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Forewords

The 31st Conference on Computational Linguistics and Speech Processing (ROCLING 2019)
was held at San Shia Campus of National Taipei University (NTPU), New Taipei City,
Taiwan, during October 3-5, 2019. ROCLING, which is sponsored by the Association for
Computational Linguistics and Chinese Language Processing (ACLCLP), is the leading and
most comprehensive conference on computational linguistics and speech processing in Taiwan,
bringing together researchers, scientists and industry participants from fields of computational
linguistics, information understanding, and speech processing, to present their work and
discuss recent trends in the field. This special issue presents the extended and reviewed
versions of five papers meticulously selected from ROCLING 2019, including two natural
language processing papers and three speech processing papers.

The first paper from the National Taiwan University of Science and Technology presents
a feature-granularity training strategy for Chinese spoken question answering. By using
multiple granularities including word, character, and syllable, the robustness of the spoken
question answering model can be improved. The second paper from the National Taiwan
University of Science and Technology (the same research group as the first paper) proposes an
enhanced BERT-based extractive summarization framework (EBSUM), which takes the
sentence position information into account. It is trained by the reinforcement learning strategy
and includes maximal marginal relevance (MMR) criterion to improve the performance of
summarization. This paper is awarded as one of the two best papers of ROCLING 2019. The
third paper from the National Taipei University of Technology discusses voice conversion
with speech denoising and bandwidth expansion capacities for Amyotrophic lateral sclerosis
(ALS) patients. The experimental results showed that the proposed models can restore the
noisy and narrowband speech, respectively, which is promising to reconstruct high-quality
personalized VOCAs for ALS patients. This paper is awarded as one of the two best papers of
ROCLING 2019. The fourth paper from National Sun Yat-sen University studies and
implements a real-time Chinese speech synthesis system by a sequence-to-sequence
conversion model with several different vocoders, including Griffin-Lim, World-Vocoder, and
WaveGlow. When using GPU, it can achieve good voice quality and processing speed. The
last paper from National Central University discusses the chatlog disentanglement based on
similarity evaluation via the Reply prediction task. By changing the way of data preparation,
they can achieve better performance through DA-LSTM (Dual Attention LSTM) and
BERT-based models in the Reply prediction task.

The Guest Editors of this special issue would like to thank all of the authors and
reviewers for contributing their knowledge and experience at the ROCLING 2019. We hope
this special issue can help inspire new directions for natural language processing and spoken



language research.

Guest Editors

Ying-Hui Lai

Department of Biomedical Engineering, National Yang-Ming University, Taiwan

Jeng-Haur Wang

Department of Computer Science and Information Engineering, National Taipei University of

Technology, Taiwan
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A Feature-granularity Training Strategy for

Chinese Spoken Question Answering

ELE - BET

Shang-Bao Luo and Kuan-Yu Chen

T

1E C1EE R/ 247 (Spoken Question Answering, SQA) T » —([& i BE H HAZAY(EE >
B — B sNE iR BB BEaR(Automatic Speech Recognition, ASR)#E R
— R AR AE SR Pl AGGIRA SRR S A R AR AR SE AT
TREEK < R > S UE AT & 8 B BEE & % EE 2% (Recognition Errors)
MR B RGERN SR WTHE « K T gt — R Aem SO
— B I AR R SR SRS - 5 B R 0 B ERE S R eh R PSR
RRETRR » T A 75 HREYME R AYRR SR BN AT 52 Ak o FRAFIARF A Em S Pt 2 5148
SRS 28 B Yt S B % 23 By 35 3 % (Machine Reading Comprehension, MRC){F
Bz Rt — AR B ERE S R sE R AV R B -

Abstract

In spoken question answering, a segment of audio is usually converted into a
textual representation through an automatic speech recognition (ASR) system, and
then input to a text-based question answering model to generate the answer.
However, based on the ASR transcriptions, which usually contain lots of
recognition errors, text-based question answering system may produce imperfect
results. In order to mitigate the performance gap, in this study, a
featured-granularity training strategy is proposed. Accordingly, we evaluate the

proposed training strategy on spoken Chinese machine reading comprehension task,

*

BT EE R R E T TR &

Department of Computer Science & Information Engineering, National Taiwan University of Science
and Technology

E-mail: {M10615012, kychen}@mail.ntust.edu.tw
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which not only demonstrates the capability and ability of the proposed strategy, but
several valuable observations can be drawn from the experimental results.

BRgEGE - CIREME 240 - sEE W RrE0RE - Sl SRERN -

Keywords: Spoken Question Answering, Speech Recognition,
Featured-granularity, Training Strategy

1. 4&3% (Introduction)

T es iR BE R 2 — (8 5 7R56 5 P B (Natural Language Processing, NLP)<H s - A & B 211y
5% - HESERA L BRSNS TR - AR SR 7 g - (el
EAHR 2 M - EEIE AT ERE A PRI EZE - A LUK EHIERUAY
A~ IR E R A RS DU BRI R « 20 > R ERSRE B E Sk
ARV RIEHEAERE T ST 2 TEH R & B — DAV = B0 £ %0 (Question Answering,
QA) - #f5E £ % (Dialogue System)LLfz #8555 % (Search Engine)5s o [K|[H % e el S HE 1
s AT B2 fit SR B S LA A E i = VIR ST (EAE -

TMFRMELRR A REVFRARRE - BB RGNy /LM - EREG
& 4~ B SCE RS RS BRI 2 EE - BATEREGME 2% 12
I R % 5 FR fi#(Scene Understanding) » B HEEZ4E —REG @ BAKETYIHRR
(Scene Object Retrieval)E5 547 ((Scene Segmentation)ZE(E7% - B4 52 & BT AL
(Kingma & Dhariwal, 2018; Karras, Laine & Aila, 2019; Wang, Shen, Guo, Cheng & Borji,
2018)#i e Kl Easg 7y LSUN #JE£E(Construction of a Large-scale Image Dataset using
Deep Learning with Humans in the Loop) (Yu et al., 2015) - EA W FEINBEE L - T E#
&t 5¢ LI 22 (Cloze Style) Bl SU A By (Text Span) FUMISN - 5F 2 W FE 4y 40 12 t & AR
(Multiple Choices)F1fH2Z fE(Short Answer Questions)AY[HEER - SR 7E 2 o4 A ch
HIFEERERE » FE ARG TS - HEEEEEE T WA TR BB N RSO #EST
Mg RS B D A S DUE R R B R AR S T - By TR e BEZE YR 2 » 2016
RS RIRBER SR B Ja R 838 82 SQuAD (The Stanford Question Answering Dataset)
(Rajpurkar, Zhang, Lopyrev & Liang, 2016)fE# M4 » [t —#iBEEE S T E L EMEEE
W IAE BHEEERINSCE o BT LRE - BLS ISR THMIZ - R AR 48 8 U
%  tRES TR SO P — (i R B F R i - st 2 Y S 245 E Ry
ARy —{E 7 B o Bribz Ah > [H 2 R R i 3 1 B2 i (Single-turn) [ & B T 20 2 % i
(Multi-turn) ] 2 By J7 [A] 48 |2 > S0P Al T %56 =0 AY 2 Z2 45 (Conversational Question
Answering) » HoF B FTEEEZ CoQA (A Conversational Question Answering
Challenge) (Reddy, Chen & Manning, 2019)E QuAC (Question Answering in Context) (Choi
et al., 2018) BB EE - S94b » BEEEAI IR E AR TIRES SCE - RIREDL 25
TH > PRES A S BT T i — (M A B il » RACE (Large-scale ReAding
Comprehension Dataset From Examinations) (Lai, Xie, Liu, Tang & Hovy, 2017) 25 {EE =
& A&t B AR MEAVEIE S E e B P Bl s Ay T AR M ey R s £
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GBI E ASHEE - BN SCRRIR B > R EEN F o #0A dsk s Eay R
EEITTEHHEH (Tang, Cai & Zhuo, 2019; Wang, Yu, Jiang & Chang, 2018; Zhang et al.,
2019; Ran, Li, Hu & Zhou, 2019) » {H2 [I5ERE Z &8 HIWFT I DI PRET Y SHI, -

FEOEEME 248 —(EfEE B aMEm E A E R O 2 N %5 (Spoken Content)i% 45 H &)
BB R R RO R B A GS RN SCTI & U B A 415 (Shiang, Lee & Lee, 2014) »
SERRIIGE R E 2R HIEREK - 2801 - i H EREE PaRE e sCE - BmE grEE
EZHEEET YRR > EASUETEE I - PR IEER R R T N R A ar
BREME > NitEEEAaE BERE T  BEEEHEEREENOFHEE - A RES
e PAZC 2 B 77 (Subword Unit) (Szdke, 2010; Heerden, Karakos, Narasimhan, Davel &
Schwartz, 2017)5k 2 4E152H % (Domain Adaptation) (Lee, Chen, Lee, 2019)Z & =31y » {H
HRRIMEERIR « AR OERE AR AR ARNES - R S S OB E £
& 0 FR N — BN ERIA [FIHLE BT (Granularity Unit) A3/l SRR » 7 S A B8 2R
ISR BRI R R JI—ERNIRAN X FRIE L4 Siol IAROt 2
FORERE R 2 AR - WL M TR RS E =T E 1T —ER A B S
A B A DO RO & A S AR HE eSS R B S 2 R -

2. }HRE A (Related Methods)

BRI L FHI S L5 # » QACNN (Query-based Attention CNN) (Liu, Wu, Lee, 2017)
B Co-Matching (Zhang et al., 2019) B3 20 AV 4L BHfERT » QANet (Yu et al., 2018)H]
Ry SOR BRI AL B AT - QACNN 2 JE AT SO IEBY A A » phE A A & =
{E EZEHR 53+ A (AW E g (Similarity Mapping Layer) + QACNN JgEATE I o FEAH (DAL
f& o > g A S S35 i 5] o] &= (Mikolov, Chen, Corrado & Dean, 2013; Pennington, Socher &
Manning, 2014; Bengio, Ducharme, Vincent & Jauvin, 2003; Bojanowski, Grave, Joulin &
Mikilov, 2017)F&oR1% » B ERIZAH DU a1 R BRI S o Bl R 288 T o AR {DUSE S A
S5 SEE P QELP C A% 7 i B I (Location Relationship)f 23f,

i i
PQ = {Cos(Pn,Qf)}i:lJ_=1 (1)
Hhnfy X RIHRMEGT - [BJHIRZ SRR RAMEG TN ERE - 832 - &l
QACNN Jig 15 8 A P EA 119370 72 ) #4751 (Attention Mechanism)i{ir BAHRI 017 B — TR
(Pattern) 2% 4= F 4] (Word-level) E| &) 4 (Sentence-leve D AVHRF Ern KR m {EEETEIFY
SR BREATE

Tm = QACNNLayer(PQ'PCm) (2)

A1 5 1 PR e A SR AR A B T Y & Sl R TR FI RESE B ZEHYETH © QACNN Yy
RS ~ FRES BT AR UE R T3 R R — DN B2 E
(Pattern Learning)y 5 2K 237 (AL » QACNN Jgof » FIF 281 K/I\(Kernel Size)#KHL
AR RUEHIREL > S &AM S SR UG T B 2R AT - QACNN AR EE41E 1
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Similarity Mapping Layer QACNN Layer M

, b
Question Q > Ll po First stage ! Second stage __,\ r. g
1

CNN Layer CNN Layer
Word

Passage P Embedding

L

----i.---

]!

PGy, Prediction
Answer |<—
Layer

[ 1. QACNN AR E/E
[Fiqure 1. Hlustration of QACNN Model.]

FT QACNN 4 » Co-Matching [l Ry T S R RARY 4K SLASTRY » AT [ 401 ] 2
B o IR AL FHUCECH 2 (Match Feature) SR 42 SCE ~ I BLUBETR I P 4R - UCFCHr
BUEE AW A 0 53R LABLBAERIR » i H & #8 & B FrE BRIV E B SR BA K E
A7 A TIRENERETE K - WXG)FIR -

Choices G,

— 1
]
Question Q > Match H
| FQ | Feature
Word 7y H X
Passage P, » Embedding Rnm [
Layer L i F
i B.C,, —> FMatch
Choices C;, Editie .
R - - - - - e
Hierarchical Aggregation Layer
M TN o
’_ ]
Prediction , .
Answer |« T hly = HBIRNN RSm {[#— BiRNN |+ ;
N ==

/B 2. Co-Match}ng ﬁ;@/ﬁgﬁ
[Fiqure 2. Hlustration of Co-Matching Model.]
7B UL RS B BUH B (Correlation) & s Mat ch AP 538 % 22 ABA B RHE R (% > 205X(4)
Ffi7i o Co-Matching & S E& FFFY 4] B, ~ fEEQBLEEIHC,, » AR A Ry FHE DA AL 1R G AL
FOREEH » a0=0S)FTR - A B FnEL moy il Ry 8 5 S8 5 DL S 26 (8880 -
A = Attention(4, B) 3)

Match4B = ReLU (W ﬁ:g g] +b ) 4)
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©)

R nm

[ Matchfn? ]
MatchPntm

PR A1 (A TR HAE A (Recurrent Neural Network, RNN)AR SRR 7 4RRF EiRyum 2K
AR R,

h3m = MaxPooling(BiRNN (R,m)) (6)
W SCAR B AT B A SR Bham ER FERE AR - SRR E Ryl
Hy, = [hims h3ms o5 Rivm] (7

FF 4 e P 43X 5 £ (Hierarchical Aggregation) $f 1 &5 {E 5] & 1Y 45 1 B2 & B SUAE 8%
(Document-leve){VEF iRy, » i FH I RHECR TR A 0] RE R & 251 BE0E -
ht, = MaxPooling(BiRNN (H3)) (8)

Answer

Encoder Block

Embedding Layer e -
Highway —
Network Layer Normalization

Meodel Encoder Layer
o)
Character-level Self-Attention
CNN .

Context-Query

Layer Normalization

Attention Layer

"

Embedding

Word

]

Convolution Layer

A
Embeddi
Layer N
| |
| context | | auestion |

[E 3. QANet BEURE /&
[Fiqure 3. Hlustration of QANet Model.]

HEELY QACNN £ Co-Matching » QANET & THHISC A B AR B 1A » [hiE I A & 7
{EFEEE S ¢ i AJE(Embedding Layer) ~ iz A 455 & (Embedding Encoder Layer) ~ B A
#h),% = J1J&(Context-query Attention Layer) ~ fEEI45HE & (Model Encoder Layer)EiH! &
(Output Layer) = H Aif K 2 85 1% 25 el 58 5 g 5 U 3 22 By DUJE & J7 1% ] (Attention
Mechanism) EL{EIRFHAS4ERE £y T Z40HE - {H QANET EERSn s et B s EIER a4
BE % 1) G 11 1 &L 48 & (Convolutional Neural Networks, CNN)FIE £7% & /7 4% il
(Self-attention Mechanism) (Vaswani et al., 2017)Z& 4% » H> QANET i A PR ER (g
g - RIEL T AT DABR A A TRAYEINISR T2 (1531 R 28 [ Bl HE 5w (Reasoning) 2R & BT R
SHAREHT » QANET £RFGIE A AR B AN R4S - T B HOEE TSI DI
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B o BEE B R G 2 RAIAVRA G > A I R EAVIR AR (% o AT DA Y B
WA SRS R 3-13 % - HEsm 2SR 4-9 £ - QANET Fi{f HIV4RSEs &l 2 A —
TERIRS SRR > WE 3 Frr 0 EHE - EEEENBEETEN s 2R
& F#i{L(Layer Normalization) (Ba, Kiros & Hinton, 2016)Ei5§=44% (Residual Network)
(He, Zhang, Ren & Sun, 2016)2KF& & 5| 1L © FRILZ AN » QANET L5257 E « RRE L
RIS ES 2 AV fEE - DUESIEINZALZ R -

#THH BERT(Bidirectional Encoder Representation from Transformers) (Devling, Chang,
Lee & Toutanova, 2018)AY[tH DL K %48 XLNet (Yang et al., 2019)¥%}/> BERT Ay » 3%
BIEERES TR AI T G245t - BERT 1518 2% [ [m) Sl 45 1 22 2le 31| 4 o {18 f s
ERITERER - ol Ryl =05 = 40 (Masked Language Model) BLKz T~ — &) FEIMI (Next
Sentence Prediction) » BRI Ry S R M R EERE L > 16 Bt — SR E TR FE R
Sy i8EE (Fine-tune) % » BT 15 &0 H 2AGE S R EAER RIS HEE IRV (Zhang
et al., 2019; Ran et al., 2019) - XLNet A2 XA BERT AyGLEL#EFTHOE » 2 —F 2L E
(B EFHYE)I1 48 7775 (Generalized Autoregressive Pretraining Method) » $1%f BERT ¥ #E#(1r
B A TR B A TT 280 - FEDLZFRH BERT 48RS -

3. ENSERNLE 2 3|8 RE% (A Feature-granularity Training Strategy)

3.1 SEEEYHREOZEMZE LY (ASR and Spoken Question Answering)
H BRSO A A BRI ~ SRS 12 SR B 5a] 52 A 17 AE A B L o T S A
PR BEGESPRRERNEE BRSNS R e SRR A SR
FEEARNESE T A M o 15 SR SR R A S R A SR Y R B A
BTN AN SRR > ML —EF RO EME RS E R AE - aE
4 TR e £ DAFAE (Word) f BRI A5 AT T - 188 TE PR S0 28 2 38 A 52 4 R UCHE (Mismatch) 155 -
EEFFENE - RBEEYARIRCEN L@ E e AR Ak - Rt
B PR S o (REEF FHRE = B SR i LS R B S iy R EEEE T+
of o PR TR o B TR 2 R (IE A B A R S R (Unigram) AR AR St i 1 BR ) o
PR AR R 1945 5 DLF £ (Character) £ 87 > HISEIEEL S 25 & UCHC 2 © 8§ 5 S (E 705 0 Tl
Ao BRI T8 A [FISERESE 2R UCECAYIA o I H BHEEM - BT
SRR AT RN - iR o BE YRGS R EF TR RE DS RNEE > EEK
{73 — 20 Ml 4T S DA B (Syllable) 237 > K2 o] DA ER S 2 UCFC Ay i | st 2sn
HUARES F o DG RS BT AYFRoRES o 2 O] DARARE R IR EERNEN > T EE
Hi R BEAIAFRES > SEE RN (BB S YERGE EE > AL BEAED
BRI E R A (B2 R RS PR R E TR A R T E
i & Fe M R 0 45 R A Y I SR IR OREE o i RGE R gy > 2R
SEEENY > AT T DATE R — L RE T WA AT IS B S SR RE o A EEN L - AR SR
HH e [ B (o FH R (R R AR P (B ~ B RT3 SR SRHE - DU TS B BhiE & P
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SEERPITIE ARATRRE kIS - SRIFUA ] B A 2 B B MEAYSCR -

Word N O ERE T RS k.
Passage Character : ...... g IR BE — O s g A
Syllable : ...... —EE YUB PL —9F A TN KA BF

Word  © [ Sl £AGET £ Etlrdn O Ryfa 2
Question | Character * [ F% $i] [ &5 1l 67 69 8 1lg & OB R fo] 2

Syllable : ...... — PA R HE UG h—s AN T E 7
Word L EE WA Word : SRS ShifA
i\::suiver Character : J5§ [ff] A KP as::gz Character ® [ #i #1
o€ | syllable T KA HFH | OV Syllable TN KA HF

B 4. HE)aEE s X PR = 2 R IE
[Figure 4. Schematic diagram of automatic speech recognition text and
feature differences.]

3.2 EREBHLE 2 JI4#5EHE (A Data Granularity Training Strategy)

By T E HERE S AR LR B AR R i 8 Attt —ER Al s &k
R [EHL FE B R FI| SR SRS o SEEAREMY - FRATRAF B BisE S B A Rl H HYSOAT
M0 A R SRR RE - AR G R AL Ty = (wy, wy, -+, wyd ~ AR R BLAL
Te = {cy, ¢, e MILLE B B BT = {1, 85,++, 51} > HBN ~ MEBALG RICESTRT iR
NG~ FATELE EIIFRAE » WHEEN = M =L @& S5 Frn o fEEEEr AL
R SURTAVE & ST ~ T CBUSEIET © » [ L3P o] DU — 2P 9 S R DA
TR B HIFoR BT, - TEBITS © [EIRERY > BIREBLSEE T LA BIFR B TS ~ TO »
TEEATS ~ TE ~ TE o B » AHRSTHE B 3 SR SRS S i 7 1o R B FEE B9 e A T R
—{E BB S B R BN 4 JE 6 P e

Tw = {wWy, Wy, -, Wy}
R B 1 SR b A TR /) a0 AR .

Te = {c1, €2+, cm}
W RCCEAEE 2 B HE RSy .

(@

Transcription
ASR Data

Ts = {51,52,,5.}

PAN' Y LB 93 T U F Yy—+ ..

5. B E

[Fiqure 5. Hlustration of Data Granularity.]
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T\f’-T$: Tlf’
o SITE AR QA
e Model Model
T={rrreTe iti
{ } Initial Model
Leanig
g - Loop
Transcrioti 81876
ranscription Learning 5
ASRData |  © “uyg-------= .
(e mm————— Model Training End

B 6. SLiaPrFir e FE (W-C-S) ZallRaRHE 1 /5 o] & R AU B 6]
[Figure 6. Schematic Diagram of the Training Strategy of the Pre-character and
Post-character Syllable (W-C-S) in the Multiple Choice Question Answering
Model.]

SOTHENE - LAE 6 B0 - BIA S R S LB R 45 - BULRRAE
SEHSPTANISER (BESCH - BIESUETE) SR R (TS, TS, T5) - DIFRF A
LTS, T TEVRIA B G B LTS, T TE YRS - B - (S B 1 D1
BERER T, T3 TS TR - FLITR BB AR (BITL, TS TEY) e
ETHEE TG R RS - WO RBONRTE (BT TLTE) &
TR B (TR - W IR » T PR RIS T R 2 (B W-C-S ) AR -
IEIBHA A — G P SR 28 - EEIENRL S I - WVEERTR - (ERI SR
RERTEDRIS BRSSO TR % FHA T — AR (TR - T
RSB SR D SR ERRTOR A RIS — 20 - A T —SE R0 - [ - AR
—AIkSRNERS © 3] - FRFELE E I RARAE R AR DUFIR B S
T -

UEE AL » AR HR S S R SRS SR M i
R R A SR R IR BT
TR AR - AR R B 136
SRR TR - SRS B A B L
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4. BEgsr EHEEE (Experimental Settings and Results)
4.1 EEs%E (Experimental Settings)

4.1.1 z:HEEEF% (Word Embeddings Training)

AEm ST B B A B ERIS - 5 S0 i () Rl sk R ek AR = 5 ~ 5
FrELEE - 0 H S R B 55 (PTT) AR, T 02 37 B AL (CNADSTAAE B3I SR3ER) » 4
FER/INES By 300 4 AGHFRESE/ A 5 IVGEIZ R o TRl S Bl r a0 - B AR
(Fasttext)[a] EREAU A AETTHIGE > ARSI EA B HEVAES o] DUE 8856 = 265
WA RS FRF R ERE - B EIHAERA 2SR (GloVe) AT THI4E -

4.1.2 HEREST PR AL (Automatic Speech Recognition System)

TEEFRE SRR RS L > A5 Kaldi (Povey et al., 2011) T B A, » BEFAIZE AL
28 48R A TDNN-F (Povey et al., 2018) £.4% » % Lattice-free MMI (Povey et al., 2016)#[1
sMBR (Vesely, Ghoshal, Burget & Povey, 2013)R¢ i s AEFTIE AL SR - HeMHVEEEL AL
SREERHEEL A NER-Trs-Voll~3 B MATBN (Wang, Chen, Kuo & Cheng, 2005) - sE= 54
By = iR S 58 (Trigram Language Model)ilfi DL Kneser-Ney /51 b i A fidt A 0 ot #05
HIRTRE o fef% b B BInE S Wk S 0 77785 255 (Character Error Rate) £y 7.79% -

4.1.3 COEEEEERZEEA (Spoken Multiple Choices Question Answering
Model)

AR 2018 FERHG ASE&-B1 Al %f5E(Formosa Grand Challenge - Talk to AIY)AELEE
BRPRETER - ZILEEEE NP X OEEEENNES S > HhEEEETgas
SCEE  [RE BRI 2 EAE o [0 AU E B T (R 2R o BHR LELERE R AT S 4H
BIFEEZ BRI RECCE ES  WMEAHE S 8 GLEERIRETE R
SRR - F R WENEE 2 St EHOE 1 Frr-SRESE N BRI E -
HEEER > R - S5 — TR E R A X E NEHEHR - 55 T EAEAENEE DT
EPEEERE SO T o BN E S EAVE R 0 HOCE - M B ERIE N o3 Rl Ry 22,538 -
2,230 B 5,904 {#iiE (Frame) ; £ [FHfESC A (Manual Transcriptions)_F » &4H8E H 14955 5l By
2353~ 16.7 B 4.1 (=TT « ShEERER A IEMER MRS FEEE £ QACNN H » [EEfE K
INELTE ST A Fy 32 ~ 64 B 128 - SRREHIRZ A/ ML ER[1,2,3] ~ [1,3,5] ~ [1,3,7]84[1,4,7]5K
HITER - £ Co-matching [ - &g A/NAIELERy 64 B1 128 o DL RSB F 53
(Dropout Ratio) &5 & 0.2 » &% Adam {B{E25(Kingma & Ba, 2014) H 25X £ 0.001 ~
LR (Batch) K/ N7 il Ry 32 B 4 > ZEEAZRE ST il Ry 13 B 80 « ASCE ~ R RE B AR 5EIH

! CNA: http://www.cna.com.tw/
2 Formosa Grand Challenge - Talk to Al: https://fgc.stpi.narl.org.tw/activity/techai2018
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M FE R & 57 Al £ 600 ~ 40 B 40 (AT - BE#E DL python 3.7.2 B PyTorch 0.4.1(Paszke
etal, 2017)EH-EH -

7 1. 2018 FIRAE L BHEE
[Table 1. 2018 Formosa Grand Challenge — Talk to Al Dataset.]

l|4fEE Training Set 2L Development Set JHEEE Test Set

7,050 1,000 1,500 1,000

2. GETBRIRIIFEIE
[Table 2. Delta Reading Comprehension Dataset.]

l|%fEE Training Set HIEVEE Test Set
A R REEL XA LA
5,014 26,936 1,000 3,524

4.1.4 SCAREFHIEIZHERT (Answer-span Prediction Question Answering Model)

b T EEERRE I RIS R 5000 » RemSUNVETT USRI IR B BB g - DUE—0
Epsg A Em et 2 AR FE RS 2%t - B A ERH - M G B R
fEE 5 £ (Delta Reading Comprehension Dataset, DRCD) (Shao, Liu, Lai, Tseng & Tsai,
2018) AT HR S AR B B 7 By > HFI SR SR B 2 st & A AIER 2 P - Hir
TS8R B # 2 H— B B R AT A R » HEZE R SRR —/ NS R R B - TRFIER
1 F1 81 EM 73 80(F RaAliFa AR o £ QANet 1 - [&jekfed K/ Nas i By 96 » 3l B ALK/ N
HEFI SRR ol By 10 B2 20 - HoaR B 20 I Em o 2 3119007 A TR Y - I SCE - [
REHY = PRI 53 1l By 800 i 50 {[E -

4.1.5 FSRFFIEI IS Z48 (Training Strategy for Question Answering)

A& SCE T SERISHE T E BT - B 240 (Baseline System)i LA T3l SRACHE - WEH)
CEREL S(EENAREH » s alFIm AGE & - T 0 RECE 1 E 4GNSR - bk
THEBERGHVEESS - BpsS AR SRR Y U7 A AT SRS U7X 0 Rl Ry W-C
W-S ~ C-S 81 W-C-S FIISRAFEARZI » o pl CFRHETTIISRE - SR IE A5 2 AYaIISRIIE
[FoRkéa THAMEITERE 5 (B2 C-S AR AR RIS T > S idIlsnN i &E
GBS T EEI R ERHETEY o HT—RZNE - RamSCREMEISRERR - BEFAREN
BB R E R 23R SR DU SRR - WA BN AR ERY
B R E R AGGHERE o R EERETENNY > v DUE 28 R (S S8R i s [a) = 2K A
AR AN E BRAS R 2R ERET -
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4.2 FEGEE (Experimental Results)

4.2.1 OzEEZBENEESGERE (Experimental Results of Spoken MCQA)

BEEERRGER T - JISEE23 QACNN LUK Co-Matching {£ /i X LIS B FERY & (£ 75
ZEER - TR E ARV R - BRGERNFE 3 R 4 AR o RIS
B ~ FRFLU AR SR o HAEE B E > S AR A LR AR [R5 [ 82
HELTTEON - FMEEE DU HY 5 A TR 230 140 C s3I aR B U AL by B
HRE AR ERETEY - AR ES A EY 2 BEE D2 A RETEERI R RE 2=
5 BRI R PIR TR T AR IR B RS IR o o] ISR AL A i A e Bass
ELAIEEE 1 | HZ2H S > C > WHGIRIL - JFIEE A2 EH B EhaE 2 Pk E L1
Rife: > BHEAFEREGAEENFNVENL | EEBTREAGNGRIEL > M AEE
AEHRIE B R 5 [ E G AR E R E E AT A B REE A T H -
Bl ST M ER > RERER G nER T HEE TREAERHER QACNN
AeEE  AREABEEN R ENERE L > TR E B 5 2 R L AR T2
H o WA S EE S 2 AR ARG R EGET 2 A By © SOERER
Co-Matching 2 ¥ AKX FHEITERIGES12 - FHUS ICRCR B0 TR R ZiiE - EE 5
o EBRRE SR BUNEUEE 2 thAn SRR o AR | B e ARE R HERME - FrLlE
RAE RS TRIUEER - AETIER - EERERSCRNVERGER L -

T o e PR R S R AR - TR R R TR IR R AR (B B PR AR Ry (o P - 1
HHIAE L 56 A2 LR AR -
& 3. BEEPF X 1755 BEN o 5 (FBERER . HBE 5 B e

[Table 3. Experimental Results of the Baseline System in Chinese Spoken Question
Answering Task with ASR Transcription.]

Validation Test 1 Test 2
W C S W C S W C S
QACNN 56.67 63.59 6478 68.68 70.73 74.02 39.07 3945 39.53

Co-Matching 54.00 64.02 6505 5856 7232 7486 38.14 39.62 39.20
KA. FEEPF X755 EE o] 5 (F BB RER R IEEX BB R

[Table 4. Experimental Results of the Baseline System in Chinese Spoken Question
Answering Task with Manual Transcription.]

Validation Test 1 Test 2
W C S W C S W C S
QACNN 64.76 7042 70.54 80.14 82.58 8226 41.67 4225 4253

Co-Matching 59.88 73.26 7290 6256 71.83 7322 39.17 4201 40.64
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BN B 2 AR SR L 2 F SRS 1 & AR » WRS B TFr « A
AR 3 Bk 4 IFRRE > W 2 W-C-S 245 &1 A B 03/ SRS I - Frfsi Ry Ea] [ 217
7 s TR A H QACNN[W/C/S] > FIlZ QACNN 775 I RIS T » Feff s FH[W/C/S1HY [
IR R A 2 0F Ryl ARE - HERITERIAERERS - HoE RIS BRI SRR
Bf - AR A ER 5 SR SR AV EEE RIE B I SRS A I FH 28 [a &K
HELTHIGR > WiEEEHETEL A AKER  BREE NS AN E - RATEEIRE
FH S fE S SR SRS > AHEC BB — [ &4 W ~ C L S 1R - & FI 28 1= & #1731
SR > A BN EAELT ORI AURCR - bR HEAGE 1 B 2 o s RilEEE|
1.28%~2.07% ~ 0.52%~2.35%82 0.38%~1.84% 7 SRS - FultHy B ER&S SR » A]LIES TR
QACNN #1 Co-Matching Wi{EfHA > AR ERREER A L > WIHERBEIAR T E
Lo whEE HEIAR A R [ BRI E R > A DL R L i R 2 E B TEHE R A
WEEA —E ZRUBE © (eI —E A KB » o] DI KE i EdE - R EEERA
g SRS T - SR F A EETI ALR > @ FHS R TSR KM AERRN
R HEEE S PRRIERRIVSCOAR | BEHIETY QACNN B2 Co-Matching R34 » 2 ELEAHF]
TR « R ZAETEMESCAR | AR F R A EREE R ER - FEEIRE &I
GHIR
5. FEBR P OB R A (T R FBaE S Bkt R

[Table 5. Experimental Results of the Baseline System in Chinese Spoken Question
Answering Validation Task with ASR Transcription.]

Validation
w C S W-C W-S C-S W-C-S
QACNN [W] 56.67 55.97 56.38 56.69 56.97 56.47 56.72
QACNN [C] 62.56 63.59 63.49 63.45 63.78 63.61 63.94
QACNN [S] 64.19 64.98 64.78 65.99 65.91 66.07 66.26

Co-Matching [W] 54.00 44.95 39.66 55.31 55.16 44.00 55.48
Co-Matching [C] 59.84 64.02 57.66 64.19 61.80 64.72 65.11
Co-Matching [S] 59.51 61.43 65.05 61.37 66.23 66.60 66.44
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7 6. BRBP P X7 EE T (EBHE | Z B St R
[Table 6. Experimental Results of the Baseline System in Chinese Spoken Question
Answering Test 1 Task with ASR Transcription.]

Test 1
W C S W-C W-S C-S W-C-S
QACNN [W] 68.68 68.28 67.57 69.33 68.57 68.16 69.07
QACNN [C] 68.58 70.73 71.16 71.22 71.30 71.39 71.30
QACNN [S] 72.19 73.36 74.02 74.05 74.33 74.09 74.54

Co-Matching [W] 58.56 49.97 42.97 62.02 60.48 50.15 62.38
Co-Matching [C] 63.35 72.32 61.24 73.38 65.31 73.36 73.21
Co-Matching [S] 66.43 68.65 74.86 66.92 74.88 75.26 74.98

F 1. BRI EE 2 (LB HIE 2 Z B S R
[Table 7. Experimental Results of the Baseline System in Chinese Spoken Question
Answering Test 2 Task with ASR Transcription.]

Test 2
W C S W-C W-S C-S W-C-S
QACNN [W] 39.07 40.19 39.35 40.24 40.31 39.35 39.65
QACNN [C] 38.97 39.45 39.10 39.59 40.16 39.43 40.01
QACNN [S] 38.09 39.18 39.53 40.08 39.08 39.48 39.58

Co-Matching [W] 38.14 36.46 32.52 38.79 38.18 36.59 39.09
Co-Matching [C] 38.43 39.62 35.50 40.64 38.07 39.89 40.97
Co-Matching [S] 36.37 36.68 39.20 36.94 38.71 39.73 39.76

4.2.2 IR EERGSE (Experimental Results of Answer-span Question
Answering)

HAFIE3R QANet {£ DRCD ERMEZ R » WAL & % (FI SR SRS B A [ [ B A Z Fl
Bl EM FHG4ER - FERETIRAIR 8 B3R 9 fion - [ERgt > W~ C ~ S AR ER 3 - BIAST
AR BRI ELRE 204 > W HERFARICE BRI ER TR AU o w1 DS
REEBRERR o AR EREEANER - g ARENATIMEZEE - B
W-C 8 W-S | A T RERYEDN © 75 W-C R3S > 2R & RIEHHIENR
FE W-S sl SRR _E > FLSRE B FLA I SRR MR 2 51 - Alle] e A5 2 >
—EZRAE © It » QANet fEASm AR HAVAIISRIE T - & ZHE RER W-C
31| R SR AN 0 - PR FH T R AR Rl A TS Bl ey < WUR - (ERE B Y2 DRCD
AVERIER DUERESCAAGE T E 5 - BN G & B Ehst 2 sl n R > PSR SCHE
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BRNEMINE b o B T R A SRS LR E BB TS RSO T+ thAT U
PR B — AL 3% -

7 8. QANet X DRCD HEFBHIFHEZ F1 EE#iaR
[Table 8. F1 Experimental Results of the QANet Model in DRCD Test Task.]

DRCD

w C S W-C W-S CS  W-C-S

QANet [W] 7804 2431 1276  79.02 7527  30.11  76.37
QANet [C] 5799 8161 1063 8340 6533 8077  82.23
QANet [S] 1156 2281 7652 2558  69.20 7478  74.00

7 9. QANet X DRCD BB HFHEZ EM EEiZR
[Table 9. EM Experimental Results of the QANet Model in DRCD Test Task.]

DRCD

w C S W-C W-S CS  W-C-S

QANet [W] 6421  10.12 2.31 64.89 6060  13.16  60.13
QANet [C] 3579 69.83 189 7440 4336 6897  70.30
QANet [S] 1.06 3.82 59.18 5.80 4880  57.79  55.43

5. 453 (Conclusions)

ARG SCHE H — TR B AV SRR - BB LIRS RS BB R R
FrES T RE S - ESEREE - AREIMERATSHRT - A AR FE R
TR AN 2 VAR R - RPIFTIR 20775 - HEBIR AR A4 - LB EEENE
Badi s > 57 74E QACNN Eid Co-Matching - » 155 2% 2 4%HY#ES © £ QANet it o 38
BESURETERAER - F1 8L EM 73 5IISE] 1.79%81 4.57%H L « ARAE 2 i 56 m
BT R0t » ZIuEIT A AR TR R T BUR R L SRR e R S B S B2
Basepisy - 0 HRF&r B2 BERT B2 XINET SR GE S AV IHAC GRS S TGS &
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EBSUM: E:JA BERT BYs&fEMEEEEE A
EBSUM: An Enhanced BERT-based

Extractive Summarization Framework

REE -~ BET

Zheng-Yu Wu and Kuan-Yu Chen

T

H il oK & o B B 2 07 0% 0 o3 Ry Hh L 4 22 (Exctractive) Bil 28 55 X £ 2
(Abstractive) » B 5 I ARSI S CEIP AR ZE - (HEI A 2 — AR
H773  RERRE N EE RN I ~ EEEE - MU S AE 7S = e
TR E B RHEEERNEIH > ERFNGE - HArER
BERT(Bidirectional Encoder Representation from Transformers)yHiEL =i 224 »
%L BERT Ui HFForiAg » BidERE A E TR A 2 80 - {54
e s FRFER R —E B ALY BERT 27 5 fa M Hih B =X % 22 7% (Enhanced
BERT-based Extractive Summarization Framework, EBSUM) » T A& & T &)1
Hfr BEE R ~ 5B L5 g v AR R B AR R BRI 14 - 5 E R i
KB4 M B 1E(Maximal Marginal Relevance, MMR)FE-& il A i ZEfE R 27 o > DL
R TR E YR - (E B EBSUM TR A 2 &R CNN/DailyMail
o SRS E (B RAVERS R0 BLES B £ SR A B a4 e A i A A EE
EBSUM [EI#5% v LAUES e (R AT 45 R -

Abstract

Automatic summarization methods can be categorized into two major streams: the
extractive summarization and the abstractive summarization. Although abstractive
summarization is to generate a short paragraph for expressing the original
document, but most of the generated summaries are hard to read. On the contrary,
extractive summarization task is to extract sentences from the given document to

* Departmet of Computer Science and Information Engineering, National Taiwan University of Science
and Technology, CSIE
E-mail: {M10615079; kychen}@mail.ntust.edu.tw
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construct a summary. Recently, BERT (Bidirectional encoder representation from
transformers), which has been introduced to several NLP-related tasks and
achieved remarkable results, is a pre-trained language representation method. In the
context of extractive summarization, BERT is usually be used to obtain
representations for sentences and documents, and then a simple model is employed
to select potential summary sentences based on the inferred representations. In this
paper, an enhanced BERT-based extractive summarization framework (EBSUM) is
proposed. The major innovations are: first, EBSUM takes the sentence position
information into account; second, in order to maximize the ROUGE score, the
model is trained by the reinforcement learning strategy; third, to avoid the
redundancy information, the maximal marginal relevance (MMR) criterion is
incorporated with the proposed EBSUM model. In the experiments, EBSUM can
outperforms several state-of-the-art models on the CNN/DailyMail corpus.

RRSEEE : HEEE - i 0 BERT » 58{BERE - o AREGAHRM:

Keywords: Auto-summarization, Extractive, BERT, Reinforcement Learning,
MMR

1. 4&5% (Introduction)

VEZ PR ARSI K AR S Sl S R B E AV LB RE BT B H iR
7 RENFEMNT TSR F - Al0E - AFEEREFHNCFEER
B [FIE A & UL 3 - R 2R (Information Retrieval )iy /2 {5 (i A & A
HIEE s (Query) » HFTH X EETHET » R EAVE P REEUE A & 7 21 & (Nogueira
& Cho, 2019; Wu, Yen, & Chen, 2019; Yang, Zhang, & Lin, 2019) - & ZAE a2 C AEET 75t
HE R FIRE R R E - B EHENAEERAN - NEEHAIUE: - (EHAEFRE
FEE 2 BRI TR N A BRIV E N - MRS R CENA BRI Ry T
HBhE A E IR EHTE R (Pak & Paroubek, 2010) » BB LA ZHfr(F. Liu, Flanigan,
Thomson, Sadeh, & Smith, 2018; Rambaut, Drummond, Xie, Baele, & Suchard, 2018)f T —
& BRI ITERE - A & n DIpast B N — R ENE AR E A EEEE
CATRENEN - TEASENE AT QTR E TR &N - 7EA TR
BURHM T E2FGEHZEEAENR - ek T BB = —(ER 0 E 555 (Billawala,
Mehdad, Radev, Stent, & Thadani, 2018; Leiva, 2018) - [l 4 » BT EE R > BT
PESEITH - BT REw BB SR E &R E - (20 H A S R E AT Rl R B A
FEREI, - HP o WERVHEEL AT > PYEEREZEAS - WL SR EE A
PMEL Y A4S 5 (Maskey & Hirschberg, 2003; Maybury & Merlino Jr, 2005) » 7R#%
JFE FH A BELS S5 M9 fE 75t (Fan & Gordon, 2014; Imran, Castillo, Diaz, & Vieweg, 2015;
Stieglitz & Dang-Xuan, 2013) - B Z 40 00 JH SO B AT IR 48 70 B AT 5 s TR TR B0 A2 T
H (Fan & Gordon, 2014; He, Wu, Yan, Akula, & Shen, 2015) - 73835 A & 5 P i H
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PSR EHY IE R R RSCERI NS 0 Fr B BSOS i Al Ry BLE S P e Y — 8 97 -

AR S R B DHI S PR BN CE R EEATLER » SEAM A LU R &
BHCOHRZENENR » BORCE AR - (HAIRE T MR FESCEAIANE » RS
H BN A A A EHULEHI RS o SO R R R A L7 2R T R Y
TEZE > BEZNERM AN TRZELE S » HBAFIRE H BRI ER - i - 48 FErk4
uh o~ &3 bEwiE - ETEW-FE > WHREARESRD KRR - S HEREERESANE
Mz R &EER > o] R e DR B IR At S PR R AR ERS S - 281 {E3R S LA IE
b & R H A B8 )74 2 HE 52 (Lead)(See, Liu, & Manning, 2017) » $H2&
SR DU R R R AR BEA S Y sl R S RS ) Y )T R M T B — (Bl 2
HEZR LA AR AP EA — e AR ~ A NER » (HEGEE R E A
R 3 EL U SR SR R ARG 7 2T AT 4% A L A R T R B B oA,
M e HEEMEEEEARE - B 715 CE B T & 4 Z A B U 204
(Extractive Summarization)#| » 2 %5 =% %2 (Abstractive Summarization)t /2 H & 1 57 HIHF
ZeJ7iA - AR RS (R TRE I - B AR T E R N E
HIEEE o (Rt - B AT AU CF o] DUE Azl A AR N A - (H 0 o] BE IR Ry s A= A I
HIEEA) - T PR ERSREA R ME(F. Liu et al., 2018; L. Liu et al., 2018; Nallapati, Zhou, dos
Santos Gulcehre, & Xiang, 2016; See et al., 2017) ; FHEL =i 22 F 0 2 e By S 22 19 ) 1
ERt% > It EN o AT B EN - R > AU A AR L2 E
A8 (Nallapati, Zhai, & Zhou, 2017; Narayan, Cohen & Lapate, 2018; Wong, Wu, & Li,
2008) -

A » Y BERT %Y (Devlin, Chang, Lee, & Toutanova, 2018)fVf&H » 2526 H 2R
5B PR E AV S B B T 2SR A R o AR RN S 98 2 > BERTSUM(Y. Liu,
2019){# H BERT HUfS &l A FHIFmk - AN HBEN 2 8HEs - RE a7
TE Ryl B F-HUMRHE « BEAL - By TRV FE SR TTER - BERTSUM £ R HIj =0y = 2
&0 484 (Trigram  Block) » 5 Bl 8 i B A1 B A — a2 2 1) 1 RS LRl Dt
SPOTERIVEER © 82X BERTSUM LA Hl HUE U S5 T HUSAH & (8 R AVEB R > B3k
1585 » BERTSUM it = % 84 F{F X EFHIIE &N 5 - BERTSUM 2t —
&l 5] LABT A X A (Cross Entropy) #E7THII% > H Y Ry K AL B TERESRS 22 1) F AV PAME
(Likelihood) » fHAZ S 8L J7 XA FR BB TR - HELRSERYEY > 7574 ROUGE
Z R FAE S TERIRR (R - 27H - BERTSUM (£ H S = B8 )75 - VIR E
SHEYEERY - AHEFN L - AgmCEEH—ERY BERT 1Y5& #4522 /574 EBSUM(Enhanced
BERT-based Extractive Summarization Framework) » - NEE 8 T A FEXERIMEE
# o FIH 58 2 E (Narayan et al., 2018)fY 5 = S I BAREf 7 AV B (R E R B5%
3 — 20 s S AR A A B B R D T ER B EHEE LAY BE
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2. TEIISR 2 [aEFomE (Pretained Word Embedding)

T3 AR [ BRI S g [F) & (Word Embeddings) » J& 1 H 7356 = e B i B2 (I 5
2% HEWERE—E8EEHE D —EEEE AN maEFR e - FEIHKHN A HE
%8 5| LS A (Continuous  Bag-of-words, CBOW) ~ Bk & %I (Skip-gram) (Mikolov, Chen,
Corrado, & Dean, 2013)L K4 /5 A& (Global Vectors, GloVe) (Pennington, Socher, &
Manning, 2014) - 7772 Sb&C SRS oh > g —(l S EE (R B89 BT S E UM [EIHYEE A 2
TR HIFF S FEEAR RN E TR EEARRNEE - fla “FEE —5  REH B
T3 AR URE PR ECE B — KR - L B T e — R AR IR E
2018 4 Peter & 42 H ELMo(Peters et al., 2018)Z5 4% » £ FH & [q) & 45 B0 B AE A (BILSTM)
BRI HER - el B DA ER A E o st FE A BRI E—
{El55 » B ZE AR ERVRGEE M ERRE - #3%  BNREIHECEES (Long Short-term
Memory, LSTM){EAERY SR HG - A DS TE R A G NG E - 3 A — 2 (E
L E#EEEH Transformer(Vaswani et al., 2017)Z8 0 (EBEEIRGAE - [RE OpenAl AL
Transformer Z24% » 2 H, GPT(Generative Pre-training) (Radford, Narasimhan, Salimans, &
Sutskever, 2018)f5 1Y » FIAER B —(EEEMGE M ERN0E - BEfR - B GPT » &8 i
¥t i BERT(Bidirectional Encoder Representations from Transformers) (Devlin et al.,
2018) -

FHEZS GPT»BERT AR A4S FfEf TEEFFEEE) & Sl ] Transformer 1y Encoder
B GPT Ry Transformer Decoder » 37 £¢ FH %€ 5 ( Bidirectional ) sE=HEAY =0 ErTFE
& > HillSERIEE GPT 5K © $h4h » BERT BN HA(EFEEE - (EERYEI SR 77 F R (2
B P ER R THA SRR S RE = 5 (Masked Language Model) » B[St B8 31 4k &k}
Bz +ANETE I HIMASKIAE  SEERF FH[MASK]RY T &N [MASK]
JRAHY IERE BE ] -

SAKXREAIMASK] » 5 ZMASK] 27 & )

B T IR R R UL S - FEE R R - 809 SRS [ 2 5 A [MASK] 3 2 B &5 »
551 10%HY 51| Sk i (s A — (R BE A5 & VR EE > DL 10%RY 5l 9k R 45 E TERERY 5] o
BEOPER - By T {F BERT BB | TH 4% - NILER THEEESHEE - A A+ R
P53 E 75 (Next Sentence Prediction) » BI45 Wi {EA) 1 » HIERTE @ ®& RS —H0
&4 H) 1 - SEEHHENRY - 3%k BERT BUEE s AZ0E 1 For » [CLSIZ R+ HIBHEHE - 1M

s () () () ()] ) o) e ) () )

Token . : e ; e : i

Embeddings [ E|{;lR| 11 Emy | | Eduu ] l Ev. ] | Emtt'— ‘ ‘ E|hH’| 11 Elnl ’ | Ellkr"'..l | E;-I.\\.- ] 1 Enlm; ] | E[?\-Ei'] l
-+ -+ L ] + -+ + -+ -+ L ] + L )

Segment | |

emoedangs | B | | Ea | | Ea || Ea | [ Ea | [ Ea || B || B | o] 6 || s |
+ + + + + + +* +* + + +

Position | ] ] 1 [ I 1 [ 1

Embeddings [ EU [ El ” Ez [ E3 | E4 H Es Ee ‘ E? l Ea Eg ‘ Ew ‘

/& 1. BERT ZE/Z/E -
[Figure 1. Hlustration of BERT Model.]



EBSUM: ZLJXBERT A7 (/£ A A5 2% 23

[SEP)Z R4 » HAETHIISR (i B 758 =M & Fom AN - 2 hlE i E
/=] & (Position Embedding) ~ & 7] & (Token Embedding) DA K% B 9% [m] = (Segment Embedding) -
fir & &2 A ARE R E(E T 2 AL A7 P —E A E - EEmER R RE
SRR EA) E_ABE A E_B S Bf% » BERT AY#i A By lb =fE R EAH IR » i[CLS]
A DA Ry ie BERS R » W HA A AT REE R o B 2 -

3. AAABERTHYHIENIEEE /574 (BERT-Based Extractive Summarization
Method)

I I I
[ Summarization Layers ]
[ 1
LR} R3] A
(R [RI ][R ][RY][® ][ RZ ][ & R |[REI[ R ][R |[RS
|
[ BERT
|
Paitv e Ey Ep Ey Ey Eg Eg Eg Eg E, Ey E, Ey
-+
fam e Ep Ey Ez Ey Ejs Es Eg Ez | | Es Eotll WEjol) NE1)
-+
Token Embeddings \Ejcws) | |Esent | | Eone | |Ejsep) | |Ejces) || Esent || Eewo | \Ejser) | |Ejces) | |Esene || En | |Efser |
b et [1cus) ][ sent | [ one |[1seP1][1cisi|[ sent || two |[iser)][icisi][ sent ][ n |[isEP]]

B 2. ZpBERT UEEHEI A #HZA(BERTSUM(Y. Liu, 2019)) 228/ -
[Fiqure 2. Hlustration of BERTSUM Model.]

3.1 BERTSUM

HIt BERT S&-PAEFTA AN 5 288 = I B B 155 7 E RIEAVSEE T - B ISR
& Z.4%(Question Answering) (Qu et al., 2019; Yang, Xie et al., 2019) ~ &:{lfa2(Wu et al.,
2019; Yang, Zhang et al., 2019) DL & ¥}55 247t (Dialog System) - ££ H ##& 22 (Gu & Hu, 2019;
Lebanoff et al., 2019; Y. Liu, 2019; Zhang et al., 2019; Zheng & Lapata, 2019b){yiHfZEH >
BERT 54 FH i fl U BRI 2 H - BERTSUM (Y. Liu, 2019)— 45 E MY SLFED
Ry — A FIES

D = [senty,sent,, -, senty] (2)

Hep sent, FZoRED TR IE AT - FEE AHIPEE: - BERTSUM & {1 &) T-HIBHBRANA
[CLS] - i HAEA) T4ERAIAISEP] : 554b - Bd BERT JREwSCHHE > & —(E a5 BH —{E
Ergmg &k F-EFNRERENESRHIERE - R ERESE R EMAIT
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fik » BERTSUM HYRFBE MR 5 iE[CLSIFESAE BERT it — vt - & {Fsent;HyE
TNVER; o FESNGHH UM S5 - BERTSUM if45—{ &) T-sent; i BERT FToRIGHIFRIR
ER B R B FIET RS R I BT AT o B R IRV A - HIERE
Rl 2 ARSI EER 0

{}71- =0 if sent; not in summary
yi =1  if sent; in summary

©)

BERTSUM #g iy =53 828 » B EREGH 530523 (Simple Classifier) - Transformer DK%
P (L A% (Recurrent Neural Network, RNN) (Hochreiter & Schmidhuber, 1997) » 3 H 1]
TS )R (Binary Cross Entropy)st BEFUHIERZE » WKL R EE(E BERTSUM AL T
ST ELEE R - BERTSUM R BIZEREANE 2 Fios - (IS LB - 2 HIEPE B (Test
Stage) » Ky NS AR SRR 1 ~ e Ge SR UL TUBRAY A)+ » BEETSUM (i ] = 7855 28
JE 7772 (Carbonell & Goldstein, 1998) » LIJE/ TN TUER » & 44 8 ELEE M T A) THES UK
BERTSUM FifE Ml A B BE R T A F-c » #cBISTRIET—=F 4l > AR e > (HIF %
hE—EGF AR HEEE -

3.2 PACSUM (Zheng & Lapata, 2019a)

BERTSUM 7 i B UH (175 HUS HH & 18 RAVEERS R > (B2 R B A28 T AR
RN EAVAERC L - R 5 E R A3 B FE R b (Cheng & Lapata, 2016; Gehrmann, Deng, &
Rush, 2018; Nallapati et al., 2017; Nallapati et al., 2016; Narayan et al., 2018; Paulus, Xiong,
& Socher, 2017; See et al., 2017) - [KLaES B EE NG AT AT 77 H (Erkan &

Radev, 2004; Hirao, Yoshida, Nishino, Yasuda, & Nagata, 2013; Li, Wang, Lam, Ren, & Bing,

2017; Lin & Hovy, 2002; Marc, 1998; Mihalcea & Tarau, 2004; Parveen, Ramsl, & Strube,
2015; Radev, Jing & Budzikowska, 2000; Wan, 2008; Wan & Yang, 2008; Yin & Pei, 2015) -
R 2 2 A 5 7 £ FE B4 ] (Graph-based) ( HE RS s 0% - A BAET
R FAE SR VB M (Salience) - SEBAREM » ERIAE E LD = [sent, senty, -, senty]
AR E 4] T-sent o1 By 8 T A BB (node) - 111 (T (B & 2 (sent;, sent; )i e, i -
A HLAUREHDLEE 7> B (similarity) (5 By iBe, (UM EE - 23 FE LA B sy s 0% » 40 Pagerank
(Brin & Page, 1998) - st & &—4a]5-#yfu0 M (centrality) :

centrality(sent;) = ¥ je1, . i-1,i+1,..n} €ij (4)

M S O A PR AR R 2 ) T2 8 R R A TR S 8
PACSUM 3 Fy Pagerank iIf; £ [#8 %1/ fry /7 [ 4 (Undirected) » Kt PACSUM ‘22
B EAGT R M A SR R A A R B - BE Y AE (E ARV PACSUM &t Bisent; ot
OB R
centrality(sent;) = A, ¥ jie;j + A2 Xj>i € 5)

Hofr > A, DL A, 43 B B il [ (Forward-looking) DL K 1% (4] (Backward-looking) H £ & - H.
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A+ 2, =1 fEEEF PACSUM #3HA, < ORE#A S EAYRER » 23 T 351+ B A
H A FREARYEE - oM B - BT o BETE T k84 - PACSUM ffiH]
BERT f & &) T 1Y 4w i 28 - 37 DL &) T J& 4 19 47 1 1 5% (Sentence-level distributional
hypothesis) (Harris, 1954; Polajnar, Rimell, & Clark, 2015)#77 BERT S &1 yfua
logo—(véenti_l’rvsenti) + logo—(v;entHlTvsenti)
+Esenti~P(s) [loga(_véentiTvsenti)] (6)

Hrfvgent LU Vsene Ry F{E A [EHY BERT - o BylfUS et ¥ sigmoid - P(s) B9 2153y )
Zefd] » BAIGIISRSE R - AT ELE ) THIREFRRE -

4. EBSUM : ESABERTHY&EMEMMENIEEE /574 (Enhanced BERT-based
Extractive Summarization Framework, EBSUM)

Update
o
[ Max Layers ]
G Gl
] ] ]
[ Summarization Layers ]

1

R Ey Es Ey  Ey Es |\Bw | Bw |[Bn || B || B ||\En || En j*
-+

(,.,,,,:,:vw Ezero  Ezero | Eze E, Ezero | |Ezero  Ezero | |Etwo  |Ezerc | Ezero  |Ezero || En
-

eyt g Ey || Ex || Ex ||/ Ex || Es || Ep | Ep || Eg || Ex || Ex || Exn || Ea

Poricn (-bessen  E E ||E || B || Es || Es Es || B Es || Ey || Ex || En
-
Token Embecangs Elcis) ”E,,,‘, Eone |£TS!P] Efcs) |Esmr Etwo I{[ﬂ]_l IE[Q]J IE:O_MI IE_“] Elﬂ]_l

[1cLs] | [ sent | [ one |[s€r] ][ 1cus1][ sent |[ two |[1s€r1][1cis) ][ sent [[ n ][1sEP]]

B 3. 27 BERT £95% @1 #1 A #Z Z(EBSUM) 22/ H -
[Fiqure 3. Hlustration of EBSUM Model.]
i 78 BERTSUM ELAE fft HU A B AL 5 oh HUSAH & (B B AVE B R > (HIRMTEE R -
BERTSUM = 5 84 T L HE P EE N 5 (L4 - BERTSUM 23t —(8 5 1 LL
s TR X A (Cross Entropy) 1731148 > H 1Y Ry A B EL TE R 22 4] - HY (U ZA (Likelihood) -
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(B XA T AT ) THE . BB 7374 ROUGE Z N FAE ¥
JERIRH % » A - BERTSUM f{ f = G855 » BV TUERERANVEERL - HEENIE -
Rem S —EER BERT ARSI % ZE 774 EBSUM(Enhanced BERT-based Extractive
Summarization Framework) » i N E% & 7 4 T CE P E &N - FIFREEEN T
R RSB T R AE RS > i DR R AR S B R D TR E
FHEEHL I RE

Feffpriett 2 EBSUM fZ 2R 0E 3 For » E5t > i ARYFEE: - EBSUM
WL E D B R A THYEE S D = [senty, sent,, -+, sent,| » sent;F R ED HEi{E 5]
F o A BES—EA) FrIBBEMAICLS] ~ A F-45EMA[SEP] -

4.1 AJFrEAE (Sentence Position Embedding)

FFE e LR N AN PHEBER S =Ry - B E AT A R T E R TR
R RALARZ BB EEA - &R CE P EERE R — R - & Tt
—HHEAAER] - EBSUM fRH =M% 8 &) L B &A% E : CLS & ~ ALL [HE D
F¢ SEP [m& - AN[E 4 iR o CLS [AEREAEE—Asent,IFAETTHEICLSHII E £ - I ¥
JERZ AL B R E, - Hi Ky 5 sent /£ ERILE > Mikk 7 [CLSILASMYF 5 - i
IE— A F Y RF B E zero - ALL [ B RIZE ARG — (&) 5-sent; PHIE— 75 IIAAE
s —E AR E R E 81 CLS [m EAHS > SEP [A B 2L —fsent HIERTFTIT [SEP]
frE £ i B EZ AN ERRE - HhifaTsent fELENLE - MFR T [SEPILL
HNFFER > AN E—(E A E AR E ero ©

ALL Embaddings Eone Eone Eone Eone Etwo Etwo Etwo Etwo E, Ey Ey Ey

3 Embeddings Eone Ezero Ezero Ezero Ewwo Ezero Ezero Ezero E, Ezero  Ezero Ezero

OLF Emaeccings Ezero | Ezero Ezero  Eome Ezero Ezero Ezero Ewwo Ezero Ezero Ezero E,

Input Document |[CLS] “ sent || one || [SEP] | | [Ci.S]“ sent || two “ [SEP] || [CLS] H sent || n || [SEP]]

B4 =ELFrERE - 45/ SEP &k - CLS &k - ALL /&4 -
[Fiqure 4. SEP Embeddings » CLS Embeddings and ALL Embeddings.]

4.2 5&2{EZ3E (Reinforcement Learning)

TEFRE R BT T > o 2 R A A P A 8RR e ) S 2 e i i — (B ) 21 T & U L
& HH IS SRR ORI ) T4 88 R TR B2 ) 1Y 53 80 > I (58 FH 28 Ui (Crross Entropy)st &E
AR TEOIIGS FELE S R 2 R FE TR SEOTRE T - BENHUE R A L IEE
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FR 37 2 T DU S s Y TEUHIDLZA (E (Likelihood) - {H DUEA b &0 3 SO {E B
B &R0 a7 B a1 2 I EER R (G 0 LS RRATEISR )7 =0 i) E BE B 22 7y
BOAEETE - FTLL > BRI - (ER A XURE BB LRy B RS 5 2 A iR R A i S B 5k
HUEITUERHY 4] (Narayan et al., 2018) « AR I » AWF7E7 #5805 (Sutton & Barto,
2018) 1y g E2E (Policy Learning) (Williams, 1992) - 7 S SRR 31168 H AR B 27> 8
(Bl ROUGE) 7 S BHHERYE ERR (% - fE5R{LEE T » BN EN—RSCED » Fffal LA
BEREAHHE —4H AT STE RS2 - W 2L ROUGE-1 B ROUGE-2 (Y F1 7y S a8y 240
T FERVEEENEY (S) o HIL - S(LEREHY B AR = Ry i/ M B TR A & 25 ) {E (Negative
Expected Reward) :

L(®) = —Eg_p(p,e)[r(S)] (7

HeboZMiHEURE I 28 - &6 AR TR IR ER R B BIE LR
FEHA SRS E8ir (SRR - H H IR RIS 5L &) 15 5 A = R E
AUsHE T - L AT AR SRS E R - R R HG U S A A0 (e il U
ERYE TR -

4.3 s REGHBEMEmE (Maximal Marginal Relevance, MMR)

Fo 7 EET G ZHE A 0] LA gt BT & AV M BN &R S 6y
i K=& fH P (Maximal Marginal Relevance, MMR)AE]I] > $2 i KB GAHRATE R & > (i
5 EBSUM {E&{ tit (X (iteration) &R w] LSS ST /e HL & A &RV &) TR 22 - HNE
> BEETEMESCEED = [senty, senty, -, sent, | LUK CEERAIREHES - #HXEHEH
HAESHI T3 » FffI4a T —(ER AR SMERMER & Es 5 K2 » SCEPRIESH HBNF
i > D Efe KIEGHBRIE AR EVR R Z > HYtnE HEHAE - WACH BERT JISREE
H o U 5 FoR - fy 73 EBSUM EE T s KIBGAMBIME R EBAVE SR - (EleRiF > 3
ISR R Y — R S R RE I Pk e 0~3 4 IEHER ) T IUA SR & SH » RIS 8y
SR AR IR T S ORI R Ay IERE R A 1

Maximal marginal Ex EN Ey Ey Ey Eg Eg Ey EN Ey Eg Ey
relevance
embeddings

mouvocmen [ [CLS] ][ A || B |[iser]|[tcts)|[ ¢ |[ o |[wser][tctsi][ F |[ o |[ser]

5. BABGHIIERIRE -

[Fiqure 5. Maximal Marginal Relevance.]
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4.4 fﬂ&;ﬁ?ﬁﬁyﬁ?ﬁ%&i‘%Zﬁﬂ (Fine-tuned Extractive Summarization
ode

Ky T5% EBSUM % 4] T X E RN EE R EFHIRGUTEREHIEE ST - BItBRT
UEAE - s RESERES » MBI AT L E F & i KIS G A R
a5 > ATLATE EBSUM > F— (B RER AR RS S S - #5%  #
FH BERT » Zfr] IS EIE—(EEFHVmEFR L - BIEIE[CLSEE#AE BERT fxik
—J@iig - EEsent,NFRIAR,; - (EESE—EETNFRRIEAR - B TRE S m Sl
AH1%J&@ Transformer H 8 1 5 1Y 5 2217 (Summarization Layer)/g(Ba, Kiros, & Hinton,
2016; Vaswani et al., 2017) » &%l BEE A1 #7548 RIS n s o E5—R=1E 0 H
e K IEGAR R R E0TI0A - EBSUM 2% 1 =00 B JOEE AN 3% R TEI 47 B e R Y )
A BB AES T » HE A T8 (STEes% e IS EE s 780 BT E R
1% > BE(E SRR I -

5. EE4EREBIETER (Experiment and Discussion)

Fef{sE F§ CNN/DailyMail (Hermann et al., 2015; See et al., 2017) &I T T BRE R AT
RERTAL » SR EME MR - W FR R 2 Hgllss - BEgEm
JHIEVEE Sy R 287,227 ~ 13,368 DL K% 11,490 B2 - $eff{s A PyTorch ~ OpenNMT(Klein,
Kim, Deng, Senellart, & Rush, 2017)L 5 bert-base-uncased ik 7~y BERT B AWHFIEFTHE
i EBSUM - Jy 7 EfTECES » FRAFTREEL T 9 {EAVEAE 2% BERTSUM - (HS—F2EHY
= fBERTSUME’JEﬁFEi‘EEEP R DA 5 B EEE Y AT TREER - P RE 2R Fs BERTSUM
Fo/DIA S EFHV & EARE - B Ry T BLEAMEAE 2 0 TEREL - MR R D
BA5{I%EUE’J/TJ?L??{$% HersE A% BERTSUM BlIHEREZIE(LEAD) » Hha4s
R 1A - EtHEBEN T AT ERAY BERTSUM Bl JFEm Y45 S EF B8
AR ERMRHESH 5 ([EFL THEFIREERLGER - vt EL =AM 775 G AEEE
By o
1. LEAD ZZBERTSUM Z= CNN/DailyMail Z5RI£E 1T B bR -
[Table 1. Experimental Results of the LEAD and BERTSUM in CNN/DailyMail]

ROUGE-1 ROUGE-2 ROUGE-L
LEAD
(Y. Liu, 2019) 40.42 17.62 36.67
#0520, LEAD 40.42 17.62 36.66
AT BERTSUM
(Y. Liu 2019) 43.25 20.24 39.63
BERTSUM 43.15 20.16 39.56
257 5 ==L,  LEAD 40.32 17.56 36.58

THYE]F BERTSUM 43.25 20.20 39.61
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7 2. CNN/DailyMail ZHFEL &1 B » 77 7 Er i o) 8a B X EL R
THERE -

[Table 2. Avg words and sentences of Documents and Summary in CNN/DailyMail]

ST HETE
GEm TR 8 T 8
CNN+DM 11490 691.9 28.0 54.6 3.9

FEEE AT BT PRI LA T (T LR - B - FE BT AR ediEk (Pointer
Generator Network, PGN) (See et al., 2017) @M E XA ERAMEE - HEGERE 28K
EG AV HE M EA(LEAD) B 2% » IE 23T 2 B R AR E LM AVEES - BB 5 NEESR
A FUGHI . > BEET SR H - REFRESH (Narayan et al., 2018)#2 tH— 1l {5 I I
SR SR AR I AR - HAE R pOS R 15 #1 A AR A S (PGN) LU SH AL 25
(LEAD) - Hiit BERT B2 » 512 H 2R5E 5 e BLAYAHEH P RE B S (S RIE LAY > {Efh
U ZAYpgE S > BERTSUM JZ22Lf BERT [ifRHAVEEHEL T % - HEBRGER AL - il
AR E ~ fRSTAEARAEEE DU R REFRESH A £y ROUGE 778 - #EZX BERTSUM
EHSAIREERER - Bf2EEE T AT EXETAI BN « R B R EEG
FHHIRAGAAZE Y] - 1 A S e R AR S My = 5] i A DR S TUBR & AR AL » By 17
fig s SR FRFHRH T — BRI EIUA BERT AYsR@MEMEREZA EBSUM » &
BRsERBUT > EBSUM TEEHECH FUE 2 - fadf k4R - REFRESH LUK BERTSUM
HE Y ROUGE 778

K 3. BAKALTHHELIZ ) CNN/DailyMail E755E LATEB#AR -
[Table 3. Experimental Results of the Classic Models in CNN/DailyMail]

ROUGE-1 ROUGE-2 ROUGE-L
LEAD 40.32 17.56 36.58
?SCZ,:, Liu, & Manning, 2017) 39.53 17.28 37.98
(Rl\IlEaFraRyi?ll,_'Cohen, & Lapata, 2018) 41.00 18.80 37.70
(Bfﬁfg(';"lg) 43.25 20.24 39.63

EBSUM 43.42 20.40 39.78
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KA. BT LTS ERETT RS R R
[Table 4. Experimental Results of Improved Components in CNN/DailyMail]

ROUGE-1 ROUGE-2 ROUGE-L
BERTSUM-Trigram Block 42.56 19.96 39.01
BERTSUM-Trigram Block+CLS 42.64 20.05 39.11
BERTSUM-Trigram Block+SEP 42.68 20.08 39.14
BERTSUM-Trigram Block+ALL 42.25 19.72 38.67
BERTSUM-Trigram Block+SEP+RL 42.71 20.14 39.18
EBSUM 43.42 20.40 39.78
EBSUM+Trigram Block 43.28 20.16 39.61

Bitg » B —WIBRFEARIHTE R M S ESCE T - B 0 BT s Em
EHEAN S RMAEANFEH=EE#)E AN BERTSUM o » R R
B"BERTSUM-Trigram Block™ » 43 HIfjIA CLS & ~ SEP @&l ALL [H& @ BEass
BaFE 4 AR 0 7R3 R A "BERTSUM-Trigram Block+CLS” ~ "BERTSUM-Trigram
Block+SEP”EZ"BERTSUM-Trigram Block+ALL” - FH & Eass Bl 41 B AL ERSEIIA
FirE Faml & R HRE R A (B ALL M8 ) - & PR Rl L B & R0 AT A 55
A & 1 (55 | | RO A BN S R R ) i B & R0 A [CLS]=[SEP] - »
A ET ARG EFRNE - B DIEERR A B & a AT E
e P IR L2 BRI 2 8 BRGS0k 4 T1"BERTSUM-Trigram
Block+SEP+RL"FT/ » & REUT » MIAGRLERE - HEH o LAA RO B ARG 45 R
FAEAL 7 o RIS AHE R "BERTSUM-Trigram Block+SEP” » m[ 15— ERIRSHE T © %
% » B3P "BERTSUM-Trigram Block+SEP 3% E 1 A S KRB GAHRA R A & B
AR AW ZEATER 2 B BERT Ay MR IR ZA(EBSUM) » MRl & T )AL
BEH - s LEEE DU R KB GBI » (Nt EBSUM A] DUBE TS i (AU ZE R -
& PATHE— 2T s EBSUM P B = 78 5a] i A AH 45 & 5 (BT "EBSUM+ Trigram Block™) » £
HHIRER TN - B R KB GHEEAERC B8t &R RV ERRR - HH
AR A = GRS 0 IR B AR — S B S BEUS A IR - TSR
FEARAYEE R -

6. 453w (Conclusions)

EAS T FRHELH T —EH EE BERT Zoafi M EltiEEEE EBSUM » R{E%
BT AT EER - FIHR(EE 0 o fig AR B (LR R M - B E Bk R
KIBGA RN S E A AR > o> RIEE AR IFEIE RIS CNN/DailyMail o >
EBSUM o] DUES SAEAVREZAEE L A2 FFTRARFELCE EBSUM RERIZERE
FEHADEGE - BAN > ALt A DIEARERESERET - BRI
AR BEAN » FRIHRHE EBSUM JER A HAME 2 > S50 E SR B e % -
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bRy (16 kHz) - DIFEERECERmERES - EENET ALS AR S
NEmE & ES - H 9 - speech denoising {# F§ WaveNet > speech
super-resolution FIIF|F] U-Net Z2£& - Wi5elL 20 /NEFHY S onE (ISR E ) 2
BEGERE - Sk A SR FRE T EE ) SR R E L S AR R
0 7 AlEll4k WaveNet Bil U-Net #2741 » B DURBER AR BiE S S &
E o BER&SREUR » JIISRHZRAY WaveNet B U-Net #5581 » 0] DIFHER S 2 IF
HEES R R ENASEGEENE - WREHZKE ALS A HEEN S mER
[EPNIR=n4: 3=

Abstract

ALS (Amyotrophic lateral sclerosis) is a neurodegenerative disease. There is no
cure for this disease, and it will make the ALS patients eventually lose their ability
to use their own voice to communicate with others. Therefore, a personalized voice
output communication aids (VOCAs) is essential for ALS patients to improve their
daily life. However, most of the ALS patients have not properly reserved their
personal recordings in the early stage of the disease. Usually, only few low-quality
speech recordings, such as distortion compressed, narrow band (8 kHz), or noisy
speech, are available for developing their own personalized VOCAs. In order to
reconstruct high-quality synthetic sounds close to the original sound of ALS
patients, voice conversion with speech denoising and bandwidth expansion
capacities were proposed in this paper. Here, a front-end WaveNet- and a backend
U-Net-based speech enhancement and super-resolution neural networks,
respectively, were constructed and integrated with the backbone voice conversion
system. The experimental results showed that the WaveNet and U-Net models can
restore the noisy and narrowband speech, respectively. Therefore, it is promising to
be applied to reconstruct high-quality personalized VOCAs for ALS patients.

BESREER ¢ JEMAC4ERS - ALS ~ WaveNet
Keywords: Neural network, ALS, WaveNet

1. 4&5% (Introduction)

MRE %4 0 HLZE 4 1 BE I 058 b iE(Amyotrophic lateral sclerosis »  ALS) » Fy—fi%
A H = ap A EOR L MRS » ALS B R ARG (48 4 RS BRI AT SO TR LR
S22 eI A E B RE /T - IR S R ERE SR T - R - TR RS
T HILER A RS2 ALS BENEEEETT S R - ALS BB AR AR 5T
BEL - BASWAIIIA - KRR - FrURREVERE R En i idhE sy
ER RN EGERARADS R Z BN » (BRAEEE 54 B S Ei  CE SIS Nt
=T EEES E. (voice output communication aids, VOCAs) - HE] VOCAs & Y
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T3 SRR (Text To Speech, TTS) A Kl AL 5EE i Y - o3 A 4 2 i i 265 6.
AT TTS Ea LR - BIE Bl TTS A IR B A\ JEHE > alfEkE
JR HHR AR AR AR SR Y B R0 R A B R 8 A S st Y H B R A 7R oK - 2o
R R @ 58 5N A S A e P B 28093 i PR A i B (P 2 -

WIER B Rl T LELARY TTS FFEF A EWMA REN S W E S8 N AT F—
REVE R TR ENEREIEFE S ZIEN - R EIEERE N AR ERER Bkl - {HiE
B RS AV S F S IR URRE KA 210t - fER ISR R R BT - AR
KEFESRES]  SIEBCH IR ESRNE R TZIEE R 5 2IEF NN ERE - Frll HaediE
S H gk B RE S - AEEARUR A A BA S DAHE R BRI s B Bl A S A TR -
FrAE THRISF SRR R A E WD - BIEABETIEE D -

R AR SERT AT P IR M3 WA R BT B RA SHIE 235 25 er 8
18 MFHEEEEE > FT s E BRI A RS » S IRE TS KA B reE
BREC EERPAE DR R R BRI ERE A s S s - % ROV R B IR I o]
BRFREEZO&HBRANE S  BESTRIESTHEGRZZE  T2ikA
BRI B2 R (HERmayIls—risE - B RS E S RER Y » R4
AP R R (R K A TR AL A SR AR A B E RS AR R K A
B AGERIEURAER N B S 2L - BIER AR EE B ER AR EE W
RIBHEEFAT—/ NFRYRE S - (HEBER G HFIT 16 75 ] HEHE - 518 K AMR B4
R4 - 0 HEUSEAER HA 8kHZ » g /D T s B BE A HE AR ERRA
BRATE T - P DA R SORHE 4 aE 2 A S AT 4R 1 Speech Denoising (Kuleshov,
Enam & Ermon, 2017) E{E% %L Super-Resolution (Rethage, Pons & Serra, 2018) 4
= W& 1 AR »

General-Purpose TTS
Arbitrary Text Inputs Synthesized Voice

g

Personal Voice Conversion
Converted Voice

Speech I
Upsampling L.
Kerterence: ALS patient’s Voices
[ Speech
/- Denoising

B 1. ALS B A% & B R A 41

[Figure 1. Block diagram of the voice conversion system for ALS patients]
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A I SE i A T4 Speech Denoising F (97 /7 S Rty A b A T
s RS EAEIR 450 | Super-Resolution FEE {rips A A T 18I 5y B S AHAVED S
B B S R KR IEE AN ERMERE A CF A LS R A SRS EnE
R i K AA SRR S -

2. FEHR PR E Z A 2. 4% (Neural Network-based Voice Conversion
System)

SR ALS SEE R S A0 1 # AGE S (57 A R H 1Y Hanhan TTS (Text To
Speech) (Zen, 2015) K47 /2 5B & &5 HT4% Speech Denoising 4t~ 1& 1F Fy HARERE & (5 &%)
ZEEE > BB AGE SR A4 0 %% Super-Resolution Z4RHEHFE A SR IE

SEZEHELH (Voice Conversion Module)

2.1.1 Bi-LSTMgEZ 882 (Bi-LSTM-based Voice Conversion)

Bi-LSTM SETHEHHA S50 4240 » W1 2 + Jei TTS ACHBHEH Vocoder HUHEEFE -
FEAEH Bi-LSTM BURLE(TEE - MHARRT AR R % 4EEH Vocoder WHFS M4 &1 10]
5 » By B TS -

Vocoder Log-FO Composed
Converted Speech « Aperiodicity acoustic
Sysnthesis
Mel-cepstral feature

Output Layer | tl

El B3 B3I
2 ¥ - Layer
‘BB e o
. ; . Layer

Input Layer [ -1 3 [
Vocoder Mel-cepstral Com posed
Source Speech Feature Aperiodicity acuustic

Extraction Log-FO feature

[ 2. Bi-LSTM ZZE R 24 5°1%

[Figure 2.Bi-LSTM-based voice conversion]

2.1.2 ¥ 7E (Implementation)

K GEE B AR ETBR e 2ARE P 2B IR B e s — S
MERVRF B2 > B M| Dynamic Time Warping(DTW) (Salvador & Chan, 2007)#E 172 HE ¥t
75 o AEEEEEHAMBIE S o M Vocoder R AEEENIE > A& T T4
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= {EEZAVRE Mel-cepstral (Muda, Begam & Elamvazuthi, 2010) ~ Band Aperiodicity
Log-F0 » H:r Mel-cepstral ‘2% {5HEE - Band  Aperiodicity S5 F 78 B M A5 3 2 H0
B SR AR 0 %1% Log-FO REBREIE & » 15 RSB E R R AT
o AL Z AT R AR RE 4 B H AR L s st Y R N & [E) » Dynamic Time Warping

(DTW)fig AR B H R S E R A F AR - FLL DTW Y alignment &5 - 5t HE—
{EACIRER H AR e FAE % 4 (shrinking ) ~ 11+ (stretching ) ~ 2 ORFF A 22 (kept)
WNE 3 Fior -

| —
[ | : |
I |

[& 3. Dynamic Time Warping(DTW) & & £~ E /&
[Figure 3. Schematic diagram of the dynamic time warping (DTW) algorithm]

BN AR DTW S HERFE A bi-LSTM A 3l 4F > LSTM 48iE & — TRk RNN
GERE > T DU RV RE S SR o W B ginvE s 2 E BV SREE 0 > LSTM
HISETERES FH 2K 7 1 REEEE MR - st vl AR AR O R AU RERE - bi-LSTM JZKf
LSTM B BRNN &E&7E—#E » 18 M8 )7 4 7] DATE# A 5 [ By R B T SUEE - BUR
B LSTM » &l 2 4all e & A RN A GE S B > Ak EHEEE
Mel-cepstral ~ Band Aperiodicity * Log-F0 » BEE#4%i#8 Vocder 404 » jBHR A A SE Sl Y
B % Bk mT DL B {5 A AR B 5 (ol 58 A B0 RE R i LA i A GBS (B ME R K B
SO A 24

2.2 EEZm{EE4E (Speech Enhancement Module)

ERZEEAIEE] ALS i A I AES: 5 R KAIEN S ZEMNRGTE S > 1k
R AR B TR B WA RIRE - IR S S KA IEME B S R B R AGER
AR AR RS 2HA - ARSI AESFEERENERT » BIOFHE LR
PRIZ(HEFR A EFTRIAN 20518 - FrA MRS I E 2RI A F R HTE 245 -

2.2.1 EEEFHEEER (Speech Denoising)

SEE M E(Speech Denoising) i [EE F > K 2L 8RR sE B B HE 0T RE i (58 P AR B U Ko Al
(Kumar & Florencio, 2016; Lu, Tsao, Matsuda & Hori, 2013; Parveen & Green, 2004)° ZX]ffj
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EEMUET R T B EENGE AEENER (FEE) MFI @A EEREES (R
) AR E G EBIE MR ERH TR » 5T - (a8 CLACSE AT i B AR
(LEFREFRAVE AR Z MRS CEF R (M DT I 2 AR » AllavE - KREHIE AR
FERIE B B EFFE R (Mehri et al., 2016; van den Oord et al., 2016) » WaveNet (van den Oord
et al., 2016)27t HZAGEE F# B2 A S B oA A5mSC R WaveNet fHEAIEE
Speech Denoising » H 5 5y fe KR CRIAN ZHIR A8 T

2.2.1.1 Z:% 2588 (System Architecture)

4 B Speech denoising Z R E] - AH AR B 8638 ST B RENR - 7] DUl IR iz

RIS - B R OREIN A FEE S BRI A SR -
MNoisy Speech Denoised Speech

[& 4. Speech denoising &4 4212 5

[Figure 4. Schematic diagram of the WaveNet-based speech denoising]

2.2.1.2 B FFE (Implementation)
FIREZRAAIT * mt = st + bt » Hef @ mt= E&(E5% - st=3EE {597 » bt=% RIREEH -
H RS hETH4a ERY mt > A5 S (A FaNT[I8TRIAEE R IIAFZF 5 A - BT LURF AR S 1Y
EHEE i noisy voice » KFEZFHTEIEIE Ky clean voice » Za&F S aH H T E WY {IE S A5 &
FERZA—2 » FFLA clean voice JiZ noisy voice ik /] UGBTI SR IIAVEER - RHSE]
EiLE A Wavenet Z21 illl% - WaveNet BES0E R H ANV AT - 5fE H [0lERiEA
HITE RS SRR A — e | By T — (B ARATRER 0 - s SR BRI [ 5
o

Aem PR AR ELA 30 (dierEWE 6 - ST aViRET DL 2 R EEegin
10202256512 « i EH 3 K (3 EHfE) - EE—TIEREHE AT > | mEE
AR E 128 (EimE FEAEAY 3x1 & ISR e FHVRE sS85 E - Pk
PR Ix1 B 0 B 128 ([IERES - [EEMATARIER RELU BliEER: - 5%/ (E
3x1 GIEfG AR - EE 2048 F1 256 {EER 8 » 77 HIH RELU 7308 o i R i 22 22 [ 4
PEREZE] a (HR Ix1 R SRy MBI (S 5E - ZSBLEER=E 2L 6,139 (A
(=384ms) - HIEFEEH 1601 {EEEA (=100ms) ZHAK -



B S RANEN 2 55 e BR 2T 43

uo) diys

UL

Dilation:128 n = length of target field

@..' b

Estimated
Clean Speech

Noisy
Speech

Dilation:64

Dilation:1

[&75. WaveNet FAIZfE/E
[Figure 5. Block diagram of the WaveNet model]

Residual out Skip out

Residual in

[B7 6. ZRHHAE4ERS e 2 A 1

[Figure 6. Block diagram of the neural residue layers]

2.2.2 FEEZESE (Super-Resolution)

#8 77 HE 2 (Super-Resolution) 52 #% 5 FH A i L5 26 1 FH AR 45 WS [ @ (Park, Park &
Kang, 2003) - 72 57 fi 88 i BER M LAY S A 5 B DU TR UG R HY 7 s » T 0 28
SR A RO IR S R - TR R TR S AN 2503 R G face
(Lin, Fookes, Chandran & Sridharan, 2007)#1 iris (Shin, Park, Kang & Park, 2009) - {H %% 322
[ {5 EAYRIA AR S A b —E T LA FH 8 77 W% (Super-Resolution) 2 [B1 18 4 & Y S0 H
FH o ANEwSC{E A U-Net (Ronneberger, Fischer & Brox, (2015)Zf# 7 52 5ie 8 4 P &
(Super-Resolution) 4t % - BIFE A AVIKIER K SHAVEE -
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2.2.2.1 Z%25%8 (System Architecture)
KL L HAEE S i A fy 8kHZ WYRAHEE » 848 Super-Resolution 47 1% 1] DL EAH
tH 16kHZ By B A &SRV EAE - B 7 IR ZRAIEEE - AR 28 nT LA E R R L

R EE

Super-resolution

B EHEAGFEE
[Figure 7. System architecture of the U-Net-based speech signal bandwidth
expansion]

2.2.2.2 ¥ A (Implementation)

FEAFRI RS R U-Net {5 F i 81U — 4 T-15: 2518 Sub-Pixel Convolutions (Shi et al., 2016) »
8 Fy U-Net ZL#[E > Z 48[/ B T EREEEIE 57/ GHIE 2T - SR
1T maxpool > FFEFEHE— D4/ N RN 552 — » 8\ KIEIERE 39998*8 sEEaTHE
¥ 154%2048 » HRIFVERIERE - (FHH 8 tHR I - R EERERHEE S TR 2 (5 M &R ¥
JEJGHIRE B #E T BY R ELE B> A% concat F| FFEFELE R > 5ERk_EEREE IR 155 40000%16 »
EREA 1*1 e G mE SR Ry 2 RS HEREE -

8
32 16 2

= =
g =l | E
ll32 Ir
128 ga
—
gL
l’lza t
512 256
S z
l's:l.z I i
m- 1024 g1
e s e
i | 2048 L]

7 I — I — IS
2

[E 8. U-net ZB/E1E
[Figure 8. Block diagram of the U-Net]



EEHRA NN Z 55 IR AT 45

R R S PR BTHE G  E E ASI T DS HAE EE - OR{EERas 7 B (R AT S
BUGEF Ry BRI OB (E N U 2 (Down-sampled  waveform) i ## /\ {& T~ HUEE R
(Down-sampling blocks)&i% » 48 B3k 8 & (Bottleneck) 32 21| )\ _FEiE 88 (Up-sampling
blocks) » HESEEER N EUEESE > A e = iiﬂ:(Remdual connections) » 35 EbAEEE AL 1
R - R TG RE8  E—EEEENIFE R ER B - &
‘RE—BEHE Hﬂ%%ﬁﬁFF?f%i?‘i?ﬁE@Tﬁﬁ%ﬁi%%m%meﬁdual addition)fJI{E [ 4G
ANETEFEDAFREEE -

ETHEHCEER (Voice Conversion Experiments)

bR R EREEEERT 0 HIVER TR A OGES B FIFE R ATE S » A0
CL#EZ & BB 454 Super-Resolution £ Speech Denoising Z47 58 L& & 1 A X ERE R
=N e S TEENE > e gl RN E RE0 FE R R - SKETESS
% o

3.1 FGRELHIEZEFR (Training and Test Corpora)
RSN BRI R RS ER A 5 B (A B & IR 6 B # R sk dny & A - JFfe
ek E AT 7 (EETH S 20 /NEF > W ACHE N T BT R A N BN S8 S (F Data £ >
1 Bl ERaRat 2= % 2 BAEERSE = -

K1 FNREFITE R
[Table 1.Statistics of training data]

il EISEX £ B HE4EFE R (minute)
Rzt 6 155
BFRZE L Eh4R 7 185
PN e dEIES 5 105
HETE OnAir 20 457
feefElH 10 258

2. HH BT R
[Table 2. Statistics of test data]

EzpiAll £ 5 f41% G5 HHEHER L (minute)
HENRE 5 92
PN

FLE TR 4 60
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3.2 BEEgz%E | - Speech DenoisinglF#EER 4t (Configuration | - Speech
Denoising Experiments)

B RS E R AR S R e AR SR (R B A ALS BB G R A% Bl SR

B Ryl R R 2 BRI ORI » A SIS AR A AT BT 85 05 AT AR B E BRI A s

wmHE3 -

2 3. FREF A
[Table 3. Statistics of Noise databases]

FesRAamE F g (hr)
BIRA N EEEE(ESS) 20hr
BRI A M A\ SREE AT CE ) 20hr
EAE AR 40hr

33 EEiskE Il - Super-Resolution 2 8 £ 4t (Configuration Il -
Super-Resolution Experiments)

ISR BT AT B G SRR B B AR R SkHZ HUBFR I = S A 16kHZ
HUBEAFR > {E By Data 41f# 9 > 10

m | . |
i J \ | ! I }
!I& ld.n. : Ilh‘n'-liLlLﬁl.: Il -i_u'hﬂulé:fn: E'J!m.' " !ﬂu_.'.. Il'-t
B 9. 8 KHz EfsH=21E
[Figure 9. Spectrogram of the 8 kHz speech signal]

f
f

|
| | - : \
!IEL ﬁln Ill!nhliLllﬂ!-;E II Luu!? Mt Eulu ll! !Iiﬁ.‘.a "-t-

[ 10. 16 kHz ZfeHE:2E
[Figure 10. Spectrogram of thel6 kHz speech signal]
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3.4 gt A% (Performance Benchmark)

3.4.1 FEYEEEfE (Subjective Evaluation)

A LHRITIFHE 0 BEHECERESS 5 (LB SR AR B MR BTSN BT TRE
70 RIRTFENEVE 2 88 1 B0 RN A/B/X MR » AR&EE R R EE
778 (mean opinion score , MOS)AETEAf » 77 Ky v RS 577 - AH DR o0 FI B 2R Ry
P TR R 1~5 43 > Sy Bk s Rl Ry A -

3.4.2 ZBEITEEE ML (Objective Evaluation)

FEEHE A BRSNS BRI B H AR EEZR > FBEEE o B E R e
BRITBARIE ARSIV E T Mel-cepstral distortion (MCD): #5951k 2= B iz dB~
BAP: ¥J7fR7E Hifir dB ~ FO-RMSE: $75RER%E Bfir Hz DU VUV: %(BLH 73R
7R) °

4. BEGEER (Experimental Results)

4.1 Speech DenoisingE &% (Speech Denoising Results)

FHIE 11> 12 A] 883 - %ﬁﬁﬁﬁ@;}iﬁ%ﬁﬂ%iﬂﬁ AR T HHEERR - 518 FO 305
WETDIFEEIKH > 3R 4 R RECOHFEBL S RIS & AR F BRHE R > B8R MCD ~
BAP ~ FO-RMSE ~ VUV {4852 BH BRI o ZﬁéLxﬁ“ﬁuﬂ%Zﬁ(é/\Bz*“ﬁf A/B/X Rt
S (RIE 13) 3 MOS EEIRHE (4158 5) HEMEEN NS 247 -

..Hl - ||W!li| ey
Rnllﬂl’ﬁ* k RNRAR

B 11. ﬁi‘éﬁnﬂ Tay=i E#@

[Figure 11. Waveform of the original noisy speech signal]

B 12. Jitaim R Z i

[Figure 12. Waveform of the denoised speech signal]
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KA. BRENARFEEHER

[Table 4. Objective performance evaluation of the denoising system]

ROHFEIT GRLEA MRS T A
MCD 9.265 dB 6.869 dB
BAP 0.542 dB 0.208 dB
FO-RMSE 68.597 Hz 49.443 Hz
vuv 62.851% 25.935%
MR SRR SHHER SR A

0% 10% 20% 30% a0 S0% 60% 0% BO% 90% 100%

® Without Denosing With Denosing

[B7 13. JHFEFH SRS NBIX fatr RzE
[Figure 13. A/ B/ X preference test on the original and denoised voice
conversion system]

5. BRENAH MOS ZEIFEHR

[Table 5. Subjective evaluation on the original and denoised voice conversion system]

ROHHER GRS MRS R AR
SENET 2.0 4.0
TR 2.1 4.0
AR STy 2.0 4.1

4.2 Super-ResolutionEE# (Super-Resolution Results)

LR AR 14 15 HoARIERET DLBER - SOBTRAR 200 S0 N AR IS A e
U
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167 14. KBS R IR 5/ hm AR B

[Figure 14. Spectrogram of synthesized narrow band speech signal]

-

/& 15. @Eﬁﬁﬁﬁﬁ&Zf Ld=y; 7 a4
[Figure 15. Spectrogram of synthesized wideband speech signal]
K R R 2 & R S LR IR & B A AT RS ~ MEUE DL B S
MOS FBF(E (L3 6) Bl A/B/X (REFHIBT (A 16) - R EHH B S R s

BRGEH ©
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6. EHEEMOS FEFHE

[Table 6. Mean opinion score (MOS) evaluation on the synthesized narrow band and
expanded wideband speech signals]

RIEAHENE [EAREE
SENES T 3.4 3.6
GELNERR ) 3.1 3.8
AR Ry 3.3 3.6
RIEIETHY LRI

FIRRIE (T

HHEUE i

ETER P i e

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

= Witout Super-Resolution ® With Super-Resclution

B 16. [EHTERE ABIX fatf HIzE
[Figure 16. A/ B/ X preference test of the synthesized narrow band and wideband
speech signals]

5. &&&% (Conclusions)

1E B 5 PR A 56 5 €€ 38 Super-Resolution Z:47E Speech Denoising Z2 47 HY581L
NE B TR FEVEBEENR  WARER K F B TR MIERIEHE -
A SCFTE Y Super-Resolution %147 81 Speech Denoising Za&ft (& At T Wi feip & 5E
R FEPEERE RS 0 (HEE REBR TSR ER FUIER ﬁ*%ﬁﬁtéﬁfﬁr
WRMAETR K  BEFLESHERZEE > WEKERERE > B ZTARUA
aﬁ FHELY S 2 B > BAE v LA B RTRE R SR AR R P R B E 70k _JLA
TERAERHERR R FEK
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R PR T SRS
Real-Time Mandarin Speech Synthesis System

BRLEAE ~ BREEE

An-Chieh Cheng and Chia-Ping Chen

T

Ao B ERI T SGEE SRS - It — RS RS Ry EIME B RS
FRA B R R — (S AL B & e B BV 28 - FRFIEA
Tacotron2 B3I E 77 s Rl » Bl S 8dE R S YRS 28 - BLE Griffin-Lim
World-Vocoder » 81 WaveGlow - H ot DUE {F 1] 31 45 HE A S 0 801y WaveGlow
AR AR 2 i Ry 28 S E S R BB & i/ E T > B AN EISU%RZ] -
P HE A 12 /NFARE EEB RV E (E 2245 - fEsE 5 fo'E J7 > [ WaveGlow
AR B I S 50RE = 1Y MOS £ 4.08 » BRI EEEE S 4.41 - &S W
FERSRESE (4 2.93) - (E B LS T » Z5{# ] GeForce RTX 2080 TI GPU »

{7 WaveGlow E#RiVa ik 240 4E 10 ¥) 48 kHz MEEEET 141 i
Fy B 247 -

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 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

EIL KRB ERATEZE A
Department of Computer Science and Information Engineering, National Sun Yat-sen University
E-mail: ajcheng@g-mail.nsysu.edu.tw; cpchen@mail.cse.nsysu.edu.tw
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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.

BEgEEE - S FE#EEETS » Tacotron2,WaveGlow
Keywords: TTS,Tacotron2,WaveGlow

1. 4&3% (Introduction)

MEERR AR » A BRSO K > B2 siri SEZBIEE - BREEAT - A
AV EH CRGERMIAIEE - I H T 5B S SRRt E 17— IR ERAVI® -
ih B RO E A - TR NEE NGB T HIR - ST R S ROt R N E
B AT FE AR R P 3% tH— W A S R B P B Ry i@ B P EE S i Ast
FHEEGHRNITEASE > Hhaa2 B amk kG - 2R8I
BRASKEERE BT EEL > I EE AR K RE & S ORI H A SR (e S A (4
& > FWHAHER 28 BERMSSHEREL2BEMFTNENEMR - M EERS
k5 R BREL T Ry fi A & BT NIHRY B ARG - AR b i R BRI 2N - HF%
AFEE B ARG AE E BRI T AL TR S R B2 > MR R aaeE F L
FAPHEER - REPHENK - MEEMGEIA T ERE &R E ERE M B2
R/NBRIEEE - HERES R EENE AREH - SO HAEAE &R - BRI T
eI ERVRCR  HVAEA (E RAFRETEDE o T BAUEETTE - bR T B A E RN
ATIEBRZ AN - EBSEEI EAVP I th s - s2id > BA — s = G e
e > T RE AR A L B T A S i 1 A B R i ) S R A

2. BHZE /57 (Research Methods)

2.1 &EF}EE (Dataset)

FleiEthEREEERSE 2l TEERRARAE ) 1A 2018 FATBAI - H—Ar20:8%
EEBREMA - 2RAIE 12 /N - {HF 48kHz 16bit FREEFHR - SRR BB T =
KSR EwEs o sBhbmE S0 ~ /NaR - BHE - IREESEGE > sEAEIS IR L
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# 1. BEREHERETIS
[Table 1. Biaobei Data Specification]

BHEHIRE

AR oS AR RS R R

pgm g é%:é‘%%ﬂ%ﬂi%:?ﬁﬁ%ﬁ@;ﬁ@ SRR EE
B R TS

BREGR 45 12 /|\i%

SR SES 16 =

A= epiA| AR S

i) % 2 20-30 3%
BEREREEENEE

g 1 BEERFOEETE A

fﬂz =] I}Eéif% e A W N
2. SFEIRIBAEMHH A RSIRFIAE
3. SFEIRIEAVEEEEA KN 350B

FREIT E B ER I R R

PR SR fERYE PCM WAV F& 5 » FREE% By 48kHZ ~ 16bit -

2.2 TEHI4ERE (Predicted Model)

1E Fif FEOHI S B 77 FMEEEL T Google |y Tacotron2 (Shen et al., 2017) » Wi 1 ¥ S0 5E &
BRERGM T B b - 2048 i (8 AV 2 — (B4R 15 25 -fi#h5 25 (Encoder-Decoder) Y% B
A A0 AT A B SRR Y £ B 7 & (Location  sensitive attention) (Chorowski, Bahdanau,
Serdyuk, Cho & Bengio, 2015) » EESZeREIE 1 - MR EAIE AV E R SCEREE @ 8UE
AN BT TERITHEE - BIVE A T B s o] DU b S 1Y
BEREDL AR - HNVEFASHYSEEEEY - FER2FNERTAEDE - E2L
B5 221 7 AR & A R A SR B AR # AR - BB T B R EE P B E BT
TSR R 8 — AR R IR 3 - B 2N B AE R D 2 LS BRI =N T3l 4K
FBESR SRR M LEER" pypinyin® WEGEBIEBE S M A SR BT EN
HF o AN By TIRFA P SGEE RIS » FREE" jieba” BEE RS ESURMA
Ao TR o FRFIFIAT TrieTree BY&SHEZ A B )+t A AT RE R Ry aal 9B - S )
BHREHEI0Y 7 IR H B ARV - BERTREEAVEE ] 2ER 2 -



56 L frgid ol a

Waveform

Vocoder
1
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5 Convolution Layer Post-Net
-
¥ 1
\ Linear Projection —

1

2 LSTM Layers D

Bi-directional LSTM
1

3 Convolution Layers

4

|
Character Embedding 2 Layer Pre-Net

! I

Input Text

Location

Sensitive
Attention

BT 1. FRAGER R

[Figure 1. The model architecture of the predicted network]

2. EIVHIEEE
[Table 2. Data preprocessing]

EEREN AR - IR EBPALE A S A SR AR -
253t jieba AR > (B e R AR P = 2 B T SR E A A

2%3% pypinyin | ke3 xiang3 er2 zhil|- | weng4 zhongl zhuol biel | xian3 ran2 | bi3 |
wang?2 yang2 bu3 lao2 | geng4| ke3 kao4 | geng4| you3 xiao4 |.

2.3 EfESS (Vocoder)

Tacotron2 (Shen et al., 2017)FE % A ERHESS B WaveNet (van den Oord et al., 2016) » Z{#H
Auto-regression 1Y ARE AR o BIEAE TS Fils 20 (B R A0 @ AR 98 B — B 2 ey o
GO o PRI T B A G (Causal Convolution)ZH 5k » 11 R T REAERFE_EIEIG
REEMY EVAIEE 7 f5 R chfin A T $5% A 457 (Dilated Causal Convolution) (Yu & Koltun, 2015) »
WE 2 EREEN - BAEE ST - M S RRAVE T AR RE Sy B T A fy 2
HINEEES > WA E AR EES TIRFIRE - HEFARENAEHAERER - {1
BIRMHEHL » BSIEBEE PG R A SRR —P S - EEE B EIEER
A N P AV EE 22 R « 1T By T (0 2 & sE ST &k - FefIfR#% T Tacotron2 (Shen et al.,
2017) Y Rl TECRI 4GRS - 7S 1R R AV S A T BN - $R5T -
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Output Q00000000 COOO0QL

Hidden Layer QOO QO QO O0O0 00O OO0 O OO0
Hidden Layer OO O QO O0O0QO OO OO OO OO

Hidden Layer OQ OO O OO OO0 OO OO0 O O

¥ v K

Input Q000000000 OO0 O

/& 2. Dilated Causal Convolution
[Figure 2. Dilated Causal Convolution]

2.3.1 Griffin-Lim

Griffin-Lim (Griffin & Lim, 1984) 2 —fEARAYEEE  HHE S84~ 20 WaveNet (van
den Oord et al., 2016) » {EAEEIEG 248 HI0RA TR ST - EeF L RIREES G RS L
HIH SR - B R AHI BRI G R EE » M EREF R T8 T REVERDITER
HARIE M - PR (F 4 R 005 25 7 T AR AL FIEE %5 280 = > Griffin-Lim (Griffin & Lim, 1984)
AR SO TR 4R M AR S ] 13 B R O -

2.3.2 World-Vocoder

B EEEN—E  ZEHANRESRERY - B —EBANERNEYS - KIEHES
WERHETHETES  THIE TR E S EYAEE M IREIZZ AM R - BASE s
12222 R Al AW - SRR RN - AR E 0 R E RS EEN P AGES
World-Vocoder (MORISE, YOKOMORI & OZAWA, 2016) BT 388 HHE - SRl =
e R B2 R FLE (Fundamental  Frequency) ~ Sz 4% (Spectral envelope) DL K FEFEHH 51
(Aperiodic parameter)¥fESI T A S5 AT A 4% HHLJE - 8 R 23 (source-filter) A » £21& 30 F]
st S REEES - WE 3 - H 4 - MERHEEE Y EE - /2 A1 DIO HEE
FEHUHEAR - AR FI I EAR TR HY CheapTrick FEHUELSE - i B 48 DAC [R5 F{HYEAH
LA SEET R IR AI(E 9E - R F 7B Tacotron2 (Shen et al., 2017)gl[#k {fi4E & - Bl
HEFE RS F48 DA IR I E SR M R SR HL R 4 - DGR ARt A A i 1| R s P s 2
JBEF7 - (i E Merlin T 28 AT & B E LA L HVEA - DMV ER B - & oRiEiE
fy MFCC [ %2 60 4t » #iRiIR I 5882 Y Band JEEIA(ESE - AP BRI AR0R 4
P2 5 4 EAREN o FIORFEAR S » (% P RS e FE A AR 2K - i Al Tacotron2 (Shen
et al., 2017) A AL 1) B B AHEE4E s~ 314k -
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FO FO |

7 | N
Input _ = sp Paremeter sp . . Synthesized
| speech | transformation | speech
|/

AP AP

/&7 3. World-Vocoder 2575 FO ~ SP ~ AP B ZZ (=5
[Figure 3. World-Vocoder reconstructs voice signals through FO, SP, AP]

Source excitation part Vocal tract resonance part

R Excitation Li
uise train _‘L e(n) inear
P T 9 T P time-invariant Speech
) system
: : h e "
White noise ‘ (n) x(n) = h(n)*e(n)

B 4. N ZEPETEHTEE B - BN a5
FO - AP - SP 45/ EZ)fE /75 (Pulse train) ~ FE#A5/5757(White noise)
LA REEEHRHS 7787 h(N)
[Figure 4. Classic source-filter model FO, AP and SP correspond to pulse train,
white noise, and h(n) of the Vocal tract resonance part, respectively.

2.3.3 WaveGlow

W2 e aC A S Y 28 2 - H AT (S8 SRy A2 e Y B A B (0] BREE Y (Autoregressive model)
A B RS (GAN) DL FS A T HY A B 2 (Flow-based generative model) (Prenger, Valle
& Catanzaro, 2018) - f8& H [BIEF AT % H B R 5] TREFAVRCR - HisfE— ARk
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— (BRI R T RERAWGTEE IR 2SN FEA T B2 8 TR - A2 %
M > ERCETMERE R R T EE > EEE B4 R ES B 28 N ETiH & 25 %R
WM A FEEEEABEN A (2 —ESRAERE TR A B g@Bsir e - &
AR B UGN SUEBTREAN B EFE - NlEs2En » BRI AERE R AR
fge e T SRR > SRR A R T = R AR 1S 25 -WaveGlow (Prenger et al., 2018)
i

WaveGlow (Prenger et al., 2018):7 4% 73 7 PR £ BEEE & - (£ 75— (48RS K — (B Ak
ELIRATIE I PR B BT o A= BB EORT T - i HLAE e R S T 7R RE BRI & B & « Fll
FH 2518 v 2 (Y S R ek B AH BT 51 > 1 — (BB S BEL A 43 A7 28 A — e 1 ) 2 ey it 1 —
BRI A - WFE L AR EE SREIR AT 7317 - B TS B KU A AP TEAL -

HAPIEE FH RIS 2R EE IR T (Prenger et al., 2018) FAYACE - E1 & 12 JEHy$RRILH & -
12 {i 1*1 AT GfE Ll WN B354 8 g dilated convolutions » [EIRFARHE IR ER}
EIRE TSR - HIER Ry 48kHz (YE AR - TR 160 4ERVHEESERE(E Ryl A DL
FFT_size - hop_size - window_size #iz5% & T AHFFIVAE L DAEFISE > 405% 3 Fiw -

72 3. Biaobei ZHIEEREZTE
[Table 3. Biaobei dataset hyperparameter setting]

&£ : Biaobei

sample_rate(Hz) 48k
num_mels 160
FFT size 4096
hop_size 600
window_size 2400

3. EEp4ER (Experimental Results)

3.1 THEEE (Mean Opinion Score Tests)

TERERII SRR 2 1% » FMIEE R R R PR BE E T AL A B[R RN B R A SO HE T
B > RN B—2 i o ZREER T g NFEH AR R[S AT G T a2 O E
TR Rk B EE R L. World-Vocoder (MORISE et al., 2016) ~ Griffin-Lim (Griffin
& Lim, 1984) ~ WaveGlow (Prenger et al., 2018) =ffi R [E & i 25 SRR A1 - fFE—HEE
Ttk WEE TN EE % SEHEHEEETE - B ERERE S I T
B ZAEREEAERE - HEGE Rk 4 -
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Z& 4. Mean Opinion Scores
[Table 4. Mean Opinion Scores]

Bz AT

Model Mean Opinion Score(MOS)
World-Vocoder 2.71
Griffin-Lim 3.15
WaveGlow 4.08
Ground Truth 4.41

3.2 ¥EER#EE Speed of Inference

—(ESEENEHER/VEEEA 16kHz iYEREEEE o mEFIny & 5a1E milm TEUH 48 B 20 1% I
ERGEENMERFG TIEE  ERMENR THLENGIEZRRIVEE - JISTavEaIE
94— %] 1 GeForce RTX 2080 TI GPU [ #E{THEM « DIE R —(E 7 H 48kHz iy 45
ezt Fe M5 BIAE World-Vocoder (MORISE et al., 2016) : 6 #b > Griffin-Lim (Griffin & Lim,
1984) : 1.2 ¥) » WaveGlow (Prenger et al., 2018) : 1.4 #PAYES RN SERE T HEER - 5540 - Ff
W HEH T Tacotron2 (Shen et al., 2017) FHIAEES FE BC A [F RS 25 72 (5] — B 188 o3 Al ATk
METETR - #EZX WaveGlow (Prenger et al., 2018) FE I ] _EEEFR 1 (B 520y SRl 2T
HEHR 5 fTEHEFMEBENERTAE S » 30H T RMEIERTE B LAY RTRE

7&5. Tacotron2 4351 [/ a5k /AR a2 &N

[Table 5. Tacotron2 combines computing resources used by different vocoders]

Intel(R) Xeon(R) Gold 5118 CPU i e

@ 2.30GHz/64GB/RTX 2080TI World-Vocoder Griffin-Lim WaveGlow
GPU {F=(GB) 0.93G 1.31G 2.5G
CPU fsEFH%2(%) 6.75% 7.5% 14.3%
MEM fi FfI %2 (%) 2.45% 3.25% 5%

4. %53 (Conclusions)

FAFIAIRZE B B g s e T S Al A > 65 World-Vocoder (MORISE et al., 2016)-
Griffin-Lim (Griffin & Lim, 1984) [/ WaveGlow (Prenger et al., 2018) g b &Rk
FeflrEhE FERMOTENAERS - - 7EIRMIFZERE - B2 World-Vocoder F;
Griffin-Lim &5 & — Bl » (B SSHAVE R E R R B R e 4dps (e
a5 - H WaveGlow (Prenger et al., 2018) &4t & EHYE 5 IR SRR F(E
2080TI | » —Fb&4YEEu[ 4 By 350kHz DL EAYEREERN) &4 T 7 AR SENER - (HEt &8
M > FMERES SR AE(L T BURIRMIE AR P SCE R R - &
B T B R R EE - (A R A RPN ER NIV B ZAGEE - HIBR TR
EHTRAGERE AN - (RTINS S I A B EWRE Rt - (EEaRIIEHE L
B 5 AR R RIS 2 — -
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E R B FEFC AR U A T HY IR S sk i
Chatlog Disentanglement based on Similarity Evaluation

Via Reply Message Pairs Prediction Task

B2 - REE

ZhiXian Liu and Chia-Hui Chang

T

—MTIE » FE1T Retrieval-based B RA%ES A - FRAFT O] DATEII R 4085 H A T
FraR ey BCE (Question-Answer Pair) » 2R & L 01 I E 58 42 g it 2 37
MRS R EINESN R EBCE 0T R A AHZE S - I B ZR I ERE T 47
e AN BT RERY S s T Ry HEEMERE (conversation disentanglement) - 374
A GBS IT R 25 2 aa T B R (GRS AR BL RS 2R e [ R > 2 AR AT R
TEF A FIETR R Reddit 1S /24 & 718 [ 2 RERYEES - (H AT AV
AR RAERE RV REIR 2 - EH LIRSS RIS - 12F LT XUNE
SN BEEMREGENE  HEHERBNHE G EEEIET WE - (H5 1R
9y B A TR R R USSR 75 Ay (01 8 (% » RIS A =5 HIER i — B R s FE Y
im o NI EARR&R ST > TP IRC Bl Reddit &kt T E 5 > Wi{EH
WK ok T H SRS - FIH Reddit [0l L ARV ERHER R EISE
HEIIEA » i%iEdE BERT AR E 07017 R A THN &S B AFrIak

-
HE °

Abstract

To build a Retrieval-based dialog system, we can exploit conversation log to
extract question-answer pairs. However, the question-answer pairs are hidden in
the conversation log, interleaving each other. The conversation task that separates
different sub-topics from the interspersed messages is called conversation
disentanglement. In this paper, we examined the task of judging whether two

C BT PR ARG TIEE A
Department of Computer Science and Information Engineering, National Central University
E-mail: zhixian989@gmail.com; chia@csie.ncu.edu.tw
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Reddit messages belong to the same topic dialogue and found that the performance
is worse if training and testing data are splitted by time. In practice, it is also a very
hard task even for human beings as there are only two messages and no context.
However, if our goal is to predict whether a message is a reply to the other, the
problem becomes much easier to judge. By changing the way of data preparation,
we are able to achieve better performance through DA-LSTM (Dual Attention
LSTM) and BERT-based models in the newly defined Reply prediction task.

BRSEEER © WSEhARRE - [CIZRARTEN - BERT HAEIEH]

Keywords: Chatlog Disentanglement, Reply Relation Prediction, BERT Neural
Model

1. 4&5% (Introduction)

G EERAGIIT KRS » FEERAFN AT I > FRESE I HBhEEE A
GRECHN A A ES A (Chatbot) R LARGFERASIEA « I HEIENT QA ZRAREHIR
HEEE L (REFEITET 43 By Retrieval-based Eil Generation-based [Wif& » Retrieval-based (15 /5355
THEHSCERNIMES  BalE LB ENESR  HEFE SRS EE L4 - IR
L RETE B EEEC Sk TP E P AR S R E BB - 207 Retrieval-based 1Y%k 7478 ©
7€ B MH 2 f Y EROE H o Bl M ) Y o SRR S S B aE g % ( conversation

disentanglement) -

MRS EE S A SR R R 23 AR R 2 NIIRIESR S - DUE 1 B FhAE
FHEFLHY IRC WK 2= 7 BL - Horf Thread F£on{ & IEAE 2B 58 - N G E A 1E
L KD E g ERE AT AL ERY S 5> DUT EE & E SR B S EE0 T -

Speaker Message Thread
Elli | Any idea why 'passwd' would ask for a new password four times? T77
Priscila | Elli: A hacked version. T77
Melda | is there a way to get Is -1 to print full path in each response? T78
Acrlie | Julietta, do whatever you want ... its an ethernet packet T75
Leota | Jeanice: i had to replace most of the the startup scripts with just T71

echo boo, the problem seemed to be with the kernel not being
detected or something

Melda | so it'll show /home/user/filename.jpg at the end of every single T78
line?
Elli | Priscila, yeah that could be a posshility except I just recompiled it T77
from sources, thinking just that

Elli | And still the same behavious T77
Priscila | Elli: Hmmm. Weird indeed .. T77
Julietta | Arlie, well, i can't, to actually inject valid packets i would need to T75
modify the sockets state
Jeanice | Leota: strange... and what errors did you get when you tried to T71
compile?
Priscila | Melda: Is -1 /nome/user/* T78

. HEHRPXER K

[Figure 1. Conversation log in real-word chat room]
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2 s = (Client) BLIZ AR A\ & (Staff) @y A2 I EEEEEACHE > H o Topic %
el EHINAE 73 - tHE TopiclD #YEH S ( Messages ) £y N2 — B & 55 +
(conversation ) EA| [ FRAE Y R EFC 5 FE FHAH[S] TopiclD YRR AT4HE WIEHE ID (2,8) ~
(4,6)54(5,9)1VEC & A I TR B A B 40{0] [0l & P Ay 2 AC ¥4 (1,2) ~ (3,4) ~ (3,5)

E o REEP M DR R RIEER AT > AR EME TRER R BT -

ID | Author Messages TopiclD
1 | Client can't connect to nas, any suggestions? T1
2 | Staff Do you know what the IP of the NAS was? T2
3 | Client The device was setup by an admin who is no longer here. T1

I renamed the machine and to setup a new IP and
restarted. now it's not responding.

4 | Staff Can you make sure the NAS is powered on? T3

5 | Staff What is the model of the NAS? T4

6 | Client yes it was. T3

7 | Client but he did it incorrectly in my opinion. T1

8 | Client he didn't set a static IP he set it for DHCP and made a T2
reservation for it on the DHCP server.

9 | Client ts-ec880u-rp T4

2. HFFHEZRA S EEEELHF

[Figure 2. Conversation log between client and staff]

HA WIS R S GRS RN > (EH VT AR S SR s S B A st R iy
BB —ETEAMEE - EOER R E BN HE S T REN: » SR AT ENAER
FERTHERE R BRI T (Fsh) » SR BNIRANTEEE - Jiang %4 IICNLP2018
P2 L () B 4 g A Pl (AR A S FE ) SHCNIN ( Siamese  Hierarchical Convolutional Neural
Network) (Jiang, Chen, Chen & Wang, 2018)5 /ARG » BiasE B A
EHHE SHIRLEE - B Jiang & AMRRFTAE M THI SRR HIER ORI 3 B8 - R Bt
HEGRERC B 774 » (B RECE PAvEE - BB RS R e E s -
AP AV B B st s H A AL A R 2k (GREE ) SREAIRGESRIR > (E1REN
EE P IRFIEEE SHCNN fETEHRAGHRERRUIRIEE 2 - FHIbfAERNEBF -

By TR T VMW (EERE R S B E S sE , AVERRS > FRPIEHENE R e i EE HY
BUEREAET N TAEC o (EAECETE h IR AT 2 BEa AN E Nt A A R e
K E EFEEEE - EFEREERBECE P8 - T SCER - DB LIS HERE FTEAE
SEm T o H JE RSB R S B R R - T (S IS TS B Ry IR - R38R
ELALHIET e E R R 2 B 2K B MHE g S - AFTHE &N HE SR SR S EAE e S —(E
R BN T EREEIE R G TN A R SO TEANER > T T AR R RS
PHEEEES | A R EE S 6 -

BRI BERIES S - A LUEBEEREESA L0y T HERREN
(O 7 RBE (% o [E10SF ER A (0] 78 TEORIAE RS B A (5] & 56175 2L A A [l i A B =X > (E4S0E]
7 TENERS o] DUE ISR A S sE i AT - 5L STERAE BTt
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ARSI - BURHRE AR SR H BRI - SRR > ASUE B
AVEERTE SR » 0 SHCNN S FORFIEEEAF R HTRRE - 1 bR s BERT FAYETE
SRS - EERGEREBUNEM FE S st R M a A ER > FMTEIZE] BERT 5%
RESFEH H AR -

2. }HRAIAZE (Related Work)

AR T - &% RAVRRRITE BB IR ARG T R R E S AR EUE - 2K
HE —(@H AR E BN AN a2 G EsE - Al SR
HERBEHERIRTR T - BIRMIEESH LS E R R T2 AIRESR A AT
RE » PRIEFARE oy Bl EReT S SE AR B R R I (R -

BECHTZHEEERSIITZE - Allan %2 A (Allan, 2002) L kg R AT §E T 2Rk
SEHTHER S BN IR A Y & sE B BCH & 5E o AR4E Shen £ AAYBSE(Shen, Yang, Sun &
Chen, 2006) - FHEAEMHFEIEsET - B BARSHEDE - Wang % A (Wang & Oard,
2009)# 35 A8 [E gras P AVEHE S EA BN B30 6 DU AR S s lUE AR U T E IR
BE o (HARPMEIRVENE @AW EEBN F T30 BRE A EMUEHE -
R SR8 72 - Elsner % A (Elsner & Charniak, 2008) (Elsner & Charniak, 2010) (Elsner &
Charniak, 2011)HIl;27% #5558 (linguistic features) R+ HEEHEHIMHPLIE - Hep - E
ALY 2 Le SR A ER FHEESS (bag-of-words) WYFRoRT5 =X - i fie A e He aa B e R AU BR % -

Mehri % A (Mehri & Carenini, 2017)£% FBERE AT U A EIRY 73 48085 - W51 ATE
A (RNN) BSR4k T FEOR M EEE A, A9y 828 (Next Utterance
Classification) (Lowe, Pow, Serban & Pineau, 2015)-E 1 in-thread 4328 25 @& ) Same thread
Jy¥5Es ~ Reply 738581 RNN iy &S SRR A RERE BRI ErE st - il
PETTARRE I A AR -

Jiang % A (Jiang et al., 2018)$% Fi #Hik8 77 @ & 8 (4L 4 (SHCNN) #EfTRHEAHLIE
HIETE « B2 E &M {E T GRS (CNN) - o3 sl HHe S AR P B =
W U R R B IR B BB I (representation) [ - KCIBE B
BERRAENERERER - 2 EREE W (E S g sEmais - HER
4EIRAE IRC B Reddit FiHA AHE 41 HYZRIR o (H AR A R & HER A ISR &R R RN
REN G AR BB EEUANER - IR L PR{F 7 2 EoAth BE 47 Y A) 221 ('sentence representation ) -

Devlin Z A (Devlin, Chang, Lee & Toutanova, 2018)$2H} T —f&FEL 7> Transformer 451
25 B2 fE ) BERT ( Bidirectional Encoder Representations from Transformers) - BERT
DA Masked 5865 AT ELRE4E T /) TEHT (next sentence prediction ) {£75 1T TEAN 4
R AN SR 1R Y 280 By T £ 75 ( downstream task )Y HTT4AE 778 ( Fine-Tuning ) -
EREI AR % HAAGE S BT SRR -
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3. MEERHEHEREERE (Problem Definition and Datasets)

IeEm S R FTE A& RIS A = (/> 43515 IRC - Reddit B2 QNAP ZF AR #5540 8% - H o IRC
H1 Reddit B/ \BIIYERIEE o IRC ERIEZH Elsner % A (Elsner & Charniak, 2008)Fi 717
FINTARESCE R - 4647 6 /NIFHTEEEACSE - FHEF LS TR AhEEE A BN g
56 A EAHE g EENEE PSRN S R — B > FoRiE S B IF G AHRB E A
AYEREET - Reddit ERHEZH Reddit SCEE RV SN S RE RS > & Jiang &
A(Qiang et al., 2018) i VAL » I RaTam d A IR ERE, - MR Bl —RISCZEE NPT
PR A A E S sE YRR - FAREEEE R f QNAP FAR O BRI A SE » FAM
B EIET s N AN SR R RO EEE -

3.1 Reddit& R EH HACEHMESLE (Message Pair Generation for Reddit

Dataset)

M2 Jiang % A (Jiang et al., 2018)FiHEH 7772 2K EE Reddit EkHE < fR#5 Aoki S5 A
(Aoki et al., 2006) 5% » /INEI G 1152 5 P[RR AT TR & 58 £ 1.79 {1 - fii Reddit
SERRIVSCE RS AL T RE S B R - RILE AR Reddit BRHEERE > FAFIFEER—L5C
o (MR E R E TS SEECE AT N BRI « BhAh > FRATHMEGE
EMEL N SCE R Ry E M N e am HERAE S E TPy SR S B Im i S EE R 0 3R
975 E A FESCEA R RN S — 2 -

EMEEEEER T FRMBEEREEREF YIRS A - (78RS EE R FTA iTAE
HUEREECYE - B EANIHBEBENER - LA HEGENNE S EES S
MHEEFENEE o REEFAM A5 B ERERE T ARVEREECE - #asEsR - Wit —:
B¥ (mymy) »omy B myPrsdRmasEe B oo HEEEG — o] < T - fEILge s
9 T 8% Fs—/INK; > B Jiang 55 \FY B ERa BAHNE -

I TEHE B A E R IR Reddit th iR 80 & B Phisk 7o (B ah
TERBCE - T A(ERER P EE (B BEEW O E S % - HegE AP ER SRR T
WIVERE FrEE Pk e - S VO(ERRE A v RE Fo 2k B AB[E EREECR B 0T am -

3.2 Fl|&k ~ Ep=BELHIBERIAY4TE| (Training and Testing Data Splitting)
e BN SRE R} ~ Basg &R SOl ERHES - Jiang 55 A (Jiang et al., 2018)EEFE 1L AT A Y
IRERE S - DI 50 > S BIISRE R - B B RHEDAEE R - (HDIRE
WA AV BB RHEEZ R > WE 3 fr - sREESBICEHEE—HE nTRE g HEE
FFAECE T - R DR AU 07 S TR o B MR T AR IR AR SR
FEEEE R - T2 o BEEERTT BIHAHIEER > ERERS AR SR T
HYEREETT TR « AH R AV IR ER S S8 RIS Ry EUHIEUE R (20iE 4 B ) RIDHIGE
Rt R A ERUE B SR AB RRER 1 = R R AR ERE. -
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Eg%ﬁﬂﬁﬁiﬁﬁ SRS B DA e (R e R e ] R e o B 5 = UET T oA - AE iR 53 1
i o B LA 80%(E RydllISRE ) ~ 10%E RBRaG E0rt ~ 10%(E R sl &t EL BIA#E T 73
E - £ B RU BT A AV E B o (€ DL —FAVFIISRE R TSR (40%HEE R 2 ) -
DU RS B AR ISR R B &R I 2

Randomly select test pairs

Conversation 1

Conversation2 () _

Conversation 3

Conversation 4

time >

Training pair

o Message in training data

O Message in testing data = = = Testing pair

B 3. BEREERRY 75 7057 S Rt B
[Figure 3. Training and Testing Splitting in Random]

Split by time order

Conversation 1
Conversation 2 O e —,O
Conversation 3 O &

Conversation 4

time

W

Training pair

O Message in training data

O Message in testing data = = - Testing pair

B 4. LR ZEFETHY 77 57 R BT
[Figure 4. Training and Testing Data Spllttlng by Time]

FEAHEI SRR > FAIE IRC 8 Reddit 1 Ryl SR s Ml Bk - % 1 23 AEER
BRI R - o Reddit (VER B GERGER  WIILABZ I ERE R - 1 Reddit £y =
8555 H o Bl S A FIRYEAPTRERE - FE[E AR THAES S > S5 BENR 2 For - K
ittt Reddit =& 15 s HI A ERIEE B -
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# L. WG EF I &R E BT

[Table 1. Datasets for Same Conversation Prediction Task]

T Reddi IRC
gadgets iPhone politic

EEhE 468 529 6,197 159
HEE 11,071 10,261 148,942 1,865
HEEY 6,387 4,506 28,365 183
SR A T S SRR 5.28 8.73 13.95 2.75
A 487,695 507,226 | 4,492,361 | 79,682
GEIEN =l a4 118,889 111,145 | 1,226,863 5,390

2. [OIB AR Py =& ET T
[Table 2. Datesets for Reply Message Pair Prediction Task]

- Reddit
gadgets iPhone politic
EEhE 174 1,524 27,361
SHEE 6,007 35,286 800,619
BEER 3,953 11,355 72,787
KTy 19,169 103,179 | 2,423,900
EE AR AR EE 3,835 20,636 484,780

4. FERIZEEE (Models)

TERIRI BT P2 R By S, (B A+ 36 FELHIER my S, 2 5146
[EI 3R R P (samelmy, my) + Er s m B — OIS - E BB R G - L
S B i A B 413 3L, (OIS HTHE2P (my reply mylmy, my) » 8
AR 5 (5 60 T 5 MBI + LA B0y A BBty L2 - IR A3 e -
Wit BEa{(m,my,y)}  Ey € (0,1} RENEIEED -« o7 Fim Btm R A EHE &
S B Ry (T -

SR A SR m T T B SR R M = (W, o, ey wa) » TIFFERISCE
PR BT ST AR © B E A AR R (w € RY) < R AR
AR AR SR AF T e RIS LURAISIRFSE (UNK) Hift -

TR P LSTM {80 R ELIAREE 28 + 1 IR IR - 16 A SR m ARt — e
(19 Rz FT Bz = BILSTM (m) i i (B 1 S5 7E 2/ F-##% A sentence embedding) -
SN o R 3 WO + T PR A S Ay BB 0 5P



70 L EYz7

=fEE I (shared weight) -

i A IR my Bilmy 53 I W AR TS Bl 2, B2, 1% $R ] 2 S i 1 Py s 1 Y i o
ETEHMT

P(same|m,, my) = o (ELU([zy, z,]"W, + by)W; + by) 1)
Hepw, € R¥" > W, € R D R BRI HAE 3 s EE AT -

P(same|m,, m;)

Feed Forward

B5. BHAE##HTBILSTM ZefE/E
[Figure 5. BiLSTM Model with dual attention mechanism]

Dual Attention LSTM: 5 B 47 iy EC & H Wi (EEUE VR (% FFIIA AR
EE A - SEEm Y BILSTM B mEFRom el - Hofi=1..L> LEHEEE -
A48T 55— (B FHm 4R s Az, A T A FIARGETEm W E B I Ee! R EFRE S,
SHENEAT

a} = softmax;(z,"e}) )

w =Xk aje) ®
A6 BAEAME T AR B, - ErhufE RzVEINRE R - JEEIEHINEEOE 3
LREOER RN o FLHEFEE JJEEAY BILSTM 4551 7E A M P (6 FI AV S — ({40 R S
B fE e BT L Dual-Attention LSTM (£5f% DALSTM)ZE 3 -

CNN+LSTM: FRAFEAE R HIIEER S A A R LR b (E A (E B I EENE
SUT 0 AR REEEMAERE (CNN) (E BT P e FAYEE (8 @405 s 2850 - 0
ARG E & i A A B GRS RE A > St T8 A BT 4RI - B 50 S ARYEREm,
7 iR i A BRI PR B AEREM, € ROY (df i AMERE - LERERRE) « JMIE
FhAE R/ NFsd x ke 1 kernel » [RILGIE @ RFErfm i he X LA/INGY feature map » i Y
feature map & & Gated Linear Unit (GLU) (Dauphin, Fan, Auli & Grangier, 2016){E &
JE4R A BE T (Activation function) 37 Layer Normalization - £%{%h. x LF feature
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map A5 B LIBLERE Foh HIIEL &+ 1F s EERIR AR ERA T A, - [ETBERY » R Byt
FIAFIRI4RAE 52 » A3 FTHERE - B ONN (94IBS30IE 6 Fom » HBUR{E R BT L

CNN+LSTM IR -
e D’D‘ﬂ‘ﬂ‘ -l: —[

|

L vectors with

dimension h, !
| | 1
-\ \e I\ J\

L)

—

feature map h, X L !

X &
\ ot

Convolution
h. dxk kemels

,.“,-.\/ = -
o N

d % L input matrix M

B 6. CNN S5 z5 215 18
[Figure 6. CNN Decoder Structure]

BERT Model: H% A Devlin % A (Devlin et al., 2018)F#& 4/ BERT fEIEF %
T I EBERS R - R 258 EISREY BERT #4Y » fEAHE & aE (5 0]
ETHRNERS L #ETT Fine-Tune « 1E8 ABYESSY - sRUEm Elm, i AMHE B A > IEAEE
i A B E SR (token) o 7Rl (B ES 53 3 SERF SR AL E b AH HURF FH R B AR Y FECHT -
i HY () & 2 78 08 o BB g e HH A AU R 0 8 ST ERLT S TN Ao - H
WO = thh s [/V1 I= thl .

P(same|m,,m,) = a(ELU(zTW, + by)W, + b;) (4

FAME A (cross-entropy ) 1E & HEL = » WEMESE B L2 IEFYE > Hhok
SHES > STEFAAT -
Z(mym;y)esly 1og P + (1 —y) -log(1 — P)] + Al6]|? ®)

5. LM (Experiments and Analysis)

FEAZET > WATRAET SR E A B BERT fRAVKRERIELRIBLIIAT © HHFY LW
P RYEERE R T B NIERMIEAEAEE G (SCEEEE ) #Y F1-Measure DL
HERfEAR (Accuracy ) ARHETTEFAG o FRATRAAHE S hlc s HE B A= RCH AV ERHE R IEH
(Positive) &} - MR GRENIFHERIEE G A& F (Negative) Hiff -
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FIER A Tensorflow (Google, 2015)fi Ry 5 i 17 HY T 5 o (R {H &S 2GRN 7
FeAM{sE A GloVe (Pennington, Socher & Manning, 2014)f%%1 » & Common Crawl[J[ &R} E
AGRA/ NS & I HY BE SRR A R 2 4EfS d = 300 4t 220 & {E 5 - & [m) LSTM 1Y hidden
size h } 128 » CNN i FHHY kernel #(& fyh, = 128{@ » H A kernel k/Nk =5 - {#5%
P B AR N P FH 94 & Ry 256 ~ 5K epoch By 40~ wl4AEEE#2 - 107* - fF BERT
RELTR 3 (75 I {58 FE A/ NES & 431 BERT base 51750 > 12 @iy Transformer~hidden size & 768 »
Multi-Head %8 fy 12 - SCF e K RELEE fy 128 - Wi B It REAYSCF § £ BERT
R A B R Eet R 128 I EHE B s AR EVE 5y - BERT BRI AR {HE AL
K&Ky 32 ~ K epoch £y 6 ~ WIHAEEF B2 - 1075 o JEATA YBEEL o AT {d A AR R B 2%
By Adam~ 81=09- 82 =0.999 > L2 fEETEH 0.01 - SEHGHEZRNEER - H
TEEEE 21 30%%& A (training step) {6/ warmup - Dropout 355E £ 0.1 » £35Sk A
2R - HE g R B E g Ec Y ([IE R GECH BRI ARG EC Y ) AVERHE
=Ll

TEAR EME AR BN E R B 720 FAPTiE 53 7l 58 FH BB A 2R H o B B Bt 3
FHR ] 53 B W AE 7 TR 5 (R O3 TROAERS I SREBDAEN & Ry #0700 > PR
{5 AR e S el o B Y 7 OB TR Al - SERTAL A4S SRAE A T E IR FEAYE L © T2/
TR FRAMHER L a4 e S 225U BERT base 571 » 5 Jiang % A ffgt
LI CNN FsAEmEHT SHCNN 54U (Jiang et al., 2018) ~ & A3 AT EE m LSTM DURE
7> CNN %5 LSTM 1y CNN+LSTM Y -

5.1 fHEEEE{EH (Same Conversation Task)

2 3 RAEMHEI G EEER T - BRI R e E oy B Sk HE 38 SR BE L 43 B W A 7 =S RE 22
B o BEMEEE ST EINTHERER - RESRHE A I CL R E I A R - BB LK
B EH S 38 RIS T oy & > AP P ER B BRI SRR = BoRAGRE - BT
FRE Ry SR E R P FERRE N - 2 3 (VT 2 2B ATA IS A BRI R 1Y
AUEHE > RURE B KR FF% > BURFTA AN AT RIR AATERE. -

FoREEE T MR Ry (R A R s TN Z R R A - DU A AE R B AH S
BRI FRMBEHIE Reddit (I EORE Hr BB 500 (ERCE - Wi 4 (AR E D
Fkt o G5 4 LERIFTR - M AT E S SR TR0 - R FER -

SEC BRI th B AR BT s B (A EOE > MEUE MBS B s E B E S aR Y £
o R HETW SR XS A o W AR BT SER S o AMIE D E
SEHE AT RN A - RSB AT > AR e sk R R RE RIA A RN
JREA - L ETRER A AL -
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7 3. HFE TR B & Vs BFfET7 )

[Table 3. Performance Evaluation for Same conversation Task (Splitting by Time or

73

Randomly)]
— Reddit RC
gadgets iPhone politic
S F1 Accuracy F1 Accuracy F1 Accuracy F1 Accuracy
SHCNN 0779  0.887 0.608 0.816 0.639 0.770 0.805 0.967
ﬁi DALSTM 0.809 0.900 0.618 0.804 0.638 0.775 0.346 0.854
B | CNN+LSTM | 0.981 0.990 0.956 0.980 0.945 0.969 0.319 0.801
. BERT base 0.988 0.994 0.994 0.994 0.996 0.970 0.888 0.985
5 SHCNN 0.253 0.709 0.318 0.553 0.411 0.553 0.039 0.939
g | DALSTM 0.308 0.710 0.417 0.500 0.441 0.616 0.089 0.854
?{J CNN+LSTM | 0.289  0.645 0.364 0.516 0.309 0.601 0.098 0.630
BERT base 0522  0.508 0.298 0.534 0.423 0.667 0.223 0.898
KA. UHEN 77 G e & a2 (5 2 e B TR B TR ECAGE
[Table 4. Human Label Performance on Two Tasks]
M E s B 7= THHI S
FHE T F1 Accuracy F1 Accuracy
B 0.105 0.728 0.548 0.860
fEE 2 0.352 0.763 0.800 0.930
T H 3 0.263 0.732 0.590 0.875
T H 4 0.638 0.796 0.703 0.865

5.2 EEFEHIER (Reply Prediction Task)

(R R — (S 5 - BTN LAV R B 3 - DR 5
ST LR TS AERRAETS - A TAECAS A0 4 BRIFR - APHEFRT

R IEAEEE BRSNS -

RS B AR AE LT TEOHY ©

TEEI BTN BT T - PR PO IR S 2T 55 BRI SRS At 2
FTaTA » % 5 BRI F SR R S BB A R A R - T DL PR B
U1 178 (75 O A S AR 3+ BSOS - RS son s -
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2 5. M/ (E R ol B TR PR 7T

[Table 5. Same Conversation vs Reply Prediction]

. .Reddit _
gadgets iPhone politic
ST F1 Accuracy F1 Accuracy | F1 Accuracy
i SHCNN 0.253 0.709 0.318 0.553 0.411 0.553
5] DALSTM 0.308 0.710 0.417 0.500 0.441 0.616
CNN+LSTM | 0.289 0.645 0.364 0.516 0.309 0.601
; BERT base 0.522 0.508 0.298 0.534 0.423 0.667
B SHCNN 0.249 0.789 0.336 0.716 0.498 0.726

% DALSTM 0.343 0.690 0.455 0.690 0.594 0.792
T | CNN+LSTM | 0.260 0.646 0.413 0.688 0.561 0.782
A

A BERT base 0.631 0.854 0.639 0.863 0.706 0.887

5.3 YR EEs (Ablation Test)
Ry 1B T /B a s T RRE R 2 AL FR(FT%T CNN+LSTM B LSTM i fefi f5 20 74
T T REENVIBRER T o« I LSRR IS iR T AT -

32 6 o] DAERZ2 2] CNN+LSTM fEAYAE CNN J& {8 A Gated Linear Unit &b {8 ELU
HH S FHYREE © 1iAE CNN # &M T Layer Normalization Ay /4 S 4FAYRLAE - H
PESE R R R I S (A S R pE =2 e i B -

7 6. CNN+LSTM SAV L]0 B Bieés 5
[Table 6. Ablation Test on CNN+LSTM]

Reddit — gadgets  (fH[E&5E(E#)

R EPAEEY F1 Accuracy
CNN+LSTM 0.981 0.990
CNN+LSTM ELU 0.960 0.980
CNN+LSTM no norm 0.958 0.979
CNN+LSTM with attention 0.906 0.951
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7 7. DALSTM AL Eraa R
[Table 7. Ablation Test on DALSTM]

Reddit — politic  ( [=]7&Z FHIERS )

2R WaEEY F1 Accuracy
DALSTM 0.594 0.792
LSTM no attention 0.577 0.775

HER 7 AT DS AIE R TOEETIHAIRY LSTM SRAVE S 4 ARE - HEHERANEENE
SERGHERERTH VETAIRGE -

5.4 ZR A BWIR4:$% (QNAP Conversation Log)
FH A LA T i W) N BN AIR 7S S R BRI R A S50y L SEAR RS A7 - RIE IR P I AEA P
PRI R4S T E AT E R T4 -

TEBREEFIT > N ERZ REFISE R HAEF KRB A T &R -
FEREIWAEGEESR T HEAZ L —H—ERER » BB E—HEN MEERD
Fylol7E > W DAL EREEST BB - R E MR/ \FR - RN EEII R M E
S BV AMEFPE - BT LIS EIEREN B SIS ANE BF 2 PRI E R » R MIFR 2L
S/ D BB R AR B B LY E - FAMTE R EL 60 RINIRACSR#EIT N TREECIRTE
Tl &k LB AT 8 Avr « BB RIERAE - MBI EEE AW AL
FAKIEE NMEAR 0.801 #HER - T HEAM AN FRHRET  BE2ANA
Wi R YRR R LASE S8 T X 23 -

7 8. MIAACHE TR AT By
[Table 8. QNAP Training & Testing Data]

QNAP Chat Log
FRHE | Heuristic Labeling | Human Annotated
Training Data Testing Data
Geani 1,937 60
AHEEL 53,548 1,425
o 257,306 6,779

EiEp—ERERAE > WIMEFIRCH: T EE TR AR - DLE s
AVBEDRME Redlll SRR > M08 A TARSCERME Rl Bk > EEREROR 9 TREUR > 2
RIFIA QAR -

HERIEREUREI IS E B E A EEEISRE RS DIYER T - A A2 EEER
SRR G > B SRR B TR G OSSR L AEE D] > AT E R E IS
AYRERERE > B ZATE AT B R TR SO AR A A e SRV F R -
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K 9. BB LEEC R B L AR
[Table 9. Model Performance on QNAP Human Annotated Test Data]

ks CNN+LSTM DALSTM BERT Heuristic Labeling
B L | A
e ccuracy F1 Accuracy F1 Accuracy F1 Accuracy

®He | 0.308 0.636 0.367 0.600 0.363 0.733 0.681 0.848

6. 453w (Conclusion)

A S L (5 F [ P o3 s EL QA S e s o SR A B it o Jas U0 - (AL ]
DL a P RE R Ay 5 sUME T RE R Y L AF - MR R B T OCRAR B N E
REAARE G EE TS - [BIE TN s i) DUE B i S BCH PRV SE & 8 f25
HEEREE R LR AT T REE -

PR o > (EFHSERR TSRy BERT fHAEST Fine-Tuning ] LISELS ELA4T
AYRIRERRIR » BIEAERNSRE R DAV T e A sBRIRGE - (EMIREC sk E Rt
A LASAL > (EH] BERT #E{T Fine-Tuning B » I (ER AT 6 FAVEREC - A RAFAVERRC i
5 > NN THEECIE Rl R H 22 B -
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ternational Journal of Computational Linguistics and Chinese Language Processing (IJCLCLP) invites
bmission of original research papers in the area of computational linguistics and speech/text processing of
tural language. All papers must be written in English or Chinese. Manuscripts submitted must be previously
published and cannot be under consideration elsewhere. Submissions should report significant new research
ults in computational linguistics, speech and language processing or new system implementation involving
nificant theoretical and/or technological innovation. The submitted papers are divided into the categories of
gular papers, short paper, and survey papers. Regular papers are expected to explore a research topic in full
tails. Short papers can focus on a smaller research issue. And survey papers should cover emerging research
nds and have a tutorial or review nature of sufficiently large interest to the Journal audience. There is no
ict length limitation on the regular and survey papers. But it is suggested that the manuscript should not
eed 40 double-spaced A4 pages. In contrast, short papers are restricted to no more than 20 double-spaced
pages. All contributions will be anonymously reviewed by at least two reviewers.

pyright : It is the author's responsibility to obtain written permission from both author and publisher to
roduce material which has appeared in another publication. Copies of this permission must also be enclosed
the manuscript. It is the policy of the CLCLP society to own the copyright to all its publications in order to
ilitate the appropriate reuse and sharing of their academic content. A signed copy of the IICLCLP copyright
, which transfers copyright from the authors (or their employers, if they hold the copyright) to the CLCLP
iety, will be required before the manuscript can be accepted for publication. The papers published by
LCLP will be also accessed online via the [ICLCLP official website and the contracted electronic database
ices.

le for Manuscripts: The paper should conform to the following instructions.

ypescript: Manuscript should be typed double-spaced on standard A4 (or letter-size) white paper using size
11 points or larger.

Title and Author: The first page of the manuscript should consist of the title, the authors' names and
itutional affiliations, the abstract, and the corresponding author's address, telephone and fax numbers, and
ail address. The title of the paper should use normal capitalization. Capitalize only the first words and such
r words as the orthography of the language requires beginning with a capital letter. The author's name
uld appear below the title.

bstracts and keywords: An informative abstract of not more than 250 words, together with 4 to 6 keywords
quired. The abstract should not only indicate the scope of the paper but should also summarize the author's
clusions.

eadings: Headings for sections should be numbered in Arabic numerals (i.e. 1.,2....) and start form the left-
margin. Headings for subsections should also be numbered in Arabic numerals (i.e. 1.1. 1.2...).

ootnotes: The footnote reference number should be kept to a minimum and indicated in the text with
rscript numbers. Footnotes may appear at the end of manuscript

quations and Mathematical Formulas: All equations and mathematical formulas should be typewritten or
en clearly in ink. Equations should be numbered serially on the right-hand side by Arabic numerals in
ntheses.

eferences: All the citations and references should follow the APA format. The basic form for a reference

s like
Authora, A..A.,.Authorb, B. B., & Authozrec, €. C. (Year) SIlitic Gfiartrclici e
of Periodical, volume number (issue number), pages.

shows an example.

Scruton, R. (1996). The eclipse of listening. The New Criterion, 15(30), S5-13.
basic form for a citation looks like (Authora, Authorb, and Authorc, Year). Here shows an example.
ton, 1996).

ase visit the following websites for details.

PA Formatting and Style Guide (http://owl.english.purdue.edu/owl/resource/S60:01/)

PA Stytle (http://www.apastyle.org/)

age charges are levied on authors or their institutions.

1 Manuscripts Submission: If a manuscript is accepted for publication. the author will be asked to supply
manuscript in MS Word or PDF files to clp@hp.iis.sinica.edu.tw

e Submission: http://www.aclclp.org.tw/journal/submit.php

e visit the [ICLCLP Web page at http://www.aclclp.org.tw/journal/index_php
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