRS AL - HEARE
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HEENEL  BEAEGESRY - AHEESH0T 0 T DERVE HER T
HhEgiEE , (Bd 2014-03-22) ; IEEEESHIGIT © " BB skE A\RILFE
( E HH 2014-03-26) -

. Name calling or labeling (NCL - JEfEEE) © KiE (=Y H AR E3EE A e -
R - NEU > B EE EFEEEGIER - TIEmESERE - DR ER
> KRZE(EEERE (modifier-modified ) - AJLIE AMIRIIEEE - th ] LIS T4
BURBCE IR - ARSI T ERESS, (Bf 2014-03-26)
TEEOTZE (S 2015-08-02) 5 IEMEAEZAIEIT ¢ T EDAEUE , (BEE
2014-03-22) ~ T KFBIEEF | (HH] 2014-04-04) -

. Appeal to authority (ATA - FfiskfiEREl) © 5IHARN AR EIHIEIEE Y
FEHEASE - fln: T (R BHDERRRESSH ) (B 2014-03-26) -

. Doubt (DT - BE&¢) @ LSRR - RIEEERBUE \YIEEE A EE
(credibility ) - MEMZ BTG TL - Bl TR FERERE. ?
(EF2015-03-20) " #kEEE CHEETEEEE A 2 (BhE 2014-04-
17) -

. Thought-terminating cliché (TTC - t&Samas ) © {HFHFELFEEHE = A EE %
PR oo B R T TR B H I - Bl - T RATEAl, (A
2014-08-15) ; " A[EHCUERIEN o BVERE | (BiG 2014-03-27) -

. Flag-waving (FW » 52K ) FisdEl RECRERS (FER - MRIsBUaErS )
MEERE - DMESEE SIS X heiitt (S EEBEHES -
B TREME, (HH 2015-04-15) - T EERVHEEZEHE CFAFTP
P | (& 2014-03-23) -

. Historical allusion (HA » 5FJEES: )+ EFIMESRSEAFEAY) > SI8mEEHE T
BB SR BAVEEL B - EEERERN T e O8) Ry +ESEESE
B TSR TEIRR, L o SUERSEE SRS T, TR
THHE o Bl T BERRR TS, (BH 2014-03-26) -~ A=A
AIERESE(HEIN . (B 2014-04-04) ~ T H A\RESG R EE—T,
JLoFET & B MR, (& 2014-04-05) -

. Presupposition (PS - 7Hz%17355) * FIFIERHERI ) (rhetorical question, RQ) I
SPEFEEC (evaluative marker) ZR{EZEIRARTHAILE - (1) EErtEM A @ 5
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(1981) EFREUERVEERM 7)) 73 BEOREIER T #ERH A ) MR ZK(EER
"IREGRE A o e AR T IREENM A B —E - BPR EEER M A
B2 E AR E AVERIECE L » sE S 6 A d E e f s A S e &) -
plan - TEANER 2 ? , (BiE 2014-04-29)  (2) FHEFEEC ¢ Bednarek
(2006, p. 67) #EHi /TGS SCEEGHY TR ORHES2 L o KRy TEBIM
(Expectedness ) HYEHEEECAN strikingly A1 unexpectely » RIS} EI o S i SCAS
f T (ZR) o~ TEAR EERVEHERRC - BMTER o OOk S AR

SO B A Y THER LSS - B T BRI T — SN R B Y I H &5
( HFH 2014-03-18) -

9. Black-and-white fallacy > Dictatorship (BW » JERHIH ) : 5EHEE B{EFAT

R A AE o (HHE AR H A AT RE - A LU N RI(E ] 0 (1) JF ABD B
( Black-and-white fallacy, BWF ) ; (2) A=kJEA (Dictatorship, DS) - {1 (1)
TEANEDREEIRA S BRI 7, (G 2014-03-25) 5 (2) TER

ERAIERE? 5 (BEE 2014-03-19) -

10. Appeal to fear (ATF - SRV E) © BEAIS [SRE R IR » B a2 A
ZBIVEE  T4RE, (BHH2014-03-18) ;T RfERVREE, (H& 2014-03-
22)

11. Exaggeration or minimization (# KR E) @ HBEEN T EAHREG > EHE
FEAR B AP BB I8 M B - Bl - T —Y 2R, (W& 2014-06-
09) -

TR TIESCHY LA Z AT > BT Lli g b5t CKIP BB a6 240K i E BT K516
SRt am A TR o WAH TSR IR AT - DL UM RRCHYELAL - DU YA T
Rl -

G 2 RATHVRELT - B B E RNBUEBLEFF IR > B A AE R
=R TRRBEEE, ? (Hh2014-03-18)

QErpthe CKIP BTaa K THIGESRAT T
F—A7 A B 2RIT #YREL T

FAT E RE EAHY BUa B UK BIFT AR
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FET REUBEREERERY THBEEFEE L 0

HENARAGTRIER EAVEE - BMEHERCE: - WAF BRI > IR T2
EETE - RS - BETSERRSERVEA > fla - 51T T EETHY
Rl o o BfERZfT AT TUREL , RIE4EsES (Loaded Language) - DAIEERAIERL
AZATHAY TRRL , TS - B - =178

TR T RWPE ES » FESE— PSR > MALFEARIB IR — 2 B A E
(B — {0 SCOE o BB T TRREC - (E5R B ELRy - BN FRECaE R ZERY T - 5556
=ArfEEFIEr > MR EIIRED -

Fo TN PR AT R 2R FE B S AR SC AR > 920 N TAREC5E AT 10% MY &R - DU
Bootstrap J7 =ik A\ TARSCHEURTE T - EESSHEAL 90% By EANSUE G &A A TARCH
FZNE > EMERERSE > S&EUA Tz i 2 ie sy o E - e
PR A R E A RIAYERSC Bootstrap AYRISIE (B8 B 5 Al RE IR sa  $aas
i {i Ry Bootstrap FYELT-) - HAI BRI ES L E IR IV F R 2 — -

VU ~ &5 SREEET

AHFRAEIATEC T 2,312 ) 5 RS i e (B e TR Al 2 sh bt
le CKIP Biraa %458 )+ LUK 2,413 Ajl & SRt im < EE T4 - RS TIFEE
o RERHERE - B R E AT 8 Kik 1,073 A » Bl E AL T
MR EHETFEL » B (AL E R 86 (E E T A © WicHA] 1573k 1,825 4] »
FEECER 577 (HEE AR - Bl EA 104 [HEHER - B T8EW
sl ERIAY—2M: (inter-annotator agreement ) {83 63.3% 10 -

5 I EEA S = (B H SR — BB MR A T+ B B AR
B = (st A 2 (T B —BUR9 T 43 EL (unanimous percentage) HE{TaTf
I3 Bl (PRI 14.9% (575 67 (= (iRt sy — B (3R imae) LURBES

0 DISE R Ryt - BEE TR EWE SRR S - BUNE L - BESCRAE ) Tl
REMAEETE  ATEH Y &R BT AR THET T -
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Y 9.9% (57 {H5EE—HHEETAERL) - RRFEETHE =FFELL Bootstrap J5(
Pt B RO - AN TRAE -

ANTHIERTEHMFR =7~ > LL Bootstrap J7 R (HiE Rz - LA TGRS
Tril Ry 266 & (HHIFH) DLk 328 F (iawR) A 77 & (HHiFE) B 105 &
(& #Hz) Bootstrap A EEIEMEE AL LEIE » Hrp& Bootstrap g5 59 & (HH
R ) Bl 66 & (IeH) - B IREAIIREC R I R E AR Hor bR 85.2% (H
HlFsE ) DAk 82.1% (&) -

*= - NIWIEM it EEH AR ZAET

KEETT= H H Tt el
wih (A) 266 (115%) 328 (13.2%)
HIE (Y) 77 (3.3%) 105 (4.4%)
TEHE 1,969 (85.2%) 1,980 (82.1%)
yast 2,312 (100.0%) 2,413 (100.0%)

R~ RASHIZFRIHSTHEEFA 2 Bootstrap TERER (B TAgixELE) -
HAi FIEFEHF R Bootstrap 50 s8ER « &N TR IERCIEMEREEC SRS 5 B E8R
Bootstrap “REE¥H 2R » &N THrE AR E R HAURESEEhHE RS RS
8 WEEAIRRESECHA T - MEETANRER > IERRZ RUAR Ry I
FRFRDREER - RS 12 HEE T AR HEM (X) % - FRLL Bootstrap 753
fReCehs - AR E AT EHETE -

DIFR0U H s s PS4SR = 5 E AN BT > A 15 4% Bootstrap 773X
S Ry HoAth T2 » 1B RN THIE R IE4E S 150 © 55 Bootstrap 705 199 5 4EES
A MAEREBA TRZEE > KATHN EEEESEL S ®T 1,116 £ 2L
Bootstrap 7L ¥HESE 2 IEHE > RPN T BB MRS ik H R
HIIAEEC T 1,330 EIE4EEES - IEMER S 1,116 /1,330 = 83.9% -
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VU~ 5 iSRS 5 E AR > Bootstrap [IEMERYET (RIBRAEHERT )
HEHFE WIFSEE #rivsEsr  IEESER SR FR

1 BEEEES 15 199 1,116 1,330 83.9%
2 =SENE 0 16 416 432 96.3%
3 RHFEE 2 39 90 131 68.7%
4 FEREIA 0 3 127 130 97.7%
5 FraaiiE 0 4 123 127  96.9%
6 THEX1I 0 4 42 46 91.3%
7 ITEEMERL 1 0 34 35 97.1%
8 SIFEE 0 0 12 12 100.0%
9 RS 0 0 6 6 100.0%
10 E&E 0 0 3 3 100.0%
11 FREGRAL 0 1 0 1 0.0%

12 HAth (X) 59 0 0 59 -

Y 77 266 1,969 2312 85.2%
R BEEHRHE S E AL L Bootstrap TERERSET (KIGARSERHRT )
HEFE FIEER HigER SRR SR EmER

1 B4EES 13 278 1,449 1,740 83.3%

2 JEEBEIA 15 0 257 272 94.5%

3 THeX1IE; 0 9 146 155 94.2%

4 AGREEL 10 23 26 59 44.1%

5 GieHiiE 0 4 31 35 88.6%

6 SERANE 1 3 27 31 87.1%

7 FBREGRAL 0 0 17 17 100.0%

8 I8 E e 0 4 9 13 69.2%

9 SIMEES 0 1 10 11 90.9%
10’5 5¢ 0 3 7 10 70.0%
11 SraEtE L 0 3 1 4 25.0%

12 HAhr (X) 66 0 0 66 -

vl 105 328 1,980 2,413 82.1%
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PERIUFIFR AT AT - Wiettimll Bootstrap FLES 5 A URESCAY P9 IERER By 22 /(R B
(B R Ry 85.2% - M ¥y 82.1%) - MEHAMOREL Bootstrap By &5 A IRESH
R AT
HFEER i AV E A Z BRI <Al - AH#7 Da San Martino et al. (2019, p.
5641) fEHLSCHTEIRIERCAS IR » TP OCHRARIIS IRy T 154EEE S ) VA B
e AAMEER A ERAERYES © PR T HAM, EEEH] - SOERRE
FEMEHSEEPIRYFET A R T REES, ~ TESREGMb 0 TERE, o OO
M BEMEEUEEEBIRI AL TS8R, A TIRRRIE o DURCRHERAE
SSCHE Y RIS -

RN~ WSO E R AR e 2 R EETABEEE (RIS E 2 EERRF)

HETA  BHHEESR o SEsC¥ Horth| DaSan Martino etal. B 53EE
1. E4EsE=S 1,330 1,740 3,070  65.0% 2,547  34.1%
2. EERKNE 432 31 463 9.8% 330 4.4%
3. JEREIH 130 272 402 8.5% 134 1.8%
4. FEEETT I 46 155 201 4.3% - -
5. HEFEEG 131 59 190 4.0% 1,294  17.3%
6. gL 127 35 162 3.4% 367 4.9%
7. STEERER 35 4 39 0.8% 169 2.3%
8. 2| FHFE 12 11 23 0.5% - -
9. = ine 6 13 19 0.4% 95 1.3%
10. 5 RECR(E 1 17 18 0.4% 571 7.6%
11. ‘&E5¢ 3 10 13 0.3% 562 7.5%
12, FHAth (XD 59 66 125 2.6% 1,411  18.9%
4y 2,312 2,413 4,725 100.0% 7,480 100.0%

FaRR A

ASLERIE T AT = (EFFe R - & e Mt b S HBraR ERE L 11 EET
& Hop THIRIEESE ) R T THEROLYS ) BRI ~ P SCE RSB B E LS
ZEEFE - MIREBEERC H i &t 228 5/ (360,999 56) KEGCEEMHR
smAVEERAET > THOCHERR T SR EEN TEEES ) TR AtEE AR
Woe A FR I o MEAHTTE Z T SCE H AU R (2 PRt am Z S0 - B2 Da San
Martino etal. (2019) FriRH EFA T RIAEnE 2 B SO A RN - (LR T - 5245
SR Z LR G A AT IR - RAE SR E - FTRAEERUCE = nJ EEMERY ST - Bf% -
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L1 Bootstrap EE¥ T A SRR 2 IEMERFIHR &2 /et - (HiA HARL Bootstrap
EEH 2 AT o WATREE R EE L - RITRAGREER AT H AR ER T
B A HMCOREES 2 AT - MRS

FHIN B T AR R - AR T AR — B 2 H bl > & AT
sSLZ EEF7AE R Bootstrap TRIRREERIE - BARET N Tiatx - BV ER ST
FHERIFR MR 2 ATREME: Y AR 7 5

AXNTRESC 2 BT AR - SRR BN EETFA DRI 7T - IR0
PR PAG TP 1L AR Z 5Pl - ABTFERAGRHE S H ATHY E &R - IHHCE T R
g o el (CABSEESRE A ) > BB MR SCHTE > IR A
ZEETE -

G
RS BT BUE KSR 2 T IR AT E B s S i 2 EE % -

B

FX
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PRITaE o A S OF SRS FE R IS T S S GBI e 2 ek
Exploring Disparate Language Model Combination Strategies for

Mandarin-English Code-Switching ASR

MEZE  Wei-Ting Lin, [543k Berlin Chen
EIRVRED (I TN Tt
Department of Computer Science and Information Engineering
National Taiwan Normal University
{60347014S, berlin}@ntnu.edu.tw

RS

ssEiR (Code-Switching, CS) fE% B = a2 —fEE RAVELS  §idl > (EEENE
iSRS BERMH 5 S5 & IO — L OGE 5 - R SEEEE ) - SEIEIAGE
SR - /£ BBl = Mk (Automatic Speech Recognition, ASR) _E A5 Ry —(E E 2 H.
A PRERM RS © i Fs T H27F CS ASR &8k » MU et S iy E R H AR 574
Z— - HERIE > TR ZREA RISV RE S AL S OFois LU R sh O R H
BiRE S o AR S ERSCE T - AR CS s S A S B
A o a2 0 et CS sE S A (5 A ARl R LR SR R —<Higi(Domain) [ BHEE S 15
TR R E AT SRR R - T MBS [F] PG B sE = R & R s DAL T
ASR EEAEsE oA [FEIHVEE S RIS BB LE A FER EE AR - £
s LA =R S AL S OFORES > 3R N-gram SESEAIGHF - f#e5[E (Decoding
Graph) &ffflEalE (Word Lattice) & fF - 48H—ZYIFEBFRIEHEIEY ZfEaEk 2 &
Sadtaa s > BiEsE S ARG HFHUTEREEE CS ASR B FIHVHIEI R E A 4 AR -

GRS - EASEEAA  SEEIRAY - SRR - BEABIE - sHE

Abstract

Code-switching (CS) speech is a common language phenomenon in multilingual societies. For
example, the official language in Taiwan is Mandarin Chinese, but the daily conversations of

the ordinary populace are often mingled with English words, phrases or sentences. It is
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generally agreed that transcription of CS speech remains an important challenge for the current
development of automatic speech recognition (ASR). One of the straightforward and feasible
ways to promote the efficacy of CS ASR is to improve the language model (LM) involved in
ASR. Given these observations, we put forward disparate strategies that conduct combination
of various language models at different stages of the ASR process. Our experimental
configuration consists of two CS (i.e., mixing of Mandarin Chinese and English) language
models and one monolingual (i.e. Mandarin Chinese) language models, where the two CS
language models are domain-specific and the monolingual language model is trained on a
general text collection. Through the language model combination at different stages of the ASR
process, we purport to know if the ASR system could integrate the strengths of various
language models to achieve improved performance across different tasks. More specifically,
three strategies for combining language models are investigated, namely simple N-gram
language model combination, decoding graph combination and word lattice combination. A
series of ASR experiments conduct on CS speech corpora complied from different industrial

application scenarios have confirm the utility of the aforementioned LM combination strategies.

Keywords: code-switching, language model, automatic speech recognition, decoding graph,

word lattice
. fEEa
W EIFHJ

EAEEEE T WL _EARE SR o SRS B IRERE S UIHRIETE X
44y B R fEEY A TR AYEEREREHA (inter-sentential CS ) F14)F N 1Y ERG =i
(intra-sentential CS) - E:f1 1), intra-sentential CS {255 Wk (T 758 B R & » R B HEE
= UHRHIIET B 25 - SR —(#4rrY CSASR -

nE G HE A S E 572 m] DARG BRI o3 Ry VU1 51T - 55 = 305 (Language identification,
LID) - &flEs& (data augmentation) ~ #8144 (model adaptation) FIFEAIIZHE (model
improvement) e

B it RAVJTAZ M LID SR EHE ) 7Bl 3 » 2% B S
ASR Z i TaBE s o AF [1-7] detd TEER LID BYRHRBEERS - (B6E S TARY
AR T RIS = PEdisr - RImIVEE S st G 8iet - A S E IR -

S FliskE i B = /235 ASR IEAUHIISH Y — - NIE - BRPEEE CSASR
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tAEEI TR - RoRHE R SEAEE (acoustic) LA (textual) ZokEHIEHE » IR
BB S T SR AR S A « (ER RN T > ST SIS
(noise) S HLHEFTEEFEHET) (speech perturbation) [8] + LR $Hf A S AR ZRIT H )
S A(9, 10] SCAMERE S (text-to-speech , TTS) Fefi[11-13] 78 4 B Sl Gt
W P B SR - SO RN T » CS SE/ATI M A T4 AR HIT(9, 10, 14-
17 A T PR S 4k

SR/ VI CS BRMELL - BB IIGe ko % « SEAMIRI AT AR BRI SR
o CSASR » I 53E BiEF CS Lokl B TSR (pre-trained model)
T (A R AT SR RREE S » thAEEETAT CS ASR 2R « IR » LUAIA —E5(E
AR 5, 18-23] URIFI AR BB =T &Rl CS ASR WU RIFRBRMER

e

b TS 2 A - A — R USRI A5 R[4, 7, 24, 25] - SRR AT ISR R
HIZEES ASR - IS - B AT ZAEHELHE[3-6] » [EFHAIEE[FIFEEE LID F1 CSASR -
HHEY LID &&H AT AEBh CS ASR HYHETT -

CS ASR A HMBIHFM 7% o 1E[26]9F - MRl T —1E H R E &Rk
Sl ke (End-to-end, E2E) CS ASR 1y 7574 - N EIRES Vs = &0 FRRA] - #5
TR = 1 B A AT DUZ B3 S MR OTRER - TE[27] st 58 FRHTE 7 A2 4k
CS FEE RS- 1£[28, 29] > ffHpe i T —FE FH 2 fgt5iE (Multi-graph) #17f#H%5 (decode)
(7 EFEFY CSASR ot » SR e Ky 258 = f i e fl B = B R4S Gk - It
TR 774 AR HeE S B s S s E S WA T BB LA R 2= DUSE AL
S S REE SIS CAE R -

AR s B RS [28]0Y 7% FIEAfERE SRR & Of 7 ATELLE: - £
b = BRI G ORI B Y R4 CS SES AN HaE S A B VB IEAR B
FEBRER AR  1ERE T ARV R 4 S R ORI ZE R K 0702 > BEI =
WE = FEA IS BB SR A OF 704 AR VY A A B RO B et S TR
SIS -

=
(—) TDNN-F

3 AEAHEEARE RS (Time Delay Neural Network, TDNN) #5255 & 2 HHaR[30] - N R
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DUSTE S NSRRI ] E LA RS HEAVAREC > ATEL TDNN SRR EERVRHE - 5B
sk B L B AR - 5550 TDNN (R th & -5 T SR - e ha e & 1%
W E TR A [FIRFE R - ZRBIAGESR - SR (timedelay) By 2 - AwEr = e e
3 EEHE (frame) HYRHE - FEHIEMERHE: - 5% TONN A] LA et E FE R fa] LAY HAs
% - T DA R S IR RIS AR R -

g SC[3L]7F TDNN JEFITARE S Hiask - MR 4R TDNN R [E]> 25 [ 7 FHREE (sub-
sampling) » SO B ALK KR YL 7> 22 (connection) - [REFE(RGET R > HIPRGIIGRERE -
)2 5o B R F AR AYSUAE © £ [31) 5 B v 058 W L)1 Sk 2R b 2 i L 4 i (Deep
Neural Network, DNN) ~ #EEF (H2& 4% (Recurrent Neural Network, RNN)H » 3G EE o AH %t
St -

TDNN-F[32] 2 t& th A i » F1 TDNN Y72 H] EEEARERE » 55— Rk E R F AR
SRR R AR A R T LS5 (B RE PR AR Ry ~F- IE3CRE e (semi-orthogonal matrix) - 41jt:
— > MERESEE > IIRETRERE - WRERFIHERVEERE T - £ RAES Tk
&3 (skip connections) » AT — i i AT E AT H i LR AR IS 75~ — RS A > 5%
AR R DA - HE AR RHIRTE -

(=) LF-MMI

FE R HE 1T 8 Bl I R & F2 71 R SRR RS RE - P DU SR B e LR 17 LA X 0
(Cross entropy){F R85 e B ISR RIS - g BRI =CalloR - TR Al SRR
FHMETA I 6k fic &aB = AU DLZEA: lattice » 28T EE A lattice J&— (W Rty AL -
FEEA/ NI IR ZE R R -

Uk

Z1& A [33]4eH T Lattice-free Maximum Mutual Information (LF-MMI) @Y7
% UEZREGIRRE (state) HUfCgA (word) FRysE SR IUAYERTT - (HEE4 lattice AYETRA]
LIE GPU _E3EFT > B T R(RZE IR - thnth 77 MMI BUGII SRR -
(=) Chain model

AR L EEVEE SR T E R Kaldi[34] - £ Kaldi 1y chain model {4 T LF-
MMI B RIGEISE > B9 T — RS (R RS SR AR ~ PREE - BN © iReR ek
ASE A RAREEL (Hidden Markov Model, HMM) i€ =;REEHUR BEARREHY HMM & (IS &
E BB SERIMETT AR X IEHR{E (cross entropy normalization) #E1T2{T%22E
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LF-MMI Cross Entropy

t f

TDNN-F

*
TDNN-F

+
TDNN-F

TDNN-F
A
TDNN-F

A
MFCC + 1-vector

[&— ~ TDNN-F RS A0HE

(multi-task learning) - EAERIZLRE R 41 E— -

1]

wE S A B B
(—) N-gram FESEEIGH

N-gram 2 — R4 EE S AL - Bk — M EEE RN FHERR
P(wy, Wy, ... ,wyy) » RIS EESEEE (chainrule) FTRERARL TTIL, P(Wilwioq, .., w) - BURES @
[BFREEER (-1 {7 HEIRENATI  SHEEEA > FUGRE2 - 1

P& IS IR (72— 1 order Markov assumption) f&{L > HFEFRERTn (E#F » AT -

M
P(W1'W2; ,WM) ~ l_IP(WiIWi—rHl: ---,Wi—l) (1)

=1
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AEHY n-gram ESHEAGETIEE SO

LMpysion = ALM; + (1-2LM, (2)

Hrh LM, Eyn-gram A% > n =3 » H[J trigram

i
i
S
4

(=) Graph & (WFST &)

£ Kaldi TH &M WFST Fora751 (word sequences) HfiERY HMM state - Ef#
IR R A A R EME AR R AT HMM S85TH > SIS R AR G RIS 4E R - 17
Kaldi T2 HCLG[35] & R8sz » Hul oy BUU{EE S ¢ (1) G * (S A
HUREFPAIEER © () L A SEFEHENATA S 218 S 3)C: HEMN LT
B{% (4) H: HMM FFG 245 RS - &k HCLG Y2 dh# & it TREE L (determinization)

Fifg/ME (minimization) :

HCLG = min(det(H o min(det(C o min(det(L o G)))))) (3)

Hrh o & composition > det /y determinization » min /% minimization -

Wz [28] > $2H £ decode Il FH 2 (il graph &5 & HY multi-graph HE{ TR - 1A [F]
iy graph A5 (union) &&5E R graph- 5855 graph &/ &% H HJ§872 2= [H (searching
space) - [ G AHSZEE
(=) Lattice &ff

Lattice &f[36-38] A1 [E ARt AN lattice » FI-R[E]AYHE EEAIFRL prEL

aff
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N
1
we = argminwﬁz Z AP, (W' |O)L(W, W) 3)

n=1 w'

Hr B,(W'0) B n il lattice AYTRERTEER » 1, K56 n {lH lattice AY4S &1 - L(W, W)
BuEE Y| W RIW ' FE /Y Levenshtein 4REEFEEE (Levenshtein edit distance) - W™ By ¥f& 1 &
GHIXw PAW'|O) LW, W' HEE S ME H Z0ASRE RS (Minimum Bayes Risk) {d

aTHE/IME -

V0~ B R B
(—) &tk

Kimam X EREEER IR S SRS AR 35 230 /N - BEINFAEE
sl BEE R o R SR N A E S B IREEHIN - BT L& R A — R aEE -
WECRG ~ RS o BEEPIR T —AREEESD - I — B - R gL
NEH S HE - S sB R R Fy &R RilEat T B R CSHYRRE (B2 inter-
sentential CS #1 intra-sentential CS) » FpAHkEk LA -

bR T RARHIINSRER > S5 E T BB SGEERL Formosa ERHEERT YouTube
BrEREERRE bR T HRAE R ER - A IS E I - Horfr Formosa sESHE Ry (B 7% ~ 15 »
BRGRAE SFURIMTARIE BV G H 88T (spontaneous speech) HCaEkt - HfEE
T H iy NER-Trs-Vol1 + NER-Trs-Vol2 71 NER-Trs-VoI3 ERHEMFARIGES O - 5
SMBLEE YouTube EAVBABERIE SRR HaBRHEAIEES RSO H5C
Ryl o IR BT Er ol A R sl I A MibR - FrARe & HAvalsRett Ry 635 /)

R

MESRPABES =M (1) RV 5T > BT SR ERPFIS intra-
sentential CS » 1/ » ERMEEM a4 B Eaksf o sl - (2) allslsE - NEE
— i/ D RAVEA$4EE - Ba s~ O CS IEA#qE - A 3 /N - (3) &AM
alfE > i 33 (S A PR BRI - 100 &) RdCEes T EE =) > BRI Ry
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DA Sz By RSB intra-sentential CS » 327 6 /]I -

SEAMEE B P SRR ZOR SR AR N-gram 31630 045 (1) Meeting LM -
FIELETS 230 /NG oy — 53 sk 5 SO O G A 3 2 0 - (2)
General LM » Fi] Chinese Gigaword ZEfHE iy 435 B BB RS T 3B 2 L - (3)
Keyword LM » FE4 Al It S0 SO A 2RISR BATRE 2 158 < 34 » Meeting LM A
Keyword LM 5 CS #2157 » General LM i Biaf = 117 - 3| G20 RMRET A1 — -

T~ B S HAIE SR LA ER

FE % TH
Meeting LM 551,141 1,605,545
General LM 627,819,651 1,534,226,867
Keyword LM 3,043 16,184

B AR SR BRI —(ERE SR 2 5 T B E S e E R
[F]%HI (domain) HYRESIELY - BAREAEIRT M A AL R E MRS - A SR (A
HAREEAY BRI

(&) EhEE
FERE SR BT D G E R L 40 SERVH ISR ERE 2.8 (Mel-Frequency Cepstral
Coefficients, MFCC) i1 3 44 (pitch) » 3535 | 100 4 i-vector -
BH7> TDNN-F [RE2)146 » 208 7 Kaldi (BHIZ5 (script) 3724k - RAa 2T 17
1536 4Efy TDNN-F - &gy REFE RS (bottleneck) 5%y 160 4 -
B ERSE RATETE 7 AR A RIS 25% (Mixed error rate, MER) » B35S0 548 a0
# (Word error rate, WER) - FiSZER #8755 (Character error rate, CER) -

I[3
4

(=) EhpsERednth

FsER0R " > 777EQ) — Q) A FHE(EE S A TR (VSR - 1E8uE
T3 Meeting LM ~ General LM F1 Keyword LM 53 BIIfE grakss =l SE - RAHEE
PO AR B AL A 58 S IS YA EL RS AR AR -

J37(4)— (6) & Meeting LM A1 Keyword LM F£ =f&A [EJg RV & (GEE LB 1
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£ FEBRAE LA D 84 MER

| sk | o | e | &9 |,
7374 e HEEE PalERYCS
Meeting LM (M)—(1) 27.85 40.48 18.75 29.03
General LM (G)—(2) 41.72 39.83 18.54 33.36
Keyword LM (K) —(3) 94.31 2.46 80.05 58.94
N-gram LM & H£(M+K) — (4) 28.61 2.97 18.61 16.73
Graph &3£(M+K)—(5) 28.06 3.02 19.29 16.79
Lattice & (M+K)—(6) 70.07 3.25 49.28 40.87
N-gram LM &H£(G+K)—(7) 42.46 2.92 19.47 21.62
Graph & f£(G+K)—(8) 42.04 2.81 19.25 21.37
Lattice &H(G+K)—(9) 84.66 3.28 46.98 44.97
N-gram LM & (M+G+K) — (10) 29.68 3.19 15.82 16.23
Graph &H£(M+G+K) —(11) 28.18 3.00 18.80 16.66
Lattice &F(M+G+K)—(12) 68.06 3.68 40.44 37.39
Mixed LM (M+G+K) —(13) 35.57 6.55 16.70 19.61

1) J57A(7)—(9) s General LM A1 Keyword LM {£ =f&A[E] g XAV EH GEEELER 1
1) - EH777A(L) A% Meeting LM HLE{E & A AR SENT MER H1 General LM A £045=
BE > FTPAJTA(4) — O)seE = EHIEEEEN A IR 5 f 2 » General LM [R5+ &afkik
EHEEARE ALY - FrLl7AT) — (8)FY°F MER tEJ77A(4) —(B)7%= © SANERTTE
(6)F1(9) FIZ¢ 3 Lattice & ff RAER APHEN A 4FUCR - HAHEER MER #RS - 4
{FHEAIAL Ry Keyword LM J2 FIFFE (RIS Y B RH ISR R - 48 Lattice &0V 7 AMHER
HoAth 7754 By B R HAMEE S A YRR -

J572(10)— (12) B Meeting LM ~ General LM F1 Keyword LM 1 =fE A [E] @ KA & 0F
GEEtEfIR 1011 1) - J57RQ2RITTA6) ~ (O)— ke RAER AIMEEE A G UR » M7k
(10)M1(11)HY-F#59 MER tE H HIM(ERE S IEM & HE 2R B E Tt =(EE S IEAIREE
ASR Z 4 AF = [ HIEA SR AR A Ayt -

SN J77E(13) Rtk = (MR8 SR AL AR E L & GRHE — L AR Rl — (858 S A
TR HIIYEE SR 12729 MER BYLLEGE R ATE8 I R 7 A (L0) ML)y &0 A& tE
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Mt BN R EM M E I EE MER #75 -

T~ 4w

A SRS AR RAVESHA S 05 CSASR | HH RS G A FRE SR
RINESS LIEAR RV IR LA R AR - Bl E iR 7343 N-gram 58 S15EAUHY
G HFf Graph By &GS ERE A ROMES & A [FIRE SRRV ESS » WRETE S (E L A0
BRI BRI G A FREE S RARSCR A - 088 TR ERER S =
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T
BAEA T2 IR A CERAR S S0 BF R RN Em G EIME T RES
TERIIFER - BFERREE CE Ee RN S RS S — (3mSR s a7 2 h
REEERIE MES A B B 2GE SR TR - I ISE R S R R e -
KT A B B LR R Y - ARSI B R $RH— B R R 2 i i S e A 4
FE2EM - (EZEFHIE RIS TERS F1 738 63.28 » LLE NGB HINY 2 40F BAFHYREE ©
Abstract

A huge number of scientific papers have been authored by non-native English speakers. There
is a large demand for effective computer-based writing tools to help writers composing
scientific articles. The Automated Evaluation of Scientific Writing (AESW) shared task seeks
to promote the use of NLP tools for improving the quality of scientific writing in English by
predicting whether a given sentence needs language editing or not. In this study, we propose
an ensemble multi-channel BiLSTM-CNN model based on a series of experiments in

comparing the number of channels, network architectures, and ensemble size. Our model

achieved an F1 score of 63.28 outperforms participating systems in the AESW 2016 task.
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FdteE ¢ SERCERE ~ ZImEHACHERS - BEIRERTAL, BHECL

Keywords: Ensemble Learning, Multi-channel Neural Networks, Automated Writing

Evaluation, Scientific English
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SRR FEREEEREES 2 — 0 B 67 (EE BT BN E e S 0 JEE

FHIBRZ i E HR S S  Ry 3 — A MNE s —ANEER Y - SRS A VUE R B 5
i B EERASGENENS - EEEL FE . WRNEEERERINMIAT L
ek o AT MoK F R R B YRR 3R 50 » NI RS R RHy B B ba
T EAFEKEAH ENY - —(EARWEELEFELE  fTUEBSEFEREERE L
HIsEER » $E BRI R AR A TR « B T L HEME TR - 55
ESEAITIE (R — 3R - AT ZIIERHEE © Helping Our Own (HOO)&—
ZIIANBIEESOESERRIELRS [1][2] © CoNLL 2013/2014 BREHHER RIE LSR5
S BRI SOESE A IE[3][4] -

AT P T E RO R R S B R 38 EE (Automated Evaluation of Scientific
Writing, AESW) - AESW 2016 SEHIEE T HAVE SRR S EREE S R (EERRGR
XHTE B FRHE T EAVERE(S] - (BN E T RyWi{E 5« —2 It BT - i
AHVEFHE R BT EE S IR WFRE AT Ry True - ;2 Fy False ; Bt
P TR A ) R R R E - A R [EIAYEE ik A DL A A B A A 5
ESETH_ & A EGRG AW 7EA B BAVERIRIE 455 2185k A (word embedding)
BRI AEES (Convolutional Neural Network, CNN ) DLk A7 HAZC IR HAC4EES (Long
Short-Term Neural Network, LSTM ) Wi{[E%< [ 22 E 0y ALY » FEH B EnttiomE% -
FRARIZERE - SERECE TEB— 0 BRE Y 7 22 » i SR a2 i e S AR 4 - Ao
alEE BT 63.28 1Y F1 738y - BUREIGHYAMILE - A E a0 B -

/

Ulll’

» ERUANRE

MR A 574 By Ee pl = 20 i e FE (AR A R (Ensemble Multi-Channel BiLSTM-CNN )
A HASREEIE—  HEEmER A - i@ A - S nRE IR - BEHE
MR FTEE A o
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By TRz ol RE 0 Hinton 73 1986 fE£2H Distributed Representations » i FTA 54
() S 4 i {IE( ] [m S 22 ] - {8 e B AU R 2= ] Y — TG - SREEALRG > FeTry R B Ry da]
[EIRVARELTEL6] © & I H (4 EEH] I & T 2A Word2vec, GloVe, fastText = Word2Vec fy
Mikolov A 2103 4FH2H » (i E 48 5 535 A (continuous bag of words, CBOW)A{I skip-
gram - DR E A E BN EASZ B EGEN & F[7] - GloVe B SEFHIERE R 2014 F42H
B SOR A A 52 H B (Co-occurrence Matrix) » S FHEIFAREFTHIGR - 513 5 ]
&[8] ° fastText /%y Facebook 7~ 2016 $£H » fHEZ Y Word2vec - fastText 5[ A T N-gram %
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JEEH PR G {sE ] subword SREZEEAR S $£5[9] -

ARAFEER A = {85 1 A AL 7 Fy © Word2vee ‘B J7FIH GoogleNews dataset Firsl|
SR A B AL B2 Ry 300 4[] 1Y 300 E#5{E 56 - GloVe ‘B J7F( A Common Crawl
BRHERTHISRNT glove.840.300d Ga][= EEAY > HLE 300 4ERY 220 H{E 75 o fastText B
JiHR AL Wikipedia Firdll4RHY 294 (&R [ElEE S VG A & R AV m & - HEE iz
300 4 -

(2) ~ BREMHLEAEEL(Convolutional Neural Network, CNN)

G AR (CNN R E EAE — - B G EA HERRE - e ARUa B 24E
EPHERE T ~ 28 TNEEFS - /£ 2016 4F DeepMind & &5 REEIE=IE
(MCTS) BLZESTE A (DCNNFR A EELARA S AlphaGo - Sif Bz B EE 1.
P FUS B R B IR LI DU — oS - 5 [REEFRERE -

CNN A Wi {E £2E# 53 - % F&(Convolution Layer) It {L )& (Pooling Layer) » #151/&
Ein e A G ERVEE R BT E SR AR O S ER0% 1 Doy pls
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(1) ~ B2 (Ensemble Learning)
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(—) ~ B
HERE VBRI R AESW 2016 RIS HBRPHIBIESG B AtV ER 2% —
(EARMEA PR RFERE BT E e R EE S R PG SR FRVIRH
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1,196,940 2 > Hrr 466,672 2 HALHE S 4miE(True £H50) > #fESEH 148478 %> H
57,340 F HACEE S A > MHGERA 143,784 - BRI P EE S GREREEBIILI(E Y
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Hha—
CNN
I\(/ENN or q HE =
c-CNN \
Mc-CNN Mo-CNI-
r BIiLSTM
R — L Mec-BiLSTM-
LSTM CNN
LSTM or //
BIiLSTM
BIiLSTM
Bt~ BhERE
(o)~ B4R
F(EEERILEREEE - 8@ -

HERATEEM A EE
k= BilE

SRR N =

HE

=

L

Ensemble "I Testing

= IHE{E CNN R ES BRI IR > DURE
PUR gl e B &SR - A [F 8
e LUME A GloVe Fyar] Al EHF R R

BRI AR R R =
F5 0.6422 > PR EER ATIGHI =

HiE1Y Word2vec+ FastText+GloVe 404

> EREASUERSE A T HYERE
F— ~ BiEE CNN Rt iRauaiR
Embedding Avg. Precision Avg. Recall Avg. F1 F1 Std.
GloVe 0.5484 0.7661 0.6392 0.0004
fastText 0.5991 0.6729 0.6365 0.0012
Word2vec 0.5763 0.7065 0.6347 0.0016
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T BEEIE CNN SRR EAVEER

Embedding Avg. Precision | Avg. Recall Avg. F1 F1 Std.
Word2vec + GloVe 0.5636 0.7354 0.6375 0.0014
GloVe + Word2vec 0.5753 0.7129 0.6367 0.0011

GloVe + fastText 0.5683 0.7266 0.6375 0.0031
fastText + GloVe 0.5507 0.7617 0.6390 0.0024
fastText + Word2vec 0.5647 0.7241 0.6341 0.0029
Word2vec + fastText 0.5746 0.7121 0.6360 0.0010
=~ ZiEiE CNN jrasEEfsE R
Embedding Avg. Precision | Avg. Recall | Avg. F1 F1 Std.
Word2vec + GloVe + fastText 0.5617 0.7473 0.6404 0.0028
GloVe + Word2vec + fastText 0.5638 0.7383 0.6391 0.0003
GloVe + fastText + Word2vec 0.5654 0.7376 0.6400 0.0023
fastText + GloVe + Word2vec 0.5423 0.7838 0.6403 0.0030
fastText + Word2vec + GloVe 0.5722 0.7264 0.6396 0.0036
Word2vec + fastText + GloVe 0.5524 0.7671 0.6422 0.0017

L

(=) B
B (EEEnb i R
EE AR IRE - BB

£ [H RAHEC ISR (LSTM vs. BILSTM)ELL(LHS EAVRIA - {E 1%
BERPARIAY IR I BIER VU K > LSTM L GloVe fyil ]

EIFRIFELT > I Fl1 B 0.6419 ; BiLSTM LA GloVe Bygdl[m EHFRIFALT ‘9 F1 A
0.6473 - 5% LSTM - EAgiAHEwAHE - BILSTM REXERUATRSGHE > BUE &rE AR
HSEHYERS
VU ~ LSTM frad e SERYEE R
Embedding Avg. Precision Avg. Recall Avg. F1 F1 Std.
GloVe 0.5201 0.8383 0.6419 0.0007
fastText 0.5151 0.8359 0.6373 0.0020
Word2vec 0.5221 0.8264 0.6399 0.0013
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F 7 - BILSTM A2 R EY4E R

Embedding Avg. Precision Avg. Recall Avg. F1 F1 Std.
GloVe 0.5529 0.7803 0.6473 0.0002
fastText 0.5458 0.7888 0.6452 0.0004
Word2vec 0.5443 0.7889 0.6441 0.0006

() HE=

FHEAERRIE AT EERREAER - B2 iE - BILSTM 81 CNN & - I Rk
FAEIES » 58 FH 2% il i IR e 4 655 () & 4H & Word2vectfastText+GloVe » B iR&RECHY
RN o WBHARL T Rorft an] R 4K CNN HU{S feature map F3E A BiILSTM » &3]

Z ° Mc-BiLSTM-CNN {315 F1 £ 0.6536 87 Mc-CNN-BiLSTM 11y 0.6491 21547 -

227N ~ Mc-BiLSTM-CNN £ Mc-CNN-BIiLSTM jA 25 R ERY45 5

Model Avg. Precision | Avg. Recall Avg. F1 F1 Std.
Mc-BiLSTM-CNN 0.5529 0.7803 0.6473 0.0002
Mc-CNN-BiLSTM 0.5458 0.7888 0.6452 0.0004

(1) ~ 5
FUUEE R T Brs EE R (ensemble) E2EHBUR - FI B B =P EHIBAIZERE - 2480
sl R T B AR USRI AL FEATAT N % > 5 (N/2) +1 (EfE AR TGS SR e
ZAER R BZASCERR K2R - EhadE Rt UG N & 3 M1 5 1
RIETAD > BEHOE] 7 R 9 W&~ 2A1eTt - 11 IFAOmFRIAE R - NI E R &

EEAYAT 9 RS 28 -
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Zt ~ Ensemble Mc-BiLSTM-CNN jA & AT 4E R

Ensemble (N) Precision Recall F1
3 0.5606 0.7980 0.65860
5 0.5599 0.8010 0.65911
7 0.5586 0.8040 0.65928
9 0.5676 0.7866 0.65994
11 0.5652 0.7907 0.65924

(N) ~ B

KeDL BB R YRR - 72 AESW2016 BIFEEHIFHIEES - BRsg peas R T/ -
BB ERTHIAAAIE » S imiE b B RSB EE DU BB R A R
KB TTE - MRIVAE B 35BS B R MW A ML B MAy i s 4y
Ensemble(N=9) Mc-BiLSTM-CNN 7%l F1 438 0.6328 » {8k T FSIR G- iy i A 22 =]
%7 0.6278 -

%/~ i SRR EE R

Method Precision Recall F1
CNN 0.5274 0.7153 0.6071
Mc-CNN 0.5256 0.7405 0.6148
LST™M 0.4786 0.8316 0.6076
BiLSTM 0.5157 0.7735 0.6188
Mc-CNN-BiLSTM 0.5257 0.7581 0.6209
Mc-BiLSTM-CNN 0.5144 0.7988 0.6258

Ensemble (N=9)
0.5359 0.7724 0.6328
Mec-BiLSTM-CNN
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TS~ MEEERESERRAIELE

Team Method Precision Recall F1
Hu CNN, RNN, LSTM 0.5444 0.7413 0.6278
HITS HMM, Logistic Regression 0.3765 0.9480 0.5389
ISWD SVM, SubSet Tree kernel 0.4482 0.7279 0.5548
Knowlet MaxEnt 0.6241 0.3685 0.4634
NTNU-YZU CNN 0.5025 0.7785 0.6108
UW-SU MaxEnt 0.4145 0.8201 0.5507

Ensemble (N=9)
Ours 0.5359 0.7724 0.6328
Mc-BiLSTM-CNN

Y~ &

RTINS R S 4mlE - R — (BN TR (5
AESW2016 BRFSEERAVE R EERREE JTARRY - T 70N - BB ERYFLE IR
TR LU E Sy EAT > 1548 B Ba A [FH5E 5 2 (Glo Ve, Word2vec, fastText)

e (BRI ~ A IE - =) ~ BAYAYPEEE(CNN vs. Mc-CNN,  LSTM vs. BiLSTM, Mc-
CNN-BILSTM vs. Mc-BiLSTM-CNN) » #I| Ensemble {## - f%{&%¢H T Ensemble (N=9)
Mc-BiLSTM-CNN £l 2% i 1B S (aC Qe A A - 752 — A F A Resa] m & A
ol t AR 4 S B PRI &5 SR Y 0 LAY > SR DTA RS B RIRFEY F1 085
0.6328 » ErEIFSEFO P REEATIVERI S - RARAERR T FFRE 0 & 2 4h - m] DR
FHBhREEE M 240 © BERT B¢# /& ELMO - B(/Z (5 ] Transformer #7575
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RS

HERSIEYIC RIS IR E AN BRI - G HE G E AT LA E R - 1A
LS TR PR FIRIHY S — SRR AL - By T RRDAR P RS fE AR R R Y 7R
Ko AHFEE ] E 28E S e B B S ER B Rl - E sl R P 2 SRR A A o K
AH5E HHY RofdtE— (8 2 IRy BIEBE RS HER R RS Z MRS
THEREEVFCERAE > LLURGFE R T Rt AT SRR M sH B © A5 E Ll TF-
IDF #1 Word Embeddings <& Fyfd s [=] &8 F AT TR Z0E R - DU ERA Extra Trees -
Logistic Regression ~ Random Forest ~ SVM 5 VUfE{& 2328 5 /R B A Ef T4 Ja s R R
3L AW E RS IR E TF-IDF AYEERHEEEA - DURFERD Extra Trees S34HFAAY > H
TIRRUR e - &2 0.8285F1 0 - BURER KA E M 2 % & M AR S ] A
S a k| 1A
Abstract

Online shopping (e-commerce) has become an indispensable type of consumption today. The
problems faced by the customer service center in e-commerce back-offices are more

complicated. This research’s core content is to explore how the customer service center to

improve the workflow to provide customer’s needs solutions by using machine learning
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technology. In this study, the detailed and rough types of multi-label detection predicted model
was trained by the customers’ questions texts about the products of auction website

“RUTEN" . The TF-IDF and Word Embeddings methods were used to extract the text
features, and we experiment with Extra Trees ~ Logistic Regression ~ Random Forest ~ SVM
classification models to build a multi-label detection model. The overall result of experiments,

the features extracted by the TF-IDF method, and detected by the Extra Trees classification

model have performed a better F1 score with 0.82846.
pAgEEE - ERUER M - SEEENES - SCFER SR E o e -

Keywords: Question Classification, Multi-Label Detection, Text Mining, Word Embeddings

and Machine Learning
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EHVER 52 Fy 4,754 (B EEEH > g/ DA 50 {EEEEH - 1] Word Embeddings #357 » 5%
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HELEE - ATLURIER 8 FR -
7 SR R AR E

EE(LITA A E(H
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TF-IDF 1500, 2000, 2500. 3000, 3500, 4000, 4500, 4754
Word Embeddin 50, 100, 150, 200, 250, 300, 350, 400, 450, 500, 550,
g 600, 650, 700, 750. 800, 850, 900, 950, 1000
F 8 HEHEVESYELTE
TREEEE S ATE ZEERTE
Extra Trees FRIEEE (n_estimators) 100,200, 300, 400, 500, 750, 1000
TE#H{E(penalty) 12
Logistic Regression K55 (solver) Ibfgs ~ newton-cg
IERLEEE AV EIE(C) 1, 10, 100, 1000, 10000, 100000, 1000000
Random Forest T & (n_estimators) 100, 200, 300, 400, 500, 750, 1000
ey # (kernel) rbf ~ linear ~ poly ~ sigmoid
SVM ,
scale’(gamma) 0.01,0.1, 1, 10, auto

¥ HERRIIS RIS I HELE -
(=) SR ks
B e LUgss R EETHHIGE SR 1T R R S BEUE 845 W DU (2 B HEE R
TGS LT TR RGSE A - TR SR T IR Al - ST E I
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* 9 MBS R BOSER

BEvE  XEREA ESE Accuracy Precision Recall F1
Extra Trees $51#1=1000, estimators=400 0.6214 0.9146  0.63560 0.7500
Doc2Vec Logistic Regression 4%£=800, solver=newton-cg, C=1 0.6736 0.8519 0.7797 0.8142
Random Forest $5#=750, estimators=400 0.6275 0.9162 0.6483 0.7593
SVM $51#=550, kernel=linear, gamma=auto 0.6832  0.8560 0.7811 0.8168
Extra Trees $5#=750, estimators=300 0.6171 09166 0.6285 0.7457
FastText Logistic Regression 4%1#=600, solver=newton-cg, C=100  0.6658 0.8266  0.7910 0.8084
Random Forest 51#=750, estimators=200 0.6240 0.9042 0.64620 0.7537
SVM $51#=850, kernel=linear, gamma=auto 0.6710 0.8558 0.7670 0.8089
Extra Trees $5#=400, n_estimators=750 0.7172  0.8820 0.7811 0.8285
TE-IDF Logistic Regression 45#=3500, solver=newton-cg, C=10  0.6954 0.8720 0.7698 0.8177
Random Forest ¥5{#=450, estimators=1000 0.7215 0.8901 0.7719 0.8268
SVM ¥5{#=3500, kernel=linear, gamma=auto 0.7102  0.8911 0.7691 0.8256
Extra Trees 51#=850, n_estimators=500 0.6310 0.9138 0.6511 0.7604
Word2Vec Logistic Regression 451#=650, solver=newton-cg, C=10 0.6641 0.8432 0.7712 0.8056
Random Forest $51£1=850, estimators=400 0.6414 0.9098 0.6695 0.7714
SVM $518=550, kernel=linear, gamma=auto  0.6728 0.8551 0.7754 0.8133

Wi 10 BdgFR  HE &R TR S NI SRS 7 DA TF-IDF 50 Extra Trees
AITEDRIS R B > F1 43850 0.8734 5 T Word Embeddings HI|LIFEHD Logistic Regression
TR ST -

7 10 SHIEEE > TOBREERI R RO R

Bt OlEER ESE Accuracy Precision Recall F1
Extra Trees $541=900, estimators=1000 0.7041 0.9029 0.7437 0.8156
Doc2Vec Logistic Regression 45{#=850, solver=newton-cg, C=1000 0.7285  0.8668  0.8244 0.8451
Random Forest ¥5181=1000, estimators=750 0.7032  0.8987 0.7489 0.8170
SVM ¥5#=750, kernel=linear, gamma=auto 0.7206  0.8728  0.8133 0.8420
Extra Trees $581=900, estimators=1000 0.6928 0.8943  0.7333 0.8059
FastText Logistic Regression $51#=850, solver=newton-cg, C=1000 0.7372  0.8584  0.8444 0.8514
Random Forest #5481=1000, estimators=750 0.7084 0.8919  0.7578 0.8194
SVM 51#=650, kernel=linear, gamma=auto 0.7163  0.8689  0.8148 0.8410
Extra Trees H51#=4500, n_estimators=300 0.7807  0.8944  0.8533 0.8734
TE-IDF Logistic Regression #5{£=4754, solver=newton-cg, C=10  0.7502  0.8867  0.8289 0.8568
Random Forest ¥5181=350, estimators=300 0.7641 0.8764 0.8348 0.8551
SVM H5#=4754, kernel=linear, gamma=auto 0.7572  0.8895  0.8289 0.8581
Extra Trees $5{#=450, n_estimators=100 0.6928 0.9044 0.7356 0.8113
Word2Vec Logistic Regression $51#=750, solver=newton-cg, C=10000 0.7102  0.8393  0.8356 0.8374
Random Forest $518=550, estimators=300 0.7041 0.9041 0.7541 0.8223
SVM 5{#=500, kernel=linear, gamma=auto 0.7111 0.8653  0.8089 0.8361
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Embeddings $ {8 K2 i A #ekF A TR -

% 12 HES S S R TR 2 B

#E oy, FIE R o EE TN A%
e fim =Am ET Tmm T e BR miEm R

TF-IDF 08571 0.8269 0.7482 0.9349 04706 0.8603 0.4400 0.6323 0.6919 0.3429

Word 0.7692 0.8361 0.7733 0.9280 0.5600 0.8362 0.5455 0.6282 0.5864 0.4167
Embeddings
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(

(eI AE A B IFE A ACE - BemE RS | AR EER R & e 5 -
A NS EREYGEAEERE - (EEER A TR BRE SRS EE
B BMNEI R KA E - Ao - AR AAEEIRE A ERE > LA
AWtFEE 2 RS FAE R R R (RIS S BRI R 5 B 0H E
SRR 5 — SR QIO SR S T A - TEAR Bk 7y - A o S T
R HMafREERA S - STER - &R B BRI & P A - PR
BRZ PR - A T REFRE > EEE Ve RSB S S8 itz kAR
Z MR B sh il 2 5 #iA - R AR A\ B B 78 NS HY[EIRS » IR aLR R THE
[ 73 A | B A TR > ZE BRI ACR - Z AR BT B LAY o] DAY B33 A e A
anBCE RSN - BN HEA BRI T AR B - A BIMES — IS MTREE S, -

i~ dlsmEL R

AIHFEEERG DA TF-IDF $ERC AR RASHS ST A 0 S TERSOR o B HIS By TR 73 57
M > F1 BRI 0.8734 5 (i3 JEEEAE ~ ey NS R A
0.8285 - B — A RATENII LA TF-IDF FrE(E ARG F1 38 AR A -
AILL Word Embeddings $# 20 (BRI TR RS » BN IEAHUTS IR pCE R ET TE R > b
FETTEER a2 UHIG & PR ESORE R (RE B R s P R 0 A\ TRl
SaCkR B A o AT E B AR A RVRHEE AR UE FUA s o S A TR AT - B
SERWEIR T BIRCR A /(AL - 11t - AT setAlis 7 = 2R 2 SR a s
B - RSB E R 2 % BRI T 2 B B -

ARWFEERH#EH TF-IDF LUK Word Embeddings WIERHEENH BRI THERELES - HEZR
eRa TN LA TF-IDF #5hy > {HEFHY 2 RS MRE - HILL Word Embeddings RETT 2K
TR > 1M TE-IDF RIREST B — AR R PG RN - AWTFEHIR AR E
THE ML TSRO - ISR ERE R AT Ze A R R REEC IR A > (2 H B R e ]
2 AR RSO SAH BL SRy R R TR e A s o] DU SO 8 S Y oy FRRA A -
HF R = K B EE R A R 5B BE T {1t Word Embeddings 31145 » 2280 HLFE I SR dit R B 2 42
T o AEARANFE T > 0] LAER A THENIRAY Word Embeddings 1578 - #1735 [ B A0 - 1
AT FOMRER « FIA0{EH BERT HYTHAN SRS - 258 b SCARHE AT F M -
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ETEFRERE

Email Writing Assistant System

SR % Jason S. Chang
#5E&¥ Ching-Yu Yang
#2718 Guan-Fu Peng
BRI 1T 5 HE KB S T F2 2 % Department of Computer Science, National Tsing Hua

University

elmon@nlplab.cc, Jason@nlplab.cc, chingyu@nlplab.cc

e

FEAGm ST eI 40— TS R E H Y Z S R AR R R (R ek Ay 7
& AT > BT ERILRIEE P TR > 2R e (ER Y % 1D
fhrb o HCE R R EE > M HEERDE A 8 - R — 81 —dHAYEES - T
R > Zdete e = A - EERHE RN R B - DU ISR - (M
AL 574 - DICVERRRUE - gl —EE TR IFEE R4 EmailDr -

Abstract

We introduce a method for learning to provide writing suggestions for writing an email
for a specific purpose. In our approach, emails are divided into categories aimed at
finding common phrases for making suggestions. The method involves automatically
extracting common phrases for every email category, and automatically clustering
phrases for more effective suggestions. At run-time, the system accepts user’s input
and matches the input with common phrases for the specific purpose, to offer
suggestions for what to write next. We have implemented the propose method and

present a prototype email suggestion system, EmailDr.
FASEGE © BARGES I, B AE, EEM

Keywords: NLP, Smart Compose, Email
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FEERHT I H T A - AR EE T Ao @R T = - RIS R E T
EEEAEN T B AR AT 2% > 41 Grammarly (https://www.grammarly.com/) ~

Gmail (https://www.gmail.com) -~ Whitesmoke (http://www.whitesmoke.com/) Zf
% o HATFRVETEARFELR - ZFRBHERE - SUESFESOASES -
I HiR Bt R M RS i - SR DNRE EDEE B 2ASE S e BB o S S AHRE - =]
DUSEIE G HVBER » A S fER— R e RIS (E - ER MBI
HHLIRE - HATE T HEAH E ORI 2= -

AT > Gmail EAEFIIATE[E &S R E TS - SRR T AER A &
PR IS LR RS R &S ERVEH] - W B EA R e BRI E
(5 > RAEEE R EAV R FER - FEHEES L AT HEuHE A HAvHIE
[BHA - GEMAESS - AMERAEANES —HEE > —HEFSERANE
afl o BEAh > FEERAE ARG ER - Gmail STAR IS FE -

Rt AR SR T77% - FIF TR EEAEERA it 53 FlsEsE > 1868
SN - R RE TS ARG Rl EE RS SEAE
DIE HEENEE -

BOIPRER - BE—EBEER - BEHEWA Twould liketo” W » HiFHTE
i A[RER Twould like to invite you to . ..”  H'Z b » By T HRALUEE IR
e > BRI AT HIRAE T EEEE W REERAN SN E - a1t
A BT DR HE L ERER BTN - BUREEEOE G A 5E -

AR — B0V E T E 5 FHB) 2% EmailDr » ] DL H B E2 BN mHE2
(EEEErATER A (140 1 would like to) » RTINS X E R E(ESHEE R
SE(5140 1 would like to invite you to ) > HI[E—FfT: © EmailDr $£51 4357 Enron
Email Dataset HHYER} » WatE(EFIEIEFESHA 5 - DEFIE GRS
EHZESEBRIREE - 1IN Bh— RS AT LUE B G R B - i
TARES R 2 FEH FEERE A 58 - S22 EE R FRE

= ~ HERETSE
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IR E TENSORANITE - PFFSCERIE ~ BRI SE S S FEE 2%
HITHEE > B HAGE S B R AP ST SHIE o FEPFF SCERIE » Grammarly
LLK. Linggle {£38 J5 HIMS 7 FF 2 5¢ - MiEHE AR AIE EmailPro PR
Gmail 7 FAEHHZHE - EmailPro ZAE LA FRIER] N - FRfh (0 FHZ S - M
Gmail (Y REE R A2 A - A DUE B E Ry e B D 2R AVHE e ar] - A S
EEEREERAA - RHIEAR ST - Gt E TRy EFE N L - 20
R A A S BT

EE SRR AR > MR AER A EEBE 2 T - 15k CEE
H{tH% » FIF Macmillan English Dictionary B} » S HE A s BILIF -
[2] REAI It RSS2 - stERIEINE LB - FELLER AR SRV A -

AL RS Smadja EEDA LA RRFERCE] - s T2 Rl e s A a5 R 5
7\ o FEHCER HY B2 A R A Gea Y T U Ge s R T s B s SR el o > FE
BB R RCE (T S Y - SRR (E S A PR Ay EEREAE BRI A
8o Al Bh A e RAT AR RR

BRI ARRARYRAZE > [3] 2 FIF Smadja HELE - B EEEIAEWEER « &
oAy IR AR S IR BCaR) - DU & e aa] R A 2R B 3 B 2 ] Y EE
EHSATREAE - ST R LR W E B AR e BRI SR REUWE Ry
TEFERERFAY skip bigram > HE[T 28 HH KB = HY skip bigram E RyE S HURERCE) - 1
BB MEEIE T HYE R TR ET RIS BCE - A SRERERCE PR ek - DAk
HIRAIERCE R eg - RS EIEEPI R G R Eil REdr s ica - HErTE
SRR o BHEAMHSCEE Bt R R iR > DL NLTK sPeyE A E
FoDhfesa - SuE NADIRERERVER - BRI A AR RCEE T AR DA AL
HATEAEAGER PO > FMTAIA Linggle AV EIEALIRE - RESEERL - #ELL
FPAR AR NEVE S

MER DRSS IERE 280 > AP e —ERFH A% - FAHE
SERRELAFIY SRS R N- A (N-gram) - REF& AR BLEUA IV BARCE G AH AL LG
¥ BREEHPSOREERERR - EFERSE - BUEAESEE: -
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=~ W5

s LAY H B Ry bR — (B T E B S 2450 - R0 EARY R H5E -
WFE AR THIPEEETT - Al (—) BEftamE - (Z) ApdEHEc
a0 (=) Rt RAFRYEEER - (U) EILTRMAIAAS -

(—) BEREEHE:

FIF spaCy E{ff#fT WriteExpress (https:/www.writeexpress.com/)
BN AT FREIEERTEEE (part-of-speech tag) ~ 443} 5 (noun chunk) TF&
afl > FFLAEA 5 55 Ay token BE{i72lcD)] Ngram (n fE 3~5) » Z1% > FfRIE Ngram off
HYEHE token Ga|PEZH HIAH T ERY grammar pattern ((2#5HY grammar pattern & {i{
lemmatization) - FEAHAFERAIT
1. $¥rlH)5- 2 &4 (Part-of-Speech Tag)
4] (e.g., "My husband and I will be delighted to be part of the celebration.") £X

spaCy EAEE » FlelEE1E & [DET NOUN CCONJ PRON VERB AUX ADJ
PART AUX NOUN ADP DET NOUN PUNCT] » 443 2 35 % [My husband, I, part,
the celebration]
2. EEAE Ngram &}
) DA={E S e A B - B4R Ngram » DL ERaitE)+ B o] - D) 2REY
Ngram /5 [My husband and, My husband and I, My husband and I will, ...| 3240
é\ o
3. 46 Ngram B 25 5119401 Neram $5504500H SEAVZ5H + FSHBAAY grammar
pattern JE=, (e.g., “My husband and I will “E#z % “My n. and SOMEONE v.”
PIK  “My husband and SOMEONE v.” )
HfMIA 63 MEHER] - HrpA 2 HEREGh - BIER 2k - EEPERE
FEA: 4,132,282 78 Ngram » $£7 3069634 {[E grammar pattern 737f7E 61 FHH » It
H 818,169 fHA[E]HY grammar pattern °

(=) ApdEiicss
BHFEHEHC Sl 28 5 U SE base word 11 collocate Wi flH Bi3a] » m]LLECERR(W,W1) -
EE40 listen I music HY collocation €% k% (listen, music) » 4 H& F AV EE - i3
FEE{] bigram (Y=, > % A skip bigram - #H14t51 Enron Email Dataset (1Y skip-
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gram FEZEEH - WFH Smadja EEDAEREE D STRAVIEECEE o G55 0] DURIZGHE
ARG ECR SEEERY Ngram (1 5d#2 8 Lexical Bundle HYRES: » RIFEAESE =2
HefMIiF iR 5EHY Ngram 7% Fy Lexical Bundle) » sEHAVPERAI N (RR—)

1. #H window size = 5 2 NIYFTE skip-bigram °

2. TR EHE BB BRI ~ &R -

3. (REFFE Smadja’ s Algorithm EfBETAERYFEFCE -

left token /=571 | right token 557 distance count
invite you 1 2087
invite to 2 2081
invite attend 3 210
thank you 1 5861
thank for 2 3655
thank your 3 1208

total collocations 969750

F— ~ Smadja EEEA AT ECEE

(=) EpEAsH
T FHES 20 Fivie A A IC 58] Sl 56 — B0 AE 2R Y Ngram « PRIRS SR FHE] lexical
bundle FYRES: > PRILFRA IR 48 HIEZ5 0k} B lexical bundle  lexical bundle
AURESFEE] » —4H lexical bundle ¥ & A function word GE#EFIEEA nitk
i1y stopword {F £ function word) » 5EAHPERAIT (ATHE )
1. S58 N4 function word /Y Ngram » 4% 1 #5{lfl Ngram #Y skip-bigram -
2. RSB A s R g - BT T 2/0F—{# skip-bigram FERCEFE
B | 1Y Ngram o

A AEJEHY Ngram W& 1% Lexical Bundle
Mr. and Mrs. John Doe accept your kind invitation to
accept your kind invitation to to brunch at
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to brunch at the twentieth of

of October at

the twentieth of

T A AEERTRHIGE R

(M) srtfrlE s
FR EEAT EE pattern A ERYHY » FUAEE LANZRAMAHLTHY (40 “Tam glad
to” J “Tamhappyto” ) - FKFIFIHZEH Linggle (Linggle.com) {5EHHAT 5]
AR AENEE pattern - 5 A A AT ES] pattern
1. sTEHE AR Z B
FIFH Chi-square test » i WriteExpress data {5-Z(f##z » (AT B
FRTT 10 %4 -
2. #&H Linggle E3AH{DLE
HIF Linggle APT &3] » 15 F S {EFCH HHIRAE B A HYREL - FEMRITBEEAC ¥
B~ aeEAEARINER o IR E— S E] = (&R g

“oleased” - “honored” J “sorry” - 3% Linggle API 73
“pleased/honored/sorry and pleased/honored/sorry” - {EREFIE “pleased” Jz

“honored” B H —HEHAER K - INIHLECA AR B A HATHYE SR © fEEH > F(FTHY
R EHT =HATECYE - DUSCSE A& & 10000 HYBCE 71 R AE DL -
3. #EfE R 5B
W’ sERHV S - DIHE RSN - EES R EE - AT DE R EE - P
iR BB EE -

(1) geat=(FRHIEA
HAFLL lexical bundle /5 knowledge base ACHR{EE FH i AfECYS > & - ZEELH
i ARV (% W {E token 71 knowledge base HY/H[E pattern » % 7 A= A BT FEAY
° BRI BRI

1. i A HJCE A 52 B A JeE ] spaCy Erad] - U SR WM token -
2. EJeLLRE pattern AYRHTFIE token Al A HJHYE (& WA token > FH[EIAI hit -

3. %524 » RIIELidm A& ([ token F1 pattern 155 —{H token » FH[F]HI]
hit ©
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4. #7247 > RllEbEm AR EEES (& token A1 pattern 25— token » FH[EHI]
hit
5. 7 hit FrE IR EAREY R LA G R S I R -

g~ HE

(—) > BRE
B4R TEER G B2 WriteExpress(https:/www.writeexpress.com/) FriE ALy TEIE
BIHIEAR - ARBRS A ~ Bl5) ~ FElcFHEETE /o dE > 55—(EAIZ Enron
Email Dataset = 71 B EAVEHANE » BEWIHERE LA 3-grams ~ 4-grams » DLk
S-grams FY TGRSO DE] - FAT R S e BB T A TR US4 -

(=) il sighR

1. MRS (- Tah AR
HMfEH  (How To Say It) —FHHVEHIEHAKEHE R4 - FH3A 50 HE
5 > HiA 29 BRI ZRGAEE - R RS 5 T By R #a (5 2
AT - RHE 70T

w

Z ((N; —n; + 1)/Ny)
—EFHw (EPRTERRTI0)

gy ARy token[ : 1] » & e N5 pattern » ELPES n, 44 pattern Y Ngram
B token([i-2 : i+1] B¢ token[i-1 : i+1] FH[E » i {E 1 ~ w > w S#EGIEHFRE Tl
AT 156 REMIE - EEREERLRTE KA TE Training corpus NHYS (out of
vocabulary) &3 12950 5= « FHFNHIERTE 02 A 58 2 B EF] WriteExpress _EFf
FERLHVER o P DB DUBTRINE RyaAbfete » i IaR A4S R MR i S Y2
response S| - F{KAY/E application » N3 (HFR=) BURHI =SV HIBRZ
=V - BRIV E A S E - DU ITRIEE AR - B
BISHEIHEELE SE R - &2 WriteExpress BRHTAEFH 03 ST
HEMAZERAR T ORGSR EAM RO - DR e FsEREE - 1]
DU ERER A AR BAR S AT -

A e
response 0.611
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love 0.607
appreciation 0.566
refusal 0.422
introduction 0.416
application 0.387

F= ~ (BRI e

2. EmailDr B E A Z 478 HYELER
(1)EmailDr 1 EmailPro
FeFIFIF EmailDr 2 B2 Frfe AV ER (A1 AE— - B =) » DUKE Y -
RS B RIRYEE 2T A DALLESE AR M PR e s HEE - MY
EmailPro ERAVEE T (A REMY) » oSS EH EAARE -
(2)EmailDr 1 Gmail
DLt SR Twould like to...” F5ffll » TR ZSEE » BHBERIE - 854
fEpEIm A/ VEER (A2EE ) - (FREAZERIRVAHR A
Gmail AIREfEET AR & (IS HET) - BRELZ AN - FFIFTE AR E
ATREME 2 - BUE G REF BB LA > Gmail AIZ EEER AR
DHEASHIFEECER L BRI » A 4G T E A & sk - (B HAE R R ERE -

EmailDr

application

| would like to

Pattern Count

2

1. tov. for n. 13
Ex: [PART] to apply for admission

[PART] to apply for the necessary visas

[PART] to apply for the nursing program

2. tov.n.In 16
Ex: [PART] to continue my studies in

[PART] to obtain a degree in

[PART] to pursue a degree in
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[& — ~ EmailDr #EHY Application 5 5FTHe LAY 2 HEE

EmailDr
apology

| would like to

Pattern

1. to v. n.

Ex: [PART] to make amends
[PART] to repaint your garage door
[PART] to help those affected secure new

jobs

2. like to v.

Ex: [VERB] like to apologize
[VERB] like to express
[VERB] like to meet

Count
236

19

B]= ~ EmailDr SEH{ Apology HERIFTH{LA AT

I would like to

)2 EmailPro

Pattern

| would like to v.

| would like to get
| would like to have
| would like to see

| would like to v. n.

| would like to invite you
| would like to thank you
| would like to ask you

| would like to v. the

Percentage

95%

15%

10%

[P - EmailPro 5 IV FHRE
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application
UCLA

application

| would like to

— ~ SansSerif -~ T~ B I U A~ =~ -~

CUEE A 0 > @ 2 B D 7
[l 71 ~ 1£ Gmail i ARSERCHIFT 2 HATIE

h -~ &R

A SN (BB T E P R IE R4 (B RUEE ~ e ~ Seatis
R FEAMERENAERAE - ERGEREUS - KO RGeS
AT MIHVERHFE R AP sEHVRER » IMIAE/ D E s i AR - R
i - DA R A ARSI (E A RR oK » (HIE R R T RE TS
TERYPER -

RA > FATRFE R B SUERCE R E R - DU RIS 225 oy 5 =\
REHVEMFPR A T LA B Eh o JER S ERA » BE5h > IsR(E ¢ FasHEEA Y R
i > R AR E (e — B E PV ER -

7N~ SER

[1] Jim Chang, JS Chang, “WriteAhead2: Mining Lexical Grammar Patterns for
Assisted Writing”, Proceedings of Annual Conference of the North American
Chapter of the Association for Computational Linguistics (NAACL-HLT), 106-
110. 2015

[2] Hsu, C. L., Ju, H. H., Wu, Y. H,, Peng, H. C., Chen, J. J., Chang, J., & Chang, J..
Computer Assisted English Email Writing System. Proceedings of the
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International Conference on Computational Linguistics and Intelligent Text
Processing, CICLing, 2017

[3] Benjamin N Lee, Gagan Bansal, Yuan Cao, Shuyuan Zhang, Justin Lu, Jackie
Tsay, Yinan Wang, Andrew M. Dai, Zhifeng Chen, Timothy Sohn, Yonghui Wu,”
Gmail Smart Compose: Real-Time Assisted Writing.” Knowledge Discovery and
Data Mining, KDD, 2019

[4] Email Pattern dataset source web site: https://www.writeexpress.com/
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Aspect-Based Sentiment Analysis Based on BERT-DAOA

[EZEF; Chen-Yu Chen
EURVASP YN 3= NN S
Department of Computer Science and Information Engineering
National Central University
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R Chia-Hui Chang
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Department of Computer Science and Information Engineering
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e

RIS TR E R MEER - (FEE I S il E N AL — - 15
Rt 2 E oty eS8 - HAVERUSE R H AR B 2 RSN B
% o 2RI > BIEER AT EERGs HE » Ao B RS I T W amiy B RIS RL
FRITA A2 - NIEL > AWTFEER] Aspect-based sentiment analysis (ABSA) » 7377
FEEEEUE R R H %(Opinion Target) BRI - FEFHRIHEGET B > FFTERA Google
() BERT[1/E Ry il AJ@J57% » 1:27% 7 Huan 5 A\ [2]09E & H B R ETT
7% 0 LU Parikh 32 A[B]0YH AR S HEEREYITE » S E MBI A HIRB R -
FERGE RN 0 7F BERT 2 _F#2TC Attention-over-Attention (AOA)EE JJHEARY » SURE(E
}» BERT CLS %54E -

Abstract

Social media networks provide rich and diverse information, making opinion analysis and
network volume analysis a new method to investigate and understand the market. Sentiment
analysis aims to determine the emotional category in a given text. Since there might be several
targets being commented on in the text, Aspect-base sentiment analysis (ABSA) has been
proposed to explore the sentiment categories of a target in different aspects. In this paper, we

explore the idea of ABSA for sentiment analysis of singers on social networks. We utilize
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BERT as the embedding layer method for characters and words to explore the relationship
between a given sentence and a mentioned target. We consider two attention mechanisms to
enhance the performance. The experimental results show that adding the attention layer on top
of BERT outperforms the basic BERT-CLS model.

BRSEE SRR RO > BRE BIRERET
Keywords: Deep Learning, Sentiment Analysis, Aspect-based Sentiment Analysis.

v S

HSEF MR~ RS P e ERPIHIER RS - #EE A S B
DHRE AR R - B iz o B 7 2 HE ERVER - (RS T
(Opinion Analysis)ale &y | Ji & EIHER TG0 /A2 — - AERGE TS b - EEEE T
RESHEE B SRS ~ EmFHIERERHE - FRHI S N E A TR
G > A SEAE RS FH S L AU (T R A TR R, U an A T MR AL E

T RGBS TR E 3R - ERAVIF RO T E 2T S F (document-level) 2K,
#e gk (sentence-level) H#E{TIFRCGIIH > &SR T RIS 2[5 5m LR - AIELATISAVTE
EEERA RIS IAMTPBIE A VB RG> S AR R BRI IR RS 3 K 1
RS A E R HERAIRR > LRI IBE bt A R R BB R (Aspect-
levelsentiment analysis, ABSA) » ¥ 45 EHY A7 HZETHM A o HAR (Target) HIEEL
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PE

Z% 1~ Aspect-Based EFRIEELGET
Dataset # of Sent. Class # Distinct
Negative Positive Neutral Targets
Training 1,238 30 426 782 247
Testing 705 17 313 375 189
AP Kappa {E2Ma1R 3 40 A BHYIE RS0 BLA 8 2 B S RS Y — 24

#%4H Kappa {E77 4 £ 0.66 ~ 0.66 ~ 0.70 - #B2EEF] 0.6 DAL » #R¥E Kappa {HAVIEAE -

AP — SO T B -

i~ EEREER e RS
(—)Bert HAIHE

AP EL B Bk A BERT 1Y pooler output Ay tHHY 34 H SR & CLS Z T
&ERAHURy Baseline - fE[LRETE BERT CLS - Bttt ] BERT iR A J50% » (5
2% FRSTCA R ER JI1E5 AOA ~ DA DL R DAOA - #f¢s St )+ H 12

Z BRI RE - S5 800y > RIS AR I HE - 1A CLS mEK

PRET B RESENIIRAE - STAEIIANER 2 FiR @ RIPHVEEFARIARGEE - #
RISATT 10 I PHIHIEESR -
7 2~ BERT I 7 58

Model F1-Score Accuracy
Negative | Positive | Neutral | W. Avg (%)
BERT CLS 0.428 0.705 0.758 0.726 72.81
BERT-AOA 0.334 0.715 0.759 0.728 73.16
BERT-DA 0.289 0.689 0.746 0.710 71.49
BERT-DAOA 0.107 0.703 0.758 0.719 72.40
BERT-CLS-AOA 0.321 0.711 0.756 0.726 72.65
BERT-CLS-DA 0.250 0.698 0.753 0.718 72.10
BERT-CLS-DAOA 0.208 0.700 0.760 0.721 72.70
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Abstract
The research of digital humanities has flourished in the past decade internationally. In contrast,
the participation of researchers of computational linguistics in domestic research projects
remains less common than one may have anticipated. The goal of this panel is to introduce
sample research projects of digital humanities to the community of computational linguistics,
hoping to promote further cooperation between the two communities. The panel consists of
four parts. Hung introduces the online repository of the Taisho Tripitaka that the Chinese
Buddhist Electronic Text Association (often called CBETA) offers. Applications of language
technology, including artificial intelligence and natural language processing, for the
construction of CBETA will be discussed. Chang and her colleagues aim to build the Taiwan
Biographical Database (TBDB), which, in the long term, will serve as part of the bedrock for
historical studies about Taiwan. Experience about how the research team extracted and
integrated the information from some collections of local gazetteers to build the TBDB will be
discusses. Dramas are important part of Chinese arts. Relevant materials about dramas are
available in some different databases and in different forms. Wu will share with us her study
on Chinese dramas, and elaborates on the potential contributions of language technology to the
studies of Chinese dramas. If time allows, Liu plans to outline his work on optical character
recognition (OCR) for ancient Chinese documents, sentence segmentation for classical Chinese,
word segmentation for classical Chinese poems, including the Tang and Song poems, and

information extraction from historical documents in classical Chinese.
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Abstract
Since Buddhism was introduced into China in the Eastern Han Dynasty, it has undergone long-
term development and has become one of the main beliefs of the people. During the millennia
of development of Buddhism in China, not only did it develop a unique style of Chinese
Buddhism, but at the same time, Buddhism also became part of Chinese culture. After
Buddhism was introduced to China, another important effect was to trigger a millennium-long
process of Buddhist scripture translation, which resulted in a large number of Chinese Buddhist
texts. These Buddhist scriptures, through the careful creation, development, screening,
proofreading, arrangement and collation by monks of the past dynasties, form the Chinese
canon that we see today. The large number of Buddhist texts included in the Chinese canon
derives from the coexistence of diverse divisions and ideological systems, which is reflected
in the external bibliography having a certain standardized structure and organization, and the
internal rationale of its editing, including the purpose of the collection, the standards of the
selection and inclusion of scriptures, and the method of compiling canonical scriptures usually

reflects the knowledge structure of one era and the evolution of knowledge across the ages.

As the country promotes the development of digital collections, the Chinese canon and a
large number of related Buddhist scriptures have been digitized one after another, and a number
of Buddhist studies databases have been created. This achievement allows researchers in
Buddhism, the humanities, and various other fields to access the content of Buddhist scriptures
and related reference materials in a convenient way that has never been seen before. However,
humanities scholars use traditional methods to collect data and conduct research in the Internet
environment. If the research topic involves broad background knowledge, in the past, only
single and fragmented pieces of information could be searched for by using keywords, and
many fragmented pieces of data were needed. Sources, item-by-item interpretation, assessment,
and comparison can be integrated to form relevant background information. With the
emergence of a large amount of information on the Internet, the traditional way of searching
for information with keywords not only consumes a lot of time, but also inevitably produces
meaningless or repeated messages, and even widely erroneous results.

Natural language processing research in the field of artificial intelligence is constantly
advancing. The technology of capturing important data in text content, grammar and semantic
analysis, text generation, and automatic question answering continues to develop, and with the
introduction of deep learning methods, it has been applied in many ways to provide gratifying
breakthroughs. However, the technological development of this type of natural language
processing, due to the source of the corpus and the consideration of commercial interests, is
mostly still focused on the processing of modern languages. The processing of classical
language documents has not yet received widespread attention, and there is a lack of suitable
natural language processing tools and training corpus. If the previously developed natural
language processing technology can be brought into the processing of Chinese Buddhist texts,
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the foregoing problems encountered by humanities scholars in their research will be expected
to be effectively solved. At present, the application of artificial intelligence technology in the
research of digital data of Buddhist scriptures has obtained a few successful cases, but it is still
in its infancy. This lecture will describe the current situation of digital data construction in the
field of Buddhist research, and briefly explain the research topics that traditional Buddhist
scholars are concerned with, as well as the development and results of natural language
processing technology in this research field. It hopes to arouse greater interest and attract more
researchers in computational linguistics to participate in the research of digital humanities.
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Abstract
Personage is an important kind of entities in the study of history. Comprehensive understanding
of personage biographies is beneficial for researching into historical events. In the digital era,
many personage biographies are available in digital formats; as a result, it is time-consuming
and labor-intensive for researchers to explore invaluable findings from massive personage
biographies. Facing this situation, researchers may be helped to utilize the information

efficiently with information technologies.

The idea of developing Taiwan Biographical Database (TBDB) was inspired by China
Biographical Database (CBDB) project, and aims to provide digital tools, such as text mining,
social network analysis, and other related tools, for analyzing complex social networks and
broaden research visions in the study of Taiwanese history. Considering the participants’
knowledge of texts and the ability to acquire copyright, the team chooses the “Treatise of
Historical Figures” of the New Edition of Changhua Local Gazetteer, compiled by four of the
team members, as the base text. There are several advantages of this choice. First, the
biographies in the Treatise are written according to the same format; second, the biographies
are rigorously verified; third, they include people from all periods and all walks of life.
Therefore, they should be a good starting point for the TBDB project. Besides learning from
CBDB’s model, the emphasis in developing TBDB is to build attributes for historical figures
that are suited for Taiwan’s historical contexts. Currently, we have built initial versions of basic
search functions, a map which shows the geographical distribution of historical figures, and
social network analysis tools. They are now open to the public in order to optimize and debug.
In the future, we will continue to increase both the quality and quantity of the database and also
develop new analysis tools.

This speech introduces the development of a text retrieval and mining system for
Taiwanese historical people -- Taiwan Biographical Database (TBDB). It describes the
characteristics of personages in TBDB, highlights the system architecture and preliminary
achievement of TBDB. Finally, this talk elaborates on the lessons learned through the creation
of TBDB, and the future plans.

B
AHFE R RHE T 7EaT FAVER Sy AR - 5T 4RSR Sy © MOST 106-2420-H-003-010 A1
MOST 105-2420-H-003 -016 » _E#iF S RUGTEEHY 2 BERE Byl ii{— ~ SR ~ 5me
PHUE - FIEE - BHECE > RERE T T 2R AYERCERE | (TBDB)HYARRE -
FrLEGH -

419



The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
The Association for Computational Linguistics and Chinese Language Processing

S

TREYy>2018.04 - ( LG EEALIRE - A\PE)BEZERE LAY EHE(TBDB)
AREERIRCEL ) - (AESTR) 22> 21k - &{E3b/m > H 15-3L -

SRERYY ~ TR~ R ~ FIEE - B - MG - #IE7 > 2018.10 0 (fiE CBDB %
TBDB : DL CrfiEAtiE - AW Relea) - (Blr#pdEdsfz \o0) 20 |
91-115 -

7 ~ 5RZERYy » 2018.06 > ( EEELR AVSUAR R A2 2E ) - (EEHEE

ZELF) 92 0 E 67-87 -

Bol, P. K., Hsiang, J., & Fong, G. (2012). Prosopographical databases, text-mining, GIS and
system interoperability for Chinese history and literature. In Proceedings of the 2012
International Conference on Digital Humanities.

Digital Humanities Network (n.d.) About. Retrieved from
https://www.digitalhumanities.cam.ac.uk/about/about-page.

Fuller, M. A. (2015). The China Biographical Database User’s Guide, Revised Version 2.0.
Retrieved from https://projects.ig.harvard.edu/files/cbdb/files/cbdb users guide.pdf.

Harvard University (n.d.). Home. China Biographical Database Project (CBDB). Retrieved
from https://projects.ig.harvard.edu/cbdb/home.

Liu, C. L., Huang, C. K., Wang, H, & Bol, P. K. (2015). Toward Algorithmic Discovery of
Biographical Information in Local Gazetteers of Ancient China. In 29th Pacific Asia
Conference on Language, Information and Computation (PACLIC 29), Shanghai, China,
October 30 — November 1, 2015.

Martin, L. (2016). The university library and digital scholarship: A review of the literature. In
Mackenzie, A. & Martin, L. (ed.) (2016). Developing Digital Scholarship: Emerging
Practices in Academic Libraries. Facet Publishing.

Sie, S. H., Ke, H. R., & Chang, S. B. (2017, November). Development of a text retrieval and
mining system for Taiwanese historical people. In Pacific Neighborhood Consortium
Annual Conference and Joint Meetings (PNC), 2017 (pp. 56-62). IEEE.

420



The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
The Association for Computational Linguistics and Chinese Language Processing

AP BAL A SCHI A RE A — -4 #HH(1900-1937) 4B EIAE
BRI —SA IR - 18R BREUREIA SRR T

How to Analyze the Related Materials of Traditional Chinese
Drama in the Early 20th Century (1900-1937) from the
Perspective of Digital Humanities—Focusing on Newspaper
Databases, Record Databases, and Script Collections

550 Wu, wan-yi
A TRE RS EE %
Department of Chinese Culture
The Hong Kong Polytechnic University, Hong Kong
wan.yi.wu@polyu.edu.hk

LS

A AR o B SRR R (S AT > SR BT B IR A R
S SR U I AN B~ AR 2RI > SRS A AT T 25 (A Y s < -

B R E FHATH T EIRE AT 2N &R - BRI L ER N E
BI T HRER S -

A > (HpR) ~ (IR ) FAURAERTIBOREN R - EEVRERaTES
T BRI ACR - AR LR TS HIBIEY B - BIAREINET HREHE - 15
e AR R S R R EG  HE N AR AEIRER - NS AR E AR RIRA B
— S BB - A TUR SR B - SO ISR R B ke 0 IR TSR Higdit
NE 5 Al A So8h—TER EAVIERIEG S, - BHEA " hEERIER B ERE T PEELR
HHEER LY BIEE | FEREGRR SRV S B R IR RS BIEE A H
i EIEE > BR AR BEEENEESHEEREURIE R - S A S =19
BEIEmGEAHEE - REWFELBRSHREIASE - FIAHTRHEEE - HAR
1912-25 8y (B5 ) » Wk ERIRITHIMFREE L E 200 - A= fdnvEBRE - A
YT EFEN - [FERt WINEERA  fE0AE —E A T 2B EHRE AT A SR A -
AR[EEERE > SRR S ERE AL S M B B - slon] BS (b SRR S R EAR -
fr s A - BIHAVEEIR - R RS MR EITTE 2 mTREE

Abstract
In the early 20th century, traditional Chinese drama was a vigorous development field, Peking
Opera, Bangzi Opera and so on gradually developed from maturity to heyday, and new types
of opera emerged in an endless stream. However, the academic research on this period is mostly
focused on the field of Peking Opera. It is a pity that other local operas such as Bangzi Opera

are not in its field of vision. The main reason for this situation is the lack of information.
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In recent years, With the emergence of modern newspaper databases such as Shen Bao
(B3E), Shuntian Shibao (IE-XF%#;) researchers have more new sources of information. The
dramatic criticisms, actor introductions, scripts, and performance schedules published in
various newspapers are all important information for understanding the development of theater
in this period; however, due to the huge amount of information, humanities scholars can only
collect and interpret them in a single newspaper or drama. In addition, at the beginning of the
20th century, with the popularization of recording technology and the growing prosperity of
the recording industry, records became another new experience of listening to drama. At
present, there are a lot of sound data in databases such as "Chinese Old Records Digital
Database™, "Chinese Traditional Music Resource Series Database"; by extracting the album
catalogs, singers, and sound data of various dramas of this period, it may be reconstructed the
formation history of various performance genres. Finally, there are still plenty of drama works
to be explored. In the early years of the Republic of China, a large number of play scripts were
published, such as Xi Kao (%), published in 1912-25. It contains more than 500 popular
dramas at that time, including detailed singing content, characters profession and other
information. Similarly, due to the large number of texts, it is impossible to accurately interpret
all the text content with a single search method. In this session, I would like to discuss the
possibility of reconstructing multi-dimensional drama research by systematically sorting out
data, or by specifying the development process of various types of drama, and understanding
the changes in performance forms and the evolution of drama repertoires.
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Abstract
Texts written in classical Chinese are the major sources for studying the Chinese history, society,
and literature, particularly for the periods before the twentieth century. Recent advances in
language technology focus mostly on the analysis of modern mandarin Chinese, or vernacular
Chinese. In this brief presentation, we shall go through some digital-humanities topics of
applying techniques of natural language processing and machine-learning methods, including

deep learning, for extracting useful information from sources of classical Chinese texts [4].

The abilities to recognize and extract named entities (NES) such as person and place names
[15] and to infer about personal relationships and their social networks [13] are fundamental
for assisting historical research. We may apply conditional-random-field models or deep
learning methods to extract the NEs, and attempt to infer the grammar of classical Chinese
when sufficient samples are available [11]. By reasonably automating the extraction of
biographical information from historical documents [8], domain experts can build such
research-oriented databases and platforms as CBDB [2], CBETA [3][6], DocuSky [5], and
TBDB [1][14] at affordable costs.

With the availability of ample text collections of classical Chinese poems, we can explore
the linguistic and literature worlds of poets with the help of computational tools [7][12]. We
were not surprised to find that the distributions over Chinese characters in classical Chinese
poems follow the Zipf’s law. We may even study how poets organized their words to induce
aesthetic imagery in the minds of their readers, from a certain analytical perspectives.

To verify the raw findings reported by algorithmic procedures still require non-negligible
amount of close reading by human experts. We have not achieved the results mentioned
completely automatically yet. The original classical Chinese texts do not have delimiters
between consecutive words [7][10]. Unless added by human experts, most of the original
classical texts do not use modern punctuation marks either, so we need to split sentence
segments as well [9][10]. Furthermore, there are still a myriad of printed books in classical
Chinese that need to be manually typed or algorithmically digitized, and optical character
recognition for many ancient books remains a practical challenge due to the wide variety of
page layouts and writing/printing styles.
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