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Welcome Message of the ROCLING 2016

On behalf of the organization committee and program committee, it is our pleasure to
welcome you to the National Cheng Kung University, Tainan, Taiwan, for the 28th
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
Computational Linguistics and Chinese Language Processing (ACLCLP) which is
held in autumn in different cities and universities in Taiwan. This year, we have 15
oral papers and 19 poster papers, which cover the areas of spoken language
processing and speech recognition, natural language processing, speech emotion
recognition and information retrieval, and word semantics. We are grateful to the
contribution of the reviewers for their extraordinary efforts and valuable comments.

ROCLING 2016 features three distinguished lectures from the renowned speakers in
speech processing as well as natural language processing. Prof. Shrikanth (Shri) S.
Narayanan (Professor at the Signal and Image Processing Institute of USC's Electrical
Engineering department) will lecture on “Deriving Behavioral Informatics From
Speech and Language” and Dr. Ming Zhou (Manager of Microsoft Research Asia
Natural Language Computing Group) will speak on “Entertaining with Language
Gaming Play-Computer Couplet, Poetry, Riddle and Lyric”. Moreover, Prof. Huan
Liu (Professor at Ira A. Fulton Schools of Engineering, Arizona State University) will
give a talk about “On Evaluation Dilemmas in Social Media Research”. This
ROCLING also features one Industry Panel, two Doctoral Consortiums, which
provide forums and show-and-tells for graduate students, industrial and academic
researchers and developers.

Finally, we thank to the generous government, academic and industry sponsors and
appreciate your enthusiastic participation and support. Best wishes a successful and
fruitful ROCLING 2016 in Tainan.
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Keynote 1 —

Deriving Behavioral Informatics From Speech and Language

Prof. Shrikanth (Shri) S. Narayanan

Professor at the Signal and Image Processing
Institute of USC's Electrical Engineering department

Thursday, October 6 10:00 - 11:00

Location: Conference Venue

Biography

Prof. Shrikanth Narayanan received his M.S., Engineer,

and Ph.D., all in electrical engineering, from UCLA.
Currently, he is a Professor at the Signal and Image Processing Institute of USC's

Electrical Engineering department and holds joint appointments as Professor in Computer
Science, Linguistics, Psychology, Neuroscience and Pediatrics. He is also the inaugural
director of the Ming Hsieh Institute at USC. He was a Research Area Director of the
Integrated Media Systems Center, an NSF Engineering Research Center at USC, and was
the Research Principal for the USC Pratt and Whitney Institute for Collaborative
Engineering, a unique partnership between academia and industry (2003-2007). He is a
Fellow of the Acoustical Society of America (ASA), the Institute of Electrical and
Electronics Engineers (IEEE) and the American Association for the Advancement of
Science (AAAS), and a member of Tau Beta Pi, Phi Kappa Phi and Eta Kappa Nu.

His research interests are in signals and systems modeling with an interdisciplinary
emphasis on speech, audio, language, multimodal and biomedical problems and
applications with direct societal relevance. His laboratory is supported by federal (NSF,
NIH, DARPA, ONR, Army and DHS) and industry grants. He has published over 600
papers and has 17 granted U.S. patents.

Abstract

The confluence of sensing, communication and computing technologies is allowing
capture and access to data, in diverse forms and modalities, in ways that were
unimaginable even a few years ago. These include data that afford the analysis and
interpretation of multimodal cues of verbal and non-verbal human behavior to
facilitate human behavioral research and its translational applications. They carry
crucial information about a person’s intent, identity and trait but also underlying
attitudes and emotions. Automatically capturing these cues, although vastly

challenging, offers the promise of not just efficient data processing but in tools for



discovery that enable hitherto unimagined scientific insights, and means for

supporting diagnostics and interventions.

Recent computational approaches that have leveraged judicious use of both data and
knowledge have yielded significant advances in this regards, for example in deriving
rich, context-aware information from multimodal signal sources including human
speech, language, and videos of behavior. These are even complemented and
integrated with data about human brain and body physiology. This talk will focus on
some of the advances and challenges in gathering such data and creating algorithms
for machine processing of such cues. It will highlight some of our ongoing efforts in
Behavioral Signal Processing (BSP)—technology and algorithms for quantitatively
and objectively understanding typical, atypical and distressed human behavior—with a
specific focus on communicative, affective and social behavior from speech and
language. The talk will illustrate Behavioral Informatics applications of these
techniques that contribute to quantifying higher-level, often subjectively described,
human behavior in a domain-sensitive fashion. Examples will be drawn from mental
health and well being realms such as Autism Spectrum Disorders, Couple therapy,

Depression and Addiction counseling.



Keynote 2 -
Entertaining with Language Gaming Play-Computer

Couplet, Poetry, Riddle and Lyric

Dr. Ming Zhou

Manager of Microsoft Research Asia Natural Language
Computing Group

Friday, October 6 14:10-15:10

Location: Conference Venue

Biography

Dr. Ming Zhou is a principal researcher and manager

of Natural Language Computing Group in Microsoft Research Asia. He is the chair
of Chinese Information Technology Committee of Chinese Computer Federation

and executive member of Chinese Information Processing Society.

He designed the CEMT-I machine translation system in 1989, the first
experiment of Chinese-English machine translation in Mainland China. He
designed the famous Chinese-Japanese machine translation software product
J-Beijing in Japan which was deployed in J-Server, the popular translation service
in Japan that was granted Makoto Nagao Award by Japan Machine Translation
Association in 2008. He is the leader of the famous AI gaming of Chinese
Couplets/Poetry Generation and Riddles(http://duilian.msra.cn), and the English
Assistance Search Engine, Engkoo, which won the Wall Street Journal’s 2010
Asian Innovation Readers’ Choice Award and was shipped in Bing in 2011 as Bing
Dictionary(http://cn.bing.com/dict/), and Engkoo cloud IME which was shipped as
Bing IME in 2012. Recently, his group has closely worked with MS product teams
and shipped famous chat-bot products in China(Xiaoice), Japan(Rinna) and
US(Tay).

Dr. Zhou received his B.S. degree in computer engineering from Chongqing
University in 1985, and his M.S. degree and Ph.D. in computer science from Harbin
Institute of Technology in 1988 and 1991. He did post-doctoral work at Tsinghua
University from 1991 to 1993, then he became an associate professor. During
1996-1999, during his sabbatical leave, he worked for Kodensha Ltd. Co. in Japan

as the leader of the Chinese-Japanese machine translation project. He joined the



natural language group at Microsoft Research China (now Microsoft Research Asia)
in Sept. 1999.

Abstract

Natural language processing (NLP) is often viewed as a hard problem and all people
either researchers or users often feel frustrated by the limitations and mistakes of a
NLP system. I have been thinking some topic which could change this mind by
converting a hard NLP task into a gaming process so that people get fun and start to
like NLP.

In this talk, I want to talk a series of effort that I and some colleagues and students
have been working in last 10 years mostly at our spare time from which lots of
entertainment having been generated for us and for the users. It is a series
innovations about language gaming including computer generation of Chinese
couplets in 2005, then computer generation of a classic poetry in 2010 and then
computer solving and generation of riddles about Chinese characters in 2015 and
most recently computer generation of a lyrics for a song. These tasks have been
viewed as difficult problems in Al and have not been sufficiently explored in the

research community. We

regard all these tasks as a kind of machine translation process and proposed a set of
successful statistical machine translation approaches to solve them with promising
results and deep user engagement.

Vi



Keynote 3 -

On Evaluation Dilemmas in Social Media Research

Prof. Huan Liu
Professor at Ira A. Fulton Schools of Engineering,
Arizona State University

Friday, October 7 9:00-10:00

Location: Conference Venue

Biography

Prof. Huan Liu's research focuses on developing

computational methods for data mining, machine learning, and social computing,
and designing efficient algorithms to enable effective problem solving ranging from
basic research, text/Web mining, bioinformatics, image mining, to real-world
applications. His work includes (i) dealing with high dimensional data via feature
selection and feature discretization; (ii) social media mining/social computing,
identifying the influentials in the blogosphere, group profiling and interaction; (iii)
integrating multiple data sources to overcome ambiguity and uncertainty, (iv)
employing domain knowledge for effective mining and information integration, and
(v) assisting human experts by developing effective methods of ensemble learning,
and active learning with hierarchical classification, subspace clustering, and meta
data. Detailed information can be obtained via his publications and professional

activities.

Abstract

Social media data is steeped with user-generated content and social information.
Most of user-generated content can be text and multimedia. Social media is a new
source of data and therefore, social media research faces novel challenges. We
discuss one of such challenges - evaluation dilemmas. One evaluation dilemma is
that there is often no ground truth in evaluating research findings of social media.
Without ground truth, how can we perform credible and reproducible evaluation?
Another associated dilemma is that we frequently resort to crowdsourcing
mechanisms such as Amazon’s Mechanical Turk for evaluation tasks. It costs even
if a small group of Turkers is employed. Is it too small? Large-scale evaluation
could be very costly. Can we find alternative ways of evaluation that are more

objective, reproducible, or scalable? We use case studies to illustrate these dilemmas

Vii



and show how to overcome associated challenges in mining big social media data.

viii
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Abstract

This study proposes a sung lyrics verification system for detecting if the lyrics sung by a
performer are incorrect and further pointing out the potential mistake that the performer made.
In essence, sung lyrics verification is similar to the problem of speech utterance verification
in the speech recognition research community, and therefore the techniques in the letter can
be applied to the former. However, our preliminary experiment found that a speech utterance
verification system cannot handle singing data well, mainly because of the significant
differences between singing and speech. To tackle this problem, we develop two strategies,
respectively, from a signal processing perspective and from a model processing perspective.
In the signal processing, recognizing that the vowels are often lengthened during singing, we
propose vowel shrinking and vowel decimation to adjust the length of a vowel in singing to a
normal length in speaking. In the model processing, we include a duration model concept in
the acoustic modeling to reduce the differences between singing and speech. Our experiments
show that the proposed methods can improve the performance of the sung lyrics verification
to 72% and 90% accuracy using vowel shrinking, vowel decimation, and duration model
approach, respectively, compared to 63% accuracy obtained with the baseline speech

utterance verification system.
RESEEE ¢ NEEEMERY - EARERY - REEERYE o RS
Keywords: Singing Evaluation, Sung Lyrics Verification, Vowel Shrinking, Vowel

Decimation, Duration Model
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Abstract

From the Internet slang (You’ll lose if being serious)” to a wide variety
of collocations with the word “ (being serious)”, the Internet users in Taiwan show a
preference to the word “ .” While the dictionary definitions of this word have included

“being practical”, “being serious”, and “not being careless,” this study aims to bridge the gap
between dictionary and authentic language use, and see how this word is differently used during
online text discussion. Written Mandarin corpora Sinica Corpus and COPENS are selected as
the analysis data for comparison between formal written texts and online discussion texts in
terms of the negative tone in a sentence, collocations, and connotations. The results show that
Taiwanese Internet users have divided opinions about whether to restrict the word to a positive
connotation, or impose a negative connotation on this word. However, although the slang is
less seen on the Internet, the word “ ” 1s still frequently used. This study concludes that
people try to convey the message that they can take whatever they think important serious
regardless of the conventions, and still hold onto a serious attitude.
COPENS

Keywords: , online text discussion, COPENS, negative tone, collocation, connotation

1. Introduction

During daily conversations or online text discussion, people usually produce sentences

starting with “ (I think)” to express their thoughts, yet people become increasingly
accustomed to the insertion of “ (serious, seriously, seriousness, or to be serious)” in a
sentence such as “ (I seriously think, or seriously speaking)” to emphasize their

attitude. This phenomenon of insertion does not occur alone in the abovementioned example
sentence, but is widely seen during informal discussion.

While people can propose their ideas in a serious manner, they show the opposite attitude
with responses like the sentences “ (Why are you so serious)” and “
(You will lose if being serious).” Therefore, this research aims to study the contradiction in the

insertion phenomenon from the perspective of Corpus Linguistics, for corpora are capable of
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presenting the authentic language used in real situations.

2. Literature Review

2.1 The Origin of the Internet Slang * ”
The Internet slang “ (You’ll lose if being serious)” is originated from a
Hong Kong web novel of the same name by Su, Lin( ) [1]. One of its main characters

repeats this phrase when giving advice on a love tangle in the novel, and continues to explain
that whoever puts true heart into a relationship is very likely to lose someday(

) [2]. Soon afterwards, this phrase
became a trend among Internet users from Hong Kong to Taiwan. Although this phrase is
coined with a fixed string of words, the word “ ” has been extracted from this phrase, and
used frequently by Internet users.

2.2 Dictionary Definitions
Since the word * ” 1s particularly popularized by Internet users, this study looks into

the dictionary definitions of this word, and selects the dictionaries complied by Ministry of

Education, Taiwan(R.O.C.) ( ) [3], Yuan-Liou Publisher ( ) [4],
Far East Book Co., Ltd. ( ) [5], National Central Library (
) [6], and Chinese Wordnet of Academia Sinica ( , shortened as
CWN) [7] [8].
The dictionary complied by CWN is called Skyfire Dictionary ( ), which

provides Mandarin-Mandarin word definitions with English equivalents to each sub-definition.
The Mandarin definitions are sorted from Kang-Xi Dictionary ( ) and Shuo-Wen
Dictionary ( ) [9]. As for the English equivalents, the complier uses WordNet [9], a
corpus established by Princeton University that “resembles a thesaurus”, according to its
website, for it “groups words together based on meaning” [10]. Although Skyfire Dictionary
might be of less authority than the other dictionaries, it offers Mandarin-Mandarin definitions
with English equivilants at the same time, which allows extra insights into why Taiwanese

Internet users start blending the multiple meanings of the word “ .” The following table
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2

lists some of the dictionary definitions of the word *

2

Table 1. Dictionary Definitions of “

Dictionaries Definitions or Translations in Definitions or Translations in
(Source language) Mandarin English
a. . a. Being practical and
b. . responsible;  not  being
(Mandarin) slipshod or careless.
b. To believe something is true.
To do things in a practical way;
(Mandarin) not being careless.
To be serious.
(English)
; ; Serious;  conscientious; in
(English) earnest
a. (conscientious) a. To describe a concentrative

(Mandarin with . and diligent attitude.

English equivelants) | b.  (conscientious) b. To describe a serious
. attitude.

c. (serious) ) c. To describe having a clear
. and determined subjective

d. (serious) consciousness.
d. To describe having
. o " considered something in a
o L careful way and introduce
e. (serious) the interlocutor’s opinion.
. Common collocations

include: ... speaking.

e. To believe what someone
says is true and take it
seriously.

From the above table, at least two of the dictionaries mention / (being
practical)”, (not being careless)”, “ / (to believe something is true)”, and
“being serious( )” as the sub-definitions of the word .” What’s more, the Skyfire
Dictionary offers more details in the word’s definition, especially “ (being serious)” in b.

and e. On top of that, the Skyfire Dictionary and show how the different
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sub-definitions of the word “ ” can be distinguished by the different English words, namely

“conscientious” and “serious.” Yet, the definition of the word * ” 1s more confusing in
Mandarin because one single word of “ ” can suffice to mean both being “serious” and
“conscientious.”

3. Research Questions and Hypotheses

3.1 Research Questions

a) Usage: How does the usage of “ ” differ between formal written texts and online
discussion texts? How frequent is a negative tone chosen by the speakers?

b) Context: In formal written texts, what kinds of issues do people take a serious attitude toward?
During online discussion, about what topics do people express their seriousness?

¢) When a speaker says “ (to be serious)” or (not to be serious)” during online
discussion, what is his or her purpose and who is the addressee?

3.2 Hypotheses

3.2.1 Usage

2

In formal written texts, “ appears in sentences with an affirmative tone more
often than those with a negative tone, while affirmative and negative tones are equally used

during online discussion.

3.2.2 Context

In formal written texts, the subject matters center around academic learning( ),
professional career( ), and political issues( ), which are deemed important by the
public. During online discussion, however, “ ” encompasses a wider range of topics—

people can take a serious attitude toward something less commonly thought to be important by
the public, yet the speakers regard the topics as important.
3.2.3 Purpose

In formal situations, writers often judge themselves or others about whether they are
serious enough and demand a serious attitude. In contrast, speakers during online discussion

often emphasize they are serious or not instead of pointing out others’ un-serious attitude, or
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even ask others not to be so serious. During online discussion, the use of “ allows
speakers to set or change the atmosphere of discussion; yet, it is less frequently needed in
formal situations.

4. Methods

4.1 Corpora

Since corpora are designed for storing authentic language production in a variety of
settings, linguists often use them for language analysis of one corpus or comparison between
two corpora or more. For this study, Academia Sinica Balanced Corpus of Modern Chinese(

, shortened as Sinica Corpus) [11] is chosen for language analysis of the
word “ ” in formal written texts, while Corpora Open and Search(COPENS) [12] is
selected for online text discussion data. Currently, Sinica Corpus contains 17,554,089 character
tokens collected from more formal language materials between 1981 and 2007 [11]. As for
COPENS, it is a new corpus established by Graduate Institute of Linguistics, National Taiwan
University, Taiwan, and gathers materials of language used on several online discussion
platforms including microblog Plurk( ) and Taiwanese bulletin board system PTT( )
[12]. The total amount of language data has exceeded 731 million character tokens as of now.
Therefore, both Sinica Corpus and COPENS are able to provide large amount of updated
language materials that suit the language settings for this study.

In addition to the language settings of the two corpora, both of them also sort the
language materials under subcategories to yield more accurate results. Under the
subcategories of COPENS, online sources, namely Plurk( )and PTT( ), are marked.
However, all of the data in Sinica Corpus is included for language analysis in order to collect
as much data as possible as the comparison group of COPENS.

In both Sinica Corpus and COPENS, the word “ ” is searched as the keyword with
parts of speech tags provided in parenthesis after each word by the compliers. The results show
that the two corpora tag “ ” only as a (VH), which means intransitive stative verb [13]. In

other words, no data of “ ” in these two corpora is tagged as an adjective, a noun, or other

parts of speech, so the controversy of whether Chinese lacks adjectives is not a concern of this
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study. Thus, this study leaves out the investigation of * ” as an adjective and other parts of
speech.
4.2 Random Selection of Concordance Lines in COPENS

The searches return 575 and 57,044 results in Sinica Corpus and COPENS respectively.
Among the 57,044 results in COPENS, 57,036 are concordance lines from PTT, while the other
8 concordance lines are originally posted on Plurk.

Due to the large amount of data in COPENS, a selection of the data is needed for data
analysis. Following and modifying Hunston’s method [14], this study selects 200 concordance
lines from the 57,044 concordance lines in COPENS at the interval of 10 concordance lines,
and the content of the selected data is given in Appendix 1 with the number of each
concordance line provided. Unlike Huston’s method in which 30 after 30 random lines are
chosen for analysis, this study expands the amount of data to 200 lines, and closely analyzes
the selected data. The one-time selection of larger amount of language data allows for
calculating and demonstrating the proportions of the data based on usage, context, and purpose
in the discussion section. However, some of the data that represents rare yet salient linguistic
characteristics of the word “ ” is also included in the section of discussion to present the

full picture of the change in meaning of the word “

5. Discussion

5.1 Usage
5.1.1 The Frequency of the Word “ ”in Sinica Corpus and COPENS

The table below calculates and compares how frequently the word “ ”is used in written

texts and online discussion texts.

Table 2. The Frequency of the Word * ”” in the Sinica Corpus and COPENS
Sinica Corpus COPENS
Numbers of concordance lines with 575 57,044
the word * ?
Character tokens of the corpus 17,554,089 Roughly 731 millions

58



Calculation 575x2 57,044 x 2 1.000.000
— e X
17,554,089 731,000,000 e
1,000,000!
~ L0 1,000,000
731,999,999
Frequency of the word “ ” 65.5118018 156.0711354~155.8579237
(times/per million character tokens)
Date of data retrieval 2016/06/16 2016/06/16

! COPENS provides information about the character tokens of separate discussion boards rather than the whole
corpus. Because of its huge amount of data, the character tokens of each discussion board are rounded down to
the nearest million. Please refer to the following link for the exact number of each discussion board:

http://lopen.linguistics.ntu.edu.tw/PTT/data/

Judging from the above table, the word “ ” is frequently used in both Sinica Corpus
and COPENS, with approximately 66 and 156 times per million character tokens respectively.
However, the word “ ” is more often used by Internet users during online text discussion,
for the frequency of the word in COPENS is about 2.39 times higher than that in Sinica Corpus.
This discrepancy indicates that the word “ ”” is amore active vocabulary word during online,

informal discussion lexicon.
5.1.2 The Frequency of * ”” in Negative Tones in Sinica Corpus and COPENS

Because Sinica Corpus does not have the function of studying the tones of concordance
lines, the filter( ) function is employed instead. Collocations of basic negative words* ”,
o oo 2 and 7 are searched, and irrelevant data is excluded through human
interpretation. No results are shown for the searches of “ 7 and “ ,” and rhetorical questions
of which answers imply the negation of “ ” are also left out to prevent overtly subjective
human interpretation. The final results of * ” negatively used add up to 32 times out of the
575 concordance lines, which only accounts for 5.6% in the whole Sinica Corpus. The content
of the concordance lines are attached in Appendix 2 with the keyword and negative tone in
bold.

As for the number of concordance lines in negative tones in COPENS, each of the 200

randomly selected lines is examined to see if the lines contain the six negative words mentioned

previously. Among the 200 lines, 27 are negated (Given in Appendix 1), which is 13.5%.
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If the ratio of 13.5% is similar to that of the complete COPENS data, it will indicate that
negative tone is chosen 2.41 times more often by the speakers during online discussion than

13

for formal writing. In other words, people often negate ” during online discussion.
Furthermore, if sentences that imply a refusing attitude toward ” like
(You will lose if being serious)” and (To be pretentiously serious)” are also calculated
as negative tone, the ratio will be even higher. Therefore, it is concluded that people use the
word “ ” both positively and negatively during online discussion, yet positive tone is more
common in formal situations.
5.2 Context: Important and Seemingly Unimportant Topics

The concordance lines of Sinica Corpus center on topics that are thought to be important
by the general public, including academic performance, professional career, being a good man,
and politics. These topics are also included in COPENS, which means these important topics

are still issues that Internet users concern about. Yet, topics that receive less attention by the

general public are discussed online, as the following figure shows.

m big topics 20 10%
academic performance 34 17%
&) career 13 7%
a politics 38 19%

?5 being a good person; having a good personality | 42%

1%} small topics 21 11%
23 entertainment 13 7%
unidentifiable topics 49 25%
@) general matters; living life with attitude 8 4%
0 10 20 30 40 50

Figure 1. Proportions of Topics Discussed in COPENS

The first five categories in Fig. 1 belong to big topics, which comprises 55%. The
concordance lines are furthered classified into academic performance (A; 17%), career (C; 7%),

politics (P; 19%), and being a good person (GP; 2%), or fall into the category of big topics (B;

60
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10%) if their topics are too rarely discussed in COPENS to become a category itself such as
religions, art performances, and contests. In contrast, 18% of the concordance lines address
small topics labeled as entertainment (E; 7%) or small topics (S; 11%) for the same reason. The
rest of the concordance lines are tagged as unidentifiable topics (X; 25%) or general matter (G;
4%), because they either lack context or describe the serious attitude in general. The labels for
each concordance line in COPENS are provided in Appendix 1.

The more interesting use of the word “ ” is not shown among the 200 randomly
selected concordance lines in COPENS, but this study tries to list three of them in Table 3. The
online platform users even choose the word “ ” when talking about something seemingly
unimportant. For example, they can take a serious attitude toward killing mosquitos, searching

for videos on YouTube, and even just eating.

Table 3. Examples of Seemingly Unimportant Topics Discussed in the COPENS

Numbers Concordance lines of seemingly unimportant topics
#39 ) )
#133 ( ) )
Youtube )
#184 ) )

The three concordance lines in Table 3 prove that people can take whatever they think
important seriously although the public may think otherwise. While these sentences may seem
unordinary, they implies two messages: The first is that people use the word * 7 as a
narrative device to dramatize these seemingly trivial matters because the speaker does not
expect to spend so much time or efforts they end up to on these matters. The second message
is that the moment they express their serious attitude toward the seemingly unimportant topics,
they redirect the attention of the addressees from those topics that are traditionally deemed

important.

5.3. Purpose
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5.3.1 Online Interaction: Asking and Answering Questions and Replying

In addition to the contexts in which the content is presented, the word * ” is also
used to indicate the process of online interaction. Since online discussion involves the action
of initiating, continuing, or ending a discussion, the following figure classifies the use of *

” in the 200 randomly selected concordance lines in COPENS based on related actions.

o asking questions 9 24%
< answering questions 2 5%

& replying in a comment or a new post 8 21%

n making a remark 8 21%

a] discussing something 5 13%

~ publishing a new post 2 5%

E deleting a post | 13%

~ (light) thinking 38

Figure 2. Proportions of Interaction Classification in COPENS

Common collocations for each tag are “ (to ask)” for asking questions(Q; 24%), «“ ... (to answer a
question)” for answering questions(A; 5%), “ (to reply)” and (to reply to someone’s post)” for replying

in a comment or a new post(R; 21%), “ (to say)” and “ ([formal] to say)” for making a remark(S; 21%), “

EEINT3

(to discuss)”, “  (to argue)” for discussing something(D; 13%), “ (to publish a post)” for publishing a
new post(P; 5%), (to delete a post)” for deleting a post(DE; 13%), and “ (to think; to have an
opinion)” for (light) thinking(T; 8%). Please refer to Appendix 1 for each tag given for the corresponding

concordance lines.

Fig. 2 shows how the word “ ” 1s used for online interaction. Note that the tags are
given not only to concordance lines that describe the action by the speaker, but also to those
that describe someone else being serious when doing the actions related to online discussion.
Therefore, concordance line #180 in Appendix 1 “ ,

. ” 1s tagged as answering questions (A) as well.

The inclusion of these lines allows for a more thorough consideration of the word

during online text discussion.
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Although the speaker usually combines the word ” with other verbs relative to
actions of online interaction, it is possible that the word appears alone without any collocations.
For example, the common collocations for the tag “marking a remark(S)” include the word “
(to say)”. However, sometimes the speaker does not use the word “ , but types out the word

in parenthesis at the end of a sentence to show his serious attitude during online

discussion, as in concordance line #1150 in Appendix 1 *

(, , ) .77
As for the collocations of the tag “(light) thinking”, (to think critically with a
serious attitude)” and “ (to study something with a serious attitude)” are excluded for

this section because people often use them together as a usual way of expressions, while this
study aims to look into the unique expressions of the word “ ” in the cyber world. In other
words, deep thinking typically requires the thinker to be serious, while the word “ ”usually
does not come along with the word “ (to have an opinion about something).”

One possible explanation about the use of * ” as a device for online interaction is as
follow. Because the word helps the Internet users set or change the atmosphere of discussion,
when the topics are too sensitive to be discussed in public, the speaker or responders tend to
use “ ” to emphasize the need and wish of a genuine response or an open discussion. For
example, the speaker in the sentence “

, (#266)” wants to know whether the older
generations look down on those who are young and unemployed for a long time. Therefore,

13

sentences like (seriously asking questions)” and (seriously answering
questions)” are commonly seen during online discussion, sometimes with warnings like “
(Please do not be playful)” in “ , ,

(#502)” from the speaker. However, another use

1s shown in Table 4.

Table 4. Examples of “ ” Used with a Negative Connotation during Interaction

Numbers Concordance Lines
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#194 | =------- .
#677 « ., ). ..

In Table 4, the sentences indicate an opposite stance toward seriously answering
questions. Judging from the context of these two sentences above, they are more likely to
appear after a serious response is given. The respondent seriously answers the question, but
then clarifies that he should not have been so serious. It is possible that he wants to soften the
atmosphere of discussion lest it would have been too suffocating for a conversation to flow out
comfortably.

5.3.2 Disagreement and Partial Agreement

14 results out of the 200 randomly selected concordance lines in Appendix 1 represent
the usage of discouraging seriousness when the hearer wants to oppose the speaker’s argument.
Instead of directly saying no or “I disagree” to the speaker, the hearer changes his or her

bh

wording into “ in the negative tone. In this way, the hearer can express his or her
disagreement without embarrassing the speaker or ruining the atmosphere of discussion.
Sometimes, the respondent actually agrees with the speaker, but think the point the
speaker makes is not the most important. On the contrary, other aspects of the issue are worth
the speaker’s attention and consideration as well, which indicates the respondent’s partial

disagreement.

5.4 Connotations

5.4.1. Broadening the Word > to Negative Connotation

13

Among all the concordance lines in COPENS, the phrase (Seriousness
Warrior)” is an unexpected example that shows the negative attitude of the Internet users
toward being serious. Someone is called “ ” when taking something so seriously that
he or she becomes an irrational person in other people’s eyes. The total number of the phrase

”1s 157, which comprises 2.15% of the whole data. The following table lists some

examples in COPENS.
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Table 5. Examples of Concordance Lines with the Word *

NO. Concordance Lines
#143 . ) s

#166 . ) )

#496 ) )
#640 ) )

#1778 5 5
#2396 > )

#8571 , , 1.
#10072 , ,

#15049 > ,

#16218 ? , , PTT

It is evident that some Internet users bluntly describe someone as , as in #640
and #2396, while more often, the speaker struggles with the extent to which the negative
connotation should be imposed. In #496, the speaker wants to say the person under discussion
is too serious, yet he does not want to make too much negative judgement about “ ”in his
remarks, so he adds that one of his friends is also * .” Furthermore, in #143, * ”
is replaced with “ (envoy)” because the speaker does not think ” should be
discouraged, yet he changes his attitude by saying “ (1l seriously run).”
The contradiction in these two examples shows that “ ” are generally and strongly held to
be a virtuous personality trait. Nonetheless, people may face difficulty not imposing a negative

connotation of the word * ” if the speaker shows an overtly serious attitude.

5.4.2. Restricting the Word ”” to Positive Connotation

2

While a part of the Internet users accept the negative connotation of the word “

more easily, a part of them insist on restricting the word to a positive connotation, as in the
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example sentences in the below table.

Table 6. Examples of Concordance Lines of “ ” with positive connotation

Numbers Concordance Lines

#102

#138 . QQ FB
#152 3% 3 S I s s % ¥ % % 3
#750 3. ., 4.

#398
#533 .

The above examples show a more affirmative tone toward “ ” by asking why it is

wrong to be serious (#138 and #398) or how the speaker dislikes his or her comments not being

treated seriously (#750). These concordance lines show that people actually have divided

opinions toward the usage of ” during online discussion. Some people think the meaning

of ” can be broadened to include that with negative connotations, while others still think
should only have positive connotations.

6. Conclusions and Implications

Throughout this study, the word ”” has been analyzed based on the negative tone in
a sentence, collocations, and connotations, and the following table concludes and illustrates

how the word is used in online text discussion.

Table 7. Usage, context, and purpose of *

2

Context

Purpose (Who is serious)

Narrative Something (the speaker or | The speaker is serious.

Device the public think) important

Online Something sensitive Either the speaker or the respondent is serious
Interaction | 3. Asking and answering | 03to set or change into a serious atmosphere

questions, and replying

and ask the other party to be serious

. Answering, especially at

the end of the discussion

The speaker and respondent are both serious
d3to soften the atmosphere

. Disagreement and partial

agreement

The speaker is serious, but the respondent is
not seriousd3to soften the atmosphere
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Connotation | 6. Broaden to | The speaker and respondent are both serious

negative connotation d3to soften the atmosphere
7. Restrict ” to positive | The speaker is serious, but the respondent is
connotation not seriousd3to set or change into a serious

atmosphere and ask the other party to be

serious

In the above table, “ ” can be used to strengthen or soften the attitude of the speaker
or respondent. A serious speaker prefers a serious respondent (#2, #3, and #7). A non-serious
speaker prefers a non-serious respondent (#5). Two serious speaker and respondent change into
less serious ones (#4 and #6). However, when a serious speaker and a non-serious respondent
meet, the speaker will complain about the respondent not being serious. Therefore, the Internet
users still praise the serious attitude.

The finding of this study not only describes the emerging social phenomenon, but also
tries to provide directions for future studies regarding semantic changes of words in the cyber
sphere. Thanks to many specialized corpora such as Academia Sinica and COPENS, studies
about authentic language use can be conducted, yet it needs futher research, addition of fuctions
in corpora, or combinations of more computational skills to study more about implied meanings

of corpus materials.
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Appendix 1. 200 Randomly Selected Concordance Lines of *

” in COPENS

Agreement or

No. Concordance Lines Negation | Topics|Interaction|
Disagreement
1 . XDrz G
10 ’ GP
20 B
XD DDD
30 X D
TSbb :
-n-out 5 5
40 X A
50 ' ’ E
60 : G T
70 " C
80 ’ E D
90 ’ B R
100 | , A
110 S
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310 , A
320 ’ A
330 ’ ’ X
340 ’ B
350 ’ ’ A
360 ’ X
H? s H’ ,H
370 . A
380 - ’ ’ A
390 ’ GP
400 , P
410 , A
420 - X
430 , B
440 ’ ’ C
3w
450 ’ ’ X
SS , ,
460 C
21.
470 ’ ’ P
480 ’ ’ E
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610

5566

620

630

640

650

660
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Appendix 2. Concordance Lines of * ” in Negative Tone in Sinica Corpus

Numbers Concordance lines
1 $
2 3
3
3 . $
; 3
4 . $
5 . $
3
6 $
7 $
8 . $
9 $
10 _ . $
=4 =1
11 C oo - - -
12 . . - $
13 . - 3
- 3
14 3
15 . $
16 o o $
17 3
18 $
19 . $
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Abstract

This paper tries to demonstrate our exploratory efforts in tackling with the “high
accuracy-low quantity” problem of human word sense annotation task in Chinese, and
ultimately reach the goal of automatic word sense annotation. Our proposed annotation
architecture consists of explicit and implicit aspects of of crowdsourcing approach.
Explicit method focuses on the general issues of crowdsourcing and made adjustments on
current MTurk framework. Implicit method concentrates on the idea of Game with a

Purpose (GWAP) design, which originates from a well-known video game Super Mario.

Keywords: WSD, Crowdsourcing, GWAP, Machine learning, Chinese Wordnet

1. Introduction

Sense-aware system has become central to many NLP and related intelligent systems.
The core technique involved is the Word Sense Disambiguation (WSD) which can
determine the proper sense of each word in varied contexts. Current WSD models rely
largely on gold standard data from manual annotation that has been suffering from the
problems of high accuracy, low quantity and low efficiency. This paper aims to sketch a
preliminary blueprint of (word) sense annotation service by resorting to crowdsourcing

(CS) approaches tailored for the Chinese WSD task.

Over the past years, crowdsourcing is an emerging collaborative way for collecting
annotated corpus data and other types of language resources, with the advantages of
being able to greatly increase the quantity and reduce time-cost by distribute the work to
the public. Current implementations of crowdsourcing platforms include MTurks (e.g.,
Amazon Mechanical Turk; CrowdFlower), Game with a Purpose (GWAP) and Altruistic
(or volunteer-based) crowdsourcing (e.g., Crowdcrafting). Although the explicit
crowdsourcing method such as MTurks has been applied for years on several renowned
platforms such as Yahoo! Answer, Quora, and so forth, several problems remain unsolved;

for example, the recruitment of annotators, the annotator quality, and the design of the
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platforms for the recruitment. Inspired by the CrowdTruth project', we propose an
internal-external adjusted framework to increase the ground-truth quality in the context
of semantic annotation task. The explicit crowdsourcing has tackled with the main
problems discovered in manual annotation; however, issue such expanses and interested-
oriented bias still remain unsolved. Thus led to our second design, the implicit crowd-
sourcing-game. GWAP design for annotations is not as common as the explicit approach
since it is difficult to make an annotation game “interesting” and collect the required data
in limited time. However, we assume that the implicit approach will become the trend by
collecting data from players with greater diversities, better reflect the language user

distinct, and more importantly, with low cost.

The design contributed by this paper shall be viewed as a pilot design and hope to
attract relevant experts for further development. Following the introduction, Section 2
begins with a source review on English SENSEVAL, and Chinese Wordnet that we relied
on, followed by a sense labelled annotation for test data and for our analysis of annotation
problems in Section 3. We propose a crowdsourcing-based experiment design in Section

4, and a GWAP design in Section 5. And Section 6 concludes the paper.

2. Related Resources

SENSEVAL [1] is the international organization devoted to the sense data distribution
and evaluation of Word Sense Disambiguation Systems. We use (SENSEVAL-1) sample
words as our pre-selected sample. Verbs that meet the following criteria were translated
into Chinese as our examples: (1) There is no homonymy, (2), the number of polysemy is
between 5 and 10, and (3) the major syntactic role of the word is verb. Another resource
used in this work is the Chinese Wordnet (CWN) [2], which has been developed mainly
based on the English WordNet framework: synonymous lemmata are clustered as synsets,
which are interconnected with various lexical semantic relations, such as antonymy,

paranymy, hypernymy-hyponymy, meronymy-holonymy, etc. CWN is used as the sense

1 http://crowdtruth.org/
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inventory in this work. It is noted that in contrast with English WordNet, CWN has a
higher granularity in its word meaning representation. Meaning extensions that are latent
involve ‘meaning facet’, while meaning differences that are active involve ‘senses’ [17].

However, this fine-grained sense distinction is not considered for the sake of simplicity.

3. Chinese Word Sense Annotation
3.1 Data Collection and Process

Before annotation work, data collection pipeline is taken as below: word select based on
Kilgarrift’s lexical sample task [3]; lemma and sense numbers confirm in Chinese

Wordnet (CWN); and data collection and preprocessing. Five verbs are chosen for lexical

sample task: bother (4, fan), calculate (%5, suan), float (3¥,fu), invade ({%, gin), and
seize (I, zua). We translated the verbs into Chinese and remove two-word form such as
At for promise, or JH#E for consume, and look for only the ‘single character’ form with

only one lemma and no more than ten senses in CWN (see Table 1).

[Table 1. Lexical sample translation, data collection and annotation assignment]

Seed word Bother | Calculate | Float Invade Seize
First translations BLE RSO EE ARLBA LR
Final translation W (fan) | Fi(suan) | ¥ (fo) | fZ(qin) | 41 (zua)
Number of senses in CWN | 7 10 4 6 9

3.2 Data Annotation

Five linguistic graduate students were recruited in the annotation work. Each was
assigned with data collection for one verb and annotation for two verbs (Table 1.) Thus
every verb was annotated by two annotators; agreement was made after every individual
annotation. Data are mainly extracted from Sinica Corpus[4], and COPENS (B il EEF} )
[5]. If there is no suitable concordance found in these two corpora, we search online as an

alternative resource. The seed word needs to stand along as one character with one

meaning, one sense.
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The task was to decide and annotate the verb sense according to CWN’s gloss
definition. The first round was made by individual annotators without discussion with
others. If there are more than one possible senses, the annotator should choose one sense
and provide explanations for following discussion. In the second round, two-annotator
discussion step, all sentences and tags are checked and discussed for every disagreement
and ambiguity. Two annotators needed to agree to only one sense per each sentence. If
not, the discussion will move on to group discussion with all team members to vote. The
sense which gets most votes will be the final decision, but before the final decision, an

explanation of disagreement should be provided by the annotators to other members.

There are three types of disagreements. First, mistakes from misread. Second, different
interpretations of contexts. For instance, ‘%’ in ‘G 2|28 IRC L B4 HIDIRE R,
where ‘¥’ can be explained as ‘ [K b B /N T 7ESR B8 TS R FERZ RS P or “TEA: & 3
R B’ from different perspectives. In this situation, each annotator should argue for

their decision and agreed on one. Third type occur if the contextual interpretation
between annotator is too different to the extent that requires all team members to discuss

and vote for the final sense decision. Figure 1 shows the annotation scheme:

sense

e decided
two- .
Individual correction &
ann!)tlation T ar\notafor mistake —  backto
discussion discussion
. discuss & reach sense
disagree agreement decided
discuss & reach Srovp sense

— discussion & — A

no agreement vote

[Figure 1. The annotation scheme ]
3.3 Annotation Problems
Three problems were found in annotation process: low-quantity, low-efficiency, and
disagreements. Manual annotation is time-consuming and relatively low efficiency. And
since a word may possess more than one sense and carry features from different senses in

limited contexts, it often causes disagreements among annotators. To select the most
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suitable sense of the target word is a general but complicated issue. For human
annotation, we tackle the problem by conducting cross-annotation, discussions, and vote
for the best reasonable answer. But again, the time-cost is high. In order to solve the
problems, we propose two possible solutions - explicit and implicit crowdsourcing
designs. By outsourcing the annotation work to the public and rate annotators in advance
for their credibility, the quantity may greatly increase and reduce discussion time since

the one with higher score would become the agreed answer.

4. Crowdsourcing on Chinese Word Sense Tagging System

Sense annotation for Chinese WSD depends largely on manual works, which has been
suffering from problems of low quantity and low efficiency. Studies before have tried to
provide solutions, however, the Chinese WSD remain unsolved. The paper aims to

provide solutions designed from two subtasks of the CS system.

In terms of the nature of collaboration, a CS system can be divided into two
subcategories: explicit and implicit ones (Doan, Anhai, et al 2011)[6]. Two appropriate
subtasks that system users can do for Chinese WSD are ‘Evaluating’: contributors assign
words in context with different senses, and "GWAP’: contributors annotate word senses
through playing games in system A and contribute the game-result to system B. As an
open platform for linguistic annotation, the CS system usually recruits contributors
without having the ability to preview their profiles. This leads to five primary issues: the
recruitment and retention of contributors, what can contributors do, how to organize the
contributions, how to evaluate (Doan, Anhai, et al 2011) [4] as well as the infrastructure
of system (Bontcheva, Kalina, et al 2014) [7]. Crowdsource workers can be recruited by
several ways: providing payments; volunteering; by requiring; ask users to pay for the

usage of system A service, then contribute to system B(crowdsourcing), such as Captcha.

As to the retention of contributors, the encouragement and retention scheme (E&R
scheme) provides well-structured solutions. Systems can automatically provide instant

user-gratification, display how their contributions make differences immediately.

87



Providing ownership is another way making users feel they own a part of the system.
Previous study (Hong and Baker 2011) [8] of WSD using crowdsource approach,
aggregating the inputs from contributors with majority vote. Another fact that greatly
affect the results is the contributor quality, thus leads to the necessity of evaluation.The
target of contributor evaluation is to prevent malicious cheating, for such problem, four
solutions had been introduced by Doan in 2011. In order to manage contributors, system
owner can block malicious contributors by limiting the level of contributions for
individuals. We may also detect bad-intention contributions by using both manual(direct
monitor) and automatic techniques(random simple question answering). Another solution
is giving threat or punishment such as banning the account and public their profile. More

technically, we may also create an undo system similar to Wikipedia edit page.

In order to solve previous mentioned problem, this paper provides an infrastructure of
CS system for Chinese sense annotation based on the ideas of Bontcheva et al (2014)[7].
There are four main steps: first, data preprocessing; second, the creation of user interface
(Figure 2 demonstrates an ideal platform for WSD crowdsourcing system (Bontcheva,
Kalina et al, 2014)[7]); third, create and upload a gold unit for quality control; and last,

map the judgments back to documents and aggregating them into the central database.

[ Figure 2. Ideal Interface for WSD Crowdsourcing System | [7]

4.4 Design

The design of the crowdsourcing system of this paper separated into two parts, internal
and external. Internally, we focused on the above-mentioned four CS-system creation
steps. Externally, the main targets are the recruitment and retention of contributors and
individual evaluations. Based on the consultation that CrowdFlower suggests for

annotation accuracy (Hong and Baker, 2011) [8], this paper improved the infrastructure
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ideas (Bontcheva, Kalina et al, 2014) [7] and provides a revised framework.

4.4.1 Internal Framework
Data preparation: All pre-processed data are divided into micro-tasks with ten sentences
per set to make annotation task easier. Notably, the number of senses for contributors to

select from are recommended between 4 to 7, including an additional ‘none of the above’.

User interface: For better performances, instead of multiple-choice questions, users are
given example sentences for each lexical item, and then asked to categorize a list of
displayed sentences all at once(Hong, Baker 2011) [8]. The primary advantage is that
contributors notice the difference of senses among sentences. Similar to Sinica Corpus,

sentences are aligned horizontally with the target word highlighted in the page-center.

Gold unit: In order to control quality and avoid random answers or same answers, we
will set up model question and insert at least one per annotation page. A gold criterion

of CrowdFlower [9] 1s that model questions shall be at least 20% of total questions

Aggregation: Same as previous studies, this paper takes majority vote as the final
result. However, for senses with equivalent score, we would recount the score of each

sense based on the reliability score of individual contributors.

4.4.2 External Framework
Recruitment and training: We provide payments to contributors; however, the payment
will be retrieved if discovered cheating. The basic fee for qualified annotation is TWD
5 per set (10 sentences). Contributors with good quality will receive bonuses.
Instructions will be provided in detail with explicit examples, simple terms, and

avoiding jargons.

Pre-test: Contributors are predicted to have diverse hobby of Chinese usage. By giving
pre-tests on sentence understanding and meaning sensitivity before they log-in the CS
system helps us control the quality and assign reliability levels of the contributors. The

reliability level would effect the sense score marked by the annotator when the outcome
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of the annotation encountered two senses with same score and needed to be recounted.

Crowdsourcing Micro-task: For each micro-task, contributors are required to classify
sets of sentences into 4 to 7 sense categories within a single page. Once the task is
finished and the results are not detected as malicious contributions, contributors will
receive their rewards. Conversely, if malicious behaviors are detected, CS system will
undo and remove all his or her works automatically and refuse to pay for any of his or
her contributions

i || Choose senses
Choose senses
ki

S1. BB DHERBA TR -

S2.f75 A A — {4 SR TR RS -
RGO - RS FA  JEIRIEIKF C » SRERFEFIIREM AR

% EROEREFTS -

S7. FHRAARCHIEEE -
RAZIERER

[ Figure 3. Revised CS User Interface for Chinese WSD Annotation |

5. Implicit Crowdsourcing (GWAP)
5.1 What is GWAP

GWAP, shortened for Game With a Purpose, is a sub-task of crowd-sourcing with implicit
nature of collaboration, aims to solve quantity and costly issue of WSD as the explicit
crow-sourcing proposed in Section 4. The definition of GWAP is: “people, as a side effect
of playing, perform tasks computers are unable to perform” (Von Ahn, L., & Dabbish, L.,
2008) [10]. In other words, the game developer channeled the player to work under the
disguise of entertainment. The ESP Game (Google Image Labeler) is the first major
success of combining game with computation task, which successfully labeled
50,000,000 images with related word. GWAP further developed in NLP field for
anaphora analysis (Chamberlain et al., 2008) [11], term relations (Artignan et al., 2009)
[12], semantic annotation for word sense disambiguation, known as the Wordrobe
(Venhuizen, N., Basile, V., Evang, K., & Bos, J., 2013) [13], the Knowledge Towers
(Vannella et al., 2014) [14], and Puzzle Racer (Jurgens, D., & Navigli, R., 2014) [15].
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The key of a successful game is that people are willing to spend long-enough time to
play, because they are ‘enjoyed’ and ‘entertained.” And to disguise a puzzle to a game
needs a well-structured design that inspires appropriate output with an enticing winning
conditions and plain dos-don’ts (Von Ahn, L., & Dabbish, L., 2008) [10]. Aiming to make
GWAP a universalized approach, Luis Von Ahn and Laura Dabbish addressed three
templates to solve diverse computation tasks: Output-agreement games, Inversion-
problem games, and Input-agreement games. And this paper is based on the output-
agreement game type as design base, sharing the same initial steps and goals but with
more complex winning conditions and rules. Detailed design will be elaborated in
Section 5.4, followed by brief explanation of why proposing GWAP in Section 5.2,

general issues and solution in Section 5.3, finally closed up by evaluation in Section 5.5.

5.2 Why GWAP

Why proposing GWAP if explicit crowd-sourcing(Section 4) can solve the quantity
problem? Four major reasons are: larger amount of quantity, engaging and long-lasting;
annotator diversification resulted from the game is played by layperson (Jurgens, D., &
Navigli, R., 2014) [15]; better reflect native speaker instinct; and cost-down, since the
game reward the player with entertainment than payment (Venhuizen, N., Basile, V.,

Evang, K., & Bos, J., 2013) [13].

5.3 General Issue of GWAP

Despite the advantages of GWAP, the games nowadays share some deficiencies: text-
centric, randomly played, and un-controllable data gathering time. The simplest way to
address text-centric WSD, is boredom, such as Wardrobe (Venhuizen, N., Basile, V.,
Evang, K., & Bos, J., 2013) [13], is a classic text-centric game (Figure 4). Later games
developed to be more “game-centric”, hoping to create a game-like environment by
transforming the senses from texts to images, such as The Knowledge Towers (Vannella

etal., 2014 [14]), and Puzzle Racer(Jurgens, D., & Navigli, R., 2014[15].)
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Thousands of Africans flocked to churches across the continent to remember Pope John Paul II, as many
more gathered around televisions to watch his funeral in Rome.

What is Africans in this text?

Person (Obama, J. van der Linden, Benedict XVI, Fluffy, Zeus, ...)

Organization (Egypt, U.K., UNESCO, The Beatles, FC Groningen, Apple, Green Party, ...)

Location (Egypt, Groningen, New York, Asia, Long Island, Himalaya, Amazon Rainforest, Atlantic Ocean, ...)
Artifact (Tower Bridge, Aspirin, Nobel Prize, Volvo, Hey Jude, Titanic, New York Times, Big Bang Theory, Dutch, ...)
Event (EURO 2012, World War I, Scirocco, Woodstock, Chernobyl, ...)

Natural Object (HIV, Big Mouth Billy Brass, Hurricane Sandy, AIDS, Alzheimer's, ...)

Time (January, Monday, ...)

Place your bet: |0W |s—— w— high answer skip

[ Figure 4. text-centric example - Wordrobe ] [13]

The interface of The Knowledge Tower is a lot more game-like compare to the

Wordrobe, and equipped with an import game element - my high score.

[ Figure 5. character selection ] [ Figure 6. Image selecting task]
The player needs to gather the images that describes the concept of the tower. The images
of the senses input in the game are from an online source - Babel Net. However, we do
not have a corresponding source in Chinese, it is rather difficult for the Chinese WSD
game developer to replace senses with images to cut the amount of texts. How to avoid
randomly played is another issue. The paper use “repeating questions” and a “player-

tryout” to weight their validity. Details shall be provided in later Section.

5.4 Game for Chinese WSD

As a pioneer study of designing a game-centric GWAP for Chinese WSD, we proposed
a game, “Super Chario”, named and designed after the long-lasting game “Super Mario”
[16] + “Chinese.” The reason for choosing the game is to avoid players learning too many
un-familiar rules and become more approachable to laymen. Since it is not yet possible to
build up a WSD game based on sense images elaborated in Section 5.3, the game will

focus on making text-based with challenging, entertaining, and a game-like interface.

The goal for the players is to raise an Olympia contestant, but the goal of the game is to

retrieve at least 1,000 annotations per player. From average WSD annotation experiences,
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one may annotate 100 or more annotations per an hour. Thus we hope the game could

have players to play at least 10 hours, one hour per day to reach 1,000 sentences within

two weeks to control the speed of data gathering. This shall be achieved by giving “sign-

in price” and “1,000 reaching price(level 50)” if they complete the challenge in 15 days.

Designs of “Super Chario” followed the game elements proposed by Von Ahn, L. et al

in 2008 [10]: timed response, score keeping, player skill levels, and high score lists. The

tasks needed to be completed within the time to create excitement and input-focus. Score

keeping and player skill levels hope to keep the player feeling progressed. High score

lists are to create an incentive for showing-off. Current architecture is specified below:

A.

Initial step: After sign-up and a pre-tryout for the game, the player may choose to
play by itself or with other players around you. The selection of multiple players

will encounter team challenges to accomplish and create extra bonus.

Winning conditions: The game is to raise an Olympia contestant by the annotations
that player selects. Originally designed with 100 levels, each level contain at least
20 annotation tasks to be accomplished. Once reaching level 50 (1,000
annotations), the contestant that the player trained may write letter of challenge to
battle other players to compete who's the best Chinese speaker of all time. The
challenge are based on the annotation data for machine learning. One badge will be

put on the cloth of the avatar every-time the player has won a battle.

Tasks to be accomplished

1. Individual tasks: The task is to gain as much fund and knowledge as one can
for attending the Olympia. The funding is for better geared, better food
provides more energy, and change better weapons with stronger power. An
individual is given three lives, if they are all used, one would not die (we do
not wish to receive duplicate annotations) but need to buy a new life. Basic
tasks including hitting gold words in the sentence for sense disambiguation,

shoot off knowledge thieves, and grab the knowledge flag(Figure 7, source:
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Super Mario). The time for response is 900 seconds per level to reduce
thinking time but players may also buy time. Major way to earn funding is to
touch the gold whenever you see them. Funding will also gain from expelling

knowledge thieves by stepping on them or laser them with laser guns.

FED— = % 000000600

MARIO Fund  Knowledge TIME
000000 1x00 1-1 200

o g T (e
e .

[Figure 7. Individual] [ Figure 8. Team challenge | [ Figure 9. Knowledge Monster ]

2. Team challenges: players need to drag the sentences to the possible sense and
create a match. The approach hopes to encourage the player to discuss, as
human annotators do if encountered disagreements(Figure 8, source: Super
Mario). Aside from the annotations tasks, the team may team-up to beat the

knowledge monster and earned extra funds (Figure 9, source: Super Mario).

3. Hidden tasks: Hidden tasks are in pre-selected tubes for players to earn extra
funds, such as removing the sentence with different sense; or entering a
sentence you think that carries the sense describe above, this may help us

increase the corpus, but need to be examined later by human annotator.

4. Olympiad battle (personal machine learning): The battle is for player who has
annotated more than 1,000 sentences for personal machine learning. As the
player enters the Olympiad battle, they are examining their annotated results
in both accuracy and recall rate, and the input questions are from previously

assigned golden standard answers by trained experts.

The game-centric and data collecting time controlling is solved by using a game-like
interface, multiple-tasks, “everyday sign-in price,” and “1,000 reaching price (level 50)”.
Also, we could also buy the ads on Youtube or platforms to force the potential players to

answer one or two questions and slowly accumulated the annotation. But how do we
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solve the randomly-played problem? The game borrow the weighting concept from the
explicit crowd-sourcing. Upon signing up for the game, the player will be requested for a
short try-out described below. Another possible approach is to repeat questions three
times. The reason for repeating three times is to avoid the possibility of knowledge gain,

and cause answer changed.

In order to test the weighting parameter of each player, we design a simple try-out game:
“Saving Princes.” After the tryout, we would assign different titles to different players,
ranging from King (Queen), Prince (Princess), Duke (Duchess), and to warriors for both

gender. The game rules are as following:

% vy
A .
R R R LRSI RSAER, SRS EARIHRN V.}il“_'.

25 - ’&

S, .. o 3,
LA R EAERE TR [
€20 by srmasn e mRTHRENN

. t b AR RAER A FIV B RTA F EE E

L3
7 M T )
EES M = F L RN e
S
1

r'l € sonsssarensenens

&
M-

RSB RPATRRKOT A HF AR EE
[ SRR RIS RN SRR

Dook T AT S A BB IR 3652 T IR A &

[Figure 10. try-out game interface |

The player input their names and age. The goal of the player is to save the real princes
from the dark woods. The hint of which princes are real is: find the sentences follow by
the prince that fit the definition of the required sense of a particular word. For the

example game attached to the paper: find the sense of “anxious (££J& AN FiF)” of “fen

(#8)”. The player only needs to select the ones with the given sentences, thus the
annotation numbers or meaning of the numbers provided in Table 2 shall not be relevant

to the players. Sample sentences are:

[ Table 2. examples of sample sentences |

Gold Standard Answer Data
[4] RAAR Y5 R A W 0k B 083 ] K A R A 8 48 3
(1] OFEE ER—EALERETHRS
[5] S AR o 20 0 A R LA B S 2K
[4] VR SRS AE R AT HATT A TORIE R
4] HE SRR S A TS et i I A 8 0 S F R B
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Since this is a try-out, we test only 15 sentences, however, we valued both precision
and recall score of players’ credibility thus we will use the F-score as the crucial
criteria. If the F-score is over 70, the player would be titled as a King/Queen; over 50,
the player would be Prince/Princess; over 30, the player would be Duke/Duchess; and
below 30 would be all assigned as warriors. The Result shows that 2 males and 8
females with age range from 20 to 35, have played the try-out game. No players
received the King/Queen title, 2 received the Prince/Princess title, 5 players were
titled Duke/Duchess, and others were titled Warrior (Table 3.)

[ Table 3. try-out game player result |

Precision| Recall [ F-score | Sex Title

1 36.36 | 57.14 | 44.44 F Duchess
2 33.33 | 42.86 | 37.50 F Duchess
3 | 100.00 | 14.29 | 25.00 F Warrior
4 50.00 | 57.14 | 53.33 M Prince

5 25.00 14.29 | 18.19 F Warrior
6 | 4545 71.43 | 55.55 F Princess
7 33.33 | 42.86 | 37.50 M Duke

8 37.50 | 42.86 | 40.00 F Duchess
9 25.00 14.29 | 18.19 F Warrior
10| 50.00 | 28.57 | 36.36 F Duchess

5.5 Evaluation of GWAP

The evaluation of Super Chario may be determined by three aspects: game efficiency,
player enjoyability (Von Ahn, L., & Dabbish, L., 2008), and popularity. We slightly adjust
the game efficiency and player enjoyability for the purpose of evaluation, with the aid of
popularity that we proposed in this paper. Game efficiency consists of “throughput” and
“learning curves.” Throughput is defined as the number of annotation per an hour, and the
learning curves are whether a player skill strengthened overtime. A good game, in other
words, is to have high throughput with learning curve slope upward. In the Super Chario,
we expect the player to finish 3-4 levels per throughput, 80-100 annotations. Player
enjoyability is calculated by the total amount of time played per player. The assumption
is align with human intuition: we spend more time on something if we are drawn by it.
Popularity is hard to measure but we might find a hint from the number of registration per

day, the shape of the user growth-line since the game launched, and the ratings of the
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game.

Both implicit and explicit type of tasks in crowd-sourcing has their distinct advantages
and disadvantages, but ‘“correctness” is considered the major issue shared by the
approaches, compared with the “golden-standard answers” annotated by trained linguistic
experts. In order to measure the effectiveness, we suggest examining the annotation
performances of implicit and explicit tasks by generally agreed evaluation measures in

test accuracy: Precision, Recall, and F-score.

6. Conclusion

Problems witnessed in most annotation process are of annotation quantity, efficiency, and
agreement. Current studies utilizing manual annotation provides only little amount of
results with time-consuming and of efficiency concerns. Furthermore, the disagreement
on the most suitable sense of the target words between annotators is most complicated
and unnoticed. While linguistics expert focus much more on syntactic structure and
semantic content during annotation, laypersons lean on world knowledge in that context.
This paper argues that meta language and world knowledge is a main influence to the
annotation results, which should be taken into serious consideration during annotation.
Thus, explicit crowd-sourcing and GWAP for Chinese WSD not only address solutions to
quantity and efficiency problems, but also increases annotator diversification, native

speaker instinct, thus might better reflect the nature feeling of Chinese native speakers.
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Abstract

Rescoring approaches for parsing aim to re-rank and change the order of parse trees produced
by a general parser for a given sentence. The re-ranking quality depends on the precision of
the rescoring function. However it is a challenge to design an appropriate function to
determine the qualities of parse trees. No matter which method is used, Treebank is a widely
used resource in parsing task. Most approaches utilize complex features to re-estimate the
tree structures of a given sentence [1, 2, 3]. Unfortunately, sizes of treebanks are generally
small and insufficient, which results in a common problem of data sparseness. Learning
knowledge from analyzing large-scaled unlabeled data is compulsory and proved useful in
the previous works [4, 5, 6]. How to extract useful information from unannotated large scale
corpus has been a research issue. Word embeddings have become increasingly popular lately,
proving to be valuable as a source of features in a broad range of NLP tasks [7, 8, 9]. The
word2vec [10] is among the most widely used word embedding models today. Their success
is largely due to an efficient and user-friendly implementation that learns high quality word
embeddings from very large corpora. The word2vec learns low dimensional continuous
vector representations for words by considering window-based contexts, i.e., context words
within some fixed distance of each side of the target words. Another different context type is

dependency-based word embedding [11, 12, 13], which considers syntactic contexts rather
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than window contexts in word2vec. Bansal et al. [8] and Melamud et al. [11] show the
benefits of such modified-context embeddings in dependency parsing task. The
dependency-based word embedding can relieve the problem of data sparseness, since even
without occurrence of dependency word pairs in a corpus, dependency scores can be still
calculated by word embeddings [12]. In this paper, we proposed a rescoring approach for
parsing, based on a combination of original parsing scores and dependency word embedding
scores to assist the determination of the best parse tree among the n-best parse trees. There
are three main steps in our rescoring approach. The first step is to have the parser to produce
n-best parse trees with their structural scores. For each parsed tree including words,
part-of-speech (PoS) and semantic role labels. Second, we extract word-to-word associations
(or called word dependency, a dependency implies its close association with other words in
either syntactic or semantic perspective) from large amounts of auto-parsed data and adopt
word2vecf [13] to train dependency-based word embeddings. The last step is to build a
structural rescoring method to find the best tree structure from the n-best candidates. We
conduct experiments on the standard data sets of the Chinese Treebank. We also study how
different types of embeddings influence on rescoring, including word, word with semantic
role labels, and word senses (concepts). Experimental results show that using semantic role
labels in dependency embeddings has best performance. And the final experiments results
indicate that our proposed approach outperforms the best parser in Chinese. Furthermore we
attempt to compare the performance of using the traditional conditional probability method
with our approach. From the experimental results, the embedding scores can relax data

sparseness problem and have better results than the traditional approach.

Keywords: Word Embeddings, Parsing, Word Dependency, Rescoring.
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HEAFFIEIFYERFERNER B EHE

Exploiting Sequence-to-Sequence Generation Framework for
Automatic Abstractive Summarization

# &5 Yu-Lun Hsieh, #]+4-5/ Shih-Hung Liu, [§777F Kuan-Yu Chen,
T Hsin-Min Wang, FfEBE Wen-Lian Hsu
rh oL gE b & R R R ST A

{morphe, journey, kychen, whm, hsu}@iis.sinica.edu.tw

e fE3k Berlin Chen
1L 2 EhTHE NS TR A

berlin@ntnu.edu.tw

e
HEf#E%E (Automatic Summarization) — B DURENZEEFIHINTZEEE - @A 2E BEAEAT
#%>\ (Extractive) {22 IS5\ (Abstractive) fEZAHEM/D - FAIEATHAEE 1

&7 EFA B ZAGE SR L RS RIS IR R S R R ST T GG
FEAR « T ASCR R TP B T iRER (4SS (Recurrent Neural Network) 7532 E
A BB B o R SRS I ACERE T (Attention) HERIHTRER < 1R 1%
HIYRTBE ERESIE AR O A EIRS - SR RRSE 7 B 5  7 » FE L2 A S (A 2 -
BEANASOIR AR ERFT ] (Uni-directional) Fe®#[m] (Bi-directional) HEEF HASHEREHTZZSE -
ASCRRFHFBRHE AR TP SRS %5 (Large-scale Chinese Short Text Summarization
Dataset, LCSTS) « 45581 » AR 2 BoE A 2 b B A BRI B4

Rt © ERAHEAEE - YIRS - IR AR

— ~ 5
P R BRI (Y ARER - B AT E e R d et 2 o » 3 HL A Rt (AR
ZHERRe i - HEEEEK (Information Overload) AYRREINILAES: - A {a[AERE A FIER
R HARER MR SO (B8 H IR RV EEN > B R —(EZI A FRAVBTITERE > 2P EHE
{3 (Automatic Summarization) S & A BGHRAVBHFER [1]° HBEE 2 HEVERH
HUEL—3CfF (Single-Document) 22 B (Multi-Document) SFHYEZAAE M T EE
afl > FH(sE 2 RE B A SR BB BB S PR L i - PR RS HL PR AR B A
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REF R LHFHE -

LIS SR - B By A 5T A] o Ry T ORIH - B #k 2 (Extractive) 1 22 B B8 5T 5
(Abstractive) f% (EREHMSRZUME) - AIE FEBRBR EIVRMELLY] - ERFRHY
SR E B FARE A ACAH R B R B AR 8 S E S NS 2 1% R EAL
AR FIE SN E - FOFTE Y Z sl K B R IR aa 0 « A EE 5 =0n]
st B T A M H B BRI EAE R - AW > ERAEEREEMENE RS SR
(Natural Language Processing, NLP) #%{fi > Z0IE&ZHH#EEL (Information Extraction) ~ ¥#fz5FH
fi# (Discourse Understanding) &[5 #ksE =45 (Natural Language Generation) <5 [3][4] »

It - @A E RV E BRI H B E [5] -

ATEFAFNT I LRSS (Deep Learning) 3R B2 IE A S RIS - AREY
FHAEE AN SRAYRCRI6][7](81[9] - Horr - HIEIF51] (Sequence-to-Sequence) Az pRZRIEH
JEAER AR RIS R P A E AR AV RIER(10][11][31]» SEEW D e A B B 5 5 H i
S ZE7E E[12][13][14][15] - ASw-SCRAOESEIE— E 8l - MR EFEER © 25—
FERFHIEIFFIA R AE - AR AR T) (Attention) [30] ARHIZHE 24 Pl AR
A R AT E R R S R BRSSO R I AR B R
g SO PR Y BB EREEGEE T o S5 0 ARG SO AR R B AR B e A A I A A Y
(Bi-direction) #5772 » A LA AT PR SE BV HE e 41 o 2 BR AL R HUARBATE - (E1SAT
A IR YIRES B A Ot (RSN R AR HE B 5T 2 S 2 2 SRE

ARG SRE LA SR B R S B B RO BT s B R 5
= RITE Jo o M EE AR IR AR [ SRR R O R (5 S U S 51 A B AR 5 B
EEAE ST > M AR AN TR Bl R AR SO P S B S I AR AR -
AR F AR LU AR R AE SRR S VU 4 B BB L DL
a2 077k - BHEERIAERGER LT - B NE RSB ST T A -

=~ HENREEROT
1~ Bek U T
BeAPIR 28 25 B ek e\ B B e P b A 5 e LH Y R R BRI RS (2]

a. DURBTE FUIRE 528 R A 2 B B A - JERTE e B 8 il i E 2
B R — el P B AR MERE A Z MR - Hof Q05 A st R — e
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TR EUE LB PR » Hrp'E RAVFRFEA © s B tERAM: [16] ~ SBAIAT
TORHVEE S A O R 2 iR [17] ~ sBAfEAERAME [181[19] ~ BaE ) B S - (EE
e TR 25 [ AV EEBERA (R [20] FF -

b. DABEE b a2 R AR~ H B AR AR i © BB a2 im K H B =
EBR (7T (Binary Classification) » JRE[REE & 77 Ryt 2] HE 2E
] o AR ISR B RAT s A DRSS — SRS DU HE TR T
RS RN ok kg i a g bt O Sy it iy SN il o S 7S NI N3
REASH: - R EERY BHEEE v T oo BRI AS S AR IS - IR 0A
i E AR H IR 0 e (Naive Bayes Classifier) [21] ~ &R &1
(Gaussian Mixture Model, GMM) [22] ~ [zt ] S (Hidden Markov Model,
HMM) [23] » SZ#& [ E1#% (Support Vector Machines, SVM) ~ Kz {4+ 5 % 55 Ik
(Conditional Random Fields, CRF) [24]% o §7 & =0E2E n] [0 45 & 2 i R A 2K
Fong—ehn) (B R DA s eiahis R AR 2 0% AR IREE =AY
ST EE A P A Y o BEESRAE ) > USRS B E U SR A e ) R S B T e
s AR [20] -

2~ R UEERG
AT AR E RS\ H B BRI R A A4S (Deep Neural Network) 2 J57A2K %
Ak THE PSPPI AR s Rl S AU & [11] > P2 PR ALY
PRAEZRIE HEIE R UR S ETFT - 40 [12] E SRR Y4 Bis R
EREAEHEEE - AR 8RS T It T RAY AT o o5 FRaaS R E R
EillE oA S (B A4 - sHa ~ st ) a2 Ay St e & R
TASRZE T > ZAR AL > [14] 1@ T —(EE 2] (Copy mechanism) {HEZYHEA
HAlpE e B S E B BRI S T DUEAN S E IS S - &% > WESH
tetti rECEES] (Distraction) %4 [15] KIEAZIFFAIRIFPAI AR | > H 3
A S A AR B N B e e 2 B 2 IR S PR R BT ) - I H A S RERE LA
TUBRHVEEN - A AN EEIE RS [12] AR R - bR TR EHEEEE
IR A B R T ARG > S MASER ST (o F B AR B e A I - A S AT
(Cell) A EFIR AT AVFIIEEREIT (Gated Recurrent Unit, GRU) [26] » F{M IR
e fREHECH (Long Short-Term Memory, LSTM) [27] ZEEFEHER 1HKEKERS - 2T E

117



BAEHREEZHAY -

=~ PRSI A R
FEAEA > E s M ERR tHI4ES (Recurrent Neural Network, RNN) R HUEHE - A
(AT A [ A 5 TR AR B B SR (R A REE il B e 51 B e A Y AR e A e (T 2 R Y
ERAREET  J& TR SIS Y B P A R -
1~ PREF AL RS
502 A IR B e AL A R B TP SR A 1980 AU AHE L (28] - AT Al 85 1 48 48 43
(Feed-forward Neural Network, FNN) £z £ 52 FAER > AREF (HEEAEES 7] AR E —
EFPFIRYEER - BESELENS » B a B VikaEE (State layer) - FIZREEFRE AR -
AHEERY ABS T EVECHR © — SR AR RER AR E A T E R 5 R — (s
MNERF FERRE Y A GARIEIE St LU R A R A AR IE N — {5 R IR AR Ky frl -
DI AUERAE > CAE R x5 y o IREE s AFEFYIRVR RS ¢ B
AFOR Ry x() > ARRER s(0) - AR y(¢) - AL CLRe TR RS N S SR AT
AT PR
s =oc(W-x@)+U-s(t-1), (1)
y(@®) =gV -s(), 2)
Hr > o(x) fGEAYE ST (Sigmoid) B> 1fi g(+) UERAVERMERA (Softmax) pi
B WU,V BHEEIER - & IFEAE R S R B AT - BE AN E AT R E
(Word embeddings) [29] - [t a8 5 f—(H4EE R Fa(EBm g - HAGRIVEERR
FAE 7 R AR AR -

PRI > RERA IR G (R AE At 7 AE — SE R - BB R B H K (Gradient
Vanishing) - [A[f » Hochreiter £ Schmidhuber [27] 2 T RFHAGCE (LSTM) E(#EEH
TUACEENT HRER (AS AR - LA OR FAICRERE - LSTM ChfH B HRER (R4S 4 p& Y BT AR A
AP [HEMZ OISRy - AR (Gate) 2 (EHHIARFIRS R RC TR Ko At &
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B HRAGER LSTM & — (&R # AR (Input gate) ~HiitHR (Output gate) »
SR (Forget gate) » WA —3CEEL T (Memory cell) - EftEAIHANI AR T =
TEA RV EORZER DU FTaERYT SCIE tH - HardiiR e Ry = ErRAIE Lo, f
SRR A > - METS o FEFYIRIREEL R ¢ B AR R x(0) 0 FEREUE R
h(t) > 5CfE R C(0) » SFITHIERATT -

f@® = o(Ws - [n(t — 1), x(D)]), €)
i(t) = o(W; - [h(t = 1), x(D)]), (4)
o(t) = a(W, - [a(t — 1), x(D)]), ()

Hop W, REEFPTHEAVFE R - MEciEg e him A SCE SRS ERA T -
C(t) = tanh(W - [h(t — 1), x(1)]), (6)
CO=fO-Ct-D+i(®)- CO®), (7)

Hip () RENVEIREIVEEE - REFTSIEHATR

h(t) = o(t) - tanh(C(t)) (8)

H A EEF AR - LSTM & i A R B SRR RO IR T A Y& - B &l ]
AR AR R > A DR AR R > RS EERFYIRIRCR -

FEEILE AR RS A LR (IR BRI - BPHETR R AR
Pyl R - ME AV > RIS S — B R FATERRA R © & [EH
FORZ E W il & > FTDALAER B (Concatenate) S IETE 720G FHEEZR - RIS R ek
A - B H A ER SR B —(E e A A EE AR FLUESEA R
EERZEAYRR -

2~ AR F IR

Fe 51 21 Fr 51 A6 B 72 R B 1 AC Bt Y Hoofp —fE AR > U A T AR — AR 5
(Encoder-Decoder) » HAz (il Rl AR ER (e GBS A SR — [ PP F IRV R A & ER (St
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Fol 4Rt 1) MR 2 ki 22— (el m & FEF A 55— (B R AR AGRF L B AR fReess
2 MRS —EFPS - BUSIE# - DUR RAVBRESEIER BBl Bk 7 SR — (&
SRR R RIS ISP R] DA FH AR ER (e A A et o S )1 h B Ay R AR
HE—ERET > HAHEER S —ERFYIRVE AT BRI B - &0 E
B P IRHEE RIS 2 1% > — (B 5 R IR RLRE 7] DLE $hE2E 2] h 3 Ay Ry
B % - EEFIENEEATRCR - FRo ISy A ] LA B — ey fIskER e - E ok —Fses)
TP YRR R & i A\ S B ER (HEEARE o - S MR R A —FEIRTTIE “<eos>”

B AR AR LR e > BIORERISSERR - AT DU A RRREPEEL - IEH - LSTM /Y
seiEE T - A YRR R A1 P RYAT A B EER > AT DU AR s L IR ARy 5L
BEEH] - 5500 - AEAE RV EC & (2 AR Y= (Beam search) ZREEGER - FrhllEE
AYE - (R —EYZ(E LSTM BTE R B2 R —(E - 40 EEiRTil - IR s ars
e AT DL [ B 223 IR S AR & R & AR 0 #E — 23R AY ] LUB ROE — (E B &

(Unrolled) AYIEEFHARLYRS -

B (G ° <eos>

.

LSU LSU LSU LSU LSTM » LSTM » LSTM » LSTM

thank you . <eos>

[ — ~ P82y A e A s Bl e
3~ TEETIRE

RTINS AR ESUEAE AR A A pRPE ERHCR - HEERA R A S
HYIMNEE AR B IREE  (URE B AT A ey HyAHRR 1 - P LA S
FRERO] > —HE RAGIRIUE - AR H HY5E S SN SOEAY T IE R EGR1E: » PEa
{58 = PR s AL R So— (BRI AR - S (iR - TR ] LAEE
FIF & HEITHYE ERA (4 - 75 LUET EASTENVEREENCR - BIER B R M EE T
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TE > BRAM 0T DATHEATE 4= B S ey R 30 o B > DR M IR e B R 28R 45 = FE AH R Y
JRIESCaJRER > A T TR « JFEIEEIEEEEIEL T - HoEE TR
PEEGHERS ¢ A= JIAE (Attention vector) a(t) » 4 N~ [31]:

exp(hs(0)" - Wo - hp (1)

) 9)
Xtr exp(hs(t’)T "Wy - hp (t’))

a(t) =

Hrpt he(6) URALAEBIEELIRFE] ¢ Y LSTM iitH{E > 10 hp () (ARARAEFS BRIk « Y
LSTM #iti{e > W, REE IR A IEENRER HMIERNERE @) &K

c(t) = hp(t) - a(®), (10)

HAr RS R BERRE ¢ ORI R EIERNINEREUE - BNEEE o)
BAFFH] ¢ /Y LSTM [Zjel)eg he(6) & 0% > FEHE Softmax pREY > HIEIRA AR EESL
F o iE A TP AT IR FAEA R RS - &R R ER T TER BRI E - LR
ARG - R SR FUA N EHVE R A

a - EERRER R EHE A
- okt

A G SCE R B Ry 2 B B R R AR o SR SR %2 4 (Large-scale Chinese Short Text
Summarization Dataset, LCSTS) [12] » 2 HI#TRISIRAEBEFTUL SR MIZE > B Ryl ¥z

MERNEIEZ NLL 1~ 5 O AREHE R G - 2R PR 3 A ERITEE 3 57 LL
EAYREEAE R AR - DAHECRMIGUE RV AT SERE » ASCERRAIAT [12] FHEIRVEEREGI SR K
HEREET) Y J5%  IEBLHBAAZEE G ERAVLLEL « SERB R A T &R — PR -
BHIAGER > Hrh— R CEMERFEG T~ (EhEEiERER)

S| KAIEKE R B El R BRI S H A s i e AR - AR ] 52 pieaY
KEFREHFIERH > A BT 7 LRIV - Al aBEmar
SRAVIEHRE » fE— SRR B AT SRATIL )T - RS — SR BRI /KO H #E T TSR
it o BT K E GRS A UKET AT HHthAE -

i | W E R A /KALEAR AT BUKIE H R PR

' lgEEE T 591 7 BEREEEE (validation set)
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x— ~ BBt EE

FlESES HIEEE
S 2,400,591 725
PELEE BT 103.7 108.1
et 17.9 18.3

2~ RWEE

TEASCHE R 5BV ey U AREIRER ] » gt /2 4K BEE (R Rg [12]
GERBUR T IUROREE « FoCEE EFRREERIE AT 4,000 {5 HELAYT » BlFT A
g —2 - AR RN Torch JEFEERE THEE’ - PP —EiBiR whealqgpts
FCE B LR B ) R AR ZE R DURCECRARY LSTM BEJT4ERE - F1]
BT E ST RIS - HER NS0 SHE0E R © (L (Optimization) J77A{HH
BEFE 5% (Stochastic Gradient Descent, SGD) » 2533 (Learning rate) 5 1 3|48
(Epoch) fx% s 20 [a]> {EE M T-[0]{% - EEEFREEIELL 90% HEIE - FHEHIZL (Gradient
norm) FFRESy S - FEAEMIEPEEEIT (Graphic Processing Unit, GPU) fIZRAYERIE
N —TES YA G e R SR EIXT By 48 /N

3~ PCRERE

ASCERF RIS D7 A Ry B B R Y T A O R m YRS ) (Recall-Oriented
Understudy for Gisting Evaluation, ROUGE) [25] - ROUGE J5 £ 515 [ B4t B HE
Z 2 SN EBE 5 S B R EE B > EEATEANEA TS N-EE
(N-gram) (&3 P51 (Word Sequence) » — i i Y /2 B R AHIFIGE 751 (Longest
Common Subsequence) 7% {8 F§ = f& 7 {# =, : ROUGE-1 (Unigram) - ROUGE-2
(Bigram) F{1 ROUGE-L (Longest Common Subsequence) 43#{ - H#IsK%E » ROUGE-1 H]
DR FEE B EAERE & > ROUGE-2 HIZRF(h A8 ZEAmis1E - M ROUGE-L
B REME FOCH M ER - NAWRE R EEESANE  SUREARIGEZE—
(EAE S B IS > RIS S0 DL ROUGE-2 Sy 8022 sl o Rt St » DUF
PIEEHSE S R-1 - R-2 L R-L-

% http://torch.ch - ERSEIEM S F2 =00 E https://github.com/harvardnlp/seq2seq-attn
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J71A] FlAELER | RNN 4 R-1 R-2 R-L
B 128 128 0.305 0.188 0.280
B 128 300 0.328 0.206 0.303
B 300 128 0.315 0.193 0.285
A 300 300 0.348 0.222 0.320
e 128 128 0.324 0.207 0.305
e 128 300 0.360 0.235 0.335
e 300 128 0.332 0.213 0.311
e 300 300 0.369 0.243 0.343

SN » RS ERE T HAt S FH IR —BRIIIR ST » DU A S AR L AR SR A
FERGR 2 #2=5 - EieE—EEA GRU HYR AR it IR F IR [12] - 55
SRR IEEFTAL - DULEERE R B Rt R A Ui - 5l (State-of-the-art) Y5
& [15] > HA[EIRE A GRU B ~ @R (HaC s I A 2= o Bl £ R T Fr
FIEIFPRIEAY -

VU~ BB SR L B

L~ SR TR E R
ARE & S ENEAEE RT RS2 N HELENEE > ASCHE T FREEE R
128 B¢ 300 - DURHERF cEaEES - LSTM SR THERE Ry 128 B¢ 300 > A A BRI
EEFRMEREFARRE - N ER A ERTENRAT A - ST NRERER
> AT T BT

SERANFR PR > B R o ] - QIR AT PA AR E Y B2 - B UERAE
EEFYIAEE TIFT > HEE B THEREEGS - BRES EaE S E AV EER - [H3RFIHA]
DIEgsiR - EiRfmedlaips ot LSTM BETHERERG(RI > $2THF R EAVHERI A G 2K
KEVED) 5351 » FEERAVERESOE T A A A SRS R A EBUR T1E
EAERSNER - THERFECES i SCRBRINE > A RE(E5EE T EY
Hill o RERZIGH > (R e S e R B TR S (A > T DU R A AR
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F= ~ ARIO7EHERFT AHFTEERRGE R (R-1 ~ R-2 J R-L #5 5 F-score {H )
Tk | J7A | FAEEAEE | RNN4E | R-1 | R2 | R-L
HU B - - 0.299 | 0.174 | 0.272
CHEN | 500 500 0.352 | 0.226 | 0.325
AR | 300 300 0.369 | 0.243 | 0.343

2 ~ Bl AWSEELER

AEIEER SR E BT IR ENVEGER > U AT A SR Y574 B2 [12]
ARttt AR 72 > PP AV E RIS S 2 2R DIERY (RfE R HU) > Dk S
— (A [ 2 R AR = B E R DAY [15](f8f8 R CHEN)- 52 HYE * CHEN
HY T RE AR ST AT iR IV ZRREAE L - B T e airt e s e s 240 Hop o ER )
PEHIta RtE > JE HATPRAAVERTT Ry GRU » AEIRASZATEAEY LSTM - HERil
AT RIR AR - R 2 -

FHF 4R BMTE e LA - CHEN (Y mpRE SRS » ey HU
AYZELGR (Baseline) 57k > EEEA NIEERIIE © 2 RBURE RIS HIHE A LAY
SEFEZEN - ERAUIFTATIRHAVEE - (EHEE CHEN HYJ57AE R RE AR
P - TR BB R R IERR g - B ATE = (A FEIAYSHETERE L - A EasR AR
EEERE FrAlEfE R-2 E{EFEE L - AR 2% 1y - EEFRRERER - &
ey > EA TR (over-fitting) FYHIR - BEPTEENFEEEIERE
= AN WATRE A R AT ER AV B TSR R AT R - RIS 2 > AT FEATE Ay
FARTEA HARIVEE - ANE BN MEREGE AN - BT AR EE
FEIT NIRRT R AT -
3~ ERAEHISREEZ G
B LN E BB By 7 B A e th R R Fr s AR Y B B > DUFIEE & 1
THAVEME T - Miteba N BRI IERENE AT o SLAEH E R iETE ROUGE
SHGAVERE « B e P AR R EARER R-2 Ry B S EMEHET - 2 st i
ierm (R-2 78St 0.8) Refef (R-2 7380 0) BB~ PAET 5 -

Bt RIVUFHIE R-2 5378000 0.8 BUE RS - AILUEH » ARty 574
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xR0~ EE R EHBES AR RSO S ERREEEGER

0| IR DRI N TSR R AS 5 - SR (02319.HK) BURAELAF]
(01230.HK) WEH A E5HH > SHFASEKTE 81.4 (BAETTUUHE ALY 65.4%M%
T - SRS ILERE BIHY S AR PLSE M R KAk > DA B O R B R T T 6 SHBE T

i | 50 814 (R TR HE LA

% | B 81 (EETTUUEE LA

|27 B NBEBAKRER A2 AR HEHRS - ARG Y -
BHER R BUGtEHRERS 2 THRME L, BT TEHER o RILTARMNE
EiE R - IR it 2EEFEHE SRS E BB 200 T -

i | B ARERERICH g inas

& | MR KRR ERIUS T g iftat

R~ EENE SRR U B S S FHIREERSE R

S| EARERIR  BERHR ~ LT LN E - g EE HE | BIRERRG o B
SR BAIT = | NREE Ry B E AV B ARARMURIP I, > B T Ry (A K E P B
BEOEEESN - EAEIRERRAT T EIR—CURR L » RAEHIEE a2 T -

| IREVER B

| B - BRI L T EENEE ) B

30| FRGRILICRECZAT - Ry Bl L o BRER R S (AT A A A SRS 20 A% - 5 A1),
FRAVESE G IEE #1548 Ry P BCEHERE HERR (Y R T S R KIS - &K =4ET 1641
PRI IE(E - 2 BB S RERHY & (RS 8 -

il o | R R B S (R )

E | HEE Ry TR LB BT AT

I PAA R Sy 18 H s RN AT R (H ] REE N RS Al i dati S A g s (A1sE—
Brhey <81.4” 1 “817) B H EHELE AR AIAE BHE (4055 —HIh ey /N “Bi”)
RIS R-2 B - (B A3 R MR R B AR [ S TP Y EREEAH, - IE R AL
tEHAE B A EE A A M E AR - BIRE R DUZE A= I [ B PR Ay SN 2 -
Sy )7 > R PHIE— LS R B ERIET (R-2 73805 0) - BT AT LA
BEIRAA AR A A SHEHIRE S (ORES—EFIT) - sV R
EHE IR AER IR - (B A AR HRE R - IR R ES E G S R E F R
BAFIHENE N A 1T RIS TR IR A S SR AR @B DUA S SRR -
RACA G R MR R M SR Bl e B AR b - DUk o SRS - fEAD > 3%
Pt EAE SIAGI i R R 80T - 15 B N R R MR e AR A ety S B R A AR Ry 745
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FEF “eos” (HELZHEFIT) BIZEL > HAVER TEREL N TR T - [HA]fE
N E S T AR 52 o ARACH] DADGE AR AR > A DU RTSE Aol LRI > s
IIARTERA] > DA ATREAY AL ARERAVIE B2 - R E AR » 3 M2 FMHRAHY
DI m] U E S — B & - BRI A pias R o B (HIA AP ER (R
MEA AR E Y ~ 5 [FHEETT > iEH T BFEESCE e 2 A ERICF - LUEATHY
Rt > BB —(EAE & IR ER VR - AR T HBESME G - BEFTZ
FTAFIEAYZER

N~ S BRI [
ARG SR AR RS A R HY R R E 57k AR S UM RS (8 L IF B A EHIER
HEHE T RTAFTe EAH A HE R A - SHEEHCESR (RS > PE7ARE A 528 > I

e N A TR R SR TP YRS ARV - AR FAMETEART 2 U0 5 - flan
SIAFEHENGR (Pre-training) ISGEFRIEIE - RAEA RIS EGET £ ] RAVEFT S
A DAIHR SR o S AR AN - 550 - P IEAERT 72 6 G TR i L A g

(Convolution Neural Network) ZREEH IR E RAVSCE - DIEAET — (@52 RV HEIEE
TR -
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NENEEEIRE &) - AT S IR S BAHE H R - Robert W. Gutman 1
EALRHEEC TR E: 14 IV EALRS - YIRS TEITE B E TR — X Gregorio Allegri:
Miserere » 7 {&{HBEFCIRRIEEES T2k - I HA& A AR - AN E2RA KR
HYNECE S S| SRV SE 2 R EIHY - IR Fe M R RSE R RS Ry = R i 3
FISENE AR -

AN SCPRET Y PR R T 57 BE(Multi-pitch-streaming) 7] DT AR SRR A & o
(score inform source separatlon)[l]L)\)j_Zﬁ@JF@*I(Automatlc music transcription)[2] 22 4H
pRsE L HNERECHEREZRAERL T BEEL s ma &R - S EE RS
S ERNIIATHIZR B AACESR BRI A S 2 3 = R 2 LAY 2 e Y &G - AR E T
MR ECR AN sRH B - ZHE - BARESHE NG R EER TR T et 2%

BA&RHE— BRI S AR SRR oy il R - B2 S TS e A e — TRk - CHAE =R
HEHTRZ - RS EEI - BREEMHT.. %> MEERESTE LR RISE S G
BB BRI RIS R B2 BRI 5 B TR SRR §F 5 T AR AR
R AFEE MR fi# NMF[3]-[6] » Probabilistic Latent Component Analysis-based Y7574
[71[81[9]... 55 » B LT AAR SR & HlE JAH S MERY SRR R SRS Th o B oK 2 (R P
HRISERLH PR PR - T Baseline Y4821 Uniform Discrete Cepstrum (UDC)[10] » HIlZH
PEDR SRR R ST R E IR R MRS T Mt LIRS AR EISEES - 281 By
AV BRE NI JTE  AEAER SRR (A Y 2% i T A AR R S B
#RIME - SHAVE BRI 15 SR AR EE AT 4 (interweaving ) A T RELT
& — ©
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80

Ta - --
- - - -
- - o - - - »apde
- * - - -~ - -
el -
65— *
b2 A bl -
LA . -, - -t 4 -
50~ e M
% - 3‘ X b & ‘“:’t D -
= ¢ -2 Vi em ey = AN -
=2 55 g Y EURE SN i oud -
= # : + e o 31 @ », b
o Ip = et ¢
N R T 4 P s
0? L nd !. s -
51 ¢ - .
- 3 * -t

40

3

30 1 1 1 hutend 1 1 ]

0 200 400 600 800 1000 1200
Frame
—_— = /I s
= RSB

AW FEAERF IS B EEERRRIR - BRI S5 (MY &5 R (MPE) AR (S ¥ 1
FVFRF B2 BEEEL - TR — (AR E SR AR & & # A — (B S AR B2
BEAE Rl — (& & HE (Frame) toE 258 (5] 5 (Pitch) st & B A B R 2 (E R 2 8
2 A2 B A ER R SRR R R T IR IR RS B TR (=]
—EER AT Y E S MARERTA [E U = AR ] R R B Y = RO - AR
SHHHREEL - 45w 00y Beg RS BB IR E2 8 REEFHER RS EES
A F R RIS E

T O EEL T F PR A Uniform Discrete Cepstrum (UDC)[ 10125 A B MY & 1y
# 2% - UDC E—Mi ~ IH9ANEFRERTRITE - TR & S E AR5

133


http://ndltd.ncl.edu.tw/cgi-bin/gs32/gsweb.cgi/ccd=ZoSr4o/search?q=kwc=%22%E5%9F%BA%E9%A0%BB%E4%BF%A1%E8%99%9F%E5%81%B5%E6%B8%AC%22.&searchmode=basic�
http://ndltd.ncl.edu.tw/cgi-bin/gs32/gsweb.cgi/ccd=ZoSr4o/search?q=kwc=%22%E5%9F%BA%E9%A0%BB%E4%BF%A1%E8%99%9F%E5%81%B5%E6%B8%AC%22.&searchmode=basic�
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Abstract

In this paper, we use super-vectors in support vector machines for automatic speech
emotion recognition. In our implementation, an utterance is converted to a super-vector
formed by the mean vectors of a Gaussian mixture model adapted from a universal back-
ground model. The proposed method is evaluated on FAU-Aibo database which is well-
known to be used in INTERSPEECH 2009 Emotion Challenge. In the case of HMM-
based dynamic modeling classifier, we achieve an unweighted average (UA) recall rate of
40.0%, over a baseline of 35.5%, by using the delta features and increasing the number
of mixture components. In the case of SVM-based static modeling classifier, we achieve
an unweighted average (UA) recall rate of 38.9%, over a baseline of 38.2%, by using the

proposed super-vectors.

Keywords : Speech Emotion Recognition, GMM, Super-vector, SVM
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1 Introduction

Speech emotion recognition (SER) becomes very popular in recent years [1]. The INTER-
SPEECH 2009 Emotion Challenge [2] (henceforth referred to as the Challenge) is a large-scale
evaluation plan of SER techniques on FAU-Aibo corpus. In the Challenge, the training set and
the test set are defined so fair comparison can be carried out. There are 2 classification mod-
els, namely the dynamic modeling of hidden Markov model (HMM) on low-level descriptors
(LLDs) and the static modeling of support vector machine (SVM) on supra-segmental feature
vectors, which are functional values of sequences of LLDs.

In this paper, we focus on the 5-class problem in which a decision among 5 emotional
categories has to be made for each test utterance. As published by the organizer of the Chal-
lenge, the unweighted average (UA) recall rates of the baseline systems, which use openSMILE
toolset for LLD extraction and HTK/Weka toolset for classifiers, is 35.5% for dynamic model-
ing HMM and 28.9% for static modeling SVM. Furthermore, as part of the evaluation protocol,
when the Synthetic Minority Oversampling TEchnique (SMOTE) [3] is applied to deal with the
issue of skewed data, the performance of SVM can be improved to 38.2%. These results will
be referred to as the baseline performances.

Further progress on FAU-Aibo 5-class problem has been reported over the years after the
Challenge. For dynamic modeling, a GMM (equivalent to a one-state HMM) using 13 mel-
frequency cepstral coefficients (MFCC) with the first and second derivatives achieves 41.4%
UA [4]. A hybrid DBN-HMM system combining deep belief network and hidden Markov
model achieves 45.6% UA, which stands as the performance to beat on FAU-Aibo [5]. For
static modeling, the anchor model method commonly used in speaker recognition [6] has been
transferred to emotion recognition, achieving 43.98% UA with SVM [7].

In this paper, we study the application of Gaussian mixture models (GMM) in the FAU-
Aibo 5-class problem. In the dynamic modeling, the LLDs are scored by GMMs, which are
equivalent to 1-state HMMs. In the static modeling, GMM is used in the procedure of forming
super-vectors for SVM classifier. Super-vectors based on GMM have been widely used for
speaker verification tasks [8, 9]. GMM-based super-vectors in combination with SVM have

been applied in SER, which outperformed standard GMM system [10].
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2 Proposed Methods

2.1 Gaussian Mixture Models

The central idea connecting the static and dynamic classifier frameworks is the Gaussian

mixture models (GMM). A GMM is defined by the probability density function (PDF) of

K
p(x) =Y mN (x|, ) (1)
k=1
where the weights satisfy
K
>0, Y m=1 2)
k=1

Eq. (1) is said to have K components, where the kth component N (x|, X;) is a Gaussian PDF
with ;. and ¥, as the component mean vector and covariance matrix.

GMM is very commonly used to model continuous random variables. In theory, GMM is
a model general enough to approximate any PDF by increasing the number of components. In

practice, parameters in a GMM can be efficiently learned from data by EM algorithm [11, 12].

2.2 GMM and Universal Background Model

A universal background model (UBM) is a model for a data set regardless of the class
labels. UBM is often used as the initial point of model adaptation [13]. For example, one way
to obtain a set of speaker-dependent models is to first train a UBM using all data, and then adapt
the UBM with speaker-dependent data for each speaker. It is common to use GMM for UBM,
as GMM is a sound model in theory and in practice. Such a model is called GMM-UBM.

2.3 GMM and Super-Vectors

In this research, we adapt a GMM-UBM for each utterance and obtain utterance-dependent
models. The adaptation is base on maximum a posteriori (MAP) criterion [14]. After adapta-
tion, an utterance-dependent super-vector for each utterance is formed by the mean vectors of
the corresponding utterance-dependent GMM. The process of creating super-vectors is illus-
trated in Figure 1. Finally, these utterance-dependent super-vectors are the proposed represen-

tation for emotion classification. They are used in the static modeling based on SVM.
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Figure 1: The creation of super-vectors.

2.4 GMM and Dynamic Model

Another way to investigate GMM-UBM is to train a UBM first, and then adapt the UBM
with emotion-dependent data. Instead of a set of utterance-dependent models, this approach
yields a set of emotion-dependent models. Furthermore, they are different from the models

trained directly with emotion-dependent data, as in the case of baseline HMM dynamic model-

ing.

3 Systems

3.1 Data: FAU-Aibo

FAU-Aibo emotion corpus contains 9.2 hours of spontaneous speech recorded as children are inter-
acting with a Sony pet robot Aibo. The data was collected from 51 German children (31 female and 20
male) at the age of 10 to 13 years from two different schools. There are 11 emotional categories, namely
Angry, Touchy, Reprimanding, Helpless, Emphatic, Bored, Other, Neutral, Motherese, Surprised, Joy-
ful. For each utterance, the emotional category of the majority by five persons is the label.

The 5-class problem defined by the Challenge is summarized in Table 1. The 5 emotional categories
are A (angry), E (emphatic), N (neutral), P (positive), R (rest). Data from one school (Ohm) was used
for training, with 9,959 utterances. Data from the other school (Mont) was used for testing, with 8,257

utterances. This is summarized in Table 2.
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Table 1: Five emotional categories defined in INTERSPEECH 2009 Emotion Challenge.

A | Angry, Touchy, Reprimanding

Emphatic

Neutral

Motherese, Joyful

x| 9|z | o

Surprised, Bored, Helpless

Table 2: Summarization of Data Points

Emotion | train data | test data
A 881 611

E 2093 1508

N 5590 5377

P 674 215

R 721 546
sum 9959 8257

3.2 Acoustic Features

We use openSMILE 2.0 to extract the standard features. There are 16 LLDs, including root mean
square (RMS) frame energy, zero-crossing-rate (ZCR), 12 mel-frequency cepstral coefficients (MFCCs),
harmonics-to-noise ratio (HNR), and pitch frequency (FO). They are enhanced by the delta coefficients.
There are 12 functionals which are applied on sequences of LLDs, including mean, standard deviation,
kurtosis, skewness, maximum value, minimum value, relative position, range, and two linear regression
coefficients with their mean square error (MSE). This is summarized in Table 3. In total, there are
16 x 2 x 12 = 384 standard features per utterance. In this paper, we use 384 standard features for our

baseline, and we use 16 LLDs and their deltas for training GMM.

3.3 Classifier

For the static model, support vector machines (SVM) are used with the proposed GMM-based super-
vectors. SVM [15] is a supervised learning method learning hyperplanes in feature space. Specifically,
we use SVM kernel function, sequential minimal optimization learning [16], polynomial kernel, and
pairwise multi-class discrimination in the experiments. For the dynamic model, HMMs are used as the

backend classifier.
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Table 3: Baseline acoustic features [2].

LLDs

Functionals

RMS Energy | mean

ZCR

standard devation

MFCC 1-12 | kurtosis, skewness

HNR
FO

extrmes:value, rel.position, range

linear regression:offset, slope, MSE

4 Results

4.1 SVM Static Model with Super-Vectors

The SVMs are implemented as specified by the Challenge. The dimension of the super-vector is

related to the number of components in GMM. Since there are 16 LLD, the dimension is

with LLD alone, and

16 x K

16 x2x K

if the delta LLD are also included in the feature vector. We use notation O (Original) to describe 16

LLDs, and use notation A to describe their delta.

The results with varying K are summarized in Table 4.

Table 4: Recall rates in percentage with support super-vector machines, using original data.

feature | no. comp | vector size | UA | WA
O 8 128 | 26.9 | 64.9
32 512 | 28.4 | 62.5
64 1024 | 28.3 | 60.9
O+A 8 256 | 31.0 | 64.8
32 1024 | 29.8 | 60.1
64 2048 | 30.1 | 55.5

Methods to balance data in different classes are applied to deal with skewed data issue, as can be

seen in Table 2. We use SMOTE [3] to increase the number of data points in the classes of A, E, P, R
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to the number of data points of N, resulting in 27,950 data points for the training data. The results with

varying K is summarized in Table 5.

Table 5: Recall rates in percentage with support super-vector machines, combining SMOTE

for data balance.

feature | no. comp | vector size | UA | WA
O 8 128 | 38.6 | 37.4
32 512 | 35.1 | 42.2
64 1024 | 33.1 | 42.6
O+A 8 256 | 38.9 | 40.2
32 1024 | 34.4 | 44.7
64 2048 | 34.8 | 43.5

From the results in Table 4 and Table 5, the following observations can be made.

e The proposed super-vectors outperform the baseline feature vectors, with SMOTE for data bal-

ance (38.9% over 38.4%) or without SMOTE (31.0% over 28.9%).

e When K = 8§, the performance of 38.9% UA is better than the performance of 38.2% UA achieved
by the baseline feature vectors. Note that this is achieved by a lower dimension of feature space

(256 vs. 384).

e We can exclude the delta features to reduce feature dimension to 128, and still get better results

than baseline (38.6% vs. 38.2%).

4.2 HMM Dynamic Model for LLD

Following the Challenge [2], we use HMMs for the standard LLDs. The results with baseline settings

as follows are shown in Table 6.

o left-to-right HMM

one model per emotion

diverse number (1, 3, 5) of states

2 Gaussian mixtures

6+4 Baum-Welch re-estimation iterations

148



Table 6: UA recall rates in percentage of baseline HMM-GMM on standard LLDs.

feature | no. states | UA | WA

O 1 36.1 | 37.1
3 33.8 | 32.7
5 33.9 | 36.1

O+A 1 36.3 | 49.3
3 36.2 | 35.7
5 36.2 | 41.6

Table 7: UA recall rates in percentage of 1-state HMM-GMM on standard LLDs with varying

components.

no. comp. | feature | UA | WA

4 O 36.0 | 334
O+A |36.7]38.7

8 O 349 | 253
O+A | 367|405

16 O 35.9 | 34.7
O+A |40.0|41.7

Hidden Markov Models (HMM) with Gaussian mixtures Model (GMM) for states. We increase
the number of Gaussian components in HMM-GMMs. The results are shown in Table 7. The best
performance we achieved by increasing the number of components and including the delta features is
40.0% UA recall rate, which is better than the baseline performance of 35.5% UA recall rate by 4.5%

absolute.

43 GMM-UBM

Each emoiton is modeled as a single-state HMM and each state distribution is a GMM. In this
paper, we call it HMM-GMMs. There are two different approaches to build emotion-dependent GMM
models. The first approach is to use emotion-dependent data to train independent models, as is the case
with 1-state HMM. The second approach is to use all data to train a UBM, then to adapt the UBM by
emotion-dependent data to emotion-dependent models. In GMM-UBM, the second approach is taken.

The results are shown in Table 8. The UA recall rate of 39.2% is achieved when the GMMs contain 256
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Table 8: UA recall rates in percentage of GMM-UBM on standard LL.Ds with varying compo-

nents.

no. comp. | feature | UA | WA
8 O 33.7 | 21.8
O+A |34.1)20.2
32 O 37.6 | 29.1
O+A | 391|324
64 O 36.2 | 254
O+A 379|315
256 O 34.2 | 20.5
O+A | 392|276

components.

5 Conclusion

In this paper, we apply super-vectors methods to speech emotion recognition. The construction of
super-vectors is based on adaptation of Gaussian mixture models. Evaluated on INTERSPEECH 2009
Emotion Challenge, the proposed system achieves performance gain while reducing the dimension of
feature space to 1/3 (128 vectors versus 384 vectors) or 2/3 (256 vectors versus 384 vectors). Further-
more, by increasing the number of components in HMM-GMM and including the delta features, the
performance is found to improve significantly. In the future, we will use emo-large (6000x) features in

our baseline and compare to super-vectors methods.
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Abstract

Literatures pertaining to English and Mandarin fricative/affricate productions by adults with
cerebral palsy (CP) showed that acoustic measurements such as rise time contrast, initial burst
rate contrast and friction noise duration contrast associated with fricative/affricate productions
were highly correlated with overall speech intelligibility. However, the phonetic features of
fricatives/affricates produced by Mandarin-learning children with CP were not fully explored.
Therefore, this study targets on fricatives/affricates produced by ten Mandarin-learning CP
children (Mean: 6;10, Range: 4;6 — 8;11) and ten Mandarin-learning typically developing
children (Mean: 5;7, Range: 5;2 —6;1). The current results from a speech repetition task showed

that: 1) The fricative/affricate accurate rates and error patterns were similar between the two
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groups; 2) The differences between the two groups in terms of nine acoustic measurements
(fricative/affricate rise time, initial burst rate, friction noise duration and their contrasts) and
speech intelligibility were not statistically significant; 3) The rise time contrast was an effective
contributor to overall speech intelligibility for CP children. Together with previous studies, the
current study concluded that rise time contrast was the most significant contributor, among
fricative/affricate measurements, to speech intelligibility across different age ranges.

Keywords: Children with cerebral palsy, Fricative, Affricate, Speech intelligibility, Mandarin

Chinese.

1. Introduction

Improving cerebral palsy (CP) children’s intelligibility is a key goal of speech therapy [1].
Therefore, identifying the contributing factors for speech intelligibility becomes of significant
importance. There is a large body of literature available on probing into the acoustic features
related to speech intelligibility. For instance, several studies focused on the relationship among
the acoustic features of vowels and speech intelligibility in English [1], [2], [3] and in Chinese
[4], [5]- The relationship between speech intelligibility and the lengths of vowels [2], [3], [6],
[7] and the relationship between speech intelligibility and the speech rates [5], [6], [7] were
also explored in details in the literature. However, the relationship between fricative/affricate
productions and speech intelligibility received relatively little attention. Therefore, the purpose
of this study is to investigate the acoustic features of fricative/affricate productions made by
Mandarin-acquiring CP children. The understanding of the acoustical features of the segments
produced by CP children bears significant clinical applications. For instance, language
therapists might be able to adjust their program and course design based on the current results

in order to cope with the need of CP children.
1.1 Acoustic features of fricatives and affricates among CP adults

Ansel and Kent [2] evaluated the relationship between specific acoustic features of speech and
speech intelligibility of 16 English-speaking adults (Mean: 33 years old, Range: 21-41) with
mixed CP. Among others, the results of their study showed that mean rise time and mean noise
duration for fricatives were longer than affricates. Additionally, the fricative-affricate contrast,
together with the front-back vowel contrast, high-low vowel contrast, and lax-tense vowel

contrast, could account for 62.6% of the variance in intelligibility scores in the study.
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In her dissertation, Jeng [8] measured the friction noise duration of the fricative/affricate
productions from 30 CP adults with dysarthria (Mean: 19.83 years old, Range: 17-25). The
results showed that there was little difference between the fricative noise duration and the
affricate noise duration produced by CP speakers, although such difference was obvious among
TD speakers. Statistical results indicated that the noise duration for the TD group was

significantly longer than that for the CP group.

Liu et al. [4] investigated the relationship between seven acoustic features and speech
intelligibility of 20 Mandarin-speaking young adults with CP (Mean: 18.5 years old, Range:
17-22). Although the results showed that there were no differences for noise duration contrast
and initial burst rate contrast between CP and TD groups, initial burst rate was an effective
predictor to speech intelligibility. More specifically, initial burst rate, together with the F2-F1
contrast and VOT contrast, were able to account for 74.84% of the variance in overall
intelligibility. Additionally, the initial burst rate contrast was shown to be correlated to overall

intelligibility among CP speakers, » =.06397, p < .01.
1.2 Interim summary and the present study

From a cross-linguistic perspective, onset rise time, initial burst rate and friction noise duration
were reported to be highly correlated with intelligibility in English and/or Chinese.
Furthermore, the contrasts between fricatives and affricates in each measurement might be
potential factors contributing to the overall intelligibility. However, those studies focused on
adults or young adults and the relationship between those acoustic measurements and speech
intelligibility among Mandarin-acquiring CP children was still unclear. Therefore, this study
intends to fill this gap by investigating the fricative/affricate productions from ten Mandarin-
acquiring CP children (Mean: 6;10, Range: 4;6 — 8;11) and ten Mandarin-acquiring TD children
(Mean: 5;7, Range: 5;2 — 6;1). The specific questions include: 1) What are the accuracy rates
and error patterns of fricatives and affricates produced by CP and TD children; 2) If there are
any differences among nine fricative/affricate-related acoustic measurements and speech
intelligibility between CP and TD groups; and 3) How much variance of speech intelligibility
could be accounted for by rise time contrast, initial burst rate contrast and friction noise

duration contrast?

155



2. Methods

2.1 Participants

Ten Mandarin-acquiring CP children (Mean: 6;10, Range: 4;6 — 8;11) and ten Mandarin-
acquiring TD children (Mean: 5;7, Range: 5;2 — 6;1) were included in the study. All the CP
children were diagnosed by a physiatrist. A list of the CP/TD participants, CP classification and
impairment severity, based on Gross Motor Function Classification System (GMFCS), are
shown in Table 1 (next leaf). Although each of the CP participants had different degrees of
impairment severity, all of them were determined to have adequate intellectual competence and
hearing ability to performed the required task in the experiment. All the children in the TD
group were without any history of language-hearing related disorders, as reported by their

parents.
2.2 Design and materials

TD participants were required to repeat 164 words, one by one, with all possible initial-rime
combinations in Mandarin Chinese after they heard a sample production played out by speakers
linked to a laptop computer. However, the time length required to perform the task was proved
to be impossible for CP children due to their limited physical energy and concentration span.
Therefore, the list of words was reduced to 39 for CP children. All the words with a
fricative/affricate initial segment were further selected for further acoustic analyses.
Specifically, the affricates in Mandarin Chinese included /te, te", ts, tsh, s, ts"/ and the fricatives

in Mandarin Chinese included /x, ¢, s, 8, 7, f/.
2.3 Acoustic measurements

The nine acoustic measurements included in this study were fricative/affricate initial burst rate,
fricative/affricate friction noise duration, fricative/affricate rise time, fricative-affricate initial
burst rate contrast, fricative-affricate frication noise duration contrast and fricative-affricate
rise time contrast. After the experimenters tagged the label with the criteria to be introduced
below, a script was used to obtained the values of initial burst rate, frication noise duration and
rise time. The contrasts were calculated by subtracting the fricative values from the affricate
values. All the acoustic analyses and the scripts were done by using Praat [9] and only the

correct productions of targets were included in the acoustic analyses.
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Table 1. Characteristics of the ten CP and ten TD children

Age GMFCS
ID Sex Type
(year#month;day) Level
CP1 F 4#6;3 Spastic diplegic CP Il
CP2 F 8#9;14 Spastic diplegic CP, Dyslalia ]
CP3 M 5#4;16 Spastic diplegic CP Il
CP4 M 5#8;17 Spastic diplegic CP Il
CP5 M 6#3;18 Spastic diplegic CP ]
CP6 M 6#11;24 Spastic diplegic CP v
CP7 M 7#5;0 Rt spastic hemiplegic CP ]
CP8 M T#6;8 Spastic diplegic CP ]
CP9 M 7#10;19 Mixed type (spastic & athetoid) CP ]
CP10 M 8#11;0 Lt spastic triplegic CP Il
TD1 M 5#11;1
TD2 M 6#1;14
TD3 M 5#8;3
TD4 M 5#3;23
TD5 F 5#7,26
TD6 M 5#11,0
TD7 M 5#9;11
TD8 F 5#8;18
TD9 F 5#2;14
TD10 F 5#5;5

2.3.1 Initial burst rate

A burst was expected to present in affricates as there was a stop preceding the fricative. The
occurrence of a burst was determined by the waveform and the spectrogram collectively. There
must be a burst in the waveform with the co-occurrence of a sharp spike corresponding to the
onset of a burst of noise. The burst rates of fricatives and affricates were calculated by dividing
the number of fricatives (or affricates) with a burst sign into the total number of the correct

fricative (or affricate) productions.
2.3.2 Frication noise duration

The starting point of a fricative/an affricate was determined by locating a boundary on the left
side and the right side of an intensity envelope. The script would automatically locate the point

with the lowest intensity energy within the boundaries as the starting point of a fricative/an
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affricate. The ending point of a fricative/an affricate was determined by the location where the

F1 of the following vowel occurred.
2.3.3 Rise time

Rise time is a measure of the time over which the amplitude envelope reaches its maximum
[10]. Rise time was measured at the middle 80 % of fricatives/affricates in order to exclude the
possible noise from the two boundaries. After the boundaries of fricative/affricate segments

were identified (as described in 2.3.2), the script automatically calculated rise time.
2.4 Intelligibility

All the word productions, including those without fricative/affricate initials, were included in
this part. All the productions of an individual child were transcribed with Chinese characters
by three judges and each judge only judged the productions of an individual child in order to
eliminate the potential familiarity effects of the materials. Therefore, a total of sixty (3 judges
x 20 participants) judges with normal hearing and without any background in speech pathology
were included in this study. Three correlational tests using Pearson Correlation showed that the
three lists of scores were highly correlated (List 1 vs. List 2, r =.973, n = 20, p = .000; List 1
vs. List 3, r =.953, n =20, p =.000; List 2 vs. List 3, r =.916, n = 20, p = .000). Therefore, the
speech intelligibility score of each participant was the average of three scores from three

individual judges.

3. Results

3.1 Accuracy rates and error patterns

The accuracy rates of fricative/affricate productions of TD and CP groups are shown in Table

2.

Table 2. Accuracy rates of fricative/affricate productions

Affricates Fricatives
CPs 69.5% 86.05%
TDs 68.00% 92.89%

A 2 (affricates vs. fricatives) x 2 (CPs vs. TDs) repeated measure ANOVA was performed to
examine if there were any differences among the accuracy rates. The results indicated that

fricative accuracy rates were significantly higher than affricate accuracy rates, F (1, 18) = 8.986,
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p =.008. No other comparisons/interactions showed significant effects. The results showed that

TD and CP performed similarly in terms of the accuracy rates.

The error patterns are shown in Table 3 and the percentage of each error type was displayed in

Figure 1.

Table 3. Fricative / affricate error patterns among CP and TD speakers

70
60

50
40
30
20 I
10

(De)retroflexion Affricatization

Error Type Instances No. of Errors (%)

(De)retroflexion ;::; : ﬁzg T(;/)P:I; 13 ((5587.59))

Affricatization //Z : Ej]] T?;:;? 1(1235;)
Fricatization o bl o
/teh/ - [6] TD: 4 (7.55)
(Un)aspiration //t;‘l/l /:[Ef:]] TC]j)P;:23 ((37..757))
Fronting /Z; : Eg] T(]:)P::51 ((92..453))
Backing //sfi : E(]] T(]:)P;:z1 ((32..757))
Others /Q/S/ —?[kf] T(]:)P;: 31 (?gg)

Percentage of each error type

Figure 1. Percentage of each error type between CP and TD groups

Fricatization

(Un)aspiration

mCP mTD
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As retroflex productions in Taiwan Mandarin are less retroflexed than Beijing Mandarin and
are often dropped, it was not surprising that the trend was observed among child speakers.
Affricatization was the second highest error type in both groups, although the percentage
appeared to be higher among CP speakers. While TD children tended to have a higher error
rates in fricatization and fronting, these trends were not observed among CP children. In short,

the general patterns were similar, although there were some variations within the two groups.
3.2 Comparisons of nine acoustic measurements and intelligibility

A summary of the comparisons of nine acoustic measurements and intelligibility between CP
and TD groups is shown in Table 4. The results of ten independent-samples t-tests indicated
that none of the comparisons were statistically significant, showing that the acoustic features

and intelligibility of fricative/affricate productions by TD and CP children were similar.

Table 4. Summary of the comparisons

Measurement (unit) CP (n=10) TD (n =10) t
Mean (SD) Mean (SD)
Intelligibility (%) 71.79 (18.74) 81.19 (10.75) -1.376
Fricative friction noise duration (msec.)  298.12 (557.56)  276.33 (413.01) .099
Affricate friction noise duration (msec.)  303.03 (607.79)  239.29 (267.58) 304
Noise duration contrast (msec.) 4.91 (65.47) -37.04 (147.14) .824
Fricative burst rate (%) 2.68 (5.66) 2.87 (2.82) -.099
Affricate burst rate (%) 60.43 (35.54) 68.66 (22.59) -.618
Burst rate contrast (%) 57.74 (33.95) 65.78 (21.57) -.613
Fricative rise time (msec.) 124.11 (218.12) 86.95 (72.53) Sl
Affricate rise time (msec.) 89.53 (134.29) 74.87 (36.69) 333
Rise time contrast (msec.) -34.586 (86.55) -12.08 (39.59) -.748

3.3 Multiple regression

A multiple regression was performed to examine the relative contribution of friction noise
duration contrast, rise time contrast and burst rate contrast to CP’s speech intelligibility. A
summary table can be found in Table 5 (next leaf). The results showed that these variables
significantly predicted CP’s speech intelligibility, F (3, 6) =10.51, p=". 008, R?= .840, adjusted
R2=.760. Furthermore, rise time contrast was a significant contributor, p=.014. A unit increase
in initial rise time contrast would result in .213 unit increase in CP children’s speech

intelligibility.
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Table 5. Summary of the multiple regression

Variables B S.E.B p p
Constant 85.303 8.117 .000
Frication duration contrast -.021 0.83 -.067 811
Initial burst rate contrast -.064 110 -.116 583
Rise time contrast 213 .062 922 014

4. Discussion

In this study, we intended to examine Mandarin-acquiring CP children’s productions of
fricatives and affricates by comparing accuracy rates, error patterns and nine acoustic
measurements of fricatives/affricates with TD controls. The relationship between speech
intelligibility and three sets of fricative-affricate acoustic measurement contrast were
investigated, too. The results showed that: 1) The fricative/affricate accurate rates and error
patterns were similar between the two groups; 2) The differences between the two groups in
terms of nine acoustical measurements (fricative/affricate rise time, initial burst rate, friction
noise duration and their contrasts) and speech intelligibility were not statistically significant;
3) The rise time contrast was an effective contributor to overall speech intelligibility for CP

children.

The current findings replicate several studies focusing on CP/TD adults in the literature. First,
the Mandarin-speaking CP young adults in Liu et al.’s [4] study did not perform differently
with the TD controls in terms of the burst rate contrast and friction noise duration contrast. The
current study focusing on Mandarin-acquiring CP and TD children had the same finding. That
is, there were no obvious differences in burst rate contrast and friction noise duration contrast
among CP and TD children. Second, the current study agreed with the finding from Ansel and
Kent [2] in that fricative-affricate contrast might be an influential factor affecting speech
intelligibility. More specifically, the current study showed that rise time contrast, among the
three sets of fricative-affricate contrast employed in this study, was the most influential factor
impacting CP children’s speech intelligibility. In short, together with previous studies, the
current study demonstrated that, at least for 6-year-olds and young adults, burst rate contrast
and frication noise duration contrast were not an effective measurement in distinguishing the
speech characters of fricatives and affricates produced by CP and TD individuals. Additionally,
rise time contrast might be the most influential factor, among other fricative/affricate-related

measurements, affecting the speech intelligibility of CP and TD individuals.



Although some of the results replicate the findings in studies whose participants were CP adults,
one difference still remains. In Jeng’s [8] study, the friction noise duration among TD speakers
were significantly longer than the for the CP group. Also, the author observed an obvious
difference between the fricative noise duration and the affricate noise duration produced by TD
speakers but not among CP speakers. However, in the current study, the results of t-tests showed
that there were no differences of fricative noise duration, affricate noise duration and fricative-
affricate noise duration contrast between TD and CP groups. As one obvious difference
between Jeng’s [8] study and the current study was the age of the participants, we attributed
the different findings to the age effect. More specifically, it might be possible that some finer-
grained acoustic features, such as friction noise duration, were still developing among TD
groups; therefore, the friction noise duration differences among TD and CP children were less

obvious.

5. Conclusion and final remarks

Based on the current experimental results, we conclude that, for fricative and affricate
productions among TD and CP children, a) the accurate rates and error patterns are similar and

b) rise time contrast can be an effective contributor overall speech intelligibility for CP children.

To our best knowledge, this is one of the very first studies that explored CP children’s
fricative/affricate productions by using acoustic measurements. We hope that: 1) With more
studies from a variety of languages, the unique (and possibly universal) contributor of
fricative/affricate productions to speech intelligibility can be identified; 2) With longitudinal
studies, the changes of different indices in distinguishing TD and CP speakers and the
influential contributor to speech intelligibility across different ages can be identified. We left

those issues as a direction for future studies.
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Abstract

This current paper aims to explore the usages of the manipulative verb shua3 and its semantic
extension on the Internet forum. PPT corpus, which sorts out the various articles from the
famous online forum in Taiwan, is adopted to be the main source of the data. 1000 tokens of
shuad are teased out and treated. Additional technologies such as Antconc and TaiwanDH
were also employed to analyze the data. Two major findings are found in this paper. First, six
senses of the verb shua3 occur in the data. The sixth sense “continuing the situation” is the

newly emergent meaning due to the frequent usage on the Internet forum. Second, syntactic
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behaviors and collocation of the verb shua3 are exploited to explain the semantic extension.
The results show that the emergent meaning of the verb correlates with the conceptual frame

and the frequent use of the strong collocation in the form of “shua3+NP.”
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Keywords: polysemy, semantic extension, manipulative verb shua3, internet forum language,
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EAT DR BEEEER OB - SR AR B B E TR S 2% b 7
EEGHEE

alp
s
Ol fﬂlh

=113
O

HATEERER 2 RN - 240 BRI © 1 DIERRI A AT ~ 2. DUELH M
HERE SR B A E S BN BT - LIS R AR ST A DA i it S
{f o MRERBILLRA A TRREE " ) FIHZFERIREGE - [F6E ARSn R it < B
T B RENEERE RS HEE O - SRR SR e Em R &
ad) [ BUESARSFRE (R FRRA (4 - JEREENEEAY 2 B S R BARRE - 1 A8 A e
FAE BRI - BR[Ot Sa a1 200 A B F R AU S TR T Y - HEVER BT
(R IA I BRI M © DARBRIEE Ry £ - FeERIFEAIM: 2383 5w (Principled Polysemy,
PP) BARFEIAE R - ' & ) AV CIEZIE AT IERI ARSGE— B T RVRIRIES) , g 2P
¥ FE - 208~ BIENEEE o BERELOE ) BmAE R - BUAR - SURRVEER -

TR » B ERE TR A DARAH B M (2R S e e R AN TT - PRET 5 - 3F
6] RS EEE TS AUSRTTASH - SEFERELANARA (G © sEER Y BlIEE R
P Jf% o DA raBeB B Z A i LR (P b Eh iy fra=ie - EHESE(L7]
DUt st 2 MR D B 2 3@ha Ty ) SRR 2Rl - St mat R
Ay e e A L - F‘ﬂiﬂ?[ﬁ]ﬁ% B HAEhEE T Aa] DLZE R s A A B
an e [EHRR % - Bhad) [ B MR (S B i R S B HE T A H R
A RE) - EMEECE - Bhk o IR S ReEE -

() EE (R AR

PREAER 2 T LUESE SRS A BRI e e eSS EOE R > F57%
FRHERERAAERFR > EAES BRSNS - $HENIE - ARUSEET e E
sl Y RE S AT Ry B RE HAESMNEAE - APl EN[11]3E—2 PRas R EhREAY R [N 2 — A] REK
E/LEEEH (mental lexicon) HFESREUTAR - fitsd R 8k sy B ER 81 - 755 L (I 55
FYEE AR » 3% ad s A BB R0 - e S (R A i A TPV BRRE A © AN
fiLFE R s B B AT 1T HHAY RS (S S (BB A BRI AL (prototypicality) JFAT - Big
ME - awtiREERRIZ ORI > FIFETIL -

AT HERA R P R R AE BRI 25 PR & Lakoff & Johnson[S]H tHAy & R mrEa - 41
ATASR AT IR Z AR R R ~ BEZS ~ i E E EAYRITSE B DLER R o e B e e B



Ao A (H RS A o g B gy o SE R (o EE TRV 2 — > T AT SRR M R
BEAESUEEES MBS HEAER -

AR AT LR B S = - BB R E A R - FHH A4S
B E NN Fse - &2 AR — (S EANR G B2
%é%ﬁ%‘%ﬁ?ﬁ%%?%%%%ﬁ%T%‘Fi[w] [20] - EE7 BN 7 P I 36 I 5 05 27 AR A

» DLEEHS By - (computer-mediated communication, CMC)fy3# i i 2 534
s TS EARYEE  NIET S DAt G Ut E HEVEES 175 R By
Fi3 o RE T AR g S EIR S EAERE - Sul21]% LIS BBS &aiE R HSR - &
HHRFIANEE S AT S S B S - B E BEDN T GREAR » AAHARYEE
BRAVIBI LT HERAYEE S 54T » Crystal[20]3 1 54 E = B Rt TUR L - B
Y3 (graphic features) ~ E &5z (orthographic features) ~ 3 A5 {Z (grammatical features) -
=a) 45 (lexical features) ~ =8 F(discourse features) ~ &5 Fi{Z(phonetic features) Kz
= dRr 2l (phonological features) - fF Ryddits st S AE(EH ARSI B £ > A RESS &
B IERFEOTAT

AE [0l _EAAHBARTZE > AR BT 77A 2 7T - DARBRH e Ry AT I8 B4 (e 55
BT FE 1] o 5% e » SO Bt 58 = A0 Rl (558 = (0 3R Sl B R R RN AT 5T
BEUEAVIETE © (NEE > ABTFERFg L NSRRI T AR

(1) EFEZEE <E>EHBERE DT 2 2 RIH ~ sBALIEE - TSy
TR Ry 2

(2) EEEEIEMHAETS » FrEUFIRAY<TE>+NP &HHE R WMa R4 Rs sl <
F 7 XCH R A ER T e (s 5B T A e 7

=~ WRITEETH
AREIGEEHEI AT > TSRS PR e (R

(1) EFEZ I <E>ESHANRE L2 -F&HE NP> NP % B N AR -
& LAEE Ry ohu L B R MEIRAVRE B 2 R BEHY BT ~ ARREHTIEIE4E -

(2) T T T T RS S PR RS < >N SR8 > LA e B 4T
S HESE R T A R B » (i e ] P DR 2
o L FREE -
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AZELLGERHE B A T 2 Bk B a8 KB S S E S R L A G E
EEy% LOPEN 3HEE NV SERIE © 3% :BRHE By H 8L ~ BERF Sy Bhaestikl
J& (dynamic corpus) > HFEZEZERME(DE 2001 46725 o EHEHBA T =+ CEE
ML FEZE FEHEE - RPN AT ZEATEER B R A se iR AR R 4A RS Byl 2 2016
i 4 H 30 HFEM# = 2000 & #E3 e NN 5E R EE R EREE A BAVATAE
HEEAERITEEBNIESE - A KEREIRLFENMEERHAE - £ 2005 > 40T
HIEa—2 = > FIEREE 1800 £ -

(Hf—) NEEEARE %

207 ARV E AN RS ERE > MO AE 4 £ = EHA
208 ARV E I AN RE A B ERE - s RO 4RI = A
(FEfI—) 1=

%E

e | e | | R | 458
(FB=) RERGEFFIRCIRII A

¥_MOOMZEER / ZJIN/

HAEAME R (B )

IMARIERFY 1800 5 A excel 12 - DL RAND EFEHHEFT » HUFT 1000 A58 2 #H5T

stk 1000 SEEERNG LR RHE AN & Jseg e - DUESE - K% » sERIE

B iR BT R S Ry N 3R 2 BEFH5E 2 1000 FERHRIAE excel DLAHHFE R T HY 5 IHR

R ——1E MEVNEARRER © (—) SEREBLS R Er iR AT B3 2 |IAME - () 54T
REELERITAEME (=) <Z>+NP B4 ~ (1) BRI

TIATELET A
(—) F|H

PP EBRE S F R B < >0 - ARVEY R R - AR =TEs
R - ABFFEEZ DL (hoCGRgeddns ) HIRERE REREE - FRanEhs] < >0 AR E A

fﬂ]h

LR RS SR A A (bulletin board system based ) HUSR#HE - HLE T WE & ZAE B I HEEE & 4 8
A o HEAGESHEMIEAL R po X > WEEE - SCREAR S HHENE S -
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a VHESk - B B~ H5E T TR E LR T IR ) BT
e " R R A T B TR E S ) T (E AR I E R HAY | &
WIHEE S B IR T EFE[HEFFINIAE - [NIL - SRR i DL B S T M T sl T T
AR E TR M IR R | IHSE RIS - SRR g R & — NS

a
A
aff °

R 3. BoEHHL B <> 2 FEEE

REWERE | E | EED | fOsTe
EROUER | EE | T | BEER
LS B GRE(TES: BRI hies) © © | © ©
1)
(eg<T>T—5i)
2. 5iF - HF - 15 © © | © ©
3. BRI AT TR T T e, © © ©
<TH5)
4. FHPRE T B TR IR L RS - © ©
EREDEH) (eg. <E>H)
5. {81 G4 AL I SR TR 5 ©
(e.g. <E>RE)

PRI AT EPREER T 3B <UE>RE - <> B<TE>4HEY S IS S i B =
BE> T H TR S AT ARV SE R AL RE S TR R R A LIRS R E R AR E G5 - A
I &R (POGRSAER) HEE R B EIEERHHIRAPT  EERE THEAHEE "4
EFHEN ) 2FE<E> 2% 0 T BBt BRI R AN - EEIRER AT
PR - SRR AR S AR > Rk 4

R4 =TEERAR Z Bha <> 2 FIAME 2 2R

LB EsE P LS SIS
ey ESIERRR R

2 EREERRIE <> - <Z>HPE <> MIESHTEy © 3.400 ~ 3.922 ~ 4.163 » B UL HHEC
HREE DU e B -
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R | RN AR FERHEL HEAR FERHEL
— (%) (%) (%)
6. ZIE I ER 475 | 47.5% 8 15.38% 250 50.00%
2EIFEFIEE | 264 | 26.4% 11 21.15% 65 13.00%
5. [ amas e | 141 14.1% 11 21.15% 73 14.60%
BEFIH
4, BENGEMABTE | 9l 9.1% 8 15.38% 62 12.40%
HFEETTR E St
3. FiEsE T EiET | 24 2.4% 11 21.15% 49 9.08%
1% #tt e G R 3R R
T30 HE R EVED)
L, ~ Bis CffF| 5 0.5% 3 5.77% 1 0.20%
WL BRI
F4EER )

(et SRR AR - DL T ZIERHES ) IRE RS EL RS - AR
Fe k" BiFF ~ B feFrlmig i 52 " Ry H B R A& Al A T pe DB e T
R & AR T T B TR E S ) » T R E TR T RIUE AT | 8%
&R EALTIZEAY T EEK - BudE ) 5B o By T E PR N EE R R R
FEER 2 FHR 5 - S F R P PRSI T <EZ>Y A > HE 54 o B AANE
AWTFEHLEINAY 2 SR 52 % > SEREHER 4

e P it BE N HesB e M DA E e FIRE S RVIBTE - 56/ il sE B AR LRE R E T oy
AL B - S5 e — D R AT F R AR B R E Rt > DA & RIER e B A o 52 A
FHE Ry - BEEEE4E 2001 £4£.22 2016 4 4 H 30 H Rl - HsgE= 5 braic
T~ A EEATEA S5 > 244 250 2 > 3£ 500 FAYEER > Z1& DL Liu &
N[2I5f% 2 GEHAL NSV INEERIE 500 FaEk o &EREUREEERR T 5
ANEEEHIEEPIIRMEZ B BR 4

EEde EH A [FIGS R AESTHER SR 2 BB ea < E>E GRS B HR A =
* BR& a0k (http://udndata.com/) Fslfik & 2k SRt 2 SRS ERIEEF Bk - Hha 11 AR R HRE

HEst > ARAAF ATIEME 1951 4 RIS (http://kmw.chinatimes.com/) RIS e 2y (PRI ) »
(PR ) ~ (rhipieER ) ZWrE > ke 1994 £ 1 H 1 HiE
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» EEAE DU IR A BE
Kl Rt 5 F e B

Gizpzay 1 DY I 1/
ARHEEAGEE - 23RBS LRVAERE

THRETEAS S AIfa A A= 22 -

(=) &8

ERES R <E>{EREADIRE B EEHEE
FEhER]  AI<TE> N~ <BI>EEEHE K<
Gt AR » RN A R R 2R

iy SEER L=y

>BES

A 2H
EH B

BERE - FBREERER

o LIN » R i

AL
TS

HRGEH - 1B 230 iR
RN R NEhEE o QI<EES T ] e

A NYIRE -

o PRGN
PERYRIE > RE R SO B
— SRR EEE <E>HRE)

— R

/A/\
e

[E3+<T>+NP] - [E

SEHIANP+<TES] ~ [ FEEHE+HNP+E+NP2+<TE>] ~ [NP++ ( T35 ) +<TE> (7)1~ [NP+

FAAR+<TEZ>] ~ [NP+E+ FEFE+<TE>] ~ [FFE+G+NP+<T>] 5 K R W@hEany a) AR AA
[EFE+<E> (7)) ] - BEAAEHBEEIRSEN Z2WA 0 - SEEAT L EERE - 4
FSFR -
%5~ BiEE<E> AEGEREOAE - SRR G R ERTE
h)TRES W& HHEFRIE
g (NUm& %) | EEAE M1 M2 M3 M4 M5 M6
[FEE+<TE>+NP] 115 (115%) | <}z > 2> v v
(11.07%) | (2.92%)
707 < > v v v
(70.7%) (11.07%) | (17.15%) | (57.79%)
[ERE+HE+NP+ 3 <JfE v
<] (0.3%) i
[EFE+U+NP+& | 37 < E - 2 v
+NP2+<TZ>] (3.7%) = s
[NP++ 126 < fidE> v
(F&E) + (12.6%)
<mE> (7)) ]
[NP+IZR+<TE>] | 1 <ZH g v
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(0.1%)
[NP+:E+FzE+<TE | 2 <ZH> s>
g (0.2%)
[EE+45+NP+<TE | 4 <ZZ Jiti$>
’] (0.4%)
V& e
[EsEr<m> (T) ]| 05% <HigE>

H( % 5) 2 EIRFERI 2GRN S > Bisa<E> EH LU EFE+<E>+NPI A5 82.2%
AYREEER] - AHEEZ T - HEAAUMEREZ R4 - [EFE+<E>+NPI{EFEEDIRE LA L
[ERZRSE AR SREEEC T 0 AT — IR Bl A SRR | SR TAVIERS T 7
W TET—MET - AR THEERE AT > SREE <E>AIEHNGER - B
Bl sBR 2B R<ZE>+NP 4518 ([H—<Z>AVsEER m et i BRI e 4
arHPIRG > LR HUEEY TVO A ) (5 11.5% ) ¢ S —SUHIEIGE Bl < T > IR B
EREE O SEEIEEAVERE A2 & NP PR S S EGIRE R 2 - IR RS
Ay TVN RS | (15 70.7%) - (AL - AR ASRERMERR B 3amE B S AH - aiiE T 26
A (1) - (9) A e

(1) [E B s ARATEIH<TE> [ 2] 00 -

(2) UINBus]<E>[EfEs=]H0 BIOS #1HY USB BEEEAK -

(3) [SOLER ses] i I N MEHE DAY SR o] <> [ Bl en]
(4) AR R s JEBFHEI Res] E[ERine] <> - @B EHEE -
(5) FFEEHE > HE AR IR S ws] <> T ©

(6) b= * [kl AR<EE>HY -

(7) DEE zsl B EE e <E>FEBrHy ?

(8) [T /T ZhG s B 4a[IRns] B <T>HIIE?

(9) REDKFEMREHI - [es] CRCE<E>T T -
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[EFE+<Z>+NPIH L < s - ZE>HEEACHERTER " 3u5F » 557 - 57
Wik, BT TR E TRMETRMUE D EERAT , BE - el (1) 0y Tk, B
BRI S <fiisE > AG>SH S HMERI IR " IR0 EE Rl & 1 O TR E R
AR BETEETI BN T 2R R  E A SR ERS R
SEEEAR - AR 2 M BAEE - tbaple) (2) BrmEREE/ NV E
SRS T Bk ERRAYIRAR o MEEREE A - A RERmaple (3) 2
(8) ZRuE AN EEACE/R<ZE  HE>HHESERERE —25 "5
7~ PeFF R o BN IERE A0S T ATRERAVEE R 2 E 8 Mo 8 SRS 5
FERMEE - MAITILBREAESE - IR HIRE AT PR (9) R RYIEEE A
% NG AER] TS BrsE ) HUREE

(=) <TE>+NP NHRHEHED
WAL AT - B2 Fe @ <Z>AR([EEE+<ZE>+NPIEA A VA THEs
H—r<id » ZF> - K "VO A | S R<Nish - ZAS>RWL TVN AL -
PR EEANEEE <E>HYSRITAS Y2 A COE— D gl SN A [FRY
e o BRI S - Bhed <E>HUEmILATE R (Eamr TR Rt EE (agent) BIZEH

(patient) k%8G (theme) - <Jifish » ZHE>HGPHEHEH 2 KA Edri > =23 A2
EREY)  WAE ~ B - WESSEIEENYI - i) - SRR - TR T)E
RN RyZ R B NBY) <t FR>Eicr BT~ 577 - HEY ~iRE&
FrE &8R- EEH - 8% EE > FRE R EWRR - S04 hrEY -

¢ BIRERTCRTE AR A g (patient) B (theme ) » FESREREH 34 SR - ARYEEA Dowty
£ 1991 #& 7R R A B AT [ A e S B Y S2 ER R o SRACHAFSE Tl - BhAR)<E>HRFTE 5 H
[+affected]mi[+state] ~ [+event]Rif » &R —F -
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6. Fhad <E>HYERICASIENYZEE RN

EEAT B 7= = v B O B =
26 | B
<fiti g » 2> HEY) (eg. EEHE -~ LE ~ BEE) 91 |111% |3 | 2.0%
Htaffected] BRI (e.9. 7546~ A7) #fE%) | 23 | 28% | 13 | 8.6%
[+concrete]
<Jiii g - FHe> FE (e9. BT ERE N~ F651 /2745 ) | 86 | 10.5% | 12 | 7.9%
L[+state] 535 (eq. 7E=0E - BrF24 - 177¢% ) |31 | 38% |15 | 9.9%
Htevent] Hi (e.g. AME - BHEES) 53 |64% |3 |2.0%
Hrabstract] | yeee (oq g 45 FEES) 466 | 56.7% | 87 | 57.6%
P (e.g. ZNFR - UE - BKE) 30 |3.6% |10 |6.6%
HE (e.g. AAZL) 1 101% |1 |0.7%
ARG (e.g. I ~ sl ~ JREH) 5 |06% |3 |20%
tET] (eq. 771 - IIES) 36 |44% |4 | 26%
Ly 822 | 100% | 151 | 100%

(PU) GEEAE(H

GreEc 4 B3 6 BRIAVATR - T RB A SRR BRIV E AR T AR
FHES | (ERVEERAH B M ZIE 2 (47.5% ) @ #ERC A RVEE R A B— R EE B R
TVHE 2T » INEBZRFEILEE AT DUF B R IE (R - SR a A4S eiER AN 4Ers st S HUA
TERR - AR AR DU P GRAa 0 2 AV 4EHE - A/ NEfft b Be < T > 2 BUAVHE
28~ W45 (conceptual structure ) DURE(H T HHAYEERS (extended structure ) fiffEE)
l<TE> T ZIERAES ) sEE M LIRS -

B JEREEhEE<TE> N A0SR ENEE (manipulation verb ) B SHEEE L 5 R E]
REA T E AT (manipulator) - #7725 (manipulaee) Fy<2Ff %
HAE—ERENDEE - HEE HER - —BBRGIUAN RS S S RHEIHEFE -
FRINEHERFEACE MR (low agentivity ) BY#HREFE o IE—FEWEIRMTEER
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R T B < E R R A A S B RN - kS RS
% FrameNet  #SEIEBIETHIEATHEZE R * Manipulate_into_doing |, RO B
#7554 (manipulator ) ~ #EHEFFH M (goods) BRLREIRFEAY A (victim ) ~ 0 i 45 5

(Resulting_action) » H[& 1 -
\ ‘

[
BRIFE | —| BRIV PUELER

1 SR A

MEEE<Z>HI/N(EZEIERRAD T 75T - Bode ) A S E RRWEIRN " iuiF - EH5F

T3 ) FEA/NEIAR Tafamoh - AR S/ NUE SR SR Eh IR S 46t - HrihZE

Fop REB R R DIE = EF T T TR E LR TRAMUE I EIRETT | B -

Rl EAERE R 2 B a5 BV SA R AR R R R HRSE] ~ [HEY] > a0 N YIGE
(10) "t | BARFEoRTey) TR ) BN TGS EEEEPTRTIAE R -

(10) MAE NHZES PR T EEETHR - 1R 7 R Z MR e -
BRI RMEIMEN - (REFIRFFEAVE SN - SHRFFIE A B H BRI B s
A MEEAERCTEEEBRE ST > B BRI Eh < B> A S S B H Y ZRE
e > (1) ~ (12)

(11) FSCE <> B/ NP R EER AL B DUR R RIS REER -

(12) mZiREas  BH<EREEREFFE -
PRENRNEFIR HHIRE R - AR GHR TR 2 MRVR (RS9 E1R - IR TR L
MR IR IR B RS > EEBERE - NI > B asm  EHER

L RESTEAE R Z ARG (HEIIRREE S REE B S A 80T A HATMEAR L, -
Wple) (13) /Y T HEE , HERZEMTEEE A EER -

(13) 5 SR B LA 2 <TE>B§
s EJ R IR SRR (| > 28~ PR B R TETAVIRRR B A FH<ZZ>+NP HYSEREFREE -
EDRREA S Ry IR w5 | —5d > BEhEE<E>REECHE R E A SERIAYERR > a0 T E

:  MIEfFE—5 » IZEIEERNZ - DRl E<E>AEmE ) 1A -
DUE R S a8 A & FH DUR 2 B e i b EHh RSN - BB ERAR -
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Sweetser(1991)F5 Hi 0 & # (F IR H B BGHRIE - [N Ryaf B i i Eh e < > RE S R 2 il
4 MEEEE R ) HVE(E A3 T BB S S -

i~ &hEmELE A

AW LSt EE R R A SR LEAGE B BRI R (F 5 520 PR RS % 3 Eha
<TE> 7 SHIAIRE EAGR TS  <TE>+NP FEECE AT DURGE TR AR - FEAGHIGER - 4ham T
TIRIE AR ¢ ()RR Y AR S > Bhasl<EE> A N ERIE - DU
M HEEEAG KA > H 24 2R [EFE+<E>+NP] A3 - Ho AR FRVEEE A s
(Mg =2F) B (fiE > ZHe) A T VO &t ) B T VN 6558 ifirvsEE sl -
ML SR 2 B BRHEE R BA LY - BBt - T - 505 - HAY
RRE ~ FPE 53 [HE - B8 EDFE TS - (ORI ERERRIEES 4
EFFES ) R R B - R RSB A AN E S (RS AL » SRR
JRERREET T P RR A - AEGER L - <ZE>+NP IEREEEREATKE i A B R - & T
BHIRNEUEBRIEER - D IR B A Fe AL > ik — Pk av R &
B ENEAEEEE N H LR R RY SRR Er -

IR IR R T A AR - DA ER A AR AR I AR R R AT e 25

a. AWTFEE AL B E MR e s > N EREREE 258 S - HIPZ TEEIR
FRE—REIRHE > ARACHTES SRR A S0

b. AR ARREMRRR LRGN T BT —(E ) T E R YRR LR
s PR S EE B B E SRR R - ST RS MG S - B4k NP H3lsE
FELEZ R0 1 LA topic models Ay &R oA (T EEINRY SR g iR s kA S -

C. AL o] E<FE>+NP A5 hrldA s LB AR -

ARGl

R LN SE R R PH N S et T B - 55eE - 178 L MU RE MR/ &
ZTTHEAMMRE-F R BEHEXLLHERGEEE X 22, (MOST
104-2420-H-004-034-MY 2) {9 <7 £ Bl fg )y -
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A study of enhancing the modulation spectrum of speech signals
via nonnegative matrix factorization

F4EH] Xu-Xiang Wang?® ~ B Z#E Zhi-Hao Zheng'
H 2 Yu Tsao® ~ (& Thih-Wei Hong !
MRV E N
HEASY yR- S MR
3 R B SRR B RE 0

EE=S

AR SCH » FMEH TIEE TR 5% (nonnegative matrix decomposition, NMF) #7ii
Ao LB S RHEEAEMERS - W H o AR E R 25 = S s R S R 5 AR
(basis) » F P EIRVEE AR g HiElaE S~ SR Y - RfeiEEC R G A EE
{17 i (inverse Fourier transform){5- 3 02 S ARG A 152158 LaE = 3Gk - 5550
P42 W Fe 53 T DR [ BC B R AR A P — Fed i R AR AR A R By — R T ~ 55
— e RIS A R B AR S RS - ff% - FFPIE A HIEE S v LA M bR - 40
BRI H AN AN R 20 Ko/ NS S 7 B 2 SR AR e S (RN s i th 2 07
AR T o

EEEERIEREERE F > F5 | AURORA-2 BAEE - E Rl E 7 W reEa) » HyzE
HalgRZ 2 E MR 2 BisE RE R Ll 25 AN AR ERN S - seARER
FHEEERERER T RE = E Ry B (PESQ) -

Abstract

In this paper, we propose to enhance the modulation spectrum of the spectrograms for speech
signals via the technique of non-negative matrix factorization (NMF). In the training phase,
the clean speech and noise in the training set are separately transformed to spectrograms and
modulation spectra in turn, and then the magnitude modulation spectra are used to train the
NMF-based basis matrices for clean speech and noise, respectively. In the test phase, the test
signal is converted to its modulation spectrum, which is then enhanced via NMF with the basis
matrices obtained in the training phase. The updated modulation spectrum is finally
transformed back to the time domain as the enhanced signal. In addition, we propose two
variants for the newly method in order to possess relatively high computation complexity One
is to consider the several adjacent acoustic frequencies as a whole for the subsequent processing,
and the other is to process the low modulation frequency components. These new methods are
validated via a subset of the Aurora-2 noisy connected-digit database. Preliminary experiments
have indicated that these methods can achieve better signal quality relative to the baseline
results in terms of the Perceptual Evaluation of Speech Quality (PESQ) index, and they
outperform some well-known speech enhancement methods including spectral subtraction (SS),
Wiener filtering (WF) and minimum mean squared error short-time spectral amplitude
estimation (MMSE-STSA).
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Keywords: non-negative matrix factorization, speech enhancement, modulation spectrum,
spectrogram.

N EVAN
wE R HH

UERF AR PN > T TR SLAT R FLH B IR T A (Rt
KT B FEIERE - 53 I MR R S A - SR A T
R o ELERELEN - A - B TR OO ORI R - e
ST LA B AR F - LAESEE Sz o 807 MR LT S B — e
= (A SR R RIS R T 2 e RIS  BUEAT T
SRR EIEE] b T SN R A AT » F ST T B
SERH o S PR T DS DO EL SR A CHIRE. » A0ARES - LINE %3
Sy BERIE RS, (APP) - Ti/SL0imaR APP (UZE%IEsRELES - SN ES T H
SRR RSN S TR E S ST - ISR RIS
o FTBITA  B A B IR AT B A - BT BT -

AT B » 35 M AL A G S B S T3 P
TR - B BT - BT R (VDR ERES P (35 - MRS e S 2k
SRR B R AR - PRTEASSCT SIS AR T s T
SR (LI - H OV E BT T4 - R A e I T RS o i
BAKGETS -

R SRIE  SET R TR AR I b (SR R S m R
Bk - BURTE - BRGHN SR TIRE A B2 5% - 14B) - ABS (Anti-lock Braking
System) L% FAEANMM AL » T4 BRI T S A S R 2t
SR » SR PR L BAIA IR At (B e Th R R > A
O S A R + OB\ T TR B AR el 3 B AL T T
B ~ R AT TSR o (AL T\ PISEE - B T AL sbesll » 7% g
ERRESTR > HOURR S IR R E - RS 3 E R
T BRI » 5 R R S TR SYNCI] > AT 3B B a2 E I
S+ A1EM SR - SRS FURSE R - IR © (B B AT
HepE e — o FERTE BN T4 > URDIEE - 58 - BRRANTREMEH T At
A G RGBT o P T G O T (BB T B 2 98
SEIE » TR S IR R, > F T AE TS (AL N - (ERE AR
TR b » MR EE S AR TR R » T LUE R (SR I8 D0 b S50
SERIIEISE R LR AR -

FEBL IR bR A B S EMERE IS - B T T T
(intelligibility) BLEE (quality) » (FelS eI 12 75 B R I 98 (T B A »
(NG L A BN (L - B(ERBARER, (stationary noise) » 7 HIFA{FRBAEER
(non-stationary noise) + TIARIEELEE T AIERACH IS ARG » HRAIEsT BT :

(1) DR (additive noise) : A2y SHAESR, - MESRIEST S5 RIBERS FpR i iEAr
i1 (linear addition) HIRH{% » IREHER Ao — 26 43 Fud FEEABE I e SR S Pl e
o ATER R - WEBHRTS  HAE A TR (babble) SIEHHER

(siren noise) Z o
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(2) fBfEMEFEER (convolutional noise) © JRRE(E N - FEEREEE S FIRFR B o]

i LATETE (convolution) FYRH (% » {52 BEaE 8 X ME RN 28 v JE A 28 SUE » TN 2 i
7BILE (channel distortion) » 35 28 v EURE E (1 & > AllZE Y B X0 AT (DL R IR 82 >
EEgEPuR (A ESETRNACE TAEN ) WTEhEsE M - RIE a2 i
ﬁ o

s o b H BV AR A TR S B8 1O GE S TR VEE S e BB R R
DIARA L2 HB R I EAERE » — kR E et F s bA T or R Wit BEEr=(
(supervised) FIJEEZEF( (unsupervised) - f&EAGER » Wi 2= RAE IS E RIS Z 55
e A o

BB A NVRE B v LA [EI (R A B S AR T U > H SRRy 80 %
B AVEISR AP (i AERS: - Bl E ZAHBIF & B3 f##% (phoneme-dependent NMF) [2] -
H A5 55 (codebook) 7Y 58 LA [3] ~ A& H IR IR & B [l o g 45 & el 5 v RIEADE
(BNMF-HMM)[4] ~ Tn A FEMFEi M 2 FEfEIE & 5B fiE4  (convolutive nonnegative matrix
factorization with cosparsity)[5] - JEEEE A AVRE = i L AW AN BR BRI RE F R K A
A - HAERE E P RHGE = IR SR8 - IWE R T AR S A
(spectral subtraction , SS)[6] ~ ELRE#% (Wiener filter)[7] ~ KE 2875 (Kalman
filter)[8] ~ E I HIHT /NS iR AsE S8 {b/E (Laplacian-based MMSE estimator
for speech enhancement)[9] ~ BE.3# 78 ¥ HH {55 2 98 {E7E (Enhancement of single channel

periodic signals in the time-domain)[10] ~ ER%EzE 58 L (compressive speech enhancement)

[11]~ 7t HIRIFEFEM g 2 4% EEE#EA (Online BNMF)[4] ~ f e HUE S (mixtures
of local dictionaries)[12] » BB =AY T /AR BB ATENE S & » 758 TS 8 SEEN
FERTE N TTE - BRI EAR SIS EEE 2 SIS EENE

Kem X FEE(EHIEE A ETE % (nonnegative matrix factorization, NMF)[13] 7
e LEE S Rl - NMF A2 HEERZ (Bell Laboratory) #Y D.D. Lee fJifi &3 T.
B2l (Massachusetts Institute of Technology, MIT) #Y H.S. Seung [ [ H 3R AEEE »
REVTFI TSGR B > 1R E A g EsE S 98 b b « B NMF 4% » Bt T
B P98 ERE (modulation spectrum) HY58(EFET

H—RETNS  WITEZREEHTEEVIRETE (frame) HYFYI - &S S HEEH
B TS - SRR EAREE (short-time acoustic spectrum) » #2 F (R £2
ARG Y e 51 P E — 2 T BE R - B TS 5] 2 R B AR 7 SR - [T A G ST
DAHEY 772 #E E NMF JESEA _baft > SRS Fastn e B fGE 8 - #EEaISR &R Rz
s SOHERR o ISR RN 5 2 SRR SRS Y NMF AL (basis) » FA1 R J7HVESE AR
e EEE 2 B R  [REL DR FEEE IR % BlE HaatE A ~ &l E
T EEEHA (inverse Fourier transform) G HVEEEARRENRT 741 (€1 A58 bt s alat «
TN By TR RAE RS - MR T RIS A - —fE R Al B A AR —
O E ~ S5—fERI 2 H R ARG Y - IRIRE GG » S A# R 2L
ARG HERE SIS ~ TR AT BT E -

IR EE—EIE BTGP A = i v LAMERE: - 3 B Ri
s F 24 (spectral subtraction, SS)[6] ~ BEANJER g5% (Wiener filter)[7] DL Sca/ N7 35
7240 B ] AR B HR 8 {5 0% (minimum mean-squared error short-time spectral amplitude
estimation, MMSE-STSA) [14] » {0 EER&ER 0B - IRAFIFTIRAVHT )7 /A T Rt HER
5T RELLIEE =M A B YR B -
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N AEID = VAR Day T s B

(—) FEEFEMEII A Z ST

NMF %EEKJ?&EHE#H—{I?FE%E@ TR SN (E TR B R - i AEFE AT (DR & W

{EFEFERSRRS - Aradd B - ZFEEEARITTER (clement) HYUZEKNREGEENZNE
B o FEDIBEE - BT — RS RN x MEYIEESER > B NMF 5347 > ook R
FEEFEFHEWHIH » 41 N H0R:

\

V= WH (1)

Lt e

FEPEV I H T R BRI (data matrix) EZEEAEFE (sample matrix) » E1TERHE
KIVHEE RN x 1> fHERVEE TEN x I EEAR

Wi i Ry R e A e (BaSismatriX) RS AN xr (—fEERrg/ NANELM) » H
r BEEEE - Bt (1) TR o BRMERVAYE—E7 TR 2 ] TR AR W
A TRE 2 RS -

H# 5 T8 Rt Ef (Encoding matrix) » RS] Fsr x M » Hig— (TR 17 Rl 414
HEWRE > sFPAoRER - AR (AR  AAEEWHEYT TR ER » AR
VEVEa[ BT & BIEjEER) BN (BERED AEHHEEET
[ & e

TRIBRT NMF 22 HiY > — 2R ERMEE VS BRI EZE A 7 1m (B

Sl > BIpTS 2 A RAEEW ) - ISR E (BERYREEREHS) - fRiEidfe s » oK
FRIFEREWHIHEY T AR —fRiM S - MR E R —(ERCA L (cost function) »
REWHELVHYZ PEEGE TR - fEH SR MBI A ey 77 = WHE ATV
TR Y2 AR EL R Y ECAS e
> B HEEIEEE ) (Squared Euclidean distance) :

dy =%;;(Vij — (WH)ij)z (2)

» KL B{E (Kullback-Leibler divergence) :

7
dz = Zi,j (Vulogm - Vij + (WH)U) (3)

PEE(LEAAAAR] (multiplication rule) SErWELH i (2) HEd (3) ZATFR/RHVERA L
o baE > EEA Q) 3 RIWEHAYZEE a0 T

(VHT);
W, « Wy m “)
H.. < H (WTV)yj 5
kj kj (WTWH)kj ( )

AR (3) WA
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XjHy;Vij/(WH)

Wik — Wik T He,
J J

(6)

2jWikVij/(WH);;
i B ™S

(7

Rl —1RHE - ARG Y NMF 7% » HECARREEE f (2) 2B B
PEEEP T > INEEWEEHETRACE I A0 (4) =UR1 (5) = -

(=) BERIERIEME AR 2 SRS R (LA (NMF-MSE) Z /M 4H

TE PE AR A 48 A G S P2 Y B )7 A —E N JE A FE [ o i 2 S S MR v B A
(NMF-based modulation spectrum enhancement, NMF-MSE) - —f#%ifi & > NMF & FH LL5& b
shE 2 HESEE] (spectrogram) [15] @ JREJELEZEESHE (acoustic spectrum) FYHFFE%I] (time
series) » [MAEHIHTJT/AM » FHEEAKER » BIFRAFTF 2 B B A S v FE e e 1 L
17 EEfEHA (Fourier transform) ~ 52| EEHSEERE (modulation spectrum) [19,20,21]7% » {F
HIHERE AT E NMF Y581k
FATERL T D7 7A 9 » s LAY e et A S I 31 < B A s HL o il
73 (magnitude part) » £ FEFAFIICRE /T AMROR GRS SHES - W—ERET S » a0
HEHE E VI —H B EE (frame) » UGS TEAYIF S > AR HE Y B HUGEI R
17 EEfEHA (short-time Fourier transform, STFT) » B[I'n] DA 21|55 S HEAY 5o IS L 2 5E 5T
(short-time acoustic spectrum) » =41 -

X[n k] = Shzb xa (e T ®)
0<n<N-10<k<K-1,
Hrp {x,(£),0 < £ < L — 1} FE 7 En(dSHEAYRFEENSE > NELK 737l By S tEAR S iR
EENRREBEEL - () VX [n, k78 T8 B Z HHHLE (spectrogram) » 3% FRAFT¥EHME—
AR B bR N RE ARG8T | X [, k]|~ V2 S ERS e (Bindih) FH—X M7 3E
A (Fourier transform) » B[V R[55I SR E2ARARE 7 SHEHERE » A=) -

X[k,m] = SN[, k]le ™/ ©)
0<m<M-10<k<K-1,
Horh M RS AR R B - EFAMIFTHT R AT NMF-MSE &1 » B2 81 =0(9) > s s fasy
Hoafg CAUIXTk, m]|) JobAseiL - #EEER AR L AYRUE © BL—AR RS NMF Y58
{B7EMEL > NMF-MSE JAHL & 1 5/l 4R IS B BUATGPE B - 38R0 B FH UG SR S &R
HYESE (EAREMERTTE ) » RS B AIF A Eafry B sk D &R B i R e
JilE BRIy & FEIERERARE Y © SRt
Step 1:5l|%k[5EE (training phase)
ik A SR B 275555 (clean speech) EFEGH (noise) - 488 48 K5 AR fia] {67 17 B A
(STFT) {28 Rl » 1580 oz F et B R A e BRI AR R - A [FIsEH) 2 R a8 2
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AR AR R B A s B AR R 5 B ISR RS [k 2 [ X [k,m]| 0 <m <
M/2) Fepk—{EXERE - B1E SeAREER RS TR & (column vector) HYJE = HERHZF6E
HERIEM Vs o [ eV ERCE % - SRR A AR S A R SRR
AR TR S R S — (BRI VY - BEERIVELV iE i NMF )5 SRR (W
Wy ) DU ARIEFEIE (HsBiHy) » JIISRIZ 20 BRan T~

1 e (WeBIWy) HATRE[EE v ((T2EMHEE)

2. RAEEERIEME (WeBIWy) EdRaIElE (HsBdHy) 1aft - JEFERANFTE EE &~

FyE e

3. EWEAW AT EMOERIL - IR TRE TR 1 -

4. BRI P B AR S R PR AR AR © fE JeAu A2 EHY NMF J% » HEEE VS

B ERRE PRV 73 B0 DA o i - MR S R P BR G- EIRYRIEG(E - i (4) B (5) =

AR RUIE AR AE WS ~ Wy KRt g ~ Hy -

ERTFENE » RHCPEREH B — (B EARAR BUER AL - (R E R E A K (E & 2250
Y - FACPERRRMKR - BEIKAHA [EIRVEEREE (W, Wy) -
STEP 2 : JHEAFEEZ (testing phase) :

REHERFEENEE S (noisy speech) » 77 A8 A5 IRF ] (AT BEREHR. (STFT) $EUA R AH ]
FRORH B — R B N TRV S B AR 8 T Rl oy DA EvERor » B35 STEP 1 58/ &
JECHE P Wi EETWy 745 SR B 7T B G 15 81— (TR S R AR > RIS WL = [Ws Wy - 24
1% » ¥&HH NMF A5 g m Ev » Blv ~ Wh > {HEERF FUE SRS £h - BRAAHEWHE
FARE -~ BE Ry Rl 2 WA FEHWE"  HFEEREEFIH STEP 1 2 WeE2Wy Fr 41 Hil

S FREE AN o BIEASEREIRM R
hg
V= Wh = [WS WN] h ] = Ws-hs + WNhN' (10)
N
1% > HUSITRZ FeE S L 2 v e {IWshgEk
(Wshg/(Wshs + Wyhg)) X v, (11)

(Erfr o /X" R R R B — T RBEBRABEO AR ) - RS & v R ietH
sy » AHSEIE RS R AR EAREE - RS (Inverse Fourier transform)
B EsR(bry (REEIRR) BERRRERFY] > &k - @RI ABEEM
PR 7B RS RE R & FUATHAL - R EFHTHVEARIE - S EE i SO R e (17 55
% (Inverse STFT) wt AJf53Z 5@ LILHVREE 1SR -

(=) NMF-MSEZEAM &S

® (K& IHA 2 NMF-MSE
EEE25 ek > B REE S T ENE R E TR IR EIEL - fl0E ZHE
B By 100 Hz B - SRS RS H S pE s i R R &R E By 0 31 50 Hz » B35S Wik~ BT AH
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SRECE R 0 22 16 Hz » HIL 4 Hz RSy Ry B3 - TeMIE RSBV - KL 4.1 &)1
FATEERY NMF-MSE 72 - JRENEAM S B S SR A AR 5o DI LASRA L - TTRERERAY
AR T PR A B o [ R E > RPIELE R T —(E2 8 MRS 2
T HBHELEED] (Low-to-fullratio) - fES HLFR > BIAIELFR = 0.25 > AR B =38
AR AT 25 ESRRT R ST © BEFIMRGY 1 HYLFRATARE i & 240 1] LA (X NMF-MSE
TEREEHEEE - N AR (CAVRE SRR M BAY RSN T - (HLFRE R REER
s > 75 R T AR S AR A A R B A T (B R i oy

® [FRAFENTE 2 NMF-MSE

TERT—EAFTHY NMF-MSE At » FAME 1 EHE 1 22 BT s SRR i D&
b > (HHMEARE SR ATRI B H AR L AR IR AR AR R — 8 - Hs
BEELE FE L [E F DL NMF AYESESKRELATHI4R_E - PR Rl eR B0kt ST i - BLJE AR
KE e BN - BRSNS ERE (b L B =R EE - FMTEIE
F—ESHBL (block) » (RFT — O AL AR AYELEL - TE[H1AHT MSE-NMF
fBi=f > BL = 1> M EZRIVERSE > KA b 2,3 #1 4 - REFEEN > EBLHK
K RFRZARAER EI R R — RN DARE - R FE 8K - [RIIE > BEZA
BeHMBLET{E NMF FlISRE 825 » (0 0] BE R AR A AR R AT FE T R RS R LAY RER: -

k Two-dimensional spectrum
L N Xk, m]

K/2

the modulation spectrum with respect to
a specific acoustic frequency

acoustic frequency index
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012 el M/2
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Two-dimensional spectrum
Xk, m]

ARRRAMMAAAMARRAMAARARAARRRRSRED |
‘T | BL

=

»
>

K/2

the modulation spectrum with respect to
a specific acoustic frequency

acoustic frequency index

0123 ... ...

BL BL: block size, the number of acoustic
l frequencies processed together
» M

012 .. ...... M/2
modulation frequency index

&~ 2EBLYRERE
= BREREROE
(—) FrfEHRVEEE &R

Kim LA FHE 8L T A2 EEHNE ST ER > 2 NEBUNEGEER S
(European-Telecommunications Standards Institute, ETSI) F728{THY AURORA 2.0 zEE&
KRHE[16] » 2 ahE RIEBINTE R L WEFy— ZYEER I F 7 a] - HhahRHERE
) FIE IR I 2 sE S Whala Al b o)l f i 2 A HY BRI Wi 52 5[ 4R (clean-
condition training) FRET  fEHAVEISREERHE N B EFERAVEZFEEE (clean speech); 55—
TERIZE GH)% (multi-condition training) HRET © JIISREEREE A [FIREE 2 AELL (Signal-
to-noise ratio, SNR) FYFEEHGES o HIRNFRIHEARS R SO » BRI ERE S 8 bRty 38
BHEPAE - G ARG SRS ] DAGE 2 W > PRIHREE b il R A | SR PR B A B -

TERHEFFIFT R HAYAY NMF 7 giss i SR aRatins Lok Feff(E H 172K E Aurora-
2 EREREIR FAK 7 2 EEEA L FeE 5 0] > Hrp 39 A LAFISREZ 556 NMF
FEIERFEFEWS - 1554 MY 10 A0 EE RN (siren noise) JERGERHEEE » (F Rl
{bEEREE] - HHEAZELE (signal-to-noise ratio, SNR) 3£4 20dB ~ 15dB -~ 10dB ~ 5
dB ~ 0 dB 7Fifd o & Hy et sH A FH LA SREZ #5575 NMF L RAEfHEW,y - FRAFRE i ELJE
FERE (WeEAWy ) AYFTELEE £ 20 -

(=) P HeVEE S B %

H AT B R S (5 AT 25 R S8 (subjective) MBI R % Bi(objective) 1§
Al e EEERIREE S mE G E R XY TTEA R E RS (mean opinion score,
MOSYA[17] - FEFRIHEES mE 5% - BA BB EE A et s R siEs - H
SEEIEN T AR E ReEE R 2 B EEAVEE &K - AV JT7EN ¢ Perceptual
Evaluation of Speech Quality (PESQ);A[18] = FEAEm S H » i ER HZ B RIHY PESQ JA2K
SHLEET S PESQ Sy B E By 1.0~4.5 7 [ F S FES] F BT 1Y MOS -
B o AREE S B M - —ARRER T BEE 4 T REETEE G WE SRR W -
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V0~ HERER B A

R PO AR -

(—) 4 NMF-MSE - BBt
FERSHE > FePBRSAT AL 2 J516 NMF-MSE S50 S8 T4 sh e (LR - 1
RISREHE - L A% NME-MSE SA5RHT T B — RS (HIBLSRGR S 1) IH5ITH:
ST (HILFRSBGES 1) R—FIHI T MR T4 7 35 23 L% PESQ fA -
ek —BREREH  HRE R S S A - [l NMEF-MSE ST
FRERELL (SNR) 2% 2 BEET - SVAEURBRTt PESQ (6 - W10 T LLHT A7 AR
PRI CSOE AT - BAILELRE BEBAAALL - NMF-MSE JA(% PESQ {4 74537t
T 10% » Hr X 2L SNR By 0dB Hyfy RHHER » 3271 1 21% ©

% 1 SEREELRR R 4R NMF-MSE SR {347 PESQ (A

#esH by siren 0 [E7EBL = 181LFR = 1.2 NMF-MSE £ PESQ 454
SNR 0dB 5dB 10 dB 15 dB 20 dB
Baseline (R ) 1.8266 | 2.1700 | 2.5367 | 2.8015 | 3.1490
NMF-MSE 22215 | 23892 | 27011 | 2.9321 | 3.2008

(=) NEEEFIZKEEEHT 2 NMF-MSE 7 & Eis5HE

FEARHT » B 2IRAE LB 2 (RaRE5ETT 2 NMF-MSE g~ PESQ {H » 40FIAT

it - 28 LFR {3 T NMF-MSE S 2 (RARH AR S AR E I AR E 2 EEBI (low-

to-full ratio)  fE AT EE T S ELFRSY RIMEERE R 1~ 0.75 ~ 0.50 £ 0.25 > 2 LFR{E

HIIETR - BT SRR FE RS S IR )\ o [F)F » NMF-MSE jE BLSEEEE R 1

R B — R B AR PR e e b -

FTHNHE T 2T B4 ) NMF-MSE 78{L1&1J PESQ {H - 8% &RFALLT

AU 2L

1. ERMAVFEESERT EN (BILFREV]N) IF » NMF-MSE FrffERY PSEQ f2HAEE
— IR > fE—FIYNE 15 dB BYEHGEEERF > LFR = 0.750Y3% ELELFR = 103 E
S-E 5 =Y PESQ fH -

2. HERFE(RLF RSB A RAVE S 18 B - (HEE PESQ & ENVRUEL A #E -
Frhl B E st S B T o P EHELFRYE 1 (%5 0.5 BF » SNR £ 10 dB HY;ik
BEN » PSEQ K&YH TR T 0.01 2 0.02 » (HEERAEE AT DRI MET—F (H
Ty B FH 50%0Y SRS AERL ) -

3. 1E/5 SNR I » pRIE{K 2 1/40V TSI SIS A 2 T R 2SR IVRER - (HE
SNR R (410dB 5% 5 dB ) - FEE 2 SEAH) NMF-MSE {52808 & 15 -

T SR MENIREE T o B E N SR EILFR{E . NMF-MSE JERT15HY PESQ B
HesH By siren > [EEBL = 1 ~ 8{LLFR{H” NMF-MSE £ PESQ 455
SNR 0dB 5dB 10 dB 15 dB 20 dB
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Baseline 1.8266 2.1700 2.5367 2.8015 3.1490
LFR =1 2.2215 2.3892 2.7011 2.9321 3.2008
NMF- LFR = 0.75 | 2.2176 2.3815 2.6931 2.9387 3.1991
MSE LFR =0.5 | 2.1632 2.3476 2.6819 2.9267 3.1967
LFR = 0.25 | 2.0703 2.2486 2.6280 2.8880 3.1885

(=) AEEFESAREE 238 Hw 2 NMF-MSE ~ Biasi R

FEAREN Pl 22 A A BRI 2 23887 2 NMF-MSE ¥ ifri& 2 PESQ {H -
YOFTEERTAL > 28 BL {3 T A4 NMF-MSE S8 2 A A ERSHRAYREEL - fEAE
B2 BBLYAIWGEER 1~ 2~ 3 B 4> [EEBLERIEI > {0FF T NMF-MSE Fr
Pt P R AT ARS8\ « (R - NMF-MSE JATHYLFRZHAEE K 1> 3
P BRH T BT BT Z SRS ARRE -

5 T SRR THE > ST A NMF-MSE %574/ PESQ (£ - 18 » BFIE I
B BRI AT (EBLAK 1) 8 » NMF-MSE 38{bAT8C i % LR E
SRR  BIBLAERY 1) ARETETE » BABOTHE T R FIRIEIATEE » MApE e > Joo
SR VAR - R — BB T - ELDBRENIEE AR - 5 NMF SE4E5 580
HEF L ECAER > METT (3 NMF-MSE FRGE g - N » SRAARY 1 (9BLAE (I
FSEERARATTE ) T {3 NMF-MSE JE B S5 A0 o LU AR D 2 4T L3
S B BB -

T EHGREEREE T  AEEEE A A FEIBL{EZ NMF-MSE JEFTSHY PESQ {H

Feaf By siren > [EELFR = 1 ~ 8(LBL{H 2 NMF-MSE J£2 PESQ 455
SNR 0dB 5dB 10 dB 15 dB 20 dB
Baseline 1.8266 2.1700 2.5367 2.8015 3.1490
BL =1 2.2215 2.3892 2.7011 2.9321 3.2008
NMEF- BL =2 2.2445 2.3981 2.7020 2.9372 3.1991
MSE BL =3 2.2453 2.3969 2.7062 2.9356 3.2015
BL = 4 2.2322 2.3882 2.6960 2.9319 3.1870

(PU) NMF-MSE JA81 = fiiah & s (LA 2 BHE LR

TEAER » Fe I 2 F BT — S FEE% E Y NMF-MSE A8 =% 2555 i LA MELEr > 2
Bl Ry SR JH 5 75(SS) ~ BNIEIR 2875 (WF) DR B /NS 5 87 2 F R PR IR s 15 A
(MMSE-STSA) - Eg45 R (PESQ {B) W13 - [FEF » et i ib & J77AE5 A [F SNR
Z PESQ P {HHE kI — 2 (7R lE LT (HEE# -

FRAR R VY R [ — > T o DUBRZE 2 = (& A sE 5 5 bk ARG Y NMF-MSE %
FEFfE SNRGIRRR 3 FIBARASEFaR G~ S - MMSE-STSA (YRR RIUmR (&
HAR AL A NMF-MSE » WF 22 » SS f&K » fi5lHYE > #£ SNR £50 dB
i » NMF-MSE JA{52(#Y PESQ {EZFTA AR H RN - HEHEREEER (baseline)
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MHEE > $271 T 0.4187 - [ EHEEZ R (SNR £y 20dB Hf) - WF JARTHIERT PESQ
FotefE 1l NMF-MSE HIEEEE L5 1 0.0525 « ([ EHTZ IR NMF-MSE HY
BLSEEOE Ry 3 > MHE R EPEREANTE R R IFA6HT1/3 > AL A E RAE R R
o YRS RIEEE RIS R(ECR -

U EEGREIREE T - EBEE R - NMF-MSE  (HBLE% 5y 3 ~ LFRE% Ry 1) Bl =fdgk
ZoafbiA (SS, WE, MMSE-STSA ) Fif5f PESQ {H

SNR 0dB 5dB 10 dB 15 dB 20 dB
Baseline 1.8266 2.1700 2.5367 2.8015 3.1490
NMF-MSE 2.2453 2.3969 2.7062 2.9356 3.2015
SS 1.9320 2.2362 2.7176 2.9483 3.2350
WF 1.6569 2.2042 2.6856 2.9632 3.3036
MMSE-STSA 2.0098 2.4355 2.7472 3.0262 3.2873
PESQI£4{i
2.8
2.75

2.7

2.65
2.6
2.55
2.5
2.45
2.4
2.35

H Baseline B NMF-MSE m®SS WF ® MMSE-STSA

B — ~ AEEEEER - NMF-MSE (HBL&tRy 3 ~ LFRu Ry 1) Bl=fEzEE8{L0% (SS,
WF, MMSE-STSA) & J57AMt{s 25 [E SNR #J PESQ “F#5({H

I~ 4

we EHH

TEARERSCH - PRI T AR IFRIEM L (NMF) 1EBE5a(b AV R -
{ER NMF A5 S SR > SR sa e 3 > i85 NMF-MSE (NMF-based
modulation spectrum enhancement) - 7£ NMF-MSE 3£t » Fp143 B3lSREE ) iz et
Fe R SR SRR SR Y NMF JETE (basis) » fEHFT - BEES A DA S It o A 1 3
SPHREIRE - FRRR(L RNV ISR A B S (H T 35 (inverse Fourier transform) 5.5
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AR E o E— SRR LR AVEE S SRR - [FIRF - FRAFTHE a7 ARt T
T T EOR IR R - Rl B AR [EIEL G 2 RS ETRT ~ NMF-MSE 535 Je A [5]3
B R 2SR 2 NMF-MSE 53 1 PESQ R fafERvEE & a8 Al b -l
JIE B R AR R EE S B IS -

A —42072  NMF-MSE A Z $ 58 S I AR By 38 B A 0 ASE T - sRFFIpT Al -
H AT NMF #YsEE R LA R 2 B et M RE A S e b - &/ A0 R SR
S NIHFAMAYE T A ERNEE T NMF JAEES (b EAVER - fERKEE T >
A RI DA NMF-MSE A4S & HAt A RE & v A2 FHIH R s e s e -
A > FH DAEE SR HIHI AR EE O 25 7% (spectral subtraction, SS) ~ BE4NIER L (Wiener
filtering, WF) EZ 3215 &5 /N 35 72 50 BF A 22 = & 15 014 (minimum mean-square error
short-time spectral amplitude estimation, MMSE-STSA) - [I14h » T M BRIz IEE NMF-MSE
ARV ELRE AT 2 REE B S A R IR RV EE S R b b SSAME AT DI E— P
it ERHE FEEE (M SRR B S TR E R E) - MRS HEREEERY
fE1E -

E= BN
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T

DIt es £ 5 U7 AU AR oy SRR R — A i, BRSO B B o AT - (B 5 A TRRC S Ry
A GREHL - Wl I REFS ZSERRAY I MREE R MR A BRI RERE HH RV SRR SR AT R/ N
ZEERE - 4SRRI RR SRR RERIL ZAE AL - W04 LU il sk =
EOIRRCEE S - ARIMNEREECs AR S R > DIRTHIISRE R E - T LA R ey
L EREF BRI - B - EREEA - Kt E =R A
NLOCEP AR WARIR SRS R B - HERGEREUR - A AT AR A EE
BT AR DRI SR ST R E T -
BRI © SCEEOTME AL - SRHER -
— -
RS H Eh o B SR SeARaC A AR IR 2 TRV - iy AN SCE Iy T AR AE
it FEE B ol By — (B[ EE B RV B FERE H - i35 E 2 — TR SRRV SR &k o 5 B oot i A
SR - WA S SRR BRI RO T PRI R (1] [14] > Tl e 2 B 2
SOCE IS o R RACCES A [10][22]

FRAVEERE (instance selection) t#H# B EEHE (data reduction) » ELFSZIIIEEE
e EBAEaC R By B R T F A AR e R R AR BB BRI BRI A -
{13 S BUERUEA A LUARER I TT - WA A AR &R o] DR e S 5 Ry e
LU e $ TR 2 SEIS RO RH Y SCE Sy U AT K - e MEs B A AH R Ay ERHE AT LA
fEEd IS E PRS- A T S BEREISRE R sRREtE s SR s i ERER
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[12] [25] -

AR A E PR BRI > Fe B RS Z IR (R > ARSI
SCEEESCE R R EIIETR - (BRI S CE B 7 HRVRH(f » [REZERBEE (Vector
Space Model) J& % X ERHRRAVIEAL - EREERHERTA R 5205 R 22 RIS
N0 RE S D 3] ey SRR S 2 i 22 F] TR Y () & > SRR M AT UM m) B 2 FEI Y BB AT B
EIROCE 2 IR DR » st se s s 5 2 IRy S FERR A [21] - BEA R E 2 i
BRSO R AR Ry (R 8% - Pl UGBS R B 2 IRV RE (% - IR A8 h e (i
BEoriEs -

SZiRIAIER% (Support Vector Machine, SVM) & 4= 3 AN EHEL BV H
YIS B — {8 o3 B R E R P » FRY R A 8 > A2 SVM H
{E S EE [17] - T SeEH SVM sl &Rt G DIE S - HEs - B{EMZ
TriREs Rl SRE PR B 35 - R R R AE 8 o SRS e e I HEF e SR E R A A > B
R Sy BB FUARIPR ] AEHIE Fy Rl — BRIy B R T il Rt B — LA B iz By g5
srEeh o MRS LR E R - R el Dlie s ISR E R E [5]

AW 7E A A IR A 17 B 22 [ R e AR~ HVBAEIKIRECE (Latent Dirichlet
Allocation, LDA) EEAERYEREER [2] ~ Rl Word2vee FEAMEZAE [13] 0 KCE
A=A ENERRE - A SVM EARERVZR A TR E - gl
THER P REARRC S RRAY SCE - LU S/l SRE R an'E - ZE B G SR AR R H Y -

ARG SCHERER ST IR T ¢ 55 R A B R AR IR R RANT I - B2 R
SHARR AR 7 A R AR P77 RERIRT ST © S5 =6 4aFr (e Y TR, » SEIUEE R

CH

I

RELLR S MABAME AR B TR I B B AR B GE AR | S5 /N B s ARG
HY 1A

— ~ MBI
R [11] DURBARBERE Wl RO o UE RUARRON - AR L EEE
PP ERA AR TR - FEAHRESUR T BT - BB EE EU AR g B i S
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AP SIRAIE BE R (20] - AEAET P IMTE S a8 AR B RIS > MRS IR
SHAVBEA BT % - IR — e MBERIRR A BT 75 » B B E RIS -
(—) BB

Fo T oy RO R RS T S B HRA — T L R s B R R LUE A
s BRI Rl REREE T IO T AV &R - A A&
KR U - fEREEN T THEEGHOR A S EmAER (G ZeREkieiE
SR AR BEUEAAN MR RS - —(E T8 ScT BB HACEER HRARTEE
HHARAESE T T EEAERIES B 1 LR FER AR R Z [
GEEA U RS S FrEd iRy e 1 ML (18] [25] -
(5 FIHVRABE T A

{iE 1968 FEHCH A BRI TAMHRL [260] AEE T HIRIGEFETEAE (evaluation-type)
[9] [18] FIfEHEL (application-type) [25] [26] RIEABESE TR T/ -
1. SR

el fif BEFR AR AN HYAEAE £ Iy R RIRE - —HE B4 (wrapper) 75 0 S — T2 #EIE
(filter) J% - BETARIERIRBINVEA TR E RSS2 E AR A T BCR - MBREL A
FoiBRE PR RN A RS - WM IR S - B AR R B TR B IHES A 55
MR E AN T HREEE ST MANENR - FriE eSS 5 AR B -
2. fEAMEA

PR E B A ) Ry =8 SRR AEIEE (noise filters) » 55 S0 BR
4 HL (condensation algorithms) » 55 = JH Ry 8 M4 =l H%  (prototype searching
algorithms) o S AR EAY BB 23ISR L AR o SR A S o s e o] DA B (R 7
o GREAIE TR BN A B R TEEE - FREACE RS A - 11 ELREHET 2 A — 40
HVER > B ENRE - BRagsEEDENVERIE AR TREER - fElISRHE =] DU
W VHTERHE TR > BRERAIE AR S R R E R PR T i e E
By - St RUFR = FUAAYBRLE i U RUt e D E R AU N B T DU 52 1Y 5148
BER > EARHE R IEE R Z e 0L - AR HRF A -
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(=) HERARVEEA SR Tk

AR EIN T AR 22 0E K-NN AYBATE i K2 5 B AT R 2R AR 7% - BUTREEES
SHTEA T SVM WYRE S FTAE( I 2RAY 77725 - SVOIS [25] J57E 0] LAA R 25— LR
FE—REIER - RS HEEET T BRUR - HESEAERE R R H BTk
IS_Range [} Margin 2 W{E 2% - E{E)77EAN A S EHERERIAVEM » (I n]FRH A
AIREE 2 R E RIS - DAIEORAEREE T AV IERESS - 1T SVM-IS [6] T4
R E DR SH A FEHTE R I FR (S FRZ U e BRI SR E 5t 21 B A R 22
[ LA AR EETUIE] - TR EATAZ L B o RR S Y SR [ BT B - B
IR D EIRE AR ) i L A SR AZ O e BT RE R AR B TS (overfitting)
AYRTRE - P DA A R = 7 A IR AR -

(TU) Bh5EE2T (Active Learning)

BIREERE (L H¢f# Ry query learning 5X optimal experimental design) J&—fE#EAH Y
ANTEEFEE RS EE )5 HUARAEE — e scyilsRE k& v LB
TTEREC ATV E R » 281% A I8 S B Bl Y B R R R 7o alll &R &8 [15] © Query By
Committee (QBC) JiAREREECHIIIGRE R Bl A IRV B B AL es - 7
RIARBESCHYVE R B A B s T T 08 AMEIRIE SIS R TR - B R
Ry Fes b se THEIRVER] - AR E(EE R4 T =2 (EARECHTE R - AR AR TS
RAVE RN G SR &R BT T3 R Es - IR B R TRESD [7] [23]
FIEFEEINY SVOIS Bl SVM-IS Jife J7/A 2 A R H s &R} R Ay 7 AR &
&ty QBC HYMLSEE L ZAE D AEAL » ST S aR R RIS th R PRt s Bk R
(el SRR e - S ARH R E8 AT U AT Y 7 S IR -
= FERAEK
B AT E I EIHIAERARIGREL T &, -

(—) ZFEFAER (SVM)
SR ER [S] BEMEZEMN R VR UERE - FEIMSE

197



R — (TS [FEE R R AT AR &R - DUER AR H Y - FZR %K
SYENEAR BERERIER o ABERF SRS A LA RS B — (R B4R R B AT A%
LEREY (kernel functions) fFFAAERHE 2 555 22 M F A TER M -

() TBAEKEECE (LDA)

TEAESKABCE [2] 2 —{E DA bag of words {5 R piferVI R B UERL - HEAVE
FHE FEAY - TGRS SR NS - WA S SR B SR M S E A
AL FRE > DUR FEREAESCEE LB R ] - LT ZAVARA IS SO v] DU BB AR B E
RAFTAER 1T 73 L0 VB AT T RE PR FH AR (B SRy S A FT4E A [24] <7 LDA HYRSLELRE »
A SCEE AT DAFRRE LRI - T B i iE s T RN - (HRes e =
[T 2E A BRI
(=) s E

Word2vec /& F 2l aa sl A B R SR [EI R BR U A N e Al - G P DAS
f% Continuous Bag Of Words (CBOW) FI Skip-gram [13] Fif&ER [EY )74 - CBOW &
ARG LT SORTEAE Ais SR » 1] Skip-gram FIFHRZ > EHEH & AilGA Sk TH
BTSSRI T AT R DU AR RS U Ry BT 3 U B - BRAGRHEE(E
sl E R (EPEE N 4EME SRR > €8 CBOW =X Skip-gram (Jz1E% > (HEEME
S i R ) B AR - A T B L B A SRR EEAE DL T SRS 25 3R 5 PR A At
Z [EIRYRR (% > TS 2eEd g2 th o] IR bag of words ZR TR AIEE g2HY L - HZ
Word2vec HI4EMRE HAERERR » PRI G EPRIFTA RS BeREE - A
FeRF ISP sy ) B A RS A & 2B RRAE ELi S R R S 2 ) S I
U > BRI ERE (3] -

a -~ 5k
ARE—FRfEE S BT R —(E e Rt - BRI T A RORAR -
(—) MEER
FHA R A SRR LR B SRR B I G (R B 3 09 7 IR RS - TiSERTEL SVM



Rt DTG > WA R G - ESMMATE LR S MOREGE - NI
HIFHEASAFR ~ LDA ~ Word2vec 73 IS EISCE BLICE 7 HREA - TR FEHIEEL -
PRI QBC BB GEA [RIRY A R SE 3R S 3 DAMER - #5752 m] DURE rEFe il R
BRHEENE -
(2) AR

AWFER AR T ERE R A B ~ FIIGR ~ e de SEEER = P& ES -
. Eftpim

AT SCEE LR himl 550 805 R T F MR NS T R ERE s IR
RERHIR R B = HIAT 200 {555 DR A HER Y — R SCE A a5 - U SRR eRAY s s
VR GERR o AR R — =AY P AR SCE - SRR AR AT AR ARG U2 DLE A
FHVEERE SRR SRR EFREUE » LDA BIAIRTE AR EE 1T hiEIE
BE > HThn AR BB SR P e AR SCE © Word2vee fRAUH Y AL
AR LDA For 2880 24 il ASOCEEE -
2. Hl%R

LDA FlISR5epi& Gkt R SCELAHRE ZRER AR - F—1TRE—RE
B AR SCE B LA AR s 5 1R (Rl LREAVREE R EdE -
7EE LDA HYFIIERES R - Word2vec FI[SR5EpI& & 2 A w2 (AR M & R CE T &
s ERCHEE R ENRERRE  FOENEEEFRE REEFHEIE 24
Word2vec HYGIIGRESIR o FMTFIA SVM 73R geR 54 - LDA 241 - Word2vec 1%
A 8 2B AR ORES SR AET TSR > AT = {8 o3 SR RING DASI SRR e Tl - Mg & i
ST RASHRRAR SR » B e R SRy SR o] RE SR R R T AR B AR A S
3. PEEEBLAGE

Fat TR NANRERRER IS FORIE T R R S R U T AE
B MREEECEE SR DCE - A8 28 AT RERRAC SRR A SCE AL ISR R S TP B - R B EETT
SISRERHY S - Bt NS B RS g MPR i s S AR RE R A SVM #Ef T
FlSREAE G - U E R T -
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I B
(—) HRHE

ASSCATE AR R fy IMDB S {EEEZ T amAY S T BRI [16] o FHEFamIsERY
LRI RZAVEH O sF IR TRE e — LR EREYam AARBHAYSCE » Frllgk
{PIeE I ¥ am R SRR T B » IS (BRI R 25000 R[S K 25000 R flEAsL
FEATARL > LERIE S (EER S TPk R S 30 R ERA T m kBB E T
AR > SEUERAL10 2% fEET 1| BRoretamdnl Rk ERoA0g - BT 10
BRIl Rk BT - BT SCRAREER E E IR AR SR HE - 1~4
ERAEER ~ 6~10 2R IEHER - RERECEBRTEEE S 2B HRIER > F
BRI SCEE 24900 f ~ A SCE 24797 f > HAIREIRVEICCERE T 12470 = ~ A
WEICCE R E Ry 12430 77 > IREATHESCRE Ry 12439 7~ RRERVHESCE R 12338
@ o BRI 10 Fiy > AEEKEERCL TR 9 (& (FlaEeE - B4
10 {@ folds » HAr R Bk 11223 /7 ~ HEEAR 11187 /=
(=) srHiEs

R SERT VAR R A S~ RRBAVRIE: - O ORBEVZ R K - 1T
Liblinear [8] AT LIE > FEIGREFEL LibSVM [4] HURTRAFEE(K - ATisiFEl
/b FrARAIFIA Liblinear {FRyo3 e o B EORHMRIR I IHER I 73 BEE R 7Y BT

EASESRIME R IE - SETIEMEERHRAET R Accuracy » HEt B AL FHTR -

IYSRERERT SRR
BIEEBE L s

Accuracy =

(=) HEBER

LDA [2] FEEZEEH GibbsLDA++ [19] » 28EEE R o £5 0.5~ B Ry 0.1 (o i@k
AR TSRS ANSE - BRNE TREFSER N2 E) - TEEBE R 100 - 8
{1000 2 - Word2vec [13] HYEERZ({ET T. Mikolov 1 Google Hr4HY B S5 EIB Fha 3%

FIEEE 88 B2 DL window size £ 5 (window size FiE"5 1 —(#zE&AYAT N {EFI1%

! https://code.google.com/p/words2vec/
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N (E3R IS - 415 5 200 GRESELL S DR A RRT) - ERBRPR LR
4 L TR » e B R B S A A S S P T 3t
TR MR S 22 T SRR 24> B (TS, » SR IR S 2 Gl St T L
10 {8 folds SPA4AYTERERS » R MM SCEEH TERESR 86.52%  MEHE S0y 3 (950220 » TF
R 86.52% ; MHRRHYEEBORTY 2 S0 el » IEHERR 86.94% 5 RS SIBOAR | 490 es
¥ > TEHER 86.55% - ZEMBREMOAH, 2 HISCEAS - SRR TR E A 5 S T
Bk s TIEEMIRHEE AT | B0 3 AT i » 490 TR R R FUAA S SR R S E
HESRAEELAFATEREE - S HMERT S 3 MVIRIET - IAAT S a RS - ki
(RIASHEF S ISR LORH A T BN R 00008 | OMRETS » IR B IR A 2ok
B o (B BB - B LSS A ERE% T -

FEEANATEEERD  LDA (9 EBIE 5 5 100> TP Hee R [ E B P I
Bk o BERGE A B - BT R A SR e e B AE R -

87.20%
87.00%
86.80%
86.60% — — JF4h
86.40% - W=E]
86.20%
85.80% fH— A
85.60%
85.40% ————

10 20 30 40 50 60 70 80 90 100200300

[ — ~ A [E L R R B Y IR RS
N KB AR
FEZA G S P8 FH ) AR » LRERRAY ~ Kol s m) B =M B RO AACGE TR A B =
DURTI SCE SRV IERER « FEadt REUR » & IR ISR BRI L DL B R s 3R &t -
Hy ey IEMER AR L R A SRE R 7 B R S I ] R PR AR A8 5 5
AP DS SR ST AR IR
ARAGRMI T EEE LA FRVERERETER > DESIHIRMIAY AT DU E R H A

i

il



[FEIRVEREED « 5550 AUTFE RSS2 &R T4 E PRAUR & SR B P T & R
ER RS R AR BIAVERL RIS ST MR SR TR THOE - F
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Abstract. Sentiment analysis is an emerging research field. One of the major tasks of sentiment analysis
is building sentiment lexicons and calculating their scores, which is an essential job that provides “material”
for all sentiment analysis problems. In this paper, we propose a fuzzy language computation by taking
linguistic context into account to provide an effective method for computing the sentiment polarity of verb
phrases. The positive results, which come from an experimental period, will provide us with a basis from
which to build an effective sentiment analysis system by making use of the contextual valence shifter.

Keywords: sentiment lexicons; language computation; linguistic variable; fuzzy logic; fuzzy function;

approximate reasoning

1. Introduction

Sentiment analysis (or opinion mining) is a new research field, but it is an important area that
attracts the attention of not only researchers but also businesses and organizations. Building
sentiment lexicons is an essential task that provides “material” for all sentiment analysis levels:
document-based, sentence-based, concept-based, and aspect-based. One of the biggest English
sentiment lexicons is SentiWordNet [15]. It contains opinion terms extracted from WordNet [3]
with a semi-supervised learning method and is available for research purposes. SenticNet [2] is a
lexical resource used in concept-level sentiment analysis. It provides sentiment scores for 14,000
common sense concepts. To tackle the problem of mining verb expressions to identify opinions
from customer reviews, there also have been a large number of works discovered the semantics
of verbs and verb phrases. For example, Sokolova and Lapalme [13] incorporate semantic verb
categories including verb past and continuous forms into features sets. Neviarouskaya et al. [9]
built a rule-based approach to incorporate verb classes from VerbNet [12] to detect the sentiment
orientation of sentences.

For Vietnamese, Vu et al. [18] built VietSentiWordNet, which contains 1,000 words; it also
includes syntactic rules for extracting sentiments from review sentences. Hong et al. [4] built an
opinion dictionary for product domains based on a combination of a statistical method, a machine
translation technique, and WordNet. Their work outperformed VietSentiWordNet. Recently, in
2016, Son et al. [14] built a Vietnamese opinion dictionary that contains five sub-dictionaries:
verb, adjective, adverb, noun, and proposed features. The sub-dictionaries are based on the English

emotional analysis approach and adapted to traditional Vietnamese language. The support vector
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machine classification technique was then used to identify the emotional content of the user’s

message. However, the authors calculated the sum of the emotional values of the linguistic

variables based on feelings.

In this paper, based on Vietnamese linguistic characteristics and the fuzzy computation proposed

by Zadeh [6,8,19], we present an effective method for computing the sentiment polarity of verb

phrases. From this, we built a fine-grained linguistic sentiment analysis for Vietnamese. Zadeh

developed the concept of fuzzy linguistic variables that modify the meaning and intensity of their

operands, and we developed a modified fuzzy function suitable for use with the Vietnamese

language. In our experiments, we showed that our system provides good results.

In this paper, we describe our research contributions, as follows:

- The mining of Vietnamese linguistic characteristics to propose sentiment computing rules for
verb phrases.

- Proposing the modified fuzzy functions suitable for Vietnamese linguistic variables.

- Taking steps toward building an effective sentiment analysis system with fine-grained scores.

The outline of the rest of this paper is as follows: in section 2, we present the linguistic

characteristics of Vietnamese; in section 3, the proposed model is described; in section 4, we report

our experiments; and finally, we conclude the paper and discuss possibilities for future work.

2. Linguistic Characteristics of Viethamese

Vietnamese is an isolating language with lexical tones and monosyllabic word structure. These
characteristics are evident in all aspects: phonetic, vocabulary, and grammar. For vocabularies, Le
[7] and Nguyen [11] proposed three common standards used to classify them: 1) essential meaning
of the word type, 2) the function of the word in the sentence, and 3) the ability to combine with
other words. Both Vietnamese and English words can be divided into content words and function
words. Content words carry lexical meaning; while, function words relate lexical words to each
other. For both languages, content words may be further divided into nouns, adjectives, and verbs.
Nouns are words that represent entities; adjectives represent qualities or characteristics; and verbs
represent actions or states. In English, most adverbs are content words, but Vietnamese adverbs
are function words. Generally, these words modify any part of speech other than a noun. Adverbs
can modify verbs, adjectives, clauses, sentences, and other adverbs. In this paper, we only focus
on verbs and adverbs.

2.1 Vietnamese Verbs

Verbs denote action, state, or occurrence, and form the main part of the predicate of a sentence. In
Vietnamese, there are some types of verbs [1,10] as follows:

- Intransitive verb (denotes Vin): Intransitive verbs are not used with an object; they relate only

to the subject. For example: ngu sieep, NgO1 sit, KhOC cry, CUO1 smile €tc.
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Transitive verb (denotes Vex1): Transitive verbs are action verb that have an object to receive
that action. For example: 1am go, trdng plant, X4y build, phat trién develop, dAN 4P suppress, Mua ban
purchase €tC.
Verb of giving and receiving (denotes Vex2): For example: cho give, gl send, tANg offer, biéU donate
etc.; nhan get, vay iend €tc.
Verb of command (denotes Vex3): this type of verb presents activities that promote or prevent
one from doing something else. For example: khuyén agvice, bt budc obligatorys dé nghi suggest,
dinh chi suspend etc.
Verb of moving, direction (denotes Vdr). For example: vao in, ra out, [€n up, Xuéng down, €N come,
lai pack etc.
Modal verb (denotes Vt): is a type of verb that is used to indicate modality, that is: likelihood,
ability, permission, and obligation. For example: CAN need, MUON want, UGC wish etc. There are
some kind of modal verbs:

o A need (denotes Vtl): nén should, phai have to. . -
An ability (denotes Vt2): ¢6 18 may, c0 thé can, khong thé cannor...
A volition (denotes Vt3): du dinh intend, dAm dare...
A wishing (denotes Vt4): hy vong hope, UOC wish, MO dream..-
A recipient, stand (denotes Vt5): dat obtain, Nh@N get...
A judge (denotes Vt6): cho, thiy...

Verb of mentality, awareness (denotes Vinl): hdi tiéc regrer etc.

o O O O O

Verb of emotion (denotes Vin2): hanh phiic nappy, budn sad, Zian angry etc.
Verb of physiology (denotes Vin3): mong want etc.
Verb of nature, morality, personality (denotes Vin4): nhin condescend, tha thiT forgive €tc.

2.2 Vietnamese Adverbs
Adverbs are words that modify or describe verbs, adjectives, clauses, sentences, and other adverbs.

Generally, these words modify any part of speech other than a noun.

The following observations relate to Vietnamese adverbs when comparing them with English

adverbs.

Morphology. English adverbs are content words but Vietnamese adverbs are function words. To

the best of our knowledge, there are approximately 600 Vietnamese adverbs while English has
more than 6,000 adverbs.

Syntactic. In English, the adverb is the head of the phrase, can appear alone, or can be modified

by other words. An adverb phrase is a subordinate clause in a sentence. In Vietnamese, adverbs do

not have primary grammatical functions in a clause (subject, predicate).

Function. English adverbs modify a verb, adjective, or another adverb. The adverb typically

expresses the manner, time, place, cause, or circumstance in which something has happened. In
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Vietnamese, adverbs do not have real meaning for describing the name, action, status, nature, and
quantity of things. Adverbs only contain grammatical meaning based on the part of speech they
modify.

Position. There are three normal positions for adverbs in an English sentence: before the subject,
between the subject and the verb, and at the end of the clause. Vietnamese adverbs can precede or
follow the words they modify.

Classification. English adverbs have the following types: time adverbs, degree adverbs, manner
adverbs, frequency adverbs, and place adverbs.

For Vietnamese, a selection of the types of adverbs and their ability to combine with verbs are
presented in Table 1.

Table 1. Vietnamese adverbs and their ability to combine with verbs.

Types Adverbs Kinds of verbs Verb phrases

fhz lsame SEE both PV1+ (Vdr, Vinl, Vin2, Vin3, cung chuén bi (prepared

1€ same, N8 too Vind, Vex1, Vex2, Vex3) jointly)
similar cung jointly
PV2 vn PV2 + (Vdr, Vinl, Vin2, Vin3, van cudi
continuation sl Vin4, Vex1, Vex2, Vex3) (still smile)
PV31 .o s
time relation S€ will PV3 + (Vdr, Vinl, Vin2, Vin3, éﬁlvieﬂ{hflairlottﬁe exam.)
(present+ dang . ing Vin4, Vexl1, Vex2, Vex3) ’
future)
filzzrelation ;ga Just PV3 + (Vdr, Vinl, Vin2, Vin3, Anh 4y timg thi rét.

o e Vin4, Vexl, Vex2, Vex3) (He has failed the exam.)

(pass) tung
E\el“ulenc L};‘“’ng usually PV4+ (Vdr, Vinl, Vin2, Vin3, | hay an trd

requency 2Y often Vin4, Vex1, Vex2, Vex3) (often eat lately)
(increase) Nang aiways
EZcfjency it rarely PV4 + (Vdr, Vinl, Vin2, Vin3, it di tré
(decrease) hi€m rarely Vin4, Vexl, Vex2, Vex3) (rarely go late)

I'ét very, hot a bit Ay oooa
PV5 qQuA oo JAm mer | PV5 + (Vinl, Vin2, Vin3) rat yeu
degree (very love)
cuc extremely

PV6 o6 PV6 + (Vdr, Vinl, Vin2, Vin3, c6 ton tai
confirmation © Vind, Vexl, Vex2, Vex3) (to exist)
PV7 dimg on't PV7 + (Vdr, Vinl, Vin2, Vin3, chd hiéu 1am (shouldn’t
command chd shouldn’t Vin4, Vex1, Vex2, Vex3) misconceive)
PH khong don't chua PH+ (Vdr, Vinl, Vin2, Vin3, khong di
negation yet Vin4, Vex1, Vex2, Vex3) (don’t go)
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ngay right
PV9 lién right (Vdr, Vinl, Vin2, Vin3, Vin4, quay ngay
immediateness tirc khac rigne Vexl, Vex2, Vex3) +PV9 (spin right)
ture thi rign
PV10 ggﬁ dan graduatly (Vdr, Vinl, Vin2, Vin3, Vin4, dAn dan cai thién
mediateness it irgr"‘]d“aluy Vexl, Vex2, Vex3) + PV10 (gradually improved)
slowly
PV11 . clr noi vao
direction Va0 into Vdr+PVII (talk into)
PV12 ra out lai ban ra
direction 180 pock Vdr+PVI2 (talk out)
PV13 dl away, Vé back mang lai
aCtiVity t('Yl to, qUa over Vdr +PV13 . )
direction lai pack (bring back)
PV14 ua (Vdr, Vinl, Vin2, Vin3, Vin4, Poc qua
quickview qUa through Vexl, Vex2, Vex3) + PV14 (read through)
PV15 cho (Vdr, Vinl, Vin2, Vin3, Vin4, Nguoi ta cuoi cho.
ascription for Vexl, Vex2, Vex3) + PVI5 (people can laugh)
PV16 véi (Vdr, Vinl, Vin2, Vin3, Vin4, bi voi
joint along Vexl, Vex2, Vex3) +PV16 (go along)
PV17
do for himself £ (Vdr, Vinl, Vin2, Vin3, Vin4, PO .
or he does it 12y ou Vexl, Vex2, Vex3) +PV17 Cam lay. (Take it out)
with himself
gglsifibe a dUOC o (Vdr, Vinl, Vin2, Vin3, Vin4, T6i mua dugc cai 4o dep.
o = obtain Vexl, Vex2, Vex3) +PV18 (I acquire a nice shirt.)
positive
nggb " (Vdr, Vinl, Vin2, Vin3, Vind, Csohayh““ tphatl peu X
escribe a PRl ought Vex1, Vex2, Vex3) +PVI19 (She has trusted a ba
negative guy.)

3. Proposed Model

In this model, we try to compute the sentiment scores for word phrases that include verbs and

adverbs based on Vietnamese linguistic characteristics. By combining with some adverbs, the verb

phrases will have a smoother sentiment scaling.

3.1 System architecture
Our system architect is presented in Figure 1. We used the English sentiment dictionary,

SentiWordNet, and the translate tools Vdict” and Google Translate™" to build the core verb lexicons

with sentiment scores for Vietnamese. The fuzzy rules then computed the sentiment scores for the

whole phrase, which included the verbs and associated adverbs.

* http://vdict.com ™ https://translate.google.com/
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SentiWordNet

Core Verb Lexicons

Vdict / Google Translate

A

Fuzzy Rules

hl Adverbs

Verb Phrases with polarity

Fig.1. System architecture.

Building core verb lexicons.

We constructed a handcrafted opinion dictionary containing approximately 1,000 verbs. The

number of words was high enough to cater to the problem we sought to solve. These words:

- appeared in the review corpus obtained from [16,17].

- are matched with corresponding English words in SentiWordNet; we used Vdict and
Google Translate to check this. To meet the scope of this project, we assigned opinion word
scores that were the same as the scores of words in SentiWordNet.

In Table 2, we describe some of the opinion words that appear in this core dictionary.

Table 2. Fragment of Core Opinion Dictionary.

Term Positive Score Negative Score POS Tag
YEU love 0.375 0 Verb Vin2
ghét hate 0 0.75 Verb Vin2

tin tudng yrust 0.625 0 Verb Vin2
kinh né respect 0.5 0 Verb Vin2

3.2 Fuzzy Rules
Overall sentiment scores for the verb phrases were calculated thanks to fuzzy rules that were

associated with the combination between the verb (denotes x) and the adverb (denotes y). We used
fuzzy functions to incorporate the effect of the adverbs in the verb phrases. We considered the
sentiment score of a verb to be its initial fuzzy score u(x). Based on Vietnamese linguistic

characteristics, we realized five sentiment shifting scalings for adverbs that go along with verbs;
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these were intensifier, booster, diminisher, minimizer, and modifier. General principles for
classifying adverbs are as follows:

1. Adverbs of degree: There are five levels: intensifier, booster, diminisher, minimizer, and

modifier. Some Vietnamese adverbs of degree are presented by Table 3.

2. Other adverbs: There are three levels that are booster, diminisher, and modifier:
e Booster: PV1, PV2, PV31, PV41, PV6, PV9, PV10, PV13, PV16, PV17, PV18.

e Diminisher: PV32, PV42, PV10, PV12, PV14, PV15.

e Modifier: PH, PV19.
Some of these adverbs are presented by Table 4.

Table 3. Some Vietnamese adverbs of degree with their scalings.

intensifier booster diminisher minimizer modifier

cuc k}" extremely rat very kha rather Cﬁng seemingly khéng no

CUC strongly qUé- too 'ﬂIO’Ilg doi relatively hoi abit Chéng no
siéu super lam much tam rather roi already cha no

In our system, Vietnamese adverbs are organized in a database. In Table 5, we describe some of

the adverbs that appear in our adverb database. In the table, “Tag” is the scaling category to which

Table 4. Some other adverbs with their scalings.

booster diminisher modifier
A& botn phai cha no
VAN gin hiém rarely khong not
hay ofien tUNg arrcady chua ye

an adverb can belong.

Similar to Zadeh’s proposition [6,8,19], if the verb phrase had an adverb, its modified fuzzy score

Table 5. Some Vietnamese adverbs with their tags.

Adverbs Types Tag
cuc Ky extremely PV5 intensifier
khong o PH modifier
phai PV19 modifier
hay ofien PV41 booster
hiém rarery PV42 diminisher

was computed by (1):

flu(a) =1— (1 - p(x))°(1)
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We chose § =4, 2, 1/2, or 1/4 if the adverb was a(n) intensifier, booster, diminisher, or minimizer.

which gives us a modified fuzzy score, as indicated in (2).

1 — /1~ ulz)
L= (1= p(x))?
L= (1— p(x))?
—p(x)

L0 y.tag € modifier Ny.type € ph

L

y.lag € minimizer
y.tag € diminisher

y.tag € booster

fp(x),y) = 4 (2)

y.tag € intensi fier
y.tag € modi fier N y.type € pvl9

with
- f(u(x),y) is the sentiment score of a verb phrase, in which x: verb, y: adverb.
- W(x) is the sentiment score of a verb.

Table 6 presents an example of verb phrases and their sentiment scores.

Table 6. Sentiment score of verb phrases.

f(r(x),y) 1(X)
intensifier booster diminisher minimizer modifier verb
cuc ky (yéu) rat (yéu) kha (yéu) cling (yéu) khong (yéu) cu
extremely (love) very love rather love seemingly love doesn’t love Yellove
0.85 0.61 0.21 0.11 0 0.375

According to the formula (2), if the adverb was a modifier (y.tag = modifier), we had two cases.

For example:
f(tln phdi trust (a bad guy)) = - f(tin tr‘ust) = - 0625, but
f(dl‘l’ng hléu Id‘m shouldn’tmisconceive) =0

4. Experiments
Cohen's kappa coefficient. Two judges participated in categorizing the adverbs as intensifier,
booster, diminisher, minimizer, or modifier. To compute the “between judges’ agreement,” we
used the Cohen’s kappa coefficient [5], as follows:

__ Pr(a)-Pr(e)

ke = 1 —-Pr(e) (3)

where

Pr(a) is the relative observed agreement among the judges and Pr(e) is the hypothetical

probability of a chance agreement. The Cohen's kappa coefficient of our corpus k = 0.80.
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104 Vietnamese verb phrases from Agoda.com were randomly collected to evaluate the system
performance. The system was capable of handling 100 phrases. The highest sentiment score was
+0.98 (cuc Ky tin twong extremely trust), and the lowest one was -0.99 (vO cung ghét extremely hate).
Obviously, the adoption of fuzzy logic for computing sentiment scores of verb phrases helps the
sentiment valences have a smoother sentiment scaling, not only 1, -1, and 0. In Table 7, we describe

the eleven levels of sentiment polarities that obtained from the testing.

Table 7. The eleven levels of sentiment polarities.

Level 5 4 3 2 1 0 -1 -2 -3 -4 -5
Number of phrases 2 12 6 11 13 13 14 13 5 10 1

'5: extremely positive; 4: very positive; 3: positive; 2: rather positive; 1: a little positive; 0: neutral; -1: a
little negative; -2: rather negative; -3: negative; -4 very negative; -5: extremely negative.

Application. By identifying the fine-grained scores of phrase in sentence, the system can deal with
many multi-class sentiment classification problems. For example, to classify the sentences, we
simply counted the mean scores of sentiment phrases in each sentence. If the final score was more
than +0.1 the sentence was considered to show a positive emotion. If the score was less than -0.1
the sentence was considered to show a negative emotion. Otherwise, the sentence was considered
to show a neutral emotion.

For example: Rt tin tudng vao dich vu khach san, cuc yéu phong canh noi day (Very trust in the
hotel services, extremely love the scenery). Total score: (f(rdt tin tuwoNg verytrust) + F(CLC YBU extremely
love)) / 2 = (0.86 + 0.85) / 2 = 0.855. Therefore this sentence is considered to show a extremely

positive emotion.

5. Conclusions

This paper has presented a mechanism for computing the sentiment scores of verb phrases by
mining the Vietnamese linguistic characteristics and using fuzzy functions. We have shown this
approach to be effective. By identifying the opinion phrase polarity automatically, the method can
be useful to deal with many sentiment analysis problems. Still, there are a number of challenges
to indentify, classify, and calculate the sentiment scores of verbs and verb phrases because of
linguistic challenges and the rule based approaches often suffer from domain-specificity problem.
Future work will expand our research with more data and adopt this approach for developing
Vietnamese sentiment lexicons with adjective phrases and noun phrases. We will also consider

using machine learning methods to help the system become more robust.
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Abstract

We introduce possibilities of automatic evaluation of surface text coherence (cohesion)
in texts written by learners of Czech during certified exams for non-native speakers. On
the basis of a corpus analysis, we focus on finding and describing relevant distinctive
features for automatic detection of A1-C1 levels (established by CEFR — the Common
European Framework of Reference for Languages) in terms of surface text coherence.
The CEFR levels are evaluated by human assessors and we try to reach this assessment
automatically by using several discourse features like frequency and diversity of discourse
connectives, density of discourse relations etc. We present experiments with various
features using two machine learning algorithms. Our results of automatic evaluation
of CEFR coherence/cohesion marks (compared to human assessment) achieved 73.2%
success rate for the detection of A1-C1 levels and 74.9% for the detection of A2-B2

levels.

1 Introduction

Our research is carried out on texts written during the international language examinations
provided by the Test Centre of the Institute of Language and Preparatory Studies at the
Charles University in Prague in line with the high ALTE (Association of Language Testers
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in Europe) standards. Such type of examination is required by Czech universities (the
needed CEFR level is usually B2) or often also by employers and the exam is compulsory
for foreigners to be granted permanent residence in the Czech Republic (the required CEFR
level is A1) or state citizenship (the required CEFR level is B1).! Therefore, it is of great
importance to assess these examinations as objectively as possible and according to uniform
criteria.

This is rather difficult because the writing samples are evaluated manually by human
assessors (although according to the uniform rating grid) who naturally bring to the evalu-
ation a subjective human factor. In the present paper, we aim at finding several objective
criteria (concerning surface text coherence) for distinguishing the individual CEFR levels
automatically. Specifically, we carry out a research on surface text coherence concerning
various discourse phenomena (like the use and frequency of connectives etc.) and we test
the possibility of their automatic monitoring and evaluating. The results of our research will
become a part of a software application that will serve as a tool for objective assessment
of surface text coherence, i.e. for automatic division of submitted writing samples into the

suitable CEFR levels in the coherence/cohesion category.

2 Previous Research

There are many studies and projects dealing with automatic evaluation of various language
phenomena especially for English. Many of them focus on grammatical aspects of language
(e.g. on automatic evaluation of grammatical accuracy, detection of grammatical errors etc.
—see [1]; [2] or [3]). On the other hand, only few of them aim at automatic evaluation of
text coherence.

Text coherence may be viewed as local (in smaller text segments covering e.g. discourse
relations between sentences within a paragraph) or global (coherence concerning larger text
segments like correlation between a title and content etc.). Automatic evaluation of local

I Common European Framework of Reference for Languages (CEFR, the document of the Council of Eu-

rope) divides language learners into three broad categories (A: Basic user, B: Independent user, C: Proficient

user). These categories may be further subdivided into six levels (A1, A2, B1, B2, C1 and C2).
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coherence is a topic investigated e.g. by Miltsakaki and Kukich [4] analyzing student’s essays
or Lapata and Barzilay [5] focusing on machine-generated texts. Higgins et al. [6] examine
possibilities of automatic assessment of both local and global coherence at once carried out

on student’s writing samples.

A specific topic of automatic evaluation of language is an analysis and assessment of
L2 texts, i.e. (both written and spoken) texts by non-native speakers. Again there are
many studies focusing especially on English (or languages like German or Dutch) as 1.2 and
examining various aspects of language like automatic assessment of non-native prosody [7],
automatic classification of article errors [8] or automatic detection of frequent pronunciation

errors [9].

Whereas there is a number of studies focusing on automatic evaluation of texts written by
non-native speakers for different languages, there is no similar research for Czech as L2/FL so
far. Therefore, we open this topic for Czech by introducing automatic evaluation of surface

text coherence, which has a clear potential for practical usage.

3 Text Coherence

There are many approaches to text coherence as well as capturing and monitoring coherence
relations in large corpora, such as Rhetorical Structure Theory (RST, [10]), Segmented
Discourse Representation Theory (SDRT, [11]) and the project Penn Discourse Treebank
(PDTB, [12]). The PDTB approach inspired also the annotation of discourse in the Prague
Dependency Treebank for Czech (PDT, [13]) — the only corpus of Czech marking relations

of text coherence relations.

In this paper, we use the PDT way of capturing coherence relations. We focus on the
aspects of surface coherence (cohesion), i.e. on the surface realization of coherence relations
that may be processed automatically (like signalization of discourse relations by discourse
connectives, distribution of inter- and intra-sentential discourse relations, distribution of

semantico-pragmatic relations like contingency, expansion etc.).
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4 Language Material: Corpus MERLIN

For our analysis, we use the language data of the corpus MERLIN [14]? containing altogether
2,286 writing samples by non-native speakers (learners) of Czech, German and Italian.

German and Italian texts of the corpus were collected by TELC (The European Language
Certificates) and Czech texts were provided by the Test Centre of the Institute of Language
and Preparatory Studies at the Charles University in Prague. Both institutions (as full
members of The Association of Language Testers in Europe (ALTE)) offer internationally
recognized language exams in accordance with the high ALTE standards.

All texts forming the corpus MERLIN were created as out-puts of standardized tasks
aligned to the Common European Framework of Reference for Languages (CEFR) — it means
that all writing samples are evaluated across the CEFR levels, in the MERLIN case as Al—
C1.3

The evaluation reflects both an overall level (general linguistic range) and the individual
rating criteria including vocabulary range, vocabulary control, grammatical accuracy, surface
coherence (cohesion), sociolinguistic appropriateness and orthography.

MERLIN uses two rating instruments: an assessor-oriented version of the holistic scale (see
Alderson [15]) for the general linguistic range and an analytical rating grid closely related to

CEFR rating table! used in the process of scaling the CEFR descriptors, see [16] and [17].

4.1 Sample of Learners’ Texts

Example 1 demonstrates a Czech writing sample from the corpus MERLIN (the overall
CEFR rating of this text is A2, i.e. basic user — elementary level):

(1)  Cau Martine,
Chei Té zaprvé podékovat Ze si mé pozval. Jd jesté potrebuju ale védet kdy to zacind?
Abychom jsem mohl védét kdy musim z domova odejit. Kdo jeste prijde, budou tam

Tomds a Lukas, jestli ano, tak fajn. Budou tam tvoje rodice, Radek chtél védét.

2 http:/ /merlin-platform.eu/index.php
3 Corpus MERLIN does not contain C2 texts at the moment.
4 Common European Framework of Reference for Languages: Learning, Teaching, Assessment (Council

of Europe, 2001)
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Uvidim té poZdejt
David

Literal translation into English:®

Hello Martin,

First, I want to thank you that you have invited me. But I need to know when it begins?
In order to know when I must leave my home. Who will come — Tomas and Lukds as
well? If yes, it is fine. Your parents will be there? Radek wanted to know.

See you later

David

The writing sample in Example 1 is provided with the MERLIN evaluation criteria presented

in Table 1, i.e. with the assessments by the trained human evaluators.

Table 1: Evaluating table for the MERLIN writing sample in Example 1

Overall CEFR rating A2
Grammatical accuracy A2
Orthography B1
Vocabulary range A2
Vocabulary control A2
Coherence/Cohesion A2

Sociolinguistic appropriateness Al

4.2 Levels of Coherence in MERLIN

The writing sample in Example 1 was assigned A2 level for Coherence/Cohesion. Corpus
MERLIN contains altogether 441 writing samples in Czech across the A1-C1 levels. Their
distribution concerning Coherence/Cohesion is captured in Table 2.

5 The original Czech text contains some errors in morphology and spelling that are not represented in

the English translation.
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Table 2: Distribution of Czech writing samples across CEFR levels of coherence in corpus

MERLIN

Coherence level Number of texts

Al 1
A2 102
B1 172
B2 157
C1 9
Total 441

5 The Experiment

Our goal was to experimentally verify whether and to what extent the human annotation
of the Coherence/Cohesion CEFR mark can be simulated by automatic methods. We tried
to find possible distinctive criteria/features for automatic detection of the individual CEFR

levels in this category.

5.1 Processing the Data

The first step was to parse the data (441 texts) from the raw text up to the deep syntactico-
semantic (tectogrammatical) layer in the annotation framework of the Prague Dependency
Treebank (PDT)® following the theoretical framework of the Functional Generative Descrip-
tion, see Sgall [18, 19]. To parse the data, we used the current version of Treex, a modular
system for natural language processing [20], with a pre-defined scenario for Czech text ana-
lysis, which includes tokenization, sentence segmentation, morphological tagging,” surface

6 The Prague Dependency Treebank [13] is a corpus of Czech newspaper texts (containing almost 50
thousand sentences) with a multi-layer annotation: morphological, surface syntactic and deep semantico-
syntactic. On top of the dependency trees of the tectogrammatical layer, the PDT contains also manual

annotation of discourse relations including annotation of discourse connectives.

T with recognition of unknown words (by heuristic guessing), which is very helpful for L2 texts with high

number of typos
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syntactic parsing and deep syntactic parsing.

On top of the automatically parsed dependency trees of the tectogrammatical layer, we
automatically annotated explicit discourse relations (i.e. relations expressed by discourse
connectives). As a theoretical background for capturing discourse relations in text, we
employed the approach described in Poldkova et al. [21] and used first in the annotation
of the Prague Discourse Treebank 1.0 (PDiT; [22]) and later in the Prague Dependency
Treebank 3.0 [13]. It is an approach similar to (and based on) the approach used for the
annotation of the Penn Discourse Treebank 2.0 (PDTB; [12]). Both these approaches are
lexically based and aim at capturing local discourse relations (between clauses, sentences, or
short spans of texts), which is in accordance with our project and aims.®

For automatic annotation of intra-sentential discourse relations, we used a slightly modified
algorithm originally designed by Jinova et al. [23] for a pre-annotation of intra-sentential
discourse relations in the Prague Dependency Treebank. For automatic annotation of inter-
sentential discourse relations, we devised and implemented an algorithm based on combining
features from the automatically parsed deep-syntax dependency trees and lists of common
Czech inter-sentential connectives and their most frequent discourse types (senses) extracted

from the PDT using the query engine PML-Tree Query [24].

5.2 Features and Methods

To select features for automatic assessment of Coherence/Cohesion text levels, we first carried
out a linguistic analysis of a couple of sample texts. Then we extracted (values of) these
features from the automatically parsed texts. We established a relatively simple baseline
and experimented with several other sets of features, as described below and summarized in
Table 3.

The Baseline consists of a single feature that uses a list of 45 most frequent discourse
connectives first extracted from the discourse annotation in the PDT 3.0 and complemented
by a few informal variants that are likely to appear in texts written by non-native speakers

8 If we aimed at evaluating the global coherence of texts, other theories would be more appropriate,
such as the Rhetorical Structure Theory (RST; [10]), which tries to represent a document as a single tree

expressing the hierarchy of discourse relations both between small and larger text segments.
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(e.g. teda as an informal variant of tedy [so, therefore]). The feature counts number of
occurrences of these connective words in the tested text, without trying to distinguish their
connective and non-connective usages, and normalizes the count to 100 sentences. The

Baseline is thus as follows:
o number of all connective words per 100 sentences

Another set of features — called Surface features — consists of features that only use tokeniza-
tion and sentence segmentation. They do not use any advanced part of the text analysis
such as syntactic parsing and discourse parsing. These features include also the baseline

feature and all together are:

o number of all connective words per 100 sentences
o number of coordinating connective words per 100 sentences
o number of subordinating connective words per 100 sentences

« number of tokens per sentence

Other features extract information from the automatically parsed tree structures and from
automatically annotated discourse relations. Together with the surface features they form a

feature set called All features. Here is a list of the additional features:

o number of intra-sentential discourse relations per 100 sentences
o number of inter-sentential discourse relations per 100 sentences
o number of all discourse relations per 100 sentences

o number of different connectives in all discourse relations

« ratio of discourse relations with connective a [and]

« number of predicate-less sentences per 100 sentences

 ratio of discourse relations from class Temporal

o ratio of discourse relations from class Contingency

« ratio of discourse relations from class Contrast

 ratio of discourse relations from class Expansion

These three sets of features (Baseline, Surface, All) were predefined before the experiments

with the machine learning methods. We also experimented with other sets of features (Set 1
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Table 3: Various sets of features used in the experiments.

Feature Baseline Surface Set 1 Set 2 All

number of all connective words per 100 sentences +
number of coordinating connective words per 100 s. -

number of subordinating connective words per 100 s. -

+ o+ + o+

number of tokens per sentence -
number of intra-sentential discourse relations per 100 s. - -
number of inter-sentential discourse relations per 100 s. - -
number of all discourse relations per 100 sentences - -

number of different connectives in all discourse relations - -

+ + + + + o+ + A

ratio of discourse relations with connective a [and] - -

number of predicate-less sentences per 100 sentences - -
ratio of discourse relations from class Temporal - - - -
ratio of discourse relations from class Contingency - - - -

ratio of discourse relations from class Contrast - - - -

+ + 4+ + + o+ o+ o+t

ratio of discourse relations from class Expansion - - - -

and Set 2 in Table 3), trying to find the best sets of features for the learning algorithms.
As for selection of these features as well as for testing the algorithms with these features we

used the 10-fold cross validation on all the data, results on these two sets may be slightly

biased.

We used two machine learning algorithms — Random Forest and Multilayer Perceptron,’

namely their implementation in the Waikato Environment for Knowledge Analysis — Weka
toolkit [25].10
We trained and tested the algorithms with 10-fold cross validation on all the available

data from the MERLIN corpus (441 instances), using the sets of features defined in Table 3.

9 These two algorithms provided the best results among several other algorithms that we tried in the

preliminary stage of the research; therefore, in the subsequent experiments, we used these two algorithms.
10 Weka toolkit ver. 3.8.0, downloaded from http://www.cs.waikato.ac.nz/ml/weka,.
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Table 4: Results of the experiments — accuracy, number of correctly classified instances and
number of incorrectly classified instances. Statistically significant improvements over the
respective baselines (tested with paired t-test) are marked with * for significance level 0.1

and ** for significance level 0.05.

Experiment Accuracy (%) Correct Incorrect
Random Forest, Baseline 57.1 252 189
Random Forest, Surface features 62.6 276 165
Random Forest, Set 1 % 73.0 322 119
Random Forest, Set 2 *67.1 296 145
Random Forest, All features **70.3 310 131
Multilayer Perceptron, Baseline 60.8 268 173
Multilayer Perceptron, Surface features *66.2 292 149
Multilayer Perceptron, Set 1 719 317 124
Multilayer Perceptron, Set 2 K T73.2 323 118
Multilayer Perceptron, All features *68.0 300 141

As the data are relatively small, we chose the 10-fold cross validation instead of setting aside

an evaluation test data, which in this case would be too small.

5.3 Results and Evaluation

Table 4 gives an overview of the performance of the two algorithms run with different fea-
ture sets.!’ The table gives the accuracy, i.e. the percentage of correctly classified instances,
and also the absolute numbers of correctly and incorrectly classified instances. Statistically
significant improvements over the baselines are marked with * for significance level 0.1 and
** for significance level 0.05.

11 Please note again that feature sets Baseline, Surface and All were set beforehand, thus the results of
the algorithms using these feature sets may be considered more reliable than for feature sets Set 1 and Set 2,
which were defined by subsequent experimenting with the two algorithms in an attempt to find the best set

of features for each of them (again using the 10-fold cross validation on all the data).
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Table 5: Confusion matrix for Random Forest with Set 1 (classes in the rows classified as

classes in the columns).

Al A2 Bl B2 (1
Al | O 1 0 0 0
A2 0 56 36 10 0
Bl1| 0 25 123 24 O
B2 | 0 2 12 143 0
C1] 0 0 0 9 0

Table 6: Confusion matrix for Multilayer Perceptron with Set 2 (classes in the rows classified

as classes in the columns).

Al A2 Bl B2 (1
Al 0 1 0 0 0
A2 0 67 31 4 0
B1| 0 29 120 23 O
B2| 0 3 18 136 0
Ci{ 0 O 0 9 0

The confusion matrix for the Random Forest algorithm run with features from Set 1 is
given in Table 5. The confusion matrix for the Multilayer Perceptron algorithm run with
features from Set 2 is given in Table 6. We can count from the tables that if we allow for
“one level” error in the classification (i.e. for example if we consider classification A2 instead
of B1 still correct), the accuracy of the algorithms is 97.3% and 98.4%.

The tables also demonstrate that the algorithms have never classified levels Al and C1
correctly. The reason is that these levels are represented by very small numbers of texts
in the corpus (1 writing sample of Al and 9 of C1) and therefore they do not provide a
sufficient language material for training. If the texts of A1 and C1 levels are excluded from

the experiments, the succession rates for detection of A2/B1/B2 levels achieve slightly higher
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results: Random Forest reaches 74.7% over Set 1 and Multilayer Perceptron 74.9% over Set 2.
In this case, if we allow for “one level” error, the results are 97.2% for Random Forest and

98.4% for Multilayer Perceptron.

Linguistically, the experiments demonstrate that the most relevant features of surface
coherence the (human or automatic) assessors should take into account are especially the
following: frequency of connective words (expressing inter- or intra-sentential discourse rela-
tions such as and, but, because, although etc.); richness or variety of connective words (there
is a difference between texts using almost exclusively the conjunction and and texts with a
bigger diversity of connective words) and lexical richness of text spans (measured as word

count per sentence).

6 Conclusion

In the paper, we have presented experiments on automatic evaluation of surface text co-
herence in writing samples by non-native speakers of Czech, more specifically on automatic
detection of the individual CEFR levels. The main aim of our research was to examine to
what extent the human assessment of surface text coherence can be simulated by automatic

methods.

We have used several distinctive features concerning discourse and observed which com-

bination of them reaches the best results for the two selected algorithms.

The algorithm Random Forest achieved the highest succession rate (73%) with Set 1 and
the algorithm Multilayer Perceptron with Set 2 (73.2%). With “one level” error in the

classification, the accuracy of the algorithms is 97.3% and 98.4%.

The experiments were carried out on the language data of the corpus MERLIN containing
altogether 441 writing samples across A1-C1 levels of coherence. However, levels A1 and
C1 are rather rare (1 text of Al and 9 of C1). If we exclude these two levels from the
experiments and focus only on detection of A2/B1/B2 levels, Random Forest reaches 74.7%

of success rate over Set 1 and Multilayer Perceptron 74.9% over Set 2.
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aa ~ &R H BAREEUAIF, -score 537l By 0.727,0.694 & 0.865,0.72 » JEEN A IR R
0.708 » B/ HEH It k4% Facebook Ay EENSE(A01E i S (F 45 AR AR 2 AH &
AITHY -

Abstract

The popularity of social networks has made them a perfect medium for activity or advertising
campaign promotion. Therefore, many people use Facebook pages to announce their
advertising campaign. The purpose of this study is to extract activity events by constructing
two named entity recognition models, namely activity name and location, via a Web NER
model generation tool [1]. We enhance the tool by improving the tokenizer and alignment

technique. In addition, we also use a large database of FB checkin places for location name

recognition improvement. For entity relation extraction, we apply sequential pattern mining to
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find rules for start date, end date, and location coupling. We use 1,300 posts from Facebook to
test the activity event extraction performance. The experimental results show 0.727, 0.694 F;-
score for activity name and location recognition; and 0.865, 0.72 F;-score for start and end

date extraction. Overall, the extraction performance for activity event extraction is 0.708.

BRSEE | JERENEREE > ar R E R ES  (HEEG T
Keywords: Activity Event Extraction, Named Entity Recognition, Social Media Event

— ~ &

MEPEERS S EE T AMESEEEREAVEE - (ER AR ER - A - BERE
B B EARISHIEEN &R - (HREE MR 0V AL B SRVE 3 - B50F TR E
RIS RERIN T EE FRINE SN > o] DU R EE PRI -

FRUEBNEUE R AIEREE H 5 A4S RRE R R SIS — IR S RIS S 1) S B E
&l > BREE T AT A XA HLE] - Facebook & HRTEEEIRITAVHE S » BRA—
LU ERYEE AT T - SR RS D% - BUN - S B BT 4
H W& E i ESERE S REE M3 iE S8 A R r R S B FLt
— LRI YRR A S48 (40 CityTalk BOESE ) 2RIV AR » REEASCH H AYED
FyiE Facebook HERUEENERE. ©

&l — ~ JEEEE SRR S B E R s Y 237
FHAML RV B M oRER S Ry - FREERUEBENE R AR CityTalk - JEB)# S SHAEn,

EAEEIE N 7 IFE U S A RRTT - SN S A - TR
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WA G AN VRS BN E R A8 - QIRAERFA [FE EHVER A CityTalk ~

BN~ BUF ~ SR A SN RIS & - A UGB Z ECGIAR ENTE ) i

[ jeft— e E iR (AE—Frr) - GUEiaBnyatam « TSRS BRI E R/
B T RS ENE T2 B TRRRYER) - BT SR A RSN A S A5 - I

LB RG EE G A T e AR -

FEAYTFEE T FAMFIER Facebook TEBIEERHIRANL > MHEH AT 4R S8 5L P

U8 R EEEER > S G0REE L AR HY S (145 & 88 o [ By e > B BORE A&

g N LNl = R)ATUE S ES

— ~ A

i Sarawagi (Y Survey & H A& AR Information Extraction )[2{F-7% fu3E & B (Entity)~
[##{%(Relation) ~ [&:(Descriptor) ~ 4&f#(Table, List, Ontology, etc.) 2 VUAH - [ & sRHEHEUAY
J53%% Hand-coded k. Learning-Based Wifd 5=t » A4 A= (Rule-Based) st 2455t

T (Statistical Model) -

() A B RS S 24

B RAVSEERIUE - EERA M a2 E R PER(NER) AR 5303 S & R A4 HHRE
HYEHS - A0HETT association task A B AGRIRA (% - REE R A\ T AV AR FERUE
FHVE - BRI - Tweets calendar Z & [SIHYFHAUTY HARZE Twitter _EBRBIGIKITE
7 > xEFST Fy(Entity, Event Phrase, Date, Type) - H HELERHAY) ~ St HBIEFE=
ME > RS HEEMY 4-tuple &14:152040:(Steve Jobs, died, 10/6/11,
DEATH)HYSE &R - B AR e an A B IS 2 1% » FIF-RJTHIE (Chi square) sk i 2
AAYERES » DASE LB A RIRE R B (501145 LH AT 100 ~ 500 ~ 1,000 tuple - 4H &k 58 AT (4
Bt - S 2 BHEERORAS TR K A A RAEHEIHEME

()BT A SRR 85

534 > Wang[41 A2 i —(E fE FH AT RS B S 4 - H H AV SWIH HREE
AR EREI A4 HREAR SWIH TEEGBIEERNE— - IEERE 1
Frgu(feature) fe B R e AT R Y TR A) - HE A IEsE R A (T Sl RN
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HAR YT ZEE A F] News Ontology Event model L7289 FH -
N. Kanhabua[5]#2 tH YT 72 R A i A B HBARV SRR - EREE BRI IR
AT - RRIR SIS ERR—  EFR2EAN R - IR R, - F 3L
HIR R T E BRI AN B AR R T E R B R R R 0 R » MR T4
[BAHFAF (relevance ranking) J70AZHIR B FEAVIFRERES - T2 M E 7 7A T S i
SUETR] 348 > AEffEA (accuracy)fE 2 5] 0.65

T FESEHY SWIH sTRBE BRI R S B E 7

5W1H News 5W1H Event Disease Evente: (v, m, |, t)
What | #{ disease m

When |8 H time t

Where | JBETE IE K location |

Who PR R R T T 5 victim v

Whom | i K EHE G5

How o N T s 2 e | E AN = 2 YN i 5o

= REUAE

AWTFEHY AR AR — - RS E L TEORIAY AR - Bufh CityTalk Rl FB HYZ$5C > $2
&1 S B B I BRSRE  EUS-ERUE Eh Ro AH B 38 S A A TR B h A R ek A A R A T T
Tin WA SRRSO, G A IR RS - MR MR A R TR -

B A FH AT RE (R S YRR R 38 SRS B R R HBR R T R I SRR S Ay ERE -

AhE B &G B E AU PR AR & ER -

B - B iR i

Event

wgle o

R
-y s QHLQ?
;=54 Temporal
Expressions

Annotation

Activity - Event
Location -
Name NER Relation
Recoghnition Coupling =

Address
NER

[~ B EAEE
(—) EEEERE
JEENEFAE 2 AT HUEBIAAE ~ BRAG  SEARIE  HURL (Sl ) DO{EEAT TR -
HY FB RER s ie e R3S R B B — S5 INIEA S Eh S UL R GE
RSP ATHREE B - FEROSENHY H B ES - DUE =R 00 R A1
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REEUE SHEE T EIG L
T EBIEHE A

Activity Name Start Date End Date Location/Address
MRS b EEE AR A B 3 H 13 H UK A E
ARG BT R EE (2016-02-06) |(2016-03-13)

& SZIFRS: 2016-02-05
[ e RS SRR REE )

=z 1+ PRI RIE AN (-7 - [l poem
b IS 18 SRS H RS « TR 30 S m
BERoE SR o DR A SRS SRS U S TG

B HARTE Sl b » SRSETRT) ¢

26 [ AT RELE -

BEDA I gee NG FTAFAT AT E S - MR AE e ~ Bt G vinsg
e PORTED) |t S L A AR L IR R A TR, b

Fintg - —HF| GETR - HoP s h>4 » JEELH Rt 40 2K
EERAEZ N - P A RIS 5 BRA R AT ZICRAT BT K -

[ = ~ SRR I

(2) =il
FEERUEETTH - 2 EE G FB ~ CityTalk =5 S EEIRE i Eaas R -
FB 4gub EHVERN - EFEFT-RHEL - 28 ABMmREH - N FB EFR#C > Hff R
BhELFE 245 & Places - Y FB I A & Twitter TR (LA R FB 4uhss Y%= API -
BEFAFI A BERI FB Graph API ¥} 22 Bl &8 AR5 H(E#HAENT 1,400 HE FB
Objectid ffrfs) » 77l HaEa Ak 4748 HBUS 3 SCE K] - 71 2015/9~2016/8 H &S
A R 4R H Y EE 5L 2,947 1R DURRIRZ %8 SCAT AT 100 RRIEIRE - 5540 et s
FB S AyE 5 - WA EaafE=CIEL CityTalk 48inh EREBIEM: -
(=) JEEAEE RS
JEBIATRIVIEAUEARE CityTalk Hdu5 S BIREEBI AR & a6 - B =S [ 4s
B WA B EMEECREEIGOCR - EB BN R A B - AU RS A
g i) » I ] DUETT B BMEECES R EAESCHTFISRSOA - S22 SE e Al
H Huang[l]E’\JTEE@%DE&%@%B%EJL‘X%%TIEI A SR ER 7 1 o M e aa 2 =
PEa Ay SO 5 tokenization FREAHRE token Sty Ay VIE] - PEE A H BT EAH B
BRSO ERS - B B SORTRAMA e B A /2 2 48 String split fH4H H & entity
1% [E T 5 R #EIE > 352518 Feature Mining F5T4H 7551 7 Bk » 7 i3 Bb 7 BAS A
Generate Feature Matrix {54074z CRF ++3/l[gf & =00 E & E 4= CRF Model » fE(EFS AL
2 Huang[1]#JHEEL (Alignment) J57% » IILART H ET#E1Y tokenizer f52H - LT token fi
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K aE - PELETT U225 T.-S. Chen[6]#2H{fy Global alignment » $F#HZ AN k #Y
PN AP PR RS (1) Fea PRI FEEE -5 Y 57T mismatch HYSSE - (2) Wi AHAL
matched token Z it Gap #Z=2% & MaxG - H(3)EAHY token ELBLLZHKFFIE(E
ro e DA E = A RO EESS 2 R EAR S Ry tHER A ] -

Listening
FB Page‘_ FB Post l,
Crawler I
Enti
~ based - 1
Crawler +

Tokenization

Fetch By Entity

Name List Pre-processing Generate +
i an: Fe::tures Feature Matrix
. ) extraction ]
Tokenization Sentence +
{ Segmentation
Automatic + T ——
labeling -
; A
String Split + Dictionary T
l J'Testing
Feature Mining CRF

~— = Extraction
model

| .
Generate + !
- ol sl o Eocs

&Y ~ SEB IR A T RIS T Huang T ELAYRR B

(m) THAY#ER

TEAEARR R T OCERSE Huang[l] TEAE FB SUAREE ARV » BT Bl
REH#S Uni-Labeling fRAHREECAVERENME > Sh - W8T g RERSHELE Full-Labeling 540 - 4%
R Y A 28 TR 4 e AE 2R 1Y 1] 45 JE M (scalability) > 5 5 (1) A [R] BRI Y 2 4R A2
(multithreading)FEECAIEEECAS SRAY A ~ (2)5#% word-based J77ERVEREE (MIFE=) ~ (3)
Rt - R4 HYE R -

Fy T #fF word-based #1 character-based J7 AL 5 & = RiEHEIIREH Y Tokenizer
fR4H - BFABMIE T Lucene iy Analyzer » m] E{ TR HURIB (T AT i Il B 17350 € Al

SE © PR character based 5 > FfMIfEH] Iflex EET.REFH FHY token ZURE(EIFL

user

can be designed by

money ~ alphanum ~ Chinese or Japan ~ URL ~ E-mail 24 20 () » 1 &% F word based H¥
RITHELHR 1K Analyzer » R IK Analyzer &)EFR A E #5H7 token » 7[5k token 7
5 RS S RSB b RE R YEOE - WARIIER R T Ersafl MMSeg B E iy
anfeE  WSREEE P E e oLl - ] B TR A AT - RO R R S
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A E RSO — B - BB IR AT A BT R B A A & B LA B AG -
T= ~ A[EJTA tokenizer 5 gz LR GBI H T EUE R B

ID S| = character based word based

10 A GBI E AT JTHY token 1 EIR S Sy - 200

11 A GBI AT JTHY token 2 SEPE -~ Hedd/ T~ —FE—FEIHY
12 A GBI AT T HY token 3 EEN: & T EENAE ~ EH A
13 RGBT {% 7Y token 1 ) I BUHAE - BAf=X

14 RGBT {% 7Y token 2 RERF ~ A FENEE) ~ BHHIEY
15 RGBT {% 7Y token 3 P BUIGHARENGE - 1B

(71) HARGEAGHY A
SO B B EEN NG B B R M 5 G SR ¥ (precision)
FIERES - R R A E R — it B - 5% CRF J7A A EIRIR S HE AR
BlFWARZLFI0: e BAIEGhES - S5HNRAI AR RS A I (28 SR 2 I e
W IS HREARIEES PR U8 R CEART o SRR T AR A
% GPS i35 - HYMEFFAZEMES NER £ CRF JAHEEBIE LK - KlthHdME
fi T HC & FBPlaceDB EEC T AR NER Mi4H Mgk At R RIE - J7752%
Facebook Deduplicating a places [7]AE7AE B HEL NER #5540 - H1j% FB Place Efs}HlL
SR AREA 245 8 - [RELFIA] Apache Solr i T-RIBHE A - [FING Ryt )16y
EECHAMTRE AT U)EIK n-gram (n=4~10) » 73 HI &R EAHRITY K {EHEE 47 place - 554
ST W IS P e s 22 A4 R A REEY - 4% CoreDic fz LocBgDic : #0744 CoreDic
EFIF MSRA FISHHATERS (B \% ~ 4 - AR PREA] - BEEC 92 S s H i
FATE HELATERS - M R DA 6 TN B AT » (R % 0o - B (7,993 &) 5
77 M B o B 5 AR LocBDic Wi B 7 =X IR RF i 58 A4 Rl 4t o Sl % - HIGEHRK
17> 500 HAF(ENE T Eraa Al MMSeg THz%gm s - {H -1 &> CoreDic £Y535(1,361 ) -
A 22 R BAE - AP o] DL — {57169 n-gram S BA S| place 5757 - 4577
SRR Fy (1) R 5R Location R XARRANY T E1S2158 - (2) & EEaCHY E GAIERHERY
St A IR P T 4y ORE B PR .  FRAMTRR R EE T W R MR - BV e DU RO B - (3)
LB RS B RS = I 7 8 > 40 n-graml= “FHE AL 21 8E Bl n-gram2=
“OEHAAZNE SRR place= “FEA AL NE AT A TCECFSRI 8 RIEEEE B
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= o SEEHGE T FUEEA NE L -

Hrp CoreFind HHY A A58 A BB (R AVRZ L Faa % & (Rl MSRA NER 5 4Y
SEECHYERRII_E CoreDic fE2CHY¥5)  BgFind 22 i S Ersal N HRER A% (05 > £2 LocBgDic
RERFINERFAES  MERABIZOFHE RFIESRITREER F
CoreFind, BgFind kz Descriptor = {&fHH k8 Fr {5y 5a BRI Count prEg[EI{EH{E - JH
BUEFEIZETE M n-gram K place; JL[EIFYEF#GF% (a6 CoreSet(Zii2 A IFRAE placei
o) - BURAR[RIEr 55 BgSet » W% Eq.(1)a+5H n-gram Ed place YA {ELE - EAHIUE
FIAFIREAE > BIF 3% 38k placei #77T Partial Alignment fEEC S (8] T > 1T RS0 RefeEs

For each n-gram (n=4 to 10) in a sentence s
- Query FBPlaceDB to obtain top k place names
- For each place; from top k place names
1. CoreSet = CoreFind (placei) N CoreFind(n-gram)
2. Find the Segment Core Entity based on common core, core length and frequency in
CoreDic
3. BgSet = BgFind (n-gram) N BgFind(place;)
4. Compute Descriptor(n-gram) and Descriptor(place;), respectively
B X |CoreSet|+ (1 — B) x|BgSet|

5. NCBSim(n-gram, place;) = Eq. (1
& P B x min(|Count(n-gram)|, |Count(place;)|) 4@

6. If (NCBSim(n-gram, place;) > threshold ) then Label sentence s with place;

[ 71. ~ FBPlaceDB M HfaiitaciH LA
BYIE - AT sl=" EEAL - SEHBUE S Ll T L FIH-RERY n-gram

AIEE SEHBUE - WHILHEIE S TR - S LEEISREET L S EREL
ELy s SNBSS e TEEEEFL” - ST L aEll SR E L
REWF 5 FAERERY FB TR - B EUARR A S EaCEIRHE fy TS
HBUR 2 TEalRatse ol o SEEEHE A {E FBPlaceDB o » {HIEN L “1&
IEEBUR 55 T Ealll SRt i Do B I 58 <A HREE - AlRESE AT TR

(73) HhEERGHYER R IR R R = a4

HrhEE RSO T 2R EH /&2 2012 5 Chang A [l Ay S IE il M Ak FHHT -
{EF CRF RIFC&ZRIU 17 FEHMHER EUEGEI Sz A > SR SR 1 PP E E A
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( Maximal Scoring Subsequences ) H.F;-score 27F 0.94 £ 0.99 &[] - BANASCHZE
FURSHHUE S Ry FB Post » {ERACE(HHEUAY (145 9 iR /e Web Data Extraction - £ 17
FHZE HTML 48 E (semi-structured)F1 FB Post (free text)#% F Su [9] 24 fE4H AL & /& i bl

RV~ HHE R A R B E

1D Feature ICCS ID Feature ICCS

1 CountyCity BT 10 | ChineseNo —~ Ty =

2 Township FH - 40~ &, 11 AllIDigits 42011 ~ 0937137659
3 Village B # 12 | DigitLenl 5-6

4 | StreetRoad B~ | 13 | DigitLen2 11~ 32

5 LaneAlley B~ B 5 14 | DigitLen3 420 ~ 260

6 HouseNo gk 15 | DigitLen4 5566 ~ 1234

7 Building 1~ = 16 | DigitLen5 42011

8

9

ContactTag | #h -~ 4k~ 8 -~ 55 | 17 | DigitLong 327363 ~ 4227151
Punctuation Sl g
SEENF RS SR g DAL CIEERY 7 U e AN ~ BHR T 55 is th i Bl
H RS M7 2 2 ALY B AR - FEECHYRG RSt Wi fE R AR TR - 2%
Heideltime[10] » i A T L3I RR ARSI L X5 B (225 EEps) -
i FB _EE A HiE R 1T UEHC S Ry [ » ST R UCHC S A e e R i B

HEAYEE A HEYH RS - FHEAE R MR R A A By A -
() BEARAVES

E(E B R A B e AR - o se BA R Eh (T - TMIBRAIARATAY 720 -

B EERE) PR EINUSENH B SRR - BB RS S B e
HREG R EIZ SN2 > BAFIRHIE T B R R a R i S IEH S B4 - PRV AR St
HE (AR RN RS HIFT A BB aSet Aokt - MG FIHk [F 2B ELA
A e H S B A R R ARRC B L

HEAEHE AT EET R T AR SR Eega —&FE RSB &R asE ) > (M
AR R E SRR EY - HERIERUSERERRAL  JMIEE A EEa
aiffeREN HEiUEEENARIRY 40 BaaT - B BBk (sequential
pattern mining) - £ AT 800 HRAR - & A THIER T 79 Pattern » H it EIREELG 51 {1
HERRAT ~ 14 {E45 5 HEARRA ~ DU 14 6 Date Confuse B1HI > T E B Pattern #H
HUR AL 555 th T8 17— el Bh Ay AR R A R R PR Bl S S BRI S B it
B SEREAVHIERRAFEREN - B AESEITIER - B EERSeEHY Pattern &5EE

=
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BB EERE IS Pattern [UMEHE - S ETRURSHE Pattern s =

Wy ... Wy fF 40 EHEEIME RE 5] T~ Pattern unigrams > bigrams Y% » 41T Eq. (2):
Probability of s: P(s) = P(wg) x P(Wq|wg) ... xP(Wp_1|Wp_3) Eq. (2)

Start Date rule
(rl)Prefix word:  “JA" | TEEIERTT | BHEYT | EEIHEE
(r2)Suffix word: ~ “#&” | “EAyyT -
(r5)Date Update: @ ¢ 7)” -
End Date rule
(r3)Prefix word:  “EgiEHHA" | “BIHEZR"
(ré)Suffix word:  “1F” | “EukE”
(r6)Date Update: “HENEEZE"
(rl1)Negative rule:  “ZFEEHFET" | RIS o
Special Date rule
(r7)Confuse rule:  “AREHRFR" | “FfFAFE"
Location rule
(r8)Prefix word: %7 | ET -
(r9)Suffix word: ~ “EEH” | BT
(rl0)LOC Update:  “Zr@m B -
Negative Activity rule:
(r12)Cancel:  TZEACH" | “EFEHE
aE R A T IR AL

@75 ~ FERUSENFR - HELHE AR A

Vg~ Hh

(—) HEEkE

TN EREE BE I FB B k&G E HAVEES0 Pk 1,300 RXATE V&R
1 {EEEN2ARAYEEIRE L - B8 N T TR AR R E R E BREE SRR - =
FIEIETEEN T « BHIasS R ~ sRb st iR B R (R BRI - S9SN B
FIRYEBIHES A FB Place FYERHE S ERIMERY FB _EAVIT-REHUS A THEHY GPS>
Si/E % Google Map APIRHEBIHIAEEIEY GPS © S8k (FIthat (il 7 A &tan A H AaiHad
e > EAMEG R E RS - [EEREEERIE 1,300 AT R EHYEEh A DT
TP NI - AR A TE T E R (2,132 Activity Name) » S8 h—(E&RIEAIE R
78 1,300 fRfe RIHyHRER LT N TR - AE ARG E0RH8E(2,015 Loc) » FE 1t
BRI R H SRS At L (&S > DU BB Bk th = A F R BRI HEL -
(2) L E ARG AE

HRGENED T FREERARNEELEREE TSR DU MM T 105 F555E
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T EZER ) REEF/VE 14 Rk 1R (C-2) —HE ) mIREHEHIHE Sy T

i REEVE 14 FRAGEERITEEE 0 25 Huang ST EHT BEPREREIR 6 4
RS e BUEREE 0 L ERS a (T an L RS HICAREVETAY - WEE S Eq. (3) P(ea) ~

R(e,a)73 %0 hn4E 55 #i% I {ES- BB RS Eq. (4) Precision ~ Recall £ Eq. (5) F;-score .

Ple,a) = "0 pie,y =180 Eq. (3
ea)= e,a) = :
lel |al
P(e,a R(e,a
Precision = Z .( ) — Recall = L Eq. (4)
|Identlfled entltles| , |Real entities|

2 X Precision X Recall
F,-score = Eq. (5)

Precision + Recall
(=) JEE RIS

A CityTalk 11.7 S{5E)+(2015/12 FIRYES)) i AHiE T - &5 Google Aif 100
SEELERGE RS EE R 100 2 H A A FEHA ] 55L Google H Bl Y Exact
match $8 =556 H Bl pk Partial match) » #3214 67 &{[#a]F- > A Uni-Labeling f250EE)
7 - Hefh4S Stanford o CRE++EAY - FIl VS EIAB PRI BN E SR 45 A0 N B -

Activity Name Model Comparison
I'Huang baseline = Stanford baseline ~ ® ANER-U ANER-F  m ANER-FW
0.8
0.604
0.563) 5
g 06 0.494)>0.529 0.455 0.5 5 454
s 0 361.-"" 0.397 o 385
e 04 0 282 0 299
5 0. 215
s 0.2
& 0. 02 / 0. 038
O ...... L
Precision Recall F1-Score

&t -~ Activity Name NER Model Lz
Sy A ESEHAS AR EIRY Google snippets SCACH#E(T BT - Huang Y T EAE S8 26 (E

FRERPEEE 720 Uni-Labeling) R AEAEEC 2,221 (EEHS - MESCENHEEE 72X Uni-Labeling
FITREED 77,766 (SRS - BURIA BT tokenizer MIEF B MEIHEEL 720 e HENES
TEHFE FIFEBFE HYSOA - Wi E] 0.5 FYF;-score » AH¥%f Huang £ Stanford [i{E Baseline -
HA KRS AT REUAE(0.038 F 0.299) - S555MEAMER Full-Labeling BEAEECE] 195,400 {
BGOSR tokenizer J77AAEFII SR (EFHAS - EL#EE ANER-F AT ANER-FW iE7{
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{7572 » word-based 7 Precision (A {ERL - {HE Recall B/ -

(P9) HrRAERI AR

FeIEEHFT R 1,000 2XHY 10.3 & FB HRA{H7E+ - 58 Google Fif 10 £ =
SR > DAK FB RSOy AISE] 17 & > 1,317 EA)7-(FB Ak S# % Partial match #5
BT ARTRE & S B A RHsa SR SO S M) T4 2 EssE R G E A& 1 T8 E)
FIF Uni-Labeling #5852 88 - 73 HIEEEC T 62,723 k7 148,801 {[ElHh B E 4G - fft4s CRF++
ol SRR R Eoofr LNER(Google snippets) iz LNER(FB posts) /& il FHEL = 12 HY
Web NER Model Generation T E.fil & Google Snippets 1 FB {54 7772 » FBLocDic H|
Ry AL FBPlaceDB AR5 7ARTIRAY 572 o Al RS BERAY B SR sl & A & )\
Firo > BRI E ZE st BRI AT AH S & oy - B SRR 1575 AR SR AT R 78 1 AH Rl
ARG T > ISR PEEC R AL o it - 5 Precision #Y4ERF(E 6 BiCEA T > FBLocDic
MR SRS E A E S e - (B E BIEARRE % AR ERRS - DU TR LUK FB I
SCHSR AT SRR o] LR B £ 4T 0.618 1Y Recall DL F Y 0.452 [F,-score » 54 kA
B A Mss & 1Y LNER(FB posts)+FBLocDic gE/EF Recall #2712 0.656 H. Precision

&7 0.02 T -

Location NER Model Comparison
# Stanford Huang FBLocDic LNER(Google snippets)  ®mLNER(FB posts)  ®LNER(FB posts)+

FBLocDic
0.8
- 0.6160-656
8 06 :
= 0.441 0.452 442
£ 0.356 0.329
5 0165 0.334 0.262 0.254
5, %1% 0.17 0.168 0.153
% 0.013 0.025
O AAAAAA e
Precision Recall F1-Score

JU~ Location NER Model FEiz:
(71) "EENSBHEHATRAE
JEENSEFR G 8 7 2t ISR SCE RS B E RS A 1T R4S - P RS Eh B4
HIRHERAE © WAL » Hfs FB _EAVEENGE SEA B2 T ali—(8 £ EEFE: - AL
EE — TR S BN SR A T REECHYEE) ~ #Ean HEA ~ 4508 HHADL Rt BE DU {5 22 (ActSet,
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Start, End, Loc/Addr)! - fRAEEEEH kK ISBIEHFEH - EF5E) s k-tuple (k=110 4) -
SRR E B4 EACt-EE4G H ] EStart 521 [H I EEnd ~ UK S ELoc 2 EAddr
M5 HIER Eq. (6)7UE 51 ERSHEEY P, R 538 - Eq. (7) A RSB ER &
IERERY 8 FRAPTREBAYG ~ SEERIFfE T IEE - 5550 Ba. (8) RyS@hiih & sty 7y
B HRE K T BECF S ERE 7 BIEF] Eg. (9) EventPrecision & Eg. (10)

EventRecall - JEEHEERA (Rat il 20 T
| EActn a | EActn a

_ dl _ Eq. (6

P(ActSet, EAct) JJnax Eact] | R(ActSet, EAct) JJnax Ia] q. (6)
1 If Date = EDate AND Date # NULL

I(Date, EDate) = { f Date ate ate Eq. (7)
0 If Date #EDate

MP(Loc, ELoc)= P(Loc,ELoc) ,MR(Loc, ELoc)= R(Loc, ELoc) Eq. (8)
EventPrecision = ( P(ActSet, EAct) + I(Start, EStart) + I(End, EEnd) , Eq. (9)
+ MP(Loc/Addr, ELoc/ EAddr) ) | k
EventRecall = ( R(ActSet, FAct) + [(Start, EStart) + [(End, EEnd) ,
+ MR(Loc/ Addr, ELoc/ EAddr) ) | k

Eqg. (10)

£ Fl =2 EventPrecision X EventRecall Eq. (11)
= X .
ven EventPrecision + EventRecall

_ L P(ActSet, EAct) _ L R(ActSet, EAct) _ P(Act) X R(Act)
PAct) = |Identified EAct| , R(Acet) = |answer Act| 'Fl(ACt) =2x P(Act) + R(Act) Ea. (12)
R~ AE K ERERE R S RSB F R
F,-score Event
F,-score attribute #posts |Activity Name|Start Date|End Date|Loc/Add PrecisionRecallF, -score
1-tuple 45 0.766 NA NA NA | 0.776 |0.757| 0.766
2-tuple 124 0.732 0.8587 NA 0.39 | 0.651 |0.648| 0.650
3-tuple 547 0.727 0881 | 0.704 | 0.719 | 0.742 |0.724]| 0.732
4-tuple 584 0.731 0.853 | 0.744 | 0.687 | 0.705 |0.685] 0.694
Total/Avg 1300 0.727 0.865 | 0.720 | 0.694 | 0.718 |0.700] 0.708
RN~ (ERIHY SRS B F U
Performance Item Activity Name|Start Date|End Date|Loc/Add Event
Precision 0.729 0.884 | 0.942 | 0.849 |0.718
Recall 0.726 0.848 | 0.583 | 0.587 |0.700
F,-score 0.727 0.865 | 0.720 | 0.694 |0.708

EENSE R AR E RS RR L - RONHEIMERT— 81T - [ Ee RS R A E 0.5 /2
A ABEH OSBRSS T RE DA [FDT A S SOmEER AR > DICATE R R ED ATy

1 EEEERAEC A NULL - FYRBHEHRISEER - A Tt -
2 HATZSTN SR A S T —(E - H max BB M AR A RS E s R B E IR
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RS AN - PR P M2 RG AR RE 7T LU E] 0.7 Zo A HYF, -score - i #ESA H HIT 5 A 2
F1] 0.865 AYF,-score °

B RIS RGOk S B REH FE T E LAV E - IR A THEATE B AR -
£ 1,300 & - M A THEREENIE GPS Ml &4t HEbLENHY 713 =& GPS #E
TEB(HAARERCEAGEHBEN 1 (8 GPS - HEhE i 713 fURE 713 fRoCE(
EEIEND) - fIBR 75 LG T HENE M - B N\ THEZ ZHT GPS» #1175 % %A 638
% GPS HMaat EIE HEMEEMAIE 2 SF B E GPS A7 & R EE 1
Horp\RRPURY AV DY 4 A E(F9 0.15 2 H) - BAZR/N 1Y 0.849 HY Precision AHAT

I EEMME IR ENI(LE
600 535
%?;é 1,000
! - 120°81 198.89 284.89
z= 300 10715 ' 10
3
A = > 15 22 5 11
B : - _— — i 0
= 0~4km  5-24km  25~74km  75~169km 170~229km 230~404 km
Bt | — 7 L E AR PHRRAE

&L~ JEF B TEANEEN L B (GPS)a il B iR
i~ S
AFEEE 7 —(E FB SEHEECRST - W BB RS SR B E BRI R E %
ARHYEENSE S RSN EE &R - 1eftEEs FB IEBE CHIDIRE - MLRHEEEHYEE)
SR THE ERUR T EEMEES - RS REIERET > SR Sl L B iR
HIYARARRVED 22/ CHERNEREHE By FB 8820 B IGE H#iEc hA
A LURIESCEARRC YRR AR & - i Huang fEIEHRE (P SQHREETTAREE A 4
A [T © [E] R BAP IR SOA Hip B 1 DU e Sl e & B - 1B i BB FB _EAVERD
A DRI SR s S B e s el - oA MM B B ey I PR A R EY
Rl - WS ENA YA o EHETHEMER A IR AN ED) - R ERIEE A T
1,300 R & et 44 B AG A S5 EEUAYASRE - 4RaT1E 2015/6/23 (% 2016/8/8 > #t
#f FB Post #{TIEENE(T AL > S SAEE R B A T 11 & 1,931 {EEEhFE(F(H ]
eI RO R BN AR NS B e BUE Rk T RS Eh AR RSB R ML) -
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ERIESSR SN NSICREABREIE ISP R S G e i€ VRISV B %/ & 4| R L
W RRHRRCCE TR R ZAE S - LS SCE T R 27 B e R LRy H
N By 15 SE AR Y T BRI T SN2 K BT ORI e SE RS B B AP DRR T ez iE ey
SE1E - RAEHHUERAVEER > siacie i A M SEhT LIRS EIHVHERS - IEIME—LE
RIRIE 8% A4 BIANRE RS RS ENHUR > SRR O GBI Ry (IR N HUE > it
shOhENENE © A E WML REHEEE R (A AL REAASHT Web | - fE5E
YIS > B ~ S50 BRI A HEEREUSEh A& - Rt e B E EHEEEE -
E= BN
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i 2L

ANHI 50 2 B A R AT S 8 A R e B - 1 1 R ) R R IR A R R
B o AN HME A IRACHY BB AT SR AR 2 - DR AE LA S R R A AGIRRE TR
BORME A0 S A B B A FR AR R DN R T 2 %(Unweighted Accuracy, UA)Z 5 2.7
B TAF £ 2o it — A A 2 S 5 IR M R 41 » (¥ F INTERSPEECH 2009
Emotional Challenge FFTFE Hi 2 FAU-Aibo 154 FERLE » LIER IR 2 B - ks
REUR > A RERFREE R EREATACRT - OB B OB AN S-SR O AR DR P 25 R
73 B Ry 39.6% B 34.6% 5 FEA T A SRAE FISERRATACHT » BORE 07 B R AN P B R oK
INRE P HERR 50 I Ry 41.8% B 35.7% o [KMLAER Rt A8 R AR R Pl T 2L » 35
AES RN SEE RIS BT K 2R » WEE R BMERC R 2 R AR IR 15
ARG A LLRH B A

SRR - IEAEHERR  TEAEPEIE LR ~ JEAAEAE ~ AP IR
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1 i

NEBENTE B ARSI 35 5 E st il T — AR EENA G » AME@EiEsE S KEH
TIENE o AT E R T2 A1 (Human-computer Iteration, HCI) #H B
FAE i > A0S IBM ~ Microsoft RATHIFE SIS » BEHFE T BV EFRITF -
T 52K H B 58 & HER (Automatic Speech Recognition, ASR) £ &K1 5 21| G 54 Y& i 1) %
a tH FE A BRE S MNMERRERCCY  REEE — SRR TR ELE I B E) - 7l
Google HIEEZ 18 5 DL SR AR Sird A NPT BEIRIRERIEZ — « NBEATE @ IR
BRT ZERESEFTE ASMEBRNEEZIN  BEEZRBEREEHERIELE
B2 4RI ETRETEHE Sin B EIESH S N ERVE A KA H iy B g » RIAE 5
) 15 RGE & HE3% (Speech Emotion Recognition, SER) A HHE KAVEEEME © LA » 7£
2014 F 4 A H HZAEER 2 E DL £ B Aldebaran Robotics /A 7 [F A 55 1R #S A Pepper
PR — & T DLREE & DL R N BB B A - 6 B 2 ASTE A7 H AR 42
B T A AT AT ARES » W] GG S P D 2 T T A & TS [RTHY 2 I

FLAE 1980 AT - DI SBAEIT MG LAA7EE H R REAR0 RO B TE 2 E
LEAFRER BRIV - RILBAAN T B R T RO AT 1B RO JERIOE (1] - 1%

TEEEE PR N E ROE R R —E 5 0 1E 1997 4, Picard T — & R i FIRFF BOE R
PRI - WEER TIHEGHE 21 e — (&AM TIEN 7 B0 A AR I 1 GE

FRIMEA AR E BN o BT ARAVE A EZ B ME R R B TR 205 RS
TE 455 A P N OB B 26 A RO 2 88 DU BB, » AR TR s SC T HI Y FAU-Aibo [3] [4] B ¥}
J& % INTERSPEECH 2009 Emotional Challenge 7 Fff 8 7€ At 3L HE S 45 35 R} B - 2% 38k} E
B T B R A EREES 2 © Blan © BRERN ~ HRIIFRENS 5K - BiRAS
AN B ST VA — R A b R LS ERA DL B IR I TR A T3 sE R
R T E BRI -

B4t 5P 22 o0 JA R FTEDE H AN E B ATR 0 20 1 WM » Tsoumakas 55 A
FE TR FEACEBAR L F R AR 2 KRB (51 flin : E8 08
[6] ~ FERHE [7] 5F > MU ORI 48 0 Rt B I B BURRC RIS R - FE 0 8 A
WO AERE » MTHEE AR E O Z AREEL R - HEEEGE S P (Speech Emotion
Recognition, SER) H: 41— TE K #E i B 7E 7R FAE D 0 J2 — AR BBV E N - HHF—
FIRREANRIRHRIEE T &8 AFAVAER - 105 T R _EultE i I 3o 8l e g
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48 (Neural Network) 426 T 75 B BLBE BT S5 38A /7 M b BB AT 2% -
HEHORE AT HOHEE -

A SCEE oy Ry VIR o » B —8 0 Rftim © B i BT TIE » BRENA
T EHREF R AR BT AGE S R ATRE A LA RY R IR B LUK (R R E AT
P > HEREIMATANTE B ERIERL SR T VERSE R E R » 8 =80 M ERME R
> SBIOER > R B AS B A AR DA R

2 WRFIE

2.1 FEMEERREEE

AR ER ST A A4 208 INTERSPEECH 2009 Emotional Challenge [3] FTHR F B9 F= HE 7
LWEE 1R B 16 K 28 (Low-Level descriptors, LLDs)E2 H: delta F1 12 iz
B o SRR N TS T SRR R BLAR I SRR [ E AR o S Ay EASE] T RZ kB R e
HERAR B % 35.9% LAN 38.2% - BRI LT PR T B & B - JHAE - BERE
B FTIEERN 1608 KFE 2 8% i % 2 (Zero Cross Rate, ZCR) ~ fE & 77 ¥R (Root
Mean Square, RMS) ~ & & 48 % (pitch frequency) ~ 5% & ¥ & t.(Harmonics to Noise Ratio,
HNR) ~ ¥ #1587 (2 Bl (Mel Frequency Cepstral Coefficients, MECCs) (1-124f) 25 5 12 {F
72 BK Ay ~F-15) {8 (mean) ~ 12 #E 2 (standard deviation) ~ I & (kurtosis)Fll 1 #% BE(skewness)
B A B A /NME ~ A3 A7 B (relative position) i & & (range) DL K 575 Fh W AR P B R

% (linear regression coefficients) &z H33 75 7= (Mean Square Error, MSE) ° 1% £&5iH — %R
FEWAK R 12 Gt ER - SERFEEIEE T 16 X2X12=384 {HEEHSE]

1 BEREE
LLDs Functionals

RMS Energy | mean
ZCR standard devation
MFCC 1-12 | kurtosis, skewness

HNR extrmes:value, rel.position, range

FO linear regression:offset, slope, MSE
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2.2 REHEIEHAL(CSHE)

PP S R BURF - W B R R B OISR 2R A = A - DRI MR B [
Y15 1%(Histogram Equalization, HE)# % Fe A HEE & [IE R J7 V% (Cross-speaker histogram
equalization, CSHE) ° FLHA Chiou AUME [8] » Mt B 7 B/ A (1) EFF »

Horb X (x) (URIFEIRF R - Y (y) ICREED G - p AERFIRIRRUE - ¢ (URER
TR RFEUE

[ X / R (1)
SR 016 X (x) B2 Y (y) > IR BARERT X (x) SRS ¥ (y) » FFI0 AR X (x)
By (y) W& B 2 FE 9941 B E(Cumulative Distribution Function, CDF) » F{% iR 46 BUE
B HAE AR E - WA & 2 ERISREE 2 A —EEEEEE - Eia BRI
{5 AT S £ 1H R 52 1 RAE I BB ey (v) 0% B > T B — (L AIAREE
HIE R

Dx:{xl,...,xn} (2)

Hoffth v LUE D, SHV S B RO ox (x) » SR EH BT B RGE
TEHVRFRUE - B 1 ZoRIERLEYIRAE

D, D,
i histogram histogram
i estimation estimation
|
| ¢, (x) ¢ ()
$ ———+——  histogram mapping ¢, (¥)=c, (%) y

1: FEE IEAL AR E
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2.3 ERFFEL

AE B TR R ERPA R 07 1% A /D BB BRER L6 (Synthetic Minority Oversampling
Technique, SMOTE) [9] ¥ & RHEFT P o E pFAMbEiE H —E/ D BE R 2 ERl e
R X; o 3lf7 37 38 B 0T #F &= 1 (K-Nearest Neighbors, KNN)AE 2 4 K {E# T PO A » 6 4¢
EKEHA FRERR HH P —FE G X R E WA ZHWEE » HE&REEHEEL
—fES A 0 B 1 Z RIAVBUEACE S FHERA » AN @) mh -

Xnew = Xi + (Xi/ _Xi) ) (3)
2.4 LSRR
B oM St e R A A s SR A [ 2

X; xj M

Input layer Hidden layer Output layer
(384) (30) (5)

384 @ 384 |
(9959) g Z | (9959)

2: FHAAE A R R

yi AT BB 2 s H R A0S B S 1 B (activation value) ° ay fCFAH A TCEN AR
HWEBEE = @) R o tah » FEZ 8o & o AT A softmax BR B A
i H R A B o B K EHAY - FER A - B k AT R HE A= (5) B
I

ay = Z )Cjok (4)
j=1
b= SXP() 5)

X exp(a)
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IR EEE KEENENEZINFERPERED - WMEEHEFT—FER
(t,x) » HEEULLIRE (likelihood) A= (6) :

K
P(tpe,W) = [ Ton(x, W) (6)
k=1

T Y EE ERLE D A ERHELSA E (likelihood) A5 = (7) -

N K
P(DIW) =TT Tom X, W)™ (7)

n=1k=1

R RFAE X (7) 5 EH A& B B (negative logarithm) 2 1% » FAM v LIEE] T = (8)
» Hrr gt R IR ERERERE 0 Ty & TR TERI H 2R A0 4 R

N K
=Y )t log(ym) ZE (8)

n=1k=1

I 25 28 X Jf(cross-entropy) B4 AN B B » Hodbr, By B S HAE >y, A EREHBE > ™
E,(W) Bl % 5% B 15 H B A0 B B HE 2 R 58 U -

Yok = Y (%0, W) 9

B 1R H M E SR AT RO R AU B DL » BT LR & B SRR BHRRC SRR R 2 €
o HAERC B AR AT SO0 R R SR ALEAT G WK IR ANSE L One-Hot 2RARECHY 1,
TRIBFA IR AL SERR PR B AGE T T84 » H A One-Hot n— @4 A E&F G — TR
HOEA 1 HERITTRER 0

2.4.1 ML 53R (Hard Label Error)

t, B e It FHERE ) 2 AL RO R L - 3 HARE HESF One-Hot RO » 5258 % T
FoRBRITEDL - BT AR € =100% BITEILT » ¢ BrEg i (e in v =0 (10) » %8
PRSI R n EERL > AT k ERE BRI 2 -

00100 01000
1 000O0—1]001060 (10)
01000 00010

249



2.4.2 MR FEER(Soft Label Error)

t, §H & FIMEITRCER - (BRI 1, A7 ZAEELAL One-Hot IZY » T2 SRR
e HBGEBI ISR - Bl § AR e HA DU ERE R - 388 % T R E LY
TBoL - BT LAFAMIERR € = 40% E’U B~ AP AR i R =X (1) -

00100 0.1 0.1 0.6 0.1 0.1
1 000 O0]—1]06 01 01 01 0.1 (1)
01000 0.1 0.6 0.1 0.1 0.1

S 1, EITHE 2 1% 0 20 (8) U W EEAERINEMLES » E IR E R AU INEE
IR R DL GE S5 (Chain Rule) 7] LAt fx I J& (Top Layer) i B BB E B AL T = (12) ¢

aEn . aEn aynk aank
aij N aynk aa,,k 3ij

T ARBA g = (12) IS —HEURE D KRG w B8 E 1Y 8L E - 515
WA TR 13) =2 (15) iR -

(12)

J0E, b 13
aynk Ynk
n I— nj k=j
gynk _ Jym(l=yng) k= a4
Anj —YnkYnj k 7£]
0 E, nclass P E, aYnj B
%M_;am&w_m_w (15)
(Rl b 3 A P A5 2 B _E 8 (Top Layer) B E HIBR E &2 (16)
8En . &E,, 3ank _( p ) .
aij N & 8ank 8ij - Unk nk )] (16)
MHATEL j R s GRS TT » BRI R A= (17)
JE, « OE, day;
dwij 4 dayjowij ;(ynk k) () Ok (1= ye) )i (17)

S T T 7 2 TR B GO ME R K5 0 A B M S )
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3 HEREREG

B 5 B B0 B R 25 FAU-Aibo 1848 5B RHE » 93 2 R (Anger) ~ 58 3#(Emphatic)
H1% (Neutral) ~ 1E T (Positive) ~ Hth(Rest) i FLFRIG 2830k - A LEIGH 2 ERIATF
HFEIRE B AR ERHERIE R b & B R 22 SR AROK - (R R A 2R S B A
AR INPE P2 FE R (UA)VVE By EUI R 1E » SHERJT1E R0 (18) Fos » Hidr » A BB 1 9
T EEER VBRI - K RS RIEL -

L& A

UA = —
K ,:21 Y1 A

(18)

BB E H P T B % Google FIrfE Hi HIBHIREKEE Tensorflow [10] [11] » LU N BRI &
IR TR BT 1% P 2E AR O A5 SR o BB o R R e A A0 s LA 45 5 AL R A A I
ZEKE W\ F 384 (EHHASTT ~ BRRE 30 EHRATT ~ g 2 5 AT - £
REE 60 » B—HLIRELE Ry 30 0 B2E REE S 0.3

3.1 EEIERE

HACAERRRC IERERY B DL N 23 B A OB R-F B B R OER-F B R R T i — (2
MEEER(GR 2) - M BEARRC A AR Y B BB T LA

T 2 FRLIERER UL T o B B AR R

Process SFEIHER R (UA)
HHERTE 396
AT 1y 34.6

3.2 1EErER
320 MR AL
(1) 76 150 RS-
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* 3 BRPFE N 0 AF e BIELER

FRLEAARE IR (UA)

€=10% 40.6
€=20% 41.2
€ =30% 41.3

(2) RIECE R

% 4 WRARTHT R & FHER

FRLEARE PR (UA)

€=10% 35.0
€=20% 34.5
€ =30% 34.7

FAFIEH 83 3~ R 4SBT P BIE W DI B R IR R A SRR B L N £
JEAERCSRRRI » WA S A TP AR E - HIERER M E 92 S IR
FLERARAY H B3 R B — (HEE 5 Pl 2SS 48 v) BE & [ R AN [R] R B3 170 2 A AN RT A 66
R BEERAEA SMOTE A@IR RV #ily - Foi R et 1B 7 B R AN R RE A Y
FRVESE » R RIS BRI T B iR S e A A i S I e B - MEGE AR RCEE AR - (2
T H R AR AN S KRR B o ONE BAFI R RO AR R sl R A A T
BERF - BERE e HERBER D B HABSE - RZEE R TR 20% 1% 50 2| IEMERIAE ]
b BRI Z SNEEE FTREE T AT ERY G4 AT REA HE —H - B0« 55 A R A
A R A I 48 AT RE A S A DURCEG > FrLLE R Bl R RRO 2 > g — 2 E
Al T BRI RIS R S AR A PG U R A

322 MR

e AR S AR T (S R B BRAS SRR - AE R ERPP RS - PR E
ETFHREE - JUH R BB A Y R E N A SR AR AL SRR A T VAR - PR B A AU
BRI BT T 2.2% © HIMLEERGER R 5 6) A LI BB ITRRIEE 12
HEBE - mERE T AEH BRI T A M R AR A B AR AR AT LA K
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AT BB T P -

(1) A HER

x5 ERPFET  AFE e ByEEER

FRLEHARER  FEIPERER(UA)
e=10% 40.8
€ =20% 41.5
€ =30% 41.8

(2) ARAIERF

# 6 ERETHT » FH e H9HR

RRLEHERE FEIPRRER(UA)

€=10% 34.9
€=20% 35.1
€=30% 35.7

4 HiamEAARKEE

FREHERGT - GIRER SN AR FIHFREE —E 2R - RILAER
RAMIERIR AR - AREE BHIE R T SRR R - MoE & AR IR #A
S R FIIHEEEE ] I BREGE - RIS B BRAAS R - W LIS HIE
R AC K B N IR AT E HANREE AR R A BRI AR - n] Ui 2 J8 SRR AL iy T
OB AR IR - MR TT VAT IR MERUSR ARASER0 I - 2% 12 AU
FEI R A PUERER - (B2 B EIER A X% Bk & S ARREERE T - S EEE AT
EHIELBY » 38— B2 A 0T S i JH B — P IR O - 2 T REA T B — (7 1%
A LUA R AR R BE e S ORGP R o] LU AR Tt » 7 oNE F M5 I SR
TRCHYJT AR - Q1R E A Ok O AR AR 52 B LA AR = 1 okt B Lt ANad F R it
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Ve E AR PRSI - T 2K B BRI ERIE - ZR0M > Q0L PR R AY A B A
LN BES R IR : BEREAIAT LR S RES R - S BRI R S e P A
FLRRE S AR A Y EREUR - T S BRSNS Be S R AR AR 2 nT R MR A =LA
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WA Tt T RERFRFME o (F mT B M5 R S0 SR HE - M SRRy Tl RE M 2 A1 i aESSR BeA
Sk — M EAYRE
Abstract

The development of the internet has facilitated the flow of information. However, this
explosive growth of information has led to fundamental importance being overlooked:
Reading material can be understood. Research on readability formulas aims to predict, to a
reasonable extent, the degree to which a text can be understood. It does so mainly by
analyzing and translating the information within a text into readability features, which are
used to train a readability model, in order to automatically predict the readability of a given
text. In recent years, the development of deep neural networks, applied to speech recognition,
image processing and natural language processing has improved significantly on the
performance. Therefore, this paper proposes a readability model built with deep neural
network and word vector representation, and which is capable of analyzing cross-domain
texts, in accordance with the diverse topics of text contents. The authors aim to make the
readability model capable of analyzing text readability with more accurate, as well as possess

domain generalization capacity.

BASEEE - AIREME > SRR 8 SRR - S B
Keywords: Readability, Word2vec, Classification, Deep Neural Network, Support Vector
Machine.

—_— N '\:‘A
W IZIH:H

H]EE M (Readability) & fERIFEA R RE Sy aE & B ARAVAR RE(11,[21,[31.[4] » & &R s Al
SR MRS - S AT Y PR AR S B2 A% R RSUR[20,03] - HRIR SRR AT M B At B
5 R FAE 1923 4F Lively Hl Pressey gt 7 A KPR Bk oh P B fE AV R[5 -
1F 1928 4F Vogel A1 Washburne HIl=Z 424 —{& Winnetka Formula 3R &/ NZEE YA 0] 35
TE[6] - RIEEMEITE — B4 R ETTYSfE - #8 Chall 81 Dale /£ 1995 FHY4EET - £ 1980
F R IL BN AR A E A S 200 AR RIEEIEAFT] - B EGEHaEEE S
AR LD EEHEE S RHEOREEE SR TR M » (I140 © Z 441 Flesch Reading Ease /A7
Plsa g s BB s B B AR » LA FINRIEME R AMVIEHE - ST R &N I3 g
BT SE3 A)F REAREHAL SO SR B SRR R B B ~ AR Az
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{FATIRIEE[8] = Chall F1 Dale(1995)IIA T " #ZaLEA | MU SEAL SO ERERY =0 - S
HIRA  FORFRINEET] - 25 AR RIREEZ &R - EE kS
EVEERUERIREE - 59T A B 15 DU S4B R AR v s MR A A DA A B 2 Ty A
R VETEAE > DISET MR A AERERR [9],[10][11] -

MR RS S E R EUATET T T AT MR A AR - PRSI PR VR U S Ry
EN—MEEEREC T GEE SR EA RS 8RR - s ANEE LR SFEIHT A e 2
JZBRSZ (AFEfEFE - Graesser ~ Singer (1 Trabasso(1994)f5 1 » #H4EE = FHEA AR R
AV HEREAR - SUFRBERE AR SRR E SRR A5 E U AR
[12] - Collins-Thompson(2014)/145 tH {#&5 nT S M ZUME 8 EE AR S RRYZRIZEEN - 121K
RGN - B R A A S IO A EE MRS SR 2 B B
[13] = BEAD » — B SN A H B s A [F SR - Haa ey R AT URAVE SR -
PRI Ry aE RSSO R N 58 BB AR R SRRy T RIS L s Ak T AU a5 =N Bl
— RGBSR B SRR ATAE S - Yan S5 \(2006)gEAH TS HIfER T RSB R B2
FHEE(Medical Subject Headings, MeSH) Y E SEflTsE R PR - PR S RHEAAAYE L
B~ TR PR BRI S S A SR PRV AR - A RIEEER - SR — RGBS R B AT
TS S WU RE RIS T B SR RE R [ 14]

S —AGE S R AR E A RSN A A 28 S S (E R
TTHSE < B0 > Yan 25 A (2006)Fl] FH A S G AR At 55 B 2 52 B 22 & o} (Medical Subject
Headings, MeSH)HYESE2RF5RIE g EORHEME Rl & bR - (e it g —(E BB
HEIES » MR R MRS ISR G R RS A IERE - B HER U SR E
(Document Scop)[14] - Borst £ A (2008)HIJ& A1 FH R HY 5 =R R EEa a2 iy T B RIHERES |
B U EaSE L WA o B4R T R R R (R Ry S B B Eo e ge ~ ) F - R
SCFEEFEVARIZ[1S] - Chang 5 A (2013)AIlE R EeiaE B 70 Hr(Latent Semantic Analysis,
LSA)EFITERT E SR ERE L » B e 2 E 7 ##(Singular Value Decomposition, SVD)
HRFAE S 40 R AR HH B R HER Y 5B B 22 [ R B S (VB e B B M - B DRSO &
(cosine measure)fy )7 HASE SRS A [FI E S HYRE S 5[ 16] -

BT E SIS RIS RS UR S 37 (Document Representation)» #E 23] L
e ARV RIHRRE o (ARG AR AR — i {b(Generalization)gE ST * VAL
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TERE S AT RIS A AE (E FAR S HERY m] B AR R AR Al SO e R - 1T IR PR AR
TSR AT VAR B I E R R EY BN A0TSR SR S P R e e R —
R o PIANGERS SO B E I MY E IR 27T - N ILEE LU RIS R R -
Pt A% g — (S s Ay AT MR AL AR -

ARG SN L PR 55 Bl 5 i e] S MR F i S B s SR A AH R
5T - Aiak B HAHE R m] AR ZE R © S5 = BiRHE (RS AR AR re e Rl [m) R 2
st (I8 e # [E] S o AT A [R) SRS TSR PR A A SR DU 2 PR SR P LAY
HIRAE ° e f& s TLET R AREE ORI FEY T A -

— ~ MBI

41[F] Collins-Thompson £ 2014 Fiilt © 58 E 2 MREH MM E il R PRV EEEEZ
— » FRIMAE RS S T4 H SO A 2 A8 (R A (] (B T S B G e R EAYIREE(13] -
s IEgr a7 S PE ATEE MY S MR EREFTAE - AEAS R ERER A RSSO
e A AR L EACR - 28000 H AirE A 2IaFE 48 5 TSRV %540 Readability Test
[17]~ The Readability Test Tool[ 18]{{EE FI| &R AY 7] 58 M4: /A T4l Flesch Reading Ease[8] ~
Flesch Kincaid Grade Level[19] 5z Gunning Fog Score [20]2K&F& 1 [EISEIR A 4GRS AR 1]
sE o 28I - (Fe R EEME A TR Dl g (A BB s R R ) AT (AR KE
TEREEMHEIE - (BRI 5 = TEIRAN A 0 E e s Sull R B A —E LR & 6
H AR EE R AR R IR AR 7Y B A %R 81[21] - Kidwell ~  Lebanon #1
Collins-Thompson (2011)#5 H & AT EU DL 300 7y HEG rl s AU A E A -
1172 [ P R S S B DA P2 ARl Y S 8 SR T = B — M B KPR A [22]

HETC A Z ot ia M E % vl 8 %AW A 3 &5 248 H SURHY A 38 4
[23],[24],[25] » ERIELA0 el A e ml e AR A 2 28 F AR 4 H U E 2 E S TR RV -
Miltsakaki {F 2007 F-2H Read-X &R [FIRIAE EHOCAHES T A8 MEAVERAS - &
S =fE A 31407 : Lix readability formula~ Rix readability formula 1 Coleman-Liau
redability formula ZEAREFE ST A FEMEEEE  (H Read-X Z & RF — A8 n & MEHVEEE #E
{TEEG 1B R R B A S0 rT B M B TS A R s [26],[27] - ELET] 2009 4 Miltsakaki
FIIFF 49 Lix Readability Formula* Rix Readability Formula {1 Coleman-Liau Readability
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Formula HYEEEHEI TR & - ZRIMANT SR s ke T AV R & 7 A A & 3 H 9-10 80
11-13 FEERHTEEE 28] - Bickhoff 22 A I HE Hh 00 SRR Y U5 UK o I RE AR FUB &/ NZ
TRIRE[29] o PRI LA E S rTRE PRy U7 20U A 8 F i iR TE U282 (Spiral Curriculum)
AYSCARE TG EME - Kanungo AT Orr(2009)HIE #1145 5 [ BEATE & HIZCH 48 E i B 2R
B[N - AERTER AR AR MR e B IAVEE SR R I AR E IO
YRR TR - AL S PR R R PGS SRS AT REHE — 2 WA B SR TR A — e
7e[30] ©

PR 7 ATEE TSR Z S 253t B 2A0E S e B B E ) SRR AU -
bFE N B DA A SRR RUAACH & ORI ATEE M - (5 AR AR A (2 ] DA A
S oTHY AR MR I B AR AR RE A BHBRRUER T H311,[32],(34] - i H AR
F7YHEM T B L LASZ [ A (Support Vector Machine, SVM)ii Ry 5L - 2RI 52 5] EARAH %S

NIREAHAE KRS (Deep Neural Network, DNN)TE - 2B —EUEREHIEEHE - HATE
AW S I B R S R R bR R T LA A e i B s SR A oy o SRR - S ]
DIREIAFEHTRER - (B2 RS A RIZORAYAE ] » B RR TR AR AR 5 A e 15
N SRS TR N EE[35] - L - (e BalryBAge a] DASEER - R m] g MR AL A Y =2
RS SR (B PR IEIES - (B IR s S 5T 21 R LA EARIN R > 2L
AT RE PRI S8 fee 7R B R Y BN ALE © DRIEE > A SR FH e S R e A et Bl ) B
AR S SO PR AT RS -

=~ B S R M B RN A Z AT AR T
(—) ~ FHFEREFRR

i ] & F YIS R 7 FH Hinton 15 1986 APz » SR f555 %2 (Word Representation
or Word Embedding)[36] - Bengio f£ 2003 4 g t[m] &5 =045 11 45 44 i 5 = 15 Al
(Feed-forward Neural Network Language Model(FFNNLM)fJ3ll| @ZefE » 1S4t sa] g
TR AHABEY B (AR SR HGE A 8 R R [37] © AT HA Google FiT#&RHY Word2Vec HIIH] i
FFNNLM Hy{& 4 757%[38] ZAMM R FENNLM 225 A — 151772 » Word2vec R T FFNNLM
T8/l SRS A AR A R AR MR g - O B B A ~ Ko A g » (RS s o B

Word2vec $2ft T A FI[& 7= » o3 AR A L8158 (Continuous Bag-of-words Model,
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CBOW) kil 55 4 (Skip-gram Model, Skip-gram) o 348 5 S35 RS 1 SR E S H H 153

Z AN SORTEN B B | g s B eIl a7 EF R - Bt B A
GARE TR SR - R s AR BB 40E 1 & 2 For o 4F Word2Vee HoR
A e 2 A e SIS Y R TR MK s Y AR d @ ER o] DAk A Hierarchical Softmax Bii/&
Negative Sampling FifEE = AIE H#E S ISRATRUEE © 28T » A s A SRR I Sa) i
RN R — (B R S G )5~ [V RA (% » BIFTEERY Shallow Window-Based HY7772 -
Jeffrey Pennington HI'ZAE 2014 42 H—(# GloVe 38 LA 20 (IR  5E 2k K 6 ok s 4
Z fEIERAI% » LLFETT Word Embedding HYRSR[39] « MARIE 5 B R » /e S5 -
W& EEIET K2 GloVe 1 A sE IR FTAAURE 22 AN RAIEIL T » A s SURHR I i A ] s
sl A B R 7 R A B e S S AR M T (Bl S S R T s PR R [40] -

INPUT PROJECTION OUTPUT
W(t-2)
W(t-1)
o SUM
D W(t)
W(tH)
W(t+2)

AR SRR U R
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INPUT PROJECTION OUTPUT

W(t-2)

W(t-1)
SUM o

W(t+1)

W(t+2)

B - WS SRR Gl A

() ~ PRI

AT S B2 E A AH BRI ST RS A AR A R i D FE AT 25 S0 2R R By — 2 1AV 8
LA SRS ZRREG R  SeAREARAY 2 B A A s 3 SR N fRE - FI30F A Deep
Belief Network(DBN) 2K ¢J4A1 LA S A 4lis 28 H e BB OIA LRI T ARK
SFEFA4E 5 [35],[41]° X4 Hinton FI[ rectified linear units (ReLU) {F Fyf& 5w &0y
FeRE > DASe Ik E AR AT {7 [ B BEAT 6NN - AR bE R B BAR )N - BEAE RS HYERE
SEINIRNZ[35],[42] o AEm TR ReLU 1F Bl /@y s - ek IRn
Fymax (0, x) » BIOREH TEBLER 77 o HR i H A pr B Ry B 38> m DA o7 BB 56 R DB 2K (gradient
vanish)HRH o AEm PR FHAEPSIEAIZR4E 5y 1024 4 ReLU [S5dt/g 1 12 4 softmax {F Sy
g > TN B S TR B ER - M AR 2S5 S 2R (% - BEE Tt
A E AR - (H AR A B IILRE - Rt A2 B R EFE A
—IEAPE - JRE RTAVEZE - Sl B S BURERw! - AIDIRER 12 (EfTHE
(column vectors) » 73 HIEFFESF4R - AT (L)
W = |wi w3 ... wh| (1)
ARG SCER Y 77 Ry PRI 4R AT TIH E pE R - AR R EZ AT &
] DLE M R AR A AN o PRIEAPIRAT AR T E(Q2)
RW*") = 211=11||WLL - WiL+1|| 2)
FAM A S G I RITE O] DAFR A0 2T R4l =) S YRR RE > 1] Se R AYREE s 28 Xt (cross
entropy) FIIERITERVEE & » 41 F=(3) -
L(0) = — EH,(v; — logv) = T, — wju | (3)
Horby, R o vf R AR | AR - M ILeEn 2B ER 12
FEERAN TP (manifold) » BRE AR W { & 45 187 h A F i L4 g 2% ] R AHT -
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(=) ~ R AT AR

B SISO R AR A 3 B > AR 98 FFEEE H KN
ZKHRRFEATHIAREY 1-12 R ERAIEEER ~ (L8R - BAR R ERRERESE
VO{EHIAY A E 23T 6,230 R S HABM E L B AR BRI m M e
AW FEE SRR BRI R - — ~ BREE A HEGRER (L g R B AR E =
FIRHIAFIEIET 4,648 55 - — - BRME B+ HEIEER ~ 1L &R - BRI A EFIfEEE
L8 FUUEFIRAAFFEHET 6,230 77 - AEILEIEAEERHEERERAEIL T HHSZE
B R R ST A B T R 2 B Ry ] - T R B B U2 B Bk 5-fold 5 B By 5
AHETT > EIRSCEAIE WECAn[431 A E T th SO R s - A ReIl R e A1
Word2Vec[38]2 71 Ail{e ] L 5 LRI R E ¥ IR - BEERI BRI E—RaRSUR
PR M FH R ER (e e o) B IR R P U M & WRFE 8 2 EE > SR PSSRy
BEE RSy eSS ST B R E o AR5 BT
Keras [44] FI LIBSVMI[45]AI R 2 R AL B e <2 ) A m] MR AR AElgatim]
SRR RIHIPE B - AW ZEie s E R HEE P SRy fe— B s [ B R IR R AU [ & - IR
BB AR - ST EH R AR R o AR B a4 © TS HE
BRI RE MR R - (8 n] B A 2 B8R Y nT R PR A AR B A SR E -

=)

FH B A464853)
T #B(6230%)

=)

Word Embedding

R TR
W

i 5-fold cross

validation
SVM / DNN

SV #23] /
DNN #£3

v
S KEd
TR &

S =l kR vl e e e =
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V0~ HERGER

AHFERY B Bl SR AN —FIR o » 11 DU e o] S M Ay S SR P o 1A = ~ &P Y
RIS » PedE SR ] DL IR A i e £ =R B Z VISR IR T )
FATHEC R AR REREB Y S A B AR - ZRIM I A EEEERAE A 1,582 fRAVAR 5 A{E#

R E % » A ENEE KIEEN T - S mEEEAm S o EBERED T 9.5%
ARERE > [ A E AR ARG LA/ D T 7.32% Y ERERR o i3 BE AT SO AN A 38 M 45580y
(BT eEiEk - SRR S A A O S [m] E M T RE SRR P o R G R E R -
F— ~ Blp— ¢ LI 100 4ERE 2 = FESEECOARAELLER
7 F R4 7 FH <RI TREEE AR (%)
1-12 4% BE ~ ther ~ HAAHET S m =A% 70.83
4,648 i EBESES 407
F s BT HEGECIERY 100 4T VURE SISO A R EE LR
7 FH A4k 704 FH 2R, STEREEDE AEHER (%)
1-12 5F4R BEE ~ 118 - B~ [ZREE 61.33
KB MfEEA S
6,2}?0% - SR 66.95
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R B REREI L SRR

AU TR G AR RS
1 2 3 |4 5 67 8 9 (10 |11 12

= 1 (1717 1o [0 0 0 [0 [0 0 [0 0 |0 [70.83%
PE 2 2 605 0 0 [0 0 |0 [0 0 [0 |0 [8.5%
o 311 6 156 35 6 |5 4 [0 |0 [0 |0 [0 [73.24%
& 4 10 3 46 124 (17 (117 0 |1 2 |1 0 [5849%
510 [0 |11 27 119 28 26 2 2 2 |4 [0 [53.85%

6 [0 |1 (16 |16 |33 95 |24 |9 |16 3 [0 |0 |44.60%

7 10 [0 3 [0 |12 |7 (499 28 |9 20 |11 |9 [83.44%

8 0 [0 |0 |1 |5 |4 |39 (502 |18 30 |7 |10 [81.49%

9 |0 |0 0 [0 3 |10 32 |18 377 43 25 2 [13.92%

10111 2 2 2 1 3 35 [26 [30 [404 |76 |53  |63.62%

10 [ [0 0o 5 |0 22 {15 [37 |69 [502 [77 [69.05%

1210 [0 |1 {1 1 (0o (8 (10 |7 |59 |71 [454 |(74.18%

0 ~ Bl R R e S A 5 > SRR e
A TR G AR RS
1 2 3 5 16 7 |8 9 |10 |11 12

= 1 3 (15 |5 0O 0 0o (1 o 0o [0 |0 [12.50%
P 2 |1 |45 (13 |6 |1 0o o |1 [0 0 0 [0 [67.16%
F 3 11 [16 (143 |26 (10 (10 4 2 [0 {1 |0 |0 [67.14%
& 4 0 |4 29 (133 25 (145 0 0 (1 0 |1 ]62.74%
5 0o 3 7 |30 (113 |40 |17 |4 |4 3 0 |0 [51.13%

6 [0 [2 11 |15 (37 [107]|11 |8 (18 |4 |0 |0 [50.23%

7 0 0o 2 |0 [7 |8 527 /13 |9 20 |8 |4 [88.13%

8 0 (1 |1 |2 2 |6 |23 [528 [15 [21 |12 |5 (85.71%

9 o [0 [0 0 3 |5 |14 [17 |424 23 23 |1  [83.14%

10100 [1 [2 |1 |4 |3 29 [30 |23 434 |71 [37 [68.35%

1o [0 [0 0o 3 |0 (12 [17 |27 |82 |537 |49 |73.87%

120 [0 (1 o 1 |1 |9 8 |7 |57 |70 [458 |74.84%
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R Bl SR E R SRR

AU TR G AR RS
1 2 P 6 (7 8 9 |10 |11 |12

g 1 10627 |7 |5 0O [0 [0 [0 2 |0 |2 |71.14%
PE 2 |65 |86 [27 |13 0 [0 [0 [0 1 |0 |0 [44.79%
o 3 134 |30 (172 |65 |12 (12 /5 0o [0 3 0 [1 |51.50%
& 4 |18 (14 |66 (179 |42 19 9 {1 |1 |7 |0 |0 [50.28%
5 2 |1 [35 |59 142 |64 34 |6 |3 |13 |6 |5 |38.38%

6 |1 |2 (19 37 |72 (14734 |10 [23 |14 [0 |4 |40.50%

7 0 [2 |0 (18 |19 |513 [40 |11 |44 |14 |14 [75.78%

8 0 [0 |1 (3 |6 |57 |[527 |24 |55 |7 |18 |74.54%

9 10 j0 |0 |1 3 |15 |32 [30 |383 |74 |33 |14 |64.37%

1002 3 3 1 |5 |5 [35 [33 [32 |520 [116 |77 |62.50%

1mjo (o jo 3 |7 |4 [15 (17 [37 |[148 [530 [105 |61.20%

12114 o o [0 |5 19 |9 |3 |128 [104 |516 [65.40%

TN~ B R AR A > SRR
A TR G AR RS
1 2 B |4 |5 6 7 |8 |9 10 [11 |12

= 1 80 |49 |15 (1 1 |1 1 0o 0o 0o [0 |1 [53.69%
P 2 137 |10139 |7 |4 3 0o 0o [0 0 1 [0 |52.60%
F 3 113 |42 (191 |56 |13 (12 2 |1 [0 2 2 |0 |57.19%
& 4 |16 (19 |66 [185 [48 20 |11 0 |0 |1 |0 |0 [51.97%
5 [0 [3 36 |50 (168 |66 20 |6 [3 |7 |8 3 |4541%

6 |1 |4 [24 29 |65 [158[23 |16 [22 |16 |4 |1  |43.53%

7 1o |1 |1 3 |12 |18 |553 35 |8 29 |11 |6 |81.68%

8 2 |1 [0 [3 |9 |14 |45 |552 23 35 |16 |7 |78.08%

9 2 |1 1 [0 |4 |16 [29 |25 [449 |38 22 8  |75.46%

1001 2 (1 |1 |6 |6 [37 36 |27 [545 |113 |57 [65.50%

1o (o o (1 |5 |1 [18 21 (42 [102 |611 |65 |[70.55%

1202 0 [0 0 0 (0 |9 |7 |11 [73 [109 [578 |73.26%
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PRICZAN » AbFE th Ebise e S e i L e 2 5 B ERFE £40HY manifold AYE
NESREAERERAY > HAERARCHUR - ([RERATLIEER > (EFEAVER T A
LU FERIEET T TR VAR AR REER » TSR E BT CARRY Al M 8 - HA
Z I ATREE AR RS - Ek T AR (R SRR B A FrE By -

Ft -~ B L RS SR EAEAR Y manifold SAME R ERESRA) 2 2
AR | A EEEELHRIEFEY manifold |ZEMER(%)
1-12 F4) |BEE ~ g - B~ [BE 66.95

BB MRS L

6,230 15 A5 66.48

B(% > WA B A SR A A2 [ FR S R4y manifold AYFDL T »
el g e B 2 S 7 T m] A I AR A R R G B - HLEERAR AR > 3ffIm]
DLSE3R — g il = JE Y 28 S AL 4 B Y B & P B J Y o (B PRag— B RS
JEHE - HAHERIE MR GESTRE (R EERTT - MEZRAOLE - 5 Ed BRI FTAREE IR
FIR > AT FE L e AT AR AT T 00 T - 8 TR AR R sk — AL RE ) N & Hh
J& T — (B o FEARACANZE n] LI SRS e e SR e AL A sle g e - 40 R A HTED
A B A (Long-Short Term Memory, LSTM)ZRASHEE A BEISESCARNARFI > iS5 ]
FPAET SOR AT RE R 2

/W~ BRI © SRR AR e e Y B R T n R MR R

BT (EAH BRERE  [EREE%)
1-12 4% |BEE - 1 ~ B - BEEERE LT |1 66.95
6.230 % 2 68.59
3 68.33

ST~ BERT | U ISR TS R AR

78 FH A4 |48 FE <35 (EERSEE SRRV [FERER (%)
40 - 4% B @ HIREE 4 =
[40] 1-12 HE4J |[BEE 18~ 5 28 3LET 4,648|GloVe 100 4 SRR |og 13

EN- ERE ~ 11F ~ H2A - BEE | COW100 4 R A
MIfEREE A $LET 6,230 7 s 68.59
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R At B AE 47 FH A 25 {IE SEUERA T SOA

FEARA » ARBTFERHRT T A B A 4 A A TR PSR RE S | R S 2T
FYFEEE - 40 Sentence Embedding[46]2K#E L (K7 (Document Representation) 7] LLEE I
HURSHERI A SRS > A RERE S Sung F AFTTEH Multilevel Linguistic Features HYfi}
@l11] > AR MR RE ST 8 20 oAy A AR B SRR R M (R R AVEERAESE
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TR AR BB RO AIECER - 2RI - CHREGE R A E & BT EARIAN A (UGC;
user generated content) » [ EERRZ —EVEEE AN —1ar 2 HE » RIEIE
EEPHEEEEEENED - B EEEmSA A —EVR S EEERUIHYZE
TEAIEE A —2 o M m A — BV S » (F 1 s e S iy - Al
FE A RN R [ o A SE 42 H e an AR EL RN E - 1B R e hn L3R 5] 5 5 - Word2vec
nt o A BEbE EE Gn [E] FRaE o M FIRERELE T - BRI EE S0V E mE R 0 DA
f R EEE RO - IR AT WD B EREUR - AUTZEAiR iy AR [F 253
s o AR
Abstract

This research proposes the probability mapping approach for a product name to attempt to
resolve the synonym identification problem, which is usually ignored in the field of Named
Entity Recognition. Using the same name to describe a product or service may effectively
improve the results of opinion mining or sentiment analysis. However, as WOM is a user
generated content (UGC), different names may be used by the same or different users.
Besides, there is no unified naming rule when writing the WOM. Even though the authors are
the same or different, they may use different names to describe the same products. In this
case, searching or organizing the WOM article without the consideration of the naming issue
may lead to the problem of information loss. Thus, we propose the probability mapping
approach via the co-occurrence naming dataset and the Word2vect language model in order to
reduce the naming issue. According to our initially experimental results, the probability

mapping approach for a product name present its potential in the naming issue.

5

BRI © BREE - an R ERRIE - REEY - AR

Keywords: Opinion Mining, Named Entity Recognition, Deep Learning, Synonyms

Identification.
> A&

AT A R R EE N ASS & 5B B S A I Word2vecHy 5 7A[ 1] - AR
5 A E an T E IE AR P EA) By SRS S [E] 5] » DATSCass LIS P i I ' 7 oo 2 R AL R P
FEanAREA — BT - [ (K B R b ST > B RV EERE R -

272



APRAEER AR - ik OB B NN RER R AE RIS - JHE AT BN
WraHUE, - BB Y E B YA an e (E 48 B A S TR PRAERR HY V- & E - 3R SAER
HEFam2] - AEPRAERS ERTHRYE T LR BT TEHEE - JHE = A LU B AR
B R B YR E (3] kR A DA S RS HY AR - AR B T e A
ER » F R myUERESHSH4] - TR RIS LAY FER 23 - #bE
ELJ &S ERY R E B R A4 B o] DUELRER IR RN, — B R B R AR s s i
Uy —THEE SRR (2] - iR — BRI R PR R R - R AR
R R FH R S 0l SR B 1 SR AL R R £ R — TH B S

£ BV {5 P HY IR AR} R o3 Ry o SCERE S > A ZE R E SR - oS IR
SRR KRR A BIERAERS > SOl B 2872 A5 B aa 7555k - 10 20y 22 5 Bl Ryl 6
5] 2 [ 3 s o BE—rh S 5B 5 (Chinese character) {72 @GR - MEEFR R
AURES: - 0mmey T AUERAY TR o FAUHEFERAEARE o BT sy
X pa o TS M E T S TR RS ] o S > IR SCEE Ry I P
AHIAZ(UGC; user generated content) > 585 UG EL 5 FIRE A 2 60 > AR RAEE
T FEET AT 5T Bl FSRE IR RS E - BiE IR IR AR
SEAE A ~ AR BN BRI - EE R P RR SR U R LIy (NI E A AR R TE]
A BRI - FIaE T RETY) ) iR AIE Rt & | 5k

T ORSCE -

TEFe A ~ BB BN B AR LR AV 7R Ry 4 EAG SR 5I (NER; name  entity
recognition) » & FHIYJTEA — M - SR AERDEL - A TEBILIEMI S ERE © %
HEEST730 0 BB M Ries 2805 - (RIS R EDA > RV BRI I %
B NIEAL6] - SUBE - sn B AEgE > Dkt S CE P B E BRI A AR R
TREAHAY > PR AS ~ AR AT RAER7] > WRINERET - FET
FAlF ~ $ERI ~ BlFaRTE ARV [R FEEE Z I EIEAR s O£ R RE - JRED > (HEENEREIHT
gt o A D AETar R E R ANIBEIEH A% ~ A EE A o B B E AR AR
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A EARBE A o NIL > SUEE - 5288 = FlET e 2 B ARG a0 5] 2o e Bl (R A AH BR BT
F¢ > A FERIE R e E RS H EI R - bR s e R E e T A E S &R E TR
AYRTRE - S SR IET FE RSOk ERYA 2

SR
() AR

a4 B A aior] £ 2 A PR R R T 2 BRI LU A ~ #th34[8]
bR T RIS - BrRyRE SR USSR ERE > A ~ HI - S F 9]
a4 B A s R R B R T TERNAE A H A TRE B SR AR o R S Ay & E T
2 o NIE - HEER AT DU ReBaiint » ARGHVEESEM - a2 Eiesnt 2
B RBRENHARRE - R IR R B e A B Ae AR i DASGE B R A SRS IR 10] -

A E R H 2AGE = e B T SRR T dn A AGar|  5E 3 B DA RN B £ R
k[ 11] ~ BUEDIEEEE TR B LAV o & RE AR s TR s E7% > 1R
& ] AR (HMM; hidden Markov model) ~ ZASAEH(DT; decision tree) ~ fiz K& A &
#(MESVM; maximum entropy support vector machine) * a4 B s l| FTHfss S5 54
AR E 2oty > HATERAINTFEAE DSSOR L 11] - 8 DLt B HEE Ry R gy
maia A E R - HEER AR TR > LR AT DLERF S ~ B EGH
[~ BEEERCE - RSB RNE T A E R - BRI IVEALA ROV e
HR o GRER Ry MR HRE B AR 11] -
(2) > XFHEFR

R B 2= (VSM; vector space model) fs EZ AT RIERNTA BUZERRN X
TR - BAVRER - BAAGE S E e - [ Bz MR A Ry [ YA
B BRETHTA A EF RS EE R EZER - —RCEE R ERE
N MRS R SR R i TR B S > AR BIAH AT R 22 ] - BRATAY S
JRE] A EAL - A SRR RS DR SR o - (AL - MR ST - THBIAE
WA AT Y[R 22 [ o Baroni [12]# 73S0 A1 E FEIAVRE (R 73 R Wi T 7% © 558
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HiatiZ(count-based method) » AIVEFESEE /3HT(LSA; latent semantic analysis)FIFEMNZ%
(predictive method) > %1% 1 &% 1% 2% 5& = 15 A (NPLM; neural probabilistic language
model) * FASRAEETATE R B L FER T4t HARF RN A HIREA (5 - FUANERSHAL
AT TR H AR

e 2 E AT EE B AT =0 BRAEEDAR] - H R EERE (DP; deep
learning){F AlphaGo % a5 AE = EHk ke EHE £ ploh e B 44 R0 - R 2 H Al
CLE AR T R A AR FE I - d0s2G o - HAREA - softeds - HERE A H]

73 RyVUHE > SPRAIR R 2% S 1445 (restricted Boltzmann machine) ~ A AU (AL 44
(cellular neural network) + E 4% %5 (autoencoders) ~ FRE: ik [ 45 A5 25 (stacked sparse
autoencoder) » 7[5 YR RIS dC Agps oy — T A BRI 13]  ZEEAYERBEE PR
RENERMETREE R BEAEEFIASIR - St R e D ERME Ala s T E R E R
A1) « REEERR T LB NSRS E T » el R FEER 2 AR

FERHYHZE A [14]

Word2vec %5 Google 172 2013 FHH> BEJE T H > — » 14 Mikolov et al. (2013) %3
WIS EFBASS - Word2vee F-BEHYIAE Rt at i LE RS T & - 1R m) 22 Y
A AT REEZRMAIAEIUS - BB RGE SRR —1E - HERIRI TR 72000 R W
f# > 53 7ll/E& CBOW (continuous bag-of-word)#{1 Skip-Gram [1] - CBOW Ml Aft A FAHLL
{8 H YT EAR TR e (non-linear hidden layer) - {8 A&V FTH B 5a By SL 2[5 -
HI%k H AR 2 4G — (I HAREARY b N SObiTss] - DATERIH g BRI - IL77A G
5/ NIJERHEE  Skip-gram B2 CBOW “R[H] » (i — e 327 R iy — (8 B A2 > 2 HURIAT AT
Sl S AR TR AR A BRI - Word2vee 7 i A 2 B8 £ 2K B Word2vec
AR M » B Ry Word2vee R GUEHISSAEER ZLREY 7 20 RE TR 2 A5/ 4R
a2 v & BV R]FEOAIAS [B] B AR Y AS AT 5 H R A AR 15] - Word2vec 3 SRy U &
FHEAVEE T - 41 Zhang [16]278 Word2vec M{TEEERHEAVETERFIM SVM 738igs
HETTSORIITE R SO BRSA - M7 /ERESS R & S BUERER -
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~ ;
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i B

} !

Em LY | | Em i

FrarEE

Wit e
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B — ~ FEAn TR A

(—) > [

ST SCIB R RREEE  40 PTT 43w (http://ptt.co) SEEE LR 0} - i 5FR HTML
T S IEARSLANE > FEEUCIRESOA o ARWFSE RS EE R HCRERA S T~ > PR PTUCEE
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BERSCEEN I H PR fL?E’J [FlFEa - AHERFTICEE AR T R EY) ) HYOIEOCE - ([HiRFH
HEERsR Y - a0 " BTy, Bk T EREEE -

(2) > Bkt

AP BRATCEREY 1 E 45 HTML £24% ~ CSS 124 ~ Java script 557% » Biy&H
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Chinese text segmentation, https://github.com/fxsjy/jicba) E7zH] - Jieba 735 £ 408 = fdbdT5
Ji30 oyl kgt st - et S [ o AT e aR B e s el P A 22
RIFEER A Jieba PRt - & TEER - AWIFERAR RV Ry 345 ~ Ehaafie
wa > R E T oS O b bt = e s e A E AR R (i Ry & V) - Jieba Esa&ER{IA
PAZRFRIRTRE > 7% F S5 - AIERAGE R OR B RS - JRBIARETER] > a0 E sl T 38
FEYy o AUECRA SR HERE - Ed "E T EY e

(=)~ HEEFEREET

H A Sy H R e N1 L ] el iy H P ) S e B (A SR A AR (DU - Ban T 2655
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{2 DUZE ] B IR ) e T R - AT I sR sy i R > AR T Rs gy, B
TP TEREEYY ) B TR FRERTZMH LR AR Tt B T e, FOW
s SEEIRVERSZAHIUE © NI - FefTn] DUS EIRTA 0 s A2 ahaa s HY SR (E -

T~ HIHGE R

Bx | e | B0 | 28
Bk ] : 1 1
EE R 1 ) ) ,
by 1 ) - 1
2% 1 2 |

Cos(a,b)=—2i%0__ (1)

| |
N‘|Z ﬂfXNE b?

Hora FOMECE TR E R SE » b RO Py O % -
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Abstract

This paper presents the challenges and the methodology followed in the design of a new
Input Method (IME) for the Taiwanese (Hokkien) language. We first describe the context, the
motivations and some of the main issues related to the input of text in Taiwanese on modern
computer systems and mobile devices. Then we present the available resources which our
system is based on. We will describe the whole architecture of our system. But since the
cornerstone of modern IME is the Language Model (LM), the main Natural Language
Processing issue on which we will focus in this paper is the estimation of a LM in the case of
this under-resourced language. The solution we propose to rely on unsupervised word

segmentation which preserves some degree of ambiguity.

Keywords: Unsupervized Word Segmentation, Language Modeling, Input Method, Taiwanese

1. Introduction

Taiwanese Hokkien (or simply “Taiwanese,” Tai-gi & 58, throughout the rest of the paper) is
a language spoken by a vast majority of the Taiwanese people. It is a Sinitic language of the
Minnan (ban-lam-gi, B FIEE) group. Since our work is based on readily available resources

which describe the variety in use in Taiwan, it is better fitted for Taiwanese, but it may be

useful to more than 60M people in and outside Taiwan who speak closely related variants.

Although this language is still widely spoken in Taiwan, Taiwanese has never been the
official language, the efforts in standardization and institutionalization only started in the last

decades.
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Even without state-run institutionalization, written Taiwanese has been in use in printed and
handwritten documents for centuries. Depending on the situation, different scripts have been

used, including Han characters (Han-j1), Latin alphabet, adapted versions of Japanese kana

and Zhuyin fuhao ¥ & f75%). Nowadays, Han-jT and Latin are the two scripts which cover

the vast majority of produced texts. Zhuyin is mostly used for annotation of rare Han

characters or in teaching materials, and for code-mixing in spontaneous writing.

Texts written using the Latin script can be divided between different Romanization types, the
two more important which are encountered in our resources are Peh-oe-ji (POJ) and Tai-16
(“Taiwan Romanization System”, hereafter TRS). The first one is also called “Church
Romanization” due to its origin in missionary works and the latter is recommended by

Taiwan’s Ministry of Education since 2006.

As a result, the actual situation of written Taiwanese is an interesting case of poly-
orthography where one scripter can choose between Han-j1 and Romanization or (more

frequently) mix the two scripts. This requires some specific features from an IME.

In the past decades, the status of Taiwanese at school has changed from being forbidden to
being taught in classes of “Mother Languages” in primary schools. However the curriculum
is still very limited and even if a large majority of Taiwanese people can speak the language,
only a very small proportion is actually literate in Taiwanese. However, almost all Taiwanese
are familiar with Han-jT and Zhuyin phonetic transcription (taught to be used for writing

Mandarin down).

This recent history also leads to a very limited place for Taiwanese in the computing world
and this language is usually neglected by computer software designers (even its ISO code
‘nan’ is very rarely recognized as an option). In addition to the various political and
sociolinguistics factors which may lead some to consider Taiwanese Hokkien as an
endangered language, we want to stress the impact of the ease to use a language on modern
devices. The possibility and the convenience to input texts seem to us to be of first
importance to ensure language preservation. This is especially the case for Taiwanese as

modern technologies are omnipresent in Taiwan and an important part of language use among
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Taiwanese people is made online.

For more details about the history of written Taiwanese, interested readers may refer to [1].

For an overview of the current state of Taiwanese text processing, one can refer to [2].

Multiple Input Methods (IME) have already been developed for desktop computers by

different organizations over the years, the most noticeable being probably the FHL’s Taigi

IME' to type in POJ and 2 <Ff2 =55 7F & #i A A’ to type in Zhuyin. The Ministry of
Education also provides an IME for desktop computers®. More details about available IMEs
can be found in [2] (p. 144).

As mobile devices progressively took the largest share of online communications, IMEs for
Taiwanese did not follow and no IME was available on mobiles until very recently (2014 for
our own first try on Android* and 2016 for i0S®). We believe that not only such softwares are
crucially needed, but they also have to catch up with state-of-the-art Mandarin IME. For
now, they are still behind in terms of functionalities, performance and convenience to be
adopted by a large number of users (who are typically bilingual with Mandarin). There is still

a long way to go.

Our objective is thus to design an IME for Taiwanese on mobile devices which would benefit
from modern NLP techniques. To do so, we need efficient Language Models (LM) to provide
smarter candidate ranking and prediction. LMs are the cornerstone of modern IMEs for such
features. However, unlike Mandarin, Taiwanese lacks of linguistically annotated resources
such as segmented corpora to train word-level models. This pushed us to look for
unsupervised solutions to be able to benefit from (raw) language corpora without the need for
costly and time consuming manual annotation. In this paper, we will present the core
architecture of our IME, with a special focus on how we address word segmentation to train

the LM needed for input prediction.

See http://taigi.thl.net/TaigilME/

See http://xiaoxue.iis.sinica.edu.tw/download/ WSL,_TPS IME.htm

See http://depart.moe.edu.tw/ED2400/cp.aspx?n=BB47AA61331DDACS
See https://play.google.com/store/apps/details?id=fr.magistry.taigime

See https://itunes.apple.com/tw/app/id1080190324

DNk W=
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In the next Section we will sum up the specificities of our task. We will then present the
resources we used to train our models and build the IME in Section 3. In Section 4 we
describe the whole architecture and our main design choices and in Section 5 we focus on the
word segmentation and the language modeling part. We finally conclude with a description of
some functionalities that are still to be implemented to provide a more appealing and efficient
IME.

2. Specific Constraints for a Taiwanese IME

In the introduction, we sketched the unique situation of written Taiwanese, these observations

lead us to define a number of constraints and goals we set for ourselves.

2.1 Taking into Account the Diversity of Scripts

As the users are likely to have different habits in the selection of the script, we have to allow
for a large spectrum of possibilities. It is important to stress that the same user may want to
use different scripts for different genres of documents. For example, one may be willing to

use han-j1 to write poetry but prefer POJ when chatting online.

A related issue is the choice of phonetic input given to the system. Romanization is a natural
candidate as it is both a transcription and an orthography, but many potential users are not
literate in POJ or TRS. On the other hand, everyone in Taiwan is used to the Zhuyin system to
transcribe the sounds of Mandarin. This transliteration system was first designed one hundred
years ago for Mandarin but was extended in the 1940s to cover other Sinitic languages such
as Taiwanese. It is now part of the norm ISO 15924 and included in the Unicode standard.
This fact is often ignored by users of Zhuyin, but only a subset of the symbols need to be
learned by native speakers to complete the set of symbols used for Mandarin and enable them
to write, almost as easily as they speak. However the Zhuyin is not directly used in formal
documents (it is more a transcription system than a script) where mixed script is essentially in
Han-j1 and Latin. As a result, we shall also provide both Han-j7 and Romanization output for

input in Zhuyin. We believe it may even be a way to help the users learn the Romanization.

To sum things up, input has to be allowed either in Zhuyin, POJ or TRS and conversion is

provided into Han-jT or Romanization.
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2.2 Privacy and Security

The Input Method is a very sensitive component in a computer system, as it sees and controls
everything the user is writing. It is a position of choice for spyware or other kind malware. To
prevent security risks and allow users to trust our software, we choose not to require Internet
access permission for the software. This is a special feature of Android that tells the

Operating System to forbid any attempt by the IME to communicate over the network.

This design choice has a heavy cost to compete with other systems as it prevents us to
crowdsource any data directly from all the user inputs and to provide an online language
model that may evolve as other users use the system. We will mention some possible
solutions we plan to experiment to get users actively involved in the evolution of the software

database and statistical models.

2.3 Taiwanese Han-ji (8:5&F)

Some of the Han-j1 used to write in Taiwanese are specific to this language and are not used
for Mandarin. Unfortunately, these are typically absent from OSes’s fonts, especially on
mobile devices. It is possible to include a font within the package to be installed along and to
be used by the UI of the IME. However we cannot enforce its use by other applications so we
cannot guarantee that all the characters will be correctly displayed after selection. There is no
obvious and user-friendly solution to this issue which is a limitation at the OS level. The only
workaround we can think of is to provide an online text editing platform as a website or
independent APP. Such software can specify the correct font to have a nice editing

environment but this won’t fix the OS and the display in other applications.

This issue would be better addressed by Google or by mobile phone constructors.®

3. Resources

As we mentioned in the Introduction, we do not have annotated training corpora at hand.
However, recent years have seen the development of many resources which are of great

importance for our work. Many of them are distributed as Open Data. Without this, our

6 And many constructors are indeed Taiwanese !
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contribution would simply be impossible. The resources we rely on can be divided into

lexicons and corpora.

3.1 Lexicons

In 2008, The Ministry of Education launched the online [ZZRFEIEE BAgFE ] [ 3]
Later, it was decided to release the data under a permissive license (Creative Common CC-
BY-ND). This alone was the starting point for my first Input Method on Android. This
dictionary contains more than 25,000 entries with pronunciation in TRS, definitions in

Mandarin, grammatical information, example sentences and regional variations.

Later, we were also provided with a reference word list of more than 8000 entries with
pronunciation in TRS and translation in Mandarin, aligned on the levels defined in the
Common European Framework of Reference for Languages (CEFR) [4]. This list was
compiled by the Center for Taiwanese Languages Testing (CTLT) at National Cheng Kung
University [5]. The valuable CEFR alignment is not used yet but will be important to address

the literacy issue more adequately.

We are also in the process of integrating data collected during the digitizing of the Mandarin-

Taiwanese dictionary Bl & ¥HR/EFEFEE [6] authored by Prof. Ngdo Sit-1¢ ((R5F18). As
the right holders decided to make it available online under a permissive license and seek the
help of the Wikimedia foundation and GOV-tw to face the technical issues. The main goal is
to make the dictionary available on Wikisource but once properly structured, the data can also

benefit to other projects, including ours.

Finally, the word list used in the FHL IME for desktop computers has also be made available

under Creative Commons license by Tan Pektiong (FRIHH) and M K (Lin Zhemin) [7]. It

is a very large word list with 160k entries with Han-j1 and pronunciation.

3.2 Reference Corpus

In order to estimate a language model for our candidates ranking and input prediction

features, we needed a large corpus written in Taiwanese. For this part we benefited from the
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results of a NSC project lead by Prof. # £ = (Iin Un-gian) [8] aiming at compiling a
reference corpus for modern written Taiwanese. This is a vital resource for us, but it comes as
a raw corpus in plain text without any annotation. It requires some pre-processing and word
segmentation to be useful for our goal. This corpus contains close to 9M syllables and is
divided into two parts, one is written in POJ and the other is in mixed Han-j1 and POJ. For the

moment, we only use the latter one in this work.

4. System Description

In this paper, we don' t address all the GUI and user interaction aspects of the project. Those
are less relevant for Computational Linguists and more specific to the Android SDK. For our
concerns, an input method is essentially a function that turns an input I and a context C into

an ordered list of transliteration candidates T.

IME: IxC— T

Where I and C are two Strings and T is a List of Strings with a score.
I can be any input as valid POJ, TRS or Zhuyin.

C is expected to be some Hanlo (mix of Hanji and one Romanization)
and strings in T are in Han-j1, TRS or POJ

The Input can be null, if it is so, depending on previous user actions the system will either try

to guess the next word or to suggest other alternatives for the previous word.

To deal with the various scripts used to transliterate the sounds of Taiwanese, we convert
them to an internal representation using the International Phonetic Alphabet (IPA) as a basis

for this step of normalization.

4.1 Language and licensing Choice

Until recently, only Android provided an API to create third-party IME. We thus naturally
started with Android. The fact that Android APPs all run into a JVM also allows us to write a
large part of our code in a cross-platform way, and to use it on a desktop for data pre-
processing or system evaluation. It will also enable us to easily provide a Web version of the

IME in the future. To speed up development and enable us to easily share code between
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Android, web server and web client (after compilation in JavaScript), we choose to write

everything in Scala.

To ensure the continued existence of the software, we release it under an open source license
(AGPL3). The Source code can be found by following this link: https:/github.com/a-
tsioh/TaigIME2

4.2 Architecture

As far as the LM and conversion function are concerned, the global architecture of our
software split into two different processing pipelines (which share a large amount of code).
The first one is the data preparation and the estimation of a LM described in Section 4.3 (to
be run on a desktop computer). The second one described in Section 4.4 is the use of the LM

and the database to make predictions (run on Android devices).

4.3 From Raw Corpus data to Language Model

The first stage of data processing aims at preparing the Language Model data, the whole

process is illustrated on Figure 1 and described in this Section.

After some preliminary experiments with syllable-based Language Models, we decided to
turn to word-based Language Model. Such LM is likely to give more relevant insights but

requires a step of Word Segmentation prior to language modeling.

Word Segmentation is a typical task for written Chinese processing. Just like Mandarin, when
using Han-j1 Taiwanese is written without word boundaries (except some punctuation marks).
However, it does mark word boundaries with spaces when romanized. Hence it marks some

but not all boundaries when written in mixed Han-10.

Closely related to the issue of Chinese Word Segmentation (CWS) is the issue of Multi-Word
Expressions (MWE). Although they seem to be addressed separately by two distinct
communities of researchers, we believe that these two NLP issues are two aspects of the same

linguistic question regarding the definition of the units of language analysis. In the specific
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applied case of designing an Input Method, we want to segment “words” but we are also
interested in predicting and suggesting larger MWE. Users are very likely to input and
expect such larger units from our predictions (untrained native speakers don’t perform very
well at the CWS task, the pervasiveness of MWE is one possible explanation to this

observation).

4.3.1 Tokenization

Our previous works in unsupervised CWS’ have shown us that the quality of the initial
tokenization may have an important impact on the quality of the segmentation. For Mandarin,
focus was made on distinguishing between various scripts (Latin, numbers, Chinese,
punctuation...) and on spotting some kind of regularly formed named entities (addresses,

dates...)

In the case of Taiwanese, we also have to deal specifically with the mixed scripts. When
encountering Latin characters, we must also decide whether it is POJ/TRS or a foreign word.
Then, we consider each romanized Taiwanese words as a single token. We use regular

expressions to do this. In ambiguous cases, we favor the Romanization hypothesis.
4.3.2 Segmentation

To segment the corpus into words prior to language model training, we use two different

strategies:

a) A classic Maximum Matching based on our aggregated word list. This is to ensure that
words from our lexicon have been seen by the model if present in the corpus.
b) An unsupervised Word Segmentation System which relies only on the raw data to

statistically segment the text into words. This allows us to catch words and frequent phrases

(MWESs) which are missing in the word list.

After the raw text has been turned into a sequence of tokens, we can start the unsupervised
segmentation. We use the system ELeVE presented in Magistry & Sagot [9] which is now

available off-the-shelf at https://github.com/kodexlab/eleve. For training and we propose a

modified version of the decoding algorithm implemented in Scala for our IME, which keeps

some ambiguity in the segmentation output.

7  Which was the topic of my Ph.D. dissertation [11]
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Figure 1: From Raw Text to Language Model

More details on this step are given in Section 5. We then add the lexicon-based segmentation
to the list of unsupervized segmentation solutions. We obtain a corpus with many segmented
sentences for each sentence of the initial raw corpus. We expect the Language Model to be

better at judging between all possibilities as it uses more contextual and global information.

4.3.3 Language Modeling

To estimate the probabilities of the Language Model, we rely on the Open Source tool
KenLM by Heafield et al. [10]. It computes a LM with modified Kneser-Ney smoothing and
interpolation and yield a standard ARPA file containing all the probabilities and backoff
values. This file can be loaded by our software and is easy to use on the android device

(ultimately stored as a SQLite database) to compute word sequence probabilities.
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4.4 Candidates Selection

At this stage, we have all the data we need to perform the actual IME job. Further
computation is done on the Android device. We first load all the required data into a SQLite

database:

1. word list with IPA and Han-j1 conversions
2. Autonomy scores
3. ngrams probabilities and backoff values

The process to build the candidates list is illustrated in Figure 2 and described below

- s

-&

Figure 2: Building candidates list

Whenever text is input on the device, we apply the same rule-based algorithm as in 4.3 to
attempt a conversion to [IPA. On success we retrieve the possible correspondences in the word

list.

We retrieve the left context in which the text is input from the OS API and perform the very

same processing chain as in Section 4.3: Tokenization, IPA normalization, and segmentation.
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Then we combine the candidates and the possible segmentations and rank the combinations
according to the LM, we use the probability of the word sequences (left context + suggested
conversion of user input) to define an order on the possible conversions to be provided to the
user. For each possible conversion we obtain multiple segmentations. We consider the most

probable segmentation for each candidate to build the ranking.

In the case where the input in empty, we rely on the context and the LM data to retrieve

possible next words on which we apply the same ordering method.

5. Unsupervised Segmentation with Ambiguous Output

We use ELeVE as the basis of our unsupervised segmentation prior to model estimation. it is
based on an “autonomy” measure computed from the normalized Variation of Branching
Entropy (nVBE). This measure is an estimate of the extent to which a form (ngram of tokens)
is syntactically autonomous. The details of the computation are given in [9]. The original
segmentation algorithm we proposed is simply to select the segmentation which would
maximize the average autonomy of the words in the segmented sentence. This is computed
using dynamic programming. We let the EleVE software provide us the list of autonomy
scores of the forms observed in the corpus and define a new segmentation algorithm to

maintain some ambiguity in the output.

We observed that due to the occurrences of autonomous and frequent forms inside larger
words, the maximization strategy tends to over segment the input. To compensate for this
tendency, we keep not only the best solution of the maximization but also the n-bests which
contain less boundaries than the first solution. To do this we first run the segmentation
algorithm with a beam-search strategy to memorize n-best candidates and then filter out the

solution that yield more cuts than the best one.

For a given input sequence of tokens, the n-best segmentations will share some common sub-
sequences of words, as we train the Language Model on all the different segmentations, the
common sub-sequences will be seen multiple times. We use this fact as a way to give more
weight to less ambiguous parts of the segmentation and less weight to the ambiguous parts.

This allows us to rely on the LM to disambiguate among different solutions.
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6. Evaluation®

Due to the applied nature of this work, we set our priority to have a first version of a “smart”
IME for Taiwanese and release it to provide it to users. For this reason we can only provide a
very preliminary evaluation of our output. We consider this first implementation a baseline

(which already useful to our users as is) on which improvement is to be made in the future.

To evaluate the relevance of our ranking and prediction, we use three texts that are aligned
with the Romanization. The Romanization is considered as the input that could be made by a
user and the Han characters sequence is our target. We compute the proportion of cases where
the next target was in the n-bests candidates ranked by our IME for n=1,3,5,10. We compare
the current state of our IME which uses both input and left context to our old system (which

does not use the left context). We provide such figures for two versions of the same text

(1227 words extracted from a HX{Fff}, an original and a “corrected” version) and 600 words

from the Chapter 2 of a Taiwanese translation of «Le Petit Prince.»

BIFH (original) 1-best 3-best 5-best 10-best
Old (no LM) 0.43 0.61 0.72 0.83
New (with LM)  0.62 0.78 0.83 0.85
7 z m 1-best 3-best 5-best 10-best
(corrected)

Old (no LM) 0.48 0.66 0.76 0.88
New (with LM)  0.67 0.83 0.87 0.90
Le Petit Prince  1-best 3-best 5-best 10-best
Old (no LM) 0.42 0.60 0.70 0.79
New (with LM) 0.61 0.72 0.76 0.80

8 This section was added to the camera-ready version of the paper following reviewers feedback and using
newly obtained data. A more comprehensive evaluation remains to be done but we wanted to deliver the
software to its users as early as possible.
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We see a significant contribution of the language model. we succeed in giving a better

ranking of the conversion candidates, this should greatly benefit to the user experience

7. Conclusion and future work

Much more should be said about the evaluation. Many parameters can now be tested and a
qualitative error analysis is very likely to provide a good overview of the diversity and
complexity of the actual usage of written Taiwanese. But due to time and space constraints,

we leave this discussion for a future work.

Another important challenge is also to face the issue of illiteracy. We need to find convenient
ways to help users write in Taiwanese, even if they never had the opportunity to learn it from
school. A fully featured input system could provide feedback to beginners. We could turn our
Input Method to some kind of writing/learning assistants and include features like spelling
correction or post-editing suggestions (for example, by detecting the use of “false friends”
from Mandarin in Taiwanese text). Convenient access to dictionary data and assessment
alignment on CEFR may also enable us to help users in learning new vocabulary, for example

if we can find collocations of higher levels of difficulty in CEFR in the corpus data.

Finally, we also need to find ways to involve users in the evolution of the database to include
new vocabulary. As we choose not to connect the IME to the Internet, we will need to design
a website or a separate application to let the user collaboratively enhance the database.

Games With a Purpose may also be an interesting and efficient option to have users involved.

Such efforts have already started with the iTaigi® platform. In the future we hope it can

provide us newly coined Taiwanese words to keep our lexicon up to date.

7. Acknowledgements

I am very grateful for all the openly available data mentioned in Section 3. Their authors
made this project possible.
This work was sponsored by the MOFA’s Taiwan Fellowship program which granted funding

for conducting my research on Taiwanese language.

9  http://itaigi.tw/

297


http://itaigi.tw/

BE 3K [References]

[1] KLOTER, Henning. Written Taiwanese. Otto Harrassowitz Verlag, 2005.

2] #%aE TamEXEREREE kah RIEERMZ] 2014 A EIFRERET
ISBN:9868541891

3] PERE HAEDF [ZEMEEEAAEH] 2011 http:/twblg.dict.edu.tw/
[4] ALDERSON et al., The development of specifications for item development and

classification within The Common European Framework of Reference for Languages:

Learning, Teaching, Assessment: Reading and Listening. (2004) Final report of The Dutch
CEF Construct Project.

[5] BiZRIhA2EEECAERL [(EREEREDADREH] Al EE
#1 2011. ISBN : 9789868541832

[6] =5riE [BEISHIRIEAFE] ISBN [ 9573240882

[7]1 B ~ MB R EE2E 5585 KlE https:/bitbucket.org/pcchen/nan

[8] Ian Un-gian et al. Tdi-gu-biin Gu-liau-ko So-chip kap Gu-liau-kho i Pin

Tai-gu Su-bin-gu Im-chiat Su-pin Thong-ke (8@ XEHERERELEATSES

HEE S ENzA5E4551). Héng-chéng-inn Kok-ka Kho-hak Ui-oan-hde Pou-chou Choan-tde

Gian-kin Ke-0e Séng-ké Po-ko (TTEFR BRI 2 E 8 GBI B S EMR K
) 2005, NSC 93-2213-E-122-001-

[9] MAGISTRY, Pierre et SAGOT, Benoit. Unsupervized word segmentation: the case for
mandarin Chinese. In: Proceedings of the 50th Annual Meeting of the Association for
Computational Linguistics: Short Papers-Volume 2. Association for Computational
Linguistics, 2012. p. 383-387.

[10] HEAFIELD, Kenneth, POUZYREVSKY, Ivan, CLARK, Jonathan H., ef al. Scalable
Modified Kneser-Ney Language Model Estimation. In: ACL (2). 2013. p. 690-696.

[11] MAGISTRY, Pierre Unsupervised word segmentation and wordhood assessment: the

case for mandarin Chinese (Doctoral dissertation, Paris 7 Diderot, Labex EFL).

298


https://bitbucket.org/pcchen/nan
http://twblg.dict.edu.tw/

The 2016 Conference on Computational Linguistics and Speech Processing
ROCLING 2016, pp. 299-310
© The Association for Computational Linguistics and Chinese Language Processing

Sarcasm Detection in Chinese Using a Crowdsourced Corpus

FE44l Shih-Kai Lin
ERVE DN Tl S
Graduate Institute of Linguistics
National Taiwan University
serenity9078@gmail.com

#EFEl Shu-Kai Hsieh
ERVE PNt S
Graduate Institute of Linguistics
National Taiwan University
shukai@gmail.com

Abstract

Based on the assumption that comment with positive sentimental polarity to a negative issue
has high probability to be a sarcasm, we propose a simple yet efficient method to collect
sarcastic textual data by crowdsourcing with social media and merging game with a purpose
approach. Taking advantage of Facebook's reaction button, posts triggering strong negative
emotion are collected. Next, by using PTT's search engine, we successfully connect PTT's
comments to the collected posts in Facebook and build the sarcasm corpus. Based on the
corpus data, the performance comparison of sarcasm detection between SVM with nawve
features and Convolutional Neural Network models is conducted. An impressive accuracy
rate and great potentials of the corpus are demonstrated.

Keywords: sarcasm, PTT, convolutional neural network, support vector machine,

crowdsourcing.

1. Introduction

Sentiment analysis is important in automatic interpreting large number of feedbacks from the
internet society. However, the usage of sarcasm which typically conveys a negative opinion
using positive words could flip the polarity of a message thus interfere the accuracy of the
sentiment analysis (Maynard et al. 2014). Therefore, to improve the performance of

sentiment analysis model, detection of sarcasm is definitely necessary (Bo et al. 2008).
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Linguistically, sarcasm has been regarded as a complicated speech act which utters the
opposite of what it literally means, and it distinguishes itself with irony in its intention of
making the target the butt of derisive contempt (Ling et al. 2016). Sarcasm can be
grammaticalized and lexicalized in various patterns, and often requires context-dependent
readings with human involvement. Therefore, the construction of sarcasm corpus providing
wider windows as well as training data for predictive model has long been considered as an

uneasy task.

However, with the rapid growth of social media platform like Twitter and Facebook, a new
solution is provided via crowdsourcing. For instance, a popular method in previous studies,
some groups use Twitter’s hashtag service to collect tweets with #sarcastic tag and build

sarcasm corpus (Gonzalez-Ibanez et al. 2011, Reyes et al. 2012, Liebrecht et al. 2013).

Based on the assumption that comment with positive polarity to a negative issue has high
probability to be sarcasm, we propose an automatic method to collect sarcastic text data by a
two-step algorithm which first takes advantage of Facebook’s reaction button then connects

to the comments in Gossiping forum of PTT.

Due to the recent progress in machine learning and deep-learning technique, these two
method could both handle sarcasm detection as a binary (sarcastic and non-sarcastic utterance)
classification problem. However, a performance comparison of sarcasm detection between
these two methods has not been conducted before. In this paper, we choose machine learning
support vector machine (SVM) and deep-learning convolutional neural network (CNN) to
test the difference. Both of them are widely adopted in natural language processing problems
(Joachims et al. 1998, Collobert et al. 2008, Kim et al. 2014).

The rest of the paper is structured as follows. Section 2 describes related works on the
construction of sarcasm and irony corpus, in Section 3, we describe the procedure of building
sarcasm corpus and experimental settings. Results and limitations are discussed in Section 4,

and finally, Section 5 draws the conclusion.

2. Related Work

Recently, there have been a great amount of studies in the field of NLP focusing on

non-literal semantics such as sarcasm/irony detection. Most of the works exploited various
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linguistic features and assembled different (semi-) supervised machine learning models in the
task. In the view of language resources for sarcastic expressions, (Filatova et al. 2014)
proposes a method in generating a corpus with sarcastic text utterances from Amazon product
reviews using MTurkers; (Tang and Chen, 2014) adopt a more rhetoric-linguistic approach in
mining ironic patterns and bootstrapping an open irony annotated corpus from microblog in
Chinese. (Oraby et al. 2016) use lexico-syntactic cues with crowdsourced annotation to

reliably retrieve sarcastic utterances in Dialogue.

Considering the importance of sustainability and reproductivity of research, in this paper, we
aim to propose a non-paid social crowdsourced and naturalistic method for acquiring corpus
data with event and affect annotations.

3. Experiment Setup

3.1 Corpus Data

According to the previous research, the miscellaneous pattern of sarcasm makes it’s hard to
write down the operational definition, and causes the difficulty in automatic collection from
large text data. Therefore, instead of analyzing the lexical structure, we detect sarcastic text
with the assumption that positive comment to negative issue has large possibility to be
sarcasm (Riloff et al. 2013).

To find content that strongly triggers people’s negative emotion, we take advantage of
Facebook reaction button. Released on 2016/02/26 in Taiwan, users on Facebook could press
five kinds of emotion button including ANGRY, SAD, WOW, HAHA, and LOVE to express
their attitude toward a post in addition to the original LIKE button. We crawl the reaction
data of Apple Daily’s Facebook fan page from March to July, and pick out posts that
ANGRY has the highest accumulation among every emotion and value larger than 1,000 in

each month as the negative content.

In order to gain more naturalistic sarcasm data, we develop an online game called “F&fEf5
(suan ning méng)”. Using negative posts from Apple Daily's Facebook's fan page as topic,
players are told to type sentence that they think has the lowest pH value. The higher sarcastic
level, the lower pH value, and it will accumulate after each round. Once the accumulation

exceeds 15, the game is over. Such rule could encourage players to contribute sentence with
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high sarcastic level for longer survival.
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Game Over

715

R pH{E: 6 44k

Figure 1. The real game scene of "figf&=f5 (suan ning méng)". Players are told to type

sarcastic comment to the content above. The pH of each comment will be calculated

according to the sentimental polarity analysis.

There are about 400 participants joining the game. According to the design of this game, at
least 2~3 sentences should be collected from a single player. However, there's only 300 text
data which is much less than expectation and inadequate for machine training. By
interviewing with some players, we find that many people decide to close the game after
logging because they feel too much effort is needed to come up with a sarcastic sentence.

Owing to the inefficiency of the current game framework, we then alternatively turn to the
combination of crowdsourcing approach and social mining. Based on the famous culture of
frequent usage of sarcasm and highly active discussion about current event (%= &%, 2014),
Gossiping forum of PTT should be the place second to none for building sarcasm corpus. The
official released search engine of PTT is used to check whether the negative post from Apple
Daily’s Facebook fan page is shared in the Gossiping forum or not. If yes, all the comments
will be collected and labeled sarcastic or non-sarcastic according to the polarity analysis. The

whole procedure is shown in Figure 2.
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Figure 2. lllustration of the procedure of building a sarcasm corpus.
Lexicon-based approach is adopted for the polarity analysis, which depends on sentimental
words appearing in a sentence to determine the polarity. The sentimental word list is built
based on the TC-LIWC (&=4:F et al. 2012, #¥%75 et al. 2014) dictionary file, and two
groups are included in the list, positive and negative. Words with posemo/negemo label are
categorized into the positive/negative group. In addition, according our observation on PTT's
comment, generally used curse words are also included in the negative group.

Simple sum up algorithm then be adopted to examine the polarity of each comment. The
polarity score of a comment will add 1 once a word belonging to positive group appears in
the sentence, and vice versa. Note that negation and degree terms are also considered for the
polarity flipping and strengthening. Comments with polarity >= 0 are labeled as sarcastic,

while polarity < 0 are labeled as non-sarcastic.

We observe that comments with negative polarity are mainly composed of curse words
because the posts are all related to the extremely ANGRY issues. On the other hand,
comments with polarity >= 0 indeed detect lots of sarcasm. However, in addition to the
sarcastic comments, some non-sarcastic comments are also included in this category which
generally focus on expressing opinion toward the issue rather than be sarcastic or irony to it.
According to our observation, it’s often to see keywords of the posts be mentioned in such

type of comment.

To eliminate these biases, we calculate the term frequency—inverse document frequency
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(TF-IDF) of each post, word with value larger than 0.1 as the keyword. If a comment
contains any of the keywords, it will be filtered out. There are total 9,373 non-sarcastic and

17,256 sarcastic comments are collected.

3.2 Model Selection

3.2.1 Supporting Vector Machine

For SVM, determination of features mainly depends on human’s observation, which is a
highly empirical experience (Taira et al. 1999). However, the advantage is that features
included in the model training could clearly attribute the importance to the classification

result.

The conduction of SVM calculation is based on Python library scikit-learn (Pedregosa et al.
2011). According to the previous study (Mathieu, 2014), n-gram is a very effective feature for
sarcasm detection, thus we choose to use bigram, trigram and tetragram of sarcastic
comments as the feature for SVM model training. We only keep n-gram whose term
frequency is higher than 3, and the total number of feature is 26,751. All the comments are
encoded into a binary sparse matrix. An element of the matrix will be assign as 1 when the
corresponding feature is included, and O vice versa. Linear kernel is used. The parameter C

and gamma are both set to the default value.

3.2.2 Convolutional Neural Network

Due to the achievement of good text classification performance and the similarity of using
short sentence data (Kim et al. 2014), CNN is selected as the representation of deep learning
model for the sarcasm detection task. Figure 3 shows the structure of CNN used in our

experiment.

For CNN, features are automatically extracted from the corpus through the filter, pooling
algorithm and the complex neural network structure. Although deep-learning model could
include features more thoroughly, one could not trace back the actual contribution from each

feature.
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Figure 3. lllustration of the CNN structure. Input data will project into virtual space via
word2vec in embedding layer. Three convolution layers with filter window size 2, 5, and 10

are used to extract features from the data.

Because the comments are collected from the Gossiping forum of PTT, we use Python
Chinese Word Segmentation library JSEG developed by our lab which include PTT corpus to
tokenize our data. Only top 20,000 frequently used tokens are remained as our input. The
max length of a comment is defines as 20 words. If the length of a comment is less than 20,
zero padding is adopted.

Python library Keras is used to do the CNN calculation (P.W.D. Charles et al. 2013). The
embedding layer will conduct word2vec transformation projecting the input into a virtual
space with 100 dimensions, and the basis of this virtual space is uninterpretable. Three
different filters are used and all with number 200. These filters will slide through the virtual
space created by embedding layer with stride size of 1 and extract fragments of the matrix.
Rectified linear unit (ReLU) is employed as the activation function. All these fragments will

go through a successive max pooling algorithm to generate lots of features.

From Figure 3, we can see that features from the three different CNN layer will concatenate
together and feed into hidden layer with 50 neurons. Dropout rate 0.5 is used. Softmax, cross
entropy and Adam are used as the activation function, loss function and optimization

algorithm of the output layer.
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4. Discussion

Both of the models are trained with a balanced data set, composing 9,373 non-sarcastic and
9,373 sarcastic data randomly sampled from the 17,256 data. Here we use Gaussian Natve
Bayes model as the baseline result to compare with. The same n-gram feature for SVM and
default parameter setting are adopted. Although the n-gram has included as features for both
Naive Bayes and SVM, the average accuracy of 5-fold cross validation only reaches 57.9%

and 55.4% respectively, which is just slightly higher than a random guess.

From the bigram, trigram and tetragram of the comments with polarity >= 0, we observe
some specially used word appearing with high frequency. Some of them are topic-oriented,

like “=%§ (san bdo)” usually relates to car accident. The others are globally showed under
different topic, like ““~Z4p (bl yiwai)”. Users on PTT are used to using words like these to
make comment sarcastic.

Table 1. Average accuracy of 5-fold cross validation

model average accuracy
Nave Bayes 57.9%

SVM 55.4%

CNN 87.1%

In contrast, CNN gets impressive 87.1% accuracy of 5-fold cross validation without human
involvement in the feature engineering. The 1-D convolution layer collects features by filters
with different size sliding through the semantic space, and the successive max pooling
algorithm. It’s unable to clearly interpret the meaning of the feature get from neural network,
however, the result shows that such algorithm seems to include the sarcastic pattern more

precisely than the n-gram feature in this pilot study.

However, it is noted that in the current study, it is not our intention to
employ/discover/evaluate the most reliable linguistic features that signal the presence of
sarcastic utterance in Chinese, such as those identified in English and other languages:
emoticons and onomatopoeic expressions for laughter; heavy punctuation marks; quotation

marks; positive interjections, or pragmatic features like smiley and frown that have been used
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as discriminating features in the classification tasks. Gaining insights from linguistics,
psychology and cognitive science, we argue that since there is no common agreement on the
operational definition of sarcasm and related linguistic phenomena, any one-size-fits-all
methodological attempt will run the risk of overfitting and over-generation.

The real challenges of sarcasm detection in texts involves not only linguistic knowledge
represented in lexical, semantic-pragmatic, discourse levels, but also common-sense
knowledge which is contextualized, situation-anchored and highly individuated. That is, most
cases of sarcastic text utterances can only be understood when an individual/a social group
placed within a broader context in responding to a certain situation. It is thus more urgent at
this stage to build language resources for the exploration of influential factors and social

ontologies for situated machine learning models on this task.

5. Conclusion

In this paper, based on the assumption that comment with positive polarity to a negative issue
has high probability to be sarcastic, we propose an automatic method to build a sarcasm
corpus that is advantageous of its situation-driven architecture and potentials for real-time
processing. Start from the concept of crowdsourcing, we first make use of Facebook’s
reaction button to collect posts related to negative issue, finding comments to these posts
from PTT, and finally label these comments sarcastic or not based on the sentimental polarity

analysis.

Using the comments as training data, we compare the sarcasm detection performance of
machine learning SVM and deep-learning CNN. The result shows that the difference in the
feature engineering has great impact on the classification accuracy. Both trained by balanced
model, CNN model could reach about 87% accuracy, which is far better than the 55%
accuracy got from SVM. Although previous studies show that n-gram features have great
importance in sarcasm detection, the automatic feature extraction from neural network seems

to have more information in distinguishing a comment is sarcastic or not.

In summary, we propose a social crowdsourcing-based sarcasm corpus generation procedure
which could efficiently collect sarcastic comments from PTT together with their original
situations, which can be used for a closer look at the nature of sarcastic expressions, and the

training data for different machine learning models as well. A preliminary experimental result
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shows that deep-learning CNN has much stronger ability in detecting sarcasm than SVM.

We are planning to improve our online game "fi£f&#5 (suan ning méng)" from tedious typing
to providing dropping menu for selecting the most sarcastic comment collected from PTT.
The complete pipeline from Facebook fan page negative posts identification to PTT
comments collection and polarity analysis is ongoing. Players no longer need to figure out
sarcastic comments by themselves, rather they just need to select out the most sarcastic PTT
comments toward to a specific issue. We believe such improvement could largely decrease
the effort to play the game, and could enhance the intention to contribute annotation data.

By making use of such data, we could further filter out the biases in the sarcastic corpus, and
develop the original sarcasm classification into sarcastic level regression problems which will

facilitate and shed new light on a more realistic and individuated sarcastic computing.
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FRT— &g g AL FR AR A R AE R B (B R AR = T I R DA By 5 U AR 22
HAFAT) > Hrp W REaEREE - X Rl AZE > b Rz ThIRiEE - €M
BEAFUERR - Him D B(EER - AIARMEEETHORES © Wt BE ) Al Z - &%
AR {E R (Activation Function) B 5L » BURy T — @ HH4E T AME -

f(x) = [ [Z, WX, + b (1)
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\wl]

x| f Y1
2

w3

]

X3 LA
&7~ TR P UR R E]
(—) DNN 5l

FHIATE e A A S T > BT s M i 28K 2% > IRl DNN 5l[&2E & {5 F Gradient
Descent > Gradient Descent FY/AA(Q2)FEs ©
Xe = X — NG
2
Horfoe, BB CRF E RN 2B n B REE R g, BEFINESE  IEYME[ A Gradient
Descent JEEVART » HAFTEEEFE—E Cost Function A BEFTEMEE » &% Y Cost
Function £y cross entropy » H/ANTAIAHG)FE R ¢

C= - izx[yina + (1 —-y)In(1 — a)] 3)
Hrh > a f5 DNN $a RG> y HIEMEERITEEE R

(=) DNN ffE(E

BEAN Ry TL H R R DNN AL - 541 H Dropout JEEJZ - Dropout £ THY - TRkt
P R S R el f A U H SR R (> D7 AT ()P > BREREZEY DNN ARG
SRS N AR ERS AR ERE R A — 1% > BT PAE RS g/l Ry
SRS AR A FIRVEE - BTG SRE AN R (582 R B FHAL S BRI 24P -
Pl B R B S LA — R BE A PR - NI RE OReS R (e e B R R (8 D
[EJF LB > AE AR B B B A PR T A [ E R A e st R B S E R A A
IR AR S AR H MR N A A RCRIVIFIL (BN EE R AR > B R B0k
A FEE PSR R T2 = B AT A i L PR (A (b) Ao - Q0L AT DLEE R AT ik
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A PUREEREETIO] °

Dropout Training Dropout Testing

(a) (b)

&l ~ DNN #5244 Dropout 3l[4f 7R E]

VU~ GBS B EN E SR

E R DCASE2016 LEFEFE(EHY TUT BRI » AEUAE4E THY GMM baseline B
Y DNN J57% > DCASE2016 ELESHRYST fy 4 T > FefMTBE R Y55 = {lE{E75 > Sound
event detection in real life audio(Task3) o Task3 {Fi & FHEFATH & A Eh VSl s
- HheRE S AR AT R TEEY TS EEN: - EBEXEESHRL
I ZSRE S IEMEEHI R B4 BHEE S B IFREGEAR » 280 R
BTt 2 (E R (81[10] -

(—) > HEERE

DCASE2016 H-EEF (LR TUT BRIt 4 B2 5 BLE A 2 (RN (R A &
FEMTER TR » B S AR RO E - e R ENEE - RENRE - &
RS 3~5 SR - 44.1 Kz USRS 1S - S BT R » S8
SR —HE » AN TR SRR 4 TR - SFEEE - BRI AL
G IR TR -
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Z%— ~ DCASE2016 > Task3 3|4 kHE

st EEEM =hE | EESEMA | 5E | 5R BT A
(object) Rustling 41 Drawer 23 (object) Banging 15
(object) Snapping | 42 Glass jingling 26 Bird singing 162

Cupboard 27 Object impact | 155 Car passing by 74

JEF Cutlery 56 | People walking | 24 | F#4) | Children shouting | 23

Dishes 94 | Washing dishes | 60 People speaking 41
Water tap running | 37 People walking 32
Wind blowing 22

%~ DCASE2016 > Task3 JHIStERIE

IR | BREMER | FEAE
B 10 36min16s
FAR 12 42min

[EAh TUT &R E R EC 8t 5 s\ 2 5% f#i /& binaural sound engineer OKM II Kelaxike/studio
A3 electret microphone Ear > i (i [ 44.1 kHz $EE2RH0 24 (i1 53 WL A Roland Edirol R-09

waveform recorder 3% o

(D ERSE

BAPI et AT 3R Bt e - 5 SRR ZE B B EHE L 2 (M CCs) - IR BB R Z 1% -
BB EELESITRESHEIEIR o & 8 HEUERHE TS e 2 1T
> St RV EE S HER 28 FEOBEER E L HET > A BEEE » FE R
LA > RS CRBIEMEE ZAH G IR - (SR8 EL F1 38 - DU EH4HER
HAH0 S e Al

® jipn

SKEUHE R L 28y > HA g ss8iE Ry 40 - e EIPHRE S8R 20 4 - SRREEIHL
0 Hz ~22050 Hz ~ {(HI73EEA R 2048 - HAEERAVFIEA NG 40ms - [N TR
FERAAYEALABIZY - FA TR W 2 HE =~ R HL 20ms EiAR o 7R BB E R ERF MFCCs
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S 0 4 > ATPA3E 19 4k MFCCs > FE I E—FEEL —fEEEEHR I, 59 4R RE - K
Ny — PR L P RS AT R S VU E AR -

® GMM ZEELE
{5 LB AL 45 THY GMM baseline s EfrAE » FEEERE T - WITRE—ESEHH160R

REIOR > 53 RS S - JE AR - 4 MM BUE AR AR 8 »
DA—{EE ) GMM BRISGR SRy 16(R ARG IRE A S) -

© DNNZ#E :

B —pIEERT > WM A S EBE RO THE - SEEEEECE R 1
S o0 OIS - SSEAETER | I » MPEEEASE - PRERE AR 32 - 64
128 - SRS 64 - Dropout BLi 09 - 0.7 + 0.5 » £55 0.7 ESECREL - L -
TELU TN E 5 B bR Al A S AERRy 1> 1t TTHY 64 B Dropout £ 0.7 HYREIE » il 2
S5t DNN (/8 -

(S)aHET =
FHIRE AR R — T2 B3R (error rate) » S5 —(ERIE F1 778 - $E3RRNET R

_ Yy S(R) + 3y D(k) + 3T, 1(K)

ER
S N(k)

4)
Hpiy N RIS ENSE 48 - Z4A8IB 77 R © 16 A% (Insertion,I) ~ HUEE
2% (Substitution,S) & M55 2% (Deletion,D) » F1 438y AA=C40F -

_2(Precision - Recall)

F1 (%)

Precision+Recall

H 11y precision f{l recall £

» Recall = —= 6)
tp+fp tp+fn

BEATEVRFSRERR AT © tp: IEFEHIE Ry IERE ; fp: IEFEHIE Rflan © n:EaRHIE Ky IEHE

Precision =
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fi: ST B8, -

(M) E Bt R

B E AR R E o BLE S > Feff57 5 DCASE2016 K& 4aHT GMM FIEM
iy DNN HERIEOHIE > ££ DNN Z &R EFTRE T 6 — i g i ig ol - &3
SN R R E b - 383 (B &l > mMOAHER(DSREINQ)EZRE SN
MR - HohrEh— A5 REH HIV2EE S REFERNTINESE - T8
b RoJE R NS AN > BRAEESERE T RN 11 EEEfEt - TER=AR
FANE B - S 7 A [ERY RS

BHAETEBR SR ER T - R=AVEREFIKE - DNN Z40HY 4855
#20.86 > [Hap A GMM HI[ K5 0.91 > DNN Y F1 55 26.80% » GMM HY F1 AI[ 5 23.40% >
It - DAEERESIRACE > DNN AYSERREL F1 #E i » (2 LIERFACE > DNN %
SEAEPHIZEM - SRS RER =R

Z< = ~ Performance of Scene Recognition
GMM DNN
#. of layers 1 2
Scene ER F1 ER F1 |ER| Fl1
home | 0.97 |15.40%)| 0.93 [13.20%|0.82|31.90%
residential | 0.86 |31.50%] 0.95 [11.50%|0.90|21.70%
Average | 0.91 [23.40%| 0.94 {12.30%]0.86(26.80%

RS T HE _ER T NS ENAVERRGS R - fEFHReRAcE - GMM Ry 1.06 - {f]
DNN HIl % 0.86 > LLF1 5382 - GMM £ 8.90% - fif DNN HIl &y 27.70% > 4EH&TT = 1E
= NERBE(E A DNN ST St bty -
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=0~ FEERE RN RIS R EL F1 38
GMM DNN
#. of layers 1 2

Event ER| F1 |ER| F1 |ER| Fl
cupboard 1.00| 0.00%|0.94| 15.6%|0.93]22.00%
cutlery 1.02| 0.00%|1.00| 0.00%|0.56(62.80%
dishes 1.16| 2.50%|0.98| 3.70%|0.8741.90%
drawer 1.19| 0.00%|1.00| 8.80%|0.92|26.00%
glass_jingling |1.10[ 0.00%]0.95| 8.70%]0.70|54.00%
object_impact |1.06{19.30%]|1.00| 0.00%0.99| 1.50%
object rustling [1.09] 7.00%]1.00{ 0.00%]1.00| 0.00%
object_snapping |1.00| 0.00%]|1.00{ 0.00%]1.00 0.00%
people walking |1.10{14.80%]|1.00, 0.00%]1.00| 0.00%
washing_dishes |1.08]20.30%]0.96(25.90%0.92(29.70%
water _tap running|0.83|34.10%|0.79|39.60%)|0.54|66.70%
Average 1.06| 8.90%|0.97| 9.30%0.86(27.70%

HERT A TER=FINERENE RSB ERER - IR ERE - GMM f
1.03 > [fif DNN HI & 0.96 » DL F1 53856E » GMM & 17.60% - i DNN Hi 5 12.80% - it
#X DNN #Y F1 778tt GMM 7% - (HZ2RERLE FEEthsiing - Al RE -
DNN #2/2EE GMM #f -

K1~ PN E NS AR F1 38y
GMM DNN
#. of layers 1 2
Event ER| F1 |ER| F1 |ER| Fl
bird singing |0.87|30.10%|1.04| 3.60%|0.97|31.60%
car_passing by |0.71|54.50%|0.77|37.70%|0.95/24.20%
children_shouting|1.07| 0.00%1.00| 0.00%|1.00| 0.00%
object banging [1.00| 0.00%]1.00{ 0.00%|0.82|34.00%
people_speaking [0.89(25.00%]1.00{ 0.00%]1.00| 0.00%
people walking [1.15| 1.70%|1.00| 0.00%|1.00| 0.00%
wind blowing [1.53|11.80%]1.01| 2.20%]1.00| 0.00%
Average 1.03{17.60%|0.97| 6.20%|0.96(12.80%
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T~ &S

AHFE(E A DNN » BT B 2 U 547 - W6FIA Dropout ZF £k DNN ZH{:
AL o [ RN BB SRR - Bha4E R4~ DNN (EH —fgbsiE)g - 1
LETTH Ry 64 BF » FI{E DCASE2016 LB MEAE K P E 2R AR - HEHELE GMM Lh
i o EHEEHISE AR AL 0.91 [EE 0.86 ~ F1 SYEUNG1E 23.4%H2F15] 26.8% » HLokt
B NI SRR E S ERREE T 1.06 [£ % 0.86 0 F1 53 8IG1E 8.9%E7 5]
27.7% > T FIMNREERT S B E S SERRR T 1.03 [EE 0.96 > F1 5380I61¢E
17.6%%1 12.8% » [N HLEE L EEEIRTAR - FrLI{eddsi A% - DNN J5AEE GMM J
JEZF o FTRAFAMERHIAY DNN ZUSHEE 2 A %A1 THY -

81

AUTFERGEHEEE TRE LI B R At B A G TR 5 (A36 5F) BIREGHE
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RS
AL HRE AT — (AR R SRS 2 sE S Wl 44 > 1281 NIST LRE2015 5
LE - RE S HTE Z B EAAR IATRE Z2(out of set, OOS)EANAE Nk - &y T REMEA HIRAA =
2 OOS i oy M (DB F Al B HI L B PR e I IR B (B 15000 - IRIE AR SR Y
58 OOS 1] DNN ZEA#fi{# A reinforcement learning (RL) ZMEGFISK > F&urFOERIE
it OOS {7y » EFEEEL— (i ] [FEIRF Y H EsE = BLATA OOS HY DNN 4% LU R
R oy A R (e LHAH 5y DNNs » —H & HiE 5 08 > — (AR E &Ry HIEEEIEH
fHEEE - AHRLHY AR ELL LRE2015 BUERYAE BB 1T B BatbEr - MR8
LRE2015 5¥74558 > ‘B 4G EHT LDA sE S W AT » Hor ks 39.033 - (s {#45¢ DNN

HAT 80y 30.136 » 1 AR Em ST R fEHT DNN+reinforcement 575553 71 £y 20.899
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SrER 19.384 51 > 4ER A LIS R FIAGR ST FE Y DNN+reinforcement B B (AT

B ©

BrsEE A - RS AR MEEEEE - Q-learning ~ HRASERIESE I HT ~ The 2015 Language

Recognition i-Vector Machine Learning Challenge

—~  fiis

= [ [ 5 R E R iR 42 i (National Institute of Standards and Technology, NIST)LA{E
BEW A G RS = PP (f (Language Recognition Evaluation, LRE)#EF(1] > £EVH
YRR RS E T S E R R B B R B s E S P il g eI At S el S
WrETEE A (H A S E R SE E I 1 R B R IR S B [FIIF e RSP EE 2 1R IR R Y
(BRBEDAE R R B AT B SE T3 1)

{HLRE2015FR > FELEEAHERIE - TEE » 2015EEFE 4G T B AU MR #i- Vector
ety BB S HEE > T HLMELRESS H SR PHRAT2086 HAEEE S » (H{ELRE201575 9%
SRIVRE STEEAN S 0ME Y % > LY NEBRHEE A FF HIEEE = (out of set, 00S) » HIEH
RS P H RS W E B R T HAT0 » SEMEREATE LRE201 SHYRF ST E HOOSHHFE

SRR (false alarm)45 T HHE RHVER ST RIEAEBRERLRE201 SeEf} b eI & i i = KR

® FRIINRHE ZEERIE -
® HiFESBOOSH SAHI - A G iR ) -
® [HUFHYRE S AV IISRAER] G5 3 R4S R AT AR BB R E ] BB a E o e (R Y
B -
HE W E = W% & 4 @ % {# A LDA(Linear Discriminant Analysis)[2] -
PLDA(Probabilistic Linear Discriminant Analysis)[4] 5k 2 /%5 5 45 (H 2L 44 % (Deep Neural

Network, DNN) » B E#E S 288 R BRI HH > B B o CEEH ey H ARsE
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=g ] DUZF—ERY /KR » A i ke 2 B MR e EEAYOO0S B H A = MHAT YRR -
BB FH AR o AR R B A S0HY » P2 R fR I (E TR A 4 (Deep Neural
Network, DNN)AEHYIEGR I o SV RF A LA OO SEERIHYIE L - &8 EDNNZHIAZ
N fif£ (cross-entropy )[S] » AR AEAE (i FI S S AT ISR I AL B I B P FRBOR A A% B
EA—E > N REEFERE K false alarmAf{Tmissing R S —74¢ > {Hcross-entropy ¥ IFE
TESERRAE —1RIE{ - BRI {E F cross-entropy R BE & A (R THIA B » &Rkt an s
B -

HIHS H B S BLOOSFE ZH E FAT » AEm SCHEH 17 WA {58 HYDNNZE RS Y H I B4R
MRV AR R B B EE AV IE 0 M EE BRI H AR = B OOS R4 7y iR B | »
DAL R T R HUDNN AR AR G S © — Jy il B e I AREEE = BLFTH OOSHYDNNZR A
LR — Ry ml e B {18 (765 5 A ol A {1l LEAH e HUDNNs > — [ & HeE 5 08t - — (AR EE
oy BB E R -

BEAN R 1 f o 51| R &5 2R B TR H A (B AY 2R 22 > G ST (6 H 0 5 2UAN 4R A 5t

(Reinforcement Learning ,RL ) [6]A<fEZF[%K - FHRRLIE E IR EEE AR 4% HEEACH B &

et SEAAVFISRT R > IR H EREEHIRCR - NIELAESIE# R Cross-Entropy ¥fmissing
Eilfalse alarm—17[FE{ZAYRTRE - (5 HFIGREERAGHITLRE 201 SEORAVFFE T2 -
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-~ HEAIWTTE
TR EINFES WG (/] LDA B¢ PLDA » 37 2642 HIl % {51 A DNN > {7 LR 2%
AR AEREHE LRE2015 AERET LU =R A -

(—) LDA 8 PLDA GBS ¥ H2]
LDA / PLDA s5 5 Wl 28R AIE — P

i — Vector
eigen-vectors
<

y Calculate 1-Vectors
HH—- Front End [  i-Vectors * RAEMRIL +» LDA+WCCN /PLDA
w(s) w'(s)

Test data

AR EEE: %)

L Wit A
Cosine distance |, ZT-norm Decision —*Result

scoring

— — Threshold 8
Language; uwo
model Z—norm

[B— - LDA/PLDA :E= N 240 20k

LDA B PLDA %4 —Badadl & kA iUsE R e 4 B pi R B A AR SR (A R 2 8
IR (0 R A SR BB RHE RS L i-Vector HYZERTALIET o Z 12 {0 A 4R 1458 51 73 17 (Linear
Discriminant Analysis; LDA)K gz i-Vector HF5528 w(s) * LDA BERFE R HH S 4EEHY
ZEf] PP s FIEAE A 22 [ » TRl St — 4H SR ) B A T 4 M R - %
AN ERHE (5 FH R A A i JE PR (within-class scatter matrix, WCCN)JILAREHE - (H5(E—45
BRI RS o1& ] DU Ay - R [F— B B R RS e & v LU oy B At
¥ LDA » PLDA RIS WCONN » {H{RE 0] LUERGEFREE S0V R S8/ -
FFEEESHAVEREEX - BB HATE Sy - LDA Bl PLDA & HIEEES AU

SReE = #E{T Cosine Distance Scoring ZREFEZAZE » DISER A AVEN SR EL 3 4E
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8 LDA B PLDA 2385502 65 Fi G o A st » S0 PR S e 3
S ELAEA RSB - (TS LRE201S 45— F A= BUENTAY 008 34
R PR 4545781 B8 O0S 35 % » WIS BTG TR £ -

(=)  {#%t DNN 3= PRSRAUE St Cross-Entropy

AR S (Deep Neural Network, DNN)&—f8LE i /0 — (B el 1S
AR > INIEEHEE 2 iR K 2 RIS IR M - BRI R i B R B E A RS 21
Jz © DNN A[E[jY LDA BiE PLDA ¥R 8u(E (R &R PESTHH - £ DNN _EAZEER
Rectified Linear Unit (RLU)ZK 2 Sigmoid Function ZEJE4R MG N BRI REES -

Y LRE201S /Y HERE 7748 HAREE = (50 F)EIE HARSE = > 2 (345 DNN feim A
Ui A i-Vector » HiiiHlm e LRE2015 HAR - ERAVY /R 50 FAHMES AR 1 3
OOS £ 51 % - HAREEF 40 NE —AR(EL T EL DNNI ()

DNN13725 n
z.-‘\ ] ou
Y/ \
l//j l\\\
R\\‘A i' B I\ i
AV LI “\‘\ 'll‘ > L3
\\‘/"l’? SQ\VaZ
KK . NIROK
400%; == i‘fiz E%H%f‘%"f — P
p(k{ \v“h- . SV Q{’!&!
0 > <7 X
SN A
NN\ . p1] 7
\ / L50
- (Y S

/B~ {814 DNN $f¥f LRE2015 Z2f%(DNN1)
SR 6677543 (8 FA S XU (Cross-Entropy)» Cross-Entropy (B3 FLARAS
Bt - Cross-Entropy 7847 (& BB (5 BBRSEARTSHLNT - (RO R B I 75T
EIHEESEAESE AR B LA AR BT T - ST ¢

1
Costyr(y) = — EZ[yi’lny#(l =y )in(1 -yl (M

L
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ey RENTDMAEES >y W5 - A AR SR P A RPN
PSR SR <

{#4% DNN {EHi% LRE2015 HFEES Sk BB SRR - TR IR
SIS, TR Y BT = B AR R B S ARSI  (H{sE I E4R DNN 2848
Apa P LRE2015 HUSERHEE ARG - EEAEREHLE DNN fE5780 B4 OOS
Fy[E—JHc L 50 JH B ASRE = 2K 50k - {H LRE2015 iy OOS WA Z# [ERE £y

i 008 E R — MR B IR A ERIGHAE—# » #L &% DNN /R o

IEAMERNISR -2 F Cross-Entropy FJAEEr 2 A= 4k45 51 LRE2015 TEEA B AR
Hige o R EZAEN Cross-Entropy {EHI%f O0S i 50 MHHEGRES R » W HEHAVELG]
RER 0 B AR PG R R L TR E R -

1]

S2 N SN L A EO T )

Fo T LRE201S HAFRESaE8L OO0S AL > K allSRIHARILE RELE IR H AR ] fEflm 2=
FHE > AR am CERE DNN BYSES R A4 > et ¥rHy DNN sE S HES2RE > 2l
EAZOTHR S0 BEHEEESE K 00S - JEAMLFIt i HC 6 /5 58 7052 3 (Reinforcement
Learning, RL)AHIGREE ST 75 DRI HARETBOR -

(—) 7 DNN ES W2
By 7 T O0S HHIEE S BEREEERIEN - ERIEERTIRMEMFE-
Distributed Stochastic Neighbor Embedding, T-SNE)[8] » $f 400 4 i-Vector 3 21431
FHEH15000 = 50 FHEHRES 16431 5 00S)8l 50 FHEEEES+00S HiFt A A T-
SNE Z &AMz - Bttt 2 4efFEUERIL 21431 55K > HEER R 2 EREEER 1
Y NEI=F
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s
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4

K * I . « ") ey
T M oos:iky

W sosiE EnEk
ST E!

& = ~ T-SNE —4EH5Z1E]

fie T-SNE B r] UE SR HiRsE S 22 50 JAH A S 2P BAE—Bi(H &
F Y PR B A =] ) - (B A B (e R BaACE Ho O0S Byt 50 JHAVERS: »
BEFAMTRE Ry Zi g OOS B FSEEE = B HIMIRE - WVHE R H RS EAR (DR AR 7Rk
ZEMLESE  FifE— e B OEES el BRSO H R = - (AL - 21
FEHFITEHTHY DNN 2248 > DU SMTg Lo 51 L, DNN2 81 DNN3 ARG 2 < iy DNN
TEUEER AT O0S fFalllE 73 Fy 50 R - HYZHHY DNN2 8 DNN3 FF3
Pk 100 FEEE SR > AL T VU ERE 71 fror o Hoot DNN2 78 OOS Hydllor B2 H
PET Ry S0 FAPAZ B 50 451 H AR = —RCACHOE - DNN3 RFRE (8 (155 7 i o3 e {1l i L AH
oy DNNs » —(H&EEES 08 > —(fSREy HIREIEHERES - Eo L -
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n _ L1
z.s L2
v%r.‘-\\\ ;
X A% NN XA
WA NS
N ,,’,’< Nave/Z
Re = i Ls0
4004 = SRR\ I - o %
> (Z‘W‘>.< NG
RN, AR 03
48\ TN
AN\ 7/pe
\\‘k.zd /™
i \\95/ o

C,///
AN

VU~ F g5 UHRE S P At DNN2 (s

G1
G2

G1*(L1,01)

L2 G2*(L2,02)

)

J
|
(0O000)

G50*(L50,050)

P o150
i 050

[ 71~ FRIESRIUHIEE S P At DNN3 Aef(El

(=) 55 (Reinforcement Learning, RL)FIGRVTZ -
HEsR A ERE TR e RS EERIER B AT E ARV TEY » 2Rk A R TR
Ay —HEEEE U7 - £ RL & —(EE2 5 A (agent) GIRIZIRAEFTIZHY state PREUHE
(A action ° fE—BAMGIL A EATHERIZIAAYELE T - agent WJ{EEEERE —IHEHF -

N

environment FEUTEHEEIEL - IR action [F]ER45 LR N —{F reward > 3% agent 154
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#ITI action BB EIE - H152 reward 1Y[EHF > environment & £2{it T —([F state 45
agent & ANETEE NE  HEHE AE Gt state FREUERRAY action » HZ2REAN
TESFR -

Lo Sw o

Environment

State Action

St Reward a,

I

Agent

A b
L

\

[ 7N~ 3SR AR (R lE
£ Q-learning > FAFIEFH —EHEQ (s, ) (RERF T AGRES R R ANz - HIER
WNAAQ) -

Q(se ap) = maxReyy @)

Q(s, )WAFLEAES T » ST a » iR EI BB ANV E » WiHE s Q-function » H
{EHI & Q-value -

HSan{a 2 5 3 Q-value WE? Fe{M =] LA A Bellman 522 0E R F #r Q-value HFEoR
WAT(3) -

Q(s,a) =r+ymax,Q(s',a’) 3)

F Bellman GFEZUG)IE(H S LA N EHT Q-value HIAT((4) °
Q(s,a) = Q(s,a) + a[r + ymax,Q(s',a’) — Q(s,a)] “4)

o Fy5 R (learning rate) » i Ry FHAIZR KT AIAY Q-value NIHrfz Y Q-value Z ] HIHEAY
EEAFRIE E o= 1 RRGEEEEHHY Q-value FHFEEE Q-valuee (£ fimax,Q(s’, a)
A HT Q-value 1£ FIERE & EL i RE/Z 58 = #iaRAY - (HEUA S IIARIRELAEES RAFHY



GEERI7] > KRIBL A SRR T I B R EUE S5 E > Q pREGRRII UL & 15 2 ERERY Q-
value °

DU A B2 HH—{E{sH A Q-Learning 25| 458 = AU A EED L 20 HY pseudo code
FTs

Initialize Q (s, a) arbitrarily
Observe initial state s
Repeat
Select and carry out action a
Observe rewardr and new state s’
Q(s,a) =Q(s,a) +a[r +ymax,Q(s’,a’) — Q(s,a)]
s=s'
Until terminal

Bt - Q-Learning §/l|#f5E S fEAU 2~ pseudo code

HF%E # Environment F7 LRE201S A5/ SREEA AR S HEAY 58 SRR 25
Agent FIRaH 5 HERARET G I[SREE R BB 2GRS B (state) it 5 (action) -
RIS HIEAE fnsE S FdE - W E & {(¢P% Environment 45 T reward JRREHER 24 0 H
1 Reward %71 Environment K5I & ZE B2 B pt AU B PR 8 S PR AR ZE M EBAR FTiS 2

Ao BRI 65 IR » SR IEERIORR IR - SERANBIE SRS -
Q-Learning HYFEAN T > SH— TSR G SeEtoia b s B ZRIETERC &

FeHE T HVRERPE A A A R RERE S - ANMREEIENEES 2 reward &5 - HIRIELLE
SYEHEESHEA > BT —H5ER - BEERREE S PRI -
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a~ HERGR
AEHHMREEE 4 E LDA(baseline) ~ {#47 DNN LUK AR S Frie iy i
NN B S P24 > £ DNN J7E & 73 5lER] Cross-Entropy ~ AIHEAUHE R ELE
(Cost-function) 5z Reinforcement Learning 2&HI[&feE SRS - Wi A E 5 &G EHIEF I ERLE

ERC RN Zis £

(—) EhwEr

NIST LRE2015 2t 400 4 i-Vector » & S H4REER 15000 25 ~ 6500 25K
TRAVHIEREERI LUK 6431 £IEHIFEES (00S) 228kl AR —FR  HFrE S ES 0 MR
R e

Fz— « NIST2015 4= Ep3EREE

sECHE S Data(400 4f)% &
ivecl5 lIre train_ivectors 15000
ivecl5 lIre test ivectors 6500
ivecl5 Ire dev_ivectors 6431

Z< . ~ NIST LRE2015 50 $H/78H:E 5

Target Languages(train ivectors)
Ambaric Dari Kazakh polish Tagalog
Arabic English Khmer | Portuguese Tajik
Armenian Farsi Korean Punjabi Tatar
Avzerbaiiani French Kosovo | Romanian Thai
Bengali Georgian | Kurdish Russian Tibetan
Bosnian Greek Kyrgyz Shona Turkish
Burmese Hausa Laotian Slovak Ukrainian
Cantonese Hindi Mandarin Somali Urdu
Creole Indonesian | Oromo Spanish Uzbek
Czech Japanese Pashto Swabhili Zulu
Out of Target Languages(dev ivectors)
out of set

335



(=) EEerIk
EIRTRTTR AR AREATT

n
1-P
Cost = (n—OOS) * Z Perror(k) + Poos * Poos(oos) (5)
k
p _ (#errors_class_k) — 50 andP... = 0.23 ©)
error = \ttrials class k)’ 00 ¢ oos = T

Hrpt Poos(oos) Fonfy O0S EHEFIATE 50 FAHSEA © P =0.23 FORLLAIEEZ
% > NI LRE2015 ¥ OOS #8341 i SiAH &= B -

(=) Esoe
JeFI ] LRE2015 B 5 Fréa ERY LDA sES WS A4 » BHAR 8 2B
A BB AR B RE SRR AR 2 S B T B LR - DU 2 & 24 HTR%

E °

1. EEEES P44 LDA

LDA WY& s E T

g AR5 1 400 4 i-Vector $t: 21431 ZE3E151(15000 2 50 48 HAEE=+6431 & 00S)
B 50 25 HIZEE=+0O0S |y Label °

dtHEl sy © S0 SRR S +1 008 =51 4 -

2. DNN SR ARS

DNN (B b E i - Faxat 3 78 DNN 2805 DNN1 FRoR{H47E DNN(E ) »
DNN2 For[E VUit DNN 224# - DNN3 FoRlE 7urfe tHiHy DNN 28485 » 675 5%
Cost-function ~ Cross-Entropy L & Reinforcement Learning A< {5/ 4f -

(1) DNNI : HiEEES 50380 + 00S 1 #5

£ DNNI1 JSHAH | Bl @ fim A 400 4 i-Vector » B 51 4650 BIHIEES
+1 %8 008) »
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(2) DNN2: H{fls#z 50 4 + 00S 50 4
£ DNN2 A 1 [EFEIE ; B A 400 4 i-Vector » #irHHI By 100 4E(50 %5 H 2
=150 %5 00S) -

(3) DNN3: EfEER 50 3 + 008 50 4
£ DNN3 @352 4% DNN - —Jg 80 (B SR F59 % DNN P52 |
{EIFE% Gate ; 5 A_400 4 i-Vector » #HRHIE 100 4E(50 %8 HRE2E==+50 48 00S) -

(1) EEREEE
TR [ RIS LR, NIST LRE201S SPHLAYBFERFRbsst & » SHEsvHIE
R HEEFE S EAIRS - WA B BB A -

R RWIRENTT - 3 Al IR (Train) R HIEAEERH Test) 2 A SL G/ SRAVEE =
PR R acek AR - JISREE SR AR T 2UE 718 > 05l © BUT4ERY LDA B =Y
i 40 ~ DNN1+Cross-Entropy ~ DNN I+ =0 AU el 0% (Cost) ~ DNN1+3 5850 E2 3
(reinforcement) ~ DNN2-+Cross-Entropy ~ DNN2-+IHEZE ({8 i 5(Cost) - DNN2-HH# 4,
E&H (reinforcement) ~ DNN3-+Cross-Entropy ~ DNN3-+[1f# == ek 802 (Cost) ~ DNN3+
a5 B2 (reinforcement)

=48R4y 45 By Correct (%)Eil Scores » Correct(%) 3 IRk IEERE 5 P sERI %
DEIIEE » BUE BT © Scores Fom R R EMERY R B BLFE VR REE 2 A
LRE2015 B4 EMat o IRLE TR VAR - BUEBREY R PRy - o
LRE2015 LA Scores f#E > Correct(%) S HAMIHRIE /S -
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R AEEPER ARSI T B TR

Train Test

Correct (%) Scores Correct (%) Scores

baseline LDA 60.3544 39.590
DNNI1 entropy 85.5076 21.8589 64.2769 35.7433
cost 97.7935 23.8572 65.4308 34.5135
reinforcement 97.1935 24.0021 69.8308 30.1356

DNN2 entropy 97.9335 24.5862 69.6462 24.2055

cost 97.7202 24.7397 72.7692 24.721
reinforcement 97.7135 24.6911 73.8462 20.8996

DNN3 entropy 99.8497 23.4157 71.5837 23.4153
cost 99.7592 23.5721 72.6493 22.5627
reinforcement 99.9453 23.6834 74.5771 19.3847

(EFR =R E WO EERIHYEL 77 - SR B 745 EHY LDA JIl4k Z 48 H 45 R Ry
39.590 73 { ] DNN 275 73 Bl = 7Y LDA Z:48 57 8 B DNNI1 224l 7 00S
{HERFH reinforcement AEFSFIEE 30.1356 43 - (fifF DNN2 ZEfEHE4HST O0S WiERH
reinforcement REFS-E i {F 20.8996 57 » DNN3 Zf&4ll7r OOS » {HERHUF {E DNN 53 TilL;
£XH reinforcement FEfFEIR(E 19.3847 77 « R =HUBRLER 7T DIE H{HEH DNN3 #9757
FET A BHBE R ELM AR ZE A - BRSSP T A DIE I E M reinforcement A 4ff5
BRI S R (2 Cross-Entropy FIAIMEA U LEDE - H5 A DNN3 HYZEHRE
HKpmdE O0S M EE DNN2 % R DLg iFHI4E /25 DNN3+reinforcement 355 Wik 21
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T &
TEAER SR FAIPER HIAYHT DNN ZEREFERC reinforcement HYRE S Wi 77725 » W20

LRE 2015 5¥EL > &EEE#: LDA > {#47 DNN > ELERM 2 HAYRTTEDHT Y DNN ZSEHYRTAE
(SE2l NN VAN SR

TR BETE= B Lpa
45 W #M5DNN
39.590 N
40 35.743 Ram X I2HHDNN2
34.514
* 30.136 . AEwCHEHDNN3
30
24.206 24.721

* 20000 M5 22563 10,385
20
15
10

5

0

S «OQ‘\ &L & @& ‘éo‘:"\ & < é“' ‘éOQ.\ 0) & e(\’”
‘\\’,3.0 S em & &,f& S S‘"’ & g P Q\“’\ &o&
S N S & S R
°© & 9 & 9 g
& v &
Q\\ Q\\ Q\\

[\~ Bk SR o Bt R

Ho ]\ B 48451540 &2 DNNT » DNN2 5% DNN3 » {E BB RHITHI Y
DNN f{i F reinforcement &}[-L{5E F Cross-Entropy 2¢& Cost function 3RHYFE 4T & [LINEE
OOS {7 DNN ZeEH7 {87 E4E DNN » fEAXAVE L LRE2015 HiFsEZEL 00S sEkHH
PIAIRTRE o P B HI Y774 DNN3+ Reinforcement Learning HYHE¥] > LRE 2015 FY
PSR B A RGE S YRTAER o /£ U NIST LRE2015 B /7315045 FHETRE » B o] DIEETH
HeMFR) DNN3+Reinforcement Learning H¥# 3 19.385 53811 -4 H LB B R 38 -
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P4 ~ NIST LRE 2015 BJT5F/745 1A T(AT 10 £2)

Rank Name Affiliation Score on
eval set
1 Hanwu Sun Institute for Infocomm Research, Singapore 17.736
2 Konstantin Simonchik individual 18.022
3 Kong Aik Lee Institute for Infocomm Research, A*STAR, 17.802
Singapore
4 Sergey Novoselov individual 18.066
5 Haizhou Li Institute for Infocomm Research, A*STAR, 17.758
Singapore
6 Nguyen Trung Hieu Institute for Infocomm Research 18.462
7 UTD-CRSS Team University of Texas at Dallas (CRSS) 22.154
8 Qian Zhang Center for Robust Speech Systems (CRSS),UT 23.011
Dallas
9 Chengzhu Yu University of Texas at Dallas (CRSS) 23.077
10 Chunlei Zhang Center for Robust Speech Systems (CRSS),UT 24.308
Dallas
ESE)

AIHTERGHEE D T REL DA B Ry Bt Bfir A\ DGR 5 (A36 57 ) BIRMRGE B

& (MOST 104-2221-E-027-079, 105-2221-E-027-119 and 103-2218-E-027-006-MY3 )

SR e
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ST A U B

Detection and Discrimination of Chinese Near-synonyms

ZEEErshih-Min Li ~ [(98H5/ Ming-Hong Bai ~ S35 Jian-Cheng Wu -
=5 Shu-Ling Huang ~ #KE#f& Ching-Lung Lin
B R B TP dma st o0

{smli, mhbai, wujc, slhuang, cllin}@mail.naer.edu.tw

S

ALERUBARE SR AGES St 2 570 GaiRE BT 'R SR SGER
e~ BERESERIEE K. Word2Vee fRAU T B K EE s MG o1& 31 DAL A] 1 s ST 2854 -
FE ISR E ] - I AT e (N R AR AL > 6 sV E Rl AR AR IEMEM: K AT 1T
M ASCERBBRR B E T #2528 H TR A EMEE -~ &
PESE ~ FOCENEE ~ sAREH - SRS nTEE D S S AT o &AL
P T AT F5a St AR N AT BT e anl A A - m e op 48 ST e IR (e N L am B AT e i
BT B PR T OCRE R R T B MR B 2 Z B4R - [FIHS A S BE R A 5 ] 5L 2l
P s IERENE: > 1 SR s Sy B A AR PR G - R AT e FH 22 3 e rh ST 2 3] 5 Eh R
TR 2858 > DURGT AT ~ ldm Bt ~ OB R E R FE T

BRG] ¢ ATFeEA o HERESGRBRHE - Word2Vee - SESEREIRNE > G/

— ~ IS R HAY

PRIttt > H UV H R T E YRR E BE 3% - BRI TG sEE R > By
TR T FE R - HIRCL PR S ES (1] %ﬁﬁ“‘?*ﬁﬁﬁiﬁxe%§ﬁ%rj
FeaalLE PRI - S PIEA A EAHE [213][4] - HECZ T - PP 70 5 SR 250
Fo[Flggsa/ bz U0 > S T g et sE B AN DAY Sa s EEAT © 40 - Pinker [5] 88 /(A
PREFERS > HEFERD > FE EFrAEERE R R AN &R R A ZR

Taylor [6][7] $2%] ’E%ééﬁﬂéiﬁﬂ(peﬂbctSynonynw)ﬂ§anﬁi$ﬁFﬂﬁi‘??‘{ffiﬁéfiqﬂli$5%§
o Nitse 2FEFANEERD > RSBFE AL ERTERS > BRIt = IS

YRS R B ER S A 5T (MOST 105-2811-H-656-001 ~ MOST 105-2811-H-656-002) 2~ ##
BNEBLS Ry © XPE AR RS - BIEHIEEER -
TSN
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O (FEE) ML B4 (F8E) HHEE ; Saeed [8] sUMHEIEAIEFEAM/) - Chung 81
Ahrens [9] 4E&HTANTZEFEH, » [EFE6AYE H(connotations) ~ 444 (implications) ~ 75E§5
[E i (selectional restrictions) iz 1), A% B (syntactic variations) =5 2% 75 15 0] BE A AT 722 22 - 1
& LA FE Al - HIERYE SR SEE e D » R AR S DT F55a 4% s B B [F{E
BB GE R B RAVESEEA W LUT S E A G R E -

RBEGZHRERER | PRAERE AT REL RS - R OWEE R s
i whe H LM R RN RE SRR - BEACRIGEE > BI0LL AT
Fenn MH TR, N TEECTRAE L M TR L TEIT L R TEIX S T IR

O TEY B5EEE o BEAD 0 DAL dT#Ram - e o] RE Bh etk e B 2 e e L BR A5

Irfi R AR BRI T - (BB (B 1 B 5 B (B 5 AT Feanl 0y 7 A R T
FEIRF » Roftt g BALERIC  ASCHERILER & H2AE 5 i BRI R nB 5 B > S AR
THE#ER & - FEEA okt B Sl s 1= Al 5 e
HWEELSAMH BAES R A T BT R AT AR Py EUE - LA
Tortrardrsess AR - 8 H IEMEE At B a B R o 5 S E VT & -
BEARRUAR AT ERIS AT ST 385w B B il e S8 e B Bl 24 -

= SRR

E N TERGT SR8 £ 8 - R s SR A ae e R 214 - A/ DifFZe LGt
FHESEARMAETER  shRESE O MHERE 8 H RS EessE Er I,
J& o R ZE AR IE ] s EIEE ~ SR -~ sNEWR R SRR R J71H - SRAE T
FIRat R HEE - A WordNet (FEl5e4dis ) [10][11] ~ ([EIFEETEGM) [12] ~ Al
4g(HowNet) [13] ZJF AL 2 BB TR EGEE B S - fsa se BlGa 52y RR %
AT R R YRR RS - SRAEERE T RO E - KB R B s
Bz En T AFRE [14] 0 A AUEEEE &M ENAE ML > s OE
A DU e 2 2 [Al KA consine {EH2RFEE [15][16] - BIMIIEM " & Stia A
(Context Vector Model) [17] ~ " JBfEEZ 4747 ;| (Latent Semantic Analysis) [18][19] ~
Word2Vec [20][21] ©

VLU RGBSR (1] -
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RIZZIRE - FREERL ° > RAETRHEGERERSETER - MEmERREH
1y AIAEMER B S B A DI 2 EE S mnN Bl - IAF BN EE - HiEs
w7k NMISERIFrES B Rk SR T AR BB AR S - &G S aa s e 1)
% 58 B RGERHEEOUAER > HEBVEE TR E A H A2 &R (noise) T-EHIK

LA B FERIEERHE Z AR RISl - T R A ) ERUERE AR EREAEA
B SNUERUS S ER ¢ T VB EREE A ) AURRSCHERR Y - (EH B R BRI -
MBS SRR - AR B VB ERE R N ) WA TR SRR S iR )
Word2Vec F2zUHERAIY - BB R ESERIAVERE - HE 2 AR, - F sy
ENSGEELIER AR E - o] DAECRE P S5 S HRE R A AR (4 > 6T DUR )
BIIRCETT R RIS R DI e & R KAV s SnB Rl % -

FIREESEERIBFTAE IR [22] B » TFRGHVRE R EATIRE ~ R (A AL E 51
(5] o SR REAHEE T A o] S AT el EnE = S YRR AR 5 > ELBRE Ry B st 1B
WK B AESIRHE TR E R NI > Rt S0 B PREERHE Z 6% - AR
RABERBEWEN TSGR | KRB EZ FHEEERR (23] 0 IF] %R
ar CHERAY SRS DA (BRSNS A GRS © ALl Word2Vee PRIy T HL > Al PRI R
KE sBR K B et R s 2 AV PUE -

=~ W55k

E " EERE R ) B R B B AR RO Ry SR B B R - Brae R E U
MOYE R ZER] > AR T PR ERE PR LR 4.0 R, sBRHEERV) - BET
s MIEAERRRC A A\ Thati > (MM - AR e SR (YIRS - REEAR
SCERFERA] T R SGE R 5 A T PR ST R P B e 4.0 ki, DUEFERRIE KR
B IR = 2 S R, -

2 MHBHEmAEE R [13] -

3 THERE2ERlEE | (Corpus of Contemporary Taiwanese Mandarin - f&ifff COCT ) ABEFEZEHIEIRIEE X
JUFETE B EABREMMEER 4, FTEE B2 BT > RIS EmREER 1 2 1,220 8%
CIEERERL 960 B » FFEIEERERERL 340 B > FEREH /a8 42 #F -

4 JRETLA THERESGRERLE | R > (EFEATTEIEEIR T SR GBE | B8l ML 2 SR R
B LL S 2 IERER o B0 > T Aty ) FE T EERESCRERNE | 28ERC R Ne (MuJ5E ) #E Na (44 )
SR > BHTEREERE TR0 ) B Tl BT > FIAILE TR0, FE T EYM TR, 2 (G Na) >
Mk T IERRArE | o T et 2 B ) (G Ne) o Bt Tl SR Ne o BEUEA T HiEE
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ARG G B AR S B R T R ZWE 77k o Jell Word2Vee fHEI B T H. - fEil&tH
sl sRfE | HERESGERIE ) K T oSl R PR 4.0 Al ZAHIUE - DIERSHE
BRI R EE sy AT S aa R - R LA SEEF el - IR RS SR 5 [
FTHE  HUATREITHOEISER - (eS80t S B s O
AR Z A T AR AT el AR A - et A R IE B ek iag DA EARRT > F ARt A S e
HUAT FRaa A IERE M S Se B -

A BRI B DN E . (CRAUERBAZRE ) CREMRLLR) ~ (1700 $HiTE
aalag HVARER) ~ (R ~ CRAUEER ) CREIE SR ) - (B FE &z
Mriga)EE i) ~ (CAEE R R A ) ) Frigftavitssad &t - flan - /£ CGRAUESE
[FlFaasa i) > ERGEH T 20K ) BYEEEIEE TR ) fE (FRAUEER ) > £
TR RS ) HUEIFEE N T T TR TR T EREE
G AT 2 5V [ B 8 - B Py - AR AT Sea IV AASCB % s 2 >
fiae " AROKR ) FE=BPLL bR e EE e T oK HUATERE o A TR0k A T ARSR ) BE
FIABIZE Y] -

fELL EF B ZZA AT Fe s sl &t o /MEPTJEL*KZK THERglleRER - A A A i AT
Fe (M EHRFRAL FRkEE S — My FeaasH B R E R EER - I DUERE LA AR
AERUE - A1 - ?EE%ZISXH’%@EEPK It 355 H BIHRREIT -

IE[ ZD%/\D
LU BHZEaE SR o alll SRERE AR AR TT ~ JHIEVE R R s & SR B 0 2 a T o

(—) FllRE R AR AT

PUT DA L ERAE N B0 Sy sl ) A T bl DUR[EII L ERAE T B0 By T AR
TR Bl o 1R R AR R T Fsr M AR AR 2 —

FIF Word2Vee ta R 15 20T R aRER > T bl AR "B, AYATRaEaHss 48 £ - Bt

HIEE TR0 (GEME Na) B Touy (GEME Na) HUEOME - BIE - ASCEMEKATRIEZ T Pyafse B
FEAEVHEERIE 4.0 fE R RS AR — -
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I 2 # A148 (E-HowNet) FIF A BS A8H * il & (IVEE B 0 BN E R AR » HEER
AEHE - WESFEIACAR - &8 £ T MentalStatelf1HiRRE ; Z & > T bk
£ " AttributeValue|[BE(E | 2T - 83 > NRAT %Eﬂﬂ’ﬂﬁﬁlﬁ%ﬂum&ﬂj ERET O AU
sl PERF T I A s F AR R o A EA ETﬁJEL&ﬂKEfﬁ%%ﬁZ%JT
AR EREERAEEETR ) WA IR REIFS RS - #t
PEENE AT DRI A AT sR R MR ERS, R s Bl S o — D Sy ST it - Liié'ﬁ-ié*éﬁﬁ
s S A o IOAGIMERETE - Ttk ) ikt T e AT ER AR R 7T 44
RS AT SR AR < g - IR BEWI N - ZEAH N2 R
s SRR Rl T B, - M FEERER S A T B Y EIEEA « glad, happy,
pleased, excited, delighted, joy, enjoyed » FH] "l | 77 TSR/ fEEE 45 (RIGE
MEENEIRFT AT FREAGE R ) AYEOCHIRE - (e B BRSO CE R | S §Y3
R — > AMsEEEYHE R e, TR AL DA Tath ) B
MRS 10 44 (F1 10 k% TRRL T BE |~ BlEeRyl Tl TS T
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fRERTRS 2 EER ¢ (H ] RE RS ERMN AR AR ) AR A By BT - A —(ERE H
s i A) EEE SR RS2 AN R — (5 2 & - NS ER ) FFIAERE
H LATF-B 5 203 B R — (- i R 2 [ )7 > (A [RIAY ) A [E R 87 8] LUy
B REAE—FERAE -

3.3 BRI

Ry 1 EREIMIFT R L B AR EE R e > TSRS T T = (8 L AR Y B N B S
(AR 5 s T T I E DD » WP (EERE 3 AR (F—H
(e H B XML 83 » TR =R ArA S5 H SR8 T = (Microsoft
Office Excel) » Z81& ELFELAGREH T HAE - f B H - WHREES0E HEG ARyt > H
AR XML A2 ar iR U0 (S HUE R Bk iR N E A A HRE - It
Hh R B tRas AR MMESF4 T DRy 5 AR =R & (RIS EE »
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<Unit Code="Train-G3-001533" ID="IIS-MR-MATH-GRADE03-001752">  <Unit Code="Train-G3-001534" ID="1IS-MR-MATH-GRADE03-001753">

<Body> 738497 » </Body> <Body>B9 L REVEF I LA —fAMIERE  <Body>
_ <QA idX:” " - <QA idx:"1 "
<Question>R LA L\ E—RHT TN E L 7 </Question> <Question=77 5 EREF B4 LIHE(E 7 </Question>
<Answer>Tfi</Answer> y air:swer:»&f[gkmnswep
</QA> I
<Unit> -<QA idx="2">

<Question=F|T 4447 7 </Question>
<Answer=5.-4</Answer>
</QA>
</Unit=

(a) BHEAJHVEEE A (b) AR EERRTE
VY~ BERRE R XML I3

FERE—(ERE H AR > TSR & R SRAVERN - DU A ERY 730
SUKSRE - A1E] VY (2) 55 —51“Train-G3-001533” » FoRLREE S E RIS T B I =4F
ARAYES 1533 5 H (st /S FUEUE L ISR EE T ZF4RHYSE 16 (& XML fEZ4H )
IG5 E e s &R - 540 - B H B IA —EFa a8 dmst (RIE @) —
SUEY 1D ) e gt R 1IS-MR-MATH-GRADE03-001752” » FrR FERESE /& (I HY &5 = 4%
i 1752 9REH (HLRst R RIGEEN L E - DUER LRI ERERE)

£ XML fEZEY  —EEESE S 7eEe”  “Ha” - SR w0 GRFER
Ui 73 4G T Body” ~ “Question” M1 “Answer HJ#54 ) (ANEY(a)Ff7R) - 41 3.2 HiFTil -
F— N —(EE R/ - RItEF B NE R SR —(E4R5E (QA idx - XfE Y
(DFTR) > HEERKES B AR HEF > sES5 Senlf & A (A EEn e > DOKE
N {EFEE - LAEVU(b) FoBl - AT ERER—(EE A HCRERERE (77-9=8 & 5) AUERE
e a) R ?7) BEE (A5 &2937) -

F—(EE HRE & Ee oA R A osh - B T LUNEE © () B ERVE
iz > ()RR 77 B R RS - 18 AR EE TAF - FfI28F A Microsoft Office Excel
IS - 4wt e THRACEBISERE - BASN BRI -

(DI IIEZRAVERAL © RIS R EMAHRINZR BAERLE Access BiRET > HAH
T A EATEH AL - AR > 2 FEERE A A B > [NI5EH
MG FIEC S HAT IV B AL - 15 H TIF 2 — e R S i Fe i A | LA 5

(ARG oy B o B3 AR © B A BRI T - 0 EAHRE Y ARRE
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st a0 CERUEEAE..) 75F » 740 BIMMERE S BEH 2% > whinA” (55H
WOBFRRER) MEREHNMTTERN o R TIFth DO s TRIEEHE
SR TR (ARG~ 4y~ *r 2% ) I H > Bl AU AN EFT -

- <Unit Code="Train-G5-000352" ID="1IS-MR-MATH-GRADE05-000403"> - <Unit Code="Train-G4-001066" ID="15-MR-MATH-GRADE04-001230"-
<Body>—FTK2AT » FaBIRTH » <Body> Body>—EAIT 525 - </Body>
- <QA idx="1"> -<QAidx="1">
<Question-Fifdift (BIERN ARSI NIF={) 7</Question> Question=6{g10iZE %% (AFHERT) 7</Question
<Answer>0.200/7\#</Answer> <Answer=J% 2557 J</Answer>
</QA> </QA>
<[Unit> </Unit-
()R E A (b) &

[ 71~ MBS o B H AR
3.3.1 R ¥ A

Ry THERESORIIMEE ~ 738 EE (Semi-supervised Learning) FHIEUHRAL - R
TEEEE R IR (A BRI - JRMEREEREE s T E
TTRERER St S TRE (NEEREARREI R Rk ] - BORWTFE AR 75 RER)ehah
B}~ 200 FESEREEESER K 200 BUMEAEERL) (F R/ Ebt5e (Pilot Study) ZH - PUHHE
BT ER R E TR Sy - o 200 SRR SEE ] K 200 REUHIGASE S R Batiehbiiee © i &y
TkEE B > 75 EEISREE R A TR EE h A — R A 2 RH K -

R= -~ PAREER SR (BB - HorEE)

R |l ok | S IR AR | HIEAE FRRERET | B hEE | SEIEAE | HIsteE
15&f | 1839 | 69 | 48 0.8 345 | 28 | 22
2.k 16.09 | 13.8 | 21.1 100172 230 | 147 | 14.0
3FRE ] 1609 | 188 | 193 1B | 230 | 41 | 26
4485 1494 | 83 6.1 125/ NVAREEL | 2.30 0 0.9
S8 8.05 | 20.6 | 17.5 13 75 1.15 | 0.9 1.3
6.bL#L 460 | 28 | 35 14 AAHE | 115 | 05 | 09
7.8RE 4.60 1.8 2.6 15848 1.15 1.4 0.4
8.LL/EEHT | 3.45 2.3 2.2 16,5584 0 0.5 0.4
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HEET 6 nTHET HEAEEEH 20T SEheRE TS 7Y
B(2): {B(3): {5(2):

agent={fHZE(1)}, topic={[x11EAH(1)}, theme={[x214%F (1)},

aspect={T (3)} thefe=(KE ), range= (85532 45 () B35

theme=(b1EF(6): /fange=(2 LT (4]} property={fi(s): & Sia B

quantifier={iisy-_ Y  hesd={paETF@):
head={B AF@NN L #HEE | quantifier={£8}(3)} 11}

Vs ErH(1,Nep): } —
iﬁg[%% 1,Nba): {human| A :name={"fHEE"}} | quantifier={definite |5} &9 (1,Nab): {&F | beans:color={green|#F}}
Blzvea):{buy| B} . (2Nab): {ETF e (2vi3): {be | £}
T (3,Di): aspect={Vachieve 3£ &%} |beans:color={green &1} 2¥[(3,Neqa): {all| £}
B 43 (4,0M): 25 weight={ F(3V_2): {exist | FETE} TT(4,Nab): {E T |beans} %;:g_p;}
Fr:quantity={6}} ) ‘Zi}_J}F‘EJJ—_,D_M} i}J:FI"—'-'_\-';l_B_H’E=_E§> #'1(5,DE): relation({entity | Z547}) ARARERR
f#1(5,DE): relation{{entity | Z547}) ‘ﬁ;qg_a_rwjit_y:{_z}&m}% -7 88 (6, Neqa): guantity={Ques |§ER jQues| EFM}
T (6,Nab): {7 | beans} -

(&N~ BN R SR R RS

RSBV RIS RS A (DI 7 8 > mIEDEBB 5338
AR S AR E N SR EE R HY B 3 EEFERT ) - RIEREHR mTREA 2RI A) - R 75 REGISR et
T 87 K~ 200 REEFEBEEMHERY T 218 2~ 200 BUHEREERMAERE T 228 K - 44
1 LA (A1 (18.39%) ~ BRI%(16.09%) ~ FETE(16.09%) EALH &(14.94%) LEFIE S - LLoy%i(0%)
gV 5 SRS RILURIA(20.6%) ~ FRIA(18.8%) ~ MVA(14.7%)FI3EA(13.8%) LA %
LA/ INVAEE(0%) 8 /D 5 THlEREE R DAEIA(21.0%) ~ BRiZ(19.3%) ~ J8CE(17.5%) R0
$5(14.0%) LB 28 o+ DASTH(0.4%) BLEE £5:(0.4%) REF LB /)

HRESEIET | FEEESEASHIE KRR RS - AR
BRI EORIEE (26, 27T F R 80 S B AR R A e
MR R AR R B EL 7y > 56— 8070 % A R it e e G it A sl 28 748 E DU SOME (R B
{4 - (SRR B 2048 (28, 291 FT RV MRE B RER A NELAEEA0 - Ak
BiEE - D EE B G AT E S B[] - PEAh - FREFR T 7L EEREEE - 1R
JHESEALL x BRI 5 s AH [EI BV TR > 20 S e — A M EE A 2R = ) EE
By T E ) B T AREERNY T H ) = (85 B E Y - I DA R E R
Z o B E o Al R e e EE R A IR E R AR S E R R - ARFP R ET
B fy R F R TP R I BB R AR - A B FIE AR AR &G T E E = - 40
BHF T s TEHEENR A - WS TERA S Wb BERAMENREZEES Y —F
U MR R R B0 RE B 2 http:/sunlight.iis.sinica.edu.tw/SCAMR/

2 SRR A R R http://TreeBank.sinica.edu.tw
5 " TrsTstreaTedu. tw/
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o DR G AT TRE RS S VIR EE R 2 - fEERRMINVERGE S (E ERBEFNSE
E o W2 AT ERT L “weight={/\ JT: quantity={2}}" ZH“AN T EED ¢
“weight={/NT}"PLR. “27HYEFEF “quantity={2} " EITRERLE S RIVEAE R o EHEEL

FRANGEERET > B e SR EEARE - g BRI

s o BEAME (REMHAET - BT g R aiEET ) FRE - /N S ERe]
s S - AERAY T 25y 2 5% ) def: quantity={Ques|%EH]/Ques|BE[H] } (52 REH 5Bl oy
BeEamRETTR - OGRS T S8 Y ERE 2R B0 B S L g TP RGE
BRI - JPIREEE GBI R MPAERIE > &7 — 2Ry RET =0 B
FIBERET RS [F B 5 B PR o Tl B2 (BRI EE Saarpl T

1 ¥67%E def:{#Flege: quantifier={ $H.nulllf#Z%: quantity={1}}}

1 &% def:{FElegg: & .container={ & F-lbox: quantity={1}}}

1§72 def:{&FElegg: 7 .quantity={12: quantity={1}}}

1 AT def:{ZFlege: AT weight={A)T: quantity={1}}}

RIS E A EEER W G T A ENERNEHERER  MEBGNEFSE
BN S REE R )T B 1EAR FBIIEEEE M - &LL relation={value} JZ=(HFH -
AN[EIHY S5 BAL KA [FIVEESR - TR S E IO EWRIRTE - BYILHRESI(E
N [E 2 5E B FERAE SRR R (S AR AR L RENTREES - sEAAE L NGB R
FERR iR EIEN > HHEAEEAR (BESEEETS) fled - BiE -

3.4 FEBAGEE

TERT—ETH - FATEARBIFTA Y B #2575 EFEER - 7 5 DAL EUT 2o =85
& Hrgl%REEAH 20,093 & #RENEEESH 1,700 & (B& LEipTl s B8
HIEERE B H A AR RER] ) » R AMEV N RE R E A a7 23,493 B (0FRIUFT
) e BEREEEED =R 5,210 BRa% - HERMKT Ry F ek 4,461 & - UGk
4,338 {H ~ TLAF4R 4,062 [H - AR 3,642 [ 0 DA —4F 4k 1,780 B Ryi /D o RABUTE
H TS B RS By 27 {El s S5 o 50 e o 5G] ER N T e A AR e P
HinblErats - SEEEEEEH 18.2 EF > - £5—J7H » M Eh
PRSI Ry 9.4 (Erh 25 » UK 6.8 {EH S5 -
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U ~ P B E AT
BEfoHEE SESEHEE
G | IR AR SR | VIR | AR | SN | A
SI%REE | 1,380 | 3,042 | 4,610 | 3,738 | 3,462 | 3,861 (20,093
ZEEE | 200 | 300 | 300 | 300 | 300 | 300 | 1,700
HIEREE | 200 | 300 | 300 | 300 | 300 | 300 | 1,700
&5F | 1,780 | 3,642 | 5,210 | 4,338 | 4,062 | 4,461 |23,493

iz e T g DIERL TR H BB R &)1 - e sdin - « L Bl
wER Ry S 2 8 EEEHYRIBEER] > RIS AT 4B (79,822 4)) HY 63%7H1 70% - Hr
“EELL T EERIEEG R (21.8% ) 0 “fA)”LL 6 {58 fyie % (19.4%) (A1FR75(a)
FR) e BEFN » EBRN(b) AT, Agm LB H A > sARELL 2 AT SHIEE R R
bR AR

% (50.1%81 64.1% )

R FOEEEE AR

e g | AL B P b
JEsy|  (Char) (Word)
£l 27 18.2
[ 6] 9.4 6.8

L
» Bl—fGEE

TN~ R R AT R
(b)AE A3 HT(#608,732 )

() FJ R IHT(#79,822 1))

ARG | TR |
1~3 | 1.0% | 0.7%

4 4.9% | 6.3%

5 12.7%16.4%

6 16.8%19.4%

7 |21.8%[19.0%

8 11.6%|15.1%

9 9.3% | 9.2%
10~12 |14.8%]11.1%
13PLE [7.1% | 2.8%
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SRR T | fA
1 7.7% |14.4%

2 50.1%(64.1%

3 20.4%[17.8%

4 13.3%] 3.0%

5 5.3% | 0.6%

6 DLk 3.2% | 0.1%




S — Tl REBURGITERRRERY AT EE R o £ LE B Ay s MR BIE R AT 4
R E il AE(Na)fh 29% ~ BeAEsE(New) (5 26.1% « HAEFAGEND)E 13.3% ~ #{E K
PrEhEE(VOIL 6.3% » Tiith 5 (Neyfl 5.5% » HAZ E AR B 19.8% & ££ &)
TrAILGE e (Na)fh 41.2% Ry > HIURFZEA A (Nb) G 11.8% ~ Eh{E K8
sl(VOIE 8.7% ~ B Eaa(New il 7.6% ~ HiAsEI(NeyE 5.2% - i HoAh 2 2 sl A
25.5% o HHNEH T ATEEEN (228 - B BERYEE) B TR
it e A E AR M e EEE - IR R A s LA i e ~ BEE e s
% B A I i % o i EE e R/ o

Rt PO R R A R T R

e Fie | B4
HSEAZEE(Na)  [29.0%[41.2%
BEAE S (Neu) [26.1%] 7.6%
B £EE(ND) [13.3%[11.8%

HESENEE(VO)| 6.3% | 8.7%

HJ55A(Ne) 5.5% | 5.2%

H S 19.8%]25.5%

=1 100% | 100%

Fei% o )/ ETRBEEEE TSI VR (FIAERERTIRHL) A9 E - R —{E

78 B AR B S AERE TR - RIb &N A B —H 0] ((EEEEHE 80.90%HY-EH )
g R (HHE—ERIEES ) ((EaERE 19.10%8YEH ) 277 -

F/\ ~ BEWRE R GGETER

(a) L —FE 15 (b)2H &R
H—Hh | Hott aHEHER [Epayen
BELE  |72.04% BELEHAEL  [13.25%
& 6.72% BELEA | 4.44%
e fm] 1.68% FRE 240 0.21%

HEtEIR | 0.05% B BB | 1.20%
i 0.40% /NET 19.10%
/NEF T 180.90%

/(BRI T S B RSB R A B —Re JJHE I T B DB E"(72.04%)

 ERHENEE > JUE— SN > RS JIFSE hitp:/teach.eje.edu.tw/9CC/fields/math_3_1.php
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Foie% > HERBEANRGY 10% ; FHEEET T (417R/\(0b) Frr) > EELBEE+
REC(13.25%)80% - TR BRI B 1L B NP A B AR S A B B
ZEfEI ] ~ QB Guat iR IR A D -

4. Elim

FEpR HHE R B R R Y S P B (BB b - IRFTEE—Se A EIRYRTRE - BAE T REH UIE] ~ 15253
B DU ErEashir i » Bl o ERTTLE 3.2 B TP R DA R s ARy R Al
(Bl a” ZEE S ERZ B & —(EE5E 2 1% ) 1% - S3RER I RE H AR AE e
WA - EE M P BEE B A —E#BH (0 VNERZA—REEL - EUftT
145 73> NUHET 215 18 73 » EUAERIIFHE LR » 132 N ITERYIFREIEERR 2 17) -
> TR DI SRR T REY o 2 RERME - HEEE AR S
FY > IR RS A AT RS ZERRL (AIREY” ~ 4y~ “* 2 *°5F ) » ALK
FIBREE - DRSS - B A TR &R T DAHERR G EET -

Atk o PSR IR IR R B S R R e B P 2 3 e ] T LA il P B e 2
Ko MEBHEAS CVNERT) Ke@haa R s (- [BHtlE]") & AR Hme -
DRIEEAE AR 2 e T VB L E, > A T7HISERE ( Domain Adaptation ) -

5. HHREANTFE

BRI 7 E » R = B ENHISEINTRIS, 15-18] - BRI, 19-22] - (RIF4E
HA110, 23] F3BLEHA11] - SUEEERI12] - SLEHRBIAI D AIEES 13, 14155
T > A SIS R ST -

AR A CE RN B S T M RENT SR U RE R 3R [ 2, 5-6, 24-25] > (HE B4 smiE
YA B EE B 4H AR © 41 Kushman 28 A [S)HE T IE43 M (B e 5
Hosseini £ A [2] RIMHEHE I ~ BOE ~ —Io—RGERIE T FERE (EHFA 26
AR 226k ( Lexical Gap ) ) Roy S A [6]8EZRMEAN T Wi DL FiEE - (2208 )
HIRTRE » AR R SRV RGE B HEPRAESD - Shi 25 A\ [24] T - E H S R
78 » Koncel-Kedziorski 5 A[251 RAMNHUARE A HEBARVRTE (KU EI2]) - HEFHES
FEEBITRERELA - AEER > S E B REV/NE - BTS2 RSty
IREAYRESE > 1ERE H e - S AP R BUA N LR B £ 490 S S Bt 24 AR RE 2
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G2 HIEREST » SO FefPIRy T SCB ER S REE AR RSB AR 88 EA ST 8k -
RIEE AT EATE Pl ~ EEBEA R 235t

2 A
6. %DEFFH

SRREARER - FAMPTEE IR T S N S ETRERE LR > JY5e BEHUM B R B
FHSCFRE - I I RER B R EE (U5 AR N A/ E )
FRARRE 28 B [ FHROAS 2 - At SIS EE B PR IS R B AL 7y B ErE
AR EElUE, ~ REE B a3 M/ D E oy sk cp AR /S H N R S R R

CREEMT ~ 1540 & ~ 1516 ) > (EWTITE o] DU R RSSO R SO - I
AR AR AU AR R T BeE A -

AEEIHEEIE: 56— {8 58 2 Ay o S B NS e AR SRR - B AR RE RS AR
RRHVE IR (B NS EEEE ) A PECECS F S SAARREAE T ~ WA AT
R 25 B SR IRBE R % © EST - A (E RV ME I SRR - JRRERENT 38 A B HARK
HEHEEANRER - (EREIEA FHRRAV AR -

2t

AT R T R e B AR e AT T R R B L 2 B SR ARG E e
F IR B FZRE R/ NEEE > DAR B RIRGED T AT — (lfl SFe A B B S Bl A A 2 AT
(MOST104-2221-E-001-025)5F F 4Bl - RLIL - I BB AR H 2 GE SRR AR E
B Kl e/ NAH B i LAt 2 BRI SR AR [R5 25 2 S BB A 5 - Bef& - PRI A
HELERIKNEEER - LSS SR -
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Abstract

Active learning is becoming more and more important in machine learning that can
optimize the learning process [13]. The main concept is that if learning algorithm can choose
the most informative data points from which it learns, instead of choosing all of them, it will
perform better with less training. In other words, we recursively select the unlabeled data
instances by observing the known labeled data instances to obtain higher recognition
accuracy while using smaller amounts of data instances, i.e., a subset of all of the dataset or
random choose data when training the supervised learning system. [9]

For any supervised learning, if you would like to make the system perform well, it had
to be trained on lots of labeled instances. But, in these labeled instances, there might be some
worthless instances which affect the learning system and raise your training cost. So, we used
the active learning concept during training process to discriminate whether the data instance
is good for the learning system or not. In this work, we would like to know that the concept

of active learning to select the training data, will work or not.
RS © EB)FERE - EREAL - ZIEREHSREEE - e

Keywords: active learning, data selection, multimodal signal processing, machine learning
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Active Learning Spearman results

Spearman: Raw
LP_SU LP. SUD ME_SU ME_SUD Dbaseline

Audio 0.494 0.505 0.528 0.495 0.443
Video 0.353 0.368 0.357 0.362 0.343
Fusion 0.515 0.538 0.551 0.529 0.485

Spearman: Rank
LP_SU LP.SUD ME_SU ME_SUD baseline

Audio 0.512 0.525 0.532 0.501 0.483
Video 0.365 0.387 0.347 0.393 0.336
Fusion 0.542 0.566 0.536 0.560 0.516
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Abstract

In this paper, we explore a novel framework to generate a well-known text cloud visualiza-
tion with the conceptual sense. The traditional text cloud is usually generated according
to the word occurrence, possibly including the idf-based concept for word weight. The
solution is applicable for the long articles. However, for a set of short sentences such as
daily news titles, we cannot easily understand the weight of each keyword and its impor-
tance to users since the idf value and occurrence in short sentences are difficult to be both
well discriminative. In this paper, we propose a graph-based diffusion model to generate
conceptual level keyword cloud. We utilize the RDF-based Wikipedia word relation and
apply in the Chinese news titles from different news sources. The result shows that our

visualization can easily capture the importance concept revealed in a set of news titles.

Keywords: Keyword extraction, Document analysis, Document visualization, Graph-

based ranking algorithm

1. INTRODUCTION

As of today, information is ubiquitously generated as the advance of Internet and mobile
device. News, movies or books are digitalized to reach more people around the world. For
example, Google undertook a Google Books Library Project! to scan some old and hard-

copy books into its search database, allowing people to query the content in the convenient

Thttp:/ /www.google.com.tw/googlebooks /library/
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manner. Information from anywhere and at anytime can be reached in seconds. However,
the amount of information needed for each person is significantly small comparing to
the all available information. The previous keyword extraction algorithms [5] have been
developed for providing concise yet accurate keywords about an article or a piece of news.

As such, people can easily acquire sufficient information by merely viewing the keywords.

On the other hand, people can consume less time to grasp the concept of a piece of
information simply from the extracted keywords. For example, if we know a piece of news
has ” AlphaGo”, ”Lee Sedol” and ”Go match” as its keywords, it is easy to know that
the news is about the Go match? between the 18-time world champion, Lee Sedol, and
a computer Go program, AlphaGo. Likewise, if we extract the keywords from a complex
system, we can help people understand the system without diving into large amount of
information within the system. Take another scenario as an example. To understand the
current status in the US, we simply collect the news title of the past few weeks or months
and extracted the keywords from those titles. The extracted keywords from the titles

Y

may contains ”Hillary”, "Trump” and ”President”. It is easy to know that this year is
the election year for the US president. Users can easily conclude that the current biggest

issue of the US is the presidential election.

However, some important keywords do not always frequently appear in the title of the
news. For instance, Pokemon Go?, a promising mobile game, can be seen in many tech
news during June and July, 2016. But Niantic Inc., which is the developer of the game,
is seldom mentioned in the news titles. The developer company should be as important
as the game when we want to understand the trend in tech at that time. Similarly, the
conceptual keywords behind the explicit keywords should be considered when keywords
are extracted for any other complex systems. The keyword extraction process is more

comprehensive when the conceptual and explicit keywords are both considered.

To extract keywords from a system comprehensively, in this paper, we developed a

Knowledge Extracting Framework (KEF). The KEF consists of 5 phases. The primary

https://en.wikipedia.org/wiki/ AlphaGo_versus_Lee_Sedol
3http://www.pokemongo.com/
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goal of the KEF is to extract keywords from the given information about the interested sys-
tem, such as the current status of a country. To resolve the problem of conceptual keyword
extraction, we outsource to a well-established knowledge graph built from Wikipedia*. We
also refer to the technology of graph diffusion to evaluate the importance of each term,
including the conceptual terms and explicit terms used in the documents. As such, some
hidden conceptual keywords related to the explicit terms can be found from the Wikipedia
knowledge base. After extracting all the keywords, KEF will further visualize the result
into a Keyword Cloud (KC) according to their significance to the interested system. The

KC helps people understand the concepts or issues in the interested system at a glance.

2. RELATED WORKS

The keyword extraction algorithms are investigated to help readers better understand a
single document or a collection of documents by the high-level descriptions. A popular
mean to extract keywords for each document from a collection of documents is TF-IDF
(Term Frequency - Inverse Document Frequency). Instead of identifying the keywords of
a single document, Lee et al. re-defined the calculation of the term frequency to find the
keywords of a collection of news articles[3]. On the other hand, some works evaluate the
keywords based on merely the structure of a single document, such as the co-occurrence
in sentences between each terms[7] or the dominance between words by influence interval

structure(2].

The graph-based keyword extraction algorithms aim to identify keywords by the graph
of words and relations between those words. In [8], Mihalcea et al. employ PageRank [9]
to find the important words in a document and develop the TextRank framework. In [10],
Yang et al. add the topic information into each word in the graph of TextRank to add
the semantic relation between words. Therefore, some latent relations between words are
found by assigning the topic to each word. Another algorithm which considers the topic
of each word is Topical PageRank (TPR) proposed by Liu et al. [6]. They state that the
measurement for the word importance should be separately considered in different topics,

as shown in their result, TPR can find the keywords more accurately.

4https://en.wikipedia.org/
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However, the above algorithms can not solve the problem of conceptual keywords men-
tioned in Section 1. Because those algorithms find keywords only based on the collected
documents. If a hidden conceptual keyword is never mentioned in any document of the
collection, it is impossible to consider the conceptual keyword as important information.
Then, the extracted keywords may not be comprehensive for understanding an interested

system.

3. KNOWLEDGE EXTRACTING FRAMEWORK

We aim to exploit the simplicity and accuracy of keywords to help people understand
a complex system quickly and easily. In this paper, "system” refers to various possible
paradigms, which can be the current status of a country, the fashion trend or the products
of a company. As long as we have the information relevant to the targeted system,
Knowledge Extracting Framework (KEF) utilizes the information to generate a Keyword
Cloud (KC). As a result, the comprehensive concept about the complex system can be

grasped at a glance.

The KEF consists of four phases: keyword extraction, diffusion, significance evaluation
and text cloud visualization. D = {dy, ds, ..., d, } are the documents related to the targeted
system. After keyword extraction phase, K, = {ke,, ke,, ..., ke, } are extracted from D as
well as the term frequency of each keyword. To reveal the conceptual information behind
K., we use a knowledge graph of the RDF format in diffusion phase. The conceptual
keywords K; = {ki,, ki, ..., ki, } can be obtained from the RDF graph. Both K, and K;
are ranked by the significance scores calculated in significance evaluating phase. Finally,

the keywords are visualized in a KC according to the their significance scores.

3.1 Keyword Extraction Phase

We first transform the sentence into a set of terms. As such, each document in D is
represented by a set of terms. We use the tf-idf technique to identify the explicit keywords
K. in D. After filtering the stop words, the overall term frequency TF(k.,) for each

k., € K. is calculated within all documents in D. TF(k.,) can be considered as the
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significance score for each keywords. However, the problem of the conceptual terms may

appear. Consequently, users cannot easily obtain a comprehensive KC.

3.2 Diffusion Phase

In this phase, we aim to solve the conceptual keyword problem. The conceptual keywords
may not be seen or not appear frequently in D. However, the conceptual keywords are as
critical as K. In following sections, we call the conceptual keywords the implicit keywords
K;.

To find implicit keywords K; behind K., we refer to a well-established RDF graph built
from DBpeidal[l][4]. DBpeida is a database maintaining all information in Wikipedia. The
storing format of the database is n-triple, such as triple = (subject, predicate, object).
The subject is related to the object by the predicate. For example, (Pokémon Go, devel-
oper, Niantic Inc.) indicates that Pokémon Go is developed by Niantic Inc. A triple is a
fact. DBpedia is the database consisting of more than billion facts. These facts can be
transformed into the RDF graph. In the RDF graph, the subjects and the objects are the

nodes and the predicates are the edge between nodes.

P1 @ .
ﬂ Keywords Significance Score

Pa D2 ke1 TF(kel) + TF(kez) X &y
D2
ke, TF (ke,) X 8, + TF (ke,)
@ P1 ki, TF (ke,) X 8
Ps ki, TF (ke,) X 8y
ki, TF(ke,) X 8; + TF (ke,) X 8,

of

Figure 1. An example of RDF graph.

The implicit keywords K; are found from the RDF graph. Every explicit keyword k.,
is a node in the RDF graph. The implicit keywords are those nodes found by the 2-step
propagation. They are the neighbors of k., , represented as N(k.,), and the neighbors
of the neighbors, represented as J;, . Nk, IV (k;i). As shown in Figure 1, the implicit
keyword found by k., is k;,, ki,, ki, and k.,. pi1, p2, ps and ps are the predicates. The

calculation of significance score is discussed in Section 3.3.
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3.3 Significance Evaluating Phase

To determine the importance of each keywords, a significance score is given to each K,
and K; in this phase. For an explicit keywords, the term frequency T'F'(k.,) is calculated
in the keyword extraction phase. The T'F(k.,) can be used as a reference score for each

keywords. We define the significance score of a keyword as

TF(k) it ke K,
significance score(k) =
TF(ke,) x¢ ifkeK;and k€ [N(ke,)or | N(k)]
ki€N (key)
The significance score of an implicit keyword given by an explicit keywords is T'F (k. ) X
0;, where [ is the distance to the explicit keyword. The adjustment of the value §; is shown

in the Section 4. As a result, the score of each keywords is illustrated in Figure 1. The

score given by k., is the term frequency for k., and the score for the implicit keywords is

TF(ke,) X 0.

An implicit keyword may be the neighbor of several explicit keywords. An explicit
keyword could be the implicit keyword for many other explicit keywords. Therefore, the
significance score is accumulated each time when a node in the RDF graph is identified

as an implicit keyword.

3.4 Visualization Phase

To help people understand the targeted system quickly and easily, we employ a visualiza-
tion technique considering both the keywords and their significance - the word cloud. The
generated word cloud is called the Knowledge Cloud (KC). In the KC, the top-k keywords
are selected according to their scores. The selected keywords are scattered in the KC. If

a keyword has higher significance score, its font size is larger.

4. EXPERIMENTAL STUDIES

In this section, we discuss the performance of the KEF framework. To illustrate the

simplicity and the accuracy with keywords in a KC, we use the status in Taiwan for each
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month as the targeted system. Further, we adjust the decay parameter §; to investigate

how the value for §; can affect the final KC of the targeted system.

4.1 Experimental Setup

We use the news titles for each day in Taiwan as a mean to understand the status in
Taiwan every month. The news titles are obtained from a website called NewsDiff® and
they are published from September, 2013 to June, 2016. Specifically, six major Internet
news sources, such as Chinatimes and UDN news, are included. In our experimental
studies, only news titles are utilized since the news contents are too noisy. In average,

there are 134,395 news generated in each month.

We are interested in showing the status in Taiwan in September 2014, in short 2014
September status. At that time, a series of sit-in street protest, called Umbrella Revolution
happened in Hong Kong®. The students in Hong Kong led a strike against the decision
regarding to the reform of Hong Kong electoral system. The event caught the attention
of people in Taiwan because a similar protest, namely Sunflower Student Movement,
happened in Taiwan six months earlier. Therefore, the keywords of 2014 September
status are highly related to the Umbrella Revolution. Therefore, we compare different
methods and observe that whether the keywords related to the 2014 Hong Kong protest

appear.

The final result in the KC relies on how to calculate the significance score. The signifi-
cance score reflects the important concepts happening in 2014 September. To demonstrate
that the importance of finding implicit keywords, we compare our method, i.e., KEF, with
the Term Frequency (TF). In TF, the frequency of keywords is counted by the number of

occurrence in the news titles.

Additionally, the decay parameter ¢, affects the results in the KC as well. The value
of 0; and 0 are set to 1 in the K EF,p;form, Which means the importance of the implicit
keywords is the same as the related explicit keywords. The KEFjcrqchy reduces the

significance score of the implicit keywords according to an exponential function §; = Ae ™.

Shttp://newsdiff.g0v.ronny.tw/
Shttps://en.wikipedia.org/wiki/2014_Hong Kong_protests
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4.2 Performance Evaluation
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Figure 2. The 2016 February status is generated by the TF method.

In Figure 2, we observe that the words related to the Umbrella Revolution, such
as "Mainland China” (KF%), "Hong Kong” (F#) and ”Student” (2 4), are in the KC
generated by the TF method. However, the related information about the event is not
observed in the KC. On the other hand, the KC generated by the K EFpjerqcny has richer
information. For example, the Hong Kong protest caused a severe slump in Hong Kong
tourism(FH#EIR B 3). Sen-Hong Yang (5% 7) who is a journalist and human rights
activist made many comments about the protest. Through the KC of the K EFpicrachy,
users can have a comprehensive understanding about the most interested issue of 2014

September status.

FSCHY ST SEpe EhE AR

mz.%éé SGHNE X*‘*,F oz BHES
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Figure 3. The 2016 February status is generated by the K EFjjcrqchy method.

In Figure 3 and 4, the effect of the value of 6; can be observed. For both K EF}erachy
and KEF,,iform, we find the neighbors of k., within distance 2 as the implicit key-
words. The KEF,torm gives the same significance score to the implicit keywords. The
K E Fhierachy reduces the significance of the implicit keywords according to the distance to

ke,. The X value of the exponential function is set to 1.
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Comparing to the KC in Figure 2 and 3, the keywords in this Figure 4 are less relevant
to 2014 September status. Instead, the KC is full of many hub keywords, which is the
keywords related to many explicit keywords. Because the significance score is added by
each k., equally, the hub keywords can have higher score easily. The effect of d; can be
observed through Figure 3 and 4.
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Figure 4. The 2016 February status is generated by the K EF,;form method.

5. CONCLUSIONS

In this paper, we aim to generate a conceptual-level KC of an interested system. The
generated KC can help people understand a complex system at a glance. We argue that,
when the importance of a keyword is weighted, we should consider both term frequency
and the conceptual relation between keywords. The proposed framework, KEF, utilizes
RDF-based word relation graph to find the hidden relation between keywords. In the
significance evaluation phase of the KEF framework, the significance of the keywords is
calculated not only based on the term frequency but also the relations between keywords.
The experimental results demonstrated that the KEF framework can accurately generate
a comprehensive KC for the status in Taiwan in September 2014e. In the future, we plan to
apply KEF to different systems, such as tech trend detection. Furthermore, a generalized
KEF could be devised as a general-purpose service to help people easily understand the

concepts of their interested systems.
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