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Forewords

The 32nd Conference on Computational Linguistics and Speech Processing (ROCLING 2020)
was held at GIS Convention Center of National Taipei University of Technology (NTUT) in
Taipei, Taiwan during September 24-26, 2020. ROCLING 2020 is the leading and most
comprehensive conference on computational linguistics and speech processing in Taiwan,
which was hosted by the Association for Computational Linguistics and Chinese Language
Processing. The conference brings together researchers, scientists, and industry participants
from fields of natural language processing and speech processing to present their works and to
discuss recent trends in the related subjects. This special issue presents the extended and
reviewed versions of six papers meticulously selected from ROCLING 2020, including three
natural language processing papers and three speech processing papers.

The first paper, which comes from National Taiwan Ocean University and National
Taiwan University, focuses on analyzing the morphological structures in Seediq words. A set
of morphological rules is created and involved in the developed system to detect the existence
of infixes and suffixes. Besides, the structure of suffixes is predicted by probabilistic models.
The second paper from National Central University presents a gated graph sequence neural
network (GGSNN) model for Chinese healthcare named entity recognition. An extended
character representation is derived based on multiple embeddings at different granularities
from the radical, character to word levels. An adapted gated graph sequence neural network is
involved to incorporate named entity information in the dictionaries. A standard
BiLSTM-CREF is then used to identify named entities and classify their types in the healthcare
domain. This paper is awarded as one of the two best papers of ROCLING 2020. The third
paper, which comes from National Tsing Hua University and National Chung Hsing
University, proposes a statistical method to extract translations of nouns and prepositions from
Chinese-English bilingual parallel corpora, which is then used to improve phrase translation
based on sentence alignment. In their developed system, a user inputs an English phrase with a
noun and a preposition, and the system retrieves translations with example sentences for
showing to the user. The fourth paper, which comes from National Sun Yat-sen University and
Chunghwa Telecom Laboratories, describes a speaker verification system for the 2020
Far-field Speaker Verification Challenge (FFSVC 2020). A TDResNet, which combines the
advantages of both TDNN and CNN, is proposed to extract informative acoustic
representations. Next, two methods are evaluated to encapsulate a set of acoustic features.
Finally, a PLDA-based classifier is used to predict the results. The fifth paper, which is
proposed by National Taipei University of Technology and Chunghwa Telecom Laboratories,
concentrates on proposing a Chinese Text-to-Taiwanese speech synthesis system. The system
mainly composes of a machine translation module, a text-to-spectrogram component, and a



spectrogram-to-waveform synthesis system. The MOS score of the system is 4.30, which
confirms the effectiveness of the speech synthesis system. The last paper from National Chi
Nan University focuses on developing a novel speech feature extraction technique to achieve
noise-robust speech recognition. Instead of retraining and adapting the complicated acoustic
models, a neural network-based model is proposed to learn the front-end acoustic speech
feature representation that can achieve the maximum state accuracy obtained from the original
acoustic models.

The Guest Editors of this special issue would like to thank all the authors and reviewers
for sharing their knowledge and experience at the conference. We hope this issue can provide
useful insights for directing and inspiring new pathways of natural language processing and
speech processing studies within the research field.

Guest Editors
Lung-Hao Lee
Department of Electrical Engineering, National Central University, Taiwan
Kuan-Yu Chen

Department of Computer Science and Information Engineering, National Taiwan University
of Science and Technology, Taiwan
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Analyzing the Morphological Structures in
Seediq Words

Chuan-Jie Lin*, Li-May Sung®, Jing-Sheng You®,

Wei Wang®, Cheng-Hsun Lee*, and Zih-Cyuan Liao”

Abstract

NLP techniques are efficient to build large datasets for low-resource languages. It
is helpful for preservation and revitalization of the indigenous languages. This
paper proposes approaches to analyze morphological structures in Seediq words
automatically as the first step to develop NLP applications such as machine
translation. Word inflections in Seediq are plentiful. Sets of morphological rules
have been created according to the linguisitic features provided in the Seediq
syntax book (Sung, 2018) and based on regular morpho-phonological processing in
Seediq, a new idea of “deep root” is also suggested. The rule-based system
proposed in this paper can successfully detect the existence of infixes and suffixes
in Seediq with a precision of 98.88% and a recall of 89.59%. The structure of a
prefix string is predicted by probabilistic models. We conclude that the best system
is bigram model with back-off approach and Lidstone smoothing with an accuracy
of 82.86%.

Keywords: Seediq, Automatic Analysis of Morphological Structures, Deep Root,
Natural Language Processing for Indigenous Languages in Taiwan, Formosan
Languages
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1. Introduction

1.1 Motivation

Machine learning and deep learning have been the most popular techniques in recent days.
Systems built by machine learning or deep learning often achieve good performance, but the
scale of the training sets in general should be large enough. Comparing to English, the amount
of resources in Mandarin is far more small, not to mention the resources in the Southern Min,
Hakka, even the indigenous languages in Taiwan. The United Nations has declared the Year of
2019 as the International Year of Indigenous Languages' in order to highlight the
preservation issues of these endangered languages and gain more attention from the world.
Following the same spirit, in January 2019 Taiwan has also promulgated the National
Languages Development Act® (%735 = %@ %) to speed up the preservation and

revitalization of the indigenous languages in Taiwan.

The indigenous languages in Taiwan, well-known as Formosan languages’ (&85 E:E
=) in the Austronesian languages (F§EE %) family, include 16 languages of 42 dialects in
total. All are endangered to some degree according to the investigation by UNESCO in 2009.
So far we have not found many researches on the natural language processing of the Formosan
languages. Collaborating with a linguist and an expert in Seediq, one of the authors, this paper
aims to provide an innovative first step on Seediq. In addition, we expect that the research
results can be applied to linguistically related languages, Atayal (Z2HEZE) or Truku (K& HRE)
(Li, 1981), without much effort, or even to Amis (fF]2£3E) which has the largest population of

speakers and a similar writing system to Seediq.

The morphology in Seediq is quite complicated, including many word inflections to
represent verbal focus, aspect and causation etc. For example, the morphological structure of
the word “psetuq” (break, ) is “p-setuq”, and the structure of the word “gnyutan” (bite, 1K)
is “g<n>yuc-an”, where “p-" (CAU, causative, {§#)), “<n>" (PRFTV, perfective aspect, 5¢
%3i%), and “-an” (LV, locative voice, BzffEEEL) are prefix, infix, and suffix, respectively. As
we will discuss later, it is not easy to decompose the affixes and the stem in a Seediq word, but
they carry important information for NLP tasks such as machine translation. This paper
proposes the automatic approaches to analyze the morphological structures in Seediq as the

first step of machine translation or other NLP tasks.

There is no large corpus in Seediq available so far. The experimental data in this paper
came from the book “FE{ETIzEZEEMEER" (A Sketch Grammar of Seediq) (Sung, 2018)

! https://en.iyil2019.org/
2 https://law.moj.gov.tw/LawClass/LawAll.aspx?pcode=H0170143
? https://zh.wikipedia.org/wiki/ & JEFE B 2E=
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(referred to as the Seediq syntax book hereafter). This book provides many sentences with
morphological information as illustrations. We used these data to construct the training set. Dr.
Li-May Sung, the author of the Seediq syntax book and one of the authors of this paper,
provided another batch of sentences tagged with morphological information as well. We used
them to construct the test set. There are 394 and 322 affixed Seediq words in these two
datasets, far less than the necessary amount to train a classifier by machine learning or deep
learning. One additional Seediq resource is an online Seediq dictionary ““FE{m v =5 {m [ 1% T
7= (Tgdaya Seediq, referred to as the CIP Seediq dictionary hereafter) (Sung, 2011),
compiled by Dr. Sung for the Council of Indigenous Peoples (JF{¥:EEZ E ). There are
about 5,600 words in this dictionary but with no morphological analysis. In the future we will
apply the techniques developed in this paper to analyze these dictionary words in order to

build up a larger dataset.

1.2 Related Work

To our best knowledge, there are not many researches on natural language processing of the
Formosan languages. The most related studies are the ones done by Dr. Meng-Chien Yang in
Tao (GEEEE, aka. Yami f£S55E), including the construction of a wordnet and a lexicon in
Yami (Yang & Rau, 2011; Yang et al., 2011; Rau et al., 2015), and machine translation
between Yami and Mandarin under a small bilingual corpus (Yang & Rau, 2015).

There are many NLP studies for other local languages in Taiwan though, including
machine translation for Taiwanese (Lin & Chen, 1999), speech recognition and synthesis in
Taiwanese (Iunn et al., 2007; Yu & Lin, 2012), and prosodic models in Hakka (Gu et al., 2007,
Chiang, 2018). As we know that Taiwanese Southern Min, Hakka, and Mandarin belong to the
Sinitic languages (CEFEE), and they do not share similar language structure with the
Formosan languages. Thus the research results cannot be applied directly to the Formosan

languages.

In addition, there are limited electronic resources in Seediq available in the Internet. The
CIP Seediq dictionary contains 5,595 words and 6,019 sentences with Mandarin translations.
It is the largest dataset we can find so far. There are also textbooks for the elementary,
junior-high and high schools available in “[F{¥REEZETFEH'” (Taiwanese Indigenous
ebooks) and “JEsE E %[ (Formosan Languages E-Land), but their amounts are still
comparatively small with no morphological analysis. Only sentences in the Seediq syntax
book are tagged with morphological information.

A Seediq ontology was built by Dr. Shu-Kai Hsieh and Dr. Chu-Ren Huang (Hsich et al.,

4 https://alilin.apc.gov.tw/tw/ebooks
5 http://web.klokah.tw/
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2007). It contains 270 Seediq words mapping to the senses of WordNet in English in order to
study the hyponymy relationships between Seediq words. As the ontology only covers a small

set of Seediq words and provides mainly semantic information, we will not use it in this paper.

The development of a machine translation system usually requires a large size bilingual
corpus in order to train a good-quality MT system by machine learning or deep learning
(Bahdanau et al., 2015; Luong et al., 2015). It is important to create a large corpus efficiently
by the help of NLP techniques, and this is the main goal we plan to do on Seediq in this paper.

2. Introduction to Seediq

2.1 Seediq Writing System

Seediq as one of the Formosan languages, the Seediq people mainly live in Nantou County
and Hualien County. Linguistically belonging to the Atayalic subgroup (Li, 1981), Seediq is
closely related to Atayal (FEEE) and Truku CREEZE).

It has three dialects, including Tgdaya ({&[&E %), Toda (H#E), and Truku ({EE&[EH).
Our experimental data came from the Seediq syntax book “F{# 7 zEzE A MM (Sung, 2018)
focusing on the Tgdaya dialect. Most morphological information about Seediq provided in this

section also came from this syntax book.

The Seediq writing system follows the definition of “[F{XRIESES E 5 L4087 (writing
systems of Formosan languages) published by the Ministry of Education and the Council of
Indigenous Peoples on December 15", 2005. It is a Romanization system. There are 18
consonants (including 2 half-vowels) and 5 vowels in Seediq. An example of a Seediq

sentence is as follows.

[Seediq] Teta su kmkelun psetuq gnyutan su!
[Chinese] FE{RIIHETICAE |
(English:  See if you can bite this off!)

2.2 Morphology in Seediq
The Seediq syntax book (Sung, 2018) provides detailed morphological information in each

exemplar sentence to help the reader understand Seediq more efficiently. Words, especially
the verbs, in the sentence are affixed to indicate actor voice (AV), patient voice (PV), locative
voice (LV), beneficiary/instrumental/referential voices (BV/IV/RV), etc., and aspects such as
perfective aspect (PFV). Affixation is overwhelmingly prevailing in Seediq. Such information

is very useful in our study. One example of the morphological information is as follows.
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[Morpho Info] teta=su kmekul-un p-setuq g<n>iyuc-an=su

[Explanation] — FBE=(R.EE AES-ZHIERE (LE)-Br <SEpli>0i-
T Pt FERE =1 JE

(English: See=you.GEN able-PV CAUS-break <PFV>bite-LV
=you.GEN)

In this example, the root of the word “gnyutan” (bitten by, #%..I5) is “giyuc”. This word
is affixed with a suffix “-an” (LV, locative voice, FEFTHEEL) and an infix “<n>" (PFV,
perfective aspect, 52f%$7), and becomes “gq<n>iyuc-an”. Similarly, the root of the word
“psetuq” (broken, fEE) is “setuq”. This word is affixed with a prefix “p-” (CAUS, causative,
{##f)) and becomes “p-setuq”. (GEN means genitive case. The symbol ‘=" represents the
attachment of pronouns and other cases. It will not be discussed in this paper.) Several

examples of word inflections are provided in Table 1.

Table 1. Examples of Seediq Word Inflections

Seediq Root g/{:?c)tl:;l:gical Meaning (Seediq / Root)

mpkbeyax | beyax | m-p-k-beyax hard-working, %%77 /do with force, F/J
cmnebu cebu | c<m><n>ebu shot successfully, 757 /shoot, E&5f
gyaanun geya | geya-an-un hang, #} /hang, £

pndsanan | adis p<n>adis-an-an bring back, 77[A| /bring, 7

Notes: “m-": AV, agent voice FFFERE; “p-": FUT, future A2 or CAUS, causative {H&f; “k-": STAT,
stative FH#FE; “<m>": AV, actor voice T HEHE; “<n>": PFV, perfective aspect 5E¢5; “-an”: LV, locative
voice FEFfTEERE; “-un”: PV, patient voice 7S5 FEHRE

Another type of prefixes is reduplication (RED, EE#%) which repeats some part of the
word. It is used for plurality, intensification, and etc. For example, the word “sseediq”
(“s-seediq”) (RED-person, /- A ) means “many people”, and the word “mkrkere”
(“m-kr-kere”) (AV-RED-strong, I ZEHBL-85 %) means something is very strong. Even
prefixes can be repeated, such as in the word “pposa” (“p-p-osa”) (RED-CAUS-go, E=&-fi
#-7) which means “forced to go to somewhere”. The reduplication usually does not change
the meaning of a word but its amount or intensity, which could also be an issue in machine
translation.

When a Seediq word is affixed, the final writing form can be different from its original
combination, as we can see in the examples in Table 1. This is the reason why the

morphological structure of a Seediq word cannot be generated directly from its surface form.
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We discuss only three variation cases here (Sung, 2018; Yang, 1976; Li, 1977; Li, 1991).

The first case is related to vowel neutralization (T $4:{E) and vowel reduction UL
Hi3%). In Seediq, vowels other than the last two syllables are weakened (neutralized) and
omitted when writing. It usually happens in the suffixation process in Seediq. Take examples
from Table 1. In the word “qyaanun” (“geya-an-un”), the first vowel “e” of its root “geya” is
omitted when affixed. And in the word “pndsanan” (“p<n>adis-an-an”), both vowels of its

root “adis” are omitted.

Consider another example. The word “dngei” (“dengu-i”) consists of a root “dengu”
(sun-dry; HEEZ) and a suffix “-i” (IMP, imperative, #/7{#). We suggest that the root word
“dengu” may originally be “denge”: that is, the second vowel ‘e’ is neutralized as ‘U’ when it
appears at the end of a word. When “denge” is suffixed with “-i”, the accent falls on the
second vowel ‘e’ (hence not neutralized any more) and makes it remain as “e”; meanwhile, the
first vowel “e” of “denge” is neutralized and omitted, resulting in “dngei”. That is, the word
“dngei” comes from the original structure of “denge-i”. We refer to such original form of a

root as its “deep root” and will discuss it in details in Section 3.1.

The second case is about vowel harmony (T F1:5%% ). When a root word starts with
a vowel, the preceding prefix usually ends with the same vowel. For example, if the prefix “s-”
(RV, referential voice, £: & FE%E) attaches to the root “0sa” (go, 7), the prefix becomes “s0-”
and the final writing form is “soosa” (“so-0sa”).

The third case is about word-final consonant mutation (5§ %8{L). Some word-final
consonants will be changed if there is no suffix attached. When such a word is suffixed, its
final consonant changes back to the original one. Take the word “gnyutan” (bite, ) as an
example. Its root “giyuc” is in fact the result of word-final consonant mutation from its
original form (deep root) “giyut”. When “giyuc” is attached with a suffix “-an” (LV, locative
voice, FEFTEEEL), the final consonant ‘c’ changes back to ‘t’ and the affixed word is in fact
“g<n>iyut-an” and the final writing form is “gnyutan” (note that the first vowel ‘i’ of the root
is omitted).

Word inflections in Seediq are overwhelmingly plentiful. In the CIP Seediq dictionary,
for example, there are 39 words relating to the same root “adis” (bring, #77E): desan, dese,
desi, deso, desun, dnsanan, dsanan, dsane, dsani, dsanun, dsdesan, dsdesi, dsdesun, knddesi,
maadis, madis, mdaadis, mkdesun, mkmadis, mnadis, nadis, paadis, pdaadis, pdesan, pdese,
pdesi, pdeso, pdesun, pdsanan, pdsane, pdsani, pdsanun, pnaadis, pnadis, pndesan, pndsanan,
ppaadis, saadis, and spaadis.
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3. Seediq Morphological Structure Analysis

The main issue focused in this paper is: when we have a Seediq word and its root word, we
want to know its morphological structure, i.e. the combination of prefixes, infixes, and
suffixes in that word. In the CIP Seediq dictionary, words and their roots are available. By the
techniques developed in this paper, we can generate those words’ morphological structures
automatically and efficiently.

/ Root word //
v
Word
/ °r / Infix list Suffix list /Deeprootcands%

y.4
Z

A 4

Predict deep roots

y

Generate writing form Combine a set of
according to the < infixes, suffixes, and a
transformation rules deep root candidate

A

Writing form
has the same
trailing part

with the word

No

\ 4

Extract prefix part

Predict prefix structure Morphological
structure

Figure 1. Flowchart of Automatic Seediq Morphological Structure Analysis

Figure 1 demonstrates our proposed flowchart to analyze Seediq morphological structure
automatically. Take the word “pnsltudan” (whose root word is “lutuc”) as an example to
explain the flowchart. First, a list of deep root candidates {“lutud”, “lutuc”...} of the root
word “lutuc” is prepared by the method introduced in Section 3.1. (The definition of deep root
is also given in Section 3.1.) Each deep root candidate is combined with a set (or none) of
known infixes and suffixes to form a partial morphological structure (cf. Section 3.2). For
example, by selecting a deep root “lutud”, no infix, and a suffix “-an”, we will have a partial
morphological structure “lutud-an”. Transformation rules (described in Section 3.3) are then
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applied to the partial structure and its writing form “ltudan” will be generated (note that the
first vowel ‘U’ and all the structural symbols are omitted). Since that “ltudan” is exactly the
trailing substring of the given word “pnsltudan”, the leading substring “pns” is extracted as
the prefix part, and its structure “p<n>s” is decided by prefix structure analysis methods (as
discussed in Section 3.4). Finally, the overall predicted morphological structure of the word
“pnsltudan” is “p<n>s-lutuc-an”. Note that we still use root words in the morphological
structures, not the deep roots.

3.1 Deep Root Prediction

As discussed briefly above, some root words (JF/z5]) when suffixed in Seediq will change
back to their original forms before vowel neutralization or word-final consonant mutation (cf.
Section 2.2). We refer to such original form of a root word as its deep root (5J& 7). For
example, when generating writing form of the word “p-adis-0”, the root word “adis” should
be replaced with its deep root “ades”, so that, by omitting neutralized vowels, “p-ades-0”

becomes the correct writing form “pdeso” (bring, #7).

Table 2 provides more examples of deep roots. All four root words in Table 2 have the
same trailing substring “uk”. However, when they are attached with the suffix “-i”, the result
words (in the third column) do not all end with “uki” but change into different trailing
substrings. That is because the deep root of “aduk” is “adup”, the deep root of “ciyuk” is the
same as the root word, the deep root of “dehuk” is “dehek”, and the deep root of “eluk” is
“eleb”.

Table 2. Examples of Deep Roots

Root Word Suffixed Structure | Word | Struct w. Deep Root
aduk (repel, ) aduk-i dupi adup-i

ciyuk (reply, [H[7%) ciyuk-i ciyuki ciyuk-i

dehuk (arrive, F[2E) dehuk-i dheki dehek-i

eluk (close door or window, [7%5) eluk-i lebi eleb-i

Predicting deep roots is not an easy task. Neither dictionaries nor syntax books provide
information of deep roots. Vowel neutralization or word-final consonant mutation could also

be many-to-one mapping. In the following we discuss how we gain a list of deep roots.

Method 1. Inductive Deep Root Prediction

Our first proposed method is based on inductive method. From the CIP Seediq dictionary, we
can collect a set of suffixed words referencing to the same root word. The most frequent

common trailing substrings among the suffixed words is extracted as its deep root. Note that it
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may be identical to the root word, but we are only interested in the transformed deep roots.
Details of steps to predict deep roots as well as some examples are given as follows.

Step 1. Collect words referencing to the same root word. In the CIP Seediq dictionary,
“2F (% H"” (cross reference) often provides the root word information. For
example, as shown in Section 1.2, 39 words including desan, dese, desi, etc., all
refer to the same root word “adis”. Words referencing to the same root word should
have the same deep root.

Step 2. Select words with suffixes. Only suffixed words will reveal its deep root, so we
need to decide if a word is suffixed or not. Note that the CIP Seediq dictionary
does not provide detailed morphological structural information.

If a word ends with its root word, it is not suffixed. For example, both “ppaadis”
and “maadis” end with their root word “adis”, so there is no suffix in these two

words.

If a word ends with its root word after removing possible infixes, it is not suffixed.
For example, the word “cmnebu” does not ends with its root word “cebu”. By
removing infixes “<m><n>" after the first consonant ‘Cc’, this word appears exactly

the same as its root word and hence not suffixed.

Words other than the two cases above and ending with known suffixes are
considered as suffixed words.

Step 3. Predict deep roots by induction. When there is only one vowel in a suffix, the
last vowel of the suffixed deep root will not be omitted. We can check if these
words end with the same trailing substring and decide the deep root. For example,
the structures of the words “desan”, “dese”, and “desi” are “ades-an”, “ades-e”,
and “ades-i”, respectively. After removing suffix parts, they all end with “es”.
Moreover, the preceding consonant ‘d’ appears in the root word “adis”. By
replacing the trailing substring of the root word with the most common substring

induced from these suffixed words, we can obtain the deep root “ades”.

Unfortunately, some root words do not have enough related words to induce their deep
roots. Moreover, in some rare cases, we found two different deep roots related to the same root
word. In order to increase the coverage of deep root prediction and morphological analysis,
below we further propose a mapping table for the deep root prediction.

Method 2. Deep Root Mapping Table

The deep root mapping table lists the mapping of trailing substrings between root words and
their deep roots. This table is constructed from the <root word, deep root> pairs collected by
Method 1. For example, the pairs in Table 2 of Section 3.1 tell us that a root word ending with
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“uk” may have a deep root ending with “up”, “ek”, or “eb”. These mappings are saved in the
deep root mapping table. The real data show that “uk” maps to “ek” for 4 times, “up” for twice,

and “eb” for once.

Since deep roots are closely related to the processes of vowel neutralization and
word-final consonant mutation, we only need to consider trailing substrings consist of the last
vowel and the word-final consonant. For example, the extracted trailing substring of the word
“aduk” is “uk” and trailing substring of the word “beebu” is “u”.

Figure 2 illustrates the steps of building the deep root mapping table. First, by applying
Method 1 to the words in the CIP Seediq dictionary, a set of predicted <root word,
deep_root> pairs are collected. Words in the pairs are then replaced with their trailing
substrings. Finally, by counting the mapping pairs, a mapping table is constructed where the
mappings are sorted by their frequencies.

When we do not know the deep root of a root word, we can still propose deep root
candidates by replacing the trailing substrings according to the deep root mapping table. For
example, we know that the root word of “hligan” is “haluy” but we do not know its deep root.
According to the mapping table, the trailing substring “uy” often maps to “ig”. By replacing
the trailing substring, we guess that its deep root is “halig”. The result structure of “halig-an”
matches indeed with the target word “hligan”.

To recap, deep root candidates in Figure 1 are generated according to the following
order:

(1) The deep root induced from the CIP Seediq by Method 1 (if any)
(2) The original root word

(3) Trail-replacement results according to the deep root mapping table built by Method 2

3.2 Affixation with Infixes and Suffixes

With the list of deep root candidates of the root words, we then move to the next step. Each
deep root candidate will be combined with known infixes and suffixes for string matching in
the next steps. Infixes and suffixes are first considered because their sets are rather fixed; we
only see 3 kinds of infixes {“<m><n>”, “<m>”, “<n>"} and 10 kinds of suffixes {“-an-an”,
“-an-un”, “-ane”, “-ani”, “-ano”, “-an”, “-un”, “-e”, “-i”, “-0”} in the training set. Note that an
infix appears after the first consonant. For example, when the word “quyux” is infixed with
“<m>”, it becomes “gmuyux” (“g<m>uyux”) (raining, ). But if a root word starts with a
vowel, the infix appears at the beginning of the word. For example, when the word “apa” is
infixed with “<n>", it becomes “napa” (“<n>apa”) (carry, #&). For convenience, we leave the
infixes in such cases together with the prefix part (extracted in Section 3.3) to be processed in
Section 3.4.
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3.3 Transformation Rules to Generate Writing Form

For the case when a root word is affixed with only prefixes and infixes, its writing form can be
derived directly from the combination by removing structural symbols. For instance,
“m-p-k-beyax” becomes “mpkbeyax” (work hard, %%77) and “h<m>aduc” becomes “hmaduc”
(send, #%).

But when a root word is suffixed, two cases should be considered. The first case is vowel
reduction JTLEAR%) where vowels other than the last two are neutralized and omitted. For
example, “hetur-ani” (block out, &) becomes “htrani” where the first two vowels ‘e’ and ‘U’

are omitted. The rule of vowel reduction can be applied by programs easily.

One exception of vowel reduction happens when only one of the two adjacent identical
vowels is about to be omitted. In such case, both vowels will not be omitted. Take “0sa-an-un”
(go, 7) as an example. According to the general rule of vowel reduction, both vowels ‘0’ and
‘a’ in the root word “0sa” should be omitted. However, the second vowel ‘a’ of the root word
“osa” is followed by the suffix “-an” which starts with the same vowel. Therefore, the second
vowel ‘@’ is not omitted, and the final writing form becomes “saanun” where only the first

vowel ‘0’ is omitted.

The second case is the addition of Yy’ or ‘W’. We find some cases that a ‘y’ or ‘W’ is
added between the root word and the suffix. For example, the final writing form of “chungi-an”
is “chngiyan” (forget, ‘=zt) and the final writing form of “cebu-an” is “cbuwan” (to be shot,
# 8 1). We have not figured out the rules for such cases. Currently we simply insert a ‘y’ or
‘W’ to see if the transformation result matches the final writing form.

The complete transformation rules to generate the final writing form are defined as
follows. Given a morphological structure represented as pfx-root<ifx>str-sfx, rootstr is the
root part (root word or deep root), pfx is the prefix part, ifx is the infix part, and sfx is the
suffix part. Any affix part may be empty. The writing form of the morphological structure is
generated by the following steps:

Step 1. When the suffix part is not empty, the last two vowels in the structure remain
unchanged. Vowels other than the last third one are all omitted. As for the last third
vowel,

a) If it is the same as the last second vowel and they are adjacent to each other,

the last third vowel remains unchanged
b) Otherwise the last third vowel is omitted

Step 2. If the suffix sfx starts with a vowel but is different from the word-final vowel of
rootstr, one ‘Y’ or ‘W’ may be inserted between them to generate a correct writing

form.

Step 3. Remove all morphological structural symbols (including -, <, and >).
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An interim summary for Section 3.1 to Section 3.3: Given a Seediq word and its root
word, a list of deep root candidates is generated by methods proposed in Section 3.1. Each
deep root candidate is then combined with every infix and suffix (including empty strings) as
described in Section 3.2. Each combination is then transformed into the writing form by rules
explained in this Section 3.3. If this writing form matches the trailing substring of the target
Seediq word, this combination of deep root, infix and suffix is proposed as the predicted
morphological structure, and the unmatched part is extracted as the prefix part for further

analysis by methods proposed next in Section 3.4.

3.4 Prefix Structure Analysis

The prefix structure analysis also encounters ambiguity problem. One prefix string can be
segmented into several different prefix combinations. For example, the prefix string “kn-” can
be either “kn-" (NMLZ, nominalization, Z¥JJ{L) or “k<n>-" (STAT<PFV>, FFRE<5EZKS1>),
and the prefix string “sk-" can be either “sk- (deceased, EL#) or “s-k-" (existential-STAT,
H-FHRB).

To our best effort, we so far cannot find much information about prefix combinations. To
solve the prefix problem in Seediq, we here propose several approaches similar to the classical
solutions for Chinese word segmentation, including probability models and machine learning,
which will be discussed in details below. Our goal is to find the best system in which we can
predict the morphological structures of words in the CIP Seediq dictionary with high accuracy

in order to reduce the effort of human checking in the future.

First of all, we need to prepare a list of atomic prefixes. There are 29 atomic prefixes
found in the Seediq syntax book, including {“k-", “n-", “kn-", “m-"...}. We further found 10
different atomic prefixes in the test data, including {“de-”, “gn-", “km-"---}. The following
experiments are based on these atomic prefixes. We do not know whether there will be more

new atomic prefixes in the CIP Seediq dictionary or not.

Reduplication (introduced in Section 2.2) also appears in the prefix part. It is used to
emphasize the amount of something or the intensity of an action. It can be attached to a root
word or an atomic prefix. It repeats either the first consonant (e.g. “s-” in “s-seediq” and the
first “p-" in “p-p-heyu”), or the first consonant with the word-initial vowel (e.g. “le-” in
“k-le-eluw™), or the first two consonants (e.g. “kr-" in “m-kr-kere”).

During training, all reduplication prefixes are replaced with a special symbol and treated
as one type of the atomic prefixes. Therefore, there are totally 40 types of atomic prefixes in
the experiments in Section 4. When segmenting a prefix string, a segment matching any of the
3 reduplication cases shown in the previous paragraph is considered to be a reduplication

prefix.
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Probability Models

One common approach for Chinese word segmentation is to build probability models. In a
similar way, we propose unigram and bigram models for prefix structure analysis in Seediq.
Given a prefix string pfx and one of its segmentation X;X,...X,, where X; is an atomic prefix, the
probability of this segmentation is defined as follows, where $ denotes the beginning of the
prefix string.

Unigram model: P(pfx) = [1i%, P(x;) (1)
Bigram model: P(pfx) = P(x1|$) [TZ2 P (xilx;-1) ©)

Because the amount of training data is not large enough, we still need to apply smoothing
methods to avoid zero probabilities. But some well-known smoothing methods such as
Witten-Bell or Good-Turing are good for large training data. We did not choose them in this
paper. Instead, we use Lidstone smoothing to build our unigram model. That is, the frequency
of each atomic prefix (seen or unseen) is added with a value A before building the probability
model. Let N be the original sum of the frequencies of all atomic prefixes and B be the number
of types of atomic prefixes. Lidstone smoothing will assign a probability of L / (N+BA) to each

unseen atomic prefix.

We use back-off approach to deal with zero probabilities in the bigram model. That is,
we consider the unigram probability (weighted by an o value) of the second prefix in an
unseen bigram. When P(x|y)=0, we use P(x]y)=aP(x) instead.

The unigram model provides the probabilities of 40 atomic prefixes. The bigram model
provides the probabilities of bigram of these 40 prefixes and the starting sign $ (thus 41x40
types of bigrams). An unknown prefix X; or a bigram containing such an unknown prefix has

no probability. Smoothing is designed for known but unseen atomic prefixes in our work.

The steps of prefix structure analysis are as follows. Given a prefix string pfx, all

13

segmentations X;X,...Xy are enumerated by inserting one or zero ‘-’ between any two adjacent
letters. For example, the prefix string “mss-” can be segmented into {“mss-”, “m-ss-", “ms-s-",
“m-s-s-”}. The segmentation having the best probability is selected as the final answer. Note
that the strings “mss-" and “ss-” do not appear in the list of atomic prefixes and thus have no

probability; so the probability of “mss-" and “m-ss-" is also 0.

Machine Learning and Deep Learning Methods

Machine learning methods are also tried to guess the prefix structure. However, we have too
little features so far, and the only features we know are contextual information and the list of
atomic prefixes. More useful features need to be discovered in the future. The following
example illustrates the features of each letter in the prefix string “psq-” where its correct
structure is “ps-q-.
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c ¢y ¢1 ¢ ¢ [B E §] Class

p $ $ s q 1 1 B
s $ p ¢ 11 1 E
q p s $ $ 1 0 1 S

The feature ¢y denotes the letter in the context. The Boolean features [B E S] denotes the
position where this letter appear in the atomic prefixes. For example, the [B E S] values of the
letter ‘p’ are [1 0 1] because it appears in the beginning (B) of some atomic prefixes {“pn-",
“ps-"...}, and it can be a single-letter prefix “p-” itself (S). E means appearing the end of an
atomic prefix. Note that no atomic prefix is longer than 2 letters in our datasets. The final
classification is also one of the BES labels.

In addition, deep learning methods such as the encoder-decoder model are explored. The
input is the prefix string where letters and the symbol ‘-’ are denoted by one-hot encoding.

The output is the prediction of morphological structure.

4. Experiments

4.1 Experimental Datasets
The first dataset comes from the Seediq syntax book “Z{EvizEzE A%, There are 509

sentences provided as illustrations in this book. The morphological structures of words in the
sentences are also provided. There are 817 distinct Seediq words appearing in the sentences
and 394 of them contain affixes. We took these 394 affixed words as the training data.

The second dataset comes from 515 new sentences provided by Dr. Li-May Sung, the
author of the Seediq syntax book and one of the authors of this paper. These sentences are also
tagged with morphological structures. 322 new Seediq words with affixes are extracted from
these sentences as the test data.

4.2 Infix and Suffix Detection Experiments

Sections 3.1 ~ 3.3 propose approaches to detect deep root, prefix, infix, and suffix parts in a
given Seediq word (in which the structure inside the prefix part has not been predicted). Table
3 lists the performance of these approaches, where precision is the percentage of
system-detected units (words or affixes) being correct, and recall is the percentage of
gold-standard units being detected by the system.
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Table 3. Performance of Infix and Suffix Detection

Training Data Test Data
Unit | Gold |System | Correct | P (%) |R (%) | Gold | System | Correct | P (%) |R (%)
Word 394 357 353 | 98.88 | 89.59 | 322 286 278 | 97.20 | 86.34
Infix 79 77 77 | 100.0 | 97.47 55 47 47 | 100.0 | 85.45
Suffix | 169 135 135 | 100.0 | 79.88 127 98 98 | 100.0 | 77.17
Prefix | 221 207 203 | 98.07 | 91.86 | 194 186 180 | 96.77 | 92.78

For more details, the third row of Table 3 shows that 79 of the 394 words in the training
set contain infixes, where 77 of them can be detected by the system (recall 77 / 79 = 97.47%)
and all of them are correct (precision 77 / 77 = 100%). All precision scores of prefix, infix,
and suffix detections are around 98% to 100%. Recall scores are a little lower, because 37 of
the 394 affixed words are exceptions of morphological rules.

4.3 Prefix Structure Analysis Experiments

In the training set, only 221 words are prefixed as shown in Table 3. 116 of them are prefixed
by one single-letter prefix and hence no further analysis is needed. Therefore, the training set
of prefix structure analysis contain only 105 words whose prefix parts are longer than one
letter. When evaluating on the training set, we adopt leave-one-out cross-validation method
due to the small amount of data. Each word is predicted by the classifier trained with the other
104 words.

Table 4. Performance of Prefix Analysis by Unigram Models

Training Data Test Data
A~ | Word | Correct | A(%) | Word | Correct | A (%)
0 105 86 81.905 103 61 59.223
0.1 105 86 81.905 103 64 62.136
0.3 105 85 80.952 103 65 63.107
05| 105 86 81.905 103 69 66.990
1 105 85 80.952 103 71 68.932
2 105 81 77.143 103 83 80.583
3 105 79 75.238 103 86 83.495
4 105 81 77.143 103 86 83.495
5 105 79 75.238 | 103 87 84.466
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As for the testing set, there are 194 prefixed words in the test set and 103 of them have
prefixes longer than one letter. The metric of evaluation is accuracy. The prefix structure

prediction has to be exactly the same as the gold standard to be counted as “correct”.

The experimental results of unigram models with different A values are shown in Table 4.
The A value does not affect much performance on the training set. It means that most unseen
prefixes only appear in the test set. Interestingly, when A value is set to be 3 or larger, the
performance on the test set is improved in a great degree. It seems to hint that we need a

training set where each atomic prefix should appear at least 3 times.

The experimental results of bigram models with different A values are listed in Table 5.
Again, the A value does not affect much performance on the training set, but improves the

performance on the test set a lot when it is set to be 2 or larger.

Table 5. Performance of Prefix Analysis by Bigram Models with Different A

Training Data Test Data
A o | Word | Correct | A(%) | Word | Correct | A (%)
0 |07 105 82 78.095 103 64 62.136
0.01 | 0.7 | 105 81 77.143 103 67 65.049
0.1 | 0.7 105 81 77.143 103 67 65.049
02 |07 105 81 77.143 103 68 66.019
03 |07 105 82 78.095 103 68 66.019
04 |07 105 82 78.095 103 68 66.019
0.5 | 0.7 105 83 79.048 103 68 66.019
0.6 | 0.7 105 83 79.048 103 68 66.019
1 0.7 | 105 82 78.095 103 70 67.961
2 0.7 | 105 84 80.000 | 103 87 84.466
3 0.7 | 105 87 82.857 | 103 88 85.437
4 0.7 | 105 82 78.095 | 103 89 86.408
5 0.7 | 105 80 76.191 103 87 84.466
6 | 0.7 105 81 77.143 103 87 84.466
7 0.7 | 105 82 78.095 103 87 84.466
8 0.7 | 105 80 76.191 103 87 84.466

The experimental results of bigram models with different a values are shown in Table 6.
Comparing the first system (where a = 0) with the others, we can see that back-off method

does improve the performance. However, the a value does not affect the performance much.



Analyzing the Morphological Structures in Seediq Words 17

Parameters in the best system are A = 3 and a = 0.7, which achieves an accuracy of 82.86% on
the training set and 85.44% on the test set.

Table 6. Performance of Prefix Analysis by Bigram Models with Different a

Training Data Test Data
A a | Word | Correct | A(%) | Word | Correct | A (%)
3 0 105 80 76.191 103 83 80.583
3 |01 105 86 81.905 103 87 84.466
3 |04 105 86 81.905 103 88 85.437
3 107 105 87 82.857 103 88 85.437
3 1 105 86 81.905 103 88 85.437

Machine learning and deep learning methods described in Section 3.4 are also tested in
this paper. Many well-known classifiers including Naive Bayes, SVM, and decision tree are
tried, and an encoder-decoder system by LSTM is also constructed. But unfortunately, the best
accuracy is only 52.06%. The training set is too small for machine learning and deep learning
at this stage.

4.4 Final Remarks

In general, our infix and suffix detection system can successfully predict structures for nearly
90% of words. It will greatly reduce the human effort needed to construct a larger dataset from
the CIP Seediq dictionary. In our preliminary observation, only 335 of the 5,600 words in the
CIP Seediq dictionary cannot be predicted.

Error analysis indicates that some words are inflected in an exceptional way. For
example, the word “kesa-un” is “kesun” (do this way, E1%f), but our system incorrectly
predicts it as “ksaun”; and the word “p-ugi-un” is “puqun” (eat, [Z), but our system
incorrectly predicts as “puqiun” or “pugiyun”. A list of exceptional words should be
constructed in the future.

As for our prefix analysis system, it can successfully analyze structures for around 83%
of prefixed words. Again, it will greatly reduce the human effort in the future. However, it is
not easy to improve the performance of the prefix structure analysis system. To solve the
ambiguity problem (such as “kn-" vs. “k<n>-"), we might need the semantic information of
the prefixed word or even the information about its functionality in that sentence. This will
also be explored in the near future.
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5. Conclusions

This paper proposes approaches to analyze morphological structures of Seediq words
automatically. The experimental datasets contain 716 affixed Seediq words with their

morphological structures.

Morphological analysis starts from the infix and suffix detection. Deep root candidates
generated by our proposed methods are combined with known infixes and suffixes. The
writing form of the combination is then generated by the transformation rules. If the writing
form matches the trailing substring of the target word, this combination is selected as the
result of infix and suffix detection. This approach achieves a precision of 98.88% and a recall
0f 89.59%.

Prefix structure analysis is treated similar to the word segmentation problem and
predicted by probabilistic models. Zero probability problem in the bigram model is solved by
the back-off approach, i.e. using the unigram probability weighted by a instead. Zero
probability problem in the unigram model is solved by the Lidstone Smoothing. i.e. adding A
to frequencies of unigrams. We conclude that the best system is based on bigram model where
A =3 and a = 0.7, with an accuracy of 8§2.86%.

In the future, we would like to apply the techniques developed in this paper to analyze
the 5,595 words in the CIP Seediq dictionary to create a larger dataset and build a more
reliable probabilistic model. Moreover, if the morphological structures of all words appearing
in the 6,019 exemplar sentences in the CIP Seediq dictionary are available, it will be possible

to build a large bilingual corpus for machine translation then.
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a4 B AR Y B BRI I EAS R L AR T MiHUL B EAY a2 B HS
pign = A4~ sths - sHERA - B B ERAE A - ey s o wJ L
TR BRI ~ SEOEHIBUEHE - FaREREEE - MBE XA FEAREE - 1%
R E AR AR Ry PR A ISR i KM R R B AR A > )7
B E oo i BT TAEEE - BPIHR —(E P2 e 5 (4L 4dRE (Gated Graph
Sequence Neural Networks, GGSNN) 571 > F A o S {5 IR e Sk i 4 B Ae o
o IR AR A LU E R ANVEN > B ERANFRAME > FH
o 0 P 2 ] P A AE A S > A X Py an R E G &GN AR B AR
T HASC IR AT S B (R (BB A3 > T SR P Y T R SRR - FRPTEE
AR T e L (2 Tt A Bl PR O AR S DR BRI 40 8% MR B ey
H e S A -t Clrsa Bilan L B A AEAC - )48y 30,692 4] (X9 150 &<
191.7 &) - 345 68,460 ey E e > B 10 (Eay A E At © A%e ~ Bk
BRRESA ek - (LEWYE B - g BEG - JBRRBIER o AT RS
REGER DTSR TR AR S S 4769 Fl-score 75.69% - ELAHRBABTSE
58 (BILSTM-CRF, Lattice, Gazetteers 1L k2 ME-CNER)F 47 H R 3 AEEASY
RN P I E sy R R YRR T A -

"B TL R B R A AR RS AT
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Abstract

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

MHSEGE © an ARSI - B RACAERS - BRI - AR

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

1. 4&5% (Introduction)

an A E A, (Named Entity Recognition, NER) 3252 H iy S eSS RE(LAVSOA T > FlHY
AR LR e R - EEERE A - A - HE B BE - B HE AT -
BPIAGR I T LR AR Tk, BT SCE T AR R E R E S AL
FeaHB 4 - 153 NER BRI A% T EERI &AL ) DURAHERS T ek, - e Eaeh
sk b E ZAGE S e B T Y — TRERR (RS - HRERIEIE S TRAGRRIEL « SHOhEL - RI3%
B LR S 2 EE - G A A% TEER &L ) DU T ek & 0 AT
DUHE— R 2 FRE A R T AR, -

AR NER J574 £ Z R AR BRI - A & PR AR s - AT A TR
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MRHE T B O] SEFE DU R BEE A\ Pl E BAVHR > RILFEEREERENANER - Him
b ARSI E A e A E R F I BCEHIE P RE AR AR B A d 44
HRRE - Hit &2 REN 7 E N SR A A EFTA B - Rlas
EREHRA R G R AT T -

Mi& > PR EN AR BT sE R G Fp Y RS - ATy & E i &
EITEEEE - (HEIRFR A BRI E IR R IR EEE RS - W B EREEER
GRA EENRE - TEAEAVE ¢ RS AT Y (Hidden Markov Model, HMM)
(Rabiner, 1989) ~ £ A4k % & |] & &£ #I (Maximum Entropy Markov Model, MEMM)
(Toutanova & Manning, 2000) F1{iH-FE %51 (Conditional Random Field, CRF) (Lafferty,
McCallum & Pereira, 2001) -

FEE R RS - NS ais UL R - A REE A Sty FiEm - 3F
25 0 RS AT S e A BRI R » RSB 22 PR A a4 B e SR I8 i o (R B IR -
AT E R IR o e A E RS EREE R R - T ddrs FREE TRV SCE
HESEDU R P A00% - BENBEEY 30,692 4 » A TH3alit KE5CA % - #5553 Cohen’s Kappa
B DA Fleiss’ Kappa (ERECRIEECHYmE @ i {48347 68,460 {Eap 4 EHG » 1S 10 {EHH
Al arRlEARE ~ EAR - BEREA - el (LEWE - RN - g BRI BFMK
BFfE

AT AR RV ELEE - (AR TE AT AT B A e IRV R - fEdan A E e
R (T > BILSTM-CRF 40 22 8 2 £ i ) i P9 3237 61784 (Lample, Ballesteros,
Subramanian, Kawakami & Dyer, 2016; Ma & Hovy, 2016) - Fe( DA FE 2248 A 2Lt - i 5%
BRI o BrEERTRE RS R E R B R o DA Rl A BT - FISRE AR A
O E R A DL G AGE R A& - AP E 51 4E 48is (Gated Graph Sequence Neural
Networks, GGSNN)HI A F#UE ] » fEEEBE N R IR E o 4 B i ERaE R E - > 25
F1 738 75.69% - LhE AT EAARMEAHBNTFEIEAI(BILSTM-CRF, Lattice, Gazetteers [ J¢
ME-CNER)A S 4T YRR -

KW —2 oy B AEEET - B —EE6 R4 - A ERPERES ARt EIE
BIHHY - B EHEARETERNTE - 38 B Aiay e % ERePEREE R E - I H A rea
Nan 4 E RSP o 5 = EEE RIS o SR AR L A ] (R AC AR AR
IR S MR AVER I - BRI B ERSHG LT - (KPR HEEREVEE - ik AR

& - ERSCT ARSI - SR E RS R ER T - B A E RS mAIR I
77% o
2. }HRERAZE (Related Work)

2.1 B EREEREERE (Chinese NER Corpora)
MSRA 4% B B e (Levow, 2006)48 (0 & 30 FEEN » sBRIACR Fyifr i S0 & » Hrpig
W BEZ (S FHA B 5 & A\ #4(Person) ~ 4 (Location DA K2 4H %%+ (Organization) » [ &R}
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EHFIISE RIS T 46,364 {[E4a] 1 » HrAyar 2B RS4E0Ry 118,643 (i - JHIEIER
Fy 4,365 {[EH)+ - HrpiEstnyan R E RS A8 Ry 4,362 ([ -

TEALEFEERS 7 T - Weibo dp 44 B RSB fHEE (Peng & Dredze, 2015) 552 T (i it 4 BRI
Hef# 2013 4F 11 H % 2014 4F 12 H VRS H =T BEH s S VB E 483t fy 1,890
R > EECHy e R E RS RIS A 4 18 - 73 Bl Ryt B B (Geo-political) ~ H1$4(Location) -
4H&%+4(Organization) DLk A\ #4(Person) » H A fEECHy an S B A E Ry 1,981 (] -

Resume &l £E(Zhang & Yang, 2018)HYAE R (E A\ JERE » EREAVHIRE Ry P B B
HEE o SALEEMIREE T 1,027 {5 RN R EREBEILE 8 o HbEasER
(Country) ~ A % (Person) [ Kz 4H 4% 4 (Organization) 545 » b j2 0 fy 44 B B 09 1 453800 By
16,565 {[& -

o R 1 [ B B R F5 5T B K @& (CCKS: China Conference on Knowledge Graph and
Semantic Computing){f. 2019 FE2HHATEHNMERS > a4 B Ae P el iy E RO Ky 81 R
(Electronic Health Record, EHR) > G452 SCHE %Ry 1000 & > T Mt SRy SO SRy 379
£ i mAERE S 6 1 0 75l ABER 12 E (Disease and Diagnosis) ~ fi &
(Examination) L &z fgz 5@ (Inspection) 55 » H RSt an A B RS HIAEEF 16,565 ([ -

Al 4 B RS SR R - NG A R A (e R IR SR T IR RE R e HLED Ry RE RS
RIEAWFTRE T —(E P U@ R E R e R E R sE Rl E - 5 10 a2 E/E > 77l
R NBS ~ EAR ~ BEESM ~ eER - (LEYE - B - B4 BE S JBRDURIFR]

2.2 P A ERYEREREA (Chinese NER Models)

Dong %5 A\ (2016) & | o SZFIEFIE - P SRk — (B0 - HIREE R h S0
FrEHTZEFEATR - MEEEHEEAEANENESR - FEiEE el o] DS i
RN - R SR T F ) IEh T EE R ENR/NEAL -

Xu 58 N (2019 T B T FHRH LAY ER e R DA R A B8 I FLAF SRS DA R D
RO [ R AT AR IR ST AE 4 % (BILSTM) Uz &2 5 (Convolution) B S MY iz
o JESRSE T Z BRI R SGRE R E f b SO AR R S E0NE
FTREB A EIRE R - ERIL B i v o] DU T e — 2P 9 o3 7 -

Zhang #1 Yang (2018)F2H T —{E#r Y L4 Lattice LSTM » [FEASHY 3 SRR EE Ry iy
AR T i i A KR B B - TR Al BB E s R o R BEfE 7 =T
DU E 20 0] g /BAE VG B 5 LI Se &S RAE an R B RS ek 0 (£ 75 h BUS T B RV R
% o

Ding Z£ A (2019) (5 FE 1 B 14X 4 % o A P 122 8 o 5 R A A s > I e (o o pE 5
2 E T IV E IR - A TFRREE e A UESEEIHE - HibEERE
THER ARG RES T STV RIE AN -

B B > ARG T PIHEE T 5 v 4848 EE (Gated Graph Sequence Neural
Networks, GGSNN)f&AIZERE » DL BILSTM-CRF i Fy 5LHiE - DL Fy BEAL & (EREAL AT H A -
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bR T FAVERLASN - RIRHZEIIA T 808 DU E R « FENA TR - SR e A
6 ] = S BB RO e A s DU G T B T A A Xu S A (2019) 19 B » {HFF & R
FREHSERE LSy o TR ISR EIRE A T2k Ry GGSNN g s A - gl
Ding % A (2019) R [E/yH 5 A B A [E T H 4R HE A = (HEAEAHEIATERS S T o
FHASERESE M EA LS E -

3. ERIZERE (Model Architecture)

AHFFZEEE S P2 T AR 4 (GGSNIN) R TR 2 4 R B 1 s A T HET 7R
[ BILSTM-CRF {E By (1 AL B 20 A » i B EfCaE (> AEAVAEIL Sy B lUSE -
U U1

0 HB-BODY M 1-BODY

|
CRF Layer Disk :l—mm sk H 1 0 HeciMHoE HIcENH 0

BiLSTM Layer [ BILSTM
Y ry AI ry ry
P =
v )
@ 4 &
s 3 » - | P NN
GGS-NN Layer v \ ¥ vy v \ v v Vo Vin il v via Vig
y A 3 A 3 A A y 4 A
O\ Ve Vi Vg

Muluiple Embedings Layer

2 £ %12 ®W £ /& X & & % e B O M

/& 1. GGSNN pEAVZep%
[Figure 1. GGSNN model architecture]

3.1 ZE AJE (Multiple Embeddings Layer)

FBHETFIRA ~ FRALKE IR AR ZERA - ERFiRA -~ HE
i ADLSERl i AR E 7 A0 T ARG - EResdm Ao FF R n -

(1) ~ F#% A (Character Embedding) :

i AFFS X = [X1, X2, X3, .0, X)) 0 57483 BILSTM DU TRIERR - BRI & ARG
FIRAFEFS » FEIFY] € = [c1,¢2, 3 w00, €] » FHPNEAE S 7T REEL-REERREY 55—
BORMTATHY A AR - RIL A BILSTM m] DITE 2 REEREAVE R - G RIER 2L
TR eI
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[y1'y21y3!"'!yn] = BLLSTM(X) (1)
(24,25, 25, .., 2y] = Conv(X) 2
¢ =YDz (3)

(2) ~ #EHr A (Radical Embedding) :
A E Y X =[x,x2x3,., %] 0 KUBERERR - 5 FH 0 E R 5
[re, 12,73, 1] U BT & % #ﬁiﬁﬁ YA RE - PRI G TR B ] DU £ By
7 -

[y, 15,73, .., 1] = Conv(X) (@)
(3) ~ z@lER A (Word Embedding) :
FR ARSI DL Ry BB Ryl A - 1 (B — (B P4 A EsERE Fl se A A E Ry E R > Atk
MHEFHVERN » IIARFEGEER - o] DR - ey &2 @ R i = PE R
B WL ARHFTERRHAE S 6F - NEERI MR EE -

W = [wy,wy,ws, .., Wy ] (5)
BERFRETS - S EREFYILGIR P  HERZERALT ¢
h'= Ci@ Ti@ w; (6)

HrpoAREBmIEHFHRA > nAREBRIERHITHERA > w ARG R A b
R FERZERA

3.2 PIZEEIFFItHEAEE)E (GGSNN Layer)
FEABFE PR B2 GGSNN E238 &) - [E &5 (LR HYRRE - B Li 25 A (2016) FrfEtHiay
GGSNN “R[EZ BRI B Y GGSNN wILL4E T EAREEA FAVEE - BEi B0y
GGSNN ATBURFINA A8 HATERE - A H45 TR EHF IR ERVREE - Bl ey
PR - BAFHEEA ZIRHHEINZ (85 8 - Ilﬁtﬁi Ding % A(2019) iy~ iRHET =04
(] > ABFE MR o S Y e 2 AR R B 45 Wk o R L i

FERAEMTEAGHN AT > BB SR HELESERRE - BBENZEA
& (Multi-digraph) afi40E 2 - 43E —E#Z4EFEE 6 := (V,E L) > HopVAARETEHY
e ERREBIES » LARE LERNES - BER AR T HF 8 n (8 - i
EHEER M BIRNVESY =L U UV, - BV BT RYIRTRES - [E 7 LS
Flpasehs - GEARR T YISV N EETES - 7351 Bovays  Vage * BT g, SERHE
IR E > vy, SR EIRAVEE R AL E VLUV 3 IR Ryva, s DU vy VRS
BIVESE = {e} U {eg iz, > H{e R PRI BB HRATEIVES © {eq }it, BFTAFH
HEHVEAVIES - BEEBEET AR > 8 EERNES L = (I3 {12 0 LBTFF
BRRGH AV EAVERER - 1o, Ry SUBBRATE ERURREL - R [E Ry S A N EI AR -

DU T BB FE SRS 2 B AR, EFBATT RO WIS EIL0E 2 1Y% 4
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ArE - FaF o RS EREESEA T EEAIE, - TR, - TREE, DR
"R, o B T REBEEE  BafEsa T BN 5 EF L (else) HyFHLT > R
TIEECHHE | BITE T BIIERIMATSEY, o A T NN Ry, 0 [

PO ) MVAER TR o SHEEIAE B o A TSN Biva,, e * V1T T Hdgrse A

R s (R0 BLLEFI 8 R LB ENIBIEALE » va,,, o T dase DUR T

TR e RRH AL FIRYF # DU EEE FIRTER S R ALE - HERRIELEHE -

Vi Vi V3 V4 Vs Ve Vi Vg Vg Vio Vil Via Vi3 Vi4

& % % # . i A #h # b4 £ 3 A Ll

B EWE B AWE FER bRk

| @

3 » » > »( — 3 —>

VI (Vo (V3 > Vg }—>{ Vs }—>{ Vg |—>( V7 )} Vg }—>{ Vg | —>(Vig}|—>{Vir }—{Viz ) —>{Vis}—>{Vis
= A — L' ~ .‘t-—
! C” (o )
e %8 A K Ea

& 2. 247 EE

[Figure 2. A directed multigraphs]

A EREERERE > AT LUEBHAEE (adjacency matrix) 2 - [RECH [ EHILE
TRy 3 6/ 28 T H S FEAY AR AR B R A& 3 YA 0 Hoh Ay B4 e B R E AR
AR S P LA g A S A e FITF R

Dlagpl ey TSR SHESRIGHY 2 B AR ) Rl TR 2 4R 1 BRI
A8 R E R TAE 4 > BT R L AT E G TE R 4 [T
SN2 A EE S 55 - DRIEE S FE A R A R e Sy 2 R e

Outgoing Edges Incoming Edges
J s
i T h
0 1 2 3 410 1 2 3 4
0 0 1 0 0 0 0 0 1 1 0
1 0 0 0 0 1 0 0 0 1
2 1 ] 0 1 0 0 1 0 0 0
3 0 0 0 0 0 0 0 1 0 0
4 0 1 0 0 0 0 0 0 0 0
A=A, Agul

6 3. BB LRI R AE

[Figure 3. A directed graph and its corresponding adjacent matrix]
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©
(3
 ®
®

f AN b SR WE L kW

B 4. Z5 B RS A
[Figure 4. A directed multigraph is composed of multiple directed graphs]

HH i A TRV R A6 5 RS AT UG BIAE AR AR R A, - 10 FH R [E]AY 52 B AT DA 2 = A

S E A AE AD R P o (R BE A B 9T Y o7 B 0 81 07 S0P DA B A RS FE fH A, ~ Ag,

Ag, ~ Ag LAR A, » B A, (RFR R IGEEFHEE R 1 AR - HErKIEE
e -

AR T » R EFHRAEAFERE G 55 R4 E R R - EHUL TIAZE

7E -

[Wc' Wa,rWa, Wag, Wa,, Wdelse] = G([“c' Aa Ay Aagy Xy, adelse]) (7)

Hrhae, aq,, @q,, Qa,, Qa,, Ca,,, ko P AR SRAT S8 07 H 2% 4 sigmod b B fi Hoii
IR I REEE We, Wa,, Wa,, Wag, Wa, Wy, * 1R B I 421 5 A1) 316 _EAE S B R AR AR AE Fe - B
ARG R % A HE S AR AR AR -

FEA R P2 8 5 A AC PR & o BRI RAEIRRR DL N A UE 2]

ON {hd(v) velkUL,

8
’ h(w) vev, ®

Hey (R B % B A SRR TR S5 SR e
{5 A R U P VR R (LS Ve o 5 B BRI 5 B 1)
T oV, Byt BRI R T L BRI AURTES + V; DRV (B B L B i A B B )
SRREEE -

ERBSHIRBREIR SRS 1 GRU (E0HT » B(EBER R T -
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H = [ heD, L hEY] )
al = [(HW)T, ......,(HW,)T1AT +b (10)
z? = o(W?a’ + U”h{™Y) (11)
1D = owra® + urh) (12)
A = tanh(Wa® + U@® ort DY) (13)
hY = 1 -z ohf™ + 2P OrY (14)

Hep h FORATREIE v TER R B AR RORAR » A, TR By R R S R
PRI TR > A 30(11)-(14) F GRU BET > z B r Sy IMRER BB PILA R EE T > 1548 GRU
BRICH DU &2k B AHARERRAAY (5 S DA S B B RTFREGINGS - SHEAENGE t RRriy R
ARRE - KCHEIFREZP R (time step) T 1% » F] LAG EETREAVIRESIRAS

3.3 EEREHREHKEEE (BILSTM Layer)

R EEETD » ABFSEP EE F hAC AR B e o I PR LR RS, » 2 (E BILSTM 8
AR o (I BB BILSTM - DAl 5 il AERs fE s H 2 i A 71 > 12
ST DY 15 B R AR T BB R SR A P 31 <

3.4 fr{-EEMISEE (CRF Layer)

a4 B A B R e YRR ECAY 2 o T R - A EAE B R 2 oy R RS > G PR softmax
function {F Ry thi ek 8 > (EAEBTIRERE - FPPIREEE R PRV E Rl ZIHIREE - $8LE
IS ZIFT AT AR REA Pl 2 [RL R (RS 55k (Condition Random Fields, CRF) HUft T
softmax function » 5% 1 & I AR > AWTFEATER A A Ry fRtEly CRF 1 -

4. BEEFHEELSS M (Performance Evaluation and Analysis)

4.1 ERIEEE (Corpus Construction)
A7 2 i [ R A b R G S & R B 40 SR TG T 2R » A =R AR 53 7l s B 22
YapsEEEE - B NIREAE o R AR B B DR R R S B B AR R AR
ENBFTESASCE - MBFHENE R EK 4R - BAeNENMELS  XEN
A I SR R AR R AT RE o A IE o0 T B 22 A e B DL R R (R A6 — e T HY
T A5 RROCEEDLR 799 RICE - R — A 1,818 R -

%=1 E Cohen’s Kappa (Cohen, 1960) {H LK Fleiss’ Kappa (Fleiss, 1971) {gw] DLt
RIEECE - HEZEAVINRE el RERY— 2 » Hrf Cohen’s Kappa {8 % F > i & /d
8 N B —EME - M Fleiss® Kappa BRIz E = AL EAYEN - #R3% Landis DUR

! B4 EREE ¢ https://www.kingnet.com.tw/knNew/index.html
2 BE{@EsE ¢ https://www.commonhealth.com.tw/
® eafsd : https://med-net.com/
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Koch FTE A9 %E (Landis & Koch, 1977) » ‘& Kappa {E /N2 0 B 5 Poor agreement > /7
7> 0 21 0.20 A Slight agreement » 412 0.21 %1 0.40 % Fair agreement » 7752 0.41 - 0.60
B Moderate agreement » /pj2 0.61 - 0.80 % Substantial agreement » /32 0.81 - 1.00
F5 Almost perfect agreement -

AREAFEATRE TR I a2 B - HEE 108 HERPURBIFa1% 1 - B
TELERIYRAR - BT E o A (E RS B - S BEECHI AN B — A = AR SRR
B4 » R EHE T SR TN LG Ran R B AR ARAC - BB (EPE B S I 2 4a Rk B 4% 25
FECE ~ R 25 IR o E DU B4 100 RIIRZ » SefBch—iEsD » stE =M A B
—E M - 551 Fleiss® Kappa & £ 0.80 < HfEEE—AIIERCAE FMET&m - B IFEC RIS
FI—EIERAELR - FESAMY 25 R R RS B BN S 25 RSN R DL R B
Hde 100 RURSZEHAREEC - 158 Fleiss” Kappa {7 0.89 - Z%( |~ Landis L &z Koch ATl 7
(7 Almost perfect agreement » TEREFEE: (Y Fleiss” Kappa A HAE E7t - H SR HE21HY
HE%G - FERVREESCH P T o A= A B TEERE -

% 1. & BRI EZR L]

[Table 1. Named entity definitions and examples]

=l EH ol
N e g | gn g | a2t o | CIREAX © FHEERHAR ~ L
(Body) TZAEYIRGHIARE - 404K - BRE I RA B 2555 DT, 5% «
RSN NABRE > HEE R FERRZ - T | REK - B - -
(Symptom) JEEFEENASHT - IZE ~ KRR ~ &S -
Bt &2 - JERE - ERERTHR A - | MRS ~ SR T
(Instrument) (EFEYERRS ~ 25t ~ BS(F ~ BofFel e - | B - N THRETS -
T FIF BB B A RS RETIRAE R s | BE & -~ BAPNSR 1%
(Examination) BERTAL o - K IREE -
{bEpE AR HEARFECEYEHEN - BEFE | ZEXERE - =FH
(Chemical) ERL{RE R IR A T RK, = B ~ ML B R -
s e N EAMERZAVIEF NIRRT | /NEREE « e K
ey | EVELT  MEMAREMBERE | i EEE AR
PR EAEAR IV ES SR AE - BRI ~ ASEFLE
B ZAE AR ~ VBN TEPDTBR B | PTITIEEE ~ oofd B
(Drug) IR AE A EEY S LB R - PR - PIAERE
B BT EIH AR A=NEE'E | BHEED - 24H - &
(Supplement) F IR R AR AT - ey - TEEERE -
i Ny YN SEYEE - MAEER
(Treatment) A BRI RIEERE A -
IR TR IR R IR 5 G T B S | BRSAHA ~ 2h 5N ~ &
(Time) B2 - HHA -~ AT~ 2
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SR A R B & 30,692 &) > S HEY 150 B - BEIT 92 B (ElEE - 68,640 flan 4 E
e - JSE AR = (AL A B & BIEECATED - 344 28,161 A) > (A 1145 49.44 (&
T (29.99 {E5H]) - #83tA 61,185 {Hap A EAG - FYREATA 2.17 | - WElEKE =
EfEEC N B FEIREECH — 25 IR 2,531 & > B A 1145 47.92 (5 (28.67 {iEz) - 48
5 7,305 {ifldn 4 E AR FHIE(E A TR 2.89 {E - 10 (UL SN E R E (-
e HE R ARG » €05 38% » (R EEIR ~ BRRAMEEE - Fild R4S
By 82% > Rk 6 JHAKYML ALY 18%

4.2 gk A& (Embedding)

AR I AT 2R Word2vec » Sl SRET BRI Ry R > N aE R ERY H 3
F5 2020 52 2 FJ 3 H > FIFIREAEZRIAT AT LA SREH iR A ~ BRE RA LU G A > 35
TE Ry /DR 5 RELE - [ B AYYERERYSE B Fy 50 4 i f& 1S 863,835 (R A& -
13,581 {E 7R A A& LA 3,209 EEE R ARE

4.3 BEEE (Settings)
AWFFE T A HACH — 3t B =10 9 BB 4ER SR - lR BB K
1EAE° » Hooh B SRR B B g B R R ERE L R E R AR
RBEELE MR EEIIANA R ICD-10 - AR/r41E - B2 - BERELL
FERESMES  [EERTHEE & DTSR KR TR
E7# » 1 {EFHy7 875 351 {5 - 2 (B 09581 7,978 {fEgd - 3 (HFnyF-8h 19,282
{5 > 4 {EFHFHA 31,444 {EzE o GEHFHUE 5 (H5 DL RAY5- 4 95,362 {#5E -
TEdl sk aiE 2% (learning rate) DURFI4RE R HEZE A (epoch) FH%e » EREY
epoch [ learning rate %5 0.001 » &t B RAGRE(THVEI SRE L - 5 epoch [y learning rate
F5 0.0005 » Eih Ay i AR B FRFIRE R - HETHIKE e R E R E S A R - H
o BT DA g1 ¥ M R B AT B R R — R0 R R R e SIS iEiE T g
FELTE B S T (31| S R 23 TERfE » epoch 14 (B 5 800 batch size % 32> LSTM [&
JEE SR 4 P By 200 4 > GGSNIN (YR T ZCH (time step) S7E fy 2 -

4.4 FEEFEAE (Evaluation)

H R AE a7 24 5 38 P el GBI 0 BT Ah 505 By s fE R (Precision) ~ [0 2% (Recall) »
Fl-score » {EAWFE PG 7 ERFGAELL ¥ (exact match) » 2 BIFEIIAY 45 5 75 B TE eSS 5
SERAATFA BRI o JRAM ARG FIA1FR 2 - FEILAEMHETEERESS (Precision) & T 1E
HEMEHEEROYTEE | 5 T AEHRRIEE ) BERB > BEIE (Recall) fy T IERESEHEERIIEE

4 ER YR https://www.kingnet.com.tw/diagnose
S MFEHEWIZENR © https://terms.naer.edu.tw/
® J@¥649 : hitps://pinyin.sogou.com/dict/
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b5 T ERZ MR EYIA E ) AVELBILAR Fl-score [ £y Precision DLK: Recall fyF8 A% »
srEAHKES (15)-(17) -

7 2. EAEE
[Table 2. The confusion matrix]
HES HME Positive Negative
Positive True Positive (TP) False Negative (FN)
Negative False Positive (FP) True Negative (TF)
. TP
Precision = (15)
TP+ FP)
Lli
Recall = ————— (16)
TP+ FN|

2*Precision*Recall
F1-score= — 7
Precision+ Recall

45 FEGEE (Results)

FRAMELEL T LA S dn A B Ae A R0 BE 22 2

(1) ~ BiLSTM-CRF (ICCPOL 2016) :

IEERIE/E T Dong % A (2016) AYZERE » DLFAE R Rb & (RN E A » TR A(EH &M
4.2 G TR RIHV 4R I REERHE E (EII SR E R » [ E4EE R 200 4 -

(2) ~ ME-CNER (CIKM 2019) :

Xu 25 A (2019) $2HAIBES » ARIHFTE (EHIB R 2L AN MCE S - RF5ER0 Rl ik
Ay &k BiLSTM L K Convolutions Eb#E 4y B 4% 4% BiLSTM-Convolution DL K2
Convolutions 124 » HHETEH) BILSTM BREEIRE JRIGHIENE » HELFEEIGRELS -
(3) ~ Gazetteers (ACL 2019) :

IEAEAY £ Ding 58 AFrt (Ding etal., 2019) » fEH RV A FRELFRZ S - R
BB AR AT FE T Y E R - 2 8mVE e BEIRGIE S E > HRBIRE S
A AR BRI FT & BN iR AL TR A > AL BERNVERIH i AERE A REE
HEEHETTRIIGREN T » RBLEA 4.2 &P ATiREINER ERME fEIISE R - g4k H % 200
HEHHE -

(4) ~ Lattice (ACL 2018) :

FEAEA By Zhang and Yang % AFrfEtt (Zhang & Yang, 2018) » I F Him S HRHE EIHY BRI
T2 - B ERPE AT FT AT AV E R » AR E R 2 FRRGTE S - MR g
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FAENAY i A LUK G R A FH B RAE =S A it -
(5) ~ GGSNN :

It R ATHIE PR A » TE55 = F ARV 48 - Hrf - radical S ILFEAY GGSNN %k
ERE R A - word fy HEfEAY GGSNN EfRad#R A - - radical - word Rl 5 HEf5 8 GGSNN
B R BR e A DL G RA ©

7 3 RytHEAIRRELLERAS &L - ME-CNER B BiLSTM-CRF W& HYZE S Ry A IIAKS
B AL SR A P E RS 1541 ME-CNER H#7A BiLSTM-CRF #£FF T 2.59 1y F1 »
RIS & i A DL R aa ik A A BT FEFHE AU FR3R - Gazetteers B BILSTM-CRF [
TR R R B I AFIAVE R - (EE RS RIS A Gazetteers fHEL> BILSTM-CRF $2
F+T 2.7 7Y FL> RBLE# GGSNN 5 AT & A A E 8 > o] LA XAV FEFHE A =3 -
AWFFEEE Y GGSNN R > [EHFIIA T E B R A ~ sl A DL B 3 ek 4gps - Hk
FHEL ME-CNER DLK, Gazetteers bE# » 43R EF-T 1.54 DI 1.43 ff F1 -

FH GGSNN 73 B EBREE E R A ~ AR A LR FEIRFABR W B EaLbigd > n DA
It AR ER B R A LR AR A SR R IR 2 > KPREE R ABIIHY Fl-score T FE
T 0.61 > EfRaEER AT Fl-score NfE T 1.41 - [FHFEFRET E AT Fl-score g T
1.69 > RIFLFRAPT T DA AIEE Bk A BT FETHE R R AT RRES A - A i s ik A2
HEmA > BEEMFRIRAER

AR GGSNN FEAVE f R F1 578 > 1 Lattice 20 » WI{ERBIAIAT 7 52 5
&/NSA 0.47 » ZRMAEH I SRAVES RS D7 FEEIRVRERS L T » AR A 1K
ifij Lattice 4FEHF 6.25 X » TZEHYJHIA Ky Lattice 2 75UHY batch size (R B fE M AR HAESY
RER L EEREMAR > FEE LM - f5FEH %L batch size fIAUER -

& 3. BREGRIE

[Table 3. Model performance comparisons]

Method Precision Recall F1
BILSTM-CRF (ICCPOL 2016) 7038 2t 7156
ME-CNER (CIKM 2019) 73.68 74.62 74.15
Gazetteers (ACL 2019) 73.00 75.56 74.26
Lattice (ACL 2018) 7469 7576 7522
GGSNN (ours) 75.46 75.76 75.69
- radical 73.50 76.73 75.08
- word 73.48 75.10 74.28

- radical - word 73.46 74.54 74.00
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4.6 $E2R45717 (Error Analysis)

RIS an A ERSASHER P ECOA T b TSRS - $EEREHINR 4 -

e CONTAIN : [EmEfyenf2 & " aaE ) B EE -

e CONTAINED : IERERyer 4 EHS " B an ) FUARY s EES -

o SPLIT : IEREM dn B RS ECE THUHINY da A B RS WeAfr i i B A RS -

o CROSS : [EHEM e BHTMIN G R ER 2 M T A, BEBNTF -

e NO-CROSS : Ve E R TN ar H ERE 2/ 09H ) EBNE -

5 TSRV SR 2,193 { - H AR S IsEiA Al Sy NO-CROSS » &9l 72% -
WMBZRRGA > A EEE R pIa © Mg R R E(LES (SGPT) ~ FEERR AN AE
BEF (BPH) FIREAEET-28F (ICSI) 55 @ A EIISE R - HR B s g 4 -
AW RN o FEHER TSR » FHE s SR T HER NG A E R E -

K A G5 B RS R R ]

[Table 4. NER error types and corresponding examples]

e | BURERS CEERRS  VEVERSSE TG L S
B e
CONTAIN
ey | VR B, UVATEREE - LA
U et -
BE | BHEAR SR BTEELEBRITELSY -
CONTAINED
FOH | BGEAR SRR, BTERLERIELSY -
BE | WE,, . FERRMORHEREE -
SPLIT
TR | e FERRPIRHERE
crosS BE | B OB, RIS TR A
FOH | MR R HAGs TR R
BE | ST RERIER - RN BB
NO-CROSS
TEH | T EESRINAR  WRERME HE  ER -

5. &hsmEARAKIFE (Conclusions and Future Work)

B PR PP E AR A - R o SRR I an R B e s - EERA0 T

— ~ TRt —(E % B A S EHE YIRS - (EHE ~ TR FREE R R
2R BB AR R A R I L AR - T (PIRUIRALEES] 75.60 HY F1
BB R a 2 E AR OT A -
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2 BEAFIFTA > B S— (E fERR R Ay S AR e - Bl 30,692 {E AT
HYEL 150 ET (92 EigH) - $475 68,460 {Elay BTG - 1S 10 (S50 - B 0 AR - E
R~ Btk - (BERWIE - PR - SEan  BRNL  JBIRLURIR] o
A a4 B BE WA B TR > BAPT o] DRI HgA FRYFE K - (eI RS S =

o HU R S AT R L e G - BB E U A ar R EEG T DS SR

NEFER > BCEMEE ST FEARRAER T > dar R E R BERAT IR Y

A E RS 0 A DU R (R EEL - B EOHELENE - AERER R E - HEMERRTFEM

FYEERE
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Improving Word Alignment

for Extraction Phrasal Translation

BRiaE" - B8 - RER

Yi-Jyun Chen, Ching-Yu Helen Yang and Jason S. Chang

T

AT R AL B T B B SO 5 B Faaa R O HY o SRR R
Bie) > &R o] FR S s Bl Bde S STt B SR S UEMAI 2 2% - K
T3 AR FIERET 774 S S B T Y ) 5 B > o3 IR AR R o Faad
Bils - FIRGE SR RCE] - R i R/ Faar RN SR O R R - WA A A
A FERTEHE 5 BB = 4045 R Zad R D - A TRPAE AR TS
EREAERTENE -

Abstract

This thesis presents a method for extracting translations of noun-preposition
collocations from bilingual parallel corpora. The results provide researchers a
reference tool for generating grammar rules. In this paper, we use statistical
methods to extract translations of nouns and prepositions from bilingual parallel
corpora with sentence alignment, and then adjust the translations according to the
Chinese collocations extracted from a Chinese corpus. Finally, we generate
example sentences for the translations. The evaluation is done using randomly 30
selected phrases. We used human judge to assess the translations.

BILEEREE T A
Department of Computer Science, National Tsing Hua University
E-mail: {yijyun; chingyu; jason}@nlplab.cc
BT R ERSNGE F
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Keywords: Word Alignment, Grammar Patterns, Collocations, Phrase Translation
BRgEEE : EEREGE AT - SOERAN - B - R REEEE

1. f§4 (Introduction)

J

N EGAEFSIEFFRR S > W TIESUEERE - BEELIERE £t - FrblERM
RSO E A B Zaar B BC IR 2 o0 - A RIEREAIEN - LTSI BBl -

pFi

(1) a. In her speech on the motion of thanks , the hon margaret ng touched upon ...

bS5 A Bl 2E X BE W B -

(2) a. ... the extent of business via ec was still relatively limited , so was its impact on the
statistical systems .

b. -k BT BE K KR @mE [y HE AR 0 B gEt 2450 G
AR -

(3) a. impact on the financial market
b.E%E BFl 115

(4) a. Mr downer believed the close relationship between hong kong and australia would
continue to strengthen .

b. gy fHE - BN Bl FE ZE A EY Btk & & &% e 1Y -

(5) a. up to now , the change in relationship between china and hong kong can be divided
into three stages .

bEZE HAl -~ 90k Bt 7y 2t > " o/ = # &k -

FHEIN A Zsal e AR [E e > vl sE A A ERV#IEE  FIAI(E R ) (1a) " speech on | »
BEER B (L0) iy "k -+ 35 o PR Ton  BIEER T Rk - AEGIH)(22) Y T impact
on, - FIEZREGIAQb)HRY TE - B o BB Ton, BIEER TH L, - AN AT
FTREAEBIERIF H A0S - 20 (4a) 1Y " relationship between | Fifa% & (514 (4b) R HY T
R - Bif& > B4 (5a)F 1y " relationship between | » FE{5/A)(5b)H HI (& &l =2RL TR
By o BN EFEERT o 7 Zaith o] gE R Sl — LR By —(EEhEa > Fla014)(3a)
frfy Timpact on | EiEE Ry (3b) R By T ER , - ELAERFEE(LHNESEY
HEE AR EEAANGH - 2 (EEE R -
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AUFFERT B R - RHFESCEEERN T ZG A (F141 " speechon ) A HASCE]
i (I TRk s L ) - BUARYE ST EEDARME O] B B A SRR VTR R A R
J&(word alignment) » {EE 53 S fEA 2B - 35 ELRELLEH SHEATAVEE R - AGEHUERSHERCHY
TOCERE > e AR S HERAIGER » BAFTER RS FIR S B TS BB S [H Y
e > HEREEER G S 0 5990 > R EETIAVEER T AR TSR AT E R Y
OCERE > EEEVARE AR B AT A T OGBS - SR B IR ISR
FCHiEE - EAEARTTE > FFIRR T (6 Al R B B A 0 P ATaBRt e - e P S BERE
SHRHE » FEFATRRRHEE T > FRTA E et OO TP S EE > st oh SR E
[EIF - I AE T S EERR R T > Sat b AR T S A S SRR - RS & T TRy
SERBLOUERCHIMEE - BUS EAETRAVENRE -

HATEIFNRPE B E B VU ED B - R R e AT BT ~ A el - &
A Faa il - EAESN AR EAVERE - fEXE ORI A E OB - BfI4R
o EEE R e MR 5 T B AT A (R Eaa] RO FE T SRR (B I — Rl R A Ay
i AEELETRERE MR - BMIRET S E A P Ry T S 5 K R E > AR IE
LSRR R (AR o B OGO B EIAERE RN R B E R
BAPIETRCE 7 e L3R AE B 51 TR S 22 5 TP S P R sl S BRI P i 238 P S
sl M Ry T RGN ERE  EEAEREN R BRSSP B - BT P oGERES
strhE SRR ECE > H OGS SRR RO & E IR 2B - EALRT S
FERCYEE RYEIEE - NPT P GRS R P AR BR AT A A AV B R AR A -

AWTFEATE L REIRE - o] R BIRE S B E S OIS SRR SR AR
PR SUERAIN 25 i EBISUER S B AR -

2. }HRERAZE (Related Work)

S EIE — B A AARE S R P S REIIE Bk - KA R+ KRR
JEEER » (E 4R a T S A B MR AT 17 £ 1990 AR BE5E ) A KL fl il 5 /8 (Gale
& Church, 1991a, 1991b, 1993; Brown, Lai & Mercer, 1991; Simard, Foster & Isabelle, 1992;
Chen, 1993) -

BT % AR T FE Y #2554 T~ (Debili & Sammouda, 1992; Kay & Roscheisen, 1993) » &
SRR & s T DL 32 B B 25 B 2 AR B el 2 e 20 F2 =0 m] R A2 (Hidden
Markov Model, HMM) (Brown, Lai & Mercer, 1991) -~ ¥t8{LIZALL (log-likelihood ratio)
(Gale & Church, 19914, 1993) » A & K-Vec algorithm (Fung & Church, 1994) - 2EEAF R A
EfE> > Melamed (1999) #2H the Smooth Injective Map Recognizer (SIMR) » &R
SEEPRRAE Ry x EhEL y iR T4 AV AR o BLIRT BRI E 2 B AR » SIMR BRE
BEEE - DU/ Nl RE i R H R R Y 422 [ Ry B AL - SIMR 73 By W {E R B
ERPEELEE R AT AT AR R (x EhEL y BEIE) - DUSOFERIS B O BE i R TE -
PRI » AT A E IR - S A eT 500 A nY e -
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A 2B RN &R )T AR RSB AV ERE - AR B ERVENEE -
BEBURH BRI RIS » T e B2 B R REE G 1 TR A BB e R S B A
Fl=2 ¥} (Catizone, Russell & Warwick, 1989; Brown et al., 1990; Gale & Church, 1991a; Wu
& Xia, 1994; Fung, 1995; Melamed, 1995; Moore, 2001) » & 3F47/A) -t B8 26 ¥ > Ry
MORIGERE - (RS HEEE - Bl 7 — &G 7 B et S Blsa 4
FHITTE -

£ 2006 FFEATEHFE (FTEHE - 2006)F2 A " EEahEE il E 2 2 FaalsE B IE | shod » AR
WA BIIERE - & R sEBIEE - Zam U2t SR E B | BE (5140 - make a report
to police) - (i H B AR RE fiTat 5 B aE 2 RAIRVISBCRA (% (F140 : & " make , 71 " report |
—REHEREF - Treport ) HHER THE ) o FHNEEG TR EEEEE (F140 0 make a
report to police AY¥IHE " [MIEEHE | ) » WEEHENEE -

AFTEL bl S [EIR(E FH 2 B il - B EAlGRSCREINE » A5 Est
HEERIS T 2V W HAR ST B s s ieRig - WFE A FHHHIE - EtE
H R SO E ARE BO ER 4H & i B 2R BNEE R - F 0B e sEah ke DU A B SR i & 2
HIENEE o ARWTTER LA 775 » ORI B R - R EATERSERAVEIRE -
BB RN E AR EE -

3. ;77& (Method)

FEATES - JfTG SR ANAETE R AR - DIScE Hlrsa A s s e s e (55 (—)
ANET) o BEE ST HIEEATE A0 (AT 2 BT B R P T B e rh &t Il A 2 B A A
Zad WA EREIEEE (55 (Z) ~ (Z) /N - SRR St hoSE R LU (E
Mg R et R AT E i heRRE (55 (I0) /NEi) -

3.1 Iq=Hrsa B EESE A E (Improving Word Segmentation and Word
Alignment)
AIEELHY B B2 S BRIV G e s e - $EFsal s i e R - AR EE i A R
R S B F SRR H B IV R TR - M B R s s e B R A R D
ShER > R 1 Ry TaEf] > Hep T hdiEE s KR EERHIECE (Ho/LE) »
BT 4-0 (R SCERYES 4 (E5E R SREEL 3 2 S50 )RS O {ElEE 4 enthusiastic | »
TERLA s > TR FERL  Braal by T RIEEL | B, o AT IEHEETEE S T RE | B,
R R SR - EEEEaE ESER -
7 1. Hrfza et Freg R gnp)

[Table 1. An example of wrong word alignments of English and Chinese sentence]

H i) la g = e RERM 3
HL ] enthusiastic response to community investment and inclusion fund

Hh 3 S R 4-05-05-10-31-4 2-52-6 3-7
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FeEE R R ST S5 e 1 22 S E B S S IR Pevor » PSRRI T2 S5
B IE 2 G SR AR Proc @ HEE S —4H TP I S0y i T E > EEAERTE
AT REAVETEE S B TE T 20 0 R R BUHR R S - DR 1 a5 - drocga s
PRopf) T 4-05-0 5-1 | FTon T ST ESN | ¥HEZR [ enthusiastic | ~ T Z1 | ¥ ZE T enthusiastic |
i1 "response | - # " ZFEZEN | Z1] | H:¥EZ Tenthusiastic | fi1 T response | {5 EF
g Ry —4H T T > 5% 2 Bl Ry A 2 S TE T RE BT R R R 7 =0 B ET R EER%
HU R i (Tl S e 7 =X > BB R T HE | 2431, > B TEEIEZ "response | -
TEF ) EEZ Tenthusiastic ;-

AP Bt = 2 g E R B DA Al T AR Ry R A A8 S e A T T
1 AR ES oy s SRR TE -
7 2. B REE S A

[Table 2. An example of probability calculation for word segmentation and word
alignment]

W

Bfran) 77 =20 HHE 7= HeRETE
K | FEZST K2 - enthusiastic Pcwoe(fZ,enthusiastic) X Pce(fEZRS response)

JEEZRZ > response X Pewc(enthusiastic,57) X Pgoc(response, EZLZ)

< - response Pcoe(FEZRZ enthusiastic) X Pcpe(fZ,response)
JEZRZI - enthusiastic X Pggc(enthusiastic, FEZAZ) X Pgc(response,7)

KFE | #4%1 K& -> enthusiastic Pcoe(SZ I enthusiastic) X Pcoe(Z8471 response)

ZZ1 > response X Pgwc(enthusiastic, 57 ) X Pgc(response, Z431)
ZE - response Pcoe(ZZ1,enthusiastic) X Pcoe(fZ [, response)
g1 - enthusiastic X Pgwc(enthusiastic,Z371) X Pgoc(response, 7 JE)
KIEZEN | 51 KZFEZL - enthusiastic  Peoe(f2 fEZR enthusiastic) X Pcoe(31,response)
F1l - response X Pgwc(enthusiastic, 57 JEZA) X Pgpc(response,?l)

S FEZL - response Pcwoe(ZU,enthusiastic) X Pce(Z FEZH, response)
%1l = enthusiastic X Pewc(enthusiastic,F1) x Pgoc(response, 57 FEEL)

3.2 EREE A EIE (Extracting Translations of Content Words)

AP BRI H AR 2 A B B AP Bl A Ry BRAMTEE A TR A B S B A (540 < T speech
on ; F1iy "speech ; ) FILKHT—PEE: (BB=FF (—) &) WERIVEL - HRN LT
R HE B ETEE R R SEF (401" connection with | 48 # #E & 7E T in connection
with | 1> HREFOEFATERRE) - NILERGS T T E AT e oG g
AT > BRI et B A ISR > ST REHFTE R S SR S e g
FEILHERR S I E S EE R A BRI « #3% BT ER PR E S ER
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Ay A g R B MR B R B S o BRI SRR R M - [RETEST
ST EAPIA PR A o SCEa e Taa M © BL T speech ; Ryff > FRATBEH DA T 48t g -

TR a8 E Pk E'S fi
= Rfin ELES IECES i s
i i G G ] T

B2 BR AT iE L Y S ER B o - IR 2 M B IR S B el IE R R 3 (0 Ry T 7
BE, ~ THBL F) o WIS HEe S b oG Rt e e - Wt L e
FERVFGA SRR > WA R B E - MRt R SGER B - PRSI
iy TUEREE ) Rl FATE BRI DU IS e

speech by speeches

my his ’s

IEHERIRRAY B [F) S HERR & S R — NI R SO E ARy T4 (e - $haas
{BIEE - G2 LRI TR L B T e 2RI E RS " speech , 2 4h - HAEE] " speech |
AUHEEL " speeches | - B SEAE AR a0 B EAS SREH B o SCaa 52 0y Bl - g it %
FEHEE - NIEBFTRILICAE & THEEER - Bl ek - Bha e B LA RR R LU AR (BIEE
xRS

F3. discussion ; 274557
[Table 3. Derivatives of ""discussion™]

IR A4 3 (% R

B discussions
FhEa g b discuss, discussed, discusses, discussed, discussing
Pk conference, argument, consideration, talk, consultation, session...

E—LFT - o e 2 F OGBS AR S - (BB &P oG R e
BRI A - K EIRH FEEIR K —(E5E 5 - B SRR AR - LHER
FIREAN R IEHEAYENEE - B0 "B —sE ¥ ER " importance ; IYREHE S - (HEE L

TEER ) MR A0 T importance | IYEREEENEE > (RfyE T E ¥IEZE T importance |
FYHS (s » ELoE BT 2% BT attaches great importance to - [ A+ BEESE ¥ E 2T importance | -
RIBL o (ST TP SCRERY S e e - IRFTE a1 EE o SCEHE e 2 S S SCans o [FIH
JHE 2 2 (I SE A A AR - I HERR L AR S = Y S

AP EL I8 B SO BB R T - FPTAR F E SEs R o S
s S B TFE TP OGRS ORI S FEEIRE o ARG u HER I
BBV, vy, Vs, e, U 0 Pro(u v )RR u BIEE v A > HI] ufV B
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Score(u) = Z(Pro(u ,v1) X f(1)))

Ev RFEEAEFEASf (v) =1 Fv, B[R A E R ERBEE B - HRSUE

Ry 1 B R EEm AETENAELE - RAECEEERER ST o0 » TTREE A AR
AR f ()% By 0.5 5 SSAMES B Aa) 0y IE MR R i e B B S o ey o el
e v B[R A SR FTEECHT I g I f (vl 05 5 HAGIRMERIf (v) =0 -
R B EL > METE D BUERE R 0.15 > BIEEETELE R AR 0.15 > Rt srEm 4 A
B Ry R I R RN -

LL" speech [ Bl " 5 L Bl TR E" %5 AT ERIAVEL A E S speech
TR S G e fe e A3 S Y780k 0.074x1 + (0.044 +0.037 + 0.305 + -+ ) x1+
(0.021 +0.001 + 0.003 + --- )x0.5=0.531 > KJ* 0.15 » #r A% " speech | AYENEE -
FKA T RE PEETE TR EE
[Table 4. Corresponding English words of " 2#="" fayan *"speech’ and the
translation probability]

e e kS PR

[ g speech  0.074 [ B EE AR (L] address  0.021
[ sE AR speeches 0.044 addressing 0.001
E40)EEb 2w speaking  0.037 addresses  0.003
speak 0.305 talked  0.0001

spoke 0.018 addressed  0.0003

speakers 0.003 articulate 4e-05

spoken 0.033 voice 0.001

speaks 0.002 talk 0.001

speaker 0.001 voices 4e-05

3.3 EREN ZEEFNEE (Extracting Translations of Prepositions)
ARIEERM H LR EA N el ERE o« AISERME A BIRMEE AL £ (Fl4 -
"speech on; Hfy Ton ;) FIL—FEE: (B=%5 (=) #) FrabnE=ERE > DK
FEREEE (B=%5 (—) #) WERIER -

T E SRt T Zad B R SSCE AR AR - EE R th SRR
RELFAEAR » DURCBIE 2 52 5 M S FE P S g M B o HHIA T il 1 BRI B o
BE > RILFAIR TR i BE 2 S5 R TN %ad T9aHE , (&
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By NULL) HYBEES o HHIRNTERLLE ) Z1Gi AU BRI - ARG EHIE - T2
oy Y 2 L TR A R P Y HR S 40" problem of (5T of jETEEAIT problem |
—RCEIER T o AR E R IR AN Zad1) 2 A BHER - DL problem
of , Fsf5ll » ™5 Fy "problem of ; iy T of | AY&RETEERE -

5. Tproblem of , #7 "of , BE4ZE

[Table 5. Chinese translations results of **of** in *'problem of*"]
a1 PR EEE S 81E

DE 0.69 (9(3098) 7 (14)

NULL 0.8 NULL(1247)

T 0.01 (9(58)

Na 0.01 TAET) NE(6) T2/ (5) K5H(5) () BIZ(3) FiE(2) FFEQ) ...

I Z WV IERERNEE R 2 Ry'Rr e s i » IRIEETF 20 S5 an A 3 R B S TE S $E 3 A el 1
NIRRT 2 1% TP & SoDAsal e R > MR e & 3R "DE, (01, -
"Zy ) TPy (T Ey >~ TH ) "TNg, (TR, - T2, ) - TCaay (M0
"B~ TR ) o DLEFRAY T problem of | Byfil] > &K E VAR SRR > A TaEt: " DE | -

PRIMAEFELLE ST » 7 Zasil AT FEAY 35 M S SR 7k > 31100 " action against | AT
SR TR TEY ) o o Zad Tagainst) BIEER TR, B TRYE, 2EE
NEH B IR R B > RIS S By AR > T K8 B EHsIA
FIREAVENEE (Rl > PRI\ TR T EEsE gk ch Ry &R - 0 AR B MR -

KOmETEER » MIER TP NS ERAVETE - R TP A 2R 1 1Y B TE RV R E R
FUL - R EELPIRARZEE/M A 1o &k > AIDUEF LRIV » BN -
e AT ER 1 R > DAl R S 5 e 5 - DA T discussion on 5 Ton | A5l > F2 6 5 on |
1Y S I A 2 i 258 T R AR B IE R B IR AV S SR FRAPTIERA MR R 28 " NULL | Resal
"P, o WifEEEEREE L TR, 0 THL - TRE, - T FEs
F6. /discussion on ; #y Ton , HILEFEER

[Table 6. The translation probability of ""on"" and Chinese correspondences in
""discussion on"'"]

HEPSGANE R FARRRE

NULL 0.724

P 0226 TEI35 #f21 BLI10 F219 RARAIS 7212 2 DAL HIL L =
' KA

Ng 0.039 k|7 BH|7 1511

DE 001 4
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3.4 EAEHHEHN LHEEBAZAYEIZ (Translating Content Words and
Preposition Collocatlons)
AP By B AR E AR E AT R B R IR I EEE - APSERWE AR E L LS (=%
() i) FrmHnvEFERRERN LR (F=%F (=) &) Prmtm, L iEE
KM GERES IS (B=2% (—) ) AESERNEEEEER » DR SGER
Fﬁ o
B SR S EB R R A P S AEIA T o FRAM A S Re B AR £
i P e S BR R RRSHE ) B s WG AR 5 14 > ZA % (65 Smadja 7Y 1993 4 (Smadja, 1993)
PR ISR SR T £ T Retrieving Collocation from Text: Xtract | » £ 4fi 1 Sz 3B ke Hr
(i 5 s Y S PRHE B > R SARRE LR o FIASES0S A al P FE R0 S BIEE 2 Folfr
Eaalld > HILTERTE S EEE AR - RO SEEESHAE > ML T8&S ) Bl HiE
BC AR B oy 45 SR a2k 7

1. "RE T
[Table 7. The collocation of "' =" fayan "'speech™]

A fElcatt s fir &

#®E P £ -3
#E P L3 -2
wE D B -2
#E D #t -3

B MBI ERTAIPS B P PR E BRI S B Bl B
BIEE Ry SOEARIEEC - 2 0 RS IERCIR U EIEE - DAL aliE2 2009 T speech on | Ff31 >
"speech , WENEEAR "T#=, oI Ton, MENEEAR "L R TEE, o RIH ERIMIEIL
el TE __®s 0 TE_#s, - TE__ %5, THE_ 85 SR
=2 (HLEDEGREZER) - BN LGS "NULL ) - RIS L E R AL
WA RS E E A S SRR ERE - B TSR SRS A%
BTG EEEEATERED - (RS SRR P T el IR WEFRRRECR
/D3 - FFREL Tspeech on | uffl » fE/RISHFEECEN = IAAE
728. "speech on , FEILEIENELARE

[Table 8. The process of generating translation of "*speech on™']

TR HEAEREE I & HIEE TERCHIEE

speechon  EGR-FE-#S - PIE N B BN £ __ #5-fF _ #5-5 __ #
JEEE = &%~ NULL: NULL =5t _ %5 R %% ~EEE -
SEEY ~ VE -~ EEA HGE ~ Sam B JHEEE -~ E -~ e
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AT » A8 7 2l BHEE B 28 T B S B Sy S AR o el - (B & W & HE8 O
T F i BRI A S FE R [ A BB S A RS RO AY L ST/ £ > LAT problem of |
Fo Bl AR AT BB A BT problem [ (EIEE" IR K" of JINEIEET Y o
AR SCHEBCASET o TR 8y B—(EHE SRS EC - R e — PR - TR
RE 0V, EHE51Fs "problem of |, AYENEE - (HELEF TRV, BN EEE] T problem of
iy Tof, o TR B MRS T problem of ) HYRHEE o Ky T B ERAIRN -
FeMst B —H i S HERUH S RCHVIBBCENEE - STRE HHAHE HERES - /) ZEEElsEE
JE TR (BRI IE 2 I A tR YT S0 Zaadl ) BIERRI - 3 DAL B8 B 228 o 5 Ry R R +E
FCENEE -

FEEAEEICERE R - TS R ERCE GRIPIE] BRI Tt E S B —
AR SCHEBCEA A A RSB BC RN - FHELE A R Ry B Ry R SR AR ) R
WSS 1~3 EEEs - NIRRT E BRI A B M SRR PIR G > o TPy 2248
AR %G5 o Ry T DRSS ATV S - PR ERI BB AE &
TEIE ) [FORET E B AR o -t SR B RIS B B 22 I 0SB T - BeMA & A E
{El ) F{F Ry i (BRI B4 - DL Tspeech on, EEEE "HL .. #5 ., B £ 9 2
3 v el e [ Bl S
#9. 'speechon, FEEE '3 .. RS, HIPI
[Table 9. An example pair of sentences including translating **speech on'* to "' zf ---

="

e |3R0) FE(L) TEE(2) BEB) 54) 0 (5) TAL(6) BEE(7) BEE(8) Hi(9) %
#t(10) i5(11) JH(12) #hk(13) - (14)

EogvgilkE| i(0) have(1) dealt(2) with(3) this(4) at(5) some(6) length(7) in(8) my(9)
speech(10) on(11) the(12) second(13) reading(14) .(15)

rhgizE¥$rs  |0-0 5-1 6-1 10-2 10-3 11-4 4-5 7-6 7-7 8-7 9-7 10-7 9-8 0-9 3-10 4-10 1-11 11-12
2-1312-13 2-14 13-14 14-15

By A el e EIRF 2 A WISH DL B AT REAVENEE - DIk 10 WyA)F Rl » FERTHY 50k
AR T " speech on AYEIEET BL - WE KL - BE o MHEREAT R -
BE I RE - #BFE, o BAEESESR TR - B 0O0E FESER TE - #
= HIBIE] o Nt - FELAE BT VDAY B A AR - TR B RIS A AR DL
FEERNOIE] o B BIEECENEE A P TES AYEEEE A R - B TEEE - 15 E SRR
Biag - Btk - BAMDAE SR G 8E - HIERCEER MR — R EREE - 5 AR HI RS
&R -

#10. /FHFZA "speech on, FRAEIZERIGI T
[Table 10. An example sentence containing two Chinese translations of "'speech on™]
Hr ] o fE OB R R BE & -

HL ] .- after making the speech on my motion.
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4. BEFHEE(E (Experiment and Evaluation)
4.1 BREBE T B (Datasets and Tools)

4.1.1 FEEEESEEE (Minutes of Legislative Council of the Hong Kong
Special Administrative)
ﬁﬁﬁéﬁﬁ§5%3522}%@Eﬁéﬂfﬁ%%?ﬂ%;ﬁ}r S A P EYEE R - tEER R T
JLEESEPATRE R - Jh4y 222 WA) > AHFRERENL 164 Ea) o (BRI

catalog.ldc.upenn.edu )

4.1.2 B&E$R (United Daily News)

HFIER HB S HERHE Ryt oe o SCS SFHERHE  EEERL > BB R S R REE R -
XY 230 BRSO 0 H4y 7,118 B Ay - (AR ¢ udn.com)

4.1.3 CKIPH 3755 Z%t (Chinese Knowledge and Information Processing
System)

TAFEA CKIP oSz Ess & B P S a] 1 » AR GEMEREE « L ARG i baa /N

AHBA S - PR OCAVEEE B MR - (BRPRIE ¢ cKipsvr.iis.sinica.edu.tw )

4.2 EEs%E (Experimental Settings)

4.2.1 ZEErZaaighc e F sEREE (Translations of Praises Including Nouns and
Prepositions)

AEEREE A By 30 $HISCAFAN S Zi B - MFHEFBIEEGHE R > i
HY 30 4HFEHC - {E R AR A > fEEERDT -

period in schemeto  environment for  place at emphasis on
developmentby  market for  scope of time by agreement between
extension of help to potential for agreement with ~ pressure on

help from return to power in industry in communication with
view on systemat  success of gap between pressure from

link between scheme by  satisfaction with  increase from information about

HMERB =205 ERBIDE R G &Ryt S0 lhss P oo E
BB T T AR s BRE S Zaadl B - &R B 4E S AR BsE R pl e - Bl
Ry AR B SR -

REERRTAL > BB IERER ~ BIRE A R R B A) IERER = (@M 0 - SRR IEREREIA



48 PElgE &

EEEA 2 BRENERELLR] - A TZE—FFHEE - BREE ERAE e AT wE ENIE
HEREEE AR B & AT A IEMERRE R AT s > ARG EE A
J5iligy Ak T disparity between | o A EIEE R TR - 2R - TEEE, - TEH
HIFMET BT AR A B S " disparity between | (Y4~ » L SCaj s "2/ - 22
BE O~ TEEE, - TERER L OULLH > (ERENEEG IR o FIAERERAE S A TR
Ry IEHERVENRE > Sy RIHEL 5 BB 5] » A TE K > 3G IERELLE]

4.2.2 EzEFIE (Translations of Single Content Word)

R E B AP E EEN—E 5 HIEERM SIS T — 4 E S E S REE
HURER - AREERAVE A Ry 30 {#3L30445 - IMEEBIDEFGRE R PRI T 30
@45 E AT A - EEEROT -

super seriousness nurse placing inland

abuse inject final designation urgent

death send city charge pain

outlook divorce degree adding providing
signal enhancement cut wisdom auditor
position hotel identification confirmation administrator

HAE S =5 =2 —/NEIFT M 48 2 050k IEEBILE R R &R 4t A
BeE > Fris Z BRRE B AT SRIVEG L - SR A ERF S 2 S RCRIEAR R 7% > 5
BIREIENER - B [ER R B IERER - R AN ERAVEHLLER -

4.3 BE4EERE MBS G (Evaluation and Discussion)
HEEN Z s S EL B R AL 45 R 2%
11 BRI AT EI R AL 4R

[Table 11. Evaluation of translations of nouns and prepositions]

P HEC B BIEE Pk FHERL BRSO BEEE O

MR [E%E R R EE R
help from 1.0 0.42 1.0 gap between 1.0 0.08 1.0
power in 1.0 0.35 0.67 success of 0.86 0.65 1.0
help to 0.86 0.61 1.0 scope of 1.0 0.73 1.0
agreement with 0.75 0.51 1.0 period in 0.8 0.84 0.75
environment for 0.5 0.8 0.6 pressure from 1.0 0.07 1.0
agreement 1.0 0.24 1.0 emphasis on 1.0 0.75 1.0

between
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return to 1.0 0.38 0.6 communication 1.0 0.71 0.8
with

extension of 0.78 0.63 1.0 view on 1.0 0.3 1.0

information 1.0 0.77 1.0 scheme to 1.0 0.82 1.0

about

potential for 1.0 0.52 1.0 link between 1.0 0.03 1.0

market for 1.0 0.75 1.0 increase from None 0 None

pressure on 1.0 0.44 0.4 place at None 0 None

AR EHE SR TR
#12. EABETI45E
[Table 12. Evaluation of translations of single content words]

FEHEC BEEE  BEEL BaE FOLFETC BEEE  BELE G
{[iES [E1be SO i/ it B R

seriousness 1.0 0.42 1.0 degree 1.0 0.45 1.0

nurse 1.0 0.89 1.0 signal 1.0 0.49 1.0

inland 1.0 0.03 1.0 enhancement 1.0 0.44 1.0

abuse 1.0 0.69 1.0 cut 1.0 0.48 1.0

final 1.0 0.58 1.0 wisdom 1.0 0.54 1.0

designation 1.0 0.33 1.0 auditor 1.0 0.85 1.0

death 1.0 0.41 1.0 position 1.0 0.59 1.0

city 1.0 0.32 1.0 hotel 1.0 0.69 1.0

charge 1.0 0.39 1.0 identification 1.0 0.37 1.0

pain 1.0 0.52 1.0 confirmation 1.0 0.45 1.0

outlook 1.0 0.35 1.0 administrator 1.0 0.21 1.0

GEtL_ERPAESAER © (S EINTA EBR TR BB TR - BRI Rl e -
FIREST g

#13. GERTHEE
[Table 13. Evaluation]

EREEER FRELNE Bl EJEHER
I ERCENGE 93% 47% 91%
] B EEIEN G 100% 49% 100%
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WFTE S EPHEEE B S RO ERE - 1L EDT MG R e R R g &
[E]2 - WGEAA G SCTALLEL - &SRR ¢

K14, FHLETRILEE

[Table 14. Results and discussion]

EEUEsp K77 HEEE ARG ST
BREfEieR BEERER EREARER B

LA IR 60% 93% 52% 47%
) B EE IR 73% 100% 54% 49%

AT EAE BT T A AT i ?XI’EEE]E&E B AR TR GRS
33% > P4 BRI BRE T I > AR OCTTARTT 27% o EEF] 1000 1EHER < 281 > ASw SN
BsE A BRITIEARIREGE > 77H Ry 4T%EL 49% -

TR ATRES AR SRR E 2 A BIREERE N - RAARER] 73 R > 53505
CEHERCGEEE ) - TERERIEEIIA, - TEEEES ) T AUTEARECh
i SIHATR R

715, FHB RS
[Table 15. Descriptions of error types]

B A GTE!

FEHETOCREE  NYRE T HTE ERRSAANE - PO AN S GA R ERE  BZ
LG FERIEE 2 ORI R -

HEPEEE PR PHEEEELIOGIRAEEE  HIA RIS EE

FdPfirsase  SRIEET G o EEGCAFIEIEE o 5120 " high degree of autonomy |
R TEE BUA ) MR "degree  AVEIRES T &l Y TR
(18] S 6 RVA R EE 40

s R S B AR % PO A S BRE - (Nl SR S B A IR R -
AITERRRE  SCH) B A IO R - TN SRR A B
TEEEE WFFEEY T A A B MR -

HAFFHAEL 50 & 5] ATHZRE SRS AR EE KR TR

7816, FHZBLLA]
[Table 16. Ratios of error types]

i Al B Epaee
fE S JE SRR 25 50%
oL WP | ARVAE 19 38%

B an] e 2 4%

ATTEAR R RN 4 8%
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L AT HIR TR BRI R ) 1 > 4975 5096 ARG ER RIEAE S HERY SOl - (LA
i R A — (SRSE TSGR ) (VBRI A SR DULEE B st AT AR E A ER
VSRS ENEEUE P e ST IS DS EIE SR SN S

R 1T, FHAAERILE (BIESEFRE)

[Table 17. Results and discussions with revised recall rates]
SEJEap KEmSL T2
FEEARE BELEER

HEERT  ASwSOGE
BisEAneR BIEEOAEER

(EIE%) (EIF#H)
A HERCEEE 60% 93% 68% 64%
) B IR 73% 100% 70% 66%

BRSBTS » ARBIN E A B RO ERE - A AR G R
AN R (RIS ETBR Y3 TV 4% ) B9ROR T ISR KRR (RI4LEIBRS) BRI 33%
R 21%) + FTAITERAE R D BE BRI T GrERA RSESEE - &
T S OB R AR I B AR R A T (50 B B B2
B LA/ BB R AR EIBISE (A0 Tincrease from | ) » BT YA R /b IERENIEIEA
T35 I A P -

PR EBRE RRCR AT - B R A TREER - H—  AEAR
I Zas P SCBRERAE AT P BB B SRR B - R
AT £ TR » R TR AR SR T (5 R BB & - 1401 increase from | iS4RAEAT -
FEREUBE ARG © RO AL, o TIRE L - TR HERE . AN 4T
SRS BRI b TR SEERE - (RIS P S R A IR - A
SRAEERE T R ERRA S o PO SHERTT AT T £ 8 1 — A
B0 E] U A HEEE TG o (TR A TREND ) AOfrE B -
I TR o KA IS - B — (S SR B ¢ B
STHI SRR i — (T2 (40 T death penalty | B8 T FEA | B3 death |
BREE T3E, o Hi Tpenalty BREEE T, ) o ATIADEEEREEEI B
SRR L AEARIUE IR o B A R A R E A -

5. &EsmER A EZ (Conclusion and Future Work)

RIS ASIRZEE] - RPN T AL AUENE - AR SIATER » (@
TEBEIRIVH A S ZER B 5 B S R P TR E -

AP 325 07 16 5T DB GTZE « S0 B AR TRy o 2 % A o ACPOBERE » DAFERT A
SIS A BB TR (10 Tincrease from | BT THE. P, ) - $2F
BIGI% « H AT A A R — R S 3 M (140 " partnership | $iFEE TRk
Bt ~ "FEM B T death penalty | ) SAENIELLE SIS - LA TR EIEE
B2 - E AR A R 3 2 B IR BIEE R DL sk B 53 -
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AR MM (AnEheE R EhaE i F i) AVERE - SR EE R EAVERE -

&F LR - JFIVBITEIR T T —E 7% - (CEMESE B Eh Ay EsEsE b E T -
At B A R s A Zaar B O AV B - ARV A B S dat S SR B P Y IE A )
HIE > DU Gst EREE R P i - WAS & DLW - SOBRHER - SRR ITA
HEIRFEEREE TR EATRTER - WA RERE MR B4 -
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NSYSU+CHT Speaker Verification System for
Far-Field Speaker Verification Challenge 2020

RERE - BEY - @EC - BERKT - B
Yu-Jia Zhang, Chia-Ping Chen, Shan-Wen Hsiao,

Bo-Cheng Chan, and Chung-li Lu

T

TEAGm L - FFIH AL T NSYSU+CHT [E[5AT 2020 ZI5aEEEREELLE (2020
Far-field Speaker Verification Challenge, FFSVC 2020) FFrE{ERY &%t BH—%
PR B ARYREE T 24 - i ARSI A I R B Il 245 & 1 IR A fiag
HES - LGRS YE RS AT AH Y ARG - T Ry AR AR Qe RS Y 204 - fE
{bfg > FMESR 7 AEIT  Gat LEFR] GhostVLAD - & mHIaT o g5 Al
R PRGN 7 7 - A3 SR PR A i< G M 1] 5 B FH DA 5] 2 4 il
G Mo RIS T FFSVC 2020 £k B —Z8 5o R 51 Y SCAAH BECE 75— )

LR MR ((E ) MIEEE RS - MR ENAKEEE — LIS
minDCF 0.7703 » EER 9.94% » {F{£% __FHI|Z minDCF 0.8762 » EER 10.31% o

Abstract

In this paper, we describe the system Team NSYSU+CHT has implemented for the
2020 Far-field Speaker Verification Challenge (FFSVC 2020). The single systems

NERVARTIPNE -5 L5
Department of Computer Science and Engineering, National Sun Yat-sen University
E-mail: M083040025@student.nsysu.edu.tw; cpchen@mail.cse.nsysu.edu.tw
ThEEEETSC kT
Chunghwa Telecom Laboratories, Taoyuan, Taiwan
E-mail: {whsiao; cbc; chungli@cht.com.tw
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are embedding-based neural speaker recognition systems. The front-end feature
extractor is a neural network architecture based on TDNN and CNN modules,
called TDResNet, which combines the advantages of both TDNN and CNN. In the
pooling layer, we experimented with different methods such as statistics pooling
and GhostVLAD. The back-end is a PLDA scorer. Here we evaluate PLDA
training/adaptation and use it for system fusion. We participate in the
text-dependent(Task 1) and text-independent(Task 2) speaker verification tasks on
single microphone array data of FFSVC 2020. The best performance we have
achieved with the proposed methods are minDCF 0.7703, EER 9.94% on Task 1,
and minDCF 0.8762, EER 10.31% on Task 2.

BRSEGE - BEEEE RS - B IE RS - GREHACAERS IR A A A
GhostVLAD

Keywords : Speaker Verification, TDNN, CNN, TDResNet, GhostVLAD
1. 4&3% (Introduction)

H #hzE74 k528 (Automatic Speaker Verification, ASV) A4 E & =2 ER TV E - 5%
HENIRS - BT ERSREE AR - F%E 2 NIST Speaker Recognition
EValuthH (SRE) (NIST, 2019) #5215 11 H bR 56 & L% HY ASVspoof (Todisco et al., 2019)
15 IR EHME [ B SR e A4 H R - B RSB SR HBEE B 55 A 402
iﬁé\ﬁj\/\(Embeddmg)E"Jm% LA RE A Y RS2 HILES (Feature Extractor) » DK 4% i
(RF7r g5 (Scoren)&H & TR » FilliAE & HE f& (Frame level layer)f R 4G AFEHU = PR Y
& WK EtbEREEER-E "“*ﬂ&f—aﬁﬁx j(Segment level layer) » [flj1% 1% 1 4 i#43# f
FEELER AN softmax SRS DU BHRE « Hillm ZR A1 (A AR 14K 481& (Deep Neural
Network, DNN) /i [a] & (i-vector) (McLaren Lei, & Ferrer, 2015) » —EH R EAF 55
EEEE T » KR YIS IE 2L 48 #E (Time Delay Neural Network, TDNN) / x [A& (x-vector)
(Snyder, Garcia-Romero, Sell, Povey & Khudanpur, 2018) B [ f 7E (Y 224 © JREIF2E
HHELAEEE (Extend-TDNN) (Snyder et al., 2019) 5 17 /e 82 G sk P i 1L AU G R 1A
MRS e A REE YR P AR HUS A SEAV R T » (2 = 1AL A4S (Residual Neural
Network, ResNet) (Nagrani, Chung, Xie & Zisserman, 2020; Xie, Nagrani, Chung &
Zisserman, 2019; Qin, Bu & Li, 2019) ; 55— J5 i » A FF 275281 b fg Blia sk L
ARAIFCCAE » AL R T RS e (a4 i i (S0 H AV 4REE ot (B (Statistic Pooling) 2 4/h
B3 E M b & (Self-attentive Pooling) (Okabe, Koshinaka & Shinoda, 2018; Zhu, Ko, Snyder,
Mak & Povey, 2018) NetVLAD (Chen et al., 2018) & 556 24 1E 54 & 2 HE Jg & S S o
i 5 FER PRI E AN e SR E ZE 2K - 5k T8 softmax RN [E|HYEHSE © L-softmax
(W. Liu, Wen, Yu & Yang, 2016) ~ A-softmax (W. Liu et al., 2017) ~ AM-softmax (Wang,
Cheng, Liu & Liu, 2018) ~ AAM-softmax (Deng, Guo, Xue & Zafeiriou, 2019) - f{&IHAYETF
e 0 BT 88 9Z M L (Cosine  Similarity) » 8 3% 48 14 H] Bl 53 #T (Probabilistic Linear
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Discriminant Analysis, PLDA) (Kenny, 2010)5% 5 T B R A2 — o

MEARBEE YA B B R EE il & M Z e SR E - DURATES0E
BEWEEMEHGET » 6 T HEEEERSE RGAHE - kS @iy ICic - 5/
NOZE T SRAIAVERS - By T HEBIRZ 15 5 T Y B 8B B 538 22480198 FFSVC 2020 (Qin et al.,
2020) A JE M 4= -

PRIt » AEwSCEE200 FFSVC 2020 » WS EHER— @ B2 mdHSIHY S SR
HHREFE & B8 (Far-Field Text-Dependent Speaker Verification from single microphone array)
BT 0 BE—ZR o P A Y 38 35 S A SR E 2 B 55 (Far-Field Text-Independent Speaker
Verification from single microphone array)ERHUA [F] YR J772 o FoAf AT A B AL FH AR 4
(8 R R AL A A AR I » BRLEC TA G RE  AS A R 19 528 72 A A s » BT T Rl S R S
AR EEF PR A FBank (Filter Bank)fic ¥ 3 (Pitch) o [fif& 51 $ A 1L RS 2RI HE 1T (2
AL+ iR LB R I A A A AR T 5 » R — (BT Y 4 2R AR Ry AR 58 72 1 A 4 (Time
Delay Residual Neural Network, TDResNet) » 3f; {5 FH 8R4 14 HI B0 AT 7E B8 et g8
73 BB B AU R 2R AT AT ERYRTA - BEAh - Tt st ¥ b e - KR iy
st b NetVLAD HYMU#E @ GhostVLAD (Zhong, Arandjelovic & Zisserman,
2018) - HZLHYEFARENRF S E IR E NI ETEFAHEREA -

2. HEpRZERE (Network Architecture)

2.1 EHEfE (Frame Level Layers)

TERLEEES - WML E IR T =R E IR - — R sl - S E s
THEARAERS - TE (e — AR ISR ATRI B E S 22 B A AR 2 R - IR E 4
& 0 R E SRR - TR R A AR

2.1.1 EPIFEMZLEEE (TDNN-based)

el 8 (Snyder et al., 2019) 17 T B AL tHAC A ER 1 K TRV EL#E (Baseline) » HL2EHE
AT R IS HE R R0 I HAESS 3~ 5 7 Jg TR E A E| 7 #E 5 (dilation) YL
18 B IS AE A2 A P AR B T AT DAY R AR S HE Jeg B s R R s [ SR B Al By 2
3~ 4 BEVRIRER 205 o TS HUEARY S (B AEME TEE » PEIREUN 3 F 0 AIEL 7 (@
BHE - DALLIEHE - A e el - NLAAS AT DARUAT 23 (S ERYERH - BRI e i
RS LIE S E R E R SR T BB &R & Wi g s B B s B
BB A4S softmax FHEMERMETH fEHERIGE: - IROMEFEEME— U 512
HERREEHIRA - 2 SR HLE % (L (Batch Normalization)E Rectified Linear
Unit (ReLU )R R ©
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2.1.2 EP-EEMHEKEH (CNN-based)

fE4% (Nagrani et al., 2020; Xic et al., 2019; Qin, Bu & Li, 2019) [FBIZE » 420522 AL
PR ZENS  TE AR BLEEE (reverberate) HYESIREE T HNFHERVHEUZAEE HEAY -

RIPEER R 2 i 8 AR U E BB PR GRS YRR U B R B 28 > 16275 (Nagrani et al.,
2020) FTE#(AY thin-ResNet 2248 - HE T 2 ET/D IV AW - HEREERE
ME g g B &am et bE R G o MBS SRR i A E - R —E
P > i softmax FHHARL AM-softmax FTEMSREITHE - 8 BB EE
AL ReLU BUSGKE - F—(EEZ &I (Residual Block) B 87245 (Residual
connect) #HfF - A AAEMBEINIFE 1 -

K. BN
[Table 1. Network architecture of ResNet]

i Module Structure Size
0 - Input 43 Fbank-pitch(43 x T') 43
1 Conv Convld, 1 x 43,64 64
1,48
2 Conv {“I, -18] X 2 96
1,96
1,64
3 Conv 3.64 | x3 128
1,128
1,128
4 Conv 3,128 x 3 256
1.256
1,256
5 Conv 3,256 % 3 512
1,512
6 Statistic Pooling Full-seq 2 x 512
7 Segment FC 512
8  AM-Softmax # of speakers

2.1.3 EEIFIEMHKPErR B EREHZYEEE (Combination of TDNN and CNN)

PR I A (A AR PR B A I AE AR B Y 22 A - PRI It SRR Y AT 5% 2 i B
RAVETEEFATH SR > BERRAENE R RE NS ERE &N > BREHEEE R
sk ARG A/ NG R E AR RO S & S e B, - TR A A s Y o B PR
i PRy A AR A R (E L AR 8RR 1 5 A Tl o AT A W e R A A AR 4 R AR AT R
BT LA MR8 Ry WA B 2 R » PR AE (AR A 1% 28 J S R AV BT 0 » AR 78
THACHERE AR - ALRESRIR AV B OB OR » (B RFEEEIRE T 4 - (Rt IR A
& Gt T ERSHIZRRE - R 2 AUAEERA TR SRR R A e R AR R
st EREBOIA R 2~ 3~ 4~ 5 REEANER T A FEEANEAZERES 3 [ %
ZRREORBE T H FR Iy A 1o AE A U ARG (B AR SR RN RE T - (Rl i S e
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B LA AEHURFEAVRE ST -

2. RS RS
[Table 2. Network architecture of TDResNet]

# Module Structure Size

0 Input 43 Fbank-pitch(43 x T') 43

1 TDNN [t—2.t+2] 512

2 TDNN {t—21t1t+2} 512

3 TDNN {t —3.t,t+ 3} 512

4 TDNN {t —4,t,t+ 4} 512

5 TDNN {t—5.t,t +5} 512
1.512

6 ResNet 3,512 | x3 1024
1,1024
1,1024

7 ResNet 3.1024( x 3 2048
1,2048

8  Statistic Pooling Full-seq 2 x 2048

9 Segment FC 512

10 AM-Softmax # of speakers

IMAE (Li et al., 2018) Z@ o » fEETR T B PIEUA M AT AV L5 72 1 57 (Time
Delay Residual Block, TDResBlock)Z%4# » {E it B IR e AL RS AE D A B3 22 1
PR - BV FELZ RN M BB ARR G E] T EE YRR REE - A R
B8 22 6 B AR 2K B R S R i {EL AL TR (0 P S {2 e R Y IR R s [ A A T -
R 22 B R R & A [F R BE R Y & AR - [Fl > PR B4 vl 22 11 0 B3k
TIERIEYEEBAL A e AR ERERRTRR - LS B8 E R iR g 2B TR
B > NIETR M E S TR IR A G R IR - JRREUAE S -

2.2 MAbSE (Pooling)

B TR et E I E R A T L 2 A - Ry TR ISR N S R
2 HMEH [ GhostVLAD (Xie et al., 2019) /574 » 3% /7 7AEH NetVLAD AELREN
AETT KA » NetVLAD 2 —f@ w4k 73 B - E B M0E R EE S E RN R BT BCE
NEEE  HEHEZNEER P OB E RIS > A K x D K/NFE
P Vo LNy NetVLAD FHEAZ :

eakxt+bk

V(k ) = Eimt g gty e () = () (D
k=1

Hep K FORBRE B —HEETWESE > D NG —(HEVLER - BEEERTEH
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MEEBMEE > a0 b0 o EHMERIIGEEINS2E > ZAHIFTHEE F softmax > &
WA x. BINEE k AUBESR O REE RETE x BEEOAVEREE - S0 DART-FEET R A
softmax fE{F Ry EEEEAVREE - FEREFT S RARNN - B HERATA HYEE & E Rl i (R AV L 7]
& V-ifi GhostVLAD HYHUEFERA[RI1Z (SRR - A LBl A G i S EREIEHE T
WL —2K - FEFISRAEES T > REFRAEES B L E2EMRLLAFEUE FHRNE - FERZ W B R
HEBRAVEET TR R e BERREVREAR & 2 B E| R (E RS HE B AV B0 - (RIRLLEF ISR LA TR
A AL A8 By Ghost B > B RIS (E 5 7ARTHIZ - [ Ghost Bft/E S e EdF Y
S ERREN K (EEFERIMNEI G {8 Ghost Bf » &I&FHF (K +G) XD Ay
HERH K x D> G AREZHY Ghost BEFFPRE o FMHZ IR R dnsm X HAVESE - K =8>
G=2-

2.3 /LB (Loss Function)

AR By AM-Softmax fEREEIMIVRE S5 240 » UL softmax R
BHERAMFRF(Y. Liu, He & Liu, 2019) » [RELELHER ST softmax > F (M 5 i E1H¢
AM-softmax > ZIBR BRI A S HRIVRE S5 A softmax o AM-softmax $BRHEIAF
W

es-(coseyi—m)

1
L=- Z i=1 lOg es-(coseyl. s+(cos ) )

-m) , yc
+j=1,j2y;

cosOy, RFEE i (g ARV 2 PREE R 2RV AL ERZE > m AIREALER > 52
REGE > ARREAEEGZENAN  m f1 s @2 SEBLRENEES
FKAbcos6,, —m REERHE A E B E A AR AR/ N M2 F FHimSGREs = 30
m=0.2-

2.4 &kt (Back-end Scoring)

2.4.1 SHTHERGMEHIFISHT (Gaussian PLDA)

‘et oy g RN S TR G F A 3 M - TS R SR A EE ik AME 3T IER
1b > R EREEE e ABUERYE R B &R (Linear discriminant analysis,
LDA) 2Kk ARVHEFS R4S 250 4 » M R4 R AR A G SRR G M R i DA
BRI ER MBI A a8 (Adaptation) AYFHEE » Fef& LGNSR IF ARG B A
R SR HEE R HYEE ik AR T8 -

2.4.2 3ERE (Score Fusion)

Bl 24 E A ARV ERATERLES VAR > DURASERERVEFI A AT AR AR R oA
SRR Es TR T REREIRENZARI WSS T SRS FET R AR 8
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A WE 1 BRI ARG A o A B R G F A oy el i sy 28 > B —(E
FEFUHR o7 B W T 4% > W78 BOSARIS toolkit (Brummer & De Villiers, 2013) ZRFZEIE
MRS B EaHEE » FIEERERH FFSVC 2020 BH#4E -

System 5

ResNet

_ System3

PLDA
adaptation g

TDResNet-G §

System 6

B . #S R E A

[Figure 1. Schematic illustration of fusion strategy]

2.5 #EAIFEE (Model Fine-tuning)

AR R E SRR S RGN SIS - [V &7 & BUREF#E
FEEB—EET > SRR ERE » i SR AR E RSO &R
B ER ATEIES > BE DISOR SRR RN SR AT A R U E Ry PR 88 (Pre-train) (58 > £%
B E2HE (Transfer Learning)fy 7= » ( FSCAMHRBAE R EEA - (HEFTE 7 A2
{EE R EAVIFR - PRELFRAIIME A S e ol R A R A M T 1 o3 AT B AR 1 1 o3 7
FHBEOTE R RO E R > REAET B B AR S — EAIRER -

3. % E (Experimental Setup)

3.1 FlIgE&F (Training Data)

LB T HEALNY FFSVC 2020 3lll84E » $RAIZAR v JEl 51 Jr 4% > TE R B 22 Rl iE i ~ R EHE
RLARAEIRER T s B - s 5 N A E R EEmIVERAERAR - bR T EH%
BERLZ b RIEEEFREOK - PR 7¢ OpenSLR (OpenSLR, 2020) FHkEERAE R » H
P EEEETE AR AT SLR-85 (HI-MIA) » 15 T 257 & ARG EAHEF R -
Mt T S H e g N A B ER EHMIVEREE - 775E SLR-33 (AISHELL) »
SLR-38 (FreeST Chinese) > DL K SLR-68 (MAGICDATA) » [E]HF & 7 B gl S &kl YB3
M IR AN A T ERE S 7 E&CH [/ SLR-49 (VoxCeleb)#2 SLR-12 (LibriSpeech)
BERHE » IR EERH T 7 [EREERHEEH DI SER - 2RFIRATES % T
a8 R/IN(Batch Size) £y 32+ EE4A5EE 22 Fy 0.001 - i 23| 4R 25 BUR R 2 0.0001 -
FEAUFE ] Nvidia GeForce GTX 1080 Ti GPU |4 6 {i& epoch -
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3.2 &fejiEsa (Data Augmentation)
IS ERHRHERIG 58 > — B DUORED 14 50 F 7 5 g eE 2 i A AYAY 8 (M (Robustness)
iM% mam 3 (Qin, Cai & Li, 2019) AR K » fREGHVERET - JISE R EDIEERHFAE
EARAERHS > Wit A T EHEEBSIIRE > KM ERERRNERSE > FH
KALDI toolkit (Povey et al., 201 1) DAL J5 =34 s T AMAVFI SR E R » B CER 48 HS o
BHVE RPN SRR » 22 3 BB gl saBi2 Ay &R E B A J7=0 -

7 3. FFAFERT BT A E S T =

[Table 3. Data usage in the training process]

g s o mEl EERE BT VRHESR  ASRIERIISE  PLDA/PLDA Adaptation

FFSVC 2020 464 | 120 1403383 v v v

HI-MIA 296 1,157,723 v v
AISHELL 2331 1,129,626 v v
FreeST 443 102,600 v
MAGICDATA 1,080 609,550 v
VoxCeleb 7,363 1,281,762 I v v
LibriSpeech 5831 292367 i v v

3.3 BB (Acoustic Feature)

TRV R > B/ KALDI 40 4Ry FBank BT 3 4ERYEHE - W H&E—HUEEHER A
16kHz » FHERE £y 25-ms » HHERILFy 10-ms » MFRHEHEIHGE R @ (EHEREENEE S
JE M HI(Energy-based Voice Activation Detection) sk 25 9 A S AVE S H B  F B,
FH > AN EENEE SIS NG R E 2R AN - FE SRR
FREE 1 { B % S 80 TF #H /b (Cepstral Mean And Variance Normalization, CMVN) » [F{E5E
BERHEATRZ R (BTSSR RERR A -

3.4 GHEEHERGE (Development and Evaluation Data)

{5 F33E 8 5 Frfe fik Ay FFSVC 2020 BRS¢ SREibgaa e - BT BN % [E FFSVC 2020 H
REE > EIIEEEA N R o (RIGHEEOK - MR LT A S A 1 Rak i - &
SO RS SR B FRE(E R - P R B A P S SR AHIERAE SR - G DU SRR S
FEBRRE SR AR > NILRASE SR IS BEE AP ISR T - R R oRs
SRAVAFIR -

4. &5 (Result)

HAFGEILE RS T TSR E AV EFR S R ERVREE - B —HIER 4 VAL A% - oAl
fR IR A A GBS, JRE A KRR~ IR AR 2 (A A S ~ IR RS 22 AR -G (R
GhostVLAD YR FERE 2= A AR ) FIRE S AL - Al B (£ IR AR5 72 (AT AR, ~ I A 22
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RS -G MR R AU e RGBS A pa 0 DA RACs o SR & kK oy _E 1
MY ZAE > 808 o Bl S AR SRR Ry B PI38i #8 6 Primary System 1 /2 /2 WML
TR R Z A S AN A o B 5 P IR IR T 7 peh A A B R T f A A -G )
fE R Single System 1 ~ 2 A XL Single System 2 FRILE(E » FrA&ERAIE 4 Fr
F4. FFSVC 2020 =G5 EN 5/ DCF fI EER

[Table 4. Minimum DCF and EER of the FFSVC 2020 development data and
evaluation data]

Development Set Evaluation Set
Task 1 Task 2 Task 1 Task 2
PLDA PLDA Adapt PLDA PLDA Adapt
D Model minDCF EER minDCF EER minDCF EER minDCF EER minDCF EER minDCF EER
1 E-TDNN 0.9286 11.94% 09231 11.82%  0.9503 12.86%  0.9479 12.43%
2 ResNet 08755 1121% 08851 1041% 09131 1247% 09191  12.02% - - - -
3 TDResNet 08694 11.02% 08740 1023% 09220 11.6% 093 10.88% 08566 1145% 09132 1136%
4 TDResNet-G 08374 11.59% 08295 1033% 08650 12.11% 0.87 11.39% 08197 12.19% 0.899%4 12.11%
5 Fusion(2+3+4) - - - - . - 07703  9.94% 08762 1031%

4.1 BEE—%% (Single System)

Single System 1 HYAMREUINFAENE 2 AL AERE BB Tl - 1 5 TR AE PIAL 4 e B 6
(B E SR SR - AL RSB - 1ERMEUE AM-softmax > #t AFEHLESHY
SR TeHE F I SRR EE R SR R0 7 A R B - T R R (R — B AV RIER

EHS— RSO SEMMELIE SRS S R IR R B AR SORERE

N BB e < B E W FEE  DRIE AR AR A1 o A B A A M I 1) o A i 2
PREEA EHERS 8 PR F R (A — AP EE T FFSVC 2020 HI4REE( s f4R5% 1-30)

fnk SLR-85 - HEkFHNAERE “IRE - SKHE™ - iSEEAT HAVE Ry TSSO RIRTE
MRS AR > T SCARERI AT — RI{EE 255/ FFSVC 2020 %R -

(a) TDResNet (b) TDResNet-G
B 2. FFSVC2020 G245 i1 IR i BN IR HTRA KB +-SNE 2 & 1E

[Figure 2. The t-SNE visualization of the embeddings extracted from the different
model embedding layer on FFSVC 2020 development data]
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Single System 2 AIZFRH{E Single System 1 AH[FEIAVEEAUAAE - HE—HYARIFEFAE
JEPEF RS ET A B & sk GhostVLAD > 5| R &0k} LA 2 B0l S (ol iy SE & b 4h
Pt (s A t-distributed stochastic neighbor embedding (t-SNE) (Maaten & Hinton, 2008)
K53 RIS Single System 1~ 2 HYSMEREIRAGEZAL - DULEFAE A E A B ¥ i A
BB E > GRETRRE 20 WA LIS - B GhostVLAD P HUH AR YR ALL
t-SNE » rEERIREaat b - HZAEE A _EFEfE A EE# - M1E minDCF AYEF
HEEAEACE - T BEAE AU (R Single System 2 HIHEE RIFE - EHFIRAE false alarm
1 miss A [FFEEAIRIT T > Single System 2 HYEREGCREE Single System 1 4f »

4.2 4% (Primary System)

4L BOSARIS toolkit ffifrifa{& iy 24t {F f Primary System 1> S ID 2~ 3~ 4 {E &
AL » Sl H A {EEEL 53 BB RE 1R U B AR MR 1 53 AR AR AR MR 1L 53 A
#REoyEs - NILERAREERE 6 [BEREN T RAESEMERES - MEHEME K
IR 28 PR ER - HMER— b EER 9.94% » minDCF 0.7703 » 1F 22 RS EER N
thHE# 14 & 0PI EER 10.31% > minDCF  0.8762 > F 19 RS ER AT HEA 11
A

4.3 BAEESYT (Development Data Analysis)
#1¥f FFSVC 2020 BE4E > T DUERS —ATHE AEGE 2 i 4 Hlst T 251 ~ fE s sl 2R
REGERIEE > R T A - B EEHRAERE TR AR5 trials 3£ 53,996 S
RE AR R IR HIE ST - 78 53,996 SEHIE R HEE EnVic Y - RILEEHEE
R trials B8 & A LT £ -

5 B E R M B AN (5] 2SR N RS R ES W1 5 R 0.25m
Im ~ -1.5m ~ 3m J Sm 3 FIFR gk S 42 B AR EIRYCE FERE > 0.25m JRyfk 2 5 5 i Ha st
A 0.25 ARGE > DA - mEStAIFR RUCE FEBEAE R » BE s SR ss ASRUE « F4P
LEFAT 1m BYFEEE TSRS - M -1.5m AYFEEESCR R » R EULE T [ B H it PR
BEAESZ - DRI AR A SR 2 U 5 I A e

25, IR AR
[Table 5. Effects of different spatial distances]

%Eﬁﬂ/fﬂ“%t‘ Im -1.5m 3m S5m

025m | 8519 1099 1075 9312

PERMERMRITE £ 6 B MR NEREZEBNER RERITLIE -
sk MBI EA R R B 3R 1 a5 ATV - BB ARATE - 110 & PR 0
AR ARG > SR ELEE HAt A IR ARG -



NSYSU+CHT EE /2020 25575 & i [L B 7t B e 251 65

6. BN IS EEENTER

[Table 6. Each noise condition and result]

F- B/ AZE + B

T - A

S - HEMRFE

E 7 HEk F T S
F 3.922 13.06 12.15
T 10.65 625 7.543
S 9.735 8.561 17.143

RENHERNEE R T BURSER P RBE BGER » SRBUREE RN
BRI > HIORRGER - AR IEFEER - WM - EakMeisii s
PHACA > SR A -

1. BB IR R ETER

[Table 7. The average speed of each speech and the result]

sEfF /7 HIEL | Slow Normal  Fast

Slow 8.318 9.457 11.69
Normal 9.683 9.584 11.46
Fast 11.75 11.5 9.324

VR B(s) | 2.39 1.96 1.76

5. &5 (Conclusions)

BT  FFSITT FFSVC 2020 » S f I I p At AR B4 R A s B 1 AT
WHAE 2200 AR ([ BB A &+ 3 — BT A PR AT 25 A 48
BRIV AL » (DR B MRV I B A SR G M B BT S L FT A & 255 - %%
G5 BITE FFSVC 2020 FIRISE SEBIBRE e E3TeS - (0t BB I LR 2 A A D B 5
T RS IS BB T GhostVLAD 3 BB T4ttt (LG L -
4 BT & SR (75— B minDCF 0.7703 » EER 9.94% » {E(£75 — _EI
& minDCF 0.8762 > EER 10.31% -
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Bty oG B BT E > MR T 20 (rEEE > R 15 AR EN AR
BRCERER - DA F 8RR A#ET TR (mean opinion score » MOS » SE& %
NGRS R 1 57 TG E ANGESEE S fy 5 77 ) - 85 TUREEE] 300 (B4 »
IR SEIFRAT ZH0T MOS 15453 K 4.30 43 - iaFonMATAHAT Tacrtron2 £
WaveGlow fEAVHEE o] DLUIFRER & 28D & B S RERE T  ILIMIE AR &RRES
BRI F— R RIS 4T 3.5 B HhE o AURE T DLERIENRF RS S AR -

Abstract

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

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

From the experimental results, it was found that (1) the best syllable error rate
(SER) of 6.53% was achieved by the C2T module, (2) and the average MOS score
of the whole speech synthesis system evaluated by 20 listeners gains 4.30. These
results confirm that the effectiveness of integration of C2T, Tacrtron2 and
WaveGlow models. In addition, the real-time factor of the whole system achieved
1/3.5.

BRGESE © ESEIRE - EMMEERR T - QT A

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

1. 4&3% (Introduction)

SR ETEEHAORMIFERRS - &FaEMERE 34 £ lMRBFFEZERERT]
WEATRY [ EIEEES) ) o EERNRERARLSE TS RFERSE - R HET " BEER
B (FBC& - FhE - B 0 2017) - IR 2S5 H - ARETETAZHEEEHE > BER
RABRE BB ABRAG/ D - THEFEEA » KB ENGEFAEA S - #Et A E



BRI E 2 LTI BB ER AT 71

TR e BEAh > BRERE S WEAE TS IS B A TERR T > H A — e - = Y Bl
Gl -~ B BERT FE > HIAREN HEEERER  ERRKR I GREEEE 0 HF
R EEE

P G EEBIREL N - BRI —E O E el T G SRR 24
PR HEWM AT OCF R > REEEIAKREREEE T BRRATEERE - EEHE
HEsEiEEm > s asBEHEAETER - #EMELERE - LHSERFETR
BEHETEENCEIEH R LAY IR LW BRI E AVl R E -
MEEEBERGE - B —EP CFEGEE T oS IELAY B RE=
{EiE4H > EFEQ)FF PO FER LG EE (Tai-0) PFERRNEGRE#EL » QRKIGEIE
ELEHEOHEEE 28 RRQFEHGEST S HENEEGHEENERE - K » Hf DL
RSO PR S AP S S SR B A R R E S - RS REN EERA S » &N
FHFNEBRENEBEREHERESS -

i P AR ER BIRE 774 - AN AR FH PR ES B (RBMT) » ELR s Gy A7)
fRESENEE(EBMT) » DL st IEE(SMT) ("HasEIEE -~ 2020) - Gy AR AIERD Ry
(@ P 3CEE - fRIB R A S S EE TR - HIRE —(E SrEP R AVEIE L > AN RE
H ISR A 1 2 B - HEREH RN GBS UA T RE N IERE - A anvEpA —
BB HIRE R EGENGEN T - TEHNE TS - WiREEF R SOEE
o [HIWAE FBHGERERE R S8BT TS EETIEE > MEREEEAR IR
JEE VAT o B SRS REE - SistA E AR IEIR E IR RS B R P AR Y —TE T
% R EN A TRERE TS T SRS RN RN T ENRE BT
DA & SCa R A (S BE— PR S B -

B » ATKFR{E 7 (Kuo, Wang & Chen, 2004) (8 B AL - 2012) » i BLARHABL(GEREIE
ARBHE - FFESE 0 2011) 85 KER{E A (Lin & Chen, 1999)%% 3 Bl AT o AL 1T 48 S S0 P
AR & SR DS TR ES ENEEAVAHRBA 9T - Horp o BEA-ERIY (E 1999 4 > Biasie — A By
HENEE . EAES AN Mandarin to Taiwanese Min Nan Machine Translation
System( 5 A 4% (- 465€) - 1l H B EHRHE ER A &R J77A3 80— =48 B AR o2
GIEMEESEIRE - R o TR SSEIEEA > EE A (A B POS HIMTES(E
IRFE S HIMTES - NLP parser) » A BENEFEI TR EHVHESEIEEIET - {2 NLP parser A5 5k
EAE—(EE g v R - 1 ELE T A K4 5% 5347 88 55 (B FRE s 81 POS £250) - H i
e PL A A P B 20 hE - e s pnah s AR e sR - A EEUR IR =R EE S S s
a o T HARSRRE R SOAF DAL -

T AT AE 2 TR A Bl EE 7 74 Ry B A A s A B BIER(NMT) > R T SR (R Bk
4% (Neural Network) s it a5 &115% - HimE Z ALY sequence-to-sequence f574Y » {1 ]
encoder-decoder Z=f# A B2 g A AR EE = Bl B ATEE S AV E FERA (7 - NMT JoHF
F CNN =2 RNN - sRE2HE [ ZAEE = 5 E A I R IEF Y 7 51 #5045 (Sequence  Data)Hy R

! 45 > https://suisiann.ithuan.tw/



2 N F

% - 4145 encoder iy RNN 5y A —({E 2CHEE S 1Y F1% > JFIH RNN A7 AR ST
MIRER - 4miSE—(ERE (R IFEEUIVEE R R EFS o FFE decoder Iy RNN - DLH f555E
SHRESEAAE - B EE > WS T HEE S 22 MEEE ) (Lee, 2019) - B
SO DGR RER A - SOABEER -

H—J7H » HEIWEREEE G 58 PE R B g ps £ it - JTH DL Google
He Ay Tacotron2+WaveNet Vocoder #5544 - Tacotron? 7] BB DUSEMHAKHEES » T
AREFE R » 2y — T 5 | ## T Mel-Spectrogram | (5 end-to-end Z24#% - WaveNet Vocoder
BFE 4 T Mel-Spectrogram | ## 5k T Speech Waveform | - It Vocoder 43R DI1% @ 5B &K
HY S E 5L 5% P390 N - Tacotron2+WaveNet Vocoder f-EY4H & EA FRtiE HATHY
State-of-the-Art 3B &R R flT o (EIHEEEAY WaveNet Vocoder » F—1{[E L sample 5 BEA7 i
TRV YIRS 284S - sample TR —(E#E —(HIEFIRIET E4E - BREAHEEHE
KA ARG FIT L BEGESTEBREIEFE - & FHEH —MH GPU 3 fEE|
real-time FYRYAEESK o

Rl - B ATRE & & R 9T 2 B2 L & Al R TS [ R - (5140 Wave-RNN Eil WaveGlow -
Hrr > NVIDIA $2 4117 WaveGlow i WaveNet fHLL > ] DUBBHIR EAE RS 22T B A
HA G ET BRI - SRR LR R /D - 9% 1:400 » FH2 & H&) 10 LT HY
BE 0 KIEB/ I G RFC & & FREr i BN EIR &R > HHEARNEEERS S
(MOS)HIEf 2287 - WaveGlow [y /E t R #41> WaveNet -

I BN B ETER o e sequence-to-sequence + Tacotron2 + WaveGlow &5
R AR I S B B GEEsE g Ak - HIAE HEHE W AR R OoRER C2T
(Ott, Edunov, Grangier & Auli, 2018)#& fy & 28 H S » %48 Tacotron2 (Shen et al., 2018)
BT AR - 5% %1% WaveGlow (Prenger, Valle & Catanzaro, 2018) i 45t &5 i
HeEiEs o WE 1R -
Chinese Chinese to Taiwanese Speech Synthesis System

%_jz-r
WaveGlow
i i tron2

TLPA = |Vle| Spectrogram =) \\aveform wsp Speech

Hipr- - ‘)))

B 1. X G e e SRR FE

[Figure 1. Chinese text to Taiwanese speech synthesis system flow chart]
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Ryl ORI 2 &R iy C2T 884 » A A1l FR i FERY iCorpus 5= TEERNE » BAfE
Mg FWEN S ACELITERE (B2 EH M EET HAERHE) - RA
sequence-to-sequence [ S HASHE R 20 - SRR A2 AR SO > AR S 4
PR o W F R S B (S P MUY B 3B S B A R aERLE » 2| 4 Tacotron2 Eil Waveglow o
R R R SO R G PR Y RN Bl RGBT EEEA
i

2. Y NFHEHEEE TS ZLY (Chinese text to Taiwanese speech
synthesis system)

B ARFEN R 7 SRS ARl - DB S mE BN 6B T G - LT R#
—45l C2T » Tacotron2 1 WaveGlow = (BRI E FEIEE -

2.1 Chinese to Taiwanese (C2T)

A HRHY C2T £# 4 Facebook Al B 7 a2 fairseq (Ott et al., 2018) Ay ZR i #E 175/ 4
75 FH LAY IR R By fairseq {3 A 7 BE RNIN SR FIR SR FRIRED 55 Ry B 55179 CNN 2265 Fytt
B - RNN fHEL CNN A DU N 448 GEL - (1)RNN AUBALZIE R > R E SRS B A
REXTHBR I > RRENTTHRE - BECETHENE - (2JRNN {EFR IR RAVEE A - F'a%%ﬁz};éi
HY BRI R B 25 B2 S B ) 2 R (OB R (% - G A RETR R 3 ) P AV 45 R L R A
=& - (3) RNN %J\%{Iﬁﬁﬂ%} » SE—{E A E A n EITHYETREAIRGHE - HE R
P —1{E B gE R g &l 1 X

FHEEZ T » CNN 232 7 DL ERGRE » BR T RES0GT TR B &3% - Position Embedding
AR THAEEMAMERE > H CNN RERERE - nTEEE RIS e —(EE
& > B CNN e bR e fyE 2 MBI HERI % » &g CNN RIfiHe M bR iEnvE
2 [EFIHCRERE (% - CNN 7 encoder I » LA GLU {F Ry E&R M4BT - i A Bl A 0% » 74
i AZ T —E4945 & » /£ decoder I » /5 multi-hop attention 7 » encoder Y H #Ef T
HORERS - e BRGNS > EE—(EGEEH g AT attention AYHR(E > (5T
1E5-5] T~ —( attention B% > S FEF > FIAYELLX attention #3E - 7 IBM Research %
FHIMFZEEm S "Comparative Study of CNN and RNN for Natural Language Processing® (Yin,
Kann, Yu & Schitze, 2017) » 10l DIE HAF R A FECEAYETS - » EB#E RNN A9 GRU -
LSTM 255780 » CNN #5 —E B S,

2.1.1 Rl gkt (Corpus and Lexicon)

TSR C2T A » PRSI & HPATRER DU G HE TR - AR FHAEE
b B R R R b T B ST Y iCorpus » FEEERHEE L 3266 TR » 4t 83544
) o EEBERFER 558 504037 551030671 57 #EEE 501202 55~ 1028218 57 LU A& iCorpus
HIEMD CEANZS » AE 2 Fis e
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TEMy ik 5% TRRh AV ERpE Wil chai7-te7 lek8-liang7 khi3-giap8 chan3-chou7 Ban7-kok hi3-hng5 tiong5-seng
012 RERL N 3 0 1 2 Bin5-si7-sin-bun5-po3-to7

fieit AR 0 AR MR 098 EOC—BF - ui7-1i7 Toa7-na5-tin3 ¢5 Ban7-kok hi3-hng5 chan-keng chhiann-jann7-chitg-sis

B ARk BLAE AR AR AW ek toe3-tioh8 san2-giap8 pang-pai7 keng-che3 chhin3-chhi7 jin5-tiau5 soann3-khi3 »

Jikile W K U R B - siang7-boe2 hoat-seng hoe2-chai theng5-giap8 ji7-chap8-goa7-nis «

BIE {6 WA M 5500 Ml - chit-ma2 ti7 chai7-te7-lang5 5 lou2-lek8 kui-oe7

{8 09 200 m bR G AR S - khi3-giap8 e5 chan3-chou? ka-siang? tian7-si7-1ai5 hi3-kiok8 ian2-chhut -

A Y 00 B Y 5t 0 ER - phoe3-hap8 tong-siS e5 si5-khong poe3-keng?2 tiunnS-keng? tiong5-kian3 »

Rl T BUESN R R hou7 Ban7-kok hi3-hng5 na2-chhiunn7 tng2-kau3 hong-hoas si5-tai7 +

(B 2. iCorpus & F/T7EIHE
[Figure 2. iCorpus Chinese-TLPA parallel corpus]

LTI - AEEM” ChhoeTaigi Hi&EFE 7 4uh 2 Grf T aa &Rt - AEFIRY 9
AN EER AR G- PITR > St st AR S QE 3 Frn -

B anar L a1 B
1. B SR TR 87670
2. G B AR (G3GEA) 69552

3. Maryknoll &gl 55903
4. Embree &5 RE Gl 36820

5. B E b G ahigkst 27487
6. H= 8 24367
7. iTaigiTE & it 8713
8. && H GhEALBERE 1) 5301
9. GIEtHY) 1722
Kb 317526

B 3. GrEaHEE TR
[Figure 3. statistics of number of lexicon words]
RE&EEE i iR EF RS - MRXWIE—8 0 R EAHRARSKPHEN » FELH
ZIHRLIE » BOIE B EZE R G sl ea B SR 50 - e 5t o B Ry P i A0 o I sB v I )
XF o AR R R EE R G IENE W HE Y HIEN GEEEER—H— &
O E T FRRE - PR 62 B EERTIE o B a5 A 556 (iR B 225965 - FEFEGE (%
%) 88881 - abamlfrR%L 153132 -
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2.1.2 {EALE%E (Model training)

hCE S EP S B TEE SRS - AR S CITFFIIE S RIS T 0 FIFHER

sequence-to-sequence 7R AR QR 0 » B Al A1 THEHA - ot C2T BRI AR EBAIE

Hy fairseq 224 (Ott et al., 2018)#:1T73/l|%k - E A HE— encoder FHijlixEL— decoder &1 © Fijli

encoder & TR A T TR 0 oA BEE R FREU SOIRE R A & - 1% decoder

EXIRE AR RIIA attention 2 #4411 Convolutional Neural Network 2 2| G5~

!:{I encoder fE 5 » I —rth SCH E G aEPF i PATeERHE (ICorpus) » FfI E & HE TRyt
TS DU R R ENEFECEPTE Y - E 4 Frx -

A X F > R BEM® & 68 &9 8 3 A <end>

Encoder

Attention /

Decoder

Tak8. ke ho2 ' goa2 si7 kong2 tai5 gi2. e5 ki khi3 lang5

B 4. FREBEEERA
[Figure 4. C2T seg-to-seq model]

2.2 Tacotron?2

PR RSN SR 2 sBRHE AR » REILRCREN R TG B R G LU B ERHL
EIFESH » H—AREHERE Y 34 mP s GrElERRE N - STEEE 9625
%> KE4) 10.4 /]\EF - Tacotron2 &y— end-to-end J5 = (5| Sk B e m 15780 - o0 FHZRRES By
encoder-decoder + Location Sensitive Attention o {54 G BRI S SEH i A% » M8
AR QRS T TSR 3 i SR A MEE B GE S B B0 B AR R E SR Rt g
ULt a)+ » SIS » EEERE > #ERIIEZEE > FEHSRESE - BENES
Wi ik AR E A S R E A A S E S EinV R ENE - B EEYE > T8
ERE  REREEENER EBR R0 5 RAEREGEES B ZEE] > 2005)
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R RV E > F R R G P B — S —AVEIE > Q18 5 AR -

Mel Spectrogram

2 Layer 2LST™M
Pre-Net Layers

Location
Sensitive
Attention

Text

40

| — I Character Bidirectional o
— ’l Input Text Embedding Layers ]—-—[ LSTM ]

B 5. Tacotron2 JGE2E

[Figure 5. Tacotron2 flow chart]

2.3 WaveGlow

I i 5 7R 31| 4 ] 2> EEoflEE AR J [E] Tacotron2 » WaveGlow & —f& flow-based generative
networks - &5 Glow A1 WaveNet (Y5 - LL*HJ/\ﬁTEE@ﬁEBZZ*E (BRI
%%E%Eﬁiﬁ{l?ﬁ%@_ﬁi_ﬁ%)”ﬁ A —E il An 2 0GRk R FREN z B AT R
Bl E R ERES » WE 6 ik -

mel spectrogram mel spectrogram

Train Synthesis

[E7 6. WaveGlow 3lj4# & 5t 1872

[Figure 6. WaveGlow process of synthesis and training]

A SREF IR R R Z cost function 5[ - 5 5CH ] ek =0k - B B2 AN H
BREE RIVERSE X S B — Bos i o i 2 PR B 8 2 Y22 A0AERNISRIF PR mapping
el Ry r] ek =X > WaveGlow 28 pless AU eI BT A] (R IR P 2 8 z Z= Rl HUBRHUGS IR - &K
LR el AR BLEREEE TP AE x a?ﬁﬁi‘%ﬁ%%?*tﬁéﬁ%%%éﬂﬁﬁqj
EREHGENRESE ARRBEREENDSENVEESE BEETGI0EEX
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FEEREE ORFEL > 2005) - A& 7 o

A
Z B '
~ X X
s e v N o
| affine | T
' | coupling layer | | affine
X12 | | EN ! xform
| invertible 1x1 | | . ot 2
| convolution : » WN
‘_____qqk _____ I | 4
squeeze to o X5
vectors
X upsampled
mel-spectrogram

B 7. WaveGlow 4ERS 457415

[Figure 7. WaveGlow network structure diagram]

3. P NFHEHEE EZTEKEE~LY (Website of Chinese text to
Taiwanese speech synthesis system)

PEECR RSB E Z X E G BT G AN - CAREE A EA - s 8u R
http://140.115.54.90:31810/ - ff & A 3505 - 1% N & EdE st se i U B R & 585E
e — R BB G R P S LA Hﬁ&ﬁ?‘ﬁﬁ/\éé‘éﬁ%ﬁ’%ﬁﬁ
fir 1A TR & 48 1A% E = T DU AR [EI 3 5 7 A & GEE = 8 R Ry AL
ZERAE N - MEZALESIRER LIRS C2T HashlE "F??Z%YEZ%&EE’I\FH Z
BEERR SRR ER B - SR — R A3 Tacotron2+WaveGlow -

Hp > WSt U e ENER R v DA R » 45t =NBNERAV &S R R B T S o
REENEEE » IRV ZEFIER N O SRR EHEN GBI S - B A G R E
a8 & SR R SO R B m B 1 S5 —fEE B o E « A sy THRAE Eﬁﬁaj:/\%éJ ’
st R BIEE4E B 5 T hian7 tsai7 si7 mng2 siong7 pehd tiam2 | » N EIEHEAY S EESS
Maexay iz EEnng (B | FEE% " tsitd mal si7 am3 si5 pehd tiam2 | > TEEEEE’]
araad s o RILEERHL I# RN o, BasEilE > BEAMER -
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Ak Chinese to Taiwanese Text-to-Speech(TTS)

Yuan-Fu Liao, National Taipei University of Technology, yfliao@ntut.edu.tw

Update by Wen-Han Hsu ({5888 ir5...)

2020/11/09 13:00 — E3i1# 28 #:¥ Seq2Seq-based C2T

3 b
= 5 ? =
Approach: s T, A=) + — ! .,']

o ey " p == | *a
o o S

= ] x = T
== : —

[Seq2S SE T

Key in Chinese sentences ( #ASX=F ) :

|AZF  mESFSENERA -

Show TLPA and speak Taiwanese ( BiZH SR HETNSE) Just show TLPA ( 8IS )
« TLPA display :

tak8 ket ho2 , gua2 si7 e7 kong2 tai5 gi2 e5 ki1 khi3 lang5 .

Finish!

Synthesized speech:

P 0:03/0:03 e——— )

[B78. X G aEE 5 IR

[Figure 8. Website of Chinese text to Taiwanese speech synthesis system]
4. BEx (Experiment)

4.1 C2TREEEEE (C2T efficacy experiment)

Rz C2T 1Ry Hi| A=l A TR T TR MG, - B — Ry th S 7B iR el 1% » )
B & (e F M - Bk & EE A GEPY - WIS REE R SFEE G&PE - W
F LR BT R FERER REEIE - MR 2R A=K
RS RS L G P o R GRE BRI - R 3R -
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K. PG EH BT 71
[Table 1. Chinese to TLPA”Hyphenation/ Part of speech]

P | M SRETEETE » AARIET 20 FAESIEE G
TS OISR -

B | MEC S OF BT ZESE 0 A % mH HC 20
WM @R BEA HE o ft § O HC W BEDH
wHA -

REiER Nb Nd D VC Na COMMACATEGORY D D VJ Nh Neu

Nf Ng P Nb Na VC COMMACATEGORY Nh D VK Nh
Ncd VJ Nc PERIODCATEGORY

SEEPFEN | poo3”B/Nb  tat8"I/Nb  jin5*E/Nb kim1~S/Nd tsiong3"S/D tsip4"B/VC
BsE/zE | hingS"E/VC an”B/Na lok8™/Na si2"E/Na , khiok"S/D tut8"B/D jian5™E/D
pok8”"B/VJ chhut*E/VJ ka”B/Nh ki7"E/Nh ji7"B/Neu tsap8"E/Neu ni5"S/Nf
tsing5"S/Ng cho”S/P hu7i*B/Nb la5i"E/Nb the2”B/Na iok8"I/Na tai5"E/Na
hong"B/VC sat"E/VC , i"S/Nh bo5"S/D tong2"S/VK ka”B/Nh ki7~E/Nh
to2”B/Ncd ui7*"E/Ncd tioh8"B/VJ choe7"/VJ kau3"E/VJ tian7~B/Nc si7*l/Nc
tai5"E/Nc .

K2 PXBBEEHE
[Table 2. Chinese to TLPA]

FSCAT | PORITEEEESL > SHFR > BN -

P | Tiong iang lius heng5 ek8 cheng5 chi2 hui tiong sim , kin a2 jit8 piau2 si7 , kok
lai7 bo5 sin cheng? chin2 ko3 an3 .

3. PG
[Table 3. Chinese to words of TLPA]

AT | BRIVS LT PTT 5 [SBEGEF 2R O0HE S -
Gegaa | li2-tiunn2-e5 gian5-lun7 ti7 PTT in2-huat4 jiat8-gi7 tsiann5-tse7 bang7-iu2

hunl-ue7 .

Ry DL =Hd C2T #E=CHYRAE » FefM 2L iCorpus & A TaB R B gk BT T I -
EEE R EFE GRS iCorpus(78821 1)) Bl & g L £ 52(225965 &l f6R) » MU 73 = (1 45 -
A5 Train 90% - Valid 5% > Test 5% o %4550 DL Perplexity » 5 Word error rate(WER)
RETELER - FREFREL T » FH—FHA=0 WER 73515 25.265% » 7.102%LA
5 9.211% o REFEREFIE N T » B —FH= =1 WER 4351 % 18.660% > 6.530%L4
J% 8.699% - &7 FEHRISA > M T S0 T B B B S P E VSR R fE 0 A00E 9
Firw o RIEASC . C2T s8R F R P S E A Ry G SR PR AVEHROE » DIFIBE 2RIV &

shnn 5 o LA -
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Syllable-level WER (tonal/toneless)

30.00%
25.27%
25.00%
20.00%
15.66%
15.00%
9.21% 8.70%
10.00% 7.10% 6.53% ’
0.00%
B — fE A=

B 9. C2T #5ZEELLEE
[Figure 9. C2T Syllable-level WER]

4.2 Tacotron2+WaveGlow & i E S fu B E B (Tacotron2+WaveGlow

synthesized speech quallty experlment)
RSB LFHY 15 A& R E R L Google R EL » GBHI—fe N ¥ &) T B HE T3
7y o BESEE S NABREER BB BN EER R - EIREIERRY " &8, % L0 F( 5.0
g3 e ?1&%2‘% 1.0 7y Ryfxeiities NSsEmE S im0 Ry 5.0 0 Ry B B AGEsEM
B - SRR AL - BAIBGE O IRISTM R - #ubiA 20 frfEEsto - R 4 2
S1 F| S15 (3 15 M EENE » Ry T ARt A E BN B SR R BT
HEEmBENRD - frAEFEAEBATRIEGEHT - BEENMABGERGEY
TRBGEERUEIE - SEPEE I E LS EAE T E ) ) - ERESERZ e EE 10
Fr7is o

HE4E 300 FEFETERL > A8 E 7455 (mean opinion score » MOS)&Y £y 4.30 57 o
BB ERATE A < 15 {EE1E & b Ao o H &1k > I &0 A RIS AT Y
Tacrtron2 B WaveGlow fHAURETE o] DUERES B BRI BN B S 2 Gebsi o -
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KA. AP XEE 9B

[Table 4. Chinese sentence content for experiment]
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S1 | RZ4r > FEGHGEHEA

S2 | SHIRIBIERIRE SV E BT 08

S3 | SR —FHEA > RAFLIEH KEN

S4 | —THWE=TUHEL T NECHEE 3T

S5 |RRElHE GBS L - B EERATSRTE &

S6 | EUEAT KAV - SRttt FAY AP 5

S7 | BAEEM: b/ kL > A A\ s R T

S8 | e
MEE

BISREIRAN:55E ~ Ik ~ FEEY ~ JAE ~ TREY ~ PRI - hRdl - Bets - SRR 2R

S9 | EEBILHT > EAMEEREEEREIELIK

S10 |MZTHERE - ET#ERE - B T/K0K  FEHK

S11 |HERMIERF > FeMIRAITEHEE AR

S12 Sk > BRI R

S13 | EUIGES - SERA %A

S14 | HRERGEA T AEAH T - oo ULIARE 8 SR R IR 2 SN

S15 | RIS B HAYRE - Sh0E RAYHE

5 - = 28 =
[ J ] 0.15 i
neErn OJL 0.5 | (ls

45 Tolizs 5 03 50{175 || 0la75 ‘ X

4.304 — — -

2 1 4 |45 R b4 )

T oy

R = g | 05 5 L = |

g L] o1 =

=

1

5 351 SERTE

3 Y ¥ Y
25 J 15 vy 4 2 2 2
S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14 S15
IR

[ 10. &/t & in B B aia R

[Figure 10. Box-plot of experimental results]
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4.3 WaveGlowsEZ &R EEE (WaveGlow speech synthesis speed
experiment)
HEFH WaveGlow & E & ki Y 47 B E P IR Y EE F SR EE » % 5 A (EfEHEN
WaveGlow &l & g ny 2R B B > BRI BE (i S b -
Z5. WaveGlow 24t iF/[FE Ly

[Table 5. WaveGlow synthesis speed experiment]
iR 5.83 | 4.25 7.48 3.96 9.16

BT ER 1.90 | 1.22 1.83 1.08 2.74

FZ% 5 W] LUGAI > ASC ) WaveGlow —Fh&r &k 3.5 FhEYEHE - HHELIRIG &
BIEIFE G181 WaveNet - EL48 m] DUE FIRII & plHy s -

5. &&am(Conclusion)

PR Ay C2T #25F05E » H iy CER {8 A& 6.53% - ¥/~ sequence-to-sequence AT
B 0] DR A SOOCA  BIERR O EMERY S 2R P S & - GaEsE & & Y MOS #5347 £y 4.30
77 > i Tacrtron2+WaveGlow U 7] DUEMER & 28 PF & SRiE G eEaE E « H RS
EE AR R EE 3.5 W EE - ERHIFEE SN EK - HU EEEGS
RO L EEss AT SOl FE AR B I EL » EE A SR ERRL - R B ERY
e TR DL R GeEsEk) > #— P C2T fYIEHER » EERGEEHIEARE -
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BN REREEAIHREBEE R A EZ
S e B R EE A 5T
The Preliminary Study of Robust Speech

Feature Extraction based on Maximizing the

Accuracy of States in Deep Acoustic Models

RIS ~ A& E

Li-Chia Chang and Jeih-weih Hung

T

FEAFE > JMPE TR s M EE Z R AT > DA s HE
BREE T HEE PR ASAE © U RO A 8 5 ek a8 P 1R Uiy R A ER AR AU P2
HRATERR - £ E RIS R RIS T - R A R 2 - B2
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FENAYSRIEM: - A HoAt e i SR DU SRR (R PRI - AT ZERT
PE AT Rl B S TR E/ N B GRER A (EES -

TER EERT - FAERT TIMIT o BIEBRE AR - B ERsS REURATHE
TR R EEEEACE MR - A A RO RS R R B R AR
JE&Z BRI N ER B HYE R AR AL T ARRRE KR (E(E -

Abstract

In this study, we focus on developing a novel speech feature extraction technique
to achieve noise-robust speech recognition, which employs the information from
the backend acoustic models. Without further retraining and adapting the backend
acoustic models, we use deep neural networks to learn the front-end acoustic
speech feature representation that can achieve the maximum state accuracy

NERVAS T YN AL
Department of Electrical Engineering, National Chi Nan University
E-mail: s108323518@maill.ncnu.edu.tw; jwhung@ncnu.edu.tw
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obtained from the original acoustic models. Compared with the robustness methods
that retrain or adapt acoustic models, the presented method exhibits the advantages
of lower computational complexity and faster training.

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

Keywords: Noise-robust Speech Feature, Speech Recognition, Deep Learning
MRSEEE ¢ AEEHORIENE 2 SE TR E - SEE PR - Y
1. 4&3% (Introduction)

TERS I B ELAERERTS - T4 - BhEEss - 5% - EEgRansgE &
PPy A& R m B a5 B FTEGERAYRROK - TRiE Sese IR s - SEE RV DIREFIIE
M (BB O H)  sBEme B ) & —EEEEEAIRE - 280 » BE SR
RS ETER - TE e R G TR T At - HILEGR T HiEE S DhReFIE M
HIMERE - B TR EREIIECERER B E THEAURES » A% TF2K - EITT&ME
B 5% tH 2 TR il 2R PR B2 S R0 ~ DACSCEERE = FERBARYINRE < T3 1| » fEARBH SR
PR eE = ENSR FhOp M A AT BV RERE - f2Ht T —EEFTH N IR Set B e
W BT B 70 -

SEE R AR T o BRI SR AR AR T RE S WA 58 S s Y i B A RE IS DL R Y
SRHYERERE b oo Ry T IR RN E Wi Bt T R A R E AR T 2
v o 40 /i Ui T 5 BE 3 (front-end  signal processing) o 2 22 45 40 A Y (acoustic  feature
representation)f171% I 45 A (back-end acoustic model)& -

EE B EIAU EF - Bl - 5% 5% (relative spectral analysis, RASTA)
(Hermansky & Morgan, 1994)35 & — Il s i £ A a Y fe (R AR T 2R OR, 25 - HEFIAERE
B AR R Y B O RS o] DU AT E ER 9k R IR EE B AV R 93 0 #F #AHY RASTA-PLP
(Hermansky, Morgan, Bayya & Kohn, 1991)sEZ R mah /2 i U A1 4R M {51 (perceptual
linear prediction, PLP) (Hermansky, 1990)/J5E 248 RASTA BRHE - [Ih4h - HaEE R
T 5 HETT N [5] P& 4R i TE AR b 0] 7 280 JRiss 1| S BRI & R 4 s R UTHE > b oe Fh
Fi5 CHEE I mT DAEI s (A BRI 52 88 FERAAY A B 3G E39 1E R (LA (mean normalization,
MN) (Liu, Stern, Huang & Acero, 1993) - E=#i L% (mean and variance normalization, MVN)
(Viikki & Laurila, 1998)f14% 51 [E <F (b £ (histogram equalization, HEQ) (Torre et al., 2005) >
EAITESY BISE SR RIEAUL T T © IS R - MR -

T 1% i S A o R ERASIRY 7 SR B A S A A SR L E T A ER BT N AR A
BRI — ALY T A B A i K 1% B R i JE L Y (maximum: a posteriori
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adaptation, MAP) (Su, Tsao, Wu & Jean, 2013) ~ £ A {214 [A]EF (maximum likelihood
linear regression, MLLR) (Stolcke, Ferrer, Kajarekar, Shriberg & Venkataraman, 2005) £ &
RAUIA LR M A (maximum likelihood linear transformation, MLLT) (Gales, 1998)J& F i &
BRI 28 (B BRI YRy S35 B s Sl ) e TR - phAh - SR
B EER R IR VRS HEEETISRHY Bt - DU S B B S s
HUERESS » B4 - (EEEE PR - &/ IME/rBHsE R (minimum classification error, MCE)
(Juang, Hou & Lee, 1997)f B 50 =02 (L ELHER 42 JBAE 3 » T F R issn Airy3E
] AR K st pEas o iV B Z #5555 (minimum phone error, MPE) (Povey, 2003)
FlEz/IMEEE #E 5% (minimum word error, MWE) (Kuo & Chen, 2005)F15-HY& E215 A1 5| 48 H
el s E R R A MBI P sE R AT R ST -

FEA AT A AR g 148 4945 (deep neural network, DNN)RCITHYZES N - sE 2 FREAY
A&l 7 7AEMS B T B LS A (E T S S AYRIEE » I fEsE S e beais T
AIPAEF] DNN &8 K & R PR GE = Bl FeE 5 - AKEEE 5 Z [EAYILIE (mapping)
B8 %5 (7 R B (R I LA B2 A5 Y 7 1) » DNIN RIS A B0 B 22 e TR U T 4R Y 702 -
540 - ANN-HMM(artificial neural network-hidden Markov model) (Bourlard & Morgan,
1994) B ) 24 #5 HH ANN BERSHEM (5 HEE S RHBEY AIZA 7 80 BE4h » TANDEM Z:%¢
(Hermansky, Ellis & Sharma, 2000)3/I[%k DNN 7 £ 3B = Ry et AR HAF RHEES1
HYE NS T SR ARy B AR A - B9 th o ds e D7 VA P AR B S s - [EIR
H#r > HESEE# (bottleneck feature){if(Grezl, Karafiat, Kontar & Cernocky, 2007)H#EH! T
ANN HyH I RHEBUE Ry (B SRR A - ] DUE RO AR & H PR B -

Fipl — 42 WY 2 - HIA 56 & 9810 B0 M8 4 55 & FF 809 B 5 (Han, He, Bagchi,
Fosler-Lussier & Wang, 2015) 5 £ iR EE & a5k B0E HARF A o 2 4 3R iy I
I0fE - IS R B BRI B B (regression) T - AL » fEHJT7AH DNN HYH
R 28 (5 F 19 77 82 7 (mean squared error, MSE)E B84 8 - #5HH & /M EARE 7 DNN
AU 8« 2RI > AESHAS JT/ARIMERERT - 8 & (0 F Hofth — e 2B AV AR - BlIdEE & in
B 1R AIEE (& (perceptual evaluation of speech quality, PESQ) (Rix, Beerends, Hollier &
Hekstra, 2001) - 45 15 &2 REHEE (short-time objective intelligibility, STOI) (Taal, Hendriks,
Heusdens & Jensen, 2010)=k a3 ¢35 (word error rate, WER) - 32 S65P{L /0 80N — B Bl H
‘R MR ARsE S Z M9 773572 (MSE) A BRI AHRH » 7REI DNN 314k 5 AR BT 45
TR RIBEFEE MSE SR mT EHER T 5 SeR G o 8 - AL - (F—LLiiE B 38
AR R B G = 58 (B 741 (Zhang, Zhang & Gao, 2018) - H %Kt PESQ #1 STOI 1 £y
DNN UGSy B RS ~ MDA AL - &S AP HYRRE -

Z |yt s F At SR B &% (Fu, Liao, Tsao & Lin, 2019; Xia & Bao, 2014) » AHF5L
PR — AL RS B 2 s M R U HL YT 702 A T B MSE S RfAY B AR
AN SR L T (e P A - AR LR 505 T B FIE A Y B AR e B2 S E B S R TS T
HERY R SR A H ARG 51 (state sequence) BREL B IRRE P IR 2 N HYKEHERS » BLEE ¥
A RS TS A ELEERIAERE - TS 2 > FeMall SR — (B0 S AR 44 A A T 58 B R A
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B HPUR KA AR = 58 5 WAk 2 40 o 12 U 22 22158 2GR AR Y 1£ B 14 R (posterior
probability) o PP IS E A a8 & R EUE W b T R B R AA s 0 1L HEA
BN SR

FELUTERT - I aEFie B S REIEEUT A - PR ERIRrREEL il REHY (B
B o NRHETTERRELIITEER o MR LLAGERFEL -

2. BN RAEAR B A E I EEZ I EBHERECE (Proposed Method: Feature

Extraction based on Maximizing State Accuracy)

TEAMTEF » B MR T — R RS B 2 s st S R U ECE - B )TABMER
R FAARE S W A BRI PURRE ST o (HID R S AR A (S PR R B AR A
T AT SR R AR Fr( FHAY B AT eR S B B SR T A B A AR %ﬁﬁﬁ
B2 RO AN FEAA B A A TR T R B E E R TS0

M 1% i Bt =0 AT R E2 58S (hidden Markov model, HMM)$SERREE 51 g 1‘5
WNEHERFY § (ERZFEERETYIEEZ HMM BYIRER 1) BV DS CRETER )
BeANAL o ZITENRAREAIE 1 AR - BERELITAPER

FE L:

#5255 RE (clean-condition) 5% £ B3l 4k 82 81 2% iR (IR B8 (multi-condition) HY 31| & 5 H 1Y &5
{iil 5] F-5+HH MFCC Bl FBANK FH# P51 » 2 125172 12 e RHEUF 71 (58 F S (B B S 58
TEHEIA(Viikki & Laurila, 1998)iIDABERE » 18 LR LA{0.} Fo/r » HtE HHENZE S| -
SEE 2

FIHIEISREE Y MFCC %45 - %3 Kaldi (Povey et al., 2011)Frf AR o)l Sk B
Z (monophone) B = 78 3 Z (triphone) HY = B R & (Gaussian mixture model) — & = 1]
5 [ B (GMM-HMM) = (673 — 32002 (eI SOBFE P » G VLS R4 7 (linear
discriminant analysis, LDA) (Haeb-Umbach & Ney, 1992) - &% A AH{LUE 4514 4 (Gales,
1998) F1 =5 =& [ 44 FE 3)I| 4 (speaker adaptive training, SAT) (Anastasakos, McDonough,
Schwartz & Makhoul, 1996) 2§ fi 55 52 /1 A LA AU 31| Gk ARt fE A RSB S R b - Y‘Jllﬁiﬁ
% > IS RISE P EEE P YIRE GMM-HMM A5 (aligned) 2 AREER51 G
IR RE P 71 4 B A A = 5 A -

HEE 3:

FEHAER 1 e 23ISR T FBANK RHE DL SV BR 2 P 2 R ECE IERY & SR ARG P
YRR - FFIEISRAHERY DNN-HMM 222458 (Hinton et al., 2012) » HHEEZHERES
F180, s HH TR RE IS 8 g, < TR YA [RIIE /& — (8 20 Te o JHAY R » 72 DNN B8
1% — g o] LA A B R o AR BB 2 2 - (R EAVE » T2 2 FREAIREER
(multi-condition) iy 3l 48 52 2R 5l S A B2 A A - HLEE S AR 9R I2 A T R [F 7 B B AR Ak B
(signal-to-noise ratio, SNR)FYZERH » AL ?E,Hﬂﬁiéﬁ DNN-HMM g7 L {d FH 2 3R AR Y
Al SR A A AR R FLA S A AT DR RE
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BEAh - B A2 FARER AT SRR (LR EER SR M B[R AARZ F B AN
) > SBHMI%E—2 DNN-HMM > # [t DNN-HMM > F{M i A2 R ok HLE Ak
REFPHIq - BAMHE B R E B IRRE P51 (ground-truth state sequence) » BRI B2 FHEZ FEEH
K5 0 RAEHENTE -
4
LB BR R R AL o TP Te 68— (i 25 5 FE 148 4% (denoising network) » FH A
FAaRE S R o, S0, WTHTR ¢

o; = fpn(0r) (1)

Hepfpon OFR RIS 2 KR SEEs et B - HalloR B 2 8RR zlo £V BE 3 PRIy
DNN-HMM # > =] DLFHIH B T B IRRE A R B ARG F 31 - HEER T -

fon = argmaxg(Acc(q,q" = g(f(0,) | D) @)

HrpAZ DNN-HMM BB ~ g 2 —{E%5 e M ARUART— (I er 8 - ARz AR TRy L (0,)
¥ Y e = AH DS (maximum - likelihood) RBEFF51 @' ~ g 2HAET— PRI 2 HEIRE
FF%1(ground-truth state sequence) ~ Acciz B EAE LU (log-likelihood) e #s - FHRYERE ' MH
g HUKETER

BRI AR R AR fpn 1% (EWERAERE T TR A R B EE 2y
o A E TR o, - A& Rrotm AR A (fR/HE 45/ 6K) DNN-HMM B EL 5 Bl h =
I~ 73 Al AR B s A B IR BB P 511 BiLgE P 371 - B4R o, AHEL » ¥rFifso THIHA
FORPLEREE ST - RUR B R 2543114k DNN-HMM E B N RIEHY » WA 2361 SR
DNN-HMM Frigtkiy B E RS - HE RIS T IR HI B2 5B & 5 [0
HRHTRHEL o Fr FERYIRRE P21 - HHEN R YA o TS EE B AREIREHERES -
L e AP Bk o 34 e s A i (R R B B

W S, 2, 3
I st HFBANKf, 3|£kGMM-HMMfo
il DNN-HMM # Al

954 H
IR R S oy
SRk AR

DNN-HMM

Acc l

L st

th %75 4% - DNN-HMM
A 94,75 D R AR T A

O 7 ) % -
[Figure 1. The flowchart of the presented method]
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(I P45 J5 5 22 (mean squared error, MSE){E RyfE < el #y.2 DNN SKEUiIE
SEE T AR (Garofolo, Lamel, Fisher, Fiscus & Pallett, 1993) » M7 7E2EH
DUT 7EAE (B,

1. PV AR RAYHTERAE RS H) R AR AR T - S L AR AR AEAE T
o T PN S W57 3453%5 (word error rate, WER) « FEEITTT - EHERME
3l SRR N R B R B R G2 FRE S RHE s IRV E 73R 2 (MSE) Y DNN Hiiadis -
A REFAE AT — = ETE amay B A CECRTRE » WA RECREBTE RNV R HER IR T PR
PR

2. FAMIEIITEBRF 2 R SRR 7 1S GMM-HMM H1 DNN-HMM B E45ERT - FE 3|
BRI g &SR - B2 > TAMITHINE (E A B it 05 R 52 s e a2
ZEM > LRI A A RS AT 2R T DA A R eE SRR B - HER R SR - 1R
A R R R i J A B O R G RE B R Uk B S R I Y B2 - (IR Y ZEET
o PR ARl E B P S e i T IS SR -

3. EEE%E (Experimental Setup)

FAMIEHZA Y TIMIT ke (Garofolo et al., 1993) #E1T8 &g - TIMIT && K B A E M5
M EMNER B ENER » HE R e S 2/ EF5] > TIMIT fiysEs
FERMIOEHEE B b A EINSRFUHEASE - EIlSREEA L BRIEFEAIIR R 2 B4 > T2
{5 FH 25 A5 (R A& (multi-condition) Y EII 4 4E - SofEEHkEE 1000 AjRzHEEE ~ FHERIE AR
[l feERE R A [F] 3R A EL (signal-to-noise ratio, SNR)AYERA-T-18 - #EsflA =7 77 /5] & - Babble~
Car ~ Street » [jEfEEEA FEZEL > o5k -5dB~0dB~5dB ~ 10 dB #1115 dB » Kt
FlSfEESLA 15,000 AJREE o EMEEER) B B T Bl SRR [E Y 400 AJRZ 5 » 5
43 B8 A =38R (White, Engine 1 Jackhammer) % 7<f&EzH &L (-6 dB, -3 dB, 0 dB, 3 dB, 6
dB A1 12 dB)AYHEEA T8 - HF 7,200 HJEEE ©

SR EE TR HYEE B R EUH IR 41T SCAHRR (context-dependent) 1y = 75 & 2 (tri-phone)
B A T SRR A [F Y 45RE > o3 BE GMM-HMM 1 DNN-HMM » G5
&t > GMM-HMM #1 DNN-HMM 73 52 {EH GMM 1 DNN R HMM #Y & 18R 58 - ¥
¥ GMM-HMM - f5:{E BL & 22 (monophone) iy 28 & sl SR fIES = o AU HH B A 3 (EIRREHY
HMM(&& 3 1000 {[E Gaussian)sk 227 i &HE =& ZHEA 3 (E{AEEHT HMM 2KER -
#a 3L 2500 {5 leaves- #8374 15000 {[E Gaussian« th4h - 1F = s Z Y| Sk #AFH - 7 LDA -
MLLT #1 SAT [EFREEEFiE - 55— J7m > ¥/ DNN Hy%EHS - (EH T 5 @R -
{8l 7 g . 2 1024 {EEfES - 3 H o7 i3 %] DNN-HMM Hr 74 = 2805 01 B 5 1Y 9 {18 14
1rigi R - h DNN B3N8k A Dropout 7% » ELf5I Ry 15% » #E7T 24 {[# epochs FI{E H SGD
EALES 07 HL{H A 50t (DU (log-likelinood) {F Fy AR EEL » (RIS BLTIISR - & =iy
BT ZAEREE - AR/ ME « FefEEH Kaldi T H5&(Povey et al., 2011)5K&l
# GMM-HMM - ] Pytorch-Kaldi (Ravanelli, Parcollet & Bengio, 2019) T & RI| A Al
DNN-HMM -
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Itah > FEiE Kaldi fYREEERRT - MRS T AR SEE S 1 =Tt ANRE S
Bl (tri-gram) o

AN SRR F AV EHEEE A - FRAFICEA 69 4ERY FBANK Rifgl (-l S HE 23 4
9 FBANK L) Jz E delta 1 delta-delta » BHERE £y 20 ZF) » FRALFE 10 ZF)) KIEF
E:tiF5 2 (baseline feature) - FoH2 HAIFEIS: DNN FEZLKF FBANK 1 Ryl A » #2082 F{E =
B AV BRE A RO > DUETTIR M - A% DNN BALZE —(E SRR 4g4%
(convolutional network) - B4 4 {iEAHE R~ Hy—4GHE kernel (%5 30 - kernel
K/NFy 5 > padding #05s 2 < [R4h BN EGEREEAFEMEMEBENSEERE > SBE
759 {EETRL o B RS R EUR A MEEOR B EI(ReLU) « 5% R AEZL Y SR AR
Fi Adam {B{L25#E77 T 30 & epochs i (i A 1 E0HH (UL (log-likelihood) E /2y H A2 Rk 8 <

4. EEGERES G (Experimental Results and Discussions)

TEAREE T - 2R ERGE RN - K 77w - F IR AR Hay )7k

Ry B KA SRR RE RS %A » 943 Ry "maximum state accuracy™ A4 5 "MSA"E IR

G0 > FRAPEE T WA R 2 oA LR A TER R - 70 Al Ry die /N B U7 5 722 R R A e o £ A
(minimum mean-square error short-time spectral amplitude estimation, #5%55% MMSE-STSA)
(Ephraim & Malah, 1984) » R FEAELEFI3E % (ideal ratio masking, #E%S A IRM) (Wang,

2005) © [EA1 - PRAFTER —FE ALY DNN SREEFERRT iy 7572 (Han et al., 2015)#E1TEE
BT 0 5% 0705 T S PR 48 4845 (DNN) st A ny FBANK $ifg - A1 B g IMb
2 kel oS R — 520 F#C $ (noisy-clean pair) Z 5B Y FBANK Rifel 2 MY 5 e
(mean squared error, MSE)ZcEEEL DNN - i2fE /5 74%8 & feature-based MSE - 4E%S &
FMSE -

TEE - T EEBRESE oy Ry R El o7 73 il e 2 R3]l @i =X (multi-condition training
mode)F15Z ) F R BEF 4 15 = (clean-condition training mode)  {E 153 EAVE » FRFTEE LAY
7375 MSA IR AT M {ERE T B s 25 R 3| SRR P B2 8 T 1S B MR
s SR AR AV R s B R U W R = T AT S E AE 3R BT -

o (gl SRAE = (multi-condition training mode) > 45 5 BiE

& FH 25k (31| Sk 52 Pl S T A5 YR B2 R B > % 1~ 3% 2 B2 3 31 T 3|V 374 MSA

S = F@EEEE FMSE-MMSE-STSA B IRM 7E = fE FEstUHIEA S P 1S 5§ 5% %2 (word error

rate, WER) - {5 /FEHJ/E * MMSE-STSA 8 IRM ZfEzE & ia (A R A RIS HEE

A WARERRIISRE 2584 - [RRZRMZATE R - &M ERER PRI HRE

AR 2 S S e BRI i - fEE =R » MIA DU EIEAER -

1. PEME o &AM Jackhammer FEHIREE H15 2RV S8R R BHZAR White 1
Engine #EEHEREEHY WER » 32 3HHER White 1 Engine FEEHAHEL » Jackhammer ZEEH 5
FEE NS R EEYN o (R AT 7 /A A= Jackhammer FEaH TR
T st R (baseline) » JERIHEE S LBORBIEREBUT AT RE G HHEE/ D IVEEA] 5]
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R R 7

AFE L AEHERIAE -

#7> MMSE-STSA El IRM WifdizE & 58 LA S » MMSE-STSA ZURBAZALE IRM 2 >
HEEEE SRS RS A $E R > [ IRM BN R E RS R = HEEEE Y
SNR B/ INEERRGAE R - LSRRI EES TeE g b A r St EawE - =
FRBERRBET 7B & Wk S eSS -

£ White F1 Engine ZEaEE b > BrHEHAT MSA JE{EA S8 SNR B2 T 1] DUE SIS
AR SRR - A H S BE A 57k > E58 T MSA FEHiE S B S B IR RE RS -
T U R T SR (R I U R - FERIAYE  BrER AT MSA thi g
B > HANGRATE 2 555 B & R EE I E 2 IEEE 2 White ZE5HEEL Engine FE:H -
Rl » MSA TERAERRE FEUR I H—f%{b(generalization){JEE T » FEARFIFEE  (Unseen
noise)iREE I~ > (ol He sl RHEI R e -

FMSE J5758 F 1 e/ IMEFEREE S FIRZ FaE 2 H FBANK R ffyg 15572 (MSE) »
R FRTAFERE R T R LR RS R 2 - WE 2 AT - Erl g
R H R BB LISV R UCHC - 251 FMSE J5 A s Y sE S R U T A R =Y
PrmErey > S—(EEKRE > £ FMSE s 51y DNN B EES I sE R - AL A
TR R E R R B R -

L. BEEAFIFECE “White” FRIHELE TR ERE &R - MSA ~FMSE -
MMSE-STSA #7IRM AriZrza#238#(WER, %)

[Table 1. Word error rates (WER, %) achieved by different methods (baseline, MSA,
FMSE, MMSE-STSA and IRM) for the White noise-corrupted test set under the
multi-condition-training mode]

Signal-to-noise ratio (SNR)
-6 dB -3dB 0dB 3dB 6 dB 12dB
baseline 66.1 62.1 57.0 49.8 44.8 34.4
MSA 65.5 61.0 54.9 48.9 43.2 34.7*
FMSE 69.2* 63.3* 57.2* 50.4* 44.8 35.3*
MMSE-STSA 70.3* 66.8* 60.4* 55.0* 49.7* 40.1*
IRM 65.8 61.9 56.5 50.4* 44.4 34.3
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2. ZEEETIFIRZAE "Engine” FRSHIRAEE R SEHTZ &5 MSA "FMSE
MMSE-STSA #7 IRM GriZH za#5:8#WER, %)

[Table 2. Word error rates (WER, %) achieved by different methods (baseline, MSA,
FMSE, MMSE-STSA and IRM) for the Engine noise-corrupted test set under the
multi-condition-training mode]

Signal-to-noise ratio (SNR)
-6 dB -3dB 0dB 3dB 6 dB 12dB
baseline 65.3 61.7 55.1 48.2 41.5 311
MSA 65.5* 60.2 54.6 47.9 41.7* 32.3*
FMSE 70.4* 64.5* 56.2* 48.2 41.0 31.2*
MMSE-STSA 68.3* 63.6* 57.3* 51.4* 44.9* 34.2*
IRM 65.9* 61.4 54.8 48.2 41.2 311

7 3. BEAEFIGEZCEE Jacknammer” Z23H 25 T AIAEHTEREE G ~ MSA »
FMSE  MMSE-STSA /7 IRM AriZ#za#2582WER, %)

[Table 3. Word error rates (WER, %) achieved by different methods (baseline, MSA,
FMSE, MMSE-STSA and IRM) for the Jackhammer noise-corrupted test set under
the multi-condition-training mode]

Signal-to-noise ratio (SNR)
-6 dB -3dB 0dB 3dB 6 dB 12 dB
baseline 314 27.8 25.9 23.8 23.0 21.9
MSA 32.6* 29.4* 27.5% 25.7* 25.1* 23.9*
FMSE 34.4* 31.3* 29.1* 27.6* 27.0* 26.1*
MMSE-STSA 32.9* 29.0* 27.2* 25.2* 24.4* 23.2*
IRM 32.4* 29.8* 26.6* 25.2* 23.8* 22.8*%

o 57 58| 4fE = (clean-condition training mode) 2 45 B BLE i

FIHEZ ISR LR SRIMAS AR ERAEA > 3= 4~ 3R 5 Bil5R 6 71| TV 57EA MSA K =

fHELET A FMSE~MMSE-STSA E IRM 71 = fai s fUHIEA 85 TS 2 55 #5352 %< (word error rate,

WER) > HSEENE > HRIISRE B FeE S - FRAMNEA{E A 5 AR HA B EE—

Faefl - BRI EZF# SR EE RV IR A FBANK FHEoREN S 2E A » & 774

HAENE L - fE=(E7F > BRMABELITEZ !

1. FERI=(EFRER 1~ 2 - ML w2 FaISRE =5 2Ry A 2 B (aseline) &5 SR L 25 (R
R R B S R EGE (RIS R R S i R ER R AEl %
A SREE ML - B2 Rl REE Ay B HIER AR A AR HEE ) 2 ff 22 R UCHC 5 fyBH 8 -

2. B Z ATAVEIZR > MBS R E S S IiERE H (b A (MMSE-STSA A1 IRM) H
REfFEIRHAT B S RVEESE RS - EHREN T EFEEE S E A — R H
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P ERER -

3. HIARZHHEER ZIREEER T SNR &j2-3 dB 1Y Jackhammer ZEEHIRET) » FeMFrfE Y
MSA ZAREIN BB Baai R - G BRI Eaa - B tbaE R BIESIGRER
RS MSA R - FHIEAEE A RF B MSA TERREER » Ty S H AR S EistE
& o TRl Ky - BHEIGEE T HRMJeATnIbiL - B MSA BA—M(bAREST » AT el AR
FFE R -

4. {ERIFERF LY FMSE 7% » fEER > FEREREE T RE LA B Bl SRR B (BIS- 2K
HEAI SRR - (B HZCRAA RIAIFTR 2 HAY MSA 7% -

KA. B FFGIREAE White" FREF I T R GEHT R S% - MSA ~ FMSE -

MMSE-STSA #7 IRM FriZH za#5:82WER, %)

[Table 4. Word error rates (WER, %) achieved by different methods (baseline, MSA,

FMSE, MMSE-STSA and IRM) for the White noise-corrupted test set under the
clean-condition training mode]

Signal-to-noise ratio (SNR)
-6 dB -3dB 0dB 3dB 6 dB 12 dB
baseline 67.6 64.6 61.0 55.6 50.9 41.2
MSA 64.3 60.6 56.3 50.8 45.4 36.6
FMSE 68.6* 64.3 58.9 53.0 47.7 38.9
MMSE-STSA 69.9* 67.1* 63.7* 59.1* 54.4* 45.6*
IRM 67.4 64.3 60.6 55.0 50.5 40.7

7 5. BRI "Engine FESHIELT A EHVZ R ES% - MSA ~ FMSE -
MMSE-STSA 7 IRM AriZHza#3 3823 WER, %)

[Table 5. Word error rates (WER, %) achieved by different methods (baseline, MSA,
FMSE, MMSE-STSA and IRM) for the Engine noise-corrupted test set under the
clean-condition training mode]

Signal-to-noise ratio (SNR)
-6 dB -3dB 0dB 3dB 6 dB 12dB
baseline 67.3 64.7 61.1 56.3 504 394
MSA 64.4 60.9 55.2 49.8 43.8 34.7
FMSE 69.9* 65.5* 59.7 52.3 46.8 36.6
MMSE-STSA 69.1* 65.9* 62.5* 57.3* 52.1* 40.7*
IRM 66.8 65.1* 60.6 55.7 49.7 394
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6. B FEFNGEEZCE  Jackhammer S2EH R4S A EHTERE E 5% "MSA ~FMSE »
MMSE-STSA #7 IRM GriZH za#5:8#WER, %)

[Table 6. Word error rates (WER, %) achieved by different methods (baseline, MSA,
FMSE, MMSE-STSA and IRM) for the Jackhammer noise-corrupted test set under
the clean-condition training mode]

Signal-to-noise ratio (SNR)
-6 dB -3dB 0dB 3dB 6 dB 12 dB
baseline 353 315 28.5 26.7 24.9 23.1
MSA 338 30.6 28.7* 27.0* 26.3* 24.9*
FMSE 35.0 32.2% 29.7* 28.1* 27.0* 25.4*
MMSE-STSA 36.5* 32.8* 29.6* 21.7* 25.3* 23.7*
IRM 34.8 31.8* 28.8* 26.6 24.9 23.3*

5. &EsmERAKEE (Conclusion and Future Work)

FEADTTE > T EZEREAE 5 BB S HElk P AR > fR ) — RN R B AT
JTEAGEIL DU REZ R > 5% 07 EA AR R B e i KA BB o (B S R A B2
RIFREEREHEE - ¥10 EEERI - BriRiAv 5 7A ] LIRS FBANK RSy EnXR -
R RAE T AN EE R T HIRRR o HL R i BRI R AT S| SRR S AE 2 IR R T B2
FZRIRT o EEVBETRIR BT o BERRZACHIEL R IT A - FPIRZ 2B R A 5 2 M 31 SR L
$52 S I SR B B A — 28 1 R L R F A A - ANIR R LB LAt R R B R A
IR R B A G DI AT MERE -
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