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Welcome Message of the ROCLING 2019

On behalf of the organization committee, it is our pleasure to welcome you to National Taipei
University (NTPU) in New Taipei City, Taiwan, for the 31st Conference on Computational
Linguistics and Speech Processing (ROCLING), the flagship conference on computational
linguistics, natural language processing, and speech processing in Taiwan. ROCLING is the
annual conference of the Computational Linguistics and Chinese Language Processing (ACLCLP)
which is held in autumn in different cities and universities in Taiwan.

ROCLING 2019 features two distinguished keynote speeches from the renowned speakers in
natural language processing as well as speech processing. Prof. Nobuaki Minematsu (Full
Professor, Department of Electrical Engineering and Information Systems, Graduate School of
Engineering, The University of Tokyo) will give a keynote on “How can speech technologies
support learners to improve their skills of speaking, listening, conversation and more?”. Prof.
Yoshinobu Kano (Associate Professor, Faculty of Informatics, Shizuoka University) will speak
on “Beyond end-to-end learning: Dialog system, sentence generation, and conversation analysis
for automatic mental disorder diagnosis”.

ROCLING 2019 will provide an international forum for researchers and industry practitioners to
share their new ideas, original research results and practical development experiences from all
NLP areas, including computational linguistics, information understanding, and speech processing.
In addition to the regular conference sessions during October 3-4, 2019, the Al Tutorial organized
by SIG-AI (Artificial Intelligence Special Interest Group) of ACLCLP (convener: Hung-Yi Lee,
Assistant professor of the Department of Electrical Engineering of National Taiwan University)
and The Science & Technology Policy Research and Information Center (STPI) will provide
Artificial Intelligence Courses that focus on speech processing and NLP applications on October
5,2019. ROCLING 2019 is sure to be an exciting event for all who attend.

This conference would not have been possible without the tremendous effort of organizing
committee of dedicated and motivated research leaders have worked closely together to put
together the attractive and intensive scientific program. Their great achievements have contributed
much to the visibility of ROCLING 2019. We would like to heartedly thank them all. Special
thanks to organizers who have worked hard to produce the proceedings, communicate with
participants/authors, and handle the registration, budget, local arrangements and logistics. Thank
you to all organizers including Program Chairs: Ying-Hui Lai and Jenq-Haur Wang, Tutorial Chair:
Hung-Yi Lee, Industry Track Chair: Yu Tsao, Doctoral Consortium Chair: Kuan-Yu Menphis
Chen, Academic Demo Track Chair: Hung-Yi Lee, Publication Chair: Shih-Hung Wu, Web Chair:
Chih-Hua Tai, to participants, to authors who submitted papers and to program committee
members and the reviewers who invested their valuable time and effort to provide timely and
comprehensive reviews. Finally, we thank the generous government, academic and industry
sponsors and appreciate your enthusiastic participation and support. Best wishes a successful and
fruitful ROCLING 2019 in New Taipei, Taiwan.

General Chairs
Chen-Yu Chiang, Min-Yuh Day, and Jen-Tzung Chien
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A Feature-granularity Training Strategy
for Chinese Spoken Question Answering

s Shang -Bao Luo
FIIZER R REARE R TS
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RS

£ LIEEf 5 Z:4t(Spoken Question Answering, SQA)H - —(E & B H ERAIEL - 2o

— B ElE RS H BishZ Hak(Automatic Speech Recognition, ASR)#EHE A — LR IV B SL
FEER > I AR SR ST I E SSRGS E U TR oK © 2810 iEHRAIH
R G E FREE WERIEEA(ASR Errors) V528 - BEHE A SBHH R A 4T3
S) o By 7RI — TR > AR SCIR TR i AR RO FE ARl RO - HH AR S
H B8 E PR s R T iG IHY A RE TR S - 1T ELA FR BRI ME AR R SR B AT 52 B - FAPTRF A
s SCRTHE 2 31| R ot 22 Y Iy h S 1 5B A 23 el 58 2% (Machine Reading Comprehension,
MROYEBZH > Bggitt—J7AR T B BB S Pt SRy o BB -

BRI - CISEMIE 80 - B > FrEihLE - ISR -

Abstract

In a spoken question answering (SQA) system, a straightforward strategy is to transcribe given
speech utterances into text using an ASR system. After that, classic methods can be readily
used to the auto-transcribe text. However, such a strategy usually can not achieve a good

performance due to the recognition errors. In order to mitigate the problem, in this paper, we
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propose a feature-granularity training strategy for SQA. Specifically, the proposed method is a
training strategy, thus we don’t need to modify the classic SQA (or QA) methods. In the
experiments, we evaluate the proposed feature-granularity training strategy on a Chinese
machine reading comprehension task. The results demonstrate that the proposed strategy can
overcome the effects caused by the recognition errors on the spoken machine reading

comprehension task.

Keywords : Spoken question answering, automatic speech recognition, feature-granularity,

training strategy.

6]
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Fo 1RSSR Rt as At 2E A S s VoA FPfRH—E DL BERT Rydmtfh
a8 1Y 75 $F AR Bl Bk > HERIR A E Ao o AT SCE T X R
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BERT #Rfi5as - BERT e (Sl v At fE 2[RI EFRRiE has, ha Ry o, by oo, By, hsep}
BAIHF [cls|FTEE 2 [ B hey B B B R SRR R B RO « fRilest » TSR F
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BERT ENCODER ‘
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[cls]wy Wy woe wy [sep]

Source Text

fel — ~ DX BERT %ZFE%%Z?E:%%EEJZ%E IR 1E
R AL AR R R AL o FEARHSHYERE T IR AE R S A (s R e e 2 —

B ths, s, FHEFEHSFWLNBEFRBRRELGFELEEI#EHS =
[ai, ..., ap, .., ay] » Erf[cls]Hi[sep] A2 AMAGE - HENEEIHER © FiSSTE
(B 1) B VA hy SRS TR L B T B e MRS AR IR - IS & AiTHF T RG ¢ et
esH LRI MRS - Bi& > WIEHEEH A RS > B s, Blsy B A 5e) e 2 E iR o3 A
Pyocan Liiji%fﬁ%%atﬁi&aw P A s ~ sy MRS SR ERG e 2 B A x5 TR H Poocab
BAPpon HIGS S 1REA, > WE BRI & - FE A AR as (£ RG22 B R 341 P (w) (1]
SR A(2)) - HEGFYIEFY] st AR EE > B BERT 1F R SCEAVES
EdhEEs > SRFRE H S SR (R Y SRR DA AR ARV R A -

(=) Fiv& BERT Ed Transformer 2 ¥5&1 4 a2 %

BE7775 K PA BERT JRydRties 2 fadt A i B A 2 i BEAY » DA R =R - &
g BIRITRSCE P LTS {we, wa ., W, - Wi VIR 7T BIIIA [cls] € sep] - # A %]
BERT #Rfifas > > ﬁ@%ﬁ?Zﬁi?mf{hdy his ooy By oy Ry, Rsep 312 I RR(E ) £
hy & B € LKV R EAERE > EAEREEER Rk, > EWHAEE (AKk] =
{ky, kg ooy b, oo, Ry Y8V = {4, 05 .. U} RS RS 2 H o TEfRES Ry IR

SR IR - & RS Transformer M1 - & FEIFHEIRGt 2 HIFT AL AP A+
#i{01, 03 ..., 0r—1} ° MY > TS0y, 02 ..., 0¢—1 }ilE 5 [ & J& (Embedding Layer) -
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& — -~ @& BERT E Transformer 2 5§ A i E A
BB Ryl (R B 1% > {hoy hoys ooy Ro,_ YIEMBQ?, K2, V2 = (EIRE SR AE M THEIR > Ryl —(EF
T REA = E R ERRE Eﬂth t= {QO1» Qoys 1Yo, 1} kOt t= {kol'kozi---'kot_l}gli
Ot—1

Vet = Uy, Vo, s Vo, } © 15 AR » FRAFIIBE Transformer 325 (Self-attention)fJf#
W STER R RN Es, » SR BT RS 1V & A A 2 s

th_l(kzi—l)T Ot—1 ~

S¢ = softmax | —————"| vy, =(7)
se(k))') v >

s; = softmax T | V1 7 (8)

dimE AR AR 1R jﬁﬂSOftmax( (K2 )>aﬂ72ﬁﬁm@a _

[af, ..., a}, ..., ai] - AEFEETAERRAERS » FRAMIE A s, Bilsy 2 A 5B 2E R 537 Poocan
LUERES %Ea%éﬁpaw s FEA s, ~ s RN R et [RGB A1 5T ELH Poocan P3P
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R B SRGREAGR AR A 2 BhsER
ROUGE-1 ~ ROUGE-2  ROUGE-L

. seq2seq 0.225 0.153 0.211
Baseline Systems
PGN 0.451 0.323 0.368
Method 1 0.499 0.346 0.397
Our Approaches
Method 2 0.508 0.340 0.403

R HEENER AT EBGER

ROUGE-1 ROUGE-2 ROUGE-L

seq2seq 0.243 0.157 0.212
PGN 0.469 0.335 0.371

Advanced Baseline Systems

VU~ BB e S R AT

(—) BEEE

A S 2 ERHE Ry MATBN SO &R - 43 205 AISCE B IE 2 22 - 2™
KR 80% ~ 10% ~ 10%HVEEFIRFERHEEREID) 77 Ryslll 6k 4 ~ Bang e DAL - Ehadd
Ry = REHY) 73 B RSP 0 8 - By E151E R A [ 3 E w59 5 25T 5 (Recall-
Oriented Understudy for Gisting Evaluation, ROUGE)[12] > 2L ROUGE-1 - ROUGE-2 Ei
ROUGE-L =fEE1E i EAEAE - 2HECE T 55 [ 8508 K 128 [ sE fy 256

FRFEIERy 0.3 0 FRA] Adam {Bbe - B2EREE Ry 0.001 > HETA/NSGE Ry 32

Transformer 28 B RIKIFER S s & 6] » MEEAECER 1 g -

(=) BEhadR

Bl E R - IPICIEERE A& (RIFY YR (seq2seq) BtE £ 4 p A
ES(PGN)) » FE A UM AR ERERWNE s - ERdRai - VISR
PRI R A ECAURIR T —ERVARRAE ST - B LGS A AR B Y P4
AU - fESTERAEESHY ROUGE 738 NiE &+t - Hft ROUGE-1 B2 ROUGE-2 57
B e LA L - TP e st A RSB DU A U R B B U VA & - A&
(e E P A E A SR Rl 22 - st RGBS AR R > fEEER
i N RSB SR Ay S I A R MR M MR A 2 b -
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s > B 7534 Transformer BUYSRIRIEIMCLEIAINAE R » TR E LT 251
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— g R 2 o BTRGE EARE T Transformer HAMERE SIS A L E
FSSHE R 4BES » ROUGE 438 seiei i B AT S0 R B R 2 S A FTsest > 300 T
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i~ S

A i S 88 8 [ AR R 5 B B A S AR - 58— ([ o [ 2 40 T A il i A P B o
fit H ERELEANE Z LEFONE - (ER S imRiE F oo BASCEE - LR Y
SCEEAEEL o 5 Al (R AN A AR A AR A A S R RIS T P4 ME R R R (RS
NHYSCF R AR E SR IR AAERA (& - L > AR IR RS 504 BT DL
BERT Rty < fE#T LR EI% (81 Al BERT 82 Transformer Z {5 #HERMEX o

TEgRE P S E R T - EEREUT - AUTFTATR D U5k - A RSO T
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ARSRERZ BRSNS - IRAi SEAERF H AT T AHAY XINET[ 13t fE Y S R U 2R T 2 o

N B

This work is supported by the Ministry of Science and Technology (MOST) in Taiwan under

11



grant MOST 108-2636-E-011-005 (Young Scholar Fellowship Program), and by the Project
J367B83100 (ITRI) under the sponsorship of the Ministry of Economic Affairs, Taiwan.

e BN

\

[1] A. M. Rush, S. Harvard, S. Chopra, and J. Weston, "A Neural Attention Model for
Sentence Summarization," in ACLWeb. Proceedings of the 2015 Conference on
Empirical Methods in Natural Language Processing, 2017.

[2] R. Paulus, C. Xiong, and R. Socher, "A deep reinforced model for abstractive
summarization," arXiv:1705.04304, 2017.

[3] R. Nallapati, B. Zhou, C. Gulcehre, and B. Xiang, "Abstractive text summarization
using sequence-to-sequence rnns and beyond," arXiv preprint arXiv:.06023, 2016.

[4] J. Gehring, M. Auli, D. Grangier, D. Yarats, and Y. N. Dauphin, "Convolutional
sequence to sequence learning," in Proceedings of the 34th International Conference
on Machine Learning-Volume 70, 2017, pp. 1243-1252: JMLR. org.

[5] S. Chopra, M. Auli, and A. M. Rush, "Abstractive sentence summarization with
attentive recurrent neural networks," in Proceedings of the the North American
Chapter of the Association for Computational Linguistics: Human Language
Technologies, 2016, pp. 93-98.

[6] A. Vaswani et al., "Attention is all you need," in Advances in neural information
processing systems, 2017, pp. 5998-6008.

[7] I. Sutskever and O. Vinyals, "Sequence to sequence learning with neural networks," in
Advances in neural information processing systems, 2014, pp. 3104-3112.

[8] S. Hochreiter and J. J. N. c¢. Schmidhuber, "Long short-term memory," vol. 9, no. 8§,
pp. 1735-1780, 1997.

[9] A. M. Rush, S. Chopra, and J. Weston, "A neural attention model for abstractive
sentence summarization," arXiv.:.00685, 2015.

[10] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, "Bert: Pre-training of deep
bidirectional transformers for language understanding," arXiv:1810.04805, 2018.

[11]  H. Zheng and M. Lapata, "Sentence Centrality Revisited for Unsupervised
Summarization," arXiv.:.03508, 2019.

[12] C.-Y. Lin, "Rouge: A package for automatic evaluation of summaries," in Text
summarization branches out, 2004, pp. 74-81.

[13] Z.Yang, Z. Dai, Y. Yang, J. Carbonell, R. Salakhutdinov, and Q. V. Le, "XLNet:
Generalized Autoregressive Pretraining for Language Understanding,"
arXiv:1906.08237, 2019.

12



The 2019 Conference on Computational Linguistics and Speech Processing
ROCLING 2019, pp. 13-14
©The Association for Computational Linguistics and Chinese Language Processing

EBSUM: EJ® BERT HVGR{EMEREREE X
EBSUM: An Enhanced BERT-based Extractive
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HE

H BT HER T HENREE 575 - o7 R Tl $ 2 (Extractive) 81 B 7Y =\ ff# Z (Abstractive) » EH55
U S EEABE A R SR RS - (HE A B — AR = NEER R sE R
NI ~ B 55 - Sl A A SR TPl U m) FIE R 2E » RES e oo diah B e

EHEFAEREL - HEiE S BERT(Bidirectional encoder representation from transformers )y
R EIE - 2R 2MH BERT St FRmAR - B E TR A1 2 5
HY e AEASLH > FefMFe t— B AV AR S BERT Z 58 Ml =4 %205 (Enhanced BERT-
based Extractive Summarization Framework, EBSUM) » TR &8 T4 AU B & ~ £
JFH 5 B B2 1 s S AR A B AR A BRI 1 - B ELRE AR S KB & AH BRI (Maximal
Marginal Relevance, MMR)IEExF AfE ZAAY 7 ot » DU 00 TUER ERHAVEERL - fEE SR

EBSUM {EAFZHIHZ &R CNN/DailyMail o1 - JEGHH & (B BAUER R - BELEELEY
E B E A A R e EAE AU LE - EBSUM [EI4% o] USSR A SR 4E 5 -

BRG] - HEhEE > #hEG > BERT > 58(BERE - S RKEGMHEME
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Abstract

Automatic summarization methods can be classified into two major spectrums: extractive
summarization and abstractive summarization. Although abstractive summarization methods
can produce a summary by using different words and phrases that were not in the given
document, it usually leads to an influence summary. On the contrary, extractive summarization
methods generate a summary by copying and concatenating the most important sentences in
the given document, which usually can provide a more continuous and readable summary.
Recently, BERT (Bidirectional encoder representation from transformers)-based extractive
summarization methods usually leverage BERT to encode each sentence into a fixed low-
dimensional vector, and then a fine-tuned BERT model can be used to predict a score for each
sentence. On top of the predicted scores, we can rank these sentences and form a summary for
a given document. In this paper, we propose an enhanced BERT-based extractive
summarization framework (EBSUM), which not only takes sentence position information and
RL training into account, but the maximal marginal relevance (MMR) criterion is also be
considered. In our experiments, we evaluate the proposed framework on the CNN/DailyMail
benchmark corpus, and the results demonstrate that EBSUM can achieve a better result than

other classic extractive summarization methods.

Keywords: Extractive, Summarization, BERT, MMR.
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RS

FEHE S (Extractive Summarization ) ZHRFAEEESUAR RIS (E R+ - EHEHBUE
REEZ CANEHE - HF2% (Learning to Rank ) [115 R BN ER R
i WHERNSEHEFEERS 2 o AR > B B SR R —(E RS
I (listwise) H TP @ I — BN EHAEE 2 BYH %A (GAN-based
Listwise Summarizer, GALs) ° GALs D4 Hiddns 2ot » a2 s e R
s o AR AR Y i S B 2B K AR IR L (Surface Features) i A4S #5185
Bete MR EER 0T 20 o R 2R TEURIS Ry (o] GE B F I BT B (B A R 28 -
AL - AWZERTRHZ GALs fte 7 EPIzEE - BIIRFFIRLIS a7 BCRH
RAFFELURGEEEE » 5N —EK B R 750k - Bt > AT MERIR
GALs £ CNN/Daily Mail g5 AR EAHY S AT A BHERY T BEE R - TR
¥ GALs RAIFRE IR 28 i 7 4HEN L OV EBL AT -

BegEEE - FEGUIREE > BEYICEE - AR HTAEES - RIERHE
Abstract

Extractive summarization aims at selecting a set of sentences to form a summary for a given
document. Learning-to-rank is first appeared in the field of information retrieval, and it has
been employed to solve several ranking-based tasks. In this study, we regard the task of

extractive summarization as a listwise sentence ranking problem, and thus a GAN-based
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listwise summarizer (GALSs) is proposed. On top of the generative adversarial network (GAN),
an extractive summarizer is introduced to be the generator, and a discriminator is employed to
distinguish the generated summary from the ground truth. Especially, the input to the
discriminator is a set of surface features, which are extracted from the generated summary and
the ground truth. Finally, GALs can be optimized by leveraging the reinforcement learning
(RL) strategy. The experimental results demonstrate the effectiveness of the proposed
framework on the CNN/Daily Mail corpus. Moreover, we make detailed investigation and

analysis of the parameters used in GALs.

Keywords: Extractive summarization, listwise, GAN , surface features

— ~ 4hE

fHHH %L (Extractive Summarization ) R BRSO R H AR MRV F4H
IS G ] TN EZE SR P RE IR B SR TP B AV AR o ARG EE I AR R
& RIEHECR AT RAVETUER MR E EE - & RSB » 372 077A%H
R EHE AT - RSB RASGIEREIE 7E » BN e REER
APk EE AT ) FAH SRR 2 « (R 2R MRAC AR R B B THYERAE » S BUsH D& U
THAS ARG Ry BB - FE )RR AY - S LLA)F[E]ER (Sentence Regression ) iRy A
SR HARE[2] o MEPNIELLTTALERT 2 BR S CEsg H R - (HEIE L e MR R
N FEEEEEEE ) ~ TUBRME B ) R Ak - T DUE S IR R - DK
WIFE#H 48RS (Pointer Network ) [31554: plfEAYAYREA] - A HUEUHE AT bT 55 P RS
FIh[4] - RHE ST RS A U R SRR R - B AR RE S B B e AT BRI
FrEdfi RV SRS - vl 7 A DI 2R s o AT AEAY R oe - 3PS5
{AISRERZ I A AR Y & =T - BdEE R A (Word Embedding ) [S]18-H 50 #IE0 fEHEA
(Long Short-Term Memory ) [6]% » ¥ SCABL )1 17 HEE DU TS RE TN - 1B
(S A SCA R = ' A B {E 2 R R (Surface Features) -«

HEFPEEE (Learning-to-Rank ) [1]f5% 5 BLEE Y Bt ie 22 I 42 8 I Y SCACHE
Fe o HEOCAFRFRES > 46T — S CRBES (Query) 12 B I/AEHEE SURBER
s WA T HAHE M - AR BN Z S BRSO HrpiR Rz (Pointwise) FPEFFA
B ECCAMIBILHAERIMERT Y - Y0 (Listwise) FERARI—REERTHERY
Ao FAFTREBZR B SORTER > SRR o] B AR B il U e 22 2o s FE AR U
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M N ECCAFR b 7 s El i nE A P U R - 25 RAIH SR
HERPA > TR — BRI B P EE 2 B 51 2 ({# 2275 (GAN-based Listwise Summarizer,
GALs) * FfFIHY AL ZEETER Jun Wang Frfgii 2 IRGAN[7] - IRGAN YA RyE
plas EH A W E D - & B RERE B RMR RN AR SR EE - Hop A Rl eS8 A
BzEfE (B ¢ gAEE) HEORE AR - R TN B A Ehi R AR HI A © AT ES
AT BB SORFR R L A st e B AR R M 04 © FIFEUEE - IRGAN f#E
PAMN R S A R LA R S SRS, ((ERT B R ISR A - (AL » £ GALs Y%
st b oy Ry pleas B HI I Es, - AR piastR A A4 pAR A Ry RO Hy PN AU 225 - H R
pRasEE A Y — AT B B AU > BAPIF R AR R U R AR Es Ay A -
F sy B P R oy BB AU B A plas rE AR VTR 2R - BfR o BB SRS
(Policy Gradient) HY5E{bEEE - GALs @iey 7 RIAIRHE ~ FRRIA R Y AL Bl Es
EHRlEs > DUREESIASE - 77 n] LU — D e A e -

— ~ MBI

£ Pengjie Ren $&HHYEA A0l ER 428~ B %2 0775 [2] » ROUGE-2 [81#1F fy ]
TEEMN S EE - LSRR B TR . - R a8 R Ak a1
LLSHB A SE - Pengjie Ren JE o ELE A 2 PUTHR HF I8 ROUGE-2 [ EA =& HIHE]
M o Ry T DRSO RIE SOV DR A2 5 E - Pengjie Ren [ RAEIECE
BAIELEAR T E ] (Convolutional Attention ) FEHI A AHAD &) 5 FE YA DU -

Yen-Chun Chen [4] WA FHZRERFE > TR RA B ASIEER Y 2519161
ERIHEHI10]HFE$T4EES (Pointer Network ) [3JEERHIZUME > FEST4EES 2 dRtlhas
BB R ) TR A R o DU ) R AR R A ORI AR
SCRHE > TR S s RHE BN P T - U R R TR ) DL R e 22 -

=~ B EE 2 B
(—) &

AT e 2 AN Hi =08 7 #5155 22 % (GAN-based Listwise Summarizer,
GALs) > ARz (HEEUREEES ) B R E8 R R ER 57 BT 4  TEERE)eREs - &
BT RS ERHEE BIEWES R Bl R Al — (i EEURE =

17



REEHEEIRL

?ﬂ%EUIEI,%..%ZIE — T FRENAR

o Lk
[mnmm;&g]—» CRANE ——> MRIE e

SERE
( IEBE)

[ — ~ BRI 2 YA REE (GALs) ZIEA ISR A

PEEWI T (BUIEMES RS R pas AR AV 2 ) Rl A5 FI s - DATHRIT =& Ry
SERE (EEL) ~ MEREMEE (BFA) - HHISIERS B T BE -
HARK el B 7 R o Fe B S S Y B B - DU HOE T T R SRS AR FE Y 5 (L 22
B (IR S s AT AR R RS AT (U 2B - QI — P -
(=) Aples
FEAWZEH > FFTBE/ Yen-Chun Chen 7% 2018 ST tH HYELFFE $HAEIES < il Ui 22
a5 [4] > WIE AR o FMTEHAV TGRS o0 Rt as SRS S W B0 - Smilhas &
oG MR FE A FHEE R E Y - DGR ST B A R A 8RR
sj o HEGHRMGMERIL 2 — Y0 T RE s o R AR m R R A
o DIHUS— oI55 & [ (Context-aware ) 2 4] [HIEFRIR by - AR AIHEE A&
FHAGCIREAIFTAH R - WA et astn 2 )7 &8 by DUBSEHE . &7 - fEE(E
IR ¢ REHECEAA & DL —(EF R R i B o) iy e & by, (EREA - I
Wit — 08 z, - z, BeGEECRT AT EE by STRVEEIUHISRIE A E ¢ ©
at = softmax(v/ tanh(Wclh]- + Wczzt) (1)
¢ =XjafWeih (2)

PEER AR A& o BRESORTH AT FER STRIERT] - WHEkRE RAIR R T
EHEETET 1, ) Je-r  BRRHUS & AR REIBHH ) T Z R PUelj 0 e-1) ©
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G DI ( HREEEE)

SR TECER) EETES SCEEET
————— SRS GOk St SR
hy| [ha| |h3| |hef = @ -
O SEIRS
2 A ) [ S S S —
B Yo RIGHADEEE | 1 RIGHAGCIBAREYL
SIEMEIEES § ¥ ¥ o i ¥ ¥
S1 S 53 S4 : o hy hq h3
""" :-..t........f........j.........t... ____________________________"_"__'
L . 5 }1’- ........ - 3
\ 50 [E = / Ayl | a2 | Al | Ala : 1| | |3
A HEXNIEE
& — ~ BT s 4rs 2 U s
of — {VJ tanh(Wplhj + szct), ifj # jp Vk <t 3)
J —00, otherwise
P(¢lj1s s je—1) = softmax(e?) 4)

B DAL - MRS RAE I A T BRI SEEE 2 IF 1R -
(=) Hlpl&s

GALs HYHI Rl E— B AR P EE AN e RIMEARHZ R A&

(Multilayer Perceptron ) [1114HR 2 S HASLEREERI(E Ry H 25 © R — {0 e Sim T &
& T ZAEAT o R BRSBTS AE R Y - 2 (] B AE 2= U R HI Al 25 BA
EE R A —E AT AIBCERREE AT o Ry T (A S5 pe et 5 = EE 2 558 -
AMFIH IR R EU8FR (Recursive Feature Elimination, RFE ) [12] EfiFRA Bt 2 FF
B B PkEEH DU /R

1 TR

REMRNGFEAEZNES - AR ENERETRS - Nt RIHFEE R
FyEE - AR AUE R &) T il RE S R TUBR MR 5 -

2~ EHE

SR YR = E RN RS A S RV EE N - NI AT ORI B B A
RlEsH AL — -
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3~ MBI E

B NE G 2 (6 E YA T TESCR Tz - NIRRT RIE B B R
DISCARRIHEAIE - ST RSB EIF R

4 ~ {ZFiEa e

{# 5 (Stop Words) FEfEsE = i RS (BIATSESCHHY to, the, and F) >
BARE ML ATRA e tb At A TR G E A BB IREE -

S~ PR

a5 (Word Frequency ) BIGaIAE AT HFRAYARAR - B F R eF(d sl 42 SO h By B 52
M - TRt E AT PR A Z R P ENE - PHEERE s i A T e R EE -

6 ~ VAR

SCAHHE (Document Frequency ) HERGEFE—#E(F A » HEH BRI PR ZHBOOR
rhEB R (BISORSRES S ) - RIEEe s DIZe s ) R ZE 20 - IRFETEA T
o BT BRI S N SCAR AR B R Rl > PSR S Y ) T AT RER R EE 22 -
7~ AR
AR Sent2Vec [13] » —Hd 5 NERFLEEREHVIERTE J77% - FHLURB R FIERTER
A FrE (Distributed Representations ) » 4 AE & 7 1 o IS CNN/Daily Mail {Y
3| SREE_L3NI%E 100 4EfY Sent2Vec fEAY > DUAE pIEHE A F-HY AR AR & ©
8 ~ BRIZARDIE
18 RIS R 2 T BRINEE ) - B RIMERE A F-FED N Z A e R D - Z A
R AZZRHRE - FRAET E RS R E A T R e A R AR %A S > AR
R HF- IR NE - B i DS E BT 2 RRHEE A -

(P9) FHAUAHER

FERNSRET - GALs R R plas BLH RIS SO HI R HIARs R E—HSHWME (IEEA)
BAA plas AT A 2 i (BRA) (E Rl A - DUME o BRVEIIeR » A IE S HAHy
SAELZE TRy 1.0 B 0.0 o [N Ryl A Z A Ry —IE—& > WPIFEFEELGHI T X
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f# (Binary Cross-Entropy) - BUERMF &HAZ FHM > BURE IEBAS Z FHM 3 BUF o F)
RILSHIIRAR e E > REIRIR eR BRI TR U B 2B Rl £ 3R (5 Y BB E - (T2
FIN R st R =Ua T REE A R » IS (1A plas B Bl 25 1] RE I =) R T B 2 L
IFE(EES > NHEKRMHRESERRO0 -

Dipss = max(O, SCOTepey — scorepos) (5)

M AE (B AL A B as I - BT & S8 FH AR pi s 78 A i 2% il (1 F ] B ) FEURIT B 3% 93 A
dec > 7y BT P AU — (&) 1-s > WD A7 2 B EIZR (Negative Log-
likelihood ) ¢ EHAHENE (BlIDioss ) 1E Ry AR ERHVIRIR RS -

5
Gloss = Zt_1Es~p(s|dect) [—log p(sldec,)] - Dioss (6)

(H) Fsmiz

B E RS FWMEDNEEET - ASORTEELE ROUGE-L sy 14HAa
R HNSFEE > RIS HGUREE RS - 528 > BPIR e Sk ey B
aafF Ry GALs HYA ks - BEMEIEEHIRIEsH 28 - WA SR A s B llEs - A
HE Rl as i — DB (b - EEfESRE % LIESmR AT ROUGE-1 557 -

U~ HER

(—) CNN/Daily Mail #jig4E

Fo T AR e 2 B i UE s 2 A=A GALs (IR ERGY - e
FeiHE Yen-Chun Chen H3m SZ[41FrkT 2 NG FE AN - EEELHAE CNN/Daily Mail B
FHVEES - EEAESREEIE GALs HYAAE .47 (Baseline System) o By | oo flr SRES A6 AL
SRIFHY N AR E ME BB ARSI > FRIMER Adam (B(L25E2 0.00001 HYEEEA - ik
HOREE R 2.0 o eSS LIRS ROUGE-1 » HEE F4%74 (Early Stopping ) 81
ELERITRINEE - (R — 2 ERGSER T UES] KB ERIEREMEEUR S
Bl I FH ROUGE R4 B A HAREEE - -

(=) FUERBEERTZR

f£ GALs {BABBRIAERE T - MRS REEREE S & ROUGE-1 ~ ROUGE-2 #1
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Fo— » ZFUEALSY CNN/Daily Mail SR8 7 {451

ROUGE-1 ROUGE-2 ROUGE-L
Lead-3 40.34 17.70 36.57
Lead-3 (our implementation) 40.27 17.73 36.48
Baseline System [4] 40.17 18.11 36.41
Baseline System (our implementation) 39.69 17.91 36.01
REFRESH [14] 40.00 18.10 36.60
CRSum [2] 40.52 18.08 36.81
EXTRACT [15] 40.62 18.45 37.14
GALs 40.93 18.51 37.19

R SEEEEE(EGER

ROUGE-1 | ROUGE-2 | ROUGE-L
ROUGE-1 40.93 18.51 37.19

SEIEE ROUGE-2 40.77 18.52 37.07
ROUGE-L 40.48 18.39 36.80

ROUGE-L HYRR&EFEIR » S =FUs 2 IR E « s TR b GALs HYE R
HAIE 5 HI LU EEE S FAY ROUGE-1 ~ ROUGE-2 B ROUGE-L 51 » S HEH: DL H
B E AT (Early Stopping ) BLEZEAGERINIEHE - 7EE 5SS CNN/Daily Mail #i%
FEZHERER (RERT) » 2% ROUGE-1 RE AR (EAY 428 ROUGE R4
(=) BV FEE

7 CNN/Daily Mail #iEHEF - REECCANSEHE LB E T =204 » B Yen-
Chun Chen 3 E fl B 223 B E M EUET = A58 » DARUS- S AR R - Bl
ZHREMAG B GALs AUE 2SS b > AR EEREE b (AR
=) o R E R S [ E AR FE AT AR S e R 2 HE(L - sEKIETR A4
A a0 RI - ML RFERERERP ARV SOR » 2Bt i U (E )
TFATAHAY - EFRATRHME . 55 MU B 28 A AT e A B LAV gt » gE(Hfh H U 228
B SOR A R E 2 [EIRE TN S SRS B = s e

PR i

HAP IR H R R R R B A SRRl - $2HH GALs » BU s 2 55|
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R= - BLABEHEEER

[ RGEIL ROUGE-1 ROUGE-2 ROUGE-L
3 39.97 17.98 36.34
4 40.34 18.26 36.69
5 40.55 18.39 36.89
6 40.48 18.39 36.80
7 40.40 18.33 36.72

A EL - ST TR T U S Es O e B 70k - AR G R R TR
ZIRFERTFREEE 2047 - BffPriR ~ GALs /£ CNN/Daily Mail g B2 A ik HU =L
EEAREGRE > ArA ROUGE [REG EEGHIRIVIER - 5&i% > FIMTH GALs AT
A2 BB > ETTUIE R L AT FE LUB RSN ERHe R Z e M seat#Y
GALs » {E(BA Bl AU SR A e PR AR R ELRKAE -

e
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fi s R E R A 5 e LR BB R AT - (R = R E S (B IR HIEE R -
PILE > ASHASE (8 IS 4a s SO E - DA EREBGEERAET 2R NE - &
Sadli IREUR - AR B AITall GRE 7288 T > AfE macro-F1 £y 70.0% > &S &
RS EEETE% - AN EBEE RV TUE S nDCG 73 #n % 0.959 » Hilth
ATERRE o BRIV AS AR KO S 45 SR B DA SS9 B AR R Y R, ©

Abstract

If the search results can consider topics or similar situations, we can find results that are more
in line with user’s expectations. Therefore, our research uses neural network and document
concept graph to explore the topics or semantics similarity. The experimental results show
that the best macro-F1 is 70.0% in the classifier trained via the neural network. Combined
with the calculation of the concept graph of the document, the nDCG score can reach 0.959 in
terms of the similarity between the search content and the results. This proves that the results
based on the neural network and the document concept graph can be used to complement and

enhance the performance of information retrieval.

B - EAAR AR ~ RS SR SIE ~ SEEARDIE
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PSR RAVEIAC AT ERR AR A RRIEBOHREE - 5
TR SRS & S RS - BRSSO PR R
ERE A SRR RS AT B IRE SRR - B8 - HEES  HIZeRiRT
MRS -

[ § SN 454G TERISR A0 2 B AT IR E MU PR 3E RS T RS
(Concepts) » H LS PHFE B BT 2 IR 5, - 7P TR P4 & S ARIB B P
SEEE - SR RN AT RS WRE R T - BRATI S - fEE
Fh SRR RIS PR - VA e P B B 45 MR e PR R
PSR 2 RAE R SRR - AR STEMRAE R LB BATFIVRCR - oF
9 nDCG SYBRHL 0.9 - LTRSS R EFAE RN oM I 15 2 P S s 2y
SR -

— ~ BT

(—) . AR

THAERENT RIS S AR EEIE S AR - & & (Information
Retrieval, IR)GISFHEERTFERE T —(E5[F » AT ACE AR R FIRE  HE (EAR R4S
RENEEABEIRRETREE - AT E sl PRate R S RAVRIIUE - 55w
FREfT R AT A AR DIHVES R -

(=) . XPErabtse

B — AV B B F S 2 E S I S ISRV E RV R B E TR RVET] - 24

i > SRR AR AR ME AL AR » B AMECR BRI 280 S SRS H A - it

TR E Y FE/E open world classification Bk open classification[1] » £ B BARr = FEE -
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TEFAR R - TR AE— L2 AT DABE A unseen BARIAYBZE - BI40[2-4] -
Shu Lei[ 5] A 2017 42— 44 B DOC FYFEREERHELE » SCEERastR - 5
CNN AU PR G i B R B RAFAYRR © Hu Xu %2 A[6]72 2019 4 -
2% DOC 224# » 158 T RS S T B 0 T e o I TR
H_EAhT5EsCE - B E E R AT AR S T 2 — - NI - AbT5t£% DOC
20 PRI TN Ze R S AR AR R SR AR R R TR

(=) . X=EEMTE

ATFEARERS - PSR TR Web BHFEHY—IHE SR - A BTFTEE A T =0k
PRE B BN E e R G 2 28 © Yuan Ni S A[7] 12 2016 4R T ARG
@ 2 SR IR S Z TR EE B AERATE o S 28 S Ei R (node) SR FTS
FLERG Ryl B T B SRR AL « BifRG 2 fEIRYE (edge) KBRS FERYEE BAI4S
fERA % - IERESIE 2 closeness centrality SHECHETTIINE - BRI T E MBS
(IFEREME - Zhenghao Liu 25 A [8]52 2018 4E42£H T —F& Entity-Duet Neural Ranking
Model (EDRM) > EjATakIE (Knowledge graph)5 [ AHIKEIRZR 285 » il i H SRR I
AR R R A RIS - SRR EE R EE R S T SRR bR
AT S E _ Ealt5e 5% » SRt — (AR S0 2 MR ARE SRS - S
RS B DRERE - REFIEETTE » BPIRHELE SO 2B 2R AR —(E
SR I (EETRE AR - TETE 2 R R RIEIRG 2 A LRI -

=~ WFRITA

BEEEEARR AR R TR R A > A1 — PR - R EE AR S A SR TR -
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Category
]
‘ Gol ] Classification

k.
L L)
Document Similarity
Calculation
[
R -

k
Document Concept
Construction —_— Search Result

Document Concep Graph

—  RHREE

(—) . Category Classification
AHF5% 2% DOC[S]HI FH &7 (484815 (Convolutional neural network, CNN) » [HfalgE i
LSO ERE - WNRHERPEUERE T B A —EREREE T - NI A
FENASLAEAH - DU B E IR SCEAAEBLRE
1. The Architecture of our CNN model
55—/ Embedding layer & Z0RE D 1#Y B E % embedding F#EE [ & o FTHFARAE
[ ZREE S R R SR b I 70 & (5 ) Word2 Vec[ 9155 43Il o — (= 3 - 2 3ap
T (A [ DRI YRR M EE LR R R [0 - AT DUAHF e A5 S o] DA (o FH sl (S g
A5 R RIRHAELERS Y Embedding layer STRIIAEEEE] RAFHVCR -
55 & Convolutional layer » {58 FIR[E] K/ N filter 53 il 2555 (] S B T4 - filter {F
AR ARSI EAYIBIESS - AL > IEET R T AT IS RIS A E B R (e T iR
4SS «
T—#  F{EF Max-over-time pooling layer /i Convolutional layer f4% 5 ke A
LIRS m 4EfERFEm & £ iZ @R (E Fully connected layer F1—{&[H{ReLU
activation layer & f FERAEMET] n kM5 x » B felin G2 IEA x 7Y One-vs-rest &
BEERSIAE T —/ N (S S AR it -
2. One-vs-Rest Layer of CNN
R 2 R Fsof tmax (R R VR g - WtbE—(EERINTHARRTETE
S SRIBEBE AT T B L - (/0 T MEREREIVEE ST - BRIIL > FefMsigmoid szl Rl
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thJeg - ESRERVER R T A BRI BT - T ERR] a7 B E RSB -

() . Document Concept Construction

HAECHEVTZEAER - By - MSF T2 RARRAEERASIIE10] - ££[7]HIFE
AT RECURRIRE S R E Ry B - B AR ERESHIA FEI SR 5 - MR
b E AR - TR BRI DR RS HIUE © EATES > 3
F2Eant e 50 RSB RIERERTS SR 2 RS > W SRR AAE
—E SRS BTSSR S T SRR 5 - SRS - A A It
[ ACE TSRS Z FERARIUEE - SCRRor Reflighd, - FIAIZC 1 KX 2 st Eweightill:
#1redge - F s AR &l (Undirected Graph) AR SCHBEE » S0 A FHARARFHS ]

(Adjacency Matrix) 2R {7 HE B (weight) °

Weightdidj = number of concepts shared between d;, d; (D

edge(d;, d;) = weightya, (2)

(=) . Document Similarity Calculation

IERRAH A4S & 93 SR B RS R QB A TR R DS ST - BB - Feffii
BRI A S ] PRR HoRE B3R e B RG AH [ET RS (8 - I HL P2
FZ B 4SRRI RSB S B8, - BRI FAMET 5 AR Degree Centrality

1. Topcassa &

T/ NIRRT 0P s VAT ELITVE

(1)~ HERANREASTERS > WE AT ST IV > B A TR TN -

(2) ~ FIFZIERNZE S B B FE A A OB « ARBRITTET S o CoRE R 2L - FqP
RIAD R 2 BT THE - R (R TRk EE LR A 24 (ARG - (RIBHERTY weight %
HAIOETHE W02 3 HH AR BRI (R S ATV ARG - 7F R0
B o

(3) ~ HUFERIH LB IR EA BRI weight S{RETHET - HEI8H

TRETRAR DU S AT 24 S Resultc » 417 4 -
Centeryqss = (Max(); Neighbor(d;)) N(Max (), weight(d;))) 3)
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Result; = Topgqss( weight(dy) | d; € Neighbor(Center,qss)) (4)
2. Topgquery atH
BE/NERFRAPTRET T 0P query HIETRTTIE
(1)~ B THISRESANENHELR » FfIE LSS Doc2vec[ 11][H £
T [ 2 AU % word embedding ¥4 Sy[ml & » HRF AR 5 PN B B R B S
&AL -
(2) - WiFEEHE similarity Ho R RSy B EREREL - 40205 -
(3) ~ HUfFHIREIR % - B A EANEETREI IR weight SHEEITHET - 15581 H

BBEAH DL S BT RT SR SCResulty » A= 6 -
Target(q) = argmax; similarity(q,d;) (5
Resulty = Topgyery( weight(d;) | d; € Neighbor(Target(q))) (6)

3. TOpmergert®

BE/ NPT T 0pyerge HIET LTI ©

(1) ~ FIHTopcrassa T FHIERITULES » K Topguery st FHY EHARRTE: > $RH R EHIFTAHY
BRGSO —E313% - bR FTA IR SR -

(2) ~ KR AREERI (R IREREV N -

() - FFEIEEREIRIR RS - O 7 -
Resulty = Topmerge( weight(d;) | d; € Result; U Resulty) (7)

Y~ EERELE

(—) . BEREHE

AWTFE(E HEVERIEE Ry DOC[11]AT{# FIHY 20 Newsgroups = HAZUTEE T 18846 jeifrfe]
S REFYE T R 20 {EFEA] - LU Chen 2 A[12]Ff7{sE FHRYE R 50-class

reviews - HAIE 50 flod R AniETam - & 1000 A1 &35 50000 HGE

(Z) . XErEER

Fo T SR — SRR AR R R SRR - B AT SRR 1% > BESH
WIERESY I » BRAPIEERIESE RIS B seen ~ unseen » FIISREEZ K] By seen HYSEF » Ml
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s EERIERTA R -

R Ll seen BHHEEC A FIHVER ROETE RS - IR B — (AR A E AT IR
RHCHIE - Hat EGEREH paired t-test iR E TR » TR HZRAY p-value E/NjL 0.01 -

TEAEFRFATEIZL S - BRI 7SO RIBOREAT » 2T 100%HT8CERANEE - |

RERVHEETE BB 2 H g B AIRTEE - fIEUEHALEIISR overfitting AR -

7% — ~ macro F; — score for datasets

% of seen classes 25% 50% 75% 100%
20 Newsgroups 0.55367 0.5948 0.62388 0.61624
50-class review 0.59783 0.67283 0.70014 0.64577

(=) . RS EE

HAIEFIL 2010 FEE2HIHY TAGME[1011F Bt el TE. - BRI T BAYRRZ[13]0F
FeEUR > TAGME & SRR M RE R (R HVEE R AT - RPITIHHA R E R E R R
PR 2 U ERAER S > R Pk -

* o UEEA FEE R R ENR
BRI B EEN
20 Newsgroups|[ 14] Node: 18,846
Edge: 128,330,600
50-class reviews|[12] Node: 50,000
Edge: 1,343,168,938

(1) . RAET T E R
e/ N A e RS B FE RS H A TR SR RPIEGETAFRVETE DT - I

GEFAET TR R o (REE RIS =R T H BB S T

1. Semantic Documents Relatedness using Concept Graph Representation.
2. Apple newest product launch

3. how about today's weather

4. convolution neural network

5. machine learning

G5 | PERSLATE > R
i3 4k 3 Ry AR R AN R R

floFHEE  4mst 2 BANE - A5 - NEERE
L SR 4 e S B TATEARA
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TSR AR A -

HUS A R RUAAVGE SRR > AR AP ELSE i (ERRZ A Doc2vec [AIE 1R
R > %38 word embedding ¥ Fy [ & - AT cosine similarity {F RyiZ (i B HIAHER (R 2
rel; > 0309 - HDs Re&sNE » DiRysh i (B2 - R EAMET R R eI R

=1J&%5( Normalized Discounted Cumulative Gain, nDCG )47 % °

rel; = cosine similarity(Ds, D;) )}
T =~ AT 20 RRIE(EH 50%97 5528 2 nDCG %
=455 Result, Result, Resulty, Average
1 0.862 0.901 0.918 0.893
2 0.937 0.959 0.902 0.932
3 0.928 0.886 0.922 0.912
4 0.935 0.912 0.913 0.92
5 0.912 0.909 0.921 0.914
Average 0.915 0.913 0915 |

R= BURHI=RERUEHUAT 20 (SR 4R 2 nDCG 738 - a] LU EE4#sHY nDCG 71
HEER 0.9 A AEERGEA B ERECER -

FT¥fResult IS > ok 2 AVSCREST » BE e BRI S SIS R
AT - FERUSHE S G IR 1] DI B SR AT A S - 1dmat 1 HVRCRESE » HEdm
N RIS AT S FIRE > AR BRI S BSR4 - So— il AR
RIS 2R G R I R A R (55 -

N WTEZEResult,y - AEFT—TEEE > ot 2 AVSCREE @ A ARy &3
W& - AER S EE BRI AR AT - Mdmat 3 (IR R EE
% AT B DU {18 BE A BEAR A HER VRS HA S AT LUS SRR R SOR =
F=fEResulty > FIFHTopciass VIR TR K T opguery Y HARRTHRS - FHEOFETE > A
DI Ry DAE SN HRE (AU RS B TS SIRVEE R - B b o Sas pr FUHIA Y 551
g > sRieEBORAT AT SEE - RIE » M EE Resulty IR R RIUK I Result > T
SEREUR > PRTERIT 2 20 0 Resulty fEEANLRSTHY 7T BIHTHEES A Resulty » (fimk4d
Ao PH(EAE Resulty tEEResultyrs 1 0.2% - NIL > IEEBRGERGEHRMAVIIE -

m
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ot 2 FEME 7 Resulte K Result o FYR RABLL HA &S N 4T -

PR » DATL(E4RSREAG TEIE SR - 4Rt 2 IVRSURE R iR - ] AR S 0F 2185
R E—LL » [ERAGIT S H AN e R BB A44SR - dwmst 1| ARRCREE
iy > AR HGE A ERYHIEEHE > 8ids KOS E_ERTSCR B RS A AR

1~ 45

AT FeRE S SR AT R SRS BT RIS IR AR - AEAE A Y
oy o &AEERRES - VIS AR ER BRI RS EIEERIES

i SER SR - SRS R . MESUEREREIRYER ST - AT AR

MRS ARSI - TR Z RIS I BRI (& - 51

R ERER AN B A RESIE > 195055 4GSR ¢ BRI & O Al i

PR S B Y B PR, - it RS RSB —daE R - g Tim =405 R

HNAFEEHANETZBR P nDCG ¥t 0.9 » sEE AT AR BAF I

R BERRGE R G SRS TR EER - M S RIS AE Bl -

AW G IR AT A RET AR M AT S UEE =M - I HIYE — RG] -

HAPIE RS TR A RS T HoAth 22T » AR T 2 B 2 MM B B R ARV PR BT
RETRTIARHMIN B 3 FSCR - AR B - A TR S SRR e i o] LU T B

ST RE S IS SRR AR R

BTk ARSI LB H Al A SRk = MEaE S - 9k ~ 1868 - AR - I 52

TEHUSHARE = SRS /Rt M T B T B BR LR - e ] LUID AR

HAFFE - SETRESE SRR EIATRCR: -

RACH LLE B F H AP R CRE N Z B RHEE > Bl SR &l R AR iR

benchmark HVE R} > LLZ TTHRaT IEREAS & 7202 M dsieR

SR
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Abstract

In recent years, speech recognition applications have introduced a variety of remote operating
systems, such as car voice assistants, smart speakers, etc. In these systems, far-field speech
recognition plays a key role. This paper mainly presents our experiments and results on far-
field speech recognition on smart speaker devices. We use data augmentation methods,
simulated far-field speech and neural network-based acoustic models to reduce the character
error rate (CER). In the experimental part, this paper recorded the parallel test corpus of three
distances using the smart speaker. The 50cm situation corpus can be reduced from 13.31% to
8.41%, the relative improvement is 36.8%, and the 80cm situation corpus is reduced from

19.20% to 10.89% with relative improvement of 43.2%.
FASEGE ¢ EEEEEE T Y > RN B 2 BRET

Keywords: far-field, smart speaker, neural network-based acoustic models, data

augmentation
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HATE &SR HE T 2R0i0(4,5,61 K B R PR EnE H Pl il - Hrh A S A2 &R
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A By SRR AR S P S R s Y B - (6 R 22
B 8 %% J# (Room Impulse Response, RIR) $7 1/ 55 35 {5 9 o 1 — (22 e 9 jo
(Reverberation) » £ i < 5] ] AT 5 £ A _E 1A B 3 Wk I -

ASGRAERE N ARV BT M E AR EBRFT (R T4 258 =R g i A R E A
HEMRNAFEERE FHVESR - BARGER GRUESR SRR -
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PR EREREE Ry S ORI > gLEuE A 4E 20000 £H
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BRI BIERES S AR - @l B £ 4k 20000 2H
RIR real HH=EEREEER

RWCP sound scene database: 1 {EERZEM] » & L 6.66 )NK » EfE
Ry 418 AR B AR BRI R E R s 2 AR - EEFERFE & 0.3~1.3
b 18240

REVERB challenge database: 3 {EfE 2= H] » EEERFE] 57 A f 0.25

b~ 0.5 FbEL 0.7 ) » 2 FdRE S AR BAUR A B RE B 73 7l By 0.5 /A RUEH 2
ARG EERRZER - ZEERSRE 0.7 7 » 2 fEEE S A E R B RS
SRR 1 AN REL2.5 )N 36 41

Aachen impulse response database: 4 {HEE25MH] » 25E57 Al E 3 x 1.8 x
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FEEE T R A 05, 1, 1.5 AR ~ 1,2, 3 K ~1.45,1.7,1.9,2.25,2.8 /%
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S8 > HL s z= f - AR RS R AT T8 28 Sabine AT ARG - fEEEHY
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Pt e 1 ExCIE!
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2 BIREL dE PRl
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AL E R [0,1,3,4,12,20,24]
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St L R -3 1 T (%)
0~1 AR 1871 9.355
12 AR 5869 29.345
2~3 AR 6774 33.870
3~4 R 4347 21.735
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HFIEAE S RIR TR E A SRRV ERGTRE - ZAM S H P B ARy & B
AR —E— 20 THFIEERIRZ A BT TS R - 0EAMPATAD - 40548
RV SRR R ISR s AR — 20 B F 2 EEREEE - AMERENI PRI ISRER
&> E&ZEFREGEIHFEBCEFHIGER - B BRHERN AR M RELE A ik
BEE S SCFAERENE: - B IR SR MR TR AR E 9] » FAAE RS RFIe05 Bl
F i-vector K x-vector #E{TEI TS © -vector 2 IT 24 4F NEEH HEak L il Ay et Ty
A HFEZEIELL GMM-UBM (Gaussian Mixture Model-Universal Background Model)
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[12]477K i-vector HIZRIFEHERE - Siohan 1 HIEERIEERY i-vector JhffiE (FHF: -

—HEE ARV TTE > 3 RIEFEHETINARTEII A% B 5 B &R > fhfy KL
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/NEF (LU STT2461) > Hrp AR MBS 7R R ~ FIRBERRFRE & frFiE
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HTHY OO0 FEWRE , ~ T OO0 HILH Tl ) 5 ¢ BUEshHan< » W ERME ~ TT5H/E ~ 513
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=R HIE HIER HIE 2 HIER
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ANET 1.21 11.44 4.56 2.77 6.46

SEEIFDEL 2.13 2.65 3.25 3.38 3.32

lg=aioy=y R/ EF | =R =FE =FE =FE

R N AN FEEE | BREE (BRI

20/50/80 \47 |80 4y

=R HA sk IAskE WA |BEEREE BIEAF
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EENMEERHETTER - JAERIVEZFEAEER(EHIYZE K360 5488 IBDEV %
LR o sEEEAIE Y - FAFIEE A AP SO ERA R £ HY 3-gram By SAHAY > RS
JE R AR ISR R R Sl SR — (B fE P 1Y S-gram B STEA - R IBBAFEER /A
(EERIE B WP B AL E B 0.3 » AN - saBiAs/NEy 102 &3 > FASHER &
o 5 (A (Perplexity) 4 £y 1087 » B FOHIEIEELY Ry 1388 < 280 » EHREa s & K » A
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HATESHEIIAARE RIR HELTHIGRAVBUR - H i B R4S R & DL $555%% (Character
Error Rate, CER) By 2 A 5242 » HASRAIFR A - TR - HIRRGERZE - EEHFAH]
At g IER bR HVSERR R T BB R E e DA AR 30 - o » BT 5 Rt
B IEEE S o HYERR SR AR B (R - 41 IBPH3 RN AIE B RIAY CER £ 5.69%M4 1%
19.20% ; MATREEEARNIASE BRI AIRAVRER - BEEAFTEE > HigrEREry S
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K360 fji AA[E] RIR  |IBPH3-mic IBPH3-20cm  [IBPH3-50cm  |IBPH3-80cm
NO RIR 5.69 7.49 13.31 19.20
RIR small 4.65 6.45 8.50 10.98
RIR medium 4.78 6.24 8.83 11.79
RIR large 4.99 6.29 9.64 12.27
RIR real 5.02 5.99 8.78 11.67
RIR exp 4.92 5.87 8.41 10.89
N~ ZE[EEREHIE CER 455 2
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B HAAE IBPH3-50cm (YIS NAIGE » HMAZ 2 ANE - RfTERSET &kl E
FERHY RIR 73ffi » AIERSUFR » BLEUE 9504 - i-vector L RIR _exp 1 RIR real fyEE
(5] i % » x-vector HIEEDL RIR exp £ RIR small S5 « 415 i-vector £l x-vector £E

JE RS HREE BRI - IR IE R0 i AKE » TP RIR _exp & R AR RHEZ 2
B PRIRET AR ¢ 721 IBDEV S 4EL 1B0515 HIEEAE — RIR 4558KFE » (UHE
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NO RIR 5.69 7.49 13.31 19.20
RIR rand 5.25 6.15 8.67 11.35
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#/\~ FISRE R EEE CER 4551 2
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RIR xvector 8.60 8.46 0.902 0.978
T~ FISREREEEL B
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RIR HYERHEE A N2 (B2 5 (58 MR M > Bk B R D A (Bl e B A AH
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g ZHh > MR LB R MRS A IR E G R = N TE - HE0E A s

43



b~ MIIEERRAGL CER 455 1
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Base + sp + noise 4.85 8.46 11.00 17.82
+RIR small + RIR medium [4.60 6.79 8.85 13.45
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ER Google HEE » MlRE C HUBUREAE
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EHUGE
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Abstract

In recent years, Internet provides more and more information for people in
daily life. Due to the limitation of information retrieval techniques,
information retrieved might not be related and helpful for users. Two
research topics in natural language processing have attracted much
attention due to the important applications of information retrieval and
chatbot in the past few years: question answering and machine
comprehension. In this paper, we use Google BERT pre-trained model as a
word embedding model to form semantic sentence features based on single
words and phrases. Based on different strategies for question answering, we
use cosine similarity to calculate similarity and choose the option of
highest cosine similarity score as machine inferenced answer. In our
experiments on TOEFL-QA dataset for English and Formosa Grand Challenge
dataset for Chinese, our proposed method was compared with Bi-directional
GRU and a strong alignment IR baseline, and obtained an accuracy of 34.87%
and 57.5%, respectively. With the grammar difference between difference
language, our model is capable of processing multilingual questions with
comparable performance to existing methods.

Keywords: Reading Comprehension, Question Answering, Natural Language

Processing, Deep Learning
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Abstract

In recent years, the concept of dialogue business has arisen among major technology giants,

and the way of human-computer interaction has changed from a graphical interface to a

62


mailto:robinchen@cht.com.tw
mailto:robinchen@cht.com.tw
mailto:robinchen@cht.com.tw
mailto:robinchen@cht.com.tw
mailto:kmf0822@cht.com.tw
mailto:kmf0822@cht.com.tw
mailto:kmf0822@cht.com.tw
mailto:kmf0822@cht.com.tw
mailto:yasamyang@cht.com.tw
mailto:yasamyang@cht.com.tw
mailto:jeffzpo@cht.com.tw
mailto:jeffzpo@cht.com.tw
mailto:snet@cht.com.tw
mailto:snet@cht.com.tw

dialogue interaction interface. Therefore, natural language has become a key factor in the
human-computer interaction interface. However, teaching the machine to communicate with
humans to accomplish a specific task can be quite challenging. One of the difficulties that
needs to overcome is natural language understanding, including how to identify what
questions users are asking and how to get information hidden between words. It is important

to let the machine know the user's intentions and information.

The dataset of this study is collected from the dialogue of customer service materials. User’s
intents are recognized by deep learning models. In order to process Chinese unknown words
more effectively and reduce false recognition, this study compares different pre-training
vector models and deep learning models to understand user’s intents. Compared with the use
of random word embedding, the correct rate of using BERT-WWM-Chinese (BWC) model is
improved by nearly 10%. It shows that the semantic vector generated by BWC model can
better represent the relationship between user’s words. The recognition rate of user’s intent

raises because similar vectors can be generated from similar words.
BASEGE © BIEL RS HEETT R SREEE - THAISRGEE R AR > R T THEH]

Keywords: Dialogue System, Dialogue Act, Deep Learning, Pre-trained Word Embedding,
Attention.
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Abstract

Most of the existing Question Answer Systems focused on searching answers from the

Knowledge-Base (KB), and ignore context aware information. Many Question Answer models

perform well on public data-sets, but too complicated to be efficient in real world cases.
Effectiveness, concurrency and system availability are equally important in industry which
have large data and requests, we propose a Context Aware Question Answer System based on
the Information Retrieval with Deep Semantic Matching and Deep Rank. It has been applied
to the online question answer system for insurance Question Answer. By these means, we
achieve both high QPS (Query Per Second) and effectiveness. Our approach improves the
system’s ability to understand the question with context aware coreference resolution, subject
completion, and the long sentence compression. After the matching questions are recalled from
the ElasticSearch, Siamese CBOW (Continues Bag-Of-Words Model) and KBQA filter some
unreasonable ones by entity alignment. After the result is sorted by the deep rank model with
co-occurrence words and semantic features, our system does clarification or answer output.
Finally, for those questions that we are unable to provide answers, a dialogue mining module
as part of our Smart Knowledge-Base Platform is developed. This results in more than 10 times

improvement in terms of efficiency for manpower involved in data labeling process.

KEYWORDS

Question Answering, Coreference Resolution, Error Correction, Sentence Compression, Deep

Semantic Match, Deep Rank, Knowledge-Base Management, Insurance Domain
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1 INTRODUCTION

The question answer system has been widely used in intelligent customer service, personal
assistants, and dialogue robots. In 2018, the pretrain techniques based on a massive corpus pre-
training model have made breakthroughs in multiple NLP tasks including Semantic Match.
Representative models are EImo[9], GPT[10], BERT[8]. Higher accuracy, compared with the
Siamese CBOW, can be achieved by fine-tuning BERT on downstream tasks, but the model
makes inference time much longer, the running efficiency does not meet the requirements of
our online products. We propose a high-efficiency contextual referential solution based on
syntax analysis to solve the problems of subject missing and pronoun resolution in the question-
and-answer scenario in insurance industry that achieved good results. The voice input brings
convenience to users but at the same time introduces typos in the results after the text
processing. We use the insurance specific noun dictionary with the error correction model of
Transformer[7] to improve the input from ASR. For the purpose of increasing the accuracy of
matching sentences of the user’s input with terms from Knowledge-Base, we use an efficient
sentence compression algorithm, which can filter some insignificant content and retain some
core content of the insurance industry. We rank all the answers from the retrieval module and

do answer output finally. Our contributions are following:

® Propose novel and efficient error correction, sentiment analysis, coreference resolution,
sentence compression and other methods to enhance question comprehension ability
especially in insurance domain.

® Using ElasticSearch, deep semantic matching and KBQA combined the IR method to
quickly recall matching questions. Improve the accuracy of the QA through deep
learning rank while ensuring the overall efficiency of the system.

® Proposed a number of new industry test set construction methods and the QA evaluation
methods.

® Full-life processing management and optimization for the QA knowledge including

question type identification, clustering and annotation dispatch for no answer questions.

2 RELATED WORK

Most of the existing professional domain question answering systems search for the most
matching questions (question in KB and user query similarity matching) from the Knowledge-

Base through information retrieval. Some existing question-and-answer systems such as the
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Ali Xiaomi and the Baidu AnyQ are single-round questions and answers that do not consider
the context information. The AliMe from Alibaba, which combines the Knowledge-Base
search and Seq2Seq generation, makes achievements in the e-commerce domain[2]. We use
the same method as the AliMe and the Baidu AnyQ to match the question and user query

similarity and consider context chat history at the same time.

3 SYSTEM OVERVIEW

Our overall system architecture is shown in Figure 1. The user's question (that is query) is used
as input. If it is a voice, it will be converted into text first. The context information is passed to
the pre-processing module. After error correction and coreference resolution, the processing is
passed to the retrieval module. It returns the best matching with the user problem respectively
from ElasticSearch based on text retrieval, the semantic retrieval based on the Siamese CBOW
and the KBQA based on knowledge graph. The question list is passed into the sorting module,
and the multi-way matching list is merged, and some unreasonable matching questions are
removed through the entity alignment, and the final related question list will be generated
through deep learning sorting. Finally, the answer will be returned to the user according to the

matching question with business type.

__________ Preprocess

--

Context |
( chat history )

S Redis Local E
Storage

Figure 1: The overall architecture of our QA system

3.1 Pre-processing Module
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We use open sourced NLP Tools with the insurance terminology dictionary for word
segmentation, part-of-speech tagging and entity recognition. The multi-intention detection uses
the method of splitting the sentence by punctuation and then classifying it. The question
rewriting is mainly for the insurance product name, and the sentiment analysis is used to
judgment the intents of the user's affirmation, negation and double negation. Following we

describe more detail implements.
3.1.1 Long Sentence Compression

Stepl: Divide the long sentence into several short sentences by punctuation or space, then

classify the short sentences and remove the saliva statement

Step2: Based on the sentence compression scheme of probability and syntax analysis, we only
retain the core sentence components. Combined with the insurance keyword dictionary to

ensure the keywords are retained.

Example: Hello, I bought an insurance for my son in 2006 and I only paid 581 yuan for a year,

however I didn’t pay for it after that. Now I want the customer service to refund my money.

Compress result: [ bought an insurance in 2006. Now I want to refund my money.
3.1.2 Error Correction

Two solutions are used for business selection. The simple solution is based on the error
correction of the insurance noun dictionary. According to the results of the previous word
segment and syntactic analysis, the possible nouns are converted into PinYin and compared
with the proper nouns in the dictionary for error correction. The general solution is the
Transformer model with a special noun dictionary, the training datasets use about 32 million
universal corpora from public news and the PinYin dictionary that from insurance domain. The
input of encoder in the model is non-dictionary Chinese PinYin and Chinese word characters
in the dictionary. The Decoder’s output is a pure Chinese character, where the Chinese

characters in the input dictionary do not participate in the prediction, then directly generated.

3.1.3 Coreference Resolution
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We use context chat history as Coreference Resolution reference. Our implementation ideas
are word segmentation, part-of-speech tagging, dependency syntax analysis, subject-predicate

extraction, entity substitution. For example:
(Question) What is the price of life insurance? (Answer) 300 yuan per year.

(Question) How about car insurance? (Coreference resolution result) What is the price of car

insurance?
3.2 Retrieval Module

The retrieval module includes keyword search, deep semantic matching and KBQA recall,
using the advantages of each of these three methods to increase the number and diversity of
recall answers. The keyword search is retrieved using the open source ElasticSearch (ES)
engine. As for the deep semantic retrieval, we use the deep semantic model to perform semantic
vector representation on the user query and the knowledge in the knowledge-base (standard
question and extension question), and use the Annoy algorithm to quickly find and match the
semantic vector. The deep semantic model is modeled using the siamese network [5]. For each
query, the similarity of the annotations is used as the positive sample, the negative samples are
generated by the random sampling method, and random sampling is performed for each
iteration, which greatly increases the randomness of the training data and improves the
generalization ability of the model. Inspired by the idea from the loss definition of face

recognition, we use AM-Softmax as the loss function and achieved the best results.
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The sentence vector X; is obtained by normalizing the summation of word embedding in

sentence S;. The cos 6, is the similarity of user query vector and question i’s vector. Both s

and m are hyperparameters where s is the scale factor and m determines the classifier’s

boundary size.
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In terms of feature extraction, for the purpose of extracting local word order relationships and
context information better, we use LSTM, CNN, BERT and other networks to extract features.
BERT performs best, but it takes a long time for online inference. Due to the limited quality of
large-scale industrial corpus annotation, some data noise exists. The more complex models the
more noise is fitted so the generalization ability is not as good as the simple model. Therefore,
we chose the CBOW[4] model for feature extraction. Considering that Chinese word
segmentation has limited effect in specific fields. To reduce the influence of word segmentation
errors, we also use multiple dimensions of pre-training vectors to build our model, including:
character embedding, word embedding, high-frequency phrase vector, where character
embedding can solve literal matching, word embedding can represent the semantics of words,

and phrase vectors can capture local-level word order relationships and achieve the best results.

We have done some benchmarks by using insurance domain dataset in different models also,

the result show as following:

Method Siamese LSTM | Siamese CNN Siamese CBOW BERT
Recall 80.6% 83.5% 85.2% 88.9%

Table 1: Benchmark results of Deep Semantic models

In KBQA, it receives the pre-processed question information, characterized by the context
information, the entity type, and the entity relationship, and predicts the subject entity to be
queried through the question recognition model[1], and the neighboring nodes centered on the

entity from the KG.

3.3 Ranking Module

The ranking module includes a deep ranking model and a rule sorting. The deep ranking model
is mainly used to merge and score the answers of multiple recalls. The rule sorting is mainly
used to verify the rules of the sorted answers again to ensure not only the stability but also
reasonability of the sorted answers. In the choice of deep ranking model, we use the commonly
used pair-wise ranking model. Owing to the model is less difficult for data collection, we define
the format of the input sample as the pair of <user query, candidate queries> when modeling.
By constructing the scorer, the scores of the correctly matched samples are as high as possible
(normalized to [0,1]) and the scores of the mismatched samples are as low as possible. The

deep ranking model uses the interaction model, which not only considers the semantic vectors
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of these two parts but also considers the calculation of the interaction information of these two
parts so that it could get more accurate matching. In addition to semantic features, our model
uses co-occurrence words in <user query, candidate queries> to model literal features. To
better match the user's intention, we construct an intent classifier in the insurance industry, and
perform intent feature extraction on the user query and the candidate queries respectively as
input to the sorting model. In addition, we have made some attempts on the sentence features
and get good results. As the Figure2 shows. We have:
score(q, d) = FN([X4, Xg, Xadation])
L(q,d*,d™;0) = max (0,1 — score(q,d*) + score(q,d™))

score(q, d) is the matching score of query and document ,while X4, X,, Xq44tion are the inputs
of the neural network; L(q,d*,d;0) is the hinge loss of a train sample pair. Taking into
account the professional requirements of the question-and-answer in the insurance field and
the fact that sorting model cannot achieve 100% accuracy, we have added a priori knowledge
of the insurance industry in the ordering of rules to ensure the professionalism of question-and-
answer. Rule sorting mainly considers the alignment of professional entity information
between the user query and the candidate question, and the best matching question should be

consistent with the entity described by the user query and avoiding give an irrelevant answer.
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Figure 2: Our Deep Rank Architecture
3.4 Output Module
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It gets the matching question list from rank module. If the confidence level is lower than the
preset threshold, it will response a question to have user clarification and let the user to confirm
the question he wants to ask and make a related question. If the confidence is high, the answer
corresponding to the top one matching question or the recommendation question is returned

according to the business rule.
3.5 Intelligent Knowledge-Base

The intelligent Knowledge-Base is a behind-the-scenes role in the Q&A system. In addition to
providing the FAQ engine with raw materials, it also manages and optimizes the life-cycle of

the question-and-answer knowledge. The specific process can be seen in Figure 3.
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Figure 3: Our Intelligent KB Module Architecture

4 Evaluation Metrics

The Q&A assessment indicators mainly include the number of valid questions, Topl response
accuracy, Top3 accuracy, effective question response accuracy and knowledge coverage. The
test set was divided into 5 categories, which are online log sampling used for the evaluation of
model, the bad case collection, high frequency question mining used for algorithm regression

testing, semantic test sets written according to demands fully cover the requirements, and the
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corpus that delete the non-keywords, increase noise, synonym transfer and other methods to
generate the literal test set to evaluate the robustness of the model. Our system achieved good
results in these insurance business test sets and provided online service for one hundred million

customers.

5 Conclusions

This paper proposes a context aware, error correction, coreference resolution, long sentence
compression, ElasticSearch and deep semantic matching with the Siamese CBOW and deep
learning sorting for the question-and-answer system. Our approaches not only have good
performance in engineering but also in model accuracy. Its architecture supports high
concurrency requirements in real world use cases and has high availability that fits the standard
production environment. We have already applied this system in on-line intelligent customer
service bot, Al assistant, Al selling bot and other human-computer interaction Al products. In
the future, we hope our question-and-answer system could support multimedia interaction, such
as pictures, audios and videos in addition to text and voice so that we could solve more

problems for users with more intelligence.
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Abstract

In the insurance industry, lots of effort is putting into helping the customer to solve their problems
that occurred during and after purchasing cycle and helping telemarketers to practice selling skills.
Chat bots and assistant bots are widely used in these business scenarios, but building a bot
application from scratch is expensive. In this paper, a human-machine interaction platform
specially designed for intelligent bot applications in insurance industry that combined the
technologies of Question Answering (QA), task-oriented dialogue and chit-chat was proposed and
we demonstrate the architecture design of this platform, key technologies and the scenario of
applications in real-world insurance industry. It has been supporting many intelligent bot
applications of insurance industry already, such as Intelligent Coach Bot (ICB) which helps
telemarketers to practice their selling skills, Intelligent Customer Service Bot (ICSB) which
provides after-sales services and Insurance Advisor Bot (IAB) which helps customer to purchase
the most suitable insurance product. Currently, these bot applications serve millions of users per

day and are able to solve 80% of the online problems.
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1 INTRODUCTION
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With the development of deep learning technology, speech recognition and natural language
understanding (NLU) have developed rapidly and the way of human-computer interaction has also
changed from GUI to CUI (Conversation User Interface). The traditional GUI depends on the
keyboard, mouse, or touch screen. But CUI carries out input and output through dialogue, breaking
through the limitation of contact and getting closer to the way of communication between people.
CUI is a tremendous change in the way of interaction with a variety of Al techniques. We
have implemented a human-computer interaction platform that uses CUI as a starting point to
construct a conversational input and output interface and a smart brain. Based on the insurance
scenario, our platform has been widely and solidly applied in the fields of salesman training,
intelligent customer service, and recommendation of products.

In salesman training scenario, we rely on this platform to build intelligent coach robot that can
simulate customers to do human-machine dialogue with the telesales man. It helps them learn sales
and handle customer objections, improving their sales skills. In the intelligent customer service
scenario, we built a customer service robot under the technical support of the platform which can
answer users' questions at anytime and anywhere and guide users to apply the request for business,
such as the policy loan. In the scenario of insurance products recommendation, we implemented
the insurance advisor bot that could find customers' demands from the human-computer dialogue
and recommend insurance products that our customers might need. All of these bots were built on
the human-computer interaction technology platform. They share basic technologies provided by
the platform, such as intent recognition, semantic understanding, dialogue management, and a
unified knowledge center. The main contributions of this paper include: (1) We design a set of
human-computer interaction application solutions and based on these to develop the coach bot, the
intelligent customer service bot and intelligent insurance advisor bot. (2) We propose the human-
machine interaction schema which uses dialogue tree of intentional organization as the core. (3)
We propose and implement a calculation method of text similarity that integrated various of
technical methods which used for text matching. (4) We propose and implement the intent
detection, recognition of chit chat based on the classification technology. (5) We propose and

implement a recommendation technical solution based on dialogue.

2 SYSTEM OVERVIEW
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Figure 1: The Overall System Architecture

In Figure 1, it shows the overall architecture of the human-computer interaction technology
platform. The first layer is the input and output layer. The system supports the interactive form of
speech and text. The input speech needs to be recognized by the ASR engine, and the text needs
to be synthesized into the voice output by the TTS engine. Text processing module will pre-process
the text input or the text comes from the ASR engine. The pre-processing step includes word
segmentation, error correction and anaphora resolution. Using uniform pre-processing module can
ensure the consistency of the results. By tuning this module in the system, it will be applied to all
downstream modules. The second layer is the basic technical support layer. It includes intent
detection, text similarity calculation, the recommendation engine and chit chat engine. The third
layer is the context center and dialogue management module used to track the whole human-
machine dialogue and manage slot information. The fourth layer is the knowledge center, which
includes the speech craft drama, QA pairs, common replies and so forth. The entire human-
computer interaction technology platform can support a variety of business scenarios, such as
intelligent coaching, intelligent customer service, and insurance products recommendation, which
is demonstrated on top of Figure 1. The three bots share basic components of the platform, like the
Voice Engine and Text Processing modules. The Intelligent Coach Bot uses Intent Recognition
and Similarity Calculation modules for NLU (Natural Language Understanding), and Chit Chat
Engine is used to generate reasonable replies when a user has said some task-unrelatable sentences.

For Intelligent Customer Service Bot, QA is especially important, so it integrates Similarity
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Calculation including semantic similarity and literal similarity as its sub-module. Both Intelligent
Coach Bot and Intelligent customer Service Bot use Content Center and Dialogue Management
for context understanding and dialogue state tracking [14]. As for Insurance Advisor Bot,
Recommendation Engine and Content Center is the core module.

3 SYSTEM FEATURES

3.1 Dialogue Management

Intent | P9 [ro i
Oka surance
Tree Fl Objection
Verification |« Resolution
Determine
beneficiary
I choose statutory ‘ I want specify
v
Determine Determine the
payment method id number
| |
¥
Ask the bank

Figure 2: Dialogue Management

In the man-machine dialogue, we need to identify the user's intention or extract the slot value from
the conversations. The basic framework for our implementation shows in Figure 2. In salesman
training scenario, the system was configured with a lot of dialog dramas in advance. The purpose
is to train salesman to improve sales skills by using the system to simulate as a customer
and perform human-computer dialogue. The salesman needs to sell the insurance product to the
customers according to the pre-defined intention of the script. Each intention has a standard
speech and allows the salesman to have a certain degree of free play, but cannot deviate from the
main meaning. The customer a machine simulated will give an ordinary response or an
objection during the selling process. For example, “l don’t want to buy your insurance” is

the customer’s objection, and the salesman needs to resolve the objection before entering the next
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round of dialogue. In order to give maximum flexibility for agents, we organize drama by using
intent dialog tree, one drama corresponding to an insurance product is organized as one dialog tree.
We wuse the quadruples (intent name, objection, finished intents, prattle times) to
save the information of dialogue status and store in the Redis cache system. In
a conversation, intent_name is used to track the salesman’s intent node’s position in the last round
of dialogue tree, objection indicates whether the machine raises the objection or not in the last
dialogue round, finished_intents is used to track the intents of the entire conversation. Owing to
the limitation on the number of consecutive chats, prattle times is used to record the number

of chats.

3.2 Intent Detection

In the human-machine dialogue process, the system needs to identify the intention of the agent or
the intention in the customer's dialogue. This is a text classification task [1], we use the FastText
tool. An important reason why we chose FastText is its fast inference speed so that we can make
a robot dialogue system has a good interactive experience. When training, we try to join the n-
gram feature, after the addition of this feature the size of the model will reach nearly 1GB, while
F1 score of our model is only slightly improved by 0.3%. In our use case, we do training for each
dialog drama with an individual model. In order to make memory consumption at a reasonable

level, we did not use n-gram feature choice in the final model.

Model FastText FastText+2-gram BERT
Avg. of F1 0.9664 0.9694 0.97245
Avg. Time of 48.46 us / sentence 59.38 us / sentence | 213333 us/ sentence
Prediction
Model Size 8.9M 986M 1.1G

Table 1: Benchmark Results

In Table 1, it shows the performance benchmark results with the FastText model, FastText+2-
gram features model and BERT model [13], by using the intent classification dataset. The dataset

contains 36 categories, and each category contains 1536 sentences. This dataset corresponds to a
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drama, and every category is an intent like “opening”, “verification”. The corpora are collected by
many sophisticated salesmen, they divide the insurance sale into several key processes and each
of them corresponds to an intent, e.g. the intent “verification” means verify the identity of a
customer. We use 80% of the dataset for training and other 20% of the dataset as the test set. We
get one F1 score for every category and compute the average F1 over all categories as show in

Table 1.
3.3 Semantic Calculation

In the intent-based dialogue, customers will raise objections or questions. The questions need to
be matched with the corpus in the knowledge base. The system will match the customer’s
objections or questions with the collection set of customer objections in the knowledge base or in
our FAQ set one by one. In our system, we used a combination of literal similarity, and Siamese

CBOW [2].
3.3.1 Literal Similarity Algorithm

Based on the literal similarity of edit distance, the Levenshtein Distance algorithm is used to
calculate the minimum number of steps to transform sentence A into sentence B by adding,
deleting, and replacing operations. After finding the edit distance of Levenshtein, the similarity of
the two sentences is calculated by the following formula: Similarity = (Max(x, y) - Levenshtein)

/ Max(x, y), where x, y are the length of the sentence 4 and B.
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Figure 3: CBOW Optimization
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3.3.2 CBOW Optimization

We have optimized the semantic representation of the word vector and adjusted the word vector
at the sentence level. The model structure we use was shown in Figure 3. For each sentence, we
select a positive case and several negative cases, and calculate the sentence vector according to the
formula SentenceVec(A)=1/n) Vec(wi). The cosine similarity of the selected sentence and the
positive and negative examples is then calculated and normalized using the SoftMax function and
uses cross entropy as the loss function. The embedding layer uses a pre-trained Glove word vector

and adjusts the word vector weight by adding the sentence similarity as considerations.
3.4 Chit Chat Recognition and Reply

We pre-defined some common Chit Chat response categories and answer templates. The template
defines some frequent Chit Chats. For a Chit Chat conversation that cannot be classified as a pre-

defined Chit Chat category, we generate a chat response by using the seq2seq model [4] [15] [3].
3.5 Dialog-Based Recommendation

We proposed a dialogue recommendation model show as in Figure 4 to effectively recommend
insurance products to users. The dialogue model includes three sub-networks: the graph
recommendation sub-network, the semantic recommendation sub-network, the behavior

recommendation sub-network and the output layer is a weighted sum of the scores of networks.

The input of the graph recommendation sub-network is the entity embedding in the query. The
intelligent insurance advisor bot has established a knowledge graph for insurance approbation and
insurance indemnity, with about 7,000 nodes. Based on the knowledge graph, system can learn the
entity embedding which including insurance products, diseases, and people. The graph
recommendation sub-network employs the attention mechanism. The point multiplication is used
to expose the similarity between the insurance product and the entity, which is efficient and
performs well. The input of the semantic recommendation sub-network is the word embedding in
the query. The word embedding is pre-trained. The insurance, disease and other professional terms

are very helpful for the model. Since the conversations are generally short texts, using the CNN
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model is more efficient, and the semantic recommendation sub-network uses one-layer
convolution-pooling CNN. The input of the behavior recommendation sub-network is the item
embedding of the insurance products in the query. Using the user click behavior data in intelligent
insurance advisor bot mobile application, item embedding can be learned by item2vector model
[5]. The behavior recommendation sub-network employs the attention mechanism and the
attention value is calculated by using point multiplication between clicked item and target item.

Increasing the behavior recommendation sub-network AUC can increase by 1.2%.
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Figure 4: Dialog-Based Recommendation

4 RELATED WORK

Dialog Management. This is a core module of human-computer interaction system, which solving
the problem of dialogue state tracking [6] and dialogue logic processing. Here we use the dialog

tree to manage user intent and state.

Intent Recognition. In the human-machine dialogue system, intent recognition is crucial.
Traditional intent recognition methods typically use a template-based approach. With the
development of neural networks, intent recognition based on CNN[7] and RNN[8] methods have

emerged. We used the FastText method achieving an accuracy of 86%.
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Semantic Computation. It is possible to compute the semantic representation of the query and
then retrieve the knowledge base through the semantic matching technology to obtain the best
matching question and the corresponding answer. The popular methods of semantic matching
include literal matching and semantic matching (semantic matching models include DSSM[9],
CLSM[10], Deep Math[11], Siamese). In order to improve the coverage of matching, we use the
literal similarity and Siamese CBOW model [2] and set the corresponding weight for each

method's results.

Chit chatting. Commonly used methods for open domain chit chatting include IR-based [12]
and generation models. We use the IR-based methods on the priority, and use the generative
methods when the answer can't be found with IR-based methods, as insurance field is financial

related, we need to give a rigorous answer.

Dialogue Based Recommendations. In the human-computer interaction scenario, we recommend
products, tasks, and news to users based on user behavior and conversation content to improve
user experience and conversion rate in human-machine applications. We constructed a dialogue
recommendation model consisting of three sub-networks (semantic recommendation sub-network,

map recommendation sub-network, behavior recommendation sub-network).
5 CONCLUSION

The human-machine interaction platform proposed in this paper has been supporting many
intelligent bot applications of insurance industry already, such as Intelligent Coach Bot (ICB)
which helps telemarketers to practice their selling skills, Intelligent Customer Service Bot (ICSB)
which provides after-sales services, and Insurance Advisor Bot (IAB) which helps customer to
purchase the most suitable insurance product. Currently, these bot applications serve millions of
users per day and are able to solve 80% of the online problems. In the future, the improvements of
the platform include intent recognition and semantic computing based on BERT, end-to-end tasks

modeling, scene-based sequence labeling and shopping guide based on reinforcement learning.
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Abstract

In traditional stance analysis, questionnaire survey or telephone survey are often used to
know the opinions of each person under different topics. However, due to the traditional
statistical methods, the sample size is too small to get good result. Existing methods are
usually based on sentiment lexicon, Convolutional Neural Network (CNN) or Recurrent
Neural Network (RNN). And the text features are based on N-Gram or TF-IDF, which do not
help to understand the semantics of the text. This research proposes to use Word2Vec for
word embedding and combine the LDA to obtain the text feature. For stance detection, we
use Support Vector Machine (SVM) to train the classifier to detect the subjectivity of texts,
and to predict user stances.

In the experiment, we used the data from SemEval-2016 Stance Detection Task, and use a
variety of evaluation methods (F-Measure, Accuracy, Precision, Recall) to evaluate
performance. Compared with SemEval-2016 official baseline and other teams scores, our

proposed method can get better result on average (F-Measure : 83.36%).
BASEEE TSR - HREREEE - HHEFEES AT ~ Word2vec ~ FEEICHT0 88 oA

Keywords: Stance Detection, Machine learning , Social network analysis , Word2vec
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Abstract

The paper proposes a system that compensates most of the noise in a text in natural language
caused by technical imperfection of the input device such as keyboard or scanner with optical
character recognition, quick typing, or writer incompetence. Correcting the spelling errors in
the text improves the performance of the following natural language processing. The incorrect
sequence of characters is transcribed into another sequence of correct characters by a neural
network with encoder-decoder architecture. Our approach to automatic spelling correction
considers characters in an erroneous sentence as words of the source languages. The neural
network searches for the best sequence of output characters for the given input. The proposed
approach for spelling correction does not require any or minimal amount of training data.
Instead, the error model is expressed by a simple component that distorts unannotated data and
creates any necessary quantity of training examples for a neural network. The experimental
results show that the presented approach significantly improves the distorted data (from 50%
WER to 0.09% WER) with distortion lower than 1.5% WER.

Keywords: automatic spelling correction, sequence to sequence, encoder-decoder, deep

learning.

102


mailto:daniel.hladek@tuke.sk,matus.pleva@tuke.sk,jan.stas@tuke.sk
mailto:yfliao@mail.ntut.edu.tw

1. Introduction

Written or scanned text is often not in the intended form. Writer or the input device often
generate deviations that make it less understandable. The errors are usually not a problem in

casual communication but make machine processing more complicated.

Removal of spelling errors helps with the following processing of the text in natural language.
Automatic spelling correction (ASC) is an essential part of the processing of the documents
with noisy data in natural language. ASC helps to recover the intended canonical form of the
text and improves the quality of the input data for the following natural language processing
(NLP) components. It supports processing of digitized documents, automated proofreaders, or
information retrieval systems (e.g TREC-5 confusion track [1]). The main motivation for this

work is an improvement of the training data for language model for speech recognition [2].

2. State of the art

The task of automatic error-correction is to generate the most likely correct word-for

ms given a misspelled word-form [3].

Previous approaches to ASC, such as correcting spelling errors in the Chinese language [4] use
classical statistical methods, such as the hidden Markov model, n-gram language model, log-

linear regression, or forward-backward algorithm [5].

The usual form of mathematical formalism is a noisy channel proposed by Shannon [6].
Shannon defines the ASC of a possibly incorrect word s as finding the best correction
candidate w,;, from a list of possible correction candidates w; € W (W 1is a valid word

dictionary) with the best unnormalized probability [7]:

Wp = Wfilelécl?((s)P (slw;P(wy),

The error model P(s|w;) estimates the probability of unknown string s instead of real

word w;. The error model characterizes the spelling correction problem.
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The context model P(w;) calculated the probability of the correction candidate according to
the surrounding words. A finite-state based system, such as Hunspell® proposes a list of
correction candidates, and a language model helps to choose the best spelling correction

candidate.

The task of spelling correction is similar to machine translation (MT). An ASC trans
lates input sentence containing spelling errors into another sentence in a "correct” lang
uage. Machine translation converts a sequence of words in the source language into another
sequence of words in the target language. Formally, MT is the search for the best target seq

uence T given source sequence S using model P [8]:

Ty, = mjgle(TlS)

There are a couple of approaches that used statistical MT for ASC before, such as machine

translation spelling for historical texts [9]. [10] attempts to character-level spelling correction.
3. Sequence to sequence spelling correction

Statistical machine translation uses classical methods, such as hidden Markov models, n-gram
language models, and sentence alignment 2. SMT systems have weaknesses that prevent to
reach better results. The statistical approaches can calculate only with relatively short contexts

(three items in the input sequence maximum).

Neural networks with encoder/decoder architecture brought significant improvement in
the performance of SMT. Current deep neural networks [11] can consider a much bro
ader context of words or characters. This ability allows us to use an architecture that
is based only on neural networks and considers only characters. A neural model can

be used to score any given pair of input and output sequences [12].

1 http://hunspell.github.io/

2 Moses toolkit
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Sequence to sequence neural networks architecture transforms a sequence of symbols from
the source language to another sequence of symbols in the target language. Sequences can
have different lengths. One symbol is encoded into an n-dimensional binary vector with one
dimension for each possible character. The embedding layer reduces the dimension of the
input vector. The transformed input matrix has dimension equal to the embedding dimension
and size of the sequence. The neural network that transcribes one sequence of symbols into

another consists of the encoder and the decoder.

"The encoder maps a variable-length source sentence to a fixed-length vector, and the
decoder maps the vector representation back to a variable-length sentence. The two ne
tworks are trained jointly to maximize the conditional probability of the target sequen

ce given source sequence.". [12]

Knowing the probability of the next symbol enables the decoder to sample probable sequences
of symbols. "Sequence to sequence” systems usually use recurrent neural networks (RNN) or

convolutional neural networks (CNN) for encoding and decoding.

"The dominant approach to date encodes the input sequence with a series of bi-directional
recurrent neural networks (RNN) and generates a variable-length output with another set of

decoder RNNs, both of which interface via a soft-attention mechanism." [13]

Recurrent neural networks perform well with tasks with variable-length input and output.
Common types of RNN are gated recurrent units (GRU) [14] and long short-term memory
(LSTM ) [15].

4. The proposed convolutional network architecture
The RNN always maintain a hidden state and updates it with each new item in the input
sequence. Compared to RNN, the current state in the input sequence of a convolutional network

does not depend on the previous, which makes the computation easier. The processor can

compute convolution for the whole sequence at once.
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"Convolutions create representations for fixed-size contexts; however, the effective context
size of the network can easily be made larger by stacking several layers on top of each other."

[13]

The approach uses a convolutional sequence-to-sequence architecture by [13]. The
convolutional architecture uses gated linear units (GLU) [16] with residual connections [17].
"The attention mechanism looks at the input sequence and decides at each step which parts are
important." The attention mechanism "writes down" quintessential keywords from the sentence.
The attention-mechanism considers several other inputs at the same time and decides which

ones are important by attributing different weights to those inputs.

The convolutional architecture was selected because recent results [13] show that they offer
superior or comparable performance and higher speed of learning when compared to the more-

established recurrent networks.

4. Data preparation

Neural networks are sensitive to the amount of training data. Obtaining reasonable precision
requires the sufficient size of the training set. Preparation of the data for training of the neural
network is difficult, timely, and expensive. Our approach overcomes the problem of data
sparsity by rule-based error model that utilizes any unannotated data in the target language and

prepares an artificial training set.

A sequence of edit operations describes a spelling error. Usually, the error model considers
insertion, deletion, and substitution of characters. A statistical error model is estimated from
training data that contain the original and the erroneous strings. An artificial error function
randomly modifies some characters in the dataset and creates a distorted string. Example of the

training set is in the Table 1.

The training of the neural network uses the distorted string as input and the original string as
the output. Training of the network estimates the reverse function and the network can guess
the intended form of a distorted string. The error function can generate any amount of training

data from a text in natural language.
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Table 1Example of the training data

Distorted input Correct input
faktom vshak od’tava faktom vSak ostadva
Ze stavy zamesnancov Ze stavy zamestnancov

5. Experiments

The proposed neural network needs a sufficiently large text in a natural language for training.

We have composed a set of newspaper articles in the Slovak language.

One training sample for the neural network consists of three words. The "clean" text

forms the target part of one sample. Table 2 summarizes the size of the text database.

The error model distorts characters in the sample and creates the source part. The distorted and

original sequence form a training pair. The neural network learns a function that is inverse to

the one that generated the training data.

Table 2 Experimental dataset size

Set Samples Words Characters
train 12 000 000 36 000 000 206 711 896
test 50 000 150 000 873 358

The error model uses the following rules and probabilities:

Insertion of arbitrary character 0.02

Deletion of arbitrary character 0.02

Replacement of arbitrary character 0.08

Keeping the character 0.9

A forward-backward algorithm by Ristad and Yanilos [ 18] can estimate parameters of the error
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model for a set of training examples, which is left for the further research. The ASC system
uses Fairseq toolkit [19]. The table 3 summarizes the parameters of the neural network (named
fconv_iwslt de en in Fairseq toolkit).

Table 3 Neural network architecture

Dropout 0.1
Encoder Embedding Dimension 256
Encoder Layers 256,3 * 4
Decoder Embed Dimension 256
Decoder Layers 256,3*3
Decoder Out Embed Dimension 256
Decoder Attention True

Word error rate is a usual form of evaluation of spelling correction models. Its advantage is that
the size of the target and source sequence does not have to be the same. The metric first aligns
the sequences with the hypothesis and with the golden truth. The WER is defined as a ratio of
the counts of the inserted, deleted, and replaced words:

Ci+Cq+ Cy

WER =
C

C; is number of insertions, C; number of deletions, C, is number of substitutions.

Character error rate (CER) is a similar metric but considers characters instead words. Sentence

error rate (SER) is ratio of incorrect samples to all samples in the testing set.

The first experiment measures CER, WER, SER of correcting randomly distorted testing text
omitted from the training. The Table 4 displays performance of the system after selected
iterations (1,5,10,15) of the training of the neural network. The first row (0 - no correction)
shows measure of preliminary distortion of the testing set by the error model without any

processing. Figure 1 displays the complete learning curve in CER for each training iteration.
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Performance of the system is improved only slightly after tenth round of training.

Table 4 Performance of the proposed system

Iteration CER WER SER

0 (no correctoin) 0.1096 0.5173 0.8463
1 0.0386 0.1447 0.3396
5 0.0307 0.1108 0.2677
10 0.0279 0.0998 0.2443
15 0.0273 0.0971 0.2387

0.030 4
0,028 | \

Figure 1 CER Learning Curve

The second experiment measures how the trained neural network damages useful data. Input
of the ASC system is a clean text. The Table 4 shows how the neural network distorts the clean
data. The distortion of the clean data is very low (0,0022 CER) and decreases with number of
training iterations. Distortion CER is marked in the Table 5 for each training round. It shows
clear correlation with the learning curve in Figure 1.

Table 5 Distortion on the clean data

Iteration CER WER SER

1 0.00342 0.01594 0.044
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5 0.00265 0.01233 0.034

10 0.00254 0.01202 0.033

15 0.00224 0.01029 0.028

6. Conclusion

The experiments confirm that the proposed approach can remove most of the noise from a text
in natural language. An expert can design the artificial error model according to the typical
error patterns. It is possible to use statistical estimation with relatively small training data, e.g.
a letter confusion matrix ([5], [18]). Processing of the clean data has very low distortion and

the proposed neural network can be used without damaging the clean data.
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—RR & R SRE 2 DI B RSP S i fl RE AV S EE HY T SR A B 26 (B2 AT
A7 BE LA4RHE a5 (encoder) e HUE H B AJHYE 2 B3 » FLAREIE2S (decoder) EE T
A ROl FESE RS - R ERE A Z R 4A S E M Y SCF YIRS - E 2 DU 58 2 E
AYETEARIEE » REAEASER S PR T — {5 BERT 82 Transformer Y " 4wfi5-f#6H5"
A BB TS 24 - ElpJTalE M G EZ B FTATHY A5 5 (Delta Reading
Comprehension Dataset, DRCD[4])f1T B} AFEE » B Al ¥J55 5(Formosa Grand Challenge)
HILLERER} - AR - HERRAE RS MRS A IS E AR W]
ACC=66.22% > F1=41.16% » EM=18.41% » BLEU=3.98%YXAE » & EF Al H HES
[OlEEE AR 24 -

Bt - HNE S R ~ FREEE ~ FYIEIFAIEAL NLP, QA, Seq2Seq
— ~

1E HARRE S e Y R [0 E 2SI A BT 2 A [P AY SOR IR i 2 » SRR
SRR TRHORIE R - B AT HEE 5 (Formosa Grand Challenge) 5% ~ SEPHiE RS HEHY
Pk (Stanford Question Answering Dataset, SQUAD[3]) DA K243 BIIZR H 7> CMU ~ Stanford i1
Mila FYEEA: #E H AV RS EHER HotpotQA[S]%55% -

PRI R [ R 0] 2R AR SR B N — (ETR BN TR P » BT DUEAEREF 25 [R] Y el sl it
B AL FHEERY SQUAD(ER 1) » EAREIN—RRHIREHEREIEEE - FENEERNZE
& & —(EFEEGEYRE AR — BT (BB EE &L - (22 EIE SR
B R 2 T DA FH B - UC B HY )7 AR HET THE 23 [0 5 11 HotpotQA(FR 2)AY M RE M a% =Tk
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TEIZ S HEHEI T RKEE - B U AR 53 DR - TSROy T 2R - 5540 0 It
BRI CA TR ETRIRIGRERE - NILFREAN BB A SN BREEREE -
FHFYZ 2] T BRSNS  BEE A th P e T tiie A S (E i FrAA 7 Formosa
Grand Challenge FYEESE - BB T F2A ¥ ERVHEE A 2 A BRI ERRE T > H
AL SQUAD #1 HotpotQA HYBIREHEFEIELE - THUAK S ISR E FAECE PHIE
IRBLE RO BRI EHEE 2 - LR SR TR B A R — e B A T HR &

7 1~ SQuAD Befsa R AR B SR i 1]

C Victoria (abbreviated as Vic) is a state in the south-east of Australia. Victoria is Australia's most densely

populated state and its second-most populous state overall. Most of its population is concentrated in the
area surrounding Port Phillip Bay, which includes the metropolitan area of its capital and largest city,
Melbourne, which is Australia's second-largest city. Geographically the smallest state on the Australian
mainland, Victoria is bordered by Bass Strait and Tasmania to the south,[note 1] New South Wales to

the north, the Tasman Sea to the east, and South Australia to the west.

Q Where in Australia is Victoria located?

Al south-east

A2 | the south-east of Australia
%% 2 ~ HotpotQA FalsE M fr iz syl

Cl Gorgeous George (album)

Gorgeous George is the third solo studio album by Scottish musician Edwyn Collins.

The album was recorded at New River in London, with Collins acting as the producer.

C10 | Jimmie Ross

Jimmie Ross is an American rock guitarist and vocalist who is best known for being a member of
Pittsburgh band the Jaggerz, known for their 1970 hit.

During the band's initial existence of 1965-1976, the bassist shared the duties of lead vocalist with
guitarist Donnie Iris. By the time the Jaggerz regrouped in 1989, Iris was well into his solo career, and

Ross became the sole lead vocalist and remained bassist.", " He continues to hold both positions today.

Q Which musician, Edwyn Collins or Jimmie Ross, played the bass guitar?

A Jimmie Ross
7% 3 ~ Formosa Grand Challenge Bl 38 P i 85045 £ s 1) (S 2 )

C | sAltERsh - AMRIEIEHE

FHEEHIFEESIREUR - AJEREAE v] mT RS AL =T LUB M 2 KR4 3600 FEAT © bF5E N B ik - 57
T 200 BRA] AT EAYES A 2 (&30 0E » i P ] AT R S TE NS A E G REA - FE2
A > FHARY AT A S RERARE A E o ATREE o] Atk - NBEHEE ClRTHITER - A%
AETEIE - WA REYIH R NIEIR FR L - EEE O AT T > mAE
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FYER AT SRR - i4s A\ BILEE JEhAY P AT g & B ARG A - (BAEREEIG - ] AT
g E RPN L T - (R EAaEs -

Q | HftVEEmT AR (E R =2

Al | ATE S R ERE > TEERASIE I - BE D -

A2 | R A] AT AR - Arde A\ IRV T AT g B R 0 - (BRI AT AR R s Y
RPUITRET -

By T RE: SQuAD MBI H » B ATHY J7307A QANet[1]f1 BERT[2] &1
Transformer[9]4H3¢HY Seq2Seq A » EAFIELA BRI SH BN FIEEREE b 2 17— (& R RE o]
B R TR A R B Y RIS e P A TR R L 2 1 i E R R R F R =
EREI Mg A - MBRERE & E P 4drS(Dynamically Fused Graph Network
for Multi-hop Reasoning, DFGN[17])5& & T fi#2 1 HotpotQA =& H 23k ZEHE - ERENES
(&l 7 B F B R B RE RSV R EUET TR R WA EfY S E R 2o He AR R & ST T
AR T EE -

£ Formosa Grand Challenge HYELEEHFIATHIE[HH QANet 1 DFGN V2SR &
DRCD[41Ff73I[ 4k tH R AR AT T RTEAV A (2 HASR AN AR » T2 N Rt AayE
HEEEEMEREZNUE R T NI OR—(EIEMEE R AR E T A A% -
HEAAELE B 2 e B E ANy /i i (EAE R L B AR Th e 1818 8 B S T A
rREEAR R D > B AR g A SR BIERMEARE B T EANS
G H T DLE AAEEAERRHI R -

£ Formosa Grand Challenge HYLLEE I REZ T fESCFE N A HEM [0 B RRE - Ky TECATR
QB AR [0 B SR - P AR 2R AT B oy S DA B B Y T AR E & HicE
FEALHYBETE AR HETTULRC - FRFTE S LAGR IS Soh B H AR S B - LRSS
BT A RO ERE ) - 1A 2R H SR SR rIREHY U ETE BV T UK B S iz
1 BUE ZAHRATR AV UCHD « 2SR B B AR RIERIE 02 247 » fMELEE & —E A
WEEZ H e A T EFEN O ENEEMEREEE - M8 T E DENER
TIRERIAN B INE A T - 71 2 & o P 26 4H Bl I R 25 =CA Rl T T IR > i f
FFFHIEIR51(Seq2Seq) Y 2 EHEAR AR SE AR -

Softmax

Linear

t

Add & Normalize
t t t
i | FeedForward | | Feed Forward |

Add & Normalize \ 1= Add & Normalize

; 2 { : t t
[ Feed Forward | [ Feed Forward L9 i Encoder-Decoder Attention
Gsisaaitasse ! R AR t L e ! SR R t
- Add & Normalize o Add & Normalize
) { t t t t
L H Self-Attention H Self-Attention
oo — e !
— & &b &

1~ AR R R E]

114



=~ HHRHETE

Seq2Seq AL R VIFE 2 By T AR ESENEE[12] - ERE RNN R JE R EHIRTE N AE
B RO — (B i A 51 PR TR A 1] - E i 2 (R I AR e s dlEE - |
{E ~ USRI AR S5 1A 2085 o S w)FTiettiay Seq2Seq[ 18] AT
—(EFE &l A 75 TR R B AR A E GRS — RN EIVER » Rl 2 H N &
fa A > AR TR E S IHHI[1910Y Seq2Seq FHAAYARME - HIFAEAFI 3 ISR AR E Y &
TR DA B Al A K - H 75 S H R S A A 1T [ 55 R ofr DA A0 1 o P #
AR SIHEHI Seq2Seq MY ZRRE AR LT[ e MIHIRHLEY

B IR FRERIEHYJ77A7E RNN 2848 F)37 2641 QANet il DFGN %% - QANet
THIEE T RNN AR AN EEt 7 — (B4 - S (E4RIBIEIRET L ARy - EREE
PR EVEL S Multi-Convolution-Layer ~ Self-Attention Layer[16]#1 Feedforward Layer - .
S EE EL AR DA Ry BT > (S FH 200 F1 300 R[] 4EfE Y5 (5] & (Word2vec[6-8]) Ay RLbfE
ARG s A B S EE B R R AR I - R (EA Self-Attention [RIIHE ¥4 /51y
B SRR B AR B RIS SR -

Ry T SRR EL Sy 2 A s= Y THEN SR 0574 BERT fc& Transformer 4Hjk—
{[EZ seq2seq f&i% » BERT AV 435 Transformer FYZ2 A3 45 BE. o7 4R A1 AN IR LR -
FAER] Transformer Fft DLE AR 8 IR A tHI2C A S (RNN) B BE A U e i & 1)+
HYEEH - SEEAE MBI QANet HEHFAVLER

=I5k

FeREI 5 T A

B GFFIEIF5(Seq2Seq) E AL HIE FiITE — SR HEIRE I S o J3E 25
85 - £ GBRS - WEEE A AL R EAEERHE LU TR Z HERIIEF
% - EFTAHHEEET EMISCE - MELREENREA TR MERDEZE
HIRITRNEF T & s B RIS RI4E R - INIEFRAMTER A L2548 A P MIHVEII SRAEAR -
Seq2Seq 7 RCHAEES 7> - St e flAETS RS - dmiBasF M Google (Y BERT TH3/ 4K
TR > 5 SR SO BT RE SR AR i 18 Tokenizer BEANHEN A 775114 Fim A SIEHS 23152
URIEEEN o AEMEREESATEL Sy TP (@ A Transformer HYZ4E » 48345 6 |8 > TR GRIGEES
PR EIT RIS 2 AN & b — BB A 2 TS ST H R - B0k B T
s MR i BE R A i softmax gy ik SE S HU [ R A4S o
(—) BERT figE A ps fH Ay

BERT EE LTI E At B 2 E SR G K TH I SRS RV R R0R - BB A
R EIHIHTTTE T B 2 — (%% £ Masked LM (MLM) - BEREHM BF AL 77 6980 A
token HEFEHIEERAY token - H BRI RIS R G AR TR 46 FEHY
token » 554 M¥E ] Transformer - FE5%E MLM fZ50 0] U2 E(FI{RHY = =Rl (% -

TEE SR i S DR A Y e ST A 8 8V TP =K% R » BERT #E8YH0 AHY
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G A RI(EEA - 57 2w A S5 (Token) » 55 {828 A 53 EI/551(Segment) °
£ Token HYHS &G H—{# T SCEF 4IRS [101, qo, -+, 41, 102, ¢, -+, €1, 102] » EAL
2 T LR SR SO 4t > BT DL SO Z [ & & LR R 7o Chabe - g
AR CHIREE L - 5351 » 4F Segment HYER /345 A—{EHH 0 A1 1 SHAVFAI] - BERRE
SCEMIEREARE T B - £ EEIIREEARIE Token HYEE LS THEIRY 0> MISCELS
T NI SR (@S0, .11, - 1 2RI SRR - 1% - AERHSEI
ST RFIREIFPS 2 H Word Embedding #i A #E BERT Model » {32 P51 ERIL &
afl

() Transformer f&EAI 204

ftE e e Transformer ZRFEAHEKHY - RFFII4RZE ZELAER BERT IS 4 pe s A i (s
FEIH R BRI R P YIE([101, ag, -+, a;, 102] » Z (&R RGEISRE[101, ag, -+, a; ]

flag, -+, ay, 102] > L3N SRR T 1E _E—(E RS as oy H EF Rl A 28I T —
(& B IR AT - FEA RS2SR Transformer A —{ER[E > B2 H1—(E Self-
Attention BE7T > FH A B H 0B R | SREF it as 75 2% b — (Wi i aSE R 2K
EIE T —ERVAETEREYE A > M 4mihes XFEZARE BERT ity EAVE A THEE -
ItiEE e Skt b —{ErYEn & & 4 Self-Attention 51 5i1% F1PR BERT Hyiig Hi & fHHUER
TEARE NSRRI 175 08 softmax iy HHBGEE L EIREVAE TS - &Rl (B P&
A S o S P R R EE o Rl SUEiE R MR I rA T AEEE » 1E input
K72 output FHEHEAYFHY BRI -

VO~ EERGTIR
(—) Big%k

TP A RS AT RS TP 73 55— (R G TS hE(DROD) A BRI
B B (ERA TRHOAIEE » 81 AL ) (Formosa Grand Challenge)bL 280
HHH ) -

DRCD f2— (i CRIEE AR » 7 2,108 LR ETRUITSCREREREH 30,000 %
B R BIE AT F1 45 93.30% L0 Exact Match HIFAR £ 80.43% -
Formosa Grand Challenge 2 Fh1ef4 B BRSPS — (AL X B -
s T R R B PR (PRBARS Tt A SO ) - AR ~
STUA R/ NSRBI ATY 14,000 25 (RS - 5360+ BLEEGA 25 BRRTERE - (i
FAHE > A B A S S BE A TET B S - S 6 KT
I0E ~ AEEEAIATE - DRI TRPIHEE OV RER I BEBR AN 3 SR T A 1,000 REA it
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%4 BEEGE
(ks #ll%R g pilEy
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DRCD 26,932 3,524 3,485
Formosa Grand Challenge 11,551 1,000 1,025

H1f? Formosa Grand Challenge EEF A LUBEE B & - [NIEEFR IR IEHERVEETHA
EIFEZELTNEARETIIR - SHIMNH ERVE R 2 8rAHATT LURIIRATSE > FTLL
R TR - DLORFSF IS4 — M -

(=) SHEERR

FEMEF T2 A Y R 08 T 49858 XA (Categorical Cross-Entropy) 5 B 1
Tl B R » HOTRR A TR -

loss = —Z Jilogyii + Vixlogyiz + =+ Yimlogyim
i=1

He o n2FAHE > mE0HEE BN —EZ A loss (%L - FTLETE
AR A E 2 2 EHY

FHMRAE R T B AARE R MG IR T E « B —EE RS EZER T
HIBERE 72/ 0EIEMER - HO7E=0 AR

TP+TN

TP+TN+FP+FN
Hrf True Positive(TP)E & IEREAY TR R TEHE > True Negative(TN) 285 aR Y TR Fo bl
2% » False Positive(FP) &85 a2 TE NI By IE MR {& False Negative(FN) &5 IEHERY TEH]
Ry bBERAY -

5 il F1E » SetEH sk & 0 S AU /Y —fEfE T - F1 (ERL2ERESR
(precision)F1 75 [A] (recal ) HYEHFIESE - KR T T REATA IEMEM IR VA S(TP) G B 1
AR (TPHFP)EL » B ITRE=(40 MR

Accuracy =

TP
" TP+ FP
M A B TR B ATA R A4S R (TP) S A #EZ e R F EI’J(TPJFFN)EE@J
% = (& Bilingual Evaluation understudy(BLEU) » #F47BEFELEN U] E F A4 ik A 3

BB 2 7 IAELUE - B e/ et B A TRy UCECEL - ﬁ?ﬁ%iﬁﬁﬂ?ﬁﬁﬂ? :
Count,(word) = min{Count(word), MaxRefCount(n — gram)}

Hrp o Count(word)ZrREa4E éE%jUPEI’J HIRREL > MaxRefCount(word)E% 25 %

TR RE - R A ST P E Ry

Ycecandidates 2in—gramec COUNtep(n — gram)

ZCEcandidates Zn—gramEC Count(n - gram)

s EAGERAGTE BLEU - HEpor HREA 0T

N
BLEU = BP * exp Kz Wnlogpn>

n=1

P, =
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HepBPRESIE » HpW, o HiRAEE

_ 1 ifc>r
BP = {EXP(l —r/c)ifc < r}
i{& /e Exact Match(EM) » ‘B RERRF M Z A Y B FREAEE R A —5 -

(=) A

Al sRaEtE - TP EE R RIS DL R Bss e & B & 0 —#EdI1%k - —BfdGo:
SEE AR RERVAE R L RHIE 384 » Er]LISE 2 S8IEET 95%HIER} - HIMNGFE
FEIWHEETEIRHIE 30 ° TRESEEES 98%NVEZFEEIE - (FAMEIEE h I D&
FARELEILS 21128 {E=F -

IR RE(E P A E e A - FE4RAS 2R (E ] BERT HSCTHEISRIEAL - B2 i 12
5] transformer 4HY Sk 21 A 768 {E&EL > Multi-head self-attention Y heads /% 12
RS HIE A 6 J8®E A transformer 40K » HEEHLZ T RiGasiVEEm L
(MU) &E5REAETam

A CATE 3R ERESR AUIEL 4) T DB MO BV ST LA V2 - T
ERERAE R AR TS S BB B IBE BERT 45T HIATSLLR E— bt
BEAE B & IR E s - IPIPTiR Y AR A M EEIE SrHEEE - 72 DRCD
Y IEREZEA 66% » F1 81534 41.16% » EM 2F437F 18% ; Formosa Grand Challenge HY
TERERA 58% » F1 545375 37.46% » EM 545575 16% « 4132 5 -

RS~ BIRSEER

BRlE Acc F1 EM BLEU
DRCD 66.22 41.16 18.41 3.98
Formosa Grand Challenge 58.10 37.46 16.35 3.25
train loss vaild loss
10 4
8 35
(5} 6 %
2 M T Py > - — 2.5
0
Ty RNS SRR ISRT S 2
O MO NNt ONNS 0N 0 WIn N
TMN 00 g 0NN YRaT2Y 1 3 5 7 9 11 13 15 17 19
training iter testing iter

3~ FISRAEHIIR R E AT
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. vaild acc
. train acc 0.7
0.8 0.65
0.6 0.6
S04 £0.55
S ©
=02 > 05
0 0.45
AT NO MO ONLNO AN O MmO
VWOUWMMANDVOITMN O OO I 0.4
O N O NSO NNS 400N 00 WIn N
TN 000 dmn Y RSN 1 3 5 7 9 11 13 15 17 19
training iter testing iter

4 ~ FIIR G TERESR A

PUN Pl 2 22 GG T 5  {esi B SR HM 3R IE TR 6-8 Al LIBFIH Ay
AL pOmiG Y ) 7 HAR P E 2 - W BA IERERIRIE - A B R E B AE LR
(OS2 L P B S 7 P TE R RIS R - P DAIE] 5 L Y S SR FE Bl e A LA B
(gEsE ~ EIEAREEE > DU A G A F- o

fie Bl ch 3 M m] DLSESR L BERT J&fe— (il A 575 CCE) ks Sl e 2
ARABMEAVERE, - RN REEE IEHEA R S R R SRR A o 78 A A B A H Y e Sy ]
REE R Ry e 51 21 o A A B 8 P R | — A PRIEC A0 SR P — (E B Y B Pt & L
HUEIRIEER - EEUE A MRS F IR EE G RAVIR R - RERAEMDA RIS AT 3l
wo el | RS EHVE RV 52 > e P MRSk S 28 1 B2 ARG AT Y 2%
{3 SR E A Ak - A AR B B R B B RS S S R A A ke

% 6 ~ T s R &S —

Cl | FFEEERES - MREEHE -
BEFIH(Uber) A EIEAFRAFETK 3000 ZE—F > GILEETBUER S RELHENE - H
Uber 537 » MBS - IRIEHE > QARSLEDHEI - Uber REUZLAE - JRERE] 105 F/HE
EPERSIASLEIN > S RIEEIET - Frdbmi - FH Uber APP 1220F-6 » FEHHIEE 233 #f
FESREEE - S SERIR - WOIERE - 2RO EE SR EEAA - NItE st E
3000 EITERK - BILEFETEUARUEAEME - SR EF EEN T EMBIFAREE - T
ETBURT o NBERUARE 7Y > #) Uber B55f o0 gl » 0] _E57F -
Ql | GEFM(Uber)AE T HIHERILT ~ FribhRIfEATTE - JEL R ST ?
Al | BILHBUE ~ FratiiBUE
Our | DA EEH]

=7~ RS —

C2 | FITEREL > AREIEHE -

SREMRFUEE NI > FRTBEHA - BESERBEERISEFRERNERAE -
EHIE R RGEEE AN RE - BN 2R -

B AR MERI 5N - SRR EREMTEZ - EREREK - At ErEAIE
Pt @R - Bhifliat  EREEEITE -

BN - e R AN EM — a5 TR AR AE © ttoh - Bl mBU &
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TN - — R RPRE R DU A BRI E - HIBRICA Z 1% - IE Y R ERRLE 4
Fr ISR o e i & -

AR S 1% - Ui SHBHE - BRI e R - RN EE & AT
WHeEE - B FHERE - BMMIEEE R 2B -

Q2 | EERFEET H SRR A SRR BT Y 20 2

A2 | SESHEE E CREMEARDR TS BRI 4R -

Our | H4GREHE

%= 8~ 4G REIHI =

C3 | A IMIEERES NEMEEYIE -

B : S E () ?

A FTRETEEORAES - AR - EFERT ISR R - (HRK G EFN - Rk EEVNR
THNET - A2 ErEh 2 B - RIEVD VDRI - 2 N EHSER -

Q3 | WE—HEENY Al LI/ N —HEE 7

A3 | fEEEHRE

Our | KAEHH

ﬂ > \\\:Dkg/ﬁ%

RESCERRHE T —(E A BERT E Transformer Y “4Rif-fis" RIEHEA EHE
A DA B A BRI S R4, CEE I AR E X E N S B R IINE X - &
REPE S T8 S R R A A B 0 & 5, 020 28 [ TR BRI S 52 5 B AN E R A RS HITE
Bt o K ERAEREE KMV ASHEE IR EEEEZ X WEE] ACC=66.22%,
F1=41.16% > EM=18.41%, BLEU=3.98%3KE, ¥)>F &1 T 0] B fHE A 0| ERE A2
REME 28R o RAKRHERIE 5 = E TRASE B35 A 4R SR sERA A H & Z HUsE
ERHE B ol AR B A T R R B R RE A S P IRE ST -
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TE[E-RAL OK ZEIEF » F SR EEHEY AT - SO IR IR » &
AR TE B2 T S 2L hzﬁ%%k%ﬁﬁﬁ?ﬁﬁﬁgﬁgFﬁ%ﬂiﬁ?HE — AR B AR T R AL - =R
AT TR - B2 AT REIER ss B ta R 153§¥T§ 551_52 EWHE o R
8 28 R P [ 2 B R TR0 - A1 FH S AR \ B A SEGR > REBMEELEAR

[E] 22 ERET ~ RIEIHH ~ AEERFREE T - 25 EATE %?@Jgj[]fiuﬂﬁﬁ » AR SR
AIACAFFOERR - DLEFAER I EPRIE IUSS A al gEM: o RN DA R TEARGw S &
IRT normalized least mean square (NLMS ) AL EFREEE - CH G EEIES
2RI R B » FEH ALY recurrent neural network (RNN) FYERESEENE - WEE
Bt o DR R B AR R B > B( ] NLMS 50 RNN » BEAEHEE - A [EERE
ZEFEER LT - A EEBEVAIINEERY - SR EF KB IIHIHRER - HERSE RS
(1) fERHSE RIS EEELER - (2) TEAER A EIRETEE/NAFRE > (3) RNN 7EUR s
RIS KSR LAVARZF R EEY NLMS -

[BEIfHEE - NLMS ~ BRADIEHAEAERE RNN ~ MR ES 250 JEUgEnL

— A

FEE FHZS SO RIERHL OK HYZ&REH > FFYUCE BRI\ ER S v JR R e (£ A [El & > &
R\ 2 B i M 2 R BB e R - F YUK BRI 2 2 e 1T B B R (B 752 S A i —
K%ﬁﬂﬂﬁﬁlﬁz*“ﬁi&tlﬁl/&}hﬁﬁ’éﬁiﬂﬁ”u © JELAER PSR 8T i L 2 22 i LA Ry B (e B
IRETI LSRRI S B A E TR TR Ul 1 3 2l - i S i i R SRR

JeE PR ER S BT AR HSRE (R 1 - 5 PR A R B R M4 fy IE R B8 > RN E AR REARR
FEAHBEZRS > ERHRMBERAE -
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RAETHEAE |+

\.1..) ‘)))iﬂ— ATEA KR VES SN —‘:)) l?h

[ — ~ 28 v UL [E P Y

R FEMFENS - nI PG B2 s MEHE R PENGS - R E T A R S A S
FEA LR T NSRBI > TREGE S I INEE v B WOE SRR - TRk IR
UG AZE RS AR LA B RS TR R - R s SRR S e T A A
BRI T RN S A R o AU 7O - SR 8 P BELUIEOR: wRe & 3 R R U AR B
TR AR TS LA RS B AE IR L - (ELE R 2 2R S N B AR T
s (B EBURFAGNSE S - 22 AN F IS AR BRI kA Ry a4 -
AT H AT B PR AR U 38 A A e a A -

Fo T OGE B A NG A ERES - 25 E I A e M 28 A E A O H PR ] AR gAY -
EIHMIe 4B NLMS 2 S8 MR s s R AR Bl JH PR 28t 1-2140 T — - Al
FREEAAEIRIY \Hm A BRIE /255t x > HEMERAEAFEZERERE « AEHE - A F
AHREEE T > 2 veJEl rTAE sk BV B RZaNSRE - BRI 2 IS (S 5 e A Y28 e GRS d
AR > (R BN S ATURFFOR R - LR IRB A PRI U 3% A= A e RETE

far-end signal x
S— ‘ (((’

Adaptive filter
near-end signal h
o)
 h- Ty
S Eah
........ :/.. _I_‘\_/’ e

fa r-end echo

[ — ~ (R AR R AR ]

PRIMAEE F L OK ZE s il - R 3 IR AE B IR H AR AR \ B L 2 A - Bl A
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R ZE [FIR e > FRBENIERIERE - EERIEEEVAN NLMS A5
fig I ESRMERTRE > EMHR Y T ARRY RNN AYHEFEEEDE - it RNN Z2HEE EFZIIREN
PRV AERS > feisf EEB RV Z B E G N2 BENE R 2 Al - 15
ZERRE SR L R AR T A GRS S AR A RER VB R BRI R S B IR B e R
BRAE > BB IRSRIERYER ST -

LS NI 3 AR A B, HLZE 2R 25 20 - TIRAIS A —BhEH S — 20 (LB 28 208 EHY
FHEEBPHRE(L - AMEEE A IRE A U EL PR - (EAEARISEUE F0A rT g R E A A
FEESHVEREEERGR » DRI T LB T IR IR, ~ SRS B AR RS - BIE2 IS AR I,
FEAARUE BRI s 2R B2 S A= B - S5/ MBI RNN (e TR E B NLMS 018
AyZERE > PR SR Hat R RSO B HSREIERE « INIE EAl5 & - AR
R AR AR A AL S 2 v VIR U 28 - EEM(SARr i ~ ARk NLMS IR
ik RNN {EA[E] R, ~ A [FERRETZE R BETE D A FEUEEVARUEE - 5THREFRK
EAGEILHIHISR - £ A Z R B R & 7 4a H AR T A B0 -

— ~ MRV

W REEEER AR AT RN 28 ~ BB 0 ST TRAY NLMS FIESHA FEOH
SR T AR 7 FE M R 23 (Prediction Error Method-based Adaptive Feedback Cancellation

PEM AFC) © & AAEH RIS RS F — i o] DAR SR S AR et i ie iies > H T ERE
KEIEEEES - RESE R S R I ~ /) SHz » BYSE TR NL S5 AR AR - HET ] T 0
0L - PR R S VRSN » (H AR RIEFISE s H il & A IR AR ok SHz iYL
HAHCLEHENEE T IMTAIER s 2 SEEM B2 R si s TR -

TEEE L4 TR U2 H R TR S BE (2 JR(E 5t h BV - Ee AR AR R AN T o s i i Ry -
PRI RF 25 e AR AR BE VPR BT TRIR FERER » ] LA BRI A B - HFRFRAE = - £
T e R S 38 AR TR U AIARES » 0 H B4 il —4H B 75 CRu DU AR [E] HY
ZENT JEORE a AR VBRI LA - A [T 22 1M BR (B 1 f R L 3] -

R

VUV E-AV o & A

Filter 1 Filter 2 Filter n
R —»@—IM_DF

— FAL AL (DSP)

- R 53R 4] % (CPU)

B = ~ AR RS R
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Fo T AR EETTE > B S ] AR UL 3% 4 gt i LA Bk - IRIEL(E A T e e
ReEs > AR EE A A e B B BRI A R RIS M S HAE = - TRERYEPR 2 2K
AylElag > i NYTERVAMS) 2R S ER - BRRE Mt EE/N4] - K25 HIZ
TP NEF HEZHER] [l R TR S U s sz 18 /I BRES - (ki AGHsR AL
MR NLMS JHE0A - Hpp A Al 80 RV 7 AA R E W B -

Sy NI PASHAER AR (% - AT A as 2 e B VAR VE R > S I B 2
Zragds > NI E AR H B HPRAY R E A0 & B BRI L - A AAERH
A P AT RIS A I 2 i R w2 (AR BRI (5] - IES MR SCRE T IR TS
JEIEEVETERE 93 (PEM AFC)ZCR AT i 2R 557 Bl 1 45 TR BE L 6] - i £ PEM 575
T FH R F e b e A R 28 o EURTIRIN EEA T RN » PRTR IR 5 EEa ik 22 5 T R
EEUAT o PEEEZER] T REATRETEAY HAR o MR IThnsE 2 anat - 8 (8 R (
(Linear Prediction » LP)2&fEET[7] - wBE a5 ER R I AHAT A RRSERG 1K LA AR BRI > &5
aNSERG ] AR AT A RR SRS Fr AR MR AH SN DU AT s Al - BrnldEe LPC {hat A AHRITH
A GROIENE » et s SIE T oo Rl I EE AR A7 At > DA R i ch S Ret B AR 25 H
AyAEREM: -

FRMIERZE 7 A TCE MR, 25 RE S0 TS S BREE Th AR 10 B > INIERZ S B M PRas A
HHEE S RIS (entrainment) BE S 2 A S - (BN > ETHSE ARG ISR -
WHERET A BRI sSREGE S - EE IEEP WU EAREEOER T - IR
N R TR > IR 8 A4 IERE TS T Ba TRl S nI BRI SR &40 - NI tha Attt
IR TR S PR DU L &R PEM S8R TVTHA(8] -

=~ MR AR I 28t

FH 2 o VBRI \ Y PSR A S & A 2= P R S A Rl - (el e & 2 PR el A N >
{E AR [EIRER R 240G i AR RE B E M IRAEIE - Eim A8  RESETEE
BRI - I A U e AU A R R R A EREE > SOASm SO R
FATHACAERS > HRBEAE DY - K o] DR [RIRZESARE S KB RIFRIAVE R > DIEEE
TRIFRIAV IR B RS - WA N — e BBV S > Hf& A B /=AY RNN (F e DUEHUE
SIRRIGRHTEER - I EH) RNN gERe B R EEDZ - IHEEZHERE - TR
HABHER LSS NLMS {502 12 A1/ e iR A e aE A e vy A e P R 2 PR R -
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far-end signal x
-

Adaptive filteq

RNN G
near-end signal
@)
e Ty

fa r-errrld echo

VU ~ FEF AR A G 2 R PR e IR ML 2 S A s ]

B

(—) NLMS

S R M P AR e TS EE By 2 d B s IR i HE Y AE R x - I NLMS FHIA]
REEREIHVIRIREE » (HEAHRURIF O HFR » FEIS 20V RR 22 a0 e% e Ryl S 20T
shEEEE o NAIRy NLMS JHEE:

e(n)= d(n) — w¥(m)u (n)

Wt D= W s u e’(n)

FEARIE NLMS JEEVEER Y - M5 512 BEEL—(EZAE - Rt S fERTAREE FFT #EUAH
i ZARIEREFERT 512 BRE—X NLMS - ERSERHR FRERSTE Inverse FFT 8
[E]iRFI8 % 5 overlap-add - [LANEEE PRI EIERERE - WFTRHHISENBEYE 25X
H 8 {E&HE » SE AR R ARERIHE VIR MEE -

()AL RNN
TP PR A B T N SO L A B & B S d o P
ISR ORI ST R RS TE v - AR R PR BITE N - Bk 20 R
PR o BB S EIHRISR LIS A\ A -

I B A S P B T ( H - S MR S B S EH B
TR OERAERS » B A FB B IR AT RS ZTER 1024 B - T {ERSHHEIE B2 100 (HE
B AL R AR » I SNAE T E IR -
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x;(t)
___Input Layer
N TN /
{ | ( | ‘
L \_ J
N /] A /_\Recurrem Laver .

C)C ) ()
AN AN //{ P ReCUrrent La\"ﬂ %
\ /:
t—l /
TN

; %ypct) ¥
|
B 7L~ 5 R AR 2 R
HARE B B aligay 2t o FUAs AR BE > [ i e B B SO SRR A W EE i AR

I e 7RG < i Al > s AL B A G R () R REAE E —E - DLZAE B T — (R
BhHEY ISR A SR E ATRVETE O B R A R (E R AR A A s IR AR I
BESN RNN A% 0B R0 Ry S (R (R A (Backpropagation) » DL Ry K2 [ (S AR R0%
A HEE:

B A, (O) BB v, (FIETSE —(ER5RUE » BINE S — R g Y (R BEED; > &L
AR EC) > AL — (RS 55— (R R Tl oy (O > 0 =G DA
f—ElERUEE L o n Rl A fEE -

RS AV S — [ R el i L iy A E S — VBI85 - [RIR R AERE By o PR B — R RS

> Wt e R (- DT GIREE - TG 2) /&S a i Ax; (OFTELAYHT
T2 -

y; (D = f(ZaniXi(t) + zm rymyi(t—1) + bj) (3.2)

H_E bRty (O & A J@RViEke - HEEwy R fEleEE - il ks
&g e e i ER (EL bk » ACHEHA LR B (A > 2 LA 28 (IRl e 22— (IR TR i T
fittye (O - Hfgan F5EG.3) -

yk(®) = f(EHijYj ®+ bk) (3.3)

ERRF Y — B i A ESE R NlaE ) > BB R P R Er, i o IR - e b
— R FETRG (- DR TRBGIRRE - TG 4) R et Ay (D BTNV HTHE S -

127



yr() = f<zln Wiy (D) + Zlg okgyj(t—1) + bk) (3.4)

A& P MEEE upk ZHHEEE g el e i oy (O 2 ey (O > HERFyp (O U A R
A AEES AR

A RIA—% RNN Y& A {85 /8 &% (Backpropagation Through Time » BPTT) » Fe &R
IR AT TR NP AR R R RE B (E - DR 3 B B oy 4 e A [ R TR el e s U 1T > i
HARIGF ARG A e B cost function ) {E (o) (AT H L —BRAGHF L H I R iS00 (E -
HFIR R B F LA 5E R - FEAEEEO S E - 5 MSE #iTRy/ME - 38 %
ATEAE A

I~ HEREER

Rem X 2 B8 R BT B EE N (A Cappella) 81 \ 2[5 — i H AYFEIEEHE - ELEL
H3; NLMS -~ $afsk NLMS -~ B RNN 5 = ([#sEEE -

Ryt 28 ve I —F TR E MR R B AE &  DABUBIE M RN &8 1 AU e (55 [45 A mluds
AN > PRUEEARE G 2 1 B A oo — B (G 5) ~ 55 B (F40) ~ S =B () ~ S VUES
(NE) ~ BRE(NE) ~ FAREHZRE » ME—ER(ES) BA AR5 H AR R
as HPREE R E WY\ > Ry BR Al B E IR e ~ SRR S E BB R (F )RR
Kas HFRGERIIARI S > IR =B (NEDA IRV N DDA ZR L2 - A
JE{L By google 2 Google Home Eil apple 2 HomePod » {EEFHEIF4AF—(HIE T~ @ [H &
MELEBUREENIFN - B G REIRE A FEBRENET -

() EFhRA

T FERAA

LT3R BIEE HUEAER REF) FEH JEEL
JER g% 16-bit BE A 16000 Hz 33.5 ThEr
REHE 16-bit BEL R T 16000 Hz 33.5 T

(D) ESREIERH(ERIA/N ~ [EF &)

DU RS £y RIR-Generator A 2 BRIFELEEAE[9] - HeM Tk b S G T8 R HH = A DA
2 ARIE R B IR N AT RPN R R B R R - DU N R IR B ESEEE
E% Fy 22 (Sound velocity): 340 (m/s) ~ BUEEAEZ (Sample frequency) = 16000 (sample/s) °
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T BRREESEECEEMAR)

REHIGEER/N) | HEHEEZERZEADN) | NFEENKDN)
Source position [10.0 4.0 2.0] [2.51.0 1.2] [1.7 0.2 0.2]
Receiver position [6.04.0 1.5] [2.52.0 1.6] [1.7 0.8 0.8]
Room dimensions [15.58.56.0] [5.0 4.0 3.0] [2.31.71.2]
Beta(V82E £ [5)(s) 1.8 0.45 0.1

(E)IHEHE-MSE

[ EERERCRER T LB H AT 25N » B A P49 2 (H(Mean Squared Error >
MSE)ARE A HEEEHFRATEER L HOTREEAT T As:

MSE = =TI, (s(n) — e(n))?

Horpo s(n) Rt N 2 JFUAETE © e(n) Rfeleralsr: RIERIEIRER S S0 BRI B E R
FRIRRIER N - G H R ARATAT N N s(n) B[R RPRAVRIER N e(n) - W& AR
P57 > & MSE(HRUVN - FoRHPRIRALT - (ORISR REs # Ay 4hn NZ -

(MU)E B R
FEERES (K NLMS ~ 355k NLMS - RNN)
1. 85— F—ER A FEERE(EEAN - BEEE)

NENH > AR FEREE N REIE FUARVCR B AR ERY - BEEACE R i A -
B LSRR RNN B2 NLMS {7 R SCRALE AR Z A Y -

0.0177
0.0071 I 0.0074 0.0069
AR

0.02

0.0176

0.018 0.0168

0.0071
I .

VAP

MSE

0.008

0.006

0.0

e
=)
o 8 B

I I .
P )

wSEHNLMS = RNN

m [HEENLMS

N Bl —LhRE

2. 55 A _AFER
TET - A EE I IR ARH T AT - B EETERE IS L ARE AR - AR
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P R AR B M A AR UL S AR PRER A 5 IR REAE R PR ASUR B sl ET -

0.02
0018 0.0176
0.016
0.014
0.012
" 0.0101
2 oot
0.008 0.0069 0.0074
0.0061
0.006 0.005
0.004
0.002
0

HRlx fLEiN
mEFENLMS  m AIENLMS = RNN

[~ B e

3.7 NLMS ~ Fgiisk NLMS ~ Hpig RNN EEEE ([ — 53K ~ [F—3R55)

NN T A A RIREHEINLMS ~ R RNN ~ S5 NLMS (RFIsE] ~ HEE [
EE#E > PR 2RIk NLMS BiFisk RNN R A% » (45 NLMS B Ui bbis
PRAVER (% - FTDUSCRES A R M 2 - 32 P ACE PR — » R R (R —ERAVRUR
BRI -

time domain NLMS
e

1 T T

T T T
05 2
0
-05 -
1 | 1 | 1 I
05 1 1.5 2 25 3
<108
4 time domain RNN
T T T T
05
0
05 -
1 L I | 1 1
0.5 1 1.5 2 25 3
<10°®
freq y d in NLMS
1 | 1 | 1 1 1
05 1 15 2 25 3
<108

J\ ~ B NLMS ~ B35 RNN ~ B NLMS Bk Chi &l
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[ |
Wy 1 ! diy
(Tl (A Bt iyl

A ') LT 1l ol g/
Al L A ST TR UL T i (PRGN NN
AT LU “"1‘ N L Wi i M i

O TV A TR TR WL T AR AT VL T )

-~ Rflg RNN Felgr A p s

[+ ~ ARk NLMS Felgr A FaiskiE

FHE+ =~ =~ AR > 5B~ SRR mARE T o B RNN A HBRSUCREAF
Higetk P2l NLMS » (s FHEAEEACE - Fsie B —BAE T 20 thatie
S~ B 67 MHYERHh th (R T NLMS 1072 T > f5—BHERFHEE — MR A
SRR AF 256 BEATHL—2K 512 BEEUEUEE - 512 Bifg—REEH —HRaUsR R - Sy
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W 2R P S AR e

[ ~ BRpig NLMS 55— ~ bk

[+ = ~ BRfls RNN 55— ~ P AHIskE

[ +PY ~ ARk NLMS 55— ~ B SfisfE]

KPR = U~ ECAIIANER » [BIEIRl&—E (B A HEERTER /N > AiE 74l
*Eﬁﬂﬁ)ﬁﬁﬂ‘ BERF LR e A 2 T o ([BRHSE T IR EAUER T 3216 T
HVERE 1 MASCEEAA T 12.56 TR/ ARTET RS FFT > fi7H{E NLMS 5t &
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JAHZE T 256 {5 > TMfkeisk RNN 2 H s R - EAMERE /N ~ +£ ~ £/
AJFSRI - FEEk NLMS 1 500 Hz §yith 5 {573 S5/ 2R 25 » R NLMS 75 S5 1528 7858
BAVIEIZ T - SUERE— B A REE T - (B0 NLMS [A] R/ IRBA SRR (E R LY
B f% - FTLAZRZRAYER(L > (] DAREHFRIEIE © 10 RNN SEZA Rkt SR > (HINRHE
R FERMERVETDE - EIEMIBI ME(YE RIFHVSCR - AEHEEARVEE T > BHsREGET )
PRI — LA B — I ARSI BE4T » (E R L IS I 1 > R A &
MHAEKRL B =R EERERE S HIRWEMN I FEA R R E R e T

time domain NLMS
. £

05

05

4 I I | | |
05 1 15 2 25 3

time domain RNN
T

05

05

4 ! | \ | |
05 1 1.5 2 25

'nquonpy domain NLMS

05

05

05 1 1.5 2 25

3
10

T

1

3
10

Bl 71~ Bk NLMS ~ BHa RNN -~ Bt NLMS 5575 SRk &l
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B+ ~ B NLMS 25 X ESSEisi]

-t - B RNN 25 St

[+ /\ ~ I NLMS 55N Bhf i il
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ﬁ N \\‘:él:g/ﬁ%

AR - H 7 HERE TR A A F 22 E NS SRS EREEIE - 75k
TRPEE > TEHE ~ NEHEEEREENE - sERRR oy 7 A [E] R A AR B 12
Zoy IR T 4R MEVERI NLMS ~ $Ei NLMS DR RS MR R /s E0% RNN - (EZR 7
RO E B o FHFR NLMS B3I NLMS I - £ —BRdaIHsRA i B — Bk i —
P H R R G RIS T B PR > & ZEH PR B4 (EE M & ET T T — BRI -

LA R T BERHE RE AN Y (HARIAE L 24Ny S R B AR & B
IRHREVSCR AT - 5T R | - SIS FETREERHSORAVE R > H 256 BiA fi— K&
B BETHEE—JGHEE 512 8 > Ntst FREEMHERN 2T » EANRHE RNN _EHRIE
RMEEBLEIFRIHVECTE » R RV SCR L B B ity HHRHERERER -
®EAER > fEE=FZH » sTREEBSCR ARG (FimbH AR ER -
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e

RS HatEI B - NSRRI 1 (UTDallas) /5 HEB T > FrA Kz
NEERS O EIRY R R 2 TR > 3817 Fearless Steps Corpus Ef} - 2R3
Fearless Steps Challenge 5% - 7y 52 e b #E 25 oh 5 pm BEAH Rl S8 » ASmoCBISTHE
HrHUsEZ IS EIHER - TP 5 - TEARRGFEE TR TEarEE

BAGE AN TRHHA R AR s 2 ARG S BB AR - F DU IRE & a ok
UEEEHIFEINRE - EIRMECAEAE (1) FFIFERE 4845 ( Convolutional Neural Network,
CNN) » (R EH5EE BB KHUB SR S8 > B (2) DI ERiHE LS (Bidirectional
Encoder Representation from Transformers, BERT ) » XKEGEH AT L FEEERESH -
P RER BB ERE - DR L R SAV B IR AR EHIRRE - ff% HE (L ERAE R
> PMH R FAVIB IR ERERZE S 73.11% » (LA B A HY 20 {E45 R
o PESR = MEAE R E R B AR EH A S 23858(49.75% ) W R —F4(74.07)
AEN 1% -
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BESEE - IEEEH] > CNN > BERT, 2515 R M
N ﬁz’ﬁﬁ\

e ST Fearless Steps Challenge i H1HY sentiment detection {£575 » #EfTEEZS
IV BRET © Fearless Steps Challenge LEE » /& By 1B LE HETE] 50 B FTERHHTY
RHERE - AEINERZ SRS AT P ETE B8 L - W8T Fearless
Steps Corpus 843} » ZTHEXEHEHEE - R ENHISER SOHEER - R AIEIEEE

B L EREA S ] DU A B AR E T ATk B A E R B fTEEFE - ALl Fearless Steps
Corpus HUsEE &R - BHERZELAT - RZE AL T LAV EERE SRR -

WM e BRI - TR L HATRHE T T HUSHI B S HR B E - KT
T HE B FREE HEEREB R SE R BUR BNR2F R IS teah i B E TS AVAE R
A SAFF AT AR e B A PR A 1B 55 - 1] Fearless Steps Challenge (VEEZEIR > BHE K
ZEAEF T > RZE NBUER LR ER B ah sk > LS AET S B ANVRERIES S - &
S > I Fearless Steps Corpus sBRHEESRIEL S 100 /NEFHYSER) - 1T L IFSEIEEELE
QCP N\ TR aEEeRE - INIEWISTR GRS REE A AMETT -

B ESTEEEF RN ' FER Jele BB R RS E(3-14] - —LE%
TZ (L FHAAERE R UE Mel-Frequency Cepstral Coefficients (MFCC) [1] ~ €RPEFEMIEIRE {4
BEEE ST A E A SR SR SO R B EGEE B A RAF A TR ST -
&R EACKIUBE R S8 NIFEILAREE s - Rt B ERE v - H2A
EIZARE S i 5= - BIAIEA word-to-vector SKAURH A& - FRLUSHIHE RS a1 TIH S
we o AR > NJRIBREE LRI ORI > B ARG EHZET R - QS

FEARBE RS FERSHENIE -

$1¥#f Fearless Steps Challenge Eb# - SFIEHET T2 EhaliEty - 43S G
R SUEIEAY > SR B A OISR A - TS EIRCREVERT A 2 - EEESEE THY
TE&ERE > ATRERIRFFRIRAE S & ~ sESREGE T HIRE L - NILEEEEE T bR T
RIS B R T RE RS S AR SRR 70 S DA AR AU -
BRSBTS S AR DUES th ELR TR T AV IR G R BOIE LAY - DT HE4d
(DRI TERESS ©
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R - ASwoChe A E— By A S (A - F R A RS EaE S s at T

B EWBEBEER AN » R RE T 4Er ~ S GE S E 4 A > B DUE

HFEE RSP EEAYFEINGE - BRECEERE (1) MHEREH44E4E (Convolutional

Neural Network, CNN ) » {2 2405 5 BPRHUSE RS E - B (2) DI 4RaHEiies

( Bidirectional Encoder Representation from Transformers, BERT ) » SKEGE S A FiEAYEE

BRE2E - HRERERESERERE - DI E RGBSR EAINEE - B —5
BT T TGS (AT HEZR 45T -

Dens :1024

D 17
ens Merge

Layers

Output;
Em\g:c:ging . Dens : 14 vt
*"—
Dens: Dens: Softmax: Lable

{ e
Model

-Ggdees [

—

.

MFCC
feature

[l — ~ A A A AT A R A

SR SHEIFE S = (EfEAH - 615E (1) BFIRIFAGSEE (E 90 R U G R H
atE 72 0 fFRy CNN S A[2] - AL - AT LAEE A UK B S sB R A/ SREVZEE CNN
AT TERE > SR REER R - (2) BN TRV [EEERTS - fJLUHLK
RS B SE THG/ R EY BERT HAATHET THII6R - 2k = PR AyRE R B %A= - (3) H 2D-
CNN Hl BERT 25 RV EERIGERIEHER S B0 $ERRE S BEARR G EE T - &k
HATERFH AT AR B 1% — (el B S i L U o o By 17 IRV -

" ~ Fearless Steps Challenge

(—) ~ Big&E

Fo TaHE ARt A AIMERE - BMI(EA Fearless Steps Challenge e fftHyS<ET
FHURMTR ST Sy AR SR B RNk 2 B > FA 100 {E/NE) > AR RTTT2E4005
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25 /NEF > B HET 50 /N BERIEILT 25 /NI o FEANHIMEBSIVARTE  sBRHEREEE S
HENE AR AT TR R 2L HEEFEREENLFEE 0 ] 20dB (Signal-to-noise
ratio, SNR) Z [RJ$2(L:  Fearless Steps Challenge & 1 fE{RAERFEHE 22 F-H 7T BOEIAYE K -

aHEAIRE ST T IRIRRE K FEUEBIEE - BBeRE T M -

Fearless Steps Challenge R {AVHIISR T4 - B4 AN THEFR BT ia R C H 1R -
S5 A R 1 B Eh7E A 1Y IR e B G AR - (EDRIEE T SR R BT S 4 A
AR - ISR SR HEE RIS - RS EE T T R E - Y Fearless
Steps Challenge Frf2 it G2 R 2E F A FEG SR E a0k - S8Rt T FER FER YR
iH 555 > Flight Director (FD) ~ Mission Operations Control Room (MOCR) - Guidance

Navigation and Control (GNC) ~ Network Controller (NTWK) ~ Electrical, Environmental and
Consumables Manager (EECOM) » F—HE (LR B3 {4-AY T8 S HYIS I Afi e o

Z%— ~ Total Speech Durations per Channel and Event

ECOM FD GNC MOCR NTWK Total

Lift Off 2.1 1.2 1.3 0.8 3.9 9.3
Lunar Landing 3.7 1.3 4.0 0.9 4.4 14.3
Lunar Walking 3.9 1.1 3.0 1.4 2.8 12.2
Total 9.7 3.6 8.3 3.1 11.1 35.8

Ry T DR Fearless Steps Challenge # /NP » AEIISRERIATHAEE R H Fearless
Steps Challenge ZHk#EE SNR 8 Fy /A FHYERE » WARIRRF RIS I AIRE = R AR a1 2
AT DR - R TRy I TLEA FES 5 A SNR I {E AT SNR fyREAE - & EH Iy
AT YR Z 51 > 7R ES SR 77 5 EHY SNR EAEZE - Hoi Mission
Operations Control Room (MOCR)IVIZ#E 7= » {H Mission Operations Control Room
(MOCR){EH: o SNR VI Ry (i > RS (EFR TS5 YRS EhRGEEE R M7 E) -

22 ~ Signal to Noise Ratio Statistics (dB SNR) per channel for Dev Data

ECOM FD GNC MOCR NTWK
SNR (Mean) 13.32 14.67 14.91 5.07 10.68
SNR (Std. Dev) 7.40 10.51 11.96 12.60 11.17
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1ES|%kHY B2 R » By Fearless Steps Challenge 2K ft; SNR &} 53#% > Fearless Steps Challenge
TEARR 2 (EETERY SNR(Std Dev)E(E A MMUSFREERAVEIE -

=~ AR BHEA Z IFE N 2

(—) ~ RS RE RE I A

AR HR SRR AN —FEEL » Jeltti A GE S (S5 THUE HE LR HGGE S S 55 1Y
s o HrhFR ISR 2 FORYES IR /NEL 10ms A BHERLRS » 2 IEiS B ST 3llah gkt - 2R
RN 2 AR - FERERE L. Mel-frequency = IEIN S5 AR AHEE  #EL Mel-
frequency filterbank S8 » FIEASRAH MECCs « fEASCH » SRR 20 (B 25
41 40-MFCC #EFTRHMZHRHL » FiF MFCCs FEfdifm A CNN o

& — ~ Sliding Windows for Sentiment Detection 7T~ &

TEFFIHIBFIF-H - CNN #7375 — (e sE S s AR - SR HUE B R S i
{EF - Bl = A] LB Asw 0GR MECCs 1E B 2D BUZTE R A > fig A28 /5f& CNN
EASEH - WE =~ » CNN EA[INPUT-CONV-RELU-POOL-CONV-RELUPOOL]
HYEAZERE o« CNN i ARYR/INRS 40 * 32 » & T ATHEIREH Fearless Steps Challenge £
HEYEE - JMTREEE4EE R Sliding Windows & CIERERSNIGREHE - 1% » K52
B2 CNN ZE S AR AT ET 0 Tl AR S A 4apE AU 44 -
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Layer 1 Output
Conv Layer 3 Layer 5 Soﬂmax Lable

| C@ Conv =]
e

Layer 4 Max Pool

L 2
ayer Max Pool

Max Pool

MFCC
feature

— ~ CNN Architecture for Sentiment Detection

(=) ~ BERT &84t aB R IR SR A0

H AP Google #y BERT AL - fiig AHVES 2 H4E 0T A& [v], v2,v3 .. ]
BERT BLELANHERIAEIAYE - SR T —TERGEERY T4 - BIFEIGE N (masking ) #0534 A
token » Zh{& HTHMALE AL Y token © jKF 42 (E AR fy(masked LM, MLM ) » i A£ 5148
e [ S AT D E Y S SUE HARL Mask

g SRy T AN BRI - —FRERA Sliding Windows Y5 0L
FHEATEAREIEEREE - MEALE VRN - FEE AT AERTAL 12 (EEE LRl 12 (55
a|4att 25 [ B EE (F £y BERT A) Ayl A » 0] 5 —(EEEA B RS ~—4) - 15
Ft] 7 2 1% ¥ 4] 75 Word Embedding i A BERT Model 4/1[& VY » £¢1% EF43% Dens Jegi

$ Softmax #E{T474H o

112 122 221 224 225 226 232 sentences | ‘ﬁ;g.
1 1 | | | | | 1 1 l d s Ing
|| “rcu”! 1“the” 1 “later” I “the” I“water” |
| 1 1 1 g | | BERT
I 1 11 | | I Model
1 g 1 1 1 I I I
BERT BERT 1 | |
T T T T I | | ...... Dens :1024
xIw 14 I I I
. I | 1 Y1X,

predict predict | | | \\\Sz!"((//
I I I 1 | I | AR A
| 3 | I | | | I
g ! Ter | I I |

[& /0 ~ BERT g A X T Bt~ E B & BERT &2 LSTM /R E[E]
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(2) ~ IR e AR H B A AR

AE IR IIGR R S 7 RIEEZ H Fearless Steps Challenge A {EAyS<E]Fit/= ]
KEEETEIN R E R A - RMIE AR SRR RE S RO T RPN -

AR AR R ECHET A7 2 e T SRR B el B (T e 4
(B - 2AT% » DA A e S SR P R P A - KRR
[15- 19130 T A BRI R T A SR - (B - R B DB e A A B
RISCHE - PRV AT & R AR B (% - BRI S0 A BRI 5
AR A SRS L G S B (R & » (140 ”Max” ~ "Min”~ ”Sum”
% o Rk - FEBRGHRBIAFERAT TOASES - 2T SR BR S A R E S Ry
PRI » (R RS e R R B TL A » DRIL - R & R AT & A R s
P -

RSN R & F R R R A SRR SRR Rl P TR - e I B B AR A T
& o 5 BRSNS R S RO - HE IR LR AT AR &
fRRY - B4 - [4]58 A (Hidden Markov Model , MFHMM)ZRE SR RGN @l 5 - [B1ERFH AR
222 S B ] AR R & DUBET TS IR - EEHidadss i & Se R e 2 (i
iy A PRERRH TS B A Rl R VR R AR TR SR Rl 2« 2R81% TR DIBRSMNIRR
el J DA SR H R R B I S R o - A IR B SR Rl & U7 A9 BE A St A
BRI F8RE 2 IR & FE T RARPEAHBEE

VO~ AR A B

()R ELHIAE

IR SR B WY S M55 FH Fearless Steps Challenge Az EHY 5 B TR /=K
FEETEIN AR MR BB BRI - FFE 100 {E/NEF - BRIz EE 11 SRAEH 20 R =1
PEES © (1) J12E ~ (i) B A ~ (i) AERAITE - REE R4S RAL T 80 /NEFIYEHH
75 80 E/NFFIN - $2AE T 20 /NERRYAE A\ TEEsEE % - HRFIERAY 60 /NFEHH -
2 Baseline 2442 VIR A ZE » 555h—4H 20 /NERRFEEAT FH IR BROHIE -
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Z2 =~ Fearless Steps Challenge &}4aTELLLER

Fearless Steps Challenge

Train Dev
NEUTRAL POSITIVE NEGATIVE NEUTRAL POSITIVE NEGATIVE

Avger time 0:00:30 0:00:13 0:00:24 0:00:02 0:00:01 0:00:02
Max time 0:11:10 0:09:22 0:11:10 0:09:03 0:00:16 0:09:03

Min time 0:00:0.4 0:00:0.11 0:00:0.4 0:00:0.17 | 0:00:0.14 0:00:0.17
#Total time 14:42:44 4:58:34 4:38:38 2:56:00 0:42:30 0:23:03
Count 1724 1327 685 4646 1912 492

(Z)eFfEfER

Fearless Steps Challenge LEFERANATT - HAEE KB MR AR LB 10ms -
ESEEFE T RAEENERSEEEGEN A G T e NE L S HEE 2%
BoraE A A T At EREE S B FEE s EEEET RS 10ms IHEE
HHFEGRNVE(E (R RSP -

Reference I
Rtaecn S
|

B

il

~

| |
Systen TS 1 sanirars | (NGRS Sorieers
Detected . LI ‘ |
| | I
Scoring ] Sears | | Scors |

SES AU T 0 tatal TP time By System Detected HY B H 15 77 HY 44 05 A A >
annotated total speech time }5 Reference annotation FY £ % & Z£ BF [i] 44 f1 -
tatal TP time [4:LL annotated total speech time I DL 4y bh By iz 1% » Fearless Steps
Challenge [LEHFAIISEKE -

total TP time
annotated total speech time

AcCgent =
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11~ EhmER SR

A EER{# ] Fearless Steps Challenge &} [EE{ 75|14 » Fearless Steps Challenge &}
ST T Train data - AKEEGEF Train data &l ER S0 E 12 F]F Sliding Windows HY 7=
YIHEISRER > B LIAVINRy 2s BERALFS 10ms #E1T Train data FYERIERE: - LU LB
HIEEE T HEITE SRR > 77 R CNN AU@HYE SRR BERT SCF 5 RI#E 7550 - Fa
i AR UGB O -

I

BB > BN B HE5C 2 Fearless Steps Challenge B 77 @ &8 E J7eE AR IR 4EHE
HAEER > WFMEIELT 10 [ERERCEN RS - UL T B g2 a0 -

g 3 & 8 A 200 5
s _353’ o -1\" ,.;K" é“ ==°‘ '\ \\o &6 4\& a" ‘;D_;“: ,,-\" ,_;K" 4::

[E]7~ ~ Fearless Steps Challenge 'E 4483

HER— - BB SR AU A (EU

1. EEEL CNN RS

AU S AR AT R AR B oy BT 5 > Fearless Steps Challenge HY& 283557
B —F& positive ~ neutral ~ negative > [{E 2L f5IE AN H B3 Non-Sentiment HY3557 »
FEAEFNSR[E]H R RIEASE Non-Sentiment A 572 H Sliding Windows #E{TEHEEREE -

EERNE R ES K& E SRR A A ERE B8 E R hyEEEELE LT
RAGRBREE - iDL positive ~ negative FYZERERF(K - {HAF neutral ~ silence AYEL 53 LA
B RE R E silence HYZERER R = » RILAE B S ARG A N sl Refi s - 2
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F£ neutral B HIETEIE A o7 LT A AERE

REORFE AR CNN (a7 B &R EE S R AR = > 12
Fearless Steps Challenge B J748EAEMER Fy 44.07% 2 ZH2 R 10 RIS 501 B
Ji* silence 1 neutral {EHIE —EHVAENETS - (HEk G = EHERE 2 T8 E 5 CFHIEHE) N
ﬁ o

2. X BERT

FH? Fearless Steps Challenge MG SEFE (IS AHAYSCS > DL (S NS MR
HFiRF 5 AR5 F s sk (Automatic Speech Recognition, ASR)ETTHRH » (Hh# Haik - AE
eI B Al RIS sRIRF ] > AT IS PP B AR S (] Sliding Windows /53
T S A B A I P R N AR A1 B — E s (B Y B Ge B AH oA (m & - g A0l DU Ao
BERT 1A A HET T B SO

FEMFECL T TE3R  SCF IR HREEA [FR &R EREER & PR ST PR R E =
FIERTHER 14 (87 Z R AEMREITINRE - MRUFTR - ERREERE 2 £ 8
IRF AR IR R ECR e N LIS RICEER I A BT - IR Rk sEE eI e 9 2 22 (|
TR 1E 8 £ 9 (AR MR A AT BRI EE & U R E a
IR SR R — E AR -
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i - ZEAESEEN
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HRIE (Al Z=4E 2 BEHIZEE {EAE - Amyotrophic lateral sclerosis » ALS) Jy—fe
SORABMEES - BRI B AR BRI TE W N S8k AaREEaE T - &
KESUEF RS BB - A X BEBGEEE - HIEL - B RIR AR B G H
> s & meE E. (voice output communication aids, VOCAs ) » JLEH EEH G HH
MERVERGEES @ BRAERATIYE S - LAbRFF B3 - HERETE ALS 1&HH - E4EA
REsfEhIVIR A - LA B ERF T E NS - &% RaetiA V& REY 20 7
R ERES - PIANESIBLEER G (MP3) ~ HEREEIAT (8 kHz) » BiZ ARSI
FAERTHESS - DIEd AR ITES ALS SN BEHMEMEEE GRERA © $TELL
FIREE - Asm o E BB AR S SRS B S R EEDL  WAEATARIN EsEE 5

=fUHPR (speech denoising ) - 1& 4R LU EFRTHAH. (speech super-resolution) o DIREZ
AE RIS - WRERMEEE R S RGEEE 1 LS (16 kHz) - DIFEERERE(K
anEEEE 0 BEEEMPET ALS AR SRS E SRR © Hrf > speech denoising {5 /]
WaveNet - speech super-resolution RIJFI[F U-Net Z2f# - 4601 20 /NSRS S (HHN$%

"
T EEGERE - R EH R SR FRE T RE ) SRR L SR R

i
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S HIEI%R WaveNet B U-Net f51 - F A DUgR B s AR B S s e i~ ERds
BUT > JISRLAREY WaveNet B U-Net 51 - o] DUAH EFE 2 R BN SR (R E I
BHEOEEE o WAEHAE ALS A ER T S mE N E A b aRES -

(58] S A] - AR - ALS ~ WaveNet

— -~ &EE
MHE 2= %4 0 WL Z2 4 TR R (208 B (Amyotrophic lateral sclerosis - ALS) » fy—fii%
i H B ap R b RIE - ALS BB IR IAE S8 AT S BR A LAY FEOT AR (L R
KB 7 e R ZERINL A BNV RE T » Wi S BB S RE ) IR~ NI A4t
AT EREBRIRIEA RIS SR8 ALS RV EHEEET) ¢ tHE - ALS AN H R A4
ooy B4 - BARRAIIAR - B KGR - FrblUR K A E B R T i A
B BRI ESIRAR AR BN ZREN TR KA E B3 s Bl s ER
et AR EEES E (voice output communication aids, VOCAs ) » HHij VOCAS &
FR 72 (L FH S 45 EE 2 (Text To Speech, TTS)ZAME Ry el E i » 7 A €C T Im e
B A TTS e s - BIfEERT TTS CaeEiktHIFE #ar ABnvES - 4l
R R R A ARSI Z R & e AR P 8 Al 2 25 s B 2R [F 7
Ko HIW AR S @ thoR U3 A S & Ae Pl B S Al My g o B At P 2 2

ISR Ry LB A HY TTS fREp A e A REN & mE S8 N e f£—
et N EEINERNEIER B ARG - HERESUANEREE N AR (ERER Rttt - (HiE
B EERY BB BRI AR A AN 20 - FEm e R R S B iRs - i AR
KEFBSAES)  BHERCR R ESIYIE I N IEE 5 2 FE R ER NS - Pl SRR
P H B EE S o BRI A BREE LUMERL - B A 2 i s T B A TR
A FrLIATHRTSBEEAR A E D BEAEELIERE D -

TR R e AT BT TP M8 - AR BRI L T B RE SIS 235 28
& - ANTFHEEERE S - PRIk EsB R AR R R R > 35— BRI S M S KA IEE AT EE
ERHE AERTA R KRB IRFIH S8 RISk S S - /2 RAVEARE BIER R A
BHEREE2CAEBRAINVES B iRiETR R E safitts
HHEHR 2R ERRIEAYIISR—mi - BRI S E SR s - A
EPER R RS o (BRI s SR S R E R R R A
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& 5 IR AGERHERRAR R ek BN A R EA BB IR R
B AR R —/ N HYEE R EEEERIHE R 16 o HEHE - SHE R AMR
BRI R - N AR A 8kHZ » BEmt /) T SHEEEG A EE » fA7H
BIFEAER AT S - AR SORHE AR B A S S T4l fill Speech Denosing[1]84
TE1%4% LA Super-Resolution[2]58 243 » A& —FTw ©

General-Purpose TTS

Arbitrary Text Inputs

52 —(ERs
4]

Synthesized Voice

R — H||m|||} HH

Converted Voice

TR TR

Speech 1 T

pesct (i IHHH‘ | —
Upsampling it .‘””‘ il

— ~ ALS B B A A

T
e,

o Roed
GG

Kererence: ALS patient’s Voices
el ‘”“Iw Il H”H Speech
I “”“' ‘|”|“‘ Il Denoising

ARG A i A RIS ILE Speech Denosing H (i A 5 i AR SRR T2
A TR SRR L Super-Resolution HEfRIF 2 iEit S i A By Boa = JE L
manE HE > EEREE A MEREIRNE K CRA ZHVEES - (R A ISR E 5
'H o iR R B A SRR

j=(i12

il

=~ APV AR AR S A S

ARESTHRI ALS SE I SR 1 8 A 2 5 AR Hanhan TTS(Text
To Speech)[3] - 5373 Az 25 48R4} Speech Denosing 4. f4 1y F BB (75 12) 3%
B A GE SR AYT © RiAAUBTRY Super-Resolution ZEHIR L EIERIE -

(—) ALS SEE A S

1 bi-LSTM SEH IR A S A 2R 1R

Bi-LSTM s #iA &t - A1 — - S TTS ZRE#= LA Vocoder HUtah#4s
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0 AE4GE bi-LSTM IERETTERE - BRI KRB FFrEL > R &H Vocder R ERE

BER - ER A SRR
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Sysnthesis

Log-FO Composed
Aperiodicity acoustic
"1 Mel-cepstral feature

t+1 F———

t
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/ /
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/ /
LSTM Backward
= Layer
&ﬂ | EMFW”
. Layer
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Input Layer [ t1 t Bl
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B —  BLSTM B E A RN

Converted Speech «

Output Layer [ t-1
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/

i

2 EI A

AR SCE S BHA RS TSR 20— D R AR S H R E
{EEZHEAVRF 2% > B Dynamic Time Warping ( DTW)[4]#E{ TEHEERY - AEREH
R T - H A Vocoder RS TEEEIVERN > RIS T NI =(EE AR
2 Mel-cepstral[5] ~ Band Aperiodicity ~ Log-FO0 » E.tfr Mel-cepstral 2 &5 Hy458:E - Band
Aperiodicity &I FEBRMEAVRF U AR HIE 2 85 - iri& Log-FO R EESHIE S
B LR BORHE R i AT T390 > ER) SR 2 TRl 25 2R N6 2 B AR B i sty
HREAEHHE > Dynamic Time Warping ( DTW)f# AR L H AR EHE R A FEHY TR -
FFLLDTW 1y alignment &5 - STEE—(EPCHEL H ARSI ESAE - fEZ Uitk (shrinking ) »
filfe (stretching) ~ BZERFEFAEE (Kept) 40 NE=F7s -

B

Pa

= ~ Dynamic Time Warping(DTW)JHE A R EE]
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PENZIGRE DTW B HERLZE A bi-LSTM fREAI15)148 > LSTM 4ipé /& — ki RNN
GEfeg o n] DA I S Y RE S ER R - W HAE Z miAVE R 2 E piaval $ER S - - LSTM
IS RE 50 FH 2K (- R EEEEARE R RE - 2 n] DU BB R Y [ERE - bi-LSTM 25K
LSTM £ BRNN #E&EAE—iE » i fd 572 a] DAFE A Y J7 A B RIFHY BT SUE R - 2
SRR LSTM » 4838 2403l SR 1% & 2 AR A BB A GE S 1AL 28 e R E ik HifeE &2
Mel-cepstral ~ Band Aperiodicity ~ Log-FO » B #4536 Vocder 454 » R A EEE S i, -
B 1% PP mT LA S P A6 & Bt A (o BT e A e B A AaE B (B PR 9 A R
JEE ARG -

(Z) SR IREE S 240

IR E] ALS i iR IS AE sk - (B KA A X ENIREEE
FERR B R Z R EI A MR > 55— BRI E M KA O ITE SR BB
s EHUBRARRA R B SE SR - B CAAE R B HA IR T FAMIAREE AT LA
AR PR (E AT A EFTRIA RS > BT FIR B E RS A ERHE R 24T -

1 Speech DenosingCHZE Z4%)

it = FFE(Speech Denosing)fyefRE E - K258 iR aE 2 B RIS i {58 FHARRE [ 1F
Al [6,7,8,] « 28110 IEMEEUAT R TVBE R FEAEE AEENEE (FEE) FF
R EdE IS (FHREGE A7) A 884G E B s iH R E R o - /et (HEEdd
B I e BB AU bR SR B R AR Z RV &SR LR R R M T2 A 50 A5 R
HYE > KRB HUE LA A AT ENE B [HIERHEI[9,10] - WaveNet[10124E H 2852 L #E
RSB R > ARG S A WaveNet 53974 & Speech Denosing @ HAE Ryie ALk
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Noisy Speech Denoised Speech

AL
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VU ~ Speech denoising Z 4t 2= &

) EEHGA

== A

FHEE AT © mt=st+ bt » L - mt= 54 (S5 » st=3E2 (=S98 > bt= 25 S (S
5t o HEESMEET4EERT mt> ASw LA FaNT18I RIS R IAGZ FEZ1E » Fr LUK R
Y & 5 noisy voice - RFEZIFHYETEE By clean voice » Z &S AL AR IR i WA {18
HiE RS20 FLL clean voice JiZ% noisy voice il o] LIS FIH AP S e IR HERR -
RHSEIERIE A Wavenet 245 NHIl6R - WaveNet SEXJ ik H ARV EERERR T - iSfEH (A
B IE A HTIIRGS Y SRR AR Y — 28 7 BRI N —(ERE A BRS04 - e S AR A A
TEE i

suonIauuo) diys

Dilation:128 n = length of target field

Estimated
Clean Speech

C—) » R"€[-1,1]
/// Dilation:1 \\\(————————————————
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TR

& 7~ WaveNet tEA R [H
ARem i Al BA 30 {EverEaE s - FgHrRA T DL 2 AEEsyin

12> .. 256,512 - @R 3 K (3 EHEE) - (EF—TIRRGHRZAT > 1 iEiEh
AR 128 (E@E FRAERY 3x1 G - AR EE g PRy s 80E - Bk
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HPEE Ix1 G > 18 128 (Y es - fEMESFTARIEM RELU BHEERE - K&
{l5 3x1 GRAfE AR » ElE 2048 1 256 {5 » 77 Al RELU 730 o it e
E&R I E] a (EH] X1 R SsH BB EFE(EYE > RSB LRSI 3t 6,139
A (=384ms) » HARTEZH 1601 {Ef5A (=100ms) ZHAY, -

i

Residual out Skip out

=T

*128 *128
1*1

|||||||

* FRlER R R E

2 Super-Resolution(fE 78 Z.4%)

7 R (Super-Resolution) 5272 #¢ (5 FI 2R DAET 2 e A PR HERERE[13] - 15 L8
R E R BERE MR RS SRS B LI SR G AR R - BT > SE SR E A 0t
MRS R - EEE R TiEs AV ey ak s Re BAE face [14]40 iris [15] -
HZ 2B G EHIAH > A2 B HE 15 AT DL FIRE 73 7+ (Super-Resolution) 5 [ 25 2%
AR S - A SHE A U-Net[16]448 2K 52 iitE 73 B (Super-Resolution) %4t & H
Ry A S AR A s SRR

DRSS

IR E G A EE S i ARy 8KHZ HY(EAFHEAE - 4524 Super-Resolution Z&i1& AT LA
AR 16kHZ BV ELA SR ERE » B BRI AS R - BIE ARG IARHE
JRHR R S EAE -
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Super-resolution

Residual Addition
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a |
E -3 o
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H sl Sacking

&t~ RS R SR A E

QEHRTTE

FERIZERE R U-Net » (85 F EE SRR — 4 15 2455 Sub-Pixel Convolutions[17] - f& /5y
U-Net ZRH[E > Z 480872 M1 (E N B EIE 70 /SR IeTE KT - S IEfERIErT
maxpool » RFEAEHE— 4/ N Ry [FARRY — o2 — s )\ TR 39998*8 shEat Rk
154*2048 » HUHTERARAR  (EH 8 4HSI6ME - R LRGBS iR Ak 2 (5 2ME R HTE
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o

32 16 2
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40000
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12 256
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~m.. 3
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l5:12 I
m- 1024 512
e [N
l 2048 *

7 - - . — S
J\ > U-net Z0f&(E]

FH R R SR ERAE B BRI Sy L R A o DU R LR EE - (RAEEREE S B A A
RUGHT Ry Bt AY  KOBRTE(E N U I (Downsampled  waveform) i i /\ & T~ HUEE R
(Downsampling blocks)#3% » &% FH i S iz (Bottleneck) 2 #2 £ /\ {lE_FHUER PR (Upsampling
blocks) - jHESAMG PR T BUEESE < 175 J8 7% 45 (Residual connections) » 73 S B L5 L
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ERHEEREN - ERBIRE AT B RGN o= E S DR A
A 1% FH A — [ G TR s S Rt AR (R A ALBR BLSRE 72 i (Residual - addtion) JIAE 4
i A B E TR

LR AR B RGEE S B

s LR AR GHGES BT > BRIVER TR A G REEE BTN SRS -
SCRFERER A R GEE 4K 48 Super-Resolution il Speech Denosing Z:4t 58 L% /& &5 A S
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Abstract

This research aims to develop a parallel sentence extraction method for automatically
extracting parallel sentence pairs from bilingual comparable corpora based on cross-lingual
word embeddings. Our task is to effectively identify matched sentence pairs from a Chinese-
English corpus with the goal of maximizing F1 score. Our method employs pre-trained, task-
specific, and hybrid (a combination of pre-trained and task-specific) monolingual word
embeddings to construct a cross-lingual transformation matrix respectively to transform the
word embeddings between the two languages, and develops two search strategies (sequential
and exhaustive) for parallel sentence extraction. Our empirical evaluation results suggest that
task-specific word embeddings (directly trained from a task-relevant corpus, i.e., 25,695
Chinese and English abstracts of theses) outperforms their counterparts. With respect to the
two search strategies, our evaluation results suggest that the exhaustive search strategy attains
a higher recall rate; the sequential search strategy is more efficient in time. Both strategies

achieve a promising performance, with an F1 score up to 60.18%.

1. Introduction

Recently, the tremendous development of neural network techniques for natural
language processing has been introduced. Many studies have demonstrated promising results
in many important applications, such as neural machine translation [1] and relation extraction
[2]. One of the basic requirements for successful neural network model training is a sufficient
number of qualified training data examples. In the case of neural machine translation, a
bilingual parallel sentence corpus is a required data set. However, many low-resource
language pairs (e.g., Chinese- English) or specific domains (e.g., biomedical research) have
only limited bilingual parallel sentence corpora, which are not sufficient to support high-
performance model construction. Generating parallel sentences by humans is both time
consuming and resource intensive. Hence, recent research has focused on how to

automatically extract parallel sentences from comparable corpora [3,4,5].
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Comparable corpora include non-aligned sentences, phrases or documents that are not
an exact translation of each other but share common features such as domain, genre, sampling
period, etc. [6]. Compared to parallel corpora, there are more comparable corpora between
languages, such as technical documents with bilingual abstracts. Therefore, once the accuracy
of the parallel sentence pairs extracted from the comparable corpus can be realized, the
problem of lack of a set of parallel sentences as a training corpus for neural machine
translation can be effectively relaxed.

Recent research on parallel sentence extraction from comparable corpora has shifted
from the feature-based approach [6] to the word-embedding-based approach [3,4], due to the
advances on cross-lingual word embedding. Several methods for building cross-lingual word
embeddings have been proposed [7,8,9]; among them, a popular method is through
transformation matrix [8,9]. Most of existing word-embedding-based parallel sentence
extraction methods are conducted on European language corpora (such as English and
French). Prior research pays less attention to European-Oriental language pairs (e.g., English
and Chinese), which is the focus of our study. Although some studies have investigated
Chinese word embeddings [10], these studies are not for bilingual parallel sentence extraction.

Motivated by this research gap, we attempt to propose a word-embedding-based
method for extracting parallel sentence pairs from Chinese-English comparable corpora. Our
proposed method consists of three stages. First, we train the word embeddings for each
language. Specifically, we obtain pre-trained word embeddings from BERT [11] as well as
construct, on the basis of a task-relevant corpus, task-specific word embeddings, using the
Word2Vec model [12]. Second, we learn a transformation matrix [8,9] to convert word
embeddings from one language to another, thus creating cross-lingual word embeddings to
align two different embedding spaces. Finally, with the use of the cross-lingual word
embeddings, we compare bilingual sentence pairs by calculating their average word-by-word
similarity and then extract parallel sentence pairs with a sequential or exhaustive search
strategy. Furthermore, observing the phenomenon that an English sentence (segmented by
period or question mark) often corresponds to multiple Chinese sentences (segmented by
comma, period, or question mark), our proposed method allows many-to-one alignment,
mapping multiple Chinese sentences into a single English sentence.

To evaluate the effectiveness of our proposed method, we conduct several
experiments. We collect a Chinese-English comparable corpus that consists of 25,695
abstracts of theses. We then randomly selected 100 pairs (the abstracts of theses in both
Chinese and English) in the corpus as the testing set. In this parallel sentence corpus, each
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comparable document pair contains at least three matched parallel sentence pairs and a
number of unmatched sentences. The other 25,595 pairs then serve as the training set for
training monolingual word embeddings and constructing cross-lingual transformation
matrices for different monolingual word embedding models. Our evaluation results show that
our proposed method with task-specific word embeddings and the exhaustive search strategy
achieves the highest effectiveness, reaching up to 60.18% in F1 score. The hybrid word
embedding model, which combines pre-trained and task-specific word embeddings, is not as
effective as the task-specific embedding model. The exhaustive search strategy attains better
performance overall, whereas the sequential search strategy achieves a higher precision rate.
We also discover the formation (Cbow or Skipgram [12]) of the monolingual word
embeddings are sensitive parameters to this extraction task. The remainder of this paper is
organized as follows: In Section 2, we describe the design of our proposed parallel sentence
extraction method. Subsequently, we detail our evaluation design and discuss important

experimental results in Section 3. Finally, Section 4 provides a summary of this study.

2. Our Proposed Method

Our proposed parallel sentence extraction method is to extract bilingual parallel
sentence pairs from a comparable corpus. Because aligned documents in a comparable corpus
often share similar themes and contents, parallel sentence pairs may exist in these aligned
documents [6]. For example, Chinese technical papers or theses typically contain both
Chinese and English abstracts, which usually describe the same or highly similar contents in
the two languages. A pair of such aligned documents might include sentences that are exact
translations or at least share common contents such as subjects, verbs and objectives. These
sentence pairs are essential for training a neural machine translation model or for extracting
translations for domain-specific terms.

The purpose of this study is to extract all sentence pairs with the same or highly
similar content from a set of aligned bilingual documents. The constituent words of a
sentence pair are assumed not necessarily consistent with the grammatical order or exact
meaning. In order to estimate the similarity of bilingual sentence pairs, we decide to use
cross-lingual word embeddings to find out the embedded relations between words and
sentences. Accordingly, the research question of this study is formulated as: given a pair of
aligned documents written in two different languages, our proposed method is to identify
matched sentence pairs in the document pair, with the goal of maximizing the amount of

extracted pairs while minimizing the likelihood of extracting wrong pairs.

169



Our proposed method consists of three stages: monolingual word embedding

generation, cross-lingual word embedding generation, and parallel sentence extraction. Figure

1 shows the overall process of the proposed method.
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Figure 1. Overall process of our proposed parallel sentence extraction method.
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2.1. Monolingual Word Embeddings

Before we link the representations of the two target languages (i.e., Chinese and
English in our study), we need to create monolingual word embeddings for the two languages.
Specifically, we independently train word embeddings for the source language and the target
language, respectively. Several pre-processing steps are involved for the English corpus,
including case unification, stemming, and stop word removal. For the Chinese corpus, word
segmentation and stop word removal are performed.

Because a domain-specific corpus for word embedding training may not contain a
sufficient number of paired documents, the quality of the resultant word embeddings may be
compromised. In this study, we will incorporate and empirically evaluate BERT pre-trained
models [11] in the proposed method. BERT, a language model developed by Google, uses the
bidirectional training of Transformer (attention model) to language modelling and has been
applied to many natural language tasks. BERT has released language models in more than
100 languages. In our experiments, we will evaluate the following word embedding models:

1. Pre-trained model: monolingual word embeddings directly from BERT pre-trained

models.

2. Task-specific model: monolingual word embeddings directly trained from a task-

relevant bilingual training corpus (i.e., 25,595 abstracts of theses).

3. Hybrid model: monolingual word embeddings by concatenating pre-trained and

task-specific representations, thus doubling the number of dimensions.
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It is noted that the pre-trained Chinese BERT model is based on characters [11], i.e.
its vocabulary consists of single Chinese characters rather than words. It may not be

optimized for our parallel sentence extraction task.

2.2. Cross-lingual Word Embeddings

Cross-lingual transfer of word embeddings is intended to establish semantic mapping
between words in the source and target languages. In this study, we follow the transformation
matrix approach to transform the source embedding space (i.e., word embeddings of the
source language) to the target embedding one. We use the objective function of cross-lingual

word embeddings from [8] to minimize the sum of the loss between Wx and y:

1 T

min — E C(W.. . 4y,

WERdxd n £ (Wi, )
Z:

€ is the loss function, W is transformation matrix with dxd dimensions, x and y are
seed word pairs, X; is ith x’s word embedding, y; is jth y’s word embedding, and n is the
number of seed word pairs. In this study, we will construct an optimized transformation

matrix for each word embedding model (i.e., pre-trained, task-specific, and hybrid model).

2.3. Parallel Sentence Extraction

Given a pair of aligned bilingual documents, our goal is to extract all possible
semantically equivalent or highly similar sentence pairs in the aligned documents as the
extracted parallel sentences. Therefore, we need to estimate the similarity of any pair of

bilingual sentences based on the word embeddings of their constituent words.

2.3.1 Measuring the Similarity of a Sentence Pair

According to [4], the use of word-by-word similarity can reach a greater effectiveness
than the use of sentence embedding similarity when measuring the similarity of two
sentences. Thus, in this study, we adopt the word-by-word similarity approach to determine
whether two sentences in different languages are similar. Assume that we are estimating the
similarity between a source sentence S and a target sentence T, where S = [S1 Sz ... Sp, Si iS
the ith word in S, n is the number of words in S, T = [t; t; ... ty], and m is the number of
words in T. For each word s; (denoted as source word) in the source sentence S, we calculate
the cosine similarity between s; and every word t; (denoted as target word) in the target

sentence T, according to their word embeddings. That is, for source word s; and target word t;,
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we obtain CosSim(Vs;, Vt;j), where Vs; is the transformed word embedding of s; (i.e., Wxs;)
and Vt; are the word embeddings of t;. Among all of the candidates in the target sentence, the
word that attains the largest cosine similarity to the source word s; is identified as the matched
word for s;. After every source word has found a matched word from the target sentence, the
average of the similarities of all matched word pairs is calculated and used as the similarity of
the source and target sentences.

In [4], when a word pair matches, both the source and the matched target word are
removed from the corresponding sentences. This process (word removal during the
comparison process of two sentences) may be appropriate for sentences that are written in the
same language family (e.g., both the source and target languages are European languages).
Because our study deals with Chinese-English language pairs, this process may be
inappropriate due to the differences between Chinese and English languages. Specifically, in
the Chinese-English scenario, especially after word segmentation, there are many cases in

which multiple Chinese words link to the same English word. For example, “¥8{23” in

Chinese means “startup” in English. However, the Chinese term is typically segmented into
“Y¥rEll” and “1BFE”. Assume that we match “¥r&l]” with “startup” and then remove “#rgl”
and “startup” from the subsequent comparison process, we may not be able to match “{>3E”
with any other remaining word, because other similar words such as “company” or “firm”
may not appear in the focal English sentence. If we keep the word “startup” in the English
sentence, it is likely that the word “{RZE” in the Chinese sentence can match this English
word then. Accordingly, in our study, when a word pair matches, we will not remove both the
source word and the matched target word from the subsequent comparison process. The
similarity between a source sentence S and a target sentence T is then redefined as follows.
We will empirically validate whether the redefined similarity method without word removal

can achieve better performance in Section 3.5.

1 s
Sim(S,T) = — Sy max CosSim(Vs,, Vi)
i=1

2.3.2 Matching Sentence Pairs from an Aligned Document Pair

Previous studies focused on one-to-one sentence matching. When dealing with an
aligned Chinese-English document pair, we need to address the difference between sentence
segmentation for English documents and that for Chinese documents. For English documents,
we generally segment sentences by periods and question marks. However, in Chinese writing,

people often concatenate many subsentences by commas into a long sentence (ended with a
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period symbol or a question mark). Thus, if we follow the sentence segmentation for English
documents to segment a Chinese document into sentences, we may create overly lengthy
Chinese sentences, each of which may not be semantically coherent. To avoid this problem,
in this study, we segment a Chinese document by commas, periods, and question marks, so
that a Chinese sentence may correspond to an English sentence or a part of an English
sentence. In other words, in our study, a single English sentence may be aligned to one or
multiple Chinese sentences. As shown in the first example in Table 1, one Chinese sentence
(C1) is mapped to one English sentence (E1). In contrast, in the second example, two Chinese
sentences (C2-1 and C2-2) correspond to one English sentence (E2), where C2-1 is the
translation of the subsentence before the comma in E2 and C2-2 is for the subsentence after
the comma in E2. To deal with many-to-one (multiple Chinese sentences to one single
English sentence) sentence matching, we develop two search strategies (sequential vs.
exhaustive search strategy), which will be detailed in the following.

Table 1. Examples of parallel sentence pairs in English and Chinese.

Cl: &Y 2% R = En B &iE E1: drug development is costly and time-consuming
C2-1: B B T fils BE) BHas 1y Rk E2: as a result to overcome the challenges of drug

development, researchers start to explore alternative

C2-2: 3% W7E AR Fitds R B 050& methods for drug development

2.3.2.1 Sequential Search Strategy

Given an aligned bilingual document pair (Ds, D) and a similarity threshold o, the
sequential search strategy first compares the first source sentence S; with the first target
sentence T;. In our study, source sentences in Ds are in Chinese language and target sentences
in Dy are in English language. When comparing a source sentence (denote as S;) and a target
sentence (denoted as T;), the following two cases emerge:

Case 1: If the similarity is lower than a blocking threshold (in this study, we set the blocking
threshold = o/3, lower than the sentence-similarity threshold o), we skip Tj and move to
check the next target sentence Tj+1. The search process continues. When all candidate target
sentences have examined (the candidate target sentences for S; include the target sentences in
range of i £ (1-1), i.e., from Ti.(s.1) t0 Ti+(s-1), Where A4 = the maximum location span to check)
and all of the target sentences are dissimilar to the source sentence with respect to the
blocking threshold, S; will be discarded. When this happens, we move to the next source
sentence Sj.; and start this search process.

Case 2: If the similarity is higher than the blocking threshold, we concatenate with the source
sentence (S;) all possible sequential combinations of the following k-1 source sentences (i.e.,
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Si+1 10 Sisk-1), thus generating k source candidates (including S;, Si + Si+1, Si + Si+1 + Sis2, ..., Si
+ ... + Si+k-1). We then compare each of the source candidates with the target sentence (in this
case, Tj). Specifically, we calculate their similarity discounted by length difference. Sentence
pairs with greater length differences (measured by the number of words) are unlikely to be
parallel sentences. Therefore, the similarity score should be decreased by length difference
between the source candidate and the target sentence. The length-difference-penalized

similarity score between a source candidate Sy and a target sentence Ty is defined as follows:
len(Sg) — len(Ty)|
len(Sg) + len(T))

Once we complete the calculation of the similarities of these source candidates with

Score = 5im(Sy, Ty) * (1 —

the target sentence, we choose the one with the highest similarity and check if it surpasses the
predefined similarity threshold o. If the highest similarity does not reach a, we then head to
the next target sentence Tj.1. However, if the highest similarity exceeds the predefined o, we
consider this pair of the specific source candidate and the target sentence as a parallel
sentence pair and extract them out of the aligned bilingual document pair (Ds, Dr).

After successfully extracting a parallel sentence pair, we move to the next source
sentence and the next target sentence. For example, suppose we find a successful parallel
sentence pair (S; + Sy, T1) and we will restart the search process using S; as the source
sentence and T, as the target sentence. If we discard any source sentence, we will anchor the
search process from the next source sentence (e.g., Si+1) and the range of the target sentences
to check is from T;., to Tis,. For example, suppose S; fails and is then discarded. We will start
the search process by letting the source sentence as S, and the target sentence as T, (because
T1 has not been aligned with any source sentence and is within the range of the target
sentences to check for S,). However, if we discard too many source sentences, we will start
discarding target sentences. For example, let 2 = 5. Assume that S; to Ss are all failed and
discarded. Instead of keeping the target location at Ty, we will start the search process for Sg
with the target sentence T, (not Ty, because T; is not within the range of the target sentences

to check for Sg) as the beginning search point.

2.3.2.2 Exhaustive Search Strategy

The exhaustive search strategy is to compare each source candidate (one or at most k
consecutive Chinese sentences in Ds) with every target sentence (an English sentence in Dr)
in an aligned bilingual document pair. Then, we select the sentence pair (consisting of a

source candidate and a target sentence) with the highest similarity. If the similarity of the
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selected sentence pair is equal to or higher than the predefined threshold o, it is extracted as a
parallel sentence pair and the corresponding source candidate and target sentence are
removed from Ds and Dr, respectively. Subsequently, the sentence pair with the next highest
similarity is selected and checks against o to see whether it can be extracted as a parallel
sentence pair. The process repeats until the selected sentence pair’s similarity is less than a.
The differences between the exhaustive search strategy and the sequential search
strategy are twofold. First, the search process of the sequential search strategy is sequential,
from the beginning of each document, whereas the search process of the exhaustive search
strategy compares all possible sentence pairs. As a result, the sequential search strategy is
more efficient than the exhaustive search strategy, especially when source and target
documents are large in their length. Second, the sequential search strategy imposes a blocking
threshold (i.e., o/3 in our study) and a maximum location span () during the search process,
while the exhaustive search strategy does not. As a result, the sequential search strategy may
result in a suboptimal solution, possibly leading to inferior extraction effectiveness. We will

report our evaluation of the two search strategies in Section 3.
3. The Experiments
3.1 Dataset

Our dataset was a corpus containing 25,695 bilingual (Chinese and English) abstracts
of theses from the science, engineering, management, and medical colleges in National
Taiwan University, Taiwan. We randomly selected 100 bilingual abstracts in this corpus as
the testing set. The remaining 25,595 abstracts are the training set for generating monolingual
word embeddings and a cross-lingual transformation matrix. Seven coders (graduate students
of National Taiwan University) helped manually identify parallel sentence pairs from the
testing set as the ground truth for our experiments. Each matched parallel sentence pair
contains one English sentence and multiple (one to five) Chinese sentences, and there are at
least three matched parallel sentence pairs for each pair of abstracts. 66.7% of the testing
English sentences have matched Chinese sentences, and the average number of Chinese
sentences in each parallel sentence pair is 1.81. Table 2 lists the statistics of our data set.

Table 2. Statistics of our data set including training and testing sets. 1044 out of 1462
Chinese sentences, and 576 out of 864 English sentences are matched pairs.

# of Documents Word Count Sentence Count # of Sentences per Doc
Training Set (Chinese, Zh) 25,595 2,388,729 346,591 13.54
Training Set (English, En) 25,595 1,981,510 195,910 7.65
Testing Set (Zh) 100 14,618 1,462 14.62

Testing Set (En) 100 15,000 864 8.64
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3.2 Comparative Evaluation Results

As mentioned previously, our proposed parallel sentence extraction method can use
one of the following monolingual word embeddings: 1) task-specific word embeddings
(denoted as TS) directly trained from the training set, using Cbow or Skipgram from [12], 2)
pre-trained word embeddings (denoted as PRE) extracted from BERT [11], and 3) hybrid
word embeddings (denoted as HB) that concatenate TS and PRE word vectors. In the
following experiment, we first employed Chow to build task-specific word embeddings. We
will compare the performance differential when using Cbow or Skipgram to build task-
specific word embeddings in Section 3.4. Furthermore, for the TS model and the PRE model,
the number of dimensions for word embedding was set to 200, and for the HB model, it was
400. The number of dimensions of the PRE model was originally 768 and was reduced from
768 to 200 via dimension reduction using principal component analysis.

Before we conduct our experiment, the first test is to decide the transformation
direction, i.e., whether the transformation from Chinese (Zh) words to English (En) is better
than the opposite direction (the transformation from English words to Chinese. In our test on
576 matched pairs in the testing set and another 576 randomly selected, non-matched pairs,
the sentence similarities calculated by the Zh-En transformation attained higher average
similarity on the matched pairs, lower average similarity on the random pairs, and greater
difference between true and false pairs, as compared to those of the En-Zh transformation, as
Table 3 illustrates. As a result, we decided the transformation direction is from Chinese to
English, and set the Chinese corpus as source documents and the English corpus as target
documents for subsequent experiments.

Table 3. Comparison of sentence similarity conducted by different transformation directions
(Zh-En and En-Zh transformation).

Word Source Target Avg Sim Avg Sim

Embedding Language Language (Matched Pairs) (Random False Pairs) Difference
TS Zh En 0.3142 0.1504 0.1648

TS En Zh 0.3021 0.1537 0.1484
PRE Zh En 0.5556 0.4238 0.1321
PRE En Zh 0.6726 0.561 0.1116

We built each word embedding model’s transformation matrix by linear regression
with stochastic gradient descent, using 2,000 most commonly used English words (stop
words and words without Chinese translation have been removed) in the training set as seed

words. We then evaluated our proposed method using the metrics of precision, recall, and F1.
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Table 4 shows the comparative evaluations results, across the three word embedding models
and two search strategies, where SEQ denotes the sequential search strategy and EX is the
exhaustive search strategy. To determine the similarity threshold o, both strategies took the
multiplication of the average sentence similarity of 1,000 prepared parallel sentences and a
coefficient (an optimal coefficient was empirically determined). Furthermore, for the
sequential search strategy, we set the blocking threshold as one third of a. For each English
sentence candidate, we set k = 5 (up to 5 Chinese sentences to be concatenated), and A
(maximum location span) = 5.

Table 4. Performance comparison of our proposed parallel sentence extraction method using
different search strategies and word embedding models.

Search Word Threshold

Strategy Embedding Coefficient Recall Precision F1

SEQ TS 0.9 36.54% 68.55% 47.67%
SEQ PRE 0.8 31.17% 49.60% 38.28%
SEQ HB 0.95 31.53% 59.74% 41.28%
EX TS 0.7 56.78% 64.00% 60.18%
EX PRE 0.7 21.94% 22.77% 22.35%
EX HB 0.8 54.23% 64.67% 58.99%

As Table 4 shows, the exhaustive search strategy using the task-specific embedding
model achieved the best performance in recall and F1 measure, while the sequential search
strategy using the task-specific embedding model attained the highest precision rate. With
either the sequential search strategy or the exhaustive search strategy, the task-specific
embedding model generally outperformed its counterparts, whereas the pre-trained word
embedding model performed worst. This finding suggests that the compatibility of the corpus
used to generate monolingual word embeddings and the testing corpus (i.e., parallel sentence
extraction task) significantly affects the effectiveness of parallel sentence extraction.

We also observed that when using the exhaustive search strategy, the F1 score
attained by the pre-trained embedding model was significantly lower than when using the
sequential search strategy. The sequential search strategy compares only sentences with
similar positions in the two aligned bilingual documents, while the exhaustive search strategy
compares all possible sentence pairs. Because of the low compatibility of the pre-trained
embedding model with the testing corpus, the exhaustive search strategy identified more false
pairs than the sequential search strategy, highlighting the limitation of the pre-trained

embedding model.
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On the other hand, we expect that the hybrid embedding model could combine the
advantages of the pre-trained embedding model and the task-specific embedding model and
could achieve a better performance than the other two models. However, according to Table 4,
the performance of the hybrid embedding model was in between that of the task-specific
embedding model and the pre-trained embedding model. This is because the unacceptable
performance attained by the pre-trained embedding model implicates the performance of the
hybrid model.

3.3 Performance of Sequential and Exhaustive Search Strategies

Figure 2 shows the performance differences using the sequential or exhaustive search
strategy. Since the sequential search strategy does not compare a source sentence with target
sentences located far from the corresponding location of the source sentence. This strategy is
likely to miss some matched pairs. Thus, the recall rate of the sequential search strategy is
expected to be lower than that of the exhaustive search strategy. In contrast, because these
relative distant sentence pairs are mainly false positives, the sequential search strategy can
reach a higher accuracy than the exhaustive search strategy. Overall, the F1 score attained by
the exhaustive search strategy is higher than that by the sequential search strategy, but the
exhaustive search strategy is more time consuming. Figure 3 and Figure 4 show that the
exhaustive search strategy performed better in recall rate, while the sequential search strategy

performed slightly better in precision rate.

& EX-TS @ SEQTS MW EX-HE & SEQHB

F1 Score

Threshold Coefficient

Figure 2. F1 measures obtained by the sequential and exhaustive search strategies. X
dimension represents threshold coefficient and Y dimension represents F1 score.
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& EX-TS @ SEQTS

W EXHE A SEQHE

Precision

Threshold Coefficient

Figure 3. Precision rates obtained by using the sequential and exhaustive search strategies. X
dimension represents threshold coefficient and Y dimension represents precision rate.

& EXTS @ SEQTS M EXHE A SEQHB

Recall

Threshold Coefficient

Figure 4. Recall rates obtained by using the sequential and exhaustive search strategies. X
dimension represents threshold coefficient and Y dimension represents recall rate.

3.4 Effect of Cbow and Skipgram

We also analyzed the effect of Cbow and Skipgram on the effectiveness of parallel
sentence extraction. Table 5 shows that the word embedding models (task-specific and hybrid)
constructed by Cbow performed better than the models constructed by Skipgram, similar to
the results reported in [13]. According to [12], if Cbow is trained on a large corpus, it would
perform better than Skipgram. It seems that our corpus is relatively sufficient for Cbow.

Table 5. Performance comparison across different word embedding structures.

Word Embedding Structure Threshold Coefficient F1

TS Skipgram 0.7 43.03%
TS Chow 0.7 60.18%
HB Skipgram 0.8 30.33%
HB Chow 0.8 58.99%
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3.5 Effect of Word Removal When Measuring the Similarity of Two Sentences
To understand the effect of word removal when measuring the similarity of two
sentences, Table 6 shows the performance obtained with or without word removal using the
exhaustive search strategy. In general, our proposed parallel sentence extraction method
without word removal achieved a lower precision rate, but a higher recall rate, as compared
to our proposed method with word removal. With respect to F1 score, our proposed method
without word removal outperformed that with word removal, across the two word-embedding

models (task-specific and hybrid)

Table 6. Performance comparison with or without word removal during sentence extraction.

Threshold
Word Embedding Coefficient Word Removal Recall Precision F1
HB 0.8 Yes 50.44% 68.52% 58.10%
HB 0.8 No 54.23% 64.67% 58.99%
TS 0.7 Yes 54.51% 66.25% 59.81%
TS 0.7 No 56.78% 64.00% 60.18%

4. Concluding Remarks

In this work we have proposed and implemented an effective method for extracting
parallel sentence pairs from bilingual comparable corpora. The effects of differences in word
embedding model (task-specific/pre-trained/hybrid), search strategy (sequential/exhaustive),
word vector formation (Cbow/Skipgram), and word removal or not have been empirically
evaluated. By using the task-specific word embedding with the exhaustive search strategy,
our proposed method can achieve the best performance in F1 score.
5. References
[1] M. Artetxe, G. Labaka, E. Agirre, and K. Cho (2018). “Unsupervised Neural Machine
Translation.” In Proceedings of the Sixth International Conference on Learning
Representations.
[2] Y. Su, H. Liu, S. Yavuz, I. Gur, H. Sun, and X. Yan (2018). “Global Relation Embedding
for Relation Extraction.” In Proceedings of the 2018 Conference of the North American
Chapter of the Association for Computational Linguistics: Human Language Technologies,
pp. 820-830.
[3] H. Bouamor and H. Sajjad (2018). “H2@BUCCI18: Parallel Sentence Extraction from

Comparable Corpora Using Multilingual Sentence Embeddings.” In Proceedings of the

180



Eleventh Workshop on Building and Using Comparable Corpora at International Conference
on Language Resources and Evaluation, pp. 43-47.

[4] V. Hangya , F. Braune, Y. Kalasouskaya, and A. Fraser (2018). “Unsupervised Parallel
Sentence Extraction from Comparable Corpora.” In Proceedings of the International
Workshop on Spoken Language Translation, pp. 7-13.

[5] J. Smith, C. Quirk, and K. Toutanova (2010). “Extracting Parallel Sentences from
Comparable Corpora Using Document Level Alignment.” In Proceedings of the 2010 Annual
Conference of the North American Chapter of the Association for Computational Linguistics,
pp. 403-411.

[6] D. Wu, and P. Fung (2005). “Inversion Transduction Grammar Constraints for Mining
Parallel Sentences from Quasi-comparable Corpora.” In Proceedings of the International
Conference on Natural Language Processing, pp. 257-268.

[7] W. Yang, W. Lu, and V. Zheng (2017). “A Simple Regularization-based Algorithm for
Learning Cross-Domain Word Embeddings.” In Proceedings of the International Conference
on Empirical Methods in Natural Language Processing, pp. 2898-2904.

[8] A. Joulin, P. Bojanowski, T. Mikolov, H. Jegou, and E. Grave (2018). “Loss in
Translation: Learning Bilingual Word Mapping with A Retrieval Criterion.” In Proceedings
of the 2018 Conference on Empirical Methods in Natural Language Processing, pp. 2979-
2984,

[9] M. Artetxe, G. Labaka, and E. Agirre (2017). “Learning Bilingual Word Embeddings
with (Almost) No Bilingual Data.” In Proceedings of the 55th Annual Meeting of the
Association for Computational Linguistics, pp. 451-462.

[10] R. Yin, Q. Wang, P. Li, R. Li, and B. Wang (2016). “Multi-granularity Chinese Word
Embedding.” In Proceedings of the 2016 Conference on Empirical Methods in Natural
Language Processing, pp. 981-986.

[11] J. Devlin, M. Chang, K. Lee, and K. Toutanova (2018). “BERT: Pre-training of Deep
Bidirectional Transformers for Language Understanding”. arXiv preprint arXiv:1810.04805.
[12] T. Mikolov, Q. Le, and I. Sutskever (2013). “Exploiting Similarities among Languages
for Machine Translation.” arXiv preprint arXiv:1309.4168.

[13] L. Jin and W. Schuler (2015). “A Comparison of Word Similarity Performance Using
Explanatory and Non-explanatory Texts.” In Proceedings of the 2015 Conference of the
North American Chapter of the Association for Computational Linguistics: Human Language

Technologies, pp. 990-994.

181



The 2019 Conference on Computational Linguistics and Speech Processing
ROCLING 2019, pp. 182-191

©The Association for Computational Linguistics and Chinese Language Processing

RN GRS 2 B et R TR ar s
%777 Chi-Hung Liu

REREEMNLES 2

Department of Computer Science and Information Engineering
Chang Gung University
m0729015@cgu.edu.tw

#{_ & Ren-Yuan Lyu

REAEENTRESE A

Department of Computer Science and Information Engineering
Chang Gung University
renyuan.lyu@gmail.com

EMd  Wei-Zhong Zhan
b0429016(@cgu.edu.tw
SHEE Jie-Shu Wu
b0429031(@cgu.edu.tw
S3#7H  Da-Dao Zhu
b0429052(@cgu.edu.tw
iz £ Jun-Liang Shi
b0429063(@cgu.edu.tw
REREZENTIEE R

Department of Computer Science and Information Engineering
Chang Gung University

182



RS

AR AT A B A G TR (A A PSR Y A A R B IE R SR R T TR > Bl et
AJEE 9 B FefMfsEH TensorFlow speech command Fir{sEHHY 30 “"*éﬂ&)ﬂzéﬁ% Hrf
& T A (E R S H A H & A& o 8V B RGP (8 H = i e P 1r A~
B S AE BRI, -

—~ W

s E RO RS RN — - LEBRE] - HATESHE L% TR
syt o RPERE R AEE N B - RIBAET > T RE A EEA
At /R - RIS E R R - MR NRS P RIELE G5 -
i ERA G AR - NEER 7 IRFEEEEE UL > MRS E T R
&t > HAMERS bl bR asE S - B BMHE MBI
REF R ZIEHY 5 - ST ECEERIHYZ AR T B aaE 2 Wb s - iR (A&
BEIBPAPVETLHY V- S BE sa AR R, -

-~ MBI

HIFAHTAEA GPU B B2 B\ TR D > FRAMTER AR B h G R A4
FEIREHR AR (1] WERE T S% 2] - £HE L > HAFRIEEEE
TeLEEAN LibriSpeech’, Mozilla Common Voice’, timit® 2 B A BB FeEERER - HEES
sB A PHETTH LRIEFEERZHY > M EEAVEE A ZE SN > 28 B AERE %
8 R S o BRI AR TRE AN D EHERE SRR A LU SO

o=

" http://www.openslr.org/resources.php F13ZEE#} SLR18, SLR38, SLR47, SLR62
® https://voice.mozilla.org/zh-TW/datasets FESE(E8) Bk}
* https://scidm.nche.org.tw/dataset/darpa-timit DARPA TIMIT 3£ EE4}

183



58 (FL3 * Taiwanese Hokkien ~ Taiwanese > N fy 2 B EEE - T LUK E LLEEE

(22 © Tai-gi/gt/gir) T - DIHBRERNEFEE2E NE2EE IR -

EIECIHEIARER - BEEAH I TEAENEEREEEEE - Rl FHHE
W7 EEZECRRR - KRERERME (MR R NFRIRINFAE RS 8 HEE
& - NGB Iet& o BIREAS T 17 Bl R PAHL A HI4E - (R HENBUEFI90E » 1805 &
S HAGUARE 50 5 - SR R sE RN E GBS HEEE b > WRLARTRIEE - HEE
FEERSESEHESNET - (5o EEER I r s s e el LA
DR SRR R EEAE R F BT S 2 — 0 R 2000 S8Ry
(ZBFE) TiEl > 2BREHE DBRES SR GE -

Qe B GREAEILE MR R EHE - PRIEPIRIRAIEIE - PaEb i R IR -
RS B E B EEAE T E PR ~ JLER et R P PR - et Rt o RN
REZEEEPE EE - 2108 8 R ORE - IR RRESE -

vyg ~ TensorFlow

TensorFlow /& Google &> DistBelief E{THF VBRI EEL - £— » fEEE
PR tensorflow 1F R38R A L2 AGR - EEWEH FAEZ L& UE2H

E o R o (BEES (R E R DU RARERINY © 55 "%y Google /A FIHY4E
7% » Google £ 2018 FHYHI{HEY 7255 {83£7T - AU IR AEIERIZNE - I DAERR
BEAEZERVIESEME « 55 = > TensorFlow St #EAVEZGE STIEE S » HAT LRIV
FEZE40 Caffe ~ PyTorch ~ CNTK K2 574% 2~3 fE:E S » 8% A —7& » [l TensorFlow
7 FE T python ~ C++ ~ R ~ Swift ~ JavaScript ~ Go Z... » n]DUERERZHETHHIFEEE
S F ARG - BEEE - B~ stETTERE SR YRS E - TensorFlow
Lite BRIV AR A4S E FRT @ EFEITENEEE - VIAdasE. H% > B DA
Raspberry Pi s(fHYF1% b - dEfTIRERERY - BIEIS S 2R(0 - B - @HEES

184



ARSI FRFTERE B TEEE - A T E TR At EpIRE R - BT
I AT ARt B > FEMrithaR S AR e Ll N ERAR A AR - IeE e -

1L

’

Babag = P

B WM A aBa e & B —(ERE B SRR & o st BRI S E
TTEERE S WRRABHEE - B ATEAM o] DR A 30 {E B FRATR - MEEE=
R R AEAIE TensorFlow speech command At FRY 30 BEFEIRERL GRE - K
& T HEEF(EEIL) A H 5 AT 5 R B s A 2 A B M Ay
S i B R R R

F

HESh = = HiE | GiE | B HIE | GiE | B

= = ling B EE B ] khai

— — tsit T J&2K | loh-lai £l £l kuainn
- 27} nng £ | EE AE] | #AE | be -sdi/bu e -sdi
= = sann A | IEE ALL | EfE | e-sd

u i st E IS khi T | A

Fal bal 260 K| BRIK | bintshn'e | B | HI6

N N lak B kdu breg | PR | Khuai-lok
t t tshit 5 & tsidu BEE | & tsh

N N peh/pueh | 3 | 5 niau A | H#ERT | tsin-tsing
L L kdu | tshi @ %R | Bf& |the-au

F— ~ HrSaEREPREHIRE
(—) Pkl oy

B AR SRRy - FRiPIRF IS e S AEACHE MFCC SRR 3 A\ B> 4 A kS
FH TensorFlow Al CNN BARISEEE T A CNN (T34 « FEEREIEATTH - FAFIEH
wav £ 16K /{J sampling rate > F[If5 1000ms % 16K {EzRE5E - 3 IGETERE S &
FE By 30ms > AR ICGHEREES BhEEE Fy 10ms ([ ) - WRREREIN ST
MFCC #if > H{ MFCC F88h - FAGH SR BBl (B=) -

185



= 307 4um MFRE" gE@N)" &

>

0 1000ms

[ — ~ AR

(—)CNN 44

FATBEE[E I CNN #7734k - & 58% CNN (YRR BEEHE T o B akn #a s
ARSI IR (MFCC BHRORYSEZ AFREE SE AT - 1 H oS RGBS R Y
(EEAREFER AR HGE) - ZRESHEZTHIER > ER ket s
[S9RPTHEG ST SR SR - BESEE A S B (EE = E R PR o) TREEAY
SRV E (LAY E ) o MG EAEES o] DU SRR DL RIS PR
%5{%(Translation Invariance) » A1 FEFMGREG AR HICE A4S e F Z1RE S n Ay B A R
o Qa] AR S RaB & (E A S RIS HENE - (CEMEAEACE - AT RS R e
(8= (E AT (5 R SHREE & (F—RE G —HAoa - SR G 1 oz eIy

186



VB BB SR TR © ML PITHRARAE (118 onn-trad-
fpool3" » BRIF A FHEHE » {EILHIHGHBURRIEAY Conv2D B MaxPool » 24l
ST BT

[Conv2D]<-(weights) [BiasAdd]<-(bias)

[Relu]

[BiasAdd]<-(bias)

[Relu] [MaxPool]

[MaxPool]

[MatMul]<-(weights)

?
F
T
i
i

[Conv2D]<-(weights) [BiasAdd]<-(bias) » @

B = - CNN &&=
()l kBT

i ECEERIRRY ERE S AR - IR FIFH B C2RsHI 8 nildE 749 15000 5
rann o At - B WAFIRF 15000 SEEEZERT R 3 (E 1455 Training data

80% ~ Validation data 10% -~ Testing data 10%
(V) i B R

TE—Aaha R - SR EMEEREAY B (CR R ST 2 (E B s T B

A EREAET o E] > DUERRHEER S (5G] o FefFI(E Ikt (HH(Endpoint Detection) » &
HalBHIaMISE RV E - 20 N E AR

BAPIR s M 73 R = (880 o 1 AREE IR bat By BB WG eI E - HURRE TR
PAPIREERVERE - S0 /AR - NI PR ERES e RS - 2R 5 (b HINRE
oy A G/ NP IEE IR PRESRESN - DI PRRE M sy - SR LURE SR

FHbor A > FRRCE P (E AV EREE - BT RS R E -

187



it o

6.65 6.70 6.75 6.80 6.85 6.90

G.IGS 6.I70 6.'75 6.'80 6.'85 6.:30
[ VY AP S s [

315 PR AE AR IR S M o (& SRR st S U R R FE (R B A 228 - A e B
IRF TR 1 R BV D o > VDB AR (R A - MR | PGSR 2 L 7D - Z1R %
B UIE L H SR o BRI SR ET R - SRR - R R
PriE iR 2 - 1,1 145 frame HY 256 (&R - 10 H A 128 [EEF—ICP - ST EEE
frame [y DB {E[fi#{f DB {EETE V77 K ¥ frame B ZALIE - HCPITRITRHUCE
SFEARLL 10 DL DB=0 » DB=-10 Z={FIGE#EIT I E] - DUN BB ZREE ([

)

) 256{E%  4m
1 28(FHEY “"IM ” || -
>
0 16000{@

a7 =

&R AT E 2 SR RIE - 55— Ry 27 UG oy GRS 55 P 5 U o)
Y > e —F RSB VOB A E 255 =5RELEIRIERYE - SEPURERF DB Pl
IIARIEERIE © M4kER RS EREMGARIMALSR Ry TR RAR - VB S SRR EI4L

188



SRR (EE T V)R] ARIBRERGER - i
A LUA S KRR Y L & A RO -

El
+ ARS NN

e www@mu“‘ SiNy

IR 1% 82 DB EFIERTS4E R

ater s DO

Dii

§|]|

[l 7S SRR LALEEIE
N TR USRI R

HAIE T HIRASHY R RSEC B AT T CNN ALY F1[%8

CPU 17-9800X
MotherBoard Asus WS X299 Pro
RAM Kingston 16G*2
SSD WD Blue 500G
GPU RTX 2080ti

OS Ubuntu 16.04
TensorFlow-gpu 1.13.0rc2

xR BURRCE

189




FIF] confusion matrix FRIIR4ER ([E/\) - 1 CNN Z2iEH - B FiFTRE %Y IE i

B 90%

INFO:tensorflow:Confusion Matrix:
[[254 (0] B 0 0 0]

[ 6 © ©... 0 0 0]
[ 6 © 8 ... 0 0 0]

@ 0 ... 82 0 0]
@ 0 ... € 0]
@ 0 ... 0 0 50]]

0:tensorflow:Final test accuracy = 90.1% (N=2789)

B FISREER
FEE YR L - TP BEES t— (B4 5 nT DUGHE (0 A 2 B s S i () it B e [ A
30 5P > [EL) > LARe—R—(E sk S — - &)

recordand playback X [iod
> ¢ © & 127.00.1:8000/ecognize O moe B =

- ﬁ {%§%36$&j
BB ETENER R

(RBEEAZ I EEEEH)

HHSHYEE A o SHEAE: 43,05 %, zer0

i
EVEFB(FI=REFR): T® | e | e
2085 (3 )
3feE (0 )
eI )

[\~ A

190



PRl Liveinput record and playback X [iEd

<« c @ ®  127.0.0.1:8000/recognizer w noe & =

SERAY

BERTREEET

THS

w LUTH 288 148

&
i
ZF
o
»

AL
4Rk Bs8 HERE HiEE o SEFAE: 436,757, 5ix
- = - =EEED o SHFAR: &5,53, A, five
> e 0:00 O ——g
o SFEAR: &5,4,0,1, four
> e 0:00 O ——g
EHISE A TIRERIER A=
(FREB AT/ NEEZEHT) * SREAE: 8i,3,=,=, three

> o 0:00 O —u
T# M b

o SREAE: B5,2,=,—two
> o 0:00 O —

g
-

T8 kx| b
* SFEAR: 85,1,—,—0ne
LIEENA :): > e 000 © ——e

T# MR b
* SREAE: &3,0,%,%,zero
> e 0:00 O ——

T# MR b

[ L~ BE G

(e E AR A A NEERMER 2 i > SR TP TR EIRY o K
7 n] AR E— (P 5 - SBE A o) DAE P MIEsie = - mT DL B P
B NHVETE > A LUR SRS N kO H OB - A e BE - WAl DR N ERE o Heff
R R —EWE VG - REFEEEUE -

[1] Tara N. Sainath, Carolina Parada, “Convolutional Neural Networks for Small-footprint
Keyword Spotting,” INTERSPEECH 2015, 2015.

[2] P. Warden, “Speech Commands: A Dataset for Limited-Vocabulary Speech Recognition,”
Google Brain Mountain View, California, April,2018.

191



The 2019 Conference on Computational Linguistics and Speech Processing
ROCLING 2019, pp. 192-201
©The Association for Computational Linguistics and Chinese Language Processing

Extracting Semantic Representations of Sexual Biases from Word
Vectors

Ying-Yu Chen
National Taiwan University
r06142009@ntu.edu.tw

Shu-Kai Hsieh
National Taiwan University
shukai@gmail.com

=

FEEENEEIME——PTT T - AR RAR LIRS miE SR A

s [ B A ERE S PHER T E R AR R - A7 A A R & FE (Word2vee)
7€ PTT " BFEE ) MRAYE BRI SRR S smAVs R R AYEERE M - SEIREFEH
TEAHRE = smAv T A T e R BT - AWFesRECE NI E8Ab T - (ERESE—RA]
F B ZREE SRR R AT 534 PTT s EA 2R S amiuise -

Abstract

Sexually biased cyberhate speech has become a fast-growing problem on PTT (a representative
online forum in Taiwan). The applications of computational linguistics like word embeddings
would also carry similar biases. This paper analyzed the distribution of word representations
of netizens from mu zhu jiao (a cult that often produces misogynistic cyberhate speech). Word
vector representations (word2vec) was utilized for scrutinizing semantic representations of
texts found on PTT. The findings from the distributed semantic representation of mu zhu jiao
implied a sexual bias against them. This paper serves as the first study which investigates the
distribution of word representations of the abusive language on PTT forum with an NLP

method by taking advantage of both quantitative and qualitative methods.

1 Introduction

During the past few years, the tides of cyberhate speech have surged over online forums and social
media. PTT forum, serving as the representative of online Chinese forum, has been to obtain evidence

of abusive cyberhate speech on the basis of characterizing gender-biased language, mainly as
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disparagingly underestimating the status of the female. Previous research focusing on cyberhate
speech of misogyny (Citron, 2011) and negative sentiment of the related word representations (Yu,
2016) made up the big picture of the gender-related cyberhate speech. The emphasis on Distributional
Hypotheses (Sahlgren, 2008) also depicts the importance of exploring distributional differences of
word representations under the contexts related to a sexually biased speech based on a quantitative
computational method. Instead of unsystematic regulations of stopping the propagation of cyberhate
speech, there were some methods applying Natural Language Processing (NLP) models for
efficiently detecting abusive language online with regard to, but not limited to, cyberbullying and
gender-biased speech (Schmidt and Wiegand, 2017;Davidson et al., 2017;Burnap and Williams,
2016). On the ground of previous studies, the relationships and connections between cyberhate
speech and gender-biased language on PTT could be reported in both quantitative and qualitative
ways. The aim of the present paper is threefold: (1) to analyze the large text sources and compare the
distributed representations of words represented by a word vector encoding semantic similarity;(2)
to capture linguistic properties from the word vectors;(3) to specify the polarity fluctuation with

regard to the keywords from the word vector.

2 Previous Studies

2.1 Misogyny and Cyberhate Speech

Misogyny complex, which Gilmore (2010) suggested best describing as a multi-dimensional
phenomenon characterizing the woman hating emotion males direct toward females. This pervasive
emotion over the world was specified by Gilmore as a result of the combination of psychogenic in
origin and the influence caused by the environment. Specifically, on one hand, the inside conflict
between men’s abundant need for women and the equally intense fear of that dependence (or fear of
losing that dependence) disappointed males themselves, thus leading to their implicit emotional
dissatisfaction. Under this circumstance, the female had the possibility to become a convenient and
better object to be bullied as a counterbalance to make up the defect. Although society appeared to
make a fair amount of progress against gender discrimination, misogyny has, by all means, moved
online due to the easy opportunities of speaking on condition of anonymity on the Internet, called
“cyberhate attack (Citron, 2011).” Cyberhate attack contained not only speech, but other actions like
doctored photographs, privacy invasions, and technical sabotage, while “cyber misogyny” referred

to cyberhate attack such as abusive language specifically aiming at women.
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As the representative online BBS (Bulletin Board System) forum in the Chinese community, PTT
is the place where a wealth of cyberhate speech of misogyny takes place. Yu (2016) claimed that the
key concept of misogyny on PTT appeared to follow two patterns: One was emphasizing on the
beautiful figure and the virtues that female supposed to have, like performing both emotionally and
physically weaker than male in concordance to meet the role expectation from Asian society. The
other was restricting the completeness of female as an individual by devaluing female as only an
object of sex. This objectification was to a large degree subjective to the critics who tended to take
advantage of their ideology to label and define female by using words with specific semantic
representations under the context. Such word representations with the aforementioned features were
retrieved and visually demonstrated by Yu (2016) as a semantic network, which signaled the
distributional word representations based on misogynistic cyberhate speech on PTT. This distribution
to an extent specified the words appeared on PTT, such as gan (fuck), gian (money), chou nu
(misogyny), sui bian (easy especially referring to sex), gong zhu (princess syndrome), and po ma
(bitch). On the basis of the literature review, this present study would be investigating the semantic

networks from the abusive speech on PTT forum in the follow-up phases of the study.

2.2 Word Vectors

“You shall know a word by the company it keeps (Firth, 1957).” Distributional hypothesis depicts
the idea of the correlation between distributional similarity and meaning similarity so as to make a
prediction of semantics by utilizing distributional properties of linguistic entities (Sahlgren, 2008).
Exploring the distributional properties of the misogynistic cyberhate speech and the differences
between the different distributions are needed. Now, this could be implemented via a neural
network inspired vector semantic model called Word2vec (Mikolov et al., 2013;Mikolov et al.,
2013) which has been widely used for gathering high-quality vector representations of words from
large amounts of unstructured data by using the advantageous Skip-gram model. Previous work
(Heuer, 2016) utilized this simple but robust model to provide a view of text source and to compare
the words with semantically similar or contrasting relationships, like mapping the country Finland
to its national sport hockey. Schmidt and Wiegand (2017) also gave an overview of hate speech
detection, which indicated distributed word representations based on neural networks was an
effective way yielding a good classification performance from working the features of word

generalization out. Such vector representations were used as classification features as it had the
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preference that semantically similar words may end up with similar vectors. With the assumption
that distributional models are models of word meaning, this study took advantage of such technique
to scrutinize the large text sources for revealing the linguistic properties from the distributional

models.
3 Methodology

3.1 Data Collection

Over the decades, PTT has derived various subcultures, among which a new force suddenly arose
as mu zhu jiao, a cult whose followers believe in the existence of mu zhu and worship the popes
obov (also known as a000000000) and sumade. On the online forum, everyone can easily share
and exchange opinion with each other on more or less condition of anonymity, resulting in the
gender-biased speech contributed from the popes of mu zhu jiao. With the purpose of getting
evidence of the characteristics and nature of the abusive speech on PTT, this study favored making
a comparison of the speech between general xiang min and the popes of mu zhu jiao, trying to draw
the differences between them. Hence, the data population of this study consisted of two datasets:
Dataset I is made up of the posts from 180 PTT netizens (also known as xiang min) randomly
chosen from the online PTT user list, while dataset II involved posts from two remarkable popes
of xiang min of mu zhu jiao.

The big picture of the procedure was to collect, organize, and integrate the data. The data were
first gathered through crawling the posts from the aforementioned xiang min on PTT, after which a
popular tool “jieba” was used for segmentalizing text into tokens. In the meantime, a list of 1218
stopwords (e.g., emojis and interjections) was ruled out to avoid getting too much uninformative data.
Apart from the list of stopwords, the user dictionary' which is comprised of a bunch of frequently
used terms and multi-word expressions (MWEs) on PTT was taken into consideration. This user
dictionary is consistent with the MWEs and catchphrases employed by pttpedia with the further
trimming to 5294 tokens. With the help of the user dictionary, a number of essential terms and fixed
constructions were maintained in the data for further analysis. Table 1 provides the overall

information of two datasets, including the number of articles, word tokens, word types, and

! The user dictionary is retrieved with permission from Liao (https://1ia0961120.github.io/PTTscrapy/).
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vocabulary richness (VR). VR indicated that the words xiang min from dataset II used were slightly
richer than that from xiang min from mu zhu jiao.

Table 1: The number of articles, token, types, and vocabulary richness (VR) of two datasets

Population sumade obov 2000000000 Datasetl Dataset II

Articles 1230 573 340 2143 2855
Tokens 226589 56017 35694 329127 333575
Types 45339 16508 12501 63039 72648
VR (%) 0.2001  0.2947 0.3502 0.1915 0.2178

3.2 Data Analysis

This study employed both quantitative and qualitative approaches, comprising of text analysis and
questionnaire of the authentic data from PTT. The quantitative data analysis was performed by
using the powerful package word2vec from NLP architecture. Word2vec can be seen as a
fashionable and efficient model utilizing large data to compute vector representations of words
(Mikolov et al., 2013). With this hypothesis, it was carried out so as to map the representations of
words into a vector space to gain word similarity and relatedness. This paper drew a comparison

of word representation between the two groups: (1) two well-known xiang min of high reputation

from mu zhu jiao, obov (also known as a000000000) and sumade;(2) 180 randomly chosen xiang
min. After respectively training the dataset I and dataset II from 329127 and 333575 tokens, two
comparing models of representation of vector space were created.

For conducting the analysis, previous researchers typically compared the words with
semantically similar or contrasting relationships (Heuer, 2016). Following this, the study was
proceeded by generating a bunch of co-occurred words from the model to represent the learned
distributional relationships. In the two models, the core word mu zhu was queried to predict 20
words with strong context dependency and their corresponding degrees of cosine similarity in the
vector space in an effort to detect the distributed difference of word representation between xiang
min from mu zhu jiao and others. Subsequently, the above distributions would be scrutinized to
obtain the authentic context and compare the different semantic implication of the keywords in two
comparing models. The corresponding concordances of the above 20 words with strong context

dependency with mu zhu were analyzed as in section 4.1. Furthermore, in the interest of
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investigating how the polarity of the related language varied from people who happened to have
the related knowledge of misogynistic hate speech on PTT, this study employed a questionnaire to
investigate the polarity of the keywords between two groups of people: thirty senior xiang min who
have logged in PTT more than 3000 times, and thirty people who are not xiang min. The keywords
were manually selected under human determination in order to filter out the 25 words with the
highest correlation with the context of misogynistic subculture on PTT. The result would be

discussed in section 4.2.

4 Result and Discussion

41 Co-occurred Word and Concordance

The study was proceeded by generating a bunch of co-occurred words from the model to represent
the learned distributional relationships. The outcome of the distributed representation from
comparing word vectors suggested two preliminary significant differences. First, the words similarly
distributed with mu zhu shown in the word vector of mu zhu jiao indicated a significant semantic
consistency with gender-biased language, while the demonstration of the contrasting representation
was comparatively neutral without connecting with specific contexts. Second, some famous
catchphrases in terms of the abusive language on PTT were presented as similarly appeared word in
the word vectors from mu zhu jiao. However, the evidence seemed not to imply any connection
between the represented words and the implicit implication in word vector from general xiang min.
That is, the representation of the distributed words from general xiang min appeared not to link to
any specific context.

Mu zhu, in the configuration of the speech from mu zhu jiao, had no doubt serving as the most
essential core, assembling its multi-valency on bullying female. In order to compare different
semantic implication under the context of two comparing representation, the corresponding
concordances of mu zhu from two word vectors were extracted. From the concordances, a preliminary
difference of semantic implication of mu zhu between the two groups of xiang min appeared to be
detected. In every situation, general xiang min talked about mu zhu theoretically under the context of
breeding pigs, such as the way a boar started to breed a sexually receptive gilt. By contrast, xiang min
from mu zhu jiao strongly criticized mu zhu a lot, comparing mu zhu to women who have specific
characteristics, like double standards, preferring Cross Culture Romance (CCR), worshiping money,

and other features. It is noteworthy that some features were judged so hard under this context while
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they have no bad essence at all. Take CCR for example, xiang min from mu zhu jiao considered
Taiwanese female having a relationship with a foreigner (especially Caucasian) as a heinous behavior.
However, a Taiwanese male would be priding himself if he is dating a Caucasian female. To sum up,
the evidence suggested that the speech from mu zhu jiao to some extent testified itself as an abusive
language on the basis of showing the represented offensive words alluded to gender discrimination.
After all, a couple of inferences of mu zhu were drawn as a network trying to specify the related

semantic implications (Figure 1).
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Figure 1: The network of the related semantic implications of mu zhu on PTT forum

On the other hand, in contrast to mu zhu, this paper also reported the concordances of the
counterpart gong zhu (male pig) from two word vectors to see if the literally contrasting words gong
zhu (male pig) are being used as much as mu zhu (female pig) in common usage. It turned out that
the concordances of gong zhu from the discourse from general xiang min were exactly the same the
concordances of mu zhu, which meant there is little additional use among them. In comparison, gong
zhu from the discourse from general xiang min appeared twice in the overall texts, primarily arguing
the issue regarding the existence of “gong zhu jiao (a cult from gong zhu)”. In brief, the concordances
of the core word mu zhu explained its multi-valency from the perspective of language usage on PTT.
By contrast, the concordance of gong zhu helped to specify that the metaphorically abusive
expression of the pig was originated from mu zhu and there was not enough evidence to show the

gender equality with female in usage. Besides, compared to the word vector of general xiang min, the
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concordances of both mu zhu and gong zhu in the word vector of mu zhu jiao provided solid evidence

of mu zhu’s strong context dependency.

4.2 Keywords Polarity and Knowledge-based Features

Abundant semantic implications of the represented words had the tendency to be sentimentally
negative. However, the sexually biased hate speech on PTT could be completely understood largely
based on related knowledge of misogynistic expressions on PTT because it often employed context-
dependent metaphors. In other words, people who didn’t engage in PTT would probably have
difficulty understanding the implicit meanings from the misogynistic subculture. In order to know
how the polarity of the related speech varied from people happened to have the related knowledge,
in this subsection, two groups of people were invited to evaluate the polarity of the “keywords” of
the abusive speech on PTT: thirty senior xiang min who have logged in PTT more than 3000 times
and thirty people who are not xiang min. 25 keywords were the terms manually selected under human
determination to specify their high context-dependency from the speech from mu zhu jiao. They
might contain words, catchphrases, fixed constructions which often employed metaphoric
expressions so as to implicitly identify the intrinsic biased nature. In terms of this questionnaire, the
higher the polarity score is, the positive the keyword is, while the lower the polarity score is, the
negative the keyword is. The polarity tendency is calculated from 1 (the lowest) to 5 (the highest).
Afterward, the average polarity scores of the 25 keywords from two groups were calculated,
rounding to one decimal place. It was not surprising that, 72 % (18 out of 25 terms) of the scores
from non xiang min, suggested to be lower (from average 0.1 point to 1.2 points) than those from
senior xiang min. Also, the average polarity score from senior xiang min (average 2.16) is 0.24 points
lower than which of non xiang min (average 2.4). The finding indicated that the perception of
particular ideology could be strongly influenced by language use. In this case, it would be more
difficult for people without the knowledge of the subculture to perceive the implicit information than
people with that knowledge. This situation, in some circumstances, proved the knowledge-based

nature of the abusive speech on PTT.

5 Conclusion

This study examined the word representations of biased speech on PTT forum with the application

of NLP tools to detect the abusive language online by comparing the distributed representations of
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words represented by a word vector encoding semantic similarity and capturing significant
linguistic properties from the word vectors. Also, this study took advantage of questionnaires to
see the fluctuation of the polarity of the word representation between the party causing injury and
others. The findings showed that the distributed semantic representations of mu zhu jiao and those
of general xiang min differed significantly in terms of several perspectives: First, the distributed
representations of words represented by a word vector encoding semantic similarity. Second, the
keyword concordance and the encoding semantic implications. Third, the related semantic network
of the keyword mu zhu. Last, the polarity implementation of the related words of the keyword mu
zhu. The overall results indicated that the distribution of the surrounding words of mu zhu tended to
display sexually biased semantic implications, making the word vector of mu zhu jiao a blatantly
sexist.

This study served as the very first paper analyzing the abusive language on PTT with an NLP
method by taking advantage of both quantitative and qualitative methods. However, it should be
noted that this study has been primarily concerned with posts originating from the popes of mu zhu
Jjiao because of the difficulty of defining who really are its followers, and has only addressed some
features to detect sexually biased cyberhate speech on PTT instead of developing a well-established
computational model to automatically detect the abusive language. Despite its preliminary nature,
the study may offer some insight into the gender bias amplification of the distribution of word
representations on PTT. To further capture the subtle and highly context-dependent abusive speech
in an efficient and scalable computational method, future research may use a text processor to capture
the characteristics of biased language while explicitly seen as neutral speech. Hopefully, the
embedding model could be further modified to remove gender stereotypes and biases from training

data.
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Abstract

In recent years, because the Internet acts as a medium, fake news can be quickly spread. Many
countries have been seriously affected by fake news. making fake news detection become an
important issue. This study collects two Taiwan refute rumors sites. And use the three methods
of deep learning for fake news detection., Gated Recurrent Unit (GRU), Long Short Term
Memory (LSTM), and Bidirectional Long Short Term Memory (BLSTM). The experimental
results show that deep learning can be used in Taiwan's fake news detection, and the BLSTM

method works best. Research experiments reduce the proportion of fake news, simulating 25%
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and 5% fake news ratios. Let the research sample be closer to the real situation. Finally, this

study used a cross-data set test to understand the gap between practice and theory.
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B & DAE 0] DLEEsE - BEIARR T RICL ) > o] DB AT DUE BT N EEE R 0 H

2 " HHREY ) AE S%RoELE

ARG - AE TRV NE T BT S%E B E T LI - M




LB TS0 RIS S BT LA TSI -

"HENET B THaUREY ) BRE

L 0.8980.8280 838 S
= I} 79708%6 0795 03 flia
0.8 0725 08 0728 0.728 5701
07 s 07 05638 Lo
05 056 06
05 05 039
0.4 04 0333
03 03
02 02
0.1 0.1

0 0

R A LR 50% BHAREEES] 25% 2 %ﬁﬂﬁttﬁ] 5% B3R AFEER] 5%~ EERRELEF0% B2 A EEFI25% f? i M

& — ~ AR R PR IR st

T~ 4ham

AW FEE SRR E T SCERHE o SRR AN E i DU EH B o ARt
5 7 3 TR ELBIRYE RS - 50% ~ 25%LL K 50% < 1F T INE T BEREE S
50%H1Y F-Score 2K %] 0.898 » 25%[1 F-Score 2K %] 0.836 DL Kz 5% F-Score 2K%l] 0.563 -
ATFESCE R TR SY%H R REDAGAEL B - 5%HY F-Score € [RAHY 0.563 3 K2
0.678 SEHINIGRELERINGAEEIE I - A LGRS HAIRCRE L - £ T iR, &
ISt 50%HY F-Score 7E2K % 0.728 » 25%HY F-Score 2% 0.701 > 1fj 5%y F-Score =
£ 0.396  AHEHY THTREDINE T BRHE T HRUERAY ) BREESCREE - BEE 5%
b sE AN - AHFERR N T BEIRNY ) CEREEER TnENEF
KHEEEA e BRI ST A -

RIAFLERR T =f 574 > BLSTM ~ LSTM LUK GRU » SFUARZLEIVELT -
BLSTM RURAVERE » Br T4E " HiE/NE T S%ECHT LIy GRU SURE AT LU

"EAVERRY ) S%ERTE LA AE R Z SN o e S S BLSTM J5ARCRIREE -

MERIEEZAN - AR S B T — D B TR/ NET ) MECCERENE - #35H
WAL T R AR A 343 -

£ 50% ~ 25%8 SYFEARIHIEA 1 8830 —FRAVEER > Recall {RE1E 0.93 DLk 0.87 -
SEHEEIR 50% ~ 25%HRAI I AESE A T AR BOHT FINRAS - i H RO TR - (H—4¢
HERE N ARG IRA GG - HH B EEE R - SR T ISR &R
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LET - EEEACRI A S o E R A B R E AR BT o MAE S%HIIEAY
& Recall HAMERE NEF] 0.4 » ABHFEEE Rl SYRTBAEGETEIRD - HEEMEITH
(ECE NG

&F LRTHL > SRR DRV E L - bR T EROTEE RSN WHEREE S
ARHVERTE > REERIE A SRR A F BT 2 > S sk A B O -

(=) WHFEPR]

A FERE Ry B R R A IR HEEE B R E A 2 - AR IR
HRERBEEF HFARN - EREE T B EE S ES R P B B
B AR EGRR A EE > DU RS E R BRI E PO A - AR5
PR AR EEE B EEHE RGN > AT LUE RO R HE T B KR GE SRR A
JEHIHEIRE - AW Feas R BRI (LNITR 2R A —2P H3H8 > DURCE ST aR(Label) LUK
5 2R (Feature) AAREC » AWIFEE Ry ] L — b E 5l 2 HO i > E5lE (R
AVECHTREELST - AT DGR A RE S AR B % L - MREA R BCE A K AT LUE AR
HHEEE b B ESEE R E RS B E R -

SR
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RS

AT BB S LT 2 I TR R - FERERE S PRt —h
RHER - BESETYEE 7 REERSOE - 280 T AR 98— e HEE S
k. RN © SEAE A ~ OKE ~ NELUERE  JREHIEE  BEEE RME . U LB RS
s B E T PR RV o (NSRS PR SR (MR e A -
T SR AEVE ST AT F¢ 2 B AT & 7 Ry DURFEUR S > DU DS R BB Y AT 1]~ DAY
R B SRR MR o 3R] o3 R Rr U E A B LU s E e 2 « AT 78 L PR AL Bl
D148 (Generative Adversarial Network , GAN) LAsE ¥ &AM 2 5 U5 A AE M EFEE R 2t
o FefPEy HAVIEREZ VRS T8 - S SR A s i B A AT 2
IR N B SRR I VAELRE IR an e SRR (AR B B ] U SR T TR

Abstract

In the recent past, deep learning techniques have reached record-breaking performance in a
wild variety of applications like automatic speech recognition (ASR). Even though cutting-

edge ASR systems evaluated on a few benchmark tasks have already reached human-like
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performance, they, in reality, are not robust, in the manner that humans are, to disparate types
of environmental noise such as babble, train, bus station, car driving, restaurant, and among
others. In view of this, this paper embarks on an effort to develop effective enhancement
methods, stemming from the so-called generative adversarial networks (GAN), for use in the
modulation domain of speech feature vector sequences. A series of experiments conducted on

the Aurora-4 database and task seem to demonstrate the practical merits of our methods.

B ¢ AERCHDUAERS ~ SRR RN 4 ~ SR SRRVl - SRR P

Keywords: Generative Adversarial Network, Speech Enhancement, Robustness Techniques,

Robust Speech Recognition

» S

fEHEhER S T (Automatic Speech Recognition, ASR ) IZEfE 1 Feff 5 I
AR B « NI - By TR R RS B LRI MRS - sRig i e b
s ) 54 JEE (R AR T 26 - I iy o il A B 8 M SRR S T R R Ay Ry R £l Ry 2 W (Feature-
Based) DL K A5 R Sy A B 2 5 7% (Model-Based) Wi f& = Fif & & B2 2 5 fl I B AL (Feature
Normalization) LA K580 i (Feature Enhancement) iy 5T © 178 R £ 2 EEE BES
AU b R T T B0 o PR AR RS SR /A A F o ey s SR

P25 H > B SRR Z SRR ] ARS8 i A 7R3 PR 2
T 575 A 2B S SERL AT HIRT SR AR R 2. 4Hz [T RS RER
&ER (1] TSR BRI 552 By SOCR » DRI 25 3R SRR IEAR (B AT FE It
MiZE [2] [3] [4] - fELL EWIFEGEIRGES - S s8R iR e E S R B T = S ] LIS 2
FESAF SR [5] 0 BAL TR BN - KIEEE IR - Bl ZEH
EEC#REL: T HEE RS S M iR i (Sparse Coding) ~ {KF & /R7A(Low Rank

Representation, LRR) %5 35 575k o

213



br T sEEREOERIL2 A SEE eSS 2574 (Speech Enhancement) /2 — 56 (i 14
J37E o BR o PR LBV AR IE B S S50 5] 2 R TP BIROR, » 55— 8B RIBR R B,
fla A4z T T HBRE S R D PIE A EE4RTEes (6] FAHNHIREE: T8 - (Rt
ZF5HIAPRET 48 (Generative Adversarial Networks, GAN) [7]t ] DA{E Ry E aflgfiil
w Y F-EE > H B B4 I A & IR D REAE Y 2 R o (M E ol A B4s - 8fE2R
Blaes AR BERE - B2 BRTCA S ST ER N E S @Mt L Z85
75 SEGAN(8] - Whispered-to-voiced GAN[9] ~ RSRGAN[10]1 F FSEGAN [11] - 34/
JEBR T A DU BUR PR NN A B i Time Domain) R {E0R14H2R 8 (Frequency Domain)
FHE - AHFERNENE B O DTAERE T A TS EIREE B A BWSEIRLS. - &S &3
SRR TR RUE » DUE B DU RS e EEARAIBCRT 2 RIS R A R IR E S R
FrovéH o PS80 A ple 4 pa PR AR SRR R 2 ] DAGE B ARy RH A S T
A2 HHEEEE]  (EMIRT 8 S PR -

Y /NEl |

Dl BB S R B R AR s M e flo - BAVEEN A R E G A 1B RS
Ho s ~ FFEUREME SRR E SR T 8 R R e B ARE S R - s

5234 7 (Speech Enhancement)$57fiy.2 H HYAE R #E 58 5 3R SR AY nl S MR a0 E > DAEAE R
SEERAE DL N o] DUEA a1 /R o] R A TaE 2 ek [12] - 8 B Ry & —
TREBAVESTE R TE - SENRI LR E TV T AL — » SEIRIN a5 RS HY 1949 1
AR B SEE R 44N (Norbert Wiener ) HYEEH [13] > TR R/ IME P4
a7 (Mean Square Error, MSE) & {Ef (£ b e B HY SR 4 e K 25 (Linear Filter) » tglEali £
SETE SR IRIT T a T RN S5 B S A L 2 RIS 7 3R 2 i IMED (B2 HEAIRE R
asVIZ ORES © fHITS 2 HEER (BRI R VRS R BV R Z TR E
Hallgh > ZEER DA AEARDFR > H s@ B2 WM E VRG> n@ (8
IIEYEER > @ AGRSRE s@F] n@HERATR 28 g@ BT RERE TR SRR EREE
x(1):
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x(t) = g(® = (s(®© + n(v), (1)

B » AE SO S 1% U5 B DUR 2 B - SR SR DUA
W Ash s MR 734 [14] [15] - BB (Direct Masking) [16] » 1R EBITTRAAL,
i By (P A 2 e S SRERY, - 408 34155 BEaSR I ERER AT A T

EAR:

()
Sep = fi0(Y, ¢, f) =/1§_5]2 dotY, f,

ANMEEEEETFHRRKERLE WL EEEE ARG 25 RS
FUHEGNIE R (Parametric Wiener Filter, PW)ARfE 5 (& HRE - PW {FEH|IfH g s { B2 2 B
iE W A A 2 R S E0EME [17] (18] [19] » PW HASHER AR A T

VeflP =1 INgsIP 3)

Yy r|P

= 20 (¥, 6 f) = | Y.y,

S JTE T SR A TR A BB -t R R
SR o F AT AR AR T L S e — BRI 297 » PR SR e
S 25 I PR A S LA B » S RS PO Pl A 3 (] D
FAPTAT BBy o DU S I (] AT 4 18 S B S5 B0 A At P B O % S e 7 2
(Reverberation) » {12 (75 ZA S 5% (A SEH B A ST 4B L R R SRR AT B A
R -

R IR (A 4 R (Regression Neural Network)f# / F 24545 [20] B SLERHEZF
sa ) BE A HY 8323 (Log-Power Spectrum, LPS) & {Ei#0 I LAFNI SR & B2 1A -
W — AR R 2 B[R B R RHE AR - R A NS 58 1) 0y R o DAy HH 0 2
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R PRI RiaRz et RS R D BRIV E KRG - wie] ISR
RAVEESR) » [21]Z W53 RE S R LPS B E] MFCC - u] DU E— P a5
WrRERGEIR > FRIEEPR SR n] DGR BB Rl T o] PSR A [R R . el A S R 5

RIS 2 AR DU F A AR i (B (H R A R AR U2 S S T 2
ATRIHVE i PR TR B RGEt R e SR — DRV EE sl an B 4 (Perceptual Evaluation
of Speech Quality, PESQ)= /25 & Hrafk&h AR 2 al$h =2 (Word Error Rate, WER%).Z 4} >
HAHENGRAVFIR LR > ARy i A RIS NSRS A e S
KRATHT - BE - AL RIS T 3125 (Discriminator) AR (& — (B8 2214 -
A AR A AR RIS R B A AR s - RIS/ Nl R —adies & (RSl e > FsE iy
SR H BT ARSI SR > WA DAE R 2RISR -

=~ AR DA RS E ARG R M

AHFE T B AR E D14 rE (Generative Adversarial Network, GAN)4E & F6 S FHEE Rz
EITREE Y R - 045 S B BEE S Pk (Automatic Speech Recognition, ASR)F 5
RERCIE R (R MEFRIR 2~ B o AETRFS AR ZEE I 4= e S A R i B A T TR

2A
o ©

A BT8R e AT LUR D RIS A TSR SRR R — R A
Rt BB AR B TR WA A T TE, B TEES -
FEAllGARE T - FERAEEELE - MEERFEREER  EWELXTETRZ
& I FERA T FREREENASE - MEE A D e E - SR RMEYE
(Y - Bt B AR AT DIE R A e (G) Bl I 23 (D)E I T i R Bl ME Y
[&(Minimax-Game) » ABFFEEEH LSGAN sy /7#9#R 55 2 (Mean Square Error, MSE) & {E

FRRNE - RS T MR R G B2 D SRkl [RIHEEEAG H AR ek BT DA
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_ V(D,G) = Exep g, logD (x)]
min max R
G D +IE9?~P2(9?).Z~Pz(Z) [log (1 — D(G(x + Z)))] ,

4)

FAMH x Tz FIEEE A (Clean Condition) » A2 RN E R A (Noisy/Multi
Condition) - FiZ#E z &4l Latent Vector » fFE A7 0 2 1 2 FAIBEHGERR - 5l
SR A D - PE A a s A G (R 1T e At 0 Bl & R B s M HHEE Y
HZVPIEA o

— {5 R Y A Rl IS Z Bl R0 BR R Loy B — (P& B (131 %R 5! 255055
HE B Q)G A wswtamk 42 i ds A B BBEA Q) ENE S il e I 2 B > [EIF BR A2 ok
ea S BRI E AR -

Update: Back Propagation

1o A= RS PLAiEs -5 i |25l - 1

R8-S $E 5 B
Generator H  Discriminator

Update Back Propagatlon

2: AP A - i nl -2
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: £ R 3 R B _
| Generator Discriminator [

Update: Back Propagation

B 3: R R RS - e ok

B b5 GAN 36477 3 R Hom RE B B A A 4 AT 9 b R R 2
Fo MR R R [E14588 » >R CAGAN LUK DNN-LSGAN » i3 B LA A%
B4R T%25(Convolution Auto Encoder, CAE){F £ B 281 T TEAEHE » 1% HIIER FH 487
DNN {F Py BRI 65 » LU ARG 4 - BOBED S TSN, E B4RAE 25 (Auto
Encoder, AE)S GAN &4 1THTZE(29]122] » M1 IR R4EER £ ONN {ESHEIRRI-SEREs
FUERIBR AL TIEEAE DNN SV SRR « ML SR i A+ 1AL
TR - R I S A IS AR I
i BRI 28 8 TSR 732 -

FEOH RIS RUE R R B E R iy = [ 5 B4R 525 (Denoise Autoencoder,
DAE)ELFETR H 84525 (Convolutional Autoencoder, CAE)BIRA R A = AT LA A4
AR FAE Bk W R LR ZHEHVE R » AT 7 A R 7 7A L — e
FIf RS - CAGAN Z A plias st/2 LU 788 B ghimtihas 451 -
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Enhanced Feature
-]

( Convolution L/2 | Enhanced Features
( Convolution L/4 )

( Convolution L/8 )

Convolution L/32
. Dense Layer*650
( Convolution L/8 ]

*
( Convolution L/4 ) Dense Layer*650
( Convolution L/2 )

4: CAGAN-ZE [ S84 1 5: DNN-LSGAN-4E i g845 %

|

Dense Layer*650

Dense Layer*650

Dense Layer*650

Dense Layer*650

il

|

HAPIH1EE B Bhdmbihas 7] LLoy AR b S B A AR RIS EE i A0 o7 - FEAmBEIEES - &%
FERETIN » F ARG F 8] (Feature Map) K/ N » MAEEF—KFERE RLHE 7ML
{E(Max Pooling) - HHYFEF A REHVRFEAE MR HIB O A D RH RS H > (2 E
ISR - FERENGIE FY - HLabte o] LA Rl i /K P S R B RBR % ME— A [E) e
FEFR MBS B A E7A (Max Pooling) » FFIERE—THERUER 2 (& 2R FH FCAUEE A (Up-
Sampling) - &4 RE 28 [ PR A R DARHET TR G8RE S el 5 - 0l SR P R e
BinBiles o AR TE Rl AR} - HAEREIE 4 Aos -

Result: Valid/Fake %
( Dense (1) )

( Flatten ) Dense Layer*256

( Convolution 256*256 )

Dense Layer*256

H

6: CAGAN 7§55 7: DNN-LSGAN  $& Hllz8

BEAh - BEEEEEE AL 2R DNN F2d 2 B - NIbthHAH Ll DNN
&t LSGAN RyBLbfy DNN-LSGAN f{E Rysf@ it 77A L — » Ky T RECERE - FM
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FEEETERUE R UL 7S 1% DNN @R Ry B BT S B AL pleas(G) - 4] S
A _E I (8 AR AT DTAs o > Beff o BEHCA RIS Res(E M - 406 6 K& 7 For -

V0~ BB BT S

AWFEER ] Aurora-4 {F Ry B EpaBRHE - Usk 7 FE /Rt H #(Wall Street Journal, WSJ) 2 B
Y 0 WHEE-5dB £+15dB AY5EEN - fS1T S 2 Aurora-4 & DIFER iy H R AR =
AGH0-E 6 AR EITEEE AR E 2RAHEHY - & —E P Taka T F AR e S5 5 s i Rl 5e
HYEERHE - Hf & 8KHz B1 16KHz Ry feE & #H UK 22 G B BRI e i 28 e il 8% i
(Sennheiser, Secondary-Mic) o HFI| SR ERHEET] 57 B fieE a1 (Clean-Condition) » F1Z15%
5RO & (Multi-Condition) ife - HIEAEEANEEHY 6 TR - /o hlEE 330 (E3% -
HAESEA T : NE#(Babble) ~ 7S Hi(Car) ~ 355(Airport) ~ X Hi(Train) ~ i (Street) ~ 52
(Restaurant) - 55— J7Td] » KEREAEE S £y A~ B~ C~ D IUfEFE& - HEFdl/r4ga02=: 1 At
7 EANARBFEIIER A 16Khz {F R HURS  SEE R 2 FFTER A 13 4 MFCC - &2
ELERIEL 7y BAFTER A S J2 TDNN-F 4858 - 5—J& 650 4 - WRHMSREaefy 128 4 Il

zlll4k 8 & epoch -

Z%: 1 Aurorad f§7p

ENgEES 8kHz/16kHz
e E A WSJ 5000 5]
RE %) 15 /NI > A4y 5~12 Fhg
SR E R} Clean:7138 {fE[gE4] Multi:7137 {HZES
AR A 4H:330 (s A

B 4:1980 (384 » . N EREI
C 4: ZimBRIET B 330 (BAEHERTIEE
D 4H: @ EaE TR 1980 (B E S HENAE
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x: 2 BhGER

Clean Condition Training (WER%)

A B C D AVG

MFCC+TDNN-F 3.61 | 41.96 | 33.18 | 60.01 | 34.69

WAV+
4.15 | 35.20 | 40.84 | 55.28 | 33.86
SEGAN+TDNN-F

Modulation Spectrum
10.29 | 34.11 | 23.03 | 47.48 | 28.73
+LSGAN+TDNN-F

Modulation Spectrum
6.91 | 30.17 | 20.08 | 42.46 | 24.95
+CAGAN-+TDNN-F

AT FE PER AL S AR AT DTAER 7 A E R S (R R UR » LKA FER%
s YL ERAE & A2 A DA B ah 2 SRS 2 A HE P I o (e e USE 2 ey 7 0% © IES1 > H
Y TDNN-F Fyffr ey 20 HER T B 5 I EaHAVShRE Z 4 > RSB I 1
IIRFE R A NEERR o (ERAGEAE A GGk - NIEEEFIEL TDNN-F U5 HerE Ry

ASR %47

(e 2 1 AT LAE HA I AR B DTaes H BB I I B AR 450704 -
BN SRR (B R RS SR S R B B AR < B P E P e e R &
WA RATAEA BB T — AEEIRE R - (B2 LT AR E o] DR B A SEEsEny
R+ NiEE ASR ZREGEBIATR « ATLE ASR o TSI R BT
R BEEEARER - INEAISE 2 CAGAN Bl DNN-LSGAN - H[I£fH MFCC F##
AR R SRR R L U v 2 SR AR - 1] 2R B i h A S D AR M TR
B e i SR LR B SRR L (RIS E S 2R B HTaa T GAN BRI 4EES
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Gt (EES IR MAVER A BRI - R ERES IS S (Fanm @Mty > (EAT
FeZ AR SRR TRE A EEERCR -

MFCC
opael® b * dean
407 .-..3?" “s . 1.:'-'_:'_'.-.&5};' «  noisy
A e T S
. sap Cot "."::--‘i':' R TR, A Yok
v 1Y ] :.e - -.! e . N .
o v, Y q.,'q' (:‘3':'{ e e Lo & - _‘] 5‘,-3 r
‘l' Y] : -:.‘;’.i\\'.??\";."!‘,. r.- .‘-.‘a “0 %-
£ARY Y iR, B ln
0 AVE . 3, 3 oA T TSRS L
ok B ST T et M A
» O.;:. . . B '-."-5' . r.- X ‘.?'-..
. Lo 2V - ":,.n-.:;.:!:' _:.-"___.,:"_ ~ ,"“‘ a.}.:,\_;.;_\
* “u""J. R A R S ﬁ.f.},';._ T T
r b -'.' '-f"o‘ _.’? rd Lo
o, TR, H meaNe"
—-40 f!' ):‘{f_f,:é-zd;ﬁ.f ® < v
oy “‘- .
—éO —ZILO —IZO 0 2‘0 40 60

8: MFCC 5o il

4638 T-SNE [B4E1% > IR ST B 25— FH_E - T {ER S - IR
RALTT ARG 5w MFCC 2R LU SR M R flapa PR 1% 2 72 52 - G205iaE ) Bl
AT HERR )2 MFCC pAfE40E 8 Aivr > FHILFT UG e TR AR 3B
(EGRPaRiTEST

MFCC

-60 -40 -20 [} 20 a0 60

9: DNN-LSGAN j&E#{% > MFCC 474 10: CAGAN jEEE{% 2 MFCC 370

FHfE]:9 BfiE: 10 TR DABZ H— 23R 5 > &4 BT DA S IR HRE AR UK

e HIEREE T 2R TR AR (BB FRE AR T A RS SR B B -
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AR > {H/24L4E DNN-LSGAN £ CAGAN P& 2 R A B peir 2 455 1)

TIAHEEES > DA EIRSR AR S U ERE E PSSR L -

I~ 45

[ EHH

AT R SR EE T RRA RSN > AR Aurora-4 SERHEMUR BEERENE » FPALE
WEHE B ORI R A S DUAiRS 7 A Y E EeE A R - R R

DI 2 BEEE R EEE R R b - At AP S (EARS - HHE SRR e T oeill
EER I SR R AR SR O P A B 2 BRI 2 575 BT s 5 MR B
B o BEAN > AR DTAERS B — A b o] LB EhE 1 AR Rl BB S > DI 23 A
FERAG i B B R B L R R e o - R 2R [RI VR (8 7 BE AR S ARaR 2 &2
{RIRER R E R 2 R/ - AW LIS BIRGES > SR ERCHD TR (F R TiRE S
SR (e PR © ARITSE T2 8 A A R 4 S AR B IR AR 2 57 » 7€ CAGAN E2 DNN-
LSGAN HyE &g » HIR AL ISR e R a0 s 7 A LLRE M 2/ B RE S A 2%
TS PR ATRER - B4 MFCC PRI ZE 2 J775 1] 73 IR 5.96( WER%)Ed

9.74( WER%) ©

RAATELIR TR EARRE 25N PR LSRR RE TR BUR S S AR (M T VAt RE A
FWEFE 2 — o [EFN > B AHITSE £ BRG] DR R B O R i (I 5 7R D £ DA
T R BB SRR VRl © ARACH F PR ERHE 584 (Data Augmentation) F 2 I/ 6
RS BT LUK BE SRR B, » (58 A 2 55l 05 =N ISR B2 AR A > (AR R
RUa] DUER BB AR R SR EER - ] UK (G SR EDAEAYER S A UCAC T RE > fEiT
KNESETTE S HEHCSR © INIE - RAFEA BB AR - #E2MER AR BREE
NEEELER - ([BEMEEERGE TR D > T ] DURS s B E R 53R
PRRIER 774 B sETRE A B 228t > T HREET R E R EHHEE -
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Abstract

In this study, we focus on the issue of noise distortion in speech signals, and develop two novel
unsupervised speech enhancement algorithms including temporal lowpass filtering (TLP) and
relative-to-maximum masking (RMM). Both of these two algorithms are conducted on the
magnitude spectrogram of speech signals. TLP uses a simple moving-average filter to
emphasize the low modulation frequencies of speech signals, which are believed to contain
richer linguistic information and exhibit higher signal-to-noise ratios (SNR). Comparatively,
in RMM we apply a mask that is directly multiplied with the speech spectrogram in a point-
wise manner, and the used masking value is directly proportional to the magnitude of each
temporal-frequency (T-F) point in the spectrogram. The preliminary experiments conducted on
a subset of TIMIT database show that the two novel methods can promote the quality of noise-
corrupted speech signals significantly, and both of them can be integrated with a well-known
supervised speech enhancement scenario, namely fully convolutional network, to achieve even
better perceptual speech quality values.

Keywords: temporal lowpass filtering, relative-to-maximum masking, moving-average filter,
speech enhancement

1. Introduction
Nowadays the technologies of communication have been developed quite quickly and they

have changed and influenced our life a lot. In particular, speech communication such as speech
signal transmission and reception through a wired or a wireless network, has been a widespread
use in our daily life [1-2]. Therefore, high speech quality and intelligibility during
communication gradually becomes a prerequisite.

However, in the transmission environment of speech signals, there exist lots of distortions,
such as additive noise, channel mismatch and reverberation, which inevitably decrease the
speech signal quality/intelligibility seriously. To overcome these distortions in speech
communication, a lot of researchers in recent decades have been devoted to developing speech
enhancement (SE) techniques. These SE algorithms can be classified based on whether a

learning/training process is involved. For example, if the noise statistics in spectral-subtractive
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SE algorithms [3-6] and the basis of the clean signal subspace in subspace SE algorithms [7-9]
are learned via a training set with explicit labels, then the corresponding SE methods are
supervised. Comparatively, in the unsupervised methods, such as spectral subtraction (SS) [10],
Wiener filtering [11], short-time spectral amplitude (STSA) estimation [12] and short-time log-
spectral amplitude estimation (logSTSA) [13], does not employ prior information about speech

and/or noise.

In this study, we develop two novel learning-free SE methods. One is called temporal low-
pass filtering (TLF) and the other is relative-to-maximum masking (RMM). Briefly speaking,
TLF borrows the idea of Mod-WD [14], a learning-free SE method, while it can be
implemented significantly more simply than Mod-WD, and the mask used in RMM is totally
data-driven, viz. it is determined by the signal being processed and has nothing to do with a
training set. We then examine the SE capability of the presented novel methods, and see if they
are additive to an advanced SE framework based on a deep learning-based fully convolutional

network (FCN) [15] to provide even better speech quality for noise-distorted speech signals.

The remainder of this paper is organized as follows: Section 2 presents the details of two
novel SE methods, TLF and RMM. The experimental setup is given in Section 3, and Section
4 exhibits the experimental results together with their discussions. Finally, a concluding remark

is provided in Section 5.

2. The presented novel SE methods

In this section, we present two novel speech enhancement methods, which are named temporal
lowpass filtering (TLF) and relative-to-maximum masking (RMM), respectively. Both of these
two methods modify the input utterances in the spectro-temporal (spectrogramic) domain, and

they do not require a learning (training) procedure.
2.1 Temporal lowpass filtering

It has been revealed that the important information helpful for human intelligibility and
automatic recognition is mainly dwelled in the relatively low-varying components of a speech
temporal stream [16-18]. Thus some well-known speech enhancement and noise-robust feature
extraction algorithms are developed via emphasizing/diminishing the low/high modulation
frequency components of frame-wise speech feature time series. The ModWD algorithm
discussed in the previous section follows this trend and factorizes the spectrogram of a noisy

signal and then decrease the resulting detail (high half modulation-frequency) part.
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Experimental results have revealed that ModWD can moderately improve the speech quality
and it can be also well additive to some well-known SE method.

Partially inspired by the aforementioned concept, in this study we present using a simple
moving-average filter to process the time series of the spectrogram of noise-corrupted
utterances. The presented scheme is analogous to ModWD in emphasizing the low-varying
component of the acoustic spectra along the temporal axis.

The block diagram of TLF is shown in Figure 3.1, which consists of the following three steps:

Step 1: Create the spectrogram {X[m,k[,0 <m <M —1,0 <k < K — 1} for a given time-
domain signal x[n], where m and k are respectively the indices of frame and acoustic
frequency, and M and K are the total numbers of frames and acoustic frequency points,

respectively.

Step 2: Pass the magnitude spectral sequence {|X[m,k]|,0 <m <M — 1} for each acoustic
frequency (with index k) through a length-L moving-average filter. The resulting new

magnitude sequence is:
|R[m, k]| == ¥5231X[m — £,k]], (3.1),

where |X [m, k]| is the updated magnitude spectral sequence.
Step 3: Construct the new time-domain signal X[n] by applying the inverse STFT to the
updated spectrogram, which consists of the new magnitude spectrogram {|X [m, k] |} and the

original phase spectrogram {£X[m, k]}.

original signal
x[n]

original magnitude updated magnitude
STFT spectrogram fpectrogram
X[, ]| e | %m k]|
X[m, k] — ’
original — Oy [m, k]
spectrogram

original phase Inverse o
spectrogram STET Z[n]

updated signal

Figure 3.1: The block diagram of TLF.

Since this new method applies a simple lowpass filter (i.e., the moving-average filter) along
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the temporal domain of the spectrogram, it is named as temporal lowpass filtering with a short-

hand notation "TLF". Some major underlying characteristics of this new method TLF are stated

as follows:

1. The used moving-average filter is to emphasize the relatively low modulation frequency
portion of the acoustic (magnitude) spectral time series, which is believed to contain
helpful linguistic information and be more energy concentrated with a higher signal-to-
noise ratio (SNR) compared to the high modulation portion.

2. The greater the length of the employed moving-average filter, the smoother the resulting
magnitude spectral curve. However, the filter length needs to be carefully determined in
order to diminish the possibly harmful high-frequency part while avoid over-smoothness
that ruins the low-varying part.

3. Incomparison with the method ModWD that uses DWT and inverse DWT (which consists
of at least four filtering processes together with down-sampling and up-sampling), this

new approach just applies a filter and is thus simpler in implementation.
2.2 Relative-to-maximum masking

The speech enhancement methods based on time-frequency (T-F) masking have received much
attention in the recent decade partially due to its simplicity in computation as well as high
capability in segregation speech signals from noise. Among these mask-wise SE methods, a
general ideal binary mask (IBM) [19,20] method uses a zero-one masking matrix performing
on the spectrogram such that the instantaneous T-F unit for the spectrogram is kept unchanged
if it is greater than a threshold that depends on a local SNR criterion (LC), and is set to zero
otherwise. By contrast, the method of ideal ratio mask (IRM) [21] applies a soft mask for each
instantaneous T-F unit, with the RMM value within the range of zero and one which somewhat
reflects the probability of the T-F unit to be speech-wise.

In both methods of IBM and IRM, a key procedure is to estimate the instantaneous signal-to-
noise ratio (SNR) of the processed signal. Furthermore, in the recent studies a deep neural work
(DNN)-based scenario is used to learn the mask coefficients in IBM and IRM, which inevitably
requires a training data set, which contains a great number of noisy-clean signal pairs.
Partially motivated by the ideas of IBM and IRM, in this study we propose a novel RMM
scheme which aims to enhance the spectrogram of noise-corrupted utterances. This novel
RMM scheme requires no SNR estimation, nor a training stage. The used mask coefficients are
totally determined by the utterance being processed. The block diagram of RMM is shown in
Figure 3.2, which consists of the following three steps:

Step 1: Create the spectrogram {X[m,k[,0 <m <M —1,0 <k < K — 1} for a given time-

domain signal x[n], where m and k are respectively the indices of frame and acoustic
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frequency, and M and K are the total numbers of frames and acoustic frequency points,

respectively.
Step 2: Compute the RMM coefficients by

|X [,k
maxmy {|X[mk]l} ’

Sie = 0<SmM<M-10<k<K-1, (3.2)

where S, is the mask value that will apply to the magnitude spectrogram |X[m, k]| at the
mt time frame and k™ acoustic frequency bins. From Eq. (3.2), we see that the mask value
is simply the ratio of the instantaneous T-F magnitude to the maximum T-F magnitude over the
whole spectrogram of the utterance. Thereafter, the new magnitude spectrogram is determined
by

|X[m, k]| = SpiX[m, k]|, 0<mM<M-10<k<K-1. (3.3),

Step 3: Construct the new time-domain signal X[n] by applying the inverse STFT to the
updated spectrogram, which consists of the new magnitude spectrogram {|X [m, k] |} and the
original phase spectrogram {£X[m, k]}.

original signal
x[n]

original magnitude updated magnitude
STFT spectrogram Aspectrogram
— | XM, k]| ——— —_—|Xm, k]|
X[m, k] — ’
original — Oy [m, k]
spectrogram

original phase Inverse
spectrogram STFT K g x[n]

updated signal

Figure 3.2: The block diagram of RMM.

The new RMM algorithm stated above is termed relative-to-maximum masking, abbreviated
by RMM, since the RMM value for each T-F entity is determined by Eq. (3.2). The origin of
RMM is a quite simple and naive idea: a larger magnitude entity in the spectrogram often comes
with a high signal-to-noise (SNR) ratio, and it deserves a higher confidence score which is
reflected by a larger RMM value. Compared with the other two types of RMM methods, IBM
and IRM, RMM does not require noise estimation, nor a supervised/unsupervised learning
stage to determine the applied mask. The used mask in RMM is completely data-driven, viz. it

totally depends on the test utterance being processed at the present.
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3. Experimental setup

As for our evaluation experiments, we use a subset of the TIMIT database [22] to prepare
the test set for all SE methods and the training set for the method FCN. TIMIT contains
American English utterances produced by 630 speakers. From TIMIT we select 700 utterances
pronounced by male speakers and recorded at a sampling rate of 16 Hz. Among these selected
700 utterances, 600 utterances are used to be the training set, while the remaining 100
utterances serve as the test set.

Next, all of the utterances in the training and test sets are manually corrupted by additive noise
at various signal-to-noise ratios (SNRs). The numbers of noise types that corrupt the training

set and test set are 5 and 3, respectively.

Four speech enhancement (SE) methods, including fully convolutional network (FCN),

modulation-domain wavelet denoising (ModWD), temporal lowpass filtering (TLP) and

relative-to-maximum masking (RMM), will be evaluated here. As for these four SE methods,

FCN is the only one supervised learning method, which requires the training set to learn the

associated network parameters. Some important setup factors about the used FCN here are as

follows:

1. The FCN model consists of eight convolutional layers with padding, each layer containing
filters each with a filter size of 11.

2. The activation function of for each layer output is parametric rectified linear units
(PReLUs).

3. The FCN model parameters are trained using Adam optimization algorithm, in which batch
normalization is applied so as to minimize the mean square error between the output of the

final layer and desired clean time-domain utterance.

Regarding the other three SE methods, ModWD, TLF and RMM, which mainly process the

magnitude spectrogram of each test utterance, the general arrangements are listed below:

1. Each test utterance is split into overlapped frames. The frame duration and frame shift are
set to be 64 ms and 10 ms, respectively, and thus the frame rate is 100 Hz, which covers
the modulation frequency range [0, 50 Hz] for the analyzed speech feature streams.

A Hamming window is then applied to each frame signal.

3. The size of the discrete Fourier transform applied to each frame signal is 512, and thus
the first 257 frequency bins of the resulting spectrum are used.

4.  The biorthogonal 3.7 wavelet basis is used for the DWT and inverse DWT of ModWD.
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5. The length of the moving-average filter in TLF is set to 2, with the purpose to cover the
modulation frequencies 0-25 Hz approximately, which is highly correlated with linguistic
information.

6. Unless otherwise specified, in the RMM method the mask derived with the original or the
enhanced test utterance is always applied to the spectrogram of the original (unprocessed)

version of the test utterance.

Finally, to evaluate the denoising capability of the aforementioned four SE methods, we employ
the well-known objective measure metric, perceptual estimation of speech quality (PESQ) [23],
which ranks the level of enhancement for the processed utterances relative to the original noise-
free ones. PESQ indicates the quality difference between the enhanced and clean speech signals,
and it ranges from -0.5 to 4.5. A higher PESQ score implies that the tested utterance is closer

to its clean counterpart.

4. Experimental results and discussions

4.1Each single SE method

At the outset, we would like to investigate the SE behavior for any individual of the SE
methods, which include fully convolutional network (FCN), temporal lowpass filtering (TLP),
modulation-domain wavelet denoising (Mod-WD) and relative-to-maximum masking (RMM).
Tables 4.1 list the PESQ scores obtained from the baseline and these SE methods with
averaging three noisy cases "Engine", "White" and "Crowd". From this tables, we have the

following observations:

1. The PESQ score degrades as the signal-to-noise ratio (SNR) of the environment becomes
worse, and thus it is believed to be a good metric to reflect the quality of speech utterances.
2. About the cases of the SNR greater than -6 dB for the three noise types, FCN performs the
best, closely followed by RMM, and then TLF and ModWD. Notably, as for the two low-
pass filtering methods, TLF behaves moderately better than ModWD while it can be
implemented in a simpler manner. As mentioned earlier, TLF just uses a moving-average
filter, while ModWD requires a DWT-IDWT procedure, which involves both filtering,

down-sampling and up-sampling.
To briefly conclude, FCN gives better PESQ scores than the other three methods at moderate

noise levels, RMM works quite well for almost all SNR cases, while ModWD and TLF give

rise to relatively slight improvement. Since these SE methods are developed along different
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directions, it is natural to assume that the combination of two or three of them might cause

further improvement relative to each component method. This part will be examined in the

subsequent two sub-sections.

Finally, we evaluate different SE methods in the domain of magnitude spectrogram. A speech

signal corrupted by engine noise at 0 dB SNR is individually processed by any of these SE

methods, and the corresponding magnitude spectrograms are shown in Figure 4.1. From this

figure, it is clear that FCN brings an optimal denoising performance compared with the other

methods. The novel presented RMM behaves also quite well, but it seems to over-eliminate the

portion of high acoustic frequencies partially because these frequencies possess significantly

low energy and cause low masking values.

Table 4.1: The PESQ scores obtained from the baseline, and any of four SE methods as for

the utterances in the three noise environments "Engine", ""White'" and ""Crowd".

time(s)

(d) ModWD

2
time(s)

(e) TLF

time(s)
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SNR Baseline FCN ModWD TLF RMM
-15dB 1.017 0.989* 1.035 1.035 1.122
-12dB 1.078 1.076* 1.087 1.087 1.228
-6dB 1.283 1.504 1.302 1.310 1.600
0dB 1.592 2.024 1.611 1.623 1.976
6dB 1.973 2.494 1.992 2.005 2.388
12dB 2.391 2.855 2.407 2.423 2.737
18dB 2.811 3.145 2.819 2.838 2.943
(a) clean (b) noisy

(¢) FCN

time(s)

() RMM

time(s)



Figure 4.1: The magnitude spectrograms of (a) a clean-noise free signal x (b) the noisy
counterpart, X, of x, which contains 0-dB engine noise, (c¢) the FCN-enhanced version of X,
(d) the ModWD-enhanced version of X, (e) the TLF-enhanced version of X, (f) the RMM-

enhanced version of ¥

4.2 The pairing of two SE methods

As mentioned before, almost any of the used four SE methods (FCN, ModWD, TLF and
RMM) can enhance the distorted utterances, while the SNR cases for each method to work best
are different. In addition, these SE methods might process different parts of the distorted
utterances with different goals in speech enhancement. For example, FCN directly minimizes
the discrepancy of the noisy speech and its clean counterpart in the training set, ModWD and
TLF alleviates the high modulation frequency portions in noisy speech, and TLF emphasizes
the high-energy temporal-spectral bins. With this in mind, we would like to investigate whether

the cascade of two or three of these SE methods can behave better than each constituent method.

First of all, the cascade of FCN and either of ModWD and TLF is evaluated, in which the
test utterances at the three noise conditions are first processed by FCN, and the resulting
spectrogram is lowpass filtered by ModWD or TLF. The corresponding PESQ scores are listed
in Tables 4.2 and 4.3. From these two tables, we find that both combinations, "FCN plus
ModWD" and "FCN plus TLF", give rise to even better results than each component method
at almost all SNR cases (except 18 dB for FCN plus ModWD). The amount of PESQ
improvement is more significant at lower SNRs. In addition, "FCN plus TLF" outperforms
"FCN plus ModWD", which further reveals the advantage of TLF over ModWD, since TLF

behaves better with a lower computational cost.

Table 4.2: The PESQ scores obtained from the baseline, FCN, ModWD and the pairing of
FCN and ModWD as for the utterances in the three noise environments "Engine", ""White"
and "Crowd".

SNR Baseline FCN ModWD FCN+ModWD
-15dB 1.017 0.989%* 1.035 1.126
-12dB 1.078 1.076* 1.087 1.216
-6dB 1.283 1.504 1.302 1.629
0dB 1.592 2.024 1.611 2.116
6dB 1.973 2.494 1.992 2.539
12dB 2.391 2.855 2.407 2.856
18dB 2.811 3.145 2.819 3.112
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Table 4.3: The PESQ scores obtained from the baseline, FCN, TLF and the pairing of FCN
and TLF as for the utterances in the three noise environments "Engine", '""White" and
"Crowd".

SNR Baseline FCN TLF FCN+TLF
-15dB 1.017 0.989* 1.035 1.159
-12dB 1.078 1.076* 1.087 1.263
-6dB 1.283 1.504 1.310 1.672
0dB 1.592 2.024 1.623 2.144
6dB 1.973 2.494 2.005 2.559
12dB 2.391 2.855 2.423 2.888
18dB 2.811 3.145 2.838 3.149

Next, we examine the integration of RMM with the other three methods. The mask used in
RMM is created by any of FCN-, ModWD- and TLF-preprocessed test utterances, which is

then applied to the "original" (unprocessed) test utterance counterpart. The respective PESQ

results are shown in Tables 4.4, 4.5 and 4.6. From the three tables and figure we have several

findings listed below:

1. As for the method "FCN plus RMM", it performs better than FCN and RMM at low SNRs,
-15 dB, -6 dB and 0 dB, while it gets worse with the increase of the SNR. One possible

reason for the performance degradation at higher SNRs is the phase mismatch in the

complex-valued spectrograms of the original and FCN-processed utterances. As we know,

FCN updates a test utterance in the time domain, and thus changes both the magnitude and

phase parts of the respective spectrogram. However, only the FCN-processed magnitude

part is used to create the mask in RMM, which is applied to the original magnitude part.

Accordingly, the FCN-processed phase part is discarded in the whole process.

2. Regarding the two combinative methods "ModWD plus RMM" and "TLF plus RMM", the
associated PESQ scores are always much higher than the single ModWD and TLF,

indicating that for the original noisy spectrogram, the masking operation (with spectrogram

masks created by ModWD- and TLF-processed signals) are more effective than the
operations of ModWD and TLF. In addition, "ModWD plus RMM" and "TLF plus RMM"
outperforms RMM for the SNRs less than 18 dB. At a high SNR as 18 dB, the Mod-
WD/TLF-wise masks might over-smooth the spectrogram, and thus are less helpful than

the mask created by the nearly clean signal.
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Table 4.4: The PESQ scores obtained from the baseline, FCN, RMM and the pairing of FCN

and RMM as for the utterances in the three noise environments "Engine', '""White'" and

"Crowd".

SNR Baseline FCN RMM FCN+RMM
-15dB 1.017 0.989%* 1.122 1.039
-12dB 1.078 1.076* 1.228 1.190
-6dB 1.283 1.504 1.600 1.718
0dB 1.592 2.024 1.976 2.118
6dB 1.973 2.494 2.388 2.390
12dB 2.391 2.855 2.737 2.566
18dB 2.811 3.145 2.943 2.719%

Table 4.5: The PESQ scores obtained from the baseline, ModWD, RMM and the pairing of
ModWD and RMM as for the utterances in the three noise environments "Engine", '""White"
and "Crowd".

SNR Baseline ModWD RMM ModWD+RMM
-15dB 1.017 1.035 1.122 1.140
-12dB 1.078 1.087 1.228 1.252
-6dB 1.283 1.302 1.600 1.615

0dB 1.592 1.611 1.976 1.998

6dB 1.973 1.992 2.388 2.403
12dB 2.391 2.407 2.737 2.741
18dB 2.811 2.819 2.943 2.926

Table 4.6: The PESQ scores obtained from the baseline, TLF, RMM and the pairing of TLF and

RMM as for the utterances in the three noise environments "Engine", "White" and "Crowd".

SNR Baseline TLF RMM TLF+RMM
-15dB 1.017 1.035 1.122 1.132
-12dB 1.078 1.087 1.228 1.257
-6dB 1.283 1.302 1.600 1.628
0dB 1.592 1.611 1.976 2.012
6dB 1.973 1.992 2.388 2.416
12dB 2.391 2.407 2.737 2.755
18dB 2.811 2.819 2.943 2.939
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Finally, the results for all combinative methods are summarized in Table 4.7 and Figure 4.2.
From these results, we find that the method "FCN plus TLF" behaves the best, except for the
case of -6 dB-SNR, showing that a simple lowpass filtering is quite additive to FCN to alleviate
the noise effect. Comparatively, the two well-behaved methods, FCN and RMM, do not

necessarily exhibit the most complementary effect.

Table 4.7: The PESQ scores obtained from several combinative methods as for the utterances

in the three noise environments ""Engine", ""White'" and "Crowd".

SNR | FCN+ModWD FCN+TLF FCN+RMM | ModWD+RMM | TLF+RMM

-15dB 1.126 1.159 1.039 1.140 1.132

-12dB 1.216 1.263 1.190 1.252 1.257
-6dB 1.629 1.672 1.718 1.615 1.628
0dB 2.116 2.144 2.118 1.998 2.012
6dB 2.539 2.559 2.390 2.403 2.416
12dB 2.856 2.888 2.566 2.741 2.755
18dB 3.112 3.149 2.719 2.926 2.939

(a) clean (b) noisy

time(s) time(s)
(¢) FCN+ModWD (d) FCN+TLF

8000 grren

7000 i §

time(s)

time(s)

Figure 4.2: The magnitude spectrograms of (a) a clean-noise free signal x (b) the noisy
counterpart, X, of x, which contains 0-dB engine noise, (c) the FCN-plus-ModWD-
enhanced version of X, (d) the FCN-plus-TLF-enhanced version of X

Figure 4.2 shows the magnitude spectrograms for the clean and noisy signals, plus the signals
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processed by two combinative methods, "FCN+ModWD" and "FCN+TLF", which have been
revealed to promote the PESQ scores apparently. From this figure, we reconfirm that these two
combinative methods can reduce the noise effect a lot in the distorted signal and thus bring the

recovery of the embedded clean noise-free part.

4.3 The integration of three SE methods

Following the trend in the previous two sub-sections, here we would like to investigate what
happens if we use the concatenation of three SE methods to process the test utterances. For
simplicity, we use two forms of concatenation: one is FCN followed by ModWD and RMM in
turn, denoted by "FCN+ModWD+RMM", and the other is FCN followed by TLF and RMM
successively, denoted by "FCN+TLF+RMM". Therefore, these two forms differ in the used
lowpass processing method at the median stage. The corresponding PESQ scores are listed in

Tables 4.11and 4.12. For the ease of comparison, the results of FCN, FCN plus ModWD/TLF,

and ModWD/TLF plus RMM are also listed in these tables. According to the results, we have

two findings:

1. The two forms of three-method concatenation outperform the single FCN and the other
two-method concatenations at the SNRs of -12 dB, -6 dB and 0 dB. When the SNR becomes
higher, adding RMM at the final stage fails to increase the PESQ scores, which is probably
due to an effect of over-adjustment.

2. When used in the intermediate or final stage, TLF always behaves superior to ModWD.
This again confirms the advantage of TLF over ModWD.

Table 4.11: The PESQ scores obtained from FCN, FCN plus ModWD, ModWD plus RMM,
and FCN plus ModWD and RMM, as for the utterances in the three noise environments
"Engine", "White" and "Crowd".

SNR FCN FCN+ModWD | ModWD+RMM | FCN+ModWD+RMM
-15dB 0.989 1.126 1.140 1.103
-12dB 1.076 1.216 1.252 1.262
-6dB 1.504 1.629 1.615 1.780
0dB 2.024 2.116 1.998 2.157
6dB 2.494 2.539 2.403 2.410
12dB 2.855 2.856 2.741 2.567
18dB 3.145 3.112 2.926 2.707

Table 4.12: The PESQ scores obtained from FCN, FCN plus TLF, TLF plus RMM, and FCN

plus TLF and RMM, as for the utterances in the three noise environments ""Engine",
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"White'" and "Crowd".

SNR FCN FCN+TLF TLF+RMM FCN+TLF+RMM
-15dB 0.989 1.159 1.140 1.141
-12dB 1.076 1.263 1.252 1.285

-6dB 1.504 1.672 1.615 1.797

0dB 2.024 2.144 1.998 2.165

6dB 2.494 2.559 2.403 2411

12dB 2.855 2.888 2.741 2.572

18dB 3.145 3.149 2.926 2.714

5 Conclusion

To our knowledge, a fully convolutional network (FCN) applied in an SE framework
outperforms conventional neural networks like densely connected network and convolutional
neural network (convnet) in promoting the quality of distorted speech signals. Compared with
an FCN-based SE framework, the two novel learning-free SE algorithms, temporal lowpass
filtering (TLF) and relative-to-maximum masking (RMM) presented in this paper are shown
to provide even better denoising performance at some particular signal-to-noise ratio (SNR)
cases, despite their simplicity in implementation and their irrelevance with pre-training.
Furthermore, our experimental results show that TLF is quite complementary to FCN since the
paring of FCN and TLF behaves significantly better than FCN alone. We also show that the
two novel methods, TLF and RMM, are quite additive to each other.

In the future avenue, we plan to evaluate FCN, TLF and RMM and the respective possible
integrations on the other speech databases, which are recorded in environments that contain
various distortions such as additive noise, channel mismatch, and reverberation. In addition,
we would like to investigate the theoretical reason why RMM can bring about significant
speech quality improvement, and further enhance it by tuning the used mask with a learning

scenario.
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Abstract

In view of the lack of suitable word segmentation, part-of-speech tagging and named entity
recognition tools in the traditional Chinese natural language processing. This study is based
on the BERT model with CRF to propose a multi-objective named-entity and part-of-speech
annotator, which called MONPA. Our work not only propose a method but also release the
relevant python package with the CC BY-NC-SA 4.0 License. We firmly believe that this
research project can bridge the technical gap between academia and business applications
with our innovation, and enable efficient development of traditional Chinese NLP by all

entities in order to enhance our level of competitiveness in the world.
BRI ¢ o, SRR, anERG YR, BERT
Keywords: Chinese Word Segmentation, POS tagging, Name Entity Recognition, BERT
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PURIEERE T AN 88— TRE RINF S pk " an A B ) T BHe ol ) LR TR tEAR
ity ZEE 0 MR ESE BRI - SRR AT R B RGOS AR SR S B A T
FERA

AHFFE AT HE Y 2% B i A 44 8 A P A B 5 4 A 5 (Multi-Objective. NER  POS
Annotator, MONPA) £:.4% » =557 BERT [2] (FER %5 Transformer ) fERI 7 B 15 5 o
fygE )& (word embeddings) & CRF [E]G#ETTHE ~ SPERRGE » K NER F25(E H
15 - BERT AL BB 5 THAHGHE [0 EEHU A 2 — - EAAEEET] (self-attention ) %
il s FEEISR (pre-training ) Feiifis ASEHUE RE e (RR B (ERE AERE Y& - AHTFELA
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tHEHE MONPA SHECEFEEAE] PYPI - BB FI=REHTIE M pip install $55205€  (EH#
ATLLUA#E Github JE15 MONPA FHEAEER - #EIMSER %4 - FLaTIErS MONPA HY AR
[E]— S RERRV BT T F B - 538 MONPA 19FEH - 52 B FREAH R FT B A 3% > {RAE
IR T H B S e H R -

— ~ {HF MONPA

MONPA [/ & — {2 (L BRE 5573 ~ S MR DR A B RS s 2o (558 » W3
HAEAFEEER (v0.1) AYMEIEREA® (A& —) - EEAHRAVEL - MONPA £4%

HSE AT LA pip install #Y python (461> fEAZTUREHH - FefMt%E 48 BERT 53 MONPA
FNATAE(VO.2) » i H 3 fAE Github®gd PyPI* |- o {88 FHERES{E RN EIVIESE & 3B pip
install #5558 ZZHEREF - IEAh » AWT5T A T IE pip BEAREZE AR/ NIRSE] - FTLAE
BERGIAEFRA G RE) T EEHHY model £% -

IASL Multi-Objective NER POS Annotator

BHENBRSRZ B2 MEILHEFFRENAI5EA L B O\
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Length limit: 50 characters. Longer text will be truncated.

Results:

=Y PER [%%fﬁ NA] [%3% ND] [% P] [ﬁ VF] [%bu VC]
BILEAT ORE (7 o | (B vo | (& oE | BEALL [E0C) | MAd NA

& — ~ MONPA V0.1 &4 H Hio e
AHFeRVRE RS T = (EThRE -

® frzacut function) : 55 HFREE S orEal&E S - BEE A cut ThEeE - [EHEER list /8= -

2http://monpa.iis.sinica.edu.tw:9000/chunk
3https://github.com/monpa-team/monpa

“https://pypi.org/project/monpa/
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fRsURE AT -

L. monpa.cut("§E M STAIGE S R SIS AL HTBURT AR U LB RLFALL 3E - )
2. [BEHCD, K, SR R W SN, AL BT, B 6, B B TR, ]
® TR pseg function) : F5 RSy EE My POS 15k - GE{HE M pseg TAE
[EIEAEE listof list #85 » F2REHHIANT

1. monpa.pseg("£E I HEA S R S NG L TBUR AT IP5 B LR AALEEE - )
2. [[%E530, PERY, [484%¢", 'Na], [4K', 'NdT, ['=2', P, [, 'VF], [211, 'VC, [ &L, 'ORGY, [Fr
', 'DY, [$2¥, 'VCY, ['#9', 'DEY, [FHEALL, 'LOC], [ B HrfA', 'Nal, [ELEE, 'Nal, [ - ', 'PERIODCATEGORY']
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AE - i1 load_userdict function w] DURF(SE FHE G ZAEME A > 35K " 5RE S0 sl g
NE 724 F H 5 T35/ B S FAE -

1. =100V

R EETERE > 55T T /s i St load_userdict » i H 5T A Bk AE] monpa 24 -
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1. monpa.load_userdict("./userdict.txt™)
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1 ~ Gaussian Mixture Model (GMM)
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HIEREQ (Y, V) A5kt 3.11 » BT {F BIZmEuR A - B, Vi By H
F27# F5 maximum likelihood parameter generation(MLPG) -
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2 ~ Deep Neural Networks (DNN)
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Bit& IR - SRR delta fE A BENE A > R BB EIEAT A ELt =18 t=T;
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#EEY174(3.4~3.6)  #4(f DBLSTM 1] L A back propagation though time(BPTT) & H fE & -

Ht = H(Wxﬁxt + Wﬁﬁﬁt—l + bﬁ) (34)
he = HW x, + Wigheey + by) (3.5)

4 ~ Spectral Differential

Spectral differential[6] H FV/2 22 x FlyHV 2= £ » 2% (F Fy MLSAfilter FYEg A - ©d, =y, —
x¢ © £ GMM > B H{Ad, » %D, = [d, Ad,] > FF HEEREE R T

d = argmax P(D|X,1®) (3.7)

T {E d gt R Ay FESE - BRI AREHY MCC 28y’ = x + d’ » {E[61F2 A fHrE
th s S e HEEAAAZE > 2R7% MLSAfilter Y281 2d » (& BB R ARS8 —(F
filter » AL B AN g RIEESEREE LR -

( =) Sprocket toolkit

Sprocket JZ—flELL python R RBERYEEAEHANY TE - FRVEHTTAZE GMM - i
Sprocket 1y spectral differential BY{EAFI[6]FHITEAFLEH A » Sprocket iR S54M
SR dERRAEAY - T2 IR Sy (IR Y 1% - <d' = y' — xHGER » AEm SOk
DA sprocket HYE 2K E B spectral differential 71 B HEEgHAHY B SR b -

Y~ ERREEIRAPRSS
(—) EHhgiks

ARETE SR T2 RyeB L SRR T SRR 574> iy GMM~DNN Al DBLSTM- £ GMM
SR H AR > Ry spectral differential (Diff)fl HRsEE - So9MERIEEIIMEAYEHA -

250



1~ BRESRRBCZ PLER

Source voice

|
Parallel ) Traina
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& — & GMM/DNN/DBLSTM sEZ#EHANRAZRE - MCC HY4EEESE 40 4 » GMM
1 DNN #FR2E & S HEAVE RN delta {F R0 - delta /2 40 4 » Ay DA A 80 4 -
i A B R R ELOERR AL - eI 4ERALHE MLPG 55 H 2R MCC - DNN Hy2Ef4E2
i 2 Jg - ) 2048 {EERL - DBLSTM I mgIGRARF e Ale SHENsZ 2 » —F&
BRSNS R i A - B 512 (B ElF R —EBE R RE » B S EARq A
JE 512 WYER 7y A ERINERS 512 % BiEM e —EE R M B S EEER & A TR 2 1E
b HIRREERERE 2 /8 512 {[E[Ef%E - 256 {EEREAIFT ~ 256 {EEfRLF{% -

» I A SR LR

FERRS e LR B B > DBLSTM AREBIUS FIEFAVEE R - (HEiE] T EHE
EF ST KT O E — A SR Al A T 55 S 2%(language
parameter, DU fEfE Ip) © 2555 S BUE 64 4k one-hot 1Y# IR (R F EIMVE I

REER)MN 2 4EfVaz SHEAEZ % S PRVIER LA B SR RE - 15 66 4ERYERIE
i A\ g P TEAAY H AR 2 55 5 2B S0 Rl A - Rt AKERE 2 172 4 B2 40
HEHY MCC » 555N TAILA T I4ERY voice/unvoice(DA RS uv)EVEER » (ISR E—4E
& voice £ 1> 52 unvoice 25 0 5 55 _4fE & If0 > unvoice /Y If0 & Aij—1[& voice Fl1{&—{f&
voice HYImBE R NTEEUS - 2 RBENAKER HAE uv Fal - fn ALEEE 176 4 -

3~ MIAJEE MR bR

AN E $ T ERRL B AV - IS (8 B RS o —(H 2 8 EE I (aperiodicity, [
TS ap) i o E2CF MCC fIHE MCC SIRERRTHTT 2 1% » B HEIR TS|
EHEAEPT ap(H] MCC 20R) « (R ap AYREBITRFI T 3a T mitE - —fE 2 ap ##5k ap
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fa A 40 4 > Bt 40 4k S TEEIAGES 2BEEA 172 4 > il 40 4 > /iRyl
SRR T E AYEREAE > HACREHANE DBLSTM HYEER -

4 ~ Spectral Differential B8 GMM a2 Ehi

Diff HYEUAR GMM RSB BRI Z Ardd— 20 ¥R EEREZ AR MCC ¥
PRHVESE - FEtE MCCdifferential AYE[7Td =y — x > GG —(ExEEd Ay EEHAIE
AL R d Y E B MLSAfilter B2 i A B AR EAE - 15t - {H sprocket o -
A ARFN R (E SR d AR - e SR y BUSHRRERD By 2% Sd = y' —
xRIGEZERAVE R AEERLL sprocket HIME/AEES - WAIFE CMM AR 5 i CLEL -

(=) ERER

WIS SRS 25 AREREERS > B (HEHATETEEEEE - 78
e FAMAL AR I H AR FE— By B A o] LI stoi H1 pesq- AT EAH(PfZH A source:
target F1 transformed #Y mel-cepstral distortion (MCD)z{4fH G LL#z - target £ MCD #ij
71 source fi DTW B75i source HIRE - MCD &l il MCC FERERYJT7A > yAllx
#E MCC » N & MCC fyEfE a1/ = 4.1

MCD = ——[23N_ (y[n] - x[n])? (4.1)

In10

transformed "

=m0

10
b b= nio 2 Z(transformedd — sourceg)?
target n 0

10
source c= mjz Z(targerd — transformed)?

= MCD [toREE
Y& = source ~ target £ transformed iy MCD & » HEEFERFESa > b > ¢ @ FLEE(RES
B (A AE R LRIV > AR FEE#a > ¢ > AELLEEAEL > 18R ¢ IVEHD
G A L EROR I AR E B LAV R8s ¢ SN ALLED > ciVgE - AREREE
IR ISR G A ELBEET H AR « MR B A LE R i s - FEEa > b > B T
bhigzcth 7] DUE HH A A 2 SRt 5 F RS - Bt T 6 izl > F—[EE
it 25 )RR RERE D 5 AUTRR - SRS P SR E B by - LR R LA -

! https://drive.google.com/drive/folders/1YsCINmhw6RFWzflIODMyiX8ciNBTaAjwu?usp=sharing
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Z—/& GMM - DNN #{1 DBLSTM {J MCD LE#AIZE8ILLHR - {F & EREET - GMM
WiARFFEa > b > ¢ HbRIcELa e (FEEREL ARG # P H A BN RAVEE T - DNN
HEHANVAE T Era > b > ¢ 0 {EFERE ¢ Y225 [ DNN YFRIALLIGT § (FIE s 2
> 73.3%5% F DNN B L GMM 4 - DBLSTM AL R T Ea > b > ¢ o 4
DNN §f DBLSTM HyLL#cH » §E#E ¢ HI(E 2 DNN B/ - ([EAEREEDAERAI I S - (85
30%57. Ky DNN S5t > 70%57 5 DBLSTM &/ L DNN 7 » TRl Al iy g gt
1> DBLSTM 2SR IREAT Y -

F — ¢ BLETpRE . MCD EEfoRIEE A A

a b c PRI
GMM 7.942 12.815 13.061 26.6%
DNN 7.942 6.644 5.298 73.3% 30%
DBLSTM 7.942 7.433 5.433 70%

2~ WEER A S B LSRR

TEREERY. DBLSTM AT YRS 2 1% - T At i AS B ESs - & 75T
SIS RE T HAE > TIA TeE5 2% DBLSTM 172 FIEESMNEIIA uv &EEHHY-
DBLSTM 176 (3 —m] DU H pERE c FVE AR D T — ks PR HIE H /2 46.6%L 1 53.3%:
TERL AR - WA ERRTE RE TR 3 B U R 1Y A2 52 - 559ME T voice/unvoice
SHHVE R - B EERE b AIFERE ¢ B} DBLSTM 172 2 —EAY AT DA (BEE 7 -

s A S BE R ik MCD AR I

a b c T A
DBLSTM 7.942 7.433 5.433 46.6%
DBLSTM 172 | 7.942 6.818 4.732 53.3%
DBLSTM 176 | 7.942 6.818 4.732

3 ~ MIAFREHAMER R Fhaas R

TENILA ap EHEAHTE R - MCC (i F DBLSTM 172 » Ffll MCD fLL#s g —
50 RIMA ap MBS SRR BRI NS, - B NEIILE R 53.3% 1B EH
i ap F4E SBEHERLLA — B - B A ap V45 RLLES G HISISHIR -
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4 ~ Spectral Differential 81 GMM > FhkE R

[R5 GMM DIff 33 SB35 + FRLUT 1 MCD L MUSERENIS, - PRt it
(5 7L 86,691 SZRIE (T DIff (0 LRCHPIE - 10 A KO R R L - BT
B AR -

(=) HEEIA R FE R
AT DBLSTM172 e & gt 28 1 e B WA 2Ry 3% 8 Efeedy - £ MCD HYEE#R
o R S RB AT EE 2R R EERE A — 2 H AN [E] - B DA RE PLEGE 2R R A
g R AR AR LR LR - PR = ] UG HRE B SR REE R IR IS i sy - sEER AR
R ep P EEERE I E RV R A 2 H SRR ERAEERE ¢ ELEEZRPHIBS /)N A] UG HIEE R P
A 2R 2% E HIBHRSUR A2 A 245 AR TR AR 42.8%HYFHE 2R ¥ _E 50%EZ R - £F
TRR B R RERE S 2 - SRS R RE R T B SE R TR A A SRR -

% = ERERESEE MCD i

a b c AR
FEH 7.942 6.818 4.732 42.8%
FE TR 7.976 6.530 4.710 50%
ey ke 8.632 6.706 5.085 7.1%

(PU) oo R AR 2 B

FERRERS SO oLy B R EEE AR 2 1% - F(M% CE_word A1 CE_spell 77
RIEEA R > EHRERIE DBLSTM » i AJE 40 4 » R Py &1 > 72
ANE S HFEBFHEE R HEETHE MCD > HREEESEME - CE_spell $& 5245 RE
NS > BERLERIFAVE ST TIRZAE A RS - B R B IR A
CE_word $2 5245 R % 50% > 3 i SIS (RARAE R - AR Bl A Tr#E
1B P (M3 3R R SRR h SO R @ B i O34 AR AR B A 18 2 G R (DAY
B (SR IO o B R HVERL A

ﬂ A \\\:E,:[:gﬁ

ARG CHR R A AR RO P E(ERE S ErtE - A8 [F — (L sB E AR I ERE
HEPE GG TE R - LOBMITRI TS H LU NG - (DR EHRR AR RS |
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WAl > R R AR R S R S B IERS - IR Tacotron2 EEFIE]
5| » i SR R [E] AR 25 > £ FE Griffin-Lim > World-Vocoder » £ WaveGlow o
Hor DL/ ] i 4miis fAdetl e By WaveGlow fgC s i i e i Ry et > i AF S S

EAE T > (EH WaveGlow BSE3IN & 4056511 MOS £ 4.08 » BRI EHE S
() 4.41 > sl o MR G S (319 2.93) - FE R PR RIS 7 1H » 45 (# F GeForce RTX 2080
TIGPU - ffif] WaveGlow 5SS R A4S 10 F) 48 kHz HYEEEER 1471 i
FoBIHE 257 -

Abstract

This thesis studies and implements the real time Chinese speech synthesis system. This

system uses a conversion model of the text sequence to the Mel spectrum sequence, and then
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concatenates a vocoder from the Mel spectrum to the synthesized speech. We use Tacotron2
to implement a sequence-to-sequence conversion model with several different vocoders,
including Griffin-Lim, World-Vocoder, and WaveGlow. The WaveGlow neural network
vocoder, which implements the reversible codec function, is the most prominent, and is
impressive in terms of synthesis speed or speech quality. We use a single speaker with
12-hour corpus implementation system. In terms of voice quality, the MOS of the synthesized
system voice using the WaveGlow vocoder is 4.08, which is slightly lower than the 4.41 of
the real voice, and far better than the other two vocoders (average 2.93). In terms of
processing speed, if the GeForce RTX 2080 Tl GPU is used, the synthesis system using the
WaveGlow vocoder produces a voice of 10 seconds and 48 kHz in 1.4 seconds, so it is a real

time system.
RESEEE © S HEEETS > Tacotron2,WaveGlow

Keywords: TTS,Tacotron2,WaveGlow
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Tacotron2 [1]7HERAYE &S &y WaveNet [3] - Z2{H Auto-regression #7704 A E 1 » B
FAETENE A 2R E R AR AR AT — IS 2RV (h 45 5 - AU T 22 iR ARG
(Causal Convolution)4HJ » i fy T AE(ERHE FIE(S S BEAVERAIAE /T » BRI A T #EK
#7(Dilated Causal Convolution) [4] » #111E — » & @HeE N - FAIRE S S LAFEHMER  -
BN IE B AU AR RS RE S EE R A 1B LA A BRE AERE S Sk S T ARAF AR -
{HFE PR AV H AR S « SRS RAMAIEEY - SIEE TP HI S RS A s A —
POSERTE AR 5 S Ry B VRIE T 107 RIS A SR 2 M 1 s T (s 2 S me S B S
FAARSE T Tacotron2 [V AR TEHIAERES - ST 25 FE A [FIAYER0S 25 MEr T 200 ~ PR -
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[& — -~ Dilated Causal Convolution

1 ~ Griffin-Lim

Griffin-Lim [S]/2 — A HHEL - SHRE S H#E A 40 WaveNet [3] - (EAERIIG Z40
IRA THEEFTT > BT ZRIRE S GRS TLE TSR - BRI R BOR T & Ry
HH > WMVERTRA TS RAVERLIMER AR EN: - EL 4R 4s fE 2 AR
EREESEINS - Griffin-Lim [S] AR SCATHMIR SR MEARRE B B 2 B R -

2 ~ World-Vocoder
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3 ~ WaveGlow

W AC AR St - H AT (E IRy A2 pe AL T B [ iEi A (Autoregressive model) »
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FEIL A EBE | SREUE N 04T S {& P B R AR RIS T AL -
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hop_size ~ window_size #5%iE T MHAFAVISZCCAERNNSR » AR =P/ -

262



%= - Biaobei ZRHEHS BT

BRI : Biaobei
sample_rate(Hz) 48k
num_mels 160
FFT_size 4096
hop_size 600
window_size 2400

FERARIGIIR e 8 2 1% > FPIEE R AR AR T 11 A BLE SRR A AR A SO HE T
affl > ZHMAB—FA{r o ZREEALN N TR LEAR F AT TS e s
(EEfE > Al 5 EEEHR DLUE World-Vocoder [6] ~ Griffin-Lim [5] - WaveGlow [7] =f&
A EZHE RS SR ETE - £ AR - WG TR Ao EE R BEHERTE
sTHE - MEBEEEREE AT HEAEEEE - WEEGSERORN -

%P4 ~ Mean Opinion Scores

Model Mean Opinion Score(MOS)
World-Vocoder 2.71
Griffin-Lim 3.15
WaveGlow 4.08
Ground Truth 4.41

(=) HEENERE
—(E=EENEHE/VFREHEA 16kHz BYERERE - M HMeyE BRI pm e RS E1%
ViR pEE E MEAT & T IRAE > B EEEIR T IR S g ERAVIRE - Flll SR 5e AR A
B4 —E] 7 GeForce RTX 2080 TI GPU L #EfTH#EM - L& sk —{E 1) H. 48kHz 19%&
FEACER » B 47 BI4F World-Vocoder [6] : 6 ) > Griffin-Lim [5] : 1.2 #) > WaveGlow [7] : 1.4
PORIEF R TR T HEET - 5540 FRFIHEE3E T Tacotron2 [1]TEMIAERE & BC A [F RS 25 1T
[F]—&t%as Lo AT HAVER  BEZR WaveGlow [7TIAEHEMI f_E e 1 B EA SR
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Intel(R) Xeon(R) Gold 5118 CPU @ | World-Vocoder Griffin-Lim WaveGlow
2.30GHz/64GB/RTX 2080TI
GPU {# &= (GB) 0.93G 1.31G 2.5G
CPU H (%) 6.75% 7.5% 14.3%
MEM (i FH3%&(%) 2.45% 3.25% 5%
a ~ &him

BAPII S H AR ises R E sl 2 ETEE - B4 World-Vocoder [6] ~ Griffin-Lim [5]
PUk: WaveGlow [7] » 3lfijif e tb & Bt i B AR FR MR TEIAERS L » (ERIMBTITE sk
& BfMERERE World-Vocoder kz Griffin-Lim &R —FHFf] > EAEZRHVE RS
ATRER B EREGEE A A 4R A G R - B WaveGlow [T R E1E S B IR IR

ERCATERIE [ (1F 2080T1 I » —FP&YBERTAE Bk 350kHz DL FAVERERER) #1457 1T HA TR
SERVET o (HRL RIS - JMIAVEEEA S e B L I720  GREMERR L
BERHERIEEY N EUR T ERE R400H%E - (A S sEaRE R EB B E
PREEE o HIgRR TS Se BEATRE R 2 A1 » TETEMIARES 73 I ANE S R il -
ESE RS E B E AR TR R e —
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Investigating on Computer-Assisted Pronunciation Training
Leveraging End-to-End Speech Recognition Techniques
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RS
EEHEHHI% 7 Z9t(Computer assisted pronunciation techniques, CAPT) » {75 7] 73 fydf
5 5 faHl(Mispronunciation detection) DA Kz 53558 5 52 (Mispronunciation diagnosis) © {£
MEEAINTST R o B T B AR B R SR 4R TSR PR (Forced alignment)
J37E o A PSS EPRR 28 A Y 22 (Phone) B 7% BEBUHI R Yy 2 0 5 2R B0 B Y & Rt
% GOP (Goodness of pronunciation)53%§ » i DAL AE Ry S 3R - AT B4R E = 1t
ARSI ISR R BAERE © FTEAK - Ui 0 oE 2 HE A SN KR RSB R R -
HARE A S DA PSS - A RS SURE UGB G2 N > 2R (1)
FEN P EE A5 077 B(Confidence score) ; (2) ACEREHEAGER - RIEEN#ER
BTSSR - BERGE IR - (0 P IR 2 R T T 3 B A M B2l AT DA
FMEAE S YRR A D IVISRAR oIS FET - IS 2B R -
Abstract

One of the primary tasks of a computer-assisted the pronunciation techniques (CAPT) system
1s mispronunciation detection and diagnosis. Previous research on CAPT mostly relies on a
forced-alignment procedure which is usually conducted with the acoustic models adopted
from a traditional speech recognition system, in conjunction with a phoneme paragraph, to
calculate the goodness of pronunciation (GOP) scores for the phonemes of spoken words
with respect to a text prompt. However, the training process of the traditional speech
recognition system is complicated. In recent years, the end-to-end speech recognition system

has not only greatly simplified this problem, but also has the trend of catching up with
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traditional speech recognition. In view of this, this thesis sets out to conduct
mispronunciation detection and diagnosis on the strength of end-to-end speech recognition.
To this end, we design and develop two mispronunciation detection methods: 1) method
leveraging a recognition confidence measure; 2) method simply based speech recognition
results; A series of experiments showed that leveraging end-to-end speech recognition
architecture on mispronunciation detection and diagnosis not only reduced the training steps
originally required for traditional speech recognition but also improve the performance of

detection and diagnosis significantly.

RS A - Umidiimet o ek ~ EEEREAY ~ SEEiell - e
Keywords: end-to-end speech recognition, acoustic model, mispronunciation detection,

mispronunciation diagnosis.
- G
TEEPRACHIREAF - B SNEE R A AT EEhHy—EB 5 - & S AM 2/ DR E WiE
SRR DL EVRES o IaE S 28 WEIE n] 70 REE ~ 51 - SRR IU(ERES 7y - Hrh DR
By e R R RIS A 15 AHBT S E AR < 2RI R 2 BV ER B G F E e ) DUR B
SRR o CIERAYSRE RIS B 5 b SR & 18 - SR = BIRFAY 6 5 M
EEWA BT TS - HINEERAAIR - K R Eh# = 3 SR i 78 S =
o PefMA 2 B B B SRR E S VEE ) M ER B RS 5 hER - W H 4G T [H]
B o [HEREERE SRS FH S R (IR RE T 5 Ryt

BB 3 S IS BLEE S Pk a5 S AHRR - 2 AT S AR AR A AR S

LA L 4 & T2 =0 m] oA (Deep neural network-hidden Markov model, DNN-HMM)

e R o 22 E A EAE Y (Acoustic model) ~ FEF 154 (Language model) ~
% 5] i (Pronunciation lexicon)FfT4HEY » A HAESNSRAVERES » MR ESHY E TR
& R 45 & B2k = |] 9 5 AU (Gaussian  mixture model-hidden Markov model,
GMM-HMM) [1][2] » BB FAY5RHIERT - A 15 LAFI14E DNN-HMM 2 E25 AT -
11 H A AR s B & 2 g 23 (Multiple-layer perceptron, MLP)[1][3] ~ #EfE=

FHHZL 4P (Convolutional neural networks, CNN)[4] ~ #E =CREHAL 4 S (Recurrent neural
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network, RNN) ~ 4G HAECIE A (AL 48 % (Long short-term memory, LSTM)[S][6] ~ FFZE
FAHEELEE(Time delay neural network, TDNN)[ 7] DAk 5 SEAHHIEE QGRS ATAE i -

HgEEE AR NSRBI - (VISR (A fHALH A R - fRE R AE
WE—EB oy s B T EEE ERAVRCR . Q)RS IEE S MG R ) A B E A Y
HRPYIHE ST > DUE 2R BT SCHBIART © Q)F 2 AN S HEAE
E S FEILE Ay BRGNS - BEGEE S e e LB R B AL A R — 5 - 1K
it S U e o A K AL T A RE S R R AR SORAR o H IR R AT e 0
(Connectionist temporal classification, CTC)LL k)3 & IR (Attention model)jyfdE 75724 °
A CTC 3l 4RAE RIS B AT n] 5 B S N e 128 1 S A G A ety Y E B A
#P > 1 RyF T (Character) s Z2[S5][8] » M HLCAREGES o] LA S 2 (s FEE S 1AL -
Mo —J7H - #7Y CTC ¥ mimsE S PRy - HOFEJTH A C AT Bt G
2 MERI[91010] » [NREFE T AN FT R sEZ W% b - IS F[BL CTC AT AT Ehg
HI4E R > (BF/DESER T {h#> DNN-HMM [YREE - [12][13]#E 25 E 80 A4S
& CTC BUFEIHAS » 775 CTC-Attention AR CTC 512 A E T SR
(Misalignment) U 18 Y [EE - B ER&EREIUR » CTC-Attention fHAY AT FEGA = SHEHIYIE
LT ERETE 2K DNN-HMM FHEARIH P sEaRas -

A L TSR i S U SR 4 e R P S B R B 38 el > H AR
3 Ry $i 55t 5% 5t M (Mispronunciation  detection) DL Kz ## 35 8% ¥ 52 i (Mispronunciation
diagnosis) 35 5% B I B SEAE HER T 2 B S8 —AINE ISR B - RS AR A
HHIER T o HEREPHIEEE E Y E R A IEE o ARSI E e - #E A
BB EMRA T A 12 %R (Posterior probability) ~ #1800 LI ({E (Log-likelihood) [14] - =K
& GOP [15][16]1F Fys& gl > LU HIE 3 208 - M E 2B 2 EE2EE%
B HIERSEERIG R AT4E TV IE - BEePrm ZIesnYE " Blsh(guo2 yul), » HEEH
FIEK " faEE(gou3 yu3) y 0 HHPR T RERHIERE T HISE o AR EREEE ENY T B
(guo2) | BEFERE "1 gould | T o M BRI S e R BB (1 Ry nt RIS
W[17][18][19] » B im A ny &8 S il AR Rt /L - E[19]F2HILL CTC #E{To%
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B RS2 - INEAR SROOR I BT Im A e Y 358 CAPT (£75 - BB
R R S O B KRB B WSS R T3 F il - AL B RBURA R E L 8L
EErTE RS R > RESTfESE S R R R 8 GOP M [FEHYRCR - 2RI B AG AKER . GOP
FHHIER SE Ry s o S/ NERER Rnl & WAy 77588 1 [19] - St B gl 2 5l i
SFHYAR -

= Ui eE R

W AT A i T Ui o R RO 52 8 - Ui 5 D SR A R A i E B (B i A A A
BT PUT RS A2 A b St o o HRask 72 T TR0

2.1 G HE(CTC)
TSR, 2006 SEHRIEI20) » {1 RSB MEATB S SRS R FT S ZE
SR A M= In Pee (C°1X) » BB R T LB RBSTAT - 5 RIS 2L
RFH - LS REE— BRI R T WSS X BRI L IR
Co HfiC = (o €Ul =1,.., L} » U BfFAEMMEESE - dEE CTC fEHIlshiss| A T4
SMIZE VB - (F B BRI TS o S E AEAY BT T TR RS = (sl U
(< blank >}t = 1,...T} » FAESREBATRTS

T

Pac 1) = ) | [PGselsecs, OPGel) M
St=1

HLPP(s¢lse—1, OV RFHREERLALR - P(s | X)HIRy Softmax i IEER

2.2 JFEEJIFEAI(Attention model)

A B/ N RRSREOE - SRR IR B AR A E R R

L
P (C1X) = | [ PalX,erac) @
=1
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[FIR A S EL R AR SR A E RIS SRR - 2AMEL CTC ARMERIERE I

RN SR A 1L AR 20 =02 Fos > & —E il B 5 fE 2 008 - P (| X, cq0-1) T
DA A TS -
h; = Encoder(X) 3)
e;; = Attention(q_,,hy, a;—1) 4)
exp(yey)
. L L 5
i Yiexp(yey) 2
T
= a;chy (6)
t=1
p(clX, ¢14-1) = Decoder(r;, q;, ¢;—4) (7

Horfthy £ Encoder HYBSRGINAE M & > a; AR IHEE Hey 8L H Softmax e#HS 2] 1M v &
Sharpen Factor » HEV/ESRFHFEERY M > q ARAVERT—{E Decoder [EiEiiRREFIE © A
LIAHRL q /& Query» h /& Key Value A& TE B E R EEIHIMHETREE I Hq,
[Efth > R IEHERIG SREHR IR BB A S e/ ME— In P (C71X) -

2.3 CTC-Attention ;R & 1A (Hybrid CTC-Attention model)

FA B A 2 B A A2 B SRS AU A B B S - CTC FIR /[ FIES
HIRE S T B AR - R A S S M E4EA112] [13]> DL CTC BT &N
R SR A TR - YEAE AT ARSI (Beam search) (] i A REHEIATEG L -
LU o (AR ACR. - 316k DIATE BRI ADR RIS, - HABA e -

Lerc-arr = —(AnPeie(C1X) + (1 = DInP, (C1X)) (8)
= -~ Ul RT3 S i H B2
R OB T TR BB S PR TS AAEE - —(ERE SR A B S U 3
SHIEREH RS S E A RTINS - N S S B2 B (R AHIZEn - FIFTEHE
(Y735 1 DA M T 55 5 S BB > 148 22 DU PR E 38 2 2 S 11T WS
LB o DUT KT i e i 2 W 3 S i ML 2 T A T -
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3.1 BE Bz s el
AR HEL TR M D R A M Tom A Y - e 5% L B BLBRAY S 2R S RIS H AR R
A AEEC S R G E H Z R ES © FElm B lmHIRE S Haok RS B0 - e
Softmax bREHHATAREE Z FERMEER > (REE— LAl n SEESHERARTIT
<eos>fy1b o By 7 EEFI{EIE s e A AR TR MPT IR BRI B R S 22 (B A T IRMIERRBAY 77X -

RIFEEF—K Softmax pf8i ke N BHEBMIFTE RN T RES > L0 NE 1 B o FEA2HS
HEBRE T ST RBFRIERENR S ZHREE > (F e EZ EREZEFY - I
L E B R ZERIEEP(C"|x) - FEIERFRERAHAZL 9 R RED(P(c"X)) -
(EERBREEER T 0-1 FYEiE - WARRF IR ETAE S -

D(P(c™[x)) =

1+ exp(P(c*|x)) ©)

(Ot = (1120 =

X
Co
Tatget phone sequence | ¢, écxs
.
c kx_ At each time, retain only the top K scoring forks
cs x
pre pruning i s é
\ .

Softmax

Ci—1
Lenmdu'

1~ PRAEERS AR

3.2 B PEssE R 2 s st Ei2k
BRI B S e A A g R st PRI R ERE S RAAVIESR MO 02 H - 5k
AR o] ARERRR - @ E AT F SO A 25855 HE 0 #ED - 72K

o P MReEE B WS R AR R S A 4 4B BE A SRR (Edit distance) HETTHIR
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[21] - 20 N 2 Fror - sLEFTRAREREES > B OF AIPReES - ShEOFHEARA
s > R OFTIH R L HAAERT - S& LBt R et arie A8 4 7 ashas
e ASEERR TS AL DU R RR - HR SR — S —E i SRR A BB  RE M
FK - G AEREER SR EE R B TR EREE O ARt » HEE
L IERERYE FTEE > SRR IR i (R aE & PTai AEE © IR - S0 ASERRAYER 7Y
HAIREH 2N - (2SR T AR DAY MY RsE e B R st taoll -

Resul:FTT

Targetlabel {sh} {4} {4}

Predict label g | R ]
Substitution (Mi
{ch} ; A 1 <=2 +—3 —Delel:ig;um' ) )
? 4 k\ = Tnsertion (Ignore)
{d} 2 2 1 <=3 = Match
4 % 4
1 N
{ad} 3 3 3 1

B2 ~ e S L A 5 A M

5.1 zE1}

ARim X HE AN E B ) TH B GTEE  Be R IEEsR R EE > Hom] Doy AysE
sEB}EEF (L1 speaker) DA K #EREIELEREE (L2 speaker) Wi Ei {7 « Bt AVEE A A & —fEfHAY
7y 71l By BE 2 B (Mono syllable, MS) ~ #£3%Efj(Double syllable, DS)LL K745 3 (Essay, ES) ; &%

At B AR 1 For
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FEICNE) | BBEE BEYE | EOREERYEE

e | L1 6.7 44 72,486 -
TR 17.4 82 133,102 29,377

L1 1.4 10 14,186 -
HEE : : _ :
A |11 3.2 25 32,568 -
AR\ =
TR 7.5 44 55,190 14,247

5.2 REEEA
KHFE5T R P& B » S —PEESRFEEEI L L1 st R 4 ERAR R M 1 7 5 e A S B
Ui ERAR R 1T 5 2 Al 2 S8R, - 55 P BRI R DA U B B T A L2 sBRb i 738
F a2 SR - (e B AR A By S i i ERATURY B (o I SR e T ¥ e NP SR e
Z RS EEER T YR T A - 3 R Kaldi”[22] LA “Espnet”[23] -
TERAAR R HRIEE T PIAFS ELSII 48 GMM-HMM TG A\ 5205 MFCC Fif
B8 3 4EFFH(Pitch)ZHEIL 16 4 MTHRHEEL—FEE E R E(Delta coefficient) » B[
R ARy
AR —FHE Ry 40 4EHY Filterbank FrfiflE 3 4ewaR (Pitch)ll H AU —F&7= E A8 > BL %
ZEAREEE 129 4 - DNN-HMM AU A T A [F e B dl i e sl 1 aofdy

DNN-HMM ZE2##% Factorized TDNN (TDNN-F) DL &% 8/l 4f #£ HI] LF-MMI (Lattice-free

-

Z &= 4 H(Acceleration coefficient) & £ 48 4E45F A &= - DNN-HMM

maximum mutual information) [24] > t7F] T 2 EEEETERE R B0 1.1 fZHe
e 0.9 22 > FEAHZREAI TR 2 A ©
1 - (LR R Z0

-

SRS T B

H—doTi

DNN-HMM

6

2048

TDNN-F LFMMI

13

768
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Uit S Uit P SR A 5 — PR ER B B FH AU /2 CTC-Attention SEA A » Z0RE F 3 55%
[25][26] » JEES%Es 0.5 - Encoder HYZRH#E RyWifgHy VGG Jghn b 7<g Long short-term
memory projection(LSTMP)— &4 320 {148 ¢ Decoder HYZERER B—J& LSTM & 300
{EFREETT » (E R EE I Ry Location attention[12] » 5FE 7= =0 11 fos > Ry T
(LG HTEER o B T B RERT—(E Decoder state Kz 2 Fij Encoder state 4/ » B A—
HEFBTENE K BB AT Attention A& a,_ HELHI RIS  BRIEL AN - DA T HEEERF8
3% (Label smoothing) 3Ry 0.05 HAVIEA N BB AELRE B (S (EE 8D BT
WA BE A BRI B T I — ML - RIS R AR R A B E R ]
PRI L T SR B Eh 7% > PRILEE TDNN-F LEMMI > &5 585 BT Ehbe: - SFaide
RN 3 Fos

Fl = K= a)_1
it = T
[ g tanh(Wyq;_; + Wyh, + Wify,) (In

| CTC | | Attenion Decoder ]
Shared Encoder
t t t
| BLSTMp |
t t ¢
| BLSTMp |
t t t t
| BLSTMp |
1 1 t T
| VGG |
T i
IR VGG . |

E I_x_z_l I_x_‘—l ...... | I_x,r__l
(3 ~ Ui Ui o A R A 2N

F PR LRI I B BRI I A L2 SRR S Z el 2 28 - REE 3 2R

& > S RIEEEA ] CTC ~ Attention F5YER CTC-Attention JEEG A - I H EEEIIAE

K L2 st THENS -
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1~ EERGERELT

5.1 L1 Palat R

Fo TR B I Ui S PR S Y m T > FRAMTE oA FIRR AR L1 SRR
PRI > TR 3 AR RIE R F SRR & R bR B fishans
e =R EMERY S TDNN-F LFMMI B2 CTC-Attention 57 » FR&ER AT LISAI{E A
CTC-Attention HYHFERSRAEHME R HAARY  w] e [ DR Ui ¥ i 2 S R A 2 il 5%
Faal > NN 4t DNN-HMM R G A7 SR ATH 22 S AR 2 M H. Attention

BRI RG T ARE S RAAVRES - AHET N BRI RS HYHFEICR -

3~ LUAGEERY S RS SR B S figians
Mono syllable(MS) Double syllable(DS)
Model SER PER SER PER
DNN-HMM 41.8 28.4 28.7 18.0
TDNN-F LFMMI 342 26.7 25.3 22.5
CTC-Attention 32.2 18.9 6.8 5.1

E 8z s ilsE R
FNFPIEE T - EEFIAIH ROC HhaREIZF I SR S Z e s P AL
AN 4 R > eI S8 E PG (E R\ ESHE S ARK - EiRiE R ElE s
It BRI IIEE R - SR 2 P T (E ARy 0.1 Ry i 2 st 7 REAGEE
ESERME - @EEHPTRE ARl EBER] GOP J57ARTER S - SBAGKE 77
BESERAIZAZ ST GOP J70k - SHERIVIEAEHE 2 EEE Bt A S fR K -
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1.0 A

o o
(=2} [o4]
‘ A

False Reject Rate

o
'S
L

0.2 1

0.0 0.1 0.2 0.3 0.4
False Accept Rate

&4 ~ EAFIEE 2 ROCHH 437 [E]

R4~ BPEEIERIR

Correct pronunciation Mispronunciation
Recall | Precision F1 Recall Precision F1
DNN-HMM
0.88 0.85 0.86 0.55 0.61 0.58
(GOP)
End-to-end
0.76 0.87 0.81 0.69 0.51 0.59
(Threshold)

5.3 BN 2 St B2 Enas R

5.1 @Y B EREE AT  CTC-Attention BUEEBISAR FHHLECA (4B ER 15 - Bl
e AR R TSR B IERE 6+ A A R 8 A 2 > 155
OSSR T 5 FTs -

RS ~ LIBERRTSE S i IS R

Correct pronunciation Mispronunciation
Recall | Precision F1 Recall Precision F1
1-best 0.73 0.87 0.79 0.71 0.49 0.58
2-best 0.80 0.84 0.82 0.59 0.52 0.55
3-best 0.84 0.82 0.83 0.52 0.54 0.53
5-best 0.87 0.81 0.84 0.43 0.55 0.49

ARG (B L1 Glllefis ST AR L2 354 6 S i@ s - el s R e
A RIS RIAR R ER A © SRR HIBTIEFY RS > FMIHIZREIREAE - PR N-best HU%S
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SRABCHIET - ATEE SRR > SRR 2 e BT R4S RER =0T - B T (HFEA
REFHIETS S IR - B ARV E BRI TR L2 sERIIAGI SR AZEAE ISR - 77S2RE
S B A H R B E L2 Ay gt -

A EA SEEEHY L2 JIISREETR - S8 St MRS o] LB R R Rk (15
RIE SRR AR SR SEERREYR  1REHY ST R HIBL2 B RS TRAFHVSCR - LA™
BRI R EERRRAIFR 6 FR

6 ~ Uit Ui ER AR 2K

aur

E

Model Weight Phone error rate
CTC - 28.3
Attention - 24.5
CTC-ATT 0.2 24.8
CTC-ATT 0.5 24.6
CTC-ATT 0.8 24.9

HILEBRISHIEE A CTC-Attention EA{E(HH] Attention PRI FEAK - FAIMTE R G R
STRASEREASES > IMMEET Sy R iR AT H AR E R R i AR A
BB HIRCR A R — D aF il - SO/MEEEER[19]4 CTC HUEER -

ST IMEVSCRA N R 7 fn > BRG] CTC-Attention HRIH SR ER & H]
Attention BUERZEFANK - (HEH LA A CTC a3t St iR E 4f -

R ~ Uit S U ER AR S A A R

Correct pronunciation Mispronunciation
Recall | Precision F1 Recall Precision F1
CTC 0.831 0.893 0.861 0.706 0.656 0.680
CTC-Att 0.873 0.893 0.883 0.714 0.672 0.693
Attention 0.875 0.892 0.884 0.710 0.674 0.691
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S IR A0 BUFAVASR, - BB E AR A B £ AT 88
FUHHBET » ERUE PR i SRS R - 201 TR 8 s




R8 ~ WEDETRCR

Initial Final Tone

DNN-HMM 0. 548 0.441 0.752
CTC 0.611 0.582 0.768
CTC-Attention 0.661 0.612 0.801
Attention 0.645 0.609 0.797

FH ERZEEREUR - @EEZEF 1M CTC-Attention £ Attention FYRUEREZE AKX - (H

& CTC B Attention HYHf & AEMER B T 2ETaE A, - (2B B4R -

G SCAE Y Uind o ek A e Wi s Z i lT 3 oAl R RS O B R
WraE AR - ol H EER (s HRE P as 1 T H iRy 7% - AEERE O BHIEER
o (I32RHERY GOP HYJ57E » FEAERAKRESIMAE Z3 S AR W0(27] 5 TEGEEH
BT BERERE SR BARIER  BIMIA T3 285 R 60 Plans 7= #Esi -
SR SRR So— 5 > B SR AR SR Ay S el - TR IIA L2 S5RE
SE AR R R A - BB A TSR - ISRV L2 SEE20GR
YRS o TTILA L2 5B RS IR AE TS F eIt sE SR - 10 Hi2 B IEHER
WA LI TT % - R iR Rl B ey R (E S 7 NN B - (RS
(TR EETT » MARATT[FbR T SCEB RIS > 7y ERE S b R AR 55 -
BanfE L2 MEEEPAETT 2 N FEER ISR ESREEC - R RIEE REUEE A
& MMV E S R e S e AR EC A S A o B (] 28 o ey = o — 7
FIR B A LU DR » JHEFAERACRE ST R BB R KIS SR IEMERIEE T 7% © 595N
il R A S 2 A SR - BB PRI AGR B — Bl > (EARR A SERE
HCEI RIS - 40[28]1[29] - (ESFRMIAVAURAEHLE IRIEH -
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Abstract

We present preliminary results for searching for useful sentences for learning ambiguous words
with clustering methods. First, we search for sentences that contain an ambiguous word (the
target word, henceforth). To make the extracted sentences useful for learning the target word,
we attempt to guide the clustering methods to separate the sentences that carry different senses

of the target word into different clusters. We influence the functioning of a clustering method
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by providing example sentences that carry specific senses of the target word. In the terminology
of machine learning technology, we label a sentence with the sense of the target word in the
sentence. Two sample labeled sentences for the ambiguous word “bank” follow.

1. “financial institution”: Mr. Black deposit the money in the Citi bank.

2. “place”: Along the bank of the Charles river, you may see the MIT campus.

Assume that we can collect a large number of sentences that contain the target word, for
which we need sentences that use a specific sense of the target word. Assume that we are willing
to label a few of these original sentences as we described above.

A clustering algorithm may employ the labeled sentences to build clusters of sentences
for our needs. The algorithm may take advantage of the labeled sentences as informative seeds
for initializing the clusters. In addition, when selecting the (unlabeled) sentences from the
clustered sentences as the final output, the labeled sentences may also provide guidance for
selecting the sentences of “correct” senses. If a cluster has many labeled sentences of a specific
sense, the (unlabeled) sentences in this cluster might have the same label of the sample
sentences. Furthermore, to select and output the (unlabeled) sentences in this cluster, we may
consider the (unlabeled) sentences that are closer to the sample sentences.

Assume that we may find thousands of sentences that use a target word, assume that we
provide a certain number of labeled sentences to guide a clustering algorithm, assume that we
cluster the thousands of sentences into tens of clusters, and assume that we select just tens of
sentences from these tens of clusters. If our clustering methods are good and if we select
sentences from a cluster conservatively, we may achieve high precision in the final selection
of the unlabeled sentences for the target word.

Empirical evaluations reported in this paper show promising results. Not surprisingly, we
found that it was relatively easier to achieve better results for homonym than for polysemy. We

hope our methods can be useful for building corpora for learning ambiguous words.
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Abstract

Human perception on the singing voice differs with the factors of the singing voice and the
subjects. On one hand, the background knowledge influences the understanding of voice for
each subject. On the other hand, the difference of the voices presented to the subjects also
affects the perception. In this paper, we discuss two factors reflecting on the similarity before
and after singing voice conversion: prosodic features and subjects’ familiarity to the singers.
Three experiments were conducted. The first experiment tested the subjects’ ability to
identify the singer. The second experiment synthesized the singing voice with different
singers’ prosodic features, and let the subjects score the similarity. The third experiment
presented timbre-converted singing voice with different combinations of prosodic features

from two singers to the subjects for them to judge the similarity to the target singer.

The results show that, first, the number of prosodic features contained in the synthesized
voice is positively correlated with the scores in identification and similarity. Also, subjects
who are more familiar personally with the target singers have better identification scores than

target-unfamiliar subjects on the timbre-converted singing voices.

Keywords: Singing voice conversion, Prosody, Human perception, Voice identity.
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1. Introduction

In the task of voice conversion, subjective tests examining quality and similarity [1] are used
to evaluate the synthesized results from human perception. The quality test asks the subjects
to score how great the quality of the converted result is, while the similarity test questions

about how similar the result is, comparing to the target speaker.

The acoustic characteristics of voice individuality can be described through timbre, pitch,
intensity, duration, etc. [3]. Hence, the synthesis of the voice considers not only the timbre
but also other prosodic features such as pitch, duration or intensity [4]. What effects the
modification of these features have on the identification of speakers [5] and how these

features represent individuality [6,7,8] have also been discussed in previous works.

Studies in voice perception have investigated on the acoustic features affecting voice
identity with experiments using the correlation analysis and multidimensional scaling
techniques [12]. The modifications of acoustic features [13,16] and vocal identity aftereffects
[14] are also used to determine the relative importance factors on humans’ ability of speaker

identification.

While some studies on the contributing features of voice identity contain timbre and
other prosodic features [12,13,16], this paper investigates only on the prosodic features in
order to find out the essential prosodic parameters for changing the perceived singer identity.
In addition, since that the majority of the voice conversion tasks only focus on the
development of the timbre conversion [1], using the source prosodic features for the
synthesized voice, we therefore want to examine how changing the prosodic features might
potentially help convert the voice more convincingly, and how that would reflect on the

subjective similarity test.

The result of a subjective test depends on the background knowledge of the participants.
When the subjects know more about the audio presented, the knowledge might influence the
test performance; in [2,15], the difference of the human ability on identifying familiar and
unfamiliar voices was well discussed. Therefore, we would also like to examine how
familiarity to the speaker reflects on the similarity performance in tasks related to the singing

voice conversion.

In this paper, we follow a similar experiment design of perception test in [11] by mixing

up the features of source, target or converted singing voice to discuss the effects of sound
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modification on the perception. Three listening tests for the participants are designed in order
to find out the effects due to the subjects’ familiarity to the singers and due to the changes of
prosodic features. Section 2 describes the experiments designed. Section 3 discusses the

listening test results and the effects of different factors. Section 4 then gives the conclusion.

2. Methods

2.1 Recordings

The recordings consist of parallel singing voice data sung by two female singers, F1 and F5.
The recording process was conducted in a quiet room with a microphone, an RME interface
and Cubase software. Each singer sang 9 pop songs, a total length of 17 minutes. These
recordings were further tuned using Cubase and cut into phrases, each phrase ranging from 7

to 15 seconds.
2.2 Participants

We invited 17 participants to the listening test using their own laptops and headphones. 53%
had a music training background (have learned musical instruments for more than one year)
and 47% did not. 35% of participants were familiar with the voices of the two singers before
the listening test, 24% knew one of them, and 41% of subjects were unfamiliar with the
voices of the two singers. 47% of subjects were familiar with singer F1, and 47% of subjects

were familiar with F5.
2.3 Experiment design

Before starting the test, all the participants were presented with a one-minute singing clip
from both singers in order to be acquainted with both singers’ singing voices. These audio

files could be replayed during the test if the participants wanted to re-learn the singer’s voice.
2.3.1 Singer identification

In the first task, we aimed to examine the participants’ ability to distinguish signers from their
singing voice. The participants were presented with 6 phrases from each singer in random
order. The participants would then be asked to distinguish whether the audio presented was

sung by F1 or F5.

2.3.2 Identification and similarity task of the timbre-carrying singer
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The second task was designed to examine how the prosodic and timbre features would
influence human perception, and how the changes of prosodic features would affect the
identification task. We fixed the timbre of one singer and selectively replaced the expressive
features (pitch, intensity, and duration) from the singer to the other singer. Out of the three
expressive features, there were 8 kinds of combinations for feature replacement. For each
combination, there were 4 examples (2 examples for a singer). The feature replacement
combinations and their nomenclature are summarized in Table 1. Singer A indicates the
original timbre-carrying singer, and singer B is the singer whose features are used to
substitute singer A’s features. In total, 32 audio files were thus prepared for participants to

listen to.

The fundamental frequency and spectral envelope of a singing voice were extracted with
the WORLD vocoder [10]. We used the fundamental frequency as the pitch feature. The
spectral envelope was further compressed into mel-cepstral coefficients, with the first
dimension defined as the intensity feature and the other dimensions defined as the timbre
feature in this experiment. The duration features were modified through the dynamic time
wrapping (DTW) conducted on the timbre feature if the selected identity was singer B; the
pitch and intensity of the target would be adjusted to the source length through DTW if the
duration identity was singer A. The selected and modified features were then synthesized into

the singing voice with the vocoder.

Table 1. Feature Combination of Synthesized Voice

Nomenclature | Timbre Pitch Intensity Duration
AAAA Singer A Singer A Singer A Singer A
AAAB Singer A Singer A Singer A Singer B
AABA Singer A Singer A Singer B Singer A
AABB Singer A Singer A Singer B Singer B
ABAA Singer A Singer B Singer A Singer A
ABAB Singer A Singer B Singer A Singer B
ABBA Singer A Singer B Singer B Singer A
ABBB Singer A Singer B Singer B Singer B

For each audio file that was listened to, the participants were asked to perform singer
identification and score the similarity. The identification task asked which singer sang the

audio, in the format of ABX test, while the voice of the two singers were introduced in the
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section before the first experiment (2.3.1). The similarity test asked how similar the audio

was to the timbre-carrying singer with the minimum opinion score (MOS).
2.3.3 Identification and similarity task of the timbre-converted singer

Existing voice conversion algorithms mostly apply original dynamic changes of source
prosodic features on the synthesis results with the timbre converted through models [1]. The
third task was to examine how the conversion of the expressive features may play some roles
in the similarity test. Based on the timbre converted from the source to the target using a
Gaussian mixture model [9], the experiment here tested 8 kinds of feature combinations on
pitch, intensity, and duration, shown in Table 2, to test the effects of the prosodic features on
human perception. The source singer is F5 and the target singer is F1. Each type contains 3
different singing phrases with timbre converted, so 24 files in total were presented to the
participants.

The usage of each expressive feature follows a similar procedure in Sec. 2.3.2. The
frame-based spectral features of the source singer were converted with a Gaussian mixture
model [9]. The expressive features would be used directly without modification if the
features’ assigned identity was the source. If the target’s duration feature was used, all the
other features would be adjusted to match the target’s length based on the DTW alignment of
the spectral features of the two singers. The target’s pitch and intensity could be extracted
with the vocoder, and the length would be adjusted through DTW if the duration scale was

assigned as the source.

Table 2. Origin of Features of Synthesized Voice

Nomenclature | Timbre Pitch Intensity Duration
CSSS Converted Source Source Source
CSST Converted Source Source Target
CSTS Converted Source Target Source
CSTT Converted Source Target Target
CTSS Converted Target Source Source
CTST Converted Target Source Target
CTTS Converted Target Target Source
CTTT Converted Target Target Target

For each audio file they listened to, the participants were also asked two questions,
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identification and similarity, with the identification task forcing the listener to determine
which singer produced the audio, and the similarity task asking the listener to score how
similar the audio was to the target singer.

3. Results of experiments
3.1 Singer identification

The performance of the subjects on the identification task of the original singers is shown in
Table 3. The overall accuracy of all subjects is 80.39%. When the subjects are more familiar
with the singers before the experiment, they will perform better on the identification task. The
subjects who knew both singers achieved 95.83% accuracy, while the subjects not knowing
any of the singers had 64.29% accuracy. The subjects with a music background were 8%

more accurate than the subjects without a music background.

Table 3. Identification accuracy % (mean + std)

All subjects

All 80.39+20.61
Familiarity to the singers

Knowing 0 singer 64.29+20.81
Knowing 1 singer 85.42+14.23
Knowing 2 singers 95.83+6.97
Music background

Without music background 76.04+23.33
With music background 84.26+18.37

3.2 ldentification and similarity task of the timbre-carrying singer

The modification of the expressive features from the original singer could change the
perceived singer identity. Using 8 combinations of expressive features, without the
conversion of timbre in the singing voice, the scores for each type (4 examples) were first
averaged for each subject. Then, for each type, the average scores of the 17 subjects were
analyzed to obtain the mean and standard deviation. The identification and similarity scores

for each combination of expressive features are shown in Figure 1.

As can be seen from Figure 1, when some prosodic features are replaced, the

identification score and the similarity score do decrease, especially AABB, ABAA, and
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ABBB have the lowest scores compared with AAAA. The reason why the scores of AAAB
and ABAB are comparable to the scores of AAAA could be that the two singers sang in a
similar style in the audio files randomly selected for these types, so that after replacing one or

two expressive features, the clip could still be recognized as the original singer.

Identification score Similarity score

100 1
80 A
60 A

40

20 A

AAAA AAAB AABA AABB ABAA ABAB ABBA ABBB AAAA  AAAB AABA AABB ABAA ABAB ABBA ABBB

Figure 1. The identification score (%) and similarity score (mos) of the timbre-carrying singer

with changed prosodic features.

The dependency of the scores upon the number of replaced expressive features was
analyzed and shown in Table 4. Category 0 denotes AAAA while category 3 (all 3 expressive
features were replaced) denotes ABBB. Category 1 (1 expressive feature was replaced)
consists of AAAB, AABA, and ABAA, while category 2 (2 expressive features were replaced)
consists of AABB, ABAB, and ABBA. For categories 2 and 3, the mean and standard
deviation of 17 subjects and 3 feature combinations were calculated. It is clear that the
identification and similarity scores decrease as more changes were made to the original
singer’s expressive features. When the number of replaced features increases from 0 to 3, the
identification score drops from 79.41% to 67.65% and the similarity score drops from 3.81 to
3.21.

Table 4. Identification and similarity scores (mean = std) of the timbre-carrying singer with

different numbers of replaced expressive features

Number of Identification | Similarity
replaced features | Score % Score

0 79.41+28.23 3.81+0.72
1 75.00+£23.45 3.72+0.75
2 71.08+28.88 3.47+0.71
3 67.65+30.32 3.21+0.78

Table 5 shows the results with a specific expressive feature replaced. There are 3
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expressive features: pitch, intensity and duration. For each feature, the mean and standard
deviation of 68 samples (17 subjects and 4 feature combinations) were calculated. For
example, for types AABA, AABB, ABBA, and ABBB, the “intensity” was replaced.
Compared to duration, changes in pitch and intensity have lower scores and greater reduction
from AAAA, indicating a greater impact on human perception of singer individuality.

Table 5. Identification and similarity scores (mean + std) of the timbre-carrying singer with

a specific expressive feature replaced

Features changed | Identification | Similarity
Score % Score
Pitch 70.96+£26.39 | 3.49+0.73
Intensity 68.01+28.27 | 3.36+0.73
Duration 74.63+28.49 | 3.54+0.78

Since each subject had different levels of prior knowledge about the singing voices that
were presented, we divided the subjects into 3 categories: familiar with none, 1, or 2 of the
singers before the experiments. The score distributions are depicted in Figure 2. Over all, the
scores increase when the number of familiar singers increases. In other words, for the cases
where timbre was unchanged but some expressive features were changed, the subjects
familiar with more singers had better performance on singer recognition. Even with the
changes in expressive features, the subjects who know the two singers have an identification
score of higher than 70%, suggesting that the subjects tend to rely on the timbre as the cue to

identify the singer.

Identification score Similarity score
N AAAA N ABAA . AAAA m AABA B ABAA ABBA
100 4 W= AAAB B ABAB 5 e AAAB m AABB . ABAB s ABBB

m AABA ABBA
80| mm AaBB | mem ABBB

0 known 1 known 2 known 0 known 1 known 2 known

Figure 2. The identification score % and similarity score of the timbre-carrying singer with

changed prosodic features and the number of familiar singers.

3.3.3 Identification and similarity task of the timbre-converted singer
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Identification score Similarity score

100 5
80 - 4+
60 - 34 -
40 | 2
20 | 14

0- 0-
CSSS  CSST CSTS CSTT  CTSS CTST CTT1S CTIT CSSS CSST CSTS CSTT  CTSS CTST CTIS CTIT

Figure 3. The identification score % and similarity score of the timbre-converted singer with

changed prosodic features.

In the conversion task, the expressive features used in the synthesized results could lead to
different perceptions in different subjects. For the 8 expressive feature combinations with
converted timbre, the scores of each type for each subject were first averaged. We then
calculated the statistics of the scores among all 17 subjects for each type. The results are

shown in Figure 3.

The similarity score is around 3.0, meaning that the subjects were neutral on the decision
of the similarity to the target singer, although the score seemed to slightly increase when
more target expressive features were used. For the identification score, the situation CTTT
achieved the best performance, which was 78.41% and was 21.55% higher than CSSS as
shown in Table 6, suggesting that using all the three kinds of target prosodic features led to

much better identification scores than using only the source prosodic features.

Table 6. Identification and similarity scores (mean + std) of the timbre-converted singer using

different numbers of target expressive features

Number of Identification | Similarity
changed features | Score % Score

0 56.86+32.84 2.86+0.82
1 59.48+31.49 3.0510.70
2 61.44+32.91 2.92+0.74
3 78.41+31.05 3.18+0.96

The scores with different numbers of target expressive features used are shown in Table
6. The calculation of the results was the same as in Table 4. It is clear that the identification

score increases when more target expressive features are used. The score slightly increases
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when using only 1 or 2 target expressive features, and the usage of all the target prosodic
features improves the score from 56.86% to 78.41%.

Table 7 shows the results when a specific type of target expressive feature was used in
the converted singing voice. The synthesized singing voice including target’s pitch and
intensity has higher probabilities to be identified as target than the synthesized singing voice
including target’s duration. The results reconfirm that pitch and intensity have a greater

impact of human perception of singer individuality than duration.

Table 7. Identification and similarity scores (mean + std) of the timbre-converted singer using

a specific target expressive feature

Feature changed | Identification | Similarity
Score % Score
Pitch 66.18+31.28 | 3.07+0.76
Intensity 67.65+32.05 | 2.99+0.76
Duration 61.76+£34.68 | 2.99£0.85

Table 8. The identification score % of the timbre-converted singer with changed prosodic

features and subjects’ familiarity to the singers. (Subjects: 9 unfamiliar, 8 familiar)

Target-unfamiliar Target-familiar
CSSS 55.56+37.27 58.33+29.55
CSST 51.85+29.40 45.83+39.59
CSTS 62.96+20.03 58.33+38.83
CSTT 51.85+£33.79 83.33+35.63
CTSS 70.37+20.03 66.67+39.84
CTST 44.44+28.87 62.50+33.03
CTTS 62.96+26.06 66.67+35.63
CTTT 77.78+£28.87 79.17+35.26
All 59.72+29.04 65.10+35.85

The effects of subjects’ familiarity to the singers on different feature combinations are
shown in Table 8. While considering only the factor of target-familiarity (averaging the
scores over subjects and feature combinations), the identification score of the target-familiar
subjects is 5.38% higher than that of the target-unfamiliar subjects. The target-familiar

subjects achieved higher identification scores than the target-unfamiliar subjects in most
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combination types. For the cases of CTSS, CTTS and CTTT, the differences between two
groups are relatively small and both have the accuracy higher than 60%.

3.3.4 Discussion

In the second experiment (cf. Sec. 3.3.2), the change of the prosodic features in the singing
voice of the original timbre-carrying singer degraded the performance of the identification
task. In the third experiment (cf. Sec. 3.3.3), the type CTTT achieved the best performance
among the 8 types. When more expressive features of the target were used in the converted
singing voice, the identification score for the target singer improved. Both experiments show
that the modification of pitch and intensity have higher influences on human perception of

singer individuality than duration.

Subjects’ familiarity to the singing voice also influences the identification task. In the
first experiment (cf. Sec. 3.3.1), the subjects who were familiar with the singers personally
achieved higher identification scores than the subjects who were not familiar with the singers.
In the second experiment, even with the changes in expressive features, the singer-familiar
subjects seemed to be able to rely on the timbre for identification, thus maintaining an
identification score of greater than 70% (for the subjects who know both singers). The third
experiment showed that the target-familiar subjects had a higher identification score than the
target-unfamiliar subjects and more subjects in target-familiar groups successfully recognized
the synthesized results as produced by the target singer when converted timbre and target

expressive features were used.

Each feature combination type in the experiment consisted of 3 or 4 randomly selected
files from the data set, and the scores discussed were based on the answer of the 3 or 4 files.
For some phrases, the two singers might sing in a similar way with less individuality in the
singing voice. If these kinds of files were selected, the identification would depend more on
the individuality of timbre itself rather than the expressive features. In the future, more audio
files of each types and more subjects could be included in order to cover more situations so

we may have stronger conclusions supported by rigorous statistical analysis.

4. Conclusion

In this paper, three perception experiments were designed to find out the influence of the

expressive features and the familiarity of the subjects to the singer on the perceived singer
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identity in the synthesized singing voice. Identification and similarity tests were conducted.

We found that, first, with the timbre unchanged, the modification of the expressive
features to another singer degraded the performance on the identification task. Secondly,
during the voice conversion task, the identification scores for the target singer improved
when more expressive features of the target were used in the converted singing voice. In
addition, in the task of examining the timbre-converted voices, the target-familiar subjects
had a higher identification score than the target-unfamiliar subjects when target expressive

features were used.

From these experiments, we therefore conclude that not only the timbre but also the
expressive features play a role on capturing the singer’s identity in voice perception, and the
subjects’ familiarity to the voice presented also influences the results. The task of voice
conversion should also take the conversion of expression features and the subjects’ familiarity
to the voice into consideration in the future development. In addition, to support our findings
by rigorous statistics, more coverage of audio files shall be used and more subjects can be

included in future work.
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AT TAERHDAGEE BEET x (18 (x-vector) ZEfERHE » 7 —EEEIER A
G o BRI > FMITRHAIH =JcaliRsk (triplet loss) 2RHL B [FI5E#& 5 AIHA R
B2 FEIHVEERE o BT o NS B RE R FHER R PR RS R AL 5 2 BN A 2 fEiA
CUERYEN > LA NEEEERRE M EE & R PRasas R - FMILI NS (VoxCeleb) 5
EWERE PRSP HAY R - A ERERS 1251 B NEEEER -
FIFTR A 2 S B — i (top-1) AYPRSRIEREREy 59.57 % » AU FL(EHHE (top-5) (Y
P R AT AT DLZER] 80.32% »

Abstract

In this research work, we build a speaker recognition system based on the x-vector framework
for speaker verification. During training, we propose to use the triplet loss to increase the
distance between the embedding vectors from different speakers in high-dimensional space.
During recognition, we use the European distance between test-utterance embedding vector
and enrolled-speaker embedding vector for similarity measure, thus predicting the enrolled
speaker with the minimum distance. The proposed system is evaluated with VoxCeleb speaker

recognition dataset. The test set consists of utterances from 1,251 test speakers. The proposed

310



model achieves the top-1 recognition accuracy of 59.57% and the top-5 accuracy of 80.32%.
[BASEGE © FFAERRAEAEES ~ FEE PR - =JTaHIRk

Keywords: TDNN, Speaker Recognition, Triplet Loss

— ~ 4HEm
P R EIR IR QR > BREERE R i PV T — » AR 18 E AR ATEZ

o 115 oy e B R i — I SR A e F el > DART L SR R AR A A P Ok
ZSR R v DR AMEY H 8 A S SR B A USSR E VIR (U R SRR B
B ARG HERNER L - ANESHREE A TR ML o (2
R R DUETTHRE > R LAY -

Hrp o sEER S ERA P ISR E > SR AR EME S HHsEE s R
{TEE > 2 S B AR R HI D - ZAMAE— L EERAVIEH | - A PIBRaiE K<
BAERENE - HRERIREM S (R DR - ( nEE B HVAR R & - B BRIEE LTS
AVPREVEZER T A N TR < > B 7Rk E &R MENTEC 2 > B R M ET
CHYNHETHES > T SRR R EERRER - ISR P MEECHE
F PR & - (FRefR (i & HZ B bAV S (A& miBue —(E R AR Z %45 <
HRPRE LB S il o e b R AR ™ R E AR YA -

PRI > AE B P (o P A R aE B B St M - R S5 % o B oy P (5 FH O 68
ERHPHIREE A - AT AR BRI S ALY Softmax HY ST IHES AR H » Ry TR IE(E
[ - AR > FAMEL x AR [1] A48 AEE > WA EREERE (Representation
Learning) [2] AV > (ERFAEMHZELEES (Time Delay Neural Network, TDNN) [3] S HUfS
ik \Ir & (Embedding Vector) » {i#E ¥ EE M= Z i AR A TEEMAVEIE - Kt
BRIV ENEEE A S - e REEE S Z iR A B BT A S 5
EIARTHET AU EE Y M AR Dl R 2 HIE M GE A 2 5B -y T 48
ffEREEt > FPIMEFEASOUFIRR (Cross Entropy Loss) ZE/IIGUHAL » kA =T
8% (Triplet Loss) ZCHHERYAEL T3 - (54 FIREEAYIR A [ B AL 42 M AT H
A -
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ASLEZSY Ry AT + 55— 800 Redam © 55 8l (0 R HBAT TR [EIBREL B 5 25 =1
{0 Rt 7R B0RAE - A ERE - BRI - AU - SRR DU SR8
MIEEESS FAR © SR B A R B BRGS REL T - BRI B AR e - WARIE B e
SERIETT T BB RefEaR -

— > HHEEFE

TEEEE YRR 2 b SATEAIfEE! (Gaussian Mixture Model) [4] #7178 157
B A e 1S R A A - ] By S A (Gaussian Mixture Model-Universal
Background Model, GMM-UBM) [5] S 2—({EEZAEM - 85 SHEAE— AR
e EAIEAY > N F SRR S R A ¥ RE 2 34— = W B AR A A R
BHVRHEO G 2o AT ARSI E R L S — (@ Ry S =AY RoRHsEE i
B8 (Speaker-independent) FYRFEIIM - A& FHE TR ERE SV E R L ey SR AT E
SRR o 1% 0 By TIRJEAREISREAEE > FeE 0Vt S Bk R — AV RRE -
ot &N ZE 73 (Joint Factor Analysis, JFA) [6] fgtHi GMM-UBM Fris el @&
(Supervector) H#E{TRIZE 734 » A 73 Fy il E +2Z[H (Channel Subspace) ik -+ 75 ]
(Speaker Subspace) » JFA fH{EH5RE L FRIBERRATZEE » SFATHLAE L FRA Rk = R
MECEE » (HR&EETRAE - ZRMAE[7] FalEER - mEE A EFEE & Ry TR
EEE - BT R AP E R RS RE R E R/ (Total
Variability Space) » [T % EAY 4 5K T HIl % 5 i-vector (Identity Vector) [8] » £E 2010 4E
£ 2016 F 2 [EHVEEE RS A5 PR i-vector BEDUME R ASBRRIEFTTSCEE -

Syl HINAEEERE (Deep Learning) £ [EIEHEITALN - NP E SR A H
KRR I FHAESE S PRI (E RS | - ££ 2014 £ d-vector [9] [EHIVUSE 256 4ERSiIEHIZ &
BRIEs I TREEE > Wit —EiERE IR AR E > SR 7 H AR
LAY L (Convolutional Neural Network, CNN) [10] /& 2% A8 &8 48 % (Recurrent
Neural Network, RNN) [11] FAZ#E-EER0 2800V EE - 27 2016 £ > i FE 1
B [3] HY x-vector [1] #efgth @ EiE BEAVRF CAEREIISE M TA * JIARES ~ 1
-~ EHERIRIER (Data Augmentation) [12] » (/IR 2 B RIS G BRE
HAN 2 FRIENE © 415 x-vector ELEEIE H AT AV SEEa0r EEREE 2t 2 — » A
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Y HIEEEYER 2L x-vector BRI T
=~ AR R

(—) ~ VoxCeleb &ifl£
VoxCeleb &I T 43 5 VoxCelebl [13] Bl VoxCeleb2 [14] » Wi 5 By ASERE (Text-
Independent) EZERIE » AR E R Youtube H44 AHYEZH » RILNA A RE &AL
SRR E R A ASGEE S - BRER TRIGEES 2SN - iRzt EEE
DURHER] > BRI R AR A1 — » VoxCelebl ‘B /5 EE N THE RIS E] 77
A e iEEe rE| (Verification Split) Edf=Er ! 77 F(Identification Split) - Fife > &
a2 EEMEE - ZREERRERS A EMEEREET A EAUIFE 3% - Hep
a2 e 70 E Z Spre SR BUHIE B P YRR B N EAE - IsE i 0 B Al SR EE ~ st
%~ A EEFAVEEEEE -

Z%— ~ VoxCeleb &l

VoxCelebl VoxCeleb2
s o & B &
dev test train dev test dev test
EEE 1211 40 1,251 1,251 1,251 5,994 118

HREEL | 148,642 | 4,874 | 138,361 | 6,904 8,251 | 1,092,009 36,237
TEERMEA | > AP ] VoxCeleb2 g sk AY ~ i VoxCelebl sl 73 &Y
A EEAGETREE AT AR RS ~ (EH VoxCelebl Bizg 7y IRV EAGEI TREE W
o 0 SE PRI R SRR e N R R S R R EAHRE -

(=)~ BB e

HFMIERH &G SR (Data Augmentation) HYFMT - BFERHIIALRS ~ BUEEEREIIAL
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2 MMeEEITEREEEESRNE > R RGE IR - A IER MUSAN &5
HE [12] DOAEZ BRI FEEIAREZEE (Room Impulse Response) JII A EACHE THY
ISR - i MUSAN SBRIEAN B S = (57T > 77hRyEE (Speech) ~ H4E
(Music) Edig (Noise) » JEERHEN AN Ry B E AL BRI B YR S BUE < BT
i SR ST HY AR © By A T LB AURA TS e B e S
REE > [HABEMEIAR SRS N AN - (LR BRI R IRHEIE R - NiE
REFAEE > BAMIAEEE N - M2 1,000,000 {[EEHERE SRS SR G

H T AR R -

(=)~ B EEIERL

HeAPIFrT{s P RO SR R Pl R (I HEE (58 (Meel-Frequency Cepstral Coefficient, MFCC) >
Bt N HEER Mty — B SR R AE R EAE A S AR ERIE0R
R MM AR RAgE ZIE (Mel Scale) BCEAE(RAARIHEE « S HEHRHTHY
= AT iEERES (Triangular Bandpass Filters) » /R N F MR = B2 8 R B {H
e A (AR R RS - M R R B S R B AR A — » sE 3 s SRE I T
55 (Pre-emphasis) » SREETHESRAVER ) - IAEFRAVIHRREG T - Z 18 K2 (EHUR B
G —(EEDHIBEAL - F8 Ry EHE(Frame) » 79— (@ HESE F%44 & (Hamming window)
ARG H0EHE A D B A D AR A M o PR SRS AR IRHER AV LR EEE L ERSRAVRH M - Rt
eSS R E B % (Fast Fourier Transfrom, FFT) i aHsft {EiHE(E ST A HIS(E
5t b ARE Bk EZE - FHRHMS BIRVAREL e L2040 = fmr iy s - 19 51— (R
78 YA S5 SRR & (Log energy) 1% » R ¥ B AE & 4% Bk B 6% 7% i #2 (Discrete Cosine
Transform, DCT){% R[J ] #53-t fH IS (R EL -
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e

[ — ~ e R IR R B SR R B -

N EIEERR S B 5 2 RR M Kk B S B FE R R T NI HVERER v 5E Bdg) [ 4 e
EAVRR BRI AN E] - M s B E A HFHYZERESR © FR T (IR R v S v REAYIE
& A RBVIREE Z A BTN AR EOE R BV T A8 B3I I S S e e -
RS T (B 18 B TER(E (Cepstral Mean and Variance Normalization, CMVN)

= BRI CHY )T7E 2 —  FER R E B R - S = R TR b
B —HENEERE AT S EZFEHE RN 1< t STHI<i< N x()F
R Bt EEAE P B IERRE  1RF x (D IER LR 2, (DRYAZT

2,(0) = xt(i;(—i)u(i) (1)
Hr
1w (2)
B =7 ) %)
3)

1T
o(i) = 7 ) (e (D) = K(D)?

(09) HFE s

AT P A BRI K A R A TR A1 ] — > B AR AR A o] DL Gy R WA (& B 15 > o3 Bl By iz g
4% (Frame Level) B ERfE4K (Segment Level) - fifE]fH4istt{b@ (Statistic Pooling



Layer) ZGRFEAERE AT E R R Bl - ARIAR 1% — /gt g By 5,994 4 softmax

e -

g

FEFAFI RS T ZHE fE SR Ry TR 20 » 55— B8 — Jg HUAEARAY S {5 AE Rol AE(T2E
B 2 =BRAZHGHAT 7 (EEHE > SEIUEEE A AMEET 1 (F © RHEE e E 2
75 B el A HE AR AR R A S AR - BB R S i - Feh A4 T AU R E
SEORHEEFAEAVER  AE B EBARGE RIS - G LB FrA et BBl
B BENEERERAVER - 1IN R EEE T - 98 REEE B it B2 (b (Batch
Normalization) 1 Rectified Linear Unit (ReLU)SE pRE o iS40 52 1% » BRI
Segment 1 B EVAE: 512 4ERTHR A G & -

g
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_ ‘%%%%ﬂ%%%..wg
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o e P e e o
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SEEEEEEE 3
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e EEERRRT T
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FEAE R =JTAHATERE T - FFEEEE ARt > BRI RE Y IR A L —
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THY softmax FIIGRFEEL) HYRZEE - PRaTiEd = esHIBRAED T softmax HYMRMF T > 25
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TEAEERHEERELRE S AE RIS RER B HEU AR S 5 L RE AR AR 2
EEEHRETHIRE -

B4 RRAE VoxCelebl Bisg oy EIHVHIEE R A FHE T2 AL trials #ETEREEAVE
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Cost Function)sKEF il 247t - SBEELLIR [14] ATLLZE IR E (A softmax I EER £y 9.64%
i = oA ia R M AR A softmax THA/SRIEAIEF - EER RIB&SZRE] 10.39% » A iE{HE

FH = 4B BN L softmax FHA SR AEL4aMEEEAYEE - EER HRHEZE 6.84% >

minDCF H1 25 (& » 5 0.6278 -

%=~ 1 VoxCelebl ¥ %R BB R

PG Vags EER minDCF
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Triplet 10.39 % 0.8919

Softmax + Triplet 6.84 % 0.6278
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EIFEREAIS I 28R BB = rAH R B R [EIEE < R AR -

(a) Softmax (b) Triplet (¢) Softmax+Triplet

&7 ~ 1£ VoxCelebl sEEERE Z BT i

HERBEYIA I ML Top-1 AERESRET Top-5 R AEFAE IR » Top-1 SEHkFoR I
AT AR RS 8 P WIS S PR #64 FIERE - Top-S HERESHIR AEHIERT
TR A B 2T B BV P I

EREFRNTR= > HTEIA softmax |G HE=TTaliBAHE 2 1% - FESEEPES L
HAFTES - HEHAMEF softmax FI|% Top-1 HEFEREETT T4 5% » Top-5 HEREREF
749 6.3% - (HEEEEREE R P88 - )2 A softmax TR SRERIAYEEAE &R
KAV - SRR PR LI -

= ~ 1F VoxCelebl :EE Y% B EnssH

BT % Top-1 EpEE  Top-5 EHEE

Softmax 54.59 % 73.67 %
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Triplet 23.68 % 45.58 %

Softmax + Triplet | 59.57 % 80.32 %
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Abstract

This paper describes the development and first evaluation of the new Slovak children speech
audio corpus for improving the automatic broadcast news subtitling engine developed on the
Technical University of Kosice in cooperation with the Slovak Academy of Sciences. The
current automatic speech recognition (ASR) systems are reliable for a clean, prepared speech
of adults with not very long pause inside the sentences. For speech recognition of children's,
it is still a challenge from different reasons. They use much slang, and diminutive words,
undeveloped pronunciation, shorter vocal tract (different speech parameters), the sentence
syntax is different. The paper presents the results of the children speech automatic
recognition from the system built for broadcast news transcription.

Keywords: automatic speech recognition, children speech, audio corpus, annotation, database

design.

1. Introduction

The speech technology has significant potential, currently it has growing interest among
children and technically enthusiastic people [1]. The International Speech and Communication
Association (ISCA) has a Special Interest Group (SIG) for Child Computer Interaction
(CHILD) [2] and is organizing a special Workshop on Child Computer Interaction - WOCCI

and last years also Language Teaching, Learning and Technology - LTLT. This year a special
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session on the prestigious Interspeech conference will be held in September 2019 in Graz

called Spoken Language Processing for Children's Speech [3].

The development of children's speech corpora for different languages is in progress [4] (British
English, German and Swedish), [5] (non-native English), [6] Chinese, [7] Cantonese, [8]
Jamaican English, [9] interactive emotional children speech and many others. For European
union also small European languages are essential for electronic communication, so we
decided to start the building of Slovak children speech corpus for improvement of the Slovak
automatic speech recognition engines already built [10, 11]. Of course, the speech parameters
different for children speech because of different vocal tract sizes [12], and they are many
algorithms (Mocal-Tract Length Normalization - VTLN) how to handle it [13]. For children's
speech, the formant frequencies are higher, the speech rate is slower or higher than in adult

speech, and the language contains more home slang, garbled and imaginary words.

The Slovak language belongs to a group of Slavic languages, which are typical of inflection
and free word order, which means it is morphologically rich and uses a very large vocabulary
[10, 14]. These features make the Slovak automatic speech recognition task very complicated,
and a large amount of data is required for automatic large vocabulary spontaneous speech

recognition [14].
This article describes the first step, the collection of the first data, manual annotation, and

testing of the current ASR system with children and adult speech recordings.

2. Building the database

For children's speech, there are very few freely available recordings on the Internet,
especially in the form suitable for speech recognition system acoustic model training. We
decided to use the TV series' recordings. There were several problems when using TV series
recordings. The vast majority of segments are tinged with music, which would not matter if
we were trying to build a model that would recognize where the sound begins and ends.
However, when it comes to recognizing children's speech, it can cause distortions that will be

undesirable for our purpose, and our results will be affected to some extent [15].

The main problem with a database suitable for acoustic models training is the resources
needed for quality data annotation. This task is very time-consuming, and another reason is

the lack of publicly available data, and therefore, our database is of a more modest size [15].
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The database of children's recordings is made up of segments of children's speech from the
television TV series of commercial Slovak broadcasters Markiza and JoJ. Specifically, they
are the TV series Daddy (Oteckovia), broadcast on Markiza since early 2018, and Holidays
(Prazdniny) from JoJ, the first part aired January 18, 2017.

The recordings were downloaded from premium archives of the TV broadcasters in Full HD.
We cut the utterances with children speech out from the .MP4 recording and merged the parts
without background music. The audio codec used in original file was AAC LC (Advanced
Audio Coding - Low Complexity profile) with 48kHz 257.05 kbps Stereo settings.

Then the WAV file was exported in 48kHz Stereo PCM format and annotated with the
Transcriber [16] application (Figure 1.). The collected database statistic is summarized in the
Table 1.

Table 1. Database statistics

TV Series_Episode (Date) Lenght [minutes] Number of words
Oteckovia_E1(1.1.2018) 2:59 298
Oteckovia_E2(2.1.2018) 5:15 550
Oteckovia_E3(3.1.2018) 4:35 601
Oteckovia_E4(4.1.2018) 2:56 364
Oteckovia_E5(5.1.2018) 4:14 510
Oteckovia_E6(8.1.2018) 3:49 519
Oteckovia_E7(9.1.2018) 4:57 650
Prazdniny_E1(18.1.2017) 4:23 513
Prazdniny_E2(25.1.2017) 7:58 739

Total 41:01 4744

3. Transcription process

In our database, we have annotated the age, real names and surnames of publicly known
children actors, so that we can see how the system performs with different ages of children
(Figure 1.).
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Figure 1. Transcription software used (Transcriber 1.5.1)

The gender, dialect, and the mother tongue (native or non-native speaker) were annotated for

each speaker.

The mode field was set for speaker turns. We use the spontaneous option to indicate that the
speech is spontaneous, unprepared speech or conversation. Mainly spontaneous speech was
annotated for children. The planned speech is commonly used by studio moderators and sport
news anchors. We follow the rules from standard broadcast news transcriptions [14] for the
fidelity and the channel quality. Similarly, annotations mark the background noise and

intermittent noise (see Figure 2.).

Annotations of the speaker turns follow the rule that one speaker turn should be no longer
than 5 seconds. The capital letters at the beginning of the sentences were not used for easier

named entity recognition.

The transcription process was made manually by the bachelor student and verified by his
advisor. The plan is to extend the database following this proposed process in next year using

more student annotators and expert verifications.

328



[ Dwverlapping speech

Cieale speaker Modify speakes

|F anna_Qayumaova_12

Mame:

[T speling checked T global name

" no speaker

|zabela_Gavomiova_7
Jakub_Hordk_12

Laura_Gavaldova_B
Marod_Bahas_B

Extemal Speakers Database ;

I Tup= famals — I Tobias_Fral_7
Diabect natiee — il il
M ode: spontansous  — | Fadelity: high —J Channel = |

o]

Deztioy

Figure 2. Transcriber window for speaker turn metadata.

4. Evaluation of the current subtitling system with children recordings

The current automatic subtitling system for Slovak TV broadcasters was developed thanks to
many years of Slovak automatic speech recognition development of Technical University of
Kosice and Slovak Academy of Sciences consortium. The previous system was based on
Julius [10] mainly prepared for speech dictation into word processing editor. The next
generation was built on Time Delay Deep Neural Network (TDNN) models based on Kaldi
[11] for broadcast news transcription [17]. This version was also made online for public

testing and evaluation on [18] as seen in Figure 3.
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Figure 3. SARRA web user interface of automatically subtitled content

The SARRA system is built to work in multitasking and scaling environment, so the user’s
task could run on more instances of the recognition toolkit at once. The first part of the
process is voice activity detection and speaker diarization for better segmentation of the large

audio uploads. The smaller segmented parts of the audio could be scaled better.

The next part is the primary automatic speech recognition process built on models from about
600 hours of Slovak speech from broadcast news and TV discussions recordings. The
acoustic model is using 40MFCC coefficients with online Cepstral mean normalization
(CMN, in first training phase) and 100 dim i-vector. The language model was built from 1.89
billion token corpus with 500 thousand unique words vocabulary smoothed by the
Witten-Bell algorithm [17].

The last part is the post-processing of the recognized text to convert it to the TV subtitle
suitable form. The requirements were that the amount of text is limited on one subtitle
caption and also the time for showing the caption should be long enough to read them by the
viewers. Finally, it is expected to have the subtitles adapted to speaker changes where the

diarization engine results are used.
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The current engine could achieve 14.6% WER (Word Error Rate — the number of errors
divided by the number of words in ground trough data) for broadcast news transcriptions
where the variety of speakers and speech styles is wide [17]. For comparison, the dictation
engine could achieve 3.93% WER for prepared Slovak dictation [10].

After the uploading and evaluation of the results from presented children Slovak speech
database, we achieve only 47.81% WER, mainly because of 9.18% OOV (Out of vocabulary

words) rate and very spontaneous speech segments.

5. Conclusions

The resources of children speech are scarce, even for major languages [7]. The presented
database of children speech is the first one for the Slovak language and provides essential
experiences about acoustic and mainly linguistic features of Slovak children speech. The
development of adapted acoustic and language models for the Slovak automatic children
speech recognition is in progress. There are several goals ahead, but mainly the extension of
the presented dataset is planned for next year using more undergraduate students and expert
verifications of the transcriptions. The goal is to present a special version of the SARRA
models [17, 18] for children speech and evaluation by real users also for dictation and
Human-Robot interaction purposes [19] based on the running international collaboration and
projects.
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Abstract

From an educational perspective, it is important to provide students of different grades with
reading material of appropriate difficulty for better learning retention. To deal with this problem,
it is common practice to use a set of handcrafted features, for example, hard word rate or word
count, to distinguish articles into different readability levels. However, these traditional
readability features are often too shallow to represent deeper semantic or syntactic structures
of the articles. In view of this, we present a modeling approach that leverages a recurrent neural
network to hierarchically encode both the semantic or syntactic structures of a given article for
better readability classification. Furthermore, we also seek to make extra use of traditional

handcrafted feature as side information to further boost the performance.

BT ¢ TN SRR - FOREENE - BRUEALYERS - M A YERS

Keywords: Readability ~ Language Feature + Representation Learning ~ Convolutional

Neural Network ~ Recurrent Neural Network
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Sentence Representation
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e

Ram L T EAMEED - — S —Em U P SGEE R A4 —REREA
MR Ay OOV(Out-Of-Vocabulary) i » WGRFEBERE 2R - DU H 1% 3 #hiE s A [EE
RURNRE S e A2 2R A © T A Bk B 2 AR E S iR S — AR E

AEm {5 A Kaldi speech recognition toolkit FYIREE fRLwE - fFREERFERIE T » A
B I haS4EES TONN DU S 2 &l & 2255 (phone sequence)y HEY » 1
SRS BRI - A SR MBI AR SR ENEE S Bl g Ei & it - AR
fig > WA n-gram SESERIAYEIGR - DUERE Z 7RG 75 (word sequence)ty H
Y > MEA TS AR T R R S IR B R R IER - DUSZ BB ME E  2 3RRR Y
SO PR RS 0 IR o SHEDUE AR H ARV RTRE » Asm SRR R A SAEE S
RERI DI class-based model #Y 5 =0 EH#H word-based model 1Y A 44 » DAZEEHEER A
HHVEHT

Abstract

There are two purposes in the paper, one is training an efficient ASR system, the other is
improving the OOV problem caused by the personal name, and we want to recognize it for
the purpose of making transcription of different kind of speech data. Name recognition data is
also an important training data for the NLP.

The paper base on the environment of Kaldi speech recognition toolkit. In the acoustic
model part, we use many different kind of neural network such as TDNN to transform the
speech information into phone sequence. In the language part, we add Chinese special
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language information such as variant word combination and name entity decomposition,
using n-gram language model and lattice rescoring to transform the phone sequence into
word sequence. We also tune the parameters and weights during the decoding process to get
the best operation point to obtain a ASR system which is not only good at recognition rate but
also efficient at recognition time. Moreover, we focus on the problem of difficulty in personal
name recognition. We build a class-based like model to replace the original word-based
model of personal name to reach the goal of personal name recognition.

e in] - EFERAEA SRS - hSOR g e AR S PR © B AR AE R (Time Delay
Neural Network, TDNN) ~ 75 4458 #¥:8 (Named Entity Recognition, NER) -

Keywords: acoustic model, language model, Mandarin large vocabulary continuous speech

recognition, TDNNs, named entity recognition.
— - R

() B FEEn

S SREE RIS I - B E R Y RIB PRS- P E ki 2 B RE s
Y T ELEEAYEEEH » 400 HTK Speech Recognition Toolkit', Kaldi ASR?, et al. Fl|4i—mFHEE R
P FR 4R A B E o Wk L B T ] 45

BE  Praskas G iR H N EA LR N ENRE - e IIRRCREEITH
EETHR L 2 EEE 4R PRI BN 2 e i B SEFTall R 2 el - BB IEeR 2 TEHE
R ] =2 90D (FFEE R 10%/54) » HE AR bR R ~ e sl - &
Wk s HIN BUA S 2 LR i i DA B fana i Ry B H R EUR I A4
e IEHERE AR E] 50%(0E —) » itEsR - ke — a8 A% PEREE R
TR o A NRERES KGR R —EIFF EEAER  FlafEHE47E > # N
AR AN N SERE R AIPRAEER > TER T A BB AR > BE > EHEEES
FFAZEECER OOV BRI » AMEANSEEGEEPRER A HR SN g8 a A%
H)FHIREREE ) > Rt AEEREIN AR S Pk as A\ 2 ey FHEEES
B INSEERHIIA AR ER - DA S e B A 2 Pk -

" http://htk.eng.cam.ac.uk/
® http://kaldi-asr.org/
* $5 ISCSLP 2018 Formosa Speech Recognition &4MEE »
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DVC smi AS NCTU MSL cyberon2 TSTL PEGA_AIA AROBOT warm

m CER(%) = WER(%) name-WER(%)

— ~ EEERT TR s (BB A 20 77 Bl Ry #8ER R (CER) ~ FAlgHERR(WER)EE A
Al R (name-WER) )

()WFETT1A

ARWFCRFE TN BT 2 W es 2 Wi R Bl B TS - A0 RE H ISR S -
1L AT R e R 2 A 44 -

Kiam S E S R R BRI 20 ~ g ~ sE SR8 (SR E 5
(B 5 W AR L EAS- a0 B a8 2 1 ST - (RS B — (i B A 3 2L
Hrakas 2 1% > Kot EEr s N AEF L > BIRE(Out of Vocabulary, OOV)#(E4 S

A Fs OOV gk REE %~ H IR EmHIErs - NEEEETE OOV #
HI N RIBEEE - B4 ST — word-based Language Model » W% H FT A A (Word) »
ik N4l — 2 =&/ NEEIT.(Sub word unit) » RANE B ZOR P T 2 AAHEE TR
HE > R AR A G 2 A A s S B (Syllable) » DA ERRY 7 =0 A E R AR
BB T RER AR - B ARE IS ISREER > RS s T B S AN [E Al HE
NLEMHERNR » DEERE AL HE  Ib7E 0 DRSS B A APk A
TERR T B AR R A% (BSRE S AVEEHER A RIVEETT -

S NN

KER M EANAE R 2 FrAERE « B i AR EFlSEEA R sBRHTA
TCC300 * NER k2 AlShell BifHEE - 15 T RIEUAE S 2 Wk 8 S A [EIER AT R
AEJT » INIAE AN EE R 5852 | (/) TCC300 Kz NER sHkHEe » it NER RyfEEifsik) -
SRl ST By ey FEZ N 2 52 RE R Clean) LU 27 A N R R s 2 e o 2
HAtrsHRH(Other) -

(—)TCC300 #E /=

ARKEE T FrEAEY TCC300 Z5rEaE = & RE [1EHEITLAC EAEE (National
Chiao Tung University, NCTU) ~ {17 % T A2 (National Cheng Kung University, NCKU) -
BRI 17 578 K2 (National Taiwan University, NTU) 2L g8 AL - I H 2 REEERE
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=B B dr(The Association for Computational Linguistics and Chinese Language Processing,
ACLCLP)ZT - tsBRlEBNZ T EEEE S - FTEEN ARG B P GEE
SaBHFEE ] » HrPElllSREERIEY fy 24.4 /NF - 304780 {lE = Ei s AR EHRIE Ry 2.4 /NI -
26357 {lE=EEY -
(Z)NER :EfiE

NER 3ERIEE [2] » 4445 NER Manual Transcription W1 » BB 7 ZLRHE AR
HxAEEFEG SR FENE  TEEHNAREHERFEC ZEH  E4HH
By NEBERMBEEZSERE - NERED BXGEMEEH - 2 HE R
(Spontaneous)zE & » (% /&7y Kol R E 2 BHEE (0 (Reading) 35 - H ol SREE R Fy
111.5 /]NBF » 1715091 {68y 5 HIEEERA] 70 Fiz 358 (Clean)#y 1.9 /N - 33660 [
B E R B E AR (Other) Y 9.0 {[E/)NRF » 133746 (&= Ei%L -

(=) AlShell

AlShell FERHEE [3] > & HILHA B HRRHCA TR A SRR BlsE = B - $d
WA FEREER ~ MAERE 11 TG $REUARE B LA E NEREE -

{5 F SR 28 oo ek LT B > BUBRARER Ry 44100 Hz > 12 {REAUER AR £ 16000 Hz -
U e 8 Ry 16 firyT @ 1 400 £42k 5 AR [E OIS i E A S BLEE SR BT A - EaBRE
AR N TR - TEMERTy 95%LL E - HrdlREamlayfy 162.4 /N - 1862171 ([
TEIE WEEER - 49k 16.6 /Y > 178041 {ETFENEL -

= FEHEEHER R E

FHHY CLDNN g édiseh 2 LSTM JERYJFEIN > BEHER 7 AR 2R ARy T -
HETE - HEEZER T —fE Resnet-like TDNN-F #5181 [4] » DUNIZEAERES @8y 5 =g
sREAT 7 B RE YT > HAERE L& 2 fEffin b— & Bottleneck layer ({828 - DIBEAS
BB S B T S 2 [EIRE > AGf0 | Skip connection » P52 b — @42 28 -

BEAEAYJRfEE A TCC300 ~ NER ~ AISHELL {F RalllSkaE1) - FrESBrRiiaUR 40 4
Z Fbank > AR &5 2 (HEHE(2-1-2) > JPRL 200 HERF AR - R —(E LDA JEfE -
i85 TDNN-F 2 AFFEUR & - e beie (haT(E# R 1536 - Bottleneck layer .2
FHEETTEE Fy 160 > Bypass-scale £y 0.66 > #itHAYEUHIRREE H Fy 2672 > G83E 5 15 JF -
ZRIRAIE —
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v
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Output
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— ~ TDNN-F R A fiE]
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RERER AL ERER FIE T2 A RIS A% - SR SRR T AR/ NG —— el
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AbHFE R el SREHR AL 2 S r 3Bl 44y 25 (RfEREs - BElbih ¢
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Bt~ ALRUHTEE R T -
® HArHS KBRS R E e R FER
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HHA NIRRT 22 AR B B iElaiit - By T SISk R R — R ABiaE > A B Sl
Al & H S — LR AR B - (o HLAE ST LIsE - BIAR SCE T IR AR5 ~ &
EHFEFR T MTHSE TR (EEAZE A RrER - 9 S AR
] - tepR e i B 2 AP ERAN[E 25w (variant word) Z (A S G - HPOCY [F]FaE H EE
REREFRGRER ZFENERERCRE  fIMERRERSTZE—  Bl— ARETZE
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It EAR G BB LR - Giatsh = AR G (2 Lo e R A FRVsA 5L - B
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BT HI—2 R 1 CE P E R BRI L - DIAEE R AW E Zis  2ERE0F
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I EIFES S Z SR & AR & B SR S S R S B RS OMR - BRI A
HAR=E] > NEEGIhEY TS BEARL T BERE SRR A T e
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SR S 28— #H—
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bR [ (Perplexity, ppl)Alst » FLERR(E A 2 S HAY Sy 4-gram SES AL - SR LT AR
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127 Al 8 SRR A LU M B (I 1) » 00 T - sk - B
S L TR T — AR 23 e A 2R - 5T AR 3 TR A% LI
N B AT - LR N (PR - TR AT
R B T AT (T R HER IR B - R TR R
BRI | B A R RS ST EIRAE  AAT - BRMESI A2 e
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MBE TR — e A BESR A T AR T RSB R
—{ENUMEATPAYA > BURFEECA & TR S TR PR - LB AR R
R G AAME - KA TREE SRR -

RIE > o TRt sE Rt f - AERENIR—E e e AR ZsEEHE > IF
JEFeMEE o DINTERYT(interpolation) EL A B S B & SSRGS A
PR A\ SR BB RHE S N EE M SR AT ER B

JUs REAZ GRS fEE R s S A -
T~ EERESESNTER S

B R Z HIEEERIER T tce300 ~ ner_Clean ~ ner_Other 4 » SSfil A Al Ry H 34 sk
B~ MR RRERZ ner2_Clean(F &%) 12171 fE - & 52 71 §#) ~ ner2_Other(F &1
223385 > 4912.6 /]\E) ~ pilot_Clean( £fif 63695 - 49 4.3 /\#) ~ pilot_Other (i
107326 > 49 6.8 /]\F) -

FERFE IR Z R ABERGRIAN A A Z s m o B GG 4E 58
R Z R ik LR S AL R R 5 PR S TR SR S A
o

FERTE A EEE 1 SR 2048 5 AT N\ A e P RS > HIA SRR TR Ir
AR FRET 25/ N T 8 4R (Sub-word unit)Fr4H sk » 12 £ sub-word unit SR ZERT % S5
HLPEReR > HEGEREIE T A QIR EIIBIT T EEE o Bt A AR
Hralkes VAL Z 5 I ABIUZ IR T - S EREE A AR S
WA GEAEIARNER - &E DHRREETY - 2 A\ 2 S HIE== (Error Propagation
Rate, EPR) » 515 720A050(4.1) o HHRSAE g A\ Aanh = R G Nl Ry 2 Jiscl
¥ o FERTE EPR (G ol b 2 ST R AR - EEREFMIE - ANGEE
o2 WG Ry 387510 ([ > ARy 1812 (> FEMNAN GRS - LR NEARERE
Z NSEEREIER > AR N APTIS R Arde Z SRR E > AR = - EIIAANALEE
SRR EEESESEIER [ BRI 2.03CRINANAEE S AR 2 1.37
e - e A% OOV Ty 1%RF 4517 2.03%WER YR - REfE Ry 1.37% -
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A& AT I SRR E

EPR = -
N Rk 4.1)
* = AN SHARI% 2 EPR LEEL
MANAEESIEART (IIA NGBS A%
tcc300 1.84 1.13
ner_Clean 2.25 1.52
ner_Other 2.03 1.37
ner2_Clean 1.78 1.23
ner2_Other 241 1.66
pilot_Clean 1.73 1.17
pilot_Other 2.38 1.71
Overall 2.03 1.37

TEatHb NGRS A B0 Bl —fesage 6 » HAESHERT - AEEEH A
FRRIS I B 2 TR R 22 » M A)EEs » IR AR AR A S B A B 4 A
(Somebody)if H 2R 2RV RS B -5e] > A2 L B S 2 ERG » FEIIA NS SHANE - B
ZRERTE_E RIS IR A & B OOV HY N AW AR - [EIEJI > (] RE i Rl sk iE
WA AE S AR AT E S AvFER - I - REEESR T mEEAINsER - 81—
BRIV IERET =0 > SRAA0E ¢
1. False Alarm(type I error):

— PR E AL - B EEY — st B S OOV - RIFTAEFE A& - It
Sae R EE SR o A\ el fe 2 R > R B A\ AR —fisn
o B T RERAIA ) WmEERk T AREETH S

2. Wrong Detection(type Il error):

N & N s s - EEJEBERRE S A fasrl s Bl — R i P Sl S5 M L 3
WrakesienGehas o B Y SRR TR ) TR ) SRk AL

3. Hit:

N BN - At e AL S ER e e RS aes T2
HE R ALARERF » BLE Hit -

By T et Eslas (At \ Mails 2 RET] » S NYI28
TEF A E 2 A A4 H R Hit BEE Precision £

Hit
Hit+False Alarm 4.2)

TEF MR AT A4 H R Hit HYEESR Recall J

Precision =

Hit
Hit+Wrong Detection (4.3)

Recall =
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DISRIT M GH4 bL LRI S+ SHELE, Fl-score :

2
Flscore = i 1

Precision ' Recall (4.4)

& Precision AL > F27r False Alarm 25 > IE A\ 4#5 & A RIVIE B E > S 2 R4
& Recall B - 527~ Wrong Detection % » A @A HE R AZMNERMRE » K2
SHEEER 2 SR T E SR -

100
90
80
70
60
50
40
30 40.65
20
10

—4—Precision(%) =@=Recall(%) Fl-score(%)

L~ ANHEREE ] 2 2
R4S IR » ZHEAEERL > Precision iR (R(E > i3 2R B YE%EA 5E OOV
Y A LA o SRR U EET A Precision 2451y 0 £ TU A &SHIEEER 0 OOV
1 False Alarm ffg1Lf51 -
%% PU ~ False Alarm 91 & OOV 1B

Tcc300  |Ner_Clean|Ner_Other|Ner2_Clean|Ner2_Other{Pilot_Clean|Pilot_Other

76.67% |29.63% |53.01% |78.57% 67.19% 79.22% 54.34%

WA 3 P\ 2 A%+ L% Flase Alarm =i Wrong

Detection WY » ABEBRIFHISRHIIH T & A2 6 TR B AR b —(E5e 2 T
& N AER I » A — (BT B30 2 U P A A SR B - DA
PRSI A SR AT (45) -+ 53 IR o B LO(A GBS
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LT > HIE SUEAZ ALESHAD) - 05~ 0.1 G5RUAE AR - 8 A LES A
FEE A HRAERRST - Precision (Rl OOV AR 25 55 e & i Ak 2 » Recall & A
PN G N A R NE o ]S N

LM = oLM, , + (1 — o)LM

A
TEAA (4.5)

a=1.0

Tcc300 Ner_Clean | Ner_Other |[Ner2_Clean | Ner2_Other | Pilot_Clean | Pilot_Other
Precision(%) | 74.03 65.82 63.76 82.50 51.88 84.19 40.65
Recall(%) 95.00 69.33 79.78 84.62 67.32 90.31 64.94
Fl-score(%) | 83.21 67.53 70.87 83.54 58.60 87.14 50.00
a=0.5

Tcc300 Ner_Clean | Ner_Other | Ner2_Clean | Ner2_Other | Pilot_Clean [ Pilot_Other
Precision(%) | 75.57 72.86 68.25 81.82 51.33 83.99 47.54
Recall(%) 92.78 68.00 78.26 80.77 65.85 88.99 63.04
Fl-score(%) | 83.29 70.34 72.91 81.29 57.69 86.42 54.21
a=0.1

Tcec300 Ner_Clean | Ner_Other |[Ner2_Clean | Ner2_Other | Pilot_Clean | Pilot_Other
Precision(%) | 86.13 85.45 81.58 85.29 61.62 89.14 66.32
Recall(%) 82.78 62.67 66.67 74.36 55.61 79.52 55.17
Fl-score(%) | 84.42 72.31 73.37 79.45 58.46 84.05 60.24

T~ SRR E AL R

AILE ST A Hit AV - (EEORAEHAYE ZE /AL » T Hit #CAT 4 T fy
=R L EISE R RRIERE o Bl TR ) RIS Ry T liang_hong_bin o 2.5 EfiH
CMERSE 2 TERE - (0 " 2RI | FAFERERS &y " guo_zheng_xing ; (H¥as ias &

"guo_zheng_xin ;> —fEZ " T—L4  BIPFE - —lE " T - BUBFE > IR AFIE
SEEEEET T L IR T L ARG R K - B S AR (L R S AR B A R A T
JEIE - . H—EsE A - HFEEREEEZ ARREZ - Gl T =Bl | et g
Wk T EIEA > Hrp o T S5IEE | AW AR 2 I A% W2 A=
TEF=HY Somebody -

TEFTE AR R 485 s 8 387510 & ~ 48 A\ A45m 8 Ry 1812 {8 » AREER . ek
PRRE MR A LA IERER (hit/ 48 A\ 2804 E 81% 5 Bkt A\ 44 H 2 615 & IEHE Y IEHER
(hit B EEi5E 2 IEMEAE AL E)E By 73% > tikEss o BN HEREERH IR —(E R IR
fEsa#ih 2 N4 ARYERESA 73% 2 MR H B Hi58  IE MR 2K -

1%k TBZE NGRS RSN BRI R 8 IPTENH EINAASES
A sas < alH AR S ERT Hit a5 RS IEAE 2 A\ E EARIS IERE » 16
BLARINA NGBS IEART -~ P as ibbiy - Esi RO TE +—Fos « HEREH

' EHAY 1812 (A N LB SRR NABLRFIENREIHZ OOV A4 -
T EMFEEETA Hit h s R IERE AL -
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AR By EAIC(SEVUEE)HY TDNN-F 2068 - SE SRy 4-gram B SR SPE{ET574
{5 Witten-Bell smoothing - FIISRaERE Ry 25 (85 > gREtAR/NRy 120k - ME—ERIELER
i8 o A A BO A IIAN A E SRR SR -

14 12.89
12
2
28
o
g 6
a
2
0
o Qo < o < Qo <
QO 2> < > & > <
4e) 5 N 2 Wy e "
& '3 9 ‘9\. ﬁ,(/} q,/& \.9 \.9&
< < < <, A0 A0
¢ < & & Q\\ Q\\
= A LM =@=—f LM
NI L RS 8 = (Rl E i
N 4w

2% Kaldi 2 {E5& Daniel Povey {f 2018 3852~ 5@ > {1/ TDNN-F 7 Z2## T 3l %
o ERESRER > B R REEL AR > LSTM B RS » B S Eegsa b2 » Fhit
7= PEAE 1R AN GE = I R A 1% T BEAS T HLA -

AW H > IIANZE SR A DUEDIT#E B OOV FR 2 A 4 fiFhts
R RAEREE] T DART A E R HE 2 N D » R D T GRS TE -

REEER > K b SRS Mk es e B AR Rl R (Clean) B4R (EATHERAE /7 > (H
B A BRI (Other) 3B W R ANE O > 22 R > CHAFR RS > AEE
A H S R RN » BRI E IR [ 2 S sRs A R - S SRS
%R SRS > FL T EER RO ARRE AR 2 15T - B S AR AE e AREL IR
HEPR M~ A 5-gram sESHAUEEE - Kirg (PR N E Atert - CEIEMAAS
SES AR > SSEERHE 2 N 2R 2 2 21 3 (#EHi% > {4 5-gram B S AR A]
DIESFERE > DA 4 Hit 8- [b9h - BRTERE PR B AR e
Z N LB EI I RS oK > e AR SRRE IR e A =0y 7 = B R 5% i
REREZM TR 2 -
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e

AR AT L) T S a2 B R BB - 50 B A ] 1A 2 R 2R T A R S R A
(Seq2Seq)tHBI[1] - i FHE A mbHEs EAMENSS 20 R - EEHREMEREE B T2 |
AR EEUB &I )T W0 H O FEERAY AL  —(85) T2 HET S e Ak - JFIE

fE IERTEME IR AR ) 5 BCpl— ST s B R TE S - F m] Re A (A AR R 4G L1
fife Z FEJENRE (7 > MRFA S 3R e A B IRy BT DI MEIE BT - BEWTFERIA] Pytorch fiy
FEHtAYE I ORI IR R ThAE » DU Sm (F R By i SO O AR 240 It
BFZE5y B sy © B 5eFIF NLP-TEA2 % NLP-TEAS 1y Shared Task FTf2 (&t 4k
R - AR NEE R B E ARG B > FrAMIATH Ge FEALRIFTRHEY T
AASAFNSKATE RIS - #8K Chen [3]{E£ NLP-TEA3 Y Shared Task {5 {5 -Fatis
[4](Conditional Random Field » CRF)fGEIE tp i (FEAYAEREE BLTHEE © BTDATRI £ 2 E
¥ NLP-TEA3 EiiFT5e sAVEBE R A ELES - S55MRy 7 HECREFIRT{E RV P51 e
SRR PRER L > AR EM BT8R CRE ARl R R R B R P I 51—
E3iet

BRIt | SORSESAET A4 - REERE > FRAIEPIRAY - FriFREiis
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MBS S A o UE R R — 2 N EREE S BUEM A SO A O 4G# -+
=R AR IINE N EEE TR - AR A SRS E R A B I A EER
SCERAIEERZ - FTlEfGl e e RS2 EnEEs 2 — EEY M AZEEE |h
OB R -

BsBRESHN SOESE R 240 TR AR BN RS 2R ARG
IR > A iE(H F NLP-TEA2 & NLP-TEAS Shared Task FrifiiypTAa II4kEE -
SREER A R ARHY )T BHE IER Y ) TR AT TECH (G 24 22,656 {EH)% » FIE
BL SR T — (BTN SO LSRR B 2SR Filf) CRF 228 R 50 TLLH: » (HIE IR
REFEIEAY 7R HY SR L EHTROR - S BRI E M Ge T[22 HHHE AN SRR
7720 R B — (8] F I EAEE N A —TEAYSER - MR AR RS — MR 58 228
DN » & PARARY AT AT RERF R AN E MR ) B LU BERR - BRI A i S M (S
REL T R FBHE IS RN AT HOR R TR [FEIRVEEER - BRAEE IS A A2 H—AY )7 =X
oIl R B LA B R B RO AV B > RESERE U H A T RYSE R o TS sy
TOCFL HYERHEEBLREHG S HSK /Y » 2R E )7 SN A S SOy e+ #1797
M1 ARV A Mgl RE] DLAY Ry PR - JUF(Redundant word > fE# R) ~ - (Missing
word > fEf# M) ~ Fi5*4 & (word Selection error - fifff§ S)#i155]Fr§ii(Word ordering error »
s W) -

— A
(—) &FFEi#%iE (Conditional Random Fields, CRF)

CRF 2R APV X) - 45E —( X FPAIRVEEEL - CRF Al TS Eakal
FHEISRZE H 55— d e Y - Y 2REBIAEm e A A EAVRERES - hE
—Fr > EeteE —HER X RIEETRE Y i AR EES AR > KR E—
{EfERE R RS Y (E Rl MARR AR Y E e Xt m] DARC & R4 X A AHY
BRI HA NS MR - B A B AR A Y B Ry e Y -
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XX X i X
— ~ R{FFETE

BERA X PR AR R TEAEEE - Y B2 X AH S EAY s A AR > 2
TR {O,RM, S, W > JrpilE LI N 28 Ay - Ja s ~ JiE ~ 8 - H
FAE B R o e A X AYFFAIRCAZE] CRF - 1EiF CRF gREr Al S e 1 gy
AR P /s SRR > T AR5 1A U2 BR B AGGAE — TR EII A POS 55
AVRF TS CRF A LU BEAFAYRCR MR A X #I514%G CRF B EEE %
HATREVEERME G S EELNT X IR - RRFRERIT—HIE
By X FPAIavagH -

(Z) Ry FE5(Sequence to Sequence, Seq2Seq)fE

EARRIN P SE SR 2 E 248 RBEBR IR0 A Seq2Seq A
Bahdanau[ 11158 A B2 2K Attention BEE /] DLk 8 (7] GRU ZEFEHVEE [T 1E Seq2Seq
#f Encoder $L2E T K AFIIHL ~ WU —E R & - T s (E = =7 R
context vector » g4 EF 1B ([0 & F IR FYIHVEZEHRE B Sk %E E Decoder & H -
il Decoder HI[FZARE#E context vector A4 » A& —Fin o

ENCODER

k | am fine <END>

[ iy - P i 1
—
[RNN}%RNN}{RNN}%RNN}?g;{RNN RNN ESRNN RNN]
T T T T = <START> 1 1
Hey Are you ok?
| J
I
DECODER

"~ ~ Encoder 1 Decoder T~=[E
1. 4RfEEs(Encoder)

PRI dwtas - i E A AR — (BRI RS B s — (A R &
B[R RGINAS - 3 H R — A S B LR SR IRRE A HUEE AR - e (&R (8 B TR [

360



KGR R ST (S R 45 AR as - BRAS e i & (o 5 L8 (A BN R IR AR 2R AL B I e
AT A A TR 2 A S T

FEREEII R A SRt Es 2 1% L2 L Cho ZE AAE 2014 SEATEEIHAY multi-layered Gated
Recurrent Unit—GRU[7] - REREAU(HE IR ZHEFISIEAY GRU » iEEMWE IHEIEA BA
W R IZAY RNN = (1) — ({15 5 5 8 A 2)— B RET 5 A AEE /(& RNN
A i 0 & 5 T SR (B A (R E ARG RGN AR AR AU (EA% - (A= A152E GRU
G R E GRS R AR B I SO A PRI (B S, - B89 GRU A1E =Frr -

A'le
%ﬁ

= . 8% GRU

|

=X

[

~z.
N E
I

~

2 fEmEES(Decoder)

FE LRI B ARG 25 0 4y - G 25 (o F 4 i 23 (S B 2R 19 S 7 [m] 2 DA R PR e Bl i
SCFAERRHI T A i s e IR U BN ) E RIS RE 55T R H B A i EE - H E]
frtS s A% /B Bk EOS_taken o) FIV4SRE » IERMRIS R e E 1L CCT > B2 —f%
Sequence to Sequence fEHEES & HHHY—{EH RAERE » WRBA ZAHER LN ScmE
RAmUEEE(E G ASC TR IERMHRE iR & R UE SOE e 2EIE R E » TH
TERE IR — B AT YR R AILL - SRR AR & T A es iy Ae

By T g2 {8 > Bahdanau[6]58 A > A& T —F&# “Attention #]” -~ EFEIEES
B A SRR Sy > T R (e AR H T o AR A 25 P AR B O IR R
FIAYIERER » TAE#E THE R 0T B IERE A T3 HTHS > Attention &RFNS & 1Y H)F 48
AR TR B — U TR B AV EE RS - A E BRI A g R - 1
PyTorch 2 {ftHY Chatbot H1ff Attention FEHIIIASLEERI » $& 5 T R ESHIREE -

(=) ek st

AlRE RV B —(EEE (PR A R B BB T MR - Frh e
HIAE S B EAVARREERE > B A Rl ISR &R TR B/ NI (S A 2wl R A SR A AR
8 FEET 2 ERE > FRERMAERIITERERIIHRER - Ge T ARIRESE —XK
Seq2Seq FiTE A HYFHRR BT E (FRIIGRE ] > 2% B Hal IR sl E R e R 2 A
SN IERE )T « AR BT 722k B A s H CAYF SRR MR eR A AR O EESS »
R AR AR E R DAY - AN ER A IS e OO R R 2T R b
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PGSR E R A -

(VY) 4miEFEEE(Edit Distance)

FERERHEEADEE T > PR R AR (A T Edit_distance[10] »

WFTIE LAY E A VUSSP 2 MR EL

distance HHIMMERTE R TCF ~ i ARy o B AT I Farl Fr e e i A
Hygd > (E BT UK B 4R R (Y ) 7 R AL AR Y &) T SR LR Y - 48

{1+ opcode & [Bl{# &) T-HY SRR IHAY K AL E -

—_ . =
= HEA

LeFFF[

L

ERERES

(—) HEEEOE

BEREE By Ry VA oy
i A Ge Y7 7RI AT SRER(E ARSI SR AR R (2 I AL S YA (RIS E R AY

B - Eip—BEE

HRE

Heest R =fHshaaAl > AL
KAFEE T —TEHERE el rshan(W) - INASFE Fr it e M PrE Ry B R
AARARS > RAS S ARE R HH W ) 2 i) e AR AR A B R Y > R EE 575 Edit

» Bl —/E (L] NLP-TEA2 81 NLP-TEA3 #UFlISkEE - &

) AR A
BE

=~

73 A e & Y NLP-TEA2 1y Shared Task F1J A RAYE R

SERCGERFIETS « i = NLP-TEA2 % NLP-TEAS FrAIVERMEE @ M ERIUFEGEE
B B RERIEEN 52U K NLP-TEA2 £ NLP-TEAS [ATH V& RHET AN
2 o B B RS S BT SR F BT » ST A S B —
B -
= RN
NLP-TEA2 NLP-TEA3 NLP-TEA4 NLP-TEAS5S
Redundant 434 10,010 5,852 208
Missing 622 15,701 7,010 298
Disorder
306 3,071 1,995 87
(word ordering)
Selection 849 20,846 11,591 474

A 75 20 B A A AR Rl ey ) 1B A6 B) 1 (R LRSS - 18
S IOEFERL (UG ~ BRTF

il PR T A E

precision ~ recall 1 F1-score FHC &7 R E H PR AR o
*  False Positive Rate (FPR) = FP / (FP+TN)
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*  Accuracy = (TP+TN) / (TP+FP+TN+FN)
*  Precision = TP/ (TP+FP)
* Recall =TP/ (TP+FN)

e F1=2*Precision*Recall / (Precision+Recall)

T RFERE

JEb A R
Positive Negative
» . Positive TP FN
AR Y _
Negative FP TN

g 7 {5 bl U rE s G A i s B4 B Detection Level ~ Identification Level {5
AN 7y T 25 > Detection Level €72 —{lfl — /3 MHRIRIRE > & AT IERESGE A IERE
Identification Level fgHliE ¢ % sEEaSHA - AR AT THIRHA 2R A DR B JFUACSS E Y SH R IR
BIRH[E] -

(D) Eh—

FEfE A Pytorch A ity Chatbot HARIHLER R ek e 5 0 S00 g8 750 Jeg3/1I%R
e/l %k 50000 [158 F (AU AR LR T e 55 BB A S > T M SR ER 2 A
NLP-TEA3 ffifgdt TOCFL 81 HSK FitEHHEE R - I HEE A E 7 Ay iE T A
DU B AP HERES R -

MRATHT RIRFR =R~ > € RUNI 2 RUN3 J& Chen 22/ NLP-TEA3 F{SEIHY )
8 - ] DUE I E SRRy 1 B BRI R R B E I i i BB GR EEE  (EZ S AR A
%r{HA1F FPR(False Positive Rate)iyiE {[EH} 7738 /2 A A $HHVEER > [N FPR 208 N
e AR R Y B AR 2 R R S AR (R

Z= — ~ Hli— NLP-TEA3 TOCFL Hz4E 5

Detection Level Identification Level
Acc. Pre Rec F1 Acc. Pre Rec F1
RUNI1 0.347 0.595 | 0.625 | 0.541 | 0.580 | 0.515 | 0.460 | 0.302 | 0.364
RUN2 0.355 0.595 | 0.623 | 0.550 | 0.584 | 0.513 | 0.456 | 0.306 | 0.366
RUN3 0.363 0.594 | 0.620 | 0.554 | 0.585 | 0.508 | 0.447 | 0.300 | 0.359
500H 0.294 0.496 | 0.523 | 0.301 | 0.383 | 0.373 | 0.255 | 0.204 | 0.227
750H 0.297 0.497 | 0.523 | 0.305 | 0.386 | 0.375 | 0.264 | 0.219 | 0.239

Runs FPR
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SYMERIUT] LB ERAIE HSK AR R & JF LT TOCFL ZRAV4F » /&K
oG R R R 2 R ARG R R BT pHY - Bt AR AU T 88 SRy sk o A Ty s Dt b 2
EFFM I AREY B TS EEERG T 2REEF » ] LAE Detection Level ZE[RR T Recall #2 F1 1
A (EEBEL A 3 kAT S - 1 FPR L ELE 4 0 BORA RS FE °] DI AR 4747
AN AR R S (B ALE ] PALE ARV EE 4T -

# M~ Ehi— NLP-TEA3 HSK JHIEA45 R
Detection Level Identification Level

Acc. Pre Rec F1 Acc. Pre Rec F1
RUNI1 0.401 0.614 | 0.600 | 0.630 | 0.615 | 0.571 | 0.530 | 0.437 | 0.479
RUN2 0.419 0.611 | 0.595 | 0.644 | 0.618 | 0.566 | 0.523 | 0.450 | 0.484
RUN3 0.401 0.614 | 0.600 | 0.630 | 0.615 | 0.572 | 0.530 | 0.435 | 0.478
500H 0.250 0.619 | 0.648 | 0.484 | 0.554 | 0.528 | 0.455 | 0.362 | 0.403
750H 0.258 0.617 | 0.643 | 0.487 | 0.554 | 0.521 | 0.444 | 0.357 | 0.396

Runs FPR

(=) EE—

RSB R ERII AR R EFTIE L HVEISRER > SRR T DL B 2 S
BRI ARTE R SR RGRE 75 > B TOCFL (N4ERIER A v UG EITERER &
RIS IR G L E R ARV - SR 2 R R RS T SR T BGOSR E YR
TR TIEIERVERZ A E K A TOCFL BB IEABRE T MAERRRTHHIGEF
SR EE AR A G B RIS R T T LR - 1SR P IR0 L A P SO e B
Ay -

AL HSK BRI AT LA RNIGAT > FERIEZF4KHY Recall 7 T itz > ILARTHE
AR AL 5 25y ) B A R $EER T 30 A2 I i R A8 Y &) 5 RE ST B
ZHIgHR ©

2 T~ BB NLP-TEA3 TOCFL JHEt4% 5%

Detection Level Identification Level
Acc. Pre Rec F1 Acc. Pre Rec F1
500H-1 0.294 0.496 | 0.523 | 0.301 | 0.383 | 0.373 | 0.255 | 0.204 | 0.227
750H-1 0.297 0.497 | 0.523 | 0.305 | 0.386 | 0.375 | 0.264 | 0.219 | 0.239
500H-3 0.300 0.491 | 0515 | 0.297 | 0.377 | 0.374 | 0.260 | 0.205 | 0.230
750H-3 0.304 0.494 | 0.518 | 0.305 | 0.384 | 0.369 | 0.255 | 0.211 | 0.231

Runs FPR
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7% 7N~ B NLP-TEA3 HSK JHIE4E5RE

Detection Level Identification Level
Acc. Pre Rec F1 Acc. Pre Rec F1
500H-1 0.250 0.619 | 0.648 | 0.484 | 0.554 | 0.528 | 0.455 | 0.362 | 0.403
750H-1 0.258 0.617 | 0.643 | 0.487 | 0.554 | 0.521 | 0.444 | 0.357 | 0.396
500H-3 0.285 0.609 | 0.626 | 0.499 | 0.555 | 0.509 | 0.431 | 0.365 | 0.395
750H-3 0.283 0.613 | 0.630 | 0.504 | 0.560 | 0.510 | 0.431 | 0.375 | 0.401

Runs FPR

e E B R B/l R CRF B Seq2Seq #ETTEEYS - HZKHY CRF BB B —H1 "%
RHJAEZAEA Chen i A& HEC 35 (% (F F IR 4a 0y 56 BLaa VR 13- B HY4E 2R - 1
Seq2Seq K E i —EL — FE A TN ISR EDRHE 4R B )+ ARAE R REN SR &k} - (H B e g
—F[EAE S X E S HEEF NLP-TEA2 il NLP-TEA3 FYERIEE DU MU [R5 pk E i
AL -

WL ~ /AR - CRF AHELY Seq2Seq J1:H it Precision [T 72 Recall A {15
FEELSFHY FPR > 28T Seq2Seq {H ] A6 T2 HIMERMELL > #EZA Precision [E{H Recall
HITH e S AR =4k HY F1 #ZF(LL CRF BEEAFAIRCR -

% t - 5= NLP-TEA3 TOCFL JHst4E5%

Detection Level Identification Level
Acc. Pre Rec F1 Acc. Pre Rec F1
CRF 0.042 0.521 | 0.772 | 0.129 | 0.221 | 0.484 | 0.610 | 0.058 | 0.106
500H 0.308 0.494 | 0.519 | 0.307 | 0.388 | 0.378 | 0.271 | 0.220 | 0.243
750H 0.319 0.494 | 0.517 | 0.318 | 0.394 | 0.369 | 0.263 | 0.227 | 0.244

Runs FPR

% /U~ BEEp= NLP-TEA3 HSK {455

Detection Level Identification Level
Acc. Pre Rec Fl1 Acc. Pre Rec Fl1
CRF 0.071 0.573 | 0.818 | 0.273 | 0.409 | 0.530 | 0.755 | 0.187 | 0.300
500H 0.317 0.608 | 0.615 | 0.530 | 0.570 | 0.510 | 0.439 | 0.398 | 0.416
750H 0.333 0.600 | 0.603 | 0.529 | 0.564 | 0.500 | 0.428 | 0.393 | 0.410

Runs FPR

(F1) BBzl
B E R — 2 Hh ikt CRF B Seq2Seq FlISREEHURF(#H H NLP-TEA2 % NLP-TEAS
FTARVERIE - [FIEEHY Seq2Seq { FHEAE R = [FIHAV T 2R ERIBUR—15 -
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I~ HFrR > £ Recall YT HIEVE Pl RAHBHT G E2EHR BT Sk
& F1 ARAGEE BB = A ARAVET

7z J1 -~ EEsPU NLP-TEA3 TOCFL JEt4E 5

Detection Level Identification Level
Acc. Pre Rec Fl1 Acc. Pre Rec Fl1
CRF 0.062 0.528 | 0.743 | 0.159 | 0.262 | 0.481 | 0.560 | 0.070 | 0.125
500H 0.327 0.492 | 0.515 | 0.323 | 0.397 | 0363 | 0.261 | 0.243 | 0.252
750H 0.328 0.494 | 0.517 | 0.327 | 0.400 | 0.360 | 0.255 | 0.239 | 0.247

Runs FPR

#%£ -+ - ZE;JU NLP-TEA3 HSK SH[E4E

Detection Level Identification Level
Acc. Pre Rec F1 Acc. Pre Rec F1
CRF 0.096 0.614 | 0.832 | 0.380 | 0.522 | 0.550 | 0.775 | 0.265 | 0.400
500H 0.335 0.606 | 0.608 | 0.544 | 0.574 | 0.499 | 0.423 | 0.409 | 0416
750H 0.350 0.604 | 0.603 | 0.555 | 0.578 | 0.487 | 0.409 | 0.411 | 0.410

Runs FPR

T~ &5

EEE—2ETWIUE MR EAFAILERE CRF FTS RN BkE S - EE%
REVEBHEIATEE] Seq2Seq HYATHEME » MIEEER— Chen HYFRILIAT AT AN DIFRAE
[y Seq2Seq E/Z/RERELENF CRF {Shiir{e & 7 EHY o BEh 2R MIeyRE - B
EREIER 2016 4F NLP-TEA2 15 &R EE » %31 NLP-TEA2 & NLP-TEAS FiA 14
BHEREE A EF IS - o] DUSHTERS IR ERF 7 & 3% Recall B ibg
FIFZE—THFEE N E Tao Ge S AAVJT/A#EIT T B =0EERIY - KISRERERH
3 IR AT A RS 7 A [ Y S SRR I O A B S5 Sy 31 4R S 1 T 2 £ 61| 6 6 » 310
— W —IERAIE RS FEREE TR RENR T - EER =1 IIEREREC
RS S A B S T A B FHEHC PreTrain AYELTS > 40 © Word2Vec[8]5k 2 BERT[9]HY
R » BT B AR S R B BT AR o

SR
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RS

Agi SR FE SR A BRER - B E H— B P SR HRE S 28 - (ERE B ALY A |-
PRAVREE T2 B U i LA Y (Hidden Markov Model) Ry B st 52 DU
FCHEITIR IR « FERIVEET - BefE G RaE S RIS o S AT = B U E R =L
FIFESZHYER Ty - BEERs T SCBES oy I TR Sealll e By Y S0 BS0 2 shE fRA A o
TER  R&RE EH G RATENT T TRE S BV e - Hor » f S PSS S R AN EIHY
R Ay I ERP RSV E M o E R ) T AT SR B AR RS W HRA TR A
TSRS ER Y > B E GRS AT(POS . Analysis)i t Ham 1% - ISR S B AR
B HCEA] Mo [E] Ay o S5 (Substitute Word, 4855 Ry SW) » (i BB RSSO (e MEAHTE - 1F
P ERS AT REEE OB IRHY T SR AT AR T PR S EY oGRS A
M FA AR ey 5 R B HR S A M7 LR IE S Y B S0 5 R AL 5% ) o 5 il R B S I Y
BT o BB RRTRUR  EESAREY AT - BESTE BN & R A T YRR R I -
MRS A I GEEE R E R -

B ORI ~ BEREUE AR SR SEE SR - sEE A

Abstract

In this study, we analysis the effect of the linguistic information for the English/Mandarin
speech synthesis system. In order to construct the acoustic models for both languages, we

368


mailto:carrie771221@gmail.com
mailto:ychin.huang@gmail.com
mailto:raymalddeng@iii.org.tw

adopted the Hidden Markov Model. For the system implementation, we firstly detected the
language segments for each language of the input bilingual sentence, and then independently
generate the feature sequences for each language. However, for generating fluent synthesized
speech, the linguistic information should be taken into account. Here, if the bilingual sentence
is mainly written in Mandarin with a few English words, we firstly analyze the
Part-Of-Speech information for the English words. Then, we adopted some substitute words
(SW) to translate the English parts into Mandarin which have the same POS tags as their
corresponding English words. Finally, The entire sentence consists of only one language and
could be analyzed linguistically and keep its context information. Finally, the synthesized
speech should be more fluent since the contextual linguistic information is used for choosing
the suitable acoustic model sequence. In order to construct the original bilingual speech
utterance, the English segment is substituted back to the synthesized speech. Experimental
results showed that adding the contextual linguistic information is indeed helpful for
generating fluent speech for the bilingual sentences.

Keywords: English/Mandarin bilingual sentence, Hidden Markov Model, Linguistic analysis,
Speech concatenation, Speech synthesis

— ~ 4o
(—) ~ isEEni
Wi T S PR LY 38 e A [AIRE S Z RSO T » NERAEEES - 5
A T G R FEE S RS SRR AR e A e B E s S
GH A T ERERLFEHINED TR il gE 3 A DB th B A EIEE S = A
EEF T HNAEZRE T B S]) o Bhie R TR MR > WME E GEE S T EREE
ez A SE E AR - B N Z BG4 (AR - (HE R BN
ORGSO B3 B B R W EE = AR Ay LAVA IR R RATAE iSRRI
REGWN LB E B GRE % RIS FTRE > R b BT A iR — (#0574
PRAR R IE R - ARG SR —REARIR AT S SORIE (4 DL R AR Heal P ofe s o SC iy
G700 (1SS R TP RS AR RE RIS T OCHY B RG AR > HEMERT T S B H A
MEETE 28T -

(2) ~ HEEbTFE
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HEAF AT G A S Z W P F B RO - — Ry AT AR A e 5 » 40
B 7E5E43(Unit selection approach) [1] » 55— REHILR L1734 « 41Tt S A Sy
(HMM-based approach) [2] - S7C & B H S BRI & I E - AV B AR
YTHER B 4% » LU ERB R A S A (R - [TRBAE R G T T
I 36 SR B (AT AR B -

ag o HEHE R IR 2 > BIAEA FIREZE NRIER [8] SRGHIE SRR [4]
T4 [5] ZaBEasBE Ak [6] - BN IR £ ZaE S HRIEM [7]% > H
B> [7IDNN ER{3FT & RHY 258 5 280 R B — G plias 1 EAE SR RHEE S B
EANRIVEER  (BHBREE AEHEE A OAVEES - Rl EREE 2 s S A A
ra A e NEEY > SHIERETA (Bl AN 2 ACE T A FRE S EE IR e T
% 0 BB apl A AR S W e S AR A

(2) ~ R r AR A e i A

AT AR PR U AT R ERE & S Y SR T A E R R E A R R BT & HY
HIEEE AU EAEA ni i EA SR R S RS 5 > ELECFralll R AR A R RS i F A (7 22
E A )N - BEGSHER 1 - A T AT R AR Rt =0 o] AR A SRS Sk
245 (HMM-based Speech Synthesis System, HTS) » 2 HTS T/EERR [Q]Frifas » 25
{1 Hidden Markov Model Toolkit(HTK) [10]fF3& &4z » HTS BERRER AL T —(E{E
FREHIIHZE & - WAREE HMM YFI4E -

AHT7E AR R AL —ER HMM HUsE SRR T2 30] o7 Ryslll R B 5 ol i {18 P B =
| SR iy FR A s RbRE HH SPTK [ TARRE K B iR S8 > B SR T R =
QEHSC oy iras (Text analysis) & A AR MERY SCHRERS. - AEAE HERELE (Question set) 73 JRs
e R B RER S AEREHY HMM 158 - Sl P B AR S B RE & S5 R A B ASLF 7y
Aras A R SOIRE NS, » RS R RS S JES P % B S S HERY HMM R AU
FEH HMM R A= SRR PEES K BB R 2 B0 ek SRl AT REHURE & 3Rt & (R -
(P0) ~ EEEHBEAT
A L FE BRI T SRR B SRS Ry T HEPRE R M TR SW BHRSL ST AR &Rk
A DUORFF RS T OOIRE - A L LR A —F e o LRSS
BT - AHBERTTC B ~ AR RS - S5 8 ¢ th OGRS > ER Al

370



X~ FOGEEHEIAES - B8 0 PIHIOEES GRRREE - SFlh oY) ERY S
s RSCEEBAIRTET ~ iR SR 2 RIS RS - SEVUEE - EERAE R ST
S E R HAY ~ sERIBEACHLLR N ~ i KETamE R - SHHE © G o SRR
SCHES G ©

(—) ~ POUEAIER
HSCATA 420 ER SEERHIVAARREIT - AT LR - RIlAHE 1200 (&8s
TT © 5 EREEESY 1200 (EEAAET TSR A LUZ R FENVAE IR - B EREIER Ik
R EAYEERHE RGN S A iTRE A B RN & ATRE BB 3/l S /e B DL 2% B
HYEEH - &R AR AR e T i — (R A B E M -

Ry T R 2 H N SR e Y TR M0 E R AT RE MR AL R Asm s
T LL“Segmental Tonal Phone Model” (STPM) [12]1k & & Z5F A SOERIA 7502 » ikt
WA R RS £ R AR DU B AGE Taa T - AR BB LS &
Pt AZE W | AU R RS 2 TR 2 =AY B b B — 0 Bl B T VARG B DU L =
(RS oAl Fec 2~ $1 #2~ B W) » AR - SRRV EEIARE AT 70 Ry s S iR
(H) ~ rErgEE (M) ~ (R HEIE((L) - RS s hl by
—EEH-H - —“ElL-H - =ZEl—-L - EH-L - &&EM->M
Ry T RERRZE TR LSS » TR S EA BTy B = (& 2R A

C+V1+V2
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Hrp C R385
(L@ RI(V)R(V2) LA T5 AR

Fe—

Syllable

C

V1

V2

huei4

hu

eiH

erL

shr2

shr

shrL

shrH

yiou3

yi

ouL

ouLO

f—EE XA AR RS - VI+V2 JIER RN BB LU U
g P T EA TEl 107 (¥ 2= AR (E—(E pause 14
) o AEHYIRASREFTA thoCEy 1200 2 (EZ AR E - HETT7AR AR D 7RIS E
F R

Text
ZH/EN
Split

ZH/EN

Text Analysis Question

Set

Question
Set

|
A

Label

Speech i
o Generation L

Speech
Concatenation

Synthesized
Speech

» IR B R A SRR

(5) ~ FEORAE RS

SR AT ERERLY ARPAbet ARG DRI PR F AR (IPA) R AN Ry B Py & 2R AY
HepEE 13 (EcH ~ 3 (EHTE ~ 27 e - 3t 43 % - o NINEH A4 2

A~ o RITH O e AR F LB TR FouE ~ &F - EEEE -

HPERFEENEEETH - [m] ~ NEEAESIEAEEERE T EER LREES

FEEERT > BUMENZES A A EREE » S48 ARPAbet FURAP R LI FIAYECSE

7<il“
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fifEaC -

= PERAEEE SRR EE
KA B O FRIZA SRR AG S F  h SCF UI BRI RIRER - AR S 3R 001% - Jols
BE AT HysEs PA—{E TR SW SUEHRII B B S 2 AR G ilias B G
BB TSR] DAOR B BB S SR R » S BE R R 5 A B S Rl e il & e Bl
TERF B4y S S B HURATTAIRY SW HGEES 4% - B(EZEHYRAL B 2 E s -
(—) ~ ISR U
{58 & i ASCF1& ([ —. ZH/EN Split Hy2588) » AR Z&EE L Unicode A 530
&R - ££ Unicode Hr A3 fyiE Fy 19968~40869 - Har#El o H & 22 B E FIL 0
73FEFD) -
A —BOUFR - BRI B SH T (E S S AR G ok
7 & RIS B R R T IR AL 5% » [BINFA WA (RS 153 Al AR B —2GIR
REEART R HAEAY AU ERS - BB ERRE AR Rt (AR th S i T D) -
BERS A AT A S U R Y TR B S B AGE RN - B FTA LR AR 52 818 - UL
FUTEE R NHVE R I A G R E SRR 4 5] T DI EI58 R -
(2) ~ sRE 2
1~ SRS
Ry 7B RS 3H R A & 5 H A S BERE » BMTVAIRA B ) T S PR RT& R
illsCsk A NI & RaE B AR e B S iriTpa 2 (8 —. ZH/EN Text Analysis) -
R IR EFR LA N SCARE R » WANLAECERRL Label 18 - dHETA0 NArY: BER
(Extended Final):{E 3 R EIFR R —EEERHEE L 1 - W9~ K ~—~ A~ F~ L ]
ZH(Syllable): fE H S BIFR R —(EF - 240:3% ~ Ml ~ [A] ~ 2% ; EHRgd(Prosodic Word)
(S A ARy — (5 - 40 a5 - L - PR 0 EERREEE(Prosodic Phrase): 2
H iR AH R —/ N a1 W E R B S AR P DU RB RS Sy 3 A A i R |
] F(Utterance): —fi& DA_EAYEEEESR R — (B A+ - BIFRMZE &R BEERE » DL ESC
ARG R ERTRT—(E 5T ~ fi—(E 5T - SR - P —E%T - M T —E¥T
DUk E R ITBak AT 2 M1 ERBORI L E R SIS RE - WRFLL EAYEREES 2
o] B e B S fsT (Classification and Regression Tree, CART) [13]15:%] -
FaH LA ESARE RS - AT AT Label 1575 8 At B aa) 2 10 nl ey - 72
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=f JFAT R RAEMRS T R R E s E Ay T 0 Y e2 MIAIE TSR
sl FHVOERHERY > 1 b4 ATRIME A RTEOREE —(E=aN > RIS 3 e B p gk 2
fElfieas” B0 AR AE IR L EARC ok 5 61 S B (stress) 5 THI[14] - B S0E#
FULIHECER 0% -

fral-al+11=anL@3_1/A:2/B:3@2-1&10-1/C:3/D:2/E:2@5+1/F:4/G:0_0/H:10=5@1=2/1:4=1/] :14+6-2
alMal-1i+anl=anH@] 3/A:3/B:3@1-4&1-4/C:2/D:2/E:4@1+1/F:0/G:10_S5/H:4=1@2=1/1:0=0/]:14+6-2

pl p2 p3 pd p5 p6 p7 a3 b3 b4 b5b6b7 3 d2 e2 e3ed f2 gl g2z hl1 h2 h3 h4 i1 i2 j1oj2 j3

LAli-anl+anH=szH@2 2/A:3/B:3@1-4&1-4/C:2/D:2/E:4@1+1/F:0/G:10_5/H:4=1@2=1/1:0=0/]:14+6-2
liranL-anH+szH=szL@3 1/A:3/B:3@1-4&1-4/C:2/D:2/E:4@1+1/F:0/G:10 5/H:4=1@2=1/1:0=0/]:14+6-2

& = ~ Label f&#aH41
2~ M5

FRIE SRR e R DL EAFEC sk iy SOHRE R » (5 o] Bdass T A S 2 DL oRtel DL R

AR EIRRE - BEERTRAE S R @ DL~ IR [19]

(1) ZZMHEE(Phoneme related): 75 &HEEE « EFs&@EMH/MIL) ; 5 RERE © B
H(EE R (ER G & E) » BREEE - 2y F/EE -85 By &
BT ERE  ERE - FEE #EE  GEE ) BRNEEEN 0 B
158E  BEMERR - e SRESHEITIE - HAIRECRALE -

(2) ZEffHRA(Syllable related): S ERIVEE © FERIER N —EZEH  E£ER
i~ FERREETIALE ¢ AR E -

(3) EERsAAHRH (Prosodic Word related): & #5s ZEiHVEE © FREHI R T —(EF
BEE BRI E SRR sERAVLE ¢ AR EORALE -

(4) EERXIRETHRER (Prosodic Phrase related): =i A &Ed =6 - HEEVEE @ FREA0
RN S A S TR A EREEE - HAREORLE -

(5) A (Utterance related): &) ~ SiRa ~ HEAEAEIVEE -

B AR GR IS BB i R SR S SR [ RSE AR R, AF S EaE PR IRl T A L

fREEE (1l 3. Question Set) P {EFTHE & RCFHY Label % S HES ERYIFEAING & a5

T REER T ESCE r E0F 0 SR SW TS SR PRI S AE R -

=
—

i

3
e

VU~ B ERGE R KT

(—) ~ B HABEERE
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BB a5 2 ol oy B B 2R E e A o = e AT & S HEC sk SR RIE AR — K&
PR )7 1% P s SW BT & LTSRS - DU A AR 1& S0 77 B S B B S
REFCHFHVEES - ELR—(E &) T RIS o (BN B h I H A 5
(B2 ERR > T AR E R (E DAST ch S SW B[ SSCHY T AAGRZ S B 2 AR
A - FEE B b AT FHRERHEE 73 Ry SR B0 o7 » T SCEBRIEE(E FH B SR & Ay 20k
s EENERETEREE - 48dF 5102 {7 > 92388 i< - HSCEERHE T I
CMU ARCTIC wEfEE[16] - H/5 1132 (&)1~ » HrpElE 10045 (5B (2974 (HA EE
EET) - 39153 fEF 2 -

RYCE B F HOTE DR RISk S B R IS 59 T
$5E3B1{£1 45 % (Mean Opinion Score, MOS) » Fff 10 fir % 3£ 10 4B HIIEFZAT R I35
RS SRER AT « SRR - (A FBRSE S E AR
IR S (R 5 5) » OF B ARIAARRIES (RIS 1 49) » 1501 10 4161 T4
A4 B E B - Fob G TS R B AR SR
SR (3.94 vs. 3.42)

MOS EEHEHI
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B E SRS WSRO AT
B7 - MOS FExE(E
(Z)orbrEdstam

BB PHINRMREACE - 285 THBURNE T ORISR « PUTN R —(E1E
Y T SRR BT Ry S (1 AR S A R TR SR T 40T R Ry (A 3 AT AT S
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AT AREAR -

A L (5 FH B PO o SCRH ) " S R s T R A A (w e e - (BB PR R E IR
BEHE Server (A E(Efkes - FrLUE A& A REHER L T HEEEAE Server”
Rf(% > PRI SO R B a8 & S HEr Server SZ (g #R—{EF fy s FAY SW 12
FE R A T PEER SR A e B A L (fE ase] SW - AR Ry Bl (& i A
250 o AHAIRIAT LA SR > RIG R TR & e S R R ARG RS H T R
BT HSIMEE—(E Server (& EEEMERE > BEIFIARy i Ry g — (Y > R
2 At A Hopth ) (R R - R BT R TR A R AR AL A B
sl R R —(EEE Y T (ERVRE AR A TS > RS E Eef e s - Bk
A RAE SR RIS 0GR A SCHRRS - 8 sever E IR TETE -
A (& (EHYRE AT SE A I - It AT ROSCHR AT ST — FUsh Ay B -

server

B - SOIRS AT B8

I~ G

wHe E[HH

ARG Ry IR B S R RS AR PR IRE I DL SW BRRI R I & i
FE0) 75 [ A& SRR (Y T S PAPREE ) T ARG M - SetB AT PAE Y S S A Y
SW AR 5 [ A Hr i AR ) BAF J70A ARG U R IFIEENG AR & B DL H+
(SR B R P TR S 2 R SRS AR TR AL (B AL

FEERREIR ERUR - AR SRR H AR ) T B A S AR T B AR AR T i E
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Abstract

Identifying argument components has become an important area of research in argument
mining. When argument components are identified, they can not only be used for stance
classification but also can provide reasons for determining an article is supporting or

opposing about a specific target.

Previous research mainly used text classification and summarization techniques to solve this
task. However, by transforming the task to a classification problem, not only rely heavily on
choosing and using bag-of-words features, but also lose the article entity information due to
extract the sentences out of the article and treat as an individual training instance. In the other
hand, although summarization techniques handle on entire article and try to figure out which
sentence can best represent the core concept of the article, in identifying argument
components still heavily relies on bag-of-words feature representation and lack of

argument-oriented features to concern about argument components characteristics.

In our study, we dive down to the core of the summarization method, not only makes it based
on argument strength to summarize articles and identify argument components, but also
proposed a directed graph construction approach. Experiments show that our proposed

method outperforms 8% better than those without argument-oriented methods.
BAGEEE - RmsEEZE  PraEGeE - BB L - AEE

Keywords: Argument Mining, Argument Components, Summarization, Directed Graph.

1. Introduction

In “Argument Components Extraction (ACE),” researchers try to get which sentence can be
treated as arguing points, as known as “Argument Components (AC).” According to [1],
which summarized tons of state-of-art knowledge about AM, summarized that how can a
sentence become an argument component. The argument components in argumentative
articles are usually formed by five types of sentences: “Claim” are the sentences that
represent the statement being argued, “Data” are the facts or evidence used to prove the claim,
“Warrant” are the sentences that make a connection between data and claim, “Backing” and

“Rebuttal” are the sentences that support and against the warrant, respectively.

ACE is what our study is targeting on, to find out which are the key sentences that make
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people explain why they support or against something. Furthermore, the results can feedback
to SC task, since we know the key sentences that lead an article to support or against.

We are using the dataset released by [2], which collected posts under the domain “Abortion,”
“Gay Rights,” “Obama” and “Marijuana” from an online debate forum. They manually

labeled argument components in each post under each domain.

To accomplish the goal of ACE, previous methods commonly use bag-of-words or
feature-based approach to represent the sentence in a feature vector form. These methods will
cause the problems that lead to sparse feature, and it needs to treat sentences individually

rather than processing with other sentences in the post.

We based on existed summarization method, TextRank to be one of our baselines. In [3], they
aim to extract argument components by applying TextRank, which first using TF-IDF to
represent each sentence then create an undirected graph, then applies PageRank on the
undirected graph to acquire ranked sentences; In the end, the top-ranked sentence will be
treated as argument components. However, we can say that the summarization algorithm was
proved to perform well in extracting keywords or key sentences from an article, but cannot

confidently say they are argument components.

In [4], which their work motivated us to integrate argument-oriented information in the graph,
shows that changing the edge construction method can improve TextRank performance. We
proposed an argument-oriented TextRank, ArguRank to address previously issued problems:
With integrating subjectivity score to change the calculation within TextRank, we can
confidently say that the result will be argument-ranked. Moreover, we proposed a directed
graph construction approach to retrieve the nodes relation and direction, which aim to gain
more performance by concern about how the score will be propagated.

To summarize, we make the following contributions:

® A model to retrieve subjectivity score of words through manual compiled
argument-oriented corpus.
An argument-oriented TextRank to identify the argument component.

A directed graph construction approach to pursuing better ranking performance.
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2. Related Works

2.1 Lexicon Expansion

The lexicon expansion approach aims to enlarge an existing lexicon using possibility, so it
can not only be used by itself but can also lead a classifier or a model to learn its core

concepts.

Previously, a lexicon-based method uses the attributes provided in the lexicon to do a specific
task. The attribute in the lexicon usually becomes a feature that whether the target article
contains the word or not, if contains, then the feature will switch to a state, otherwise will
have another state. But more chances words in the target article will not appear in the chosen
lexicon, make the feature is not as efficient as it should be. Researchers like [5] proposed a
concept that using an existing lexicon as seed, and choose a model to learn the concept of the
lexicon and then the model can try to predict attributes of words that not contain in the
lexicon to maximize the feature that we want to retrieve from the lexicon. The lexicon
expansion is accomplished in the following step, which proposed in [5]: (1) Choose a lexicon
as seed, (2) Transfer words from text to its representation in vector space, finally (3)
Construct and train a classifier or model to predict unknown words to retrieve the information
the seed lexicon can give. The main workflow is shown in our research; we will use such this
approach to enlarge an existing subjectivity lexicon to acquire words subjectivity strength

probability for further procedure.

2.2 Graph-based Summarization

Another field and category to summarize documents are the graph-based methods. One of
this kind is LexRank, proposed by [6]. It adopts TF-IDF to represent each words’ importance
in the sentences, then uses a modified cosine similarity equation to construct the edges

between sentences.

The other approaches are TextRank and TextRank-based variation. [3] modified TextRank
(shorten as PsTK) to rank sentences to determine which sentences are highly possible to be
an argument component. The work constructs the graph for PageRank to iterate with
sentences as nodes and similarity between each sentence as edges. In the original TextRank

[7], it uses the following Equation 1 to calculate the similarity between sentences.
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[{wi|wy € S;&wy, € S}
log(]S;]) + log(]S;1)

After the edges are calculated, TextRank will use PageRank, proposed by [8] to iterate the

Similarity(S;,S;) = (1)

graph and get the scores of each node, here we treat nodes as sentences in an article. In PsTK,
they use a different way to construct the edges. However, the method cannot convince that
summarization is a suitable method to solve the task, since none of the operation related to
argument, stance or reasoning. In our work, we proposed an argument-oriented TextRank,
ArguRank, which considered argument specific characteristics to identify argument
component.

ArguRank

Argumentative Word Vector | | Argumentative | | Words’ Subjectivity
Scoring Model Words Model Scoring Model Score

g Argument
Post Sentence Sentences Graph
Splitter | Sentences Representation | | Construction | | PageRank Component

Extra Extra Extra
Short Text Document Document Document
Expansion #1 #2 #3

Figure 1. System framework and flowchart of our proposed method.
3. Method

We based on PsTK, the state-of-the-arts method on our dataset to develop our method,
ArguRank. In the previous section, we address the issue of TextRank, motivated us to
proposed argument-oriented TextRank, ArguRank, which aim to solve these issues and
performs better in identifying argument components. Our proposed system will (1) read
online debate posts, (2) preprocess the texts into sentences, (3) create sentence representation
for calculating edge, (4) build a directed graph then (5) apply PageRank to scoring sentences.
During this pipe which shows in Figure 1, we will apply our method to certain steps to make

become argument-oriented TextRank, ArguRank.
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3.1 Argumentative Scoring Model

To make TextRank argument-oriented, we develop a model to help enhance extract hidden
argumentative information. The corpus we use to build the model is “Multi-Perspective
Question Answering (MPQA) Subjectivity Lexicon,” was compiled by [9]. It contains 8222
words; each word was labeled as “strong subjectivity” or “weak subjectivity.” To get the
score of words that are not contained in the lexicon, we use the word vector model and binary
classifier to build an argumentative scoring model to predict the argumentative score of the
word. To construct the argumentative scoring model, we (1) use a word vector model to get
its vector representation, then (2) feed to a binary classifier to make it learn how to separate

the vector into strong or weak subjectivity.

3.2 Argument-oriented Summarization

After training the classifier, we use it to get subjectivity score of each word in each sentence.
First, we normalized the subjectivity score of words in each sentence by a softmax function.

The sentence representation will then be calculated via Equation 2.
K
S = Z Vi, a; (2)
i

Where V represents the word vector of W; and S denotes the sentence representation

before constructing the graph for PageRank.

3.3 Graph Construction

After we acquire various sentence representations, the next step is to construct the graph that
represents the article. We choose cosine similarity to retrieve sentence relationship as edges,

which shows in Equation 3.
S8 _ k=150 " Sy
1S:11 - 15511 > 7 -2
‘ J YRS 1S

where S;,S; are representations of two sentences.

E(S,S)) =

©)

After the edges been calculated, the graph G will be constructed. S;,S,,S; denotes the
sentences respectively, and E,, E,3, E;3 indicates the similarity between sentences.
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Based on the undirected graph, we then further apply two conditions to make it becomes
directional. First is the condition to determine what edges are going to be discarded due to

low similarity, which determined by Thresholdp;; and shows in Equation 4.

Eij — {E(Sl, S]), le(SL,S]) = ThTeShOZle'S (4)
0, otherwise

Next, the construction of directional graph representation will be completed in two sub-steps.
First, every sentence will have a direction that points to its next sentence, which shows in
Equation 5.
By = (EGuS), ifj—i=1 )
0, otherwise
Last, the sentences which have high similarity (determined by Thresholdy;,,) will be used
to applied direction that makes two nodes points together, which similar to Equation 4 and

shows in Equation 6.

El]E]l - {E(SL,S]), le(Sl,S]) = ThTBShOIdsim (6)
0, otherwise

where the difference is the threshold will be interpreted as how similar of the sentences will

have a bi-directional connection. The directed graph can be visualized in Figure 2.

Figure 2. A directed graph that represents the article.

In the end, PageRank will applied on the directed graph to output the rank of these sentences.
The top-1 ranked sentences will then be considered as argument components of the online

debate article.
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4. Experiments and Discussion
4.1 Evaluation Metrics

The methods we proposed required different evaluation metrics. For assessing the
argumentative scoring model, first, we will use accuracy to evaluate how well the model can

correctly predict whether the word in the lexicon that is strong or weak subjectivity.

Moreover, to prevent the illusion that the accuracy gives we adopt sensitivity (also called the
true positive rate, or recall) and specificity (also called the false positive rate) to observe how

the model performs on the answer in the strong and wrong subjectivity, respectively.

To evaluate ArguRank, we use accuracy again to assess how many articles in the dataset are
correctly found the argument components. If the top-1 ranked sentence match one of the

annotated argument components within an online debate article then the accuracy will raise.

4.2 Result Discussion

There are two main parts we are going to discuss in this section: (1) Building Argumentative
Scoring Model and (2) Graph Construction.

4.2.1 Building Argumentative Scoring Model

We select three word vector models: Word2vec, GloVe, and fastText for comparison. The
result shows in Table 1, which using fastText and debate posts plus Wikipedia articles as
training corpus plus the original lexicon words can get acceptable performance on predicting
subjectivity score of words than other methods. The model than further being used in
applying the score of each word in sentence representation.

Table 1. Final argumentative scoring model where boldfaced scores show that better than
others.

Word2vec | GloVe | fastText
Accuracy 0.776 0.767 | 0.777
Sensitivity 0.798 0.789 | 0.767
Specificity 0.729 0.719 | 0.798
AUC 0.834 0.829 0.86
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4.2.2 Graph Construction

In constructing a directed graph, due to the sentence splitting operation, some articles in our
dataset exist only one sentence, which cannot construct the graph since no enough nodes.
After filtering these kinds of articles, the filtered datasize is shown in Table 2, also with the
performance of various directed graph construction approaches. By only drop connections on
the undirected graph, the accuracy will get slightly improvement, and the performance will

get better after direction construction with different granularity.

Table 2. The results of different graph constructions using cosine similarity. The different

number of size about valid dataset in use to construct graph is also shown in here.

ABO | GAY | OBA | MAR | avg
PSTK 0.469 | 0.528 | 0.582 | 0.641 | 0.555
ArguRank | 0.490 | 0.538 | 0.628 | 0.693 | 0.587
Improvement | 0.021 | 0.01 | 0.046 | 0.052 | 0.032

4.2.3 Positions of Argument Components

We apply our method to the datasize that removes the posts which one of the argument
components is in the first sentence and PSTK predicted. The reason to remove these posts is
in PSTK or other methods based on undirected graph, it will face a problem if the ranked
scores are the same, the algorithm will predict the first sentence of the post to be the
argument components. To show how our directed graph construction approach can deal with
such this problem, we experimented on the datasize after the removal. In Table 3, we run the
directed graph construction methods on the datasize and filtered graph size; the results show
that by representing sentence by specific weighting mechanism and the directed graph
construction, our method can identify argument components better than PsTK.

Table 3. After removing the posts that one of its argument components is located at the first
place of sentences.

ABO | GAY | OBA | MAR | avg
PsTK 0.430 | 0.475 | 0.512 | 0.568 | 0.496
ArguRank 0.503 | 0.553 | 0.609 | 0.634 | 0.575
TextRank + ArguRank | 0.515 | 0.548 | 0.606 | 0.637 | 0.577
Improvement 0.085| 0.073 | 0.094 | 0.069 | 0.081
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5. Conclusions

We based on TextRank to develop an argument-oriented and directed ranking method called
“ArguRank,” which makes TextRank argumentative and directed. Also, we show how we
build our research environment to expand a lexicon for identifying argumentative words and

construct an argument representation.

The experiments show the proof that using argument-oriented graph-based summarization
method by applying the subjectivity lexicon to construct the sentence representation can get
better result on extracting argument components. Moreover, the approach of directed graph
construction significantly improves the performance of identifying argument components via

graph-based summarization.
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Abstract

Discourse parser helps us understand the relationship and connection between sentences and
sentences from different angles, but the tree structure data still need to rely on manual
marking, which makes this technology unable to be directly used in daily life. So far, there
have been many research and studies on how to automatically construct the complete tree
structure on the computer. Since deep learning has progressed rapidly in recent years, the

construction method for discourse parser has also changed from the traditional SVM, CRF
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method to the current recursive neural network. In the Chinese corpus tree library CDTB, the
parsing analysis problem can be divided into four main problems, including elementary
discourse unit (EDU) segmentation, tree structure construction, center labeling, and sense
labeling. In this paper, we use many state-of-the-art deep learning techniques, such as
attentive recursive neural networks, self-attentive, and BERT to improve the performance. In
the end, we succeeded in increasing the accuracy by more than 10% of F1 in each task,

reaching the best performance we know so far.
BAGEEE - RS, REEIN, SRR IRE, IR

Keywords: Deep Learning, Discourse Parsing, Attention, RVNN
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S T =1 SoftMax 73 fH =8 2K $ 1 ¥ =N [E1 0V R B ke ) - WEISEEA CYK HEEVAE
NS T -
(—) Fap5E]

‘e CDTB > A &l E 2 - A 7 B E R AN PRR TR B EaiE A
HURERLFTAR > AT R A B - A0 NER—HY R T SRR Ry TR oy B - (H5
AR SR A TR TR o3 B NPT 7R o3 BRI A 17 R — (I e F AL TR
Atz H 53 51fsE A BERT Fine-Tuning [FEAEAE P3RS B3R ZAFIHY TR 1% -

Sldrt B P BERT 2 (R A bute - 100l R B 50 (7 T4 inside
1 E {R4A) End IREAHEACHBED - BRSO —  T-A5BIEELL B (T - 5
B S T AR -

£ IR

fir JF ® & H - At BLo  E E {E B X &

=44

N oA

8

1£ BERT Fine-Tuning fEAIE 1 » T Google Frfefit 12-layer, 768-hidden, 12-heads,
110M parameters T8 E/ll&R4HY T SCEBIE B R MIHIRIAEIARS » SAEIE . EERE IR
SO > FRMTE R AR SO AL BERT FraE#RHY Token » FRFEE Token Hig AfFEAY
AETTHIGR - AR A

e[ e e ] -~ [ =]
T o n n
([CLS] 1( Tok 1 M Tokz]

& — ~ BERT fHAUZHE
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(=) Self-Attentive

1E 2017 £4E Lin, Feng & AJA ICLR $#2H T Self-Attentive [YHE%H] > Self-Attentive FEfHIR
TRGESN VBRI NEER - BV AT ST Attentive HYERTE » SHPHINEIEERAY
SR o PRI fERMAVIES s D AT ERH - (SRR ARl R 2B
— TRIER TR FHRIERR o AT -

)

s = (WL w, .. .Wn) (2)

hy = LSTM(wy, hy_1) (3)

H = (hy,hy ... h) (5)

a = softmax(W, tanh(W,H")) (6)

AL AN B s & n [HESFY] - B w (AZRFF51HY word embedding » F{fT &y
RHEERN s B A—(E LSTM » (S E—(Ea] [T ERY hy > LSTM AYFERIEE T u > HI
h, € R* - 1] H € R™ AR BFATARRRGINEER VES - Z1&K H 75 A self-attentive
o A SoftMax $HG B FEMER—1L > a € RV JEIF a V4T LIEE
By Y E (U B SO attentive > ZE [ Self-Attentive 52K ©

(=) Attentive RVNN

FERSHRES R T - T Z P LR B SRR A BRI Y [N BETRF Attentive A RVNN 1>
REFRIA R B A Ay SR E AN [B] - fe Z RV B R

YHATRAT RVNN #5 A RSB AL, hZ - TR et S iSmtiEg 2 i > eet hl k2 {4

Attentive > \FAIR -

Myy = tanh(W D py + yme)s) (7)
Myz = relu(Wm2m, ) (8)
My3 = relu(W(mk3)mk3) 9)

exp(w my;3)
a, = (10)
“ -1 exp(wimygs)
9= ah (n
1<ksn

hy R PR P EEL B HE— TR - S R—(EEEINERN > e M1 RIaE LSTM & 15
FIEER - Pty & by L S HEIIRIS2] TR Z HAVREE a > Bd&Rt a ZR(EHH
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HEAFRI7ER Attentive o [ HEATEL Zhou S AR GRSV A RIS A RIE - H
PAEFIE T AT AR T — (8 my, #E2E - HERPEESRAERA—E my, SEEAERE
T8 By TR IRV ER B RICR - BFIEIN T Z e tidlg my,, mys A ED)
allR > HAEEEREEL - FRMAVEEN S g A 2 BEE -

= Eig

FERFERT B PRI UM Lin » B T SRR Lin (RS AUERE: - B
FI 7B Lin #H[EIRVEER 7720 (/1 standard evaluation tool PARSEVAL [11] &1 Bk
451 F1 (VRTHEL 504 » 7E Lin (YEEET - 1 Kang A7 2016 FE42 ANV E R4S R 1E 1y
Baseline » RPHINF Lin 8 Kang 45— Baseline SATIATBILHELE: -

Bl —h o EAFISH e B S i e FE AT R WO M EhiRaS T ERE ~ KB A
B B RN, + BEBR PRIV S AL FastText Embedding I Self
Attentive Layer » %245 ] Attention RVNN Bil BERT T-A)4 i -

BEEsE IR BRI E FEAITERE A Attentive-RVNN 12 » HEREA K7 AHE
RUEF Adtentive-RYNN AC/H » MIZSENIA BERT (it T40538li% > 16 T4 SR
(EDU) /Bttty » SpAL - & ERIHE (38, F Rty
feft > S RIFT AT i R

e Vi e T RORE

Mod EDU Structure Sense Center all
Kang 93.8% 46.4% 28.8% 23.1% 20.0%
Lin 87.6% 50.7% 27.8% 25.7% 22.2%
RvNN 88.6% 54.3% 35.3% 34.2% 30.8%
Atten RVNN 87.8% 55.1% 34.4% 33.1% 30.1%
BERT RvNN 94.6% 57.7% 37.2% 36.0% 31.9%

FERTEER— > EAI{E R Attentive-RvNN 1% - AEWER K IAREIR R (L Attentive-
RVNN ZAFHE - FefFTrI PAGE N YR =28 fi# - Lin fURRUAREE Lo i H AR -
{8 CDTB A5 EZriiyssts - (R RGN Zok & FAEER - AR TGN
Attentive-RvNN FTir 2RHVERE AL » L EAPIRF G E R Rl —oTiel 1% il 3837 - (]
Attentive-RvNN [y STy MR - AURERE B P = e mfe - (BRI
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BERALA BRI AE AR KNG 2 TSR b > NI A28 — (6 B B P (A
R= BT T B S TR R E AT E

Tree Type Model Structure Sense Center Overall
RVNN 63.4% 40.7% 40.5% 35.1%
Evi] :
Attentive-RvNN 62.4% 39.9% 38.1% 33.7%
RVNN 69.2% 48.8% 48.5% 44.2%
| :
Attentive-RvNN 69.9% 49.3% 47.6% 44.2%

FE NI FAPIIEA RS S VU 5 B8 (A SRR B - M Lin HYSERERYIfE iR A
iz T DLEEHERMTAIRAEI b > USRS RIS R P YRR TR Py
SR AR T SR s BT R - BRI Rall ikl D Bt s s1 - At AsiaE SR
A -

R~ TR BRI R

Sense Node (Gold) | Node (Pred) | True Positive F1 Lin F1
AEFIIHA 414 369 192 49.0% 67.0%
RIS 119 44 14 17.1% 16.5%
T 151 146 54 36.3% 29.7%
fR A 11 11 8 72.7% 0.0%

% BAPTRENSRE R 2 e+ ISR B0 10% Y3 IISRERL - SAE Ty
B NG - 7B =t e UG - T8 EFEA (A BERT AYENL T > ZEHER
BRI REA Y R - BEHRGEERE - B IERCE P OERC I R A R R AR
R& o INBEERAMTEE R AL H i AR 2 BIREHIIRIR » ERERRSC E ZHlIRE R > PR AE
HEREH EAFHIRCR
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Abstract

This study aims to investigate the occurrences of opposites in Mandarin four-word idioms.
We used the Revised Ministry of Education Online Dictionary to search for a total of 12
combinations of opposites in four-word idioms based on 32 opposites. These idioms were
analyzed in terms of their dictionary definitions, combinations, and internal structure. Based
on the definitions and the POS information on the components in the online dictionary, as
well as the combinations of opposites, we collected 910 types of idioms. Our analysis used
quantitative method to analyze not only idioms but idioms containing opposites, and our

study is one of the few studies that have utilized this approach.

1. Introduction

There have been multiple studies on Mandarin idioms, but those that have inspected
contrasting words in idioms have seldom been carried out in the past. Wang, Wu, Li, Huang,
and Hui (2010: 501) [1], one of the few studies that conducted a corpus-based analysis of the
co-occurrence of Chinese opposites, proved that little research on the issue of Chinese
antonymy has been performed in the past’: “We searched ‘antonymy’ and ‘corpus|corpora’
as keywords in the CNKI, an e-resource containing all Chinese journals, but no matches were
retrieved. Therefore there is a need for further analysis of Chinese antonymy in this way.”

Our goal was to examine opposites in Mandarin four-character constructions and the same

! This paper was supported by the Ministry of Science and Technology grants 104-2420-H-004 -003-MY2 and
108-2410-H-004-095-. Assistance from Wei-yu Chen and Yin-Wen Li was appreciated. The research outcome of
this work was discussed at the = % 4 % ¢ of the Joint Research project % #3237 % ~ #3:' 2 F L 0P
] @ B R ehdE 3. Comments from the research team and Prof. Jung-hsing Chang were highly appreciated.

2 \We used “opposites” as a more general term instead of “antonyms” in this paper, but we kept Wang et al.’s
(2010) [1] term in the literature review.
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observation was found—Ilittle research has been conducted on this topic. Our search in
several major databases (e.g., EBSCOHost, ProQuest, CNKI, Google Scholar, etc.) using the
keywords ‘corpus’ AND “four-character idiom’/‘idiom’/iEE (chengyu) AND ‘antonym’/
‘opposites’ returned hardly any satisfactory results. This indicated that either the research of
Mandarin opposites has evoked less interest or opposites have not been looked at because
they are too straightforward.

In this paper, we will show how a study on Mandarin opposites can be interesting and is
worth running. The aim of the study was to investigate idiomatic four-character lexical
constructions containing opposites in Mandarin (hereafter, four-word idioms). The present
study intended to answer the following questions presented in (1) below:

(1) (a) What are the patterns of the opposites in Mandarin four-word idioms?

(b) What kinds of meanings are carried by the opposites in the four-word idioms?
The occurrence of paired opposites in the structure of four-character idioms is an issue worth
looking into in depth. The meaning changes and effects due to the construction of the paired
opposites are also worthy of closer observation. In what follows, we will review past

literature on antonyms/opposites and Chinese four-word idioms.

2. Literature Review

There has been much discussion on opposites in past literature, but mostly regarding
their constructions. It is also important to know that opposites are not always in opposition.
Pioneered by Jones (2002) [2], Jones, Murphy, Paradis, and Willners (2007 [3], 2012 [4]),
and Murphy, Paradis, Willners, and Jones (2009) [5], a new view of antonyms was
postulated—antonyms can be identified by a certain construction in the corpus (e.g., big and
small; rich and poor) as well as comparatively (he was more feminine than masculine) (Jones
[2002] [2] used antonyms instead of opposites).

As for Chinese idioms, Wu (1992:10-12 [6]; 1995:65 [7]) defined Chinese idioms (5% &
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as “an old expression that has prevailed in society for a long period of time” and “[t]he
meanings of most idioms can be deducible from their constituents. With some of the idioms,
integrated meanings are unlikely to be directly inferred from their constituents” (p. 10-11).
S (2006) [8] analyzed the number of syntactic combinations in {#2;% F k28 A&t
#i) by /| and 5 A (2002) [9] and found that four-word combinations constituted
98.6% in that dictionary, while the remaining four-word combinations were longer
expressions. In Wang et al. (2010) [1], they investigated the formations of Chinese antonym
pairs and phrases using several fixed frames and found six significant patterns in Chinese,
which are shown in Table 1 below. We added the examples from [sifEisE (2004) [10] and §&
VEIE (1993) [11], which Wang et al. (2010) [1] cited in their paper but with no examples.

Table 1: Patterns of Chinese antonyms

Features of Patterns Patterns Examples

Interleaved with a second antonym pair | X+Y+!X+!Y AT [GERE

Two juxtaposed antonym pairs X+IX+Y+Y BEEES IR
X+Y1+IX+Y2 AEESER 2

Interleaved with synonymous words sl

Followed by a fixed phrase X+IX+m+n EEE i

MZ 2282 B NAL S
ffﬁ/,%ﬂ/jﬁ‘i'x-l'f'ﬁ/%/ﬁ :f:{:l:i:’%‘% @x/?%ﬁz‘\‘

Interleaved with grammatical particles X JIRE N

e la iy i datant
Repetition of antonym pairs X+X+HIX+IX Bl

Note: An exclamation mark marks the opposite meaning.

Wang et al. (2010) [1] also examined 371 antonyms proposed by &7 A (1989) [12],
which were extracted “partly from dictionaries and partly intuitively” (p. 502). Examples of
these antonyms include ZER>, BEPY, 2%/D, Z(E, zk1E, A2k, FZFE, i, etc. (p. 502).
Wang et al. (2010) [1] first checked whether these antonyms appeared in reverse order (e.g., *
f>%%) in the Corpus of the Center of Chinese Linguistics (CCCL, Peking University), but

none of them were reversed. Nonetheless, examples such as :E5E and JERE could be
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reversed (p. 503). They then delimited the X and Y elements in Table 1 to be Y, FEiL,
BN, A, Bitg, B3, 46, and NN, Next, they used the frame “a+X+b+!X+c, in
which, a, b and ¢ denotes one Chinese character and !X is the opposite of X” (p. 503). This
frame contains two pairs, namely, “a+X+b+!X and X+b+!X+c” (p. 503), in which the
“a+X+b+!X” pair is called the B1 Pair and the “X+b+IX+c pair” is called the B2 Pair (cf.
Jones, 2002) [2]. This part of the results returned examples such as E# =4} and ¥
4 (as few examples were provided, these two were the ones Wang et al. [2010] [1]used to
discuss incorrectly tagged examples). This pattern of antonyms, as shown in a lexical
construction, was close to the ones targeted by the current study. Nonetheless, our analysis
was more refined, which will be elaborated in the methodology section.

Apart from the research above, studies that have focused on Chinese four-word idioms
only are far too many to be cited individually. Those that dealt especially with opposites are
sparse, while some were conducted in a less systematic way, but many provided random
mentions of examples. Qiu (2015: 84) [13] examined the existence of numbers in Chinese
four-character idioms, such as (a) FEIFEZEVE (6.9, TF/\F and HREARKAL); (b) sk
R — (.9, —M—5); and (c) BFHEE [-A-B], [A-B~], [A~A~] (e.9., Pk=H&
va, —HBFFZl, —[—&). Although the study was not corpus-based, it provided a useful
categorization of idioms with numbers. Another research on numbers in Mandarin was by
Nall (2009) [14]. Both Nall (2009) [14] and Wu (1992 [6]; 1995 [7]) summarized the
semantic relations of Mandarin idioms provided by Ma (1978) [15]. These relations are (a)
Synonymic Relation ({5 & {f ~ t=Fi/ ik, Nall, 2009: 93) [14]; (b) Contrast Relation (—H
— A~ —%E—4E, Nall, 2009: 95) [14]; (c) Sequential Relation (= E {7 « E 18, Nall,
2009: 95) [14]; (d) Purposive Relation (f&—%1 ~ 71 3}-##EE, Nall, 2009: 96) [14]; and (e)
Causative Relation (—#Uzs ~ —= Z=F[, Nall, 2009: 96).

When opposites serve as an element in four-word idioms, they can appear in various

orders, and their order might affect the internal structure, the part-of-speech (POS), or even
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the meanings. In our study, we intended to find all possible combinations of opposites in
four-word idioms. We also looked at their sequence, syntactic role, morphological structure,

and whether they carried the same meanings in different positions.

3. Methodology
The current version of % & & E 4R EERH 2T AS is an officially edited national
reference dictionary and it allows searches for different combinations. By entering a dot (.) in

this online reference dictionary, we retrieved different four-word idiom combinations

containing opposites, such as “Ef&..”, “(&E..”, “ HR.”, “[EE.”, “. H&", “.[BE", “’

PR 1

B, “RmAE” “ B “BEAE” “B. B, “B.E", etc., which are instances of four-word
idioms that contained opposites. This dictionary also provides the definitions, word origins,
and example sentences for some of the words.* As for the Sinica Corpus, which contains six
different categories (literature, living, social, science, philosophy, and art) from 1981 to 2007,
with a total of 19,247 articles,> we only used POS-tagging from the Sinica Corpus to
determine the POS of each “word” in the four-word idioms. For instance, when we tagged Z.
S22 24, we used the Sinica Corpus to check the POS of %, and the adverb tag “D” was
found (thus, “DADA”).

Jones (2002: 29) [2] suggested that “the best one can do is to investigate a wide range of
pairs which a majority of speakers might recognise as being ‘good opposites’.” Following

this, we looked for “good opposites” by generating a list of opposites with a group of trained

language researchers. The list was then verified by dictionaries and online lexical resources.

® http://dict.revised.moe.edu.tw/chdic/search.htm Hh#ERET 104 4F 11 A 2 S E 404808 55 F PR st R

* The online dictionary stated that there are 3,017 entries of chengyu (5%3E) in the dictionary. This number of
chengyu might have slightly different definitions than our “four-word idioms” as chengyu is traditionally
defined as expressions that come with a history. Therefore, when we computed the overall number of four-word
idioms in the whole dictionary, we were aware of the slight differences it might cause. Still, when we examined
most of the four-word idioms with opposites that we retrieved, most of them fell into the category of chengyu,
too. Therefore, the discrepancy might be minimal, if it exists.

® http://asbc.iis.sinica.edu.tw/
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As Jones (2002: 26-27) [2] indicated that “no single definition of antonymy has been

universally agreed upon”, from the list of opposites, we selected 32 to be observed.

Table 2: Thirty-two selected opposites

R | AIE | A% | U | B | Rtk | BFF | M | 9RES | MHAH | RAE
45t | BT | &E& | B Bl | RE | B | BRE | BE | B | EA
BE | A | ®E | B | PIE | BRE | OEE | 85 | KN | B

The actual procedures comprised two stages. The first stage was to search for four-word

idioms that contained opposites, record the dictionary definitions (FtH#fiEF), and then

observe whether there were idioms that appeared with different word orders (=) and

POS-tagging (a/Z8fZ=0). At this stage, this study also examined the correspondence between

word meanings and whether positive words usually appeared before negative words.

4. Results and Discussion

The number and types of idioms retrieved from the dictionary are summarized in Table 3

below. From a total of 3,017 four-word idioms, 910 constituted 30.16% of the total instances.

Table 3: Thirty-two selected opposites and the number and types of idioms found

Opposites | Freq. % Opposites | Freq. % | Opposites | Freq. %
T, 182 20.00 G 24 | 2.64 = 8 0.88
45 71 7.80 4B 23 | 2.53 Hi® 7 0.77
Rt 67 7.36 =[5 22 | 242 REL 6 0.66
E5 66 7.25 ISR 19 | 2.09 BB 4 0.44
F/IN 58 6.37 Refs 17 | 187 #C TR 4 0.44
P Eis 48 5.27 N 16 | 176 i 3 0.33
ETF 46 5.05 HHH 16 1.76 FH4H 3 0.33
2IE 44 4.84 55 15 | 1.65 i lE 3 0.33
B4 38 4.18 %71 15 | 1.65 1, 2 0.22
S 33 3.63 B 12 1.32 EiljE3 2 0.22
i 25 2.75 B 11 | 121

Total 910 100
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In Table 3, K, was the most frequently found opposite collected from the dictionary,
followed by A4:=%F, Aiif%, and ££%5. We found that the first eight pairs of opposites formed
63.96% of the total 910 idioms, indicating that Kitt, ZE%E, A&, £4%, and A/)
constituted a majority of the four-word idioms among all types.

We also calculated the proportions of four-word idioms that showed a changed order of
AB and whether there was a semantic change. Only 15.6% had a word order change and the
remaining 84.2% had the same word order that we expected them to appear in (i.e., AB).
Among the word order change, only a small number appeared in the form _/% /% and &~
1% _/7#; a majority was in {&Z501/% and A& T 45, although we preferred to see the former
type. In Table 4 below, because of the latter type of word changes, it was not surprising that
only a small number of idioms (2.2%) had meaning changes, while 97.8% kept their original
idiom meanings. Apart from those that changed with their components, as in (& 2G40/ and
HAEHE 25, those that had repeated words did not change in meaning, such as “f~ 48 7.

Table 4: Analysis of word orders of opposites and semantic changes

BiETR ik PR E e G PGEE R
AT 144 (15.8%) EESGie 20 (2.2%)
AR REGL 766 (84.2%) T 890 (97.8%)
HEst 910 (100%) 4zt 910 (100%)

More than 84.2% of the four-word idioms were more fixed; and even if the remaining 15.8%
had word order changes, their meanings were often not affected because they changed with
their neighboring components, such as {271/ and fil/ZE44. Only a small number of
opposites changed and had contrastive meanings, as in %5 N2 and 5 7. We then
analyzed the AB patterns (5% zE4%={) of each opposite pair (13 patterns in total):

Table 5: AB patterns of the four-word idioms containing opposites

BTSN B+ EEEE AEERE = B+ R E
2A?B ASEME | 337 (37.0%) 22BA FeriszE | 10 (1.1%)
A?B? gFE R | 206 (22.6%) AABB Margh |10 (1.1%)
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7B?A W4 | 111 (12.2%) B2?A Fian = 6 (0.7%)
AB?? Wiy 94 (10.3%) A??B RN BE 5 (0.5%)
B?A? TR 68 (7.5%) ?AB? kI NT- 4 (0.4%)
??AB R oHh 45 (4.9%) ?BA? 5% 1t T 1 (0.1%)
BA?? #aa— 13 (1.4%) HIEEY 910 (100%)

As can be seen in Table 5 above, when we calculated all the AB word orders, we found a total

of 701 (77%) instances among the 910 idioms. This shows that our AB word order instinct

was matched a majority of the time in the database, indicating that an AB order was expected.

In other words, we mentally stored the opposites in an AB word order (e.g., Kb instead of

K BHAWG instead of B%HH) and they appeared almost 77% in a similar word order in the

idioms. The BA word order accounted for about 23% of the remaining idioms. In Table 5, the

“?2A?B” pattern appears to be the most frequent pattern, followed by the “A?B?” pattern, as a

result of the POS of the idioms. There were 71 POS patterns in total (POS patterns with

frequency fewer than seven are not shown):

Table 6: Distributions of four-word idiom types in terms of POS patterns (Type Freq. = 7)

POS Example Freqg. % POS Example Freqg. %
VNVN | A8 57gH 2 301 33.08 | AAAA | EEHH 11 1.21
NANA | K #hs 112 12.31 | VAVA | %1535 /4C 10 1.10
ANAN | F487F 86 9.45 | NNVN | #£4FH5 9 0.99
NVNV | Kok 4% 74 8.13 | NNDA | ZFE#E4 8 0.88
NNNN | CE#fE 50 549 | VWV | A& f#if° 8 0.88
DVDV | 7%k 5 28 3.08 | ANDV | / REAAE 7 0.77
NNVV | £EFFT 25 2.75 | DVNN | REdgi# 7 0.77
VVNN | J&5% 259 17 1.87 | NNAN | At 7 0.77
DADA | £ AR/ 16 1.76 | AVAV | 22 7 0.77
NNDV | Z7ER5y 13 1.43

This analysis helped us anticipate the kind of structure that would appear under each pattern

and the kind of POS patterns denoted by each.

® % has atag of “V_2” (a verb) in the Sinica Corpus.
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5. Conclusion and Future Research

Mandarin four-word idioms have a long history, and many studies have focused on them.
However, idioms with opposites have seldom been studied. The few cases that were studied
were not analyzed in the way they were in our study. In this paper, we addressed the
following: (a) the internal structure of four-word idioms that contain opposites; (b) the order
of opposites in the four-word idioms; and (c) the most frequently found patterns of opposites
in four-word idioms. Moreover, we analyzed the possibility of word order changes and how
the word order changes affected the meanings, if at all. We also analyzed the POS of each
component in the four-word idioms. All this information is useful in teaching idioms and
when considering whether idioms should be collected in dictionaries. We also found which
pairs of opposites are more prominent in Mandarin as well as all about these opposites.

As noted in this paper, our methodology has limitations. We overcame the limitations by
decision-making, which may have affected some of the results, but they were weighted
throughout by minimizing the problems these decisions caused regarding the complete results.
Thus, more studies are needed. The frequency of idioms in a corpus was the original focus of
this study, but the frequency of the idioms was lower than expected and not all combinations
could be found in the corpus. In the future, this will need to be overcome by finding a suitable

corpus for the study of idiom frequency.
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AEERITEH AEACE Z SR T — R RS T Rt JRRIEALIBIAT /5
A5 M ERTTHYRERE 0 " R NRIRTS ) B R E RS [T ER EREAVRERECAD T IR A
R fEEAEERSHE R EESTHEE » A EFE AE T tEIERC |
B it RAICTSE ) 28 B ERMEAVKEE L - BE 1002 BEEEE R

P&z T - ERREERSHT > ARG [SHRI R EGE T EEE ) ) B
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& Ry B TER MR EE BRI 2R A U AR HAEHR - MERESREE Z Aia R (LIERE > BRE
TERRACH TSRS, - REIN > P38 30 R L3R PG B S AR A6 RSB A = R REEE M
EERMARG —FHEEH ERHE R S RARIGONRQEAMSRE LS E
%) o WEIREIN AT =5 240 Linggle HYBHRLEETZ | -

Bt - ML o ERBANE - iKEhE - BRI

— ~ Em TR (R ?

FERESEH RO o > sE S VBB A B A T R EAVERZ — - HIFRREIERE
raH N EHSOARHEERIE SRk S0 ~ B1E ~ Bt ~ BEE MG EUEE) Tt a s
[FEIRFEATEREAR L N SR IR E SR e [t 2R - BT 5 HIBes
% BE T IRMRFUESR IS TR - BB EH S —FH PSS b
ERBIES - S EHAR (proto-language) i Ry FTAE ©

MR AEE S RHV R R R E —(ERRE I  sEE e " AZF R A KLY ARE
AR MK N R BN ~ i ~ JREF) - dEimbeESE) 1ELA R - SN
EHE RN R A BeE A S - BRSSO TR - A RE &R - 804
[EREAAE - MR H MR 2 2

R DA BB JPIRAR R R A — AT AR B HRE AR 8 > Ik HA 2 By

" RPIE ) (transitivization) o B SR TP HE CAT THERANBEMNGRE R - &
TEFH(2000) RN H T IERRAUE ShiE —TRIBSAGE 5T 2 IR E LB &5t [ Al 5 5
REVE SR (1T — R A R BBV EE L R T DI ERE 1 R EE =
PRS- ) M8 7 DU e S BT - IR

(1) a  MEIHARIKRE
b, MEARBIAR] -

(2) a fEHAEEIRT -
b, fEE[EE]T -
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() a  BMHEILHIEA -
b, FRMMHEMEER] -

W) PEIETAVE " & SIHIREE T AR (b)) T BRIV EREERE © XA
Qa)sPEREIAVE " SR TR £Qh)TEN T BRIV EREE &% (Ga)
FEEIRYE TR S HYMEL T IEET ) FEGL) TR T EIRHY E IS -

ZLERQOIDANEE S Eal YU B R AL SO B st i i B © EEAIER =B
Ao I AT RERE R sl B PR IR R ) g - SRR RBEARRI B T2 (4a-c) » Al o IR
(Sa-c) » [FABRHYEIFEFERE] T BRI s 4HA L E

4) a.  EMEJEFEENELE] -
b, SRIGEAEHEH[ETET]
c. JEbTERE[TEE] -

(5) a BMAEDETEIEE -
b, RN EEEH[HEFLHE]EH -
c. JEBE[HTER]EE -

FoNER[F](comitative) B (AU T-401(6a-c) - H] 53 HIEEES Fy(Ta-c) > TRENENATA RPIFHERY
Bl -

6) a. (FEAETSSDET -
b, ZERTKETF/NS 0 ..
c. MumErFHEIK -
d.  RRIEMZ -
(7) a. (FEARRVDEIENAC -
b, ZEFKIR/N S FEF - RS o
c. FnHIREEEESF -
d.  RYFRAZOREE -
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RIS ZE AHI(8ab) - Bl AIHEAIRY T4, ~ T EIEROab)

(8) a JAMHEZERETURELEEIRL -
b, FEEIEFEE TR -

(9) a JAFEZERE TASEUEIAAEL -
b, FEEFAE G THE -

S - S B RS CR T Rl D 7, - AR - EFHAEN
ng PR MRS AE RN - 1T HAARAas iR « R BB L E S [ 5Em T (10a-d) - |]
TR Fy(11a-d) -

(10) a. A2 ASEH[IF] 2

b, filEESPk[ 2] -

c. {RAZLHELAZK] -

d.  [HEGEEH—EEARFEIL 4] -
(11) a.  AHI2H A[ERIEERH ?

b. L AR Rk

c. IRBIESAZIZIH -

d.  [HEEH —EEAREFEL -

BEAN > 52 B SR NG U E B EFENYA (12a-d) » 153 RIS Ry(13a-d) P YA K]
e QRSN RS EY)

(12) a.  FRAX—E R[] -
b, FAIEGRE] 0 ..
c. MAREGLIEMFSE] -
d. MRS EEAFSE] -
(13) a.  FRAR—E[Fofth]R 4 -
b, FRANDRFRIESE » Sh—ERIRERET ?
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c. MlFEMFENREGLD -
d.  fElREMFENREHE -

% > S EZamoTE EREEENALZE(14a,b) > mIRIE R (15a-d)

(14) a. MEBEREE[ETT] -
b. AREFETLBESIAZ]?
(15) a. i R 712 -

b, (REERPIFEARITS ?

WL

FAPTH 2 (TR E ST R L s, (S RIZE T 2017) - &

B R TR A A BB R T R IR (b » A8 P R [RAE AR A R0 E BT

fe > A SRS P ST DU L - B BIIE = 0 R R AR B (4

(Universal dependency ) (Nivre et al., 2015, 2016) B HEZRATRERIE » ST LK
BSRsT TR T

1. B ~ R _E ARG

2. {ER bR =N CKIP CoreNLP Zx4ca B fiaa) P ST

3. {#F Chinese Stanford Parser H|f{{x{FRE{%>

AR A FEYEERHE ~ TR TR BB A A E#fres (Parser) o

" http://ckip.iis.sinica.edu.tw/service/corenlp/
* https://github.com/UniversalDependencies/UD_Chinese-GSD
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(ERI T

AR LDC Tagged Chinese Gigaword® HYEEEEELN Sy BT R I (0 ERHE - &
HURTRACEA © hrovimaitt - Frasmaie LB & R - BRI fy 1991 4251 2004 £
FEILY 181 & 6 T-2hE - £ =(0 &k 2004 L£5] 2017 FEREHTH RIS EEZHEAR
Ry BREH - Broh - &OK R F 177 BRI -

I ¥rREER AR 1991 4.5 2004 4 > 176 & 8 T2l
2. FEERL__ NS 1 1991 2 2004 4F 0 176 & 8 T2 A

3. HEERL__ASC 2004 R 2017 A0 177 A

(=) BRI

Fste Tt Chinese Stanford Parser HY{RIFRAGEITRER - FelfIuiErT DU T FHEREE © R
B (k) SRR ABEEFYE o gt Stanford Parser {4 [ Y By 1% — (B S8 AT R AL 15
SRR (05k—) - WSCE oy (BR ~ BR=) - DIagRh - [5% - 705k - BEEsRE
A > DA ) TR e B MIE R AFRA R BT EERR (IR ) o R BV ERL - Dl
Bfese R/ NH CKIP CoreNLP Zx&ftl sl BUEGA M ST © ff% » FLFIEEH Chinese Stanford
Parser (UD_Chinese-GSD ) f({{Rf7RAAEIT - BRXE1% - sHEIEA/N - BRYTA0T

I RRIERLERE(1991 £R7 2004 £F) © 176 5 8 T30 - 181 6 T54] » 1650
#2F%5 -

2. HrETER__ASC—(1991 ££2 2004 £F) 1 176 & 8 T > 1699 & 8 T-X4] - 4
(& 6293 HE (5

3. FRIERL PISC(2004 2 2017 6) ¢ 177 B - 1665 8 5 T4 - 5 (52
T -

* https://catalog.ldc.upenn.eduw/LDC2007T03
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T~ INIIPERETTHR

LA LLiEEd

BB IR R N et ROREHE IR R R N Fa T
EEIAER HAB AR & BB EE A ARG AIIE -
SRS LT HEERBARAERBT | SRS O TR AR E BT
E sl IR

2%~ /B Tagged Chinese Gigaword B8 3 1]

AT R
REZRBET - REZEGE MERRZ 2 Z A

A

fAHEREZ 2R B GRTEIN T H N | BTSSR T -
RITEEE L] -

BB E L A EH S | B B B KPR A i

% % BRI GEC  FREAEE -
BRI = -

FEEEE -

= HHEURER ARAIAR A

AT R 2 B 2R B IR ST (E AR A4 937l (Universal Dependencies
Treebank ) #3465 4752 - Universal Dependencies ( Nivre et al., 2015, 2016 ) 2—(F
Pash s s B A HUMEZE > WMENEESHE 70 bt aE T MREHEEITE
TEERE ST HTHYAER] (Nivre et al,, 2015,2016) - #i#E 70 {#H5E S « ERFHEST
HIZERE T » B PR aa B 2 IR R R - 45fER R » W —FTr -
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nsubj obj

m nmod

ftt, (= W) HE @E e
PRON ADV VERB NOUN NOUN

& — ~ {REFEEDT

—{E 55 RA—EBILRT - AMKITHY (depend on) EHiAthgs - [E—HY " BEC, BIEs
BEB - BERHIHRERR Ry root” » HeERaa AR E AR S b > DIHTHFROR - A0
Tt~ TARL B TEREE ) BRI TREL L o RERERT IR LS (nsubj) - ElEE
fEafisE (advmod) PARZ3A (obj) - M " 1h& 4 RRITHY "5, - IR R tasd
fEafisE (nmod) o {RAFHIAR E RS BLEEAYRE (% - 1M1 Eaa BRI 2 FEIRVRE (R > 40
[ — PRI T RE G BYEEL R TERRE L o IR T bE R o b2k ATERHSH
B2 22 H i) i L REMH BRI A TREL  DURARTERA R R (A » J7 (B Aa Tl H A e 5
AYETE -

AHTFE AR =5 2 Ehan R IEA sV A EA [FIRERHER YL - FR Tl B LT Ryl
(D) 85 2RSSR (2) Jr&ad SH&ERIT e o PIRIEZR= - RIDAYR AT
WAERR > SRRV - B O R)I0aeE TR B -

R=- "#E ZREwmoT, HEEA]

AHUS A 1. EEEEEE fy root - ZAEERITHRAFHY root » Wi # HKAFRE %Ky obj °
2. root EAHAMEAIHIRAFRER (A Bl & (R{F R (% mark -

SHEE (D fi /R B thEr 3 - (FEHEUEA > 25E—)
flHLEEZE: © BHC(root)  FEH(obj)

JEbRE S Q) i £ £ &t - RFTEHEGRAT2 » 2 F[ET)
{¥(root) {F(mark) = dk(obj)
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R~ T E&a SFtEERIT Bied ) U AL

FHEGRA

1. JpZad
A, HIFEE TR Zad - BLEPARE Core NLP Gl 14534
FofrZaa (P) o
B. KR Ehga (root) B2 Bhaa AU ARHT R ( RLIMEELSI(2) ) -
C. {KHIEH % Fy case ~ mark Bl /E acl °
2. SFH&ERIT
A, R EEE (root) BLE /1 ZaE
B. {{[f}[E8{% £ obj ~ obl B¢ F nmod

I lIE S

E’ Ly\) '/E,j\i:’ %ﬂ‘) fj/\\é’ %9 @’ ?U) ﬁ’ B/:\ﬁ %D’ %9 EE’ \Z\‘é‘l\ﬁ :Kt’
&, 1 5 B, W iR On i B/

SHEE

(D f £ £ 53 - (FEmmEURA 2 R5E )
filHLEEZE: © {E(root) fF(mark) &db(obj)

(2) # B 24 R L o FFEHEuEA] - 2RE =)
A AL © $f(case) E24E(nmod) B/ L(root)

G A JIT U A e (FFEmhEGRAT > 2 JE )
filGEE S © $(case) E24E(nmod) B/ La(root)

m mark

ftt
PRON

PRON

obj
(E3 s ailt -
VERB VERB PROPN

B~ REFRIEIHT

nsubj
nmod

3
ADP

B4 i) B °
NOUN ADV ADJ
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&= ~ IREREDT

nsubj
acl

obj obj

£24 A 7F 1) A e
PRON VERB NOUN VERB NOUN

VY ~ AR REHT

VO ~ Sat4E R EL AT

W

HAIE PR B 2R YN EH@Es - SR BEAELL T EEE -
1. AL At 25 e S [ (5 P R e
2. FAEGTHYE R LR B RS B R 5 s ) )t

e 20 YMEAEREE A SR =2 - FERFEUE Y BRI 2 - PSR
(2017)—>Z g R Y Blaa (F FkRh - AR Z0ERE W EvEES « 28 - B0~ I -
R~ B0 G &8 18R B =T 0T KIS IREL - TR = E - s
S~ gk ~ 20 FEIL R Bk B0~ mEL - BRI R R BRER SRR
e ~ B - BETR ~ INE - BY - HRAL - BERE

(—) FEEEBLA Y 22 BT
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B —EER 1991 22 2004 FEAVHETRETERL - fi#E A - RE /NS |
FZERFUEEES— 15 BRI KU ETETE - SRMINRIER SR = Enash HUR AL - St ARayEhEaey &)
St B R IS B SR AR

R~ BB RIS ER

Fif— (R 1991-2004) FHkEZ (32 1991-2004 ) EE#R
Y| AR | B K ARV | B | 1>2

T£E 10 0 1 £E 29 37 0.44 v
B 1 0 1 = 1 1 0.5 v
PEJE 7 0 1 PEJE 22 17 0.56 v
i 2 0 1 e 2 4 0.33 v
BELa 489 19 0.96 BEL) 481 230 0.68 v
HEL) 176 9 0.95 0 417 185 0.69 v
Eif 383 22 0.95 EiT 325 310 0.51 v
i 56 12 0.82 Hij#E 101 182 0.36 v
5% 168 41 0.8 Ak 555 563 0.5 v

e 2 1 0.67 o 15 17 0.47 v
== 5 3 0.63 == 7 6 0.54 v
Z 14 11 0.56 Z 7 112 0.06 v
45 F 3 4 0.43 45 F 2 35 0.05 v
=R 3 5 0.38 sk 3 29 0.09 v
K& 5 10 0.33 K& 4 19 0.17 v
i 16 45 0.26 e 31 64 0.33 x
£ 3 15 0.17 2k 2 81 0.02 v
KR 3 16 0.16 KR 11 129 0.08 v
e 0 2 0 e 4 10 0.29 x
2ER 0 2 0 22 8 31 0.21 x
(IR 0 1 0 AN 1 5 0.17 x
= 6 0 26 0 = 5 7 211 0.03 x
V] 0 2 0 VR 0 18 0

HFI PR &R — 2B R b 4 B 2hsamTT SR SEERE o Zad 5%
FeEmoT BhEd ) EECRZAVEET 138 (a0 TREL, - TR L ) o BB AEEREE N R

V&Yt NE X SO Sy L S VS RS E YR N X v S RN o L SRR

K
TYRE > RIS

HIEE 23 (EEhEE - A 17 (EEhEE R &R T R E N SCE R 2=

=~z
=
IO

SR VI

A 6 (EBEEE N SCERHY s (40
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BRI R - R SRR AR B (A RIS R B B R APIsEREE RO
& — LR B E B R — I MR SRR &
= (AT

BHEE




(=) ROIERESE s

A N RN BRI AT B S B L EOR — Bk = 2K — i (> B0R Bk = Ry
HIEASE - B REREA (1991 £ 2004 ) > BEENQEH - MY EEREERE
B SR RN -

TN~ BRI BER = RIS E R

FHift= (N32004-2017) Eit— (N3 1991-2004) bbi

MY | NEY | R MY AR | R 3>2
L 923 265 0.78 LI 417 185 0.69 v
A 919 287 0.76 Bl 481 230 0.68 v
W2 5 1 0.83 R 3 0 1 x
258 28 11 0.72 i 22 17 0.56 v
TE 188 84 0.69 FE 29 37 0.44 v
BT 674 309 0.69 BT 325 310 0.51 v
% | 1201 743 0.62 AR5 555 563 0.5 v
Jiji = 3 2 0.6 hnE 2 4 0.33 v
R 3 2 0.6 = 1 0 1 x
2 64 60 0.52 2 31 64 0.33 v
) 115 109 0.51 = 15 17 0.47 v
(AN 12 12 0.5 B 1 5 0.17 v
JZ0pi:2 339 426 0.44 Hij#E 101 182 0.36 v
fhir & 3 5 0.38 farls 1 0 1 x
717 1 2 0.33 7% 0 1 0 x
G=an 4 10 0.29 B 1 1 0.5 x
2ER 8 31 0.21 2R 8 31 0.21 --
R 19 108 0.15 ok 2 81 0.02 v
= 25 147 0.15 = B 7 211 0.03 v
R 5 29 0.15 GIEpES 0 18 0 v
=F 2 13 0.13 EF 1 3 0.25 x
K4 27 198 0.12 K4S 4 19 0.17 x
45 F 26 204 0.11 45 F 2 35 0.05 v
= 8 81 0.09 EH£H 7 6 0.54 x
Z/ 3 29 0.09 Z[5 7 112 0.06 v
FHE 10 97 0.09 HE 3 29 0.09 --
N 29 279 0.09 I 4 10 0.29
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Kk 40 647 0.06 SKRE 11 129 0.08 x

B BE R = R PsERE T B 2A%EmoT ) B R IEETE T A &ad SERSERTT B
) EBRZHEER 82 (41 TIRELL ~ TR ) > BAYIAEE - RAERMEEL
PR R MR T GET R Bl > Rties o HEEGER A 0 28 (EFEhE o A
16 (a0 IR EIMmEE RS (a1 "L, ~ TEL, ) > A 2 (EFhE
AYRIME (i TEERE L~ THHEL ) RIEFERMELZL - A 10 (EEhEE R
AR (a0 TEEF o~ THLE, ) -

(=) &R

B — B A EE S A EE P SO RS S [ (5 P R Y ot (BEBE—) > 23
{EEEE A 16 (EEhEE e (@2, - Bl e =R 2= REE » fEREorryEEk
HEE K Este - 28 [HFhEE A 16 [H3hEEA kYRS - i e APt
Ay (3 —) - [CBUR LB FAS RYMERV B E SIGE REE - ARtk
EHyE RS S BN A R - R B g e E IR L Rt 8RR
IRFfET AT S RIS - (AR BEE - e MR - o FEEERET  ~ &
PyEhEa s R M basE - AT R AR AL o] (NGB N R T R A AAR AL -

e A 16 SRR R bidiss - Hooh— (i ] RERY R IE Bsa HUsAF I (4 = T fag
Wy~ TZE, ~ TE L - TeRE L ) o (EAERRRYENE  BEAE b ERRT
A FE T S DU R = B e Ry R ey » DAFRBREEIRI HBIRER - 55— mlse R
BRI ERMEAE > Bfl— BN AR E > — R - — RS (BA5[E &
[ESCEG » RARBAN G2 RAIbTSE > nIHEEF RSO ER - SEHA R s
SEANAAEE  BERYEAEVEILE - 4t 5= R 4RE T AT R B s 0 2R O R B 8L - 54
AT S H R YN BRI S -

1~ &hEm PR KRR

420




Hi S B BT AR R IR RS T (66 » UGB RIS
£+ AAERE S U TR A S SR I - B b PO
SR B Ry (Lo A R SIS R S T - (A1 T oS e
T EHGRE R - LIO6)RITERE RG] - BRI LIaE S B T I Ry » 12
BLEL T PLERT ) (head-initial 5 (2% « HACRIHER B MITHEIIER 2 ()
BT quality => qualify ) - 9535 FL A 525 1M ESBH 3 light verb)4) " HIfS ) AcHI:E -

(16) Andrew qualified as a teacher in 1995.
ZEE 7Y 1995 F B AT 'R -

SEEAE(LT) ~ (I)HYESE TS EIENRE « AHE R IEE T —(E R B 5 for - U RIEEA]
WEAI T, ~ Tk, FEEE AR RENRY RYIRE - HE R for HIMEEIEE
PENTERE BRI A LHYESEEE © — EEIR S AR IR P B nE A B R IR AT
AR SR A 1T

(17) It was freezing outside and Marcia longed for a hot drink
Ghm R A - EEPEHE R B W — PR B -

(18) She groped for her glasses on the bedside table
o fE PREEME b R F IR IR -

1% qualify BB —TEMEEE I - HE R cause someone to have the
quality/certificate of a teacher - B/ AL » tHARREEER " BUSERBRAT | -
PRI " T ) BRI L ARl ERE - AHE TSR RAIRHY of a teacher BUZENEHY as a
teacher - JE RGO R H % HNRERE AT BERBHRITSE - MHE —EREIEEESEHUEE - SUES
1F ~ PRESHNERSEH ) HBARCE A2V Es e - A T I S 2 4E & -

BEAN - FATRT ARG S T 8 E ) By SOUERES % AIRBIRE STt
ARSI A FAEA > EEREHERE SRS - SR F - SRR E
FHREE - 1t EsE s 2 E WA ARIEMERES ST - — BIRMTE THRAYERHE » [ r]k
il P (o EREHIGETE ~ ABEER (ontology) ~ FESIEEE ~ 85 BUILEE R iEsE AT
st N [A] SHI B2 PR RE S A 78 SR B S 9% -
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e

—MRIMS ° RyEIL Retrieval-based JIRA%ES A > Tl a] AGEMIR AT R TP AR RS
IR ERCES (Question-Answer Pair ) » 2R I EHCENT e 2 (Rt 2BAEIIR
Cakth > A EINEAFEECES AT RE A AHEHE - e L AHZHEAYERE PR A
A EH S SR LR Ry S 5h##1 (conversation disentanglement ) ©

BAHE LT TR 2 2 st E R (E R S AR B A R TR A tam S

HFs& et BEal S AR DU A B S H [F & i 2 F e TR ey » (EE M
BT EAR DA TR S A (2172 B (A1 T AR DR L TR - RS NP A T
Fe PRI R R R ACEN I GRHVENE, - SEAETAAE B 5_E A FH BRI -

BeamsC > FAMEA IRC B Reddit BRHERMETTE B - 0EEAIIRECHRET THES

fite o B NG EHY Reddit BRMEIRILERS MY A EIIIGRER > H BERT fH5

FERE BRI BB B (A PO LS B AYASRE

e A - WIRhER o [HIARH (AT > BERT fEAURE
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i 2

AN S A BB 2 BA BRI A, AEEA T Rl RN = SR (1) [R) A SO gE, MR 28
M EEPEATSE, ATLMEBDEEA HOSCREERASTHERIMIZERCR, TRHLERRREILE | #EGE
BRI DT A, (EFAMBOBTZERSHR b, T R R O BERE G, 23R ERE
R BN R AERLA, TR T 1A M B BhPER B A R SERE STERT, 1 e
BHEA B A ERE R IR, &R, B N BT & A LM S ERE R AR &
BHE, BAMREMENTTETIE, LRI RS AL RO B SEBERE s 5 ay, 4122
FERRIERE TEE ) BLAIROHERE SRR AT, Bt Wb O RE AL, S WA
st B SO A TR A, B0 BT T B i 38 SO BRIt oA . e
R EORHE,  n] S B B B EE ST Sk B R 1 REER A s B IS

=i

Bl BNk pattern grammar,  [7] 4300 synchronous grammar, [ B SO HEE

grammar induction
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— ~ 4w

iy

TR~ BERIE R AR ENESE - BREREIES « i RAvT= 0 BB H
SIITFREA » N R srtmis ey ap a4t - DUERESINTIHET 720 2RG8)—EE0
HIFTHI MR (Marcus, Santorini, and Marcinkiewicz 1993 ) = 534 —{g&3 g XA
JeEE4R (Sinclair 2000) » ZorAframitEE - EFIEESAIEEA » A HE RIOEHAT - DA
SEYEERAESOEMAN - FERERE AN L - A HIAREAVAE > Chinese Treebank 8.0
SRR EATIFSC %8 (Huang, et al. 2000; Xue and Palmer 2003, Xue, et al. 2005) ©
ORI » HERE AR L S0% (AIBER 0% pattern grammar) - AFE & = AHRHEORIBLSE -
A — IR EETGEER A IEER LSOERAT » DURAHBRHY AT EEsE A7
SO RE )T I BT FEARL AN o H B AR R A e EEEE SOEMR AR NS IR A
T DR T UGS AP EREEE 247 - (EHREB RS - FHHCE 2 EAYEEE ORI -
FEA 0% (Pattern Grammar ) J2&—FEE HLHE FI5E ey A AR IR AVEE S 54D - PG A
BE KRB b - B E2(E Rl GE S BB » TER1AA A5 PRI L R H L B0 B 22 K B2 1Y
COBUILD £}t » Hunston, Francis, and Manning (1996, 1997) &% HAySCAR S - Al
—fRE Iy 7 5E&SHE 0% (phrase structure context-free grammar) - A TRAHIEE' -
PG Fif - SHEER - RHLER AT DS EEE (85 - 45 - paE) - BE
cBEHER AR EL—4H SOERI A (patterns ) - FH DA% A1y TBEAE - PG HMfE—0 1
5 EERAERUGEE - PG fYFFRIE 0 A1 CFG AR -
® ORI —& TR HpAEKERE (V,N, 8(ADJ ) RFRF05E -
HERHIRFIR R/ NRHYSOESERE (V' 10, “ady’, “adv’, ‘prep” SRS 55 -
HEE R - WA REE -~ BIFREE  /ve) o (BRI DLURRER 5 - Bk

INEHYTEER (ER)] > SEEEEM S ) o] DARA T Lad Y AR ((grammatical

il

collocations &, colligations) -

! https://www.collinsdictionary.com/word-lovers-blog/new/what-are-grammar-patterns,524, HCB.html

2
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® NEILERT RUtAyE S SN BRI LURANALERS (that F4a)) ~ BiEE A (A0
to-inf, inf, v-ing, v-ed, passive ) ~ & (wh, ord) SEEFERC (41 amount, color,

number, name ) E{F XA AL (U get, be, way) ©
FftlL > Pattern Grammar f&—fEAFIESRTE - FILUUEHE V%@ CFG HAIMSEREEE R
Fo—Jg > RN ETE (ABhER ) Bl - SO (WEE - T0)) BB > IR
HEM R EE S - SIREERBSOEIR S - HIEL - RIBE(E Rkt ~ BE2Z ] - PG
i ‘P EFIFE Collins COBUILD English Dictionary (1995) 2ERaaIR Ml 5 R HYS0A
4mt5 (Grammar coding ) $2{t— 7T fi BE 2 B FRERY RS2 « 28T - BEZRRGER 2% PG
NRIFEAENE  AEEIERER S - MEEFRAEG R eHowNet) A a5
2 BRI H A BRI S 220t i AESOERRIE s E R 2 - Al

It > FRATEE A B 15 i LGRSO AR R Y FE 5 (projection) 2K 28 % 5 5a) g S A YA
» DIFRFFARAR EE SRR B S T I B -
= ~ MRS

Mg ~ SOEE ~ pHEEAREEE S - ARANEL - 2 EEEHEE - 2800
Sinclair (1991) f5HH gL ELr EAEHY B R AVARRE » 1f2RE 7304 ~ sEHIAVERIH >
A= SCHG ~ SFUEHVEER o FTEA > Sinclair F5REFHRIFEESE - st ERHILE - GERRS|
I REEE SR 25 TEENEGREE - AERIH4HY Collins (HAHEA] Birmingham K
E21] COBUILD &1Fs1E T > Hunston, Francis, and Manning (1996, 1998) ik T Wit LA

a5 Fyduy (lexical approach or lexical syllabus ) Y30 E#R HIl 245 Collins COBUILD

Grammar Patterns: Volumes 1 and 2 ©

FERBIEHE Ry ANHIRTFE L > Weber (2001) fEiZICAN ] 28 A SRR ANER AR BB S B
H > ARE BB A AR AE © Sun (2007) AT IGARREERHE > BAEE Scholarly
Writing Template (SWT) %4t - ACEBIZEATIE o IFTRBET N SOERA] > A im
B AE REVEFERAR -
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1F B EE(ESEYHIRSE - ZEEHY Education Test Service (ETS) FfkSE2 5 g4t
J77EBA#E T Criterion 4% (Burstein, Chodorow and Leacock, 2003) 1] DUt E &304
SEEAR I FIEIEE - A AN 4 to 12 FRHVEAEFIE - LUK TOFEL Al GRE HY
TESCHIBEER 53 - FRMIHIIASE 5 PR EE ~ FEBM B SOARA - T KRR S 2E
H A BB SRR -

Chang and Chang (2015) #2H—{EEEREEGA 0% - HEHEE IR SOERAT - I
BEHPE AR AR AF - B RFAVRAE S (4 Google Suggest) ~ Iz (41
TransType ) T H R ~ELSE R Y TIEE(Langlais, Foster and Lapalme, 2002) °

BRI FERTIE - JAHEE — B SO E R ENEL » nTLAHBIEE S 54T
Bl BERRERHE - DURHESEE - #E50E - ER MBIV 0L - HEESRISRE R -
DUREBNEaE - DU ERRED SOANEES S > B s TAEWE -

= EREILEERID SUARE AR E

Fo THEEHEESESOAMA > JeHT R AL ge st 05 - 2IRBEAHYSEESOEMRAT > Hr

FOOEMANIREE R - BERUHE G - AL A FEEH éﬂ‘ EE%#KEE@%%XSHE
Al e IEETAR > WA LRGP ARG - SPATERE T YA T B ERIEINERE > A
IRf A B E B SaB SOEMRIRY E 1] - FTLL - &ﬁﬂTmHY%EEﬁEﬂEPB’Jﬁ%%@WH
A IETIEETAE - JMIHVITE > A=ERPER AR SO AR SR - N TR
st~ OMTEREERVEEIR o DU Rl

3.1 EA RS R R E

B 48— (i R Bl SO AMR] (grammar pattern)  # HH B FEAVEERE SO AAR A
0y 77 3% » SCEFR ATV &R K J§ B Collins COBUILD Grammar Patterns: Verbs
(arts-ccr-002.bham.ac.uk/cer/patgram/ ) 255 " EEATIAYIERT - 4t 34 {6k - P HEHHL
a3 EBEAEE - #E o WM EEREREG Lo EF gy flq
( dictionary.cambridge.org/us/dictionary/english-chinese-traditional/ ) « {55175 4 T e
Bl - BEH S AHRAEEE (A0 talk) DASAHBESCOEARA (P TE B IRBE AT - TR
AV about n FYELESSE - WHHHEL S 56 ~ FHaE) © 853 » WG E (word
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alignment ) FYREZIY - EEABGEE ~ /rae - EREIVERRAIER o BrEEELER > fES
W IAEEVE R - ROV E R © BREARSE ~ DUIEE SR > DUIEEER (B
SLEBA) ~ FERA) ~ BEEE P+ SCOEMAT  FEEE D+ SOERAL - DU —ZF TALK:V
aboutn P :

1.1 ||| We were just talking about Gareth's new girlfriend

L2 | 3T WA £ 3G Sim By ¥ 2k -

1.3 ||| talk about girlfriend ||| talk:V aboutn

L4 || B&Gw K |l 3&G& :Va
& = TRV EhEE LASSHRAIE B E RV E R - (BE N LS S 45 A M -

F=IAN SRR AU U - ol SEEE ) (E ] spaCy EaCaaM: - FHIEEY
B ZagalfR I #4560 - FLERAYIA H RSN TASCHYEL 7Y » B 5t heuristic 1Y TS
F—EE R HIEER - A TRE -

S VUTEAY E S Bl 17 18 25 S| SR e iy T 5 word2vec model » 51 RS BEa B EE
a1 TP EERE AR URE - $RHIAE DU B S EERE - (R R SeaBBhaa) (VBN - EaEaa 40 flHuED
BB AYEEESDE > 48 Stanford Parser 15 FHEEA] T-HYMH {(KEH (% (dependency ) »
FRENEABEE AR R/ Zaga f 45 -

3.2 BRI TER
N TAHEECHERRER] > FE5L > ooy RIFIERATT
3.2.1 SLEBAEEEE A

JEEMER DR AR RIRE BT - TR " B ~ /rad ~ ) A IEhE > IHERS o R Bl
s AH RS B A R Bl MR o o DU N P sB s o TERR R R IR A

() FaEAE RpHed © MERDHELE B2 R s iRy T 0aE - IREEREEGERTATE -
T (1) -

(1) We were just talking about Gareth's new girlfriend.
(b) FEEHE RBEasH - B OIERRAE S T rvEhEE R A - T ()

(2) I'm thinking about buying a new car.
5
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(c) Erh REEHT4] » JEZAET wh-sa AR “to” CEHF&H “to” ) » Afl5(3) -
(3) We couldn't agree on what to buy.
(d) FEEEZI 1Y, AIREREHERE - e @) -

(4) Who is going to speak for (= represent in a court of law) the accused.

BESE > AREIESCEARRTE BIHIHE I » B SOERARTTER - AEduhed ~ V- rad ~ Eif
FRS - anfle] (5)-(@8) e

(5) We were just talking about Gareth's new girlfriend. (talk : V about n)
(6) I'm thinking about buying a new car. (think : V about ving)
(7) She was dithering about what to wear. (dither:V about wh_to-inf)

(8) Nick was enthusing about how well things worked out. (enthuse:V about wh)

3.2.2 FEFEEEFHA]

FEEERE A H B DA S o BB — % > FEEB AR i T EE ) AR B
g o MCHERE A R B SR AH B B A A R MR ST - BERC B L ST Y
e A ETE > (B R ISR G (% - PRk SR B AR IR an ER BT A e -
TS ESSHY ER R AN ] A IS R EAEER - (BATFS ERHR A E Y
& > N BRI R SR ORFF hoisBft ey T > DOKRE& oy sEsE A [E 4R - AT
TrHEEE ~ BiE A TR

3.2.3 FEESUAR AR A

WRISOEMATEBIRIEN - BERSOERAIRY TR - Batuta ~ Vs JraE ~ Eas o
s DAENE B B - /1 Zad DA Rl B HIE - 41(27-29) -

27) N — I & & K B A B& fF wE - (fF_lEH n V)

(28) Andrew qualified as a teacher in 1995.

TE Y 1995 Hife BEm &R o (HUEER (V)
6
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(29) &fE 2 FrA 8 A # % B MM BE B T Xk - $V EINVEE n)
EHU T Fa HER RS > QISR “vn” o AI(30)23H -

(30) Janet is speaking for the motion.

PR #E X E HEE 35 Vv
Han AT
(a) BB Ry > s Ry n o> 40(27-30) -
(b) B R B4 B HEE A TERENE Bk vp G FRIEEEE R v_n 41(32)-

(31) I'm thinking about buying a new car.

WA ZEE WA E - (FE V)

(32) She groped for her glasses on the bedside table.
o AE REENE b BER F R R - (BER Vv

(a) FErE Rl TR0 - R e Ry T AJHVREGE - ELRRIEEE T BefTE o A133)  EA Ry
THIHVEEREE - RURERE R T BERTa_v 0 20(34) -

(33) 5 B 5 (H 2% A0 2% #Y A FT BHE EREE © GRSV ENERD)
(34) i 5t BE AR (M B W 0% 8% B o (B Y (HELY)
(d) VR EHIEEEEBE MR © 40(35) RS “n_f)_n” -

(35) Did you ask about the money?
mMITEE B E 715 2 (F78 Vo fyn)

» BB REE RATE E fT
SEEB T EASCESA (BERE EE ) HERIRYEEESOAMAT - A LU R ER S

1. RS raEryARE (40 about F1 against) » HEFMEAVEESERIAI » AIRAZES - ALl - 3
FRANERE R ] S RA RN - WS  sE S S EH G A EESrATRCR -

2. —fRIME @ Naworad Bl > SLEEA RYIENERY Vpn BSCERRAT - HERFEEE)
7
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S BPIER BB (Vn) > PR BEREE (pn V) SURALREE (V
pn) SHIA - MIHGHEMG (p) FREMEAVEEREMS  B(LART A -

3. /VERSTEII G (YU against, for) FTRGRAVIHE - BMERIFEESNEE (40 " K~ T 52
Fro~TER, 5D o it —2K > BERYEEERA] > BB Vvn -

4. HEFIVEEE A A IR RAEEE s A E - BARINS > JLeE s A aE 0 HE
FIEEEE E MM 5+ #4545 ) BYAURE - gl CHASE: V after n $ffEZ]
"B AE n 1R Ve BT EOR T TR HYRCERCHIER R - TGS R
TEMRIET n Ve HAy T RS FOREARRY T A TR A TRIET ) W
ZIE e SR Y TE~RIE ) BT AE L R BRETTR -

5. ERANEEAR - AT 6 X BHEAVEESE AR B pnV 5 Vpn- Sk B HS
By Vvne S bl "R 50T AT irEE ) % HERAVrEEEsE T s B p o B
W omh BRI FIE N B

o~ gE=t

==

RAH S 7 10 A VSRR - WU B RTAIRARISEER - G0 - H A S SR ARy
FAE R LIS RS R ECASET o - BB A ARG T > [RIRF AR BRI SR - FlHY
T A IERERYTCSCERA - Bt AT LUE B R BV ERE BRI T 1S B R e 3EEE
ERATEERR > RIS AR TAE &L  S59h—(ERBABITe T - ZRATEE -
FERESOEMAHEE - DUETE AR AR 5 - BE—PRIRISE - eI EhE > AEf
it ~ P EE - BE - EEEEAITTTE > EHSERAVERE - sl —(E B gL
BESERID SOEMIAI R - 3% 2 8HVEER - nI DAE RdRBEEaBatil - Pl BeE 58
FZLHE -

A M 23 —(ED57% > AT AR EISEEI R 7 20 PSR SURMATE R -
AR TE SRR K T ] T Rl PO BERR 1 6], sRSR R DERR, TERERYEN R BHE AL
All, BAMTRO A =R B, - B Eh P ) T RO SRR SGERLAN, T S i R B
AEREREMLARORERR, A\ 2 0 AR IERESCHE R P SUERLAIRYE RS, BRMIE (A 5E 5
ik, JERIERIE R A RO b BRI )R], KA SERkERE TEh ) AR AR

8
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A B RIRY AT, AT AT IERE R, SRR GESE S SOk B FiR g iU, Bl
O MG 2 e Gf SO BIRY R AT /0 A e R SE B EORHE, T S WD e o i S0k
U SRUEE ERGRE: Tate skl T

S25 3Lk
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