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Forewords

The 29th Conference on Computational Linguistics and Speech Processing (ROCLING 2017)
was held at Nangang Exhibition Center, Taipei, Taiwan on Nov. 27-28, 2017. ROCLING,
which 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 seven papers meticulously selected from
ROCLING 2017, including 3 natural language processing papers and 4 speech processing
papers.

The first paper presents a neural relevance-aware model (NRM) for spoken document
retrieval (SDR). The notion of query intent classification is incorporated into the proposed
NRM modeling framework to obtain more sophisticated query representations. This paper is
awarded as one of two best papers of ROCLING 2017. The second paper discusses the
question retrieval problem for community-based question answering (CQA). This paper
proposes a retrieval approach using word embedding learning and participant reputation
ranking in the community. The third paper from National Taiwan Normal University focuses
on the text readability classification problem. This paper proposes two novel readability
models built on top of a convolutional neural network based representation and the so-called
fast text representation, respectively. The fourth paper discusses the acoustic echo cancellation
problem. This paper presents an improved vector-space-based adaptive filtering algorithm to
achieve fast converge and a better echo return loss enhancement performance. This paper is
also awarded as one of two best papers of ROCLING 2017. The fifth paper focuses on the
replay spoofing detection problem to tell whether the given utterance comes directly from the
mouth of a speaker or indirectly through a playback. This paper presents a discriminative
autoencoder (DcAE) neural network model which achieves up to 42% relative improvement in
the equal error rate (EER) over the official baseline. The sixth paper discusses the tone group
parser issue for Taiwanese text-to-speech. This paper presents a hypothesis of tonal
government arguing that if the allotone selection can be made for each word in a sentence then
the tone groups will be separated within the sentence. The last paper from National Tsing Hua
University focuses on the speech emotion recognition problem. The approach proposed in this
paper achieves improvements based on a set of trajectory-based spatial-temporal spectral
features.



The Guest Editors of this special issue would like to thank all of the authors and
reviewers for sharing their knowledge and experience at the conference. We hope this issue
provide for directing and inspiring new pathways of NLP and spoken language research within
the research field.

Guest Editors

Chi-Chun (Jeremy) Lee

Department of Electrical Engineering, National Tsing Hua University, Taiwan
Cheng-Zen Yang

Department of Computer Science and Engineering, Yuan Ze University, Taiwan
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Abstract

Due to ever-increasing amounts of publicly available multimedia associated with
speech information, spoken document retrieval (SDR) has been an active area of
research that captures significant interest from both academic and industrial
communities. Beyond the continuing effort in the development of robust indexing
and effective retrieval methods to quantify the relevance degree between a pair of
query and spoken document, how to accurately and efficiently model the query
content plays a vital role for improving SDR performance. In view of this, we
present in this paper a novel neural relevance-aware model (NRM) to infer an
enhanced query representation, extricating the conventional time-consuming
pseudo-relevance feedback (PRF) process. In addition, we incorporate the notion of
query intent classification into our proposed NRM modeling framework to obtain
more sophisticated query representations. Preliminary experiments conducted on
the TDT-2 collection confirm the utility of our methods in relation to a few
state-of-the-art ones.

Keyword : Spoken Document Retrieval, Query Intent, Neural Network,
Pseudo-Relevance Feedback

1. £&5% (INTRODUCTION)

PEREZ MR 0y 3 R B S RS A Y KR B I & - 20 A8 B B (R th 22 i R AP
HE 4 TER—Eb oy - fEE R A RS ER . PR RS E T KNS
SEpY T —TEE B EESR - A 0 Ay -4 (Chelba, Hazen & Saraclar, 2008) (Lee &
Chen, 2005) (Huang, Ma, Li & Wu, 2011) (Chen, Chen, Chen & Chen, 2012) s s 304 f%
R Ry —(E T3 A IEIATE T - (B SRS b B A S EREhi )y
2 WA 2 ZEEIfE A (Vector Space Model) (Salton, Wong & Yang, 1975) - Okapi BM25
model (Jones, Walker & Robertson, 2000) » &z 3 &R (Topic Model) (Blei, Ng & Jordan,
2003)%F » S5— U7 > &A= UEE = AU (Statistical Language Model) fE Al £ S F i &
(Information Retrieval)fIzE & 1% » (ERRE LS FHUS T 8y 2em(Ponte & Croft,
1998) (Song & Croft, 1999) (Croft & Lafferty, 2003) » Rtk 5| TR/ DHF5eERIEOE - fEiE2
BHRES T - B ES Tt BRI (EHES - MRS By 7 0A Ry E sl
SR M (Query Likelihood Model Measure, QLM) (Manning, Raghavan & Schutze, 2008) - 55
—(EH1 5 S 75 = KL 80 & (Kullback-Leibler Divergence Measure, KLM) (Zhai &
Lafferty, 2001) » R &2 shy B S04 B 2 B BE sl ARV EE = 15444 (Unigram Language Model) -
A S B A AR ADURE 5 BRI s 9 {1 £ 32 7 i T 5 B (Divergence Distance)

BT PR R R B S R AR R R AT B T A K B IE R R ERS L -
F AR 7 1A R R A [E 4R 2R R B 9k 5 0% » DAL AR B2 A 3 B R A A EARR 5
(Guo, Fan, Ai & Croft, 2016) (Mitra, Diaz & Craswell, 2017) - EEFENE @ KBS 54
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M A B S A s SRR B4 s T & R (Surface Statistics) - H HISJRTAC R RE 45 77
CHAE R SR ARREAY SO o BRI DA EAVARDE - AWE R A1 705 - o Al R e 4 EE
F 157 (Deep Structured Semantic Model, DSSM) (Huang et al., 2013)#1 /5345 & a = 2 Y
(Locality Preserving Essence Vector, LPEV) (Chen, Liu, Chen & Wang, 2017) - DSSM #{1
LPEV WifE J77A & 2NN EIES BV EREE T & B 7y B DR R R &R
o G A &R E B AR SR Y B B A SR TR A (AT AYEE ~ SEE IR AR S
BHVE)  Br 7 LA ERIfE AR A A - B WA Ry RISV R AT » o3 Al iZsa ik A (word
embedding-based methods)F1ES % A (paragraph embedding methods)fy 7534 » BIEM A H
i sl fE 72U (Skip-gram model) (Mikolov, Sutskever, Chen, Corrado & Dean, 2013)F/1 28 455643
(Continuous bag-of-words) (Mikolov, Chen, Corrado & Dean, 2013) - &1 558 7=
N {7 fE A (the distributed memory model) (Le & Mikolov, 2014) ~ 43 {ffi = 58 £3 f& U
(distributed bag-of-words model) (Le & Mikolov, 2014) (Chen, Lee, Wang, Chen & Chen,
2014)F1AE a) & 15 %Y (essence vector model) (Chen, Liu, Chen & Wang, 2016)% -

Ry THRIMRZER e BT ) EAEE N E R T &8 (Shenetal,
2006) » &5 T ¥ [ 1A BLERAY o A PR 0L B Ry R4S 5 - 28T » [ EER S P S0
W EEE R R EE T AR EEEENE - B gBEFAEREEINE
B EEDIRE NI HENERFER - Rt ER B EES - BN - St EERER
NeWME - BRI BEWHERBEENBTHNER > B—EE28 58RI RIES
T Ry &5 (Query Expansion) - #b &3y 22 7] Loy Ry WA (ERA A - S5 —FE R 5 [ FHAMAD
HYEJE (A1 Wikipedia B¢ WordNet) 73 #3675 » #E— PR iar & - HPaysEEr & aE
HEFEFRR - FRE - HEEE BT AR - ST —(EEH - BHEHE
BRERHY S MDA S - DOKEE ZE R A ey &5 5% - B IRREE =NAY 2B A R (o] 6
(Pseudo-Relevance Feedback) (Zhai & Lafferty, 2001) (Lavrenko & Croft, 2001) (Chen, Liu,
Chen, Wang & Chen, 2016)f#5 AH L o 85— 77575 @ 4y 5 286 S R B Rl - 41
SRR RGN o 5 REIEAM AR - AR EAUS TR SCEM T EEE
JRiaE R IES G RIRT o R B B ERHE K B8RRI - ZEAHRA B85 7R S8 MEE
HHEEAREEE o DLUN Ky 2618 R0 44 9 2 4H Al 0] g (Manning et al., 2008) - #HE# M%7 (Relevance
Model, RM) (Lavrenko & Croft, 2001) ~ 55 E&fE#&I(Simple Mixture Model, SMM) (Zhai
& Lafferty, 2001) - ZEZE&E#5 A (Significant Word Model, SWM) (Dehghani, Azarbonyad,
Kamps, Hiemstra & Marx, 2016) (Chen, Chen, Wang & Chen, 2017) - &% 2/ B [E] g& .4
TEMREVEE FEE AR - B M A - S = AR AR - R E
FEEDIERA -

PV EN R E 2 Mk HaR BB SR - AR BRI - RS R S B4R
H— (BB A3 o SR A g A s AR » H opoR F 31 USSR S A i 28 1 R BERRE Y NRM > I
PRET T NRM FI &3 2 [ PRR A AT RE M -
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2. MRESCEERE (RELATED WORK)

RPN E S - EHATHERVEE A % o RIELE R 2 5 Qryaa Y B AR AR A RE S 1
BIP (w| QYA ARSI (Maximum Likelihood Estimator) fE{REESEEHRT & » fy TR S
BRIRIR - A2 EREERUARNITE - R EEGEE AN EZ I AE =22
BEEIES - H ARG R bRy B #ona o LB RA [MIas s - &3 Q Bl R s
SRAYAET N RSCEAERE RIS — R EEE RIS DE = {Dy,++, Dy, Dippy ) 2EE
S BT A SRR S AL - JMERSIHIITE LU T =M > RM ~ SMM ~ SWM -

2.1 FHEEAMEMEEI(Relevance Model)

RM st —E &0 B A —EHRERIRy - HAEHE S 2 QFH BN S 4 By R AH RIS IR

HEE « RNEAVE WM A FAEE R QMEREIIR, - RILIEREM » Mg RAT N

ROl S ED R & EAH R SCEE - W6 BRI A A R [l e DB EAUAERASE AR - RS

QHITERAMEE A T FF A T A G & -

Yprepp P(Dr)P(W|Dy) HWIEQ p(w'|Dy)
ZD;GDFP(D#) My P(W"'[DF)

HrpP (D) RSB - BRI EI SRR et - LR ERAY 550
e A fi(Uniform Distribution) 2K &3 « 55— {55 = AP (wD,) AZEAI FH B AR
flistE = A SRRV RSN 3% SO B AR A R - ST R (5 L3R AE S DAY
PR BRI DAL AR -

PrvW|Q) = 1)

2.2 55 RS ERI(Simple Mixture Model)

@& A S AR B RS E SMM © SMM ST 0] 85504 D p s H B R AR 2
BRI > 22K B R R A MR AE S A » F—E 0 2 BB % B QT
SR EEIN ERERETH Psvm (W] Q) s 55 BB /2 B2 U ERAE S S i B ReE S A P (W)
WL —2 > (F ol ZE el S FDE » R b SMM BIIAKESS » WK Psum (W] Q)
DA Bt RIS 58 FH Y FE 5% et Bk (loss function) -

L =[Ipepp [Twevla - Psumw|Q@) + (1 — @) - P (w)]<D), 2

a RyTASCEFRIFIIZE > FFYRIE Psmm (WIQ)FI Peg (W) RI & HILLEERH {% - SERAVEETTT
RS H A QIR FIE = AR - HEMIES—(E AR &AL - SMM HI{R
st —EA VRS > (ERAE RS IFD IR AMERERHQAS MR - Bl
FAER EEESI D AYIMI S AR » BEIAER - B 55 [ E R R E B ElgR S (R
PERRE (B AR IRSR RS SR B E G oy feE 5158 Pec (W)
SETITE © 5o MEE AR E A S Y B B AR B AR s A E R AR B R ik a e
1y £ R Psvm (W Q) FFIFEE ©
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2.3 FEEEEMEAI(Significant Word Model)

ERAVIEVEREEE Luhn’s theory (Luhn, 1958)F1 SMM » SWM #5357 SRS HE A& HEE S
AR 705 o 5 SWM #H » BECEEEN RS BB - EREREES ST
EENVE FE 0 HARgE i g B DB EIEE S DE - BRI SWM a8 01
HEESHEAHE MY = (EAFEADESTR - F—EHA Ay RESHEAPyge(w) 5 5 _{EEH
FyRAREAIEE S B Ps (W] Q) - DUREE = (2235 )iy B 5l I8 A Psw (| Q) » FIIFH bl =
BB AL B B S DY AT

Pw|D) = a - Pge(w) + B - Ps(W|Q) + (1 —a = B) - Psw(w|Q), ®)

a fll B By aliHEE 28 HAORIEPge(W) ~ Ps(W|Q) » LUK Psw(w|Q) =& ¥ i =
P(WID)HTERK * Pee(W) Rt R aanAL - (AT 2R = 8 U EE T siyHER
KE 5 Ps(W|Q) B ZFm AR AR RA AL » it 7 SR AE BB S Dp - (E & R AT
DR E SRR IR © Psw (W Q) AIE B A 2 s A @ KR E s IRl Psw (W Q)
M A (AT - (5 A A [ B S PED p o A5 Pow (w | Q) Y e A ABL AR - SIf (55 FH A
K HAE & % (Expectation-Maximum  Algorithm) (Dempster, Laird & Rubin, 1977)zF#
e

3 EHEBE M EEME BT E (QUERY INTENT AND MODELING
FRAMEWORK)

B e AR A [l e A B AR R AEE S el R b SRR TR S e (V&S e
{BANEAE AE BT IRAVR R S8 b o S RHYIRIAZ AEAH B 0] 85 7 BRI > R
#2% HETHEF ] (Manning et al., 2008) o (RIS EFERF A RTRE > BAMIA] FHE R SR AL 4 s
AT H SRR RATE RS (NRM) Y ZRRE - FEERAVAUR T RFINMEREHA U B
(B AR E TR > [FIRFE REAR A AEAH 8 ] B A AR IR R -

31 By EHESHMANAEBEY (MODELING RELEVANCE FOR
QUERY)
TERFZIEN B RN T EAE R T A ENERMERME - RM H T 2500977 7A LA PE R 4
[0 5 SMM AT SWM B 53 B Fil 255435 = 1% (Background Language Model) 14 K 284
HIFF 7k A 158 (Specific Word Model) SR SE 15 (Al 85 S AR AY AR BT - RS MAIASE > 2R
PR SR R T AT Lo e iR -
HEFHRYER » A —(EEHNESGQ = {Qr, Q. Q) B—(EfEEEHENER g
73 A FE R AR B A HHBA SR = {Ry, -+, Ry, -+, Rp} o B T DR E AV REA —HYH
B BPTE e gE— (E 5 S 4RSS AP, € RVIZKZFEIR » Hi Py, By HEIAE %
JEA S QARAVERZKEL - VR ZEERHEME RS - BIukiPy EAL B EMEMNESE
Fy— o BRI AR ORF R A EHE 2 REREZER > MR -

f (P Qt) = Vg, (4)



6 BEXL F

Relevance-Aware Query
User Query Language Model

Query Encoder f(-) Word Embedding g(-)

[B7 ). FIEAZ(HHAE4ERSHT NRM RV

[Figure 1. NRM framework with feed-forward neural network]

SRS - f()Ba BB AT E H4C 48RS (feed-forward fully-connected neural
network) o DL 4% EiE it R SCRIVEFoR AR B > ESEAVEUAE et — &
s Bl G e A (word embedding) R T = - FEEHTIEEE BRI A SRR S A - B T 0E)
EE TOMEfOZ EFEHEE—(EfRSEg () > g —E2ERATATAR A HAELERE - fE
B SRR AR IREW € RV e H ke B saI R N o |V | Rygml S1ENA/IN « FeaSORE B RIS
ZI(NRM) AR Ry LU YT

ParnW1Q0) = g (F(Pg,)) = s %)

B Ywrev eXp(th : 17wl)

®)

Hrbo, BAEEEWHYEWT > ESEWAVEERRARIR « f&i% > &y TITE SR E & HIAHER
Mo ffi - BFIEat T —(ERIR B AR - SRR AR ISR L= 5] — R A B DR
AR H - PHEAFAT

L= HI:l [Twey P(W[R)logPyrm (W[ Q) (6)

HeP(WIR) BB &30 Q B ERIAHBA ML i - SRETE(EEEIAYAE > NRM AYRIEE
TEA] 73 R WA{EER 73 » 53 Bl BT (I 4 P TR AR &3 f (ORI R AR RR MR aa i A BT
BE A REREREW > 3l DL RAL Bl 2R Ay R AR B R S 8
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3.2 EHEEHER (QUERY INTENT)
Fy T TR iR = Ay A sk i ) (Queery Intent) » A {5 FHAEL A 150 4 FE B 8BS TR Py MU R 73 BE Y
88 - (HEARYETRDE Ry K-means « & 5t » ZRAFTREPo, IEARAL - 52 [ S AV B (E fn4E fy— -
PEE DB SHRE 0T IR 2 B R I BE RIS - 2B AT I - Bl AR EAEE
[l (Query Intent) » 3 & {FA4RF i HY A 5 72 0] 51| SR B HHHAS A RS Pyrm (W Q) o AEHIEAPES B (AR
B o R R A s Y 5al LR AT LA BBy U L RE O DU ST & - DU By NRM
FEM > Hrpi B DAV ERE - max DS RYET R LAZ B Q AR LY KL BUEER
B o AT DL MR FROR

Pyru(W[Q¢) = max;e, PNRMi(PQt) (7

FIFGE I A R TN R AR RA MR AT - ARG s GRS BRI A

FERIHIE A o SR ERY T

PQt/ = abPy, + (1 = a)Pyru(W|Qy) (8)

3.3 EfE4HET (IMPLEMENTATION DETAILS)

FEREE Bl RN B R R A i - AR E BRI Ry > SR ERAVE AR
77 AR B I E I ENTF KA > REE T & A S B R S TP
MRBEME - FERISRPR B > By T 2 EUH B BUERBESC AR AU AR ML (8 2 RYEEEER (D) - I
FEFHBETERY 73 A</ 6 NRM > PP Tasest i (B A — A BT - 25— (e R B e AR

—

WEFTRAGHIRELE  fareereemmmememannnnns :

B2 BHEFEE - ECHRREIEE  HEETBEHEE
[Figure 2. Model architecture. The modeling and retrieval is blue block, while
yellow part is query intent.]
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5 (S CANE S BB S 4G E — A - (EA RS RS 2 - AESC
FARRAME AT AR E BB SRR AT K% - BRI SCFAVE SRR - EERRES
AT DA B E R S AR B S AR - ERRERE TSI EEE N - ARG R —EE R
THZ « Hth - B MR SE IR E MBS - RS —EBENERS A FE - 1S
AN REEAH RS LA S E - R — (S E &R ES - B AIE R S HERIM
XS - BENERE T BEAITAFESE—KES - SEHERMEATE TR - U
AT & (F CE)HEBIRY SR - S RRAY RIS A [FI e AR R D] 5 HY )7 20 - 488 DL /i (il (F 5
HIEEEET% - (Rl SRAVPEEL » FoMEA Ry & s SRRSO #E3E F R B AE R (1 6B R
HUSE Bk (eSS EE AR i P(W|R) - BTH| R &Y EE S A
FA(0 » RM ~ SMM ~ SWM)J#45 « [ FI{E NRM 30 ERsiisan T - FRmeny
SUBT R Ry 4 M ek (linear function) » B & &y Softmax pi#(softmax function) » H ik
#11F Adam (Kingma & Ba, 2015)/8 AT (M - RIS - T—En AR
BRI Ry e S AV SR OB — RGeS S () 0 R SLE HE S R A E
KRRV AR E > WIRARCERHRTE S S EAIR % - KB —EEmaEg () » KR
SRS RS RORAVE R A M & (RIFAETER NRM EEEE S AL » 18R
X f#%(Cross Entropy) - HUf§—{[E#r Y & 556 = A% - M A HERARY KLM 515 NRM
A EE = A B EE S AYAY KL B pERE(divergence distance) - 4845 H AiZ EIAYEFEZ
FeATA FH NRM R F fit e 45 2275 24 A B [ B A 22 05 =X WA 43 BB s Y o 7 =X
& EAEEE - R ARG = (A E AT RN EE St - E B —EAS
AEFHRH O BRI B HEE SR AL IR AR R B AE B (R AR I e - IR R
QUATAPIS S BRI N i

& EILAE NRM HYERRE . | - S+ [E] FREAVEISR 7 =08 2 Vs tElioy) » EiF
A7 By WA EPS B & el eRFs B > S K-means SEEUAB &y 52~ 4~ 8B >
Rl & s Rk 2~ 4~ 8 {8l EREE - B —BFEMEIISRE R 77 RIS [EHY NRM e
55 BB RGPS B » RIBLER SRPE B oy ry 2~ 4~ 8 B > MIEAYEELL KL BUSEEsE
TR E AR - M AZ B ISRFHY NRM BRI DR Y & s For = - M T ZHL
AR RS -

4. Bt EHEHER (EXPERIMENTS)

4.1 BEE%E (EXPERIMENTAL SETUP)

Fef{E 8 TDT2 (Topic Detection and Tracking collection){E & & Ex#dE (Linguistic Data
Consortium, 2000) - 2K H S&[2] 7 B AV #T i & 15 (Voice of America news broadcasts) i B 5 #r
fEl(Mandarin news stories)ff FH A & (EsE & L - FTA BT ESCEE s HiRE 18 -
DABEAE B s PAd R RE R Y AR BR B A © 5B S0 (AT F-395H 85554 (Word Error Rate, WER) %y
35% (Meng et al., 2004) < Iz H 2K B #r 8¢+ (Xinhua News Agency) iy B8 # i & (FiR &
HYE S o SORSHERLARER - BTG AR 3w Loy R R (ESE R - (E T RN SRR &
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A T AR R & - £ 1 & TDT2 — S ELRNIARETH 8% - SHERREEEN =
FofisE FHIEN Z Y IS RERE (non-interpolated mean average precision, MAP) (Manning
et al., 2008) (Baeza-Yates & Ribeiro-Neto, 2011){E BEEE] KL -

7 1. TDT-2 A945a1 &0
[Table 1. Statistics of the TDT2 collection]

2,265 ¥,
46.03 /NFAVEEZ RS

16 HrEEet i
(Topics 20001~20096)

# wEE ST

# M HER

B e i Sty

FRE 23 4,841 153 287.1

RO E0RJics 8 27 13 14.0
RAEHNEE 183 2,623 329 532.9

# ISR A HIAH R S 2 95 13 29.3

4.2 BE%EE (EXPERIMENTAL RESULTS)

Bt TS NRM AEEAEBEPERI AR KRR MR FRY BRI - G RE
HRE 3 BilE 4 o LRy A R B ZEE A A G SRR EEAI(DSSM) (Huang et al.,
2013)f11f= ) P B AT (R AR (LPEV) (Chen et al., 2017) - DSSM fii G5 1 & (AR
M S SRS A 2 B E A B SR AR Y LA R e At - 55— 5T » LPEV A E &
E—(E AR A RO ZE ] - [EIHG O B IR AR R 4G -

FlE 3 th 2IAVEIRAE - AR MEEEBIRHEER - 55t - DSSM AamEfE A T
IR EhEE E RS o BB LPEV o JFINZAER DSSM E A AR 8 & aR AR
RETE » H A SRAES IEfEsE 73 HEARRE AT AHRBE Y S - LPEV RIZE BAESE X
FRIEAVRIIRAV IR ZER] - HAYMERYAE > WEERS LPEV fEMREER E - thi DSSM
ZIRNE « HR O N BRI ERT - SWM AGHIRILEE RM ~ SMM 87 Sy {852 -
IR SRR T A BE FIAE NRM YA S > & SWM FITNRM #9574 » FATRERR
Fs NRM(SWM) © &SR IEAIEAFIAT T - — 8 SWM IYFIRE B IRE - FFI883RAE
NRM HYZREEZ T - Aot m E = EBE AT SR SHEA A
NRM HIRR R4S FURE L B A RE s ) - AERHYE - NRM J7AE ZRER B A ER
EEHTTE > WRM ~ SMM ~ SWM < SEREAVAF&E SR B F IS ER DT BERAVET R AL - AHRE
Y RM ~ SMM ~ SWM FIJ ] — R &G HIAE ] 6 - & EMHCEARI R AR - NRM fEEECR
BRI RSN - WA RM ~ SMM ~ SWM R FHRA M3 - FAMBdRiE R EZ g
HIHE#E NRM 5] DUERE B SV R0 MM 28 SeRr e & b BT HUS B A Y AR
[EIRF I RAERT Y TR - Bt - TP e] ARAEREZE > f£ NRM B2 ASwEhli—
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B3 - TEFTEHIRER T & AUGRS I LPEV » DURAE A4 MO T8 DSSM - Lk
YRR M NRM {23 E5 S R e -

0.8

0.7

0.6

0.5 H DSSM

0.4 N LPEV

0.3 = NRM (RM)
B NRM (SMM)

0.2
B NRM (SWM)

0.1

0

B 3. FERFFF/HRBEE AT NRM L f 4R
[Figure 3. Retrieval results of the NRM offline trained on click-through
information.]

0.8

m DSSM
m LPEV

= NRM (RM)
= NRM (SMM)
= NRM (SWM)

S ah L

B 4. BESRIFFI BTG [ETEE5 T NRM B2 2 fge F AR

[Figure 4. Retrieval results of the NRM trained with pseudo relevance feedback.]
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PR R APV S (B 5 - AR SRR AR R A - EERVERRT -
I EEEIRATAT 10 [ E (EAHRE ST > LB SRR EATIERE » T r] DAREEE SR
BB EIR SR - Hoe > B3R 2 A[F > LPEV fEEERHYERRT - R DSSM - A Ky
LPEV iy HFREL DSSM A [5] - ALk st SR A AH B SRR B [ FRIRE TR -
FEREF SCAFHIER 73 - SWM HYFRIRMRES AT ARG 28 SMM AT RM - {E1£ T 5 SURHYER S HE
T - Btk > BEEGOCE o LhERIE 3 HlfE 4 0 ERERSERREE - T UBZE TR
B DAL AR - DLUNRM HYSERACE » ] LL3EEE NRM R (REAE R S
S BB IERE - ff% > BIEEAETEEEHVERIE T - NRM A n SRS T - &I
LPEV - DSSM {B5 - F—EEH] NRM HI{EFH 2 g
2. BRLLENRM Z L o 20 F R &

[Table 2. Based on NRM framework and further use query intent information.]
En -l HEAH A 0] B
X s X s
Long Short Long | Short | Long | Short | Long | Short

NRM SWM 0.730 | 0563 | 0.686 | 0.547 | 0.648 | 0.467 | 0.589 | 0.449

NRM SWM)-2 | 0.690 | 0.571 | 0.670 | 0.544 | 0.636 | 0.475 | 0.593 | 0.470

NRM(SWM)-4 | 0.694 | 0.562- | 0.669 | 0.545 | 0.628 | 0.462 | 0.583 | 0.434

NRM(SWM)-8 | 0.712 | 0.564- | 0.672 | 0.547 | 0.632 | 0.463 | 0.593 | 0.437

YRRV EREL Y o MR & Z EEA A FEERIAVE (- NIEEIIAER S NRM
EREZ B R EEEAR AR IR > A ERVEAEI SRy NRM S8
HHSEREZEE] NRM REEREEA[E EREMVR R DRI R AVRCR - EFEAESR - &,
IR AT RAES — (8 KB (855 N SRR RTEIRAT SWM J57% - B - B
BRI AR R - WA FEEENSTY NRM » RIS & OF) & 3 & B [F T S
AYEE - UEMEFIANE NRM TG Y& FoR o IR RS & B T 2R Y
AN ([E 3 Bl 4)4RPEAH G - DAL R R Ess - HERGER EIAER 2 - (EERESR D
E o Al EER - EoRHRAEIISREGER - K AIREEEE MRS - b
BRI T RIS LR HIEE REY - PG - oy WBERRCR B DU R /(B - 1Y
BEAVRE ST AR S IR L oy /B Z ] - BT o0 /B B B e (Y (BRI G
K% - EEATERGER - A LR SWM B2 HEMAVESIHA - §RBEARNESR
ANEIIFZE > FTLVERFTIARGIRE R i it - EHE BRIV R 2GR - m LA F]
NSRBI Ry 2o - DRI AE R RE 228 51 SWM (HYEAHRR BIBEVERME - K2 > D&k
ZHTE R - SRR AV RE B GRGE - @8 7 WEHVRCR I B 7 R ARE - (B8
BRI BEELCEE A RIIEAY > KRB R FEUR S -
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[Figure 5. Loss in training set and developing set with differnent clusters]

Fo T HEE— P IFRE RO BEREE RV E > TR SREVIER(E (loss) AL > 52
SRAERE 5 o Wt R IRAE - B REAKE - A FEIAVERARA R GEES SR IR (E (E
JJll$k&E(Training Set)f15asc 4= (Validation Set)yfRAKME > H/AEBEIAME - 53 HlEA 78
PUR = ~ DU/ \E SR ERISREE SR - AR A Bl —(E &S - RN — A UIK
FISREEMEREGLE - L BB TP RIDUEH - /3 s (EERF AT SRR R IRE - S SREERIER
Ao fREVIERE S RRRER N - SRR - JISIEALEAE > MR SREEATR
RENTERE T > HERGEAVIRAE T RIS - THIEHZEAEE 8 - 53R #
EREE > ERHESME KR - JIREIRRERERE T - EhERaiRkER]
R ERRERN TG > AEEHRAEEZR L BT o 7] LA W R 3 4R
(Overfitting) B T i % (Y EERE Al BE GG HICGA LRI SR LGN - BFIHEER RS e - &
oy ER BRI (G SR EEAMBREE 5) T AT EL IR Sel D SR BT 25 (A0 73 e O SR B R 55 = (I8 52
B) > HERVRFI A BRENVGER - iR IR ok & B I RS s A - Bk
EREREENE - EBOEHUIRAE MRSk - H B RARHTR -
EEEXRERIERAOTRY - ERMREER - BEERAER I o LEARt
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£ NRM HYAE Tl SRR - $RS M8 T PAREAS LR Se SR B D AR T B (R (0 53 Bl T
TEREAVER = (855 EE) - L e 6 3 R m (Intent) AV IR T =X SRARIER (551 3 % &R
AUED T - BEE A RUtENISR NRM - SEEESERTFT A B SR DL R B R R 17— 2l
A EAERE S F R R BE R FIR L FHEE AT NRM a5 2] A TSR -
B R RE SR A LR A R s

5. 453 (CONCLUSIONS)

fEERwR S MR E—EEE NRM 2 FERERERE L © EEE SRR
AR - NRM Y5 ARESAE A 7R B R AEAH BRI R B YR BE T 15 5 — (8 A R 7
EMRESHEA > NIRRT RARE - ERAVGERTEE - ERVERERESHA
AIRElT - ELREBERIAERERG - MR E B REfRE I - (B VI I AR R MRV
BRI - (HEFRA RIS RIAYI4E NRM & EAYARE KRBT » RAIFEE
RESE B — L B AR M (e A A R AL (B R T AL 4 B2 (CNIN) ~ HER 11 <L 48 S (RNN) )
AAE Ry NRM By RS © (AN > FIEA E B — S VR (0 B A SR EE) - BIER 4R
BRELZERAIENL PREGHEEEE SR - AR EEMNVERERTE > BOKR
RIS A AE R -
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Abstract

In recent years, community-based question and answer (CQA) sites have grown
rapidly in number and size. These sites represent a valuable source of online
knowledge; however, they often suffer from the problem of duplicate questions.
The task of question retrieval (QR) aims to find previously answered semantically
similar questions in CQA archives. Nevertheless, synony- mous lexical variations
pose a big challenge for question retrieval. Some QR approaches address this issue
by calculating the probability of correlation between new questions and archived
questions. Much recent research has also focused on surface string similarity
among questions. In this paper, we propose a method that first builds a continuous
bag-of-words (CBoW) model with data from Asus’s Republic of Gamers (ROG)
forum and then determines the similarity between a given new question and the
Q&As in our database. Unlike most other methods, we calculate the similarity
between the given question and the archived questions and descriptions separately
with two different features. In addition, we factor user reputation into our ranking
model. Our experimental results on the ROG forum dataset show that our CBoW

model with reputation features outperforms other top methods.
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1. Introduction

Over the past decade, there has been a proliferation of online user forums and community
question and answer (CQA) sites such as Yahoo! Answers, Quora and Baidu Zhidao. These
sites provide a platform for people to discuss questions and solutions to common problems in
a wide variety of fields, and they have generated massive amounts of data. Question retrieval
(QR) is the task of sorting through this data to find previously answered questions in CQA
archives that are similar to a user’s current query.

A major challenge for QR is matching the user’s query to its lexical variations in the
dataset. For example, the system needs to be able to estimate the similarity between
synonymous keywords and phrases like “blue screen”, “BSOD” and “system crash” that may
all refer to the same event. Four main approaches have been proposed to deal with synonyms,
such as language model information retrieval (LMIR) (Ponte & Croft, 1998; Song & Croft,
1999; Zhai & Lafferty, 2004), language model with category smoothing (LMC) (Cao, Cong,
Cui, Jensen & Zhang, 2009), translation-based language modeling (TBLM) (Xue, Jeon &
Croft, 2008), and distributed-representation- based language modeling (DRLM) (Mikolov,
Chen, Corrado & Dean, 2013).

Language model information retrieval (LMIR) estimates probabilities of word sequences
between query and candidate question. Another approach, language model with category
smoothing (LMC), represents each question category as a dimension in a vector space. In both
LMIR and LMC, words are represented as indexed in a vocabulary, and similarity of words is
ignored. Still another approach is translation-based language modeling (TBLM), which uses
QA pairs to learn semantically related words to improve traditional IR models. The basic
assumption is that QA pairs are parallel texts and the relationship of words can be established
through word-to-word translation probability. In practical use, however, TBLM may take too
long to learn a translation table. Finally, distributed-representation-based language modeling
(DRLM) uses distributed representations of data to replace the word-to-word translation
probability in TBLM with the probability calculated using word2vector. DRLM further

combines the similarity of a word vector and a category vector as the final retrieval model.

In this paper, we propose a method that first builds a continuous bag-of-word (CBoW)
model with data from the Asus Republic of Gamers (ROG) forum and then determines the
similarity between a given new question and the Q&As in our database. Unlike most other
studies, we calculate the similarity between the given question and the archived questions and
descriptions separately with two different features. In addition, we factor user reputation into

our ranking model. Our experimental results on ROG forum dataset show that our CBoW
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model with reputation features outperforms other top methods.

2. Related Work

In this section, we offer an overview of existing community-based question retrieval models.

2.1 Language Model for Information Retrieval (LMIR)

In recent years, LMIRs and their extensions have been widely used for question retrieval on
community Q&A data (Ponte & Croft, 1998; Song & Croft, 1999; Zhai & Lafferty, 2004). It is
a statistical way to estimate the probabilities of word sequences between query and candidate
questions. Measurement can be expensive, since sentences can be arbitrarily long and the size
of a corpus needs to be very large. In practice, the statistical language models are often
approximated by N-gram models. The unigram model makes a strong assumption that every
single word occurs independently, and consequently, the probability of a word sequence
becomes the product of probabilities of the individual words. The bigram and trigram models
take the local context into consideration. As for the bigram, the probability of a new word
depends on the probability of the previous word. While for a trigram, the probability of a new
word depends on the probabilities of the previous two words. The basic language modeling
approach (unigram language model) has performed quite well empirically in several
information retrieval tasks (Ponte & Croft, 1998; Song & Croft, 1999; Zhai & Lafferty, 2004)
and has also performed quite well in question search (Zhai & Lafferty, 2004). The basic idea
is to estimate a language model for each query and then rank candidates by likelihood of the
query according to the estimated model. Given a query q and a candidate Q, the ranking

function is as follows:
P(qlQ) = Xweq(1 = DPpryy(w|Q) + A Ppyy(W[C) (D

Where ¢ is the queried question and w is a word in it. Q is an archived question and C is whole
data collection. P,,(w|Q) presents the maximum likelihood estimated of w in Q. P, (w|C) is a
smoothing item which is calculated as the maximum likelihood in a large corpus C. The
smoothing item avoids zero probability when the words appear in q but not in Q. 1 is a

parameter ranging from 0.0 to 1.0.

2.2 Language Model with Category Smoothing (LMC)

On most community question and answer sites, each question belongs to one or several
categories by askers’ tagging actions. Category information of archived questions is utilized
such that category-specific frequent words will play an important role in comparing the
relevancy of archived questions across categories to a query (Cao et al., 2009). Instead of

finding patterns among individual words, a language model may be designed to discover
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relationships among word groupings or categories. This idea can be realized as follows: the
category language model is first smoothed with the whole question collection, and then the
question language model is smoothed with the category model. To utilize category
information, LMC expands LMIR with a new smoothing value estimated from questions under

the same category. Given a user search question q and a candidate O, LMC is described as

follows:
P(qlQ) = Xweq(1 = DPpryy(w|Q) + A P(W|C) )
P.(w|Q) = (1 = B)Ppy(W|C) + BPpy(w|Cat(Q)) (3)

In this, w means a word in the query question ¢, and A and S are two different smoothing
parameters. Ca#(Q) denotes the category of the candidate question O, which is usually a root
or a leaf category in the category hierarchy of a community Q&A site. P, (w|Q) is the
maximum likelihood estimate of w in Q. P,(w|Cat(Q)) means the maximum likelihood
estimate for w in Ca#(Q). P, (w|C) represents the maximum likelihood estimate of w in a large
corpus C. A and S both range from 0.0 to 1.0.

2.3 Translation Model (TM)

The idea of statistical machine translation was first introduced by Warren Weaver in 1949.
The basic idea is based on a string-to-string noisy channel model. The channel converts a
sequence of words from one language (such as Spanish) into another (such as Chinese)
according to the probability distribution. The channel operations are movements, duplications
and translations, applied to each word independently. The movement is conditioned only on
word classes and positions in the string, and the duplication and translation are conditioned
only on the word identity. Statistical translation models were initially word-based (Models 1-5
from IBM hid- den Markov model from Stephan Voge and Model 6 from Franz-Joseph Och),
but significant advances were made with the introduction of phrase-based models. In
word-based translation, the fundamental unit of translation is a word in natural language.
Previous work (Berger, Caruana, Cohn, Freitag & Mittal, 2000; Xue et al., 2008) consistently
reported that word-based translation models yielded better performance than traditional
methods (such as language model) for question retrieval. These models exploited a modeling

framework. The ranking function can be written as follows:
P(qlQ) = [Tweo(1 = DPy W|Q) + AP (W|Q) 4
Py (W|Q) = Xteq PWI6) Py (1Q) ®)
Where P,,(w|C) and P,,(#|Q) can be estimated similarly as in the language model above, P(w/¢)

denotes the translation probability that w is a translation of ¢, and it is assumed that the
probability of self-translation is 1, meaning that P(w|¢) = 1.
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2.4 Translation-Based Language Model (TBLM)

A recent approach to question retrieval is the translation-based language model (TBLM) (Xue
et al., 2008), which combines LMIR and TM. It has been shown that this model achieves
better performance than both LMIR and TM. TBLM uses word-to-word translation
probabilities estimated from questions to find semantically similar questions. The TBLM

ranking score is computed as follows:

P(qlQ) = Ilweq(1 = DPpx(wW[Q) + AP (W|C) (6)
Prx(W|Q) = (1 = B)Pry(W|Q) + BPer-(W]Q) @)
P, (w|Q) :ZUEQPtp(le)Pml(UlQ) (3

Where 4 and f are two different smoothing parameters controlling the translation component’s
impact, and P,(w|v) is the translation probability from word w in query question to word v in
historical candidate question Q. The difference between TM and TBLM is that TBLM

calculates with one extra element (1 — £)P,,(w|Q).

2.5 Word Embedding Learning
A distributed representation (word embedding) (Mikolov et al., 2013) stores the same

contextual information in a low-dimensional vector. Every word is now represented by a D
dimensional vector, where D is a relatively small number (usually between 50 and 1000). Each
dimension of the embedding corresponds to a semantic or grammatical attribute of the words.
The hope is that similar words get to closer to each other in that space. In place of counting

word co-occurrences, the vectors can be learned.

The basic algorithm starts from a random vector for each word in the vocabulary. It then
crosses a large corpus, and at each step, observes a target word and its context. The vector of
the target word and the context word will be updated to bring them close together in the vector
space, thus increasing the similarity between them. Other vectors will be updated to become
more distant from the target word. After the processing, the vectors become meaningful,
representing similar words with similar vectors. The advantage of word embedding is that it
allows the model to generalize sequences that do not appear in the set of training data but are
similar in terms of their features.

3. Approach

In this section, we will describe the proposed approach consisting of three parts: (1) word
embedding learning: given a forum data collection, questions are treated as basic units. Each
word in a question is transformed into a word vector. (2) score generation: once the word
vectors are learned, question retrieval can be performed by calculating the similarity between

a query question and a candidate question. (3) utilizing reputation information: we enhance the
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ranking function by introducing reputation points of each archived question’s participants.

3.1 Word2vec

Word2vec is an open-source software program that was created by a team of researchers led
by Tomas Mikolov at Google'. It is a group of related models that are used to produce word
embeddings. This tool provides an efficient implementation of the continuous bag-of-words
(CBoW) and skip-gram architectures for computing vector representation of words. Using the
CBoW architecture, the model predicts the current word by using the context words. The order
of context words does not influence prediction. The input could be w; 5, w5, Wir1, Wi, the
previous words and the following words of the current word w;. With the skip-gram
architecture, the model uses the current word to predict the context words. The input is w; and
the output would be w;_», w;—», w11, wisp. Furthermore, the context words are not limited to the
immediate context. Training instances could be created by skipping a constant number of

words in w;’s context—for instance, w;_4, Wi—3, Wit3, Wit4.

INPUT PROJECTION OUTPUT

Figure 1. CBoW model & skip-gram model.

According to Mikolov et al. (Mikolov et al., 2013) and some previous studies (Bansal,
Gimpel & Livescu, 2014), the CBoW model performs better in text classification, especially
suitable for documents containing very few infrequent words. In addition, training the CBoW
model is much faster than the skip-gram model. Based on our preliminary analysis, our ROG
forum dataset is composed of 421 thousand posts, most of the posts contain very few

infrequent words. We decide to adopt the CBoW model.

3.2 Ranking Function for Question Title and Description

Once the word embedding is learned, questions can be represented by word vectors. Semantic

similarities between query questions and archived questions represented by CBoW are

' https://code.google.com/archive/p/word2vec/
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believed to be more accurate. We calculate g’s vector as follows:

1
Vsen(Q) = Ezweq v(w) 9)
_ VebowW), W € [Vepowl
vlw) = { NULL, otherwise (10)

Lgy = 4/Len, (11)

Len, = ZeEVsen(q) e? (12)

Where w is each word in question ¢, we retrieve the vector of w in the training vocabulary. e is
the value of each dimension in the vector. After getting the V., we can calculate the

similarity score by this method:
5(61, Q)= Vsen(q) ' Vsen(Q) = L'Dzle(qi) e(Qy) (13)

Here D is the dimension size of the sentence vector. e(g;) and e(Q;) are the values of each
dimension in the query question g and archived question Q. In our study, we treat the title and
description fields of a forum question as two different parts. Several previous approaches such
as (Zhang, Wu, Wang, Zhou & Li, 2016; Zhou, He, Zhao & Hu, 2015) combine title and
description into one. Ideally, users should describe their main question in the title field and
write a more detailed situation in the description field. Often, people write something with no
clear connection to their problem in the title field, such as “Need Help!”, “Not Happy” or
“Error Code”. From these kinds of titles, it is hard to interpret what the user’s true question is.
Even if the problem is clearly depicted in the description yet the title is unclear, combining a
meaningless title with a particular description might actually lower the ranking score. Based
on the facts mentioned above, we propose a prototype ranking function to measure title and

description scores separately as follows:
R(q' Q) =axX Stitle(q' Q) + ﬁ X Sdesc(q' Q) (14)

Where S;.(q,0) is the score of the title and S,..(¢g,0) is the score of the description between
input question ¢ and archived question Q. a and £ are both free tuning parameters for finding

the balance between title and description. Here we let o + f = 1.

3.3 Utilizing User Reputation in The Forum

User reputation in its simplest form is a ranking of how the community scores a user’s
contributions to the forum. A user’s reputation is given by other forum participants who read
the user’s posts. Positive reputation should be given to people whose posts are meaningful,
helpful and thoughtful. Negative reputation should be given to users posting something that

detracts from the conversation. So we improve the ranking function with an extra element:



24 Sam Weng et al.

reputation of participants. The new measurement is described as follows:

R(@,Q) = @ X Syitie(4, @) + B X Saesc(a, Q) +y X RPU(Q) (15)
RPU(Q) = - Yueo RP(w) (16)

In this formula, we extend the function from above and add the reputation point. y is a
tuning parameter for reputation. RPU(Q) is the summation of the reputation points of the users
participating in the discussion of Q. Any one of the participants may post several answers in
the same thread. To avoid too many reputation points from the same forum user, we only add
each participant’s reputation point once. To ensure fairness for newer post, we average the
reputation point by the number of participants. Here we let o + f + y = 1. The reputation
system of the ASUS ROG forum offers all participants a fairer and equal platform. Each
registered user can anonymously offer points to anyone who posts an appropriate and useful
answer under a discussion thread. There is only one way to gain points, when someone
approves of the post. This is much more objective so we think it is a suitable factor to evaluate

candidate questions.

4. Experiment and Evaluation

In this chapter, we present experiments to evaluate the performance of the proposed approach

for question retrieval.

4.1 Data Sets

We collect data sets from the official ASUS Republic of Gamers discussion forum®. Unlike
the general questions on other community sites, people discuss PC-related technical topics on
the ROG forum such as overclocking, tweaking and cooling. For our experimental dataset, we
extracted 42,899 threads and 420,983 posts archived in the ROG forum. Each thread consists
of a title, a description and the discussion of the participants. For question retrieval, we look at

not only titles and descriptions fields but also the reputation of participants.

4.2 VValidation Set and Test Set

We assume that the title and description of threads already provide enough information for
users to understand. We created a test set from the ROG forum by using the Lucene search
engine with the default and BM25 similarity scoring functions to index all data from the ROG
forum. All questions are stemmed and lowercased. Stopwords, HTML and forum tags are also
removed. We randomly choose questions from the database with title length greater than 25

characters so that the title would be more likely to be meaningful. Also, the same criterion is

2 http://rog.asus.com/forum
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applied to the query questions. Then we retrieved 10 candidate questions from the
corresponding indexed data using default and BM25 similarity ranking algorithms in Lucene.
After retrieval, we labeled the relevance for the candidate questions regarding to the input
queries. If a candidate question is considered semantically similar to the query, it will be
labeled as relevant; otherwise it will be labeled as irrelevant. We use the labeled dataset of
default similarity as the validation set and the dataset of BM25 as the test set. The validation
set is used for tuning parameters of different models, whereas the test set is used for

evaluating how well the models rank relevant candidates and irrelevant candidates.

4.3 Word2vec Training

In our experiments, we trained word embedding with a whole discussion dataset from the
ROG forum site. Before training word embedding, some pre-processing was executed. Each
character was converted to lowercase. Forum tag language, redundant spaces and duplicate
symbols were removed. Finally, every word was stemmed and stopwords were removed. Here,
we trained the word embedding by using the CBoW method. The parameters we set for
training are as follows: 200 dimensions for the size of word vectors, and a max skip length
between words of 8.

4.4 Baselines

In this paper, we implement several methods to be the baseline for comparison.

4.4.1 Language Model for Information Retrieval (LMIR)
P(q1Q) = Ilweq(1 = DPru(W|Q) + APy (W|C) (17)
LMIR (Ponte & Croft, 1998; Zhai & Lafferty, 2004) is based on the probability of each word

in query question ¢ that appears in candidate question Q and the large collection C.

4.4.2 Language Model with Category Smoothing (LMC)
P(qlQ) = Ilweq(1 = D) Ppy(w|Q) + APs(W|Q) (18)
P(wl|Q) = (1 = B)Pmu(W|C) + BPpy(w|Cat(q)) (19)

LMC (Cao et al., 2009) extends LMIR by introducing the probability of each word in ¢ that
appears in the category of candidate Q.

4.4.3 Distributed Representation Based Language Model (DRLM)
The last compared configuration employs DRLM (Zhang et al., 2016), which considers

creating a retrieval model with learned representations of words. It borrows the idea from
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TBLMs and incorporates word-to-word similarity calculated with the learned vectors into
LMIR. The model finds the top N similar words for each word with Cosine similarity and

defines a word-to-word similarity function as:

e Wr(Wj)

s, ifw; € Sim(w;)
Psim(Wi|Wj) = Zw’esim(wj)eww ey (20)

0, otherwise

Here, Sim(w;) represents the top N similar words of w;, and Py, (wijw;) is the translation
probability from w; to w;. The idea is to replace the translation probability P, (w|v) in TBLM
with Pg;,(wijw;). DRLM is also combined with a word-category similarity function, which is
defined as:

evw)v(c)

Scat(w|c) =W (21)

Therefore, given a query question g and a candidate question O, the DRLM retrieval

model can be represented as follows:

P(q1Q) = [lweq(1 = DBpeW1Q) + AR (W|Q) (22)
PrxW|Q) = (1 = )Py W|Q) + aPs;;m (W|Q) (23)
P(w|Q) = (1 = B)Ppru(W|C) + BScat(w|Cat(q)) (24)
Psim(W|Q) = ZUEQ Psim (W|V) Py (v]Q) (25)

4.5 Evaluation Metrics

In order to evaluate the performance of different models, we used mean average precision
(MAP), and precision at K (P@3, P@]1) as evaluation measures. These measures are widely

used in the literature for question retrieval in community-based Q&A.

4.6 Main Results

In this section, we present the experimental results on our test sets of the ROG forum data. We
compare Lucene, LMIR, LMC and DRLM nocat against our approach. The number of
dimensions of word2vec training is set to 200. We have implemented LMIR, LMC and DRLM
models based on the original papers and set all the tuning parameters on our dataset. Table 2

shows the best tuning parameters of title, description and reputation for each approach.

Table 1 shows question retrieval performance in terms of different evaluation metrics.
DRLM nocat is better than Lucene except on P@1. By using only title similarity (Forum- T)
or content similarity (Forum-C), our system obtains a comparative score to those of other

state-of-the-art methods. After using both title and content scores (Forum-TC), our system



Question Retrieval with Distributed Representations and 27

Participant Reputation in Community Question Answering

performs better than DRLM nocat. This indicates that considering titles and descriptions
separately improves accuracy of similarity scores between questions. We also test our methods
with Wiki trained data. In Wiki-T, we use only title score as in Forum-T. In Wiki-TC, we use
both scores of title and description as in Forum-TC. Table 3 shows that Wiki performs the
worst, indicating that in-domain training data is more effective than out-of-domain training
data for word2vec training. Finally, we can see that Forum-TCR outperforms all other

methods. It takes advantage of Forum-TC and participants’ reputation.

4.7 Positive and Error Cases

One of the positive cases is the input query is “Fan Xpert 2 issues: access violation at address
0040b590...”. After our ranking function, the 10th question: “Fan Xpert II Problem” is raised
to be the first one. Because both their descriptions describe they can’t start the application
normally. The error case is like that the input is “Maximus V Extreme fans running after
shutdown.”, and the ranking dropped the first result: “PC doesn’t power off when shutdown”
to 9th. We found both questions said the fans are still spinning after PC shutting down. But the
archived question does not mention this in its title. So our system gives high description score
but low title score for the correct archived question.

Table 1. Performance of the state-of-the-art methods and our proposed methods.

MAP P@3 P@l
Lucene 0.423 0.272 0.408
LMIR 0.446 0.333 0.408
LMC 0.446 0.333 0.408
DRLM nocat 0.468 0.340 0.398
LMIR TC 0.449 0.344 0.439
LMC TC 0.447 0.337 0.439
DRLM nocat TC 0.456 0.34 0.459
Forum-T 0.441 0.323 0.418
Forum-C 0.473 0.354 0.408
Forum-TC 0.487 0.354 0.439
Forum-TCR 0.507 0.367 0.510
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Title Description Reputation
LMIR TC, LMC TC, DRLM nocat TC 0.3 0.7 N/A
Forum-TC 0.2 0.8 N/A
Forum-TCR 0.4 0.5 0.1

Table 3. Comparison of using the in-domain word2vec and the out-domain word2vec.

MAP P@3 P@1
Lucene 0.423 0.272 0.408
Wiki-T 0.363 0.262 0.286
Wiki-TC 0.369 0.276 0.265

5. Conclusion

This paper proposes to learn vector representation for question retrieval in community forums
and to exploit participant reputation to improve retrieval. We believe that title and description
fields should be analyzed separately. Unlike baseline methods, our approach calculates the
similarity between the query question and each archived question’s title as well as the
similarity between the query question and each archived question’s description. As mentioned
above, we create a retrieval model which combines user reputation and the learned word
embedding representation of title and description. Evaluation results on our ROG forum

dataset indicate that our proposed approach can dramatically enhance cQA question retrieval.
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Exploring the Use of Neural Network based Features for

Text Readability Classification
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Abstract

Text readability refers to the degree to which a text can be understood by its
readers: the higher the readability of a text for readers, the better the the
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comprehension and learning retention can be achieved. In order to facilitate readers
to digest and comprehend documents, researchers have long been developing
readability models that can automatically and accurately estimate text readability.
Conventional approaches to readability classification is to infer a readability model
using a set of handcrafted features defined a priori and computed from the training
documents, along with the readability levels of these documents. However, the use
of handcrafted features requires special expertise and its applicability also is
limited. With the recent advance of representation learning techniques, we can
efficiently extract salient features from dcouments without recourse to specialized
expertise, which offers a promising avenue of research on readability classification.
In view of this, we in this paper propose two novel readability models built on top
of a convolutional neural network based representation and the so-called fastText
representation, respectively, which have the capability of effectively analyzing
documents belonging to different domains and covering a wide variety of topics. A
series of emperical experiments seem to demonstrate the utility of the proposed

models in relation to several existing methods.

Keywords: Readability, Word Vector, Convolutional Neural Network,
Representation Learning, fastText.

1. 4&m (Introduction)

—f%IM S AIEE M (Readability) & 5 B REA R BEST #2587 AT I g AYAZ E (Dale & Chall, 1949;
Klare, 1963, 2000; Mc Laughlin, 1969) » &8 % Bl = o] 58 AV » & A i ny 3
fift Ko B 1% OB R (Klare, 1963, 2000) o FHJFA SZAAY T 38 M AR RISk (AR T iy BEE ZEAY 4
& Wt RESE AN REAVIER B > 40 1 1923 4 Bertha 55 A Gt 7 /AR
FlE 2 R A 8 (Bertha & Pressey, 1923) « 534 » Vogel f1 Washburne 7£ 1928 4-H]|
THEH —{E Winnetka Formula 2R 5F&/NM% B0 =] 314 (Vogel & Washburne, 1928) < g1/
FIEEVEAERARVIRSCIEE S o KL 0 $5% Chall B2 Dale 7% 1995 fEHV4EET > £ 1980 4F Fy 1l
TEBAEY AT M A R T A 4 200 2 AT aE 4 /2 30(Chall & Dale, 1995) - 18 L{H AT AT 5E
MERRTE R 2 (R ECE B NIRE S ROk S AR E nl 3B 14 A= > 40 Flesch Reading Ease
PRS0y P B B Iy ) R & (Flesch, 1948)E Chall 1 Dale 515 #5613 &
HPAYEEZE(Chall & Dale, 1995)% » # R EAEAEEEARREZ — - 280 FEHATEEAF
FirER AR REsE SRR IR & DU {8 Y - Graesser ~ Singer F/1 Trabasso {51

BHEE R EA R AR MEEN EERE  SUFRE R A R U R g SRR
VG H 7% = A SR B 1 (Graesser, Singer & Trabasso, 1994) - Collins-Thompson 71#5 H {8
Gl ATUEZ B CFNRZBEN RIS S E ARG - BB AR A E
PR AR FHISOA AT B M Y45 5 8 52 F1'E %E(Collins-Thompson, 2014) - HE[<H » A
EMERI TR E AT - tHIT N B R T se iR E & nTs8@ M ARy BEE - 85U S dany
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WeER BB AR S HIRAR M A B A A > A6 A B 2 ey B M fE A Ak 3 [E &
SCARHTEIEE N o DURR T AT S M R Y R BE (Petersen & Ostendorf, 2009; Feng, Jansche,
Huenerfauth & Elhadad, 2010; Sung et al., 2015) -

IR O G AV - THZE N BB ER A — RGBS R0 ol sE M A AU A FH RS 8 SR S
Bf > — RGBS RHEA A KR A A [F SRR B R TR E R - HERERR
TESEIECUAR N A AR R LI T RIERES o SRR TR T A R — eE
SRS SRS 45 - Yan 5 A\ gt BHHES B EET B B E AR Bk EE (Medical
Subject Headings, MeSH)F1 iy ELEfliTzE A HRaT - BHEESFHEARIZEIE - FRIEE
FHE G S R R AR - HAIRESR > BRARERE S R R T S M N e A S B
TE SRS R B E T SERY S (Yan, Song & Li, 2006) - $#H¥#f—fsh SR EI AR BN E
EIRAEREE ORI > BEA B ST S (EER R TIRST - B0 > Yan EAF AR
At S5 [ 1 2R B 22 ) /B (Mediical Subject Headings, MeSH)HY B EET 57 [ fg &l
VE Bt S EORHE » (eI E— (RS IS - WETEMEES T R4S AT
EREEERE - 15 AR SRS FE fE(Document Scope) (Yan et al., 2006) - Borst 5 A
e FI RN T R Ry T ERERE S B T AR W o B AR s E T R
FEFS > AF Roa At B B4R PO Al g ~ ) RS FEEE H{ciB (Borst, Gaudinat, Grabar &
Boyer, 2008)

FH_EAREERZE R R » R ame i 25— Rl S R EEGE ST R E SEIBCOR I MBS RE P
satHIS 22 (Document Representation)FZ iy » A LUKH 75 FEHE K45 - HE
FERF B )5 R « AR AR > H FTad 2052 (Representation Learning) 774 7] DL H Eh{E F 1A
Bkt L EE &R se A B I S SR RO TN & R (Goodfellow, Bengio &
Courville, 2016) ° {F{SHAIFTFE BAVRHE T DR AN B R ES > RIhBRCT B— @
FE T A o PRIBE AR ST RS A AT AE A BT R85 3 VA AR B B e SO e L o] B 1
RUFT RS B0 S| B RE 5 3 TS SEIS A1 o] BB I AR A « ARG SCITN A ZEHE T -
55 G A B ATER R B A 48 vl sE M R EE B SR o] B M A AU A BR AR 5T -
2B =B AN TR E R A SR H—(E BE S [E] 0 73 A7 A (B G Sy mT s R © 55
VUi 2 IR AR SRR T RE MR AR © B iR EE AL MRAE BRI SR N ] »

2. 1HREAWFFE (Related Work)

TESCAR A S MR ST JBAERE 2 77 M (Latent Semantic Analysis, LSA) 2 F-#IFEH Z#
MEEZ M F it 2 —(Landauer & Dumais, 1997; Landauer, Foltz & Laham, 1998) - H4& 17
WE 1 R > BEEE TS 7 206 5 52 - S E 0 A1 F =7 2218 97 fi# (singular  value
decomposition, SVD) JF4fE 4R - (F 0] LARHEL HH B EE i sl B 22 [ sk e 2 S0 B e
& EHS B R B 2RO RE T U EMNEEE Z(#5E%E - A+ BE ROEZ /R
BEMAUE - fEEE > CEHFSEENHBIEEE T EEREEEE AERE T E N
FHRBAISE « 1 Graesser % Af+ Coh-Metrix 3.0 Frg{t 1 /\{EFR LSA MHREAYHEEEAOH & 4]
T-B s =AM R & (Graesser, McNamara, Louwerse & Cai, 2004) - Truran Z¢ A HIJ &£
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VEIERE R MRl 2k b 9T B 2R R PR S 22 1Y 1] 58 M4 (Truran, Georg, Cavazza & Zhou, 2010) °
Frangois A1 Miltsakaki F|FHVE{EaEE 73 255 T 5 a5 2 09 B 5 M 2 & Bl mT s PR R 1)
REETEE - DI BUASC R B EE S E A T M (Frangois & Miltsakaki, 2012) -
Kireyev F1 Landauer {§ B {ERE & 73 W 2B 2 F U VS (Word Maturity) » DU H]H 58]
B F 4 EEE (Kireyev & Landauer, 2011) - Chang 5 A K| 7B EER 0T L ERIAIE 24
RHUZERLE - F AR R0 E AR B 4ty HH B AR 4R Y 28 T3 (Chang, Sung & Lee,
2013) -

N K K N
S R \
K 2z K VT
Term-Document
M— Matrix —SVD=> M— U

(Mby N matrix)

B 1. JEFEE T a7 ) R B B
[Figure 1. Latent semantic analysis using singular value decomposition to
extract the latent semantic space.]

FH—EEER R B RNFRREE AR | AR A ER B SR T H
Hinton £ 1986 HEFRiEH - N #EfH Bysal# - n(Word Representation or Word Embedding)
(Hinton, 1986) » Bengio £ 2003 4 H [0 =\ (i 4E 4 EE 58 = 1 (Feed-forward Neural
Network Language Model (FENNLM)AY /| SR A48 » {1 S 4 H 5] S Aij 1% AH AS YRR (4 2R SR HLGEH]
[7] & F7~(Bengio, Ducharme, Vincent & Jauvin, 2003) » [fi#TH Google frE$Z%H Word2vec
HIIFT 4 B FENNLM 144 777%(Mikolov, Chen, Corrado & Dean, 2013) « 2R R FFNNLM
JeREAR —FEAYZ » Word2vee AR 7 FFNNLM 7E 3| SR EF A ERF AU IR ER RS pe g - (& PR
T AJE - K e > (FHAARE T IR - Word2vec £24E T ZfE3IS 720 77 il2
48 2| LS FEL A (Continuous  Bag-of-words Model, CBOW) J i zd] 15 U (Skip-gram Model,
Skip-gram)  ZH&E A LIEIY T BAYE R FH B AR 2 S MY BT SORTEMN E AR AU 5 M
W8 SRS RTINS 7 B AR - B B A S AR E TN & SIS - —fd sl S
AUREEAIE 2(a) K& 2(b)FTR o ££ Word2Vec HA i L4 o LS A IR /2 R S p A
i 2 &N v] LB A Hierarchical Softmax B¢ /2 Negative Sampling iy fa 5 =X 2 084 3 31| 4R 1Y
RHE © FH o Hierarchical Softmax i5HY/2 HFa/ll G &t o A [5]5] Se f / B 2E 7% & g (Huffman
tree) I (HIGHRETE (root) B A E G R EH R E—AVRSR - BEZEFISRAEIE S - REGE
WERSH L EEETEFTHIENREESS » MBS EE T ER AR - 1 Negative
Sampling A2 &5 T E R SBIIVEZL 5 R SATER T R AN EGIVEEARSS » BEAIMNET
FEEBIEAR - (EFI SRV BRE P RE S - (R IR AR R BN - tfE
BEFR(R T BB » g e [ 2 0] LB EEEIE - £ At A2ET
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&8s Word2vec [E A ATEEMERERY » (51401 Liv S A f8#KF Word2vec & B ] 58 MR AU Horp
HI—(EFH L DL~ /NSRS R (B BRI MBI AT 58 M4 (Liu, Chen, Tseng &
Chen, 2015) - Tseng Z A RIl72 1 Word2vec 454 37 5] E1#%(Tseng, Sung, Chen & Lee, 2016a)
BRI A4 (Tseng, Hung, Sung & Chen, 2016b)3 e i — & #ES [HF 73 A7 U SR ~
HE R H AR AR R CCOAR R o] s A o

Input Projection Output Input Projection Output
W(t-2) W)
W(t-1) Wi
Sum SUM
DW(D W(t)
W(t+1) W
Wee2) W(t+2)

@ (b

B 2. (a) TR FE BZ - (0) IR T B -
[Figure 2. (a) The continuous bag-of-words model; (b) The skip-gram model.]

Fi Bt AT RIBHZE AT IR S 2 VB A B B o P EE Word2vec  # AT DATEAR TR AHIER R Y
IPAZT » MR EOEEDE BB {E SR Bl B PR MR Y P fR AR - AT AR FoRER
EEED R > WL Ram SR E sl UG TE 4488 (Convolutional Neural Network,
CNN) (LeCun, 1989)g 38 7 A (festText) (Joulin, Grave, Bojanowski & Mikolov, 2016)ZF
A EFREE AR B B B R ARG - 5l SR —(E B8 58 73 AT SUa S ARy A 38
PEREAY -

. ERNETREBIEFMZ o EHER (Readability Model Based on
Representation Learning Techniques)

3.1 HREMKHEE (Convolutional Neural Network)

GRS 2 — 7y g =y o BRI GSRE e nyEEELH 2 G & (Convolutional
Layer) Rt (b€ (Pooling Layer)sE4H i (LeCun, 1989) » i 48 fE4H A BTy B sl 2 i - %6
M RE AR RS 1% - DIPBORTEATRERY « B{EG IR a4 g 125 i = [ = Yy B AR E
B MU EE T Y 2475 © BT 32 A (Sparse Interactions) ~ £: 83t = (Parameter Sharing) 5z 55
8327~ (Equi-variant Representations) (Goodfellow et al., 2016) - #HiHi32 & X Ff Rl iE 3%
(Sparse Connectivity) % %2 H I # (&% (Kernel )£ > B E HI A /INKernel Size) 28 fa i 4
TGS 570 B (BT B P I 2 B2 0 » 5T LU RO 5 B RTS8 B0 -
SYREZIENEER—EZT » §—ETEZEAEMEFMERNEET SMEED - 28
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REEGRERENEE T EHNEEEE HEESHENT » AN EETE
TEREIRIAL E AT R REEEE 2 M TLAY - RIS R KR FE P2 e s B AR SR RE - 28
HEZAYREHI AN E B E A LR - BRI A A Y R B PR — B
YR T DARE AT B (A PR B BB 2 W R R O FE R R R 2 A IR 1R
RO B R AR A B (Goodfellow et al., 2016) - H Fi&RIH (AL AR T 4L R IE
FH A E G 471 (Ciresan, Meier, Gambardella & Schmidhuber, 2010; Ciresan, Meier, Masci &
Schmidhuber, 2011; Ciresan, Giusti, Gambardella & Schmidhuber, 2012) - & & #¥ 3%
(Abdel-Hamid, Deng & Yu, 2013; Deng, Abdel-Hamid & Yu, 2013; Deng et al., 2013)F1H A
sE=EHE (Kim, 2014; Zhang & Wallace, 2015; Johnson & Zhang, 2014) - AWt E 5 &
TR A 4RI FH 2k B Bt B P S8 M B P 3R SR AR 01 P2 S e S A s 3 o L T
MR HAAEAE 3 For o (Rl SRV a2 R EH E] Dropout (Srivastava, Hinton,
Krizhevsky, Sutskever & Salakhutdinov, 2014)f$5 75 2K i op fE 7 58 & 3@ T (overfitting) 7p
3 K1) F rectified linear units (ReLU) (Nair & Hinton, 2010){E R AV &35 k¥ (active function)>
DL o BRI P ff S 54 25 (gradient vanish)[fE5E o

IR ISR
Term R u - i
/

. Pooli :
/ Convolution I(ja(l)ylenrg Multiple  softmax
Embedding ~ Layer Neural
Layer Networks
(128 DIM) (256 DIM)

1B 3. B B S < B R
[Figure 3. A Framework of Readability Model Based on Convolutional Neural
Networks.]

3.2 A (fastText) /574 (fastText Library)

4 Word2vec 2 1% > Joulin 2 \ Fi4E %% Word2vec 1YZEfE &R 1R A (Joulin et al.,
2016) o HRERSCAREL Word2vee — kA 48 5] S BRI 5ol 5 0 W R 281 » R E R —
(&l =& AR B w5 [E I RE % - 1725 285 B 15 25 (Sliding Window) S H#ET 31| SR Y4237 7] LAsE
PEE AN AR EHREINSOR o (BN — IR0 T R B A s s ORGSR &R - B
R EAE 4(a) K8 4(0)FR o BRELZ AN > AE# A G 71 > H.FH Word2vec Y unigram gi
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A n-gram G922 DLEE RS B SN SRS A B AU L o 2 RSO i g 2 R
Hierarchical Softmax B Negative Sampling HI[fE Word2vec —#% » FJLLEH R - o Mk
AR ERE A SRR A R B R 2 o0 B Word2vec - ELEERE 73 SR HI TR KI5 40
R G EGAERDE Z H o R - ANH5E L E SR PR R SCAER F 2 4 S0 R A AR

SR A AR

Input Projection Output

Input Projection

W(t-2)
W(t-1)

Sum Sum

D Label Label

W(t+)
W(t+2)

(a) (b)

B 4. () REBX A BRI - (b) (RIBERX B ZME57(R 2 -

Output

W(t-2)

Wit-1)

W(t+1)

W(t+2)

[Figure 4. (a) Continuous Bag-of-words Model of fastText. (b) Skip-gram Model

of fastText.]

4. FER LR (Experimental Results)

4.1 EEHHE (Materials)

AW S 98 FEETE H > K~ N = RHARIEAT I AREY 1-12 4R e iR BIEER
HER - BRI R E RS F USRI EFE 2 3tEt 6,230 & - SHAEE

FHEM R HEFARBERE M Z RGN - EERMRESR iR 1 Ao -

L. ERIIISHES FRIVE R
[Table 1. The statistics of the dataset.]

F4R 1 2 3 4 5 6 7 8 9 0 11 12

Rt 0 0 80 74 85 8l 389 407 325 340 331 270
HARE 0 0 72 67 67 62 172 175 157 211 355 295
B SR 24 67 61 71 69 70 37 34 28 84 41 47
I:5:

HE R 125 125 121 144 149 150 79 91 85 197 139 177

FHER
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4.2 F|GRETEEMHEAERY (Train Readability Models)

EILiRFE BRI WECAn(Chang, Sung & Lee, 2012)2CHE T o SCBT S I ATEIEAZ T -
PR AR SRR A TR S A A e R R SOAR ATl L T S T A R e R SR AR 2
M EHVERIELE SR AT HI R - R P SCA R @I A REEIS - AWFFEAI] Keras
(Chollet, 2015) T LAE(F - F&{H B g fe B R A 5-fold S B BRaaHy i =V4NE 5 Fos - #E8k
BN SREDRL A% > AT 2273 R DU R SR SO ot S SR SRR BB AR EL (1l L bk a2 -
PR S LTS E B A EET IR & SOR OB R A S LA S PRI (e g
P SRRBIRG ) BGHlsan " SR KRR R 4 ) o HEEIIRELE - ApEss
AR R R R Ry 1,000 5 SORHIRERE 1,000 K - #2350 & B BEERZ SURMRE
AYEER - MAEAEHE 2 R RIS HERR - AUTFTR G IE RS AR SRR R A& 73
il Ry 128 L 100 - ff] FH A AT 2 A1 28 R 58 1 TR R (pre-training ) Y4527 - [NE#R A JEHY
P EE R AL R Ry A A o —ESJI R -

Corpus
(6230 Texts)

Segmentation

¥ v

Train Data Test Data

H

‘ CNN + DNN / fastText

|

‘ CNN + DNN Model / fastText Model

A 4

5-fold cross
validation

I
|
|
|
|
|
|
v

Texts Readability

B 5. 5 F R R R H A TR [
[Figure 5. FlowChart of Training and Testing Readability models.]

4 3B ER4EE (Results)

A Sy AR GRS A & B R SOA AR SN 6 T S A A - G B 5 A ST 4 7T ERER
IR AR 2 0 SRR AR 3 3R 4 AR o bR T 2TEMER 4
ARUFFEHIE b~ T —EFE AR ARG AT RS > DA 2 mT ol MRS Y S8 S TR
HIRRE R AR EE o PR AT LSS B A o 2 DA AS s B2 D R S SR T s A AY
T R SR AL AT 2 B R W5 Lh & 5] & 1% (Support Vector Machine, SVM) (Vapnik &
Chervonenkis, 1974)ZE4f o [ Feffth 7] DL3& B A G 2 PR FH B IR &S RS ~ PR SOR R
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Word2vec B 1] ISR FRAA [FISEI Y SOA AR i T S PR 20 (S0 R 2Ry TRl 1
A AT LA I — A (LAY RE
7 2. B RPFEERS R IR 2 AR IR LB

[Table 2. Comparison Performance of Readability Models Based on Convolutional
Neural Network and fastText.]

; X X — ., N . waT
BAGEG  EASER | MR SN es |
HERfER
1-12 4R |BEERL &R . JEMAELE RS
) s | T (AR A 67.62% 86.76%
5%%4)@%1@11 (—J&)
A :
6,230 5 PRIESOR 69.63% 86.01%
| 5 fak
Word2vec SR 61.33% 82.2%
(Tseng et al., 2016b)
R e
Word2vec (—/=) 66.95% 85.26%
(Tseng et al., 2016b)

7 3. BITHEEHER o R IR Z # A

[Table 3. Confusion Matrices of the Convolutional Neural Network based Readability
Model.]

FREERITE{G 4] )
1234 ]|5|6| 7|89 ]10]11]12

g |1 |74|52]21/ 0100|000 O0]O0]1 49.66
B 2 |42]|92(42 1320|000 1[0]|O0]|O0 47.92
Tl {63697 63| 17|11l 121000 58.98
Foola Tals] st 2234020500000 62.64
5 |01 |22|54[165/8[29| 4 | 2|3 ] 1]1 44.59

6 |0 |2] 7 34|95 176/ 18 | 6 |10 |11 | 1 | 3 48.48

7 20| 1 |2]16|26[526|36]26|39] 1|2 77.70

8 |0|0] 0| 2|3 [29]42]|540[31 (43|12 5 76.38

9 [ 10| 0| 0| 1 232929 |454| 41| 15| 2 76.30
10|5[0] 0] 0] 5 [15]26]|23]19|58]|92]|61 | 7043
1mjojol oo 277|919 |142]630]|6 | 7275
12|14(0] 00| 05| 8| 4] 3 [122]93550]| 6971
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F 4. B AR IR 2 g A
[Table 4. Confusion Matrices of the fastText Readability Model.]
PRI TR 4] .
11213 4 5161 7 8 9 10 | 11 | 12 RO
=1 1 87 (47| 12 | 3 00| O 0 0 0 0 0 58.39
3 2 |46|97]43 | 6 00| O 0 0 0 0 0 50.52
F 3 28 | 151219 52 | 12 | 6 | 1 0 0 0 1 0 65.57
* 4 10| 56220933 [25| 10| 1 1 0 0 0 58.71
5 215128 |43 |184|75] 27| 3 0 2 0 1 49.73
6 0422|2379 |188] 18 | 5 13| 7 2 2 51.79
7 1|1] 3 2 19 |22]560| 26 | 5 | 28| 2 8 82.72
8 100 | O 1 12 |21 28 |571 | 12 | 32| 7 | 13 80.76
9 100 | O 0 8 | 18] 24 | 11 [461| 36 | 16 | 11 77.48
10 | 3[40 1 | 7 (11|47 39| 13[555|95]|57| 6671
1110|140 0 4 | 4|16 | 20| 24 | 113|619 65 71.48
12|11(3]0 0 1 (4] 11] 6 4 | 84 | 87 | 588 74.52
FEAN » AT SRR A A B Ay o] S PR AL R A s JE B > DAR

BEEHGEREITERRL - HERWR 5 Frn > AW7EEHE > DUGRIRM RS R
Y ATEE MR AL - HSRE MRS E i S SR s e B i BT L A B R
Word2vec Rty n]SEMARAY 0.97% o 2811 > HABHTRERERAI S =8 0.65% - DIEEHG
ME » BA Word2vee RyRF{#AT AT MR AR LLE S Y - (H LG HACAREER By
R R MR AT R R RS Y © Be(REF AR 2 IR 5 E - BeffI o] LLEEsR R
BOCRHAERERAT R AT A AT M A R e Y - (BT AR AR A R i (A
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2 5. FIFE RS 2 e [ B B 2 ET R [ R s
[Table 5. The Influence of the Number of Hidden Layers of Neural Networks on the
Readability Model.]

o] MR
VAR i e g Word2vec
L [E G [y | OO (Tseng et al.. 2016b)
EE p—
BRI (%) | BT HEREZR (%) %) o HATHERER (%)
BUSE - it 1 67.62 86.76 66.95 85.26
2‘:5% o2 67.09 85.99 68.59 86.11
1-12 fE4F (RS BRI
2
;J%W/;P 3 66.5 86.31 68.33 85.54
=1 6,230 1%

5. 453w (Conclusions and Future work)

A MR AR R R S B EE R RSGt » AERRNEIEFNE - AENIE
ACENTOREEERE > 1RH LG R o PSR B Bl A IR
EalleR I MY > 3 DL RS R I HOSRE B L SR — AL AYRE ST » BRIEEZAD - DIAHTZE
EBRMEIS - B R ERE R RIS SRS - ECOR - HRREl
FEnsa R SRR BT o STEIEREER - AU RAGR WA E Z AV E
BERAEIZE ~ R SRS B AN AT B e M R 2 2 -

BRICZON » AWTE th 3 3R R A Y ] S MR A Py 230 H AR SE R A TR R 25
WSO ERER BN R =Y (HAE3% 3 FIFR 4 AULLEI R DASEER » PR SO A B st
FRARHSOARE TN A - Hal et e R B B i R TR B8 3
AR ZE MR E A B e T o TS R AL RIS o3 SO A B B YRR 2 - AT FERe Ry AT RERY
FAE « W ENRFEREEESVERENS - & 7 REMEERZhE R DI
R g YIS HBAVAER - 40 © SEeEE - SieE THERATEREL - N FEER
R o i 288 e FH o R U A A AR R B (DA B SR A FE SR SRR S B Y 2L 1T
) (B ERRAY S 4E R B R ML ZAYEE) - (ESER AR o] IR SRR - M2
T REEEERAECFAEGHVEHEEARIR - NIt E LSS RERAIAE
AR - — S SRR AT ISR RO R T2 A B (U0 - BEE5C ~ réaie s esfs
IredEENRRA.. FE) - B LSO 5 B R Bl IMEE SRk o] CABSRE - DRI AE R ZACHY
wrgeeh > B 7RG A R AR AL G R AR A A (B RE 2K (ke o nT R M A A A E RO S8 3R T -
HER AW RES T v REAV IR R ER T e A S 2 AR A B B Ay m] S M A
I TT -
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Abstract

To eliminate acoustic echo, the convergence rate and low residual echo are very
important to adaptive echo cancelers. Meanwhile, an affordable computational
complexity has to be considered as well. In this paper, we proposed the improved
vector space adaptive filter (IVAF)and Improved Vector-space Affine Projection
Sign Algorithm (IVAPSA). The proposed can be divided into two phases: offline
and online. In the offline phase, IVAF constructs a vector space to incorporate the
prior knowledge of adaptive filter coefficients from a wide range of different
channel characteristics. Then, in the online phase, the IVAF combines the
conventional APSA and IVAPSA algorithms, where IVAPSA computes the filter
coefficients based on the vector space obtained in the offline phase. By leveraging
the constructed vector space, the proposed IVAF is able to fast converge and
achieve a better echo return loss enhancement performance. Moreover, the
computational complexity is less than a comparable work.

Keywords: Acoustic echo cancellation, Adaptive Filter, Vector-space Adaptive
Filter, Machine Learning, Combined Algorithm, Affine Projection Sign Algorithm.

1. 43 (Introduction)

T i R B T N s N e P A S R R e AR BN
B AETTRI - AAMALIEBERVERIRE T 55 an VA 5 45 5 e 28 v R P R U R B B Y A 4
LT R EE Y s B E1 28 AR AR AR Y (6 i BB S s SR A FT B AR - S35 ARV RE -
] 7 M R 25 (Adaptive Filter, AF)fYE:E2 a2 5 kR .47 (Acoustic Echo Cancellation, AEC)
MR TR o MR Y P AT B R 28 (5 & (Ahgren, 2005) (Faller & Tournery, 2006)
(Hansler & Schmidt, 2006) (Wada & Juang, 2012) (Haykin, 2003) (Wada & Juang, 2009) (van
Waterschoot & Moonen, 2011) -

o AR BYJTEZ IR 23 A RO AT I B PR AR Y AR ET BB (R AR R TH 2 %
BE) - W H AR e B RS T AL I S BRI - B 1 2L AF RELRERY AEC
ZERZRE  HA x(n) ~ y(n) ~ dm)R e(n) 53572 Far-end B AGHREE (A thg) ~ (B EHSE -
Near-end i A SH5E (7 0) AR, 513522 « 17 h B2 b 43 R A1 o ] 2 S0 R M R R 25
58 - 1T AEC Za%fc 2 it m] i MR OR s 728 2B AUl 51 (B ERSE ¥ (n) - 1KF Near-end i AGH
SREL AR EBRESE R AV B oy y(n) - ZEEDHERICEM B - AF HUEFEVEARS > &
JNEE J B (Least Mean Square, LMS)EE T 3R (BB /N2 J7 8 B A (Normalized Least Mean
Square, NLMS){§ /2 H iy B A AR » A ZEHRAVER GRS - I EZ A EHZ
(Widrow & Stearns, 1985) (Chien & Chu, 2014) (Soria et al., 2004) (Tandon, Ahmad &
Swamy, 2004) (Feuer & Weinstein, 1985) (Chien & Zeng, 2013) (Huang & Lee, 2012) - ZA1f7 »
FIR{E T AR E B an Ry GRS - AR il A RSRHY R IERE IR - A YRR
SR hEt o IR L5 B 1S 52 8 B (Affine Projection Algorithm, APA) (Liao & Khong, 2010)
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(Shin, Sayed & Song, 2004) (Hwang & Song, 2007) (Gil-Cacho, van Waterschoot, Moonen &
Jensen, 2012)&¢ [ 1 2K » 2 T BRI RE - AL T T ME BUE SR s A GRIRRT R
REJT o HEECENERE - HEREMRE BT - PRV EEN SR » LR
SE/VIETE P HOER] o (R FFIREE A (Affine Projection Sign: Algorithm, APSA)
(Shao, Zheng & Benesty, 2010) (Yoo, Shin & Park, 2014) (Shin, Yoo & Park, 2012)7f E.1& 4%
3 LhIE APA HE FRAVERARIE - ST a8 LU R AR (i A GH
SRERERCR - B S WA E T i T T R R

£ AF HYIER] T - JEBEERIUR SR S BT s MERE B AH E B HIVRASE - £ IT0A
o REZGEZ LI TS {E R A B RIRER - B8 FI S 7 A A B R R IO e g
BRI - ERIEETY 2015 4 [r) & 22 [ Al 4 40K 25 (Vector-space Adaptive Filter, VAF)
(Tsao, Fang & Shiao, 2015)#f#EH - HLLBIHAYAERHMEL ERIRES A AF E b - i
15 AF gEfiEA S22 E B FRVRE 1T - TEBESRPE B nT St AR HYSERTSISRS B e bakists H o
=2 e BN 2 — HAR R [F BRI SUE T U B e (A 8 B A AL SRR B
TR E [ BV REC LB RIS R (1 B ZE AR A & - SRR sstm i - M ES
B SIEREE T E A F U o Y S BRI (R B [RIEE VAR mTDLELREEEARRY AR A B BRATUL
SRS B R ERE - BRI - SBRRIEREE AV T Y VAR ARERIHE B -

ZATT > VAF TE4RIE B iy [m) 22 faTae s T & g i B R YR = VA3
NERIE R R 2 » BT AR IR T CCERY (a8 22 ] m] s MRz 25 (Improved  Vector-space
Adaptive Filter, IVAF) » B335+ 4 [ 8 22 6] BN s 1 & B AV SRS » I0HREHC APSA
I HH A Y ] B 2 RS (7 B HE B2 1% s & (Improved. Vector-space Affine Projection Sign
Algorithm, IVAPSA) » 243& VAF 3E G RERE S 2 R - W ORFr HAB SR 2 MERE - S
AR -

2. EEVEHLI 242568 (System model and adaptive algorithm)

B R G M EER AF BEH AEC RREAVEA S M0, DU H AT B ¥ s {1
WREASUERA WRARRL JTANEG -
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Far-end signal x(n)

A 4 A 4

Estimated ¥ Unknown
filter system
Adaptive [ A h(n) h(n)
Algorithm $(n) y(n)
) e(n) A d(n) A near-end signal v(n)
L/ L/

B 1. AEC 2 FTEIE

[Figure 1. Structure of acoustic echo cancellation using adaptive filter]

2.1 %4228 (System model)
— (B AEC S48 28R ANIE 1 Ao FAME TR M E T S S 2 E Bsh = [hohy - hy—1]T>
111 7T 308 SRR BRI B3 (R IR R () = [ho (M)A () -+ Ay (W]T > 8 2 Bt 248
e Hoh LR ESHRRE 0 n BESRIEE -

(M4 Near-end ZrEREULEIEHT d(n) Fs:

d(n) = x"(Mh +v(n) )
Horp v(n) 2 HhEEHERSE 8L Near-end SEFATAEA - x(n) = [x1%; + Xn_144]" Far-end i ALY
n e ANt 0 KA B ] 2R AR BN h SRRk [m R AR v(n)

y(n) = x"(mh ()
11 A] 2 MR A Y B L (B SN i E T A R RSy () &y

() = x"(Mh(n - 1) ®3)
Al e(n)/ZflETAYIEIEEEREREL Near-end ZE5EEUSEIRYERSR d(n) fHIBGEFTRI T RO T 3R 2=

e(n) = d(n) —y(n) (4)

2.2 I EEFSRERTS (APSA)
FENTE R AT HOEBUA(APSA) T - i AGHSE X(n)/2—(E L x p HYRERE - T A GRS d(n)
Fo—{ p 4 &

X(n) = [x(Wx(n—1)x(n—p+ D]

dn) =[dm)dn—-1)~dn—-p+ D] ()
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Hep p BIOISEEIEE - ML EsE—(E p 8 E

ym) = [ym)y(n -1y -p+ D] (6)
FEIEE TR E R

e(n) =dn) —X"(n)h(n - 1) @)
EXfe(n) = [e(me(n— 1) ~e(n—p+ DI - MMif&SEfEHRER R

eo(n) = d(n) — X" ()h(n) ®)

F1(Shao et al., 2010) ] LAfS-E] APSA [y flizt 2 fER() BARE H A By

N X(n)sgn(e(n))
h(n) = h(n = 1) + Ui e s ©)

M0 <& < 1R—{Ef/ IR E B DIBR IR RE > ¢ EFEHPEIE -

APSA JEEUAFEH Ll-norm HIZRREHEEL T HE AR - MR T DUE( S 2511
HERURER S B R - AP P E v« BUNR > B DUNMERE R BE
& BFHPUHEENAE ST o (BRI B Ll-norm WYZERE » JEEUE 2 ULHUETE KR T A
Bl
3. [AEZERH AE MR 3 (VAF) (Tsao et al., 2015)

VAF H 242 E 2 fios » ChEEdfE 1 09785 - n LIRS VAF I RSEME S T T 1H
B 7 H HYEERE - BB RUR AT MR A A (B VAR BT LLSY By I8P B > BlEAR BLAE 4R

Far-end signal x(n)

Vector Space

H ¥
Estimated 7 Unknown
4 filter system
Adaptive |~ h(n) h(n)
Algorithm P(n) y(n)
) e(n) A d(n) A near-end signal v(n)
) L/ L/

B 2. VAF-AEC 2B E
[Figure 2. Structure of acoustic echo cancellation using vector space based
adaptive filter]
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3.1 FE4RFEES (Offline phase)
BRI T B L > (B SN A BT i AR N R A AU R R 5
B o O BRANEREE R K AR MIERATAARY > 18 K AHSBRAIER(E 2 DR S B 2 E =
hY o RE
H = [hlh? - kK] = [ P l (10)
hi 1 " hll,{ 1

Heph RSB - T H (R ERAIEREE -

3.2 fE4¥FEEE (Online phase)
SeERFIER AL AR H 0] DUE 02 F R [F] B I B BRI P dH pe iy Rl 225 fEH &R 70 5
it P SR AR T BT AH S BCHT R R 25 S

S = [H|I;x.] (11)
AL B AR EAER - BE h fiASE e R EF SR - WREESER AV A
SRR 15 DA PRI RS - VAF th S h(n) & B

h(n) = Sw(n) (12)
Hrfwn)2 K+L RS E - 1 VAF (E2EAEE M 20V - RABARRE S
HE G E HRN #eti - S fEAS & Se B AER DU A A S T AR R R il A s A S
2 R A A (Kuhn, Junqua, Nguyen & Niedzielski, 2000) (Tsao & Lee, 2009)
(Belhumeur, Hespanha & Kriegman, 1997) -

B EERET I B2 R T A AR K R - T i s B A S KR =
R R B A 4R AR R R (% 2 E R -

4. BUERYHBZER AT EMERM S (IVAF)
HY VAF ﬁ%?%ﬁ;&ﬁﬂ@lﬁnﬁ%ﬁ PRIE IVAF FEAEGRIS Ay ] B2 R T B DU B (4
WY AT T

IVAF DUSEBRANHEE B 28 1 A By [ B2 - SERE IR B (I £ B By P e
E:/zzfﬁm/\ —{E AT APSA » S—(EHIR IVAPSA » T fi4 & (R BA ()T T4E

D> ‘m

h(n) = A(mHan) + (1 — A(n))b(n) (13)

Hepa(n) 2 HF K VEE R E - b(n)AIE APSA (IR 2348 -
ERRAYRGET & AR R RIEFEAY R/ > DU R S R A - WAE R &
APSA {REFE A B AL ERERT IR - A & GErTaat AlE 2% (Li-You, 2016)

_ e(n)(e(n)—p(n))] - 04 (n)—=Re(n)
An) =E [ (e(n)—p(n))2 - 02 (n)=2Re(n)+05(n) (14)
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HrhaZ(n) ~ of () B PRI ERAE T » R () A2 3072 SRV S AHBRME

Re(n) = E[e(n)p(n)] (15)
FEHILHE BB E - EREBIIREENHETLH - ESiraErae e ft ey E
BAHFA() G 1> (15 IVAPSA By ASEAE 77 S Z AIE(E APSA HI & B#% -
PRI TS APSA BiL IVAPSA 2 W g e AL ry » RN E—{E B R ry R (16) = > (&
5 IVAPSA (UL S SR vl LUE R E] APSA | (RIFRFEISLITTRER -

b(n) = ab(n) + (1 — wa(n), if A(n) > B (16)
HroF@r iy 1N—EE - BRIZ4ERIIEE -

4.1 BUENREZRFFIERTUERA IVAPSA)
Ry35] IVAPSA HE S [ Ba() VB (E R A - 2 APSA HUREEIELE « HHyHRER(ET
R R

po(n) = d(n) — X" (mHa(n) a7
FEH L& B il T AR AR IS BTV A ch 8L

L(am),A) = llpoMl; + A[lHa(n) — Ha(n — D13 + €] (18)
Hot A RIS EHEREL » 110 < e < 1 BEERL(a(n), A)Bam) R st o LIS E

2AHT[Hd(n) — Ha(n — 1)] = H'X(n)sgn(p(n)) (19)
FE B p(n) RodfrHURRZZ $H 35

p(n) =dn) —X"(m)Hda(n — 1) (20)
B (L9) N E B H B 1% 155

2A = €|lX(m)sgn(p(m)l|- (21)

1% o [FREESHEE R EATE AN

SN , X()sgn(p(n)

a(m) =aln — 1) + W oz Te (22)
ifi) = [HTH] ™! » EAEAEAE BRI RIS > W B FEH IS E - B T REREA(MY
H AR o hAERE (1) Eh ()Y F T -

TEHE A S IR E fy n B 22 S R EEET T o o] DABE e B MR es AU fdia T Zeai 2
JE 22 F B UL B © IVAF B RE A & 22 aYataT 2k e ik VAF BRI EE 2
R - 7 28 P AH & (B0 w i B ASS & i b RS 1) & 22 PR AT SR e » Z2 51 508 VAF
FER E AR B eSS -
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5. EE (Experiment)

TEARE P G LLEELT APSA JHEIESL VAPSA JEEAN B HFRURE £ S - SR
{EiIRFEER 8 (Echo Return Loss Enhancement, ERLE) (Rages & Ho, 2002) (Sukhumalwong
& Benjangkaprasert, 2006){F K5 LA - ERLE BAS4 8 22 AR ELER B A AU -
Rt - FEEE 22 B R BRAY R SO 8 - ERLE BUORFORER R 2 B SRR - &2
Z o PR O (UCREIEFE ISV EE - HEEaT ¢

Zl_ld (l))

ERLE = 10log10 (P o7

(23)

IRFHEFAR S 2 J7 722 A Matlab 2 AR5 O 1F AR - 4ETHIT AR
Bk RBG 2R P8  HECAFEEMECE ZRHEAE - BRSPS E
By -

5.1 EEs'E (Simulation setup)

A RA B 2 S 2 eSS - AR ER T RIR T.E (Habets, 2006)i#1T15#E - 1F RIR 1
HHIEADERENSE > SRIEFTRME - BB UE - AR - KEHAE(RC) -
ZEMIR/NRS(RVEL &) o FHIME RS/ Hman R T~ - el B SR s B E A=
Ehgh ¥ RC Eii RS HITHE > HitSEEEEE - FRE N ERE(1 04,0.6) » 5
wrE0,1,1) ~ REAERER 1 X

Far-end i AGHEERYE A RIAE - S5—FEERH 6000 BEAYRS s BTafaf /F Ry A -
B
G(z) =

1
1-0.9z71

5 PR —EesEE IR E Rl A 0 5ZaNSR R — MRS - #iim AT Aurora-4 &k}
EEth (Hirsch & Pearce, 2000) (Macho et al., 2002) (Parihar, Picone, Pearce & Hirsch, 2004)
&% 44"012¢020d.wv1" » HEHSFANE 3 Fios -

(24)

0.25

T 1
0.2+ -
0.15 -
0.1
[0}
5 0.05 -
=
£ [¢]
©
0.05 -
0.1 4
0.15 - -
-0.2 L L 1 I I I L |
(0] 1 2 3 4 5 6 7 8
Time Index (n) x10%

[E 3. BIAZETIE
[Figure 3. The input speech signal]
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Fo e e BBt ATalaR » $RA T (4)=NAT st st (B Rl A - e = 825
afl Ry SNR= 30dBHYH st -

AREEPFIGR T — 4L BRAIEREE o A H HAARRE L 5y 100 > 56 T 50 fEA [FHY RIR
FREBEE R OR - B 7 5 M RC (RBUA/NEL 10 ff RS e > 41k 1

F 1. HAIFRIR 50 2B ER

[Table 1. Configuration of training data sets]

Data Set Room Size (RS) Reflection Coefficient(RC)

Training Set (1.1,11,1.1) -0.91
(1.2,1.2,1.2) -0.82
(1.3,1.3,1.3) -0.73
(1.4,1.4,1.4) -0.64
(1.5, 1.5, 1.5) -0.55
(1.6, 1.6, 1.6)
2.7,1.7,1.7)
(1.8,1.8,1.8)
(1.9,1.9,1.9)
(2.0, 2.0, 2.0)

7 2. BRADR RIR 3 2B ER

[Table 2. Configuration of testing data sets]

Data Set Room Size (RS) Reflection Coefficient(RC)
Test Set A (1.1,1.1,1.1) -0.91
Test Set B (1.1,1.1,1.1) -0.75
Test Set C (1.1,1.2,1.3) -0.75

W AESR 2 PEOEERIHI2E > TEST SETA 2 H RC B RS #i{EFlSRHysoE T - Bk
FHE ARG EEA S/ BRI T - TEST SETB HI< RC A HEFlIGRHYEES  TEST
SETC s /y%E - HIEZ A HIIR LT ARBAFR T 2ICH RBZARAEE £
GUEEE o i AT R ssHY H A R EECE AT

HIEEw = 0.01 » [HEHEEEEp =16 > § =107 > a =0.99999 > § =09 -



56 Eh &

5.2 EE4EE (Simulation result)
REE P FELLER 4 fE RO E8 2 RRE 0 TR AT APSA - VAF ~ DIRARRER T 2
IVAF Eil IVAPSA » Eift IVAPSA % IVAF A& A8A() = 174558 » JRAFERZ APSA
R IVAF Z30RE « DL G mBangt /e Rl A > A SNR= 30dBIY# & 5 -
HHE 4 T DAE S| TEST SET A IV E R4S IR - (RuBAIEE S A RIREEE S - IVAF
Z WL EEAE VAR 2RI ST HR  IVAF {EH23T 2000 BHES LU 1 VAF HEE APSA
BT —Bh > H IVAPSA i IVAF (17 B0 0] 5 H e B R aR B S AU S R B B IR
K > IVAPSA {f 1000 EEHFgE R E W) - 12 IVAF 55 APSA HE B TULBIEL IVAPSA
IR FEERENEE L VAFSEIEET 1.44 %) > ifi IVAF ZfEET 057 »
BHEALL VAF BR80T 3 fRA9HERET -

40 T T T ; T

0 1000 2000 3000 4000 5000
Time Index (n)

B 4. TEST SET A =~ ERLE A28
[Figure 4. ERLE of Test setA using Color Gaussian signal be the input.]

IMAE TEST SETB HERIESIE T » VAFIEE T 1.48 ) > [ IVAF AIZ(EM T 0.52 #
FYIRFE] > LRGTRICANTEL 5 - IVAF TRIZEREPRFFE B PRIV BUIRES - IVAPSA (REEH 2
A PRI TR - HLECHE VAR BYUEIE I ARAVEFIR % © L AT LS RC B S Bad 3
BRI SEME R BN K - B R SRS MY () & 22 M A iRy 4 - BRI M s EA
HELTULHL -
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35
30 W &
= \
fe2)
B20¢+
H £
=15
m H
10+ —APSA |
......... IVAPSA
BL - - |VAF |
——==\AF

0 1 1 L L L
0 1000 2000 3000 4000 5000
Time Index (n)

& 5. TEST SET B 2 ERLE A#&/E
[Table 5. ERLE of Test setB using Color Gaussian signal be the input.]

FIIE TEST SAETC (Y& R » 3 ERT RC B RS B A selg et - RILJelga
s B RE e AT B R B - 018 6 Ao IVAPSA Y58 /@ SRS Ba s B 1T TULsl
it LA 32 (5 € oo 2 AT AR > 2RSS HEEE - 2 - VAF BEREF
EfeErE > A EUEIBRARERE - iETE VAR I A BB RN - 5
F IVAF JReefr @i Enyda - 3 BT BER R ZERY VAF B APSA - [ H. VAF 1£
BEAEE T L1 MAVES » IVAF AIZ(ER T 0.53 ) -



58 FLH F

30

25+

20 f
S 15! —APSA ||
B [ A Fre— IVAPSA
= (9] - - IVAF ||
@ s
B VAF

4 ‘\

’u‘:"‘"'\ P A
;‘hgs MA"‘_&& Y ‘#dj\.,-i \Hu "\w f*-"‘%

0 1000 2000 3000 4000 5000
Time Index (n)

[E 6. TEST SET C  ERLE /A&/EH
[Figure 6. ERLE of Test setC using Color Gaussian signal be the input.]

FE A= (R EBREER - A LABE] IVAF BIERGE T VAR BIEEIE RSBt
EHIEIESCE T AELL VAR E IR HUSe i HISIRE AR BRAEE A~ 2y
T - WRERFERRERI R - a2 E BRI Ay B AL 0 1L H IVAF BEELD
HE VAF Jik/D T /5 2 A R ] -

—APSA
IVAPSA |
- - IVAF
~-—-\/AF
-10 - : ' ' '
3.8 4 4.2 4.4 46 4.8 5
Time Index (n) 104

B7. FEE#ARA TEST SETA BERKEZ ERLE [LEE
[Figure 7. ERLE of Test setA using speech signal be the input have 80202 points]
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HINAR T ZE SR ERI{E AEC Y 248 1 IR B FEHIEL IVAF 55 AEC BRI
EF TR E IR Lt 2 sE B afaRF Fela A > WL TEST SETA {ER3RIEsE - B
HE B AT OTIH 22ULHLIR M - HfEEEY 38000~50000 Bh - Rz o 4 7 Fior 0 0] DL E
MERAEEEZERN AT » IVAF (REELL VAF 5 5 i AU SR FE DL UL RsssE
JCEAF 40000~43000 E5RA ] LABAEAE S IVAF fU{EFHEEIR > 81 VAF fHIL ERLE | K=ET
HFT 8dB 5 i HATE(EE T IVAF 8L/EE T 6.8 FUVIGRTER - il VAF JEZ T 19.5
PR AR -

P S B B B AL R 0 DS A A R 2 IVAF BE A SIS VAF B9 #i R - 32k
FOHE T H AU s B E o 6 BLELEE VAF gEfE & F /D B EER L » NILEEF E M
[EF{E AEC I o

6. 4536 (Conclusion)

MEE RIS - adr AR BRI A A B N & BRI IER] - i T4 ey
AEC [ FUE AL SR AR AT - T 5FH] AEC 2 S M Ar AU ERE L EBIEE AR YU aER e
B wONaE - H RREERIER T AE > EEEME A a DURK > REARRREZTT
EEH Al = (H ERETRGT - £ LEE TR IERIAR R SO A B 2 [ T
MRS NERECOEIEA T > JCEEREETWMANGE - BRI
Z T LME VAF Yz 2R H A2 R 8 e FERE > A B AE R R R M S HYRTHE T RE
R R e WAL P B R » 2 E Bt = (EEE R EOR - A S BRI AEC
fef -

FERATHIE] T > R 1T SR B RisEE - DI B ER - FARENHREE
B (B E E R B2 T 5 - 3 H G s st S RUARY SR R A B 4 R ]
IVAF J5 /AR -
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Mt > Frietl B 2 SRAE P S BAR £ RIS 5 TR RIS BB U7 ATiE Ly I
JIAEMEL » HAERERELYH 42 %ISR -

BRASEY : sEE PR > SEEMERILEE o RIS EN - E B det s s o 28
FESAFHAL LR

Abstract

In this paper, we propose a discriminative autoencoder (DcAE) neural network
model to the replay spoofing detection task, where the system has to tell whether
the given utterance comes directly from the mouth of a speaker or indirectly
through a playback. The proposed DcAE model focuses on the midmost (code)
layer, where a speech utterance is factorized into distinct components with respect
to its true label (genuine or spoofed) and meta data (speaker, playback, and
recording devices, etc.). Moreover, the concept of modified hinge loss is introduced
to formulate the cost function of the DcAE model, which ensures that the
utterances with the same speech type or meta information will share similar
identity codes (i-codes) and higher similarity score computed by their i-codes.
Tested on the development set provided by ASVspoof 2017, our system achieved a
much better result, up to 42% relative improvement in the equal error rate (EER)

over the official baseline based on the standard GMM classifier.

Keywords: Speaker Verification, Speakser Verification Attack, Spoofing Attack,
Discriminative Autoencoder, Deep Neural Network.

1. 4&5% (Introduction)

TETSFEN - HEREEPIERAEMES CH THEENRT - B EPs At & E
ZHIERAEHEAET  GETIHEESNEREAGETEENS AR - 2800 » HReES
& % (Speech Synthesis) ~ 5 8 (Voice Conversion) ~ S FH#HEEZ (Text-to-speech) K §F 5
B iy #E25 (Abe, Nakamura, Shikano & Kuwabara, 1990) (Chen, Ling, Liu & Dai,
2014) (Van Santen, Sproat, Olive & Hirschberg, 2013) (Ze, Senior & Schuster, 2013) » 2 f&#L
RARBEFIBELG A SHFT 3 H ARV S - (NIt > SRl E SR T B Bt & W RS
TEfEt%

{£ ASVspoof-2015 LEFEH » HEHAER BIERIIR—(E ARG R TP EE N E
(Genuine) & FHEEH & i e E A2 HY & A (Spoofing) (Wu et al., 2015); #riE R ELFR e fit
ISP o » EZA R X FEEE B M G ARl » 3 Ky B SO A fi B (Text
independent) YA ZS » B ASELFE FH 8% B BB RE I LU A (BT B = B 17 RESalll ok o BE 47 Y
L AR TH T S WY BB R L ¥ (Alegre, Amehraye & Evansdoi, 2013) (Alam, Kenny,
Bhattacharya & Stafylakis, 2015) (Xiao et al., 2015) (Villalba, Miguel, Ortega & Lleida,
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2015) » ASVspoof-2017 A2 Ly E R ERLE & T H 28R B HIHE RS (P i L 2Ry
PEE (O - SEEALT LIS AIRIRE © ASVspoof-2017 FigibryEA L 4201
(Kinnunen et al., 2017) DUE# Q EIFHzE{%%(Constant Q Cepstral Coefficients, CQCC)Ey
Fredh U 2% J70% » I A T 80y iR 4158 (Gaussian Mixture Models, GMM)
TERsorlies o BEITESEE S G R S FERE S E BN B A R SRR - HukF 77508
FH 22 (B S B R ] -

AR - FAFT AT DAE B B2 7 A B e I sE S W A4 3 HHUS T4
B AN $ERI R 48 (Yamada, Wang & Kai, 2013) (Sarkar, Do, Le & Barras, 2014) (Lei, Scheffer,
Ferrer & McLaren, 2014) (Kenny, Gupta, Stafylakis, Ouellet & Alam, 2014) (Variani, Lei,
McDermott, Lopez Moreno & Gonzalez-Dominguez, 2014) (Lin, Mak & Chien, 2017) - {H[H]
T AR 2 S Rl — (i i AR B R R RE - FEiERam o MR T — AR R E
YR HEfERESS(Chen, Sun, Rudnicky & Gershmandoi, 2016) (Bone, Lee & Narayanan, 2014)
(Huang, Wu, Su & Fu, 2017 ) (Chung, Wu, Shen, Lee & Lee, 2016) (Richardson, Reynolds &
Dehakdoi, 2015)HJ 22 1 2K 1 Ry M R & 0y B - T8 2 B i 0l =X B 45 15 g 15 25
(Discriminative Autoencoders, DcAE) (Lee et al., 2017) (Yang et al., 2017) FMEs(FEHE
S bS FERS B SRR TR AR o BT 0% - I B SE T H AR EORAEAIEE B S - B 4RSS
o8 Ry ARV A QERS 20 - (ERE 2R oy AR S g DA R RS g - B A2 A S L i
HEHAE A SR EE i AU R} » By T/ MEE R 2 » W H 2T (DNEEE PR -
P ER T —(ERrHY IR ek L - T8 2 Fy & HiBK (Hinge Loss) » R348 22 (& 8 71 =X H 4R
HEAERS 2 o IRIZIE (IR E > T — (& B aH AT AR B HERF & 4R S B[S Y identity
codes(i-codes) » [MiE{lE i-codes HLE HAWHITEAIEE ST » KIELFTAMEEIBUIRY i-codes
A& LR IARYRHE - 045 i-codes BT UK fl3 25 FY o0 BUA(E o] DU Sy 3t oy Bl 85 - Itk
Sh o FEEEIBRNE S RFIIA T TSI E S ek & PhE S e mT DARR ] E 4R 05 RS
SRPTEHTEVMEE - LB RAVE G T DU B R SRR EIE - #eEEZk
(Generalization)J§E

RESCH FZHBVESE © 55— i-codes E—{E&MAVRHEETRE » W H LR ERESY
RO RS PRI S - WERE R BAVRER - £ =B misfgiS s+
g AR EMERRGETNEE ST > A R—{EH 3 AR S L 204 - 55
= EZATEBHE R B RS T - FMEEsas GE MY B RPRIE AP
LGRS W HEREZERYRE

A SR ELHET 55 iR E /044 T ASV-spoof 2017 Challenge ; 5 = EiFl
T HEATFTIR AR (EEL S B SRS AR TS as 0U4ERE  SEIUET M A E BR R Bila e DR ETAG Y
TERRGER > iR —EIR R &SRB IA T T A

2. {EXHAak (Task Description)

ASVspoof & —{EE%E Ry MFEE PRI BRI ELZE - TAE 2017 4 » AT AR 835 0]
Rt - Hp AR ELAYRE R R A H Y RedDots  (YREHHEE R ILEBRISR S BRI A - 1£
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EREEEFREEAIISREE T - BE T B EAVEEE - Hoh o hl8ER 1508 G EE
SERHA 1508 AJH (ol ik & st - W B AR SR B [ mossetis b > MR T /St S e i DA =
TR - ERBEET - BE T/ UEREREER 760 EEFFERDUK 950 ZE[0[jK
PEEEERL - MRSk EIRGEEE T - AEA TS S B GEE FrvsEE -

1E ASVspoof-2017 H » =¥ 77 BT HE (H i (e A 28 4% I A8 B (19 A 55 $5 55 %8 (Equial
Error Rate, EER) » ERIEETE(E R 24005 - fE$E R iR (False Acceptance Rate, FAR)L
Fe R TES# A (False Rejection Rate, FRR)AEEHFFT G FIAYSEAS « AUAFAVEMI 247 - St E
AARAVEEGE SRR -

3. 2%kt (System Description)

3.1 AL (Feature Extraction)

fR¥Z ASVspoof-2017 FEfEVE 5oL - HH# Q EEL GEHRE A PRI EENA B
AP (Todisco, Delgado & Evans, 2016) NEEHAFIEA 7 B Q FEISFERS HEUE B
THEET A » W Q EISEE B, — A H . Q #ffi(constant Q transform, CQT)HY
Fidonk o BT AR E R E S e - 30 HAE MY SRR O T AHRE AT
PRI AT BES A SV IR B 2 > HETEARE ml A ok -

CQEC(p) = By logl X UD)? cos L2 0

Horp X0 %G8 CQT il AGRSTEFTSEINE - i p=0,1, -, L-1 - | AIZHUENAH

#(Frequency Bin) »

3.2 #RI B 4RIEMENESS (Descriminative Autoencoder)

1E B misfRtEss > TV HWE Sy > wisEs f DURRISES g (ERISHRET
H 4m i AR s 28 & 12 bk g T 1 AR R0 R ER A (Goodfellow, Bengio & Courville,
201f6) ’ gﬁﬂ@%%ﬂ%%’%ﬁ%%@ﬂﬁﬁET%E@%%M%?UE@%/\}%EHEW&% » Et 2
X - H > X> B H &R EE g AT E £ HARFF SRR~ E - By Tl 8 Sris g 25
th S8 SRS E RS NIFEEAHEERERENSH EERENF AT ¢

F(X) = o= Teex |ly-l13 )

Hrpy = g(f(x) EEETRIVEER - [ AIlE 2-#80(2-norm) » [X| AIZEEANEE - H
A LA SRR H s 8% AE 0] DAE S Ew > (RpE AT DU A ERHEA 281
FHHVERIRR I -

% (Krizhevsky, Sutskever & Hinton, 2012) » FTa] DUEREE H FEE TEH A EE
HYFHEL > I H B & TAREIBESERE . Hy REESEBRES - H A RsE S [E
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BGEERHES - REEBFIERH T RIERRIHY & HARR AR E SRR T R B iR A
T EMMEEHRABEANERRREE - HForaT -

1 2
Fo(H) = =X njenginghsens f (Mp= < hy by > ) 3

1 2
Fn(H) = EZhi,hjEHgmi,hjEHsf ( < hi! h] > 'Mn> (4)

HpF, BIEEHIELR > Fy BEEGHIEX - ELBEEHBRIIENEERE T - et
— (BT 22 A oy B B S s N B SR [ - (R RE S 2 oy B R A
AT ERE S R AR AE A ERIE M - & HIBR RSy A ROt i E AV R -
BHFGER - XG)H » HHEE Z MBS R/ NYESR M REBILE BB S &SR A S
EEAREE TN R i (R e T a e e > (B — 80 2 N TERES e &
2 7Rk (158 1= B 4RSS 2s e 40 S B i BRI B Y - M iEm A
ER BB E NEHE » £300) &= (4)F f HI B ReLU (Luong, Le, Sutskever, Vinyals &
Kaiser, 2015) > iE{EIE4R M TR BEA A RIR R E i EEE - &% > &Ga02)
HQB) @) - I SEFE S - BAE B BRI N ArRR

a(E(X))+ B (E,(H) + Ey(H)) Q)
Hoof o eSS AT G HOHESE o BRI T B ek S A LA cp (G ) R B
TESCr o TR A [ 4R s 52 5 A MR R (B2 - 408 1 s -

outpuf layer (y)
90 dim

output layer (y)

" decoder
n hidden layers g0

n hidden layers
Identity i) code Identity Spk PR Rec [ residual
1024 dim 256 dim laver 256 dim J 16dim § 1t 16dim § 16 dim § 256 dim

n hidden layers ]
- n hidden layers
CQCC inputs (x) 1e) ol
90 dim CQCC inputs (x)
90 dim
(a) Single-task DeAE (b) Multi-task DeAE

B 1. &5 S i g -
[Figure 1. The two kinds of architecture in DcAE]
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EREAET - SRR A x R i-codes BEHARL y » 24T ik Ay a T A EZA
AE] B AERTRREY B BLERS 7= B S ARaSas - FERCIERI T o R0 o I {18 T
g1 —(EER AR Z Rl > S5 —(ERA RRlER e - ARSI b > IFIIDA T 3atir
Wy E IR - SEAGAE A1 g P 2 28 HH AR B R (R A 53 B A 1| EL A S (R e Ay
RETT > (1S FEREMYER - MRS R R AR T E R - 55—
> FESAEBHE R B wiSARTS LS T QRS S ER AR A (Liu et al,
2015) (Glorot & Bengio, 2010) » ZALF R EAF ARSI SR > (E15HATZ (BEE
EFFELRAREET FONAERERE - (AR - BAFIHRERINE R RGEE - BB > $hEa
i DUR OGBS REIE ASVspoof-2017 A E T &K &S - RS (ERIEAY
o BRTRIERESN > T T & HRAAGES R IR E B R BT - 2t F
ZHVEINE - BB ERHER D BEE NESUE R © LA - fE4mbS/E KRS e
FRIIIA T e - (IR BA E S 2 % BRI EEIRCR -

4. BEsr BN EE4EE (Experiment Setting and Result)

feiE— 8 IR g —— M aEERIECE LU T RIHI4E R 36 B RES N LIET 3 E o
TEER RS - P& S R SR DL RS 4 P& AL B FLL i nviRE - WS
SR ETHEAL > ASVspoof-2017 EJTATHE AV ZSAMEANT « FIAIHE ¥ Q EISHE (B
SRR > I HAH IR el s — S ime o R A (S5 EMEA BT 5
Sh > FESRTHEE AR A > FIEH T =R - I H e A E 1024 (ST - MHE
i WA T H R Q EIFHRE R EUE R EGEERHVRM R A > IR AE A S B (IS
M=ok HE RS REEANE - 580 HRIMTA R SAEBHE R B RS ARTS
g5 0 ORI ER T — (& AL B AL AR A (R PR AR - FE R B Q EISHEE (R EL
AYSCE S BAHHEUT 90 4EAVRF IR 21 FFTA 280 AR 2 - I H G REL
BAPIE AR TEARAE - 3 B FH ISR B & (F AR R B e s 8% -

FESE AN B dmisfEtsas > BMTRZRRET  Bh ey R T R LRI ERE -
e RET - B8 Q BUREH AR & HRtE K 1024 4E1Y i-codes » 12 LT ALY i-codes
G EA D BUES RESBRAVAE ST - AR ERE PRI RS Fy 256 4 fEGHIR
Koo IITKFIEREBFRBOER 10 - AFEBFEER-10 - £E w1 - FrAtEE
HIRIAR{E RS2 A A Glorot Uniform {F B4R ESCE - FEFTARIHL TS > IFIRIZEERE
tanh {E R3¢ (8 (Activation Function) » [} T iz — & FACE R BaR A FIAHEEAH T
linear {F By 3t 5% e ¥ > 5540 » #R R TRV LR B AR Adaptive Moment
Estimation(Adam) (Kingma & Ba, 2014) » {(EHAETRER H A RHVERIRAECHI HEE - 21
BRI B RS ART s - M0 T PREEHVEE - S AR BRSNS Ry
fAVEER - B LEHS RIS T > AIRE By 16 (BT » &% > RPIAIZEFIHREZEN
TG i-codes Z[EJHIMRDURE > DAL o] DRI FH BE4ESRAE Ry sy FRAVIRES - eIt B0 88

= Y
AR o
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20 ((a) Raw Frame] ((b) i-code layer]
0_ . ‘.:.~.o.: -.:.0..0
o Y :,. .':o.:o : .
—20+ ..}1’!::"‘\ - Genuine
& 4,... s Spoof
—40 " TN T .
-50 0 —-50 0

B 2. FJfH \-SNE 2T B F B =0 5 8t G 5 77 » i-codes AY7 IS
[Figure 2. The result of single-task DcAE that t-SNE maps high dimension
i-codes into 2 dimension.]

(a) Raw Frame| ((b) i-code layer]|
207 op¥ee 3%
0 i I.. '» '? s, 8 .- .::.l.';.‘:‘: ‘;. 3
e Genuine ,:" " ¥
o g
| . *
0 50 0 50

B 3. FI/H -SNE ZERTE 2 (F B 52, B St i as 17 - i-codes #9575 -
[Figure 3. The result of multi-task DcCAE that t-SNE maps high dimension i-codes
into 2 dimension.]

K 1. WHEERERTREEE LHTGER -
[Table 1. Summary of development result in ASVspoof Task]

Method EER(%)
Baseline 10.35
DNN 8.18
Multi-task DNN 7.6
Single-task DcAE 6.43

Multi-task DcAE 5.99
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22 1 AEA  HEHDESHAIE S Baseline J77ARYRSR 2 7 > 8 1) = E 45 b5 AR08 25 P
RV » SN —REAR A AR 2ER - MVt e A B R » 1E
HELBEHNE S - 4 2~ 3 FMFIH T t-Distributed Stochastic Neighbor
Embedding(t-SNE) (van der Maaten & Hinton, 2008) 2RZF7~ > FHILE P 2530 - &85 Al
FrEE 4= 2R i-codes WEE ZE T T s A BHR AR B AR/ BEAYRUR - L AT, » &S G
Hy ARG B R AT PRy o Wi AGERLE R R EE NE -

5. 453 (Conclusion)

FEERMm ST o TR E T — 23 av =0 B 405 55 25 2k 2 BliE Y
ASVspoof-2017 » fEEFHTHYAAE T - FATIA T Hraa Ty H AR E - (EEFR T BAAH]
HHVRIEIFON A i-codes ACEFIFIE R HEET NEA AR > 5540 RFIERAH T %
EBHARASE RTHNEYEE R - &i% - AN S ETR S A DU SR agRs - #hl=0
B iSRS s ERE A B R A PRI EE - R - BPIFHZRES NI LULE R 32 R pL
A DU — (B 502 R HY A4 250 -
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A Knowledge Representation Method to Implement

A Taiwanese Tone Group Parser
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Yu-Chu Chang
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Abstract

A tone group parser could be one of the most important components of the
Taiwanese text-to-speech system. In this paper, we offered the hypothesis of tonal
government to emphasis the idea that if the allotone selection can be made for each
word in a sentence then the tone groups will be separated within the sentence and
supported our viewpoint with the implementation of a Taiwanese tone group parser.
In addition to the description of using the symbol system to convert language
expertise and heuristic knowledge into a knowledge base to cope with a
frame-based corpus and a tone sandhi processor, the procedure of connecting the
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inference engine and the knowledge base to make allotone selection was also
discussed. In the current version of the tone group parser, the average accuracy of
inside test is 98.5%. The average accuracy of outside test is 94%. The experiment
data of the study also reveals an important clue: the marking of the symbol system
makes a higher contribution rate to the tone sandhi accuracy than the rule
inference.

Keywords: Taiwanese, Tone Sandhi, Tone Group Parser, Knowledge
Representation, Simulation

1. 4&3% (Introduction)

2 HHEf(Tone groups)iE & B FE AV AR ERAEHS - AR Rt St 2 C MBS S 248
HYFE T2 —(Liim, 2004; HIFREEAL, 2010) - ASCE et B EEAIRE S 4RIV BT PR R
EREEENVRVE - KRB FEE 25 (Tone sandhi) 2 B FT 2 S BE 45 S AV 1T AR 1B AR A
BB -AASE AR G EEE 0 £2 O 5 B B (i 5% (Tonal-government
hypothesis) sk £ 5& Joie ) N EEREE S » TREEE B SR 0 FLAVEIES - BE1RER AL G sE
8552915 (Tone sandhi acquisition) 8 s & FL0E » 1B 40 55% = B (Knowledge representation)4s fifit
TIEEEE B E I AR & - BUERE RSN 88 T 0% -

2. JRkEIEE (Literature Review)

21 T HENESEEEEEESMEERE (The Nature of Taiwanese
Language from Phonological and Structural View)

CHEE HEFES - B R E R 2 PR B B ENHS - B A
P& HAEES - LR HIHE A R A A LRI SIS - S GHEEH S
#A5H°(Lexical tone) 18 (Sandhi tone) {7 (Tone form) o 3E e s R BEAT R 1% 5 671
A - HerEEiEE(Chiu, 1931, £ 57, 1955) « (K » %5 H M —(Es—4H 58
EH R —(EEEEAR » At —E5E a0 R AR aET - #h)shst - G REESEAELE
BRI S - B EE N R AR B EIEERE I ) A B TT (Syntax unit) - [E]F 72 52
SE 7% FAz (Semantic unit) MR EE45 1 (Prosodic structure) < S[EEER 7] BEZE— R B I L
SR 7 U T R R B AE Y H 4858 = (Chang, 2009) -

2 LEsER I IR R )5 o ATT 2006 EEEE A S G EEE R TH T T E - GEEELST
FARER « A f4a) > SRABREHEEBREEEE (LLINEREREE) PREsEHEE - 5l
SCHRHY Taiwanese B¢ &SRB OF 3 K & BEEE -

8 K3 Lexical tone JNE juncture tone - 83 sandhi tone JRf# context tone -
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2.1.1 RSB FEEAIERR (Taiwanese Tone Sandhi and the Formation of
Tone Group)

SRR « FEEAETE ANt o BEEH O DA EAYAE b LA A
IR FSB(POS)RIFE A - B4 » ARy " ke®(R/ID) | EBIEI(DRIRYE » AT
AR ~ SRR -

(1) Tsit™ tsiah®t (2238 ke® (45 » 45 tsit™ kong™kin®S, (i UHEE /T <)
(2) Tsit" tsiah®t (7)) ke™ (23  Biil) tsit™ kong™kin®S, (EEHE /T - )

& (E AR B R A RSEE AT DAL G REE R S RIPET T BN FISER AR o reEa
T ALERS - BRSBTS - (DMQIESEPFE EeME - BA E £5EF (Autonomous
semantic mapping)ffE i A% » A BEHE Tke™ | ARSI TAET - BB S
AT 5 #e(Strong ANEYHIEE » /2 $58 A0 AR -

4 () FI(4) R g R T tsit™ king™ (iERE) | AIFEEIGRTTE GBI E

(3) Tsit* king™ (A ) u® tsai® hue®™. (EREEAEE © )

(4) Tsit* king™ (#£35%) u® tsai® hue® e tshu® si** guan® tau™. CGERIAELIERZ

K- )

B (5)(6)(7)A1(8) AT LABRZ= 4Lt A [RIJE A e A5 U Ay A 5 B 52 (B (Chang,
2009) - A S ARV U R - F{lE = RERE SF ) S 88 A & T B DU SR B 5 1T AV &5 -

(5) [A™-bi**] [beh® khi®! Tai?®*-pak®] (FIEZEGIL - ) AMEEFERE -

ARG Csiun® (1) | fk o BB R -

(6) [A%-bi*®] [siunn® beh® khi®! Tai®-pak®.] ([aEiEEEkEd0 - )

f ARG Tpai’-it? (2H—) | % BB EMINA=(E -

(7) [A>-bi*®] [pai®-it*’] [beh® khi® Tai®-pak®] ([a2£2H—2E AL )

f R[] RN EE R -
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f AR tse® gu-tshia® (Ms4-E) | % o ERHEEEEE IR =(E -

(8) [A%-bi**] [beh® tse® gu®*-tshia™] [khi*! Tai?-pak®.] ([asEZAksFE LA - )

shENEITHVEURG T = > BEREF L E /2 XP(X Phrase) » ZRIMAGIEATA Y XP #ER=EHET -
AR B AT RE S I AR By XP HYJEBRAERE -

2.1.2 FER-A7550E (The Phonology-syntax Interface)

TR AR (Indirect reference hypothesis)fs i & BRI AINE IR A E & 24 H
HR R (5 Ry B S BN BUA AV 271 (Selkirk, 1986) - St RAE G RIFECH I - 785
BB Ry 1S ARG E R E FH 8RR S (Prosodic cue) EITBR{RAERE - AR GIE
AT DU G 5 ) 7 P ERC RV LE - 5L i 5 A RV A AMH B ATk (Tsay, 1999) -
BB E MR S BV EEGR -

2.2 EEEBAYBEE (The Simulation of Language Acquisition)

Norman Geschwind 77355 5 DHRE Q] 1F K 57 @ i Fs € g  (F > 5 i a2/ 0 F
{5 R Y BE S R ST A EERSZEE ¢ 15 S 15 B W R BT H 2l R 3 = 5B & e (Geschwind,
1979) - BI{EAMRE A RE S BE 7 BRI ER slE Tk NBEE RIS EE TR
NINRE RIS B SE - 5240 5 fEaE = U (Perception) fE2HFE S - REME » SR
MeH T 2R {7 AE (Eimas, 1985) - H 6 ~ 585 ~ F sEEERE B IR 0T sEREFAERS F2 B YRR
&I - LIRS S REE SR G RRENBE T - BN E R A
F

EHGEREEE P AR EEN - ANVREEEA - A RECN/DAVEESE TR
FIFER A BEE s - B kIR E S EsEE SN » WSt iE AN E AR —R
MBS EF - TS EIREY 700 S IEMER « B L - sEaal s 0V BB fIRERE Y
S~ ARSI R R AR o B EFEEH AR AVRES - BE T EEE A E
BIEHEEEMN TR © sEREEN » it fa PEE B MR 5e o« SEANEEEHIE
RN s > W —(E e B e B B AUAE o o HLEbRE An] B 5 A SR s 3 i i U A
sheh g 0 M EAE SR G AT AR (E S e -

BRERAE S [fRE5(The prosodic bootstrapping hypothesis)zfi B 5 25401 £2 & (5 F R EEER
BEEHCHRERFE > S AEHEI S - ST EME LA B R REE N
A TR TR = (Tsay, 1999) - HIFFENSEEE > e BB EEEnIEAHE - B
Az B SR RN EBOR Y R E Ak - AROATT DUKE itk H piE 35 528 58 17 e A A S
eSS, - R B TR W B S REER - R R AR GsE s N S A AAERE -
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2.3 HERFTB T EMNFER (The Application of Knowledge Representation
Method)

Marvin Minsky 5% % F 2 fige 1 [ Y 21478 (Problem-solving  system) n] g5 /2 58 K1 4B A2 Y5

HE o M HAEZRE R 0T E I (Minsky, 1975) D% » RIERFEEUER T A\ LB GEMITIY AL B,

flir o HIGHE Z- %025 R 58 (Knowledge base) ~ #Ezf 5 [2(Inference engine) FIBH % 71 =&

5y o KIS H T (Goals) » #1HI(Rules) DUR GRS B ATE « HEam s B & T HAIHERTE

J¥ R SIS E l(Chang, 1992) - [ 85111 Il F AR {E F & i e B ELA S AR MU 4 -

2.4 HARMHRREE S EEMFZE(Current Research of the Taiwanese Tone
Groups)
BRAREEE L P E B S RIEEE R EZ N (£5, 1955) -sE52
FVAIEST AT & BRE R S EF(Cheng, 1968; Chen, 1987; Lin, 1994) - {£ 55 H a1
GRS E BRI FAVEERE (Tsay, Myers & Chen, 2000)Si /248 /T 72 & [ 5H & 51k
PRETRRRIE R ny R R o S SR By FUE G EIGERVBR R BE AL /Y T 7R (Pan, 2003) -
EH LR e B AT G ERERE E i ! 24t (Liang, Yang, Chiang, Lyu&Lyu, 2004) =7
PGSO RIS SR AR R R P 5 ] 56 52 3 (lunn, Lau, Tan-Tenn, Lee & Kao, 2007) - Pan #5H}
A EEE BRI 5 o AR ) N aE A E R O S S B R B (Pan, 2003) - FRAFIAI
WA RE R E A P A HYEERE E S - JREE U E B IR EE » Rt A S E R B AR B
SRERCREL - LR P R AR
3. B RER (Tonal-government Hypothesis)
Selkirk HyfE#EfR RS L ASE NG IF EHER A E BRAR A - T2 A B B4R - 1F
AR BRIV - MR (5 R A A->ER RS RE-> T 5 (Selkirk, 1986) - 741 & sk
S ) FH A S B AH AR - SRR S R B R T RERE ph 3 A P A S BRI A A - {15 (9) A1 (20)
BT > khuann™ F9REIFEAL > fE3EARSIVER T - RECR IR ARSI 3ESS - 1©
B (L1)F0(12) > B~ B S 6 U7 i sl A AT e s BB > 8 i 1 7 1 el Y i el A e Y A R
P o 1ai® A 1ai*-te™ o AR BB (] M S 20 At ey S AU AR AR 451 -

(9) [Li* khuann® (@3 - A ) 1 [kam™ u™®]? ({REE5H4H 7 )

(10) [Li* khuann® (B3 - 388 kam® u®]? ((RESHEE 2 )

(11) [Kong®-hng® (zg#e3H) -1ai**] [u® tsit™ tsiah® kau®]. (AEEE—EHBT - )
(12) [Kong®>-hng®( 345 )] [1ai*-te®®] [u® tsit™ tsiah® kau®].( AEHEA —E/HET- )

HEPRF R E R B A ARV E U E B M AR AR - B
BV RAE R AL - (B 1 (TR R T RS B SR
AR ~ R A S B L E RS REHP R - EEERE

R (LR R
B2 SN 3 B
e B T

E



78 SRILTT

FI - BRERAE TR LR RS 8RB B Y N R [ A & DA BT A 42 (Recursive) 3R 52 » LU HY
B ERHE AR SR TSSO B (E U7 0% - FE USRS B B RN T REME -

ik ( A )

|

RN (AR )

o |le

e (R~ GRAL)

ORISR  @WMITHRER

B 1. GRTEE % - BRI R & BRETH B (5 R A B /28 /77 R %
[Figure 1. The relationship among syntax, prosodic structure and phonology in
Taiwanesewith the related hypotheses]

4. REBEEEAREIZ RN 7774 (The Method to Capture the Tone
Groups from the Taiwanese Sentences)

Tsay )7 £ ] 5 S 5 S A a0 B [ B BT ST R S Y BB - Pan Y B BRI RS
R G E SRV E R - BT TSR HAM DA N RSB E N TR E AT
SR - BN ERITISR AR E, - DU SR 2 & POS B 56 Sl i8Ny &2
IBUAIIARE Selkirk (IEEEE SRR -

HMHIBIERE - — B AR R T IEER A - AR R B T -
TEITERUE A B IR BT - R P (R A o B (R S s i i R R - EREUTH
SRR SR A Ry T > Pl A R AT ] SR T R R i e AR R S BIRRS » 8 B) B el o T
e R RE A AT IR AT - B 2 E SRR RN RS Y > DUKIGHRIEE Ry SRR A BB 5 28
BRI REE - 2480 ERAARE - IERER BN R [ - EHE R AR5
FIA S H) N R SR R R B E » AR SRR AL e IR I 52 - 20 1esE AR
AR SR B B S B i et RE A ph AR A A [ 55 22 SRR
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Fa S
I!r
1l |
) R BHA
EHARE ik ( RiiiRie )
2 WA
(IF. .. THEN) aRBRTTE

y

f i B3 X 4) L—) W51 F
A, AR, i
SR, G REE

UL IR 8

Y

A
ik ,: H e OIS X230
A TR 1 W e et 9 R

(R gwm)

Y
ik do Au b 4755

#4318 4 M35 19)

Y

/ S 3P /

B 2. GEIEETTE AT a8y LB B B RV X A BRI B
[Figure 2. Basic structure of the Taiwanese Tone group parser]
5. BI/EETEREEE(The Schema of Implementation)
B (ERE U E A FE A Windows XP/Windows 7 {ESE £.45° - B EMBTR Sy aldl T -
® Windows XP / Win7 fHZ 1Y & RSB R SR BT 23 BR A > T4 https://vikon.myweb.hinet.net/ttgpe.htm

SS9

T
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5.1 EESHEHFRAVER (The Transformation of Linguistic Expertise
and Heuristic Knowledge)

BB S BE AR ANAC Sy T A AR AEAIGE R o ATRRsBREae B ~ B E SRR FH B S A
TAEFENPEERE > B MEE R AR TAZENE P9 A SokeBl B TR eI 20T
PRI © FFEAMAEETIES » BAE R I sdE e PR A B R P T AR AV A
= HETEIIAIR ﬁ/@é}@muﬁg 27U (Default mark of tone form)-~ 7Ez% za]5H (Default POS)
%DTEJC(Mode) TEREECAH K  sERHE N E &R ek I T — 4B & s = RE s E My
FFak - Lﬁﬂﬁ%%ﬁﬁﬁ%@%Eﬁﬂ@%ﬂ”ﬁlﬂiaﬁﬁone sandhi processor)  FRE] & [ EE
FEE > FEETTIR %Z}E%D%EEIH‘% » B{E [ SR 5 B oM s A B e th AR A F S 5
FRIRIER » TLUE S o sBRHE RIS S I 2 EE ST Ak iRs » BB 5 B3R AIER L B R Fy A
kR © TﬁJﬁEﬁﬂ%sﬂﬁﬁiﬂﬁﬁﬁ%}ﬁEﬁ 115 55 o 14 DR R P # i | 2R 15 57 L4 SRR AT
B A i T BRI HE R 2B

5.1.1 E—EBME - TERFIEEEHE (The First Attribute: Default Mark of Tone
Form)

BRIEEA 2 3 MR EES - BCH WS A ST VAR & 5% - i thEh e B

ARFAEEER - TSR KEEA AR A ANBIRALENE © &N SR AR P TR

HilHfesm - SOEER o BESCTHR SR B0 TR o] AR AR B A B E F5 R Y ESa I HERR A A B2 AR

R¥esm oG5S THER A ok R E By == 1 -

R 1. GRjEE AR R
[Table 1. The list of default mark of tone form]

THEGRAECHR | THEREAA i FHEE s BRFR TR
0 ] B A | A RS R i
1 THEGEER |HEEiEs DU R ez
2 THEGEA |FHEGE AR EE 4 - B2 SMERE | DARTAIHE
3 ] E R A | A A RE R i
# ANFHEREE R | i RERE AR B Y S DU P ez
& [E] e R AN | R B R R i

5.1.2 E_(EHEBM: * FEsxzAEECHR (The Second Attribute: Default POS Mark)

BRFEEARENVE G - HAEROTRE AN A H UG - o hERERE
RAYEEEE - fE(ILE %%Dﬁﬁ%EEET*HE%E%JK GRS %iﬁ&ﬁ% PRIMAH e th g
5 RJE S AR RN PRI - DRIRE T (P (o Y E 3R B TR T JE U (DPOS) L By 55 — (15§
M o THEGEEA n (Asa/#EE) v (BE) ~a OP&ED ~ o CEREEED ~m ()
d (El&E) ~x (Bh@hea) ~p (&) ~u (B ~s (FBRE) e (Jifs) g
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(FhasE) ~ k CESRENE) ~ & (R FIEC -

5.1.3 B={EBM: : 23258 (The Third Attribute: Mode Mark)
THES AR TIHAREEC s 1~ 2 B # AUREGE SR A R &R Al SR - H 2 BIRTiRetaa s 8058
A A H THE R R R TR A e B o DO FRFEE —4HIE A RS & = P B EE (Boolean
verification) YE CECHR AT R HERR - ZPEE=EC9%A a(-01) ~ b(-11) - ¢(-00) ~ d(-10) -
e(10-) ~ f(11-) ~ g(00-) ~ h(01-) - =[EEE=ECHEA j(000) ~ k(010) ~ m(101) ~ n(111) ~ p(001) -
q(011) ~ r(100) ~ s(110)% - x RIFI AR R fE=(Ee ot nvaEsd - Hodr 10, RFRA - "1, (€
REEEH > - AR PR DRI R AT R L - BIA0(-01) B ASEEE AR » %588
SRy —PEEE=X o (101) Fymian] St el B Bl - AR AT == -

5.2 fEZEGEREERIESRIVE (The Construction of a Frame-based Corpus)
RN E ZGESRBTOA - RYERG - AL E RS EoE R E R o A
BT BRI TEES MU « B BN AN Z B 2B S 400 - e
B ZREE = BT (Mapping) B o (50 F M SERY IR 2 el an) 09 2 67 8 5 v DATHT THE
FERFERGE -

LA~ 18 14~ (Object-attribute-value) sk 22 e 5% 2 E i B Rl EE o BN 07 0% » FFAEZS
SERHEM - sEE EEEAR T B —(EY) 0 - BRSBTS R L R 2 R @ 1 o
BT THEC R AL SR T2, MR MEMNE - MR B IER B AR — T B 4E R
(Hierarchy structure) - (| [fk & B BB EE 0] DLBR L — R & L EE AT B RS I TR e A
TR G R —4HFSE - FEERSRA R - S eEF R R & R
BT R =m0 o M DUESRIERS - B0 " 2nx kangte kangl-te7 | o FFSRAEECHH
={EFRHER > " 2nx , R THEGE AR B R AR MEREE Y 4 5 5E s S sl 4H S - Bl
SRR T R DUR R EisEsE - T HEIRES - R R - BHEEGTA - BRI
FEIE S T HIEN TS o SBRENIIFTA R EEETES T - B RIThEE T » BT
B ERRS RAZSCIROE DA E RIS > B ARG AT DIBERFHUA -

ERlek iR & R BT S EBET - SEBERS EEL - ERSRFEHET
B DR - SatE FHeBREEHE - SOEABEIFINS%E » B ERIE—
FHRE o FHIA & R sE R i AR REE L TEES S SRR EE R - e Tehh =R
BUARR VA B A e DIRECRETTHERIZ IS - RS DA 8 (F -

5.3 SR ERAVEEET (The Design of the Tone Sandhi Processor)

EEG L SRS DEEENZ T B E TR - FrA R RIVETETT 5 JEE T8
e T o 5 SIS A5 A B AT 7 Ry {18 - 2 16 B (section) » B4R S e 55 — & LB da e am
WA AELFHEam Y B AaE - A N — & BB SUEST - MERRRE RIS T 5 1% v B Rk
TR B e TRR$E - MM ER S ERAR &k sm S B - ST am A2 77 18y 1 () 28 45 (Forward
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chaining) - 18 £ P 5 FI B FRLBIFHBATT 25 T-2C - B0 5 Sl kg H sl B —
e 1% LS T -

FE N 53 450 PSR 01 S 5 - PR s R o SR T S - B
SR I T BT B MR A 4 IR - A0 50 B S T R 0 T
SHERER - A - Hesh AR R - S R - P IR
R 5 00540 05 A AT (Insice test) » DS I 6 O -

5.4 eimo | BEEHARELAEEHETE (The Operating between Inference
Engine and Knowledge Base)

e | X B AF BRI R « BB R h SRR AR T - W ESERL > 1]
TRHE EHVEE B P SR RIGERHEE AT E A LS > SRR FE SR » B R AR
Hf 23U B R N SR T R AR - EEENSET RO ERS (BRI BSAERE
JBIEE R T —(E H ARS8 hhE AR B THERI TEEER Y - SEEUEN AR
SMRFTEEAE ~ RS EUE S sBRl B AU E - S8R R 23 i a5 [P O > e
B S N A T BB S THESR AR T o HESmIRHIFta Bt e E SR L ny & s R S iR
e SR RN B RS o A TER S - BRI IF 05y EAERE&EHAE R - Al THEN #53
(IHE S BEHETT o WIS TR M2 T2 A HAAR R R - et st p kG52 sk B
s - BB N — (T B HRTE R - B2 RS S B se R (EE
A B S B B O E RS |2 - RS THERES T RE B E A BB - EA
g (BB H R (Metarules) o] i S 5 R M 28 EL PE(ASE - 3E s FMHRI B MEE - HE
a5 B FHEE R Al el i 2 5 R EE U e R B A N Y HERm 45 2R < ISR E A
HRAE IE S 5RO HE SR e SR BRI MR -

55 FEERA - AR5 H#23=2E (Semantic Identification, Fault
Tolerance and Machine Learning)

ERSAIH AR INE PRI FRIE — - GREFEA oy s A — R AR E S - 51
4 Tgah® | AYRTFEERGESE o EF RS 6P o MANE G (B) M ()
M EGE BN - hPAee IR AR @ B - T LUER - A BN EP RS R
SMHER R 0 B Te¥e® A ThyEE ) Bk TEENY WA EIMRE S AIRES - WEERE
BRI EHTRE ST » A REINLA HY - AR TR R H B30 - oSt Ll SEEEE4H -
Il AR A SR RS I ) B T OISR R IERERE & SERE R o T Y B ) 2 R S R
Hres AR 2 H AP AN TRRE(Weak ADEYER T #EG] - (DAAFRE - (QQRERAH -

(13) Tsit* siang® (1) e (2) e** (1) e**-bin® (2) si** (1) nng®-a>-phue® (2) tso®'--e% (2).
(SRR 2 DR BT - )

(14) Tsit* siang®™ (1) e®-bin® (2) si** (1) nng®-a>-phue® (2) e (1) e® (2) si** (1)
gua™-e (2). (EEERER Ry —HERZATEET- R - )
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HI G R ERES S B B G R B I HE s &S IR - I T S i A
temca T YERLZ — o ERATRIREG AV - AR EHGETRR DTSR E#
DIGHRIS 5 > #LAMHEREAVHER - ADBETRENR - Al AT EEE R o 0
HAMER HEN & BEE TR S 2 ARG ER AR - 2R (13)(14)HYE LGSR - 2A]
B G R REEETas R B AR e - B R A AT -

56 IHEEHI S BLE B 45 2 (Function Testing and the Result of
Experiment)

— B EERAHAEE R ANeh - BRI AT R D) B AR - B DB AR HISCE L RE 2 AT
B AR B SR RS S R B R R Bl BE BT - FHAVEREE A FRHEsR B AT E S - I [O] &
PR T RE S 2 A SRR as A S5 ERER A TR0 - BRI S5 2R ElaE i % -
S IEERAS - SRS EYEES > BRG] BREEEITES T LR
Bt L - ETERETE T L AE A 2l biEg (Tsay, 1999)F1(Pan, 2003)[RH 1~ & s B Y
;ﬁ o

KU FEH IR A iteE > — 2T R E S8 50 SR FIERE T AV BREE NI, - S5—FEfE
7 S AT 23 M T OV IE AR B R S RORME - WESHEGE R BE R —RENLR
A o s R AR 1Y 5] « SRR (Outside test)sEiRE AR B BEAEHEHNEYER/ N & B RE
BRACIRESER] - BT B HIELSN » RS EAYsEA s HEam i A E - o DGR
TEMERR o HATAEHEE I S8R R Ry 98.5%  HMERHIE I Z 3 IEMER Ky 94% -

FEABASHARM - FRAMTPAA R AEAEERHE R 02 o] 55 2 ST IR - & PR
B IR R AT 98.5% BB S IE MR BRAAA LR - [F120 M T WO Al AT R T pe sl
B — TG H EERHE M RT 9% S 4Aa] - AR AR - 55 02 2 FHRIEKE
B B EeE A A (S AR A AH o MW E A A B R AR E R
FOFF5R 2L ERAR - RO AT F AR B 09 R IR -

AR = NEHEUERER - S HEHEUERER
TTIRAFECERE = - AEIERER - 5 AEIERESR

— eSS RIS P B IR R By 91.41% - 55 RGP SR IEHER Ky
75.87% - EERSERBURSHRE AR AR T 2 IETERA 7.09%0HRER © [T R00HE
SCHISERE 15 54%HTH R © MBHRIRSIIN TR 2 » R 2 SR 55— TG P SR IR TR
Fy 86.33% 55 RENGATFIY B MRy 60.35% o B BRAE RBUREEHER AR A HER
HER MRS 12.17%WEIE - ot G RTeft 25.98% =R - fHEIEIRY
N3 -
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[Table 2. Tone sandhi experiment data for the general articles]

HRIGTT

o SE—HEHTER BB AEHTER
FEZE - - - - —
(e IFHEREGEE | BEEHI4E IEHER | IEWESBRREY| SEaRAEE | S IErER
(A) (B) (A/B) ©) (D) (C/D)
1 396 430 92.09 % 343 430 79.77 %
2 200 224 89.29 % 157 224 70.09 %
3 307 347 88.47 % 254 347 73.20 %
4 546 603 90.55 % 454 603 75.29 %
5 201 219 91.78 % 153 219 69.86 %
6 98 105 93.33% 68 105 64.76 %
7 1006 1088 92.46 % 869 1088 79.87 %
8 607 669 90.73 % 508 669 75.93 %
9 178 203 87.68 % 153 203 75.37 %
10 613 654 93.73% 487 654 74.46 %
hngE 4152 4542 91.41 % 3446 4542 75.87 %
3. fEE T B RS o
[Table 3. Tone sandhi experiment data for the special files]
5 F—HEHE B RS
=S - - - -
G IEHERERR S| REEHYEEL IERER | IEHERERAE| sERH4E% | IERER
A) (B) (A/B) ©) (D) (C/D)
11 411 489 84.05 % 263 489 53.78 %
12 663 773 85.77 % 463 773 59.90 %
13 606 667 90.85 % 413 667 61.92 %
14 456 556 82.01 % 336 556 60.43 %
15 675 771 87.55 % 490 771 63.55 %
fngE 2811 3256 86.33 % 1965 3256 60.35 %
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FH YRR AE SR P 7 B R AR AR B s T A5 B R — FOCE Ry FTRART 3 S A
SN A s 9 2 S IR R A R A S - BLFHIIAERT © BEAh - ERREdE thie it
—EERNGRER A am— AR B E S E U TS S U e EE AR FI o S Yy 285 1 e
FHMBESHERCER - gia MEEHREAEAI S - RECEARERE - "8
FECRAVRAE B - W ARCR - 45 EaMEERAEES » (RS2SR
RS BB B CIUE B R EER - B MIRY B BRaE FARTT -

6. 453w (Conclusion)

BE NN NZAERE RN BT - o] DA R R ACE S A A ST R AR - A
YRS & A 2 B RE = R R AT S AR » — (8 Sy sh e 2 i e B
IR EMESE L - BRI BRI T ST A DR E R 2 o MRt —(E
TR A IILA B > SR8 = BEE AN S A R A SRV T A - A
B RIRESR A SR B a5 - 1 1S A IR D) RE BLAE 2 i LD S S SE O
ETEEIRE = 2 e e R R B BT e Y A > AEE B R DI TR R ool
IEFEE SRR o So AR NPT A YRR E S o SRS R R B R
s A DIEIH ARG LB (E g R - AME RSB A T E SR TR a R AR EES
MRS AITHRE AR AR = B AVIBRE - A 2R EE BRIV ATRENE - IMTEHLIA
PREVEERIIAR A e B A RS R) - 2RI Z BRI FIEREE AV AR R ELET ROE R  H A (R
BT @ e H BRSO E AR E RS - Atk ETREEAES
(Supervised learning)fyisfE - B2 SE P SRR K R B A Ea Ay B B[Ol et - R SR
SEEAN ISR BRI AR AT T R T N RE S i L I RE -
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A Novel Trajectory-based Spatial-Temporal Spectral

Features for Speech Emotion Recognition
Chun-Min Chang*, Wei-Cheng Lin* and Chi-Chun Lee*

Abstract

Speech is one of the most natural form of human communication. Recognizing
emotion from speech continues to be an important research venue to advance
human-machine interface design and human behavior understanding. In this work,
we propose a novel set of features, termed trajectory-based spatial-temporal
spectral features, to recognize emotions from speech. The core idea centers on
deriving descriptors both spatially and temporally on speech spectrograms over a
sub-utterance frame (e.g., 250ms) - an inspiration from dense trajectory-based
video descriptors. We conduct categorical and dimensional emotion recognition
experiments and compare our proposed features to both the well-established set of
prosodic and spectral features and the state-of-the-art exhaustive feature extraction.
Our experiment demonstrate that our features by itself achieves comparable
accuracies in the 4-class emotion recognition and valence detection task, and it
obtains a significant improvement in the activation detection. We additionally show
that there exists complementary information in our proposed features to the
existing acoustic features set, which can be used to obtain an improved emotion

recognition accuracy.

Keywords: Emotion Recognition, Speech Processing, Spatial-Temporal
Descriptors, Mel-Filter Bank Energy

1. Introduction

The blooming of research effort in affective computing (Picard, 1997) in the past decade has
started to enable machines to become capable toward sensing and synthesizing emotional
expressive behaviors. Numerous technological applications, e.g., advanced human-machine
interface (Bach-y Rita & Kercel, 2003; Swartout et al., 2006) and interactive robotic
design(Hollinger et al., 2006; Hogan, Krebs, Sharon & Charnnarong, 1995), and even

* Department of Electrical Engineering, National Tsing Hua University
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emerging cross-cutting research fields, e.g. social signal processing (Vinciarelli, Pantic &
Bourlard, 2009) and behavioral signal processing (Narayanan & Georgiou, 2013), have all
benefited from the vast amount of research advancements in affective computing. Speech is
the most natural form of human communication that encodes both linguistic content and
paralinguistic information (Schuller et al., 2013), e.g., emotion (Nwe, Foo & De Silva, 2003;
Scherer, 2003), gender (Childers & Wu, 1991), age (Dobry, Hecht, Avigal & Zigel, 2011),
personality (Mairesse & Walker, 2006), etc. Development of suitable algorithms to robustly
model emotional content in speech continues to be a prevalent topic in emotion recognition

research.

There exists a vast amount of research in modeling speech acoustics for emotion
recognition, topics ranging from lowlevel feature engineering, machine learning algorithms, to
even joint feature-label representations (Calvo, D’Mello, Gratch & Kappas, 2014; Lee &
Narayanan, 2005; Mower, Matari¢ & Narayanan, 2011). In this work, we aim at proposing a
new set of long-term low-level features, named trajectory-based spatial-temporal spectral
features, derived directly from the speech spectrograms to perform emotion recognition. Most
of the current speech-based emotion recognition rely on extracting a set of commonly-used
short-durational features (acoustic low-level descriptors - LLDs), e.g., those could be related
spectral features (e.g., MFCCs), prosodic characteristics (e.g., pitch intonation), voicing
quality (e.g., jitter), Teager-energy operater etc (Schuller et al., 2007). Then, depending on the
choice of emotion recognition framework, researcher would either apply global statistical
functionals to be used in statics discriminative framework (e.g., support vector machine
(Campbell, Sturim & Reynolds, 2006) or deep neural network (Kim, Lee & Provost, 2013) or
using time-series model on these short durational low-level descriptors (e.g., hidden Markov
model (Nwe et al., 2003; Li et al., 2013) in order to incorporate the feature’s temporal

characteristics to perform utterance-level emotion recognition.

Our proposed features are inherently different with the underlying inspiration coming
from the dense trajectory-based video descriptors extraction approach (Wang, Klédser, Schmid
& Liu, 2013). Dense trajectory video descriptors are extracted by first densely tracking
important points on images over a frame (usually 0.5 - 1s) to forms a set of trajectories. The
spatial-temporal descriptors for each trajectory can then be computed to obtain the final set of
features. By modeling both the trajectory’s temporal course and spatial changes over time,
these descriptors have been shown to obtain superior improvement in tasks such as event
(Oneata, Verbeek & Schmid, 2013) and motion (Wang, Kldser, Schmid & Liu, 2011)
recognition than other key-points based image feature extraction. Our core concept, hence,
centers around treating an audio file essentially as a sequence of spectrograms. Then, we
compute a suite of spatial-temporal descriptors for each trajectory, i.e., a trajectory refers to a

spectral energy profile across a time-frame (i.e., 250ms) of a Mel-filter bank output (MFB). In
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this work, we utilize these descriptors, i.e., trajectory-based spatial-temporal spectral features,

to perform speech-based emotion recognition.

To the best of our knowledge, vast majority of the works in the speech emotion
recognition literature have utilized short durational (25ms) LLDs which do not share the same
concept with our proposed features. There are a few works that utilized auditory
perception-inspired modulation spectral features (Chaspari, Dimitriadis & Maragos, 2014; Chi,
Yeh & Hsu, 2012), i.e., temporal characteristic of spectral energy, for emotion recognition;
these modulation spectrum features have been demonstrated to be robust under noisy
conditions compared to features such as MFCCs and fundamental frequencies. In this work,
we perform utterance-level categorical (4-emotion classes) and dimensional (valence and
activation) emotion recognition on the USC IEMOCAP database (Lee, Mower, Busso, Lee &
Narayanan, 2011). We additionally construct two set of features to compare our

trajectory-based spatial-temporal spectral features (Traj-ST) to:
« Conv-PS: applying statistical functionals over a frame of conventional acoustic feature set

e OpEmo-Utt: state-of-the-art exhaustive utterance-level feature extraction using the
OpenSmile toolbox (Eyben, Wollmer & Schuller, 2010)

Our proposed features obtain comparable unweighted average recall on the task of
4-class emotion recognition and significantly outperform on the task of activation recognition
compared to Conv-PS and OpEmo-Utt. Furthermore, by fusing Traj-ST with either Conv-PS
and/or OpEmo-Utt, we achieve an improved recognition rate for the 4-class emotion
recognition. It demonstrates the complementary information that our proposed features
possess when combining with the well established acoustic features for emotion recognition.
The rest of the paper is organized as follows: section 2 describes the database and the
trajectory-based spatial-temporal spectral features, section 3 describes experimental setups

and results, and section 4 is the conclusion and future work.

2. Research Methodology

2.1 The USC IEMOCAP Database
We utilize a well-known emotion database, the USC IEMOCAP database (Busso et al., 2008),

for this work. The database consists of 10 actors grouping in pairs to engage in dyadic
face-to-face interactions. The design of the dyadic interactions is meant to elicit natural
multimodal emotional displays from the actors. The utterances are annotated with both
categorical emotion labels (e.g., angry, happy, sad, neural, etc) and dimensional
representations (e.g., valence, activation, and dominance) on the scale of 1 to 5. The
categorical labels per utterance are annotated by at least 3 raters, and the dimensional

attributes are annotated by at least 2 raters. Given the spontaneous nature of this database and
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the inter-evaluator agreement is about 0.4, this database remains to be a challenging emotion
database for algorithmic advancement. In this work, we conduct two different emotion
recognition tasks on this database: 1) four-class emotion recognition 2) three-levels of valence
and activation dimension recognition. For the categorical emotion recognitions, the four
emotion classes are happy, sad, neutral and angry, and we consider samples with the label of
‘excited’ to be the same as ‘happy’. The labels are determined based on the majority vote. The
three levels of valence and activation are defined as: low (0 - 1:67), mid (1:67-3:33), and high
(3:33-5), where the value of each sample is computed based on the average of the raters. The
following lists the number of samples for each type of labels,
+ Four-Emotion Classes:
happy: 531, sad: 576, neutral: 411, angry: 378
+ Arousal Dimension:
low: 331, mid: 1228, high: 337
* Valence Dimension:

low 653, mid: 820, high:423

2.2 Trajectory-based Spatial-Temporal Spectral Features

Figure 1 depicts the complete flow of our trajectory-based spatial-temporal spectral features
extraction approach. Given an audio file, the following is the steps of the feature extraction:

Representing signal using sequence of MFB within each frame ‘ Spatial-temporal characteristics

AR L
|

T Vi gy aNPed
Lo

Functional
descriptors

i

it i1 11}

derived-rajectories

Forming hase-trajectory

Framing the audio file

Figure 1. It demonstrates the complete flow of trajectory-based spatial-temporal
spectral feature extraction: framing the utterances, representing the signal within
each frame using a sequence of MFB, forming base-trajectory of each MFB
coefficient, computing grid-based spatial-temporal characteristics and derive 8
additional derived-trajectory, finally frame-level features are extracted by
computing 4 statistical functionals on these 9 X 26 trajectories.
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(1) Framing the signal:

Segment the entire utterance into regions of frames, where each frame is of length L
(L=250ms, 150ms).There is a 50% overlap between frames.

(2) Representing the segment:

Represent the signal within each frame using a sequence of 26 Mel-filter bank energy
(MFB) output - can also be imaged as spectrogram. The window size for MFB is set
to be 25ms with 50% overlap. The upper bound of frequency for MFB computation is
capped at 3000 Hz.

(3) Forming base-trajectory:
The energy profile for each of the 26 filter output form a base-trajectory over the
duration of each frame.

(4) Computing spatial-temporal characteristics:

For each base-trajectory;, at t = 1, we compute the first-order difference with respect
to its neighboring grid (8 total: marked as yellow in Figure 1); then we move along
the time axis and compute these grid differences until we reach the end of frame.
Hence, we obtain 8 extra trajectories (so called, derived-trajectories) to form a total of
9 trajectories (1 base-trajectory+8 derived-trajectories) per frame for each of the 26

filter outputs (a real example of trajectories can be seen in Figure 1).
(5) Frame-level spatial-temporal descriptors:

We derive the final frame-level trajectory-based spatial-temporal descriptors by
applying 4 statistical functionals, i.e., maximum, minimum, mean, and standard
deviation, on a total of 26 X 9 trajectories - forming the final set of 936 features per

frame.

The basic idea of our newly-proposed features is to essentially track spectral energy
changes within a long-durational frame in both the directions of frequency-axis (spatial) and
time-axis. Since the framework is inspired from video descriptor’s extraction approach, the
physical meaning related to speech production/perception can be difficult to establish.
However, this framework provides a straightforward approach to quantify various
inter-relationship between spectral-temporal characteristics in the speech signal directly from

the time-frequency representations without much higher-level processing.

3. Experimental Setup and Results

In this work, we conduct the following two experiments on the emotion recognition tasks
mentioned in section 2.1:
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* Exp I: Comparison and analysis of our proposed Traj-ST with Conv-PS and OpEmo-Utt

features in the three emotion recognition tasks

* Exp II: Analysis of recognition accuracy after fusion of Traj-ST with Conv-PS and/or

OpEmo-Utt features in the three emotion recognition tasks

The Conv-PS feature extraction approach is similar to the Traj-ST, but instead of
computing spatial-temporal characteristics on trajectories of Mel-filter bank output, we
compute 45 low-level descriptors including fundamental frequency (f0), intensity (INT),
MFCCs, their delta, and delta-delta every 10ms. We then derive the frame-level features by
applying the 7 statistical functionals (max, min, mean, standard deviation, kurtosis, skewness,
inter-quantile range) on these LLD features. This results in a total of 315 features per frame
for Conv-PS. OpEmo-Utt is an exhaustive utterance-level feature set (i.e., emoLarge.config in
the Opensmile toolbox) that has been used across many paralinguistic recognition tasks
(Schuller et al., 2013; Schuller et al., 2014). It includes 6668 features in total per utterance.
All features are znormalized with respect to an individual speaker. All evaluation is done via
leave-one-speaker-out cross validation, and the accuracy is measured in unweighted average
recall. Univariate feature selection based on ANOVA test is carried out for both Traj-ST and
Conv-PS feature sets.

3.1 Recognition Framework

In Exp 1, for Traj-ST and Conv-PS feature sets, we use Gaussian Mixture Model (M = 32) to
generate a probabilistic score, pj., for each class label at the frame-level, and then we perform

utterance-level recognition using the following simple rule:
N

arg max E Di.t
iEeclasses r—1

where i refers to the class label, t refers to the frame index, and N refers to the total number of
frames in an utterance. For OpEmo-Utt, since it is a large-dimensional utterance-level feature
vector, we utilize the GMM-based method after performing principal component analysis

(90% of variance) and also linear-kernel support vector machine multi-class classifier.

In Exp II, the fusion methodology of Traj-ST with Conv-PS and OpEmo-Utt is depicted
in Figure 2. The fusion framework is based on logistic regression. For Traj-ST and Conv-PS,
the fusion is operated on the statistical functionals, i.e., mean, standard deviation, max, and
min, applied on the pj.; and for OpEmo-Utt, the fusion is operated on the decision scores

outputted from the one-vs-all multiclass support vector machine.
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Figure 2. It depicts the fusion method for the three feature sets. Frame-based
features are fused using statistical functionals of probabilistic scoring outputted
from GMM model, utterance-level features are fused using decision score directly
from the SVM classifier.The final fusion model utilized is logistic regression.

3.2 Exp I: Results and Discussions
Table 1 summarizes the detailed results of Exp 1. For Traj-ST and Conv-PS, we report UARs

of GMM model with different frame-length utilized for feature extraction, i.e., 125ms, 250ms,
375ms, and full-utterance length. For OpEmo-Utt, we report both UARs on using GMM and
SVM models.

There are a couple points to note in the results. In the four-class emotion recognition task,
Traj-ST compares comparably to OpEmo-Utt (47.5% vs. 47.7%), while the best accuracy is
achieved by Conv-PS (48.6%). In the three-level valence recognition tasks, the best accuracy
achieved is by using OpEmo-Utt (47.4%), where Traj-ST and Conv-PS do not perform well.
Lastly, our proposed Traj-ST feature set performs significantly better than both Conv-PS and
OpEmo-Utt on the task of three-level activation recognition. It achieves a recognition rate of
61.5%, which is an 1.7% improvement absolute over Conv-PS and 2.9% over OpEmo-Utt. By
running the three types of emotion recognition tasks, it seems to be evident that each set of
these features indeed possess a distinct amount and quality of emotional contents. OpEmo-Utt
seems to perform the best for valence, possibly due to the complex nature on the perception of
the degree of valence (i.e., requiring exhaust features to be extracted at the utterance-level).
Although it has been demonstrated in the past that acoustic-related features often encodes
more information in the activation dimension (Yildirim et al., 2004), it is quite still promising
that see our proposed features, Traj-ST, are even more effective in predicting the overall

perception of activation than these two other feature sets.
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Table 1. It summarizes the detailed results of Exp | for three different emotion
recognition tasks: 4-class emotion recognition, 3-level activation/valence recognition.
For Traj-ST and Conv-PS, we report UARs of GMM model with different
frame-length utilized for feature extraction. For OpEmo-Utt, we report both UARs on
using GMM and SVM models.

4-Class Emotion Recognition

Traj-ST: proposed features Conv-PS: MFCC + INT+ {0 OpEmo-Utr: 6668 features

125ms  250ms  375ms  Utter. || 125ms  250ms  380ms  Utter. GMM SVM

Happy e its) 34.2 41.2 344 40.7 44.2 40.1 429 459 44.6
Sad 65.4 65.6 64.7 43.0 73.1 3.2 71.8 357 343 59.7
Neutral 294 39.1 34.5 304 251 24.1 23.1 32.8 22.1 35.0
Angry 447 49.2 494 | 484 47.3 529 486 | 476 60.0 515
UAR 43.7 47.1 4715 39.1 47.2 48.6 459 | 447 45.6 47.7

Dimensional Attribute Classification: 3-Level of Activation
Low 76.1 74.9 67.3 | 444 123 66.1 56.7 29.3 22.3 61.6
Mid 39.1 60.2 629 | 624 514 522 57.6 74.1 78.8 55.2
High 48.3 49.5 534 | 49.8 554 51.3 56.6 36.4 39.7 59.0
UAR 61.2 61.5 61.2 52.2 59.8 56.5 57.0 | 46.6 46.9 58.6
Dimensional Attribute Classification: 3-Level of Valence

Low 333 329 33.6 | 346 25.8 32.9 329 | 46.8 55.5 50.2
Mid 61.5 61.8 60.1 5835 574 58.5 546 | 478 50.2 45.6
High 28.8 29.7 30,0 | 30.0 524 46.8 420 | 31.6 26.9 46.5
UAR 41.2 41.5 41.2 41.0 45.2 46.0 432 | 42.1 4.2 474

The frame duration also plays an important role in achieving the optimal accuracy for
Traj-ST (also for Conv-PS). Our empirical finding seems to implicate that a duration of
roughly 250ms is the optimal frame-duration - a result that corroborates findings in the
previous use of long-term spectral features for emotion recognition (Chaspari et al., 2014; Chi
et al., 2012). Furthermore, the feature selection output from Traj-ST shows that the top three
{10} -
{1,-1} -

higher-spatial-earlier-temporal directional trajectory. These three constitutes 50% of the

directions of spatial-temporal characteristics are the {0,0} - base-trajectory,

higher-spatial-equivalent-temporal directional trajectory, and
selected features. It is interesting to see that modeling not just the temporal changes but also
the spatial (i.e., in the direction of frequency) can be beneficial; in specific, additional
investigation will also need to be carried out to understand the reason to the finding that there
seems to be a higher emotional discriminability in these specified trajectories, which quantify

the spectral energy changes in direction toward higher-frequency bands.

In summary, we show that our novel feature set compares comparably to the state-of-art
usage of exhaustive feature extractions in discrete 4-class categorical emotion recognition and

outperforms significantly in the 3-level activation recognition.
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3.3 Exp I1: Results and Discussions

Given that in Exp I, each set of features seem to be capable of recognizing different
representation of emotions. A natural experiment is to fuse the three different set of features.
Table 2 lists the various fusion results. OpEmo-Utt refers to fusing the outputted decision
scores from the SVM model.

Table 2. Exp Il summary results on fusion of three different feature sets: Traj-ST,
Conv-PS, OpEmo-Utt. The number presented is computed using UAR

Fusion Emotion|Activation|Valence
Traj-ST + Conv-PS 524 61.0 46.0
Traj-ST + OpEmo-Utt 520 62.4 46.0

Conv-PS + OpEmo-Utt 1.7 53.6 48.4
Traj-ST + Conv-PS + OpEmo-Urt|| 53.2 61.2 48.0

There are a couple observations to be made with the results. The first is that fusion of different
feature sets all improves the best single-feature set’s result. In specifics, the best fusion
accuracy of 4-class emotion recognition is 53.2% (4.6% absolute improvement over the best
single-feature set) obtained by fusing all three sets of features; the best fusion result for
3-level valence is 48.4% (1.0% absolute improvement over the best single-feature set,
OpEmo-Utt); lastly, the best fusion result for 3-level activation is 62.4% (0.9% absolute
improvement over the best single-feature set, Traj-ST). We see that our newly propose
features, Traj-ST, are indeed capable of additionally improve the recognition rate for
categorical emotion recognition and activation level detection under this fusion framework -
signifying the complementary information of our features possess with regard to emotional

content that is originally lacking in these two well-established state-of-arts feature sets.

In summary, we have demonstrated that our novel trajectory-based spatial-temporal
spectral features can be utilized in combination with the two popular and well-established

acoustic feature sets in order to obtain improved emotion recognition rate.

4. Conclusions

In this work, we propose a novel set of low-level acoustic features derived directly from the
spectrograms in order to characterize the long-term spatial-temporal information of the speech
signal. We carry out emotion recognition experiments on both categorical emotion attributes
and dimensional representations using the proposed features. Our experiments show that the
newly-proposed feature set compares comparably to the well-established low-level acoustic
descriptors and state-of-the-art exhaustive feature extraction approach on the categorical
emotion recognition, and it outperforms on the task of activation level recognition.

Furthermore, by fusing these trajectory-based spatial-temporal features, it improves the
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overall emotion recognition accuracy. Overall, it is quite promising to see these low-level
features do possess emotional discriminatory power beyond the exhaustive set of established

acoustic parameters.

There are several future directions. One of the immediate future direction is that we
observe these features do not possess enough modeling power of the valence dimension; one
of the possible causes may due to the fact that the grid-based differential operator may only
capture the spatial-temporal interrelationship locally, and the statistical functionals may not be
enough to quantify the suprasegmental information. We will immediately extend this
grid-based differential operator to incorporate a wider range both in time and in space with
different scales to capture the valence-related acoustic properties. Secondly, one of our main
goals is to minimize the effort of raw signal processing required as we derive these features.
We will replace the MFB portion of spectral representation to even lower-level (or employ
sparse representation to ensure robustness) time-frequency representation while maintaining
low computational complexity. Lastly, on the longer term, once these (raw) low-level features
are developed, they can be suitable inputs to deep learning algorithms to learn various
hierarchical representations of speech acoustic that are relevant for emotion perception. The
ability to robustly recognize emotion will continue to be at the fore-front of developing

human-centric applications
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Aims :
1. To conduct research in computational linguistics.
2. To promote the utilization and development of computational linguistics.
3. To encourage research in and development of the field of Chinese computational linguistics
both domestically and internationally.
4. To maintain contact with international groups who have similar goals and to cultivate academic
exchange.
Activities :
1. Holding the Republic of China Computational Linguistics Conference (ROCLING) annually.
2. Facilitating and promoting academic research, seminars, training, discussions, comparative
evaluations and other activities related to computational linguistics.
3. Collecting information and materials on recent developments in the field of computational
linguistics, domestically and internationally.
4. Publishing pertinent journals, proceedings and newsletters.
5. Setting of the Chinese-language technical terminology and symbols related to computational
linguistics.
6. Maintaining contact with international computational linguistics academic organizations.
7. Dealing with various other matters related to the development of computational linguistics.
To Register :

Please send application to:

The Association for Computational Linguistics and Chinese Language Processing
Institute of Information Science, Academia Sinica
128, Sec. 2, Academy Rd., Nankang, Taipei 11529, Taiwan, R.O.C.

payment : Credit cards(please fill in the order form), cheque, or money orders.

Annual Fees :

regular/overseas member : NT$ 1,000 (US$50.-)
group membership : NT$20,000 (US$1,000.-)
life member : ten times the annual fee for regular/ group/ overseas members

Contact :
Address : The Association for Computational Linguistics and Chinese Language Processing

Tel.

Institute of Information Science, Academia Sinica
128, Sec. 2, Academy Rd., Nankang, Taipei 11529, Taiwan, R.O.C.

- 886-2-2788-3799 ext. 1502 Fax - 886-2-2788-1638

E-mail: aclclp@hp.iis.sinica.edu.tw  Web Site: http://www.aclclp.org.tw
Please address all correspondence to Miss Qi Huang, or Miss Abby Ho
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Member ID# :
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Email Add :

Tel. No : Fax No :

Membership Category : [ ] Regular Member [ ] Life Member
Date : / / (Y-M-D)

Applicant's Signature :

Remarks : Please indicated clearly in which membership category you wish to register,
according to the following scale of annual membership dues :
Regular Member US$50.- (NT$1,000)
Life Member : US$500.- (NT$10,000)

Please feel free to make copies of this application for others to use.
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Information for Authors

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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