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Messages from Conference Chairs

On behalf of the Conference Chairs, I would like to welcome you to the 34th Conference
on Computational Linguistics and Speech Processing (ROCLING 2022), which will be
held in Taipei, Taiwan, from November 21 to 22" 2022. ROCLING 2022 is jointly
hosted by Taipei Medical University (TMU), National Pingtung University (NPTU), and
the Association for Computational Linguistics and Chinese Language Processing
(ACLCLP). The Conference is also supported by the National Science and Technology
Council and the Ministry of Education.

ROCLING 2022 is of special significance during this particularly exciting period: our
field has grown drastically with NLP gaining much interest and prominence in both
research and industry, and the barrier to entry lowered considerably. With the easing of
COVID-19 related measurements worldwide this year, we are finally able to come
together and attend the conference in person to interact and enjoy the exchange of
expertise.

This Conference would not have materialized without the dedication, guidance and
assistance from the Organizing Committee. Many thanks to the Program Chairs, Prof.
Jheng-Long Wu and Prof. Ming-Hsiang Su, the Demo Chair, Prof. Hen-Hsen Huang, the
Special Session Chairs, Prof. Chin-Hung Chou and Yuan-Fu Liao, and the Shared Task
Chair, Prof. Lung-Hao Lee for their coordination of the review process, which enables
top quality research papers and informative talks to be presented during the conference.
We also like to thank Prof. Yi-Fen Liu for her assistance in the publication of conference
proceedings, which will be published by ACL Anthology.

We are also extremely grateful to all sponsors for their continuous and generous support.
In addition, we would like to thank the chairs of previous conferences for their gracious
help and advice, passing on all the know-how with much patience. We would also like to
express our gratitude to the reviewers, workshop organizers, tutorial instructors, authors
and presenters of the papers, and invited speakers. We thank all authors who have
submitted their work for review. Your hard work makes this conference exciting and our
community strong.

Finally, we would like to thank you, our participant, for making all efforts to attend the
Conference from November 21% to 22", 2022. Please enjoy yourself, and We hope you
will leave feeling scientifically engaged and happy with all the new connections you
have made with like-minded peers.

Welcome and enjoy the conference!

Yung-Chun Chang, Taipei Medical University
Yi-Chin Huang, National Pingtung University
ROCLING 2022 Conference Chairs



Messages from Program Chairs

The excellent program and activities of ROCLING 2022 are the result of collaborative
efforts of more than 40 program committee members and conference organizers. Each
paper has been reviewed by 2 to 3 PC members, and we thank all of them for their
insightful reviews, from which we can build an outstanding technical program. We
would also like to thank the Demo Chair, Dr. Hen-Hsen Huang of Academia Sinica, for
coordinating three excellent tutorials. We are very grateful to the Publication Chair, Prof.
Yi-Fen Liu of the Feng Chia University, for editing the conference proceedings. We
would also like to express our gratitude to the Special Session Chairs, Prof. Chin-Hung
Chou of National Central University and Prof. Yuan-Fu Liao of National Yang Ming
Chiao Tung University, and Shared Task Chair, Prof. Lung-Hao Lee of National Central
University, for organizing the special session and shared task that enable the outreach of
conference events to many important communities. Last but not least, we appreciate the
contributions of Conference Co-chairs, Prof. Yung-Chun Chang of Taipei Medical
University, and Prof. Yi-Chin Huang of National Pingtung University, to the
construction of the conference website and event coordination.

Jheng-Long Wu, Soochow University

Ming-Hsiang Su, Soochow University
ROCLING 2022 Program Chairs



NLP Keynote by Prof. Makoto P. Kato

Matching Texts with Data for Evidence-based
Information Retrieval

Speaker: Prof. Makoto P. Kato
Professor, The University of Tsukuba, Japan

Time: Monday, November 21, 2022, 09:00 - 10:00

Biography
Makoto P. Kato received his Ph.D. degree in Graduate School of Informatics from
Kyoto University, Sakyo Ward, Yoshidahonmachi, in 2012. Currently, he is an
associate professor of Faculty of Library, Information and Media Science, University
of Tsukuba, Japan. In 2008, he was awarded "WISE 2008 Kambayashi Best Paper
Award' through the article 'Can Social Tagging Improve Web Image Search?' with
other researchers. In 2010, he served as a JSPS Research Fellow in Japan Society for
the Promotion of Science. During the period 2010 to 2012, he also served in Microsoft
Research Asia Internship (under supervision by Dr. Tetsuya Sakai in WIT group),
Microsoft Research Asia Internship (under supervision by Dr. Tetsuya Sakai in WSM
group), and Microsoft Research Internship (under supervision by Dr. Susan Dumais in
CLUES group). From 2012, he worked as an assistant professor in Graduate School of
Informatics, Kyoto University, Japan. His research and teaching career began, and he
worked as an associate professor from 2019 in Graduate School of Informatics, Kyoto
University, Japan. His research interests include Information Retrieval, Web Mining,
and Machine Learning, while he is an associate professor in Knowledge Acquisition

System Laboratory (Kato Laboratory), University of Tsukuba, Japan.



Abstract

We are now facing the problem of misinformation and disinformation on the Web,
and search engines are struggling to retrieve reliable information from a vast amount
of Web data. One of the possible solutions to this problem is to find reliable evidences
supporting a claim on the Web. But what are “reliable evidences”? They can include
authorities' opinions, scientific papers, or wisdom of crowds. However, they are also

sometimes subjective as they are outcomes produced by people.

This talk discusses some approaches incorporating another type of evidences that are

very objective --- numerical data --- for reliable information access.

(1) Entity Retrieval based on Numerical Attributes. Entity retrieval is a task of
retrieving entities for a given text query and usually based on text matching between
the query and entity description. Our recent work attempted to match the query and
numerical attributes of entities and produce explainable rankings. For example, our
approach ranks cameras based on their numerical attributes such as resolution, f-
number, and weight, in response to queries such as “camera for astrophotography”

and “camera for hiking”.

(2) Data Search. When people encounter suspicious claims on the Web, data can be
reliable sources for the fact checking. NTCIR Data Search is an evaluation campaign
that aims to foster data search research by developing an evaluation infrastructure and
organizing shared tasks for data search. The first test collection for data search and

some findings are introduced in this talk.

(3) Data Summarization. While the data search project attempts to develop a data
search system for end users and help them make decisions based on data, it is still
difficult for users to quickly interpret data. Therefore, data summarization techniques
are also necessary to enable users to incorporate data in their information seeking
process. Recent automatic visualization and text-based data summarization techniques

are presented in this talk.



Speech Keynote by Prof. Junichi Yamagishi

Speech Synthesis Research 2.0
Speaker: Prof. Junichi Yamagishi

Professor, National Institute of Informatics, Japan

Time: Tuesday, November 22, 2022, 09:00 - 10:00

Biography
Junichi Yamagishi received the Ph.D. degree from Tokyo Institute of Technology in
2006 for a thesis that pioneered speaker-adaptive speech synthesis. He is currently a
Professor with the National Institute of Informatics, Tokyo, Japan, and also a Senior
Research Fellow with the Centre for Speech Technology Research, University of
Edinburgh, Edinburgh, U.K. Since 2006, he has authored and co-authored more than
250 refereed papers in international journals and conferences. He was an area
coordinator at Interspeech 2012. He was one of organizers for special sessions on
“Spoofing and Countermeasures for Automatic Speaker Verification” at Interspeech
2013, “ASVspoof evaluation™ at Interspeech 2015, “Voice conversion challenge 2016
at Interspeech 2016, “2nd ASVspoof evaluation” at Interspeech 2017, and “Voice
conversion challenge 2018 at Speaker Odyssey 2018. He is currently an organizing
committee for ASVspoof 2019, an organizing committee for ISCA the 10th ISCA
Speech Synthesis Workshop 2019, a technical program committee for IEEE ASRU
2019, and an award committee for ISCA Speaker Odyssey 2020. He was a member of
IEEE Speech and Language Technical Committee. He was also an Associate Editor of
the IEEE/ACM TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE
PROCESSING and a Lead Guest Editor for the IEEE JOURNAL OF SELECTED



TOPICS IN SIGNAL PROCESSING special issue on Spoofing and Countermeasures
for Automatic Speaker Verification. He is currently a guest editor for Computer
Speech and Language special issue on speaker and language characterization and
recognition: voice modeling, conversion, synthesis and ethical aspects. He also serves
as a chairperson of ISCA SynSIG currently. He was the recipient of the Tejima Prize
as the best Ph.D. thesis of Tokyo Institute of Technology in 2007. He received the
Itakura Prize from the Acoustic Society of Japan in 2010, the Kiyasu Special
Industrial Achievement Award from the Information Processing Society of Japan in
2013, the Young Scientists’ Prize from the Minister of Education, Science and
Technology in 2014, the JSPS Prize from Japan Society for the Promotion of Science
in 2016, and Docomo mobile science award from Mobile communication fund in

2018.

Abstract

The Yamagishi Laboratory at the National Institute of Informatics researches text-to-
speech (TTS) and voice conversion (VC) technologies. Having achieved TTS and VC
methods that reproduce human-level naturalness and speaker similarity, we introduce
three challenging projects we are currently working on as the next phase of our

research.

(1) Rakugo speech synthesis [1] As an example of a challenging application of speech
synthesis technology, especially an example of an entertainment application, we have
concentrated on rakugo, a traditional Japanese performing art. We have been working
on learning and reproducing the skills of a professional comic storyteller using speech
synthesis. This project aims to achieve an "AI storyteller" that entertains listeners,
entirely different from the conventional speech synthesis task, whose primary purpose
is to convey information or answer questions. The main story of rakugo comprises
conversations between characters, and various characters appear in the story. These
characters are performed by a single rakugo storyteller, who changes their voice
appropriately so the listeners can understand and entertain them. To reproduce such
characteristics of rakugo voice by machine learning, performance data of rakugo and
advanced modeling techniques are required. Therefore, we constructed a corpus of

rakugo speech without any noise or audience sounds with the cooperation of an Edo-



style rakugo performer and modeled this data using deep learning. In addition, we
benchmarked our system by comparing the generated Rakugo speech with

performances by Rakugo storytellers of different ranks (“Zenza/FijJ%," “Futatsume/ .

D H," and “Shinuchi/Ef]") through subjective evaluation.

(2) Speech intelligibility enhancement [2] In remote communication, such as online
conferencing, there are environmental background noises on both speaker and listener
sides. Speech intelligibility enhancement is a technique to manipulate speech signals
so as not to be masked by the noise on the listener's side while maintaining the volume.
This is not a simple conversion task since "correct teacher data" does not exist. For
this reason, deep learning has not been used in the past, and there has been no
significant technological progress. However, various possible practical applications
exist, such as intelligibility enhancement of station announcements. Therefore, we
proposed a network structure called "iMetricGAN" and its learning method, in which
complex and non-differentiable speech intelligibility and quality indexes are treated as
output values of a discriminator in an adversarial generative network, the
discriminator approximates the indexes and based on the approximated indexes, a
generator is used to transform an input speech signal into an enhanced, easy-to-hear
speech signal automatically. Subject experiments confirmed that this transformation

significantly improves keyword recognition in noisy environments.

(3) Speaker Anonymization [3, 4] Now that it is becoming easier to build speech
synthesis systems that digitally clone someone’s voice using ‘found' data on social
media, there is a need to mask the speaker information in speech and other sensitive
attributes that are appropriate to be protected. This is a new research topic; it has not
yet been clearly defined how speaker anonymization can be achieved. We proposed a
speaker anonymization method that combines speech synthesis and speaker
recognition technologies. Our approach decomposes speech into three pieces of
information: prosody, phoneme information, and a speaker embedding vector called
X-vector, which is standardly used in speaker recognition and anonymizes the
individuality of a speaker by averaging only the X-vector with K speakers. A neural
vocoder is used to re-synthesize high-quality speech waveform. We also introduce a

speech database and evaluation metrics to compare speaker anonymization methods.
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(Language Model Based Chinese Handwriting Address Recognition)

Chieh-Jen Wang, Yung-Ping Tien, Yun-Wei Hung
Service Systems Technology Center, Industrial Technology Research Institute
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Abstract

Chinese handwritten address recognition of
consignment note is an important challenge
of smart logistics automation. Chinese
handwritten characters detection and
recognition is the key technology for this
application. Since the writing mode of
handwritten characters is more complex
and diverse than printed characters, it is
easy misjudgment for recognition.
Moreover, the address text occupies a small
proportion in the image of the consignment
note and arranged closely, which is easy to
cause difficulties in detection. Therefore,
how to detect the address text on the
consignment note accurately is a focus of
this paper. The consignment note address
automatic detection and recognition system
proposed in this paper detects and
recognizes address characters, reduces the
probability of misjudgment of Chinese
handwriting recognition through language
model, and improves the accuracy.
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Abstract

This paper constructs a Chinese dialogue-
based  information-seeking  question
answering dataset CMDQA, which is
mainly applied to the scenario of getting
Chinese movie related information. It
contains 10K QA dialogs (40K turns in
total). All questions and background
documents are compiled from the
Wikipedia via an Internet crawler. The
answers to the questions are obtained via
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extracting the corresponding answer spans
within the related text passage. In CMDQA,
in addition to searching related documents,
pronouns are also added to the question to
better mimic the real dialog scenario. This
dataset can test the individual performance
of the information retrieval, the question
answering and the question re-writing
modules. This paper also provides a
baseline system and shows its performance
on this dataset. The experiments elucidate
that it still has a big gap to catch the human
performance. This dataset thus provides
enough challenge for the researcher to
conduct related research.
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IR PHE Rl FB B
Module  R@1 R@5 R@10 R@l R@5 R@10 R@l R@5 R@10
BM25 20.925 51.356 61.510 20.158 48325 59.469 20433 49.926  60.158
BM25* 19492 50.826 62917 26.740 55298 65555 23278 51513  63.199
DPR 54120  75.776 79435 44613 72558  77.963 46447 71.023  76.206
BMD 68.359  86.955 88.384 62.131 88.022 90.785 63.912 87.223  90.412
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DPR @ 5 24.87 34.91 22.88 37.05 20.72 39.11
DPR @ 10 24.31 38.93 22.52 36.51 20.33 38.59
BMD @ 1 45.61 62.36 40.22 56.56 39.29 58.31
BMD @ 5 29.68 46.71 30.11 44.63 28.68 46.10
BMD @ 10 28.64 44.54 28.35 42.99 26.42 44.05
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QR PIRE BB 2R E
Module ROUGE-L. BLEU EM ROUGE-LL BLEU EM ROUGE-L. BLEU EM
Original Q 42.683 16.49 0 43.241 14.846 0 42.291 17.289 0.885
QR[ReA] 44.706 18.089 0 45.585 17.834 0.173 45.773 19.974 1.22
QR[ReQ] 42.168 15.389 0.119 42.009 13.186 0 40.72 13.927 0
QRIM] 56241 40467 5622 58454 41866 3286  57.910  43.759 3540
4 7.CMDQA 2 K 3T F 3 Rl 2 &
Dialogue P HE kY w Rk
F1* F1 EM F1* F1 EM F1* F1 EM
Human Performance* 88.619 88246 80.851 89.421 89990 76.595 86.123 87.026 78.723
Gold P + Gold Q 76.763 76.851 52.212 86.861 86.869 73.737 81.735 82.075 66.038
BMD@1+ Gold Q 45776  46.019 17.543 43.309 43434 15.152 49.772 49.686 19.811
BMD@5 + Gold Q 32.209 32303 7.681 3528 35101 9596 38.356 37.893 10.377
BMD@10 + Gold Q 31.257 31265 7.362 33.333 33.165 8.586 35.16 35.063 10.377
BMD@1 + Pron. Q 19.676 20.614 0.309 21.898 21.886 0.505 23.288 23.428 0.943
BMD@5 + Pron. Q 15582 16.228 0.199 18.248 18.182 0.505 17.808 18.082 0.000
BMD@10 + Pron. Q 13.145 13.674 0.004 13.382 13.384 0.505 20.548 20.440 0.000
BMD@1 + RewritingQ ~ 36.209 37.220 5529 36.983 37.290 8586 44.292 44.340 15.094
BMD@5 + RewritingQ ~ 21.842 22282 2740 21.655 21.717 4545 28.767 28.302 8.491
BMD@10+ RewritingQ  19.770 20.255 1.624 23.114 23316 5.556 25571 25472 7.547
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Abstract

Unsupervised extractive summarization
has recently gained importance since it
does not require labeled data. Among
unsupervised methods, graph-based ap-
proaches have achieved outstanding results.
These methods represent each document
by a graph, with sentences as nodes and
word-level similarity among sentences as
edges. Common words can easily lead
to a strong connection between sentence
nodes. Thus, sentences with many com-
mon words can be misinterpreted as salient
sentences for a summary. This work ad-
dresses the common word issue with a
phrase-level graph that (1) focuses on the
noun phrases of a document based on gram-
mar dependencies and (2) initializes edge
weights by term-frequency within the tar-
get document and inverse document fre-
quency over the entire corpus. The im-
portance scores of noun phrases extracted
from the graph are then used to select the
most salient sentences. To preserve sum-
mary coherence, the order of the selected
sentences is re-arranged by a flow-aware or-
derBERT. The results reveal that our un-
supervised framework outperformed other
extractive methods on ROUGE as well as
two human evaluations for semantic simi-
larity and summary coherence.

Keywords: Extractive Summarization,
Graph, Dependency, Summary Coherence

1 Introduction

Text summarization helps in preserving and
compressing representative information from
long documents. This work aims at the extrac-
tive summarization, which condenses a doc-
ument by extracting a few salient sentences.

“The corresponding author.
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It produces fluent sentences with less training
data than abstractive methods.

Most extractive summarization research
focuses on supervised learning meth-
ods (Narayan et al., 2018; Dong et al.,
2018; Yao et al., 2018; Wu and Hu, 2018;
Liu and Lapata, 2019) to derive models for
automatically observing salient sentences
based on specified golden labels. Nonetheless,
it is impractical to expect the availability

of such high-quality training datasets. on
the rich unpaired data. In this method,
researchers model textual content into

sentence-level (Erkan and Radev, 2004; Mi-
halcea and Tarau, 2004; Mallick et al., 2019;
Zheng and Lapata, 2019) or hybrid (Tarau
and Blanco, 2019) graphs and and adopt
PageRank-based algorithms algorithm (Page
et al., 1999) to retrieve the salient sentences
in a document. Due to the characteristics
of the graph, the extracted salient sentences
are easily affected by common or function
words that have high connectivities and are
overestimated as key nodes. In addition,
coherence is considered as an important
attribute in summarization as it keeps the
flow of concepts smooth and logical. However,
few studies take coherence into consideration.

To address the above issues, this work as-
sumes the major concepts in a document
are expressed by key noun phrases and con-
structs a phrase-level graph specific for noun
phrases that leverage grammar dependencies.
With salient sentences extracted by key noun
phrases, a sentence re-ordering step is applied
to ensure the flow of concepts is contextually
correct for the reader’s understanding. There
are two major steps in the proposed frame-
work: key moun phrase extraction and salient
sentence extraction, as shown in Figure 1. Our
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contributions are summarized as:

e An unsupervised extractive framework is
proposed by constructing a novel phrase-
level graph to obtain key noun phrases
for salient sentence extraction. The pro-
posed framework not only outperformed
all extractive baselines on ROUGE, but
also achieved results closer to the SOTA
supervised transformer-based methods.

e The proposed orderBERT reorders the
summary with respect to
sentence-level context, which improves
9% over using sentence’s original position
in a human-reader evaluation.

sentences

e The proposed noun phrase hyper relation
extraction method can obtain more rela-
tions and less duplicates. These rich rela-
tions then provide more nodes and edges
information to the phrase-level graph.

2 Key Noun Phrase Extraction

Keyphrases represent important information
in sentences and documents but not all of them
contribute the same amount of information.
With noun phrases indicated as the most com-
monly occurring structures among different
types of corpora (Le et al., 2016), the proposed
method assumes that they potentially provide
coverage of the major conceptual points of the
document. By focusing on extracting key noun
phrases from documents, this work proposes
a graph-based keyphrase extraction for noun
phrases in an unsupervised manner.

The key noun phrase extraction is separated
into two steps: noun phrase hyper relation
extraction and graph-based keyphrase scoring.
The former is designed to extract the noun
phrases along with the relations between them
in a complete as possible manner according to
the grammar dependency. To extract impor-
tant noun phrases and avoid an undue influ-
ence of common words, further relations are
adopted as a guide in constructing the depen-
dency graph for specific noun phrases.

2.1 Noun Phrase Hyper Relation
Extraction

In traditional relation extraction methods,
noun phrases are extracted based on co-
occurrence within a predefined window size,
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which might encounter a window size limita-
tion; in other words, noun phrases whose re-
lations are outside of the window size will be
ignored. To overcome this limitation, this pa-
per adapted the concept of open information
extraction (OpenlE) to enable the extraction
of both short and long relations between noun
phases based on grammar relations, which is
denoted by relation triples as in Definition 1.

Definition 1. (Relation Triple). Let s, o,
r, N, and NP denote a subject, object, their
relation, the set of nouns, and the set of
noun phrases, respectively. The relation triple
set RT s presented as follows:

RT = {(s,r,0)|s,0 € NUNP} (1)

The goal of phrase relation extraction is to
retrieve a set of triples RT from each sentence.
However, existing OpenlE tools mainly focus
on the direct relations between subjects, verbs,
and objects. Consequently, complex relations
cannot be captured, e.g. the intra-clause re-
lation of two nouns and nested clauses. Ex-
cept for adopting existing OpenlE tools, our
approach proposes rules to capture complex
relations based on the grammar dependencies
as defined in Definition 2.

Definition 2. (Grammar Dependency). Let
¢ be the grammar dependency type between
a source word vy and a target word T in a
given sentence st. A set of grammar depen-
dencies GD¢ with type  in a given sentence st
is presented as GDI = {(v,7)}.

With the dependency parsing tool from
Stanford CoreNLP (Manning et al., 2014), a
set of dependencies GD*! and the correspond-
ing word pairs are first extracted. In Figure 2,
the extracted dependencies can be presented
as GD* = {GD?;UBJ? GDétASE’ SERR) GDi\/{OD},
GD?. ., = {(success, for), (models, of)}. These
dependencies GD*! are then used to construct
the triples RT for each sentence by algorithms

proposed in the following sections.

2.1.1 Inter-clause Relation

To extract relations in the same clause, the
proposed procedures are shown below.

Definition 3. (RT from Nominal Subjects).
Let NSUBJ, OBJ, OBL, XCOMP, COP, and AUX
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Figure 2: Example of dependency parsing

be the dependency types mominal subject, ob-
ject, oblique nominal, open clausal comple-
ment, copula, and auziliary. Let GDygyp, de-
note the set of grammar dependencies with type
NSUBJ, where the set consists of two types of
word pairs: (Vv,T), (Vo is verb); and (yn,T),
(vn is noun). Let (7,,7) € GDep; U GDopy,
(Yo, T) € GDxoump, and (7,7) € GDoopUGD 4px.
Triples can be extracted as follows:

RTNSUBJ

OBJ,OBL — {(7': Yo, 7A')|7v = ’YAU}
RT%Z%ES’ = {(T7 T, 72)|'7v =Yy, T = ’}71)}

RTXEIL)}(?&I‘OP - {(Ta f?v ’Yn)h/n = 7:}

—~ —~
= W N
— N

Definition 4. (RT from Passive Nomi-
nal Subjects). Let NsSuBJ:P denote the
passive-nominal-subject type.  Let (v,7) €
GDysussps (7,7) € GDegy, and (3,7) €
GDyounp- The triples can be extracted by

RTeL™ ={(r,y, P)ly =4} ()
RTGw " ={(ry, D)y =7} (6)

Definition 5. (RT from Nominal Modifier).
Let NMOD, CASE, PUNCT be dependencies types
nominal modifier, case marking, and punctua-
tion, respectively. Let (v,7) € GDyyop and
(4,7) € GDeysp U GDpyner.  Triples are built
as RTM™OP = {(,7,7)|T = 4}.

Based on Definitions 3 to 5, these triples are
first extracted and denoted as RT for bravity.
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However, some relations are still missing after
these extraction processes, such as relations
between nouns and the corresponding apposi-
tions, which are ignored. Two algorithms in
Definitions 6 and 7 are then proposed.

Definition 6. (RT from Conjunction). Let
CONJ denote the conjunction dependency type
and RT denote the set of all extracted triples.
The triple set RTN is extracted based on Al-
gorithm 1 for each (s,r,0) € RT.

Algorithm 1 RT Construction from CONJ

for (v,7) € GDcoys do
if v ==r then
if 7.isVerb() A T.hasNoSubject() then

object < getObj(GDoy, T)
return (s, 7, object)

else if 7 == o0 then
return (s,r,7)

Definition 7. (RT from Appositional Mod-
ifier). Let APPOS denote the appositional-
modifier dependency type. Let (v,7) €
GD ,ppos, (s,7,0) € RT, and ¢ denote an
empty relation word. The triples are built as

RTA7"% = {(v, ¢, 7)|y = s Vv = o}.

2.1.2 Intra-clause Relation

For dependencies in the independence and sub-
ordinate clauses, the dependencies of which
the object or subject in a subordinate clause
provides complements for an independent
clause are leveraged. Two subordinate clauses
are considered and defined below.

Definition 8. (RT from Adjective Clausal
Modifier of Noun). Let ACL be the adjective-
clausal-modifier dependency type. Let (vy,T) €
GR.cr, (7,7) € GRopy. Triples are extracted
as RT* = {(7,7,7)|y = 4},
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ob
)
RTZ;;”ZIBL additive models provide an important family.
’ nsubj * {(models, provide, family)}
ob
RTNS”B] decays provide a clean way to probe the complex.
Xcomp ‘W’ ‘ {(decays, probe, complex)}
CO|
NSUBJ | reasons for the success of models are their flexibility.
RT 1 ;
cop nsubj m) ((reasons, are, flexibility)}
obl
NSUBJ:P | interaction effects can be parametrized by a single quantity
RT p ubhidbttbiiadill bl
OBL nsubj:pass m) {(effects, parametrized, quantity)}
reasons for the success of models are their flexibility.
RTNMOD o — {(reasons, for, success),
= (success, of, models)}
. conj iy obj N
RTCON] the app{oach is to fit both models and compare their risks.
nsubj *{(uppraach, compare, risks)}|
effects is a quantity , the pseudoscalar meson decay constant
APPOS C >
RT
appos m) {(quantity, 0, constant)}
acl obl
ACL Eco-friendly cars that run on electricity help the environment.
RT that run on electricity
Adjective clause m)  {(cars,run, electricity)}
advcl
ADVCL convergence can be gua?anteed only if a good approximation i$ known
RT nsubj-pass Adverbial clause  “Rsubjipass
* {(convergence, if, approximation)}

Figure 3: Examples of RT construction

Definition 9. (RT from Adverbial Clause
Modifier). Let ADVCL and ADVMOD be depen-
dency types adverbial clause modifier and ad-
verbial modifier, respectively. Let RT be all the
extracted triples. The subsets of the triples are
built by Algorithm 2 for each (7v,7) € GR pver
and all the triples are merged as RT*PVE,

Algorithm 2 RT Construction from ADVCL

tmpRT = ()
for (s,r,0) € RT do
if v ==r then
adverb <+ get Adv(GRapvyion, T)
object + getObj(GRosy U GRopi, T)
tmpRT.add((s, adverb, object))
continue
for ('3/7 71) € GRysupsr do
if v == 4 then
object + getObj(GRosy U GRogr, T)
adverb <+ get Adv(GRapvyion, T)
tmpRT.add((7, adverb, object))

return tmpRT

As the adjective clauses provide extra in-
formation for the noun, there exists relations
between the corresponding object of the verb
in an adjective clause and the noun. Such
relations could be extracted by Definition 8.
For an adverbial clause, there are two major
cases to be captured. First, all the extracted
triples are considered, as an adverbial clause
describes the conditions or reasons (such as if
or since) for the action of a subject with re-
gard to the corresponding object in the inde-
pendent clause. Second, for a subject in the
passive voice, it may not have a correspond-
ing object and thus cannot be extracted by the
previous methods. The details and an example
are shown in Definition 9 and Figure 3, respec-
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tively. For brevity, all the extracted triples to
this end are denoted as RT.

Lastly, due to the design of CoreNLP, the ex-
tracted (noun) words in RT are still uni-grams.
To present the noun phrase, a uni-gram is com-
bined with the previous word if there exists
a grammar type for a compound or adjectival
modifier. Let a target word be the subject s or
object o from an extracted triple (s,r,0) € RT
of the sentence st. If the relation r between
the target word and of any its previous word is
compound, this work considers that this previ-
ous word is able to modify the meaning of the
target word and, thus, combine these words.

2.2 Graph-based Keyphrase
Extraction

Let S, R, and O denote the sets of subjects, re-
lations, and objects in the extracted relation
triples RT from all the sentences in a docu-
ment, respectively, A bi-directional graph G is
built as G = (V,E), where V represents noun
phrase nodes and E denotes the edges, such
that V=SUO and E = R.

With all the triples RT transformed into a
graph G, a keyphrase extraction method is
proposed to retrieve important noun phrases
through this graph. The PageRank algo-
rithm (Page et al., 1999) was adapted to score
all the nodes in the graph. However, due to
the nature of PageRank, the score of common
phrases could be too high as they have more
edges than other nodes. Thus, to avoid this
common word issue, the term-frequency in-
verse document frequency (TFIDF) ratio was
adapted for the edge weight in advance from
all the training documents. It is computed by:

Dl
df (w)
(7)

where freq(w) denotes the frequency of
word w in the source document, |D| repre-
sents the number of total source documents
in the collection, and df(w) is the number
of documents that contain the word w. It
is worth noting that the although common
words have lower IDF values, they still achieve
high scores due to their overly high frequen-
cies. The log function is thus adopted for
freq(w). The TFIDF scores are added into

TFIDF(w) = loga(freq(w)) * logy
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graph G = (V,E, O) as edge weights © = {0}
by the following equation:

TFIDF;
TFIDF; + TFIDF,

0; ; = |Relation; ;| * (8)
where 6; ; is the edge weight, and |Relation; ;|
is the number of relations among nodes v;, v;.
PageRank is adopted in the end to obtain the
importance scores for noun phrase nodes.

3 Salient Sentence Extraction

Consistent with our assumption that noun
phrases potentially provide coverage of the
major conceptual aspects of a document, the
salient sentences are also selected based on
these noun phrases with the corresponding
importance scores derived by the weighted
graph. In the following section, a context-
aware BERT is derived to perform sentence
reordering for the top salient scores in order
to maintain summary coherence.

3.1 Salient Sentence Score Calculation

With important scores of noun phrases, they
are utilized to calculate the salient score for
each sentence in the document. Let d = {st;},
st; = {pr}, G, and V(@ be a document, sen-
tence, graph, and set of nodes, respectively,
where st; represents the it sentence in docu-
ment d, p, denotes the k" noun phrase in st;,
G denotes the graph constructed by d, and
V@ e G@. Sum aggregation was applied to
score the salience value for a given sentence:

> 9)

prE(sent,NV)

Scoresent, = Scorey,

where Scorep, is the importance score of noun
phrase py, calculated by G(@. Note that dif-
ferent sentence scoring methods were also pro-
posed, such as the average aggregation, yet the
sum aggregation performs the best.

3.2 Coherence Order Arrangement

With the salient score of each sentence in a
document, sentences are ranked according to
their scores. An intuitive solution to maintain
the summary coherence in the extractive sum-
marization is to reorder these top-n sentences
according to their original position order in the
source document (Zhong et al., 2020). How-
ever, the flow of selected sentences might be

19

disrupted and, hence, damage the readability
of the generated summary. With regard to the
challenge, a flow-aware orderBERT is pro-
posed for sentence order arrangement.

3.2.1 orderBERT

The orderBERT is a fine-tuned BERT by a
modified objective of the next sentence pre-
diction (NSP) (Devlin et al., 2019). Given a
sentence pair (stq, stg), the goal of NSP is to
predict whether the second sentence stg is the
sentence after the first sentence st,,.

In the original NSP, its negative samples
are sentence pairs sampled from different doc-
uments. However, these training data may re-
sults in two objectives while pretraining: (1)
BERT can successfully classify the “order” and
“context” in which the given sentences are
in the incorrect order or from different doc-
uments are classified as negative; instead, (2)
it only predicts whether two input sentences
originate from the same document or from dif-
ferent ones. It is difficult to ensure that BERT
is aware of the order of the given sentences.
Thus, this study finetunes BERT by the sen-
tence order based on a context-aware NSP
fine-tuning strategy. Specifically, as addi-
tional negative samples, a set of sentence pairs
are constructed by inverse order of two conse-
quent sentences within a single source article.
The number of inverse-order false samples are
set to be the same as the number of original
consequent sentence pairs, as done in the orig-
inal work (Devlin et al., 2019).

To this end, the training dataset contains
(1) correct order consequent sentence pairs
within a document (positive sample), (2) sen-
tence pairs from different documents (negative
sample), and (3) inverse-order consequent sen-
tence pairs within a document (negative sam-
ple). With this training set, orderBERT was
trained to predict whether the second sentence
is next in order after the first sentence (Huang
et al., 2021), thereby going beyond merely rec-
ognizing whether or not the sentences are from
the same document. Note that this process
remains unsupervised since its labels are ob-
tained naturally from documents.

3.2.2 Summary Sentence Reordering

With the trained orderBERT, given a pivot
sentence and a set of candidate sentences, we
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let orderBERT go through all the pairs of pivot
sentence and candidates to obtain the most
suitable candidate connected after the pivot
Finally, given a set of salient sen-
tences, orderBERT then maintains the coher-
ence of summary by re-ordering the extracted
salient sentences, as defined in Algorithm 3.

Overall, after the sentences reordering, a
machine-generated extractive summary is ob-
tained in an unsupervised manner, in which
the summary comprises of n number of salient
sentences from the original document. It is
important to note that the salient sentences
are selected based on the key noun-phrases
and, thus, several important terminologies are
present in each sentence of the summary. For
the summary coherence, the improvement is
not only contributed by sentence rearrange-
ment step, the important terms (noun phrases)
also play important role in connecting the
concept through different sentences while the
readers go through the summary.

sentence.

Algorithm 3 Sentence Reordering

ST = Salient sentence list ordered by each one’s orig-
inal positions
Stpivot = ST.deque()
ordered__ ST = [stpivot]
while len(ST) # 0 do
Stpivot = GETNEXTBYORDERBERT (stpivot, ST)
ST .remove(stpivot )
ordered__ST.append(stpivot)

return ordered_ ST

4 Experimental Setup

4.1 Dataset and Preprocessing

This work focuses on long document summa-
rization as the key concepts in long documents
are more dispersed than in short ones. Two dif-
ferent long-document datasets, PubMed and
arXiv from Cohan et al. (2018), were consid-
ered with the introductions as the source doc-
uments and their abstracts as the summaries.
For pre-processing, documents with its intro-
duction less than 10 sentences were removed,
as there were an insufficient number of sen-
tences from which to select. The statistics of
the datasets are summarized in Table 1.

4.2 Baselines

To evaluate performance, we compared our
framework with different baselines as follows:
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(a) LEAD-5 and (b) ORACLE generally
represent the lower-bound and upper-bound
of extractive summarization tasks; for un-
supervised methods, we adopted (c) Tex-
tRank (Mihalcea and Tarau, 2004) with co-oc-
currence relations with window size set at 2
for graph-based keyphrases and Equation 9
for sentences scores; (d) DeepRank (Tarau
and Blanco, 2019) contains a word-sentence
heterogeneous graph with PageRank for sen-
tence scores; (e¢) LexRank (Erkan and Radev,
2004) is a sentence-level undirected graph with
edge weight threshold set to 0.1 according to
its paper and calculates a cosine similarity
between sentences; and (f) PacSum (Zheng
and Lapata, 2019) builds a sentence-level di-
rected graph with TFIDF or BERT for the
edge weights. For supervised methods, the fol-
lowing were adopted: (g) Pointer Genera-
tor (See et al., 2017) with attention and beam
search algorithm; (h) BertSum (Liu and La-
pata, 2019), three SOTA BERT-based mod-
els for both extractive and abstractive summa-
rization that included BertExt, BertAbs, and
BertExtAbs. The summary of each extractive
method can contain at most 5 sentences.

For evaluation, ROUGE 1, 2, and L (Lin
and Och, 2004) were first applied to examine
the information-preserving capabilities. Sec-
ondly, a human evaluation of the coherence of
the summaries was conducted.

5 Results and Discussion

5.1 Model Performance on ROUGE

The performance comparison for different
methods on two datasets is demonstrated in
Table 2. Overall, the proposed unsupervised
keyword-based method outperformed all the
extractive summarization baselines, includ-
ing the SOTA transformer method, namely
BertExt. For the BertAbs and BertExtAbs
models that were trained under supervision,
it is worth mentioning that our method still
outperformed both of them with the PubMed
dataset. As the size of the data in arXiv
was ten times more than the PubMed dataset,
BertAbs and BertExtAbs largely benefited
from the supervised learning process;
methods then performed slightly worse than
them. However, this still indicates that by
leveraging key noun-phases using grammar de-

our
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Dataset ‘ # of Doc. ‘ Avg. Abstract Avg. Introduction Avg. Doc.
train/valid/test # word # sentence # word # sentence # word
PubMed 10k / 2k / 1.25k 201.9 6.8 1013.1 37.3 3224.4
arXiv ‘ 83k / 19.8k / 20k ‘ 177.7 6.6 1077.0 42.8 6913.8
Table 1: Dataset statistics
Method Type PubMed arXiv
ROUGE-1 | ROUGE-2 | ROUGE-L | ROUGE-1 | ROUGE-2 | ROUGE-L
LEAD-5 * 0.2999 0.0865 0.2695 0.0137 0.0003 0.0137
ORACLE * 0.4490 0.1817 0.3604 0.4610 0.1994 0.2784
TextRank 0.3514 0.0944 0.3115 0.3424 0.0972 0.3035
LexRank 0.3936 0.1169 0.3469 0.3592 0.1000 0.3151
DeepRank Unsup. 0.3029 0.0651 0.2652 0.3257 0.0841 0.2861
PacSum (TFIDF) 0.3650 0.0904 0.3237 0.3835 0.1131 0.3341
PacSum (BERT) 0.3093 0.0677 0.2777 0.3595 0.1005 0.3146
Pointer Generator 0.2999 0.0865 0.2695 0.3554 0.1255 0.3192
BertExt Su 0.3249 0.1012 0.2863 0.3829 0.1324 0.3311
BertAbs b 0.3199 0.0730 0.2909 0.4105 0.1512 0.3667
BertExtAbs 0.3485 0.0802 0.3136 0.4269 0.1598 0.3802
Ours Unsup. 0.3999 0.1174 0.3504 0.4075 0.1347 0.3569
Table 2: Overall performance on ROUGE
M Avg. # of Noun 5.3 Graph Construction Comparison
ethod >
arXiv PubMed
DeepRank 29.3 35.6 .
TexRank 153 £33 The other phrase-level method, TextRank, did
PacSSum ((TFIDF)) 57.3 65.2 not have as good a performance as ours. The
PacSum (BERT 40.8 42.4 .
TR 333 190 only difference between our framework and
Ours 64.5 71.0 TextRank is the way the phrase-level graph

is constructed. Owur framework utilizes rule-
based relation extraction from grammar rela-
tions, while TextRank applies co-occurrence
pendencies, there is a chance for unsupervised  relations. To compare the differences, graphs
method to perform similarly to a supervised  were visualized with the same sentence as
and pretrained method. In addition, one pos- shown in Figure 4. In Figure 4a, there are
sible reason for the good performance with the  only four adjective-noun combinations. The
more limited dataset (PubMed) was the usage  co-occurrence relations ignore many important
of the grammar dependencies in constructing  relation between phrases due to the limited
the graph for the keyphrases. Specifically, the  window size. In contrast, the graph by our
rich grammar relations lay in the language us- method (Figure 4b) contains more relations
age implicitly, which allows our models to cap-  between phrases that contributes to a dense
ture the key concepts of a document. The re- graph and benefits for the keyword extraction.
maining evaluations focus on the comparisons
among unsupervised baselines.

Table 3: Noun usages of summaries

As compared to a heterogeneous graph,
DeepRank built a graph from both words and
sentences. As there are many edges that con-
5.2 Noun for Information Preserving nect from keyphrases to sentences, it results

in the scores of important keyphrases being
As this work focuses on the representative  distributed uniformly to these sentences. The
noun phrases for concept preserving. Statistics  top-five salient sentences were examined as
were conveyed on the average frequencies of  to whether they contained the top keyphrase.
nouns from all graph-based baselines as shown  The average keyphrase counts in top-5 sen-
in Table 3. This showed that the summary gen-  tences from DeepRank were 0.748 and 0.864
erated by our method contained mostly words  while our method obtained 3.003 and 3.321 on
that were nouns, which probably helped our arXiv and PubMed, respectively. This also
method to preserve most of the concepts and  indicates that it is better to separate phrases
obtain the best ROUGE performance. and sentences for summarization.
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Figure 4: Graphs built from an example sentence

5.4 Human Questionnaire Evaluation

Human evaluation was conducted on Amazon
Mechanical Turk (AMT) to compare the se-
mantic similarity to gold summary and coher-
ence performance among baselines that had
the best ROUGE score or was the most co-
herent. An abstract (golden summary) and
multiple summaries from the baselines were
provided for each question. There were a to-
tal of 10 documents that were randomly sam-
pled from arXiv and PubMed in the same pro-
portion and assigned to 100 AMT workers for
evaluations. Note that 21 workers were dis-
carded as they submit inattentive answers to
the questionnaire including the behaviors of
quick answering, the same answer for all ques-
tions, and wrong answer for the trap question.
The results from both datasets are together in
Table 4.

Chose Ratio
Method Similarity Coherence
LexRank 25.96% 28.79%
PacSum (TFIDF) 19.61% 19.33%
Ours + Orig. Pos. 27.22% 21.17%
Ours + orderBERT 27.21% 30.71%

Table 4: Percentage of human-preferred methods

From the semantic similarity question, our
proposed methods outperform other unsuper-
vised baselines. Noting that the sentences of
two summaries generated by our methods are
identical, only the orders are different. There-
fore, their percentages are, therefore, almost
the same—27.22% and 27.21%. It indicates
that labelers struggled to select one of ours as
the best semantic-similar summary from all op-
tions; with two of our methods together, most

lipschitz continuous loss function
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labelers selected our summaries as the most
similar. For LexRank and PacSum (TFIDF),
although they are comparable in ROUGE eval-
uation, the summaries by LexRank were more
preferred by human readers.

With regard to summary coherence, with
sentence re-ordering and key noun phrases, our
method with orderBERT had better perfor-
mance than others in terms of coherence evalu-
ation. The results of two our methods also in-
dicate a 9.5% improvement in coherence on the
chosen ratio with the BERT reordering mech-
anism as compared to the summary that only
reordered based on its original position (Ours
+ Orig. Pos.). Although adopting the original
position for reordering works well in short doc-
ument summarization, it may not be suitable
to directly adopt for a long document. Inter-
estingly, LexRank also obtained good results
in the coherence questions. It is found that
LexRank tends to select a few sentences with
connecting/turning words that are helpful for
coherence between sentences.

Example summaries are shown in Table 5.
It is observed that the summary reordered by
the original positions has multiple topic shifts
and repetitions. The topic shifts from model-
checking problem to timed automata, then to
model-checking problem, and then to timed au-
tomata again. As for the summary by order-
BERT, the topic first focuses on the model-
checking problem and then provides the link
between timed automata and model-checking
problem instead of switching the topics be-
tween them. This shows that the original posi-
tion method may produce topic gaps between
salient sentences as there is more content in
a long document. By reordering sentences at
the sentence level, the mechanism with order-
BERT could alleviate such an issue. Overall,
the combined use of noun phrases and sentence
reordering with orderBERT could provide bet-
ter readability with respect to summary coher-
ence than the other baselines.

5.5 Relation Extraction Comparison

To evaluate the proposed phrase extraction
method, the latest OpenlE tool given by Stan-
ford CoreNLP was compared as in Table 6.
For the Stanford CoreNLP tool, there was
no triple extracted in Case 1 and all the re-
sults in Case 2 were almost the same. Al-
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LexRank

For this class of parametric timed automata, they focus on the emptiness problem: are
there concrete values for the parameters so that the automaton has an accepting run? they
show that when only one clock is compared to parameters, the emptiness problem is decidable.
The model-checking problem for tctl extended with parameters over discrete- and dense-
timed automata (without parameters) is decidable. Unfortunately, in all those previous
works, the parameters are only in the model (expressed as a timed automaton) or only
in the property (expressed as a temporal logic formula). Nevertheless, when expressing a
temporal property of a parametric system, it is natural to refer in the temporal formula to
the parameters used in the system.

PacSum

In fact, the control has to leave equation at most equation time units after entering itand
the control has to stay exactly equation time units in state equation. Let us consider the
next three formulae for configuration equation, i.e. the control is in state equation and
clock equation has value equation: a. FEquation the parameter synthesis problem associated
to formula equation, asks for which values of equation and equation, the formula is true at
configuration equation. Formula equation formalizes the next question “in all the cases where
the value assigned to parameter equation is greater than the value assigned to parameter
equation, is it true that any cycle has a duration bounded by equation. On the positive side,
we show that the model-checking problem becomes decidable and parameter synthesis
problem is solvable for a fragment of logic where the equality is not allowed.

Ours
+Orig.Pos.

In this paper, we further investigate the model-checking problem of real-time formalisms
with parameters. For this class of parametric timed automata, they focus on the emptiness
problem: Are there concrete values for the parameters so that the automaton has an accept-
ing run? They show that when only one clock is compared to parameters, the emptiness
problem is decidable. The model-checking problem for tctl extended with parameters
over discrete- and dense-timed automata (without parameters) is decidable. In this paper,
we study the model-checking problem of the logic tctl extended with parameters over
the runs of a discrete-timed automaton with one parametric clock. On the negative side, we
show that the model-checking problem of tctl extended with parameters is undecidable
over timed automata with only one parametric clock.

Ours —+order-
BERT

In this paper, we further investigate the model-checking problem of real-time formalisms
with parameters. On the negative side, we show that the model-checking problem of tctl
extended with parameters is undecidable over timed automata with only one parametric
clock. The model-checking problem for tctl extended with parameters over discrete-
and dense-timed automata (without parameters) is decidable. In this paper, we study the
model-checking problem of the logic tctl extended with parameters over the runs of a
discrete-timed automaton with one parametric clock. For this class of parametric timed
automata, they focus on the emptiness problem: Are there concrete values for the param-
eters so that the automaton has an accepting run? They show that when only one clock is
compared to parameters, the emptiness problem is decidable.

Table 5: Example Summaries from Unsupervised Methods (Key noun-phrases are highlighted in bold).

Case 1 of such estimators belong to the large class of
regularized kernel based methods over a repro-
ducing kernel hilbert space.

Not available.

(Examples, of, such estimators), (Examples,
belong to, large class), (large class, of, regu-
larized kernel), ...

CoreNLP
Ours

Case 2 It is also a minimizer of the following optimiza-
tion problem involving the original loss func-
tion .

(It, is minimizer of, optimization problem), (It,
is minimizer of, following optimization prob-
lem), (It, is also minimizer of, optimization
problem), ...

(It, is minimizer), (minimizer, of, following
optimization problem), (following optimization
problem, involving, original loss function)

CoreNLP

Ours

Table 6: Phrase Relation Extraction Comparison

though such duplication could be solved by
post-processing, missing relations (such as the
relation between a noun in a main clause and
a noun in an adjective clause) were still not
found. In addition, our framework could ex-
tract more useful triples from these cases.
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6 Conclusion

In this research, a fully unsupervised frame-
work is proposed for extractive summarization.
The proposed method addresses the common
word domination issue from a graph-based ap-
proach by using a phrase-level graph that fo-
cuses on key noun phrases based on gram-
mar dependencies. The extracted key noun-
phrases effectively capture the major concepts
of a document and can be used to construct
an extractive summary. Experiments showed
that the proposed method outperformed all
the extractive baselines, even for supervised
methods. A human evaluation also showed
that the use of keyphrases and sentence re-
ordering successfully benefited the coherence
of the summaries. In the future, we aim to
adapt the proposed key noun-phrases for un-
supervised abstractive summarization.
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Enhancing Chinese Multi-Label Text Classification
Performance with Response-based Knowledge Distillation
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## % Lung-Hao Lee, £44& Po-Lei Lee, 42 4% Kuo-Kai Shyu
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HE

BRI R R RAR R PR
PR SREsBEEY —RBRMA
A SHEENEKGRAELET S E
o HANHRREED ek EZEX
AR W RAE o AR — AR X
o AR H 0 S BRI =T
A A2 g 0 B— SAZBRER
MBS s 0 B E SAZ R I
FERBOERE AN TRE
FAR A 2,724 B XERRBESR > A
TAZRXFENEKRE 9 @S] 0 4
BRBEE R 8731 FHEELASR 32
EAR K - BoR A 5497 X ABs
tb & TextRNN ~ TextCNN ~ HAN Fn=
GRU-att 7% > f& B S0 A A0 H] 2 5
A £ & > B RBTE B fo A
WAl ERITE - SR BB
7 59 micro-F1 ) 2 £ 3% ~ macro-F1 #
4 2 6 % ~ weighted-F1 #) 3 £ 4 % » LA
A subset accuracy £ 1 22 % °

Abstract

It’s difficult to optimize individual label
performance of  multi-label text
classification,  especially in  those
imbalanced data containing long-tailed
labels. Therefore, this study proposes a
response-based knowledge distillation
mechanism comprising a teacher model
that optimizes binary classifiers of the
corresponding labels and a student model
that is a standalone multi-label classifier
learning from distilled knowledge passed

25

by the teacher model. A total of 2,724
Chinese healthcare texts were collected and
manually annotated across nine defined
labels, resulting in 8731 labels, each
containing an average of 3.2 labels. We
used 5-fold cross-validation to compare the
performance of several multi-label models,
including TextRNN, TextCNN, HAN, and
GRU-att. Experimental results indicate that
using the proposed knowledge distillation
mechanism effectively improved the
performance no matter which model was
used, about 2-3% of micro-F1, 4-6% of
macro-F1, 3-4% of weighted-F1 and 1-2%
of subset accuracy for performance
enhancement.

Mot @ 828 REKE =
TUAB B ~ ek 74

Keywords: Multi-label classification, long-
tailed labels, binary relevance, knowledge
distillation

1 &

% % % X A& & # (Multi-Label Text
Classification) JRZ AN S A > Hlao @ F4&
% % (Agrawal et al., 2013) ~ 1% 45 447 (Myagmar
etal., 2019) ~ # & % % (Guoetal., 2016) ~ 42K
PR (Kao et al., 2021) BA A& B4 4 4 (Chen et al.,
2021)% © FRBX AN ERH M EHA
A (Tsoumakas and Katakis, 2007) * %3] & (1)
FlARE A F @R S —uy B A RE
RHERENBE > AR (2) DRE A AT
5 ERE M - MRRHIBBEA T N F @A
#8 75| # E (class weights) 897 X, > ¢+ E— 88
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B AT RAEAL 0 R E B ey M (Banerjee et
al., 2019) » ™ & BHAR AR FH0F > AR E —
A A 8 0 Fr AR AL & 48 5] 69 TR R RE o 129
RE AR RIBAR R BB L A
B MR R ATEAL 0 T R RR AR R
FoEA BA AR K R e AR B

F03% 448 (knowledge distillation) & —## E
7 oY 2L EF 49 3% (teacher net) LB 2 ey T fuilk -
345 2| BUK 1 09 8 & 4938 (student net) 897R L
28 4t (Hinton et al., 2015) » AR & AE
IS B RE @ E&A LHA L
B EREA P BxEty S
B =T A B A en e - B — 5 4%
BRI AMEBETIR BRARE
— S AR B A T AF @A E 0 IET A
EBREHEL B8 AUKEE—S$2K
FEA L JE P HTAZ R R AR K e B 2 o

KB B AR fo sk R AR A R 2 i S A2
BX ARG Tk P B RE X
AL BREHBERARREZ2IEAN LS
TextRNN (Liu et al., 2016) ~ TextCNN (Liu et al.,
2017) ~ HAN (Yang et al, 2016) * GRU-Att
(Banerjee et al., 2019) 893 e £ & » BEa&E R #
AL fo i AR R e B — S AR R
AR AL 0 - H 2~3%8Y micro-F1 ~ 4~6%#
macro-F1 ~ 3~4%#4 weighted-F1 AR 1~2%#9
subset accuracy °

278
&

2 AR
2.1 ko3 AAB
AR RS2 EATHERIEFT AR

AR RERFHAEBRBEANLHZ B
B Wb &3 E E R o Bt o Hinton (2015) 3
WA T A R RS X
HEHRABAI R T AR Jo 0 R T %
# , (distillation) &9 7 X, > 4% 2] £ 38 51 A
By N AIREAL o SR AR RERT AU T =
5 (Gouetal., 2021) :

(1) Response-based

A AR 0 o X T ORR AR AR A 04 5k L8
HR 0 i@iE{E A8 K R (loss function) BUAF
PAEFo A G Z M ER > B AIRE
RYHFE KRR M REFEL AR
H IR B A — AR Y FRA -

26

(2) Feature-based

E B RO A S B Es 0y Rl R F R
AR BB U R e £ A AR AL 8 45 A
B R KB DR AA 2 P e A A AR
] B 442

(3) Relation-based

#1 Feature-based 4842 5] #k &R A& 2L ER AL AL
BAFHE o ER AN ABEFREIL AR -
I~ RAMESEE 0 BASABALLE
Blthe 28 > FILIlRPAEL

22 SRBREBXFAS4HE

%42 R XA FA % 7T XA #R (multi-class
text classification) &F & B w18 LA L £8 5] 64 4
BAER c FRIZR AW % Uy BEEE R
A ALHER G > AR ARK S
AEE—E - FRBE AT AL BMEEA
SESEREARE > miB AR KL R DB
Fro AN Ak iikin AdEw 8%
T LB ARG — 1 F

TextRNN #8 (Liu et al., 2016) #% A & 42 47
STIEAF & 48% (Long Short-Term Memory, LSTM)
BATINR - MA@ =EEHMF - A~ 8
BB 2AHETA  RRUARELSH
ThHe - BB =S HEARHREISE
JEAT X g B A4 0 AR E AT il R R e £ —
RN HE S LB F— & AT — 8% S

(BPAT ) 9%

HAN #£ %! (Yang et al., 2016) 42 Fi GRU ## &
435 AT IR © DRI GRU #f 48 49354 15
% 7% 35 (word encoder) ¥ 5 €] 3% 64 3] 35 S AT
A FE A (attention) > BB L — R R ke &
# o M GRU #AiA & TE#ITER A MA] > &
Bl kR -

TextCNN # % (Liuetal., 2017) & A #3 f& (&
WA FIEFHE (EBMAE) BEERTYTF
3 &8 % BB S A R A AT 0 T
e Y guyE R FIEFHA B &R Rbit
(dynamic max pooling) * % & % B4 #11% > 3
DB E N &EMEA dropout 7 Sigmoid

GRU-Attention #£ %! (Banerjee et al., 2019) &
E A R A 838 GloVe (Pennington et al, 2014)
By TARISRZ M BT S GRU A& 4T
AR AMAE 0 KRB KM LS &K Kt Ib(max-
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Teacher Network }

Ground Truth Labels

] - [ R P I ]

- e -

Output Responses
——ooonnnno |

v [ § 1

[ Multi-Label Model

Student Network

Ls
]. Predicted Results
)

=% Student + Teacher predicting

8 EH N B8 a8 N Y BN e
B RS G A £ m RF @ 5

1~ sk g 5 AR B AR A DR AZ

pool) FuF 3t 4t (mean-pool) &y & & > It H By
HER -

BB ER s BRRERGY M THK
FraHBFET AP BABEER 2y

BERARDHGEN > HBEKA (long-tail)

WME o Fb o &AM E —EE R K Ko KA
IR F k> FERRREREZRY » K

PAS
e °

3 ARl AL

A9 37 B — 18 N 4o 3K 48 (Knowledge
Distillation, KD) & % 4% 8 XA 5 %8 7% > B A%
A AT REHELRRALSZE RS
o AREERE SRR BB s o B
AR FAZw B 1 AFow 0 HERBEA G B =T
SRR AR BEABEREA n BB e
A n =y BER - 2 AR —E SR
B AR o B2k AR A R R4S
BHE RRNEBRAENENESLZ — AW
HEE o DR > KA LRI RIHUEEA F
&) N 8 = U oA eH¥48 #5879 12 5
FEEME R IETRMAEA 0 BRI AL
ey TOUREDEBIRRIASN L
R Rk BARERANHUGHEACEL
% JE (responses) @ A REY - 24
AR E > FATAR BAR AR e B
W F AL 546 > MR &L BARAR K (ground truth

27

labels) » 64t » 2 A 3 AE 4 2 67 o) B 43 3]
18 K 1E (loss)EATIN4R -

BTN R EPAEA BT > BB M E
(class weights) AL 4R 0542 & S 8L eh B H7 -
SRR E R — A H AR RRIE E R R R4 R
R Ty ik 0 HIRE ARG BB v £ — 8
HE-EHE WwRZBEHGHRARMS
AR C A e ey E R BARK S RZ 0 A
BARD B ERLITARSG o b — R FH
YRAGBRIE ARSI EARABENG
BRBHEGE D BORRBIAR I KRB
SR o v kS AETR ] g 8454 A A 1 SRR R
AT E M > RADARREIRG (R EAR
Wowy RERE 0 MR AR S 6y RARI ALK A B

F A4k P 2 K (response-based) £u 3%k 7448
B E B RE AR ARV EBBEOHH
67 A% T P FRRD R BB e R 5 o RAPIE
Fl binary cross entropy X A48 &k & ¥ - B b
B A Bl = u iy A A B4R R B
Lr(y,z,) » ho LEaR 4 W 6938 K B R v
HEY o TuAFRIA(D)ET  HPy K&
FiEAANETARRME I REAHABEAF
AR A B i -

N
1
Lr(y,2) = =5 ) W -y log(z,) + (1 = ) log(1 - 2,)) (1)

i=1
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BREZRES G
2500
2001
2000
1616
1506
1500
1051
1000
738
500 R BN
0
AR OHR OEE RE BB ¥ DB BERE ORE
FEH HN ORRE BR AE ¥ BR WA &

B2 SRR

A D R TR H B R E A E
WATHR > EA LB EESE (FR)
ZR1% BA LT LA 48 K R B Lg (2, z,) R 9 4R 2
AR Kbz REZABEAGEHE - HA
RAZ 8 0 3E R B sigmoid > BB E & B
P48 18 (threshold) * Bp A4E A 6y FARIAR &K

N
1
L2 = =5 ) i log(ze) + (1= y) -log(1-2)  (2)

4 FTHFPHERER

41 EH%E

AR E R BHR G @RI F U
R o fplde D R BREEW
B REBEREENXFEANR  EHREAE
& ~ Bl R B A (metadata) F 530 0 289
TFTehXFREMATENZ D  SETHE
REAH 2,724 BXHE 0 B 9 ERALE > &
Sl RERR S SHBEE LRI E BB
BBl s R~ A EFE - BhfosR Eok
AT BB E R 8,731 0 FHEMEEAR 3218
B - ERBOEABEEWE 2 i TEE
T sELRERRER S EEETH
B4 3% mERRBERIOBEL THRE
W o AEAE X 13% o ATFB 4 BB B R T
A BLE R 15435 0 bk F ey 4 EF A
TR A L4548 K234 B
REBHIZEER IO XABHBELERH S -

! https://github.com/ckiplab/ckip-transformers
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FEHERED f)\EEE

500 423

400 }_

300

330 300

T }E 211
200 ]E

147

102 g

100 £ € =z n
0
AR OBE OBE R AR B OB BR ORE
FE AN ORRE Bm AR ¥ BE OBY K

B3 T HER L

HEEEHEQZE > H AR 2R AT
FE G RRBIE -

AR AW R XK (5-fold cross-
validation) > %% B M E B > # DA
ZRABEK T EEAELS TFEHE
BRI ERATR D R B EHERT X
BBy c B3 ASEZGTFERESRR
o1 BN 4R 2 [ (violin plot) * B ¥ AR~ #4444
TR TG Bl BLR BOR & 69 o KB
R o

25
N

42 TFTHREE

FAME A Tensorflow & R & & ATHANE AE o
Fi B X A4 F CKIP Transformer' 2 14 i& 47 B
W OBAMAREREE 300 49 Word2Vec
(Mikolov et al., 2013) » 324k £ 2 b x4 K
BAER R AR EREME L

R ALLBR R REZEHER > 05
TextRNN (Liu et al., 2016) ~ TextCNN (Liu et al.,
2017) ~ HAN (Yang et al., 2016) 34 & GRU-Att
(Banerjee et al., 2019) > F A 403 A MG 4] 1 F
BHWBAREERE BAIR S E LT T X
A& 300 F 7T~ Batch Size 32 ( GRU-att &
128) ~ 48 % &% % Binary Cross Entropy ~ %1t &
Adam ~ I 4R%EARRE 30 ~ F14F7E& patience &
10~ 28 % 1e-3 ~ 3 th & #0E H ¥ sigmoid
BB EL R 15% o

BB LB AT AR E IRk

(1) =124t (Binary Optimization)

2 https://dumps.wikimedia.org/zhwiki/latest/zhwiki-latest-
pages-articles.xml.bz2
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oo Ve e e
Binary Optimization (Teacher) 72.11 62.65 71.93 13.70
TextRNN  Standalone Multi-label Classifier (Student)  71.09 57.15 68.82 15.85
Knowledge Distillation (Teacher + Student)  74.29 63.76 73.52 16.24
Binary Optimization (Teacher) 75.89 68.35 75.48 18.75
TextCNN  Standalone Multi-label Classifier (Student)  74.55 63.57 72.88 18.75
Knowledge Distillation (Teacher + Student)  76.80 67.68 75.72 19.70
Binary Optimization (Teacher) 75.73 69.36 75.60 17.79
HAN Standalone Multi-label Classifier (Student)  74.63 66.08 73.66 19.10
Knowledge Distillation (Teacher + Student)  77.54 71.00 77.15 21.22
Binary Optimization (Teacher) 73.30 64.70 73.06 14.93
GRU-Att  Standalone Multi-label Classifier (Student)  71.90 61.44 70.88 14.69
Knowledge Distillation (Teacher + Student)  75.17 67.63 75.26 16.52

1 SBRBOBHEUTRER

Fo 3k & AE A B B A% 1E F 2067 4938 (teacher
net) &94F7% o 3k A = t48 Bl (binary relevance)
Wik ZFRAB IR BB ALENE E
f xR = AR B B R K A > RAE
BRI AR R A E (00501051
2~3405) Bk HEABA > BEFAREE
ERRIFHER > KM EME R RAAZ K
HEZRWL BEBABLENHEL]N R
2o BB BEIHEETKR -

Q) BBy £ 42K » A4 A (Standalone

Multi-label Classifier)

T AR Ay ksl R MR P B AR R 2 A 4
2% (student net) &94F & o BN A 300 4E8Y
Word2Vec (Mikolov etal.,2013) * A#:#E R EE
1B HAE A 0y TR £ D RABLA -

(3) %3tk & A5 4% H] (Knowledge Distillation)

BT oy ko A B 0 AR B
BAAR IR X > @5 EBR o2 A EE
(teacher net + student net) ° Jof& I A FAZ &K A
S AR R 48 48 0 P DA FL BT 48 B 4 TRAIME 1F

v

29

A H AR > REIRPEMBET > RAK
EREA BRI HERBRL > B2 A WRS
BRI AT A

#AIE A micro-F1 ~ marco-F1 ~ weighted-F1
PA B subset accuracy (A& e AE KRB -
micro-F1 RE » #8503t H 48y F1 ¥ -
marco-F1 3+ H & #8%] F1 o #ey-F414E -
weighted-F1 3+ B & %87 F1 2 #4% » RIFEE R
B 6 B AT Aot T34 o subset accuracy & 3
FAE AR 0 FRATA BRI R L
FIRAE » 36 T2 EFETRRI B LA

43 FTHR&EX

R2ASRErBEAERER - A=
AR BRI R R GG A > BB ERE &Y
M £ 4T R A1 0 £ micro-F1 ~ macro-
Fl $ weighted-F1 > %& 748 B A 224609 B
B HEBRBEA > AT URAEILIERED
MBHEGHEA > ARt SERE AR Y
D IARAE o 12— UAR B8R I kIR B9 A -
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F1-Score for TextRNN

11

Knowledge Distillation (Teacher + Student)
Binary Optimization (Teacher)
Standalone Multi-label Classifier (Student)

—-—
——

AR &m O #E R AW B D2 BR RE
FE AR R ‘’% HR L) 1 . i3
(a) TextRNN
F1-Score for HAN

2.24

1.38

2.47 182

5.12

Knowledge Distillation (Teacher + Student)
Binary Optimization (Teacher)
Standalone Multi-label Classifier (Student)

e
——

EE fm O OBE O ORR AW B 0B B BR
BE AN R B AR M @E B/ K%
(c) HAN

F1-Score for TextCNN

Knowledge Distillation (Teacher + Student)
—&— Binary Optimization (Teacher)
—»— Standalone Multi-label Classifier (Student)

AR &R O#E R AW ES 2 B RE
FE AR R AR HR ) L . ;3
(b) TextCNN
F1-Score for GRU-Att
24

2.79

273 172

13.51

Knowledge Distillation (Teacher + Student)
—a— Binary Optimization (Teacher)
—»— Standalone Multi-label Classifier (Student)

AR wm #BE Rie AW E DI B $RE
BIH #M R ;s AR ] R B )3
(d) GRU-Att

4~ BAERAAR B LR

BmikA AR e AR 0 SRR EETR
Bl AR A oY PR A AR B A B ¥ 0 AT 2L subset
accuracy tb % A% BAEAK -

B A& R A BRI D 69 ko 3k A B
FE R SARBAE > ERREARET
e B F R S AR B A M A (p-value
<0.01) EEAHEGEAALL > B SZHEHR
HE 49 42 21 R 64 1B A2 F 4% BUIR 4K R ah AR A
AABARA O R HRRE > RRESHRA
FLEM EFRABYSBREELAEA
th = Ui AL By R R AL R AT Y e

B 4 ABAERFNRTET » SBHEK
&) F1 (separated-F1) © $ A= s tH = 7048 B

iR R RARBIBEERE

XEE A BHCEBRREMENEEER
TR FIREH AR TR s
B EARH B -

MmERBETEBENEEY  EEE B
B~ RE R E AR AZR BB
BREM R ER XA RABTR 258
Wi AR SR EHA > ERERE

30

FRAEN SRR A LA R
It -

5 &=

BAPRE AN SR A AR R A
IR F ok FRECY T EREE A
HE R HEBR B, BB ETE R 0
WA AUBRESREsBEREA - TRmE
Mok B ATAZZ 2,724 18 SAZE ¥ R R
EXA B 9 BREAIRK  BREHEA
8,731 » FHEHMEHKAA 32 EREK - TRER
BE T AR 2o A8 e D Rk 0 R R Bl R
B2 EHAA > &3 micro-F1 ~ macro-F1 -
weighted-F1 LA & subset accuracy % ft A #8 % 49
AR ©
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TH O RAEBRPAMOTAZ— o
RAITX FHRMGBBRT > KEUAIAR
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BEZAR EM o WIELHILZ R G W
ERAY REFEIz M4 &
AARFEGERMN  RESBEEFL
& ot IRH] 0 B B
Mk R EZRER o AR
REIBUABITERFILHERAN
2 0 AT Jieba T X Bf ¥ it % A
Word2Vec 43448 B » #BEHENFE
2 #£:%(DBSCAN)Fu [ & o BEi% » X X
WMARITE - TARE R MUC ~ B3
#u CEAF 2 F1 3414 67.58% R A Ba %

Abstract

Extracting relevant user behaviors through
customer’s transaction description is one of
the ways to collect customer information.
In the current text mining field, most of the
researches are mainly study text
classification, and only few study text
clusters. Find the relationship between
letters and words in the unstructured
transaction consumption description. Use
Word Embedding and text mining
technology to break through the limitation
of classification conditions that need to be
distinguished in advance, establish
automatic identification and analysis
methods, and improve the accuracy of
grouping. In this study, use Jieba to
segment Chinese words, were based on the
content of credit card transaction
description.  Feature  extractions of
Word2Vec, combined with Density-Based
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Spatial Clustering of Applications with
Noise (DBSCAN) and Hierarchical
Agglomerative Clustering, Cross-
combination experiments. The prediction
results of MUC, B? and CEAF's F1 average
of 67.58% are more significant

RSt @ 94E-3 @ TS F ~ Word2Vec ~
BERT ~ #3548 E ~ 0B E B0k ~ BE B
K- “ R Rk
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Keywords: TF-IDF, Word2Vec, BERT,
Cosine Similarity, Clustering Algorithms, DBSCAN,
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A X ETK 0 RV EARE o mAp
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NLP 1E%5 * 4o ff B4 42 4845 (Recurrent Neural
Network) #% & 89 RNN-CRF ~ % # 7% 42 48 4
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#t 3 ° M BERT (Bidirectional Encoder
Representations from Transformers) & 37 4 R
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2 0,4 ENHE 4 (Bag of Words, BOW) A7
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2.3 Bag-of-Word Model

TF-IDF (Term Frequency-Inverse Document
Frequency) & —#& Fi 7 F 3 & 91 X F R 84
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BH B AR 0 £ R TF-IDF 3 X6y 539
Hao 4R SKME S 45 #H (Linear
Discriminant Analysis, LDA) 47 F& 4 > # B
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(JE4) R4 0F o AP Tae Rk H2TH
E—Z o

References

Bagga, A., & Baldwin, B. (1998). Algorithms for
Scoring Coreference Chains. In The first
international conference on language resources and

evaluation workshop on linguistics coreference (Vol.

1, pp. 563-566).

Cui, Y., Che, W., Liu, T., Qin, B., & Yang, Z. (2021).
Pre-training with whole word masking for chinese
bert. IEEE/ACM Transactions on Audio, Speech,
and Language Processing, 29, 3504-3514.
doi:10.1109/TASLP.2021.3124365

38

summarization. arXiv:1903.10318.

Luo, X. (2005). On coreference resolution
performance metrics. In Proceedings of Human
Language Technology Conference and Conference
on Empirical Methods in Natural Language
Processing (pp. 25-32)

Mikolov, T., Chen, K., Corrado, G., & Dean, J. (2013).
Efficient estimation of word representations in
vector space. arXiv preprint arXiv:1301.3781.

Sun, Y., Wang, S., Li, Y., Feng, S., Tian, H., Wu, H., &
Wang, H. (2020). ERNIE 2.0: A continual pre-
training framework for language understanding. In
Proceedings of the AAAI Conference on Artificial
Intelligence (Vol. 34, No. 05, pp. 8968-8975).
doi:10.1609/aaai.v34i05.6428

Vilain, M., Burger, J., Aberdeen, J., Connolly, D., &
Hirschman, L. (1995). A model-theoretic
coreference scoring scheme. In Sixth Message
Understanding Conference (MUC-6): Proceedings
of a Conference Held in Columbia, Maryland,
November 6-8, 1995.

Xiao, X., Ye, S.-Z., Yu, L.-C., & Lai, K. R. (2017). J&
AHEldEnE s AXEHZHMA (Mining
Language Patterns Using Word Embeddings) [In
Chinese]. In Proceedings of the 29th Conference on

Computational Linguistics and Speech Processing
(ROCLING 2017) (pp. 230-243)

Zhang, Z., Han, X., Liu, Z., Jiang, X., Sun, M., & Liu,
Q. (2019). ERNIE: Enhanced language
representation with informative entities. arXiv
preprint arXiv:1905.07129.

IFH, 25, HEK, & ik (2019) - A F
BERT #) *F X4 & SRR G0 ik o i Bz,
46(S2), 138-142 -

E A (2020) © & AT X 3 B K Ry B A AR A
A BB AEZ AR, o



The 34th Conference on Computational Linguistics and Speech Processing (ROCLING 2022)
Taipei, Taiwan, November 21-22, 2022. The Association for Computational Linguistics and Chinese Language Processing

=7, #e, AR, & £4 (2004) - AT eudtgRiE
JEH T XABM G T F - SEREI, 14(7),
15-19 -

ZHH, RAEF (2019) - EBSUM : #A# BERT #93%
M IR XA Bk, ¥ X EET 28T, 24(2),
19-35 -

9&‘532,&3171 (2003) ° ¥ LA F 2 8] 4 fEHE
#IHS] o 1 B 2B FR, 22(2), 99-101

ik, & £ (2018) o —FH AT A ™ F % [6]69 X
A EITE F R - BB 5 iR ET, 5 -
doi:10.11925/infotech.2096-3467.2018.0007

FI B (2018) o A T AL R T S EUE M X ANKE
SR o B FAHE, 31(10), 69-70 © doi:10. 16180
/i. enki. issn1007 — 7820. 2018. 10. 016

W& =, PN, TR, AR, & B304 (2021) » T4
B RIEAE R 09 AR $3E X RIEIE B0k - MIHT
W RFF R -

RRAF, RRR, THA, & BlEN (2007) 0 — &
F 1 K M 55 00 A % K5 % % . Journal of
Communication and Computer, 4(2), 22-25 -

FFA, L0, &FE%Q017) - REVEHNE
K-means 4 %f% H % o %%?ﬁ%%é&, 19(1), 1—
28 ° doi:10.6188/JEB.2017.19(1).01

FAR, & RFA= (2017) ° ¥ M 5B F ik 2 th B of
7% & JE R (Doctoral dissertation) °

i B, TRkE & (2019) o JE A 3283 58 Ak M REAR S
BEZRESLERAHLARFHEN T XL

ERyRZ AR o FXHEET LT, 24(1),
1-14.

39



The 34th Conference on Computational Linguistics and Speech Processing (ROCLING 2022)
Taipei, Taiwan, November 21-22, 2022. The Association for Computational Linguistics and Chinese Language Processing

e OF R

”E_(y

AV T ERAR

Taiwanese-Accented Mandarin and English Multi-Speaker
Talking-Face Synthesis System

Chia-Hsuan Lin, Jian-Peng Liao, Cho-Chun Hsieh
Kai-Chun Liao and Chun-Hsin Wu
Department of Computer Science and Information Engineering
National University of Kaohsiung, Taiwan
{a1085512, a1085508, a1085540, a1085520}@mail.nuk.edu.tw
wuch@nuk. edu.tw

&

AmLRE—BEEEZZTERAGL > &
B7EF AR WA R Y il o A @ RATAE
%;aa;g_é.l_%élja}tuévgja‘& /f%)}l‘ﬁi’ y/{/ée\
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FHAMHIER ﬁaﬁ%zﬁ KA R
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LR A RRER - £
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Abstract

This paper proposes a multi-speaker
talking-face synthesis system. The sys-
tem incorporates voice cloning and lip-
syncing technology to achieve text-to-
talking-face generation by acquiring audio
and video clips of any speaker and using
zero-shot transfer learning. In addition,
we used open-source corpora to train sev-
eral Taiwanese-accented models and pro-
posed using Mandarin Phonetic Symbols
(Bopomofo) as the character embedding of
the synthesizer to improve the system’s
ability to synthesize Chinese-English code-
switched sentences. Through our system,
users can create rich applications. Also,
the research on this technology is novel in
the audiovisual speech synthesis field.

MBT 1 5BEFE M AR

2K
<3

BB~ BHRER - EAERY s ARHEZ R
Keywords. Multi-Speaker TTS, Speaker

Verification, Voice Cloning, Code-Switching,
Lip-Syncing, Talking-Face Generation

1 %

MEALFEEZRMOEDBELRE  RKTAKRL
%mﬁ%ﬁm%ﬁéﬁ JAE R ML T8
na EJ ji’f’h”f%jh lél T @TT ‘kflﬁkél]ﬁ) @ *E] Fﬁﬂ
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BBt AL R T AP 8R AR o RS LiEgBE
%‘E‘%%‘é\ﬁi&fﬁfaéﬁ'—iﬂfﬁﬁi%? 4= Google
Microsoft 2 AWS 3 & A {2 k48 B 89 J& A 42
AN\ (Applicatlon Programming Interface *
API) RABTHAL R o A T2t eg LBitg » R
LR RAR AT T AN LAk - B SR AR
FEMAH o

BETEFTRASELAZET R LREMAAL
AR B BARES L TRAPEE]G ’E]L?&i‘a
(Voice Cloning) #CR » TTiE @I AFEH R
% (Speaker Verification) ##|%| L F #3355
ABT TN WHAR— DR BAREH G HF
Fo AARNEBHLERLESMRMELE ﬁ-aa%#ﬁl{b{éﬁ
B o GA BRI ETIREZL BT OR

B FRF—LBHREES @H%.#
R B AT K % Ba At AR IR AL & L F IR
&ki?ﬁ‘iﬂ’:ﬂ@)ﬂé@q’iﬂ\]g » FEF2E 0 F8
P XETHREAM S

AEA o RMEE o)'] Qﬁi% %7

SRERA . B EERT SWEHNE AP ES
”{E/\’E’;&%& U}?Xaa}éﬁé\\ﬁﬁna%‘]’% COH]—
mon Voice Corpus1 CERRET —EEE
SRS %%%Aﬁ%%xillwn

O-F R EE

FRSBRYNARAS  ETHYBREL

ZBF o AEAMEFTARNZE o KRMELETR

ViR RE LA RSB P F L A (Character

]%Mﬂmy iLﬁ?%ﬁ%*@Aﬁ%%
s A TR AR OHEME > BB T E

Wi&%%} F R % A R
%ﬁi%AﬁmA%%%%%°
HLBTHE Y LFHES (Text-to-Speech
TTS) $FHEF » KMETUEL—BELF
BAMBAESRERAL  ZBIM B E
FRARBEFIETEAR (BAXFH) >
PPeT & 4 A2 R AL BAZ L F AR - &M
TN T BFHBRAE T BFRL > T AP
BAADE R A% > HIATF KL @8
fiE] Tva;g_vmmz:mv’g‘aok P}/{%Q}i, J

(Lip-Syncing )

'https://commonvoice.mozilla.org
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SemiTrue
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o~ FORUM

<RLD
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BENRE EREIR -

SYNTHESIZE

1. SemiTrue A& /-

Y SHER wE HBEZE
E ~ @%ﬁliﬁ%%%m%%
M ERE2E T%mw%*i%
AXZRHESRE 1 THAARIAZR
%QﬁﬁwJ%ﬁ%ﬁmlﬁ %3%%%
AGHRFH 4 T RETHRABRERE
%% 5 ER/ATFRIER

2 Aa B Tk

EEEMTARLFTRELAARLTAHER
’J EENE > s RREEFTERSE 0 IR
ARBERGRIE : TEMERORE o £7E
TERBMBRGELF » BIETFHZ 092G
JFE - BARA NPT HAT - R A2
09 5% JJ%S%%/S)?& (Wang et al., 2017; Shen
et al. 2018) EARTHGEFT AR
£ 8 H 89 3EF (Nlng et al., 2019; Tan et al.,
2021) ° cELEHE B M EEEES
AR B EARR > AR LEL R E3
R L AAES ~ A AFZBHRE (Jia et al., 2018;
Lorincz et al., 2021; Neekhara et al., 2021) ’
*’g—%’ﬁ}hﬁt X%‘@ﬁ%%‘ﬁi@ (Zhang
et al., 2019; Casanova et al., 2022) R X & 3%

A REE o mEA S HEE  REAGRH

‘3’/ é/] ﬁﬂ% I
> i b A

1R % H3EF » o PR RHNFES > BHT L
% B (Code-Switching) #9355 & MR A&

# (Hung et al., 2019; Zhou et al., 2020) > 4
AT RPIR AR EE o

P LFEFERAR WH R IR
. (Cheng and Chen, 2019; Hung et al., 2019;
Wang and Chen, 2020; Wang and Huang,

2021) » & ¥ Wang and Huang, 2021 7 Z it
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Tacotron R R > REETAMBHEE
Ao gH o RERABFTARGTE o Wang
and Chen, 2020 44t 2% 0 &89 F L3EF 6 %
HATTHAR » 2R X FRRAEFGOE R ©
AT LFFEAH A S - 24 &
FHARN L FHEBTEREANHAED S
AR RBRE S BRI B A AN R
(Song et al., 2022) » wEH EL&EFH B
S0 RO R D AT LBFAAMN AR
I ba;z%\ji“? v‘g"g‘/\ﬁk&‘ %‘ZE
HUARGERBEE > MBS ADHEG IR E R
AR, B r]*"—:}im » it g K%?é/\% a)t
FHRERAL BB RIF OB
#— Pt RS o

3 A#HEE

A RIRET —BALFBADHELIE SR A
%o EAH 4L B SemiTrue ° £ R AL P »
&m%ﬂuﬁﬁﬁi%A%a~%a*€\a
2L F~3~8 B ZEFETURBRZAR
EFPERZARAFLZBRRL > AAKE k#“ﬁ
am%;H o HRAEEMABRN  ERETE
REGAWFEHIE > BRI & LFY - 2
ﬁ%%&ﬁﬁﬁﬁmmaﬁéi L4k o B 9o
BECBRAAYBREAXIKSET AGEKX
{2 5 BN AR B R WAV %X, > @
B %Wéﬁﬁﬁ%ﬂ5@§%kb’u
A BEOERIAE - AT EBEAF ERAT
ﬂ%aﬁgﬁﬁaﬁA%%’%ﬁ¢aﬁ$ﬁ
BAGTARGBLTHAMR 2R EHEEEHA
EELF > SRS mBADHFELIL -
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2. SemiTrue A4 FH

SemiTrue 8 %58 RA% > KT LB 5 AL
ToofEAEM: FEHE BFFTHAEN
BERE W o SemiTrue #4667 $EMREZE »
i #] F FastAPI? EAEm# A API IR - B4
R % vAtes sk Reg 7 X o REATHF 1509
B o BB » RIMLEE T @A A 0 AR
G QEE RN TE S W RO R B

SemiTrue ¥ EF AR wE 2 AT~ &M H
EALFHRAZETA S REBHMBEZZHORE > 3
ANBTHBEBRATHEZIOEAERS  REL
B RE R B ARG A B AR AR Z B 1% 2K,
BRMOCERNR SR (LB 3) 0 R&FF
—BADHFET G o EAGRILHBRT > R
WARRMERAZ 8 F R AL FEZBETTUAETE
TR BARLFARE  BEITLFIFRL
FHENZBEFE B o dotb— R T VL B A2
AW s VEBEFHETRRZZHIFAR o

£ % @6y KBRS
SemiTrue # W@ BEAL 4L » 4T B F tm b9 A o

https://fastapi.tiangolo.com/
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3.1 #EHAEsLa

B L FRAMFAGFHEIE RS
BIEAEFHMADRLT  RIEASGRET
B LF KR o AREZRPWERT o W lEH Gk
o MAGREFRGFRLT » BEREHFA
B FRAGG  FERETETOES > RE
AT R B A o A A 0 SemiTrue % 9w
ATEBFHHREA > A AT Google & sm-F
& &9 Speech-to-Text API? » ¥ {2 35 & 9F &A%
CERBHEE L A —TRENRH o

3.2 #FRA

SemiTrue & 7T #H1E A H 3 A 69 A 2 BATEF -
BAG| R o AR FH T — B SRR 0 R4
FTRMAARLT » RGBT IRA A REL
HAEN B RKER L BE @I FER A 32
BOEERT LB 0 REAEANBETAY
WAL AT A A T o Ay T AR R
AT Google Translate API* #47803% o

3.3 FZEHARRA
SemiTrue &5 A B W FTAE » Ky AL

# Jemine, 2019 # Real-Time Voice Cloning®
(RTVC) $23 & F T8 AR A MockingBird® #
Bom A8y o RTVC #3% 3 2R A 74— 18 R4k
AFBHTABEIER (Jia et al, 2018) » LR K
B — A= BE RABR > 2R BB AR
(Speaker Encoder) ~ & % (Synthesizer) ¥
B#5 % (Vocoder) » T LM 43|/ 43 8 =18 1%
NS R € LR

3.3.1 ZHHHE

ETRZEAZEHAY A TR TFE
HO TR SRE A TIRLFEE A BT
Bl & @A K » B0 7 ABEZLERE - ™
FZESTRZBEREGTOF s TAEB—BEG
TRERT ABERBHEEE AR BEES
PR LR o SlsF e FE - FREEE
R RFEFBANGE » BB DS REEA -
RTVC 1M GE2E (Wan et al., 2018) 7 i*
RERAZBHRE » G A T G HK
MEAE TR R —AEEHHEAEGE
AL AR B 354 o — B4 0 BAREF ik
A 40-Channel 894 80H A 4835 F 3R - F@ 4
BEBFR B G E » FLE 3 K LSTM &
MREZT68 BB LA i 256 G E
BER L2 EHA » FRBAZHREAGE o

3https://cloud.google.com /speech-to-text

*https://cloud.google.com /translate

Shttps://github.com/CorentinJ /Real-Time-Voice-
Cloning

Shttps://github.com/babysor /MockingBird


https://fastapi.tiangolo.com/
https://cloud.google.com/speech-to-text
https://cloud.google.com/translate
https://github.com/CorentinJ/Real-Time-Voice-Cloning
https://github.com/CorentinJ/Real-Time-Voice-Cloning
https://github.com/babysor/MockingBird
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3.3.2 &5

SR B2 HMT Tacotron 2 (Shen et al.,
2018) B9 R RA A LTI L FHBE -
ZENRBBBEEM AR LFRBHEN
ANy TAEEERNEFFTHLFHR
(Grapheme) * #H# % & 9% (Phoneme) #9
B BAERBARELNEETREANAE
B RN AR IEE ) R SR A
B RBEALSRETOHERALENR - %R
BT e R AL T4 2] BT FE
5T R B A SR B 3k B 0 BAEIR A P 2
BAGFRERE LFGEE -

SemiTrue & &% & L& 4 B » 1 F RTVC
B3t UL FHBRF I MALFRAHE » %
57 k4t B 26 18 % L F R T AR B
o B F LFE B > R A MockingBird #
AT EFHGTOETHRIMATX > HFd R
L FEFEEREE » BANAKRT LT > FH
FZHAEAHE 124 KT R SemiTrue
AGd  RUBONEGTHA BT RN - £
PEET 3T BIEST 4 AEER (—BRAHAZ
) $ARBEIFIR o T REW AR MockingBird
PO FABRARABE » mBFORTHREG
MELHLFHARETR  ELTARERAA TR
MARNGIE S o KA > KM T —AF
FIRARBGRRA 0 A BRAL R 37 BiE
FRIR 26 BELFH ~ Fizfa T 0~9 &
FRAARBHR - £X 1 BE2FPEFTTEA
8 SCF AR B F U AAF IR ) o

By T I HH AR kA A G IRE R
Fe o LA T & BAKAE K (Global Style
Token) (Wang et al., 2018) ° &R A& TTS A
BP > ZELVNBENEARRK » hL/AR
BT ST A JRAE B A% 0 BPAR 4o sbAL 3R VLSRAE &
T B SEHE 6 AR RAS 0 W A BURSAZ SR D8k
B N FBAEATERGARR > AR AR
B AT R BAE 8 X, o wIEST IR B R A B T8
RE o TUABARTRA S AL AN > BET
HWMEA KRG THERLE -
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Method Character Embedding
Pinyin meid li4 deb tai2 wanl
Bopomofo T\~ 74— /& &% X5

k1. TERHOEE ] 9FTHEA
Method Character Embedding
Pinyin Hello * shi4 jie4 !
Bopomofo Hello’® 7 4—+" !

& 2. [Hello > #5% 1] 89F T8 A

3.3.3 H#HZE

HATE & m S 0 RGBS @A
TR A AT A AFIIR6935 5 M
B b A A R T 26 TR T A R A SE AR
e A F R A > TR E A L WAV
BRYBFBITRE RSB BHENBEREAE S
Ao ARG TR EAE mEEy B8R
142 % > A 3k SemiTrue Ae A T =42 K 744
4 4 8 8y B A5 B 0 WaveRNN (Kalchbrenner
et al., 2018) ~ HiFi-GAN (Kong et al., 2020) »
Fre-GAN (Kim et al., 2021) VA & —1{B & 7%
Foke9BARE ¢ Criffin-Lim » FTXUFHEwE
B 3 EAT 69 A48 o

WaveRNN : #] Al Tacotron B —#f% € & &
WaveNet 1k & % #5% » WaveNet 1% Fl B = &
(Auto-Regression) & 7 X A& R A& » R AT
—Z MR TR T —20&ME AEA %
R A5 0 & WaveNet T A A R Z s H 69 8 R
AHE s A2 A B B AR 0 R B R
BREEE THRASETHRERG PR o #
A& WaveRNN A% 4+ 4 4 & ik BRI » £8
MR AL 5 2 B 2L TR E CPU
BH REAZBLTEKR °

HiFi-GAN : 4% A £ s # # % ( Generative
Adversarial Network ) & B A K4 > $2 Mel-
GAN (Kumar et al., 2019) & &AafL » L F &,
ST —EAEARSENBEEN S 0 ZAMET
# (Multi-Period Discriminator) #= % R Z 4

1% (Multi-Scale Discriminator) * WA 2Rk 3%
& GAN #FBr S FEF95ET -

Fre-GAN : £ HiFi-CAN 8 A5 k> &R
TARESLEN X » %A RCG (Resolution-
Connected Generator) ¥ RWD (Resolution-
Wise Discriminator) ° @ Fre-GAN &A% & 6
PG ARG P AR 2R T e T3kt
¥k FHRRZARME > M Fre-GAN 2%
AL R AR R R TUATERG EF AT
AR
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Griffin-Lim : ZAEE X B EBE > A
MeaEd gy R ) REZELTA
Re ZBALEMELZA 20 E Griffin-
Lim /& 4 R B2 A 48 A i 4 5% > PT AL 35
FA T EHA L OTRA G FEHE o

3.4 “FHR VA

#7 SemiTrue "B Bl F ARG A » KA R
%% Wav2Lip (Prajwal et al., 2020) #9 7 2 $2
BAE - Wav2Lip &2 H—BAYHFEDH
RIFMAGETO TR REERGETRTH
AER > B RETR FAYNES R
B mE&EA B ARDLBEENEAEFHE o

Wav2Lip i T &1 Prajwal et al., 2019 AT#%
Begr £ BhIIAT —ERINRGER R F
%% & (Pretrained Lip-Sync Discriminator ) *
R 2R ERNR TR R E T —
REM » ASLRR G ERF T o9 - 3R
FEEEA R W K REL & A ARG ER o 4P
TREE ARG R T L BRI BRI AR
B o FH b > Wav2Lip Xm AT — 1B % 1% &
A3 & (Visual Quality Discriminator) 7F
By HABXRRE S A S EELR
FEH ST EHEMEIAL > B—FRATH
%oy H o FlaF > XA & Wav2Lip &% @3k
NFEFRE R AR ARG H » AE LT VER
AAERT B AR AR IAEAT 55 09 AR > BPARZ A
B TTS &R B RGBT LALLM B84 F
WERERAARMG AL RELIB T BREAY
g ELE -

Wav2Lip B R#ER 9 A A RS LEH R R
My MARBIT AR @Yy A=ZMEWR » 5
HAEADH#AGSE (Identity Encoder) ~ 355 4
#5323 (Speech Encoder) $2ix3% 2453 (Face
Decoder) ° /£ BRERR » FA R FE 4 F
ZWANBRAR LB HETEAERAEL
& MFET » LR AL GREIGE A IRARTY
Bh ey —F55RBRE 5 —BBR%RERE
BEGR & EAARNERREELE A S
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RREAEFZBFHFRAEGE o AWML G 2 HE
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Ty mE R ft o B4 H P LEFESRIEY
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B SemiTrue PAT& mMZ A58 % 15 69 B 88 5
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REMFERR YA o

87 Wang et al., 2017 3 % /& s AR A& 1A
F 3 & L4 # (Mean Opinion Score * MOS)
(P.800.2, 2016) K+ FE% &= H » Hib» &
IR BAZ BB AR R AT
X BFRBFTIAIBRARE | 2 ERES 5
BITBELFS RABRFLFHERL»K -

A9 RAVSET Jia et al., 2018 3 Wang
and Huang, 2021 8 F 5 » £@BHAMUE 5
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AR RR A S e F SR AR B R R B E R
ARER T S REBFTREARBB G TS
I BB B RE T ik o

4.2 BAIER

SemiTrue ZE WM EE P » 45ES
BERE S M BRERE S AP ELARE
BuFRAHZERERLY c LML EREF
ST E R 2EAN T e » LAERASE
2B 0 FENERETERE RGN o
TXE T SemiTrue $ MockingBird # 1%
R Rl e S



The 34th Conference on Computational Linguistics and Speech Processing (ROCLING 2022)
Taipei, Taiwan, November 21-22, 2022. The Association for Computational Linguistics and Chinese Language Processing

Common Voice Corpus : @ Mozilla #4789
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Synthesizer Model MOS Case Criteria MOS
MockingBird + WaveRNN 2.43+0.19 Original Audio Quality 4.39+0.15
CV8-75K + WaveRNN 3.80£0.16 Video Voice Similarity — 4.3540.16
Chinese-Hybrid + WaveRNN  2.824+0.17 Lip-Sync Quality 4.23+0.17
Bopomofo + WaveRNN 4.1340.16 Audio Quality 3.9740.16
. N . g A English Voice Similarity  3.901+0.16
A4 AFRRABRBERZZFBFOFHELIK Lip-Sync Quality 4.24+0.15
Audio Quality 3.47+0.16
Vocoder Model MOS Mandarin  Voice Similarity = 2.9140.19
CV8-75K 4+ WaveRNN  3.80+£0.16 Lip-Sync Quality 3.79+0.17
CV8-75K + HiFi-GAN  3.774+0.16
CV8-75K + Fre-GAN  3.32+0.16 6. ARERSHOFHTLs#
CV8-75K + Griffin-Lim 2.9240.17
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Case Inference Time
Audio only 8.31s
Audio + Image 13.30 s
Audio + Video 22.10 s
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for Aligning Sentences in a Paraphrased Corpus?
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Abstract

Sentence alignment is an essential step in
studying the mapping among different
language expressions, and the character
trigram overlapping ratio was reported to
be the most effective similarity measure in
aligning sentences in the text simplification
dataset. However, the appropriateness of
each similarity measure depends on the
characteristics of the corpus to be aligned.
This paper studies if the character trigram
is still a suitable similarity measure for the
task of aligning sentences in a paragraph
paraphrasing corpus. We compare several
embedding-based and non-embeddings
model-agnostic ~ similarity =~ measures,
including those that have not been studied
previously. The evaluation is conducted on
parallel paragraphs sampled from the
Webis-CPC-11 corpus, which is a
paragraph paraphrasing dataset. Our results
show that modern BERT-based measures
such as Sentence-BERT or BERTScore can
lead to significant improvement in this task.

Keywords: sentence alignment, sentence similarity,
sentence embedding

1 Introduction

Monolingual text matching is necessary for many
downstream applications, such as Paraphrase
Identification and Extraction (Qiu et al., 2006),
Question Answering (Weiss et al., 2021), Natural
Language Inference (MacCartney et al., 2008), and
Text Generation (Barzilay and McKeown, 2005).

1 The nearest semantic associates of the verb decide based
on the cosine similarity between the word2vec vectors
(trained on English Wikipedia) are those verbs such as:
choose (0.64), opt (0.62), persuade (0.61), want (0.58),
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Take the QA task as an example, identifying the
text fragments that match the given question within
the associated passage is often required for locating
the desired answer.

However, modern neural-network (NN)
approaches to text matching often suffer from
certain limitations when two sequences contain
considerably different lexicons or diverse
grammatical structures (McCoy et al., 2019). For
example, when the verb “decide’ in the sentence
“They decided to go” is nominalized to the noun
“decision” in its paraphrase “They made a decision
to go”, the popular word embedding similarity
approach might fail as the embedding-vectors of
“decide” and “decision” are quite different?®.
Another example is a pair of sentences “A cat is
chasing a dog.” and “A dog is chasing a cat.”,
which contain the same set of lexicons and
syntactic structure but with opposite meanings.

Furthermore, the NN approaches frequently fail
while the matching involves multi-word
expressions, or when expressions require
compositionality handling (Blevins et al., 2018;
Hupkes et al., 2020; Zhou et al., 2020). For
example, it is difficult to match expressions “put
off” and *“procrastinate” using basic word
embeddings, as the real meaning of the idiom “put
off” is not the sum of the meanings of its tokens.

We found that the limitations of NN models in
text matching could be greatly alleviated by
utilizing lexico-syntactic paraphrasing patterns
such as [ve[ven[see]ne[Xi]1] Z[s[np[X1]vr[veo[be]

refuse (0.57), insist (0.56). However, the noun decision only
has a similarity score 0.512, which means that its similarity
to the verb decide is even less than that between decide and
its quasi-antonymous refuse.
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PARAGRAPH 1 PARAGRAPH 2

Thad, of course.
Naturally, Thad and also Bill,
And, Bill, we're going to get whom we'll get after a while.
him, sooner or later,

soper won't let this go on

\  I've gota hunch tha
.. through with that ga

Figure 1: Sentence alignment for extracting
paraphrased sentence-pairs. Sentences pairs in
green are those we want to extract; sentences in red
are in multi-to-one relation and do not constitute
sentential paraphrases.

ve[observe]]]?, which denotes the conversion from
active to passive voice for the phrase pair “see the
lion” and “the lion was observed”. Since some key
lexicons are involved in the pattern, it would be
difficult to exhaustively list such patterns by a
human. It is preferable to automatically extract
them from a large paraphrase corpus.

To collect such lexico-syntactic patterns, a
high-quality paraphrased sentence-pair dataset is
essential. Unfortunately, current sentence-aligned
paraphrase datasets (e.g., MRPC (Dolan and
Brockett, 2005), PPDB (Ganitkevitch et al., 2013),
and QQP (Aghaebrahimian, 2017)) are too trivial
for this task, as they mainly contain lexical
paraphrases that could be easily handled by a NN.
On the other hand, some paragraph-aligned
paraphrase corpora, containing different human
translations from the same source text, fit our needs
well. To utilize those paragraph-aligned paraphrase
corpora, monolingual sentence alignment is the
first step in retrieving the desired patterns.

Figure 1 shows how a correct sentence
alignment could help extract paraphrased sentence
pairs from longer paraphrased texts. Unless we
correctly identify which sentences are in 1-to-1
relationships (green in the figure), we cannot
correctly identify the desired paraphrased pattern.

Monolingual sentence alignment approaches
could be classified into two categories: model-
based approaches (e.g., Jiang et al., 2020), which
adopt specific models to encode the input
sentences and perform alignment, and model-
agnostic approaches (Stajner et al., 2018), which
can be directly applied to the selected dataset,
without the necessity of training a neural model in
advance. In our work, we focus on model-agnostic

2 The structure is annotated in bracketed form analogically
to phrase-parsing annotation and Xj, i =1,2,... marks
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approaches, as they do not require additional
labeled data to train the model.

The downside of previous model-agnostic
approaches (Stajner et al., 2017; 2018) is that they
only test the early word2vec word embeddings,
and do not explore those more advanced NN
approaches such as Sentence-BERT (Reimers and
Gurevych, 2019) and BERTScore (Zhang et al.,
2020). Also, they are mainly evaluated on Text
Simplification (TS) datasets, which are different
from our paraphrasing datasets.

In the TS dataset, the original and the simplified
text often share a considerable number of
keywords, which remain unchanged and are rarely
substituted with synonyms. However, this property
does not hold in our paraphrasing corpus, as its
paraphrasing expressions usually possess diverse
syntactic structures with many different lexical
items.

Therefore, we suspect that the character trigram
overlapping ratio, reported as the best for
monolingual sentence alignment in previous works
(Stajner et al., 2017; 2018), would not perform best
on our data. Since our paraphrasing corpus
contains considerably different lexicons and word
order, the string-based method such as character
ngram similarity would lose its edge. Previously
reported text similarity measures thus should be re-
evaluated for our task, and more advanced NN
approaches should be explored.

In this work, we not only compare various
previously reported text similarity measures on a
paraphrased paragraph corpus but also additionally
test some new measures based on the most recent
NN sentence embedding methods. We utilize those
above measures with two sentence alignment
approaches: simple greedy match (e.g., Stajner et
al. 2018), and sequence match (Gale and Church,
1993; Barzilay and McKeown, 2001). We conduct
the evaluation on a manually annotated sentence-
aligned dataset with 400 paraphrased paragraph
pairs randomly sampled from the multiple
translation corpus Webis-CPC-11 (Burrows et al.,
2013).

Our contributions include:

(1) Tothe best of our knowledge, we present the
first study on aligning sentences on a
paragraph paraphrased corpus;

(2) We show that character trigram similarity is
not the best measure for aligning

matching variables. We use the same tagset as that adopted
in Penn Treebank (Marcus et al., 1993)
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paraphrasing corpora. Instead, BERT-based
embedding methods achieve significantly
better results even without fine-tuning on

the target dataset;
(3) We test several NN-related sentence
similarity measures (other than

word2vector) that have not been evaluated
before for model-agnostic monolingual
sentence alignment;

We confirm and expand the observation of
Choi et al., (2021), showing that [CLS]
token representation is not necessarily
superior to averaging individual word
vectors for sentence representation while
aligning paraphrased text under BERT.

(4)

2 Sentence Alignment Procedure

Our sentence alignment procedure is implemented
with two main elements: (1) selecting an
appropriate  search mechanism (either Bi-
Directional Best Match or Sequence Match); (2)
adopting a specified sentence similarity measure,
either string- or embedding-based.

2.1

We adopt two approaches to conduct sentence
alignment: Directional Best Match and Sequence
Match.

Search Mechanisms

2.1.1 Bi-directional Best Match

This is a simple greedy approach that ignores the
adjacency and dependency information within
sentences during matching. We adopt an approach
similar to that reported in Stajner et al. (2018).
However, in addition to Uni-directional Best
Match adopted by Stajner et al. (2018), we also test
Bi-directional Best Match, where we align the
sentences bi-directionally. We believe that the bi-
directional approach will be more applicable in our
case since our data is symmetric, while the data
tested in Stajner et al. (2018) is not.

In both versions, we take two sets of sentences
as the input and calculate the similarity of each
sentence pair that can be formed between these two
sets. Based on the sentence similarity scores, for
each sentence in one set, we select the sentence
from the second set that possesses the highest
similarity score, forming a set of sentence pairs. In
the uni-directional version, those pairs are directly
selected as the final alignments.
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In contrast, for the bi-directional approach, we
additionally repeat the same selection procedure
from the opposite direction for each sentence in the
second set to form another set of sentence pairs.
Afterward, we take the intersection of these two
sets to obtain the final aligned sentence pairs.

2.1.2 Sequence Match

Based on the selected similarity measure, this
approach adopts dynamic programming to find out
the best alignment sequence among the sentences
within the given paragraph pair (Gale and Church,
1993; Barzilay and McKeown, 2001).

2.2

The text similarity measures adopted in our
experiments fall into two main categories: (a)
string-based approaches, in which the similarity is
calculated purely based on the sentence strings; (b)
embedding-based approaches, in which a neural
model is first used to convert each sentence into its
corresponding embedding-vector, and then the
cosine similarity between these two sentence
embedding-vectors is taken as the sentence
similarity.

Similarity Measures

2.2.1 String-Based Sentence Similarity

We adopt two different overlapping ratios: (1)
Character ngram, which is reported as the state-of-
art on the text simplification corpus (Stajner,
2018), and (2) token string, which is commonly
used in sentence alignment tasks (e.g., Barzilay and
McKeown, 2001).

Character Ngram

We follow Stajner et al. (2018) to calculate the
ngram similarity based on the Character Ngram
Similarity model with tf-idf weighting (adapted
from McNamee and Mayfield (2004)). We
experiment with different ngram sizes (1 to 5) and
use NGRAM to refer to this measure. We add
Laplace smoothing to account for those unseen
ngrams in the test set. The final similarity is
calculated by taking cosine similarity.

Token String

For calculating token-based sentence similarity, we

use the following token overlap formula:
|tokens,n tokens,|

similarit = 1
Ytoken |tokens,|+|tokens,| ( )

where tokens; is the set of tokens in the first
sentence, tokens, is the set of tokens in the
second sentence, and the function | | specifies the
cardinality of the token set. We consider two
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different normalization mechanisms for comparing
two tokens: (1) converting the strings into their
associated lemmas before comparison (abbreviated
as TOKENSstring); (2) also taking synonyms as
exactly matched lemmas during comparison
(abbreviated as TOKENSsyn). Token lemmas for
each sentence are retrieved using an automatic
tokenizer and lemmatizer (Qi et al., 2020).
Synonymic relationships are taken from WordNet
(Fellbaum, 1998).

2.2.2 Embedding-Based Sentence Similarity

We adopt three different approaches to calculate
the similarity score between two sentences: (1)
word-embedding based, where we first look up the
word embedding-vector for every token in each
sentence from a pretrained model and then
combine them into their associated sentence
embedding-vector by vector averaging (Putra and
Tokunaga, 2017). Afterward, we calculate the
similarity between the two obtained sentence
embedding vectors. (2) sentence-embedding based,
where we use a model, such as BERT (Devlin et
al., 2019) or Sentence-BERT (Reimers and
Gurevych, 2019), to directly embed a sentence into
its associated sentence-embedding. We then
calculate the similarity between these two sentence
embedding vectors. (3) BERTScore (Zhang et al.,
2020), which uses BERT to directly generate the
similarity value between two sentences.
Word-embedding Similarity

For directly retrieving the token-associated
embedding vector from a pretrained embedding
lookup table, we test both word2vec (Mikolov et
al., 2013) and Glove (Pennington et al., 2014)
embeddings.  Additionally, we also test
contextualized word embeddings retrieved from
BERT (Devlin et al., 2019).

Moreover, while it is common to use the [CLS]
token yielded by the BERT encoder to represent the
whole encoded sentence, recent works note that
this might not be the best solution for all
downstream tasks (Choi et al., 2021). We therefore
additionally test the following approach: generate
the sentence embedding via averaging the
contextual word embeddings retrieved from the
BERT maodel.

Regardless of the way of selecting word
embedding, we combine the associated embedding
vectors into the corresponding  sentence
representation by taking an average over them
(Putra and Tokunaga, 2017). The sentence
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similarity is then calculated as the cosine similarity
between the two sentence embedding vectors.

Among various types of word-embedding, only
Word2vec is tested by Stajner et al. (2018). But it
was reported not the best one in their experiments
(the best one is character trigram in their task).
Sentence-embedding Similarity
Another way to generate the sentence-embedding
is to adopt BERT to transform all its associated
token-embeddings into it. We test two methods of
obtaining sentence representation via BERT. First,
we take the [CLS] token from the BERT to
represent the whole sentence. Alternatively, we use
Sentence-BERT (Reimers and Gurevych, 2019),
which is an alternative method of obtaining
sentence representation from BERT-type models,
suggested as a better alternative for directly
adopting [CLS] token embedding. We use
Sentence-BERT to separately obtain a single
embedding for each sentence in the pair. The
sentence similarity is then calculated between two
obtained sentence embedding vectors.
BERTScore
Last, we can directly generate the desired similarity
value among two sentences by adopting the
BERTScore (Zhang et al., 2020) approach, which
is originally developed as an automatic evaluation
metric for comparing various text generation
systems. This approach first uses BERT to obtain
the word embeddings of all input tokens. The
pairwise similarity is then calculated for each
possible token pair. Afterward, for each token from
the first input sequence (i.e., the sentence from the
“original” paragraph), BERTScore finds its
matching token in the second sequence (i.e., the
sentence from the “paraphrased” paragraph) via
greedy search. Last, it calculates both precision and
recall based on the matching result.

As BERTScore is designed to evaluate the
similarity between the ground truth and the
generated text, we thought it should be also
suitable for measuring the sentence similarity for
our task. Typically, BERTScore will report
precision, recall, and f1-score at the same time. We
take each of these values to represent a specific
sentence pair similarity measure; and we refer to
them as BERTprec, BERTrec, and BERTf1,
respectively.
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Figure 2: Operation flow for obtaining one-to-one sentence alignment within paraphrased paragraph pairs.

3 Experiments

Figure 2 shows the operation flow adopted in the
experiments. Taking a pair of paraphrased
paragraphs as input, the paragraphs are first
preprocessed and split into sentences. Then, we use
the sentence alignment module with the selected
search mechanism and similarity measure to
generate the desired sentence alignments. Those
one-to-one sentence alignments are then extracted
and output as the answer.

Following subsections give details of the
experiment setting and results.

3.1

We randomly sampled 400 paragraph pairs from
the Webis-CPC-11 corpus (out of which 7 were
found to be incorrectly marked as paraphrases and
removed from the evaluation data). However, for
checking if we can automatically detect if the given
paragraph pair is a paraphrased one, we still
reserve them as additional data on which we can
experiment with a method of filtering out such
undesired input.

As all tested similarity measures are model-
agnostic, we do not require a training set.
Therefore, we split all the aligned paragraph pairs
(i.e., excluding those non-paraphrased pairs) into
the development set and the test set with a 1:7 ratio.
As a result, we end up with 48 paragraph pairs in
the development set and 345 paragraph pairs in the
test set. We use the development set for selecting
hyper-parameters such as similarity cutting
threshold and alignment type probabilities for the
Gale-Church algorithm (Gale and Church, 1993).

Table 1 gives the associated dataset statistics.
Within them, 566 1-to-1 paraphrased sentence
pairs (77% among all aligned passage pairs) exist

Dataset
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in the test set. This set of 1-to-1 sentence pairs (i.e.,
sentential paraphrases) is the desired output in our
task and the ground truth for our evaluation.

3.2

Because the Webis-CPC dataset only contains un-
segmented paragraphs, it must be first converted
into a collection of sentences. We use an off-the-
shelf sentence segmenter (Qi et al., 2020) to split
each paragraph into sentences. The output is thus
two sets of sentences, one for each of the
paragraphs.

Pre-processing

3.3

Since the character trigram is reported as the best
measure by Stajner et al. (2018), and no easily
applicable code is released, we re-implement it as
our baseline. The character ngram similarity is
calculated as described by Stajner et al. (2018),
including the tf-idf weighting adopted in the

Experiment Settings

all dev test
#input
paraphrased 393 48 345
paragraph-pairs
#input non-
paraphrased pairs 7 2 5
(dataset errors)
avg. paragraph
length 2.3 2.4 2.3
(#sentences)
paragraph range 1.7 16 1.7
(# sentences)
avg. sentence
length (#tokens) 209 | 193 | 211
# 1-1 alignments 633 67 566
(ground truth) (77%) | (77%) | (77%)

Table 1: Dataset Statistics (without non-
paraphrase cases). #Min-#Max specifies the
range.
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measure % on the test set Best
prec | rec F1 TH

NGRAM(n=1)* | 77.8 | 82.2 | 79.9 | 0.3
NGRAM(n=2)* | 77.8 | 82.2 | 79.9 | 0.3
NGRAM(n=3) | 799 | 725|76.1| 0.3
NGRAM(n=4) | 77.8 | 822|799 | 0.3
NGRAM(n=5) | 77.8 | 822|799 | 0.3
TOKENSstring* | 83.7 | 73.1 | 78.1 | 0.2
TOKENSsyn 7711715 | 742 | 0.1
wav 79.7 1745|770 | 0.8
GLOVE 735 (812|771 | 095
BERTword* | 785 |87.0 | 825 | 0.75
BERTCcls 81.9 1679|743 | 0.9
SBERTDbert 75.2190.8 | 823 | 0.6
SBERTalbert | 829 | 70.7 | 76.9 | 0.35
SBERTmini* | 784 |85.2 | 816 | 0.6
BERTprec* 86.5|729|79.1| 0.9
BERTrec* 835|749 |804 | 0.9
BERTf1 86.8 | 749 | 804 | 0.9

Table 2: Alignment results for the Uni-directional
Best Match strategy across all similarity measures.
TH is the threshold value, selected on the
development set based on the f1 value for each
measure. The asterisk * marks the metrics that
outperforms NGRAM baseline (n=3) with p <0.05.

original work. We do not test our implementation
on the original data adopted by them, as they only
used human evaluation, without indicating which
dataset was used for evaluation. Therefore, directly
verifying our implementation with their results is
impossible.

When experimenting with various search
mechanisms, we additionally impose similarity
score thresholding, which filters out those obtained
1-1 sentence pairs with their similarities below the
specified threshold. The threshold value is selected
for each similarity measure separately, based on the
development set results.

For the approach of adopting [CLS] for sentence
representation, we use a pretrained BERT-base
model (Devlin et al., 2019). For the Sentence-
BERT approach, we test three different pretrained
versions released by an open resource®: BERT
(Devlin et al., 2019; abbreviated as SBERTbert),
ALBERT-mini (Lan et al., 2020; abbreviated as
SBERTalbert), and MiniLM (Wang et al., 2020;
abbreviated as SBERTmini). Among them,
SBERTbert is trained with various Natural
Language Inference data sets; in contrast, the last
two versions are trained on various paraphrasing

3 https://huggingface.co/sentence-transformers
4The list of specific datasets used was not published by the
open-source authors.
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measure % on the test set Best
prec | rec F1 TH

NGRAM(n=1) |80.5|81.8|81.1| 0.3
NGRAM(n=2) |80.5|818|81.1| 0.3
NGRAM(n=3) | 78.9 | 87.0|827| 0.1
NGRAM(n=4) |80.5|81.8|81.1| 0.3
NGRAM(n=5) |80.5|818|81.1| 0.3
TOKENString | 84.7 | 73.1 | 785 | 0.2
TOKENSsyn 78.6 | 81.8 | 80.2 | 0.05
wW2v 81.1 876|842 | 0.6
GLOVE 79.7 | 78.0 | 78.8 | 0.95
BERTword 82.3 |86.4 | 843 | 0.75
BERTcls 86.2 | 665|751 | 0.9
SBERTbert 79.1 | 88.6 | 83.6 | 0.6
SBERTalbert | 80.6 | 89.8 | 84.9 | 0.25
SBERTmini* | 80.7 | 90.2 | 85.1 | 0.25
BERTprec 80.9 | 88.2 | 84.4 | 0.85
BERTrec 79.7 | 88.2 | 83.7 | 0.85
BERTf1 79.9 | 90.8 | 85.0| 0.9

Table 3: Alignment results for the Bi-directional
Best Match strategy across all similarity measures.
TH is the threshold value, selected on the
development set based on the F1 value for each
measure. The asterisk * marks the metrics that
outperforms NGRAM baseline (n=3) with p <0.05.

datasets * . The pre-trained model used for
calculating the BERTScore is ROBERTA-Large
(Liuetal., 2019).°

3.4 Various Experiments

We measure precision, recall, and F1-score for the
two alignment strategies with various similarity
measures. Furthermore, we use the McNemar test
(Dietterich, 1998) to check if a given configuration
(i.e., the adopted search mechanism and the
specified similarity measure) yields significantly
different results from the baseline (taking p<0.05
as the significance test threshold).

We test the following measures: (A) String-
based similarities: including character ngram
similarity with n from 1 to 5 (NGRAM), and token
overlap similarity calculated with either token
strings (TOKENSstring) or token synonyms
(TOKENSsyn); (B) Embedding-based similarities:
(1) word embedding-based similarities calculated
with word2vec (W2V), Glove (GLOVE) and
BERTbase (BERTword) embeddings; (2) sentence
embedding-based similarity: (i) using [CLS] token
yielded by BERThase model (BERTcls), and (ii)

5 https://github.com/Tiiiger/bert_score
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measure % on the test set Best
prec | rec | F1 TH
NGRAM(n=1)* | 89.1 | 83.4 | 86.1 | 0.2
NGRAM(n=2)* | 89.1 | 83.4 | 86.1 | 0.2
NGRAM(n=3) |89.7 | 84.2 |86.9| 0.1
NGRAM(n=4)* | 89.1 | 83.4 | 86.1 | 0.2
NGRAM(n=5)* | 89.1 | 83.4 | 86.1 | 0.2
TOKENSstring | 92.7 | 81.6 | 86.8 | 0.15
TOKENSsyn 86.2 | 86.9 | 86.3 0
w2V 87.6 | 87.6 | 87.6 | 0.45
GLOVE 873|852 (86.2| 0.9
BERTword 915|822 | 86.6 | 0.75
BERTCcls 92.3 1814 |86.5| 0.85
SBERTbert* | 89.8 |87.8|88.8| 0.6
SBERTalbert | 91.1 | 85.8 | 88.3 | 0.25
SBERTmini 87.8|86.8 | 87.3 | 0.25
BERTprec 90.0 | 86.8 | 88.4 | 0.85
BERTrec* 89.9|87.6 | 88.7 | 0.85
BERTf1* 90.1 | 87.4 | 88.7 | 0.85

Table 4: Alignment results for the Sequence Match
strategy across all similarity measures. TH is the
threshold value, selected from the development set
based on the F1 value for each measure. The
asterisk * marks the metrics that outperforms
NGRAM baseline (n=3) with p < 0.05.

Sentence-BERT embeddings with three different
pretraining models (SBERTbert, SBERTalbert, and
SBERTmini); (C) BERTScore with precision
(BERTprec), recall (BERTrec) and F1-score
(BERTT1).

Tables 2-4 compare all similarity measures
under the Best Match (Uni- and Bi-directional,
separately) strategy and the Sequence Match
strategy, respectively. For each measure, we only
report the results with the best threshold value,
which is selected on the development set based on
the F1 value. The threshold for each specific
similarity measure is different and is noted in the
corresponding table. Measures that outperform the
character trigram baseline in a significant manner
are marked with the asterisk *.

Overall, comparing the best result of each
approach, the sequence match approach (with the
best F1-score equaling 88.8%) outperforms both
best match approaches (the best F1-score of 85.1%
is from the bi-directional mode). We conjecture the
sequence match performs the best as it additionally
considers the adjacency and dependency
information within sentences during matching.

Moreover, the Uni-directional Best Match
approach performed the worst (only with 82.5%
best F1) as expected. Since our data is symmetric,
the matching results would be more reliable if the
alignment is considered from both directions.
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measure mean L-Cl #pairs
(0.95)

NGRAM(n=3) | 0.547 0.530 5
TOKENSstring | 0.221 0.214 4
TOKENSyn 0.141 0.136 4
SBERTbert 0.541 0.522 3
SBERTalbert | 0.411 0.391 3
SBERTmini* | 0.339 0.321 6
BERTprec* 0.914 0.911 7
BERTrec 0.917 0.914 5
BERTf1* 0.915 0.913 5

Table 5: Results of filtering out non-paraphrased
paragraph pairs based on the 0.95 confidence
interval. Mean is the mean similarity value for all
(393) paraphrased paragraph pairs; L-Cl is the left
boundary of the Confidence Interval, and #pairs is
the number of non-paraphrased pairs that fall
outside the confidence interval (out of 7). Results
with p < 0.05 are marked with the asterisk *.

Furthermore, the best similarity measure varies
under different search mechanisms. In the
sequence match approach, three BERT-type
measures (i.e., SBERTbert (88.8% F1), BERTrec
(88.7% F1), and BERTf1 (88.7% F1)) significantly
outperform the baseline. The SentenceBERT
measure performs best, surpassing the character-
trigram baseline method by 1.9% (88.8% vs.
86.9%) because it is trained to encode the overall
sentence meaning, not the specific meaning of
individual tokens, which fits our task well.
Similarly, BERTScore also delivers good results
because it is directly trained to measure the
similarity between two sequences.

On the other hand, in the bi-directional best
match approach, the best result is again obtained
by the Sentence-BERT measure (SBERTmini)
with the best Fl-score 85.1%, significantly
outperforming the character ngram similarity
measure at 82.7%. Also, both SBERTalbert and
BERTf1 measures outperform the baseline with
p<0.06. We believe that the above reasons given
for the sequence match approach also apply here.

Last, in the uni-directional best match approach,
several tested measures significantly outperform
the baseline (76.1%), including BERTword
(82.5%), SBERTbert (82.3%), SBERTmiIni
(81.6%), BERTf1(80.4%), NGRAM with n#3
(79.9%), BERTrec (79.7%), BERTprec (79.1%)
and TOKENSstring (78.1%). The measures that
perform best in this search mechanism are again
mostly those that encode the sentence as a whole,
similar to other search mechanisms.
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We additionally note that in both versions of the
Best Match approach, BERTword is significantly
better (84.3% and 82.5% for bi- and uni-
directional, respectively) than that is calculated
with the [CLS] token embedding (BERTCIs,
75.1%, and 74.3%). This is in line with the
observation from Choi et al. (2021), who noted that
interpreting the [CLS] token embedding as the
sentence representation might be inferior to
combining the individual sub-word embeddings
obtained from BERT.

3.5 Exploring Features for Non-

paraphrased Paragraph-pair Detection

Since the Webis-CPC-11 paraphrasing dataset is
found to contain some non-paraphrased paragraph
pairs (a total of 7 pairs are found among 400 pairs
sampled), we also want to check if it is possible to
automatically detect those outliers. As the
paragraph is just a longer passage in comparison
with the sentence, we expect that the measures
adopted to calculate the sentence similarity could
be also applied to evaluate the paragraph similarity.
We thus further test whether the measures adopted
for sentence alignment are discriminative enough
to filter out those incorrectly annotated paragraph
pairs (i.e., non-paraphrased pairs found).

We calculate paragraph similarity via the same
approaches conducted for evaluating the sentence
similarity and test some similarity measures which
perform better for the sentence case (including
Sentence-BERT, BERTScore, etc.). We fit the
similarity values from all paraphrased paragraph
pairs for each measure with specific normal
distribution and then calculate its 0.95 confidence
interval to check whether the non-paraphrased
paragraphs can be detected as outliers outside this
interval.

Table 5 shows the left boundary value of the
0.95 Confidence Interval as well as the number of
non-paraphrased paragraph pairs (out of 7 in the
data) that fall below this interval. We found that all
non-paraphrased paragraphs can be detected as
outliers and filtered out using BERTprec (with the
nearest outlier sitting at p=0.01). It thus confirms
the feasibility of adopting BERTprec for
automatically filtering out those annotation errors.

4  Error Analysis

We analyzed 50 errors generated by our best
approach (i.e., Sequence Match with SBERTmini),
and categorized them based on their associated
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error sources: (1) mistaking 1-n mapping for 1-1
(46%); (2) associated with incorrect sentence
boundary (26%), in which the sentences are split
incorrectly before conducting alignment (e.g., a
sentence is incorrectly split into two sequences by
the sentence segmenter); (3) paraphrased sentences
take different sequence-orders within two given
paragraphs (16%); (4) others (12%), of which it is
difficult to attribute each error to a specific reason.

The first error category, incorrectly marking 1-n
alignment as 1-1, is likely due to two reasons. First,
those proposed similarity measures are still
incapable of truly reflecting the semantic similarity
between two sentences when they are paraphrased
in an abstract way; as a result, they might
incorrectly convert a golden 1-n mapping into a 1-
1 mapping. Second, because the alignment is
selected based on the sentence similarity and the
probability of each alignment type on the
development set, the model has a preference for
extracting 1-1 alignments as they are most
common in the dataset (cf. Table 1).

The second error category (i.e., with incorrect
sentence boundary) occurs when the pre-
processing module incorrectly split the sentences
within one of the input paragraphs. Finally, the last
type of error is caused by the sequence search
mechanism, which assumes all paraphrased
passage pairs follow the same relative order within
each paragraph. If this assumption is violated in the
given paragraph pair, it will always return an
incorrect answer.

5 Related Work

Sentence Alignment Mechanisms

Works on sentence alignment started with bilingual
data (Brown et al., 1991; Gale and Church, 1993)
adopted to train the statistical machine translation
model. Monolingual sentence alignment appeared
much later. Most of them are conducted on
comparable corpora for developing text-to-text
generation systems (e.g., Barzilay and Elhadad,
2003; Nelken and Shieber, 2006). Subsequently, it
is also applied in the text simplification task (e.g.,
Hwang et al., 2015).

Based on the adopted search mechanism, both
mono- and bilingual sentence alignment
techniques can be split into greedy search (e.g.,
Brown et al., 1991; Hwang et al., 2015; Stajner et
al., 2018) or sequence search (e.g., Gale and
Church, 1993, Barzilay and McKeown, 2001).
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Those previously reported  monolingual
alignment approaches are mainly model-agnostic,
and adopt various similarity measures (Hwang et
al., 2015; Stajner et al., 2018), as there is no need
to additionally prepare annotated training data. As
the development of NN progressed, model-
dependent approaches (Huang et al., 2018; Jiang et
al., 2020) also emerge, as they can deliver better
performance with the cost of annotating a training
dataset.

Sentence Similarity Measures

The early adopted sentence similarity measures are
mostly string-based, including sentence-level tf-idf
(Nelken and Shieber, 2006) or shared tokens
(Barzilay and McKeown, 2001; Ganitkevitch et al.,
2013). Later, to increase the possibility of
recognizing those non-identical strings with
similar semantic meanings, new methods are
introduced: such as Word-Net similarity (e.g.,
Hatzivassiloglou et al., 1999), which use external
resources to augment the matching scope by
looking up their synsets, and WikNet similarity
(Hwang et al., 2015), which is a semantic similarity
based on Wiktionary.

Those embedding-based approaches appeared
in literature only recently, using latent variable
models (Guo and Diab, 2012) or neural models
(Mueller and Thyagaraja, 2016; Neculoiu et al.,
2016; Stajner et al., 2018).

6 Conclusions

We have presented the first comparison among
various model-agnostic similarity measures used
for aligning sentences among paraphrased
paragraphs. For most cases, we find that
embedding-based similarity measures outperform
the string-based approaches (including the
previous SOTA character trigram approach tested
on the TS dataset), and sentence-embedding-based
methods are preferable to the word-embedding-
based methods for most search mechanisms except
the uni-directional greedy matching.

Additionally, our results have shown that in
calculating the similarity for sentence alignment,
word vector averaging is better than adopting the
[CLS] token when retrieving a representation of a
whole sentence from a BERT-based model.

References

Ahmad Aghaebrahimian. 2017. Quora Question
Answer Dataset. Text, Speech, and Dialogue.

57

Springer International Publishing, pages 66-73.
https://doi.org/10.1007/978-3-319-64206-2_8

Regina Barzilay and Noemie Elhadad. 2003. Sentence
Alignment for Monolingual Comparable Corpora. In
Proceedings of the 2003 Conference on Empirical
Methods in Natural Language Processing, pages
25-32. https://aclanthology.org/W03-1004

Regina Barzilay and Kathleen R. McKeown. 2001.
Extracting paraphrases from a parallel corpus. In
Proceedings of the 39th Annual Meeting on
Association for Computational Linguistics (ACL
'01), pages 50-57. Association for Computational
Linguistics.
https://doi.org/10.3115/1073012.1073020

Regina Barzilay and Kathleen R McKeown. 2005.
Sentence  fusion for multidocument news

summarization. Computational Linguistics.
https://doi.org/10.1162/089120105774321091

Vuk Batanovi¢ and Dragan Boji¢. 2016. Using Part-of-

Speech Tags as Deep-Syntax Indicators in
Determining  Short-Text Semantic  Similarity.
Computer Science and Information
Systems. 2015; 12(1):1-31.

https://doi.org/10.2298/CSIS131127082B

Terra Blevins, Omer Levy, and Luke Zettlemoyer.
2018. Deep RNNs Encode Soft Hierarchical Syntax.
In Proceedings of the 56th Annual Meeting of the
Association for Computational Linguistics (Volume
2: Short Papers), Melbourne, Australia. Association
for Computational Linguistics, pages 14-19.
http://dx.doi.org/10.18653/v1/P18-2003

Piotr Bojanowski, Edouard Grave, Armand Joulin, and
Tomas Mikolov. 2017. Enriching Word Vectors with
Subword Information. Transactions of the
Association for Computational Linguistics, 5:135—
146. https://doi.org/10.1162/tacl_a_ 00051

Peter F. Brown, Jennifer C. Lai, and Robert L. Mercer.
1991. Aligning Sentences in Parallel Corpora. In
29th Annual Meeting of the Association for
Computational Linguistics, Berkeley, California,
USA. Association for Computational Linguistics,
pages 169-176.
http://dx.doi.org/10.3115/981344.981366

Steven Burrows, Martin Potthast, and Benno Stein.
2013. Paraphrase Acquisition via Crowdsourcing
and Machine Learning. In Transactions on
Intelligent Systems and Technology (ACM
TIST), pages 1-21.
https://doi.org/10.1145/2483669.2483676

Xiaogiang Chi, Yang Xiang and Ruchao Shen. 2020.
Paraphrase Detection with Dependency
Embedding. In 2020 4th International Conference
on Computer Science and Artificial Intelligence
(CSAI 2020), December 11-13, 2020, Zhuhai,


https://doi.org/10.1007/978-3-319-64206-2_8
https://aclanthology.org/W03-1004
https://aclanthology.org/W03-1004
https://aclanthology.org/W03-1004
https://doi.org/10.3115/1073012.1073020
https://doi.org/10.1162/089120105774321091
https://doi.org/10.2298/CSIS131127082B
https://aclanthology.org/P18-2003
https://doi.org/10.1162/tacl_a_00051
https://aclanthology.org/P91-1022
http://dx.doi.org/10.3115/981344.981366
https://doi.org/10.1145/2483669.2483676

The 34th Conference on Computational Linguistics and Speech Processing (ROCLING 2022)
Taipei, Taiwan, November 21-22, 2022. The Association for Computational Linguistics and Chinese Language Processing

China. ACM, New York, NY, USA, 6.
https://doi.org/10.1145/3445815.3445850

Hyunjin Choi, Judong Kim, Seongho Joe, and
Youngjune Gwon. 2020. Evaluation of BERT and
ALBERT Sentence Embedding Performance on
Downstream NLP Tasks. In Proceedings of the 25th
International Conference on Pattern Recognition
(ICPR 2020).
https://doi.org/10.48550/arXiv.2101.1064

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
Deep Bidirectional Transformers for Language
Understanding. In Proceedings of the 2019
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, Volume 1 (Long and Short
Papers), pages 4171-4186. Association for
Computational Linguistics.
http://dx.doi.org/10.18653/v1/N19-1423

Thomas G. Dietterich. 1998. Approximate Statistical
Tests for Comparing Supervised Classification
Learning Algorithms. Neural Computation. 10 (7):
pages 1895-1923.
https://doi.org/10.1162/089976698300017197

William B. Dolan and Chris Brockett. 2005.
Automatically Constructing a Corpus of Sentential
Paraphrases. In Proceedings of the Third
International  Workshop  on  Paraphrasing
(IWP2005). https://aclanthology.org/105-5002

Ying Ding, Junhui Li, Zhengxian Gong and Guodong
Zhou. 2020. Improving neural sentence alignment
with word translation. Frontiers of Computer
Science. 15, 151302.
https://doi.org/10.1007/s11704-019-9164-3

Mamdouh Farouk. 2019. Measuring Sentences
Similarity: A Survey. Indian Journal of Science and
Technology, \ol 12(25), July 20109.
https://doi.org/10.17485/ijst/2019/v12i25/143977

Christiane Fellbaum. 1998 (ed.). WordNet: An
Electronic Lexical Database. Cambridge, MA: MIT
Press.
https://doi.org/10.7551/mitpress/7287.001.0001

William A. Gale and Kenneth W. Church. 1993. A
Program for Aligning Sentences in Bilingual
Corpora. Computational Linguistics, 19(1):75-102.
https://aclanthology.org/J93-1004

Juri Ganitkevitch, Benjamin Van Durme, and Chris
Callison-Burch. 2013. PPDB: The Paraphrase
Database. In Proceedings of the 2013 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language
Technologies, Atlanta, Georgia. Association for
Computational  Linguistics, pages 758-764.
ttps://aclanthology.org/N13-1092

58

Hannaneh Hajishirzi, Wen-tau Yih,
and Aleksander Kolcz. 2010. Adaptive near-
duplicate detection via similarity learning. In
Proceedings of the Association for Computing
Machinery Special Interest Group in Information
Retrieval (ACM SIGIR), pages 419-426.
https://doi.org/10.1145/1835449.1835520

Vasileios Hatzivassiloglou, Judith L. Klavans, and
Eleazar Eskin. 1999. Detecting Text Similarity over
Short Passages: Exploring Linguistic Feature
Combinations via Machine Learning. In 1999 Joint
SIGDAT Conference on Empirical Methods in
Natural Language Processing and Very Large
Corpora. https://aclanthology.org/W99-0625

Andrew Hickl and Jeremy Bensley. 2007. A Discourse
Commitment-Based Framework for Recognizing
Textual Entailment. In Proceedings of the ACL-
PASCAL Workshop on Textual Entailment and
Paraphrasing, Prague. Association for
Computational ~ Linguistics, pages 171-176.
https://aclanthology.org/W07-1428

Tsutomu Hirao, Jun Suzuki, Hideki Isozaki, and
Eisaku Maeda. 2004. Dependency-based Sentence
Alignment for Multiple Document Summarization.
In COLING 2004: Proceedings of the 20th

International Conference on Computational
Linguistics, pages 446-452.
https://doi.org/10.3115/1220355.1220419
Yonghui Huang, Yunhui Li, Yi Luan. 2018.
Monolingual sentence  matching for  text
simplification. Computing Research Repository,
arXiv:1809.08703. \ersion 1.

https://doi.org/10.48550/arXiv.1809.08703

Dieuwke Hupkes, Verna Dankers, Mathijs Mul, and
Elia Bruni. 2020. Compositionality Decomposed:
How do Neural Networks Generalise? (Extended
Abstract). In Proceedings of the Twenty-Ninth
International Joint Conference on Artificial
Intelligence. International Joint Conferences on
Artificial Intelligence Organization, pages 5065-
5069. https://doi.org/10.24963/ijcai.2020/708

William Hwang, Hannaneh Hajishirzi, Mari
Ostendorf, and Wei Wu. 2015. Aligning Sentences
from Standard Wikipedia to Simple Wikipedia. In
Proceedings of the 2015 Conference of the North
American Chapter of the Association for
Computational Linguistics: Human Language
Technologies, Denver, Colorado. Association for
Computational  Linguistics, pages 211-217.
http://dx.doi.org/10.3115/v1/N15-1022

Chao Jiang, Mounica Maddela, Wuwei Lan, Yang
Zhong, and Wei Xu. 2020. Neural CRF Model for
Sentence Alignment in Text Simplification. In
Proceedings of the 58th Annual Meeting of the
Association for Computational Linguistics, Online.
Association for Computational Linguistics, , pages


https://doi.org/10.1145/3445815.3445850
https://doi.org/10.48550/arXiv.2101.1064
http://dx.doi.org/10.18653/v1/N19-1423
https://doi.org/10.1162/089976698300017197
https://aclanthology.org/I05-5002
https://doi.org/10.1007/s11704-019-9164-3
https://doi.org/10.17485/ijst/2019/v12i25/143977
https://doi.org/10.7551/mitpress/7287.001.0001
https://aclanthology.org/J93-1004
https://aclanthology.org/J93-1004
https://aclanthology.org/J93-1004
https://aclanthology.org/J93-1004
https://aclanthology.org/N13-1092
https://doi.org/10.1145/1835449.1835520
https://aclanthology.org/W99-0625
https://aclanthology.org/W99-0625
https://aclanthology.org/W99-0625
https://aclanthology.org/W99-0625
https://aclanthology.org/W07-1428
https://aclanthology.org/W07-1428
https://aclanthology.org/W07-1428
https://aclanthology.org/W07-1428
https://aclanthology.org/C04-1064
https://aclanthology.org/C04-1064
https://doi.org/10.3115/1220355.1220419
https://doi.org/10.48550/arXiv.1809.08703
https://doi.org/10.24963/ijcai.2020/708
http://dx.doi.org/10.3115/v1/N15-1022

The 34th Conference on Computational Linguistics and Speech Processing (ROCLING 2022)
Taipei, Taiwan, November 21-22, 2022. The Association for Computational Linguistics and Chinese Language Processing

7943-7960.
http://dx.doi.org/10.18653/v1/2020.acl-main.709

Jonas Mueller and Aditya Thyagarajan. 2016. Siamese
recurrent architectures for learning sentence
similarity. In Proceedings of the Thirtieth AAAI
Conference on Artificial Intelligence (AAAI'16).
AAAI Press, pages 2786-2792.
https://www.aaai.org/ocs/index.php/ AAAI/AAAILG/
paper/view/12195

Paul Neculoiu, Maarten Versteegh, and Mihai Rotaru.
2016. Learning Text Similarity with Siamese
Recurrent Networks. In Proceedings of the 1st
Workshop on Representation Learning for NLP, ,
Berlin, Germany. Association for Computational
Linguistics, pages 148-157.
http://dx.doi.org/10.18653/v1/W16-1617

Rani Nelken and Stuart M. Shieber. 2006. Towards
Robust Context-Sensitive Sentence Alignment for
Monolingual Corpora. In 11th Conference of the
European Chapter of the Association for
Computational Linguistics,  Trento, Italy.
Association for Computational Linguistics, pages
161-168. https://aclanthology.org/E06-1021

Zhenzhong Lan, Mingda Chen, Sebastian Goodman,
Kevin Gimpel, Piyush Sharma, and Radu Soricut.
2020. ALBERT: A Lite BERT for Self-supervised
Learning of Language Representations. In
Proceedings of 8th International Conference on
Learning Representations (ICLR 2020), Addis
Ababa, Ethiopia,  April 26-30,  2020.
https://doi.org/10.48550/arXiv.1909.11942

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du,
Mandar Joshi, Dangi Chen, Omer Levy, Mike
Lewis, Luke Zettlemoyer, and Veselin Stoyanov.
2019. RoBERTa: A Robustly Optimized BERT
Pretraining Approach. Computing Research
Repository,  arXiv:1907.11692.  Version 1.
https://doi.org/10.48550/arXiv.1907.11692

Bill MacCartney and Christopher D. Manning. 2008.
Modeling Semantic Containment and Exclusion in
Natural Language Inference. In Proceedings of the
22nd International Conference on Computational
Linguistics (Coling 2008), Manchester, UK. Coling
2008 Organizing Committee, pages 521-528.
https://aclanthology.org/C08-1066

Mitchell P. Marcus, Beatrice Santorini, and Mary Ann
Marcinkiewicz. 1993. Building a Large Annotated
Corpus of English: The Penn Treebank.
Computational Linguistics, 19(2):313-330.
https://aclanthology.org/J93-2004

Paul McNamee and James Mayfield. 2004. Character
N-Gram Tokenization for European Language Text
Retrieval. Information Retrieval 7 (2004): 73-97.
https://doi.org/10.1023/B:INRT.0000009441.78971
.be

59

Tom McCoy, Ellie Pavlick, and Tal Linzen. 2019.
Right for the Wrong Reasons: Diagnosing Syntactic
Heuristics in Natural Language Inference. In
Proceedings of the 57th Annual Meeting of the
Association for Computational  Linguistics.
Association for Computational Linguistics, pages

3428-3448. http://dx.doi.org/10.18653/v1/P19-
1334

Tomas Mikolov, Kai Chen, Greg Corrado, and Jeffrey
Dean. 2013. Efficient Estimation of Word
Representations in  Vector Space. In 1st
International Conference on Learning

Representations, ICLR 2013, Scottsdale, Arizona,
USA, May 2-4, 2013, Workshop Track Proceedings.
https://doi.org/10.48550/arXiv.1301.3781

Jessica Ouyang and Kathy McKeown. 2019. Neural
Network Alignment for Sentential Paraphrases. In
Proceedings of the 57th Annual Meeting of the
Association  for Computational  Linguistics,
Florence, Italy. Association for Computational
Linguistics, pages 4724-4735.
http://dx.doi.org/10.18653/v1/P19-1467

Saziye Betiil Ozates, Arzucan Ozgiir, and Dragomir
Radev. 2016. Sentence Similarity based on
Dependency Tree Kernels for Multi-document
Summarization. In Proceedings of the Tenth
International Conference on Language Resources
and Evaluation (LREC'16), Portoroz, Slovenia.
European Language Resources Association
(ELRA), pages 2833-2838.
https://aclanthology.org/L16-1452

Matteo Pagliardini, Prakhar Gupta, and Martin Jaggi.
2018. Unsupervised Learning of Sentence
Embeddings Using  Compositional  n-Gram
Features. In Proceedings of the 2018 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language
Technologies, Volume 1 (Long Papers), New
Orleans, Louisiana. Association for Computational
Linguistics, pages 528-540.
http://dx.doi.org/10.18653/v1/N18-1049

Jeffrey Pennington, Richard Socher, and Christopher
Manning. 2014. GloVe: Global Vectors for Word
Representation. In Proceedings of the 2014
Conference on Empirical Methods in Natural
Language Processing (EMNLP), Doha, Qatar.
Association for Computational Linguistics, pages
1532-1543. http://dx.doi.org/10.3115/v1/D14-1162

Jan Wira Gotama Putra and Takenobu Tokunaga. 2017.
Evaluating text coherence based on semantic
similarity graph. In Proceedings of TextGraphs-11:
the Workshop on Graph-based Methods for Natural
Language Processing, Vancouver, Canada.
Association for Computational Linguistics, pages
76-85. http://dx.doi.org/10.18653/v1/W17-2410


http://dx.doi.org/10.18653/v1/2020.acl-main.709
https://www.aaai.org/ocs/index.php/AAAI/AAAI16/paper/view/12195
https://www.aaai.org/ocs/index.php/AAAI/AAAI16/paper/view/12195
https://aclanthology.org/W16-1617
https://aclanthology.org/W16-1617
http://dx.doi.org/10.18653/v1/W16-1617
https://aclanthology.org/E06-1021
https://aclanthology.org/E06-1021
https://aclanthology.org/E06-1021
https://aclanthology.org/E06-1021
https://doi.org/10.48550/arXiv.1909.11942
https://doi.org/10.48550/arXiv.1907.11692
https://aclanthology.org/J93-2004
http://dx.doi.org/10.18653/v1/P19-1334
http://dx.doi.org/10.18653/v1/P19-1334
http://dx.doi.org/10.18653/v1/P19-1467
https://aclanthology.org/L16-1452
http://dx.doi.org/10.18653/v1/N18-1049
https://aclanthology.org/D14-1162
https://aclanthology.org/D14-1162
http://dx.doi.org/10.3115/v1/D14-1162
https://aclanthology.org/W17-2410
https://aclanthology.org/W17-2410
http://dx.doi.org/10.18653/v1/W17-2410

The 34th Conference on Computational Linguistics and Speech Processing (ROCLING 2022)
Taipei, Taiwan, November 21-22, 2022. The Association for Computational Linguistics and Chinese Language Processing

Nils Reimers and Iryna Gurevych. 2019. Sentence- Conference on Empirical Methods in Natural
BERT: Sentence Embeddings using Siamese BERT- Language Processing, Online and Punta Cana,
Networks. In Proceedings of the 2019 Conference Dominican Republic. Association for
on Empirical Methods in Natural Language Computational Linguistics, pages 9879-9894.
Processing and the 9th International Joint http://dx.doi.org/10.18653/v1/2021.emnlp-
Conference on Natural Language Processing main.778

(EMNLP-1IJCNLP), Hong Kong, China. Association Bernard Lewis Welch. 1947. The generalization of

for Computational Linguistics, pages 3982-3992. , . .
http://dx.doi.org/10.18653/v1/D19-1410 STUDENT'S' problem when several different
population variances are involved. Biometrika,

Sanja Stajner, Marc Franco-Salvador, Paolo Rosso, Volume 34, Issue 1-2, pages 28-35. doi:
and Simone Paolo Ponzetto. 2018. CATS: A Tool 10.1093/biomet/34.1-2.28

g)(;rélourztom:ﬁed eré,%ggﬁ;; SOf E?Xt tilemplgg:\?:rgﬂ Zhibiao Wu and Martha Palmer. 1994. Verb Semantics
: and Lexical Selection. In 32nd Annual Meeting of

International Conference on Language Resources the Association for Computational Linguistics, Las
and Evaluation (LREC 2018), Miyazaki, Japan. Cruces, New Mexico. USA. Association for

European Language Resources Association . o
. ) Computational ~ Linguistics, pages 133-138.
(ELRA). https://aclanthology.org/L 18-1615 http://dx.doi.org/10.3115/981732.981751

Junru Zhou, Zhuosheng Zhang, and Hai Zhao. 2020.
LIMIT-BERT: Linguistic Informed Multi-Task
BERT. In Findings of the Association for
Computational ~ Linguistics: EMNLP  2020.
Association for Computational Linguistics, pages

Sanja Stajner, Marc Franco-Salvador, Simone Paolo
Ponzetto, Paolo Rosso, and Heiner Stuckenschmidt.
2017. Sentence Alignment Methods for Improving
Text Simplification Systems. In Proceedings of the
55th Annual Meeting of the Association for
Computational Linguistics (Volume 2: Short

- 4450-4461.
Papers), Vancouver, Canada. Association for ) . -
Computational  Linguistics, pages 97-102. 2:;2.(?;;?.org/lO.18653/v1/2020.f|nd|ngs-

http://dx.doi.org/10.18653/v1/P17-2016

Peng Qi, Yuhao Zhang, Yuhui Zhang, Jason Bolton,
and Christopher D. Manning. 2020. Stanza: A
Python Natural Language Processing Toolkit for
Many Human Languages. In Proceedings of the
58th Annual Meeting of the Association for
Computational Linguistics: System
Demonstrations,  Online.  Association  for
Computational  Linguistics, pages 101-108.
http://dx.doi.org/10.18653/v1/2020.acl-demos.14

Long Qiu, Min-Yen Kan, and Tat-Seng Chua. 2006.
Paraphrase ~ Recognition  via  Dissimilarity
Significance Classification. In Proceedings of the
2006 Conference on Empirical Methods in Natural
Language  Processing,  Sydney,  Australia.
Association for Computational Linguistics, pages
18-26. https://aclanthology.org/W06-1603

Wenhui Wang, Furu Wei, Li Dong, Hangbo Bao, Nan
Yang, Ming Zhou. 2020. MiniLM: Deep Self-
Attention Distillation ~ for ~ Task-Agnostic
Compression of Pre-Trained Transformers. In
Proceedings of the 34th International Conference
on Neural Information Processing Systems
(NIPS'20). Curran Associates Inc., Red Hook, NY,
USA, Article 485, pages 5776-5788.
https://dl.acm.org/doi/abs/10.5555/3495724.34962
09

Daniela Brook Weiss, Paul Roit, Ayal Klein, Ori Ernst,
and Ido Dagan. 2021. QA-Align: Representing
Cross-Text Content Overlap by Aligning Question-
Answer Propositions. In Proceedings of the 2021

60


http://dx.doi.org/10.18653/v1/D19-1410
https://aclanthology.org/L18-1615
https://aclanthology.org/P17-2016
https://aclanthology.org/P17-2016
http://dx.doi.org/10.18653/v1/2020.acl-demos.14
https://aclanthology.org/W06-1603
https://dl.acm.org/doi/abs/10.5555/3495724.3496209
https://dl.acm.org/doi/abs/10.5555/3495724.3496209
http://dx.doi.org/10.18653/v1/2021.emnlp-main.778
http://dx.doi.org/10.18653/v1/2021.emnlp-main.778
http://dx.doi.org/10.3115/981732.981751

The 34th Conference on Computational Linguistics and Speech Processing (ROCLING 2022)
Taipei, Taiwan, November 21-22, 2022. The Association for Computational Linguistics and Chinese Language Processing

£+ ROBERTath? & 27 W
( RoBERTa-based Traditional Chinese Medicine Named Entity Recognition Model)

5] 53

Ming-Hsiang Su, Chin-Wei Lee, Chi-Lun Hsu and Ruei-Cyuan Su
Department of Data Science, Soochow University, Taipei, Taiwan
{huntfox.su,vivibank888, laurenhsu31,70613rex}@gmail.com

#F&

AR - .35,1‘_4
B Y E
NP S vy

Er'*A.Lx] i

o ZAPREDT Y F B
—FTJ;,MH;‘LW%.:%&): o B BETE e g2,
Tl 3307 BhrFMFEE 0

B 1097 < % 1412 B & A
38714 B¢ H LA Rt o AR
ZELHBIORA S 2 HE R R
B35 0 $.15 » 477 * BILSTM 4= CRF
4 BERT -~ ALBERT -~ RoBERTa ~ GPT2
RV RGBSR AP
RoBERTa % & BiLSTM 4 CRF 7 NER
G ALB1E T B dF ek s o H PO
®xL 0960 2w &L 0.96 Fl-score
% 0.96 -

Abstract

In this study, a named entity recognition
was constructed and applied to the
identification of Chinese medicine names
and disease names. The results can be
further used in a human-machine dialogue
system to provide people with correct
Chinese medicine medication reminders.
First, this study uses web crawlers to sort
out web resources into a Chinese medicine
named entity corpus, collecting 1097
articles, 1412 disease names and 38714
Chinese medicine names. Then, we
annotated each article using TCM name
and BIO tagging method. Finally, this study
trains and evaluates BERT, ALBERT,
RoBERTa, GPT2 with BiLSTM and CRF.
The experimental results show that
RoBERTa's NER system combining
BiLSTM and CRF achieves the best system
performance, with a precision rate of 0.96,

arecall rate of 0.96, and an F1-score of 0.96.
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Input:
The man [MASK1] to [MASK2] store
Label:

[MASK1] =

went ; [MASK2] = store
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Input:

The man went to the store [SEP] he bought
a gallon of milk

Label:

IsNext

Input:

The man went to the store [SEP] penguins
are flightless birds

Label:

NotNext
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3.2 Bi-LSTM

£ &3 3z (Long Short-Term Memory, LSTM)
£ - 647k RNN = 228 % RNN 3 F
LSTM ¢ * = B % Ip chfg Rip 4 H ~ oyl i o
EEW%@*W‘%&%%@&W°EE%
R Figure2 ® & 9= Bz T o



The 34th Conference on Computational Linguistics and Speech Processing (ROCLING 2022)
Taipei, Taiwan, November 21-22, 2022. The Association for Computational Linguistics and Chinese Language Processing

Forget
Gate

; ©

tanh —{1]

[
y L
| Input Gate T

F*‘T

tanh Output] (F

a
f f T el
@ T

T
| X )

\\.

Figure 2: LSTM -3 e

i

LR (1) RipdlB L B WU i
%\»-Qk'?'ﬁ—— l[ﬂ:ﬂ%F’*ﬂhm@? ’frg‘; wgﬁg»;}g%
g £ A ht 1"3“%\ ’3"" ,[}E]%F’*g‘!;,mﬁﬂqv ’
Xtﬂ%%fw%]% ’bf%%:ﬁ,ﬁf’ﬂ &

E. ””'Tf—tm

fi7 i gomi a4 Rl °$%]”Ff‘5‘°\';
BOPRRA 0 - A FEG ufi%’}}”@rf"'%z't’frﬁj)‘

Mo iy Hic2 25 Q@) 29 W, W,
U Ac U s 4 € B bc’f\:"blll«%\ A E e
—E‘ o

Fied Bre RO i kindl b B E Ak
IR~ PRF o ATDE AR e ¥
Cr, by fr Ei T Ao (4) “F o B RLS
BAIE NS BE AR B) 0 i
4R A X d - el SR
iﬁoﬁa’iﬁmﬁméﬁm%%**%*

¥ Ak e fop R e ;Eot » 4(6) 47T o o

s
HES

fe
3

N “Jl"ﬂgmﬁ# » LSTM # ri3e A& #p chik
[

fe = o(Wrhi—y + UiX¢ + by) @

¢, = tanh(W,hy_1 + U.X; + b.) )

iy = 0o(Wihe—y + UiX¢ + by) 3

€t = fr€r1 + LGy (4)

0y = o(Wohi—1 + Us Xy + by) ®)

h; = o, * tanh(c;) (6)

"t’?@:LSTMrﬂ% e E- BRI B E

?%ﬁ‘ﬁﬁ“’ﬁﬂﬁ%7ﬁmé;’”

WA T A ﬁw%wa@%@i

% PR B o d v RERY TS BR

COA R T 2R A AR R A R RYF
7wt 2 Z LSTM v - i RNN g o
Bi-LSTM & - f&fw LSTM > H 2 1f Bl 4
Figure 3 #77% ° Bi-LSTM #* >t & ¥ EﬁF"*ﬁ?;lJ
lfxﬁ';l [ B SRR T RRL. UL ﬁﬁg“])‘ 75 ﬁ,uﬁ@‘frﬁﬁ 4
Reigd K8 Y B 5 %‘J SR SRRy Ni=g] '
2t o

64

Ao
G ) @ ) G

=
vl ﬂ“m 1 /J ﬂ ﬂ
o L?j LSAIM/ LEV st L5TM + Forward
/ \
| Ke-a Xn .
N

I'Yl"..l Q’i:l
Jlmﬁi@ °

f'_-\.":;‘\
\»_/

Dackward «

Figure 3: Bi-LSTM

33 CRF

f}i%]»ﬁ%;qa & B 32~ BI-LSTM > # 22
ﬁ—%%W%m%Q@BW*m’bﬁﬁ
Bﬁﬁ“%&.mﬁﬂ 4o 3% l[%ﬁg,] A g iE 4 #&fﬁ:xa ~
CRF /& » 3% CRF 5% & (B ¢ i e fic
4 Figure 4 #777 - CRE /= 23 & 3 &
HFE e F - D PRy F L R sk
TAmdoeit & BRI ETEL - 52
% A AR HRTHESE S 2 kY
ArE BRSO L 0 EIIEELR M T
1 Bi-LSTM 4= CRF i 5 NER #23] » 3% CRF
1@’&L$MLJMW¢W%m%ﬂﬁﬂ%

"‘\

o

Z CRF chpne 8 » 7 & 29 Wik
B 7|¥2 CRF FEip|cnf 7 (7t f > 228 di2g
i&ﬁ%#§°ﬁﬁﬁé®%§k,¢@§

L¥ RF 4% Bi-LSTM 4o CRF > fg £ 7 12

AL AT B (L3R o
78\ /”\ﬁr\ f\ f\\
i:RFLav.ner—{f\I\\l_!mc ]H[\MM_// & \ko_/}

Bi-LSTM
Encoder

—{BlLSTMHBlLSTMHBlLSTMl-—‘lBllSTMHBrL;TM

fty w ) (%
>\ [\u/ “\_/J

Figure 4: NER #-4] e R, Bl -

4 Experimental Results and Discussion

T A PN E% DT BERT,
Bi- LSTM i CRF B ##-4] » * BERT % 7+ ¥
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Fl-score % 0.93; ROBERTA e s & 5 0.96 »
z.w % % 0.96 > Fl-score z 0.96; GPT2 e xx
B %093 zw&F % 092 Fl-score 2 0.92
Table 4 §- Table 5 ~ w41 7 % I #-3] &
TMC ~ SYMP % ~ flrpl T 3o ~ 2 LT 1o
Efeh B TE L T RS E o TREFN
7 » ROBERTa #- 7] &>+ BERT ~ ALBERT 4r
GPT2#:%] » 2N s » AN Py s TCME

#L B ¢ > ROBERTa #-4] { #t 49 & B~ 4L 4p B
gl L BERT R E ol -

BERT ALBERT
P R F1 P R F1
SYMP 0.66 083 0.74 0.89 0.88 0.88
T™MC 05 0.56 0.53 0.68 0.75 0.71
micro avg 0.86 091 0.88 0.93 0.94 0.93
macro avg 0.79 085 0.82 0.89 0.9 0.9
weighted avg 0.88 091 0.89 0.93 0.94 0.94
P: ¥ 1i#/Z; R: A A3 F1: Fl-score
Table 4: ¥t BERT 1 ALBERT HYEF{d
RoBERTa GPT2
P R F1 P R F1
SYMP 0.92 0.91 0.92 0.82 0.79 0.81
T™C 0.8 0.79 0.79 0.66 0.62 0.64
micro avg 0.96 0.96 0.96 0.93 0.92 0.92
macro avg 0.93 0.92 0.93 0.87 0.85 0.86
weighted avg 0.96 0.96 0.96 0.93 0.92 0.92
P: ¥5HESE; R: 7 [FI%; F1: F1-score
Table 5: ¥f RoBERTa #1 GPT2 AY&EA o
5 Conclusion and future work
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A Study on Using Different Audio Lengths in Transfer Learning
for Improving Chainsaw Sound Recognition
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Abstract

Chainsaw sound recognition is a
challenging task because of the complexity
of sound and the excessive noises in
mountain environments. This study aims to
discuss the influence of different sound
lengths on the accuracy of model training.
Therefore, this study used LeNet, a simple
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model with few parameters, and adopted
the design of average pooling to enable the
proposed models to receive audio of any
length. In performance comparison, we
mainly compared the influence of different
audio lengths and further tested the transfer
learning from short-to-long and long-to-
short audio. In experiments, we used the
ESC-10 dataset for training models and
validated their performance via the self-
collected chainsaw-audio dataset. The
experimental results show that (a) the
models trained with different audio lengths
(1s, 3s, and 5s) have accuracy from
74%~78%, 74%~77%, and 79%~83% on
the self-collected dataset. (b) The
generalization of the previous models is
significantly improved by transfer learning,
the models achieved 85.28%, 88.67%, and
91.8% of accuracy. (c) In transfer learning,
the model learned from short-to-long
audios can achieve better results than that
learned from  long-to-short  audios,
especially being differed 14% of accuracy
on 5s chainsaw-audios.

BE4EF ¢ B R BB ES
W~ BHEY

Keywords: Voice Recognition, Environmental Sound
Classification, Chainsaw Sound Recognition, Transfer
Learning
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Eix b o L 3w £ #%(Support Vector Machine >
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Abstract

Currently, there are three major issues
to tackle in Chinese-to-Taiwanese ma-
chine translation:  multi-pronunciation
Taiwanese words, unknown words, and
Chinese-to-Taiwanese grammatical and se-
mantic transformation. Recent studies
have mostly focused on the issues of multi-
pronunciation Taiwanese words and un-
known words, while very few research pa-
pers focus on grammatical and seman-
tic transformation. However, there exist
grammatical rules exclusive to Taiwanese
that, if not translated properly, would
cause the result to feel unnatural to na-
tive speakers and potentially twist the orig-
inal meaning of the sentence, even with the
right words and pronunciations. Therefore,
this study collects and organizes a few com-
mon Taiwanese sentence structures and
grammar rules, then creates a grammar
and semantic correction model for Chinese-
to-Taiwanese machine translation, which
would detect and correct grammatical and
semantic discrepancies between the two
languages, thus improving translation flu-
ency.

Keywords: Machine translation, Tai-
wanese grammatical rules, Lexical transfor-
mation, Syntactic transformation, Chinese-to-
Taiwanese

1 Introduction

Machine translation systems are being increas-
ingly used across multiple fields, such as busi-
nesses, tourism and medical industries. These
systems can translate multiple languages like
English, Chinese, Japanese and even obscure
traditional languages such as Swahili and
Croatian. Taiwanese machine translation is
likewise gaining importance as the govern-
ment becomes more aware of its historical

75

and cultural importance, thus setting out to
digitally preserve the language. There has
been multiple research papers on Chinese-to-
Taiwanese (henceforth referred to as C2T)
machine translation, usually focusing on the
issues of multi-pronunciation words and un-
known words translation. However, despite
the importance of grammatical and seman-
tic differences between languages in machine
translation, it has been observed that papers
that integrate them into C2T translation sys-
tems are comparatively rare, which results in
the output of C2T systems losing fluency and
potentially the original meanings of the orig-
inal Chinese input. As such, this paper pro-
poses a grammatical and semantic error de-
tection and correction model, which can im-
prove C2T translation fluency by correcting
the discrepancies between Chinese and Tai-
wanese grammar.

2 Related Work

Considering the importance of machine trans-
lation (Raad, 2020; Panayiotou et al., 2020;
Kapoor et al., 2019), researchers begin to ap-
ply rule-based (Hurskainen and Tiedemann,
2017), statistical (Och et al., 1999; Koehn
et al., 2003), and neural machine transla-
tion (Sutskever et al., 2014; Vaswani et al.,
2017) technology to various languages, includ-
ing C2T translation models (Lin and Chen,
1999), in order to tackle various recurring is-
sues in this field, such as choosing the correct
pronunciation for multi-pronunciation words
and unknown words.

For multi-pronunciation words, (Wu, 2015)
extracts the features of each word in the input
sentence, such as part-of-speech (POS) and se-
mantic meaning, then employ feature models
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Figure 1: System architecture of C2T machine translation using grammatical and semantic correction

model

based on word features of co-occurring words
and layered structure to select the most suit-
able translation rule for the Chinese words.
For unknown words, (Chen, 2015) uses a
mixed model which utilizes the prefix and suf-
fix of words, pronunciation, word subsets, etc.
to statistically analyze the corresponding Tai-
wanese pronunciation of unknown words in
Chinese sentences. (Huang, 2015) also at-
tempts to resolve insertion/deletion issues in
C2T translation by compiling a set of inser-
tion/deletion rules, calculate the confidence
scores, then combine Naive-Bayes and CRF
statistical models to perform machine learn-
ing, improving the fluency of the Taiwanese
translation output.

(Hsu et al., 2020), on the other hand,
uses a Convolutional Neural Network (CNN)
deep learning model, the C2T-pronunciation
parallel corpus iCorpus and a precompiled
Chinese-Taiwanese parallel dictionary to cre-
ate a Chinese-character-to-Taiwanese-pinyin
module and perform whole-sentence transla-
tion. However, the paper does not focus on the
issues of multi-pronunciation words and un-
known words encountered during C2T trans-
lation.

In comparison to the issues of multi-
pronunciation words and unknown words pro-
nunciation, C2T grammatical and semantic
level issues, such as structural transformation
or split Chinese words, are less commonly ex-
plored in these research papers. As such, this
paper explores sentence structure transforma-
tion based on Taiwanese grammar.
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3 Methods

3.1 System Architecture

Figure 1 shows the architecture of the C2T
translation model using grammatical and se-
mantic correction model. The system consists
of two major modules: the preprocessing mod-
ule, which regularizes numeral words in the
Chinese sentence input, performs word seg-
mentation and part-of-speech(POS) tagging,
and identifies base noun phrases (BNP) in the
input sentences, and the C2T translation mod-
ule, which detects and corrects grammatical
and semantic errors in Chinese sentences into
their Taiwanese counterparts, then translates
each word in the sentences. A detailed intro-
duction will be listed in the following sections.

3.2 Preprocessing Module

To perform grammatical and semantic error
correction (such as word-order transforma-
tion) and pronunciation selection in later mod-
ules, the C2T translation system in this study
uses a preprocessing module that not only per-
forms word segmentation and POS tagging,
but also correct certain errors in user input
sentences that are not strictly tied to gram-
matical errors, but nevertheless affect transla-
tion accuracy and fluency. These errors are
described below.

(1) Arabic Numerals Regularization
The preprocessing module regularizes Arabic
numeral by transforming them into either tra-
ditional Chinese or modern Chinese depending
on the semantic meaning. Traditional Chinese
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Pronunciation Numeral type Examples

type
Modern Number + Unit word | 117 h — —&B++th ~2 & - =&
pronunciations Time/Date 5A17TH - AZA++ER
Classical Phone numbers 7 7% % 4 0800-001922
pronunciations — Bk R AR - dEdE — AR
Ordinal Ordinals B4 5 HAL B 5l o HAAL
pronunciations (% + Number + Unit

word)

Table 1: Common Arabic numerals examples and their corresponding pronunciation

(& ~ & #%) would be used for classical Tai-
wanese numerals, while modern Chinese (— ~
7L » &) would be used for modern Taiwanese
numerals. Table 1 shows some common Ara-
bic numerals examples and their correspond-
ing pronunciation.

(2) Word Segmentation and POS Tag-
ging To select the correct pronunciation and
retrieve the information needed for grammati-
cal transformation, the module uses the CKIP
word segmentation/ POS tagging system to
segment the Chinese sentence input and per-
form POS tagging in preparation for the pro-
nunciation selection process.

(3) Base Noun Phrase (BNP) Identifi-
cation Some segments involved during sen-
tence structure word reordering, especially
noun subjects and objects, usually have
phrases as their minimal unit. The Hanlp
toolkit is able to use dependency parsing to
obtain the noun phrases within a sentence. As
such, the module also employs Hanlp toolkit
to identify the noun phrases in a given Chinese
input sentence so that the C2T grammatical
and semantic error detection and correction
module can successfully detect and revise the
errors found during input. For example, in
Taiwanese, &P F RLIGRE 40 F 89 I 304%
" is translated as “ &M AT khah A H
% & FH %" . The phrase "R T ITH"
is a complete object noun phrase that has its
position swapped with “F” and “¥4F7 .

3.3 Chinese-to-Taiwanese Translation

The translation module incorporates informa-
tion from the precompiled C2T dictionary and
grammar ruleset, and consists of two compo-

nents: C2T grammatical and semantic error
detection and correction module and C2T pro-
nunciation selection module. Each component
of the translation module will be detailed in
the following sections.

3.3.1 C2T dictionary

Figure 2 shows the structure of the dictio-
nary used in this system. The dictionary
uses the pronunciations taken from the Tai-
wanese Common Words Dictionary by MOE
and the Chhoetaigi Taiwanese corpus orga-
nized by public sources. Since some Taiwanese
pronunciations for words in Chhoetaigi Tai-
wanese corpus are not commonly used in the
modern age, they are filtered out while the rest
are compiled into the new C2T dictionary.

Each entry contains a Chinese word, the
corresponding Taiwanese pronunciation, the
part of speech (POS) of the Chinese word and
whether the pronunciation is considered classi-
cal (L F) or modern (&%) (Table 2) .

Chinese | Taiwanese POS| Wenbai
word Pronunciation
hiong N; b4
% hiunn N; =)
phang Adj; | &
st F B bah-tsang-tseh : | N; =)
goo-gueh-tseh

Table 2: Taiwanese words entries in C2T dictio-
nary

For words with multiple accepted transla-
tions, such as “3% 7 80~ as either “bah-
tsang-tseh” or “goo-gueh-tseh ” (Table 2), all
translations are compiled into the same entry.
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Figure 2: C2T dictionary corpus

The pronunciation selection module would use
these criteria to decide on the translation of
Chinese words in a given input sentence.

3.3.2 Chinese-Taiwanese Grammatical
Ruleset

Figure 3 shows the types and amount of
Chinese-Taiwanese grammatical and seman-
tic differences occurring in news articles.
This study collects Taiwanese grammatical
rules from news articles, web articles, and
Wikipedia, and compiles them into eight ma-
jor categories for the C2T grammatical er-
ror detection and correction module ruleset.
Furthermore, 16259 Chinese sentences are ex-
tracted from 1851 news articles, with empty
strings and repeated sentences removed, in or-
der to analyze the appearance frequency of
each type of grammatical differences between
Chinese and Taiwanese sentences.

3.3.3 C2T Grammatical and Semantic
Error Detection and Correction
Module

The preprocessed Chinese sentence would be
sent to the grammatical and semantic error
detection and correction module to undergo
grammatical transformation. The module
would output a set of grammatical discrepan-
cies found in the Chinese sentence based on the
compiled Taiwanese sentence structure and
grammatical rules, then perform word switch-
ing or word order revision depending on the
corresponding error revision method for each
rule. The output of the module is a sentence
that complies to Taiwanese grammar. A few
of these grammatical rules are listed in Table
3.
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3.3.4 C2T Pronunciation Selection
Module

After the grammatical and semantic error de-
tection and correction module transforms the
Chinese sentence to better fit Taiwanese gram-
mar, the sentence would be inputted into C2T
pronunciation selection module. The module
would then select the correct pronunciation of
each Chinese word by looking up the dictio-
nary for its POS, corresponding Chinese en-
try and Wenbai pronunciation, and output the
translated sentence.

(1) Abbreviation Word Restoration:
news articles, certain Chinese words tend to
be abbreviated, like “H & " being abbreviated
as “H”, 127 as 127 and “TA” as
“*T” . However, since native Taiwanese speak-
ers usually speak the whole original word, the
module would restore them into their original
forms based on the semantic context so that
they can be properly translated.

In

(2) Word Pronunciation Selection: For
each word in the input sentence, if there are
multiple Taiwanese translation entries that fit
the POS of the original word, the module
would prioritize entries with modern pronunci-
ation. Otherwise, it chooses the entry with the
smallest index number. For word entries with
multiple pronunciations, the module chooses
the first pronunciation. Unknown words are
translated by dissecting them into characters
and translating them separately. In addition,
some words have suffixes with unique mean-
ings, and the module would translate them sep-
arately from the main word. The algorithm
of the pronunciation selection module is de-
scribed below in Algorithm 1.
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Figure 3: Types of Chinese-Taiwanese grammatical and semantic differences

Grammatical Transformation Examples
differences rule(s)
“2” sentences | function words such as | « G EEHE R E E — 1 ka lau-pe tsioh nig

(ka sentence)

“}}E’ ‘%J’ ftR” - “ka”

pah-ban

o BARIRFEE % BK - I-sing ka li kéng ai ke
lim-tsui

o REEDMINEIERE T —Tak-ke ka tshat-4
liah-khi king-tshat-kiok--ah

“7 7 at the end of

113 T ’ - “__ah”

o« BEHBEMET — Ting-hué tsio-tioh i--ah

sentences o &K EIT — Gua tshue-tioh i--ah
o teiefi B @R T — I ka lidng-tsul bé-tiig-
lai--ah
Negative adverb | &~ +V. — m (%)+V. o BAEE TRAE T HIFE — Tsia s1 bo Gn-ting &
translation A +Adj. — bo (#) | khuan-king
+Adj. o« &A% — Gud m-tsai-idnn

o MARIE&KH955 — I m thiann gud & ue

Basic comparison
sentences

A+ Wl +B +adj— A
+ khah + adj + B

o X SLIILSLTAE Y —Tsa-bbo-kidnn khah tah-
sim tsa-poo-kiann

o MR Z—2 % — I khah 10 If tsit-sut-4

o MRILMAT R B L% — Li khah-hé i bo-gua-
tse

“7T " preceded by
verb

V+ T —a(A)+V.

e HHHET—EHE — Si6-t1 U bé tsit tai oo-
tdo-bai

o WHMHL T —4i 44K — A-bu 1 tsiah tsit-liap
phong-ké

o ¥uF T 2B L — 11 idnn goo-pah khoo

13 ”

75" word order
in question sen-
tences

Translate “%%”as “kdm”
(%), and advance its po-
sition to right after the
subject

o Ml iz M FH?> T kdm tsai-idnn tsit-
khuan tai-tsi?

o 132 € T %? — Li kdm tshue-tioh i--ah?

o MHFHREHEH? — Hit-kiann tai-tst kdm
tsiok khin-1an?

Table 3: C2T grammatical differences and transformation rules
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Algorithm 1 Pronunciation Selection

for Every Chinese word in segmented sen-
tence input do
if Word has special suffix then
Translate the suffix separately
else
Check the number of entries with the
same Chinese word and POS
if Word has 1 corresponding entry
then
Apply word as translation
else if Word has multiple corre-
sponding entries then
Select entry with smallest index num-
ber
else
Translate each character separately
end if
end if
end for

4 Experimental Results

4.1 Dataset and Evaluation Metrics

To evaluate the system built for this study,
thirty news articles are selected and divided
into 5 categories: social, lifestyle, economics,
weather and technology, each with 6 articles.
In total, 265 sentences and 8667 words from
the articles are used to test the C2T machine
translation system. For the grammatical and
semantic error detection and correction mod-
ule, grammatical correction rate is utilized as
evaluation criteria, which is defined as:

Grammatical correction rate = a/b,
where a is the number of grammati-
cal errors detected and corrected by
the module, and b is the number of
grammatical errors in news article
Chinese sentences

For the pronunciation selection module, Word
Error Rate (WER) is utilized as the evaluation
criteria. Its formula is defined below:

WER = z/y, where z is the number
of erroneously translated words, and
y is the number of total words

The results of each experiment are listed in
Table 4 and Table 5.
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In addition, 10 sentences from the dataset
are selected to evaluate the C2T system in
this paper (henceforth referred to as A% 4%)
against 3 other baseline systems: the C2T ma-
chine translation system developed by NCKU
(Pan, 2021), the popular Ithuan Dopaiji Tai-
wanese translation system !, and the transla-
tion system developed by Hsu et al., available
at National Chiao Tung University Speech
Communication Lab (NCTU SCL) website?.
The comparison results are shown in Table 6.

Amongst the example sentences chosen, it is
observed that the NCKU, Ithuan and NCTU
SCL systems are all unable to translate arabic
numerals correctly, in addition to not being
able to correct grammatical errors, in particu-
lar errors that involve word order transforma-
tion, such as the positional differences between
the question particle “*%” and its Taiwanese

counterpart “#” . For example, in the sen-
tence 5000 7T B F F MR KA 689 G454 o

B0 A ZER S A5 4 translates 50007
into “goo-tshing” and successfully moves the
question particle “%%” to immediately after
the invisible subject “i&” | both of which the

other three systems failed to revise.

4.2 Error Analysis

4.2.1 C2T Grammatical and Semantic
Error Detection and Correction
Module

(1) “#” Sentences Translation Error In
the C2T error correction module, prepositions
like “4&~ 3k ~ ®" are transformed into their
corresponding Taiwanese word “#” (ka), how-
ever there is one exception for “#®” : if there
is a directional word following “®1” | such as
“E” and “TF” , then even though “&” is
still a preposition, it also contains the seman-
tic meaning “#... % © " alongside the proper-
ties of a verb, therefore it should be translated
as “hiong” rather than “ka’ .

(2) “77 Particle Transformation Error
The particle “ 7T~ has different transformation
rules depending on its position. For instance,
when “7T7 is placed in the middle of the sen-
tence and after a verb, it may semantically
mean “completion of an action”, in which case

'https://suisiann.ithuan.tw/
2http://tts001.iptcloud.net: 8804/


https://suisiann.ithuan.tw/
http://tts001.iptcloud.net:8804/
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Grammatical Function word Negative Demonstrative Comparison
rules transformation Adverb pronoun sentences word
Translation Translation order revision
Number of 85 36 44 2
appearances
Number of 78 33 43 1
correctly
revised errors
Grammatical “7~ in middle “%” word “#"” as verb Verb-object
rules of sentence order in suffix word order
question revision
sentences
Number of 14 3 1 3
appearances
Number of 9 1 1 0
correctly
revised errors

Grammatical correction rate = 87.6%

Table 4: Grammatical and semantic error detection and correction module experiment result

Total Number Number Number Number Number
Words of erro- of missing of un- of extra of erro-
neously words translated inserted neously
translated words words positioned
words words
8667 865 30 20 69 26
WER ~ 11.7%

Table 5: Pronunciation selection module experiment result

“77is translated as “A " (@) and switches po-
sitions with the verb before it. In verbs with
an adverb inserted in the middle like “ L4477
a9 “« ”» .

%, however, "7 can be seen as a particle
without meaning and be omitted, yet our cor-
rection module only swaps “ 7T " with the word
before it without considering its POS, creating

“EREE” .

erroneous transformations like

4.2.2 C2T Pronunciation Selection
Module

In the C2T pronunciation selection module,
aside from failing to translate words not in-
cluded in the dictionary corpus, there are also
instances observed in which new words not in
the original Chinese sentence are supposed to
be inserted into the Taiwanese translation to
improve semantic fluency. Examples include
“RRE LB | in which an extra word
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“#)” is inserted after “J” in the Taiwanese
translation as & ®| R ¥ L LB | and in-
stances in which an additional unit word is in-
serted between a Chinese number directly fol-
lowed by a noun, such as “®A” being trans-
lated into Taiwanese as “WIEAA" | with an
additional unit word “f8” inserted between
“@” and “A7 .

5 Conclusion and Future Work

This paper focuses on correcting grammatical
and syntactic differences between Chinese and
Taiwanese encountered during C2T machine
translation by building a grammatical and se-
mantic error detection and correction module,
which can transform the grammar of the Chi-
nese sentence inputs into their corresponding
Taiwanese sentence structures in accordance
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System WER | Translation sample sentence 1: | Translation sample sentence 2:

name B FIBRME % E0.83F L 0 WARA | 5000 TH K T F KR KR 09 &4
£ AR EM o ¥ 0 B A A AR ?

NCKU 39.2% | lam-tst tsit tshik tat kuan-kau | XXXX guén & na gé hi ki niu gud u-
X.XX hoé-khik * p1i kong-kiong gui- | idnn e-hidu honn-ki ° 4-idnn it tse
hidm tsue sang pan ° é ke-tat kiam ?

Ithuan 32.8% | lam-tsu tsit tshik tat ko tat 0.83 ho- | 5000 guan é na gé hinn-ki niu gud
khik,p1 i kong-kiong gui-hidm tsué | tsin tik € honn-ki,tsin & U tsit ko ke-
sang pan. tat ma?

NCTU SCL | 20% tsal pool tsiu2 tshik4 tat8 kuanb | tiat8 si7 tsinl guanb eb lamb ged hi7
kau3 phib khi3 sam1 hob khik4 , pi7 | kil hoo7 gua2 tsinl e5 hue7 honn3
an3 kongl kiong7 huib hiam2 tsue7 | ki5 , tsinl eb u7 tsit4d e5 ke3 tat8
sang3 pan? . mal ?

NS EE S 8% tsa-poo-tsit-tshik-tit kuan-kau | goo-tshing-khoo-¢  lam-ga-ni-ki
khong-tiam-pat-sam-ho-khik » hoo gua u-idnn e honn-ki, kam
hoo i kong-kiong-gui-hidm-tsue | u-idnn u tsit tsit-é-ke-tat ?
sang-pan °

Table 6: C2T translation system performance evaluation. The NCTU SCL system uses numbers to denote
Taiwanese tone, while the other three systems use Tailuo tone symbols. (Blue words are translations of
numeral words, and red words denote grammatical discrepancies between Chinese and Taiwanese. We

denote the revised errors in bold words.)

with the grammatical rules of the target lan-
guage.

Experiment proves that a grammatical and
semantic error detection and correction mod-
ule can successfully improve translation flu-
ency of C2T machine translation. The correc-
tion module can be widely used in areas that
require machine translation, and would greatly
contribute to meetings, tourism, language ed-
ucation, elder care, Al etc.

Future work would include expanding the
dictionary to include more words exclusive
to Chinese which are found in news articles,
such as technical terms, and idioms. In ad-
dition, for some Chinese words and sentence
structures, translating them into Taiwanese
and transforming the grammatical structure
requires deeper knowledge of the original se-
mantic meaning. Sometimes the translation
result may be structured differently from the
original, and this issue would also be explored
in the future. Lastly, the grammatical trans-
formation rules and words used in this paper
may not be commonly used by native Tai-
wanese speakers, since translating from Chi-
nese to Taiwanese is relatively lax. As such,
a field survey may be conducted in the future
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to collect native speakers’ opinions and feed-
back on the results of this translation system
to help it output sentences that better fit the
users’ daily usage habits.
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HE

Aok LA AR R 89 & A48 AT R 2
BT EN A RELEEZTTREAL -
&A1& A T X7 ECAPA-TDNN Ff 2 i
AR R R R @SR a s
8 AT R FEAL 4098 0 & AR R B AT
B ABRRMENASERBZIREGR
R o ek EXRMER T VoxCeleb 2
AHEEITINGR > 48R % B RIK E KRR
ABA AR o KEEA L VoxSRC2022
B E P HILAERART 16% HET
B RALZELRBLAGL LA T 24549
I ©

Abstract

In this paper, we use several combinations
of feature front-end modules and attention
mechanisms to improve the performance of
our speaker verification system. An up-
dated version of ECAPA-TDNN is chosen
as a baseline. We replace and integrate
different feature front-end and attention
mechanism modules to compare and find
the most effective model design, and this
model would be our final system. We use
VoxCeleb 2 dataset as our training set, and
test the performance of our models on sev-
eral test sets. With our final proposed
model, we improved performance by 16%
over baseline on VoxSRC2022 valudation
set, achieving better results for our speaker
verification system.

MeEs t BhBhE s WREHREL s 2EH K
H] o~ BFRE AR AR 4 PR

84

Keywords: speaker verification, front-
end module, attention mechanism, Time De-
lay Neural Network

1 3%

M ARG BHFARL > REOHEME
AAFERMGEST T » BBXXZRITHA
B9 o AR F A ~ BORHER T A E Tk 8B4
%o b A B R K B oIk L RO AEAT e 0 3EAE 4%
AT VA BEAE B AT 69 B ] S22 B B TR A& - 84
FERBORARKEZMBER - K » §4
B #3320 38 SRR M 69 IR AR AR AR AL 5 B 0 B
AN BRI A0 R ~ AR 8 TG AL B 7
Jm oo def iR A F A E AR A A —EEFAD
89K A o

B H VERBTAR A R T — A U R AR
Z B R R A E S K B AREMN - K
VT AR 35 4 0 B A B R R L A 3 4 A L
B A F 0 HBILH B ARG E R T A
EH O G 9 BATAESD o VAG B BACK A
BB

VSR AF S EK B IGABRE RN
MAUEAFR BB REEARE T > LAFLR
FMT AR T A KA BB > AF A VAR RE AP 8 4
# (Time Delay Neural Network, TDNN ) 1£ &
T BAEEZFI AT Res2Net (Gao et al.,
2019) % 4 X &M &M SENet (Hu et al.,
2018) E & 7 kA 69 S AR AR g = 4 B AR AY
48 4 3 FE AR 8 ResNet (He et al., 2016a) *
FALERFONFELREBRET IR TRYG R
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Ho mBAREBRARATE A LRE LR
FEFORE  HERPELSRERHBIFRY
PR RAEAAF R R & ECAPA CNN-
TDNN (Thienpondt et al., 2021) ° /& %42 &
¥ s ResNet & #3431 & ECAPA-TDNN #
AR IEAL 4 > A AR N S AE A IR SE B
AR L mA s FRAEMBETARKRER
FTEZHHAEL  c GEBETR EE—F R
SRR R B EEHIREAR G
e T B LT R o

B RRw TP KM A EX#A ECAPA-
TDNN R 4 i 47 %3 89 Improving ECAPA-
TDNN (Zhang et al., 2021) & K& » &8
% PRy B AR B IM ECAPA-TDNN # &
ARG RERA > % HIARB ECAPA CNN-
TDNN #) M358 47938 o &AM 09 F Bk 52
SHT R P A R ) 8 AT R AR 4 A BUE & ) A
Eoo B BTG AR LA A BB R ] 8
HAREATINR » R TR 89 CNN &9 » &
M B INEERTHRMEEN CNN EHARLE AR
B4 i & J1 89 MFA A4 (Liu et al., 2022) ©
ZHEMEREZZ AR FRABIFHOEAH
BA PR EEMEE > AHRAE SE
25 e, CBAM #E 40 (Woo et al., 2018) VA
B GC #41 (Cao et al., 2019) ° & &AM 89 &
HAEA P R T FAMER 2D CNN 4 41 4F
B AT R ERE vl B CBAM AL 44k B AL A 4 02
& ¥4 0 &£ Voxceleb 1-O ~ Voxceleb 1-E ~
Voxceleb 1-H & VoxSRC2022 #|3K & L4 &
T AR R ERA AT &R, o

AL EE0 BRIy B—pEHEH
B =Ry B R R ik G- RAE R B 6y KA AT
BRI Ty ik~ AR ME S BT R AR AR E
EARH  BEZRNETREE A TR
1 R B 6 EHE S FHEAEARBRGHHEED 5 B
WA A ERER > G AR AR IR i
EEN G TREE > BRET R R
AT s BRI B o

2 FART &

12 38 M8 Ap KAV & w8 SR AR A R T R
1R B 0 EAE T & BERIMAFTEETHR
W~ IR ~ TR AT R AL LA
BARREENEFGNE o Bl EXRMEAT
VoxSRC B 7 AT 2456998k T & (Chung et al.,
2020) #4734k » E1A IM ECAPA-TDNN #%
BRI > FBE SRR 6 AT R AL A R
TE AR A2 S B AR Y AR AT 16 ARG

25
o

85

2.1 #EHARAE

B TR SRR 6 3s 48 A R B %, & 38 P e
(overfitting) #9AK W » &RATA A T HAFIE 549
7 I AR E A S Rt o B E IR
A AR IR o AR BGRB8 2 AL
BeA o AE LR ERR E GRS - Mk
KERBRAERRAET T @ £5F T LFH
B & ARG B t% 0 KA E R Al JSEAE B
ERBFH -

2.1.1 FHE%

KAUE T RAE A EAG R0 B R RS R
6 DN R E A AT 3840 - B £ @B MUSAN
EAHE (Snyder et al., 2015) K &4 A& 48 Ao
A%F 0 £ MUSAN A#HEF RS AR T =18
R4y 0 55 BFEE (speech) ~ 4 (music) »
AR5 (noise) @ 35530 09 M & A48 2 R
ANEIGEPHT ZHEH OSHFEARAE
AR EBRBURS PR E TS5 » B304
£ 12 BEZT AR L P KRB LS B R
2 FLEIMONEELT SERRAFN R
Tty e HARGR R CE S R
THEL S W RAT AR F L~ BEH - Es
FTREF RFIRMOARD LT AN
R (B HAACREF) R
F (bR B BAREF) ) AL R
WEH LSRG ABERE o F— AR ZF A
RIR (Room Impulse Response » % M Ik f# 4
J&) EHE (Ko et al., 2017) #4554 po 84
(Reverberate) * £ RIR E# &+ AH & FEE
FOG A F EA 0 RMVA 48 RS F M F i
ATEHME % -

2.1.2 HEAFHMPER

VLA 80 4694 M 4L (Mel-filter bank
features * FBank features) 7F 2 #1169 £ 34
2AF 0 3y AR B A R AR (Mel-
Frequency Cepstral Coefficients * MFCC) 4
oo A IAE R B A A LE® DCT ¥4 045
HIRGTE LB ETFIREN» & HHE
HA EBAT R AT ER -

2.2 BRI

#£ ECAPA-TDNN it b2 4% » 13 54MEF 89
SRRESRBAR S RERBER » G A
EBEHREREFABIFES LR 5
AL RV B KRBT AR REO R -
AR L&KM A KA ECAPA-TDNN & i 49
Improving ECAPA-TDNN 4k & & J& » fie o4&
BEREITAE BRRTHRASE T L 4R
AR XA R, o KM REGBRU LB
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IM ECAPA-TDNN » #44 E 45 & KB H P
) RERLA o

2.2.1 Improving ECAPA-TDNN

Improving ECAPA-TDNN #& % # ECAPA-
TDNN Ff3&3H69 — B s BRR AR o LR F >
Zhang et al 42 A T A SE &/ #H 8 SC-
Block (Liu et al., 2020) K T R4 R4k 2%
#%542 8 Res2Block » i@ 3#@ SC-Block P74
B AR E A B BB REAFE RO R
(receptive field) A ETF L ZMEZ SN » X
sLE fAFBP Rb 26 KA 0 A& SC-Block
#% @4 £ SE-Block > #% 8/ & /1 M A% A 3K
BB (feature map) HE &2 KAMABH 41
° Zhang et al. &£ % —& SE-SC-Block X
MiEAN RS (aggregation) R 89 & 4 » M A
TR HFGHREELSLEEREET R
SE-SC-Block 89T A K]~ o iZ R &R & 527
# ECAPA-TDNN 8 % B R& 7 k&4 1%
AR RE B NG REEH L2 E—
J& SE-SC-Block 84 B4 €15 B 2K H— &
RERB I > mARIFARER Bon 69 RE Rk
GRREA S TR P RGRH > AR E LE
FEMG BN E o

2.2.2 IM ECAPA-TDNN

&AM A Improving ECAPA-TDNN 4k & 3 &
AT R REZREERMBRET —
R RAREMH  HILF AT — & SE-
SC-Block » 34§ % — & TDNN & #5694 &4
Bk @& RER I 52K A 4o
B 1T RMEZLEARGELAMKRE R
% B BCE A % — & TDNN i & — 1t 52
#% @ — & # SE-SC-Block 887 &) & i 47
B Ew s ARERE % 69355 E
mAF SE-SC-Block B R &R &Ry —R & %
ZREFHETRBMN > A HE /& TDNN #%
B EmANBE—RREGE TP ETHEETLA
ERARREGRAEN QG EH > AR REK
MABIEZ A T B B AR R
BlegFH AL o AU EREA » RMIHREH
Improving ECAPA-TDNN #47 752 » #4&
15 2R 89 AR 4 % B IM ECAPA-TDNN o

2.3 AFHATREAE A

# ECAPA CNN-TDNN ##F B %P » i
AT A 69 RO SE B SR AT R A
BITHBEL ) AFTAKGBHEARER
BERGEE T (fatten) » 18 H4E A —Fam A
1% X ECAPA-TDNN #4734k 58 4 A 2k 09 3%
SRR R o B b KA B e AR AR
A g P o £M4E IM ECAPA-TDNN 7l @ & 1£

86

l 80 xT
[ ConvlD + ReLU + BN ]
T 1
Pl l CxT
1 1 1
[ SE-SC-Block ]
T T T 1
N A l 2x(CxT)
| 1 Y | 1
[ Aggregation layer ]
T T ] oo
| 1 11
[ SE-SC-Block ]
L L : l 3%x(CxT)
|- 1 ¥
[ Aggregation layer ]
1 1] o
| | I
[ SE-SC-Block ]
: : : l 4x(CxT)
Y L] Y
[ ConvlD + ReLU + BN ]
l 1536 x T
Attentive Stat Pooling + FC ]
l 192 x 1
AAM-Softmax ]

l §x1

B 1. 15%&4& k6 IM ECAPA-TDNN »« £ % ¢ &
TR T ATEER S AToAREHE -

T3 RARNLHGMERRMBITETR » &
BB R L P 89 2D CNN HL40 ~ &8 FAH
7% (pre-activation) 15789 2D CNN A48 » A
BAINRmMER ZES MFA 4 -

2.3.1 2D CNN #

74 £ ECAPA CNN-TDNN ¥ Ar{# i & 7]
IR > R — A8 — 4 AAF L ResNet £
P8 ResBlock #AT4 A&k » £ EMER
M3 A /£ ResBlock FAe X SE #48 » %48 4
BB 2 AT o AT BRIR I VAR SR EF
FREF 7 £MAF residual block #4938 18 &
THEE 64 ABAKAER K > Bl B 4 BRu
A THE—ERRE B 5T
(stride) &E A 2 R st Fak & o

2.3.2 TABEH 2D CNN #4

KM 5E T (Heet al., 2016b) T 4 5% £ #3% 89
MRER s EEMR T R E AL ResBlock 8
#1232 % (shortcut connection) L iEATAEAT
BARAR G AR 69 R R, Bl 5 A AR F
89 5 E R BAAR S 0912 3E  (post-activation )
KETAMRE (pre-activation) » AESYIE A &
HAANR s BARGRZEAGZIE - K
AL R ER S &I 2D ONN #a ¢
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l 1x80xT

[ Conv2D + ReLU + BN (4=3, 5s=2) ]
l Cx40 xT

[ Conv2D SE-ResBlock ]
l Cx40xT

[ Conv2D SE-ResBlock ]
1 Cx40 xT

[ Conv2D + ReLU + BN (£=3,5s=2) ]

{ (Cx20) x T (flatten)

2. 2D CNN ## o £F ¢ A8 T &
THEEE - mAERTY LR s RFEAEKIA
TRRE °

Conv2D

SE-Block

(a) original (b) pre-activation

3. R4 SE-ResBlock LA FE LB LI - @
AR EHREA D o

ResBlock #4450 AT # % > e Fd e
HRLEWE 3 T o

2.3.3 MFA ##4

MFA #£ % & Liu et al. £ MFA-TDNN ¥ 3%
SHA A BAR 2D CNN 469 37 45 4% » L4k
T —18 Res2Block % #8 & B AX ResBlock °
B R AR S E Res2Block T i T R
et LR BES RAKA (dual-
pathway multi-scale module) VAR % & il 18 /£
& 112 4 (frequency-channel attention mod-
ule) » A WE 4 FTx o FildE S REME
40 89 ik & £ Res2Block P #9418 4 X A4
#% I REAT—18 TDNN ey 54 £ B
AR AEGI R T EAR G A LET > &
LI Res2Net RA G S MM BH R T 48 &
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l 1 x80xT

[ Conv2D + ReLU + BN (£=3, 5s=2) ]

l Cx40xT
 Conv2D + ReLU + BN (3,571 |
Cx40 xT
[ o8 | X, X, x, ]
(awow}—| (353 ]
A TONN
SRR

(Cx40) x T (concatenate)

[ ConvlD +ReLU + BN ( k=1, s=1) ]

9
(Cx40)xT

L MFA B4 b ¢ AFBAH T AFd
EH BRFE LR s AFERABRIDATRE
B ATt EAMm-

WMANE MBS X PEATIHHE c AR R A E
B @R AR AL A @R 5] 69 TDNN 4% 4
TP BB 5 AEROBMALTE SE
Rkl o TR ARG B AR Tk
1t (Global average pooling * GAP) & £ § &
THREALZREARBEEEGFEEET 0 HEA
s AT SE B4 (excitation)
FH o RB AR UBEKGEGEER (reshape)
R A Fae = i BHAE A EE = R4 69
HEEGE o

2.4 EFEN %A

JE R4 #) ECAPA-TDNN A& & # # %18 7k i
RRAPR » Thhafis o ~ JRIG @R &M L
AEINNEENEP AR SEDEM G LA -
BhARA 69 BB A LB 9D CNN AL 41 ¥ 48
3|6y SE MR SE HAGTHBH TR
BT S E L ME TR T - Fi0
T RMTRIPHF R R ERG LR 4
G E B R BCRRA I A o W JE B
/£ SE Bk HEA CRAFL BRI FLSL
KFEEPHAME > A FHHG BRI
W — I E AR AR LB A &1
ARG BE LK 4 SE HEAEN > 13T 3 &
TR BB EEN BB ERKELREAL L
M ERR » BHRBRMELASH A CBAM 4
AR GC 4 e MARBLREENHEENFla
HAEHE LR 6 mwA MFA 4 A & 845
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Cl4 x40 xT

o

[ GAP (on time domain) ]
(Cl4x40)

x 1 (flatten )
1 x 1 Conv
(ClAx40)/16 x 1
ReLU
(Cl4x40)/16 x 1
1 x 1 Conv ]
C/4 x 40 x 1 (reshape)

i

(Cl4x40) x T (flatten)

i

( ConviD +ReLU +BN |

J (ClAx40)xT

5. MFA #4198 Att-TDNN 42 &4 o 3t
PO ATRER T AFFER 0 ATLEH
JeAa e o

TRE)EZ AR RMER A MFA #4
&P AR AR A o

2.4.1 SE ##4

SE (Squeeze and Excitation) #% #8574 %
WP A EE AL LR
6(a) T o L& BRE (squeeze) HLBAE
(excitation) M F A FE TR B EGHEE o
BAAREE o ARBE HaA A sh e 4 i
o R F AR o VARG A8 0y de it
F (descriptor) s F R ZBE » &1 #6972t
T EMARE SRR F AT 4 I 40 48 4F »
KZ2EIARBERETHNERZREE L5 8
sigmoid R AF L ik Rl EHE T R RG 4
BaZzEF o

2.4.2 CBAM ##4

CBAM (Convolutional Block Attention Mod-
ule) B 40E XA SE A IRE » BG4
6(b) Fim o RAEFAZAEMEI L > €
BEAATHMBEARBE TR EMBH -
Rl EamEEEN AT TR TREALE T
¥z b B gk R AR & KA (Global
map pooling * GMP ) RBAT £ % R[] 6 AR o

2.4.3 GC ##4

GC (Global Context) #%#1%# SE £ 412
Non-local # 4 (Wang et al., 2018) AT & &M
A AR EE A B 6(c) AT o %44 Non-local
#2414 5 09 £ T U AR (context modeling) &
7182 SE B FHytH &M > Cao et al.id
i 1t Non-local # 48 » & # 4% Non-local 1%
HLE AF B R A5 BB JA SE AR 4069 B AR A AR
SRR MG o HBEBARE  GC BA

88

HEEBEMATARNERE T EAE TG ER
#, o

3 FBRAE
FARE B RN ENBARB TR T AR B 8

b Eis SR S b
IR P B o) & AN S8 BHARE
P R SHAEAE R R A, G R o

3.1 FHE

#4112 A VoxCeleb 2 (Chung et al., 2018) ¥
dev 893 4E B RGN T & - L4 A
A VoxCeleb 1 (Nagrani et al., 2017) & #t %
A8 BT 4 A 49 VoxCeleb 1-O/E/H B3 & 2L
Z_ VoxSRC 2022 #5215 B A kAL A 89 3]
RAE - RMEAAIERZFTFZHAAR (Voice
activity detection * VAD) # & 5 & 4% €17 3
o

3.2 S¥HEE

BT ATFHREERNRA  TARRSTERT 4
Bl 6893 4R R & AT 4R« 42 A Adam &1L E
(optimizer) VLB SH > 2 Y
% 1e-03 » % 10 18 epoch € &Y 25% ° 1%
AAM-Softmax %48 & & % > X F margin
B 2 scale 3B 30 IR B AN TR
AR AR A 8 A 0 M AE R B 2e-05 © 3
BREF B9 batch size & E B 256 » £ 34k 100 18
epoch BLE AT a2 A 8 o L4 H% IM
ECAPA-TDNN T8y 8 & %% E 5 512
BHBAGIE RADRE A 1925 £ AR
7@ 2D ONN B RAm AT ARG L
WE KA E B 640 W MFA A4 K741
AR B E 320

3.3 FHEAEA]

A A 44372 & (Equal Error Rate, EER) ¥4
Bos A B R AR % B (Minimum Detection
Cost Function, MinDCF) 4k & & 11 #F 4& &
BoAR G ED o L d R AR B R A R BAK
& VoxSRC 2022 AT 1R » M 582 E A
Cfmiss:1 * Cfasle:1 ° Ptarget:0-05 ° &{Fﬂﬁ’i
A AL R AEAT 5 BOERAC 7 B B AT o

B EA
4 FTEER
VoxCelebl-O VoxSRC2022 val
Architecture
EER(%) minDCF EER(%) minDCF
ECAPA-TDNN (Re-implemented) — 1.3770 0.0931 3.6735 0.2479
IM ECAPA-TDNN 1.2600 0.0849 3.6824 0.2462

#& 1. IM ECAPA-TDNN $ ECAPA-TDNN £ 3%
R VSR IR EaE W TN
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Channel Pool

BN

Sigmoid

(a) SE #24 (b) CBAM #£4 (c) GC ##a

6. FRIEEAMBBAZER -0 ATFAZTHEMR @ RTERMAR ¢ RTFALETHEA L o

VoxCeleb1-O VoxCelebl-E VoxCelebl-H VoxSRC2022 val
Architecture EER(%) minDCF EER(%) minDCF EER(%) minDCF EER(%) minDCF
IM ECAPA-TDNN (baseline) 12600  0.0849  1.4733  0.0941  2.6891  0.1621  3.6824  0.2462
FRAGRERE
IM ECAPA CNN-TDNN 11218  0.0886  1.2763  0.0825  2.3318  0.1475  3.2230  0.2144
IM ECAPA CNN-TDNN (pre-act) 1.0424 00739  1.2646  0.0831  2.3518  0.1415  3.4471 02198
IM ECAPA MFA-TDNN 1.0424 00797 12632  0.0813 23526  0.1439  3.2535  0.2118
R E 8 &H MH
IM ECAPA CNN-TDNN (pre-act) with SE 1.0424 00739 12646 00831  2.3518  0.1415  3.4471  0.2198
IM ECAPA CNN-TDNN (pre-act) with CBAM ~ 1.1484 00817  1.2507  0.0821  2.3500  0.1437  3.1160  0.2053
IM ECAPA CNN-TDNN (pre-act) with GC 12552  0.0992  1.3807  0.0926 25533  0.1551  3.4990  0.2282

& 2. FRAEA £ &R E BRI ILK

KB R HE T R4 ECAPA-TDNN 2K (22 HAHBEAZORNXE ERZRIEKE
KB R BEAEA G IM ECAPA-TDNN £ & 2% KMRAIZLHARIMEA TR EY
B8 VoxCeleb1-O Ak B #65 VoxSRC2022 IM ECAPA-TDNN 1§ & L ##% > Mk (He
BRAEFELENEAR > BERWR 1 Aiw e THh  etal, 2016b) ¥ & T HifkiF 4 ResBlock %
A B @B % 89 IM ECAPA-TDNN 3R &2 A RBOMEBER T L REHEXR > IS
BAEME L XA MR ECAPA-TDNN AR FAHE 2D CNN B £ ERXE L&
MERS  PEHREEHNELNALLEES ATENERRE - m MFA BAFEAL S RE
by —7 o SWERFHOEMEH  FEBEORRE

BERMENNAHARGIREE AR LT B g A FAME 2D CNN Ea—ik
TR EEAMANBEN R AT ERGBE, BEOLR > BAEMEGAXE L EA AR
AR FAT O LSRRV RAAER 0 BT & o
AR EZBARE LG F @GR R 2 BT
T o 4.2 EFENEA R

. " . Z 83| MFA ARG 8 B2 ENHH &%
41 WRBBREE K $0 5 %% KIE 2D CNN B4 ¢ igiE T 7
AT A RBEREAZE » TAHERRELA BREORASRBRLEE RS ARREE
AREBAAA BEENLESY o 48 2D CNN  EH M HRL R RS RN HE - SE Rk
BuaARZBAEHELRAERTOBE ARE BHBEY Voxcelebl-O BRXE LREF X
8 2D CNN A 48 A 40 41 £ 49 Voxcelebl- #iE8&3H > 12& CBAM £ 4k L4 2 B H
O BlZKE LB EARAEY 2D ONN 24 HEHEHRJFIRBEZHIBRARAEEE

89
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BHEOER - CHEHROEZRMRAEZR
& CBAM B R3] A % Wiz &/ 858 2t 8%
iy FTERNBEHERRBALR > B4 SE &

MAMT 25Tt ﬁMMﬁkaA
IR K A ACEAT 3 A BAF R R 77 @ 69 AR
3 AL 50 80 3R LR
B dm 0 B BUEAT IR > IR T HRER
0 &R 5 #k CBAM #& 2 &R > GC #4
R A BREGRABTE L » §HEK
8 B KA B AL MR TDNN 444
%x’%#w%ﬁﬁﬁ&géﬁeﬂmNNﬁ
rﬁ%kﬁk#ﬁﬂiﬁ‘%fiﬂ%&im%‘éﬁ XA BH QC
¥4k SE B 46 RRAAETE o

4.3 REREEAN

BRBEEMELGTHRER KM RAEL
& 2D CNN AR A4 EHREEH K
# & CBAM # IM ECAPA-TDNN » Bf & 2
F & IM ECAPA CNN-TDNN (pre-act) with
CBAM # B E A8 m &3 AR o An g X
B > KA LR LR E LA A
By BT o AN VoxSRC2022 B &
RH o mEEA L EER ¥ minDCF 44 £ 45
BH 15.4% VAR 16.6% T i@ o
5 %
A#H LR E T A Improving ECAPA-TDNN
%5 7% 89 IM ECAPA-TDNN & #1F & & 4769 &
4%@*’1 » 363k 4 A TR 6 AT R T AR 4 A B
BHEaZ M AHERNRRABITE—T 8
3§4b FATIR B 6 s #4EA 38 38 4 /\Tﬁz@’(i{;
89 2D CNN BT 32 4% 40 s 5 3 2 &5 ) 44 4] 5
ﬁﬂMﬁﬁ»E%%@A%i%iﬁ#m%
RERIARA F KGR T o RREMME G ALE
RIFRASF X LR B 8 400 20 M » A
PERRE— TR T RMBHRF ALK

26
Ag °
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Nowadays, time-domain features have
been widely used in speech enhancement
(SE) networks like frequency-domain
features to achieve excellent performance
in eliminating noise from input utterances.
This study primarily investigates how to
extract information from time-domain
utterances to create more effective features
in speech enhancement. We present
employing sub-signals dwelled in multiple
acoustic frequency bands in time domain
and integrating them into a unified feature
set. We propose using the discrete wavelet
transform (DWT) to decompose each
input frame signal to obtain sub-band
signals, and a projection fusion process is
performed on these signals to create the
ultimate features. The corresponding fusion
strategy is the bi-projection fusion (BPF).
In short, BPF exploits the sigmoid function
to create ratio masks for two feature
sources. The concatenation of fused DWT
features and time features serves as the
encoder output of a celebrated SE
framework, fully-convolutional time-
domain audio separation network (Conv-
TasNet), to estimate the mask and then
produce the enhanced time-domain
utterances.

The evaluation experiments are conducted
on the VoiceBank-DEMAND  and
VoiceBank-QUT tasks. The experimental
results reveal that the proposed method
achieves higher speech quality and
intelligibility than the original Conv-
TasNet that uses time features only,
indicating that the fusion of DWT features
created from the input utterances can
benefit time features to learn a superior
Conv-TasNet in speech enhancement.

National Chi Nan University
jwhung@ncnu.edu.tw
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g o
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3. AR SR 2 R & P AR PR
Bl gl 2 f B i DEMAND $23 3-8
T H PESQ 4 #c# i< ~ STOI & SI-SNR =4
BehldF o Ao QU fAHFF T o FFE
Bl g 2 R B R R B = B 4 #R(PESQ,
STOI ¥ SI-SNR)_* " B P 2O 2 R
& P B %4+ &2 Conv-TasNet /% 0
BB TR TAREE P B o
2 RpFEES ] 2 B & QUT
Adr® HfE R e e SR Y A I A T
Kﬁ’» Feno

FErudamRRmEE:  APT I TR

) ki F 0 & Conv-TasNet ¥ DPTNet &

B RE S R AL j.srsé‘z*y BT R b P

Frctp e S 0 SR L B AER Rk
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B Gk £ BT o KA A Y

&tnl &F‘ J /P‘»f\‘*iﬁi l—-—Ei F%fé «fiiftrﬁff_’f@ oo

AT P AT — B RE R 0 T
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LR A I RIA B o Aol Y hinie
BE F N R 0 SRR A X RS o

3. B R R = AR S
32 R B s <0 Conv-TasNet
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(c) enhanced by time-domain Conv-TasNet
c(b)fe T3 (o) TR d B R 2

(c) fusion and concatenation
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HERWFBE A HFHRE2P )RR
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Exploiting the compressed spectral loss for the learning of the DEMUCS
speech enhancement network
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#HE

KR FATEE % 09 DEMUCS %1k
A BEhE R EagdE &
B RIHA HE AL - DEMUCS &
Facebook B Fx B % » £ & h AR A,
Hepratimpmmagiea  mhaz
IR A ke R %HEH A
Z Byl e Ay MR PR o B AR
DEMUCS & — 18 &b b5 38R 32 69 35 5 7%
LM HlkrriE A ah48 R & -
PR R B T B R R AR B
S Bk b 04 45 BB A IR 48 4 o R 48
I E AT O RE -

2H 3L

vo B

FAMIIEt % DEMUCS 248 % H#t b oy
SR H 58 AR S - HN AT 4R
MmAFMER LR T A HBEY R G
BRPBHERORGEL X TR HALR
ER—E /N —eEERFE - Y
SRR R AL H A -

% 1t VoiceBank-DEMAND = & #} £ F
BATHE TR - B E&ERKA - £
Mz BRGEEREAREFRR A £
18R H B AL TS E 69 DEMUCS # A
tb& DEMUCS # 7! # 4 232 #HR) 3R
BE e BB Y T R 45 4%(PESQ 2
STOD) » Ly B3I ARF R4 M58
HBENBRIE PRGBS BRI
2 HE AL 69 DEMUCS A - ARd 3
ERGEL BB BB BARA K

by Facebook Team, is built on the Wave-U-
Net and consists of convolutional layer
encoding and decoding blocks with an
LSTM layer in between. Although
DEMUCS processes the input speech
utterance purely in the time (wave) domain,
the applied loss function consists of wave-
domain L1 distance and multi-scale short-
time-Fourier-transform (STFT) loss. That
is, both time- and frequency-domain
features are taken into consideration in the
learning of DEMUCS.

In this study, we present revising the STFT
loss in DEMUCS by employing the
compressed magnitude spectrogram. The
compression is done by either the power-
law operation with a positive exponent less
than one, or the logarithmic operation.

We evaluate the presented novel
framework on the VoiceBank-DEMAND
database and task. The preliminary
experimental ~ results  suggest that
DEMUCS containing the power-law
compressed magnitude spectral loss
outperforms the original DEMUCS by
providing the test utterances with higher
objective quality and intelligibility scores
(PESQ and STOI). Relatively, the
logarithm compressed magnitude spectral
loss does not benefit DEMUCS. Therefore,
we reveal that DEMUCS can be further
improved by properly revising the STFT
terms of its loss function.

R o Msts : B384 > DEMUCS ~ 4a 0% 3 3 43
WMo BRE B BBIAEIE K - HEUAEERE
BB d B H o ANEE RS

Keywords: speech enhancement, DEMUCS, STFT, loss
function, compressed spectral loss, logarithmic spectral
distance, PESQ, STOI

Abstract

This study aims to improve a highly
effective speech enhancement technique,
DEMUCS, by revising the respective loss
function in learning. DEMUCS, developed
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1 fqr

35 & 781t (speech enhancement, SE) B &) 73
H3E 5 P oY o R PR R 3\ 8 T3 R E
DAELE T B E RTHME - RS dNE
T oM AT e & AR kz?ﬁf%? Eﬁ’\‘%’ % i
EHSIER ol FHRGB LR
WA BETBRERBA BBREE = fﬁ qu
B AT AR S b B A Bk B R IR 45
HFETZEN EMRA TR AT
FAME B &y 4R - B b B He A doss dp ) A SR
BE T Ao te s M -
@3 6038 F RAL BT A F R RN IR SR
TR & St AR AR A - W SER XE
(spectral subtraction) (Boll, 1979) - # 497& % 7%
(Wiener filter) (Scalart and Filho, 1996) ~ & 2
& 3% JE£(Kalman filter) (Dionelis and Brookes,
2018)% » A T RRIE LRV EE » BIATH
B MIREF8E - RATHMEERER
B EwmRA T BT AL AIE
B MR T RRETRE -
MR B N R R A & 4 #8(deep neural
network, DNN) (Goodfellow et al., 2016; Hinton
et al, 2012) 383 R #4769 & B & > AR
DNN &)3% & 3Rt B fhr o 4o o 12 A& &) 30 7R 7 75
R BHEAFEBEMRNGE T ayRibacd
FEN GBI R FE TR o — R
o A7 DNN 233531tk - RBAEHN R

ANFBEZHHBRO AL - KRBT A RER

BF 48 3% (time-frequency domain, T-F domain)ik
Fo 3% %] 3% (end-to-end)#y BF Bk (time domain)ik
(Luo and Mesgarani, 2019; Yin et al., 2020) -
$a A ay 7]‘/2%5:3: ] 64 5 335 & REF B é’]
RREFES o  FREBCKBE TR GAENE L
# 8% 44 (short-time Fourier transform, STFT) %} #
AE 5 A 32 85 42 [B (spectrogram) » 7 4% B 58 3%
(T-F)45 44 - 42 %135 2k T-F 458000 240K 5k %5816
#% o A R 43 BT BB 3 3 #8 H(inverse
STFT) & & & 46 & B 3535k & % (waveform) o
T AE A STET 32 A% 4 B3R AT AETFAE 52
2ERRAH] ¢ sk o STFT & — B & 64255 8
ok (R B R wRERR ) 48BN
FHARLZGEREE MF > BRASRKRL
BAE - HR o BRRHNF BT AN
AR AR B E B EG EE -
J3# % BS54’k o & Facebook [
BT EHES B DEMUCS % (Defossez et al., 2019;
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Defossez et al., 2020) ( 2% : Deep Extractor for
Music Sources with extra unlabeled data remixed )
KA EERELRAMER  CRANBER
HWREFRGRE D BERE TR - 1287
LHEBERNELTRIELE (ABEN e RE R
B FEE ARG —BER)  cCERR
B %k L 5 Aok ¥ i B (skip connection)&y U-
net A48 5k 4 pg B 4 5B - AR AS B 22 A ﬁﬁm
RATERBRIBANEZOLS T RIE
ﬁ(ﬁﬁ&ﬁ:mw&mM}i%@%&ﬁ
AR LB R - B E X AR AR A
STFT RiFuhe54a 8 -

# % x kk(Ephraim and Malah, 1985; Yu and
Deng, 2015)32 %] » AF-#HMWEE R E 2 R 4o f2
4 (perceptual nature) & I L7 — # BLak £ > IR
PPAFRIGFZBLTRENRABRERREE
EBERENRARLE  THERAAF A KILH
Wkl BEAHRRENZEHE - £EF
FRAL S SR 3B T PRIk e AR IR » % H ik (Lee et
al., 2018; Braun and Ivan Tashev, 2021) % #] A &
B A5 BE ~ 535 53 2 98 B B SR BN
— 8 ER A - B4 H E) RE L E(dynamic
range) » % $ R M43 2] ARG R o £LH Y
%2 (Hong et al., 2022; Wu et al., 2022) F » 4,32
BT EBERFRSE S Y 45 ZPESQ)
(Ruder, 2017)¥1 3& & T 3% M 35 4Z(STOI) (V-
Botinhao et al., 2016) 2k & ;3] DEMUCS ££ 31| 4k L
AR o W DEMUCS £ 2):8 2 358
R -

Ay ERBE - AFREY 4% DEMUCS 3
SREFAEAR R R B AT AR A 6y 4a 0 oL e in
RAF ey &8 FAESAE TR L B AR R 4 0 IR
BER 45 00 B R F AEAE D4R M43 69 DEMUCS
FEAEFETBRCLOERREIME BB TERE W
B —Aior o Ao AI4E A AT A B R R A
PECH B ey R gk o AR R - AR
I B9 A % (Hong et al., 2022; Wu et al., 2022) »
3B 5 oh B T 3R 45 4% 2 A B Rl DEMUCS
R ARE MARABEERMmMALB A HHEK
HEAE R MR S BAEAIRIELR
BB R a3 & £8) DEMUCS 8948 &k &
BEABRSHEBER L HAI%R - Mg L
¥ #r7k3d VoiceBank-DEMAND &k R F
RIFLE > P FERLEEINIRY
DEMUCS A8 #7 & DEMUCS #e#):£ 3] & 42 8
B85 521bd54% ~ R B PESQ #2 STOI 44 -

=3
o
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skip U-NET connection

«[ LSTM

DEMUCS 3| &R ifi 42

any utterance Mult||ayer
the training set *| Encoder

B —:

EZBOEFHF  BRMAKLBENL
DEMUCS k8942 %&%Fﬁﬁﬁfﬁiﬁﬁzi
BRAIBMOM AL MBEAETRERENL
BERERZASHAFNH  REBARLEHA
RRBEE -

2 DEMUCS ki &AN&

&4 » DEMUCS & % % & Ry dkmixst - ©
X & & B AR P BB i 4 (skip connection)
gy Unett24a R R H 4pr8 B-mBEEHE B
b P e T K48 05 s 8 A A (LSTM) A 7145 2L 4

B Ry #E R - & DEMUCS &A™ E
BB 355 ALY - & A4E DEMUCS 89y AL

WHBEHREA | EBUNFETARY
&) 2 E B 4%(ground truth) - B DEMUCS £ %
Pt Eh o 7T % # R (Defossez et al., 2019;
Defossez et al., 2020) o

£ B4 DEMUCS 4 ey 28 + > A &
IMEE B R BB OAE T A (B3R ) BB ey
LI B kA ( B9RIR ) % AAr e mi il o 3 4%
#(multi-resolution STFT)Z $83%48 %k o #4E—
HEE (23 ) ATa AR - A3k
B SGRIRyfo R 46 3073 0038 S 12 Ry M 6948
RHBETA

1
Lpgmucs(y, ) = T ly — ¥4

+ % LS .3,
Ed| 0l & Ll sa#EH > mXFAH£E% 8
BB Eey L1 8K - AL S MME
BFRBR _Eag48 KAv » AR "stft" A 4a RF 48 s
HEHIL(STFT) » AR AHEREFERE
(frame size)$1 & #E - #(frame shift)ey % 3|
(index) - b sh » % =& ¥ 18 5] %k 31()%R &9
LD 3 F) X &6 @35 ¢ A%
convergence, M F4Zsc % )2 48 %k Lg.(y, ) #v

(D

#4 (spectral

102

Multilayer | |
Decoder

R AXFiiRZ k32 STFT 4A 3%

STFT magnitude
compression

waveform | STFT
loss Loss
Output | the enhanced41,,9l'ound
Layer utterance truth

£ 55 FE 0 B 48 A P38 K R B

#8338 F (spectral magnitude, A T 4Zmag & 57)
-i’f?\ %Lmag (yr y) ERR S 5& .

Lse (3, ¥) = Lsc(0,¥) + Linag@, ), (2)
HF

Lsc(y,5) ®)
_ ISTFTO)| — ISTFT )|
ISTFT (W)l '
i
bag 90 = 1o (172 @

H P STFT() A RIRFAE X 4834 %ﬁ%@ﬁi
i 4 3 (short-time Fourier transform), |. | & 3% 38
(clement-wise)BR 4 # & 09 E H » ||l &
Frobenius $t #:EH -

3 REIMFE

DEMUCS #8831 4R ¥+ 1% 1 6948 K & B4R 641
T RALE TR R85 5 IR LR
BREMER - — T BB R IO
AR FRARAERBARAIB E M LR
B R HBIER oA - M R R
Bk HHPeyEHEB B RAIIERERY
REHM AAAHE - REBEOTRELFR
;ﬂiuﬂl“ﬁﬂl’«kﬁxa‘aﬁi Bz HER EHEMA
B FE 04 39 o g BB o

P B2 09 1B &4 DEMUCS R4 & & #
1 M 64 43 B AE L B R RAF 6 SRR L 60 58
B #% B %5(compression) - {1 H & A& $5 E
(dynamic range)[§ 1K » & 4k 49 7% »ﬁ‘—_{'ﬁ*%’ém -
FEIAABATHNT EREOR I KE
(Rt E e I BN AT REMEIL )
B — MR B E RO R A EE - B R
B2 HETHEEBRERR HRGEREME
# P B (Ruder, 2017) -
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% B8 Xk (Braun and Ivan Tashev, 2021) » &4

ERRAERERGENER - F—HAREE
B BAER G RRIE A NF — B B - B
fly=a"0<r<1- %4 &#&R loglp
B0 Bpf(z) = loglp(z) =log(l+xz) » EF
B BAT Ao — ) B #) R BB RO MER O
mIEaEEN(Fx=08F) o

ARAEAE A o T e R Gk - R R ()
@RIEE A

~

Lsc (ya g) (5)
_ WSTFT(y)|" — |STFT(9)|" | -
gy ©
~ o ] T 6
Lmag<y7 y) - T lOg (W) ‘ ’

APy R HFEO<r<1-@FrEest s
R XQ)F 0y STFT (y) AR A E R T - 12T
&4 Frobenius # 3| STFT (y)| » R#STFT (y) &
o 0E 0y R A [STFT(§)| # M > % B
ISTFT(y)||p = |[STFT (y)| - B - K(GS)+
Wy EIR T A BB R ER|STFT (Y)| | -

FIEE > #h% — 4848 Aloglp (z) = log(z + 1)

BB R 4Bk RIADER AC)EADIEHA ¢

L. (y.5) (7)
_llogip |STFT(3)]) — loglp (ISTFT(§)))]»
[logLp ([STFT(y)])] ’

Emag<y7 g) (8)

_1 ‘ (loglp(lSTFT(y)l))
T1= \loglp(|STFT(y)[) /1,
R EHAG)) > 2 KGO RAX(NB) » £

A AR(Q2) H B EFHIRIA R B A ¢

)

Lop®,9) = Loe(y,9) + Loy (9.9),
F b Lo (Y, §) 92 Loy (y, §) 5 %1 20 X (5)(6) »
H A X (7)) % » Bl DEMUCS 1 Fi 2 % 5% ¢4
BERHBTUREEH A

~ - 1 - 10
Lppyves(Y,9) = T ly — . (10)

+30, L5 (. 9),

£ RBHHLY, (v, 9)BREXO) -
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4 FEHREE

# 1112 A VoiceBank-DEMAND 3% 3k} & (V-
Botinhao et al., 2016; Thiemann et al., 2013) 2R %
& &R ATR G I R Bk EY
DEMUCS #£ A i 4TI 4R $L8] 3K > ATHE A Z 4
R TAEME G fo s B R B VoiceBank(V-
Botinhao et al., 2016) ## DEMAND (Thiemann et
al, 2013)35# & - D4R 15 7 28ME3BH P Ak
ey 11,572 1838 4) » £ P 5 10 #5430~ 31
#LL(SNR) %1 4 0,5, 10 2 15 dB > B3R £ A
a8 2B3EH AT A ALY 824 1835 4) « B
RERFIZ % 5 A HAELONR) S 3] %
25.7.5.12.5 82 17.5dB » $boh + KA o
ok 742 1835 6 1F BB -

FArIER A gk (Defossez et al., 2020)fr /)48 2 B
B 2 1 (causal)#y DEMUCS 224 » £ % 4% %
i (epoch)zx & 300 » s 3% A 32 » A2 H3%
Eon AU =4, S =4, K =8, L =
5B H = 48 - {REA(5)-(8) » &4 %34k
HE 2R F48 & ok H 2 DEMUCS #A! - f23]
HE - AR FERES S E 4542 PESQ (Rix
etal., 2001)Fv 9] 23& M 45 4% STOI (Taal etal.,2011)
R4S R 6938 F - PESQ 4/ #-0.5 2

45z F » STOL p# A7 082 1 2R » =F %5
BAE E KA BT IRIL AR ARYT o

5 FTm&EREHNRB

HAAE HE A SE 3L 58 R 45 e 2 DEMUCS
A REEHEEFERFran %% 0.1,03,
058 0.7 A5 B TREALRERGEE
EH - IRBPAFSAE R AP B # DEMUCS %4
BB BB RFERIr=11HEH
DEMUCS # & - & A e RE H B H 3 HH
loglp Z $83% 3% & J& 45 2 DEMUCS #3834 7%
AL PR ¥ E 9 PESQ #1 STOI 3542 #1485 7 %k —
PSR BAMA T AT ¢

1. RARATRICR I 2 A T o BRI
#18 £(PESQ £ A 4.5, STOI LR A 1)
RBBATIEHN LI NHIRAE » M
@A A ) DEMUCS % 45 6543 2 & 42 &
PESQ #2 STOI 4%t » 7 R T & A
MisiLEE -

Mg RN 1 Z BRI ra SRR 42
DEMUCS M & » © 1 % T4tk R %
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DEMUCS (r = 1)#% %] % 1£ &) PESQ #2 STOI
S# s Bl Er = 0.38% > PESQ #1 STOI &
% 3.006 #2 0949 A iE - B AR
DEMUCS # 2.923 £ 0.947 » 3% $1 sC k[ 13]
FAF R ey R REAB S » BHast e LR
WERRE A 03 BT BRI AR R R AT
RIOVERED] » & RGFRrE RGN 1ZR
#i4t N E 03 8% - PESQ %14 B2 % w9425t
STOI B # 4% & A&/ i@4- F o frfdse 0.3 1§
Z 0.1 8% > 2K PESQ % £ > 23 &
2.988 » A2 #iJE 4 DEMUCS (r = 1)84 2.923
BRERA>BATTRMAMEL £
DEMUCS #4948 % ok $048 A 3R R 45483 58
FE kB et - DEMUCS #9235 % 3813 ke

o

o

o

3. FRRMEr=118 ARBEHEHELE
RMm% KX > BER&ERE T HRWMAE
DEMUCS #} & &y PESQ 4 # F § - Bt »
ERBEBENBARAIBL &L
DEMUCS -

— - = T T — T
02 04 06 08 1.0 1.2 1.4 1.6

245 loglp & #R MRS E R G - 1 Tima )
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Abstract

Providing structural information about civil
cases for judgement prediction systems or
recommendation systems can enhance the
efficiency of the inference procedures and
the justifiability of produced results. In this
research, we focus on the civil cases about
alimony, which is a relatively uncommon
choice in current applications of artificial
intelligence in law. We attempt to identify
the statements for four types of legal
functions in judgement documents, i.e., the
pleadings of the applicants, the responses
of the opposite parties, the opinions of the
courts, and uses of laws to reach the final
decisions. In addition, we also try to
identify the conflicting issues between the
plaintiffs and the defendants in the
judgement documents.
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macro
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BERT + Dense
n el fs 2
1 2 3 4 5
Cl | 0.741 | 0.745 | 0.728 | 0.759 | 0.758
C2 | 0.559 | 0.562 | 0.504 | 0.538 | 0.490
C3 [ 0.788 | 0.788 | 0.774 | 0.767 | 0.757
C4 |0.783 | 0.788 | 0.776 | 0.779 | 0.778
macro
F, [0.718 | 0.721 | 0.696 | 0.711 | 0.696
4 A DR REFETRE A I R R
3]
BERT + Dense
n & is <
1 2 3 4 5
Cl | 0.763 | 0.767 | 0.748 | 0.785 | 0.784
C2 | 0.581 | 0.592 | 0.531 | 0.577 | 0.534
C3 | 0.936 | 0.928 | 0.920 | 0.928 | 0.904
C4 [0.874 | 0.878 | 0.868 | 0.883 | 0.875
macro
F. [0.788 | 0.791 | 0.766 | 0.793 | 0.774
F SRR PR TR E A 1 Ry R
3]
L AR R RE AR s e R
PRI b4 3 e PR R
REgnads G LR RRSe RIGE T AL U B

e Fy score o 2R A F] 5 s 3w P PR
h g R ek Rer SR dp B 8

L RBP G F L L S g
FARRRES? A RS R DR
coffis o AP Z 5 IR Ch AR ARRE

e RIRE T AL E R Fioscore PR

REOR B 1€ 0.03 7] 0.05 2 fF -

3 3o aip|
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BERT + SR-LSTM
A1 Eze R
n el i = n ¢ s <
2 4 2 4
Cl [ 0.752 | 0.806 | 0.729 | 0.770
C2 [ 0.494 | 0.620 | 0.478 | 0.582
C3 [ 0.933 | 0.938 | 0.786 | 0.783
C4 | 0.875 | 0.898 | 0.783 | 0.794
macro
Fy 0.763 | 0.816 | 0.694 | 0.732

4 6. 4 1 {33 TR B SR-LSTM

BERT + SR-LSTM
1 fRge AR R
n ¢ s < n e s <
2 4 2 4
Cl [0.742 | 0.778 | 0.735 | 0.778
C2 [ 0.529 | 0.602 | 0.515 | 0.595
C3 [ 0.867 | 0.865 | 0.782 | 0.788
C4 | 0.839 | 0.851 | 0.777 | 0.796
macro
Fy 0.744 | 0.774 | 0.702 | 0.739

£ 7. RP e RF A R SRLSTM
MUARR R R R T A HARS 2 L

AR e n=2 Eﬂ? Fi score #« % ° it n=4
R EENIE SRR SR e
3o A A IR PRIEFT R Y Fo oscore

L ek § o

SRS BRKNEE o SE PR E L n=2
B4 ol AR FSHDRE T RORE
6.3 SR-LSTM -3 4 %Rl

2684 TABBIRIES A 1 e AR
IR 3e e TR 9 R SR-LSTM 15 & 8% ¢

macro F; score ' 2 # 48 4 38 3 %] ¢ macro F
score °

Rk P ok hE B BERT 45+ B &
s>l R R (T A AR 0 AP0 (Rao et al,

2018)#7#& & en SR-LSTM #-A3]#% 4 » 2 BERT
%ﬂﬁéﬂ&é“ %@ﬁdﬁ@ S B
Bk~ gt HLSTM #ie e B i 2 &

w8 o 4 AGE BAES § 8~ - B BERT p o
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SR-LSTM 5 4 #5 % =%

L1 ke
C1 C2 C3 C4 C5
C1(3361| 305 | 104 | 237 | 9
if|c2| 293 |1434| 4 | 319 | 35
Hlea| t [ 1 [aso6] 183 ] 3
*|ca| 760 | 354 | 315 | 7991 | 302
c5| 94 | 36 | 13 |1027|1096

% 8. SR-LSTM(n=4) 5 /* #f & % ;8 7% 45

SR-LSTM 5 4 %1% %
Ad ke
C1 C2 C3 C4 C5
mﬁfro 0.810(0.620(0.934|0.826 |0.627
\J

# 9. SR-LSTM(n=4) 5 4 #§ macro F; score
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n=9 ¢ SR-LSTM #:-7] » pl% - & ¢ 1 9 B
Bt mLSTMﬂz‘PP e v_}f@/,_,a F:"'?"E‘ ’ ,'LE; t),;:
B unit#c i 9 O LSTM 42 % i 1 chi v £
AB A MR ATEE % 05— SR-LSTM #03
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SR-LSTM (n=4)
R ik
PIRFEA [ A3 | AP

C1 0.772 | 0.737
C2 0.654 | 0.622
C3 0.934 | 0.846
C4 0.888 | 0.840
macro F1 | 0.812 | 0.761
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BERT + Dense = {s & 4 &
PR R L3 dRgE R Rz
BLREATA | A2 2P A1 Hp
C1 0.272 | 0.261 | 0.308 | 0.300
C2 0.223 | 0.205 | 0.166 | 0.163
C3 0.805 | 0.688 | 0.777 | 0.684
C4 0.751 | 0.663 | 0.739 | 0.656
macro F; | 0.513 | 0.454 | 0.497 | 0.451
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¥ % SR AR ERE T AR A G
Development of Mandarin-English code-switching speech
synthesis system

Rk % Hsin-Jou Lien, % % F Li-Yu Huang, #-F Chia-Ping Chen
Bl W REANIALSE R
National Sun Yat-sen University
Department of Computer Science and Engineering
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&
RKGELRBPREIEZHERZTESRAE
oo BTIARTREAZE TEEZH
AR ARG —EEREGLETA
IEMEETINR - ZBESRBE T ImA
EETRE A WMALHSEBETHEE -
IR I AR P~ K L5 R EAT TR 8 AT
BRI s AP EATEE B A R ENE
W ET ARG LREZYE R
HAEE » W EBHFTERCH B & TP
iz T REFEEm ERFEL - %
TR B HE A FBETHE T BT
i o

Abstract

In this paper, the Mandarin-English code-
switching speech synthesis system has been
proposed. To focus on learning the con-
tent information between two languages,
the training dataset is multilingual artifi-
cial dataset whose speaker style is unified.
Adding language embedding into the sys-
tem helps it be more adaptive to multilin-
gual dataset. Besides, text preprocessing is
applied and be used in different way which
depends on the languages. Word segmen-
tation and text-to-pinyin are the text pre-
processing for Mandarin, which not only
improves the fluency but also reduces the
learning complexity. Number normaliza-
tion decides whether the arabic numerals
in sentence needs to add the digits. The
preprocessing for English is acronym con-
version which decides the pronunciation of
acronym.

Méts : BFom -~ BHEHR - THITR
Keywords: speech synthesize, code-

switching, text preprocessing
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b

BA59 4% (Code-switching) A48 & — 8] 38
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BREFRERSAEGT 2 F L ARBEEME
A BELSRALZELHFE S 2 S (Multilin-
gual) 897 @K - OB S BEEZZ
KRYBAR —ZH0 %3535 B LEEH
MBI R ERB|F S M R RES K
S RRIEFEES  FRAGBHFME G TFES
B d KR o B Rk B RAE > KA
FAEE B A F R LEFT SR A G (Wang,
2021) » BB &M 89 KA A RER > &F 24
— MBS EFH > L TAERELE T4 FE

AR LR B AGE—SETEHE
BER RN » W E SETETERAR o

£ AL P > 42 M FastSpeech2 (Ren et al.,
2020) BB AR B MKk E AR R K
B (Gulati et al., 2020) P72 % 8 Conformer
RAk > B A5 %1 A HiFi-GAN (Kong et al.,
2020) © LI B AR BN S BT FE
e E T im E3E T @ E (language embed-
ding) > E 5 &) F4RF ~ L4 L7EF ID (lan-
guage ID) » M EAGE B FRZEHEAE
—ETID A7 HLETRFETTRE -

T 2

EMEARFIHEIRR - FHAFF LY
R P PRk B i mb 5 BIRAREY
B GG ARJE o IML B R AL F L6 FF 8
FAaBF 0 AR R RT RERTHRA > 54
A LEAT ERAG o M fe 3k ST R H AR R 8 3
FE ABEK—GEIR RN LF 0 EERE
BREFHF > ARFLATERTIARNEHNE
FoRAGAERZEMANRLATERLRSE
Wy » RATBIREAFHTR » UERITHH
FEA XN BEFES KMABHIARESN
BT ATR T 0 AEARA AR » PP 0~ R
EFES MR o

WA EREH R T FH=  ARS
FRMERAARMY S REFERALFRE ¥
B = BRAEMAE A ERBRY SRR
TEHW  FRERA AR PBRICGER G AL
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2 BRI *

YA Conformer-FastSpeech2 /w L35Z @1 1F 5
BRERE ETRIF S ALEFTERG S
oo o Hm g P L Ae e SUSUARBR R 8 AT
BRIE o £ Loy o AR P BT~ St
M EFERA » LB IMATLE G F R F| B
ik it H AT HEASMMGES ID HA5 0 i
B~ 235k £ ZRITHAL -

2

2.1 % ZFHRAEAH

f£ AP £ A FastSpeech2 (Ren et al.,
2020) B B & R & A R & H HiFi-
GAN (Kong et al., 2020) °

FastSpeech2 & — {8 3k & & # (Non-
autoregressive) B9AE A » T A £ 42 69 BF B B A%,
& 2 B @ (Auto-regressive) #2748 F] & H
B35 E o RART 0945 AH S Ao 245 E A2 A Trans-
former A% » £ &AM A G F A Transformer X
% Conformer (Gulati et al., 2020) » £4.% 5
Conformer-FastSpeech2 (CFS2) ° Conformer
%4 T Transformer 2 &4 AZ 41 (Convolution
module) YA AR » LMK 02 a4
¥ (Feed Forward Module) ~ % 28 B iz & 71 %
# (Multi-Head Attention Module) ~ & £ A%
4~ J& E 4t (Layer Normalization) © & 4
Rinke B 1> mE AL F% 25 Conformer 8 R
o

ERBFT mAFEZTRE LML A
phoneme embedding # 4% /£ — A2 B 4 A5 &
BN o BRI AGEREBZHEA 5
S RBEMFBZETHIX  HAEZES ID
£ 0 #= 1 B language ID 25| & 3
SC <)

BEE

— ar

T 2R

2.2 PXEHARE

W AAMIE LKA BMAFIRE > B TR
A e RaELTatmpy AMEAEERT
— 18 python B % & Jieba (Sun, 2012) i
47 F LB7# (Word segmentation) * & F #
AOiERREGBEREX > KPR ATRRY
AEAR X o A AR EABTFR 0 AR T
BAFAITA ERRAETOARE oL
9 Jieba TEAT AATEAFEGEA A EF R
F o Fh ¥4 CKIP team (Ma and Chen,
2005) 8 FHE N o VAR ETE 69 B o
# CLMAD (Bai et al., 2018) %32 &% 5 — ¥k
RFE o FABER I RAABRBETE N o
AMBAAEFXFAFHERK - THARF
% RAGEVNHANFTALBAHAEY
A b R T E A LA Ao o & R A
pypinyin # F T F $545 REFEH 5 0 £ B — 18
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1. Conformer-FastSpeech2 % 4R MEE » A7
FastSpeech2 wAFEE @€ » & F¥i% & Conformer
8 M LI Transformer A% A Ao £ EARIE 40
VA 38 3HOR o

grapheme-to-phoneme ( G2P ) #J python T £ »
VAR LR THE 0 2 EF A THA (Tone)
EhsFas BB L AT L
AHBTOAMBMBG T XNEE FLHEF o
&1 AP UBTE AU 5 0y 5] o

I RMB R FEMARTELEF LY
TPE > GRETERGHBFTELYEL
HFEBLABE+ 8T~ &F - Ak
11 %% 'Chinese Text Normalization 1F & %
RS RMUK BT W AT RETS
# » iV Regular Expression ¥ 3 54k & 48 4
RO AFIBTALGE L H T B A
KRIVHAE XA ZEATE 5 A2 2 AE T RAPT
o AARRAREEX R 2 BEREX GG T
B ERACK G ER o

2.3 4PHEEEMT R

ARG » E A e P I RAEZES ID i
ITBETEE - AMESRIER > ZWMAREH
B TAR BEBBUAFIRELT S
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"https://github.com/speechio/chinese_text_
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FrAf B R EHE
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LA FETERITRE > BRETFERE
(phoneme embedding ) 1 & 4 2% & 698\ ° &
A 4 4% 35 3 8 69 [ B AF 807 7] (hidden state
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mAF S RLEHENEFREZRE SR AR
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AR ERFHRAEELYRE - AFE £ R
3o B A &FBERZZ ID  sHHEMEF ]
WATAE o & B R A BB HEEITHAE >
RO RE o AR @B AN KT
B RF T o

2.4 FELEAARE

Sk LB 38 F 35 7 4m 5 B acronym #¢ initial-
ism> WA EZRETEGHRNEF A TH
% o acronym EAF 48 B K 89 B TR B — A8
%] 0 4o : NASA 3% # “na-suh” » FOMO
FM “fow-mow” ° M initialism B &8 12 F
TRAEFHOFF > mIERLE MBI - %
& FBI~NBA ~BBC % - A A HAF 55
acronym X & initialism > ¥ F A L F i
Fo# s BRHAGEAZE > ALEIMKE
RKENBAFE AITELT —AAFHFTHE
TN LAREA KRG R » HFF8
HER I A AL L B initialism ° & & 0 Bl F
i BARLIE & 0 A3E hm A R BG SE AR 0 2
JE B T F 7% > B4 R 0 % BBC BHEDR A
initialism ° & #4%5 “bee beeci” » FBI 2l &
Wik “ef bee I °

3 B

EERFOEAES B REEAE  ARF A
BHAERAGITERGALZEHRE > soME A

P EA L
B el
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S \ Fo i) TR \ EHILER
Date 1986 8 A 18 B | —IASFAATAR
1997/9/15 —AHEFRATRA
Money 19588 7T —HZAFREBATAL
Phone F# | 0919114115 EN—N——w——4&
Phone W3 | 02-2720-8889 R EZBANAAL
percentage 62% Bazst=
cardinal %] | 1999 184 R —FREHNTHMEAR
130 FxR —&=+HER
124000 7K +=Fw iRk
cardinal %35 | #3%% 103040100 | #HEA—R=ZEwE-KE
cardinal 4.3 | 175.5 A% —ABtt+ARBAENY

& 2. My A8 TRV, Regular Expression 4% % 48 #f
JEEGAE X, » PIBTZ T F e E#F $45 AR -

ESPnet2 (Watanabe et al., 2018) & B4 T

B8 B A o

3.1 A#HE

o RIEFAE A EHE LS T LEH
AISHELL3 (Shi et al., 2020) & 3% L3&#t
VCTK (Yamagishi et al., 2019) > £ &5
FER & TN AW AT T IR
H—EREAGARGE > RS EHEFRT
B ERIRFH > RLEERT 30 %
EA AL A RMTRMGETHE > 0

RUYAEERAHENO I —> 2G4 L5

AISHELL3-thirty ## VCTK-thirty * &#}

B0 Fm ARk 3 HTF o

ALEHE: 4ZE—FBEFRB PR
EFE AR A (Wang, 2021) » 15 B &A1
B A AR AY o ER AISHELL3 &4t
PO —BEFHEASE TR LA
AISHELL3-thirty ## VCTK-thirty # sC
AAE B A R EAT B8 SUR » 23k RS
G Rl A B0 5355 AR - A
L A% B Generated-multi * 2 25362 Z&
#0 315.6 DBF 0 R 3 AT R o

B g

3.2 é)”?ﬁa&&

A X AL ESPnet2 (Watanabe et al., 2018)
B M TE -CFS2 Al &R $3ES
8 Generated-multi * &% F 89 Conformer %
B R Av fR A% % kernel size 29 & T A 31>
padding % 3 # 15 &1t % (Optimizer) 1%
A Adam (Kingma and Ba, 2014) » £ F %
(Learning rate) & E & 1° H A XM A&
BSBZNETERAGL BT HEB/ET
# % 355 09 A AL B A ROR 0 HiFL-
GAN #2535 4] 1 AISHELL3-thirty ## VCTK-
thirty & # & #4734k > # 2 K~ (Batch
size) & B 32 1A Adam % A 1EILE -
B Y RXZ A 0.0002
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dinner *chi1*shen2 me* /T :
A !

A4

4K dinner IZ{HE gggggg‘% (é_é?ﬁﬁf:i) Phoneme Embedding —» Encoder
: A
v
ID=1|ID=0|ID=1 J S L
SX |dinner [RZ{+E

2. EAGIEYRE

T@EAME > LanEmb X T3EE @ E o A TARK

EacE

BiHmikiES 1D &

RIPEATEHNRE - FEQT > HERBABHENMA - HEZT ID EFF T @ HIbBEH

& 6 5y kAR o

Hiel

e

D=1[2,1,2,1,1]

tho

tho

3. Length Regulator #4F# ° ¥A Length Regu-
lator P4 o AXEEBRERAFINRERHER -
D &7 8 & (duration) * Hpp, &7 phoneme #9
P AT > H,pop Bt JRE B 09 ISR AF L o &1
Bik:ES ID B EAF Y ERLE  ANLER
raBEwBaA o FEHGFRAFEFIKE
AR BHARF P EITAE o

4 FRER RSN

AEBRKATFHE LS E (Mean Opinion
Score, MOS) £ B fE#&H > 2> EM A 0
(&) ~5 (%) » StHEZ %M & T &7
Ao B8 T RWE - AR P A A B AR
H o MR ERETRATEZGIAREITER
HEMARE PG 11 AZHFABR LRI
i HE S RETRAITIHY  REMTA BT
BB ER -

4.1 AREHEHSH

# 3.1 AR EHE Generated-multi /7% &
# % AISHELL3-thirty ## VCTK-thirty #A4T
Pad o ABERLA M A ENSH - B & 4
i THAEARBHEGTHEE 4 7L
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FRAR I AR 7 K TR 80 AR
oo TR IR AE XTI o

THE SHREET Ak (D)
VOTK-thirty 11,654 22.5
AISHELL3-thirty 13,708 19
Generate-multi 25,362 15.6

%3 FHEF@EN OLERZF1EXY
VCTK-thirty ## AISHLLE3-thirty » & 4 & &4+ &
Generate-multi °

AHE MOS

X ki
VCTK-thirty 4.46 + 0.22 -
AISHELLS3-thirty - 4.73 + 0.17
Generated-multi  4.28 £+ 0.31 4.09 £ 0.62

& 4. FH L MOSe A VCTK-thirty #
AISHELL3-thirty # U A # & 4 & Generated-
multi B9 TR o IRAE R TR EHNZETRE - 4
RE)EAE B 4 AL o

ET | AHMEEASZ w/o  MOS
. w/o 4.50 + 0.11
* o B w/  4.52 4 0.18
- w/o  4.02 + 0.40
HFERM w/ 445 £ 0.20
N w/o  3.69 + 0.20
FHR w/  3.99 £ 0.15
& 5. K &BATATRIEE) MOS o iR A & A] R 2
BFTAIEE  REKGE » FAHTRI -

4.2 EHAMRILER

WA RNAEE S 5 BT A TRE - Nk
MOS #F4 2 A+ ~ & AT R A BOR o B i

T o P UL AR/ INAREF B 3% B L7555 »
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HRAAFSEIAREHFBRBLFHBYE > A
EAGEESR @& 5 TH s XAEHTP B
1% 0 MOS A i bg38 ha » 5 5b > AT
HFEHRACH A > B REERACHBCR » L
AEERAA M/ FH P LT EHA
# MOS %\ 4.02 #ZH2 T 4450 %K
WHRAT c T s EFEHRACHALA
B EE o ERLERGIy  BRAERLGF
A BEREHIAR » AAFERIZAFEN
AR Rl N FEREHE > MOS 9%
W 3.60 ¥ wE 399 HLRThif @A KT
BRI EMZBH o

5 &4

BRAVE LGP R LERBRIRETOMAG  H
FHANE A RH > BB P ~ R THATR
HRERAZTORE > LT P EF
ERACE AL AFBRE 57 & 4.02 L
FFE 4455 & 3.69 £ 3.99 F@ERH ALK
EHEFOEM » B kRO S
A > PEIMNBLAWE  ARUES
— BT o AEEH AN BB H LR TR
AR B BAZ & F B A AR A R EH
EBATINR > RATER S BT ERBRY &
% °
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Predicting Judgments and Grants for Civil Cases of Alimony for the Elderly
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#E
HENLFFRRATRFFDEM
BEEAZMY o F AR AR

Kk RRIEIFHELNEHN &
BERAE AT 3E Bof E AR 2 B % L
logistic regression A4 A #it H kK& &
RIaREA - B4R E %A model tree
EHKELSBERAAEA » UK RAE
JEEIN AR — M ERRE
HRBARREFRIPELF IR
FHERLR > FRETETLFH HE
B LB A v iR Pl R 2 A2 0 WK
YaAkBRGRE -

Abstract

The needs for mediation are increasing
rapidly along with the increasing number of
cases of the alimony for the elderly in
recent years. Offering a prediction
mechanism for predicting the outcomes of
some prospective lawsuits may alleviate
the workload of the mediation courts. This
research aims to offer the predictions for
the judgments and the granted alimony for
the plaintiffs of such civil cases in Chinese,
based on our analysis of results of the past
lawsuits. We hope that the results can be
helpful for both the involved parties and the
courts. To build the current system, we
segment and vectorize the texts of the
judgement documents, and apply the
logistic regression and model tree models
for predicting the judgments and for
estimating the granted alimony of the cases,
respectively.

Mgk AR REEH, &

R
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Keywords: legal judgment prediction, civil case, the
issues of alimony
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AEWNFREN KR E TR ZFHNWEY
AIEENRFEBABZAAMERHEL
WARFRERE _BEHEKEET LR HAAH
TARBA > L THRERAAELY | fu
r#\%/\zﬁ%ﬁzﬂﬁéiJ AT E TAR — B4 A
FRBRBMEAKEFR BFRAR—EH4
ZHREBERHELHE -

A RIRA B RE 89 FERE 110 R
KEREAM EHFBIE L BES R W EA4E B
£ BITHASERERELBERR -
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%‘k%‘z B3 A BEFRKEX THEA

%f'ﬁ  HT R A BB ~ KB~ FLF R
%E#Eﬁ% W R FEHEEEFARE T
AEEKRAREHN B THALBATA

J%%?%& HEEIL 0 B b 4 H
¥ EIRI G EATAEBRTARD -840 M BB
%iiﬁﬁée\%ﬁfﬁiﬁd CEREREE SE 0 A
iR AR IR F|Z AR -

Ry eRMRECHENREERZIEK

%o BATETF RS /X ATRIE 0 BER A
BRTARE R AT I SR L TRR R Z (BFFK)

H (REFR) BBRELBEXEF - 4Y
"REITABEA | BT AFEML ) T F
score LR °
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